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1 INTRODUCTION 
 
When the soil support layer is subjected to an increase 
in water content, it loses its strength. The decrease in 
the California Bearing Ratio after immersion 
(CBRimm) index results mainly from the water varia-
tion which is due to water infiltration through the 
coating, and also to the capillary action and the eleva-
tion of the underground water. It is necessary to take 
into account the effect of water in order to character-
ise the soil condition in the long term. Therefore, an 
important step in the procedure is to immerse the soil 
sample into a basin of water for a period of four days. 
The CBRimm test is relatively expensive and requires 
a lot of time and effort. Most scientific works have 
concentrated on artificial neuronal networks (ANNs) 
in order to estimate the CBRimm parameter. The main 
disadvantage of this approach is that it gives a numer-
ical value as a solution; it cannot be expressed as a 
mathematical equation. For this reason, an artificial 
intelligence algorithm, based on multi gene genetic 
programming (MGGP), is proposed in order to de-
velop a mathematical relation between the CBRimm 
and a number of input variables, such as the Optimum 
Moisture Content (OMC), Maximum Dry Density 
(MDD), Plastic Limit (PL), Liquid Limit (LL), in ad-
dition to the fine-fraction particles passing through 
0.08 mm sieve mesh (F 0.08 mm), and the fine-fraction 
particles passing through 2 mm sieve mesh (F 2 mm). 

 
 
 

 

2 LITERATURE REVIEW 
 
The geotechnical properties of soils are controlled by 
factors such as mineralogy, fabric, and pore water; the 
interactions between these factors are difficult to de-
termine solely by traditional statistical methods be-
cause they are interdependent. Based on simply meas-
ured parameters, such as the percentage of fines 
(F %), liquid limit (LL) and maximum dry soil den-
sity (MDD), a model was established by Satyana-
rayana Reddy & Pavani (2006). This model turned 
out to be effective only for CBR values between 12.8 
and 56.8. Shahin et al. (2008) showed that neural net-
works can be applied to many geotechnical engineer-
ing problems. Using artificial neural networks 
(ANNs), a model was proposed by Zohib & Jagdish 
(2016) in order to establish a correlation between the 
value of soaked CBR and the percentage of fines, li-
quid limit, dry soil density and optimum moisture 
content. The model was tested on soil samples from 
the Punjab region in India and good results were ob-
tained, with a correlation coefficient equal to 0.86. 
Ramasubbarao & Sankar (2013) proposed a multiple 
linear regression (MLR) model to estimate the CBR 
after immersion (CBRimm). The model was used to 
connect the dependent variable (CBRimm) to the ex-
planatory variables (LL, PL, MDD and OMC), and 
the results obtained were good in general; the corre-
lation coefficient was found equal to 0.96 and the co-
efficient of determination equal to 0.92. Harini & 
Naagesh (2014) suggested the application of the arti-
ficial neural network (ANN) and multiple linear re-
gression (MLR) in order to correlate the CBR with 
the basic soil properties such as the optimum moisture 
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content, maximum dry density, liquid limit, plastic 
limit, index of plasticity and percentage of fines. The 
prediction models showed their capacity to effec-
tively predict the CBR index with a mean squared er-
ror (RMSE) equal to 0.008 and a correlation coeffi-
cient equal to 0.86. Rakaraddi & Gomarsi (2015) 
proposed a multiple linear regression model to predict 
the CBR from the liquid limit, plastic limit, percent-
age of fines and soil density. Bad results were ob-
tained for coarse soils because the percentages of 
sand and gravel in the model were not known. 
(Bourouis et al. 2015) used a model based on the ar-
tificial neural network, of the multilayer perceptron 
type. The authors could obtain satisfactory results 
with a Mean Absolute Error (MAE) equal to 0.27 
when the CBRimm is between 3 and 7; the only disad-
vantage of the model is its very high time conver-
gence. They then suggested a hybrid neuro-genetic 
model with the aim of avoiding the “over-learning” 
phenomenon. The results obtained turned out to be 
more efficient than those given by the artificial neural 
networks (ANNs) with a mean absolute error equal to 
0.24. The CBRimm interval used in the present study 
lies between 3 and 7 (Bourouis et al. 2016). Yildirim 
& Gunaydin (2011) compared the multiple regression 
analysis with the artificial neuron network to estimate 
the CBR index from simply measured parameters, At-
terberg limits, Maximum Dry Density and the Opti-
mum Moisture Content, using the granulometric anal-
ysis. The artificial neuron network analysis gave a 
very strong correlation coefficient (0.95) as compared 
to the multiple regression method. Taylor (1990) 
studied the link between two quantitative variables 
and concluded that |R| > 0.91, which is a very high 
correlation. The case where 0.68 < |R| < 0.90 indicates 
a strong to high correlation; 0.36 < |R| < 0.67 means 
an average correlation; the correlation is weak for |R| 
< 0.35 [10]. All the studies conducted by Willmott & 
Matsuura (2005), whose analysis contributes to gap 
indicators, showed that the mean absolute error 
(MAE) is the best tool for assessing the regression 
and predictive models. Genetic programming (GP) is 
characterised by a representation that is capable of 
modelling and manipulating symbolic expressions. 
One of the major advantages of the Genetic program-
ming (GP) model is that it is not limited to finding a 
solution to a specific instance of a problem only; it is 
also an algorithm that is able to lead to solutions to 
the general problem. This is the difference between 
solving a problem and learning how to solve it (Koza 
1992, Banzhaf et al. 1998). The programs generated 
by traditional genetic programming (GP) are repre-
sented as tree structures and expressed in the func-
tional programming language (Koza 1992, Gandomi 
et al. 2011). Researchers have used powerful tools, 
such as the genetic programming (GP), to provide a 
viable solution to solve complex problems (Mohanty 
et al. 2016, Demir 2015, Ranasinghe et al. 2017). Sha-
habi et al. (2016) linked the wavelet analysis to the 

genetic programming (GP) concept to provide a 
wavelet genetic programming (WGP) model for the 
prediction of significant wave height. The perfor-
mance of the WGP model was evaluated using the co-
efficient (R), Root Mean Square Error (RMSE) and 
Mean Absolute Error (MAE). Analysis showed that 
the accuracy of the above-mentioned model strongly 
depends on the decomposition levels. The results ob-
tained established that the WGP model can be used to 
predict the significant wavelength with high reliabil-
ity.  

 
 

3 PREDICTION OF CBRIMM OF SOILS USING 
PROGRAMING GENETIC 

 
A database was constructed from 234 measurements. 
The samples were collected from different regions of 
the town of Tlemcen which is located in the north-
western part of Algeria, at about 520 km to the west 
of the capital city Algiers. It is also 76 km east of the 
Moroccan town of Oujda (Fig. 1). It is built on heter-
ogeneous structures surrounded by marly formations. 
This city has experienced various geotechnical prob-
lems caused mainly by the behaviour of the soil. 

 
Table 1. The input and output parameters 

Type 
of data 

Parameter Symbol Range 

Input 

Percentage of fine<0.08 F0.08mm (%) 3.5-79 
Percentagepassing <2 mm F2mm (%) 9.0-99 
Liquid limit LL (%) 13-76 
Optimum moisture content OMC (%) 3.0-18 
Maximum dry density  MDD  1.65-2.35 

Output 
Californian Bearing Ratio af-
ter immersion  

CBRimm(%) 1.9-102 

 

 
Figure 1. Areas where the soil is extracted 

3.1 Simple regression analysis 

Before developing the new model by genetic pro-

gramming, it is first required to go through the simple 

regression analysis. The aim of the present study is to 

analyse the strength of the linear or non-linear corre-

lation between the input and the output variables in 
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the developed model. The well-correlated model is 

one with a coefficient of determination (R2) close to 

1. Figure 2 displays the results obtained by the simple 

regression analysis for five parameters, namely 

F0.08mm (Fig. 2a), F2mm (Fig. 2b), LL (Fig. 2c), OMC 

(Fig. 2d) and MDD (Fig. 2e). 
 

 
Figure 2a. Simple regression for the parameter F0.08 mm  

 

 
Figure 2b. Simple regression for the parameter F2 mm 

 
All variables have a coefficient of determination that 
lies between 0.44 and 0.60 and a correlation coeffi-
cient between 0.66 and 0.77, which asserts the exist-
ence of a correlation between the input parameters 
and the CBRimm index.  
 

 
Figure 2c. Simple regression for the parameter F0.08 mm 

 
It is clearly noted from (Figs 2b, e) that F2mm and 
MDD follow a linear law, the two parameters LL and 
OMC have a logarithmic relationship with the 
CBRimm, as shown in Figures 2c and d; F2mm is related 

to the index CBRimm through an exponential relation-
ship (Fig. 2a). 

 

 
Figure 2d. Simple regression for the parameter LL 

 

 
Figure 2e. Simple regression for the parameter MDD 

 
 

4 PROGRAMMING GENETIC (MGGP) 

4.1 Implementation of MGGP  

A general overview of the Genetic Algorithm (GA) is 
provided in order to give an overall view of the ge-
netic programming (GP) and the multi-gene genetic 
programming (MGGP) methods. Genetic algorithms 
are based on Darwin’s theory called “Survival of the 
fittest”. Genetic algorithms represent stochastic re-
search methods aimed at exploring complex problem 
spaces to guide the research process and find optimal 
solutions using the natural evolution process (Koza 
1992). Despite the similarities that exist between the 
two approaches, i.e. GA and GP, there are still some 
differences worth mentioning particularly in the solu-
tions developed by the two algorithms. Indeed, the 
Genetic algorithm (GP) is a tree-based structure with 
a variable depth; whereas the Genetic algorithm (GA) 
gives solutions that are presented in a fixed-size bi-
nary form. The other difference is about optimisation 
of the GP structures and GA parameters. Regarding 
the utility of the two algorithms, one might say that 
the problems can be solved using the genetic algo-
rithms if he has a firm idea about the form of the so-
lution that had previously been obtained by the ge-
netic programming. This approach may help give a 
form of the solution. 
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In a haphazard way, the algorithm starts the genera-
tion of the population by the random combination of 
the elements from the function and terminal sets 
shown in Figure 3. Ramped half-and-half algorithm 
is applied to generate models of uniform shape and 
size. The arithmetic operators (+, –, /, ×), non-linear 
functions (Sin, Cos, Tan, Exp, Tanh, Log, Sqrt) and 
Boolean operators can be the elements in the function 
set. The elements of the terminal set are process input 
variables and random constants. 

 

 
Figure 3. Flow chart of Genetic programming 

 
Individuals are selected through a screening process 
based on Genetic Programming (GP), which is fol-
lowed by reproduction that consists of designing a 
mutation operator, in order to maintain certain diver-
sity within the population, and another crossing in or-
der to generate a new generation of individuals that 
are better adapted to the problem. Individuals result-
ing from the process of improvement by genetic op-
erators go through a substitution step which consists 
of retaining the best solutions based on their fitness 
functions to engender the new population of the next 
generation. Performance is assessed using the fitness 
function, which compares the predicted values and 
the measured values. The Mean Absolute Error 
(MAE) has been selected as an indicator in order to 
validate the model. It is given by: 

MAE = ∑ |'()*(|+
,-.

/
 (1) 

Where Pi is the predicted value of the ith data sample 
using the GP model, Ai is the actual value of the ith 
data sample and N is the number of training samples. 
An example is provided in order to illustrate the dif-
ference between the GP model and the MGGP model; 
it is presented in Figures 4a, b and c; x1 and x2 are two 
input parameters. 

 
Figure 4a. Tree of model 1 

 

 
Figure 4b. Tree of model 1 

 

 
Figure 4c. Tree of model 1 

 
After generating several trees, the MGGP model 
starts combining its trees using the multiple regres-
sions with the least-squares method, which represents 
the only difference between the two models. The so-
lution for the example under consideration is given by 
the following equation: 

𝑀𝐺𝐺𝑃𝑚𝑜𝑑𝑒𝑙 = 𝑎9 + 𝑎;(15	𝐿𝑜𝑔(𝑥;) + 3𝑥E) +
𝑎E(5𝑥; − 3 + 𝑥E) + 𝑎G(20 cos(𝑥;) − 3 + 𝑥E) (2) 

The MGGP model involves non-linear terms but is 
linear in parameters with respect to the coefficients 
a0, a1, a2 and a3 (Eq. 2). This model predicts the output 
value based on the two input decision variables x1 and 
x2. 
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4.2 Applications 

All the basic operators along with the known mathe-
matical functions were employed to develop an opti-
mum model. It is well known that the number of pop-
ulations and generations depends mainly on the 
complexity of the problem treated. A relatively high 
population and generation numbers increase the like-
lihood of finding a model that will have a minimal 
error. The performance of the MGGP algorithm 
greatly depends on the number of annoyances and the 
depth of the trees. In this study, it was decided to con-
sider 8 and 4 corresponding to the numbers of genes 
and trees, respectively. The selected parameters are 
shown in Table 2. The MGGP method for CBRimm 
prediction is implemented in MATLAB using 
GPTIPS (Searson 2010). 

 
Table 2 parameter setting for MGGP 

Parameters Values assigned   

Runs 60  
Population size 500  
Number of generations 100  
Tournament size 2  
Max depth of tree 6  
Max genes 8  

Terminal set (T) 
(F0.08 mm, F 2 mm, LL, 
OMC,MDD) 

 

Crosseover probability 0.85  
Reproduction probability 
rate 

0.1 
 

Mutation probability rate 0.05  

Functional set (F) 
(Multiply, Plus, Minus, 
Plog, Tan, Tanh, Sin, Cos, 
Exp, Log, Div) 

 

4.3 Results and Discussion 

The Mean Absolute Error (MAE) parameter and cor-
relation coefficient were employed to evaluate the 
performance of the model. The best model is the one 
that gives the smallest error. The equation generated 
by the model is given by Equation 3. 

𝐶𝐵𝑅PQQ = 10.8 log(𝐹	9.9W	XX) − 32.4 log(𝐿𝐿) −
10.8 log(𝑂𝑀𝐶) + 111.2 cos[\log(log	(𝐹	9.9W	QQ))] −
119.5\cos(log(𝑀𝐷𝐷)) + 10.8 log(𝐹	E	QQ) + 88.53	 (3) 

It is worth mentioning that all five input parameters 
are included in Equation 3, which confirms the good 
correlation existing between the input parameters and 
the CBRimm index which was found in Figure 2. The 
set of functions chosen by the developed algorithm 
depends on the nature of the domain of the problem. 
It is easy to see that the best performances were ob-
tained with the functions COS, LOG and ROOT. 

The equation developed presents a certain flexibil-
ity that results from the nonlinear function previously 
chosen which allowed obtaining a good prediction 
(Fig. 5b), with a mean absolute error (MAE) equal to 
1.85 and a correlation coefficient equal to 0.99. The 
results are summarised in Table 3. 

 

Table 3 Comparison between the CBRimm experimental and pre-
dicted values using MGGP analysis 

 

 
Figure 5a. CBRimm prediction error plot 

 
Figure 5a indicates that all the values predicted by the 
developed model have an error between +10% and -
10%, which again justifies the model's ability to pre-
dict accurately, unlike the multiple regression method 
(RMA).  
 

 
Figure 5b. Formulation of the MGGP models using least squares 
method. 
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10 25 15 3 2.2 92 93.71 92.79 
50 85 26 8 1.86 27.3 28.09 22.95 
8 24 19 4 2.22 91 92.13 90.97 
24 58 19 7 1.97 52 54.58 61.53 
9 27 16 3 2.23 92 93.74 92.62 
6 26 19 4 2.24 98 100.41 93.69 
7 18 17 4 2.27 93.5 95.69 94.60 
9 49 35 6 2.18 76.2 80.74 73.74 
9 23 15 3 2.21 96 95.78 94.17 
6 19 21 4 2.20 94 95.39 92.32 
6 19 26 4 2.25 90 93.09 90.24 
10 32 18 4 2.29 90 90.55 89.71 
7 19 22 4 2.23 92 93.16 91.50 
15 39 23 5 2.24 67 70.86 78.62 
8 33 19 4 2.24 93.5 93.96 90.38 

Error absolute mean (MAE)  1.85 2.83 
Correlation coefficient (R)  0.996 0.948 
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5 CONCLUSIONS 
 
The approach used in this study allows answering the 
dream of a great number of engineers, which consists 
in predicting the CBR index after immersion from a 
non-linear mathematical relation. The following con-
clusions can be drawn: 
- The multi-gene genetic programming (MGGP) 

model proposed allows improving the prediction 
accuracy with respect to multiple regression mod-
els by at least 34 %. This good performance is also 
found with the other evaluation criteria (Table 3), 
with a correlation coefficient equal to 0.996. 

- The multi-gene genetic programming helps to ob-
tain a model that is based on an explicit mathemat-
ical relationship (Eq. 2) between the input param-
eters and CBRimm, which is of major importance to 
engineers. 

- The functions selected genetically by the devel-
oped model are Cos, Log and Root that gave a min-
imum error equal to 1.85 (Table 3). 

- All values predicted by the model developed in 
this study have errors within the interval (-10 % to 
+10 %). This is different from the case of multiple 
regression model (Fig. 5a). 

- Despite its simplicity, the MGGP model represents 
a stochastic exploration for solving a particularly 
difficult optimisation problem. This does not mean 
that genetic algorithms are sufficient to solve all 
the geotechnical problems due to the use of incor-
rectly correlated parameters. An insufficient num-
ber of inputs drastically reduce the effectiveness of 
learning and performance. 
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