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Comparative evaluation of image classification methods
ZHOU Yuhang', CHE Mingliang' , WANG Xiaowen>, CHAO Zhenhua', ZHANG Chi', YU Yanghong'

(1 School of Geographic Science, Nantong University, Nantong Jiangsu, 226000, China;
2 Nantong Urban Planning and Design Institute Co., Ltd., Nantong Jiangsu, 226004, China)

[ Abstract] There are many kinds of existing image classification methods, but there has been a lack of research on the evaluation
of image classification methods. Therefore, different data sets are selected to evaluate and analyze the representative image
classification methods. Image classification methods to be evaluated include the active learning ( HOG -SVM, SqueezeNet and
SimpleNet ) and the inert learning ( KNN and OTSU-KNN ). The results show that; (1) The active learning has higher
classification accuracy than the inert learning, and has better generalization ability in image classification with complex texture
features. In terms of time efficiency, the running time of the active learning is significantly shorter than that of the inert learning, and
the dependence of the former on data size is far lower than that of the latter. (2) For the two classification methods, the complexity,
definition and number of texture features of images will affect the classification accuracy. In addition, the parameterization scheme
also has a significant impact on the classification accuracy.
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Fig. 1 Examples of data sets
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Fig. 2 Accuracy comparison of each classification method
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Fig. 4 Comparison of running time of each classification method
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Fig. 5 HOG feature comparison between two datasets
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