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ABSTRACT 

Assessing variations in water depth at a dam is highly beneficial for dam managers, as it enables more 

effective management of sluice gates and improves the planning and coordination of emptying and 

dredging operations. In this context, our study aims to analyze the spatial variability of water depth 

based on a sample of 44922 bathymetric survey data points measured at the Ghrib dam level. Initially, 

an exploratory analysis was performed, during which outliers were removed. Four semivariograms 

fitting models were then tested: Exponential, Spherical, Circular and Gaussian. Model performance 

was assessed using cross-validation tests, including mean error (ME), mean square error (MSE), root 

mean square error (RMSE), standardized mean error (MSE) and standardized root mean square error 

(RMSSE). The Gaussian model yielded the best results and was thus selected for interpolation using 

ordinary kriging. The resulting bathymetric map highlighted distinct classes representing estimated 

water depths within the Ghrib dam reservoir. The minimum water depth was estimated at 

approximately 18 meters, with a maximum of around 53 meters, which corresponds to the maximum 

water depth observed at the dam wall (near the dike). This bathymetric map serves as a valuable 

decision-making tool. However, while the kriging technique proved effective in this study, it would be 

advisable to generate multiple bathymetric maps using alternative interpolation methods, such as 

universal kriging, IDW, or spline, and to validate the most accurate map by comparing the results of 

these different approaches. 
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1. INTRODUCTION 

Dam siltation is a critical issue for managers worldwide, particularly in semiarid regions such as 

North Africa. This phenomenon, which has been extensively studied in several works (Hairan et al., 

2023; Hallouz and Meddi, 2022; Remini and Mokeddem, 2018), results from the accumulation of 

sediments caused by soil erosion in watersheds and riverbank undercutting during floods. Moreover, 

it poses a significant challenge for dam managers, as it progressively reduces dams' adequate storage 

capacity and can obstruct sluice gates, thereby reducing the operational dam lifespan (Remini and 

Toumi, 2017). It also significantly threatens water quality, ecological stability and sustainable 

resource management (Rashid and Pandit, 2023). A precise assessment of sedimentation levels is 

imperative to accurately characterize the scale of this phenomenon and to develop effective 

management strategies. Bathymetric surveys represent a fundamental methodology in this context. 

These surveys involve measuring reservoir depths to estimate sediment accumulation, which is crucial 

for determining the reduction in reservoir capacity over time (Mekonnen et al., 2022; Endalew and 

Mulu, 2022). Additionally, they facilitate the creation of digital seabed models that illustrate depth 

distribution across the reservoir (Pike et al., 2019). These models support both basic and advanced 

analyses, including the development of predictive maps for various seabed and water column 

phenomena (Zhu et al., 2020; Biernacik et al., 2023). However, the quality and reliability of the 

collected data can be influenced by environmental conditions, water clarity, and bottom reflectivity. 

These factors introduce variability and randomness in bathymetric measurements (Kelvin Kang and 

Mohd Razali, 2021). Consequently, bathymetric survey data are often regarded as random variables 
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due to inherent fluctuations and inconsistencies in the collected information (Makar, 2023; Wróbel et 

al., 2023; Wilson et al., 2022). This data exhibits spatial correlation, which can be effectively captured 

through geostatistical methods (Santra and Adhikary, 2021). The basic approach involves identifying 

and quantifying the spatial structure of the variables of interest, followed by estimating these variables 

based on neighbouring values, whilst accounting for their spatial structure  (Maliva, 2016). This 

process also aims to detect, analyze, quantify, and model the spatial covariance of observations, 

providing a deeper understanding of spatial relationships in the data (Mälicke, 2022). Integrating 

geostatistical methods into a GIS environment streamlines the tasks associated with numerical 

methods, thereby rendering complex geostatistical approaches more accessible and visually intuitive 

within GIS software (Deutsch, 2021). This integration enhances the efficiency and accuracy of spatial 

data analysis and modelling (Yoo, 2018) and is further boosted by recent advancements in computing 

technology (Triki et al., 2014). Geostatistics provides robust tools to characterize the spatial properties 

of natural phenomena (Isaaks and Srivastava, 1989), while GIS software complements these 

capabilities by incorporating spatial modeling functionalities through specialized extensions 

(Thomas, 2003). The Geostatistical Analyst extension in ArcGIS is a case in point, offering an 

exploratory spatial data analysis module that facilitates data visualisation and analysis using statistical 

techniques (ESRI, 2014). This extension provides a wide array of spatial modeling functions, enabling 

the detection of trends, identification of outliers, and the exploration of spatial correlations within the 

data (Johnston et al., 2001). Among the most commonly used geostatistical methods for spatial 

prediction, ordinary kriging stands out as one of the most popular and accurate techniques for 

interpolating spatially varying data (Rojimol et al., 2021). This method has been extensively applied 

across various fields of environmental science worldwide (Arétouyap et al., 2016; Gharbia et al., 

2016). In the context of water resources management, ordinary kriging is regarded as an indispensable 

tool for interpolation and spatial estimation (Adhikary et al., 2015; Gupta et al., 2017). It has been 

effectively used to predict water quality indices at unobserved sites, enabling the precise mapping of 

spatial distributions (Khana et al., 2023), and to estimate rainfall at unmeasured locations, thereby 

enhancing the accuracy of hydrological modeling (Adhikary et al., 2016). Furthermore, it has proven 

instrumental in accurately predicting groundwater levels, reducing errors in numerical models, 

enhancing monitoring efforts, and producing precise maps of the potentiometric surface (Asadi and 

Adhikari, 2022). Accurate interpolation is also vital for compiling bathymetric maps in water depth 

studies (Ivan, 2021). Ordinary kriging has been used to generate such maps, outperforming 14 other 

interpolation methods in a comparative analysis of bathymetric survey data. The results revealed that 

ordinary kriging produced the most accurate predictions, with validation demonstrating the lowest 

root mean square error (RMSE) among the tested interpolators (Šiljeg et al., 2015). Its effectiveness 

was further confirmed through cross-validation, where eight statistical parameters were evaluated, 

establishing ordinary kriging as the most reliable geostatistical interpolation method for producing 

bathymetric maps (Šiljeg et al., 2016; Alcaras et al., 2020).  

In this context, the ordinary kriging technique was used to produce a representative bathymetric 

map, enabling the determination of water depth at any point on the Ghrib dam's surface. This dam is 

considered one of the most silted in Algeria (Benkaci et al., 2018). Since its construction in 1939, its 

storage has significantly decreased due to sedimentation issues, decreasing from 280 hm³ to 115.32 

hm³ in 2004, which corresponds to a sedimentation rate of 58.81% (ANBT, 2004). In 2006, the dam's 

embankment was raised by 4.5 meters, increasing its capacity to approximately 195.32 hm³ (Le Blanc, 

2006). According to bathymetric surveys carried out in 2019, the reservoir capacity was estimated at 

approximately 169.35 hm³ at a normal water level of 432 meters (ANBT, 2018). Several variogram 

models were tested using the cross-validation method. ArcGIS software enabled the selection of 

various functions (Circular, Spherical, Exponential, Gaussian and Linear) to model the empirical 

semivariogram when applying the kriging tool (Ivan, 2021). The performance of the ordinary kriging 

interpolation was subsequently assessed through statistical indices such as the mean absolute error 

(MAE) and root mean square error (RMSE) (Khan et al., 2021). This research enhances the 

understanding of sedimentation dynamics in Algerian reservoirs while highlighting the effectiveness 

of integrating geostatistical methods with GIS tools to address environmental challenges. 
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2. STUDY AREA  

The Cheliff Ghrib catchment (Fig.1) constitutes one of eleven sub-watersheds within the Upper 

and Middle Cheliff (Benkaci, 2020), which in turn are part of the larger Cheliff-Zahrez basin, covering 

more than 22% of northern Algeria's land area (ABH., 2004). The catchment is situated approximately 

100 km south-west of Algiers, between 2°25’ and 3°45’ east longitude and between 35°45’ and 36°00’ 

north altitude, with an average altitude of 895 m (Mokhtari et al.,2023). The watershed of Ghrib is 

elongated in shape along the axis of the mainstream, draining an area of 1378.67 km2 with an average 

altitude of 895 m (Benallal et al.,2024). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

Fig. 1. Geographic location of the Cheliff-Ghrib sub-basin in Algeria. 

 

The Ghrib sub-watershed is characterized by a strong and diverse relief (Fig. 2).  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Fig. 2. Shuttle Radar Topography Mission (SRTM) image of the Cheliff-Ghrib sub-watershed. 
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In the southeastern region, mountains reach elevations of up to 1604 meters. In contrast, in the 

central part of the watershed features valleys with gentle slopes and relatively low altitudes, extending 

up to the dam. The Ghrib is a rockfill dam located on the Cheliff river, approximately 20 km southwest 

of the Ain-Defla city (Benkaci and Ghecham, 2021). It is part of the Cheliff-Ghrib sub-watershed and 

serves as a fundamental structure for the development of the Cheliff Valley. The dam is designed for 

irrigation, drinking water supply, and the transfer of water to the Bouroumi dam, with a regulated 

annual volume of 105 million cubic meters (ANBT, 2018). A reduced model of the Ghrib dam is 

depicted in Fig. 3. 

 

Fig. 3.  Ghrib dam scale model 1:50 (Photo. Remini, 2019) . 

 

At the Ghrib dam reservoir, a significant increase in liquid inflows was observed, particularly 

during the years 2018-2019 (Fig. 4). In this period, the average annual capacity loss was estimated to 

be approximately 3.6 hm3/year, based on the results of the most recent bathymetric surveys. 

 

 

 

 
 

 

 

 

 

 

 

 

Fig. 4.  Annual mean liquid inflows variation at the Ghrib Dam. 

3. DATA AND METHODS 

3.1. Bathymetric data 

To achieve our objectives, we utilized the hydro-climatological network and water quality 

monitoring map for northern Algeria, produced by the National Institute of Cartography and Remote 

Sensing in Algiers. The map was digitized and georeferenced based on the Lambert conformal conic 

projection for the northern region of Algeria, and it was particularly useful for delimiting our study 

area (Benkaci, 2020). The spatial water depth variation within the Ghrib dam reservoir was analyzed 

based on bathymetric surveys, provided in Excel file format (with coordinates: latitude x, longitude 

y, and depth z). The data file was visualized using ArcGIS software, as shown in Fig .5 
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Fig. 5. Visualisation of bathymetric depths measured at the Ghrib dam in 2019. 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 6.  Characteristics curve: (a) Height-capacity curve; (b) Height-Surface curve. 

400

405

410

415

420

425

430

435

440

0 10 20 30 40 50 60 70 80 90 100 110 120 130 140 150 160 170 180 190 200W
a

te
r
 h

e
ig

h
t 

E
le

v
a

ti
o

n
(m

)

Capacity (hm3)

GHRIB 2019

Ghrib 2004

405

410

415

420

425

430

435

0 100 200 300 400 500 600 700 800 900 1000 1100 1200 1300 1400 1500 1600

W
a

te
r
 h

e
ig

h
t 

E
le

v
a

ti
o

n
 (

m
)

Surface    (hm2)

GHRIB 2019

Ghrib 2004

(a) 

(b) 

 



166 

 

The Excel file of bathymetric data allowed us to plot height- capacity and height - surface curves 

(Fig. 6). These curves represent the water volume stored in the reservoir, accounting for accumulated 

sediment. They can be used for reservoir operation, flood routing, and determining capacity and 

discharge at different elevations (Tobgay, 2014). The stability of these curves over time is influenced 

by the accumulation of solid deposits within the reservoir. The general appearance of the curves 

depicted in the Figure 7 does not reveal any specific features related to relief irregularities. However, 

a proportional evolution of the storage surface and capacity of the Ghrib dam can be observed from 

2004 to the most recent bathymetric surveys conducted in 2019. 
 

3.2. Methodological Diagram 

 

Various treatments were performed using the "Geostatistical Analysis" tool in ArcGIS, based on 

the assumption that the regionalized variable Z (depth) is a random variable defined as a numerical 

function Z(s), where "s" is a vector consisting of three components: latitude, longitude, and depth. 

The distribution of different values across the defined area follows a random phenomenon (Benkaci, 

2020). The steps taken to complete our work are outlined in the methodological flowchart presented 

in Fig. 7 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 7. Methodological Diagram. 

3.3. Exploratory data analysis  

The variables used correspond to the most recent bathymetric surveys conducted at the Ghrib 

dam reservoir. These data were obtained in the form of an Excel file containing 44922 values (after 

outliers were removed). The values were imported into ArcGIS software for visualization and were 

analyzed using the histogram tool (Fig. 8) and the normal QQ plot (Fig. 9) to assess their distribution 

pattern.  

Table 1 provides a summary of the statistical information for the data. To ensure accurate 

geostatistical analysis, it is important to verify the values follow a normal distribution. This 

verification can be done by checking whether the mean and median values are similar, and whether 

the skewness, also known as Pearson’s moment coefficient, is close to zero (Gundogdu, 2015; Rigby 

et al., 2019). 
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Fig. 8. Histogram of water depth distribution.                                                                 

                                                                                                Table 1.  

Experimental variogram modeling parameters. 

Statistics  Sampled bathymetry (m) 

Min value 18.59 

Max value 110.73 

Mean value 36.912 

Std. Dev. 7.4405 

Skewness 0.54331 

Kurtosis 3.6738 

1st Quartile 29.49 

Median 37.28 

3rd Quartile 41.45 

Figure 9 displays a unimodal, asymmetrical histogram, indicating that the data does not follow 

a normal distribution. The skewness value of 0.54 and kurtosis value of 3.67 confirm the rightward 

asymmetry. Furthermore, Table 1 illustrates that 25% of the values fall below 29.49 meters, 25% 

exceed 41.45 meters, and 50% of the values are centered around an average of 37 meters. This average 

represents the water depth stored in the Ghrib dam reservoir in 2019. Additionally, a standard QQ-

Plot allows us to compare the data against a normal distribution (Gundogdu, 2015). 

      The QQ plot diagram, shown in Fig. 10, reveals that the bathymetric values deviate from the 

straight line (Grekousis, 2020), indicating the presence of outliers.  

Fig. 9. QQ-Plot Diagram. 

These variations in values may result from differences in the dam's bottom topography, such as the 

presence of obstacles, sediment accumulation, erosion caused by the opening or closing of the bottom 

gates, or other factors. The main advantage of using the attribute table derived from the QQ-plot is 

that it allowed us to correct the most outlying points that deviate from the line (Fig. 10). This step is 

crucial for selecting the appropriate interpolation method, particularly ordinary kriging. 

https://www.google.dz/search?hl=fr&tbo=p&tbm=bks&q=inauthor:%22George+Grekousis%22
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Fig. 10. Correction and removal of the outlier points. 

Furthermore, the analysis depicted in Fig. 11 facilitates the identification of patterns within the 

input dataset and the selection of the polynomial order that best represents each trend (Biernacik et 

al., 2023). The results reveal a decrease in bathymetric values (z) as the Y coordinate increases, 

following a south-to-north direction.  
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 11. Spatial trend of of the bathymetric variable. 

The northern and western directions, corresponding to the dam reservoir center, exhibit a high 

point density, which gradually diminishes along the X direction (upstream of the reservoir). However, 

at the Cheliff River mouth, the values become more scattered, deviating significantly from the 

modeled lines and showing noticeably higher elevations.  The final stage of the exploratory analysis 

involved examining the variogram, which shows the correlation cloud of quadratic deviations [z(si + 

h) - z(si)] as a distance function between the experimental points (Wieskotten, 2023; Desnoyers, 

2010). 
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The variograms shown in Fig. 12 were calculated for all combinations of the regionalized 

variable corresponding to the bathymetric data collected in the Ghrib dam area. It was observed that 

the point dataset exhibited significant discontinuities at short distances (0 - 230 m), regardless of the 

direction or tolerance angle, with many isolated points present. These outliers indicate abnormal 

samples (Triki, 2014; Cardenas, 2004). Their presence hinders adequate adjustment and complicates 

the variogram analysis. Consequently, the resulting variographic surface appeared entirely uniform 

across any selected distances and directions (Cardenas, 2004). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Fig.  12.  Directional variogram and varigraphic surface for short distances. 
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At greater distances, up to 1.5 km, the variogram in Fig. 13 highlights an anisotropic structure 

with strong spatial variability in the 138° direction, with a tolerance angle of 45 °. This direction 

approximately corresponds to the water flow direction from the Oued Cheliff to the Ghrib dam 

reservoir. This anisotropy can be attributed to the irregularities in the bathymetric depths, influenced 

by the uneven bottom morphology associated with erosion and sedimentation zones. 

Fig. 13. Variogram and variographic surface. 

 

The reddish circles in Fig. 13 indicate significantly high semivariogram values for pairs of points 

that are in close proximity. These isolated values may be attributed to the high-elevation areas 

upstream of the Ghrib dam. However, a more detailed analysis is required to pinpoint the specific 

sources of these variations, which falls outside the scope of this study (Asadi and Adhikari, 2022). 

 

3.4. Model adaptation and Adjustment 

The fundamental geostatistical tool essential for implementing and selecting the interpolation 

model is the variogram (Meylan 1986). It is crucial for characterizing spatial autocorrelation in 

datasets (Seddiki and Dehimi 2023). The variogram is represented by an estimator γ (semivariogram) 

which is defined as follows (Chauvet 1992):  

𝛾(ℎ) =  
1

2
𝑣𝑎𝑟[𝑍(𝑠) − 𝑍(𝑠 + ℎ)] =

1

2
𝐸 [(𝑍(𝑠) − 𝑍(𝑠 + ℎ))

2
]                    (1) 

where:  

Z(s)                                 -observed value at the location s; 

Z(s+h)                                -value of a point at lag h from location s;  

Var [Z(s + h) − Z(s)]  -variance of the random variable [Z(s + h) − Z(s)];  

E [(Z(s + h) − Z(s))
2

]  -random variable's quadratic expectation; 

As illustrated in Fig. 14, variographic parameters consist of the following elements (Mälicke, 

2022 ; Khan et al., 2021; Seddiki and Dehimi, 2023 ; Mazzella, 2013) : 

• nugget effect (𝑪𝟎): This represents the initial variability value, which is the variance that 

cannot be explained by a spatial model. It is depicted by the semi-variance at lag h=0.  

• range (C0+C1): this is  the distance (measured in units of the horizontal axis) beyond which 

the data become completely independent, meaning the correlation between observations 

becomes zero.  
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• sill (C0+C1) : corresponding to the total variance of a spatial dataset and  is defined as the 

sum of the nugget effect (C₀) and the partial sill (C₁).  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 14.  Illustration of the variogram model parameters. 

 

The theoretical variogram (Eq. (1)) is not explicitly defined; however, it can be estimated from 

the sample data. The experimental variogram can then be derived as follows (Seddiki and Dehimi, 

2023; Malherbe and Rouïl, 2003; AbdelRahman at al.,.2021): 
                                

𝛾(ℎ) =
1

2𝑁(ℎ)
∑ [𝑧(𝑠𝑖) − 𝑧(𝑠𝑗)]

2

𝑁(ℎ)

                                                       (2) 

where:  

N(h) - number of point pairs for the lag h; 

Z(s)  - observed value at the respective location s;  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

Fig. 15. Experimental Variograms: (a) Circular Model, (b) Spherical Model, (c) Exponential Model, (d) 

Gaussian Model. 
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The spatial variation of the Z(s) values corresponding to the bathymetry is quantified by studying 

the semivariogram, which involves fitting a theoretical variogram to the experimental variogram. Four 

of the most commonly used models were tested using ArcGIS software: Circular, Spherical, 

Exponential, and Gaussian. The results are presented in Fig. 15  

The parameters of the four models fitted to these experimental variogram are illustrated in Table 2. 

Table 2.  

Experimental variogram modeling parameters. 

 

For all four models, the variogram exhibits a discontinuity at the origin (nugget effect), indicating 

that the measured bathymetric values change abruptly over short distances. This local variability can 

be attributed to random phenomena, including undetectable measurement errors arising from the 

significant distance between observations (Arnaud and Emery, 2000).  The semivariograms of the 

Exponential, Spherical, and Gaussian models demonstrate very similar ranges, with an average 

distance of 25 meters, suggesting that the variables are independent and that there is no correlation 

between the measurement points. 

4. RESULTS AND DISCUSSIONS 

4.1. Cross-validation comparison 

Once the experimental variogram has been fitted to a model with specific parameters  (nugget, 

range, etc.) (Arnaud and Emery 2000), the predictive performance of the provided models is evaluated 

through cross-validation (Boubaker et al., 2010; Seddiki and Dehimi, 2023; Selmy et al., 2022). This 

process assesses the suitability of the selected model using the experimental data and is necessary 

before generating the final interpolation surface (Biernacik et al., 2023). The principle involves 

temporarily omitting each observation in turn (using Kriging) and estimating its value based on the 

remaining neighboring data. The estimation error is then calculated at each data point and compared 

with the standard deviation of the estimates provided by Kriging (Arnaud and Emery, 2000). The four 

tested models were compared using cross-validation, and the results are presented in Fig. 16 

The performance of the kriging interpolation was then evaluated using the following prediction 

errors: mean error (ME), mean standard error (MSE), root-mean-square error (RMSE), and root-

mean-square standardized error (RMSSE) (Selmy et al., 2022; Alcaras et al., 2022; Qi et al., 2021; 

Varouchakis et al., 2022). These errors were calculated using equations (Eq. (3)), (Eq. (4)), (Eq. (5)) 

and (Eq. (6)), respectively: 

𝑀𝐸 =
1

𝑁
∑[𝑧∗(𝑠𝑖) − 𝑧(𝑠𝑖)]                                                              

𝑁

𝑖=1

(3) 

 𝑀𝑆𝐸 =
1

𝑁
∑ [

𝑧∗(𝑠𝑖) − 𝑧(𝑠𝑖)

𝛿2(𝑠𝑖)
]                                                           (4)

𝑁

𝑖=1

  

𝑅𝑀𝑆𝐸 = √  
1

𝑁
∑[𝑧∗(𝑠𝑖) − 𝑧(𝑠𝑖)]2

𝑁

𝑖=1

                                                    (5) 

Semi-variogram model Experimental Semi-variogram Nugget Range Sill 

Number of lags Lag Size (m) 

Circular  08 300 15.57 2302.338 50.4319 

Spherical 07 68 08.00 366.3397 24.37955 

Exponential 07 70 05.00 490.0000 26.43355 

Gaussian 07 100 10.00 297.4198 24.36696 

javascript:void(0)
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𝑅𝑀𝑆𝑆𝐸 = √  
1

𝑁
   ∑

[𝑧∗(𝑠𝑖) − 𝑧(𝑠𝑖)]2

𝛿2(𝑠𝑖)

𝑁

𝑖=1

                                                (6) 

where:  

Z(s)  -observed value at the respective location s; 

Z*(si) -value predicted by the model at the same location;  

N  - number of samples; 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

Fig. 16. Cross-validation comparison of the four models: (a) Gaussian and Exponential models,  

(b) Circular and Spherical models. 
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Table 3 indicates that the Gaussian model exhibits the best fit, as evidenced by the root-mean-square-

standardized (RMSSE) being close to one, and the mean standardized of the estimation error (MSE) 

being the lowest and almost zero “0”. Therefore, the Gaussian model was chosen for the kriging 

interpolation to generate the bathymetry prediction map of the Ghrib dam reservoir.  
Table 3.  

Comparison of cross-validation results for the Four tested models. 

 

Semivariogram 

model 

Mean error 

     (ME) 

Root mean square 

(RMSE) 

Mean 

standardized error 

(MSE) 

Root mean 

square standard. 

(RMSSE) 

Circular 0.3258951 5.062163 0.08890988 0. 8926796 

Spherical 0.3292862 4.963986 0.08584414 0.9599519 

Exponential 0.3028039 4.916294 0.08369646 0.9413527 

Gaussian 0.2584676 5.232621 0.06999312 0.9917264 

  

4.2. Bathymetric map creation 

  

The bathymetric prediction map for the Ghrib dam reservoir was generated using ordinary 

Kriging interpolation based on the Gaussian model (Fig.17).  

 

 
 

Fig. 17.  Bathymetric Variation of the Ghrib dam. 
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This map displays the distribution of water depths in the Ghrib dam reservoir, divided into six 

classes. The minimum estimated water depth is approximately 18 meters, while the maximum reaches 

around 50 meters. Beyond this depth, up to about 105 meters, the areas are either solid land or 

sediment layers formed due to increased erosion and sediment transport in the region. These elevated 

values correspond to the outliers identified during the exploratory analysis phase. 

This bathymetric map serves as a valuable tool for dam managers, providing detailed information 

on water depths across the entire Ghrib dam reservoir.  However, predicting these depths solely from 

a raw bathymetric survey sample can be challenging. Therefore, it is recommended to use multiple 

survey samples and validate the map’s accuracy through comprehensive comparisons and analyses.  

5. CONCLUSIONS 

This study focuses on the application of geostatistical methods integrated with geographic 

information systems (GIS) to predict bathymetric variations in the Ghrib Dam reservoir. A 

geostatistical analysis was conducted on a dataset comprising 44922 bathymetric survey points using 

the ordinary kriging interpolation technique. Four semivariogram fitting models were evaluated, and 

their performance was assessed through cross-validation. Based on the statistical parameters, the 

Gaussian model was selected to perform the interpolation operation. The resulting bathymetric map 

provides detailed insights into the water depth distribution across the Ghrib dam reservoir, revealing 

an average water depth of approximately 37 meters, with depths ranging from a minimum of around 

18 meters to a maximum of about 53 meters. The generated bathymetric prediction map is a valuable 

tool for dam managers, enabling effective monitoring of water levels and sediment accumulation over 

time. It supports better management of dam operations, such as gate control and dredging activities. 

However, generating accurate bathymetric maps from raw survey data remains challenging due to 

numerous outliers. To improve accuracy, future studies could consider subdividing the dataset and 

conducting more focused geostatistical analyses. Although ordinary kriging has proven effective, it 

may be beneficial to explore alternative interpolation methods, such as universal kriging, spline 

interpolation, or inverse distance weighting (IDW), and compare their results to develop a more 

reliable and precise bathymetric map. 
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