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Abstract：The resilient modulus (MR) of subgrade soils is usually used to characterize the stiffness of subgrade and is a crucial 

parameter in pavement design. In order to determine the resilient modulus of compacted subgrade soils quickly and accurately, an 

optimized artificial neural network (ANN) approach based on the multi-population genetic algorithm (MPGA) was proposed in this 

study. The MPGA overcomes the problems of the traditional ANN such as low efficiency, local optimum and over-fitting. The developed 

optimized ANN method consists of ten input variables, twenty-one hidden neurons, and one output variable. The physical properties 

(liquid limit, plastic limit, plasticity index, 0.075mm passing percentage, maximum dry density, optimum moisture content), state 

variables (degree of compaction, moisture content) and stress variables (confining pressure, deviatoric stress) of subgrade soils were 

selected as input variables. The MR was directly used as the output variable. Then, adopting a large amount of experimental data from 

existing literature, the developed optimized ANN method was compared with the existing representative estimation methods. The results 

show that the developed optimized ANN method has the advantages of fast speed, strong generalization ability and good accuracy in 

MR estimation.  
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1 Introduction 

The resilient modulus (MR) of subgrade soils, as the characterization parameters of stiffness, describes the 

nonlinear stress-strain characteristics of subgrade soils and reflects the dynamic characteristics under vehicular traffic 

loading [1,2]. Because of the major impact on the pavement performance, the resilient modulus has been widely used 

in mechanistic pavement thickness design [3], such as AASHTO [4] and the Mechanistic Empirical Pavement Design 

Guide (MEPDG) [5]. Therefore, accurately predicting the resilient modulus of subgrade soils is essential to build a 

durable pavement.  

At present, the resilient modulus prediction methods can be classified into three categories [6]. The method in 

Category Ⅰ is back-calculation based on non-destructive testing technologies, such as falling weight deflectometer 

(FWD). The method in Category Ⅱ is laboratory repeated load triaxial test, and the method in Category Ⅲ is to adopt 

the prediction models. The methods in Category Ⅰ can be used to the existing subgrades, the method in Category Ⅱ is 

time-consuming and cumbersome. Compared to methods in Category Ⅰ and Category Ⅱ, establishing prediction 

models of subgrade soils is much simpler and more efficient. Therefore, many related researches have been carried 

out. 

Firstly, SEED et al. [7] introduced the resilient modulus when studying the relationship between the resilient 

characteristic of subgrade soils and the fatigue failure of asphalt concrete pavement, and defined it as the ratio of the 

deviator stress to the recoverable resilient strain. And then, many researchers developed a great many models to 

predict MR of subgrade soils, such as SEED et al. [8], UZAN [9] and WITCZAK and UZAN [10], etc. Among them, the 

widely accepted one is the model presented by National Cooperative Highway Research Program 1-28A [11], as shown 

in Eq. (1), which is included in the MEPDG. 
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stress, θ = σ1 + σ2 + σ3, kPa;  pa is atmospheric pressure, pa = 101.3kPa; k1, k2, and k3 are the regression coefficients. 

Since then, by incorporating the matric suction, many researchers have established moisture-dependent MR 

models based on Eq. (1) [12-15]. Although using these models to predict the resilient modulus has higher accuracy, 

different model coefficients are required for different soil samples. To solve this problem, many researchers found 

that there was a strong correlation between physical properties of soils and model coefficients.  

YAO et al. [16] analysed the influence of matric suction and stress state on resilient modulus and proposed the 

predictive equation of resilient modulus with minimum bulk stress, octahedral shear stress, and matric suction, as 

shown in Eq. (2) 
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Combined with the experimental data from exciting literature and the established MR prediction model, the 

correlation between physical properties of soils and model coefficients was proposed as following: 
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where θm is the minimum bulk stress, θm = θ - σd, kPa; ψ is the matric suction, kPa; the plasticity index Ip, liquid limit 

ωl, 0.075mm passing percentage P0.075, and dry density γd are the physical properties of the subgrade soils; k0 ~ k3 are 

the model coefficients. 

ZHANG et al. [15] conducted multiple regression analyses on 22 soil samples and established a more widely used 

relationship based on Eq. (2), which presented the relationship between physical properties of soils and model 

coefficients of subgrade soils, as given in Eq. (4) 
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where liquid limit ωl, plasticity index IP, maximum dry density γdmax, saturated volume moisture content θs, 0.075mm 

passing percentage P0.075, dry density γd, optimum moisture content ωopt are physical properties of subgrade soils; 



DmaxP is the product of 0.075mm passing percentage P0.075 and the maximum dry density γdmax, as shown in Eq. (5); 

DmaxIP is the product of the maximum dry density γdmax and the plasticity index IP, as shown in Eq. (6) 

0.075 maxmax dD P P =   (5) 

maxmax P dD IP I =   (6) 

Although most of these models can predict the resilient modulus of different soil samples, some problems, like 

low precision and high prediction bias, still remain [17]. With the popularization of artificial intelligence, some 

researchers tried to use the artificial neural network prediction method to predict the resilient modulus [17-22]. The 

regression coefficients k1, k2, and k3 of one MR model were estimated through three different ANN models established 

by NAZZAL and TATARI [19]. A three-layered artificial neural network model was established to predict the resilient 

modulus of nine different soil samples by KIM et al. [18]. An adaptive neuro-fuzzy inference system was adopted to 

predict resilient modulus of flexible pavements subgrade soils and the sensitivity of selected input parameters is also 

analysed by SADROSSADAT et al. [22]. To obtain the model coefficients of resilient modulus for plastic and non-

plastic soils, two three-layered ANN models were performed by SAHA et al. [17]. SADROSSADAT et al. [21] 

established a new empirical equation through the experimental database and estimated resilient modulus by using 

gene expression programming approach. However, these ANN models are under-developed and have many defects 

now. Firstly, too few input variables selected will cause low prediction accuracy when the data volume is too large 
[18,19]. Besides, for the method of establishing the relationship between physical properties of soils and model 

coefficients, different MR prediction models need to establish different equations, which will cause poor applicability 
[19]. Thirdly, using indirect estimation of the k coefficient to obtain the resilient modulus instead of directly estimating 

will lead to a quadratic error [17-19,23]. 

In this study, adopting the experimental data from the existing literature, a dataset was established. Next, based 

on the dataset, an ANN method for the prediction of MR considering physical properties of soils, state variables and 

stress variables of subgrade soils was established. The physical properties of soils contain liquid limit (ωl), plastic 

limit (ωp), plasticity index (IP), 0.075mm passing percentage (P0.075), maximum dry density (γdmax), optimum moisture 

content (ωopt). The state variables include degree of compaction (K) and moisture content (ω). The confining pressure 

(θ) and deviatoric stress (σ) were contained in stress variables. And, the resilient modulus is directly used as the 

output layer. And then, the ANN approach was optimized by multi-population genetic algorithm. Finally, the 

generalization ability and accuracy of the developed optimized ANN method were evaluated by comparing to the 

existing representative estimation methods.  

2 Establishment of Optimized ANN Prediction Method 

2.1  Basic Principle 

The artificial neural network originated from the MP model proposed by MCCULLOCH and PITTS [24]. Because 

of its strong parallel distributed processing, nonlinear mapping, self-adaptive and self-organizing learning ability, 

artificial neural networks have been applied in many fields, such as information, medicine, and transportation, etc. 

NIELSEN [25] has demonstrated with a visualization that artificial neural networks can approximate arbitrary 

nonlinear functions, which makes it more suitable for solving problems that are difficult for traditional numerical 

analysis methods. The network model can be divided into feedforward network and feedback network. In this study, 

the back-propagation (BP) neural network proposed by RUMELHART et al. [26] in the prediction method is a typical 

feedforward network. The BP algorithm searches the loss by forwarding propagation and searches the error by back-

propagation to update the network weight so that the output error can reach an expected one. The neural structure of 

the network is presented in Fig. 1. Firstly, the input signal is normalized to make the network more convergent, and 

then the signal is linearly transformed into the hidden layer according to the forward propagation mode. At last, 

through the nonlinearly transformed by the activation function, the signal reaches the output layer to obtain the output 

value. If the error between the output value and the true value is less than or equal to the expected, the output is what 

we need. Otherwise, the error signal will arrive at the input layer through the hidden layer in a back-propagation 

manner, and the network weight and threshold will be updated simultaneously. After updating all the weight and 

threshold, the network signal will get a new output according to the forward propagation mode until the error value 

is less than or equal to the expected. 



 
Fig. 1 Diagram of neuron structure 

 
The relationship between input and output variables of the neuron is illustrated in Eq. (7)  

 (7) 

where: f is the activation function, generally using the S (sigmoid), tanh or relu function; yi is the output value; wji is 

the network weight; xi is the normalized input variable; bj is the bias, b ≡ -threshold. 

The gradient descent algorithm was adopted to update the network weights, as given in the following equation: 
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where ωij(l) and ωij(l+1) are the connection weights of training iteration l and l+1 between the ith neuron in the input 

layer and the jth neuron in the hidden layer, respectively; ωjk(l) and ωjk(l+1) are the connection weights of training 

iteration l and l+1 between the ith neuron in the hidden layer and the jth neuron in the output layer, respectively; η is 

the learning rate, η = 0.1. 

As presented in Eq. (10), Etotal was defined as the sum of squared errors, also known as the loss function 
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where m is the figure for output layer nodes; Tk is the target output; Ok is the value of the k output layer. 

The gradient descent algorithm was used to update the network thresholds, as shown in Eq. (11) 
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where bq(l) and bq(l+1) are the qth biases at iteration l and l+1, respectively, and b ≡ -threshold. 

2.2  Prediction method of resilient modulus based on optimized ANN approach 

The Matlab software was adopted in this study to write programs of artificial neural network. The activation 

function of the neural network is S (sigmoid) function, as shown in Eq. (12). The Levenberg-Marquardt optimization 

algorithm was selected as the training function to minimize the mean square error (MSE). Then the sum of squared 

errors was taken as the loss function, and the minimum value of the loss function was calculated by the gradient 

descent algorithm. As given in Fig. 2, a three-layered network structure was applied in this study, which consists of 

the input layer, one single hidden layer, and the output layer. For the selection of input variables, too few input 

variables will lead to a large prediction error when there is too much data, and there will be too many tests and low 

efficiency when the input variables are too many. Some researchers have found that, for the same soil, the resilient 

modulus is significantly correlated with the state and stress variables [27,28]. At the same time, ZHANG et al. [14] also 

found that, for different soils, the influence of state and stress variables on the resilient modulus will be affected by 

the physical properties of soils. Therefore, three categories of variables including physical properties of soils, state 

variables, and stress variables were selected as input variables in this study. Among them, the state variables include 

degree of compaction and moisture content, and the stress variables include confining pressure and deviatoric stress. 

It has been found that all of these variables are closely related to the resilient modulus [29]. Meanwhile, physical 

properties of soils such as liquid limit, plastic limit, plasticity index, 0.075mm passing percentage, maximum dry 

density, and optimum moisture content were selected to ensure that the developed estimation method can be used to 

predict different soils, which have also been proved to have an impact on the value of resilient modulus [30]. 

Subsequently, the number of input layer nodes (n1) is set to 10, including physical properties of soils, state variables 
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and stress variables of subgrade soils. A relationship between the figure for hidden layer nodes (n2) and input layer 

nodes (n1) in this ANN method was established by SHI et al. [31], as given in Eq. (13). Therefore, the figure for the 

hidden layer nodes is 21. There is only one node in the output layer, which is the resilient modulus value. For this 

network structure, the mapping relationship between the input layer and output layer in the network can be shown in 

Eq. (14).  

( )
1

1 exp( )
f

z
z =

+ −
 (12) 

2 12 1n n= +  (13) 

21 11

1

1 1

( ( ))HO k j IH j ij i

j i

y f b w f b w x
= =

= + +   (14) 

where fHO is the activation function between the hidden layer and the output layer.  fIH is the activation function 

between the input layer and hidden layer; wij is the weight connection between the input layer and hidden layer; wj1 

is the weight connection between the hidden layer and output layer; xi is the input variables; bj is the bias of the 

hidden layer; bk is the bias of the output layer [32,33]. 

  
Fig. 2 Typical three-layered neural network architecture 

 

BP algorithm is an iterative learning algorithm based on gradient descent, which determined that it has many 

defects such as low convergence rate, getting into local minimum and possible oscillation when approaching the 

optimal solution, etc. Genetic algorithm (GA) is a method to find the optimal solution by simulating the natural 

evolution process [20]. Many researchers have used GA to optimize the initial weights and thresholds of BP neural 

network, to solve the shortcomings of BP algorithm [34-36]. However, BP neural network optimized by GA (GA-BP) 

requires a random interval to generate weights and thresholds. It is difficult to find the global optimal solution when 

the optimal weights and thresholds of the network are not in this interval. Besides, the offspring population has the 

same number of individuals as the parent population will lead to a low probability to produce elite individuals, which 

may also slow down the convergence rate of the network and make it easy to fall into the local optimum. To overcome 

these defects, the multi-population genetic algorithm was developed to optimize the network to search the optimal 

weights and thresholds, further to obtain the global optimal solution. In the first place, the parameters were initialized 

to determine the initial interval of weights and thresholds and the excepted error. Afterward, the initial population 

was generated within the interval to form the parent population. The fitness of individuals in the population was 

calculated based on the linear fitness function, and individuals with higher fitness were retained as elite individuals. 

Then, after intra-population selection, crossover, mutation, and competition, a new population was formed. Finally, 

the program calculated whether the output error of the network is less than or equal to the expected. If so, the 

calculation will be terminated and the network weights and thresholds will be output. Otherwise, the interval will be 

moved to form a new one and the program will be re-executed. The optimization flow chart of the neural network is 

presented in Fig. 3. 



 
Fig. 3 Flow chart of the artificial neural network based on multi-population genetic algorithms 

 

The sources of collected data of soil samples and the list of the soil parameters selected in this study are presented 

in Table 1 and Table 2, respectively. A total of 1923 experimental data from existing literature were selected to 

establish the ANN approach. The data of these soil samples were collected from parts of China, the United States 

and Canada, which can be classified as low liquid limit clay (CL), low liquid limit silt (ML), high liquid limit clay 

(CH), and high liquid limit silt (MH). The range of ωl, ωp, IP, P0.075, γdmax, ωopt, K, ω, θ and σ are 19.6% ~ 70.8%, 

13.0% ~ 35.2%, 6.0% ~ 35.6%, 9.6% ~ 99.3%, 1.56 ~ 2.03g/cm3, 11.5% ~ 23.5%, 0.87 ~ 1.00, 8.1% ~ 30.6%, 10 ~ 

60kPa and 10 ~ 105kPa, respectively. The measured values of MR range from 7.98 to 362.14MPa. It can be seen that 

the data of selected soil samples cover a wide range and are of certain representativeness. In these soil samples, 50% 

of them were used as the training set for building neural networks initially, 25% of them were used as the validation 

set for further optimization of weights and thresholds and making a preliminary evaluation of the model, the rest 

were used as the testing set to verify the accuracy of the established prediction method.  

Table 1 Source and classification of soil samples 

No. Reference Location Classification Amounts 

1  
YANG et al. [30] 

Taiwan, China MH 
90 

2  Taiwan, China CH 

3  GUPTA et al. [37] Minnesota, USA CL 12 

4  
LIANG et al. [38] 

USA CL 
60 

5  USA CL 

6  

LAN [39] 

Xinjiang, China CL 

288 7  Xinjiang, China ML 

8  Xinjiang, China ML 

9  QIU et al. [40] Guangdong, China CL 96 

10  NG et al. [41] Hong Kong, China ML 24 

11  
HAN and VANAPALLI [42] 

Indian Head, Canada CL 
156 

12  Ottawa, Canada CL 

13  HAN et al. [43] Ontario, Canada CL 372 



14  Ontario, Canada CL 

15  Ontario, Canada ML 

16  Ontario, Canada CL 

17  

QIAN et al. [13] 

Shanghai, China CL 

315 18  Jiangsu, China CH 

19  Shandong, China CL 

20  LIU et al. [44] Hunan, China MH 270 

21  ZHANG et al. [14] Hunan, China CH 240 



Table 2 Soil parameters 

No. 
physical properties of soils state variables stress variables 

ωl ωp IP γdmax ωopt P0.075 K ω θ σ 

1 54.0 34.0 20.0 1.76 18.0 96.8 0.88, 0.95, 1.00 25.2, 27.1, 18.1, 21.9, 23.4, 18.0, 20.5, 23.1 20 20, 35, 50, 70, 105 

2 50.0 27.0 23.0 1.80 17.0 99.3 0.88, 0.95,1.00 16.8, 24.2, 29.3, 16.9, 21.8, 24.7, 17.2, 19.7, 22.6 20 20, 35, 50, 70, 105 

3 42.0 18.0 24.0 1.58 22.0 91.1 0.98 24.8, 24.6, 24.1, 22.8 14 28, 49, 92 

4 34.4 21.4 13.0 1.95 13.2 63.5 1.00 14.2, 16.2 13.8, 27.6, 41.4 13.8, 27.6, 41.4, 55.2, 68.9 

5 30.8 18.4 12.3 1.80 16.5 68.8 1.00 16.5, 18.5 13.8, 27.6, 41.4 13.8, 27.6, 41.4, 55.2, 68.9 

6 27.5 16.5 11.0 1.94 13.6 86.0 0.91, 0.96 16.6, 13.6, 10.6 15, 30, 45, 60 30, 55, 75, 105 

7 26.4 17.8 8.6 2.03 11.5 65.2 0.91, 0.96 14.5, 11.5, 8.5 15, 30, 45, 60 30, 55, 75, 105 

8 21.3 14.2 7.1 1.98 13.4 9.6 0.91, 0.96 16.4, 13.4, 10.4 15, 30, 45, 60 30, 55, 75, 105 

9 34.4 21.4 13.0 1.95 13.2 63.5 0.90, 0.98 16.2, 13.2, 10.2 15, 30, 45, 60 30, 55, 75, 105 

10 43.0 29.0 14.0 1.76 16.3 78.0 1.00 20.3, 16.1, 14.6, 12.8, 11.3, 9.1 30 30, 40, 55, 70 

11 35.5 16.5 19.0 1.88 13.9 72.0 1.00 17.2, 17.0, 16.5, 15.9, 15.5 13.8, 27.6, 41.4 27.6, 41.4, 55.2, 68.9 

12 48.0 22.0 26.0 1.65 23.0 80.0 1.00 24.9, 24.7, 24.6, 24.0, 23.6, 23.3, 22.9, 22.7 13.8, 27.6, 41.4 27.6, 41.4, 55.2, 68.9 

13 31.0 20.0 10.0 1.66 20.3 85.0 1.00 23.5, 23.2, 21.4, 20.7, 20.6, 20.3, 19.6 13.8, 27.6, 41.4 27.6, 41.4, 55.2, 68.9 

14 32.5 18.5 14.0 1.80 18.2 90.0 1.00 20.3, 20.0, 19.9, 19.4, 18.7, 18.5, 18.2, 17.5 13.8, 27.6, 41.4 27.6, 41.4, 55.2, 68.9 

15 19.6 13.6 6.0 1.95 13.5 97.0 1.00 14.7, 14.5, 41.3, 14.0, 13.8, 13.6, 13.5, 12.5 13.8, 27.6, 41.4 27.6, 41.4, 55.2, 68.9 

16 25.0 13.0 12.0 2.00 12.2 69.0 1.00 13.3, 13.0, 12.9, 12.7, 12.5, 12.4, 12.2, 11.8 13.8, 27.6, 41.4 27.6, 41.4, 55.2, 68.9 

17 41.8 19.9 21.9 1.82 15.4 57.1 0.96 20.8, 17.2, 15.6, 14.0, 12.6, 12.1, 11.1 13.8, 27.6, 41.4 27.6, 41.4, 55.2, 68.9 

18 55.7 27.2 28.5 1.76 17.5 60.2 0.96 24.6, 20.8, 19.0, 16.8, 16.1, 14.5, 13.9 13.8, 27.6, 41.4 27.6, 41.4, 55.2, 68.9 

19 29.6 17.3 12.3 1.92 13.1 50.7 0.96 16.3, 12.9, 11.1, 9.9, 9.2, 8.6, 8.1 13.8, 27.6, 41.4 27.6, 41.4, 55.2, 68.9 

20 70.8 35.2 35.6 1.72 18.5 76.1 0.87, 0.90, 0.93 23.0, 21.5, 20.0, 18.5, 17.0, 15.5 13.8, 27.6, 41.4 12.4, 24.8, 37.2, 49.7, 62.0 

21 57.4 29.1 28.3 1.56 23.5 96.0 0.90, 0.93, 0.96 21.2, 23.5, 25.9, 28.2, 30.6 40, 30, 20, 10 10, 20, 30, 40 



In this study, the coefficient of determination (R2) and the root mean square error (RMSE) were selected to 

assess the performance of the ANN method. R2 describes the fitting degree of the established method, which can be 

defined as the proportion of the variance in the dependent variable that is predictable from the independent variable(s). 

when R2 ≥ 0.9, it can be considered that the model has a perfect fit, a good fit can be defined when 0.70 ≤ R2 ≤ 0.89, 

and it can be defined as a fair fit when R2 is in the range of 0.4 ~ 0.69 [29]. The comparison of the measured and 

predicted MR values by the ANN method has been presented in Fig. 4. May see by Fig. 4, the established estimation 

method has relatively high accuracy and can be applied to estimate the resilient modulus. Different data sets provided 

in Table 1 were considered to evaluate the accuracy of the model as shown in Fig. 5. There are four types of soil were 

contained in these data sets. The high R2 and low RMSE indicates that the ANN method has a perfect fit. Because of 

fewer soil samples of MH and CH in Table 1 to train and validate, it can be seen that RMSE of No.1 (MH) and No.2 

(CH) are higher than No.6 (CL) and No.7 (ML). This reflects the characteristics of ANN as a prediction method that 

needs a lot of training data to obtain higher accuracy.  

  

(a) training and validation data (b) testing data 

Fig. 4 Measured versus predicted resilient modulus for the training, validation and testing dataset 

 

 

Fig. 5 Measured versus predicted resilient modulus on different data sets 

2.3  Sensitivity analysis of independent variables 

It is difficult to get the relative importance of each variable in the neural network using traditional sensitivity 

analysis methods. Many researchers have found that the importance of input variables to output variables can be 

obtained from the functional relationship of output variables to input variables and the connection weight between 

layer neurons [45-47]. In this study, GARSON [45] algorithm was adopted to analyse the sensitivity of the ANN approach. 

The method uses the product of the absolute value of connection weights to calculate the relative importance of each 



input variable. As a representative of the sensitivity analysis method based on connection weight, it has been 

implemented by several researchers [32,48].  

Fig. 6 shows the relative importance of each input variable. It is clear that the most significant variable is ωl, 

followed by P0.075, ωp, Ip, ωopt, γdmax, ω, K, θ, σ, respectively. And the relative importance of physical properties (ωl, 

ωp, IP, P0.075, γdmax, ωopt), state variables (K, ω) and stress variables (θ, σ) are 85.77%, 13.53%, and 0.70%, respectively. 

The physical properties represent the essential characteristics of soils, and the state variables describe the physical 

state of soils. Therefore, they account for a larger proportion. However, it should be noted that each input variable 

has a great contribution to MR. The sensitivity analysis just shows the comparison between input variables. Thus, 

none of them can be removed from these variables, even though the percentage of relative importance are at a low 

figure [20,22,32]. 

 
Fig. 6 The relative importance of each input variables for ANN prediction method based on Garson algorithm 

3 Comparative analysis of prediction methods 

There are two methods to estimate the resilient modulus by prediction models. One way is to adopt the prediction 

model that requires a great many MR tests, as shown in the method of Eq. (1) presented by NCHRP [11]. The other 

way is to establish the relationship between physical properties of soils and the regression coefficients of MR models 

established by ZHANG et al. [15]. It only requires tests the physical properties of soils.  What these two methods have 

one thing in common is that they predict the k coefficient first and then calculate the resilient modulus based on the 

prediction model. In this study, the prediction methods of NCHRP [11], ZHANG et al. [15] and traditional ANN 

approach were selected and compared to detect the accuracy and applicability of the ANN approach based on MPGA. 

Combined with the experimental data in this study, five kinds of soil samples in Table 1 were randomly selected. 

And the k coefficients obtained by these two methods are shown in Table 3. 

Table 3 Regression coefficients of different soils 

No. 
Compactness 

 (%) 

Regression coefficients 

NCHRP [11] ZHANG et al. [15] 

k0 k1 k2 k0 k1 k2 k3 

5 100 0.370 0.294 -1.936 272.653 0.692 0.084 -1.978 

17 96 0.717 0.560 -1.998 663.550 0.441 0.143 -1.454 

18 96 0.670 0.775 -1.692 701.231 0.475 0.209 -1.541 

19 96 0.994 0.452 -2.326 844.340 0.423 0.180 -2.428 

20 

87 0.950 0.484 -2.077 713.220 0.358 0.212 -1.163 

90 0.950 0.484 -2.077 505.144 0.586 0.193 -1.594 

93 0.950 0.484 -2.077 650.850 0.493 0.174 -1.313 

21 

90 1.070 0.500 -2.050 556.140 0.345 0.095 -1.881 

93 1.070 0.500 -2.050 650.030 0.381 0.112 -1.999 

96 1.070 0.500 -2.050 809.500 0.290  0.185 -1.305 



For 885 test data of 6 soil samples, the methods of NCHRP [11], ZHANG et al. [15], traditional ANN approach 

and the ANN approach in this study were used to obtain the predicted and measured values of resilient modulus. 

Comparisons between measured and predicted MR values were shown in Figs. 7, 8 and 9. Significant differences in 

accuracy were observed between the traditional prediction model, traditional ANN approach and the ANN approach 

in this study. It is obvious that the MR values predicted by the ANN approach matched very well with the measured 

results. It is worth noting that traditional ANN approach method has great instability, which is mainly reflected in 

the estimation of different soil samples and the outputs of every time the program runs. Fig. 9 depicts that R2 are all 

over 0.98, the RMSE are in the range of 0.96 ~ 3.03, and the prediction results of selected test data are all near the 

equality line, which indicates that the prediction method established in this study has higher prediction accuracy and 

stronger generalization ability. Therefore, compared with the traditional ANN estimation method, the optimized 

ANN method of this study has higher accuracy and stability. And it also has the advantages of fast speed, strong 

generalization ability, great stability and good accuracy, compared with the cumbersome process of model 

establishing and parameter fitting in the traditional estimation model. Summing up the above, the optimized ANN 

method is suitable for subgrade soils to accurately determine the resilient modulus. 

 

  
(a) the method of NCHRP [11] (b) the method of ZHANG et al. [15] 

Fig. 7 Comparison of measured versus predicted resilient modulus using the traditional model 

 

 

Fig. 8 Comparison of measured versus predicted resilient modulus using traditional ANN approach 

 



  
Fig. 9 Comparison of measured versus predicted resilient modulus using ANN approach in this study 

 
As previously mentioned, through a large database of resilient modulus of subgrade soils, an optimized artificial 

neural network method can be built by introducing physical properties of soils (ωl, ωp, IP, P0.075, γdmax, ωopt), state 

variables (K, ω) and stress variables (θ, σ). The ANN method provides a special functional mapping relationship 

between the input layer and the output layer, and it cannot give any insight into the complex physical and mechanical 

relationship between MR and the input parameters. Thus, it is recommended that the input variables at the range of 

training dataset when using this prediction method. For the engineering site, firstly, the stress state of subgrade soil 

and its corresponding compaction state and moisture content state are obtained through the pavement design 

document, and then the physical properties of soils are obtained through the basic physical property tests. Finally, by 

using the established estimation method, the resilient modulus of subgrade soils is directly obtained at any condition 

for pavement design. 

4 Conclusions 

In this study, based on the experimental data collected from existing literature, an efficient and accurate MR 

prediction method based on the ANN approach and the multi-population genetic algorithm was developed. The major 

conclusions of this study can be summarized as follows:  

1. A three-layered artificial neural network was established to estimate resilient modulus for subgrade soils, 

including the input layer, one single hidden layer, and the output layer. The figure for the input layer nodes 

is 10, which are physical properties of soils (liquid limit, plastic limit, plasticity index, 0.075mm passing 

percentage, maximum dry density, optimum moisture content), state variables (degree of compaction, 

moisture content) and stress variables (confining pressure, deviatoric stress). The output variable is the 

resilient modulus. 

2. The multi-population genetic algorithm was developed to overcome the problems of traditional ANN 

approach, like low efficiency, local optimum, and over-fitting.  

3. The prediction method based on ANN approach was evaluated by different types of soil. The result shows 

that the estimation accuracy has a positive correlation with the number of data sets. 

4. The relative importance of each input variable of the ANN method was calculated. The most significant 

parameters are physical properties, followed by state variables, stress variables, respectively. 

5. Compared with the traditional resilient modulus prediction model, the prediction method based on ANN 

approach can be applied to predict the resilient modulus directly instead of predicting the model coefficients 

of a specific model, saving complicated parameter fitting and calculation process.  

6. The prediction method based on ANN approach presented a higher prediction accuracy and stability 

compared with the latest and classic representative models of the existing literature and traditional ANN 

approach. The coefficients of determination of 6 kinds of soil samples randomly selected range from 0.98 to 

0.99. 

7. The ANN method cannot explain the physics and mechanics relationship between input variables and MR. 

Therefore, it is not recommended to use it as a prediction method when the input variables out of the range 

of training dataset. 
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