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Research on improved YOLOvVS pavement crack detection model

Shen Siyuan Hua Bei Huang Ruwel

(School of Computer and Electronic Information, Guangxi University, Nanning 530000, China)

Abstract: In response to the problems of traditional road crack detection methods, such as time-consuming, labor-
intensive, high cost, and subjectivity, a YOLOv5-based road crack detection model, named YOLOv5-Crack, is
proposed. Firstly, a coordinate attention mechanism is introduced in the backbone and optimized as a CA-plus structure
to enhance the crack feature focus. Secondly, a novel feature fusion network ESPP is proposed to reduce some
computational costs while improving the feature fusion capability. Then, the heavy Ghost-Shuffle convolution is used in
the neck network to replace the traditional convolution, which can keep the channel semantic information as much as
possible while reducing computational costs. Finally, the SloU loss function is introduced to improve the regression
accuracy. To validate the effectiveness of the improved YOLOv5-Crack model, comparative experiments are conducted
on the GRDDC 2020 dataset, and the results show that the F1 scores are 58. 43% and 58. 21% , respectively, which are
4.05% and 3.93% higher than those of the original YOLOv5 model, and the computational cost is reduced by 7.8
GF1LOPs, with an FPS of 37.9, effectively addressing the shortcomings of road crack detection. Furthermore,
compared with mainstream object detection algorithms, the proposed YOLOv5-Crack model has superior performance
in road crack detection.
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YOLOvS B3E i, Ho4i 5 o 5003 ) i 2 240 2% L i
PO AS B 3 W o e A AU RS B X H R
) 5 o e R T ) A A 3 SR LA B A T
STE RN EH R, RS T oU M8 %I E 7k,
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union) #} J s, HoE AN (7)) ~ (10

- _|ANB
IUU*‘AUB‘ (7
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v
— v 9
T ATl T o ©
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Hep B4 A R B 4y 5 227 5% 321 FAE A 10000 11 5 A
BTN 0 F1 0% 43 i 3 75 T 3 SAE 55 50 By i ARE /9
i sp MRIR P FAHE Z [ A RK IR S o BALEMRE. v F
SkFRYME LA R, R, CloU B3 5 MOl T 3 5t
HE [0 53 46 B 14 T B T AR B % 30 JIF 7 0 5 00 T 900 3 L A
Z AN 7 M AN TC T . DL ZE T R R REAR T 45 19 Y11 25 5 B8 A
TMRG 6 B . R, AR SCAR A R BE R 2 Y SToU (seylla
intersection over union) A5 BREL, WK 10 iR, T H 4 &
Ay AR 4 9 A £ BE R BRI IoU 12k,

fARE R 2 XAt ~(12) .

. . ) — &
A =1—2Xsin <arcsm(1) 1 ) an
z = sin(a) = = (12
o

et oo o W00 0 A 55 FLSE FAE B R R B S e, Ay
TP 00 S HE A R E 22 . A R AR AT SR T L 6E A
BG4 5 B 5 ELSEAE R — K P B2 B AR L i g A A
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B R E L (13) .
2—a) (b"’.;-,:h‘};, ) ) (2—A) (h‘y:b‘y ) .
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B 10 SloU ff B %

o, b Sy M T 4% BLSKE T A ) IO BB AR A L 0
o b TH B 4% S 1 SRORE O 0 I R A B, b, Ayt TET Y 4%
T 30 M B S0 B R A A b, g i ThT 2 4 T 30 R HE
BB Oy A DA AR R 5 . Ay 1 TEG 24 4 LS 3 A AE 5 e T 24 44 T
M FHE e/ NIMEF T BT ¢, T4 B LA FIES
b T 24 4% TR 3 SR g /N AR AR TR R T

TR 2 L an X (14) ~(16)

Q= > 0—e"™) (14)
t=w,h
’ &t
. — M (15)
max(w ,w*)
h—h*
wy = | ‘ (16)

max(h ,h*)

Hrb,0 & LHRTAR A, Hoxd T4 B 42
WE— [, 38 a8 R B SR A . wo O ML T 34 4% T 1 FHE 1
B h S b TSR 4 TN 300 FRURE (R w0 Dy M TEG SR 5% SR
FAERFE 1™ Oy T R B FAE R .

&5 b, SIoU 5T |5 B 35 1/ B2 L BE B L) KB IR 1
P HBT CloU BRAST [ IH (9 B el B 9 HLAE A5 ) 45 e 8l
T, T AR SR T 1T AR RE

2 £ W

2.1 LI

¥AE 2 48 5 Ubuntu20. 04, % J&F %% X HE 28 24 Pytorch
1.11. 0,478 & 5 9 Python 3.8, i EHLNTE N 75 GB,
CPU #154 Intel (R) Xeon(R) Platinum 8255C, it F &
RTX3090 X2 ik, @ 774k 48 GB,
2.2 HES

GRDDC 2020 ( global road damage detection

challenge 2020) & — % b i e T R A RO 4E . B &
Wa T 3SAMARER(HA R NEWE Mk A &SH
N B P IE B R BT 2 A W e, B AR R Rl M A
SEFE . HELAE S0 DOO YA 48D . D10 (R ) 448 |
D20 (fa 3 344%) F1 DA0(HLI 2 4E) , 4k 21 041 K& Jr 4%
6:2: 20T 3 T U GRAE M RIESE . Hhthah
T AR Testl 1 Test2, & #4378 2 631 5K
2 664 9,
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2.3 LWHESTEMNER

PIFE COCO $#s 48 L2253 I 4Ri3 2 YOLOvS] AL
YE R B ZRALE , Fh I FRE B E R 300 epoch, [A] i 24
T i kFBLE o YOLOVS M O (E 1 E i 30, RIS 2 4n
RAIE 30 IR AT i 2 R VIR AL,

4 TP (true positive) , TN (true negative) . FP (false
positive) \FN(false negative) 435l & 5 by Jy (F #F 4 B Fi
JRIERE AR 52 B Sy 51 RE A BT R R A L S BR  ARE A
ELTI A TERE AR | 512 B Sy TE AR AR (H T30 1 7R A ) BB, m
SEREA R B

1% & (precision, P) #8 FF 45 Tl Ay 1E FE A% A 45 5 v, T
MIEFBE 20 . 7 E 3 (recall, R) 45 Fr A 1E #EA h 3 77

MR E S, AP JE PR EIZ FMER., mAP 2HT
BN AP . AKX =AD ~(20) .
TP
"TreiTe an
TP
R=1piFN e
AP — J'PdR (19)
S AP,
mAP = ——— 20)
m

IR EE R 45 B A3 48 « Testl il Test2, Hi4h
33 “F-Measure” #E17 PEAl, HAL Y IoU KT % T 0.5
P s L 00 A 48 L SE AR 45 R HLXE R B 4 LR A R 2
ERE, AR ARy FLarEARmA D .

P+R
P+R

ItHE & GFLOPs f{EE M 10 /K Y7 1B B,
FPS QR ARG F ] LLAL BRI i i 80 i, P 45 A5 B 1Y
RO 3

ARSI AR FE PR RS PLA RIE RO 28000 F 1
¥ mAP@O0. 5,GFLOPs FPS 1 4 ¥ 4 48 45 » 7E i K L
Bt R AP EAEE D FL 2845 A TEN 16T .

F1=2X

D

ARSI SELECA,CBAM Vi 7 7 8 B 3E 47 % b 52 5%
SR RIE 1 PR,

HE 1 NEE BT LSS 8w AL, By T CAL HoAtn i
TV BEHO T 4% T4 b 5k 2 5 E O BTG, T H CA 3
B F mAP@O0. 5 FHEF X 0. 7%, i Hil A&
A TFH R A, R, 5T A CA R i e ok T 24 4k 4 1y
R B A LR A L., RN, B T®RIFIE LS 8 CA-
plus Z5 M A vk 64T T 5050, S Rk 2 s,

F 2 2 MR 450 4 b S 38 0] 41, CA-plus Z5#{X
DL 0.1 GFLOPs it &8 KA & F T IF Mg n
8. % ERrR ASCER B CA-plus 45 F %8 146 T 1 BB 42
HEEMEH.

&1 FEHESIEEE
Model P/ % /% mAP@0.5/% GFLOPs
Baseline 58.1 53.4 54.7 107.7
58.4 53.0 54. 4 107.9
+SE
(+0.3) (—0.4) (—0.3) (+0.2)
57.4 53.2 54. 2 107.9
+ECA
(—0.4) (—0.2) (—0.5) (+0.2)
58.0 53.5 54. 8 108. 2
+CBAM
(—0.1) (+0.D (+0.1D) (+0.5)
) 58.2 53.8 55.4 107.9
+CA
(+0.1) (+0.4 (+0.7) (+0.2)
x2 FEHEMNELE
Model /% R/% mAP@0.5/% GFLOPs
CA 58.2 53.8 55.4 107.9
) 58.3 54. 2 55.6 108.0
CA-plus
(+0.1) (+0.4 (+0.2) (+0.1D

2.5 ESPP #H 3k I8
SHEIE i B ESPP 454 Xt T 3 4 48 W B9 A bk, A
SO AT 58 i ok ESPP (BB UEAT T 0 LSR5, 45

2.4 FENERITEERR
H TR CA W E BT T 24 88 K0 U i A Ak A = 3 fin .
%3 ESPPXfLt:H
Model /%% R/ % mAP@0. 5/ % GFLOPs YN Bt 8]
Baseline 58.1 53.4 54.7 107.7 15 h 21 min
+ES 58.5(+0.4) 53.8(+0.5) 55.2(+0.5) 105.7(—2.0) 14 h 15 min(—1 h 6 min)

MR 3 B E 3L 58 Al A1, f F MConv 52 A1 1 b
AL B, 7 ESPP Hh i)l FA] DL LA R ik i 3 B
FEAC 3271 7 Bl 3 B9 S BE . TR B HE o B9 46 00 A BE 9 B TS
R TR RS BRIt A TRl A M BT TR R K
AhBE ST, IIZRpt i TRET 7.2% . W3 E T ESPP 7E42 7t
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B UEAR SO ML 1 T IR Uk B GSConv 1Y 801
A SCOR H 2R B A 54 Neck H i Conv B8 GSConv B
R HEAT X L S50, 5 SR SR 4 BT



Y Bt F .t YOLOVS #3% @ 3L 2% 46 m 42 2 BF A 5 21
#* 4 GSConv Xt Lk 5238 == YOLOv5-Crack == Baseline
Model P/ % R/% mAP@0.5/% GFLOPs
Baseline 58.1 53.4 54.7 107.7
58.3 53.0 55.0 105.7
GSconv
(+0.2) (—0.3) (+0.3) (—2.0)
P 4 RSB0 T A Cony #58 GSConv J5 ; - - o

TR A /N E BE R T B, DL R (B RS R R, iR iR H
P {E#l mAP@0. 5 {H.
2.7 MEKBHITLLE

S BUEAS SCHE B YOLOvVS iy CloU 8 % o 31
Wy SToU 5126 %, X LA AT X L S5 4%, SEE0 45 R
Nz 5 B .

R5 MEAEHXEEE

Loss P/ % R/ % mAP@0.5/% GFLOPs
CloU 58.1 53. 4 54.7 107.7
58. 2 54.9 55.3
SloU 107.7
(+0.1) (+1.5 (+0.6)

FH 78 5 ] 0 R A A b i R R IO 2L
PR RS OL T N ZR BB W % R KR 2 7
1. 5% LM T Bk SloU XF T B HE i = T+ A 1A .
2.8 Mo

T7E 5 I E 3 5, YOLOvS5-Crack #1 Baseline [ 35 2=
W 84 i 26 ARG BE e st £k 4 Bl an & 11 #n 12,

0.008 0 = YOLOv5-Crack == Baseline
0.007 5

= i
#0.007 0
®

0.006 5

0.006 0

0 50 100 150
WLt

BT 45 5 i Sl 26 3 b ]

{E3Ava
B 12 KB WSy 2 X HL A

DA 2R e ittt 2 %0 1L 181 AP AT LLR Y, YOLOvS-Crack
FIR K T B AR Z 1T 19 Baseline 55 5 18, 3¢ H H R &
TE R LPME AL, YL YOLOV5-Crack 782% 2] 2445 A4 FF1E
Job 7 PR R T B 5 B G v A D R

MG FE U si ph 2R %ok e B/ s T LB H, YOLOvS-Crack B
S HAHE A B 2 5= T Baseline, H Fif & B9 W St (8] 58 3R , %
I BT A I B A, UL L AR e T AR, ] LUE
O B Y2 T R B BV R A S B 1 R A
2.9 YRR

It E A B Testl 1 Test2 JE4T I il 52
B, JF L FLARAE RPN 48 4R, 3R 6 T4 Rl 5,
ML T 3 28 Baseline, ¥ 5 5 F B i # T CAplus §
ESPP,.H F1 4+ $E P A4 E 2 B4R 2. 13% F
1.21%,JEB] T CA-plus 5 ESPP [F il 1945 20t 7 5
6 1,76 CA-plus g LAl _E 0¥ Conv £ GSConv, H:
F1 A BRI IS T BRI IEM T GSConv 7E 42 46 U A%
JEE TR AS I B B T TR SR RS T, RS CA-plus Y
FEAE EEM T RECh SIoU, M ¥ 5 1 Wi FPS #2
F+ 0.8, iEM T SloU i 2 MR ECXT T |l N B i 2 7+ 15
W It —ERE FRATHNHEE, X FrEEi
YOLOv5-Crack, MK T 7.8 GFLOPs il & &.F1 2 %
Ay AVERE 4. 05000 3. 9306, ) B A I 3 B FPS J5 1 R
P L3 R, Rt RN EEERA T
CA-plus B3 H ¥ 4 HBGHERG 7E — & , BTEUE [ 03K
SEAE T B AR B Bl AR S T, B AR B T S 4R RS | BUS T
B A T R

R6 HAMXE
Number CA-plus ESPP  GSConv SloU Testl-F1 Test2-F1 GFLOPs FPS
Baseline 54. 38 54. 28 107.7 39.2
1 N 56.14(+1.76) 55. 24(+40. 96) 107.9(+0. 2) 36.8(—2.4)
2 N 55.66(+1.28) 55.38(+1.10) 105.7(—=2.0) 38.9(—0.3)
3 N 54. 71(+0. 33) 55. 61(+1.33) 105.7(—2.0) 38.9(—0.3)
4 N 55.86(+1.48) 54.67(+0.39) 107.7 39.4(+0.2)
5 N4 N 56.51(+2.13)  55.49(+1.21)  107.7(+0.2) 37.6(—1.6)
6 N N 55.47(+1.09) 55. 73(+1. 45 105.7(—2.0) 37.7(—1.5)
7 N N 56.31(+1.93) 56.42(+2. 14) 107.9(+0.2) 37.6(—1.6)
& J J J J 58.43(+4.05)  58.21(+3.93)  99.9(—7.8)  37.9(—1.3)
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2.10 EREEIELE

I UEA SCHE A 1 Y OLOvS-Crack #8940 8% M 8
A& M Bl YOLOv4, YOLOvSm, YOLOvV7,
EfficientDet . Faster R-CNN #Hf5 T X b, st gt Ran 3 7
FimR.

B 7 nl 45, MEAS T I B B B AR I B gk A 2 Fh
T BB bR Bk, AR SR A B B R A L 4y
BERIE BLA R, O T St AR A B, AR SOk
B AT JE AR R R AT 3 B AT AR A, S BR SE SR A 13
iV

3E 1E X B 48T BEE B YOLOvS-Crack #5811
B I 35 A0 R, IF BT B g 4 R R
K, BV%E T 24 48 H AR 09 %8 A0 RS B BE K IR B2 - B R i

(b) 2%

A 13

(a) BaselineZ5

(d) YOLOV3-Crack#5 5

(e) YOLOv5-Crack%h i

2 # XK
®7 EREEETH

Algorithm name Testl-F1/% Test2-F1/%
YOLOv4 56. 36 57.07
YOLOv5m 55. 36 54.12
YOLOv7 54. 86 54.13
EfficientDet 56. 50 54.70
Faster R-CNN 54.13 54. 30
YOLOv5-Crack 58.43 58.21

JA B R BN SR TE T REE R H A B AR BE TR W T R Y
AR, R T X R 2R B L R A LAY
R I ROCR e 14 F

(o) BRI

(d) B

P E R

(c) Baseline&4

) D YOLOVS-Crack%; 8

K14 LKA
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