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Vehicle Paint Defect Detection Based on Improved YOLOVS

HAO Yousheng, WEN Zhenhui, FENG Xiaoxi, DENG Zehua, HUANG Qingbao
(School of Electrical Engineering, Guangxi University, Nanning 530000, Guangxi, China)

[ Abstract] To address the‘ssues of low accuracy in vehicle paint defect detection, excessive parameters in detection
algorithms, and the uneven distribution of easy and hard-samples, a vehicle paint detection method based on an
improved YOLOvV8 is proposed. To enhance scratch' defect detection capabilities and reduce model size, a
Deformable Attention Transformer (DAT) mechanism is introduced into the backbone network, and Ghost
Convolution (GhostConv) replaces the standard Convolution (Conv) modules. Subsequently, to improve feature
extraction capabilities and further reduce model size,7a C2f Based on Efficient Multiscale Attention (EMA) (C2{-E)
module is proposed by combining the FasterBlock module and the EMA attention mechanism. Moreover, to
enhance the detection performance for small objects, a network based on the Bidirectional Feature Pyramid
Network (BiFPN) is designed. Additionally, by adding a small-object detection head and a multiscale feature fusion
branch, a neck pyramid structure-named BiFPN with Small Object Detection Head (BiFPN-D) is proposed.
Finally, to address the balance issue between difficult and easy samples and improve the detection performance for
small object defects, Wise<Intersection over Union version 3 (WIoUv3) is employed as the loss function for training
the network. The improved network is trained on a self-built dataset of vehicle paint defect images and subjected to
comparative experiments. The results show that, the improved model achieves an increase of 5.5 percentage points
in terms of mean Average Precision (mAP@0.5) and a reduction of 1.4 X 10° in terms of parameter count,
compared to YOLOv8n.

[Key words] YOLOwVS algorithm; vehicle paint defect; object detection; Bidirectional Feature Pyramid Network
(BiFPN) ; loss function
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2 STREMR i AR 4 640906140 1232, BTk
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BB 4E L2k, IZhgs Rk 1 s, 5 H A
AL B A . GhostConv ZEA HEREFR AL .
&1 Conv fEHRIEEEXTLE

Table 1 Comparison of Conv module performance

mAP@0. 5/ Params/ FLOPs/ Model size/

Model

% 10° 107 10°

Conv 79. 4 3.0 8.2 6.2

DWConv 78.8 2.4 7.3 4.7

AKConv 79. 2 2.6 7.9 5.0

PConv 80. 1 2.9 82 6.1

GhostConv 80. 3 2.7 7.6 4.9
.42 EENLHITERE L

S 1T I DAT 3 52 7 AL Sl SRR ke e 1
IAVER  JF 56 EMA HLEHR P08 A SCH AT 11
BEAPLHIB S B XTS5 . 78 YOLOVS 1R 4%
b 8] A SE (Squeeze-and-Excitation ) | CAP |
CBAM™ A5 B Sy ML B, I 76 42 58 1 fole s 4k
g B ibAT TR L SE .

SR ZERANER 2 R, T LA H 5] A EMA #L
TG E S BB HTE T . mAP@O. 5 87+ T
L9 A5 A DAT FEEIHLHG 72 5 /N
H A 0 P e A Y RS Y R B2 T ) Sl R ik
B mAP@O. 5 27T 7.3 A4 s,

&2 EENNFIMERERT L

Table 2 Performance comparison of attention mechanism

Model mAP@0.5/%  mAP@O. 5(Flaw)/% mAP@O. 5(Scratch) /%  Params/10° FLOPs/10°  Model size/10°
Base 79. 4 77.8 83.8 3.0 8.2 6.2

SE 78. 4 76. 1 84.0 3.0 8.3 6.3

CA 80. 4 77.5 88.9 3.0 8.3 6.3
CBAM 79.8 78.0 86. 5 3.1 8.3 6.3
EMA 81.3 79.1 87.8 3.0 8.2 6.3
DAT 82.2 78.9 91. 1 3.2 8.4 6.6
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RUGEAT XF b, XF b g5 R an 38 3 TR, oK el i
YOLOv8n(Base) B LA AIZE ST YOLO £24 AHE
e B A A 3G % B YOLOvSn, YOLOv3-tiny
YOLOv3-spp fEKGE A B W AT, SCik[ 11 17
YOLOv8n fy 5Ll L5 AFFERG Tk CA R
GINEBCEETE 5 A B b/ FR N ET L Rl v E R (ERORAN
H bR e i K 0 & R AN, SCRR[12 178 YOLOVT-

tiny AFERE 151 A Conv ARLER, Xof I o R ) 0k 0 2%
SERA TR TE AH AR T YOLOvSn (Base) 45 % J 4
HIA 3.0 10°, SCHk[13]7F YOLO7-tiny 4 3Ll I
BN HARG ISk L 35 A SE i S HL Al PConv
B A S R AR, A fAT AR ASE R AR 1% [] B
PETHT LN EAR AN RE 77 o AR X Rl R R B
(IR INKS BEANE . EDW-YOLOVS 752 /5 PR 1
BE RGN S50 114 ) Bsf o A FRBASE X . Y OLOv8n(Base)
W 14X 10°, mAP@O. 5 #2755 5.5 [ 05 T A
BAIhZR G PERE R I AL
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Table 3 Comparison of object detection algorithm models

Model mAP@0.5/%  mAP@O. 5(Flaw)/% mAP@0. 5(Scratch)/%  Params/10° FLOPs/10°  Model size/10°
YOLOv3-tiny 69. 1 67.3 74. 8 12.1 18.9 12.2
YOLOv3-spp 76. 2 74.3 81.5 20. 3 283.8 41.4
YOLOv5n 71.1 70.5 73.2 2.5 7.2 5.1
YOLOv9c 83.5 80.7 88.2 22,4 102.0 10. 3
YOLOv8n['H 80. 1 76. 1 88.3 3.1 9.3 5.3
YOLOv7-tiny"'?) 82. 1 81.6 83.7 6.1 12.4 9.2
YOLOv8n 80. 1 79.3 832 2.0 10. 8 4.4
YOLOvS8s 83.0 81.7 85. 1 11.1 28. 6 11.5
YOLOv8n(Base) 79. 4 77.8 83.8 3.1 8.2 6.2
EDW-YOLOv8 84.9 83.6 89.1 2.2 12,9 4.8

VOC-2012 BAmAREAI i 15 DL AN ] 1L B s
PRAET 5 717 skIIZRAE Y 5 823 TREGTELE , Rl (7%
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Fig.11 Sample distribution of VOC-2012 dataset
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Table 4 Comparative experiment of generality

mAP@0. 5/ Params/ FLOPs/ Model size/

Model X

% 10° 10° 10°

YOLOV5n 58. 7 2.5 7.1 5.3
YOLOv8n 62.1 3.0 8.2 6.3
YOLOv8s 65. 6 1.1 28.6 11.5
EDW-YOLOvS 64. 2 2.2 12.9 4.8

BT gk — 3 EDW-YOLOvVS W 4% 14 4
P TESE PR R HEAT T X SR, SEE A5 R

12 foR s &/ B 5k B AR R R SO0
oAl R X 25
3.6 HRASE
3.6.1 BiFPN-D [ 4% I il 52 56

R T B AEA SCHT 4R BIFPN-D 9 A 2Pk, a5 #
YOLOvSn fE R FERIBLHY , 25 5] Atk 5. 52
IREE NGRS Fran, Horp A ARERE I/ B ARk
%, B ALK GIA BIFPN 254y, C A8 RRAE Rl &
4337, DR FE S A GhostConv #EHe Fl C2f-E #idk,
SR AE IR BIFPN-D A %2 7 1 /N B AR sk
R DU B8 » I8/ TR BRI,
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Fig. 12

Comparison of model detection effect

&5 BIFPN-D M4 HaLEIR
Table 5 Ablation experiments on BiFPN-D network

Model mAP@0.5/% mAP@O0. 5(Flaw)/% mAP@0. 5(Seratch) /%  Params/10° FLOPs/10°  Model size/10°
Base 79.4 77.8 83.8 3.0 8.2 6.2
+A 82.3 81.1 84. 7 3.0 12.6 6.5
+A+B 82.7 80. 3 86. 2 3.1 12.5 6.5
+A+B+C 83.8 84.1 82.9 3.4 13.1 6.9
+ A+B+C+D(Ours) 83.3 83.8 81.6 2.5 11.7 5.8

3.6.2 EDW-YOLOvS [%4& i fill 5256
R T B R Ty % EDW-YOLOVS %24 iy
SO A SCIREE T — RN RS2 . PR [ 1) 52
U9 PREE  TE AR B b BE B L A I 2 AR AR U DT
AR AEXT AT AR I AR [FISTE ) B AL
R T LA A B i A Pk 4 TR
YOLOv8n H15] A DAT . GhostConv., C2{-E., BIFPN-D
S EERRARLHEA TR . SEER SR AR 6 s, Hirr,

“J Rz OO RAME iz, & 6
AN B | A DAT 1 2 I HLHI S s mAP@O. 5 $2 7
2.8 H 43 mis BB HLRL G K 0. 4 XX 10°; Bl 5] A
GhostConv 35 , mAP@O. 5 $&F} 0. 9 1 43 s, F7Y
PR R R 1. 3X10° 5 Bl p 2 i C2f BEbgse sy C2f
E #HU5 . mAP@O. 5 #8272, 0 7 43 5 BRI T [
10X 10° ; B phRE 200 190 28 B 4y BIFPN-D 2544 f5
mAP@O0. 5 $27t 3. 9 H 7350 BRI N R 0. 4X10°,

% 6 EDW-YOLOVS j&RisoIf &
Table 6 Results of ablation experiments for EDW-YOLOVS

mAP@0. 5/ Precision/ Recall/ Params/ FLOPs/ Model size/

Model DAT GhostConv C2{-E BiFPN-D WIoU

% % % 10° 10° 10°

YOLOv8n(Base) X X X X X 79.4 82.0 72.1 3.0 8.2 6.2
YOLOv8n+DAT J X X X X 82.2 85. 7 77.5 3.3 8.4 6.6
YOLOv8n+GhostConv X J X X X 80. 3 77.3 83. 4 2.7 7.6 4.9
YOLOv8n+C2{-E X X J X X 81.4 82.6 80. 5 2.4 7.3 5.2
YOLOv8-+BiFPN-D X X X J X 83.3 87.3 75.2 2.5 11.7 5.8
YOLOv8+WIoU X X X X J 80. 3 76.9 84.6 3.0 8.2 6.2
YOLOV8+BIFPN+WIoU X X X J J 84.5 79.2 86. 2 2.5 11.7 5.8
EDW-YOLOv8 J J J J J 84.9 80. 3 85. 8 2.2 12.9 4.8
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