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an improved Swin Transformer image classification and recognition method to
computational complexity in processing image tasks with the Transformer model. Firstly,

patched image feature map processing method, which greatly reduces computational

complexity and improves model performance. Secondly, by adding a global information exchange module on the basis

of Swin Transformer, the representation ability between cross modal feature information is deepened, and the model can

achieve more accurate image classification accuracy and faster model convergence speed. The results of this experiment

indicate that the classification accuracy achieved by the model on the public dataset ImageNet can reach 84.2%.

Compared to the Swin Transformer image classification method, the improved method has improved classification

accuracy by 2.8% .
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Fig. 2 Swin Transformer Block network structure diagram
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Tab.1 Comparison of parameters

g N swome mcs M
JN Top-1 ACC
DeiT-S 224X 224 22 4.6 79.8
Swin-T 224X 224 29 4.5 81. 4
WG Swin T 224 X224 34 5.2 84. 2
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