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ABSTRACT 
The behaviour of soil at the location of the project and 

interactions of the earth materials during and after 

construction has a major influence on the success, economy 

and safety of the work. Another complexity associated with 

some geotechnical engineering materials, such as sand and 

gravel, is the difficulty in obtaining undisturbed samples and 

time consuming involving skilled technician. Compression 
index of a soil is perhaps the important of its Engineering 

properties. To cope up with the difficulties involved, an 

attempt has been made to model Compression index in terms 

of Fine Fraction(FF), Liquid Limit(WL), Plasticity Index(IP), 

Maximum Dry density(MDD), and Optimum Moisture 

content(OMC). A multi-layer perceptron network with feed 

forward back propagation is used to model varying the number 

of hidden layers. For this purposes 68 soils test data was 

collected from the laboratory test results. Among the test data 

47 soils data is used for training and remaining 27 soils for 

testing using 60-40 distribution. The architectures developed 

are 5-5-1, 5-6-1, 5-7-1, and 5-8-1. Model with 5-8-1 
architecture is found to be quite satisfactory in predicting 

Compression index for soils. Pictorial presentation of results 

gives a better idea than quantative assessment. A graph is 

plotted between the predicted values and observed values of 

outputs for training and testing process, from the graph it is 

found that all the points are close to equality line, indicating 

predicted values are close to observed values. 

Keywords—Artificial Neural Networks, Compression  Index, 

Fine fraction, Liquid limit, Optimum Moisture content, 

Maximum Dry density and  plasticity index.    

1. INTRODUCTION 

Compression index of a soil is the most complex property to 

comprehend in view of the multitude of factors known to 

affect it. A lot of maturity and skill may be required on the 
part of the engineer in interpreting the results of the laboratory 

tests for application to the conditions in the field. In order to 

cope with the above complexities, traditional forms of 

engineering modeling approaches are justifiably simplified. 

An alternative approach, which has shown some promise in 

the field of geotechnical engineering, is Artificial Neural  

Networks (ANN).In these investigation Compression index 

(cc) for soils are predicted using Artificial Neural Networks 

(ANN). ANN model is developed using NN tool in MATLAB 

software (7.5.0). 

In the paper an attempt has been made to model Compression 

index in terms of   Fine Fraction (FF), Liquid Limit (WL), 

Plasticity Index (IP), Maximum Dry Density (MDD), and 
Optimum Moisture Content (OMC). A multi-layer perceptron 

network with feed forward back propagation is used to model 

the compression index varying the number of hidden layers. 

The best neural network model is identified by analyzing the 

performance of different models studied. 

2. ARTIFICIAL NEURAL NETWORK MODELS 

DEVELOPMENT 
 

Artificial neural networks (ANN) are developed by the 

structured arrangement of simple processing unit called 

―neurons‖. Each neuron is a processing unit that performs a 

calculation on the input signal and outputs the result to the 

next neuron via ―connections‖. Connections indicate flow of 

information from one neuron to another. A weight is assigned 
to each connection and therefore, the resulting ―weighted 

signal‖ is passed to the next neurons. In a Multilayer 

Preceptron Network (MLP) the neurons are organized in the 

form of layers. It consists of an input layer, a hidden layer (or 

hidden layers), and an output layer, as shown in Fig. 1. In this 

type of network, each neuron has full connection to all 

neurons of the next layer but there is no connection between 

the neurons within the same layer. The neurons in the input 

layer represent number of input variables considered, while 

the output neurons identify the desired outputs. Each neuron in 

the network has an activation function, usually expressed by 
sigmoid function through other types of activation functions, 

such as linear and hyperbolic tangent functions, and may be 

used as well. Weights are assigned randomly to all of the 

connections inside the network so that optimum values of 

these are attained for minimizing the network error measure 

(the difference between the actual and computed outputs gives 

the error) which will be back propagated through hidden 

layers for all training sets until the actual and calculated 
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outputs agree with some predetermined tolerance. A 

multilayer perceptron neuron network is identified by its 
architecture, the way the neurons are arranged inside the 

network, and a learning rule. The learning rule is an algorithm 

used to determine the optimum values of the unknown weights 

that minimize the error measure of the network. A database is 

also required for training and testing the network. Feed-

Forward-error-back-propagation network with supervised 

learning is currently used in applications relating to science 

and engineering. Fig.1. Shows typical three-layered network. 

In most of the neural networks the number of inputs, hidden 

nodes and the output in different layers has to be 

predetermined before feeding the data to the network based on 
the input considered and desired output from the model 

network. The number of hidden layers and neurons in each 

hidden layer are determined in contrast to the known output 

obtained from a known set of data used for training and this 

network topology can be generalized for prediction. 

 The objective of the present investigation is to develop a 

neural network model output being Compression index. The 

input parameters, for the networking should be those basic soil 

parameters, which has significant influence on Compression 

index. The details of the database used for training input 

parameters are presented in the following section. 

 
 

2.1 Normalization of Data 

 
Ideally a system designer wants the same range of values for 

each input feature in order to minimize bias within the neural 

network for one feature over another. Data normalization can 

also speed up training time by starting the training process for 

each feature within same scale. It is especially useful for 

modeling applications where the inputs are generally on 

widely different scales. The normalized data is determined by 

min-max normalization and is expressed as  

X = 0.1+0.8*(xi/xmax) 

Where 

          X    = normalized value 
          xi      = input parameter 

          xmax = maximum in input parameter  

 

2.2 Data used for Training and Testing 
 

The soil test data is divided into 2 parts using 60:40 mode of 

distribution. A total of 67 soils which is obtained from 
different parts of chitter district with wide range of WL from 

laboratory tests. Among 41 soils data is used for testing and 

remaining 27 soils data is used for training. The typical 

normalized data used for training phase is presented in Table 1 

and in Table 2 presents the typical normalized data used for 

testing phase. 

 

2.3 Network Training and Testing 
 

41 soils test data was used for training the neuron, typical 
training data is presented in Table 1. Remaining 27 soils test 

data was used for testing the network model developed for 

prediction of Compression index of soils. Typical testing data 

is presented in Table 2. The feed forward back propagation 

training network models have been coded into a MATLAB 

program using neural network toolbox. The MATLAB 

software enables training with different convergence criteria, 

tolerance level, activation functions and number of epochs. 

The neural network models studied in this investigation uses 

transfer function ‗LOGSIG‘ as activation function. A constant 

value of learning rate equals to 0.001 was assigned for all the 

models. The network training/learning halts automatically 
once the mean square error value converges to a tolerances 

value of 0.5 or the Number epochs become equal to 2000 

whichever is earlier. After this the network model is ready for 

prediction of desired output. 

Table 1. Typical Normalized Data for Training the Neural 

Network Models 

S. 

NO 
FF (%) 

WL 

(%) 
IP (%) 

OMC                                      

(%) 

MDD 

kN/m
3
 cc 

1 0.281 0.350 0.256 0.413 0.806 0.156 

2 0.391 0.452 0.293 0.421 0.782 0.179 

3 0.512 0.415 0.351 0.485 0.760 0.415 

4 0.782 0.509 0.425 0.620 0.729 0.492 

5 0.889 0.900 0.722 0.900 0.621 0.652 

6 0.526 0.362 0.271 0.449 0.777 0.354 

7 0.378 0.864 0.900 0.532 0.735 0.900 

8 0.900 0.537 0.426 0.579 0.753 0.563 

9 0.559 0.326 0.221 0.426 0.726 0.293 

10 0.877 0.402 0.286 0.509 0.774 0.389 

11 0.308 0.311 0.202 0.404 0.810 0.274 
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12 0.745 0.258 0.128 0.473 0.781 0.206 

13 0.610 0.236 0.128 0.415 0.779 0.177 

14 0.449 0.326 0.240 0.410 0.799 0.293 

15 0.276 0.273 0.165 0.413 0.808 0.225 

 

Table ii. Typical Normalized Data for Testing the Neural 

Network Models 

S. 

NO 
FF (%) WL (%) IP (%) 

OMC                                      

(%) 

MDD 

kN/m
3
 cc 

1 0.231 0.379 0.296 0.313 0.884 0.360 

2 0.228 0.281 0.230 0.307 0.862 0.235 

3 0.716 0.349 0.249 0.418 0.755 0.322 

4 0.233 0.304 0.212 0.307 0.862 0.264 

5 0.822 0.364 0.258 0.451 0.726 0.341 

6 0.201 0.289 0.202 0.319 0.857 0.245 

7 0.636 0.364 0.268 0.415 0.770 0.341 

8 0.576 0.379 0.268 0.465 0.757 0.360 

9 0.277 0.326 0.230 0.307 0.831 0.293 

10 0.221 0.341 0.240 0.363 0.844 0.312 

 

3. VALIDATION AND COMPARISON OF 

NETWORK PREFORAMANCE 
 

After training the ANN models were used to predict 

Compression index (cc) of 27 soils reported in the literature. 

Typical data used for testing is shown in the Table 2. The 

model developed for predicting the Compression index are 5-

5-1(inputs-hidden layers-output), 5-6-1, 5-7-1, and 5-8-1. 

Among these models the best model proposed is 5-8-1 

network model. The CORR or (R2) values for the developed 
models are presented in Table 3. The ratio typical of 

normalized observed values to the normalized predicted 

values in training and testing are shown in Table 4 & Table 5. 

The model performance is given in Fig.3.1. Since graphical 

representation gives a clear idea, the same is shown in Fig.3.2 

and Fig. 3.3 during training and testing respectively. 

 
Table 3 ANN Model Statistical Parameter Performance 

Indices 

Stastical 

parameter 
Models 

During training During testing 

cc 

φ 

cc 

φ 

CORR 

5-5-1 0.852 0.880 

5-6-1 0.971 0.932 

5-7-1 0.980 0.965 

5-8-1 0.981 0.974 

Table 4 Typical Comparison of Normalized Observed values 

to Normalized Predicted valued in Training Phases 

 

S. 

NO 
Observed 

value Co  

Predicted 

value Cp  
Ratio(co/cp) 

1 0.156 0.234 0.67 

2 0.179 0.197 0.91 

3 0.415 0.419 0.99 

4 0.492 0.491 1.00 

5 0.652 0.660 1.00 

6 0.354 0.345 1.03 

7 0.900 0.900 1.00 

8 0.563 0.561 1.00 

9 0.293 0.263 1.11 

10 0.389 0.367 1.06 

11 0.274 0.237 1.15 

12 0.206 0.229 0.90 

13 0.177 0.177 1.00 

14 0.293 0.271 1.08 

15 0.225 0.235 0.96 

 

Table 5 Typical Comparison of Normalized Observed values 

to Normalized Predicted valued in Testing Phases 

 

S. 

NO 
Observed 

value Co  

Predicted 

value Cp  
Ratio(co/cp) 

1 0.360 0.369 0.98 

2 0.235 0.234 1.00 
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S. 

NO 
Observed 

value Co  

Predicted 

value Cp  
Ratio(co/cp) 

3 0.322 0.322 1.00 

4 0.264 0.256 1.03 

5 0.341 0.310 1.10 

6 0.245 0.246 0.99 

7 0.341 0.341 1.00 

8 0.360 0.340 1.06 

9 0.293 0.294 1.00 

10 0.312 0.299 1.04 

 

 

 
Fig.3.1 Model performance indication graph 

 

 

 
Fig.3.2 Observed cc Vs Predicted cc during Training 

 

 

 
Fig.3.3 Observed cc Vs Predicted cc during Testing 

 
 

 

 

 

 

 

4. CONCLUSIONS 
 

An artificial neural network model with 5-8-1 architecture 
with a Feed Forward Back propagation using algorithm Log 

sigmoid activation function was developed to predict 

Compression index (cc) using basic soil properties FF(%), 

WL(%), IP(%), MDD and OMC  as input parameters. The 

network is trained with 41 soils test data. The performance of 

the modal is verified for 27 soils test data. The proposed 

neural network model is found to be quite satisfactory in 

predicting desired output. 
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