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[ Abstract] For patent image classification problems of Guangdong province in image retrieval system, A convolution neural
network method in the deep learning is researched and implemented. The designed convolution neural network is made of four
convolution layers, two pooling layers and two complete connection layers. In the convolution neural network, each feature mapping
layer is the linear combination of the last part feature mapping layers. And the whole neural network adjusts the weight parameters
and the bias by the back propagation algorithm and automatically completes the study task. The patent image classification

experiment shows that the average classification accuracy can reach 90% by this method.
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Fig. 1 CNN model
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Fig. 2 Partial samples
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Fig. 3 Accuracy of CNN classification
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Tab. 1 Comparision of CNN, NN and SVM classification methods

Class SVM NN CNN
Bed 0.96 0.97 0.99
Cabined 0.94 0.94 0.96
Chair 0.87 0.86 0.88
Messagechair 0.81 0.78 0.82
Mirror 0.91 0.93 0.93
Sofachair 0.70 0.72 0.76
Stool 0.93 0.96 0.97
Svivelchair 0.93 0.94 0.99
Table 0.83 0.82 0.86
Woodenchair 0.95 0.96 0.99
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