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Abstract: Fine-grained pictures are characterized by variable structure, large background interference, small inter-
class difference and large intra-class difference, so accurate positioning and extraction of discriminant local features are cru-
cial. In this paper, a multi-layer focused convolution network is proposed, which can accurately and effectively focus on
identifying local areas and generating locating regions through the first-layer focused network. According to the positioning
area, the image is cropped and dropped, and then the focus network of the next layer is input for training and classification.
The single-layer focused network is based on the Inception-V3 network and focuses the effective location area through the
convolutional block feature attention module, and location area selection mechanism. Bilinear attention maximum pooling
was used to extract the features of each part. Classification prediction is made. Experimental verification was carried out on
three commonly used fine-grained data sets CUB-2011, Fgvc-Aircraft and Stanford Cars the accuracy of top-1 was obtained
at 89.7%, 93.6% and 95.1%, respectively. Experimental results show that the classification accuracy of this model is higher
than that of the current mainstream methods.
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