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Abstract: Controlling subgrade settlement is essential in highway engineering. Subgrade settlement has a
linear and nonlinear relationship with its influencing factors. Over-fitting easily occurs in traditional neu-
ral network modeling in the presence of numerous input independent variables and results in the low pre-
diction accuracy of the network model. This work aims to address these issues. Thus, the ability of the
genetic algorithm to optimize the weight and threshold of the neural network is investigated, and the in-
fluence of the set of genetic parameters on the output results is discussed. Experiments with the proposed
method show that the optimized BP neural network has higher prediction accuracy and better prediction
effect than the traditional neural network model in the simulation of measured data for the Chengdu—
Nanchong Highway. The prediction method can be used as an effective auxiliary means for predicting the

long-term settlement of highway subgrades.
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Fig.1 The BP neural network structure
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Fig.2 The flow chart of genetic algorithm
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Fig.3 The flow chart of BP neural network based on

genetic algorithm
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Table 1 Training samples for neural network
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VY /m B /MPa /m B /MPa /m /A [ &/ em TURE & /cm
1 0.000 0 0.000 0 0.033 5 0.000 0 0.000 0 0.805 8 0.488 2 0.133 3 0.134 9
2 0.000 0 0.000 0 0.033 2 0.000 0 0.000 0 0.819 1 0.423 5 0.499 0 0.497 3
3 0.166 7 0.225 0 0.007 6 0.000 0 0.000 0 0.029 0 0.000 0 0.034 3 0.017 0
4 0.166 7 0.625 0 0.000 0 0.000 0 0.000 0 0.000 0 0.588 2 0.000 0 0.000 0
5 0.166 7 1.000 0 0.033 5 0.000 0 0.000 0 0.493 0 0.735 3 0.255 6 0.217 4
6 0.333 3 0.562 5 0.015 0 0.000 0 0.000 0 0.321 2 0.605 9 0.306 1 0.338 1
7 0.333 3 0.250 0 0.019 0 0.000 0 0.000 0 0.334 5 0.417 6 0.275 8 0.380 1
8 0.333 3 0.537 5 0.009 2 0.000 0 0.000 0 0.163 3 0.270 6 0.112 1 0.162 4
9 0.333 3 0.500 0 0.015 7 0.000 0 0.000 0 0.222 6 0.488 2 0.073 7 0.085 5
10 0.333 3 0.750 0 0.015 7 0.000 0 0.000 0 0.063 5 0.311 8 0.108 1 0.143 2
11 0.333 3 0.750 0 1.000 0 0.000 0 0.000 0 0.917 7 1.000 0 1.000 0 1.000 0
12 0.333 3 0.875 0 0.013 6 0.000 0 0.000 0 0.456 7 0.588 2 0.520 2 0.543 9
13 0.333 3 0.375 0 0.008 3 0.000 0 0.000 0 0.742 3 0.858 8 0.952 5 0.973 9
14 0.333 3 1.000 0 0.011 6 0.000 0 0.000 0 0.314 6 0.452 9 0.645 5 0.899 8
15 0.333 3 0.700 0 0.009 2 0.000 0 0.000 0 0.650 9 0.764 7 0.383 8 0.377 4
16 0.333 3 0.787 5 0.019 6 0.000 0 0.000 0 1.000 0 0.823 5 0.538 4 0.517 4
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Fig.4 Variation curve of error value with genetic algebra
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Table 2 Data for neural network testing
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VY /m i /MPa /m i /MPa /m /A R /em YUt /cm
1 0.000 0 0.000 0 1.000 0 0.000 0 0.000 0 1.000 0 0.854 2 0.166 3 0.262 0
2 0.166 7 0.075 0 0.000 0 0.000 0 0.000 0 0.158 3 0.625 0 0.000 0 0.000 0
3 0.333 3 1.000 0 0.131 4 0.000 0 0.000 0 0.000 0 0.281 3 0.493 1 0.845 3
4 0.333 3 0.300 0 0.491 4 0.000 0 0.000 0 0.622 8 0.000 0 1.000 0 1.000 0
5 0.333 3 0.175 0 0.051 4 0.000 0 0.000 0 0.394 6 1.000 0 0.601 6 0.750 8
6 1.000 0 0.100 0 0.022 9 0.000 0 0.000 0 0.027 2 0.572 9 0.284 1 0.574 6
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Table 3 Comparison of output results
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/em 500 1 B SURIUKIED WREA BiRUIR(EN R EAE BiTRIUR ) BEH
51.80 79.06 27.26 71.83 20.03 94.72 42.92 50.08 1.72
27.41 28.84 1.43 27.76 0.35 28.10 0.69 27.48 0.07
106.10 91.00 15.10 88.24 17.86 118.06 11.96 107.16 1.06
120.50 100.35 20.15 113.11 7.39 120.48 0.02 119.26 1.24
97.30 116.53 19.23 95.00 2.30 114.22 16.92 92.18 5.12
80.90 58.56 22.34 72.47 8.43 102.44 21.54 82.66 1.76

SR T RO M UL T 28R e AN ] O vk A B
F4 T 45 5% () 52 P LR 2 {EL 4T FE B, A 8] 7 9%
fR kA A5 RS LL I I& 9 B . AR B, ) A —
2 I 2% 7 1 TN A 5 2R R AR A R OR
B AR BT L DA 1 e 28 0 4% 50000 A5 7 A
H A Al SR e O AR 5 TR 22 e/ A R AR T 3 9 T
AW

140

120

100 |

Pk E/cm
x®
<

(o)
<
T

—a— LRV E
—o— RBFTRIIA
—a— BPFiIME

—6— ElmanTRM{E
—— GABPFUIME

IS
=)

20 1 1 1
1 2 3 4 5 6
RN
B9 RREZ bRtk
Fig.9 Comparison of output results using different methods

3 iR EEiR

(1) Mg P E R 5L 8 i M 2k 05 ik A B R
A AR B B U ZRAE A 0T LSS — UCUL I it i B
TERER B UURE 9 & S A L . N M ™ 2%

TR T TR A R R IR B B8 A0
IO AR A A LT SO B R R TR Lo o
SR, AR SCR LB AL Bk X BP B2 19 2% it 47 10 A b
S B T BP 2 W 2% 0 W SSOH 2 L [R) N A5 31 T
T P ASLAEL AT 3 £

(2) FETEA B FR TRAEA O R w5
By o 1) FH 5 A% DA A s 28 19X 246 o i 8 2 B e s 1Y) e ¢
DU B AT 00N L A o 5 R Bk OB S H A
(O AH 5 R BRI 0,982 3. 4 HE AR Ak B 45 I 2% 119 H
b AR OC RO i IR ZE N IS R

(3) HRTZ B 1 B il AT AR IR — B2 15 4F
20 4F, BE A 2N Bl B B0 TR R 3 A0 OR A AR
FIR o, s 57 A B[R] ) T I M 00 75 2 KR Y
GEUR . DRI R 400 A s 0 Kl as P g A DI A o 22
o 2 0 S ik fe ¢ U ek A TR el P B B Y
ST A A fEL

2 % Xk (References)

(1] Tz il 25 43 W7 B R0 e T o g 7 T L0 0. 20 8% T2, 2012,
37(5):180-182.
MA Yunfeng.Difference Method in the Prediction of Subgrade
Settlement[ J]. Highway Engineering,2012,37(5) :180-182.

(2] BI2R6 LT 43 J2 Rk B i DL e I e L 22 T AR 2k Il )
Sr AT L) ] BGHE TR 2 42 2009, 26 (3) : 7-10.
HU Guangrong.Multivariate Nonlinear Regression Analysis of
Time Series Law to Subgrade Settlement of High-speed Rail-
way Based on the Foundation of Layer-summation[]].Journal

of Railway Engineering Society,2009,26(3) :7-10.



130

},?ji-

Hi

T &

E ¢ 2019 4

(3]

[6]

(7]

(8]

[10]

[11]

[12]

WARAT LR T 2R LA i T i T AR A st SR DU L) A
+ 712 ,2004,25(7) :1053-1058.
PAN Linyou, XIE Xinyu.Observation Settlement Prediction by
Curve Fitting Methods[J].Rock and Soil Mechanics.2004.25
(7):1053-1058.
ZR k0 | BT ST 20 0 0 O TE TR VR XA A R T R T
Db R LT T AR A Ml R 2 2441, 2007, 35(12) : 45-47.
LI Hongfeng,SHAN Wei, WANG Lihai. Application of Experi-
ence Formula to the Settlement Forecast of Soft Foundation
Treatment in Seasonal Freezing Areal ] ].Journal of Northeast
Forestry University,2007,35(12) :45-47.
K RLA S A RAR. AR i ik DU 19 AR 2 kA BR ST 43 L . B
238 TR 5 H AR ,2007,5(1) :23-25.
DENG Chengfa, YANG Fenggen.Nonlinear Finite Element Analy-
sis of the Settlement of Soft Soil Road Beds[ J]. Traffic Engineering
and Technology for National Defence,2007,5(1):23-25.
IR JH Rk X 35 W UL 0 0 I S R 2 ) BT TR R E T
FE (07037 TR 2 42 . 2014, 36 (3) : 482-488.
SU Xiaocheng, ZHOU Tianlai, LIU Zhifeng. Seismic Stability
Analysis of Highway Subgrade Based on the Pseudo-static
Method[ ] ]. China Earthquake Engineering Journal, 2014, 36
(6):482-488.
R KRR Al SO L 45 3E X B 52 3 A 20 0E T 9 98 8K 3R 3
Ty RS T[] MR TR 2241, 2017, 39(6) : 1112-1117.
YU Huan, ZHENG Junjie, CAO Wenzhao, et al. Dynamic
Characteristics Analysis of Widening Embankmengts under
Asymmtric Traffic Loading[ ] ].China Earthguake Engineering
Journal,2017,39(6):1112-1117.
BRI RAE , B S5 SETF BP ORI SOM Bl 28 I 4% 4 45 A 1 1 72
TR FE LT ], 00N 2 24 4 CA SR BR 2 RRD 2018, 55(2) : 307~
315.
CAI Run, WU Zhen, YUN Huan,et al.Research on Earthquake
Prediction Based on BP and SOM Neural Network[]].Journal
of Sichuan University (Nature Science Edition),2018,55(2):
307-315.
XING S,JU J,XING J.Research on Hot-rolling Steel Products
Quality Control Based on BP Neural Network Inverse Model
[M]. Neural Computing & Applications: Springer London,
2018,1-8.
TU X,ZHOU Y F,ZHAO P,et al. Modeling the Static Fric-
tion in a Robot Joint by Genetically Optimized BP Neural
Network [ ] ]. Journal of Intelligent and Robotic Systems,
2018,3(4) :1-13.
ASIM K M, MARTINEZ-ALVAREZ F, BASIT A, et al.
Earthquake Magnitude Prediction in Hindukush Region Using
Machine Learning Techniques[J].Natural Hazards.2017.85:
1-16.
TRWTZE ) IR IF A D B 458 0t T 3 5 ME 3R s 4 IO 45 14 R Tl
T8 B B R BUBE R R AT S L) ). B R 5 TR, 2017, 17
(17):118-124.
XU Xinjun, GOU Yanyan, YANG Feng. Research on Early

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

[21]

Warning Model of Roadbed Diseases under Urban Roads
Based on GPR and Probabilistic Neural Network[]]. Science
Technology and Engineering,2017,17(17) :118-124.
FELRBRE L GE, G5 T AL 5 5 10 BP P2 ) 2% % 5E i
T B HOE BB 5 B LT ]8R0 41, 2016, 38 (4) : 98-104.
WANG Rui, QI Taiyue, FENG Jian, et al. Application of Ge-
netic Algorithm Based ANN to Forward and Back Analysis on
Tunnel Construction Parameters|[ ] ]. Journal of The China
Railway Society,2016,38(4) :98-104.
W 52, AR A A 56 FR 2 1) 3k bR 450t 28 ) 45 Dk i@
MR ] A+ LA, 2001,23(1) 1 14-17.
TAN Yunliang, WANG Chungiu. A Fast Approaching Model
for Rock Constitution Equation by Radial Basis Function
Neural Network [ J]. Chinese Journal of Geotechnical Engi-
neering,2001,23(1) :14-17.
L R Sk . 5 PR ) B AR R A 4 N 4K AR A
KRBT A0 1% 5 TR, 2002,21(10) : 1487-1489.
WANG Jingtao, YANG Yi, ZHANG Xiying. Neural Network
Constitutive Model of Sand Soil in Consideration of Stress
Paths[ J].Chinese Journal of Rock Mechanics and Engineer-
ing,2002,21(10) :1487-1489.
B AR ST TORL TR BP 45 TR A 1k A0 B AR e
WP LI BRI A2 5 T4 2015,12(1) :66-71.
HU Weidong, CAO Wengui.Slope Stability Evaluation Based
on Hybrid Lgorithm of Particle Swarm Optimization and BP
Neural Network[J].Journal of Railway Science and Engineer-
ing,2015,12(1):66-71.
X6 XU B R T A LT BP Mg W 4% R 240 B 19 1 3%
R PE S AT L) ] K e BRI 2, 2014, 32(10) :113-115.
LIU Fei, LIU Zhiquan, SONG Dan, et al.Sensitivity Analysis
of Slope Stability Based on BP Neural Network and Uniform
Design[ J ]. Water Resources and Power, 2014,32(10);113-
115.
KAUNDA R B, CHASE R B, KEHEW A E, et al. Neural
Network Modeling Applications in Active Slope Stability
Problems[ ] ]. Environmental Earth Sciences, 2010, 60 (7):
1545-1558.
FAEAR SR LL A, 5 BT 20 AT A A 2 0 2 A R T
SRR VEVE A v 9 B2 0K SCHB 5T T 5 5 2018, 45(2)
123-130.
WANG Jiaxin,ZHOU Zonghong,FU Bin,et al. Application of
Factor Analysis and Probabilistic Neural Network Model on
Evaluation of the Slope Stability,2018,45(2) :123-130.
T i B T2 A AR AR A 0 AR R A T 3 R T
W R LT ] R T AR 42, 2017,39(5) : 946-950., 980.
DING Lihong, MA Qiang. Application of Model Based on Co-
efficients of Combined Weights to Evaluate Slope Stability
[J].China Earthquake Engineering Journal,2017,39(5) :946-
950,980.
FEGE B /NN L B 5, 45 T 2 190 2% 1 A B s 1) 7R 2 ) T
(T 3% 207 1)



B 41 % L

) VR < 3 T I B A R 6 e £ D B2 A 5 B 5 207

M7 L) ] I % A TR R AR B R, 2017,18(10) £ 75-79.
XIA Zhenglin, XIA Dengyou.Study on Scenario Construction
Method of Commercial Complex Fire Based on Fuzzy Rule
Reasoning [ ] 1. Journal of Safety Science and Technology,
2017,13(10) :75-79.

WEEL)]. B0 TR %41, 2016, 33(4) :65-69.

CUI Yong, CHU Xiaogang, DONG Jia, et al. Prediction Re-
search on the Vertical Bearing Capacity of Pile Foundation
Based on Neural Network[ ]J].Journal of Railway Engineering

Society,2016,33(4) :65-69.

[22]  Epue skl A T4 2 ) 2% 70 A 2 T v i o 3R D 08

+ 412,2002,23(2) :173-178.
WANG Chenghua, ZHANG Wei. Application of Artificial

[19]

[23]

TRAL T KA A SR R R SR R AR £ A T A R
WEIELT ]2 2 5 B4 . 2015, 15(5) : 20-24.

ZHANG Lining, ZHANG Qi, AN Jing, et al. Comprehensive
Fire Risk Evaluation System for High-rise Civil Buildings[]J].
Journal of Safety and Environment,2015,15(5) :20-24.

Nz Az Ve Az Ve Az Ve Az Az Az Az Az A Az A Az A e A e e e A e e e e e e Az e A e A e e e e e e e A e e e e e e e e

(E#E% 130 )

Neural Networks to Pile Foundation Engineering [ ] ]. Rock
and Soil Mechanics,2002,23(2):173-178.

R, Bk B JE ROV BP Bl 2R 90 2% A 150 B B T 1 o A g
FALT]. VP22 Tl R %4, 2006, 26 (5) : 452-456.,

XU Shigiang, LIANG Wuxing, QU Zhanhui. Application of BP
Neural Networks in Forecast the Final Settlement of High-
way Roadbed[ ] ].Journal of Xi’an Technological University,
2006,26(5) :452-456.



