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ABSTRACT 
 
This paper presents an application of natural computation integrating artificial neural network and 
Genetic algorithm in geo-stress field analysis of hydropower engineering.  The artificial neural 
network (ANN) model is used to implement simulation analysis of the hydraulic fracturing 
behavior of rock mass instead of numerical computation, which can well reduce work load of 
numerical modeling calculation and figure out the integration problem between numerical 
computation and optimization algorithm. The only limited field test dataset can be applied to drill 
the data-driven artificial neural network model, which is one of the main advantages of ANN. The 
genetic algorithm (GA) is applied to perform multi-objective optimization for identification of 
geomechanical parameters by means of its objective function. The developed modeling framework 
is verified with field measurements in a practical project of hydropower engineering. Validation 
results illustrate that the proposed approach is capable and valuable in settling geomechanical 
parameters identification of nonlinear behavior problem. 
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1. INTRODUCTION 

The hydropower project is usually built in the 
complex geological environment formed by 
natural. The engineering process of 
construction, application and maintenance 
involves strong coupling among stress field, 
seepage field and temperature field [1]. 
Thereinto, the stress field would have a 
significant effect on the mechanical behavior of 
rock mass such as deformation, failure. As a 
consequence, that is seriously in need of a 
simple and fast and accurate approach to 
identify the initial geo-stresses to implement 
process modeling analysis of hydropower 
engineering, which will contribute to optimizing 
engineering design, construction and safety 
control. 

For brevity, the initial geo-stress tensor are 
summarized as the four principal stress 
components. They are orthogonal to the 
vertical principal stress Sv, the smallest 
horizontal principal stress Sh, and the largest 
horizontal principal stress SH, respectively, and 
as well as the azimuth of leveling to the largest 
horizontal principal stress [2]. Although there 
have been many approaches applied to 
determine the initial geo-stresses, most of 
these approaches are based on elastic theory 
framework within limited formation depth [3-
5]. For shallow rock mass, because of the 
small-scale yield range of rock mass under the 
action of external load, the conventional are 
valid and accurate enough when the 
performance of initial geo-stress field can be 
considered as linear elasticity. For deep rock 
mass or complex stress field, the stress field 
shows obvious nonlinear characteristics, in 
most cases, they are not practical or valid and 
accurate enough [6]. With the development of 
hydropower engineering in deep and complex 
geological conditions, there are more and more 
nonlinear characteristics problems of stress 
field to be solved. In order to simulate and 
analyze the problems of hydropower 
engineering, it is essential to determine the 
initial geo-stresses of nonlinear stress field, 
which will need researchers to develop or use 
some suitable methods to help in solving these 
nonlinear problems. 

For the past few years, integration of hydraulic 
fracturing and inverse regression analysis 
method is regarded as the promising technique 
to analyze complex geo-stress field. Zhang [7] 

came up with inverse regression analysis 
method to determine geo-stress field from 
fracturing data according to the Hubbert and 
Willis hydraulic fracturing criterion [8] and 
Haimson and Fairhurst hydraulic fracturing 
criterion [9]. Using the above criteria, there are 
two basic assumptions, investigated rock 
stratums are complied with the theory of 
continuous media, and this relationship 
between the mechanical behavior of rock mass 
and geo-stress parameters is linear elasticity. 
Obviously, this is not completely accord with 
actual geo-stress field of the practical 
engineering. Therefore, some researchers were 
very interested in analyzing the influence of 
some uncertain factors, and using natural 
computation method for determination of geo-
stress [10-11]. 

By using examples of field tests of hydraulic 
fracturing, Zhang et al. discussed that the 
residual apertures have an obvious effect on 
the wellbore pressure during hydraulic 
fracturing, and can reduce re-opening pressure, 
which further leads to the error of the 
maximum horizontal geo-stress measurement 
[10].  

He et al. proposed a integrated method of 
boundary load adjustment, stress function 
trend analysis and numerical modeling 
regression analysis for inverse regression 
analysis of initial geo-stress [12]. The proposed 
methodology would improve the calculation 
precision of initial geo-stress field to new stage. 
Its limitation is that it couldn’t effectively make 
calculation for the new measured values of 
geo-stress, for litho-logical in-homogeneity of 
rock mass, and for rock mass containing faulty 
fracture zone. 

In order to seek more effective analysis 
methodology of geo-stress field, artificial neural 
network, genetic algorithm and grey control 
theory were aware of implementing geo-stress 
determination analysis [13-15]. The 
introduction of these techniques is very helpful 
to analyze the complex rock mass engineering, 
because these algorithms can effectively solve 
the problem of nonlinear characteristics that is 
just accorded with the nonlinear characteristics 
of rock mass engineering. 

The goal of this paper was to develop and 
conduct an integrated artificial intelligence 
approach for the process modeling of hydraulic 
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fracturing instead of field test and identification 
of geomechanical parameters from the 
measured wellbore pressures. Results from the 
case study analysis of hydropower projects at 
Huizhou Pumped storage power station have 
shown that the proposed approach is capable of 
dealing with the linear and/or nonlinear 
problems but does not limit to hydropower 
projects. Therefore, this paper puts forward a 
new approach for process modeling of hydraulic 
fracturing and identification of geomechanical 
parameters 
 
2. NATURAL COMPUTATION METHOD 
 

A. ARTIFICIAL NEURAL NETWORK (ANN) 
The artificial neural network (ANN) as artificial 
intelligence form is established by means of the 
logical relationship of data themselves and is 
well used to perform data processing via 
imitating the behavior of the brain’s nervous 
system. Thus, it can be utilized to resolve the 
complex problem which the routine computing 
technique are not effective enough to address 
them. In addition, the ANN has the capability of 
learning from wide examples, and is competent 
to incomplete assignments and to predict 

acceptable results [16-17]. This is the reason 
why many researchers or scientists would like 
to employ the ANN as the data-driven model to 
figure out some complex practical engineering 
problems. 

As shown in Fig. 1. a typical topology of ANNs 
is comprised of one input layer, .one or more 
hidden layer(s) and one output layer in which it 
is possible to contain a certain amount of 
neurons, or called processing elements. One 
hidden layer or more hidden layers including 
more neurons is/are often recommended in 
ANN structure to improve the accuracy of 
predicting outcomes of ANN model. The 
detailed comprehensive description of ANN 
model has been introduced in many references 
[18-20]. 

Using a neuron of a hidden layer as an example 
to illustrate the ANN process (see Fig. 1). For 
each neuron, the output is calculated by the 
transfer function f in which the input is equal to 
the sum of a threshold θj and a product of 
previous layer xi and connection weight wji. The 
matrix notation of process is summarized as 
follows: 
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Thus, the processing element output is summarized by the transfer function f: 

 

( )( )j j ji i jP f y f w x θ= = +∑                      (2) 

 

The capability of ANN model can be evaluated 
by takeing advantage of mean square error 
(MSE) and coefficient of relationship (R–value) 

to determine whether meet the requirements. 
The MSE is to make the minimality of the 
following error function: 
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where M is the quantities of example data, th 
denotes the objective values for example case 
h, ah denotes the predicted values of ANN 
model for example case h. 

The coefficient of relationship  is used to reflect 
degree of correlation between the two or more 

variables, and is the one of important indices of 
reflecting their correlation close degree. Its 
absolute value (R–value) is given by the 
following equation: 

1

2 2

1 1

M

h h
h

M M

h h
h h

T A
R r

T A

=

= =

∑
= =

∑ ∑
                                 (4) 

,h h h hT t t A a a= − = −                      (5) 

 

where M is ditto, th denotes the target value for 
example case h, t  denotes the average target 
value computed from all example case; ah 
denotes the value predicted from ANN for 
example case h, a  denotes the average 
predicted value computed from all example 
case.  

In general, the R range is from 0 to 1. We 
usually think that the ANN model has a 
excellent prediction ability while the R value is 
greater than or equal to 0.8.  

The training process of ANN model is in effect 
the process of threshold and connection 
weights adjustment based on the learning 
examples. By adjusting these thresholds and 
weights to make the ANN model to predict 
outputs as close to the desired outputs as 
possible. This process consists of four steps: 
training, validation, test, and final 
comprehensive test. The performance desired 
indices of the training success are that MSEs 
are as near as possible 0 and R-values are as 
close as possible 1. 
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Figure 1. The artificial neural network topology and single process modeling 
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B. GENETIC ALGORITHM (GA) 
According to the results investigated by John 
Holland [21], genetic algorithm (GA) is a  

 

branch of intelligence approach which is mainly 
used to find the optimal value from a large 
searching space according to evolution theory. 
As one of the most popular optimization 
algorithms, it has been widely used to resolve 
multi-objective optimization problems [22-23]. 
From previous investigation, we can find that 
using evolutionary algorithm to address the 
complex practical engineering problems, the 
effectiveness of the optical results mostly 

depend on code of problem and selection of its 
genetic operator [24]. 

In this study, the real number encoding method 
is chosen to conduct more effectively the 
genetic algorithm to optimize for the complex 
problem of multi-objective geomechanical 
parameters identification. Now that we choose 
the roulette wheel selection to conduct 
selection of parent in the selection operator of 
GA for population generation. When we define 
that the fitness is the smaller the better, the 
fitness-dependent individual Gk is selected or 
obsolete, the key is to rely on the selection 
probability as follows: 
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where POPmax denotes the number of 
population individual,  

According to the crossover method of real 
number encoding, the crossover operation at 

the gth crossover point is implemented by the 
following equation:  
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where agu  denotes the ath chromosomes, bgu  
denotes the bth chromosomes, r denotes a 
random value of range [0, 1]. By the crossover 
at gth crossover location, the new individual is 
created to fit in the population instead of old 
one. 

Once the eth individual is selected by mutation 
probability, the lth gene in the eth individual will 
mutate via the following the mutation operation 
method: 
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where elv  denotes the lth gene in the eth 

individual, vmin denotes the low limit, vmax 
denotes the upper limit, d denotes the current 
number of iterations, D denotes the largest 

iterations. r is the same as the above mean of 
symbol. 
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C. INTEGRATION NATURAL COMPUTATION 
METHOD 

In this study, we employ the artificial neural 
network (ANN) to map the function relationship 

between hydraulic fracturing pressures and 
geomechanical parameters as follows:  

( ), , , , , ,P f x y z S E α= L             (11) 

where x, y, z denote space coordinate system 
of geologic body respectively, S denotes initial 
geo-stress, E denotes elastic parameters, α 
denotes all kinds of main factor of geologic 
function obtained by measured methods.  

We employ the genetic algorithm (GA) to 
conduct the inversion of geomechanical 
parameters from field monitoring pressures of 
hydraulic fracturing based on the objective 
function: 

( )
1

1
min

N

i i
i

fitness P P
N =

ʹ′= −∑
⎛ ⎞
⎜ ⎟
⎝ ⎠

                   (12) 

where N denotes the number of selected 
pressure parameter, Pi denotes pressure 
predicted using the ANN model, Pˊi denotes 
pressure selected from recorded pressure curve 
of hydraulic fracturing. 

The inversion of geomechanical parameters 
relies on the basic theory of relations is as 
follows: 

1 1 2 2 3 3S P P Pβ β β β= + + + +L                  (13) 

where β1, β2, β3 denote the multiple regression 
coefficients of the corresponding independent 
variable, P1, P2, P3 denote the selected pressure 
parameters during hydraulic fracturing, β 
denotes the constant factors. 

The artificial intelligence approach is just like a 
platform for simulation analysis of hydraulic 
fracturing and parameters inversion. The logical 

structure of process modeling of parameters 
inversion in the integrated artificial intelligence 
approach is presented in Fig. 2.  
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Figure 2. Logical structure of process modeling of parameters inversion 
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3. EXPERIMENTAL DATASET COLLECTION 
 
 
In this section, we take experimental dataset 
from the experimental examples done by Wu to 
validate whether the proposed process 
modeling can implement multi-parameter 
geomechanical parameter identification [25]. 
The experiment was carried out in the geo-
stress field of underground chamber of Huizhou 

pumped storage power station, which is in an 
average of 150 meters deep. The direction and 
azimuth of the maximum horizontal geo-stress 
has been determined by moulage approach of 
hydraulic fracturing measured section, the 
results can be found from reference [25]. The 
vertical geo-stresses are calculated by the 
regressive relationship between geo-stresses 
and depth as follows [26]. 

  

0.027v vS h or S hγ= =                                   (14)  

 
The largest and smallest horizontal geo-
stresses are seen as inputs. Due to the lack of 
data of formation breakdown pressure and 
tensile strength of rock mass, only reopening 
pressure of fracture plane Pr, Shut-in pressure 
of fracture plane Ps and pore pressure Po are 
seen as outputs. These experimental dataset 
constitute the learning samples of ANN model 
in integrated artificial intelligence approach. 
The specific values are reported in table 1. The 
first 30 samples are employed to training the 
proposed ANN model, the others are employed 
to testing the trained ANN model, and the 

random 20% of all samples are employed to 
validate the trained ANN model. All the 
response of learning samples are considered as 
evaluation criterion seeing whether the 
proposed ANN model is able to simulate 
mechanics behavior of hydraulic fracturing 
instead of conventional theoretical analysis. 
The process modeling is based on the Matlab 
neural network toolbox. After training, the ANN 
model is used to predict the corresponding 
pressures for establish of the objective function 
of GA. 

 
 

TABLE I.   EXPERIMENTAL DATASET OF ANN MODEL LEARNING [25]

 
 

No.  
Inputs  (MPa)   Outputs  (MPa)  

SH   Sh   Pr   Ps   Po  

Training  samples  

1   3.69   2.19   2.44   2.19   0.44  

2   2.23   1.48   1.73   1.48   0.48  

3   8.11   5.11   6.61   5.11   0.61  

4   8.69   4.69   4.69   4.69   0.69  

5   2.77   1.77   1.77   1.77   0.77  

6   4.38   3.38   4.88   3.38   0.88  
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7   12.86   7.01   7.66   7.01   0.51  

8   10.37   5.82   6.47   5.82   0.62  

9   11.13   6.26   6.91   6.26   0.73  

10   5.74   3.47   8.79   3.47   0.87  

11   9.57   5.67   6.32   5.67   1.12  

12   4.55   3.25   3.9   3.25   1.3  

13   15.93   8.93   9.93   8.93   0.93  

14   13.58   7.58   8.08   7.58   1.08  

15   16.68   9.18   9.68   9.18   1.18  

16   8.79   5.19   6.39   5.19   0.39  

17   8.76   4.96   5.36   4.96   0.56  

18   10   6.8   9.6   6.8   0.8  

19   11.4   7.8   11   7.8   1  

20   12.23   7.83   10.23   7.83   1.03  

21   10.32   6.32   7.52   6.32   1.12  

22   12   6.8   7.2   6.8   1.2  

23   12.55   6.8   7.8   6.8   0.05  

24   1.08   7.08   8.08   7.08   0.08  

25   12.86   6.86   7.61   6.86   0.11  

26   13.15   7.15   8.15   7.15   0.15  

27   12.34   6.93   8.18   6.93   0.18  

28   12.42   7.62   10.22   7.62   0.22  

29   12.76   7.76   10.26   7.76   0.26  

30   14.77   8.02   8.77   8.02   0.52  

Test  samples     

31   13.84   7.84   9.09   7.84   0.59  

32   15.22   9.72   13.22   9.72   0.72  

33   11.55   6.3   6.55   6.3   0.8  

34   11.07   6.07   5.32   6.07   0.82  

35   13.57   8.07   9.57   8.07   1.07  
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4.VERIFICATION OF NATURAL 
COMPUTATION METHOD 
 

A. Parameter settings of natural 
computation 
In artificial neural network model, nodes of 
input layer and output layer are automatically 
initialized according to learning samples, they 
are two input geo-stresses and three output 
pressures, respectively. the selection of the 
number of hidden layer and its nodes is always 
a real problem, which need us to try it with 
learning samples. In this work, investigation 
illustrate that there is a satisfactory result 
when the network structure is 2-8-10-3. 
Transmission function of output layer is pure-
linear. Transmission function of hidden layers 
are log–sigmoid, the ANN is drilled with the 
Levenberg–Marquart algorithm [27]. 

In geo-stress parameter identification of 
genetic algorithm, the largest iteration value is 
400, the largest population value is 60, the 
probability of crossover is 0.6, and the 
probability of mutation is 0.08; the searching 
interval of geo-stress is as follows: the smallest 
horizontal geo-stress Sh is 0.5–15.00 MPa, the 
largest horizontal geo-stress SH is 1.0–20.00 
MPa.  

B. Implementation of Natural 
Computation and Result Analysis 
Taking recorded pressures from Huizhou 
Pumped storage power station as monitoring 
pressure to build the fitness function for 
verification of the proposed natural 
computation model. The recorded reopening 
pressure of fracture plane Pr = 9.66 MPa, shut-
in pressure of fracture plane Ps = 8.41 MPa, 
and the measured pore pressure Po = 0.66 MPa 
[25].  

Based on the aforementioned  setting 
parameters, we start to implement 
geomechanical parameters identification using 
the natural computation model. In this 

implementation process of natural computation, 
there are mainly three steps: the first is to 
training the ANN model; the second is to 
integrate prediction of ANN model and recorded 
pressures to build the fitness function; the last 
is to inverse the geo-stress parameters based 
on the fitness function. After a series of 
implementation of natural computation, the 
maximum and minimum horizontal geo-
stresses are obtained at 400 generations of 
evolution. The final results are as follows: Sh = 
8.39 MPa, SH= 14.76 MPa. There are the 
following results obtained to account for the 
application and effect of the proposed natural 
computation. 

Fig. 3 is the variation curves of the mean 
square error with epoch, the training stops 
after 15 iterations because the validation error 
starts increasing from 0.053 to 0.037. The final 
training set error value with a smaller MSE is 
about 0.006. Results illustrate that the final 
results of error function for train, validation and 
test process of epoch have similar 
characteristics and are also equal to the desired 
value of 0.  

Fig. 4 is used to evaluate the results about 
the linear regression analysis, which shows that 
the relation coefficient for the train, validation, 
test and all specimens are all above 0.95. 
Results illustrate that ANN model is outstanding 
and the proposed model is able to predict 
accurate pressure values while giving field 
stresses [11, 28].  

Fig. 5 shows the variation curves of objective 
function values for both average individual 
fitness and the best individual fitness with 
generations. The trend shows that GA model 
has evolved to the best and has also retained 
the diversity of individuals. The final average 
fitness and the final best fitness are very close 
to the real value zero. They are about 0.04 
after genetic operation of 400 generations of 
evolution. 
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Figure 3. Variation curves of mean square error with epoch 

  
Figure 4. Regression analysis between predicted and desired values 

  
Figure 5. Fitness values of GA with generations in a field experiment 

 

    

 
Assuming the minimum geo-stress is equal to 
the shut-in pressure, the theoretical 

computation value of the maximum geo-stress 
is calculated as follows:  
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where these symbols are ditto.   

Table 2 is the comparison of theoretical 
computation values and the proposed natural 
computation values. Comparison results show 

that the proposed computational intelligence 
algorithm can effectively perform the 
identification of geo-stresses and geo-stress 
field analysis. 

TABLE I.  COMPARISON OF THEORETICAL AND NATURAL COMPUTATION 

 Theoretical value 
/MPa 

Identified value 
/MPa 

Absolute error 
/MPa 

Relative  

error /% 
Sh  8.41 8.39 0.02 0.24 

SH 14.91 14.76 0.15 1.01 

 
5. CONCLUSIONS 
 
This paper presents a natural computation 
method of integrating artificial neural network 
and genetic algorithm. using field recorded 
dataset from Huizhou Pumped storage power 
station to explain the application of proposed 
natural computation method in hydropower 
engineering for parameter identification of geo-
stress. Verification results not only indicate that 
the proposed natural computation method can 
effectively analyze the nonlinear problems, as 
well as indicate that the proposed method can 
well implement the multi-objective parameter 
identification. This study will come up with a 
new natural computation technique of 
geomechanical parameter identification instead 
of theoretical computation.    
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