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Pavement Crack Segmentation Method Based on Bilevel Convolution and Multi-
feature Fusion
YANG Zhenjian,SHAO Xianqging, WANG Jiao
(School of Computer and Information Engineering, TCU, Tianjin 300384, China)

Abstract: Aiming at the problems of missing edge details and misjudgment of target in road crack segmentation method
under complex background, this article proposed a pavement crack segmentation network based on bilevel convolution and
multi—feature fusion. Firstly, the U-Net network was used as the infrastructure to design a bilevel convolutional network to
improve the coding part, increase the receptive field, and extract rich context information. Secondly, the coordinate
attention module was introduced to optimize the decoding part to further enhance the network’s learning of crack edge
details. Finally, the generated multilevel features were fed back to the feature fusion module, and the deep and shallow
features were effectively fused by stacking channels. In addition, the loss function combined binary cross—entropy loss and
Dice loss function, which effectively solved the sample imbalance problem caused by a background larger than crack pixels.
The experimental results on CRACKS500, CFD, and Cracktree200 show that the MIoU achieved by this method is 76.8%,
65.3%, and 53%, respectively, which is 3.5% higher than the result by the existing methods, and it can achieve excellent
automatic segmentation effect on road cracks.

Key words: defect detection; crack segmentation; bilevel convolution; multi-feature fusion; image processing; deep learning

PEEE S WGE B A B AR, UHOE N T WSS FE T, WP SRR A SR I A 5 v 0

b BRI RO B TR, AR TE B N Y
ZAL, BRI A5 RIS AE 1. UNSRREE AN RE ST
AN, ARSED" R B 3l 2 S S5O0 7™ B ) B IR R S
JE KA, H B AT I, E W T R
RGN X DR UETE 22 4 B R I AP L 2SR N
TR 7535 ARG DN EE AR, it HL 2% i 9% 7 2w 1

e B #1:2022-10-12; 81T H#A: 2023-03-10
BEEW B KA 5 B (20YDTPIC01310)
EHRE N IR (1986—), 5, INFREE A, 8%, 1H 1+

ERA T EENE L.

W& 15 GE UG BEEOR B & T, R OCITFE N 5 4
A ISR I 02 B 23 5 A A AL
SEVE R ZBEEAT B SR, 1R A B R, s
T HO ARG I B A (R A0SR AR ER T B Th 4 4 4332 31
JCHE B RS (A i s ) SRS IR R A T

BE1EE BENE (1997—), 2, KBS EE R AR+ Az 5805 ) - ERAR P B4 4850, E-mail:yeygzzz@163.com.



2024 4= 8 H

WIRALAGE - SUZAE RN 22 Rk Rl 5 A B TR SR 03307 1k 291

o, (EGE0A I T SR R AT R Y 4k
B, FE DRI a], 7 HLAA R A AN A DR B AL
FEH 2 T 1 IR ARG A L.

A, T TRAIZE M4 (convolutional neural net—
works, CNN) B ARRAVFFEY B8 ), W] LUkESR G
IR PSP S P R T, RN 75 24 [
QAT AL TR, AT DL AR A ] b i U 2K
DR b T 5 B 28 I 2% O TR BB ) R 2z
TRLEERGIN AU, S B R RS IR . Dung® T
—Fh A4 (fully convolutional networks, FCN )12k
HEATIRBE + 2RI J7 1 1Z 07 T USSR R R
B0 H) A RZARITE FRAE T X RRAE A AR A
BERGAR X PG A0 AN UE IR TEXT & AMEER I Ty
i, A HIEB R SBRRZIAIICER. Bang S5 H
T R A AR G R — e B 1) 2 ke U [ 45 b 1
PR LEE R 73R IT I R AR 22 P 48 4 D G i e HEA TR
TEFEIR , S A5 B HRAE hy bt 65 2 o7 g A R v iy 22
8% Yang SR T —FPE T HEDUHSE A A RFIE 5 7
PERN AT 23 R M 2% i i G IR B U G 2 R X

AL RN BRI B BN B R MACKR AL BER

SAE BE R R R AR (HLI2 279 SLERA ) IR e 1
LT, 73 2 A 2 S B AL IR Z R B 1 S ok
HAR, 8 B0H SRR A G, KORBEAR 7 HEs 2. X L
SR S R AT TR B U—Net ™ 28 o i) fit
B ER I , 35 R b SR A I 28 rh ) R AR, R AR B 41D
il 1 SR A R TR L (B R A R S A
B, 5 R EAR.

9 b, BHRAN RSO T R SUE R
W AER) D S IBCRFAE I SN SCTE TR E R B SR R
AN, K S BB 1 22 2 ORHE B AT S8 0 Rl L T LU
Rtk HbRiR A8, 25 B Rk, SR B2 Z

2T 4
512x512x64 |

RENE RS 1) 3% 1T 24 4% 43 #] X 2% BMFNet(bilevel convo—
lution and multi—feature fusion network ). 7~ SC 5% &
W] 2 Z A4

COEEXS gt P g5 At by B SUfF R 2R
[, B ARG RN RZ R E T CF R, A
T N7 b A A TR ] R N e R s ) R 3 [R]
RICEIEWNG T2 SO NITE L TR (1 S %
T HOMH BRI 2E 5.

(2) BT RS AT 5 T W05 By k2R e 7S T4 1)
B, 5 I AR AR T 2 WL i — 25 DA A 5 D 2%, 4 3
B 2 D —HERE GRS R, S i s 2 A4
23 (8] J7 ) SR AR A, SO MR e A2 H AR A AL, 35 B
D 4% SR 4 b R 3 TR AR T 2% AR SRR [, it
2 RUBERHE Rl A5 JOREAR 2 w2 R R A T 4 1 i
Fe, HARAN SRS B A T Y RRIE R K, DAY/ R RS T
A5 ] .

(3) EFXHERARR 2L 2 F B FEA - 1)
R, BT A A SRR T Dice 4525 sRECH S5 & 18T
P L.

1 MRS

U-Net 45 F— N 3RICE T SO S0 A 4 A —
A SEHURE B E BRI g 2 A, 2 — i B o) U Y
45K, A AR R A IR R B R 23
B R R AL R R 4808 T A T IR AL B A
ANELF, FRIEIH 2 2 OARHE A B e, 1R
R AR R . AR SR U—Net Sy i 9 46 45
B, 4@t BMFNet B RS54, anE 1 B, Sl T o 2]
IR e PV

512x512x64

128>J128><256 BNM

| 64x64x512

32x32x1 024 | BNM | T

| 64x64x1 024  64x64x5 12?

= can ~j-§

5 I_. A l
256x256x128
N I > I_> 12x512x128;
128x128x256
=1 512x512x256 MFM
512x512x512
512x512x1 024

L — =]
* Maxpol 2x2 - Conv 3x3,ReLU

? Up- 2x2 -» Copy and crop

Bl 1 BMFNet MELEHITREE



+292- xX OH

N

ne

A,
=

& S 304 4l

1.1 NESBRME
N AR S R BT SCUE R U ST R
TR 1) i R AR 48R v 2 DR RRAE (BT 43 B 30/ N i 7 A=
5 RR AN, A SCE T SR A PR B 28/ i
A7 2% EZHWUZ G B (bilevel convolution
network moudle, BNM )41 1Y, , iZ il F—1> 3x3 B
AR HES TG, S5t Al 2 .

RS ) 45 U T A RS BUIGE A XU=
R, A 2 JZE . — R e AR 5 — 2 R as
TR AR 8 B R K A 23 0 5 AR R R 2
JZ AMERT AR ISR RAE I/ NSRS R i T S0
B3 AT DA 5 AR Iz B, LD A R A 15 R
TR AR B ARHE)Z SR DRI AR A =S
TG AR= 1 45 I (5 S maE 4 5 1 A R0 3
THRAEFIE. RUZ GG I 3 P,

Input | X2 3x3 | Relu | Output SN
BR BB | s HARRUL, BUZ BRI % 5 4> ARSI
2 WEBMELR GBI 4 AT REEZA, 7ER)Z T R, 8
Identity AR U2 - ™,
T /
X
D 1
-
Input festure: X CI2xH2xW r/—_ |
X, ] Input festure: Y
N Fy | K, B | |J /7T
Split o CpdbdV_ Gy TV ES
_)"/g ~. oncat |
/ L
CxHxW ! X,
\ CxXHxW
\ , —j F
i ——
@ BpEMm ® Bz AMR © kK

3 WEEREHE

EHCHEIN 1A%, KICh 64,128,256,512,1 024. H
MEWEZS T B R A RRIE R X e ROV iyt ARRAE
Y € ROPY AR, =12, ,6) KR AR KNG 5
BUZ (Kiyi = 1,2, -+, 6) 7R X0 N (NI A . 1900, W i
AFFIE X 3 B(X,, Xo) 2 #5482 T I e A A
JERETRBRUZ ) T SUE B

TEARHEZ T XA X, BT e 19727t fb 45
VESRASHRAE T, 235, WERAE T EAT LT K O FHAR
A L RAFHRAE A5 2 B REAR 22T X

X'1:UP(F5(T1))=UP(T1XK5) (1)
Ao Up () Fm R PEAR (454, SE b ) S5 /A
INRUBE 25 [0) 3] S IR RRAIE 255 [ () B S5

SR, MESLIERRCR, BERETAE X', X,
iy NSRRI AR R AN, Zoad 405 pRBCAE B , F3t T
K, B RV G R T2 E AR E] v,

Y/1=F4(X1>'0'(X1+X/1)=X1XK4 (2>
Ko FIm sigmoid PREL. i LT Ko B
JEFSE] B A HEZ i Y.

FEZSTRAERUZ Y, D EE A RHIE X, 1A 2z
B AR N 2,4, 8 A58 TR AR A B 2]
B A58 4R R SCRHE Y,

Y2=F3(F2(F1(X1))):((X2><K1)XK2>><K3 (3)

BRI Y, Y, WTEE RSO A R A
= SUE B RRHIE Y.

X )22 45 FEU ) 245 3 1) 1 A 7 2 1) 4 FRUBE B4 Bk
B A HE)Z A IR RR)Z 2 AR REEZS R A5 B, 7T
DL RO i A BRI RRIEAL SR, ROCHG I gksz 87 , 4
HUCRIEE Ry 5 ER 1) 2L X S
1.2 FRASR %

Shyitt— 0 22 ROBERRAE W 2 SO A0 RS T
SRR S LA A1, KT AR T 4% 38 3 B AR [ 2 U R ATE
AT RS 580 | AR B I (coordinate
attention, CAM) HEATAR AL , P-4 O AL 19 43 G R A0 53 5]
S B AR (multi-feature fusion moudle,
MFM) , DA TR 52 575 S5 IS T4t )i,

12,1 2AREZE SR

A AT DL R MR R M RE L (H i
2 T ALEAE R AL AR B T A s R
EAEAR R B I, A SCEEARAS R 26 rh i A AL bR
TR LRI AT UAL , 38 7 115 B A B3 3 T
B, e A I XUZ SRR B R RAAE 1 AT S
BRI VRANE RS B SIS R o 7 2 [ R
AR BTSSR AN ] 4 s,



2024 4= 8 H

WIRALAGE - SUZAE RN 22 Rk Rl 5 A B TR SR 03307 1k -293-

CxHXW X AVG Pool

X AVG Pool

Input feature:/

Cx1xW

D ik

TEASARE R, 1 ek AR 1) o 1, ]
RAFCH, DAL, W Rt AL BUZ T 2 AR R T [6]
FHZRF- AR AR T7 1] Xt B ATl AT St , A i— X A
7 ) EIRE ) BORFAE RS 1 F 1)

1 .
=13 1, 4
ey 2 L) (4)
=13 1G.w) (5)
H (S=y

1 RN B b WS ¢ AT IE G AR s L 3R
ANBEE N w HE ¢ A EIE R . WO H RN RHIE
SESpAEEIEE S

W () AR (5) )7 A B R AE 1 18 3 4 T 3%
He, ORJE I 1x1 2 AR A Rk 10 e i, 2R i
[ HFAE £

f=8((conv)concat(L",1")) (6)
HH .8 IR RellU 3 pR%L

FRRAFIED] 23R 2 AN B RFAE /e, AR
24~ IxL B BURE T AT AR S 2 A AR T [RIRE R

WAL, IC R o Fl g
g =o(conv(f")) (7)
g'=o(conv(f")) (8)

A0 TR sigmoid P PREL.

B, B AR & A1 g 3l FAAE KPR AR
PRI A, 5 IR HIE I 1 B3 AR, 15 3 i
£ SER=WAL e TH

fo=Ixgxg (9)
122 Z4FiEmebish

XF T A EG, HAE R ZRIE S IO B B O 4 2
B DI R BT SRy R R 75 Ak BN, 0 R R AT
I, AHIC, Bl 28 R U IR , R ik A B 02 Wi B A
TAF A BT A e T (B R DA RE PR RT3 503 1 ) o8
PE. L, ZePER A AN RV RFIE S BT BE A FRAE AT LAAR
UF AU, [RRIE AR R R AT, B Tl A
SCBCTHRAE Rl A5 DA Ry 0 265 1) i 1 B 5 i )
AR T — 2 g s 1Y 2 RO S48 Re i, BAHAN SR TR

ClrxIx(W+H )

Q@ g F e

Split

Output feature:; ;)

Cx1xW

IxT BT T RS

B4 SIREBENERENE

RZUCRIESR B 3RA b5 5T 90 U B PR iRes
EAmr

BR300 2ok XU A 1 94 20N A i i e g
U SRAEZ 7 A2 1Y 4 /0320 R 1k 1 Bl 5y i A T
BRI FRE BT 28 e Jo — SRR 1 3 3 i 42
FFIEA Ix1 A RRZ AR R ) Rp e 3 4, A= il
2 A TR .
13 KEH

SLEERGINAE Sy AR MR 73 1 IR) R, AR SCR I X
3 BT 55 5 F ) A28 R 51 2% B2 (binary cross
entropy loss, BCE ) Fll Dice 51 ¢ pR &4, & W) 7=, Al L
TRUF MR TT AR R R T R R S R BRI A
AP IR) . IR A% BRI Loss i

Loss = Lossge + alosspe. =

—;7 N [Glog(P) + (1 - G)log(1 - P)] +

n

Y 6P +u
a | 1- - +

ZP,,+G,,+,u

> (1-6,)(1-P,) +u

N 2-P-G,+p

(10)
T : Losspee  Losspie. 731 2878 (B A8 SUR 5 2 pRESCR
Dice 2% R ; o By LU 285, 80 1S FoR BB
RN, TGRS n REAE; P, B R A
n AT

2 REWIIZSIEN

21 HE&E

R 9 UE T 4 VR A R Rz A, AR SCHE
CRACKS00M™1728 H 24 4 % 9 4 I 2k 5 004k, I 7
CFD" Cracktree200" i Ha4E | E4 750 4IE.

CRACKS00 H¥54ET 2019 4Ewi 4, J& Havf
KA EAT IR ZE GO R R A T B T L850I 48 , 1 I
AU BN [R] A 5 TR PR 2 (] (RO LL B2



294 PNERE O SN

304 4l

PR ZBIRER N 1896 TRV EI% 348 Tk
TEEME A 1124 sRMEAEE. BRI R/INE 640x360,
R PR AEE R B #A — MG R PR kA

CFD(crackforest dataset ) EUPE4E T 2016 4EREHEH
A 118 SR AV 3 I8 T T8 [ K 1 244 Y R 4
AR, BRI 480320, X SE G40 & T B fise
1438, B8R PN 1~3 mm.

Cracktree200 BEE T 2012 9T, 17 206
TR/ 800x600 [ HK T 4% KI5, X LS AL &
5% AN RS ) . B MG — 1 F T B AL
IR ZR TR

AR UERE R IR SR FOT s i A &1 ik
755 A8 4 DK B8 4% HF 70 1 ToLAh B SR s, K R e K
JNT R R 55— ) 512x512x3. #F CRACKS00 B 1 T
YRR AR , Crackiree200 F1 CFD HE 4
AR TIALE. e, A ZAEA 1896 5K, Sk
FEA 348 ik MHRFEAS 1 448 5K, Hid1, Crack500 .CFD
Cracktree200 BRI AR EUZFIFRZ a1 5 iR,

e 5#:, g Fo! o ad \

(b) CFD %#fidk

(¢) Cracktree200 ¥4
B 5 ZEHEEHER

22 HEEHIGSE

SLHR I Ubuntu 248, ifiH 5O~ Python, 5&
T PyTorch1.10.0 T Ji % > HE J2 #5 @ £ A ,GPU Ky
NVIDIA GeForce GTX 1080,CUDA 7 & 10.2. £l
Rt B A SCH I IR 2% ) BRI E S 0.000 1, 328
Adam Pifbss , LR/ N E A 2, Y1125 epoch Ay 200
A, shuffle & # 4 True.

BERIYI Zr - UE Loss HZEUNE 6 PR, 4 Epoch
K E 100 B, 52K ki shik 242

0.40 —
— Ik
el AT BN

0.35
0.30
— B
025 f
0.20
0.15

0 ZIS 5IO 7.5 l(I)O 1I25 1.50 1I75 200
Epoch
E6 illZ-I0IERR R

2.3 iFMiER

BLEERG A Sy — TR R PO i Lo BUE 55, H
i PP FE AR V2458 3F . (mean inetersection
over union, MIoU ) 1314 2% 7 % (mean pixel ac—
curacy, MPA ). MPA THE 2 IE# 3 AR R EGE 5
FRA R R HCE B HO . 7EASCh, Hat By e sk
PRERSUEF RO S T A B R B L (E. MIoU 757
(2 BTSRRI 2 N A 1038 45 FN 942 1 °F
PIRCAR , fEAS SO, H 3 10 2 o B L 52 R0 T
RO Z AIAPEEIEOIF L. Rt A 2 (RiEE ), F
YR R AW R AP 2208 e i ok =t (11)-
(12)F7R

k

_ 1 Pii
MPA = ;:0 y (11)
zpij
j=0
1 k
MloU = - > I (12)

- ZPiﬁ ZPﬁ—Pu
j=0 =0

e py ARFLBR N § ZEHN 7 R R B 5 ps
REESLBRNES o TNy @ B A5 B p, IR
SRSV RES IS X6
24 KIGERSH

SRR RS B B A A , A8 SCHE CRACKS00 545
£ FIFATIH RS, FEMERIALR H U-Net, #5241 1 J27F
J Gt i 19X 4 v R I AUZ B AR B 45 AR 2 SR AR A
A1 R EASINAR PR BB (CAM) #5880 3 278
TR 2 FUSINZRHER G (MFM) , 1A 4 2R
U 3 (A B R FH et JE A pR A S AT O

BhR R LA [ E R SE4E KGR L B o3 BIROR. S0

ZERIE 1 PR,

H2e 1 AT LUE A 1 A0 e SRR MIoU A1
MPA 75385 T 6.3 A1 0.4 A4, UHIXUZH



2024 4= 8 H

WIRALAGE - SUZAE RN 22 Rk Rl 5 A B TR SR 03307 1k -295-

%1 BMFNet BiERSIIRER

i SUZEFML | CAM | MFM | #5125 pR%k | MIoU/% | MPA/%
Baseline 67.1 84.7
R 1 v 734 | 85.1
R 2 v VvV 746 | 85.7
iR 3 vV VvV V 759 | 864
PR 4 Vv Vv Vv vV 76.8 87.2

£ R4 SR 1T SCf BRI HER R AT T T A 2
FH LAY 1, MIoU F11 MPA 43338 T 1.2 f10.6 A
G35, UL AR AR T 5 ML I X 4% 114 2 o AR
BIANALRE Sy B B s AL 3 A EL LAY 2, MIoU A1
MPA 43 5IE T 1.3 #1007 N A8, BB IR &
B 73 B KA I N B 4 LRI 3, MIoU
F1MPA 235 T 0.9 F10.8 AN E 40 a5, SR F i
PEI R BRBCE s A AR 25, ORI T
SERRCR AN 7 R,

|

(b) Baseline (c) R0 1
D D
R < AN « !

N~ \-‘ \‘\/\\_
R T~

(d) 57y 2 (e) FiHY 3 (f) FLSLhRE
7 BMFNet FREIEHRE)EFRSSIORE

B Th il AR, TR ZREE 1Y 7 RIROR
AL, W TR, I BAFAE R G 00 s A

TS,

(a) IR EG (b) CrackForest (c¢) FBHBN

Kl 7c A, TR IR HIXUZ B RUR BN 455
BEEWREOL B 58 B IR TT. X2 T IRz i 45 1
JRJR B E R, S I (E B I T (E AT
A RLEEANT B B 7d A RN LG A
ZHIDRE UL IR AR TE R IR ERACAL S | R0 25 %)
2071 YA BRRE 1A Brmsi s KL Te A, 5 HIER
R O I TR IR G B S, U BTN A Rl 5 R
AR TR, Z5 ERA, BOUE 1A SCR M 2%
PR ) A R

HYEA S5 vk S AT T 12 FUA B DB , AR SCHRs
Fi#1 5 CrackForest!” . FBHBN!"! SegNet!™ TransUnet™
BRI EAT X HEATAS . SE867E CRACKS00 Hdia e i)l
Bk, I 3 AN VB AR b BEAT I, X LA
PRAFRINZR 2 F7R.

%2 BMFNet 54 E &L ERERNT LLIEHRER %

K Crack500 {4 | CFD MIASE | Cracktree200 liK4E
MIoU MPA MlIoU MPA MIoU MPA
CrackForest | 56.3 68.3 50.6 52.7 50.1 51.4
FBHBN 60.0 61.5 40.5 40.6 42.0 42.7
SegNet 70.6 78.5 55.7 59.9 50.7 59.7
TransUnet | 74.2 78.4 59.7 62.7 50.6 53.1
BMFNet 76.8 87.2 65.3 71.3 53.0 66.5

Aot o]

(d) SegNet

A% 2 [ W, CrackForest 55 BMFNet 38 FrAH 22
%, UHIASCHE 1Y BMFNet S5 G6RIA] L B
R A Y  FBHBN Al SegNet (148 A5t B 24K T
BMFNet, J5 R 2 %A R I gl & 2 )2 WARE, 20 T
NP LB TR AN AL B, S B0 2T [ AR SCH
1 ) BMFNet F1FH Z R 1E Rl & SR JE AR T T
A, Mo T BHErmAT a0 X E B  TransUnet,
MIoU il MPA 435131551 76.8%H1 87.2%, 156#H BMFNet
FEXRTIE 22705 5T 154488 7 BT 55 R T /N MR 2
B 155 BMFNet ATARALXT LR AN & 8 iR,

MK 8 i, Ei 3 17E R 25l T BMF-

(e) TransUnet (f) BMFNet (g) Pr&A

B8 BMFNet 5AREEEX LA AT RIRE



296+ KoH oWo# R ¥ E

304 4l

Net 7£ CRACKS500.CFD F1 Cracktree200 %% 4% 5 i vJ
AL B =47 (b) SR 25 SR v AR 4 58
LR CrackForest AN & 2448 45 4 150 2 4= o) 1) 234
BEPLIL, 77 ZLGERCANANTS SRR 48 2 i) To ik A s 24
ZEREER. AR 247 (e), (d),2 FNRCH AT LI ), FBHBN
i SegNet HIL A 5 2 2GR T, NAEIR I oy
) ESRUR s R 1 47 () FIBIUR A Y, TransUnet .
AR AT R BE R IUT 55 0, 405 Ab R sy, 22 %)
MRS T, AFFE R i H RS R 0 ; BMFNet 7EAN[]
Wt N BRI h B R, O SUZ B A W 25 fiE
BEEEHCE R ) LT SUE B Rl G B BRI 2 )R R
TEFE o ELAD Il R S IR IR . 25 Tk, A
SCHIETE 3 AN TP AR AR BURCR KA 0 0E T
ITE R A E AR, B BMENet BE A TR AR
T T B I 24 4% 4r T 55

3 &% i&

AR SCHRE T — OS2 2 BEURN Z2 45 A0 A5 114 86 T
FAHE 4 EI 2% BMFNet, AR T 2485 0 401y
Sy B A B ARG () . S i U2 A R ) 4%
O 1 iR X 246 o) SR 4 DX S B IR T 5 R I 38 o A bR
TSI AR T 1) RN BRI 8K B I 3 1)
SL8E N % 5 feJr il I FEAE Bl A BN 2 R FFIE(R B
LMk A A R IR B B TS 5T iR KR
G5 A0, Bk B35 K SRR DL TS S 7 LR R A )
AR T o E e E. SR AR 3 A HAA M
BN FFEHRLE K, MPA 2351355 T 87.2%.71.3% .
66.5% ,MIoU 43 #1355 T 76.8% .65.3%.53.0%, A%
W A AR T R AR I TR . 785 22 T AR
W5 a5 A e AR A B RS, DT R AE B
BEACAE MRS L IEAT R, R % 2 4 AT 55 SR LS B

SE K

[1] 7= WS, 2 ok, SREL, & BT K-means BRI MZI4E
AEVEED] AN LR S5111,2020,41(11):3143-3147.

[2] FEffJy, ¥ D, E6ifE. T RE K-means B kAU AE
AIERE T I B AR RN (1], AL 5 A, 2015,32
(7):244-247.

(3] SKIRIE, SV, 2 . LT bR Otsu 35 A BRI i
REEVUNIEIF ()] | K== (ARBREND,
2022, 41(1):84-90.

[4] FHHERERE R O, & ST AEN BIEMANSES )
IKEEZERAE B G IN T2 0], AP ANARK,2019,39(1):58-63.

[5] #% I%, JRINERE, MRV, 45, Bty Canny 3 78 484G
MR R L] B AR, 2018,41(20):107-111.

[6] A, HEME, EEF, % T2 RIEDERMBARR
IR BB S AT BN )] WIS 14K, 2018, 42(4)
725-730.

(7] # 3k, ZREE, LIER, % 3T OpenCV FIEHE Canny
B ISR T T HL TR S, 2014,35(12)
4254-4258.

[8] DUNG C V. Autonomous concrete crack detection using deep ful—
ly convolutional neural network [J]. Automation in Construc—
tion, 2019, 99: 52-58.

[9] LONG J, SHELHAMER E, DARRELL T. Fully convolutional
networks for semantic segmentation[C]// 2015 IEEE Confer—
ence on Computer Vision and Pattern Recognition (CVPR).
Boston: IEEE, 2015: 3431-3440.

[10] BANG S, PARK S, KIM H, et al. Encoder—decoder network
for pixel -level road crack detection in black —box images|[J].
Computer—Aided Civil and Infrastructure Engineering, 2019,
34(8): 713-727.

[11] YANG F, ZHANG L, YU S, et al. Feature pyramid and hier—
archical boosting network for pavement crack detection[]].
IEEE Transactions on Intelligent Transportation Systems,
2019, 21(4): 1525-1535.

[12] XIES, TUZ. Holistically—nested edge detection[C}/ 2015 IEEE
International Conference on Computer Vision (ICCV ). Santia—
go: IEEE, 2015: 1395-1403.

(13] X FL, EEHE, BRiRT*, 55 BT IR UNet (584%
SN R S K, 2021, 58(8) 1 1718-1726.

[14] RONNEBERGER O, FISCHER P, BROX T. U-net: convolu—
tional networks for biomedical image segmentation[C]// Medical
Image Computing and Computer—Assisted Intervention (MIC—
CAI). Munich: Springer, 2015: 234-241.

[15] LIUJJ, HOU Q, CHENG M M, et al. Improving convolution—
al networks with self—calibrated convolutions[C]// 2020 IEEE/
CVF Conference on Computer Vision and Pattern Recognition
(CVPR). Seattle: TEEE/CVF, 2020: 10096-10105.

[16] HOU Q, ZHOU D, FENG J. Coordinate Attention for Efficient
Mobile Network Design[C]//2021 IEEE/CVF Conference on
Computer Vision and Pattern Recognition (CVPR). Nashville:
IEEE/CVF, 2021: 13713-13722.

[17] SHIY, CUIL L, QI Z, et al. Automatic road crack detection us—
ing random structured forests[J]. IEEE Transactions on Intelli-
gent Transportation Systems, 2016, 17(12): 3434-3445.

[18] ZOU Q, CAO Y, LI Q, et al. CrackTree: automatic crack de—
tection from pavement images|[J]. Pattern Recognition Letters,
2012, 33(3): 227-238.

[19] SCHMUGGE S J, RICE L, LINDBERG ], et al. Crack seg—
mentation by leveraging multiple frames of varying illumination
[C)// 2017 IEEE Winter Conference on Applications of Com—
puter Vision (WACV ). Santa Rosa: IEEE, 2017: 1045-1053.

[20] CHEN J, LU Y, YU Q, et al. Transunet: transformers make
strong encoders for medical image segmentation[]J]. ArXiv Pre—

print ArXiv, 2021, 2102: 04306.



