

  applsci-14-06526




applsci-14-06526







Appl. Sci. 2024, 14(15), 6526; doi:10.3390/app14156526




Article



Slope Stability Prediction Using Principal Component Analysis and Hybrid Machine Learning Approaches



Daxing Lei 1,2,*, Yaoping Zhang 1,2, Zhigang Lu 1,2, Hang Lin 3, Bowen Fang 4 and Zheyuan Jiang 4,*





1



School of Resources and Architectural Engineering, GanNan University of Science and Technology, Ganzhou 341000, China






2



Key Laboratory of Mine Geological Disaster Prevention and Control and Ecological Restoration, Ganzhou 341000, China






3



School of Resources and Safety Engineering, Central South University, Changsha 410083, China






4



Jiangsu Key Laboratory of Urban Underground Engineering and Environmental Safety, Institute of Geotechnical Engineering, Southeast University, Nanjing 210096, China









*



Correspondence: leidaxing@gnust.edu.cn (D.L.); jiangzheyuan@seu.edu.cn (Z.J.)







Citation: Lei, D.; Zhang, Y.; Lu, Z.; Lin, H.; Fang, B.; Jiang, Z. Slope Stability Prediction Using Principal Component Analysis and Hybrid Machine Learning Approaches. Appl. Sci. 2024, 14, 6526. https://doi.org/10.3390/app14156526



Academic Editor: Georgios N. Aretoulis



Received: 27 June 2024 / Revised: 16 July 2024 / Accepted: 24 July 2024 / Published: 26 July 2024



Abstract


Traditional slope stability analysis methods are time-consuming, complex, and cannot provide fast stability estimates when facing a large amount of slope cases. In this case, artificial neural networks (ANN) provide a better alternative. Based on the ANN, the particle swarm optimization (PSO) algorithm, and the principal component analysis (PCA) method, a novel PCA-PANN model is proposed. Then, a dataset of 307 slope cases covering a wide range of slope geometries and mechanical properties of geomaterial is developed. The hybrid machine learning model trained with the dataset is applied to the factor of safety (FoS) prediction of the actual slope, and three evaluation indicators are introduced to measure the prediction performance of the model. Finally, the sensitivity analysis of input parameters is carried out, and the slope protection strategy for different sensitive factors is proposed. The results show that this new model can quickly obtain the FoS and stable state of the slope without complex calculation, only by providing the relevant characteristic parameters. The correlation coefficient of the PCA-PANN model for slope stability analysis reaches more than 0.97. The sensitivity degree of influencing factors from large to small is slope angle, cohesion, pore pressure ratio, slope height, unit weight, and friction angle.
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1. Introduction


A slope is a commonly used geological environment and load carrier in engineering construction [1,2,3]. As shown in Figure 1, a large number of slopes will be formed during the construction of mines, highways, railways, water conservancy, and construction projects. Stability analysis is the most important part of any slope design study [4,5]. Slope instability will bring great loss to economic construction and people’s lives [6]. Nearly USD 19.8 billion is spent each year on the damage caused by landslide worldwide, accounting for 17% of the annual loss attributed to the global natural disasters [7]. Therefore, it is of great theoretical and practical significance to construct a reliable and effective slope stability prediction model [8,9,10,11,12].



To better estimate and evaluate the slope stability, the factor of safety based on an appropriate geotechnical model is required. The term “factor of safety” (FoS) was considered an important criterion for assessing slope stability [13]. Generally, a slope with a FoS greater than 1.2 is considered safe [14]. Since Terzaghi [15] published the classic work entitled “Mechanism of Landslides”, numerous researchers contributed to a better understanding of slope stability. Traditional methods of slope stability analysis mainly include limit equilibrium methods (LEM) and qualitative evaluation methods. The LEM was first proposed by Fellenius [16] and is the earliest and most widely used method in slope stability research. The principle of LEM is to evaluate the slope stability by calculating the FoS based on the relationship between the shear strength and sliding force on the slope sliding body [17]. Commonly used LEM include the Swedish arc method, Morgenstern-Price method, simplified Bishop method, Janbu’s generalized method, Spencer method, etc. [18,19,20,21]. In addition, Zhou and Cheng [22] used a quasi-dynamic method to establish a strict LEM considering interstrip forces to automatically search the sliding surface of a 3D landslide and determine its FoS. Recently, based on the LEM, Bansal and Sarkar [23] used the GeoStudio software to study the slope safety factor in Kalimpong, Darjeeling Himalayas under dry and saturated conditions. Apart from LEM, a series of excellent numerical analysis methods, such as finite element method (FEM), finite difference method (FDM), and Fast Lagrangian Analysis of Continua (FLAC) emerged [24], which can effectively solve complex slope stability problems. Numerous studies combined with numerical analysis methods calculated the FoS, and quantitatively revealed the mechanism and process of gradual failure of geomaterials before and after instability.



The above studies greatly deepened the understanding of slope instability. The slope is an open, uncertain, and nonlinear complex system. Affected by a variety of random and uncertain factors (e.g., the spatial variability of geotechnical parameters and the infiltration of water), the application of the above methods was limited by several restrictions, and it is difficult to achieve the ideal prediction effect [25,26,27]. For example, due to the large number of potential sliding surfaces, it is cumbersome and difficult to find the critical sliding surface by using the LEM [28,29]. Therefore, the use of LEM is not feasible when a significant amount of slope cases need to be analyzed in a limited time, particularly for the rapid detection of landslide activity and issuing landslide warnings [30,31]. The accuracy of the numerical simulation method depends on the setting of the constitutive model, boundary conditions, and mechanical parameters, which often require rich engineering experience and in situ back analysis to obtain reasonable results [32]. Moreover, compared with the LEM, the numerical simulation method requires longer time [33]. Of course, flawed as it is, the numerical simulation method is still a promising tool. On the other hand, an easily developed method is needed to replace LEM and qualitative evaluation methods for fast FoS prediction.



Benefiting from the vigorous development of computational intelligent technology, the advent of the machine learning (ML) model shed light on tackling the challenge of FoS prediction [34,35,36]. Applying the ML approaches to predict FoS based on collected slope cases became an important solution [37]. As a robust soft computing model, neural networks are widely used to assess slope stability and represent the mechanical behavior of materials and other nonlinear problems [38,39,40,41,42,43,44,45,46,47,48]. Neural networks include artificial neural networks (ANN), back propagation neural networks, differential evolution neural networks, and other methods. Feng [49] pioneered the concept of intelligent rock mass mechanics and established a neural network slope stability prediction model. Bui et al. [50] introduced a deep learning neural network (DLNN) model in the assessment of landslides in Kon Tum Province, Vietnam, and compared its prediction performance with other classical ML methods. Foong and Moayedi [51] use two novel optimization techniques (i.e., the vortex search algorithm and equilibrium optimization) to fine-tune the neural network model used to determine the FoS of a single-layer slope. Table A1 in Appendix A summarizes published typical neural network-based methods. Until now, the vast majority of existing studies on slope stability prediction adopted a single ML technology, and more complex algorithms are still needed to improve slope stability prediction [29]. Despite many efforts, there is still a debate about which model can achieve the most stable landslide displacement prediction. Moreover, most ML models verify their superiority with only a few cases, and this strategy may lead to unreliable conclusions [52]. With the increasing requirement for FoS prediction accuracy, there is a trend to develop more reliable ML models.



In this paper, the principal component analysis (PCA) method is utilized to map high-dimensional raw data to low-dimensional through matrix transformation. Then, combining the advantages of the particle swarm optimization (PSO) algorithm and ANN model, a hybrid PANN model is developed to predict FoS. It introduced evaluation indicators to evaluate the generalization performance of the model and further discussed the application of the PCA-PANN model. The outline of this study is as follows: Section 2 briefly describes the importance of the study. Section 3 describes the selection of the influencing variables and the statistical description of the collected dataset. Section 4 presents the details of the developed model. Section 5 demonstrates the model effects with practical applications. Section 6 provides slope prevention methods as well as limitations of the current study. Section 7 summarizes the conclusions of this study.




2. Research Significance


The occurrence of slope instability is a long-term, nonlinear, and complex process [53]. Due to the complexity of slope structure and the discontinuity of mechanical properties of geotechnical materials, as well as the variability of control factors acting on the slope, slope stability is comprehensively affected by geological and engineering factors [54]. As an indispensable key mechanical parameter in slope engineering design and stability analysis, FoS was incorporated into various standards and engineering codes, and its research significance cannot be ignored. FoS evaluation involves many variables and requires the calculation of slope geometry data, geological material parameters, and pore water pressure. These uncertain factors have different influence weights on slope stability, and there is a complex nonlinear relationship between them [55].



The potential economic benefits to be gained from solving FoS by the ML model are huge (e.g., allowing steeper slopes, better support system design, etc.). In practice, it is usually necessary to estimate FoS at the preliminary stage of an engineering project. When sufficient historical cases are available, a machine learning approach provides an alternative model for slope stability assessment by establishing the input–output relationship between the FoS and related parameters [55]. To this end, this paper proposes an intelligent FoS prediction method combined with the PCA method, which uses ML methods to train and develop a new hybrid ML model for FoS prediction. The input–output relationship between the variables and FoS is identified, and potential explicit or implicit relationship functions are determined to predict FoS for a given set of input variables. The new method can process the data without depending on the measurement scale, and the arrangement of the data is not affected [56]. In this model, the PSO algorithm is used to Improve the predictive performance and generalization capability of the ANN model. To the best of the author’s knowledge, this is a preliminary exploration in the field of slope stability research using the PCA-PANN model. Compared with the traditional LEM and qualitative evaluation methods, the proposed model can find and deal with the implicit nonlinear relationship between variables in depth. Therefore, it is a promising method for slope stability prediction.




3. Dataset Description and Processing


3.1. Dataset Preparation


Geological materials such as soil, rock, and sand are exposed to a complex environment of strain rates, water, and temperature changes over a long period time, and their complex pore structures result in extremely discrete mechanical properties [57,58,59,60,61]. Due to the limitations of open available geological data, it is not possible to comprehensively consider all potential variables. This section compiles a dataset encompassing 307 sets of data based on available measurements reported in the literature [62,63,64,65,66,67] for training and developing ML models to predict FoS. Referring to the practice of ref. [68], the six most representative variables were selected to evaluate FoS. These six key variables include friction angle (φ), cohesion (c), unit weight (γ), slope height (H), slope angle (Φ), and pore pressure ratio (ru). Here, φ, c, and γ reflect the mechanical properties of the rock and soil mass, ru reflects the magnitude of the pore water pressure, and H and Φ reflect the geometric characteristics of the slope.



The specific definitions of these six key variables are as follows:




	
H indicates the vertical distance between the slope crest to slope base.



	
Φ represents the angle between the inclined slope plane and slope base.



	
ru denotes the ratio of pore water pressure to overburden pressure and represents the external triggering factor of landslide.



	
γ indicates the weight per unit volume of geomaterials.



	
φ and c represent the geomaterial’s ability to withstand shear stress.








Descriptive statistics are an important part of data analysis and provide the basis for subsequent ML modeling. Table 1 provides univariate descriptive statistics of the data to summarize the data in an organized manner. The input variables collected in different slopes have certain differences. Visual analysis can reflect the characteristic parameter information in the dataset and can qualitatively analyze the slope state to a certain extent. In order to evaluate whether there are outliers in the dataset, we plotted the violin plot of each variable in the dataset, as shown in Figure 2. In general, violins combine the box plots and the kernel density plots to effectively depict the data distribution. The shape of the violin indicates how the data are distributed along the vertical axis, and the interior of the violin contains a box plot. Figure 2 shows that most of the cohesion is distributed in 10–36 KPa; the slope angle is mainly 25° to 45°. The slope height is mainly 40.3 m. A cursory inspection of Figure 2 indicates a relatively uniform distribution of the input variables in this dataset. There are no outliers or anomalous data in the violin plot, indicating that this collected dataset is constructed reasonably.



To study the correlation between different input variables, Figure 3 analyzes the correlation between the six key input variables of the dataset and the output results FoS. It can be seen that the correlation coefficient of two identical variables is represented diagonally from bottom left to top right as the symbol of the variable (representing a correlation coefficient of 1). The correlation coefficient of the part above the diagonal is the same as that of the other part of the symmetry. The correlation coefficients between the different input variables and FoS are relatively low (most values are less than 0.4). That is to say, it is not easy to find an obvious relationship between the six input variables and FoS, which indicates that there is a strong nonlinear relationship between FoS and input variables.



In the subsequent ML modeling, the whole dataset is randomly divided into two independent subsets: a training set and test set. The training set is utilized to build and train the ML model, and then the test set is utilized to validate the predictive performance and generalization capability of the proposed model [69]. Through optimization analysis, the optimal percentages of the training set and the test set in the whole dataset are determined to obtain two sufficiently representative subsets. In this paper, 80% of the whole dataset is included in the training set (i.e., 245 cases) and the remaining 20% in the test set (i.e., 62 cases).




3.2. Cross-Validation and Performance Measures


In order to minimize the bias introduced by randomly splitting the training and test sets in Section 3.1, the K-fold cross-validation (K-CV) method is utilized. K-CV is a statistical method of splitting a dataset into smaller subsets and effectively eliminating the bias caused by sampling randomness. The original training set is equally divided into K different subsets, each subset is utilized as a new test set, and the remaining K − 1 subsets are utilized as new training sets. The accuracy of the ML model on each subset is evaluated to evaluate the effectiveness of the proposed method. As suggested by Kuhn and Johnson [70], 10-fold or 5-fold cross-validation is recommended. In this study, 10-fold cross-validation is used according to the scale of the dataset and the computational time. The process of 10-fold CV is shown in Figure 4, where P1, P2, …, and P10 represent the prediction results of the corresponding folds, respectively.



In this section, the correlation coefficient (R2), mean absolute error (MAE), and root mean squared error (RMSE) are widely utilized to evaluate the predictive performance and generalization capability of ML models. The basic equations of these evaluation indicators are shown in Equations (1)–(3) [71,72,73]. The evaluation indicators between the predicted and measured values are excellent methods to check the predictive performance and generalization capability of the predictive models [74]. Theoretically, the ML model works best when its evaluation indicators are R2 = 1, MAE = 0, and RMSE = 0 [75,76].


   R 2   = 1  −      ∑  i = 1  N       F o  S i  m e a   − F o  S i  p r e      2        ∑  i = 1  N       F o  S i  m e a   − E   F o  S  m e a        2        



(1)






  M A E =   1 N     ∑  i = 1  N     F o  S i  m e a   − F o  S i  p r e        



(2)






  R M S E =     1 N     ∑  i = 1  N       F o  S  i   m e a   − F o  S  i   p r e      2       



(3)




where FoSipre and FoSimea are the predicted and measured results, respectively; E[FoSimea] represents the average of FoSimea; and i = 1, 2…, and N is the number of samples.





4. Methodology


4.1. Principal Components Analysis


The slope instability shows typical fluctuation and multi-scale characteristics. Due to the influence of random factors such as noise and interference, it is difficult to fully extract useful information from the data by directly modeling the original data, and the prediction accuracy is low. More importantly, there is a significant correlation between various types of data, which is easy to cause repetition of sample information input, increases the complexity of model training, and reduces the generalization performance. The principal component analysis (PCA) method is a classical data dimensionality reduction and denoising method, which maps high-dimensional data into a few principal components in low-dimensional space by matrix transformation. The original data are compressed to facilitate calculation and improve the overfitting problem, and these principal components contain most of the useful information in the original data [77].



The application of the PCA method in the slope field was proved to be feasible and effective [78,79]. PCA is used to eliminate the correlation between the six key variables in the dataset established in Section 3.1, and the new dataset is established. The steps are as follows:



The original dataset Xmxn can be represented as a matrix with m rows and n columns, where m is the number of samples and n is the number of variables:


   X  m × n   =        x  11      …     x  1 n        ⋮   ⋱   ⋮       x  m 1      ⋯     x  m n         .  



(4)







The dimension difference between each input variable may be too large to affect the prediction results. Therefore, to better use the PCA method, the Xmxn was standardized and transformed into a standardized matrix X* according to Equation (5).


    x  i , j   *  =     x  i , j   −  μ j       σ i       , i = 1 , 2 , ⋯ , m ; j = 1 , 2 , ⋯ , n  



(5)




where xi,j* denotes the normalized value; σi and μj denote the variance value and mean value of original data, respectively.



The correlation matrix R is calculated from the X* as shown in Equation (6).


   R  m × n   =  X  * T    X *   



(6)







Calculate the eigenvalue of each principal component according to |λ−R| = 0 to find the eigenvalues λi. Finally, the contribution rate of each principal component ηi is obtained, and the equation is as follows:


   η i  =     λ i      ∑ i n    λ i       .  



(7)








4.2. Artificial Neural Network


Based on the structure and function of biological neurons, ANN is a mathematical approach that simulates the reasoning operation of the human brain, and can solve complex mechanisms well [80]. For multi-dimensional data with low correlation, ANN is the best alternative to traditional neural networks because of its excellent function approximation and feature selection ability [81]. The basic unit of ANN is the neuron, which is responsible for receiving input features from sensory organs and passing them to the brain. Neural networks have types of layers. The first layer is the Input layer, through which all the input data and parameters are fed into the neural network. The second layer is the Hidden layer that processes the input data using activation functions. The processed data are finally output at the Output layer.



The ANN model framework constructed in this section is shown in Figure 5. The model consists of neurons connected to construct a multi-layer neuronal network. Input variables such as friction angle (φ), cohesion (c), and unit weight (γ) are transmitted and trained through neuronal connections and activation functions. The optimal number of neurons in the Hidden layer is constantly adjusted during training to minimize the error between the predicted FoS value and the true FoS value. Training means that the ANN model needs to learn the weights associated with all neurons. As shown in Equation (8), the weighted sum of all inputs is passed through the nonlinear activation function f.


  Y  = f    b +   ∑  i = 1  n    x i   ω i       



(8)




where b and wi denote the bias and the respective weights, n is the number of inputs for the node.




4.3. PANN


Slow learning speed and ease of falling into local minima are the inherent disadvantages of ANN. This section attempts to improve the performance of ANN by the particle swarm optimization (PSO) algorithm. As a heuristic algorithm, the PSO algorithm with powerful global optimal searchability is a kind of evolutionary computing technology. Particles are the basic unit of PSO algorithm, and each particle represents a candidate solution to the optimization problem in the population.



The basic principle of PSO is to simulate the flight of birds by using a swarm of particles with only velocity and position attributes. The position of the food represents the optimal solution to the problem, and the distance between the particle and the optimal solution represents the objective function value of the current particle. Each particle finds the optimal position separately, and the optimal position sought by each particle is the individual extremum. Then, each particle shares the individual extreme value with other particles, and finds the best individual extreme value by comparison, and the best individual extreme value is the best value of the group. Finally, all particles are updated according to the current individual optimal position and group optimal position, and the above steps are repeated until the optimal solution is found.



The specific Implementation process of PSO is as follows:



Suppose that there are N particles in the D-dimensional space, and X and V are used to represent the position and velocity of the particles. The position of the ith particle is:


   X  i D   =    x  i 1   ,  x  i 2   , … ,  x  i D     .  



(9)







The velocity of the ith particle is given in Equation (10):


   V  i D   =    v  i 1   ,  v  i 2   , … ,  v  i D     .  



(10)







In every iteration of the system, the particle moves to find the best places (i.e., Pbest and Gbest). The velocity and position of all particles can be attained:


   V  i D       n e w   =  V  i D   +  R 1  +  C 1   R 1     P  b e s t   −  X  i D     +  C 2   R 2     G  b e s t   −  X  i D      



(11)






   X  i D       n e w   =  X  i D   +  V  i D       n e w    



(12)




where    V  i D       n e w     and    X  i D       n e w     are terms that show the updated velocity and position of particles; C1 and C2 are two customized position acceleration constants; and two positive acceleration constants R1 and R2 are the random numbers in the range of (0,1).



In order to deepen the understanding of the PSO algorithm, the geometrical illustration of particles moving in two-dimensional space is shown in Figure 6. Pbest denotes the local best position, and Gbest denotes the global best position. Further details about the use of PSO development and operations can be found in the Ref. [82].



The PSO is utilized to search the hyperparameters of ANN, such as the optimal number of neurons, learning rate, and number of iterations. The connection weights and thresholds of the ANN are mapped to a swarm of particles. The dimension of each particle represents the sum of the number of weights in the network that play a connection role and the number of network thresholds. Using the PSO algorithm to train neural network can give full play to its global optimization ability and local rapid convergence advantages. The particle moves and searches in the weight and threshold space to minimize the error of the Output layer of the neural network. Finally, a hybrid PANN model is developed by using the advantages of PSO and ANN. The good global search ability of PSO improves the generalization ability and learning performance of ANN. The hybrid PANN model incorporates the advantages of PSO and ANN; specifically, PSO finds the global minimum in the search space, while ANN finds the best result using the determined global minimum. In addition, PCA is performed on the original data to extract new variables that meet the requirements of principal components. With the new variables as the new inputs of the PANN model, the flowchart of the final PCA-PANN model obtained is shown in Figure 7.





5. Results and Applications


5.1. Feature Extraction by PCA


Principal component analysis (PCA) was performed on the data in the dataset as described in Section 4.1. The data standardized according to Equation (5) were analyzed, and the eigenvalues and contribution rate of the six principal components were finally obtained in Table 2. It can be seen that the cumulative contribution rate of the first four principal components is 85.036%, which meets the condition that the cumulative contribution rate of the principal component variance accounts for more than 80% of the total variance and can fully reflect the main characteristics of the sample. Therefore, the first four principal components (numbered F1, F2, F3, and F4, respectively) are selected to replace the original variables for analysis.



According to the factor score coefficient matrix (see Table 3), the expressions of each principal component can be obtained as shown in Equation (13):


         F 1  = 0.796  γ *  + 0.63  c *  + 0.67  φ *  + 0.653  Φ *  + 0.827  H *  − 0.034    r u   *         F 2  = − 0.014  γ *  − 0.413  c *  + 0.287  φ *  + 0.187  Φ *  − 0.015  H *  + 0.895    r u   *         F 3  = 0.333  γ *  + 0.38  c *  − 0.335  φ *  − 0.535  Φ *  + 0.101  H *  + 0.401    r u   *         F 4  = − 0.215  γ *  + 0.328  c *  + 0.539  φ *  − 0.268  Φ *  − 0.266  H *  + 0.027    r u   *         



(13)




where the superscript * represents the physical quantity normalized by Equation (5).




5.2. Model Performance


For comparison purposes, the effect of the PANN model without PCA processing is also shown. It is worth noting that before applying the PANN model, data preprocessing is also required to improve the prediction accuracy. The respective prediction effects of the two models (PCA-PANN model and PANN model) are shown in Figure 8. The horizontal coordinate in Figure 8 represents the data number. Figure 8 shows that the FoS error generated by the PCA-PANN model is close to zero on most datasets, with an R2 value of 0.988. This error is negligible when predicting FoS, which indicates that the PCA-PANN model has high prediction accuracy. To better support these results, Table 4 lists the prediction results of the two models. RMSE quantifies the spread of measured values around the mean of predicted values. MAE calculates the average absolute error between predicted and actual values. R2 is a statistical metric that assesses the strength of the relationship between two variables using N pairs of measured and predicted values. Higher R2 value and lower error values (RMSE and MAE) show better predictability of measured values from the prediction model. It is obvious that the prediction results of the PCA-PANN model proposed in this paper are the closest to the measured values, and the prediction errors are the smallest (RMSE = 0.13, R2 = 0.971, and MAE = 0.125). The PANN model combined with the PCA method enables the proposed PCA-PANN model to efficiently explore the most appropriate computational parameters using the principal component information, thus improving the accuracy of FoS prediction.



Overall, the proposed model is effective in addressing nonlinear FoS caused by multiple variables, and this trained ML model can provide a reference for experienced team members. Admittedly, in terms of current ML research results, ML models cannot completely replace traditional methods to estimate FoS. However, if possible, using ML methods to accurately estimate the FoS of slopes with known design parameters based on datasets from previous studies will greatly reduce the test time and cost.




5.3. Case Study


In order to verify the prediction performance of the proposed PCA-PANN model in practical application, this model is applied to a slope project in Heihe City, Heilongjiang Province, China. The stability of this slope directly affects the stability of oil and gas transportation. The AA001–AA004 piles of the China–Russia East Line Natural Gas Pipeline are the control works of the transit section. The positions of AA001–AA004 piles and the monitored slope are shown in Figure 9a. The slope angle is about 40°, the horizontal distance of the slope is 477 m from the total length, and the slope height is 120 m. According to the field hydrogeological data (see Table 5 for the specific characteristics), the stability of the slope was evaluated by the model established by the numerical simulation method in Ref. [83] as shown in Figure 9b, and the FoS of the slope was calculated.



Table 6 gives the calculation of the FoS of the slope based on the ANN model established in Ref. [83] and the proposed PCA-PANN model. It can be seen that compared with Ref. [83], the proposed model is closer to the numerical results. Interestingly, with the increase in moisture content, the FoS predicted by this model shows a trend of first strengthening and then weakening, which is consistent with the trend of slope stability obtained by the numerical simulation method.



These results strongly prove the feasibility and effectiveness of the proposed model. In other words, machine learning simply offers a promising alternative to solving the challenge of slope stability modeling. It is worth noting that this method cannot completely replace the numerical analysis methods at present. Last but the most important, all methods should corroborate each other and jointly provide a reference for solving slope stability problems.





6. Discussion


6.1. Slope Safety Protection


For the problem of slope stability evaluation, feature importance analysis can reflect the relevant influence degree of each influencing factor on slope stability, so as to provide an effective reference for the formulation of slope safety protection. Figure 10 shows the results of the sensitivity analysis. The results show that slope angle (Φ) is 0.28, cohesion (c) is 0.16, pore pressure ratio (ru) is 0.13, slope height (H) is 0.12, unit weight (γ) is 0.03, and friction angle (φ) is 0.011. It is important to note that the importance scores and ranking of each input variable will be different for different datasets and different feature importance scores. It is worth mentioning that the importance ranks of each of the input variables obtained in this paper apply only to the dataset in Section 3 and cannot be considered as general rules. With more valid slope cases and more comprehensive feature consideration in the future, more representative results can be obtained.



Several relatively important characteristics (slope angle (Φ), cohesion (c), pore pressure ratio (ru), and slope height (H)) are selected and combined with the slope engineering practice for analysis and prevention. It is suggested to carry out slope prevention from the following three aspects:




	(1)

	
Reduce the slope height and slope angle: for high and steep slopes, the slope height and slope angle can be reduced by cutting the head and cutting the slope to reduce the load.




	(2)

	
Reduce unit weight and pore water pressure: for surface water can be set up drainage ditch, drainage ditch, etc.; the blind ditch, drainage hole, and collection well can be set for groundwater.




	(3)

	
Increase shear strength: A vegetation cover and vertical root system are used to prevent slope erosion, reduce pore water pressure, and improve shear strength. Specific methods include planting trees, planting grass, and laying sod.










6.2. Limitations


The integrated ML approaches based on the PANN model and PCA method established in this study are very promising for classification and regression problems and have great potential to be more widely used in slope stability prediction. However, there are still some shortcomings in this paper that need to be improved. As a machine learning approach, the predictive performance of the PCA-PANN model is highly influenced by the quantity and quality of the supporting data. In other words, the reliability of the PCA-PANN model strongly depends on the scale and quality of the amount of data. The scale of datasets created from field or experimental studies is limited [84,85,86]. At present, the FoS dataset established in Section 3.1 is still limited and cannot cover all slope types. Therefore, it is necessary to further enrich the dataset to make the FoS prediction results more reliable. The generalization of this model deserves further improvement and exploration in the future. For example, by varying and testing different swarm sizes and the number of iterations, the PCA-PANN model produces more convincing scenarios. Moreover, other external factors, such as earthquakes, rainfall, impoundment of reservoirs, and human activities, can also have a significant impact on FoS. Due to the difficulty of collecting such data, these factors are not considered in this paper. With the increasing demand of FoS prediction accuracy in slope engineering practice, it is a trend to develop or utilize more potential factors. Last but not least, the manuscript uses the PCA method to reduce the dimensionality of the input data and eliminate correlations between variables. In the future, we will try to combine other dimensionality reduction techniques such as manifold learning method with ML methods to predict slope stability. All of these will be the subject of future works.





7. Conclusions


	(1)

	
In this paper, the PSO algorithm is introduced to optimize ANN model. By inputting the slope information and mechanical parameters, combined with the powerful ability of hybrid machine learning model, ideal and fast FoS prediction results can be obtained.




	(2)

	
Four principal components of slope-influencing variables are extracted to eliminate the correlation between influencing variables. The amount of information carried by these principal components is 85.036%. The number of these principal components is less than the original variables, and the proposed PCA-PANN model is significantly improved by using these principal components. The well-performing statistical metrics (R2 = 0.971) also demonstrate the effectiveness of the proposed hybrid machine learning model.




	(3)

	
The prediction results of the proposed model are compared with the FoS of slope engineering cases in Heihe city. The FoS predicted values obtained for each case are very close to the real value, which proves the effectiveness and feasibility of the proposed hybrid machine learning model.
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Table A1. Previous work about neural network-based methods.






Table A1. Previous work about neural network-based methods.





	Reference
	Model
	Input Variables





	Verma et al. [87]
	ANN
	c, φ, α, pore pressure



	Foong and Moayedi [51]
	Multi-layer perceptron neural network (MLPNN)
	Undrained

cohesive strength (Cu), slope angle (β), the surcharge on

the footing (w), and the ratio of setback distance (d/D)



	Wang et al. [88]
	BPNN (Back propagation neural network)
	φ, c, γ, H, Φ



	Mahmoodzadeh et al. [14]
	DNN
	φ, c, γ, H, Φ, ru



	Liao et al. [89]
	BPNN
	φ, c, γ, H, Φ, ru



	Huang et al. [90]
	CNN
	φ, c, γ, H, Φ, ru



	Sakellariou and Ferentinou [91]
	BPNN
	φ, c, γ, H, Φ, ru



	Zhang et al. [92]
	ANN
	φ, c, γ, H, Φ, pore pressure



	Marrapu et al. [31]
	ANN
	φ, c, γ, H, Φ, ru



	Choobbasti et al. [93]
	ANN
	φ, c, γ, H, Φ, ru



	Das et al. [94]
	ANN
	φ, c, γ, H, Φ, ru



	Suman et al. [33]
	Functional networks (FNs)
	φ, c, γ, H, Φ, ru



	Lu and Rosenbaum [95]
	BPNN
	φ, c, γ, H, Φ, ru



	Rukhaiyar et al. [96]
	PSO–ANN
	φ, c, γ, H, Φ, ru
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Figure 1. Photograph of a slope case in Jiangxi Province, China (photograph by Daxing Lei). 
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Figure 2. Violin plots of input variables. 






Figure 2. Violin plots of input variables.



[image: Applsci 14 06526 g002]







[image: Applsci 14 06526 g003] 





Figure 3. Correlation matrix of the dataset. 
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Figure 4. A schematic diagram of K-CV (K = 10). 
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Figure 5. Architecture of the proposed ANN model. 
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Figure 6. Geometric illustration of particle velocity and position updates. 
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Figure 7. The framework of the hybrid PCA-PANN model. 
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Figure 8. Comparisons between the measured and predicted values. (a) PANN model; (b) PCA-PANN model. 
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Figure 9. (a) Locations of the monitoring slope case. (b) Stratigraphic model of the monitoring slope [83]. 
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Figure 10. Importance scores of the input variables. 






Figure 10. Importance scores of the input variables.



[image: Applsci 14 06526 g010]







 





Table 1. Statistical description of the dataset employed in this study.
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	Parameters
	c (KPa)
	φ (°)
	Φ (°)
	H (m)
	γ (KN/m3)
	ru
	FoS





	Number
	307
	307
	307
	307
	307
	307
	307



	Max
	150.05
	45
	66
	511
	31.3
	0.503
	5.799



	Min
	0
	0
	8
	3.66
	12
	0
	0.46



	Mean
	25.3633
	29.0593
	35.5752
	110.7239
	22.1733
	0.2694
	1.4612



	Standard deviation
	25.3140
	10.0418
	10.7847
	147.2382
	4.5259
	0.1245
	0.7118



	Kurtosis
	7.3598
	1.1794
	-0.4032
	0.52461
	−0.2327
	0.7679
	10.4443



	Skewness
	2.2021
	−1.1805
	−0.5592
	1.38309
	−0.1840
	−0.5038
	2.7874










 





Table 2. Principal component eigenvalue and contribution rate.






Table 2. Principal component eigenvalue and contribution rate.





	Factor
	Eigenvalue
	Percent of Variance (%)
	Cumulative Percent of Variance (%)





	1
	2.593
	43.20947
	43.20947



	2
	1.09
	18.16364
	61.373



	3
	0.825
	13.74771
	75.121



	4
	0.595
	9.91501
	85.036



	5
	0.546
	9.09848
	94.134



	6
	0.352
	5.86569
	100










 





Table 3. Component matrix for the normalized statistical parameters.
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	F1
	F2
	F3
	F4





	γ*
	0.796
	−0.014
	0.333
	−0.215



	c*
	0.63
	−0.413
	0.38
	0.328



	φ*
	0.67
	0.287
	−0.335
	0.539



	Φ*
	0.653
	0.187
	−0.535
	−0.268



	H*
	0.827
	−0.015
	0.101
	−0.266



	ru*
	−0.034
	0.895
	0.401
	0.027










 





Table 4. Comparison of prediction effects of each model.
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Model

	
Dataset

	
R2

	
RMSE

	
MAE






	
PANN

	
Training set

	
0.951

	
0.16

	
0.092




	
Test set

	
0.90

	
0.24

	
0.139




	
PCA-PANN

	
Training set

	
0.988

	
0.08

	
0.044




	
Test set

	
0.971

	
0.13

	
0.125











 





Table 5. Mechanical parameters of the slope case [83].






Table 5. Mechanical parameters of the slope case [83].





	
Case

	
Slope Layer

	
c (KPa)

	
φ (°)

	
H (m)

	
Φ (°)

	
γ (KN/m3)

	
ru

	
FoS






	
Case 1

	
Sand–gravel layer

	
8

	
30

	
120

	
40

	
13.2

	
0

	
1.05




	
Strong weathered andesite

	
215

	
15.6

	
120

	
40

	
15.75

	
0

	
1.4




	
Case 2

	
sand–gravel layer

	
85

	
25

	
120

	
40

	
13.75

	
0

	
1.38




	
Strong weathered andesite

	
195

	
14.6

	
120

	
40

	
16.35

	
0

	
1.4




	
Case 3

	
sand–gravel layer

	
9

	
17.9

	
120

	
40

	
15.63

	
0

	
1.08




	
Strong weathered andesite

	
130

	
11.9

	
120

	
40

	
18.56

	
0

	
1.35











 





Table 6. Comparison of model prediction effects.






Table 6. Comparison of model prediction effects.





	

	
FoS




	
Case

	
True Values

	
ANN Model [83]

	
Error (%)

	
PCA-PANN Model

	
Error (%)






	
Case 1

	
1.458

	
1.40

	
−3.978

	
1.447

	
−0.754




	
Case 2

	
1.904

	
1.38

	
−27.521

	
1.894

	
−0.525




	
Case 3

	
1.150

	
1.08

	
−6.087

	
1.136

	
−1.217
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