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Channel Attention Multi-Branch Network for
Fine-Grained Image Recognition
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Abstract The content of fine-grained image recognition research is the problem of sub-category recognition under
broad categories. The key is to find the key regions in the image and extract effective features from them. Aiming at
the problem that the existing methods cannot balance the accuracy and the amount of calculation when locating key
areas, a multi-branch network that introduces an efficient channel attention module is proposed in this paper. First,
the channel attention is introduced on the basis of the recurrent attention convolutional neural network to locate the
target position in the image. Then, the traditional convolution operation is replaced with depthwise over-
parameterized convolution, which increases the parameters that the network can learn. Finally, the advanced
attention part module is used to cut out multiple image key area components to capture rich local information.
Experimental results show that the method has a better recognition effect in weakly supervised situations, and the
recognition accuracy rates on the two commonly used fine-grained datasets Stanford Cars and Food-101 are 95.4 %
and 90.6% , respectively.

Key words image processing; fine-grained image recognition; channel attention; depthwise over-parameterized
convolution; convolutional neural network
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Fig. 1 Structure of the RA-CNN
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Table 1 Ablation experimental results of our method on

different datasets unit: %
Method Stanford Cars ~ Food-101
Without ECA sub-network 94. 8 88.5
Without DO-Conv 95.2 89.8
Without AAPM 92.5 85.4
Ours 95.4 90.6
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Table 2 Experimental results of different methods on

Z

the Stanford Cars dataset unit: %
Method Added training  Accuracy

Bilinear-CNN(2015) X 91.3
RA-CNN(2017) X 92.5
HS-Net(2017) N 93.8
AAA Model (2019) N, 95. 4
MMAL(2020) X 95.0
Ours X 95.4
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Table 3 Experimental results of different methods on

the Food-101 dataset unit: %
Method Added training  Accuracy
Bilinear-CNN(2015) X 84.7
WISeR(2018) X 90. 3
FPCNN(2018) X 87.9
FCA(2019) N/ 86.3
Ours X 90. 6
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