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Fig. 1 Structure of the superstructure of the pipeline-catching

vehicle
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Fig. 2 Virtual prototype model
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Fig.3 Diagram of the joint at the maximum elevation position in

Weightlifting
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Fig 4 Curves of the force amplitude for the joint

Ao YA R T R G S AT AR B A e A2
T ,1%)5 FOy ] SEPE TSR A T R S 4

2 REERBRTOH

A R T B0 R R RORS I, AR SORE 46 8 1A T
POAL B, i 4 R R AN 5 o, 2 2ORA R N R S
F/INE Z 18] 1) £ 738 AF , 308 2o 9801 3 422 S B AR 1Y



5 47 B4 8 1Y)

o B A BT M TR P 2R I 45 4 BRI A R 1) v S ST 161

R THAAUHOT A BEAS AL . FEAR b BT PR35 L B
25, DA 458 (0 AR B B2 8 T A R A s
Q345 D TR A BROCITH B, BRSSP
FENLX R AEAT T f 1k

Bs s

Fig.5 Parts of the telescopic arm

Xt 8l g 2 5 LR s 1 B S B T B BEA T A, KA
A5 AR A R LA S5 K G0 J 1, ~1 6 DB E AR i, S
T Ansys WorkBench A R 0 G 7 i 457 7 (4 5781
BRI HIE S HON R R IEMEE R 1R A Dl
KIE 5 ERBE R A s MO I YA B 50,0, 73 5]
AR 5 DL XHZ A R A T R (BT

F1 THEESBELAERZLER

Tab.1 Fiducial value and variable range of uncertain parameters
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Parameter Fiducial value Variable range
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t,/mm 12 +30
t/mm 30 +30
lg/mm 12 +30
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Fig. 6 Diagram of the grid model
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Tab.2 Magnitude of the three-way force

- x 71 7] yIri i 271 ]
Load x-directional y-directional force  z-directional force
o force F /N F/N FIN
F, 459.88 -1.436 5x10° 27 642
F, 518.50 -1.568 1x10° 12421.6
F, 227.4 -1.107 7x10° -35371
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Fig.7 Nephogram of the maximum von Mises stress
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Fig. 8 Nephogram of maximum displacement
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Tab. 3 Distribution law of each input parameter

B8 S A Yfds R brifEZE/ TR
o Mean/Upper Standard eviation/
Parameter Distribution type L
’ limit Lower bound
X [i1] 4
D) PR 126.6 64
Interval istribution
X [a]4
M/kg En.]ﬁﬁ _ 1500 0
Interval istribution
5/
t,/mm BN 70 14
Normal istribution
#/
t,/mm E‘“_ ﬂﬁ ) 15 0.3
’ Normal istribution
P
t,/mm SN 20 0.4
Normal istribution
#/
1,/mm E‘“_ ﬂﬁ , 12 0.24
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E&
30 0.6
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t/mm &4 12 0.24
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Fig. 11 Deep neural network model diagram
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Tab.4 Distribution of uncertain parameters ofnumerical studies ®
B I3 AT 4 3 _
Par:mifters Disﬁgzzzriype ;[Jii Vz::fce (a) $ TR ITRHE
m 4404 Normal distribution 1.0 0.05 () LHS
¢ 1EZ543 i Normal distribution 1.0 0.10 PY
¢ 1EZ 43 Normal distribution 0.1 0.01 l
r 1EA43 41 Normal distribution 0.5 0.05 Py
F, TEA4 41 Normal distribution 1.0 0.20 Y
£, 1EZS 4341 Normal distribution 1.0 0.20 Py
R5 3FAEM LR o |
Tab.5 Comparison of three methods Py
ik B AU iR T
Method Number of sample points N MSE ®
SVR 400 4.114x10™
BP-ANN 400 2.164x107 (b) R TSz TR
DNN 400 2.018x10°° (b) OLHS
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Fig. 13 Comparison of the two sampling methods
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Tab. 6 Parameters of DNN model

Z % Parameter {ii Value
PN BT umber of neurons in the input layer
iy AJZ 2508 H Number of he input lay 8
] B EApIw: umber of neurons in the output layer
v th E 4 28508 H Number of he output lay 1
B2 2T Number of the hidden layers
B Z %L Number of the hidden lay 3
S ey U2 S umber of neurons in the hidden layer 32,
BB M 22040 H Number of he hidden lay, 6.32.16
TS BREL Activate function ReLU
2¢: 2] % Learning rate 0.000 5
L timizer am
PeAbs% Optimi Ad
1% 2Z VA PRZL Error evaluation function MSE .R?
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Fig. 16 Prediction effect diagram of maximum von Mises stress
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MCS) AR, X b 3 Fh B3 5 AT LA 3, DN AR B A
A5 5 MCS Jrikim 2280, BB S R B, insk 7
JiR . T LR MCS 30T B I a], A8 SCHE 1

(S SED N/ TE R & S
R7 IMEEEMCS HEHERITLE
Tab.7 Comparison of results of three algorithms and the MCS
method

P =

Tk ¥R GRS LERORPS S

Method MSE Probability of failure  Relative error /%
SVR 0.008 8 3.385x1072 17.28
BP-ANN 0.009 8 3.461x1072 19.10
DNN 0.001 7 2.913x1072 4.04
MCS — 2.8x1072 —
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PES AT, B 245 1 AT HE 5 0. 970 87, 2R A 5
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Reliability analysis of telescopic arm of pieline-catching vehicle based on

semi-supervised deep neural network

YUAN Guozhi' LIU Wei' YAN Zilong® ZHANG Ruilin' ZHAO Mingxuan' SANG Jianbing'
(1. School of Mechanical Engineering, Hebei University of Technology, Tianjin 300400, China)

(2. Langfang Jinglong Heavy Equipment Co., Ltd., Langfang 065300, China)

Abstract: The telescopic arm, a pivotal component in the pipeline grabbing vehicle, links the lifting platform and the
mechanical claw, shouldering the majority of the load. Conducting a reliability analysis is imperative. Traditional methods for
reliability face challenges like high computational costs and low accuracy dealing with multidimensional uncertainties. To
overcome these, our study proposed an engineering mechanical reliability analysis method, leveraging Adams dynamic
simulation, semi-supervised learning, deep neural networks, and Monte Carlo method. In this study, a virtual prototype model
of the pipeline grabbing vehicle was established, identifying hazardous operating conditions. Combining the telescopic arm
model’ s geometric parameters and overall structure, uncertain factors influencing the maximum von Mises stress were
determined, conducting a sensitivity analysis was conducted. Utilizing optimal Latin hypercube sampling based on uncertain
parameter distributions, Ansys Workbench was employed to build a finite element model, obtain output results for the sample
size. Semi-supervised learning processed the finite element simulation data, enhanced deep neural network training accuracy.
Finally, based on the fourth strength theory, a failure criteria for the telescopic arm component was determined. Combining
deep neural networks and Monte Carlo method, the reliability and failure probability were predicted. Results show that this
method surpasses actual engineering precision requirements, provides a certain guiding significance.

Key words: Telescopic arm; Reliability analysis; Semi-supervised learning; Deep neural networks; Optimal Latin
hypercube sampling
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