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Abstract: Slope stability prediction plays a significant role in landslide disaster prevention and mitigation. This paper’s reduced error pruning (REP) tree and random tree (RT) models are developed for slope stability evaluation and meeting the high precision and rapidity requirements in slope engineering. The data set of this study includes five parameters, namely slope height, slope angle, cohesion, internal friction angle, and peak ground acceleration. The available data is split into two categories: training (75%) and test (25%) sets. The output of the RT and REP tree models is evaluated using performance measures including accuracy (Acc), Matthews correlation coefficient (Mcc), precision (Prec), recall (Rec), and F-score. The applications of the aforementioned methods for predicting slope stability are compared to one another and recently established soft computing models in the literature. The analysis of the Acc together with Mcc, and F-score for the slope stability in the test set demonstrates that the RT achieved a better prediction performance with (Acc = 97.1429%, Mcc = 0.935, F-score for stable class = 0.979 and for unstable case F-score = 0.935) succeeded by the REP tree model with (Acc = 95.4286%, Mcc = 0.896, F-score stable class = 0.967 and for unstable class F-score = 0.923) for the slope stability dataset The analysis of performance measures for the slope stability dataset reveals that the RT model attains comparatively better and reliable results and thus should be encouraged in further research.
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1  Introduction

In geotechnical engineering, slope stability analysis and prediction are critical. Along with earthquakes and volcanoes, slope instability has become one of the world’s three great geological disasters. To decrease or prevent landslide damage, slope stability analysis and stabilization are required. Nevertheless, accurate slope stability prediction is difficult due to the complexity of slope structures and the difficulty in identifying the relevant input data linked to significant geotechnical parameters [1–3].

Several approaches have been proposed to analyze or predict slope stability, among which are Limit Equilibrium Methods (LEMs) [4,5] and numerical methods (e.g., Finite-element Method (FEM)) [6–8] are the most widely employed methods [9,10]. Empirical equations [11,12] and limit analysis approaches based on lower and upper bound theorems [13] are other methods. All of the methods discussed above, however, have some drawbacks. Limit equilibrium methods, for example, cannot reflect the slip surfaces’ actual stress conditions [14], and as a result of simplifying assumptions, their accuracy is compromised [1]. The numerical methods are time-consuming, and their accuracy is strongly reliant on correct geotechnical and physical parameter estimation.

For the last few years, a recently developed approach based on data mining techniques has been increasingly used to solve real-world problems, particularly in the field of civil engineering [15–35]. Several practical problems have already been successfully solved with machine learning algorithms, paving the way for new prospects in civil engineering. Furthermore, a variety of machine learning algorithms, for example, Artificial Neural Networks (ANNs) and Support Vector Machine (SVM) have been developed for addressing technical issues, such as predicting slope stability [10,36]. Table 1 summarizes previous studies on slope stability prediction using soft computing techniques. ANN and SVM are the most widely used soft computing methods for predicting slope stability because they do not require prior knowledge of a specific model form and have flexible nonlinear modeling capabilities [37]. They also outperform traditional analytical and regression methods when it comes to predicting slope stability [38,39].
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As shown in Table 1, various researches classified slope FoS under static conditions using essential factors such as slope height (H), cohesion (c), internal friction angle (ϕ), slope angle (β), and unit weight (γ). These studies presented novel ideas and methods for predicting slope stability. On the other hand, this field is still being researched. According to a critical review of the existing literature, despite the successful implementation of the reduced error pruning (REP) tree and random tree (RT) in various domains, e.g., [19,56], their application to predict slope stability in dynamic situations is scarcely explored. In the current study, the horizontal component of peak ground acceleration (PGA) is included in the input parameters.

This study has significance in several ways:

1.    Decision tree models are developed for analyze and early detection of slope stability that able to learn the complex relationship between slope stability and its influencing factors with reasonable precision. Furthermore, the proposed models provide easily interpretable tree structures that can be used by geotechnical engineering professionals with the help of spreadsheets to predict the slope stability for future seismic events without going into the complexities of models development using RT and REP trees.

2.    The performance of the proposed models is comparatively assessed with two commonly used soft computing models (RF and AdaBoost) published in the literature to validate the performance.

3.    One of the major advantages of the presented models is the consideration and addition of dynamic conditions—the horizontal component of peak ground acceleration (PGA) to the database.

4.    Data division for training and testing datasets was carried out with due regard for statistical aspects such as dataset range, mean, and standard deviation. The datasets are split to determine the predictive ability and generalization performance of developed models, which will and later helps in evaluating them better.

The following summarizes the rest of the paper: The data catalog is shown in Section 2. Section 3 describes the applied DT techniques and performance measures. The results and discussion are presented in Section 4. Finally, some concluding remarks are given.

2  Data Catalog

In this study, 700 homogenous slope data (see Appendix A) were obtained from [55] and simulated using GeoStudio, which utilizes the LEM approach for the most important FoS parameters. Many homogenous slopes (in terms of material, γ = 18 kg/m3) with varied conditions were modeled to achieve FoS in the study. The slopes were created with heights of 15, 20, 25, and 30 m with slopes of 20°, 25°, 30°, and 35°. In terms of rigid behavior, all of the models were on bedrock. Furthermore, all models were supposed to have a crest width of 8 m. The failure criterion of Mohr-Coulomb was applied in this study’s analysis. Internal friction angles of 20°, 25°, 30°, 35°, and 40° were utilized in the tests, with cohesions of 20, 30, 40, and 50 kPa. All models were assumed to have a soil density of 18 kg/m3. According to Kramer [57], peak ground acceleration (PGA) is a measurement of earthquake acceleration on the ground. The PGA amplitudes were determined to be 0.1, 0.2, 0.3, and 0.4 g in this investigation. FoS values were determined for several slope scenarios. As slip surfaces, all of the slope models used thirty slices. This study used a grid and a radius slip surface to achieve FoS values. The computed FoS in the grid and radius technique should be almost in the grid’s center. Previous studies (e.g., [55]) show that slope stability under seismic excitation is a function of slope height (H), cohesion (c), internal friction angle (ϕ), slope angle (β), and peak ground acceleration (PGA). Therefore, in the current study, these input variables were used to develop the proposed models. Fig. 1 illustrates a generic limit equilibrium model for the simulated slope. Table 2 shows the statistics for all five input parameters (i.e., c, ϕ, β, H, and PGA) in the database, including their range, mean, standard deviation (Std. Dev), and coefficient of variation (COV). Fig. 2 is a heat map of a correlation matrix that highlights the correlation between parameters. It should be noticed that c, ϕ, and H have the highest variations.
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Figure 1: Limit equilibrium model for the stability analysis
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Figure 2: Heat map displaying the correlation matrix between five input variables and one output variable in the dataset

3  Methodology

3.1 Random Tree

Random trees comprise a forest of predictor trees. The random tree is an algorithm halfway between a simple decision tree and a random forest. Random trees were initially proposed by Leo Breiman and Adele Cutler. The algorithm can address both regression and classification tasks [58,59]. The classification mechanisms include the following: The random tree classifier classifies the input vector of characteristics with each tree in the forest and then outputs the class label with the most “votes” [60].

A random tree is one that is randomly created from a set of possible trees, each of which has K random attributes at each node. In this context, “at random” indicates that any tree in the set has an equal chance of being chosen for sampling. Rapidly constructing random trees and integrating them with large sets of random trees typically yields accurate models. In recent years, there has been extensive research on random trees in the field of machine learning, e.g., [58]. The random tree approach is employed in order to achieve the highest level of accuracy in its numerous classifier parameters such as a minimum number of instances and the number of sets utilized for randomly chosen attributes. The decision tree must be basic and compact for improved classification. Otherwise, the level of precision will be diminished. To determine the maximum parameter value, one parameter was held constant while the other was adjusted to determine the parameter with the highest accuracy.

3.2 Reduced Error Pruning Tree

The REP Tree is an ensemble model consisting of the decision tree, and reduced error pruning (REP) approaches that are effective for classification and regression tasks [19]. One of the fastest decision tree classifier algorithms is the REP tree. It builds the decision tree utilizing the attribute’s entropy and information gain, as well as a reduced error pruning strategy. It generates many trees and chooses the best one from the resulting list. The back fitting method is used by the REP tree to prune the tree. The REP tree algorithm sorts all numeric fields in the dataset only once at the start and then splits the attributes at each tree node using the sorted list. The numeric attributes are classified by minimizing total variance. The non-numeric properties are categorized using a regular decision tree and a reduced error pruning algorithm.

3.3 Performance Measures

The accuracy (Acc), Matthews correlation coefficient (Mcc), precision (Prec), recall (Rec), and F-score were used to evaluate the model’s performance. Table 3 shows the performance metrics, together with their formulations and definitions, based on the confusion matrix described in Table 4. Fig. 3 depicts the methodology used in the development of the proposed models.
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Figure 3: Flowchart depicting the general DT methodology

4  Results and Discussion

4.1 Construction of Models

In this section, two models using a random tree and REP tree to predict slope stability experience circular failure mode were developed. Researchers have used a different percentage of the available data as the training set for different problems. For instance, Kurup et al. [61] used 63% of the data for training; Tang et al. [62] used 75%; while Padmini et al. [63] used 80%. In this study, 75% of the data was for training. The models were developed using Waikato Environment for Knowledge Analysis (WEKA) software [64]. WEKA is well-known and powerful data mining software developed at the New Zealand’s University of Waikato. It is a set of open-source machine learning algorithms for data mining tasks in the real world data mining tasks, including classification, regression, and clustering, among others. For its prediction, the RT and REP tree algorithms were used. The minimum number of instances per leaf (n) is a key effective parameter for the accuracy of RT and REP tree models. The trial and error method is used in WEKA to get the best value for this parameter. It means that different values of n are used to train the RT and REP tree models, and the value that yields the best accuracy is chosen as the best. Fig. 4 depicts the RT and REP tree models. The RT and REP tree are 95 and 35, respectively. At each leaf node, the numbers in parentheses represent the total number of instances and the number of incorrectly classified cases. It is clear that some instances are misclassified in some leaves. The number of misclassified instances is specified after a slash. In order to create the most accurate model, the optimal values for n in WEKA were obtained through trial and error. The RT and REP tree models were trained using various values of n, with the best values for these parameters being 2 and 3, respectively. The RT algorithm’s optimal value for K was 0.
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Figure 4: (a) REP tree and (b) part of RT

4.2 Validation of Models

The performance of the models is validated using testing dataset that was not utilized during the model construction process. Validation is used to determine whether developed models may be generalized to conditions not experienced during the training phase. The results comparison of RT and REP tree models is shown in Table 5. Comparing the Acc and Mcc, the RT and REP tree models have the highest Acc and Mcc, whereas the RF model has the least value in the test phase. However, only the Acc and the Mcc cannot be used as indicators to judge the predictive performance for models. Therefore, stable and unstable classes are analyzed separately using Prec, Rec, and F-score. In the cases of stable class, the RT model has the highest Prec, and F-score comparison to the REPT model and the Rec values of RT and REP tree are at par, whereas the RF model presents the least value. Similarly, in the cases of unstable class, the RT model has the highest Rec, and F-score comparision to the REPT model and the Prec values of RT and REP tree are at par, whereas the RF model presents the least value. There are 5 and 8 unmatched prediction cases in the RT and REP tree models, respectively (see Fig. 4). In the test phase, the accuracy is 97.1429% and 95.4286%, respectively. These findings demonstrate that the developed RT and REP tree classification methods are useful and efficient in a practical point of view. Finally, the developed RT and REP tree models were compared to recently developed soft computing models in the literature to assess their accuracy. Table 5 shows the results of this comparison. Therefore, after comprehensive comparisons of the five measure indexes, the RT achieved a better prediction performance with (Acc = 97.1429%, Mcc = 0.935, F-score for stable class = 0.979 and for unstable case F-score = 0.935) succeeded by the REP tree model with (Acc = 95.4286%, Mcc = 0.896, F-score stable class = 0.967 and for unstable class F-score = 0.923) for the slope stability dataset in comparison to the AdaBoost (Acc = 93.1429%, Mcc = 0.830, F-score for stable class = 0.952 and for unstable class F-score = 0.878) and RF (Acc = 91.4286%, Mcc = 0.794, F-score = 0.939 and for unstable class F-score = 0.854) reported by Asteris et al. [55] for the test data. In general, the generalization and reliability of the developed models perform well, and a more balanced slope stability database can yield better prediction results. The primary advantage of the proposed models is a “white box” that reveals the clear relationship between input and output parameters. Consequently, using these models, the user (civil engineers) can easily compute slope stability.
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Fig. 5 compares the classification results of the RT, REP tree, AdaBoost, and RF models from the testing phase to the FoS results obtained with the GeoStudio software for a better comparison. As previously indicated, each model in the testing phase used 175 data samples, which constituted for 25% of the total data. Fig. 4 shows that the RT and REP tree techniques were able to achieve excellent results with the lowest number of unmatched cases. For RT, REP tree, AdaBoost, and RF, the matched and unmatched numbers were 170 and 5,167 and 8, 163 and 12, and 160 and 15, respectively, indicating the RT model’s superiority over the REP tree and other models reported in the literature for slope stability classification. The error rate throughout the testing phase was low, illustrating the RT model’s high performance. It was determined that the model with the best performance for slope stability classification was the RT, and that it could be utilized in this field for the same purpose of minimizing the associated risk.
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Figure 5: Comparison of results obtained from different models

4.3 Rank Analysis

The rank analysis is the easiest and most extensively used method for evaluating and comparing the effectiveness of developed models. In this study, the statistical parameters are employed to determine the score value, with their ideal values serving as a benchmark. It is dependent on the number of models used. The best performing outcomes model receives the highest score, and vice versa. Two models with the same outcomes may have the same ranking ratings.

Table 6 compares the testing stage results obtained by the indicators: i.e., Acc, Mcc, Prec, Rec, and F-score. The score attained by RT is the highest in the testing phase (19), followed by the REP tree (13) and AdaBoost (10), and RF attains the most negligible score value in the testing phase (7). Except for the recall, RT achieved better accuracy and performance than the REP tree, AdaBoost, and RF models. It can be inferred from the rank values that the RT model has performances superior to the REP tree, AdaBoost, and RF and is the clear winner in terms of performance to the other applied models.
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5  Conclusions

In this paper, a RT and REP tree models were applied to classify the stability of 700 slopes (464 stable slopes and 236 unstable slopes) under seismic conditions, which were modeled and analyzed in GeoStudio software. The variables of H, β, c, ϕ, and PGA were set as model inputs for the classification of slopes where FoS ≥ 1 and FoS < 1 were considered for stable and unstable slopes, respectively. To quantify the performance of the RT and REP tree models, accuracy, Matthews correlation coefficient, precision, recall, and F-score, performance indices were computed for both training and testing stages.

The following are the main important findings of this study:

1.    The outcome of the developed models is two slope stability graphs that are very easy to use and do not require extensive training. Unlike most soft computing methods, these models explicitly indicate the relationship between input and output parameters. Based on the findings, these relationships are consistent with intuition and engineering judgment.

2.    The RT and REP tree models classification accuracy in the test phase is 97.1429% and 95.4286%, respectively, demonstrating that both models are useful and efficient in practice. In addition, the Matthews correlation coefficient near to +1 indicates high values shows good agreement between actual and predicted classes.

3.    Comparing models’ performance reveals that the RT model gives more accurate classifications than the REP tree model.

4.    Compared to the random forest and AdaBoost models in the literature, the presented models have a better ability for prediction, and their use is facilitated by a clear graphical output.

Future research should utilize a more balanced slope stability database to evaluate the models’ reliability in predicting slope stability. Although the proposed models produce desired predictions and performed well with Acc greater than 95%, Additional rocks’ depth, soil type, and rainfall factors can all be considered in these models to improve the generalization and reliability.
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Table 1: Previous research on slope stability prediction using soft computing approaches

Model Input Data size Reference

FFNN v, ¢ ¢, B, H, ru 82 cases Feng [40]

BPNN v, ¢ ¢, 8, H, ru 32 cases Luetal. [4]]

ANN and ANFIS v, ¢ ¢, 8, H 59 cases Li[42]

CNN v, ¢ ¢, 8, H, ru 64 cases Huang et al. [43]
BPNN v, ¢ ¢, 8, H, ru 46 cases Sakellariou et al. [1]
BPNN v, ¢ ¢, 8, H 27 cases Wang et al. [44]
SVM v, ¢ ¢, B8, H, ru 46 cases Samui [45]

SVM Y, ¢ ¢ 10 cases Zhao [46]

ANN X, Y S,c o B a,a, 36 cases Choobbasti et al. [47]
ANN v, ¢ ¢, 8, Hr, 46 cases Das et al. [48]
ANN v, ¢ ¢, 8, H 675 modeled cases Erzin et al. [38]
ELM v, ¢ ¢, 8, Hr, 97 cases Liu et al. [9]
PSO-ANN ¢ ¢, B, H PG 699 modeled cases Gordan et al. [36]
LS-SVC y,¢ ¢, B, H r, 168 cases Hoang et al. [49]
FNs, MARS, MGGP v, ¢ ¢, 8, Hr, 103 cases Suman et al. [3]
FEM-ANN ¢ ¢, B, pp 100 modeled cases Verma et al. [50]
PSO-ANN v, ¢ ¢, 8, Hr, 83 cases Rukhaiyar et al. [51]
PSO-LSSVM y,o ¢, B Hr, 46 cases Xue [10]

NBC v, ¢ ¢, 8, Hr, 82 cases Feng et al. [52]
GBM v, ¢ ¢, 8, Hr, 221 cases Zhou et al. [53]
TAN v, ¢ ¢, 8, Hr, 87 cases Ahmad et al. [54]
DT, RF, AdaBoost ¢ ¢, B, H PGA 700 modeled cases Asteris et al. [55]

Note: y Unit weight, ¢ Cohesion, ¢ Internal friction angle, B Slope angle, H Slope height, r, Pore pressure ratio, pp Pore pressure, X
X coordinate, Y Y coordinate, S, Degree of saturation, a; Horizontal coefficient of earthquake, @, Vertical coefficient of earthquake,
PGA Peak ground acceleration, FFNN Feed forward neural network, BPNN Back-propagation neural network, ANN Artificial Neural
Networks, ANFIS Adaptive neuro-fuzzy inference system, CNN Chaotic Neural Network, SVM Support vector machine, ELM Extreme
learning machine, PSO Particle swarm optimization, LS-SVC Least squares support vector classification, FNs functional networks, MARS
Multivariate adaptive regression splines, MGGP Multigene genetic programming, LSSVM least squares support vector machine, NBC
Naive-Bayes classifier, GBM Gradient boosting machine, TAN Tree augmented Naive-Bayes classifier, DT Decision tree, RF Random
forest, AdaBoost adaptive boosting.
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Table 3: Confusion matrix of binary problem

Actual condition Predicted condition

Stable Unstable

Stable TP FN
Unstable FP TN

Note: TP: true positives; TN: true negatives; FP: false positives;
FN: false negatives.
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Table 6: Rank analysis of the developed models for slope stability classification outcomes for testing
dataset

Model statistical RT REP tree  AdaBoost [55] RF [55]

parameters

Acc (%) Value 97.1429 95.4286 93.1429 91.4286
Rank 4 3 2 1

Mcc Value 0.935 0.896 0.830 0.794
Rank 4 3 2 1

Prec Value 0.960 0.937 0.945 0.951
Rank 4 1 2 3

Rec Value 1.000 1.000 0.960 0.928
Rank 3 3 2 1

F-score Value 0.979 0.967 0.952 0.939
Rank 4 3 2 1

Total 19 13 10 7
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Table 4: Definition and formulation of performance measures

Parameter Definition Formulation
cpe g TP+ TN
Acc Rate of correctly classified instances Acc = TP TN+ P L EN
from total instances + R
. TP x TN — FN x FP
Mcc measure the difference between the Mce = - ~
predicted classes and actual classes V(TP +FP) (TN + FP) (TN + FN) (TP + FN)
- TP TN
Prec Rate of correct predictions Prec = or
TP+ FP TN + FN
.. TP TN
Rec True positive rate Rec = or
TP+ FN TN + FP
2 x P R
F-score Used to measure the accuracy of the F — score = £ X Treexrec

experiment

Prec + Rec

Note: Acc: accuracy; Mcc: matthews correlation coefficient; Rec:

recall; Prec: precision.
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Table 2: Input and output parameters for classifying slope stability

Parameter Unit Dataset Range Mean Std. Dev  COV
Slope height, H m Training 15-30 19.848 4.095 0.206
Testing 25-30 29.800 0.983 0.033
Total 15-30 49.648 5.078 0.239
Slope angle, 8 ° Training 20-35 25.010 5.024 0.201
Testing 20-35 25.686 5.476 0.440
Total 20-35 50.696 10.5 0.641
Cohesion, ¢ kPa Training 20-50 35.143 11.216 0.319
Testing 20-50 35.771 11.108 0.311
Total 20-50 70.914 22.324 0.630
Internal friction angle, ° Training 20-40 33.981 5.906 0.174
1) Testing 20-40 34.371 5.814 0.169
Total 20-40 68.352 11.72 0.343
Peak ground m/s? Training 0-3.924 1.211 1.084 0.895
acceleration, PGA Testing 0-3.924 1.087 1.022 0.940
Total 0-3.924 2.298 2.106 1.835
Factor of safety, FoS - Training 0.783-2.457  1.196 0.354 0.296
Testing 0.789-2.391  1.194 0.341 0.286
Total 0.783-2.457  2.39 0.695 0.582






OEBPS/Images/CMES_25993-fig-4.png
X

<0.49 <=0.49
=,
2.45° =245,
<> 980
<32.5° >=32.5, <225 >=225
<22.5 >=22.5 <275 =275 <375 >=37.5
>
<147 >=147 147 147 <343 >:3.43\
Cs:p D Cio:p D Car:9 ) | 33 suble soyp01 || 34 @m0 |
<25 >=22.5 <325 >=32.5 <375 >=37.5
Cro:9 D | 20:stable (19/0)(5/0) Car:o )
<27.5 >=27.5 <375 >=37.5 <32.5 >=32.5
~. e
@ | 22: unstable (9/0)[3/0] | | 23: stable (6/0)[3/0] | I 27: stable (6/1)[6/1] | | 28: unstable (6/0)[6/0]
/<Z7.5 >=27.5
[13: subte o0 | | 14 wnstavle 001 |

(a)

=32.5,

<32.5
@

049 >=049 <147
G
<27.5 >=27.5 <32.5 >=32.5
AN /
(5:PGA | 28: unstabe 12709 | | 31:subte (1440) | 320
<1.47 >=1.47 37.. 37..
<>

Q75 >=275 225 sims <049 52049

‘ |3 stabte 1000y | [ 35: unstabte (12209 |
(b)






OEBPS/Images/table-5.png
Table 5: Comparison of results obtained from different models

Model Dataset Acc (%) Mce Stable Unstable
Prec Rec F-score Prec Rec F-score
RT T 994286 0987 0.994 0.997 0996 0.994 0988 0.991
T 97.1429 0935 0960 1.000 0979 1.000 0911 0.935
REP tree T 96.9524 0931 0983 0972 0977 0942 0964 0.953
T 954286 0.896 0.937 1.000 0967 1.000 0.857 0.923
AdaBoost[55] T 100.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
T 93.1429 0.830 0.945 0960 0952 0.896 0.860 0.878
RF [55] T 97.7143 0949 0986 0.980 0.983 0.960 0971 0.966
T 914286 0.794 0951 0.928 0.939 0.830 0.880 0.854

Note: T: training; Tx: testing.
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