CRIECIE BPE Y JesE R TR Vol.31 No.12
2023 4E 6 f Optics and Precision Engineering Jun. 2023

XEHE  1004-924X(2023)12-1816-11
ETEExEIMKRENMEERNEB RN 7TE

?ﬁ%il Z 5& I\P
(1. b7 x# A *A%ﬁz%%%%%ﬂi%‘wﬁm 7 100044;
2. hERFBAY FEFHRAWEAFEFQ,AE 100044)

WE . 5 ARE BBk 2 2 F O Y E8 RN Z — ARG ) 2R AR AR AT W 25 1 2k, (H 8 8% 3 5t

AR FEARAR D HoMET A, A SCHR L 1 3 T WO 4 o0 2 R BRI /INREAR S ) ARSI T vk o O Tk AR BAR RO 4R

AESRAETE 43 S R HE 00 KAE T 48 77 5 730 T80 2 0 AL 1% e i 4 B0 2% Sy fiff DR A AR 50 ae AN 2 I A S RE AR T AR AIE 5

(] ™ 2 i 5 A TR A, 4 T — P R T 2 O OUA A 1) 4 T T 2 0 T A AE OE s BT I, BE T center loss 558 R R T

rhL O A JE R BRSO T /NKRE AR I 28 Y11 5, 5 TR AIE 255 [ o () 28 SRR A A1 1 B M o 78 2 L8006 4R minilmageNet |15

22 B /NRE AR 27 ST R IR T SR G B AH BE R SO TE 5-way S-shot % B R BG4 2 a i RAR TH T 7.31% . TEERBR AR /INEE

Zli’s@('}ﬁ‘%ﬂ"l 5-way 5-shot {4 il 52 56 28 W « 48 SCHE S (4 38 38 7 & S1 ML (Channel Attention Mechanism , CAM ) Fl #1004 3¢
PRERCA3 AR T 0. 86 %6 I 1. 91 V6 (104G DUAK 5 B2 3 198 24 b 081 AR 5 I 22 2 o G DN A 5 1) 2 T AR TR B R, 43

@Ja 05% #16.70% , bR ER45 0 M $2 TICRIK SN T 7.90% ¢
X B OWMAHERFIEFAFII HIERRAAZ; B AR EE S AR
hE SRS :U298; TP394. 1 XEkFRIRED : A doi: 10. 37188/0OPE. 20233112. 1816

Railway few-shot intruding objects detection method with

metric meta learning

GUO Baoging"*", ZHANG Defen'

(1. School of Mechanical , Electronic and Control Engineering,
Betjing Jiaotong University, Beijing 100044, China;
2. Frontiers Science Center for Smart High-speed Railway System,
Beijing Jiaotong University, Beijing 100044, China)
* Corresponding author, E-mail: bqguo@bjtu. edu. cn

Abstract: Object intrusion is among the primary causes of railway accidents. Typically, traditional deep-
learning methods require numerous samples for network training; however, intrusion samples in railway
settings are scarce and difficult to obtain. Thus, in this paper, a railway few-shot intruding-object detec-
tion method based on an improved metric meta-learning network is proposed. To better exploit the fea-
tures of intruding objects during classification, a feature-extraction network based on the channel attention

mechanism is proposed. A network based on fine-tuning of the class center is proposed for class-center cor-
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rection to solve the problem of individual samples deviating in the feature space of insufficient samples. Ad-
ditionally, a central correlation loss function based on the center loss and cross entropy is constructed for
few-shot network training to improve the compactness of the same-class feature distribution in the feature
space. In experiments on a public few-shot dataset called minilmageNet, the accuracy of the proposed
method is 7. 31% higher than the optimal accuracy of the classical few-shot learning model. In five-way
five-shot ablation experiments using a railway dataset, the proposed channel attention mechanism and cen-
ter-related loss function increase the mean average precision (mAP) by 0.86% and 1.91%, respectively.
Additionally, the center fine-tuning and pretraining increase the mAP by 3.05% and 6.70% , respective-
ly, and the total mAP improvement is 7. 90%.

Key words: few-shot learning; metric meta learning; railway clearance intrusion; object detection; atten-

tion mechanism
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Fig.4 Improved channel attention module
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shot B & T, AR SCH M L T3 A W 45 + CBAM
A6 RS JEE 4 SR T T 4. 64% F12.54%
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Fig. 7 Sample distribution with and without model pre-

training and center related loss
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Tab.5 Experiments ondifferent attention mechanism( % )

W] 2% & 44 5-way l-shot  5-way 5-shot

FLAR [ 2% 59.014+0.41 77.534+0.25

FEAR [ 4% +CBAM 58.124+0.26 75.85-+0.23
FEAR ML+ ek CAM 62.7620.41  78.39+0. 24
9T B UEAS SO R R T R

&L RO B 1 AR R TIN5 A R AR S5 2K R
B BRI RO B L AT O DUAS SCR o o A R
9 FEUE 3 0 A 9 28 Hoin A 23 i) ik DU A A B Ay
THRSCK . N T RIESE S A 2P 7ol 2ot
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F 25 0k S RS 52 T 20-way 5-shot /NFE AR
AT S VCE A R B O A b B e e A R
F 5-way 5-shot 52 &, H oy R 25 o IR ) 2 0 i
PRES, SE00 45 AN 6 fros o B0k iy T 2 0 AL
CAM BEHRAERT FE & A BB s 1
0. 86 %0 A A IUHRG B2 5 v a0 AH SC 51 2% R BCAT LA fif 75
[) 2 S R AR TR I SR L B TR T 1. 9106 Y AR A

JE 5 26 rP O ORI B30 1 T LU/ I 7 A A X 2K v s
W he AR B TE T 3. 0550 AR RS B B A T
I 255 R DUHS B2 #2717 6. 70 %0 5 U 35 45 G K
DS RESE3R T 7. 90000 dtbal W, CAM 5 0
AR S AR % BRI KRE A8 /) B 42 TR Y A RS JBE 2 v
O T 5 R TR TN 2 o 8k B K R A TR B
THEE R, B3E TR o
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Tab.6 Ablation experiments on railway datasets

BEAMYE  W#HCAM KO RE PO ARXEHIR BRI 5-way 1-shot 5-way 5-shot
NG 59.0140. 41 77.5340. 25
N N 62.760.41 78.39+0. 24
N N — 80.58+0. 24
NG NG 64.90-0. 39 79.44+0.22
N NG 64.160. 40 84.2340.23
NG N N N/ NG 65.91+0. 35 85.44+0. 25

1E 5-way l-shot & & F , B 24 2 $R4E v &1
FEN R A — 5K B BB A O B AN B
EAE R SO A8 2% R Bl 5] A CAM
BB, A RS B AT B T 3. 7500 5 B i A TPt
FH OG0 % bR B, A TNORG B AT £ 5 5. 89 %05 A
BRI 5 R oRs BE 48 5. 1520, 5 FETM
2 ResNet12 /5 L, 750 B #r B o5 XU /N,
T A e i 08 3 B T PLET C AM B ER AT LAY 8506 1
B BRRE {0 AR 43 S i o YA TR R
) IR Ak B S R v 26 O B AT DA AR BR
RFAIE 23 8] 23 A O 5 (] 288 O3] AR AIE A 7 1 MR P A
A I T 5 T e A DA % RR BCRT DA 45 7] 28 )
SR TE R AR 23 8] v S K s, A A TR 2R
5328 s 1E T 5 22 /T 51 ARSI 25 AT DA AT AR AE
e S5 D) 4% AR A5 T = 0SS 00 M RRAE B2 R
JIH R, P, R B CAM 268 vl Bl 55
bt A DGR R pR BRIV Y B 25 AT LA AT Rk
T I 25 1) 43 2 A 0 kG
4.5 ZTHEHAHENERERENZI

T UE R AR B X N A A ) A Y 5
M), A SCHR YRS N 2k B S HF AR AR A B i i AT T A

K S8, 5-way 5-shot, 5-way 10-shot, 5-way 15-

shot Fl 5-way 20-shot 1% ¥ T B9 52 50 45 a4 7
7N, VAT DU Y, Bl G SR B T R A B Y 4
T AR S T 1 /N AR 2 3 R 1) 1 1 R s ek

T+, 1E 5-way 20-shot #% B T A LAik #] 93. 51+
0.21% MMER AR, T 58 bRk i 3 50 0 FH b X
B RN BRI Lok A B AT AR M, B
R H 5-way 20-shots BRI LB A Tz /9 52
bR A8 . B Ah , 7E 5-way 20-shots i & T
K AR U (4 - Y FE IS S 0. 426 ms, BEAZ i
%715 L | N =i BN o = I o s

RT AEKEMRERE
Tab.7 Model accuracy under different K-shot (%)

N-way K-shot Accuracy

5-way 5-shot 85.444+0.25
5-way 10-shot 88.16+0. 22
5-way15-shot 91.2140. 21
5-way 20-shot 93.5140.21

B BUA TR B o7 o Bk AT AR TR 9 A
R H OB G5 FE A R0 T Bk i 2 SR B
TR AR IDU IR X 79 1] AT, AR SCHR Y T 6 F Bl b ¥ i
JLEE A R B AR AR HAR U J5 vk ol ad
BT L T 1 T R P A R e 25 T
BRI AR I, 48 5L T2 L RO AR T2k
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P 4 minilmageNet 55 2k [ /NE A £ i 45 1y
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B IIHLE CCAM) F G A] A % R 0N ) 265 46
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