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Improved DeepLabv3+ Road Surface Crack Detection Method
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[ Abstract] The effective detection of road surface cracks™is keyisto maintaining road safety and prolonging road life.
To address the problems of difficulty in identifying_small cracks, segmentation fractures, and low segmentation
accuracy for traditional road surface crack dete¢tion methods, an improved Deeplabv3—+ road surface crack
detection method is proposed to simultaneously reducesthe number of model parameters and improve the accuracy of
crack detection. First, the backbone of the.Deeplaby3+ model is replaced with an optimized MobileNetv2 network
to reduce the number of parameters and.compléxity of the model, which speeds up the operation. Second, the Strip
Pooling Module (SPM) is integrated into the;Atrous Spatial Pyramid Pooling (ASPP) module to enable the network
to capture more crack context information and preserve the characteristics of small parts of the crack. Finally, a
Convolutional Block AttentionMédule (CBAM) is introduced to make the network focus more on the pixel region
that plays a decisive role dn, crack detection, which enhances the feature expression ability of crack images.
According to the experimental results, the improved Deepl.abv3—+ model achieved a Mean Pixel Accuracy (MPA)
of 87.85%, Mean Intersection' over Union (MIoU) of 80. 53%, accuracy of 97. 51%, precision of 88. 65%, and
F1-Score of 88. 24%; compared with the basic DeepLabv3 + model, the improvements are 1. 77%, 2. 03%,
0.30%, 2.25%, and 1. 51%, respectively. These indices of the proposed model are higher than those of the U-
Net, HR-Net, and PSP-Net models. In addition, the number of parameters of the improved model is 6. 382X10°,
which is 88. 3% of that of the basis model , and the real-time performance is better, making it more suitable for
road surface crack detection.

[Key words] crack detection; semantic segmentation; convolutional neural network; strip pooling module;
attention mechanism
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Table 2 Comparison of precision, number of parameters, and inference time of different models
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Deeplabv3+ 86. 08 78. 50 97.21 86. 40 86.73 54.709 4. 42
Improved Deeplabv3-+ 87.85 80. 53 97.51 88. 65 88. 24 6. 382 3.25

1 2 AR AL B0t Deeplabvd + A 7
PEAT I8 I AR o ) I Al B (A] B e, H

Anpea Mo AP FiLFy 540 F Hofth 4 Rl 2k
i# Deeplabv3 + ) Aypa Ho U-Net, HR-Net,



E51%5 F48/2025 F4 R/AHENTRE

267

PSP-Net, DeeplLabv3 + # # 43 5l #¢ = T 0. 66,
6.62.12.41.1. 77 A5 My 2 T 1. 71,
4.71.9.73.2.03 H 45, A 248 T 0. 39,
0.49.1. 06,0. 30 [ 4r 5. P 494w 1 0. 77,
0.75.1.90.2. 25 {4y, F, 9l | 1 1. 25,
3.65.8.01.1. 51 43 515 [Al A, 2t itk DeepLabv3 4
BARY Y 2 B0 A T I DeepLabv3 + 5 B g /b 1
88. 3%, M T U-Net Jik 2> 7 85. 5%, M & F
HR-Net 37> T 78. 4 % ; PSP-Net 5 #4 B SR S 5w

e /D  AEURE B FE A AN A R A7 I 3 1 4 4 1)
San L8
3.4.2 JHRSCE:

SF B UE B Deeplabv3 4455 (1) A [RI A He Xt 43
EMERE AR L 2 B SLR 25 EAB M TS, 5
A SPM, sl CBAM, 88 J5 47 Il 5, 52 50 45 5 WL
3 3, RPHIARFIR L R Network fR R B 3
TFR4, +SPM {825 A SPM, +CBAM Lt 40
CBAM,

x3 HEHRIW
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Fig.7 Comparison of effects of different models for crack detection
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Fig.8 Comparison of effects of different models in crack detection under complex background
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