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Object detection of railway tool based on multi-scale feature fusion network
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Abstract; Image object detection is crucial for the automatic counting of railway tools. However, collected images ol
railway tools have the characteristics of low illumination, huge difference in the scale of different objects and complex
backgrounds. Existing image object detection methods cannot detect railway tools efficiently. In this paper, we propose
a novel object detection model which is able to enhance the object-detection ability by fusing multi-scale features. Based
on the object detection deep learning model Retinanet, we construct a feature fusion enhancement module. By fusing
[eatures, our model can elliciently detect railway tools with diflerent scales. Experiments were conducted based on real-
world datasets. Results show that our method is more efficient than Retinanet, and the mAP is increased from 97. 85%
to 98.11%. By the accurate detection of railway tools in complex backgrounds, our approach can lay the technical

foundation for intelligent railway operation and maintenance.
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EARAEZS (7] (O 40715 15 2R 8 2 R R SUAR B IR 3R 38 48 19
R, R 2 N B bR R Rk, BE S,
Redmon 2182 it 7 ok 3F 5 YOLOv2 #3551, ) FH 4t 15 — 4k
(batch-normalization) . & 43 ¥ R 4y 25 #% 5 Chigh resolution
classifier) , L2 B T (location prediction) . 2 R JE )| 4k
(multi-scale) ZF#/E ok 2 BRI A A AE B . A B 7 8l
SHERPE B2 REBRRNSUREATHE., B
JET AR R DSSD K B AL, 5] A Resnet-101 /£ SSD
BT M%7 SSD Wi B HRERERNT REHE, I £
SPEEHZ HI AR 22, 38 T/ B AR R B2, (H 38
JEH SSD 1, WEJE . Lin %7 $2 t Retinanet 4l 25, 5]
A Focal Loss i 2k 863Utk 2 B4R B AE A2 1IN o R v 26
FS 25 45 0 o) B, 6/ B bR B e A B B AR . RS
Redmon %421 T YOLO Z 51 5 3t — 4 i it B A,
£ YOLOv2 3Rt I, 5] A4E 4 FIE R 4% (frature pyramid
network, FPN) ' #4722 KRB fil & WO, O 76 il & A9 4R 1E
P& = J3 590 2 ST ks i 5 B B S BRI /N B bR B R I kAR
2018 A7 Liu 5 48 58 2o 339 0 /8% 32 97 42 8 H A R 0 ) 45
T4 AIE 42 B RE 1 19 W 2% (receptive field block network,
RFB), bRy seny 32 2 8 H 2 % F A 8] 09 R4k jil 5 O 20
FR IR X AN [) R BE 4R AE 19 R AL 6B 7 AT 2 5 A R 3 &2
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R %% Retinanet S K} , 76 0F 22 RS 4L 04T 72 = Bl 1O R
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WA 2 B8 2T RetinaNet™ " $2 1 T B80ilE ) 2 RUE
AR B A HE 5E W 4%5 BE AL (Multi-scale feature fusion
enhanced network, MSFFEN), MSFFEN # # i 43 1F $2
HU M 2% ResNet-50177 | ¥ fF 4 F ¥ (feature pyramid
networks, FPN)™* 4% 4F @il A 1 55 8% #t (feature fusion and
FFEM ) #1 & £ M (fully
convolutional networks, FCN) 432 | &% #g 5, H v,
FPN H P3,P4, -+, P7 3 5 AN R YIS 9 R AIE J2 44 1
H FFEM EZREAAEA: 0 P3 AL B P4 (s #e v, o HLAk

enhancement module,

B B THLE AR IS A e e

REFENT

1) 3 % ResNet-50 32 C5_3 #H17 3X3 &
HERAES 3 P

2)%F FPN H1 iy P6 347 3 X3 B F| P7;

3)ResNet-50 AR EHE Co_ 3 B I mEHER
i P55

4)ResNet-50 F )2 C4_6 F1 FPN iy P5 @ i
FRAE Al A G R A HUA AT R B A K P4

5)ResNet-50 TR E C3_4 1 FPN (%) P4 5@ ot
FFEM $iE R & J5 42 i P3.
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AN TR RUEE Bk 8% TALE RRE B8 R RE T
1.3 45{ERb GRS
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JFHA 4R IE B 5T 2 OC F1 FPN rh i BRAF B 55 2 NC 15 ok
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SATRBITSE, XETHAREZRBE R, GF L.
WMEARERREBRY KBE B E50SFNMEH
Fro BT IME BB R, WRE R BE N H T e
e OB AR e 5 I B AR ICE B | 1) 7 A S RO AR
SRUERME LIRS T HLAEMR 7 248 Bk, HERJE 0BG
PR T by PRI 5 e A 85 ) R 2308, 4 A ) Rt 78 25 ) L]
AR REOE BT 7 RORL B TR AR 2R, RA
Labellmage 3 - %F 358 J5 09 THL B EQEHR £ #1T7 AL
PR, RE B THLEBIRERIR 6+ 2+ 2 MY b B BENL ]
SR GR A IR E A A AR . PR LR MK
%, DL 10 B 2 R RN THLEA/E N FE 5
Bixd 4, b KRB HARH LR 40 214%, h & R B A5
AT NRIE BRI LA T EE M. F5
KT LA B BRBIAT o

2.2 EHEE

ST R IR S A8 L AT B B E IR

« fbFEES . Intel ® Core™ i7-8700 CPU@3. 20 GHz;

« NAF:16 GB DDR3;

o B+ .GeForce GTX-1080Ti

o X fF 3 3. Ubuntu 18.04LTS, PyTorchl. 7.0,
OpenCV3. 4. 4,Python3. 7
2.3 XWHZE

ST s UE AR B S A B TP EL A M ) A A, AR ST R
T 3L BE . LI WiE FFEM & He s 88 1 5
M) ST 36 — e 6 I AN ) AR AT 2 B P) 6% o AR 28 ) 52 00, 2 3
R AR SO TR 5 Al ) 4% A TR ) A 4 SR X LR

STy — ) 4 T LI ResNet-50 & 5 4F 32 B ™ 28 1)
Retinanet A GEAE Retinanet-50) #13% ] ResNet-50 /£ 4
FRAE 22 B W 4% 3148 A FFEM #5359 MSFFEN ## (3¢
#f MSFFEN-50) , & i FU 4 B %f Lk 4347 FFEM # B
B,

SCHy T M ¥ T DL ResNet-50 g % 4iF 42 B M 4% 1)
MSFFEN #£# (i /£ MSFFEN-50) 1% Ji] ResNet-101 {
Sk R AE B B 45 i) MSFFEN 8 ({248 MSFFEN-101),
38 3k TR B b A3 AT S VAL AN TR 3 T I 4% A At .

Sp gy = 3T SSDMY  FSSD™- \RFBNet!" 1 Retinanet-
1015 \MSFFEN-101 S48 70 JF & T %t He SC 30 A7 50, 1o 3iF A
XH LA RN,

A3 AN HE b AR T 24 7 B 5 S 2k T LR B &
R A 2E 5 3 & (Nesterov momentum) " 14k 5 1 BE LA
BEF f&5 1 (stochastic gradient descent, SGD) #E47 Il 4k,
Ho #IONEER 8, B EEN 0.9, NEEBWK N
0. 000 5,2 ] A R 0.1, 2% > B AR HT 80 k kAL
J9 0. 001, Ff /5 4 20 k IRER A —~KFESHF, &
120 k RIEAR B BIR A Y 4 AEH . Retinanet-50 [ 5 %
N 0. 18, MSFFEN-50 f & d# %k 4 0. 16, MSFFEN-
101 AR AR R 0. 13, SSD e & 4515 0. 22 . FSSD (¥

BB 4% K 0.16. RFBNet | B &£ K 0.18 #
Retinanet-101 & 434N 0. 20,
2.4 LWERSH

1) FRAE Bl A 2 SR R B

% 1 JB/R T Retinanet-50 1 MSFFEN-50 48 %I % 4 2%
THLEFEH KA, B3R 1 7T LA W Retinanet-50 £
s, g 2 AP 7 86 %0 L) I B #5398 99%, B
B mAP % 95.33% ., HPFESOMTHEAXE/NEH
FREY AP EE T 98. 94 % HI1 97. 90 %%, FAHL I 4R 81 48 X 2K K
REEBFRE AP 43510 97.90% F1 97.54%, $FXZKH
b AP N EEAIG, 4 86.89% , MSFFEN-50 # I 4% & v, fif
HEH AP BTE 92% LA L B i B 10056, B B9 mAP
97.44% , HPFEESIM T AEXE/MRE BFRE AP ik
BT 99.38% M 99.23%, BALFI LU X H R R EE B b5
i) AP 4351k 99.35% F0 98.38% ., 45 FiXx K B R AP U
BAK, R 92.08% A FX R HIRKZEMTFHD
HOGHE T, 32 B T O MR BB g, X4 M T LU R B
MSFFEN-50 % £ 287 [} )R 2% s TP B B9 4G UG B2 3840
F Retinanet-50, X H 3206 45 2 0H A SCHRE H B9 BR1E B &
HESRALHL FFEM R 45 R0 48 w5 A 20 %o O ) R 4 s T 0L L
HARK I S B mAP #5357 2.11%.

®1 IHNERYLE RIS

LB IR/ %
Retinanet-50 MSFFEN-50

i 86. 89 92. 08
BB 97.90 99.35
H 4k 96. 01 98. 14
L4 93. 88 95. 20
THA 97.90 99.23
AR 97.54 98. 38
A 98. 31 99. 84
Uit 91.76 94. 14
& T 98.94 99.38
JRERAT 94, 21 98. 69
mAP 95. 33 97. 44

2) R AE BRI 45 of A6 00 358 SR 44 2 i e A

* 2 BN T ResNet-50 1 ResNet-101 # A %f & 25 T
HLE BT 46 DK 3 . & W I, MSFFEN-50 F I 45 5%
TLOET A M AP 7R 92% DL b, B N 99.38%,
MSFFEN-101 &) &5 5 b, i A 25/ AP 378 93% LI I,
eI 100% . X HAr B Al A& B, R 2 F ResNet-
101 9 £ ROBE RRAE Bl A R 45 B8 MSFFEN-101 % 4528 R
7] RO Bk B T ML 4 A WK 3 A TR T ResNet
50 [ 22 ROEFENF Bl A W 45 4% 5 MSFFEN-50, mAP &5 T
0.67% ., SCHSSR R W B A4 1 R5 F 32 L W9 4% 1T 18 56 A
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K2 AEBTRETINERNEE
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MSFFEN-50 MSFFEN-101
7T 92. 08 93. 65
AL 99. 35 99. 68
L2 98. 14 98. 36
LB 95. 20 97. 42
A 99. 84 99. 84
i 94.14 95. 92
T.HA 99.23 99. 38
ZIEAR N 98. 38 98. 42
& =IT 99. 38 99. 69
HEWIAT 98. 69 98. 69
mAP 97. 44 98.11

3) AR b ST 45 SR A M
£ 3 B/R T SSD, FSSD. RFBNet, Retinanet-101 I
MSFFEN-101 BB £ 56 T HLIL A0 V- LD 1. 1% 3

A RLE HSSD Ry 25 S vk, i A 25 ) AP 978 63% L I,
B 100% ., FSSD W45 5t , B 2489 AP 78 85%
DI E I E i 97% ., RFBNet #0045 £, i IEM AP
WIE MWL E BB #Eir 92% . Retinanet-101 # i 4%
FLOETAH KM AP B 93% DL L, &R A 99.46%.,
MSFFEN-101 # U &5 £ o, i A 2509 AP 3576 93% UL I,
e ol 99.68%, XF b4k AT AT DL & BE, 55 SSD, FSSD,
RFBNet il Retinanet-101 #f [, MSFFEN-101 £ % 1y
mAP 23948 E T 15.11%.7.95% . 11. 41 % #1 0. 26 % , i}
AT ASOrERNA R, o, MSFFEN-101 55 5 4T iX
J5/N B R R M AP 3K BT 99.69%, & SSD. FSSD,
RFBNet £ Retinanet-101 4 5 #2 & T 36.17%.9.5%.
9. 64 %A1 0. 19% ; MSFFEN-101 %J H HL3X 24 K B 47 (946 0
AP Fy 99.68%, % SSD.FSSD. RFBNet il Retinanet-101
SRRET 6.95%.2. 94% .14, 37% F1 0. 81% ., MSFFEN-101
WEFXEAGRERNNGE — 8 BB BEN AP X
93.65% ,%¢ SSD.FSSD.RFBNet i Retinanet-101 4} 51 2
BT 20.47%.7.38%.21. 84% .0.49%, MSFFEN-101 %
EE T LR F AR R H AR kel 25 SR Ul Bl 7 4
TR &2 RO H AR i i sk .

®3 HEGRNEELERIL

e SRR/ % .
SSD FSSD RFBNet Retinanet-101 MSFFEN-101

g 73.18 86. 27 71. 81 93.16 93. 65
HL L 92.73 96. 74 85.31 98. 87 99. 68
B4R 79. 67 84.96 82. 80 98. 07 98. 36
HL4f 81. 02 95.11 87. 84 96. 65 97. 42
gt 100. 00 87.90 89. 54 99. 88 99. 84
o 79.33 89. 67 88. 26 95.76 95.92
TEAQ 90. 08 90. 75 90. 69 99. 46 99. 38
SUUAS 95. 64 94. 34 91.32 98. 43 98. 42
(ER=Z 9 63.52 90. 19 90. 05 99. 50 99, 69
FRHA LT 76. 56 85. 67 89. 33 98.72 98. 69
mAP 83. 00 90. 16 86. 70 97. 85 98.11

Bl 4 25 T E RS0 B9 BR % T ML ELAG I 45 SR 1A, thi

& 4 W] %1, & % SSD, FSSD, RFBNet, Retinanet-50 0l

SSD #ZER, B REUS,
7 B, B B8 GO

FOBHIAT. Bl B GO
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Retinanet-101 M WER, BIE: HmHUS, 7.
RRBAAT. BAl. B (FD

MSFFEN-101 %R, 6 K54S, &7,
FRBAAT. EbL. HER (). #HE (B

B4 gk THURAG I 25 R A

Retinanet-101 ¥y B A& Il th T 3% €4 8 & X A/ B #5, i
MSFFEN-50 fl MSFFEN-101 A #0047 2 4 i £ 53X 4
N =R RN b T N RN R SRl D)
MSFFEN-50 il MSFFEN-101 figf& M 1 5 £ 5/ H #r s U8
T AXTERANBRREERTFRARTZRER
TSI 5 5 500 2 /0N s G 300 X A, R S ARk B R BB O 4
14 S B 7 FH 75 5K

3 &% it

ARSCHE T — Rl LT 2 ROBE RRAE Rl A 9 45 1 Bk T
LA BARKEM A ik . A Retinanet W %% 4 SR AE 4L, # 5E
THRHIERLG B RR AT EL, 7E T8 4 R 22 RO R AIE T 22 TR 1
L3R B A E B bR X8R T 8 5 I RS 0 i
BT REMEXT B ARG S R AEEE ), DATAT £2 TH AR B R R R
AR &R, R THLE $HE 4 78 SSDLFSSD,
RFBNet, Retinanet fl MSFFEN | #4717 4 & 5250, iE ]
TR Z R R ALA B A A MSFFEN X T3 [/ &
KRBT, ZRE, BHENMETHEBRENAES R
RSO, THLER I mAP k2] 98, 11%, KA i 2 2% %
B ein gL PR b T oK .
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