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ABSTRACT

Pollution Matters (PM 2.5) have a major impact on the lives of the elderly,
especially the effects on breathing and lungs. Therefore, one of the vital sign checks
is the measure of pulse oxygen. If the amount of oxygen in the blood is low, it
indicates a respiratory system problem that increases the risk of fainting,
unconsciousness, and falls in the elderly. This research aims to develop a system for
measuring vital signs and monitoring falls of the elderly through the Internet of
Things (IoT) system. The development of the fall monitoring system is based on
building a fall prediction model on Edge Impulse using Tiny Machine Learning
(TinyML) to train the model. That is embedded in the Arduino Nano 33 BLE and
collects data in the Firebase Realtime-Database database. The MAX30100 sensor
measures blood oxygen saturation in terms of vital signs and heart rate, both
displayed on a smartphone. Accuracy results from a fall test include falling forward,
backward, to the left, and to the right where 100%, 100%, 95%, and 95%
respectively. The results of the smartphone's display will indicate the heart rate and
blood oxygen levels in real time, which can check the history of heart rate and pulse

oxygen values in Google Sheets.
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4.2.3 Aievnanistmalulag Al unlglunienisuwne

wuamslunisiimalulad Jeyausehvg LLasmiﬁauimmm%a [18]
(Machine Learning) 111491139n190150unne kagindunssumalulagdining 6 Arvmeawan
il

1) msdmalulad nmsBeudveanies uay nsiFsuivenaioudsdn
dhanffunumilunsiedelse Tnetaglinisidadelsarmldegausiugunnd ety

2)  mafudeya waznsliieusungtos Tneligunsaideasindeudily
ﬂ’]iLfdi‘ULLaﬂﬁ%’a%aﬁmiﬂﬁUﬂ’J’mﬁaﬂm’i‘*ﬂam:ﬂ’JEJLLG]'azﬂ‘LJ

3)  msidsenluusenndaen N Jygiuseivg asviliin
MINAUNEUAT wazusnslinelaniznsiiaseludseduazaie veesiene

Y

4 nsldjuguditenisiigin Yueus ingniaul wazdunldlunis

e Yoarluduiifionululids mssivirlasrususanusovildfauuuldsumdsidouan
unnd uaziuuusudGeusldsedies

5 ms3nwuanizyana (Personalized Medicine) MsLAiNAngAIMANT
Snwmerunalaglidoyannisuesdiuyana uazdasimuaulilunsieusunisinel
manzaufvusazyana deyaiiintilunisiesied Téun Useiinsine deyadu n1s
U3lanems seauauesen (s

6) nstenanis Startup USENAIUNTITENNE LazNARneniinsToRaNTs
Startup teAumyAaNsATAIMamsasy JygUsshivg wa maf%auimauﬂ%uﬁa

WU WNALULAT LATUINNTSUVDIUSEN

a8 msldaunsalnenisunngniinisldmalulad Al Whunfeadas

fian https://www.pexels.com/photo/blur-business-coffee-commerce-273222/


https://www.pexels.com/photo/blur-business-coffee-commerce-273222/
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4.3 m33usveaaiad Machine Learning (ML)
mMsBouvenades [19] Ae drunsiiouiveanies finmsBenldauieuaiiou
fuaueaves Uyanusehug (Artificial Intelligence) nandfe Jgysyrusedng 1 nsiseusives
e lumsaiis wagdszanana lngazgniendt TumaiiAnanmsBeouivesdyyszivg
FelalliAnanmadeulneyana 3esinsazyhnisussinanaies
nsieuivenaies Foufanndefideudrlunszdu udrandenlfifuns

Useanana dwaanseanuniusiiay nieolan Ndwreluiionanina wislidgyuiuszaug

<9

lduaninisnseyi nsiSeuiveunses weanunsaluldaulavatgsuuuu Ingendeunaln

aada

& A ' v
miulusunsu v3elendn nauinivainnaiesliuu lagdl o

[ v

AN1SUUA (Data Scientist)

Y

1
= =

Jugeenwuu naufilae ngelianudenduegiunn fis MsSeusitadn Fgneenwuuun

&

Tildnuldde wasUssgndldlivalsdnuazau ogrlsiniu Tunisviauass §ianisdey

Y Y

o & v ) i & o a Ya = v aa o,
"\]’]LUU@@Q@@ﬂLL‘U‘UW?LLUi@’Ns] VNIUG]']SUEN ﬂ’]iLﬁEJustlNaﬂL@\ﬁ LLAEMBNAN Vlf]“lﬂa@ue] undun

Y

a a - aa d' 1% a ~ = 1%
WibuLiley Wewewmn nguiuanzaufigalunisldnuade lnefsuuvunalnnisGeuives

[

Yeyauszhies AN 9

&9

Artificial Intelligence

Machine Learning

Deep Learning

4

2w 9 sUnuunalamsieuiveslyiusshivg

iy : https://awareth.aware-cdn.net/wp-

content/uploads/2018/03/MachinelLearning 02r.jpg

5. M3lFeudvaaAIvIaEn (tinyML)
= 1% d' < [ "y - @ = =
n13leuivennIevuaian [20] Wumsyadulunnmsiauingud wazlunat
arunsavnauvugynsalNndnsldndeaune wasiniigad1uanNnaiin Wy

lulasroulnsalaninige warszuuiledn
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5.1 MSVNUYBINITEEUSTBUATOIULIALEN
= 1% 5 2 A % 1Y) I3 a I3
nseusveamsaadniasalteuiu lulasreulnsames warnauiames

1 TensorFlow Lite @aduyanIasfiendrgliinimuiaiunsaienldluwmavugunsal

Y

wdeud gunsaliledn wavgunsal Edge wiolvianunsaiseuiveaniaalaviui
5.2 LennAledu UuNIBELIIOUATOIVLIALEN
wennawnduiilululdvenisBeuivenaseswumantuiiuinuiy dinseuaqu

PRAIMNTINAI LAlo
1) AsQuagunImn qﬂﬂizﬁﬁﬁﬂ’mﬂﬁaué’wmn’%auiﬁumm?awumﬁﬂ aN1150
Ualdeunisnsiainguainedievieiiad Wy n13ns93umsiuveinlaninunanienis
AEeUTEALIIgIG Iaglindsulasiign
= & o a aa = Y A <
2)  ASNEAT WUWesdaTurNlauaIN1IAN1TITEUSVBUATOIVUIALAN
a1unsainszianImAuLaziivrals vilinessnsaiuisausunisliin nisldde uaznis
é’]’mﬂﬁé’i’mgﬁﬁulﬁasmmwau
3)  UIUDINIYY miﬁauimaqm%wumﬁﬂ anunsauSulsasednsnnuag
& a 1% o A IS ~
N15MBUAUDIYRISTUALSMlaulAlnensiUaldunisinaulaluneddu annanwas kastiy
I3 1 L)
AU UAIURD
4)  MInsRdeUUAIIRTeN WuweINEIE n1sEauiveaTes udn
aunsatieRnmUAMNAINEINA SEAUE LazTadenudanndenaus ndeyaiiiladms
MMTIeLarn1sAnaula
5 szuudaludfgaaimnssy arunsaldniseuvenaiosvuindan Tu
N3EUIUNIINARIEATIIARUAINANYTAIvesgUNTal LU seAnTamnsldndenu way
o a a X A I3 Ao PR
n3dudymienaiaduneunvznatedulymndealidneas
6)  #IUNIMUL FaNBINUNITFHUIUDUATEY WUVUUUBIAAINNTAUTUUTING
§AN1595135 warALUaendBoe UNINUElAEN1TIATIERUBYAINIWUILE A LUU
na1939 M lsianunsamrumEUNIUUUS Ul waznanidssnissu
7)) walulaginsausiana AFnnINgInIN LasuIRnIdIRsELaINIIalEnIg
a Y A I A a ¢ v a vy A = ° o 1
FouiveunIesunaian Wednsendeyanisdinin lideyaliedn wazAwugtdidiuynng

Y Y

d{' [ 1l v
\iegunw waraulusgnnveyld
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6. nsilnseulumadsenisBeuivaualos
msilnaeuluiea [21] axgnuusUsziamvesnsBeuiveariomudnunzvesdeya
avanunsnswunld 3 Ussiom dall
6.1 Supervised Learning

Supervised learning Wunsiisuiveanies fendednunzesteyaiidudeya
gn label o lilngodofidevapmnltlunsGeous

Supervised learning 1un1sBouivesinieafililunsneinsaidnvaugiuimane
Tnsondedeyaiiiiu labeled data sasidudoyafifinisssyliFaauideyaduiidnuas

[ P b a = v ¢ A | Ao
Wnane Wuegluiielineuimesidlunisitous uazneinsaldeyayndu 9 Inlanvay

Wvaneduaensls

Regression /

AN 10 N1SNIUVDS regression Waz classification

fiun : https://miro.medium.com/v2/resize:fit:960/1*L4z_4MXxmfT7jb6Kmd0-i2g.jpeg

91nAM7 10 Supervised leamning Ssanunsautsesnidulssiandeslaon 2 Ussian
1) Regression Mluniswennsaldnwaitmnefiidumidiay faegradu s
nensalsIAItY NsneInsalsIAvil sy
2) Classification Tolun1sanuunusziananwazidinuieg A198199u n1g
¢ I3 = & ° i a A < v
wensaimaduveldidulsa nsduunseningunsanaunasdmaey [Wudy
6.2 Unsupervised Learning
. . & = 1% = Ny Yy = &
Unsupervised Learning Lﬂuﬂfmﬁaugmaqmaaw‘tmauﬂa unlabeled data @0y

v =l

1 (% L ! g.; 1% =) d‘
Toyaitlaiinisseydnvazitvany laeavlideyawatuinadiang viesuuuu weldlunis

Y

Ny vsednn1slaseasaveya
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Clustering Dimensionality Reduction
Cc A /i N\
e/
T 2 L] xZr 2 51
B
T

Al

AW 11 A15919UVBY Clustering waz Dimensionality Reduction

fiyn : https://www.researchgate.net/publication/344783581/figure/fig2/AS:9490127
73498885@1603273685950/Two-main-applications-of-unsupervised-learning-

clustering-and-dimensionality-reduction.png

1NN 11 Unsupervised learning annsauvseeniluussiangesls 3 Useian
1) Clustering lWlun1sdnngudeya

2) Dimensionality reduction Tilun1saniifvestaya

3) Association Ilunsasieszuuiuzinninanugelesestoya
6.3 Reinforcement Learning

Reinforcement learning {Wun1s3euivenasasnldnmnisindulaniianiivel

vssatmuneneald aglaReuleidivua diunisassiinassgnineendeidvung uay
Feulviiannsavila visevitlaile

Reinforcement Learning in ML

Reward Best Action

LEN |
L}
* 3k K,
oA S k:
I*.:‘..::*..t.. 8 (
P A ,-;;*;. Y A
* #!
~ a_a Wk Aok !
ik g Rl —>
ek & Kk amr gk
o m Xk W WAk
TkE Ak .R.Il*n
y

Selection of
Strte Algorithm
2L Ly Agent

Vidvan

AN 12 N15719IUVDY Reinforcement Learning
fian https://techvidvan.com/tutorials/wp-
content/uploads/sites/2/2020/08/Reinforcement-Learning-in-ML-TV.jpg
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A Y @ = o . . 1 v

NN 12 wandliliufan1svnauves reinforcement learmning W1un15li
ADNNILADT (agent) nAassdndula (action) UUAWINGDN (environment) NfRUA Lol
AANAaNS (reward) wadlduadnsnlaundmsigriinnisdnduladenantuaiunsaiiung

aa

Wwine (goal) livseld wielvireufiawesiseuiaiangunaeitunisdnaulanafian (policy)

7. N1338U3Y29ATRTAN (Deep Learning)
= 1% = a = & =t A o = % v o
msiFeusveansondiedn (211 1Wunilddunguinsandsign Jeaunsaldanuldaiu
Poyaildanuisafaule wWu an e 1w lagasiindnnisnisinauveniseuives

d‘ a = ‘i! a 1 a R . . v Qll
LATDAUYIANTIANNNTADIUIENIUNG W) universal approximation theorem sININY 13

The Universal

Approximation
Theorem
g J
(S ol @
e~ ®

AN 13 ‘Vli]‘l«.iﬁ universal approximation theorem
fiyn : https://www.deep-mind.org/wp-content/uploads/2023/03/CoverPage The-
Universal-Approximation-Theorem.png

3

AT 13 @m1saedurenisaseilsndusiunuvesilandula o Alariunisun
nonlinear function Nligudounaey ¢ Msnduniuszneviueasiailsndundudou Tu
NSANYINITREUTVRUATBUTNEN inslinguinsanneeliadu wag logistic regression

dwsutymndenududou
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7.1 M30A00uIALEY (Linear Regression)
a v I = P . . g ¥ o )
n1sannegdaduilunilalunguiuseinn Supervised learning g miy
witaymn Tneasdindnnis Ae msadvaunis@aduiliduiunuvestoya Tnaldfuusdu
(feature) WonansalFLUTANY (target)

[

AUNTITNAMAAIEASVD N15ONDBYR AU ULARIT
Y =Wy + WX + Wy X, + o+ WX, (2)

® § fApAneInIalvesminysniy (predicted target)
& X, X, X, AR MuUIAY (feature)

& W, W, W, W, AR dUUsEANS (coefficient)

INAUNIT 2 %Lﬁu’jﬁammimaqmiama&%ué’uﬁa N1505UILAINEINTUIVDIAT

W3R8 HUNIsEIA1YeIIMUSAY anAudIeduUsEANTaN 9 wazdunsiui Lield
duussAnsnmunzaudsausathaunsilaldldlunisnensaldnwasiminevesdeyad

Lildegluyndayanilegla

Y

Linear regression

B0

50

40

30

20

70 50 110 130 150 170

AN 14 N5INNI5ANDUTIAUSINSU 1 AUIAY

fiun - https://cdn.ablebits.com/_img-blog/regression/linear-regression.png

AT 14 uansrvesdeyaluyadeya uaraun1sn1sanneeldududmiuii
wUsau 1 /1 (dudun) wazazdunaladn yadeyaasiinisnszanesiegsou q aunis

ANSUANNITNISOAN DY IAUVDIAILUT 2 7 LUANWULAININA 15
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4000 100 150

Weight Horsepower

2 15 n51W Linear Regression a1%35U 2 AuUSAY (x;, X,)

fian ; https://miro.medium.com/v2/resize:fit:1120/0*AgzOn7p--nveVULA.png

NN 16 way 15 wans iR IuuAnNAesEmImsiisuUsau 1 f fu i 2 &
7.1.1 laan1sannoeadu
nsassluwanisanaesaduazslieanidu 5 g laun
1) YUoauuAgIuYemuUIIaed (Model Assumption)

aunAgunltlunisadne nMsnanesldulszneulume

1. Linearity

(Linear relationship between Y and each X)

2. Homoscedasticity

(Equal variance)

3. Multivariate Normality

(Normality of error distribution)

5. Lack of Multicollinearity

(Predictors are not correlated with each other)

r_6. The OL;I_ier Check“ h

(This is not an assumption, but an “extra”)

4. Independence

(of observations. Includes “no autocorrelation”)

T |

(@xix On-n i@ . @ . |
i i S
! : (e) i (f) A-. |

AN 16 msauuﬁgﬂwamuuﬁﬂam

fian https://sds-platform-private.s3-us-east-2.amazonaws.com/uploads/B97-Header-

Image.jpsg
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1.1)  AuduRUsIBLEY (Linear Relationship) @un1snisannee
Fadunoansanuduiusseningulsdassuazimnusmuiinlidudunss aanmy 16(a)
[ = a 1 [ o cd & 1% [ v eal (=
Wunsiwieuiisusening aunisanuduiusiduidunss wavaunisanuduiusnldidu
LAUATS

1.2)  auwdTUsiueg1uviniug (Homoscedasticity) a2
wUsUsIuvedeRanaInIzAlunnsEAuYeIILUTdase fanmi 16(b)

13)  shudsuaresuusluuuung@ (Multivariate Normality) n1g
Tasizinsanasududuisenislidhuusimuadunuunateduusmuund auudgiui
annsanTvaeulafafiaasmedaln sunsunie Q-Q-Plot fan1mi 16 () Nin1sulasdeyai
Indaunsidunssindunsmdalasunsy

1.0)  aududasy (ndependence) Aanni 16 (d)

1.5) YInAIIUAaINNa1e (Lack of Multicollinearity) A1

o‘d‘ a o U s v £ d'
wensalnluduRusiy Aanind 16 (e)
1.6) N19751988UAIRAUNG (The Outlier Check) tTun1s
asvaeumfbiiluluaiuaunisidunss dsnmi 16 () drdeyallulumuanufigiu 9y
v av Y a v a a a aa 1 1 I a al [
ausansudlanlunanainsesnuniiuss@ndnininegraiueu walunsainluduliaiy
auufgruazlianunsansusle
2) doguszasdvedluiag
a v 3 PN Yy v
dunisvesnisanaeslaiduastiuluauaunisi 2 lngaunisdnenuay
LARIANMUAUTUSITUAUTENINAINUTAY (X, Xy, -+, X, ) AudmeInsalvesdiuUsny ()
[ Y o I 4 1 ~ o % [ o/
VAT UTUARINTIUA (Wo, Wy, Wy, -, W, ) tiieldlumsAaduUsnuanedud s
lngidmunevrensaslinansnnnseidady Ao NSMAYDY (Wo, Wy, Wy, -+, W,)
3) nskdnuilandy wazgiinie
mslduileidu fe nsadslumanisannesdudunansnsadsudy

AUNNS A9l

>0~ 9)° g

(%
1

Ine9zBunaun13iin Sum of Squared Errors (SSE)

4) n5a19kULAa
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NN3a3lAANTTIANBEITAEY ABMTIIAT (W, Wy, Wy, -+, W, ) Fivilar

nsldnuilsidusiaedian
5) MINeINIal
Huisidnshlueansonoesdadullflunisweinsaiteya
7.2 Msannouladadn (Logistic Regression)
nsannesladafn Wunilslunguives Supervised leaming Ailddm¥unissiuun
wenuezUaya (Classification) wann1svesnisanneeladadn As n1sldaunisidadu (Linear
Function) iesuundeya Tnsnsanaeeladafnazusfionsandu 2 daumudniuves
Uszinnvedoya
7.2.1 wuuluw (Binary)
nsamneeladadin wuuluui Ao msduundeyasenidu 2 sUuuy Tne

AR LANNAUNITT LAY

. Linear Regression . Logistic Regression
=1 e oo
@
=] il
> <
—
¥=0. Y=0

X-Axis

AN 17 mmﬂﬁ’fagaelu Linear Regression W& Logistic Regeneration

fian : https://editor.analyticsvidhya.com/uploads/711091.png

Faamil 17 ¢4 Sigmoid Function fuaumsidussaitelsildmunuanniezduvesdeya
Tunssruunuuuluud asdiduusmiy Y 2 aand A Y=1 waz Y=0 F9a1u15091@un13
Eunsalelasnisieny Cost Function fdms19a@eUd1dun I sidunsI@IulsanUInaIaves
foyalsiognsgnieanniesudluy wazazneremmyasian viegsgaues Cost Function 7
Wlilaaunisidunse Tun1sfionu Cost Function flafduililunisnsiaaeudszansnmuos

Tuna §992l9aun1stuN1ITUIAIAMULLIUEN AIFUNTSN 4

predict _true

accuracy = total
ota
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7.2.2 wuunanemand (Multi-Class)
50nnelaldain wuuaIeAad Ao miai’wLLuﬂsﬁayjaLLﬁammaaaﬂmﬂ

M 1nen1SIaNN1SRIAUAININT 18

Binary Classification Multiclass Classification
y y
)( )( )( )( X Class 1

X

AW 18 MswSeuiisusendnslunn’ Au vianeaana
fian ; https://media5.datahacker.rs/2022/08/7.jpg

v =

TunrsawunkuuaIera@aLiivauansklsnig rangnandlngasinishuInana@anns i

Y

AUNTHAUANTI

8. Inssvguszamiian (Neural Network)

Tassneusvamiiten [21] Wunidunguiuszinn Supervised Learning Aiuftaymn
#an50a008 (Regression) wag n133uun (Classification) wagdsannsatassyndld
521U Unsupervised learning wag Reinforcement learning #ann15v191ua99lAT991Y
Uszamidley fie msuszanaaflsddula q tneldnisusznevfuvesileadduildiudady
(nonlinear function) fiSeudienaty 4 Harfdu

8.1 nzviunsaswilintureslasengussaniiivu
1) a$aunis@adusiuay 2 deidu andaudsiu anduihaunindadu
sanualusinu flesdunsedu (Activation Function) tieas1saunislaiadu (Nonlinear
Function) fsnwdl 19 azfimsuvasinaumsadunse @) iiuileddunseduduaunislsl

WA (@e)
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sigmoid » __RelU

R(2) =max(0, z
8]

1

1+e

otz) =

AW 19 mMsudasileiduding Hendunszedu

fiyn : https://i.ytimg.com/vi/DDBk3ZFNtJc/maxresdefault.jpg

2)  daunsld@adugey q waid urusgnaudutieadieaiantunadns
(Output Function)

Input (x) versus Output (y)

2500 1

2000

1500 1

1000~

Output Variable (y)

500 A

® Actual
04 @ Predicted

—1‘10 —I20 ll) 2ID 4IO
Input Variable (x)
AN 20 waanshlavngunisid@adu

fian : https://machinelearningmastery.com/wp-content/uploads/2019/12/Scatter-
Plot-of-Input-vs-Actual-and-Predicted-Values-for-the-Neural-Net-Approximation.png

07 20 Teldaunislu@adu 2 aunisunusenuiudaazlanasnsidusansinddy

8.2 drulsznouveslassiieuszamine
dulsznouiiddvedasmieUssamiisnuszneulude 4 @ feil
1) Hidden Node
2) Hidden Layer

3) Weight & Bias
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4) Activation Function
8.2.1 Hidden Node
Hidden Node fte flerduilintuludureunadnsdils (Output Function)
vaslassadsUszamifion sanmdi 21 Tnersnaunsinatslutes Hidden Layer asugnads

Hidden Node WazazianuIUmNAUIILIUTDIAUNT LD LAY

Input Layer Hidden Layer Output Layer

Hidden

\Td_e,l/\/g;t_éh

@el j—= Output 1

}—~ Output 2
Input\

node 3

Hidden
node 3

A 21 1aseadevaslassvigyssanniiioy
fian : https://ujwlkarn.files.wordpress.com/2016/08/screen-shot-2016-08-09-at-4-19-
50-am.png?w=498&h=368

8.2.2 Hidden Layer
Hidden Layer Ao $ufiussq Hidden Node 011f sl 21 Tngasd
$7u3U Hidden Node wiriu 3 Tneialulasiadweddaseneussamifieuasd hidden
layer $1uu 1 3 Wiy diluanndn 1 9y %Lﬁuiﬂiaa%ﬁwmmsﬁ‘auiﬁuaqm'%'am,%aﬁﬂ
(Deep learning)
8.2.3 Weight & Bias
Weight & Bias fie &uUssanin1sin1ssiufuvesaun1sdunss (Linear
Combination) TulasseUsyamiiien fezwanslimiuiannuduiussenineiuysiu uas

mudsnn sedlassneUsvamidion Tnea dinin w3e weight (W) aziduduussandnam

Y

a

fusus @t luwea (b) azfududssansiuiniiudnly
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@%‘
@ g
=

w22 aunisigniiisdnluTunisAruinvesimin uag Bias

iy : https://static.packt-cdn.com/products/9781788397872/graphics/bc193cfl-aebd-

432e-9f21-e86¢1fd45160.png

FeanINd 22 agdinnsunan dwmdn (W1, W2, W3) whluamuasialulaseiielssamiisulng

o [y a v . . L = a < v &
A15%1N1550 UVRIANNSTEY (Linear Combination) #9agiinistduaunisiamadl

[ _ pi [1] [1]
"= b1 TW X+ W51 X (5)

Taen

wl Ag drmindidernann feature 71 2 lgstnundt 1 lu hidden layer uii 1
b e bias fidwinlugluund 1 Tu hidden layer $ufl 1

lnedyanual wil annsoesunelasail

Superscript ([1]) Suvestuiimdfionsan

Supscript (2,1) avUsznaulumeadian 2 A

1 v

fa (2) Ao anuvedluualugunsunt Tundas x,

v a

fav (1) Ao arnuredlnualutuiiasiasun Tundse z;
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[1]
Wi zy — ay

zy —— aY

(1

2N 23 1A59a319909lAsneUssaE M Rg UL UULAY

Ny : BilsFeunULVIved Deep Learning

(%

NANT 23 ansathundeudivin way luwed veusaztulviegluguuuuveaunninla

il
o Hidden Layer Ul 1 f9gun1s 6
1] o[22 1
pi — [bl[l]bgllbs[ll:l Wi — W{J W{z W{s (6)
! 1 a1 a1
W3 W W
° Output Layer A3aun1s 7
Wl[out]
b[out] ~ [b[out]]’w[out] ot Wgout] )
W[out]

3

8.2.4 Wﬁﬁﬁuﬂizﬁu (Activation Function)

1Y) v o

ilaidunsedu Ao Heduivimiiuasauns@aduliduaunishidadu
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Linear function Nonlinear function

VA

-
v

(1,1) [
(-2.-s1f :

A 24 mMsudasaunisidadulieglusuvasaunisiluwaduy

fian : https://dr282zn36sxxg.cloudfront.net/datastreams/f-
d%3A2df568775bdb32115c2fe0c3c79d14571b395fe385cc93ce0278d490%2BIMAGE T
HUMB_POSTCARD_TINY%2BIMAGE THUMB POSTCARD_TINY.1

nnmd 24 Wunsulasaunsdaduliedlugvesaunislidaduneuihuuseneu e
1% Y % ' = o v s o D %

asvaunisuaans lulassafvedlassieUssaminieuniinisldilandunsedu dunalaan

A 23 gnasdundulunisudas z i a Tneagdnisldilandunseduifianudievey 4

JR A9l

1) RelLU

=

Rectified Linear Unit (ReLU) fia #landuiiasiaaunsiiadu g
nswWasuwlasanuduegnmiunauinge 0 lnediteulusisil
o iladunmvesilantulANInNndl 0 wdAvesleaituaziniudung
A a f v a1 4 ! A ] Y v 1 & o ] (Y =
o Wedunmvesilanduiiadosndn wsewindu 0 udrAvesilanduazviniu 0 &9
anunsadeulvieglusuuuuvesaunis asaun1si 8 uazwUaslveglugunsimidaning 25
2:2>0

ReLU(z)={O_Z<0 (8)
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Linear Activation Function ReLU

AN 25 NskUaENN1ISTREUA8WINTY Rel U
fian : https://assets-global.website-

files.com/5d7b77b063a9066d83e1209¢c/60d24d1ac2cc1ded69730feb relu.jpg

2) Parametric RelLU

Parametric Rectified Linear Unit (Parametric RelU) fio fanduidl

anwazAReiU ReLU uiaguanasiuluseuly e
A a s A 1 1 ! 6 o | voAa
o iadunmvealaituilamunndl 0 Avesilentuazviniudune
o WesunmvasileiduiiAdosndt v3ewiniu 0 udiAvesleanduaginiudunn ao
YR a ~ o 1 = a D2 Y] = D
fuArAmAmlanNINnIY 0 BeanansaWeulegluguauns Awaunisi 9 uazuuasliegly
SUNS NN 26
z,;2>0

PReLU(z):{aZ_Z<O v (9)

Parametric ReLU

fly)

Linear Activation Function
fly) =y

fly)= ay

AN 26 Msulasaunsiauduaedendy Parametric ReLU
fian : https://assets-global.website-
files.com/5d7b77b063a9066d83e1209¢/60d24887a3d0cc7966aalaa’_pasted%20imag
€%200%20(12).jpg
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3)  Sigmoid

Sigmoid A faftunisuuasedunale q Tregluga (0, 1) Fdl

v o | Y

Nedunngiing —o uddrAvesleituazgng o

Y Y

[ ]
—

v Y

o iledunmgiing o umAvesiliiduaging 1

Y Y

Tnaiduilanduiniswdsuidasanuduiinudulve Jeeunsadeuliedluguuuuvesaunis

I9saannisa 10 wazaunsawanadunslasaning 27
1
1+e?

(10)

o(2)=

Linear Activation Function Sigmoid / Logistic

2 27 nsudasaunsiBadunlenendy Sigmoid
fiyn : https://assets-global.website-
files.com/5d7b77b063a9066d83e1209¢c/60d24547f85f71e3bd2339f8 pasted%20image
9%200%20(5).jpg

namd 27 feidundinsdsunlassiinsdsunlasenuduiifienudulua d
LAnFnsINMsUasuLUasPLFUTLART Y RelU o Parametric RelU
4)  Tanh (Hyperbolic Tangent)
Tanh Ao flaiduiindefiu Sigmoid Function wvzdAnuaIny

WANANAUTIYIVBINATNS 1Al Sigmoid Function diAag4e (0, 1) Tuvaue?t Tanh fidnag

Y

Tuaag (-1, 1) Feilanwauznana Uil

o iladunmgiin —oo uddAvesleituaraiing -1
o ledunmgiing o uwarvesilnduazgiing 1

U
Feanasaeuaunsansaun1si 11 wavedluguvensmanunini 28
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tanh(z) = —— > (11)
e’ +e

Linear Activation Function Tanh

2N 28 N1sUasaNNSIBBAUNBHINTY tanh
fian : https://assets-global.website-
ﬁles.com/5d7b77b063a9066d83e1209C/60d246555eObd43f4bf17b77_Group%2022.jpg

anansaaguanuuandsvelesndunseauns 4 win ladwmnsnedn 2

M1919 2 NadSeuiisuvesiandunsedu

landunszau YUIAYBINIATY UShafiinmsdsuulaseudy

RelLU 0, 1) LﬁmaaﬁﬂﬁﬁﬂLmﬂq@uwmmmd’] 0

PRelLU (-1, 1) LﬁmaaﬁﬂﬁﬁﬁLmﬂqﬁuwmmﬂﬂdw 0
Sigmoid [0, o) fimsasunasiaula
Tanh (-0, o0) finswdsunlasiiaulua

9. uwanwasu Edge Impulse
wnanwesy Edge Impulse [22] Aip uwannasunisimudmsun1sieuiveniag
¢ a v K 4 - = Y q‘
uugunsal Edge Inen1sieuiveAIesuugunsal Edge Aonszuiunsisenldngulns
FeuiveuAToIuLgUNTiUTEIIANATNIUSUTOULRNYBIATEUY Liadndula uazAIAN1Tel
Welvlalndidgsduunasiiuivesdoyauiniian n3eisendnedn9dn Edge Artificial
Intelligence %50 Edge Al n1sldauvaunannasy Edge Impulse aasisyndoya Hnuy

luna wazimudsedansanvedlavsislaviaiuvugyunsal Edge laq daud

lulasaeulnsaiaes giin (Microcontroller Units MCU) fildnadsausiunnluauiianuly
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Uszunananai (Central Processing Unit CPU) ag InUszultanansiniln (Graphics

a [ a

Processing Unit GPU) 984 Linux NAUSZENSAIN AININH 29 Lanidediog1en1siauilag

nsldunanesu Edge Impulse

Sleep analysis

7h 32min

Vibration

A Motion anomaly

AN 29 A28E19INTHAIUIVLUNAANBSY Edge Impulse

fian : https://edgeimpulse.com/

unaslosy Edge Impulse axdfin1siSenldenilausi3 Edge Impulse Python SDK s
Wulavs3adglunsiamiueundindunisseuivonaiesdmivgunsal Edge uas loT
w31 Edge Impulse Studio aziflunisuannaivendendmiunszuiunssiusudeya
wazilnduluma Edge Impulse Python SDK fanndl 30 8nviedsanunsataelunsiluma
Y93AMLDS %30 Bring Your Own Model (BYOM) snldmalusunsudsiiamn uazilnnuuy

uwannosuladle
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#
l

profile()

- EDGE IMPULSE

TensorFlow
O PyTorch Q
@ @ Python SDK > i
ONNX @

AN 30 31JLLUUﬂ'ﬁG&m°1°ff1aU5ﬁ Python vuuwannasu Edge Impulse
iy : https://84771188-files.gitbook.io/~/files/v0/b/gitbook-x-prod.appspot.com/o/

PNANA 30 azdinsiBenldeulausis TensorFlow, PyTorch, kag ONNX Ul Python SDK
lddmiumsinasulumavunisldnuiig q lngazauisadesnlunalieglusuuuuves
A9 C++ 950 1ausis v Arduino IDE 16 lassadsvesunannesy Edge Impulse 1July

FININT 31

. EDGE IMPULSE @
DEVICE-AWARE OPTIMIZATIONS
Data - Camera
) Google Cloud — &
Dataset & feature
optimization .w Gateways
Model S
Ho
—* Model performance
TensorFlOW optimization R Health devices

Active Learning

2 31 Taseas1sunannasu Edge Impulse

fian : https://edgeimpulse.com/

AT 31 Tuuwannesy Edge Impulse azanunsasenldnugunsainisiseuveunIas

= & & v s = & v 1Y
"?NLﬂUﬂqiLﬂUm@%aﬂqﬂﬂqﬂu@ﬂLLW@WW@?N ‘NmmmmU%@;ﬂalﬂuu Google Cloud Hlag
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Fonldaulausn3 TensorFlow lngagiinisdsdeyaluflinasuuuunannasy Edge Impulse

wavdeanuuuaUnsaling q Wu ndesasla grudeya Wuwes wazaunsalileiasiig «

10. Arduino Nano 33 BLE Sense

saa <

Arduino Nano 33 BLE Sense [23] {ululasneulnsaiaesaifvuinian awise
Weurougys wasliwwwesivanvatenigluduaios wmunzdmsuliilugunsniaiuld us
Tun1sweuseugys n1sdearsazilunisdeanslussuen1afidnda Arduino Nano 33 BLE

Sense HaNWULAININA 32

NN 32 Arduino nano 33 BLE
fian https://cdn.shopify.com/s/files/1/0438/4735/2471/products/
ABX00030 03.front 643x483.jpg?v=1626445239

Arduino Nano 33 BLE Sense fin1sldauiiuseiuln 3.3 Taad wiounsfiduwes
Annsnglufsning 33 Usenaume
< (5 = = 1 o L3 !
e lupa LSMIDS] Wuwesinusaies 9 unu Famnzuinisiiluldlugunsalaiuld
e luga HTS221 Wuwesinaudu wavgaumnl Jamnuudugroaninwingey
e luga LPS22HB Wuwesinmunaenia
e lupa MP34DTO5 lulasinu In155uides uazdiaseideanauianas
® luga APDS9960 Wuwosviing wagliuwes inAnuduveauas

(%
v v A

annsdativimsl¥audeansluguuusng q danmi 34


https://cdn.shopify.com/s/files/1/0438/4735/2471/products/
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NANO 33 BLE SENSE

(]
1.0 = [

Q Color, brightness, proximity and gesture sensor
Digital mierophone

’ Motion, vibration and orientation sensor
Temperature, humidity and pressure sensor

Arm Cortex-M4 microcontroller and BLE module

A 33 Wuweasnnelu Arduino Nano 33 BLE Sense
fian : https://content.arduino.cc/assets/NANO-33-BLE-Sense_sensor-

indentification.png

ARDUINO
NANO 33 BLE SENSE

RGH LED

Pa-13 [ENTRRGT)
L _Pousr [ 109 EECTRCTID)

SR ISR BEE Fise DU
ETH TS
e [

CEE D
T IR
GET D
TG

DA
seL

[l cround [l Internal Pin [ pigital Pin ] NMicrocontreller’s Port
W Fover B swo Pin [ analog Pin

M eo | | other Pin Default

AW 34 YIN1519919UU Arduino Nano 33 BLE Sense

fian : https://content.arduino.cc/assets/Pinout-NANOsense_latest.png
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10.1 Tugawnsevieliaeugys (Bluetooth)
n1sdeansuu Arduino Nano 33 BLE Sense agfinisdeansniiuugys deasdivia
Bluetooth Low Energy uas Bluetooth Unfigadumnuunnsieain Arduino juéuﬂ 1y
ansaiSenifuaieviel¥anerulausiduy Arduino IDE

a 1

10.2 Mmsldnunemulyayiusehivg
AaaudAnanuas Arduino Nano 33 BLE Sense g n1sasisluna wagisenly
31U Edge Computing (Al) Fsaziinisisenidaunisiseuivedaseuindn (tinyML) wae
I v = . A = 1Y) 9 .
fimsldanlausns TensorFlow Lite WieHnaeuluing wazdnlvantayaasuu Arduino IDE
10.3 Wumo3InAULSIULUBSA Arduino Nano 33 BLE Sense
Wuwesinanuss Wuaunsalinsaanaliiinldlunsinusaseeniug Tnouss
Aananolunsensd Wy usalduaiweolles violunsdvesaunsalindeunviuiuuin 919

p= a o v a = ) &
flpwdnlunissuinsedeuln vsemsduasiiiou

>
e
> N

< S o/ 1
AN 35 L TUBTIAAUIINUKNY 3 WA
41 : https://docs.arduino.cc/static/9e9684428f34654987134e 7f756a96¢1
/Gefd9/nano33BLE 01 acceleration.png
4:4' ) s | Ay v sw v
INANT 35 ATiiFuwesInANNIAURUSAUANLLILNY 3 kN Usznaulumeniy
WUALNU X Y LAY Z
10.4 WuwesinAMIEINITUYUULUESA Arduino Nano 33 BLE Sense
< 5o < I ¢ al o o a <
Guwesiannusinisvywdugunsainaiisadniassnwiiania luainuss
Bayuvesingld Wuwesinauidinisguiiauamiininduwesinnnuss Weswn
41115079AMUBY LaEN151UWIAIUT1990TRg e TuvaeNuInsAusansadala

LRNILATHARDUTLTUEUWI UL
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AN 36 WULETIAAMUTINTRYUAIULAY 3 UNY
fian : https://docs.arduino.cc/static/50da87a0ccf262ca858130f09ab0cd91
/Gefd9/nano33BS 03 gyroscope.png
NNl 36 ailiduwes inauiEinmsyuiduiusfumunuIny 3 uau Uszneuluse

ATULLUILLNU X Y LS Z

11. Arduino Nano 33 loT
AaNURvaNved Arduino Nano 33 loT [24] wenmileainnsiinisldnudueesi
uivarnuanglawuieanu Arduino Nano 33 BLE Sense uadeidsfaliinisldeu Edge
. ¢ a Y < ¢ ) Y AN = '
Computing (Al) UuUB5A kazdin15lE UG ULesINEY 6 WAUYITUY 19ARDINITIWOUAD
)

deansliareviaugys way Wi-Fi dalagdrulngjazirluldaunisdu loT Wundn lne

Arduino Nano 33 loT SanwaueaInIng 37

AN 37 Arduino Nano 33 loT
fian : https://store.arduino.cc/cdn/shop/products/ABX00027_03.front_e538f30f-Oeaa-
4055-82b9-1d7aad68b3ed 804x603.jpg?v=1629821421



39

ASIE9U Wi-Fi waz Arduino loT Cloud

Arduino Nano 33 loT fin15auaanutAIac1e Wi-Fi tiiea@s1e Arduino Access

I
Y

Point Faduni1siamseuliuuuesa Arduino Nano 33 loT lneluga Wi-Fi ifnAsiiyedn Wi-

Fi Nina fan il 38 uenanniideiinmsideusiefuuinis Cloud s 9 U
® Arduino’s Own loT Cloud
® Blynk
® |FTTT
® AWS loT Core
® Azure

® f[irebase

a8 Arduino Nano 33 loT azfu1n15auaInIng 39

NINA-W1082

nw 38 Tuga Wi-Fi Nina
fian : https://docs.arduino.cc/static/b825f25b5e7ec7c604487af090947c6b
/29114/nano33I0T 04 sensor.png
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ARDUINO
NANO 33 ToT

LED_BUILTIN
(Di3)

SCK (561) crn (5¢1)

COPT (5C1)

+3v3
AREF
pace/aIn[e]
atul1al
ATN[18] A2
ATl 18] = IS
spA (sc4) s R
SCL (5¢4) a5 [IED
amul17]
AIN[11]

we.
- 5 N0
H =)2=
| BEE

Do

{ RESET } RESET

W cround Internal Pin [ Digital Pin Microcontroller’s Part
B Power B swo Pin | | analeg Pin

B Leo [ ] other Pin Default

AN 39 VIN15IUUY Arduino Nano 33 loT

fian : https://content.arduino.cc/assets/Pinout-NANO33loT _latest.png

12. lulaspoulnsalaes TTGO T7 ESP32 Mini32

TTGO T7 ESP32 Mini32 [25] \Uuuesn ESP32 fluuiaidnnsziinsn s1A19neenwuy
liaunsadsufiuwesianeuuu wazan aenuluSes o 1a vlvazain lddeieans
anANURANAIAtUNISWeNsEiUaUNTal AAUaIAlATINRITITIMUAWEIIIIN USB d1u130de

sda > v N a  ea = o 9 o saly w a & = ]
wusmessameuls wazdlialntdUn/iln Mlilsendauunmasslauingadu aunsodeuse
Wi-Fi wazugns danudenlunisirluvindugunsel 1oT vuiadn wu Inuedmiuin
gaungiinudududinisudaieuniulal nouaninanie Blynk nievinlusian loT

Wearable 1Jugiu Inednuwazues TTGO T7 ESP32 Mini32 1usan1nd 40
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2 40 lulasaaulnsaaas TTGO T7 ESP32 Mini32
fian https://ff.\lnwhile.com/ /ff/_raw/km/xk/zf.png

fs—31.2mm ———&>|

AN 41 YUIAYDY TTGO T7 ESP32 Mini32
#iun : https:/ffinwfile.com/ /ff/_raw/15/3f/lh.jpg

1A MA 41 YuIRYes TTGO T7 ESP32 Mini32 fvuratdnnine 31.2 fadluns 812 39.0
laduums

TTGO T7 ESP32 Mini32 aunsaldanuluiu loT livaesuwuu wu gunsalaunsv
Taw auddldruluszdvgaavnssy ananuansatunisldnuiuiudumesenee wu 3a
RRIVEHY wazAuty Tanszudlili Yaszaznng defuaing vieIiadiiemuaunisidale
MshauvesgUnal msdsdoyarn Wi-Fi i server msudaiourinu lay Bua wazdu o
anu1nuty lagUnfiuad TTGO T7 ESP32 Mini32 agld Arduino IDE lun1sleu

lUsunsuAIuRu Wuldeaiu ESP8266 way ESP32


https://www.arduino.cc/en/software

a2

13. Tuga GY-MAX30100
Tuga GY-MAX30100 [25] 1uuwesinAranuduiveseendiauluiden wazin

gnsnswiureidle lneneludlugassusenaulume

® 150a LED @9n9 Masakasninnugneaunauisasvdlulnaduludenls

® 1A50979733ULES (Photodetector)
Ingazdinsuszinanavesdygalususuunowiasn dndusuniudiensiadudyy s
ITUALINTINITAUTDWII Laga GY-MAX30100 vuainunasdieln 1.8 Tiad uag 5.5
saa & v

Tad tazaiunsalanisyinanulaniusenawsiiidntey vnlvarunsa@eunawnasatalnle

naoanan Tneluga GY-MAX30100 flwun wazdnuafaning 42

13 mm

AN 42 ‘U‘lJ”IWlJ’eNIlIQﬁ GY-MAX30100
i : https://www.az-delivery.uk/cdn/shop/products/max30100-breakout-board-
integrierte-pulsoximetrie-und-herzfrequenzsensor-losung-kompatibel-mit-arduino-

und-raspberry-pi-937721 1024x.jpg?v=1694707898

13. WWsunsy Visual Studio Code

Visual Studio Code [26] 130 VSCode \Julusunsuiilflunisudly wazusuusidldn
Wunusenlulasyenn dnswuieenulusuuuuvedewmiugesa Jsanunsaunanldeu
¥uuvladflenldane 33 visual Studio Code tu wnzdmiuinwaunlusunsuitgosnisly
sudruuwanedy seadunsldnuicun Windows macOS wag Linux atfuayuiianius
JavaScript TypeScript uag Node.js asnsadonsonu Git I deiunldouldhelidudou
Tnefinnansansadusunsusennd 43 findeslodiuveissng  Whdenldegrannuin

bYU


https://www.mindphp.com/%E0%B8%84%E0%B8%B9%E0%B9%88%E0%B8%A1%E0%B8%B7%E0%B8%AD/73-%E0%B8%84%E0%B8%B7%E0%B8%AD%E0%B8%AD%E0%B8%B0%E0%B9%84%E0%B8%A3/2159-microsoft-%E0%B8%84%E0%B8%B7%E0%B8%AD%E0%B8%AD%E0%B8%B0%E0%B9%84%E0%B8%A3.html
https://www.mindphp.com/%E0%B8%84%E0%B8%B9%E0%B9%88%E0%B8%A1%E0%B8%B7%E0%B8%AD/73-%E0%B8%84%E0%B8%B7%E0%B8%AD%E0%B8%AD%E0%B8%B0%E0%B9%84%E0%B8%A3/2124-windows-%E0%B8%84%E0%B8%B7%E0%B8%AD%E0%B8%AD%E0%B8%B0%E0%B9%84%E0%B8%A3.html
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1) ms@alinunsideulusunsusug v e Co+ CH Java Python Dart
PHP way Dart tJusiu

2)  annsausuusadule

3)  @wsansideudeRnnalnvelusinsuladng

4)  Tntneng Commands Algauladne

) Visual Studio Code 1

& new features and fixes from September.

Code editing.
Redefined.

Download for Windows:
Stable Build

~

e o ==

AN 43 NUIE19N15AAAY Visual Studio Code

iy : https://www.mindphp.com/images/knowledge/012560/MT19-27-10-6002.png

ANLANANTZUIN Visual Studio Code Wag Visual Studio

1) Visual Studio Code l@vnn1senlugiuvadnIsesnwuy GUI aanidonanis
uAlaTususnuRsvinlvaalusunsu Visual Studio Code finslduditioandn Visual Studio

2)  Visual Studio Code @1unsauuilgarulans sessunisviarudiy
uwanWesy 39 Visual Studio Tdanansavhauduuwannesuls

3)  Visual Studio Code wurzlunisldemuiBounonnaindulnsdnsisions

Visual Studio U@ NS UL ULDNNAATUUUADUNILADS

14. Flutter
Flutter [27] A WSUASNAEAS19 User Interface (Ul) @ASULDNNALATUUU
Insenvidatenaunsayinaudnuwnanasulanaszuu i0S way Android Tunafenniy lae

ity Flutter Tuazilunien Dart Fagnimulag Google waziiddgfeoilu open

source Aanunsaltaulawuuluialgane den i 44 Flutter anunsadrluwaiunlanauy

A @

Insédwiilede Bules wazmouRmes


https://www.mindphp.com/images/knowledge/012560/MT19-27-10-6002.png

aq

Native Mobile Apps:

Loved and used in production by
thousands of Developers,
Startups and Enterprises

Flutter for Web:

In Beta now, but has strong

support from the developer
FI utte r community

Develop for Mobile, Web

and Desktop Desktop Apps:

MacOS Support: In Alpha
Windows and Linux: Under
Development

2N 44 Flutter Tuszuunngs
iy : https://cdn.sanity.io/images/ay6gmbé6r/production/
52566e987046623a25e2f40a11fa99bbd9fdddd2-2240x1260.png

7.1 9ALAUVR Flutter

WIdundnues Flutter Ao 52UU Hot Reload Taeileinmsveaey, nsais wie
n3nserineneg funtheaenndinduazdeinisilnandislivthuenndindudnam 3
52UV Hot Reload azdhuntsluduresnsiivanlasgaiuvesszuuiienisanszernani
Hlunssivanvilinisiau Ul veswenndieduiinnusinddu funmil 45 uazdedaainu
duq fiaelinsimundululdnetu liesdu Buildn fivaelunisesnuuu Ul Tieny
@20911897Upg1s Material Design waz Cupertino ((05-flavor), Swlsuiisniignelinnsii
wodlduAg 9 wazdiaunsalderusiudu IDE W Visual Studio Code wag Android

Studio

AN 45 A29819N15919U9LUSNSH Flutter

i : https://miro.medium.com/v2/resize:fit:828/format:webp/


https://cdn.sanity.io/images/ay6gmb6r/production/
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7.2 3An08YRd Flutter
Tnedoidedo nsliniw dart lumsdeu Felasdrnilnaflhennsalveanuidsll
\Duluwsvans wazdsnuiifadnogidesan Flutter Sallammnlaliuuinidedisutu wis
(350w q 9813 React Native Aifldsnunisldauineutrdlung Jailrdoyasiie q sl
wawwinfiaas vlinafidymiiesfunislinuentrsdesnsiadeu Tnensiuieuiisuves

Flutter fU React Native LansfianIng a6

vs React Native

Language Stack JavaScript
Architecture Flux
Performance e .‘; "ls

User Interface

Community Support

Testing Tools
Development Time

Hot Reload

Stabllity

2N 46 N13UTBULNBUTENIN Flutter AU React Native
fian : https://www.angularminds.com/site_data/static/images/flutter-vs-react-
native pinterest.png
15. g2udiaya Firebase
Firebase [28] Ao wnanwesufisiusinadesdlonis q dmsunisdanisludiunes

A 14 1 =

waaU1u (Backend) 38 grudeyaduilviannsoaiisenninduuulnsdnidofioldogndl

v

Usgansnn uardsaniian Alddneresnsnin gruteyarionsiiasizideya

Firebase HUSN15va18081983n 97 47 Iaganunsanuseanduidalasail

1) wdelunsadeuenndiadu
®  Cloud Firestore A U3N1INIFIUMsIAUToyAUUFWToYATT
anwaszidu NoSQL Tnetindanved Realtime Database %89 Firebase 1niaiudoen
®  Authentication feuini1sfiannisnisamzidoudildnuinany

AAUYY email-password waslnsAnyt Tuaudia facebook twitter github dmsun1s Login
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° Hosting A® Td1135U single-page web app landing page website
Fudud19nn13n1s n1sdeeen wasludiuved Custom Domain wuuLEsAN e

2)  PUBNSHANUSEENSAINVDILDNNALATY

®  Crashlytics Biadan1sUymising o waganunsansiadulnaess 1ain

a X 4 ° a o U A A
LﬂﬂGUU'Vlﬂ'ﬁ‘VlWQWUIVNINLL@WWQLWGUU‘UTJIVWWWW@JSOE]

®  Performance Monitoring YIELANINAYDIUTEANTAINAITVINIUYDY
190 wazdumasidin
3) MDA IIUTIN e

®  Google Analytics Ao faimiudeyaada waAnssuvedlinudlda

wenndinduuulnsdwidete uaznsaiaivienndndu InganuisoutangAnssuliagle

SRANGEIGRL

® Remote Config A® ﬁauﬁﬁmﬂﬁgﬂwwamawwﬁm%’u‘uu
Tnsesitiede Tudewemiiem

®  Cloud Messaging fia druflazyilionndinduuulnsdniilofodu

msudufauldlaenisdstorululavnunannesusis i0S uaz Android sauludisiuled

A comprehensive mobile development platform

EC g \«3

[Em——

aw 47 ﬂﬂSU‘%ﬂ’]iﬁﬂﬁﬁJWUaﬁ Firebase
i : https://miro.medium.com/v2/resize:fit:720/format:webp
/1*6fYdIDIZv2h0C8sID_jMWe.png
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16. sAdeTineades
Tud 2021 Abdulaziz Alarifi wag Ayed Alwadain [29] laldnslndulunanisiSeus

99AT94 1nen 5Ly heuristic optimized convolution neural network Tun1305299UN1T

v oo

duniinsfnsegunsaliwumesiuu loT Widuda lunsldnuwuwesegld duwuwesia
A3 Talsalay waziundlafiwas Wusianuu 3 wnu e Aldasdumin LNy x
y Uay z Ima’iumiﬁamﬂ%fmmﬂ%’lf]uim@a ZigBee LAYUAAINAUUNTNI0ABUNILADS 11
a 3 4 I d' a 3 a s LY} Ly} 1 4 ¥ A
nsfnnsgUnsalazluluniunini 48 lnefnAsusnm winen 11 93 M fuen wazdeils
Tun1nd 48 (@) WAAINISANRIAIUTIG AN 48 (b) LAAINISAAAINIUNLI AN 48 (C)
WARINISAARIAIUNEY AINT 48 (d) uansfisgunsalifumesnfnds N 48 (e) wansds
FU9STAAULTIANAADUAIULUILAL 3 AW AINT 48 () LAAIENNISHAAINANISNAADU

UUNUN0ADURULADT

AW 48 FegrensRnnsgUnsaituiges loT
fian : Abdulaziz Alarifi, Ayed Alwadain. 2021 [28]

TunsiniulananisSeuiveanios agldluwa Intelligent convolution neural networks
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Feature extraction
(mean, variance,

- Data # kurtosis, skewness,

collection ;
acceleration, DFT)

|

Multiple principal
component analysis
based feature
l extraction

Intelligent convolution neural 1

networks

loT wearable
device placement

N\
: S O O w9
Classification of falls 1 . l 200 B
from loT data - w0 8 ‘ 8

AN 49 ANSTNNIUVBITSUUANSITIUNITAN

fisn : Abdulaziz Alarifi, Ayed Alwadain. 2021 [28]

11t 2020 Dariusz Mrozek, Anna Koczur wae Bo [30] lrasnwuussuunsiadunisaulu
v o A A = v = a el = o &
Hasenglagnisidlnsdniillede wazn1sFeusvenases luaudfeianidumsldnuwuees
[y 1 [y} == (v d' = < & 1
Fan11us9 nazlalsalavuulnsdnniiona f3n1nd 50 (a) LandduguwasIAAINLTIUY
=

InsAwsidlotio uazn1mil 50 (b) wansdaduweslalsalaUinanudinisyuuulnsdwislieds

lunsasiadunisay wazludiuvesmsidnunisiSeuiveanses aznaaauniulunainuiu 4

Tuea Usznaulume
1) luwea Random Forest (RF)
2) Tuwna Artificial Neural Network (ANN)
3) Tuwna Support Vector Machine (SVM)
4) Tuwwa Boosted Decision Tree (BDT)

< P o g A
AN 50 L‘Uumj@ﬁﬂﬂﬂﬂﬁﬁuiﬂﬁﬂwwuaﬂa

1'7ian : Dariusz Mrozek, Anna Koczur, Bo. 2020 [29]
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NANISNAFBUAMULLUUGIUNITNTITUNITANVDILULAANG 4 laNaved RF ANN SVM hag

BDT #191 0.977 0.968 0.877 waz 0.992 auafu lassas19vesszuunsrdunmsauduly
MU 51

Local ML
model Azure Functions

\

Y -
‘ ; \ Send notification
¥ ¥ Stream >
< »
"k

Notification Hub Caregiver

Smart Phone Y

IoTH
with sensors oL Hub a B BLOB storage
Send
notification

> <

ML model
Caregiver Web service Cloud

2 51 1A59631990952UU Whoops §1%5UN15A592UN584

17im : Dariusz Mrozek, Anna Koczur, Bo. 2020 [29]

1u® 2020 Sheikh Nooruddin, Md. Milon Islam wag Falguni Ahmed Sharna [31]
lneanwuusEUUnTIITuN SN linUsiumudssanaunsalily 1oT lun1snsradunisduay
Iwuwesinniiuse luga Wi-Fi luga GSM uag buzzer Lidadeuiiaiinni1say sUkuy

1AT9a51909952 U0z TULUSIN NS 52 LasiTunouNITYINIUSINING 53

evices that can used:
‘ Raspberry Pi

Arduino

NodeMcu

D Smartphones

2

|

6

GSM

st have modules: .17
Aceelerometer
Wi-Fi Card
Grs
[ |

Buzzer

A1 52 1A59851999955UUNSIAIUNN5AY

17'i3n : Sheikh Nooruddin, Md. Milon Islam, Falguni Ahmed Sharna. 2020 [30]
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1. Data Collection ‘ - 2. Data Preprocessing - 3. Model Creation

!

Services to Handle 4. Training and Testing
< Multiple Connections _ Model
and Interaction with
the Model

5. Creating the
6. Deploying the
Model in the Server

AN 53 YURBUNITNIIIUYDITZUY

17'im : Sheikh Nooruddin, Md. Milon Islam, Faleuni Ahmed Sharna. 2020 [30]

Tunsduun Training Aldazilunsdu viselidu lnsasmleangns

Precision = L (11)
TP+ FP

Tagn

£
= a

® TP = &MYNUIEASINUNANTUSY (True Positive)

¥
=

® P = @wvhuielinsadudaiiientu (False Positive)
LayANULILE1aZIaINEns
TP+TN

Accuracy = (12)
TP+TN +FP+FN

Taen

' (%
a =

® TN = @MMu1eassivEAnTu (True Negative)

® N

FavihunglunssiuniinTuass (False Negative)

nafilafe laAAuwiugogi 99.7 Weosdud

Tul 2020 Huda Ali Hashim, Saleem Latteef Mohammed way Sadik Kamel

Gharghan [32] lseenuuussuunsiadunisaudmsuduienduiiiegeunselagliiznissu

] 14
fal a =

Toyadnman1saliiintu mewuweslans Inslussuvarldwuwesdnuiu 2 vin wuwes
winaziluwuweinAIuEe wuwesiNaefewuwes Myoware n1ssudideyaazld
Xbee 1umdeanslians Fusuwesinaiussanduluga ADXL335 SUAIAINLSIRIN 3

WNW Myoware WulwasazgnanfeuiInIvedUlieioindy i n1snsiaadulnily
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nanaile (Electromyography EMG) lngdsuuuugunsalinadnuisadaning 54 waziinig

a O = s v =
FARUIULYDIAININN 55

Lithium battery == MOSFET

Atmega 328P

Configuration
mercury tilt switches

Accelerometer——p Switch
XBee (S2C)

AW 54 sUuwuugUnIalinANEe

17i&|"| : Huda Ali Hashim, Saleem Latteef Mohammed, Sadik Kamel Gharghan. 2020 [31]

Accelerometer
sensor node

A 55 JULUUMSANAYUIRS

17‘3“ : Huda Ali Hashim, Saleem Latteef Mohammed, Sadik Kamel Gharghan. 2020 [31]
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AAn19n15aL YULUATLELLUNTAUFMTUTANIIA o) VBI5TUY
auluanin 971 0° 99 45° wag 910 0° 614 315°
aulugeun 971 90° 019 45° way 911 90° §i9 315°
aulu1amas 970 180° §l9 135° Wag 310 180° §i9 225
aulumagne 970 270° §19 225° Uay 1A 270° 99 315°

I1INNITNABBINUINTEUY wasnguiimunduliadussiugilunisulidaueygn 100

Weswud enuhiveaduwesodil 100 Wesidud

Tul 2022 Yuan Chen, Yuxuan Zhang, kagauy [33] laRmu1s8UUn15AARY
dmSulguneg1UIaNgee18lauNINTIRTUNTAN UG IUYRY computer-vision Tuauideil
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o ad o v = ¥ ¢ ! ' ) P G AY o o |
UIsn1snldnishnasgunsalaaldlundvesnisnsiaiunisay windulitedniney 2 Usenis
=}

0
1) UszansSamweaisnisnldnisusaiiutuliseaniniindsundnunddduinle T4
ANALAIANNAINITONEN
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2) AuAMUYesIsnsildnisuesudndudedlasunisusulse Wesanisnisdiu
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alagldnisueaiiunuuIndlneazilasead1auesssuusanIng 56 Taanny 56 (a) sty
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AR NN 56 (c) wansdeluganlyAe Building Information Model (BIM) d1115uns
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[T (a) A vision-based module for fall detection

Fall detection
e (alter)
Extracted frames from A
recorded video ﬁ’\ -
L ¥
L D
| Yes
Mo Falling?
4

Objective tracking

Skeleton classification

=T

»))

[ Status estimation

() A BIM-based module for indoor rescue routing

Spuke'.
—— =

Location of the injured

e 3 2 |7
Y —
Emergency transport Information retrieval

equipment choice from BIM models

Accessibility analysis

| J'. 2 ‘
QA=
; ,

Rescue route planning

| ) A cloud server module

~—
Internet

v Receive the falling alerts

| ¥ Notify the staff in an emergency

and rescue centre

AN 56 1AS9A31998952UU

»-))

i3 : Chen Yuan, Zhang Yuxuan, Xiao Bo, Li Heng. 2022

Input Video

Fall Detection

Object
Detection

Skeleton
Classification

Detection Results

Person Skeleton

Object
Tracking

Skeleton
Detection

Tracking Results

A 57 mwsanvasngefiiunldiunisnsiadunsdy

ﬁm : Chen Yuan, Zhang Yuxuan, Xiao Bo, Li Heng. 2022
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VAN TIRNINTIITUTRG, N15AARIY, NM1IRTITULATINTEAN, asn1sTuunlaseinTEan U

Y

wsn 35n1995993uTngazandunisiunnsuluInlodunmiiionT93uinguAnanIEn15a3e

Toyaduniaiinga 3nuY nadnsn1snsaTuluwlsusing q aswenlesiudmsunmsinniy

[

nouARa wazvunelarlsEdndl Nlddriuszgnitvualiiuudazing 3niu Taguanad

>

Anmuazgnieudnllutunsunisnmaiulasinseaniioaninlasinsegnvesusazau Joya
ManunavgnassialudinisSeuiveniaameluna Convolutional Neural Network (CNN)
Weduunanuzveaeryinduvselidulagazlinanimageuuuiugiuvenisus iy

a ¢ o ‘:4'
VDIADUNILHDIAININY 58

Falling Non-falling

RGB Images

Skeleton Images

AN 58 NSNAFDUNUITSUUNNIUN

1'7im : Chen Yuan, Zhang Yuxuan, Xiao Bo, Li Heng. 2022

NAUBINITVAFBUNITANUUNUFIUNTUOUTUTDIRDUTUADSUARAIRININT 59 HANITNARDS
wanslimdiunadnsndauudugrgalunisnsiaduianssunisan wWu ussaAmwlug)
94.1% warisnsausansalsziludemnualunisindewssnisuileds o lngiarsen

NMsGengUnsallunisvuds wazUguneuianie 9
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Video5 P
#1 (non-falling) #55 (falling) #60 (falling) #70 (falling) #85 (falling)

Video6
#26 (non-falling) #56 (falling) #71 (falling) #89 (falling) #106 (falling)

ol

! ’.1 sam B0

Video9
#1 (non-falling) #50 (non-falling) #90 (non-falling) #120 (non-falling)  #155 (non-falling)

AN 59 NAVBINISNAFIUUUINLD

ﬁm : Chen Yuan, Zhang Yuxuan, Xiao Bo, Li Heng. 2022
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ARDUINO

waulusunsusual
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IoT dralUsunsu
Arduino IDE
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1.1 NM1SSUANRNNATEIAA19NTRUlUNS LALR DA

58

lumssuanniasesiadreandulunszuaiden wxlilulasroulnsamesiduluga

TTGO T7 ESP32 Mini32 dadulugafianuisaldsiu wiFi lusi @ousiefuiasosind

sondulunszuaidion violuga GY-MAX30100 nssensasidulumunind 63

GY-MAX30100
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A1519 4 msﬁam’a‘luga GY-MAX3010011nululasaaulnsataas ESP32

GY-MAX30100 ESP32 Mini32
VCC 3.3V
GND GND
SCL GPIO22
SDA GPIO21

1NA51991 5 MsiTeusiovesluga GY-MAX30100 agldmsieusiaivn SCL waz SDA Tums
de uazfureamues Ingazidensoluinn GPIO22 uay GPIO21 ¥ea ESP32 Mini32 i
v Py SCL uag SDA AEd
1.2 Mssenuuusiiasesinmeendiaulunsyuaiien uazuanda
Tunsesnuuusiadesazoonuuulitinslfiuiiazmnauie lidasagldsm lne

aveankuulveglusuremimaulanuinudeiovesldnu Suauneenwuumiiasadlay

Tsuuuuveamsarinmeandiaulunseuaioniuuniuiinunin 64
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AN 64 ALATBINBBNTRUTUNTSLELIADA

Ingaginnaguigasluga GY-MAX30100 LifudiaTerindreendiulunszuaiionsanin 65
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2 65 M3sAnAsluga GY-MAX30100

Tunisesnuuudaases ESP32 agldlusunsy 123D Design Tuniseenuuu neaslaguuuy

AATDINININ 66 WAL 67

r'y
.

6.5 @il..

1.7 .|

0.7 @.

3

6.5 @il..

A 67 sUuuuvIangasld ESP32 (Auda)
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1.3 N15AAGY ESP32 Mini32 1a5897nA00nTaulunseuaiaan
n1sfnsenglunassazldauunnesstiansgaiioduunasaneluliiu EspP32
Mini32 Taeazlduusnassawion 3.7 12a¢ 330 daawauy-971ud #au1agil ESP32 Mini32
1179V ULUARBSS warluduvaUnasinfaintila Ua 1) A9n1n 68 AN 69 Ay

wananslunadnsa

ESP32 Mini32

ajad wWa/la

Battery
Lithium
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a1 71 nsaauldnSasinfisandaulunseuaEiaon
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NNNA 70 kanIDAaIInADaNTR Ul LR NRYINN1SUSUEBNUNIINLATDIRLW 3 TF

dothluanuldaslinsweusieduiduwes GY-MAX30100 agnguandsnng 71

2. N3PBNUUUTFUUATINIUNTAY
Tunseenuuuszuunsadunmsduiuadidlilasneulnsaweiidu Arduino Nano 33
BLE Sense dsaglfiduwasnieluvesa Arduino lun1sifusinisdu Ssaumaniagldunain
dumesinnuss waglilsalay Weldamartinasiuninsiinaouliea welildluea
nrndunsduiignilnaeulasmslinisGousveanies Tumafutoyaanmsduiildasifiuly
figrudeaya Firebase Tnsnsideuseriiuszuy loT Ssnsidenseiiazdadd Arduino Nano
33 loT WusiBeudefugiudeya Firebase lngaziinmsiuvesedomsradunsdudaning
72 ToluthaSuduardesimaifudeyafiamensduaniduwes welilumsilnaeulinna

v
v A

Huunsnes Edge Impulse Tneilsvazidunnisionsonsil
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misiwaudadvdiayanuu UART

dodioya
—
o

wowda IoT wWiu Wi-Fi Hotspot

OQ® |
ARDUINO | |
woulusunsudoe : I
i i
i |

Tsunasu Arduino
IDE

AN 72 ATNSIUVBILAIDINTIAIUNITAY

2.1 nsewste Arduino Nano 33 BLE Sense fiu Edge Impulse
Buduriin1s@ense Arduino Nano 33 BLE Sense Wniunsufinmastiunasn
Mnturhmsieudenesndnfuunanrladi Edge Impulse Tasvhmsfmuadogunsallunis
Tdsmunsifeusie (Nano33) Avuade (Label) vunnvesteyarimunlifl 2000 fadiund
w3e 2 53Ul (Sample length) Fmuaduwesiinesnisiauluiidmwuniu Buwesin

AMULRBY (Inertial) kAZANUAAIMUDT 100 LFSH FHININA 73

Collect data f
Device @
Nano33 v
Label Sample length (ms.)
ForwardFall 2000
Sensor Frequency
Inertial v 100Hz v

Start sampling

2N 73 Msivuataya



2.2 nMsiAuAAuEse wazlalsalad

msiuAirss uaglalsalay Weviinis@eusie wavimuadeyaiasadu awvh
NMIAUATABLAUIINTINIINITANTIUIU 4 e fell nsauludneantin (ForwardFall) n1s
aulut1anas (BackwardFall) nnsaulunnsdny (LeftFall) wagn1saulunnewa (RightFall)

AunaLnuvetruwesInause waglilsalavduludinn 74 Tneagladeyaundanind

75

AN 74 gunen1sinngunsal wazwuwasinnuse lalsalay

SAMPLE NAME

ForwardFall.35puo81v

ForwardFall.35puc026

ForwardFall.35punnce

ForwardFall.35punf2j

ForwardFall.35pun6...

LABEL

ForwardFall

ForwardFall

ForwardFall

ForwardFall

ForwardFall

ADDED

Jun 192022,13:...

Jun 192022, 13:...

Jun 19 2022, 13:...

Jun 192022, 13:..

Jun 192022, 13:...

LENGTH

2s

2s

2s

2s

2s

(% < 1A 14
AN 75 NaINITLNUATNANIINITAU



AccY AccX

ForwardFall.35pun6p8

GyroY

A2 76 nsinisauludraniin

GyroX

AccZ

65

INANT 76 zuansnnnsmilaaindeyavesnisduludimin wuidideyavesdues

AILTIANHLUILAY X, Y, WAY Z WNUAIE AccX, AccY, kag AccZ MUEIAU Lazlduesin

AUISATIYURILWUIRAL X, ¥, WAT Z WNUAIE GyroX, GyroY, wag GyroZ Auafy

ﬁélx‘if\]’lﬂﬂ’]iLﬁU‘ijaquJaﬂ?iﬁﬂﬂ?ﬁ'ﬂﬂmﬂﬁﬂllﬁmlléfaﬂﬂﬁ mﬂﬂu(ﬁaqﬁﬂmsmiﬁagaﬁ%éfaﬂ%

Tunstinaou wazveasu lnsluunanwesy Edge Impulse 9zA1RUATUINYDINTISHNADULIN

80% LATNAABU 20% FINTNT 77

SUGGESTED TRAIN / TEST SPLIT

Labels in your dataset @

BACKWARDFALL

FORWARDFALL

LEFTFALL

RIGHTFALL

80% / 20%

80% / 20% (40s / 10s)

79% /21% (38s / 10s)

80% / 20% (40s / 10s)

80% / 20% (40s / 10s)

2 77 Msudsdayaluuwanwasy Edge Impulse



2.3 89nLUU Impulse

| I3 A g Y
AONN1LLUUNITRDNLUY Impulse WaLdunN15as19

[y

1edne Tneaedisuuuy AInmd 78 wazditumnounisvinaudann

Time series data e Spectral Analysis o

Input axes (9) Name
accX. accY, accZ, gyrX. gyrY. gyrZ, Spectral features
magX, magy, magZ
Window size Input axes (6)
aceX
accy
Window increase
accz
Y
gyX
Frequency (Hz) gyrY
Zero-pad data magx
v
magY
magZ

Classification
(Keras)

Name

NN Classifier

Input features

v

Spectral features

Output features

4 (BackwardFall, ForwardFall,
LeftFall, RightFall)

a

Add a learning block

a

(1)

66

'
a

dyaaiianusainnIsinau

o

<

n 79

Output features °

4 (BackwardFall, ForwardFall,
LeftFall, RightFall)

Save Impulse
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2.3.1) Msmyvuaravesdeua (Time series data)
s dumsimussuavesteyaiifiosnislagazimunainnaniiviinisiiy
Arnnsauly 4 fienns Feezdinnsfivluszezinan 2 3und Sarhnua Window size # 2000
fadiundl ve 2 Fuil wazimuam uRvesteyail 100 Hz
2.3.2) AnTzvidygad (Spectral Analysis)
Turuideildvinisidonmuwesidenisiuninssidyyinie
wUlwesInAILISe (Accelerometer) wag IwuwasinAnsaden (Gyroscope) 91NN
80 9ziinsimundeyafiazdoslilneBuduszimuniinisnsesdyia deazldnsnses
Fuurauaanuden waziinuael Cut-Off mIuAT 30 185A %aazlﬁgﬂmwlwé’qmﬂmumi
nseedaanInd 81 arnturhnislinszuiunisniengindans Fast Fourier Transform

(FFT) Tumswenanudesnainjurauasladyyineanuituguuuuves Spectrum Power

(log) Fsnwil 82

Filter

Scale axes @ 1

Input decimation ratio ® 1 v
Type ® low v
Cut-off frequency @ 30

Order @ 0

Analysis

Type @ FFT v
FFT length @ 16

Take log of spectrum? @

Qverlap FFT frames? @

Improve low frequency resolution? @

AW 80 MIfnuatayAvaINITIATIERa I
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a1 81 nailianlurunsnIasdysIANaNT

2

Spectral power (log)

AN 82 FEYYIUVAIIINAIUNITUENAIND

Copy 1200 features to

clipboard

Raw features

9.6471, -1.0685, 0.4450, 1.4658, 3.1148, 2.3819, 10.6342, -1.1683, 8.5028, 1.423..

Copy 78 features to
clipboard

Processed features

5.4555, -0.2285, -0.3333, 1.3689, -0.0244, 2.9508, 1.9281, 1.4060, 1.1511, 0.992..

a

AN 83 AdayaNHIUNITAATIT R sy 8

Y

7 83 aziiulannAdyarasusuniidiuiuegi 1200 A1 Wenunsnsesdyny

warnsuenANudEIY FFT aglaaasambhanldeyin 78 A1 Wethraseilauwandusuuuy

N1INVDIAMUDASUAUNANIUY FINTNNA 84 Taan nd 84 (a) Aans nlaainainisauly
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99%UN ANA 84 (b) ApnsAlaanAIN1saLlUNIIN AT 84 (c) ABnsINALANNAINS

auludnanda waznwi 84 (d) Aensuileainainisauluniedne

a) Processed features b) Processed features
forward Right
0 60
& 50
= 40
40
30
30
20
20
10
10
[] 0
0 10 20 30 20 s0 0 0 "] 10 o 30 40 50 60 0
-10 10
c ) Processed features d) Processed features
backward Left
120 80
100 n
60
80
50
& 40
40 30
20
20
10
o
0 10 0 30 40 50 &0 o o
2 0 10 2 0 w0 50 60 ]

AW 84 nsmnlaIInAMHIUNITIATIZd YRy
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Feature explorer

@ BackwardFall o

@® ForwardFall [ ]
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2.2.3) Mmiduunteya (Classification Keras)
Tunsduundeyavzlivenanunsaimvunedlalu NN Classifier lnad

ayamdunisimsgidygrahuiduundeyaladuluwmanisiuieianianisduaes

e

(%

3978 Tuduspaunisinasulumadzin1sAruaA luaILYRINSAIANLASINgUS s A ILADY

Y 9

Ingazinuadiuasilunisiinasuegi 500 ﬂ%’qmmﬁﬂuﬂ’ﬁﬂﬂaauaﬁ 0.005 U9 way

ey

mMuualiinsmageuluinasznitenisilnaeu (Validation set size) og#l 20% Aan1n 86

Training settings

Number of training cycles ® 500

Learning rate @ 0.0005

Advanced training settings -
Validation set size @ 20 %

AN 86 N1SAIAINISENEBUTNLAS

lassadievedlasangusramazimualisudeyaainnisiasies
[ v [l :5 I~ 5 [ 3 ) Yo = =l 1 al
ayee 78 Jaya uazkuatuily 2 du lnswsastuazivualiiinisilnaeuy vselvunegh

20 uag 10 ua anudiv suiildazegluguvesnana 4 aand AefiAn1enisdy Asnm 87

Neural network architecture

Input layer (78 features)

Dense layer (20 neurons)

Dense layer (10 neurons)

Add an extra layer
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Tassasswedunaninisingewiieunnn@eulusunsunien Python aglasening 88

# model architecture

model = Sequential()

model.add(Dense(28, activation='relu’,
activity_regularizer=tf.keras.regularizers.11(8.80081)))

model.add(Dense(1@, activation='relu’,
activity_regularizer=tf.keras.regularizers.11(8.80081)))

model.add(Dense(classes, name='y_pred', activation='softmax'))

a 88 laseastsvaslunalunien Python

907 89 azuladunannasy Edge Impulse dnsBenldviudinszdu (activation)
1Wu ReLU wag Softmax lumauvie lagazaiuisoleunnuialasevneussainion laes

AN 89 WoAIWIIEIINTU Input layer AU Hidden layer aglanasanusining 90 lne

a
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a
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aun1sldwadulaenisihminsgduanldnulaeasiisuuuudning 91

4 Output Layer
AfNvAISAL
4 AAN1v

20 Nodes 10 Nodes
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WO+W1*X1+W2*x2+W3*x3+w4*x4

WO+W1T*X1+W2*Xx2+W3*x3+w4*x4

WO+W1*Xx1+W2*x2+W3*x3+w4*x4

WO+W1*X1+W2*x2+W3*x3+w4*x4

WO+W1*X1+W2*x2+W3*x3+w4*x4

Hidden Layer ‘ Output Layer

Activation functions

AN 90 NNSANUUTENINN Input layer nU Hidden layer

[— Signal Function
@ ReLU (WO+w1*x1+w2*x2+wW3*x3+w4*x4)

@ ReLU(WO0+w1*x1+W2*x2+w3*x3+w4*x4)
@ ReLU(WO0+w1*x1+W2*x2+w3*x3+w4*x4)
@ ReLU(WO0+w1*x1+w2*x2+w3*x3+w4*x4)

A 91 n151gANTZAY ReLU

dieshuimnsziululasseUszamidisuaslaodnnanunduraiavesnisunduluiienig

AN 9 FININT 92 wazazlaaunisvedlassneyszamiionnlilusideasaunisi 13

e

y:bo"'Z{ka fsig (bnk+zwikxxij:| (13)
k=1 i1

Ao lodnailla
Ao luwaasuau ThiaiuAULI U UU19ASS
A9 UNUinYoUdUNWONIZINN Input layer iU Hidden layer

Ao Heidunldnszduiouasuauns@adudulidadu Tunuideazld RelLU
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® Db, A luweaniiy

® w, A9 UntnveLduTeNIENIN Hidden layer iU Output layer

Output features °

4 (BackwardFall, ForwardFall,
LeftFall, RightFall)

7w 92 Ms3uundaya uazdayaildinnisdauun

2.3 Manegeuluaa (Testing Model)

nmnaevlinnaldliyateyalunimeaeulinasia 4 v wadunisiung
asauludnamds nsauludrantin nisanlunistne wagnisaulunnawan Wuedisas 10
loya
2.8 N13oust 10T (Intermet of Thines)
nsdeusarusyuy loT agldazifousns Wik iululasreulnsaiass Arduino

Nano 33 loT lagiin1sieusiariu Arduino Nano 33 BLE Sense ®Kuguhuun1siiausiouuy
UART gisnmil 93

Arduino Nano 33 loT Arduino Nano 33 BLE

AN 93 MsiTauRBUUY UART
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N138% AN 95 Uavn1ni 96 wansdivgunsalasanldau

&

=

4 E
=
[a]
<
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AN 94 KUURUNTAINTIAIUNITANUY 123D
Arduino Nano  Arduino Nano
_Battery 33 loT 33 BLE
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AN 96 LAINTIVIUNITVNAN

3. miaamwug']u%’aga

¥

Tunuideazgligiudeya Firebase Realtime Database lunisiiudeyavetigieny

q

wazdaua niounufuataauenisan ludwnisfivaeenduulunszuadendoundaagld
Firebase Realtime Database tiuAtaondaulunsziaidanfiainndnsiziaioondaulu
NILAADATDUNS

3.1 Firebase Realtime Database

¥ b4 v a

TAuteyavesiguanielide Users Wefguaasnadayddlinussuuagyinisadnag

2 I

gudeyalsenauludiste-uinana uastuailng fanm 97 Wevhnisiiiudeyadateny

9

£

AoansAnaunIsaNteyavzgniuiinuug uteya iefianun1saunieldve “Status” f

AN 98

b 8123456789

- Elderly Profile
b} -NWb2ABhGhi2gHWGJX0g
Firstname: "Sudarat”

Lastname: "Tokampang"

A 97 nstuindeyadauavugrudoya Firebase
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UnigueKey: -NWb2ABhGhi2gHWGJX0g"

Firstname: "Sudarat”

Lastname: "Tokampang”

2w 98 Yeyardgearengnduiinuugiudaya Firebase

Y
3.2 Firebase Realtime Database ﬂﬁiLﬁU%@gaéjauwﬁﬂ
< v A ) a = 1% ) ~ < v
ﬂ'ﬁLﬂUﬂJ@iﬁla“U@QLﬂi@@?@@@ﬂ%Lﬁ]‘UIUﬂigLLﬁLaEJG]‘EJEJ‘LJ‘WaQ %umammagalu

sULUUrRsTuninstudin TneasUsenauluing Jun et AdnsInTswWiuvesidle uaven

ponTulunszuaidion AINIW 99

8:20
1:30
2:40
3:50

3:"21:44:50"
1:"21:45:57

2:"21:45:15"
3:"21:45:20"
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4. MyoanuuULaNNALATUULINSFnviTiade
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Fall Detection
System

Fall Detection

System
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monitariny Profile*

Create elderly profile for monitering

FALL DETECTION
& VITALS SIGN

SYSTEM

Gender

Elderly Overview

Age:

| N
+

No Eldely Profile
Tabio create!
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4.3 MUWAAING
Tunisuansraveslusunsy azinisutseenitu 2 diu lneduusnidunisuanua
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Firebase Realtime Database fan il 102
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Pulse Oxymeter

Graph Data

AN 102 RUILEANAAIDNTINISHHUVDINII ANaNTRUluNSTwaLIRan



uni 4

NaN1INA|DY

HANNINARB9UBIsTUUATIVIndY TN uazihAnnun1sauvesgeens tnenans
naassladudenieg laun nanisinaeuluma nmsnageuluma nan1saaesluaiesin
pondlulunszuaion nan15vaasslulAIDINTITUAITAN LAZNITULAAINAUDINITNABDIUL

WONNALATUINIANNLeDD Tnearaduleazden nail

1. wan1seinaeuluiag

lovyadoyanisduia 4 fans uvinisiinaeulunaiuienisdu wui luead
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Wosidud fanim 103

Last training performance (validation set)

90.5% 0.24

Confusion matrix (validation set)
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2. wan1snagaulueg
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nAaauN1TANA1Y wiadu Anuuwtugnsduludnmd Sramds medie wasnnswdn ey

83.3 Wasud 83.3 Wasitud 100 Wasidus waz 85.7 Wosiud mud1su fan1n 104

88.46%
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3. HAN15a09ULASRINRaNTRUTUNS LA DN

Hamveaesluntetingandauluidionlaginsindugnaaes 3 viu anan1snaaes s

ANV 5 6 way 7

A1519 5 HANISNAFULATEIINBNTRUTIUNSLLELRDN AU 1

. 3 AitlenLATe AL AilFRnLAIe AT
1UIUATY
Heart Rate (Bpm) SpO,(%)  Heart Rate (Bpm) SpO4(%)

1 72 97 72 97
2 72 97 73 96
3 69 97 72 94
4 72 97 69 97
5 69 97 70 97
6 73 97 73 97
7 71 97 71 97
8 72 97 71 97
9 71 97 69 97
10 74 97 72 97
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(%

ANLEAANNLATDINWAILN

ATLAAINATBININTFIY

MUIUAT
Heart Rate (Bpm) SpO,(%)  Heart Rate (Bpm) SpO,(%)
1 80 96 80 97
2 82 96 83 96
3 82 97 82 97
4 78 97 80 97
5 83 97 82 97
6 85 97 83 97
7 80 97 83 97
8 81 97 82 97
9 82 97 82 97
10 83 97 82 97
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MUIUAT
Heart Rate (Bpm) SpO4(%)  Heart Rate (Bpm) SpO4(%)
1 75 95 76 96
2 78 96 7 97
3 78 97 7 97
4 78 97 78 97
5 79 96 78 97
6 76 97 78 97
7 78 97 79 97
8 79 96 79 97
9 76 97 78 97
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ABSTRACT. One of the greatest health risks for the elderly is falling. The effect of a
fall can be reduced, and prompt medical aid can be given. This study suggests a wear-
able system that employs sensors built into an Arduino Nano 33 BLE device to gather
information on patterns of falls by older people in various directions in real time. A neu-
ral network (NN) on Edge Impulse is used to assess the sensor output data in order to
train the machine learning (ML) model. Notifications are transmitted via a smartphone
connected to an implanted device via the Internet of Things (IoT) system. The results of
testing different falling postures revealed that the system has an accuracy of 100%. 100%.
90%. and 95% for falling forward, falling backward. falling to the left. and falling to the
right. respectively. Testing machine learning algorithms revealed that the newral network
(NN) was accurate at 90.6%.

Keywords: Fall detection, Machine learning, Neural networks, Edge Impulse. Internet
of Things

1. Introduction. Falls are a major public health problem. It is the second leading cause
of death among accidental injuries, secondary to injuries from road accidents. Falls include
falling on the floor, slipping, taking a wrong step, and being hit or pushed by others. This
includes falls involving chairs, beds, wheelchairs, furniture, etc. This often happens to
the elderly, and patients with muscle weakness. Falls cause more than 1,000 deaths per
year. For Thailand, the population survey found that the population aged 60 years over
more than 10% is likely to increase continuously. In 10 years, there will be an increase of
2,500,000 elderly people, and it is projected to reach 20% by 2025 [1]. Elderly people are
calling and using hotline 1669 for the cause of falls more than 50,000 times per year. Most
of the 65% will fall outside the house and 31% will fall inside the house. However, a fall
determines the type of injury that occurs, for example, falling forward or backward. Those
who fall will have to use their hands to maintain their weight, breaking their wrists in
the process. Also, rushing out of bed will make it difficult for the lower body to maintain
good balance, which can lead to falls in all directions and possible hip fractures.

The main problem is not falls and bone fractures but is the consequence of treatment
such as Osteoporosis and other physiological healing time. Furthermore, discomfort and
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the psychological effects on the elderly that followed because they view falls as a natural
part of aging or fear being hospitalized or restricted in their activities.

Nowadays, the technology is employed to care for the elderly and patients with mus-
cular weakness as well as to identify and alert in the case of a fall. The popularity of
applications in the form of [oT is more than before. This makes it easier to detect falls
in the elderly. Accelerometers and gyroscopes or cameras [2] can be used to improve fall
detection. For example, use mobile phones to detect falls in the elderly. They used the
smartphone’s accelerometer sensor to assess the value acquired as a fall and compute
acceleration. However, if the elderly does not carry their phones, detection can be chal-
lenging. Yet, there is a method that uses a camera [3,4] and image processing that is
practical for senior people. When an elderly person falls into an accident, the camera de-
tects the falling motion and alerts the caregiver later and in detecting the falling motion
by using shapes and body posture [3]. However, there is still a limit to detecting falls,
that is the camera position and where to install the camera. As technology becomes more
prevalent in daily life, fall detection may potentially be employed on body-mounted forms
or wearable gadgets for the elderly [6]. Wearable systems for fall detection come in a vari-
ety of applications. Either a wearable system that displays the results of falls through an
application on a mobile phone or a wearable system that utilizes an accelerometer sensor
and gyroscope is connected to the microcontroller communicates via a wireless system [7]
that is installed along the body. Another wearable system will use embedding a recurrent
neural network (RNN) or artificial neural networks (ANNs) in a wearable system on a
microcontroller unit (MCU) [8.9], and the crash data is stored on the board. For user
convenience, the majority of wearable fall detection devices are wirelessly connected. A
wide range of applications employ machine learning nowadays. It is not diffienlt to use
Al to fall detection by employing computers to make predictions and choices rather than
human beings. For example, having a computer judge if a fall is caused by data provided
by an accelerometer and gyroscope installed on a wearable device [10,11], the installa-
tion device needs to be so tiny that the elderly feels comfortable. The cost inereases as
more development equipment are emploved. A wearable fall alarm employing an Arduino
Nano 33 with a built-in accelerometer was recently developed using Google TensorFlow
to produce a notification model fall warning [12]. Nevertheless, in this work, only falling,
walking, and running actions were gathered in the model procedure. Due to this inability
to distingnish between lying and falling, no data is sent to the loT system for monitoring
purposes.

In addition to earlier work evaluating the literature, this study offers a concept for
developing a system. The proposed system makes use of edge’s artificial intelligence (Al)
1oT architecture, which processes data from the 3D gyroscope and accelerometer, among
other sensors, on the Arduino Nano 33 BLE. Edge Impulse is used to train the model
for falling backward, falling forward, falling to the left, and falling to the right using the
TensorFlow library. Moreover, the suggested solution would send data to caregivers via
an loT system on cellphones in order to inform and monitor them.

2. Principles and Methods.

2.1. Working principles of accelerometer and gyroscope for fall detection.
Health wearable devices require low power consumption and small devices, so the ac-
celerometer and gyroscope integrated into the Arduino Nano 33 BLE hoard for process-
ing provide this intelligence. The coordinates produced by the accelerometer and gravity
vector are shown in Figure 1. This fall detection system’s algorithm is based on real-world
data. Figure 2 displays an illustration of the sensor output in a forward fall simulation
when a fall happens in all dimensions.
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Figure 1. The 3-axis accelerometer and gyroscope for fall detection
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Figure 2. Graph aceelerometer in a square frame and gyroscope of falling
in left, right, forward, and backward

According to Figure 2, the output of the accelerometer and gyroscope will be signifi-
cantly different from normal events if there is a fall in either direction.

2.2. Machine learning for the fall detection system. Machine learning technology
plays an important role in fall detection applications [13]. In this research, machine learn-
ing was used to train models on Edge Impulse using the TensorFlow library. The resulting
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model was embedded in an Arduino Nano 33 BLE to predict fall events. The structure
of the proposed system is shown in Figure 3. From Figure 3, the data collection uses the
LSM9DS1 sensor installed inside the Arduino Nano 33 BLE. where accelerometer and
gyroscope are in 4 falling patterns (fall forward, fall backward, fall to the left, and fall
to the right) along the X, Y, and Z axes. The collected data is then taken to training
and testing data on the Edge Impulse platform. This section relies on two types of signal
processing: IMU Syntiant processing and Spectral features. Details of the analysis are as
follows. The IMU Syntiant rescales raw data to 8 bits values to match the NDP 101 chip
input requirements. The Spectral features extract frequency and power characteristics of
a signal. Low-pass and high-pass filters can also be applied to filtering out unwanted fre-
quencies. It is great for analyzing repetitive patterns in a signal, such as movements or
vibrations from an accelerometer, and the Spectral features are shown in Figure 4.

The basic idea is that a neural network classifier will take some input data, and output
a probability score that shows how probable it is that the input data belongs to a given
class. The neural network consists of a number of layers, each of which is made up of
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a number of neurons. The neurons in the first layer are connected to the neurons in the
second layer, and so on. The weight of a connection between two neurons in a layer is
randomly determined at the beginning of the training process. The neural network is then
given a colleetion of training data, which is a set of instances that it is expected to predict.
The output of the network is compared to the correct response, and the weights of the
connections between the neurons in the layer are changed as a result. This procedure is
performed several times until the network has developed the ability to anticipate the right
response for the training set of data. In this paper, an ANN architecture was adopted
with four input variables (fall forward, fall backward, fall to the left, and fall to the right),
neurons in the hidden layer, and one output layer (falling patterns). The best data sets
are shown in Figure 4. The dataset used in this research is obtained from signal synthesis
through IMU Syntiant and Spectral features of impulse design in edge impulse program.
The data is divided into three sets, such as training, validation, and testing. The results
of an ANN learning process show a group of falling patterns posture data as shown in
Figure 5.

Feature explorer

F1GURE 5. The feature data are shown in 3D model

In the training process, the validation is set to 20%, and the main parameters of the
neural network architecture are set by the number of training rubries (EPOCHS) and the
Batch size (BATCH SIZE) of 500 and 1, respectively. Where the Batch size will cause
LOSS to decrease. For the development of a mathematical model for data prediction, the
simulated ANN was transformed into a mathematical equation that relies on the input
variables with the output variable, based on the weights and biases extracted from the
model in conjunction with the transfer function. The overall equation can be written as

follows:
i m
y=bn+z |iwk X fuig (bnk+zu'ik XXé)] (1)

k=1 i=1
where by is the bias in the output layer, n is the number of neurons in the hidden layer,
wy is the connection weights between the hidden and output layers, fi, is the transfer
function, by is the bias at each neuron in the hidden layer, m is the number of neurons
in the input layer, wy is the connection weights between the input and hidden layers, X;
is the normalized input data, and y is the normalized output data.
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3. Experimental Results and Discussion.

3.1. Experimental design process. The Arduino Nano 33 BLE was used in this study’s
design and development of a fall detection system as embedded artificial intelligence by
being fastened to a strap around the user’s waist. The test subject will have to fall 20
times in four distinet positions. To be more specifie, in this study, activities were added
to include lving down, standing up, sitting on a chair, sitting on the ground, and falling
forward, backward, left, and right. In addition, the system also provides notification of
these daily activities. The information obtained will be sent to caregivers via loT, which
will be displayed on and informed by mobile phones.

3.2. Model training results and testing the model. From training the data ac-
cording to the setting with 60% training, 20% testing, and 20% validation, the machine
learning teaching results are shown in Figure 6. The accuracy is up to 90.6% and the tol-
erance is (.39, Then, a test model is used which uses the collected data to divide it into
BACKWARD FALL, FORWARD FALL, LEFT FALL, RIGHT FALL, and other events.
And in the part of the model test, the results are shown in Figure 8. From Figure 8, it
can be seen that the results obtained from the test model have an aceuracy of 95%.
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F1cure 7. Model 3D training results
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Model testing results
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Ficure 8. Data testing results

3.3. Experimental result. The test results from real users performing the fall test 20
times are shown in Table 1 and Table 2 will show the fall detection test with daily
activities. Daily activities include ground sitting, laying down, standing up, and sitting
on a chair. Testing the fall detection svstem, the system should only detect 4 types of
falling patterns, as shown in Table 2. The system detects 6 falls out of 20 tests in the
ground sitting activity, so the fall detection accuracy is 7T0%.

TaBLE 1. Fall detection test

Falling directions | Number of falls Number of detected falls  Accuracy
Forward fall 20 20 100%
Backward fall 20 20 100%
Left fall 20 13 90%
Right fall 20 19 95%

TABLE 2. Falls detection test with activities

Activity Number of activities Detected as fall Accuracy
Ground sitting 20 5} 70%
Laying down 20 2 90%
Standing up 20 2 90%
Sitting on a chair 20 0 100%

The display of the application is depicted in Figure 9. The application will display fall
information when the elderly person has fallen in different directions, and a notification
will be delivered to the caregiver’s smartphone.

4. Conclusions. A wearable fall detection and prediction device with an on-board ac-
celerometer and gyroscope is constructed using an Arduino Nano 33 BLE. To train the
data on Edge Impulse in this system, machine learning is used. It was discovered that the
training model’s fall test accuracy was 90.6% and the model test’s fall test acenracy was
95%. The aceuracy of falling forward, falling backward, falling left, and falling right are
equivalent to 100%, 100%, 90%, and 95%. respectively, according to the findings of the
experiment with all 4 types of falls. The suggested system may alert caregivers of all 4
types of falls on their smartphones because it has also been designed to interact with them
via loT. In the future, the development of fall detection systems in medical technology
can be developed to use Al and ML or detect activity for monitoring the daily activity of
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<«
Elderly Fall
Detection System
Notification
Elderly Profile on the smartphone

Falling Directions :

Forward Fall Dackward Fall

Laft Fall Right Fall

Figure 9. Display and notification on smartphone

patients. Al and ML now play a big role in our daily lives, such as Al that can answer
patient guestions. Furthermore, the system can develop more accurate fall predictions,
and can identifv other activities or use a chatbot to check the elderly status when fell
and contact followers via chatbot. Confirm that there are symptoms, and if there is no
reaction, call an ambulance, ete.
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