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Fig. 1 Overall flowchart
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Table 1 Sample size table for component

fault identification dataset
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Fig. 3 Structure of the added small target detection layer
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(a)Normal rolling bearing (b)rocking pillow spring breakage (c)Normal locking plate
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(d)Locking plate failure (e)Normal bolster spring (f)Broken bolster spring
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Fig. 6 Oil dumping, locking plate failure, broken rocker spring
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(a)Normal rolling bearing (b)The front cover is damaged (c)Normal cross bar (d)Cross bar bending
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Fig. 7 Schematic diagram of a broken rolling bearing front cover with a bent cross bar

Wise HBL(PW £ 8D H 40 fn A R 1E & == (8] 4 & K PO ST 2t Ak J2 R 4 2 ) 4 B RN
/NP FEE E S H s Residual connection_ 3 T # il £ B4k, JR 4R MobileNetV3 #4325 28 2 41 %) Ima-
I PW & U 754 18 $4 H ; Residual connection_4 geNet $dig AT BT %50 4 A7 7E 1000 R



TS S < TR 27 2 1) Bk 5T 7 0GB T T 4 e e PR R R R T Y

17

28*28*24

]

PW,1*1,s=1,
BN,ReLu

1
1

56%56*16

PW,1%1,s=1,
BN,ReLu

14*14*40

PW,1%1,s=1,
BN,HS

1
i

112*112*16

PW,1%*1,s=1,
BN,ReLu

DW,3%3 5= [ DW,3%3,5= AvgPool2d, [ DW,5%5,5= ) DW,3%3 5=

1,BN,ReLu | 2.BN.ReLu | 2%2,5=2 | 1BNHS | | 2BN.ReLu |
! | 28%28*16 | | PW,1%1,s=1, | AvgPool2d,

( ) PW.1%1 ( ) BN 2%2,5=2
CBAM CBAM ol CBAM CBAM
s=1,BN

PW,1*1, PW,1*1, PW,1*1,5=1, PW,1%1,s=1,

s=1,BN s=1,BN BN BN

N———

28%28%24 28%28%24 14%14%48 56%56%16

AN 28%28%24 28%28%24 14%14*48 56%56*16
N =

Residual connection 1 Residual connection 2

Residual connection 3

Residual connection 4

B8 RIREERLEN

Fig. 8 Structure of the inverted residual link

MobileNetV3 Classifier

T*7%96 T*T*576 1*¥1*576 1*¥1%1024 1*1*1000
PW,1%*1,s=1, . .
BN, Hswish [ AvgPool2d J—[ Linear ]——[ Linear ]—
MobileNetV3 Classifier after optimize
T*7*%96 1*1*96 1*1%2

9 SEBEHE

Fig. 9 Structure of the classifier

) 0 P A TR OG5 21 2% B 4% B ¢ v DT 5 3K
PR R A AR S B R 500 B A T X 4
B 3 TR R A W R, P O 7 Ak 43 R T DLAE £
E R 310 A At 25 1% (] 42 ok IO B R kb el AR
BT B 5k 2 % 4 45 K Al R I A T B o L AT R
JE AR E 9 i . WAk o JERR BRI A 26
i B THAEERAE L AGE i — T B k2 — A
GV HE 2 B RN R AT ) S Ry A R 2

B, gk MobileNetV3 Z5# 4 & 10 s, H

i 11 AN FEA BRI G DU A (] 5% 25 3% HE 45 0 DL K
a5 P 7 2 H R AL A

4.2 Pt MobileNetV3s SCI8 45 B 447

W N B 1 S 7 B R A A I Ak —
L, H P batch_size & EH H 64, g5 F it i Mo-
bileNetV3 45 & P fig . ¥ H 5 5L i MobileNetV3
ML G 26 R ALE B 2 N 4% VGG16 #E 47X 3k
5 LR EE RANE 4 s,



RENH TERERER

18 Frontiers of Chinese Mechanical Engineering and Technology
Yt MobileNetV3 Structure
:“ - %ﬁ} )’\’ﬁ;ﬂ - : Residual connection_ 4 Residual connection 2 Residual connection_1
| | SEmE——
*
: ‘ CSHVZd"?) 3 Bneck 1 Bneck 2 Bneck 3 Bneck 4
I I s=2,BN,HS - - - - . .
I I Residual connection 2
1224%224%3 | R —

,,,,,,,,,

Bneck 7

Bneck 8 l
Residual connection_1

— >

Residual connection 2

Bneck 9 %

Residual connection 3 Residual connection 1

‘ Residual connection_ 1

Residual connection 1 Residual connection_1

|
|
|
J——-—1—[——-—1—Mneck_l 0 Bneck 11 = AvgPool2d H Linear
|
|
|
|

‘ l Bneck 6

Bneck 5

10 B3t MobileNetV3 [ 4% 4544
Fig. 10  Structure of the improved MobileNetV3 network
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Fig. 13 Recognition process for crossbar bend failure
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Fig. 14 Detection results of crossbar straight lines
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Research on Image Detection Algorithm for Failure of Key
Parts of Railway Freight Wagon Based on Deep Learning

[LATI Zhibin,SHI Hongmei"

(Institute of Intelligent Detection Technology of Rail Transit , Beijing Jiaotong University, Beijing 100091, China)

Abstract ; The parts failure of railway freight wagon is one of the main causes of wagon accidents. Current-
ly,train inspection work mostly uses "human eye recognition" to determine the part failures, which cannot
realize the automatic fault identification. For the problem of automatic identification of key parts failure.an
image detection algorithm based on is proposed based on the combination of deep learning and image pro-
cessing technology according to the idea of "first locate, then identify". First, the parts detection data set
and parts fault identification data set are constructed. Then, the Small-Target-Detect-LLayer and CBAM
YOLOv5s(SC-YOLOv5s)are integrated with the small target detection layer and Convolutional Block At-
tention Module to realize the localization,classification and cropping of multi-scale key parts. Finally,an al-
gorithm based on object detection results and prior knowledge is proposed to directly determine the type of
loss fault,and the improved MobileNetV3 classification algorithm is proposed to realize the automatic iden-
tification of three kinds of faults:oil dumping of rolling bearing,loosening of locking plate,and breakage of
rocking pillow spring,as well as the image processing method to realize the automatic identification of two
kinds of faults: bending of crossover rod and breakage of front cover of rolling bearing. The results show
that SC-YOLOv5s mAP@0. 5 and mAP@0. 5:0. 95 can reach 99. 3% and 74. 9% and the detection speed
can reach 36. 09 FPS; the improved MobileNetV3 algorithm can reach 98.63%,99. 34%,and 90.21% of
the recognition accuracy of bearing oil dumping,locking plate loosening,and rocking pillow spring break-
age;the recognition accuracy of the image processing method for crossbar bending and rolling bearing front
cover breakage can reach 95.32% and 82. 88%7 ,respectively.
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