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Abstract

Cracks are a common disease in concrete bridges. Currently, crack detection mainly relies on ma-
nual inspection, which has issues such as low efficiency and accuracy. The research on automated
and intelligent crack detection methods has always been a hot topic in the industry. This paper
proposes an improved deep learning method based on YOLO v5 to address the high false detection
rate and poor real-time performance in current bridge crack detection. Firstly, we replace the
backbone network in YOLO v5 with a residual network to deepen the network and make it learn
more complex features through residual connections. Secondly, we use the GCNet network struc-
ture in the last layer of the neck network structure. Through the global contextual layer, global
information is encoded into the features of each position, which helps better capture the contours
and details of the cracks. Experiments show that this method can quickly and accurately detect
cracks with a low false detection rate. The precision rate can reach 67.1%, which is 9.2% higher
than the original network, demonstrating excellent performance in the task of concrete bridge
crack outline extraction.
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MR o BRI, VRAE LM A A8 T AN IR R 35 P R S B 44 1), 508 s R4S R M R AR A I 32 2 A
FZ—[1] [2]. ixXo¥e ™ E R iR R 0 4 R e e PR I iy o AR N R A G0 (1 VR M SR B8R I 7 v
TR T N LA AN H ARSI, SRR AT VEAEAE N JTRUAS R RACRARAN M s i) 1) . (R, 42
— PR A RS A e S O R R VR B AT SR AR B () DT VR T AR K TR B L R AR AT 5% B OR L

IAESR, B TIREE S ST R A B BORAE AR 2 AT T BT, AR SERR il R T 4471
fRUTT S BT AR T SRR MR, R 5 ST A S BVELE TS AR 2 T 2 M [3]. TRIE: 2]
I B G.E.Hinton 55 A\[4]T 2006 4, BHEEZEEEMEMEZE, BEW Tk RARZ X
WS B o IR P 5% ) IR L T R L A0 I A0k m] LA SRR AR 2R 44 11 [ S AR SRR AN, AT OB A
RPN TR TAE A o T M R SR A I Xof SR PR PR 2SR, 75 St A WU 3ok 3 o R ) E b I 95
YOLO (You Only Look Once)/& R Epir Bok il 5Lk i) —Fh 7k, HIgEESER[5]. BE#E YOLO v3 [6].
YOLO v4 [7]#1 YOLO v5 )5 /adgth, YOLO AR AL o i S FkS B2 77 Th R 0 tHABCR IR, )
TSRS IR RE R . Zhang &8 N [B]HR M 1 —Fhicidk i) YOLO v3 #E7, I Mgt F Al . A
AT 51N SR MR 2 (Focal Loss) FUHTHE R 2 21 7 ik, s 7 3 00 iRl R . Jang S5\
[91F Y T — It TR &9 B B AR TR E 2 5] W 2% HDCB-Net, 454 YOLO v4 SEFL S 5 2 i 2854601
T Z AT, YOLO V5 B HIEAE 1R BIRS BEFAS I AR 7 R/ 2 T B4 7, T DASEEM 248
HE [ SRS A [10]
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ASLHT YOLOVS V7.0 SER 4> IR 347 sk, I K H Python 3.8 4 SAIRFE T . BAEH T 2164
KA1 538 5K BricAs B EUE 43 A E A et Je B R A U AT R I SR EE AN IR, BEAT T ARG X bh s
9. WHEgERER, SO E AR AR B ER BOSCR F A B BT, B N AME

2. YOLO v5 HE&I/+43

YOLO V5 J& 5 TV 2% ST H PR IR AU HESE, YOLO (You Only Look Once) 2 FIIE 7Y fl % 0 JE AR A&
W H AR S5 A A — A B R AT BB A 10 8L, YOLO 5 AR W0 28R 5 A58 5 I KNSR 40 s ms
| F1 x PYANRAS, o YOLO v5s & YOLO Z AL i WG IR S /N — A, AR A i e ey, w]
DA K AR SIS 1) 75 3R

YOLO V5 V7.0 [ 2% 45 4 2 kg m] DLy o = F 9 4% (Backbone) «  HFAIF 4 - 55 ) 4% (FPN) A 43 1) 3k
(Segmentation Head) = % #555 .

1) ETM%(Backbone): T M4 YOLO v5 MIRFEFEIAE, £ 57 W N G h R URRE. YOLO
v5 K T CSPDarknets3 fEAET M, ER—FIREERMAEMLELEEN ., H—RINERE. itEH
— AL EREOE R BUR LR 1%L 4] T CSP (Cross Stage Partial)i 4%, BEMS I/ 2508 7 i 2 m B AE 1Y
FINAE 1. CSPDarknet53 ] LA MG A S B =5 0018 SURFIE, H T 8RR S 1 T 55 .

2) FHIEE T IEMLE (FPN): FFEE T IE 2852 N 1 AN R R B bR a8 51 N1 Bl e 1
W28 FR IR AR A S RE AN FoRFERRAE, WA Z R FFERATRL G, 1S 2 BE 2 REAS BARHIE
K. YOLO v5 15 FH 41L& 7 B4 P 2% /% PANet (Path Aggregation Network). PANet i@ i F Jig i) _F A T
A AR AT AR IR RS o B B BRI 25 10 e Z R AE B SR BUE B R, IRk A7 FoR A
YEo ETRIA T BRI b — 2 AR A R 1) _E B AR AR B AT Rl . B X Pl & 31, PANet
REMS A2 BB 2 RS AE B RIRHEE, B ARSI R RN H A%

3) /r#Ik(Segmentation Head): 7%k TG HARpIFIG . B, 7 8SBI0k A Sk 1)
FRAE BRI TIOMAE , AR 5 XTRFAE BT FoRAFE, AR SN BRIl m . B, 40 F SRR TR0l AE
(AL E, XRHMEEIBETEEY, 19314 HARRRAAFE R . 285, 70 FIS AN JR ReAiE B gk A7 5 A 4
VB, BREAHFFOHE T, MBKTIRAS hxwx 1, Hh flw EFRIHER &M SEE. 85, 4
F SRR ASHERD T B BN BUER A AR R, AR BV H AR R AR

3. BEkuu#
3.1. ETMEEZuE

ResNet 1% 0 R FLELFETR ZE B, HES TR Z IR A R it . BREGIN T IR ZES SIS, il
BRERIE B N BEN IR, G B T56 S BE R A MR I 26 R AL R, SRAR TR ST AN S5 R 1 1)
o JEIHESZANIRZEDL, ResNet & TIRZEMZS, RN % I B IR EIRINRHER R, &5, KH
&R Z T AR AR 2, DU SHCE L PRI G XU, G B TR BCRE & R 1 RFAE - ResNet
WX 2 R E ] 1 s

# YOLOVS H [ FTF M4 & # ol ResNet i T34% 7> EIT 55451 R 2 T THI OGR4 o i ik 22 5 2 5
BTN H AR Z A 5R ZE 1 5 20, A BT B i i 3 G P R R AE, IR T34 7 BT 55
(L% SRS R . FIRZ M1 N RN % 2] E AL RIE R R, B AF R A G AN ) 2
WAGE o BREERI BN BT FEAE N 48 b o g b A% 3%, A Bh T 2R FE W R 10 18, ST GRik
JZ W 2 R4 3R 222 5% 7y B 55 55 B i SURHIE AT 55 B R 2L
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Figure 1. ResNet network architecture diagram
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Figure 2. GCNet network architecture diagram
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REA I ZRAE A N L 34T, 18/ CPU 25 AMD Ryzen7 5800H, RAM & 16 GB FEHLIFEU N 7%, GPU
79 RTX 3060 Laptop, 6 GB i ff. IRFEZ:SIHESE pytorch, #ANIZRid 1 & epoch 4 156, R4
HHE A (0 KNI K/ LK Bateh_size B N 4, WIZRRS ] SGD AW HIE#HAT S 8L, WIdh
>1%0.01, FIA BR3P 640 x 640,

4.2. EWERE S

N BAEA S AT B AR A A R, 25 R TR LA R AR RO BRI IN ME EER, { A YOLO
v5s BN R AR AR, 351 5 JE AR (1) YOLO vbs. 1 Resnet 1 v == T M 24$ ] YOLO v5s-RS. I\ GENet
TE TSI LA RDR: 32T 48 25 oA iR 22 2% 1) YOLO v5s-GERS A SCHE H 7R I GCNet 7 S L K5
TR o 32 T R0 4% 5 i PR 25 I 2% 1) YOLO v5s-BCS 3 78 41 [ 3 45 Ltk A7 S5 20 #r

W 1A LEH, S S YOLO vbs-BCS AHE T YOLO vbs A R BURA B AR Tt . il
B E T M Bk 24, YOLOVSs-RS AT IR AR AR B 48T+ T 3.8%; I T-7E¥N I GENet 74 &
JINLEI LA A 32T I 2 B o TR 2 N4, A EIRIRTE T 0.7%; A SCHR I IALZE YOLO v5s-RS (1)
FEhlt ETE S 2% Bt e — )2 4 GCNet 7= WL, RS RIETF T 9.2%.

Table 1. Experimental results of YOLO v5s model and its improved version
F 1. YOLO v5s 22 5 H gt IR B SLIG 45 R

Model mAP50 Map50-95 Precision Recall
YOLOvV5s 0.485 0.209 0.632 0.524
YOLOV5s-RS 0.482 0.216 0.67 0.529
YOLOv5s-GERS 0.443 0.2 0.619 0.531
YOLOvV5s-BCS 0.431 0.199 0.671 0.474

38B4jefg. i fs}‘ldgﬂfvadlcal crack 0

bR YOLO v5s JFAEMA  YOLO v5s-BCS

Figure 3. Comparison chart of test results
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WILEE 3 LA H, AR SCHRE H ORI 78 U4 ) 5 0 B 7 T M T AR R AT $ T, S A B 7 A
— S BEER A 2 AN ILE L, TG B IO R A S R, EAE RS AR R EUEA,
B I PR TR B B 52 (6 U A% 50 BREAT SR, T LA S 3 TR R R S A e BRI oK
5. &5

FEABTTU, DL TR LS S TR B MR R4 A Jy 32, X YOLOvSs B BEAT 1 Sttt .
A AT 2 P2 B HON TR ZE I 4, AR SITET 0 2% 350 0 S L AR X 2% B e — 2 A GCNet T 55 FI 4L
T FET 1 R B SRR B R AVERE o FEARIRI IR 4R b, X Bd R OB 5 YOLOvSs Je AR #EAT 1%
Phsiit . seiRah RRW], 2l ot 5 IR AEAS i R Fiahs LIS 1 9.2% 10380t . IKUEM] 7 AT SI M
S S A AR o SR 0L P28 G5 R AT ST NTE R L], e TR A R R AR R R R AU
HERYERIZCR, UM R GUS BT SO SE bR B S T A MBS . JRATHE X L8 TAR e 952 il iz i
SIS 22 MBS IR AT 28 IV BORSCRE, IFONARRAR W TR IR B 1 s AN 4

PR KR
ik E SRR T, WHSS: 2022-ZD4-066.
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