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A Transformer Model based on Multi-scale Features to Improve
the Performance of Sound Event Detection
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Abstract

We propose a method that utilizes multi-scale features for sound event detection. We employed a feature-pyramid
component in a deep neural network architecture based on the transformer encoder that is used to model the time
correlation of sound signals owing to its superiority over conventional recurrent neural networks. The proposed
method is motivated by the idea that the multi-scale features will make the network more robust against the dynamic
duration of the sound signals depending on their classes. We conducted experiments using the DCASE 2019 Task 4
dataset to evaluate the performance of the proposed method. The experimental results show that the proposed method

outperforms the baseline neural network without multi-scale features.
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Table 1. Comparison of event-based SED results on
validation data between baseline Transformer model and
multi-scale transformer model

Validation data
Baseline transformer | Multi-scale transformer

F-score(%) | ER | F-score(%) | ER

without post processing
NEB-=1 25.36 2.37 27.30 244
NEB=2 28.77 2.31 2820 2.33
NEB=3 2541 2.33 28.08 2.30

Average 26.51 2.34 27.79 2.35

Relative

improvement - - 48% 0%
with post processing

NEB-1 35.44 1.32 37.12 1.26

NEB=2 38.14 1.30 3791 1.27

NEB=3 3547 1.33 3764 1.26

Average 36.35 1.32 37.50 1.27

Relative

improvement N - 32% 6.2%
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Table 2. Comparison of event-based SED results on
evaluation data between baseline transformer model and
multi-scale transformer model

Evaluation data
Baseline transformer | Multi-scale transformer

F-score(%) | ER | F-score(%) | ER

without post processing
NEB-1 29.68 1.80 33.13 1.75
NEB=2 34.89 1.69 33.83 1.69
NEB=3 29.29 1.76 35.81 1.61
Average 31.29 1.75 34.26 1.68
imsg\?g;/neent - - 5% &
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