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Crack instance segmentation method based on deep learning
LI Qi, LU Shengnan, MA Qianli

(School of Communications and Information Engineering, Nanjing University of Posts and Telecommunications,
Nanjing 210003, China)

Abstract: Aiming at the problem of low detection accuracy of traditional crack detection methods, this paper proposes a crack
instance segmentation method which integrates prior knowledge improvement and deep learning. The single-stage network YOLOvVS
is used for experimental verification. The prior knowledge improvement includes the use of crack image classification model to filter
the error samples generated by mosaic enhancement and the fusion of the label information associated with the connected cracks to
realize the correction and enhancement of the training set. The K means++ algorithm based on intersection ratio is used to generate
prior frames and accelerate the training regression convergence. The final experiment verifies that the improvement of prior
knowledge does not increase network parameters, achieving higher detection accuracy, while maintaining a high detection speed of
single—stage network, verifying that the improvement of prior knowledge can effectively improve the detection accuracy of crack
instance segmentation and enhance the generalization of network model.
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Fig. 1 Flowchart of mosaic enhancement
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Fig. 3 Structure diagram of YOLOVS instance segmentation network



12

ML, A LTRSS WY REU 0y R Tk 21

2.1 Bt mosaic 158

TE YOLOvSs 1% A viig X Il 2R 5 4T mosaic 3
SR A SCE I TRAL B H P mosaic HERRXT 4 5Kl ZrdE
FEAR MG IR BY J5 #EA T AL o0 i 9f 22, DR e 2 X
A MG R B AR5 5 AN B 2 BT, TR EEHE i T
RO HPRIE AR A, 78 HSCHE TP A1 7 LD,
mosaic 3458 Ji5 AL A BIR SS A AE B ARHE Th S PRI
e g mm i, nE 4 s, K4, (a) MR
mosaic IR PFHE ST I EIMER, (b) NS mosaic 1 5
O B AME S BEIE . BT RECERE BAsEH
— RN A (S ILE 1) . X a7 e LT
I K PT RE 2338 R Y 5 B AR HE A RS
AR IENL , 3 — K 25 25 I 28 A5 A B2 AL A A
A SEINBAI YN ZRMERE | 10 25 18 AL R A IR R
o, 52 M) S IR B2, BF X I% n) A, AR SCHR H el
mosaic 3R, fiff FHAL S KGR o3 FEE A 359 J5 B Aw
HE PN Y RS EA 7 MR 43 S S0, 2 SR Tl &5 A7 24 4
Hin, WOk ER HARHERS ., Se 2 MBR iz F I ik mT

Il P A R A AR S R AT B mosaic 1
SRIGRTIZREE B HARHES BULIE 4 () . ZLEHEN
U8 A EBRAE | 8 i %) 5 RIS AT 2 2Rl e
—EREE B EIRAEA, Horh ) BLEUEIR S A
R ] Efficientnet_b0 P%% M 7[R — i 4 il 2k
(LS 3

M T RO A E M, W) 2 A58 H bR % 2
A Bbr ABZ2A 280 H bR, MR
LB E WS T — D RECHR, BT, iR
SURFAE , AR SCHR H AT 2 1 R0 ol A X6 24 80 H A
(R EA T HIWT I LA A SRR G IR (R B
WnELs fros . TR AR B O, B S g A
WA R 2 ZR 2L, 8 i B K 43 ) B A e R
FONGERER O IR RBOR % | 158
ot PR R 1 M BGE B AME FR A B 1Y Ik Bl bR
ZAF BAIFER AR B BUR K 6 FroR, A
6 ATLLAE h, G I 25 B E M EHG B A TR =1
HEOEBME R T TN SREE AR 8

(a) IR EIR

(b) AR PRI KR

(c) L UEJF EIZ
Bl 4 mosaic HIBITR
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