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Defect recognition for steel bridge based on convolutional neural

network and transfer learning
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Abstract: In view of the low efficiency and accuracy of steel bridge defect recognition, a steel
structure apparent defect identification method based on deep learning was proposed. In this
method, convolutional neural network Inception-v4 and transfer learning were combined, and two

training methods of feature extraction and fine-tuning in transfer learning were used to obtain two

W7 B H#9:2021-02-19

ELWB K518 i 2 5 S RHEI H (2018-29) 5 B K 3 S0 & 115135 H (2018 YFB1600300,2018 YFB1600301)
EZ B I RN (1975, T LRORM N Bodz, WL WF5EE T, E-mail: jszhu@tju. edu. en,
BWRAESE: T35 (1981 L& ZRIEW A, JFIl . E-mail : 307883240@ qq. com,



% 34

KEANVE L A TFARAZ R KIS T R E TR 53

models, and an original Inception-v4 model was trained for comparison. Firstly, 656 images of
steel bridge diseases were collected, including 176 images of coating deterioration, 173 images of
corrosion, 151 images of weld cracking and 156 images of intact. The data set was expanded to
3 742 images by rotating, flipping and adjusting contrast. According to the ratio of 8 : 1 : 1, the
training set, verification set and test set were divided. Secondly, 3 365 steel bridge defect images
were used to train and verify the feature extraction model, fine-tuning model and new training
model respectively. The effects of batch-size and learning rate on the training effect of the model
were compared, and the two parameters were optimized. Thirdly, 377 defect images were used to
test these models. The results show that the epoch training time of feature extraction model,
fine-tuning model and new training model was 47. 2, 119. 2 and 121. 8 s, and the test accuracy
was 89.39%, 97.88% and 91. 25%, respectively. Compared with the new training model, the
two models of transfer learning reduce the defect of data, improve the operation efficiency and the
accuracy of defect recognition, but the fine-tuning model can achieve higher test accuracy with
less epoch, which is more suitable for the practical application of steel bridge defect recognition.
5 tabs, 10 figs, 28 refs.
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Fig. 1 Examples of steel bridge image data
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Fig. 3 Image numbers after data enhancement
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Fig. 5 Framework of transfer learning model for steel bridge defect identification
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Tab.3 Training and testing accuracies of models under

different learning rates

e SR | YIGRER R/ 00 | IR/ %
0.100 0 94. 38 80.11
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Tab.4 Accuracies and epoch time of different models
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Fig.7 Accuracy curves and loss curves of three models
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Tab.5 Macro accuracy, macro recall rate and macro F;

values of different models %
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P ES 91. 60 89.42 97.79
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Fig. 8 Confusion matrix of three models
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Fig. 9 Convolution characteristics of corrosion defect samples
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