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Disease Classification and Identification of Reinforced Concrete Bridges based on Improved MobileNetV2
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Abstract: In order to timely and effectively detect bridge diseases, overcome the inherent defects of the current manual visual
inspection method in disease investigation, which is time — consuming, laborious, easy to cause potential safety hazards, and
easily affected by subjective factors, so as to provide preconditions for targeted bridge management, an intelligent method which
is suitable for mobile disease image recognition is proposed. While keeping the width of the original MobileNetV2 network model
unchanged, by reducing the number of bottleneck modules and embedding the Squeeze and Excitation channel attention
mechanism in the bottleneck module, the correlation between channels is established, so that the network can learn and utilize
the relationship between feature channels more effectively. The results show that the accuracy of image recognition is improved,
after two improvements in the network model of reducing bottleneck module and embedding channel attention mechanism, the
recognition accuracy of 98. 78% is achieved, which is 2. 85% higher than before the improvement and the computational cost is

also reduced by 23.02 M; The improved network model is introduced into the GUI interface of Matlab, and the code is
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visualized as a bridge disease identification system that can be used independently, which provides convenience for the efficient

identification of four bridge diseases: efflorescence, steel corrosion, cracking and holes.
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Fig. 1 Examples of bridge diseases image
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Fig.2 Example of image transformation
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Fig.3 Comparison of model performance
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Table 1 Comparison of models
] ZHE/M MRA/NMb  HEBES %
MobileNetV2 2.2 13.0 94. 39
GoogleNet 5.9 27.0 90. 04
ResNetl18 1.1 44.0 91.17
SqueezeNet 0.7 5.2 91.58
ShuffleNet 0.9 5.2 88.35
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Fig. 4 Inverted residual block
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Fig. 5 The detail network structure of improved Bottleneck module

=2 ¥ MobileNetV2 W& g4 ")
Table 2 The network structure of improved MobileNetv2 (s

B A RdpmEER mEWRE
Convolution 2247 x3 32 1
Bottleneck 1122 x32 16 1
Bottleneck 1122 x 16 24 2
Bottleneck 56% x24 32 3

Bottleneck — SE 287 x 32 64 4
Avgpool HxWxC Cc
FC 1 xC C/r
(SE) ReLU 12 xC/r C/r
FC 12 xC/r c
Sigmoid 1’xC C
Bottleneck 147 x 64 96 2
Bottleneck 14% x96 160 3
Bottleneck 72 x 160 320 1
Convolution 7% x320 1280 1
Avgpool 7% x 1 280 1
FC 17 x1 280 k
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Table 3 Influence of different data pre — processing
methods on model accuracy

b B Bk H Dy HE/ %
1 On - Resize (224, 224) 94. 39
2 Off — Resize (224, 224) 93. 50
3 On — Resize (224, 224) +RRO 91.09
4 On — Resize (224, 224) +RRE 95.93
5 On - Resize (224, 224) +RSC 95. 36
6 On - Resize (224, 224) +RRO + RRE 94.75
7 On — Resize (224, 224) +RRO +RSC 92. 11
8 On — Resize (224, 224) +RRE +RSC 95. 49
9 On - Resize (224, 224) +RRO +RSC + RRE 94.34
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Table 4 Comparision of model performance by different
number of Bottleneck block
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MobileNetV2 (4) 95.26  95.30  95.33  95.31
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Fig. 6 Confusion matrix
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Table 5 Comparison of model performance by different
improvement methods
- ZHcR R W% ERER
B "
/M /M JZHL /%
MobileNetV2 (3555 ) 2.2 318.96 154 95.93
W — MobileNetV2 2.2 318.96 154 95. 66
W — MobileNetV2 (5) 2.1 295. 62 145 97.97
SE — W — MobileNetV2 (5) 2.3 295.94 178 98.78
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Fig.7 Display diagram of identification system
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