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Table 1. Statistical analysis of results

parameter  unit Max Min  mean SD skewness kurtosis
Nspt N 100 1 33.72 27.92 -1.24 0.72
Cu Kg/cm? 1.17 0.09 0.43 0.23 -0.83 -0.35
yd Kg/cm3 2.1 1.45 1.68 0.09 -1.18 0.20
qu Kg/cm?z 234 0.18 0.87 0.47 -0.83 -0.35
w - 314 7.96 20.05 3.71 -1.33 0.48
Gs - 2.86 2.52 2.70 0.04 -0.11 4.47
%C - 56.3 0 28.46 12.87 -1.18 0.75
%M - 94.8 8.1 45.85 17.98 1.09 -0.21
%S - 87.9 0 24.70 24.73 -0.68 -0.20
%G - 26.5 0 1.17 3.93 -3.26 11.63
LL - 72 10 27.51 10.69 -1.58 1.97
PL - 40 1 17.57 6.46 -1.32 0.77
Pl - 32 1 9.94 6.62 -1.27 0.95
Cu - 252 0 5.49 26.66 -5.36 30.06
CcC - 1187 0 71.24 143.10 -2.66 6.67
C Kg/cm? 1.24 0 0.22 0.21 -2.03 4.20
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parameter  unit Max Min  mean SD skewness kurtosis

¢ degree 42 10 25.49 6.92 -0.60 -0.75
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Table 6. The results of one-layer and two-layer neural networks
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Table 7. The best results of one-layer, one-layer, three-layer, four-layer and five-layer neural networks using
the best functions
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Table 8. Some of the real input data obtained in the laboratory that have been used to evaluate the

performance of networks

Nspt  Cu a7y o Gs %C %M %S %G LL PL  PI Cu Ce

3 0815 167 163 1752 2.71 436 438 126 0 61 30 31 0167 6
5 079 163 158 1925 27 374 622 04 0 72 40 32 0111 9
11 0805 165 1.61 1829 2.74 306 676 18 0 32 2 30 0211 19
40 0905 1.65 1.81 262 274 412 583 05 0 38 23 15 0125 8
40 117 16 234 274 275 434 549 1.7 0 45 24 21 0143 7
32 044 17 088 222 273 381 459 16 O 36 200 16 0091 11
17 092 1.65 184 2379 271 125 465 41 0 20 1 19 10316 ¢
22 033 158 066 2683 273 27.2 72 08 0 25 22 3 119 21
28 0475 169 095 243 281 331 939 269 01 23 15 8 0062 16
15 0615 1.72 1.23 192 271 467 513 2 0 14 18 8 0143 7
15 051 175 1.02 1855 2.69 246 513 241 0 20 21 2 0533 30
100 032 1.78 064 145 267 99 141 718 02 18 13 1 23194 3555
95 03 175 0.6 13.5 2.68 0 311 424 17 19 13 7 0437 O
12 01 173 0.65 1436 2.69 18 255 528 09 30 9 3 0714 231
17 021 164 02 192 267 204 523 273 0 28 17 10 025 42

sl gl puac aSl b St b LQJ Gdunlin g L‘bui.}.l.a)‘] ool Caws @ b SKasl ay6ly polie A Jsox

Jpredictions for two-layer, three-layer, four-layer and five-layer states

Y i g Y e @Y an @y 5o
Table 9. Friction angle values obtained from experiments and their comparison with neural network
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16.00 16.00 16.00 16.00 16.15 16.00
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17.99 18.00 18.00 18.00 22.17 18.00
13.98 14.00 14.00 14.00 21.80 14.00
28.00 28.00 28.00 28.00 23.33 28.00
27.00 27.00 27.00 27.00 34.46 26.50
33.00 33.00 33.00 33.00 21.70 33.00
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Fig. 14. Regression of friction angle obtained from laboratory experiments and neural network prediction
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Table 10. Cohesion values obtained from experiments and their comparison with neural network predictions
for two-layer, three-layer, four-layer and five-layer states

s St a5 Jol> C siales! 5l Jol>C
oYz oY ez oY 4w oY g RN -
0.31 0.44 0.44 0.40 0.54 0.44
0.28 0.22 0.21 0.23 0.50 0.22
0.21 0.15 0.15 0.03 0.51 0.15
0.18 0.13 0.13 0.17 0.47 0.13
0.21 0.29 0.43 0.28 0.50 0.29
0.21 0.19 0.18 0.12 0.49 0.19
0.18 0.24 0.22 0.17 0.48 0.24
0.17 0.17 0.17 0.07 0.48 0.17
0.18 0.19 0.18 0.20 0.47 0.19
0.19 0.29 0.30 0.27 0.50 0.29
0.21 0.36 0.23 0.23 0.53 0.23
0.22 0.21 0.20 0.20 0.46 0.21
0.27 0.22 0.21 0.17 0.47 0.22
0.30 0.24 0.21 0.17 0.50 0.24
0.23 0.28 0.25 0.19 0.53 0.28
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Abstract

Shear strength parameters are important for assessing the stability of structures, and are costly to
calculate using conventional methods. In this research, simple geotechnical techniques and
artificial intelligence were used to calculate the angle of internal friction and soil cohesion without
the need for more complex testing. To this end, intact samples from 14 boreholes in Bandar
Abbas, which had undergone primary geotechnical testing and direct cutting, were selected and
used to train neural networks. 195 networks were trained in in this research. To achieve the best
performance, feedforward neural networks were first trained in single and double layer modes
with a low number of neurons in the middle layer, and the TRAIN BR function was selected due
to the high ratio of R (0.97). Then, by incorporating additional layers, the Median model was
trained using configurations of 3, 4, and 5 layers, each with varying numbers of neurons in the
intermediate layer (50, 40, 30, 20, and 10). The results show that the four-layer MLP network
gives the best results, for this mode R training 1, the test R is 0.90 and the total R is 0.98. Finally,
to validate the neural network, 15 samples were selected and the input parameters of the network
were trained in the optimal states of 2, 3, and 4 layers, then the output of the network was
evaluated. For cohesion prediction, the neural network in 4-layer mode (R2=0.99) and 2, 3 and
4-layer networks (R2=0.99) have the best output for the friction angle.

Keywords: Bandar Abbas, Geotechnical parameters prediction, Neural network.

Introduction
In general, for the direct calculation of soil shear strength parameters in the laboratory, the triaxial
test (Mohammadi et al. 2022) and PMT or SPT in the field (Lee et al., 2003)) are used for direct
calculation of soil shear parameters in the laboratory. Conducting direct tests to determine ¢ and ¢ of
soils requires a sufficient amount of suitable samples (damaged or intact). In addition, the preparation
and transport of samples to the laboratory is costly and time consuming and requires specialized
laboratory equipment (2018 Khaboushan, E.A., et al.). To calculate shear strength parameters, many
experimental relationships have been presented using field tests. However, all these methods require
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spending a lot of time and money and can be used practically used for specific regional soils with
specific characteristics; therefore, researchers are always trying to predict these parameters in
different ways, for example, some of them have estimated ¢ and c using the standard penetration test
(Mahmoud, M.A.A.N., 2013).

In recent years, the use of computational intelligence has greatly advanced in solving problems that
do not have a specific solution or cannot be solved by traditional methods. Because in some physical
processes, many parameters have an effect, in addition, the existence of completely non-linear
relationships between these parameters adds to the complexity of the issue.

Artificial Neural Network (ANN) has been used in many previous geotechnical studies. Many
researchers have used ANN to calculate the bearing capacity of deep and shallow foundations.

Materials and Methods

The data of this research were collected from the geotechnical studies in Bandar Abbas in south of
Iran. The research database includes the study data of 100 geotechnical tests conducted in 14
boreholes in Bandar Abbas city. In this research, the data of granulation tests, Atterberg limits
(ASTM-D 4318 87), determination of specific gravity of solid grains (Gs) (ASTM-D 854-14),
uniaxial test (ASTM-D2166), moisture percentage test (ASTM) -D851) and SPT test (for input data)
and direct shear test (for output data) have been used to calculate soil shear strength parameters using
artificial intelligence. The studied samples investigated were taken from boreholes ranging in depth
from 1 to 70 meters. The samples were fine-grained soils mainly from clay with high pasty properties
to silt with low pasty properties. Table 1 presents the statistical analysis of samples.

Table 1. Statistical analysis of results

parameter  unit Max Min mean SD skewness kurtosis
Nspt N 100 1 3372 2792 -1.24 0.72
Cu Kg/em? 1.17  0.09 043 0.23 -0.83 -0.35
yd Kg/em®* 2.1 1.45 1.68 0.09 -1.18 0.20
qu Kg/em?> 234 0.18 0.87 0.47 -0.83 -0.35
® - 314 796  20.05 3.71 -1.33 0.48
Gs - 286 252 270 0.04 -0.11 4.47
%C - 56.3 0 28.46 12.87 -1.18 0.75
%M - 94.8 8.1 45.85 17.98 1.09 -0.21
%S - 87.9 0 2470 2473 -0.68 -0.20
%G - 26.5 0 1.17 3.93 -3.26 11.63
LL - 72 10 27.51 10.69 -1.58 1.97
PL - 40 1 17.57 6.46 -1.32 0.77
PI - 32 1 9.94 6.62 -1.27 0.95
Cu - 252 0 5.49 26.66 -5.36 30.06

CC - 1187 0 7124  143.10 -2.66 6.67
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parameter  unit Max Min mean SD skewness kurtosis
C Kg/em? 1.24 0 0.22 0.21 -2.03 4.20
0] degree 42 10 25.49 6.92 -0.60 -0.75

Results and Discussion
In order to validate the results of neural networks, the values obtained for the internal friction angle
and the actual values measured for the same values were checked. Also, the results obtained from the
neural networks for adhesion and the actual values measured for the same values were obtained. Then,
the regression between the values obtained from the experiments and the values obtained from the
neural network for two-layer, three-layer, four-layer and five-layer states has been obtained for both
outputs.
Results show, the neural network for cohesion is in the best state in the four-layer state and has given
a regression of 0.99. After the 4-layer mode, the three-layer mode with a regression of 0.98 has given
the best results. The results show that for the internal friction angle, all the two-layer and three-layer
modes have a regression of 0.99.

Conclusions

In this research, laboratory and field tests were used to determine the physical and mechanical
properties of the soil, and the results were prepared for input into the network. The next steps were to
build 195 networks with 15 inputs and 2 outputs, each with different characteristics. In this study,
single and double layer feedforward perceptron network with 10 neurons were used for modeling.
Then the constructed networks were processed and the obtained results were compared with each
other to find the best results. Then, the best educational functions, pragmatic learning and adaptive
learning were selected and three-layer, four-layer and five-layer models were made using them and
the number of neurons was 10.20, 30.40, 50. Some real input data obtained in the laboratory were
used to evaluate the performance of the networks. According to the results obtained, the neural
network was able to establish a good relationship between experimental and numerical data and to
make a suitable prediction.



