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A Music Generation Method for Shaking Mobile Phones Based on
Machine Learning Classification Algorithms

LIN Qiaomin, YAN Chengcheng, ZHANG Taiguo
(College of Educational Science and Technology, Nanjing University of Posts and Telecommunications , Nanjing 210023, China )

Abstract: Music enlightenment education plays an important role in shaping children’s personalities, improving their listening and memory
skills, and enhancing their aesthetic abilities. To this end, design a teaching aid method that is easy for children to learn music. By processing
the data from the built—in sensors of smartphones, different angles of shaking are distinguished into different notes, and then continuous shak-
ing is used to achieve the effect of playing simplified music. Select an acceleration sensor to reflect the directional changes of the phone’s move-
ment in space. To improve the accuracy of action recognition and real-time feedback , machine learning is used to train a sensor data classifica-
tion model and optimize its parameters. The experimental results show that the model recognition accuracy can reach over 95%. After integrat-
ing the mobile application into the classification model, through continuous design iterations, especially the introduction of the human ma-
chine music collaboration mechanism, the shaking test data feedback is timely and 100% accurate for recognition. Users can easily shake their
phones to accurately play the note sequence in the simplified music score.
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Fig.1 Space coordinates and musical scale distribution
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Fig.2 Model training module design
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Table 1 Matching accuracy for 7 different action
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Table 2 Matching accuracy for 7 different actions after initial optimi-
zation
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Table 3 Data sequence for action 1 of group 11
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5 0.230 777 —-2.896 847 1.651 848
6 0.192 059 -1.908 278 -1.067 325
7 0.167 545 -0.230 824 -0.060 375
8 -0.518 895 0.854 473 -0.960 262
9 0.184 169 1.064 102 -0.264 194
10 0.188 785 0.448 473 0.582 900
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Fig. 3 Line chart for action 1 of group 11
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Fig. 4 Line chart for action 2 of group 11
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Fig. 5 Line chart for action 6 of group 11
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