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Dam Defect Recognition and Classification Based on Feature Combination and CNN
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Abstract Dam defect recognition and classification technology is the basic manifestation of human intelligence. It is one
of the most typical and difficult pattern recognition problems. Due to the low signal-to-noise ratio and extremely uneven
illumination distribution of dam defects,the recognition rate of classification and recognition algorithm is relatively low.
In order to solve these problems, this paper proposed a defect image recognition method based on the combination of ima-
ge LBP features and image Gabor features combined with CNN(LBP and Gabor feature combination and CNN, LG-
CNND) ,analyzed the collected dam image,and realized the recognition and classification of the defective images. Firstly,
the LBP features and the Gabor features of images are extracted respectively. Then,the features of LBP and Gabor are
combined to be the input of CNN. Finally, by training the network layer by layer, the classification and recognition of
dam defects are realized. The experimental results show that the average recognition accuracy of LG-CNN is 88.39% ,
as well as the recall rate of defect is 92. 75%. Compared with the CNN classification algorithm under the same parame-
ters, the recognition accuracy and the recall rate of defect are increased by 3.1% and 2. 5% respectively,and the results

is the best results.
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Table 2 Parameter settings of LG-CNN model training
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Fig. 4 Defect recognition result map
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Effect of convolution kernel parameter setting on training

error of CNN network
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3 4 13.31 12.26 11.97
3 6 11.53 11.58 11.19
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5 5 11.13 10.57 11.16
7 2 12.98 14.75 30.70
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7 6 10. 83 10. 36 11. 35
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Table 7 Effects of different batchsize on training results
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error/ % 3.53  4.86 7.80 11.13
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Fig. 6 Accuracy changes in LG-CNN training process
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Table 8 Comparison of accuracy rates and recall rates of various

classification algorithms
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Table 9 Average recognition rate of different recognition algorithms

on defects
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AdaBoost 87.75 90.70 82.30 81.21 90. 50
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