
  
Abstract— In this study, Site Groundwater Rating (SGR) in 

Amirkabir tunnel has been predicted using Artificial Neural 
Networks. SGR is the first rating method which by considering the 
parameters like joint frequency, joint aperture, schistosity, crashed 
zones, karstification, soil permeability coefficient, tunnel location in 
water table or piezometric surface, and the amount and intensity of 
annual raining of the area, classifies the tunnel path from the risk of 
groundwater seepage point of view. In this article, using a multilayer 
perceptron neural network, prediction of SGR along Amirkabir 
tunnel path was performed. Field data obtained from primary studies 
in the tunnel was used to train and test the prepared network. For the 
testing set, modeling results showed that SGR could be predicted 
with mean error of 3.16% using a perceptron network including a 
hidden layer. High correlation between SGR of the tunnel path and 
the network answers, confirmed our prepared Artificial Neural 
Networks. 

 
Keywords— SGR, Artificial Neural Networks, Groundwater 

Seepage, Amirkabir Tunnel..  

I. INTRODUCTION 
MONG difficulties in constructing a tunnel, the invasion 
of groundwater is encountered by the engineers and 

workers which entail serious dangers and incidents. Presence 
of groundwater causes the decrease of tunnel wall and roof 
stability and, in some occasions, an intensive and sudden rush 
of water which results in human high damage and loss, along 
with rising the time and cost of construction. These factors can 
lead to tunnel project failure. It is impossible to determine all 
effective factors on water flow into the tunnel. Hence the exact 
prediction of water seepage rate seems to be difficult. 
Analytical methods and equations have many applications in 
calculating water seepage rate into the tunnels because of 
exploiting simplifications and practical theories. Among the 
most important researches about calculating water seepage 
into the tunnel, Goodman et al. [1], Freeze and cherry [2],  Lei 
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[3], Karlsrud [4], Lombardi [5], and EL-Tani [6-7] can be 
mentioned. In the meantime, the discussion of rating the 
tunnel site regarding the risk of groundwater seepage into the 
tunnel was dealt with. Based on the preliminary studies of 
tunnel site, for the first time, Katibeh and Aalianvari [8] 
provided the SGR method for dividing the tunnel path to 
different rates regarding the risk of groundwater seepage. In 
this rating system, from groundwater seepage point of view, 
the tunnel path is divided to 6 No risk, Low risk, Moderate 
risk, Risky, High risk, and Critical classes by considering 
parameters like joints frequency and aperture, schistosity, 
crashed zones, karstification, soil permeability coefficient, 
tunnel location in water table or piezometric surface, and 
annual raining.  Based on this method, the total score of the 
site, SGR, is calculated from the following equation: 
                  SGR= [(SR1R+SR2R+SR3R+SR4R) +SR5R] SR6RSR7                                    
R(1) 

in which SR1R is the score of joint frequency and aperture, SR2R 
Schistosity, SR3R crashed zones, SR4R Karstification, SR5R soil 
permeability coefficient, SR6R tunnel location to water table or 
piezometric surface, and SR7R is the annual raining of the area. It 
is clear that, in rock sites, parameters like fracture, joints and 
karstification are concerned but on the contrary in soil sites, 
permeability coefficient parameter is important.  In rock site, 
this factor is hidden in joints frequency and aperture and other 
factors. Annual raining of the area is concerned when the 
tunnel is excavated in unsaturated zone. In the case of 
tunneling in saturated zone, score of this factor is considered 
equal to 1 automatically. 

After calculation of SGR coefficients for the intended 
sections in the tunnel, there must exist a criterion to evaluate 
the amount and size of this coefficient, based on which 
groundwater seepage risk into the tunnel (with a qualitative 
and quantitative view) can be evaluated. Predicting the rate of 
inflow water into the tunnel can cause the appropriate 
designing of drainage systems and even choosing the most 
appropriate excavation method, so the required preparations 
are performed to prevent possible risks. This was suggested 
based on the amounts of water inflow in Table I [8].  

The larger the SGR coefficient, the more the permeated 
water amount to the tunnel (at least in a short time) and 
therefore drainage tools and methods must be stronger and 
more expensive. Even sometimes, tunnel excavation methods 
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must be revised so that the possibility of sudden and damaging 
incidents occurrence is decreased. 

In recent years, using artificial neural networks has had a 
significant increase in hydrogeology discussions so that 
various subjects including groundwater level, flow and 
transfer have been predicted by numerous researchers [11-14]. 
In this study a multi layer perceptron neural network has been 
used for predicting SGR for the first time. 

 
TABLE I 

QUALITATIVE AND QUANTITATIVE RATING OF TUNNELS SITE REGARDING 

WATER SEEPAGE BASED ON SGR COEFFICIENT (KATIBEH AND AALIANVARI, 
2009). 

II. ARTIFICIAL NEURAL NETWORKS 
In 1990s, artificial neural networks have had a successful 

return, and now they are accepted as a basic tool in developing 
of intelligent systems. Their origin returns to 1940s, when a 
mathematical model of the biological neural cell was 
published by McCulloch and Pitts. These components are 
inspired by studies of biological neural systems; in another 
word, artificial neural networks try to develop some machines 
that work like the brain, by using components which behave 
similar to biological neurons [15]. Of the most important 
characteristics of neural networks, have a significant 
capability in deducing meanings from complex and vague data 
and they can be applied to extract models and identifying the 
relations that knowing them is very complex and difficult for 
human and other computer techniques. 

Figure 1 shows a diagram of a perceptron neuron that uses 
hard-limit transfer function. This neuron multiplies P input 
vector by W weight vectors and sums the obtained vector to 
the bias. The result of the performed operation is exerted as an 
input to hard-limit transfer function. Because of using hard-
limit transfer function, if its input is larger or equal to zero, 
returns 1 and otherwise it returns zero as an output [16-17]. 
Numerous transfer functions are used in the structure of neural 
networks that, logisg, tansig, and purlin can be mentioned as 
the most important transfer functions common place in 
multilayer neural networks. 

Artificial neural networks based on neurons architecture are 
divided into two general feed forward neural networks and 
recurrent neural networks [18]. Here feed forward back 
propagation multilayer neural network was used to predict the 
intended subject. 

 
Figure 1: a scheme of a perceptron neuron [16-17] 

 
    Learning process 
Typically, after a neural network is designed and put down, 

weight and bias parameters in exchange for sets of input 
vectors must be regulated so that the output signals of the 
network, from the desirable output. Such a process is called 
learning process of neural networks. 

 Learning rules are divided into two main parts that include: 
1. Supervised learning 2. Unsupervised learning [18]. 

In supervised learning, learning rules trains the network, 
using sets of examples (training sets) including input and 
target couples. After exerting the input into the network its 
network output is calculated and is compared to the target. 
Then learning rules are applied for regulating weights and 
biases so that make the network output to the target. 
Perceptron learning rules is inserted in this set of learning 
rules. 

In unsupervised learning, weights and biases are amended 
against the network input and actually no target exists. These 
algorithms are mostly used for classifying and classify the 
input models to a limited number of classes. 

III. CASE STUDY: AMIRKABIR TUNNEL 
Amirkabir tunnel, located in the north west of Tehran, Iran, 

is designed and being operated to transfer water from 
Amirkabir dam to Tehran. One of the difficulties in this 
project is groundwater inflow into the tunnel while doing the 
excavation operations. In this study SGR for this tunnel was 
predicted using artificial neural networks. 

A. Geology of the area  
In the performed geological studies, tunnel was divided to 

14 different geological units that generally encompass various 
sedimentary-volcanic sets from Karaj formation. Its petrology 
generally includes an alteration of tuff, sandstone, fine grained 
conglomerates and silt stone, lava and agglomerate parts. In 
this study, we deal with investigating the SGR from 
kilometers 3.1 to 14.1 of the tunnel [19]. 

B. Rating of Amirkabir Tunnel Site (in terms of groundwater 
seepage hazards based on SGR coefficient) 

Field data obtained from Amirkabir tunnel showed two sets 
of joints in the rock mass. Considering parameters like joint 
aperture, tunnel's excavation depth, width of crashed zones 
and height of groundwater table above the tunnel axis, SGR 
coefficients are calculated in 110 sections of the tunnel path 
(each 100 meters), the summery of which is shown in table II 
and figure 2. As obtained from the results, SGR method 

SGR Tunnel 
rating Class 

Probable conditions for 
groundwater inflow into 

tunnel (L/sec/min) 
0 - 100 I No risk 0 - 0.04 

100 - 300 II Low risk 0.04 - 0.1 

300 - 500 III Moderate risk 0.1 - 0.16 
500 – 700 

 
IV 

 
Risky 

 
0.16 - 0.28 

 

700 – 1000 
 

V 
 

High risk 
 

Q> 0.28 Inflow of 
groundwater and mud from 
crashed zones is probable 

1000< 
 

VI 
 

Critical 
 

 
Inflow of groundwater and 

mud is highly probable 
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divides the tunnel path to 5 various rates regarding 
groundwater seepage hazard. Among 110 excavated sections 
in the tunnel path, 70 sections are located in No risk, 20 
sections in Low risk, 3 sections in Moderate risk, 11 sections 
in risky and 6 sections in critical class.  

 
TABLE II 

CLASSIFICATION OF 110 EXCAVATED SECTIONS IN AMIRKABIR TUNNEL 
PATH FROM KILOMETERS 3.1 TO 14.1 BASED ON GROUNDWATER SEEPAGE 
HAZARD BY SGR METHOD [19] 

Figure 2: Classification of 110 excavated sections in Amirkabir 
tunnel path from kilometers 3.1 to 14.1 based on groundwater 
seepage hazard by SGR method [19] 

C. Network model 
In this study, by the using MATLAB software, a multilayer 

perceptron neural network was designed to predict SGR. 
Learning in this network is supervised type and its learning 
algorithm is back propagation error (standard back 
propagation is a gradient descent algorithm which network 
weights move in backward direction of performance function). 

Because rock type of Amirkabir tunnel site, parameters like 
joint aperture, joint frequency and karstification are 
concerned. S5, permeability coefficient parameter was 
considered zero because this parameter is hidden in rock 
media, joints frequency and their aperture and other factors. 
The amount and intensity of annual raining of the area is 
concerned when the tunnel is excavated in unsaturated zone, 
so because Amirkabir tunnel is located in saturated zone from 
kilometer 3.1 to 14.1, the score of this factor was considered 1, 
automatically. On the other hand, due to lack of schistosity 
and karstification outcrop in the tunnel path, the coefficient of 
these two parameters in all the sections were considered zero. 
Consequently, joint frequency, joint aperture, JRC, JCS of 
each set of joint, water head, overburden and the score of 
crashed zones (S3) were selected as the network's input 

parameters, and various SGR classes were considered as 
output. The data used for training and testing prepared 
network was acquired from the primary studies in Amirkabir 
tunnel. Of the total existing data, about 30% was considered as 
rest data and the remaining was used to train the network. 
Before training, to access a network with a higher efficiency 
by the help of special functions, pre-processing is done on the 
inputs and outputs that after entering them, the input and 
output data are normalized and put in a special limitation. It is 
clear that after finishing simulation, inverse of the above 
functions were exerted. 

During learning process, the learning rate of network was 
measured regularly by target functions and at last, the network 
with the least error and the best regression analysis 
coefficients was accepted. Network error was calculated 
through the following equation: 

Network error for training data (testing) = {number of 
training data (testing) which are not located in their own class/ 
total number of used data for training (testing)}. 

Since in each run, both the network weights and training 
and testing data are selected randomly, noting this point is 
necessary that the resulted answers in each run are different 
from the other runs. Because of this, each of the used 
networks was operated 20 times and their results mean was 
considered as the network result. Also to prevent the 
occurrence of over fitting in network training stage, exerting 
training data to the network was stopped after 100 epochs. 

D. Results and discussions 
Firstly, the network structure and its best transfer and 

training functions were determined and then prediction of 
SGR was performed. 
Optimal determination of the neurons' number of the first 

hidden layer 
For optimal determination neurons' number of the first 

hidden layer, a three-layer with a hidden layer was built so 
that the number of the neurons of its hidden layer varied from 
1 to 30. Figure 3 shows the mean of network error after 20 run 
related to the number of neurons of the hidden layer. 

 
Figure 3: The mean of network error related to the number of 

neurons of the first hidden layer. 
 
As it is observed in figure 3, with a network with 11 

neurons in hidden layer, the least error was occurred for 
training and testing sets.     

Optimal determination of the neurons' number of the second 
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hidden layer 
To optimize the neurons' number of the second hidden 

layer, a four-layer network with two hidden layers was built. 
The number of the first hidden layers was 11 and the number 
of neurons of the second hidden layer varied from 1 to 7. After 
20 run, the mean of network error in relation to the number of 
neurons of second hidden layers was calculated and its result 
was drawn in figure 4. 

 
Figure 4: The mean of network error to the number of neurons of 

the second hidden layer. 
 
 As this figure shows, the least network error in 6 neurons 

for the second hidden layer was obtained. By comparing 
figure 3 and 4, it is identified that by increasing one hidden 
layer, not only the network error was not reduced but a little 
increase is observed. 

Optimal determination of the number of the hidden layers 
and their transfer functions 

For more exact prediction and accessing a reasonable error, 
various networks with one or two hidden layers and tansig and 
logsig transfer functions were built. After 20 runs for each 
network, it was specified that a three-layer network with a 
hidden layer and tansig transfer functions for hidden layer, 
was followed with the best result (the most optimal state 
regarding the time and amount of error). 

Determining the best training function 
MATLAB software uses various functions for network 

training. Determining best function for a specific problem is a 
difficult work, because it depends on many factors including 
complexity of problem, number of educational data, number 
of weights and network biases, intended target (estimating the 
function and pattern recognition, and …) [17].  

In this section the intended problem was modeled by 
various existing functions in MATLAB software. The mean of 
the obtained results after 20 runs for each of the applied 
training functions is shown in figure 5. 

As it is shown in figure 5, the least error was obtained in the 
network by trainscg training function. 

Optimal network 
After performing above stages, it was specified that a 

network with following characteristics can be accompanied 
with the best results in predicting the intended problem: 

• three-layer network with a hidden layer 
• tansig function as transfer function of hidden 

layers 

 
Figure 5: Determining the best training function 

 
• purelin function as transfer function of linear 

output layer 
• 11 neurons in hidden layer 
• trainscg function as the network training function 

At last, a network with above-mentioned characteristics was 
built and by which SGR was modeled. Figure 6 shows the 
mean of network error for 100 epochs after 20 runs. 

 
Figure 6: The mean of optimal network error (selected) in various 
epoch. 

 As it is observed in figure 6, the mean of network error 
decreases to less than 4% for training and testing data. Table 
III contains data about network errors related to the training 
and testing data after 20 runs. 

 
TABLE III 

NETWORK ERRORS FOR TRAINING AND TESTING DATA 

 
Performance of trained network can be measured using 

error of training and testing sets, but it is better to survey 
network reaction details with more accuracy. Regression 
analysis is designed for this project. To perform this analysis, 
the network output and target vector introduced to respective 
function (postreg) and its output parameters were calculated. 
This function gives three parameters which the first two 
parameters are m and b means slope and y-intercept due to the 
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best regression analysis of network error output. If there was 
perfect proportion within output and target (means output 
equal with target completely), slope will be one and y-
intercept will be zero. The third variable returned by postreg is 
coefficient correlation of outputs and targets. If this number is 
one, in this case it is distinguished that there is perfect 
relationship between output and target [17]. Figure 7 shows 
the regression analysis resulted from modeling SGR for test 
data. 

 
Figure 7: Regression analysis resulted from modeling SGR for 

testing data. 
 
As it is observed in figure 7, following values are obtained 

as output of postreg function. 
• Slope: 0.99 
• Y-intercept: 0.051 
• correlation coefficient: 0.9931 

Regarding the values resulted from regression analysis, it 
can be concluded that a very good compatibility exists 
between the results obtained from neural network and results 
obtained from SGR. 

IV. CONCLUSION 
In this study, feed forward back propagation multilayer 

neural network was used to predict the SGR for Amirkabir 
tunnel. In addition, network structure and the best transfer and 
network training functions were also determined. Distance 
between the joints, joint aperture, JRC and JCS of each joint 
set, water head, overburden and score of crashed zones (S3) 
were selected as input parameters, while various SGR classes 
were considered as network output. The data required for 
network training were obtained from preliminary studies in the 
path of Amirkabir tunnel. The results of this research showed 
that by the help of a perceptron neural network with a hidden 
layer, SGR can be predicted well. Also, high regression 
analysis proves the very good conformity between results 
gained from SGR and predicted by the neural network. 
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