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Concrete crack detection algorithm based on improved YOLOvV8
ZHAO Wenhua, LIU Aopeng, DU Changbo, SUN Qi, KONG Jiahui
(School of Civil Engineering, Liaoning Technical University, Fuxin 123000, China)

Abstract: In order to realize the accurate and efficient detection of concrete cracks, a concrete crack detection
model YOLO-CCD based on YOLOVS s is proposed. The multi-scale convolution module PSConv (poly-scale
convolution) is introduced to enhance the learning ability of cross-scale features and improve the detection effect
of small cracks and cracks in complex backgrounds. The efficient channel attention (ECA) mechanism is used to
enhance the dependence between feature channels and optimize feature representation. The SloU loss function is
introduced to optimize the bounding box regression process by comprehensively considering the geometric
features, so as to improve the detection accuracy of the model. Compared with the YOLOvVS s model, the average
accuracy mAP,, and mAP;, of the improved model are increased by 7.9 % and 2.4 %, respectively. Compared
with other detection methods, the model proposed in this paper has significant advantages in detection accuracy
and computational efficiency. The research conclusion provides a new feasible method for concrete crack
detection.
Keywords: object detection; YOLOVS; concrete crack; concrete crack detection; efficient channel attention; poly-

scale convolution; loss function
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Fig.1 overall frame of YOLO-CCD
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XF H 4y B b E £ FRUY (standard convolution,
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Fig.2 PSConv schematic
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Fig.3 ECA calculation process
1.3 HMKREH
1 H AR AL 55, 1 AAE M) (bounding
box regression) A LA A 1Y T AE S AT BB
HHEIME, YOLOV8 K] CloU 1 FHAE [] 5 4 25 bR
e, HAZo AR
Low=1-ToU+ p’/c* +av, (9)
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2 EWERE M
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KH 3051 skiREE - 24 | A iy @ gl 4, 1%
BE4 0 DR o O Sh R 4 . Bda4E
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IRZLBE TN/ NRISE 4 RIS AN DGR | s T
TR RLE, FiAA R Rz fbRE Sy alad bRy T A
Labellmg T ThriE G G 1 284% , Al xml#&
KM, R python A B4 Jy x4 2S04
HTF YOLOvS MBS 1yl 25
2.2 SRINIREE

LRAFE SR 10 R APEH 15 5 mAP,, |
mAP, i BB IAE AORS T RE , F1 - BZs G 1l
AR R A A [l AR A AR, AR A 2 AR A
AR TSR AU
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F1 ERINESH
Tab.l experimental environment parameters

WESH e
EX Ubuntu20.04
AT 32GB 3200MHz
CPU Intel i7-13700
GPU NVIDIA RTX 4070
T HEAL Python, PyTorch
B 0.01
batch size 32
s Adam

2.3 HELIG

SRy 365 UIE ACHE AR Y A5 B R A AR, XA
BB VAT I B IS, A PR FE bR A 110 25 2R
W2, F2h, BB A NILMERIA YOLOVSs, 7E
R A B 3ERE AR A PSConv, ECA F1 SToU i
JepRdh, BRIBAIB, BIAIC, BIAID,

®2 HBSBER

Tab.2 results of ablation experiment

B mAP% mAP.,/% Fl1/% gfi/s %Qiﬁﬁ/
A 81.9 59.2 82.3 28.4 1.1
B 85.6 60.1 83.8 32.8 113
C 86.4 63.9 84.1 282 1.9
D 89.8 64.6 84.7 239 126

mEFE20]5, S5HA AL, 5] A PSConv il
Hejg, B BB mAP, M F1 2 BT+ T 3.7% F
1.5%, FEHA5| A PSConv B 5 1 5 R FFAE Y
2EJRETT, B TR KGR B . PSConv AR
5l AR A B B2 A,
JNT 4.4 GFLOPs, 5| A ECA Billt)5, BiAlC Y
mAP,, FI1 F1 2T} % 86.4% 1 84.1%, 1154 BFMKE
28.2 GFLOPs, TR A, JEB] ECARIBLA5]A
DAk T 3838 W) 015 Bag B, RERRAG T 3153 A,
SOHE BT ORE R ke M fE o IR B 5 A ECAL
PSConv Al SIoU fY# I D (YOLO-CCD i), #%
RPERER A, A THAIA, H mAP, FIF1 5
T T 7.9% F12.4%, AL T 4.5 GFLOPs,

YOLO-CCD B & & 1A AL L K/, S5k
R T 1.5%10°, 3 BB AE LR 45 = A B AN
FRCR B [FE BT, AR R b2k, ST
B BERIPE RS 18 2 50 IE T AR A ST A R
2.4 5HMAFEIEELE

it PEAL YOLO-CCD A AR ZLEE 46T i
BOR, EAFEEIEE L, 2515 24 aE K
il Faster-RCNN, SSD, YOLOvV3-tiny, YOLOVS5s,
YOLOv8s A 7xF Fb s, 59 IL3 3,
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Tab.3 comparative experimental results with other

methods
B mAP,% mAP,./% F1/% éf;i/s ; ﬁ;
Faster R-CNN  74.1 536 730 3178 1384
SSD 70.1 S17 708 628 245
YOLOV3-tiny 773 556 774 349 6.1
YOLOvSs 745 538 765 52l 72
YOLOWSs 819 592 823 284 11
YOLO-CCD 898 646 847 239 126

i % 3 [ %1, YOLO-CCD # A ) mAP,, Fl
mAP,, .73l i5 5] 89.8% Fi1 64.6%. 5 Faster R-CNN
FEAUA H, YOLO-CCD #5741 mAP,, Al mAP;, o5 53
ST T 157 E 4 S A 11040 H 4045, 5 SSD
BT, YOLO-CCD #2541 mAP,, Fll mAP;, o 53
SEETE T 19.7 A E 43 55 M 12.9 4 H 43 4. YOLO-
CCD By 11 5 850 F AR # /Nt ¥ 48 T Faster R-
CNN #5 % 1 SSD #5 % 5 YOLOv3-tiny £ %I 1
YOLOv5s #6 % %} [t , ' YOLO-CCD #5& % (%) {4 FH 45
%, YOLO-CCD R () mAP,, 43 $2 T+ T 12.5 4
AR 9.01 A SR, mAPs, R TH T 534
AR 10840 4r s, FLA T T 7340 H %
MoL82ANESA, ITEERE ST 11
GFLOPs 1 28.2 GFLOPs. # YOLO-CCD #i ! 5
YOLOv8s &R Xf H ] L, 35 19 Fof A 75 g A A A
g, (BRI . S8R S 7 X ]
U, YOLO-CCD KRIFE ),

2.5 AIMUITEE

SR YOLO-CCD A5 7Y [ 4G I A5, e HER
YR AL ) LAY UG R AT I, 25 SR DL IR 4

XK 4 (a), K4 (b)), K4 (¢) THys—
A E R AT, 4% B4 LR, YOLOV8 %
S 2 A KINE, —ERE LA FEREE R,
SRR EALE . YOLO-CCD R RITh 5| A T £
RSB, a7 BRI R SR ECRE o X EL R 4
(a). El4 (b). B4 (c¢) P& _AE R AT,
YOLOVS #5570 75 4 /)N 4 4% (K I b A7 7 I 4G, i
YOLO-CCD #5 #1 fiig o fff £ I 2 4 ok 2 4%, R W
YOLO-CCD#EAIZES| AT ECARRER 5, BT /4
PN E AR, 5 T XN AR, S N R
SPHBRE . X4 (a) . B4 (b), K4 (c)
R = ANE R REATT AL, YOLOVS AR E H 111
TR TG A R IR I S 244% , 1 YOLO-CCD BE HEff
P 2 ss , RIHZ AR BT TPLRE D E UL, K
K RE

(a) JEIRIE

(b) YOLOV8IH Uy

(¢) YOLO-CCDHAIE

K4 AKX L

Fig.4 comparison of crack detection

3 &

(1) #& H —Fh ol ik 19 52 5 gOR e+ 2 4 )
A YOLO-CCD, %A ELF YOLOvS 2844, 5|
A PSConvZ R LUK, 454 ECAMIBEEREN
BLH, I Bk sR i, 358 T ARG AN [R) R
SU88 (38 PR FIARIE FE IR BE ST

(2) 38 71 A S g6 A Fe SE e w1, YOLO-
CCD A mAP,,. mAP,, ., Fll F1 435025 K MK 5
AR SA T, UEW T YOLO-CCD BRI g n] 454

(3) MySLRAEH, 53EER A YOLOVSs fH
L., YOLO-CCD #5% 74 ity A6 RS B2 B /5y, W52 4%
SRR PERE A
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