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Image Classification Method Based on Improved Deep
Subdomain Adaptation Network
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Abstract; The deep subdomain adaptation network easily leads to the loss of some important infor-

mation during feature extraction,and ignores the overall alignment of the source domain and the tar-

get

domain while aligning local features,thus affecting the classification accuracy. To address these

issues,an improved method based on the deep subdomain adaptation network is proposed. The con-

volutional neural network regularization method is introduced to improve the model’ s generaliza-

tion ability in different cross-domain tasks. Incorporating an efficient channel attention mechanism

into the feature extraction network can extract key information from the input image by capturing

local cross-channel interaction information. The loss function is modified by adding a global domain

adaptation loss constraint which enhances the overall feature alignment effect of the model. Experi-

ments on the domain-adapted benchmark dataset Office-31 show that the improved algorithm im-

proves the classification accuracy to a certain extent compared with the original algorithm,and per-

forms better in cross-domain image classification tasks.
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Table 1 Comparisons of classification accuracy under

different domain adaptation tasks %
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Table 2 Impact of each module on the classification
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