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Abstract: The detection of train track defects is of great significance to the safety of rail transportation, but current
manual inspection can no longer meet the complex and heavy track inspection requirements. Deep learning methods have
greatly expanded the means and detection capabilities of defect detection, and in order to improve the efficiency and quality
of surface defect detection, the current trends of visual detection methods in conjunction with the types and related attributes
of track defects was systematically analyzed. The basic principles, technologies, methods, and current application status
of visual detection methods for track and fastening defects, as well as the concepts, applications, and significance of these
detection methods were elaborated. Finally, the current trends in the field of track defect detection are analyzed and summa-
rized, and for the first time proposes the concept of a fully automatic track maintenance system, which aims to provide use-
ful support and reference for future related research.

Key words: rail transportation safety, rail detect, image recognition, deep learning

s EEA: 2024-03-05; 2= BH: 2024-06-15

BIEIEH: MRIERE, dwchen@fjut.edu.cn

EEWH: W@ B =M BEAATRITBH (No.003002); ##EAAEIZHAHIE (No.2020030); H&EMEAC @R
AR B R G TH - (N0.20220201)

Foundation Items: The Third Batch of Innovation Star Talent Program of Fujian Province (No0.003002), Fujian Provincial Transpor-
tation Science and Technology Project (N0.2020030), Science and Education Development Fund of Fujian Shipbuilding and Trans-
portation Vocational College (N0.20220201)



- 368 - B RERLY 5 HOR

e

0 315

Wt A L S P PR R, I A2 2 4
N ADEZER RS POERFI. 5EEF, KA
PIEAT B 2 4. BUBACHE A, mE s 4 a] LUK
#1350 kn/h,  HUE EAR TN B SR AR 2 PO R
ATBE O . W B R R BRI, ol TRk L
R, EEEA, PR S HEES . R,
Beo B PR ERARERNE, X LRk R B
I, SRR RS R A AR RTRR,
R T R PR = T BURBIEMR DT . IR RIVE
AN LI SL5 ) L

BUBFEA MG ORI, Pk, BREE R 18
PREE . FESERRIPUBATRIGOL T, 36 7 ZAE I A
PUBRE FIEINBI T s PUEANEZ S, BREEE
P AE SRR A AN Ul B ARG S
FOF AL R A 1A 2 s

1 BB BAME

PUBSREERIE — DN EONE RIS, W
ESEM L FEARPEE, AR R SRS AS R 7 &
PR, ¥5 R &R 7k . IR TE ) 1l ) e AR

PUF b

B

i

Fa%, TS AR EhiG 2w RS A,
JEIAEE, TAEEECR, REXMAE R TR
A, WA REN. BRENL.. WRIELSE.

I o AT S B PR 5 3 AR AR AR A 1T DA
JAA B R B W, 4 B G B A 2R ) bR
WD, ARG BRSO B R A 45 R R AT
kK, RN RR2 M. CENPLIR 2R ARtk
B W OO G I RETE . Tl Fk Bk B 2
KW GUE R ER B AN T RV , F0 2 545
R 1) 2 T R B JB T SO PR SRk B, Fe2H Rl
PIER TR JE T IhRetEshRaG . H ATE X s st
Bads 2 R T v —— B A BASIS, FR
R AR I, AT AR R R B AR, X
EREMELKFEARTAN, FHEE, R, %
AHHE AR BIORAE, [FIRES SRS FAET,
WIS VKBS, Joidont B 2k 47 o i i A ) 2
P, RERBC. HARRI T EEE — € M RBR T,
P RS I i A TR I OE AR A, R R TR AT
BRI TR, 22— PR, ik
A AT, (R G 28 A m]
DART I EE R a4, BAG®E. &Sk
e, RNt — A AR A

HAT, SIE s e U ek 28 S 30 H B 2 i 4
ARFAFML A F IR B K RS . BiE 2023412 H,
LA 75 B FR R 551 65 9 Hh OB R BL Web
of Science A SCELHR IR K SRS R s, H AT IS
2400 5 R B R LI R [ A II/Rail defect detect”
A 49 5 v SO 323 F S SO T SR . St T
Web of Science H1 10 4 [H] %I i ff [ kil 1 9F 9 1
o WE3 TR, HA TR A ) R IE SRR A
W75 S T2 TR s s 7 v, 2T
PO BRI TE S5 5 RS 0 7 92 DA Ja T 0 P o s 0 K

38
AR
FafE
=~
TRk
E 2~

BRApR T bR Mk
\@— @;ﬁ Pt

B g E AR

M| |
[T Bk

B2 ek



#3 M MRoR 2845 6 TR B 2R B BRI K N 70k - 369 -

SCHE R
w
S S

; hon i
N R

20144F  20154F  20164F 20174  20184F 20194  20204F 20214F  20224F  20234F

L I7 RIER g alll
BETURIE 27 2] WY SRR AN 5 1k

WL L BE A LA e G N T3

&3 Web of Science H1 10 4 [/ S e A il 1 70 BR G 1

Ko ATBUR BT Ee A 2 T4 BE A E sk B A 0 5 v
CL 28 BN LB RS DB T U AT 1705, T2 TR
JE 27 ST IRIRLE SR FEAS I 5 VAL 3T 4 4R 1820 1l v 5 T
MUGE FRYBTE SR B AL 5 325 (0 2 BSR4 R
T8 AR SR B AT I AR 1 MR A A FE AT S50, 25
R IRPUEBREE KA A 5%, 2 T R H0E
SRBEAS N AR N e — 3059k, X AR
RS AR AR iE T ARG R T
FEFASE OB SRR VAR E AR B R0t
AR RN RPRTEAT iR R, DAY AR T B (AT
m R R S

ARG Dy TR T B0 S AL
" 5 o A T B AR P B it 2 g A 7R R O B R B
W B2 MR T HUIE SRR HOR R BUIR 5 K J
‘Y, HIREE T eEEsPERE RGNS
CURREPSE ¥ N R

1 RN IE

BET AL R BTE SR AS I S Fre_E ELIZ L 58 o ik
Ber, Bk, ZEAEESKIE fr b e A 2N e 1F
S AR, NS B E AL BB, I EARYE
SREE AR SCHESEAE I S i LI 732K
L1 HUEEREER SBMHE

BUIE B BAT SR e AT A BRI P SRAN R (1
JETE, R URIESREE AR MG E . SCHHAE T H0E

FRGRIEMRIE. B 1 ATA,  BUE S B
JE A REREG, HA RSSO Z R, Ea
ik PR R T £ 458 F8 40 D 2 AT SR R R . LSS
TR — P ST R U e Uy i
38 AT 58 LI S 0 A sk B AR AT 55

w1 BXBPEREME

e . | B Bl
AT Y e At
BEC SMABG | WP SbONMEG | B ANEYA
BB SMRERIG | RS ShAEERG | BB SMEBAG

PEIL - AMEREREE | P SNEREREE
Mg AhESREE | M PeEBERER

PFR IR S EERIE
PE R BR ARRIE

1.2 RGN A

FEBER ISR, ARG R IR B
LT R, AR 1B RS I UL 10 4 ) %
AL G AT I 538, HBOR BB LB sk 2
Iz

PG RLERALDE 1 T ST X SR e vt N L B AL
BT, SRIBCNFRRSERFAE, 8 BOE A R
fEXTSRIEHEAT IR . BRME AT DU 2856 N 9
ih, WA BLE — SR IR GE A s LA A 2 T
A BB AR AT SR R (2
R PUBTGHEE N IRIAE — g,

FEPIESRIERN T, B ESE T B &L

®2 BEBEWTEMTTE

p— N o on
AN A L5 . S P A 5 5% SR BN 0 7
4 G A F S Ak, S, 3 TN R = "
fespermmy o RS FFRE S B P TR 0 P e
N S B B g et 20 E O CHERERT PN HABOR ) o e

R IR

Mgt RN SR LSS

M BE i, A R ORI

PR B s B




© 370 * ekl 51

AR e

PRI R R A AT W] DA R S BB, fndn
(ORRBEAS I . Han 20V Y 220 YA 4 28, 410
EEGRUE N URNIUR RIS St ¥ I
B Al Bh AR U C S AE — 28 IR Aox [ 2R ik
AT EAL, 8 4 /KGR LR = 2k UG Aot iR BE AT
AT R, SE R TR B R R AR
Guerrieri % 5| N T — Pl B L EEAR, AT
I EANBEIRE BRSPSV L AERESE S, FTEA
L b N P TE R o A 5 I

MHT, SR SE TR S M T
R BRI 43 AT, Li &M i
F#UIE EHE 42 Ry Gabor SZUCHRHAE, 1T A2 A Jm 6
AR AE R AR AIE =) B BN SRR P BE . Dubey
U135 T 05 K T A X St R e s [X 3 1)
JURTHFAE CEPTEIAR ., G HFSHEAFE KD #H47
BE—B 030 . Ak, TR TERE R /N A et v
F AR I X s A A AR R B AR T
SRR 4 oy B o () R AR X, FER ) SO
R BRI RGF. SR, T AR SR A
HSEAZNLT 1 B BORBELIE 75, BATI oA
ISR ZFE . B B MBRIG .

WS IR U ) AL A (37 5t h 4
I, SRS o AR I R SO B AR RE
Jofg kst i B, Gan %575 Min %3 T A4y
JEAG TR RE S0 B S B T 4 BRI A . Gan 25017
BT R 70 J2 o 20 A 2860 5 R 2 AR ARG 44 B AR
FHFR AR IR R A5 5, AR BURHR I LT XUE
BIEEAIEG, R T BRI Min &8
TR RS, HeT IR R B R T Gk
FaREAT OOk, IR BRER T 1) B A SR AT B B A AE
FER T EREER I R SRR . R B AR PR Bk
T S AP SR AT DN BRI, T AR 2 B2 O 8 DU o
YA BB SO B ] S 56 A5 BRI e R
IR o

Guo 25 HH —Fh X 35k, 15 38 RO $0R /S
I TTE, W 22380 3R G R A ) UG AT 1 A5 AR A
EME, KRBT LE AR AT A D e s L
ST A AR A H ZARS
M Jay 38 AR I it ke o 5 7 S O U E, 120790
Mt H S elIe R m. Fifa, &l 7HETHRee
J0 1 G B3 7€ A7 (defect localization based on projec-
tion profile, DLBP) H3% KR A v] fe A7 LE IR Bk [
% 240 0] UK I 3 93.10% (1) Type-T1ER [ A1 80.41%

(¥ Type-18efe, H AR @ LMk, HeSP R T
— FhBT I Perona-Malik 47 HUBE 8 I T G 5, f
FH 1 3E N RE B A 5 T DR 25 5 HA 21 T 75 (1)
. BARIXLESHAH RN TR AR R, HE
MIZ BN s (7S D ™S, 52k
R

3 R R GeiE 77 vk T DA SO AT A, 4
A R AL SRR, TT DLRIN S AR R IRk
FI A5 52 67 . Lin %55 fe 7 M Re A 5 FL AT g 2
9 ZR, R AT i K AN AT R RAR R AN 2 2
WA, WiE T HEREIGREAR RIM BRI, AT,
FEAREAT Y25, $owm T hBa R e, IR
TABRARB 1] , RE E R  BE AR A0
Feng 22 { FIALLAR M 2 055 0 0T % B S L5 R 4
WG BSRME 20 N 3 AN S AR BN EESRE , FFI0E T
SR R, (RN IR R A Sk B AR AR
R > HM A B BORAE, TR [ A
FREERAR, PSR EICN21.3%. HaHE
TG T HE T TRHE 1. 20204E, Gan
APV SO 0L 3 (1 B R AR T R [ T O
BRI RS, EXHS B AT AU ST R e R
BEATLRAE ) FH S e IR i 15 2 oFe 1 ) 24 Wi 4
FERBB TS, ST RIFSER. Lee PR
FHRFAEFER B 80 RN IE W R T e 7
X5, $EELT 7 AMREAEAE AR 1] 248 f S ) =
ML, HERIZRILF]97.11%.

Sk IR EG AT v, YRS S A AR I B
REGAJT, 0] LKA G s ks 7 v I3 449 9 B 4 B
N .

1.3 EFREFINGE

RIS 2R — R FB N TR R Tk, N
MTEIE. ARG S A BE . BATE X 5l
HEATET G IE 20, SCET 2 o B KT8 SR P 36
Fit, MMTERREUGIE S, 7EERG AU 4E
TAEEMRFIRE, BETRES I EG AR
CLE N F KRR A0 . 20308 S o A 408kt -
R LT IRE S0, KGR TRHE

FEHL
A, AU SR A N A IR P 2 31
EINER 3 PR o

FE TR L 27 21 BRI 7V e IR — T
A R, R A R A 5 o
T RIS B SR A AT I R BN %% . Gib-



3 WRR S5 2T RUGL A0 51 ZE U8 S R 2R 1A <371 -
I l|| III Bl 53 ) I I I RGERES
= ﬁ
: h i
.\.
= < %o\
1 ;
" b ﬁg '
w0
TR
== T LHHE
~TAFIE
S =

B4 ALGRUER T

®3 BEREFIFHE

ik e o B
Vol 24126 oy SRS R AT KRR A EL R X1 5K b AR A
B ST BRI T Sy e T AR
U-Net 23541 BgsrEl ATRAHEATAR B E] SBORT I H AR X AR IR0 T RE RSN , o B2 R A 7
vison Tt gy TR BB GHOCR A R TN, TR 0 R
W R, o B, 5 5 I LT T AR TR AR R
S gy TR AR AR NGRS, BRGNS, TSR A
= TR R ke
. gy BT T G bR SRR OEEHL X1 T AL AT SR U
PaDiM TEIEERREATIN o piopem o R R T 76 B A O
i gy BB S TN ) T IR S R DI (A
A DA OB LRORE A SRR 2 8 5
— sy TR SRR, SIS K R AR 31T KA, 119
#5 fofrers
N T BURMR R T AR A M TN, TOAE k2 ST R R L A B 5
o 22 5] gz a3 53] v
BUFASHFPERN BRBATED ety wh st A BEeM Kb T BRI 252k Bt T e 4 Bl S S b
W2 31 g SR AR S I
ey 371 BRI (R WA ST RS BTERYROR T TR A R 2 4

ert ZECOVet i B s P B D 1 SEBRA BLAR T — Fb
IRFE AT 555 2 738, FEN T E PO AndnfE )
BRBEAG I, SR TR A HER I Hsieh 20729535
7E 2020 4 12022 4 2 F YOLOv3 Fil YOLOvA4-tiny
SRR T B SELIPUEIIERI R S Feng 21
¥ YOLO 5t & 73456, 58 1wtk fg ik
s chandran 2P 4R BT AT UK A E B S R
BACERRYE, FIRRBREBEGTPRIRER, BE

LA ZE M 2% (convolutional neural networks, CNN)
HIResNet-50 FIEH T K H 1), XA EILRLE
S5 A58 R B B R 2R 118 3 98% LA s Aydin
ULyt 2 5ok 380 9 £ P45 % PR R 0 —ARL ) 7 V2 R4 T Ak
B, W€ THERALE, PR SCRE R EALUE 8

AR I O ) i B A AR 2 M 4% (improved light-
weight convolutional neural network, LCNN) X fi
FEAREAT 7028, A IHERIRIE 2] 99.7%. (HR, 2§l
(R B 2 S R RUTY AR ek ad i SR B AT AE 2 A
BRI E B, R AR S AT AR T
REMEREIN . BEAh, YOLO RFIA [P EEAE 72 17 g
AT 5 B it

XFF YOLO A il v 20 — L2 48 55 1 2ot T
o Hu 2558 T — Bl N A8 5 i 7 A WL 19
YoloX-Nano BEAY, AT LS PRdth ) $1144- ik [ 12 47 A
M Acikgoz 25 T —Fh &2 R BR 25 35 B W 2%
(multi-scale residual convolutional network, MSR-

ConvNet) HERDRXIAN [FISRA A BRERPIAE BREEHEAT 70



£ 372 - B RERLY 5 HOR

Hot

-

BERBUZ | | 4R |

5 A WEREE Y T B N S5

XK, (ELRUERRE . R0, BUSYE. ferRtEa
e bR Bk B 99% LA B AKSE ;s Li PV AR
YOLOVS BEIE NI T B NI FRHE 473, (A
I FH K-means B200 B8 2 S 7 BB R, ok
pei i ER R NETINAE DA 8 I & U SR =l ol
SRR IS . B RSE A W 6 Fs

g
i

o e

B v
B6 ALl

OB SRR, 3 B S5 SE PR bR X R
Fea PR LRI o 8 BR) A RUPE T 40 B30 5 () AR R
PSR tH AR, 57 B A BIG 2  ) 3 fe 70 IF
SERHE A 502, Lu PR T —Fh SCueU-Net
B, 456 1 U-Net 7 51 28 AGREE € A7 57%, N
T m AN R B R AT 55, 1% 0715 B 99.76%
RO IIDRE P2 5 Kim 25O ol FH 53 1) 4 35 AU 28 1 2%
FER T EIBR, B35 o 3500 5L i ) sk
Bers Jin 507 I 2R T K B AL 37 A0 B X 35k 2
BRI N 2% (faster region proposal convolutional
neural network, Faster RCNN) )% [ IR E LAY,
XTAR AR THI B 58 i 1 PR HERA A 2 B, X Fh
TERA RIFIEENE, BRSSP A ARG
At s A T IEAATAE SRR A AR B 5k 1) 1) R
T HL T AR 2 TR Ol 2 e, LAk B2 AR )
e JIBAR, Tu Sk wo i s 1) i, $2H—Fh 3T

SAF) 3 B UTE BRSSO, e A
SOk R AR B S oy BN %, FH TR AR B 43
FIAEAL, HOERE T — Mo o b 5 AR
JUARTARFALE SR A I 55 [ 1k B (1) 7 vk, ik T AT A
T R S TR R PR R R, B i AN LR B A ) PR
s WA — LS TTARR B B AR AR Y 1) 8L 5 1
185 FHAT Rl & 52 ORI, Guo 255V O 1 2
S AG) 43 F AR RS B T [X ) R AR 4 ) 246
(mask region-based convolutional neural network,
Mask RCNND  7E 5 il #4f £ L 5¢ B 1 4N B3 1 1Y
BREEAGI, 0AE TR Guo S E R ESET
HOIN TR LRI > B, SER T LIE B
BB IAE 555 Li S50 UBR H T — b bRt v e (40
ZeK, KRBT SRR 3 R S A ) A EIROR

FIRBE Z BT ONN, I, WSS HE e 38
(vision transformer, ViT) i35 20tk 7 5 Gl (1)
BT, Wan 2502046 AT 1) 538 P A U 9 248 476 5
REANER . AR ERAS R AS S B e 3, B Pt
FINT W E AR R ko 4 R fE B T d s, *t
TG ER AN WA PR I R ok SR R SR IR AR R o)
B SR 22 e B, LI s R+ W
Hoshi 28 VIT #E8 fh 5] N —Fhm PE AR B, 7F
AREVERER A A B 48 EEAT S0, MERERIR
4, (HICRTIN H AR R SUIE R G 54, oo
B AERE SRR EE AR E IR AR Z M. B
Ab, T UM R EOR B, H AT ERE SR
oI R 1 TG K 22 R

224 I A 2L R o A 0 T T £ - i 2 A WA R I
HME, Rl o A DL R M B A A A ) R B
Hsieh %7 7E 2022 4F () SOk FF 35 HE T 3N W]

IRIE 5 2] T VE TR SR B HUR A /e 15 20 R 2%
R, HRALRZEESY, BT REEE R EEMD



#3 M MRoR 2845 6 TR B 2R B BRI K N 70k -+ 373 -

SR PR ER I, AR MU B 2 B 1A 5E Rk
MRS SR, XS BRI AEAE 2 Fh 21
FLR BT ORIE R P2 AR T o B IX—F
SENRE, Cheng 25 dEH] T —FME & A O 45 0)
JRAGE R S AT A0 PE, S o B R 1 YOLOv4
153 e bs B3 L R i R R R L 5 s B0 B4
FEAR LI, SuIRm T —F B E AR
AT, EENGFEARE A Sy, AR
JUT 2 RORR 26 A2 AT S A 552, ol AT LR 5
5 XiaZ5UHR I T RailGAN B, RailGAN f6 7
AN TEME 5850 E i B e R g8 45 M AL,
A IIGRFE T M2 W 2% R Fa R Bk . AT
YEXGE XU N 4% (generative adversarial networks,
GAN)  HH 7 Sl A il v, 388 ek 6F e A iR 455 1Y
SR B A B A . Niu Z R T — Rl dE R
FEEERIAS R ZE 10 GAN, 358 1% 55 80 4 G
BE PRI RS N, (=] Bt 2 i 1R S AR AR B IR 0 g

SR ERE TR BN . GAN YA i 2
W7 s, &SGR T B IE N AR R TSN IE
AT B IR 2R e e IR AN [F) 35 5245 B N UINZRAE A

L[]

TEEZ3 ]

AP R R, RIS T R IRCR .

A2 B I T A AE S AP BRI, W GAN IR
It Mass, AZUsh, EETE BRI AT
AR TSR R, R AT DA 3] B A o
MSRHE. — M B . T 53R E A7 1) #h
T /A& (patch distribution modeling, PaDiM)
MEZE, Sdid 2 o) IEREAR I B or A 5 BUR SO IE
WK R, EHRHERIAES BRI R L, Kim
SIS PaDIM BT AN T B A 1 7 F1 51 S 0L,
TR T BIUTE R B X IR 4 ] . PaDiM AR A 1 J5
AN 8 BT o

Min 5B BRIEREA R AL . IE SRR AR A T4
S, R RERMNEIRIAERT,
AR > H 9wt 4s (variational auto-encoder, VAE)
TERR BRI P AL, AT SIS BRI ) 281, 1%
JIERE R, W D STk T T v
Ferdousi %" 4Rt} T — R T VAE 1456 RS B
Bk, FRdat— PPl i A SRR, R E
HERWAL S, KT 0.021 B/ EENK,
i %A R SR 3R AT TR Y VAT 75 79 28 5 Fhigk %

A
. _”\"\‘0—9 L RE
! Pl IEH
. G ! ) .
AR AR : :
4 F& 1 I
] : : :
| I |
I | :
figh | ! I
7 e Ao B
K7 GAN AR HL
5 - w
=1 YIER(, /) @ VOEUIE
N IE HHUTE G =

|‘II Nlﬂ W Bk BONN

______________ %'ﬁﬁ’%lwﬁﬁ
] ] \

JUPRR I i i | s

HEA N | A
(I ]

E8  PaDiM AT [ J5 HE



<374 - BRERE S

AR e

Bl 5] J7 T EUS T 98% HIHERAZ;  Yuan 255"
H—F &AL 7 3 % b5 % (convolutional varia-
tional auto-encoder, CVAE) LLJE i & 1977 e B
FRAE, A8 PR B AL 24T A, S T LA i A
MR

Min 255250 i JR R 2% ST 4R, e R BT
grJ, RO I TE R E AR, SR 1
A B 2O R B R A B, 0 iR T R T
e i P AR 0 AR 5 A6

Sresakoolchai 2515 FH 1 9l 15 4 7 fr) J8. 1%
Bl 2 IR AR A 2, XD TR
BHYET RS, ORI 14T R A Bk
F: Wang ZEPYE T — Fh W E 2 21 & ) W 4%
(collaborative learning attention network, CLANet) ,
M T IR B ER L sk A, 7] U AR R I
(RIS BE X0 G I 20 ) H A R B RS A X5, 10705
EERASE B RS AR EEPIRE T MR
i/ 4i0) SIS 202 R VAR E S LR W [ R
KREZZH5TTRARAESE, SEORAMEE . RE
WG A, ARG R, S TR
HERE.
14 BURESE

EEIESEB RN 2V PN E/TE L 2 P il iy
R B EE — A R E, AN, ATRLE
T UM R B EA S, AR R, Bt
FEAEAZ, B TAREFEARES, B8 i Ed
ANtar, KOKFEMA T I3E SR B A I AU AR R e 1 i
JE o BRI A 9 TR

FER 4 TSR T M4 BT DU 2R 31 1 BIE B
Byu e, b piE H oy s 5 2 Rail-5k, 40t
BRI, B REREE I A AR BN &
H, HRIFATHE: mAOHEHE %2 RSDDs, {HZ
HHRERD, AR LS T THEE:; ARMOK
re Mg EAHORN bR, FUER S, i
KB A0SR FFAITIR; RTFD 2 THIRTE
Kaggle FH##E4%E, H¥ERFS5ERENE R 7

RTFD%ESE

AR, AR IR R B A oS gH AT, R
FE e 2, (FHVERE % RDDD &4t 22K
SEAES4 ARMOK. RTFD LL M2 RSDDs 3 fitl B9
PR EHRAE, FSRIGIE A 13 tH R S
PRI ZRFLAR, 5 G 40175 RTFD B 4
Jil, {HRTFD 5 RDDD Wi BT 5t 58
FESER, s ARG, EH
BRI AE o AT sl g o O Ak S 5 ] R 7 1 v ot
EAE/TE

x4 HERMEHIESE

e Htak BRI RITIE ZRE
RSDDs! 195 2 Py e
Delftl*® 3240 6 & I E
Rail-5k>"! 1100 13 % I 1iI2%

RTFD 384 4 2 R
RDDDP?! 1738 4 = EIg 2
ARMOK 14010 S o IFIE B8 %

1.5 IFMERR

SRBEASIAE 55 75 VP PR bn X 4 A 7 8k
RREAT VAL, 275 Tk F00) SR B A I 77 72 10 S 46 4y
2K AEFIBREE 7 FERN 3 4 e AL A AR P SR bR AT
R . A3 T IE A 5 75 -5 B SCS BL AT BLRE SC
4NEPR, EHEFRONRERERE, WX S5 R,

x5 REERE
pagEas| HLS R
TR GRRE HFHPECTP)
TR IE BB M (FND

SRR
B (FP)
FHTECTND

(1) SRHAS AT
Precision = _TP
TP +FP
TP
TP +FN
2 x Precision x Recall

Fl-measure= Precision =+ Recall (3 )

(D

Recall=TPR = 2

TP+TN
ACCUTACY = b TN+ FN @

§
y ER P v

P &1 -
\

RSDDs¥(#4E

[y AL
ARMOK$ 4R

B9 Hdidomil



ERE MRoR 2845 6 TR B 2R B BRI K N 70k -+ 375 -

FP
FP+TN )

HH, Accuracy HHEMRZE, BRIFEASTON A, IEH
T &5 3 5 b, B IEJRZE (true positive rate,
TPR)  FH T %I 43 25 458 B iR i (1) 15 S48 o Bir A 1 5K
B LEB . Fl-measure AFEHZE (Precision) A1
[ % (RecalD R A3 %0, FIORAT & — 70 KA
RIFERE T 22 AN 4 0] 2 2 [A] T P RE

FEBRFAAT I 73 A 55 b, B8 S it Sef
VTAR A -

OF % - 8 % (precision-recall, PR) HH
& EARBEEET, PLHRBIRNEAARH, LA
RSB 2 AR S 22 1) 4 1l 2k

@32 #H LAERFE (receiver operating charac-
teristic, ROC) Mizk: fEARBERE T, PLAIE
&% (false positive rate, FPR) AH#E AL brfd, DA
TPR N A bRzl 2. XFT-ROC #h 4k i,
TPR s, [FIN FPRIEEAR, BIROC i £kikbe,
R RE R LT

(2) - E LIRS

FH EALE R I VTS H 8 ROC 42T THIAR
(area under receiver operating characteristic curve,
AUROC) FIIZXIHEZEE (per-region-overlap, PRO)
VE T FE DS -

JEH, FAE H AUROC K & A N #h 268 br
PR (PP RE . ROC il 4 /1 (1) TPR {H 52 6 B4 11 A7
ISZIR, SR BE % T A T AR R I S X3
Y22 W= TPRABAR 0 SR 15 AL B/ 1 R
Bea DI, DU i 48 A B 2 A AR K. B,
AUROC 7£ SEBR B H A7 7E — 5E I R PR

N 5K 4 AUROC 32 15 2 I & 5 5 A 2 s
Bergmann 2> i T — Rl 2% 194565 PRO, B
SPEERMHAR AN e XK. BRI S, Bk
S8 L RS o 5 SRFH 52 s 1) S 2 18 381 43 N A
Xk, B, RN XEPHNERPMNEEG
MAZEE, FHR SRR GG, @ik NS XA
PRI RIS H PRO. AN, FINZE 5 PAIFLAE G 1Y
LR ERHMEREA, itk PRO th AT DUR P51 4
BEREAT THE

N T diE G A O AL 25 SRR, AT B2 o
PRO M &k Hfiid J % E AL MERE . X T PRO Hi 2k,
A FPRE &y, D3R 7 KT AR 1) 1 5 DX el i Ar Ay
GREE . FERXPREOLT, H T ORTHAR B DX € Ay

FPR=

b, EIEFEARTPE B SR K, RIPROR &
B, TEXFHES T, & PRO A REAR 4T Hb S WA
R e RS B . IRk, 7E A ROC Hh 2% R i #H
(area under curve, AUC) PFA4/r PRO HIZRES, {0k
4 FPR AL T 0~30% HIBIME, FF¥ AUC H— 461
NI X ek e A A

T HUTE R AU I A — N F AT A&
B AR, HORE o AH S0 SN A I A
&, HEIREMIONBBWMZEARRE, AR TER
SERARSHEET N, A SCTvkg B EWA 0
SR 4 XL

2 RERRED

2.1 HETHUERFEE R AR ST

A R A U B AR (1 A F D R A BT 10 BT s
B IT R AL g 22 UL %, Sl T B sk
BERGLIN o (ELZ XA T AN RE W A It P 2R 2R A ik
Wi, BEE RBORMEED, 5. Tk g kg
T AR T VEAE AN TE R AR I T I B A
AT HUE RN R T Gy RRAEH, BEE
RIES SR S, B0 2 R IR 5 1 T i85
NBUIB SRR I, B T B AR . R
BRTFIFEATIR, £33 SCRA A 0 OB HREE R 7 s
BRI 7 2 AT VR, RS AUy —
PN TE T BOE R AR S5 . 2008 4F, BEE KT
BB R R R, Liu 22006 515N o
BB I 77 VA 1 ATt il FE 1 IR Ty
FRER BRSSO SR A ik, ER A
T AL G0 B 7 B AL BT 047 IR . 2012 4F,
Alexnet [ 452 H il DPRER BE 27 2] N AE TSR 5E
A, REIZEH IR TAHRIE T, PUB SR
AR B 2 BREE T2 BORTIE, RIS T RE K
Ko gl ik, F LA B8
DO ) T8 AR B SC BN A D REVE AR I, Id 2%
R S R FIAL PSS ORI SRS . V% . REER
T SR B ) A N o

G, ARGALTERIIN TR R RERT NS BRI
AT, ISR [23) A BRI IE R, 2 2Rk
DAEAE B B 24T TR AR AL 3 70 R 58 A
Wy FR, ARGRLRERIN T, e AL BRAE A
e AN E LA R, S b R Y S TAERUR
KELR: B)a, RGN IEA R & R
P8 73 ST AR SR ARSI, SCRR[2510F B R A5 15



© 376 ¢ ekl 51

AR e

gy g itedrmer] BFHA
Wik | R el TR
S PSR Iy 2
I I yikrS r I
>
20154F
Pkt 4s A& ST, R A UL R &
BN (R Alexnet
[ 20wt [ 2omm | 2ot [ o2omtmsom | Sl >
604ERRT 604EAR TO4EIR 904EAY B

F10 PR A R s

& FE AT T, B S I A R RN
BB

TR P 2 ST I K B B o e P A I AT R
ARG, HAEEREAY 2 S 3 e EMRIE X, IRTE
BRI B A . TREE S S B R B
S PEIRE A, SE R T AR ARSI Ty s R T
T T I55 55, [RIE AT DLd it faj 5 1) 2004 45 61
B AKX 5y o (BRI A TR 5 S B A ot
HmE T, ARSI EAR R IR D, JHIEM
e HA IR AR D S AR AR AR, ASRei 2
SR I TE RS I B T A TR R ol I A 3 i AN
GAN 8 A f PG n] DA — 58 72 B T A o B 2 110
W, H AT ASBE MARAS_E 356 i LS B IR BT A
BRI 2RI R . BhAh, SRR PIE B A
Wik EARTERE B R DL R A 8 B e vy ThD AR T
FE G UG RO 75, ABXS T T REME BB 1A
DATYERSE— A M S5, I B Gt i kdn il 7 725 1 ] fi
PR B R ME AR 25 TR B 25 ST AL SE A 75 5 o

R LRSI 2R 5 AT SR T A G R i A
Ty AN TR B 2 2] WA A I Ty VAR AR, 3k
I 5 F R A I (AT 55 o
22 RE

HUBAC B AL AU RN I E B S Y,
USRI A . AR T RAR K
N EA BEAR SR Lo SRR SRS 5 %
UK TIRFE A3, N L REAUEUR JE 1) I 4%
R RE ). REUEE, HETIRE %I RR
B, PSR ERE, A e — R I 1
Pio HRKE T REGEEAREMF DR IE 25 ) 7T fif
FEPEACAY ) &, R o] R AR 2 PSR N T8 e
TEAE SR 2 N I — KRR . U BRI AR

FER R AL I BEAN B BUARAR 2R 1 KRR B [ 22
i, XA T — DU B Eoest . T mks
JE ARSI A IR, AER ST VR AR A A A
SEBPERT AT AR o 2 BT AT8sk r i o A TN AR 7R AR
X2 6 5 B TR B 5 2 LS e I A A ke
Ko JIMRGRIRFE 27 ) AT R PEAR A )i, W] DA
LR FRIKEN 7%, AR R 8, K EIE
R R R I AT B 2 B8 RO o R R I B
HI75 25 B AR IR B T 4 s R P TE SR G
R, Bg AR BA P IR, A
(T A R R B PR Y T AR M 7 R L0
SR FE R AR A 11 P

é\ g
RPN ALY

& B

pEAL e ik sh
11 AT AR A e R LT SR o A U A

BEERHRHI A, BB SR FEAS I BT T dR Rl &
B AN TR BB AR KNG 1 B 30
PRI # o EIREMBE BT 2k sk e, Sk
G EB A B RRBAT EIRANG & J, X IR
SR PR BRI L SR B0A) ), T B
SR I ARLRE o [ K sl g 7T DA S XL e 55 20 A
B, FIEMBRGUEL ], R AR,
TR JEE BN Bl 22 a1 SCERAT S5 0 B Gl s 1 4 451 55
%, WRAROIIAES . it B ORI M s
BRI BRI HHER, RN
MR, BBEALS T RE WA R, %



31

MRoR 2845 6 TR B 2R B BRI K N 70k

* 377 -

I BeARAR I A5 S AR S G i) s B Re AR dm 4L T &
H43- 67 T8 52 184 BB 2% 4 T DA% BRI S B0x B P idk
ITIES; RN AH RS A, R AE SRR
S8 BR PG IR R 11 9T I — R B BB IE 5 TAE,
I FH Bk S SRR AR U AT DL SE BN A K. 5
TG WGBTS, [F— XSG B — A
BReRgm AL 17 DT . A8 R R A AR R B S0 3 AT
HAIAHC, &8 Be A 4% 43 T AT 25 2R AT Bk B 12
52, (RIS S HHE e A AT 45 3R AT 58 itk B 1) IRl 4%
IXPERTE BRRE R I RS LI T R BME B 4
A3k, & A3IERERE RSN 12 os.
HT, N TR RSO B AR TIIAT 45 CL 48 2
AR5ER, JFUREE MR, AlE R IR S5 50 K 5)
P =ARN TR R AR IEE S R E . HUE AR
AT e T B A BT LS, BT B, R
Sy R B A5 B, WRllcinsm e s ). oIk
oy BB RS PATIE W KRR EFILM T
OO o R 3 B 1 4 1 B 3 B AR 1

| mxmsse TR |

PGS A

'

------ R L g ——

3 Z5RiB

E TR Rl RPN NI b AT E R S5 € R R
fig . KGR L BRI BTk A7) 9555 7 L,
KESHF XX BT T, BEE AR
M S SRR TM5ETT, XL AT — R
FEMIf Do B AR L 5 S AR AL SEAS I 5%
ISR IBUEED, 4N T REBORIZHT RO AR S
AP SR T TR IR ST ORI £ N L
St Zillgk. AT e R,
£ B s 38 LR SR IS I s i A T2 1 B R
Sto SR, 3 R A bk B R I ATTEAT EE
BRI 5 S BB SR AS ISR T4 ke 2D
BYBL V2 BEONARTUIER L T U i B A I 45
2R HE B EARME RO AR . ARG AR
BT LR UIE R A I A AR B HOR L Tk
SRHT, S AT SUREOR LA AL, X IE sk

———————————————————————————————————————————

EIEE = E
|

v
s ]

[ s |

£l | [ mwr || mwen || s AR |
i e e e R e o £ ]
- R A : I 1 |
L R P | meem || e || eeiss |
| I
oo B
| i N %
|
|
gkt Y

Kl o

HhmT Bk

BB KURATAL

i S B AN N e S p Ay

K12 2fsifudskian e 25



© 378 « ekl 51

e G I3 AR Sl B G 0 405K ) e Fe e B AT T
TRIANREE, DN AR KRBT TR A 2 10 5 K 5

He 1
H =5 o

EEPEE

(1]

[2]

(3]

[4]

[3]

(6]

[7]

(8]

91

[10]

[11]

[12]

[13]

[14]

[15]

[16

CANNON D F, EDEL K O, GRASSIE S L, et al. Rail defects: an over-
view[J]. Fatigue & Fracture of Engineering Materials & Structures,
2003, 26(10): 865-886.

CLARK R. Rail flaw detection: overview and needs for future develop-
ments[J]. NDT & E International, 2004, 37(2): 111-118.

rp N RS AN [ 2R 5 AN 4 25 TB/T 1778—2010[S]. 2010.
Ministry of Railways of the People’s Republic of China. Classification
of rail damages: TB/T 1778—2010[S]. 2010.

TAO X, GONG X Y, ZHANG X, et al. Deep learning for unsupervised
anomaly localization in industrial images: a survey[J]. IEEE Transac-
tions on Instrumentation and Measurement, 2022, 71: 5018021.
EDWARDS R S, DIXON S, JIAN X. Characterisation of defects in the
railhead using ultrasonic surface waves[J]. NDT & E International,
2006, 39(6): 468-475.

CHEN K, BAI L B, CHEN Y F, et al. Defect automatic identification
of eddy current pulsed thermography[J]. Journal of Sensors, 2014, 2014:
326316.

TR, RIS, EHEM, &5 . PRSI TCHG I 5 PP BORZRIR ], 4K
BA AR, 2019, 40(2): 11-25.

ZHANG H, SONG Y N, WANG Y N, et al. Review of rail defect non-
destructive testing and evaluation[J]. Chinese Journal of Scientific In-
strument, 2019, 40(2): 11-25.

GONG W D, AKBAR M F, JAWAD G N, et al. Nondestructive testing
technologies for rail inspection: a review[J]. Coatings, 2022. 12(11):
1790.

KOU L. A review of research on detection and evaluation of the rail
surface defects[J]. Acta Polytechnica Hungarica, 2022, 19(3): 167-186.
MICIC M, BRAJOVIC L, LAZAREVIC L, et al. Inspection of RCF
rail defects: review of NDT methods[J]. Mechanical Systems and Sig-
nal Processing, 2023, 182: 109568.

HAN Q, WANG S C, FANGY, et al. A rail fastener tightness detection
approach using multi-source visual sensor[J]. Sensors, 2020, 20(5): 1367.
GUERRIERI M, PARLA G, CELAURO C. Digital image analysis
technique for measuring railway track defects and ballast gradation[J].
Measurement, 2018, 113: 137-147.

XIE X H. A review of recent advances in surface defect detection us-
ing texture analysis techniques[J]. ELCVIA Electronic Letters on Com-
puter Vision and Image Analysis, 2008, 7(3): 1-22.

LIQY, TANY Q, ZHANG HYY, et al. A visual inspection system for
rail corrugation based on local frequency features[C]//Proceedings of
the 2016 IEEE 14th Intl Conf on Dependable, Autonomic and Secure
Computing, 14th Intl Conf on Pervasive Intelligence and Computing,
2nd Intl Conf on Big Data Intelligence and Computing and Cyber Sci-
ence and Technology Congress. Piscataway: IEEE Press, 2016: 18-23.
DUBEY A K, JAFFERY Z A. Maximally stable extremal region
marking-based railway track surface defect sensing[J]. IEEE Sensors
Journal, 2016, 16(24): 9047-9052.

SALVADOR P, NARANIJO V, INSA R, et al. Axlebox accelerations:
their acquisition and time-frequency characterisation for railway track

monitoring purposes[J]. Measurement, 2016, 82: 301-312.

REAR 6%
[17] GANJ R, LI QY, WANG J Z, et al. A hierarchical extractor-based visual

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

rail surface inspection system[J]. IEEE Sensors Journal, 2017, 17(23):
7935-7944.

MINY Z, XIAO BY, DANG J W, et al. Real time detection system for
rail surface defects based on machine vision[J]. EURASIP Journal on
Image and Video Processing, 2018(1): 1-11.

GUO X, LIU F, TIAN X T. Noise modeling and denoising of images
collected by on-board track inspection system[J]. Multimedia Tools
and Applications, 2022, 81(8): 11695-11715.

LIQY, REN S W. A real-time visual inspection system for discrete sur-
face defects of rail heads[J]. IEEE Transactions on Instrumentation and
Measurement, 2012, 61(8): 2189-2199.

HE Z D, WANG Y N, YIN F, et al. Surface defect detection for high-
speed rails using an inverse P-M diffusion model[J]. Sensor Review,
2016, 36(1): 86-97.

LIUJJ, LI B L, XIONGYY, et al. Integrating the symmetry image and
improved sparse representation for railway fastener classification and
defect recognition[J]. Mathematical Problems in Engineering, 2015(1):
1-11.

FENG H, JIANG Z G, XIE F Y, et al. Automatic fastener classification
and defect detection in vision-based railway inspection systems[J].
IEEE Transactions on Instrumentation and Measurement, 2014, 63(4):
877-888.

GAN J R, WANG J Z, YU H M, et al. Online rail surface inspection
utilizing spatial consistency and continuity[J]. IEEE Transactions on
Systems, Man, and Cybernetics: Systems, 2020, 50(7): 2741-2751.
LEE H, HONG J, WENDIMAGEGN T W, et al. Rail corrugation de-
tection and characterization using computer vision[J]. Sensors, 2021,
21(24): 8335.

GIBERT X, PATEL V M, CHELLAPPA R. Deep multitask learning for
railway track inspection[J]. IEEE Transactions on Intelligent Transpor-
tation Systems, 2017, 18(1): 153-164.

HSIEH C C, LIN Y W, TSAI L H, et al. Offline deep-learning-based
defective track fastener detection and inspection system[J]. Sensors
and Materials, 2020, 32(10): 3429.

HSIEH C C, HSU T Y, HUANG W H. An online rail track fastener
classification system based on YOLO models[J]. Sensors, 2022, 22(24):
9970.

FENG J H, YUAN H, HU Y Q, et al. Research on deep learning
method for rail surface defect detection[J]. IET Electrical Systems in
Transportation, 2020, 10(4): 436-442.

CHANDRAN P, ASBER J, THIERY F, et al. An investigation of rail-
way fastener detection using image processing and augmented deep
learning[J]. Sustainability, 2021, 13(21): 12051.

AYDIN I, SEVI M, SALUR M U, et al. Defect classification of rail-
way fasteners using image preprocessing and alightweight convolu-
tional neural network[J]. Turkish Journal of Electrical Engineering and
Computer Sciences, 2022, 30(3): 891-907.

HU J, QIAO P, LV H H, et al. High speed railway fastener defect detec-
tion by using improved YoLoX-Nano model[J]. Sensors, 2022, 22(21):
8399.

ACIKGOZ H, KORKMAZ D. MSRConvNet: classification of railway
track defects using multi-scale residual convolutional neural network[J].
Engineering Applications of Artificial Intelligence, 2023, 121: 105965.
LI X, WANG Q, YANG X W, et al. Track fastener defect detection
model based on improved YOLOV5s[J]. Sensors, 2023, 23(14): 6457.
LU J, LIANG B, LEI Q J, et al. SCueU-Net: efficient damage detec-



MR J 5. BT

) 2 230 B e R 25

* 379 -

tion method for railway rail[J]. IEEE Access, 2020, 8: 125109-125120.

[36] KIM H, LEE S, HAN S. Railroad surface defect segmentation using a
modified fully convolutional network[J]. KSII Transactions on Internet
and Information Systems, 2020: 4763-4775.

[37] JIN X T, WANG Y N, ZHANG H, et al. DM-RIS: deep multimodel
rail inspection system with improved MRF-GMM and CNN[J]. IEEE
Transactions on Instrumentation and Measurement, 2020, 69(4): 1051-
1065.

[38] TU Z W, WU S R, KANG G Q, et al. Real-time defect detection of
track components: considering class imbalance and subtle difference be-
tween classes[J]. IEEE Transactions on Instrumentation and Measure-
ment, 2021, 70: 5017712.

[39] GUO F, QIAN Y, RIZOS D, et al. Automatic rail surface defects in-
spection based on mask R-CNNJ[J]. Transportation Research Re-
cord: Journal of the Transportation Research Board, 2021, 2675(11):
655-668.

[40] GUO F, QIANY, YU H Y. Automatic rail surface defect inspection us-
ing the pixelwise semantic segmentation model[J]. IEEE Sensors Jour-
nal, 2023, 23(13): 15010-15018.

[41] LI M X, PENG B, LIU J, et al. RBNet: an ultrafast rendering-based ar-
chitecture for railway defect segmentation[J]. IEEE Transactions on In-
strumentation and Measurement, 2023, 72: 1-8.

[42] WAN C, MA S, SONG K C. TSSTNet: a two-stream swin transformer
network for salient object detection of No-service rail surface defects[J].
Coatings, 2022, 12(11): 1730.

[43] HOSHI T, SHIBAYAMA S, JIANG X N. Employing a hybrid model
based on texture-biased convolutional neural networks and edge-biased
vision transformers for anomaly detection of signal bonds[J]. Journal
of Electronic Imaging, 2023, 32(2): 1-10.

[44] CHENG M Y, KHASANI R R, SETIONO K. Image quality enhancement
using HybridGAN for automated railway track defect recognition[J].
Automation in Construction, 2023, 146: 104669.

[45] SU S X, DU S L, LU X B. Geometric constraint and image inpainting-
based railway track fastener sample generation for improving defect in-
spection[J]. IEEE Transactions on Intelligent Transportation Systems,
2022, 23(12): 23883-23895.

[46] XIAY W, HAN S W, KWON H J. Image generation and recognition
for railway surface defect detection[J]. Sensors, 2023, 23(10): 4793.

[47] NIU M H, WANG Y Y, SONG K C, et al. An adaptive pyramid graph
and variation residual-based anomaly detection network for rail surface
defects[J]. IEEE Transactions on Instrumentation and Measurement,
2021, 70: 5020013.

[48] KIM I, JEON Y, KANG J W, et al. RAG-PaDiM: residual attention
guided PaDiM for defects segmentation in railway tracks[J]. Journal of
Electrical Engineering & Technology, 2023, 18(2): 1429-1438.

[49] MIN Y Z, L1'Y X. Self-supervised railway surface defect detection with
defect removal variational autoencoders[J]. Energies, 2022, 15(10): 3592.

[50] FERDOUSI R, YANG C S, HOSSAIN M A, et al. Generative model-
driven synthetic Traininglmage generation: an approach to cognition in
railway defect detection[J]. Cognitive Computation, 2024, 16(5): 1-16.

[511 YUAN Z D, ZHU S Y, CHANG C, et al. An unsupervised method
based on convolutional variational auto-encoder and anomaly detection
algorithms for light rail squat localization[J]. Construction and Build-
ing Materials, 2021, 313: 125563.

[52] MIN Y Z, WANG Z W, LIU Y, et al. FS-RSDD: few-shot rail surface
defect detection with prototype learning[J]. Sensors, 2023, 23(18):
7894.

[53] SRESAKOOLCHAI J, KAEWUNRUEN S. Railway infrastructure
maintenance efficiency improvement using deep reinforcement learn-
ing integrated with digital twin based on track geometry and compo-
nent defects[J]. Scientific Reports, 2023, 13: 2439.

[54] WANG J P, SONG K C, ZHANG D F, et al. Collaborative learning at-
tention network based on RGB image and depth image for surface de-
fect inspection of No-service rail[J]. IEEE/ASME Transactions on Me-
chatronics, 2022, 27(6): 4874-4884.

[55) A, Jr Y, VFSCOT, S5 . THD LT SR e R ) g B 2 o) A

BRI R AR SE[I]. BRI 24k, 2023, 45(4): 77-83.

REN Z W, FANG W W, XU WY, et al. Research on lightweight model

training technology of federated learning for railway defect detection[J].

Journal of the China Railway Society, 2023, 45(4): 77-83.

FAGHIH-ROOHI S, HAJIZADEH S, NUNEZ A, et al. Deep convolu-

tional neural networks for detection of rail surface defects[C]//Proceed-

[56

ings of the 2016 International Joint Conference on Neural Networks
(IJCNN). Piscataway: IEEE Press, 2016: 2584-2589.

[57] ZHANG Z H, YU S Z, YANG S W, et al. Rail-5k: a real-world dataset
for rail surface defects detection[EB]. arXiv preprint, 2021, arXiv:
2106.14366.

[58] BERGMANN P, FAUSER M, SATTLEGGER D, et al. Uninformed
students: student-teacher anomaly detection with discriminative latent
embeddings[C]//Proceedings of the 2020 IEEE/CVF Conference on
Computer Vision and Pattern Recognition (CVPR). Piscataway: IEEE
Press, 2020: 4182-4191.

[59] TAKIKAWA T, ACUNA D, JAMPANI V, et al. Gated-SCNN: gated
shape CNNs for semantic segmentation[EB]. arXiv preprint, 2019,
arXiv: 1907.05740.

[60] BRIEIE, BRACKE . VAT BEBIEH RS B A IG5 i B 2 2 1)
THED]. B RERN A HHOR AR, 2023, 5(2): 267-273.

CHEN D W, OU J X. Parallel fuzzy control: a self-learning control
method with virtual-real interaction and mutual enhancement[J]. Chi-
nese Journal of Intelligent Science and Technology, 2023, 5(2): 267-273.

[61] £ KER . ~PATHEH]: B R8sl vk SEE I 0], B3l 24k, 2013,
39(4): 293-302.

WANG F Y. Parallel control: a method for data-driven and computa-
tional control[J]. Acta Automatica Sinica, 2013, 39(4): 293-302.

[62] £ KEK, B, iK%, 55 . i AT for Science HI 521 5 & X B
AR5 Fe SR 0]. B RERE = S HOR AR, 2023, 5(1): 1-6.

WANG F Y, MIAO Q H, ZHANG J P, et al. The DAOs to Al for Sci-
ence by DeSci: the state of the art and perspective[J]. Chinese Journal
of Intelligent Science and Technology, 2023, 5(1): 1-6.

[63] EMS, BRak. 5 T-PATEEHIM(E B2 g it 0 1 5 R[] A3l
A4, 2011, 37(11): 1351-1355.

WANG P, CHEN 8. A parallel control approach to optimization of in-
formation security management measures[J]. Acta Automatica Sinica,
2011, 37(11): 1351-1355.

[64] TRV, B RA7, A 2408, 55, BEULA R R RE Ao fL 2 51 U5 vk 4
). BRERHE SRR, 2023, 5(3): 313-329.

XIANG F T, LUO J R, GU X Q, et al. Survey on multi-agent reinforce-
ment learning methods from the perspective of population[J]. Chinese
Journal of Intelligent Science and Technology, 2023, 5(3): 313-329.

[65] P, £, EMA, 55 FATE RS CPSS: = HER RIS &
B[] E LR, 2023, 49(3): 614-634.

YANG J, WANG X, WANG Y T, et al. Parallel intelligence and CPSS
in 30 years: an ACP approach[J]. Acta Automatica Sinica, 2023, 49(3):
614-634.



- 380 - BRERRE GRS

e

MEHTEN]

[ BRERS (1981- ), F, HEEANBCS @Y
22 B O AT S B R, R LR
RS, E T RN
TAEHLEE N . PUE sk FE R .

EHiERR (1998~ ), I, MEEEH T KH¥AcE
BRI, EEMER T AL
By I BRI o

B (1990- ), H, WyLEFHENS
KB ub, FEWF 07 AP
3. B ARG B RESE RS

A& (1984- ), B, WEHE T K¥AE
s B PRIM . WA S, EETR T
WA AL A AL 8858 R B AR I o

FREERE (1976- ), 5, A T KZEIE
B, M SRR A
+, MR FLS KB Bt AR
S, fREE TR KIS EeE, E
TR T O TR RERVE . B RGN
HREZIB RS



