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Abstract 
 

The seismic stability of unsupported rectangular excavations poses significant challenges in geotechnical engineering, 
especially underground structures. This study addresses the need for accurate prediction methods to assess the vulnerability 
of such excavations under seismic loading conditions. This study addresses seismic stability in excavations and underground 
structures using a random forest (RF) model with three distinct optimization algorithms: the whale optimization algorithm 
(WOA), dragonfly optimization algorithm (DOA), and sparrow search optimization algorithm (SSOA). The method focuses on 
four dimensionless factors, with the seismic stability number (N) serving as the output. The results obtained from the 
proposed data-driven models indicate that the RF-DOA model has the best predictive performance and highest accuracy. In 
addition, scatter plots, error plots, line plots, and Taylor diagrams were generated to compare the performances of all the 
proposed models. Shapley analysis showed that the soil friction angle (𝜙) is the most significant influencing factor, and the 
horizontal seismic coefficient (𝑘ℎ) is the least significant influencing factor. This research advances seismic stability prediction 
for underground structures, providing models for designing earthquake-resistant excavations. The RF-DOA hybrid model is 
highlighted for its practicality and efficiency in predicting seismic stability, proving essential for geotechnical engineering 
applications. 
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1. Introduction 

Unsupported excavation, defined as the process of excavating 

without retaining wall systems, is a cost-effective technique 

commonly employed in various construction projects, 

including piers, foundations, oil and water tanks, pipelines, 

shallow tunnels, and underpasses. Unsupported excavation 

substantially reduces costs by removing the need for 

temporary walls and bracing systems, making it a popular 

choice in underground construction. However, in areas prone 

to seismic activity, the lack of adequate support in these 

excavations can result in their collapse during earthquakes. 

Therefore, evaluating seismic forces is essential for 

determining the stability of an excavation. A straightforward 

approach used to determine the seismic stability of 

underground structures is the pseudo-static approach. This 

approach considers the simplified horizontal and vertical 

seismic coefficients as seismic factors by defining them as 

ratios of gravity acceleration. 

Early works by Taylor[1] and Janbu[2] employed the limit 

equilibrium method to predict planar slope stability. The 

plastic theorem and the limit analysis approach were 

employed by Chen[3] and Pastor et al.[4] to derive the lower 

bound (LB) and upper bound (UB) stability solutions for 

planar unsupported excavations. Over the past three decades, 

finite element limit analysis (FELA), detailed further in 

Sloan,[5] has been utilized in various studies, including those 

by Yu et al.[6] and Martin,[7] to obtain LB and UB stability 

solutions for planar unsupported excavations. However, those 
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previous studies involved excavations under plane strain 

conditions. The stability solutions for cylindrical excavations 

under axisymmetric conditions were derived by Griffiths and 

Koutsabeloulis,[8] Britto and Kusakabe,[9,10] Bottero et al.,[11] 

Pastor and Turgeman,[12] Khatri and Kumar,[13] Kumar and 

Chakraborty,[14] and Kumar et al.[15] using several numerical 

and analytical methods.  

By employing the 2D FELA, Keawsawasvong and 

Ukritchon,[16] Ukritchon and Keawsawasvong,[17] Yodsomjai et 

al.,[18–20] and Lai et al.[21] provided the static stability solutions 

of unsupported conical excavations under axisymmetric 

conditions. Recently, 3D FELA was carried out by Ukritchon 

et al.[22] and Lai et al.[23] to derive undrained stability solutions 

for unsupported rectangular excavations in purely cohesive 

soils. In addition, for cohesive-frictional soils considering both 

soil cohesion and friction angle, the 3D FELA was used by 

Petchkaew et al.[24,25] to consider the seismic stability solutions 

for 3D unsupported excavations by addressing the influence 

of the horizontal seismic coefficient. Several other researchers 

have also performed numerical analysis of deep excavation 

and seismic analysis using finite element analysis.[26–35] 

Artificial intelligence (AI) has gained popularity in recent 

years, leading to the widespread adoption of various machine 

learning (ML) techniques in the science and engineering 

domains.[36] A range of ML algorithms, from single to hybrid 

models, are now commonly used to address complex and 

nonlinear problems. The random forest (RF) algorithm and 

other soft computing techniques are widely used in several 

engineering practices and have yielded promising results.[37–45] 

Kumar et al.[46] used several machine learning methods, 

including the RF model, to predict the electrical conductivity 

(EC) of surface water. Markuna et al.[47] proposed the RF 

model and three other machine learning techniques for long-

term rainfall prediction. Elbeltagi et al.[48] performed a case 

study in Jaisalmer, India, to predict drought indicators using 

several data driven ML models, including the RF model. 

Elbeltagi et al.[49] proposed the RF, random tree and Gaussian 

regression models to predict meteorological drought and 

precipitation indices. Kumar et al. proposed the hybrid 

extreme learning machine (ELM) and least-square support 

vector machine (LSSVM) algorithm to predict the bearing 

capacity of ring foundations.[50] Moreover, the application of 

various hybrid models has spurred numerous research studies. 

For example, Liu et al.[51] proposed a hybrid model of the 

whale optimization algorithm and random forest (WOA-RF) 

model to predict the failure risk level of a backfill pipeline in 

mines in Sichuan, China. Chen et al.[52] proposed a hybrid 

model of the dragonfly optimization algorithm (DOA) and RF 

model to predict the thickness of the excavation damage zone. 

In another study, Chen et al.[53] introduced random forest 

regression (RFR) and an improved sparrow search 

optimization algorithm to predict the heavy metal contents in 

soil and found that their RF-SSOA algorithm efficiently 

predicted these contents. Moreover, these hybrid machine 

learning models have been frequently employed to address 

challenging and non-linear issues in civil engineering. The 

significance of machine learning is evident in the engineering 

achievements realized through the application of the 

aforementioned ML algorithms. In this study, to construct 

hybrid machine learning models, the previous results of 

Petchkaew et al.[25] were employed to estimate the seismic 

stability number.  

Furthermore, an extensive literature survey indicates no 

prior utilization of hybrid machine learning models for 

evaluating seismic stability numbers (N) for unsupported 

rectangular excavations in cohesive-frictional soils under 

pseudo-static seismic body forces. Thus, considering the 

above points in this study, a hybrid intelligence approach 

involving a RF algorithm and three optimization algorithms, 

namely, the whale optimization algorithm (WOA), dragonfly 

optimization algorithm (DOA), and sparrow search 

optimization algorithm (SSOA), was utilized for the 

prediction of the seismic stability of an unsupported 

rectangular excavation. Accurate predictions of the seismic 

stability number enable engineers to design cost-effective 

solutions by avoiding over-design or unnecessary safety 

measures. This can lead to significant cost savings in 

construction projects without compromising safety. On the 

other hand, seismic stability predictions contribute to ongoing 

research and development in the field of geotechnical 

engineering. This helps improve the understanding of soil-

structure interaction and leads to the development of more 

advanced and effective design methods.  In addition, the 

performances of the proposed RF-WOA, RF-DOA, and RF-

SSOA, were compared by evaluating several performance 

metrics. Moreover, scatter plots, error plots, line plots, and 

Taylor diagrams are also shown to assess the performance of 

the proposed models. Finally, Shapley analysis is performed 

to evaluate the weight and impact of each input variable on the 

seismic stability index (𝑁).  

 

2. Data collection 

Figure 1 illustrates the geometry of the 3D unsupported 

excavation created in Optum G3.[43] The dimensions of the 

excavation were represented by the variables H for depth, B 

for width, and L for length. To cohesive-frictional soil, key 

variables were assigned to describe its characteristics. These 

included the soil cohesion denoted as ‘c’, the soil friction angle 

represented by ‘’ and the unit weight indicated as ‘γ’. In this 

study, the pseudo-static approach, a simplified, commonly 

used technique in earthquake engineering, is employed to 

create the seismic forces acting on excavations. This approach 

simplifies the dynamic ground motion induced by earthquakes 

into a static force that affects the excavation. Within this 

approach, it is assumed that both the footing and the 

surrounding soil experience horizontal seismic acceleration. 

The horizontal force is characterized by the horizontal seismic 

coefficient, denoted as kh. By employing this pseudo-static 

approach, the excavation is subjected to the horizontal seismic 

body force denoted by khγ. It is worth noting that this study 
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Fig. 1 Problem definition of unsupported rectangular excavation under pseudo-static seismic body force. 

 

does not consider the vertical seismic coefficient (kv), as it has 

a negligible influence on the stability of structures and 

underground constructions.[54–62] Other details regarding the 

numerical model in Optum G3 can be found in Petchkaew et 

al.[25] 

Based on six input parameters (B, L, H, c, , and kh) and 

the use of dimensional analysis,[63] these input parameters are 

combined into four dimensionless parameters that define a 

stability number, expressed as follows: 

𝑁 =
𝛾𝐻

𝑐
= 𝑓 (𝜙, 𝑘ℎ,

𝐵

𝐿
,

𝐻

𝐵
)                       (1) 

where N is the seismic stability number, representing the sole 

output. 

 is the soil friction angle; 

kh is the horizontal seismic coefficient; 

B/L is the rectangular excavation’s aspect ratio; 

H/B is the excavated depth ratio.  

The selected values of these input parameters are shown in 

Table 1. 

According to Petchkaew et al.,[25] the FELA technique[5] 

was used to determine the seismic stability solutions. To 

increase the precision and dependability of the results, the 

technique of auto-mesh adaptivity, as explained by Ciria et 

al.[ 6 4 ] and Ali,[ 6 5 ] was utilized to increase the number of 

elements in areas with significant dissipation of shear forces. 

Additionally, automatic iterations were executed to further 

refine the analysis. In this particular study, the initial element 

count was set at 5,000, while the final element count was 

increased to 10,000 through three adaptive iterations. The 

Optum G3 software[66] employed in the study allowed for the 

activation of the described adaptive technique, which enabled 

the visualization of the failure mechanism of an unsupported 

rectangular excavation. This was accomplished by presenting 

the ultimate adaptive meshes and the progressive shear strain 

contour, as illustrated in Figs. 2 and 3, respectively. 

Significantly, the training data utilized in this study originated  

Table 1. List of parametric values used in this study. 

Parameters Selected values 

kh 0, 0.1, 0.2, 0.3 

H/B 0.5, 1, 2, 3, 4 

B/L 1/8, 1/4, 1/2, 1/3, 1 

 10, 20, 30, 40° 

 
Fig. 2 Example of typical adaptive meshes.



Research article                                                                                                                                                                                Engineered Science 

 

4 | Eng. Sci., 2024, 28, 1083                                                                                                                                                   © Engineered Science Publisher LLC 2024 

 
Fig. 3 Example of incremental shear strain contour. 

 

exclusively from the research conducted by Petchkaew et 

al.,[25] which served as the basis for developing machine 

learning approaches. For more comprehensive information 

regarding the FELA simulation of this problem, readers can 

refer to Petchkaew et al.[25] 

 

2.1 Data preprocessing 

In this study, the proposed models were constructed using 400 

three-dimensional finite element limit analysis solutions. To 

train the machine learning models, the entire dataset was 

normalized to the range [0,1]. Subsequently, it was randomly 

divided into two subsets: training and testing. The training 

subset comprises 80% of the total dataset (i.e., 320 data points) 

and is used for the hybrid RF models. The testing subset, 

consisting of the remaining 20% of the data, is employed for 

validating the constructed models. After the development of 

the models, the effectiveness of the models was assessed using 

a variety of performance indicators, such as the coefficient of 

determination (𝑅2 ), mean absolute error (MAE), root mean 

square error (RMSE), performance index (PI), variance 

account factor (VAF), and weighted mean absolute percentage 

error (WMAPE). The mathematical expressions of the 

performance metrics and their ideal values are presented in 

Table 2. 

 

2.2 Statistical characteristics 

Table 3 represents the statistical description of the 400 FELA-

generated solutions. The dataset comprises four dimensionless 

input parameters, namely, the soil friction angle ( 𝜙) , 

horizontal seismic coefficient (𝑘ℎ ), rectangular excavation’s 

aspect ratio (𝐵/𝐿 ), and excavated depth ratio (𝐻/𝐵 ), along 

with one output parameter, the seismic stability number (𝑁). 

According to the statistical descriptive results in Table 3, the 

parameter 𝑘ℎ  varies from 0 to 0.3. The other parameters 𝜙 , 

𝐵/𝐿, 𝐻/𝐵, and 𝑁 range from 10 to 40, 0.125 to 1, 0.5 to 4, 

and 3.93 to 36.53, respectively. Additional statistical 

descriptions of the dataset can also be found in Table 3. 

Table 2. Equations for the performance metrics and ideal values. 

Performance 

metrics and 

acronyms 

Equation used 
Ideal 

Value 

Coefficient of 

Determination 

(𝑅2) 

𝑅2

=
∑ (𝐴𝑖 − 𝐴𝑎𝑣𝑔)

2
−𝑛

𝑖=1 ∑ (𝐴𝑖 − 𝑃𝑖)2𝑛
𝑖=1

∑ (𝐴𝑖 − 𝐴𝑎𝑣𝑔)
2𝑛

𝑖=1

 
1 

Mean 

Absolute 

Error (MAE) 

𝑀𝐴𝐸 =
1

𝑛
∑|(𝑃𝑖 − 𝐴𝑖)|

𝑛

𝑖=1

 0 

Root Mean 

Square Error 

(RMSE) 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑(𝐴𝑖 − 𝑃𝑖)2

𝑛

𝑖=1

 0 

Performance 

Index (PI) 

𝑃𝐼 = 𝑎𝑑𝑗. 𝑅2 + (0.01 × 𝑉𝐴𝐹)

− 𝑅𝑀𝑆𝐸 
2 

Variance 

Account 

Factor (VAF) 

𝑉𝐴𝐹 = (1 −
𝑣𝑎𝑟(𝐴𝑖 − 𝑃𝑖)

𝑣𝑎𝑟(𝐴𝑑𝑖)
) × 100 100 

Weighted 

Mean 

Absolute 

Percentage 

Error 

(WMAPE) 

𝑊𝑀𝐴𝑃𝐸 =
∑ |

𝐴𝑖 − 𝑃𝑖
𝐴𝑖

| × 𝐴𝑖
𝑛
𝑖=1

∑ 𝐴𝑖
𝑛
𝑖=1

 0 
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Table 3. Descriptive details of the generated dataset. 

Index 𝑘ℎ 𝜙 𝐵/𝐿 𝐻/𝐵 𝑁 

Max. 0.3 40 1 4 36.53 

Min. 0 10 0.125 0.5 3.93 

Mean 0.15 25.00 0.51 2.10 9.86 

Stnd. Dev. 0.11 11.19 0.31 1.28 5.11 

Skewness 0.00 0.00 0.33 0.21 1.91 

Kurtosis -1.36 -1.36 -1.16 -1.39 4.44 

Counts 400 400 400 400 400 

 

2.3 Multicollinearity analysis of the input features 

Multicollinearity is a common issue in regression analysis, 

particularly when working with multiple independent 

variables. To assess how these variables correlate with each 

other, multicollinearity analysis was performed. Highly 

correlated features can lead to several problems, including 

unstable coefficient estimates, challenges in interpreting the 

model, and reduced predictive power. Therefore, identifying 

and addressing multicollinearity in the dataset is crucial. In 

this study, the Pearson correlation coefficient and the variance 

inflation factor (VIF) were used for multicollinearity analysis. 

The VIF results are summarized in Table 4. The VIF quantifies 

how much the variance of an estimated regression coefficient 

is inflated due to multicollinearity, and its calculation is 

presented in Eq. (2). 

𝑉𝐼𝐹 =
1

1−𝑅𝑖
2                                    (2) 

where the 𝑅𝑖
2 term represents the coefficient of determination 

of a regression model where the i-th features are taken as the 

output variable against all other independent features. A VIF 

greater than 1 indicates multicollinearity. A commonly used 

rule of thumb is to consider VIF values above 5 or 10 as 

problematic. In this analysis, the VIF values for the soil 

friction angle ( 𝜙) , horizontal seismic coefficient ( 𝑘ℎ ), 

rectangular excavation’s aspect ratio (𝐵/𝐿 ), and excavated 

depth ratio (𝐻/𝐵) were all found to be 1. This indicates the 

absence of multicollinearity among the selected input 

parameters. Therefore, all the input parameters should be 

included in the construction of regression models. 

 

2.4 Hypothesis testing 

Hypothesis testing is a statistical approach employed for 

identifying a population using a sample dataset. This study 

used parametric tests such as the Analysis of Variance 

(ANOVA) and the Z-test to evaluate the hypotheses. The 

study's hypotheses are outlined in the following statements: 

• The soil friction angle (𝜙) , horizontal seismic coefficient 

Table 4. Results of multicollinearity analysis. 

Parameters Coefficients Standard Error t Stat P-value Lower 95% Upper 95% R2 VIF 

Intercept -3.43 0.46 -7.45 0.00 -4.33 -2.52 - - 

𝑘ℎ -5.24 1.13 -4.62 0.00 -7.47 -3.01 0.00 1 

𝜙 0.24 0.01 21.22 0.00 0.22 0.26 0.00 1 

𝐵/𝐿 7.22 0.41 17.67 0.00 6.42 8.03 0.00 1 

𝐻/𝐵 2.09 0.10 21.09 0.00 1.89 2.28 0.00 1 

Table 5. ANOVA results for the seismic stability number (𝑁). 

Source of Variation SS df MS F P-value F crit 

ANOVA for 𝑘ℎ and 𝑁      

Between Groups 18849.19 1 18849.19 1440.8 0 3.853 

Within Groups 10439.8 798 13.082    

Total 29288.98 799     

ANOVA for 𝜙 and 𝑁      

Between Groups 45855.82 1 45855.82 605.5 0 3.853 

Within Groups 60434.8 798 75.732    

Total 106290.6 799     

ANOVA for 𝐵/𝐿 and 𝑁      

Between Groups 17483.38 1 17483.38 1332.2 0 3.853 

Within Groups 10473.24 798 13.124    

Total 27956.62 799     

ANOVA for 𝐻/𝐵 and 𝑁      

Between Groups 12037.42 1 12037.42 866.1 0 3.853 

Within Groups 11090.8 798 13.898    

Total 23128.22 799     

where SS represents the sum of squares, df represents the degree of freedom, MS represents the mean of squares, and F and F 

crit represent the F state and critical value, respectively. 
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( 𝑘ℎ ), rectangular excavation’s aspect ratio ( 𝐵/𝐿 ), and 

excavated depth ratio (H/B) are significant parameters for 

determining the seismic stability number (N). 

•The considered input parameters have no multicollinearity 

involved, so the performance of the proposed hybrid ML 

algorithms is not affected. 

 

2.5 Analysis of Variance (ANOVA)  

Analysis of Variance, commonly known as ANOVA, is a 

statistical method employed to examine the differences in 

group means within a given sample. ANOVA was used to 

determine whether there were statistically significant 

differences between the group means. This section presents 

the results of an ANOVA conducted using Excel 2021's data 

analysis features. Table 5 summarizes the findings from this 

analysis. 

From the results presented in Table 5, it can be observed 

that the P-values for 𝑘ℎ , 𝜙 , 𝐵/𝐿 , and 𝐻/𝐵  are less than the 

significant values (i.e., p<0.05), and the F-statistic values are 

greater than the critical F values for each of the input 

parameters. The null hypothesis (𝐻0 ) in ANOVA posits no 

significant differences between the group means, implying 

that all group population means are equal. Therefore, these 

ANOVA results reject the null hypothesis (𝐻0) of the current 

study. 

 

2.6 Z- test 

A Z-test is a statistical method employed to ascertain whether 

there is a notable difference between the means of two data 

sets, given that the population standard deviation is known. 

This parametric test, which relies on the normal distribution, 

is typically employed for comparing a sample mean to a 

known population mean. The results of the Z-test are 

summarized in Table 6. The obtained z-statistic value (z) is 

greater than both the critical one-tail and two-tail z-values. 

Furthermore, the critical one-tail z-value is less than the two-

tail z-value, and the p-values for both the one-tail and two-tail 

is below the significance p value (i.e., p<0.05). Therefore, it 

can be concluded that the Z-test supports the research 

hypothesis of this study. 

 

3. Machine learning models and optimization algorithm  

3.1 Random forest (RF) 

Breiman[67] proposed the RF algorithm, a sophisticated 

ensemble learning algorithm that utilizes multiple decision 

trees for basic predictions. The advantages of the RF algorithm 

include not requiring feature scaling, efficient handling of 

non-linear parameters, and a reduction in the number of model 

parameters. These advantages contribute to the RF model's 

very low risk of overfitting during construction. The 

foundation of the RF regression algorithm lies in decision trees. 

By using various training datasets and feature spaces, the 

algorithm produces several decision tree models. As 

demonstrated in Fig. 4, the final result is obtained by 

amalgamating these individual decision tree outputs through 

techniques such as voting or averaging. The mathematical 

expression for the RF regression algorithm is detailed in Eq. 

(3) as follows: 

𝑌(𝑥) =
1

𝑛
∑ ℎ𝑖(𝑥)𝑘

𝑖=1                           (3) 

Here, 𝑌(𝑥)  represents the final output of the RF regression 

model, and ℎ𝑖(𝑥) represents the output of the ith DT. 

 

3.2 Whale Optimization Algorithm (WOA) 

The whale optimization algorithm (WOA), a nature-inspired 

optimization algorithm, was proposed by Mirjalili and 

Lewis[68] The algorithm is inspired by the social behavior of 

humpback whales, particularly their hunting strategies. The 

WOA addresses optimization challenges by emulating the 

social interactions and hunting behaviors of these marine 

mammals. These algorithms are categorized as metaheuristic 

algorithms, signifying their role as versatile problem-solving 

methods suitable for various optimization challenges. The 

WOA algorithm is constructed in the following stages: 

encircling prey, creating spiral bubbles, and searching for prey. 

• Encircling prey 

First, after initializing a population of potential solutions, the 

WOA randomly determines the best search agent by finding 

the prey location within a search space. The objective is to 

relocate the prey's location. New positions are calculated using 

mathematical Eqs. (4) and (5), which are dependent on the 

current positions and the positions of the global best whale.  

𝐷 = |𝐶 × 𝑋⃗∗(𝑡) − 𝑋⃗(𝑡)|                          (4) 

𝑋⃗(𝑡 + 1) = 𝑋⃗∗(𝑡) − 𝐴 × 𝐷⃗⃗⃗                       (5) 

where 𝐷⃗⃗⃗  denotes the position vector between the whale and 

prey, 𝑋⃗∗(𝑡)  represents the best position vector, and 𝑋⃗(𝑡)  

Table 6. Results of Z-test analysis for all variables. 

Index 𝑘ℎ 𝜙 𝐵/𝐿 𝐻/𝐵 N 

Mean 0.15 25 0.5083 2.1 9.858 

Known Variance 0.0125 125 0.0961 1.64 26.152 

Observations 400 400 400 400 400 

Hypothesized Mean Difference 0 0 0 0 - 

z 37.9582 24.632 36.4988 29.4321 - 

P(Z<=z) one-tail 0 0 0 0 - 

z Critical one-tail 1.6448 1.6448 1.6448 1.6448 - 

P(Z<=z) two-tail 0 0 0 0 - 

z Critical two-tail 1.9599 1.9599 1.9599 1.9599 - 
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Fig. 4 Flowchart of the RF model. 

 

represents the position vector. The best position vector is 

determined using the coefficient vectors 𝐴  and 𝐶 , which are 

calculated using Eqs. (6) and (7), respectively. 

𝐴 = 2𝑎⃗ × 𝑟 − 𝑎⃗                                 (6) 

𝐶 = 2𝑟                                          (7) 

where 𝑟 represents the linearly varying random vector from 2 

to 0, and 𝑎⃗ represents a random number varying between 0 and 

1. 

• Creating Spiral Bubbles 

During this phase, the whale employs a spiral formation 

strategy to capture its prey. This approach is characterized by 

a spiral equation that defines the distance between the whale 

and its prey, as outlined in Eq. (8). 

𝑋⃗(𝑡 + 1) = 𝐷𝑡⃗⃗ ⃗⃗ ⃗ × 𝑒𝑏𝑡 × cos(2𝜋𝑙) + 𝑋⃗∗(𝑡)              (8) 

where the shape of the logarithmic helix is defined by a 

constant 𝑏, and 𝑙 represents the random vector with a uniform 

distribution in the range from −1 to +1. 

The final solution is the position of the best whale found 

during the optimization process by selecting bubble net 

predation based on the probability function 𝑝 defined using Eq. 

(9). 

𝑋𝑤(𝑡 + 1) = {
𝑥𝑝(𝑡) − 𝐴 × 𝐷                              𝑝 ≤ 0.5

𝐷 × 𝑒𝑏𝑡 × cos(2𝜋𝑙) + 𝑋⃗∗(𝑡)   𝑝 ≥ 0.5
        (9) 

where the probability 𝑝 lies in the range of [0,1] and denotes 

the probability of the predation mechanism. 

• Searching for prey 

In this phase, the algorithm imitates the exploitation behavior 

of whales when they locate prey. 

 

3.3 Dragonfly optimization algorithm (DOA) 

The dragonfly algorithm (DA), inspired by the dynamic and 

static swarming behaviors of dragonflies, such as their hunting 

and migration patterns, is a swarm intelligence optimization 

algorithm. Introduced by Mirjalili,[69] this algorithm draws 

from the natural tendencies of dragonflies to form smaller 

groups for foraging and larger groups for migration. The DA 

operates through a series of steps as follows: 

Step 1: Initialize a population of dragonflies. Each dragonfly 

is represented by a solution to the optimization problem. 

Step 2: Evaluate the fitness of each dragonfly. 

Step 3: For each dragonfly, perform the following steps: a) The 

dragonfly is moved to a new position by adding a weighted 

combination of several vectors to its current position, which 

includes i) the position of the best dragonfly in the population, 

ii) the position of the dragonfly's nearest neighbor, and iii) the 

dragonfly's position. b) If the new position offers better fitness, 

retain it; otherwise, revert to the old position. 

Step 4: Repeat steps 2 and 3 until the algorithm achieves 

convergence or hits the predetermined maximum iteration 
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count. 

This research does not provide a detailed exploration of the 

underlying mechanisms of DA operation because Mirjalili[69] 

has made significant contributions to this area. For a 

comprehensive explanation of DA, readers are encouraged to 

consult Mirjalili's seminal 2016 work.[69] 

 

3.4 Sparrow Search Optimization Algorithm (SSOA) 

The sparrow search algorithm (SSA), proposed by Xue and 

Shen,[70] is a swarm intelligence optimization algorithm 

inspired by the foraging and anti-predation behaviors of 

sparrows. The SSA is simple to implement and understand due 

to its fast search and convergence behavior. The working 

procedures of the SSA are presented as follows: 

Step 1: Initialize a population of sparrows, classified as either 

discoverers or followers, with each sparrow representing a 

solution to the optimization problem. 

Step 2: Evaluate the fitness of each sparrow. 

Step 3: For each sparrow, perform the following actions: a) 

move the sparrow to a new position by adding a random vector 

to its current position. b) maintain the new position if it offers 

better fitness; otherwise, revert to the original position. 

Step 4: Keep repeating steps 2 and 3 until the algorithm either 

converges or the set maximum number of iterations is met. 

It is important to note that the study does not fully disclose the 

specific functioning principles of SSA. More details about the 

SSA can be found in the original publications of Xue and 

Shen.[70] 

 

3.5 The development procedure of the hybrid RF and OA 

models 

In this paper, the RF model is used to predict the seismic 

stability number ( 𝑁 ) and three optimization algorithms,  

 

namely, the WOA, DOA, and SSOA, are used to optimize the 

hyperparameters (ntree and 𝑚𝑡𝑟𝑦) of the RF model. The use of 

multiple OAs to improve the efficiency of random forest 

models has been the subject of a great deal of research over 

the past few years. In the RF model, to obtain a more robust 

aggregate model, a greater number of estimators is used, 

which requires more computational power. OAs can 

efficiently achieve an optimal result and a more robust hybrid 

model by optimizing the hyperparameters (such as 

N_estimators (ntree), max_depth, max_features (𝑚𝑡𝑟𝑦) , and 

bootstrap, etc.) of RF models through exploration and 

exploitation methods. Ultimately, the predictive efficacy of the 

proposed hybrid models was assessed through the 

computation of various performance metrics (𝑅2, VAF, RMSE, 

MAE, PI, and WMAPE) for the training and testing sets. The 

following steps are involved in building the hybrid RF models: 

(1) The data was preprocessed and separated into training 

and testing phases. 

(2) Model development: In this step, following data 

preparation, the parameters of the RF model are initialized. 

Subsequently, various optimization algorithms are 

sequentially initialized to optimize the RF model's 

hyperparameters, including N_estimators (ntree), max_depth, 

max_features (𝑚𝑡𝑟𝑦 ), bootstrap, and max_samples. In this 

study, three optimization algorithms, namely, the WOA, DOA, 

and SSOA, were utilized, leading to the development of the 

RF-WOA, RF-DOA, and RF-SSOA hybrid models. After 

repeatedly searching for the global optimum position, the 

suggested OAs output the final parameters of the RF model. 

This involves initializing the populations, determining the 

fitness of each search agent, and altering the current search 

agent's position, and, if necessary, checking and correcting the 

search space border. Fig. 5 shows the flowchart of the  

 
Fig. 5 Flowchart depicting the whole analysis process of the hybrid RF model. 
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methodology used in constructing the hybrid RF model. 

(3) Optimum parametric configuration of the proposed 

hybrid prediction model: It is vital to look at the hybrid models 

that offer the best performance and best hyperparameter values. 

It is essential to examine a reliable hybrid model with 

optimum values of hyperparameters such as N_estimators 

(ntree), max_depth, max_features ( 𝑚𝑡𝑟𝑦 ), bootstrap, and 

max_samples. In this study, to obtain the optimal 

hyperparameters, a trial-and-error approach was used during 

the model construction process. The optimum values of the 

hyperparameters for the developed models are summarized in 

Table 7.  

Table 7. Optimum hyperparameters for the proposed hybrid RF 

model. 

Models Optimal hyperparameters 

RF-WOA 

Population Size = 100, the number of trees = 12, 

max_features (𝑚𝑡𝑟𝑦)=5, Maximum iteration= 400, 

Bootstrap =True. 

RF-DOA 

Population Size=150, the number of trees = 20, 

max_features (𝑚𝑡𝑟𝑦)=7, Maximum iteration= 400, 

Bootstrap =True. 

RF-SSOA 

Population Size=120, the number of trees = 15, 

max_features (𝑚𝑡𝑟𝑦)=5, Maximum iteration= 400, 

Bootstrap =True. 

 

The convergence curves of all the models are shown in Fig. 

6; the proposed RF-DOA converges more quickly than do the 

other hybrid RF models. The computational costs at 400 

iterations were 578.02 s, 664.39 s, and 485.26 s for the RF-

WOA, RF-DOA, and RF-SSOA, respectively. 

 

3.6 Cross-validation accuracy 

In this study, to assess the accuracy and generalizability of the 

proposed predictive models, a 10-fold cross-validation 

technique was employed. By employing 10-fold cross-

validation techniques, models are less prone to overfitting. In 

this process, the whole dataset is divided into 10 equal-size 

folds, with one fold used as the test set and the remaining nine 

folds used as the training set to evaluate the model’s 

performance. This process was repeated 10 times by changing 

the different folds to form a test set, after which 10 estimates 

of the proposed model's performance were obtained. Finally, 

the accuracy of the proposed hybrid RF algorithm was 

reported as an average accuracy. A schematic diagram of the 

10-fold cross-validation process is shown in Fig. 7. The results 

of 10-fold cross-validation are presented in Fig. 8(a) for the 

coefficient of determination, Fig. 8(b) for the RMSE value 

corresponding to each fold, Fig. 8(c) for the MAE value 

corresponding to each fold, and Fig. 8(d) for the overall 

statistical measure presented as the mean value of R2, RMSE 

and MAE of the developed models. 

 
Fig. 6 Convergence Curve for all proposed model. 

 
Fig. 7 10-fold cross-validation performance estimator. 
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Fig. 8 Comparison of 10-fold cross-validation; (a) R2; (b) RMSE; (c) MAE; (d) Overall comparison of means values of metrics. 

 

4. Results 

4.1 Performance evaluation  

The performance assessment of the proposed hybrid machine 

learning models is a crucial step in the development and 

deployment of machine learning techniques for predicting the 

seismic stability number (𝑁). The proposed models perform 

well on a given 3D LB and UB FELA dataset. Several 

performance metrics and techniques are used to assess the 

performance of machine learning models. In this study, as 

mentioned above, six performance metrics, namely, 𝑅2 , the 

WMAPE, the RMSE, the VAF, the PI, and the MAE, were 

evaluated to assess the performance of the proposed models. 

These metrics are widely utilized for evaluating the 

performance of various machine-learning models. Among 

these metrics, the RMSE, MAE, and WMAPE are common 

error parameters, while 𝑅2, VAF and PI are the accuracy and 

performance metrics, respectively. 𝑅2  quantifies the fraction 

of variance in the dependent variable that is predictable from 

the independent variables in the model. A higher R-squared 

indicates a better fit. Ideally, in a perfect and robust model, 

these performance metrics should align with their ideal values, 

as detailed in Table 2. The results of the performance 

assessment of the hybrid RF models for the training and 

testing phases are presented in Table 8.  

As per the results presented in Table 8, the proposed RF-

DOA model achieved the target precision (𝑅2 = 0.971  and 

RMSE = 0.027) in the training phase, followed by the RF-

WOA (𝑅2 = 0.966 and RMSE = 0.030) and RF-SSOA (𝑅2 =
0.963 and RMSE = 0.031). Similarly, in the testing phase, the 

RF-DOA model again achieved the desired precision (𝑅2 =

0.975 and RMSE = 0.025), followed by the RF-WOA (𝑅2 =
0.973  and RMSE = 0.025) and RF-SSOA (𝑅2 = 0.963  and 

RMSE = 0.030). The performance of the developed RF-DOA 

is quite satisfactory in both the training and testing phases 

compared to that of the RF-WOA and RF-SSOA models. 

However, among the developed hybrid RF models, RF-DOA 

was found to be the most effective, and RF-SSOA was the least 

effective in both the training and testing phases of seismic 

stability number (𝑁) determination. 

Table 8. Performance of the proposed model in the training and 

testing phases. 

Parameters 
RF-WOA RF-DOA RF-SSOA 

Train Test Train Test Train Test 

R2 0.966 0.973 0.971 0.975 0.963 0.963 

WMAPE 0.109 0.104 0.102 0.102 0.108 0.118 

RMSE 0.030 0.025 0.027 0.025 0.031 0.030 

VAF 96.59 97.22 97.12 97.24 96.27 95.93 

PI 1.902 1.920 1.915 1.922 1.894 1.891 

MAE 0.020 0.018 0.019 0.017 0.020 0.020 

 

Scatterplots, error plots, and line plots are often used in 

machine learning to visualize relationships between the actual 

and estimated seismic stability number (𝑁 ). When working 

with machine learning models, scatterplots, error plots, and 

line plots can be useful for various purposes, such as 

understanding the data, assessing model performance, and 

visualizing model predictions. The scatterplots, error plots, 

and line plots for the RF-WOA, RF-DOA, and RF-SSOA 

models are presented in Figs. 9, 10, and 11, respectively. 

(a) (b)

(c) (d)
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Fig. 9 Performance of RF-WOA model (a) scatterplot, (b) error plot, (c) line plot. 

 

A Taylor diagram or Taylor plot, which is a graphical 

representation used to compare the performance of machine 

learning models, was used to analyze and compare the 

performance of all the proposed models on both the training 

and testing datasets. Taylor[71] developed this approach as a 

way to visualize and compare the skills of different machine 

learning models. The results of the Taylor chart presented in 

Figs.12 and 13 demonstrate that the RF-DOA model 

outperformed the other models in the training and testing 

phases. 

 
Fig. 10 Performance of RF-DOA model (a) scatterplot, (b) error plot, (c) line plot. 
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Fig. 11 Performance of RF-SSOA model (a) scatterplot, (b) error plot, (c) line plot. 

 

 
Fig. 12 Taylor chart for the training phase. 

 

4.2 Shapley analysis 

As mentioned in the Results and discussion section, the 

proposed hybrid ML models can accurately predict the seismic 

stability number (𝑁) by varying the excavation’s aspect ratio, 

excavated depth ratio, horizontal seismic coefficient, and soil 

material’s friction angle. However, accurately estimating the 

exact value of the seismic stability number (𝑁) is challenging 

due to the uncertainty associated with the soil material’s 

friction angle and horizontal seismic coefficient. As a result, it 

is crucial to investigate the effects of all the inputs on the 

seismic stability index (𝑁).  

 
Fig. 13 Taylor chart for testing phase. 

 

This section applies the Shapley-Additive Explanation 

approach to identify the weight and impact of each input 

variable on the seismic stability index (𝑁). The Shap analysis 

revealed that the soil friction angle (𝜙), excavated depth ratio 

( 𝐻/𝐵 ), rectangular excavation’s aspect ratio ( 𝐵/𝐿 ), and 

horizontal seismic coefficient (𝑘ℎ ) significantly impact the 

seismic stability number (𝑁). According to a previous study, 

𝜙 , 𝐻/𝐵 , and 𝐵/𝐿  are positively correlated, but 𝑘ℎ  is 

negatively correlated. They also concluded that excavation 

failure is slightly affected by a small 𝜙, but a large 𝜙 makes it 

more prone to excavation failure. Furthermore, Fig. 14 shows 

that the relative shapely significance of each input variable is  
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Fig. 14 Shapley analysis of features. 

 

related to the seismic stability number (𝑁). Additionally, Figs. 

14 and 15 present the SHAP graph's results for all the 

dimensionless input parameters concerning the seismic 

stability number (𝑁 ). In Fig. 14, the x-axis represents the 

SHAP value, which represents the impact of each input 

parameter, and the contribution of each variable is depicted as 

dot points in distinct colors. The soil friction angle ( 𝜙) , 

excavated depth ratio (𝐻/𝐵 ), and rectangular excavation’s 

aspect ratio (𝐵/𝐿) have strong positive correlations with the 

seismic stability number (𝑁). 

 

5. Discussion  

The preceding sections offer a thorough evaluation of the 

predictive capabilities of the proposed hybrid random forest 

algorithm in forecasting seismic stability numbers (N) for 

unsupported rectangular excavations. Various performance 

metrics were scrutinized and analyzed to compare the 

predictive efficacy of the proposed models. A dataset 

comprising 320 three-dimensional finite element limit 

analysis solutions was employed for model development, and 

an additional 80 test data points were utilized to validate the 

performance of the developed models. However, a thorough 

examination of the results revealed that the RF-DOA 

outperforms the other proposed hybrid random forest 

algorithms in both the training and testing phases. The 

convergence behavior also shows that RF-DOA outperforms 

RF-WOA and RF-DOA after approximately 350 iterations. On 

the other hand, shapely analysis reveals that the horizontal 

seismic coefficient (𝑘ℎ) has the least significant impact, while 

the soil friction angle (𝜙) has the most significant influence 

on predicting the seismic stability number (N). 

 

5.1 Theoretical implications 

This research pioneered the use of hybrid machine learning 

algorithms to assess seismic stability numbers (N) in 

unsupported rectangular excavations within cohesive-

frictional soils subjected to pseudo-static seismic forces. 

Theoretical implications involve understanding the inner  

 
Fig. 15 Features importance. 
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workings of these models and their relationship to seismic 

stability numbers (N). Machine learning aids in pinpointing 

crucial factors impacting stability numbers (N); furthermore, 

scrutinizing feature importance enhances the theoretical 

understanding of parameters influencing unsupported 

rectangular excavations during seismic events. Considering 

the quality and representativeness of the training data is 

imperative in theory. 

 

5.2 Practical implications 

The proposed machine learning algorithms can contribute to 

the development of early warning systems for seismic events. 

If the stability of an excavation can be predicted in advance, 

appropriate safety measures can be implemented, potentially 

preventing accidents and minimizing damage. The proposed 

machine learning algorithms can assist in optimizing the 

design of rectangular excavations to enhance their seismic 

stability. Engineers can utilize predictive models to 

progressively enhance designs, making them more resilient to 

seismic forces. In practical terms, the use of machine learning 

extends to risk assessment, aiding decision-makers in 

comprehending potential project-related risks and taking 

suitable measures for mitigation. The integration of these 

algorithms with real-time monitoring systems amplifies their 

practical utility, allowing for continuous data updates that 

improve prediction accuracy and facilitate dynamic 

adjustments in response to evolving geological and seismic 

conditions. 

 

5.3 Limitations  

Despite the RF-DOA hybrid model achieving more accurate 

results in predicting the seismic stability number N, several 

shortcomings of this study need to be addressed in the future. 

For instance, the study considered only limited criteria for 

assessing the stability of an unsupported rectangular 

excavation in seismic-risk areas. Regarding the practical use 

of excavations in geological engineering, the components that 

affect excavations are more challenging to quantify and 

acquire precisely. For such prediction problems, more 

sophisticated and high-performance models may be developed 

in the foreseeable future. During this time, the accuracy of the 

RF model could be vastly enhanced by implementing an 

appropriate optimization technique. Extending the database 

size related to the invalidation risk of an unsupported 

excavation and utilizing a data enhancement algorithm could 

improve the prediction accuracy of the optimized model. 

Additionally, these approaches could reduce the generalization 

error of the hybrid model. 

 

6. Conclusion 

This study employs several hybrid machine learning 

algorithms, such as the RF-WOA, RF-DOA, and RF-SSOA, 

to determine the seismic stability number (𝑁). For the training 

and testing of the models, a total of 400 FELA numerical 

solutions are used. The performance of the proposed models 

is demonstrated and compared using multiple statistical 

performance metrics. The results obtained through various 

analyses confirm the superiority of hybrid machine learning 

algorithms. 

The following major conclusions can be drawn from this 

analysis. 

1) The RF-DOA machine learning algorithm exhibits the best 

performance compared to the other proposed hybrid 

algorithms, with a smaller deviation between the observed and 

model-predicted seismic stability numbers (𝑁). Furthermore, 

the RF-DOA model demonstrated a greater coefficient of 

determination (𝑅2 = 0.967  for training and 𝑅2 = 0.967  for 

testing), followed by the RF-WOA and RF-SSOA. 

2) According to the statistical analysis in Section 4.1, the RF-

DOA model yields lower error metric values of the RMSE, 

MAE, and WMAPE. This trend toward lower error metrics 

indicates the superior performance of the proposed RF-DOA 

model. 

3) 10-fold cross-validation was performed to assess the 

model’s accuracy and to prevent overfitting of the models. 

Thus, the proposed RF-DOA model outperforms the RF-WOA 

and RF-SSOA models in predicting a more accurate value of 

the seismic stability number (𝑁). 

4) Shapley analysis was also performed to assess the impact 

of each input variable on the seismic stability index (𝑁). From 

this analysis, it can be observed that the soil friction angle (𝜙), 

excavated depth ratio (𝐻/𝐵), rectangular excavation’s aspect 

ratio ( 𝐵/𝐿 ), and horizontal seismic coefficient ( 𝑘ℎ ) 

significantly impact on the 𝑁 value. However, among these, 

the horizontal seismic coefficient (𝑘ℎ) has the least significant 

impact, while the soil friction angle ( 𝜙)  has the most 

significant influence on predicting the 𝑁 value. 

However, certain constraints require further investigation in 

the future: (a) The proposed hybrid random forest models 

necessitate comprehensive validation using extensive datasets 

sourced from diverse domains, including experimental or 

numerical data. (b) A detailed comparative analysis should be 

conducted on the performance of the proposed hybrid random 

forest models with other robust models such as MARS, GP, 

XGBoost, MT, or SVM. (c) The proposed hybrid random 

forest models for predicting the seismic stability index (𝑁) are 

valid for the defined range of input parameters, such as the soil 

friction angle (𝜙), excavated depth ratio (𝐻/𝐵), rectangular 

excavation’s aspect ratio ( 𝐵/𝐿 ), and horizontal seismic 

coefficient (𝑘ℎ). 
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