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Image Classification Based on Image Fusion and Attention Mechanism
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Abstract: As a key task in the field of computer vision,image classification is of great significance in many application
scenarios. Aiming at the accuracy and robustness of image classification, a classification method based on image fusion
and attention mechanism is proposed. Firstly, ResNet-152 is selected as the basic model of image classification,and the
public data set is preprocessed. In the feature fusion stage,three parallel branches are used,and convolution kernels with
different sizes are used to extract features. Then, the attention mechanism is introduced after the residual network
structure ,and the Gram matrix, average pooling and maximum pooling are integrated to highlight the areas where the
model is beneficial to classification. In the experimental stage,through a large number of experiments on public image
data sets,the results show that the proposed method has a good effect in practical application, and the classification
accuracy has increased from the initial 96.68% to 98.87%. In addition, compared with traditional methods, it has better
robustness. Therefore, this study provides an effective improvement method for the field of image classification,which has
a wide application prospect.

Key words :image fusion, attention mechanisms,deep learning,image classification, convolutional networks
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Table 1 Performance comparison of each network model on ImageNet dataset

Pl S llfm RS MiSE
BB BB
IAT]ES PRME {37303 PIRAE AT ES PRME G PIRAE

LeNet 0.732 0.760 0.743 0.751 Inception V3 0.958 0.259 0.914 0.482
AlexNet 0.842 0.288 0.767 1.711 ResNet-18 0.962 0.199 0.908 0.469
VGG-16 0.952 0.132 0.873 0.961 ResNet-34 0.971 0.183 0.919 0.458
VGG-19 0.966 0.180 0.891 0.831 ResNet-50 0.970 0.184 0.921 0.432
GoogleNet 0.969 0.181 0.921 0.587 ResNet-101 0.973 0.185 0.922 0.429
Inception V2 0.948 0.195 0.908 0.491 ResNet-152 0.975 0.169 0.925 0.398
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Fig.2 The proposed image feature fusion mechanism
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Fig.3 Attention mechanism of specific regions
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Fig.4 Two different pooling methods after residual network module
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