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DeepRail: Automatic Visual Detection System for Railway Surface Defect Using
Bayesian CNN and Attention Network

JIN Xia-Ting"? WANG Yao-Nan"? ZHANG Hui*® LIU Li*? ZHONG Hang"? HE Zhen-Dong*

Abstract This paper extends the state-of-the-art deep learning framework DeepLab v3+ to a light-weighted and
scalable Bayesian version DeeperLab for the defect detection on complex and diverse rail surface. Specifically, Dro-
pout is incorporated into the improved Xception network for Monte Carlo sampling from posterior distribution. At-
rous spatial pyramid pooling (ASPP) module is utilized to extract the dense features at multiple scales and rates.
Furthermore, a simpler and efficient decoder is proposed to improve the defect edges, and outputs the mean and
variance of Softmax probability as segmentation and uncertainty. To solve class imbalance problem, we present the
loss attention network (LAN) to perform auxiliary supervision for DeeperLab training. Experimental results show
that the proposed algorithm is more accurate and robust than other methods with 91.46 % precision and 0.18 s/frame
speed.
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Structure of the proposed loss attention network (LAN)
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VI A L FAR A ER K 3) LAN S rp 45 1 55 5 5k
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Fig. 6 LAN detection results of different scaled defects in various rail scenes
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WA (a) ~ (6) AT T VI BOANERE A
(1)~ (4) Fo A B R T A S 15 145 AT T
VAL I B 5 A, P 324 B SRR RN

50 K, JTEBIMEN 0.3, (5)~ (11) N FCNP2,

Unet?, SegNet*, PSPNet", Z #l T{E*\ Dee-
pLab v3+/H Mask RCNN® [ 5% 2k B Hp
FCN f#i [ 32 fif I RAF, Mask RCNN 2% FHAE. A
HET AL 1) RS IERA Bl i 2 ROBERRE 1) 43
W LN 2 R e ) S . X2 B HT Y Dro-
pout IBENLET MM P24 T SRR RO AR, fE154E
s 7893 5 21 X 28 BERL 1) i 3 0 A AT 3 el DL
W3 AT B AF Hh An Ak SR P I AT . 2) EAR
WA E E AR AR R VR A M AR, B2 T
(ad) ~ (f4) PR AT AL 7 A8 A0 T I 70l 1 B A5
B For ) R AR SRR I S 2 TRV TS AT 1 e
7 S DI TR LA AR B A . 3) A ST

LRI, FON BA S 2 Pk R 1 H ARl 72,
Unet HIES G0 FIBORT 4 5L, SegNet FEZk 1R
A R R GT 3K, PSPNet R B 4FH
I 7 BRI S AT AR I T A R R
PAIEE R DeepLab v3+ RIATCIE R LB AT T
M-S BOHMZARMK, T Mask RCNN #9205 a4k F
FEAHNS B AT

F1adsx T EERIEE R, HrdRg kR
(Miss classified ratio, MCR). 12 % 5] (Rand in-
dex, RI). IE{H{5ME L (Peak signal to noise ratio,
PSNR). Jaccard f&#x (Jacc) A5 B AE 53 (Variation
of information, VI) Fl T ¥F4r, st AR EF B PERE
HOHE 23 9] R AR AR AR bR . T DAER R, A
STVE B AR 7 F A& R 5
422  ETMAKEENITE

I FH AR SC 7 R FAth T L T VA BN R S s
5, BFEE AL IR (5 D). s A s
R (Pt 1) MRS SR (7 5t TI0) ARER 1R
ARAESRE (5 IV) dEEL (5 V) fbk
A RRIER (5 V). GRBESEA 5555 G R
40, FIES AW, FH MATLAB 2017a i 2640l 4 T
HAZH P-R hzk, W 9 Pros. NFBE R 1)
AL TV A RS W P A AR 3 s 1R 2K T B
B, GIINCEAN BRI 111, 45 80 % SRIGHE far i (2
R = 80%), KX FIENKEE (BHER = 90 %)
#& PSPNet 1] 3 fi% (B = 70 %) 1 SegNet [
5% (BHER =50%); 2) AAFRRIMIE
SRR RS AR 48—, 2 #T TAE. PSPNet. DeepLab
v3+ Il MaskRCNN #RE IR & (1) 70 FIPERE, (H2
XA %M T s U~ VI, 1% 8 2 R~
SRR DI R R | RS IS L BROE EOGYE AN 2 I P
FHIMRARL 3) FON 73 FIAEH etk ks 89 H dril
Ft, Unet 345 55 AT 1) BRRA I 2 AES 1 TR 50t
%, SegNet FELR MR HIX RAEAELL GT R, &
FEA TR R 2 (BHER = 40% ~ 60 %).

4.3  AREIHREHR
4.3.1 WEERTHEERAR

FRABIE LR, 7F DeeperLab FJ&E/NEE 2 G #D
AI AN — > e B 1 DU S R 2% . SR, X2 — A
o o K HIE N, FEUM 2% 2] AR H 928, R,
B FEA [F) i B 255 A ff A5 2§ Dropout B & AN [F] D1
AR AR, BARGN R

1) D Hrgmid 2% K Dropout 3 NN 4mht 2%
HIT.

2) DU Hrfifidas: K Dropout i N &M EAD 48
LT



12 34 SRS BT DU CININ I R 0 009 44 P B 200 2 T ok G 3R 458 2321

3) M- Hrgmtdds — RIS #%: 4 Dropout JZ i
AN EEEAN Y b 25 A g 245 2T

4) DU Wik Nt 78 Xception M 2% 1% I,
B 1 MRS 1/ Dropout Z. H T4

N 3 MR, [RIHX MR S 3 3 4 Dropout JZ.

5) DUH-Hr R a3 78 Xception 4% I ]34T,
B 44 PEFEESREEA 14 Dropout 2. BT
PR A 16 MR, X DA R G 38 4 A
Dropout [&.

6) DLH-Hr% I 7E Xception 4% % A,
1M RESL S 14 Dropout JZ. BT

HRAT 2 VBB, AR AN 34T 2 4> Dropout JZ.

I FH AN B H A 4R 7E X 2 DU BT AR AR B AR
50 SRR B REA R I A VERE. 7T E P 5
JIT A AR AR i HE A AL RS R AN B S 1, I EATTAE
7y BRI S I R AN 2 B, T H A B AN
FARAIRT 5%, 3] 2 S A ) B 5 AR B 3 i B ) 9
. MAh, K2l T EER g BITEREE T, b,
Jacc (%) Jaccard 845, Dice (%) ¥ Dice 1847,
IBCF 253 7 F3 42 TN Bl 2545 Dropout 2, 1M 45

B8 ARSCTTEMEATT AEAS R BB A 2 2R

Fig. 8 Results of the proposed method and other methods on various rail samples

B E 4% Dropout F4E K.

MHETIL: 1) Dropout BT il %5 ol i il 25 #
AL RN, T EURAR B I 2R A AR 22 1 2 )
PERE; 2) DU Hrdm AN IR S5 SR — M, BN E
W 2% AR KSR AE (Gn i B R I A A ) FEASE Y 20 A
W3R, DR e R E SRR 3) DL
WA () IR &5 R, RN TR E B R AR
(AnTEARAN R SCR R B DA ME A E AT kb g
B 4) AT 355755 208 22 1 o B ROGR, T 5 G
IR BLAUATE PE I TR R RAE LIS AT I (]
ERARMY, HEPERE GPU AT BRI A
432  MERTHERMMAR

WEHR T, EAEPEE N, KR E R
I (batchsize) B4 B T W24 5853 2% >, #1143 Loss
28 T P ORI IR DN B 8 RAS B R I P 45 AL
B OARMAEA S, FHB A= 1M 4% LAN # 5] A%t
AR DL 3R FE A5 7Y DeeperLab 747 W BHE 4L,
B JE) B PN AN [R) RS B B s i ke e DA A R UL
BHIR — W RAINE RS, Bt E R g 17
GG M 25 R TETE R S 2% RIE R 1 W 4% B i



2322 H ] (e &S {5 45 %
Bl RSO T AR R BB A I 5 B
Table 1  Quantitative results of our method and other methods in various rail samples
E% LIRS FCNF  Unet®  SegNet®™  PSPNet® Z T LAER) DeepLab v3+ Mask RCNNI K
MCR (%) 2.25 11.28 1.87 1.12 4.71 1.33 0.94 1.01
RI (%) 97.65 80.87 98.33 98.57 92.46 98.39 98.65 99.60
A< 1 PSNR (dB)  19.18  28.93 21.09 25.56 24.33 21.46 29.07 32.78
Jacc (%) 31.86 41.67 41.92 64.06 58.35 44.15 81.55 91.09
VI (pixel) 0.20 0.91 0.16 0.12 0.50 0.14 0.11 0.08
MCR (%) 1.69 29.72 1.58 1.35 3.43 2.40 2.27 2.49
RI (%) 98.19 53.90 98.31 98.65 96.63 98.42 98.36 98.61
FEA 2 PSNR (dB) 19.37 23.50 19.97 21.49 20.01 24.76 24.53 26.07
Jacc (%) 57.60 27.43 61.19 69.01 59.23 81.84 78.72 85.99
VI (pixel) 0.16 2.24 0.17 0.13 0.31 0.17 0.17 0.15
MCR (%) 6.79 31.77 8.95 3.24 14.78 7.91 6.73 6.85
RI (%) 89.00 57.92 93.65 95.35 82.54 95.79 96.40 97.63
A 3 PSNR (dB) 12.12 16.95 15.40 15.81 11.41 18.29 19.89 23.37
Jace (%) 46.47 38.81 64.76 66.97 39.73 78.69 81.00 91.99
VI (pixel) 0.52 2.65 0.44 0.31 1.04 0.35 0.35 0.24
MCR (%) 4.66 45.13 10.85 4.45 14.95 11.25 8.43 8.51
RI (%) 94.41 44.64 92.49 13.62 84.56 91.29 95.16 96.10
FEAS 4 PSNR (dB) 14.93 16.94 14.15 15.98 19.97 14.96 19.80 21.53
Jacc (%) 64.13 31.80 60.45 67.33 83.72 64.04 82.88 88.98
VI (pixel) 0.44 3.67 0.61 0.47 1.16 0.68 0.49 0.42
MCR (%) 7.83 23.93 7.61 12.30 13.98 14.07 11.98 12.21
RI (%) 89.42 76.97 89.73 92.63 91.11 89.75 91.80 95.91
FeA 5 PSNR (dB) 12.34 19.27 12.53 16.67 16.36 13.42 15.80 19.98
Jacc (%) 59.42 70.08 61.14 76.56 76.15 65.02 71.83 89.84
VI (pixel) 0.68 2.09 0.66 0.81 1.00 0.66 0.79 0.51
MCR (%) 9.00 17.68 8.64 8.31 14.30 9.54 6.60 7.35
RI (%) 94.33 79.14 95.12 94.87 84.60 93.16 98.00 97.44
FEA 6 PSNR (dB) 16.11 20.54 16.56 17.70 12.45 15.80 22.38 22.64
Jace (%) 69.14 59.89 71.84 74.68 49.52 67.57 89.78 91.15
VI (pixel) 0.45 1.62 0.40 0.47 0.98 0.53 0.28 0.26
AWM. B 10t (al) ~ (a8) 2 F I EIE. GT. NEERER
B =2 (MCR =1612%). B = 4 (MCR = 433 imaMeHMEmMETR
8.20%). £ =8 (MCR = 121%), £ =16 (MCR = % 3 A HT T S R A A SR B A

0.87%). B =32 (MCR =1.64%). B = 64 (MCR =
2.15%) 7 EIZER, (b1) ~ (b8) & (al) ~ (a8) HAEIE
HESH 5.

MRS, ML EAR N (B = 2), LAN K4
B RHINBGRE, EHERREA DeeperLab
(1] Loss T B& 7 AP K B BEALEAR K, H BILR
M LLIK B, f 28 PN HA B 5% 288l R OK B M 7S
Ui I AT R RE R 4. St EIR KN (B =
64), LAN & TRl — TR R4, 445
DeeperLab ] Loss {8 H 3L &8 & AL 115 B JoiE:
ARSER R, B AT H TP T T A

i B
EHl5 -

BAEY 1 (Data augmentation, DA) A /TG ¥ KK
ZRE R Y RFEHR (Monte Carlo, MC) 1 R4t
B, rie WM LG, AP ges]: 1)
Xception65 224G 5 4 FIR AR FE, RN E AL
BEHZNESNERERNLY ResNet R HBkERE
2, 1 HAE T Inception FIIRE B ER; 2) F)
R E e NG 3 S S PP S ¥ ST s
itk 3) EARIEERHY Dropout JZ7EMIA M BT I
KA AR 72 LA TR A AR, BN £E 250 x 160 #E A4
KR _E I 180.53 ms, (HimTERE GPU Al FFRILAA.



12 34 SRS BT DU CININ I R 0 009 44 P B 200 2 T ok G 3R 458 2323

1.0 == T T

0.9} \\’

0.8+ ]

0.2} FCN  —— ZaiLfE 0.2 FCN  —— ZurLfE .
—e— Unet  —=— DeepLab v3+ —e— Unet  —=— DeepLab v3+
0.1 H—=— SegNet —=— Mask RCNN 0.1 }|—— SegNet —=— Mask RCNN
—e— PSPNet —— 2|:I7j/£ —=— PSPNet —— A5k
00 01 02 03 04 05 06 07 08 09 1.0 00 0.1 02 03 04 05 06 0.7 08 09 1.0
AR iR
(a) PABUIZFRA T (b) WA FIA
(a) Rail Scene | (b) Rail Scenell
1.0 ———— T T T T
09 i
0.8+ ]
0.7 &
0.6 E
& 051 E
il
04 ]
0.3 a
0.2F FCN  —— Z Rl TR 0.2+ FCN  —— ZHiTAE g
—e— Unet  —<— DeepLab v3+ —e— Unet  —=— DeepLab v3+
0.1 f|—— SegNet —=— Mask RCNN 0.1 |—— SegNet —=— Mask RCNN
—=— PSPNet —=— A1k —=— PSPNet —— A5k
0 0
0 01 02 03 04 05 06 07 08 09 1.0 0 01 02 03 04 05 06 0.7 08 09 1.0
HER HER
(c) 4L A 1T (d) BHLH AT IV
(c) Rail Scene III (d) Rail Scene IV
1.0 T T T T T T T 1.0 T T T T T T
0.9 I OIMTFON —— 2w Lk
08t i 0.8k~ Unet  —<— DeepLab v3+
—— SegNet —=— Mask RCNN
07k | 0.7 H[—=— PSPNet —— ATk
0.6 E 0.6
& 05 1 #05
¥ ¥
04} g 0.4
0.3 g 0.3
0.2} FCN  —— ZHrLfE . 0.2
—— Unet —— DeepLab v3+
0.1 H—— SegNet —=— Mask RCNN 0.1
—— PSPNet —e— ZIKIIT&
OO 01 02 03 04 05 06 07 08 09 1.0 00 0.1 02 03 04 05 06 07 08 09 1.0
tie e
(e) LA FHB V (f) MBI FRAL VI
(e) Rail Scene V (f) Rail Scene VI

K9 AR SRR P-R £

Fig. 9 P-R curves of difierent rail scene types
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IS SN SRR B RARE

MR AR A - -
Jacc Dice Jacc Dice

& Dropout 68.36 68.95 - -
it 4 55.24 56.71 64.60 66.07
filhis % 61.78 61.34 63.92 65.88
RS 3 58.62 60.12 60.57 62.49
LiTPN 75.44 76.21 82.65 80.33
BRI TR 83.12 80.69 90.43 91.52
A HE 68.50 67.33 77.21 78.06
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Fig. 10

5 Z5FRiE

X E R Z RN 5, AXY R T it
HIVR S 24 SIHESE DeepLab v3+ B — MR E
25 A 4 4 1 DU BT ki AR DeeperLab, SEIEER [
BRFE R MER 4 E]. HARHL, #H Dropout F st
Xception W 48 75 TR0 i 8 AL AT 73k 7, 5615 A5 36
SATE SR R P AR, A SN2 5. Ik
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Results of our method with difierent batch sizes
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Table 3  Ablation experiment of comprehensive performance
Jivk Fixel Jacc. T () BUBACK(MB) IR (GB)
(%) 60 x 40 250 x 160 500 x 300

MobileNet ( B = 16) 7717 19.91 53.10 133.49 23 3.82
ResNet50 (B = 16) 77.80 40.55 141.92 336.36 274 4.43
ResNet101 (B = 16) 78.45 66.37 181.80 431.42 477 6.99
Xception3d4 (B = 16) 81.66 46.64 149.13 352.70 288 3.97
Xception34 + DA (B = 16) 83.25 - - - - 3.95
Xception6b + DA (B = 16) 88.73 79.64 159.29 517.70 439 4.20
Xception65 + DA + MC (B = 16) 91.46 90.26 180.53 586.73 - 5.56

PN TT ZEAE TR X oy BRI R AN € 1, 1X 2 H
s DCNN JoiE M. [FIEE, SR A 2 AN P 1m)
A, PR AL AT 5t — B Ses i AR Y oR
BT 2 LANZRAS B Z 0, AT b £ 040 i)
DeeperLab HIHi 5 51 5t Loss 705, SCELHBI A
Bilgh. SLIGgE LR, FE IR ER /L T =
PN 48 1) 2 2T RE 7, BRAK T B AR AT 55 O ME RS, AT
PR A B AN AURE  1 20 B T . A7k R
A 91.46 % 4> EIRE LA 0.18 s/WIIZ 1T FE, MLk
HARTT 15 BRSO
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