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As the global population ages, falls represent a significant health risk for the elderly. This study aims to
propose a high-performance, end-to—end fall detection model designed to serve as a core component for
practical, vision-based monitoring systems in real-world environments. We introduce an optimized
Transformer-based architecture that detects falls directly from raw RGB video streams, thereby obviating
the need for extensive data pre-processing or wearable sensors. The model’s generalizability and
effectiveness were rigorously evaluated using the AIHUB dataset, which encompasses diverse scenarios,
including varied locations and the use of assistive devices. The proposed model achieved an accuracy of
96.5% and an Fl-score of 93.2%, demonstrating robust performance even under challenging conditions.
The implications of this work are threefold. First, the system can be deployed on existing camera
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infrastructure, offering a scalable and cost-effective solution for continuous monitoring. Second, by
enabling automated monitoring in residential and care facilities, it has the potential to reduce caregiving
costs and address service gaps. Third, the non-intrusive nature of the system preserves the privacy and
autonomy of individuals. This research contributes significantly to the development of technology-driven
safety nets for vulnerable populations and offers practical considerations for senior welfare policies and

the design of smart care infrastructure.
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(2022) (RGB) Skeleton UP-Fall(17%) YOLO 0
Bhava@&%ﬁ Ukrit | ginect | ROB frames UP-Fall(17%) GMM | du%e
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(2024) (RGB) frames UR-Fall(5%) SVM R
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3D A (Patch) AlA~2
Hersh(Flatten) § 2
Projection) Al&<

£ EZ(Token) o2 HglHT} o] 34 7%4 H| T
Q FH2 L x C A719 EZ AA2 €A (Token
Sequence Tensor) 2 917 ¥ o] &< UniFormer
E559 90| "rh(Li et al., 2022).

A EZ AlE 2 "X UniFormer WES 2

o Al 2] ©¢¥Ql UniFormer 2555 Al&4
O AU o] FHN EFEE HAHoR F
WAl Y AE JEE T, 27]de A
Aol AL EAS Tl AGAo|m 4
Al Al B4 xd oz H3HTH Figure 1914
=23} g uke} Zo] 7 UniFormer 552 9449

EZ Xl vs] 23 A48 3381, Dynamic

Position Embedding (DPE), Multi-Head Relation
Aggregator(MHRA), I8l Feed-Forward
Network(FEN) 9] Al 7F2] 8 74 845 Bl <
AR o2 vy A FPFT(LI et al., 2022):

X = DPE(Xiy) + Xin,

Y = MHRA (Norm (X)) + X,

7 = FFN (Norm (Y)) + Y.

o714 Norme A 7tat A%
< Yehdt

(Normalization Layer)

MHRA

2021; Islam et al.,
i R=

A4

2020),
A (3D Depth-
(L et al.,

Bertasius et al.,
DPE« ztdgt 3D ol
Wise Convolution) 914H&
2022). ol= 48 EZ A|f 2 Aolo Tz &
FrAsHA A& 7hssi, AR g3 A% Al B
Eo] A4l AjA] AlFit 93] FEE A3
oz 9d3gE 4 oA 3} (Chu et al., 2021).
MHRAE UniFormer9 &4 74 2424, 7]
EdAxmol Multi-Head Self-Attention
(MHSA)Z tAlste] T & wlolg) a1fo] 243
FTEAIL A4 o FHRA o= AHegeh(L

=T
48

al
= A
Z_I

FPN

=48

s OE
et al., 2022). MHRA®] F2 EA2 Y EYA 741
=9 Zolo ulgt BEZ A g5 W1, S EE o

IJYE A B b2 F43ite xq"]‘?}. U]
EQFY 7], & <& A= (Shallow Layers)ol

A A998 MHRA(Local MHRA) 7} AH&-€ T},
7t B2 X Ale] 22 3D AlFT ol Ul EE
X9t daageiy, B2 AiyE e F E29 Ul
&3 s FUAQ 3D A o] At
2R = gy 7Feet senel R Hohrh(Li et al.,
2022). ©] %242 MobileNet &% (Feichtenhofer,
2020; Sandler et al., 2018; Tran et al., 2019)
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(Figure 1) UniFormer2 #=(Li et al.,
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=g A Alda|2 dato|Me Transformer 22 /%35t A M5 Hot

A NG g gHHo2 YAIHLI et al.,
2022).

e YIEY A SukRe] 218 A= (Deep Layers)

oA Global MHRAZ} AH&¥TH 72 EE X&
A8 NAx W BE BEZ X9 Jaggsin, B2
oYEE F E29 Udd 7]uket fAIRE 2F

O

A= -2 2YE of’ld(Scaled Dot-Product
Attention)& &3l $2 22 A%t} UniFormer
9] Global MHRAE 33t o] &l A3} AJ7F il & &
2lolA] gl T Ao R A EE FHA SR
At g /\] %71} 01% 3(Jomt Spatiotemporal
Attentlon) e EEO]Ur & AF

oﬂ, e Az 1% rﬂ/‘figi ALt Bl go] =2
54 A9 oA Aste] 7hsa|RTH(LI et al
2022).

FFN+ MHRA ©]% A&5 e 282, 7 EE 9
Az EYA o7 2HEsh= Multi-Layer Perceptron
FZo|t}, FFNLS dutd oz % 7|9 A8 Az

HIAY A8 4R HEo] A AAdE & &
‘jr"] Azl Ad X}*]Oi Sdte WE FERE 7L

=) H].E]—Oi 7} Ei«] E;ﬂ E?ﬂg HL—] X}OJOHH
HgA o2 wddta FAst] mdo 5 5
1t (Vaswani et al., 2017).

ol2]gt UniFormer 555 A HEHA o]
22 fellA ASH o2 FHEY. MEY]IAE 54
470e] 28o]A] (Stage) 2 Y™, UniFormer =+
oA At 712 Fgo] WEH, YEY]A A F
ZE|o| A& Local MHRAE, PHA| e % AH|o
29 Global MHRAE AFE-3tt}, 7F 2| o]
Atolo & ThAlEE] (o 1x2x2 AEFA)

S C
AEHol 54 Hel T HEES S0l A

& By

_O,Aa

rulr

[U
&

HYSHATL ®543 ®MeE 2026 124

ol

%7}’\]71 v = gele] EA AS 725 A4
gttt gt WA o2& Local MHRAZF 23

Zo| X wl#] g8} (Batch Normalization, BN)
(Ioffe and Szegedy, 2015)E, Global MHRA”} &
gHe EF0lA= dlolo] Bt3HLayer Normalization,
LN)(Ba et al., 2016)& AH&std 2t 259 54
o gt= SHYAQ dgs & 4 Al Seh(Li et al.,

2022).

e
il17

Nl 74 =

914 UniFormerE 714 24l (Base Model)
2 Agsta, o]5 AIHUB "lolEAle] EAd w3
ol7|el A 9} st Mk HAslsle oF|EA A
9 g5 AZS Aokt E AT e md
& UniFormer® 34 43¢ 92 RGB 974 4
A A S Asst AAe 3 S asste
Ao, HAgE F29) gy Al Bl 5EAC

AUl eellM A et F8E =9t (Figure
€ B AToA Age G A mde] AA =
A d N =Z(Overall Framework)E YeRAT

)
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UEH - OE - 4B

&st

Kinetics Pre-trained 4+ Fine-tuning

Input: Feat.
RGB Clip Ext.
(W fr.) (Stem)

UniFormer Backbone

(Figure 2) UniFormer 7|t} &}

ettt zdlo] ala £4 3&7](Backbone Network)

2 UniFormerZ 2933},

DA BRM e TAehe S o]

e tdite #30] ofa, J 4% grde &
2|7, AHA A o] EAlgTE. ofig Al tlolH
TAE F58ta 2o dwisl J5s ol &
A& Ho] <5 (Transfer Learning) A< &

Fach WA, it Y2 g% 214 wlolEAlel
Kinetics-400(Carreira and Zisserman, 2017)
SolA AR EHHE UniFormer? 71535 27
o2 ARGt o] F 53X IAIQl ATHUB Hlo]
Al the] 2dE v]A 2% (Fine-Tuning) 3}
o} Kinetics=400 dlo]HAl& theket 17t

P} ~x2 B2 29 ¥3aio], %

e}

ol

o
ox 32

>
ofl

f o
e
=

B4 994 A2 4 A4%

ox ML N XY

a0 N oo

S dxele JJg A7) €A H“E]i
574 WEl = ol o) & A2 AlS
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. Output
inear

4 Classif. Class
eb ZAX| mRo| MA =93

(Fully-Connected Layer)3} 43} d42 A4
g E577](Linear Classifier)o] ¢gso], a9
290l P& (Class 1)UA HH4(Class 0) 1Al
g & gt FEdt 53], Al&3 bigo] 2
Q1 AA W 1A &8 S mEsi], 49 HY
o 2Eds 14 Y9 & WE 24 29 992
T2k Agshe Egeld 9= (Sliding Window)
W Agstginh. old g WAl A&2Ql HelH
2EA A AI7HS FHAsleh #4290 By
HE & 7FestA s, J wA Al 2do] 244

o2 e Yk
FF UniFormer o949} do] gt5& I 7
A Ao 7|9k AFgrh. ey & Al 2
4ot ATHUB do[HAL thdat dd4 €749
24 *é% E/\}ﬂ gt Ay o8 xgkstn o
He g g 2 g WAl

2 ANae. tﬂO]EW 8
¥y %w Al g e 3

aﬂo (Class Imbalance)©]



S8 Ak AlL2|R FMoMel Transformer 2@ M5 4 M5 ot

9
0o
Loy w2

o o]ddEs 2. ole LB St
G A L A o gow H&
& A7 ATHUB HoJHA of2jgh = oA o
ot S A4A "é%% HAzsl] 98, BE
UniFormer 293} <5 Azks ¢4 9 Beslgl
o e A2 A8 0}715“ A W7 AR} g A

& A3 82 7ledt

3.2 OI7|8x 74 At

ATHUB d|°]€{Alo]
o7 sty 7y S
T= ¥ UniFormer ©F] E“ziA 5l Al ?—f‘é Q
?#]5]_13 J_ii 2d

=
ol
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N,
o
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re

bu
E E
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o
El>
[e]
2
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O
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ol
ol
=)
g
_1&

1o rlo B o

o_,>L rie

AR, UniFormer &5 W I =XHE YEYA
(FFN)¢ 289 432 el 243t 2 7iAdst
At} ¥ UniFormers GELU #4138} a5 A}

&3, 2 Ao AE Shazeer(2020) }Z] §l;
SwiGLU 2/} g9t vt e A2l & 91 3D &

9l SwiGLU3DE FFN9| A3 A% o]
b o SwiGLUE 949 ¥E S F /l= £}
, e AR E S5 FIAIA Al0lE 4
el T shus A8 HE o] AlolE

S sk Aold WAYES 43
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£ HAg3h. £ UniFormer: Local MHRA
oA Toffe?t Szegedy(2015)9 BN, Clobal
MHRACIA Ba et al.(2016)9] LN2 ARg-gtct,
a3y BN 22 Hjx Z7]d jigste, & At
ol A9} Zo] AgHE GPU W=z 2 Q8] 22 wjz]
A7) AHgRloF & 79 Aol AstE= Aol 3
ot @b Local MHRAE X dh= E50|4 BN
4l Wu and He(2018)¢ 1% 3 (Group
Normalization, GN)& 483ttt GN<& Ad=
aFstete] AtskE YRR wiA| 274 vzt
otAl gom, LN 22 Ad 15 9919 A4
545 BEste] &2 A A7) SAAE A
& e A AT Y S 7RIt
AR, ER T op7|g A9 gk S
Al717] $14ll, Vaswani et al.(2017)9] %+ EWH

o

e

33

UniFormer Encoder Block (N times)

Input Feat
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(W fr.) (Stem) A X 8 )

Qutput

(Figure 3) 7iME 21=2H
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¥ o] AFEH Post-Layer Normalization(Post-

LN) ") th4l Pre-Layer Normalization(Pre-

LN) 725 Agatgith. Post-LN W4& =g 2

o7} AodFH g 27| THYAE EH A
[e]

€ f2 g 8len, o dds] Hd S5E A

|

A2s 5
YU E s5& dgde ot o &

71 AeZ 4 A JtHXiong et al., 2020).
olg)gt Pre-LN9 Hgoz 7o YEYA 24U
B33 gy HAlolA o mE £ Sxe Hdudt

T Aes AT Aoz 7Ygi).

o g

St

w
w

>
2]

2f z|&5}
2l op7|ElA TR
HAAste g B o
A o7 2 gy dEk G
stetrl e A5k 9e) Ejnfo] 219l Adam
(Kingma and Ba, 2014) %= AdamW (Loshchilov
and Hutter, 2017) t4l, 2 A|FE Lion wE7}
°] A (Chen et al., 2023)& 7]22.2 A|=3}3i .
Lion& 45 oitt=2 2d oA we] Z&4%
A AdamW diH] w2 £ 9 e J5s Hol
£ o2 BuH% oY (Chen et al., 2023), 3}°]
Hoterl g U8 A ARl g Bkl
23k}, olg gt Liond] WS Hebsla g4
&S ER38l1A} Zhang et al.(2019)9] Lookahead
e Agste] 48359t Lookaheads &E|7t
A & PGS A dutsl s ARl
7198te AC® 4 UtHZhang et al., 2019).
= AT o] F 7MY AUAE T mEUAE
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Axng 2d sh5E X2 St

A4, B AFA AMS-ste AIHUB dlo]EAl
4.2. 28X A3 7led uteh 2ol A S~
(&g Ed2) 9 v St 29 2) 11
A AZ § Ao, & FY» BEY 2AE YE
gt} o]e Fex EHES BF wA dERY

—

Cross-Entropy, CE) &4 &4 A& A] 2dlo]
e Fg 2o HekE o] g Fga0 GAAS B
n &) (False Negative, FN) 918& $71A12
Atk ol g Fex Bty FA o-$st
Aes AARA R o777 A8,
t al.(2017)¢] Focal LossE &4
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S Y Au2l2 datoMef Transformer 22 XSt 9 45 &7

V. HHE
4.1 tlo|ef

AIHUB H]OIEME S AAE gt
olEMlo R & 22672719 44 SR 226,72071
o] ojujz] EﬂOlEii TREH, delge W o
(PF/H 5 ol EF=E gt} o Hlo]
Bl HY9(24.14%), 3(28.62%), =97 =& &
P A(46.05%), A (1.20%) 5 Th&et g7l
A =N 111 29 7zt = CAM1YH CAMS

?«l e hﬂ —?%84. 0% Bxe

glo] &= en, o]5d FdZdo] Ee AFo],
Ao}, B AgHzE 47 2.43%, 5.82%,
4 38%, 2.96%<] ¥ && AA| g}, 3 97 x}<
F AL 40%eln Ayl Fad - A (14~39
Aol 24.70%, 74 - = 32404 o1Ahe] 75.30%
2, e Yol 50.32%, 9140l 49.68%= 7
o] #EsHA ExE] Yt & AFAE ] HeolH
A % CAM1 7hielz 299 dlo|eE Adslgit)
(Table 2)¢] wW2H CAM1 dolHE 2 &9 7
Eof| vl Y A ol 7P Az Ul

ol Tdo] g453ta FE38h= dl glo] CAM1 4=

7F Ve RS 214

Told e 2d A

271 7ol A

2o 2 dlolH

< sl

5w gEs)
7V ve A 45
g Aol 4

4.2 T} g

4.2.1 A3 dolHA 3 74

% %7k AIHUB Ho[EAlE A}

[¢]
NEAE T8 A4, 98 Je

xﬂE Z /\13
Fo® HelHE

Y % oF 33704 7ol &

iy
IN

OE Al

==

oﬂ Rl

o} 9 8-S Aelsta Ak % UniFormer
16:27]) 2

gt dloleAl Ul 1 IDE

% 687 Hlole 252 A

o] 2F 9= AA HoleAlS g+,

4% EJ]Z:E AE F 8:1:1 vl &2 a3t

(Table 2) AIHUB H[o]A ZEo] AIHUB HIO[E{Al HARFERX|ZE ZAnj(AAH0[E)
F1-Score Accuracy F1-Score Accuracy
CAM1 0.90 0.901 CAMbH 0.99 0.993
CAM2 0.96 0.962 CAM6 0.99 0.988
CAM3 0.96 0.958 CAM7 0.98 0.979
CAM4 0.96 0.958 CAMS 0.98 0.979
AGSA Mp4A wMeE 20254 128 1497



et al.(2019)¢] UP-Fall dlo|8AlS &3 o
A F2E o|xlstete] A Heka) dA|skn,
AA A"l AE A AlEA e dds
O HellA fofnjsit. 29 o4
16z (e 8Zdd) FHE &8
o7 2k At

S A Bl 84S Eolr] 1"45}1"1-’5 g
A& Fole o] FRIBEZ(Yu e ., 2017),
= A= AdE(Recall) = J%E(Premsmn)
SH3E 8 A E A ol & Ag HolE
B AR B oY d=f(16Z8 Y £ 8
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HE AR Reke g

A7 A SES g or Q918 28] (False
) Azt

Positive, FP

Hoh ARl A H

g ¢ ASS utt(Liu et al., 2022).
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S Y Ad2l2 datoMel Transformer 22 X5t 9 M5 &It

Precision = TP / (TP + FP),

Recall (Sensitivity) = TP / (TP + FN),

F1-Score = 2 * (Precision * Recall) /
(Precision + Recall),

HAZ s BT Nele 4 244, v
o tig F1-ScoreE W8 ALte & 71528 F

oJekA] & e Ht<l Unweighted Mean F1-
scores % F1-Score® AT

4.2.4 A5 AEE o83 2d HAsl 2 27
=g

”H gy XAt 5 weith EA7HA] gsE

*}5’“5}"4 HAZ A Ed H3 F1-ScoreE Al

Az A3 3% 3

(Table 3) 2

2A%e) 2

43ttt He A ES Fl1-Scoret ARl A%

2 gt old Ha Hernt R
Asos FHslitt & AToA
& ‘patience’ FLE 10 A EAE A &89
ai 27 22 A]X%y]_z] AAE 5d 42 = 74
% MEAA 718 £ F1-ScoreE 24

‘patience” °E
2 ¢Fow e

o

ul

[e]
z2dg

A% A 2z 4aaRen, o 29E ALge
St 2 A% APl AESA @S H2E A
N A% 458 B,

v. 2 1

B AN A =
dolBlAl = CAM1 29
s 7}a9 . CAMl dlelel= 7]1& AT ((Table 2)

weo] A% W7l ATHUB
2 HolE g ALgdt]

1

F2)IA Vg R A5 0l 4w, B A

A 2299 A% A B A 229l 2
e A

% 5toE miEtolE

Nvidia RTX 3090

Training A3t 9.08 h
Hyperparameter Search Space Best Assignment
Number of Epochs {10, 100} 100
Learning Rate {le-4, 2.5e-5, le-b} 2.5e-5
Training Batch Size 8 8
Weight Decay {le-4, le-b} le4
Early Stopping patience(in Epoch) 10 10
Dropout 0.2 0.2
Window Size {8, 16, 32} 16
Model Variation {Small400, Small600, Base 400, Base600} Small600

zyst

A M54A HM6E 20254 12
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d

1€
FA(
o of

o~

FAE

AHE-sk

45 7wt 2 AP AT s vne 7 zd
Baseline) 22+ ATHUB Hlo|E4 CAM19 g wha ol 7 2
JFete 2AdE 7|4 2do gE A5 wEw, AIHUB (2023

i
Aot 7dl & vy RS9 F2 A% ARE % 91.3%, F1-Score 85.7%%, Mediapipe +
(Table 4)°] Q= ATt & AFolA AQket, 3 GBC BEdE g% 91.7%, Fl1-Score 87.2%%
o op71g A M 2 gF A HAgL AeE 7IEAT & A7 AR BdE o]E 2~y E /Nt
UniFormer 78t 228 CAM1 Hlo]EJA 57} A AEHY F1-ScoredlX 44 7.5%p, 6.0%p
AEE 96.5%, F1-Score 93.2% 5 2439t =& A%< Uehl, §¢ A @9 2dgXE
o] AIHUB A% 22Ad & & 7i 7|4 2d Ay 2 35 @A et 98 9724 4
(FE= 90.1%, F1-Score 90.0%) ¥ A= A 5L gFshe ol o 29449 & d&&
6.4%p, F1-Score 3.2%p &F3E FAo|th. Ak AT
2de A8 RGB 945 A4 Ateste SEt W 3 A9 SN AF Tt Bk HE
2oln] &Eto|d AES DY Z o Ssh= W, Bl RGB 94 716k Rdnio] vlud A& At 2o
NEd RE 2 5 EARE g8t o] 3 ER1EAT 3D NN Fl-Score
A YL ZY @9 oS sl dvke WHEA 74.1%%, R(2+1)De F1-Score 83.2%% 715
Aol g mEfshdels, of Avk= At Bdo] F1-Score 3k, Ak 2ol RGB ¥4 A& W4 FolA =
S I T8 WHE BN 71E 22 E S Hold Wl 58S ARUEE HoE
H o7k A AR g s HEhd S B At Bdlo] J5 FF 29& EAE] A8, B
Zth. 53] F1-Scored] &/d-& nlgxe} 084 1t AFolA 88 A3} 7PEe] Z7E ERleint
o #FE MAdetel o] AutAdl Bl 58 9 FUF ATHUB HolEAle] CAM1 2= 3 1628
S == 9l d 2H AF FA4AA, o9 A 3 g He HH
Uo7}, ARk Rd 3 FUsH 16ZH Y vtle & 3Pt AEHA ¥ EF UniFormere Fl-Score
He AP D92 Agehs v 24 E FR 78 88.0%, HEE 94.6%E V1S v, BE
(Table 4) S&ZX|=H Ao}

ID Type Processing Unit (Input) Accuracy F1-Score
ATHUB(2023) Skeleton Full Video Clip 90.1 90.0
ATHUB(2023) Skeleton 16-frame Video Clip 91.3 85.7

Mediapipe + GBC Skeleton 16-frame Video Clip 91.7 87.2
3D-CNN RGB 16-frame Video Clip 95.4 74.1
R(2+1)D RGB 16-frame Video Clip 96.1 83.2
UniFormer RGB 16-frame Video Clip 94.6 88.0

2 RGB 16-frame Video Clip 96.5 93.2
1500 ZESIHT M54 HeE 20256 12¥
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S Y Ad2l2 datoMel Transformer 22 X5t 9 M5 &It

d 2 Ao HF A 2de Fl1-

Score 93.2%% 9A3te], £F UniFormer th¥]
F1-Score7t 5.2%p = Aee Sttt o]
et A= A9 ol71E A 7 (SwiGLU, Group
Normalization, Pre-Layer Normalization %)%
g5 He2F A3 (Lion %E vl A9 Lookahead
A% Focal Loss, OneCycleLR &)7} UniFormer
o] Y A e B R NAPS AARe
olg]gt Avt= Y& RGB TS Abgate T
A oR 71E ~AYE FE 7N mY Bl g2
RGB 71¥F CNN/RNN %3 2dEt} 444 4%
= BA T HlA dAAQl 99 Ady, 59,

A Aol B3
=

=
Al el A E G E 7|9 o] AL kA
Xz 34 A AE AFFo =N A|2H Tho
ol S wedlsla A84S FUAT o A
AIZE A28 2 Al AA R AD A Al A S
SF A8 AP S HAasst, Al AN LS
7R M E BAT A g5 2 AE HsA
< =Ug

Yol7h, Algt Bd e AAYE JERoR s £
ap7] o Azt A nlAl A, i FaAg
T O AIAA ZEAE JRE AF oo g
At ole A E FE FE0] BT F 3
T 53 A P A A 1A 2 dukgl F
g el 714§ Qlnh AEAH R B AFoA

_ﬁ
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1

)
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T

c

oS}

s}¥l UniFormer 718 A3
dlolHAle] CAM1 el #& 3 7] 9=
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4 g5 dee] aHE g5t s, [dAY 8l
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¢
BN
£
o I

£ U0 94 B0 F G dedo] B9
FolAe] QA P A §8 e el
Be W s Anan
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V. g 2

RGB 9731k 3oz AHgoh= #43ke UniFormer
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7IN TR Y A S Akt 1 de s
B7retih. o 1gA A HAl S Ao 48
& 2 mde 7)E 2 E I Ao AAfe] oE
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= SRE Sgieh AF A3 Ak 2d& ATHUB

>

Fd 2
lolEAe] CAM1 &9 dlolH AN HE=E 96.5%,
F1-Score 93.2%% 71538t tH(Table 4) =),
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