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Abstract 
 

Earth dams play a vital role in integrated water resource management, serving multiple purposes including 

irrigation, flood control, and water storage. Their stability is a critical aspect in geotechnical engineering, as any 

failure can result in severe consequences. This study aims to develop a machine learning model capable of 

precise predictions of slope stability of earth dams, supported by numerical simulations. To support the model, a 

dataset was generated through numerical simulations carried out in GeoStudio. It includes several important 

geotechnical parameters such as dam height, slope ratio, soil unit weight, cohesion, friction angle, pore water 

pressure, and the height of the water table. The corresponding factor of safety (FoS) was computed and used to 

train several ensemble machine learning models including support vector machine (SVM), random forest (RF), 

XGBoost, AdaBoost, CatBoost, Decision tree and GradBoost, for both classification and regression assessment. 

The performance of these machine learning models was evaluated using statistical metrics such as the coefficient 

of determination (R2) and root mean square error (RMSE). The predicted results were compared with outcomes 

of numerical simulations to justify the accuracy and reliability of the model. The findings suggest that ensemble 

learning models provide consistent and accurate predictions of FoS complementing conventional geotechnical 

analysis methods. 
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1 Introduction 
 

Earth dams are one of the oldest and most widely used hydraulic structures for water storage, flood control, 

irrigation and hydropower generation. They are primarily constructed using natural materials compacted with 

soil, rock and clay to form a stable barrier against water flow. Earth dams are being constructed consistently for 

centuries as they are cost efficient and made from readily available natural materials (Asthana, and Khare, 2022). 

Stability of earth dam mainly depends on factors like material composition, design of slope, water 

pressure.(Fawzy et al., 2024)  Among these, slope instability is a serious geological hazard. This phenomenon 

can cause loss of human lives, severe damage to infrastructure and ecological consequences. To prevent these 

kinds of failures reliable stability assessments are highly required. 

 

Limit equilibrium analysis and finite element modeling are the conventional approaches for evaluation of safety 

of slope (Kumar, Choudhary, and Burman, 2022) . In limit equilibrium method a slip surface is identified and the 

shear strength of soil is repeatedly computed based on static equilibrium of forces and moments (Huang, 2014). 

The most critical slip surface is determined through this procedure and its factor of safety is considered as the 

overall FS of the slope (Nitzsche, and Herle, 2020). In finite element method stress-strain behavior is modeling 

in the soil.(Dhadse, Ramtekkar, and Bhatt, 2020) These traditional methods consist of certain limitations as they 

depend on idealized assumptions and require some computational cost. To overcome this problem machine 

learning model has been proved as an effective alternative to provide a rapid and cost-efficient solution . 

 

This study the explores the potential of several machine learning algorithms to analyze the factor of safety (FoS) 

of earth dam slopes. In this regard Support vector machine (SVM), Random forest(RF), Extreme Gradient 

Boosting (XGboost), Categorical Boost(Catboost), Adaptive boosting(Adaboost), Gradient boosting(GradBoost), 

Decision tree (DT) algorithms has been considered to examine data integration for prediction of slope stability. 

The novelty of this research lies in developing a machine learning based early work framework enabling rapid, 

low cost and interpretable risk assessment, also providing engineers with a practical tool for dam safety 

management and disaster management.  
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2 Methodology 
 

2.1 Data generation 

In this study the training dataset was generated through a series of 400 limit equilibrium analysis conducted 

using Slope/W in GeoStudio software. The FoS and potential slip surfaces were determined using the Bishop 

method. This method performed slope stability analysis through moment equilibrium of slices(D. G. Fredlund, 

and J. Krahn, 1977) . The stability of slope is primarily influenced by three factors such as geometry, physical 

characteristics of the material and its strength properties(Henok Marie Shiferaw, 2021) (Kurnaz et al., 2024). 

These primary factors are incorporated in this study using slope ratio, cohesion, friction angle, unit weight and 

height of homogenous earth dam. 
 

2.2 Data preprocessing  

 The raw data was refined through numerical transformation, consistency checks and normalization of input 

parameters. To estimate slope stability slope ratio, cohesion, friction angle, unit weight and height of 

homogenous earth dam were assigned as input parameters. The output parameters were FoS and slip surfaces. 

The slip surface was defined using the coordinates of entry point and exit point.  

 

Table 1: Descriptive statistics of the dataset 

 

Fig. 1: Slope/W simulation in GeoStudio          Fig. 2: Correlation matrix of data 

 

2.3 Model selection 

For predicting FoS six machine learning algorithms were conducted: random forest (RF), decision tree (DT), 

support vector machine (SVM), extreme gradient boost (XGboost), categorical boost (Catboost) gradient 

boosting (GradBoost) and adaptive boost (Adaboost). These models were chosen to represent a balance between 

simple interpretable techniques (DT) and advanced ensemble approaches (RF, XGboost, Adaboost, Catboost). 

To deal with complex and high dimensional problems SVM was included. This study aims to identify the most 

reliable model to provide accurate and consistent prediction of FoS through comparison of performance.  

 

2.4 Experimental setup 

A structured experimental setup was designed to develop a precise predictive framework for slope stability 

analysis. The generated dataset from 400 GeoStudio simulations were split into three subsets: 70% for training, 

15% for testing and 15% for validation. This setup ensured the effectiveness and reliability of training of the 

models.  

 

 

Parameters Unit 

 

Max Min Mean Standard 

deviation 

Dam height m 50 30 36.06 5.55 

Slope angle Degree 45 26.56 35.08 9.29 

Cohesion  

Unit weight 

KN/m2 

KN/m3 

20 

20 

10 

16 

14.69 

18.01 

3.54 

1.61 

Friction angle Degree 15 5 9.72 3.65 

Water table m 22 18 20.04 1.61 
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2.4.1 Training Phase 

 70% of the dataset was used to teach the model about the relationship between input parameters and FoS. Each 

model learned patterns in its own way by adjusting internal parameters repeatedly to reduce errors and improve 

accuracy. 

 

2.4.2 Hyperparameter optimization  

Hyperparameter optimization was conducted to enhance and influence the performance of machine learning 

models. Grid search method was employed to evaluate predefined hyperparameter combination ensuring the 

systematic optimization process. The hyperparameter optimization process utilized correlation determination 

(R2) and root-mean-square error (RMSE) to find out best search parameter.  

 

Table 2: Optimum hyperparameters for machine learning models 
 

Models Best parameters 

Decision tree max\_depth = 5, min\_samples\_leaf = 4, min\_samples\_split = 2 

Random forest n\_estimators = 500, max\_depth = 7, min\_samples\_leaf = 4, 

min\_samples\_split = 2 

Catboost learning\_rate = 0.01, max\_depth = 3, n\_estimators = 800, subsample = 0.8, 

colsample\_bytree = 0.8, min\_child\_weight = 3, reg\_lambda = 5.0 

XGboost depth = 4, iterations = 800, learning\_rate = 0.01, l2\_leaf\_reg = 1 

Adaboost base\_estimator = DecisionTree(max\_depth=4), n\_estimators = 500, 

learning\_rate = 1.0, loss = linear 

SVM C = 100, epsilon = 0.1, gamma = 0.01 

Gradboost learning\_rate = 0.01, max\_depth = 3, n\_estimators = 800, subsample = 0.8, 

min\_samples\_leaf = 5, min\_samples\_split = 2 

 

2.4.3 Performance measures 

Co-efficient of determination (R2), root-mean-square error (RMSE), mean absolute error (MAE), mean squared 

error (MSE) and mean absolute percentage error (MAPE) were used to evaluate the predictive efficiency of 

models. 

R2 is the score that represents how well a line fix the data points on the graph. 

 

𝑅2 = 1 −
∑ (𝑦𝑟𝑒𝑓,𝑖 − 𝑦𝑝𝑟𝑒𝑑,𝑖)

2𝑛
𝑖=1

∑ (𝑦𝑟𝑒𝑓,𝑖 − 𝑦̅𝑟𝑒𝑓,𝑖)
2𝑛

𝑖=1

 

RMSE is the average distance between the models predicted values and the actual values. 

𝑅𝑀𝑆𝐸 =  √
∑ (𝑦𝑝𝑟𝑒𝑑,𝑖 − 𝑦𝑟𝑒𝑓,𝑖)

2𝑛
𝑖=1

𝑛
 

MAE is the average of all the absolute differences between the predicted values and the actual values. 

𝑀𝐴𝐸 =  
1

𝑛
∑ |(𝑓(𝑥𝑖) − 𝑦𝑖|

𝑛

𝑖=1
 

MSE is the average of the squared differences between the prediction and the actual result. 

𝑀𝑆𝐸 =  
1

𝑛
∑(𝑓(𝑋𝑖) − 𝑦𝑖)2

𝑛

𝑖=1

 

MAPE is a simple score that shows how accurate a model’s predictions are on a scale of 0 to 100%. 

𝑀𝐴𝑃𝐸 =  
1

𝑛
∑

|𝑓(𝑋𝑖) − 𝑦𝑖|

𝑦𝑖

𝑛

𝑖=1

 

3 Results and discussions 

 

3.1 Performance evaluation of the trained model 

The results which are obtained from the performance evaluation of the ML models are given below. In these 

tables models are evaluated based on several key parameters such as R2, RMSE, MAE, MSE and MAPE. 

Additionally, cross-validation was performed using the Group K-Fold approach with k=5.  
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Table 2: Performance evaluation result for validation 

 

Models R2 RMSE MAE MSE MAPE 

Decision tree 0.5647 0.2533 0.2148 0.0647 0.2760 

Random forest 0.6798 0.2173 0.1790 0.0472 0.2327 

Catboost 0.7345 0.1978 0.1493 0.0391 0.1995 

XGboost 0.7533 0.1907 0.1480 0.0364 0.1938 

Adaboost 0.6423 0.2296 0.1928 0.0527 0.2633 

SVM 0.7217 0.2026 0.1459 0.0410 0.1769 

Gradboost 0.7314 0.1997 0.1495 0.0396 0.1975 

 

Table 3: Performance evaluation result for test 

 

Models R2 RMSE MAE MSE MAPE 

Decision tree 0.5924 0.2544 0.2049 0.0647 0.2912 

Random forest 0.6899 0.2220 0.1739 0.0493 0.2568 

Catboost 0.7198 0.1629 0.2110 0.0445 0.2366 

XGboost 0.7168 0.2121 0.1663 0.0450 0.2411 

Adaboost 0.6217 0.2451 0.1944 0.0601 0.2868 

SVM 0.6439 0.2378 0.1678 0.0566 0.2417 

Gradboost 0.7596 0.1954 0.1537 0.0382 0.2204 

 

Table 4: Performance evaluation result for cross-validation (5-Fold) 

 

Models Avg. R2 Avg. RMSE Avg. MAE Avg. MSE Avg. MAPE 

Decision tree 0.3595±0.1193 0.3039±0.0262 0.2278±0.0134 0.0931±0.0155 0.27±0.0207 

Random forest 0.5805±0.1004 0.2455±0.0294 0.1827±0.0136 0.0611±0.0138 0.2233±0.0225 

Catboost 0.5321±0.1543 0.2545±0.0473 0.1980±0.0379 0.0670±0.0211 0.2417±0.0528 

XGboost 0.5422±0.1650 0.2517±0.0566 0.1951±0.0446 0.0666±0.0240 0.2414±0.0243 

Adaboost 0.4341±0.0849 0.2817±0.0207 0.2202±0.0185 0.0798±0.0114 0.2575±0.0332 

SVM 0.6283±0.1085 0.2299±0.0296 0.1676±0.2041 0.0537±0.0126 0.1924±0.0249 

Gradboost 0.6216±0.0969 0.2320±0.0186 0.1670±0.0072 0.0542±0.0085 0.2033±0.0232 

 

3.2 Success of the model in stability prediction 

The results show the gradient boosting achieved the best performance with R2=0.7596 and RMSE = 0.1954 

while CatBoost and XGBoost achieved closure result R2= 0.72 and RMSE = 0.21. These values indicate the 

model’s strong predictive power. 

 Table 5: FoS of ML models 

 
Fig. 3 : Slope/W simulation with given parameters          

 

To validate the accuracy of machine learning models and new values of dataset parameters were entered in 

GeoStudio. Slope/W analysis showed the FoS value = 1.72 and Gradient boosting also demonstrated the highest 

accuracy in predicting FoS with the value of 1.719. Other models such as CatBoost and XGBoost also provided 

reasonably accurate predictions. In contrast, Decision tree, random forest and SVM exhibited comparatively 

weaker performance. 

 

This comparative analysis proved that gradient boosting can be considered as the most reliable predictive model 

for slope stability assessment as it replicates the result of established numerical simulations while significantly 

reducing computation time. 

 

Models Factor of safety 

Decision tree 1.9243 

Random forest 1.8554 

CatBoost 1.766 

GradBoost 1.7190 

AdaBoost 1.6984 

SVM 1.8570 

XGBoost 1.7122 



                                                                      Tasnim S. Rahman, Ritika Rani Bhakta, Kamruzzaman Khan Alve, Miraz Ahmed 

ICCEI 2025 
 

901 

 

 
  

                                 

                                                                                               
 

 

         

      
Fig. 4 : Plot of actual and predicted values of FoS using various ML models 

 

The relationship between GeoStudio simulations and model predictions is further illustrated in the scatter plot 

(Fig. 4) which indicates the correlation and measures error. In gradient boosting the data points aligned closely 

with 1:1 reference line. These plots confirmed that gradient boosting can serve as a reliable model for slope 

stability analysis with minimal error. 

 

4 Limitations and future recommendations 

 

In this study database of 400 simulations were used to train the ML model which is not sufficient. Future 

research will be expanded by incorporating larger dataset. This dataset was developed using LEM including 

predefined slip surfaces under dry and homogeneous soil condition. Future investigation will include saturated 

and unsaturated soil condition enhancing real-world applications. 
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5 Conclusion 

 

This particular research demonstrated the potential of machine learning models for predicting the slope stability 

of earth dam. This research provided strong evidence that gradient boosting represent a significant improvement 

in slope stability assessment in geotechnical engineering. Traditional numerical methods such as Geostudio 

provide time consuming and complex computational results whereas ML models can predict FoS within a second 

significantly reducing the analysis time. This study shows how ML model can compliment traditional 

geotechnical method enhancing prediction accuracy and reliability. 
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