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Zero-shot fastener detection based on Autoencoder
SHEN Ruichao, CHAI Xiaodong, LI Liming, SUN Rui,ZHONG Qianwen

(College of Urban Rail Transit, Shanghai University of Engineering Science, Shanghai 201620, China)

[ Abstract] Fastener detection based on deep learning needs a large number of manually labeled fastener image data sets. However,
there are few negative samples in railway fastener images, and the unbalanced data sets make the generalization ability of deep
learning model poor, which can not achieve the effect of fastener state detection. To solve this problem, this paper proposes a zero
—shot fastener detection method based on Autoencoder. Firstly, the image features of fastener positive samples are extracted by using
Under complete Autoencoder, stack Autoencoder and convolution Autoencoder. Then the distribution space of negative samples is
deduced by the cosine similarity between the feature vector of positive samples and the basis vector. In the detection process, the
results obtained by the respective encoder algorithms are used to determine the sample attributes by voting algorithm. Experimental
results show that using this method, in the case of only using positive samples training. The accuracy is 95.59% and realize the zero
sample fastener detection, can effectuively detect the negative samples of fastener image, can effectively detect the negative samples
of fastener image, the accuracy is 95.59%, and realize the zero sample fastener detection.
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Fig. 1 Algorithm flow chart
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Fig. 2 General structure diagram of Autoencoder
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Fig. 3 Undercomplete Autoencoder
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Fig. 4 Stack Autoencoder
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Fig. 5 Convolution Autoencoder
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Tab. 1 Truth table of voting method
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Tab. 2 Experimental software and hardware platform and version
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Fig. 6 The state of the fastener
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Tab. 3 Minimum similarity of each algorithm
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Tab. 4 Experimental results of the Autoencoder

RPN :
EHARK B GO O
a1 2 2 143 158
ESUNEE R 147 162
R5E% B i A 135 164
EZ CiE i 159 166

SCHTUENT, A i a n] LU OB BT RAE
R0 FBRAR BRI 31 g 2 2 18] o, ) P AR AIE 22 1]
AFRARE S B T A IR IEREAS 195 0 T A 414
WE . WA YR B BCERFR  UO S BUA S
for (G BURRA R BE B 47 M 4 RO 00 14 25 TR R i, fi



59 1

HiEA, 55 25T A i a A T REA NG 127

19 3 Fp A gt %, B A i A R IR LF,
ZRAREREIG  TEAEAS (RS 50 A A A B A
B B A BT .

PRICEMH VGG TR BE 5 2] I 48 X #6147 43
K A B HOG RS AEER IR SVM 4326 8 4%
A7 A FOE ) BRI MRS ARTE A AL
PR R TS | Rk W AR SCRRL I A AP 7EAH
[7] () SR RSE A S A RN B T R AR SO i 5 LA el
BT, IFE A BAAKS FE (Overall Accuracy, OA) |
K2R ( Precision ) | B 2% ( False alarm, FPR) Flw
K (Missing alarm , FNR ) PFAl7 $11 4R A 0 4 7%
X (7)~(10),

TP
0A =" x 100% (7)
N
NTP
Precision = — x 100% (8)
NTP + NFP
Nip

FPR=—" % 100% (9)

NTN + NFP
FNR = — — x 100% (10)

Nip + Npy

Horpr | TP FRBIEGOER 2R A5 N %R
AT AR R N R B IR AR R
N o 2R SREAS AN A TEREAS OB 5 IV, SRR %K
PasE h AUREA I B L 5 N,y 7R IERRASBIAG I R 172
FEA R,

PRRg SR 285 A ARG S T B 8 4 4, T LA R
UEREMORT RE A IR BT | M B A Iy, 305 0 652
WA R 5, SR Al A GERY PL g )
TEBA TR BARR I 22 , AN REIR BN FIRAS
R AR s B TR~ 2T B9 VGG W4 Hd i 7 )
IEREAK , SANS EEAE iR R, AE T
FOPEARS DN X b SRR AR B B B0 3 AS SOOI AN 2
TE S VAN B30 2 R R T 1T EL I PR D5 EA R A B
WL, A A VRN TR AR AR SCER T A D 3505 e
U, ST R REAAG N R BRSO

R5 HESEIBLER

Tab. 5 Algorithm classification experimental results %
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