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Tempo-oriented music recommendation system based on human
activity recognition using accelerometer and gyroscope data
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ABSTRACT: In this paper, we propose a system that recommends music through tempo-oriented music classification
and sensor-based human activity recognition. The proposed method indexes music files using tempo-oriented
music classification and recommends suitable music according to the recognized user’s activity. For accurate
music classification, a dynamic classification based on a modulation spectrum and a sequence classification based
on a Mel-spectrogram are used in combination. In addition, simple accelerometer and gyroscope sensor data of
the smartphone are applied to deep spiking neural networks to improve activity recognition performance. Finally,
music recommendation is performed through a mapping table considering the relationship between the recognized
activity and the indexed music file. The experimental results show that the proposed system is suitable for use in
any practical mobile device with a music player.
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Table 1. Tempo-oriented automatic music classification
results.

Methods Recognition accuracy
Modulation spectrum (MS)-CNN 88.3 %
Modulation spectrum (MS)-LSTM 88.7 %
DCL 91.6 %
SCS 74.4 %
Ensemble (DCL+SCS) 95.2 %
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Table 2. Automatic human activity recognition results.

Recognition accuracy
Methods
Accelerometer | Accelerometer + Gyroscope
CNN 90.4 % 92.7 %
ResNet-50 91.5% 93.6 %
DSNN 953 % 98.3 %
Predicted class
VF F M ss S Vs
VF 186 3 0 0 0 0
F 10 193 3 2 0 0
Actual | M 4 3 242 6 0 0
class SS 0 1 5 189 5 6
s 0 0 0 2 238 5
Vs 0 0 0 1 7 189

VF: Very Fast, F: Fast, M: Medium, SS: Slightly Slow, S: Slow, VS: Very Slow

Fig. 6. Confusion matrix of human activity recognition.
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