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ABSTRACT

The butterfly species recognition technology based on machine learning using images has the effect of reducing a lot
of time and cost of those involved in the related field to understand the diversity, number, and habitat distribution of
butterfly species. In order to improve the accuracy and time efficiency of butterfly species classification, various features
used as the inputs of machine learning models have been studied. Among them, branch length similarity(BLS) entropy or
color intensity entropy methods using the concept of entropy showed higher accuracy and shorter learning time than other
features such as Fourier transform or wavelet. This paper proposes a feature extraction algorithm using RGB color
intensity entropy for butterfly color images. In addition, we develop butterfly recognition systems that combines the
proposed feature extraction method with representative ensemble models and evaluate their performance.
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Table. 1 Categorization of pixels according to color
intensity

Category Intensity
1 0~ 31
32~ 63
64~ 95
96 ~ 127

2
3
4
5 128 ~ 159
6
7
8

160 ~ 191
192 ~223
224 ~255
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Fig. 3 patch partition sample
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