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Abstract: During the last few decades, there has been a significant advancement and widespread 
application of machine learning (ML) in slope stability analysis. ML is particularly useful when employed 
as an alternative model to increase efficiency. This study presents a systematic review of the application of 
ML classifiers in slope stability analysis, focusing on their role in improving safety and reliability. A total 
of 46 studies published within the past seven years, from 2018-2024, are reviewed to assess the efficacy of 
ML-based approaches in slope stability assessment and prediction. The review encompasses two main 
aspects: safety factor prediction and evaluation of ML algorithms in predicting the Factor of Safety (FOS) 
for slope stability. The key findings regarding the performance of ML methods are synthesized through a 
rigorous screening process utilizing the SCOPUS database and following predefined inclusion criteria 
outlined in the PRISMA model. Various ML techniques are examined for their efficacy in predicting FOS, 
a critical parameter in slope stability analysis. Performance evaluation of ML algorithms across multiple 
metrics reveals significant findings. Further, the review highlights the importance of ML in slope stability 
assessment and underscores its potential for enhancing predictive capabilities. Overall, the study provides 
insights into the advancements and challenges associated with integrating ML techniques in slope stability 
analysis, laying the groundwork for further studies and practical applications in engineering practices. 
Keywords:Slope stability; slope stability prediction; machine learning (ML); factor of safety (FOS); Slope 
reliability; systematic review 

 

1.Introduction 

The stability of slopes is an important concern that must be thoroughly examined due to their significant effect on 
nearby engineering projects [1]. Furthermore, slope collapses result in significant psychological harm, such as the 
destruction of property and loss of human life, occurring globally on an annual basis [2]. According to the Iranian 
Landslide Working Party (2007), about 187 individuals in Iran lose their lives each year due to slope failure [3]. The 
various factors that affect the slope stability are illustrated in Figure 1 given below. 

 

 
Figure 1. Factors influencing slope stability [4]. 
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Landslides are spontaneous and severe natural calamities that may exert substantial harm on neighbouring structures, 
leading to financial and human losses [5-8]. Hence, the assessment of slope stability is an essential need for preventing 
and minimizing the impact of disasters [9]. Slope stability study focuses on the examination of earth materials, 
including soil, rock, and other substances [10]. Soil is an engineering material with very intricate mechanical, physical, 
and chemical characteristics, consisting of three different stages. The geographical diversity and anisotropy of soils, 
caused by geological activity and stress history, provide challenges in examining and forecasting their behaviour. The 
saturation degree, along with other inherent characteristics of the soil, greatly influences the probability of slope failure 
[11]-[12]. Currently, several studies have tried to develop efficient models to address slope stability issues [13-15]. 
Several limitations of conventional approaches, such as the need for laboratory resources and the significant degree of 
difficulty, restrict their practical use. Furthermore, their effectiveness is limited in assessing certain slope conditions 
such as slope angle, height, groundwater level, and soil qualities, making them inadequate as a complete solution. 
Numerous quantitative solutions, finite element models (FEMs), and limit equilibrium techniques (LEMs) have been 
used to address the engineering challenge [16–19]. Partial slope stability is affected by two factors: the quantity of 
surcharges and its position from the slope's crest. Because of this, researchers have proposed an algorithm to determine 
the FOS of pure slopes or slopes subjected to a static load [20–23]. 
An effective method for evaluating slope stability has been the subject of numerous studies which led to the creation of 
design charts for a long time [24]. Still, there are some drawbacks to this method. A significant investment of time and 
resources is necessary to generate an effective design chart. In addition, it is not easy to determine the exact mechanical 
characteristics [25]-[26]. Therefore, Artificial intelligence (AI) approaches are getting more attention because of how 
fast they work and how accurate they are. 
Furthermore, the number of hidden nodes used to build ANN may be freely adjusted [27]. For instance, several 
geotechnical research has shown the effectiveness of artificial neural networks (ANNs) [28-30] and support vector 
machines (SVMs) [31]-[32]. While there has been a lot of work using different soft computing methods to assess slope 
stability [33]-[34], no research has yet addressed a thorough comparison of the models offered by different studies. 
Hence, this study presents a Systematic review of Slope stability assessment and prediction for improved safety and 
reliability.  
1.1. Slope Stability Prediction 

Forecasting the stability of slopes is a major obstacle in the field of geological and geophysical engineering [35]. When 
representing soil, rock, or mixed mass, slope stability is essential because it shows how different faults cause detachable 
masses to move downward on a slope [36]. Slope failures are a common geological calamity that happens naturally and 
is a major threat to many countries [37]-[38]. Facilities, roads, trains, infrastructures, and foundations are all vulnerable 
to the distortion of the ground that results from slope failure [39-41]. The public and individual property is damaged to 
the extent of several hundred million dollars annually, and as a result, there are always substantial social and economic 
consequences [42]-[43]. Professionals and scientists had to assess the slope's stability and determine how to prevent or 
mitigate the harm that it was causing immediately. However, there are a lot of input parameters, and the technique is 
rather complicated. There is a great deal of unpredictability in the affecting elements, which include things like the 
moisture amount in the soil, the resistance to shear of geomaterials, and the geometric structure [44]. These 
precipitating variables are used to ascertain the sliding mass's behaviour and the potential for growth of the slip surface 
on slopes. Soil particle shear durability and strength may both decrease due to weathering and erosion, which can lead 
to slope sliding [45]-[46]. 
A significant number of slope stability studies employ the Factor of Safety (FOS) as a way to generalize and assess the 
entire strength and weakness of the slope [47-49]. Precisely assessing slope stability requires a very complex calculation 
that demands significant time and effort. Various analytical and numerical methods are used to determine the FOS of a 
certain slope [50]-[51].  
1.2. Traditional Approaches in Slope Stability Analysis 

Geotechnical engineering generally employs two primary techniques for examining the physical characteristics of 
geological substances: numerical/analytical approaches and empirical approaches. Slope stability in numerical models is 
quantified as a Factor of Safety (FOS), which is determined through deterministic methods like limit analysis [52], 
finite element limit method [53], finite element method based on displacement utilized with the strength reduction 
technique [54], or finite element evaluation with the gravity increasing technique [55]. An extensively utilized 
traditional technique is the LEM [56]. However, the process involves establishing an assumption about a pre-established 
key failure surface where failure is expected to occur and then calculating the resistance force by a mathematical 
equation. Alongside LEM, finite difference method (FDM) and FEM have also evolved as advanced numerical analysis 
(NA) approaches capable of effectively addressing complex slope stability problems with higher efficiency. 
Due to the emergence of statistical approaches, various studies in geotechnics have started considering the use of 
random field theory to quantify the safety margin of slopes [57]. The simplicity, adaptability, and user-friendliness of 
the brute-force Monte Carlo simulation (MCS) approach have contributed to its rise in popularity within reliability 
assessment. In theory, the MCS could handle any issue, including sensitivity assessment, risk evaluations, and 
parameters inversions [58]. Despite this, brute-force MCS is computational and time-intensive when dealing with large 
sample sizes [59–62]. After that, RSM (the response surface technique) was suggested and subsequently utilized 
extensively [63]-[64]. Because this analytical function type substitutes the precise limit state, the number of 
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computations needed to evaluate the stability of structural systems may be drastically decreased. Despite this, numerical 
approaches are sometimes inadequate in explaining complicated real-world scenarios since they are oversimplified 
responses to realistic issues because empirical approaches may immediately provide the FOS or slope stability 
classification, which might be utilized as independent as well as dependent variables in reliability analysis. 

Despite its numerous advantages, the method does have some disadvantages, such as the lengthy period required for 
numerical simulation [65]. These methods also need precise limits that can reproduce the real-world field scenario for 
improved accuracy, which isn't always easy to establish. There is a need for a new approach that can provide faster and 
more accurate findings because of the complexity and shortcomings of current approaches [66]. 
1.3. Evolution of machine learning in slope stability 

In the last few years, researchers in the field of geotechnics started investigating ML approaches as a potential approach 
to examine slope stability. Several studies have shown promising results when employing ML-assisted stochastic 
analysis [67–71]. There has been research from a number of countries that has used ML to help in slope stability 
evaluation. Forecasting safety factors or classifying slope safety using data from field testing is a common subject of 
this research. Several slope classifications have been performed using data gathered from all across the world, [72]-[73]. 
In order to better estimate FOS, the stability study of earth slopes using predictive models benefited significantly from 
advanced technology, particularly artificial intelligence (AI). Forecasting and evaluating the FOS based on ML 
performance and specific accuracy are two goals of predictive models [74]. Machine learning algorithms use training 
data to comprehend the target data's present state, learn, and act on that acquired knowledge. 
ML models have the potential to effectively forecast the desired result in geotechnical reliability evaluations by 
identifying complicated correlations among input and output data and constructing highly dimensional nonlinear 
equations [75]. When faced with uncertainty, ML- generated surrogate models perform well. They are able to consider 
data variation, which includes soil and slope parameter variations; model variation, which includes different 
initialization values; model frameworks hyperparameters evaluation; and validation variability, which includes distinct 
indicators for evaluation. Soil mechanical characteristics and slope boundary parameters are often inputs for slope 
stability issues, with the FOS or slope stability prediction as the output [76]. 
Machine learning makes use of a wide variety of algorithms, including both shallow and deep learning approaches. The 
goal of these methods is to obtain conclusions and predictions [77]. A learning paradigm, such as supervised, 
unsupervised, or reinforcement learning, might correlate to an algorithm's learning rate, which in turn directly affects 
the accuracy of the predictions [78]. It is possible to evaluate the efficacy and precision of any algorithm by analyzing 
its performance, regardless of the learning method used for predictions [79]. Some of the benefits of ML techniques 
over more conventional statistical or analytical approaches include their high accuracy, ability to process huge datasets, 
management of incomplete data, and the fact that they do not need any starting hypotheses about input and output [80-
83]. Geotechnical engineers could employ ML approaches to avoid the drawbacks of conventional methods, such as 
heavy computing demands and the need to predict slope stability. 
The motivation behind this study lies in the pressing need to enhance safety and reliability in geotechnical engineering, 
particularly concerning slope stability. Traditional methods for assessing slope stability may fall short in capturing 
complex interactions, prompting exploration into ML techniques for more accurate predictions. The study aims to 
provide a comprehensive and insightful analysis of slope stability assessment and prediction using ML techniques, 
contributing to improved safety and reliability in geotechnical engineering practices. 
The document is organized in the following way: The opening section provides a short overview of the subject matter. 
The second section of the paper presents a review method that is used to perform the study along with the Prisma model 
which was designed to show the selection criteria of the papers systematically. Then, it proceeds with the thematic 
analysis of the literature reviews. The next section is a discussion; after this, the conclusion of the paper is offered, and 
in the last section, notations followed by a bibliography are presented. 
2. Review Methodology 

PRISMA statement is considered as the screening criteria to refine the research. The SCOPUS database has been used 
to get a comprehensive literature assessment on this phenomenon, encompassing records published from 2018 to 2024. 
This review includes all records categorized as articles, journals, and publications from the Scopus database. Table 1, 
given below, shows the keywords that are used in the Scopus database to find the papers related to the topic. 

 

Table1.SearchingKeywords 
Databases Keywordused 

Scopus ( TITLE-ABS-KEY ( "Slope stability" OR "Slope failure" OR "Slope assessment" )AND 
TITLE-ABS-KEY("Machinelearning"OR"DeepLearning"OR"ArtificialIntelligence") 
ANDTITLE-ABS-KEY("factorofsafety"OR"safetyfactor"OR"slopereliability")) 

Source:Authorsownelaboration 

 
For the literature analysis, all records, including articles, conference papers, etc., are marked countable and evaluated 
for assessment. The below-presented Table 2 exclusively examined records that met the specified inclusion and 
exclusion criteria. 
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2.1 Prisma Model 

The reviews are guided by the PRISMA Statement “Preferred Reporting Items for Systematic Reviews and Meta-
Analyses”. PRISMA demonstrates the ability to review and enables readers to understand its advantages and 
disadvantages as well as replicate review strategies. 
Figure 2 illustrates the detailed systematic procedure for data extraction. This process encompasses retrieving research 
articles, performing source analysis, filtering out irrelevant materials according to predetermined criteria, and ultimately 
examining the content of the source research papers. A specific timeframe spanning seven years (2018-2024) has been 
allocated for conducting an exhaustive systematic literature review to identify relevant papers within the topic area. The 
studies included in the review are sourced from the Scopus database, assessed as of May 3, 2024. Following the 
application of automated tools to eliminate ineligible studies based on provided keywords related to slope stability 
assessment, a total of 148 studies were identified. This number is very significant as it shows that the most relevant 
keywords are used that lead to precise results. 
Out of the 148 identified records, 26 records are excluded based on the Year, i.e., the studies previous than year 2018 
are excluded, and only 122 are considered for screening. After screening, 1 paper is excluded based on document type, 
6 papers are excluded based on publication stage, and 4 papers are excluded based on language. After exclusion, 111 
reports are then assessed for eligibility. These papers are then exported in CSV format for further analysis. Out of the 
assessed reports, 65 are excluded due to insufficient data, irrelevant study, improper methodology and evaluation 
parameters after manually reading the papers. Finally, a total of (n=46) reports of new studies are included after the 
final filtering process, which are considered for analysis. 
 

 
Figure 2. A PRISMA-based flowchart for systematic reviews of publications found in the database 

 
Figure 3 demonstrates the top 5 areas that were most extensively studied based on specific criteria. The figure shows 
that Earth and Planetary Sciences have the most published articles, i.e., 58, followed by Engineering, which has 51 
published articles. In computer science, there were 32 articles, followed by Environmental Science and Material 
Science, which have 22 and 13 published articles respectively. 
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Figure 3. Selected papers from the top 5 Areas 

Source: Authors own elaboration 

 
The analysis of the literature on slope stability analysis research reveals several keywords, as shown in Figure 4. With 
88 papers dedicated to slope stability, there is a substantial focus on determining the stability of various slopes. ML 
emerges significantly with 53 papers, showcasing its prevalent use in predicting slope stability. Additionally, the 
emphasis on the Factor of safety or safety factor is evident in 56 and 28 papers, underscoring the importance of its 
prediction for stability assessment of slope. The presence of 25 papers dedicated to stability analysis indicates efforts to 
develop methods that facilitate improved safety and reliability of slope. These findings collectively provide valuable 
insights into prevailing trends of ML in slope stability prediction. 
 

 
Figure 4. List of various Keywords 

Source: Author own elaboration 

 
Figure 5 offers valuable information regarding the years in which the papers were published. For this systematic 
literature review, the terms that were searched were selected specifically to explore slope stability assessment and 
prediction using ML. 

 
Figure 5. Trend in published papers 

Source: Authors own elaboration 
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3. Literatureanalysis 

This literature review focuses on slope stability assessment and prediction using ML techniques, aiming to enhance 
safety and reliability in various applications. It systematically analyses existing research papers within the specified 
timeframe of 2018-2024, sourced from the Scopus database. By employing a structured process of data extraction, 
source analysis, and filtering based on predefined criteria, the review identifies relevant studies for comprehensive 
analysis. The overarching goal is to provide insights into the effectiveness and applicability of ML methods in 
predicting slope stability, thereby contributing to advancements in engineering practices, hazard mitigation strategies, 
and infrastructure development. 
3.1 Slope stability analysis through FOS prediction withML 

ML algorithms have emerged as a promising avenue for enhancing slope stability analysis and risk management 
strategies. Shui et al. (2023) and Khajehzadeh et al. (2023) introduced unique models for predicting slope safety factors, 
demonstrating the efficacy of Stacking- SSAOP and global-best artificial electric field-support vector regression 
(GBAEF-SVR) models, respectively. These models incorporate various input variables such as density, cohesion, 
friction angle, and slope characteristics to yield predicted FOS values, thereby refining slope stability assessments. 
Similarly, Wang et al. (2023) and Ma et al. (2022) proposed innovative approaches integrating ML algorithms like 
Improved Sparrow Search Algorithm with back propagation neural network (ISSA-BP) and Multi-Kernel Relevance 
Vector Machine Advanced First-Order Second Moment (MKRVM–AFOSM) and compared the outcomes with 
traditional methods to predict FOS, contributing valuable insights to slope stability analysis. 
Furthermore, various studies demonstrate the potential of ML techniques in enhancing slope stability analysis across 
different contexts. Jiang et al. (2022) utilized the Gradient Boosting Regression Tree (GBRT) algorithm to predict FOS 
values and compared it with LEM in energy mining contexts, highlighting the role of AI in disaster prevention 
strategies. Conversely, Zheng et al. (2021) integrated ML techniques like Least Squares SVM (LSSVM) with traditional 
geotechnical methods to evaluate slope reliability, offering valuable contributions to slope stability analysis in 
heterogeneous soil conditions. Additionally, Deng et al. (2021) and Falae et al. (2021) employed LEM and FEM, 
respectively to obtain FOS and compared it with Multivariate Adaptive Regression Splines (MARS) to assess 
probabilistic slope stability, emphasizing the significance of integrating advanced modelling techniques for landslide 
risk assessment. Collectively, these studies underscore the potential of combining traditional geotechnical practices with 
ML methodologies to advance slope stability analysis and improve risk management strategies in geotechnical 
engineering. 
Key findings from the survey of material available in the open literature 

Table 3 shows the comparative analysis of several studies applied to FOS prediction.Figure 6 illustrates the findings 
presented by the authors for FOS prediction. 
 

Table3.Literaturereview 
Author Methodto 

obtainFOS 

MLMethod/ 

technique 

InputVariables Predicted 

FOS 

Shuietal.,(2023) [84]  
FEM 

Stacking-SSAOP model  
ρ,c,φ,β,H,ru 

 
0.03917 

Khajehzadehet al., 

(2023) [85] 

 
LEM 

 
GBAEF-SVR 

 
φ,c, γ,ru 

 
1.316 

Wangetal., (2023)[86]  
Empiricalmethod 

 
ISSA-BP 

 
φ,H,c,β,ru,ws 

 
1.231 

Ma et al., (2022)[87] LEM(Bishop method) MKRVM– AFOSM  
c,φ,γ 

 
1.044 

Jiangetal., (2022)[88]  
LEM 

 
GBRT 

 
H,β,Rd,Ri 

 
1.283 

 
Figure 6. FindingspresentedbytheAuthors 
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3.2 EvaluationofMLApproachforFOSPredictiononvariousPerformancemetrics 

In this section of the literature review, we delve into the comprehensive evaluation of ML approaches concerning the 
prediction of FOS for slope stability. Various studies have examined these methodologies across a spectrum of 
performance metrics, crucially focusing on accuracy, R-squared error (R2), Root Mean Squared Error (RMSE), and 
Mean Absolute Error (MAE). This section synthesizes findings from diverse studies, providing valuable insights into 
the effectiveness and applicability of ML techniques for slope stability analysis, thus contributing to the advancement of 
geotechnical engineering practices. 

(i) Based onAccuracy 

In recent years, the application of ML approaches in predicting FOS for slope stability analysis has garnered significant 
attention in geotechnical engineering research. Various studies have explored the effectiveness of ML algorithms such 
as Convolutional Neural Networks (CNN), Deep Neural Networks (DNN), Multilayer Perceptron (MLP), SVMs, 
ANNs, Decision Trees (DT), Random Forests (RF), and k-nearest Neighbours (KNN) in assessing slope stability. 
Wei et al. (2024) introduced a novel integration of CNN with Infinite Slope Stability Analysis (ISSA) for regional 
landslide susceptibility mapping, while Li et al. (2023) developed a DNN-based surrogate model. Nanehkaran et al. 
(2023) compared ML classifiers like MLP, DT, SVM, and RF for predicting slope safety factors, while Liu et al. (2023) 
proposed the optimum-path forest-based KNN (OPF-KNN) method. Ahangari Nanehkaran et al. (2022) utilized MLP 
for safety factor estimation, and Deris et al. (2021) compared SVM and DT for slope failure prediction and proposed 
another study to evaluate the accuracy of Grey relational analysis-artificial neural network (GRANN) in FOS 
prediction. 
Additionally, studies by Hong et al. (2021), Azmoon et al. (2021), and Chebrolu et al. (2020) explored the efficacy of 
KNN, CNN, and Multi-gene Genetic Programming (MGGP), respectively, in slope stability analysis. These research 
efforts collectively demonstrate the increasing reliance on ML and deep learning techniques for enhancing slope 
stability analysis, offering valuable insights and innovative approaches for geotechnical engineering practices. 
Key findings from the survey of material available in the open literature 

Table 4 shows the comparative analysis of several ML algorithms applied for FOS prediction based on accuracy. 
 

Table4.Literaturereview 
Author MLMethod/ technique InputVariables Accuracy(%) 

Weietal.,(2024)[92] CNN+ ISSA γ,cφ 80.3 
Lietal.,(2023)[93] DNN H,β,c, φ 92.22 
Nanehkaranetal.,(2023)[84] MLP H,GWL,NL,Dt,Ds 90.1 
Liuetal.,(2023)[94] OPF-KNN γ,c,φ,the β,H,ru 90.1 
AhangariNanehkaranetal., (2022) [95]  

MLP 
 
H,β,ρ,c,φ 

 
93.8 

 
Derisetal.,(2021)[96] 

RBF-(radialbasis function) SVM  
γ,c,φ,β,H, ru 

 
96.67 

Hongetal.,(2021) [97] KNN c,φ,E, μ 95.0 
Azmoonetal.,(2021) [98] Deeplearning(CNN) c,φ,γ 99.71 
Derisetal.,(2021)[99] GRANN γ,φ,c, ru,H,β 99.99 
Chebroluetal.,(2020)[100] MGGP γ,c, φ,β,H,ru 85.71 

 
Figure 7 illustrates the findings presented by the authors for evaluating the performance of ML techniques in FOS 
prediction based on accuracy. 
 

 
Figure 7. Findingspresentedby theAuthors 

 



Slope Stability Assessment and Prediction Via Machine Sahista Kazi 3412 

 

Nanotechnology Perceptions 20 No.6 (2024) 3405-3421 

 

(ii) Based onRsquarederror(R2) 

A series of recent studies underscore the significance of slope stability in various engineering contexts. Ragam et al. 
(2024) highlighted the transition from traditional prediction methods to ML solutions in mining operations, particularly 
evident in their study at OstapalChromicte Mine, India, where the XGBOOST-RF ensemble model emerged as a highly 
accurate tool for estimating FOS. In a complementary vein, Ahmad et al. (2024) proposed ensemble ML methods for 
predicting FOS in railway embankments, showcasing the proficiency of the voting ensemble (VO-ENSM) model. 
Additionally, Pandey et al. (2022) emphasized the criticality of predictive modelling in averting slope failures, 
especially in hilly regions, with their deep learning approach demonstrating superiority in accurately predicting safety 
factors for excavated slopes. Meanwhile, Hanandeh et al. (2022) contributed insights into slope stability analysis by 
developing models for stability status classification and FOS estimation, exhibiting superior performance in both 
aspects. Furthermore, Foong et al. (2022) suggested combining metaheuristic optimizers with ML models, highlighting 
the equilibrium optimization (EO) MLP as an effective tool for enhancing accuracy in slope stability evaluation. 
Parallelly, Lin et al. (2021) presented an ML model tailored for slope stability assessment, identifying SVM, gradient 
boosting regression (GBR), and bagging as top-performing regression methods. Meanwhile, Omar et al. (2021) 
leveraged AI methods to evaluate slope stability on soft ground, achieving promising results with factors of safety 
predicted using ANN and Adaptive Neural Fuzzy-Logic Inference Systems (ANFIS). Moreover, Bui et al. (2020) 
focused on developing a highly accurate AI model for slope failure prediction in open-pit mines, introducing the 
M5Rules–GA hybrid technique, which outperformed other investigated models. Lastly, Bordoni et al. (2018) 
demonstrated the potential of SVM models in accurately predicting soil water content, which is crucial for assessing 
shallow landslide triggering, thus showcasing SVM's applicability in slope stability analysis. 
Key findings from the survey of material available in the open literature 

Table 5 shows the comparative analysis of several ML algorithms applied for FOS prediction based on R2 error. Figure 
8 illustrates the findings presented by the authors for FOS prediction.  
 

Table5.Literaturereview 
Author MLMethod/technique InputVariables R2 

Ragametal.,(2024)[101] XGBOOST-RFensemblemodel γ,φ,c,Dm,β 0.931 

Ahmadetal.,(2024)[102] VO-ENSM c,φ,γ 0.9997 

Pandeyetal.,(2022)[103] ANN-adam c,φH,β 0.9996 

Hanandehetal.,(2022)[104] Geneticalgorithm (GA) c,γ,β,ru,H,φ 0.92 

Foongetal.,(2022)[105] EO-MLP Cu,β,w,b/B 0.9954 

Linetal.,(2021)[106] SVR c,β,H,γ 0.8640 

Omaretal.,(2021) [107] ANN H,γ,Sm,β,c,φ 0.99454 

Buietal.,(2020)[108] M5Rules–GAmodel H,γ,c, φ,β 0.983 

Bordonietal.,(2018)[109] SVM γ,φ,c 0.9686 

 

 
Figure 8. Findingspresentedby theAuthors 
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(iii)Based on Root Mean Square Error (RMSE) 

Several recent studies have made significant strides in advancing the field of slope stability 
predictionthroughtheapplicationofdiversemethodologiesandtechniques.Chenetal.(2023) proposed a novel model 
integrating deep learning and digital twinning methods to simplify safety factor calculations based on geological and 
physical data. Soranzo et al. (2023) introduced a CNN model tail or ed for predicting the 
FOSinrandomlayeredslopesutilizingthe strength reduction method. Mu’azu et al. (2023) augmented slope stability 
prediction by merging fuzzy logic with ANN optimized using the Teaching-Learning-Based Optimization (TLBO) 
algorithm. Gu1a et al. (2022) delved into various optimization schemes to enhance the performance of theANFIS in 
slope stability prediction through a water cycle algorithm. These pioneering efforts, along with those of Mahmoodzadeh 
et al. (2022), who proposed a Gaussian process regression (GPR) model, and Jamalinia et al. (2021), who explored data-
drivensurrogatemodelsusingRFregressors,collectivelycontributetotheevolvinglandscape of slope stability assessment. 
Furthermore, studies by Liu et al. (2021), Wang et al. (2021), Wei et al. (2019), and Moayedi et al. (2019) have 
introduced innovative methodologies ranging from reliability analysis combined with deterministic approaches such as 
online sequential extreme learning machine (OS-ELM), hybrid GA–MLP, GA-SVM models and particle swarm 
optimization (PSO)-ANN for shallow strip footing safety factor approximation, integration of groundwater level 
predictive models with slope stability analysis for rainfall threshold determination. 
Through their collective efforts, these studies not only deepen our understanding of slope stability prediction but also 
offer practical insights and implications for geotechnical engineering and risk management practices. 
Key findings from the survey of material available in the open literature 

Table 6 shows the comparative analysis of several ML algorithms applied for FOS prediction based on RMSE. Figure 9 
illustrates the findings presented by the authors for FOS prediction.  
 

Table6.Literaturereview 
Author MLMethod/technique InputVariables RMSE 

Chenetal.,(2023)[110] DigitalTwinningbasedCNN φc, H,β 0.0759 

Soranzoetal.,(2023)[111] CNN ρ,c,φ 0.455 

Mu’azuetal.,(2023)[112] ANN-TLBO Cu,β,b/B 0.4958 

Gu1aetal.,(2022)[113] WCA-ANFIS Cu,β,w, b/B 0.3619 

Mahmoodzadehetal.,(2022)[114] GPR c,β,H,γ 0.1372 

Jamaliniaetal.,(2021)[115] RF c,φ,γ 0.05 

Liuetal.,(2021) [116] OS-ELM c,φ 0.0664 

Wangetal.,(2021)[117] GA-MLP β,b/B,FyandCu 0.107 

Weietal.,(2019)[118] GA-SVM c,φ,γ 0.043 

Moayedietal.,(2019)[119] PSO-ANN Cu,β,w,b/B 0.0157 

 

 
Figure 9. Findingspresentedby theAuthors 
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(iv) Based on Mean Absolute Error (MAE) 

Recent advancements in slope stability assessment have seen the emergence of innovative methodologies and 
techniques aimed at improving predictive accuracy and efficiency. Saikrishna macharyulu etal. (2024) present a 
pioneering approach utilizing a multi-objective PSO (MPSO) RF-SVR model for reinforced soil slope stability 
assessment, showcasing enhanced predictive capabilities. Xu et al. (2023) introduce an ensemble learning approach, 
employing a stacking strategy and multiple ML models to predict the FOS with superior performance. Bai et al. (2022) 
contribute to the field by investigating the efficacy of ML models in predicting slope safety factors, providing valuable 
insights for risk management in geotechnical engineering contexts. 
Innovative metaheuristic techniques are also introduced to enhance conventional methods in slope stability prediction. 
Moayedi et al. (2021) introduced Harris Hawks’ optimization (HHO) as a metaheuristic technique to improve the 
performance of conventional MLP methods, showing significant accuracy improvements. Similarly, Luo et al. (2021) 
proposed a hybrid intelligent technique, PSO-cubist algorithm (PSO-CA), for predicting slope safety factors, surpassing 
other models and offering a promising solution for addressing geotechnical engineering instability issues. Bardhan et al. 
(2021) contributed to infrastructure projects by employing a Bi-directional Extreme Learning Machine (Bi-ELM) for 
predicting the FoS in seismic conditions for railway embankments, offering a simple yet effective computational 
approach for slope stability prediction. Tien Bui et al. (2019) and Moayedi et al. (2019) further enhanced predictive 
techniques by evaluating various ML-based methods, highlighting the efficiency of MLP and RF for similar slope 
stability problems. Finally, Kumar et al. (2018) developed a neural network model for slope stability computation, 
demonstrating its efficacy in accurately predicting the FOS and showcasing its potential for enhancing geotechnical 
engineering projects requiring slope stability analysis. 
Key findings from the survey of material available in the open literature 

Table 7 shows the comparative analysis of several ML algorithms applied for FOS prediction based on MAE. Figure 10 
illustrates the findings presented by the authors for FOS prediction. 

 

Table7.Literaturereview 
Author MLMethod/technique InputVariables MAE 

Saikrishnamacharyuluet al., 

(2024) [120] 

RF-SVR-MOPSO c,φ,β,NL,Slope(ratio),Bar inclination 0.00129 

Xuetal.,(2023)[121] stackingensemblelearning Rainfall,RWL,GWL,ds,dd 0.0071 
Baietal.,(2022)[122] ANN H,β,ρ,c, φ,ru 0.1882 
Moayedietal.,(2021) [123] HHO-ANN β,w,P,Ss 1.233 
Luoetal.,(2021)[124] PSO-CA H,β,φ,c,γ 0.009 
Bardhanetal.,(2021) [125] Bi-ELM μ 0.0150 
TienBuietal.,(2019)[126] MLP Cu,β,b/B,w 0.5155 
Moayedietal.,(2019) [127] RF Cuβ,b/B,w 0.2152 
Kumaretal.,(2018)[128] ANN depthfactor,cotβ,φ 0.459 

 

 
Figure 10.Findingspresentedby theAuthor 

 
4. Discussion 

The systematic review focuses on analyzing various ML techniques for slope stability assessment and prediction. The 
authors highlight several methods employed for predicting FOS, a critical parameter in slope stability analysis. The 
studies proposed by various authors methods utilize different techniques such as FEM, LEM, Empirical methods, Deep 
Learning, etc. to obtain FOS. Input variables for these models include parameters like soil density (ρ), cohesion (c), 
friction angle (φ), slope height (H), slope angle (β), and unit weight of soil (γ), among others. The performance of these 
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methods is evaluated based on various metrics, including accuracy, R2, RMSE, and MAE.  
Noteworthy performances emerge across different evaluation metrics, demonstrating the efficacy of various ML 
techniques in slope stability analysis. Models employing Deep Learning, such as CNN, presented by Azmoon et al., 
(2021) and GRANN, presented by Deris et al., (2021), demonstrated high accuracy of 99.71% and 99.99%, 
respectively. Additionally, the techniques such as VO-ENSM, ANN-adam, and EO-MLP proposed by Ahmad et al., 
(2024), Pandey et al., (2022) and Foong et al., (2022) respectively exhibited high R2 values, indicating robust predictive 
capability. Moreover, methods like PSO-ANN and GA-SVM suggested by Moayedi et al., (2019) and Wei et al., (2019) 
demonstrated low RMSE, signifying accurate predictions, while RF-SVR-MOPSO and PSO-CA methods utilized by 
Saikrishnamacharyulu et al., (2024) and Luo et al., (2021) showcases very low MAE values, highlighting their precision 
in predicting FOS. 
This systematic review underscores the effectiveness of ML techniques in slope stability analysis, with various methods 
showing promising results across different evaluation metrics. These advancements contribute significantly to 
enhancing safety and reliability in engineering practices and infrastructure development. 
5. Conclusion and Future Scope 

The systematic review conducted in the present study emphasises the increasing significance of ML techniques in 
tackling the intricate and demanding task of slope stability analysis. The traditional deterministic and numerical 
methods have their limitations in capturing the inherent uncertainties and nonlinearities involved in slope failure 
mechanisms. ML algorithms have demonstrated their potential to overcome these limitations by leveraging data-driven 
approaches and learning from historical data. The review has shown that various ML techniques, such as ANN, SVM, 
MLP, and ensemble methods, have been successfully applied to slope stability assessment and prediction. These 
techniques have proven to be effective in handling large datasets, accounting for multiple contributing factors, and 
providing accurate and reliable predictions of slope failure or stability. 
Additionally, the combination of ML techniques with other advanced methods, such as ANN-adam, EO-MLP, PSO-
ANN, RF-SVR-MOPSO, etc., has enhanced the overall process of slope stability assessment. This systematic review 
has demonstrated the significant potential of ML techniques in enhancing slope stability assessment and prediction, 
leading to improved safety measures, risk mitigation strategies, and reliable decision-making processes in various 
engineering and geotechnical applications. 
Further research and development in this area can explore the integration of advanced ML algorithms, such as 
reinforcement learning and ensemble methods, to enhance predictive accuracy and robustness. Moreover, there is 
potential for incorporating additional data sources, such as remote sensing imagery and real-time monitoring data, to 
improve model performance and enable proactive hazard management. Collaborative efforts between researchers, 
engineers, and stakeholders could foster innovation and facilitate the adoption of ML-driven approaches in practical 
engineering applications, ultimately contributing to safer and more reliable infrastructure development globally. 
 

Notations 
ρ density b/B setbackdistanceratio Dt Tensilecrackdepth 

c Cohesion ws Soilweight Ds Slidingsurfacesdepth 

φ Frictionangle Y Young’smodulus Dm miningdepth 

β Slopeangle ν Poisson’sratio ds, surfacedisplacement 

H Slopeheight E Elasticmodulus dd deep displacement 

ru Pressureratio Fy appliedslopestresses GWL GroundWaterLevel 

γ unitweight Sm Slopematerial RWL ReservoirWaterLevel 

NL Layernumber Rd Rainfallduration Ss soilstrength 

Cu Undrainedcohesive strength Ri Rainfallintensity P, positionofrigid foundation 
 
References 

1. Moayedi, H., Tien Bui, D., Kalantar, B., & Kok Foong, L. (2019). Machine-learning-based classification 
approaches toward recognizing slope stability failure. Applied Sciences, 9(21), 4638. 

2. Acosta, Lilibeth A., Elena A. Eugenio, Paula Beatrice M. Macandog, Damasa B. Magcale-Macandog, Elaine 
Kuan-Hui Lin, Edwin R. Abucay, Alfi Lorenz Cura, and Mary Grace Primavera. "Loss and damage from typhoon-
induced floods and landslides in the Philippines: community perceptions on climate impacts and adaptation 
options." International Journal of Global Warming 9, no. 1 (2016): 33-65. 

3. Razifard, M., G. Shoaei, and M. Zare. "Application of fuzzy logic in the preparation of hazard maps of landslides 



Slope Stability Assessment and Prediction Via Machine Sahista Kazi 3416 

 

Nanotechnology Perceptions 20 No.6 (2024) 3405-3421 

 

triggered by the twin Ahar-Varzeghan earthquakes (2012)." Bulletin of Engineering Geology and the Environment 
78 (2019): 223-245. 

4. Fischer, Luzia, and Christian Huggel. "Methodical design for stability assessments of permafrost-affected high-
mountain rock walls." (2008): 439-444. 

5. Ikeda, Makoto, and ThawatchaiPalakhamarn. "Economic Damage from Natural Hazards and Local Disaster 
Management Plans in Japan and Thailand." (2020). 

6. Rahman, M. Hasinur, Md Sadequr Rahman, and M. Mostafizur Rahman. "Disasters in Bangladesh: Mitigation and 
management." Barisal University Journal 4, no. 1 (2017): 139-163. 

7. Kawamura, Shima, Shunzo Kawajiri, Wataru Hirose, and Tatsuya Watanabe. "Slope failures/landslides over a 
wide area in the 2018 Hokkaido Eastern Iburi earthquake." Soils and Foundations 59, no. 6 (2019): 2376-2395. 

8. Kazmi, Danish, Sadaf Qasim, I. S. H. Harahap, Syed Baharom, Muhammad Imran, and Sadia Moin. "A study on 
the contributing factors of major landslides in Malaysia." Civil Engineering Journal 2, no. 12 (2016): 669-678. 

9. Zhang, Shuai, and Fawu Wang. "Three-dimensional seismic slope stability assessment with the application of 
Scoops3D and GIS: a case study in Atsuma, Hokkaido." Geoenvironmental Disasters 6 (2019): 1-14. 

10. Ahmad, M., M. K. Ansari, and T. N. Singh. "Instability investigations of basaltic soil slopes along SH-72, 
Maharashtra, India." Geomatics, Natural Hazards and Risk 6, no. 2 (2015): 115-130. 

11. Latifi, Nima, Ahmad Safuan A. Rashid, Sumi Siddiqua, and Muhd Zaimi Abd Majid. "Strength measurement and 
textural characteristics of tropical residual soil stabilised with liquid polymer." Measurement 91 (2016): 46-54. 

12. Cai, Jing-Sen, Tian-Chyi Jim Yeh, E-Chuan Yan, Rui-Xuan Tang, Yong-Hong Hao, Shao-Yang Huang, and Jet-
Chau Wen. "Importance of variability in initial soil moisture and rainfalls on slope stability." Journal of hydrology 
571 (2019): 265-278. 

13. Khajehzadeh, Mohammad, Mohd Raihan Taha, SuraparbKeawsawasvong, Hamidreza Mirzaei, and 
Mohammadreza Jebeli. "An effective artificial intelligence approach for slope stability evaluation." Ieee Access 10 
(2022): 5660-5671. 

14. Harabinová, Slávka, Kamila Kotrasová, Eva Kormaníková, and Iveta Hegedüsová. "Analysis of slope stability." 
Civil and Environmental Engineering 17, no. 1 (2021): 192-199. 

15. Manouchehrian, Amin, Javad Gholamnejad, and Mostafa Sharifzadeh. "Development of a model for analysis of 
slope stability for circular mode failure using genetic algorithm." Environmental Earth Sciences 71 (2014): 1267-
1277. 

16. Raftari, Mehdi, Khairul Anuar Kassim, Ahmad Safuan A. Rashid, and Hossein Moayedi. "Settlement of shallow 
foundations near reinforced slopes." Electron J Geotech Eng 18 (2013): 797-808. 

17. Nazir, Ramli, Soheil Ghareh, Mansour Mosallanezhad, and Hossein Moayedi. "The influence of rainfall intensity 
on soil loss mass from cellular confined slopes." Measurement 81 (2016): 13-25. 

18. Kumar, Nikhil, A. K. Verma, Sahil Sardana, K. Sarkar, and T. N. Singh. "Comparative analysis of limit 
equilibrium and numerical methods for prediction of a landslide." Bulletin of Engineering Geology and the 
Environment 77 (2018): 595-608. 

19. Yuan, Wei-Hai, Kang Liu, Wei Zhang, Beibing Dai, and Yuan Wang. "Dynamic modeling of large deformation 
slope failure using smoothed particle finite element method." Landslides 17, no. 7 (2020): 1591-1603. 

20. Moayedi, Hossein, and Sajad Hayati. "Modelling and optimization of ultimate bearing capacity of strip footing 
near a slope by soft computing methods." Applied Soft Computing 66 (2018): 208-219. 

21. Jellali, Belgacem, and Wissem Frikha. "Constrained particle swarm optimization algorithm applied to slope 
stability." International Journal of Geomechanics 17, no. 12 (2017): 06017022. 

22. Pei, Huafu, Siqi Zhang, Lalit Borana, Yi Zhao, and Jianhua Yin. "Slope stability analysis based on real- time 
displacement measurements." Measurement 131 (2019): 686-693.  

23. Reli, Siti Nurbaidzuri, Izham Mohamad Yusoff, and Muhamad Uznir Ujang. "Slope stability estimation using 
danger level approach for monitoring landslide prone areas." Geografia 17, no. 4 (2021): 221-239. 

24. Javankhoshdel, S.; Bathurst, R.J. Simplified probabilistic slope stability design charts for cohesive and cohesive-
frictional (c-φ) soils. Can. Geotech. J. 2014, 51, 1033–1045. 

25. Kang, Fei, Bin Xu, Junjie Li, and Sizeng Zhao. "Slope stability evaluation using Gaussian processes with various 
covariance functions." Applied Soft Computing 60 (2017): 387-396. 

26. Chakraborty, Arunav, and Diganta Goswami. "Three-dimensional (3D) slope stability analysis using stability 
charts." International Journal of Geotechnical Engineering (2018). 

27. Secci, R.; Foddis, M.L.; Mazzella, A.; Montisci, A.; Uras, G. Artificial Neural Networks and Kriging Method for 
Slope Geomechanical Characterization. In Engineering Geology for Society and Territory- Volume 2; Springer: 
Berlin/Heidelberg, Germany, 2015; pp. 1357–1361. 

28. Meng, Jingjing, Hans Mattsson, and Jan Laue. "Three‐dimensional slope stability predictions using artificial 
neural networks." International Journal for Numerical and Analytical Methods in Geomechanics 45, no. 13 (2021): 
1988-2000. 

29. Chakraborty, Arunav, and Diganta Goswami. "Prediction of slope stability using multiple linear regression (MLR) 
and artificial neural network (ANN)." Arabian Journal of Geosciences 10 (2017): 1-11. 

30. Qian, Z. G., An-Jui Li, W. C. Chen, A. V. Lyamin, and J. C. Jiang. "An artificial neural network approach to 



3417 Sahista Kazi Slope Stability Assessment and Prediction Via Machine 

 

Nanotechnology Perceptions 20 No.6 (2024) 3405-3421 

 

inhomogeneous soil slope stability predictions based on limit analysis methods." Soils and foundations 59, no. 2 
(2019): 556-569. 

31. Zhang, Y.; Dai, M.; Ju, Z. Preliminary discussion regarding SVM kernel function selection in the twofold rock 
slope prediction model. J. Comput. Civ. Eng. 2015, 30, 04015031. 

32. Li, Bo, Duanyou Li, Zhijun Zhang, Shengmei Yang, and Fan Wang. "Slope stability analysis based on quantum-
behaved particle swarm optimization and least squares support vector machine." Applied Mathematical Modelling 
39, no. 17 (2015): 5253-5264. 

33. Bui, D.T.; Tuan, T.A.; Klempe, H.; Pradhan, B.; Revhaug, I. Spatial prediction models for shallow landslide 
hazards: A comparative assessment of the efficacy of support vector machines, artificial neural networks, kernel 
logistic regression, and logistic model tree. Landslides 2016, 13, 361–378. 

34. Koopialipoor, Mohammadreza, Danial Jahed Armaghani, Ahmadreza Hedayat, Aminaton Marto, and Behrouz 
Gordan. "Applying various hybrid intelligent systems to evaluate and predict slope stability under static and 
dynamic conditions." Soft Computing 23 (2019): 5913-5929. 

35. Yang, Yukun, Wei Zhou, Izhar Mithal Jiskani, Xiang Lu, Zhiming Wang, and Boyu Luan. "Slope stability 
prediction method based on intelligent optimization and machine learning algorithms." Sustainability 15, no. 2 
(2023): 1169. 

36. Huang, Yang H. "LEAME Software and User's Manual: Analyzing Slope Stability by the Limit Equilibrium 
Method." American Society of Civil Engineers, 2014. 

37. Zou, Qiang, Hu Jiang, Peng Cui, Bin Zhou, Yao Jiang, Mingyue Qin, Yanguo Liu, and Cong Li. "A new approach 
to assess landslide susceptibility based on slope failure mechanisms." Catena 204 (2021): 105388. 

38. Rahman, H. Abdul, and Jabil Mapjabil. "Landslides disaster in Malaysia: an overview." Health 8, no. 1 (2017): 58-
71. 

39. Briggs, K. Ml, F. A. Loveridge, and S. Glendinning. "Failures in transport infrastructure embankments." 
Engineering Geology 219 (2017): 107-117. 

40. Assefa, Eleyas, Li Jian Lin, Costas I. Sachpazis, Dr Deng Hua Feng, Dr Sun Xu Shu, and Dr Anthimos 
Anastasiadis. "Discussion on the analysis, prevention and mitigation measures of slope instability problems: A 
case of Ethiopian Railways." Electronic Journal of Geotechnical Engineering 21, no. 12 (2016): 4101-4119. 

41. Kiyota, Takashi, Takaaki Ikeda, Kazuo Konagai, and Masataka Shiga. "Geotechnical damage caused by the 2016 
Kumamoto earthquake, Japan." International Journal of Geoengineering Case Histories 4, no. 2 (2017): 78-94. 

42. Nolasco-Javier, Dymphna, Lalit Kumar, and Arlene Mae P. Tengonciang. "Rapid appraisal of rainfall threshold 
and selected landslides in Baguio, Philippines." Natural hazards 78 (2015): 1587-1607. 

43. Klose, Martin, Philipp Maurischat, and Bodo Damm. "Landslide impacts in Germany: A historical and 
socioeconomic perspective." Landslides 13 (2016): 183-199. 

44. Komadja, Gbétoglo Charles, Sarada Prasad Pradhan, Amulya Ratna Roul, Babatunde Adebayo, Jean Baptiste 
Habinshuti, Luc AdissinGlodji, and Azikiwe Peter Onwualu. "Assessment of stability of a Himalayan road cut 
slope with varying degrees of weathering: A finite-element-model-based approach." Heliyon 6, no. 11 (2020). 

45. Azarafza, Mohammad, Masoud Hajialilue Bonab, and Reza Derakhshani. "A novel empirical classification 
method for weak rock slope stability analysis." Scientific Reports 12, no. 1 (2022): 14744. 

46. Azarafza, Mohammad, Haluk Akgün, Akbar Ghazifard, Ebrahim Asghari-Kaljahi, Jafar Rahnamarad, and Reza 
Derakhshani. "Discontinuous rock slope stability analysis by limit equilibrium approaches–a review." International 
Journal of Digital Earth 14, no. 12 (2021): 1918-1941. 

47. Garg, Akhil, Ankit Garg, K. Tai, and S. Sreedeep. "Estimation of factor of safety of rooted slope using an 
evolutionary approach." Ecological engineering 64 (2014): 314-324. 

48. Shiferaw, Henok Marie. "Study on the influence of slope height and angle on the factor of safety and shape of 
failure of slopes based on strength reduction method of analysis." Beni-Suef University Journal of Basic and 
Applied Sciences 10, no. 1 (2021): 31. 

49. Mojtahedi, S. Farid F., Sanaz Tabatabaee, Mahyar Ghoroqi, Mehran Soltani Tehrani, Behrouz Gordan, and Milad 
Ghoroqi. "A novel probabilistic simulation approach for forecasting the safety factor of slopes: a case study." 
Engineering with Computers 35 (2019): 637-646. 

50. Maedeh, Pouyan Abbasi, Wei Wu, António Viana da Fonseca, Kourosh Ghaffari Irdmoosa, Madhu Sudan 
Acharya, and Ehsan Bodaghi. "A new approach to estimate the factor of safety for rooted slopes with an emphasis 
on the soil property, geometry and vegetated coverage." Adv Comput Des 3, no. 3 (2018): 269- 288. 

51. Rawat, Saurabh, and A. K. Gupta. "Analysis of a nailed soil slope using limit equilibrium and finite element 
methods." International Journal of Geosynthetics and Ground Engineering 2 (2016): 1-23. 

52. Rotaru, Ancuța, Florin Bejan, and Dalia Almohamad. "Sustainable slope stability analysis: A critical study on 
methods." Sustainability 14, no. 14 (2022): 8847. 

53. Liu, S. Y., L. T. Shao, and H. J. Li. "Slope stability analysis using the limit equilibrium method and two finite 
element methods." Computers and Geotechnics 63 (2015): 291-298. 

54. Tschuchnigg, Franz, H. F. Schweiger, and Scott W. Sloan. "Slope stability analysis by means of finite element 
limit analysis and finite element strength reduction techniques. Part I: Numerical studies considering non-
associated plasticity." Computers and Geotechnics 70 (2015): 169-177. 



Slope Stability Assessment and Prediction Via Machine Sahista Kazi 3418 

 

Nanotechnology Perceptions 20 No.6 (2024) 3405-3421 

 

55. Kaur, Amritpal, and R. K. Sharma. "Slope stability analysis techniques: A review." International Journal of 
Engineering Applied Sciences and Technology 1, no. 4 (2016): 52-57. 

56. Cala, M., and J. Flisiak. "Slope stability analysis with FLAC and limit equilibrium methods." In FLAC and 
Numerical Modeling in Geomechanics-2001, pp. 111-114. CRC Press, 2020. 

57. Vessia, Giovanna, and Savino Russo. "Random field theory to interpret the spatial variability of lacustrine soils." 
Biosystems engineering 168 (2018): 4-13. 

58. Sun, Xiaoping, Peng Zeng, Tianbin Li, Sheng Wang, Rafael Jimenez, Xianda Feng, and Qiang Xu. "From 
probabilistic back analyses to probabilistic run-out predictions of landslides: A case study of Heifangtai terrace, 
Gansu Province, China." Engineering geology 280 (2021): 105950. 

59. Xu, Haoding. "Stability of slopes and runout of landslides: stochastic analyses with machine learning." PhD diss., 
University of Technology Sydney (Australia), 2023. 

60. He, Xuzhen, Fang Wang, Wengui Li, and Daichao Sheng. "Deep learning for efficient stochastic analysis with 
spatial variability." Acta Geotechnica 17, no. 4 (2022): 1031-1051. 

61. Ling, Qing, Qin Zhang, Yuming Wei, Lingjie Kong, and Li Zhu. "Slope reliability evaluation based on multi-
objective grey wolf optimization-multi-kernel-based extreme learning machine agent model." Bulletin of 
Engineering Geology and the Environment 80 (2021): 2011-2024. 

62. Li, Jing-Ze, Shao-He Zhang, Lei-Lei Liu, Lei Huang, Yung-Ming Cheng, and Daniel Dias. "Probabilistic analysis 
of pile-reinforced slopes in spatially variable soils with rotated anisotropy." Computers and Geotechnics 146 
(2022): 104744. 

63. Li, Dian-Qing, Dong Zheng, Zi-Jun Cao, Xiao-Song Tang, and Kok-Kwang Phoon. "Response surface methods 
for slope reliability analysis: review and comparison." Engineering Geology 203 (2016): 3-14. 

64. Dadashzadeh, N., H. S. B. Duzgun, and N. U. R. G. Ü. L. Yesiloglu-Gultekin. "Reliability-based stability analysis 
of rock slopes using numerical analysis and response surface method." Rock Mechanics and Rock Engineering 50 
(2017): 2119-2133. 

65. Abdalla, Jamal A., Mousa F. Attom, and Rami Hawileh. "Prediction of minimum factor of safety against slope 
failure in clayey soils using artificial neural network." Environmental Earth Sciences 73 (2015): 5463-5477. 

66. Mao, Yimin, Liang Chen, Yaser A. Nanehkaran, Mohammad Azarafza, and Reza Derakhshani. "Fuzzy- based 
intelligent model for rapid rock slope stability analysis using Qslope." Water 15, no. 16 (2023): 2949. 

67. Zeng, Peng, Tianlong Zhang, Tianbin Li, Rafael Jimenez, Jie Zhang, and Xiaoping Sun. "Binary classification 
method for efficient and accurate system reliability analyses of layered soil slopes." Georisk: Assessment and 
Management of Risk for Engineered Systems and Geohazards 16, no. 3 (2022): 435-451. 

68. Lin, Yun, Keping Zhou, and Jielin Li. "Prediction of slope stability using four supervised learning methods." Ieee 
Access 6 (2018): 31169-31179. 

69. Zhou, Jian, Enming Li, Shan Yang, Mingzheng Wang, Xiuzhi Shi, Shu Yao, and Hani S. Mitri. "Slope stability 
prediction for circular mode failure using gradient boosting machine approach based on an updated database of 
case histories." Safety Science 118 (2019): 505-518. 

70. Pham, Khanh, Dongku Kim, Sangyeong Park, and Hangseok Choi. "Ensemble learning-based classification 
models for slope stability analysis." Catena 196 (2021): 104886. 

71. He, Xuzhen, Haoding Xu, Hassan Sabetamal, and Daichao Sheng. "Machine learning aided stochastic reliability 
analysis of spatially variable slopes." Computers and Geotechnics 126 (2020): 103711. 

72. Zhang, W.; Li, H.; Han, L.; Chen, L.; Wang, L. Slope Stability Prediction Using Ensemble Learning Techniques: 
A Case Study in Yunyang County, Chongqing, China. J. Rock Mech. Geotech. Eng. 2022, 14, 1089–1099. 

73. Zhu, Honghu, Mohammad Azarafza, and Haluk Akgün. "Deep learning-based key-block classification framework 
for discontinuous rock slopes." Journal of Rock Mechanics and Geotechnical Engineering 14, no. 4 (2022): 1131-
1139. 

74. Mahmoodzadeh, Arsalan, Mokhtar Mohammadi, Hunar Farid Hama Ali, Hawkar Hashim Ibrahim, Sazan Nariman 
Abdulhamid, and Hamid Reza Nejati. "Prediction of safety factors for slope stability: comparison of machine 
learning techniques." Natural Hazards (2022): 1-29. 

75. Zhang, Wengang, Xin Gu, Li Hong, Liang Han, and Lin Wang. "Comprehensive review of machine learning in 
geotechnical reliability analysis: Algorithms, applications and further challenges." Applied Soft Computing 136 
(2023): 110066. 

76. Xu, Haoding, Xuzhen He, Feng Shan, Gang Niu, and Daichao Sheng. "Machine Learning in the Stochastic 
Analysis of Slope Stability: A State-of-the-Art Review." Modelling 4, no. 4 (2023): 426-453. 

77. Müller, Andreas C., and Sarah Guido. Introduction to machine learning with Python: a guide for data scientists. " 
O'Reilly Media, Inc.", 2016. 

78. Aggarwal, Charu C. Neural networks and deep learning. Vol. 10, no. 978. Cham: springer, 2018. 
79. Azarafza, Mohammad, Masoud Hajialilue Bonab, and Reza Derakhshani. "A deep learning method for the 

prediction of the index mechanical properties and strength parameters of marlstone." Materials 15, no. 19 (2022): 
6899. 

80. Kardani, Navid, Annan Zhou, Majidreza Nazem, and Shui-Long Shen. "Improved prediction of slope stability 
using a hybrid stacking ensemble method based on finite element analysis and field data." Journal of Rock 



3419 Sahista Kazi Slope Stability Assessment and Prediction Via Machine 

 

Nanotechnology Perceptions 20 No.6 (2024) 3405-3421 

 

Mechanics and Geotechnical Engineering 13, no. 1 (2021): 188-201. 
81. Qi, Chongchong, and Xiaolin Tang. "Slope stability prediction using integrated metaheuristic and machine 

learning approaches: A comparative study." Computers & Industrial Engineering 118 (2018): 112-122. 
82. Bello, O.; Holzmann, J.; Yaqoob, T.; Teodoriu, C. Application of Artificial Intelligence Methods in Drilling 

System Design and Operations: A Review of the State of the Art. J. Artif. Intell. Soft Comput. Res. 2015, 5, 121–
139. 

83. Nanehkaran, Yaser A., Zhu Licai, Jin Chengyong, Junde Chen, Sheraz Anwar, Mohammad Azarafza, and Reza 
Derakhshani. "Comparative analysis for slope stability by using machine learning methods." Applied Sciences 13, 
no. 3 (2023): 1555. 

84. Shui, Kuan, Ke-peng Hou, Wen-wen Hou, Jun-long Sun, and Hua-fen Sun. "Optimizing slope safety factor 
prediction via stacking using sparrow search algorithm for multi-layer machine learning regression models." 
Journal of Mountain Science 20, no. 10 (2023): 2852-2868. 

85. Khajehzadeh, Mohammad, and SuraparbKeawsawasvong. "Predicting slope safety using an optimized machine 
learning model." Heliyon 9, no. 12 (2023). 

86. Wang, Yiwen, Dongna Liu, Haiyu Dong, Junwei Lin, Qi Zhang, and Xiaohui Zhang. "Research on a BP Neural 
Network Slope Safety Coefficient Prediction Model Based on Improved Sparrow Algorithm Optimization." 
Applied Sciences 13, no. 14 (2023): 8446. 

87. Ma, Chun Hui, Jie Yang, Lin Cheng, and Li Ran. "Research on slope reliability analysis using multi-kernel 
relevance vector machine and advanced first-order second-moment method." Engineering with Computers 38, no. 
4 (2022): 3057-3068. 

88. Jiang, Song, JinYuan Li, Sai Zhang, QingHua Gu, CaiWu Lu, and HongSheng Liu. "Landslide risk prediction by 
using GBRT algorithm: Application of artificial intelligence in disaster prevention of energy mining." Process 
Safety and Environmental Protection 166 (2022): 384-392. 

89. Zheng, Shuai, An-Nan Jiang, and Kai-Shuai Feng. "A Reliability Evaluation Method for Intermittent Jointed Rock 
Slope Based on Evolutionary Support Vector Machine." CMES-Computer Modeling in Engineering & Sciences 
129, no. 1 (2021). 

90. Deng, Zhi-Ping, Min Pan, Jing-Tai Niu, Shui-Hua Jiang, and Wu-Wen Qian. "Slope reliability analysis in spatially 
variable soils using sliced inverse regression-based multivariate adaptive regression spline." Bulletin of 
Engineering Geology and the Environment 80 (2021): 7213-7226. 

91. Falae, Philips Omowumi, Ekansh Agarwal, Anindya Pain, Rajesh Kumar Dash, and Debi Prasanna Kanungo. "A 
data driven efficient framework for the probabilistic slope stability analysis of Pakhi landslide, Garhwal 
Himalaya." Journal of Earth System Science 130 (2021): 1-15. 

92. Wei, Xin, Paolo Gardoni, Lulu Zhang, Lin Tan, Dongsheng Liu, Chunlan Du, and Hai Li. "Improving pixel-based 
regional landslide susceptibility mapping." Geoscience Frontiers (2024): 101782. 

93. Li, Xianfeng, Mayuko Nishio, Kentaro Sugawara, Shoji Iwanaga, and Pang-jo Chun. "Surrogate Model 
Development for Slope Stability Analysis Using Machine Learning." Sustainability 15, no. 14 (2023): 10793. 

94. Liu, Leilei, Guoyan Zhao, and Weizhang Liang. "Slope Stability Prediction Using k-NN-Based Optimum- Path 
Forest Approach." Mathematics 11, no. 14 (2023): 3071. 

95. Ahangari Nanehkaran, Yaser, TolgaPusatli, Jin Chengyong, Junde Chen, Ahmed Cemiloglu, Mohammad 
Azarafza, and Reza Derakhshani. "Application of machine learning techniques for the estimation of the safety 
factor in slope stability analysis." Water 14, no. 22 (2022): 3743. 

96. Deris, Ashanira Mat, BadariahSolemon, and Rohayu Che Omar. "A comparative study of supervised machine 
learning approaches for slope failure production." In E3S Web of Conferences, vol. 325, p. 01001. EDP Sciences, 
2021. 

97. Hong, Mohammad Azarafza Mustafa K. Koçkar, and Hu Zhu. "Correlations of SMR-Qslope Data in Stability 
Classification of Discontinuous Rock Slope: A Modified Relationship Considering the Iranian Data." 

98. Azmoon, Behnam, Aynaz Biniyaz, and Zhen Liu. "Evaluation of deep learning against conventional limit 
equilibrium methods for slope stability analysis." Applied Sciences 11, no. 13 (2021): 6060. 

99. Deris, Ashanira Mat, BadariahSolemon, and Rohayu Che Omar. "Integration of grey analysis with artificial neural 
network for classification of slope failure." In E3S Web of Conferences, vol. 325, p. 01008. EDP Sciences, 2021. 

100. Chebrolu, Abhiram, Suvendu Kumar Sasmal, Rabi Narayan Behera, and Sarat Kumar Das. "Prediction of factor of 
safety for slope stability using advanced artificial intelligence techniques." In Advanced Engineering Optimization 
Through Intelligent Techniques: Select Proceedings of AEOTIT 2018, pp. 173-181. Springer Singapore, 2020 

101. Ragam, Prashanth, N. Kushal Kumar, Jubilson E. Ajith, Guntha Karthik, Vivek Kumar Himanshu, Divya Sree 
Machupalli, and Bhatawdekar Ramesh Murlidhar. "Estimation of slope stability using ensemble-based hybrid 
machine learning approaches." Frontiers in Materials 11 (2024): 1330609. 

102. Ahmad, Furquan, Pijush Samui, and S. S. Mishra. "Probabilistic slope stability analysis using subset simulation 
enhanced by ensemble machine learning techniques." Modeling Earth Systems and Environment 10, no. 2 (2024): 
2133-2158. 

103.  Pandey, Vishnu Himanshu Ratnam, Ashutosh Kainthola, Vikram Sharma, Abhishek Srivastav, T. Jayal, and 
104. Hanandeh, Shadi. "Evaluation circular failure of soil slopes using classification and predictive gene expression 



Slope Stability Assessment and Prediction Via Machine Sahista Kazi 3420 

 

Nanotechnology Perceptions 20 No.6 (2024) 3405-3421 

 

programming schemes." Frontiers in Built Environment 8 (2022): 858020. 
105. Foong, Loke Kok, and Hossein Moayedi. "Slope stability evaluation using neural network optimized by 

equilibrium optimization and vortex search algorithm." Engineering with Computers 38, no. Suppl 2 (2022): 1269-
1283. 

106. Lin, Shan, Hong Zheng, Chao Han, Bei Han, and Wei Li. "Evaluation and prediction of slope stability using 
machine learning approaches." Frontiers of Structural and Civil Engineering 15, no. 4 (2021): 821- 833. 

107. Omar, Mohd Badrul Hafiz Che, Rufaizal Che Mamat, Abdul Rauf Abdul Rasam, and Azuin Ramli. "Artificial 
intelligence application for predicting slope stability on soft ground: A comparative study." International Journal 
of Advanced Technology and Engineering Exploration 8, no. 75 (2021): 362. 

108. Bui, Xuan-Nam, Hoang Nguyen, Yosoon Choi, Trung Nguyen-Thoi, Jian Zhou, and Jie Dou. "Prediction of slope 
failure in open-pit mines using a novel hybrid artificial intelligence model based on decision tree and evolution 
algorithm." Scientific reports 10, no. 1 (2020): 9939. 

109. Bordoni, Massimiliano, M. Bittelli, R. Valentino, S. Chersich, M. G. Persichillo, and C. Meisina. "Soil water 
content estimated by support vector machine for the assessment of shallow landslides triggering: The role of 
antecedent meteorological conditions." Environmental Modeling & Assessment 23 (2018): 333-352. 

110. Chen, Gongfa, Xiaoyu Kang, Mansheng Lin, Shuai Teng, and Zongchao Liu. "Stability Prediction of Soil Slopes 
Based on Digital Twinning and Deep Learning." Applied Sciences 13, no. 11 (2023): 6470. 

111. Soranzo, Enrico, Carlotta Guardiani, Yiru Chen, Yunteng Wang, and Wei Wu. "Convolutional neural networks 
prediction of the factor of safety of random layered slopes by the strength reduction method." Acta Geotechnica 
18, no. 6 (2023): 3391-3402. 

112. Mu’azu, Mohammed A. "Enhancing slope stability prediction using fuzzy and neural frameworks optimized by 
metaheuristic science." Mathematical Geosciences 55, no. 2 (2023): 263-285. 

113. Gu1a, Yu-tian, Yong-xuan Xu2b, Hossein Moayedi, Jian-wei Zhao5c, and Binh Nguyen Le. "Slope stability 
prediction using ANFIS models optimized with metaheuristic science." (2022). 

114. Mahmoodzadeh, Arsalan, Hamid Reza Nejati, Nafiseh Rezaie, Adil Hussein Mohammed, Hawkar Hashim 
Ibrahim, Mokhtar Mohammadi, and Shima Rashidi. "Gaussian process regression model to predict factor of safety 
of slope stability." Geomechanics and Engineering 31, no. 5 (2022): 453. 

115. Jamalinia, Elahe, Faraz S. Tehrani, Susan C. Steele-Dunne, and Philip J. Vardon. "A data-driven surrogate 
approach for the temporal stability forecasting of vegetation covered dikes." Water 13, no. 1 (2021): 107. 

116. Liu, Yibiao, Weizhong Ren, Chenchen Liu, Guijun Fu, Wenhui Xu, and Simin Cai. "A search method for 
probabilistic critical slip surfaces with arbitrary shapes and its application in slope reliability analysis." Natural 
Hazards 107 (2021): 1657-1679. 

117. Wang, Hong, Hossein Moayedi, and Loke Kok Foong. "Genetic algorithm hybridized with multilayer perceptron 
to have an economical slope stability design." Engineering with Computers 37 (2021): 3067- 3078. 

118. Wei, Zhen-lei, Qing Lü, Hong-yue Sun, and Yue-quan Shang. "Estimating the rainfall threshold of a deep- seated 
landslide by integrating models for predicting the groundwater level and stability analysis of the slope." 
Engineering Geology 253 (2019): 14-26. 

119. Moayedi, Hossein, Dieu Tien Bui, Mesut Gör, Biswajeet Pradhan, and Abolfazl Jaafari. "The feasibility of three 
prediction techniques of the artificial neural network, adaptive neuro-fuzzy inference system, and hybrid particle 
swarm optimization for assessing the safety factor of cohesive slopes." ISPRS International Journal of Geo-
Information 8, no. 9 (2019): 391. 

120. Saikrishnamacharyulu, Ippili, Balendra Mouli Marrapu, and VasalaMadhavarao. "A Novel Multi- Objective 
Particle Swarm Optimized RF-SVR Model for Reinforced Soil Slope Stability Analysis." International Journal of 
Intelligent Engineering & Systems 17, no. 1 (2024). 

121. Xu, Wenhan, Yanfei Kang, Lichuan Chen, Luqi Wang, Changbing Qin, Liting Zhang, Dan Liang, Chongzhi Wu, 
and Wengang Zhang. "Dynamic assessment of slope stability based on multi‐source monitoring data and ensemble 
learning approaches: A case study of Jiuxianping landslide." Geological Journal 58, no. 6 (2023): 2353-2371. 

122. Bai, Gexue, Yunlong Hou, Baofeng Wan, Ning An, Yihao Yan, Zheng Tang, Mingchun Yan, Yihan Zhang, and 
Daoyuan Sun. "Performance evaluation and engineering verification of machine learning based prediction models 
for slope stability." Applied Sciences 12, no. 15 (2022): 7890. 

123. Moayedi, Hossein, Abdolreza Osouli, Hoang Nguyen, and Ahmad Safuan A. Rashid. "A novel Harris hawks’ 
optimization and k-fold cross-validation predicting slope stability." Engineering with Computers 37 (2021): 369-
379. 

124. Luo, Zhenyan, Xuan-Nam Bui, Hoang Nguyen, and Hossein Moayedi. "A novel artificial intelligence technique 
for analyzing slope stability using PSO-CA model." Engineering with Computers 37 (2021): 533-544. 

125. Bardhan, Abidhan, B. Dhilipkumar, Lakshmi Mulagala, and Pijush Samui. "Application of bi-directional extreme 
learning machine in predicting stability of slope of railway embankment in seismic condition." In Stability of 
Slopes and Underground Excavations: Proceedings of Indian Geotechnical Conference 2020 Volume 3, pp. 11-22. 
Singapore: Springer Singapore, 2021. 

126. Tien Bui, Dieu, Hossein Moayedi, Mesut Gör, Abolfazl Jaafari, and Loke Kok Foong. "Predicting slope stability 
failure through machine learning paradigms." ISPRS International Journal of Geo-Information 8, no. 9 (2019): 



3421 Sahista Kazi Slope Stability Assessment and Prediction Via Machine 

 

Nanotechnology Perceptions 20 No.6 (2024) 3405-3421 

 

395. 
127. Moayedi, Hossein, Dieu Tien Bui, Bahareh Kalantar, and Loke Kok Foong. "Machine-learning-based 

classification approaches toward recognizing slope stability failure." Applied Sciences 9, no. 21 (2019): 4638. 
128. Kumar, S., and P. K. Basudhar. "A neural network model for slope stability computations." Géotechnique Letters 

8, no. 2 (2018): 149-154. 


	Sahista Kazi1, Dr. Gargi Rajpara2*
	1 PhD Scholar, KSV, Gandhinagar, Gujarat, India. Email- Sahistakazi@ldce.ac.in
	2*Principal, LDRP KSV, Civil Engineering Department, Gandhinagar, Gujarat, India. Email- grajapara@yahoo.co.in
	1.Introduction
	1.1. Slope Stability Prediction
	1.2. Traditional Approaches in Slope Stability Analysis
	Geotechnical engineering generally employs two primary techniques for examining the physical characteristics of geological substances: numerical/analytical approaches and empirical approaches. Slope stability in numerical models is quantified as a Fac...
	1.3. Evolution of machine learning in slope stability

	2. Review Methodology
	2.1 Prisma Model

	3. Literatureanalysis
	3.1 Slope stability analysis through FOS prediction withML
	3.2 EvaluationofMLApproachforFOSPredictiononvariousPerformancemetrics
	(i) Based onAccuracy
	(ii) Based onRsquarederror(R2)
	(iii) Based on Root Mean Square Error (RMSE)
	(iv) Based on Mean Absolute Error (MAE)

	4. Discussion
	5. Conclusion and Future Scope

