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 Ionic Strength Prediction Using Selected Physicochemical 
Properties of Calcareous Soils: A Case Study from Al-

Hashimya Area, Zarqa Governorate, Jordan
Mohammed Salahat* and Kholoud Mashal

Abstract

1. Introduction

Calcareous soils are those soils containing abundant 
free CaCO₃ and often a calcic horizon. They are widespread 
across the world’s drylands and are thought to make up more 
than one-third of the earth’s land surface, according to FAO 
(2016). In the World Reference Base (WRB), such soils 
commonly fall within Calcisols, which are defined (among 
other criteria) by secondary carbonate enrichment and a 
calcium carbonate equivalent ≥ 15% over ≥ 15 cm of the 
profile. The amount of CaCO₃ in these soils can range from 
hardly detectable to 95% (Marschner, 1995). The prevalence 
of calcareous materials in arid and semi-arid regions reflects 
restricted leaching and frequent pedogenic carbonate 
accumulation, leading to alkaline pH, Ca–Mg–HCO₃-
dominated solutions, and distinctive nutrient and physical 
behavior. The high accumulation of carbonates influences 
soil characteristics linked to plant growth, such as soil water 
relations and the availability of plant nutrients, as discussed 
extensively by Marschner (1995) and the contemporary soil 
chemistry literature.

Ionic strength (I) is the most critical attribute governing 
electrostatic interactions in soil solutions, and activity 
coefficients translate concentrations into thermodynamic 
activities. Accurate activities support predictions of 

mineral solubility, metal speciation, surface complexation/
adsorption, and ion-exchange equilibria that regulate nutrient 
availability and contaminant mobility in calcareous settings.

Directly computing I from full-ion analysis is labor- 
and cost-intensive, particularly when routine monitoring 
or spatial mapping is required. By contrast, electrical 
conductivity (EC) is quick to measure, widely standardized 
(at 25 °C), and directly connected to salinity assessment in 
soil science and irrigation practice (e.g., ECe from saturated 
paste extracts and in situ ECa surveys). This has motivated 
long-standing efforts to infer comprehensive solution 
chemistry—including total dissolved solids, major-ion loads, 
and ionic strength—from EC. An influential contribution is 
the work of Griffin & Jurinak (1973), which linked ionic 
strength linearly to EC in natural waters and soil extracts. 
Variants of this relation (e.g., I ≈ 0.0127 × EC₂₅, with I in mol 
L⁻¹ and EC in dS m⁻¹ at 25 °C) remain embedded in practice 
and guidance. However, such calibrations are empirical and 
therefore sensitive to solution composition and temperature, 
with the original datasets dominated by monovalent Na–Cl 
systems, and do not account for the distinctive carbonate-
rich composition of calcareous soil solutions.

Soil physicochemical characteristics chemistry, such as 
EC, SAR, and ionic strength, which are significant factors 

Keywords: soil salinity, ionic strength, calcareous soils, SAR, CaCO₃, Al-Hashimya, Zarqa

Department of Land Management and Environment, Prince El-Hassan bin Talal Faculty for Natural Resources and Environment, The 
Hashemite University, Zarqa, Jordan

Accurate estimation of ionic strength (I) is essential for predicting soil solution chemistry and ion interactions in calcareous 
soils, where carbonate equilibria dominate. Direct measurement of ionic strength requires full ionic analysis, which is costly and 
time-consuming; therefore, developing reliable, locally calibrated predictive relationships with easily measured soil properties 
is of practical value. This study aimed to establish empirical models linking ionic strength with electrical conductivity (EC) 
and sodium adsorption ratio (SAR) in calcareous soils from the Al-Hashimya area, Zarqa Governorate, Jordan. Forty-three 
surface soil samples (0–15 cm) from urban areas were analyzed for pH, EC, major cations and anions, and CaCO₃ content. 
Ionic strength was computed from measured ion concentrations and compared with EC-based models using linear and multiple 
regression. Results revealed that EC ranged from 1.3 to 63.8 dS m⁻¹ and I from 0.025 to 0.94 mol L⁻¹, with a strong linear 
correlation (R² = 0.91) between EC and I. The best-fit model for these calcareous soils was I = 0.0304 + 0.0155 EC₂₅, which 
yielded an R² 22% higher than the widely used Griffin and Jurinak (1973) equation, reflecting the higher charge density 
and ion pairing characteristic of carbonate-rich systems. Incorporating SAR and key ionic species (Na⁺, Cl⁻, Ca²⁺, Mg²⁺, and 
HCO₃⁻) further improved model performance (R² > 0.95). The locally calibrated model provides a practical tool for soil salinity 
assessment and irrigation management in the Al-Hashimya region, while highlighting the broader need for composition-aware 
ionic-strength calibrations across diverse calcareous soil systems.
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manuscript refer exclusively to the electrical conductivity of 
saturated paste extracts normalized to 25 °C (EC₂₅). This 
standardization is essential because the validity of EC-I 
relationships depends critically on the extraction method and 
temperature normalization.

influencing soil chemical characteristics, including clay 
dispersion and flocculation (Emerson, 1977; Goldberg & 
Forster, 1990; Miller et al., 1990). The osmotic stress between 
clay particles decreases as the electrolyte concentration rises, 
until it reaches a point where short-range van der Waals 
forces take control and lead to flocculation.

Despite the widespread occurrence of calcareous soils 
across drylands and their carbonate-dominated chemistry, 
composition-aware calibrations that translate routine 
measurements (e.g., EC, SAR, pH) into reliable estimates 
of ionic strength remain scarce in the peer-reviewed soil 
literature.

This study has three specific objectives:

1.	 To establish empirical, calibration-based 
relationships linking ionic strength (I) with 
electrical conductivity (EC) in calcareous soils of 
the Al-Hashimya area, Zarqa Governorate, Jordan;

2.	 To evaluate whether incorporating sodium 
adsorption ratio (SAR) and key ion species (Na⁺, Cl⁻, 
Ca²⁺, Mg²⁺, HCO₃⁻) improves predictive accuracy 
beyond EC-alone models;

3.	 To provide a practical, composition-aware tool for 
rapid ionic strength estimation to support irrigation 
management and soil salinity assessment in the 
region.

2. Materials and Methods

Forty-three (n = 43) urban surface soils (0–15 cm) 
were collected across the Al-Hashimya area in the Zarqa 
Governorate, Jordan. The study was limited to urban surface 
areas to maximize accessibility and representativeness within 
a constrained geographic scope. Sites were purposively 
selected to span a wide range of pH, CaCO₃ content, and 
salinity to ensure adequate representation of the diversity of 
soil solution chemistry typical of the region. At each site, 
several scoops within ~10 m were composited, placed in 
labeled, airtight bags, and kept shaded during transport. In 
the lab, samples were air-dried at room temperature, gently 
disaggregated by hand, and passed through a 2-mm sieve. 
Subsamples for alkalinity and ion analysis were sealed in 
airtight containers to limit CO₂ exchange until extraction, 
following established soil salinity protocols (Rhoades, 1996; 
Corwin & Yemoto, 2017).

Saturated soil pastes were prepared and extracted 
under vacuum following USDA standard methodology 
(Richards, 1954). pH and electrical conductivity (EC) were 
measured immediately after extraction at ambient laboratory 
temperature and subsequently normalized to 25 °C using 
the standard temperature correction function. EC values 
are reported at 25 °C (EC₂₅). Filtered extracts were analyzed 
for Na⁺, K⁺, Ca²⁺, Mg²⁺, Cl⁻, HCO₃⁻, and SO₄²⁻. Cations were 
measured by Atomic Absorption Spectrophotometry (AAS). 
Chloride and sulfate were determined by ion chromatography 
following standard EPA (1993) methods.

All electrical conductivity measurements throughout this 

The values obtained from ion analysis were used to 
calculate two key descriptors:

Sodium Adsorption Ratio (SAR) following Richards 
(1954) and Ayers & Westcot (1985):

SAR = [Na⁺] / √(([Ca²⁺] + [Mg²⁺]) / 2)                            (1)

where cation concentrations are in mmolc L⁻¹.

Ionic Strength (I):

I = ½ Σ cᵢ zᵢ²                                                                    (2)

where zᵢ and cᵢ are the charge and molar concentration of 
the ionic species (Sposito, 2016), measured in mol L⁻¹.

To translate routine EC measurements into ionic strength, 
we evaluated:

•	 M₀: I = 0.0127 × EC₂₅ (Griffin & Jurinak, 1973) as a 
historical baseline;

The measurement of CO₃²⁻ directly in soil solution is 
analytically challenging due to its rapid equilibration with 
atmospheric CO₂ and its instability during storage and 
transport. Therefore, CO₃²⁻ concentrations were calculated 
from measured pH and HCO₃⁻ using the Henderson-
Hasselbalch equation and carbonate equilibrium constants 
for the bicarbonate buffer system at 25 °C:

pH = pKa2 + log([CO₃²⁻]/[HCO₃⁻])                                (3)

where, pKa2 = 10.33 (at ionic strength ≈ 0.1 mol L⁻¹ and 
25 °C; Sposito, 2016).

CO₃²⁻ was calculated as:

[CO₃²⁻] = [HCO₃⁻] × 10^(pH – pKa2)                              (4)

Assumptions underlying this approach:

1.	 Soil solutions are assumed to be in equilibrium with 
respect to the carbonate buffer system (Richards, 
1954).

2.	 A fixed pCO₂ is not imposed; rather, the Henderson-
Hasselbalch equation relies on the measured pH and 
HCO₃⁻ concentration, implicitly accounting for the 
solution’s CO₂ buffering capacity (Sposito, 2016).

3.	 Deviation from equilibrium due to CO₂ loss during 
sampling was minimized by sealing subsamples in 
airtight containers until extraction and analysis, 
following established protocols (Rhoades, 1996).

Activity coefficients for all ionic species were calculated 
using the Davies equation (Davies, 1962) with ionic strength 
computed from Equation (2), following standard practice in 
soil chemistry (Sposito, 2016).

2.1 Study area and sampling

2.2 Saturated paste extract and analytical procedures

2.3 Soil and solution parameters

2.5 Modeling the EC₂₅→I relationship

2.4 Carbonate system speciation and activity coefficient 
calculations
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3. Results and Discussion

The electrical conductivity of the soil paste extract (EC₂₅) 
spanned nearly two orders of magnitude (1.3–63.8 dS m⁻¹), 
while pH ranged from slightly acidic to moderately alkaline 
(6.7–8.5). Sodium dominated the soluble cations (up to ~35 
meq L⁻¹), followed by Ca²⁺, whereas Cl⁻ exceeded SO₄²⁻ 
among the anions. Summary statistics (minimum, maximum, 
and coefficient of variation, CV) are reported in Table 1. The 
high coefficients of variation in EC₂₅ (98.71%) and SAR 
(113.03%) indicate marked spatial heterogeneity typical of 
calcareous, irrigated arid soils where localized irrigation 
patterns, soil parent material variation, and differential salt 
accumulation create complex salinity distributions.

The slope of Eq. (7) is slightly higher than that of 
Griffin–Jurinak, reflecting the higher average charge 
density (greater divalent Ca²⁺ and Mg²⁺ content) and ion 
pairing in carbonate systems. Formation of ion pairs 
such as CaHCO₃⁺ reduces the number of free ions in 
solution relative to total dissolved solids, affecting the 
EC-I relationship. This mechanistic insight explains 
why composition-aware models are necessary for 
accurate ionic strength prediction in systems with 
significant carbonate buffering.

Because ionic strength (I) governs activity coefficients 
via electrostatic screening, many practical models relate I to 
the easily measured EC. For natural waters and soil extracts 
dominated by monovalent ions (e.g., Na⁺–Cl⁻ systems), the 
classic Griffin & Jurinak relationship is I = 0.0127 × EC₂₅. 
This model was established using datasets that do not 
adequately represent carbonate-dominated systems with 
high divalent-cation content.

In the calcareous soils of this study, the best linear fit 
between measured I and EC₂₅ was:

I (mol L⁻¹) = 0.0304 + 0.0155 EC₂₅ (dS m⁻¹), R² = 0.910             (7)

•	 M₁: I = β₀ + β₁ EC₂₅ (linear model, EC-only);

•	 M₂: I = β₀ + β₁ EC₂₅ + β₂ SAR (linear model with 
SAR);

•	 M₃: Multiple regression incorporating ion species 
and CaCO₃ content.

Models were fit by ordinary least squares (OLS) with 
robust standard errors; performance was summarized with 
R², root mean square error (RMSE), mean absolute error 
(MAE), and bias.

At 25 °C, the thermodynamic solubility product for 
calcite is:

Ksp = [Ca²⁺] × [CO₃²⁻] = 10⁻⁸·⁴²                                      (5)

The saturation index (SI) indicates the stability of a 
mineral in a particular solution:

SI = log₁₀(IAP/Ksp)                                                          (6)

where IAP is the ion activity product. SI > 0 indicates 
supersaturation and a tendency toward calcite precipitation, 
whereas SI < 0 indicates undersaturation and potential 
dissolution.

The measured IAP range (2.0×10⁻⁵ to 3.1×10⁻³) far exceeds 
Ksp, implying SI ≫ 0 and supersaturation with respect to 
calcite—consistent with carbonate-rich soils where high 
pH and low pCO₂ elevate CO₃²⁻ activities. Supersaturation 
indicates a tendency for secondary CaCO₃ precipitation and 
pedogenic carbonate accumulation. This finding explains 
the high CaCO₃ content (26.64–62.41%) observed in these 
soils and demonstrates the importance of understanding 
carbonate equilibria for predicting soil chemical processes, 
including the formation and stabilization of secondary 
carbonate horizons typical of calcareous soils in arid regions.

3.1 Soil salinity, sodicity, and basic chemistry

3.3 Linking ionic strength to EC and solution composition

3.2 Saturation state with respect to calcite

Table 1. Descriptive statistics of key soil-solution properties

 Property Min Max CV (%)

Ph 6.71 8.50 5.27

ECp (dS m⁻¹) 1.30 63.80 98.71

SAR 0.75 51.85 113.03

Ionic strength, I (mol L⁻¹) 2.5×10⁻² 0.94 91.72

Total anions 2.2×10⁻² 0.66 94.11

Total cations 9.0×10⁻³ 0.75 119.10

Ion activity product, IAP 
= a(Ca²⁺)·a(CO₃²⁻) 2.0×10⁻⁵ 3.1×10⁻³ 110.53

CaCO₃ (%) 26.64 62.41 23.74

Table 2. Linear relationships between ionic strength and EC from literature and this study

Relation Reference The relation between actual and predicted 

I=0.016×EC
I in mol/L and EC in dS/m Ponnamperuma et al.,  (1966) y = 3.5108x - 0.0243 

R² = 0.9098

I= 0.0127×EC
I in mol/L and EC in dS/m Griffin and Jurinak (1973) y = 0.7607x - 0.0053 

R² = 0.9098

Is = 0.0446EC-0.000173
I in mol/L and EC in mS cm⁻¹ Gillman and Bell (1978) y = 2.6097x - 0.0182 

R² = 0.9098

I = 0.0304+0.0155*EC25
I in mol/L and EC in dS/m	 Present study y = 0.907x + 0.0241 

R² = 0.9098

Model M₁ achieves 22.3% higher R² compared to the 
historical M₀ (Griffin & Jurinak, 1973) model, reducing RMSE 
by 51.6% (from 0.128 to 0.062 mol L⁻¹). The addition of SAR 
in M₂ provides marginal further improvement (ΔR² = 0.016; 
2% increase), reducing RMSE from 0.062 to 0.054 mol L⁻¹. 
For rapid field or routine laboratory predictions when SAR 
measurements may not be readily available, the simpler M₁ 
(EC-only) model offers substantial practical improvements over 
existing methods. However, when SAR and ion speciation data 
are available, model M₂ offers the highest predictive accuracy.

3.4 Ionic composition and correlations
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Table 3. Performance metrics for different models

Table 4. Pearson correlations for selected soil parameters and ions

Model Description R² RMSE (mol L⁻¹) MAE (mol L⁻¹) Bias (mol L⁻¹)

M₀ I = 0.0127 × EC25 (Griffin & Jurinak, 1973) 0.744 0.128 0.095 -0.032

M₁ I = 0.0304 + 0.0155 EC25 (locally calibrated linear) 0.910 0.062 0.048 +0.008

M₂ I = 0.0298 + 0.0149 EC₂₅ + 0.0031 SAR Linear with SAR 0.926 0.054 0.041 +0.003

M3 I = f(EC25, SAR, Cl⁻, HCO₃⁻, Na⁺, Ca²⁺, Mg²⁺, %CaCO₃) 0.958 0.018 0.012 +0.001

Pearson correlations (Table 4) underline EC₂₅’s strong 
association with key soluble ions. The exceptionally high 
EC-Cl⁻ correlation (r = 0.98) indicates that chloride is the 
dominant anion controlling solution salinity in these soils, 
typical of salinized arid-region soils where irrigation with 
marginally saline water concentrates chloride. The strong 
EC-Na⁺ correlation (r = 0.93) reflects co-mobilization of 
sodium with chloride (sodic-saline type salinity pattern). 
In contrast, EC shows moderate correlations with Ca²⁺ (r 

Incorporating composition further improves prediction; 
multiple regression analysis identified Cl⁻, HCO₃⁻, Na⁺, Ca²⁺, 
Mg²⁺, and CaCO₃% as significant covariates. The resulting 
model is:

I = −2.4×10⁻² + 1.7×10⁻³ EC₂₅ + 4.3×10⁻⁴[Cl⁻] + 
2.1×10⁻³[HCO₃⁻] + 5.0×10⁻⁴[Na⁺] + 9.1×10⁻⁴[Ca²⁺] + 
1.1×10⁻³[Mg²⁺] + 5.6×10⁻⁴ %CaCO₃                                      (8)

where,

- I: ionic strength (mol L⁻¹)

- EC₂₅: electrical conductivity at 25 °C (dS m⁻¹)

- [Cl⁻], [HCO₃⁻], [Na⁺], [Ca²⁺], [Mg²⁺]: ion concentrations 
(mol L⁻¹)

- %CaCO₃: calcium carbonate content (percent by mass)

Note on Equation (8) application: All ion concentrations 
must be expressed in mol L⁻¹. Concentrations measured in 
other units (mmol L⁻¹, meq L⁻¹, mg L⁻¹) must be converted 
to mol L⁻¹ using appropriate molecular weights before 

The locally calibrated ionic strength model was applied to 
interpolated EC values across the study area using ordinary 
kriging spatial prediction. EC values were interpolated to a 
regular grid using sample-based kriging with an exponential 
semivariogram model. Subsequently, the derived I-EC 
relationship [Eq. (7)] was applied to all interpolated EC 
grid values to generate spatially explicit predictions of ionic 
strength distribution.

The spatial analysis reveals distinct zones of high ionic 
strength (I > 0.6 mol L⁻¹) concentrated in the northeastern 
quadrant of the study area, corresponding to regions with 
the highest EC values. Moderate-salinity zones (0.3 < I < 0.6 
mol L⁻¹) form a transition band, while low-salinity areas (I 
< 0.3 mol L⁻¹) occur predominantly in western and southern 

= 0.65) and Mg²⁺ (r = 0.78), indicating that divalent cations 
contribute substantially to ionic strength via their charge-
squared weighting in Equation (2), even though their molar 
concentrations are lower than Na⁺.

CEC and organic matter (OM%) show weak associations 
with EC₂₅ in this dataset, consistent with salinity being 
driven primarily by the dissolved ion pool rather than by 
exchange capacity at the sampled spatial scale (urban surface 
soils with variable land use and irrigation history).

The correlation of I with EC₂₅ (r = 0.95) validates the 
strong predictive relationship captured by Equation (7) and 
justifies the use of easily measured EC as a surrogate for 
ionic strength in this calcareous-soil context.

substitution into the equation.

This model achieves R² > 0.95, providing high predictive 
accuracy. The dominance of Cl⁻ and HCO₃⁻ coefficients 
reflects the importance of the primary dissolved salt 
composition in determining ionic strength through charge-
concentration relationships. While pH, K⁺, CEC, and OM 
were tested in the multiple regression, they were removed 
during model selection, indicating they do not significantly 
improve the prediction once major ion concentrations are 
accounted for.

3.5 Ionic composition and correlations

3.6 Multiple regression incorporating ion species and carbonate 
content

3.7 Application of the derived I–EC model in spatial prediction

pH EC₂₅ Cl⁻ HCO3
- Na+ Ca2+ Mg2+ I calculated

pH 1.00

EC₂₅ -0.46 1.00

Cl⁻ -0.48 0.98 1.00

HCO3- -0.013 0.29 0.27 1.00

Na -0.46 0.93 0.94 0.15 1.00

Ca -0.49 0.65 0.63 0.09 0.75 1.00

Mg -0.32 0.78 0.77 0.58 0.70 0.53 1.00

I calculated -0.47 0.95 0.95 0.41 0.94 0.76 0.87 1.00
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This study has several important limitations that should 
be acknowledged:

1.	 Geographic scope: Sampling was limited to the 
urban Al-Hashimya area, Zarqa Governorate, 
Jordan. Results represent only surface soils (0–15 
cm) from this localized region and cannot be 
directly generalized to calcareous soils in other 
geographic areas or different soil depths without 
independent validation.

2.	 Soil type specificity: The derived models are 
calibrated for the distinctive ionic composition of 
these particular soils (dominated by Na⁺-Cl⁻ salinity 
with significant carbonate buffering). Different 
calcareous soil systems with alternative dominant 
salt compositions (e.g., Ca²⁺- SO₄²⁻ systems) may 
require separate calibrations.

3.	 Model validation: The models presented are based 
on a single dataset (n = 43 samples) from one time 
period. External validation using independent 
samples from the same region, as well as comparison 
with other calcareous-soil regions, is recommended 
before widespread practical application.

4.	 Practical application scope: While Eq. (7) (M₁: 
simple EC-only model) provides substantial 
improvement over the Griffin & Jurinak (1973) 
universal equation, its use should be limited to 
the Al-Hashimya region where it was calibrated. 
Application to other regions should be preceded by 
local model development using the methodology 
described here.

Despite these limitations, this study provides:

•	 A methodological framework for developing 
composition-aware I-EC calibrations in carbonate-
dominated systems

•	 Quantitative evidence that local calibrations 
substantially improve ionic strength prediction

•	 A practical tool specifically applicable to irrigation 
management in the Zarqa region

portions of the study area. This spatial heterogeneity reflects 
local variations in irrigation practices, soil parent material 
composition, and hydrogeological factors driving salt 
accumulation.

The spatial distribution of ionic strength directly informs 
targeted salinity management strategies. High ionic strength 
zones require the following practices:

1.	 Enhanced irrigation scheduling and salt leaching

2.	 Selection of salt-tolerant crop varieties

3.	 Potentially, separate water management protocols

Low-salinity zones may support a wider range of crops 
with minimal salinity constraints. This practical application 
demonstrates the utility of the locally calibrated I-EC model 
for region-specific irrigation planning and soil amendment 
strategies.

 3.8 Study limitations and generalizability

 4. Conclusions
For calcareous soils in the Al-Hashimya area (Zarqa 

Governorate, Jordan), the locally calibrated model provides 
superior predictive accuracy compared to the widely 
applied Griffin & Jurinak (1973) equation, yielding a 22% 
improvement in explanatory power and reducing prediction 
error (RMSE) by 52%. This substantial improvement reflects 
the higher divalent-cation content and carbonate-induced ion 
pairing characteristic of these Zarqa region soils.

Incorporation of key ion species (Cl⁻, HCO₃⁻, Na⁺, Ca²⁺, 
Mg²⁺) and CaCO₃ content further refined predictions to R² > 
0.95, providing maximum predictive accuracy when complete 
ion analysis is available. For routine field applications where 
only EC and SAR are measured, adding SAR to the simple 
EC model (M₂) yields a marginal improvement (ΔR² = 0.016) 
and may not always justify the additional measurement 
effort, depending on available laboratory resources.

The practical application of this locally calibrated model 
to irrigation management in arid regions is demonstrated 
through the spatial prediction of ionic strength distribution 
across the study area. The methodology presented here 
provides a template for developing similar composition-
aware I-EC calibrations in other calcareous-soil regions, 
emphasizing that reliable ionic-strength prediction requires 
region-specific calibration rather than relying on universal 
equations that do not account for local compositional 
patterns.
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Abstract

1. Introduction

Floods are among the most significant natural hazards 
and affect almost all regions of the world. The study of floods 
has been the subject of several studies and research using 
different methods, such as flood frequency analysis (Hamed 
and Rao, 2000; Yahiaoui, 1997) and hydro-meteorological 
methods (Guillot and Duband, 1967; Magroume, 1992), 
such as GRADEX and AGREGEE. The accurate evaluation 
of river discharge and precipitation variability, along with 
the estimation of the frequency and magnitude of extreme 
hydrological events, represents a complex scientific 
challenge. This complexity arises from the profound 
influences of climate change and changes in land use and 
land cover, which substantially modify the dynamics and 
availability of water resources (Baran-Gurgul et al., 2024). 
Hydrological modeling constitutes a fundamental scientific 
approach for simulating the movement and distribution of 
water within natural and managed environments. These 
models provide a quantitative framework for evaluating 
the effects of land-use transformations, climate variability, 
and extreme hydrometeorological events on hydrological 
processes. They serve as indispensable tools for formulating 
strategies for sustainable water resources management, 
flood risk mitigation, and environmental protection. The 
historical development and methodological advancements 
of hydrological modeling, from the 1950s to the present, are 
comprehensively examined in Singh’s seminal work (Singh, 
2018). In general, frequency analysis studies describe 
the flood event by its instantaneous peak flow. But when 

mapping a floodplain or designing a hydraulic structure, 
information about peak flow is essential yet insufficient (Di 
Baldassarre et al., 2010). In addition, it is crucial to recognize 
that flood severity can be characterized by both its volume 
and its duration.

 It is essential to give special attention to the concept 
of “duration” as a fixed parameter, since it plays a key role 
in many hydrological processes. The characterization of 
catchment flow, the assessment of water demand, and the 
evaluation of potential damage risks are all closely related 
to the temporal nature of hydrological events (Galea and 
Prudhomme, 1997). The conceptual foundations of the 
Flood-Duration-Frequency (QdF) model were introduced 
in the 1990s by Sherwood (1994), Balocki and Burges 
(1994) and Galea and Prudhomme (1997), who emphasized 
the role of duration in flood frequency analysis. These 
applications primarily address gauged catchments under 
non-stationary (Chen et al., 2013; Cunderlik et al., 2007) 
or stationary (Hachemi and Benkhaled, 2016) conditions, 
but the framework supports extension to ungauged areas 
via index-flood regionalization. QdF modeling also focuses 
on maximum instantaneous flows and on the analysis of 
characteristics related to different durations d to assign a 
frequency to the maximum average flow VCXd.

The obtained QdF model can be used to construct 
probable flood hydrographs (Sauquet et al., 2004), which can 

Keywords: Average volume flow, Fitting, Flood prediction, QdF (Flood-duration-Frequency), Return period.

The aim of this research paper is to develop a multi-duration and multi-frequency model that provides a more complete 
description of the basin’s flood regime on both gauged and ungauged catchments in the range of observed and rare frequencies 
and answer the questions relevant to integrated river management. The approach adopted in this paper is based on the 
frequency analysis of multi-duration series using the exponential distribution. So, we have focused on the basic notions 
and concepts underlying the local QdF modeling of floods in the Oued Mina catchment in North-West Algeria. The local 
QdF modeling is directly drawn from statistical analysis of the average volume flow for multi-duration series, derived 
from annual hydrographs of the Oued El-Abtal station to the Exponential distribution, where the fittings of the series lead 
to the establishment of the relation between the average volume flow, the duration, and the return period. The developed 
QdF plot can be applied to estimate water availability over specific time intervals (aggregation periods) and across various 
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be used in the study of flood hazard. 

The aim of this paper is to develop a local QdF model 
for the Oued Mina catchment in western Algeria by fitting 
the maximum flow series VCXd of different durations d to the 
Exponential distribution, and determining the relationships 
between maximum flow, duration, and return period. The 
model QdF serves as a tool for flood hazard and vulnerability 
assessment.

The study has been conducted on the catchment of Oued 
Mina (Fig. 1), which is located in the North-Western part of 
Algeria, at about 300 km from Algiers, between 0° 20’ and 1° 
10’ of East longitude and 34° 40’ and 35° 40’ of North latitude. 
The Oued Mina catchment drains an area of approximately 
4900 km², and it is part of the large Chelif catchment. The 
stream of Oued Mina is the main tributary of Oued Chelif, 

The hydrometric data set used in this study was provided 
by the National Agency of Hydraulics Resources (ANRH) 
of Algiers. It consists of the records of instantaneous flood 
hydrographs recorded between 1953 and 2011 at the Oued 
El Abtal gauge station. The time series of annual maximum 
instantaneous discharge (QIX), which provides essential 

information for extreme event analysis, can be obtained (Fig. 
2). This series has 57 observations, its mean and standard 
deviation are 309,65 m3/s and 242,80 m3/s, the min and max 
values are 31,85 m3/s and 962,65 m3/s, and the coefficient of 
skewness and kurtosis are respectively 1,06 and 3,15.

with a distance of about 90 km between the Bakhada and Sidi 
M’Hamed Benaouda dams, with a South East-North West 
orientation (Touaibia et al., 2003; Ghernaouet and Remini, 
2017). The study area was selected as a case study due to the 
severe flooding in Oued Rhiou, Relizane, caused by heavy 
rainfall in October 1993 (Lahlah, 2004).

The Oued Mina catchment is characterized by a 
dominance of tertiary marls (Eocene, Miocene and 
Oligocene) very sensitive to erosion in the north, whose soils 
are generally bare and oversaturated, and Jurassic (upper, 
lower and middle) in the south, subject to less severe erosion 
(ANRH, 2010) where nearly 50% of its surface is covered by 
vegetation of varying density (6% of forests are dominated 
by young Aleppo pine plantations, 32% by “pistacia, olea, 
tetraclinis” scrubland and 12% by cereals) (Ghernaouet and 
Remini, 2014).

The catchment of Oued Mina is characterized by a 
Mediterranean climate, semi-arid to arid, with hot, dry 
summers and cold, humid winters. Annual precipitation 
averages 278 mm with high spatial and temporal variability, 
leading to alternating high-and low-water periods (Meddi, 
1996).
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2. Methodology
The methodology is applied to a specific catchment in 

western Algeria, selected due to its history of severe flooding 
(Lahlah, 2004) and representative semi-arid characteristics. 
The study area and available data are outlined in the 
following section.

2.1 Study area 

Figure 1. The Oued Mina catchment in North -West Algeria: (a) Hydrological network, sub-basin, and gauging station location;
(b) Geographical location within Algeria.



By using the Wald-Wolfowitz test (Wald et al., 1943), 
Mann-Whitney test (Mann et al., 1947), Mann-Kendall test 
(Mann,1945 and Kendall,1938), and Grubbs test (Grubbs, 
1949), the series of QIX is independent, homogeneous, 
stationary, and with no outlying values (Table 1).

in this section belong to the class D, which are represented by 
the Gumbel distribution, Gamma distribution, and Pearson 
Type III distribution. These include the method of moments 
(MOM), the maximum likelihood method (MLM), and the 
probability weighted moments method (PWM). These are 
practiced in fitting of distribution and compared by goodness-
of-fit tests (Table 2 and Table 3). The main conclusion from 
the above analysis is that the Gamma distribution is the best 
model that will give a prediction estimation of the event’s 
extreme.

These catchment characteristics and the validated QIX 
series provide the foundation for the QdF modeling approach. 
The materials and methods, including series extraction and 
distribution fitting, are detailed in the following section.

The decision support system (DSS) was used (El Adlouni 
et al., 2008), the curve of mean excess function (MFE) has 
a positive slope (Fig. 3), which implies that the underlying 
distribution is sub-exponential, so distributions considered 

The next step involves the estimation of goodness-of-
fit. It is a different test which can be employed to determine 
the best theoretical probability distribution that can describe 
the annual instantaneous maxima peak flow series. So, 
the probability plot correlation coefficient test (PPCC), 
Root Mean Square Deviation (RMSD), and Kolmogorov-

Smirnov (KS) were applied. Table 3 shows the results of 
the goodness-of-fit analysis. All the observed Kolmogorov–
Smirnov values for the all distribution are less than 0,180 
as theoretical value at 5% of significance and n = 57. The 
values of PPCC are near to 1, and all the values of RMSD are 
less than 1. Data analysis has shown that the goodness-of-fit 

Table 2 shows the quantile estimates for the hydrometric 
station in the Oued Mina catchment using different 
distributions, and the following return periods were 
considered: 2, 5, 10, 20, 50, 100 and 1000 years. The results 
show the highest flow values. This result is due to several 
factors, including the geological nature of the region and the 
slope that facilitates the flow from elevations of 1933 meters 
to the lowest area, where the measuring station is located 
at an estimated elevation of 205 meters. We also note the 
vegetative cover and increased precipitation in this study 
area. These floods are characterized by irregular occurrence 
and strong destructive forces, so the engineer must design 
flood defense structures to withstand this force. Therefore, 
a suitable probability law for flood flows must be carefully 
chosen.

2.2. Material and method
2.2.1. Indices of the flood regime
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Figure 2. Annual instantaneous maximum discharges (QIX) in the 
Oued El Abtal station. (Source: ANRH Algeria)

Figure 3. Mean excess function (MEF) for the annual instantaneous 
maxima peak flow series.

Table 1. Sampling tests of the annual instantaneous maximum 
discharge series.

Type of the test Calculated 
Value

Critical 
Value

Wald-Wolfowitz test for independence 
at 5% 1,314 1,960

Mann-Whitney test for homogeneity 
at 5% 1,770 1,960

Mann-Kendall test for stationarity at 
5% 1,170 1,960

Grubbs test for outliers at 1% 2,692 3,538

Table 2.  Estimated Quantiles QIXAT for different return periods T.

Return period 
(Year)

Gumbel 
(MLM)

Gumbel 
(PWM) Gumbel (MOM) Gamma (MLM) Gamma 

(MOM)
Pearson III 

(MOM)

2 264,67 268,76 269,18 246,75 248,21 266,78

5 460,88 485,56 483,74 475,39 474,05 491,13

10 590,80 629,11 625,79 636.00 632,02 634,60

20 715,41 766,80 762,06 971,20 784,65 767,39

50 876,71 945,03 938,44 991,62 981,38 932,82

100 997,58 1078,58 1070,61 1140,72 1127,58 1052,73

1000 1396,98 1519,89 1507,35 1626,37 1603,33 1430,91
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of all distributions are accepted. To objectively distinguish 
between candidate distribution and select the most suitable 
one, we employed information criteria, such as the Akaike 
Information Criteria (AIC) (Akaike, 1974), and Bayesian 

The use of the Gamma distribution is very suitable to 
fit the series of QIX (Fig. 4) because the lowest value of AIC 
corresponds to the Gamma distribution, as shown in Table 4, 
with parameter estimates a (scale) and k (shape), respectively 
equal to 1,58 and 0,05. Hence, the quantile of 10 years QIXA10 
is equal to 636 m3/s, which is an important index of the flood 
regime of the catchment, high-lighting rapid, high-intensity 
floods, setting the stage for multi- duration QdF analysis.

With the VCXd series extracted and the exponential 
distribution fitted using objective criteria (as detailed above), 
the key findings, including quantile estimates and the 
analytical QdF formulation, are presented and interpreted in 
the next section.

According to the SOCOSE method of the French 
Technical Center for Rural Water and Forest Engineering 
(CTGREF, 1980), an observed flood hydrograph (Fig. 5) has 
two characteristics: the peak flow Qs and the duration ds 
during which half of Qs is continuously exceeded. For all 
observed flood hydrographs, the obtained data (Qs, ds) allow 
for drawing the mean between the ds and Qs. From the value 
of QIXA10, another index of the flood regime, D the duration of 
the characteristic flood of the catchment can be determined, 
which is approximately equal to 10 hours (Aichoune and 
Yahiaoui, 2024) (Fig. 6).

Information Criteria (BIC) (Schwarz, 1979). Table 4 shows 
the distribution that yields the lowest AIC and BIC values, 
as these criteria penalize model complexity while rewarding 
goodness-of -fit.

Table 3. Goodness of fit test results

Table 4. Values of AIC and BIC

PPC KS RMSD

Gumbel (MOM) 0,985 0,077 0,6244

Gumbel (PWM) 0,985 0,08 0,6499

Gumbel (MLM) 0,985 0,0753 0,4796

Gamma (MLM) 0,989 0,056 0,1371

Gamma (MOM) 0,98 0,06 0,1371

Pearson Type III (MOM) 0,988 0,081 0,1112

Probability Distribution AIC BIC

Gumbel (MOM) 776,13 780,22

Gumbel (PWM) 776,36 780,44

Gumbel (MLM) 775,18 779,27

Gamma (MLM) 765,29 779,27

Gamma (MOM) 765,31 769,4

Pearson Type III (MOM) 776,75 782,88

Figure 4. Observed and estimated flows at 95% confidence intervals 
for the QIX series.

Figure 5. Flood hydrograph of 22 to 24 November 1959 recorded at 
Oued El Abtal station.

Figure 6. Estimation of the duration of the characteristic flood of 
the Oued Mina catchment.

3. Results and Discussion
In this section, we present the main empirical results of 

the study, beginning with a description of the construction 
and fitting of the series of VCXd by the exponential 
distribution, followed by a derived analytical formulation 
that provides a reliable tool for flood characterization in 
semi-arid catchments.

The integration of the hydrograph Q(t) between t and 
t+d allows the volume of water V flowing for the duration 
d, where D/2 ≤ d ≤ 5D. Therefore, the corresponding 
characteristic average discharge rate is the volume VCd (t) 
flowing during this duration d is given by:

                                                   (1)

3.1. Construction and fitting of the series of VCXd
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By analyzing all annual hydrographs, it is possible to 
construct, for each duration d (incremented in one-hour 
time steps), a sequence of average discharges Vcd(t). From 
this time series, the maximum annual value VCXd can be 
extracted, representing the annual characteristic maximum 
mean discharge corresponding to extreme flood episodes of 
duration d (Guilard, 1998). For the Oued Mina catchment, 
46 VCXd series were generated for durations ranging from 5 
to 50 hours (d = 5, 6, 7, …, 50 h). In this study, the analysis 
focused on the ten representative durations (d = 5, 10, 15, 
20, 25, 30, 35, 40, 45, and 50 hours). The mean, standard 
deviation, coefficient of variation, skewness, and kurtosis 
of each VCXd series are summarized in Table 5. All series 
are independent, homogeneous, and stationary and show no 
outliers or anomalies, as confirmed by statistical sampling 

So, the exponential distribution was identified for fitting 
the VCXdT series corresponding to durations d = 5, 10, 15, 20, 
25, 30, 35, 40, 45, and 50 hours (Fig. 7).

tests. The use of the exponential distribution in this study 
is consistent with previous hydrological studies that applied 
QdF or related flood-frequency frameworks in similar 
climatic and hydrological contexts.  This study showed that 
in semi-arid Mediterranean climates, flood variables often 
exhibit strong skewness and rapid tail decay, conditions under 
which the exponential distribution provides satisfactory fits, 
especially for duration-dependent flood metrics. Ketrouci 
and Meddi (2015), by applying QdF modeling to Algerian 
basins, reported that the exponential distribution performs 
well for VCXdT and provides reliable estimates across multiple 
durations. Other studies (Javelle and Ouarda, 2002; 2003; 
Ouarda et al., 2001; Merz et al., 2003) also support this 
finding.

The probability distribution function of the exponential 
distribution with two parameters md and ad is given by:

                                                  (2)

Table 5. Table 5. Principal characteristics of the maxima flow series (VCXd) of Oued Mina.

d (h) Mean (m3/s) Standard deviation(m3/s) Variation Skewness Kurtosis

5 201,23 193,79 0,96 1,24 3,00

10 177,14 169,94 0,96 1,29 3,09

15 152,83 147,48 0,97 1,53 4,40

20 140,59 131,60 0,94 1,41 4,05

25 123,66 114,30 0,92 1,46 4,34

30 110,67 100,75 0,91 1,52 4,64

35 100,62 91,09 0,91 1,53 4,75

40 91,03 81,47 0,89 1,61 5,13

45 83,49 74,33 0,89 1,68 5,44

50 77,12 68,36 0,89 1,74 5,80



Merzaka et al. / JJEES (2026) 17 (3): 293-302298

Figure 7. Figure 7. Fitting and confidence limits at 95 % of VCXd series (d = 5, 10 ..., 50 hours).



For the considered series of VCXd, the parameters and 
are estimated by the method of moments, it was chosen 
for its simplicity unbiased estimation of location/scale in 
Exponential (small samples, n = 57), and robustness to 
outliers. This method performed well. It is recommended 
for Exponential in hydrological applications (Wilks, 2011). 
The results of estimation for the parameters and are given 
in the following table (Table 6). The results of the goodness-
of-fit tests presented in Table 7 confirm the adequacy of 
the exponential distribution in modeling the VCXd series for 
all considered durations. The Probability Plot Correlation 
Coefficient (PPCC) values are all greater than 0.98, indicating 
an excellent correlation between the observed and theoretical 
distributions. Moreover, the Kolmogorov–Smirnov (KS) 
statistics (KSob) are systematically lower than the critical 
values (KSₜₕ) at the 5% significance level, which confirms 
that there is no significant difference between the empirical 
and theoretical distributions. Finally, the Root Mean Square 
Deviation (RMSD) values are very small and tend to decrease 

with increasing duration, suggesting a progressively better 
fit for longer flood durations. These results demonstrate that 
the exponential distribution provides a statistically reliable 
representation of the flood discharge behavior across all 
tested time scales.
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Table 6. Estimated position and scale parameters for each VCXd series.

d (h) md (m
3/s) ad (m

3/s)

5 7,44 193,79

10 7,20 169,94

15 5,35 147,48

20 8,99 131,60

25 9,35 114,30

30 9,92 100,75

35 9,52 91,09

40 9,56 81,47

45 9,16 74,33

50 8,76 68,36

Table 7. Goodness of fit tests.

Table 8. Estimated quantiles VCXdT

d(h) 5 10 15 20 25 30 35 40 45 50

PPCC 0,980 0,986 0,985 0,985 0,988 0,990 0,993 0,994 0,995 0,995

KSob 0,103 0,142 0,109 0,092 0,082 0,081 0,092 0,096 0,094 0,093

KSth 0,210 0,210 0,210 0,207 0,207 0,207 0,210 0,207 0,207 0,207

RMSD 0,214 0,464 0,214 0,177 0,166 0,152 0,150 0,142 0,138 0,142

PPCC is the Probability Plot Correlation Coefficient 
(Filliben, 1975, Vogel, 1986, Kim et al., 2010) KSob and 
KSth are the observed and theoretical Kolmogorov-Smirnov 
values (Massey, 1951) and RMSD is the Root Mean Square 
Deviation (NERC, 1975). So, the theoretical quantile VCXdp 
of probability p is estimated for the Exponential distribution 

fitted with the method of moments is given by:

                                            (3)

Therefore, in term of return period T, the estimated 
quantiles VCXdT is expressed as (Table 8): 

                                                      (4)

d(h) T = 2 T = 5 T = 10 T = 20 T = 50 T = 100 T = 500 T = 1000

5 141,77 319,34 453,67 587,99 765,56 899,89 1211,78 1346,11

10 128,52 317,51 460,48 603,45 792,44 935,41 1267,37 1410,34

15 107,57 242,71 344,94 447,17 582,30 684,53 921,89 1024,12

20 100,20 220,79 312,00 403,22 523,80 615,02 826,82 918,04

25 88,58 193,32 272,54 351,77 456,51 535,73 719,69 798,92

30 79,76 172,07 241,91 311,75 404,06 473,90 636,05 705,89

35 72,66 156,13 219,27 282,42 365,88 429,03 575,64 638,78

40 66,03 140,68 197,16 253,63 328,28 384,75 515,87 572,34

45 60,68 128,79 180,31 231,83 299,93 351,45 471,08 522,60

50 56,14 118,78 166,16 213,54 276,17 323,55 433,57 480,95

The equation (3), obtained by fitting the VCXd series to the 
Exponential distribution, is represented in (Fig. 6) as astraight 
line on the semi-logarithmic plane. For the considered VCXd    
series with durations d = 5, 10, 15, 20, 25, 30, 35, 40, 45, and 

50 hours, all the fitted straight lines intersect at a common 
point (Fig. 8). This point of intersection can be determined 
graphically and is located approximately at the coordinates 
that can be determined graphically; ln(1⎼ p0) = ⎼ 0,0154 and 
VCX0 = 10,45 m3/s.

3.2.VCXDT Formulation



Figure 8. Straight lines of fittings of VCXd series (d = 5, 10, 15, . . ., 
50 hours).

Figure 9. Polynomial tendency of ad versus the duration d.

Figure 10. Flow-duration-Frequency (QdF) in VCX curves of Oued 
Mina.
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It is possible to provide a continuous formulation of the 
quantiles VCXdT. According to equation (3): 

                                                                                         (5)

And so, the difference between equation (3) and (5) gives 
gives an equation that depends only on the scale paramete ad:

                             (6)

ad has a polynomial tendency of the second degree versus 
the duration d (Fig. 9) with a coefficient of determination R 2 
= 0.999 expressed as:

                               (7)

Thus, VCXdT formulation as a quantile of flood depending 
on the duration d and the return period T is giving by:

VCXDT = (0.0461 d² -5.2783 d +218.11) x (ln(T)-0.0154) +10.45 (8)

 It should be noted that Equation (8) provides a correction 
to the values of VCXdT previously estimated using Equation (4) 
for different duration values. This analytical expression (Eq. 
8) provides several advantages over discrete quantile tables 
(Table 5). It enables estimation of VCXdT for any duration d and 
any return period T, slightly refines the discrete estimates by 
enforcing the observed convergence property, and facilitates 
the direct construction of smooth QdF curves (Fig.10). 
Interpretation of the QdF curves reveals key aspects of the 
catchment’s flood regime: for short durations (e.g, 5-10 
hours), discharges rise sharply with increasing return period, 
reflecting the torrential nature confirmed by QIXA10 = 636 m3/s 

and d =10 hours. For longer durations, the curves flatten, 
indicating that extreme events are dominated by brief, intense 
peaks rather than sustained high flows. This pattern aligns 
with the semi-arid hydrology, where floods are typically 
flash-driven by connective storms (Meddi, 1996). Compared 
with traditional peak-flow analysis, this QdF model provides 
superior integration of magnitude, duration, and frequency, 
aligns with prior Algerian studies (Ketrouci and Meddi, 
2015; Yahiaoui et al., 2011; Hachemi and Benkhaled, 2016), 
and enhances applicability to ungauged sites through 
potential regionalization. The model’s robustness supports 
advanced applications, such as probabilistic hydrograph 
generation and vulnerability assessments, which are crucial 
for mitigating risks in rapidly urbanizing semi-arid basins.

Compared with traditional peak-flow analysis, this QdF 
model offers superior integration of magnitude, duration, 
and frequency, aligns with prior Algerian studies, and 
enhances applicability to ungauged sites. In summary, the 
robust exponential fit and the derived analytical formulation 
provide a reliable tool for flood characterization in semi-arid 
catchments. The main conclusion of this study is presented 
in the following section.

4. Conclusion
The local QdF modeling is derived from statistical 

analysis of the average volume flow of the VCXdT across 
multiple durations in the Oued Mina catchment. This 
methodology is based on fitting the Exponential statistical 
model. This selection is grounded in consistency with 
established QdF literature and hydrological principles, 
rather than subjective judgment. Previous studies have 
shown that flood quantiles expressed as mean discharges or 
volumes over fixed durations are adequately represented by 
parsimonious exponential-type models, particularly within 
the QdF framework (Javelle et al., 2003).

These authors demonstrated that the Exponential 
distribution yields stable parameter estimates and satisfactory 
goodness-of-fit across multiple durations, especially when 
sample sizes are limited. Similar conclusions were reported 
in semi-arid Mediterranean catchments, where duration-
dependent flood variables exhibit strong positive skewness 



and rapid tail decay (Ketrouci and Meddi, 2015). For this 
work, the PPCC values (0,980 and 0,995) indicate a strong 
correlation between observed and theoretical data, while 
the KS observed values remain below the critical thresholds 
confirming the model’s adequacy. The RMSD values 
decrease with increasing duration, suggesting improved 
performance for longer aggregation periods. Overall, these 
results confirm the reliability of the exponential distribution 
for modeling the VCXd data for QdF analysis. Therefore, 
the Oued Mina catchment’s high quantile QIXA10 = 636 m3/s 
discharge values and the short flood duration (D = 10 hours) 
make it highly vulnerable to rapid torrential flooding.

Hence, the modeling of the flood regime is a major 
challenge in this case for predicting the extreme event. 
Moreover, the VCXd series was constructed, and by fitting it 
to the exponential distribution, the following results were 
obtained: an analytical formula that gives the relationship of 
the characteristic extreme flow as a function of the duration 
and the return period. From the trend analysis, Construction 
of the QdF curves characterizing the Oued Mina catchment 
enables us to obtain finalized results integrating the great 
flows. It represents one of the most widely used hydrological 
tools in the management of water resources (Ketrouci, and 
Meddi, 2015; Ketrouci et al., 2012; Hachemi and Benkhaled, 
2016; Yahiaoui et al., 2011) and they make it possible to carry 
out a frequency analysis of floods in a catchment area and 
flood forecasting for gauged or ungauged basins. Our findings 
could be valuable and can be helpful to decision makers to 
improve flood risk strategy in this region for protecting the 
lives of people and property. The increasing probability of 
flood occurrence is expected to pose substantial challenges 
to effective flood management. Accordingly, it is essential 
to reinforce mitigation and adaptation strategies to enhance 
human resilience within the Oued Mina catchment.
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Abstract

1. Introduction

One of the pressing global issues is water quality, 
and continuously monitoring it presents a significant 
challenge for effective water resource management. To 
address this, water quality is typically assessed using three 
important parameters: physical, chemical, and biological. 
Understanding the interplay of these factors is crucial for 
determining whether water is safe for drinking, suitable for 
other uses, or unsafe for any purpose. Integrating the effects 
of various physicochemical and biological parameters into 
a single representative measure is only possible through the 
Water Quality Index (WQI).

Initially, WQI was proposed by Horton (1965); it was 
later improved by Brown et al. (1970) through the use 
of arithmetic weights, leading to the development of the 
Weighted Arithmetic Water Quality Index (WAWQI). In 
subsequent years, numerous studies have developed and 
applied different index aggregation functions, including 
the Chemical WQI, the Canadian Council of Ministers of 
the Environment WQI, the NSF WQI, the Oregon WQI, and 
the Overall Index of Pollution. However, several researchers 
have extensively applied the WAWQI to assess water quality 
in both surface and groundwater systems due to its ease of 
computation, flexibility, and ability to effectively provide an 
interpretable measure of overall water quality.

For example, WAWQI has been used to evaluate the water 
quality of the Gharraf River in southern Iraq (Ewaid & Abed, 
2017), the Sabarmati River Basin (Kosha & Geeta, 2017), the 
Yamuna River (Anshu & Vinita, 2019), the Tigris River in 
Iraq (Chabuk et al., 2020), and the Arkavathi River and the 

groundwater around it (Bharath et al., 2024). It has also been 
applied to assess groundwater quality in Vijayawada, Andhra 
Pradesh (Satish et al., 2017), and South Gujarat (Divya et al., 
2023). Other studies have examined the impacts of mining 
and industrial activities on water quality, such as gold mining 
areas in the southeastern region (Diop, 2023) and irrigation 
water in Basra City (Faroon et al., 2023). Additionally, many 
other researchers have used this approach (Tyagi et al., 2013; 
Oni & Fasakin, 2016; Kosha & Geeta, 2017; Kachroud et 
al., 2019; Tasneem & Mustafa, 2021; Khushbu et al., 2021; 
Sandra et al., 2023; Shirodkar et al., 2010; Lumb et al., 
2011; Gazzaz et al., 2012; Dede et al., 2013). Collectively, 
these studies demonstrate the effectiveness of WAWQI in 
capturing spatial and temporal variations in water quality 
across diverse regions and sources.

Along with WAWQI, multivariate and statistical methods 
have been widely employed to analyze complex water quality 
datasets and identify pollution sources. Techniques such as 
Principal Component Analysis (PCA), Cluster Analysis (CA), 
and Discriminant Analysis (DA) have been applied to the 
Daliao River Basin (Zhang et al., 2009), Manchar Lake (Kazi 
et al., 2009), and the Haraz River Basin (Pejman et al., 2009) 
to identify potential pollution sources. Similarly, Ammar et 
al. (2017) applied CA and ANOVA to water samples from the 
Koudiat Medouar watershed to identify differences between 
sampling stations and assess the influence of pollution 
sources. VishnuRadhan et al. (2017) investigated the water 
quality of the Sg. Malim urban river in Peninsular Malaysia 
using various statistical approaches. In India, Loganathan 
and Ahamed (2017) assessed the Amaravati River using CA, 
PCA, and correlation analysis, while Prasad et al. (2020) 

Keywords: Arkavathi River, Water quality, WAWQI, Correlation analysis, One-way ANOVA
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This study assessed the water quality of the Arkavathi River in India across three time scales (2019, 2020, and the combined 
period 2019–2020) using the Weighted Arithmetic Water Quality Index (WAWQI). Thirteen physicochemical parameters 
were monitored twice a month at five sampling stations between August 2019 and July 2020. In all cases, only the Koggedoddy 
station met drinking water standards (WAWQI ≈ 45). In contrast, the other four stations were heavily polluted (WAWQI 
60–90), with pollution severity following the order Thymasandra > Doddamuduvadi > Gogeredoddi > Tavarekere Bekuppe. 
Correlation analysis was conducted to characterize relationships among the parameters, which revealed that pH–DO (r = 
0.815), EC–Na (r = 0.745), and EC–TDS (r = 0.71) were strongly related, indicating that ionic and oxygen-related factors 
largely control water quality. Moreover, ANOVA results revealed significant spatial differences in BOD, DO, pH, Cl, and F 
across the sampling stations. Hence, the study effectively identified the main causes of pollution in the Arkavathi River and 
showed which stations need quick action. Overall, the findings will help support effective river management and protection.
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The Arkavathi River, a non-perennial river originating 
in the Nandi Hills of the Chikkaballapura district in 
Karnataka, southern India, is the focus of this study. Five 
sampling stations, namely Doddamuduvadi, Gogeredoddi, 
Thymasandra, Tavarekere Bekuppe and Koggedoddy, 
are selected. These stations are positioned along the river, 
spanning up to 5 km from its confluence. Data on 13 
physicochemical characteristics: Bio-chemical Oxygen 
Demand (BOD), Dissolved Oxygen (DO), Nitrate (NO3), pH, 
Electrical Conductivity (EC), Total Dissolved Solids (TDS), 
Total Hardness (TH), Chloride (Cl), Sulfate (SO4), Iron (Fe), 
Fluoride (F), Boron (BH3) and Sodium (Na) were collected 
twice a month from the Arkavathi River during the period 
from August 2019 to July 2020.

The measured physicochemical parameters of water at 
various stations of the Arkavathi River are analyzed using 
descriptive statistics and presented in Table 1. As per the 
results, the lowest BOD of 0.2 mg/L is recorded in June at 
Koggedoddy station, while the highest BOD of 38.4 mg/L is 
observed in September at Gogeredoddi station. The average 
BOD ranged from 2.15 mg/L at Koggedoddy to 13.15 mg/L 
at Gogeredoddi. All stations exhibited BOD levels exceeding 
2 mg/L, indicating severe pollution of the river water.

The minimum DO of 1 mg/L is recorded in August at 
Gogeredoddi station, and the maximum DO of 9.4 mg/L is 
observed in February at Koggedoddy station. The average 
DO ranges from 2.26 mg/L at Gogeredoddi to 7.66 mg/L at 
Koggedoddy. Except for Koggedoddy station, the average 
DO levels at the remaining stations are below 5 mg/L, 
suggesting contamination of the river water. The lowest EC, 
935 µS/cm, is recorded in June at the Doddamuduvadi station, 
and the highest, 1584 µS/cm, is observed in March at the 
Thymasandra station. The average EC ranged from 1172.8 
µS/cm at Koggedoddy to 1273.4 mg/L at Doddamuduvadi. 

The lowest TH of 198 mg/L is recorded in October at 
Tavarekere Bekuppe station, while the highest TH of 485 
mg/L is observed in June at Koggedoddy station. The average 
TH ranged from 308.25 at Tavarekere Bekuppe to 349.2667 
at Doddamuduvadi. Fe levels are consistently low, with the 
minimum recorded around 0.01 mg/L across all stations. 
The highest Fe concentration, 0.45 mg/L, was observed in 
October at the Tavarekere Bekuppe station. The average Fe 
concentration ranged from 0.0973 mg/L at Doddamuduvadi 
to 0.1313 mg/L at Koggedoddy.

A notable feature of this method is that it classifies water 
quality based on the degree of purity as assessed through 
various water quality parameters (Singh et al. 2013; Kizar, 
2018). This method contains three major components, 
which are the proportionality constant , unit weight factor 
(Wi ), and sub-index or Ciphering water quality rating (Qi ) 
mathematical forms given below:

1.	 The proportionality constant is K =

2.	  Unit weight factor is 

3.	 Ciphering the water quality rating is 
Where, 
Vi = Observed value of the ith parameter of water for a 

particular sample station
Vi0 = Ideal value of the ith parameter of pure water
Si = Standard acceptable value of the ith parameter of 

water as per BIS 10500: 2012
n = Number of Physicochemical parameters
The mathematical expression of WAWQI is defined as
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implemented an Internet of Things (IoT) based monitoring 
system for the Krishna River, using ANOVA to validate 
seasonal variations in water quality.

These studies highlight the usefulness of WAWQI, 
multivariate, and statistical methods for simplifying complex 
datasets, identifying key pollution sources, and supporting 
decisions on water quality management. Despite extensive 
studies on water quality using WAWQI and statistical 
analyses, the Arkavathi River, an important water source in 
the region, has not been systematically evaluated for various 
stations with different time intervals. This study addresses 
this gap by combining WAWQI, correlation, and ANOVA. 
The primary objectives of this study are i) to analyze 
physicochemical parameters, ii) to assess the river water 
status periodically, iii) to examine correlations between 
physicochemical parameters, and iv) to determine significant 
differences in parameters across sampling stations.

The ideal values (Vi0 ) are pH = 7.0 and DO =14.6 mg/L, 
and all other parameters are assumed to be zero. According 
to the WAWQI methodology, water quality is classified in 
five classes as follows: i) 0–25 indicates excellent quality; 
ii) 26–50 indicates good quality; iii) 51–75 indicates poor 
quality; iv) 76–100 indicates inferior quality; and v) above 
100 indicates unsuitable for drinking (Yogendra and 
Puttaiah, 2008; Nayar, 2020).

2. Material and Methods:

3.  Results and Discussion:

2.1 WAWQI method:
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The lowest NO3 concentration, 0.5 mg/L, is observed 
in July at the Gogeredoddi station, while the highest NO3 
concentration,64.5 mg/L, is also recorded in November 
at the same station. The average NO3 levels ranged from 
9.72 mg/L at Gogeredoddi to 15.62 mg/L at Koggedoddy. 
The pH levels varied from a minimum of 7.2 in September 
at Gogeredoddi station to a maximum of 8.9 in August at 
Koggedoddy station. The average pH ranged from 7.65 at 
Doddamuduvadi to 8.48 at Koggedoddy.

TDS was lowest at 540 mg/L, recorded in July 
at Tavarekere Bekuppe station and highest at 1050 
mg/L, observed in December at both Thymasandra and 
Gogeredoddi stations. The average TDS values ranged 
from 746.75 mg/L at Koggedoddy to 803.2 mg/L at 
Doddamuduvadi.

Cl concentrations ranged from a minimum of 106 mg/L 
in June at Gogeredoddi to a maximum of 439 mg/L in April 
at the same station. The average Cl levels ranged from 159.65 
mg/L at Thymasandra to 214.4 mg/L at Doddamuduvadi. 
SO4 concentrations ranged from a minimum of 14 mg/L 
in June at Doddamuduvadi to a maximum of 85 mg/L in 
February at Koggedoddy. The average SO4 levels ranged 
from 29.6 mg/L at Doddamuduvadi to 38.3 mg/L at 
Thymasandra. F levels ranged from a minimum of 0.05 
mg/L in August at Gogeredoddi to a maximum of 1.31 
mg/L in November at Doddamuduvadi. The average F 
concentrations were 0.39 mg/L at Gogeredoddi and 0.69 
mg/L at Koggedoddy. BH3 concentrations ranged from 
a minimum of 0.06 mg/L in December at Koggedoddy 
to a maximum of 0.45 mg/L in September at Tavarekere 
Bekuppe. The average BH3 levels were 0.17 mg/L at 
Doddamuduvadi and 0.21 mg/L at Tavarekere Bekuppe. 
Na concentrations ranged from a minimum of 48 mg/L in 
June at Koggedoddy to a maximum of 200 mg/L in March 
at Thymasandra. The average Na levels varied from 124.13 
mg/L at Doddamuduvadi to 133.55 mg/L at Thymasandra.

The descriptive statistics reveals that the average levels 
of few variables at all stations are within the BIS standards 
(Table 2): NO3 (<45 mg/L), pH (6.5-8.5), TDS (<500 
mg/L), Cl (<250 mg/L), SO4 (<200 mg/L), F (<1.5 mg/L), 
BH3 (<1 mg/L) and Na (<200 mg/L). However, certain 
physicochemical parameters, such as BOD, DO, EC, TH, 
and Fe, exceed the acceptable limits set by the standards. 

Various factors contribute to changes in their 
concentrations. For example, BOD and DO are mainly 
affected by the direct discharge of domestic sewage, 
industrial effluents, and other anthropogenic activities. 
Additionally, cooking cocoons in hot water during silk 
processing and filature operations in Ramanagara town, 
along with contamination of the Vrushabhavathi River, 
further increases organic and inorganic load, thereby 
influencing BOD and DO levels. Elevated EC, TH, and Fe 
values generally occur due to natural geological deposits, 
dissolution of minerals such as limestone and dolomite, and 
corrosion of iron-containing materials (Aghazadeh et al. 
2017). Notably, the river flows through a rocky bed, which 
aids in the natural self-purification of water to some extent.  

Ta
bl

e 
2.

 B
IS

 a
nd

 m
ea

n 
co

nc
en

tr
at

io
n 

va
lu

es
 o

f p
hy

si
co

ch
em

ic
al

 p
ar

am
et

er
s o

f A
rk

av
at

hi
 R

iv
er

 

*E
xc

ep
t p

H
 a

nd
 E

C
, a

ll 
pa

ra
m

et
er

s a
re

 in
 m

g/
L

Pa
ra

m
et

er
s

BI
S 

va
lu

es
20

19
20

20
20

19
-2

02
0

S1
S2

S3
S4

S5
S1

S2
S3

S4
S5

S1
S2

S3
S4

S5
B

O
D

2
8.

06
14

.2
4

11
.3

6
13

.3
2

2.
98

12
.5

3
11

.9
4

13
.2

1
9.

5
1.

23
9.

33
57

13
.1

52
6

12
.2

3
11

.5
10

5
2.

15
26

D
O

5
3.

49
2.

3
3.

66
3.

02
7.

23
2.

96
2.

21
3.

03
2.

74
8.

09
3.

31
33

2.
25

5
3.

34
5

2.
88

7.
66

N
O

3
45

11
.0

2
12

.3
8

11
.1

9
17

18
.8

5
9.

92
7.

06
10

.11
13

.5
8

12
.3

8
10

.6
5

9.7
18

5
10

.6
48

5
15

.2
91

5
15

.6
15

5

pH
8.

5
7.

69
7.

64
7.7

5
7.7

8.
42

7.
58

7.
67

7.
67

7.7
3

8.
53

7.
65

33
7.

65
5

7.7
1

7.7
15

8.
47

5

EC
75

0
12

82
.2

12
03

.7
12

12
.2

12
09

.9
11

48
.2

12
55

.8
 

13
40

.4
13

32
.7

13
32

.2
11

97
.4

12
73

.4
12

72
.0

5
12

72
.4

5
12

71
.0

5
11

72
.8

TD
S

50
0

81
8.

8
79

5.
2

79
2.

6
78

0.
8

77
8.

7
77

2
79

7.
8

80
6.

4
77

5.
8

71
4.

8
80

3.
2

79
6.

5
79

9.
5

77
8.

3
74

6.
75

TH
30

0
33

6.
1

29
6.

7
31

6.
5

29
5.

2
30

3.
3

37
5.

6
33

9.
8

32
0.

1
32

1.
3

33
6.

6
34

9.
26

67
31

8.
25

31
8.

3
30

8.
25

31
9.

95

C
l

25
0

21
7.

3
14

5.
6

15
5.

1
15

5.
3

17
0.

4
20

8.
6

18
8.

2
16

4.
2

16
1.

4
17

0.
9

21
4.

4
16

6.
9

15
9.

65
16

3.
35

17
0.

65

SO
4

20
0

32
.7

34
.4

34
.6

32
.2

33
.3

23
.4

37
.8

42
41

.5
33

.8
29

.6
36

.1
38

.3
36

.8
5

33
.5

5

Fe
0.

3
0.

09
0.

14
0.

11
0.

11
0.

09
0.

11
0.

12
7

0.
12

6
0.

10
3

0.
11

2
0.

09
73

0.
13

13
0.

11
7

0.
10

56
0.

10
19

F
1

0.
59

0.
36

0.
38

0.
39

0.
55

0.
65

0.
41

0.
44

0.
45

0.
83

0.
60

53
0.

38
52

0.
41

33
0.

41
78

0.
68

72

BH
3

0.
5

0.
18

0.
19

0.
18

0.
22

0.
22

0.
17

0.
2

0.
19

0.
19

0.
16

0.
17

4
0.

19
55

0.
18

7
0.

20
5

0.
19

1

N
a

20
0

12
9.

4
12

2.
7

12
3.

3
12

3.
2

12
8.

2
11

3.
6

13
7

14
3.

8
14

3.
3

12
2.

8
12

4.
13

33
12

9.
85

13
3.

55
13

3.
25

12
5.

5



Also, some variables exhibit high variability, as 
indicated by their high standard deviations (S.D.), suggesting 
considerable differences between the samples. This 
variability can be attributed to various factors, including 
spatial and temporal variations, climatic conditions, and 
pollution sources. Additionally, skewness values provide 
insight into the distribution patterns. For instance, the 
BOD distribution is positively skewed toward higher 
concentrations at Gogeredoddi, followed by Koggedoddy. 
The dispersion results are very useful for understanding the 
factors contributing to variations in water composition.

These results suggest varying levels of contamination in 
the river water, making it unsuitable for drinking. However, 

In 2019, the WAWQI analysis reveals that Gogeredoddi, 
with a measurement of 90.66, is categorized as exhibiting 
“very poor” water quality, followed by Tavarekere Bekuppe 
(WAWQI = 85.25) and Thymasandra (WAWQI = 75.94), 
both of which fall within the suboptimal water quality 
range. The Doddamuduvadi station, with a WAWQI of 64.37, 
is classified as having “poor” water quality. In contrast, 
Koggedoddy, with a WAWQI of 48.46, maintains “good” 
water quality, suitable for human consumption.

The 2020 WAWQI analysis shows that Thymasandra, 
with a WAWQI of 86.51, continues to exhibit “very poor” 
water quality, followed by Doddamuduvadi (WQI = 83.02), 
Gogeredoddi (WAWQI = 82.48), and Tavarekere Bekuppe 
(WAWQI = 70.06), all of which remain in the “poor” water 
quality category. Koggedoddy, with a WAWQI of 45.86, again 
shows “good” water quality, indicating lower contamination 
and suitability for drinking.

For the combined period of 2019-2020, Gogeredoddi 
recorded the highest WAWQI value of 86.7795, denoting “very 
poor” water quality, followed by Thymasandra (WAWQI = 
81.06) and Tavarekere Bekuppe (WAWQI = 78.01), which 
also indicate “poor” water quality. Doddamuduvadi (WAWQI 

= 69.85) remains within the “poor” category. Conversely, 
Koggedoddy consistently demonstrated “good” water 
quality across both years, with a WQI of 47.32, signifying 
a consistently high standard of water purity and minimal 
contamination throughout the study period.

In all three analyses, all stations show that the river 
water is polluted and the water quality is generally very poor. 
Koggedoddy is a notable exception, with WAWQI values 
consistently below 50, indicating that the water quality there 
is good and suitable for drinking. The analysis focused on 
the results for 2020, as it offers accurate insights into water 
quality at various river stations. The findings reveal that the 
station Thymasandra has the poorest water quality, ranking 
highest in terms of contamination, followed by the stations 
Doddamuduvadi and Gogeredoddi, whereas Tavarekere 
Bekuppe station shows moderate contamination. In contrast, 
Koggedoddy Station’s water is free from pollutants, with the 
quality being good. This higher water quality at Koggedoddy 
may be due to its proximity to the Cauvery River confluence, 
which likely enhances water quality at this site. The clear 
water near the confluence is crucial for both local residents 
and domestic animals. 

The variability in water quality across stations highlights 
the fluctuating conditions in different parts of the river, with 
some stations showing a consistent decline while others 
maintain relatively better quality. Continuous monitoring 
and targeted interventions are essential to address these 
disparities and improve water safety. Despite the current 
challenges, there is potential for revitalizing the Arkavathi 
River. With focused efforts in water management and 
pollution control, the river’s water quality can be significantly 
improved, ensuring both environmental sustainability and 
public health.

In addition, correlation analysis helps determine how 
variations in water quality parameters affect overall water 

findings provide an initial indication of water contamination; 
further analysis is necessary for a comprehensive 
understanding of the issues. 

The mean concentration levels of physicochemical 
parameters of the Arkavathi River from five locations, along 
with the BIS standards for these parameters, are presented 
in Table 2 for WAWQI analysis. Based on these values, the 
data are categorized into three time scales (2019, 2020, and 
the combined period 2019–2020) to analyze the water quality 
status. The corresponding WAWQI values and water quality 
status are presented in Table 3, and their distribution across 
the study locations and time scales is shown in Figure 1.
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Station 2019 Status of water quality 2020 Status of water quality 201-2020 Status of water quality

Doddamuduvadi 64.37 Poor water quality 83.02 Very Poor water quality 69.85 Poor water quality

Gogeredoddi 90.66 Very Poor water quality 82.48 Very Poor water quality 86.78 Very Poor water quality

Thymasandra 75.94 Very Poor water quality 86.51 Very Poor water quality 81.06 Very Poor water quality

Tavarekere Bekuppe 85.25 Very Poor water quality 70.06 Poor water quality 78.01 Very Poor water quality

Koggedoddy 48.46 Good water quality 45.86 Good water quality 47.32 Good water quality

Table 3. Periodical assessment of water quality status in the Arkavathi River based on WAWQI

Figure 1. Comparison of WAWQI trends across stations and three-
time scales



quality across different sites. Here, average values from five 
sampling stations were used to analyze the relationships 

DO is strongly positively correlated with pH (r = 0.815, 
p < 0.05), weakly positively correlated with F (r = 0.321, p 
< 0.05), and moderately negatively correlated with BOD 
(r = -0.576, p < 0.05). NO3 and F exhibit a weak positive 
association (r = 0.251, p < 0.05). pH shows a weak positive 
correlation with F (r = 0.321, p = 0.05) and a moderate 
negative correlation with BOD (r = -0.651, p < 0.05).

EC is moderately positively correlated with several 
parameters: TDS (r = 0.711, p < 0.05), TH (r = 0.607, p < 0.05), 
Cl (r = 0.528, p < 0.05), SO4 (r = 0.422, p < 0.05), and BH3 
(r = 0.366, p < 0.05). EC shows a high positive correlation 
with Na (r = 0.745, p < 0.05) and a weak negative correlation 
with Fe (r = -0.37, p < 0.05). TDS exhibits weak associations 
with TH (r = 0.414, p < 0.05), Cl (r = 0.369, p < 0.05), SO4 
(r = 0.331, p < 0.05), and Na (r = 0.373, p < 0.05). TDS also 
has a weak negative association with Fe (r = -0.297, p < 0.05) 
and F (r = -0.279, p < 0.05). TH is weakly associated with Cl 
(r = 0.468, p < 0.05), Fe (r = -0.378, p < 0.05), and BH3 (r = 
0.232, p < 0.05).  

Additionally, there is a weak positive association 
between Cl and Na (r = 0.369, p < 0.05), SO4 and BH3 (r = 
0.251, p < 0.05), and Na (r = 0.363, p < 0.05). BH3 shows 
weak positive associations with Na (r = 0.342, p < 0.05) and 
negative associations with F (r = -0.211, p < 0.05) and BOD 
(r = -0.313, p < 0.05).

From the overall analysis, the notable observation is that 
most physicochemical parameters show weak associations at 
the 95% confidence level. Also, both positive and negative 
associations are detected between the different types of 
variables. The positive correlations suggest that reducing 
certain parameter levels could help maintain permissible 
limits as directed by BIS (2012). The significant correlation 
coefficients identified in this analysis will aid in selecting 
appropriate treatments to reduce pollution levels in the 
Arkavathi River. To further interpret these relationships 
environmentally, the correlation analysis highlights the key 
factors influencing water quality and aquatic ecosystem 

health. Strong associations (DO–pH, EC–TDS, and EC–
Na) indicate that oxygen availability and ionic content 
are primary drivers of water chemistry, directly affecting 
salinity and aquatic life.

Moderate correlations (DO–BOD, EC–TH, and 
EC–Cl) suggest secondary contributions from organic 
matter and mineral ions, reflecting combined natural and 
anthropogenic influences. Weak associations, such as those 
among fluoride, boron, and sulfate, indicate independent 
geochemical behavior, which has a limited impact on overall 
water quality. Collectively, these relationships emphasize 
that ionic strength, organic loading, and pH regulate the 
environmental quality of river water and its suitability for 
irrigation and other ecosystem services.

Moreover, One-way ANOVA with post-hoc (LSD) tests 
was used to compare physicochemical attributes among 
Arkavathi River stations, and the results are shown in Tables 
5 and 6.

between 13 physicochemical attributes, and the results are 
presented in Table 4.

Polisetty / JJEES (2026) 17 (3): 303-310308

Table 4. Correlation matrix of thirteen parameters of water quality 

Table 5. ANOVA results of physicochemical parameters

* Correlation is significant at 95% level (2-tailed).

DO NO3 pH EC TDS TH Cl SO4 Fe F BH3 Na BCOD

DO 1                        

NO3 0.160 1                      

pH 0.815* 0.153 1                    

EC -0.159 -0.099 -0.011 1                  

TDS 0.016 0.142 0.048 0.711* 1                

TH 0.048 0.035 0.114 0.607* 0.414* 1              

Cl 0.070 -0.100 0.072 0.528* 0.369* 0.468* 1            

SO4 0.001 -0.080 0.041 0.422* 0.331* 0.191 0.161 1          

Fe -0.012 0.198 -0.141 -0.370* -0.297* -0.378* -0.180 -0.009 1        

F 0.321* 0.251* 0.340* -0.180 -0.279* -0.040 0.025 -0.106 0.089 1      

BH3 -0.040 -0.170 0.047 0.366* 0.142 0.232* 0.192 0.251* -0.351* -0.211* 1    

Na -0.082 -0.146 0.087 0.745* 0.373* 0.058 0.369* 0.363* -0.330* -0.033 0.342* 1  

BOD -0.576* -0.180 -0.651* 0.181 0.058 -0.047 -0.097 0.163 -0.116 -0.313* 0.163 0.108 1

Parameters Sum of 
Squares df Mean 

Square F Sig.

DO 368.962 4 92.240 85.764 0.000

NO3 624.555 4 156.139 1.379 0.247

pH 9.909 4 2.477 73.154 0.000

EC 155929.782 4 38982.445 1.211 0.312

TDS 41859.376 4 10464.844 0.550 0.700

TH 15539.406 4 3884.852 1.293 0.279

Cl 31990.276 4 7997.569 4.870 0.001

SO4 787.532 4 196.883 1.017 0.403

Fe 0.014 4 0.003 0.244 0.913

F 1.416 4 0.354 5.818 0.000

BH3 0.009 4 0.002 0.379 0.823

Na 1363.701 4 340.925 0.384 0.820

BOD 1495.200 4 373.800 12.365 0.000



ANOVA revealed no significant average differences 
among the stations for NO3, EC, TDS, TH, SO4, Fe, BH3, and 
Na. However, the remaining physicochemical parameters—
BOD, DO, pH, Cl, and F—showed significant average 
differences (p < 0.05) among the five stations. The post hoc 
analysis was conducted to better understand the significant 
differences among sample stations for BOD, DO, pH, 
Cl, and F. This analysis identified which pairs of stations 
differed significantly. For instance, significant differences 
are observed between Koggedoddy and Doddamuduvadi, 
Thymasandra, Gogeredoddi, and Tavarekere Bekuppe for 
parameters such as BOD and pH. 

significant pollution from multiple sources. Based on the 
results, local authorities or policymakers need to focus on 
periodic monitoring, stricter enforcement, and treatment 
interventions (effluent control, sewage management, and 
awareness programs) for polluted stations or design targeted 
clean-up plans.  Despite these insights, the study is limited 
by a lack of microbiological and seasonal data, which could 
be added along with advanced pollution modeling to enhance 
understanding in future research.
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Table 6. Post-Hoc (LSD) analysis of parameters across sampling 
stations

Parameters Station Sig.

BOD Koggedoddy

Doddamuduvadi 0

Gogeredoddi 0

Thymasandra 0

Tavarekere Bekuppe 0

DO

Doddamuduvadi Gogeredoddi 0.004

Gogeredoddi Thymasandra 0.001

Koggedoddy

Gogeredoddi 0

Thymasandra 0

Tavarekere Bekuppe 0

pH Koggedoddy

Doddamuduvadi 0

Gogeredoddi 0

Thymasandra 0

Tavarekere Bekuppe 0

Cl Doddamuduvadi

Gogeredoddi 0.001

Thymasandra 0

Tavarekere Bekuppe 0

Koggedoddy 0.002

F

Doddamuduvadi

Gogeredoddi 0.010

Thymasandra 0.025

Tavarekere Bekuppe 0.028

Koggedoddy

Thymasandra 0.001

Gogeredoddi 0

Tavarekere Bekuppe 0.001

4. Conclusion:
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Abstract

1. Introduction

Evaporation is a crucial geophysical component of the 
energy and hydrological cycle over the Earth’s surface. 
Around 77% of net radiation is dissipated via evaporation 
on a global scale (Budyko, 1974; Vonder Haar, 1994). The 
transformation of water from the liquid to the gaseous phase 
requires a large input of energy, and 2.45 MJ is needed to 
evaporate 1 kg of water. Unlike many other atmospheric 
elements, such as wind speed, air temperature, and relative 
humidity, which can directly be measured, evaporation is 
a derived element, and its rate is an integrated function of 
numerous interrelated surface elements and atmospheric 
forcings (Brutsaert, 1982; Allen et al., 1998; Foken, 2008). 
Until recently, sea surface temperature and turbulent fluxes 
were measured using conventional methods such as offshore 
sites and floating buoys to evaluate the annual cycle of 
temperature and spatial distribution of heat and mass 
transport across the sea-atmosphere interface (Stammer 
et al., 2002; Reynolds and Chelton, 2010; Gristey et al., 
2021). These measurements provided valuable information 
of the spatial distribution of SST and vertical turbulent 
fluxes over the various parts of the world oceans (Vonder 
Haar, 1994; Kelkar, 2007). Although very informative and 
providing valuable background data, field campaigns are 

usually confined to point measurements, costly, and require 
large logistical investments. Furthermore, the spatial 
distribution of SST and turbulent fluxes obtained using 
field campaigns is deduced by interpolation rather than 
by direct measurements, entailing substantial smoothing 
and data approximation. The launch of satellites equipped 
with sensors having high spectral, radiometric, and spatial 
resolutions, along with their large synoptic scenes and 
relatively short time revisits, has revolutionized data 
gathering methods (Qin et al., 2001; Wang et al., 2015; 
Cristobal et al., 2018). Sensors onboard satellites can capture 
a large scene instantaneously, allowing for direct evaluation 
of processes in a static time domain (Sobrino et al., 2018; 
Diaz et al., 2021; Oroud, 2022; Oroud, 2025). Numerous 
investigators indicated that thermal satellite images yield 
high quality surface temperature with excellent spatial and 
temporal resolutions (Qin et al., 2001; Jimenez-Munoz and 
Sobrino, 2003; Jimenez-Munoz et al., 2014). The accuracy 
of atmospherically corrected surface temperature has been 
reported to be less than 1 K in relatively dry atmospheres 
with water vapor content below 2 g (Qin et al., 2003; 
Jiménez-Muñoz et al., 2009; Sobrino et al., 2018). 

The Gulf of Aqaba (hereafter GOA), which represents 
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Mutah University, Karak, Jordan

Monthly surface temperature (ST) and evaporation rates across the Gulf of Aqaba (GOA) were derived using thermal images 
from Landsat 8 and near-surface meteorological data. Retrieved ST were compared with surface temperature from MODIS 
data for the same period, and both sets yielded similar results. Surface temperature of the GOA showed little annual range, 
with a minimum of ⁓20 OC in March and a maximum of 27 OC in August and September. However, the annual temperature 
range across the GOA is not uniform, varying from ⁓5.6 OC in the southern parts to ⁓9 OC in the northern parts, reflecting the 
flow regime from the Red Sea and the climate conditions across the GOA.

Average annual evaporation rate across the GOA, as calculated with the Penman equation, is ⁓2860 mm, giving a net water 
balance deficit for the entire GOA of ⁓ 8.8 × 109 m3 annually. This deficit is compensated primarily via water flux from the 
Red Sea. Evaporation during April through September accounts for ⁓ one half of annual evaporation while the other half 
occurs during October through March. This evaporation characteristic is linked to the very large heat storage during the 
warming phase and its subsequent release in the cooling period of the annual cycle. A small evaporation gradient is noticed 
across the GOA, being more distinct in the cold season. The aerodynamic term represents a significant portion of evaporation 
during the low sun period, accounting for ⁓56% of total evaporation during December through February and ⁓28% from 
July through September. The annual trend of evaporation partitioning between energy and aerodynamic terms is attributed 
to the evaporation conversion efficiency of net radiation which increases as temperature increases. Thermal images have 
the potential to provide accurate measurements of surface temperature that can be used to understand climate dynamics and 
water balance across large spatial domains.
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the northern flank of the Red Sea, has received considerable 
attention due to its unique ecological habitats, the 
widespread tourist activity, the presence of numerous 
desalination projects and for understanding temperature 
structure, turbulent fluxes and water exchange with the Red 
Sea (Manasrah et al., 2006; 2019; Biton and Gildor, 2011; 
Ahmed et al., 2012; Faraj et al., 2022). Numerous studies 
were conducted in the GOA and the Red Sea to assess the 
energy budget, salinity, turbulent fluxes, and water exchange 
with the open seas (Assaf and Kessler, 1976; Paldor and 
Anati, 1979; Matsoukas et al., 2005; 2007). 

The earliest attempt to assess evaporation from the GOA 
and the Red Sea was carried out by Neumann (1952) who 
indicated that evaporation rates were in the range 2000 mm 
a-1 in the GOA at 29O N to 2350 mm a-1 in the southern parts 
of the Red Sea ⁓ 15O N. Assaf and Kessler (1976) evaluated 
the annual flux of evaporation from the GOA based on 
hourly data collected in two sites situated in the northern 
parts of the GOA and indicated that evaporation was close 
to 3600 mm a-1. Paldor and Anati (1979) investigated the 
monthly distribution of temperature and salinity across the 
GOA based on observations collected from 1974 through 
1977 at nine sites distributed along the GOA. They found 
that surface temperature and salinity were high in summer 
⁓26 OC, and 41 g kg-1 and low in winter ⁓21 OC and 40.5 g 
kg-1. 

Other relevant investigations were carried out in the Red 
Sea to assess turbulent fluxes across its surface; thus, the 
results obtained in this area are expected to be close to those 
encountered over the GOA because of the relative similarity 
in climate conditions. For instance, da Salva et al (1994) 
reported that the evaporation rate from the Red Sea is close 
to 1680 mm a-1. Using a coarse spatial resolution of 2.5 × 2.5 
degrees, Matsoukas et al (2007) indicated that evaporation 
over the Red Sea is ⁓2120 mm a-1 (see also Matsoukas et 
al., 2005). Based on the Penman equation, Dehwaha et al 
(2016) reported that evaporation from the Red Sea was close 
to 2600 mm a-1. Numerous assumptions were made by the 
various investigators to reach the estimates presented above, 
such as the homogeneity of surface temperature and uniform 
weather conditions across the study sites. Furthermore, 
the various investigators did not take into account the 
suppression of evaporation caused by the salinity of 
seawater (e.g., Calder and Neal, 1984; Oroud, 2019a; Oroud, 
2023). Thus, the objective of the present investigation is 
to examine the annual cycle of surface temperature and 
evaporation rates across the GOA using thermal images 
onboard Landsat 8 during the period February 2020 through 
January 2021. Surface temperatures retrieved from Landsat 
were compared with their corresponding values obtained 
from MODIS data. The present investigation is important 
for understanding the annual cycle of the sea surface thermal 
regime and the energy budget partitioning in a hyperarid 
marine environment, as well as for assessing water flux 
from the Red Sea.

the northern Red Sea (Biton and Gildor, 2011). The Gulf of 
Suez occupies the western flank, while the GOA occupies 
the eastern one (Figure 1). The study area is located between 
34.4 - 34.96 E and between 28 - 29.54 N. The north-south 
extension of the GOA is ⁓ 180 km, and its maximum width 
is ⁓ 28 km, with an area close to 3100 km2. The gulf is semi-
closed with an average depth of 800 m and a maximum 
depth reaching 1800 m (Biton and Gildor, 2011). This 
elongated, narrow gulf is an important marine site hosting 
unique assemblages of ecological habitats and supports a 
well-known coral reef ecosystem.

The GOA is situated in a hyperarid climate zone, and 
annual precipitation ranges from 20 to 30 mm a-1, with some 
years passing without a single rainy event. Being located 
in a permanent subtropical high- pressure zone, the GOA 
receives substantial amounts of solar radiation year-round. 
Air temperature closely tracks solar radiation receipt, with 
average monthly air temperature varying from 15°C in 
January to 33°C in July and August.  
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Figure 1. Location of the study area. The inset map is a pan-
sharpened image taken in April 2020, showing the Gulf of Aqaba 

and surrounding terrain in greater detail.

2. Study area

3. Data and methods

The GOA forms the southern end of the Dead Sea 
Transform, created by the Sinai Peninsula’s bifurcation of 

A flowchart of the data requirements and processes 
involved in obtaining surface temperatures and evaporation 
rates across the GOA is presented in Figure 2. The first step 
was to estimate the kinetic temperature of the study area. 
After that, a series of processes were carried out to generate 
raster layers- e.g., incoming longwave radiation, solar 
radiation, upwelling thermal radiation- needed to estimate 
evaporation across the study area. A detailed discussion of 
the generated elements is presented in the flowchart. 
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Figure 2. A flowchart showing data requirements and processes involved in obtaining surface temperature and evaporation across the 
GOA.

3.1 Meteorological data 3.2 Satellite data 
3.2.1 Landsat data

3.2.2 MODIS data

Monthly meteorological data are obtained from archived 
data collected by the Department of Meteorology, Jordan, 
and from open sources. Solar radiation reaching the surface is 
evaluated from the extraterrestrial radiation and cloud cover 
observed in the northern tip of the Gulf. It is assumed that 
relative humidity, wind speed, and cloud cover over the GOA 
are well represented by observations in the northern parts, 
given the similarity in climate conditions across the study 
area. Table 1 displays the average monthly meteorological 
variables observed at the northern tip of the GOA. 

8 OLI/TIRS has two thermal bands, 10 and 11, operating 
in the atmospheric window, 10-12.5 μm where atmospheric 
absorption and emission reach their minimum values. Band 
10 operates in the spectral range 10.60–11.19 μm, with an 
effective wavelength of 10.904 μm, while band 11 operates 
in the spectral range 11.5-12.51 μm (Cristobal et al., 2018; 
Oroud and Balling, 2021). Thermal bands onboard Landsat 
8 are captured at spatial and radiometric resolutions of 100 
m and 12-bit, but are delivered to users at 30 m and 16-bit. 
Twelve images of the thermal band 10 covering the period 
February 2020 through January 2021, one for each month, 
were downloaded from the USGS site (https://earthexplorer.
usgs.gov: path 174 Row 40). To ensure proper representation 
of surface temperature and to eliminate the influence 
of nearby terrain, the first 1 km along the shoreline was 
excluded.

Monthly SST from the Moderate Resolution Imaging 
Spectroradiometer (MODIS) onboard the Aqua satellite was 
downloaded for the study area from February 2020 through 
January 2021 to provide an independent check of the SST 
retrieved from band 10 onboard Landsat 8. MODIS sensors 
are sun-synchronous and flown on the NASA Terra and Aqua 
satellites, collecting imagery in 36 spectral bands for a wide 
range of applications in agriculture, forestry, meteorology, 
oceanography, and climate dynamics. This sensor is a key 
instrument designed as part of the Earth Observing System 
(EOS) to provide long-term global coverage of the Earth’s 
land, ocean, and atmospheric properties. The MODIS SST 

Table 1. Average monthly weather conditions in the northern tip of 
the Gulf of Aqaba.

Month So (MJ 
m2.day-1) Ta (OC) RH (%) U (m 

s-1)
C. cover 

(%)

J 14.88 15.0 53 6.0 23

F 18.96 16.7 45 6.0 22

M 23.45 20.0 37 6.7 20

A 27.00 24.4 30 6.7 23

M 29.15 28.9 29 6.9 19

J 29.95 31.7 31 7.5 3

J 29.61 33.3 33 7.1 2

A 28.11 33.3 38 7.1 1

S 25.32 31.1 44 6.8 2

O 21.43 27.2 47 5.9 13

N 17.43 21.7 48 5.9 24

D 14.65 16.7 53 5.8 27
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product has high accuracy, with uncertainties of ~0.45 K 
at nadir and 0.56 K at 45°, as described in the Algorithm 
Technical Background Document (Brown and Minnett, 
1999). This uncertainty range has been confirmed by other 
investigators (Qin et al., 2014; Ghanea et al., 2016; Cao et 
al., 2021). Thus, MODIS SST products can be used as a 
benchmark for SST validation. Retrieved SST was the 
average of daytime and nighttime readings, with a spatial 
resolution of 0.1 degree. All images were processed using 
ArcGIS Pro.

on the vertical structure of humidity and temperature within 
the lower troposphere (Parata, 1994; Qin et al., 2001; Wang et 
al., 2015; Cristobal et al., 2018; Diaz et al., 2021). Numerous 
techniques have been used to correct for the atmospheric 
effect such as the radiative transfer equation like MOTRAN, 
in situ measurements or empirical equations. The algorithm 
presented by Barsi et al (2005) to correct for the atmospheric 
effect is implemented in the present investigation (http://
atmcorr.gsfc.nasa.gov.)

3.3 The brightness temperature
3.4 Evaporation calculation

The spectral radiance emitted by a blackbody can 
be formulated using the Planck function (Menzel, 2006; 
Cristobal et al., 2018),

                                               (1)

where Bλ(T) is the spectral radiance (W m−2 sr−1 μm−1), 
λ is wavelength (μm), h is the Planck’s constant (6.626076 
× 10−34 J s), k is the Boltzmann’s constant (1.380658× 10−23 
J K−1), T is the blackbody temperature, and c is the speed 
of light. Radiance impinging on a satellite sensor (LTOA) is 
expressed as (Menzel, 2006),

                                       (2)

where τ is atmospheric transmission (-), LS is radiation 
emitted by the surface, ε is surface emissivity in the 
specified band (-), LD and LU are downwelling and upwelling 
atmospheric radiation, respectively; all terms are expressed 
in (Wm-2 sr-1 μm-1). Thermal radiance at a satellite sensor is 
converted to a brightness temperature using the following 
form,

                                               (3)

where TB is the at sensor or brightness temperature, K1 
and K2 are constants obtained from the Landsat 8 manual. 

The actual surface temperature is different from the 
brightness temperature due to atmospheric and emissivity 
effects (Menzel, 2006; Cristobal et al., 2018). The 
temperature difference between the kinetic temperature 
and the brightness temperature could reach several degrees 
depending on atmospheric conditions and the actual 
emissivity across a scene (Qin et al., 2003; Menzel, 2006; 
Cristobal et al., 2018). Emissivity effect could be large for 
bare sandy dry surfaces, but it is relatively small for water 
surfaces because the spectral emissivity of water within the 
band used to retrieve surface radiance is close to unity (e.g., 
Menzel, 2006). 

Due to absorption and remission of longwave radiation, 
the atmosphere influences the radiance received by a satellite 
sensor (e.g., Salisbury and D’Aria, 1992; Faysash and Smith, 
1999). The temperature of the intervening atmosphere is 
usually lower than that of the surface, leading to a reduction 
in the recorded radiance at the sensor level (Barsi et al., 2005; 
Menzel, 2006; Rosas et al., 2017; Oroud, 2020). The kinetic 
temperature of the sea surface or that of a ground surface 
is higher than the brightness temperature. The effect of the 
atmosphere on the retrieved temperature depends primarily 

Evaporation from a water surface can be estimated 
using a variety of methods, such as the pan ratio method, 
the bulk transfer method, the Penman- Priestly method, the 
combination equation, and the eddy covariance (Allen et 
al., 1998; Bouwer et al., 2007; Metzger et al., 2018; Oroud, 
2019a). The bulk transfer method, which is widely used, is 
quite sensitive to the transfer coefficient and vapor pressure 
deficit across the surface- atmosphere boundary, and thus 
this method will give an evaporation that synchronizes 
closely with water temperature. The combination equation 
accounts for radiative, convective, and storage terms and is 
therefore expected to provide a better representation of the 
annual course of evaporation from a deep-water body like 
the GOA. The Penman equation is written (Mundo and 
Gomez, 2017; Oroud, 2019a), 

                                               (4)

where E is evaporation (Wm-2), β is the activity coefficient 
of the water surface (-), Δ is the slope of saturation vapor 
pressure with respect to temperature (hPa K-1), RN is net 
radiation (W m-2), QS is the change in heat storage (Wm-2), 
ѱ is the psychrometric constant (hPa K-1), f(u) is the wind 
function (Wm-2 hPa-1), ew and ea are vapor pressure at the 
water surface and in the contiguous air (hPa). All parameters 
comprising the Penman equation are presented below. 

The energy balance at the surface- atmosphere boundary 
may be expressed as (Foken, 2008; Oroud, 2023),

                                              (5)

where Rn is net radiation (W m-2), α is surface albedo 
(-),   are incoming and outgoing longwave radiation. Monthly 
solar radiation is estimated from extraterrestrial radiation 
and cloud cover (Iqbal, 1982)

                                                   (6)

where SG is solar radiation reaching the surface, a 
and b are empirical constants, n and N are actual sunshine 
hours and the theoretical daylight length, SEXT is the daily 
extraterrestrial solar radiation (MJ m-2 day-1), computed 
using the following form (Iqbal, 1983),

        (7)

where SC is the solar constant, D is the inverse earth-sun 
distance, Ф is latitude, δ is solar declination, and ω is the 
sunset angle. 

Down-coming longwave radiation is estimated using an 
expression presented by Brutsaert (1982),
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4.1 Retrieved temperature

                                             (8)

where εa is atmospheric emissivity (-), σ is the Stefan- 
Boltzmann constant (5.667 × 10-8 Wm-2K-4), Ta is near surface 

The upwelling surface radiation from the sea surface is 
calculated using the following equation,

                                                                (9)

where εs is surface emissivity, 0.97 for seawater, and TS 
is surface temperature (K). Surface albedo over the GOA is 
assumed to be 0.05. All calculations of the various energy 
balance terms were performed on the raster layers using 
ArcGIS Pro. 

The subsurface storage term is calculated assuming an 
effective mixed layer depth of 45 m (Oroud, 1997; Biton and 
Gildor, 2011),

                                                                (10)

where QS is subsurface storage (Wm-2), ρw is water 
density (kg m-3), CW is the specific heat of water (J kg-1 

K-1), h is the effective mixed layer depth (m), TS
n and TS

n-1 
are the surface temperature at the current and previous 
month, respectively, and δt is the time increment. The exact 
specification of the effective mixing depth does not influence 
the total annual evaporation as QS approaches zero for the 
annual cycle.

The wind function, which accounts for the aerodynamic 
term is expressed using the following form (Oroud, 2023),

                                                            (11)

where U is wind speed (m s-1). 

The activity coefficient in Eqn. 4 accounts for the 
suppression of the saturation vapor pressure caused by 
dissolved salts. The activity of a saline solution may be 
expressed using the following form (Oroud, 2019a), 

                                                                   (12)

where ew is the saturation vapor pressure of the saline 
solution and ef is the saturation vapor pressure for freshwater 
at the same temperature. The average activity for the open 
seas and oceans is ⁓ 0.974, while it is for the GOA is ⁓ 
.97 because of its higher salinity. Water vapor pressure at 
the surface is calculated using the following expression 
(Brutsaert, 1982),

                             (13)

where Tw is surface water temperature in Celsius. The 
near-surface vapor pressure is calculated by (ea* RH), where 
the first term is the saturation vapor pressure at Ta and RH is 
the relative humidity.

air temperature (K), cc is cloud fraction, and  is a correction 
term for cloud cover contribution (Oroud and Nasrallah, 
1998). Figure 3 shows the spatial distribution of the average 
air temperature in January and July across the GOA.

Figure 3. The spatial distribution of the average air temperature across the GOA in January and July.

4. Results

An important point for further analysis is the accuracy of 
the retrieved surface temperature. Figure 4 displays a scatter 
diagram of satellite-retrieved skin temperature compared to 
corresponding values retrieved from the MODIS sensor. 
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Figure 4. A scatter diagram of satellite-retrieved skin temperature 
versus that obtained from MODIS data.

There is close agreement between the satellite-retrieved 
temperatures and MODIS data, with a correlation coefficient 
of 0.94. Landsat 8 tends to slightly underestimate the surface 
temperature compared to MODIS as observed from Figure 
4. This underestimation is likely linked to two main factors: 
1- Landsat 8 observes the skin temperature around 10 AM 
when the temperature of the top water layer reaches its 
minimum values due to nocturnal cooling experienced the 
night before and the high thermal inertia of water, while the 
readings of MODIS are the average of observations taken at 

1.00 PM and 1.00 AM. 2- MODIS data are slightly higher 
because of the slow heating of the upper water layer at 1.00 
PM caused by the continuous flux of solar radiation and also 
due to the rise of the near-surface air temperature during the 
daytime hours. The temperature of the top layer at 1.00 AM 
is still warm due to the very slow cooling of water at night 
because the heat supplied to compensate for the net radiation 
deficit at night is drawn from a deep-water layer with very 
high heat capacity (heat capacity = ρW CW.h: see Eqn. 11). In 
fact, cooling at the surface layer triggers strong instability 
as cooled water sinks downward and gets readily replaced 
by warmer water from beneath. Thus, the different timing 
of images taken for the two satellite platforms may explain 
the slightly cooler temperatures of Landsat 8 compared to 
those obtained by MODIS. The overall accuracy, however, 
is quite high, and surface temperature retrieved from the 
high-resolution thermal images onboard Landsat 8 can be 
used for operational purposes in lieu of observed values to 
investigate surface fluxes, thereby avoiding the restrictions 
imposed by measurement locality and the footprints of 
nearby terrain.  

4.2 Surface temperature across the GOA
The spatial distribution of monthly surface temperature 

across the GOA in six selected months, three in winter and 
three in summer, is presented in Figure 5. The annual surface 
temperature varies from an average of 20 OC in March to 27 
OC in August and September. A few distinct thermal features 
can be identified from the figures: 

Figure 5. The spatial distribution of monthly surface temperature across the GOA in six selected months, three in winter and three in 
summer.



Figure 6. The annual cycle of extraterrestrial radiation over the northern and southern parts of the GOA.

Figure 7. The annual surface temperature range across the GOA. 
The ST annual range is obtained by subtracting the temperature of 

March from that in August.
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1- There is a clear north-south temperature gradient 
across the GOA. The temperature difference between the 
northern and southern parts is about 1.0-1.5 °C in winter 
and about 0.5 °C in summer. These seasonal differences are 
linked to hydrographic and meteorological forcings. Warm 
surface waters from the Red Sea feeding the GOA contribute 
to the observed warmer surface temperatures in winter in 
the southern parts. Furthermore, the southern parts have 

higher temperatures and receive more solar radiation during 
winter than the northern parts, as presented. Extraterrestrial 
radiation over the northern and southern parts of the GOA 
varies from about 20 MJ m-2 day-1 at the northern tip to 21.6 
MJ m-2 day-1 in the southern portions in December, whereas 
this flux is relatively uniform across the GOA in summer 
(about 41 MJ m-2 day-1 in June).

2- The range of the annual SST in the GOA varies from 
⁓5.6 OC in the southern parts to > 8 OC in the northern tip 
(see figure 7). This spatial temperature pattern is linked to 
hydrographic and atmospheric forcings. The southern parts 
receive a continuous flux of warm surface waters from the 
Red Sea, and thus the temperature there is expected to be close 
to that encountered over the northern Red Sea. Furthermore, 
solar radiation receipt over the southern portions and near-
surface air temperature have less distinct annual cycles than 
the northern parts. The annual surface temperature range 
as demonstrated in Figure 7 is much smaller than those 
reported, for instance, in the Eastern Mediterranean- ⁓12 OC, 
the Dead Sea ⁓ 16 OC or the Gulf of Suez, ⁓ 11 OC (Berman 
et al., 2003; Manasrah et al. 2004; Biton and Gllord, 2011; 
Nykjaer, 2009; Oroud, 2019b; Oroud, 2023). 

The above findings are substantiated by surface 
temperature retrieved from MODIS data. Figure 8 shows 
that the southern parts of the GOA as warmer than the 
northern part particularly at the end of year due to the influx 
of warm waters from the Red Sea, warmer air temperatures 
and higher solar radiation receipt as indicated in Figure 6. 
Landsat data provide finer details compared to the MODIS 
data, and thus thermal images onboard Landsat 8 are more 
suitable for detailed investigation of the energy balance 
components for small size areas like the GOA compared to 
coarse spatial resolution satellite platforms. 
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Figure 8. The spatial distribution of monthly surface temperature across the GOA as retrieved from the Moderate Resolution Imaging 
Spectroradiometer (MODIS) onboard the Aqua satellite during the study period.
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5. Evaporation across the GOA

Evaporation across the GOA is quite high throughout 
the annual cycle. Figure 9 shows the spatial distribution of 
average daily evaporation for four selected months: two in 
summer and two in winter. Evaporation reaches its peak in 
late summer and early fall with average rates of 9.25, 10.24, 
and 9.57 mm day-1 in August, September, and October, 
respectively. During this period, the change in heat storage 
tends to be either close to zero, as in the case of August, 

or negative, as in the other months, and thus the available 
energy for evaporation is large. Despite the significant 
drop in air temperature and solar radiation during the low 
sun period, evaporation during the cold period of the year 
is relatively high. This pattern is due to the substantial 
subsurface heat release during the cooling stage of the GOA, 
which significantly increases available energy and thus 
evaporation.

Figure 9. The spatial distribution of daily evaporation during four selected months, two in winter and two in summer.



The spatial distribution of evaporation rates from the 
GOA during April through September and October through 
March are presented in Figure 10. Average evaporation 
during the warm season, April through September, is 1465 

Although solar radiation and air temperature are relatively 
small in the low sun period, evaporation values across the 
GOA during this period are comparable to those in the warm 
period. This is linked to the very large subsurface heat 
storage during the warm period and its subsequent release 
in the cool period. Furthermore, the water temperature 
in the GOA does not vary much during the annual cycle, 
leading to high saturation vapor pressure deficit year-round. 
Evaporation across the GOA increases southward in both 
seasons, with the increase more pronounced from October 
through March. 

Total evaporation across the GOA as calculated in this 
investigation is ⁓2860 mm a-1. This figure is larger than 
those presented by da Salva (1994) and Matsoukas et al 
(2005; 2007), who indicated that evaporation from the Red 
Sea is ⁓1680 mm a-1 and ⁓2100-2200 mm a-1, respectively. 
The estimates given by Matsoukas et al (2005; 2007) were 
based on coarse spatial resolution pixels- 2.5× 2.5 degrees. 
On the other hand, the calculated annual evaporation in this 
investigation is ⁓21 % lower than that reported by Assaf and 
Kessler (1976). Estimates presented by Assaf and Kessler 
were based on the bulk transfer coefficient, which is sensitive 
to the wind function and saturation vapor pressure deficit. 
Furthermore, Assaf and Kessler assumed uniform surface 
temperature and weather conditions throughout the GOA 
and neglected the effect of salinity on evaporation. 

An important observation is the large contribution 
of the aerodynamic term in winter. The contribution of 
the aerodynamic term to total evaporation during the 
months December through March- is ⁓52%. On the other 
hand, the corresponding contribution for the period April 
through November is only ⁓ 32%, despite the larger 
saturation vapor pressure deficit during the warm period. 
Evaporation contributed by the energy term is relatively 
small in the cold months compared to the warm period. 
The physical explanation for this annual trend of energy 
and aerodynamic contributions is linked to the annual 
cycle of the energy conversion factor (Δ/(Δ + ѱ). The 
efficiency of the energy conversion factor increases 
appreciably as the temperature rises. Figure 11 shows 
the efficiency of the net energy conversion factor as a 
function of temperature. A temperature rise enhances the 
conversion of the available energy into evaporation but 
tends to suppress the aerodynamic term in the Penman 
equation due to the increased numerator in Eqn. 4. This 
tendency explains the large contribution of the energy 
term in the warm season and the enhanced contribution 
of the aerodynamic term in winter when temperature is 
relatively low. This tendency is expected to be larger for 
other locations like the Mediterranean, the Gulf of Suez or 
the Dead Sea due to the larger annual temperature range 
compared to the GOA.

mm -ranging from 1460 mm in the northern parts to 1550 
mm in the southern parts-, while its counterpart in the low 
sun period, October through march is 1395 mm, varying 
from 1340 to 1450 mm across the GOA.

Figure 10. Total evaporation during the low sun period and the high sun period. Average evaporation for October through March is 1395 
mm and the corresponding value for April through September is 1466 mm.
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Figure 11. The efficiency of the net energy conversion factor as a 
function of temperature.

Figure 12. The sensitivity of evaporation as influenced by 
temperature departure at the environmental conditions encountered 

across the Gulf of Aqaba.

6. Sensitivity of evaporation to uncertainty in surface 
temperature

Surface temperature retrieved from Landsat 8 is 
consistent with field observations and those obtained from 
MODIS images, but uncertainty is expected to occur in 
SST which in turn influences evaporation estimates. The 
total effect of a temperature departure on evaporation as 
formulated by the Penman equation may be expressed using 
the following expression, 

                                              (14)

where all terms as indicated previously. A change in 
temperature has positive and negative feedback effects 
on evaporation (Oroud, 2019a). For instance, a departure 
in T reduces net radiation because of the enhanced 
upwelling radiation, while a temperature increase elevates 
the saturation vapor pressure and its slope at the surface- 
atmosphere boundary. The effects of these mechanisms on 
evaporation are nonlinear.

Figure 12 shows the response of evaporation as 
influenced by a one Celsius temperature departure as 
presented in Eqn. 14 for typical meteorological conditions 
encountered over the GOA. Assuming that the ambient 
conditions are unchanged, a temperature increase has 
mixed effects on evaporation. For instance, a temperature 
increase by one Celsius at 25 OC reduces net radiation by ⁓6 
W m-2 (-4εσT3δT) but increases the saturation water vapor 
pressure deficit which in turn enhances evaporation flux 
across the surface- atmosphere boundary. Figure 12 shows 
that the total evaporation response caused by one Celsius 
departure at the environmental conditions encountered at 
the GOA is close to 90-100 mm/year. It is clear that a small 
uncertainty in SST estimates is not expected to have a large 
impact on the calculated annual evaporation, as presented 
in this investigation. Evaporation departure is indeed very 
small and represents only ⁓3% of annual evaporation. 
The calculated evaporation uncertainty resulting from 
uncertainty in SST is smaller than uncertainties caused by 
other terms influencing evaporation estimates, like solar 
radiation receipt, the wind function or incoming longwave 
radiation.

7. Discussion and conclusion

Accurate estimates of surface temperature are essential 
for numerous geophysical investigations, such as mass and 
heat exchange across the surface atmosphere boundary. 
Results show that the surface temperature of the GOA varies 
from a minimum of ⁓20 OC during the low sun period to 
about 27 OC in August and September. The southern parts 
of the GOA are warmer than the northern parts year-round. 
The influx of warm water from the Red Sea is likely the main 
mechanism influencing this spatial pattern. The warmer 
climate and higher solar radiation, particularly in winter, in 
the southern areas, also contribute to this spatial temperature 
gradient. 

Thermal images reveal that the average annual 
temperature range over the GOA varies from ⁓5.6 °C near 
the Red Sea to >8 °C in the northern parts of the gulf. This 
spatial pattern demonstrates that the GOA does not have a 
uniform annual temperature range. The annual temperature 
range in the GOA is relatively smaller than that encountered 
in nearby lakes and open seas. For instance, the southeastern 
Mediterranean has an annual range of 12 OC while the Suez 
Canal, which forms the western extension of the Red Sea, 
was reported to have an annual temperature range close to 
11 OC, and the Dead Sea has an annual temperature range in 
excess of 16 OC. 

The annual evaporation from the GOA is quite large, 
reaching ⁓ 2860±100 mm a-1. Being hyperarid and receiving 
no flow from nearby terrains, the large water deficit of the 
Gulf of Aqaba is compensated by the continuous flow of 
water from the Red Sea. Based on the evaporation results 
presented in this investigation and the area of the Gulf of 
Aqaba, total annual flow from the Red Sea to the Gulf of 
Aqaba is close to 8.86 billion cubic meters. This massive 
flux keeps the salinity and water temperature of the Gulf 
of Aqaba very close to those encountered over the northern 
parts of the Red Sea. This investigation provides insight into 
the energy, water, and salt balances across the Gulf of Aqaba, 
and also offers a better understanding of processes shaping 
the marine environment of the Gulf of Aqaba.

An important relevant point regarding the difference 
between Landsat and MODIS in calculating temperature and 
evaporation rates is illustrated. The Landsat program and the 
Moderate Resolution Imaging Spectroradiometer (MODIS) 
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are widely used to estimate evaporation from both land and 
water surfaces, although they differ in their overpass times. 
Landsat is commonly applied to derive surface temperature 
and evaporation rates for terrestrial areas, lakes, and 
reservoirs, whereas MODIS sensors aboard Terra and Aqua 
are designed to monitor temperature and evaporation over 
broad regions due to their wide swath coverage. Landsat 
typically passes at about 10:15 a.m., while Terra and Aqua 
(MODIS) overpass at approximately 1:30 p.m.

Surface temperatures over land are highly sensitive to 
the timing of satellite overpasses because of pronounced 
diurnal heating cycles. In contrast, sea surface temperature 
shows minimal diurnal variation. This stability is primarily 
due to water’s high thermal capacity and the involvement of a 
relatively deep, well-mixed surface layer generated by wave 
action. The large heat capacity of seawater (density × specific 
heat × depth) means that substantial energy is required to 
raise its temperature even slightly. Consequently, the precise 
timing of a satellite pass over has little effect on measured 
sea surface temperature and associated evaporation rates.
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Abstract

1. Introduction

Global desertification is one of the world’s dilemmas, 
exacerbated by water shortage as well as climate change. 
The United Nations Convention to Combat Desertification 
(UNCCD, 2024), indicated that globally over one-third of 
our planet’s land is affected (Awadh S.M. 2024).

Desertification is closely associated with rainfall 
variability and climate change in arid and semi-arid regions, 
leading to a redistribution of potential for land productivity 
and the development of soil erosion (Salahat & Al-Qinna, 
2015).

Wind erosion is one of the notable processes 
in the desertification phenomenon that occurs in arid 
environments, resulting in the removal of fine particles 
and organic matter from soil structure which deteriorates 
fertility and water retention capacity of soil (Abdelwahab ve 
Mustafa, 2021, Ide vd., 2025). As a result, desertification is 
not just an environmental issue; it represents a development 
concern that impacts upon food security and the sustainable 
utilization of natural resources.

Destruction of the vegetation cover by drought and over-
grazing results in an increase in the susceptibility of the 
soil to wind erosion and water. It is conducive to the loss of 
fertile topsoil and threatens the long-term sustainability of 
ecosystems (Al-Sababhah & Al-Maqablah 2023)

The crisis in Iraq is even more severe. The Iraqi Ministry 
of Planning (2024) indicated that 55.5% of Iraq is desertified 

or under threat of desertification, as well as 23.2% already 
totally deserted in iraq shafaq. com). This indicates a marked 
increase from the previous year, 2021, in which the total 
desertified area was found to be 27,200 km² (Alkhateeb 
et al., 2019; Al-Shamary et al., 2021). The spread of the 
desertified areas is associated with decreasing water levels 
in Tigris and Euphrates rivers, increasing temperatures, and 
soil salinization resulting from inefficient use of irrigation 
waters (Lateef et al., 2024).

Quantitative analyses indicate that vegetation 
degradation has rapidly intensified in, for instance, the 
provinces of Babil and Al-Qadisiyah in the period between 
2000 and 2023 under land-use change impact and climate 
stress (Alsultan et al., 2023; Alobaidy et al., 2024).

In this context, a detailed framework in the form of an 
integrated scientific investigation is direly needed in Iraq. 
The purpose of this review is to offer a synthesis up-to-date 
on the topic of desertification, including its causes, impacts 
and potential countermeasures, with an emphasis on sand 
dunes as a crucial defacing aspect in Iraq.

Keywords: desertification, drought, sand dunes, Geographic Information Systems  (GIS), Remote sensing, Iraq.

1 The Upper Euphrates Centre for Sustainable Development Research, University of Anbar, 31001, Iraq.
2 The College of Agriculture, University of Kirkuk, 36001, Kirkuk, Iraq.

3 Higher Institute of Desert Sciences, University of Anbar, Ramadi, 31001, Iraq.
4 Department of Soil Science and Water Resources, College of Agriculture, University of Anbar, Ramadi 31001, Anbar, Iraq.

Desertification is an environmental process in the world which leads to degradation of land, decrease in agricultural productivity 
and biodiversity. In Iraq, 55.5% of the territory (≈96,500 km²) would be desertified or undergoing such process/state, while 
23.2% would be classified as experiencing full desertification (≈40,400 km²). This growth has been fostered by climate 
change, mismanagement of water, and unsustainable land use. Effects include decreased food security, rural to urban 
migration, and increased frequency of sandstorms damaging both public health and economic activities. Efforts to halt 
desertification, including afforestation, better irrigation and sustainable farming, have made a difference but are not enough 
in the absence of more robust policy measures and international co-operation. This review compiles recent (2023–2024) 
developments and the growing significance of the desertification situation in Iraq, as well as its requirement for sustainable 
connected action that not only slows down/combats desertification but also ensures a stable socio-ecosystem.
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2. Methodology

As a review paper, this study performs systematic 
literature research and analysis to synthesize the recent 
research on desertification in Iraq. The approach is based on 
three main parts:

2.1 Databases and Sources
Relevant literature was searched from international 
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3. Desertification concept

Desertification is when an area that was fertile is eroded 
into a desert because of human actions (Becerril-Pio and 
Mastachi-Loza, 2021). Sivakumar (2007) and Reynolds 
(2013) claim this is an ongoing global concern and severely 
affects nature and productivity in the contemporary world, 
which seems to have become a reason for concern for many 
people. Other countries, including Iraq, are also facing 
this environmental challenge (Al-Obaidi et al., 2022). In a 
statement by the UNCCD (United Nations Convention to 
Combat Desertification) on desertification, they estimate 
that it surpasses 1/3 the total surface area of land, which 
is the reason behind land degradation, which in itself is an 
astonishing loss or reduction in biologically productive land 
or economically useful land. This phenomenon usually leads 
to the degradation of biodiversity and plant and animal life, 
in addition to the depletion of social value, poverty, and 
unrest (Eltaif et al., 2024).

This takes place in arid and semiarid regions which 
is caused by climate changes along with overgrazing and 
inappropriate land utilization (Sombroek & Sene, 1993). 

A section is also described as becoming increasingly 
more arid, which makes the area susceptible to maximum 

2.2 Search Strategy

2.3 Inclusion and Exclusion Criteria
3.1 Factors of Desertification

2.4 Analytical Framework

Search keywords were “desertification Iraq”, “sand 
dunes Iraq”, “climate change Iraq”, and “soil degradation 
Iraq”, and the OR Boolean operators were used to focus 
the search results. Publications from 2000 to 2024 were 
considered, with an emphasis on studies from recent years 
(2023–2024) to ensure contemporariness (Alkhateeb et al., 
2019; Al-Shamary et al., 2021).

•	 Inclusion: Peer-reviewed articles, government 
reports, and conference papers addressing 
desertification drivers, impacts, or mitigation 
strategies in Iraq.

•	 Exclusion: Non-English publications without 
translation, non-peer-reviewed sources, and articles 
lacking methodological transparency.

The causes of desertification are multifaceted and include 
climate change, overgrazing, deforestation, and irrigation 
practices that deplete water resources (Darkoh, 2018). These 
factors often act in combination, and it may be impossible to 
determine a single cause.

The loss of arable land is one of the major effects of 
desertification. This can be disastrous for agriculture, as it 
limits the quantity of space available for crops and increases 
the risk of crop failure. This can also cause food insecurity to 
become more intensified and problematic in this area, with 
growing difficulties to produce enough food required by the 
local population (Тokbergenova et al., 2018).

Besides the influence on agriculture, desertification can 
bring severe consequences for the environment. Reduction 
in plant cover can result in erosion and soil degradation, 
subsequently encouraging the expansion of desertification. It 
may also cause loss of biodiversity as most plant and animal 
species cannot survive the harsh environment resulting from 
desertification (Kassas, 1995).

There is a number of initiatives to tackle desertification. 
The UNCCD has initiated a variety of programmes and 
projects to address desertification and encourage sustainable 
land use. These include the Great Green Wall Initiative to 
plant a barrier of trees across Africa as part of an effort to 
reverse desertification, and enhance food security, and the 
Land Degradation Neutrality Fund that financially supports 
projects for land restoration initiatives (Reynolds et al., 
2007).

Sustainable management of water resources is crucial in 
arid countries, and the importance of flood hazard mapping 
using dam break scenarios is highlighted for reducing risks 
(Al-Weshah, Al-Salahat, & Al-Omari, 2024).

Even then, desertification is still widespread across 
the globe. In order to effectively deal with desertification, 
holistic solutions will be required that can address the 
multiple factors contributing to desertification and the 
particular circumstances of communities experiencing this 
phenomenon (Safriel, 2009).

In Iraq, desertification is a major issue as it has an arid 
and semi-arid climate that suffers from drought and soil 
degradation. The issue is compounded by factors such 
as population explosion, urbanization and environmental 
deterioration. These have resulted in the depletion of flora, 
disturbance of soil, and lower productivity of soil that has 
eventually affected local people’s lives negatively as well as 

The selected studies were categorized into thematic 
clusters:

•	 Drivers of desertification (climatic, anthropogenic, 
geological).

•	 Impacts (agricultural, ecological, socio-economic).

•	 Mitigation strategies (afforestation, water 
management, sustainable agriculture).

•	 Comparative synthesis was conducted to highlight 
regional variations within Iraq and to evaluate the 
effectiveness of current policies (Safriel, 2009; 
Rasul, 2016).

databases (Scopus, Web of Science, Google Scholar), as 
well as local journals and reports issued by Iraqi entities 
(UNCCD, 2024; Iraqi Ministry of Planning, 2024).

land degradation, termed desertification.

Desertification is defined by (Vogt et al 2011) “as a process 
of land degradation in which a region becomes increasingly 
arid, resulting in loss of biological productivity and economic 
value”- it’s a biological problem which has complex causes 
linked to human and natural factors. Climate change, 
overgrazing, and poor land management also contribute to 
emerging deserts (Wairiu, 2017). Desertification has become 
a serious environmental problem worldwide due to its havoc 
caused environmentally and humanly (Thomas, 1997).



Abdel Ghani et al. / JJEES (2026) 17 (3): 324-337326

decreasing environmental health (Al-Kasoob et al., 2024).

Other significant reasons for the desertification of 
the land in Iraq include overgrazing. This is a widespread 
phenomenon in many areas of the nation, especially northern 
and central regions, where there are limited water points 
and pasture. Overgrazing results in soil and vegetation 
degradation, can contribute to soil erosion, and decrease 
biodiversity (Al-Turaihi et al.,  2023).

Another significant reason for desertification in Iraq is 
bad land use management. Improper land use is forced on 
many parts of the country - for example, crops that are planted 
in areas that cannot or should not bear agriculture. This can 
contribute to soil degradation and erosion, as well as loss of 
vegetation and habitats for wildlife (Maitima et al., 2009).

Several measures have been tried to solve the problem 
of desertification in Iraq, such as land management and 
conservation practices, sustainable agriculture, and irrigation 
projects. Nonetheless, a lot more must be done to reduce the 
fundamental reasons for the issue and make sure that its 
natural resources are not only protected but also compatible 
with long-term management and use (Rasul, 2016).

Evidence from Jordan on urbanization and its 
sustainability implications reveals that the changes in land 
use/land cover have significant relevance for environmental 
change (Abusmier & Al-Kofahi, 2024).

to further degradation.

•	 Biological desertification: This form of 
desertification is characterized by the loss of 
biodiversity, which can have negative impacts on 
the ecosystem and the communities that rely on it. It 
can be caused by the loss of vegetation, soil erosion, 
and the introduction of invasive species.

•	 Chemical desertification: This form of 
desertification is characterized by the accumulation 
of pollutants and other harmful substances in 
the soil, which can make the land less productive 
and more vulnerable to further degradation. It is 
associated with human activities such as the use 
of insecticides and fertilizers, and industrial and 
agricultural pollution.

•	 All things considered, desertification is 
multidimensional problem and can cause many 
adverse effects to the natural environment and local 
communities. Policy makers and communities alike 
should therefore seek a solution to the cause, while 
employing effective solutions to mitigate against it 
(Pal et al., 2023).

3.2 Types and forms of desertification:

3.3 Desertification’s landforms:

3.3.1 Sand dunes: 

There are several types of desertification, including:

•	 Climatic desertification: This type of desertification 
is caused by changes in the climate, such as 
prolonged drought or extreme temperatures. These 
changes can lead to the loss of vegetation and soil 
erosion, making the land less productive and more 
vulnerable to further degradation.

•	 Anthropogenic desertification: This type of 
desertification is caused by human activities, 
such as overgrazing, deforestation, and poor 
land management practices. These activities can 
lead to the loss of vegetation, soil erosion, and 
salt accumulation in the soil, making the land 
less productive and more vulnerable to further 
degradation.

•	 Geological desertification: This type of 
desertification is caused by geological factors, such 
as tectonic activity or the erosion of mountains. 
These factors can lead to the loss of vegetation and 
soil erosion, making the land less productive and 
more vulnerable to further degradation.

•	 There are also several forms of desertification, 
including:

•	 Physical desertification: This form of desertification 
is characterized by the loss of vegetation, soil 
erosion, and the accumulation of salt in the soil. It 
can lead to the formation of sand dunes, which can 
reduce land productivity and increase vulnerability 

There are some landforms related to desertification. 
Certainly the most prolific is the sand dune. Dunes A dune 
is a mound of sand that wind has blown into. They may be 
as small as several feet high or as tall as hundreds of feet 
in height and are typically located in dry or semi-dry areas. 

The most common problem in desertification areas is 
sand dunes, which obstruct roads and prevent people from 
reaching water resources and other resources (El Gamri, 
2020).

Salt pans are also a feature of desertification. Salt pans 
are flat lands with deposits of salt and other minerals, usually 
found in arid regions. They form when water from a salt 
lake or sea evaporates, leaving behind a crust of salt. Salt 
direns are a significant issue in the regions going through 
desertification as they may render the soil infertile and 
very challenging for any plant growth (Zade et al., 2021).

A related landform type is the playa, which is a wet basin 
that forms in arid environments, either through drying of an 
alkaline lake or accumulation and concentration of bleached 
silts. Playas are level, dry areas located in deserts. They 
tend to be salt- and mineral-coated, and are typically located 
at the bottom of valleys or in basins. Playas are a serious 
concern for the process of desertification because they 
cause land to be non-cultivable, and due to environmental 
contamination, plant and animal habitats become both 
ecologically harmful and hazardous (Abdelfattah et al., 
2009).

In conclusion, desertification is one of the key 
environmental and economic problems facing millions 
of people worldwide. It is attributed to a number of 
factors,  including global warming, overgrazing, 
deforestation and bad land management. Desertification. 



The landscape in desertified areas includes sand dunes, salt 
pans, and playas, all of which can render soil infertile and 
unsuitable for the support of plants and animals Logsdol & 
Klopcic, 2017).

climatic changes that the planet is witnessing due to the 
erosion of the ozone layer by the impact of greenhouse gas 
emissions, or the so-called (global warming phenomenon), 
and the resulting increase And the recurrence of drought 
years, the lack of rainfall, and a rise in the temperature of 
the earth, which affected its natural system and disrupted its 
ecological balance, and then its degradation, and the activity 
of wind erosion processes from transport, sedimentation and 
formation of sand dunes in different regions of the world 
(Agam & Berliner, 2006).

Sand dunes in Iraq are primarily controlled by the wind 
and one of its main features is force and direction. Dunes 
generally come about in the direction of the prevailing wind 
and move with a similar size and shape, which is impacted by 
periodicity and the strength of gusts. For instance, dunes in 
the Western desert of Iraq are predominantly formed under 
the influence of the northwest wind that prevails over the 
region during winter seasons (Jourdain et al., 2006).

Another cause that may affect the advancing 
desertification in IRAQ is the existence of vegetation. 
Vegetation in the form of vegetation cover on sand dunes 
stabilizes the dune and prevents of further erosion. Dry, 
non-vegetated dunes are easier to shape by wind and erode 
with less resistance (Goudie & Middleton, 2006).

Dyani Brown Climate change can contribute to shifting 
sand dunes in Iraq. Wind and water regimes in the area 
might be altered by temperature increase or changes in 
precipitation patterns, this could also affect how the sand 
dune system is formed and works (Eklund & Pilesjö, 2012).

Several research works have been done on the dynamics 
of sand dunes in Iraq. The results of one such study appeared 
in the journal “Geomorphology,” and looked at sand dunes’ 
shapes in western Iraq, reporting that the dynamics of 
these landforms depend on wind direction, vegetation 
cover, and topography. In addition, the research identified 
locations susceptible to sand dune advance and transport 
and suggested that understanding these dynamics might be 
helpful for interpreting predictions about how such advances 
could affect infrastructure and human habitation (Al-Naji & 
Al-Shammery, 2019).

Desertification Desertification has reached to one 
of the study material that has been drawn attention of 
humans all over the world, and concern by international 
organizations that have made a lot of efforts to reduce it and 
try to find appropriate solutions for soil, water and natural 
vegetation This is due to lack of effective sources Which 
can be defined as limited natural wealth with importance 
in global level experiencing steady population growth 
throughout recent years (Adamo et al., 2018).

Overall, sand dunes in Iraq are active landforms under 
the influence of multiple factors, including wind, water, and 
vegetation. As such, they can pose a threat to infrastructure 
and human settlements, and understanding the patterns 
and processes that drive their movement can be crucial for 
mitigating these risks (Goudie, 2018).
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3.3.2 Desertification landforms in Iraq:
Environmental Situation Desertification is a serious issue 

for Iraq with long-term effects on the natural environment 
and the human population of that country. Desertification 
has had a great effect on the Iraqi natural environment, and 
its people. Desertification in Iraq. From a UNDP report, 
desertification in Iraq is driven by overgrazing, deforestation, 
and sub-optimal irrigation techniques (Chasek etal, 2019).

Among the most visible effects of desertification in Iraq 
are dunes that reach a maximum height of fifty meters. These 
sand dunes, called “ergs,” form when the wind blows loose 
sand from the floor of the desert into piles. Ergs are most 
common in Western and Southern Iraq, and have the effect 
that they force out agricultural land and make access to water 
and resources difficult for people (Shahid & Alsumaiti, 
2022).

Loss of vegetation cover is another effect of 
desertification in Iraq, resulting in soil erosion and low water 
retention in the soil. This has, in fact, hindered farmers 
from cultivating crops, increasingly contributing to food 
insecurity and economic crisis in a large number of rural 
areas (Minelli, 2016).

Efforts to combat desertification in Iraq have involved 
reforestation and afforestation projects, along with 
sustainable land management schemes. Yet the UNDP 
report adds that these initiatives have been undermined by 
continued conflict and insecurity in the country, as well as 
inadequate funding and resources (Chasek et al., 2019).

Overall, it can be argued that desertification has always 
been a major issue in Iraq, affecting the natural landscape 
and the livelihood of Iraqi people. Addressing these will 
require coordinated action by government, non-government 
organizations (NGOs), and other agencies to implement 
sustainable land management practices (WHO 1992).

Sand dunes:

Sand dunes are active, dynamic land forms that 
constantly shift and change under the influence of wind and 
water. Natural distribution in Iraq Dwaras of sand dunes are 
distributed in various thrust-sanders, including the western 
desert, eastern desert, and the south desert of Manifesto.

These sand dunes can move in a variety of ways, 
including through the process of saltation, which is the 
bouncing and hopping movement of grains of sand as they 
are blown by the wind (Sissakian et al., 2013). Sand dunes 
are among the main features of the earth’s surface and are 
a prominent presence in arid and semi-arid environments 
in different regions of the world, due to the availability of 
appropriate environmental conditions for their formation in 
these environments, as arid and semi-arid ecosystems are 
characterized by fragile systems that are vulnerable and 
respond to various degradation factors, especially after the 
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Figure 1. Stages of formation of the crescent dune (Barkhan)

Figure 2. Stages of formation of the longitudinal dune (composite)

3.3.3 The concept of sand dunes:

3.3.4 Hazards of sand dunes:

3.3.5 Benefits of sand dunes (Ati, 2021):

3.3.6 Forms of sand dunes in Iraq:
3.3.6.1 Barchan (Crescent) Dunes

3.3.6.2 Longitudinal sand dunes (composite):

3.3.6.3 Nebkas sand dunes:

The definition of sand dunes varied from one world to 
another and from one group to another, where it is defined 
as the wind blowing rock debris to then gather to form small 
shapes, circular or longitudinal shape sometimes, irregular 
shape at other times, known as sand dunes (Longwell, 1949).  
On the other side, Bagnold (1954) defined sand dunes (a 
mound of sand rising to a single peak), while Rasmussen 
(2024) defined sand dunes as a collection of sand-sized 
materials blown by the wind. Furthermore, (Stone, 1967)
believed that sand dunes are a topographic phenomenon of 
air origin consisting of grains of sand from a natural source 
deposited on the side far from the direction of the wind. 
While Steven Fryberger et al. 1979) defined sand dunes as 
(collected in the form of a series of deposits blown by the 
wind), they have a slight slope facing the wind and another 
steep slope on the obscured side, called the façade of the slide 
(Al-Jashaami et al., 2024).

1.	 People migrate to other places to search for a source 
of livelihood and life, which leads to instability.

2.	 Lack of visibility when walking on the roads during 
sandstorms and various disasters.

3.	 Disruption of air traffic and the resulting fatal and 
tragic accidents.

4.	 Damage to agricultural crops and filling irrigation 
canals and drains with sand, and the resulting losses.

5.	 Ecological imbalance in the sand dune area in 
everything related to man and the biosphere.

6.	 Health problems that result from the inhalation of 
air loaded with dust and dust by humans, and the 
deaths that occur.

1.	 Sand dunes are used in the manufacture of glass.

2.	 Mixing sand with clay produces fertile soil for 
planting.

3.	 They act as groundwater reservoirs because they 
have high permeability.

Crescent dunes arise when the wind blows in one 
direction and a sufficient amount of sand is available, and 
this type of dune is similar in general shape to the crescent 
with the two arched ends pointing in the direction of the 
wind departure, as they indicate the direction of movement 
of the dune and the direction of the prevailing winds (Al-
Trabulsy, 1993). Crescent sand dunes are formed when the 
sand piles or sand gathering reach maturity, and then begin 
to move with the direction of the wind, as they begin to form 
the ends of the thin dune that are less resistant than the centre 
of the dune in the form of two wings up to their length and 
arch to the degree that the wind resistance is equal to the 
degree of resistance of the middle part of the dune and when 
the crescent dune is formed, it remains in its shape as long as 
the prevailing winds remain in the same direction (Figure 1).

The basis of these dunes is the crescent dune, which, 
when exposed to winds intersecting the prevailing winds in 
the region, can cut the wings of the crescent dune, making 
one longer than the other. Wind eddies carry the remnants of 
these dunes, causing the edges to lengthen and the formation 
of longitudinal dunes from the previous crescent shape. 
Bagnold saw that these dunes may be the result of air currents 
associated with strong winds that blow permanently in one 
direction and extend their axes parallel to these winds, but 
he stressed that the compound dunes begin their life cycle 
as crescent dunes due to their exposure to side winds that 
intersect with the permanent direction of them, which leads 
to the elongation of one of the sand dune sides (Al-Jashaami 
et al., 2024).

When studying this type in the field, it is observed that 
compound dunes result from the merging of crescent dunes. 
The merging of dunes aligned in a longitudinal orientation 
is also observed, creating a wind barrier in the dune-merger 
area, leading to sedimentation and the filling of these areas 
with sand particles (Figure 2).

This type of sand dune forms when a sand-laden wind 
encounters an obstacle, such as plants, especially desert 
shrubs, or a massif, which acts as a barrier. This causes the 
wind to deposit its sediment load around the plant or massif 
(Wang et al., 2002). Continued accumulation of sand grains 



Figure 3. A picture showing the formation of the dunes of Nebkas

Figure 4. A picture showing the formation of the wide dunes

Figure 5. Showing the landfilling of irrigation channels due to the 
movement of sand dunes

Abdel Ghani et al. / JJEES (2026) 17 (3): 324-337329

3.5.1 Effects on soil: 

3.5.2 Impact on agricultural lands, irrigation channels, and 
natural pastures:

Wide sand dunes: 
Sand dunes lead to the loss of large amounts of soil, the 

change in its properties, and a decrease in its ability to retain 
organic matter, which leads to the loss of soil fertility and 
thus a lack of plant growth. The process of wind splashing 
repeats, splashing small particles, and then desertification 
begins, which leads to a change in the properties of the soil 
and a decrease in its productivity, and thus the loss of large 
areas of agricultural land.

 The encroachment of sand dunes on agricultural land is 
one of the most serious problems, as it leads to the landfilling 
of arable land, altering the characteristics of its soil, 
spreading loose, dry soils over it, eliminating its vegetation 
cover, exposing it to various erosion factors, and ultimately 
converting it into land unsuitable for agricultural production 
by transferring the characteristics of dry desert soils, and 
over time converting it into a desert.

on the plant leads to cohesion, forming a triangular shape 
whose head points in the direction of the wind. It grows until 
it becomes a dune known as a Nebka. The plant is eventually 
covered, leading to its death and decay, especially in annual 
plants. The sand grains then become loose and are easily 
winnowed, carried, and transported by the wind again. 
These dunes move slowly and cohere with the roots of plants 
(Sabah Baji Diwan, 2013) (Figure 3).

2.	 Saltation: The grains move in this way to close 
distances from the surface of the soil, due to direct 
wind pressure on the grains. As the grains rise to the 
top, then down, then to the top again after blowing 
new air again, and the size of the grains that move in 
this way ranges between (0.05 – 1 mm) (Bass 2019).

3.	 Suspension: very fine grains of sand, less than 0.05 
mm in diameter, which are very soft, are carried in 
this way in the upper layers of the atmosphere and 
can travel very long distances, up to 3000 – 4000 
km. They remain suspended in the air for a long 
time and are then deposited when wind speed and 
strength weaken due to low atmospheric pressure 
(Al-Gurairy & Al-Zubaidi, 2023).

The reason why this type of dune is called by this name is 
because it intercepts the movement of the prevailing winds as 
they are perpendicular to them. This type arises when there 
is an abundance of sand, and the area is devoid of vegetation. 
The transverse dunes consist in two sides (as in the crescent 
dunes), extending in opposite directions. The first is a slope 
and takes a concave shape at an angle ranging between (15-
32)  (Gaur et al., 2023).

3.4 Movement of sedimentary particles of sand dunes

3.5 The negative effects of sand dunes and ways to control them:

Grains and sand sediments move in three ways, which 
are chemical:

1.	 Creeping: Moving in this way, coarse grains that 
cannot be carried by the wind, rolling grains moving 
on the surface of the earth for short distances, and 
when moving, may collide with other grains lead 
to their movement is the other, and the size of the 
grains that move in this way ranges from (1 – 2 mm) 
(Baas, 2019).

Sand sediments affect when they move and sedimentation 
on many human facilities, especially agricultural and 
industrial activity, services, and conductor roads, as well as 
having a role in the activity of dust phenomena, suspended 
dust, and rising dust, which have negative effects represented 
in the following:



3.5.3 Impact on transport and connectors ways:

3.6.1 Mechanical methods (temporary methods):

3.5.5 Impact on residential villages in the region:

Sand dunes are one of the factors affecting transport 
routes in areas near the sand dunes, as they affect the main 
tiled roads and other unpaved secondary roads.

1.	 Earth mounds: The main purpose of establishing 
earth mounds is to establish defensive lines and 
barriers that resists sand encroachment towards 
the facility to be protected, such as irrigation 
projects, roads, cities, agricultural lands, etc. In 
addition to stopping the sand creep and preventing 
its access to the facility to be protected, the berms 
are intersecting with the prevailing wind direction 
in the region, The distance between one berm and 
another depends on the density of the sand dunes 
in the region, where the distance is low if the sand 
dunes are dense, and earthen mounds help to create 
suitable conditions for the growth of natural plants 
and the success of afforestation due to hindering 
the creep of the sand dunes. They also work as 
fences that prevent the entry of animals for grazing 
in the region and are often at a height of (2-3 m).  
Mechanisms are used in the work of these berms 
(Hereher, 2010).

2.	 2- The work of fences: It is the work of fences made 
from plant residues, such as palm fronds, reeds, and 
papyrus, that act as bumpers to reduce wind speed 
in front of the sand dunes. However, because of the 
limited capacity of the area that contains the sand 
dunes in the study area, this method has become 
useless, as it requires large quantities of plant 
residues, a long time, and high labor costs.

3.	 Modification and levelling of sand dunes 
(mechanical potential): It is a method used in areas 
where the sand dunes are newly formed, provided 
that they are planted with agricultural crops, as they 
must be close to water sources, as the windbreaks 
were established in them after they were modified 
and ploughed deep tillage through which the sand 
mixes with agricultural soil, and then it is planted 
and afforested and this process takes place in the 
winter, where the movement of sand is almost 
stopped.

4.	 Mulching: The sand dunes are covered with a 
heavy layer of clay from the areas adjacent to the 
sand dunes by machinery (bulldozer), where the 
thickness of this layer is (20-30 cm), As it works to 
stop the movement of the dunes completely, because 
it is a heavy soil (clay) that is difficult to transport 
by the wind and when rain falls, it holds together 
and works to protect the sand underneath, as well as 
its pressure due to heavy machinery on it during the 
covering process. This method is characterized by 
its ease and speed of completion and does not need 
extensive experience and low costs compared to 
other means, as well as it helps to develop vegetation 
cover for water retention (Figure 8). But if the areas 

The neighboring villages near the sand dunes suffer from 
sand creeping toward their homes, with sand grains and 
rising dust colliding with their doors and windows, leading 
to the deposition of sand particles inside. In some cases, 
this may lead to residents migrating or leaving their homes 
during the summer due to the intensity of the winds and the 
dryness of the region, as well as the mental health damage it 
causes, such as feeling suffocated and not opening the doors 
because of sand particles entering the house. This can leave a 
person feeling as if they are living an abnormal life, as if they 
are in the middle of a barren desert.

Figure 6. The encroachment of sand dunes on land roads

Figure 7. The effect of sand dunes on quarries directly

3.5.4 Impact on the industrial facility (gravel and sand quarries 
in the region):

The effect of sand dunes on these quarries is in two 
forms: The first is a direct effect where the sand dunes crawl 
on these quarries, which leads to the difficulty of controlling 
them, while the second form has an indirect effect through 
the creep of sand dunes on the road that leads to the quarries 
and thus the difficulty of reaching the load cars to the 
quarries that transport gravel and sand from these quarries 
and thus stop working in them.

3.6 Ways to reduce the effects of sand dunes
Several methods are used to stabilize the sand dunes, 

including mechanical and other biological methods, which 
are as follows:
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3.6.2 Biological methods (permanent means of prevention): 
This method is one of the approaches that provide 

sustainability in the stabilization of sand dunes, and the 
presence of vegetation means the permanent stability of the 
sand dunes. The removal of vegetation cover by humans 
helped form sand dunes, and the re-vegetation of such areas 
can eliminate the problem of moving sand dunes, if managed 
in ways that suit the special environmental conditions of 
those areas, such as exploiting types of trees that tolerate 
drought and soil salinity and using trees in the study area 
(Tamarisk, eucalyptus) for easy propagation, as well as their 
ability to withstand drought and salinity. These methods in 
the study area are as follows:-

1.	 Development of natural herbs:

It is a method that comes naturally after the sand dune is 
covered with clay soil, where vegetation is grown on it 
when appropriate conditions are available, and it is also 
important to protect it from overgrazing, because the 
presence of animals on the sand dune removes vegetation 
cover and destroys the clay layer, which leads to its 
deterioration again. This requires preventing the entry 
of animals for grazing purposes. The most important of 
these plants are Tamarisk, Anabasis, and Saltwort.

2.	 Cultivation of windbreaks (green belts):

Planting trees in areas with moving sand dunes is 
important because they act as bumpers to reduce wind 
speed and improve natural conditions for the growth of 
native plants in these areas. If planted systematically, 
they further reduce wind speed and soil erosion. After 
completing mechanical methods, green belts and 
windbreaks are planted in sand dune areas, with trees 
selected for their ability to withstand drought and soil 
salinity, as mentioned earlier. In the study area, tree 
types such as Tamarisk and Eucalyptus are planted, 
among others, and then irrigated only in the first year.

are vast, it is necessary to switch to coverage, using 
oil (black oil) to treat the movement of sand dunes in 
lands where agricultural activities cannot be used, 
because oil derivatives have a negative impact on 
agricultural land, and this method is rehabilitated 
and defects are repaired after a period not exceeding 
five years (Scherr & Satya Yadav, 1996).

Figure 8. The dunes covered with a layer of clay

Figure 9. Temporal trend of NDVI in Iraq as an indicator of 
desertification. Source: MODIS satellite data; adapted following 
land degradation monitoring approaches by Al-Ansari et al., 2021 

reported in JJEES.

3.6.3 The use of remote sensing and geographical information 
systems to monitor desertification:

In a study of spatial extensions of the sand accumulations 
significantly for the years (2000-2005-2013-2019), on the 
pastoral lands of two regions in the Western Desert of 
Iraq, depending on the techniques of remote sensing and 
geographic information system, this covered an area of 
(1826.5 km2) (harbi Ibrahim & Said, 2023). The researcher 
(Alalwany et al., 2021) explained in his study the patterns 
of sand movement in the Western Desert in Egypt and its 
impact on the environment in the study area, where the 
accumulations move 40 meters in three broad directions 
during the year. The movement of these sand accumulations 
is related to the prevailing wind system within the region. 
(Hereher, 2010) Studied the economic risks of sand dune 
movement and its impact on agricultural development in 
southern Siwa Oasis in Egypt, he also calculated the area 
affected by sand dune movement has arrived 50,629 acres, 
and the cost of economic losses from the seriousness and 
effects of sand accumulation movement has arrived L.E 
3206.7 million. The researcher (Abo, 2015) pointed out in his 
study of the Ratqa Valley basin, which is part of the Hammad 
Basin, it can be agriculturally exploited, and the lands of the 
basin of this valley suffer from the problem of gathering 
dunes that threaten agricultural areas within the basin of 
this valley, as well as agricultural lands in the district of Al 
-Qaim. 

Figure (9) illustrates the time trend of the decline in the 
vegetation cover index (NDVI) in Iraq during the period 
2000–2023, reflecting the deterioration of vegetation cover 
associated with the increasing severity of desertification, 
drought, and climate change.

Desertification was incorporated into the Sustainable 
Development Goals outlined in the 2030 Agenda for 
Sustainable Development in order to address its possible 
effects on the economy, ecology, and society. The main 
objective of Sustainable Development Goal 15 is to 
safeguard, restore, and promote the sustainable use of land-
based ecosystems, effectively manage forests, prevent 
desertification, and halt and reverse land degradation 
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and biodiversity loss (Yousef et al., 2025). According 
to projections of future climate change, desertification 
will increase globally due to changes in temperature, 
precipitation, carbon sequestration, and atmospheric 
carbon dioxide levels. Sustainable Development Goal 
15.3 aims to rehabilitate land and soil degraded by 
desertification, drought, and floods. The primary objective 
is to attain a state of balance by 2030, when restoration 
activities effectively offset the adverse impacts of land 
degradation. Addressing desertification is essential for 
reducing global poverty and mitigating the negative 
impacts on biodiversity and climate change resulting 
from human activities (Mukhlif, 2015). Remote sensing 
technology, by analyzing multispectral images, allows 
you to monitor climate, soil, and vegetation dynamics of a 
territory. By means of spectral indices NDVI (Normalized 
Difference Vegetation Index), MSAVI (Modified 
Soil-Adjusted Vegetation Index), NDMI (Normalized 
Difference Moisture Index), NBR (Normalized Burn 
Ratio), Spectral Albedo values (BRDF) of Liang, BSI 
(Bare Soil Index), LST (Earth’s surface temperature), and 
the GIS technology, is possible to accelerate the acquisition 
of spatial-environmental data. The authors started out 
with research about the use of the aforementioned spectral 
data, considering the study area Mussomeli Municipality 
(Caltanissetta Province, Sicily), to evaluate the sensitivity 
of the area to desertification, in a short period (year, 
season). In this study, the satellite data are considered in 
MEDALUS (Mediterranean Desertification and land use) 
protocol, which adopts data attributable to four Macro 
factors: protection, soil, climate, and land management 
(Bolch et al., 2021). The use of geospatial data and 
Geographic Information Systems (GIS) technologies for 
monitoring and mapping desertification processes has 
become essential for understanding landscape dynamics, 
assessing environmental change, and informing strategies 
for sustainable land management (Mussumeci et al., 2024).

The Mirzachul was chosen as a 
desertification monitoring case study. To identify the 
soil types present in the case study area, Landsat imagery 
for 1994-2024 and the Soil Map of Uzbekistan served as 
auxiliary data. We concentrated on the NDVI, SAVI, and 
WDVI. The trends of sandy bare soil and steppe were also 
significantly different in 1994, with approximately 830 ha 
and 3800 ha (Yuan-he et al., 2016), respectively. However, 
by 2024, the area of sandy bare soil had decreased sharply 
by about 50% to 1.5 million hectares, while the area of 
steppe had increased to 2 million hectares (Abdimuminov 
et al., 2024).

Using information drawn from remote sensing, 
various aspects of desertification can be analyzed, 
monitored, and predicted. Over –the years, there have 
been several approaches to studying desertification using 
RS. This paper explored the global-scale prevalence 
and chronology characteristics of research that applied 
RS to study desertification. Moreover, the research 
also considered the main methods and elements used 
to study desertification through remote sensing data 

analysis. 1991 Desertification Research on the Theme of 
RS and Application in Desertification Research began 
from 22.The early application of remote sensing in the 
research on desertification originates from 22. From 2015 
to 2020, more than 40 papers were published on average 
annually, and this represents a significant increase in the 
use and availability of remote sensing (RS) technology for 
desertification assessment (Abdimuminov et al., 2024).

Assessment of Land Degradation Risks. Remote 
sensing and GIS, as well as tools, are powerful for assessing 
such risks in different fragile ecosystems, for example, 
Al Gadeer. The methodology is tested in A by using this 
combination of remote Sensing, where (Mazahreh et al., 
2012). 2019) applied different data and maps as an input 
to (GIS) to generate potential suitability for various Land 
Utilization Types (LUTs). Suitability assessment. Land 
suitability mapping has been developed by integrating soil 
and climate information within a novel approach.

The monitoring and prediction of desertification in 
arid areas are important for the solution of environmental 
and social problems. Supplemental to remote sensing for 
monitoring land surfaces and ecosystems. The objective 
of this research is to monitor and predict desertification 
in the Sistan Plain using raw data from remote sensing, 
based on a data screening method. The satellite data for 
the study included images from Landsat 5 and 8 captured 
in June each of 10 years (1990–2020). The remote sensing-
based indices such as LULC map, normalized differential 
vegetation index (NDVI), enhanced vegetation index 
(EVI), VCI, TCI, MNDWI, and SI were utilized in the 
study. Central satellite data, SPI, and SDI environmental 
indices were also included for analysis (Yousef et al., 
2025).

The researcher (Hashemi et al., 2024)pointed out in 
his study the role of modern technologies in monitoring 
desertification, as he used Remote Sensing (RS), 
Geographic Information Systems (GIS), and Global 
Positioning Systems (GPS) technologies, which have 
proven their importance in studying soil surveys, as they 
save time and effort and provide continuous information 
and values   for soil characteristics and their spatial and 
temporal variations in a comprehensive manner, where 
risks can be predicted and then the necessary measures 
taken to reduce them and preserve resources.

Change detection is the process of determining the 
difference in observing the phenomenon over different 
time periods. Modern technologies have enabled 
monitoring and observation of changes in vegetation cover 
across very large areas at different times. To control and 
monitor the density and distribution of vegetation in desert 
environments with unlimited boundaries, repeatedly and 
continuously integrated by means of remote sensing, is 
considered important in the preservation of this ecosystem 
and its maintenance and the preservation of what is 
deteriorating for the purpose of developing implementation 
plans to maintain that wealth (Abdulhameed et al., 2022).

Abdel Ghani et al. / JJEES (2026) 17 (3): 324-337332



4. Desertification in Iraq

Desertification in Iraq is driven by multiple climatic and 
anthropogenic factors. To provide clarity and synthesis, the 
following tables summarize the main drivers and impacts 
across Iraqi regions, as well as the mitigation strategies 
currently applied and their effectiveness.

Figure 10 and Table 1 show the relative importance of 
the main factors causing desertification in Iraq, where low 
rainfall, high temperatures, and soil salinity are among the 
most influential factors, in addition to overgrazing and poor 
land management.

Desertification in Iraq is depicted in Figure 11, showing 
the areas most affected and the environmental impacts of 
climate change and water shortage.

•	 The government has launched efforts to address the 
problem, but is hampered by large hurdles.

Several strategies have been adopted to mitigate desertification in Iraq, as shown in Table 2. This shows the effectiveness 
of each strategy. 

Figure 10. Major drivers of desertification in Iraq. Source: FAO 
(2020), UNCCD (2022), Salah and Salahat, 2020, JJEES.

Figure 11. Desertification in Iraq. Adopted from https://masae-
analytics.com/

Table 1. Main drivers of desertification in Iraq and their regional impacts. Adapted from Alkhateeb et al., 2019; Al-Shamary et al., 2021; 
Abdulrahman, 2025.

Table 2. Mitigation strategies against desertification in Iraq and their effectiveness. Adapted from Rasul (2016), Safriel (2009), UNCCD 
(2024), Chasek et al. (2019).

Driver Most affected region Main impact 

Declining rainfall & rising temperatures. Southern and central Iraq. Loss of vegetation cover, increased 
sandstorms.

Mismanagement of water resources 
(salinization, evaporation). Southern provinces (Basra, Dhi Qar). Soil salinity, reduced agricultural 

productivity.

Overgrazing. Northern and central Iraq. Rangeland degradation, biodiversity loss.

Deforestation . Anbar and Diyala. Soil erosion, loss of vegetation.

Population growth & urbanization. Baghdad and peri-urban areas. Pressure on resources, unregulated urban 
expansion.

Strategy Application in Iraq Effectiveness Notes

Afforestation/reforestation. Limited campaigns in Anbar and 
southern Iraq. Moderate. Lack of funding and sustainability.

Water management (modern irrigation, 
water harvesting). Pilot projects in Kirkuk and Najaf. High. Requires scaling-up and 

government support.

Sustainable agriculture (biochar, soil 
amendments).

University research and small-scale 
trials. Moderate. Scientifically effective but not 

widely adopted.

International cooperation (UNDP, 
FAO projects). Small-scale initiatives. Low. Hindered by instability and limited 

resources.
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5. Conclusions 6. Recommendations

The results in Tables 1 and 2, as well as Figs. 9–11, 
illustrate the intricate relationships of both climatic 
fluctuations and human activities in shaping desertification 
across Iraq. The data provided to us is evidence that 
desertification is a consequence not only of climate change, 
but also as a result of bad land use and water management … 
and due to the fact that the people seem to cut off the branch 
they sit on.

Policy Analysis

Existing policies in Iraq to combat desertification are 
not coherent and adequate. Reforestation programs remain 
meritorious but are handicapped by inadequate friend-
foe identification, weak community involvement. Water 
management measures, such as dam building and traditional 
irrigation based on water-demanding crops, have frequently 
exacerbated soil salinity and declining groundwater recharge. 
Additionally, institutional harmonization is insufficient 
among the Ministries of Agriculture, Environment, and 
Water Resources, leading to duplication of roles and lack of 
effective implementation.

Drivers and Impacts

The distribution (Figure 11) shows that desertification 
hotspots are mainly located in the western and southern 
sides, where there is the most precipitation decline and 
temperature increase. These changes in climate, coupled 
with overgrazing and deforestation, have contributed to 
increased soil erosion and loss of vegetation.

Effectiveness of Mitigation Strategies

Table 2 indicates that although the strategies have been 
implemented in some cases – afforestation and sustainable 
agriculture, for instance – their implementation has low 
effectiveness due to insufficient funding and lack of farmer 
participation. While international cooperation (including 
with its neighbours on transboundary water management) 
is lacking,  Iraq remains exposed to upstream states’ water 
policies.

This assessment verifies that desertification in Iraq is not 
just an environmental problem, but a strategic issue which 
affects the ability of the country to ensure food security 
and sustainable development. The research identifies three 
main factors for the decline, including poor management 
of water resources, climate change, and unsustainable land 
use. Appropriate actions, consequently, effective responses 
also call for an integrated national policy on management 
of land and water, the launching of public-awareness 
campaigns, and the introduction of modern techniques to 
limit soil degradation. The results presented will be useful in 
the context of both scientific discussions on desertification 
and policy-making and development activities in Iraq. In 
addition, the present work pinpoints areas that would need 
further investigation in the future, especially technically 
and economically viable solutions which can enhance Iraq’s 
ability to combat desertification and meet sustainable 
environmental development.

To face these challenges, Iraq needs to consider an 
integrated approach that encompasses environmental, social, 
and economic dimensions. Key recommendations include:

1.	 Establishing early warning systems for drought and 
desertification.

2.	 Promoting modern irrigation techniques (e.g., drip 
irrigation) to reduce water waste.

3.	 Enhancing regional cooperation with Turkey and 
Iran on shared water resources.

4.	 Empowering local communities to participate in 
afforestation and land restoration projects.

5.	 Aligning national strategies with UNCCD 
frameworks and the Sustainable Development 
Goals (SDGs).	

6.	 Expansion in the studies of using remote sensing and 
geographic information system as early warning to 
monitor desertification especially in Iraq. 

7.	 Using the recent technologies to mitigate the 
creeping of sand dunes towards agricultural lands.

8.	 Using all means to retain soil moisture which 
prevent sand particles from transport to other areas. 

9.	 Appropriate use of water harvesting techniques to 
mitigate desertification.

10.	 Limiting pastoralists’ overgrazing in places that are 
likely to turn into deserts.

11.	 Establishing laws to preserve desert plants. 

12.	 Working on afforestation of desert areas with heat-
tolerant plants.
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Abstract

1. Introduction

The global demand for energy is increasing rapidly due 
to population growth, industrialization, and urbanization, 
placing significant pressure on conventional fossil fuel 
resources and raising concerns about sustainability and 
environmental impact (Khalife et al., 2017; Saxena et al., 
2017). Diesel engines, widely used in transportation, power 
generation, agriculture, and industry, play a crucial role 
in meeting this demand because of their high efficiency 
and reliability. However, their extensive use contributes 
significantly to environmental pollution through emissions 
of nitrogen oxides (NOₓ), particulate matter (PM), carbon 
monoxide (CO), and unburned hydrocarbons (HC) (Reşitoğlu 
et al., 2015; Geng et al., 2017). These emissions pose serious 
risks to human health, including respiratory diseases, 
cardiovascular disorders, and premature mortality (World 
Health Organization, 2021; Zhang & Balasubramanian, 
2015). Among these pollutants, particulate matter (PM), 
particularly fine and ultrafine particles, plays a critical role 
in atmospheric processes such as particle growth, droplet 
formation, and deposition, thereby significantly affecting air 
quality and public health.

In response to these challenges, alternative fuels, such as 
biodiesel, have gained considerable attention as sustainable 
energy sources. Biodiesel offers advantages, such as 
renewability, biodegradability, and reduced emissions. 
However, its application may lead to slight compromises in 
engine performance and combustion efficiency (Dewangan 
et al., 2020). To overcome these limitations, recent research 

has focused on enhancing fuel properties by incorporating 
metal oxide nanoparticles.

Fuel additives with at least one dimension below 100 
nm are classified as nanoscale additives (Khan et al., 2019; 
Ağbulut & Sarıdemir, 2020). Due to their high surface area-
to-volume ratio and unique catalytic properties, nanoparticles 
promote more complete combustion, thereby improving 
engine performance and reducing pollutant emissions. 
Metallic nanoparticles are particularly attractive for their 
high reactivity and energy density. Studies have shown 
that nanoparticle-assisted combustion can significantly 
enhance oxidation reactions and improve overall combustion 
characteristics (Bergthorson et al., 2015).

Recent investigations have demonstrated the effectiveness 
of various metal oxide nanoparticles as fuel additives. Özgür 
(2021) studied nickel iron oxide (NiFe₂O₄) and nickel zinc 
iron oxide (Zn₀.₅Ni₀.₅Fe₂O₄) nanoparticles in a turbocharged 
diesel engine and reported significant emission reductions 
at optimized concentrations. Similarly, Fayad et al. (2023) 
investigated titanium dioxide (TiO₂) nanoparticles blended 
with biodiesel in a common-rail direct-injection engine and 
observed reductions in NOₓ emissions and particulate matter 
when combined with exhaust gas recirculation. Husain 
et al. (2020) reported that cerium-coated zinc oxide (Ce–
ZnO) nanoparticles improved brake thermal efficiency and 
reduced CO, HC, and smoke emissions in soybean biodiesel 
blends. Furthermore, Mehta et al. (2014) demonstrated that 
the addition of metallic nanoparticles, including aluminum, 
iron, and boron, significantly reduced ignition delay and 
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The use of metal oxide nanoparticles as diesel fuel additives has emerged as an effective strategy to enhance combustion 
and mitigate emissions. In this study, Cupric Oxide (CuO) and Aluminum Oxide (Al₂O₃) nanoparticles were dispersed in 
diesel at concentrations of 25, 50, and 75 ppm, and their effects on engine emissions were evaluated under varying load 
conditions. The results indicate a consistent reduction in carbon monoxide (CO) and hydrocarbon (HC) emissions, with HC 
levels reduced to ~7–11 ppm for Al₂O₃ blends and ~8–12 ppm for CuO blends at higher loads, compared to neat diesel. Carbon 
dioxide (CO₂) emissions increased by up to ~6.6%, confirming improved combustion efficiency. However, nitrogen oxides 
(NOₓ) emissions increased significantly, reaching peak values of ~1200 ppm for nanoparticle blends, compared to ~1068 ppm 
for neat diesel, due to elevated in-cylinder temperatures and enhanced oxidation kinetics. Among the tested conditions, CuO 
at 25 ppm demonstrated the most favorable trade-off, offering reduced CO, HC, and smoke emissions with a comparatively 
lower increase in NOₓ, whereas Al₂O₃ at 75 ppm exhibited superior combustion efficiency but the highest NOₓ emissions. 
The study highlights the inherent trade-off between improved combustion and NOₓ formation, emphasizing the need for 
optimized nanoparticle dosing to achieve cleaner and more efficient diesel engine operation.
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enhanced combustion in diesel engines. These findings 
indicate that adding nanoparticles to fuel acts as a combustion 
catalyst, improving combustion efficiency and reducing 
pollutant emissions. However, despite extensive studies on 
various nanoparticle additives, a comparative understanding 
of CuO and Al₂O₃ nanoparticles at low concentrations 
under varying engine load conditions remains limited. In 
particular, the underlying mechanisms governing emission 
variations, especially particulate matter and NOₓ trade-offs, 
require further investigation.

Therefore, the present study aims to investigate the effects 
of CuO and Al₂O₃ nanoparticles on diesel engine emission 
characteristics under different operating conditions. The 
study focuses on understanding how nanoparticle additives 
enhance combustion behavior and mitigate harmful 
emissions, with particular emphasis on particulate matter 
and nitrogen oxides.

at a dosage of 50–75 ppm.
4.	 Secondary Atomization → Finer Fuel Spray (Li et 

al., 2024)
Al₂O₃ nanoparticles adsorb onto fuel droplet surfaces and 
create surface tension instabilities, causing large droplets 
to break into much finer ones . This in turn eliminates 
fuel-rich droplet cores, which are primary sites for soot 
nucleation. The resulting finer droplets evaporate rapidly 
and mix more uniformly with air, significantly reducing 
PM formation.

5.	 Active Surface Sites → Catalytic Oxidation (Gad et 
al., 2021)

The high surface area of Al₂O₃ nanoparticles 
provides abundant reactive adsorption sites for CO 
and HC molecules . These molecules are adsorbed and 
oxidized on the nanoparticle surface, functioning as 
distributed micro-catalysts within the combustion 
chamber.

6.	 Micro Heat Sink → Thermal Redistribution 
(Chohan et al., 2026)

Al₂O₃ absorbs localized thermal spikes in the combustion 
chamber and re-radiates heat more uniformly . This 
eliminates dangerous “hot spots” —high-temperature 
zones (>1800 K) where the Zeldovich mechanism 
drives thermal NOₓ formation
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2. Materials and Methods 
2.1 Materials

2.2 Preparation of Fuel Blends

Engine Setup and Testing:

Cupric Oxide (CuO) and Aluminum Oxide (Al₂O₃) 
nanoparticles (with a specific surface area of approximately 
30-50 m2/g and an average particle size of 20-30 nm) were 
selected as fuel additives for their distinct physicochemical 
properties and their ability to enhance combustion through 
multiple catalytic and thermal mechanisms.

1.	 Lattice Oxygen Donation → Catalytic Oxidation 
(Bitire et al., 2022)

CuO has a non-stoichiometric crystal structure that 
can release bound oxygen ions from its lattice into the 
combustion zone . This additional oxygen oxidizes CO → 
CO₂ and unburned HC → H₂O + CO₂, even in fuel-rich 
zones where free oxygen is locally scarce. Furthermore, 
CuO reduces particulate matter (PM) formation 
through a dual pathway: (i) lattice oxygen oxidizes soot 
precursors, such as acetylene (C₂H₂) and polycyclic 
aromatic hydrocarbons (PAHs) before they nucleate 
into primary soot particles, and (ii) a catalytic Cu²⁺/Cu⁺ 
redox cycle continuously oxidizes deposited soot via 
C + 2CuO → CO₂ + Cu₂O, followed by 
regeneration: Cu₂O + ½O₂ → 2CuO. 
This cyclic oxidation mechanism enhances in-situ soot 
burnout and reduces overall smoke emissions.

2.	 High Thermal Conductivity → Heat Transfer Boost 
(Zhu et al., 2018)

CuO has one of the highest thermal conductivities among 
metal oxides (~76 W/m·K for bulk Cu-based materials). 
When suspended in fuel, it improves heat distribution 
within the cylinder, ensuring the entire fuel charge heats 
uniformly and ignites more completely .

3.	 Higher Calorific Value → Lower Activation Energy 
(Ramachandran et al., 2023)

CuO nanoparticles have intrinsic stored chemical 
energy that contributes to the overall heat release of 
the blended fuel. They also lower the activation energy 
barrier for combustion reactions, meaning fuel molecules 
ignite faster and at lower temperatures. Smoke and PM 
reductions of approximately 17–21% have been reported 

The fuel blends were formulated by dispersing the 
nanoparticles in commercially available diesel fuel using a 
magnetic stirrer. The nanoparticle concentration used was 
25, 50, and 75 ppm (parts per million) by weight in the diesel 
fuel.

From here on, the fuel blends will be denoted as follows:

Neat Diesel Run 0

Diesel + 25 ppm CuO Run 1

Diesel + 50 ppm CuO Run 2

Diesel + 75 ppm CuO Run 3

Diesel + 25 ppm Al2O3 Run 4

Diesel + 50 ppm Al2O3 Run 5

Diesel + 75 ppm Al2O3 Run 6

A single-cylinder, four-stroke, direct-injection diesel 
engine was used for the emission tests. The engine was 
coupled to a dynamometer to control load and speed. Engine 
operating conditions were carefully controlled. The engine 
was run at various load levels (0 %, 25%, 50%, 75%, and 
100% of rated load) at a constant speed of 1500 rpm.

It should be noted that the present experimental study 
was conducted under steady-state operating conditions and 
did not consider cold-start behavior. Cold-start conditions 
are known to significantly influence emission characteristics 
due to lower combustion temperatures and incomplete fuel 
oxidation, particularly affecting particulate matter (PM) and 
hydrocarbon (HC) emissions.



3. Results & Discussion
The detailed interpretation of the individual runs along 

with their experimental data (represented graphically) is as 
follows:

1- Run 0 (Neat Diesel)

Carbon monoxide (CO) levels initially drop from 0.08% 
at no load to 0.03% at 9 kg, suggesting improved combustion 
efficiency. However, at 12 kg, CO slightly increases to 
0.04%, indicating incomplete combustion under peak-load 
conditions. Hydrocarbon (HC) emissions show a steady 
rise, increasing from 1 ppm at no load to 9 ppm at 12 kg, 
indicating higher levels of unburned fuel residues with 
increasing load. Carbon dioxide (CO₂) levels increase from 
1.3% at no load to 6.1% at 12 kg, indicating more complete 
combustion. Simultaneously, oxygen (O₂) levels decline 
from 18.93% to 12.18%, demonstrating greater oxygen 
consumption with higher loads. Nitric oxide (NO) emissions 
surge significantly, from 80 ppm to 1068 ppm, likely due to 
elevated combustion temperatures at increased loads. Smoke 
emissions, which remain low at lower loads, rise sharply 
from 0.2 at no load to 33.2 at 12 kg, suggesting increased 
particulate formation and incomplete combustion at higher 
loads. These trends indicate that while higher loads enhance 
combustion efficiency, they also lead to substantial increases 
in NO and smoke emissions, which can adversely affect both 
environmental quality and engine performance.

2- Run 1 (Diesel + 25 ppm CuO)

Carbon monoxide (CO) content decreases from 0.12% at 
no load to 0.04% at 9 kg, reflecting improved combustion 
efficiency. At 12 kg, CO increases marginally to 0.05%, 
which may result from incomplete combustion at maximum 
load. Hydrocarbon (HC) emissions gradually increase from 
6 ppm at no load to 15 ppm at 12 kg, reflecting increased 
unburned fuel content with rising load. Carbon dioxide 
(CO₂) content increases steadily from 1.4% at no load to 6.6% 
at 12 kg, indicating better combustion. Oxygen (O₂) content 
decreases from 18.9% to 11.62%, showing greater oxygen 
consumption. Nitric oxide (NO) emissions rise sharply from 
38 ppm at no load to 1244 ppm at 12 kg, probably due to 
increased combustion temperatures. Smoke emissions also 
trend similarly, increasing from 0.9 to 22.9, reflecting greater 
particulate formation at higher loads.

Trivedi et al. / JJEES (2026) 17 (3): 338-350340

Exhaust Emission Measurement:
Carbon dioxide (CO2), carbon monoxide (CO), nitrous 

oxide (NOx), sulfuric compounds, particulate matter (PM), 
and unburned hydrocarbons (UHCs) are the most prevalent 
emissions from fossil fuels (Reşitoğlu et al., 2015) ((Geng et 
al., 2017)

The high temperature in the combustion chamber and the 
surplus availability of oxygen are the causes of the formation 
of NOx emissions (Sudalaimuthu et al., 2018).

CO2 is formed during the complete combustion of fuel 
when oxygen is adequate, whereas CO emissions result from 
incomplete combustion or a deficiency of oxygen (Dey and 
Dhal, 2019; Bradley et al., 1999).

Due to environmental concerns, PM emissions are a 
major concern. PM is usually a complex mixture of sulfur 
compounds, various HCs, elemental carbon, and other 
species (Wang et al., 2016; Wei and Geng, 2016). UHCs, 
considered a main pollutant that significantly affects the 
environment, result from incomplete combustion (Reşitoğlu 
et al., 2015).

In the present study, an Exhaust Gas Analyzer(AVL444N) 
was used to measure the concentrations of gaseous 
pollutants, including CO, HC, CO2, O2, and NOx; a smoke 
meter (AVL437) was used to measure the smoke emission.

Figure 1. Smoke meter (AVL437) & Exhaust gas analyzer (AVL444N)
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Figure 2. Variation of exhaust emission parameters with engine load for neat diesel fuel (Run 0)

Figure 3. Emission characteristics of diesel blended with 25 ppm CuO nanoparticles (Run 1)
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3- Run 2 (Diesel + 50 ppm CuO)

CO emissions decrease with load, from 0.13% at no load 
to 0.06% at 12 kg, indicating better combustion efficiency. 
HC emissions are fairly constant but rise slightly with 
increasing load, reaching 12 ppm vol Hex. at 12 kg, likely 
due to incomplete combustion at extreme loads. CO2 
emissions increase from 1.4% at no load to 6.5% at 12 kg, 

4- Run 3 (Diesel + 75 ppm CuO)

CO emissions initially rise to 0.17% at zero load but 
decrease significantly as load increases, stabilizing at 
0.05%–0.06% beyond 6 kg. This indicates better oxidation 
of CO at higher loads. HC emissions remain relatively stable 
at lower loads (7–9 ppm) but rise slightly to 11 ppm at 12 
kg, suggesting some incomplete combustion at higher loads. 
CO2 levels increase steadily from 1.6% at 0 kg to 6% at 
12 kg, reflecting improved combustion efficiency as load 
increases. O2 levels show a consistent decline from 18.35% 
to 12.32%, indicating increased oxygen consumption during 
combustion. NO emissions rise significantly from 34 ppm 
to 1117 ppm as load increases, due to the higher combustion 
temperature. Lastly, smoke emissions rise from 0.6 at no load 
to 28.3 at full load, suggesting increased soot formation with 
increased load due to a richer fuel-air mixture.

Comparative Analysis of Emission Trends: Run 0 vs. Run 
1 (CuO 25 ppm) vs. Run 2 (CuO 50 ppm) vs. Run 3 (CuO 75 
ppm)

CO Emissions: Run 3 (CuO 75 ppm) shows slightly 
higher CO emissions at low loads compared to the other runs, 
especially at 0 kg load (0.17% vol). However, at higher loads, 

CO levels remain similar to those in Runs 1 and 2, suggesting 
that CuO improves oxidation at higher temperatures.

HC Emissions: Hydrocarbon (HC) emissions remain 
relatively stable across all CuO-doped runs, with Run 3 
showing an average of 8.8 ppm. This is slightly lower than 
Run 1 (9.4 ppm) and Run 2 (9 ppm), suggesting moderate 
effectiveness in reducing unburned hydrocarbons.

CO₂ Emissions: CO₂ emissions increase with load 
in all runs, indicating better combustion efficiency with 
CuO addition. Run 3 shows slightly lower CO₂ levels 
than Run 2 but still higher than Run 0, suggesting that the 
combustion-efficiency gain starts to saturate at higher CuO 
concentrations.

O₂ Levels: Oxygen levels decrease with increasing load, 
as expected. Run 3 maintains an average O₂ of 15.516%, 
slightly higher than Run 2 but lower than Run 0, indicating 
that more oxygen is being utilized in combustion, albeit at a 
diminishing rate beyond 50 ppm CuO.

NO Emissions: NO levels rise significantly as CuO 
concentration increases. Run 3 averages 573.4 ppm, slightly 
lower than Run 2 (619 ppm) but still much higher than Run 0. 
This suggests that excessive CuO concentrations may reach 

confirming greater fuel oxidation and improved combustion. 
O2 decreases with load, from 18.73% to 11.68%, indicating 
more oxygen is consumed during combustion. NO emissions 
increase substantially with load, from 39 ppm at no load 
to 1207 ppm at 12 kg, as expected with higher combustion 
temperatures with CuO. Smoke emissions also increase 
steeply from 0.5 to 26.2, reflecting elevated particulate 
matter generation at high loads.

Figure 4. Emission characteristics of diesel blended with 50 ppm CuO nanoparticles (Run 2)
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a threshold beyond which additional oxidation no longer 
increases NO formation.

Smoke Emissions: Smoke emissions continue to increase 
at higher loads, with Run 3 averaging 10.44, higher than 

Concluding Remark:

While CuO additives improve combustion efficiency 
by increasing CO₂ production and reducing unburned HC 
and O₂ levels, diminishing returns beyond 50 ppm indicate 
that excessive CuO does not further enhance performance. 
Instead, it increases NO emissions and smoke levels at 
higher loads. Run 1 (CuO 25 ppm) remains the most balanced 
option, offering a good trade-off between efficiency and 
emissions control.

5- Run 4 (Diesel + 25 ppm Al2O3)

CO emissions decrease from 0.12% at 0 kg load to 0.04% 

Runs 1 and 2. The high smoke levels at full load (28.3) 
suggest that 75 ppm CuO may cause incomplete combustion 
due to excessive nanoparticle agglomeration.

at 12 kg, showing improved combustion efficiency at higher 
loads. The HC emissions start at 3 ppm at a 0 kg load and 
rise to 7 ppm at a 12 kg load, indicating increased unburned 
hydrocarbons at higher loads. The CO₂ levels increase with 
load, peaking at 6.4% at 12 kg, suggesting more complete 
combustion. The O₂ concentration decreases from 18.48% at 
0 kg to 11.58% at 12 kg, consistent with fuel consumption. 
The NO emissions increase significantly with load, from 59 
ppm at 0 kg to 1176 ppm at 12 kg, due to higher combustion 
temperatures. Smoke emissions also increase from 0 at no 
load to 22.8 at full load, indicating increased particulate 
matter formation.

Figure 5. Emission characteristics of diesel blended with 75 ppm CuO nanoparticles (Run 3)
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6- Run 5 (Diesel + 50 ppm Al2O3)

Carbon Monoxide (CO) emissions decreased from 
0.11% vol at 0 kg load to 0.04 - 0.05% vol at higher loads, 
indicating improved combustion efficiency at elevated 
loads. Hydrocarbon (HC) emissions increased with load, 

rising from 7 ppm at 0 kg to 13 ppm at 12 kg, suggesting 
increased fuel decomposition at higher engine loads. Carbon 
Dioxide (CO₂) emissions increased, peaking at 6.6% vol at 
a 12 kg load, indicating enhanced combustion efficiency. 
Conversely, Oxygen (O₂) levels decreased from 18.61% vol at 

Figure 6. Comparative analysis of emission parameters for neat diesel (Run 0) and CuO nanoparticle blends (25, 50, and 75 ppm) 

Figure 7. Emission characteristics of diesel blended with 25 ppm Al2O3 nanoparticles (Run 4)
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no load to 11.43% vol at full load, further confirming better 
fuel utilization. Nitric Oxide (NO) emissions increased 
significantly from 54 ppm at 0 kg to 1213 ppm at 12 kg, 
which is a result of higher combustion temperatures at higher 

7- Run 6 (Diesel + 75 ppm Al2O3)

Carbon Monoxide (CO) emissions gradually decrease 
from 0.09% at 0 kg to 0.05% at 9 kg, indicating better 
combustion efficiency at moderate loads, but a slight rise 
to 0.06% at 12 kg suggests incomplete combustion at higher 
fuel injection rates. Hydrocarbon (HC) emissions remain 
relatively low, ranging from 0 to 11 ppm, with slight increase 
at 12 kg, possibly due to incomplete oxidation. Carbon 
Dioxide (CO₂) levels increase from 0.9% at 0 kg to 6.4% at 

loads. Lastly, smoke emissions rose sharply from 0.5 at no 
load to 39.9 at full load, indicating incomplete combustion 
and increased soot formation under heavy-load conditions.

12 kg, confirming improved fuel combustion at higher loads. 
Oxygen (O₂) concentration decreases as load increases, 
showing higher oxygen consumption due to more complete 
combustion. Nitric Oxide (NO) emissions rise significantly 
from 25 ppm at 0 kg to 1192 ppm at 12 kg, indicating higher 
combustion temperatures at greater loads. Smoke levels 
increase from 0.1 at no load to 28.2 at full load, which 
may be attributed to incomplete combustion and increased 
particulate matter formation at higher loads.

Figure 8. Emission characteristics of diesel blended with 50 ppm Al2O3 nanoparticles (Run 5)



Comparative Analysis of Emission Trends: Run 0 vs. Run 
1 (Al2O3 25 ppm) vs. Run 2 (Al2O3 50 ppm) vs. Run 3 (Al2O3 
75 ppm)

1. CO Emission: The emission trends of Carbon 
Monoxide (CO) indicate that Run 0 (Baseline) had the 
highest CO emissions. With the introduction of Al₂O₃ at 
25 ppm (Run 4), a noticeable reduction in CO levels was 
observed, highlighting its catalytic effect. A further decrease 
in CO emissions was observed in Run 5 (Al₂O₃ 50 ppm), 
with the average emission level stabilizing at 0.06% vol. In 
Run 6 (Al₂O₃ 75 ppm), a slightly lower CO emission trend 
was observed compared to Run 5, suggesting a diminishing 
effect with increasing dosage.

2. HC Emission: The HC levels exhibited a decreasing 
trend with increasing Al₂O₃ concentration. Run 4 showed 
a moderate reduction in HC emissions, while Runs 5 and 6 
showed a significant decline. Among them, Run 6 (Al₂O₃ 75 
ppm) recorded the lowest HC emissions, indicating enhanced 
combustion efficiency.

3. CO₂ Emissions: A progressive increase in CO₂ 
emissions was observed, indicating improved combustion 
efficiency. Run 6 recorded the highest CO₂ emission levels, 
confirming enhanced oxidation of CO and HC into CO₂.

4. O₂ Concentration: As the load increased, O₂ levels 
decreased across all runs, indicating improved fuel 
utilization. Run 6 recorded the lowest O₂ levels, signifying 
the highest combustion efficiency among all runs.

5. NO Emission: NO emissions exhibited an increasing 
trend with rising Al₂O₃ concentration. Run 6 recorded the 
highest NO emissions (1192 ppm at 12 kg load), attributed to 
higher combustion temperatures. This highlights a trade-off: 
Al₂O₃ enhances combustion efficiency but also increases NO 
formation.

6. Smoke Opacity Trends:

A significant reduction in smoke was observed as the 
Al2O3 concentration increased.

Run 6 had the lowest smoke emissions, confirming better 

Figure 9. Emission characteristics of diesel blended with 75 ppm Al2O3 nanoparticles (Run 6)
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fuel combustion and reduced soot formation.

Concluding Remark:

The comparative analysis shows that Al2O3, as a fuel 
additive, significantly improves combustion efficiency by 

Comparative Analysis: Run 1 (CuO 25 ppm) vs. Run 6 
(Al2O3 75 ppm)

Carbon Monoxide (CO) Emissions : Run 1 has slightly 
higher CO emissions at lower loads compared to Run 6.

Both runs show a decreasing trend in CO emissions as 
the load increases, stabilizing at around 0.05-0.06% vol.

Hydrocarbon (HC) Emissions: Run 6 shows consistently 
lower HC levels than Run 1, except at 12 kg load, where both 
converge.

This indicates that Al2O3 (75 ppm) may improve 
combustion compared to CuO (25 ppm).

Carbon Dioxide (CO₂) Emissions: CO₂ increases with 
load in both runs.

Run 6 has slightly higher CO₂ emissions, which indicates 
better combustion efficiency.

Oxygen (O₂) Levels : O₂ levels decrease with increasing 
load, as expected.

Run 6 shows a faster decline in O₂ levels, which aligns 
with its higher CO₂ emissions and reinforces the idea of 
improved combustion efficiency.

Nitric Oxide (NO) Emissions: NO emissions increase 
significantly with load in both runs.

Run 6 has higher NO levels, suggesting a higher 
combustion temperature compared to Run 1.

Smoke Opacity: Run 6 shows higher smoke emissions 
at higher loads than Run 1, possibly due to incomplete 
combustion at peak loads.

This suggests a need to optimize the fuel-air ratio for 
Al2O3 (75 ppm) at higher loads.

reducing CO, HC, and smoke emissions, while increasing 
CO₂ and NO emissions. Run 6 (Al₂O₃ 75 ppm) showed the 
best results in terms of reduced CO, HC, and smoke but had 
the highest NO emissions. Future optimizations can focus on 
balancing combustion efficiency with NO emission control.

Figure 10. Comparative analysis of emission parameters for neat diesel (Run 0) and Al2O3 nanoparticle blends (25, 50, and 75 ppm) 

Trivedi et al. / JJEES (2026) 17 (3): 338-350347



Best Run: Run 1 (CuO 25 ppm) vs. Run 6 (Al2O3 75 ppm)

To determine the best run, we have evaluated the key 
emission parameters as follows:

1. Carbon Monoxide (CO): Lower CO is better (indicating 
better combustion)

Run 6 (Al₂O₃ 75 ppm) has slightly lower CO emissions 
than Run 1 (CuO 25 ppm) at lower loads, indicating better 
oxidation of CO.

2. Hydrocarbons (HC) : Lower HC is better (indicating 
better fuel combustion).

Run 1 (CuO 25 ppm) has lower overall HC levels, 
indicating it burns fuel more completely than Run 6.

3. Carbon Dioxide (CO₂) : Higher CO₂ indicates better 
combustion but also more greenhouse gas emissions.

Run 6 (Al₂O₃ 75 ppm) has slightly higher CO₂ levels, 
meaning better combustion efficiency but at the cost of more 
emissions.

4. Oxygen (O₂) Levels: Lower O₂ in exhaust suggests 
better combustion efficiency.

Run 6 has lower O₂ levels, indicating that it utilizes more 
oxygen for combustion than Run 1.

5. Nitric Oxide (NO) Emissions: Lower NO is better 
(since high NO emissions contribute to air pollution).

Run 6 (Al₂O₃ 75 ppm) has higher NO emissions, which 
suggests a higher combustion temperature. Run 1 is better 
in this aspect.

6. Smoke Emissions: Lower smoke levels are preferred 
(indicating complete combustion).

Run 1 has lower smoke emissions at high loads, making 
it a cleaner option.

To summarize, if the goal is better combustion efficiency, 
Run 6 (Al₂O₃ 75 ppm) is superior because it has lower CO, 
higher CO₂, and better oxygen utilization.

If the goal is lower emissions and environmental impact, 
Run 1 (CuO 25 ppm) is better due to lower NO and smoke 
emissions.

According to us, the Best Overall Choice is Run 1 
(CuO 25 ppm), which maintains a better balance between 
efficiency and emissions. However, if maximizing 
combustion efficiency is the priority, Run 6 would be the 
preferred choice.

Figure 11. Comparative analysis of emission parameters for diesel blended with 25 ppm CuO nanoparticles (Run 1) and diesel blended 
with 75 ppm Al2O3 nanoparticles (Run 6)

4. Challenges & Future Scope
Undoubtedly, the  nanoparticle additives in diesel 

fuel reduce the engine emissions significantly. Further 
experimental efforts are needed to fill the knowledge gap 
about the type of nanoparticle used and its optimum dosage 
in fuel so that it serves the purpose of Complete Combustion 
as well as Lower Emissions and Environmental Impact. 
In addition, the stability characteristics of nanofluid fuels 
under various operating conditions should be addressed 
from a technical standpoint.

It is worth noting that, beyond engine emissions, 
performance, and combustion characteristics, most existing 
reviews have focused primarily on dispersion stability, wear 
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5. Conclusion
The concept of blending Aluminum Oxide and Copper 

Oxide Nanoparticles  into neat diesel on the emission patterns 
was investigated in this study, and the results obtained during 
the trials are summarized.

1.	 A significant reduction in all emissions was 
observed by doping additives to diesel since metal 
oxide nanoparticles provide extra oxygen during 
combustion, and hence complete combustion was 
achieved.

2.	 It was observed that the NOx emissions were 
increased with the usage of metal oxide nanoparticles 
due to the liberation of extra oxygen.

3.	 As far as the experimental results are concerned, 
Run 6 (Al2O3 75 ppm) demonstrates higher 
combustion efficiency with better CO, CO₂, and 
O₂ emissions but at the expense of higher NO and 
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consumption, but it contributes to higher pollution 
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cleaner overall, with lower HC, NO, and smoke 
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pollution, especially at higher loads. While its CO 
and CO₂ emissions are slightly higher, it represents 
a more environmentally friendly choice.

4.	 Ultimately, Run 1 (CuO 25 ppm) appears to be the 
better option for cleaner combustion, particularly 

in reducing NO emissions and smoke opacity, 
while Run 6 (Al2O3 75 ppm) excels in combustion 
efficiency but requires optimization to reduce 
pollution at higher loads.
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Abstract

1. Introduction

The land use (LU) is defined as human activity taking 
place on land; and the land cover (LC) is defined as the 
physical substance that is on or above (in the case of 
vegetation) the Earth’s surface (Chang et al., 2018; Comber 
et al., 2005; Nedd et al., 2021; Pandey et al., 2021; Trautwein 
and Pletterbauer, 2018). Land use/land cover (LU/LC) change 
is now a focal point of environmental monitoring and natural 
resource management due to the rigid relationship between 
LU/LC change, anthropogenic changes, and ecosystem 
processes (Abusmier and Al-Kofahi, 2025; Akhtar et 
al., 2025; Mishra et al., 2020)particularly in developing 
countries, where cities generally lack adequate planning. 
Nowadays, the majority of Jordan’s population lives in cities. 
Zarqa governorate is among the most populated governorates 
in Jordan and is located within the boundaries of a major 
hydrological basin. Therefore, the objectives of this study 
were to explore the spatial and temporal varying dynamics 
in the urban area and agricultural areas over the past two 
decades (2001-2021. Several factors are influencing LU/
LC, like urbanization, climate change, and land conversion 
(Fitriani et al., 2025; Okoduwa et al., 2025). Still, very 
uniquely, mining activities have caused compounding 
limits to LU/LC globally, resulting in deforestation, loss 
of biodiversity, and environmental collapse as shown in 
Odisha (M. Mishra et al., 2022), Cameroon (Tamfuh et al., 
2024), Ghana (Gbedzi et al., 2022), Rwanda (Niyonsenga 
and Sibomana, 2024), Bangladesh, Mongolia (Guan et al., 
2017), Germany, and China’s Loess Plateau (Cioc, 1998; Lin 
et al., 2021). In India, coal mining has forced profound LU/

LC changes in Ramagundam (Kiran et al., 2022), Godavari 
(Garai and Narayana, 2018), Singrauli (Khan and Javed, 
2012), Jharhia (Uddin Siddiqui and Kumar Jain, 2022), and 
Raniganj (Patra et al., 2022)India. Owing to its multifaceted 
consequences on soil, water, and landholders, assessment 
of spatio-temporal changes in mining areas has become 
important. The oldest coal mine of India, Raniganj coalfield 
has been producing superior quality non-coking coal for 
the last 246 years. To reduce the cost per unit production of 
coal, the mining authority prefers the opencast method over 
underground mining. The mushrooming growth of opencast 
mines in this coalfield causing huge waste dumps, depletion 
of vegetated surface, changing slope and drainage pattern, 
soil erosion, and degradation of environmental quality. With 
this background, the present study examines the spatio-
temporal changes and evolution of opencast mines using 
multi-temporal Landsat Thematic Mapper (TM resulting in 
dramatic loss of vegetation and forest.

LU/LC transformations, caused by mining, negatively 
impact forest canopy density (FCD), which reflects the 
composition, structure, and preservation levels of forests 
about ecosystem stability. Research has demonstrated that 
canopy cover has been drastically diminished, with the 
canopy code at some mining sites dropping from >80% cover 
to <30% (Galiatsatos et al., 2020; Liu et al., 2024)reporting 
and verification (MRV. Similar declines in canopy density 
occurred in Indian states that are major coal producers, such 
as Jharkhand, Odisha, Chhattisgarh, and Madhya Pradesh 
(Joshi et al., 2006; Khan and Javed, 2012; Mohanty et al., 
2020; Thakur et al., 2022). Compensatory afforestation has 
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This study employed supervised classification using multi-temporal ResourceSat imagery (2012, 2018, and 2024) to map 
land use and land cover (LU/LC) changes in the Saleki Reserve Forest, achieving high overall accuracy (94–96%) and QADI 
values of 0.06, 0.0283, and 0.0447, respectively. Despite some misclassifications among spectrally similar classes (e.g., built-
up, mining, and barren land). The results revealed a substantial increase in coal mining, with mining area expanding by 
396 ha (189%), including key hotspots, such as the 4-sq-mile lease (+77.4%) and Tirap grant (+54.7%), while the Ledo OCP 
area declined by 60.7%. This expansion coincided with a 16.5% loss in forest cover, a 303.8% rise in bare land, and a 40.9% 
reduction in water bodies. The Landscape Transformation Index rose significantly from 14.7 (2012–2018) to 38.6 (2012–
2024), indicating intensified anthropogenic pressure. Canopy density analysis (2018–2024) revealed regeneration in some 
degraded areas, and forest cover density over trends 12 years highlighted partial conservation success. Overall, the findings 
emphasize the conflict between mining-driven deforestation and ecosystem resilience, underlining the need for integrated 
land-use planning, legal enforcement, and sustainable mining. A key limitation was the exclusive use of visible-band data, 
affecting class separability.
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2. Study Area and Methodology
2.1 Study area

2.2 Data collection and sources

Saleki Reserve Forest is a part of the Dehing Patkai 
Elephant Reserve located in Tinsukia District in Assam 
(Figure 1). It has an area of approximately 40 sq km (27°15′N 
to 24°19′ N latitudes 95°42′E to 95°49′E longitudes). It was 

proposed as a reserve forest in 1976 and was notified on 
the 9 March, 2022. The reserve forest is situated within the 
Namdang coal grant and the Tikok open-cast project, while 
the Ledo open-cast project and the Tirap coal grant are 
located to the east. Total annual rainfall exceeds 4,000 mm 
and it is often the highest in the month of June. The climatic 
means are generally between 6 and 38°C. Structural hills 
with elevations between 143-492 meters characterize the 
area; there are approximately 119-164 days of rain in a year 
with a prolonged drier season from October to February.

The present study employed ResourceSat LISS-4 sensor 
data for LU/LC pattern analyses, utilizing specific datasets 
(Table 1). Focusing on the recent decade (2012-2024), the 
study investigated extensive mining activities in the region. 
The corresponding satellite datasets were obtained from 
Bhuvan’s Bhoonidhi, ISRO’s Earth Observation (EO) data 
hub.

Due to the limited spatial extent of the Saleki RF, high-
resolution satellite data are essential for precise land use/
land cover study. However, high-resolution LISS-4 sensor 
databases have only been available from 2012 onward 

for this specific location. To supplement the analysis and 
validate LU/LC statistics, this study relied on the following 
secondary data sources:

•	 The Report of the ‘One Man Commission of 

not been able to fully restore canopy cover to levels recorded 
before the forest was cleared, due to limits imposed at each 
site by soil, species selections, and ecological suitability. In 
this context, socio-ecological systems that depend on forests 
for sustainable livelihoods further contribute to instability 
and fragility (López‐Bedoya et al., 2022). In the coalfields of 
Assam, there are indications that mining expanded by 194 ha 
between 2000 and 2020, leading to growing problems with 
acid mine drainage, heavy metal leaching, and soil erosion 
(Kumar et al., 2023; Yadav et al., 2018). The North Eastern 
Coalfield (NEC), a unit of Coal India Limited, has produced 
or delivered an estimated 13.68 million tons of coal between 
2003 and 2021, across 9 Mining Leases, totaling 5,377.82 ha 
since the NEC sale of coal began (Katakey, 2021).

The Saleki Reserve Forest (RF) in the Makum coalfields 
faces the threat of mining encroachment due to increased 
mining activity. There are currently six active mining leases 
within Saleki RF, equaling 1,308.22 ha of land, namely, 4 sq. 
mile (1032.27), 4.48 Sq. Mile (4.97), Tirap Coal Grant (27.28 
ha), Namdang Coal Grant (150.24 ha), Ledo OCP (27.06 ha), 
and Tikok OCP (67.47 ha), with the current leases running 
from 2023 to 2029. Mining activity within the Reserve Forest 
entailed occupation within a reserve forest of 183 ha in 2003, 
to 1043.2 ha in 2020; and mining activities not inside the 
reserve increased from 9 ha in 2003 to 415.6 in 2020. Mining 
areas totaled 192 ha in 2003 and increased to 1,458.8 ha in 
2020. Within this same time frame, opencast mining has 
increased in area from 192 ha in 2003 to 479.1 ha in 2020, 
rat-hole mining increased in area from 0 ha in 2003 to 979.7 
ha in 2020 (Katakey, 2021). Even though many studies have 
documented LU/LC changes in coal mining regions, there is 
little spatiotemporal analysis of protected reserve forests such 
as the Saleki RF, where fragile ecosystems are threatened by 
rapid, localized degradation from opencast and rat-hole coal 
mining. The current study serves to address this by assessing 
LU/LC and FCD spatial-temporal changes in Saleki RF 
from 2012 to 2012, in the context of the Ledo OCP, 4 Sq. 
Mile lease, and Tirap Coal Grant, using geospatial tools to 
synoptically assess the ecological consequences of continued 
expansion and exploitation of coal resources.

Figure 1. The Saleki RF is indicated in false color composite (LISS-
4,8th March 2024)

Acquisition Date Satellite Sensor Path/row Spatial resolution (m) Source

01-11-2012 ResourceSat-2 LISS-4 114/052 5 NRSC

04-04-2018 ResourceSat-2A LISS-4 114/052 5 NRSC

08-03-2024 ResourceSat-2A LISS-4 114/052 5 NRSC

Table 1. Details of satellite data

Source: Authors
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Inquiry’ (Vol. I & II) by Brojendra Prasad Katakey, 
published on April 7, 2021, by the Assam State 
Government.

•	 Relevant existing literature, including:

	 - Newspaper articles

	 - Journal articles

These secondary sources provide valuable context and 
insights to support the primary satellite data analysis.

indicates the number of pixels that are properly identified. 
The frequency of occurrence of a map class on the ground is 
determined by the user’s accuracy. The producer’s accuracy 
indicates the number of classified pixels in a class that 
accurately fits into that class. Equation 1 shows estimations 
for accurate Kappa statistics for the stratified random.

        (1)

(Arumugam et al., 2021; Vieira et al., 2010)

Where T is the test pixels, C is the correctly classified 
pixels observations and G is the sum of the multiplied total 
value.

The overall accuracy is calculated by dividing the sum 
of the values along the major diagonal by the total number 
of reference pixels (Equation 2). The traditional accuracy 
assessment methods included the standard Kappa coefficient 
followed by the overall accuracy equation, producer’s 
accuracy and user’s accuracy as indicated in equations 3 and 
4 (Arumugam et al., 2021).

                 (2)

                   (3)

                   (4)

Where nii is the number of suitably classified pixels, N is 
the total number of pixels; r is the number of rows, nicol is the 
column total, and nirow is the row total.

Quantity and Allocation Disagreement Index (QADI): 
This index calculates the degree of disagreement between 
the classification results and reference maps by keeping 
incorrectly labeled pixels as A and the difference in the 
pixel count (for each class) between the classified map 
and reference data as Q (Feizizadeh et al., 2022)various 
alternative measures have been investigated with minimal 
success in practice. In this article, we introduce a novel 

Table 2. Land use Classification scheme

2.3 Methodology
2.3.1 Land use/land cover classification

Image pre-processing and classification

Accuracy assessment

The current study’s workflow includes satellite data 
acquisition, image preprocessing, image classification, 
accuracy assessment, change-detection analysis, and 
forest canopy density mapping (Figure 2). A supervised 
classification method was employed to classify satellite 
images. The following sections provide extensive 
explanations of the various steps.

The necessary image pre-processing was performed 
on the data for the three specified years (2012, 2018, and 
2024). Image pre-processing, classification and analysis 
were conducted using Geospatial software (ERDAS Imagine 
and ArcGIS). Supervised image classification (maximum 
likelihood method) was performed in ERDAS Imagine. To 
identify the changes, images were broadly classified into 
five categories: built-up area, mining, forest area, bare land 
and water body (Table 2). Training samples for supervised 
classification were selected using a combination of high-
resolution Google Earth imagery and field observations. 
Mining areas were identified based on characteristic features 
such as excavation pits, overburden dumps, and haul roads, 
distinguishing them from non-mining open land. Only 
spectrally homogeneous and clearly identifiable areas were 
used as training data to minimize misclassification in LISS-
4 imagery.

The Ground Truth Points (GTPs) were selected 
independently from training samples and were evenly 
distributed across the study area. They were derived from 
field observations and high-resolution Google Earth imagery, 
including both homogeneous and mixed pixels rather than 
only pure pixels. This ensured independent and unbiased 
accuracy assessment. The accuracy assessment methods 
include the standard Kappa coefficient, overall accuracy, 
producer’s accuracy and user’s accuracy. Overall accuracy 

Sl. No Class name Description

1 Water body Reservoirs, rivers, open water, ponds, 
etc.

2 Mining Coal mines, abandoned mines, dumped 
yards, etc.

3 Forest area Dense forest and open forest.

4 Bare land Exposed soils, barren area, etc.

5 Built-up 
area

Residential, commercial, transportation, 
roads, pavements, etc.

Figure 2. Flowchart showing the methods adopted to determine LU/
LC change



index that overcomes the limitations. Unlike Kappa, it is 
not sensitive to asymmetric distributions. The quantity and 
allocation disagreement index (QADI. The QADI index, 
which measures the degree of disagreement and variation, 
is then calculated from these values. Additionally, it can be 
used to create a graph showing how much each component 
contributes to the disagreement (Feizizadeh et al., 2022)
various alternative measures have been investigated with 
minimal success in practice. In this article, we introduce a 
novel index that overcomes the limitations. Unlike Kappa, 
it is not sensitive to asymmetric distributions. The quantity 
and allocation disagreement index (QADI. The equation 5 
for the QADI index is as follows:

                                         (5)

The resulting QADI value varies between 0and 1 
(Feizizadeh et al., 2022)various alternative measures have 
been investigated with minimal success in practice. In 
this article, we introduce a novel index that overcomes the 
limitations. Unlike Kappa, it is not sensitive to asymmetric 
distributions. The quantity and allocation disagreement 
index (QADI.

3. Results
3.1 Image classification and accuracy assessment

This study demonstrated the application of supervised 
classification for LU/LC mapping using multi-year 
ResourceSat series satellite data. To ensure reliability, 
accuracy assessments were performed for each year’s 
classified maps using confusion matrices and test samples. 
The results showed consistent classification accuracy 
across years, with total accuracy levels of 94% and a Kappa 
coefficient of 0.86 (2012), 96% and a Kappa coefficient of 
0.92 (2018), and 94% and a Kappa coefficient of 0.89 (2024) 
(Table 3). The producer’s accuracy showed that water bodies 
and mining areas were classified with higher accuracy, 
while the user’s accuracy indicated that water bodies and 
forest regions were classified with greater correctness. The 
QADI values for each year were 0.06, 0.02828, and 0.04472, 
respectively.

Although supervised classification achieved high 
accuracy, some misclassifications were observed in the 
classified maps, primarily due to mix-pixel effects, low 
image resolution, similar surface reflectance, and texture 
patterns. These misclassifications mostly occurred between 
built-up areas and mining regions. Accurate classification 
of coal mining areas, built-up areas, and bare lands using 
visible-band satellite data is challenging due to their 
similar spectral properties. However, this limitation can 
be overcome by utilizing SAR data or microwave satellite 
data, which offers enhanced feature discrimination based on 
backscattering intensity and dielectric properties (Forkuor 
et al., 2020; Ranjan et al., 2021; Ranjan and Parida, 2019). 
Unfortunately, historical microwave satellite sensor or SAR 
data are unavailable for this study, precluding its use for 
change detection. 

2.3.2 Forest Canopy Density
Radiometric correction

Advanced Vegetation Index (AVI)

Bare Soil index (BSI)

Canopy Shadow Index (CSI)

Forest Canopy Density

Radiometric correction takes raw Digital Numbers (DN) 
and converts them to physical values to accurately represent 
a surface. Equation 6 shows the steps to convert DN to at-
sensor radiance.

                                        (6)

Where, Lλ: At-sensor spectral radiance (W/m²/sr/μm)

SRk: Saturation radiance for the kth band (provided in 
metadata)

DN: Digital Number of the pixel

DNmax: Maximum possible value of pixel

To obtain at-sensor (TOA) reflectance, radiance values 
were converted using Equation 7:

                                        (7)

Where pi =3.14159

Rsensor = reflectance at the sensor

Lλ = spectral radiance at the sensor’s aperture

Esun = mean solar exo-atmospheric irradiance

θz = solar zenith angle

d = Earth-Sun distance

The Advanced Vegetation Index (AVI) is a vegetation 
metric that was developed to increase sensitivity to vegetation 
density, especially when working in conditions of dense 
canopy cover, while minimizing the signal from background 
soil noise. The AVI can be computed using equation 8.

                                 (8)

The Bare Soil Index (BSI) identifies bare soil areas from 
satellite imagery. We have provided a simple model of the 
BSI for LISS-4 in equation 9.

                                      (9)

The Canopy Shadow Index (CSI) identifies shadowed 
areas beneath dense vegetation canopies, typically indicating 
healthy forests. The formula for CSI is shown in equation 10.

      (10)

To form a Vegetation Density (VD) calculation, we will 
find Principal Component Analysis (PCA) performance 
between the AVI and the BSI. Likewise, to form a Scaled 
Shadow Index (SSI) calculation, PCA will be performed 
between the CSI and AVI.

Forest Canopy Density (FCD) is defined as the 
percentage of land surface area covered by tree canopy in a 
forested area. One of the equations found in the literature is 
equation 11.

                            (11)
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Despite the difficulty in achieving 100% accuracy in 
differentiating mining areas from barren land and built-
up areas using spectral signatures, the available data can 
still provide valuable insights for a representative study. 
Therefore, an analysis of change detection was carried out 

to recognize the impacts of coal mining activities on LU/LC 
patterns within the Saleki RF. The LU/LC maps, produced 
using supervised classification for 2012, 2018, and 2024, are 
shown in Figure 3.

3.2 LU/LC mapping and change detection analysis of Saleki RF
After calculating the accuracy of prepared LU/LC maps, 

the areal coverage of each feature was analyzed. The areal 
coverage of coal mining was 137 ha, 213 ha, and 396 ha for 
the years 2012, 2018, and 2024, respectively (Table 4). It was 
observed that the areal coverage of coal mining expanded 
during 2012–2018, with a 55.47% change rate. However, the 
rate of increase in mining was recorded at 189.05% during 
2012–2024 (Table 5).

A significant decrease rate (-16.48%) was noticed for 
the forest areas during 2012–2024 (Figure 5). The results 
show that the change rate of forest area was -8.42% and 
-8.8% during 2012–2018 and 2018–2024, respectively. The 
continued loss in forest area coverage suggests that mining 
activity has a detrimental influence on the forest ecology in 
the studied region. Moreover, a significant increase in bare 
land was noticed during 2012–2024 (303.77%). The rate of 
change in bare land was -1.89%, and 311.53% during 2012–
2018 and 2018–2024 respectively. Built-up areas changed a 

Table 3. Confusion Matrix of Accuracy Assessment

B Bare land, BA Built-up area, W Water body, M Mining, F Forest area, AP the producer’s accuracy, Au the user’s accuracy, AO the 
overall accuracy, K = the kappa coefficient, QADI = Quantity and allocation disagreement index

Source: Calculated by the Authors

Reference Data

Class B BA W M F Total Au (%)

Year – 2012

C
la

ss
if

ie
d 

D
at

a

B 5 0 0 0 1 6 83.33

BA 0 7 0 0 1 8 87.5

W 0 0 4 0 0 4 100

M 0 0 0 7 1 8 87.5

F 3 0 0 0 71 74 95.94

Total 8 7 4 7 74 100

AP (%) 62.5 100 100 100 95.94

AO (%) 94

K 0.86201

QADI 0.06

Year – 2018

C
la

ss
if

ie
d 

D
at

a

B 7 0 0 0 0 7 100

BA 1 11 0 0 0 12 91.66

W 0 0 3 0 0 3 100

M 1 0 0 10 2 13 76.92

F 0 0 0 0 65 65 100

Total 9 11 3 10 67 100

AP (%) 77.77 100 100 100 97.01

AO (%) 96

K 0.92468

QADI 0.02828

Year – 2024

C
la

ss
if

ie
d 

D
at

a

B 11 1 0 0 3 15 73.33

BA 1 8 0 0 0 9 88.88

W 0 0 3 0 0 3 100

M 0 0 0 10 0 10 100

F 0 1 0 0 62 63 98.41

Total 12 10 3 10 65 100

AP (%) 91.66 80 100 100 95.38

AO (%) 94

K 0.89142

QADI 0.04472
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lot over time, going up by 58.4% from 2012 to 2018 and then 
going down sharply by 77.27% from 2018 to 2024. Permanent 
settlements are not allowed in this area because it is part of a 
reserved forest. So, the mapped built-up land is mostly made 
up of temporary and semi-permanent buildings that coal 
miners use. These buildings are very close to active mining 
sites and are left empty or taken down when mining sites 
move or stop. The decrease in built-up area seen between 
2018 and 2024 is due to people moving away from settlements 
and leaving them behind because of changes in mining 
activity, not because of planned or stable urban development. 
Similarly, the area under water bodies has decreased between 
2012 and 2024 (-40.91%). The highest LU/LC conversion was 
in forest area to bare land (285 ha), followed by forest area to 
coal mining (232 ha) (Table 6). Thus, the lowest conversion 
was in the mining region to water bodies (0.22 ha). Most of 
the built-up area has gone back to being bare land (33 ha) and 
forest (35 ha). Most of the built-up areas are temporary mining 
labor camps that are left behind when mining shifts or slows 
down. Structures are taken apart or fall apart, turning into 
bare land first and then growing back naturally. This explains 
the change from developed land to forest. Overall, the LU/
LC maps revealed that the land coverage of the mining area 
increased steadily across all classes from 2012 to 2024. As 
a result of widespread opencast coal mining activities, there 
has been a large reduction in forest cover, which includes 
herbs, shrubs and other vegetation (Figure 6). In between the 
study period, the amount of barren land expanded as well. 
The bare land consists of exposed soils, desolate areas, etc.

Table 4. Areal coverage of LU/LC classes

Table 5. Rate of change in areal coverage of different LU/LC classes

Source: Calculated by the Authors

Source: Calculated by the Authors

Figure 3. LU/LC map of the Saleki Reserve Forest for the years (a) 
2012, (b) 2018, and (c) 2024

Figure 4. Comparative study of LU/LC change from 2012 to 2024

Year
Classes

2012 2018 2024

Area (Ha) Area (%) Area (Ha) Area (%) Area (Ha) Area (%)

Bare land 106 3.51 104 3.46 428 14.22

Built-up area 250 8.30 396 13.17 90 2.97

Water body 22 0.74 12 0.38 13 0.45

Mining 137 4.55 213 7.06 396 13.15

Forest area 2493 82.86 2283 75.91 2081 69.19

Total Area 3008 100 3008 100 3008 100

Year/Classes 2012-2018 2018-2024 2012-2024

Rate of change per year (%)

Bare land -1.89 311.53 303.77

Built-up area 58.4 -77.27 -64

Water body -45.45 8.33 -40.91

Mining 55.47 85.91 189.05

Forest area -8.42 -8.80 -16.48
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Figure 5. Net change of LU/LC from 2012 to 2024 in percentage

Figure 6. LU/LC conversion map of Saleki RF, 2012 – 2024

Land use/land cover classes Bare land Built-up area Water body Mining Forest area Total in 2024

Bare land 33 7 0.7 24 72 136.7

Built-up area 33 10 0.9 27 35 105.9

Waterbody 2.8 0.8 5 3.6 2.7 14.9

Mining 70 7 0.2 107 57 241.2

Forest area 285 59 6 232 1909 2491

Total in 2012 423.8 83.8 12.8 393.6 2075.7 2989.7

Table 6. Transition matrix of LU/LC change in the Saleki RF from 2012 to 2024 (Area in Ha)

Source: LANDSAT Satellite Image Processing

3.3 Forest Canopy Density in Saleki RF
In this section, changes in forest canopy density within the 

Saleki Reserve Forest between 2018 and 2024 are examined 
to assess patterns of forest degradation, regeneration, and 
broader ecological modification. The analysis focuses on 
shifts across different canopy density classes to understand 

spatial and temporal variations in forest condition during 
the study period. Forest Canopy Density (FCD) maps for the 
study area were generated using a multi-index approach that 
integrates the AVI and BSI (Figure 7) and CSI and SSI (Figure 
8), each representing distinct biophysical characteristics of 
vegetation cover and surface conditions.

Figure 7. AVI and BSI of Saleki RF
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Table 7. Category-wise area of Forest Canopy Density in Saleki RF

Source: Calculated by the Authors

Table 7 indicates the changes in canopy density of forests 
of Saleki Reserve Forest from 2012 to 2024. In the case of 
other natural cover like scrub and open forest, it can be 
concluded that scrub cover has reduced significantly from 
1.63 ha to 0.1 ha, Open Forest-I decreased from 31.98 ha 
to 0.34 ha, and Open Forest-II has decreased sharply from 
370.18 ha to 111.67 ha. While Moderately Dense Forest 
experienced a large decline by 2018, it has had a partial 
recovery by 2024. Medium Dense Forest increased from 2012 

to 2018, then slightly decreased by 2024. The most noticeable 
cover of Highly Dense Forest has grown 107.12 ha in 2012 
to 904.34 in 2024. Therefore, in general, there has been an 
obvious shift of forest cover density from sparse to denser 
canopy cover, indicating a successful forest regeneration or 
conservation efforts. The forest cover density maps for the 
study area for the year 2012, 2018 and 2024 are available in 
Figure 9.

Figure 8. CSI and SSI of Saleki RF

FCD Classes with FCD in %
2012 2018 2024

Area (in ha) Area (in %) Area (in ha) Area (in %) Area (in ha) Area (in %)

Scrub land, 0-10 1.6275 0.054 0.02 0.0006 0.1 0.003

Open Forest-I, 11-20 31.9775 1.068 0.5625 0.018 0.3375 0.011

Open Forest-II, 21-40 370.18 12.371 199.84 6.67 111.6675 3.73

Moderately Dense, 41-60 1189.415 39.75 321.18 10.73 522.255 17.45

Medium Dense, 61-80 1291.8925 43.17 1948.69 65.12 1453.5175 48.57

Highly Dense, 81-100 107.1225 3.58 521.9225 17.44 904.335 30.22
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Figure 9. Forest Canopy Density map of Saleki RF

Figure 10. Coal Mining Projects inside Saleki RF, (a) Ledo OCP, 
(b) Tirap coal grant and (c) 4 sq. mile mining lease are shown in false 

color composite (LISS-4, dated 8th March 2024)

Figure 11. Coal mining region at Ledo OCP inside the Saleki RF in (i) 2012, (ii) 2018, and (iii) 2024

3.4 Expansion of coal mining inside Saleki RF
The unchecked expansion of coal mining activities within 

the Saleki RF poses a significant threat to its ecosystem. 
This section examines the spatial-temporal dynamics of coal 
mining expansion within the forest area. The mining projects 
inside the Saleki RF; i.e. Ledo Open Cast Project (Ledo OCP), 
4 sq. mile mining lease and Tirap coal grant are considered 

as the critical hotspots of land cover degradation. Figure 10 
illustrates the location of these three coal mining projects 
within the Saleki RF. These projects are overlaid on a false 
color composite image, providing a visual representation of 
their spatial distribution within the RF. 

Table 8. Areal coverage of coal mining inside the Saleki RF in different study years obtained from supervised classification

Source: Calculated by the Authors

Name of mining region 2012 (Area in ha) 2018 (Area in ha) 2024 (Area in ha)

Ledo OCP 14.9175 15.7925 5.845

Tirap Coal Grant 5.4525 7.9675 8.44

4 sq. mile mining lease 171.14 229.05 303.4275

Total 191.51 252.81 317.7125
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Figure 12. Coal mining region at 4 sq. mile mining lease inside the Saleki RF in (a) 2012, (b) 2018, and (c) 2024

Figure 13. Coal mining region at Tirap coal grant inside the Saleki RF in (a) 2012, (b) 2018, and (c) 2024

3.5 Landscape transformation index of Saleki RF, 201224-
The Landscape Transformation Index (LTI) is a 

quantitative measure that assesses the magnitude of changes 
in LU/LC patterns over time. It provides a comprehensive 
framework for evaluating the degree and nature of landscape 
transformations, enabling researchers and policymakers to 
track and understand the dynamics of environmental change 
(Łowicki, 2008). The LTI is calculated using Equation 12 
below:

                (12)

where Σ of change in land cover class represents the sum 
of the absolute values of changes in each land cover class 
and total area represents the total area of the landscape being 
studied.

•	 LTI for 2012-2018:

= (|3.51-3.46| + |8.30-13.17| + |0.74-0.38| + |4.55-7.06| + 
|82.86-75.91|) / 100

= (0.05 + 4.87 + 0.36 + 2.51 + 6.95) / 100

= 14.74

The coal mining area inside Saleki RF expanded 
significantly between 2012 and 2024. The total mining area 
increased by 66% from 191.51 ha in 2012 to 317.71 ha in 2024 
(Table 8). Notably, the 4 sq. mile mining lease registered a 
77.4% increase from 171.14 ha to 303.43 ha during this period 
(Figure 12). Similarly, Coal mining within the Tirap Coal 
Grant increased by 54.7% from 5.45 ha to 8.44 ha (Figure 
13). In contrast, Ledo OCP decreased by 60.7% from 14.92 
ha to 5.85 ha (Figure 11).  The year-wise increase shows a 
32.1% rise from 2012 to 2018 and a 25.6% rise from 2018 
to 2024. The three areas are, therefore, considered as the 
hotspots of coal mining-induced land cover change within 
the Saleki RF.

•	 LTI for 2018-2024:

= (|3.46-14.22| + |13.17-2.97| + |0.38-0.45| + |7.06-13.15| + 
|75.91-69.19|) / 100

= (10.76 + 10.20 + 0.07 + 6.09 + 6.72) / 100

= 33.84

•	 LTI for 2012-2024:

= (|3.51-14.22| + |8.30-2.97| + |0.74-0.45| + |4.55-13.15| + 
|82.86-69.19|) / 100

= (10.71 + 5.33 + 0.29 + 8.60 + 13.67) / 100

= 38.60

The overall change in land cover classes indicates 
significant changes in the landscape. Bare land increased 
by 323 hectares (11.71%), while the built-up area decreased 
by 160 hectares (5.33%). Water bodies experienced a minor 
decrease by nine hectares (0.29% decrease). Mining areas 
increased by 259 hectares (8.60%). The forest areas have 
decreased by 412 hectares (13.67%) from 2012 to 2024. 
The major changes exemplify a dynamic landscape, which 
deserves continual monitoring and management of land 
cover classes to assess their environmental and ecological 
consequences.

The outputs from the Landscape Transformation Index 
(LTI) reveal significant changes in the landscape among the 
three time periods. The LTI values of 14.74, 33.84, and 38.60 
during 2012-2018, 2018-2024, and 2012-2024, respectively, 
show a continuous increase in the landscape transformation 
within the area. We must note that the net change in land 
cover classes has  resulted in a considerable increase in bare 
land and mining areas, and a decrease in built-up areas, 
water bodies, and forest areas.
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4. Discussion

The analysis of LU/LC change indicates significant 
declines in forest cover derived from 2,493 hectares in 2012 
to 2,081 hectares in 2024. Simultaneously, mining activity 
has rapidly and dramatically increased from 137 hectares in 
2012 to 396 hectares in 2024. The findings of the present 
study show that coal mining activities have rapidly destroyed 
forest cover in Saleki RF during this time. Furthermore, 
the One Man Commission of Inquiry Report presented by 
Justice Brojendra Prasad Katakey (Katakey, 2021) supports 
the majority of these findings by indicating that the extent 
of encroachment by mining activities is vast in the reserved 
forest. There has been a similarly alarming trend noted in 
the BP Katakey report in areas occupied by mining in the 
reserve forest, which has increased significantly from 183 
hectares in 2003 to a shocking 1,043.2 hectares in 2020, with 
a disproportionate increase from 2018 (474.7 ha) to 2020 
(1,043.2 ha). This is suggestive of the significant decreases 
in tree cover, and increases in mining area established by the 
study at hand, showing that the encroachment of coal mining 
is now a consistent trend in underwent encroachment into 
the reserved forest. Nonetheless, the One Man Commission 
of Inquiry Report provided an extrapolated estimation on 
the extent of non-coal mining areas (estimated in hectares) 
within the reserve forest. Based on the report’s classification 
of mining activity and the estimates, the Environment and 
Forest Department, Government of Assam, provides a 
preliminary estimation and has mentioned the need for a 
scientific study on the issue (Katakey, 2021).

Moreover, the analysis on forest canopy density in the 
Saleki Reserve Forest offers very an encouraging picture of 
recovery from 2018 and ending in 2024. The earlier years 
showed a clear trend of significant degradation, particularly 
in the open forest and scrub forest classes. The most recent 
data are very promising, showing high levels of regrowth, 
primarily in moderately to highly dense forest classes. There 
was a huge increase in highly dense forest cover across the 
region, even in the affected mining areas. Mining sites are 
either demonstrating some success of planned re-growth 
efforts or significant natural evolution. The recovery of 
highly dense forest areas and other classes of forest canopy 
throughout these historically disturbed spaces is promising, 
since it shows that conservation and rehabilitation strategies 
have been able to address and reverse the deleterious effects 
of anthropogenic influences such as mining. Not only that, 
but increases in forest composition, density, and canopy 
coverage demonstrate that human-assisted or unassisted 
forest management efforts can positively contribute to and 
support equitable transitions towards future ecological 
stability.

The study results align with existing literature on the 
impacts of coal mining on forest ecosystems. Studies have 
consistently shown that coal mining leads to widespread 
deforestation, habitat destruction, and environmental 
degradation (Goswami, 2015). The findings of this research 
also support the notion that the expansion of coal mining 
and coke coal industries is a significant driver of LU/LC 
dynamics (A. Mishra et al., 2022). Furthermore, the role of 

labor migration and settlement expansion in contributing to 
land cover alteration is consistent with the existing literature 
(Kutir et al., 2022). However, this study provides new 
insights into the specific context of Saleki RF, highlighting 
the need for localized solutions to address the land-use 
transformations driven by coal mining in this region.

5. Conclusion

Statements and Declarations

This study demonstrates that coal-mining expansion 
has been a dominant driver of land-use and land-cover 
transformation in and around the Saleki Reserve Forest, 
leading to substantial forest degradation, a reduction in 
water bodies, and an expansion of bare land. Landscape-
level indicators confirm continuous and intensifying 
anthropogenic pressure, particularly in active mining 
lease areas, while localized declines in some mining zones 
suggest spatially uneven extraction dynamics. At the same 
time, recent canopy-density patterns indicate early signs 
of forest regeneration on degraded lands, highlighting 
ecological resilience where direct disturbance has slowed. 
Despite minor spectral limitations in differentiating mining-
related land classes, the classification accuracy provides 
confidence in the observed trends. Overall, the findings 
underscore the urgent need for integrated land-use planning, 
stricter enforcement of environmental regulations, adoption 
of sustainable mining and reclamation practices, and 
continuous monitoring to balance resource extraction with 
long-term ecological stability.

Future work can better connect ecological and socio-
economic factors and generalize findings by  incorporating 
SAR and multi-temporal data, with site validation within a 
longitudinal cross-site design.
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Abstract

1. Introduction 

2. Literature Review

The phenomenon of climate change has been shown to 
pose escalating risks to arid and semi-arid regions. Saudi 
Arabia, in particular, has been identified as being among 
the most vulnerable of these regions. This vulnerability is 
attributed to a combination of factors, including extreme 
heat, limited water resources, and rapid socio-economic 
development. [1, 2] In recent decades, rising temperatures, 
erratic rainfall, and declining humidity have had deleterious 
effects on water supplies, agriculture, and human health [3–
6]. This assertion is corroborated by findings from regional 
assessments by the IPCC AR6 [7] and WMO [8], which 
substantiate increased climate variability and exposure to 
extremes throughout the Arabian Peninsula.

To characterize climate variability, researchers 
commonly apply the Mann–Kendall test

In conjunction with Sen’s slope estimation method, a 
robust, nonparametric trend-detection approach is employed. 
[9–11]. These univariate approaches are often complemented 
by multivariate and decomposition techniques, such as for 
seasonal trend decomposition, there is the Loess (STL) 
method [12], the Empirical Mode Decomposition (EMD) 
method [13], and the Principal Component Analysis (PCA) 
method [14,15]—which collectively reveal non-linear 
dynamics, seasonal cycles, and co-variability among climate 
variables. [14,15]—help isolate non-linear patterns, seasonal 
signals, and multivariate interactions. Structural break. 
The identification of abrupt regime shifts is critical for 

Trend detection via MK and Sen’s slope is well-
established for non-normal climate data [1,2], with 
applications confirming long-term warming across the 
Middle East [6,7]. However, linear trends often miss abrupt 
shifts, necessitating structural break methods, like Pettitt’s 
test and Bai–Perron segmentation [9–11]. Rodionov’s regime 
shift detection further captures sequential transitions in 
non-linear systems [18,20], though its use in the Arabian 
Peninsula remains limited [20,21].

understanding non-stationary climate behavior. Such shifts 
are identified by detection techniques, including Pettitt and 
Bai–Perron methods [16–18].

Despite these advances, the majority of studies in 
Saudi Arabia remain univariate or short-term, lacking an 
integrated framework that simultaneously addresses trends, 
breakpoints, and multivariate dynamics over multi-decadal 
scales [5,19]. This discrepancy impedes the integration of 
evidence-based practices. policy formulation under national 
strategies like Saudi Vision 2030.

To address this, we present a comprehensive analysis 
of the Saudi climate from 1950 to 2023, using ERA5 data, 
integrating trend detection, structural change diagnostics, 
and multivariate decomposition. Our goal is to reveal hidden 
patterns, confirm regime shifts, and provide actionable 
insights for climate adaptation in one of the world’s most 
sensitive arid regions.

Keywords: Climate change; ERA5; EMD; PCA; Multivariate Statistical; Saudi Arabia; STL; Structural break; Trend analysis
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Understanding climate change dynamics in Saudi Arabia is vital given the region’s acute exposure to rising temperatures, 
water scarcity, and ecosystem vulnerability. This study applies an integrated multivariate statistical framework to identify 
persistent climate patterns, abrupt regime transitions, and the temporal evolution of climatic states over 1950–2023, 
leveraging ERA5 reanalysis datasets. Our analytical approach integrates the non-parametric Mann–Kendall test and Sen’s 
slope estimator for trend quantification, the Pettitt and Bai–Perron algorithms for breakpoint detection, and a combined 
PCA–EMD framework to uncover latent multivariate dynamics and non-linear oscillations.

The results reveal a significant warming trend with a major structural breakpoint in 1995, indicating a transition to a warmer 
climate regime. Relative humidity and precipitation show greater variability, with potential shifts around 1970. PCA clearly 
separates thermal and hydrological signals, while STL and EMD reveal cyclic patterns that are not apparent in traditional 
analyses. These findings highlight the importance of incorporating climate regime shift detection into national adaptation 
strategies under Saudi Vision 2030, particularly water security, agricultural resilience, and public health planning in arid 
regions.
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Multivariate approaches, such as PCA reduce 
dimensionality while revealing dominant climate modes 
[22,23]. Decomposition tools (STL, EMD) separate trends, 
seasonality, and noise, enabling deeper insight into intrinsic 
variability [24,25]. Yet, the combined application of these 
methods— particularly alongside breakpoint detection—is 
rare in Saudi climate studies [26].

This study bridges that gap by fusing these techniques 
into a unified framework, offering a holistic view of Saudi 
Arabia’s evolving climate structure over seven decades.

3. Methodology 
3.1 Data Description

3.4 Principal Component Analysis (PCA)

3.5 Decomposition and Regime Clustering 

3.2 Study Area

3.3 Trend Detection 

We used ERA5 reanalysis data (1950–2023) for near-
surface temperature (TAS), relative humidity (HURS), 
and total precipitation (PR). While ERA5 offers high 
spatiotemporal resolution, uncertainties in arid regions—
particularly pre-1979—arise from sparse observational 
constraints and model smoothing [27]. Precipitation 
estimates may be less reliable at local scales, warranting 
cautious interpretation.

“Given the strong interdependence among temperature, 
humidity, and precipitation, we employed Principal 
Component Analysis (PCA) on standardized annual 
anomalies to isolate the dominant orthogonal modes of 
climate co-variability [14,29].” Components were retained 
based on the Kaiser criterion (eigenvalue >1) and scree plot 
inspection

•	 PCA was conducted on the standardized matrix X 
of variables:

                                                                       (1)

W is the eigenvector matrix, and Z is the projection onto 
principal components.

•	 Eigenvalues λi represent the variance explained by 
each component:

                                                                         (2)

•	 Scree plots and the Kaiser criterion (λ>1). Following 
standard practice, we retained only components that 
met the Kaiser criterion (λ > 1) and exhibited a clear 
elbow in the scree plot, ensuring a parsimonious yet 
informative representation of climate variability 
[13].

STL decomposed the series into trend, seasonal, and 
residual components. EMD generated Intrinsic

Mode Functions (IMFs) to capture multi-scale 
oscillations

                                           (3)

Decomposition Components:

The time series is partitioned into three additive 
components:

Where:

Tt the long-term trend, capturing secular changes.

St the seasonal cycle, representing periodic 
fluctuations.

Rt the residual, reflecting unexplained noise or extreme 
events [30].

Intrinsic Mode Functions via EMD:

To capture non-linear and non-stationary oscillations, 
we applied Empirical Mode Decomposition (EMD) is a 
technique that adaptively decomposes the signal into a set 
of Intrinsic Mode Functions (IMFs). —each representing a 
distinct temporal scale of variability.

                       (4)

K-means clustering was applied to the PCA scores to 
group years into climate regimes. The clustering minimizes: 
[31]

             (5)

Where   is the centroid of the cluster Ci.

Saudi Arabia (16°–32°N, 34°–56°E) spans diverse 
climatic zones: hyper-arid deserts (central), humid coastal 
zones (Red Sea), and mountainous highlands (Asir). This 
heterogeneity increases climate sensitivity and requires 
regionally nuanced analysis.

To quantify long-term changes in Saudi Arabia’s 
climate, we applied the Mann–Kendall non-parametric 
trend test, which is robust to non-normality and outliers 
commonly found in climatic time series [9,10]. The statistical 
significance of each trend was evaluated at the 5% level (p 
< 0.05). Concurrently, the magnitude of temporal trends 
was quantified using Sen’s slope estimator. This estimator 
provides a distribution-free estimate of the median annual 
rate of change. This estimate offers a physically interpretable 
metric for policy-relevant assessment [16]. 

The map shows the main cities (Riyadh, Jeddah, and 
Asir) and the major climatic zones (arid, coastal, and 
mountainous). It provides a geographic reference for the 
subsequent multivariate statistical analysis of structural 
climate shifts. The base map and climate data are sourced 
from the Copernicus ERA5 Reanalysis (C3S, 2023) [28].

Figure 1. Study Area Map of Saudi Arabia (1950–2023)
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3.6 Operational Framework and p-value Interpretation
All tests used p-values to assess significance:

We considered results statistically significant when p < 
0.05, implying rejection of the null hypothesis of no trend or 
no breakpoint; otherwise, the null hypothesis was retained.

Separate time series plots for (A) TAS, (B) HURS, and 
(C) PR (1950–2023), each with trend line and fixed axis units

Temperature showed a significant upward trend (τ 
= 0.722, p < 0.001, slope = +0.043°C/year). Humidity and 
precipitation exhibited non-significant declines (p > 0.05). 

4. Results
4.1 Trend Analysis Results 4.4  Principal Component Analysis (PCA)

4.3 Spatial Climate Patterns (Moved from Section 5.1 per R2)

4.2 Structural Break Detection

To evaluate long-term directional changes, we 
implemented the non-parametric Mann–Kendall test 
alongside Sen’s slope estimator—a robust combination for 
trend detection in non-normally distributed climate data — 
to assess monotonic trends in temperature, humidity, and 
precipitation from 1950 to 2023. The results of the trend 
detection are summarized in Table 1.

The biplot illustrates the present study seeks to examine 
the relationship between the variables of temperature, 
humidity, and precipitation) and the principal components. 
The vectors show how the variables correlate with each 
principal component, with temperature and humidity closely 
aligned along the first component.

Principal component analysis (PCA) was employed in 
this study to distill the multivariate climate record into its 
dominant modes of variability, focusing on the interplay 
between temperature, humidity, and precipitation

This table lists the loadings of the first two principal 
components for each climate variable. It provides insight into 
how much each variable contributes to the overall climate 
pattern. For example:

•	 PC1: 0.72 for temperature, -0.59 for humidity, and 
0.34 for precipitation, indicating that temperature 
and humidity contribute strongly to the first 
principal component.

•	 PC2: -0.50 for temperature, 0.82 for humidity, and 
-0.29 for precipitation, suggesting that PC2 mainly 
represents a pattern of humidity variations.

“The first principal component (PC1) accounts for 
nearly 70% of the total variance, reflecting a dominant mode 
that couples moisture-related variables (HURS and PR) in 
opposition to temperature (TAS).” 

This figure displays the eigenvalues of the first several 
principal components. The scree plot helps determine the 
number of components to retain for further analysis. It shows 
a clear elbow after the second component, suggesting that 
the first two components explain the preponderance of the 
observed variability in the data, which is attributable to the 
aforementioned factors.

Regional analysis reveals contrasting trends:

Riyadh shows the strongest warming and drying, likely 
influenced by urbanization.

The analysis revealed significant changes in temperature 
and humidity between 1980 and 1995. These breaks mark 
shifts in climate patterns that could correspond to large-
scale atmospheric events such as El Niño, or regional 
environmental changes

CUSUM and Pettitt’s tests were used to identify structural 
shifts in the climate data. Significant breakpoints were 
detected in temperature and humidity, while precipitation 
showed no change in variance across time.

Table 1. Trend Detection Results

Table 3. Spatial Climate Summary (1950–2023)

Table 4. PCA Loadings and Variance

Table 2. Structural Change Detection Results

Variable Kendall Tau p-value (Trend) Slope

TAS 0.721914 1.018778e-19 0.043255

HURS -0.101500 2.009930e-01 -0.011263

PR -0.141059 7.539951e-02 -0.197888

Figure 2. Trends of Temperature, Humidity, and Precipitation Over 
Time

Figure 3. PCA Biplot

Variable Break Year (Pettitt) p-value

TAS 1995 <0.001

HURS 1970 0.191

PR — 0.117

Region Latitude / 
Longitude

Mean 
TAS (°C)

TAS Trend 
(°C/decade)

Mean 
PR (mm)

PR Trend 
(mm/yr)

Riyadh 24.7°N, 46.7°E 27.1 0.35 11 -2.1

Jeddah 21.5°N, 39.2°E 28.3 0.28 53 0.8

Asir 18.2°N, 42.5°E 23.9 0.18 29 1.5

Component TAS HURS PR Explained Variance

PC1 -0.437 0.629 0.642 69.50%

PC2 -0.897 -0.353 -0.264 24.90%
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4.5 Decomposition of Climate Variables

4.6 Statistical Interpretation

This set of plots illustrates each variable’s trend, seasonal, 
and residual components. In addition to the general trends, 
extreme climatic events such as heat waves and sudden 
rainfall have become more prevalent, especially during the 
summer. These events significantly exacerbate regional 
water scarcity and require deeper consideration for effective 
resource management.

While trend analysis highlights long-term changes, 
it is also crucial to address extreme climate events, such 
as heatwaves, droughts, and intense rainfall, which have 
significant environmental impacts. Though not always 
captured in long-term trends, these events are key. It is 
imperative to comprehend the dynamics of climate variability 
and the associated risks. The increasing frequency of extreme 
heat and fluctuating precipitation patterns, leading to floods 
or droughts, exacerbates pressures on water resources and 
agriculture. The decomposition of temperature, humidity, 
and precipitation data reveals that while trends offer an 
overall perspective on climate change, the residuals unveil 
the sporadic nature of these extremes. It is imperative that 
future research concentrate on extreme event analysis using 
extreme value theory. Climate risks are better understood, 
and targeted adaptation strategies are developed.

We decomposed each climate variable using STL to 
extract trend, seasonal, and residual components, with 
results displayed in Figure 4

The results indicate clear long-term temperature trends, 
with a consistent upward shift, suggesting global warming in 
the region. Humidity, however, slightly declined over time, 
possibly due to regional changes in atmospheric moisture 
content. On the other hand, precipitation did not exhibit a 
clear trend, decadal timescales.

 The structural breaks detected in temperature and 
humidity suggest that climate regimes in Saudi Arabia 
shifted around 1980 and 1995, respectively. These shifts 
could be linked to global climate events such as the El Niño 
Southern Oscillation (ENSO) or regional phenomena such as 

statistically expected once every 10 or 50 years, respectively.

Heatwave Frequency Indicator

A heatwave was defined as any month in which the 
temperature exceeded 35 °C. Using this definition, we found:

- A total of 38 heatwave months occurred from 1950 to 
2023.

- A noticeable increase in frequency over the last two 
decades, particularly in 2010 and 2016, each of which 
recorded two extreme months, both years aligned with 
intense El Niño phases.

GEV analysis indicates a 10-year return level of 35.7 
°C for extreme heat. Heatwave months (>35°C) increased 
after 2000, peaking during El Niño years (2010, 2016). 
STL and EMD revealed low-frequency oscillations and 
residual extremes that trends alone did not capture.

Figure 4. Decomposition of Temperature, Precipitation, and 
Humidity

Figure 5. GEV Distribution with 10- and 50-Year Return Levels

Figure 6. Temporal Trend in Heatwave Months (>35°C)

4.5.1 Extreme Climate Events Analysis
While long-term trends reveal gradual climate shifts, 

extreme events, such as heat waves, pose immediate 
threats to ecosystems, health, and infrastructure. We used 
the Generalized Extreme Value (GEV) distribution to 
quantify these events, analyzing annual maxima of monthly 
temperature data (tas) from 1950 to 2023.

GEV Fit and Return Periods

The GEV model was fitted to the annual maximum 
temperatures to estimate return levels for rare, high-
temperature events. The analysis revealed that:

- A 10-year return level corresponds to approximately 
35.72 °C

- A 50-year return level is around 36.58 °C.

These thresholds indicate extreme heat events that are 
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the Arabian Peninsula monsoon.

PCA confirmed that temperature and humidity are the 
primary drivers of climate variability in the region, while 
precipitation plays a secondary role. The decomposition of 
climate variables further supports these findings, with the 
trend components showing clear changes in temperature 
over time, and the seasonal components highlighting the 
strong influence of seasonality on humidity.

Synthesis

•	 The analysis confirms robust warming in 
temperature trends, both statistically and 
structurally.

•	 Moisture variables (HURS, PR) behave 
differently: they are less stable but interrelated, 
possibly influenced by short-term climatic events 
and hydrological cycles.

•	 The multivariate structure (via PCA) reveals 
two principal axes of variability: temperature and 
moisture dynamics.

This multivariate representation supports the hypothesis 
of a regime shift in the mid-1990s.

interannual variability—a feature also noted in studies 
from Kuwait and the UAE [Ahmad & Shahid, 2022].

The inverse TAS–HURS relationship (Fig. 8) suggests 
intensifying aridity, with implications for

evapotranspiration and soil moisture.

Critically, these findings align with Saudi Vision 2030’s 
sustainability goals. The 1995 shift

coincides with accelerated urbanization and water 
demand, urging integration of climate

breakpoints into:

•	 Water security: Prioritize non-conventional sources 
(desalination, reuse).

•	 Agriculture: Shift to drought-resilient crops and 
precision irrigation.

•	 Public health: Implement heat action plans in cities 
like Riyadh.

The spatial contrasts (Table 3) further demand region-
specific policies—e.g., flood management

in Asir vs. drought resilience in central regions.

The PCA biplot (Fig. 6) visualizes how climate variables 
interact and change over time... Years post-1995 (highlighted 
in red) cluster separately from earlier years, suggesting a 
structural shift

Figure 7. Scree Plot for PCA

Figure 8. PCA Biplot

5. Discussion

6. Conclusion and Recommendations
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Abstract

1. Introduction 
The failure of Federal, State, and Local Governments, 

especially the Lagos State Water Corporation (LWC), to 
provide adequate water has forced Akoka residents in Lagos 
State to rely on groundwater (borehole water). Water, a 
transparent, tasteless, odorless, and colorless substance, 
is essential for life and socio-economic development, 
supporting food production, sanitation, and ecosystems 
(Talabi andKayode, 2021). Water sources are classified 
as -groundwater, such as boreholes, wells  and surface 
water, including streams and reservoirs (Nnaji et al., 2016). 
Water from these sources serve domestic, agricultural, and 
industrial needs, each requiring specific quality standards 
to ensure safety and suitability (Saheed et al., 2021).

Akoka, located in  Lagos Mainland Local Government 
Area, is a culturally diverse community with ethnic groups 
such as the Yoruba, Igbo, and Hausa, reflecting Nigeria’s 
multicultural identity (Adeyemi, 2017). Bordered by Bariga, 
Shomolu, and Gbagada, it is known as a hub of academic 
excellence in Lagos State. The presence of a major university 
has spurred the growth of small and medium - sized 
businesses like cybercafés, shops, and transport services, 
boosting the local economy (Adeniran, 2019).

Groundwater in Akoka is primarily sourced from 

Lagos Lagoon and is part of the coastal aquifer system, a 
vital groundwater reserve in the region (Adeyemi, 2017). 
Boreholes typically access deeper confined aquifers, known 
for better water quality than shallow ones (wells). Due to the 
Lagos State Water Corporation’s (LWC) inability to meet 
growing demand, residents increasingly rely on borehole 
water as a more dependable alternative to the often erratic 
municipal supply (Lagos State Ministry of Water Resources, 
2020; University of  Lagos, 2018).

Groundwater contamination by heavy metals, such as 
Copper (Cu), Zinc (Zn), Nickel (Ni), Cadmium (Cd), and 
Lead (Pb), along with other Physicochemical parameters, 
has become a significant environmental and public health 
concern in and around a tertiary institution in the Akoka 
area of Lagos State, Southwestern Nigeria. Even at low 
concentrations, long-term exposure to these metals 
poses serious health risks (Krishna et al., 2009). These 
contaminants originate from both natural and anthropogenic 
sources, including industrial activities, mining, agriculture, 
and improper waste disposal (Nawab et al., 2017; Bharati 
and  Bhatnagar, 2018). Borehole water, polluted with 
these metals, may lead to serious health sicknesses, 
such as cancer, hypertension, gastrointestinal bleeding, 
neurological disorders, reproductive issues, and lung 
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This study assessed the quality of borehole water in and around a tertiary institution in Akoka, Lagos State, Nigeria, by 
analyzing Heavy metals and Physicochemical parameters. Forty (40) Borehole water samples were collected from ten 
locations per  month between June and November, 2023. Samples were digested with HNO₃ and analyzed using Atomic 
Absorption Spectrometry (AAS). Results showed that Lead (Pb) (1.22 - 3.44 mg/L) and Cadmium (Cd) (0.019 - 0.023 mg/L) 
exceeded WHO and NIS limits, while Zinc (Zn) (0.1015 -  0.1489 mg/L) remained within safe levels. Copper (Cu) and Nickel 
(Ni) were not detected. Pb (94%) was the most abundant metal, and Zn (4.98%) was the least. Kosoko Drive (KD) had the 
highest contamination, while Onos Hostel(OH) had the lowest. Physicochemical parameters - pH (4.50 -  6.83), temperature 
(29.2 - 30.1°C), total dissolved solids (106.2 - 436.7 mg/L), electrical conductivity (207 - 876 µS/cm), dissolved oxygen (4.18 - 
5.09 mg/L), biological oxygen demand (0.38 - 1.10 mg/L), and chemical oxygen demand (2.48 - 5.24 mg/L) met WHO and NIS 
standards, although the water was acidic. Correlation analysis revealed a  positive relationship between Heavy metals and 
Physicochemical parameters. Pollution indices (HPI, PI, MI) confirmed significant contamination. Therefore, the borehole 
water is polluted and unsafe for drinking or domestic use without adequate treatment. 
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diseases (Lu et al., 2015; Nkpa et al., 2018). Lead is harmful, 
especially to  children, as it can cause developmental delays, 
learning difficulties, and behavioral issues even at low 
levels of exposure (WHO, 2017). Adults, exposed to lead 
over time, may suffer from kidney damage, respiratory and 
skin problems, hypertension, and cognitive decline (Khan   
and   Hanjra, 2009). Nickel, commonly found in industrial 
areas, especially in stainless steel and battery production, is 
a known carcinogen and often enters groundwater through 
industrial waste or plumbing. Copper contamination 
arises from corroded pipes, agricultural fungicides, and 
industrial discharges, leading to gastrointestinal problems 
in the short term and liver and kidney damage in the long 
term (Schaeffer and Frantzen, 2001). Zinc and Cadmium, 
mainly from mining, smelting, and battery production, also 
pollute groundwater and can cause kidney damage (WHO, 
2017). Various laboratory methods are used to detect 
and quantify these metals in groundwater, they  include 
inductively coupled plasma mass spectrometry (ICP-MS), 
flame atomic absorption spectrometry (FAAS), graphite 
furnace atomic absorption spectrophotometry (AAS-
GF), and direct extraction/air acetylene flame methods 
(Faisal et al., 2014; Rahmanian et al., 2015). In addition 
to metal concentrations, physicochemical parameters, 
such as pH, temperature, turbidity, electrical conductivity 
(EC), total suspended solids (TSS), total dissolved solids 
(TDS), biological oxygen demand (BOD), chemical oxygen 
demand (COD), and dissolved oxygen (DO) are essential in 
assessing groundwater quality (WHO, 2011; Edwin et al., 
2015). Deviations from WHO standards suggest pollution or 
environmental imbalance. For example, abnormal pH levels 
may signal acidic or alkaline contamination, while high EC 
and TDS indicate an excess of dissolved salts or pollutants. 
High levels  of  BOD and COD  point  out  to  organic or 
chemical contamination that could threaten aquatic life and 
public health (Tchounwou et al., 2012; Nriagu and Pacyna, 
1988).

While numerous studies have assessed Heavy metals 
and Physicochemical parameters in groundwater across 
Lagos State and other areas  of  the world (Ezeribe et al., 
2012; Behailu et al., 2017; Adefemi   and  Awokunmi, 2010; 
Shigut et al., 2017; Popoola et al., 2019), limited literature 
exists specifically in  the Akoka area, with  no  literature  
particularly  in  and  around a major  tertiary institution 
located there (Adeniran, 2019; Olawole, 2015). Akoka 
was selected for this study due to its access to academic 
resources (Adeyemi and Ayodele, 2018), a diverse student 
population (Okunade and Olamide, 2017), a multicultural 
environment (Afolayan and Olumide, 2020), opportunities 
for collaboration (Anibueze, 2020; Oloyede and Abiola, 
2022), and the presence of technological innovation 
(Abiodun and Madu, 2020). The influence of the institution 
on local developments (Uche and  Bakare, 2021) also makes 
it a suitable case study. This research aims to assess the 
levels of heavy metals-Copper (Cu), Zinc (Zn), Nickel (Ni), 
Cadmium (Cd), Lead (Pb), and physicochemical parameters 
in borehole water and determine its safety for human 
consumption and domestic use without prior treatment.
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2.  Materials and  Methods:
2.1 Description of  Study Area/ Sampling Locations

2.2 Selection of  Sampling Sites/ Locations

2.3 Sampling  and  Sample Collection

This study was conducted in and  around a  tertiary 
institution in  Akoka  Area of  Lagos State,  Southwestern 
Nigeria.  (N 6⁰ 30’ 00”   and   E 3⁰ 23’ 00”E  - N 6⁰ 31’ 30”  
and E 3° 24’ 30”). The  area  is located in the center of  Lagos 
metropolis and is low-lying with variations in terrain relief, 
which makes it susceptible to flooding during rainfall. The 
study area includes Chapel (CH), Makama hostel (MAH), 
Moremi hostel (MH), Eni-Njoku hostel (EH), human 
resource (HR), Onos hostel (OH), Kosoko drive (KD), 
Anglican church (AC), Omitogun Onike (OO), and Mountain 
of  Fire Ministry Onike (MFO).

Ten (10) Sampling sites  were  carefully chosen based 
on   anthropogenic activities that may impact on  the  water 
quality  in  and  around  a  tertiary  institution  in  Akoka  
Area  of  Lagos -  State,  Southwestern-Nigeria. A Global 
Positioning System (GPS) device was used  to  record  the 
coordinates  for  each sampling site.(GPS 76S Garmin)).

Ten borehole water Samples were collected in  and  
around  a tertiary  institution  in  Akoka  Area  of  Lagos-
State,  Southwesternn - Nigeria. Sampling was carried out 
for six months (June - November, 2023) and the samples were 
collected four times per month. The borehole water samples 
were collected with the aid of plastic bottles that has been 
previously washed and rinsed thoroughly with distilled water 
and suspended at one end to dry. The sample containers 

Figure 1. GIS  Map  showing  the   Sites   and  Concentrations  of  
Heavy metals  and  Physicochemical  parameters  in  the  Study Area.



were first washed three times with each water sample 
before collection and the containers were tightly covered 
and labelled with appropriate identification codes. After 
collection, the samples were transported in an ice chest to 
the laboratory and analyzed for Heavy metals concentration 
(Cu, Zn,  Ni, Cd,  and  Pb)  and  physicochemical parameters 
(pH, T0C, TDS, TSS, EC, DO, BOD, and COD). 

laboratory. Then, the  initial dissolved oxygen  (i.e. day zero 
(0) was measured using a portable dissolved oxygen meter 
(DO METER) and the values were recorded. Thereafter, the 
samples were incubated for five days in a dark cupboard, and 
date and time of incubation were noted. After incubation, the 
final dissolved oxygen (i.e. the quantity of oxygen used by 
the microbes within the five days) was measured using the 
same dissolved oxygen meter (DO METER) and the values 
were recorded. (APHA, 2017; U.S. EPA, 1993; Aliyu et al., 
2018).

The Biological Oxygen Demand (BOD) were calculated, 
thus:

 BOD (Mg/L) for day 5 =  Final DO5 -  Initial DO1

Ojiodu et al. / JJEES (2026) 17 (3): 370-383372

2.4.1 Digestion  of  Water Samples  for  Heavy metals Analysis 

2.5.1 Procedure for  the  Measurement  of  Temperatute,   pH  
and  Electrical  Conductivity (EC)

2.5.3 Procedure for  the Measurement  of  Chemical  Oxygen  
Demand(COD) 

2.5.4 Procedure  for  the Determination  of Total  Suspended  
Solids (TSS)

2.5.5  Procedure  for  the Determination  of Total  Dissolved  
Solids (TDS)

2.5.2 Procedure  for  the Measurement  of  Dissolved (DO) and 
Biological Oxygen Demand(BOD)

Borehole water samples were thoroughly shaken, and 
100 mL of each was transferred to a 250 mL Pyrex beaker. 
Ten milliliters of concentrated HNO₃ were added, and the 
solution was gently heated and evaporated to about 20 mL. 
Then, 5 mL of concentrated HNO₃ and 5 mL of H₂O₂ were 
added, and the beaker was covered with a watch glass. The 
mixture was further heated until white fumes evolved and a 
clear solution formed. After cooling to room temperature, 
distilled water was added, and the solution was filtered using 
Whatman paper. The filtrate was transferred into a 100 mL 
volumetric flask, diluted to the mark with distilled water, 
mixed well, and stored in polypropylene bottles for analysis. 
Heavy metals (Cu, Zn, Ni, Cd, and Pb) were analyzed using 
an Agilent 240AA Atomic Absorption Spectrophotometer. 
All samples, including blanks and standards, were treated 
similarly. Triplicate analyses were performed for accuracy 
and precision (APHA, 2017; AOAC, 2000; Ajiwe and 
Eboagu, 2021).

The temperature, pH, and electrical conductivity of the 
water samples were determined by collecting 50 mL of each 
sample into a 100 mL beaker. The instrument used was an 
Adwa (AD 8000) pH/Conductivity/Temperature meter. 
The meter was inserted into the beaker, and readings were 
recorded. Electrical conductivity was expressed in µS/
cm according to the machine’s manual instructions. The 
meter was standardized using deionized water by inserting 
the electrodes into it. The water samples were analyzed for 
conductivity by immersing the probe in the beaker containing 
each sample, and the readings were taken (APHA, 2017; U.S. 
EPA, 2009; Baird et al., 2017; Perpetual et al., 2022). 

Chemical Oxygen Demand were determined using 
open reflux. 50.0 mL of each borehole water samples and 
distilled water (blank) were measured and transferred in a 
round bottom flask. 1g of Mecuric sulphate (HgSO4) and 
25.0 mL K2Cr2O7 (0.00417M) were added and mixed. This 
was followed by slow addition of 75ml of Concentrated 
Tetraoxosulphate (vi) acid to the mixture. It was then heated 
at reflux for 2 hours and allowed to cool. The cooled solution 
was diluted with 350 ml distilled water and then cooled to 
room temperature. Then the excess Potassium dichromate 
(K2Cr2O7) in it was determined by titrating with 0.25 M 
Ferrous ammonium sulfate (FAS) using Ferroin indicator. 
A blank determination as above was done using 50ml of 
distilled water. (APHA, 2017;. U.S. EPA, 1983; Sawyer et  al., 
2003; Ovonkimwen, 2020). 

The Chemical Oxygen Demand (COD) were calculated, 
thus:

COD (mg/L)    = 

Where: A =   mL of Ferrous ammonium sulphate (FAS) 
used for the blank; B =   mL of  FAS used for the sample;

M =  Molarity of the FAS. :

Total Suspended Solids (TSS) were obtained 
gravimetrically by filtration. An aliquot (100ml) of the 
water sample was filtered through dried pre-weighed 0.45 
filter paper placed in a Buchner funnel. After wards, the 
filter paper was over dried at 1050c for one hour. Then the 
filter paper was cooled and weighed. The difference in filter 
paper weight before and after was used to calculate the total 
suspended solid. (APHA, 2017; U.S. EPA, 1979; Sawyer  et  
al., 2003; Arafat et al., 2021). 

The Total Suspended Solids (TSS) were thus:

TSS (mg/L) = (final wt  - initial wt) × 1000 / amount of  
the sample  taken.

Total Solids (TS) and Total Suspended Solids (TSS) were 
determined before calculating Total Dissolved Solids (TDS). 
A 100 mL borehole water sample was evaporated in a dish 

The collected borehole water samples were tied in a 
black nylon immediately after collection to prevent light 
from penetrating into it and it was transported to the 

2.4 Laboratory  Analysis

2.5 Analysis  of  Physicochemical  Parameters

All chemicals and reagents (Tetraoxosulphate (vi) acid 
(H2SO4), Trioxonitrate (v) acid (HNO3), Hydrochloric acid 
(HCl), Mercuric sulphate (HgSO4), Potassium dichromate 
(K2Cr2O7), Distilled water, Ferroin indicator, Ferrous 
ammonium sulphate (0.25 M FAS), Ethanol, Hydrogen 
peroxide) used for the laboratory analysis were of  analytical 
grade and purchased from  Lazco Scientific in  Lagos, 
Lagos - State. Nigeria. Laboratory analysis were conducted 
inside the Analytical  Chemistry  Laboratory of  the College 
Central Research Laboratory,Yaba College of  Technology, 
Yaba - Lagos, Nigeria.



over a water bath. The residue was dried at 106 °C in an 
oven, cooled, and weighed. This process was repeated twice 
to achieve a constant weight. The difference in weight before 
and after drying gave the TS value. TDS was calculated by 
subtracting TSS from TS. (APHA (2017);U.S.EPA (1979)). 

The Total Dissolved  Solids (TDS) were calculated  thus:

TDS (mg/L) = Total Solids (TS) - Total Suspended Solids 
(TSS):
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2.6  Statistical  Analysis  
The Mean, Standard deviation, Analysis of variance 

(ANOVA) and Pearson’s Correlation Coefficient Analyses 
were conducted. Significant differences  in Heavy metals and 
Physicochemical parameters were compared using Duncan 
Multiple Range Test (DMRT), a post - ANOVA method 
for identifying which group means differ significantly. 
Differences were indicated using superscripts (a, b, etc.) 
in Table 1. The results showed no significant relationship 
(p > 0.05) between Heavy metals and Physicochemical 
parameters across all sites, except for electrical conductivity, 
which showed a significant correlation. (Table 1).
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3.  Results and Discussion
3.1 Heavy metals  in  Borehole water Sample

Copper (Cu) is an essential heavy metal that supports 
bodily functions but becomes toxic at high levels. It can enter 
drinking water from copper pipes, industrial waste, or algal 
control additives. Cu may cause nausea, vomiting, diarrhea, 
and liver or kidney damage at high concentrations (Peter 
and Funmilayo, 2016). In this study, Cu was not detected 
in any of the water samples, possibly due to the absence of 
copper-related anthropogenic activities in the sampling areas 
(Figure 1). 

Zinc (Zn) was the least abundant Heavy metal in the 
analyzed water samples, with concentrations ranging from 
0.1015 mg/L to 0.1489 mg/L and an average of 0.1199 mg/L. 
The highest concentration was recorded at Chapel (CH), while 
the lowest was at Onus Hostel (OH). All  Zn concentrations 
were below the permissible limits set by WHO (2015) and 
NIS (2007), with no significant differences between   the 
sites (p > 0.05). The high levels  of   Zn  at  CH  may  results 
from  natural  sources  or anthropogenic activities, such as 
the use of fertilizers and wood preservatives. Zinc, though 
essential for human and plant health, can cause stomach 
pain, vomiting, fever, fatigue, and diarrhea  at toxic levels 
(Hassan, 2016). At moderate levels, Zinc is generally non-
toxic (Peter and Funmilayo, 2016). Zinc enters groundwater 
through industrial processes, including the galvanic and 
battery industries, or from Zinc-containing fertilizers (Gopi 
et al., 2023; Bux et al., 2022) (Table 2). 

Nickel (Ni) was not detected in all the borehole water 
samples (Table 2), likely due to the absence of sources such 
as steel alloys, electroplating, batteries, electronics, and 
related industrial or household activities at the sampling sites 
(Rashid et al., 2021).

Cadmium (Cd) concentrations in the analyzed water 
samples ranged from 0.019 to 0.023 mg/L, with an average 
of 0.019 mg/L. EH has the highest Cd  levels, while MAH  
had  the lowest (Table 2). All borehole water samples in the  
study  sites  have average values exceeding the maximum 
permissible limit for Cd in drinking water (WHO, 2015; NIS, 
2007).



The high concentration of Cd in the borehole water 
samples resulting from galvanized steel pipe corrosion, 
leaching of contaminated soil, or industrial discharges 
involving plastics and fertilizers in the study  area  may  cause 
lung damage, severe stomach pain, vomiting, and diarrhea 
(Yusuf et al., 2018). There were no significant variation in Cd 
concentrations across the study sites (p > 0.05). 

Lead (Pb) was the most abundant Heavy metal in the 
analyzed water samples, with concentrations ranging from 
1.22 to 3.44 mg/L and an average of 2.50 mg/L. The highest 
level was recorded at KD (3.44 mg/L), while the lowest was 
at OH (1.22 mg/L) (Table 2). All the borehole  water   samples  
have  the  Pb levels  exceeding the maximum allowable 
limits set by WHO (2015) and NIS (2007), indicating serious 
contamination (Table 2). The high concentrations of Pb 
resulting from  nearby mechanic workshops and fuel leakage 
from cars and generators could  be  due to anthropogenic 
activities such as traffic congestion, vehicle emissions, and 
leaching of Pb - containing waste into groundwater(Figure 
2). There is no significant differences in Pb concentrations  
across the  study  sites (p > 0.05).

Lead exposure poses serious health risks, including 
cancer, nervous system damage, and brain disorders (Yusuf 
et al., 2017).(Figure 1). High exposure may also lead to 
anemia, muscle weakness, and stomach pain (Alani et al., 
2014). Even at lower levels, Pb  can  harm children’s mental 
and physical development, causing learning disabilities and 
seizures. The findings underscore the need for urgent water 
treatment and regulation of lead - emitting activities in  the  
study area. The high concentrations of  Pb, Zn, and Cd in the 
borehole water samples indicate significant contamination. 
In contrast, the absence of Cu and Ni suggests minimal 
sources or the water’s inability to retain these metals. While 
Cu and Ni were not detected, the concentrations of Pb, Zn, 
and Cd were  comparable to values reported in  previous  
studies  in different cities/locations  of the  world, with  Pb 
being  higher (Table 3). Although, the Physicochemical 
parameters in the study area fall within WHO (2015) and 
NIS (2007) permissible limits, the values were generally 
lower than those reported in similar studies from other cities 
or locations in the world. (Table 4).

 Figure 2. Line graph Showing the Concentrations of heavy  metals  and  physicochemical  parameters in  the  study  Area.

S/N SAMPLE 
CODE pH

Temp
HEAVY METALS

TDS TSS EC DO BOD COD
Cu Zn Ni Cd Pb

°C mg/L mg/L mg/L µs/cm mg/L

1 CH 5.04 29.4 ND 0.1489 ND 0.022 3.16 162.0 0.011 323 4.36 0.91 3.72

2 MFO 5.30 30.1 ND 0.1192 ND 0.020 2.90 187.1 0.008 370 4.41 0.38 2.84

3 MAH 5.88 29.3 ND 0.1281 ND 0.019 1.85 106.2 0.007 254 4.58 0.42 3.32

4 MH 5.23 29.4 ND 0.1175 ND 0.020 2.18 151.9 0.006 306 5.09 0.47 3.08

5 EH 6.06 29.5 ND 0.1321 ND 0.023 3.07 177.1 0.017 353 4.71 0.86 2.48

6 HR 4.50 29.7 ND 0.1094 ND 0.021 2.52 126.5 0.014 207 4.18 0.69 3.08

7 KD 6.13 29.4 ND 0.1131 ND 0.021 3.44 436.7 0.028 876 4.47 0.91 5.24

8 AC 6.50 29.5 ND 0.1222 ND 0.020 3.25 176.2 0.010 348 4.51 0.83 3.72

9 OH 5.12 29.2 ND 0.1015 ND 0.021 1.22 319.1 0.019 640 4.60 1.10 4.84

10 OO 6.83 29.4 ND 0.1062 ND 0.020 1.38 117.6 0.008 233 4.67 0.90 3.64

MEAN 5.66 29.5 ND 0.1199 ND 0.019 2.50 196.04 0.013 391 4.56 0.75 3.60

WHO, 2015 6.5 - 8.5 30- 32 2.00 5.00 0.02 0.003 0.01 500 <1000 5 6 10

NIS, 2007 6.5 -  8.5 30 - 32 1.00 3.00 0.02  0.003    0.01 500   1000 3 - 5 1.34 32.0

Table 2. Average Mean  Concentration  of  Heavy metals   and  Physicochemical  parameters of   Borehole Water in  and  around  a  tertiary  
institution  in   Akoka  Area  of  Lagos - State, Southwestern - Nigeria.

ND = Not detected

Ojiodu et al. / JJEES (2026) 17 (3): 370-383374
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The variations in  heavy metal levels  and  Physicochemical  
parameters  when  compared  with   previous  studies 
in different cities/locations of  the world may be due to 
differences in human activities (waste burning/dumping), 
environmental policies,  and technology use. The distribution 
pattern of  heavy metals in the sampled borehole water 
follows the order: Pb > Zn > Cd, with mean concentrations 
of 2.50, 0.1199, and 0.019 mg/L respectively. Kosoko Drive 
(KD) (3.57 mg/L) was the most polluted site, while Onos 
Hostel (OH) (1.34 mg/L) was the least (Figure 3). The high 
pollution levels in KD may result from vehicular emissions 
and mechanic workshops, releasing metal particles and 
petroleum products into the environment. The trend   and  
Percentage  contribution of  each  site to  pollution  are  as  
follows: KD > AC > CH > EH > MFO > HR > MH > MAH > 
OO > OH (Figure 4). There were   significant differences  in  
heavy metal levels across the sites (p < 0.05). These findings 
align  with  similar studies by Okorie et al., 2024;  Igbemi 
et al., 2019;  Popoola et al., 2019; Opaluwa et al., 2020; and 
Odu et al., 2020, confirming that anthropogenic activities 
significantly influence groundwater contamination.

conditions can also cause natural metals to dissolve, resulting 
in acid mine drainage and elevated metal concentrations in the 
water (Kitt, 2000).

Temperature is an important factor influencing metabolic 
activities, gas solubility, chemical reaction rates, and the 
distribution of aquatic organisms. In this study, borehole water 
temperatures ranged from 29.2°C to 30.1°C, with the highest 
value at MFO and the lowest at OH. These temperatures likely 
reflect   the prevailing environmental and climatic conditions 
during sampling (Gebresilasie et al., 2021). All the borehole 
water  temperature values were within the permissible limits 
set by WHO (2015) and NIS (2007). There was no significant 
difference in temperature across the study sites (p > 0.05). 
High water temperature will  accelerate chemical reactions 
in aquifers, such as rock weathering, leading to the release of 
chemical contaminants. It can also reduce dissolved oxygen 
(DO) levels, potentially affecting aquatic ecosystems (Hassan 
et al., 2016; Maliki et al., 2020; Gebresilasie et al., 2021). Thus, 
monitoring temperature is essential for assessing water quality 
and its potential effects on both ecosystems and human health. 

Total dissolved solids (TDS) are key indicators of drinking 
water quality. In the borehole samples, TDS ranged from 106.27 
mg/L at MAH to 436.7 mg/L at KD, averaging 196.04 mg/L 
(Figure 5).  High TDS may  result from accumulated organic 
and inorganic solids, which can reduce water portability and 
cause gastrointestinal irritation or laxative effects. Therefore, 
the high  TDS value  in  borehole  water  may be aesthetically 
displeasing for bathing and washing (Vincent, 2016). All TDS 
values in this study were within permissible limits set by 
WHO (2015) and NIS (2007), with no significant differences 
across sites (p > 0.05). TDS levels were consistently higher  
than  total suspended  solids (TSS) at  all locations (Kaizer 
and Osakwe, 2010) (Figure 6). High TDS levels may indicate 
groundwater contamination from wastewater discharge into 
ponds and pits (Baloguru and Senthi, 2013). 

Figure 3. Line graph showing the distribution of heavy metals  in 
the  study  area.

Figure 4. Percentage contribution of heavy metals and  
Physicochemical properties in each site.

Figure 5. Line graph showing the distribution of  Physicochemical 
parameters

Figure 6. Line graph  Showing  the  Levels  of TDS  and  TSS   in  
the  Study  Area

3.2 Physicochemical  Parameters  of  Borehole Water Sample
pH is a measure of the acidity or alkalinity of a solution, 

ranging from 0 to 14. In this study, borehole water pH ranged 
from 4.50 to 6.83, with an average of 5.66. The highest pH 
value was recorded at site OO, which  was within WHO 
(2015) and NIS (2007) standards  limits, while the lowest 
was at HR, falling below the acceptable limit (Table 2). Most 
water samples were acidic and below permissible limits, 
posing potential health risks. Acidic water can lead to the 
formation of carbonic acid in the body, making blood acidic 
and potentially harming health (Raji et al., 2019). There is   no  
significant differences in pH values  of   the  borehole  water  
samples  across   the   study  sites (p > 0.05). The acidity 
of groundwater may be due to factors, such as increased 
temperature, high CO₂ concentrations from global warming, 
acidic soils, surrounding bedrock, and acid rain. Acidic 
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TSS is vital in determining water quality (Ndefo, 2011). 
It affects water clarity, so the higher the TSS value in a water 
source is, the lesser the clarity will be (WHO, 2017). The 
total suspended solids (TSS) values in the borehole water 
samples ranged from 0.006 mg/L at MH  to 0.028 mg/L at  
KD, with an average value of  0.013 mg/L. In this study, the 
recorded   results  showed  that  TSS  values were below 
the acceptable limit for drinking water quality(WHO, 2015; 
NIS, 2007). There is  no significant difference in  TSS levels  
in  the  study  sites.(p > 0.05). 

Electrical conductivity (EC) measures water’s ability to 
conduct electricity. It is determined by the presence of ionic 
species (Gebresilasie et al., 2021; Nriagu and Pacyna, 1988). 
Higher ion concentrations result in higher conductivity 
(Christine et al., 2018). EC values in this study ranged from 
207 μS/cm at HR to 876 μS/cm at OH, averaging 391 μS/
cm (Figure 7). All samples were within permissible limits 
set by WHO (2015) and NIS (2007) for drinking water. EC 
is directly related to total dissolved solids (TDS) because 
it reflects the ionic content of water, which determines its 
electrical conductivity (Figure 7). As TDS increases, ionic 
strength rises, causing higher EC values. High EC indicates 
contamination from dissolved ions, as EC is proportional to 
total dissolved solids (Gebresilasie et al., 2021). Monitoring 
EC helps assess water quality and detect possible pollution.

Dissolved oxygen (DO) is a key water quality indicator, 
reflecting contamination levels. Low DO suggests microbial 
contamination or chemical corrosion in the aquifer 
(Gebresilasie et al., 2021). DO concentrations ranged from 
4.18 mg/L at HR to 5.09 mg/L at MH, averaging 4.56 mg/L. 
All the  DO values  in   the  borehole  water  samples  were 
within  acceptable limits (WHO, 2015; NIS, 2007) except   at  
MH, which slightly exceeded the limit (Table 2). There was  
no  significant difference in DO levels across  all  the  sites 
(p > 0.05) (Table 1).

Biological oxygen demand (BOD) measures oxygen 
used by microorganisms to decompose organic matter, while 
chemical oxygen demand (COD) measures oxygen needed 
to oxidize both biodegradable and non-biodegradable 
materials. The BOD values  in the borehole  water  samples  
ranged  from 0.38 to 1.10 mg/L and COD from 2.48 to 5.24 
mg/L, both were  below permissible limits (WHO, 2015; 
NIS, 2007). There were  no significant differences  in BOD 
and COD levels across the study sites (p > 0.05) (Table 1).

Figure 6. Line graph  showing  the  relationship between  EC 
against  TDS 

3.3 Assessment  of  Pollution  Status  of  Borehole Water  Samples  
through Water Quality  Indices

Water quality indices is a comprehensive tool used to 
assess water quality according to all metals present (Adano 
et al., 2023, Giri and Singh, 2014; Yadav et al., 2015).). To 
assess the pollution status, three water quality  indices were 
applied  this include: Heavy metals pollution index (HPI), 
Pollution index (PI), and Metal Index (MI).

The mean HPI value was found to be 6232.91 which were 
far above the critical value of 100. This value indicates that 
the water from the study  area is highly polluted with respect 
to Heavy metals and therefore unsuitable for consumption 
and domestic use. 

3.3.1 Heavy Metal Pollution  Index (HPI)

3.3.2 Pollution Index (PI).

The Heavy Metal Pollution Index (HPI) is a ranking 
method used to assess the combined impact of individual 
heavy metals on overall water quality (Mohammed et al., 
2014). The characterization of  the borehole water from the 
study area with the use of the Heavy Metal Pollution index  
gives value to be compared with the critical value to evaluate 
the level of pollution (Yusuf et al., 2018) (Table 5).   

PI provides information on the relative pollution 
contributed by each sample. When the critical value is greater 
than 1.0. It shows a significant degree of pollution whereas 
value less than 1.0 indicates no pollution. The results showed 
high PI values for Cadmium (Cd) at 6.9 and Lead (Pb) at 
247.3, both exceeding 1.0, indicating significant pollution 
(Ajiwe and Eboagu, 2021) (Table 6).

Table 5. Mean of Heavy Metal  Pollution  of  Borehole Water Samples in   and  around  a  Tertiary  Institution  in  Akoka  Area  of  Lagos 
- State,  Southwestern - Nigeria.

S/N Heavy metals
Mean   

Concentration 
MC (mg/L)

Highest  
Permissible  
value( Si), 

(NIS, 2007)

Unit 
weightage

(Wi)
Wi   = 

Sub index
Qi   =  Wi × Qi

1 Zinc (Zn) 0.11982 3.0 0.333 3.994 1.330

2 Cadmium(Cd) 0.0207 0.003 333.333 690 229999.77

3 Lead (Pb) 2.473 0.01 100 24730 2473000

4 Copper(Cu) ND ND ND ND ND

5 Nickel ND ND ND ND ND

HPI=  = 6232.91 ∑Wi=433.666 ∑Wi  Qi 
=2703001.1
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 In contrast, Zinc (Zn) had a pollution index of 0.02, 
suggesting no pollution. Since, the values of PI of  Pb and 
Cd were above 1.0, suggesting that  the  borehole water 
samples if consume  may cause serious health risks because 
the higher the values of PI,  the higher the rate of  the hazard 
risk on the human body (Girl and Singh, 2015).

3.3.3 Metal index (MI)
The Metal Index (MI) assesses the impact of heavy 

metals on human health and overall drinking water quality 
(Caeiro et al., 2005). The higher the concentration of a metal 

is when compared to its respective MAC value, the worse 
the quality of water will be. MI value > 1 is a threshold of 
warning (Yusuf et al., 2018). The MI values for Zn, Cd, 
and Pb are 0.02, 6.9 and 247.3 respectively, while Ni and 
Cu were not detected. The MI values for the Heavy metals 
showed that the water is seriously polluted with Pb and Cd. 
MI for the study area indicates low quality water with value 
254.2 (Table 7). Therefore, the borehole water samples   in  
the study area are considered unsafe for consumption and 
domestic use (Caerio et al., 2005).

Table 6. Pollution Index (PI) of Borehole water Samples

Table 7. Metal index (MI) 

Table 8. Water Quality Classification using MI (Caerio et al., 2005)

S/N Heavy metals Mean Concentration W.H.O Limit (2017) PI = Concentration
Standard

1 Zinc (Zn) 0.11982 5.0 0.02

2 Cadmium(Cd) 0.0207 0.003 6.9

3 Lead (Pb) 2.473 0..01 247.3

4 Copper (Cu) ND ND ND

5 Nickel (Ni) ND ND ND

∑PI    =  254.22

S/N Heavy metals Meanة Concentration MC Highest Permitted Limit 
(WHO,  2017)

    1  Zinc  (Zn) 0.11982 5.0 0.02

     2       Cadmium (Cd) 0.0207 0.003 6.9

     3 Lead (Pb) 2.473 0.01 247.3

     4 Copper (Cu) ND ND ND

      5 Nickel (Ni) ND ND ND

∑MI     =     254.2

Metal index (MI) Characteristics Class

< 0.3 Very pure 1

0.3 – 1.0 Pure 11

1.0 – 2.0 Slightly affected 111

2.0 – 4.0 Moderately affected 1V

4.0 – 6.0 Strongly affected V

>6.0 Seriously affected VI

3.4 Correlation Coefficient  Analysis.
Pearson’s significant correlation analysis  was  employed 

to evaluate the relationship between  the  concentrations  of   
heavy  metals  and  physicochemical parameters  in  and  
around  a  tertiary  institution  in Akoka  area  of  Lagos-State.  
The correlation  coefficient  values   range  from 0.052  to 
0.946. There is  a   positive significant  relationship between  
each  of  the  heavy  metals (p < 0.05) (Kaizer  and Osakwe 
(2010); Zhang et al. (2021). Similarly, there  is  a   positive 
significant  relationship  between   each  of  physicochemical 
parameters (p < 0.05)(Orebiyi  et  al. (2022). Generally,  here  
is  positive significant   relationship  between   the  heavy  
metals  and  physicochemical parameters (p < 0.05) (Table  
9).
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4. Conclusion
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Although the physicochemical parameters were below 
acceptable limits (WHO, 2015; NIS, 2007), Cu and Ni 
were absent, and Zn levels were within permissible limits. 
However, Pb and Cd levels exceeded the limits. Water 
quality indices (HPI, PI, MI) confirmed significant heavy 
metal pollution in borehole water samples in and around a 
tertiary institution in Akoka, Lagos, Nigeria. This indicates 
that the water is unsafe for consumption and domestic use. 
Additionally, the study showed the need to neutralize the 
borehole water, which is mostly consumed for drinking, due 
to its acidic nature.
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