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Fig. 1. The location of study area
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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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Fig. 2a. Soil class in unified classification system, b: plasticity index of soil, c:Relative density of soil using
SPT


http://dx.doi.org/10.22034/JEG.2022.16.3.1015261
https://jeg.khu.ac.ir/article-1-3093-en.html

[ Downloaded from jeg.khu.ac.ir on 2025-12-13 ]

[ DOI: 10.22034/JEG.2022.16.3.1015261 ]

by LS L cuglie gl sl e e v\

(ANN) £ ghuan (mas (Ao

e 3 Ol 330 3, Sos 51 (5235 plell b a8 il oo g0 il e 5 (Sl (g) G Earan (orac 40
sl Yy coian gmac oSl 0 )5 @ ax g bl a8l 5 ,0uS W88 e )8 Al sl 0 oS cac
8L sl (55lel (glang, 3l 5yl stilan gy ol gaiedd o )ls pols (s Jlail g Cenl (95 (Sl
wlih (g5l s slp ared )08 6 )lpl lyie 4 gy onl bl o Blie sla>g,5 b Joe slagsgyg om bl
&£S OL?u‘ W & LSLQ)M QL».A ‘5‘49].& 9 ol .‘aalj) 9 o.); (AL SLVewR) ‘) ‘_glfl.» L_Sl.(bcd‘é &‘9."59 as 05....4‘59
Sloods s 0By g j95 g ()9 i (GALwd A & cmae bbaSll S jsbas (Rumelhart et al., 1985)

et (58D S pgmpe LSl .l eol solitul jo3 s oeas a5l 5l Liesh opl o .(Hagan, 1995)

ol 0ol ooy lid ¥ SS o (e s
Input Layer Hidden Layers Output Layer

2P s A G pgeaye Sl ¥ S
Fig. 3. Structure of a feed forward neural network

6995 45 Sl (2lrg,88 Jold (699)9 Gy Wigd o il bt SladY (o lagys s« oras 4SS G
B L 2B e 4] s (29,5 &5 Sl (playgye Jold 8 (295 Y S e 28l 0 ) L 51,
(L) ol Y wiz b S sl Ses (29,5 5 63955 SaY y odle Vens a3 g0 a1 s 21k L
A (b g bosls Ll w@Sis [lsle 4 laay¥ ol sloss a5 0l 05>g0 auY 50 ol o 55 (Hidden Layer
S 00,5 adsi |y (e ¥ ol slaggys S oo S8l )0 1) (63959 «(599,5 4 o5 (ol 00,5 e 2lyb bawg
OLL)ES 990 5 (rame byt a5l B wiS (o0 g aalsl a5 (med 4 oo il ool g0y Y (6099 (29,5 (e
St (s s o0 plodl & walB g dms oo A1) ASD (2905 29y Y G 235 10 (S RT0k sl
2 el Al 008 A 4 (K ol Sl g el il aSs (S sl 4l Gl sleaY slapsys
Sy Ol a5 Cls Sl o sl andl 00 8 g 4l (B 09 e 00938 b saY 4 (9,98 ] i

23,5 aSh B3l Gl Sl Sl (See las seY sLagyg)gs sl
sras 4l b 50 6ol el gl a5 el oad 00l (MLP) (55 (orae oSl 51 gyl 0

el ostin Iy ool stz y9 iy sy 650l g ABly gn iy (st (SUoASE ol 5 Sl segias


http://dx.doi.org/10.22034/JEG.2022.16.3.1015261
https://jeg.khu.ac.ir/article-1-3093-en.html

[ Downloaded from jeg.khu.ac.ir on 2025-12-13 ]

[ DOI: 10.22034/JEG.2022.16.3.1015261 ]

AAERRSTITR i 104 ‘(,A:J,;Lﬂ o pdign bl ey 4 200
Yy

s 18, 45 el ol ol B L g A5 538y a9 51 5 et Sl & (3550 5550k (ol
b laleal jlas 0gd o 00l o5l (45,55 4y aSe (nl )0 (nalple 055 o0 S8 G5y 9590 W JLE, 9 90 50 2955
oS oo o5 ool o 1y las cpl et il ol o Uas b 4t Olg> 51008 L8, 4598 oo ] j0 a5 5,5 ol 045
(Activation Function) s = sls .(Rosenblatt, 1958) w.as coi i 1) 99750 adg all Cawyo Olg> 51
o sl bl b e Wl e S e ol oS e Ll s 545t aliss slaay o 1, by b 2
J18 oolaiul 5550 S e wilgi 1 (g0g00me Slawi (Jes j0 098 co Ol A o o> Lo wlel 5 S e &l
b s o Slen s oo g3 slatiw] @b oy lite oo 55 slailin] b & lgS e T c 5 45 25,05 oo
Coll S e b 5l s cnl Ho (Hagan, 1995) o 57 o Lal Sdg b Cil5l ol g godgnSw s e
7958399 Gabal; S plej g o s 0318 (LaS sl (srlie ol ST @b el o ol S le
Gy adgl Ly 5 01 o 538 L e aligy 00iiS Giogs Lol s S¥oles a4y oOLY faud b sl ol ool
L ole) Jsb 50 (2955 9 6999 o bL3 )l 40,5 asein &8l 10 5 x50k anl,s (MATLAB help center)a,|
el oas ool | Slae 5,050k w5 ik 6,50l &b 5 Siegsy ol s (Dayhoff, 1994) ol a3 I, <G
Ll olawy caltass  Soumy t ol 45wl S 0l Jelge 4 aVaum oac a0l bjgel @b Sl
s glp aSi bl as ol g las Gas Sl o s mSega g bagyg olans o 5590 (sacgama 40 ool
ool ¥ i3 ol 53 gy 98l o0 (G5 )5)) &6 B b (s Jolod 5 4 52) 995 o0 ool oSl

(MATLAB help center)s S auslie |, b3g0] calisee slapis ;5]

955 9.699)9 sWosls
(CC) Ll g o o Jol )5 ao )0 cdle oo e o0 ¢y duo 0 1ol il g0 el b VO rwgh slososys
059 «usb ) oy (GS)sul> sbaails pgase iy (g e LAl (g ax (g, o (CU) o516 o s

Bad e a1y mas (54l sl 29,5 5 505 5l (oles F U


http://dx.doi.org/10.22034/JEG.2022.16.3.1015261
https://jeg.khu.ac.ir/article-1-3093-en.html

[ Downloaded from jeg.khu.ac.ir on 2025-12-13 ]

[ DOI: 10.22034/JEG.2022.16.3.1015261 ]

by LS L cuglie gl sl e e vy

LI

e vl

2L AIX %
LR

L L7
7N

mas 4D Sl g5 5 basdg g 5l led b KL
Fig. 4. Input and output of neural network

ool 0,90 H1381 0

b ilwesly sl

oo ool ] coae 64 lpl 4> g MATLAB R2021a v9.9.0 13810 5 5l egan cmac 4l o ¥ S
w55 58 ool 50T g ggel et pus g 0051 LIS LB clbddind s G oyl38ln0 5l ades ol 5ilnz .o
ey sloasens 51 5V
)90 als sl (smae a4l Hlsle

Slaws el oas solatal Wosls IUT sl (MLP)aYais sy g (FF) 55 i (coas a5t 51 iagh ool 5o
el ol Cdis 5o wlosel sy las g o sk 3l Olesy sleaY Sl eizmen 5 Olesy sy gleo S
b ued 4 (ROSENDIaLE, 2004) oo a5l 1, Glgm o e a5 45 3 co Cows a5 284 o\ sldarY g oy, s
loools BT (gl 0 e ¥ Yo ) e (glagyg s olasi g Y @iy 5 aY jloz Y aus g Y50 VS, coae gloasls
el 00l oolazwl iaghy oyl

Vo aw aSh Voo aSils A ¥ SO aSln AT olaws cpl 5l as canl oads (ailey oSl VA0 (gt opl o
By OS5 ) Jgar)ailosgy a0 iy 4l Ve g Y ez a4t


http://dx.doi.org/10.22034/JEG.2022.16.3.1015261
https://jeg.khu.ac.ir/article-1-3093-en.html

[ Downloaded from jeg.khu.ac.ir on 2025-12-13 ]

[ DOI: 10.22034/JEG.2022.16.3.1015261 ]

Y¥

VO LT Sl s 5l o g ol e 4 520

@lises glaay olaws boads (h3ls p cmas glodSld slows Y Jgax
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Fig. 5. Show the frequency of processed neural network with different layers
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Fig. 8. Presentation of the frequency of neural networks processed with operant learning function
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Table 5. The number of processed neural networks with different adaptive learning functions
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Table 6. The results of one-layer and two-layer neural networks
égb
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6f'ﬂ |Slee el Sigel Lo s z
TAN

a  TranBFG LeanGD  SEE 2 oI 0.96 0.97 096 097
TAN

b Train BFG ~ -8am MSE 2 0.97 0.95 096 097
TAN

c Train BR Learn GD SEE 1 0.95 - 0.95 0.97
SIG
TAN

d  TranBR Le;‘,r\;l‘ MSE 1 0.95 i 095 097
G SIG
TAN

e Train BR Learn GD MSE 2 0.99 - 0.84 0.97
SIG
_ TAN

f Train BR Learn GD SEE 2 0.99 - 0.82 0.97
SIG
TAN

g  TrainBR M MsE 2 1 i 083  0.97
GDM SIG
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. Learn TAN
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| Train SCG LearnGD  MSE 2 oI 0.97 0.93 099 097
TAN

m  Trainscg Leam MSE 2 0.96 0.97 096 097
GDM SIG
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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 Cec

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 0.5 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
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Jpredictions for two-layer, three-layer, four-layer and five-layer states
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Table 9. Friction angle values obtained from experiments and their comparison with neural network

mas SeaSd (i | ol & ool 5l Jal> @

) oY )k oY 4 ¥ VS -

16.00 16.00 16.00 16.00 16.15 16.00
12.99 13.00 13.00 13.00 13.08 13.00
36.00 36.00 36.00 36.00 30.04 36.00
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 SLaSed a5 Jol>C sialesl 5l Jol>C
oYy LTS 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 ¢ 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/cm? 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 71.24  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.
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