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Enhancing Pitch Class Profile for Music Chord Recognition Using Convolution Neural Network
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Abstract

Chords are various notes sounding at the same
time. Chord detection is a quite complicated task which
needs skillful persons. So, there are many studies
investigating chord recognition in order to detect chords
automatically. PCP is a popular method used for chord
recognition, but it is not quite good for chord classification
since it is unable to remove non-harmonic signal
effectively. This study aimed to extend PCP to solve its
limits by proposing the methods of learning feature by
feature extraction and classification together. This article
consists of 2 steps. The first is to use PCP and add the
process of chord filter according to chord filter working.
The second one is learning feature on PCP with chord. The
results revealed that Chord Recognition through PCP with
chord filter and Convolution Neural network showed
higher accuracy value than PCP with no chord filter 2.1%.
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Algorithm Separating PCP with 7 major chord filters
Input : Pitch class profile PCP (1x12)

Output : 7x12 matnx that called 2D-PCP

%G C=DD=EF F=G G=A A=B
Ideal PCP=[1 000100100 00;%C
00100010010 0;%D
00001000100 1;%E
10000100010 0;%F
00100001000 1;%G
01001000010 0;%A
00010010000 1;%B
E
For eachIdeal PCP_I€ Nchord do
PCP = min(PCP Ideal PCP)
2D-PCP.append(PCP,_ )

End for
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