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Acoustic scene classification based on multi-resolution
time-frequency feature fusion

YAO Kun, YANG Jibin, ZHANG Xiongwei, ZHENG Changyan, SUN Meng
(Army Engineering University, Nanjing 210007, Jiangsu, China)

Abstract: Acoustic scene classification is one of the most difficult tasks in computer hearing. It is difficult to achieve good
classification performance by using basic convolutional neural network structure under the condition of single feature. To solve
this problem, this paper proposes an acoustic scene classification scheme based on time-frequency feature fusion and mul-
ti-resolution convolutional neural network. In the model design, a multi-resolution pooling scheme is adopted to construct a
multi-resolution convolutional neural network, which can better adapt to the time-frequency structure of feature extraction. In
the feature extraction, the Log Mel-band energies of low level envelope features and the non-negative matrix decomposition
coefficient matrix of high level structure features are fused into three dimensional features to input the classification model.
Training and testing are carried out on the development data sets of the acoustic scene classification and event detection chal-
lenge in 2017 and 2018. The experimental results show that the classification accuracy of the proposed scheme is 7.5% and
10.3% higher than the classification accuracy of the baseline system respectively.

Key words: acoustic scene classification; multi-resolution convolutional neural network; time-frequency feature fusion;
time-frequency structure; non-negative matrix factorization
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Fig.1 Block diagram of voice feature extraction and model classification system
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Flatten Flatten Flatten
Concatenate

Dense(100) -Relu- Dropout(0.5)
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Table 3 Classification results on DCASE2017 dataset

5 I3 FHRELI%
LME LME+NMF

i 82.70 84.60
NIRE 85.60 96.80
MR R 59.60 61.20
RE 96.80 95.80
i 92.90 94.60
ARIE 92.60 89.70
[ERgs 85.30 83.70
£ 74.00 67.90
B 65.40 73.40
H Kk 92.30 90.10
INAE 92.30 98.10
NI 76.30 80.10
fFEX 73.70 68.30
KT 60.60 72.40
HLZE 80.10 78.20
¥4 80.70 82.30

<4 DCASE2018 #iig&E FM D HLER
Table 4 Classification results on DCASE2018 dataset

55 I3 FE %
LME LME+NMF

G187 74.70 75.80
ANIRE 63.60 62.40
ik 60.20 65.10
A 68 71.80
AT 84.30 86.80
I % 50.00 48.60
T 71.70 74.90
AT 60.30 55.90
N 85.00 87.40
HLZE 65.50 70.90
T 68.30 70.00
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