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Research on automotive paint defect detection based on bimodal data samples and
enhanced YOLOvV8 method

WANG Yi'?, DU Yibo', CHENG Jia', SU Hao"*
(1. School of Electrical Engineering, North China University of Science and Technology, Tangshan 063210, China;
2. Tangshan Key Laboratory of Advanced Detection and Control Technology, Tangshan 063210, China)

Abstract: In the domain of automotive paint defect detection, to address the issue of defect feature information
loss due to specular reflection on the surface, bimodal data samples were created using phase measurement
deflection techniques to enhance defect features and reduce background complexity, focusing on the location
of foreground defects. Additionally, to tackle the low efficiency of manual detection methods and the low
accuracy of traditional detection methods, improvements were made to YOLOvVS. Self-correcting convolutions
and an ADown downsampling module were introduced in the backbone network to enrich and enhance the
information flow. A receptive field attention convolution replaced the ordinary convolution in the original neck
to focus on important features. The original neck's upsampling was replaced with the DySample module to

reduce feature loss during spatial scale transformation. Experimental results reveal that the proposed method
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excels in detecting three specific types of automotive paint defects: dents, bumps, and scratches. Compared to

the YOLOv8n baseline model, it achieves a 1.9% improvement in both mAP50 and mAP50-90 metrics.
Furthermore, the improved YOLOv8 method has been validated on the NEU-DET and PASCAL VOC 2012

public datasets, demonstrating strong applicability for detecting objects with various attributes.

Key words: phase measuring deflectometry; bimodal data sample; YOLOVS; paint defect detection
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Fig. 9 Structure principle diagram of DySample module
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Fig. 10 Example images of automotive paint defects
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Table 1 Quantity of each type of defect
Defect Quantity
Dent 287
Bump 1164
Scratch 1003
All 2454

AL PL Pytorch A IR i 2% 2] HEZR 3E 17 15
B, i AEEBC B CPU i 18 4% AMD EPYC 9754,
GPU & 24G Nvidia Geforce RTX 3090, 3£ i Il %k
S epoch BE'E K 400, LR 2% > 0 0.01, ik 4%
Sy Bl AL B R AR AL #% (SGD), batchsize % & i
16, TE I ZR I Ay 46t i Y1 25 14 Jo s 00 5 60 V5 42 1D
B e Ao A i Ak, (T S8 5 (Mosaic) 7E
LA 98 71
3.2 EMIERR

H G 00 455 7Y 1) 7 8 A 38 H S 5 )2 (Pre-
cision, P), A 1% (Recall, R) FI°F-YJ4%5 & (mAP) 55
FEAR R M B T I B RE o PR A AR I O R R
R 2R, B B R DU 152 38 8 /N s ROW AT 1 T 12 0
e 11 T A 252, 50118 780 A D) S0 67 T A B /0> 5 mA PRy A
A T 1 B HORG B, BSCMA AR A AR ) g
AT WU (FPS) S — &b Py A A ) 85 i, T
75 Y F9 G 0 B B 3 GELOPs g L Gl B () 1%
SEBE W, TR EE g, UL
St E AKX T

TP

= 13
TP+FP (13)




NG 2025,46(6) T —, 4% BT RUBCSEURFE A FIEE YOLOVS I ZE R ELFARTIAFSE  « 1425
P (la)  FPRRSUBEACHCH S SO R 2K Behts FN s
TP+ EN T B AR T4 528 (0 5 s mAP o P HH
AP= | P(R)IR (15)  EEs i nb Kl 1 26 580t APk PRI F 189
1 n . ﬁ}ﬂc
o _ Number ) J9 7 WAL YOLOVS 485 B 1O A A, XT3
FPS = 7 N . e w
time MR T AT S e, G S 50 2 SR e n gk 2
A TP IE B AR B IE B 70000 O OE 28 1 50 i
R2 HBRLIE
Table 2 Ablation experiment
Methods SC RFA ADown DySample mAP50/% mAP50-95/% Params/MB GFLOPs/G FPS/Hz
a 95.3 79.9 3.0 8.1 91.84
b N 94.4 81.4 3.4 8.5 88.30
c N 95.3 81.2 3.0 8.1 95.27
d N N 97.1 82.2 35 8.5 87.31
e N y N 95.7 80.0 32 8.0 89.85
f N v N 96.1 81.7 35 8.5 88.21
Ours N v N N 97.2 81.8 32 8.0 92.03
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15 1.64 Hz, jiF B AR S inds 5 2 H o ADown 5
ol B e R . ik £H H T 228 mAPSO 42
Tt 0.8%, mAP50-90 #2 Tt 1.8%, UEHH DySample 7£ I
KA R S T AR IE ER, FEE T AN
MIRFIEAR B o AR SCHTHE H 08 0t Ty 76 A HE 36 4%

mAP50 2 7} 1.9%, mAP50 $2 T+ 1.9%, 4 2 5 &
WA 0.2 MB 4T, RIFHBFEAL T 0.1 G i GFLOPs,
FPS #£15 0.79 Hz, ZE A MR B E L THL Tk a,
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Faster-RCNN., H.} Bt 77 : ) SSD 5 YOLO % 41
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Table3 Comparison experimental results with existing algorithms

mAPS50 of each category/%

Methods Precision/% Recall/% mAP50/% Params/MB GFLOPs/G FPS/Hz
Dent Bump Scratch
Faster-RCNN 50.0 48.3 41.5 61.0 47.7 46.6 136.7 401.7 24.32
SSD 50.0 79.0 70.7 93.6 54.0 66.6 239 274.1 29.83
YOLOV3-tiny 99.5 94.7 93.5 95.0 90.1 95.9 12.1 18.9 65.84
YOLOVS5s 99.5 95.6 93.2 95.8 89.7 96.1 9.1 23.8 62.58
YOLOvV7 99.5 95.4 93.9 93.5 91.2 96.3 36.5 103.2 48.54
YOLOV8n 99.5 92.9 93.6 92.4 90.1 95.3 3.0 8.1 91.84
YOLOVS8s 99.5 97.2 96.2 93.8 94.7 97.6 11.1 28.4 50.76
YOLOV8-SwinTransformer 99.5 89.6 82.3 88.5 84.2 90.5 30.0 79.1 32.12
RT-DETR-1 75.3 57.5 49.1 55.1 59.1 60.6 28.4 100.6 36.92
Ours 99.5 96.5 95.5 95.9 92.0 97.2 32 8.0 92.03
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Table 4 Applicability experimental results on NEU-DET and VOC2012 public datasets

Datasets Methods Precision/% Recall/% mAP50/% mAP50-95/%
NEU-DET YOLOv8n 70.4 71.8 75.3 42.0
Ours 73.2 72.8 76.7 423
PASCALVOC 2012 YOLOv8n 67.3 56.7 61.3 44.6
Ours 69.4 56.1 62.1 44.8
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Fig. 11 Comparison of detection results between improved method and baseline YOLOv8n method
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