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Time-Frequency Representations for Improving Environmental
Sound Classification with Deep Learning Models
Moon-Ki Backs, Hyoung-Seop Shimy¥

[

o

HeHAEE didez 3 A, 39 AHAEZ AN $A] Fue £H A WE HE3%
ConvNeXt 2do] 87.16%<] 7 AL 7531901, o= 7|&E W2 o] 1.7%<] A

% 38 TAoA e 23 F-EE Aot Aloldll &7t v HEo R Q) R H3lew, oF A
a7] el F7F AR 229 AALEIE B AFE SATE HoHAES #&s= ove #d A

A HEYd B A5e AT sFsAES AAEH, e A #E S8 ZEA 288 F Us AL
2 7]di3ic)

Abstract

Spectrograms are widely utilized in audio signal processing research to effectively analyze the
magnitude of frequency components but they are limited in representing time-varying phase information.
To overcome this limitation, this paper explores a time-frequency representation that combines Power
Spectrogram (PS) and Instantaneous Frequency (IF) features and validates its effectiveness through
environmental sound classification tasks using various deep learning architectures. Experiments on the
ESC-50 dataset demonstrate that ConvNeXt model, leveraging the vertical integration of PS and IF,
achieves a classification accuracy of 87.16%, reflecting a 1.7% improvement over conventional methods.
The confusion matrix analysis reveals that misclassifications often occur for water-related sounds and
sirens, as they exhibit highly similar time- frequency patterns, making them challenging to distinguish.
This study highlights the potential of the proposed approach to enhance the performance of deep learning
models in audio-related tasks, particularly for small- to medium-scale datasets and anticipates broad
applicability in sound-related applications.
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Fig. 2. Visualization of the power spectrogram(top)



2024 122

_QE
H
B
K
Im

AoAgEtete ==X H20H M4

Power
Spectrogram

Harizantal

Concatenation

Waveform :
Vertical
Concatenation

x[n]

Instantaneous
Frequency

Depth
Concatenation

Backpropagation

Backbone Network
BC=)

MLP
a(-

L(y,y)

T8 3 HotstE AlZ-FES EW 28 2 Ead 29 sta B

Fig. 3. Proposed time-frequency representation concatenation and deep learning model training procedure

[e]

=
T

2] doly &l
N

el

7

<)}

=y
Yy

1A

NS a2y =2

o) 7] ¥ <= (parameter) =
gga F)9F C)2l
Atk

P

o

- L ~(k)
Ly.9) =Y _y"logy
k

oM Adwe W A

O E
= &°

oz g on, FO)= ols& 54

A

2o 99
x[n]& HC, VC, DCY] 3714 Alb-F34 19

7 B2, HC$}

3714 A5

el

o] Biolnz, F7b

93 RIMHS

ol
-

of MAMFES ko] deolER o] Fof3 o]
EAE D= ()] ol dhated, 2 wlole] xz-
H oAz 0@ £ @ ge 24 g4
(objective function)ell @& 3dle] H 2317} o] Fof

.

02
o 0o

X

fm e
o

JH
&l

—

Zlo

=
otk m3h WA dolHAEE 57)
Ffold) &2 rolx] ol wat
S8l 7 Adte] 2lF]
d St U4, 7 B O
3] PS, [F2 Wdltal= HA e

= =

to 1o

1
A

RS\

- 237 -



DINDWZ-H

Jg 4 ots Tdol e 24z 2 F1 () et gl

Fig. 4. Comparison of loss(left) and F1 scorel(right) changes during training progression

FestAt) PS+ 215 ms @9 ZE, [F& 28.7 ms
welz Zede olFs DIFTE Fashe,
o]F MY KM B 224x224 719

Vision TransformerE XEF il¢]3d}
ALL VEYAE o8 ujd 2]
5 o]2 ResNet[16]¥} v]aa
4t ConvNeXt[17]8 A3, EdHxEH
o YIEEHA A ofg] G4 - 2ol
2] 220]= SWIN Transformer[18]¢} Wjgh ]
delHE AR Shssste] 7] Z(foundation)
wdz 28] 22 DINOV2[19]1E X743ttt
ESC-50 AudioSet? #-2& tiif= dlo]H Al
Eof Hlg| FoiAom 7t 2] wZel, $A
92 ImageNet[20]8 AF&3] A}
sto] A Zb-Fuk 99 S5 &
g2 AdamW[21]E AF-&-3]
133 (learning
rate)< 0.001. #lX] Z7|(batch size)= 32
&t ol £=(epoch)= 2002 A5}

ol £ 2 md ox

A

=~ =
i, gFE
AA
=] A~
Easy

stirel ool ®
S ARnE 54
Hake 299 9]

"3} (generalization)

il

Y
o HZ
d

fll

=
m o &% o o

] mgé ta
o

o W 2 o oz o
hincs

SRt

=



202414 128 BRATEYOIZTHIISE| =X M202 H4s

E 1. AZ-Fus

Folof e Hald ZEo

o=

372 22 Mt ou|q

e o o

Table 1. Comparison of classification performance of deep leaming models for environmental sounds using

three time-frequency representations
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