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Abstract: A general automatic fault recognition algorithm based on sparse-coding-based spatial pyra-
mid matching and Genetic Algorithm Optimized Support Vector Machine (GA-SVM) was proposed for
fault detection of the bogie block key, dust collector, and fastening bolt in the Trouble of moving
Freight car Detection System (TFDS). First, the image of a sample was divided into patch areas in
different scale spaces, and the Scale-Invariant Feature Transforms (SIFT) of each patch area was ex-
tracted. Sparse coding was then performed by iteratively learning dictionaries using the SIFT features
of randomly extracted samples. Second, principal component analysis was used to define the contribu-

tion of the encoded features towards fault recognition accuracy and reduce the dimensionality of the
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coding features. Then, the SVM classifier was trained using the reduced dimension features after cod-

ing and optimization with the genetic algorithm. Finally, the trained classifier was used to detect the

bogie block key, dust collector, and fastening bolt faults from their images. The experimental results

show that the algorithm can adaptively recognize the three different kinds of faults. The fault recogni-
tion rates were 97. 25%, 99. 00%, and 97. 50% for bogie block key, dust collector, and fastening

bolts, respectively. This technique is robust to noise and illumination changes and can meet the actual

detection requirements of a vehicle’s structural faults.

Key words: Trouble of Moving Freight Car Detection System(TFDS) ; sparse coding; space pyramid; Scale-

invariant Feature Transform (SIFT); genetic algorithm; Support Vector Machine(SVM)

1 351 =

Bifi 5 ] 28 0 B e R L R s ATk E
28 R ] R 22 B 1 SCAE B 22 TR Y 2R ¢ 42 42 1)
R H 4532 BB . 0 41 3 R ] 3 el A
MR IR B AL EEH HEP TR, K
LUIDE S O MW (EE PR NIRRT B X S = i
DU VA AR ORI A 1 22 Bk, e, IR
Wh& T A% 438 17 W 2 3 RGO T R St
(Trouble of Moving Freight Car Detection Sys-
tem. TFDS) . i 15 2 5& £ B W1 0] F) g o $2 AR AL
RARATIE P B SC AR AL R . T IRMBCR AR
B A KA B A R AR 32 3108 45 KA G A
Lzt RahSF R R 2w, R LB R S B
O BN [R] | W 7 TSR 45175 0 158 743 i s 45 ) R
A AR AG o R ME . BN ax g R B AR T
REF X HE T TFDS (9 F 8l i B U050 53 12 ik 47
TWARBEE

Ze1% AU H) F Haar 45 4F Al AdaBoost 8.9
ey 22 8 3 26 DAR ) I 3 I TR M L 1 v LR
HEATA RO B (R B e i R OR & . Lin 450048
H — i TR A R G A SVML Y il 2l 3 4 4
B B R 5 R NN B i R R R L
FURRAEA 34 f7 B, JC 0k X 2 Z¢ A BE . Liu 450
3 o B I A5 B e A i ) A R G B R AR L &5
4 AdaBoost F 1% S B £ 8 Ay PR A I, H 5 vk
HEmf R, Li 0 4R Rl Bk T R 56 5 Y B
WA AR 7 A S ) & Pl (Support Vector Ma-
chine, SVM) 75 3 K 51 47 2 4 i 5% [ R 4
TR D738 i 1 vk A 3RS B 5 1) 3 R BE
PR R AT R DX B0E A7, 8 T M R AR A ik 7
454 SVM 5 Bk U] R RBOR B4F . Sun

SEUTR P R R G B IR B L X
Ti B REA ORI B O H 2 32 KR Bk T AR A5 A
A R ] 758 53 A 2 1) SR A B B RO RBOCR AN . Liu
AT H Y P S X R ORI AR A 0 24
0 JE A AE SR, I 2355 i B 03012 2 7 T [ 6 J¥E L
75 Kl (Histograms of Oriented Gradients, HOG) Fl
SVM iy Aa adt H prcz 0 5 460 £ 5 2 7 Lk, S
U5 % R G ST e A 2R R R S
W, Sun 2 AF 6 B 28 ) 2% (Convolutional
Neural Network, CNN)XF$4EH il 244 25 S p R 17
PO RO E O R B . B T R RS,
R E XSG G 1) 26 JH Al 5 2 30 A il o A
WMFEAT T T Z B9 el R g A B AR
Pr ey 2110 R e e ) B

DL b 235 4 B0 s e TR Ak 3 O et
TFDS H 047 o B i 47 BF 5%, 40 1k 1 38 42 F
B REVEME DLORIE . TR B 2 ) B0 T AT R g —
2 e o N7 R R B RE A P R A 1Y) B D BT
0T 00 28 A5 R 114 005 RUOCR 7 A T 4 B2 L e LA DR
TE U A 38, H SRR DI I [R) B  x fe 7 75 5K
K., BT TFDS & il b A R % £,
SR B 3 Y [RTR b A7 A8 R Y A% BT TR T D) 4
P X 5 2 T BT A9 51 G G B SR Al 3
FHAS I A2 HA H R Y 52 A (B .

BT YA b2 R AN WL R 5 AR
9 A/ IN R TE 2 TG 56 g RUJEE AN A8 ¢ iE 72 48 (Scale-
invariant Feature Transform, SIFT) 4 1iF £ 5 H
David S04 L 2 — R 0 e 3 AR AR 1 50k L
XL R OO R Y R R e
S. Lazebnik 2108 SIFT $FAF B JE Rk 1L 85 A2
() 45 SRS LR XT R FR AR AT — U 3L, 4 Y 28
[f] 45 F & DL E (Spatial Pyramid Matching, SPM)
k. SPM X EURAY Hliik fiE ) 58 . & MR kL)



5% 12 3]

PN AR o A5 B T i i 1) 245 1) < P RS DE LA GA-SVM 5981 42 st B sl sl 3089

Z 0T AR R X g U R S 4y 2 AR
B, R, SPM7E g i i — A4l 8 7 R RE
SR NI L b KRR BT R A E A
1R7% ., Hibi g% % (Sparse Coding, SC)J&— Fh TG
W2 S T v Ok S 4k — 21 ¢ 58 A 7 Bk 1) ROk
B R RO R R FEA K . 5 AR B g B AT LA AL
REAREE A 2 22 $R TR AR e, Horp, SC A
L 26 B2 L FH 7 43 e o ) UG A B R
H A PR ) AR B R S

YT AR SCHR P R T e B S ) 4
FHEPLIE (Sparse Coding Based on Spatial Pyra-
mid Matching, SC-SPM) B H B 46 I 551, %A
2 X BT A REAS AR A ORUEE STFT Ak, 4%
J5 AE G RE Al E 5 1A B 2 B 5 10 R A TG Y
s A R I 28 5 00 RF 0E R B . [m) I 3 ok gt 1 5
#: (Genetic Algorithm, GA) XT £k SVM 42548
HEAT S H Ak 3 Ao il S DX 3 Ao i 3R]
AR S B AL AR [ 28 58 L, A R T T8

2 Hk4EM

TEFDS (5] £ R SRR E L, 5 OB BT 3=
BEAE e B ) R L B R G RN G B A AR
T e rp i 3l R 48 N TR A SR R B A R RO 2
TEDS K A EE AL 3R . AR SCEZE X TEDS i
3 Z 40 1 P4 8 (Bogie Block Key, BBK) (42
% (Dust Collector, DC) Fl% 45k 81 & R 44 (Fas-
tening Bolt, FB)IX 3 & CHE T A A7 R

TR G Ay S WA o AR U i R AR
it e, BARRLHWE 1 PR,

Y ad F2 b, o Je o X BB S L 4y S
IRCIE AR (¥ TFDS J5 4R PG X B AR R AT 0
Aab 3 38 T3 4 0 RS E AR DCIRCTE RE AR | B R DX B R
AFNAE H AR X BREAS 3 A2 500 0 R A B I 122, A8
Je X BT AR A B B STET A4 IF: 38 8 5 % Gt 5 11
PCA [ 4 b 3 A= 1 4 T R 5 05 S 205 45 A i AR L
FIBR 25 JB PR R N 2R e Pl SVM 432588 . R &
H A B Oy TEDS SR 4R 2 i 5 i R, & 5
Bt — 5 IR AR R /N TR ROT(Region of
Interest) % HF [R5 2547 38 g . 3% SR A 3t Jig B
13 EMR ) SC-SPM H#1E , fi Ji KR8 A iy A I 25 4
f 73 26 A5 52 UE AL IR

N RgT
! TFDS KA 5
ikt 1 ra
EERKE BRKSE BRXiG
BA i3 #

| T ]
E [ s |
|
§ PCAFFENEE

| BEEE| 23
: ©A) =ik
peingl BlESVMAEE

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

Bl 1 FkmaE
Fig.1 Flow chart of proposed algorithm
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Tab. 3 Numbers and inspection results of test images
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Fig. 8 Part of inspection results in different faults
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Fig. 9 Part of inspection results in different faults after loading Gaussian noise
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Tab.5 Results of recognition after grayscale conversion 23]
e MDR FDR CDR
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BBK 2 1 4 2 94 97
DC 3 1 3 3 94 96
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