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Abstract: Two novel hybrid predictors are suggested as the combination of artificial neural network
(ANN), coupled with spotted hyena optimizer (SHO) and ant lion optimization (ALO) metaheuristic
techniques, to simulate soil shear strength (SSS). These algorithms were applied to the ANN for
counteracting the computational drawbacks of this model. As a function of ten key factors of the
soil (including depth of the sample, percentage of sand, percentage of loam, percentage of clay,
percentage of moisture content, wet density, liquid limit, plastic limit, plastic Index, and liquidity
index), the SSS was considered as the response variable. Followed by development of the ALO–ANN
and SHO–ANN ensembles, the best-fitted structures were determined by a trial and error process.
The results demonstrated the efficiency of both applied algorithms, as the prediction error of the ANN
was reduced by around 35% and 18% by the ALO and SHO, respectively. A comparison between
the results revealed that the ALO–ANN (Error = 0.0619 and Correlation = 0.9348) performs more
efficiently than the SHO–ANN (Error = 0.0874 and Correlation = 0.8866). Finally, an SSS predictive
formula is presented for use as an alternative to the difficult traditional methods.

Keywords: swarm intelligence; metaheuristic optimization; nature-inspired; soil shear strength;
artificial intelligence

1. Introduction

Utilizing artificial intelligence as an inexpensive yet accurate model has attracted the attention
of scientists. The efficiency of machine learning approaches has been proved for modeling various
geotechnical parameters including the soil shear strength (SSS) [1]. Moayedi and Hayati [2] successfully
used various machine learning techniques for predicting the ultimate bearing capacity of strip footing
near a slope. The same authors investigated the feasibility of some artificial intelligence tools like the
support vector machine (SVM) and the adaptive neuro-fuzzy inference system (ANFIS) for modeling the
friction capacity of a driven pile in clay [3]. The SSS is one of the most significant parameters, and needs
to be meticulously evaluated for stability analysis of soil in geotechnical and more comprehensive civil
engineering projects e.g., retaining walls and road foundations and pavements [4,5]. More specifically, it
indicates the internal resistance of soil against failure and sliding along any internal plane [6]. The high
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significance of measuring this parameter for designing different parts of a structure, like foundation [7],
has driven engineers to pay special attention to the SSS. On the other hand, determining the SSS-related
parameters by laboratory tests is a complicated task and mainly requires performing destructive
tests. Moreover, high spending costs [8], as well as learning special skills for working with complex
apparatus [9–12] are other disadvantages of direct approaches for SSS measurement.

Conventional models (like multivariate approaches [13] and empirical methods [14]) have been
widely used as SSS evaluative models. Also, in studies carried out by Zhai et al. [15] and Al Aqtash
and Bandini [16], a model for forecasting unsaturated shear strength was suggested based on the
soil-water characteristic curve. Likewise, some evaluative models based on the soil-water retention
curve (SWRC) have been explored by Garven and Vanapalli [17]. In the case of intelligent models,
plenty of research has been conducted to estimate this parameter. Kiran et al. [18] demonstrated the
efficacy of probabilistic neural networks for the SSS simulation. In that study, they deemed plasticity
index, water content, dry density, and the percentage of some factors such as sand, gravel, clay, and silt
as input factors. In a study by Jokar and Mirasi [19], the applicability of two clustering methods of
ANFIS, including fuzzy c-mean clustering and subtractive clustering, was examined for estimating the
shear strength of unsaturated soils. Kanungo et al. [20] compared the sufficiency of the ANN and the
regression tree (CART) for simulating unsaturated SSS and found that the ANN is the superior model.
Besalatpour et al. [21] compared the potential of the ANN and the ANFIS for predicting the SSS from
measured particle size distribution, normalized difference vegetation index (NDVI), soil organic matter
(SOM), and calcium carbonate equivalent (CCE). The superiority of the ANN was revealed, referring
to the calculated error, as well as the correlation values (0.05 and 0.86 for the ANN, and 0.08 and 0.60
for the ANFIS).

Utilizing different linear and nature-inspired algorithms (like blind naked mole-rat (BNMR)
and SIRT algorithms) enabled the scientists to better deal with various engineering issues [22,23].
Furthermore, many scholars have proven that the incorporation of hybrid metaheuristic algorithms
with a regular predictive algorithm can result in computational drawbacks like local minima [24–27].
Studies such as [28,29] have demonstrated the potential of the ANFIS to be hybridized in order to
naturalize hazard modeling, such as landslide and flood hazards. In the field of SSS, different works
have explored the use of hybrid models for optimizing typical predictors. In this sense, Bui et al. [30]
investigated the feasibility of the incorporation of SVM-based models with metaheuristic algorithms,
and showed that the cuckoo search optimization (CSO) enhances the accuracy of the least squares
support vector machine (LSSVM). It was also revealed that the ensemble of CSO-LSSVM (R2 = 0.885
and RMSE = 0.082) performs more efficiently than the ANN and the regression tree (RT) for predicting
the SSS. Likewise, Nhu et al. [7] explored the combination of particle swarm optimization (PSO)
along with the support vector regression (SVR) and found that the suggested ensemble is a robust
model for the design aims. This model also surpassed the benchmark models of ANN, RT, ANFIS,
and multivariate adaptive regression splines. The applicability of PSO and a genetic algorithm for
optimizing the ANFIS, and for approximating the clay SSS of two bridge construction projects (in
Vietnam) was examined by Pham et al. [31]. Their findings showed that both hybridized ANFIS
networks perform more successfully than the SVR and ANN.

The present study fills the gap of knowledge related to employing novel hybrid techniques
for optimizing the performance of an artificial neural network toward indirect measurement of
the SSS. Despite the wide application of popular optimization algorithms like the PSO and GA,
the authors did not come across any previous research focusing on the robustness evaluation of recently
developed algorithms like the spotted hyena optimizer (SHO) and ant lion optimization (ALO) in the
aforementioned fields. Hence, these algorithms are applied to an ANN to optimize its computational
weights and biases when it is utilized to predict the SSS using real-world soil information.
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2. Methodology

As was explained previously, in this work, two metaheuristic algorithms were coupled with
artificial neural networks to create the neural ensembles of ALO–ANN and SHO–ANN. MATLAB 2014
was used to develop the algorithms. Figure 1 illustrates the steps taken to fulfill the purpose of this
research. The networks were then fed by these data to find the relationship between the dependent and
independent variables. Next, the best complexity of the predictive models was determined by a trial
and error process. Lastly, the results were evaluated and analyzed using three well-known accuracy
criteria, namely, root mean square error (RMSE), mean absolute error (MAE), and the coefficient of
determination (R2). Assuming N as the number of samples, Yipredicted and Yiobserved as the predicted and

observed SSSs, and Yobserved as the mean value of the Yiobserved , Equations (1)–(3) describe these indices.
Moreover, the ruling equation of the best-fitted model is presented for use as the SSS predictive formula.
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The methodology of the used models is described below:
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2.1. Artificial Neural Network

An artificial neural network (ANN) mimics the human neural system [32] to make an intelligent
processor capable of being used for many regression and classification aims with complicated non-linear
conditions [33]. The high prediction capability of the ANN has made its different notions popular
for various engineering simulations [34–38]. Multi-layer perceptron (MLP) is known as the most
common type of ANN. As the name denotes, this network comprises some layers with a number
of computational units called “neurons.” The back-propagation learning method [39], as well as the
Levenberg–Marquardt training algorithm [40–42], enable the ANN to discern the relationship between
the input and output parameters. In this sense, we allowed Tk and Ok to be the target and modelled a
response in the neuron k, χk is obtained by Equation (4):

χk = Ok(1−Ok)(Ok − Tk) (4)

Next, assuming Wmk as the weight connecting the nodes m and k, λm is calculated as follows in
the sandwiched layer:

λm = Om(1−Om)
∑

kχkWmk (5)

The weights and biases are then adjusted using Equations (6) and (7):

W′ = W + ∆W (6)

b′ = b + ∆b (7)

Let L and q represent the layer and learning rate, respectively, ∆W and ∆b are then computed as
follows:

∆W = −q χL LL−1 (8)

∆b = −q χL (9)

2.2. Metaheuristic Algorithms

2.2.1. Spotted Hyena Optimizer

Proposed by Dhiman and Kumar [43], the spotted hyena optimizer (SHO) is a recently developed
optimization technique that is inspired by the hunting behavior of the spotted hyena. Spotted hyena
are social animals that usually live and hunt in groups. The main stages of this algorithm include
searching for prey, encircling prey, attacking prey, and other searching behaviors of spotted hyenas
(Figure 2). During this process, the most promising candidate solution is considered to be the aimed
for prey or the objective near the optimum because the search space is not known a priori [43]. In the
SHO, it is assumed that the elite search agent knows about the prey location and other individuals
try to update their positions by making a cluster—reliable group of friends—towards the elite agent.
Further information about the ruling equations of the SHO can be found in previous studies [44–46].
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Figure 2. Hunting process carried out in the spotted hyena optimizer (SHO) algorithm: (a) position
vectors and the possible next locations of the members, and (b) attacking the prey.

2.2.2. Ant Lion Optimization

Imitating the herding behavior of ant lions in their larvae life period, Mirjalili [47] developed
the ant lion optimization (ALO) algorithm as a new capable metaheuristic technique. In the ALO,
primary locations of the target hunt and ant lions are stochastically defined in the existing search
space. This algorithm comprises six steps in each repetition including: (a) a random walk of prey,
(b) trapping in holes, (c) constructing a trap, (d) the sliding of prey towards the ant lion, (e) catching
the prey/reconstructing the hole, and (f) determining the elite ant lion. Figure 3 illustrates the first
stage, along with the hunting behavior of antlions. The fitness of the prey is contributed to the hunting
capability of the ant lions. This is because it is supposed that each hunter hunts one prey. A so-called
function “roulette wheel selection (RWS)” is applied for this purpose. Further details of the ALO and
the mathematical optimization process are detailed in other studies, such as [48–50].
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3. Data Collection and Statistical Analysis

The dataset used to train the intelligent models of the current research was provided by a
geotechnical survey in a road construction project, based on a study by Bui et al. [30]. More clearly,
the Trung Luong National Expressway section was selected as the case study, which forms 81 to 87 km
of the Ho Chi Minh–Can Tho Expressway in the Mekong River delta, Vietnam. A total of 73 boreholes
were drilled, where the maximum and minimum depths were 70.5 and 12.5, respectively. The tests
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carried out for obtaining the information were the vane shear test [51], the cone penetration test [52],
and the standard penetration test [53].

Considering the 10 key factors of soil, namely depth of sample (DOP), percentage of sand,
percentage of loam, percentage of clay, percentage of moisture content (MC), wet density (WD),
liquid limit (LL), plastic limit (PL), plastic Index (PI), and liquidity index (LI) as input variables,
the shear strength is estimated as the target variable. After data pre-processing, the dataset consisted
of 315 samples. Out of those, 80% (i.e., 252 samples) were randomly selected for pattern recognition
by the intelligent models (i.e., the training process), and the remaining 20% (i.e., 63 samples) were
set aside to evaluate the capability of the implemented models for pattern prediction (i.e., the testing
process). Figure 4 illustrates the histogram charts of the input and output variables. Table 1 denotes
the descriptive statistics of the used dataset.
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Table 1. Descriptive statistics of the used dataset.

Features
Descriptive Index

Mean Standard
Error Median Standard

Deviation
Sample

Variance Skewness Minimum Maximum

Depth of sample (m) 16.21 0.71 13.00 12.57 157.94 1.02 1.00 52.00
Sand (%) 8.40 0.73 2.40 13.04 169.92 1.85 0.00 57.30
Loam (%) 54.01 0.70 56.10 12.46 155.30 −0.30 20.00 83.70
Clay (%) 37.28 0.66 37.60 11.68 136.35 0.01 10.40 63.90

Moisture content (%) 48.47 1.35 49.90 23.90 571.41 0.12 17.10 90.30
Wet density (g/cm3) 1.77 0.01 1.69 0.21 0.05 0.09 1.47 2.15

Liquid limit (%) 54.47 0.84 54.90 14.89 221.65 −0.23 21.40 79.90
Plastic limit (%) 24.72 0.30 24.40 5.39 29.05 0.02 12.90 35.90
Plastic Index (%) 29.75 0.56 30.40 10.00 99.92 −0.27 6.60 49.70
Liquidity index 0.70 0.03 0.79 0.46 0.22 0.04 0.01 1.73

Shear strength (kg/cm2) 0.43 0.02 0.21 0.32 0.10 0.55 0.08 1.33

4. Results and Discussion

4.1. Optimizing the MLP using ALO and SHO

As mentioned supra, this study addressed two novel optimizations of artificial neural networks
for counteracting its computational drawbacks in the modeling of the soil shear strength. To optimize
the ANN, the ALO and SHO metaheuristic techniques are incorporated with it. However, determining
the best structure of the ANN is a prerequisite for this task. Based on the authors’ experience, as well
as a trial and error process, an MLP neural network with five computational units in the hidden layer
was selected as the most suitable structure.

Next, the ANN was given to the proposed optimization techniques to develop the ALO–ANN
and SHO–ANN hybrid ensembles. Note that the computational parameters (i.e., the connecting
weights and biases) were the variables of the problem. In other words, the ALO and SHO were
performed to find the best values for them. In this way, the number of repetitions was set at 1000,
and the RMSE between the actual and predicted SSSs was defined as the objective function. Of note,
a population-based trial and error process was also carried out to determine the best-fitted complexity
of each ensemble. The models were tested by nine population sizes varying from 10 to 500 (10, 25,
50, 75, 100, 200, 300, 400, and 500), and the RMSE of the latest iteration was recorded. The results are
shown in Figure 5a. According to this figure, there is a considerable distinction between the results of
the ALO and SHO. As shown, the lowest RMSEs of the models were obtained for the ALO–ANN with
population size = 400, and the SHO–ANN with population size = 200 (RMSEs were 0.090138704 and
0.128263102, respectively.) This indicates that the solution suggested by these complexities constructs
a more promising ANNS. For more details, Figure 5b,c depicts the convergence curves of the elite
structure of the mentioned algorithms.
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4.2. Quality Assessment of Predictive Models

The best-fitted structure of the ANN, ALO–ANN, and SHO–ANN was then used to predict the
SSS using the considered input factors. The comparison between the actual and predicted SSSs was
made in this section to evaluate the efficiency of the implemented models. Firstly, the RMSE and
MAE error criteria were used to measure the error of the performance, and the R2 was then applied to
measure the correlation between the target and output variables.

The results of the ANN, ALO–ANN, and SHO–ANN are shown in Figures 6–8, respectively.
Evaluating the obtained values’ error criteria in the training phase shows that applying the metaheuristic
algorithms has effectively helped the ANN to achieve a more reliable analysis of the relationship
between the SSS and influential factors. In detail, the RMSE of the ANN decreased by around 37% and
11% (i.e., from 0.1437 to 0.0901 and 0.1282) as a result of the ALO and SHO, respectively. The results of
the MAE also agree with the RMSE and experienced a reduction by nearly 47% and 17% (i.e., from
0.1071 to 0.0563 and 0.0892). Comparing the error charts (showing the difference between the actual
and predicted values for each sample) also indicates that the ensemble models have trained the ANN
better than its regular algorithms.
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The testing results demonstrate that the errors of the ALO–ANN and SHO–ANN are lower than
ANN. More clearly, the RMSE levelled off from 0.1603 to 0.1035 (35.43%) and 0.1308 (18.40%). As for
the MAE, the ALO and SHO reduced it from 0.1268 to 0.0619 (51.18%) and 0.0874 (31.07%). It points
out that the networks constructed by the developed ensembles are more capable than unreinforced
ANN in predicting unseen soil conditions. Graphically, part (c) of Figures 6–8 shows that the products
of the ensemble models have better agreement with the actual SSSs.
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As well as the error criteria, the R2 is used to measure the consistency of the results in terms of the
correlation. Figure 9 shows the regression charts of the training and testing data of the implemented
models. It can be seen that in both phases, the ALO and SHO enhanced the ANN, due to the higher
consistency of their outputs with actual SSSs. The R2 was raised from 0.8076 to 0.9155 and 0.8371 in the
training phase, and from 0.8410 to 0.9348 and 0.8866 in the testing phase. Illustrated in the charts below,
the actual training SSSs vary from 0.0843 to 1.3257, while the values predicted by the ANN, ALO–ANN,
and SHO–ANN were in the range [0.1296–0.8890], [0.1128–0.9682], and [0.0222–0.9043], respectively.
Similarly, the actually tested SSSs vary from 0.1114 to 1.1650, while the values predicted by the ANN,
ALO–ANN, and SHO–ANN were in the range [0.0995–0.8426], [0.1170–0.9336], and [−0.0155–0.8714].
Although the negative values of shear strength do not make sense, one negative value (−0.0155) was
obtained in the testing phase of the SHO–ANN, which is negligible. Considering that this negative
value is attributed to one of the lowest values of WD, the reasons for its appearance could be sought in
the mean correlation between the SSS and WD (correlation = 0.85). As well as this, the mechanism of
neural computing might be another possible reason (which is out of the scope of the current paper).

Analyzing the results of the employed models reveals that utilizing both ALO and SHO is helpful
for improving the capability of learning and predicting the SSS pattern. The comparison between
the accuracy indices obtained for the ALO- and SHO-based ensembles shows that the ALO–ANN
performed more promisingly, as it produced the outputs with lower error and a higher correlation
with actual SSSs. In other words, the weights and biases suggested by the ALO constructed a more
reliable ANN than those found by the SHO. This is also true regarding the generalization capability of
the ANN reinforced by the ALO, because it produced more consistent results in the testing phase.

Although the running time taken by the ALO was nearly three times larger than the SHO,
it provided a considerably more accurate approach. Also, despite the fact that previous studies
have demonstrated the superiority of intelligent models (to traditional approaches) in terms of
time-effectiveness, the significance of time as a source in engineering works drives us to constantly
seek more efficient models. Figure 10 shows the comparison between the computation time (and
the obtained objective function) of the proposed ALO–ANN and some well-known optimization
techniques, namely the dragonfly algorithm (DA) [54], Harris hawks optimization (HHO) [55], artificial
bee colony (ABC) [56], imperialist competitive algorithm (ICA) [57], elephant herding optimization
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(EHO) [58], and PSO [59]. As can be observed, the ALO grasps the least objective function (i.e.,
the highest accuracy) in the lowest time.
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The applicability of the applied algorithms has been previously demonstrated for other
optimization aims. In research by Kose [49] and Francis and Meganathan [60], for example, the ALO
was used to improve the performance of the ANN and ANFIS, respectively. The SHO was similarly
used by Li et al. [61] to train a feed-forward neural network for a heart-related classification problem.
This work was done for tackling the drawbacks of the neural network, such as the fall into local optima.
In research by Jia et al. [45], the SHO was employed to select features. However, the optimal solutions
it found were enhanced by an embedded simulated annealing algorithm.

Lastly, due to the outcome of the ALO–ANN surpassing both the SHO–ANN and typical ANN,
the mathematical relationship of this model is presented by Equation (10) as the SSS predictive formula.
Remarkably, this formula is based on ten soil parameters that were considered for a specific study area,
and it might be deemed as a limitation. This equation represents the weights and biases belonging
to the unique output layer of the MLP optimized by the ALO. As can be observed, producing the
response entails calculating some middle parameters, namely A, B, . . . , F, which show the outputs
released by the hidden neurons.

SSSALO-ANN = 0.9537 × A − 0.1273 × B + 0.2687 × C − 0.3042 × D − 0.9837 × E + 0.7428 (10)
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Tansig (x) =
2

1 + e−2x − 1 (12)

5. Conclusions

The importance of assessing crucial parameters of the soil, such as shear strength, is obvious
for various engineering projects. The applicability of two novel optimization methods, namely ALO
and SHO, was investigated for their shear strength prediction when incorporated into an artificial
neural network. These techniques were used to find the most appropriate computational parameters
(i.e., the weights and biases) of the ANN. After determining the best complexity of the models, it was
shown that the elite structure of the ALO–ANN needs double the population of the SHO–ANN.
Assessment of the results using the RMSE, MAE, and R2 demonstrated that the ANN constructed by
the hybrid algorithms enjoys more accuracy than its unreinforced version. Furthermore, the ALO
showed higher robustness compared to the SHO, as well as several hybrid models trialed in earlier
studies. Meanwhile, extracting the SSS predictive formula of the best model (i.e., the ALO–ANN) was
an additional achievement of this work. Overall, the adequacy of artificial intelligence techniques along
with swarm-based optimization techniques for modeling the soil shear strength was derived in this
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study, and the authors believe that the suggested ALO–ANN is accurate enough to be an alternative to
traditional evaluation models.
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