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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.

FIAE  AG-Fohe, BAE, 2MERTY, #A Fo, 9o

keywords : Time-Frequency, Environmental Sound, Spectrogram, Instantaneous Frequency, Deep Learning

* ST EARATY AdATd Haedalk 2024.12.03. AAMSE: 2024.12.12.
wr | EHRATY AAv| &Y A QA 2024.12.20.

¥ A A2 A8 A (email: hsshim@Kkisti.re.kr)

- 233 -


http://dx.doi.org/10.29056/jsav.2024.12.24

Hald 2dol SAS £5 45 BAS UH NZ-F04 B
1. B ot 545 FE2T 4 e Aug 7Hol
aTENeH, olF 5T F Ae AT e
agle A7 84 Abele] Fag AE vl AAL SHgol 2 w=¥o] et Ak 2y &
Az Aggomn, ded 4244 49e o] Held(deep leaming) wokel EHE ol @
w8}7) 29 WA oA ARAce] AAAe o HAE SHs7] g IAHQ 945 vHE
g2 Ak Azt H7hE S ol B ohoolm A #F AgelA F Aes H #A4
o|#] ¢k FW 7o W= 1A ste] 9F A = A7 "Hconvolutional neural networks)2 2
s 94T dom, OYdd F2o Sos H E & 79 (spectrogram) &= 2Hdete], 4
E3) Aol AGs7] o]f ¢ JAIAES o] Fo Y (handcrafted) 574 FEHoh dw AATS
W7l= gt Abgate]l &gl dHolHE EAlehe Htol wiS-
2E7F 7HAE ol d 54 #HErls U gAYl dFHATHEL A7l AudioSet[7],
of Fo] st Anj2~E SHAAL dE & ESC-50[8], UrbanSoundSK[9]¢} 22 ti= %
W, A= (hands-free) 717191 FAlE 0L A HolHAEZL g/hE A Qv e ¥ 2]
H-F(audio classification) 7]&2 kel o] o Ssh¥l oy g o] AFE AT
U x5 &4 AoFewH oso] Al e 9oy v S 5 A9 A
ArEES Fe] AE FFAIA L], AsA A S-S A A-FI Ed(time-frequency
FA o FdE 4 AY Ve 43 wmEA & representation)s ®rgkth R #E A
Axte] e & Asto]l WodS w=AG2L F M ME b& A7t 54 Fa dgelA
2o E o1 F A5 (artificial intelligence)®] w2t ol 44 7% (magnitude)’} THE2A YERdTE &
A TheFeh okl 2t Q. HolHAMET T doll 23& go], Bdl ¥ ow g AHE
o =X, &g HolHE &8 4F &% AT 229 (power spectrogram) AR&3IT) B =i
Aol AA oyl A= FAolth tiEAH o oAM= Agkel wet F42] 917 (phase)o] ¥
2, HRI(Human-Robot Interaction) ool A& stete= AEE Held 2dol Alwstr] flske,
AAzel g 58S FEst] s &g ol &= F 3} (instantaneous frequency)$} 39 2
& Z8sta glom[3], Abart Ajsf ek e At HAEZ WY Al M2 xdS AQksta,
314 FAE ARAZI7] A BHoRE ke H thFe 9o BES ARgste] Alokd ol
olHE &3t A4 5lE AAEHL Uk & FAE B A Al mAE dEEE 3ot
3], H]do]H (non-verbal) AEE EF3 = 37 sht,
S-(environmental sound)-< A e, ¢ v
I 22 ZAE AR 9w s gAsAY, 2. &3 A4
S Adn| e o] S 7)ol skl A Al
g Hastel=d 719 = Aok B¢ (waveform)> T3t Foez JEow
AeHos e HF D92 &g doH T o] A (timbre)S 7HAH, Q17He]
7F M= A ARl S0 R k] 7| AE A7 oM Aol E RO E AR HE A
(machine learning) w0l & =4 AAIZ o & Qg A As A fopdAs 99
AR w7 Aoy HlarH Al HEHor Ry ogNE Fig RS Ealske FEd wE



20244 128 St=RAZEQoAFEIIse =24 M202 4=

(Fourier transform)& AR&sto] Aele} 22 7 (10l 33 24% A4 9 287 vE
Z AT E A3t EAsE Aol Uty o|t} ¥ = (Tensor Deep Stacking Network)S 41 A5}
a7 1 A8 2E o] a2 Al (discrete o] ESC-50 Ho|HAEE tdow 4 &7
~time signal)& AlZ-F34 RHo 2 WIS = E Y315y 4 e A"EZ WS 9
A4S T vk n A H(real) HWE FEj o o & AMgEoH, T Aol T1%e] &
982 o]2k-Al7F FEol W 3H(Discrete-Time F ALLEE HolH o 2 Ass KA
Fourier Transform, DTFT)& %3] £ (comp- [11]2 F#n= AsHpyramidal concatenated)
lex) #ZE P9 2HERTOR W3kd F Fdw AAEE AQrstada, Felol Weks A}
Atk ol & F3 ATHD 5301] upe}, Fuhao] Sall ojwlAl FEje &g HolHE dHoR A}
AE(w) ARE 1 F ) Fa =)l otk Hens A4S A ER 9] x4l
o] AFF(RE(E, o))e —rjjr-roﬂ g Aes & FastHA Fo 5HES BESe Zlo] B4
el o, ST XGE, o)E 94 (phase) A o2 o] E& ESC-50 HolHAE th3}e]
BHE XA vk 3hg] 2¥EZade 5 814%°] 7 AT L=s G
FE5 At At e FIgF AEE 319 [12]&= o'l ##A Y (attention mechanism)
3 Aoz 3 EW(heat map)d o] ojmAZ & 8w A A&t FASE EFek
AlZkslete] A ARl EAO del Abgdr | th 53], 3 5olA ‘/}E]r‘/}% &} %Y (harmonic)
g 2d AHol A=, oju]x] T FHo| 9 3 AA B (percussive) EAS Hdo] shdh
&y = Pw ANAEES B3 99 ~2HERZD T ARE fFatgion, 1 A3 ESC-50 o
Ao BAsly] Golatuz ok orjo #¥ HAE sl 844%°] &7 ASEE 7|53t
2ol A k] ~FEZ T8 Q1YS EalA Zo} 20204 Vision Transformer[13]& 3] #}¢do]
A Aglel FE AT EdAEH AL A7
x[n] Discrete-time Signal wo] H] A (vision) ZFPoE =& FiAdo] &
| ol B Alrh olF, AF &7 Aol o] EdA
N~ 1], o s DiscreteTime Fourier AXHE AR ~FER TS BN YUY
3 il Transtorm (DTFT) @ wele] dere ol
l [14]= ekt +x9] Edaxy B55 47
X(w) Complex-valued matrix _ _ _
H sto] A3E Fdsila, AR FaaeE 5Y
| | How shgshe 279 2EHOR AW BF
VXGPSR A xw) 7P ES B oS KAk A 4
l l FATHESC-50 dlo]E A Ee] thste] 57.24%).
Xt w)| £ () [15] EdAIEvo ¥y 2HER RS
Power Spectrogram Instantaneous Frequency : 7‘] T oﬂ}ﬂ EAES :I‘J'r%j(fUSIOn)a'lE ks H\él]%
__ e AQtetlal, o] & S8 ESC-50 tlo|E{AlEe] uj
SR Lo Do T sl 7o) ¥ AUES DAL T, ol
Fig. 1. Transformation of a discrete-time signal A= digtE dlolH A E(AudioSet) S A o
into time—frequency representations Sat= AL udsle] A ot 9k



PR TN TR ERBPLYED BTN F AR p O ~
B on B TR W o gy OB W R w2, M N W =
= Mg gmE T ML FR LT e B = TS
GgePu sl b T g oy wm 2 ST T R g
A_lo T A= ~ oo = o) ~a 3 —~ DRSS A
= o T o < o = ol X o 1 i
T F 2 9 ul W of o oy K
O L IR - SRS T = AN < Top oAb o T o W "
o7 ohw T EE T ot Me BT ygd TRk )
= N7 7 . = N _,_IJ.QH,H;o X s o= )
HEc _wrilhy sFT587 528 bowg, VIER o5 %
O R R R S B R S BN (. I ) &
agMIPrgdgr ZHM o PIRIN RE B g 2™ & !
QuTges2liz TAFEg  T= Mﬂ%mW%o,;am%?% &
ﬁﬁ_swazl%d W o B & E o Pdr._sEMF]Wﬂomm%% !
TR T O O S I eI T - R T S R ]
Hg gt w2 X B o cgo 2 Fpep monPTEshogny e
) — > N = = ! ot % -~ ]~ ; W
pFEEEE I E SR e s E R M NZIR TN oD
i I EI o W iy ° o o T X ow o 5
BT R LR T a2y MERFLERSLIEECD O
oy S O < e o= B X - RRCTREE S
— s X7 XT 0D 1t — Wy e =2 DR X T i iy S
noo < D
o ol ofpl o My o o T O T 5 B ARG o B Qo I
R N = I TEW T e p N ERT LRE M SR
Treos3<® PUAWTAdSd¢ omawdws ol 3
ny r <. [ [~ I~ m To =/ W o
s om  TREZEIICSRIETE i
OT._ _uﬂ ‘a ,‘w 1r_l YQM ” ‘)AI O_H Ot ﬂ_rﬂ =0 TO = f—
W o w 4oy wm N oz g B o T o o g &
= T <k E#mﬂﬂoiAiaﬂﬂTdr.ﬂ%W?u1 il
Y = n YY) oG 1 - %ﬂ%MﬁfrﬂiH ﬂ_ﬂﬁ
ERC! x_T Emn%?M«ﬂ%zfﬁrdﬂﬁzf@i uj <
o T ~ oo W T AR & o g o 2 =
e < Wuwaﬂﬂmﬂwrua%wo%ﬁm%Lx%ﬁ £ e
o =) R = B e - g T
o o X io] B A . _ n AN oy =0 ERNE]
+ B OF o m o TR S 2Tl gy . w K
B o TR T oF T o X . P Ella
= A_I x° _._.__H W ,.%m Wﬁ 0T¢ E o HL ,mlr‘_ ‘Mm_u MM M__.TM MII ‘ﬁ MM _,_A\T M wA_.._
= B 0 ol i — .4
WO NS DR R R N ) %0
ol zwl ol T oy i M R m maﬂwﬂzT = N w_r_
-y T nY o} ™~ K] | —
ooy » o] N 7o —_ cra ! £
HJ ~ 3 lﬂro ol ol ol ¥ ™o e ] R ulmo MAI ._,‘.mo W T £ ol
T L i = s iy L o e H il
™ oo o o ™ 2% P oot kYT TS N B £ M
TN EFT R BTN RT XD R T T M

(2)
(3)

P,
e

aOPS+(1—a)OIF

VC= concat,,,,(PS,IF) = |
DC

- 236 -

and instantaneous frequency(bottom) for
environmental sounds

Fig. 2. Visualization of the power spectrogram(top)
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Table 1. Comparison of classification performance of deep leaming models for environmental sounds using

three time-frequency representations

Backbone Network Input Accuracy Precision Recall F1 Score
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