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Abstract

CNN (Convolution Neural Network) is one of the most important techniques to identify the kind of objects in the captured
pictures. Whereas the conventional models have been used for low resolution images, the technique to recognize the high
resolution images becomes crucial in the field of artificial intelligence. In this paper, we proposed an efficient CNN model based
on dilated convolution and thresholding techniques to increase the recognition ratio and to decrease the computational complexity.

The simulation results show that the proposed algorithm outperforms the conventional method and the thresholding technique
enhances the performance of the proposed model.
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Fig. 2. Examples of original pictures and the reduced pictures containing cells, (a) high resolution picture containing the cells, (b) high resolution
picture containing the cells, (c) low resolution picture containing the cells, (d) low resolution picture containing the cells
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Table 1. Comparison between recognition ratios and consumed learn-
ing times for various algorithms
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Fig. 12. Examples of cancer cell pictures and the preprocessed pictures for four cancer types
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Table 2. Recognition ratios for cell types in CNN model based on dilated convolution and thresholding process

Type recognized by using the proposed system
Ascus Inflammation RCC Normal
Ascus 72.1% 18.7% 3.1% 6.1%
Original Inflammation 19.1% 78.3% 0.7% 1.9%
Type of
Cell RCC 10.3% 16.5% 67.7% 5.5%
Normal 20.1% 10.6% 3.8% 65.5%
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Fig. 13. Pictures resulted from the preprocessing module with various threshold values
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Table 3 Recognition ratios according to threshold values
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