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Slope settlement prediction based on gated deep recurrent belief network

WU Yan,ZHANG Yingxue
(School of Traffic and Transportation Engineering, Changsha University of Science & Technology, Changsha 410114, China)

Abstract: The existing slope settlement prediction models have low accuracy and cannot effectively
reflect the time series information contained in the settlement. A hybrid prediction model for slope
settlement was proposed based on the gated deep recurrent belief network (GDRBN). The adaptive
learning rate is introduced to improve the efficiency of model training. Taking the project of the second
phase of Guangfo-Zhaoqing Expressway as an example, different settlement prediction models was
established, and the outcomes were contrasted. The results show that the proposed models will increase
the accuracy of the prediction by 69%, 54%, 38%, and 26%, respectively, which is compared with
traditional prediction models (such as GM, BP, RNN, DBN).It can provide a accurate calculation
method for slope prediction.

Key words: side slope; settlement prediction; deep learning; recurrent belief network; adaptive

learning rate

NG R, IR Z s 5 R T 1
A A

BRI, A B S T B E AN T S E A GM Tl
o PRSHETTINAS 7] 37 5% N B U AL

2 (Hb BT BR B L HE i A2 T 45 ) RS R 2% (BT 45 ) 1
T 5355 ki e PRI EY . X TER il
B A ANBE BN ARIBCHAE S 0 , 44 Tk A8 R AH R Bl
PP, SIS | R 380 SplAF R F LA 5L
TG =451k .

TE 1 3 DB B0 b, K € 15 D0 A R (gray
forecast model , GM ) J2t i 13 %I 27 A5 4% BT e
0 r) 2 7 2 EAE e GM AR U AR 3] 12 M

I S5 (P 3 o R v 7 A 1 e 2 2 AR L Tt DN

%5 H #A - 2021-05-21
TEE RN 50245 (1996—) , &, KPP T R+ 4 .

e G GM SRty I 3B AT A2 1 1 22 748 4 K (0 A )
(multi-variable gray model, MGM) . ffi; fk JK €0 45 74
(optimizing gray model, OGM) . 2fj - 34 24t it GM #5 1Y
SRS A2 GM 7 TR I R 3 24 R, JFE TR BE AR AR
P

BE & DL w5 >0 R BR SR Y e, s R
UK FEAS B AL T o 32 57 A5 ) FH 58 22 e 1w £
& &
BPNN ) i K5t B 7 5 0 2 3

M 2% (back propagatlon neural network,
Fro7 2] ST



%148

Rk, 5 AT IR GRS A W 2504 3 R e TFrom)

Rop PO ASE Y | Al R Bt 1 TG , (IR AR AR
B WATOFFE R AR S () A BRI RS I 4
BAEHATHAL  PH HAE Ry S ML (support vector
machines, SVM) I ABHE AT AN , 257 BGAR SVM
TR AL, A R AR AL I

UTAFER , VF 2227 R R B o 21 T3 15 B 3 i i
U W0 o A6 5 A28 B 48 (recurrent neural
network , RNN) J& 5k T 1% G bl 28 o 2% 72 Fre i iy, 3
TR R Y A He A S R A B 1 P 91 Ak PR R
77, A A R R R e 28 BT R AR B A
RNN 7ERE Y 2R o A ip A5 5 M B R G . KO
WiC A2 P 45 ) 2% (long short—term memory, LSTM ) o
AT 4 96 2 5 o0 248 W 2% (gated recurrent unit,
GRU)"'™ 112 RNN (178 2544 , AT A it D I70 B 93
DS A0 rhoBs B2 < By 1) 8, RN A g P4 134
T e TN B2, (B HC 5 R AT o e J2 I 8% T T 2
e deep belief network , DBN ) SiiBuR=3 |E2
% FR 3% /R 2% 2 ML (restricted boltzmann machine,
RBM) , 283t 22 J22 435 14y 6] B340 10 1% 328 2 ~J 158 22
T, AT KR TR SO RS B2 (HDBN 5546 T
TUREF 51 e By I

1] 958 R B 0 P 15 & W 2% (gated deep recurrent
belief network, GDRBN) F| ] GRU £ {X RBM H* i &2
FAER ARG T GRU MBS HEEE 1 M DBN [
Bz maE " I ARSI GDRBN BEH] T34
TR , T A 27 2] SR AR AL H O 5
Bio DA im0 i 30 TR S sy i3t
W BTN RL , A PR A28 2815 GM . BP \RNN  DBN £
RUFFUIN 45 5 AT XF L, S0 e AT Y (1% F RS 85 K It
J7 b 3B A A
1 BRHENEEREFIMEERE
ARREY
1.1 RIS I 2 B ARAREY

b XA 48 2 ) % 76 4 25 X 2% (back propagation
neural network , BPNN ) 7£ &b 35 £ 45 i JJG 12 A7 4% S ke
i A BSR4 L TR) T, ELMAN 4522 3% T
20 120 80 AEARAR SR T RNN, RNNZEJZ K45 H4 1
5 BPNN AH[A], 3 i A2 B 2 F e Hh = 2
LR - BPNN BRUlZ 9 2 C ] JC 2 , i
RNN FEL )2 N () 45 #2820 0] Ry A i . SRR
B A7 G2 R AT I 22 e 1) i AN 2
R 220 1 i A KR A O, 38 5 22 T 221 G 23 1) I s
i R AT G . WIFSE AR BT RNN W A B BAE

LI , AT AR A 4 R PR B . RNNAR
T GR)Z AR HEL A TN 1 B
fith ko 2 fittin

» fffff iﬁwgm Wg2] W
4@@1\ ﬁﬁll 4@@12 iﬁI\n
B1 RNNAEA K EARELEM
Fig. 1 Standard structure of hidden layer of the RNN model
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Table 1 Original settlement sequence

Ko | vk | REu | IR | R¥u | Uik | R¥u | TR
d {E/mm d {H/mm d {H/mm d {B/mm

99 21.8 131 233 165 19.3 270 21.3

105 22.4 139 17.4 171 20.7 284 22.6

111 23.6 147 20.3 178 21.3 309 20.8

117 19.2 151 20.5 208 22.1 333 19.4

125 21.3 158 20.3 239 21.8 360 22.4

FR2 FAEBHAIEE

Table 2 Slope settlement after pretreatment

5 | ViBE/mm | PS5 | DREE/mm | PS5 | DU /mm
1 0.614 11 0.567 21 0.702
2 1.000 12 0.623 22 0.794
3 0.073 13 0.672 23 0.684
4 0.644 14 0.698 24 0.477
5 0.304 15 0.694 25 0.281
6 0.000 16 0.654 26 0.153
7 0.339 17 0.574 27 0.114
8 0.143 18 0.482 28 0.185
9 0.385 19 0.439 29 0.386

10 0.518 20 0.510 30 0.739
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Fig. 10 Prediction results of different models
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Table 3 Evaluation indicators for prediction results of different models
7 HCRBLC JoE AR

GDRBN 2.34 0.935 0.918
GM 7.58 0.477 0.228

BP 5.12 0.675 0.400
RNN 3.75 0.887 0.746
DBN 3.16 0.814 0.853
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Fig. 11 The trend of model loss with the number of training
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Table 4 Model performance at different learning rates

R SIH | eyl | BaREARSK BRACIL | BNIIZRICH 1L

(R BI R 1.58 0.122 326 25.21
[ 1.97 0.170 88 6.77
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Table 5 Evaluation index of model prediction result

considering different errors
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