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Research on the high robust multi-scale few-shot railway intrusion
obstacles detection method based on FRL-Net
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2. School of Mechanical Electronic & Information Engineering, China University of Mining & Technology, Beijing 100083, China)

Abstract: Aiming at the serious threat to train safety posed by the railway intrusion obstacles, while the general object detection methods
based on deep learning struggle to break the barrier of data-driven training, the few-shot object detection methods have weak detection
ability and low robustness for multi-scale obstacles in complex railway environments, this paper presents a high robust multi-scale few-
shot railway intrusion obstacles detection model ( FRL-Net). The model utilizes the meta-learning strategy to capture rich feature
information by designing the multi-scale few-shot obstacle feature extraction module, which can enhance the model’s ability to express the
features of few-sample objects at different scales. The precise reweighting module is used for optimizing the meta-feature at different
scales, and the few-shot railway obstacle detection optimization module is proposed to further enhance the few-shot railway obstacle
detection performance of the model. The experimental results show that the proposed model achieves the mAP of 81. 8% in the 7-way
30-shot few-shot railway obstacle detection task, which is 3.2% higher than that of FSRW. It is more suitable for detecting few-shot
multi-scale railway obstacles in actual railway environments.

Keywords :railway intrusion obstacles; meta learning; few-shot object detection; multi-scale; deep learning

17 SR is i S SR R AR AN AR A
R BRI IZ R 245 25 KA AT R TR A EE A, 5 1k
[R5 42 (2 3 2 st ok sz A 2 A, 7R AR
Buitas il F R T E 2GR R mRSGHEFRAPEY S AR R R KRR A ]

0 3l

12

Wk H 9 :2023-09- 19 Received Date: 2023-09-19
w BEAT H . K E T 3¢ 8 48 BB R R TR (2022-09) L db mt T B SR BE 2 4 (1221018) B A RS &R e db nt 5L 5 & O IR
(GXKF2022001) \KHEAK2E H EOIHT RS (2023XHX-0019) T H ¥ Bl



240 f# £ ¥

a5k

D SRR B S R RS N R IR
RS G B H AT, B2 N R A AT e
U NCIE A G ST EiyNE 175 SO v 1 A (71 v R R 1B BN =
Stk G ER R LT A 3 S & R AR 8 4
TR M RAA I =% 2 HAA B L,

Wil 25 31 SEATLAL B8 R DG4 R Y K i | ke i 22 11 2
FW R TR 2 > 1 B AR K AR TR 40 Faster-RCNN! Al
P RF5E— K (you only look once, YOLO) (07 2 sk Ay ok gk
IR TR0 AR SR b, s 4 S s g
Faster-RCNN H (9 5 HE B0 12 TH R S BLUE AR #HY
KL BE ; Guan 251 8 i S35 ML) O ol gk
Jr AR BT 2, 7 A T ASE TR AG RS 35 A T4 R KR R AR
B R I A O B T — AR B R B A
RFYAR AR ] T /N AR REA I AR AL, AR, iR
FEF T SR 2= (LB NR YR R R R
BAEIR Bl WS RS 3 20 i s R g ek 2% 1, SR
S, T HEE AR SR 58 R MR RUR o] S0 e % A
KA S EIE 3 5P BOR AR A A A LR 4R A
BRERIFEBARRE A 3 BV ZR AT T R fE 78 e e
FEERRL,

JINEEAR E RS AG T AR FT 1 3 KR Bk 3 B 42 11
ARFBe, TFAN il i R A IR 3 46 -l o i —
AEFUZ LS BN REAR K FSCE'™ g X L 2 ) o
W T/ INREAR B ARKE AT 45 . MPSR' i AR TH]
KN B ER B 1T B /INEEAS B8 4 v 1 R s
P, BT BAG I 7, (0 T %l TR N T F
b 27 (L fE  #7AE — 2 B Jm BR P, FSRW!7' | Meta-
RCNN""™ 43 Meta-DETR"" 51K 76 2 2] 5 w200 R ] F
YOLOv2 Faster-RCNN DETR " rfr {45 ol i J fr A 40 L
#H/AINEEA BRRAGINGE 1, Li 2520024 2] 1 YOLOv3!
G4y DA AR R )RR AE HRECRE T 5 Zha 25708 GAN' i
FH T/ INVREAS R 0 45 058, — 25 30 16 18 SRR e 4 1 A
TAEF LS T CME ™ 78 FSRW (1% 3R _E {8 Ak 45 AF
25 (A 3k SR TS Y (A /NE AR RS I PE B, Chen 2570 1%
TE T — OO IR 1 B AL, BES i A L R/ IEEA
SR Rl S NI S Y R S N g l  M y NE 21
RN EZ L, B THIEFERR RS
B ZE AR SR A R B 2 R, Bk /N AR
RO IR X L v A 3 8 b AR ) 22 RS /NEE AR 3 H
Fro T H, BATHEEA 528 0/ NEABLE AL S04 )
PHATAFFE . Gong %7 1 YO/ INEEAR H ARG I 42 A R
FRRHEAATAANZ SR I H , FoAE MAML 3803 %) (i 365l
AR i BE AL b 2k o0 45 Oy 2k e S T e
B 3 s DR o B AR 7= A A e 40U ) A, TR 5%
JB/INEEASKSIN 2 AR R F 8 AR S PR 45035 1 47
TR BIB9S P 28 50 Fh A /b HLT % K i

it T o, SRR T AR B R U
ZRANZE PO O Y 26 X0 /R AS BUTE AR S A T U
{HIZBRLIE R X 2 RERUIE AR 59 (JeH 2/ BR)
ARG DUPHG 32 045 P [P R A T IR A8, HZAE R E &
ZRBUIE PR R ARG M RE QL ATS 5 HE— 2P BIE

BEXE EORAIRR, AR SCH Y — R B B 2 RO /NRE
AREE AR ZYRNAR A (high robust multi-scale few-shot
railway intrusion obstacle detection model, FRL-Net) , B
TEVNAFEA K 52 BRI T $2 T oA B 8 s Uil /VRE A
B AR, ZARIFE 7-way 30-shot FHLIE AR S P46
fE55 S BL T 81.8% 9P X K5 MRS [, L FSRW
3.2% , B A TE S PRI A4 BUE PR oS HEAG DN 22 RUBEA
(Ea227/ /M SrYINEL VN =222 78

1 INERPENE RN ER KT R
BN

L1 BRELGHREN Sk 451

A SCT R v P 22 RUBE /IR AR LT AR S
KA FRL-Net )R AL WA 1 B, ih 2 R/
FEAR AR 5 9 47 1F 3 B e ( multi-scale  few-shot
intrusion obstacle feature extraction module, SEM) Hil A
1% 57 W ORI G M FE INAUE R ( precise weighting module
for the meta features of railway obstacles, PRM) ZSIVANY =N
BB A SR A AL B (optimization module for few-
shot intrusion obstacle detection, FPM) ZH A, HA, Z R
JENFEA AR S ) e AR S SRRy 1R P 43 32 I 45 4
A S AL S S EANE R 7 RIEWN C 7 7L SR R HE- &
L JRRHIEAR B RE S, R 4 SO 46 67 58 85 A8 [R) 2R 501 7Y
INEEAR NAZ S TORFAIE ; BUIE AR 5 W) JC R 1
IR 7 52 0 22 RUBE/INEEARS AR S R AiE i B B vp
P43 S T S U R AR A5 5 AT A R % | 2 1 2 A5 A
ARG DUPHS S8 IS T 5 e 5 /PR A BT A A= S 0 A6 DU A
AAS S 2ok B X P B 40 2 v 8O0 4G N 3 R AT A
BB e O SO i — 20 SR THE R /A B3 H AR A
DA RE o
1.2 ZRENERNERVFFEREELR (SEM)

ZREMEAR ANAZ S P RS U S by B W29 3¢
ROZKZH I, AL THE A SRR I — A A . B s
Z R AR 5 W R RS M 28 CNN,, 3% 25 B |
SPPF I FPN 2 RUBERFAE L& WIS 2R, anPe 2 Jfs

L 416x416 K/NREABIG I e R™" Ryl i%IA]
BERELKA 1133 BRFTREY K R5a%
B 25 P 28 BRI B 1 i G0 UAE ROT s UEHR T
SRAE, H Y2 B2 TR R Y RE I 2 HURE ) I S0 B TH



BRY 4 & T FRL-Net B & L2 JUZ/ MEABLE AR S PR N 7 I 05

241

---------- ittt B ettt |
' i || S B SR |
i hy L L L ':
| 1
Il-lrg : : 0 x oy ‘ h }w c :
1% 1 :
w S | | ’. ;
I |
:ig : i o | x |y V‘w c _:_»
HiE Iy I
|| ' || ° |
L i ° I
||;‘ﬁ ' :I ° |
E A :
A= o |
I 1
e SHIRAAnE J
S Iy I
i — L | e —————— i
Q BLEME  CNN, ONN,FHERAERIA% o0, x, 3 h, w, cHARTUUHE R KA

&1
Fig. 1

BNKHE

Convolution
(416x416x32)

Convolution SPPF Block

(208+208x64)

Residual Block x 3 i [ Convolution x 6 /J\ngﬁliﬁ)\ﬁﬁﬁm}i
(104x104x128) : (52x52x256) S TR B RS B

Residual Block x 8 i Conv + R

Residual Block x 8 E Convolution x 5

(26%26x512) i (26%26x512)

Residual Block <3 | | [ Conv+ L3RR th REHE N B |
(13131 024) ! (26%26x256) 3 AT SR B (R RFAE A5 2 |1
SPPF Block N Comainien - 6 KREESEN R
(k=5) ; (13x13x1 024) S AR AE (S R |1

K2 b2 RIEBUE AR YR SRR 2%
Fig.2  Up-branch multi-scale railway obstacle feature

extraction network
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Overall framework of few-shot railway obstacle detection model ( FRL-Net)

Hi, u() M EXZRERFERRNE m e
[1,2,3] RERNFEMFFEREE b, w, T e, AR
RPN A S L E 4L

T3 S 00 255 1) i A SR SRR AR PRI B R I 4 4 T
(mask ) {5 B o AERCHLTEA TR AE 4R U 1 B oy 038 PR 85
TSI 4 S LSE AR B =2 10/ NREA L AR 74
T AT, A A5 /IR A A T B 7% R A o 11 2 B
PUBAR YRR B A SCRIT T — A 85 4E 18
RGB il J5 #HMA— i A, H iR UE T 5o
XA ARSI, nE 3 s, EHE R E 1 b AR 5
H IR B S S AR 1, A A R 0, HF
SRR PR R A HER R 138 T D B2 5 7R R T 43 S
2% CNN, B A, REAE £ 30t H bRk i e 75 22 1 28 5 A5
SALEE R, S TR PUE AR R 5 0 S
HER R 2E

K3 fE e
Fig.3 Mask operation

I SORRIZE 5 22 ROBEE A AR S ) o e ik A 0
2RSSR BEIEE 4 FR , FEMER)Z )2 4
ISE N A=V A S & SEE VNS R (RN YN
G BRI R A J2 AT R AR SR BORT T SRk, H A 23R
Fr5 BSOS AR B 3 A AR RO 9 RFE P, B



242 & L £ ¥ W

a5k

SRR P P28 4 Ry i b A e A S 68 7 RUBE B JT AR AR
PAFE SRR RS ] 26501 1 22 RO U AR 790

XREMABRL Mask # 55 Concate
(416416x3) (416x416x1) (416x416x4)

l

Cony + Maxpooling
(52%52x256)

Conv + Maxpooling
(104%104>128)

Conv + Maxpooling
(208%208%64)

}

Cony + Maxpooling

Conv + Maxpooling

Conv + Maxpooling

(26%25%256) (13%13%512) (6461 024)
Conv Conv Conv
(26%26x256) (13%13%512) (661 024)
GlobalMaxPooling GlobalMaxPooling GlobalMaxPooling )
(1x1x256) (1x1x512) (1x1x1 024)
UNRESUAER RS RS jé}éé%gi};é%
| R RAERE | ié%m%ﬁﬁs! | RRAEAR |

.

__________________

K4 TorsoRmE%E

__________________

__________________

2 ROBEBUIE A AR S M TR A 0 245

Fig. 4 Lower branch network of different types multi-scale

railway obstacle’s meta-feature
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Fig. 8 Visualization of model test results
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Table 2 Performance comparison of various models for 7-way 30-shot detection task %
HARZE /A FSCE TFA Meta-RCNN MPSR FSRW CME FRL-Net (4% 3CHERY)

G4 65.7 50.3 48.2 78.2 86. 4 85.9 88.3
(IUN 63.6 42.9 40.8 72.6 85.2 83.6 87.2
HiTPuH 70.2 55.0 53.6 87.0 86.5 85.4 88.9
st 37 R 58.4 45.2 36.3 57.6 60. 7 64.3 68.7
A uIE 66.3 36.4 43.7 75.0 71.8 72.0 72. 4
AR 60. 8 30.5 27.9 79.5 80.2 83.6 85.9
W 51.1 17.6 21.3 80. 5 79. 4 80.3 81.2
SRR 62.3 39.7 37.4 75.7 78.6 79.3 81.8
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H#x, FSRW Al CME R T AR B /MEASLE B
R BE , A AN 25 S 22 o0 — 35 B 5 R B AL Y
/N BARIE AR S PR RS B AKX 4 4 i A
FWE/NEFRPE AR 5P, FRL-Net (4 k5 00K B
85.9% M 81. 2% , 7 M L IR PLA5 R & T 2. 3% F10. 7%,
SEEL T SRS MR B /INFEAS /N H R ELE AR SR, 2R
TR AR SO B R R B T R A Y /INRE AR BLGE
H ARk PR B , 58 98 45 5 1 M A DU 22 RUBE 08 A (R
S, JUIHIE X /N H AR BUE AR 5 0 R 1 BE
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BB E =T ENERAE, s fE/NE
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WA AR T 0 R I A R 45 Ol 85. 1% M 73. 1%, 7
SERR A S b o 22 RUOEE B bR AL DU . ) S 5R L 2R 4
TTHEEEE KAT A B AE B R (9 50 A % 5 5% B AL
JE S 85 2 LI 5 1 9] 25 0 5 R AR 3 AR, Sk /N
AR H AR AT 55 45 ok B R BkER . FSCE X 1 38 Al &b
B ZE 3 A7 A T b IR 5, o TR G T 5 s P 5 22
FSRW AEAZIFUN Y 1 KR K240 B br (BT A7 A T
K%, MHZ T, FRL-Net REGSAE E 0946 I H A 7] 26
SEIAAZ Y, Tt H SR 0 3 A 9L 5 £ S8 AR 31 4 Y A
DU RE P, R B T R A ARG 0 e e

AR ARG 455 SR 19 T WK RN S0 BT B, AR ST 4R
B /INVEEAR H BRGNS AL R 5 AR G A RSN 22 IRUBE B A
RS, UHIE /N BRRKG I EE S e | B S 7E H bR AR
BN ASERRAERDR | R AR LR AN T 445 5 2=
YT Re CR F5 4 v & 1R 1Y 2 R BLIE AR S 4 A6
HEJT .

2.4 AEFRRETHEEEKRE

Rt — 2 BAIE A SR VAR Z R BEBLE AR 57
VIR ISR () o R 1, AR SO R T R TE B GE | BB
T R R 2 3 AN ) S o 42 3% 30 3 A 35 o ) G T 245
WK 10 fras,

B 10(a) NEETE AT 4 5 5, BARJE IR AR B B g 0
FRL-Net BEREHE i (1 X4 BT Jy 1) A0S 2 0E A7 43 28 0 [0
IF; & 10(b) AR T 4 BRI 25 S | RIAE R 58 ) 38 A7
TESOEIG M FRL-Net f2f%8 LA 95. 8% Y iy A7 B X ik
AP, S — 25 R B T AR SCRT 4R Y /INRE AR E A G ) A5 A
RO e I 10(c) AR, 32596 25 22 1 FRL-Net 13
[H BE R (A I HE A 7 B i 5 B 10 (d) Ry g2 B
BRI 45 5 A BE B UL B 55 25 LGB A e IO B
Ifii FRL-Net fEASAE A R0 ATk, & Fe it 50 is



246 e M & 2

45k

(a) BRARER

(a) Original images

(b) FSCER 45 R
(b) Detection results of FSCE

(c) Detection results of FSRW

(c) FSRWA Il 45 5 (d) A ORI A 310 45 1

(d) Detection results of our model

B9 /IVEEAR FARKIIAS RS I 25 SR X 1

Fig. 9  Comparison of detection results about few-shot object detection models
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Fig. 10 Visualization of robustness test results
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Table 3 Comparison of ablation experiment results

TR R FSRW PF-Net SF-Net SP-Net FRL-Net ( A5
SEM - - vV Vv Vv
PRM - 2 - 2 v
FPM - Vv v - vV

B4/ % 86. 4 87.4 87.8 87.6 88.3
TN % 85.2 86. 2 85.5 86. 8 87.2

EATHUE/ % 86.5 87.3 87.4 88.5 88.9

AR HE/ % 60. 7 64.5 66. 8 68. 2 68.7

AE /% 71.8 71.4 73.1 71.9 72. 4

LANE/ % 80.2 82.5 85.3 84.6 85.9
WF/% 79. 4 78.6 80. 4 80. 8 81.2
YR/ % 78.6 79.7 80.9 81.2 81.8
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