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Road defect detection based on improved YOLOVS

Wang Xiaowen Yu Qirui Chang Jutai
(College of Physics and Electronic Engineering, Shanxi University, Taiyuan 030006, China)

Abstract: In order to solve the problems of low detection accuracy, high computational complexity and high false
detection and missed detection rate of the current road defect detection model in complex background, this paper is
improved based on the YOLOv8 model. Firstly, the EMA attention mechanism is integrated into the feature extraction
network(Backbone) of the model to improve the feature representation ability of the model, while retaining important
information and reducing the computational cost . Secondly., the lightweight feature fusion network structure SlimNeck
and the weighted feature fusion mechanism Weighted Fusion were combined to form a new neck network structure
SWNeck, which effectively reduced the number of model parameters and computational complexity, improved the
feature fusion efficiency. and reduced the feature redundancy of noise. Finally, the Slide Loss weight function is
introduced to give greater weight to the samples that are difficult to classify correctly, improve the learning ability of
the model for difficult sample data in road defects, and further enhance the detection performance of the model. The
experimental results show that the improved road defect detection model improved mAP by 2.7% compared to the
original YOLOv8n model, and the amount of parameters and computational complexity of the model were reduced by
7% and 10% , respectively.
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Fig.1 YOLOv8n model
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Improved YOLOv8n model
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Fig. 4 Comparison chart of module improvment
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LR R SR T BORAR S A (2 AL RE T e R A5 2 9 204 3k
FUR . SCovHe I 8 1 1 B 4R Bl AL R 43 A I 25 4R V50 T
2 RS, HPUIgER 7 292 KEFMR IR IESE 955 K E
5 IR 4E 957 sKIEMR .
3.2 LWigE
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Table 1 Experimental parameter configuration

BER S Ubuntu 22. 04. 3
GPU RTX 3080,10 G
WIS Python3. 11
TR B 2 S HEQL PyTorch2. 4. 04+Cudal2. 1. 1

PR 300

F&RAF 640X 640

i AdamW

ERSE S 0.001
Batchsize 16

Workers 8
Pretrained False

-4 FE Y {H (mean average precision,mAP) ;
1
AP :JP(R)dR (6)

mAP = iEAPm <)
n -

Horp, P 5 mAP {H 8 U6 B 8580 RS IR 12 8w,
GFLOPs 5% 8 2 B et AR B (A BRI S Rz A6 B 4% 4 £k 1)
BN R R R . AR R B E D
T B AR 4 T 0 T A 1 A L AR

R TP Sy E B AR E S 25 Sk ] HLOE
T A IERE AR H s FP R BBE A L AR 3 B 520 R 17 i (H
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A EMA FEZE HHLH (5 2 4) . SWNeck (55 3 41) . Slide
Loss(5 4 41) , Z S 7658 1 A i LAl B Jm A SWNeck (38 5
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2% B W o D HE T R B R 4% SWNeck fff P B2 T 1.3%,
mAP #2555 1%, [ 280 T B 7%, GFLOPs TR 1025
% 4 05| A Slide Loss fE B Ef# P EHEE T 0. 620, mAP
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| A EMA.SWNeck VL Slide Loss BB P {E$% T} 3. 6%,
mAP {HE T+ 2. 7%, B 88 T % 7%, GFLOPs F % 10%.
WXt R YOLOvSn #ER, g it 5 f9 4% B0 A4 KS B PLFE 34

KR mAP DL 3 MR R #E BRI T, R S50
1 GFLOPs A B F K, 3E B ohe o 5 19 A R0 7 v o 1t B
Ak B SCBLT AT L AT AG S R TR A

x2 HREEKIWAERIL
Table 2 Comparison of ablation results
21 5 EMA SWNeck  Slide Loss P/% R/ % mAP50/ % Parameter/10° GFLOPs  Size/MB
1 80. 9 76.8 83.6 3.01 8.1 6.0
2 N 84.7 75.5 84.9 3.01 8.1 6.0
3 N 82.2 77.6 84. 6 2. 80 7.3 5.6
4 N 81.5 78.3 84.0 3.01 8.1 6.0
5 N/ N 84.9 79.0 86. 1 2. 80 7.3 5.7
6 N / N 84.5 82.0 86. 3 2. 80 7.3 5.7

3.5 AREERLELE

SR T — 2 B UE AR S AR A Y P B L G R A
RS H AL S F0E AT T LA, A 46 P Iy BE S 15 10 Faster
RCNN, # By Bt YOLO £ %l 8 % 41 YOLOv5s®* |
YOLOv6n, YOLOv7tiny, YOLOv8n & P > &t i i 56 T
YOLOvS Byl = g ik 3 fim.,

*3 AEHEBITLE

Table 3 Comparison of different models

Y mAP50/ % Parameters GFLOPs
Faster RCNN 75.9 136.51 370.2
YOLOv5s 83.2 9.12 23.8
YOLOv6n 78. 4 4.23 11.8
YOLOv7tiny 84.9 6.02 13.2
YOLOv8n 83.6 3.01 8.1
SCHk[23] 85.3 13.16 17.6
SCHR[24] 85.7 2.50 7.2
5t A A 86. 3 2. 80 7.3

S S SRR AR SCHUHE S AR AR 58 T L AR AR
R 76 ¥ HE RS mAPSO B3 T AT LAY B, S
MRC2ATR Bk A T B AR S i Bt B % B B L AR SO
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JEE b S Tl T B S o G U
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4 YOLOv8n 5 Btik Ja i A58 B A — 25 9 % L, DAtk
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I B4 1 5B R 4 3k YOLOvSn 38 T e 46 1
B, B BRI L TR 2 B o 2 SRR 558 3 sk IEl R
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A2 5L T S A T A A A D T 3 A IR A, O RS IR
L= A= 2 L i O = i s NV 7 VO R B St o
HER

(a) JEYOLOvSn& 2

(a) Original YOLOv8n model

(b) EHEYOLOVSEA

(b) Improved YOLOv8n model
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Fig. 7 Comparison of detection effects
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