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Abstract
The prevalence of artificial intelligence techniques in the last decade, and
the widespread of surveillance cameras, have contributed to the
classification of human motions. Especially those that may have a negative
impact on their health, and may, in worst cases, lead to their death. In this
Received: 6/6/2022 paper we ha\_/e introQuced a new method, called_ STTFI, that extracts a pers_on's
Accepted: 8/8/2023 silhouette with spatial and temporal characteristics representing the motions
and its quantities such as previous methods (MHI, BMI, ITMI). But it also
@@@@ represents the spatial and temporal characteristics of static poses that person
passes during a fall. Then it has been used with a low-depth convolution neural
network using learning transfer technique to classify the event as fall or not
Copyright: Damascus fall. The method gave results that outperformed most previous studies in
University- Syria, The accuracy, and some in sensitivity. the accuracy of this method is 99.02%,
authors retain the copyright sensitivity 100%, and specificity 98.73%.
under a CC BY- NC-SA
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Gaussian Mixture Model (GMM)  asall
Bgall Ldld e i il A Juadl

dosanae (Ao Alajall 038 Ales (4 Joans Cun
nlie aaayy bl (o2 (ad il dd Hsa
LAl A el Say il

STTFI 8 gadAin  3-2-2-2

Aaslll )geal) degena a1 0y Aldajall o3 b
3002l STTFI 8)5m JSiis ¢Ailud) syl (ya
ol lalispd ) A giial)

Ala)s lSa e o B)suall 038 (g5ias Can
ey sy 2gdiall (8 AS s (3lay Loy Jadd
cagiiall 8 Uil AU ASLal) Lalailly 3 lay
& A Clialse gsind Bysuall o 8 JUlls
Lo Vg ¢ pmtill 4y asiy o3 Sl Jadll (o
AU ) & jelan

YY) Aige el A BN 4-2-2-2

CNN

e STTFI 5ysua JLaa) iy ddajall oda

Y Otagas sl ST ASEN) D seaall A0
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Uase Tagiia 24 @3 U, Montreal ic sans
G P sean e IS l) hmlS Sl
Leie lag—dia 22 ¢(Ailide &)y e e IS
Ol (ag e Lain el ol e
aalial el Cila iy cdpe sl dliad) ol
e «720%480 slailss 120f/s U] Janay
il b Alais aalidl ol

alling FD22 Ll (e 8)pemall cupaill de gana
Ll 8Ly Lasias 2g5ie 47 —lagiia 225 (1e
Janars 960%720 2ot 5)5me — sagy Slon
oslall dae 0 IS d elldg (30f/s L)
e @i (oeshie A (pag asill Ad 2
Caliday Ja g 8y 5297 Leia 63)5um 25485
Ao bl o Hra Led Lay (Slhaasl)
AN o e il GlASy opll o
AL Gl ganall 8 Bagase il

Gle ganall @l (e 3yum 3ac (5) JSE

O papall DT A AN A Jinady Lid a8,
PRES ol s e Cayaill gag daglaiall
Sle G Al FC8 s Libda b Gl Ja il
FC8 JLaiV! alalS Ay Walilasiny Cava 1000
yiey . ofiall aal o Capaill (pigrian Bas
Laal) o2g] iall o aleill Jah S 2050 alet
La @AY clilall 8 o) aad Cuaas 2y Laiy
Ji a1y Baaall capill Gle gane pe uliy
Ldlas allA (e ) (transfer learning) alaid)
5yidys AL ATl Al Lo atalad Lo o A5
Byda ool 3yal

Gpdilly Sldaall julaad Jalye 3-2
il cildara 1-3-2

e Gle sena bae o AS0A iy Ll il
fAy
alls Le2i Leaf Cayxi La § FDD dcsans —

Calide Cpanati claguiie 221 (e de ganall 528

oy Alaisas chagindl b Loy dpa ) llalial)

A4l aaladls «(320x240 aladdy 25f/s L)

=Sy Dl e e destiall Clglally dne

19 11



Sgmae 0T egplaall Lo LT3l

AN A pmall A alasialy L) Lo gi CadS) Baa Ak

U. Montreal _sall dsgana ¢ by

URFD gall 4 ga2a (10 3150

FD22 ,sal) dsgana (4 (s

LAY Al Gyt B Lgaan daaiiioal) Aoy ) cu,uil) clegana (e ygua 525 (5) JSall

)53 45 (gsuis Lalifia) 2@ (Epochs) capatll <ye
64 s¢d Hpall (4 (Batch Size) dxdall pas L

I e3all ol Ao cupail) da e o S
e AV sl 8 ATl Al (i 48 Lidd
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A il Ayl Ja Ayl LoaY) il G )8
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o el A0 4 Ly 2 B eiall W
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R FEAE I

) TP + TN
couracy = rp TN+ FP4+EN

6)
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eclail 1) aaLial) oy Liad dlapall o34 3
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.no_fall
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) FC8 dilall Caday Lih dlayall oda 8
O Adlye FC8 Ak lidials ciion 1000 (el
A S leahaiw cpdlll Glatall Layg ladd fydian
Al Cupyaty Liad A5 cAdlalY) dyiguaall Alexnet
20202 Ll aladiuly calaill Jas 4, Jaadl)
70% A )yl ldase o gane el 2
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A(3) Jsaall Gllb cppy G ¢ SH) Aalld) EDE)
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4341 ie gl Aslual) i3, )
Accuracy Specificity Sensitivity

91.66%  92.31% 90% MHI

97.22%  96.15% 100% STTFI

plaai b A 3 38 ol Jgaall e a3l
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Neaaa A Y1 Ayl Cile ganall e 4yl

4,0 Alexnet Asudd (ulaly) Adghan (4) Jgaad)

re

Sensitivity = TPLEN (7
Specificity = TN g
pecificity = TN L FP (&

bl cye 2ae i (True Positive) TP Cus
sac (True Negative) TN 5 cmna 5 46584
O 483K el sl Bl (e Bponall jguall
(False Positive) FP i b gius are Ll o momaa
Lliiddas o Ly hauSasiadl jeal 2e 5o
me sag(False Negative) FN s ¢ asy il
&b o Ly bgin crd L e cdia ) sl
g Aigal

Sl e dagina) 3yl 5,08 35N ud,
3aa% Wiy cdesal) 3laald) ddaily Jagind) Claad oy
Slanl Caneat e da i) 4yl 3508 duulual)
Gl 508 a3 b Lo sil) L cmna ISy L siu
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o Aralually B84 Cum e i Ll LS

Lest pasiad ) [29] 5415 Adhikari ik
il 4 Y 138 3 cudl 35235 RGB-D pea
s b Ll dasaaae ) Al derdidl)
G alaly) a3 A !l RGB
& puluall cuslS a3 [30] Anishchenko Ly

\c}_}} 21&\'\"’1

3aals Ao sene Creddivl L laa diaidie gy h
NUfiez-Marcos deuilly Ll .Jasd RGB )sas
Amalially 480 8 agle 86 Liyyha oLd [31]
Liae T 4 glaill 445 aaladi ) oty 4 e il
Espinosa 4yl lo Luisyyla chdodi ady . Jaassy
@l s m Lggd aan ) lly [33] (s3T5

a2 jal) ey (g Jah e ) (g pead

) Al 380 o (4) Jsaadl g Jaadls
Lar Ao silly Apuslualls 99.02% & Lgde Llias
.l e 98.73% 5 100%
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dagia) Ayl L (5) dsaad) e ol
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Lyl s 99.01% 4lle 48y ) Juay [28] 0ssals
V) Akl @l e Julsy el 99.02%6 48y culac
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-100% 2

G (s Ji gl jpua & AN A guand) ASudl) PRESI Al cisklly da iial) A8y Jall o A5jl8a (5) Jsaad)

P Je gl Aaabaal) Gl Glbes dogana | sl poi | dadiieal) ASudl) 33, )
% Accuracy |% Specificity | % Sensitivity iy pall EORECHA|
99.01 99.03 98.98 g dald Ljgndogana | Al jga CNN 4 | (2017) ¢sals Yu
asty 4a i [28]
74 64.44 99.73 4 dald dypa dsgaa | RGB-D CNN 4 | (2017) Adhikari
Aasiia [29] ¢uATs
99 99 61 FDD RGB Alexnet Anishchenko
[30](2018)
95 92 100 URFD OF VGG-16 Nufiez-Marcos
- 96 99 Montreal [31](2017) ¢sals
97 97 99 FDD
95.64 83.08 97.95 UP-Fall Detection 2-OF CNN i | gg,Als Espinosa
dajia [33](2019)
99.02 98.73 100 URFD, FDD, STTFI Alexnet Lyl
UMontreal, FD22
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lgharal) de sane pe 99.72% 48y ) sy
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multi-stream J sl 2223 e 32 dieall (3)halls
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Al G lie L (7) dsaall cuw LS
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Accuracy | Specificity | Sensitivity | 4y sall qupail) FORECIA|
% % %
- 92.5 100 URFD OF 2-streams VGG-16 | ¢aualy Khraief
BMI [35](2019)
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- 99.3 100 4 dald Dataset-2 DI [36] (2019)
MHI
99.72 - - FDD OF 4-streams VGG-16 | ¢uals Khraief
- 95 100 URFD BMI [11] (2020)
Disp.OF
RGB-D
99.02 98.73 100 URFD, FDD, STTFI Alexnet Lyl
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W 4wl FD22
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Accuracy|Specificity|Sensitivity iysall Aariiiual)
% % %
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99.02 98.73 100 URFD, FDD, STTFI Alexnet Ly yha
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