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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. Shear strength of a soil 

is perhaps the most important of its Engineering properties, as 

all stability analyses in the field of Geotechnical Engineering are 

dependent on Shear strength of soil. Permeability is very 

important engineering property of soils. Knowledge of 

permeability is essential in settlement of buildings, yield of wells, 

seepage trough and below the earth structures. The compression 

of a saturated soil under a steady static pressure is known as 

consolidation. It is entirely due to expulsion of water from the 

voids.  To cope up with the difficulties involved, an attempt has 

been made to model Engineering properties of soil i.e. Shear 

Strength parameters, permeability and 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-

4(inputs-hidden layers-outputs), 5-6-4, 5-7-4, and 5-8-4. Model 

with 5-8-4 architecture is found to be quite satisfactory in 

predicting Engineering properties of soil i.e. Shear Strength 

parameters, permeability and compression index. 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. 

KEY WORDS: Artificial Neural Networks, Shear Strength, 

permeability, Compression  Index, Fine fraction, Liquid limit, 

Optimum Moisture content, Maximum Dry density and  plasticity 

index.    

I. INTRODUCTION 

The main engineering properties of soils are permeability, 

compressibility, and shear strength. Permeability indicates 

the facility with which water can flow through soils. It is 

required for estimation of seepage discharge through earth 

masses. Compressibility is related with the deformation 

produced in soils when they are subjected to compressive 

loads. 
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Compression characteristics are required for computation of 

the settlements of structures founded on soils. Shear 

strength of a soil is its ability to resist shear stresses. The 

shear strength determines the stability of slopes, bearing 

capacity of soils and the earth pressure on the retaining 

structures. 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 the 

engineering properties of soil i.e., Permeability (k), 

Compressibility (cc) and Shear Strength parameters (c, φ) 

(i.e. Cohesion and Angle of internal friction)  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 the 

engineering properties of soil i.e., Permeability (k), 

Compressibility (cc) and Shear Strength parameters (c,φ) 

(i.e. Cohesion and Angle of internal friction) 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 

engineering properties of soil i.e., Permeability (k), 

Compressibility (cc) and Shear Strength parameters (c,φ) 

(i.e. Cohesion and Angle of internal friction) varying the 

number of hidden layers. The best neural network model is 

identified by analyzing the performance of different models 

studied. 

II. 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 nextneurons. In 

aMultilayer 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.  
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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 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 beingCompression 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. 

 

 
 

A. 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  

 

B. 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 inTable 2 presents the typical normalized data 

used for testing phase. 

C. Network Training and Testing 

41 soils test data was used for training the neuron, training 

data is presented in Table I. Remaining 27 soils test data 

was used for testing the network modeldeveloped for 

prediction of Compression index of soils. Testingdata 

ispresented in Table II. 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 I. Normalized Data for Training the Neural Network 

Models 

S.

No 
FF WL IP OMC  

MD

D  
c φ cc k  

1 0.28 0.35 0.25 0.41 0.80 0.20 0.51 0.15 0.1

0 

2 0.39 0.45 0.29 0.42 0.78 0.43 0.31 0.17 0.1

0 

3 0.51 0.41 0.35 0.48 0.76 0.56 0.14 0.41 0.1

0 

4 0.78 0.50 0.42 0.62 0.72 0.86 0.12 0.49 0.1

0 

5 0.88 0.90 0.72 0.90 0.62 0.54 0.12 0.65 0.1

0 

6 0.52 0.36 0.27 0.44 0.77 0.90 0.38 0.35 0.1

0 

7 0.37 0.86 0.90 0.53 0.73 0.70 0.50 0.9 0.1

0 

8 0.90 0.53 0.42 0.57 0.75 0.45 0.32 0.53 0.1

0 

9 0.55 0.32 0.22 0.42 0.72 0.56 0.45 0.29 0.1

0 

10 0.87 0.40 0.28 0.50 0.77 0.71 0.37 0.38 0.1

0 

11 0.30

8 
0.31 0.20 0.40 0.81 0.32 0.61 0.27 0.1

6 

12 0.74 0.25 0.12 0.47 0.78 0.43 0.26 0.20 0.1

0 

13 0.61 0.23 0.12 0.41 0.77 0.39 0.43 0.17 0.1

0 

14 0.44 0.32 0.24 0.41 0.79 0.30 0.61 0.29 0.1

0 

15 0.27 0.27 0.16 0.41 0.80 0.26 0.80 0.22 0.1

0 

16 0.82 0.35 0.27 0.51 0.71 0.36 0.39 0.33 0.1

0 

17 0.60 0.38 0.32 0.41 0.81 0.34 0.29 0.37 0.1

0 
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S.

No 
FF WL IP OMC  

MD

D  
c φ cc k  

18 0.59 0.37 0.28 0.40 0.83 0.35 0.28 0.35 0.1

0 

19 0.40 0.31 0.22 0.42 0.81 0.37 0.587 0.27 0.1

2 

20 0.33 0.32 0.24 0.42 0.81 0.39 0.59 0.29 0.1

1 

21 0.37 0.30 0.22 0.43 0.81 0.36 0.5 0.26 0.1

1 

22 0.66 0.43 0.36 0.47 0.77 0.54 0.26 0.42 0.1

0 

23 0.25 0.31 0.23 0.42 0.79 0.4 0.60 0.27 0.1

0 

24 0.68 0.31 0.22 0.41 0.79 0.55 0.51 0.27 0.1

0 

25 0.67 0.29 0.20 0.42 0.76 0.64 0.49 0.25 0.1

0 

26 0.67 0.26 0.18 0.36 0.83 0.55 0.494 0.21 0.1

0 

27 0.72 0.27 0.19 0.38 0.79 0.50 0.46 0.22 0.1

0 

28 0.64 0.27 0.19 0.36 0.80 0.51 0.56 0.22 0.1

0 

29 0.79 0.32 0.21 0.43 0.74 0.78 0.34 0.29 0.1

0 

30 0.68 0.31 0.21 0.43 0.74 0.70 0.41 0.28 0.1

0 

31 0.63 0.30 0.20 0.42 0.77 0.61 0.48 0.26 0.1

0 

32 0.67 0.29 0.21 0.39 0.81 0.67 0.44 0.25 0.1

0 

33 0.71 0.27 0.19 0.39 0.76 0.55 0.49 0.22 0.1

0 

34 0.63 0.26 0.18 0.41 0.79 0.46 0.55 0.21 0.1

0 

35 0.72 0.28 0.20 0.41 0.75 0.58 0.48 0.24 0.1

0 

36 0.65 0.30 0.21 0.40 0.77 0.58 0.55 0.26 0.1

0 

37 0.65 0.28 0.20 0.41 0.79 0.63 0.54 0.24 0.1

0 

38 0.20 0.32 0.24 0.29 0.88 0.32 0.77 0.29 0.1

0 

39 0.31 0.26 0.15 0.37 0.82 0.22 0.76 0.21 0.1

0 

40 0.18 0.31 0.22 0.30 0.90 0.31 0.90 0.27 0.9

0 

41 0.17 0.28 0.21 0.35 0.88 0.30 0.80 0.24 0.1

0 

Table II. Typical Normalized Data for Testing the Neural 

Network Models 

S.

N

o 

FF WL IP 
OM
C  

MD
D  

c φ cc k  

1 0.2
3 

0.38 0.30 0.31 0.88 0.46 0.59 0.36 0.10 

2 0.2
3 

0.28 0.23 0.31 0.86 0.36 0.84 0.23 0.33 

3 0.7
2 

0.35 0.25 0.42 0.76 0.62 0.51 0.32 0.10 

4 0.2
3 

0.30 0.21 0.31 0.86 0.36 0.87 0.26 0.35 

5 0.8
2 

0.36 0.26 0.45 0.73 0.74 0.30 0.34 0.10 

S.

N

o 

FF WL IP 
OM
C  

MD
D  

c φ cc k  

6 0.2

0 
0.29 0.20 0.32 0.86 0.33 0.88 0.24 0.62 

7 0.6

7 
0.36 0.27 0.42 0.77 0.73 0.33 0.34 0.10 

8 0.5

8 
0.38 0.27 0.47 0.76 0.70 0.38 0.36 0.10 

9 0.2

8 
0.33 0.23 0.31 0.83 0.53 0.62 0.29 0.31 

10 0.2

2 
0.34 0.24 0.36 0.84 0.69 0.54 0.31 0.73 

11 0.4

7 
0.35 0.23 0.49 0.75 0.43 0.43 0.29 0.10 

12 0.3

0 
0.31 0.22 0.43 0.82 0.37 0.67 0.27 0.18 

13 0.2

6 
0.30 0.21 0.36 0.79 0.29 0.74 0.25 0.14 

14 0.7

4 
0.40 0.31 0.46 0.73 0.68 0.39 0.39 0.10 

15 0.7

9 
0.39 0.29 0.46 0.73 0.73 0.33 0.37 0.10 

16 0.7

2 
0.46 0.38 0.52 0.74 0.75 0.30 0.47 0.10 

17 0.8

4 
0.32 0.24 0.42 0.76 0.89 0.22 0.28 0.10 

18 0.7

9 
0.38 0.30 0.42 0.75 0.89 0.25 0.36 0.10 

19 0.6

5 
0.29 0.20 0.41 0.77 0.84 0.19 0.24 0.10 

20 0.2

7 
0.40 0.31 0.46 0.81 0.48 0.60 0.39 0.10 

21 0.3

2 
0.46 0.37 0.48 0.80 0.48 0.54 0.47 0.10 

22 0.2

9 
0.42 0.32 0.47 0.81 0.47 0.58 0.41 0.10 

23 0.7

2 
0.37 0.29 0.42 0.77 0.48 0.48 0.35 0.10 

24 0.6

5 
0.46 0.36 0.54 0.71 0.55 0.50 0.47 0.10 

25 0.5

1 
0.33 0.24 0.53 0.77 0.48 0.53 0.29 0.10 

26 0.3

4 
0.31 0.23 0.44 0.77 0.34 0.62 0.27 0.10 

27 0.5

9 
0.44 0.33 0.59 0.72 0.55 0.46 0.44 0.10 

III. VALIDATION AND COMPARISON OF 

NETWORK PREFORAMANCE 

 After training the ANN models were used to 

predict engineering properties of soil i.e.,Permeability (k), 

Compressibility (cc) and Shear Strength parameters (c,φ) 

(i.e. Cohesion and Angle of internal friction) of 27 soils 

reported in the literature. Data used for testing is shown in 

the Table II. The model developed for predicting the 

engineering properties of soil i.e.,Permeability (k), 

Compressibility (cc) and Shear Strength parameters (c,φ) 

(i.e. Cohesion and Angle of internal friction) are 5-5-

4(inputs-hidden layers-output), 5-6-4, 5-7-4, and 5-8-4. 

Among these models the best model proposed is 5-8-4 

network model. The CORR or (R2) values for the developed 

models are presented in TableIII.The ratio normalized 

observed values to the normalizedpredicted values in 

training are shown in Table IV to Table VII and testing 

values are shown in Table VIIIto Table XI. The model 

performance is given in Fig.3.1. Since graphical 

representation gives a clear idea, the same values are shown 

in Fig.3.2 to Fig. 3.5 during training and Fig.3.6 to Fig.3.9 

during testing respectively. 

 

 

 

 

 

 

Table III ANN Model Statistical Parameter Performance Indices 

Stastical 

parameter 
Models 

During training During testing 

c  φ cc k     C φ cc k  

CORR 5-5-4 0.939 0.873 0.852 0.993 0.511 0.783 0.880 0.506 
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5-6-4 0.941 0.840 0.971 0.994 0.675 0.853 0.932 0.941 

5-7-4 0.865 0.976 0.980 0.996 0.799 0.941 0.965 0.979 

5-8-4 0.994 0.987 0.981 0.987 0.921 0.942 0.974 0.976 

 

Table VIComparison of Normalized Observed and 

Normalized Predicted values of c for Trained Data 

 

S. 

No. 

Observed 

c (kpa) 

Predicted c 

(kpa) 

Ratio 

(observed/predicte

d) 

1 0.205 0.210 0.98 

2 0.435 0.434 1.00 

3 0.567 0.567 1.00 

4 0.862 0.862 1.00 

5 0.543 0.531 1.02 

6 0.900 0.899 1.00 

7 0.705 0.703 1.00 

8 0.450 0.449 1.00 

9 0.568 0.568 1.00 

10 0.717 0.716 1.00 

11 0.328 0.321 1.02 

12 0.432 0.429 1.01 

13 0.398 0.395 1.01 

14 0.309 0.314 0.99 

15 0.264 0.265 1.00 

16 0.367 0.367 1.00 

17 0.340 0.339 1.00 

18 0.350 0.351 1.00 

19 0.371 0.353 1.05 

20 0.395 0.388 1.02 

21 0.360 0.383 0.94 

22 0.545 0.544 1.00 

23 0.477 0.477 1.00 

24 0.555 0.564 0.98 

25 0.624 0.622 1.00 

26 0.515 0.542 0.95 

27 0.501 0.509 0.99 

28 0.511 0.496 1.03 

29 0.748 0.748 1.00 

30 0.720 0.717 1.00 

31 0.615 0.595 1.03 

32 0.677 0.646 1.05 

33 0.554 0.529 1.05 

34 0.467 0.481 0.97 

35 0.588 0.597 0.99 

36 0.583 0.626 0.93 

37 0.631 0.623 1.01 

38 0.323 0.335 0.96 

39 0.220 0.218 1.01 

40 0.316 0.306 1.03 

41 0.302 0.302 1.00 

 Table VComparison of Normalized Observed and 

Normalized Predicted values of φ for Trained Data 

 

S. 

No. 

Observed 

φ(deg) 

Predicted 

φ(deg) 

Ratio 

(observed/predict

ed) 

1 0.514 0.508 1.01 

2 0.312 0.313 1.00 

3 0.142 0.152 0.94 

4 0.120 0.120 1.00 

5 0.126 0.119 1.06 

6 0.384 0.385 1.00 

7 0.506 0.506 1.00 

8 0.320 0.327 0.98 

9 0.459 0.462 1.00 

10 0.378 0.384 0.99 

11 0.610 0.600 1.02 

12 0.262 0.262 1.00 

13 0.432 0.432 1.00 

14 0.610 0.580 1.05 

15 0.807 0.800 1.01 

16 0.399 0.360 1.11 

17 0.297 0.296 1.00 

18 0.286 0.258 1.12 

19 0.587 0.590 1.00 

20 0.599 0.601 1.00 

21 0.575 0.585 0.98 

22 0.286 0.267 1.07 

23 0.610 0.611 1.00 

24 0.501 0.480 1.05 

25 0.459 0.500 0.92 

26 0.494 0.494 1.00 

27 0.466 0.466 1.00 

28 0.506 0.518 0.98 

29 0.343 0.344 1.00 

30 0.413 0.408 1.01 

31 0.483 0.500 0.97 

32 0.448 0.502 0.89 

33 0.499 0.499 1.00 

34 0.552 0.510 1.08 

35 0.483 0.508 0.95 

36 0.552 0.516 1.07 

37 0.546 0.500 1.09 

38 0.770 0.765 1.01 

39 0.761 0.764 1.00 

40 0.900 0.878 1.03 

41 0.807 0.813 0.99 

Table VIComparison of Normalized Observed and 

Normalized Predicted values of cc for Trained Data 

 

S. 

No. 

Observed 

cc 
Predicted cc 

Ratio 

(observed/predicte

d) 
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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 

16 0.331 0.312 1.06 

17 0.370 0.344 1.08 

18 0.351 0.344 1.02 

19 0.274 0.279 0.98 

20 0.293 0.285 1.03 

21 0.264 0.280 0.94 

22 0.428 0.459 0.93 

23 0.274 0.251 1.09 

24 0.274 0.277 0.99 

25 0.254 0.258 0.99 

26 0.216 0.219 0.98 

27 0.225 0.227 0.99 

28 0.225 0.228 0.99 

29 0.293 0.294 1.00 

30 0.283 0.290 0.98 

31 0.264 0.271 0.97 

32 0.254 0.258 0.99 

33 0.225 0.230 0.98 

34 0.216 0.213 1.01 

35 0.245 0.248 0.99 

36 0.264 0.268 0.98 

37 0.245 0.246 1.00 

38 0.293 0.287 1.02 

39 0.216 0.208 1.04 

40 0.274 0.282 0.97 

41 0.245 0.226 1.08 

Table VIIComparison of Normalized Observed and 

Normalized Predicted values of k for Trained Data 

 

S. 

No. 

Observed 

k cm/sec 

Predicted  

k cm/sec 

Ratio 

(observed/predicte

d) 

1 0.101 0.078 1.29 

2 0.100 0.111 0.90 

3 0.100 0.111 0.90 

4 0.100 0.103 0.97 

5 0.100 0.098 1.02 

6 0.100 0.111 0.90 

7 0.100 0.116 0.86 

8 0.100 0.104 0.96 

9 0.101 0.100 1.01 

10 0.100 0.102 0.98 

11 0.168 0.131 1.28 

12 0.102 0.101 1.00 

13 0.101 0.104 0.96 

14 0.100 0.112 0.90 

15 0.100 0.076 1.32 

16 0.100 0.084 1.19 

17 0.100 0.113 0.89 

18 0.100 0.114 0.87 

19 0.121 0.112 1.08 

20 0.112 0.107 1.05 

21 0.118 0.112 1.06 

22 0.101 0.109 0.93 

23 0.101 0.063 1.60 

24 0.101 0.107 0.94 

25 0.101 0.103 0.98 

26 0.103 0.111 0.93 

27 0.102 0.105 0.97 

28 0.102 0.109 0.94 

29 0.100 0.094 1.06 

30 0.100 0.098 1.01 

31 0.100 0.106 0.95 

32 0.100 0.109 0.92 

33 0.101 0.100 1.01 

34 0.101 0.107 0.95 

35 0.102 0.097 1.05 

36 0.102 0.106 0.97 

37 0.102 0.108 0.94 

38 0.100 0.130 0.78 

39 0.102 0.084 1.20 

40 0.900 0.865 1.04 

41 0.102 0.120 0.85 

Table VIIIComparison of Normalized Observed and 

Normalized Predicted values of c for Tested Data 

 

S. 

No. 

Observed 

c (kpa) 

Predicted  

c (kpa) 

Ratio 

(observed/predic

ted) 
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1 0.460 0.455 1.01 

2 0.364 0.352 1.04 

3 0.617 0.734 0.84 

4 0.364 0.389 0.94 

5 0.741 0.760 0.97 

6 0.330 0.323 1.02 

7 0.734 0.699 1.05 

8 0.700 0.617 1.13 

9 0.525 0.524 1.00 

10 0.693 0.692 1.00 

11 0.429 0.448 0.96 

12 0.374 0.375 1.00 

13 0.285 0.285 1.00 

14 0.683 0.617 1.11 

15 0.730 0.747 0.98 

16 0.754 0.704 1.07 

17 0.890 0.790 1.13 

18 0.893 0.772 1.16 

19 0.835 0.706 1.18 

20 0.477 0.488 0.98 

21 0.484 0.485 1.00 

22 0.467 0.450 1.04 

23 0.480 0.450 1.07 

24 0.549 0.586 0.94 

25 0.477 0.520 0.92 

26 0.343 0.346 0.99 

27 0.545 0.507 1.08 

 

Table IXComparison of Normalized Observed and 

Normalized Predicted values of φ for Tested Data 
 

S. 

No. 

Observed 

φ(deg) 

Predicted  

φ(deg) 

Ratio 

(observed/pred

icted) 

1 0.594 0.599 0.99 

2 0.842 0.863 0.98 

3 0.506 0.370 1.37 

4 0.865 0.835 1.04 

5 0.297 0.265 1.12 

6 0.877 0.883 0.99 

7 0.332 0.367 0.91 

8 0.378 0.474 0.80 

9 0.622 0.614 1.01 

10 0.541 0.545 0.99 

11 0.425 0.400 1.06 

12 0.668 0.664 1.01 

13 0.738 0.744 0.99 

14 0.390 0.417 0.94 

15 0.332 0.317 1.05 

16 0.297 0.292 1.02 

17 0.216 0.247 0.87 

18 0.251 0.347 0.72 

19 0.193 0.240 0.80 

20 0.599 0.610 0.98 

21 0.541 0.537 1.01 

22 0.575 0.559 1.03 

23 0.483 0.397 1.22 

24 0.501 0.475 1.06 

25 0.529 0.513 1.03 

26 0.622 0.625 1.00 

27 0.459 0.486 0.95 

 

Table XComparison of Normalized Observed and 

Normalized Predicted values of cc for Tested Data 

 

S. 

No. 

Observed 

cc 
Predicted cc 

Ratio 

(observed/pre

dicted) 

1 0.360 0.369 0.98 
2 0.235 0.234 1.00 
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 
11 0.293 0.293 1.00 
12 0.274 0.274 1.00 
13 0.254 0.255 1.00 
14 0.389 0.389 1.00 
15 0.370 0.370 1.00 
16 0.466 0.420 1.11 
17 0.283 0.283 1.00 
18 0.360 0.360 1.00 
19 0.245 0.245 1.00 
20 0.389 0.389 1.00 
21 0.466 0.456 1.02 
22 0.409 0.410 1.00 
23 0.351 0.351 1.00 
24 0.466 0.465 1.00 
25 0.293 0.293 1.00 
26 0.274 0.274 1.00 
27 0.438 0.436 1.00 

 

Table XIComparison of Normalized Observed and 

Normalized Predicted values of k for Tested Data 
 

S. 

No. 

Observed 

k cm/sec 

Predicted  

k cm/sec 

Ratio 

(observed/pred

icted) 

1 0.100 0.100 1.00 

2 0.327 0.327 1.00 

3 0.102 0.101 1.02 

4 0.347 0.390 0.89 

5 0.101 0.101 1.00 

6 0.621 0.582 1.07 

7 0.101 0.101 1.00 

8 0.100 0.101 1.00 

9 0.312 0.312 1.00 

10 0.726 0.583 1.25 

11 0.101 0.101 1.01 

12 0.181 0.181 1.00 

13 0.143 0.143 1.00 

14 0.100 0.101 1.00 

15 0.100 0.101 1.00 

16 0.101 0.101 1.01 

17 0.102 0.080 1.28 

18 0.100 0.083 1.21 

19 0.100 0.101 1.00 

20 0.102 0.102 0.99 

21 0.100 0.100 1.00 

22 0.101 0.101 1.01 

http://www.ijitee.org/


International Journal of Innovative Technology and Exploring Engineering (IJITEE) 

ISSN: 2278-3075 (Online), Volume-3 Issue-1, June 2013 

129 

Published By: 
Blue Eyes Intelligence Engineering 

and Sciences Publication (BEIESP) 

© Copyright: All rights reserved. 

Retrieval Number: A0909063113/13©BEIESP 

Journal Website: www.ijitee.org 

23 0.100 0.101 1.00 

24 0.100 0.101 1.00 

25 0.100 0.101 1.00 

26 0.102 0.102 1.00 

27 0.100 0.101 1.00 

 
Fig.3.1 Model performance indication graph 

 

 
Fig.3.2 Observed c Vs Predicted c during Training 

 

 
Fig.3.3 Observed φ Vs Predictedφ during Training 

 

 

 
Fig.3.4 Observed cc Vs Predicted cc during Training 

 
Fig.3.5 Observed k Vs Predicted k during Training 

 
Fig.3.6 Observed c Vs Predicted c during Testing 

 

 
Fig.3.7 Observed φ Vs Predictedφ during Testing 

 

 
Fig.3.8 Observed cc Vs Predicted cc during Testing 
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Fig.3.9 Observed k Vs Predicted k during Testing 

IV. CONCLUSIONS 

Architecture of Proposed Model is shown in fig 4.1: 

Inputs       : 5 

Neurons    : 8 

Outputs     : 4 

Transfer Function: Feed Forward Back Propagation 

Activation Function: Log sigmoid  

 

 
 

Fig.4.1. Architure of Proposed Model 

 

An artificial neural network model with 5-8-4 architecture 

with a Feed Forward Back propagation using algorithm Log 

sigmoid activation function was developed to 

predictengineering properties of soil i.e.,Permeability (k), 

Compressibility (cc) and Shear Strength parameters (c,φ) 

(i.e. Cohesion and Angle of internal friction) 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. 

This is the foremost model for predicting the engineering 

properties i.e., Strength parameters, Permeability and 

Compressibility of soils using Artificial Neural Network. 
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