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Image segmentation approach for surface rust of existing steel
structures based on improved DeepLabV3+
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Abstract: Surface corrosion constitutes a prevalent defect form in steel structures, which can undermine the
section of components and deteriorate their mechanical properties. Thus, it is imperative to monitor and assess
the corrosion damage of steel structures. A lightweight semantic segmentation model for rust images, based on
HL-DeepLabV 3+, has been proposed to address the challenges of reading errors, texture misjudgments, and

color discrepancies caused by visual fatigue during manual inspections. This model aims to improve
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segmentation accuracy while reducing the parameter count associated with traditional deep learning networks
used in rust recognition. Firstly, the coding portion of the backbone network was replaced with a lightweight
MobileNetV3 network to minimize the number of model parameters. Secondly, the strip pool module and
pyramid pool module were incorporated into the void space pyramid pool module, enabling the network to
capture the long-range dependence of isolated rust regions and eliminate the interference in the background
region. Finally, the attention mechanism was introduced to make the network focus more on the pixel region
that plays a decisive role in rust classification and enhance the feature expression ability of rust. The test results
indicate that: Compared with the original model, the size of the HL-DeeplLabV3+ model is reduced by
66.73%, and the Accuracy, mloU, MPA, and F1 scores are increased by 2.54%, 10.11%, 6.79%, and
6.15% respectively. Moreover, the effect is superior to the classical UNet, FCN, SegNet, and Deepl.abV3-+

semantic segmentation models. This not only realizes the lightweight of the model but also enhances the

segmentation accuracy of rust damage.

Keywords: steel structure; rust identification; semantic segmentation; lightweight; attention mechanism
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Table 1 Part of the MobileNetV3 network architecture

Input Operator Exp size  Out SE NL S
51223 Conv2d 16 HS 2
256°X16  Bneck,3X3 16 16 RE 1
256°X16  Bneck,3X3 64 24 RE 2
1282X24  Bneck,3X3 72 24 RE 1
1282X24  Bneck,5%5 72 40 J RE 2
64°X40  Bneck,5X5 120 40 < RE 1
6440  Bneck,5X5 120 40 v RE 1
64240  Bneck,3X3 240 80 HS 2
322X80  Bneck,3X3 200 80 HS 1
322X80  Bneck,3X3 184 80 HS 1
322X80  Bneck,3X3 184 80 HS 1
322X80  Bneck,3X3 480 112 v HS 1
322X 112 Bneck,3X3 672 112 v HS 1
322X 112 Bneck,5X5 672 160 v HS 2
16°X160  Bneck,5X5 960 160 v HS 1
16°X160  Bneck,5%5 960 160 < HS 1
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Table 3 Standard for classification of surface corrosion of

steel structures
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Table 4 Experimental results of different backbone networks of DeepLabv3+ model

Eo L Accuracy/ % mloU/% MPA/ % F1_score/% Parameters/M
Xception 95.61 84.33 91. 04 91.08 37.87
ResNet101 97.69 90. 96 95.59 95.12 42.50
MobileNetV2 97.17 88.78 94. 36 93. 80 2.23
MobileNetV3 97.77 91.88 94.95 95.67 2.97
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Table 5 Experimental results of different attention mechanisms at different locations

(A= ek INil Accuracy/ % mloU/% MPA/% F1_score/% Parameters/M

97.99 93.85 97.43 96. 80 18.08

SE 97.98 93.96 97.27 96. 86 18. 20

ECA 97.96 93.69 96. 90 96.71 18.08

After MobileNetV3

CBAM 98.15 94. 44 97.83 97.23 18. 20

SIMAM 97.80 92.39 95. 17 95.97 18.08

SE 97.89 92.51 95.42 96.03 18. 10

ECA 97.99 93.20 96. 00 96.43 18.08

Before 1 X 1Conv

CBAM 97.98 93.77 97.11 96.75 18.09

SIMAM 97.98 93.83 97.01 96.79 18.08

SE 97.68 91.20 94. 23 95. 26 18. 10

ECA 98. 02 94. 04 97.54 96. 90 18.08

After Low-level features

CBAM 98. 00 93.65 97.22 96. 68 18.09

SIMAM 98.01 93.28 95.84 96.47 18.08

SE 97.91 93.70 96. 72 96.72 18.08

ECA 98.03 94. 05 97.18 96. 90 18.08

Before Upsample By 4

CBAM 97.95 93.84 97.16 96. 80 18.08

SIMAM 98. 02 94.03 97.33 96. 90 18.08
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Table 6 Experimental results of different semantic segmentation algorithms

%] £6% A5 75 Accuracy/ % mloU/% MPA/ % F1 score/% Parameters/M
UNet(vggl6) 97. 86 90. 79 94.97 94.98 24.89
FCN(vggl6) 96. 74 87.42 94. 26 92.99 33.61

SegNet(vggl6) 97.76 91.03 95.22 95. 14 29.44
DeeplabV 3+ (Xception) 95.61 84.33 91.04 91.08 54.70
HL- DeeplabV3+ 98. 15 94.44 97.83 97.23 18. 20
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Table 7 Results of ablation experiment
No. Mobilenetv3 SPM PPM CBAM Accuracy/ % mloU/% MPA/% F1 score/%  Parameters/M
o) X X X X 95.61 84.33 91.04 91.08 37.87
©) N, X X X 97.77 91.88 94.95 95. 67 2.97
® N, N X X 97.85 93.77 97.31 96.76 15.59
@ NG X NG X 97.91 93.73 97.33 96.73 14.22
©) NG X X N 97.91 93. 54 97.38 96.63 11. 84
© NG N NG X 97.99 93. 85 97.43 96. 80 18. 20
@ NG N NG N 98.15 94.44 97.83 97.23 18.20
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Fig. 10 Visualization effect comparison
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Table 8 Experimental results of HL-DeepLabV3+ in VerData dataset

48] 244 A5 7 Accuracy/ % mlIoU/% MPA/% F1_score/% Parameters/M
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