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Abstract; To improve image classification accuracy and reduce the training complexity, a image classification
model based on unsupervised learning algorithm and convolution is proposed. Above all, the dataset is com-
posed of randomly extracted image patch of the same size from the input unlabeled images, and the dataset was
pre-processing. Next, the preprocessed image patch is fed into twice K-means clustering algorithm to extract
the dictionary, and the final image feature is extracted by the discrete convolution operation. Finally, the accu-
racy of image classification was obtained by classifying the extracted image features using Softmax classifier.
Compared with the convolutional neural net (CNN) and Dropout CNN. The results shows that the proposed
model has the advantages of high classification accuracy, simplicity, less training parameters and high adapta-
bility for large-scale high-dimensional image classification.
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Fig. 4 Process diagram of 64X 64 size color image extraction feature
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