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[Abstract]

Artists use artistic features of paintings to provide various emotions in paintings. These features may be simply color and
texture, but they can move on to form a composition or a symmetry. Through these features, people can feel various emotions
when enjoying paintings. Even though they are using these features, there are paintings that are not readily accessible to
non-extractable experts. This is because the analysis of features is not intuitive. In this paper, we want to produce content that

matches paintings and music. This helps user to understand painting easily with paintings and matched music.
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