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A Lightweight Road Crack Detection Model Based on improved
YOLOv8n

ZHU Jiahui, LIU Yi, ZHANG Dengyin
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Nanjing 210003, China

Abstract: To address the challenges of road crack appearance characteristics being
susceptible to environmental interference, high miss detection rate of fine cracks, and
limited computational resources of inspection equipment, a lightweight detection
model, MCA-YOLO-A, is proposed. The model is based on YOLOvV8N, replacing the
original backbone with a lighter MobileNetV3 feature extraction network, and
integrating a CA attention module that accurately captures spatial information,
thereby enhancing the capability of feature extraction. Meanwhile, the Alpha-lIOU
loss function suitable for lightweight networks is introduced, which makes the overall
performance of the network improved. In addition, a small target detection layer is
added to improve the recognition accuracy of fine cracks. The average precision of
MCA-YOLO-A model on road crack data sets is 0.930 and 0.893, respectively, which
is 7.0% and 9.7% higher than that of the original YOLOv8n model, and the parameter
quantity is only 6.0M, which is 4.8% lower, and the detection speed reaches 95
frames/s. The experimental results demonstrate that the model is highly accurate,
lightweight, and capable of generalization, which makes it more suitable for
deployment in scenarios with limited computational resources such as embedded
systems and mobile devices.

Key Words: Road cracks, Image detection, Depthwise separable convolution,
YOLOVS, Attention module, Lightweighting
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Fig. 2 Structure diagram of MobileNetV3 feature extraction
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Fig. 5 Images of different types of road cracks
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Fig. 6 Number distribution of crack types in the dataset in this paper
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Table 1 Training environment for road crack detection

fiil & Bt & 4 FR =T EPSS
CPU Intel(R) Core(TM) i9-12900H
TR i BT WAFE R/ 16GB
GPU NVIDIA RTX 3060
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WFEbR. e mAP_0.5 I F1 73 BUR i A MUK B OCHEAR bR, BN RUME B,
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FIRER AR, & SR RN S H R — i, [ | 1R R AR X L
TEAR ARG, R A0 I PR R I AR BN, e R P
2.4 XHSHRE
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Table 2 Detailed experimental parameters

ZH (i) ZH {1
hsv_h 0.015 epochs 100
hsv s 0.7 batch 16
hsv v 0.4 imgsz 640
degree 0.0 workers 8
translate 0.1 seed 0
scale 0.5 close_mosaic 10
shear 0.0 fraction 1.0
perspective 0.0 mask_ratio 4

flipud 0.0 dropout 0.0
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fliplr 0.5 Irf 0.01
mosaic 1.0 momentum 0.937

mixup 0.0 label_smoothing 0.00
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PA YOLOV8N A7 g R i, A% Sk B 32 i 2 e 2 o AR 42 I 2% EfficientNet-BO.
ShuffleNetV2. MobileNetV2. MobileNetV3 ft# J5i 3=+ DarkNet-53 45 3E47 %}
FESEEE, 363 MobileNetV3 1y YOLOvS8N B 3 AR AEHR LN 28 FRAR s, SRk
SERINFE 3 Fiam. M 3t kn, MobileNetV2 452 R I i 2, EJH YOLOVSn
B mAP_0.5 TR T 32.5%, [F]B7E S5 15 B kAR 100 6 P R Aeiess,
B A2 5 JURR I AT v A B8 U A2 B B FR B5 h m] e TG A %5 . ShuffleNetV2 7E4%
JERIRCR Z A R LA T, HEASKE A 40 MobileNetV3 Al EfficientNet-BO.
RO, EfficientNet-BO [F5 R IR F, mAP_0.5. F1 73 %55l L&
YOLOv8n AT T 3.7%. 6.7%, %A1 T EfficientNet f#f K& m i 5
BAERI M Z R, GPU HIRIEAR 7, WA FH N ERINA N 83 iz,
LU R R R R[5 T 47.5%. 24K% , MobileNetV3 F 3l i {3, ER&IKE E mAP_0.5
A FL A EO7 Y & T HARFRBE L ERM A MY, mAP_0.5. F1 7345 altk
Ji2 YOLOV8N BAURTH T 4.6%. 7.4%. [FIRS, S%E. BAK/N. GFLOPs 4%
F#E T 7.9%. 8.6%. 20.9%, {XiXT MobileNetV2,  HI#EF 7= IR, 45
F, WEB] T MobileNetV3 REAEHE I 2% 4 7 Y OLOV8N #5E4Y 3= - X 25 ) 251tk
A R

# 3 YOLOV8N AN[F] F= ARk F2 HL ) 45 0] b S

Table 3 Comparison experiments of different feature extraction networks for YOLOv8n

BEALR
IRK] £ A5 FET M4 mAP_0.5 F14:%; Params/10° GFLOPs  FPS
/NMB
YOLOv8n  DarkNet-53 0.869 0.814 3.01 6.3 8.1 158
YOLOV8n EfficientNet-BO  0.901 0.869 7.21 15.8 13.4 83

YOLOv8n  ShuffleNetV2 0.803 0.755 6.38 13.0 16.4 137
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YOLOv8n  MobileNetV2 0.586 0.574 0.71 1.7 2.6 134

YOLOv8n  MobileNetV3 0.909 0.875 2.77 5.8 6.4 122

3.2 NELEFESRRERAN MobileNetv3 Xt SEL&

At R ARARIE R T CA LR MobileNetV3 AHELT HiAth A & i
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ik 1.1%, SR T RE R HEATIEIE 4 B S AT A () 4 B BB, BT A
JETFFERZ, MBCTUINZAT FPS TFE 1 26.2%. Mk CA VLS /B, HX
M E R, BRKSHEN 2.77 M, PR E mAP_0.5 A 0.921,
5 R AR L, BRI RS T 1.3%, RN S E. GFLOPs
JUFAAR, ER I B2 7 H AR KR T 117 1) FPS fH.

® 4 AFE RPN S

Table 4 Comparative experiments with different attention modules

FETF-MLK mAP_0.5 Params/10° GFLOPs FPS
MobileNetV3 0.909 2.77 6.4 122
MobileNetV3+CA 0.921 2.80 6.5 117
MobileNetV3+CBAM 0.919 2.78 6.5 97
MobileNetV3+ECA 0.906 2.77 6.4 128

VB BT R 9 T 0 IX 3, ARSI A7 B L 23 H 2T X 2% AN ]
TERJIHLH] H AR R BE T 8022 5 o TR 5 RAE I 7 o TR B X £ i XA
RYIAL T REBE XA B br e BB 7 750, T RI%5 08 MobileNetv3 5 #ER
T 5y %2 B\ SRS R R 2, VRS AR AR AR AR DX a4l 1A A R Ee A
RN CBAM JE R MR, 28Rl RIS R R AR5 BT e /188, A
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ECA 1 IR, 20 T Ak 40 /N R EESSIE FEAR, TSN 1 ARG L
117 CA FEHR e BEAR e R 0l SRR (2 () Ar B, AT GE 8 R B 5GTE H b, AT BAA
SCRH] CA VER Sy BEHURN T 45 5 Bl T8 #2288 H AR SE AL

(a) Original image (b) MobileNetV3

(c) with Convolutional Block Attention (d) with Efficient Channel Attention

(e) with Coordinate Attention
K7 TR IRAA FEE ST 45 R
Fig. 7 Backbone network embedded with different attention modules visualization results
3.3 [EHK R E X EL SETR
N T B RAIE Alpha-10U 15 2% o8 300 A 24, X ELEL 4 ) MobileNet 57
KA CIOU. GIOU. DIOU. Alpha-10U 1 Ayids FHES 2k bR B Zris AR 2 () ~F- 2

R mAP_0.5. F1 /-0, seiest Runl 8. K 9 Fow. ARFTsLinty
7E% CA FHR A MobileNetV3 1 84 3 T M 25 1] YOLOvVSNn #7347 .
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Fig. 8 Plot of average accuracy vs. F1 score for different loss function models
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Fig. 9 Convergence of loss functions for different bounding boxes

H11& 8 %1, GIOU A1 DIOU i) F1 73 #UCA MR HIHETT, {H GIOU X T
AN I L4 2 T ks ) () T35 VERE A AN &2, mAP_0.5 RF% T 1.8%, 1fii DIOU [
HAAMEREIUIE ST CIOU. Alpha-10U i) mAP_0.5 fll F1 4 k% T CIOU 435
WE T 0.2%, WA EEFLa%. B ik 9k, HISoRRE R Z M1
LA AR K bR AL, SRR Alpha-10U 452K BR AR RE % 1k 22 5 A5 284 (1 S S0kt F2 0 [l

VRS o

10 %5 T4 Alpha-10U (_EAT) A1 CIOU CR47) 45 25 bR B0 AR [R) 3
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£ ERTRMEE SR . Alpha-10U Et CIOU RIS I, K y'e a] PAEE R 2 A H
Fr, DRAT DG E 2 BB Hhr (BM% 1. BIMER 3) AsE e 3 br
(H#% 2 .

10 A FH AN R 457 2k b B oy e 0 155 150
Fig. 10 Detection using different loss functions

3.4 iHERRLE

ARWFFCAENE YOLOVSN LAt |, DL MobileNetv3 % & 74 /o £ 25 1 {9 £ T
2, PR VB SHUE, JRRNARARIER ) CA KL, SR TFXARFAE B O 5 [X I3
RERRE Sy AEVH AL FHE ) 45 A Alpha-10U 453 2k bR H, s I 2% BRI 8
FESR I 28 10 160X 160 /s HARASIN =, $2 et A ARt 1 4l /N B4 2 R AL 1) 1R 31
RET.  NERIEAWIFUHR 1 3 Fh kit S A28 B R gk I O PERE L3, LA
YOLOv8n BRVENSEAL I ZE, HEAT 1RSSR, ARSI R IR 5 Pros.

R 5 RIS RN L

Table 5 Comparison of results of ablation experiments

ERES  Alpha-loU  /NHFER

TS5 irms Loss )

mAP 05 F1/4+%k  Params/10° FPS

1 x x X 0.869 0.814 3.01 158

2 N x x 0.921 0.883 2.81 117
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3 x N x 0.876 0.810 3.01 132

4 x x V 0.872 0.820 3.00 128
5 l v x 0.923 0.887 2.81 104
6 V x V 0.911 0.877 2.72 93
7 V V v 0.930 0.893 2.72 95

e V7 RoRIEH TSGR, X7 RN AR I S .

Mk 5 Fin, AXTE YOLOV8Bn MR 2 Filb47odt, RABEHRT
MobileNetv3 [ 4 RIZHURFAE, LGRS S 40E, IR NALPRIE R 7] CA B,
AR T M2 R 2RSS Hbr S AL, FHECT R YOLOVSn %!, mAP_0.5
PeTF 5.9 NE s, FL P EHRTE 8.4 AN 43 a5, 75/ B BRARAG I 55 (1) [ i) A A
SRR 6.6%; 1575 18 138 FH] Alpha-10U 451 25 B B i FUE [m] 7145 5k o5 5
TECRFFBY S B A2 KN LA [F B, mAP_0.5 I F1 435057 il AR T
10.002 1 0.005; #5e ) AN /Iy HARAGI 22, A5 W 2% B8 SV 4 /N R4 G
MITHRFHREFE, DU/ 1) FPS 455k 7 mAP_0.5 14 %1 0.930, F1 43 #i5 %1 0.893,
FET 4 YOLOven 158, 3Tt 7.0 ANH 40 U 9.7 ANE e, [FIRF S
IR T 9.6%, FPS A 95 iiff 2 ST A (1 TR o 3 ik VY Rl S50 B AR SC i ekt
SR ) EA R IR S, (RIS RS S e T (T4
3.5 AEIHMEBIXTEL SCI6

IVEAL AR SCHE ) MCA-YOLO-A A BIAR B (1 PR Y, AR SO AL b b i
EERE R N SRS IZ I B AR AL AT T LS st . SO AL AL EE Faster
R-CNNP, YOLOv5s. YOLOV6s®®!, YOLOSs. YOLOVO-tiny®'LL &% RT-DETRZ
AL, AT SAEAH AR B SR AN S 26 A R kAT TG, HEZ Clish. AA
LI SE RN 6 FTR .

% 6 AR AE LB

Table 6 Comparison of performance of different models

A mAP 05 F14r%( Params/10° #£%k/NMB  GFLOPs FPS

Faster R-CNN 0.791 0.657 137 108.0 251.4 10

YOLOvV5s 0.881 0.831 9.12 14.1 10.6 44
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YOLOvV6s 0.841 0.812 16.3 32.8 44.2 102

YOLOSs 0.909 0.878 11.12 22.5 28.7 110
YOLOV9-tiny 0.880 0.838 2.01 4.7 7.7 79
RT-DETR 0.866 0.834 19.9 34.3 110 43
MCA-YOLO-A 0.930 0.893 2.72 6.0 8.1 95

A LLE HASSE MCA-YOLO-A A B b F oAt 3 38 1) B BRI 9 2 445 5
) mAP_0.5 A1 F1 73 %, —FrB HArll 5% Faster RCNN RrllRs AR, H.
FEMSHEER, SEEENRNEEER, FPS AUF 10, ASCHALS Hij
BT B ARG R 4% YOLOV8s. YOLOvV5s. YOLOv6s. YOLOvOt Al RT-DETR
AL, PRI mAP_0.5 7 3Tt 2.3%. 5.5%. 10.5%. 5.7%#1 7.3%, F1
SEBETE 1.7%. 7.4%. 9.9%. 6.5%F1 7.1%. R A SR KSHENN
2.72, AR MUN 6.0, THHE I GFLOPs 1A 8.4, XX YOLOVO-tiny f
B, HAERWEE FikF T 95FPS, [k YOLOVO # 7+ T 20.1%. %L,
MCA-YOLO-A #RUF T H AR BA B i RS EE AR 2 1, [RIINF FPS ik
95 i & SR PR SR, B R4 1 S B R A

T E W R IO AR MRS, R B ik L o SR B Ik LA A
YOLO8s. YOLOv5s #1 RT-DETR 543 MCA-YOLO-A AT T IYZH v AL,
HORMILLE:, 55— AU B A RS RE N B, 58 - 4URIEAT 2R3
GRMHARRE ST EIG, 5 =4Eea BB e B, 5 DY 4H e B
RIREE H IR A 7™ 1 S, ke lgs S Le R eI 11 v 7E35—4H, AL
T HARBRAE R EUE R A G IR KR K, MCA-YOLO-A B U e 4 2 455
AiE, T DA b 378 458 P IO AR ZL G4 RIS 1) 2R IX 3 ok, [ B4 A v ) LA B
FEER 4, RSB FAPEZRN. B S 2 M T, ReEHNEZ, H
i MCA-YOLO-A NMELEIRI B . 7E56 =24, AP ERRIER, S
SREEANE, U MCA-YOLO-A ARG H o E55VUZH, BT RGHRIC, BA
REAAERS, FrA B ARA H . FRIIE T MCA-YOLO-A R TE RS K
ISR, R T HAERFFM T REtE, AL mER, il
H T 2L AFIE D 72 57, 0 T T RARAL B AN [ K Y 2485 T Re AP AE BT A I, e
S EL AN 2 I AT R IR R T OO
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(e) Original label
11 R BCR T EE

Fig.11 Comparison of detection effect
3.6 ZAMKLE
N T HAE MCA-YOLO-A BRI sEBriz AL BE 71, A SCU B JT Bodls 4R
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RDD2022 13k [ [ A8 I JE AL 1 1 2L i b AT, A LT3 R
FHUREN BEEE, 280 R A& REAT A MR IRESIRE T,
5 2401 SKATPRETE ARG IR, 1 HUM [ 18 % 22 88 2R E iz A SR 56 A i
MATS5, 43 HI7E YOLOVSN 1 MCA-YOLO-A f5 A EIIZREURS. seibst Ringk
7 B

=]
o4 4
(K

V)

7 RDD2022 Jo AN E i Ha 4217 A e 71l

Table 7 RDD2022 UAV China dataset generalisation ability test

YOLOV8n MCA-YOLO-A

R mAP_0.5 F1 % mAP_0.5 F1 9%
D00 0.589 0.585 0.639(+8.3%)  0.654(+11.8%)
D10 0.758 0.756 0.765(+1.0%) 0.771(+3.2%)
D20 0.369 0.378 0.536(+43.9%)  0.536(+41.8%)
D40 0.769 0.772 0.826(+7.3%) 0.838(+8.5%)
All 0.636 0.632 0.702(+10.2%)  0.701(+11.2%)

H# 7 AIAl, MCA-YOLO-A 7EVUA2E5] ERpRSEE W B4 T YOLOV8N, %
1 AT ROR RS, BT YOLOVSn HEAYHR T 43.9 N 7 i 41.8 N
Gy G TEERKTIERE 7 TH, mAP_0.5 5 F1 /3 %044t 10.2 f1 11.2 AN H 4
Mo SEEREE FAEH] 1A SO IR H B R A Ao Iz AL BE T o iZ A SRS BB A
Mg Rt 12 frox, WAL, SRR T 5254, B T4/ 3
7R IS, A SCATHE HE 1K) MCA-YOLO-A B X 52 22055 R 111 % 24 4% A I
/NEARTE R RAE M TR TR, HFHEEEE S
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(a) YOLOvV8n (b) MCA-YOLO-A (c) Original label

K 12 Fa gt SRt b

Fig.12 Comparison of detection effect
BEAh, N T PRl MCA-YOLO-A BERIAEA RIS BRIz LAy, AT
Bt UAPDPIE— 25 1% 804 A 8 AL o 1 s AR RO LR B M 1
BRI, BEREMETI It 2390 sKZFANFISER 1TE R 28 -IMR
SIS IR 8. MK 8 WA, MALHURIL RN RS FL 2%,
URUE W] T A SRR R A A 380 O 25 530 2% T R R S5 N 180 366 I P R 8 e 17
& 8 UAPD Hdla 4Rz AL Be 1k

Table 8 UAPD dataset generalisation ability test

YOLOv8n MCA-YOLO-A

5
mAP_0.5 F1 % mAP_0.5 F1 0%k

D00 0.834 0.823 0.873 (+4.6%) 0.839(+1.9%)
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D10 0.863 0.836 0.899 (+4.2%) 0.878(+5.0%)

D20 0.862 0.852 0.887 (+2.9%) 0.876(+2.8%)
D40 0.951 0.913 0.970 (+2.0%) 0.938(+2.7%)
all 0.881 0.867 0.908 (+3.1%) 0.889(+2.5%)

4 HERE

Ryl B ATE RSS2 8 SISO X o FERG. H H Akl &2 HE
L3 T o B VU IR 4 B B B, K SCHE T YOLOVEN AR T Ho
AT IETYE: MCA-YOLO-A, FEEFFIEEHE4E RDD2022 H [ G it it A7 Il
Y. IAEFI. wok, fEREE Y MobileNetv3 W Z54E 4 3 TR AE B H N 2%
TR R, [FIHRON AL AR B 77 CA B, nom x4k P 24 4% [X 3k 117 J84 %
FRFESE ;s HIR, FETFEILFHE R H I Alpha-10U 452K BR 2, 0T 9 251
S o, EFEML RGN 160 X 160 /N HArta 2, HEE it 40/ 54 4%
FAAEFAR B BE ST . SEE6 45 K, MCA-YOLO-A AN T sE . BBk
Fy it B R I TG 1 5 MR O MO 1 D T R A M SRR, S
RDD2022 J AW A it F B B2 L IIE T %07 VA i 1 B 0 5 e

R T AR E 2 A E TFAEA T A 2 RR RS TR RO, T30 I B
FEREAS R 37 5], B2 A R0 0 H B om S ng , R AR X LB Ol N 5 o
IR DL, BRI, N — DR E S X AR AR i, FRA Tt 4
FEAH 4 T 0 PR SRR T U 3E SRS 7. I, SIFIE T2 . % H s
25 39 1 R RAAD R VG 5%, LA A6 P 8 5 0 T 2 0 0 44 e P 4
FRIH SN LU R AE 1 0090 4 G4, 91005 ) 2 R PR i 2 SRR TR R
[ RS N IR I 76 SZ BRI A 5 28 A 2 FR AT T B8 A 45, L RE 1 I
B EANE AR IR o @ X BB AL, AT BRI BRI S M,
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