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[Abstract]

This study proposes a multidimensional approach for analyzing and visualizing large-scale audio datasets. Traditional
metadata-based analysis methods exhibit limitations in scalability and automation, which hinder efficient exploration of extensive
audio datasets. To address these challenges, the proposed system integrates dimensionality reduction and clustering techniques
based on audio descriptors and introduces an interactive 3D point-cloud visualization framework. By combining t-SNE and UMAP
with k-means clustering, this approach facilitates intuitive understanding of structural patterns in high-dimensional acoustic data.
PCA-based color mapping and representative data sampling are employed to enhance interpretability. The system overcomes the
constraints of conventional tagging-based methods and enables efficient, interactive exploration through machine learning-driven
analysis. This approach has potential applications in music information retrieval (MIR), sound design, and acoustic data

visualization.

MOIO| : or|e AlZiel, 22AHY, HIO|E 24, X =4, 7|4 &t

Keyword . Audio Visualization, Clustering, Data Analysis, Dimensionality Reduction, Machine Learning

http://dx.doi.org/10.9728/dcs.2025.26.5.1151 Received 22 March 2025; Revised 09 April 2025
This is an Open Access article distributed under Accepted 23 April 2025
@ the terms of the Creative Commons Attribution

LA Non-CommercialLicense(http://creativecommons *Corresponding Author; Heewon Oh
.org/licenses/by-nc/3.0/) which permits unrestricted non-commercial ’
use, distribution, and reproduction in any medium, provided the Tel: +82-70-8740-2738

original work is properly cited. o .
E-mail: unohee.official@gmail.com

Copyright (¢©) 2025 The Digital Contents Society 1151 http://www.dcs.or.kr ~ pISSN: 1598-2009 elSSN: 2287-738X


https://crossmark.crossref.org/dialog/?doi=10.9728/dcs.2025.26.5.1151&domain=http://journal.dcs.or.kr/&uri_scheme=http:&cm_version=v1.5

C|X ™ 2El X &5 =&X|(J. DCS) Vol. 26, No. 5, pp. 1151-1159, May. 2025

Aol &8k AMIZF A 718k vk ey 71E )
E}E|o]E(metadata) 719F 2 5 22 Q3to] AA
o5 S Fefdlof stu = w2 Ak} Hlgo] AQHH,
o5 A &2 53 HolHE SAHo= A A K=
T24 S Adu &80, 22 dlo]EAl(audio dataset)
At e FofskeE T2 annotator) 59 7 T4
(manual annotation) ®21& 2r]Q dHlo|g o] thal F34]
Hak} 4 1= A4S sk o, 53] gkt &
ﬂ]ﬁ‘j 0111 fﬂo]EWl A sh=

n oq;Lw o8t glojg]
Wk o,

B RS 2

i"JE = (pomt cloud) 718 2] 9 BA Lo aE
Aeksit}, o= t-SNEZ 53t 744 1% BH=[2]3 UMAP
71k A9H HAsH3]9h 22 ¥IAE F<F(unsupervised
learning)7|¥& AlSH oz #&3lo] 329 EJE FE¢-
o wjgeit). o= vk 3 549 A FHlatent
space) S Q17| Q1X] 7153k 2] HARP o R sl

B gk B A9 AlFshe o BHjo] gk, ek of

Uk Hlole] 4/ A12k3} spo] mefe1 e Safo] wlEfdlole]
7h RAR 1Y vl dele o] w4o] Fhssn, &
OIE 7 fAE ARHowm Mol 4 itk of WAL
71%e) wiEkelele] 7)uk el Wla) A EEg wAl
RS oA PAA 53, A9 45 71 A= o
OBl gEaks ] o] ql7] uhel HlolEls] 4 54
& M A O Yol 2 Yk wael e

10

ua} ol% Eal e &3 2rle HolE NS Akshe b
= HoFRl A1E WASl S FueE Fas

AMIR), AREE YA, §3F 24 & Tt ol &
[e)

2-1 7|2 i1 2|2 HI0o|E{Al HtHo| SHA|Qt Ttk
= AR2E or e Hlo]EAS &8 71% A
218 (1) wegteloly F4(annotation) T4 AEZA HA
(2) 714 Sh&(machine learning)S =9 OPE] 2=l
(offline)- ¥ %] ZZAM|A(batch processing)ol] X|F%H 2],

http://dx.doi.org/10.9728/dcs.2025.26.5.1151

(3) A1Zs) Aol A
%_O_i A

Hm
]

i
.1
ol
ol
k]
> 2
r:i
X
o
b i
rr
O
jato
]
30,
(o
ae
o o
i ogt
fo F
)
to
o 1
o
o
%)

2
N
2
w
2 o
o
vl
o
N
)
1%
|
N
e
[o

12

>,

M oE
2

JN 2 o
o
nj
ki
to
[kl

)
2
Lo
i)
X
Tz
=3
>
off
Ao
Y

R
9 o
2
rot
a4
o
v
o
v
S
e
)
m\ru T M
HI

e

ol

o)
i
do
:?1:',

S A audio descriptor)E 7|HFO.E AA]

ANFdE Aleshs 7o) A=H L vk 53
t) Q. vlo]g Al A ARA A& A dataL, Al
o Asgtks] A2 2 Oﬂ:F-oﬂ }\1 gacE
F2qlo] &3] o]Folx|aL 9lrk. FluCoMa®}
MuBut= |28t 8 75 F53517] 93 ”741 oA =7

i
fr
)
)
1
>
(o)
to
ﬂ
[-o
o
i)
33
N
é
g
)
i mlo
m
| o _I
o,
. H
[l

S90 o 2.2, 2309 o]
efs] AR, B A7} o\ A ke Aok}
SEEERR

1) XLN Audio XO

XLN Audio XO+= 2=9]€1¢] XLN Audiooll M 7et <
Zelaelow, B UE ol e|EE As o Fdat
FASRE 752 ATk SHAl / ARA 2TEgo]

o} 717 Shss 7N FargfFo s 7 QT e AlEe] AFE
H(spectrum) % EF] EvR1(time domain) 535 #4138

S Akl et ot MES As ek, ol 274

A 33t = A1 AR o E Fal AR Yl M=

Sk AREES WA kL, g eH e BES fﬂ%

ol Wlan 2 37HE 5 gl S Ak,

EHPO

38 1. XLN Audio XO2| AFZA} 2lE{m|ojA
Fig. 1. User interface of XO, XLN Audio
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Table 1. Validation metrics for dimensionality reduction

methods
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Fig. 11. 2D UMAP visualization of the audio dataset
clustered by metadata labels
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