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Abstract

At present, the identification and verification of the tread of the first tire in China is generally ma-
nual, which has the shortcomings of long time-consuming, low precision, and easy omission. In
order to solve the problems of manual recognition, this paper designs a vehicle tire tread pattern
defect detection system based on 3D vision technology, which collects the point cloud data of tire
tread pattern, and after processing, a two-dimensional depth map of tire tread pattern can be ob-
tained, and then detected and recognized by the trained semantic segmentation model. The expe-
rimental results show that the system can quickly and accurately detect the defects such as bub-
bling, scratches and misalignment of the tire tread pattern, which has the advantages of effective-
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ness and high precision.
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Figurel. A physical picture of the identification system for
automobile tire tread defects
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Figure 2. Flow chart of tire defect detection system
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Figure 3. Radius filtering
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Figure 4. Statistical filtering
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Figure 5. Point cloud depth map
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Figure 6. Enhanced and expanded graph of tread data
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Table 1. Results of three classical network experiments
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Figure 7. Comparison of the results of different algorithms
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Figure 8. URCCA-ASPP network structure
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Table 2. Comparative experimental results 1
e 2. FLEEIGLHER 1

[ % mlou/% Acc/% Model_size/MB PR B4 4 FIFERS /ms
DeepLabv3p 81.84 99.27 102 92
DAnet 63.72 98.13 181 83
FCN 65.33 98.70 90.2 69
Unet 63.57 98.59 51.1 77
PSPnet 81.83 98.72 259 91
CCnet 64.63 97.86 199 82
PP_Liteseg 69.51 98.96 47.2 70
Bisenet 64.90 98.81 9.67 87
GCnet 84.94 99.31 189 81
DeepStDa 67.96 98.94 134 95
DeepNLb 85.83 99.29 435 95

DOI: 10.12677/jsta.2024.123036 338 FRER AR 5 N H


https://doi.org/10.12677/jsta.2024.123036

M 2 b, ATLVEH, ER—HiESE. RENMSHILE T, SLRXTE 7 X FIRs L p) w4 an .
DeepLabv3p. DAnet. FCN. Unet. PSPnet. CCnet. PP_Liteseg. Bisenet. GCnet L& i3t J5 ) DeepStDa
5 DeepNLb, HR¥E 525645 B a] LA BB 5 1) DeepNLb 45 () mlou i& 5] T 85.83%, 7FiX H642% HiL (1) k1 2%
HRoRE P B e, miou Eb LA Deeplabv3p W28 HETF T 2.02%, DeepNLb WX 4% s AR AR 2 fe /N, H

IR B iR o

N IR SRR (K2 A, ¥ Deeplabv3p W45 SOk JE AR AL 7R IE S oy E A F Ha 48

Cityscapes LT 7315, skingh Ransk 3 fim.

Table 3. Comparative experimental results 2
3. XFELSRIGLER 2

B2 mlou/% Acc/% Model_size/MB AR G S EIFERS /ms
DeepLabv3p 70.66 95.29 102 203
DeepStDa 69.20 94.91 134 348
DeepNLb 71.88 95.23 46.6 191

MFE 3 AT LE Y, EAILHIE4E Cityscapes |, DeepNLb [/H£%kE5 ik 3 T ¢/, mlou 4 71.88%,
HARRE /N, 9 46.6 MB, M bk, ok B EIFERT v 191 ms, TEB] 7R ool Ja (A st

(R gt =k |
FEIFHER DeepNLb_stdcZ j

LiERRER Inage

EEHERL

FIFENER

Previous

FriEtem

Result

Hext

Figure 10. Display of segmentation results of automotive tire tread pattern defects
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