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A Method for Reducing Music Plagiarism Detection Time Based on
K-means Clustering
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Abstract

This paper proposed applying a more practical method for detecting music plagiarism and compared and evaluated the results
experimentally. First, the music is separated into several pieces, music parameters such as pitch and duration are extracted, and the
patterns are collected and vectorized. Music files are classified into several clusters by K-Means clustering using feature vectors,
forming clusters of music with similar characteristics. A similarity check for each cluster is performed using two methods: Edit
Distance and Max Flow. As a result of verifying the practicality of this study by comparing it with the existing proposed method,
the effectiveness of accuracy and reduction of time were confirmed.

Keyword : K-Means clustering, Dynamic time warping, Density-based spatial clustering, Music plagiarism detection
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Elbow Method For Optimal k (data:100)
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Fig. 1. Example of K value used in this study (Elbow graph)
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F 2. CIB D70l WE Het (BMM-Det2| ZA2)
Table 2. Changes according to different parameters (for BMM-Det)

RelativeDuration RelativePitch MaxMatch DownBeat NoteDistance Avg Index Acc.

v v 3.24 0.482
Y Y 5.0 0.586
v v \Y 5.17 0.586

\Y% v v 2.31 0.689
Y \ Y% v v 2.28 0.690
v \ \Y 2.93 0.689
v v Y Y 2.79 0.758
v v Y% v 2.17 0.827
Y Y Y% Y Y 2.14 0.827

T 3. CISt 070 M= Accuracy?t Average Index@| 3} (2 =22| Z9)
Table 3. Changes in Accuracy and Average Index according to various parameters (for this study)

RelativeDuration RelativePitch MaxMatch DownBeat NoteDistance Avg Index Acc.
\ Y 1.233 0.8
\% \% 1.9333 0.8
\% \% Y 1.8666 0.8
\ \% \ 1.0666 0.8
\Y Y \% Y \ 1.0666 0.8
\% \Y Y 1.1333 0.8
\% \% \% Y 1.1333 0.8
\Y Y \% \ 1.0666 0.866
\% \Y% v \ \ 1.0666 0.866
S GAMA AALY A A7k BjA] 7R =R 4. TAKY AAL g 7H9| Accuracy2t EA AlZh H|w
- Table 4. Accuracy and measurement time comparison between sim-
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