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AHHOTALUSA

B pabote paccmarpuBaeTcsi BO3MOXHOCTh HCHOJIb30BAaHUS HEHPOCETEBBIX MoOjeieH
JUI KJIacCU(UKALMU MaJEeHUs YeJIOBEKa 10 U3BJICYCHHBIM KIIIOYEBBIM KOOpPAMHATAM I103bI C
HOMOIIBIO KPOCC-JTOMEHHOT0 000011eHus. B kauecTBe kiaccuukaTopoB ObLIN HCIIOIb30BaHbI
coBpeMeHnHble apxutektypbl: LSTM, GRU, Transformer Encoder u 1D-CNN + GAP. Mozaenu
oOyuanuce u TectupoBaiuch Ha naracere CAUCAFall. Ha nezaBucumom naracere FallVision
0e3 1000ydeHHs OLIEHEHO KPOCC-TOMEHHOE 00001IeHre. YTOOBI TOATBEPANUTH CTATUCTUYECKYIO
3HaYMMOCTh IOJYYEHHBIX pEe3yJIbTaTOB Ha OOOMX JjaraceTax Oblaa IpOBEJEHa IPOBEpKa
3HaYMMOCTH C MOMOIIbI0 TecToB McNemar, bootstrap-noBepurenbHble HHTepBaibl A Fl,
nepecTaHoBOYHbI TecT. Iloka3aHo, 4YTO BBICOKME METPUKHM Ha MCXOJHOM Jaracere
CTaTUCTUYECKU 3HauuMbl. [Ipum TecTupoBaHMM Mojeneil Ha He3aBUCHMOM jaracere 0Oe3
o0y4eHus1 HaWTyduii 6ajaHc KauyecTBa U ClI0KHOCTH aAeMoHcTpupyeT 1D-CNN + GAP npu
CYIIECTBEHHO MEHBIIIEM YHCIIE MTapaMEeTPOB, YTO BAYKHO JIJIsl BHEPEHHUS HA OTPAHUYCHHBIX 110
pecypcaM yCTporCTBax.

KuawueBble ci0Ba: HEHWPOCETEBbIE MOAENH, ACTEKIUA MNAIACHUW, KPOCC-TOMEHHBIN
NepeHoC, CTaTUCTUYECKAst 3HAYUMOCTb.

BBenenue

[To manueiM BO3, mist nuir crapiie 65 JeT exeroaHas 4actoTa MmajJeHUuil COCTaBIseT
28-35 %, yBennuuBasch 10 3242 % y mun crapme 70 ner [1]. a9 MOHUTOpHUHra majaeHui
MEPCIIEKTUBHBI CUCTEMBI C JIOKaNbHOU 00paboTkoil Ha edge-kamepax. [llupoko ucmonb3yercs
JIByXATAIHBI METOM: (DOPMHPOBAHUE CKEJIIETHOTO MPEACTABICHHS MO KIIOYEBBIM TOYKaM,
a 3areM OWHapHas Kiaccu(pukanus npencraBieHuid. Takoil MeTO YMEHBIAET 3aBUCUMOCTD
OT BHEIMHHUX (AKTOPOB U TIO3BOJISIET BHEAPATH TEXHOJITUIO B PECypCOOTpaHUYEHHBIE
ycTpoiicTsa [2].

Llenp paboOTBl — OIEHUTH CIIOCOOHOCTH MOJAENTHU COXPAHSATh BBICOKYIO TOYHOCTH MpHU
paboTe Ha HOBBIX JIAHHBIX U CTATUCTHUECKH MMPOBEPUTH KAYECTBO JETEKIUU.

MarepuaJibl 1 METOAbI

B nannoii padore ucnons3oBanuce CAUCAFall [4] u FallVision [5] maracersr. O6a
comeprkar 3anucu naneHnid B qomamHux ycenoBusx. CAUCAFall Bxmrouaer 10 ygyacTHHUKOB,
MMeeT 4acToTy KaapoB 23 fps u 5 crieHapueB najaeHuit U3 nojoxkeHus cus u cros. FallVision
3HAYUTENBHO pa3HOOOpa3Hee Mo cocTaBy (58 ydacTHHKOB), cCHHUMaycs ¢ ydactorod 30 fps,
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BKJIIOUACT MAJCHUS W3 TOJOXKEHHUs CTOs, CHUIs, a TaKXKe C KpOBaTH, NMPUYEM IOCIEHAHSA
KaTeropus OTCyTCTBYET B 00ydaromieii BHIOOpPKe.

Jlnst mpoBeneHHUsT SKCIEpUMEHTa ObLTH BBHIOpAHBI CIEIYIOIIUME BHJBI COBPEMEHHBIX
ApPXUTEKTYPHBIX PEUICHUH [T Ki1accuUKaINN:

1. Long ShortTerm Memory (LSTM) [6] u Gated Recurrent Unit (GRU) [5] siBistroTcst
PEKYPPEHTHBIMU MOJIEJISIMH, COCTOSIIIME M3 JBYX CJIOEB M M3BJICKAIOUIME JIOJITOCPOYHBIE U
KpPaTKOCPOYHBIE 3aBUCUMOCTH U3 MOCIIEA0BATEIHLHOCTEH.

2. Apxurektypa Transformer Encoder [7] ocHOBaHa Ha MeXaHHM3ME CaMOBHUMAaHWUSI,
aHATM3UPYIOIIas TTI00AIBHBIA KOHTEKCT, YTO Ba)KHO JUIS JCTEKIINU MEHSIONINXCS BO BPEMEHU
coOuTHuil.

3. One Dimensional-Convolution Neural Network c¢ Global Average Pooling
(1D-CNN + GAP) [8] mpencraBisieT co00it 0THOMEPHBIC CBEPTKH 110 OCH BPEMEHH C IYJTHHIOM
U T7100aTbHBIM YCPETHEHUEM.

Jlis OleHKM KadecTBa paclo3HaBaHHsS HCIONb30BaluCh Accuracy, Fl-mepa u
AUC-ROC. [na mnoarBepKIeHUsT CTAaTHCTUYECKOW HAIEKHOCTH PE3ylIbTaToB  ObLIN
npumeHeHbl Tect Mak-Hemapa [9] u nepmyranuonnsiii tect [10]. Kpurepuii Mak-Hemapa
OLICHUBACT, €CTh JIM 3HAYMMOE PA3IHUUe MEXKIY JBYMS MOJCISIMH, CPaBHHUBAS TOJIBKO Te
IPUMEDBI, TJIe UX OTBETHI HE cOBHAIU. [lepMyTanmoHHbIN TECT ObUT MPUMEHEH /ISl IPOBEPKU
3HAYMMOCTH PE3YJAbTATOB KAXKJIOW MOJETH OTHOCUTEIFHO CIIy4allHOTO YraJbpIBaHUsI Ha
TECTOBBIX JaHHBIX. CyTh METO/IA 3aKIIFOYAETCs] B MHOTOKPAaTHOM CITy4aifHOM TepeMeIInBaHIH
METOK KJaccoB U nepecuere merpuku F1.

1. Pe3yabTarhbl M 00Cy:KACHUS

B Tabnuue 2 mpeacTaBiaeHbl CTaTUCTHUECKU POBEPEHHBIE Pe3y/bTaTbl TECTUPOBAHUS
MoJee.

Tabnuna 2 — CraTucTuyeckue MOATBEPKIESHHBIE pe3yJIbTaThl MOJIENICH Ha JaraceTax

CAUCAFall u FallVision
MopneJb IMapameTpsbl F1 AUC- Acc IMepMyTannoHHbIH Mak-
ROC TecT Hemapa
CAUCAFall
LSTM 225282 | 0.984 | 0,9995 | 0,987 <0,0001 ;
GRU 169090 | 0,961 | 0,9985 | 0.968 <0,0001 0,248
Transformer 403 714 | 0.968 | 0,9988 | 0.975 <0,0001 0,617
ID-CNN+GAP | 69762 | 0,976 | 09987 | 0,981 <0,0001 1,000
FallVision
LSTM 225282 ] 0,709 | 0,792 | 0,720 <0,0001 ;
GRU 169090 | 0.670 | 0,704 | 0,778 <0,0001 <0,001
Transformer 403 714 | 0.655 | 0,793 | 0.699 <0,0001 <0,001
ID-CNN+GAP | 9760 | 0,714 | 0,799 | 0,725 <0,0001 0,214

I[Ipu kpocc-IOMEHHOM TECTHPOBaHMM Ha He3aBHCUMOM paTtacete FallVision
HaOJIF01aeTCs 3aMETHOE CHUIKCHUE BCEX KITFOYEBBIX METPHK IO CPABHEHUIO C pe3yJIbTaTaMHt Ha
CAUCAFall. Fl-mepa mamaer ¢ 0,96-0,98 mo 0,65-0,71, Accuracy — c¢ 0,97-0,99 no
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0,70-0,78,a AUC-ROC —¢ 0,999 1o 0,70-0,80. DT0 moATBEpK1aET CYIIECTBEHHBIC JOMECHHBIC
pa3nu4us U NOAYEPKUBAET BAXKHOCTh OLIEHKN 000OIIECHHS HA PealIbHBIX TAaHHBIX.

AHanu3 JaHHBIX MEPMYTAMOHHOTO TECTa JUI BCEX apXUTEKTYyp Ha JIByX JaTacerax
CTaTHUCTUYECKH JIOKA3bIBACT, YTO MOJEIIN U3BJIEKAIOT peaibHble KHHEMATHUECKUE MaTTEPHBI U3
BUJICONIOTOKA, a HE MOJCTPAUBAIOTCS MOJI paclpeiesieHHE KIacCoB.

Hecmotps Ha 1O, uto cBeprounas monenb 1D-CNN + GAP coxepxur B 3,2 pasa
MEHbBIIIE TapaMeTpoB, YeM Kiaccudeckas pekyppeHTHas cetb LSTM, tect Mak-Hemapa
nokazan 3HadeHue P = 1,0 u p = 0,214 Ha mepBOM U BTOPOM JaraceTax COOTBETCTBEHHO, YTO
MOJTBEPKIACT PA3HUIY B KAUECTBE MPECKa3aHUi M1y STUMHU MOJICIISIMUA CTATHCTUYECKU HE
3HaunMa. B 1o jxe Bpems Oonee emkue apxutekrypsl GRU u Transformer nokazanu 3Haunmoe
CHIDKEHHE TOYHOCTH ITPH KPOCC-TOMEHHOM IEPEHOCE. DTO MOATBEPKIAET TUIIOTE3Y O TOM, UTO
U30BITOYHAST CIIO)KHOCTH MOJICTIe MOXKET TPUBOJUTH K IEpPeoOydeHHI0, TOraa Kak
OJIHOMEPHBIE CBEPTKH JIyYIlle BBIICISIOT HHBAPUAHTHBIEC TPU3HAKY.

3akiouenue

Craructuueckas 3kBUBaICHTHOCTh Mojenu 1D-CNN + GAP B cpaBHeHum ¢ Oosee
CIIO)KHBIMU aHAJIOTaMU JeJlaeT e€ ONTHMAaJbHBIM BBIOOPOM JUIS HMHTErpanud B edge-
ycTporicTBa. CTaTUCTUYECKUE PE3YyNIbTAaThl TOKA3bIBAIOT, YTO BHICOKUE METPUKU OOYCIIOBIICHBI
HE CJIy4allHbIM YPOBHEM KJIacCHU(DHKAIUU.

CnuCcOK MCN0JIb30BAHHBIX HCTOYHHKOB

1. World Health Organization. WHO global report on falls prevention in older age. —
Geneva: World Health Organization, 2007. — URL: https://www.who.int/publications/i/
item/9789241563536 (nara obpamenus: 20.03.2026).

2. Fall Detection and Activity Recognition Using Human Skeleton Joints / H. Ramirez
[et al.] // IEEE Access. —2021. — V. 9. —P. 9360751.

3. Dataset for human fall recognition in an uncontrolled environment / J. C. E. Guerrero
[et al.] // Data in Brief. — 2022. — V. 44. — P. 108522.

4. FallVision: A benchmark video dataset for fall detection / N. N. Rahman [et al.] //
Data in Brief. — 2025. — V. 68. — P. 108000.

5. Fall Detection Based on Human Skeleton Keypoints Using GRU /
Y. K. Kang, H. Y. Kang [et al.] // International Journal of Internet. — 2020. — V. 12, Ne 4. —
P. 83-92.

6. A novel vision-based fall detection scheme using keypoints of human skeleton with
long short-term memory network / A. R. Inturi [et al.] // Arabian Journal for Science and
Engineering. — 2023. — V. 48, No 2. — P. 1143-1155.

7. Computer Vision Based Transfer Learning-Aided Transformer Model for Fall
Detection // IEEE JBHI, 2024. — T. 28, Ne 6.

8. Rethinking 1D-CNN for Time Series Classification: A Stronger Baseline / W. Tang
[et al.] // arXiv preprint arXiv:2002.08561. — 2020. — P. 113-115

9. McNemar, Q. Note on the sampling error of the difference between correlated
proportions or percentages / Q. McNemar // Psychometrika. — 1947. —Ne 2. — P. 153-157.

10. Ojala, M. Permutation Tests for Studying Classifier Performance / M. Ojala,
G. C. Garriga // Journal of Machine Learning Research. —2010. — V. 11. — P. 1833-1863.

116


https://www.who.int/publications/i/

EVALUATION OF CROSS-DOMAIN GENERALIZATION
OF MODERN NEURAL ARCHITECTURES IN THE TASK
OF FALL DETECTION BASED ON SKELETAL KEYPOINTS

D.A. Ermolaev!, A.S. Kroyder!, F.A. Belyanin?

ISamara University, Samara;
2Samara security services, Samara
e-mail: danilssaustudent5 104@gmail.com

Abstract

The paper examines the possibility of using neural network models for human fall
classification based on extracted key pose coordinates via cross-domain generalization. Modern
architectures such as LSTM, GRU, Transformer Encoder, and 1D-CNN + GAP were employed
as classifiers. The models were trained and tested on the CAUCAFall dataset. Cross-domain
generalization was evaluated on the independent FallVision dataset without additional training.
Statistical significance of the results on both datasets was verified using McNemar test,
bootstrap confidence intervals for F1-score, and permutation test.

It is demonstrated that the high metrics on the original dataset are statistically
significant. When tested on the independent dataset without retraining, the 1D-CNN + GAP
model provides the best balance of quality and complexity with a substantially smaller number
of parameters, which is crucial for deployment on resource-constrained devices.

Keywords: neural network models, fall detection, cross-domain transfer, statistical
significance.
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