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Abstract

This paper proposes a lightweight model that fuses surface electromyography (sEMG) signals with time-series analysis techniques
for full-body posture classification. To overcome the limitations of existing studies restricted to specific body parts, this study
focuses on classifying complex full-body movements using 8-channel sEMG data collected from the entire body. To achieve this,
we compared and analyzed three feature extraction techniques - Conv2D, Time-Depth Separable (TDS), and Fast Fourier Transform
(FFT) -and fused them to construct a lightweight model capable of replacing computationally expensive Transformer models.
Experimental results using the ‘Muscles In Action’ dataset, comprising 15 movement postures, demonstrated a maximum
classification accuracy of 95.947%. In conclusion, this study demonstrates the feasibility of full-body posture classification using
only sEMG signals and presents a model that secures both computational efficiency and classification performance through the
fusion of time-series analysis techniques.

Keyword : sEMG, Human Action Recognition, Lightweight, Multi-channel Temporal Data

Copyright © 2026 Korean Institute of Broadcast and Media Engineers. All rights reserved.
“This is an Open-Access article distributed under the terms of the Creative Commons BY-NC-ND (http://creativecommons.org/licenses/by-nc-nd/3.0) which
permits unrestricted non-commercial use. distribution. and reproduction in anv medium. provided the original work is properly cited and not altered.”



252 Wk

ofy

3838 =wA A3 AM2E, 20269 38

.M B

W ZARGEMG) s A 289 8%
e TR AA JRot 28] AT
H4 ARE HAGHOZ AFste]
b o TSk ol A ;“
7ke] S E vhotste]

= dl 2lo] sSEMG A&

2 e

ol
o>
ofN Mk X 2 -z Ao

J
Y
oX,

1o
o
[ >
B
[N
ofl
o W
ftl
L
o]-J
o 1o

ok
oo
i,
Jm
ol

_4

¢

ko N O gt to 1%

u
T
o
£
=
>
N,
N
ﬂllﬂl
N
2
ofs

rlr

31_5
N
Ed

il
N
h

o
5

W o

b1 ol
> N
fol
& R
R
o
b
i)
_0|L
yu)
% S
I
>
__}1_4“
rum 1
o B

1o rly
)
Loy
a%

_O‘L
£
X
EY

o K

o

o

il

™

O:Ox{:‘ﬂ

=l

%0,

=

r>' rr ©

re
%

ol
fF Mo ey ot
o
v
s
°
v
e
re M

-
il
rlo

14 2] A3+
AZL Shek. A
Asjolck. A

32

tlo

w e oaE do by
4z
=

=
=)

-
=

rd
Ho
2 L

i

Jo rlo
R
i
)
2
rO
o
o
J2i
2 19 =

e

) \¢
e
= X
N

rol
N

],

BNt o & e

AN
EY
i)
R
_O‘L
T,
i)
k1
-
:
riet
ol
o
E
o
L
M
lo

L
v

ol

ro,

©

Ho

il

ox

{r

N

ofo

o

okt

rir

rd

Ho

i}

°

o

=

53}

o

{r

R i
!
ot
0%

o
_l:lo _1]1',
1o o

}
2 101
XM=

(o

2 A= setstr)

lo

2

o
= ]

(N

H

.
)
N
lo,
i ox >
=1
=)
B
i
o
=
__}1_4“
2
o
f
=3
o
of
ol
N
1o

>
lo
>
fol
offl
>
o9
M
1%
_O‘L
rlr
e
-
~
L
ko
_0|L
Id

°
=

i
i

ri
>
Fri
r>
fols
Ry
)
e
o,
2
2
09‘1&5

¢ e

2 ex

e >
)
i,
M
2
jatnt

= Wdsta 43t
X 71E Bl Fx27}

S x>
o

o iﬁ'
k3
o my, rf r“
<]
i
e 2

2
rO

>
o2
2
By
0
ot

a) A&A7|etstn g gAsttistd SWICT %38 H(Seoul
National University of Science and Technology)
b) M&e7Iet gt Yut et AnlEICT 43282 (Seoul  National
University of Science and Technology)
o) Aeat7|E gt AAHTP|t]o] g8 2(Seoul National University of
Science and Technology)
d) Me337|et g ArtEICT§3%-8t 3 (Seoul National University
of Science and Technology)
¥ Corresponding Author : ¥H%HGooman Park)
E-mail: gmpark@seoultech.ac.kr
Tel: +82-2-970-6430
ORCID: https://orcid.org/0000-0002-7055-5568
#o] EFS 2026dE AHHANEARENN ALOE HHEN|Y
H7he] AQE ol FE A1(No.RS-2025-02216275, AHIA &
49 44 - Adel b5 e F1 7%
sol wEO AT A% F URE FAYE v 20259 FAY
s 3eld TEF vk s
+ Manuscript January 7, 2026; Revised January 29, 2026; Accepted
January 30, 2026.

(JBE Vol.31, No.2, March 2026)

2 ARG Totelel, A2 2AE A AL T &
Ao WYY & Qb T2H AAEE Bk

2, ol& BA st A9 F2S

st dE FEs] AEA vk 53] Muscles in
Action (MIA)m ATE dE HE R volHAS +5
gt v L HlolElg 2AE NS YA E7)5k8ka,
olE 7|WOZ &9 £5 el AA| A7 A AL

oj9] FHAAE SFole = ]%‘%i% A kst o]
AFM = A2 g Ee}
= qlal, 1Ak w9 24
Z glste] E4st= 7Y

5 1 23
Ao A7 Fol WE A Mk 1349 o))

~
it o

rlo

;

i

A719) 234 FAMZE A A s 2ol olul O AlA
4 ol Ald &, T= AAIE dHolgle] Zojo|tt. M3t
H o zt P2 d 28 N7HE SRS de
E4 AF M & 7F 7 ARAAE YeRdt) o]
£ 54 Jeid RS A 2AY AR 259 F%
HEHE 123 HolHE 93 Convld 4te] ol Conv2d
ALHE B3| A olm| x| 9] Bl e} A Bl sy
o] 7FsalZlt) o] & F3ll, 984 24 AI UF A NS

3 © gy
o FAHQ %'—°l°ﬂ*1 FRE AEBOE EohE B
ey 4Ud $99L B9 deid 22 A9

Atk 271 ATl thlld AIAIE dlolElE AlZkxAld
g 9] 2219 ojuR = 7} 6}04, 2D AdS B3 54 A
o &5 24 HdF I Ad e FAHAE g
WA F2 ARIY 23 @8, EMG2Pose= TDS
(Time-Depth Separable) 722 E3a 233l thajd A7
d HolHZHH a&403 AAAAE 53k TDS

flr o o2t o 1o my



A% 9 49); %9

SAE A% 7wk 2 92E 93 TDS-FFT €% 74

A%t MIEY A 253

(Kyungmin Cho et al.: A nghtwelght TDS-FFT Fusion Network for sSEMG-based Human Action Recognition)

T A4 BEAES Soistsl] flsl 4vrE sl &
Depth wise Separable Convolution™& €3 T+ w7
28k 2ot} WA Depth-wise ConvolutionS £
d W7o A7k WskE AdstA &3t
-wise Convolutions 3l &g 7He] F7H4] A
HA o2 Ageth olHg s B
astetM e 424 dAGE 7het
2 2] 22350, 712 F4T A
71H o2 Fo|HA AAIE HolE e 7] oF
o2 &g 2 9

=l

i& > ,H

o o

4 o= 3
N l:o[v =1 2 F—lE ﬂllo

o,

2
)
X,
~~
>,

o N
2
SN

o,
03
=

=
re
o >
. ol
D ot

oX,
fol
o

ot
>,

>
folr ¢

ﬂ/\ 319 1’4— TimesNet= A] 7}
° 2 Wstate], AIAIE HolE Wl &
UH A3t H)F7] 4 HEE SAl 23
o] #}49] 4> FFT (Fast Fourier
]E} FFT D-‘é" A7 Kuﬂou

o2 r}ru

n.lZiJRm

0

ol 01'0_,

2
ofs
g

7

= CF o
i 9

o &L
= X
2

of
-
rir
o

Transform)® &

BEE Fol

10 mﬂ

o B

[o et 1o
4 Juo®
S
-
—\>

o
o
&
2
g
2
et

&g
M
o
i
i)
=
)
9
N
ko
X
5=

12 rlo
»
(o
ftl
Lot
)
)
=
o
o
E
rlot
i)
ox
tz
i

3. Feature Embedding 7[80i| [ XM 7 A

A8 AP A 2AE ASE ol §F A4 A
259l 7RsAel AAE v Ak sF ATeIAE A 2

4l F7ZE Feature Embedding, Feature Extractor, Classifi-
cation Head®] 3@AIZ EEIIslY AdS FPIAch
Feature Embedding @Al A Al 7FA] AJAIE dlo]E] &4
71WHe 27 ALt S, 74 B
former"” 7]4ke] Feature ExtractorQ} Astas Wel A
5 2telE HlA A543

A3 Al Al v A g "ﬂ 7HA] wlolH 4 7IHE
The3 2ok A WAl old AAIE dielHE 24k o
PR R 71F8ke] Conv2DE F3l HolHE A2lst= 2D
Image W& W2 o|th + WA= EMG2Pose A7-ll4 7
SH, A 2 EAH A 5 F50 S5kE TDS &
ot} Al WA= TimesNete] A ofojt]o] 2 F3l L
Q MgkE Fa A% 71495 EF sk FFT ZEolth
ZE 53 AAH £57t 7bs

g0l whe A

£ ©o]%9l Trans-

fo my «
iy,
K
=
©
o
i
)
[0
il
_C:L
2
2
0:01{:1“
>
uc)
é
_>L
Jﬂ
0
_?L
b
rul

€ 47 29 44 47 5 ex@
A 257 7}—2%1—;—
2o HAsE my

A5 99 8 2 AeIEIISE A ) }%

S 93, TDS 252 Feature Embedding THAI ol 24
P& o B EE dH] 5T 7 FSEE 7S5t
I o83 A5 o)l By, A3 A9

A5
2d FxoA FEH R sepr| Bt HEstA Frtehe
SAE Ttk A8 EYES Feature Extractor=
Transformer EncoderE %2 2 A&+, o= Self
Attention WA UYF ¢J&3l= Fdo]
9] Feature Embeddingl 4] E&2402 %7
wolE E8tal, SIEe] FAE A PR Q] HA B

of



254 v

ofy

deo] gtetule7} FHH O R FIEIGIT

wepa B Ao M= TransformerE A A3dla, oS
A7) Sl AIAE wlolE e oy T4 88 A
& 73l RdS Aekeit) o] XU FFTE 538 AlAl
golg o] 125 Heksly, TDS AAHe H43ke] tx
718E grgta FAd 34 A% FEH AAE
Alol StHEEE AASAT

off N me U

1. 2E Z2kst

2 Aol A AStsls B A4l
2 TransformerS FFTS £33 A9 Wk} TD
Aus AFste] ] 28402 EAS FE2T

Z Ak Zolt o] &5 &

-
oY
Rl
r2
&
2

pa)

z

w2
o N
e 1 ot g

O
o 2

&
o O ool

¥

,
rlo
)
(o,
lo
T
==

L

2

-
X,
O

ol

oft Ju o
> oo Y
2 [

4 T
X,

it
o

i &

_,d
(e
| ool
£
o
re
e
=
X
rlr
dff o X
o o
~
[o A

tlo o
—{(N
5.
b
=,
o
o

oX ol
)

S
o
yo 12
5

N
ne
&
%0,
o

Ir

£
rlo
O
dlo
i3
L
O
=z
R
>,

2
2

o
oY
ox g M

o N ® T
X

)

o

e oo >
o HU ol

o

Hgksla, 130

Aga o o g

B
o
> o
8
I =
flo =

o > L
&

&
Ir
=

3 g

P

et

e r
iv)

>
i,

38384 A31d A23, 2026 32 (JBE Vol.31, No.2, March 2026)

7+ 7] pE /1ZoE 149 HolHZ 239 €A
2y E R CTIPI g Qujd gy, ol = 23}Y 0
HakeE "A, B WA 27], 0= AE &, P< FFTE&

:OL_',
L
o3
3

r

N
N
Lo
i)
o
S
N
rir
2
2
my,
o
2
R
N
N

N

)

gate] Ao M o AL getuElE E&2Ql Aitel
7Feasfi itk TDS FxoAe AEHE SHAA Aibs
43 3l+= Depth-wise Convolution¥} A'd 7+e] HHE &
Y3l= Point-wise Convolutions TAHZE 3 3ic),
Depth-wise TAIIA = A 7+ 7H4 Rle] 7z Aid 2179
2D A S-S F238H, o)A Point-wise THA| ol A
= A 7 AE SEsith HEHoE AR OE FI
o 3 F=¥ SANES T 1I1F 7|6k A E
T3l ASHLE FatElo] T 1AH AIAIE FHIE 59
Hoh olgjgh 25 T3l A& A E Transformer ]
5

qdE WAL

BN

2. MH| A|AHE| mo|=z}el

O

ALK WS Fo FHY QA AA BF 5D of

Output
Probabilities

—

v
FFT Analysis J

i

(Top-k=3)
!

i

[ Period 1 J [ Period 2 J [ Period 3 J

2

2

[ZD Reshape] [ZD Reshape] [ZD Reshape}
v v

v
TDS Block

TDS Block

TDS Block

Conv2D Conv2D Conv2D
Nx (Depth-wise) (Depth-wise) (Depth-wise)
L2 L2 L2

Linear

[(Po%:’fv%{se)} [(Po%ir:]t?\z{se)J [(Polim-ev?l'i'se)J
¥

[ Resli?ape } { Reslr:%pe ] [ Reslr?ape ]

MaxPooling

Weight Aggregation
+ Residual Connection

J2 1. A 29 mo| =zl

Fig. 1. Overall Architecture of Proposed Model



Z7 9] 49 %

¥ ZAE A% 7 22 A4S 93 TDS-FFT §3 23t EYA 255

(Kyungmin Cho et al.: A Lightweight TDS-FFT Fusion Network for sEMG-based Human Action Recognition)

1EA = 19 19A e A3 o] 39AIR 7T
A A GAl A A E ThAE AAD ElelBlE 11
< T¥ste] Bdo] AFetr] A v =
2 Fgent ols & A5e] JHE HESW
15 73 AR 58S AASHE Aot

WA Ao M= A AA S TDS-FFT 3 #lolof
W ASate] ARk AFE S8 N #lole]
{53t s AAHNSH, 7 gojo] Ateldl= ZE
A E kAo 7 o] HEE 2zl A4S A3
o HoloE THETE B2 gt A Wstel A &
Al 24 Heoz HRE 7333

vK e gA A= A BF71E B8 AR A K
Mo EF WEZ Ak A7 Sl Ois) HAgE F5
3= Global Max Poolings Z&3te] A 2 +7+ &
7V EAAA AHE HEHPORE FF3It) o] % APAZ
S st HEASRE Z A9 gt &S el

v M8 % 2o 0
1. HIO[E{Al
2 AFolA At At Ao A 2/ dee

Jumping Jack

High Kick
.F

T2l 2. Muscles in Action HIO|E{MIC| 157 1K| SZt Of|A|

AZ3817] 1814 Muscles in Action™ H o] EJAl S
T}, Muscles in Action H]o|EJAlS A|ZFA %Z]?jh ==
AT 7k AAE EA] A8 FEE iR HER
g dolHAMe R, 1089 FJAAETE FHE 12.5407
o delHE et

RGB H]t]$. dl &)= iPhone 10 7t 2k 8l 29.97
ps®] EEE FYFHUoH, £ Ho]8&= ANR A}

I Right Bicep

™ Iz

B LR WG M S

Laft Bicep

Right Quadricep | Left Quadricep

T2l 3. FH ZFMT MA 2E 9|
Fig. 3. SEMG Sensor Placement

Hoak Punch Knee Kick

Rond de Jambe

Fig. 2. Visual Examples of 15 Actions from the Muscles in Action dataset



256 W

ofy

3838 =wA A3 AM2E, 20269 38

©] M40 Muscle Sense Bluetooth wireless EMG sensor
3l 10fpse] £ FFHAT FHE FA2 14 200
A Fddhe A 2ol T IS7HAE, IZA 4 52
534 sk e FFHEAT 2H IAE F7 A=
19 30l mRTE A o] 4 o] 7, Bl thEAL
o A F deolg
AZES B%F7] 98 Hv L9 AEES 10fpsd] =

of F HolHE ME AJ7HA F7]8kskqitt o
3% G9E U] 30z Yo AEAE THE

i
rdod
o
[
|mt
ot
- r
Ao
>
R
ny
N,
A,
32
i
P -

1=

AT EE ATe 93 9ad Zdd¥AE py-
{—% AHEF O CUDA WA 129 A&
AR E CPUE Intel Al2
Xeon gold 6426Y = 47/l FoE ARSI, GPUE
NVIDIA RTX A60005 AHE-3FSiTh vlolE Ae % ?ﬂ
14kl = NumPy @ SciPy #holB8 2| & AR, 1
o 2}o]B & E = Docker containerE £3l 2|3t "4'.
2do] g5s Qe &4 2 = 157] S3el g o
& BF7 FEA°]2Z Cross Entropy LossS AFH-3th. Cross
Entropy Loss= @ o] oS3t &2 24 #o]&9
X AolE SASE ARE, o] S Hasgsle WIS
2 2d9] gnEE JulolESiTt
HAst 4AFOEE Adam FE|HOIAE ARSSIA
3, Mo AAEYE ARSSHA] T tial 2l o] A
e WAs 5113191 Avtst A5 EZ3H7] S, v o
tlelEAlel gk &A% 7153t
ol = vpA gk o 0] Bdlo] o}
7}% oA A Y 7S E A%

st H2E do]gAld g A% H7tE s
B Aol Aletete 7 es Rd o) shgol A3l v}
ZuHE A Aol 983 B S s 7|29 vle}

UJEE E 1o)A AFshs sl o], A ATst FA
Stetolel 2 AR SIITh A ATl AE ol Wl A
S Fo U X2 Mg 2S4S

° 52 1l e
BE AgSEL, B AP 27] S48 g% £ 5

(JBE Vol.31, No.2, March 2026)

= A& A7 FARH 22 0.00005, 150 ol 232 A4

Srale Aesl wde) A4 o2 vy Sl U

Al
A stol¥ seHEE YAT A §F EES 3,5, 7, oW
AZste StFA7IY 747 Ao vlaaith ol A%
A5 AF AR 71 Hold 45 Bl Bu A
& A AFHE AE Husth
F 1. ZH MEolM MAE Stolm mzto|E
Table 1. Hyper parameter Settings

Learning -
Rate Epochs Optimizer Scheduler

Conv2d 0.00005 150 Adam None

TDS 0.005 150 Adam MultistepLR

FFT 0.001 150 RAdam MultistepLR
custom 0.00005 150 Adam None
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A3E vae] BH, R Biehs vehl = sty .
FollM 71E Aol B oF 5307k~1,420%F 7H 9] viet]
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Table 2. Comparison of Results According to Module Stacking Count
Top_1 Accuracy( 1) Top_3 Accuracy( 1) Test Loss(|) Parameter( | )
3_layer 93.276% 98.681% 0.026871 212,589
5_layer 94.824% 98.437% 0.021999 344,637
7_layer 95.947% 98.877% 0.018933 476,685
9_layer 95.849% 98.877% 0.016973 608,733
T 3. M3 oi7o M ZTe o A3 E2tulm
Table 3. Comparative Analysis Between Previous Results
Top_1 Accuracy( 1) Top_3 Accuracy( 1) Test Loss(|) Parameter( | )
Conv2d 90.087% 97.607% 0.038642 5,349,612
TDS 95.312% 98.584% 0.018378 7,960,397
FFT 94.464% 98.788% 0.282330 14,216,271
Custom Model 95.947% 98.877% 0.018933 476,685
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