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Application of the Erosion Potential Method to the Wadi 
Mubarak Basin in Aqaba Governorate, Jordan

Ahmed A. Thneibat

Abstract

1. Introduction

Natural geomorphic processes, such as soil erosion, 
lead to the loss of topsoildue to the effects of runoff and 
precipitation. This separation and loss of soil particles occur 
through rainsplash or indirectly through sheet, rill, or gully 
erosion. Gully erosion has serious issues as its formations 
are deep, elongated, and narrow (Ali et al., 2016). Volumes of 
eroded material can be very destructive when large, as they 
may travel long distances. In most cases, erosion rates are 
higher on steep, long slopes (Tavares et al., 2021). In Jordan, 
soil erosion is caused by different natural and human factors. 
There are environmental effects of social, economic, and 
ecological implications (Al-Sababhah & Al maqablah, 2023).

The Wadi Mubarak basin is a hightly sensitive watershed 
that determines sediment volumes and flood discharge. 
Moreover, Wadi Mubarak has a transport zone that redirects 
heavy traffic and cargo to the east of Aqaba city. Thus, it 
improves the city’s environment and protects coastal resort 
areas.

Nevertheless, the Wadi Mubarak basin presents 
significant challenges to infrastructure and human security 
due to intense, short-duration precipitation. These storms 
tend to exceed the drainage capability. This leads to 
obstruction of box culverts and bridges, thereby damaging 
roads and shoulders and leading to a major inconvenience in 
traffic movement and accessibility. This has been evidenced 
by the historical occurrence of floods.

On 21 March 1991, there was a major flood which had an 
estimated 6-7 year period of return following the completion 
of the road construction but before the official opening of 

the road, resulting in widespread destruction of the new 
infrastructure. In December 1993, another flood caused 
further damage (Farha, 1999). The recurrent floods are 
a testament to the need for robust infrastructure solutions 
to reduce the current number of threats posed by the Wadi 
Mubarak basin.

The presence of sparse vegetation cover is also a 
factor contributing to extensive soil erosion and sediment 
transport downstream (Thneibat, 2010)and the efficiency of 
engineering structures regarding these hazards. This work 
has been achieved through the analysis of remote sensing 
data, field work, laboratory work and field measurement, by 
utilizing standard techniques such as, (GPS. Critical factors 
in the infrastructure planning should be surface erosion and 
sediment yield (Dragičević et al., 2017)various methods for 
erosion intensity and sediment production assessment have 
been developed. The necessity for better model performance 
has led to the more frequent application of the method 
sensitivity and uncertainty assessments in order to decrease 
errors that arise from the model concept and its main 
assumptions. The analysis presented in this paper refers to 
the application of the Gavrilović method (Erosion Potential 
Method. The selection of models and parameter specifications 
of soil erosion requires accurate estimation. Over the last 
several decades, scholars have developed different empirical 
and physically based techniques of measuring erosion 
intensity and sediment production (Marouane et al., 2021). 
They depend on the input data required to perform their 
application (Deilami et al., 2012).

The most widely used empirical model for estimating 
soil erosion is the Universal Soil Loss Equation (USLE) 

Keywords: Gavrilović, Erosion Potential Method; Soil Erosion; Wadi Mubarak; Sedimentation; Soil Protection Index.

Department Of Geography, College of Social Sciences, Mutah University, Al-Karak, Jordan

This study evaluates soil erosion and sediment yield in Wadi Mubarak Basin, located along the Aqaba Back Road in south-
ern Jordan. The basin significantly impacts floodwater volumes and sedimentation levels. During intense, short-duration 
rainstorms, erosion leads to fatalities and infrastructure damage through box culvert and bridge blockages, leading to road 
deterioration and traffic disruption. The study employed the Erosion Potential Method (EPM), also known as the Gavrilovic 
Method. Key EPM parameters include the soil erosion coefficient, annual precipitation, and temperature coefficient. The 
soil erosion coefficient is based on the average slope coefficient, the erosion type and extent coefficient, soil protection coef-
ficient, and the soil erodibility coefficient. Erosion intensity within the basin ranges from moderate to severe. Annual soil 
erosion is excessive in large Wadi beds within main channels (>42,000 m³/km²/year), accounting for about 0.5% of the total 
catchment surface area. The findings help to understand the spatial distribution of erosion across the basin and serve as a 
foundation for further research and environmental management programs.
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Climate change in Jordan has led to shorter precipitation 
seasons with reduced precipitation frequency. Although 
most meteorological stations record decreasing precipitation 
trends, some locations experience extreme precipitation 
events (Salahat and Al-qinna, 2015; Oroud, 2011). Minor 
climate variations may lead to substantially different 
geomorphological responses (Saqqa & Atallah, 2013).

The study area has a hyper-arid climate with low mean 
annual precipitation and moderately high temperatures. 
According to the King Hussein International Airport station 
(1980-2018), the annual average temperature at the location 
is 24.8°C, and the annual precipitation is 23.4 mm.

The Gavrilović Method, also known as the EPM method, 
is commonly used in watershed and land degradation studies 
in mountainous, dry, and semi-arid regions. It is calculated 
using Equation (1). The method is straightforward and 
requires minimal data, making it suitable for countries with 
limited data availability and offering an advantage over more 

and sedimentation and to develop effective control strategies 
(Uddin et al., 2016). These advancements in GIS and remote 
sensing facilitate more precise calculation of EPM factors 
(soil erodibility, soil protection, slope, temperature, and 
precipitation) through spatial analysis techniques.

(Wischmeier and Smith, 1978). Since its creation, other 
models have been developed, such as RUSLE (Renard et 
al., 1991)has been the workhorse of erosion prediction and 
conservation planning technology in the U.S. and even 
worldwide. In 1985, at a meeting of U.S. Department of 
Agriculture (USDA, MUSLE (Williams, 1975), PSIAC 
(Pacific Southwest Inter-Agency Committee, 1968), WEPP 
(Water Erosion Prediction Project), SWAT (Soil and Water 
Assessment Tool), and EPM (Gavrilovic, 1988; da Silva et 
al., 2014). These models were developed and are still used 
today. The hilly topography, sparse vegetation cover, and 
prolonged droughts and erosive precipitation events increase 
land degradation in the study area (Ali et al., 2016).

At the research site, a few sediment gauging stations 
limit the ability to predict and evaluate watershed erodibility, 
thereby complicating the prioritisation of soil conservation in 
erosion and sediment yield assessment. Alternative models 
that are quantitative include the EPM. EPM, which has 
been used extensively in the Balkan countries, is effective 
in estimating the erosion rates, especially in the arid and 
semi-arid areas  (Tavares et al., 2021). Although it is used in 
various settings, it was designed for dry and semi-arid areas 
of the southwestern United States and Iran (Yousefi et al., 
2014).

The EPM was developed to calculate erosion coefficients, 
the measure of the erosion rates, and the mean annual 
sediment yield. Slovenia and Croatia have used the Gavrilović 
method to forecast soil erosion and the number of sediments 
at the basin level (Amini et al., 2010). The EPM is a suitable 
method of estimating erosion and sedimentation. The leading 
EPM parameters are the coefficient of soil erosion (z), the 
amount of precipitation per year (H) and the temperature 
coefficient (T). The soil erosion coefficient involves the mean 
slope coefficient (Ja), the soil protection coefficient (Xa), the 
erosion type and extent, and the soil erodibility coefficient 
(Loucks et al., 2005; Elbadaoui et al., 2023; Efthimiou et al., 
2016; Jamal, 2020).

Gavrilović's method is straightforward and adaptable 
enough that the researcher can obtain significant results 
without relying on extensive historical data or complex 
modeling. It also provides a foundation for understanding 
erosion patterns and developing management strategies. 
In this context, the method uses annual parameters such as 
yearly precipitation and temperature data from King Hussein 
Airport in Aqaba, slope gradient and length measured from 
topographic maps, soil properties from geological maps, 
and land use data from the Aqaba Special Economic Zone 
maps. Notably, additional coefficients were calculated using 
empirical methods and tables developed by Gavrilović.

Soil erosion and sedimentation are not primary inputs 
to the planning process considered by regional development 
planners, and the focus is usually on flood hazard assessment. 
Planners rarely consider the dynamic nature of Earth's 
surface processes, including geomorphological processes, 
such as soil erosion, flooding, and increased sedimentation in 
hydraulic infrastructure (Farhan, 1999).

The goal was to reduce the errors in assessing soil erosion 

2.2. Climatic data

2.3. The EPM

Figure 1. Location map of the study area in Aqaba, Jordan

2. Materials and Methods

	 The study area, located in Aqaba Governorate 
(Figure 1), lies between latitudes 29°24’46.77”N and 
29°30’48.40”N and longitudes 34°58’35”E and 35°7’0”E. 
The basin covers 65 km2 with elevations ranging from 0 to 
1250 m above sea level.

2.1. Study Area
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complex approaches (Efthimiou et al., 2016). This technique 
was chosen for the study because it is simple and convenient. 
It was used to evaluate soil erosion and sediment yield, as well 
as to examine its spatial distribution in the Wadi Mubarak 
Basin along the Aqaba Back Road in southern Jordan. To the 
best of the researcher’s knowledge, this method has not yet 
been applied in Jordan. The work followed the steps outlined 
in the flowchart (Figure 2), based on the method developed 
by Gavrilović. 

This basin covers a total area of 3597.13 Km2 and it is 
marked by a semi-arid climate with relatively abundant 
(989.68 mm. Precipitation significantly influences water 
erosion, with intensity, duration, and frequency all playing a 
role. High-intensity precipitation events, though shorter, are 
more erosive than low-intensity ones due to increased flow 
energy (Elbadaoui et al., 2023).

W = Average annual soil erosion (m3/km2/ year)

T = Temperature coefficient

The temperature coefficient (T) is calculated by Eq.2.

Where t0 =the mean annual temperature (℃)

H =  Average annual precipitation(mm)

Z = soil erosion coefficient (dimensionless)  can be 
calculated from Eq.3.

Where:

Y = Soil erodibility coefficient (dimensionless).

Xa = Soil protection coefficient (dimensionless).

φ = coefficient of type and extent of erosion 
(dimensionless).

Ja = Average Slope coefficient (%) 

(1)

(2)

(3)

Gavrilović incorporated temperature in the EPM 
because thermal variations contribute to material weathering 
and rock formation breakdown (Marouane et al., 2021)In 
Morocco, thewatersheds have very significant soil wastes, 
related to various physicaland anthropicfactors. The Oued 
Inaouene watershed is concerned because of its location in 
the eastern part of the Saïss basin, between the Middle Atlas 
and the Pre-Rif, where water erosion is more accentuated. 

The soil protection coefficient, representing an area’s 
erosion protection effectiveness, is determined by the land 
use and vegetation cover coefficients. These coefficients, 
reflecting land type and erosion control measures (especially 
in agriculture), are considered a single factor in assessing 
soil protection (Elbadaoui et al., 2023). : The soil protection 
coefficient in the study area was derived from the land-use 
map (Figure 3).

Soil erodibility coefficient (Y) reflects a soil’s 
susceptibility to erosion based on watershed geology 
(Marouane et al., 2021)In Morocco, thewatersheds have 
very significant soil wastes, related to various physicaland 
anthropicfactors. The Oued Inaouene watershed is concerned 
because of its location in the eastern part of the Saïss basin, 
between the Middle Atlas and the Pre-Rif, where water 
erosion is more accentuated. This basin covers a total area 
of 3597.13 Km2 and it is marked by a semi-arid climate with 
relatively abundant (989.68 mm. The formula was used to 
obtain the soil erodibility coefficient (Y) in the study area 
using the geological map scale of 1:50000 (Figure 4).

2.3.1 Temperature and precipitation parameters

2.3.2 Soil Protection Coefficient (Xa)

2.3.3 Soil erodibility coefficient (Y)  

Figure 3. Landuse map of the study area as reported by Aqaba 
Special Economic Zone Authority. 

Figure 2. Flowchart which explaine the various processes involved 
in the computation of sediment production.



Figure 4. Geologecal map of the study areaas reported by the 
Jordanian Natural Resources Authority.

Figure 6. Topographical map of the study area attained from Royal 
Jordanian Geographic Center.

Figure 5. Landsat image of the study area, attained from the United 
States Geological Survey.

The Coefficient of Type and Extent of Erosions (φ) was 
determined through field observation. The coefficients of 
erosion processes were classified into five categories with 
an interval between 0.1 and 1.0 (Efthimiou et al., 2016). The 
study area values were obtained using Landsat and field 
values (Figure 5).

Slopes are one of the most important factors in the EPM 
Method. The erosion rate generally increases when surface 
water runoff occurs on steeper terrain with longer slope 
lengths (Tavares et al., 2021). Understanding the slope-
erosion relationship is crucial for predicting erosion patterns 
and their landscape impacts (Elbadaoui et al., 2023). The 
slope map in the study area was derived from a topographic 
map at a scale of 1:25,000 (Figure 6).

The coefficients X, Y, and ϕ values are presented in Table 
1 and Figures 7, 8, 9, and 10; they are computed using tables 
proposed by Gavrilovic (1988) and reviewed by several 
researchers (e.g., Zemljic M, 1971; Globevnik et al., 2003; 
Fanetti and Vezzoli, 2007;Milanesi et al., 2015).

Erosion intensities are categorised as excessive, strong, 
medium, weak, very weak, or accumulating (Dragičević et 
al., 2017various methods for erosion intensity and sediment 
production assessment have been developed. The necessity 
for better model performance has led to the more frequent 
application of the method sensitivity and uncertainty 
assessments in order to decrease errors that arise from 
the model concept and its main assumptions. The analysis 
presented in this paper refers to the application of the 
Gavrilović method (Erosion Potential Method; da Silva et al., 
2014 ; Globevnik et al., 2003; Gavrilovic et al., 2004; Amiri, 
2010; Tošicá et al., 2012; Yousefi et al., 2014; Milanesi et al., 
2015; Vacca and Dominici, 2015; Ali et al., 2016; Tadić and 
Šljuka, 2018; Jamal, 2020; Marko et al., 2022)geological, soil 
texture and land use types. The basin was subdivided into 5 
sub-basins. Data required for this study were collected in part 
through published reports, whilst the remaining was derived 
by feld surveys. Necessary maps in EPM models were 

2.3.4 Coefficient of Type and Extent of Erosion (φ)  

2.3.5 Average Slope Coefficient (,%) 
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prepared in Autocad-2006 medium and were transported to 
IILWIS, after some revision. After constructing topologies 
for all polygons, we entered weightings for all layers 
within the Arc-View software. Combinations of all layers 
were managed thereafter. Coeffcient of each factor was 
determined, and erosion intensity coeffcient (Z.

Figure 7. Soil protection coefficient (X)

Figure 8. Soil erodibility coefficient (Y)

Figure 9. Average Slope coefficient (Ja)     

Table 1. Descriptive factors used in the EPM method (Gavrilovic, 
1972; Lazarevic, 1985).

Soil Protection Coefficient Xa

Mixed and dense forest 0.05-0.20

Thin forest with grove 0.05-0.20

 Coniferous forest with little grove, scarce bushes,
bushy prairie 0.20-0.40

Damaged forest and bushes, pasture 0.40-0.60

Damaged pasture and cultivated land 0.60-0.80

Areas without vegetal cover 0.80-1.00

Soil Erodibility Coefficient Y

Hard rock, erosion resistance 0.1-0.3

Rock with moderate erosion resistance 0.3-0.5

Weak rock, schistose, stabilised 0.5-0.6

 Sediments, moraines, clay, and other rocks with
little resistance 0.6-0.8

Fine sediments and soils without erosion resistance 0.8-1.0

Coefficient Of Type and Extent Of Erosion Φ

Little erosion on the watershed 0.1-0.2

 Erosion in waterways on 20–50% of the catchment
area 0.3-0.5

 Erosion in rivers, gullies, and alluvial deposits,
karstic erosion 0.6-0.7

 of the catchment area is affected by surface 80%–50
erosion and landslides 0.8-0.9

The whole watershed is affected by erosion 1.0

Thneibat / JJEES (2026) 17 (2): 130-138134



Figure 10. Coefficient of type and extent of erosion ().

Figure 11. Spatial distribution of erosion intensity by using the 
Erosion Coefficient (Z).

3. Results and Discussion
	 Table 2 classifies erosion intensity using the non-

dimensional coefficient Z, while Figure 11 shows its spatial 
distribution. Most of the basin area (83%, 54 km2) exhibits 
very low erosion intensity (Z < 0.2), followed by low (13%), 
moderate (2.4%), and high (1.1%) erosion intensities. Very 
high erosion intensity covers the smallest area (0.5%).

These are higher rates than those in Table Zachar. The 
ranges of 20000-41000, 8100-19000, and 2900-8000 cover 
(1.1%), (7.7%), and (38%), respectively. However, the largest 
area has a rate below 2,800 m³/km²/year (52%). The annual 
average erosion rate is estimated at 22,092 m³/km²/year. 
According to Zachar’s classifications, this value indicates 
a high level of erosion. Using this method, the highest and 
lowest erosion rates were 243 m³/km²/year and 163 m³/km²/
year, respectively.

bare, and sandstone has been completely stripped away in 
over 90% of the catchment.

Analysis of results in Table 4 and Figure 12 shows that 
most of the basins experience severe to extreme erosion when 
compared with Zachar’s classification of sheet erosion based 
on soil removal intensity. Zachar identified six categories of 
water erosion based on the soil volume lost. Table 3 displays 
the erosion categories determined by Zachar based on 
erosion volume (Zachar, 1983). Erosion rates vary spatially 
within the basin depending on controlling factors. 

Annual soil erosion reaches extreme levels in the main 
channels of large wadi beds (>42,000 m³/km²/year). The study 
area lacks vegetation cover, which makes the soils prone to 
erosion. Vegetation reduces the erosive force by dissipating 
the energy of erosive agents and increases water infiltration, 
which in turn reduces runoff. Main channels sloping wadi 
beds have sediments that have low soil resistance and steep 
side slopes. The granite underlying the Wadi Mubarak is 

Category Erosion 
Intensity Z value Area (km2) Area (%)

I Very low <0.2 54 83

II Low 0.21 – 0.40 8.4 13

III moderate 0.41 – 0.70 1.6 2.4

IV High 0.71 – 1 0.7 1.1

V Very high > 1 0.3 0.5

Table 2. The soil erosion intensity coefficient

Table 3. Classification of sheet erosion and deflation by the intensity 
of soil removal. (Zachar, 1983)

Table 4. Annual soil erosion in the basin of Wadi Mubarak

Verbal assessment Intensity of soil removal
(m3 km2 year-1) Grade

No erosion. Insignificant 
erosion 50 > 1

Slight erosion 50 - 500 2

Moderate erosion 500 – 1500 3

Severe erosion 1500 – 5000 4

Very severe erosion 5000 – 20000 5

Catastrophic erosion 20000 < 6

Class W (m3/km2/year) Area (km2) Area 

1 <2800 34 0.52

2 2900  - 8000 25 0.38

3 8100 – 19000 5 0.077

4 20000 – 41000 0.7 0.011

5 > 42000 0.3 0.005

Thneibat / JJEES (2026) 17 (2): 130-138135



Figure 12. Annual erosion map of Wadi Mubarak

Figure 13. Undercut erosion at the base of the road

4. Conclusion

methods, can be used to examine soil erosion in places like the 
Wadi Mubarak Basin. The rate of erosion at the Wadi Mubarak 
basin was estimated using key factors, such as soil erodibility, 
soil protection, slope, temperature and precipitation. The 
highest soil erosion is (>42000 m3/km2/year), and the lowest 
soil erosion is (2800 m3/km2/year). The damaged hydraulic 
structures indicate a lack of knowledge of the geomorphic 
conditions at the design stage, as well as the use of inappropriate 
specifications during construction, especially at the road 
crossings (see Figure 13).

Erosion assessment methods are needed in the catchment 
as essential tools for decision-making and for the construction 
of relevant check dams to control surface runoff in the upper 
alluvial piedmont. These devices reduce the erosive energy of 
floodwater. Appropriate hydrological systems that have the 
capacity to allow flood discharge, such as riprap, gabions, as 
well as appropriate drainage, will mitigate the volume and 
velocity of runoff. Landslides and rockfall can be prevented 
by fences and terraces, which reduce water runoff and control 
sediment transport.

The use of AI should be implemented in the future to 
enhance mitigation. To simulate future climate (e.g., RCP4.5 and 
RCP8.5) projections, EPM can be used to project future erosion 
at the current temperature and precipitation to show a higher 
sediment yield at higher temperature conditions. Environmental 
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Abstract

1. Introduction

Climate change is a major global environmental 
challenge of the 21st century. Man-made greenhouse gas 
emissions, primarily from fossil fuel combustion and 
land-use changes, have led to higher global temperatures, 
rising sea levels, and extreme weather phenomena (IPCC, 
2021). The Intergovernmental Panel on Climate Change 
(IPCC) warns that unmitigated changes could lead to 
devastating impacts for ecosystems, human health, and 
economies worldwide. Coastal regions around the world are 
experiencing significant challenges due to climate change, 
which has exacerbated environmental vulnerabilities and 
intensified socio-economic risks for dependent populations 
(IPCC, 2014). The southwest coastal region of Bangladesh 
is particularly vulnerable to climate-induced hazards, 
including cyclones, saline intrusion, and rising sea levels, 
all of which threaten the livelihoods of local communities 
(Islam & Hasan, 2016). The region’s unique geographical 
position exposes it to both regular monsoon flooding and 
increasingly frequent natural disasters, making it a hotspot 
for climate vulnerability and livelihood insecurity (Hossain, 
2024; Rahman & Rahman, 2022; Alam et al., 2017).

In Dacope Upazila, located in Khulna District, these 
challenges are especially severe. This area heavily relies on 
agriculture, fisheries, and forest resources for livelihood, 
all of which are highly sensitive to environmental changes 
(Ahmed et al., 2019). Recent studies have highlighted 
that communities in Dacope face multidimensional risks, 

including reduced agricultural productivity, fishery losses, 
and declining access to potable water due to salinity intrusion, 
all of which contribute to an increasingly precarious 
livelihood situation (Kabir et al., 2024). Vulnerability in 
this area is further intensified by socio-economic factors, 
such as limited access to markets, low adaptive capacity, 
and inadequate infrastructural resilience, which together 
exacerbate the impacts of environmental hazards on local 
livelihoods (Ali, 2019).

Although significant research by Haque et al. (2014), 
Alam et al. (2017), and Hossain et al. (2024) has addressed 
climate vulnerability in coastal Bangladesh, there is a lack of 
comprehensive analysis specifically focusing on livelihood 
vulnerability in Dacope Upazila. A targeted assessment is 
essential to understand the local aspects of vulnerability 
and identify specific factors that undermine livelihood 
sustainability. While studies have looked at coastal 
vulnerability using general indicators (e.g., agriculture, 
fisheries, or infrastructure damage) (Huq et al., 2015; Alam 
& Rabbani, 2015), the use of indices like the LVI and LEI 
to capture the multi-dimensional nature of livelihood 
vulnerability remains rare in Bangladesh’s coastal zones. The 
LVI, which considers factors such as income, food security, 
resource access, and institutional support (Hann et al., 2009), 
has been applied in countries like Indonesia (Riantini et al., 
2024) and India (Islam et al., 2024), but its use in Dacope 
Upazila—where diverse livelihoods are affected by both 
slow and rapid climate events—is limited. Additionally, 
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Life, livelihood, nature, and the onset of extreme climate change continue to pose challenges for the coastal residents of 
Dacope Upazila in Khulna district, Bangladesh, almost daily. As Dacope is one of the key areas affected by climate change, 
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while the LEI, which evaluates the direct and indirect effects 
of climate change on livelihoods (Scoones, 2009), has been 
used in some parts of Bangladesh (Ali, 2018), its specific 
application in the South-West coastal region and comparison 
with the LVI are largely unexplored.

Additionally, although there have been studies examining 
individual livelihood vulnerabilities to climate change in the 
coastal belt of Bangladesh, such as those by Rahman et al. 
(2020) and Sarker et al. (2019), most of these studies focus 
on sectoral impacts-agriculture or fisheries without offering 
an integrated view of how climate impacts interact across 
sectors. The combination of LVI and LEI could provide a 
more comprehensive understanding of how vulnerability 
manifests across various dimensions of livelihoods, including 
economic dependency on climate-sensitive sectors, social 
capital, adaptive capacity, and institutional responsiveness.

This study aims to evaluate the sensitivity of a portion of 
Bangladesh’s coastal areas to the effects of climate change 
on the way people live there. The Livelihood Vulnerability 
Index (LVI), developed by Hahn et al. (2009), is applied 
in this research. This index derives its primary data from 
housing units and utilizes certain variables. As a result, it 
can measure not only the extent to which households are 
vulnerable to natural disasters and climatic variability, but 
also their capacity for adaptation and sensitivity to climate 
change. Additionally, the computation of this index is more 
straightforward than that of other indices because it utilizes 
primary data from residences (Akram et al., 2025).  The 
study also examines livelihood vulnerability using the LVI-
IPCC approach and attempts to identify the effects of climate 
change on various community capitals using the Livelihood 
Effect Index (LEI). Through this approach, the study aims 
to provide policymakers and development practitioners with 
valuable insights to design effective interventions that build 
resilience in coastal communities. The study is important 
in various dimensions, including focused action strategies, 
priority-driven policy development, and the fulfillment of the 
goals set by the IPCC. It supports the scientific community 
by delivering consistent insights on climate change, while 
also striving to alleviate the challenges faced by the most 
at-risk populations.

number of households in this Upazila is 42186 (BBS, 2022).

The selection of Dacope Upazila as a case study area will 
be guided by its unique geographical location and proximity 
to a UNESCO World Heritage Site, which adds to its cultural 
and environmental significance. This area is considered highly 
vulnerable to the impacts of global warming (Swarnokar et 
al., 2025b); hence, it will be an important case for studying 
climate-related challenges. Second, the socioeconomic 
conditions in the Dacope Upazila provide such privileged 
ground for research; it is obvious that many of those factors 
will be strong variables when accounting for the resilience, 
adaptation capability, and development needs of that region.
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2. Materials and Methods

These areas are essentially vulnerable to climate 
change impacts and natural disasters that seriously affect 
the livelihood of the people living there (Swarnokar et al., 
2025b). Vulnerability is increased by a lack of resources and 
infrastructure, and by economic dependence on climate-
sensitive sectors (Islam et al., 2014). Dacope (Figure 1), an 
upazila amidst nine upazilas of Khulna district, is essentially 
a coastal area; hence, it is vulnerable to climate change. 
This situation underlines the challenges faced by the local 
population. More precisely, Dacope is situated between 22°24’ 
and 22°40’ north latitudes and between 89°24’ and 89°35’ east 
longitudes. It is bounded by Batiaghata Upazila to the north, 
Batiaghata and Rampal Upazilas to the east, the Sundarbans 
to the south, and Paikgachha Upazila to the west. It has an 
area of 991.98 sq. km., which is divided into 9 unions; the total 

In the research study, primary data were collected 
through an intensive, semi-structured questionnaire survey 
at the household level, and approximately 400 data points 
were obtained from 9 unions of the Dacope Upazila, along 
with data sourced from the NASA Power website (maximum 
temperature, minimum temperature, and precipitation). 
The primary data were collected randomly to obtain a 
representative sample. 

According to BBS (2022), the number of households 
in the Dacope Upazila is 42186. Since the population size 
is known, the Yamane formula is suitable for determining 
sample size. Researchers widely utilise the Yamane formula 
(Kayes et al., 2025; Sultana & Hasan, 2024; Kayes et al., 
2025h). The mathematical expression of the formula:

2.1 Study Area Profile

2.2 Data Source, Sample Size, and Method of the Study
2.2.1 Data Sources

2.2.2 Sample Size for the Household Survey

Figure 1. Map of Dacope Upazila.
Source: Hasan et al., 2025

(1)
(Yamane,1967)
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In this equation, n denotes the required sample size, N is 
the total number of households in the study area, and e is the 
margin of error. For this study, taking a margin of error of 
5% with a 95% confidence level, the sample was:

In this equation, LVId refers to the vulnerability index 
for study area d (Dacope), while “W (SDP, LS, SN, FS, WS, IS, L, PF, HS, 

ND&CV)” refers to the number of sub-components for relevant 
major components. SDPd, LSd, SNd, FSd, WSd, ISd, Ld, PFd, 
HSd, ND & CVd represent the index value for each major 
component obtained from equation 4. For instance, the value 
of WSDP is 6. The value from equation five is explained by the 
sequence of lower to higher value, from least vulnerable to 
most vulnerable.

Here, “Expo.” is the exposure index, “AC” stands for the 
adaptive capacity index, and “Sen.” means the sensitivity 
index. On the other hand, there exists a record by (Sultana & 
Hasan, 2024) that IPCC-VI uses the scale ranging from -1 to 
+1 where -1 stands as the least susceptible position, in other 
words when the adaptive capacity is more than the exposure, 
0 for the moderately vulnerable and 1 stands for the severely 
vulnerable when the exposure would be much higher than 
the adaptive capacity.

In this equation, CFd is the adaptive capacity, sensitivity, 
and exposure, Wcvi is the number of variables for each major 
component, Mid is the index value obtained by equation 
4.  is the total sub-components under adaptive 
capacity, sensitivity, and exposure. After that the overall LVI 
– IPCC is calculated by equation 7: 

value for each major component the overall LVI has been 
calculated by the equation 5. 

In these two equations, Index Xsi is the standardized 
value of the sub-indicators, which ranges from 0 to 1; Xsi 
is the actual value of the sub-indicators; MAXsc is the 
maximum possible value for the sub-indicators; and MINsc 
is the minimum possible value for the sub-indicators. For 
example, for subcomponents taken as percentages, the 
maximum and minimum possible are 100 and 0, respectively. 

Each of these major components consisted of several 
sub-components and was averaged using Equation 4. The 
consolidated value thus determined allowed comparison in 
vulnerability between the major components.

In the equation 4, Mcv stands for the index value of 
major component (SDP, LS, SN, FS, WS, IS, L, PF, HS and 
ND & CV), “ ” is the summation of the sub-
indicators standardized value obtained by the equation 2 or 
3. “n” stands for the number of sub-components under the 
respective major components after calculating the index 

So, the sample size was 397 for the household survey.

In 2009, Hahn et al. developed a framework that better 
represented community-level vulnerability by incorporating 
multiple components. This was immediately adopted by 
researchers the world over and remains one of the most popular 
among these researchers in related climate change research 
because of its structured approach, for example, Chowdhury 
et al. (2024), Phuong et al. (2022), and so many. The LVI 
became an instant hit, especially with many more aspiring 
researchers in this field, due to its composite structure. This 
enabled nuanced analysis across communities and regions 
in light of their vulnerabilities (Sullivan & Meigh, 2005). 
Therefore, this method is adopted in this study. Based on the 
conceptualization and literature review, 46 sub-components 
across 10 major components are included in this study. 
Where some major and sub-components are adopted from 
different research, and some are developed for this study. 
The ten major components are Socio-demographic profile 
(SDP), Livelihood strategies (LS), Social network (SN), 
Food security (FS), Water scarcity (WS), Income security 
(IS), Land (L), Physical facilities (PF), Health security (HS), 
and Natural disaster and climate variability (ND & CV). The 
data for sub-components are in different units and either 
have a positive or negative relationship with vulnerability. 
For that reason, we need to standardize the values of sub-
components. There are two equations for the standardization, 
equation 2 is for positive sub-components and equation 3 for 
the negative sub-components: 

The Intergovernmental Panel on Climate Change 
defines vulnerability as the susceptibility of a system to and 
inability of a system to cope with adverse effects of climate 
change, which includes the characteristics of the exposure in 
concerned areas and their sensitivity concerning the degree 
of impacts and adaptive capacity or the ability to adjust or 
manage impacts (IPCC, 2014). The highest magnitude of 
vulnerability arises from high exposure and sensitivity and 
from low adaptive capacity (IPCC, 2014). 

Adaptive capacity contains the SDP, LS, and SN. 
Sensitivity contains FS, WS, IS, L, PF, and HS. And at 
last, exposure contains only one major component: natural 
disasters and climate variability. Equation (6) is the formula 
for calculating adaptive capacity, sensitivity, and exposure 
according to the IPCC framework, which is utilized in this 
study. 

The Livelihood Effect Index (LEI) is a composite 
indicator designed to assess the impacts of external factors. 
It captures various dimensions of livelihood security, 
including income, access to resources, employment, and 
quality of life (Scoones, 1998; Ellis, 2000). Likewise, LVI 
– IPCC, LEI are categorized in Human capital, Natural 
capital, Social capital, Financial capital and Physical capital. 

2.2.3 Method of vulnerability analysis

2.2.4 LVI–IPCC: Based on IPCC Framework

2.2.5 Livelihood Effect Index (LEI)

(2)

(3)

(4)

(5)

(6)

(7)

(Hahn et al.,2009)

(Adu et al.,2018;Hahn et al.,2009)

(Adu et al.,2018)

(Hahn et al.,2009)

(Hahn et al.,2009)
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The normalized values by equations 2 and 3, the capital 
values are obtained by equation 6 mentioned before. The LEI 
calculated by Equation 8: 

In this equation, LEI is the livelihood effect index and 
 is the number of total sub-indicators. Figure 2 

represents the methodological flowchart that followed during 
this research. The research started with the conceptualization 
of the topic climate change and vulnerability. Then, with 
proper literature review and standard survey tools, this study 
collects the required data from secondary sources and at 
the household level. The findings are validated with proper 
discussion.

(8)

Figure 2. Methodological flowchart of the research

3. Results 

According to the previous studies of Hahn et al. (2009; 
Nguyen & Leisz, 2021; Tewari et al., 2014; Hoang et al., 
2020; Rahman, 2014; Piya et al., 2012; Thorpe et al., 2007; 
Toufique et al., 2013; Shah et al., 2013; Koirala et al., 2015). 
A total of 46 sub-components are selected under ten major 
components for calculating LVI.  

Vulnerability is judged from aspects of the major and sub-
components, as depicted in Table 1, across the nine unions. 
The highest values are an indication of more vulnerabilities, 
whereas lower values indicate less vulnerability. As indicated 
in Table 1, Sutarkhali is the most vulnerable area concerning 
the socio-demographic profile, with an LVI high value of 
0.56. In contrast, Tildanga has the lowest vulnerability, with 
an LVI of 0.30. The second position for each is held by Bajua 
and Banishanta, with an LVI of 0.45, followed by Laudobe 
with an LVI of 0.44.

Sutarkhali has the highest values for four of the six sub-
components: dependency ratio (0.43), presence of disabled 
members in the household (0.14), primary education level 
of the household head (0.59), and households with at least 
one female member lacking functional education (0.76). On 
the other hand, Tildanga has the lowest values in three sub-
components: dependency ratio (0.14), households with girl 
children (0.26), and single-headed households (0.62).

Dacope, the Upazila town, and the surrounding areas 
exhibit average to low vulnerability, as indicated by 
moderate to low LVI values. These areas benefit from better 

Coming to the LS, Sutarkhali comes out to be the most 
vulnerable area, having an LVI value of 0.73. The unions of 
Dacope and Bajua have values quite near to the previous one, 
that is, 0.71 and 0.70, respectively. On the other hand, Tildanga 
shows the lowest vulnerability in livelihood strategies, with 
an LVI of 0.58. 

The Livelihood Strategies component consists of four sub-
components; three of them indicate a negative relationship 
with vulnerability. Therefore, in the case of higher values of 
these sub-indicators, it will reflect lower vulnerability. Thus, 
the lesser the value, the more vulnerable. Nevertheless, a 
higher general value of LVI signals greater vulnerability. In 
one such case, a household has a member working outside the 
area, providing a regular source of income and reducing its 
vulnerability. 

The union with the lowest LVI is Laudobe, at 0.40, 
indicating it is the most vulnerable in livelihood diversification. 
The burden of loans is positively related to vulnerability; 
this means that a higher loan burden increases  households’ 
vulnerability . In this respect, Sutarkhali has the highest 
value, 0.81, making it the most vulnerable in terms of loan 
burdens, as nearly every household is indebted there (Table 1).

Agricultural livelihood diversification and non-
agricultural livelihood diversification also reduce 
vulnerability. The lowest value, 0.71, belongs to Laudobe, 
which is the most vulnerable area, while Banishanta, Pankhali, 
and Dacope have the highest values at 0.81, which indicate 
that vulnerability is relatively low. It is because agricultural 
activities are less dominant in these areas, contributing to 
higher indices in non-agricultural livelihoods.

The SN component is one of the primary determinants 
for vulnerability, comprising four sub-components, all 
of which are negatively associated with the vulnerability 
phenomenon. In this respect, Laudobe Union emerges as the 
most vulnerable, with an LVI value of 0.63, the highest for 
the areas, which indicates that, in terms of social networks, 
the vulnerability is marked. By contrast, Dacope Union has 
the lowest value, 0.50, indicating the least vulnerable area 
in this regard. Beyond that, LVI values for Koilashganj, 
Tildanga, Pankhali, and Sutarkhali are 0.62, 0.57, 0.56, and 
0.55, respectively, indicating medium-to-high vulnerability.

Support from the neighbors, NGOs, and the government 
reduces vulnerability; hence, the relation is negative with 
this sub-component. As for the ratio of help provided to help 
received, Sutarkhali Union shows the lowest value of 0.63, 
indicating the highest vulnerability, while Pankhali Union 
shows a higher value, indicating a lower vulnerability.

It further reduces vulnerability, as membership in 
microcredit organizations offers small loans to help a 
household cope with adverse impacts of natural disasters. 
Reports show that Sutarkhali and Bajua unions have the 
highest membership value of 0.86, which indicates low 
vulnerability. On the other hand, Laudobe Union has reported 
the least value of 0.55, which reflects higher vulnerability 
with regard to access to micro-credit support.

employment opportunities, education, and communication 
infrastructure, resulting in lower levels of vulnerability.

3.1 Comparison of major Components of LVI among unions

3.1.1 Socio-demographic Profile (SDP):

3.1.2 Livelihood Strategies (LS):

3.1.3 Social Network (SN):
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Table 1. Major components, variables (sub-components), and average index values of nine Unions and their LVI values.
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Continuing from Table 1. Major components, variables (sub-components), and average index values of nine Unions and their LVI values.
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The fifth key component is food security, which 
consists of five sub-components that all show a positive 
relation to vulnerability; the higher the values, the greater 
the vulnerability. Based on the overall LVI, Dacope was 
identified as the most vulnerable, with an LVI score of 0.84, 
followed by Pankhali (0.76) and Sutarkhali (0.71) (Table 1). 
Tildanga thus has the lowest vulnerability to food security 
with an LVI value of 0.53.

Field observations show that most unions, excepting a 
few, are plagued by food security, and Dacope is the worst 
in terms of acute food scarcity, striving for food roughly 6 
to 8 months of the year. The LVI for food scarcity is highest 
in Dacope, at 0.67, making it the most vulnerable to food 
scarcity. Sutarkhali, though the second most vulnerable area, 
has a value of 0.50, where households again have better access 
to natural resources than the average. Correspondingly, the 
bottom position is held by Laudobe and Tildanga, each with 
a value of 0.17, which means food struggle prevails in these 
areas for a few months of the year.

Savings from crops and access to free fertilizers will 
reduce food insecurity, lower costs, and improve food safety, 
thereby reducing household vulnerability. More than 80%, 
according to Table 1, in all unions either do not receive free 
fertilizers or cannot save crops for next year, and hence are 
more vulnerable.

upazila, were found to be the least vulnerable with an index 
value of 0.36 (Table 1). Sutarkhali and Banisanta are the 
most vulnerable sites, located very near the Sundarban forest 
and the Bay of Bengal. Because of their geography, they are 
particularly prone to various types of disasters.

In the studied areas, all households in the most vulnerable 
location report the rate of income loss due to natural disasters, 
while more than 90% of households face this problem in other 
areas. High dependence on natural resources for livelihoods 
has been coupled with increased natural disasters, which in 
turn have had a direct and significant impact on household 
income, further raising vulnerability. On average, more 
than half of households in the study area had incomes below 
12,000 BDT, placing them below the extreme poverty line. 

This is further compounded by robbery, which has also 
contributed to income loss and increased vulnerability 
in these communities. Of late, the incidence of robbery 
has decreased and is currently faced by less than 50% of 
households. In part, this decrease is attributed to livelihood 
adjustments, whereby many households have moved out of 
high-risk activities, such as fishing in the Sundarban region, 
and have concentrated on mainland fishing only. This has 
brought down their vulnerability to robbery, though the 
economic challenges remain.

In the coastal area, the crisis of water is enormous. 
Among them, Pankhali has been found to be the most 
vulnerable, with an index value of 0.53 (Table 1). Koilashganj 
is the second-most vulnerable area, with an index of 0.52 
(Table 1). On the contrary, Laudobe has been recorded as 
the least vulnerable area since its water scarcity index is 0.38 
(Table 1).

In these seven areas, 90–100% of households lack easy 
access to safe drinking water. Rainwater collected in plastic 
tanks and pond water treated with chemicals were the main 
sources. Though there are sources of water, they are way 
from the households, between 1 and 5 kilometers, and hence 
not reachable. Because of this, several households buy water 
either from the supply line or in bottled form. Above all, the 
residents of Pankhali bear the highest cost in securing water 
for consumption. This indicates that these areas are suffering 
from severe water scarcity, and this calls for a sustainable 
solution to enable them to access safe water.

Due to climate change, the main sources of income 
have been hugely destroyed. Besides losses due to climate, 
robbery, especially in the Dacope area and the Sundarban 
region of Khulna District, is another concern that adds to 
economic insecurity. It therefore increases vulnerability 
because income instability is directly linked to greater 
vulnerability. Of the three sub-contributors of vulnerability, 
Sutarkhali bears the highest vulnerability regarding income 
security with an index value of 0.62, while Banisanta Union 
follows closely with an index value of 0.61 (Table 1). On the 
other hand, Laudobe and Tildanga, being in the heart of the 

In this case, the vulnerability for the major component 
of land has been measured using three selected sub-
components. The results clearly indicate that Sutarkhali is 
the most vulnerable area, with an index value of 0.57, and 
Laudobe is the least vulnerable, with an index value of 0.47 
(Table 1).

On average, Sutarkhali Union is characterized by a 
landlessness rate of 50%. Landlessness puts high-level 
stress on mental health, increases feelings of insecurity, and 
lowers coping ability with regard to disaster impacts; thus, 
it increases overall vulnerability. Over the last 20 years, 
land degradation has been observed across all study areas, 
contributing to increased migration. This type of migration, 
driven by land loss, further adds to the vulnerability of 
affected households.

In this case, as found in the field survey, a large number 
of respondents reported that land degradation has been 
worsening over time, which clearly indicates that land loss 
remains an ongoing challenge and impacts livelihoods and 
resilience in these communities.

Share of houses with solar energy, time to reach nearest 
vehicle station, and time to reach nearest primary school are 
physical facility subcomponents. These sub-components 
show that Sutarkhali is the most vulnerable of the nine 
unions, with an index value of 0.36, and Dacope Union is the 
least vulnerable, with 0.16 (Table 1). Two of the three energy 
subcomponents are positively associated with vulnerability, 
whereas energy access is negatively associated. 

Pyra Power Plant near Dacope Upazila provides grid 
electricity to residents. Solar panels are too expensive for 

3.1.4 Food Security (FS):

3.1.5 Water Scarcity (WS):

3.1.6 Income Security (IS):

3.1.7 Land (L):

3.1.8 Physical Facilities (PF):
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many homeowners to install. The most vulnerable households 
for solar panel installation are Bajua, Banishanta, and 
Sutarkhali (Table 1). Laudobe has the lowest vulnerability at 
0.43 (Table 1). The average travel time to the nearest vehicle 
station is 2 hours and 17 minutes to the nearest primary 
school. These two subcomponents increased vulnerability.

Six sub-components of the second-to-last main health 
services component include household health status, distance 
to health facilities, and healthcare prices. Given these 
considerations, Sutarkhali Union is the most vulnerable with 
an index value of 0.55, whereas Laudobe Union is the least 
vulnerable, with an index value of 0.15 (Table 1). 

100% of Sutarkhali families reported at least one person 
unwell due to disaster or chronic illness. Just 17% of Laudobe 
residents report this. At least one family member is unwell in 
98% of Sutarkhali homes, increasing vulnerability. Because 
it takes 30–40 minutes to reach the nearest hospital, this lack 
of access is worse. Poor households are further hampered by 
healthcare transport fees of 50–100 BDT per person. 

Fortunately, nearly 50% of households have immunized 
their children to decrease health risks. Most homes have 
not received a single day of health care instruction. In very 
vulnerable Sutarkhali, 95% of households had no primary 
health care training. However, certain areas received 
training, indicating resource and health access and utilization 
disparity between unions in the research area.

The final main component, Natural Disaster and 
Climate Variability, has seven subcomponents. As climatic 
or atmospheric influences, these sub-components directly 
affect vulnerability.

Table 1 shows that Sutarkhali Union has the highest 
natural-disaster and climatic-variability risk index, at 0.68 
out of 1. Bajua and Banishanta rank next, with index values 
of 0.61 and 0.62, respectively. At 0.36, Laudobe has a low 
vulnerability index. These sites are more susceptible due to 
climate and natural factors.

Table 1 shows that the Sutarkhali Union averages 26 
natural disasters per year. Most unions have over 20 natural 
disasters per year. According to Table 2, Sutarkhali has a 
standardised index value of 0.86, while Bajua has 0.38, based 
on local perceptions. The good news is that, in most cases, 
the government or NGOs warned people.

It harms fish, animals, crops, golpata, honey, and other 
resources. Table 1 shows Bajua, Banishanta, and Sutarkhali, 
which have damage values close to 1, signifying severe 
disasters.

Mean maximum temperature and mean precipitation had 
uniform standard deviations of 0.49 and 0.38 in all unions.

Physical Facilities (PF) and Socio Demographic Profile 
(SDP) show a strong positive correlation, suggesting that 
regions with better physical facilities tend to also have higher 
socio-demographic resilience (Figure 3).

Health Services (HS) and Natural Disaster and Climate 
Variability (ND & CV) are highly correlated (0.92), indicating 
that health services are closely linked to vulnerabilities from 
natural disasters and climate change. Food Security (FS) 
and Livelihood Strategies (LS) (0.79) also show a strong 
correlation, suggesting that food security is closely related 
to livelihood strategies.

Income Security (IS) and Health Services (HS) (0.81) 
have a moderate positive correlation, indicating a link 
between income stability and access to health services 
(Figure 3). Socio-demographic profile (SDP) and Livelihood 
Strategies (LS) (0.69) show a moderate correlation, meaning 
that better livelihood strategies can help improve socio-
demographic factors.

Social Networks (SN) and Livelihood Strategies (LS) 
(-0.47) have a negative correlation, suggesting that stronger 
social networks might not always align with certain 
livelihood strategies (Figure 3). Social Networks (SN) and 
Health Services (HS) (-0.55) also show a negative correlation, 
suggesting that stronger social networks may not always be 
associated with better health services.

3.1.9 Health Services (HS)

3.1.10 Natural Disaster and Climate Variability (ND & CV):

3.2.1 Strong Positive Correlations:

3.2.2 Moderate Correlations:

3.2.3 Negative Correlations:

The correlation matrix of the major components of LVI 
across the unions of Dacope Upazila is shown in Figure 3.  

3.2 Outcomes of correlation

Figure 3. Correlation matrix of major components across unions. 
Source: Authors’ calculation, 2024

Among the nine analyzed unions, Sutarkhali is seen as 
the most vulnerable area to climate change from the total 
LVI represented in Table 2 with the highest index value of 
0.584, followed by Banishanta with an index value of 0.529 
and Bajua with a value of 0.509. The subsequent sequence 
of vulnerabilities includes Pankhali with an LVI of 0.507, 
followed by Kamarkhola with 0.487, Dacope with 0.463, 
and Koilashganj with 0.456. In contrast, Tildanga is the least 
vulnerable, with the smallest index value of 0.417, while 
Laudobe is the second least vulnerable, with an index value 
of 0.422. A livelihood vulnerability map is prepared showing 
the overall LVI score of all the unions of Dacope Upazila and 
is represented in Figure 4.

3.3 Overall LVI in Dacope Upzila: 
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Figure 4. Union-wise livelihood vulnerability map of Dacope 
upazila

Table 2 shows the ranking of nine representative unions of 
Dacope Upazila according to their relative ranking of major 
components of LVI and overall Livelihood vulnerability 
to climate change. The ranking is based on values derived 
from the Livelihood Vulnerability Index (LVI), which 
shows the magnitude of vulnerability a community has to 
the consequences of climate change. The following is an 

assessment of the degree of vulnerability of the unions. 
A score ranging from one to nine has been used, with one 
representing the least vulnerable and nine the most vulnerable. 
The Table depicts Sutarkhali as the most vulnerable union 
in Dacope Upazila across seven major components: socio-
demographic profile, livelihood strategies, income security, 
land resources, physical facilities, health services, and 
vulnerability to natural disasters and climatic variability. 
In contrast, Laudobe is the most vulnerable in the case of 
social networks, Dacope in food security, and Pankhali due 
to water scarcity.

Compared with the LVI results in Table 1, the findings 
in Table 3 indicate that the ranks of the study areas by 
vulnerability have shifted. Despite an LVI rating of 0.046, 
Sutarkali remains the most vulnerable area in the region. 
With an index value of 0.044, Banishanta comes in as the 
second most vulnerable region after the region already 
mentioned. The LVI-IPCC value for Bajua is 0.029, which 
places it in third place. The fourth point is that Pankhali 
and Kamarkhola, both of which have the identical index 

value of 0.026, are the most vulnerable sections. With an 
exceptionally low LVI-IPCC rating of -0.069, Laudobe is the 
region with the least vulnerability.

Adaptive capacity, sensitivity, and exposure are the three 
primary categories described in the vulnerability triangle 
diagram shown in Figure 5. This diagram illustrates the 
diversity of scores observed across all study areas.
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Bajua 8 7 4 5 5 4 2 6 6 7 7

Banishanta 7 6 3 6 4 8 5 5 8 8 8

Laudobe 6 3 9 3 2 2 1 7 1 1 2

Pankhali 5 5 6 8 9 5 3 3 5 6 6

Dacope 2 8 1 9 6 6 4 1 2 2 4

Koilashganj 3 4 8 2 8 3 6 8 3 4 3

Kamarkhola 4 2 2 4 7 7 7 4 7 5 5

Sutarkhali 9 9 5 7 3 9 9 9 9 9 9

Tildanga 1 1 7 1 1 1 8 2 4 3 1

Table 2. Ranking of vulnerable area for each major component.

Under the LVI-IPCC framework, major components 
are categorized into three groups: adaptive capacity, 
sensitivity, and exposure. The socio-demographic profile, 
livelihood strategies, and social networks—the capacity 
of a community to adapt to changing conditions—make 
up the factors which, in turn, comprise adaptive capacity. 
The second category, sensitivity, consists of food security, 
water scarcity, income security, land availability, physical 
infrastructure, and health services. These aspects bring out a 
community’s susceptibility to the impacts of climate change. 
The third one, exposure, has its key component in only one: 
natural disasters and climate variability, which estimates a 
community’s degree of exposure to climate-related hazards. 
By applying the LVI-IPCC formula, these three groups are 
combined to produce the LVI-IPCC score, ranking areas 
from most vulnerable to least vulnerable. Results are shown 
in  Table 3: 

3.4 LVI-IPCC
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Figure 5. The vulnerability triangle of the components of the 
Livelihood Vulnerability Index - IPCC (LVI-IPCC) for Dacope 

Upazila

The comparative degree of vulnerability in the study areas 
presents sharp dissimilarities from the definition, presented 
by the IPCC, by its contributing factors, adaptive capacity, 
sensitivity, and exposure. After scoring, adaptive capacity is 
highest for Sutarkhali (0.60) and lowest for Tildanga (0.47), 
indicating stronger socio-demographic resilience, livelihood 

strategies, and social networks in Sutarkhali. Laudobe also 
has a relatively higher adaptive capacity, which is 0.55, hence 
indicating a better potential to cope with changing conditions 
than areas, like Kamarkhola, standing at 0.48. Sensitivity 
analysis has given Sutarkhali a value of 0.54; hence, it is the 
most sensitive area. This implies that the area is most at risk 
for health, food security, and access to water. It is closely 
followed by Banishanta at 0.50 and Kamarkhola at 0.48, 
whereas Laudobe has the lowest sensitivity, with a score of 
0.36, making it the least susceptible to these various factors. 
Sutarkhali is again the most exposed to natural hazards and 
climate variability, with an exposure score of 0.69, placing it 
at higher risk due to potential climate impacts. On the other 
hand, Laudobe is the least exposed in relation to climate-
related hazards, with a score of 0.36. Banishanta and Bajua 
are among the most exposed villages, having scores of 0.62 
and 0.61, respectively. Whereas relatively lower exposure 
can be observed in the villages of Tildanga and Dacope, with 
scores of 0.44 and 0.38, respectively.

Table 3. LVI value calculated by IPCC definition (-1 least vulnerable) to (+1 most vulnerable).

Table 4 shows the result from a one-way ANOVA test to 
compare the difference in mean value among the ten major 
components of the livelihood vulnerability index.

3.5 Differences in mean LVI and LVI-IPCC among unions 
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Table 4. Comparison of mean value of major components of LVI in Dacope. 

Table 5. Comparison of the mean value of adaptive capacity, sensitivity and exposure

Source: Authors’ calculation, 2024

Variable Significance 
(levene statistics)

Sum of  
square df Mean 

square F Significance (P value)

Socio Demographic Profile 0.80 0.279 8 0.035 0.41 0.911

Livelihood Strategies 0.98 0.092 8 0.012 0.34 0.944

Social Network 0.984 0.078 8 0.01 0.13 0.997

Food Security 0.961 0.401 8 0.05 0.55 0.812

Water Scarcity 0.96 0.135 8 0.017 0.09 0.999

Income Security 0.998 0.221 8 0.028 0.21 0.986

Land 0.997 0.027 8 0.003 0.03 1

Physical Facilities 0.865 0.086 8 0.011 0.55 0.807

Health Services 0.256 0.542 8 0.068 0.76 0.638

Natural Disaster & Climate Variability 0.457 0.799 8 1 1.05 0.412

Because the p-value is greater than 0.05, there are no 
discernible differences in the socio-demographic profiles of 
the nine unions. As a result, all unions are equally susceptible 
to socioeconomic factors. For the other major components, 
the P-values are as follows: livelihood strategies have a 
value of 0.944, social networks have a value of 0.997, food 
security has a value of 0.812, water scarcity has a value of 
0.999, income security has a value of 0.986, land has a value 
of 1.000, physical facilities have a value of 0.807, health 
services have a value of 0.638, and natural disaster and 
climate variability has a value of 0.412. All of these values 
are greater than 0.05. The conclusion that can be drawn from 
this is that there is no statistically significant difference 
among the unions in these components, suggesting that the 
unions are equally vulnerable across all dimensions.

It is important to note that Table 5 presents the results of 
a t-test conducted on a single sample to compare the mean 
values of adaptive capacity, sensitivity, and exposure. The 
following is the hypothesis that is tested: 

Null hypothesis (H0): There is no significant difference 
in the mean value of adaptive capacity, sensitivity, and 
exposure.	

Alternative hypothesis (HA): There is a significant 
difference in the mean value of adaptive capacity, sensitivity, 
and exposure.

The p-values of all components are 0, less than 0.05. 
This therefore means rejecting the null hypothesis and 
proves that adaptive capacity, sensitivity, and exposure vary 
significantly among the nine unions.

One-Sample Te One-Sample Test st

Test Value = 0

Value t df Sig. (2-tailed) Mean Difference
95% Confidence Interval of the Difference

Lower Upper

Adaptive capacity 38.813 8 0.000 0.525 0.493 0.556

Sensitivity 23.472 8 0.000 0.453 0.409 0.498

Exposure 13.429 8 0.000 0.519 0.4298 0.6080

The results from the calculation table of LEI shows 
that the overall LEI score ranges from 0.552, which makes 
Sutarkhali the most vulnerable area, up to 0.370, which 
makes Tildanga the least vulnerable one. Other areas, except 
Laudobe, are moderately vulnerable with close scores: 
Bajua 0.456, Banishanta 0.491, Pankhali 0.454, Dacope and 
Koilashganj 0.420, and Kamarkhola 0.445.

Table 6 shows the detailed Livelihood Effect Index 
values for the study area, indicating human capital as the 
highest contributing factor with three major components. It 
shows that Sutarkhali is the most vulnerable of the nine, with 
a capital value of 0.646, while Laudobe is the least, with a 
capital value of 0.415. About 55% of the households do not 
have easy access to health facilities. This area lacks large 
hospitals, and local markets typically house smaller health 
facilities far from residential areas, making them accessible 

to only 48% of households. The time and cost to reach the 
health facilities are also high compared to the areas with the 
least vulnerability. This percentage is found in areas located 
in the center of Dacope Upazila, which are closer to growth 
centers. In terms of livelihood strategies, the majority of 
these areas rely heavily on nature-based livelihoods, which 
are highly vulnerable to environmental conditions.

The second influencing factor comprises three major 
components: land, water, and natural disasters and climatic 
variability. Based on natural capital values, Sutarkhali 
again demonstrates higher vulnerability with a score of 
0.579. Conversely, Laudobe remains the least vulnerable 
area, with the lowest score of 0.389. The scores for the other 
areas are quite close, as the geographical and economic 
conditions across Dacope are largely similar. In terms of 
land ownership, more than or nearly 50% of households do 
not own land. Additionally, 69% of households in Sutarkhali 

3.6 Livelihood Effect Index (LEI):
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Table 6. Livelihood effect of five capitals in Dacope.

Source: Authors’ calculation, 2024

Union are at risk from natural disasters and environmental 
changes.

The fourth capital in LEI is social capital, which is derived 
from two major components: socio-demographic profile and 
social networks. According to the table 6, Sutarkhali has the 
highest vulnerability in terms of social capital with an index 

In conclusion, the two variables that contribute to 
vulnerability are financial capital and physical capital. With 
a score of 0.62 for physical capital and 0.36 for financial 
capital, Sutarkhali is the most vulnerable area and ranks 
as the most vulnerable neighbourhood overall. The level 
of income fluctuation in Sutarkhali is rather high; revenue 
losses are common due to thefts and natural calamities. When 
it comes to financial capital, Laudobe and Tildanga have 
a score of 0.36, indicating they are somewhat vulnerable. 
Dacope remains the area with the lowest vulnerability, with a 
physical capital score of 0.16. Figure 6 presents a comparison 
of the Livelihood Effect Index scores of various unions in 
Dacope Upazila. The following spider diagram summarizes 
all capital scores.

score of 0.555, whereas Tildanga has the lowest vulnerability 
with an index score of 0.423. While Sutarkhali is the most 
vulnerable area in terms of socio-demographic factors, with 
a vulnerability score of 56%, Laudobe tops the list for social 
networks, with a vulnerability score of 63%.

C
ap

ita
l

Major 
Components B

aj
ua

B
an

is
ha

nt
a

L
au

do
be

Pa
nk

ha
li

D
ac

op
e

K
oi

la
sh

ga
nj

K
am

ar
kh

ol
a

Su
ta

rk
ha

li

T
ild

an
ga

H
um

an

Health 0.40 0.48 0.15 0.31 0.26 0.28 0.41 0.55 0.29

Livelihood 
Strategies 0.70 0.68 0.62 0.65 0.71 0.62 0.60 0.73 0.58

Food 0.68 0.69 0.61 0.76 0.84 0.55 0.63 0.71 0.53

Human Capital Score 0.564 0.598 0.415 0.544 0.564 0.449 0.529 0.646 0.438

N
at

ur
al

Land 0.48 0.53 0.47 0.50 0.51 0.53 0.54 0.57 0.55

Water 0.42 0.39 0.38 0.53 0.44 0.52 0.49 0.39 0.35

Natural Disasters 
and Climate 
Variability

0.61 0.62 0.36 0.58 0.38 0.45 0.54 0.69 0.44

Natural Capital Score 0.528 0.535 0.389 0.549 0.425 0.487 0.526 0.579 0.438

So
ci

al
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Figure 6. Comparison of the livelihood effect index in nine unions 
of Dacope
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4. Discussion

5. Conclusion

The findings showed that areas remote from major 
rivers and forests are more vulnerable than other areas. 
These findings align with those of Sultana & Hasan (2023), 
Kayes et al. (2025), and Akram et al. (2025). Their identified 
vulnerable areas are also close to the sea, river, and forest. 
The findings of our study indicate that significant indicators, 
including food security, education, water scarcity, income 
insecurity, access to health services, exposure to natural 
disasters, and climate variability, are critical factors 
contributing to heightened vulnerability. According to Jui 
(2021), educational institutions in the coastal regions of 
Bangladesh encounter numerous obstacles stemming from 
recurrent natural disasters, the effects of climate change, and 
socio-economic vulnerabilities. This report also supports 
our findings.

The findings of this study strongly highlight that 
livelihood vulnerability is a multidimensional concept. 
Therefore, the local government and local NGOs alone cannot 
improve the community’s livelihoods in Dacope Upazila. 
Effective collaboration among multiple government agencies 
and international NGOs, along with local governments and 
NGOs, can ensure the community’s resilience, adaptive 
capacity, and sustainable mitigation strategies. Considering 
this importance, an action plan is provided in Figure 7, which 
includes the policy for specific wings of the government and 
NGOs. Where policy sections are symbolized as Slot1-4, 
which is discussed below in Figure 7.

To assess how vulnerable different populations are to the 
consequences of climate change, this study used the LVI, LVI-
IPCC, and LEI techniques. Every tactic provides an in-depth 
analysis of the factors that make people’s ability to survive 
in a particular area so unstable. The goal in developing the 
LVI and LVI-IPCC calculation algorithms was to make them 
accessible to a wide audience in a variety of settings. More 
information can be found by using vulnerability spider and 
triangle diagrams to compare two or more research zones. 
Notable shortcomings of our methodology include the 
following: the subjective nature of sub-component selection; 
the inherently bidirectional nature of the sub-components’ 
relationship to vulnerability; the masking of extreme 
values through the use of index calculation methods; and 
the possibility of selection bias as a result of the exclusion 
of vacant homes from the sample. What follows is a more 
in-depth discussion of each of these difficulties. To better 
understand how exposure, adaptability, and sensitivity 
evolve with the implementation of adaptation mechanisms, 
this study could be repeated in the same region at different 
intervals. To get a more accurate assessment of social ties in 
future research, it may be necessary to enhance the Social 
Networks and Natural Capacity subcomponents. It is also 
possible to assess the vulnerability of neighbourhoods using 
the LVI method. One useful instrument for city planners is 
the Livelihood Vulnerability Index (LVI). By doing so, they 
may determine which industries are most at risk from the 
impacts of climate change on local residents’ livelihoods and 
work to mitigate those impacts. Furthermore, this study will 
provide a valuable resource for understanding the health, 

opportunities and diversify livelihoods in coastal regions.  
BIDA will spearhead the establishment of industries in 
these regions, while DBS will streamline access to loans. 
Care Bangladesh is committed to upholding transparency 
and accountability in the functions of both BIDA and DBS.  
Furthermore, PKSF will offer training and assistance for the 
overseas export of manpower.

Slot-3: The World Bank, Asian Development Bank 
(ADB), WASA, and WaterAid are joining forces to 
guarantee the availability of clean and sufficient water for 
the community.  The project will receive funding from 
ADB and the World Bank, with WASA taking the lead in 
water purification efforts and ensuring access to clean 
water in vulnerable areas.  WaterAid will assist WASA in 
implementing the project, maintaining transparency and 
accountability at every stage of the process.

Slot-4: The Ministry of Education in Bangladesh, 
along with the World Food Organization and the Food and 
Agriculture Organization, will work together to guarantee 
that everyone has access to fundamental education.  The 
Ministry of Education plans to integrate disaster preparedness 
and response education into the school curriculum.  The 
WFO and FAO will facilitate the implementation of current 
policies to ensure food provision for children in educational 
institutions.  Furthermore, there will be ongoing workshops 
focused on disaster preparedness and essential actions at the 
community level throughout the year.

Slot-1: The World Health Organization (WHO), UNICEF, 
the Ministry of Health and Family Welfare (MoHFW), and 
the Bangladesh Medical Association (BMA) will work 
together to make sure the suggested policies are carried out. 
It is suggested that medical students be required to complete 
an internship in a seaside area after completing their final 
year of study.  While the other organizations will provide 
financial, management, and coordination support, the BMA 
will be in charge of regulating this process.

Slot-2: The Bangladesh Investment Development 
Authority (BIDA), Care Bangladesh, Daridra Bimochon 
Shangstha (DBS), and Palli Karma-Sahayak Foundation 
(PKSF) are set to work together to enhance employment 

Figure 7. Action plan for climate resilience.
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socioeconomic, and demographic factors that influence 
climate sensitivity on a local or regional scale. Everyone 
from parliamentarians to development organizations and 
public health experts can use this tool to their advantage.

Grants Commission (UGC) for its financial assistance in 
funding this research.

Knowledge Contribution:

Limitations of the study:

Further areas of research:

Declaration of Conflicting Interests:

Authorship contribution statement: 

Declaration of Conflicting Interests: 

Ethics Statement:

Acknowledgements:

This study presents the Livelihood Effect Index, a 
metric that has not been examined in prior investigations.  
Furthermore, the study presents a detailed action plan, 
specifying policies, institutions, and responsibilities to aid 
policymakers and government officials in decision-making, 
which can be used in other coastal areas of Bangladesh as 
well. This study addresses a significant gap left by previous 
investigations by providing a well-defined action plan for 
effective implementation.

Historical rainfall and temperature data from the 
Bangladesh Meteorological Department are sparse, and most 
are unavailable or not readily accessible.

Future studies may focus on implementing the action 
plan, particularly on estimating the costs associated 
with each project, as significant capital is required for 
effective implementation. Furthermore, working alongside 
international organizations requires careful consideration and 
demands a high level of transparency.  Future investigations 
could examine how the government will collaborate with 
international partners on these initiatives and identify which 
policies might affect national interests.

The authors declared no potential conflicts of interest 
with respect to the research, authorship, and/or publication 
of this article.

• Md. Kamrul Hasan: Conceptualization, investigation, 
data curation, methodology, software, and writing- 
original draft. 
• Md. Mizanur Rahman: Resources, supervision, 
writing, review, and editing, and validation. 
• Abu Nayem Md. Kayes: Formal analysis, writing- 
original draft, data presentation, software, and 
methodology. 

The authors declared no potential conflicts of interest 
with respect to the research, authorship, and/or publication 
of this article.

Ethics approval was obtained from the Ethics Committee 
of the Department of Urban and Regional Planning, Pabna 
University of Science and Technology (Bangladesh). In 
addition, the participants provided their informed consent to 
participate in this study.

We would like to express our heartfelt gratitude to all the 
individuals who generously shared their valuable insights, 
experiences, and data that were integral to the success of this 
research. We are also profoundly grateful to the University 

Adu, D.T.; Kuwornu, J.K.M.; Anim-Somuah, H. & Sasaki, N. 
(2018). Application of 	 livelihood vulnerability index 
in assessing smallholder maize farming households’ 	
vulnerability to climate change in Brong-Ahafo region of 
Ghana. Kasetsart J. Soc. Sci., 	 39, 22–32.

Ahmed, A., Abedin, M. A., & Rahman, M. M. (2019). 
Impacts of salinity intrusion on		   livelihoods 
in the southwest coastal region of Bangladesh. Environmental 	
Management, 54(4), 1234-1245.

Akram, A., Tahir, A., Alam, A., & Waheed, A. (2025b). 
Livelihood vulnerability index: 	 Assessment of climatic 
changes in flood affected areas of Mianwali district, Punjab, 	
Pakitan. PLoS ONE, 20(3), e0315398. https://doi.org/10.1371/
journal.pone.0315398

Alam, E., & Rabbani, G. (2015). Climate Change 
and Vulnerability in the Coastal Areas of 	 Bangladesh. 
International Journal of Climate Change Strategies and 
Management, 7(2), 	 261-275.

Alam, M. Z., Carpenter-Boggs, L., Mitra, S., Haque, M. M., 
Halsey, J., Rokonuzzaman, M.,	  Saha, B., & 
Moniruzzaman, M. (2017). Effect of salinity intrusion on food 
crops, 	 livestock, and fish species at Kalapara 
Coastal Belt in Bangladesh. Journal of Food 	 Q u a l i t y , 
2017, 1–23. https://doi.org/10.1155/2017/2045157

Ali, A. (2018). Assessing the Impacts of Climate Change on 
Livelihoods in Coastal Bangladesh 	 Using the Livelihood 
Effect Index. Environmental Science & Policy, 88, 62-72.

Ali, A. (2019). Adaptation to climate change in Bangladesh: 
Future prospects and challenges. 	 Asian Journal of 
Environment and Disaster Management, 11(2), 85-92.

Bangladesh Bureau of Statistics. (2011). Housing and 
population census 2011. Ministry of 	 Planning, Government 
of the People’s Republic of Bangladesh.

Chowdhury, K. J., Ali, M. R., Chowdhury, M. A., & Islam, S. 
L. U. (2024). Climate change 	 induced risks 
Assessment of a coastal area: A “Socioeconomic and 
Livelihood 	 Vulnerability Index” based study in Coastal 
Bangladesh. Natural Hazards Research. 	 ht tps://doi.
org/10.1016/j.nhres.2024.06.005

Dasgupta, S., Hossain, M. M., Huq, M., & Wheeler, D. (2015). 
Climate change vulnerability 	 in Bangladesh’s 
southwest coastal region. World Bank Policy Research Working 
Paper, 	 (2148), 21-29.

Ellis, F. (2000). Rural livelihoods and diversity in developing 
countries. Oxford University 	 Press.

Hahn, B. M., Riederer, A. M., & Foster, S. O., 2009. The 
Livelihood Vulnerability Index:		   Apragmatic 
approach to assessing risks from climate variability and 
change—A case 	study in Mozambique. Global Environmental 
Change, 74-78

Haque, A. N., Dodman, D., & Hossain, M. M. (2014). 
Individual, communal and institutional	 responses to climate 
change by low-income households in Khulna, Bangladesh. 	
Environment and Urbanization, 26(1), 112–129. 	 ht tps://doi.
org/10.1177/0956247813518681

Hasan, K., Rahman, M., & Kayes, A. N. (2025d). Comprehensive 
assessment of local climate 	change adaptation with provision 
of sustainable adaptation plan in South-West 	 C o a s t a l 
region of Bangladesh: A study on Dacope Upazila, Khulna. 
Progress in 	 Disaster Science, 100425. https://doi.
org/10.1016/j.pdisas.2025.100425

References

Hasan / JJEES (2026) 17 (2): 139-154152



Piya, L., Maharjan, L.K., Niraj, J. (2012). Vulnerability of rural 
households to climate change	  and extremes: Analysis 
of Chepang households in the Mid-Hills of Nepal. In 	
Proceedings of the International Association of Agricultural 
Economists (IAAE) 	 Triennial Conference, Foz do 
Iguaçu, Brazil, 18–24.

Population and Housing Census 2022. (2024). In Bachelor of 
Business Studies. Retrieved May	  8,2025,from 	
http://nsds.bbs.gov.bd/storage/files/1/Publications/PHCensus/
Khulna/District%20Rep	 ort%20khulna.pdf

Rahman, M. O., & Rahman, A. K. M. A. (2022). Adaptation 
Strategy with Climate Induced 	 Salinity Disaster 
in the Coastal Area of Bangladesh. American Journal of 
Climate 	 Change, 11(04), 284–306. https://doi.
org/10.4236/ajcc.2022.114014

Rahman, M., Sultana, P., & Islam, S. (2020). Impacts of Climate 
Change on Coastal 	 Livelihoods: Evidence from 
Bangladesh. Environmental Sociology, 8(2), 93-104.

Rahman, M.M. (2014). Community Perceptions and Adaptation 
to Climate Change in Coastal 	 Bangladesh. Ph.D. 
Thesis, Curtin University, Bentley, Australia.  

Riantini, M., Mardiharini, M., Saptana, N., Sudjarmoko, B., 
Kasymir, E., Nur’aini, L. G., 	 Anindita, S. H., Syukur, 
M., Zulham, A., Wardono, B., Ardana, I. K., Indrawanto, C., 	
& Wahyudi, A. (2024). Livelihood vulnerability household 
fishermen household due 	 to climate change in Lampung 
Province, Indonesia. PLoS ONE, 19(12), e0315051. 	
https://doi.org/10.1371/journal.pone.0315051

Sarker, M. A., Parveen, S., & Rahman, M. (2019). Coastal 
Agriculture under Climate Stress:	  A Study on Salinity 
and Waterlogging in Bangladesh. Agricultural Systems, 176, 	
102703.

Scoones, I. (1998). Sustainable rural livelihoods: A framework 
for analysis. IDS Working 	 Paper No. 72. Institute of 
Development Studies.

Scoones, I. (2009). Livelihoods Perspectives and Rural 
Development. The Journal of 	 Development Studies, 
34(1), 79-99.

Shah K.U., Dulal H.B., Johnson et al. (2013). Understanding 
livelihood vulnerability to climate 	 change: Applying 
the livelihood vulnerability index in Trinidad and 
Tobago. Geoforum 	 47:125–137. doi. org/10.1016/j.
geoforum.2013.04.004.

Sullivan, C. A., and Meigh, J. R. (2005). Targeting attention on 
local vulnerabilities using an 	 integrated index 
approach: The example of the Climate Vulnerability Index. 
Water 	Science and Technology, 51(5), 69-78.

Sultana, N., & Hasan, M.K. (2024). Identifying Climate 
Scenarios and an Index-Based 	 Assessment of 
Household Vulnerability to Climate Change in the South-West 
Coastal 	 Region of Bangladesh. Jordan Journal of 
Earth and Environmental Sciences, 15(2), 	 136-145.

Swarnokar, S. C., Mou, S. I., Sharmi, S. D., Iftikhar, A., & 
Jesmin, S. (2025b). Climate-induced 	 risks, adaptation, and 
mitigation responses: a comparative study on climate-stressed	
 coastal communities. Frontiers in Climate, 7. 	 ht tps://doi.
org/10.3389/fclim.2025.1553579

Tewari, H.R. & Bhowmick, P.K. (2014). Livelihood vulnerability 
index analysis: An approach 	 to study vulnerability 
in the context of Bihar. Jamba J. Disaster Risk Stud., 6, 1–13.

Thorpe, W., Erenstein, O., Singh, J. & Varma, A. (2007).  Crop–
Livestock Interactions and 	 Livelihoods in the Gangetic 
Plainsof Bihar, India; International Livestock Research 	
Institute:  Nairobi, Kenya.

Toufique, A.K.; Yunus, M. (2013). Vulnerability of Livelihoods 

Huong, N.T.L., Yao, S.  & Fahad.S. (2019). Assessing household 
livelihood vulnerability to 	 climate change: The case 
of Northwest Vietnam. Human and Ecological Risk 	
Assessment: An International Journal, 25:5, 1157-1175, doi: 	
10.1080/10807039.2018.1460801.

Huq, S., & Hossain, M. (2015). Climate Change and Bangladesh: 
An Overview. Climate 	 Change and Adaptation, 1(1), 1-15.

IPCC. (2014). Climate Change 2014: Impacts, Adaptation, and 
Vulnerability. Contribution of 	 Working Group II to 
the Fifth Assessment Report of the Intergovernmental Panel 
on 	 Climate Change.

IPCC. (2021). Sixth Assessment Report. Intergovernmental 
Panel on Climate Change.

Islam, M. R., & Hasan, M. R. (2016). Climate-induced 
displacement and migration in 	 Bangladesh. Dhaka: 
Bangladesh Institute of Development Studies.

Jui, U. (2021, June 28). How Climate Change is Undermining 
Education in Coastal Areas of	  Bangladesh. The 
Business Standard. Retrieved September 25, 2025, from 	
https://earthjournalism.net/stories/how-climate-change-is-
undermining-education-in-	 coastal-areas-of-bangladesh

Kabir, M. A., Hossain, M. K., Hossain, M. A., Molla, M. O. F., 
Khatun, M. S., & Jamal, M. a. 	 H. M. (2024). Impact of 
water and soil salinity on coastal agriculture in Bangladesh: 	
Insights and mitigation Strategies. American Journal of 
Multidisciplinary Research and 	 Innovation, 3(4), 36–
48. https://doi.org/10.54536/ajmri.v3i4.2927

Kabir, M. A., Hossain, M. K., Hossain, M. A., Molla, M. O. F., 
Khatun, M. S., & Jamal, M. a.	  H. M. (2024). Impact 
of water and soil salinity on coastal agriculture in Bangladesh: 	
Insights and mitigation Strategies. American Journal of 
Multidisciplinary Research and 	 Innovation, 3(4), 36–
48. https://doi.org/10.54536/ajmri.v3i4.2927

Kabir, R., Khan, H. T., Ball, E., & Caldwell, K. (2016). Climate 
change impacts on the 	 livelihoods of rural Bangladeshis: 
A spatial and gender analysis. Environmental 	 H a z a r d s , 
15(2), 173-183.

Kayes, A. N. M., Pramanik, M. A., & Mim, R. S. (2025). 
Assessing industrial linkage and 	 strategic locations for 
sustainable economic development: A case study in North 	
Corridor of Bangladesh. Journal of Urban Management. 	
https://doi.org/10.1016/j.jum.2025.08.003

Kayes, M. a. N., Tabassum, T., & Khan, M. a. M. R. 
(2025h). Assessment of Climate-		  I n d u c e d 
vulnerabilities and poverty alleviation Potential of dry fish 
Industry: An 	 Ecological and Socio-Economic study in 
Cox’s Bazar District, Bangladesh. 	 International Journal of 
Disaster Risk Management, 7(1), 461–483. 	 ht tps://doi.
org/10.18485/ijdrm.2025.7.1.26

Koirala, S. (2015). Livelihood Vulnerability Assessment to the 
Impacts of Socio-	 Environmental Stressors in 
Raksirang VDC of Makwanpur District Nepal. Master ’s 	
Thesis, The Department of International Environment and 
Development Studies, 	 Noragric, Norwegian University 
of Life Sciences, Trondheim, Norway. 2015.

Nguyen, Y.T.B., Leisz, S.J. (2021). Determinants of livelihood 
vulnerability to climate change: 	 two minority ethnic 
communities in the northwest mountainous region of 
Vietnam. 	 Environ. Sci. Policy 123, 11–20. doi:10.1016/j.
envsci.2021.04.007, March.

Phuong, T. T., Tan, N. Q., Dinh, N. C., Van Chuong, H., Ha, H. 
D., & Hung, H. T. (2022).	  Livelihood vulnerability to 
climate change: Indexes and insights from two ethnic 	
minority communities in Central Vietnam. Environmental 
Challenges, 10, 100666. 	 h t t p s : / / d o i . o r g / 1 0 . 1 0 16 / j .
envc.2022.100666

Hasan / JJEES (2026) 17 (2): 139-154153



in the Coastal Districts of 	 Bangladesh; Development 
Studies, Bangladesh Institute of Development Studies 	
(BIDS):  Dhaka, Bangladesh. Volume 36, pp. 95–120.

Yamane, Y. (1967). Mathematical Formulae for Sample Size 
Determination.

Hasan / JJEES (2026) 17 (2): 139-154154



JJEES
Jordan Journal of Earth and Environmental Sciences

Assessing Organic Carbon Stocks and Soil Quality in Response to 
Agroforestry Intervention

Anthony Tobore 1*, Noah Oyebamiji2, Abdussalaam Sadiq3, Ugonna C. Nkwunonwo4, 
Ganiyu Oyerinde5, Akinola Adesuji Komolafe6

Abstract

1. Introduction

Agroforestry (AGF) is a land-use system that integrates 
trees with pastures and livestock (silvopastoral), aquatic 
farming (aquasilviculture), or combinations of trees, crops, 
and livestock (agrosilvopastoral) to deliver both environmental 
and socio-economic benefits (Shin et al., 2020; Sinclair, 
1999). AGF plays a critical role in safeguarding terrestrial 
ecosystems, enhancing soil health, and promoting carbon 
sequestration (Stockmann et al., 2015; Pandit et al., 2013). 
However, its degradation presents significant threats to 
environmental sustainability and ecological resilience 
(Watson et al., 2000; Lal & Stewart, 2019). The extent and 
direction of climate change impacts on AGF systems remain 
uncertain, particularly in tropical developing countries (FAO, 
2022). Ecosystem degradation, rapid population growth, and 
unplanned infrastructural development (Thapa, 2020) continue 
to intensify environmental deterioration at local, regional, and 
global scales (Chervier et al., 2024). These disruptions not only 
lead to ecological imbalances (Lal et al., 2012; MEA, 2005) 
but also significantly alter soil biogeochemical cycles (Zhang 
et al., 2019; Maharjan et al., 2024). This challenge is especially 
pronounced in Nigeria (Orobator, 2025), where unsustainable 
practices, such as extensive bush burning, high carbon dioxide 
(CO₂) emissions, and widespread land mismanagement are 

undermining both environmental and human well-being. 
These pressures contribute to the broader global crisis 
affecting an estimated 3.2 billion people, as linked to climate 
change vulnerabilities (Nayak et al., 2019; Lal, 2004).

Notably, AGF degradation is reported to affect 40% of 
Earth’s areas (FAO/UNCCD 2022). The impacts of climate 
change on AGF systems have been evident for decades, 
contributing to the depletion of critical natural resources 
such as soil, air, and water (Obeidat & Awawdeh, 2021; 
Schuldt et al., 2020; Neumann et al., 2017; Lindner et al., 
2014). As climate change intensifies, the need to preserve and 
expand green space becomes increasingly urgent to reduce 
atmospheric carbon levels and enhance AGF systems and 
their landscapes (Schelhas & Hitchner 2020). The connection 
between AGF and organic carbon sequestration is well-
established, highlighting its significant role in climate change 
mitigation (Roose et al., 2015). There is a pressing need to 
address the multiple threats facing AGF systems ranging 
from natural factors such as topography, vegetation cover, and 
soil types to anthropogenic pressures including overgrazing, 
deforestation, and unsustainable agricultural practices (Guha 
et al., 2022; Lal, 2005; Tchotsoua, 1994; United Nations, 
2014). Previous studies, conducted in tropical AGF regions, 
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Addressing the impacts of climate change on food security and poverty alleviation requires urgent action by institutions, such 
as the Federal University of Agriculture, Abeokuta (FUNAAB), Nigeria. Through its agroforestry initiatives, FUNAAB can 
play a vital role in promoting carbon sequestration and enhancing food production, thereby contributing to the achievement of 
Sustainable Development Goal 2 (Zero Hunger) by 2030. This study assessed Soil organic carbon (SOC) stock and soil quality 
within FUNAAB’s agroforestry plots using geospatial techniques. Soil samples were collected at 0–20 cm depth across 
various topographic positions and analyzed for their physico-chemical properties. A dendrogram cluster and correlation 
matrix were employed to evaluate the spatial distribution of soil. The result of the soil quality index demonstrated that the 
studied soil was good (0.8), fair (0.6 – 0.4), and poor (< 0.4), approximately covering 249.4 (good), 51.9 (fair), and 5.6 (poor) 
hectares of the area. Consequently, SOC stocks of the area ranged from 124.41 to 59.22, 59.23 to 29.38, and 29.38 to 7.35 
Mg C ha−1. The findings from this study concluded that soil nutrient management, like farmyard manure, should be adopted 
and tailored towards site-specific application to improve soil health and increase carbon stocks of the studied area. Further 
research on total SOC stocks beyond top-soils and various soil quality indices is necessary and expedient for specific and 
global empirical evidence to mitigate climate change pressures and ensure sustainable food production.
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The study area, encompassing a total area of 307 
hectares (ha), is geographically situated within  the Federal 
University of Agriculture, Abeokuta Agroforestry landscape, 
bounded by latitudes 7° 19’ to 7° 26’ and longitudes of 3° 
42’ to 3° 46’. The terrain features a mix of undulating and 
flat topography, interspersed with river valleys and seasonal 
depressions (Ufoegbune et al., 2010). Soil in the area are 
predominantly Ferric Luvisols, Ferric Cambisols, and Ferric 
Lixisols (Figure 1), while lowland areas are dominated by 
Gleyic Luvisols and Lithosols, which are subject to seasonal 
waterlogging and are generally less gravelly (Soil Science 
Division Staff, 2017; FAO, 2015; Tobore et al., 2025). The 
underlying geology is composed of basement complex 
rocks, with the region experiencing a humid tropical climate 
characterized by distinct wet and dry seasons (Smyth and 
Montgomery, 1962). Annual standardized precipitation 
index (SPI) revealed moderate and very-wet years of the area 
(Tobore et al., 2021) predominantly occupied by Tectona 
grandis, and Gmelina arborea (Figure 2). 
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have reported considerable improvements in soil physical, 
chemical, and biological properties (Ofomola et al., 2024; 
Cardinal et al., 2017; Khaine & Woo, 2018; Ovung et al., 2021). 
Nevertheless, soil quality, within AGF systems, continues to 
decline across temporal and spatial scales (Lal, 2004; Fahad 
et al., 2022; Udawatta & Jose, 2012; Asabere et al., 2018). 
While AGF soils serve as vital reservoirs for organic carbon, 
the concurrent decline in food productivity particularly in 
sub-Saharan Africa presents a major challenge (Henry et al., 
2009; Sharma et al., 2024; Tobore et al., 2024). Therefore, a 
comprehensive evaluation of AGF soil conditions is essential 
to support ecosystem resilience and promote sustainable food 
production (Ofomola et al., 2024; Tobore et al. 2021).

Advancements and innovations in modern technology 
have positioned Geographical Information Systems (GIS) 
as indispensable tools for analyzing spatial and temporal 
distributions of soil physical, chemical, and biological 
properties across natural and human-altered landscapes (Hengl 
et al., 2018; Zhang et al., 2016). Globally, GIS has empowered 
researchers to visualize complex historical landscapes and 
identify escalating ecological threats that could undermine 
ecosystem biodiversity and stability (Breiman, 2001). As a 
widely adopted approach for evaluating spatial point data, 
GIS enhances the precision of environmental assessments by 
reducing analytical uncertainty and improving sustainability 
metrics (Hengl et al., 2018; Breiman, 2001). In this context, the 
use of GIS to evaluate critical agroforestry (AGF) resources, 
particularly Soil Organic Carbon (SOC) stocks, has become 
a rational and non-trivial methodological advancement, 
offering a data-driven pathway for monitoring soil health 
and supporting climate-resilient land management practices 
(UNCCD, 2015). 

Balancing the need between AGF and SOC stocks is a 
delicate global challenge (UNCCD, 2015). SOC represents 
the second-largest carbon reservoir on Earth, playing a 
critical role in enhancing agricultural productivity and 
supporting a healthy environment. However, understanding 
the contribution of AGF soils to carbon storage has become 
increasingly vital, especially in sub-Saharan Africa, where 

2. Methodology
2.1 Description of study area

natural and unchecked human activities continue to degrade 
AGF systems (Lal, 2005; UNCCD, 2015; Jumaah et al., 2019). 
Addressing the impact of climate change on food security and 
poverty alleviation calls for immediate attention of the Federal 
University of Agriculture, Abeokuta (FUNAAB), Nigeria, 
through its Agroforestry landscape to facilitate carbon 
sequestration for a healthy environment and promote optimum 
food production to meet the Sustainable Development Goal 
(SDG 2) by 2030. Ultimately, spatially explicit information 
on safe and healthy food productivity is crucial for assessing 
soil quality and SOC stocks in the AGF to promote a healthy 
environment, and sustainability extends beyond the specific 
findings in the FUNAAB landscape. The study’s objectives 
were to assess (i) soil quality of the area and (ii) evaluate 
the dynamics of SOC stocks. These insights are expected to 
support evidence-based local land management policies and 
contribute broadly to the global knowledge base on AGF and 
climate-resilient agriculture.

Figure 1. (a) Nigeria boundary enclosing FUNAAB as spot (b) map of FUNAAB showing soil types modified (Tobore et al,. 2025) and
(c) study area digital elevation model extracted along the existing rivers and roads network



Table 1. Methods of soil properties analysis 

ECEC: Effective cation exchanged capacity

Figure 2. An example of Agroforestry components of the area

A modified sampling design by Agroforestry (2023) 
was adopted to assess soils of the area (Vagen et al. 2013). 
Soil samples were collected using a grid pattern nested 
hierarchical approach (FAO, 2007). Sampling design was 
enabled to cover the studied area terrain and distribution of 
soil. A total of 48 soil samples were  sampled through “create 
random point”. The “create random point” through ArcGIS 

In the study, soil vulnerability was assessed using Soil 
structural stability (SSSI), and Soil susceptibility (CSOM) 
degradation index (Serme et al., 2015). These two indices 
denote risk confronting SOC depletion and soil sensitivity to 
erosion (Isikwue et al., 2012).

where SSSI is the soil structural stability index, SOC 
represent soil organic carbon.

SSSI is a successful stable index used to assess aggregate 
resistance of soils after the degree of disruptive forces (Pieri, 
1992). In this study, SSSI is expressed as proportion between 
soil organic carbon and fine soil particles of soil medium 
(Eq. 1). Consequently, the ranges between < 5% and 7% > 
values reflect low risk of structurally degraded soils and 7% 
represent high risk of soil structural degradation while   >9% 
depict SOC with sufficient soils structural stability (Pieri, 
1992). 

CSOM is a crucial indicator used to evaluate soil 
sensitivity to erosion (Brady et al., 2008; Pieri, 1992). In 
this study, CSOM was utilized to assess soil resistance to 
degradation based on Equation 2. CSOM values below 
5% indicate soils that are highly susceptible to erosion, 
characterized by loose soil structure prone to rapid 
degradation. Values ranging between 5% and 7% reflect 
moderate susceptibility, suggesting partially stable structure 
but still vulnerable under stress conditions. Conversely, 

(1)

10.5 toolbox was employed for statistical representativeness 
of the studied area for assessing soil properties including 
total nitrogen, soil pH, particle size distributions, available 
phosphorus, potassium and organic carbon (Table 1). 

Surface soil were sampled from 0 to 20 cm depths 
along predominant toposequence to capture organic carbon 
sequestration potential an essential factor for understanding 
crop productivity and soil health (Sun et al., 2010; Gao et 
al., 2008). Additionally, three pedological pits (2 m × 1.5 
m × 2 m) were excavated on representative slopes, with 
samples taken from bottom to top to prevent contamination, 
as recommended by FAO (2009). Elevation mapping was 
performed using a 30-meter resolution Shuttle Radar 
Topography Mission (SRTM) Digital Elevation Model 
(DEM), which helped classify the landscape into three 
distinct topographic zones (see Fig. 1). In-field assessments 
included soil structure, color, root concentration, and 
consistency following standard FAO procedures (2009). Soil 
bulk density was determined using a core ring sampler (7 
cm diameter × 7 cm length) from undisturbed soil at 0–20 
cm depth. Latitude and longitude geographic coordinates 
for representative soil samples were captured by Global 
positioning system device at <5 m. Subsequently, well 
labeled zip-locks polythene was used to collect samples for 
air-drying at controlled room temperature.

2.2 Soil sampling and design 

2.3 Derived soil degradation parameters 

SSSI

CSOM 

Soil condition Method

Total nitrogen Kjeldahl method (Bremner & Mulvaney, 1982)

Soil texture Hydrometer method (Gee & Bauder, 1986)

Soil pH Potentiometry/ Glass calomel pH meter (McLean, 1982)

Organic carbon Walkley and Black method (Nelson & Sommers, 1983)

Available phosphorus Colourimetric after extraction with Bray 1 solution (Bray & Kurtz, 1945).

Potassium Flame Photometer method (Thomas, 1983)

Bulk density Core sampling method (Blake & Hartege, 1986)

Soil organic matter Van Bemmelen factor of 1.724

ECEC Summation of exchangeable cations and acidity

Base saturation Summation of exchangeable bases divide by ECEC multiply by 100
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In this study, SOC stocks of the area were calculated by 
(t ha-1) multiplying SOC (%) concentrations by respective 
bulk density (g/cm3) multiplied by soil depths (0 to 20 
cm). Above-ground (AG) biomass in the studied area was 
estimated using an algorithm (Eq. 3) described by Chave 
et al. (2005). Additionally, AG biomass of saplings (Eq. 4) 
was assessed through the formula described by Haase and 
Haase (1995). On one hand, the study employed the soil 
quality index (SQI) to assess the soil quality of the area (Eq. 
5) through a formula described by Bajracharya et al. (2006).  

CSOM values of 9% or greater indicate stable soil structures 
with enhanced resistance to erosion, indicating improved 
soil health and resilience to environmental pressures.

(2)

(3)

(4)

(5)

where (% Clay + % Silt) content value was obtained from 
soil texture classification, and SOM was converted (1.724) 
from the SOC data. 

where AGTB = above-ground tree/pole biomass (kg),  = 
Wood specific gravity (g cm− 3) as expressed by Jackson 
(1994) for each species, D = tree diameter at breast height 
(cm), H= tree height (m).

using ArcGIS 10.5 and the R programming language (R 
Core Team, 2018)

where Y denotes the total dry biomass (kg), D is the 
diameter at 15 cm above the ground (cm), and ‘a ’ and ‘b’ 
are the constant values represented as 4.264 and 1.0232, 
respectively.

where RSTC = assigned ranking values for soil textural 
class, RpH = assigned ranking values for soil pH, ROC = 
assigned ranking values for SOC, RNPK = assigned ranking 
values for nitrogen (N), potassium (K) and phosphorus (P). a 
= 0.2, b =0.1, c = 0.4 and d = 0.3.

2.4 SOC stocks and soil quality development for the study area

3. Spatial distributions of soil properties and quality using 
GIS-based approach

GIS is a user-friendly technology employed to assess 
spatial variations of soil properties across extensive 
geographic areas (Zhang et al., 2019). In this study, the 
coordinates of the analyzed soil concentrations were 
interpolated using the Inverse Distance Weighted (IDW) 
technique in ArcGIS 10.5 (Li and Heap, 2008). IDW offers 
an unbiased, linear spatial prediction method for estimating 
point data (Radočaj et al., 2021). Following interpolation, 
soil property rasters were processed using raster math in 
the ArcGIS toolbox to derive Soil Quality Index (SQI), Soil 
Organic Carbon (SOC) stocks, Soil Structural Stability Index 
(SSSI), and Soil susceptibility (CSOM) across the study 
area. To further characterize soil variability, Hierarchical 
Cluster Analysis (HCA) was used to group soil properties 
based on the similarity of sampled points (Ibrahim, 2015). A 
correlation matrix was also generated to evaluate the strength 
and direction of relationships among the soil variables. All 
statistical analyses and data visualization were carried out 

Cumulative variance (CV) was computed to show 
variability of analyzed soil properties. Summary statistics 
of soil properties described high and low CV differences 
(Wilding 1985). CV indicates accurate normalization of 
the soil properties around means (Brejda et al., 2000). High 
variability (0.35) was observed for SOC, TN, P, K, ECEC, 
Mg, Ca, SOM, and clay concentrations. Conversely, soil pH, 
sand, and silt contents recorded the least (CV  0.15) variability 
(Table 2). We may trace variability in soils to inappropriate 
soil management practices and the intrusion of soil parent 
material due to the shocks and pressures of climate change 
(Tsu Wei et al., 2009). 

Different soil types exhibits diverse behaviour due to 
nature and gradual changes in morphological characteristics 
(Ogunkunle, 2005). Characteristics of the studied soils 
varied with respect to depths, color, texture, structure and 
consistency etc. Soil depths showed a strong relationship 
with topography and thus ranged from 0 to 100 cm (upland), 
0 to 110 cm (midland), and 0 to 90 cm (lowland), respectively. 
Variability of soil depths could be due to abrupt changes in 
topographic directions and different biological conditions 
over varying periods of time (Soil survey staff, 1993). Soil 
color varied from brown (7.5 YR 4/3), to dark brown (7.5 YR 
3/3), and gradually changed to reddish color particularly at 
the sub-surface layers of the pedological pits. The reddish 
coloration observed in subsurface horizons may indicate 
oxidation of iron oxides due to the abundance of clay (Buol 
et al., 2003). Structure examination of the studied soils 
ranged from weak angular to sub-angular blocky. The soil 
consistency was not much varied, but clay tends to increase 
down the pits and thus is classified between slightly sticky 
and very plastic. The events of changes in the observed 
consistence especially at sub-surface horizons signify 
hardness or dryness of the soils especially in the dry state 
(Raji, 1995). Interestingly, soil boundaries of the profile 
showed easy demarcation because of clear color variations 
etc. The clarity in the soil boundaries could be pointing 
towards flora activities and melanisation of organic matter.

The soils within the study area exhibited varying textures 
along the toposequence, with sandy textures predominant 
in upland areas, sandy loam in midlands, and sandy clay in 
lowland regions. The particle size distributions of the studied 
soils were in the order sand > silt > clay. Results showed that 
clay soil had low values ranging from 2.60 to 25.60%, with 
a mean of 5.38%. Such textural values showed inadequacy 
of water retention since clay consolidates soil aggregates 
and can provides better resistance to water erosion (Tahirou 
et al., 2022; Tobore et al., 2025). In contrast, a higher value 
was obtained for sand ranging from 60.40 to 93.40 % with 
a mean value of 80.77. Also, silt had mean value of 13.85 
and a ranged value of 2.40 to 20.00. Therefore, soil texture 
for the study is classed as sandy clay loam according to 
USDA (United States Department of Agriculture) criteria. 

4. Results and discussion
4.1 Spatial variation and morphological characteristics of soil 

properties in the AGF

4.2  Physical and chemical soil conditions in the AGF
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Eluviation – illuviation processes could be responsible 
for higher sand concentration obtained (Akinbola et al., 
2009). Vulnerability of topography may directly act as a 
driver washing away surface finer materials and could be 
responsible for sand accumulation (Adu, 1995). Bulk density 

values ranged between 1.0 and 1.9 g/cm³. Soils with densities 
below 1.2 g/cm³ may support high humus content, whereas 
values approaching 1.9 g/cm³ suggest compaction, which 
restricts root penetration and water uptake and may affect 
nutrient cycling (Nam et al., 2021; Odey, 2018).

Soil pH remains a master variable used to identify many 
chemical reactions across soil types (Brady & Weil, 2014). 
In the study, soil pH values ranged between strongly acidic 
(4.68), neutral (6.6 to 7.3), and alkaline (>7.3), with a mean 
value of 6.35. Total nitrogen concentration ranged from 0.04 
to 0.22%, which means a “medium” to “high” supply for 
most plants. Variability obtained for soil pH could depict the 
presence of leaching like basic cations as well as the varying 
nature of the pedogenic processes (Abdenna et al., 2018). In 
addition, higher acidic pH could indirectly decrease total 
nitrogen (TN) as well as phosphorus (P) availability with the 
high risk of heavy metals contamination (Porta et  al. 1994; 
Azeez et al., 2021). Nevertheless, plants thrive best in different 
soil pH ranges. Hence, the study pH requires different soil 
management techniques to achieve optimal agricultural 
productivity (MSU, 2011). 

SOC concentration ranged from 0.51% to 3.91%, with 
a mean of 1.65%.  Additionally, soil organic matter had a 
mean of 2.84% and ranged from 0.88% to 6.84%. The SOC 
variations may indirectly reveal the anthropized nature of 
tropical soils (Obidike-Ugwu et al., 2023; Safadoust et al., 
2016). Nevertheless, calcium (Ca), magnesium (Mg), and 
potassium (K) had mean values of 3.81, 1.60, and 0.23 cmol kg 
-1 respectively. Effective cation exchanged capacity (ECEC) 
gave a mean value of 8.50 cmol kg 1 with ranged values 
between 3.26 and 17.66 cmol kg -1. For the base saturation, a 
mean value of 80.95 % was obtained, while phosphorus ranged 
from 2.32 to 28 mg kg -1 with a mean value of 6.6 mg kg -1. 
The correlation coefficient matrix was utilized to monitor the 
relevance of soil quality. Therefore, in the study, blue color 
intensity signifies positive correlation and red indicates a 
negative correlation among and within the matrix (Figure 3). 

Table 2. Summary of physical and chemical properties of soils in the AGF. Abbreviation:
CV, Coefficient of variation; SD, Standard deviation; SOC, Soil organic carbon; TN, Total nitrogen; SOM, Soil organic matter; ECEC, 

Effective cation exchanged capacity; Mg, Magnesium; P, Phosphorus; Ca, Calcium;  BS, Base saturation.

Figure 3. Correlation matrix of soil conditions in the AGF

Soil condition Mean Minimum Maximum SD CV (%)

pH H20 6.35 4.68 7.35 0.69 0.10

SOC (%) 1.65 0.51 3.97 0.92 0.54

TN (%) 0.13 0.04 0.22 0.05 0.41

SOM (%) 2.84 0.88 6.84 1.59 0.56

Ca cmol kg -1 3.81 1.71 8.27 1.62 0.42

Mg cmol kg -1 1.60 0.66 3.20 0.94 0.59

P mg kg -1 6.66 2.32 28.00 5.69 0.86

K cmol kg -1 0.23 0.10 0.46 0.12 0.45

Sand (%) 80.77 60.40 93.40 6.70 0.08

Silt (%) 13.85 2.40 20.00 4.15 0.30

Clay (%) 5.38 2.60 25.60 4.75 0.88

Bulk density 1.31 0.67 1.72 0.23 17.53

ECEC cmol kg -1 8.50 3.26 17.66 4.46 0.52

BS (%) 80.95 20.72 99.68 28.13 0.35

Dendrogram (HCA) analysis was used to show the 
relationship between selected soil properties and a specific 
grouping of similar clusters (Figure 4). In this study, TN, 
SOC, P, K, pH, silt, clay and sand concentrations were 
selected with four major distinct clusters and sub-clusters. 
The selected soil properties showed that cluster 1 of the sub-
cluster consists of SOC and TN, cluster 2 is characterized by 
silt and clay sub-clusters, while cluster 3 highlights soil pH 
and K sub-clusters. Cluster 4 signifies sub-clusters of sand 
and P.

Vulnerability analysis of the present studied soils to 
degradation was calculated through GIS-based techniques. In 

4.3 Cluster analysis of soil condition in the AGF

4.4 Soil degradation vulnerability in the AGF
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Figure 4. Spatial distribution of selected soil samples within each 
clusters

Figure 5. Trend of SOC stocks along topographic elevation

Figure 6. Spatial distributions of soil organic carbon stock in the 
AGF

Figure 7. Spatial distribution of soil quality in the AGF

the study, SSSI and CSOM susceptibility to soil degradation 
ranged from 0.53 to 8.69%. Mean and standard deviation of 
SSSI and CSOM were 0.53 and 4.13. Consequently, SSSI 
ranged between 5 and 7% (low risk of structurally degraded 
soils), covering 158.2 ha -1, while sufficient SOC structural 
stability (9%) covered 148.8 ha -1 of the studied area. So far, 
CSOM indicated moderate vulnerability (5 and 7%) for the 
present study. We could trace SSSI and CSOM vulnerabilities 
to the fragile nature of the pedogenic processes (Sombroek & 
Zonneveld, 1971; Tesfahunegn & Gebru, 2020). 

Tree basal area for the study was 71.24 m2 ha− 1 and 
vegetation density (tree and sapling) was 1450 ha− 1. 
Accordingly, value for above ground tree biomass (AGTB) 
was 87.96 ha− 1 and sapling biomass was 52.36 ha− 1. SOC 
stocks of the area varied along toposequence with increased 
in SOC stocks (Figure  5). So far, SOC stocks for up-land 
spanned from 124.41 Mg  C  ha−1 to 59.22  Mg  C  ha−1. In 
contrast, mid-land SOC stocks ranged from 59.23 Mg C ha−1 
to 29.38 Mg C ha−1, while the low-land areas had SOC stocks 
of 29.38 Mg C ha−1 to 7.35 Mg C ha−1 (Figure 6). According 
to Sewerniak et al. (2017), topography indirectly affects 
variation of microclimates, underlying ecological processes 
and spatial distribution of soil properties.

The spatial distribution map for the study soil quality is 
illustrated in Figure 7. Mean and standard deviation values of 
the soil quality index were 2.13 and 1.11. The result showed 
that SQI for the present studied soils ranged in the order 
of good (0.8) > fair (0.6 – 0.4) > poor (< 0.4), respectively. 
The good (0.8) soil quality was found mostly at central and 
southern parts of the area covering approximately 249.42 ha. 
In contrast, fair (0.6 – 0.4) and poor (< 0.4) soil qualities were 
located mostly at the northern part of the area, occupying 
51.91 and 5.60 ha, respectively. 

4.5  Above ground biomass and SOC stocks in the AGF

4.6 Soil quality analysis in the AGF
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5. Discussion

The particle size distribution of the study area followed 
the trend of sand > silt > clay, with soils predominantly 
classified as sandy clay loam, derived from basement complex 
materials (Smyth & Montgomery, 1962). Such soils, common 
in Southwestern Nigeria, are often deep and heterogeneous, 
offering both opportunities and challenges for sustainable 
land management (Tobore, 2023; Ojanuga, 1979). The 
high sand content likely results from the underlying parent 
material and geomorphological processes (Greve et al., 2012), 
with elevation further influencing pedogenic differentiation 
(Seibert et al., 2007; Waswa et al., 2013). These findings 
underscore the role of terrain, geology, and climate-induced 
variability in shaping soil characteristics (Kosaki & Juo, 
1989; Baltensweiler et al., 2020).

SSSI and CSOM mean values showed that the studied soils 
are classified as sufficient, moderate and low vulnerabilities. 
This indicates that some portions of the studied soil are 
susceptible to soil structural degradation. Additionally, 
absence of a stable soil structure class in the study showed 
less resistance of studied soils to erosion by water (Igwe 
and Obalum, 2013; Tobore et al., 2025). Nevertheless, these 
results are consistent with the findings of Folly (1995). The 
areas with low and moderate risk vulnerability could be 
traced to unchecked human actions on the fragile nature 
of the studied soils (Tobore 2023; Tesfahunegn and Gebru 
2020). The dendrogram from Hierarchical Cluster Analysis 
(HCA) provided insights into the relationships among soil 
properties, suggesting distinct management needs for 
different clusters based on soil behavior and morphological 
variation (McNeill & Hewitt, 2015).

Soil pH is an essential indicator in assessing the fertility 
of a specific soil (Brady & Weil, 2014). About 75% of the 
area demonstrated a moderately acidic pH value of 5.69. The 
Acidic nature could be traced to the close vicinity of the study 
to major streams or rivers flowing in its valley from different  
direction (i.e., south, west, and north)s. Nkwunonwo et al. 
(2020) described the studied region to be naturally endowed 
with rivers and streams such as Ogun Rivers flowing along 
several tributaries. These tributaries have commonly been 
found to accommodate high levels of heavy metals (Olatunde 
et  al., 2020). Nevertheless, Obiora et al. (2016) described 
Nigeria’s soils and immediate environment to be intimidated 
with household and industrial wastes depositions and thereby 
leading to soil contamination by heavy metals. This was 
equally the view and conclusion of Olatunde et  al. (2020). 
Our findings contrast with prior studies that reported that 
agroforestry soils should be less acidic due to the presence 
or abundance of vegetation cover (Muchane et al., 2020). 
On one hand, the present results corroborated the findings 
of Schwab et al., (2015) describing sub-Saharan Africa 
agroforestry soils to be higher in soil pH due to emissions of 
carbon dioxide, uncontrolled bush burning and continuous 
exploitation of fuel wood for livelihood (Khadijat et al., 
2021). More importantly, findings from the study further 
suggested that nitrogen fertilizers, like ammonium based 
fertilizers can be used to decrease areas with high soil pH. 
This explains the availability of phosphorus sorption under 

low pH (Moody et al., 2008). 

Total nitrogen (TN), phosphorus (P), and potassium 
(K) concentrations of the studied area ranged from medium 
to high. For instance, the obtained high TN contrasts with 
the fact that agroforestry lands possess less TN when 
compared to non-agroforestry lands because of prolonged 
urea application with a notion to attain high crop yield 
especially in emerging nations (Muchane et al. 2020; Kuyah 
et al., 2019). Also, the mineralization of leaf litters fall to 
bare-soil surface may significantly contributes to increase in 
the TN concentration of the studied area (Mulat et al., 2021). 
According to Sharma et al. (2022), increased in microbial 
activity increase TN because of quick decomposition of 
organic matter constituents thereby releasing ammonium 
and nitrate as forms of nitrogen (Maharajan et al., 2017). 
So far, recent studies in sub-Saharan Africa like Ethiopia 
and India re-affirmed that agroforestry soils have shown 
promising and continuous ways of enhancing P availability 
(Wolle et al., 2021; Dori et al., 2022). Besides, our result 
aligns perfectly with the previous findings of Chaudhry et al. 
(2007) and Lamichhane, (2013). Additionally, the application 
of inorganic phosphorus fertilizers may also be introduced to 
replenish and maintain P content in the present studied soils 
especially areas with medium phosphorus concentration 
(Sharma et al., 2022; Dagar et al., 2020).  At the same time, 
the high K concentration in our study was consistent with 
prior agroforestry studies (Nath et al., 2015; Singh et al., 
2018; Namgial et al., 2020).

High concentration of organic carbon was detected in 
the northern and southern regions, approximately covering 
70 %. Moderate and low organic carbon concentrations 
covered 20 and 10 % of the area. The area with low organic 
carbon (OC) was classed below critical threshold limits. 
This further explains the vulnerability of the studied soils to 
structural degradation. Nevertheless, the OC concentration 
in the present study exceeded values reported by Schwab et 
al. (2015) and Magar et al. (2020) for tropical agroforestry. 
Interestingly, our study is consistent with the general instincts 
that proper adequate agroforestry practices can elevate soil 
organic carbon concentrations due to the abundance of 
woody trees. Additionally, woody trees deposit more leaf 
litter, thereby contributing to the decomposition of organic 
matter accumulation (Kassa et al., 2022). At the same time, 
the organic matter concentration of our studied soils ranged 
between high and low contents. Soil organic matter serves 
as a major contributor to the cation exchange capacity in the 
soil medium. The low and moderate OC concentration of the 
area could be traced to greenhouse gases, abrupt changes in 
slope positions, and lastly gradual to sudden increase of land 
surface temperature due to sea level rise intrusion (Tobore 
& Samuel 2022; Rezaei & Gilkes, 2005). Therefore, soils 
with low soil organic matter reduce water holding capacity 
and can cause soil nutrients to be unavailable (Tittonell et 
al., 2010).

SOC stocks of the area ranged between 7.35 and 124.41 
Mg C ha−1 respectively. The variability in the SOC stocks 
might be traced to the differences in density of vegetative 
cover, tree populations and topography nature of the studied 
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6. Conclusion
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critical for climate change mitigation and sustainable 
food systems. The study underscores the importance of 
integrating sustainable soil fertility management practices, 
such as farmyard manure application or integrated soil 
fertility management techniques, to boost soil health and 
increase carbon sequestration capacity.

However, this study focused exclusively on surface 
soils (0–20 cm), thereby limiting our ability to assess 
SOC stocks in deeper horizons. Future research should 
incorporate deeper soil layers, quantify below-ground 
biomass, and examine the influence of climatic variables on 
SOC dynamics. Such efforts will provide robust empirical 
evidence at national, regional, and global scales—further 
strengthening the role of agroforestry in addressing climate 
change challenges, ecological resilience, and sustainable 
agricultural development.

soils (Feliciano et al., 2018). Although De Stefano and 
Jacobson (2018) asserted that healthy vegetative cover can 
grow taller trees and thus make them tap more sunlight, 
water, and nutrients easily to support above-ground biomass. 
Nevertheless, SOC stocks, obtained for our study, were 
higher than the reported studies of Besar et al. (2020). 
Although Kay et al. (2019) mentioned that adoption of 
different agroforestry system of practices plays a pivotal role 
in increasing SOC stocks stability and availability. A similar 
result was also obtained under agroforestry in Northern 
Ethiopia (Gebrerneskel et al., 2021). Hence, our study 
underscores the agroforestry potential systems of practicing 
healthy vegetation cover density, particularly to mitigate a 
changing climate and thus increase SOC stocks. 

Spatial trends of soil quality for the present study showed 
more accurate areas classified as good (0.8), fair (0.6 – 0.4), 
and poor (<0.4). The portion covered by fair (0.6 – 0.4), 
and poor (<0.4) soil quality could be traced to unchecked 
human actions, leading to a low percentage of SOC and 
low soil structural stability. Zhang et  al. (2016) described 
soil pH, bulk density, and SOC, among others, as the most 
influential predictors for accurate assessment of soil quality. 
This further confirmed the crucial importance of using 
these parameters in the present study. Moreover, the results 
obtained for our study also align with previous studies of 
agroforestry reported by Ramirez et al. (2022) and Guillot 
et al. (2021). More importantly, since soils are an essential 
medium for crop growth as well as a critical resource base 
where food supplies come from (Brevik 2013), developing 
soil nutrient recommendations for soils of agroforestry calls 
for immediate intervention of researchers to salvage the 
soil quality of the agroforestry. Interestingly, these actions 
will eventually help in reducing management cost and input 
wastage. Therefore, more emphasis should be placed on 
managing the potential of agroforestry resources and their 
significant contributions to carbon stocks for increasing food 
productivity and enhancing a sustainable environment.
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Abstract

1. Introduction

The study area is situated in the Al-Teeb District of 
the northeastern Missan Governorate, near the eastern 
international border between Iraq and Iran. The research 
area is situated within the Low Folded zone›s Hamrin 
Subzone-Foothill Zone of the Unstable Shelf (Al-Mutury and 
Al-Asadi, 2008). Iraq has significant exposure to the Upper 
Miocene-Pliocene Injana and Mukdadiya Formation. The 
Mukdadiya Formation consists of up to 2000 m of gravely 
sandstone, sandstone, and red mudstone. The sandstones 
are sometimes cross-bedded and contain channel lags and 
clay balls ( Basi and Jassim, 1974). According to Jasim and 
Goff (2006), the Mukdadiya Formation was formed in a 
rapidly receding foredeep basin through river deposition. 
Sandstones constitute an important part of the Tertiary 
stratigraphic sequence in eastern and northeastern Iraq. 
Sandstone›s importance lies in its ability to be used primarily 
for construction. It is also used in varying proportions in 
the cement, ceramic, and glass industries, and is used in 
polishing, sharpening, and water purification processes. The 
Mukdadiyah Formation is one of the most important and 
widespread gravel formations in Iraq, containing sandstone 
and gravel. It is thick and contains quartz, feldspar, and other 
minerals such as barite and celestite, which are primary 
mineral sources of barium and strontium. They are also used 
to weigh drilling fluids in high- and medium-pressure oil 
wells.

Because of their widespread distribution, Mukdadiya 
Formations have been examined in a large number of 
publications, reports, papers, and scholarly dissertations 
(Bellen et al. 1959; Buday 1980; Al-Banna 1982). Most of 
which provide descriptions of the formations› lithofacies, 
sedimentology, and depositional environments, as well as 
geological overviews of the formations. Lower Bakhtiari 
Formation replaced with the Mukdadiya Formation and 
the Upper Bakhtiari Formation with the Bai Hassan 
Formation. Up to 2000 meters of fining upward cycles of 
gravely sandstone, sandstone, and red mudstone make up 
the Mukdadiya Formation. The sandstones are frequently 
heavily cross-bedded and are associated with clay balls and 
channel lags deposited in a rapidly subsiding foredeep basin 
(Jassim and Goff, 2006). The thickness of the formation in 
type section is 1411 meters, and it was measured close to 
Al-Mukdadiya City in the Diyala Governorate (Al-Rawi 
et al., 1992). Many previous investigations focused on the 
Mukdadiya Formation in different parts of Iraq, including 
Dohuk (Zawita and Amadya), Mosul, Tikrit, Dyala, and 
Wasit (Badra and Zurbatiya). These studies covered subjects 
such as : according to Al- Jassim (1969), the Mukdadiya 
formation was formed in central Iraqi flood plains and 
alluvial rivers; While Sadik (1977) examined the gravel 
content of the Mukdadiya and Dibdibba Formations, he 
discovered that the former had more quartz and chert 
gravels, whereas the latter had igneous rock fragments. Enad 
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Two surface sections of  Mukdadiya Formation, Al-Band and Bajliah eastern Missan,  were selected to conduct the 
petrography of sandstone units. Ten sandstone samples were analyzed using a polarized microscope on the thin sections 
prepared from all samples  to determine their light mineral content for petrographic study. Petrographic analysis revealed 
that the Mukdadiya sandstone is primarily composed of rock fragments, along with quartz grains (both monocrystalline and 
polycrystalline), feldspars including K-feldspar (orthoclase and microcline), plagioclase, and is cemented with carbonates. 
Mukdadiya sandstone is classified as lithic Quartzarenite. The proposed provenance for Mukdadiya sandstone is mainly 
sedimentary and plutonic igneous rock, with a less dominant metamorphic source. These sandstones are considered to be 
mineralogically immature, and according to the stability of sandstone in both sections, are chemically and mechanically 
unstable. The QLF classifications, the tectonic provenance of the Mukdadiya sandstone is described as recycled orogeny, 
while the QmFLt classification is placed in the lithic recycled field. According to the paleoclimatic conditions affecting, 
all sandstone samples of Mukdadiya sandstone are fall in the semi-arid region. Mukdadiya Formation›s high percentage of 
carbonate rock fragments such as limestone and dolomite suggests that the parent rock is primally carbonate, indicating that 
the material was transported rapidly moved quickly within the area which occur only in areas with high relief and arid climate 
that the fragments could have originated in the overthrust belt, the Sanandaj-Sirgjan belt, or the northeastern Iraq in high 
Thrust belt, where the metamorphic fragments were most likely formed.
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(2007) investigated the stratigraphy and sedimentology of 
the Mukdadiya Formation in the Badra area and proposed 
a fluvial environment there. Al-Shammary( 2009 ) studied 
Mukdadiya Formation in south-east of Badra and shows 
that  the conglomerate, sandstone, and mudstone facies 
repetitions in number of cycles with trough cross bedding 
and pebble size in all the studied section indication of typical 
variation of braided rivers activities through the deposition 
time. Al-Uqagdi (2011) compared the Mukdadiya and Injana 
Formations from the perspective of sedimentary sequences, 
stratigraphic environments and tectonic conditions in the 
northern Iraqi areas of Zakho and Ain Sefni. Al-Samaani 
(2011), in his study of mineralogy and geochemistry of the 
Mukdadiya Formation in northeast Missan, suggested that 
Mukdadiya Formation sediments sources primarily from 
the northeastern region of Iraq. Basi (2012) in his study of 
petrographic of the sandstones of Mukdadiya Formation 
indicates that they are immature, mostly poorly sorted 
and classified as litharenite. The predominant type of 
sedimentary fragments is carbonate. The source rocks, 
based on petrographical and heavy minerals studies, are 
interpreted to be composed essentially of sedimentary 
followed by igneous and metamorphic rocks , when 
studied in the Mukdadiya Formation in the central part  of 
Iraq. Al-Salmani and Tamar-Agha (2018) in their study of 
Petrography and Provenance of the Sandstone of Injana 
and Mukdadiya Formations (Upper Miocene/Pliocene) at 
Duhok Governorate, Northern Iraq, indicate that the heavy 
minerals are derived from mafic igneous and metamorphic 
rocks mainly as well as acidic igneous and reworked 

sediments. The tectonic provenances of both Injana and 
Mukdadiya Formations can be described as transitional 
and lithic recycled of recycled orogen. Al-Dabbagh (2018) 
reported that the sandstone of the Mukdadiya Formation 
in the Zurbatiya area (east Iraq) is classified as litharinite, 
sedarinite, and calclithite, and the tectonic provenance is a 
lithic recycled. Al-Kalidi (2014) studied the petrographic 
and geochemical analysis, suggesting the semi-arid to semi-
humid environments of immature to sub-mature sediments 
of the Mukdadiya Formation in the Zawita and Amaadya 
areas, which indicate a near-source area in northeast 
Iraq. Mahdi and Sultan (2021) in their study of gravel of 
Mukdadiya in Al-Teeb area confirmed that the origin of 
the derived gravels is from the Qulqula Formation, because 
of their content of radiolaria and the other characterizing 
fossils. Sandstones› petrological characteristics are an 
important instrument for classifying them and can be used 
with other factors to address a variety of sedimentological 
problems (Boggs, 2009). The features of the source, the 
sedimentary processes occurring in the basin, and the types 
of channels connecting the source and the basin all affect the 
composition of sandstones (Demange, 2012). This study in 
two selected sections, eastern of Missan governorate namely 
Al-Band (A) and Al-Bajalia (B) with in latitude (32° 25› 51» 
N & longitude 47° 13› 03» E to latitude 32°   15›   36» N & 
longitude 47° 27› 18» E) respectively (Figure 1). The aim of 
study focuses on the petrographic description of sandstone 
to identify the Provence , paleclimate, and tectonic setting  
for  these two selected sections :Al-Band  and  Al-Bajalia 
(Figure 1).
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Figure 1. Geological map show the studied Area A: Al-Band and B: Al-Bajliah , modified after (Sissakian and Fouad,2012).



Al-Najjari / JJEES (2026) 17 (2): 167-177169

1.2. Geological and Tectonic  Setting
According to Buday (1980), the Missan area is a part of 

the Makhul-Hemrine subzone (Low Folded Zone), which is 
sited outside the Arabian Plate form. According to Jassim 
and Goff (2006), Fouad (2008 and 2012), and Abdulnaby 
et al. (2021), the Mukdadiya Formation typically has a 
fluvial environment that quickly subsides in the foredeep 
basin. In late Miocene-Pliocene period, major thrusting 
occurred during collision of new Tethyan terranes and the 
Sanandaj-Sirjan zone with Arabian Plate resulting in the 
uplift of High Folded, Northern Thrust zones, and the NE 
part of Balambo-Tanjero zone (Figure 2). The Mukdadiya 
Formation in the Al-Teeb region (Figures 3 and 4) is made 
up of numerous sedimentary cycles, most of which consist 
of conglomerates, sandstone, and claystone arranged from 
bottom to top. Sand and gravel come in a variety of sizes, 
reflecting river environments and fining upward cycles. 
Range of sedimentary formations, such as load casts, trough 
cross-bedding, graded bedding, planer cross-bedding, and 
channeling that is periodically filled with gypsum. While 
Mukdadiya›s lower contact with Injana Formation is pebbly 
sandstone, the upper contact with Bai Hassan›s Formation 
is conformable and occasionally covered in Quaternary 
sediments. Most Quaternary sediments from the southern 
Iraqi Mesopotamian plain cover large areas of the unstable 
shelf (Al-Khafaji and Mhadi, 2019). 

Figure 2. Correlation chart of the Neogene Period in Iraq (modified 
from Jassim & Buday, 2006; Jassim et al., 2006).

Figure 4. Location and tectonic map of the studied sections (after 
Fouad,2008; 2012 a and 2012 b)

Figure 5. Stratigraphic column of Mukdadyia Formation in  Al-
Band (B), and   Al-Bajliah (G).

Figure 2. Correlation chart of the Neogene Period in Iraq (modified 
from Jassim & Buday, 2006; Jassim et al., 2006).

2. Materials and Methods

The field work included the lithological description and 
measuring the thickness of sandstone units. Spot samples 
method were used for collections sandstone from the layers 
in the sections based on the variation in lithology, thickness, 
texture and color of the beds. Ten samples collected from both 
sections including five (5) samples of Al-Band section and 
five (5) samples of Al-Bajliah section (Figure 5) were chosen 
for preparing thin sections in the labratories of the Geology 
Department, College of Science, Baghdad  University . The 
friable  grains were consolidated on glass slide by saturated   
them with Araldite and Hardener materials  (Moorland,1968). 
The components of thin section were counted according to 
the method of Gazzi-Dickinson (Dickinson, 1970), which is 
the most common method of counting point, using Polarized 
microscope (Type Optika) were used  in order to  identify the  
mineralogical components.



3.1. Petrography of sandstone
Petrography is the most common geological method for 

understanding sediment formation, how sediments change 
during erosion, transport, deposition, and subsequent 
diagenesis. Morever , petrography is a fundamental 
method in sediment provenance studies (Dickinson et al. 
1983; Garzanti, 2016, 2019; Augustsson, 2021). The only 
technique in sandstone provenance analysis that can give 
both mineralogical and textural data of the sandstone and 
its morphological components (small-scale original of the 
parent rock), enabling direct visualization and reconstruction 
of the source area (Garzanti, 2016). Sandstone fragmentation 

patterns can be connected to the plate tectonic setting of the 
sedimentary basins in which they were deposited (Dickinson 
& Suczek 1979; Dickinson et al. 1983; Dickinson 1985; 
Weltje & von Eynatten 2004; Weltje 2006); properties 
can be deduced to reflect source terranes and tectonic 
stratigraphic levels achieved through erosion in space and 
time. By examining the relative proportions of the three 
main constituents of sandstones: quartz (Q), feldspar (F), 
lithic or rock fragments (L), and carbonate cement, one can 
determine the modal composition of these rocks. Carbonate 
cement and matrix bind these components together (Boggs, 
2009). Table 1 displays the averages and percentages of these 
components.
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3. Results and Discussion

Quartz is the main component of the Mukdadiya Formation 
sandstone is averaging 16.28% in the Band (A) section and 
17.76% in the Al-Bajalia (B) section (Table 1). There are two 
types: polycrystalline quartz and monocrystalline quartz. 
The average monocrystalline type in the Band (A) section 
is 11.84%, and the average monocrystalline type in the Al-
Bajalia (B) section is 13.4%. The crystals are angular to sub-
angular with dominant straight and wavy extinction. The 
type of source rock is one of the major factors that affect the 
undulation of quartz (Conolly, 1965). 

Wavy extinction resulted from the stress that was 
subjected to the quartz grain, which suggests that they are 
derived from plutonic igneous rock or metamorphic igneous 
rock (Asiedu et al., 2000; Folk, 1974). The occurrence of 

inclusions in monocrystalline quartz grains may reflect their 
derivation from plutonic igneous rock. (Figure 6-A).  

These grains show polycrystalline type of quartz with 
an average in the Band (A) section is 4.44%, and the average 
polycrystalline type in the Al-Bajalia (B) section is 4.32%. 
It also has a sub-angular to sub-rounded shape, with a wavy 
extinction. Most of the quartz grains have a semi-angular 
shape, indicating that the transport distance is short to 
medium. Therefore, the probable source of polycrystalline 
quartz is metamorphic rocks, such as schist, gneiss, 
metaquartzite, and plutonic igneous rocks (Blatt, 1967; 
Folk, 1974). The amount of polycrystalline quartz presented 
in sandstones is a function of grain size and increases with 
increasing grain size (Conolly, 1965) (Figure 6-B).

Table 1. Mineralogical components (%)  of  sandstone of Mukdadiya Formation Sandstone at Band (A)  and Al-Bajalia
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A1 13.3 4.4 17.7 4.5 3.3 2.4 5.7 38.2 8.9 3.7 4.7 3.5 4.7 63.7 3.5 4.6 0.3

A2 13.5 3.2 16.7 3.3 4.4 3.7 8.1 41.3 9.8 4.1 3.5 4.3 2.1 65.1 4.2 3.2 0.9

A3 10.2 6.8 17 4.4 3.5 2.7 6.2 38.2 8.3 3.4 4.5 5.1 4.2 63.7 4.46 3.5 0.6

A4 13.4 4.5 17.9 3.2 2.8 3.9 6.7 38.3 7.7 4.3 3.2 6.8 2.6 62.9 3.5 4.9 0.9

A5 8.8 3.3 12.1 4.5 3.3 2.8 6.1 52.4 5.9 3.2 4.4 3.4 3.7 73 1.3 2.7 0.2

mim 8.8 3.2 12 3.2 2.8 2.4 5.2 38.2 5.9 3.2 3.2 3.4 2.1 56 1.3 2.7 0.2

max 13.5 6.8 20.3 4.5 4.4 3.9 8.3 52.4 9.8 4.3 4.7 6.8 4.7 82.7 4.46 4.9 0.9

Av. 11.84 4.44 16.28 3.98 3.46 3.1 6.56 41.68 8.12 3.74 4.06 4.62 3.46 65.68 3.392 3.78 0.58

B2 12.6 5.4 18 3.8 3.5 2.3 5.8 40.6 9.7 3.4 3.5 3.7 2.3 63.2 3.1 4.2 0.9

B5 15.2 3.3 18.5 2.6 2.4 3.9 6.3 42.6 8.4 3.2 3.9 4.3 1.8 64.2 3.6 4.5 0.3

B8 10.7 5.2 15.9 3.9 4.1 3.4 7.5 41.5 7.7 4.4 3.4 3.2 3.5 63.7 4.4 3.6 0.9

B10 14.2 4.4 18.6 4.5 3.3 2.6 5.9 39.7 9.4 3.2 4.5 3.1 2.9 62.8 4.7 3.1 0.3

B12 14.5 3.3 17.8 3.4 2.6 3.2 5.8 41.8 7.6 3.8 3.6 3.9 2.4 63.1 3.6 4.7 0.6

min 10.7 3.3 14 2.6 2.4 2.3 4.7 39.7 7.6 3.2 3.4 3.1 1.8 58.8 3.1 3.1 0.3

max 15.2 5.4 20.6 4.5 4.1 3.9 8 42.6 9.7 4.4 4.5 4.3 3.5 69 4.7 4.7 0.9

Av. 13.44 4.32 17.76 3.64 3.18 3.08 6.26 41.24 8.56 3.6 3.78 3.64 2.58 63.4 3.88 4.02 0.6



Feldspars are common in sedimentary, igneous, 
and metamorphic rocks. They are less stable under the 
influence of surface conditions, especially in sedimentary 
environments. Mechanically, the stability of feldspar mineral 
is less than that of quartz in the process of erosion; on the 
other hand, Chemical weathering of feldspar may produce 
clay. Therefore, feldspar minerals refer to short distances 
of transportation (Pettijohn, 1975). Feldspars in Mukdadiya 
Formation sandstone have an averaging 6.5% in the Band 
(A) section and 6.26% in the Al-Bajalia (B) section (Table 1).

The occurrence of alkali feldspar (Potassium feldspars), 
including orthoclase and microcline, suggests semi-arid 
paleoclimate conditions or a high relief source area subjected 
to rapid erosion (Pettijohn et al., 1987). Orthoclase in the Band 
(A) section ranges from 3.2–4.5%, with an average of 3.98%. 

while in Al-Bajalia (B), sections ranged between 2.6-4.5%, 
with an average of 3.64%. Orthoclase grains are subangular 
to subrounded with dusty color due to decomposition into 
clay minerals.( Figure 6-C).

Microcline in the Band (A) section ranges between 
2.8– 4.4%with an  average 3.46 %. while in Al-Bajalia 
(B), sections ranged between 2.4-4.1%, with an average of 
3.18%. Microcline grains show a cross-hatching twinning, 
and are observed as subangular, with degrees of alteration. A 
slight difference in percentages was observed in the sample 
of Band (A), and Al-Bajalia (B) (Figure 6-D).   Plagioclase 
in the studied samples was observed as very angular  to 
subangular. The fresh feldspars may indicate fragmentation 
from igneous rocks, accompanied by short-distance transport 
(Pettijohn, 1975) (Figure 6-D). Plagioclase in the Band (A)  

Figure 6. A: Angular, monocrystalline quartz, sample number (A1), XPL. B: Sub Angular, Polycrystalline quartz, sample number (B2), 
XPL. C: Angular, potash Feldspar, sample number (A 3), XPL.  D: Sub angular, Micocline, sample number (B5 ), XPL.  E: Angular, 
Plagioclase, sample number (A2), XPL. F:  Sub-rounded carbonate Rock fragment, sample number (B10), XPL.  G:  Sub-rounded carbonate 
Rock fragment, sample number (A1), XPL. H:  Sub rounded Mudstone Rock fragment, sample number (B12), XPL. I:  Angular chert 
fragment, sample number (A5), XPL. J:  Angular chert fragment, sample number (B12), XPL.  K:  Angular Evaporite fragment , sample 

number (B8), XPL.  L: Sub-rounded Zircon, sample number (A4), XPL.
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section ranges between 2.4– 3.9% with an average 3.1 %. 
While in Al-Bajalia (B) sections, ranging between 2.3-3.9%, 
with an average of 3.08%. Feldspar information alone is 
insufficient to identify source rocks; however, orthoclase 
and plagioclase may be derived from plutonic igneous 
rock or metamorphic rocks (Boggs, 2002). Microcline and 
perthite are more commonly found in the plutonic igneous 
rocks and metamorphic rocks, and are found to be rare in the 
formation of volcanic rocks. It can be said that the origin of 
the feldspar in the sandstones of the Mukdadiya Formation 
are from plutonic and metamorphic rocks (Figure 6-E).

The rock fragments include pieces of old source rocks that 
have been broken down and are indivisible into individual 
mineral grains. They are important in the study of the origin 
rocks because they are easy to distinguish and are a good 
indicator of the type of source rocks compared to individual 
minerals, such as quartz and feldspar (Boggs, 1995). Rock 
fragments are considered a material that indicates the 
clastic source. Location of the source rocks affects the 
percentage of rock fragments within the sandstone. This 
percentage increases when the source rock area was near the 
sedimentary basin or has high topography (Stephen, 2000). 
Rock fragments are common in the Mukdadiya Sandstone 
composition. The percentage ranges from 56% to 82.7.8% in 
the Band (A) section, with an average of 65.6%. It ranges 
from 58.8% to 69% in the Al-Bajalia (B) section, with an 
average of 63.4%.

A- Carbonate rock fragments 

B- Chert 

C- Mudstone rock fragments 

D- Igneous Rock Fragments:

E- Metamorphic Rock Fragments 

F- Evaporates rock fragment

Opaque minerals

Carbonate rock fragments are common in clastic 
sedimentary rocks and clastic sediment in Iraq due to 
the widespread outcrops of these rocks in many areas of 
Iraq, these rock fragments represent special conditions of 
rapid mechanical erosion rather than chemical dissolution 
(Pettijohn et al., 1987). The Arabian shelf beneath Mesozoic 
carbonates is a likely source of carbonate fragments, which 
could have originated from adjacent areas. Carbonate 
source-rock fragments show a pattern of rapid mechanical 
erosion rather than chemical decomposition (Pettijohn et 
al., 1987). The presence of such fragments in the sediments 
indicates that the material was rapidly transported locally 
(Al-Juboury, 1994). Dickinson (1985) pointed out that 
high folds and thrusts in collision zones between colliding 
plates are formed, a process sometimes called recycling 
orogeny. Fold-thrust belts may expose igneous rocks, and 
the source rocks of the collision highs are sedimentary and 
metamorphic rocks that existed at the continental margin 
before the collision.

Carbonate rock fragments in the Band (A) section, 
ranges between 38.2– 52.4% with an  average 41.6%, while 
in Al-Bajalia (B) section, it ranges from 39.7% to 42.9% with 
an average of 41.24% (Figures 6-F and -G).

The types of chert rock fragments, sub-rounded and 
rounded that were identified in the studied samples, including 
chalcedonic macrocrystalline and microcrystalline chert 
rock fragments in the Band (A)  section,ranging between 
5.9.– 5.8% with an average 8.1 %, while in Al-Bajalia (B) 
section, it ranges between 7.6-9. 7% with an average of 8.5% 
(Figures 6-I and -J).

Mudstone rock fragments in the Band (A) section 
range between 3.4–6.8% with an average 4.6 %. While in 
Al-Bajalia (B) sections, ranging between 3.1- 4.3% with an 
average of 3.64% (Figures 6- H).

Igneous rock fragments in the Band (A) section range 
between 3.2– 4.3%, with an average 3.74 %. While in Al-
Bajalia (B) sections ranging between 3.2- 4. 4% with an 
average 3.6%

Metamorphic rock fragments in the Band (A)  section 
range between 3.2– 4.7% with an average 4.07 %. while in 
Al-Bajalia (B) section, they range between 3.4- 4. 5% with 
an average of 3.78%. 

Evaporate rock fragments in the Band (A) section range 
between 2.1– 4.7% with an  average of 3.46 %, while in Al-
Bajalia (B) section, it ranges between 1.8- 3. 5% with an 
average of 2.58%. (Figures 6-K).

Opaque minerals in the Band (A)  section range between 
2.7– 4.9% with an average 3.78 %. while in Al-Bajalia (B) 
sections ranging between 3.1- 4. 7% with an average 4.028% 
(Figure 6-L)

3.2 Discussion:

3.3 Classification of Sandstones

Rock fragments are often unstable in the sedimentary 
setting, and their existence in sandstone provides good 
evidence of the original rock. (Boggs, 1995). It is clear that 
sedimentary rock fragments, particularly carbonate rock 
fragments, are the most abundant in the samples studied.  
This implies that they transformed from older layers with 
high carbonate content, which were exposed to the surface 
by tectonic activity such as folding and faulting (Dickinson, 
1985); (Al-Juboury, 1994); and Zattin and Zuffa (2004). 
The presence of chert is attributed to the sediments of the 
chert that were subjected to the folding process or to the 
Chert nodules concretions located in the layers of carbonate 
rocks that were exposed (Dickinson, 1985; Blatt, 1987). AL-
Juboury (1994) pointed out that the rocks of some Mesozoic 
formations in the thrust zone, possibly the Qulqula series, 
may be a source of chert. The chert fragments may be 
originated from carbonate deposits, containing chert nodules 
and chert in the northeastern overthrust belt sequence, in 
particular in the Qulqula Group (Al-Juboury, 1994). This 
shows that the Mukdadiya formation›s rocks, originated 
primarily from sedimentary rocks, with metamorphic and 
igneous rocks, contribute as secondary sources. The variety 
in mineral components reflects the diversity of their source 
rocks (Hendrix, 2000).

 Based on the percentage of the main sandstone 
components, such as quartz, feldspar, and lithic pieces, the 
Mukdadiya Formation›s sandstone types (Table 1) were 
classified using Garzanti›s (2016).  All of the Mukdadiya 
sandstone samples were classified as immature Quartzolithic 
sandstone as a result of this classification (Figure 7). Because 
sandstone is immature, this suggests that the sediments were 
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Figure 7. Classification of Mukdadiya Formation sandstone at Band 
(A) and Al-Bajalia (B) ( Garzanti, 2016).

Figure 8. ternary diagram to classify sediment stability of 
Mukdadiya Formation sandstone at Band (A)  and Al-Bajalia (B)  

Bjorlykke (1983) .

deposited quickly and moved a short distance from their 
source (Garzanti, 2019). According to Boggs (1995), the 
lithic component of sandstone is compositionally immature 
sandstone formed by the production and deposition of 
several moderately unstable minerals. The predominance 
of carbonates and feldspars in the sections under study 
suggests that low-intensity physical and chemical weathering 
predominated in arid to semiarid climates, while tectonic 
uplift of thrust rocks and collisions between continents 
dominated the deposition of carbonates and solid rocks. 
Carbonate-rich sandstone indicated that the carbonate source 
was the primary source, with short-distance transportation 
and deposition occurring during the early stages of tectonic 
uplift.  According to Arribas et al. (2000), dry and semi-dry 
climates preserve carbonate rocks, whereas wet climates 
reduce their abundance (Mack, 1981).

exhibit wavy extinction, ranging from straight to oblique, 
are the primary means by which plutonic igneous rocks are 
identified in this study (Dickinson, 1985).  Metamorphic 
rocks are indicated by wavy extinction > 5°, which is the 
greatest grade of wavy quartz (Folk, 1974).  The wavy 
extinction of single quartz crystals and the disintegration 
of some of their grains under pressure could indicate that 
they originated in plutonic igneous and metamorphic rocks 
(Saftić et al. 2003). Polycrystalline quartz frequently displays 
straight or slightly curved intercrystalline borders, which 
suggests a plutonic origin (Tucker, 1985). Feldspar is seen 
as more relevant than quartz in detecting origin due to its 
less stable states (Boggs, 2009). Orthoclase and plagioclase 
can form from both plutonic and metamorphic igneous 
rocks, though microcline Microclene and plagioclase are 
more common in plutonic igneous rocks but uncommon 
in volcanic rocks (Garzanti, 2019). The presence of more 
feldspar could indicate that igneous rock fragmentation was 
accompanied by shorter transport routes (Pettijohn, 1975). 
According to Al-Juboury (1994), the flint fragments might 
have come from carbonate deposits that contained flint 
nodules and flint in the Qulqula group and the northeastern 
overthrust belt sequence . Carbonate particles that may have 
come from nearby regions are most likely to have come from 
the Arabian shelf beneath Mesozoic carbonates.  Fragments 
of carbonate source rock exhibit a distinctive pattern of 
quick mechanical erosion as opposed to chemical breakdown 
(Pettijohn et al., 1987).  The Mukdadiya Formation›s high 
percentage of carbonate fragments suggests that the parent 
rock is naturally carbonate-rich.  The presence of these 
shards in the strata suggests that the material was moved 
quickly within the area (Al-Juboury, 1994). Volcanic 
fragments require quick erosion and incomplete weathering, 
which occur only in areas with high relief and arid climate 
(Pettijohn et al., 1973). Dickinson (1985) proposed that the 
fragments could have originated in the overthrust belt, the 
Sanandaj-Sirjan belt, or the northeastern overthrust belt, 
where the metamorphic fragments were most likely formed.3.4 Stability of sandstone

3.5 Provenance of sandstone

Bjorlykke (1983) used a ternary diagram to classify 
sediment stability as chemical or mechanical (quartz-
feldspar-rock fragments). He stated that a sandstone with a 
high percentage of quartz is chemically and mechanically 
stable, whereas a sandstone with a high percentage of 
feldspar is mechanically stable but chemically unstable, 
and a sandstone with a high percentage of rock fragments 
is chemically and mechanically unstable.  According to 
this classification, Mukdadiya Formation sandstone in both 
sections is chemically and mechanically unstable due to the 
large percentage of rock fragments (Table 1and Figure 8).

The main aim of sediment provenance study is to remake 
and understand the geology of the source area, as well as to 
link the clasts› final burial to the host rock›s original erosion 
(Weltje & von Eynatten 2004).  Most of the provenance 
investigations use petrographic analysis of quartz, feldspar, 
and rock fragments (Boggs, 2009). Due to its chemical 
stability, resistance to splitting, and relative hardness, 
quartz is a crucial mineral in the development of sandstones 
(Ibbeken & Schleyer 1991).  Individual quartz crystals that 
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Figure 9. Tectonic provenance  classification  after  Ingersoll and 
Suczek (1979) , and showing studied samples  in Band (A)  and Al-

Bajalia (B) (after Garzanti, 2016).

Figure 10. Tectonic provenance classification  Dickinson and 
Suczek (1979), and showing studied samples in Band (A)  and Al-

Bajalia (B)  . (Garzanti, 2016).

Figure 11. Bivariate log-log plot of Qt/F+R and Qp/F+R showing 
studied sample in Band (A)  and Al-Bajalia (B) after (Suttner and 

Dutta, 1986).

3.7 Paleoclimate

3.6 Tectonic setting

Climate has a significant impact on skeletal mineralogy, 
even if tectonics is the primary determinant (Suttner and 
Dutta, 1986).  According to Young (1975), the percentage of 
preservation in sands is a sensitive indicator of the type of 

The source of the sandstone was identified in this work, 
using petrographical modal studies and QFL and QmFLt 
tectonec classification diagrams. The origin of Mukdadiya 
sandstone was explained using the ternary diagram of 
Ingersoll and Suczek (1979). The investigated samples plot in 
an undissected arc in this diagram (Figure 9). Additionally, 
the Dickinson and Suczek (1979) ternary diagram shows 
that the studied samples plot in lithic recycled (Figure 10). 
Uplifted terranes of folded and faulted strata, which are 
primarily composed of sedimentary and metamorphic rock, 
are the source of orogenic province deposits. However, 
igneous rock may be partially exposed (Dickinson and 
Suczek, 1979). The studied samples are lithic, recycled 
from transitional and undissected arcs, and show that the 
sand contains more rock fragments and less feldspar and 
quartz. In addition, the sand has a high concentration, due 
to the abundance of lithic fragments that are nearly solely 
volcanic clasts. The proportion of polycrystalline quartz and 
rock fragments and the low proportion of monocrystalline 
quartz and feldspar suggest that the sands may have derived 
from oceanic islands. High folds and thrusts develop in 
collision zones between colliding plates, a phenomenon 
often referred to as recycling orogeny, as noted by Dickinson 
(1985).  Sedimentary and metamorphic rocks that were 
present at the continental margin before the collision are the 
source rocks of the collision highs, and fold-thrust belts may 
reveal igneous rocks (Dickinson1985). Tectonically uplifted, 
complex subduction zones behind volcanic arcs are the 
sources of transitional and lithospheric-recycled sediments. 
Sedimentary, metamorphic, and igneous rock exposed by 
thrust sheets and uplifting dominate these areas (Dickinson, 
1970).

paleoclimate.  To identify the paleoclimatic circumstances 
that influenced the sandstones under study, the following 
is employed as a sensitive discriminator of sandstones with 
different climatic records. The ratios of Qt/F+R and Qp/
F+R are low, indicating a low compositional maturity index 
and suggesting that the sandstone composition is immature.  
According to Suttner and Dutta›s (1986) bivariate double 
logarithmic plot of Qt/F+R and Qp/F+R, all of the Injana 
Formation›s sandstone samples are located in the semi-arid 
regions of the Tuz-Khurmatu and Basara sections (Figure 11 
and Table 2). Tucker (1991) states that semi-humid conditions 
may contribute to the dominance of quartz and decrease 
the amount of feldspar and rock fragments, whereas dry 
conditions may support the dominance and stability of these 
unstable minerals.
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4. Discussion 

The study area is situated in the Al-Teeb district in 
southern Iraq near the Iraqi-Iranian border. This study deals 
with the Mukdadiya Frmation in this area which Gravel, and 
sand sediments deposited by braided rivers make up these 
alluvial fans. The Mukdadiya Formation, located above the 
Fatha Formation and covered with Bai Hassan formations, 
which are found in the mountainous terrain along the 
border (Jassim and Goff, 2006). Field studies showed that 
the sediments consist mainly of gravel and sand, with the 
presence of clay. The changes in the grain size of sediments 
indicate that the differences in size are due to changes in the 
energy flow and sediment sorted in a relatively high energy 
environment. The large grain sizes indicate a high velocity 
for the current, which is strong enough to transport particles 
of this size (Friedman, 1967).

This study focuses on the petrographic description of 
sandstone to identify the Provence, paleoclimate ,and tectonic 
setting for Mukadya Formation in two selected sections: 
Al-Band  and  Al-Bajalia in Al-Teeb area by examining the 
proportions of the three main constituents of sandstones: 
quartz (Q), feldspar (F), lithic or rock fragments (L). 

Most of the provenance investigations use petrographic 
analysis of quartz, feldspar, and rock fragments (Boggs, 
2009).Sample of sandstone of Mukdadiya Formation shows 
quartz crystals with wavy extinction from straight to 
oblique, which means some of their grains› disintegration 
under pressure could indicate that they originated in plutonic 
igneous and metamorphic rocks (Saftić et al. 2003).Morover, 
Polycrystalline quartz frequently displays straight or slightly 
curved intercrystallite boundaries, which suggest a plutonic 
origin (Tucker, 1985). The presence of Feldspar could 
indicate that igneous rock fragmentation was accompanied 
by shorter transport routes (Pettijohn, 1975). Orthoclase and 
plagioclase can form from both plutonic and metamorphic 
igneous rocks, though microcline Microclene and plagioclase 

are more common in plutonic igneous rocks but uncommon 
in volcanic rocks (Garzanti, 2019). The presence of quartz 
and feldspar in the Muqdadiya Formation as clastic competes 
requires the presence of a nearby source containing igneous 
and metamorphic rocks that are exposed to weathering in 
order for the Muqdadiya Formation sediments to emerge 
from them, this source is located in northeastern Iraq in 
the high fold Zone . Moreover, the sandstone of Mukdadiya 
Formation›s high percentage of carbonate rock fragment  and 
chert suggests that the source  rock is consist of carbonate 
and chert  that were subject  to mechanical weathering and  
transport where Muqadiya Formation were deposited. This 
proposed source is the Qalqalah Formation, which consists 
of chert and limestone in northeastern Iraq and suggests that 
the material was moved quickly within the area (Al-Juboury, 
1994). Mahdi and Sultan (2021) in their study of gravel of 
Mukdadiya in Al-Teeb area confirmed that the origin of 
the derived gravels is from the Qulqula Formation, because 
of their content of radiolaria and the other characterizing 
fossils. 

Tectonically, The samples of current study are Lithic 
recycled and undissected arc which indicated the sand is 
high rock fragments and less quart and feldspar, moreover, 
the sand high in The proportion of polycrystalline quartz 
and rock fragments and low proportion of monocrystalline 
quartz and feldspar, that indicate the  Sands may be derived 
from oceanic island due to abundant lithic fragments that are 
almost exclusively volcanic clasts. Lithic recycled sediments 
source refers to tectonically uplifted complex subduction 
zones behind volcanic arcs; these areas are dominated by 
sedimentary, metamorphic, and igneous rocks exposed due 
to tectonic uplift. (Dickinson,1970).  

The collision between the Arabian Plate and the Eurasian 
Plate continued during the Pliocene. This convergence 
resulted in the formation of the Zagros Fold and Thrust 
Belt, where the Arabian Plate is colliding with the Iranian 
Plate. These events led to uplift and deformation of the 

Table 2. Main   components (%) of  sandstone of Mukdadiya Formation Sandstone at Band (A)  and Al-Bajalia

Total Quartz Total Feldspar Total rock 
fragments F+RF Q/F+RF

A1 17.7 5.7 63.7 69.4 0.25

A2 16.7 8.1 65.1 73.2 0.22

A3 17 6.2 63.7 69.9 0.24

A4 17.9 6.7 62.9 69.6 0.25

A5 12.1 6.1 73 79.1 0.15

min 12.1 5.7 62.9 68.6 0.17

max 6.8 3.9 4.7 8.6 0.79

Av. 16.28 6.56 65.68 72.24 0.22

B2 18 5.8 63.2 69 0.26

B5 18.5 6.3 64.2 70.5 0.26

B8 15.9 7.5 63.7 71.2 0.22

B10 18.6 5.9 62.8 68.7 0.27

B12 17.8 5.8 63.1 68.9 0.25

min 15.9 5.8 62.8 68.6 0.23

max 18.6 7.5 64.2 71.7 0.25

Av. 17.76 6.26 63.4 69.66 0.25
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Plate as it is colliding with the Iranian Plate. These events 
led to significant uplift and deformation of the Zagros 
Mountains. Therefore, the origin of the deposits of the 
Mukdadya Formation in Iraq is believed to be from fluvial 
and alluvial fan environments that were active during the 
Miocene (Sissakian et al., 2021). Sediments were transported 
and deposited by rivers and streams that drained from the 
uplifted areas of the surrounding mountains. The formation 
is composed of gravel, sandstones, and mudstones that 
reflect a range of depositional environments, from braided 
river channels to floodplain deposits (Al-Juboury and 
McCann, 2008). This sedimentary deposit is a common type 
of molasse, which was formed in a rapidly sinking basin and 
is characterized by freshwater and lacustrine environments 
(Jassim and Goff, 2006). 

5. Conclusion

Quartz is the main component of the Mukdadiya 
Formation sandstone. Two types of quartz, 
polycrystalline and monocrystalline, have  angular 
to sub-angular with dominant straight and wavy 
extinction,  that suggested  they derived  from plutonic 
igneous rock or metamorphic igneous.
The occurrence of Alkali feldspar (Potassium feldspars), 
including orthoclase and microcline, suggests semi-
arid paleoclimate conditions or high relief source 
area, subjected to rapid erosion plagioclase in studied 
samples observed as very angular to sub angular. The 
fresh feldspars may indicate a fragmentation process 
from igneous rocks, accompanied by a short distance 
of transportation.
It is obvious that sedimentary rock fragments, 
particularly carbonate rock fragments, are the most 
abundant in the studied samples. This implies that they 
transformed from older layers with high carbonate 
content, which were exposed to the surface by tectonic 
activity such as folding and faulting with high relief.
Mukdadiya sandstone samples were determined to be 
quartzite. As a result, this sandstone is immature and 
suggests that the sediments were quickly deposited 
and moved a short distance from their source in 
the overthrust belt, the Sanandaj-Sirjan belt, or the 
northeastern overthrust belt, where the metamorphic 
fragments were most likely formed.
The stability of sandstone shows that the sediments are 
chemically and mechanically unstable.
Paleoclimate conditions indicate that all samples of 
Mukdadiya sandstone are semi-arid areas.

1- 

2-

3-

4-

5-

6-

Abdulnaby, W., Mahdi, M., Al Al-Muhamed, R., Darweesh, N., 
and Hashoosh, A. 2021, . Geology   of Bajalia Anticline of the 
Low Folded Zone of Iraq, Kuwait

Al-Banna, N. Y., 1982. Sedimentology of Injana Formation in 
selected areas from Northern Iraq, Unpublished. Sc. Thesis, 
University of Mosul, College of Science, 177 p.

Al-Dabbagh, N.O.F., 2018. Mineralogy and geochemistry of 
Injana and Mukdadiya Formation (Upper Miocene-Pliocene) in 
Zorbatyah area east iraq. Eastern Iraq   .  Unpubl.MSc.Thesis, 
Baghadad  University , 84P.

Al-Badri, A., Dhiab, S.H., Faris, F.M., and Anwar, F., 1992. New 

names for some of the Middle Miocene-Pliocene formations of 
Iraq (Fat`ha, Injana, Mukdadiya and Bai Hassan formations). 
Iraqi Geological Journal, 25 (1), p 1 –7.

Al-Jassim, J.A., 1969, Sedimentological investigation of lower 
Bakhtiari Formation , in central Iraq , vnpubl M.Sc Thesis 
,university of Baghdad ,84p. 

Al-Juboury, A. I., 1994. Petrology and Provenance of the Upper 
Fars Formation, Northern Iraq. Acta. Geologica Universitatis 
Commenianae (Slovakia), Vol.50, pp. 45-53.

Al-Juboury, A.I., McCann, T., 2008. The Middle Miocene Fatha 
(Lower Fars) Formation, Iraq. Geo Arabia, 13(3), 141-174.

Al-Kalidi, R.M.S,2014. Petrography and Geochemistry of 
Mukdadiya Formation in    Zawita 126P.

Al-Khafaji, S. J., & Mahdi, M. M. (2019). Geochemical, 
Mineralogical and Biological study of Holocene deposits in 
Almuthana province, southern Iraq. Iraqi Journal of Science, 
‏.1521-1529

Al-Mutury, W. and Al-Asadi, M. 2008. Tectonostratigraphic 
History of Mesopotamian Passive Margin during Mesozoic and 
Cenozoic, South Iraq. Journal of Kirkuk     University, 3: 31-50.

Al-Salmani, N. Z., & Tamar-Agha, M. Y. (2018). Petrography 
and Provenance of the Sandstone of Injana and Mukdadiya 
Formations (Upper Miocene/Pliocene) at Duhok Governorate, 
Northern Iraq. Iraqi Journal of Science, 59.‏

Al-Samaani,J.J.A.2011.Mineralogy and geochemistry of 
sandstone of Al-Mukdadiya       formation  in selected 
areas,north-east  Missan. Unpubl.MSc.Thesis, Basrah 
University , 100p.

Al-Shammary, T. (2009). Sedimentological studies of the 
Mukdadiya formation south—east of Badra. Iraqi Journal of 
Science, 50(3), 369-375.‏ 

Al-Uqagdi, R.S., 2011. Sedimentology and Sequence 
Stratigraphy of Injana and Al-Muqdadyia Formations in Zakho 
and Ain Sefni areas/a comparative study. Unpubl. M.Sc. Thesis 
University of Mosul. Coll. Of Sc.149 P. 

Arribas, J., Critelli, S., Le Pera, E. and Tortosa, A. ,2000. 
Composition of modern stream sand derived from a mixture 
of sedimentary and metamorphic source rocks (Henares River, 
Central Spain). Sedimentary Geology, Vol.133, pp.27-48.

Asiedu, D. K., Suzuki, S., and Shibata, T. (2000). Provenance of 
sandstones from the Wakino Subgroup of the Lower Cretaceous 
Kanmon Group, northern Kyushu, Japan. Island Arc, 9(1), 128–
144. https://doi.org/10.1046/j.1440-1738.2000.00266.x

Augustsson C. 2021. Influencing factors on petrography 
interpretations in provenance research–acase study 
review .Geosciences 11, 205 p. https://doi.org/10.3390/
geosciences11050205. 

Basi, M. A. (2012). Sedimentological, Petrographical and 
Mineralogical Subsurface Study of Mukdadiya Formation, 
Central Part of Iraq. Iraqi Bulletin of Geology and Mining, 
‏.87-98 ,(2)8

Bellen, R. C., Van Dunnington, H. V., Wetzel, R. and Morton, 
D. M., 1959. Lexique. Stratigraphque International; Asie paric, 
Internal. Geol. cong., Comm. Stratigraphy, 3 (3): 333 p.

Conolly, J. R. (1995). The occurrence of polycrystallinity 
and undulatory extinction in quartz in sandstones. Journal of 
Sedimentary Research, 135(1), 116–135.

Buday, T., 1980. The Regional Geology of Iraq (Stratigraphy 
and Paleontology). Dar Al-Kutb Publishing House, Mosul, Iraq, 
443 p.

Bjorlykke, K., 1983. Digenetic reactions in sandstone. In: 
sedimentary digenesis (ED. By A. Parker and B.W. Sellwood), 
NATO ASI Series C; Vol. 115. Reidel, Dordrecht, p 169-214.

Boggs, S.Jr., 1995. Principles of Sedimentology and 
Stratigraphy, Prentice Hall, New Jersey. 774 p.

References

Al-Najjari / JJEES (2026) 17 (2): 167-177176



Boggs, S.Jr., 2009. Petrology of Sedimentary Rocks, 2nd 
edition Cambridge Univ. Press, Cambridge, 600 p. 

Buday, T., 1980. The Regional Geology of Iraq (Stratigraphy 
and Paleontology). Dar Al-Kutb Publishing House, Mosul, Iraq, 
443 p.

Demange, M. A. (2012). Mineralogy for Petrologists: optics, 
chemistry and occurrences of rock-forming minerals. CRC 
Press.‏

Dickinson, W. R. (1970). Interpreting detrital modes of 
graywacke and arkose. Journal of Sedimentary Research, 40(2), 
695–707.

Dickinson, W. R., & Suczek, C. A. (1979). Plate tectonics and 
sandstone compositions. AAPG Bulletin, 63(12), 2164–2182.

Dickinson, W.R., Beard, L. S., Brakenridge, G.R., Erjavec, J.L., 
Ferguson, R.C., Inman, K.F., Ryberg, P.T., 1983. Provenance of 
North American Phanerozoic sandstones in relation to tectonic 
setting. Geological Society of America Bulletin, 94 (2), p 222-
235. 

Dickinson, W.R.,1985. Interpreting provenance relations 
from detrital modes of sandstones. In Provenance of arenites. 
Dordrecht: Springer Netherlands. Dordrecht, p 333-361.

Enad, T. H., 2007, Stratigraphical and sedimentological study 
of the Mukdadiya Formation in Badra area, Wasit Governorate, 
Unpublished. M.Sc. Thesis, University of Baghdad, 117P.

Folk, R. L., 1974. Petrography of Sedimentary Rocks. Austin, 
Texas, H Hemphill Publishing, 182 p.

Fouad, S.F.A., 2008. Geological map of Kany Rash Quadrangle, 
Sheet No. NJ-38-10 GEOSURV, Baghdad, Iraq..

Fouad, S.F.A., 2012b. Tectonic Map of Iraq, scale 1: 1000 000, 
3rd edit. GEOSURV,   Baghdad, Iraq.

Friedman, G.M., 1967. Dynamic processes and statistical 
parameters compared for size frequency distribution of beach 
and river sands. Journal of Sedimentary Research, 37(2), 327-
354. 

Garzanti E. 2016. From static to dynamic provenance analysis 
– Sedimentary petrology upgraded. In: Caracciolo L., Garzanti 
E., Von Eynatten H. & Weltje G.J. (Eds.): Sediment generation 
and provenance: processes and pathways. Sedimentary Geology 
336, p 3–13. https://doi.org/10.1016/j.sedgeo.2015.07.010.  

Garzanti E. 2019. Petrographic classification of sand and 
sandstone. Earth-Science Reviews 192,p 545–563. https://doi.
org/10.1016/j. earscirev.2018.12.014.

Hendrix, M. S. (2000). Evolution of Mesozoic sandstone 
compositions, southern Junggar, northern Tarim, and western 
Turpan basins, northwest China: A detrital record of the 
ancestral Tian Shan. Journal of Sedimentary Research, 70(3), 
520–532.

Ibbeken H. & Schleyer R. 1991. Source and Sediment. Springer, 
Berlin, p 1–286.

Ingersoll, R.V. and Suczek, C.A. 1979. Petrology and provenance 
of  Neogene sand from Nicobar and Bengal fans, DSDP sites 
211 and 218. Jour. of Sedi. Petrology, Vol.49, pp.1217-1228.

Jassim, S.Z.and Goff, J.C., 2006. Geology of Iraq. Dolin, 
Prague and Moravian Museum, Brno.341 p.

Mahdi, M. M., & Soltan, B. H. (2021). Determination of the 
Origin of Mukdadiya Formation’s Gravels in Al-Teeb Region, 
East of Maysan Governorate, Southern Iraq, Based on 
Sedimentological and Paleontological Evidence. Iraqi Journal 
of Science, 2970-2982.‏

Mack, G.H. 1981. Composition of modern sand in humid 
climate derived from low-grade metamorphic and sedimentary 
foreland fold-thrust belt of north Georgia. Jour. of Sedi. 
Petrology, Vol.51, pp.1247-1258.

Moreland, G.C., 1968. Preparation of polished thin-section: In 
Hutchison, laboratory handbook of petrographic techniques, 

wiley Inter.Science.

Pettijohn, F. J., 1975. a Sedimentary Rocks, Harper and Row, 3 
rd ed, New York, 628 p.

Pettijohn, F.J., Potter, P.E. and Siever, R., 1987. (Edit) Sand and 
sandstones. Springer- Verlag. New York, 553 p.

Saftić B., Velić J., Sztanó O., Juhász Gy. & Ivković Ž. 2003. 
Tertiary subsurface facies, source rocks and hydrocarbon 
reservoirs in the SW part of the Pannonian Basin (northern 
Croatia and south-western Hungary). Geologia Croatica 56, p 
101–122.

Sadik, J.M., 1977. Sedimentological investigation of the 
Dibdibba Formation, southern and central Iraq., unpubl. M.Sc. 
Thesis, University of Baghdad ,148p.

Sissakian, V., Al-Jiburi, B., 2012. Stratigraphy of the High Fold 
Zone. Iraqi Bull. Geol. Min., Special Issue (6), 73-161.

Suttner, L. J. and Dutta, P. K., 1986. Alluvial sandstone 
composition and paleoclimate, Framework mineralogy. Jour. of 
Sedi. Petrology, Vol. 56, p 329-345.

Tucker, M. E., 1991. Sedimentray Petrology, an Introduction 
to Origin of Sedimentary Rocks, 2nd ed. Black Well Scintific 
Lid., 560 p.

Weltje G.J. 2006. Ternary sandstone composition and 
provenance: an evaluation of the ‘Dickinson model’. In: 
Buccianti A., MateuFigueras G. & Pawlowsky-Glahn V. (Eds.): 
Compositional data analysis in the geosciences: from theory to 
practice. Geological Society of London, Special Publications 
264, p 79–99. https://doi.org/10.1144/GSL.SP.2006.264.01.07.

Weltje G.J. & von Eynatten H. 2004. Quantitative provenance 
analysis of sediments: review and outlook. Sedimentary Geology 
171, p 1–11. https://doi.org/10.1016/j.sedgeo.2004.05.007.

Young, S. W., 1975. Petrography of Holocene fluvial sand 
derived from regionally metamorphosed source rocks. Unpub. 
Ph.D. Dissertation. Indiana University, 144 p.

Zattin, M., & Zuffa, G. G. (2004). Unraveling the source rocks 
of the northern Apennines and southern Alps. Boll. Soc. Geol. 
It., 123, 67–76.

Al-Najjari / JJEES (2026) 17 (2): 167-177177



JJEES
Jordan Journal of Earth and Environmental Sciences

Public Perceptions on the Nexus of Climate Extremes, 
Drinking Water Quality, and Community Health in Khyber 

Pakhtunkhwa, Pakistan
Ibrar Hussain1 , Farhat Ullah2* , Faisal Hayat1 , Shamsul Arifeen1 , Nida Naz1

Abstract

1. Introduction

The impacts of climate change on water resources and 
public health are increasingly evident across Pakistan, 
particularly in flood-prone and ecologically sensitive 
regions. In recent years, extreme weather events such as 
floods, droughts, and prolonged heatwaves have disrupted 
drinking water systems, reduced water quality, and increased 
the risk of disease outbreaks in vulnerable communities 
(Noureen et al., 2022). According to the Climate Risk 
Index (2021) and Ullah et al. (2025), Pakistan ranks among 
the most climate-affected countries globally, with Khyber 
Pakhtunkhwa facing repeated flood disasters, especially in 
riverine districts such as Charsadda and Nowshera.

In these districts, a significant portion of the population 
relies on shallow groundwater sources, including hand 
pumps, dug wells, and boreholes, many of which are less 
than 40 feet deep and lack adequate protection against 
contamination. Research conducted by WHO (2017) and the 
Pakistan Council of Research in Water Resources (PCRWR, 
2019) has shown that such sources are highly vulnerable 
to microbial pollution during and after floods. This risk is 
further exacerbated by limited awareness of water safety 
practices and insufficient institutional mechanisms to 
ensure access to clean water during emergencies (Ahmad 

et al., 2022). Although several national and international 
organizations, including UNDP, WaterAid, and WWF-
Pakistan, have initiated programs focusing on water quality, 
climate resilience, and community-based management, 
many local communities still lack a clear understanding of 
the link between climate extremes and waterborne diseases. 
For instance, a WWF-Pakistan (2022) survey highlighted 
that only 61% of respondents in Khyber Pakhtunkhwa 
could accurately define climate change, and misconceptions 
attributing climatic events to supernatural causes remain 
widespread.

This study aims to assess how local communities in 
Charsadda and Nowshera perceive the impacts of climate 
extremes, specifically floods and droughts, on drinking 
water quality and public health. By analyzing survey data 
from 800 respondents, this research explores seasonal water 
shortages, common purification methods, institutional 
responses, and health challenges associated with unsafe 
water. These findings are intended to inform policymakers, 
NGOs, and disaster management authorities about local risk 
perceptions, coping behaviors, and the need for climate-
adaptive water management in Khyber Pakhtunkhwa flood-
prone regions.

Keywords: Climate Change, Kabul River, WHO, Floods, Pakistan
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Climate change has intensified the frequency and severity of extreme weather events in Pakistan, especially in flood-prone 
areas, such as Charsadda and Nowshera in Khyber Pakhtunkhwa. This study examines local perceptions of the impacts 
of floods and droughts on drinking water quality and public health. A structured questionnaire was administered to 800 
respondents (400 per district), and the data were analyzed using descriptive statistics. The results indicate that 66.3% of 
respondents in Charsadda and 70.8% in Nowshera were aware of climate change, though only 70% (Charsadda) and 65.5% 
(Nowshera) attributed it to human activities. Floods were perceived as the primary cause of water quality deterioration 
(44.5% in Charsadda and 47.8% in Nowshera), followed by droughts. Microbial contamination, unpleasant odor, and unusual 
taste were commonly reported, aligning with the WHO (2017) safety thresholds. Health effects were notable: 32.3% of 
respondents in Charsadda and 35.8% in Nowshera reported diarrhea during drought periods. Coping strategies varied: 42.3% 
in Charsadda and 47.8% in Nowshera used purification methods, although chlorine tablet utilization remained limited. These 
results highlight the urgent need for integrated water safety planning, strengthened public health preparedness, and climate-
resilient infrastructure to mitigate localized vulnerabilities in flood-prone regions.
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2. Methodology

This study was conducted in two flood-prone districts 
Charsadda and Nowshera, Khyber Pakhtunkhwa Pakistan as 
shown in figure 1. A total of 800 respondents were surveyed, 
with an equal number of samples from each district (400 
respondents were from District Charsadda and 400 from 
Nowshera). 

Figure 1. The map showing the sampling collection points from flood-prone districts of Khyber Pakhtunkhwa, Pakistan.

2.1. Sampling and Data Collection

2.3. Data Analysis

2.2. Demographic Profile

Participants were selected using a random sampling 
technique to ensure a representative demographic spread.  
After gaining their assent, interviews were conducted 
with both male and female respondents using a structured 
questionnaire. The questionnaire was designed to capture 
perceptions related to the climate extremes, drinking water 
quality and public health. 

The data collected from the surveys were coded and 
analyzed using descriptive statistical methods. Frequencies 
and percentages were used to summarize and compare 
responses across the two districts. Charts and figures were 
developed to visualize the findings using SPSS software.

Following participant consent, key demographic 
information including age, gender, and education level 
were recorded. In District Charsadda, the majority of the 
respondents were male 88.8%, while females accounted 
for only 11.3% of the sample. A comparable trend was 
observed in District Nowshera, where males comprised 
92.3% of the participants, and females constituted merely 
7.8%. The respondents from both districts also demonstrated 
diverse educational backgrounds. In Charsadda, 5% of the 
participants were illiterate, 8.5% had attained education up 
to the middle level, and 12% up to the intermediate level. 
Additionally, 62.5% held undergraduate degrees, 9% had 
completed a Master of Philosophy (M.Phil.), and 3% possessed 
a Doctor of Philosophy (Ph.D.) qualification. Conversely, in 

Nowshera, a higher proportion of respondents lacked formal 
education 9% or had education up to the middle level 18.5%. 
Moreover, 8.3% had completed intermediate education, 
49.8% held bachelor’s degrees, 10.3% had master’s degrees, 
and 4.3% had earned Ph.D. qualifications, as depicted in 
Figures 2 and 3.

Figure 2. Educational background of the respondents from 
Charsadda District

Figure 3. Educational background of the respondents from 
Nowshera District 
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3.2. Extreme Weather and Drinking Water Sources
The studies revealed notable variations in community 

perceptions between residents of Charsadda and Nowshera 
regarding the impacts of extreme weather events on drinking 
water quality. In Charsadda, floods were identified as 
the primary factor affecting water quality by 44.5% of 

respondents, followed by heatwaves (21.3%), droughts (19%), 
and storms (15.3%). In contrast, participants from Nowshera 
attributed poor water quality to floods (47.8%), droughts 
(20.3%), heatwaves (16.5%), and storms (15.5%) (Figure 4).

The depth of these water sources also varied between the 
two districts. In Charsadda, 13.8% of water obtained from 
depths of 10–20 feet, 20.3% from 20–30 feet, 28.3% from 
30–40 feet, 12.8% from 40–50 feet, 16.8% from 50–80 feet, 
and 8.3% from depths exceeding 80 feet. Conversely, in 
Nowshera, 11.8% of respondents accessed water from 10–20 
feet, 14.8% from 20–30 feet, 17% from 30–40 feet, 21% from 
40–50 feet, 21.5% from 50–80 feet, and 14% from beyond 80 
feet (Figure 6).

Survey participants also reported specific water quality 
issues experienced during or after flooding events. In 
Charsadda, the most frequently cited problems included 
unusual taste (34.5%), foul odor (28.8%), increased turbidity 
(19%), and bacterial contamination (17.8%). Similar concerns 
were raised in Nowshera, where 41.5% noted an unusual 
taste, 25.5% reported odor, 16% observed turbidity, and 17% 
reported bacterial contamination (Figure 7).

These findings indicate that flooding was perceived as 
the principal cause of deteriorating water quality in both 
districts, by 44.5% of respondents in Charsadda and 47.8% 
in Nowshera. The dominant water sources hand pumps, 
dug wells, and shallow boreholes were mostly situated at 
depths less than 40 feet, making them highly susceptible to 
contamination. This observation aligns with the World Health 
Organization (2017), which classifies wells less than 50 feet 
deep and lacking protective sealing as unsafe in flood-prone 
regions (Musche et al., 2018). Similarly, a field survey by the 
Pakistan Council of Research in Water Resources (PCRWR, 
2019) in southern Khyber Pakhtunkhwa reported increased 
E. coli counts and turbidity levels in post-flood hand pump 
samples, particularly in areas without elevated platforms.

Overall, the results highlight the structural vulnerability 
of rural water infrastructure to extreme weather events. 
It is therefore essential for local governments and non-
governmental organizations to prioritize interventions such 
as well deepening, installation of protective coverings, and 
community-level chlorination training to ensure the safety 
and sustainability of drinking water sources (Rasool et al., 
2024).

Figure 4. Perceived impact of Extreme weather on Drinking Water 
Quality  

3.1. Public Awareness and Perceptions Towards Climate 
Change

The academic survey is a preliminary attempt to 
understand how residents in the study area perceive and 
understand climate change. In Charsadda, 66.3% of the 
population considered themselves aware of climate change, 
while 33.8% stated they were not aware of it at all. On the 
contrary, in Nowshera, 70.8% of respondents reported 
awareness of climate change, while 29.3% were unaware 
of it. Regarding the local level effects of climate change, 
68.5% of respondents from Charsadda stated that they were 
aware of environmental changes in their setting, while 31.5% 
did not witness any local impacts. A greater percentage 
of Nowshera respondents confirmed the local impact of 
climate change on their environment (74.3%); the remaining 
25.8% did not report any apparent effects. Regarding human 
activities, 70% of respondents from Charsadda believed 
that climate change is due to human activities; 30% did not 
share this belief. Among the Nowshera respondents, 65.5% 
agreed with the view of human-induced climate change, 
while 34.5% did not agree. Furthermore, the results show 
that in Charsadda, 73.3% felt that, in some way or another, 
climate change is related to water pollution, while 26.8% felt 
otherwise. In Nowshera, 66.8 % were found to be aware of 
this relationship, whereas the remaining 33.3 % were not 
aware of any connectivity with climate change. Overall, the 
findings reveal that respondents from Nowshera were less 
aware than those from other districts regarding local climate 
impacts, although they attributed fewer of those changes to 
human activity.

The above-mentioned data show that 66.3% of 
Charsadda and 70.8% of Nowshera respondents were aware 
of climate change, but fewer recognized its local impacts 
or human causes. These statistics show that communities 
in flood-prone areas have living experiences of climate 
variability, but their understanding of anthropogenic causes 
is limited (Gul et al., 2024; Iqbal and Nazir., 2023; United 
Nations Development Program, 2021; Water Aid Pakistan, 
2022) Similarly, a World Wide Fund for Nature (WWF- 
2022) survey found that only 61% of respondents in Khyber 
Pakhtunkhwa could correctly define climate change. In both 
districts in this study, about one-third of people attributed 
climate change to divine or natural causes, thereby limiting 
the opportunities for grassroots-level action.

These results emphasize the need for targeted climate 
education using culturally appropriate language and 
platforms, such as schools, mosques, and radio (Sabra 
and Al-Moaz, 2022). Empowering people with climate 
knowledge is foundational to adaptive water behavior and 
resilience planning (Yadav, 2025).

3. Results and Discussions



Figure 5. Primary Drinking Water Source of Charsadda and 
Nowshera Districts Quality  

Figure 8. Perceptions of respondents on the worst period of water 
quality

Figure 6. Depth Distribution of Water Source in the Kabul River 
Flood Plains.

Figure 7. Water Quality Issues reported during or after floods 
Flood Plains.

3.3. Seasonal and Long-Term Changes in Water Quality

3.4. Flood Impacts on Access to Safe Water 

3.5. Government Response, Flood Control, and Community 
Awareness

The survey results reveal the effects of extreme weather 
events on the long-term variation in drinking water quality. 
A higher proportion of respondents in Charsadda (73.5%) 
reported observing long-term changes in water quality, while 
59% in Nowshera shared the same opinion. In Charsadda, 
31% of respondents said that water quality was bad during 
floods, 21.5% during droughts, and 24.8% after heavy 
rainfall. However, 22.8% reported no major changes in 
water quality throughout the year. In Nowshera, by contrast, 
35.3% reported that flooding affected water quality, while 
droughts were recalled by 26.5%, and heavy rains by 21.8%. 
Only 16.5% reported no significant changes in water quality 
throughout the year (Figure 8). These results align with the 
Food and Agriculture Organization of the United Nations 
(FAO, 2021) groundwater vulnerability maps, which identify 
Khyber Pakhtunkhwa’s alluvial aquifers as prone to both 
contamination and seasonal drawdown. In similar studies in 
India’s Bihar and Assam floodplains, post-monsoon water 
quality deterioration included increased turbidity, nitrate 
leaching, and pathogen load (Shamim and Chakraborty, 
2025). To mitigate these trends, integrated watershed 
recharge zones, elevated storage tanks, and low-cost 
rainwater harvesting models used by UNICEF Bangladesh 
could be piloted in Pakistan’s floodplain communities 
(Akbar et al., 2024; Nawaz et al., 2024).

Flooding appeared to exert a considerable influence on 
drinking-water quality in both districts. In Charsadda, 65.8% 
reported that flooding indeed worsened water quality, while 
34.3% observed no such adverse influence. In Nowshera, a 
similar trend was observed: 58.3% of respondents reported 
a flooding impact on water quality, while 41.8% said there 
was no such impact. The availability of clean water during 
flood events also differed. In Charsadda, 60.5% said flood-
affected drinking water was unavailable, while 39.3% said it 
was available. The situation was much worse in Nowshera, 
where 73.3% reported no clean water during floods, while 
only 26.8% reported drinking water was available after 
floods.

Regarding pollution, 70.3% of respondents in Charsadda 
said their water sources were contaminated by flooding, 
while 29.8% reported no effect on their water. In Nowshera, 
62.8% reported contamination of drinking water due to 
flooding; however, 37.3% reported no contamination. 
These outcomes are consistent with WaterAid (2019) flood 
response reports in Khyber Pakhtunkhwa and Punjab, 
where over 65% of shallow hand pumps failed to meet WHO 
microbial safety standards. Furthermore, MSF’s (2010, 2011, 
2022) post-flood health data from KP highlighted increased 
cases of diarrheal and skin diseases within 7–14 days of 
flood exposure, exacerbated by unsafe water use. The scale 
of disruption calls for decentralized water storage, chlorine 
tablet distribution, and emergency WASH mobile units as 
proposed in the NDMA Flood Response Framework (2023).

In terms of government assistance, flood management 
initiatives, and community awareness during flood 
incidents, significant variations were noted between 
Nowshera and Charsadda. In Charsadda, slightly more 
than half of the participants (52%) reported receiving 
some government support to obtain clean drinking water 
following flooding, whereas 45% indicated they had not 
received any government support. In Nowshera, support 
seemed more prevalent, as 60.3% of participants reported 
receiving government support during the flood for clean 
drinking water, while 39.8% indicated they did not receive 
any support. In addition, when surveyed in Charsadda about 
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Figure 9. Frequency of flood occurrence in the flood prone districts 

Figure 10. Most flood-affected areas in Charsadda

Figure 11. Most flood-affected areas in Nowshera

3.6. Flood Frequency and Most Affected Areas

3.7. Water Management Practices During Floods

In Charsadda, 34% of respondents reported 
experiencing floods annually, 32% reported flooding every 
2–4 years, 15.3% reported flooding every 5–10 years, and 
18.8% reported flooding only rarely. Similarly, in District 
Nowshera, 37.3% of respondents experienced floods 
annually, 28.3% every two to four years, 19.8% every five 
to ten years, and 14.8% rarely experienced floods (Figure 
9). Furthermore, in Charsadda, the most impacted regions 
were agricultural land (15.5%), residential areas (25.8%), 
water sources (31.8%), and roads and infrastructure (27%). 
In Nowshera, the impact on agricultural land was indicated 
by (21.5%) of the population, residential areas 29.5%, water 
sources by 35.3%, and roads and infrastructure by 13.8%, 
and these results showed that floods are a major and common 
occurrence in both districts, mostly affecting residential 
areas and water sources, as shown in figures 10 and 11. 
Annual flooding was reported by 34% of respondents in 
Charsadda and 37.3% of respondents in Nowshera. Most 
affected areas included water sources, homes, and roads. 
These findings are supported by NDMA’s GIS-based Flood 
Hazard Maps, which confirm that settlements near the 
Kabul River in both districts fall within the high-risk red 
zone (Bibi et al., 2018). A comparative study of the Indus and 
Brahmaputra basins found that proximity of water sources 
to flood channels was the strongest predictor of post-flood 
waterborne disease outbreaks (Kumar et al., 2022; Atif et 
al., 2021). 

The survey identified significant issues concerning 
water management in Charsadda and Nowshera during flood 
occurrences. In Charsadda, 16.3% of participants reported 
disruptions to their water supply, whereas 34.8% reported 
pollution of water sources. 27% of participants reported 
overflowing drainage systems, while 22% indicated a 
lack of access to clean drinking water during flooding. In 
Nowshera, 20.3% of participants experienced interruptions 
in water supply, 29.3% managed polluted sources, 37.8% 
indicated drainage system spills, and 12.8% had no access 
to clean water (Figure 12). In both areas, residents employed 
various strategies to secure safe drinking water after flood 
incidents. In Charsadda, 21.8% of people boiled their water, 
14% chlorine tablets or similar disinfection methods, 30% 
chose to purchase bottled water, and 34.3% depended on 
household filtration systems. In contrast, 28.3% of Nowshera 
inhabitants boiled their water, 12.4% utilized chlorine or 
similar methods, 20.8% bought bottled water, and 38.8% 
relied on filtration systems (Figure 13). Participants also 
recognized various organizations that oversee water quality 
during floods. In Charsadda, 16% of respondents attributed 
their support to local government bodies, 26.3% cited 
national agencies, 30.8% recognized non-governmental 
organizations (NGOs), and 27% cited engagement with local 

flood management systems, 45% of residents reported 
that certain flood control measures were available, while 
64% believed these initiatives were either insufficient or 
ineffective. Conversely, 64% of participants in Nowshera 
acknowledged the existence of flood mitigation measures, 
while 36% reported that no such plans were available in 
their locality regarding public awareness and preparedness 
during floods, 63% of individuals in Charsadda reported 
being informed about flood-related information, whereas 
37% acknowledged they were not. Awareness levels were 
relatively higher in Nowshera, where 75.3% of residents 
reported being well-informed during floods, while 24.8% 
reported lacking that information.

Government assistance for clean water was 
acknowledged by 52% of respondents in Charsadda and 
60.3% in Nowshera. However, satisfaction with flood 
control infrastructure was mixed, and awareness of 
protective measures varied across districts. This reflects 
broader findings by the International Rescue Committee 
(2022), which noted significant delays in WASH service 
coordination during KP floods due to fragmented local 
responsibilities. International best practices, such as the 
WASH Cluster model used by UN OCHA in Mozambique 
and Pakistan (2022), emphasize pre-disaster coordination, 
clear role assignments, and resource mapping among 
stakeholders. Adoption of a similar approach at the district 
level in Khyber Pakhtunkhwa could vastly improve WASH 
service reliability.
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Figure 12. Major water management challenges during floods

Figure 13. Household drinking water management after floods

Figure 14. Effective organizations in water quality management

Figure 15. Community level preparation for water safety 

Figure 16. Key barriers to improving water quality in floodplains 
districts

Figure 17. Public health monitoring and waterborne diseases 
prevention initiatives. 

3.8. Public Preparation and Barriers to Water Quality 
Development

The survey revealed various obstacles and community 
responses linked to water quality control and readiness in areas 
vulnerable to flooding. In Charsadda, 13% of participants 
reported storing drinking water for potential floods, 31% 
implemented measures to clean and maintain their water 
sources, 32% built temporary barriers for protection, and 
24% did not adopt any particular precautionary actions. In 
Nowshera, a somewhat larger percentage (18.3%) continued 
to use drinking water, 34.5% focused on conserving water 
sources, 19.5% constructed temporary flood barriers, and 
27.8% took no precautions (Figure 15). Respondents from 
both areas identified multiple significant obstacles that 
impede initiatives to enhance water quality. Seventeen per 

cent of respondents in Charsadda and 22.5% in Nowshera 
expressed concerns about inadequate funding. A notable 
percentage also cited the lack of political commitment, 
with 30.5% in Charsadda and 32.8% in Nowshera. Public 
unawareness was reported by 29.3% of residents in Charsadda 
and 31.5% in Nowshera, whereas inadequate infrastructure 
was cited by 23.3% in Charsadda and 13.3% in Nowshera 
as a constraint (Figure 16). Various strategies were reported 
to address health risks health risks and avert waterborne 
diseases. In Charsadda, 26.8% of participants reported 
vaccination initiatives, 23.5% mentioned using mass media 
for awareness, 27.8% indicated emergency sanitation and 
water quality inspections, and 22% highlighted air quality 
assessments. In Nowshera, 30.3% of participants recognized 
vaccination programs, 28% acknowledged media campaigns, 
31% noted emergency water and sanitation monitoring, and 
10.8% mentioned air quality assessments (Figure 17). The 
main barriers identified were a lack of political will (30.5%), 
funding constraints (22.5%), low public awareness (31.5%), 
and weak infrastructure (13–23%). These constraints are 
nearly identical to those documented in the ADB 2022 
Pakistan WASH Diagnostic Report, which emphasized how 
fragmented governance and underfunded Tehsil offices 
lead to structural failures. Globally, the International Water 
Association (IWA, 2022) suggests that local water utilities 
must be empowered with technical budgets, GIS-based 
monitoring, and disaster financing tools. Similar district-
level reforms should be considered by KP’s PHED and 
PDMA to address recurring infrastructure vulnerabilities.

community organizations. In Nowshera, 20.5% identified 
the local government’s contribution, 28% mentioned national 
entities, 34.3% recognized NGOs, and 17.3% highlighted 
community initiatives (Figure 14). These results highlight 
the complex challenges communities face during flooding 
and underscore the adaptive methods and support systems 
essential to preserving water quality and access in both 
areas. During floods, 34.8% of respondents in Charsadda and 
29.3% in Nowshera reported contamination of their drinking 
water sources. Filtration (34–38%), boiling (21–28%), and 
bottled water were used as coping strategies, though chlorine 
tablets remained underutilized. Similar behavior patterns 
were observed in the UNICEF 2022 KP WASH Assessment, 
which cited cost, supply chain gaps, and a lack of user 
confidence as major reasons for low disinfection rates.
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Figure 18. Water sources during droughts in the flood plains 
districts.

Figure 19. Water quality and health problems in the District 
Charsadda and Nowshera 

3.9. Seasonal Drinking Water Quality Challenges and Household 
Purification Methods

3.10. Water Sources During Droughts and Associated Health 
Risks

The survey examined seasonal water challenges, 
purification techniques, and their perceived efficacy in 
Charsadda and Nowshera. In Charsadda, 42.3% of families 
indicated they used water purification methods like boiling 
or filtration, whereas 57.8% did not practice any water 
treatment. Likewise, in Nowshera, 47.8% of participants 
reported that they treated their drinking water, while 52.3% 
did not report any treatment. When questioned regarding the 
success of these purification initiatives, 39.3% of residents in 
Charsadda and 46.5% of individuals in Nowshera believed 
that these actions improved water quality. Nonetheless, 
a greater  percentage,  60.8% in Charsadda and 53.5% in 
Nowshera, indicated no significant enhancement due to 
purification techniques. The problem of seasonal water 
scarcity was also emphasized in both districts. In Charsadda, 
40.5% of respondents faced water shortages at specific times 
each year, whereas 59.5% did not. In Nowshera, 45.8% 
indicated experiencing shortages, while 54.3% reported 
no such problems. Seasonal trends indicated that water 
shortages were considerably more frequent during the winter 
months. In Charsadda, 74.3% of participants indicated 
experiencing shortages in winter, while 25.8% reported the 
same in summer. In Nowshera, 61.3% faced shortages in 
winter, while 38.8% did so in summer.

of decentralized water governance, public health integration, 
and community ownership. Applying such frameworks in 
KP, particularly with locally adapted solar desalination units, 
trained water committees, and mobile WASH clinics, could 
reduce health vulnerabilities, such as the high prevalence 
of diarrhea (35.8%) and cholera (32.3%), reported during 
droughts. Leveraging partnerships with NGOs, enhancing 
local infrastructure, and embedding these proven models 
into district-level policy can offer practical solutions tailored 
to regional needs.

During droughts, households in Charsadda and 
Nowshera implemented various strategies to obtain water 
for everyday needs. In Charsadda, 35% of households relied 
on groundwater sources, 25.3% utilized previously stored 
water, 14.8% bought water from local vendors, and 25% 
obtained water from a government supply. In Nowshera, 
26.8% depended on groundwater, 30.3% utilized stored 
water, 13% acquired water from vendors, and 30% accessed 
water supplied by government agencies (Figure 18). 

Health problems associated with drought-related water 
concerns were also apparent in both districts. In Charsadda, 
32.3% of participants indicated diarrhea, 29.5% experienced 
cholera, and 18.3% faced skin infections. At the same 
time, 20% reported experiencing no major health issues 
during droughts. In Nowshera, health problems displayed 
a comparable pattern: 35.8% of participants had diarrhea, 
32.3% acquired cholera, and 16.3% dealt with skin issues. 
A smaller group, 15.8%, reported no significant health 
issues during these dry spells. In addressing seasonal water 
shortages and associated health risks in drought-prone 
regions like Nowshera and Charsadda, replicating successful 
intervention models is critical (Figure 19). A notable 
example is the UNDP (2021) Community-Based Water 
Management Program in Tharparkar, Sindh, where solar-
powered reverse osmosis plants and rainwater harvesting 
systems were introduced to ensure a sustainable water 
supply during droughts. Similarly, WWF-Pakistan’s Water 
Stewardship Initiative in Punjab involved local communities 
in monitoring water quality, conserving groundwater, 
and adopting household-level filtration techniques, which 
significantly reduced the incidence of waterborne diseases 
(Khalid et al., 2024). These models highlight the effectiveness 

4. Conclusion

In conclusion, the study highlights the significant 
challenges faced by communities in Charsadda and Nowshera 
regarding drinking water quality and public health during 
climate induced extreme weather events. Many families 
depend on shallow water sources, such as hand pumps and 
dug wells, which are easily polluted during floods. About 
70% of people in Charsadda and 63% in Nowshera reported 
that drinking water became contaminated after floods. 
Common complaints included bad taste, foul smell, and 
dirty water. These unsafe conditions led to increased health 
issues such as diarrhea, cholera, and skin infections, which 
were reported by over 30% of people in both districts during 
droughts. Even though nearly half of the households used 
boiling or filtering methods, very few used chlorine tablets, 
which are known to be effective. Government and NGO 
support helped to some extent, but many people still lack 
clean water during emergencies. Overall, there is a clear need 
for safer water infrastructure, stronger public awareness, and 
better coordination among local agencies to protect public 
health during extreme weather conditions.
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5. Recommendations

Based on the findings of this study, the following 
recommendations are proposed to improve drinking water 
safety and public health resilience in the context of climate 
extremes in flood-prone areas. First, water sources should 
be improved by digging deeper wells, properly sealing hand 
pumps, and building raised platforms to prevent floodwater 
from entering drinking water systems. At the household level, 
people should be encouraged and trained to use safe, simple 
water treatment methods such as chlorine tablets, boiling, 
and filtration. Awareness campaigns should be carried out 
in schools, mosques, and through local media to help people 
understand how climate change affects their health and 
water supplies. The government and NGOs should work 
together closely to provide clean water during emergencies 
and support long-term solutions. Local authorities should 
set up better planning and early-warning systems so that 
communities are better prepared. Finally, findings from this 
and similar studies should inform district and provincial 
governments in making water and health systems more 
resilient to climate change.
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Abstract

1. Introduction

Riverbank erosion is a natural phenomenon in 
Bangladesh and other lower-confluence deltaic countries 
(Ali et al., 2021). Bangladesh is home to some of the world’s 
most disaster-prone lands. Severe floods, powerful cyclones, 
and riverbank erosion caused by them have been a fact of life 
here. Geologically, Riverbank erosion is one of Bangladesh’s 
most common natural disasters and probably occurs annually 
as a recurring, highly unpredictable event (Iva et al., 2017). It 
poses a significant threat by permanently depriving people of 
their roots and material wealth (Mollah & Ferdaush, 2015). 
River erosion is a typical geomorphological phenomenon in 
regions with constructed floodplains. Riverbank erosion is 
sometimes referred to as a “silent disaster” because it occurs 
more frequently each year than human-made catastrophes 
(Hassan, 2015). 

The Ganges, Brahmaputra, and Meghna River systems 
form the largest delta in Bengal. River systems translocate 
approximately two billion tons of silt annually to the Bengal 
Delta (Hossain & Sakai, 2008). The largest braided river 
that meanders through Bangladesh’s low-lying, sinking 

deltaic floodplain is the Old Brahmaputra, referred to as 
the “Jamuna” (Ashworth, 1996). Jamuna River, one of 
Bangladesh’s major rivers, has deteriorated over the past 
decade due to varying rates of erosion and accretion (Hassan 
et al., 2017). Rivers are dynamic systems because they 
constantly alter course, so erosion and accretion are normal 
processes. Even if erosion can occasionally outpace accretion 
and ruin lives and livelihoods, the impoverished community 
typically suffers the most (Islam & Rashid, 2011). The multi-
channel braided system of the Jamuna River is one of its 
defining features. It regularly changes, generating sandbars 
and altering the river’s course (Nath et al., 2013). The lower 
Brahmaputra’s Jamuna River experiences significant yearly 
erosion, resulting in major bankline migration, thousands of 
homeless families, and substantial land loss. For example, 
Jamuna’s dynamic nature causes great suffering to the people 
who live along its course and on its islands (Baki & Gan, 
2012). Over the past decade, the Jamuna River has caused 
the erosion of approximately 30 settlements, displacing 
one-third of the city’s population and rendering 400,000 
individuals homeless. During the monsoon season, the river 
Jamuna experiences a substantial increase in water flow, with 
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The Jamuna River is one of the largest rivers in Bangladesh, where erosion and accretion occur most frequently. This study 
analyzed LULC, evaluated the extent of erosion and accretion of the Jamuna River from 1988 to 2024, and assessed its effects, 
primarily on population displacement in Sirajganj district, where four upazilas are prone to bank erosion: Kazipur, Sirajganj 
Sadar, Belkuchi, and Chauhali. Landsat TM-5 and Landsat-8 imagery from three different periods (1988, 2006, and 2024) 
were obtained from the USGS to analyze LULC, CDS (change detection statistics), NDWI (normalized difference water 
index), and erosion and accretion. The results indicated that from 1988 to 2024, erosion totaled 18,813 hectares, accretion 
totaled 14,480 hectares, and 3,937 hectares remained unchanged. This represents a more significant erosion than accretion, 
resulting in the forced displacement of affected people. The CDS result for Sirajganj Sadar shows that the settlement area 
increased by 74.69% from 1988 to 2024, indicating that population movement from rural areas (such as agricultural or fallow 
land) to urban areas contributed to this shift. The total population of Sirajganj Sadar was 389,160 in 1991 and 631,877 in 2022, 
according to the Bangladesh Bureau of Statistics (BBS), reflecting substantial population growth. The population growth of 
Chauhali Upazila has been relatively steady but has declined over the last decade. In contrast, Kazipur Upazila’s growth has 
increased very slowly during this period, indicating a shift in the population of these areas, which are more prone to bank 
erosion. This study quantifies the long-term (1988–2024) erosion and accretion dynamics of the Jamuna River in a highly 
vulnerable area of Bangladesh, directly linking these changes to population migration within specific affected upazilas in 
Sirajganj District. With its spatially explicit evidence of environmental change driving internal displacement, this integrated 
method provides important insights for targeted interventions that will help policymakers and stakeholders take practical 
steps to mitigate bank erosion and its impacts.
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an average discharge of approximately 40,000 cubic feet per 
second. During this period, the Jamuna River experienced 
significant devastation, causing severe damage in Sirajganj 
District, which lies directly along its banks.  Each year, 
tragedy results in a substantial number of individuals losing 
their livelihoods and agricultural land (Das, 2014). Following 
a complete loss due to the river, affected individuals relocate 
to neighboring districts or other areas (Shetu et al., 2016).

Nowadays, remote sensing and geographical information 
systems (GIS) techniques are essential tools for identifying 
LULC changes, disaster-prone areas, damage, and severity, 
as well as calculating the rate of change (Mohamad et al., 
2018; Tobore et al., 2021; Al-Amoush et al., 2017). Despite 
uneven erosion rates, Bedini (2017) utilizes Landsat imagery 
and GIS tools to identify significant erosion along the 
coastline between the Semani and Shkumbini rivers and in 
Central Albania. A similar study, using Landsat TM and MSS 
satellite imagery in Chandpur district, Bangladesh, found 
that bar deposition in the Meghna River exceeded riverbank 
erosion, with an estimated 3,517 square meters of deposition 
between 1990 and 2002 (Nath et al., 2013). Using remote 
sensing, Uddin et al. (2011) measured morphological changes 
and susceptibility to erosion along the Jamuna riverbank. 
A study revealed that riverbank erosion has increasingly 
affected people in the riverine zone of the Jamuna, where 
Sirajganj Sadar was the most erosion-prone area (Rabbi et al., 
2013). A spatial-temporal analysis of the erosion and accretion 
on the East and West Riverbanks of the Jamuna River was 
conducted by Hassan et al. (2017). They analyzed the spatial 
and temporal dynamics of erosion and accretion along the 
Jamuna River from 1995 to 2015, using Landsat imagery and 
Geographic Information System (GIS) techniques. Although 
considerable research has been conducted on riverbank 
erosion in Sirajganj, a comprehensive study is still lacking. 
Almost all previous studies on the Jamuna River have focused 
on either morphological dynamics, based on erosion and 
accretion along the bank line, or the socioeconomic aspects 
of the changes. Limited studies focus on the long-term 

spatiotemporal dynamics of erosion and deposition, with 
inadequate integration of advanced techniques like indexing 
(NDWI classification) for precise monitoring. Furthermore, 
while geoenvironmental impacts are explored extensively, 
comprehensive assessments of socio-economic consequences 
remain underrepresented, particularly regarding the 
livelihoods of affected communities. However, a significant 
gap remains in understanding how spatiotemporal land 
use and land cover (LULC) dynamics contribute to forced 
displacement due to erosion. 

In this context, this study utilizes the Landsat TM 
Satellite and GIS to evaluate spatial and temporal changes in 
the Sirajganj district and calculate the erosion and accretion of 
the River Jamuna. Through digital image processing applied 
to temporal satellite images, the analysis enables researchers 
to evaluate the detection of river and erosion changes, while 
displaying the patterns and shifting river channels over time. 
Remote sensing provides a rapid, synoptic view of large areas, 
integrating with GIS techniques, making it an ideal tool for 
monitoring riverbank erosion and shoreline shifting at regular 
intervals (Sarkar et al., 2012). The bank line change analysis is 
crucial for predicting river path changes, assessing potential 
impacts on life and the environment, especially migration, 
and visualizing different spatial changes. So, the objectives 
of this study are to analyze the spatiotemporal variation of 
bank line shift of the Jamuna River to calculate the erosion-
accretion rate from 1988 to 2024 and to explore the pattern 
of LULC changes in different upazilas of Sirajganj district. 
Furthermore, this study also tries to develop a population 
displacement scenario based on the riverbank line shift and 
LULC change in different parts of the study area. 

Trina et al. / JJEES (2026) 17 (2): 187-198188

2. Materials and Methods
2.1 Study Area

Sirajganj District is a district in the North Bengal region 
of Bangladesh, which is a part of the Rajshahi Division and 
is located between 24°01’ and 24°47’ north latitudes and 
between 89°15’ and 89°59’ east longitudes (Figure 1). 

Figure 1. Study Area Map



the FLAASH (Fast Line-of-sight Atmospheric Analysis of 
Spectral Hypercubes) module (Soto Carrión, 2022). 
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Table 1. Description of the collected data

Table 2. Detailed Information of the Landsat Images used in this study

2.2 Sources of Data

2.3 Satellite image collection and pre-processing

2.4 Methods

The data (Table 1) used in this study came from various 
secondary sources and included three Landsat images 
(spatial) and population data (non-spatial).

The detail information about the collected satellite 
imageries are presented in Table 2. Landsat 5 TM (Thematic 
Mapper) and Landsat 8 OLI (Operational Land Imager) 
images of Sirajganj in 1988, 2006, and 2024 were collected 

Figure 2 shows the detailed methodological framework 
of the study. Firstly, spatiotemporal changes in the study area 
were analyzed by LULC classification from 1988 to 2024. 
NDWI was also conducted to calculate the river’s erosion 
and accretion. Finally, a migration scenario was developed 
based on the analysis of Change Detection Statistics (CDS) 
and Population data.

from the USGS official website (https://earthexplorer.
usgs.gov/). Pre-processing satellite images before change 
detection is crucial, as it aims to establish a more direct 
linkage between the data and biophysical phenomena 
(Coppin et al., 2004).  

This district comprises 9 upazilas: Tarash, Ullapara, 
Sirajganj Sadar, Shahzadpur, Raiganj, Kazipur, Chowhali, 
Belkuchi, and Kamarkhand. Four upazilas (Sirajganj 
Sadar, Kazipur, Chowhali, and Belkuchi) are more prone 
to riverbank erosion and are thus selected for the study. 
The study area encompasses 1,023.7 square kilometres, as 
illustrated in Figure 1.

All Landsat data used in this study were acquired under 
clear atmospheric conditions (to get cloud-free images). 
The collected images were projected onto the Universal 
Transverse Mercator (UTM) coordinate system and stored 
as GeoTIFFs. PCS WGS (World Geodetic System) 1984 
UTM Zone 45 N (datum) was the projection used for all the 
images. Data is processed using ENVI (Environment for 
Visualizing Images) version 5.3 software. First, metadata 
and radiometric calibration transform the Landsat scene’s 
DN (Digital Number) into absolute radiance units (W m-2 sr-
1). After that, atmospheric adjustment was performed using 

Data Type Year of Data Data Source

Landsat imagery 1988, 2006, 2024 USGS (https://earthexplorer.usgs.gov/)

Population Data 1991, 2001, 2022 BBS (Bangladesh Bureau of Statistics)

Satellite Sensor Type Path/Row Date of acquisition Spatial Resolution (m) Cloud Cover (%) Image Quality

Landsat 5 TM 138/43 1988-01-09 30 1.00 9

Landsat 5 TM 138/43 2006-01-26 30 0.00 7

Landsat 8 OLI/TIRS 138/43 2024-01-28 30 0.32 9

Figure 2. Methodological Framework



Table 3. Details of the LULC classification scheme

Table 4. The threshold value range used for NDWI classification
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2.5 Satellite Image Classification

2.6 Classification Accuracy Assessment

2.7 Normalized Difference Water Index (NDWI)

A classification scheme that identifies the LULC classes 
was considered when producing the LULC map using 
satellite imagery. The appropriate number of LULC classes 
varies, depending on the specifications of a particular project 
for a specific application (Shekar & Mathew, 2023). Six broad 

The accuracy assessment evaluates the classification of 
LULC images compared to reference data or maps (Foody, 
2002). Google Earth is a valuable source of positional data 
for mapping land use and land cover in small geographical 
areas. A study conducted by Abineh and Zubairul (2015) 
found that its accuracy in assessing land use and land cover 
using Google Earth was over 75%. For accuracy assessment, 
120 points were created in classified images by a stratified 
random method, and these points were compared with the 
reference map from Google Earth Pro. The classification 
accuracy was evaluated using a confusion matrix that 
included user accuracy, producer accuracy, overall accuracy, 
and the Kappa coefficient (Foody, 2020). The user, producer, 
overall accuracy, and Kappa statistics were calculated using 
specific formulas. 

This study utilized the NDWI to extract the river from 
the images, enabling the calculation of erosion and accretion. 
McFeeters (1996) developed the NDWI to enhance the water-
related features of landscapes. The NDWI is calculated as:

The water cover is mixed with impurities and varies 
spatially. Using the NDWI threshold for classification is 
an effective technique to distinguish water from other land 
cover types. In remote sensing processing, the classification 
method is widely used for extracting different land cover 
types (Qiao et al., 2012). McFeeters (1996) reported that 
NDWI values above zero are presumed to characterize water 
surfaces. In contrast, values lower than or equal to zero are 
considered non-water (e.g., agricultural land, vegetation, 
settlement, etc.) (Szabo et al., 2016). This study utilized the 
NDWI index to detect changes in land cover. The NDWI 
threshold range was reclassified into discrete classes by 
dividing it into five ranges and defining thresholds for 
NDWI classification (Table 4).

The training samples for each classification category 
were compiled. For each study year, nearly 260 training 
datasets were identified from the pre-processed images for 
LULC classes. Using ENVI (version 5.3) software, training 
samples were manually chosen from the pre-processed 
satellite images.

This study employed the supervised classification 
algorithm, the Maximum Likelihood Classifier (MLC). For 
the classification of medium-resolution satellite imagery, 
the MLC has been frequently used (Abusmier & Al-Kofahi, 
2025; Anil et al., 2011; Ratnaparkhi et al., 2016; Zubair Iqbal 
& Javed Iqbal, 2018).

Where TS = Total Sample and TCS = Total Corrected 
Sample 

Where the weighted distance or likelihood D of an 
unknown measurement vector X belongs to one of the 
known classes, and Mc is based on the Bayesian equation 
(Kantakumar et al., 2016).

classifications (Agricultural land, vegetation, Water body, 
Char Land, Fallow Land, and Settlement) were employed to 
categorize the LULC of the study area. The following table 
(Table 3) contains a thorough overview of the classes. Each 
class was created based on texture, tone, and color. 

S. No. Class Description

1 Agricultural Land Places like parks and regularly tilled, cultivated croplands have high densities of grass, plants, and crops.

2 Vegetation Reserve forest, plantation, etc.

3 Waterbody Areas submerged in water include lakes, streams, ponds, reservoirs, and rivers.

4 Charland Landmasses formed through the accumulation of massive sand, silt, and clay sediments over time and 
were carried by rivers.

5 Fallow land
Other people could eventually alter or use these areas, regardless of whether they have minimal 

vegetation. This group includes areas with sandy soils near rivers and streams, land with bare rock, and 
land without crops.

6 Settlement Developed regions for roads, buildings, human habitation, and vegetation, aside from spaces created by 
humans, roadside trees, and trees planted around homes.

(1)

(2)

(3)

(4)

(5)

(6)

Feature 1988 2006 2024

Vegetation -0.80 to -0.60 -0.73 to -0.44 -0.96 to -0.71

Agricultural 
Land -0.53 to -0.44 -0.44 to -0.34 -0.73 to -0.37

Fallow Land -0.39 to -0.33 -0.33 to -0.14 -0.35 to -0.16

Char Land -0.22 to -0.02 -0.21 to -0.01 -0.15 to -0.008

Water 0.01 to 0.32 0.02 to 0.43 0.02 to 1.00



2.8 Feature Extraction and Calculation of Erosion and Accretion

2.9 Change Detection

After NDWI reclassification, the reclassified images 
were converted into polygon shapefiles for quantification 
using ArcMap 10.8.2. The transformed layers of the classified 
images from 1988, 2006, and 2024 were visually interpreted 
to determine the river boundaries. The unchanged area was 
calculated by intersecting the data from the previous year 
with that of the following year. 

For erosion, the unchanged area was subtracted from the 
river area in 1988, 2006, and 2024, respectively. To quantify 
the amount of degraded land cover from 1988 to 2006, 2006 
to 2024, and 1988 to 2024, attribute tables of these unchanged 
areas were summarized by computing the geometric union 
of polygon shape files for each pair of sequential years. 
Accretion was calculated according to the same procedure 
suggested by Mou et al. (2023) and Hassan et al. (2017). 

Change detection is valuable in many LULC change 
detection applications, including cultivation, urban 
expansion, and landscape change (Salem et al., 2020). The 
most commonly used change detection methods include 
thematic change detection, image overlay, principal 
components analysis (PCA), image ratioing, NDVI 
differencing, and change vector analysis (Han et al., 2009). 
The ENVI 5.3 CDS tool was utilized in this study to evaluate 
the change detection in the study area. The CDS method 
utilizes two distinct images of the same scene taken at 
different times to identify changes over time. This study 
used three classified images of different years (1988, 2006, 
and 2024) to calculate changes in the study area. The change 
magnitude (Ci) in each class was determined using the 
following equation (Vivekananda et al., 2021):

Government policies, technological advancements, and 
rising demand for agricultural products led to an increase in 
agricultural land from 1988 to 2006 (Ali, 2007). However, 
from 2006 to 2024, a decline occurred, and the possible 
causes behind it were urbanization, industrialization, land 
conversion, and climate change (Haque et al., 2022). Despite 
these changes, the overall trend from 1988 to 2024 shows a 
positive development in agriculture. Over the past 36 years, 
the areas of vegetable, water, and char land decreased by 
approximately 9,5989, 4,891, and 8,944 ha, respectively. 
Fallow land and Settlement have increased by approximately 
58344 and 43251 ha, respectively, over this period. Similarly, 
Haque et al. (2023) found a prominent decrease in char land 
beside the area of settlements, which increased over time in 
Sirajganj. 

The percentage of change in each LULC class was 
calculated by dividing the change in a class by its coverage 
area in the base year and then multiplying by 100.

Where i = Number of classes in an image, Ci = Magnitude 
of change in class “i”, Pi = Percentage of change in class “i”, 
Li = Base image, Bi = Latest image

(7)

(8)

3. Results and Discussion
3.1 LULC change analysis

LULC patterns of Sirajganj District for the years 1988, 
2006, and 2024 are shown in Figure 3, and Table 5 represents 
the area of the classified land cover. The changing trend of the 
classified land cover is summarized in Table 6. Agricultural 
Land in the study area shows an uneven trend. Agricultural 
land increased by approximately 89,842 hectares within the 
first 18 years (1988-2006) and decreased by approximately 
81,700 hectares within the next 18 years (2006-2024). Over 
the 36-year period (1988-2024), agricultural land increased 
by approximately 8,141 hectares. 

Figure 3. Classified LULC Map of Sirajganj District 

Table 5. Calculated area of classified land use and land cover in 
Sirajganj District

Table 6. LULC Change detection of the study area

LULC Type
Area (Hectare)

1988 2006 2024

Agricultural Land 68536.37 158379.17 76678.32

Vegetation 101167.30 16144.60 5268.15

Water 18888.07 16221.81 13996.82

Char Land 21721.56 14380.70 12776.83

Fallow Land 15684.06 17571.77 74028.52

Settlement 23965.75 27270.15 67216.82

LULC Type
Area Change (Ha)

1988-2006 2006-2024 1988-2024

Agricultural Land 89842.8 -81700.85 8141.95

Vegetation -85022.7 -10876.45 -95899.15

Water -2666.26 -2224.99 -4891.25

Char Land -7340.86 -1603.87 -8944.73

Fallow Land 1887.71 56456.75 58344.46

Settlement 3304.4 39946.67 43251.07
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The overall accuracy ranges from approximately 73% 
to 85%, with the kappa coefficient ranging from 0.6733 to 
0.8272 from 1988 to 2024. Kappa values <40 percent are 
considered poor, 40-55 percent fair, 55-70 percent good, 70-
85 percent very good, and >85 percent excellent (Ismail & 
Jusoff, 2008). Thus, according to these agreement scales, 
the classification indicates good to excellent agreement. 
The overall accuracy of the classified images is considered 
acceptable for this study. 

3.2 NDWI Analysis

3.3 Accuracy Assessment Result

3.4 Erosion and Accretion Scenario 

River areas were extracted using NDWI images. In this 
study, NDWI was used for three consecutive years (1988, 
2006, and 2024) to extract the river from the study area for 
calculating erosion and accretion. 

The accuracy assessment results for the classified images 
of the respective years (1988, 2006, and 2024) are presented 
in Table 7. 

Table 8 displays the erosion and accretion of the Jamuna 
River in Sirajganj for three time frames: 1988–2006, 2006–
2024, and 1988–2024. Between 1988 and 2006, 17,199 
hectares of erosion and 18,804 hectares of accretion occurred, 
with 5,551 hectares remaining unchanged. During the second 
assessment period between 2006 and 2024, 18,547 hectares 
experienced erosion, 12,609 hectares accreted, and 5,808 
hectares remained unchanged. Between 1988 and 2024, the 
amount of erosion was 18,813 hectares, accretion was 14,480 
hectares, and 3,937 hectares remained unchanged.

Figure 5 illustrates the erosion and accretion of the study 
area over the past 36 years (1988-2024). The erosion and 
accretion rates have been acquired considering a three-time 
span- (1988-2006), (2006-2024), and the amount of erosion 
was 17199 ha, and the amount of accretion was 18804 ha, 
which means the erosion rate was less than the accretion rate. 
Similarly, Momen et al. (2020) found that the erosion of the 
Jamuna River was less than the accretion during the period 
of 1988-2003, indicating a contraction of the river during that 
time. The unchanged area represents the river that has not 
undergone significant erosion or deposition (Wohl, 2005). 
On the other hand, over the last 18 years (2006-2024), erosion 
was 18,547 ha, and the accretion was 12,609 ha, indicating 
that erosion was more significant than accretion. The amount 
of unchanged area was 5808 ha. Pahlowan & Hossain (2015) 
found similar results where the amount of erosion was more 
significant than the accretion from 2004 to 2014. That means 
that although the accretion was sometimes more significant 
than the erosion overall (36 years), the amount of erosion is 
high compared to accretion. Moreover, the 3937-ha area has 
not experienced significant erosion during this period.

Figure 4. NDWI Analysis of Selected Area

Table 8. Erosion, Accretion, and Unchanged Area of the study area

Kappa 
Coefficient

Overall 
Accuracy Settlement Fallow 

Land
Char 
Land Water Vegetation Agricultural 

Land Class Names

0.76 77.50%

89.47% 68.97% 100.% 95.24% 100% 58.62% Producers Accuracy

198885.00% 100% 100% 100% 100% 85.00% Users Accuracy

0.82 1.00 1.00 1.00 0.08 0.80 Conditional Kappa

0.67 73.33%

78.26% 52.17% 100% 78.95% 73.33% 72.41% Producers Accuracy

2006100% 75.00% 73.33% 100% 73.33% 51.22% Users Accuracy

1.00 0.69 0.71 1.00 0.69 0.3567 Conditional Kappa

0.82 85.83%

91.67% 79.17% 94.12% 100% 83.33% 75.76% Producers Accuracy

202491.67% 79.17% 100% 100% 33.33% 100% Users Accuracy

0.89 0.74 1.00 1.00 0.29 1.00 Conditional Kappa

Table 7. Accuracy Assessment result of the LULC map

Year Previous 
Years

Final 
Years

Unchanged
Area (ha)

Erosion
(ha)

Accretion
(ha)

1988-2006 22750 24355 5551 17199 18804

2006-2024 24355 18417 5808 18547 12609

1988-2024 22750 18417 3937 18813 14480
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3.5 Change Detection Statistics (CDS)
Tables 9 to 13 present change-detection statistics for 

Sirajganj District and its four upazilas (more prone to 
riverbank erosion) from 1988 to 2024. Between 1988 and 
2006, there were significant changes in the fallow land, 
agricultural land, and vegetation in the Sirajganj District. 
59.35% of vegetation and 59.07% of fallow land were 
converted into agricultural land, while 8.01% was converted 
into vegetation. Additionally, at this time, 48.11% of the water 
and 47.09% of the char land were converted to agricultural 
land.  From 2006 to 2024, a major conversion was observed 
from vegetation to agricultural land, which was 57.71%. 
Another conversion of agricultural land (26.43%) was from 
fallow land. Considering water, the area converted into char 
and fallow land was about 20.93% and 28.28%, respectively. 
Moreover, conversion from char land to water and fallow 
land occurred, with respective amounts of 23.6% and 
20.93%. Besides, 31.61% of agricultural land was converted 
into fallow land during this period.

Erosion, accretion, and unchanged areas in the study 
area were observed by analyzing Landsat images from 1988, 
2006, and 2024. Figure 6 represents the highest eroded area, 
18547 ha, from 2006 to 2024, and the highest accreted area, 
18804 ha, from 1988 to 2006. The highest erosion may be 
attributed to increased river discharge, bank instability, 
human activities, etc., while the highest accretion may be 
due to significant sediment deposition or changes in river 
morphology, possibly influenced by upstream activities 
or natural river dynamics. A study found that dams and/or 

embankments in the river’s vulnerable area altered the flow 
of water, reducing erosion and triggering deposition in the 
channel. On the contrary, sand mining caused river erosion 
(Lusiagustin & Kusratmoko, 2017).

Significant changes in land cover were observed between 
1988 and 2024 (Table 9). Considering agricultural land, 
the area was converted into fallow land and settlement, 
with conversion rates of 28.58% and 27.56%, respectively. 
Significant changes were observed from vegetation 

to agricultural land, fallow land, and settlement; their 
proportions are 60.09%, 16.69%, and 14.59%, respectively. 
From the water, about 22.72%, 14.84%, 27%, and 12.93% 
of areas were converted into agricultural land, char land, 
fallow land, and settlement, respectively. Besides, char land 

Figure 5. Erosion and Accretion of River (1988-2024)

Figure 6. Erosion & Accretion of River from 1988-2024

Table 9. CDS of Percentage Change of LULC Between 1988 and 2024 (Sirajganj District)

Area (Initial State_1988) in percentage

A
re

a 
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er
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nt
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Class Names Agricultural
Land Vegetation Water Char

Land Fallow Land Settlement Row
Total

Class
Total

Agricultural
Land 37.09 60.09 22.72 24.09 26.74 20.41 100 100

Vegetation 2.18 4.33 4.1 3.66 1.46 0.97 100 10

Water 2.56 2.39 18.41 14.35 6.33 3.77 100 100

Char
Land 1.93 1.81 14.84 17.49 6.37 3.06 100 100

Fallow
Land 28.58 16.69 27.00 28.5 43.22 20.57 100 100

Settlement 27.65 14.69 12.93 11.90 15.88 51.22 100 100

Class Total 100 100 100 100 100 100 0 0

Class changes 62.91 95.67 81.59 82.51 56.79 48.78 0 0

Image
Difference -29.42 -34.36 -27.65 -25.85 44.22 48.27 0 0
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was converted into agricultural land, water, fallow land, 
and settlement, and the conversions are 24.09%, 14.35%, 
28.5%, and 11.90%, respectively. Moreover, 26.47% of fallow 
land was converted into agricultural land, and 15.88% was 
converted into settlement. During this period, 20.41% and 
20.57% of the settlements were converted into agricultural 
and fallow land, respectively.

In Kazipur Upazila between 1988 and 2006, significant 
conversions from vegetation to agricultural land occurred. 
67.97% of vegetation was converted into agricultural land in 
this period. 55.72% of water was converted into agricultural 
land. Similarly, char land was converted into agricultural land 
and water; the conversion amounts are 58.75% and 18.69%, 
respectively. In the meantime, 58.80% of fallow land was 
converted into agricultural land, and 42.32% of settlement 
was also converted into agricultural land. From 2006 to 
2024, a significant conversion from vegetation to agricultural 

In Sirajganj Sadar, from 1988 to 2006, agricultural 
land experienced significant conversions from vegetation 
(73.48%), water (41.30%), char land (37.84%), fallow land 
(66.19%), and settlement (24.80%). A notable portion of 
water was converted from char land (28.13%), while 23.61% 
was converted into char land. Between 2006 and 2024, 
37.93% of the vegetation was converted to agricultural land. 
30.18% of char land was converted into water, while 18.47% 
was converted into char land.

land was observed, representing a 43.36% change. During 
this period, 31.46% and 16.11% of agricultural land were 
converted to fallow land and settlement, respectively. 20.29% 
of water was converted into char land, and 29.42% into fallow 
land. Furthermore, 28.11%, 18.39%, and 23.43% of char land 
were converted to agricultural land, water, and fallow land, 
respectively. The change of fallow land into agricultural 
land was 26.69%. From 1988 to 2024 (Table 10), the primary 
conversions of agricultural land were vegetation (28.75%), 
water (37.78%), char land (38.18%), fallow land (38.59%), and 
settlement (24.19%). The conversion of char land was from 
vegetation (9.29%), water (10.55%), and fallow (11.59%). 
Fallow land was significantly converted from agricultural 
(35.24%), vegetation (29.48%), water (23.02%), and settlement 
(17.35%). The most extensive settlement conversion was from 
agricultural land (29.40%). Significant changes also were 
from vegetation (21.66%) and fallow (14.82%).

Fallow land was significantly converted from agricultural 
(37.96%), vegetation (22.19%), water (25.88%), char land 
(25.57%), and settlement (54.04%). In the meantime, the 
settlement was primarily converted from agricultural land 
(34.19%), vegetation (23.15%), and fallow land (18.20%). 
From 1988 to 2024 (Table 11), vegetation (15.72%), char 
land (13.67%), and fallow land (16.27%) were the significant 
sources of conversion into agricultural land. 18.54% of char 
land and 10.41% of fallow land were converted into water.

Table 10. CDS of Percentage Change of LULC Between 1988 and 2024 (Kazipur Upazila)

Table 11. CDS of Areal Change of LULC Between 1988 and 2024 (Sadar Upazila)

Area (Initial State_1988) in percentage
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Class Names Agricultural
Land Vegetation Water Char

Land Fallow Land Settlement Row
Total

Class
Total

Agricultural
Land 21.38 28.75 37.78 38.18 38.59 24.19 100 100

Vegetation 1.48 3.18 7.94 6.26 4.10 1.60 100 100
Water 6.61 7.65 15.57 8.42 8.76 5.42 100 100
Char
Land 5.89 9.29 10.55 13.29 11.59 5.07 100 100

Fallow
Land 35.24 29.48 23.02 27.68 22.14 17.35 100 100

Settlement 29.40 21.66 5.14 6.16 14.82 46.38 100 100
Class Total 100 100 100 100 100 100 0 0

Class changes 78.62 96.82 84.43 86.70 77.86 53.63 0 0
Image

Difference 76.42 -88.35 -45.53 -48.12 472.58 134.46 0 0

Area (Initial State_1988) in percentage
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Class Names Agricultural
Land Vegetation Water Char

Land Fallow Land Settlement Row
Total

Class
Total

Agricultural
Land 16.46 15.72 12.12 13.67 16.27 4.47 100 100

Vegetation 0.43 0.70 3.29 4.43 2.66 0.43 100 100
Water 5.46 6.65 24.88 18.54 10.41 2.83 100 100
Char
Land 2.59 5.25 18.73 21.73 6.35 1.52 100 100

Fallow
Land 33.21 39.48 25.37 27.09 21.64 11.59 100 100

Settlement 41.86 32.20 15.60 14.54 42.67 79.16 100 100
Class Total 100 100 100 100 100 100 0 0

Class changes 83.54 99.30 75.12 78.27 78.36 20.84 0 0
Image

Difference -42.80 -96.21 -19.96 -32.38 1031.21 156.46 0 0
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Only a substantial amount of water (18.73%) was 
converted into char land. A substantial amount of vegetation 
(39.48%) was converted into fallow land, with significant 
conversion from agricultural land (33.21%), water (25.37%), 
char land (27.09%), and settlement (11.59%). Moreover, 
there is a considerable amount of conversion of settlement 
from agricultural land (41.86%), vegetation (32.20%), water 
(15.60%), char land (14.54%), and fallow land (42.67%).

Between 1988 and 2006, a significant change was 
observed in the fallow land of Belkuchi, where 68.32% of the 
fallow land was converted to agricultural land. Furthermore, 
vegetation (65.85%), water (41.91%), and char land (56.40%) 
were also converted into agricultural land. Between 2006 
and 2024, in Belkuchi, 47.71% of vegetation and 25.07% 

Between 1988 and 2006, in Chauhali, vegetation (46.30%), 
water (43.54%), char land (41.83%), fallow land (40.85%), 
and settlement (38.76%) were converted into agricultural 
land. Additionally, agricultural land (16.20%), vegetation 
(19.97%), char land (22.30%), and fallow land (24.89%) were 
converted into water. 15.20% of agricultural land, 19.14% 
of vegetation, and 21.50% of water were converted into 
char land. From 2006 to 2024, in Chauhali, 30.09% of the 
vegetation was converted into agricultural land. However, 
agricultural land (15.89%), char land (27.05%), and fallow 

of fallow land were changed into agricultural land. 16.40% 
and 24.90% of water turned into char and fallow land, 
respectively. On the other hand, 16.31% of char land turned 
into water. Also, 36.28% of char land was converted to 
fallow land. Agricultural land (35.46%), vegetation (22.51%), 
and fallow land (32.39%) were changed to settlement. From 
1988 to 2024 (Table 12), a significant change occurred in 
agricultural land, with 47.90% converted to settlement. Also, 
37.30% of vegetation, 15.47% of water, 23.56% of char land, 
and 26.27% of fallow land were converted into settlements. 
Vegetation (41.77%) and fallow land (25.74%) turned into 
agricultural land. 13.07% of char land and 17.81% of fallow 
land became water. Moreover, Water (25.06%) and char land 
(26.06%) were converted into fallow land.

land (15.00%) were converted into water. Besides 17.21% 
of agricultural land, 24.09% of water, and 16.69% of fallow 
land converted to char land. Surprisingly, agricultural land 
(28.29%), vegetation (19.83%), water (30.59%), and char 
land (34.13%) were turned into fallow land. On the other 
hand, 20.90% of agricultural land, 23.65% of vegetation, and 
9.92% of water were converted to settlement. Between 1988 
and 2024 (Table 13), in Chauhali, 31.12% of char land was 
converted to fallow land, which was a significant change. 

Table 12. CDS of Percentage Change Between 1988 and 2024 (Belkuchi Upazila)

Table 13. CDS of Percentage Change Between 1988 and 2024 (Chauhali Upazila)

Area (Initial State_1988) in percentage
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Class Names Agricultural
Land Vegetation Water Char

Land Fallow Land Settlement Row
Total

Class
Total

Agricultural
Land 39.07 41.77 22.68 23.60 25.74 7.29 100 100

Vegetation 1.92 2.29 0.49 0.46 0.47 0.38 100 100

Water 1.17 4.49 17.64 13.07 17.81 0.11 100 100
Char
Land 0.67 3.35 18.67 13.25 10.57 0.05 100 100

Fallow
Land 9.28 10.81 25.06 26.06 19.14 3.05 100 100

Settlement 47.90 37.30 15.47 23.56 26.27 89.12 100 100
Class Total 100 100 100 100 100 100 0 0

Class changes 60.93 97.71 82.36 86.75 80.86 10.88 0 0
Image

Difference 36.47 -96.10 -40.51 -61.59 747.10 216.44 0 0
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Class Names Agricultural
Land Vegetation Water Char

Land Fallow Land Settlement Row
Total

Class
Total

Agricultural
Land 15.37 13.72 13.57 13.90 5.95 7.25 100 100

Vegetation 4.31 4.48 1.46 1.48 1.56 3.33 100 100
Water 17.07 17.27 18.99 20.06 30.22 8.72 100 100
Char
Land 11.78 18.33 20.34 21.02 22.73 8.68 100 100

Fallow
Land 24.14 28.43 30.81 31.12 30.33 24.27 100 100

Settlement 27.34 17.77 14.83 12.41 9.20 47.75 100 100
Class Total 100 100 100 100 100 100 0 0

Class changes 84.63 95.52 81.01 78.98 69.67 52.25 0 0
Image

Difference 7.38 -91.33 -3.19 -34.26 510.75 836.85 0 0
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Agricultural land (24.14%), vegetation (28.43%), 
water (30.81%), and settlement (24.27%) were converted 
into fallow land. However, agricultural land (17.07%), 
vegetation (17.27%), char land (20.06%), and fallow land 
(30.22%) turned into water. On the other hand, 11.78% of 
agricultural land, 18.33% of vegetation, 20.34% of water, 
22.73% of fallow land, and 8.68% of settlement became char 
land. Furthermore, agricultural land (27.34%), vegetation 
(17.77%), water (14.83%), char land (12.71%), and fallow land 
(9.20%) were converted into settlements in this period.

Chauhali and Kazipur, these areas have shown consistent 
population growth over this period. The population growth 
of Chauhali Upazila has been relatively steady, decreasing 
over the last decade, while Kazipur Upazila’s growth has 
increased very slowly during the same period. On the other 
hand, Sirajganj Sadar has undergone the most dramatic 
population increase. The population has more than doubled 
since 1991, and the growth rate has been exceptionally high 
in the last decade. The total population of Sirajganj Sadar 
was 389160 in 1991 and 631877 in 2022. This indicates 
that people from other areas migrated to Sadar Upazila, 
leading to an increase in population and suggesting internal 
migration. In Sirajganj, after being affected by riverbank 
erosion, people immediately tend to migrate for safe shelter 
and later permanently for survival, where internal migration 
was observed, including men, women, and children, and the 
trends of settlement displacement are increasing day by day 
(Haque et al., 2023).

This is especially evident in Sirajganj Sadar, which has 
experienced the most substantial growth. Belkuchi upazila 
experienced a modest increase between 1991 and 2001, but 
the growth rate slowed between 2001 and 2022. Considering 

3.6. Population Displacement Scenario
Due to riverbank erosion in various parts of the Sirajganj 

district, thousands have been displaced, resulting in 
increased poverty, food insecurity, and a lack of access to 
sanitation, healthcare, and drinking water facilities (Abrar 
& Azad, 2004; Rabbi et al., 2013). The erosion pushes people 
to migrate to other places like cities or the nearest towns and 
bound to live in the urban slum areas. There may not only be 
temporary migration but also permanent migration. CDS of 
Kazipur Upazila represents the settlement area increased by 
22.10% from 1988 to 2024 (Table 12). In the Kazipur upazila 
of Sirajganj district, 21,961 people, constituting 9.35% of the 
total population, migrated permanently within neighboring 
areas due to the need for income and social connections 
(Mollah & Ferdaush, 2015). The CDS of Sirajganj Sadar 
indicates that the settlement increased significantly from 
4.47% in 1988 to 79.16% in 2024, indicating an increase in 
the area by 74.69% (Table 10). This suggests a substantial 
growth in urban areas and settlements within the upazila. 
The increase in settlement areas is a strong indicator of 
urbanization, and population movement from rural areas (like 
agricultural or fallow land) to urban areas could contribute 
to this shift. A study was conducted on riverbank erosion 
and induced population migration of Sirajganj Sadar Upazila 
by Ali et al. (2021) where they found that sufferers migrated 
in the nearest union about 29.42% as they mostly preferred 
to migrate within a short distance, followed by Sirajganj 
Town 27.66%, Dhaka 20.35%, neighboring district 10.86% 
and others 11.71%, respectively. The displacement scenario 
can be hypothesized by examining the population growth of 
these upazilas, as shown in Figure 7. The population of all 
four areas increased significantly from 1991 to 2022.

4. Conclusion

This study analyzed LULC and NDWI, calculated 
erosion and accretion, and its effects on population from 
1988 to 2024 using satellite imagery and population data. 
The result represented that the amount of erosion increased, 
and accretion decreased over 36 years, which led to a change 
in the spatiotemporal characteristics of the study area and 
revealed the effects of erosion on population displacement. 
The LULC results showed that over 36 years, vegetation 
and char land decreased, while fallow land and settlement 
increased. The CDS result of Sirajganj Sadar representing 
the settlement area has increased tremendously by 74.69% 
during this period. The most significant effects of erosion 
were observed in Chauhali and Kazipur Upazila, as residents 
of these regions migrated temporarily or permanently to 
Sadar Upazila, causing Chauhali’s population to decline in 
recent decades. 

The findings underline the urgent need for sustainable 
land management strategies that balance development 
and environmental conservation. The implications are 
far-reaching, providing valuable data for policymakers, 
urban planners, and environmentalists to reduce negative 
impacts, design resilient land-use policies, and prioritize 
erosion control, water resource management, and ecological 
preservation strategies to ensure long-term regional 
sustainability. This study suggests that drivers of change and 
specific socioeconomic and policy data are needed to properly 
understand the underlying reasons for land transformation. 
The study did not account for climate change impacts, 
such as fluctuations in precipitation and temperature, and 
other hydro-morphological factors, which might have a 
considerable effect on erosion and accretion dynamics. 
Future research should use high-resolution satellite imagery 
and incorporate field surveys to enhance accuracy in LULC 
classification and erosion-accretion analysis. Alongside, 
collecting field data on migration patterns is crucial for 
understanding the actual migration scenario. Investing in 
land reclamation projects to recover and stabilize eroded 
areas, enhancing their utility for agriculture and settlement, 
will further aid in proactive erosion management.

Figure 7. Population Growth of the Study Area
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Abstract

1. Introduction

Jordan has been categorized as the second most water-
poor country in the world in terms of water availability 
(Malkawi, 2005). Jordan’s renewable water supply barely 
meets two-thirds of its population’s water demands. The 
situation is exacerbated by rapid population growth and 
successive waves of refugees from neighboring countries 
experiencing conflict, resulting in overwhelming pressure 
on the already-stretched water supply. Unfortunately, the 
situation is expected to worsen due to climate change 
(USAID, 2023). The annual renewable water share is less than 
100 m3 per person, significantly below the threshold limit of 
500 m3. Despite over 98% of the population having access to 
an improved water source, access to a safely managed source 
is about 93%, and only 86% access to the piped network (Al-
Kharabsheh and Al-Zboon, 2021; UNICEF, 2022). Urban 
water supply networks are facing mounting pressures due 
to escalating water needs driven by population expansion 
and economic development, and more recently compounded 
by the impact of climate change where water is supplied to 
the urban areas once a week. In rural areas, it is even less 
frequent, typically less than once every two weeks, with 
reduced frequency during the summer months (Constantine 
et al., 2017; UNICEF, 2022).

Household water tanks with capacities of 500 to 2000 
liters are prevalent in developing urban regions, serving as 
a dependable, uninterrupted water for households. These 
tanks are typically situated at an elevated position, granting 
constant, pressurized access to water throughout the day 
(Schafer and Mihelcic, 2012). Given that tank water is sourced 
from the public network or by truck, it is essential to conduct 
thorough inspections and implement control measures 
before and during these practices to prevent contamination 

of the supplied water. Water consumers should be made 
aware of the potential risks associated with consuming the 
first rinse water that is supplied after the water supply has 
been resumed, and they should be guided on appropriate 
measures to minimize their exposure to chemical and 
microbial contaminants in tap water. To ensure water safety 
and prevent the spread of microbes, tank trucks designated 
for transporting potable water must undergo thorough 
inspection and sterilization before use. Regular monitoring 
of disinfectant residues and microbial contaminants in water 
transported by trucks is necessary. Awareness programs 
should be conducted to educate families on the maintenance 
practices needed to ensure the safety of their water tanks, 
thereby minimizing water quality deterioration (Salehi, 
2022).

Water quality issues in storage facilities can be 
categorized into microbiological, chemical, or physical 
categories. The degradation of water quality in storage 
facilities is likely due to prolonged water storage. The 
extended holding times may create favorable conditions 
for microbial growth and chemical transformations. Water 
tanks, especially roof tanks, can pose a health hazard if they 
are not correctly sited, covered, and adequately maintained. 
These tanks have frequently exhibited poor bacteriological 
results and outbreaks of waterborne diseases (Al-Ghanim et 
al., 2014). 

The problem of microbial regrowth in Jordan is 
compounded by the storage of water for extended periods, 
lasting up to two weeks, particularly during the summer 
season. Kirmeyer et al. (1999) reported that storage periods 
may extend to several months, significantly increasing the 
risk of quality deterioration due to chemical reactions such 
as reduced disinfectant residual, formation of disinfection 

Keywords: Water Quality Index (WQI), Household Storage Tanks, Water Management, Water Quality, Jordan
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Ensuring the quality of household water tanks is crucial for safeguarding human health and maintaining environmental 
sustainability. This study aims to assess the physical, chemical, and biological parameters of water samples taken from 22 
household tanks in Jordan. The findings revealed substantial bacterial contamination in water tanks, notably high levels of 
Pseudomonas in 11 samples, with counts exceeding 100 CFU/100ml, and total coliforms exceeding permissible limits in two 
samples. While most chemical and physical parameters were within acceptable ranges, instances of elevated alkalinity and 
turbidity were observed in some samples. The Water Quality Index (WQI) classifies most samples as “Excellent,” representing 
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2. Methodology
2.1 The Study Area

The Study area encompasses Irbid governorate, situated 
in the northern part of Jordan, covering approximately 1572 
km² and located at the geographical coordinates of 32° 
33’ 20” N, 35° 51’ 0” E (Figure 1). The climate in Irbid is 
Mediterranean, with hot and dry summers, cold and rainy 
winters. During the summer, temperatures can reach up to 35 
℃, while during the winter, temperatures drop to around 5 ℃ 
and sometimes even to 0 ℃. As of 2023, the population of the 
Irbid Governorate has reached around 2,135,000, making it 
the second-largest governorate in Jordan by population after 
the Capital Governorate. The governorate is divided into 
nine districts, namely, Qasabah, AL-Ramtha, AL-Koorah, 
Bani Kenanah, Bani Obeid, Aghwar Shamaliyah, Mazar 
Shamali, AL-Wastiyyah, and AL-Taybeh (DOS, 2024).

regrowth in the stored water. 

A recent study in Jordan (Al-Nawafleh & Al-Zboon, 
2025) examined the management of household water 
tanks in Irbid Governorate. It was found that while most 
households use plastic tanks, a substantial proportion still use 
galvanized iron tanks. Nearly half of homes do not regularly 
clean their tanks, which is directly related to contaminant 
levels in the water. This high contaminant level highlights 
the importance of proper tank maintenance to ensure safe 
storage, particularly in the Jordanian context.

This study was conducted during October–December 
2022 and aimed to assess the quality of water in household 
tanks through chemical, physical, and biological analyses. 
This is to determine whether the water is suitable for 
drinking or other uses. The study provides recommendations 
to relevant authorities to raise awareness of the importance 
of drinking water of suitable quality and to take appropriate 
measures. To achieve the study’s objectives, water samples 
were collected from household tanks in the Irbid area and 
assessed for suitability for drinking.

by-products, increased pH, taste and odor, corrosion, and 
hydrogen sulfide.

The household tanks predominantly used in Jordan 
are typically manufactured from galvanized iron and 
polyethylene. Long holding times decrease chlorine levels, 
and sediment buildup further enhances the likelihood of 
microbial growth in these storage tanks (Evison and Sunna, 
2001).

Ogbozige  et. al. (2018) investigated the impact of storage 
duration on chemical water quality across various container 
materials. The findings revealed that across all container 
materials examined, the maximum water retention period was 
approximately 21 days, except for clay-pot material, which 
had a retention period of no more than 6 days. Additionally, 
the study did not recommend the use of uncoated steel metal 
tanks. The conclusion reported that black plastic containers 
were more effective at maintaining water quality during 
storage than colored plastic containers, galvanized iron or 
coated steel containers, and clay pots.

Evison and Sunna (2001) investigated the regeneration 
characteristics of bacteria in various types of household 
storage tanks and the factors that affect their growth in 
Amman, Jordan. The results of the study showed that the 
bacterial count in water stored for 4 and 7 days increased 
significantly from log 1.7 to log 5.2 and log 5.7 CFU/
mL, respectively. The regrowth of bacteria was mainly 
dominated by Actinomycetes, Pseudomonas species, and 
Moraxella spp. Interestingly, the different materials of the 
household tanks, such as polyethylene, fiberglass, and cast 
iron, did not significantly influence the total bacterial count 
of the stored water. The relationship between temperature 
and microbial regrowth suggests that conditions similar to 
‘ ‘Jordan’s summer climate characterized by high ambient 
temperatures would likely exacerbate bacterial regrowth. 
However, the study revealed that temperature was the most 
crucial factor influencing microbial regrowth in household 
tanks. The higher the temperature, the higher the bacterial 

Figure 1. The Study area.

Irbid Government
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2.2 Water stress

2.3 Sampling 

2.5 Water Quality Index (WQI)

2.4 Water Quality

Irbid District, the second-largest city in Jordan faces 
significant challenges related to water stress due to the 
influx of refugees from neighboring countries, which has 
intensified the demand for water in both urban and rural 
areas (UNHCR, 2021). Changes in precipitation patterns and 
rising temperatures, resulting from climate change, have also 
affected water availability, leading to prolonged droughts and 
reduced aquifer recharge rates (Bashabsheh and Alzboon, 
2024). In this context, effective water management is crucial. 
The Yarmouk Water Company (YWC), responsible for water 
supply and wastewater management in Irbid and other 
northern governorates, plays a vital role in addressing these 
challenges through initiatives such as reducing leakage, 
ensuring water quality, promoting public awareness, and 
investing in modern technologies. YWC provided more than 
96 million cubic meters of water in 2018 from surface and 
groundwater sources through more than 10,000km of the 
distribution networks (YWC, 2023). 

Twenty-two samples were collected from household 
water storage tanks between October 17, 2022 and December 
11, 2022 from various locations in Irbid Governorate. The 
location of each sample was documented, using a global 
positioning system (GPS) device (Figure 2). All sampled 
tanks were supplied with water from the municipal 
network. For analysis, 2 liters of water were collected in 
two separate bottles: the first, with a capacity of 1.5 liters, 
was pre-sterilized for chemical and biological analysis at 
an environmental laboratory in Amman. The second bottle, 
with a capacity of 500 ml, was collected for analysis of 

Water Quality Index (WQI) is a numerical expression that 
shows the impact of various water quality parameters on the 
overall suitability of water for human consumption (Şener et 

al., 2021). WQI is a rating method that assesses how specific 
water quality parameters affect overall water quality. WQI 
indicates if water bodies pose a risk to different water uses. It 
is a single indicator of water quality that integrates collected 

turbidity, pH, electrical conductivity, dissolved solids, and 
alkalinity at the laboratory of Al-Balqa Applied University, 
Al-Huson College. All samples were placed in an ice box and 
analyzed within 12 hours.

This study aims to investigate water samples for physical 
parameters such as turbidity and electrical conductivity, and 
chemical parameters such as pH, hardness, TDS, alkalinity, 
Ca+2, Na+, PO4-2, Cl-, SO4-2, NO3-, K+, Mg+2, and 
biological parameters such as total coliform, E. Coli, and 
pseudomonas, then, to compare the results with the World 
Health Organization (WHO) standards and the Jordanian 
standard. Table 1 below shows the instruments used for 
measurement and the international and national standards.

Figure 2. Locations of samples.

Table 1. Physical, chemical, and biological water tests with the instruments used and the standards of JS and WHO.

Parameter Instrument WHO standard
(WHO, 2022) Jordanian standards (JS 286:2015)

EC HI-98194 Multiparameter pH/ EC/ TDS < 1200 µS/cm < 700µS/cm

Turbidity HI-93414 Turbidity & Free/Total Chlorine Meter < 5 NTU < 5 NTU

pH HI-98194 Multiparameter pH/ EC/ TDS 6.5 - 8.5 6.5 - 8.5

Hardness Titration with EDTA < 600 mg/L as CaCO3 < 500 mg/L as CaCO3

TDS HI-98194 Multiparameter pH/ EC/ TDS < 1000 mg/L 1000 - 1300 mg/L

Alkalinity Titration with strong H2SO4 < 200 mg/L as CaCO3 ---------

Ca+2 930 Compact IC Flex < 100 mg/L 75 – 200 mg/L

Mg+2 930 Compact IC Flex < 50 mg/L 50 – 150 mg/L

Na+ 930 Compact IC Flex < 200 mg/L 200 – 300 mg/L

PO4-2 930 Compact IC Flex < 0.1 mg/L -----

SO4-2 930 Compact IC Flex < 400 mg/L < 500 mg/L

Cl- 930 Compact IC Flex < 250 mg/L 200 – 500 mg/L

K+ 930 Compact IC Flex < 20 mg/L < 12mg/L

NO3- 930 Compact IC Flex < 50 mg/L < 50 – 70 mg/L

Total coliform Membrane filtration 0 MPN/100 < 1.1 MPN/100

E. Coli Membrane filtration 0 MPN/100 < 1.1 MPN/100

pseudomonas Membrane filtration ------- -----
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data based on weighted factors. By using WQI, we can use 
a single value as an indicator of water quality rather than 
examining tens of parameters. 

WQI ranges from 0 to 100, classifying water quality as 
excellent, good, poor, very poor, or unfit for consumption 
(Nong et al., 2020). The WQI was proposed by Horton in 
1965 to classify water quality based on the levels of measured 
physical, chemical, and biological indicators. These 
parameters may include temperature, pH, dissolved oxygen 
levels, turbidity, nutrients, heavy metals, and microbiological 
indicators (Akhtar et al., 2021). The Water Quality Index 
(WQI) is calculated using the Weighted Arithmetic Index 
method, as shown in the following equations (Bouslah et al., 
2017).

consumption. Good category, (WQI= 26-50), indicates that 
the water may have minor deviations from ideal conditions 
for some parameters, but overall, it is still considered 
suitable for most purposes, including drinking. It suggests 
that the water is relatively clean and poses minimal health 
risks. Poor water quality, (WQI= 51-75), indicates that the 
water may have significant deviations from the desired 
standards for multiple parameters. It suggests that the water 
may require treatment or remediation before it can be used 
for certain purposes, particularly for human consumption. 
The presence of contaminants or pollutants may pose health 
risks. Very poor water quality, (WQI= 76-100), indicate that 
the water in this range exhibits substantial deviations from 
the desired standards for several parameters, indicating an 
elevated level of contamination or pollution. It implies that 
the water is unsuitable for most uses, including drinking, 
without extensive treatment or purification processes. Unfit 
for consumption (WQI>100): WQI values exceeding 100 
indicate extremely poor water quality. Water falling within 
this range is unsuitable for consumption or most uses without 
thorough treatment (Horton, 1965).

The ranges are typically divided into several categories, 
such as Excellent (WQI= 0-25) that signifies the high quality 
of water and safety for its various uses, including human 

In equation 2.2, (Wn) represents the unit weight of water 
quality for a certain quality parameter. Sn is the standard 
permissible limit of the parameter (Table 1, Jordanian 
Standards), and K is a constant that can be determined from 
equation 2.3. 

The constant K scales the unit weights appropriately, 
ensuring that the sum of all unit weights equals one.

In equation 2.4, Qn is the quality rating for a certain 
quality parameter, Vn is the estimated value of the certain 
quality parameter, and Vi is the ideal value of the parameter. 
The ideal (Vi0) value for drinking water is set to zero for 
all parameters except pH, which is set to 7.0 (Bouslah et al., 
2017).

In this study, the Water Quality Index (WQI) will be 
determined based on fifteen parameters used in the analysis. 
These parameters include pH, Electrical Conductivity, 
Turbidity, Alkalinity, Hardness, Total Dissolved Solids, 
Calcium, Magnesium, Chloride, Sodium, Potassium, Nitrate, 
Phosphate, Sulfate, and Chloride. They have been selected 
as indicators for evaluating the overall water quality. Table 
2 illustrates Water Quality Index (WQI) ranges, providing 
a way to interpret the overall water quality, based on the 
calculated WQI value.

(Equation _2.1)

(Equation _2.2)

(Equation _2.3)

(Equation _2.4)

Table 2. Water Quality Index (WQI) Classification (Brown et al., 1972).

WQI (Ranges) water quality classification

0-25 Excellent

26-50 Good

51-75 Poor

76-100 Very poor

>100 Unfit for consumption

3. Result and Discussion
3.1 Physical Parameters 

  Monitoring and managing the physical characteristics 
of water is essential to maintain its safety and suitability 
for various uses. The results obtained from analyzing the 
physical parameters of electrical conductivity (EC) and 
turbidity provide valuable insights into water quality) Figure 
3(. There are many sources of turbidity in water tanks, such 
as air dust and bird waste in case of improper covering of 
the tanks. Also, the provided water may contain a significant 
level of turbidity. Turbidity is the cloudiness or haziness of 
water caused by particles such as sediment, organic matter, 
and microorganisms. High turbidity levels can reduce light 
penetration in water, affecting the disinfection process. 
Moreover, suspended particles can harbor harmful bacteria 
and viruses, making the water unsuitable for drinking (Hung 
et al., 2020). The maximum value of turbidity was 3.50 NTU 
in sample 13, and the minimum value (0.13 NTU) was found 
in samples 3 and 4, and the average turbidity was 0.88 NTU. 
All ‘samples’ values were within the permissible limit of 5 
NTU according to both the WHO and Jordanian standards. 
Similarly, Luvhimbi et al. (2022) investigated the water 
quality of household containers and found that pH and EC 
ranged from 7.6 to 9.7 and from 19 to 903 µS/cm, respectively. 

Electrical conductivity (EC) is a measure of a water 
sample’s ability to conduct an electrical current. It is an 
important indicator of dissolved salts and other ions in water, 
such as Ca, Mg, and Cl (Razman et al., 2022). Water can 
dissolve many inorganic and organic substances such as Na, 
K, Ca, Mg, SO4, and bicarbonates. These dissolved solids 
impart an undesirable color and taste to water. The figure 
below displays the data for 22 samples. Based on the present 
study, it has been determined that the electrical conductivity 
(EC) ranged from 536.0 µS/cm to866.0 µS/cm, with an 
average value of 707.8 µS/cm. The obtained results fall 
within the permissible limit of 1000µS/cm according to the 
(WHO). However, according to Jordanian standards, some 
values exceeded the allowable limit of 700µS/cm.



Figure 3. EC and Turbidity results for 22 samples.

3.2 Chemical parameters  
Chemical quality refers to the concentration of different 

chemical substances in water. Assessment of the chemical 
composition is crucial because it greatly influences water 
suitability for drinking, industrial, and irrigation purposes. 
Many factors can affect the chemical composition of water, 

 The pH values ranged from 7.3 to 8.3, with an average of 
7.7. All values were within the allowable limits of WHO and 
Jordanian standards (6.5–8.5). For hardness, the maximum 
value was 360 mg/L, the minimum was 203.1 mg/L, and 
the average was 320.8 mg/L. All values were within the 
permissible limit according to WHO (600) and Jordanian 
standards (500). The TDS ranged from 268 mg/L to 433 
mg/L, with an average of 350 mg/L, and all values were 
below the permissible limits for both standards. Water with 
a TDS level of more than 500 mg/L can cause many human 
health effects, such as gastrointestinal irritation (Ogoamaka 
and Osarumwense, 2022). The alkalinity was between a 
minimum value of 120 mg/L and a maximum value of 380 
mg/L, with an average of 260 mg/L, where some values 
exceeded the permissible limit of WHO (200 mg/L).

The concentrations of magnesium and calcium were 
within the permissible limits of the WHO and Jordanian 
standards, with average concentrations of 79.9 mg/L and 
29.5 mg/L for calcium and magnesium, respectively. The 
maximum concentrations reached 96.8 mg/L and 35.3 mg/L 
for both parameters. Excessive concentrations of Mg in 
drinking water result in osmotic diarrhea and laxative effects 
(Ogoamaka and Osarumwense, 2022). The sodium values 

were also within the permissible limits for both standards, 
with the highest value at 80.8 mg/L.

For SO4-2, Cl-, K+, and NO3-, the maximum values 
were lower than the permissible limits of the WHO and 
Jordanian standards, with max values of 71.9 mg/L, 133.9 
mg/L, 7.6 mg/L, and 25.9 mg/L, respectively. A high 
level of Sulphate can cause cathartic or laxative effects 
on human health, while high concentration of NO3 causes 
blue baby syndrome, methemoglobinemia, and many 
health effects. The concentration of (PO4) ions in the water 
sample tested ranged from 0.01 mg/L to   0.5 mg/L, with an 
average concentration of 0.1 mg/L. It is worth noting that 
the maximum concentration of (PO4) was far below the 
permissible value set by the WHO, which is 1 mg/L. Overall, 
the results of chemical analyses were within the permissible 
limits set by the WHO and the Jordanian standard.

Luvhimbi et al. (2022) reported lower values of the 
chemical parameters in the water of household containers in 
South Africa, where the maximum values of Ca, K, Mg, and 
Na were 31.6, 1.8, 16.6, and 12.9 mg/l. The elevated levels of 
the chemical parameters in our study could be attributed to 
the longer storage period in the tank, which reaches 2 weeks 
during the summer season. 

such as the type of roof material, tank cover, and storage 
method. Therefore, regular monitoring and assessment of 
the water’s chemical quality are essential to ensure its safety 
and suitability for their intended uses. While most inorganic 
compounds are essential for human health and the formation 
of cells, organs, and tissues, elevated levels can cause adverse 
health effects. For example, Na is necessary to regulate fluid 
in the human body and to control muscle and nerve function; 
however, high levels of Na can cause high blood pressure 
and kidney and cardiovascular diseases (Luvhimbi et al., 
2022). A low level of K is necessary for protein synthesis 
and carbohydrate metabolism; however, excessive levels 
can cause dangerous conditions such as cardiac arrest and 
reduced urine output (Ogoamaka and Osarumwense, 2022). 
Table 3 below illustrates the minimum, maximum, and 
average values for pH, hardness, Alkalinity, TDS, calcium, 
magnesium, nitrates, phosphates, sulfate, chloride, sodium, 
and potassium with the permissible limits for drinking water 
according to (WHO) and Jordanian standards. 

Table 3. Results of chemical parameters for 22 samples.

Parameter Min Max Average WHO JS

pH 7.3 8.3 7.7 6.5 - 8.5 6.5 - 8.5

Hardness 203.1 360 320.8 600 mg/L 500 mg/L

TDS 268 433 350 10000 mg/L 1000-1300 mg/L

Alkalinity 120 380 260.5 200 mg/L -----

Ca+2 37.1 96.8 79.9 100 mg/L 75-200 mg/L

Mg+2 23.5 35.3 29.5 50 mg/L 50-120 mg/L

Na+ 18.4 80.8 30.8 200 mg/L 200 – 300 mg/L

PO4 < 0.01 0.5 0.1 1 mg/L -----

SO4-2 14.4 71.9 29.2 400 mg/L 500 mg/L

Cl- 37.3 133.9 56.2 250 mg/L 200 – 500 mg/L

K+ 2.1 7.6 3.4 20 mg/L 12mg/L

NO3- 4.3 25.9 21.4 50 mg/L 50 – 70 mg/L

AL-Nawafleh and Al-Zboon / JJEES (2026) 17 (2): 199-206203



Figure 4. Percentage Distribution of Water Quality Status

3.3 Biological Parameters 

3.4 Analysis of water quality index (WQI)

Household water tanks can be assessed based on 
several biological parameters, including the presence of 
microorganisms, such as bacteria, viruses, and parasites. 
The level of biological contamination in tap water is an 
essential aspect to monitor, as it can affect the quality and 
safety of the water supply. The present study measured total 
coliforms, E. coli, and pseudomonas. No contamination of 
E. coli was detected in the water storage tanks, as shown 
in Table 4. The investigation found that households’ water 
storage tanks contained both Pseudomonas and total 
coliforms. Pseudomonas was found in 18 samples, 11 of 
which had concentrations greater than 100 CFU/100 ml, as 
shown in Table 4. This means the water in the storage tanks 
is unsafe to drink and must be cleaned before use.

Furthermore, some samples also contained total 
coliforms. Two of the samples had more than 100 CFU/100 
mL, while 10 had less than 100 CFU/100 mL. However, it 
should be noted that both total coliform and Pseudomonas 
should be absent in drinking water according to the WHO 
guidelines. Luvhimbi et al., 2022, found that household 
storage tanks in Thulamela municipality, South Africa, 
contained high levels of total coliforms, with some samples 
exceeding 2000 MPN/100ml, whereas one sample showed a 
positive level of E. coli. 

classified as “Excellent”, indicating a high level of water 
quality. A smaller proportion of samples (14%) fall within 
the “Good” range, still indicating satisfactory water quality. 
Notably, there are no samples classified as “poor,” “Very 
poor,” or “Unfit for consumption.” In summary, the table 
provides an overview of the distribution of water quality 
in the given dataset. While most samples exhibit excellent 
water quality, there is still a need for improvement to address 
the smaller proportion of samples categorized as good. By 
focusing on pollution prevention, implementing effective 
water treatment measures, and adopting sustainable 
management practices, it is possible to ensure clean, 
safe, and reliable water for both human consumption and 
environmental sustainability.

Table 5 illustrates the distribution of water quality index 
(WQI) values for 22 samples, along with their corresponding 
WQI categories. The WQI values ranged from 6.36 to 47.62, 
and the categories assigned are “Excellent” and “Good”. 
Figure 4 shows that most of the water samples (86%) are 

Sample Total coliform E. Coli Pseudomonas

1 <1 CFU/100ml <1 CFU/100ml 88 CFU/100ml

2 <1 CFU/100ml <1 CFU/100ml <1 CFU/100ml

3 <1 CFU/100ml <1 CFU/100ml 5 CFU/100ml

4 <1 CFU/100ml <1 CFU/100ml 5 CFU/100ml

5 <1 CFU/100ml <1 CFU/100ml 40 CFU/100ml

6 <1 CFU/100ml <1 CFU/100ml < 1CFU/100ml

7 1 CFU/100ml <1 CFU/100ml 262 CFU /100ml

8 <1 CFU/100ml <1 CFU/100ml 2 CFU /100ml

9 <1 CFU/100ml <1 CFU/100ml 33 CFU/100ml

10 <1 CFU/100ml <1 CFU/100ml 8 CFU/100ml

11 13 CFU/100ml <1 CFU/100ml >100 CFU/100ml

12 19 CFU/100ml <1 CFU/100ml >100 CFU/100ml

13 >100 CFU/100ml <1 CFU/100ml >100 CFU/100ml

14 54 CFU/100ml <1 CFU/100ml >100 CFU/100ml

15 43 CFU/100ml <1 CFU/100ml >100 CFU/100ml

16 >100 CFU/100ml <1 CFU/100ml >100 CFU/100ml

17 49 CFU/100ml <1 CFU/100ml >100 CFU/100ml

18 44 CFU/100ml <1 CFU/100ml >100 CFU/100ml

19 33 CFU/100ml <1 CFU/100ml >100 CFU/100ml

20 49 CFU/100ml <1 CFU/100ml >100 CFU/100ml

21 14 CFU/100ml <1 CFU/100ml < 1 CFU/100ml

22 20 CFU/100ml <1 CFU/100ml 10 CFU/100ml

Table 4. Results of biological parameters for 22 samples

Table 5. Water Quality Index (WQI) Analysis for 22 Samples

Samples WQI value WQI category

1 6.36 Excellent

2 7.55 Excellent

3 7.21 Excellent

4 7.09 Excellent

5 8.72 Excellent

6 7.29 Excellent

7 7.99 Excellent

8 7.05 Excellent

9 7.64 Excellent

10 10.26 Excellent

11 32.26 Good

12 18.32 Excellent

13 25.42 Excellent

14 18.48 Excellent

15 17.27 Excellent

16 20.91 Excellent

17 16.65 Excellent

18 20.04 Excellent

19 23.15 Excellent

20 20.62 Excellent

21 47.62 Good

22 42.69 Good
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4. Conclusion
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Abstract

1. Introduction 

Lakes and reservoirs play a critical role in storing and 
regulating freshwater supplies, particularly in arid and semi-
arid regions. These water bodies store 87-88% of Earth’s 
liquid surface freshwater (Yao et al., 2020; Hirji & Duda, 
2024), providing essential services such as water supply, 
food security, and climate resilience (Hirji & Duda, 2024). 
However, many lakes face threats from salinization, water 
diversion, pollution, and climate change (Williams, 1999; 
Williams, 2002). Recent studies reveal widespread declines 
in global lake water storage, attributed to climate warming, 
increased evaporation, and human water consumption 
(Yao et al., 2023; Zhao et al., 2024). These changes impact 
water availability, biodiversity, and ecosystem functions 
(Williams, 1999). Effective management of lakes requires 
integrated approaches that consider water quality, quantity, 
and basin-wide factors (Parparov & Hambright, 1996). 
Lakes also serve as sentinels and regulators of climate 
change, providing valuable data on environmental shifts 
(Williamson et al., 2009). 

Iraq faces significant water resource challenges due to 
its arid climate, characterized by high temperatures and 
limited rainfall (Al-Maliki et al., 2022; Ali et al., 2024). 
The country has constructed large-scale water storage 
infrastructure, including dams and reservoirs, to meet 
agricultural, domestic, and industrial demands (Hamid 
et al., 2024). However, climate change is exacerbating 

water scarcity, with predictions of decreased precipitation, 
increased evapotranspiration, and potential drying of major 
rivers by 2040 (Al-Ansari, 2013; Al-Maliki et al., 2022). 
Studies have shown significant reductions in climatic water 
availability and increases in crop water demand across 
most of Iraq (Salman et al., 2020). These challenges are 
further compounded by population growth, urbanization, 
and inefficient water use (Ali et al., 2024). To address these 
issues, Iraq requires a strategic water management vision, 
including regional cooperation, improved agricultural 
practices, and investments in research and development (Al-
Ansari, 2013).

The Iraqi government launched the Tharthar Dam Project 
in 1956 as one of the country’s most important hydrological 
initiatives. The project was designed primarily for flood 
mitigation and water storage, diverting excess water from 
the Tigris River through the Samarra Dam Regulator into 
Tharthar Lake, and subsequently releasing it back into the 
Tigris and Euphrates Rivers via the Dividing Regulator. It 
involves developing natural depressions as reservoirs, along 
with constructing barrages, regulators, and dykes to control 
and manage water flow. To enhance operational efficiency, 
an expert system was developed for managing the Tharthar 
Lake system under varying hydrological conditions. As 
a result, the project plays a critical role in ‘ ‘Iraq’s water 
resource management strategy and its efforts to mitigate 
flood risks. Beyond its hydrological function, Tharthar Lake 
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Water is the basis of life and a key component of various economic activities upon which humans depend. Lakes are an 
important reservoir of freshwater worldwide, particularly in arid and semi-arid countries such as Iraq. One of the most 
significant challenges associated with water storage in Iraq is the substantial loss due to evaporation, estimated at 9 billion 
cubic meters annually. Hence, this study aims to estimate evaporation from Tharthar Lake, Iraq’s largest water reservoir, with 
a capacity of approximately 85 billion cubic meters. Analysis of the L’ ‘Lake’s imagery revealed relative variability in surface 
area, ranging from 1509.79 to 1574.59 km², primarily due to fluctuations in water inflow and outflow. Shallow areas showed 
greater thermal responsiveness, while deeper regions remained more thermally stable. The results indicated that monthly 
evaporation varied significantly, from a minimum of 90.45 mm in January to a maximum of 422.85 mm in August. Overall, 
the findings confirm that Tharthar Lake is highly influenced by ‘ ‘Iraq’s climatic regime, which is witnessing a steady annual 
increase in temperature. Overall, the use of thermal infrared sensors (TIRS) on Landsat 8 satellites is more effective than 
ground-based stations for monitoring lake surface temperatures across large temporal and spatial scales. This remote sensing 
approach enhances reliability while reducing both time and labor requirements.
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2- Study Area

3. Methods

The study area is situated within the Iraqi Al-Jazeera 
Plateau, spanning the administrative boundaries of Salah 
al-Din and Anbar Governorates (Figure 1). Geographically, 
it lies between longitudes 42°59′ to 43°42′ E and latitudes 
33°39′ to 34°36′ N. Tharthar Lake, the largest freshwater 
lake in Iraq, is located between the Tigris and Euphrates 
rivers. It has a maximum storage capacity of approximately 
85 billion cubic meters, with a water surface elevation of 65 
meters above sea level and a surface area of 2,710 km² at 
full capacity. The dead storage volume is about 35.45 billion 
cubic meters, with a water level of 40 meters above sea level 
and a corresponding surface area of 1,589.17 km². The Lake 
serves as a vital flood control reservoir, storing excess water 
to protect cities along the Euphrates River. It also plays a 
critical role in the national water distribution system by 
regulating flows to both the Tigris and Euphrates rivers. The 
region experiences a semi-arid climate with extreme seasonal 
temperatures—averaging around 36°C in summer and 
dropping to 7°C in winter. According to ‘ ‘Thornthwaite’s 
drought index, the region’s aridity coefficient ranges between 
4.7 and 8.2 (Awwad & Remal , 2021؛ Al-Fahdawi et al,2022). 
Long-term precipitation data over 50 years show a declining 
trend, with a rate of -0.885 mm/year (Muslih, 2022؛ Oroud 
Altubeiri,2023 ؛Al-Timimi, et al,2024). Topographically, the 

Given the spatial and temporal variability of temperature 
across the Tharthar Lake region—and the limited availability 
of nearby meteorological stations—this study employed 
remote sensing techniques to monitor surface temperature 
and estimate evaporation rates. These spatial methods offer 
a reliable means of generating a geospatial database for water 
resource management in Iraq. By analyzing satellite-derived 
temperature and surface water extent over two hydrological 
years (October 2022–September 2024), the study aimed 
to develop scientific models that represent the L’ ‘Lake’s 
dynamic thermal and hydrological behavior.

Two primary datasets were used. Landsat 8 Operational 
Land Imager (OLI) and Thermal Infrared Sensor (TIRS) 
images were obtained from the United States Geological 
Survey (USGS) database. A total of 24 images (one per 
month) were selected, each with a spatial resolution of 30 × 30 
meters. In addition, hydrological records, including monthly 
inflow and outflow volumes, were sourced from relevant 
Iraqi governmental authorities. As the study area spanned 
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offers multiple socio-economic and environmental benefits, 
including irrigation of vast tracts of agricultural land, 
aquaculture development, tourism, groundwater recharge, 
and climate moderation.

Given the strategic importance of Tharthar Lake, the 
efficient monitoring and management of its water resources 
are essential, especially amid increasing climatic stress. One 
effective method for assessing changes in water temperature 
and evaporation is the use of remote sensing technologies—
particularly Land Surface Temperature (LST) measurements 
derived from the Thermal Infrared Sensor (TIRS). TIRS 
detects infrared radiation through the thermal Bands 10 and 
11 on the Landsat 8 and 9 satellites, providing high-resolution 
data that are crucial for hydrological and environmental 
research (Yang et al., 2020؛Aya,2025). The advancement 
of satellite technologies—with improved spatial 
resolution, shorter revisit times, and broader coverage—
has significantly enhanced our understanding of energy 
and moisture exchanges between Earth’s surface and the 
atmosphere (Oroud, 2019; Ahmed, 2022). These capabilities 
are especially valuable for estimating evaporation from water 
bodies by accurately capturing surface temperature data.

This study aims to assess seasonal and interannual 
variations in Land Surface Temperature (LST) over Tharthar 
Lake using data from the Thermal Infrared Sensor (TIRS) on 
Landsat 8 and 9, and to estimate corresponding evaporation 
rates under varying climatic conditions. It seeks to evaluate 
the impact of rising temperatures—driven by climate 
change—on surface water dynamics, with a particular focus 
on evaporation losses from the Lake. By analyzing spatial 
temperature patterns and thermal variability across the 
Lake’s surface, the research identifies factors influencing 
heat distribution and water loss.

basin features a notable elevation range, from 1,371 meters 
above sea level in the northern areas down to approximately 
60 meters in the south, yielding a vertical relief of 1,311 
meters. The total area of the lake basin is estimated at 
32,237.93 km² (Figure 2).

 Figure 1. Location of the study area.

 Figure 2. Topography of the study area.
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multiple Landsat scenes, mosaicking was performed using 
ArcGIS to unify the scenes into a single composite image. 

The Normalized Difference Water Index (NDWI) was 
used to extract the Lake’s surface area for each month. NDWI 
exploits the high reflectivity of water in the green band and 
its low reflectivity in the near-infrared (NIR) band:NDWI 
equation:(Jassim, 2017)

Values closer to +1 indicate water bodies, while values 
near or below zero indicate land features such as vegetation 
or urban areas. NDWI was applied to each image to delineate 
the Lake’s boundary and calculate its surface area monthly.

Monthly water levels and volumes were extracted from 
satellite images and cross-referenced with topographic maps 
of the Tharthar Lake basin. This enabled the estimation of 
water volume and elevation changes over the study period. To 
assess surface temperature dynamics, the thermal Band 10 
from Landsat 8 was used following a multi-step procedure:

- Digital numbers (DN) from Band 10 were converted to 
spectral radiance using the following equation (Sajib et al., 
2020): as Equation

where:
• LλL_{\lambda}Lλ​ = Spectral radiance (W/
m²·sr·µm)
• ML=0.0003342M_L = 0.0003342ML​=0.0003342, 
AL=0.1A_L=0.1AL​=0.1 (band-specific calibration 
constants)
• QcalQ_{cal}Qcal​ = Band 10 DN value
- Radiance values were converted to Top-of-
Atmosphere Brightness Temperature using (Allen 
et al., 2007), as Equation

Where:
• K1=774.8853K_1=774.8853K1​=774.8853,K2=1
321.0789K_2=1321.0789K2​=1321.0789 (thermal 
conversion constants)
• TBT_BTB​ = Temperature in °C
- Emissivity was calculated using vegetation 
proportion derived from NDVI values as follows 
Equation (Al-Qayyssi,et al,.2024؛Yasir, et al., 2020)

Where:
• PvP_vPv​ = Proportion of vegetation
• ε\varepsilonε = Surface emissivity
- The Land Surface Temperature (LST) was 
computed using the formula (Ebtihal Taki et al., 
2023):Equation

Where:
• λ\lambdaλ = Central wavelength (11.5 µm for 
Band 10)
• ρ=14380\rho = 14380ρ=14380 (‘ ‘Planck’s constant 

constant)
• ε\varepsilonε = Land surface emissivity
- Monthly evaporation rates were estimated based 
on the extracted LST values using empirical 
relationships. In addition, water losses were 
computed using the Langer method, which accounts 
for local climatic conditions and surface area to 
determine evaporation losses over time.

4. Results and Discussion

The satellite-derived surface temperature data from 
Tharthar Lake over the two-year study period (October 2022 
to September 2024) reveal pronounced seasonal and spatial 
thermal variability consistent with the characteristics of 
semi-arid continental climates. The observed peak surface 
temperatures of 33.8°C in July 2023 and 34.8°C in August 
2024 are indicative of strong solar insolation and atmospheric 
conditions such as clear skies and low-pressure dominance 
during summer months. These findings align with previous 
studies in similar climatic regions, where solar radiation and 
prolonged daylight hours are key drivers of elevated lake 
surface temperatures (Kumar, R.,2018). Conversely, the lowest 
temperatures of 9.6°C and 8.7°C during January reflect typical 
winter cooling, influenced by the Siberian high-pressure 
system and Mediterranean depressions, which is consistent 
with known regional climatology (e.g., Al-Ansari et al., 2013).

The seasonal temperature amplitude exceeding 25°C 
plays a pivotal role in shaping the hydrological regime of 
Tharthar Lake, primarily by modulating evaporation rates. 
This strong thermal dynamic is critical because evaporation 
is the dominant form of water loss in such closed basins. The 
spatial temperature gradients further highlight the thermal 
heterogeneity of the Lake, with warmer, shallower southern and 
southwestern edges responding rapidly to seasonal warming, 
while deeper central regions maintain greater thermal inertia 
and stability due to water column mixing and depth effects 
(Salman,2020). This spatial variability in temperature not 
only affects evaporation but may also influence stratification, 
nutrient cycling, and aquatic habitat quality, underscoring 
the need to incorporate spatial heterogeneity in future 
hydrodynamic and ecological models of the Lake.

The observed seasonal fluctuations in lake surface area, 
with a notable increase in variability during the 2023–2024 
water year, suggest an intensification of climatic influences, 
particularly evaporation and inflow variability. The larger 
seasonal shrinkage in surface area (83.48 km² difference) 
relative to the previous year reflects heightened sensitivity 
to changing meteorological conditions. Such patterns have 
been documented in other endorheic lakes worldwide, where 
seasonal evaporation and precipitation fluctuations drive 
dynamic surface area changes (Yang et al., 2020). The fact 
that surface area closely follows temperature and evaporation 
trends further validates surface temperature as a proxy for 
hydrological stress in the Lake.

Water level measurements indicate relatively stable but 
slightly declining trends, reflecting a balance between inflows, 
evaporation, and water management practices. The stabilization 
of levels between 38.1 and 38.4 m during 2023–2024 suggests 
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active management interventions aimed at maintaining lake 
volume, which is essential for sustaining local water supply 
and ecological functions. Such anthropogenic regulation is 
a common response to water scarcity in arid environments, 
but must be balanced against long-term sustainability given 
increasing climate variability.

Evaporation estimates derived from the Langer equation 
are consistent with temperature trends and demonstrate a clear 
increase in evaporative losses from one year to the next. The 
peak monthly evaporation rates above 400 mm in summer 
months, alongside total annual evaporation exceeding 2600 
mm, emphasize the L’ ‘Lake’s vulnerability to thermal stress 
and the resultant water loss. This increment of 56.47 mm in 
annual evaporation between the two years may appear modest 
but is significant given the cumulative impact on the L’ ‘Lake’s 
water balance over time. Elevated evaporation rates during 
periods of low inflow magnify drought risk and can precipitate 
rapid lake level declines, negatively affecting water availability 
for agricultural, industrial, and domestic uses.

The pronounced thermal gradients and increasing 
evaporation underscore Tharthar ‘ ‘Lake’s sensitivity to 
climate change and highlight the importance of adaptive 
management strategies. The discussion of mitigation 
approaches such as surface covers (Rezazadeh et al., 2020) 
and windbreak plantations is highly relevant. These strategies 
have demonstrated effectiveness in reducing evaporation by 
creating physical barriers or altering microclimatic conditions, 
thereby conserving precious water resources in arid and semi-
arid zones.

Rainfall variability, with a trend toward reduced and 
delayed precipitation, compounds the lake’s hydrological 
challenges. The shift in rainfall timing and amounts disrupts 
the traditional hydrological regime, reducing the effectiveness 
of winter and early spring replenishment, which has been 

documented in other Middle Eastern basins affected by climate 
change(Al-Ansari et al., 2018). The combination of decreased 
rainfall and increased evaporation promotes hydrological 
drought and accelerates desertification processes, reinforcing 
the need for integrated water resource management that 
incorporates climate adaptation measures and sustainable 
water use policies.

Overall, while this study provides valuable insights, 
several limitations warrant consideration. Monthly satellite 
observations may miss shorter-term temperature and water-
level fluctuations driven by episodic weather events, which 
could influence evaporation dynamics. Also, although satellite 
data are effective for large-scale monitoring, limited ground-
truthing of temperature, evaporation, and water-level data 
may introduce inaccuracies. In addition, the Langer equation, 
while practical, is a simplified approach that may not capture 
all physical processes influencing evaporation, such as 
wind speed variability, humidity gradients, or lake surface 
roughness.

Albeit with these limitations, the study significantly 
advances understanding of climate-lake interactions in 
the Tharthar Basin and offers several implications. The 
identification of temperature and evaporation as key drivers 
of lake dynamics supports prioritizing thermal monitoring in 
future water resource plans and drought mitigation strategies. 
Also, highlighting increasing evaporation trends and rainfall 
shifts informs climate adaptation policies, emphasizing the 
need for diversified water supply and demand management. 
The findings provide scientific evidence for policymakers to 
enforce sustainable lake management and coordinate regional 
efforts to address climate-induced water scarcity. Overall, 
the study establishes a baseline for ongoing remote sensing 
monitoring and more detailed modeling of hydrological and 
ecological processes in arid lake systems.

No Date Of 
Capture

Visual Water Level
Rise Start And End

Of Month (M)

Water Volume
InsideLake
/Billion M3

Calculated Area
From Satellite
Visuals/Km2

Average Water
Surface Temperature

For Each Month
1 15/10/2022 39.22 35.22 1574.59 26.2
2 15/11/2022 1568.53 19.3
3 25/12/2022 1566.48 15.6
4 18/1/2023 1566.19 9.6
5 19/2/2023 1564.82 11.1
6 23/3/2023 1560.73 15.4
7 16/4/2023 1559.4 13.4
8 10/5/2023 1574.56 24.4
9 19/6/2023 1566.47 20.6
10 13/7/2023 1554.17 33.8
11 14/8/2023 1540.73 32.5
12 15/9/2023 38.4 33.19 1529.84 28.9
13 17/10/2023 38.1 32.69 1522.35 24.2
14 18/11/2023 1513.76 18.4
15 4/12/2023 1509.79 15.2
16 5/1/2024 1509.73 8.7
17 22/2/2024 1510.92 10.9
18 10/3/2024 1509.94 11.7
19 2/4/2024 1559.41 15.5
20 28/5/2024 1593.21 26.4
21 13/6/2024 1566.47 31.5
22 15/7/2024 1554.17 32.7
23 16/8/2024 1540.73 34.8
24 17/9/2024 38.4 33.18 1529.84 26.9

Table 1. Water levels(m), surface area (km2), and average temperature (°C) for the months covered by the study.



Figure 1. Variation of lake surface temperature for the period 2022-2024
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Continuing from Figure 1. Variation of lake surface temperature for the period 2022-2024
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4 - Calculating evaporation using the Langer equation 
(simplified by Penman):

E = (700*(T+0.006h)/(100-A)+15(T-Td))/(80-T) (T-Td)= 
0.0023h + 0.37 T + 0.53R+0.35Rann – 10.9 

Where: 

E = evaporation rate from the water surface (mm/day) 

T = average temperature (°C) 

Td = average dew point temperature (°C) 

A = latitude (34) 

h = elevation above sea level (45m) 

R = monthly average daily temperature range (14.05 om) 

Rann = average temperature of the warmest and coldest 
months (23.2) (Hassan, 2013) 

due to the highest  temperatures, while the lowest evaporation 
value, 123.7 mm, was recorded during January due to the 
lowest temperatures. In the 2023-2024 hydrological year, 
the highest total monthly evaporation value, 422.8 mm, 
was recorded during August, while the lowest monthly 
evaporation value, 90.4 mm, was recorded during February.

In addition, integrative analyzes between remote sensing 
data and hydrological modeling indicate that Lake Tharthar 
shows an increasing response to short- and long-term climate 
fluctuations, making it a sensitive system to any change 
in energy or water inputs. Determining the quantitative 
relationship between temperature change, evaporation rates, 
and changes in surface area provides a scientific basis for 
estimating early warning indicators of drought. These results 
also confirm the necessity of developing high-accuracy 
predictive models based on thermal and temporal data to 
improve water resources management and enhance the 
resilience of the ‘ ‘lake’s ecosystem in the face of accelerating 
climate change.

The final monthly evaporation values were calculated 
using the Langer equation for the 2022-2023 hydrological 
year, as shown in Table 2. The highest calculated monthly 
evaporation values, 402.9 mm, were recorded during July 

Table 2. Calculating monthly and annual evaporation using the Langer equation for the 2022-2023 hydrological year

Table 3. Calculating monthly and annual evaporation using the Langer equation for the 2023-2024 hydrological year

Langer Temp 0 C T-Td        EVAP.mm/day  Evap.mm/month

Oct 26.2 14.46 9.25 277.53

Nov 19.3 11.91 6.32 189.47

Dec 15.06 10.34 4.89 146.78

Jan 9.6 8.32 3.26 97.80

Feb 11.1 8.88 3.68 110.48

Mar 15.4 10.47 5.00 150.10

Apr 13.4 9.73 4.37 131.04

May 24.4 13.80 8.43 252.85

Jun 20.6 12.39 6.86 205.67

Jul 33.8 17.28 13.43 402.91

Aug 32.5 16.82 12.63 378.90

Sep 28.9 15.46 10.59 317.80

Total 2661.35

Langer Temp 0 C T-Td EVAP.mm/day       Evap.mm/month

Oct 24.2 6.28 6.34 190.16

Nov 18.4 11.58 5.99 179.62

Dec 15.2 10.39 4.94 148.14

Jan 8.7 7.99 3.02 90.45

Feb 10.9 8.80 3.63 108.76

Mar 11.7 9.10 3.86 115.71

Apr 15.5 10.51 5.04 151.08

May 26.4 14.54 9.35 280.37

Jun 31.5 16.43 12.03 360.82

Jul 32.7 16.87 12.74 382.27

Aug 34.8 17.68 14.09 422.85

Sep 26.9 14.72 9.59 287.58

Total 2717.82
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5. Conclusion
This study of Tharthar ‘ ‘Lake’s satellite-derived surface 

temperature and hydrological data over the two years 
from October 2022 to September 2024 reveals significant 
seasonal and spatial thermal variability characteristic of 
semi-arid continental climates. The pronounced temperature 
fluctuations, with summer peaks and winter lows, strongly 
influence evaporation rates and surface water dynamics. 
These patterns align with regional climatology, underscoring 
the dominant role of solar radiation, atmospheric pressure 
systems, and climatic seasonality in shaping lake thermal 
regimes. Spatial temperature heterogeneity highlights 
differential responses between shallow and deep lake zones, 
with implications for evaporation, water-column mixing, 
and aquatic ecosystem health. The observed increase in 
seasonal surface area variability and evaporation rates 
between study years indicates heightened sensitivity to 
climatic fluctuations, further stressing the vulnerability of 
closed-basin lakes like Tharthar to ongoing climate change.

Our findings provide crucial insights into climate-
lake interactions in arid environments and establish a 
valuable baseline for ongoing remote sensing efforts and 
refined hydrological modeling. The demonstrated linkage 
between thermal dynamics, evaporation, and lake hydrology 
underlines the importance of integrating temperature 
monitoring into water management and climate adaptation 
policies. This research supports informed decision-making 
for sustainable water use. It highlights the urgency of 
coordinated regional strategies to mitigate climate-induced 
water scarcity in the Tharthar Basin and similar ecosystems.
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The Lateral and Vertical Variations in Petrophysical 
Properties of Zubair Formation in the East Baghdad Oil Field
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Abstract

1. Introduction 
Well logging is one of the most widely used methods 

in petroleum engineering and geology because it has many 
advantages. It provides detailed information about many 
petrophysical and rock properties, and is much cheaper than 
coring or drilling. Many. Many studies have used well log data 
to evaluate the petrophysical characteristics of hydrocarbon-
containing formations. For example, Albeyati et al. (2021) 
assessed the petrophysical properties of the Balad Oilfield in 
Iraq by combining all available data, including petrographic 
image analysis (PIA), well logs (resistivity, density, and 
gamma rays), and core data (permeability and porosity). 
Al-Majid (2022a) used a so-called velocity deviation log 
(VDL) derived from a porosity log to detect the presence of 
hydrocarbons in the Haritha Formation, which is considered 
one of the productive formations in the Qayyarah oil field 
in northern Iraq. Al-Mawla et al. (2023) used well log data 
to estimate porosity types and the percentage of shale in the 
Bajawan Formation, a productive formation of the Kirkuk 
field in northern Iraq. Al-Juraisy and Al-Majid (2025) also 
determined the petrophysical properties and oil content of 
the Hartha Formation in the Qayyarah field in northern Iraq. 
They identified three zones in the formation relative to the 
percentage of oil.

The East Baghdad Oil Field comprises several oil 
fields spanning over 1,000 km2 and is situated east of the 

Baghdad Governorate. Al-Mansurrya and Al-Suwayrah 
regions, respectively, constitute its northern and southern 
borders (Figure 1). The East Baghdad Oil Field extends more 
than 100 km from northwest to southeast, with some areas 
exceeding 10 km in width.
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The Zubair Formation is one of the main producing formations in the East Baghdad oil field, which is considered one of the 
largest producing oil fields in central Iraq, with its oil reserves exceeding 10 billion barrels. The formation is subdivided 
into sex parts according to lithological facies. This study aims to evaluate the petrophysical and geological characteristics 
of the Zubair Formation and to build three-dimensional models that show the distribution of these characteristics. Well logs 
data for three wells (EB-2, EB-4, and EB-16) were analyzed using the Interactive software (IP) to evaluate the formation’s 
petrophysical properties. Porosity and permeability types were obtained by analyzing data from the three well logs. The 
results of two cross plots (Neutron Porosity-Density, and M-N) indicate that the lithology of the Zubair Formation is mostly  
sandstone, with small amounts of dolomite and limestone present in certain areas, and shale makes up a sizable portion of the 
volume (up to 50 %). In general, the Zubair Formation has a good total porosity (about 25% on average). Secondary porosity 
ranges from very low at the base to increasing towards the top of the formation. In contrast, effective porosity ranges from 
0% to 15% depending on the shale content of the formation rocks. Permeability varies from low to high (2-600 md) depending 
on the porosity values and percentage of shale. The water and oil saturation of all formation units for the three studied wells 
ranged between (10-100 %). Three-Dimensional models of porosity, permeability, and saturation of water for the Zubair 
Formation have been made to view the distribution and variation of these properties in a three-dimensional view. 
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1.1. Location 

1.2 Geology
Structurally, the East Baghdad field is an anticline 

affected by numerous longitudinal and transverse faults, 
which led to its division into independent sections containing 
different oil and gas reservoirs. It led to the development 
of the Arabian Peninsula’s largest oil and gas reserves. 
Many NW-SE-trending faults in the field produce oil that 
originates from the Early Cretaceous sandstone parts of the 
Zubair Formation, the Late Cretaceous Tanuma Formation, 
and the Late Cretaceous Khasib Formation (Sharland et al., 
2001).

Stratigraphically, the Zubair Formation section includes 
many rock types, such as sandstone, carbonates, siltstone, 
and shale, deposited in marine and lagoon environments 
(Ali and Jassim, 2023). The Zubair Formation is one of the 
lower Cretaceous deposits, characterized by sandstone and 
shale that alternate, with a few thin layers of limestone in 
the upper portion of the formation. Its age is regarded as 
Berriasian-Valanginian. In the study area, The thickness of 
the Zubair formation is roughly 400m, and Figure 2 shows 
the stratigraphic section of the formations in the field (Al-
Haleem, 2010).
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According to the final geological report of the Central 
Oil Company in the East Baghdad oil field (IPC,1982), the 
Zubair Formation was divided into six units (from A to Z) 
depending on the rock content of each unit.

The primary aim of this study is to determine the amount 
of hydrocarbon in the Zubair Formation by analyzing 
petrophysical characteristics derived from well log data and 
creating three-dimensional models of these characteristics 
(porosity, permeability, and water saturation).

 Figure 1. The location map of the study area with the locations of 
studied wells (Modified from Al-Ameri and Al-Obaydi, 2011)

 Figure 2. Stratigraphic section of East Baghdad Oil Field (Al-
Haleem, 2010)

2. Materials and Methods
Well log data from three wells (EB-2, EB-4, and EB-16) 

in the East Baghdad Oil Field were used in this study, namely: 
Gamma ray, SP, porosity, and resistivity logs. All data used 
in this work were environmentally corrected to reduce the 
effects of mud cake, drilling mud, and other environmental 
factors. Many equations are used for calculating the required 
parameters and correcting them (Al-Majid, 2019, Al-Juraisy 
and Al-Majid, 2021, Al-Majid, 2021, Al-Majid, 2022a, Al-

Majid, 2022b, Boddy and Smith, 2009, and Ebrahim, et al, 
2023) (Table. 1). Several computer programs (Interactive 
Petrophysics (IP), Techlog, Petrel E&P, and NeuraLog 
programs) were used to facilitate and reduce the time spent 
in digitizing the data, preparing the data, well log analysis, 
data analysis, and results plotting.

Table 1. The measurement and correction equations used in this study

3. Results
3.1. Lithology

3.1.1 Neutron Porosity- Density (NPHI-RHOB) Cross plot

3.1.2. M-N Cross plot

Lithology is one of the important parameters in evaluating 
geological formations. In order to delineate the lithology of 
the Zubair Formation in the study area, two types of cross-
plots were used:

Neutron Porosity-Density cross-plots were applied to 
determine the main rock component of the Zubair Formation 
in the three studied wells by observing the assemblages 
of points around rock types (sandstone, dolomite, and 
limestone). Most of the points are located near the sandstone 
line (Figure 3). From Figure 3, it is clear that the main 
component of the Zubair Formation in the three wells is 
sandstone, with limestone and dolomite percentages varying 
from one well to another. As for the shale, it increased in well 
EB-4 compared to the other two wells.

The two factors (M and N), calculated using equations 
11 and 12, respectively, are assigned to the three wells to 
apply the M-N cross-plot, which shows the basic mineral 
compositions in the Zubair Formation (Figure 3).

From the M-N cross plots above, most of the points 
gather around the site of silica, which is the main mineral 



composition of sandstone. This concentration means that 
the main parts of the formation are sandstone, which is 
consistent with the results of the NPHI-RHOB cross plots. 
Also, from Figure 3, it can be seen that some points are 
located in the limestone and dolomite zones, indicating the 
presence of layers of limestone and dolomite within the 
Zubair Formation. 

So, according to the analysis of Figures 3 and 4, the Zubair 
Formation is mainly composed of sandstone interspersed 
with some layers of limestone and dolomite.

Al-Majid and Al-Juraisy / JJEES (2026) 17 (2): 216-222218

 Figure 3. NPHI-RHOB cross plot applied on the three studied wells 
(EB-2, EB-4, and EB-16).

 Figure 5. Shale volume of the three studied wells

 Figure 6. Total porosity values of the three studied wells.
 Figure 4. M-N Cross plot applied to the three studied wells (EB-2, 

EB-4, and EB-16).

3.2. Shale Volume

3.3. Porosity

3.3.1 Total porosity.

The shale volume (Vsh) is determinative in correcting 
porosity types and water saturation ratios based on shale 
content (Wahid et al., 2022). Vsh is calculated using the 
equations 5, and 6 respectively (Ajisafe and Ako, 2013). It is 
clear that there is an increase in the shale volume at the upper 
parts of the three wells, and in well EB-4 compared to other 
wells (figure 5).

Three types of porosity have been calculated in this 
study:

The total porosity (NPHID) values for wells EB-2, EB-4, 
and EB-16 have been calculated using equation 3. They are 
relatively high, reaching about 25%, especially in well EB-
4, as its values are greater than those of the other two wells 
(Figure 6).
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3.3.2. Effective porosity

3.3.3. Secondary porosity

After accounting for the shale effect on total porosity, 
effective porosity (PHIE) values for the Zubair formation 
in the three studied wells are calculated using equation 10 
(Figure 7). There was a close relationship between the total 
porosity values ​​and the effective porosity values ​​in the three 
wells

of the Zubair Formation (equations 13 and 14, respectively). 
The results demonstrated that the water saturation values 
of Zubair Formation range between (10% - 100%) (Figure 
10). This means that the percentage of saturation with 
hydrocarbon ranges between (100% - 10%). The highest 
hydrocarbon saturation appears in the C unit, followed by the 
A unit. There is a clear increase in water saturation in well 
EB-16, accompanied by a decrease in oil saturation

The secondary porosity values (PHIsec) are calculated 
using equation (4) as the difference between total and sonic 
porosities. The PHIsec values at wells EB-2 and EB-4 are 
almost equal in all units, while they are slightly larger in well 
EB-16 (Figure 8).

 Figure 7. Effective porosity values of the three studied wells.
 Figure 8. Secondary porosity values of the three studied wells in 

the study area

 Figure 9. Permeability values for the three wells in the study area.

3.4. Permeability

3.5. Saturation

The calculated permeability values for the three wells 
show that the highest permeability was observed in wells 
EB-4 and EB-16. The highest values (about 600 md) are 
observed at several units of well EB-4, while the lowest 
values are observed at most units of well EB-2. Figure 9 
displays the three wells’ permeability values.

Determining water saturation (Sw) is an important 
characteristic that helps determine the amount of hydrocarbon 
in the oil reservoir (Mohammed et al., 2021). Water saturation 
is the fraction of the pore volume occupied by water. Improper 
calculation of water saturation leads to significant errors in 
the estimation of hydrocarbon saturation (1-Sw). There are 
several methods to determine water saturation, including 
dielectric measurements, nuclear measurements, the ratio 
technique (SP vs. Rxo/Rt), crossplots, F- overlays, Archie’s 
equation, and shaly sand methods. In this study, Archie’s 
formula was used to calculate the water and oil saturations 
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3.6.1. Porosity Model

3.6.2. Permeability Model

Total and effective porosity models of the Zubair 
Formation were built based on results from porosity logs. 
Each unit is characterized by a specific range of porosity 
values (Figure  11).

Permeability is also considered one of the Petrophysical 
properties in formation evaluation. The method used to 
build the absolute permeability model was the Statistical 
Sequential Gaussian Simulation Algorithm, with normal 
score transforms and experimental variogram ranges 
calculated. The major direction azimuth is (-41°) as shown 
in Figure 15.

 Figure 10. The saturation distribution in the three studied wells.

 Figure 11. Total porosity model of Zubair Formation.

 Figure 12. N-S cross-section shows the distribution of the total 
porosity of Zubair Formation.

 Figure 13. Effective porosity model of Zubair Formation.

 Figure 15. Permeability model of the Zubair Formation.

 Figure 14. N-S cross-section shows the distribution of the effective 
porosity of the Zubair Formation 

 Figure 16. N-S cross sectionshows distribution of the permeability 
of Zubair Formation

3.6. Petrophysical Modeling Process
Reservoir modeing in the oil and gas sector is the process 

of building a computer model of a petroleum reservoir to 
better estimate reserves, make field development decisions, 
forecast future production, install additional wells, and 
assess different reservoir management scenarios. A regular 
or irregular grid defines the array of distinct cells that 
make up a reservoir model, which depicts the reservoir’s 
physical space. Although 1D and 2D models are occasionally 
employed, the array of cells is typically three-dimensional. 
Each cell has values for characteristics including water 
saturation, permeability, and porosity. 

The process of assigning petrophysical property values 
(permeability, water saturation, and porosity) to every cell in 
a three-dimensional grid is known as petrophysical property 
modeling. For simulating the distribution of petrophysical 
characteristics in a reservoir model, Petrel provides a 
number of algorithms. Geostatistical techniques were used 
to construct the petrophysics model. Based on the porosity, 
water saturation, and permeability measurements, which 
were adjusted and evaluated in the IP software, models 
of these parameters were constructed. To account for the 
volume of data at hand, the Sequential Gaussian Simulation 
algorithm was employed. 
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3.6.3. Water Saturation Model

One of the petrophysical characteristics used to evaluate 
a deposit is water saturation. Water saturation values are 
used to describe each unit. Models of water saturation, 
environment, and porosity were found to match (Figure 17).

The Zubair Formation is considered lithologically 
complex, as it contains many rock types (Aqrawi et al., 
2010). The proportions of these rocks vary from one region 
to another, and even within one region between one well 
and another (IPC,1982). This variation in lithology is clearly 
observed in the large dispersion of points on the NPHI-
RHOB cross-plot (Figure 3) and the M-N Cross plot (Figure 
4). This variation led to a large variance and overlap in 
the petrophysical properties calculated for the three study 
wells. However, in general, by observing the values ​​of the 
calculated petrophysical parameters, we can distinguish 
some evidence as follows:

Regarding the total porosity, it can be noted that there 
is, in general, an increase in this type of porosity in most 
parts of the bottom of the formation) Figures 11&12). This 
is perhaps due to the increase in the proportion of clastic 
sediments in this part of the formation, as reflected in the 
sand-to-shale ratio. 

It can also be noted that the increase in total porosity at 
the bottom of the formation is accompanied by an increase 
in effective porosity (Figures 13 and 14), and permeability 
(Figures 15 &16). On most sites, this increase may be related 
to the increase in the sandstone percentage.

Logically, an increase in water saturation indicates a 
decrease in hydrocarbon saturation (heavy oil at this site). 
The amount and method of oil distribution in the formation 
depend mainly on many factors, the most important of 
which are characteristics of the fluid and rock heterogeneity 
(Chioma et al., 2018). Therefore, it can be noticed that water 

The authors are extremely grateful for the facilities 
provided by the Petroleum and Mining Engineering & 
College of Science at the University of Mosul, which have 
significantly improved the quality of this study.

According to the interpretation results of the wells’ data 
for the three studied wells, we can conclude the following:

- The Zubair Formation rocks consist mainly of 
sandstone, with interbedded layers of shale, siltstone, 
limestone, and dolomite.
- The formation rocks generally contain a relatively 
high percentage of shale, which is randomly distributed 
throughout the formation and varies between 
approximately 40% and 100%, reaching 100% in some 
parts of the formation while not exceeding 1% in others.
- The total porosity of the formation can be considered 
good, as it ranged between 15% and more than 30% in 
most parts of the formation 
- The permeability of the formation rocks varied greatly 
between parts of the formation and from one well 
to another, ranging from 0 to 600 md, perhaps due to 
variations in the proportion of low-permeability shale 
within these rocks.
- Formation porosity contains a good range of 
hydrocarbon saturation (10-100%), and the variability of 
this hydrocarbon saturation depends on the amount and 
type of porosity in the formation’s parts.

saturation increases  from the lower to the upper part of the 
formation. This may be due to the density of water being 
greater than that of oil, and the presence of oil with water 
in some of the upper areas of the formation may be due to 
the close density match between the heavy oil present in the 
reservoir and the density of water. In this case, heterogeneity 
plays an important role in the amount and distribution of 
the fluids, as less-dense fluids (oil) can move and distribute 
within small pores, while more-dense fluids (water) 
are unable to move and distribute within small spaces. 
Because the Zubair Formation contains many different and 
overlapping rocks, which mainly include sand rocks with 
large pore sizes and shale rocks with small pores, we note 
that there is overlap in the zones and amounts of oil, water 
saturation in most parts of the formation (Figure 10)

4. Discussion 
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 Figure 17. Water saturation model of Zubair Formation.

 Figure 18. N-S cross-section shows the distribution of the water 
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Abstract

1. Introduction 

Climate change poses profound threats to sustainable 
development globally, particularly through increasing flood 
risks that disproportionately affect coastal and island regions 
(Vousdoukas et al., 2023). Among these, small islands 
are considered highly vulnerable due to their low-lying 
topography, limited adaptive capacity, and exposure to sea-
level rise, storm surges, and coastal erosion (Parmesan et 
al., 2022). In Southeast Asia, Vietnam is widely recognized 
as one of the most climate-exposed countries, with flood 
hazards threatening infrastructure, livelihoods, and economic 
resilience in both urban and rural areas (Boateng, 2012; Tuyet 
Hanh et al., 2020).

Cat Ba Island, the largest landmass in its archipelago 
and designated as a UNESCO Biosphere Reserve, represents 
a clear example of such vulnerability. Intensified flood 
events, resulting from rising sea levels, saltwater intrusion, 
and increasingly frequent typhoons, are placing increasing 
stress on critical infrastructure, including coastal roads and 
embankments, while directly impacting fisheries, tourism, 
and community well-being (Giang & Khanal, 2024).

Similar trends have been reported in other rapidly 
urbanizing settings, where increasing impermeable surfaces 
and limited drainage worsen flood impacts. (Oroud, 2025) 
shows that land-cover change in Amman has intensified 
runoff and concentrated flooding in low-lying districts. These 
conditions mirror what is now emerging on Cat Ba, where 
rapid tourism-driven expansion and inadequate drainage are 
increasing local flood susceptibility.

While significant attention has been given to physical 
exposure and hazard mapping, social vulnerability remains 
underexplored yet critical to climate risk. Socioeconomic 
conditions, such as high population density, limited access to 
services, and dependence on climate-sensitive livelihoods, can 
significantly limit communities’ adaptive capacities (Cutter 
et al., 2012; Mai & Truong, 2022). In Vietnam, empirical 
studies indicate that combined pressures from flooding and 
salinization have intensified livelihood disruptions, triggered 
out-migration, and further deepened existing inequalities (Ta 
& Linh, 2024).

Although Vietnam’s vulnerability to climate change 
has been widely acknowledged, most existing assessments 
focus on large-scale or provincial levels, lacking spatial 
granularity and place-specific insights. In particular, there 
remains a critical knowledge gap regarding fine-scale social 
vulnerability assessments for small islands such as Cat Ba, 
where localized socio-demographic characteristics and 
infrastructure limitations can substantially influence risk 
exposure (Dao & Dao, 2024; Van Phong et al., 2023).

This gap reflects broader global trends. Recent literature 
reviews have consistently identified enduring limitations 
in vulnerability assessments, particularly the insufficient 
incorporation of socioeconomic variables, the limited 
representation of localized contexts, and the lack of rigorous 
validation procedures (De Sherbinin et al., 2019). While 
an increasing number of studies have adopted integrated 
GIS-based frameworks, such as those utilizing AHP-based 
vulnerability assessments in Bangladesh (Ha-Mim & 
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2. Study area 

This study focuses on Cat Ba Island, the largest landmass 
in the Cat Ba Archipelago, located off the northeastern 
coast of Vietnam in Hai Phong Province, situated between 
106°54′20″–107°07′20″E and 20°42′40″–20°52′40″N. Cat 
Ba Island and its surrounding islets cover a total area of 
approximately 173 km², as shown in Figure 1. The archipelago 
has a mean elevation of approximately 200 m above sea 
level, reflecting a dissected karst landscape dominated by 
steep ridges and narrow valleys  (Van Quan et al., 2010). 
Demographically, Cat Ba Island has around 18,000–19,000 
permanent residents. Recognized as a UNESCO Biosphere 
Reserve since 2004, the island encompasses diverse 
landscapes including karst limestone formations, tropical 
forests, and low-lying coastal zones (Hue et al., 2024). Its 
socioeconomic profile is shaped by a rapidly expanding 
tourism industry, small-scale aquaculture, and dispersed 
residential communities, many of which are situated in areas 
increasingly exposed to flood hazards (Hoang & Truong, 
2023). Intensifying typhoons, shoreline erosion, and saltwater 
intrusion have placed mounting pressure on infrastructure 
systems and local livelihoods (Maliva, 2021), underscoring 
Cat Ba’s significance as a representative site for assessing 
the intersection of climate-related social and environmental 
vulnerabilities.

Historical disaster records indicate that Cat Ba has 
experienced recurrent inundation in recent years. Typhoon 
Yagi in 2024 produced extensive flooding across Cat Ba 
Town and surrounding low-lying areas, disrupting transport 
and coastal infrastructure (VnExpress, 2024). More recently, 
prolonged rainfall in September 2025 caused additional 
inundation in Xuan Dam, Viet Hai, Cat Ba Town and Phu 
Long, with flood depths ranging from approximately 0.2 to 
0.5 m and lasting for 1–3 hours (Newspaper, 2025). Such 
recurring events highlight the urgency of identifying social 
and environmental hotspots of flood risk on Cat Ba Island to 
inform adaptive planning and risk-reduction strategies.

Hossain, 2022), PCA combined with AHP models in Florida, 
USA (Xie & Meng, 2023), and multi-hazard mapping efforts 
in Romania (Ajtai et al., 2023; Chelariu et al., 2024). Most 
of these applications remain focused on urban or mainland 
regions. As a result, they seldom capture the compounded 
nature of social and environmental vulnerabilities in island 
communities.

National and regional vulnerability assessments are 
typically conducted at coarse spatial resolutions and depend 
on highly aggregated indices, which limit their relevance for 
local-scale adaptation. Existing reviews also note that most 
mapping efforts remain heavily oriented toward biophysical 
indicators, with only modest incorporation of social 
dimensions and very limited empirical validation against 
observed hazard impacts (Birkmann et al., 2022; Bukvic et 
al., 2020; De Sherbinin et al., 2019; Yarveysi et al., 2023). 
Against this backdrop, a fine-scale, empirically validated 
social–environmental vulnerability assessment for Cat Ba 
Island provides a useful complement to existing national and 
regional products.

Addressing this research gap, the present study applies a 
GIS-based Spatial Multi-Criteria Analysis (SMCA), integrated 
with the Analytic Hierarchy Process (AHP) to assess social 
vulnerability to flooding on Cat Ba Island. This integrated 
approach allows the combination of both environmental 
and socioeconomic indicators into a transparent, structured 
decision-making framework that is intuitive and adaptable to 
data-sparse environments. While advanced methods, such as 
machine learning, offer strong predictive performance, they 
often function as opaque “black boxes” that are difficult for 
local planners to interpret or adapt (De Sherbinin et al., 2019; 
Rudin, 2019; Uddameri & Hernandez, 2025). In contrast, the 
Analytic Hierarchy Process (AHP) provides a structured, 
transparent, and participatory framework that enables expert 
input and traceability, especially in data-scarce contexts (Ajtai 
et al., 2023). Accordingly, this study aims to (i) construct 
social and environmental hotspots to flood risk for Cat Ba 
Island using an integrated AHP and SMCA approach and (ii) 
validate its predictive performance using flood observations 
derived from Sentinel-1 Synthetic Aperture Radar (SAR) 

imagery. The findings are intended to support localized 
climate adaptation, risk reduction, and socially inclusive 
spatial planning in small island environments.
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Figure 1. Map of Cat Ba Island.
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3.1. Materials
Fourteen spatial criteria were selected to represent 

key environmental and social factors influencing climate-
related flood risk on Cat Ba Island. The criteria encompass 
terrain (elevation, slope), hydrological exposure (distance 
to rivers, rainfall, drainage density, stream power index, 
topographic wetness index), land cover (land use/land 
cover, NDVI, NDWI), and social exposure (population and 
building density, distance to services). Table 1 summarizes 
selected flood vulnerability indicators, including LULC, 
river proximity, slope, elevation, rainfall, NDWI, TWI, 
SPI, and NDVI, as well as their classification thresholds, 
data sources, and influence on vulnerability, based on 
expert knowledge and literature relevant to regional 
flooding.

Prior to analysis, each layer was standardized to a 
uniform vulnerability scale, ranging from 1 to 5, to ensure 
comparability, with higher scores indicating greater 
vulnerability (Table 1 and Figure 2). Direct factors, such 
as population density, were scored positively (higher 
values representing higher vulnerability), while inverse 
factors, such as distance to health facilities, were reverse-
scored (greater distance indicating higher vulnerability). 
For example, elevation was reclassified so that low-lying 
coastal areas (<5 m) received very high vulnerability 
scores. In contrast, higher terrain was assigned lower 
scores, consistent with coastal flood risk assessments 
(Khan et al., 2025). Definitions of influence direction 
were determined to maintain consistency across criteria.

All indicators were processed and standardized on a 
30-meter spatial resolution grid covering the entire Cat 
Ba Island study area. The resolution was selected to align 
with the spatial resolution of the primary base datasets, 
including the SRTM 30 m Digital Elevation Model, 
Sentinel-2 MSI (10–30 m), and the Google Dynamic World 
V1 (10 m resampled to 30 m). Below is a summary of the 
indicators used:

Land Use/Land Cover (LULC): Areas dominated 
by urban or impervious surfaces tend to have increased 
runoff and higher flood risk, whereas regions with natural 
vegetation or wetlands can enhance infiltration and 
mitigate flooding (Khodaei et al., 2025). We classified 
LULC types so that built-up or bare land areas receive 
higher vulnerability scores, while forested or wetland 
areas receive lower scores.

Distance to Rivers (DRi): Proximity to rivers elevates 
exposure to fluvial flooding (e.g., overbank flows and 
backwater effects). Locations closer to river channels are 
thus considered more vulnerable, as even moderate rain 
events can lead to flooding in adjacent lowlands (Khan et 
al., 2025; Miranda et al., 2023).

Slope: Flat or low-slope areas allow water to 
accumulate and stagnate, making them more prone to 
inundation, whereas steep slopes facilitate faster runoff 
and are generally less flood-prone (Khan et al., 2025; 
Tariq et al., 2022). We assigned higher vulnerability scores 

to gentler slopes.

Elevation: Low-elevation zones (especially <5 m 
above sea level) are highly susceptible to coastal flooding 
and storm surges, while higher-elevation areas are less 
exposed. Accordingly, lower elevations were scored as 
more vulnerable.

Rainfall (Annual): Regions with higher precipitation 
totals are likely to experience greater runoff volumes and 
flood frequencies. Areas on Cat Ba with higher long-term 
average rainfall were thus scored as having higher flood 
vulnerability. The mean rainfall for 2024 was derived 
through interpolation in ArcGIS.

Normalized Difference Water Index (NDWI): NDWI 
is a remote sensing index that emphasizes the presence 
of surface water and soil saturation by contrasting near-
infrared and shortwave infrared reflectance. High NDWI 
values indicate the presence of standing water bodies or 
marshy conditions, signaling existing flood-prone or 
waterlogged areas (Abijith et al., 2025; Ji et al., 2009; 
Konapala et al., 2021). Areas with persistently high NDWI 
were considered more vulnerable.

Topographic Wetness Index (TWI): TWI models 
the potential for soil saturation and water accumulation 
based on terrain shape. Higher TWI values correspond 
to locations where water naturally converges and 
accumulates (e.g., valleys and depressions), thereby 
correlating with increased flood susceptibility (Abijith et 
al., 2025; Adnyana & Wiguna, 2025).

Stream Power Index (SPI): SPI measures the erosive 
power of flowing water and is related to slope and drainage 
area. Lower SPI values often identify low-gradient plains 
or wide valleys where water loses energy and can pond or 
overflow, increasing flood risk (Abijith et al., 2025; Kocsis 
et al., 2022). In our context, areas with low SPI (indicative 
of low slope and high potential water accumulation) were 
marked as more vulnerable.

Normalized Difference Vegetation Index (NDVI): 
NDVI quantifies vegetation density by measuring the 
difference in reflectance between near-infrared and visible 
red wavelengths. Areas with dense vegetation cover (high 
NDVI) can intercept rainfall, promote infiltration, and 
stabilize soils, thereby reducing runoff and flood severity. 
Conversely, sparsely vegetated or barren areas (low NDVI) 
exacerbate flood vulnerability due to higher runoff (Khan 
et al., 2025). Thus, lower NDVI areas were scored higher 
for vulnerability.

Drainage Density (DD): Drainage density represents 
the total length of streams and rivers per unit area. Regions 
with a high density of drainage channels may experience 
more concentrated runoff and potentially more severe 
flooding within those channels (Abijith et al., 2025; 
Rautela et al., 2023; Tetteh et al., 2024). High drainage 
density can be a double-edged factor: it indicates efficient 
water removal, but also means many areas are near a 
watercourse. In our scoring, extremely high drainage 
density areas were treated carefully, often in conjunction 

3. Methodology 



with proximity to channels (as represented by the Distance 
to Rivers criterion).

Population Density (PopD): Higher population density 
indicates that more people and assets are exposed within 
a given area, raising the potential human impact of any 
flood event (Ibrahim et al., 2024). Densely populated 
neighborhoods on Cat Ba were thus given higher 
vulnerability scores, reflecting the higher stakes in those 
areas.

Building Density (BD): A high concentration of 
buildings often correlates with more impervious surfaces 
and reduced infiltration, which can increase runoff and 
flood intensity. Moreover, a greater number of structures 
means more property at risk. Areas with high building 
density were marked as more vulnerable to flooding (Son 
et al., 2023).

Distance to Nearest School: Schools and educational 
facilities often serve as emergency shelters or coordination 
centers during disasters. Communities located far from 
a school may have reduced access to safe shelters or 
organized relief in a flood event. Therefore, a greater 
distance from the nearest school was interpreted as higher 
social vulnerability (Isia et al., 2023).

Distance to Nearest Health Center: Access to healthcare 
is crucial during and after flood emergencies for treating 
injuries and illnesses. Communities that are farther from 
clinics or hospitals experience delays in receiving medical 
care. Thus, a longer distance to the nearest health center 
contributes to higher vulnerability (Zhran et al., 2024). 

Each of these criteria was classified into five ordinal 
vulnerability classes (1-5) based on value ranges informed 
by previous studies and local expert consultations. This 
classification approach was iteratively refined to ensure that 
the resulting criteria maps aligned with local knowledge of 
past flood impacts, thereby increasing the reliability of our 
integrated assessment. 

To quantify actual flood extents and validate the 
predictive accuracy of the composite flood risk zones, a 
flood inventory was generated using time-series Sentinel-1 
SAR imagery. The change detection method was applied by 
calculating the backscatter difference between pre-flood 
and post-flood acquisitions, leveraging the sensitivity of 
SAR signals to surface water (Konapala et al., 2021). A 
threshold-based classification was then employed to isolate 
flooded pixels, with calibration based on field knowledge 
and visual interpretation of high-resolution optical imagery.
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No. Data
Classification level

Data sources
Very low Low Moderate High Very high

1 Elevation 0-30 30-74 74-120 120-169 169-297 Topographic maps (1:10.000 scale)

2 Slope 0-8.2 8.2-17.2 17.2-26.1 26.1-36.7 36.7-74 Topographic maps (1:10.000 scale)

3 Distance to rivers 
(DRi) 0-1203 1203-2203 2203-3159 3159-4270 4270-7080 OpenStreetMap (OSM)

4 Drainage density 
(DD) 0-0.08 0.08-0.3 0.3-0.6 0.6-0.9 0.9-1.5 OpenStreetMap (OSM)

5 Rainfall (annual) 231-260 260-277 277-290 290-302 302-325 CHIRPS daily rainfall dataset 
(“UCSBCHG/CHIRPS/DAILY”)

6 NDVI -0.25 -0.01 0.01-0.22 0.22-0.38 0.38-0.49 0.49-0.78 Landsat 8 imagery NDVI = (band 
5- band4)/(band5+band4)

7 NDWI -0.70–-0.44 -0.44–-0.33 -0.33–-0.16 -0.16-0.05 0.05-0.35 Sentinel-2 imagery of 2024

8 TWI -4.9–-2.9 -2.9–-1.3 -1.3-0.9 0.9-3.8 3.8-10.5 Topographic maps (1:10.000 scale)

9 SPI 0-0.25 0.25-1 1-2.2 2.2-4.8 4.8-12.8 Topographic maps (1:10.000 scale)

10
Land use/land 

cover (LULC) - 
2021

0-10 10-40 40-60 60-80 80-95 Google Dynamic World V1 
(Sentinel-2)

11 Population 
density 2.5 2.5-4.9 4.9-41 41.66 66-215 National census (2019)

12 Building density 0-1431 1431-2483 2483-3535 3535-4821 4821-7451 Google Earth + Field Verification

13 Distance to 
nearest school 0-2918 2918-5551 5551-7955 7955-10244 10244-14595 Google Earth + Field Verification

14
Distance to 

nearest health 
center

0-76 76-252 252-487 487-803 803-1107 Google Earth + Field Verification

Table 1. Criteria for Vulnerability Assessment.
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 Figure 2. Input layers for flood vulnerability assessment and Sentinel-1 inundation map (Sept 2024).



Continuing from  Figure 2. Input layers for flood vulnerability assessment and Sentinel-1 inundation map (Sept 2024).
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3.2. Method
To integrate the selected criteria and produce a composite 

flood vulnerability map, this study implemented a GIS-based 
Spatial Multi-Criteria Analysis (SMCA) combined with the 
Analytic Hierarchy Process (AHP) for factor weighting. 
The methodological workflow consisted of four key steps: 
data preprocessing, indicator standardization, expert-based 
weighting using AHP, and GIS-based weighted overlay 
analysis (Figure 3). The AHP method was selected for its 
capacity to systematically incorporate expert knowledge and 
local context into the evaluation model, which is particularly 
advantageous for place-specific assessment (Saaty, 1980). 
Unlike purely statistical techniques, AHP employs a 

structured pairwise comparison framework that captures 
expert judgments on the relative importance of factors, 
effectively reflecting local realities, such as prioritizing 
population density over minor topographic variations when 
assessing flood risk. The widespread application of AHP in 
climate vulnerability studies stems from its transparency and 
flexibility in integrating both qualitative and quantitative 
data (Al-Sababhah, 2023; Bharwani et al., 2013; Udie et al., 
2018). Pairwise comparisons in this study were informed by 
a panel of local experts, including community planners and 
disaster risk management officials, to ensure alignment of 
the derived weights with practical experiences with climate 
hazards in the Cat Ba context.

 Figure 3. Workflow of the proposed approach to the composite flood risk map.
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The Analytic Hierarchy Process (AHP), a structured 
multi-criteria decision-making (MCDM) technique, was 
adopted to rank and weight environmental and social factors 
influencing vulnerability. 

Pairwise comparisons were conducted using Saaty’s 1–9 
scale (Figure 4), where a score of 1 reflects equal importance 
and a score of 9 indicates a strong preference for one factor 
over another (Saaty, 1980). Evaluations from a panel of 
disaster management and environmental experts were 
used to complete the comparison matrix, and the principal 
eigenvector was calculated to obtain normalized weights, 
representing the relative contribution of each criterion to 
overall vulnerability.

relative severity of flood susceptibility across the study area 
and were validated against expert knowledge and observed 
inundation patterns.

The final classified flood vulnerability map was then 
overlaid with the Sentinel-1–derived flood inventory to 
assess predictive accuracy. This validation step involved 
spatial cross-tabulation between predicted vulnerability 
zones and actual flood extents, allowing for quantitative 
evaluation of model performance (Shivhare et al., 2024). The 
high degree of spatial alignment between predicted high-
vulnerability zones and observed flooded areas provided 
empirical support for the reliability of the composite risk 
assessment.

where λmax is the principal eigenvalue of the comparison 
matrix, and nnn is the number of criteria. The CI measures 
the degree to which the judgments deviate from complete 
consistency.

The Random Index (RI), reflecting the average 
consistency of a randomly generated reciprocal matrix, is 
adopted from Saaty’s guidelines (1980). For a comparison 
matrix of order n = 14, the corresponding RI value is 1.57 
(Alonso & Lamata, 2006). Subsequently, Geographic 
Information System (GIS) techniques were employed 
to produce a composite social vulnerability map. Each 
spatial data layer representing a criterion was reclassified 
and multiplied by its corresponding AHP-derived weight. 
The weighted layers were then aggregated through linear 
combination to generate a continuous vulnerability index 
surface.

To support spatial interpretation, the continuous 
vulnerability surface was categorized into four discrete 
classes: Low, Moderate, High, and Very High vulnerability. 
Classification thresholds were determined using the Jenks 
Natural Breaks optimization method, which minimizes 
within-class variance and maximizes between-class 
differences (Komolafe et al., 2020). This method was 
chosen for its suitability in environmental and spatial data 
classification, particularly when values are not uniformly 
distributed. The resulting vulnerability classes reflect the 

Consistency of expert judgments was verified by 
calculating the Consistency Ratio (CR), defined in Eq. (1). 
A CR below the recommended threshold of 0.1 indicated 
acceptable consistency, thereby ensuring the reliability of 
the derived weights (Saaty, 1980). In the present analysis, all 
matrices met this consistency requirement.

 Figure 4. Standard AHP Intensity Scale (Saaty, 1980).

(1)

(2)

(3)

4.1. Spatial Indicators of Flood Vulnerability
The spatial pattern of flood-related vulnerability on Cat 

Ba Island reflects the combined influence of environmental 
exposure, surface conditions, and settlement characteristics. 
High-vulnerability zones are concentrated in low-lying 
coastal centers such as Cat Ba Town and Xuan Dam, where 
dense construction, limited open space, and constrained 
drainage create conditions favorable for recurrent inundation. 
Conversely, upland communes such as Viet Hai and Gia 
Luan exhibit lower susceptibility due to intact vegetation 
and steeper terrain that facilitate runoff and enhance natural 
infiltration.

The results derived from the pairwise comparison 
matrix (Table 2) and the normalized weights (Table 3) 
show that built-environment and demographic indicators 
dominate the weighting structure, with population density, 
building density, and land-use characteristics ranking 
among the most influential criteria in the AHP evaluation. 
Population density (24.27%) and building density (18.12%) 
were the strongest contributors, followed by land use/land 
cover (12.80%) and NDWI (9.39%) (Table 3), indicating the 
role of urban expansion, impervious surfaces, and surface 
saturation in amplifying flood impacts. These findings 
align with previous work highlighting population pressure 
and urban form as central determinants of vulnerability in 
hazard-prone settings (Balaian et al., 2024; Cutter et al., 
2012; Ma & Mostafavi, 2024). Hydrological indicators, 
such as proximity to rivers (6.55%) and drainage density 
(5.22%), exert secondary influence but remain important 
for explaining runoff concentration on valley floors and in 
constrained drainage corridors.

The spatial interaction between these factors produces a 
clear coastal–upland divide. Urbanized southern centers with 
extensive impervious cover show strong correspondence 
with high NDWI values and limited drainage pathways, 
resulting in concentrated flood hotspots. This pattern is 
also evident in Phu Quoc (Dao & Dao, 2024)  and other 
tourism-driven island destinations (Du et al., 2015), where 
similar combinations of dense built-up areas and constrained 
drainage consistently amplify flood risk. Although rivers 
normally function as natural drainage corridors, poorly 
designed or undersized embankments can impede flow and 
intensify localized flooding, a pattern also observed in other 
urbanized watersheds (Zakir, 2024).

4. Results and Discussion 
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In contrast, forested uplands retain greater resilience due 
to higher vegetation cover and terrain gradients that limit 
water accumulation (Janzen et al., 2024; Justine & Seenath, 
2025) on vegetation-mediated hazard mitigation. 

Access to essential services, as reflected in the distance 
to schools (2.86%) and health centers (2.68%), further 
differentiates communities, highlighting areas where 
isolation may intensify the impacts of extreme events 
(Alabbad & Demir, 2025; Hamza et al., 2021).
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Elevation 1 1 0.3 0.3 0.5 0.5 0.2 0.5 1 0.14 0.1 0.1 2 1

Slope 1 1 0.3 0.3 0.5 0.5 0.2 0.5 1 0.1 0.1 0.1 2 2

Distance to rivers 4 4 1 2 2 2 0.5 2 2 0.5 0.3 0.3 2 2

Drainage density 3 3 0.5 1 2 2 0.5 1 2 0.333 0.3 0.25 2 2

Rainfall (annual) 2 2 0.5 0.5 1 2 0.33 2 1 0.25 0.17 0.2 1 1

NDVI 2 2 0.5 0.5 0.5 1 0.3 2 2 0.25 0.14 0.20 1 1

NDWI 6 6 2 2 3 3 1 3 3 0.5 0.25 0.5 3 3

TWI 2 2 0.5 1 0.5 0.5 0.3 1 2 0.3 0.14 0.17 1 1

SPI 1 1 0.5 0.5 1.0 0.5 0.3 0.5 1 0.17 0.11 0.13 2 2

LULC 7 8 2 3 4.0 4 2 4 6 1 0.33 0.5 4 3

Population density 9 9 4 4 6 7 4 7 9 3 1 2 7 7

Building density 9 9 3 4 5 5 2 6 8 2 0.5 1 6 6

Distance to nearest school 0.5 0.5 0.5 0.5 1 1 0.3 1 1 0 0.1 0.2 1 2

Distance to nearest health center 1 0.5 0.5 0.5 1 1 0.3 1 1 0 0.1 0.2 0.5 1

SUM 48.5 49 16 20.17 28 30 12.33 31.5 39 9.10 3.65 5.83 34.5 34

Table 2. Pairwise comparison matrix.

Table 3. Normalization of matrix and final weights.
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Elevation 0.021 0.020 0.016 0.017 0.018 0.017 0.014 0.016 0.026 0.016 0.030 0.019 0.058 0.029 0.0225

Slope 0.021 0.020 0.016 0.017 0.018 0.017 0.014 0.016 0.026 0.014 0.030 0.019 0.058 0.059 0.0245

Distance to 
rivers 0.082 0.082 0.063 0.099 0.071 0.067 0.041 0.063 0.051 0.055 0.068 0.057 0.058 0.059 0.0655

Drainage 
density 0.062 0.061 0.031 0.050 0.071 0.067 0.041 0.032 0.051 0.037 0.068 0.043 0.058 0.059 0.0522

Rainfall 
(annual) 0.041 0.041 0.031 0.025 0.036 0.067 0.027 0.063 0.026 0.027 0.046 0.034 0.029 0.029 0.0373

NDVI 0.041 0.041 0.031 0.025 0.018 0.033 0.027 0.063 0.051 0.027 0.039 0.034 0.029 0.029 0.0350

NDWI 0.124 0.122 0.125 0.099 0.107 0.100 0.081 0.095 0.077 0.055 0.068 0.086 0.087 0.088 0.0939

TWI 0.041 0.041 0.031 0.050 0.018 0.017 0.027 0.032 0.051 0.027 0.039 0.029 0.029 0.029 0.0329

SPI 0.021 0.020 0.031 0.025 0.036 0.017 0.027 0.016 0.026 0.018 0.030 0.021 0.058 0.059 0.0289

LULC 0.144 0.163 0.125 0.149 0.143 0.133 0.162 0.127 0.154 0.110 0.091 0.086 0.116 0.088 0.1280

Population 
density 0.186 0.184 0.250 0.198 0.214 0.233 0.324 0.222 0.231 0.330 0.274 0.343 0.203 0.206 0.2427

Building 
density 0.186 0.184 0.188 0.198 0.179 0.167 0.162 0.190 0.205 0.220 0.137 0.172 0.174 0.176 0.1812

Distance 
to nearest 

school
0.010 0.010 0.031 0.025 0.036 0.033 0.027 0.032 0.013 0.027 0.039 0.029 0.029 0.059 0.0286

Distance 
to nearest 

health 
center

0.021 0.010 0.031 0.025 0.036 0.033 0.027 0.032 0.013 0.037 0.039 0.029 0.014 0.029 0.0268
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Altogether, the results reveal a distinct spatial 
dichotomy: flood vulnerability clusters in urbanized, low-
lying coastal zones, while forested upland areas exhibit 
lower susceptibility. This pattern reflects the interplay 
between built infrastructure, socioeconomic exposure, and 
natural buffering systems. And the AHP–SMCA framework 
effectively captures these spatial relationships and provides 
a robust basis for prioritizing climate-resilient planning on 
small islands.

inland areas dominated by the moderate-risk class remain 
largely unaffected. Together, these patterns indicate that the 
composite flood-risk map effectively captures the principal 
flood-prone zones on Cat Ba Island.

Several spatial hotspots aligned with the High and 
Moderate risk zones. In southern Tran Chau and Cat Ba 
town, high flood intensity was associated with low elevation, 
dense urbanization, and inadequate drainage systems. In 
Phu Long, both the ferry terminal area and western lowlands 
showed considerable exposure due to tidal backflow, 
estuarine influence, and functional infrastructure density. 
Meanwhile, southern Tran Chau, near Cat Ba town, displayed 
notable localized flooding patterns concentrated in natural 
depressions and valley floors, suggesting a combination of 
poor drainage and low-relief terrain.

By contrast, Hien Hao, which is located on the island’s 
western flank, was predominantly classified as Very Low 
to Low flood risk, with minimal recorded inundation. This 
outcome can be attributed to several favorable physiographic 
and land cover characteristics. The area is dominated 
by elevated terrain, steep slopes, and dense vegetation, 
which facilitate rapid surface runoff and reduce water 
accumulation. Additionally, the absence of major urban 
infrastructure and minimal alteration of natural drainage 
patterns further mitigates the flood hazard in this sector. The 
contrast between Hien Hao and the southern lowland areas 
reinforces the role of topography, land use, and hydrological 
connectivity in defining localized flood risk.

Overall, these spatial patterns emphasize the need for 
targeted flood mitigation strategies that go beyond general 
zoning and address specific vulnerabilities in both densely 
developed and geomorphologically constrained areas of Cat 
Ba Island.

The comparison between the composite flood-risk 
map and the 2024 inundation footprint shows a strong 
correspondence in both magnitude and spatial pattern (Figure 
5). Of the 172.85 km² study area, only 16.66 km² (9.6%) was 
flooded, and almost all of this inundation occurred within 
zones classified as moderate, high, or very high risk. The 
relationship between predicted risk zones and actual flood 
impacts becomes evident in Figure 6, where the extent of 
2024 inundation is displayed alongside the area of each 
risk class. The low-risk class occupies just 0.06 km² (0.03% 
of the island) and contains only 0.00006 km² of flooding, 
confirming that areas mapped as low risk are effectively 
unaffected. Although the moderate-risk zone covers the 
largest share of the island (138.31 km²; 80%), it experienced 
only 5.91 km² of inundation (4.3% of its area). In contrast, 
the high-risk class (33.80 km²; 19.6%) contains 5.92 km² of 
flooding, accounting for 35.5% of the total inundation. The 
very-high-risk class shows the most pronounced contrast: 
although it occupies only 0.69 km² (0.4% of the island), 
the surrounding inundation associated with this class 
reaches 4.83 km², or nearly 29% of all observed flooding. 
These area ratios and the close spatial alignment show 
that flooded patches are concentrated mainly in low-lying 
coastal sectors classified as high or very high risk, whereas 

4.2. Social-Environmental hotspots to flood risk on Cat Ba Island

4.3. Discussion

This study underscores the value of integrating GIS-
based Spatial Multi-Criteria Analysis (SMCA) with the 
Analytic Hierarchy Process (AHP) to assess flood-related 
environmental, social vulnerability at a fine spatial scale. 
The weighting of 14 indicators produced a consistency ratio 
(CR) of 0.04, well below the 0.1 threshold (Saaty, 1980), 
confirming the reliability of expert-based judgments. The 
AHP–SMCA framework proves especially suited to small 
island settings, offering a transparent and transferable tool 
for spatial risk diagnostics.

The spatial distribution of social vulnerability on Cat 
Ba Island reveals a clear coastal-inland divide, carrying 
significant implications for both localized planning and 
broader theoretical discourse. High-vulnerability zones 
are primarily concentrated in low-lying, densely populated 
coastal communities (e.g., Cat Ba Town and Xuan Dam), 
whereas interior upland areas with intact forests and steeper 
terrain demonstrate markedly lower vulnerability. Figures 
5 and 6 highlight that flood events in 2024 were largely 
confined to socially and environmentally vulnerable hotspots, 
thereby reinforcing the model’s capacity to accurately 
delineate flood-prone zones on Cat Ba Island despite their 

 Figure 5. Composite Flood Risk Map of Cat Ba Island.

 Figure 6. Discrepancy between flood risk zones and actual 
inundation (Sept 2024).



limited spatial extent. In essence, the GIS–AHP analysis 
not only pinpoints social–environmental hotspots of flood 
risk, but also empirically validates that elevated predicted 
vulnerability corresponds with a disproportionately high 
incidence of real-world flood impacts. 

From a policy standpoint, this study provides a practical 
and spatially explicit framework for climate adaptation 
and spatial planning by identifying flood-prone social and 
environmental hotspots on Cat Ba Island. The results enable 
local authorities to prioritize high-risk zones such as Cat Ba 
Town and southern Tran Chau for targeted interventions such 
as drainage enhancement, climate-resilient infrastructure, 
and community-based preparedness strategies. Given the 
island’s constrained evacuation capacity and infrastructure, 
strengthening adaptive capacity in urbanized coastal zones 
is especially urgent. Moreover, the findings underscore 
the need to regulate unplanned development in low-lying 
areas and to mainstream flood risk considerations into 
spatial planning processes. The overlay of flood data from 
2024 further supports the critical protective role of upland 
forests and coastal mangroves, underscoring the value of 
nature-based solutions as cost-effective, complementary 
alternatives to conventional engineered defenses.

Beyond its practical applications, this study contributes 
to the theoretical understanding of flood vulnerability by 
illustrating how social and environmental factors interact 
to create concentrated risk in insular settings. On Cat Ba 
Island, high-exposure zones, which are characterized by 
dense populations, limited services, and poor drainage, 
closely align with areas of low elevation and intense land-use 
pressure. Together, these overlapping conditions give rise 
to well-defined social–environmental hotspots. This spatial 
overlap illustrates the compound nature of vulnerability, 
where socioeconomic stress and physical exposure reinforce 
each other. The contrast between flood-prone urban 
lowlands and more resilient upland areas highlights how 
vulnerability is highly place-specific and shaped by human–
environment dynamics. By providing fine-scale, empirical 
evidence from a small island context, the study advances 
current frameworks by emphasizing the need for integrated 
approaches to climate risk that account for both social 
conditions and environmental constraints simultaneously.

The methodological contribution of this study lies in 
developing a transparent and replicable workflow that 
integrates AHP, GIS-based Spatial Multi-Criteria Analysis 
(SMCA), and Sentinel-1 SAR–derived flood data. The 
use of SAR imagery provided a robust validation layer, 
demonstrating that areas identified as highly vulnerable 
indeed corresponded with observed flood extents in 2024. By 
balancing expert-derived judgment with empirical satellite 
evidence, the approach ensures transparency and avoids the 
opacity of data-intensive “black box” models. Its reliance on 
open-access datasets and standard GIS techniques further 
enhances the transferability of the method to other small island 
settings facing similar constraints in monitoring capacity 
and planning resources. While the approach offers clear 
methodological and practical advantages, several limitations 
should be acknowledged to contextualize the findings and 

guide future research. Several methodological limitations 
warrant consideration. First, the use of 30-m resolution 
datasets may underrepresent micro-topographic depressions, 
drainage channels, and fine-scale urban structures that 
strongly influence local flood dynamics. Second, the AHP 
framework relies on expert judgment, which introduces a 
degree of subjectivity into the weighting process; although 
consistency checks were applied, the results may still vary 
depending on the composition and experience of the expert 
panel. Third, Sentinel-1 SAR imagery introduces potential 
uncertainty in steep or forested terrain, where layover, 
shadowing, and wet-surface backscatter can distort flood 
detection. Future work may address these limitations by 
incorporating higher-resolution elevation data, using multi-
temporal SAR observations, and testing machine-learning 
classifiers. Such improvements would help enhance both 
the predictive accuracy and the broader applicability of the 
hotspot-based flood-risk framework.
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5. Conclusion
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Abstract

1. Introduction 

The release of synthetic dyes, such as crystal violet (CV) 
and methylene blue (MB), from textile, pharmaceutical, and 
food industries is a significant source of water pollution. 
These cationic dyes are persistent, bioactive molecules that 
can cause eye and skin irritation, cyanosis, and potentially 
carcinogenic effects in humans and animals (Senthilkumaar 
et al., 2005; Saeed et al., 2010; Li et al., 2016; Ibrahim et 
al., 2019). In surface waters, their intense color reduces light 
penetration, suppressing photosynthesis and disrupting 
aquatic food webs, which ultimately degrades water quality 
and ecosystem stability (Wang et al., 2019; Cheng et al., 2022). 
As global concerns about water quality and environmental 
sustainability continue to grow, there is an increasing 
demand for efficient and cost-effective methods to remove 
these pollutants from water sources (Bikram et al., 2023). 
Adsorption is recognized as a promising approach for the 
removal of dyes from aqueous solutions due to its simplicity, 
effectiveness, and versatility (Gupta and Suhas, 2009; Al-
Jboor and Khalili, 2011; Alnasra and Khalili, 2023). Over 
the past decade, researchers have made substantial progress 
in exploring novel adsorbent materials to address the dye 
removal challenge. Among these materials, activated carbon 
derived from agricultural waste products has garnered 
attention for its affordability, sustainability, and remarkable 

adsorption capabilities (Foo and Hameed, 2012; Öztürk and 
Bektaş, 2004).

Lemon charcoal, as a potential candidate in this context, 
is derived from lemon peels, which are often discarded as 
waste. Several studies have investigated the adsorption 
properties of lemon charcoal for various pollutants, 
showcasing its potential as a versatile adsorbent material 
(Foo and Hameed, 2012; Öztürk and Bektaş, 2004; Al-
Qadri et al., 2024). The utilization of lemon charcoal as an 
adsorbent material not only offers a sustainable solution 
to waste management but also holds promise for efficient 
dye removal (Foo and Hameed, 2012; Ramutshatsha-
Makhwedzha et al., 2022). The utilization of lemon peels 
in this study aligns with the global effort to minimize 
agricultural waste and repurpose it for environmental 
remediation. Lemon peels, often discarded as by-products 
of the citrus industry, are a valuable resource due to their 
high lignocellulosic content and bioactive compounds. This 
study demonstrates how these residues can be transformed 
into functional biochar, contributing to a circular economy 
model. Beyond lemon peels, future research should explore 
integrating other agricultural wastes, such as orange peels, 
banana skins, and sugarcane bagasse, to diversify potential 
adsorbent sources. Such efforts would not only reduce waste 
generation but also expand the scope of sustainable water 
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Synthetic cationic dyes, such as crystal violet (CV) and methylene blue (MB), are persistent water pollutants that pose 
toxicological risks and impair aquatic ecosystems, while conventional activated carbons remain relatively expensive and 
are not always derived from sustainable sources. There is a particular lack of systematic kinetic and thermodynamic data 
for commercially available lemon-derived charcoals used under near-neutral pH conditions relevant to water treatment. 
This study evaluates the adsorption performance of a lemon-derived charcoal (LC) adsorbent for effectively removing CV 
and MB from aqueous solutions. The ‘adsorbent’s physico-chemical characteristics were determined by Fourier transform 
infrared (FTIR) spectroscopy, X-ray diffraction (XRD), thermogravimetric analysis (TGA), and scanning electron 
microscopy (SEM), confirming the presence of functional groups (e.g., hydroxyl, carbonyl, and phenolic) and a porous 
microstructure crucial for dye binding. Operational factors, including adsorbent dosage, contact time, and temperature, were 
examined to optimize adsorption. Kinetic results indicated that both dyes followed a pseudo-second-order model, consistent 
with a chemisorption-controlled rate. Isotherm analyses demonstrated a predominantly monolayer adsorption mechanism 
compatible with the Langmuir model, yielding maximum dye removal efficiencies of 82.24% for CV and 77.37% for MB. 
Thermodynamic assessment revealed that CV adsorption is exothermic, while MB adsorption is endothermic. Overall, these 
findings underscore the potential of commercially available lemon-derived charcoal as an eco-friendly and cost-effective 
adsorbent for mitigating dye pollution in wastewater treatment systems. 
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treatment technologies. This research aims to contribute 
to the existing body of knowledge by examining the 
adsorption capacity of LC specifically for CV and MB, two 
dyes with distinct chemical properties. Understanding the 
adsorption behavior of lemon charcoal towards these dyes is 
crucial for its practical application in wastewater treatment 
and environmental remediation. Moreover, it provides 
an opportunity to explore the underlying mechanisms 
governing the adsorption process, contributing to a broader 
understanding of adsorption phenomena. 

2.1 Chemicals and Preparation of the Adsorbent

2.2 Instrumentation

2.3 Calibration curves for dyes

2.4 Adsorption experiments 

All chemicals used in this study were of analytical 
grade. Commercial lemon-wood charcoal in granular form 
was purchased from a local supplier in Amman, Jordan, and 
is marketed simply as “LC”. CV and MB were analytical-
grade dyes, obtained from Gain Chemical Company (GCC) 
and s.d. Fine-Chem Ltd., respectively. According to the 
‘manufacturers’ specifications, both dyes have dye content ≥ 
90% and were used as received without further purification.
Hydrochloric acid (HCl, 37%) was purchased from Tedia, 
and sodium hydroxide pellets (NaOH) from Merck KGaA.

LC was supplied as a pre-carbonized lemon-wood 
charcoal produced industrially by slow pyrolysis in limited 
oxygen. The manufacturer did not disclose the exact 
operating temperature or provide specific BET surface 
area or pore volume data; therefore, information on 
microstructure and porosity was inferred from the XRD, 
SEM, and TGA analyses presented in Section 3.1, which are 
consistent with a high-temperature (>400°C) woody biochar 
(Tintner et al., 2018; Dittmann et al., 2022). In our laboratory, 
the charcoal was gently ground in a Mini-Philips mill, sieved 
to select particles with sizes between 125 and 250 µm, rinsed 
several times with deionized water to remove fines and 
soluble impurities, and then oven-dried at 105°C for 24 h. No 
additional chemical activation or surface modification was 
applied, so that the adsorption performance reflects a readily 
available low-cost LC.

A mini-Philips mining machine was employed to grind the 
adsorbent material. All mass measurements were conducted 
with precision using the RADWAG® AS 220 analytical 
balance. For LC characterization, a variety of advanced 
instruments were utilized. FTIR spectra were obtained using 
a Thermo-Nicolet NEXUS 670 FT-IR spectrophotometer. 
Thermal analysis, specifically TGA, was performed using a 
NETZCH STA 409 PG/PC thermal analyzer under a nitrogen 
atmosphere, with a heating rate of 20 °C per minute over the 
temperature range of 0 to 1000 °C. Powder X-ray diffraction 
(XRD) was conducted using a Philips ‘X’Pert PW 3060 
instrument, with controlled scanning parameters set at a rate 
of 1°/min over a 2θ range of 2° to 60°. The three-dimensional 
surface morphology was examined via scanning electron 
microscopy (SEM) using the ‘NCFL’s FEI QUANTA 600 
FEG model. The concentrations of CV and MB in solution 
were determined spectrophotometrically using a METASH 
UV-Vis spectrophotometer model V-5100 equipped with a 
1.0 cm quartz cell.

In this study, calibration curves and their corresponding 
equations were derived by measuring the absorbance of 
standard solutions of CV and MB at specified concentrations. 
For CV, absorbance measurements were taken at a wavelength 
of 590 nm for solutions with concentrations ranging from 0.10 
to 10.0 mg/L. For MB, absorbance was measured at 665 nm 
for solutions with concentrations between 1.0 and 15.0 mg/L. 
All calibration solutions were prepared in deionized water 
whose pH was adjusted to 7.0 ± 0.1 using minimal volumes 
of 0.1 M HCl or NaOH, matching the pH employed in the 
equilibrium adsorption experiments. Calibration plots, along 
with regression equations and coefficients of determination 
(R²) are provided in Supplementary Figure S1 for both dyes. 
For any sample whose absorbance exceeded the linear range 
of the corresponding calibration curve, the solution was 
diluted with deionized water so that the final absorbance fell 
within the calibrated interval. Throughout this work, dye 
concentrations in aqueous solution are expressed in mg/L 
(for dilute aqueous solutions, 1 mg/L ≈ 1 ppm).

A one-factor-at-a-time optimization strategy was 
employed to determine the optimal conditions for the batch 
adsorption experiments. In a typical run, 25.0 mL of dye 
solution (CV or MB), with initial concentrations of 10 mg/L 
for CV and 30 mg/L for MB, was used, and the pH of the 
solutions adjusted to values between 4 and 8 for CV and 3 and 
8 for MB, using 0.1 M HCl or NaOH. The adsorbent, lemon-
wood charcoal, was added in varying amounts (0.010–0.90 
g) to the solutions in 100 mL plastic bottles, followed by 
agitation at 25 °C for 60 min. The effect of contact time was 
investigated separately by varying the contact time between 
10 and 120 min. The suspensions were then filtered using 
nylon micro-filters (0.45 µm), and the concentration of 
unadsorbed dye in the filtrate was measured using the UV–
Vis spectrophotometer. Adsorption isotherm experiments 
were also conducted at pH 7.0 and constant temperatures 
of 25.0, 35.0, and 45.0 °C with initial dye concentrations 
ranging from 3 to 20 mg/L for CV and 5 to 60 mg/L for 
MB. For isotherm experiments, the suspensions were shaken 
for 60 min to reach equilibrium and then filtered. The 
removal percentage of dyes was calculated as a function of 
pH, adsorbent dose, contact time, and temperature. Unless 
otherwise stated, each experimental condition was repeated 
three times and the mean value is reported. Method blanks 
(deionized water only), LC-only controls without dye, and 
dye solutions passed through 0.45 µm filters in the absence 
of LC were included in each batch to verify the absence of 
background signals and filtration losses at the measurement 
wavelengths. 

Finally, kinetic and isotherm studies were conducted 
under optimal conditions for each dye to elucidate the 
characteristics of the adsorption reaction. Kinetic studies 
were carried out by monitoring dye uptake as a function 
of time (10–120 min) at fixed initial concentrations, while 
adsorption isotherms were examined at the concentration 
ranges specified above. The kinetic (PFO, PSO) and 
equilibrium (Langmuir, Freundlich, Dubinin–Radushkevich, 
and Temkin) models used in this work are widely reported in 
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the adsorption literature (Cheng et al., 2022; Gugushe et al., 
2021; Mpupa et al., 2020).

3.1. Physio-chemical properties of the adsorbents

2.5 Determination of the point of zero charge (pHpzc)

2.6 Data analysis

2.7 Equilibrium and kinetic models

The functional groups present on the LC were examined 
using FTIR spectroscopy. The analysis of the functional 
groups present on the surface of the LC was conducted using 
a potassium bromide (KBr) disk at a 10% ratio. The spectrum 
of the LC adsorbent, as illustrated in Figure 1, reveals that the 
predominant functional group specified in LC is as follows: 
A broad peak around 3413 cm⁻¹ indicates the stretching of 
the O─H bond in hydroxyl surface functional groups on the 
LC surface (Nuhanović et al., 2019; Kar 2020; Janu et al., 
2021; Roy et al., 2022). This O─H group is associated with 
phenols, alcohols, and carboxylic acids found in the chemical 
components of lemon wood, such as lignin, cellulose, 

The point of zero charge (pHpzc) of LC was determined 
using the pH-drift method. A series of 50.0 mL 0.01 M NaCl 
solutions was prepared, and their initial pH (pHᵢ) adjusted to 
the range 2.0–12.0 using 0.1 M HCl or 0.1 M NaOH. Then, 
0.05 g of LC was added to each solution in 100 mL screw-cap 
bottles, and the suspensions were agitated at 25 ± 1 °C for 24 
h. After equilibration, the final pH (pHf) was measured. The 
difference ΔpH = pHf − pHi was plotted as a function of pHᵢ, 
and the pHpzc was taken as the pHᵢ at which ΔpH = 0.

hemicellulose, and organic acids (Šabanović et al., 2019). 
Low-intensity adsorption peaks at 2924 cm⁻¹ and 2854 cm⁻¹ 
suggest the presence of symmetric aliphatic C─H functional 
groups (CH₂ and CHₓ) (Nuhanović et al., 2019; Ankona et 
al., 2021; Sirico et al., 2021; Ramutshatsha-Makhwedzha 
et al., 2022). These peaks, are likely linked to carbohydrate 
groups such as methoxy, methylene, and methyl groups 
(Rožič et al., 2014; Šabanović et al., 2019). Additionally, a 
double peak between 2339 and 2362 cm⁻¹ is attributed to 
the stretching of CO₂ bonds (Stevens et al., 2008). A peak at 
1841 cm⁻¹ indicates the presence of ester functional groups, 
and a C═O bond near 1703 cm⁻¹ likely originates from 
carbonyl groups (Alam et al., 2018; Hasan et al., 2021). The 
adsorption band in the range of 1613–1616 cm⁻¹ corresponds 
to C═O stretching in esters, quinones, and ketones, as well 
as to conjugated C═C bonds (Rožič et al., 2014; Senophiyah-
Mary et al., 2019; Roy et al., 2022). A peak around 1438 cm⁻¹ 
suggests the presence of C─OH bonds (Alam et al., 2018), 
with similar peaks reported in studies on LC (Foroutan et 
al., 2021; Azadian and Gilani, 2023). Peaks in the range of 
1315–1317 cm⁻¹ may be attributed to CH₂ bending (Mariño 
et al., 2015). Stretching vibrations of C─O bonds, possibly 
from carbohydrates, appear at the broad peak at 1236 cm⁻¹. 
A small peak at 898 cm⁻¹ is likely due to C─H stretching in 
the aromatic structures of lignin (Li et al., 2014), while the 
band near 875 cm⁻¹ is associated with asymmetric stretching 
of CO₃²⁻ (Al-Hosney and Grassian, 2005; Kalina et al., 2022; 
Mishra et al., 2023). Distinctive peaks between 617 and 780 
cm⁻¹ correspond to C─H bending in phenyl rings (Stella 
Mary et al., 2016; Foroutan et al., 2021; Mishra et al., 2023).

The thermogram in Figure 2a shows an initial mass loss 
below 200°C, which is attributed mainly to the desorption of 
physically adsorbed water and light volatile compounds. A 
further weight loss between approximately 200 and 400°C 
is associated with the decomposition of residual oxygen-
containing surface groups and partially carbonized fragments 
remaining in the commercial charcoal. A more gradual 
mass loss between about 400 and 600°C likely reflects 
further dehydrogenation and condensation of aromatic 
structures. At higher temperatures, from 700 to 1000°C, the 
decomposition of inorganic carbonates (e.g., CaCO₃) and 
other mineral constituents contributes to the residual mass 
changes, leaving a predominantly carbonaceous and mineral 
residue (Gomide et al., 2020; Dittmann et al., 2022). TGA 
was used here to verify that LC is thermally stable under 

All batch adsorption experiments were performed 
in triplicate (n = 3). Model parameters for kinetic and 
equilibrium studies were obtained by least-squares linear 
regression of the corresponding linearized equations. In the 
figures, data points represent mean values and the error bars 
correspond to ±1 standard deviation. The goodness of fit for 
each model was evaluated by the coefficient of determination 
(R²).

The equilibrium adsorption data were analyzed using 
the Langmuir, Freundlich, D–R, and Temkin isotherm 
models. In their non-linear forms, these models can be 
written as shown in Table 1. For parameter estimation, the 
corresponding linearized forms were used.

The following two models were used in kinetic evaluation 
to better understand how the dyes adsorb to LC sorbent:

Pseudo-first-order (PFO) [30]:

and pseudo-second-order (PSO) [21]:

(3)

(4)

3. Results and discussion
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Table 1. Models for linear and non-linear sorption isotherms

 Figure 1. FTIR spectrum of LC for the investigation of the 
functional groups on the surface of the LC over a scanning range 

between 400 and 4000 cm-1



the conditions employed for adsorption experiments and to 
obtain additional information on the degree of carbonization 
and ash content.

The crystal phase and microstructure of the synthesized 
LC were validated through XRD, with the diffractographic 
pattern providing a definitive confirmation of a broad 
background (Figure 2b), indicating a predominantly 
amorphous structure in the adsorbent with at least four 
sharp crystalline peaks. The range from 2θ = 2.00° to 2θ = 
15.00° corresponds to the micro-crystallographic features of 
biochar-type adsorbents (Danish et al., 2018). Peaks at 2θ = 
15.22°, 23.30°, 24.71°, 30.36°, 36.24°, 38.36°, 39.66°, 43.40°, 
47.76°, and 48.74° are attributed to the crystalline graphite 
structure, while the peak at 29.65° is due to CaCO₃ in LC 
and the crystalline graphite-like structure (Xie et al., 2014; 

Jafri et al., 2018; Tintner et al., 2018; Oruç et al., 2019; Kar, 
2020; Gabhi et al., 2020; Poonam and Kumar, 2020; Surya 
and Michael, 2021; Pérez et al., 2023).

The SEM images revealed that LC has a well-developed, 
irregular, and porous structure with many cavities. These 
images confirm that the wood cell and porosity morphologies 
remain prominent in the final biochar, with the adsorbent 
retaining much of the original wood cell structure. Moreover, 
the outer surface features varying pore sizes formed during 
pyrolysis. In Figure 2c (1000x magnification), the adsorbent 
shows wide and thick particles revealing characteristic wood 
structures, aligning with literature findings (Gomide et al., 
2020). Figure 2d (4000x magnification) shows diverse pore 
sizes and shapes, indicating a high surface area (Kütahyalı 
and Eral, 2010; Azadian and Gilani, 2023).

 Figure 2. (a) TGA thermogram, (b) XRD spectrum, (c)–(d) SEM image 

 Figure 3. Determination of pHₚzc of LC by the pH-drift method. 
The intersection of the curve (ΔpH = pHf − pHᵢ) with ΔpH = 0 

occurs at pH ≈ 6.

3.2. Evaluation of the adsorption performance of LC
3.2.1. Adsorption experiment studies
 The solution pH strongly influences dye adsorption 

because it controls both the adsorbent surface charge  and 
the ionization state of the dye molecules (Baloo et al., 2021; 
Gupta et al., 2021). In the present study, the removal of 
CV and MB was examined over pH 3–8, and only minor 
variations in uptake (< 5 %) were observed, indicating weak 
pH dependence (Supplementary Material, Figure S2). Both 
dyes remain cationic across these ranges—their ionizable 
functional groups (tertiary amine for CV, dimethylamino for 
MB) are protonated under neutral and mildly basic conditions, 
giving them a permanent positive charge. In contrast, LC 
possesses oxygen-containing surface groups (carboxyl, 
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phenolic, and lactonic) that progressively deprotonate above 
pH 3–4, imparting a net negative zeta potential to the surface 
(Rožič et al., 2014; Šabanović et al., 2019). Consequently, 
strong electrostatic attraction between positively charged 
dye molecules and the negatively charged LC surface is 
maintained throughout the investigated pH window. Only at 
pH > 8 would surface deprotonation saturation and hydroxide 
competition begin to reduce adsorption, but such conditions 
were not examined here. This mechanistic explanation 
aligns with prior studies on citrus-derived biochars and 
peels, which reported nearly constant adsorption of cationic 
dyes at neutral pH regions due to dominant electrostatic 
and π–π stacking interactions (Senthilkumaar et al., 2005; 
Foroutan et al., 2021; Ramutshatsha-Makhwedzha et al., 
2022). Accordingly, pH 7.0 was selected for subsequent 
experiments as representative of natural and treated waters. 
As shown in Figure 3, the pHₚzc of LC was 6. Thus, the 
LC surface is expected to be positively charged at pH < 6 
and predominantly negatively charged at pH > 6. Since 
the adsorption experiments were conducted mainly at pH 
7.0 (> pHₚzc), electrostatic attraction between the cationic 
dyes (CV and MB) and negatively charged LC surface 
sites is favored, which is consistent with the high removal 
efficiencies observed.

The adsorbent dosage is another critical operational 
variable. The effect of LC mass (0.01–0.90 g) on the uptake 
of CV and MB is presented in Figure 4. For both dyes, the 
percentage removal increased markedly with increasing LC 
mass and reached a plateau at 0.10 g, at which the adsorbent 
became effectively saturated and further increases in dosage 
produced only marginal additional removal. The slight 
decrease in the uptake expressed as qe (mg g⁻¹) at higher 
dosages arises from the lower driving force per unit mass at 
constant initial dye concentration. On this basis, an LC mass 
of 0.10 g was selected for all subsequent experiments.

Contact time was then optimized. Adsorption of both 
dyes on LC was very fast, with most of the uptake occurring 
within the first few minutes and no significant changes 
observed up to 120 min (Supplementary Material, Figure 
S3). To ensure that equilibrium was fully attained under all 
investigated conditions, a contact time of 60 min was adopted 
for the kinetic, isotherm, and thermodynamic studies.

on heterogeneous surfaces, adsorption on energetically 
non-uniform sites, and adsorbate–adsorbent interactions 
(Langmuir, 1918; Freundlich, 1906; Dubinin, 1960). 
Isotherms were obtained at 25, 35, and 45 °C, and 
representative linear plots at 45 °C are shown in Figure 5. For 
both dyes, the equilibrium data fitted the Langmuir model 
very well (Figure 5a), indicating predominantly monolayer 
coverage, while the good agreement with the Freundlich and 
Temkin models (Figure 5b) reflects surface heterogeneity and 
non-negligible adsorbate–adsorbent interactions. The D–R 
model provided additional insight into the mean adsorption 
energy (E) and supported a predominantly physisorption-
controlled process (Fig. 4c). The isotherms for the CV and 
MB dyes were studied at 25, 35, and 45 °C. The obtained 
data were assessed using the R2 coefficient, determined 
from the linear fits of the isotherm models. The isotherms 
were plotted as an illustrative example at 45°C (Figure 
5) for both dyes. Figure 5a showed excellent agreement 
with Langmuir for both CV and MB dyes, indicating the 
presence of a monolayer and homogeneous adsorption sites. 
Also Figure 5b shows excellent fitting with the Freundlich 
model, suggesting the presence of heterogeneous sites for 
both dyes. The D-R model showed relatively good fit and 
supports the notion that LC contains both homogeneous and 
heterogeneous sites (Figure 5c).

 Figure 4. Effect of adsorbent does on % uptake of CV and MB on LC

3.2.2. Isotherms data studies
 Equilibrium adsorption data for CV and MB were 

interpreted using the Langmuir, Freundlich, D–R, and 
Temkin models, which respectively describe monolayer 
adsorption on homogeneous sites, multilayer adsorption 

A

B
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 Figure 5.  a) Langmuir b) Freundlich c) D-R d) Temkin models for 
CV and MB at 45 °C.

C

D

Table 1 presents adsorption isotherm parameters for the 
removal of CV and MB dyes using LC at different temperatures. 
For CV, the Langmuir isotherm showed the highest correlation 
coefficient (R2) values, particularly at 25 and 35°C (R2 = 0.991 
and 0.993, respectively), suggesting monolayer adsorption as 
the dominant mechanism. The maximum adsorption capacity 
(qm) increased with temperature, indicating an endothermic 
process. The Langmuir separation factor (RL) values ranged 
from 0 to 1, indicating favorable adsorption. The Freundlich 
isotherm also showed high R2 values, indicating the possibility 
of heterogeneous adsorption. Freundlich constant (n) values 
greater than 1 indicate favorable adsorption conditions. In 
the D–R isotherm, the adsorption energy (E) was below 8 
kJ/mol, implying a physical adsorption mechanism. The 
Temkin model provided a good fit across all temperatures, 
with R2 values exceeding 0.98, highlighting the influence of 
adsorbent-adsorbate interactions.

For MB, the Langmuir model also fitted the equilibrium 
data well at all three temperatures, with the highest R² observed 
at 45 °C (R² = 0.975). The Langmuir qₘ value estimated at 25 
°C is markedly higher than those obtained at 35 and 45 °C, 
leading to an apparent decrease from 25 to 35 °C followed by a 
slight increase from 35 to 45 °C. This non-monotonic behavior 
should be interpreted cautiously. Because the 25 °C isotherm 
was constructed over a relatively narrow Cₑ range and exhibits 
very high R², small experimental uncertainties in Cₑ can 
strongly affect the extrapolated qₘ while leaving R² almost 
unchanged. Within the experimental scatter, the qₘ values at 
35 and 45 °C are of the same order of magnitude and consistent 
with the positive ΔH° obtained from the thermodynamic 
analysis, indicating that MB adsorption remains favorable at 
all three temperatures rather than being strongly enhanced 
specifically at 25 °C. The Langmuir separation factor (RL) 
values for MB remained between 0 and 1 at all temperatures, 
confirming favorable adsorption. Freundlich isotherm results 

also showed high R² values, indicating adsorption on a 
heterogeneous surface, and the n values > 1 reflect favorable 
adsorption conditions. The D–R model yielded adsorption 
energies E < 8 kJ mol⁻¹, consistent with a process dominated 
by physical adsorption, while the Temkin model gave good 
correlations (R² > 0.97), highlighting the role of adsorbent–
adsorbate interactions.

The previous results indicate that adsorption capacity 
and isotherm model fit vary with temperature for CV and 
MB. For both dyes, the Langmuir and Freundlich models 
consistently provided the best description of the equilibrium 
data, suggesting the coexistence of monolayer adsorption 
on relatively homogeneous sites and additional uptake on 
heterogeneous surface sites. For CV, the increase in qm 
with temperature is consistent with the thermodynamic 
analysis and supports an endothermic adsorption process. 
For MB, the non-monotonic trend in qm (higher value at 25 
°C followed by a decrease at 35 °C and a slight increase at 
45 °C) should be interpreted cautiously in light of the limited 
Ce span and resulting sensitivity of the extrapolated qm at 
25 °C. Overall, the isotherm analysis confirms that LC is an 
effective adsorbent for both CV and MB over the investigated 
temperature range, with adsorption primarily governed by 
physical interactions and surface heterogeneity. 

To place the LC performance in context, it is useful to 
compare the present results with other citrus-derived and 
lignocellulosic adsorbents reported in the literature. Activated 
carbons and engineered biochars prepared from lemon and 
other citrus wastes often exhibit higher Langmuir capacities 
for cationic dyes under strongly optimized or chemically 
activated conditions (Foroutan et al., 2021; Ramutshatsha-
Makhwedzha et al., 2022; Mishra et al., 2023). By contrast, 
the as-received lemon-wood charcoal used in this work, 
operated at near-neutral pH without additional activation, 
shows moderate capacities but achieves effective removal of 
both CV and MB with simple processing and low chemical 
input. This places LC among the class of low-cost, readily 
available sorbents whose main advantages are sustainability, 
ease of use, and operation under environmentally relevant 
conditions, rather than maximized capacity alone.

Kinetic studies
Pseudo-first-order (PFO) and pseudo-second-order 

(PSO) kinetic equations were used to describe the kinetic 
characteristics that control mechanisms of adsorption 
processes, such as mass transfer and chemical reactions. In 
pseudo-second-order reaction kinetics, the kinetic data from 
solid/solution sorption systems are described and correlated 
using this mathematical expression, which is currently 
the most widely used. By comparing the experimental qe 
values with the calculated PSO kinetic plots, it is possible 
to determine the viability of this model. CV shows excellent 
fitting to PSO with R2 of one (Figure 6), while it shows very 
poor correlation coefficient of 0.1954 for PFO. This means 
that the rate determining step in the adsorption of CV into 
LC involve a chemisorption process. Similarly, MB showed 
excellent agreement with PSO and very poor one with 
PFO. Also this means that the rate determining step in the 
adsorption of MB into LC is a chemisorption step.
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Table 1. Langmuir, Freundlich, D-R isotherm, and Temkin parameters for LC towards CV and MB, at different temperatures.

Table 2. Kinetic parameters for CV and MB adsorption on LC at 25 °C

 Figure 6. a) PFO    b) PSO for the adsorption of CV and MB on LC

A B

Thermodynamics
Thermodynamic parameters were evaluated from 

batch adsorption experiments conducted at initial dye 
concentrations of 10 mg/L for CV and 30 mg/L for MB, using 
equilibrium data obtained at 25, 35, and 45 °C. For each dye 
and temperature, the distribution coefficient was calculated 
as Kd = qe/Ce ​ (L g⁻¹). The standard Gibbs free energy change 
was then obtained from ΔG° = − RT ln Kd, where (R) is the 

universal gas constant, and (T) is the absolute temperature. 
The enthalpy and entropy changes were determined from the 
‘van’t Hoff relationship ln Kd = ΔS°/R − ΔH°/(RT) by plotting 
(ln Kd) versus (1/T) and performing linear regression. 
Table 3 shows the resulting thermodynamic parameters for 
CV and MB at different temperatures. These parameters 
offer insights into the feasibility, spontaneity, and thermal 
effects of the adsorption processes. The ln Kd values for CV 
decreased with increasing temperature, indicating reduced 
adsorption affinity at higher temperatures. The negative ΔG° 
values across all temperatures confirm that the adsorption 
process is spontaneous, with ΔG° decreasing as temperature 
increases. This suggests that higher temperatures weaken the 
spontaneity of adsorption, possibly due to desorption effects 
or decreased adsorbent-adsorbate interactions. The negative 

Table 2 summarizes the kinetic parameters obtained for 
CV and MB with excellent agreement between experimental 
qe   and calculated qe. It was 2.200 and 2.198 for CV, 
respectively, while for MB the values were 7.191 and 7.189, 
respectively. Also, it showed that the rate constant k2 (PSO) 
for MB is greater than that for CV. This means the rate of 
uptake for MB is larger than that of CV.

CV

T(oC)

Langmuir Isotherm Freundlich Isotherm D–R Isotherm Temkin Isotherm

R2 qm
(mg/g)

KL
(L/mg) RL R2 n

(g/L)
KF

(mg /g) R2 Β
(mol2/kJ2)

qm
(mg/g)

E
(kJ/
mol)

R2 KT (L/g) bT
(kJ/mol)

25.0 0.991 2.76 14.92 0.51 0.966 3.40 2.53 0.875 1.70 E-08 2.85 5.42 0.982 0.07 1.44

35.0 0.993 3.18 1.00 0.74 0.984 3.32 1.10 0.784 2.07 E-08 2.41 4.92 0.991 0.11 1.38

45.0 0.893 8.38 0.19 0.86 0.996 1.27 1.30 0.878 3.17 E-07 3.41 1.26 0.999 0.29 4.72

MB

T(oC)

Langmuir Isotherm II Freundlich Isotherm D–R Isotherm Temkin Isotherm

R2 qm
(mg/g)

KL
(L/mg) RL R2 n

(g/L)
KF

(mg /g) R2 Β
(mol2/kJ2)

qm
(mg/g)

E
(kJ/
mol)

R2 KT (L/g) bT
(kJ/mol)

25.0 0. 900 341.4 0.014 0.38 0.966 0.75 4.39 0.875 4.54 E-07 16.88 1.05 0.992 6.309E-03 18.98

35.0 0.936 4.31 1.00 0.63 0.985 0.56 0.06 0.784 5.71 E-06 9.88 2.96 0.975 2.256E+05 24.02

45.0 0.975 10.60 0.63 0.86 0.996 2.24 3.71 0.878 9.76 E-08 6.29 2.26 0.988 0.1248 9.68

CV

Experimental qe = 2.200 (mg/g)

Model R2 k Calculated qe (mg/g)

PFO 0.1954 k1= 1.87×10-2  min-1 0.028

PSO 1.0000 k2=5.96×10-1  g (mg.min)-1 2.198

MB

Experimental qe = 7.189 mg/g

Model R2 k Calculated qe mg/g

PFO 0.0443 k1= -1.38×10-3  min-1 0.030

PSO 1.0000 k2=1.19  g (mg.min)-1 7.189
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ΔH° value (-148.19 kJ/mol) indicates that the adsorption of 
CV onto LC is exothermic. The negative ΔS° value (-0.46 
kJ/mol·K) suggests decreased randomness at the solid-liquid 
interface during adsorption, consistent with dye molecules 
being immobilized on the LC surface. For MB, the ln Kd 
values increased with temperature, reflecting enhanced 
adsorption affinity at elevated temperatures. The ΔG° values 
are negative at all temperatures, confirming the spontaneous 
nature of the adsorption. Furthermore, the magnitude of 
ΔG° becomes more negative with increasing temperature, 
indicating greater spontaneity at higher temperatures. The 
positive ΔH° value (39.90 kJ/mol) demonstrates that the 
adsorption of MB is endothermic, implying that increased 
temperature facilitates the adsorption process. The positive 

ΔS° value (0.14 kJ/mol·K) indicates increased randomness 
at the solid-liquid interface during adsorption, possibly due 
to the displacement of water molecules by MB onto the 
adsorbent surface. The thermodynamic analysis reveals 
contrasting behaviors for CV and MB adsorption. While 
CV adsorption is exothermic and less favorable at higher 
temperatures, MB adsorption is endothermic and improves 
with temperature. These differences may stem from the 
distinct physicochemical interactions between each dye and 
the LC. The negative ΔG° values for both dyes highlight 
the viability of the biochar as an effective adsorbent for 
removing CV and MB from aqueous solutions, although the 
optimal temperature conditions differ for each dye.

Table 3. Thermodynamic parameters for CV and MB at different temperatures

CV

T (°K) 1/T  (°K-1) ln Kd Kd ∆G° (kJ/mol) ∆S°  (kJ/mol) ∆H°  (kJ/mol)

298.15 0.0034 4.23 68.72 -11.46

-0.46 -148.19308.15 0.0032 3.54 34.47 -6.90

318.15 0.0031 0.45 1.57 -2.32

MB

T (°K) 1/T (°K-1) ln Kd Kd ∆G° (kJ/mol) ∆S°  (kJ/mol) ∆H°  (kJ/mol)

298.15 0.0034 1.01 2.75 -2.20

0.14 39.90308.15 0.0032 1.16 3.19 -3.61

318.15 0.0031 2.03 7.16 -5.03

Proposed adsorption mechanism
The combined characterization and adsorption results 

suggest that multiple interaction mechanisms contribute to 
the uptake of CV and MB on LC. FTIR analysis (Figure 
1) indicates the presence of abundant oxygen-containing 
surface groups (e.g., hydroxyl, carbonyl, and carboxylic 
moieties) and aromatic structures, while XRD and SEM 
(Figure 2) reveal a largely amorphous carbon matrix with 
graphitic domains and a porous morphology. The measured 
pHₚzc of LC (pH ≈ 6; Figure 3) and the weak pH dependence 
of dye removal between pH 3 and 8 indicate that, at the 
working pH 7.0, the LC surface is predominantly negatively 
charged, favoring electrostatic attraction with the cationic 
forms of CV and MB. In addition to this electrostatic 
contribution, π–π stacking interactions between the aromatic 
rings of the dyes and the graphitic domains of LC, as well as 
possible hydrogen bonding between dye functional groups 
and surface oxygenated sites, are likely to play a role. The 
D–R adsorption energies (E < 8 kJ mol⁻¹; Table 1) and the 
temperature dependence of qₘ and ΔG° (Table 3) point to a 
process dominated by physical adsorption, while the excellent 
fit of the pseudo-second-order kinetic model (Figure 6, 
Table 2) reflects the importance of surface interactions in 
controlling the overall rate. The somewhat stronger affinity 
observed for CV relative to MB under comparable conditions 
may be related to differences in molecular size, planarity, 
and charge distribution, which influence the balance of 
electrostatic and π–π interactions with the LC surface.

While this study emphasizes the removal of synthetic 

dyes, specifically CV and MB, the potential of LC extends 
beyond these applications. Biochar’s porous structure and 
surface functional groups make it suitable for adsorbing 
a wide range of contaminants, including heavy metals, 
pharmaceuticals, and organic pollutants. Preliminary 
studies suggest that LC can effectively remove cadmium, 
lead, and arsenic ions from aqueous solutions, indicating its 
versatility as an adsorbent. In this work, LC was evaluated 
using synthetic single-dye solutions as a first step toward 
understanding its intrinsic adsorption behavior. Future 
studies should investigate the efficacy of LC in complex 
real water matrices, such as textile and mixed industrial 
wastewaters, and its potential for simultaneous removal of 
multiple pollutants. Additionally, an important practical 
consideration for any sorbent is its regenerability and service 
lifetime. In the present work, we did not perform systematic 
adsorption–desorption cycling experiments; our primary 
objective was to establish the intrinsic equilibrium, kinetic, 
and thermodynamic behavior of as-received LC toward CV 
and MB. Nevertheless, previous studies on citrus-derived 
biochars have shown that cationic dyes can be desorbed 
under mild alkaline or solvent treatment, with substantial 
retention of adsorption capacity over multiple cycles 
(Foroutan et al., 2021; Ramutshatsha-Makhwedzha et al., 
2022; Mishra et al., 2023). Because regeneration efficiency 
and capacity retention directly determine the adsorbent cost 
per unit volume of treated water, future work will focus on 
quantifying LC reusability, mass loss, and energy input over 
repeated adsorption–desorption cycles, and on comparing 
these metrics with those of commercial activated carbon.
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The conversion of lemon peels into biochar offers a 
cost-effective, environmentally responsible alternative 
to conventional adsorbents such as activated carbon. 
Nevertheless, the overall environmental impact of biochar 
production warrants scrutiny, especially regarding the energy 
requirements for pyrolysis and the possible release of volatile 
organic compounds. Incorporating renewable energy sources, 
such as solar or biomass, could help mitigate these challenges 
and enhance sustainability. In addition, a comprehensive 
economic analysis comparing lemon-derived biochar with 
conventional adsorbents would inform large-scale adoption 
for water treatment applications. This investigation confirms 
that LC is highly effective for removing CV and MB from 
aqueous solutions. Characterization by FTIR, SEM, TGA, 
and XRD demonstrated the presence of functional groups, a 
porous microstructure, satisfactory thermal stability, and an 
amorphous nature, all of which are suitable for adsorption. 
Both dyes followed the Langmuir and Freundlich isotherm 
models, with kinetics aligning with a pseudo-second-order 
mechanism indicative of chemisorption. Thermodynamic 
analyses revealed that CV uptake is exothermic and 
spontaneous at lower temperatures, while MB adsorption 
is endothermic, showing increased spontaneity at higher 
temperatures. LC exhibited a distinctly higher partition 
coefficient for CV (Kd = 68.72) than for MB (Kd = 2.75), 
making it particularly useful in treatments involving 
mixed-dye pollutants. By repurposing waste materials, this 
approach advances multiple United Nations Sustainable 
Development Goals, including SDG 6 (Clean Water and 
Sanitation) and SDG 12 (Responsible Consumption and 
Production). Although regeneration experiments were not 
carried out in this study, the literature on citrus-derived 
biochars indicates that regeneration can be achieved with 
moderate energy inputs, which is essential for maintaining 
competitive treatment costs relative to commercial activated 
carbon (Foroutan et al., 2021; Ramutshatsha-Makhwedzha 
et al., 2022). Accordingly, future research should focus on 
pilot- and field-scale assessments that explicitly quantify 
LC regeneration efficiency, cycling-induced capacity loss, 
and the resulting cost per unit volume of treated water, in 
addition to evaluating long-term performance in complex 
wastewaters.
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Abstract

1. Introduction

The living are continuously exposed to radiation from 
natural radioactive sources throughout their lives. This 
exposure arises from naturally occurring radioactive 
materials (NORMs) found in various components of Earth’s 
environment, such as soil, water, and the atmosphere. 
Humans, as well as other living organisms, come into 
contact with these sources in their daily activities, leading 
to an inevitable accumulation of background radiation 
throughout their lifetimes (UNSCEAR 2000; Kuluöztürk 
et al., 2020; Özveren et al., 2020; Al-Momani et al., 2024). 
Naturally occurring radioactive materials (NORMs) such 
as 226Ra, 232Th, and 40K are the radioisotopes that contribute 
most to background radiation. These radionuclides are 
produced by the natural decay of elements like uranium, 
thorium, and potassium in the Earth’s crust (Baykara et 
al., 2011; Ibraheem et al., 2018; Abbasi et al., 2023; Yadav 
et al., 2023). Radioactivity levels differ from one location 
to another, owing to distinct geographical conditions and 
geological structures. For example, regions that contain 
uranium- or thorium-rich minerals tend to have higher 
levels of background radiation. In comparison, areas with 
different geological characteristics may show lower levels 
of natural radioactivity. (Özden et al., 2021; Yadav et al., 
2023). Furthermore, artificial radioactive substances arise 
from nuclear weapon trials, accidents in nuclear reactors, 
and other nuclear studies. Among these, 137Cs is of particular 
importance due to its long half-life and its impact on internal 
irradiation. These artificial sources have raised concerns 
about their long-term impacts on both ecosystems and 
human health (Kobya et al., 2015). 

Regarding this subject in recent years, there has been 
extensive research into assessing the levels of radioactivity 

in soil, water, sand, and various food sources (UNSCEAR 
2000; Ibraheem et al., 2018; Mehra et al., 2021; Tucakovic et 
al., 2023; Akça et al., 2014; Cambazoğlu et al., 2018). These 
studies are crucial for determining baseline radioactivity 
levels, which help in identifying regions with unusual 
radiation levels caused by natural variations or human 
activities (Tucakovic et al., 2023; Al-Harahsheh et al., 2020). 
Especially, many studies have been conducted to evaluate 
the natural and artificial radioactivity levels in soil samples 
collected from rivers, lakes, and coasts from different 
regions of the world (Kuluöztürk et al., 2020; Shadrin et al., 
2020; Singh et al., 2021; Mantero et al., 2020; Al Shaaibi et 
al., 2023).

Lakes are vital water sources for aquatic life and humans. 
Lakes reflect the geological structure of the region in which 
they are located (Singh et al., 2021). The composition of 
soil along the lake coast is shaped by the lake’s formation 
process and various atmospheric phenomena. The primary 
factor contributing to the radioactivity levels observed 
in sediment and coastal soil compositions in lakes is the 
presence of radioisotopes, such as 238U, 232Th, and 40K in 
the soil and rocks. (Kobya et al., 2015). These radionuclides 
naturally occur in the Earth’s crust, and their levels in lake 
ecosystems are influenced by surrounding geology and 
external environmental conditions (Baykara et al., 2011). 
These radioisotopes found in the soil contribute to the 
radioactive background level within the lake ecosystem. 
Though background radiation is low in intensity, continuous 
exposure can have lasting ecological impacts, particularly in 
environments where organisms are regularly exposed.  

The objective of the study is to investigate both natural 
and artificial radioactivity levels in soil along the shoreline 
of Lake Arin. The study also aims to compare radioactivity 
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2. Materials and Methods
2.1. Study area

2.2. Sampling and sample preparation

2.3. Gamma Spectrometric Analysis

Arin Lake, located in the east of Türkiye, is within the 
borders of Bitlis province (Figure 1). It is located at 42°98’ E 
and 38°45’ N. This soda lake is situated south of the volcanic 

Twenty-seven soil samples were collected from Arin 
Lake and its surrounding areas. Figure 1 shows the sample 
locations from which there were obtained. The sample 
locations were determined using GPS. For soil samples, 
samples were collected from a depth of 10 to 15 cm below the 
surface (Satyanarayana et al., 2023). Additionally, each soil 
sample was dried before assessing activity levels. Roughly 
1kg of each sample was transferred to the laboratory and 
labeled for identification. To prevent any alteration in the 
physical and chemical characteristics of the samples, all 
the samples were dried at 80°C for 24 h to remove moisture 
(IEAE 2003; Van et al., 2019). The samples were sieved 
through a 60-mesh screen for homogenous (Kuluöztürk et. 

Radioactivity measurements of soil samples were 
performed using a high-purity gamma-ray detector system 
with a coaxial p-type HPGe detector (GEM50P4-83). It can 
measure gamma rays with energies between 40 keV and 10 
MeV (Karakaya et. al., 2015). Relative efficiency is at least 
50%, and the separation power is 1.90 keV at 1.33 MeV for 
60Co (FWHM). The detector is enclosed within a 10 cm-
thick cylindrical lead shield to reduce background radiation 
(Karakaya et al., 2015). Additionally, lead shielding includes 

al., 2020). When using a germanium detector, it is important 
that the particle size is equal and the sample is homogeneous. 
All samples were placed in 1 kg Marinelli containers suitable 
for measurement with a germanium detector.

Nemrut Mountain and is surrounded by three villages. The 
lake serves as a breeding habitat for the endangered White-
headed Duck, and it is recognized as a migratory route for 
numerous bird species. During the migration season, the 
most notable avian visitors include songbirds and flamingos 
(Nergiz & Durmuş, 2017). Furthermore, during the Ottoman 
period, soda production was carried out using resources 
from both Lake Van and Lake Arin, owing to the soda-rich 
nature of Lake Arin (Çelik & Bal, 2024). 

concentrations in lakes, rivers, and coastal areas across 
different regions of the world and to identify areas that may 
pose radiological hazard indices. This research is driven by 
the need to track and comprehend the long-term effects of 
radiation exposure on ecosystems and human populations.

 Figure 1. Map of the study area and location of the soil sample points.



a 1.5 mm thick copper and a 1 mm thick tin layer to stop 
the X-rays. Analysis was performed with MAESTRO32 
(ORTEC) software (ORTEC 2006). Energy and efficiency 
calibrations were completed using standard sources (IAEA-
375) obtained from the IAEA (Gilmore, 2008). Energy and 
efficiency calibrations of the detector were performed using 
a standard multi-nuclide gel source with a known activity of 
1.365 μCi, containing isotopes such as 57Co, 60Co, 88Y, 109Cd, 
139Ce, 137Cs, 203Hg, 210Pb, and 241Am. The measurements were 
taken at 43,200-second (24-hour) intervals. The efficiency 
vs. energy graph is plotted and adjusted to fit the following 
equation (Kayakökü & Dogru, 2017; Özmen et al., 2014). 

where a, b, c, and d are the optimal parameters identified 
by the fitting algorithm. Finally, the efficiency values 
required for calculating the activity concentration of the full-
energy peaks were derived using this equation.

Each sample was counted for 50000 s to get acceptable 
counting data. 226Ra, 232Th, and 40K isotopes were determined 
through the examination of gamma-ray lines at specific 
energy levels: 351.9 keV (214Pb) and 609.3 keV (214Bi) for 226Ra, 
911.2 keV (228Ac) for 232Th, 1460.8 keV for 40K Observation 
was made at 661.7 keV to detect the 137Cs isotope, which is an 
artificial radionuclide.

(1)

(5)

(6)

(7)

(8)

(9)

(2)

(3)

(4

2.4. Radioactivity Concentration and Dose Calculations
 The activity levels in samples were determined with the 

subsequent formula:

Excess lifetime cancer risk (ELCR) was calculated with 
the following equation:

Where  are counted per second (cps) for the sample and 
background, respectively.  is the detector efficiency,  is the 
γ-abundance,  is the counting time (50000 s), and  is the 
sample mass of 1kg ( Kuluöztürk et al., 2020; Cambazoğlu 
et al., 2018).

The calculation of minimum detectable activities (MDA) 
was performed utilizing the following equation:

Where CK, CTh, and CU represent the concentrations of 
40K, 232Th, and 238U activities, respectively. 

Annual effective dose rate (AED) was defined as the 
value of radiation exposure to an individual over a year 
and provides an assessment of the potential health hazards 
associated with this radiation exposure (UNSCEAR 2000; 
Baykara et al., 2011)

Where 0.2 is the outdoor time conversion factor, and 0.7 
stands for the dose conversion factor in Sv to Gy. The global 
mean annual effective dose (AEDE) of outdoor terrestrial 
gamma radiation is 70 μSv.y-1 (UNSCEAR 2000; Al Shaaibi 
et al., 2023).

 The external and internal hazard index (Hex) was 
calculated from the formula as follows (Krieger, R., 1985, 
Abbasi, 2023):

Where AED is the annual effective dose rate (μSv.y-1), 
DL is the average life (70 years), and, for stochastic effects, 
RF (0.05 Sv−1) is used as the risk factor for cancer per Sievert 
in the population, as described by ICRP (ICRP 1990).

Where  is represented by the net peak areas in a specific 
energy range for the background,   is the detector efficiency, 
and is the abundance associated with the energy, and t is 
counting time.

The calculated Ra equivalent value, which includes the 
weighted contributions from Ra, Th, and K, is an important 
parameter for comparing activity concentrations across all 
data. It was computed employing the following equation.

Where, ARa, ATh, and AK represent the respective activity 
values for 226Ra, 232Th, and 40K. The maximum recommended 
value of Raeq is 370  (UNSCEAR 2000). 

To assess the attributes of gamma radiation in outdoor 
environments, the absorbed dose rate (D) in outdoor air, 
measured 1 meter above the ground, was computed from 
the activities of 238U, 232Th, and 40K using the following 
formula:

3. Results and Discussion
The radioactivity concentrations of the natural radioisotopes 
226Ra, 232Th, and 40K , and artificial radioisotopes 137Cs in soil 
samples are given in Table 1 and Figure 2. 
The samples exhibited varying levels of activity 
concentrations, ranging from 9.31±0.21 to 50.76±1.05 
Bq.kg-1 for 226Ra, 48.16±1.05 to 8.47±0.18 Bq.kg-1 for 232Th, 
97.55±2.46 and 896.13±17.87 Bq.kg-1 for 40K, and 4.41±0.11 
to 18.16±0.35 Bq.kg-1 for 137Cs. The mean values were 
calculated to be 34.73±0.75, 32.43±0.67, 529.28±11.78, and 
8.46±0.17 Bq.kg-1 for 226Ra, 232Th, 40K, and 137Cs, respectively. 
Examining both Table 3 and Figure 2 concurrently, the 
average activity concentrations of 226Ra, 232Th, and 40K 
in the soil samples follow the order 226Ra < 232Th < 40K. 
Sample 1 exhibited the highest activity concentrations of 
226Ra, 232Th, and 40K, whereas sample 27 exhibited the 
lowest. The higher radionuclide values ​​observed at sample 
numbers 1–6 can be attributed to the more pronounced 
accumulation of fine-grained sediment and chemical 
retention processes in this area. In soda lake conditions, 
high alkalinity may facilitate the adsorption of radionuclides 
into clay and carbonate phases, increasing sediment 
enrichment. Furthermore, surface runoff and erosion inputs 
from surrounding settlements and agricultural activities 
may have contributed to the accumulation of material 
transported from the basin in this section. The significant 
difference observed between closely located sampling 
points suggests micro-scale heterogeneity in the sediment. 
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Changes in clay and silt fractions can increase the specific 
surface area and, consequently, the retention of natural 
radionuclides. Furthermore, mineralogical composition, 
organic matter, redox conditions, and hydrodynamic 
deposition and resuspension processes, which depend on 
the flow regime, can lead to divergent concentrations even 
over short distances. Therefore, the difference between 
sample numbers 1 and 27 should not be explained solely by 
distance but should be evaluated in light of the combined 
effect of local sedimentological and geochemical conditions. 
Additionally, the lowest 137Cs activity was obtained from 

Additionally, it has been determined that similar results 
were obtained when comparing the activity concentrations 
of 40K, 226Ra, and 232Th in this research with those in several 
other countries, as presented in Table 2. able 2 reveals wide 
variability in naturally occurring radionuclides reported in 
lake and coastal sediments across different geographical 
regions. In particular, the findings for ^226Ra and ^232Th 
are generally at a similar level to values ​​reported in different 
aquatic environments such as Lake Eğirdir and the East 

sample 16. According to the UNSCEAR report, the activity 
concentrations of 226Ra, 232Th, 40K, and 137Cs have world 
mean values of 35 Bq.kg-1, 30        Bq.kg-1, 400 Bq.kg-1, and 
51 Bq.kg-1, respectively (UNSCEAR 2000). As seen in Table 
1, the 232Th and 40K activity values were slightly higher 
than these. However, the 226Ra activity concentration was 
determined to be lower. In addition to natural radioisotopes, 
137Cs is an artificial radioisotope. It is emitted following 
nuclear weapons testing and nuclear power plant accidents. 
The measured 137Cs activity concentration was lower than 
the results in the other regions listed in Table 2.

Siberian Sea. They are consistent with the ranges reported 
for Lake Erçel and the Aegean coast. In contrast, ^40K is 
higher than the lower levels reported in Brazil; this may 
be related to the sediment’s mineralogical composition and 
potassium-rich lithological inputs.
The frequency distribution of radionuclides 226Ra, 232Th, 40K, 
and 137Cs is illustrated in Figure 2. The histogram graphs 
in Figure 2 were generated using the IBM SPSS Statistics 
program.

1(UNSCEAR 2000)

Sample ID
Radioisotopes Activities ( Bq.kg-1)

226Ra
(351.9–609.3 keV)

232Th
(911,2 keV)

40K
(1461,8 keV)

137Cs
(662 keV)

1 50.76±1.05 48.16±1.05 896.13±17.87 4.48±0.1

2 41.60±0.83 42.92±0.87 699.83±15.23 6.06±0.13

3 49.35±1.06 44.87±0.94 841.83±15.63 5.93±0.11

4 38.87±0.79 39.53±0.82 704.47±13.52 5.65±0.12

5 44.17±0.92 41.44±0.85 717.43±14.34 8.95±0.19

6 41.92±0.86 42.29±0.89 801.1±17.44 6.42±0.13

7 34±61±0.73 31.51±0.63 531.32±12.69 10.24±0.23

8 26.08±0.55 23.24±0.49 338.62±8.43 7.35±0.15

9 20.83±0.44 19.62±0.42 223.72±5.54 8.82±0.19

10 18.13±0.37 18.48±0.42 191.2±4.87 6.39±0.12

11 29.48±1.10 21.55±0.43 375.31±9.35 6.31±0.12

12 19.09±0.42 18.22±0.39 235.34±5.81 10.63±0.23

13 35.56±0.76 32.22±0.66 512.91±12.83 11.84±0.25

14 28.61±0.59 28.73±0.64 437.36±10.36 5.61±0.11

15 30.90±0.64 29.1±0.56 455.53±10.07 7.37±0.15

16 36.18±0.75 34.33±0.69 512.35±12.3 4.41±0.11

17 32.70±0.67 27.17±0.54 464.9±11.33 7.4±0.14

18 42.83±0.86 41.82±0.85 631.76±12.99 8.12±0.16

19 46.79±0.99 48.11±0.98 710.57±14.46 6.41±0.14

20 40.30±0.83 40.97±0.83 636.26±14.16 10.38±0.21

21 30.95±0.63 28.31±0.59 462.09±11.53 11.86±0.21

22 35.17±0.77 28.57±0.61 521.06±12.22 12.64±0.24

23 32.50±0.68 30.03±0.67 471.19±11.75 18.16±0.35

24 28.36±0.59 25.95±0.56 391.15±9.79 10.9±0.21

25 46.52±0.95 42.39±0.87 731.23±16.25 11.42±0.22

26 46.07±1.31 37.66±0.76 698.43±14.67 7.36±0.17

27 9.31±0.21 8.47±0.18 97.55±2.46 7.19±0.15

Min. 9.31±0.21 8.47±0.18 97.55±2.46 4.41±0.11

Max. 50.76±1.05 48.16±1.05 896.13±17.87 18.16±0.35

Mean 34.73±0.75 32.43±0.67 529.28±11.78 8.46±0.17
1World mean 35 30 400 51

Table 1. Radioisotope activity concentrations of soil samples in Arin Lake
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 Figure 2. The frequency distributions of 226Ra, 232Th, 40K, and 137Cs radioactivity concentrations in the study area.

Table 2. Comparison the activity concentrations of 226Ra, 232Th, 40K, and 137Cs soil samples in Türkiye and several other countries

Region
226Ra 

(Bq.kg-1)
232Th 

(Bq.kg-1)
40K 

(Bq.kg-1)
137Cs 

(Bq.kg-1) Reference

Erçel Lake, Turkiye 8.6–42.6 11.6–53.2 254.1–771.9 0.7–24.4 Yıldız et al. (2014)

Eğirdir Lake, Türkiye 34.13 27.32 363.28 Özseven et al. (2020)

East Antarctica 33 199 1150 Pal et al. (2021)

Saline Lakes, Crimea 65.68 34.95 287.42 Shadrin et al. (2020)

Qarun Lake, Egypt 10.21 11.05 927.44 Drawish et al. (2013)

Rize Türkiye 85.75 51.08 771.57 236.38 Dizman et al. (2016)

Aegean coast, Greece 9–31 9–67 426–740 0.8–2.6 Shahrokhi et al. (2021)

Gaeta Gulf, Italy - 91.7 603.7 8.82 Desideri et al. (2002)

Brazil 62 82 179 Riberio et al. (2017)

Thailand 22.6 26.4 523.0 - Malain et al. (2012)

East Siberian Sea, Russia 26.6 39.2 726 2.0 Ulyantsev et. al. (2023)

Oguta Lake, Nigeria 47.89 55.37 1023 - Isinkaye  et. al. (2015)

Iran 24.3 25.8 457.7 Kardan et. al. (2017)

This study 34.73 32.43 529.28 8.46

The dose values resulting from the natural radioactivity 
of the soil samples, the hazard indices (Hin, Hex), and the 
ELCR were calculated as presented in Table 3.
According to Table 3, Raeq stemming from the natural 
radioactivity of the soil samples ranged from (28.93 to 188) 
Bq.kg-1 with a mean of 121.86 Bq.kg-1. These values fall 
below the WHO-recommended global mean of 370 Bq/kg 
(WHO 2003). 

ADR for the soil samples is in the range of 13.48-89.91 nGy.h-1. 
The mean of 57.71 nGy.h-1 is below the global mean value 
of 60 nGy.h-1 (WHO 2003). Similarly, across all samples, 
AEDR values with a mean of 43.13 μSv.y-1 are significantly 
below the global mean of 460 μSv.y-1 (UNSCEAR 2000). 
As seen in Table 3, Hex and Hin both reach a maximum value 
of 0.33 and 0.42, respectively. Table 3 shows that the mean 
Hex is 0.24 and the mean Hin is 0.34. Both of these values are 
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Table3. Dose calculations and radiological hazard parameters of the soil samples

below the permitted maximum limit value of 1 (WHO 2003). 
The calculated maximum lifetime cancer risk value is 0.39, 

with a mean of 0.25. The average value does not exceed the 
recommended threshold of 0.29 (UNSCEAR 2000).

Sample ID Raeq
(Bq.kg-1)

D 
(nGy.h-1)

AEDR (mSv.y-1) Hin Hex ELCR
(×10-3)

1 188.63 89.91 110.26 0.65 0.51 0.39

2 156.86 74.33 91.15 0.54 0.42 0.32

3 178.34 85.01 104.25 0.62 0.48 0.36

4 149.64 71.21 87.33 0.51 0.4 0.31

5 158.67 75.35 92.41 0.55 0.43 0.32

6 164.08 78.32 96.05 0.56 0.44 0.34

7 120.58 57.18 70.12 0.42 0.33 0.25

8 85.39 40.21 49.31 0.3 0.23 0.17

9 66.11 30.8 37.78 0.23 0.18 0.13

10 59.28 27.51 33.74 0.21 0.16 0.12

11 89.2 42.29 51.86 0.32 0.24 0.18

12 63.27 29.64 36.35 0.22 0.17 0.13

13 121.13 57.28 70.25 0.42 0.33 0.25

14 103.37 48.81 59.86 0.36 0.28 0.21

15 107.59 50.85 62.36 0.37 0.29 0.22

16 124.72 58.82 72.13 0.43 0.34 0.25

17 107.35 50.9 62.43 0.38 0.29 0.22

18 151.28 71.39 87.55 0.52 0.41 0.31

19 170.3 80.31 98.49 0.59 0.46 0.34

20 147.88 69.9 85.72 0.51 0.4 0.3

21 107.01 50.67 62.14 0.37 0.29 0.22

22 116.15 55.23 67.74 0.41 0.31 0.24

23 111.72 52.8 64.76 0.39 0.3 0.23

24 95.59 45.09 55.29 0.33 0.26 0.19

25 163.44 77.59 95.15 0.57 0.44 0.33

26 153.7 73.16 89.72 0.54 0.42 0.31

27 28.93 13.48 16.54 0.1 0.08 0.06

Mean 121.86 57.71 70.77 0.42 0.33 0.25
1World mean 370 60 460 <1 <1 0.29

1(WHO 2003; UNSCEAR 2000)

4. Conclusion

Acknowledgments

In this research, the radioactivity levels of the natural 
radionuclides (226Ra, 232Th, and 40K) and the artificial 
radionuclide (137Cs) were investigated in soil samples 
collected from the coast of Arin Lake using a HPGe detector 
system.
The results show that the average concentration of ²²⁶Ra 
is lower than the global average, while ²³²Th and ⁴⁰K are 
higher. The high levels of ²³²Th and ⁴⁰K may be due to 
the volcanic nature of Süphan Volcano and the region’s 
geological structure, especially in the use of potassium-
based fertilizers. These factors contribute to the high soil 
concentrations observed.
Despite some elevated levels, the calculated radiological 
parameters, including absorbed dose rate (D), radium 
equivalent activity (Raeq), and annual effective dose rate 
(AEDR), remained within safe limits as recommended by 
UNSCEAR (UNSCEAR 2000). In addition, radiological 
hazard indices, such as the internal (Hin) and external (Hex) 
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hazard indices, and the excess lifetime cancer risk (ELCR) 
are below the permissible threshold values.
In conclusion, although certain natural radionuclides were 
above global averages, the overall radiological risk is 
minimal, indicating that the area does not pose substantial 
health risks according to the parameters analyzed.
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Abstract

1. Introduction 

Soil forms the uppermost layer of the Earth’s surface 
and develops gradually over time (Plummer et al., 2016). 
Traditional soil survey methods rely on field sampling 
at multiple locations in the field, followed by laboratory 
analyses to determine soil properties, and interpolation 
techniques to map these properties across the study area. 
However, such methods are costly, time-consuming, and 
often yield low- accuracy interpolation results because they 
fail to fully capture spatial variations in soil characteristics 
(Zhang et al., 2017).

Modern techniques, including remote sensing and 
geographical information systems (GIS), have been 
developed to estimate soil properties indirectly and present 
the results in digital format. Remote sensing techniques 
can accurately estimate several physical and chemical soil 
properties- such as texture, organic matter (OM), moisture 
content, salinity, and iron content (Kumar et al., 2013), while 
significantly reducing cost and time compared to traditional 
mapping. Nevertheless, unlike conventional approaches 
that analyze deeper soil horizons, remote sensing typically 
examines only the upper few centimeters of the surface soil 
layer (Fathololoumi et al., 2020). 

Because different materials exhibit unique reflectance 

and absorption behaviors at specific wavelengths, they can 
be distinguished by their spectral reflectance signatures. Soil 
spectral reflectance is influenced by both the chemical and 
physical properties (Kumar et al., 2013; Pereira et al., 2017). 
Several external factors, such as land cover, vegetation, and 
land use can affect soil reflectance and should be considered 
to avoid misinterpretation of results (Kumar et al., 2013). In 
dryland environments, where such influences are minimized, 
soil properties, such as moisture content and organic carbon, 
can be more reliably estimated from reflectance analysis 
under controlled laboratory conditions (Pereira et al., 2017).

In recent years, numerous studies have employed 
hyperspectral and multispectral remote sensing techniques 
to investigate soil properties. For example, Camargo et al. 
(2015) analyzed the spatial variability of clay, iron oxide, 
and adsorbed phosphate in Brazilian Oxisols using diffuse 
reflectance spectroscopy with a PerkinElmer Lambda 950 
spectrophotometer. Using partial least squares regression 
(PLSR), they achieved high correlations between VIS–NIR 
spectral reflectance (380–2500 nm) and the measured soil 
attributes. Similarly, Demattê et al. (2015) investigated 
UV-VIS-NIR Spectroscopy as an alternative soil mapping 
technique, obtaining promising calibration and validation 
accuracy that confirmed its suitability for soil attribute 
estimation in Brazil. The study area was divided into two 
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Soil spectroscopy has not yet been applied in Jordan as a proxy for assessing soil properties. In this study, forty surface 
soil samples were collected using a cluster random sampling method and analysed for three key soil properties —free iron 
oxides (Fed), soil organic carbon (SOC), and calcium (Ca), owing to their critical roles in soil fertility and known spectral 
responsiveness in the VIS-NIR range. Spectroscopy data (325 to 1075 nm) were acquired using a field spectroradiometer, 
and several pre-processing techniques were applied to enhance correlation accuracy and minimize noise. The analyzed 
soils were classified under the USDA soil texture system as clay, silty clay, silty clay loam, and clay loam. Geochemical 
results showed: Fed% (0.4- 1.28, mean 0.89), SOC% (1.09- 3.96, mean 1.69), and Ca% (0.08- 10.65, mean 3.19). Partial least 
squares regression (PLSR) analysis was employed to predict these soil properties from spectral reflectance data, yielding a 
high coefficient of determination (R2) for both model calibration and validation. The spectral signals of Fed, SOC, and Ca 
were found to be significant across different wavelengths of the VIS–NIR region, confirming their spectral activity. The 
performance of the PLSR models was validated, and the spectral signals of Fed, SOC, and Ca were found to be significant 
across various wavelengths within the visible and near-infrared (VIS–NIR) region (325–1075 nm). The applied spectral 
pre-treatment techniques and characteristic variable selection methods notably enhanced model performance and predictive 
accuracy. The findings demonstrate that VIS–NIR spectroscopic analysis can serve as a reliable and efficient alternative to 
traditional laboratory methods for determining key soil properties in northern Jordan. This study represents an important 
step toward establishing a national spectroscopic library of soil materials in Jordan. 
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subareas: Soil samples from subarea 1 were used for model 
calibration, while those from subarea 2 were reserved 
for validation. The resulting models demonstrated high 
predictive accuracy, confirming that remote sensing 
provides a reliable and efficient alternative to conventional 
soil mapping methods. Forkuor et al. (2017) combined 
remote sensing and laboratory analysis to assess six soil 
characteristics, which are cation exchange capacity (CEC), 
soil organic carbon (SOC), silt, clay, nitrogen, and sand 
across a 580 km² watershed in southwestern Burkina Faso. 
Their study demonstrated that Landsat 8 and RapidEye 
satellite data, particularly in the SWIR and NIR bands, were 
highly predictive of soil variability.

Yu et al. (2018) generated geochemical soil property maps 
in China using hyperspectral imagery from the space-borne 
HJ-1A satellite, supplemented by field spectra collected with 
an SVC HR1024 spectroradiometer and validated through 
laboratory analysis. The authors mapped organic carbon, 
phosphorus, nitrogen, and potassium using a stepwise 
regression model, achieving high predictive performance. 
In northern Jordan, Landsat-8 and Sentinel-2 imagery 
were used combined with support vector machine (SVM) 
classification, to analyze spatial variations in soil surface 
colour. They observed strong correlations between red soil 
distribution, precipitation gradients, and geomorphological 
features. This approach proved effective for quantifying soil 
colour variations related to climatic and geomorphological 
factors. 

Previous spectroscopic studies conducted in 
northern Jordan have primarily focused on qualitative 
or semi-quantitative relationships between soil spectral 
characteristics and surface properties such as soil color and 
iron oxide presence, using instruments such as the ASD 
FieldSpec® 3 Hi-Res spectroradiometer (e.g., Sahwan et al., 
2021). While these studies demonstrated the sensitivity of 
visible-range spectroscopic data to surface soil attributes, 
they did not develop quantitative predictive models linking 
field-acquired spectra to laboratory-measured geochemical 
soil properties. Moreover, their findings revealed a strong 
relationship between visible-range spectral data and free 
iron oxides, whereas no significant correlation with soil 
organic carbon was reported.

The present study advances beyond spectral–color 
associations by integrating field spectroscopy with 
laboratory analyses and Partial Least Squares Regression 
(PLSR) to quantitatively predict free iron oxides (Fed), 
soil organic carbon (SOC), and calcium (Ca). The primary 
goal of this research is to evaluate soil spectral reflectance 
as a proxy for laboratory-based soil property estimation 
by modeling the relationships between VIS–NIR spectra 
and key geochemical parameters. Previous large-scale soil 
mapping efforts in Jordan, such as the National Soil Map and 
Land Use Project (NSMLUP, 1989–1995; MoA, 1995), relied 
mainly on USDA soil classification and produced limited-
resolution maps (1:250,000) covering selected regions 
(Ababsa, 2013). Consequently, the adoption of advanced 
remote sensing-based techniques is essential for generating 
accurate, high-resolution digital soil maps.

Therefore, the main objective of this research is to 
assess the feasibility of using VIS–NIR field spectroscopy 
as a quantitative alternative to conventional laboratory soil 
analyses in northern Jordan. By developing and validating 
PLSR-based predictive models for key soil fertility 
indicators—free iron oxides, soil organic carbon, and 
calcium—this study provides a methodological framework 
to support future digital soil mapping initiatives. Rather than 
presenting a comprehensive national soil spectral library, 
the outcomes of this research represent a foundational 
contribution toward such an initiative, demonstrating 
the potential structure, performance, and limitations of 
spectroscopy-based soil characterization under Jordanian 
environmental conditions.
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2. Materials and Methods
2.1 Soils in Jordan

The spatial distribution of soils in Jordan is primarily 
controlled by climate and topography. The country’s climate 
ranges from arid and desert conditions in the eastern and 
southern regions to sub-humid Mediterranean conditions 
in the northern and western highlands. Jordan’s geological 
diversity contributes significantly to its soil variability, 
as the landscape comprises various lithologyical units, 
including chalk, limestone, sandstone, chert, marl, and 
assorted Pleistocene and Holocene deposits such as alluvial, 
eolian, and lava flows materials (Bender et al., 1974). The 
contrasting physical and chemical characteristics of these 
parent materials result in a wide range of soil properties 
across the country (Bender et al., 1974). A substantial portion 
of Jordan’s soils developed on carbonate-rich and basaltic 
rocks, which are common in the northern and eastern regions 
(Ababsa, 2013). 

Several classification systems have been applied 
to categorize Jordanian soils. Table 1 summarizes the 
classifications proposed by Moorman (1959) and their 
corresponding equivalences in the Food and Agriculture 
Organization of the United Nations (FAO, 2006) and the 
United States Department of Agriculture (USDA, 1999) 
classification systems. The USDA Soil Taxonomy is 
particularly relevant, as it is internationally recognized for its 
hierarchical structure and practical applicability. This system 
classifies soils progressively from orders (the broadest level, 
e.g., Alfisols, Mollisols) down to suborders, great groups, 
subgroups, and soil series, the latter representing local-scale 
soil types with specific physical and chemical properties 
(Cordova et al., 2005). 

Table 1. Comparison of soil classifications in Jordan as proposed by 
Moorman (1959) and their equivalents according to the FAO (2006) and 

USDA (1999) systems (after Cordova et al., 2005).

Moorman, 1959 FAO, 2006 USDA, 1990

Red Mediterranean 
soils (Mediterranean 

woodlands and forest-
steppe soils)

Luvic calcisols
Vertic luvisols
Calcic luvisols

Chromic luvisols
Chromic cambisols

Xerochrepts, 
Xerothents, 

Chromoxererts

Yellow Mediterranean 
soils (soils in transition 

to steppe)

Calcic calsixerolls 
Calcic phaeozems
Luvic phaeozems

Calsixerolls 
Xerochrepts

Yellow soils
(steppe and desert soils)

Luvic xerosols
Calcic fluvisols
Calcic regosols
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2.2 Study Area
The study area is situated within the administrative 

boundaries of the Greater Irbid Municipality in northern 
Jordan (Figure 1) and covers an approximate area of 185 
km². Geographically, it extends between 32°26′00.17″ N – 
32°39′44.87″ N and 35°51′17.52″ E – 35°58′40.49″ E. The 
region experiences a semi-arid Mediterranean climate, 
with most of the annual rainfall occurring between October 
and April (Al Qudah et al., 2015). The average temperature 
ranges from 8.0-15 °C in winter to 22-31 °C in summer (Al-
Bakri et al., 2012). 

According to the National Soil Map and Land Use Project 
(NSMLUP, 1989–1995), the dominant soil types in the area 
include calcixerollic, lithic, typic xerochrepts, and typic and 
entic chromoxererts (Ababsa, 2013). Geomorphologically, 
the study area lies within the Houran Plains, characterized by 
extensive flat terrain with thick red, clay-rich soils developed 
over basaltic and carbonate parent materials (Al Qudah et al., 
2015). These soils play a vital role in regional agriculture and 
hydrological processes, making the area suitable for assessing 
soil spectral variability and geochemical composition.

Most of the study area is covered by soil deposits; 
however, several rock formations are also exposed, belonging 
to the Balqa and Ajloun Groups (Figure 2). The Balqa group 
consists of six formations that are predominantly composed 
of chert beds and fossiliferous chalk, which is notably rich in 
vertebrate remains (Alnimrat et al., 2022). In contrast, only 
the Wadi As Sir Formation of the Ajloun Group is exposed 
within the study area. This formation is characterized by 
bedded chert, chalk, limestone, phosphorite, dolomite, and 
porcelanite (Abed, 2017). 

These lithological units serve as the parent materials for 
the region’s soils. The nature of the parent material exerts a 
significant influence on the concentration and type of nutrient 
elements within the soil —an effect that is more pronounced 
in young soils and diminishes as soils age and undergo 
weathering. Understanding the mineralogical composition of 
these rocks is therefore essential for interpreting their role in 
soil genesis and the region’s geochemical variability (Singh 
and Schulze, 2015).

 Figure 1. Map showing annual precipitation and the location of the study area in northern Jordan (derived from Landsat-8 imagery).

 Figure 2. Simplified geological map of the formations exposed 
within the study area, northern Jordan, modified after Moh’d (1997) 

and Abdelhamid (1993).



2.3 Data Collection

2.4 Laboratory Analysis 

Soil samples and corresponding spectra data were collected 
from the field using an ASD Handheld 2 Spectroradiometer 
(Figure 3). The spectral reflectance measurements were 
conducted prior to plowing season to ensure undisturbed 
soil surface conditions and reliable calibration. Following 
each spectral acquisition, approximately 2 kg of surface soil 
was collected from the same sampling point and sealed in 
labeled plastic bags for subsequent physical and geochemical 
analyses. The ASD HandHeld 2 Spectroradiometer (Figure 
4) is a portable non-destructive field instrument capable 
of rapid measurements within the visible to near-infrared 
(VIS–NIR) range of 325–1075 nm, covering 751 spectral 
bands. To maintain data accuracy, the instrument was 
calibrated every 10 minutes using a white reference panel. 
Several precautionary steps were taken to minimize external 
noise and measurement error. Field operators wore dark 
clothing to reduce light scattering, and the spectroradiometer 
sensor was maintained at a fixed height of approximately 
2.0 m above the soil surface, oriented toward the sun to 
minimize shadow effects and ensure stable illumination 
during measurements. . Measurements were also conducted 
away from electrical lines and reflective surfaces to prevent 
external electromagnetic and optical interference.

Laboratory analyses were conducted to quantify the 
key soil properties targeted in this study and to provide 
reference measurements for calibrating and validating the 
spectroscopic models. The collected soil samples were 
subjected to standardized chemical analysis procedures to 
determine soil organic carbon (SOC), total calcium (Ca), 

The soil sampling locations (Figure 5) were carefully 
selected to represent the diversity of soil types across the 
study area and to minimize the influence of vegetation on 
the soil’s spectral signal. Sites with minimal vegetation 
cover were prioritized to avoid interference from plant 
material during spectral measurements. Two temporal 
constraints guided data collection: 1) measurements were 
conducted during periods of lowest vegetation cover, 
and 2) sampling occurred only when solar radiation was 

sufficient, following the recommendations of Cropscan™ 
(2001). All field measurements were carried out around 
noon, when the sun was near its zenith and cloud cover 
was minimal, to ensure consistent illumination conditions. 
A clustered random sampling strategy was adopted to 
ensure representative coverage of soil variability across the 
study area. Seven sampling clusters were selected based 
on differences in dominant soil types, land-use patterns, 
and geomorphological settings, as identified from existing 
soil and geological maps, and field reconnaissance. Within 
each cluster, approximately five to six surface soil samples 
were collected at randomly selected locations, resulting in 
a total of forty samples. This sampling design was chosen 
to capture both local-scale variabilities within clusters and 
broader spatial heterogeneity across the study area, while 
minimizing the influence of vegetation cover on the soil 
spectral signal.
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 Figure 3. Flowchart illustrating the methodological framework 
adopted in this study, including field data collection, laboratory 

analysis, and statistical modeling procedures.

 Figure 4. Calibration process of the ASD HandHeld 2 
Spectroradiometer using a white reference panel to ensure 

measurement accuracy during field data acquisition.

 Figure 5. Spatial distribution of soil sampling clusters across the 
study area, illustrating the locations of the seven sampling sites. Site 
A is shown as an example of the randomly collected soil samples 

within a cluster.



and free iron oxides (Fed). These parameters were selected 
due to their relevance to soil fertility, pedogenic processes, 
and their known spectral responsiveness in the VIS–NIR 
region. The analytical methods applied for each parameter 
are described in detail in the following subsections.

final predictive performance.

In addition to the coefficient of determination (R²), model 
performance was evaluated using the root mean square error 
of calibration (RMSEC), root mean square error of cross-
validation (RMSECV), residual prediction deviation (RPD), 
and bias. RMSEC and RMSECV were used to quantify 
calibration accuracy and prediction uncertainty, respectively, 
while RPD—defined as the ratio between the standard 
deviation of the reference data and RMSECV—was used as 
an indicator of model robustness. According to commonly 
accepted criteria, RPD values greater than 2 indicate good 
predictive performance, whereas values between 1.4 and 2 
suggest moderate predictive capability.

Model bias was calculated as the mean difference 
between predicted and measured values to assess systematic 
over- or underestimation. Bias values close to zero indicate 
unbiased predictions.

The optimal number of latent variables (PLSR 
factors) was determined by minimizing RMSECV and 
avoiding overfitting, following the guidelines provided in 
Unscrambler® X. Only factors that contributed significantly 
to reducing prediction error were retained in the final models.

The inclusion of these diagnostic metrics demonstrates 
that the developed PLSR models for free iron oxides 
(Fed), soil organic carbon (SOC), and calcium (Ca) exhibit 
satisfactory calibration accuracy, acceptable prediction 
uncertainty, and stable generalization performance based on 
their VIS–NIR spectral signatures.

2.4.1 Soil Organic Carbon (SOC)

2.4.2 Calcium Content (Ca)

2.4.3 Free Iron Content (Fed) 2.5.1 Pre-processing of the spectroscopic data

Soil organic carbon (SOC) plays a vital role in determining 
soil physical structure, influencing aggregation, porosity, 
and overall fertility (Sparks et al., 1996). Soil organic matter 
exists at various stages of decomposition, encompassing 
microbial biomass as well as plant and animal residues. 
The Walkley and Black (1934) wet oxidation method, as 
described in Sparks et al. (1996), was used to quantify SOC 
in the collected samples. The absorbance of calibration 
standards and sample solutions was measured at 600 nm 
using a Thermo Electron Corporation spectrophotometer 
housed in the Department of Earth and Environmental 
Sciences, Yarmouk University.

Calcium is a fundamental element for plant growth, 
contributing to cellular structure and fruit firmness, and 
indirectly influencing chlorophyll production through 
its interaction with iron (Fan et al., 2016). The sodium 
carbonate fusion method (Sparks et al., 1996) was employed 
to decompose the soil samples and estimate total calcium 
(Ca) and iron (Fe) contents. The digested samples were 
subsequently analyzed using a PerkinElmer AAS 200 atomic 
absorption spectrophotometer available in the Department of 
Chemistry, Yarmouk University.

The citrate–bicarbonate–dithionite (CBD) extraction 
method was applied to determine free iron oxides (Fed) 
in the soil samples, as recommended for large sample sets 
(Sparks et al., 1996). The iron concentration in the extracted 
CBD solution was quantified using a PerkinElmer AAS 200 
atomic absorption spectrophotometer at the Department of 
Chemistry, Yarmouk University.

Spectral pre-processing was applied to the raw VIS–NIR 
reflectance data to reduce noise, correct for instrumental and 
environmental effects, and enhance the correlation between 
spectral variables and laboratory-measured soil properties. 
All transformations were performed using Unscrambler® X 
v10.4 following recommended procedures for field-acquired 
soil spectra.to optimize the relationship between the spectral 
data matrix and the laboratory-measured contents of free 
iron oxides (Fed), soil organic carbon (SOC), and calcium 
(Ca). 

A series of transformations was applied sequentially: 
Baseline correction was first applied to adjust for spectral 
offsets, caused by variations in illumination intensity and 
sensor positioning. The minimum reflectance value within 
each spectrum was used as a reference, ensuring spectral 
normalization and improving inter-sample comparability. 

Correlation Optimized Warping (COW) was 
subsequently employed to correct minor wavelength shifts 
along the spectral axis (x) resulting from sensor instability 
and field measurement conditions. Default segment length 
and slack parameters recommended by Unscrambler® X 
were used, which improved spectral alignment and reduced 
misregistration between samples.

A multiplicative Scatter Correction (MSC) was applied 
to minimize scattering effects related to differences in soil 
particle size, surface roughness, and moisture conditions  
(Unscrambler® X, 2014). MSC improved model linearity 

2.5 Statistical analysis
The statistical analysis was conducted using 

Unscrambler® X v10.4 to develop a robust regression model 
that predicts unknown geochemical values for soil samples 
based on their spectroscopic attributes. Unscrambler® X is 
a commercial software package designed for multivariate 
data analysis, particularly useful in analytical applications 
such as near-infrared (NIR) spectroscopy, where it supports 
both calibration and predictive model development for real-
time material analysis. In this study, two primary datasets 
were employed: 1) Response matrix (Y): geochemical 
data obtained from laboratory analyses, and 2) Predictor 
matrix (X): spectral reflectance data derived from field 
spectroscopy measurements. The analytical workflow 
comprised five main stages: 1) pre-processing of the 
spectral data to enhance signal quality and remove noise; 2) 
application of partial least squares (PLS) regression to model 
relationships between spectral and geochemical variables; 
3) model calibration using reference data to establish the 
predictive relationship; 4) model validation to evaluate 
accuracy and generalizability; 5) model testing to assess the 
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by reducing multiplicative and additive scattering, leading 
to improved calibration stability, particularly for Fed and Ca 
models. While SOC data were excluded from this stage due 
to their specific response characteristics. 

A deresolve transformation was then implemented to 
reduce spectral resolution and suppress high-frequency noise 
while preserving diagnostically relevant spectral features. 
This step reduced collinearity among adjacent wavelengths 
and improved model robustness without loss of predictive 
information.

Finally, Orthogonal Signal Correction (OSC) was 
applied to remove spectral variance uncorrelated to the 
response variables. OSC effectively filtered non-informative 
components from the X-matrix, resulting in improved signal-
to-noise ratios and enhanced prediction accuracy during 
cross-validation. 

The combined application of these pre-processing steps 
resulted in higher coefficients of determination (R²) and 
reduced prediction errors in PLSR models compared to those, 
developed using raw spectra, confirming their effectiveness 
in improving model performance.

predict new observations of the same type as those used in its 
development. A model is considered valid when its prediction 
uncertainty is minimal, and its performance remains stable 
across independent datasets (Unscrambler® X, 2014).

In cases where a large number of samples are available 
(typically more than 50), independent validation or test-set 
validation can be applied. However, in this study, the dataset 
consisted of 33 samples, which was insufficient for reliable 
independent testing. Therefore, a cross-validation approach 
was adopted as a more suitable alternative. Cross-validation 
systematically partitions the dataset into subsets, iteratively 
using one subset for testing and the remainder for model 
calibration. This approach provides a robust measure of 
model accuracy and generalization capability, particularly 
when working with limited sample sizes.

2.5.2 Model Calibration

2.5.3 Model Validation

2.5.4 Partial Least Squares Regression (PLS Regression)

The PLSR model calibration was conducted using 
diagnostic parameters such as score plots, loading plots, 
and regression coefficients to evaluate model structure 
and performance. The PLSR approach organizes samples 
along model components based on the variation within the 
predictor matrix (X)—representing the spectral data—and 
the response matrix (Y)—representing the laboratory-
measured soil properties. PLS loadings describe how each 
variable in the X- and Y-spaces is contributing to the model 
components, providing insight into the correlation structure 
between spectral variables and soil attributes. To identify 
potential outliers, the X–Y relationship plot (t-scores from 
X versus u-scores from Y) was examined to detect samples 
that deviated significantly from the general data trend. 
Each variable was weighted by its regression coefficient, 
reflecting its importance in predicting a specific Y-response. 
The regression coefficients also served as indicators of model 
interpretability and predictive strength. Ideally, the predicted 
versus reference (measured) plot should exhibit a linear 
relationship with a slope near 1 and a correlation coefficient 
(R²) close to unity, indicating high model accuracy. In a 
predicted-versus-reference plot, the predicted values should 
show a straight-line relationship with the measured values, 
ideally with a slope of 1 and a correlation of 1 or near 1. 
These diagnostic parameters were employed to iteratively 
exclude outlier samples, irrelevant variables, and spectral 
noise, ultimately producing a stable and optimized PLSR 
model with maximum predictive accuracy (Unscrambler® 
X, 2014).

Model validation is a critical step in assessing the 
reliability and predictive performance of a regression model 
that has been calibrated using empirical data. Validation 
estimates the level of uncertainty associated with future 
predictions and determines how effectively the model can 

The PLSR method, also known as Projection to Latent 
Structures (PLS), models the predictor (X) and response 
(Y) matrices simultaneously to extract latent variables from 
X that best predict the corresponding variables in Y. These 
latent variables, referred to as factors, are analogous to the 
principal components in Principal Component Analysis 
(PCA) but are specifically optimized to maximize the 
covariance between X and Y (Unscrambler® X, 2014).

Unlike Principal Component Regression (PCR), 
which first performs PCA on the X-matrix and then 
regresses the resulting component scores (T) against the 
Y data, PLSR integrates these steps. This simultaneous 
modeling approach allows PLSR to capture the most 
relevant spectral information while minimizing residual 
error, often achieving high predictive accuracy with 
fewer factors than PCR. Consequently, PLSR provides an 
efficient and robust framework for establishing quantitative 
relationships between soil spectral reflectance data and their 
corresponding laboratory-measured properties.

3.1 Laboratory Analysis
Soil organic carbon (SOC) is primarily derived from 

the biological decomposition of plant residues and other 
organic materials within the soil (Jenkinson, 1966). The 
upper soil horizon (<30 cm) typically contains the highest 
SOC concentrations, as it is directly influenced by climatic 
factors and human activities such as cultivation, grazing, and 
fertilization (Batjes, 2006).

The laboratory analyses revealed substantial variation 

3. Results and Discussion 
 This section presents and discusses the results obtained 

from both laboratory analyses and spectroscopic modeling. It 
is organized into three main parts: first, the spatial variability 
and descriptive statistics of the laboratory-measured soil 
properties are reported; second, the performance of the 
spectral pre-processing and PLSR models is evaluated using 
calibration and validation metrics; and finally, the predictive 
results are interpreted in relation to soil spectral behaviour 
and compared with findings from previous studies. The 
discussion highlights the strengths and limitations of the 
developed models and their implications for soil spectroscopy 
applications in semi-arid environments.
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Soil parameter n Min Max Mean SD CV

SOC % 40 1.09 3.96 1.69 0.61 36.17

Ca % 40 0.08 10.65 3.19 2.22 69.83

Fed % 40 0.40 1.28 0.89 0.22 24.92

n, number of samples; SD, standard deviation; CV, coefficient of 
variation (=Mean/SD* 100%)

in SOC content across the study area (Table 2). SOC values 
ranged from a minimum of 1.0% in sample no. 31 (Site E) 
to a maximum of 3.9% in samples no. 14 and 20 (Sites B 
and C), with a mean of 1.69%. This considerable variation 
likely reflects spatial differences in organic matter inputs, 
biological activity, and local microclimatic conditions.

The coefficient of variation (CV) for SOC was 36.1%, 
indicating high variability among the samples. Such variation 
suggests that SOC distribution within the study area is 
influenced by both land-use practices and environmental 
heterogeneity, consistent with findings from similar semi-
arid Mediterranean landscapes.

was developed for each soil property.

Model validation was subsequently performed to assess 
model stability and to evaluate the predictive confidence for 
estimating unknown soil samples. The validation results 
confirmed that the applied preprocessing transformations 
effectively enhanced the correlation between spectral 
signatures and laboratory-measured soil parameters, 
yielding reliable predictive models for Fed, SOC, and Ca.

The results of the sodium carbonate fusion analysis 
are summarized in Table 2. The total calcium (Ca) content 
exhibited substantial variability, ranging from a minimum 
of 0.08% in sample no. 25 (Site D) to a maximum of 10.6% 
in sample no. 9 (Site A), with a mean value of 3.19%. The 
coefficient of variation (CV) was 69.83%, indicating an 
extremely high degree of dispersion among the samples. 
This pronounced variability likely reflects differences 
in carbonate content, soil management practices, and 
microenvironmental conditions across the study sites.

In contrast, the total iron (Fe) content across sites A to E 
was relatively uniform. This consistency suggests that iron 
concentration in the soils is primarily governed by parent 
material composition and pedogenic processes, which appear 
to be similar across the sampled locations.

Generally, free iron in soils originates from secondary 
iron oxides, either absorbed or precipitated onto mineral 
surfaces or bound in iron–organic matter complexes. 
Iron occurs in two oxidation states—ferrous (Fe²⁺) and 
ferric (Fe³⁺)—both of which play essential roles in plant 
metabolism, respiration, and photosynthesis (Jones, 2020). 
The relative proportions of these oxidation states are strongly 
influenced by soil pH and pore-water content.

The analysis of free iron oxides (Fed) revealed a variation 
with values ranging from 0.40% (sample no. 13, Site B) to 
1.28% (sample no. 28, Site D) (Table 2). These differences 
likely reflect localized variations in drainage conditions, 
oxidation–reduction dynamics, and organic matter 
associations, which collectively influence iron mobility and 
availability in the soil matrix.

Table 2. Descriptive statistics of soil properties analyzed in the study.

3.2 Pre-processing and Correlation models 
The relationships between the hyperspectral reflectance 

data and the three selected soil properties—free iron oxides 
(Fed), soil organic carbon (SOC), and calcium (Ca)—were 
examined through Partial Least Squares (PLS) regression 
analysis. After applying the pre-processing procedures 
described in Section 2.5.1, a robust and stable PLSR model 

3.2.1 Pre-processing of the spectroscopic data

3.2.2 Correlation between soil properties and reflectance data 
(PLS regression)

	 Several spectral transformation techniques were 
applied to the raw hyperspectral data to enhance signal 
quality, remove noise, and achieve optimal correlations 
between spectral reflectance and the measured soil properties 
(Figure 6a–d).

Baseline correction was first applied to adjust for 
spectral offsets and normalize reflectance intensity 
(Figure 6a). The Correlation Optimized Warping (COW) 
method was then used to realign the spectra and correct 
minor wavelength shifts along the x-axis (Figure 6b). 
Subsequently, Multiplicative Scatter Correction (MSC) 
was implemented to minimize scattering effects caused by 
differences in particle size and surface roughness (Figure 
6c). Finally, the Deresolve transformation was applied to 
reduce excessive spectral resolution and eliminate high-
frequency noise, thereby improving data smoothness and 
model interpretability (Figure 6d). These pre-processing 
steps collectively enhanced the stability and accuracy of the 
subsequent PLSR models developed for Fed, SOC, and Ca 
prediction.

Three stable Partial Least Squares Regression (PLSR) 
models were developed for predicting free iron oxides (Fed), 
soil organic carbon (SOC), and calcium (Ca) content, each 
demonstrating credible validation accuracy and strong 
predictive confidence.

For Fed, the PLSR model achieved coefficients of 
determination (R²) of 0.82 for calibration and 0.85 for cross-
validation, using only three latent factors (Figure 7c–d). 
The first two PLSR factors explained 88% of the variance 
in the X-matrix (spectral data) and 82% in the Y-matrix 
(Fed concentrations) (Figure 7a). The score plot showed a 
clear, consistent distribution of samples across the first two 
factors, confirming the model’s robustness.

The regression coefficient plot identified the spectral 
bands most influential in predicting Fed (Figure 7b). The 
important X-variables (spectral bands) were characterized 
by strong positive or negative regression coefficients, 
distributed intermittently along the wavelength axis. 
According to Liu (2019), soil iron oxides exhibit maximum 
positive correlations at 585, 747, 1153, 1380, and 2187 nm. 
In this study, the critical wavelengths associated with iron 
oxides were distributed primarily across the visible and 
near-infrared (VIS–NIR) region (325–1075 nm). This 
pattern aligns with findings by Heller and Ben-Dor (2020), 
who noted that both soil organic matter (SOM) and Fed 
are spectrally active within the 400–1000 nm range, often 
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exhibiting overlapping effects.

To enhance model precision, spectral wavelengths 
that overlapped significantly with SOM reflectance 

characteristics were excluded from the set of important 
variables, thereby isolating the spectral contribution of Fed 
and improving model interpretability.

 Figure 6. Pre-processing transformations applied to the spectroscopic data: (a) baseline correction to adjust spectral offset, (b) correlation 
optimized warping (COW) to correct wavelength shifts, (c) multiplicative scatter correction (MSC) to remove scattering effects, and (d) 

deresolve transformation to reduce high-frequency noise and improve signal smoothness.

 Figure 7. Partial Least Squares Regression (PLSR) model for free iron oxides (Fed) developed using 32 soil samples.
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The strong predictive performance of the Fed model is 
consistent with previous studies that report high sensitivity 
of visible wavelengths to iron oxide absorption features 
(e.g., Sahwan et al., 2021; Heller and Ben-Dor, 2020). The 
relatively high RPD values obtained for Fed indicate robust 
model reliability, reflecting the pronounced spectral activity 
of iron oxides in the VIS–NIR region.

The PLSR model for soil organic carbon (SOC) 
demonstrated strong predictive performance, achieving a 
coefficient of determination (R²) of 0.83 for calibration and 
0.72 for cross-validation, with four latent factors employed 
(Figure 8b–c). The score plot illustrates the distribution of 
samples along the first two factors, where Factor 1 accounted 
for 100% of the variance in the X-matrix (spectral data) and 

The SOC model exhibited lower validation accuracy 
compared to Fed and Ca, which can be attributed to the 
complex and indirect spectral behavior of organic carbon. 
SOC absorption features often overlap with those of iron 
oxides and soil moisture, reducing model specificity, 
particularly in semi-arid soils with relatively low organic 
matter content. Similar limitations have been reported in 
other VIS–NIR studies conducted in arid and semi-arid 
environments (Xu et al., 2020; Gomez, 2008)

The PLSR model developed for calcium (Ca) achieved 
a coefficient of determination (R²) of 0.87 for calibration 
and 0.79 for validation (Figure 9a, c–d). The model utilized 
three latent factors, which explained 93% of the variance 
in the X-matrix (spectral data) and 58% of the variance in 
the Y-matrix (calcium content). The score and regression 
coefficient plots revealed a clear distribution of samples 
across the first two factors, as well as the key spectral 
variables contributing to Ca prediction (Figure 9b).

The correlation between calcium and VIS–NIR spectral 
reflectance is not yet fully understood. However, in this 
study, the most significant spectral bands correlated with Ca 
were identified within the visible to near-infrared range after 
data pre-processing, showing both positive and negative 
relationships (Figure 9b). According to Gomez (2008), 
important wavelengths for estimating CaCO₃ content in soils 
are typically observed near 500, 600, and 1430 nm, which 
are closely associated with soil colour—an attribute linked 
to calcium carbonate concentration. Gomez (2008) identified 
additional spectral features within the VIS–NIR range, 
notably in the visible wavelengths (approximately 500–650 
nm) related to soil color variations and in the near-infrared 
region around 1400 nm, which are indirectly influenced by 
carbonate minerals. The consistency between these spectral 
regions and those identified in the present study further 
supports the applicability of VIS–NIR spectroscopy for 
estimating calcium-related soil properties..

36% of the variation in the Y-matrix (SOC), while Factor 2 
explained an additional 34% of the variance in Y (Figure 8b).

According to Xu et al. (2020), SOC is highly correlated 
with spectral features in the visible and near-infrared 
(VIS–NIR) regions, particularly at wavelengths around 
400, 530, 610, 800, 1000, and 1100 nm. In the present 
study, the identified spectral bands for SOC prediction 
(Figure 8b) closely align with these ranges. The selected 
wavelengths are associated with variations in chromophores 
and the optical properties of humic acids (Xu et al., 2020). 
Moreover, the significant wavelengths observed in the NIR 
region correspond to vibrational overtones of C–H, O–H, 
and N–H bonds, which are characteristic of organic carbon 
compounds.

 Figure 8. Partial Least Squares Regression (PLSR) model for soil organic carbon (SOC) developed using 32 soil samples. The model 
achieved an R² of 0.83 for calibration and 0.72 for cross-validation, utilizing four latent factors to explain the spectral–SOC relationship.
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The Ca model showed strong calibration performance, 
likely due to the influence of calcium carbonate on soil 
brightness and colour, which indirectly affects VIS–NIR 
reflectance. However, the moderate validation performance 
suggests that Ca prediction remains sensitive to soil texture 
and mineralogical variability.

 Figure 9. Partial Least Squares Regression (PLSR) model for calcium (Ca) developed using 32 soil samples. The model achieved R² values 
of 0.87 for calibration and 0.79 for validation, with three latent factors explaining 93% of the variance in X and 58% in Y.

4. Conclusions and Recommendations
This study demonstrates the robustness and efficiency 

of VIS–NIR field spectroscopy combined with Partial Least 
Squares Regression (PLSR) for characterizing selected soil 
properties under semi-arid Mediterranean conditions in 
northern Jordan. Based on correlations within the 325–1075 
nm spectral range, three PLSR models were successfully 
developed to predict free iron oxides (Fed), soil organic 
carbon (SOC), and calcium (Ca), showing satisfactory 
calibration and validation performance.

The results revealed distinct, intermittent spectral 
responses associated with each soil property across the VIS–
NIR region, confirming that Fed, SOC, and Ca are spectrally 
active and can be reliably modeled using multivariate 
regression. These findings highlight the potential of 
soil spectroscopy as a rapid and effective alternative to 
conventional laboratory analyses for soil property estimation.

Importantly, this research should be viewed as a 
preliminary but essential step toward the development of 
a soil spectral database in Jordan. Although the present 
dataset is spatially limited, it establishes a validated 
methodological foundation for future large-scale sampling, 

model generalization, and integration with remote sensing 
platforms. Expanding the approach to include a wider range 
of soil types and geographic regions will be necessary to 
support the development of standardized spectral calibration 
models and, ultimately, a comprehensive national soil 
spectral library.

Furthermore, integrating satellite-based and unmanned 
aerial vehicle (UAV) platforms with soil spectroscopy has 
the potential to significantly enhance data acquisition 
efficiency and spatial coverage. Such integration would 
enable the generation of high-resolution digital soil maps, 
supporting precision agriculture and sustainable land 
management. The availability of up-to-date spectroscopy-
based soil information would assist farmers and decision-
makers in optimizing crop selection, irrigation practices, 
and fertilization strategies, thereby improving agricultural 
productivity and resource efficiency in Jordan.
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Abstract

1. Introduction

Urbanization is now a strongly human-driven process 
that continuously alters the physical characteristics of the 
land surface and disrupts climate patterns in many parts of 
the world (Oke, 1982; Grimmond, 2007). As the cities are 
growing and with the increase of population, especially near 
the urban centers, ultimately the surrounding croplands and 
natural green areas are getting replaced by infrastructures 
such as roads, buildings, etc., which are inhibiting the 
natural capacity of a landmass to reflect the heat (Imhoff 
et al., 2010; Abusmier & Al-Kofahi, 2025). The increased 
absorption of natural light by built-up elements has increased 
the overall Land Surface Temperature (LST) in urban areas, 
which has led to the problem of Urban Heat Island (UHI) 
formation, making the urban centers hotter than the scattered 
settlements and vegetated areas (Voogt & Oke, 2003; Zhou 
et al., 2014). The UHI formation has caused many other 
issues, including increased power consumption, heatstroke 
among kids and the elderly, fire events in many urban areas 
due to overconsumption of cooling appliances, increased 
water consumption, and water scarcity in urban centers. 
(Santamouris, 2015; Li et al., 2019). 

In India, the situation of urban expansion is critical, 
particularly in Tier II cities (Manesha et al., 2021), where 
the construction and development projects are not monitored 
as per standard building and environmental codes (Bhan 
& Jana, 2013; Tamrakar et al., 2024), ultimately leading to 
dense settlements with a more LST-elevating scenario. The 
added-on effects of soaring LST in cities are destroying 

natural vegetation, as plant water intake increases while 
resources are limited (Rao et al., 2021). 

Bathinda, a fast-developing city located in the arid 
agro-climatic region of Punjab, is a very suitable example 
for studying LST dynamics over time and the resultant UHI 
effect. It is an important urban center, part of the Indo-
Gangetic alluvial plains and has a semi-arid climate with 
large seasonal temperature ranges, thus sensitive to local 
environmental land-cover change, as well as anthropogenic 
heat sources (Majumder et al 2021). The establishment of 
major infrastructure, such as the Guru Nanak Dev Thermal 
Power Plant and an oil refinery, and associated industrial and 
residential growth has intensified built-up surfaces while 
reducing vegetation cover. Bathinda experienced substantial 
LULC transition in the form of growth in residential areas, 
commercial clusters, and industrial expansions. Studies 
based on geospatial technologies have noted an alarming 
decline in vegetation cover and an increase in settlement 
areas, culminating in a rise in localized surface temperature. 
‘Bathinda’s climate is represented by extreme summer 
temperatures and low rainfall. When combined with rapid 
urban expansion, these climatic conditions contribute to 
increased thermal stress. This study offers insight into the 
thermal behavior of the land surface, which can be applied to 
other climatic zones in India. 

Voogt and Oke (2003) studied the LST surface and 
atmospheric UHI mechanisms, heat reradiation, reflectance, 
and absorption from vegetated areas compared to the 
built-up area. Weng et al. (2004) mapped LST dynamics 
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This study examines the relationship between changing patterns of Land Surface Temperature (LST), land use/land cover 
(LULC) change, and vegetation index (NDVI) in Bathinda City, Punjab, India, over 32 years (1990–2022). Using the Landsat 
data, LST and NDVI were calculated for four years (1990, 1999, 2010, and 2022) and analyzed alongside the dynamics 
of LULC maps classification. Results show that the mean LST increased significantly from 31.2°C in 1990 to 36.6°C in 
2022, indicating a rising urban heat island (UHI) effect. At the same time, vegetation cover declined sharply, with NDVI 
maximum values dropping from 0.71 to 0.46, while built-up and open lands expanded. Regression analysis confirmed a 
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2022 (R² = 0.1259), showing that vegetation alone can no longer explain urban heating. Spatial analysis shows that higher 
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by employing Landsat ETM+ imagery and LULC change 
analysis in Indianapolis. Similarly, Yuan and Bauer (2007) 
worked on high-resolution thermal data for change analysis 
in temperature patterns. Imhoff et al. (2010) studied the UHI 
effects across U.S. cities and confirmed its correlation with 
the increased LST after urban expansion activities. The 
UHI phenomenon in India has recently been a new hazard 
studied by many researchers: Kikon et al. (2016) applied the 
NDVI analysis to detect UHI formation in Guwahati, India; 
Pal and Ziaul (2017) studied spatio-temporal changes in 
LST in Kolkata using multi-year Landsat datasets; Sethi et 
al. (2024) combined NDVI and LST trends to analyze the 
impacts of urban sprawl in Bhubaneswar, India. Momeni and 
Saradjian (2007) and Bao et al. (2023) developed emissivity 
correction models using NDVI and LULC layers to enhance 
UHI analysis. Sobrino et al. (2004) and Jiménez-Muñoz 
et al. (2009) proposed a split-window algorithm for LST 
estimation in UHI analysis. Mallick et al. (2013) and Bao et 
al. (2023) used NDVI, Normalized Difference Built-up Index 
(NDBI), and Normalized Difference Water Index (NDWI) 
to examine LST dynamics and their correlation with heat 
gradients across varying LULC patterns. Rajasekar and 
Weng (2009) explored the role of bare soil and built-up 
areas in thermal amplification using ASTER imagery for 
Chennai. Tran et al. (2006) explored inter-city LST changes 
in relation to spatial variations in LULC layers. Buyantuyev 
and Wu (2010) reported urbanization patterns in Phoenix, 
USA that led to a lowering of groundwater levels and to 
evapotranspiration exceeding rainfall, thereby exaggerating 
the UHI impacts in the study area. 

Despite this growing body of research, a critical gap 
remains. Most studies either lack temporal depth, analyzing 
only one or two years, or fail to integrate vegetation and 
moisture indices in a comprehensive way (Manjunath & 
Jagadeesh, 2024; Tamrakar and Sharma, 2024; Okoduwa 
& Amaechi, 2025). The methodological inconsistency 
across different sensors (Landsat, MODIS, ASTER) and 
the majority research interest in the Tier-1 cities like Delhi, 
Mumbai, Bangaluru makes long term analysis difficult, 
especially for cities located in arid and peri-urban regions of 
India like Bathinda city that requires a detailed LULC study 
for absolute calibrations of LST fluctuation, (Zhou et al., 
2014; Li et al., 2019).

The primary objective of this study is to assess the spatio-
temporal evolution of LST in Bathinda City from 1990 to 
2022 using multi-temporal Landsat data. The LULC and 
vegetation indices, such as NDVI, were classified to evaluate 
their relationship with varying LST over the selected time 
period. Finally, the results estimate the intensity of the UHI 
effect and compare thermal differences between urban and 
peri-urban zones over the temporal timeline. Additionally, 
it seeks to identify the key LULC and biophysical factors 
influencing LST distribution through regression-based 
statistical modeling. 

This study presents the first long-term (1990–2022) 
LST analysis for Bathinda City, Punjab, integrating 
environmental indices: NDVI-based emissivity and LULC 
patterns across multiple temporal timelines, and spectral 

2. Study Area

Bathinda city is the oldest city of Punjab, situated 
between ”29º46’11” and ”30º35’08” north latitude and from 
”74º37’49” and ”75º22’54” east longitude (Figure 1). It is 
located in the south-western part of Punjab and lies within 
the Indo-Gangetic alluvial plains. The region is mostly flat 
with gentle slopes, and the average elevation ranges from 200 
to 220 meters above sea level. There are no hills or natural 
elevations; the landscape is mainly modified by human 
activities such as canals, embankments, and urban structures. 
The climate of Bathinda is semi-arid, characterized by very 
hot summers, mild winters, and low rainfall. In the summer 
months, especially May and June, the temperature often 
crosses 45°C, and hot winds called ‘’’loo’ are common in 
this region. Winters are cooler with minimum temperatures 
falling to 4–5°C. The annual average rainfall is about 400–
500 mm (Sharma et al., 2017), which occurs mainly during 
the monsoon period from July to September, but the rainfall 
is often erratic and  unevenly distributed. Soils in this region 
are sandy to sandy loam in texture, generally low in organic 
matter, and prone to salinity in some areas. Vegetation in 
Bathinda is mostly planted rather than natural, and trees are 
commonly found along roadsides, parks, and canals (Ahmad, 
2023). The natural green cover is very sparse due to the dry 
climate. The main land-use pattern in and around Bathinda 
is agriculture, with wheat, cotton, and mustard as the 
dominant crops, supported by canal and tube-well irrigation. 
However, in recent years, the urban sprawl has converted 
agricultural lands into residential and commercial plots. 
Urbanization in Bathinda has picked up pace since the 1990s 
(Guite, 2019) due to industrial growth, improved transport 
connectivity, and the establishment of major public-sector 
units, such as thermal power plants and the Guru Gobind 
Singh Oil Refinery. This growth is mostly unplanned, with 
residential colonies and commercial buildings expanding 
on the periphery without proper infrastructure. The central 
areas are becoming overcrowded, and green spaces are 

indices for improved accuracy. Regression models are used 
to quantify LST–landscape relationships, offering data-
driven insights. Overall, it offers a unique methodological 
and contextual contribution to urban remote sensing in arid 
Indian cities.

 Figure 1. Map depicting the location of the study area, Bathinda 
City
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3. Materials and Methods
This study investigates the spatio-temporal evolution 

of LST and its role in UHI formation in Bathinda City, 
located in the south-western region of Punjab, India, over 32 
years from 1990 to 2022. The research leverages geospatial 
techniques and satellite datasets to examine how thermal 
conditions have changed in Bathinda City, Punjab, due to 
rapid industrialization and urban growth.

The methodology involves processing multi-temporal 
satellite images, followed by LULC classification, NDVI 
variations in the study area based on analysis of thermal 
bands from Landsat sensors, and an urban–rural long-term 
temperature gradient estimate indicating UHI intensity. 
Further, multivariate statistical classification and modeling are 
used to identify key driving factors influencing LST patterns, 
including both natural and human-induced variables. The 
workflow is represented in Figure 2, providing a systematic 
overview of data input, processing, and analysis stages.

continuously shrinking, raising concerns for heat stress and 
environmental degradation. In the backdrop of impending 
climate change, where temperature extremes and weather 
unpredictability are expected to worsen, understanding 
urbanization patterns and their impacts on local land and 
climate systems becomes urgent. Bathinda, situated in a 
sensitive agro-climatic zone, needs immediate attention 
to climate-resilient urban planning, sustainable land use, 
and environmental monitoring to protect people and the 
ecosystem from rising heat and water-related stresses.

 Figure 2. Diagram representing the overall methodology flowchart

Table 1. Details of Satellite Data Used in the Study

S.No Satellite Sensor Year Acquisition Date Spatial Resolution Bands 
Used

Cloud 
Cover Season

1 Landsat 5 TM 1990 10 May 1990 30 m (optical & TIR) Bands 1–7 <10% Pre-monsoon

2 Landsat 5 TM 1999 15 May 1999 30 m (optical & TIR) Bands 1–7 <10% Pre-monsoon

3 Landsat 5 TM 2010 12 May 2010 30 m (optical & TIR) Bands 1–7 <10% Pre-monsoon

4 Landsat 8 OLI/TIRS 2022 08 May 2022 30 m (resampled TIR) Bands 1–11 <10% Pre-monsoon

3.1 Satellite data and pre-processing 3.2 LULC classification using spectral indices 
In this study, multi-temporal satellite imageries were 

acquired from USGS Earth Explorer that included Landsat 
5 TM bands for the years 1990, 1999, and 2010 and Landsat 
8 OLI/TIRS for 2022 (Table 1). These data were selected for 
their temporal precision in the long-term analysis of the urban 
heat regime, and match the key stage of the urban change that 
happened in Bathinda City post the Indian financial reforms 
undertaken in 1991. Imagery was acquired from March to 
June (the pre-monsoon season in this region) to minimize 
vegetation masking and ensure seasonal surface temperature 
variation. The images acquired were Level-2 products; thus, 
no radiometric or atmospheric corrections were required. 
Individual band layers were stacked to generate single 
composite images for each scene, followed by assigning them 
UTM Zone 43N and WGS 84 projected coordinates. The 
projected images were then clipped to the area surrounding 
Bathinda City. All this was ensured by ensuring that each 
scene had <10% cloud cover and a pixel dimension of 30m 
x 30m. Open-source software, QGIS version 3.28, was used 
for pre-processing.

To accurately extract LULC classes from multi-temporal 
satellite images, a hybrid classification technique was adopted, 
which combines spectral index thresholding with supervised 
classification based on the Maximum Likelihood Classifier 
(MLC). This method helped better separate different land 
types, especially in a mixed, dry area like Bathinda. Five 
major LULC categories were defined for classification: built-
up area, vegetation, agricultural land, open/barren land, and 
water bodies. To strengthen discrimination among these 
classes, a set of normalized spectral indices was computed 
from Landsat imagery reflectance bands. These included the 
NDVI, which is calculated as (NIR − RED) / (NIR + RED) 
and is effective for identifying vegetative cover; the NDBI, 
computed as (SWIR − NIR) / (SWIR + NIR), to highlight 
urban and constructed areas and the NDWI, calculated as 
(GREEN − NIR) / (GREEN + NIR), which helps in detecting 
water bodies. LULC classification was carried out using 
QGIS (version 3.28) with the Semi-Automatic Classification 
Plugin.

These spectral indices were utilized in combination 



with original image bands to define clear, representative 
training samples for supervised classification. The classified 
outputs for each time period were subjected to accuracy 
assessment using the Kappa coefficient. Ground-truth points 
collected from field surveys and high-resolution Google 
Earth imagery were used for validation, particularly for the 
2022 dataset, while historical images were used with visual 
interpretation for earlier years. This methodology ensured 
that the LULC maps generated were both consistent and 
reliable for temporal analysis.

LULC maps for the years 1990, 1999, 2010 and 2022 
were generated with overall accuracies of 83%, 85%, 89% 
and 82%, respectively. The Kappa values for these years 
were 0.79, 0.81, 0.86, and 0.77, respectively. The results of the 
LULC analysis reveal substantial change, as reflected in the 
generated LULC maps (Figures 3 & 4). Separately, spatial 
expansion maps were prepared as depicted in Figure 5. The 
proportions of the following 5 classes of LULC: vegetation, 
agricultural land, built-up area, open land and water bodies 
were found to be 43%, 20%, 20%, 15% and 2% respectively 
for the year 1990. LULC analysis of 1999 indicated a marked 
change: vegetation class decreased to 30%, agricultural land 

class decreased to 9%, built-up area increased to 26%, and 
open land class increased to 33%. It also indicated roughly no 
change in the area under the water body class. By 2010, the 
vegetation class again increased to 40%, the agriculture area 
class roughly remained the same at 11%, the built-up area 
further increased to 30%, the open land class at 18%, and the 
water body at 1%. Further analysis of the imagery from 2022 
showed that vegetation dropped to 28%, the agriculture class 
remained stagnant at 10%, built-up area increased to 32%, 
open land increased to 29%, and waterbody remained at 1% 
(Table 2). LULC results for the period 1990-2022 clearly 
indicate that the built-up area, which was 17.79 km² in 1990, 

Table 3. Land use land cover classes 1990, 1999, 2010 and 2022

3.3 LST retrieval from Landsat data

3.4 Urban Heat Island (UHI) Intensity Estimation

4.1 Changes in Land Use and Land Cover (LULC)

The single-channel algorithm (QGIS SCP plugin) was 
applied to estimate LST from thermal bands of Landsat 5 
(Band 6) and Landsat 8 (Band 10). The process involved 
radiance calculation, conversion to brightness temperature, 
and surface emissivity correction using NDVI-derived 
emissivity models.

Radiance and Brightness Temperature Calculation

For Landsat 5 TM, radiance (Lλ​) was calculated using:

Urban heat island intensity was calculated using a binary 
zonal contrast method in QGIS software by delineating:

Urban core zones (high-density built-up areas) 

Peripheral rural buffer zones (non-urban areas with 
vegetative/agricultural land)

Where:

Lλ            - Spectral radiance (W/m²·sr·μm)

QCAL​    - DN values

Lmax,Lmin​  - Spectral radiance scaling constants from metadata

Brightness Temperature (BT) in Kelvin:

Where:

λ =10.8μm (central wavelength for Band 10)

ρ = h × c/σ =1.438×10−2m·K

h = 6.626×10−34Js, c=2.998×108 m/s, σ =1.38×10−23 J/K

Where K1, K2​, ML​ and AL​ are radiometric calibration 
constants available in the scene metadata (MTL file).

Surface Emissivity Estimation and LST Correction

To correct for surface emissivity (ε), the NDVI-based 
method was adopted. The proportion of vegetation (PV) was 
calculated as:

BT from TOA radiance:

For Landsat 8 TIRS, top of atmospheric radiance (TOA) 
was calculated as:

Surface emissivity (ε):    =0.004×PV+0.986

Final LST in Kelvin:

(1)

(2)

(3)

(4)

(5)

(6)

(7)

4. Results and Discussion

Category Name Area (Km2) Area (Km2) Area (Km2) Area (Km2)

Agriculture 17.58 8.32 9.66 9.38

Built Up 17.79 23.99 26.56 28.86

Open Land 13.99 29.11 16.66 25.75

Vegetation 38.57 27.21 35.91 24.83

Water Body 2.07 1.37 1.21 1.18

Total 90 90 90 90
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increased to 28.86 km² in 2022. During the same period, open 
land increased by 84%. In contrast, there was a noticeable 
decline in natural and agricultural land cover: vegetation 
cover decreased by 36%, agricultural land decreased by 
47%, and water bodies decreased by 43%. Figure 5 shows 
that in 1990, Bathinda City was limited to a 2 km circle; by 
1999, it had started growing at the southeast and northwest 

flanks. But from 1999 onwards, the city limits have started 
growing in all direc.tTill till, 2010 it remained like, thatfrom  
but 2010 on,wards more foccity growth city was seethe west-
southwest directiontions. Over the past 32 years, Bathinda 
city has changed a lot. Natural land is now less, and built-up 
and open land are more.

 Figure 3. LULC classes of Bathinda city for the years 1990(left) and 1999 (right)

 Figure 4. LULC classes of Bathinda city for the years 2010(left) and 2022 (right)

 Figure 5. Spatial expansion from 1990 to 2022 (Left), Land Transformation from 1990 to 2022 (Right)
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4.2. Land Surface Temperature (LST) Trends

4.3. NDVI Trends

The LST of Bathinda city has increased from 1990 to 
2022. This change is clearly visible in the LST maps for the 
years 1990, 1999, 2010, and 2022 (Figures 6 & 7). In 1990, 
the average LST was about 31.2°C. By 2022, this increased 
to around 36.6°C. This shows that the city has become hotter 
over the last 32 years. The hottest areas were mostly in the 
city center and in industrial or built-up zones. These areas 
had more concrete and buildings, which absorb and trap 
heat. In contrast, the cooler areas were near vegetation, 
agricultural land, and water bodies. These natural surfaces 
help to keep the land cool by allowing evaporation and 
shading. The maps also show that the hot zones have spread 
outward from the center over time. In 1990, the high LST was 

The NDVI maps for 1990, 1999, 2010, and 2022 (Figures 
8 & 9) show that green cover (vegetation) in Bathinda has 
decreased over time. In 1990, the maximum NDVI value 
was 0.71, indicating areas with dense green vegetation. The 
minimum NDVI value was –0.39, indicating the presence 
of non-vegetated areas, such as buildings, roads, or water. 
By 2022, the maximum NDVI had dropped to 0.46, and 
the minimum increased to –0.12. This difference means 
the greener areas became less green, and the non-vegetated 
areas increased. In 1990, more vegetation was observed in 
the northern and south-western parts of the city, as well 

as around the Cantonment area. Some green patches were 
visible in the center as parks. In 2022, these green zones had 
reduced in both size and health (lower NDVI values), and 
more areas showed lower NDVI values, indicating less or 
no vegetation. The central parts of the city and areas near 
industrial zones like the thermal power plant and National 
Fertilizer Limited (NFL) showed very low NDVI values in 
all years, especially in 2022, because of more buildings and 
very little greenery. The maps indicate that vegetation has 
decreased in both quantity and quality; NDVI values are 
declining each decade; and built-up and barren areas are 
increasing, while dense green areas are shrinking. 

mostly limited to the middle part of the city. By 2022, these 
hot areas had expanded in almost all directions, especially 
towards the west and southwest, where new development 
took place. This increase in temperature and the spreading 
of hot zones suggest a rise in the UHI effect, in which cities 
become hotter than surrounding rural areas due to buildings, 
roads, and less greenery. In summary, LST increased by 
more than 5°C between 1990 and 2022. Built-up areas are 
hotter, green/water areas are cooler, and hot zones now cover 
a larger part of the city, not just the center. Built-up areas are 
hotter, green/water areas are cooler, and hot zones now cover 
a larger part of the city, not just the center. These results show 
how urban growth and land changes have directly affected 
the temperature pattern in Bathinda.

 Figure 6. LST map derived from the Landsat sensor for the years 1990 (left) and 1999 (right) of Bathinda City

 Figure 7. LST map derived from Landsat sensor for the year 2010 (left) and 2022 (right) of Bathinda City
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4.4. Relationship between NDVI and LST

5.1. Interpretation of LST and Urbanization Patterns

This section looks at how green cover (NDVI) and LST 
are related. We used scatter plots and regression analysis 
to study this for the years 1990, 1999, 2010, and 2022. The 
results are shown in Figures 10-13. In all four years, the 
relationship was negative, meaning that when NDVI is high 
(more vegetation), LST is low, and when NDVI is low (less 
vegetation), LST is high. The regression equations and R² 
values (which indicate the strength of the relationship) are 
shown in Table 3.

The LST maps for 1990, 1999, 2010, and 2022 (Figures 6 
& 7) show that the temperature in Bathinda city has increased 
significantly over the last 32 years. In 1990, the average LST 
was about 31.2°C, but by 2022, it had reached about 36.6°C. 
This  strong increase of more than 5 degrees Celsius shows 
a clear sign of the UHI effect. The hotter areas in the city 
are mostly where there is more built-up land and open land, 
especially in the city center and in industrial zones, such 
as near the Thermal Power Plant and the NFL area. These 
places have very little vegetation, so they absorb and keep 
more heat. The cooler areas are found near vegetated zones, 
agricultural fields, and water bodies. These natural surfaces 
help cool the land by releasing moisture and reflecting less 
heat. But over the years, these cooler areas have reduced in 
size. From the LULC maps (Figures 3 and 4), we can see 
that the built-up area increased from 20% in 1990 to 32% 

From the Table, the strongest relationship was in 1990 
(R² = 0.56). This result means NDVI explained 56% of the 
change in LST. In 2022, the relationship became much weaker 
(R² = 0.13). NDVI explained only 13% of the LST variation. 
This variation shows that in earlier years, green cover had 
a strong impact on land temperature. But over time, as the 

These results show that natural green cover is declining, 
which may lead to higher land surface temperatures and 
greater heat in the city, as discussed in the previous section.

city developed and more concrete replaced greenery, other 
factors, (such as buildings, traffic, and roads) began to affect 
LST more than vegetation alone. The slope of the regression 
line was the steepest in 2010 (–20.43), indicating that a small 
change in vegetation caused a large change in temperature 
that year. This change might be due to rapid development 
and vegetation loss during that time. The effect of vegetation 
on LST was strong in the past, but weaker now due to more 
built-up land and other urban factors.

 Figure 8. NDVI map derived from the Landsat sensor for the years 1990 (left) and 1999 (right) of Bathinda City

 Figure 9. NDVI map derived from the Landsat sensor for the years 2010 (left) and 2022 (right) of Bathinda City

Table 3. Regression equations and R² values:

Year Regression Equation R² Value Slope

1990 LST = 24.69 – 9.26 × NDVI 0.5604 –9.26

1999 LST = 36.35 – 12.24 × NDVI 0.1818 –12.24

2010 LST = 39.90 – 20.43 × NDVI 0.3251 –20.43

2022 LST = 39.26 – 13.31 × NDVI 0.1259 –13.31

5. Discussion
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in 2022. Vegetation decreased from 43% to 28%, and open 
land increased from 15% to 29%. This decrease means that 
natural land, such as  trees and farms, is being replaced by 
concrete, roads, and bare land, which causes temperatures 
to rise. Also, urban expansion shifted from the city center to 
the northwest and southwest, especially from 1999 to 2022 
(Figure 5). As the city grew, the hot zones also expanded, 
matching the direction of new construction.

The LST trend in Bathinda city closely relates to the 
city’s progressive industrialization. In the early 1990s, a 
few agro-based units and thermal power infrastructure 
were in place, which evolved substantially over the years 
with the establishment of major energy and manufacturing 
facilities and planned industrial estates. Large industrial 
installations were commissioned in the 2000s, leading to 
the transformation of vegetated land to built-up land with 
high heat retention capacity. This study has clearly revealed 
thermal hotspots aligning with industrial corridors and 
urban zones. So, the rise in LST is closely connected with 
how the land is changing. More buildings and less green 
cover are making the city hotter. This is a serious issue for 
health, comfort, and the environment, and it shows that urban 
growth must be better planned to control rising temperatures.

The relationship between NDVI and LST was studied for 
1990, 1999, 2010, and 2022 using scatter plots and regression 
analysis (Figures 10-13). In all four years, we found a negative 
relationship between NDVI and LST. This relationship means 
when NDVI is high, LST is low, and when NDVI is low, LST 
is high. This result is expected because vegetation helps to 
cool the land through evapotranspiration and shade. This 
change shows that NDVI and LST were strongly correlated 

in the past, but over time the relationship has weakened. 
‘That’s because in 1990, the city had more vegetation and 
agriculture, so NDVI played a big role in cooling the surface. 
But in 2022, the city has more built-up areas, concrete roads, 
and industrial zones. These things also raise the temperature, 
but are not shown in NDVI. So now, LST depends on many 
urban factors, not just vegetation. NDVI alone cannot explain 
the high temperatures we see in today’s urban landscape.

 Figure 10. Scatter Diagram of 1990 showing the NDVI relationship with LST

 Figure 11. Scatter Diagram of 1999 showing the NDVI relationship with LST

5.2. NDVI decrease and green cover loss

5.3. NDVI–LST relationship over time

The NDVI maps from the years 1990, 1999, 2010, and 
2022 (Figures 8 & 9) show that green cover in Bathinda city 
has decreased a lot over time. In 1990, the maximum NDVI 
value was 0.71, but in 2022, it dropped to 0.46. This means 
there are fewer dense green areas now. The minimum NDVI 
value also changed: it was –0.39 in 1990 and became –0.12 
in 2022. This shows that even the driest or most barren areas 
are becoming more common. In the NDVI map of 1990 
the north, southwest, and cantonment area had high NDVI 
values. These were green and healthy zones. By 2022, many 
of these areas had turned into built-up or open land, and their 
NDVI values became low. The reason behind this drop in 
NDVI is seen in the land use change. This means green areas 
were either cut down for construction, turned into barren 
plots or used for roads and infrastructure. This change 
affects not only the look of the city, but also the environment. 
The NDVI maps clearly show this transformation and prove 
that green cover is shrinking fast in Bathinda. This also helps 
to explain why LST has increased, because less vegetation 
means more heat.
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The study clearly shows that urban growth in Bathinda 
has reduced green areas and increased LST. This is dangerous 
for the city’s climate, health, and future development. The 
loss of vegetation and the rise in built-up and open land have 
intensified the urban heat island effect. If this continues, the 
city will face more heat stress, poor air quality, and health 
problems. To reduce these effects, urban planning should 
focus on saving and increasing green cover. This greening 
can be done by protecting parks, planting trees, and keeping 
green buffers around roads and buildings. Open land, 
which is rising in many parts, should not be left barren—
it should be turned into green spaces or used wisely. New 
construction should include cool roofs, shaded areas, and 
less concrete. The city must also regularly monitor land use 
and temperature using satellite data , as done in this study. 
This strategy can help planners and government officials 
make smart decisions to manage heat and control unplanned 
expansion. Green and climate-friendly policies are now 
urgent, especially in rapidly growing cities like Bathinda.

from 31.2°C in 1990 to 36.6°C in 2022, mainly in areas where 
built-up and open land have replaced green zones. The NDVI 
values dropped, showing a sharp decline in vegetation. The 
negative relationship between NDVI and LST shows that 
green cover helps reduce surface temperature. However, over 
time, this link weakened, indicating that vegetation alone 
cannot explain the city’s temperature rise. The regression 
model errors increased, showing the limitation of using only 
NDVI to predict LST in urban areas. It is clear that other 
factors, such as buildings, roads, and land-use changes, 
also play a significant role in increasing temperatures. 
This study shows that remote sensing and satellite data are 
powerful tools to monitor land changes and support smart 
city planning. The results reflect the need to increase the 
urban vegetation, namely, parks, trees along the streets and 
green buffer zones that can reduce the thermal stress in dense 
urban pockets. Rejuvenation of barren land, former industrial 
land, etc., with green cover could further reduce local heat 
accumulation. Major causes of heat accumulation include 
unscientific roofing and impervious surfaces, which can be 
addressed through reflective roofing and reduced impervious 
surfaces in high-LST zones, lowering surface temperatures. 
These findings can assist town planners in the development 
of a sustainable urban environment.

 Figure 12. Scatter Diagram of 2010 showing the NDVI relationship with LST

 Figure 13. Scatter Diagram of 2022 showing the NDVI relationship with LST

6. Conclusion:

Author Contribution 

This study clearly shows that Bathinda city has become 
much hotter over the last 32 years due to urban growth and loss 
of vegetation. The Land Surface Temperature (LST) increased 
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1 Gurvinder Singh Conceptualized this study. He collected satellite images, produced land-use and NDVI maps, and 
prepared the first draft of the report.
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3 Dr. Jai Sukh Paul Singh Worked on a correlation study between NDVI and LST to improve the report with scientific inputs

4 *Dr. Swati Sharma Worked on processing satellite data, creating maps, and preparing the final draft. 

5 Ajay Roy Helped in making clean and clear maps, organizing data, and finding related studies for background support.
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Abstract

1. Introduction 

Water is a finite resource under pressure from pollution, 
inadequate sanitation, increased frequency of groundwater 
droughts, overexploitation of groundwater at unsustainable 
rates, inadequate water infrastructure, increased food 
demand from a growing population, increased water 
consumption, and irrigation (Ghazavi and Ebrahimi, 2015; 
Hazaymeh and Lange, 2024). Agricultural and residential 
activities have made groundwater in the BUW vulnerable 
to pollution. Previous groundwater vulnerability assessment 
studies have shown that urban areas are increasingly 
vulnerable to groundwater contamination (Singh et al., 
2015; Ghazavi and Ebrahimi, 2015; Hazaymeh and Lange, 
2024). For several decades, the world’s population has been 
growing rapidly, and Africa accounts for about 17.4% of that 
population. This growth systematically leads to increased 
consumption of renewable and non-renewable natural 
resources. To manage these resources effectively, we need 
to ensure that they are of good quality (Singh et al., 2015; 
Ghazavi and Ebrahimi, 2015; Hazaymeh and Lange, 2024). To 
do this, we need to understand and study the parameters that 
control groundwater vulnerability and identify areas likely 
to be contaminated. This study aims to produce groundwater 
vulnerability maps for the BUW. Groundwater uses in urban 
areas include not only abstraction by public services, but also 
private self-supply for residential, commercial, industrial 
and agricultural purposes (Alam et al., 2012). Urban self-

supply of water and the direct use of local wells by low-
income households are often vital to a large proportion of 
a city’s inhabitants (Kumar et al., 2015; La Vigna, 2022). 
A number of approaches have been developed to assess the 
vulnerability of groundwater. Three primary methods exist 
by which groundwater vulnerability is commonly assessed: 
(1) a subjective overlay and index method based on the rating 
of individual hydrogeological factors (Alam et al., 2012); (2) 
process based mathematical models that are data intensive 
(Neshat et al., 2014a) (3) statistical models that describe the 
contamination potential for a specified geographical region 
using the available data in the regions of interest (Alam et 
al., 2012).

Keywords: Groundwater Vulnerability; DRASTIC and DRASTIC-AHP models; Biyémé Upper Stream Watershed; Yaoundé, Cameroon.
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This research work presents the results of an assessment of the vulnerability of groundwater to surface pollution in the 
Biyeme UpperStream Watershed (BUW). A method based on a geographic information system and the DRASTIC and 
AHP models was used to study this vulnerability. Located in the south-west of the city, the study area covers the part of 
Yaoundé where the population suffers from an inadequate supply of drinking water and where agriculture and/or livestock 
farming are the main means of subsistence. This research approach is based on continuous monitoring of average monthly 
data from 52 wells and 05 springs over 05 years, from 2015 to 2020. Assess the degree of vulnerability of groundwater 
to pollution in different areas of the catchment using each of the different methods and then compare them. In addition, 
a hierarchical analytical process was used to determine the assessment coefficients for each parameter. The main results 
show that the best outcome was achieved with DRASTIC-AHP. Regardless of the method used, vulnerability is highest 
in the upstream part of the basin; groundwater catchments in these areas must therefore be protected from contamination 
before they are sited. 
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2. Materials and methods
2.1. Study area

The BUW is located between 03°48’00˝ and 03°51’58˝ 
North latitude and between 11°27’36˝ and 11°30’00˝ East 
longitude, covering an area of 14.00 ha. It is part of the Mfoundi 
division (Fig.1). The hydrographic network constitutes a set 
of perennial rivers. The geological substratum is composed of 
a set of fractured Pan-African geotectonic units, constituting 
aquiferous reservoirs exploitable through wells and boreholes 
(Bissaya et al., 2018). Yaoundéé is characterized by strongly 
accented relief, with a mean altitude of 730 m. Soils are red 
and ferralitic in the majority. 



The average inter-annual rainfall for the period from 1991 
to 2021 is about 1727.00 mm. Potential Evapo-Transpiration 
(PET) has been calculated, using the Thornthwaite (1948) 
in (Fouépé et al., 2011; Ntep et al., 2021), and the average 
inter-annual PET is 964.00 mm. ééFigure 2 shows the 
variations in monthly rainfall in Yaoundé town from January 
to December, based on meteorological data recorded at the 
Yaoundé Air Force Station (Fouépé et al., 2011; Ntep et al., 
2021). Heavy rainfall is drained by a set of perennial rivers, 
causing inundations of the valley bottom. The climate is 
equatorial, with two rainy seasons.

in the valleys and ferralsols on the hillsides (Bissaya et al., 
2018). The hydrogeological setting consists of an unconfined 
porous aquifer overlying a fractured gneiss aquifer of much 
lower productivity. The seasonal dynamics of unconfined 
groundwater flow are described by Ntep et al. (2021), who 
reported average groundwater level fluctuations of 0.49 m in 
valleys, 0.65 m on slopes, and 1.3 m on plateaus between the 
rainy and dry seasons. The groundwater surface generally 
follows the relief well. Kringel et al. (2016) charted the rapid 
expansion of the urban area. The population is expected to 
approach 2.5 million inhabitants at a growth rate of 5.7%. 
The relief in éYaounde is undulating terrain with differences 
between 20 and 40 m at an average altitude of 730 m and 
seven prominent “inselbergs” with steep slopes (Fig.3).

The geology comprises crystalline basement rocks such 
as paragneiss, migmatitic gneiss, and schists of Proterozoic 
age, metamorphosed during the Pan-African orogeny at the 
northern margin of the Congo Craton (Bissaya et al., 2018). 
These medium- to high-grade metasediments are deeply 
weathered to form a lateritic soil profile up to 20 m thick 
(Fouépé et al., 2011; Kringel et al., 2016; Ntep et al., 2021). The 
bedrock is covered by alluvial hydromorphic clay and sand 
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 Figure 1. Geographical location of the Biyeme Upstream Watershed

 Figure 2. Monthly average rainfall and PET in Yaoundé city

 Figure 3. Sketch of the hydrogeological arrangement of terrain, 
aquifers, drainage network of Yaounde in relation to urban 
settlement and decentralized installations of water supply and 
discharge; groundwater surface and flowlines only approximate - 

not to scale (Kringel et al., 2016).



2.2. Research methods and data collection
2.2.1. AHP method

2.2.1.1 Binary comparisons 2.2.1.2 Comparison judgment matrix

The Multi-Criteria Decision Analysis (MCDA) is a 
process that integrates and transforms the judgment of 
a decision-maker and geographical data into useful and 
appropriate information for environmental decision-making 
(Focazio, 2002; Costa et al., 2019; Kargaranbafghi et al., 
2020). It provides decision options, from the most preferred 
to the least preferred, using many techniques, such as the 
Analytic Hierarchy Process (AHP) and the set-theoretic 
approach (Velasquez and Hester, 2013; Gangadharan et al., 
2016; Kargaranbafghi et al., 2020). To achieve this, Saaty 
(2001) developed the AHP. The AHP is an efficient tool 
for multiple decision-making, helping the decision-maker 
set priorities and make the best decision. The principle of 
this analysis is to compare the elements of each criterion 2 
by 2 using a comparison scale. The aim here is to calculate 
new scores that will then be assigned to each criterion. 
Several combinations have been made DRASTIC-AHP. 

Compare the relative importance of all the elements 
belonging to the same level of the hierarchy, taken two by 
two, in relation to the element of the level immediately above;

The criteria comparison given in Table 1 is transformed 
into a judgment matrix by transcribing the evaluation 
values into the corresponding columns (Table 3). The value 
“a” is entered in cell “i” column and “j” row of a criterion 
considered important. Then the value ratio of “1/a” is entered 
in the cell considered less important in the comparison.

a = value found in the intersection of cell i column and j 
row, and noted (aij). 

C1, C2 to Cn = comparison criterion set in row “i” and 
column “j” corresponding to the evaluation comparison 
value Ci and Cj.

Table 2 gives the scale values for comparing ratings 
when assessing the importance of two elements.

•	 For each comparison, choose the most important 
criterion and express your judgment as to its 
importance.

•	 The measure for determining relative importance 
could be expressed on a scale of 1 to 9.

In the DRASTIC-AHP method, the original DRASTIC 
scores are taken into account, and the weights of detailed 
parameters were established by ranking their importance and 
appropriateness based on their contribution to groundwater 
vulnerability assessment. Once the hierarchy has been 
established, multiple pairwise comparisons based on the 
standardized comparison scale of nine levels were estimated 
for all seven parameters. To achieve the desired results, there 
is a procedure to follow in Figure 4 and Table 1.

 Figure 4. Flowchart of methodology for groundwater pollution 
vulnerability analysis (Oroji, 2018) modified.

Table 1. Comparison scale

Table 2. Scale values for comparing the rating given when assessing 
the importance of two elements (Arauzo, 2017).

Table 3. Judgment matrix for depth parameter

Numeric scale or intensity Verbal scale or definition Comment

1 Equal importance of two elements Equally important Both elements compete in the same way 
toward the goal

3 One element is a little more important than the other 
Slightly more important

Experience and personal judgment slightly 
favor one element over the other.

5 One element is more important than the other Strongly 
important

Experience and personal judgment really 
favor one element over the other

7 One element is much more important than the other 
Significantly more important

One element is largely dominant, and this 
dominance is demonstrated in practice.

9 One element is absolutely more important than the other 
Absolutely more important

The dominance of one element over another 
is demonstrated and absolute

2,4,6 Intermediate value between two judgments Used to refine one’s judgment

Reciprocity If element i is assigned one of the previous numbers when compared to element j, then j will have the 
opposite value when compared to i

Expressing one criterion in relation to another Rating

Same importance 1.00

Moderately important 3.00

Highly important 5.00

Very important 7.00

Extremely important 9.00

Moderately less important 0.33

Strongly less important 0.20

Less important 0.14

Extremely less important 0.11

Depth (m) 1.50-4.50 4.50-9.00 9.00-15.00 15.00-23.00

1.50 - 4.50 1.00 3.00 5.00 5.00

4.50 - 9.00 0.33 1.00 3.00 5.00

9.00 - 15.00 0.20 0.33 1.00 3.00

15.00 - 23.00 0.20 0.20 0.33 1.00

Total 1.73 4.53 9.33 14.00
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Calculating the vectors of the priority 

Random Index [RI]

Calculating of the intrinsic value λmax 

Calculating the Coherence Index (CI)

Calculating the Coherence Ratio (CR)

This outcome involves calculating the eigen vectors of 
the matrix obtained from the previous evaluations. Tables 
4 and 5 give the respective division of each element of the 
matrix by the total of its column  and the calculation of the 
average of the elements in each row of the previous matrix.

Jhariya et al. (2019) then Saaty (2001), developed a scale 
in which random indexes [RI] were established by making 
random judgment across a large number of replications. This 
[RI] number represents the average of the indices calculated 
across replications for different square matrix sizes (N). The 
reading of the [RI] value is indicated by a random index in 
Table 7.	  N =5 RI= 1.12

This is how we calculate the average value of λmax

The matrix A is multiplied by the elements of the priority 
vector (x), x is the eigenvalue of the priority vector (n), and 
the average of the values found is calculated. The result is 

The various steps involved in calculating the new ribs 
result in redundant comparisons, aimed at improving the 
quality of the result. The CI is a tool that provides information 
about the validity of the results.

The coherence ratio is the ratio of the coherence index 
calculated on the matrix corresponding to the decision-
maker’s judgments and the random index of a matrix of 
the same dimension. If CR ≤ 10% or 0.10, the matrix is 
considered to be sufficiently coherent. If this value exceeds 
10%, the assessments may need to be revised.

with N=5, CI= 0.07

with CI= 0.07 and RI=0.9,  so CR˂10%, 

The degree of consistency of the comparison is 
acceptable. Once the new coastlines have been validated, 
we apply the same principle as in the DRASTIC method to 
calculate the vulnerability indices. This gives:

with S as the index, Wi as the parameter weight, and Xi 
as the criterion rating.

The higher the scores, the higher the values of the 
vulnerability indices and the more vulnerable the areas.

called the λmax value. Let aij = the judgment matrix of the 
value of the element (i) in the ith row and the element (j) jth 
column. The normalised value aij is equal to

Wi = contribution to the selection of the best choice and 
to each of the criteria

Wj = contribution of the specific criteria to the main 
objective. 

Jhariya et al. (2019 ), then Saaty (2001), suggested that 
the largest eigen value

The matrix in the previous table is as follows:

Table 7. Random index

Table 4. Division of each element of the matrix by the total of its 
column

Table 5. Calculation of the average of the elements in each row of 
the previous matrix

Table 6. Weighted sum corresponding to each criterion’s priority

(1)

(2)

(5)

(6)

(7)

(8)

(4)

(3) reciprocal

Depth (m) 1.50-4.50 4.50-9.00 9.00-15.00 15.00-23.00

1.50 - 4.50 0.58 0.66 0.54 0.36

4.50 - 9.00 0.19 0.22 0.32 0.36

9.00 - 15.00 0.12 0.10 0.11 0.21

15.00 - 23.00 0.12 0.04 0.04 0.10

Depth (m) 1.50-4.50 4.50-9.00 9.00-15.00 15.00-23.00 Priority

1.50-4.50 1.00 3.00 5.00 5.00 2.32

4.5-9.00 0.33 1.00 3.00 5.00 1.20

9.00-15.00 0.53 0.27 0.13 0.10 0.53

15.00-23.00 0.20 0.20 0.33 1.00 0.27

The results of the Judgment matrix for the depth 
parameter and the division of the elements of the sum vector 
weighted by the priority corresponding to each criterion are 
shown in Table 6.

Depth (m) 1.50-4.50 4.50-9.00 9.00-15.00 15.00-23.00 Priority

1.50-4.50 0.58 0.66 0.54 0.36 0.53

4.50-9.00 0.19 0.22 0.32 0.36 0.27

9.00-15.00 0.12 0.10 0.11 0.21 0.13

15.00-23.00 0.12 0.04 0.04 0.10 0.10

N 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

RI 0.00 0.00 0.58 0.90 1.12 1.24 1.32 1.41 1.45 1.49 1.51 1.48 1.56 1.57 1.59
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2.2.1.3. Mapping of vulnerability zones using the DRASTIC-
AHP method

The new vulnerability indices have been calculated using 
the AHP method, as illustrated above. The DRASTIC-AHP and 
AHP-AHP vulnerability maps are thus obtained using Table 8.

Value Degree of Vulnerability
0.10 Very Low
0.20

Low
0.30
0.40

Medium0.50
0.60
0.70

High
0.80
0.90 Very high

Table 8. Classification of vulnerabilities according to the 
DRASTIC-AHP method (Magha et al., 2021)

2.2.2. DRASTIC method

3.1.1. DRASTIC results

This method takes into account the litho-petrophysical 
parameters of the layers overlying the water table (Aller et 
al., 1987; Babiker et al., 2005; Sarah, 2016). Each parameter 
is assigned a weight, and each reference value or range of 
values is assigned a slope; the weighted slope is obtained 
by simply multiplying the two. The result will be a 
cartographic rendering produced in ARCGIS software from 
a grid designed in EXCEL. The vulnerability index will be 
calculated according to the following equation (9), and Table 
8 provides the attribution of notes for the DRASTIC model 
indicators (Chi et al., 2017).

DRASTIC parameters were collected, analyzed, and 
overlapped to generate a groundwater vulnerability map as 
follows:

Where “v”is the rib and “w” the weight.
(9)

Table 9. Attribution of notes for DRASTIC model indicator (Aller et al., 1987; Oroji, B., 2018).
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Shale 3 4.5-9.0 7 12.3-28.7 4

Limestone 3 9.0-15.0 5 28.7-41 6

Sandstone 6 15-22 3 41-82 8

Bedded Limestone. Sandstone 6 22-30 2 >82 10

Sand and Gravel W. Silt 6 >30.4 1 10 10
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Basalt 9 Gravel 10 6-12 5

Massive Shale 2
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Sand 9 12-18 3

Metamorphic/Igneous 3 Peat 8 >18 1

Weathered Metamorphic Igneous 4 Shrinking Clay 7
0-50 1
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Glacial Till 5 Sandy Loam 6

Bedded Sandstone. Limestone 6 Loam 5
50-100 3

Massive Sandstone 6 Silty Loam 4

Massive Limestone 8 Clay Loam 3
100-175 6

Sand and Gravel 8 Muck 2

Basalt 9
No shrinking Clay 1

175-225 8

Karst Limestone 10 >225 9

2.3 Maps validation 2.4. Comparison of the maps obtained
For several authors, Lerner (2004), Shrestha et al. (2016), 

Aydi (2018), and Khosravi et al. (2018), the validation of 
the maps is based on chemical analyses of the various 
water samples taken. A comparison is made between the 
distribution of water quality and the spatial distribution of 
water vulnerability derived from the vulnerability maps. 
Areas of low vulnerability are associated with low-quality 
water, while areas of high vulnerability are associated with 
polluted water. Once the necessary data were collected to 
prepare the vulnerability map, the DRASTIC vulnerability 
index was computed by linearly combining all seven model 
parameters. Data analysis and model implementation 
included assigning sensitivity ratings to mapped attributes 
and combining or overlaying individual characteristic maps 
to create the final cumulative vulnerability map using GIS 
(Shrestha et al., 2016; Khosravi et al., 2018).

According to Aller et al. (1987) and Babiker et al. (2005), 
comparing assessment methods comes down to determining 
whether the methods are correlated two by two and which 
method offers the greatest margin of safety. Surface analysis 
is used to determine the difference between the vulnerability 
maps produced by the different methods. This analysis 
assumes that the index values are identical from one map to 
another and that the maps are consistent.

3. Results and Discussion
3.1. Results
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3.1.1.1. Depth (D)

3.1.1.2. Recharge (R)

3.1.1.3. Aquifer media

3.1.1.3. Aquifer media

The depth of groundwater is the vertical distance between 
the ground surface and the water level. This parameter 
determines the time required for water-soluble pollutants to 
penetrate from the ground to the aquifer. Thus, near-surface 
aquifers are likely to become contaminated faster than 
deeper aquifers (Chandoul et al., 2008). The th was directly 
measured by subtracting the water surface level from the 
top aquifer level. The depths vary between 5.0 m and 9.0 m. 
Depths of 7.0 m are the most represented, while depths of 5.0 
m are the least, with less vulnerability observed regarding 
depth to water layer”. The different ratings assigned to each 
interval are given in Table 9, and the map in Figure 5 shows 
the depths in the BUW during the monitoring period. From 
Figure 5, it can be observed that shallow aquifers occupy a 
very small percentage of the basin area and are confined to 
the upper part of the basin.

high vulnerability (Sarah, 2016). From Figure 6, it can be 
concluded that in this basin, the recharge values decrease 
from the upstream to the downstream of the main draining 
river.

According to Mansaray et al. (2015) then Nkembe & 
Defo (2022), three types of recharging mechanisms are 
generally defined. The variability of recharge estimation 
methods poses a significant challenge in choosing the most 
suitable one. Mansaray et al. (2015) then Nkembe & Defo 
(2022), demonstrated that the judicious choice of these 
methods should relate to a technique on a spatiotemporal 
scale, a range of values representative of the geological and 
hydrogeological conditions in the field, and the validity of 
the methods based on various techniques. The piezometric 
level fluctuation method enables quantification of effective 
infiltration in free water tables. It enables establishing a 
link between precipitation and variations in the piezometric 
level of the water table. The Water Table Fluctuation (WTF) 
method requires knowledge of the storage coefficient and 
the piezometric amplitude of the water table over time, 
which are deduced from the topographic level of each 
well. Recharge is estimated by the WTF method. Figure 
6 shows the representation of recharge in the basin during 
the monitoring period. Over almost the entire study area, 
recharge ranged from 0.005 mm to 0.20 mm per day. 
Table 9 shows the ratings assigned for recharge using the 
DRASTIC method. Layers of precipitation, soil, and slope 
percentage were overlaid. According to DRASTIC ratings, 
the net groundwater recharge layer indicates medium to 

The aquifer media reflects the characteristics of the 
constituents of the aquifer vadose zone that affect water flow 
within the aquifer and control pollutant attenuation processes 
(Chandoul et al., 2008). The BUW aquifer is essentially 
composed of granular elements derived from the alteration 
of the gneiss. The materials are, therefore, for the most part, 
a heterogeneous mixture of fine to coarse sand in equal 
proportions with the products of altered metamorphites. 
Figure 7 shows the distribution of materials in the aquifer, 
and Table 9 shows the corresponding rating.

The aquifer media reflects the characteristics of the 
constituents of the aquifer vadose zone that affect water flow 
within the aquifer and control pollutant attenuation processes 
(Chandoul et al., 2008). The BUW aquifer is essentially 
composed of granular elements derived from the alteration 
of the gneiss. The materials are, therefore, for the most part, 
a heterogeneous mixture of fine to coarse sand in equal 
proportions with the products of altered metamorphites. 
Figure 7 shows the distribution of materials in the aquifer, 
and Table 9 shows the corresponding rating.

 Figure 5. Mapping of depths to water table in the BUW.

 Figure 6. Mapping of the recharge variation in the BUW.

 Figure 7. Mapping of the aquifer materials in the BUW.
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3.1.1.4. Soil type

3.1.1.5. Topography

3.1.1.8. Mapping of DRASTIC vulnerability areas

3.1.1.7. Hydraulic conductivity 

3.1.1.6. Impact of the vadose zone

Soil has a significant effect on the amount of recharge; 
therefore, it affects the ability of a pollutant to move vertically 
in the vadose zone. According to Aller et al. (1987) and Sarah 
(2016), fine-grained materials such as clay and silt reduce soil 
permeability and, thus, limit the movement of contaminants. 
The various soil formations have been estimated from Figure 
8 and highlighted using the classification provided in Table 9 
of the DRASTIC rating.

Figure 10 shows a cartographic representation of the vadose 
zone classes in the basin.

Although the BUW belongs to highly geomorphological 
units at altitudes of over 700 m, almost all the slopes are 
between 5 and 6% (Fig.9). Slopes in excess of 6% cover the 
North-West of the basin. There are only a few areas with 
slopes exceeding 10%. The land slope is a critical factor that 
determines the amount of surface runoff. As a result, low-
slope areas tend to retain water for a longer period, leading 
to greater infiltration and, thus, a higher pollution potential 
(Moges and Dinka, 2012).

Calculation of the DRASTIC vulnerability indices gave 
values ranging from 70 to 159, with percentages of 23.5 and 
66.99, respectively. These indices, calculated as a percentage, 
show the existence of three classes of vulnerability: low, 
medium, and high (Table 10). The high vulnerability class 
covers approximately 88% of the surface area of the BUW 
(Fig.12). The DRASTIC parameter weights are given in 
Table 10.

This parameter plays an essential role in the rate of 
dispersal and migration of pollution (Chandoul et al., 2008). 
Higher hydraulic conductivity indicates greater infiltration 
and movement of water and contaminants into the aquifer, 
increasing the potential for pollution. The map in Figure 11 
shows the conductivity classes recorded in the BUW.

The vadose zone is composed of silty and clayey sands 
in almost equal proportions. It is made up of sands and clays 
in the South-West, East, Center to North, and North-West 
of the study area, and sands and silts from the center to the 
South-East and North-West of the basin. The sand-silt-clay 
combination is scattered in the northern part of the study 
area. According to Aller et al. (1987) and Sarah (2016), 
fine-grained materials such as clay and silt reduce soil 
permeability and, thus, limit the movement of contaminants. 

 Figure 8. Mapping of the soil type in the BUW.

 Figure 10. Mapping of the vadose zone classes in the BUW.

 Figure 11. Mapping of the conductivity classes in the BUW.

 Figure 9. Mapping of the topography classes in the BUW.

Table 10. Evaluation criteria of degree of vulnerability models.

Vulnerability

Method

DRASTIC AHP-AHP DRASTIC-AHP

Area Area Area

ha (%) ha (%) ha (%)

Low 0.3 02 1.8 13 0.7 05

Medium 1.4 10 11.9 85 11.2 80

High 12.3 88 0.3 02 2.1 15
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 Figure 12. The DRASTIC model vulnerabilities classes map in the 
BUW.

 Figure 13. The AHP-AHP model vulnerabilities classes map in the 
BUW.

 Figure 14. The DRASTIC-AHP method vulnerability classes map 
in the BUW.

3.1.2. AHP-AHP result

3.1.3. DRASTIC-AHP result

Figure 13 shows the vulnerability of the study area using 
the AHP-AHP method. As with previous methods, there are 
three classes of vulnerability. The medium vulnerability 
class covers approximately 70% of the basin’s total surface 
area. The low- and high-vulnerability classes cover the rest 
of the area.

Figure 14 shows the vulnerability situation obtained 
using the DRASTIC-AHP method. It shows three classes 
of vulnerability, with the medium class predominating. 
The high and low classes occupy about 20% of the basin’s 
surface area. According to this index, this aquifer has low 
vulnerability potential.

3.2. Discussion 
According to Mansaray et al. (2015), Sarah (2016), 

Nkembe & Defo (2022), and the rest of the city of Yaoundé, 
the BUW is essentially alluvial, made up of sand, silt, 
and clay. The sand particle size varies from 0.05 mm to 
2.0 mm, the silt from 0.002 mm to 0.05 mm, and the clay 
fraction consists of a mixture of clay and sand. The relative 
proportions of sand, silt, and clay that make up this soil. 
Many soil properties are influenced by texture, including 
drainage, water holding capacity, aeration, susceptibility to 
erosion, organic matter content, cation exchange capacity, 
pH buffering capacity and soil thickness (Mansaray et al., 
2015; Nkembe & Defo, 2022). According to the results, the 
category 0.04 to 4.1 m/day as hydraulic conductivity values, 
has the largest area. Therefore, the amount of hydraulic 
conductivity is low, and since the potential for vulnerability is 
directly related to this parameter, the amount of vulnerability 
is low. The geological structure of the sand of the aquifer 
media contains most of the region, which is graded eighth in 
the aquifer media ranking. A large percentage of the study 
area is composed of sandy loam texture, which according to 
the soil texture rankings, is ranked sixth and has a moderate 
vulnerability. The quantity of water that a given soil can 
store, mainly influenced by soil texture and organic matter 
content. In general, soils with particles of silt and clay have 
a greater capacity to retain water. Similarly, soils richer 
in organic matter have a greater water retention capacity 
(Moges and Dinka, 2012). Which leads to groundwater 
contamination in this basin due to poor drainage of runoff 
water (Moges and Dinka, 2012). The table 6 compares the 
different methods. Whatever the method, only three classes 
of vulnerability were detected. In the DRASTIC method, the 
vulnerability class dominates over the other two, whereas the 
average vulnerability class predominates in the AHP-AHP 
and DRASTIC-AHP methods, in almost equal proportions 
in the basin and for this study period. It can therefore be 
seen that the AHP-AHP and DRASTIC-AHP methods 
minimise the vulnerability of subsurface groundwater in this 
Biyeme upper stream basin compared with the DRASTIC 
derived method and are therefore the most suitable for 
decision-making in the context of groundwater protection 
in general and in this basin in particular. Some parameters 
were obtained indirectly and by interpolation, in particular 
recharge, conductivity and lithology, which may explain the 
discrepancies in the final results. According to the method 
used, the predominant classes of vulnerability are medium 
and high. The areas of very low vulnerability are located on 
the higher ground, where the soil profile is well developed 
with sufficient clay, low conductivity and low recharge. It 
should be noted that these maps are decision-making aids for 
the efficient management of groundwater resources. They 
can be used to establish resource protection areas.

4. Conclusions

Groundwater vulnerability assessments of the entire 
basin are found to be realistic and suitable for the area. 
However, despite its success in some case studies, the 
DRASTIC method has some disadvantages. The influence of 
regional characteristics (geology, hydrology, hydrogeology, 
land use etc.) is not accounted for in the method, so the 
same weights and rating values are used everywhere. This 
research paper also provides an overview of the vulnerability 
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of drinking water supply systems, which is quantified using 
a quantitative vulnerability assessment index. Groundwater 
resources, which account for 96% of the world’s freshwater, 
are highly valuable because they are potable and require 
minimal treatment. However, this resource remains under-
exploited in poor and developing countries. Given the 
complaints of people living in urban areas about untimely 
water cuts and water rationing, the management of water 
resources in these countries needs to be seriously questioned. 
To this end, strategies and policies have been put in place to 
address this problem, notably through the PAEPYS (Projet 
d’Alimentation en Eau Potable de la ville de Yaoundé à partir 
de la Sanaga). This project will eventually supply 315.000 
m3 of water per day to the urban and peri-urban populations 
of Yaounde city. Unfortunately, this project relies on surface 
water resources, yet underground resources also exist and 
could serve as a potential source of supply for the populations 
in situations where the CAMWATER water distribution 
network is absent or non-operational. This could help 
communities to become self-sufficient in terms of drinking 
water supply on a sustainable and, above all, permanent basis. 
For this reason, it should first be protected. Although it lies 
deep underground, this water is just as vulnerable as surface 
water. Potential sources of pollution have been identified. 
Household waste and poorly regulated septic tanks are the 
main sources of groundwater vulnerability in the BUW. The 
concentration of populations in medium-slope areas could 
explain why the high-vulnerability classes in these waters are 
present in medium- to low-slope areas. This mapping enabled 
three classes of vulnerability to be assessed: low, medium 
and high, based on the natural parameters of the aquifer. 
The “very high” class is absent, whatever the method. The 
DRASTIC method might be considered a helpful approach 
for qualitatively evaluating vulnerability to different sources 
of pollution and assisting planners and decision-makers in 
preserving groundwater resources in the BUW. According 
to this evaluation, the DRASTIC-AHP method has higher 
accuracy than the other methods, with 88% accuracy. For 
this reason, it can be concluded that the modified-DRASTIC-
AHP method gave more valid and accurate results than other 
methods for the alluvial aquifer vulnerability assessments. 
The groundwater vulnerability maps for the BUW area 
are ideal for future land-use planning studies. Detailed 
and frequent groundwater quality monitoring in highly 
vulnerable areas should be performed to monitor changing 
levels of pollutants. In addition, local administrators should 
conduct education programs and awareness-raising activities 
for the farmers. However, other quantitative, process-based 
models are recommended for precise outcomes.
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