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 2 

Accurate determination of resilient modulus (Mr) of pavement subgrade soils is an important 50 

factor for successful design of pavement system. Mr is an important soil property, which is 51 

complex in nature as it is dependent on several influential factors, such as soil physical 52 

properties, applied stress conditions, and environmental conditions. The aim of this study is to 53 

explore the potential of an evolutionary algorithm, i.e., genetic algorithm (GA), and a hybrid 54 

intelligent approach combining neural network with GA (ANN-GA), for estimation of Mr of 55 

cohesive pavement subgrade soils. To achieve this aim, a reliable database containing results 56 

of repeated load triaxial tests (RLT) and other index properties of subgrade soils was utilized. 57 

GA was employed to develop a precise equation for predicting Mr of subgrade soils. In addition, 58 

GA was used as a tool for determining the optimal values of the weights and the bias of the 59 

ANN-GA approach. The developed ANN-GA model was then transferred to a functional 60 

relationship for further application and analyses. Several validation and verification phases 61 

were conducted to examine the performance of the developed models. The results indicated that 62 

both GA and ANN-GA models could accurately predict the Mr of cohesive subgrade soils, and 63 

had better performance compared to the available models in the literature. Finally, a sensitivity 64 

analysis was conducted to evaluate the effect of utilized parameters on the Mr.  65 

 66 

Keywords: Pavement subgrade; Resilient modulus; Genetic algorithm; Optimized neural 67 

network; Hybrid. 68 
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Introduction 69 

The successful design of a pavement system with various material properties is affected by the 70 

stiffness and strength of the pavement layers, i.e. surface, base, subbase, and subgrade. Amongst 71 

pavement layers, the subgrade is considered as the foundation of the pavement system that 72 

transfers applied loads to the ground. To characterize the subgrade material under different 73 

environmental and loading conditions, the resilient modulus (Mr) has been introduced as a 74 

fundamental material property that describes the inelastic behavior of material under traffic 75 

loading (AASHTO, 2003). As pavement layers undergo repeated traffic loading, the subgrade 76 

soil undergoes recoverable as well as permanent strains with each load repetition. When the 77 

number of load repetitions is increased, plastic deformation decreases until it becomes all 78 

recoverable (Sadrossadat et al., 2016). Mr is defined as the ratio of the applied deviator stress 79 

to the recoverable strain (AASHTO, 2003). 80 

Mr of subgrade soils in commonly determined through repeated load triaxial (RLT) test on 81 

remoulded or undisturbed samples (AASHTO, 2003). In this test, varying combinations of 82 

confining and deviator stresses are applied to the specimen in various sequences to simulate the 83 

field conditions. Despite their accuracy and reliability, performing RLT tests requires 84 

sophisticated equipment and skilled personnel. In order to avoid performing time consuming 85 

and uneconomical RLT tests, several relationships have been proposed that formulate Mr in 86 

terms of stress states, physical properties, and strength tests parameters.  87 

Mr mainly depends on stress states and physical properties of the subgrade soils. Generally, 88 

models obtained for calculation of resilient modulus of subgrade soils can be classified into two 89 

main groups: (I) Correlations with laboratory tests and in situ test results (II) Constitutive 90 

equations. Recently, P-wave and S-wave measurements have also been used for estimation of 91 

resilient modulus of pavement materials (Schuettpelz et al., 2010). A summary of some of the 92 

available equations for estimation of Mr of cohesive soils are summarized in Table 1. 93 

Correlations are typically developed by relating the Mr value to the results of laboratory tests 94 

such as California bearing ratio (CBR) and unconfined compressive strength (UCS); in-situ 95 

tests such as cone penetration test (CPT) and dynamic cone penetrometer (DCP); soil physical 96 

properties like moisture content (w) and dry density (d); stress states such as confining pressure 97 

(3) and deviator stress (d); or a combination of these parameters. Constitutive models, on the 98 

other hand, are obtained by relating the Mr value to various stress invariants, i.e. bulk stress (), 99 
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octahedral shear stress (oct), and octahedral normal stress (oct). Unknown parameters of the 100 

constitutive models can be related to soil physical properties to include both physical properties 101 

and stress conditions.  102 

Considering Kim (2004) equation in Table 1, regression coefficients for cohesive subgrade 103 

soils (A-6 soils) can be obtained using following equations (Hanittinan, 2007): 104 
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where a1 to a12 and b1 to b12 are constants of Kim’s model. Detailed description of the Kim’s 105 

regression coefficients can be found in Hanittinan (2007). As can be seen in Table 1, 106 

constitutive models such as those provided by Seed et al. (1967), Witczak and Uzan (1988), 107 

and Puppala et al. (1996) have a pre-defined structure, and unknown coefficients of these 108 

equations are typically obtained by performing regression analysis. Considering Kim (2004) 109 

equation in Table 1, a second set of regression analysis is required to relate the obtained 110 

coefficients, i.e., k1 and k2, to soil parameters as summarized in Eq. (1-4). As can be seen, the 111 

procedure for finding the final model is complicated and time consuming. On the other hand, 112 

while regression based equations may perform well on the utilized datasets, they are not 113 

typically tested and validated on new datasets (Gandomi et al., 2013, Ghorbani et al., 2018). 114 

The complexity of the Mr factor as well as the importance of considering the nonlinear 115 

interaction between variables necessitates the use of more advanced techniques for prediction 116 

of Mr of subgrade soils.  117 

To overcome the limitations of the traditional modeling techniques, artificial intelligence (AI) 118 

methods have been employed by various researchers for solving complicated engineering 119 

problems (Ghorbani et al., 2018, Chen et al., 2019, Jayawardana et al., 2019, Ghorbani and 120 

Hasanzadehshooiili, 2018). Unlike traditional modeling techniques, artificial intelligence 121 
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approaches are capable of determining the nonlinear relationship between variables in a model 122 

effectively, without considering any prior assumptions about the problem. Kim et al. (2014) 123 

and Hanittinan (2007) used ANNs, and Khoury and Maalouf (2018) employed support vector 124 

machine method for prediction of resilient modulus of subgrade soils. Sadrossadat et al. (2018b) 125 

used a variant of genetic programming, namely linear genetic programming (LGP) for indirect 126 

estimation of Mr of cohesive subgrade soils. Amongst computation intelligence methods, 127 

artificial neural networks (ANNs) are more widely used than other methods due to their inherent 128 

features, which include managing complex problems with large datasets, handling problems 129 

with multiple outputs, and predicting the unseen data effectively. However, ANNs have 130 

disadvantages such as slow learning rate and getting stuck in local minima. Furthermore, ANNs 131 

are known as black-box systems as they do not provide a distinct relationship between inputs 132 

and the output (Ziaee et al., 2015).   133 

To improve the prediction capability of ANNs, evolutionary algorithms such as genetic 134 

algorithm (GA) and particle swarm optimization (PSO) have been applied to find the optimal 135 

values of the weights for the ANN. Evolutionary algorithms can aid ANNs in converging to the 136 

global minima, and hence improving the prediction performance of the network. In this regard, 137 

Mousavi et al. (2017) proposed  a hybrid neural network and simulated annealing for prediction 138 

of the daily solar radiation. Alsarraf et al. (2019) applied the PSO-ANN technique for prediction 139 

of exergetic performance of a building integrated photovoltaic/thermal system. Mosallanezhad 140 

and Moayedi (2017) investigated the potential of an integrated imperialist competitive 141 

algorithm ANN to estimate the pull-out resistance of screw piles. While evolutionary 142 

algorithms have been found efficient for solving engineering problem, application of these 143 

methods in the field of pavement geotechnics is limited to date. To date, there has been limited 144 

studies on the application of evolutionary algorithms and hybrid methods for providing 145 

formulations of resilient modulus of subgrade soils. 146 

This paper proposes the application of GA as well as a hybrid ANN-GA approach for predicting 147 

the Mr of cohesive subgrade soils. GA was employed to establish a precise equation for 148 

prediction of Mr of subgrade soils. The hybrid ANN-GA model was developed by using GA to 149 

determine the optimal values of weights and bias of the ANN-GA approach, which can result 150 

in a more robust model. To achieve this aim, a comprehensive and reliable set of data, including 151 

the results of RLT tests on cohesive subgrade soils was utilized to develop models. To evaluate 152 

the performance of the proposed models, several validation and verification study phases were 153 

considered. Furthermore, results were compared with available equations in the literature, to 154 
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verify the superiority of the proposed models. The developed ANN-GA model was also 155 

converted to a tractable formula for hand calculation and pre-design purposes to reduce the time 156 

and cost associated with performing RLT tests.  157 

Methodology 158 

Genetic algorithm (GA) 159 

GA is a heuristic search and optimization algorithm introduced by Holland (1975). GA was 160 

inspired by Darwin’s theory of evolution and imitates the process of natural evolution and 161 

selection.  In addition, unlike conventional optimization methods, GA requires less information 162 

about the problem and is well suited for more complex problems. In GA, a population of 163 

individuals are randomly generated to solve a problem. Each solution is encoded as a fixed-164 

length binary string of 0s and 1s, known a chromosome. A chromosome has several genes and 165 

total number of chromosomes indicate the population size (Holland, 1975). The superiority of 166 

an individual over other solutions is evaluated using a fitness function. Solutions are evolved 167 

in successive iterations (or generations) until a satisfactory criterion, i.e. the maximum number 168 

of generations or a predefined fitness value is met. In the process of evolution, several operators, 169 

i.e., mutation and crossover are used to modify solutions transferred to next generations (Muduli 170 

and Das, 2015). Fig. 1 summarizes steps taken in the GA for reaching the optimal solution. 171 

Hybrid ANN-GA approach 172 

ANNs are a branch of artificial intelligence techniques that aim to mimic the behavior of human 173 

brain and nervous system for solving complex problems. Amongst different variants of ANN, 174 

multi-layer perceptron (MLP) neural networks is the most widely used (Cybenko, 1989). A 175 

MLP neural networks consists of three distinct layers, i.e. input layer, hidden layer, output layer. 176 

Each layer is connected to the subsequent layer through computing elements known as nodes. 177 

Except for the input nodes which are fixed nodes, each node is a neuron or processing element 178 

with a nonlinear activation function. In a neuron, an input from previous layer is multiplied by 179 

a weight coefficient which connects two layers. The output of each neuron is then calculated 180 

by passing through a nonlinear activation function (Ziaee et al., 2015). Training of the network 181 

is done by adjusting the weights of the network so that the network’s predicted values matches 182 

the target values in the datasets. To do so, back propagation algorithm is typically used in which 183 

the calculated error is back propagated and the network weights are altered accordingly to 184 

minimize the prediction error (Ghorbani and Hasanzadehshooiili, 2018).  185 



 7 

One of the advantages of GA over classic search methods is its ability to perform a global search 186 

and hence avoiding the risk of trapping into a local minimum (Gandomi et al., 2013). Thus, a 187 

hybrid ANN-GA model uses GA as a powerful search algorithm to find the best parameters for 188 

the ANN. In the ANN-GA method, GA is employed to adjust the weights of the ANN in a way 189 

that the error of the GA-ANN model (i.e., fitness value) is minimized. A fitness function (i.e., 190 

RMSE) is considered to measure the fitness of each solution vector. In case of reaching the 191 

defined termination criterion, the simulation procedure stops and the results are represented. 192 

The termination condition is typically set to the maximum value until which the algorithm is 193 

iterated to find better solutions.  194 

Database and model variables 195 

The database used for development of ANN-GA model was collected from a study conducted 196 

by Hanittinan (2007), which reported on data collected from earlier studies by Kim (2004), 197 

Huang (2001), and Rodgers (2006). The database was composed of the physical soil properties, 198 

unconfined compressive strengths, and the results of 283 RLT tests performed on cohesive 199 

subgrade soils. Soils were mainly silt, clay, and silty clay, classified as A-6 based on the 200 

AASHTO soil classification code. Samples were collected from seven different locations and 201 

tests were performed in several US universities (Hanittinan, 2007). RLT tests were performed 202 

at a range of moisture contents from 4% below optimum moisture content to 3% above optimum 203 

moisture content, based on AASHTO designation T294-94 (Hanittinan, 2007).  204 

Over the past decades, many studies have examined the factors affecting the Mr of subgrade 205 

soil. Results of laboratory studies indicate that the Mr of pavement materials is highly influenced 206 

by the stress state parameters, i.e., 3 and d. For cohesive subgrade soils, increasing the d at 207 

a constant 3  decreases the Mr value (Seed et al., 1967, Huang, 2001, Kim, 2004). It is known 208 

that increasing the 3  increases the Mr of soils (Kim et al., 2014, Sadrossadat et al., 2016). In 209 

addition to stress state parameters, several studies have been performed to study the influence 210 

of soil physical properties, compaction characteristics, and environmental factors on the Mr. 211 

These factors should be considered in the model development for providing more 212 

comprehensive and robust models. Moisture content and degree of saturation (Sr) describe the 213 

changes in the soil environment and seasonal variations. Soil physical properties such as 214 

percentage of soil particles passing through #200 sieve (P200), liquid limit (LL), and plasticity 215 

index (PI) are commonly used for classification and identifying the soil type. Besides, UCS has 216 

been identified as a static strength parameter which is positively correlated with the Mr (Kim, 217 
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2004, Hanittinan, 2007). There are several equations in the literature which relate the Mr to 218 

strength parameters such as UCS and CBR. On the other hand, compaction characteristics of 219 

soils is important factor in design of pavement layers. Herein, soil optimum moisture content 220 

(wopt) which is defined as the soil moisture content at its maximum dry density is incorporated 221 

in the model development procedure.  222 

In addition to aforementioned factors, viscous nature of cohesive soils can cause creep 223 

deformations under the applied loads.  The developed time dependent shear strains under 224 

sustained or repeated loads can reduce the Mr of cohesive soils (Viyanant et al., 2007). In 225 

saturated soil conditions, application of load cycles generates excess pore water pressure in 226 

cohesive soils which can cause creep deformations (Holzer et al., 1973).  227 

With an aim to incorporate most of the influential parameters and considering the available 228 

database, the model for prediction of Mr of cohesive subgrade soils is expressed as a function 229 

of following parameters:  230 

 231 

),,,,,,,,( 32 0 0 duro p tr qwSwPPILLfM =  (5) 

To have a better understanding of the model variables, key descriptive statistics of the variables 232 

are summarized in Table 2.  233 

Data pre-processing 234 

Artificial intelligence techniques utilize data to determine the optimum model that best 235 

describes the relationship between input and output parameters. One key issue in finding this 236 

relationship is known as overfitting, which needs to be avoided to have a model with better 237 

generalization. Overfitting occurs when the model has relatively small error on the trained 238 

dataset, while when a new set of data is introduced to the model, error value becomes very high.  239 

To avoid overfitting, the dataset needs to be divided into two subsets: 1. Training data and 2. 240 

Testing data. The training is used to construct the models and testing data is used to evaluate 241 

its performance on unseen data. Accordingly, the testing dataset is used to find a model with 242 

better generalization. It is suggested by many researchers that a range of 15-30 % of the data 243 

should be used for testing the model performance (Gandomi et al., 2013). It is worth noting that 244 

while the results of the model on training data represents the ability of the model to learn the 245 

behavior of variables in the database, the test performance indices show the performance on the 246 
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model on unseen data which indicates its generalization capability. In this study, 80% and 20% 247 

of the datasets are used for training and testing the model, respectively.  248 

The number of datasets in database have a significant effect on the model performance in 249 

training stage of the network. The models with larger number of datasets are more reliable and 250 

safer for further analysis. It is suggested that the minimum ratio of datasets in a database to the 251 

variables of the model should be more than five (Gandomi et al., 2013). In this study, this ratio 252 

is equal to 31, which is much higher than the required value.  253 

Model performance assessment 254 

In general, several important criteria need to be checked to evaluate the accuracy and 255 

generalization of the developed ANN-GA model. Correlation coefficient (R), mean absolute 256 

error (MAE), round mean squared error (RMSE) are among essential statistical criteria that 257 

indicate the overall performance of the developed model (Ghorbani et al., 2018):  258 
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in which Mrm and Mrp are the measured and predicted values of the ith output, rmM  and rpM  259 

are the average values of the measured and predicted results, and n is the number of samples.  260 

Smith (1986) suggests that there exists a strong correlation between the predicted and measured 261 

values if the correlation coefficient R2  0.64.  Additionally, error values, i.e., MAE and RMSE, 262 

should be minimum for both training and testing data. 263 

Development of GA model 264 

In this section, GA is employed to find a precise equation for prediction of Mr of subgrade soils. 265 

In this regard, a code is written in MATLAB environment (Mathworks, 2017). The input and 266 

output values are normalized before model development to increase the capability of algorithm 267 
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in finding the relationship between input variables and the output. The database is normalized 268 

to lie between 0 and 1 using following equation: 269 

min

max min

n

X X
X

X X

−
=

−
 (9) 

where Xmin, Xmax, and Xn are the minimum, maximum, and normalized values of the variable X, 270 

respectively. The de-normalized value of the output can be calculated as: 271 

max min min( )nX X X X X= − +  (10) 

General form of the considered equation for prediction of Mr of subgrade soils is given in Eq. 272 

(11): 273 
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where w1 to w9 and a1 to a9 are the coefficients of the equation and b is the bias value. GA is 274 

employed as a tool for finding the optimal values of unknown coefficients. RMSE function is 275 

considered as the fines function to evaluate solutions in each iteration.  276 

Several parameters such as population size (Npop), crossover probability, mutation rate, and 277 

maximum number of iterations affect the prediction capability of the GA approach. These 278 

values are typically obtained by trial and error method or using recommended values of other 279 

researchers. The combination of parameters considered to find the optimal model is 280 

summarized in Table 3. Several preliminary runs were performed to come up with a parameter 281 

setting to provide a robust model with high generalization capability. Crossover and mutation 282 

rates were selected based on some previously suggested values (Momeni et al., 2014, 283 

Khandelwal and Armaghani, 2016, Rostami et al., 2018). Proper determination of population 284 

size is dependent on the size and the complexity of the investigated problem. To investigate the 285 

effect of population size on the performance of the GA model, a parametric study was done as 286 

shown in Fig. 2. It was observed that model with Npop = 400 had the lowest RMSE value. 287 

Considering different values for parameters resulted in 2  5  2  2 = 40 combinations of 288 

parameters. Also, 5 replications of each parameter combination was tested and evaluated. In 289 

total, 200 runs with different combinations of parameters were conducted. The best values of 290 

population size, mutation rate, and crossover probability for the developed GA model were 400, 291 
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30%, and 70%, respectively. The optimal coefficients of the developed equation based on GA 292 

optimization are summarized in Table 4.  293 

Considering one of the testing samples (i.e. LL = 31, PI = 12, P200 = 56 %, wopt = 13.4 %, w = 294 

11.4 %, Sr = 66.44 %, qu = 696.13 kPa, 3 = 41.37 kPa, d = 40.76 kPa, Mr = 112.81 MPa), the 295 

normalized values of LL, PI, P200, wopt, w, Sr, qu, 3, and d are equal to 0.617, 0.82, 0, 0.476, 296 

0.337, 0.412, 1, 0.999, 0.494, and 0.602, respectively. By substituting the obtained coefficient 297 

values in Eq. (11), Mr is calculated equal to 0.6076.  Using Eq. (10), the de-normalized value 298 

of Mr is calculated equal to 113.7 (MPa).  299 

Hybrid ANN-GA model development 300 

In order to develop the ANN-GA model for prediction of resilient modulus of subgrade soils, a 301 

code is written in MATLAB environment (Mathworks, 2017). The procedure for modeling of 302 

Mr using ANN-GA is illustrated in Fig. 3. The model includes nine input variables and Mr is 303 

the only output of the model. 304 

In the first phase of constructing the model, the dataset should be normalized between -1 and 1 305 

to facilitate model development using following equation (Mathworks, 2017): 306 

maxmin

max min max min

n

X XX X
X

X X X X

−−
= −

− −  

(12) 

Considering Eq. (13), the de-normalized value of the output can be calculated as: 307 

max min min0.5( 1)( )nX X X X X= + − +
 (13) 

In the hybrid ANN-GA model development, there are several parameters in both the ANN and 308 

GA that need to set. The precision of the ANN models increases with increasing the number of 309 

nodes in the hidden layer. However, increasing the nodes would result in a more complicated 310 

model with many different parameters. Cybenko (1989) indicated that a single hidden layer 311 

neural network would provide satisfactory results for approximation of nonlinear problems. 312 

Thus, in this study, only one hidden layer consisting of three nodes was considered to develop 313 

a simple model that can be represented as a tractable formulation rather than a complicated 314 

black-box. The activation function for the hidden layer nodes was Tangent-sigmoid as follows 315 

(Mathworks, 2017):  316 
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The crossover and mutation rates were chosen equal to the values adopted for developing the 317 

GA model. In addition, a parametric study was performed by developing several ANN-GA 318 

models to find the optimal value of Npop. Increasing population size usually increases the chance 319 

of obtaining better results, however, it decreases the speed of the model development. The 320 

population size was varied from 50 to 400 and maximum number of generations was set to 500. 321 

Fig. 4 shows the effect of population size on the model performance based on the RMSE criteria. 322 

As evident, the model with Npop = 400 had the lowest RMSE value. It is also evident that after 323 

about 300 generations, there is no significant change in the RMSE value. The hybrid ANN-GA 324 

model was run several times with 3  5  2  2 = 60 different combinations of the parameters 325 

and 5 replications for each combination which resulted in a total of 300 runs. The parameter 326 

settings during the ANN-GA model development are summarized in Table 5.  327 

The best ANN-GA model for prediction of resilient modulus of cohesive subgrade soils has the 328 

following parameters: Population size = 400; Mutation rate = 10%; Crossover rate = 70%. In 329 

order to transform the optimal ANN-GA model into a tractable formulation for further analysis, 330 

following function is used (Ziaee et al., 2015): 331 
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where biash is the hidden layer bias; Vk is the weight connection between neuron k of the hidden 332 

layer and the single output neuron; biashk would be the bias at neuron k of the hidden layer (k 333 

=1, h); wik denotes the weight connection between the input variable (i=1, m) and neuron k of 334 

the hidden layer; xi would be the ith input parameter; fHO is the transfer function between the 335 

hidden layer and the output layer; and fIH is the transfer function between the input and hidden 336 

layer.  337 

After de-normalization of the output, the optimal ANN-GA model for prediction of Mr of 338 

cohesive subgrade with nine inputs (LL, PI, P200, wopt, w, Sr, qu, 3, d) can be expressed as: 339 
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where LLn, PIn, P200n, woptn, wn, Srn, qun, 3n, and dn are the normalized input values obtained 341 

from Eq. (12), and k is the number of hidden layer nodes (i.e., 3). The obtained values of bias 342 

and weights of the optimal model for input-hidden and hidden-output layers are summarized in 343 

Table 6 and Table 7, respectively.  344 

Considering the same testing sample used for calculating the output of the GA model ( LL = 31, 345 

PI = 12, P200 = 56 %, , wopt = 13.4 %, w = 11.4 %, Sr = 66.44 %, qu = 696.13 kPa, 3 = 41.37 346 

kPa, d = 40.76 kPa, Mr = 112.81 MPa), the procedure for calculating the Mr is described as: 347 

Step 1: Normalization of the input dataset.  Using Eq. (12), the normalized values of LL, PI, 348 

P200, wopt, w, Sr, qu, 3, and d are 0.235, 0.64, -1, -0.048, -0.325, -0.176, 1, 0.99, -0.011, 349 

respectively.   350 

Step 2: Calculation of hidden nodes parameters. Using the values summarized in Table 6, the 351 

values of A1 to A3 are calculated as: A1 = 1.522; A2 = -1.73; A3 = -2.89.   352 

Step 3: Prediction of the Mrn. The output of each hidden layer neuron is calculated by passing 353 

through an activation function (i.e., tansig). Mrn can then be calculated as the summation of 354 

output of each neuron which is multiplied to the hidden-output weights summarized in Table 355 

7. 356 

Step 4: De-normalization of the Mr. Using Eq. (13), Mr is calculated in the range of datasets. 357 

The output of the ANN-GA model is obtained equal to 110.46 MPa.  358 

Performance analysis of ANN-GA and GA models 359 

In order to represent the capability of the obtained ANN-GA and GA models, the predicted 360 

versus measured values of Mr for training and testing datasets are depicted in Fig. 5 (a) and (c), 361 

respectively. In addition, histograms of the errors obtained by each method for training and 362 

testing datasets is illustrated in Fig. 5 (b) and (d) to have a general view of the frequency of the 363 

errors in different intervals.   364 
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As evident in these figures, the ANN-GA model has R2 values of 0.97 for both training and 365 

testing datasets, and RMSE values are 5.5 and 5.2 for training and testing datasets, respectively. 366 

On the other hand, the R2 of GA model for both training and testing datasets is equal to 0.87. 367 

The RMSE value for training and testing datasets are 11.1 and 11.3 for training and testing data, 368 

respectively. Considering the high R2 values and low RMSE values, it can be concluded that 369 

the developed models are capable of predicting the Mr of subgrade soils with a high degree of 370 

accuracy. In addition, close values of R2 and RMSE values for training and testing datasets 371 

indicate that overfitting is avoided (Ghorbani et al., 2018, Sadrossadat et al., 2018a). This means 372 

that the proposed models would have a satisfactory performance on unseen data and thus has 373 

suitable generalization performance. It should be noted that while the functional structure of 374 

the GA model is simpler, the ANN-GA model outperforms GA model with a high degree of 375 

accuracy. 376 

Comparative study 377 

To further examine the performance of the proposed models, their performance is compared 378 

with the LGP model (Sadrossadat et al., 2018b) and model proposed by Kim (2004). The Kim 379 

model was chosen for the purpose of comparison as it outperformed other existing regression 380 

based models in the literature (Kim, 2004). In this regard, testing datasets are used to evaluate 381 

the prediction capability of all methods. Results of comparative study is represented in Fig. 6. 382 

Residual error (RE) is calculated as the difference between the measured and predicted values 383 

of each model. As evident in Fig. 6, the ANN-GA approach outperforms other three methods 384 

in terms of all indicators. The R2 values for ANN-GA, GA, LGP, and Kim’s model are 0.97, 385 

0.87, 0.83, and 0.56, respectively. The max |RE| of the ANN-GA model is about 11, while this 386 

value for GA, LGP, and Kim’s model are around 29, 33, and 62, respectively. Furthermore, it 387 

is evident that AI-based methods perform notably better than the regression based model 388 

proposed by Kim (2004). 389 

While R, MAE and RMSE together give an overall perspective of the performance of each 390 

model, other criteria need to be satisfied on the testing datasets to ensure the external validation 391 

of a prediction model. In this regard, a ranking index (RI) is used in this study that incorporates 392 

some other statistical criteria to compare the performance of the models (Ghorbani et al., 2018). 393 

This statistical procedure is based on the following four criteria: 394 
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1. The equation of best fine line of predicted (Mrp) versus measured (Mrm) resilient 395 

modulus (Mr-fit/Mrm), along with corresponding coefficient of determination (R2). It is 396 

worth noting that model with (Mr-fit/Mrm) and R2 closer to 1 has the best performance. 397 

2. The arithmetic mean () and standard deviation () of Mrp/ Mrm. It is suggested that a 398 

model with  closer to 1 and  closer to 0 has a better performance in prediction of the 399 

Mr. 400 

3. The 50% cumulative probability (P50%) of Mrp/ Mrm. To calculate the P50%, the values of 401 

Mrp/Mrm are arranged in an ascending order, and the cumulative probability is calculated 402 

using following equation: 403 

1+
=

n

i
P

 
(19) 

The value of the P50% for the optimal model should be close to one.  404 

4. The coefficient of efficiency (E). This parameter evaluates how well each model 405 

describes the variance of the datasets. E can be calculated using following equations: 406 
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1
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The overall performance of the each model model can be measured in terms of rank index (RI) 407 

which is the sum of the ranks of each sub criteria: 408 

RI = R1 + R2 + R3 + R4 (23) 

where R1, R2, R3, and R4 are the ranks from each of the explained sub criteria. The model with 409 

the lowest RI has the best performance for prediction of Mr of cohesive subgrade soils. The best 410 

fit line of Mrp/Mrm for each investigated model is illustrated in Fig. 7. As evident, the ANN-GA 411 

model has the best performance among all models, followed by GA, LGP and Kim model. 412 

Therefore, ANN-GA model is ranked 1 (i.e. R1 = 1) based on the first criterion. While AI-based 413 
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models are highly capable of predicting the Mr, Kim’s model tends to underestimate the Mr 414 

values. The results of the first criterion are summarized in the column corresponding to R1 in 415 

Table 8.  416 

Considering the cumulative probability criteria, the plots of Mrp/Mrm versus cumulative 417 

probability (%) are illustrated in Fig. 8. As evident from this figure, more than 95% of the 418 

predicted values by the ANN-GA model have the Mrp/Mrm values in a range of 0.8-1.2. The P50% 419 

for the ANN-GA, ANN, LGP, and Kim’s model are 1, 1, 1, and 0.8. A similar trend can be 420 

found in all other criteria as summarized in Table 8. It can be concluded that ANN-GA 421 

approach is highly capable of predicting the Mr of subgrade soils considering several validation 422 

criteria, followed by GA model and the LGP model. Generally, AI-based methods perform 423 

notably better compared to the regression based method by Kim (2004). 424 

Sensitivity analysis 425 

To measure the relative importance of each input variable and its contribution to the final model, 426 

a sensitivity analysis (SA) is performed. SA aims to measure the strength of the relationship 427 

between model inputs and the output variable. In this study, Cosine amplitude method (CAM) 428 

is used as an indicator of significance of each input variable (Majdi and Rezaei, 2013). 429 

Considering a set of n data samples in the common X-space, a data array X can be defined as:   430 

 mXXXX ,....,, 21=  (24) 

Each of the elements, xi, in the data array X is a vector of lengths of m, that is: 431 

 iimiii XXXX ,....,, 21=  (25) 

Each data sample can therefore be regarded as a point in m-dimensional space, where each point 432 

requires m coordinates for full description. Each element of relation, rij is the result of a pairwise 433 

comparison of two data samples, xi and xj. The strength of the relation between these two data 434 

pairs is in a 0 to 1 scale and is expressed by the following equation (Sadrossadat et al., 2016): 435 

2 2

1 1
1

. / .
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m m
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= =

=

=  
 

(26) 

Fig. 9 describes the relative importance of each input variables in the developed models. The 436 

closer the rij to 1, the more impact corresponding variable has on the Mr value. As evident, the 437 

rij values for all input variables of both methods are between 0.75 and 0.92, which indicates the 438 
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significance of all input variables for model development. In other words, all input variables 439 

are approximately equally important for prediction of Mr of subgrade soils, and their importance 440 

for model development cannot be neglected. These results are in agreement with those of 441 

similar studies in the literature (Sadrossadat et al., 2016, Kim, 2004, Sadrossadat et al., 2018b).  442 

Conclusions 443 

In this study, potential of two intelligent methods, i.e. GA and ANN-GA, was evaluated for 444 

prediction of Mr of cohesive subgrade soils. GA was used to develop an equation for prediction 445 

of Mr of subgrade soils. In addition, a GA was utilized to enhance the predictive capability of 446 

the ANN by adjusting the weights and bias.  447 

A comprehensive database was utilized for the development of the models. Nine input 448 

parameters including liquid limit (LL), plastic index (PI), percentage of soil particles passing 449 

through #200 sieve (P200), optimum moisture content (wopt), degree of saturation (Sr), moisture 450 

content (w), unconfined compressive strength (qu), confining stress (3), and deviator stress (d) 451 

were used for model development. The prediction performance of the developed models were 452 

compared with existing prediction equations in the literature. A ranking index was used to 453 

evaluate the external capability of the proposed model.  454 

Results of this study indicates that both GA and ANN-GA methods can be employed as efficient 455 

tools in predicting the Mr of cohesive soils. The R2 of the predicted and measured values for 456 

the ANN-GA model and GA model was 0.97 and 0.87 for both training and testing datasets, 457 

which was superior to the available prediction equations. One of the main objectives of the 458 

present study was to express the fact that the ANN-GA model can be expressed as explicit 459 

formula that can be used for manual calculation purposes. Besides, considering the prediction 460 

capability of the developed GA model, it can be concluded that the evolutionary algorithms can 461 

be regarded as efficient tools for providing precise and simple equations. The results obtained 462 

by ANN-GA and GA models outperformed other existing equations in the literature in terms of 463 

precision and accuracy considering several validation criteria.  464 

The obtained results of sensitivity analysis indicated the importance of all input variables for 465 

prediction of Mr of cohesive subgrade soils. It should be noted that the capability of the AI-466 

based methods is mostly limited to the range, number and statistical features of the database 467 

used for model developments. To resolve this, developed models can be enhanced by increasing 468 

the number of datasets. Nonetheless, the models provided in this study could be used for 469 
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estimation of Mr of subgrade soils without conducting any tests. The proposed models are 470 

expected to be useful for preliminary design stages or when the testing is not feasible.   471 
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Available prediction equations for Mr of subgrade soils 
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principal stress; d: deviatoric stress ( [1 - 3]); PI: plasticity index; w: moisture content; P200: 615 

percentage of soil particles passing through #200 sieve; CBR: California bearing ratio; DCPI: dynamic 616 

cone penetration index; d: dry density; qc: cone tip resistance; fs: sleeve friction resistance; qu: 617 

unconfined compressive strength;  Sr: degree of saturation; k1, k2, k3: regression coefficients; CH =1 for 618 

CH soil; MH = 1 for MH soil. 619 
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Table 2  

Descriptive statistics of the variables in the database  
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Parameter LL PI P200 

(%) 

wopt 

(%) 

Sr (%) w 

(%) 

qu 

(kPa) 

σ3 

(kPa) 

σd 

(kPa) 

Mr 

(MPa) 

Mean 30.83 11.17 77.74 14.01 81.13 13.90 324.87 20.95 41.45 65.34 

Median 32.00 11.00 84.00 14.00 85.07 14.00 316.50 20.69 41.37 64.83 

Mode 31.00 11.00 56.00 13.40 66.44 14.00 696.13 0.00 41.37 104.00 

Standard deviation 4.31 1.72 15.48 2.03 14.23 2.84 178.70 16.36 18.12 31.22 

Kurtosis 0.65 1.43 -1.40 0.97 -0.24 -0.61 -0.29 -1.41 -1.05 -0.14 

Skewness -1.10 -1.37 -0.15 -0.85 -0.77 -0.39 0.76 -0.03 -0.02 0.29 

Range 16.20 6.10 44.00 8.40 57.08 11.47 607.18 41.40 60.21 167.54 

Minimum 21.00 7.00 56.00 9.40 42.92 7.53 88.95 0.00 11.00 11.90 

Maximum 37.20 13.10 100.00 17.80 100.00 19.00 696.13 41.40 71.21 179.44 
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Table 3 

Parameter settings for development of GA model 
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Parameter Setting 

Number of generation 500, 1000 

Population size 50, 100, 200, 300, 400 

Mutation rate (%) 10, 30 

Crossover rate (%) 70, 95 

Fitness function RMSE 

 642 

 643 

 644 

 645 

 646 

 647 

 648 

 649 

 650 

 651 

 652 

 653 

 654 

 655 

 656 

 657 

 658 

 659 

 660 

Table 4  

Optimal coefficients of the developed GA model 
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 Coefficients 

  

Coefficient number bias 

(b) 

1 2 3 4 5 6 7 8 9  

wi 0.103 -0.204 -0.131 0.310 -0.085 -0.273 0.351 0.168 -0.292 
0.726 

ai 5.999 0.023 0.961 3.096 0.045 0.862 0.640 0.723 0.148 
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Table 5 
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Parameter settings for development of ANN-GA model 

Parameter Setting 

Number of generation 100, 300, 500 

Population size 50, 100, 200, 300, 400 

Mutation rate (%) 10, 30 

Crossover rate (%) 70, 95 

Number of hidden layers 1 

Number of hidden nodes 3 

Activation function Tangent-sigmoid 

Fitness function RMSE 
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Table 6 

 Values of weights and bias for input-hidden layer 

Weight (wik) Neuron (k) Between Input and Hidden Layer 

1 2 3 

W1k 0.519 0.171 -1.909 

W2k 0.003 -0.196 -1.203 

W3k -0.252 0.125 0.640 

W4k 0.778 0.522 -0.867 

W5k -0.541 -1.093 1.409 

W6k -0.245 0.138 0.960 

W7k 0.141 0.103 0.921 

W8k 0.035 -0.363 -0.105 

W9k -0.148 -0.067 0.703 

biask 0.787 -1.563 -1.256 
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Table 7 

Values of the weights and bias of the hidden-output layer 

Weight Neuron (k) Between Hidden and 

Output Layer 

biash 

1 2 3 

Wk 2.6376 -1.9416 1.6468 -2.4069 
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Table 8 

Results of statistical analysis of models 

Method  Overall performance  
Arithmetic 

calculation of 

Mrp/Mrm 

 Cumulative 

probability 
 Coefficient 

of efficiency 

 
Overall rank 

Model Mrfit/Mrm R2 R1 
 Mean SD R2 

 Mrp/Mrm 

at P50 
R3 

 E R4 

 

RI Final rank 

ANN-GA 1.01 0.97 1  1.01 0.09 1  1 1  0.97 1  4 1 

GA 1.01 0.87 2  1.04 0.30 2  1 1  0.85 2  8 2 

Sadrossadat et 

al. (2018b) 
0.98 0.83 3  1.06 0.33 3  1 1  0.82 3 

 
11 3 

Kim (2004) 0.78 0.56 4  0.77 0.26 4  0.8 4  0.45 4  16 4 
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