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Dog breed identification method based on transfer learning and model fusion

LI Siyao, LIU Yuhong, ZHANG Rongfen
(Institute of Big Data and Information Engineering, Guizhou University, Guiyang 550002, China)

[ Abstract] Dog breed identification research is a typical representative of fine — grained image classification. The accuracy of
recognition is generally low due to the use of traditional image classification and common convolutional neural networks for dog
breed identification studies. This paper proposed a method to combine transfer learning with model fusion. Firstly, the method
extracted features of partial images by using four convolutional network models separately, the two best performing models — -
Inception_v3 and Resnet152_v1, are selected for dual model fusion. The fusion network was applied to the dog breed image for
transfer learning training . For the 120 kinds of dog breed pictures, the network model obtain the accuracy of 93.02% on the
verification dataset. Meanwhile, the testset was targeted by the YOLO object detection algorithm and cropped into the network. The
result shows that the method can further improve the dog species classification accuracy through the model.
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Fig. 1 Inception _v3 network structure diagram
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Fig. 2 Residual learning unit
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Fig. 4 Experiment procedure
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Fig. 5 Model fusion process
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Tab. 1 Experimental comparison of four models

model Train_loss Val_loss
Densenet161 0.11 0.43
vggl6_bn 0.04 0.71
resnet152_v1 0.07 0.30
Inception_v3 0.06 0.32
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Tab. 2 Comparison of results after improving positioning
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Tab. 3 Comparison of experimental results of some methods
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