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Convolutional neural network and random field analysis for analyzing the
bearing capacity of coupling beam pile foundation
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Abstract: The parameters of geotechnical are randomly distributed in space. To better reflect the actual engineering
geological conditions, considering the uncertainty of soil in the study of foundation bearing capacity, establishing a
bearing capacity prediction model holds significant engineering value. Incorporating spatial variability of
geotechnical parameters based on random field theory into the study of coupling beam pile foundation, a two-
dimensional random finite element model is established using numerical methods to analyze the bearing capacity of
coupling beam pile foundation and pile foundation, validated against model test results. Subsequently, a
convolutional neural network is employed to establish a model between the random field images of soil parameters
and the ultimate bearing capacity of foundations for bearing capacity prediction, and the impact of different
parameters is studied based on the prediction model. The results indicate that considering the spatial variability of
soil, the foundation’s bearing capacity is in basic agreement with experimental results, with random results
consistently higher than deterministic analysis. Under random conditions, both coupling beam pile and pile
foundations exhibit normally distributed bearing capacities. The accuracy of the bearing capacity prediction model
established using convolutional neural networks is high and can be utilized for parameter analysis. The bearing
capacity of foundations increases with increasing soil parameters and decreases with increasing coefficient of
variation. Under random conditions, the bearing capacity of coupling beam pile foundation is higher than that of
pile foundation, effectively leveraging soil strength to withstand bearing capacity loss caused by parameter
uncertainties.
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Fig.2 Finite element model diagram and meshing
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Fig.3 Random material parameter distribution field

2.3 CNN #&EEE T

CNN S — 7l b 2 2k g A B0 B9 22 2 N T4
Zel s Al LU ZR i G T S IO 2 S RAE R OF
T2 GBI FN 0 BT 55, DI SRR 1) 45T
HABRLZHR A", CNN ZEH A Z 2
( convolutional layer) {thfk)Z (pooling layer) 4% 4%

JZ (fully connected layer) LA M i i )220 A%, Horp R
B SR — A BCE . AR ] T 1K
Wedw (filter) X4 A B9 BHRSEAT B8, 15 3 4 1 R
K, DS AR A e B AR, I i AN W7 ) i) R X
SRV, i CNN [ 0 S R R AR AE k)2
A XA P EA T RATEARAE O B A W 35 O RRAIE



559 1]

A A, A5 BB R 2% 5 IR o Ak GRSl K 2 - 127 -

W/ BRI A 2 DK 22 AR 1) 1 3%
B — 2 %30 25 T A A2 ge h b AT 26
AR MATLAB H G B 2 ) T HAR i 47
CNN Il %k, EEFMARIE 4 P, SCBL ik i doil
if MATLAB 31 000 4~Bfi#L7 INP SCHFAE AR E
c o M BE LI K BE G, IF 8 B BIZR R /N DL B

BHIE

ZYHEA IR

CNN s AT 2, W e o He ke 380R MG B . bl
BLZ R 5 %55 A FROT T3R5 310 A i BIR A 28 %5040
I [Rlf A CNN B A b 171 25, BEBLIE B 30% 1Y
BARE N RAELE , 70% W EHEVE MG EITT24 2,
YIRTE L A REALES BT R sl ik, BRI AT A5 217K 28
FI AR

(£ o obtibLIIEE)

MATLAB
BEESipos

| iR R EE S ',

A

(Rionan | xwumse

=

B4 CNNREFREE
Fig.4 CNN model technique route

3 WHERGAMN

3.1 EFNSW

P& GH 1 AR L4 5 A A S 5 A BR T 43
Mredfor gk - Uik M 4, sl 5 B e A
AR 52 R K (B ES L2 5L
PRS- 35 i 28— O R il 4 5 58 AU 56 19 45 SR W)
G RERGT R WIR HIBEHL 5> 7 45 B 0 25 51 5 S PR AT
GRS REALAE SR AT LRI,

A 3/KN
0 1000 2000 3000 4000 5000 6000
5t P LA A
1ol —— BHURR
\ - o- W AR
o Of A * BRI
20 3
g
& 257 é\
IS ;0 L ‘N
st N\
40} X
45| N\
500
(a) R ER

BEAL AT ) SRt R 28R ) 28 T o M o BT i L A
#H ) RS E AT, TR R S5
BER 3 I B G, PRl — B A 25 X — B4, T B
HLIZAE Y AT LA {5 b 5 R 25 B0t 8 5 184 o, 34 5
R B ATEJES 5 J3E , i S it R 2% BB A5 B4R T, X
FUAR AR R 2 LAtk T A o 28— DT R 4Rk R ks
PR B, HETIE REEA A | AT LA A 2
TP T RSk A, R AR T 5 TR LAl
T T 15%

T8N
0 1000 2000 3000 4000 5000 6000
St —— AL
10} BEHAS RS o
150 - o M MEAR Y
g
£ 20}
& 25 \
B 30l A\
35 [ N
401 A\ N
45t \
50° \
(b) BFAE

5 fad-imbEZ

Fig.5 Load-settlement curve



. 128 - R

[N AN

5556 4%

S CRER AR FR AR 487 B R A3 A 8] 6 I
AR5 ARATE O AR PR 807 70 A3 327 R AR 25
A BGRB8 23 B S, o0 e
Z W X [H AT AT T 25% |, T REAE 43470 W 4k 43

30

251 ‘

20} 0

7

A\

N\

\\\\\\w

N

Y

7

SN

TSR /%
O\

%
N //%/ -
4400 4600 4*;(;;7?5%03;)/1(1\5] 200 5400
(a) PEZRIEA

B, ELES R, A R AR 38 43 A7 e o] LB g
THANE LR ILRE B K 20 B8 1 08 T HEME, L 240 7F
5000 ~5 100 kN Z [a], T HEMEALAE 4 700 ~4 800 kN
Z 8],
30

25¢

20+

7

N\ =g
N

15+

FEXS SR /%

10+

7

S5t

N . o
4000 4200 4400 4600 4800 5000 5200 5400
BB AR A7/KN
(b) B

6 WIRAHNMESHETE

Fig. 6  Frequency distribution histogram of ultimate bearing capacity
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Fig.8 Comparison of predicted and true values of bearing capacity of coupling beam pile foundation
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