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A Hybrid Spatiotemporal Fusion Model for Real-time Fall Detection
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Abstract: We propose a hybrid spatiotemporal fusion model for real-time fall detection using monocular camera videos. Per-frame
spatial features are extracted by a lightweight CNN with squeeze-and-excitation modules, an AutoEncoder reduces noise to generate
core representations, and a two-layer GRU together with a Transformer encoder jointly learns temporal flow and global relations.
Multi-task learning that combines classification error (cross-entropy) and reconstruction error (MSE) enables discrimination of subtle
pre-fall motions. Evaluated on sequences (30 frames by default) compiled from multiple public datasets with a subject-wise split, the
proposed model achieves 97.10% accuracy (67/69), 100% recall for falls (FN=0), and ROC—AUC of 1.00. With 0.91 GFLOPs, 3.22
M parameters, and an average inference delay of 8.16 ms per sample, its usability in edge environments is verified.

Keywords: fall detection, real-time, spatiotemporal fusion, CNN, GRU, Transformer, autoencoder, edge computing

L A2

9 AR 19) 7S] A% 27k s 18, &
Bl ARPAIE A9 S e

3 S A e
U A Sua 73
e o] Aelekes ol T, & AT St 53
2 maeie) ANden Ses it e
1% B G SR A 482 AAAE T o
X 2% FAI0) FE|olo} Bk, A, HAL sl vle
(false negative) Z|A3}7} $-AEofof st} A4, JIAARE B
ok A - 7R8A SHolA oA Zrjufe]x FEo] Ve
afoF atmE AALE - AW Ee|7} FaAolt) whebs, KE
< EF2 “175_( 5] vE Hashet A v 014&4 Ll

uO('

g}

eEdo® bt F e fAF FEEke] o)tk
ZY9] 71 NN 7227} Askar whEvhks gido] glA
gk 52k dAgdo] wheduER] grof ¢br] - o7 - = F
7] - e w719k 22 dRdA AR AR s vk
1A 3D-CNNo|U} 3F(Optical Flow)E ¥ 38h= 132+ Al
T ARE L&sHARE AA] Bl A AT iﬂ;]’ﬂ o]

= W Aago] IAY 4 F4 ¥se] wigteith
Ax, ARE Jre] MRS g8HoR iﬂa}\?ﬂ_/\ili A%t
< 7PHA frAsE AAZE SET

o];qa% ;d:?d—l: z%fd—l: . x]qj . O]—XVH /\}o]_/] %Lﬁég ==
sk AAAR] 2dl A7 dgsir) o]d i =2 Y
2] 33 ©GAE 7= CNN (Convolutional Neural Network)

7} SE (Squeeze-and-Excitation) 2 FZ35}3, AutoEncoder® =°]

25 9 JHE AF3 F, 25 GRUY Transformer T
£ B8 <A - A ARE BAIE @ 2AShE slolH
Z= AlE7 2E(CNN-AE-GRU-Transformer) S AJ¢Fsit},
o714 227 v]e(false negative)S A3} A H$-A
el o 4hal, olX|(Edge) $HdelA @/\171} s&ol 7t

9% vl RS AN G FAll, #8448 Asfsh=
(false positive)s AZIH o2 wH7] 93] Eﬂola B
jrjr }\] ]od 6’]—5: 7Ol—§],§_' —4—6’1-24 Ao ZJ}L—].Oiq_ A ;q] E}]
2E 37eMe] 5 A|F, ROC-AUC, 53, 2 A
S Z3) O]—zq/ﬂ ;G:g—xg 2N #HE AEsi

fE o o= To

r

¢
r

o
N,
S

E

HE

> B ko olf
m r_aL jsiu

|

71" o7 , 2o AL fgiate 1xFo 2 EAn-2loX]
g A8 WelE o7ledl A et dE B0l HAT
i 58, IS, 7]%** ﬂ@%‘ s 2oy s ¢

O

I S s E

Fhdlel 79 2283 7= A ZeEd 99 CNN 5
o AAE mely AP ow vk v TS CNN #
Fre AAEPL gk & J} w220k F2he] A
e et Eal ebrlsol7 e 5719k 332 el
FAAR] Fo| A WA= ARAleA] Qo] IHsiel7). o]
2 Hesl] Yl M2 2-stream WEY T RGB-45F
(Optical Flow) 2-stream CNN T-227} A|QH=| o), 37 Akt
o] BT ik S7EE A SHECIA AATPde] A
BlE = A7 BALE ATHS].

AR wiEks A 2fslr] 918 NN 574 Foll LSTM/GRU
& d4sh= stojHelE melo] de] A= Slth CNNol =

* Corresponding Author

Manuscript received September 16, 2025; revised October 4, 2025; accepted December 25, 2025

1293 GRS AT ELO]AE A (mozzi0324@duksung.ackr, ORC
14%(izeho@duksung.ac kr, ORC

o)A % G Ernl AT E Qo] HF-

Copyright© ICROS 2026

0009-0001-9014-1397)

0000-0003-0455-9939)


https://crossmark.crossref.org/dialog/?doi=10.5302/J.ICROS.2026.25.0248&domain=https://jicrs.icros.org/&uri_scheme=http:&cm_version=v1.5

308 EunYoung Kim and Jaeho Lee

)& %3 5 LSTMIGRU =85 o] AAd=

sk pae 299 A7) wse sk 23

Aol M o173] 7] el 23} 9

L 24_01- A9 el e Aol AHdd] £,

IDONNE BZEAZE AL B4 e 47 se) 48

= %:%9}2]‘3, e 7]} FLOPs7} A4 AARE oA T

Hpols A go] ofgla, A el dlole el B4
g A7 2T 10].

Skeleton/322% 7|RF + 12 A FH(GCON) -2 7MAA
B REsk 21 sl o] ouk, 71 EQE et /1Y
Aol A% A% APt e, shilel Zhe 29 9
271 A =l o)E EAI7F AYETH11]. AutoEncoder}
%—g—a}i 7]13} o]/g—El-;(] HLN.O_ 7<4/\L H]O]H”]’P_i 6]—./‘:5]]
eplE B8-S Folal HIRHENYS SAIE 7Fs7de] 9ot ¢
Ak 787 87 Wsle] 2 Al ool ATH12,13].

_%]:Loﬂh H];q 7]3].0]] 2140 ﬂ = Ostﬂ_ @E]DDJ— S
H7 2A] A= AkEATE YOLO vi-PoseZ FZE3h
547 MobileNetV2 719+ 54 545 33k, ¢4
Rk oiy] RIZHEE A ey er e AK€
o= Qe mpe]a 9A] Wsht A 278 5ol wet A
o] WiIzkslel, oli= Fhlel v B & uln] wiE $<]
Aoks Zgi14].

Transformer Al¥ X 2(TimeSformer, VIiT 5) A9 ofdlAd
& Sa A7) W xAe] S HolA, EHﬁU o] g
a7k Armlgow x| ShAo A AR Agof Ftol
oA, AR 283 dHelgolAe ARdS: Heo] glol
= AT AQL o]fo] Aol o]F Kekskala), IMU 7|t
8% Transformer 755 At o), 7hele} 7Rk Az H 1
vaEgRo R el AlZpE wEk kx| e] FAIZE EAFTH15).
Hi = 7% CNN (MobileNet, ShuffleNet &)= &3 2
Az A9 FE AAs diE S9ARE AIE 189
Fom AL FAel A ENFP 7H4d o ﬂffWO]EHM]

ojeE 7INF LSTM/GRU H-2 &9 - 7hdol] 93
WA e o] slor A8 £4, WEl TS A4S

A WA Berel TR etk Al 7Y BAeINE
Zhele} - dlofelE &9 Al gee] ARbEANE AJAE
X]—/H“!}_ ‘ITX] "7]-‘3]4 1:'1:1—0] ﬂ ]q_. U:z‘ﬂ_ N?‘ﬂ 7‘<1—7].x],g]_ Al
Al =91 AREA 3 2 Afo] = Qe mell Aso] A Ast
5 ASS Bagoh17]. Tk E53 dojelE W 1
A Alz=glo] Harslo] mdF A% A8 TFe S ASE vt
ATHI8]. sHAE, -2]= AlZb 719k ko] AR - &
2 RAANE AR AA| WX Aok e A B
A3t FE AQS A ks WIS 7RIt

71E AFES s, 2R Ao A A Eel AA)
g Bl WS AAH9 AAAE B 2
7 A5E &  dvk wEbA, o 22 exise] et
th AA, A7 Weks g 84 0% G8aaN R dibs
Haisel= A

N o2 [UH
ox ox I |

O

o187 aqtEnh AAR, A, A

s
AQe AAZ @ T2 Aed Aotk B, 2% 2
Al AR &F8E FAlO 22T F e usA AL
w2d=go] Feslth GRUY 212 38l 853} Transformer

o) 29 olRle Agste] 2o FAW WSt A%F A
wre] EE(AF Wehe mE gsiok Gtk A, weol=v}
WE A BOIAE PgA B 22 1% ED %
4437} Basich WA, HAS I8 AREIY 2o
9419 AL A Fge] Woln, ol Sl
O Q4 GBS T3 T4 HoR QuEE o
oF ek 8 ) W BAE el AR 0l

2+8-3] AU F7) wfo]He = 75;‘3_
ol9} £ Ay} Wk dol el 2
AE-GRU-Transformer slo|B 8= 435 %
S G842 sl vE Haske §
A3} 283 1A Rde Hasinh

L 29 MA o A SHE

1. HlolEA 74 2 Fxel

2 AAE el ] 283 3 #e] Rgd @
&3l EReH ok, i Ao ALt AR BES
xAE] PEvhs 617417} Atk 2 FLe A7kl wel A3
Moz us }~ P& FHolx, o2 7P o s 7t
A= Aol #alolt). mehA, el e A BEE
e e A A FejE wskskoirt 7 e o
e 30z e Al st shte] AlEs el
S TAEITh T, 4 9 kel ok st 4
& vt Zeqle] AR A9 Al dudE A8
Stk ol Fall, ARte] Aol wet Wstel A 3 P
Aste] Soh e TH AW S5 Thssl Tk

o]F, dlolEfe] theRd Strel el Awks} e
& flal, FEE 7 =zl vgst AAE ALl

ohdek a3 54, 21 mistel] digelr] flgtolth A4
o= RandomResmedCrop, RandomHorizonta]Flip, Color lJitter,
GaussianBlur, Gamma X7, RandomFErasing &= AF&-3lo] ¢
2o] v Heioith BE e 224 x 224 V|2
ZALo]Z T ImageNet 7|5 Hyt 2 FFHAZ A5t3k613]
o oolde e 29, Jhelet 2k, o] f1A] Wst &
ASEIFE WFol A ShEdt = gl 7Nk AlTdiTh
F7H o, ol Al thdst Aot APS 23hete
= FEeElon, dolgAl Uzl 4 AXE A
sE& Loliﬂ A3 oA E AlSJEIGink o= dkE
Il A 54 fetol] HAFEA| B
o] A %Xﬁ‘%‘ el HFo=S w=th
2. Baseline & HtEX mHl JH
2.1 Z7| Ho|2ztel 74
i o:]:rLg] ]2]—140 aﬁx] EEEA ]:Lﬂ_;q 5}\3%

T ==

A om, vl

v
3 g 9l= 7|EAQ AFA B oF|EAHE == Ao
Atk z7] wo]~#Rle I FRE FE3H= CNN HET
AR o]EAS Blrshe o8 FERNN AlY), 18]al Al
A2 A BAE 9+93= Transformer EncoderS A3+
o]]:]a]l: Fe|z A = =Y velw <y it
< ResNet A1€2] CNN [25]8 F3l 256311 54 W= ¢
WY En o] AlPAE LSTMOE AdEo] YAl A7k



A Hybrid Spatiotemporal Fusion Model for Real-time Fall Detection

£ Lo B TE o e wgd e

Table 1. Overview of model versions and key architectural changes.
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Fall Image Dataset aily Activity
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- UR Fall Dataset[19] I
. - UMAFall: Fall
- Multiple Cameras .
Detection Dataset
Fall Dataset[20] (Universidad de Malaga)
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Fig. 4. Training process of Exp. 1-2 model.
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Fig. 5. Training process of Exp. 3-5 model.
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Fig. 7. Training process of Exp. 7 model.
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Table 3. Classification report.

Method | Accuracy | Fl-score | Support
Not Falling 1.00 0.94 0.97 31
Falling 0.95 1.00 0.97 38
Accuracy 0.97 69
Macro avg 097 097 0.97 69
Weighted avg 097 0.97 0.97 69

E 4 B FEAA LAY 1
Table 4. Average inference delay and test accuracy.

Metric Value Description
Test Accuracy 97.10% | Computed on Test Set
Average Inference Delay | 8.16ms Per sample (average)
Total Samples 69 Test set sample count
t-SNE of Extracted Features
e rting

1% 12, tSNE v,
Fig. 12. t-SNE embedding of features.
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Table 5. Comparative experiments: performance and efficiency.

Accuracy F1 Latency (ms)
BlockGCN
(CVPR 2024) 0.84 0.97 0.12
FinePOSE
(CVPR 2024) 0.83 0.97 0.46
Ours 0.99 0.99 150.28
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Fig. 13. Performance comparison (Accuracy / F1-score).
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Table 6. Robustness summary (angle <illumination & occlusion
F1-score).

Dark | Medium | Bright | Occl

0,
(x097) | (x1.00) | (x1.03) | 5% 10% | 12%

Condition

Angle-3° 0.77 0.78 0.76 - - -

Angle0® | 076 0.76 0.76 - - -

Angle +3° 0.76 0.76 0.76 - - -

Occlusion

(all angles) . - - 0.79 | 0.66 | 0.61
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