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Abstract

At present, quality education is more and more valued, and music education as a representative of
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quality education is also more and more concerned. But music education is greatly limited by ar-
tificial educational resources. The help of artificial intelligence in music education is the process
of signal type conversion from the perspective of computer. For example, for scholars to play pi-
ano, it is necessary to convert the piano signal to a specific digital signal and compare it with the
real spectrum to correct errors, so as to identify the phenomenon of wrong sound and wrong rhythm
and correct it in real time. This standardized technical process is called Automatic Music Tran-
scription (AMT). The algorithm comprehensively makes use of digital feature representation me-
thods such as harmonic constant Q transformation and CFP. It converts the original music signal
into a spectrum chart as a feature input of the network structure. It improves semantic segmenta-
tion model DeepLabv3+ and incorporates U-Net’'s U-shaped structure to transcribe multi-instrument
music. The algorithm achieves good performance on piano music MPAS datasets.
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Figure 1. Semantic segmentation network model
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Figure 2. Semantic segmentation network model details
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Figure 3. Encoding block structure
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Figure 4. ASPP structure for music transcription model
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Table 1. Experimental results of C-MPE based on MAPS
& 1. &ET MAPS #iE5EH) C-MPE SLIE4ER
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CHR[9] 91.93 75.21 81.44
z 87.52 87.74 87.92
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Figure 5. C-MPE experimental training process based on MAPS
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Figure 6. Model prediction results
6. RBFUMEER

X+ C-MPE SZiG 45 R, BIAEEN S22 AT A 1 S 5 AR, 12 B 558 i mp K 22 M0 719 AT e % 4 Ll
W, JF AR Re a8 LU p Al S e A T R S AR AN 45 TR [A]

4. BEE

ARSCHETIEBE L Q B A, ik T DeepLabV3 i SUAr#I 4%, H& H—Fiuli (135 S B
R TR R G R, DS 7 RIFFECR . SCIRUEY], 205 EA Ruk e 7 =& R A RS
5, b 7 HATE R E R E A

MEHE R MRRERAE, KRR FNEENTNACAE L, #24 TNEFHA W5
G RE R RO RVENE, TEIRSEELAE, BHAS TSR 1Dl e, RG] TR 2 I I
N R P S

ARSCRAETC T I AN TR BEROAR, TR IR . WriEsf 228 2>, IRBIAR
BT . CETTZET AR LR, AT HP AR, NSRS F AR BRI . BRI
EERs

ARSCH AT KBS HAETHAURERULES, R RIE AT A5 8T 2 (& ARARAE, PRS2 i, I A
8, —J7IA LA DR A RE, 51— T IO ERE ARSI IR EE R E A B N AR . N
BECTHRITIT — DBt A, AHLas >0 BRI EE, BT RRE L X RS H S HrHERL 1 &
Wi SE AR, R R WX AR BOR it KRR ST 32 2o

s

DOI: 10.12677/airr.2022.114037 354 PNER ST IR YN


https://doi.org/10.12677/airr.2022.114037

3
&

E&WmE

WAL 208 TR R T B(D20192401)

&5k

(1]
[2]

(3]

(4]

[5]

(6]

(7]
(8]

(9]

[10]

Klapuri, A. (2006) Introduction to Music Transcription. In: Klapuri, A. and Davy, M., Eds., Signal Processing Methods
for Music Transcription, Springer, Boston, MA, 3-20. https://doi.org/10.1007/0-387-32845-9 1

Wu, Y., Chen, B., Su, L., et al. (2018) Automatic Music Transcription Leveraging Generalized Cepstral Features and
Deep Learning. International Conference on Acoustics, Speech, and Signal Processing, Calgary, 15-20 April 2018,
401-405. https://doi.org/10.1109/ICASSP.2018.8462079

Sigtia, S., Benetos, E. and Dixon, S. (2020) An End-to-End Neural Network for Polyphonic Piano Music Transcription.
IEEE/ACM Transactions on Audio Speech & Language Processing, 24, 927-939.
https://doi.org/10.1109/TASLP.2016.2533858

Peters, G. (2006) Music Pitch Representation by Periodicity Measures Based on Combined Temporal and Spectral Re-
presentations. International Conference on Acoustics, Speech, and Signal Processing, Toulouse, 14-19 May 2006,
53-56.

Su, L. and Yang, Y. (2015) Combining Spectral and Temporal Representations for Multipitch Estimation of Polyphon-
ic Music. IEEE Transactions on Audio, Speech, and Language Processing, 23, 1600-1612.
https://doi.org/10.1109/TASLP.2015.2442411

Chen, L.C., Papandreou, G., Kokkinos, 1., et al. (2018) DeepLab: Semantic Image Segmentation with Deep Convolu-
tional Nets, Atrous Convolution, and Fully Connected CRFs. IEEE Transactions on Pattern Analysis & Machine Intel-
ligence, 40, 834-848. https://doi.org/10.1109/TPAMI.2017.2699184

Lu, W.T. and Su, L. (2018) Vocal Melody Extraction with Semantic Segmentation and Audio-symbolic Domain
Transfer Learning. Proceedings of the 19th ISMIR Conference, Paris, France, September 23-27, 2018, 521-528.

Thickstun, J., Harchaoui, Z., Foster, D., et al. (2018) Invariances and Data Augmentation for Supervised Music Tran-
scription. International Conference on Acoustics, Speech, and Signal Processing, Calgary, 15-20 April 2018 2241-2245.
https://doi.org/10.1109/ICASSP.2018.8461686

Chen, L.-C., Papandreou, G., Schroff, F., et al. (2021) Rethinking Atrous Convolution for Semantic Image Segmenta-
tion.

Hawthorne, C., Stasyuk, A., Roberts, A,, et al. (2018) Enabling Factorized Piano Music Modeling and Generation with
the MAESTRO Dataset.

DOI: 10.12677/airr.2022.114037 355 PNER ST IR YN


https://doi.org/10.12677/airr.2022.114037
https://doi.org/10.1007/0-387-32845-9_1
https://doi.org/10.1109/ICASSP.2018.8462079
https://doi.org/10.1109/TASLP.2016.2533858
https://doi.org/10.1109/TASLP.2015.2442411
https://doi.org/10.1109/TPAMI.2017.2699184
https://doi.org/10.1109/ICASSP.2018.8461686

	人工智能语义分割技术在钢琴教育中的应用研究
	摘  要
	关键词
	Application of Artificial Intelligence Semantic Segmentation Technology in Piano Education
	Abstract
	Keywords
	1. 引言
	2. 基于语义分割网络的自动音乐转录方法
	2.1. 方法概述
	2.2. 音乐特征提取
	2.3. 语义分割转录模型

	3. 实验与分析
	3.1. 实验数据集和环境
	3.2. 实验评价标准
	3.3. 实验过程和结果分析

	4. 总结
	基金项目
	参考文献

