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Multiple Fundamental Frequency Estimation Algorithm Based on Generative Adversarial
Networks for Image Removal

LI Si-quan, WAN Yong-jing and JIANG Cui-ling
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Abstract Multiple fundamental frequency estimation is widely used in music structure analysis, music aided education,informa-
tion retrieval and other fields. In order to meet the requirements of accurate identification of random chords in music,a multiple
fundamental frequency estimation algorithm based on generative adversarial networks is proposed. Firstly.the complete audio is
divided into note segments,and a homophonic fingerprint is proposed to extract the spectrum characteristics of the note segment.
Then, the current dominant fundamental frequency of the homophonic fingerprint is identified by convolution neural network,and
the identified dominant fundamental frequency is considered as the image that interferes with the next fundamental frequency re-
cognition. Then, the interference image is removed by generative adversarial networks,and the homophonic fingerprint image af-
fected by interference is processed in a new round. Finally, the multiple fundamental frequency estimation of complete chords is
realized by iterative de imaging operation step by step. Experiments on the piano audio database composed of random two tone
chord and random three tone chord are carried out. The results show that,compared with the classical spectrum iterative deletion
algorithm and the large vocabulary chord recognition algorithm, the algorithm in this paper can adapt to the recognition of random
chords,has high robustness in different ranges,and improves the overall accuracy significantly.

Keywords Multiple fundamental frequency estimation, Homophonic fingerprint, Generative adversarial networks, Convolution
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Table 1  Five different convolution neural network structures
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Fig. 9 Column chart of algorithm test results in this paper
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Table 2 Comparison of image removal ability between classical iterative deletion algorithm and this algorithm

Algorithm KF—4H AF4 N N — N INFEZH Nt |
—FFE R B SS 0.47 0. 50 0.67 0.77 0.71 0. 62 0.58
EANEREHRFE N 0.87 0.89 0.94 0.92 0.91 0.89 0.78
EE T Tt ss 0. 44 0.53 0.60 0.72 0.68 0.65 0.58
o E R A XK & 0.61 0.83 0.90 0.88 0.88 0.83 0.79
= FFE AR W SS 0.40 0.49 0.59 0.68 0.66 0.55 0.51
HEAEITAEHE A XH % 0.80 0.84 0.89 0.90 0.85 0.80 0.65
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Table 3 Comparison of recognition accuracy of three algorithms
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