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Nowadays, the continuous growth of technology caused convenience in
daily life for a better quality of life. In contrast, physical inactivity or unhealthy habits
has increased such as hypersomnia, nomophobia, inactive office working, etc. These
behaviors caused to Non-Communicable Diseases (NCDs) such as cardiovascular
diseases, cancers, hypertension, and obesity, which have high mortality. For health
promotion, it should be some efficient mechanisms to track or monitor for the
quantifying physical activities. The automation detection of physical activity during
the day should be analyzed first by an activity recognition (AR) method. At the
present, many researches focused on the activity recognition framework from
multiple sensors attached on the body. The results were showed the high accuracy
in recognition rate, but the setting of multiple devices on the body was
inconvenience and discomfort in daily life. From our studies, it found that the
position and orientation affected to the performance of activity recognition as
well. Therefore, the thesis proposes a new physical activity recognition framework
based on the combination of accelerometer and gyroscope sensors attached to
wrist-worn devices. “Smartwatch-based Physical Activity Recognition” or “S-PAR”.
The S-PAR1 proposes the structure to distinguish the activities based on their
characteristics (dormant and energetic activities). S-PAR2 applies the feature selection
and parameter tuning to improve the overall recognition performance, and S-PAR3
can adapt the model to personal data. From the experiment results on 4 public
datasets, the proposed models provided the overall performance in detection and

recognition in physical activities with a high recognition rate.
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[
a

Welnusildnannisiwinmsadiuaranudlunisimszinssuatoyaideial iy

14 a U U o 1

Toyanuandisui dahuwvsdugateyaruindnasuaziwinlunudnuue (Features)

Y
dmsuaiieiinuuidnnanssu (Figo uazamy, 2010) Ingils18azldgnTaINEaNNITAILINNIG
aa ‘NI U U ‘;’
GARINGEL PRHBE NI LI
® N15AIUIUNIERRA (Mathematical and statistical techniques) 1J1n151"M
NaNNITAMAAIAATARANIAININTINAUNTEUATOYALTUIANLATUIINAITUS
Accelerometer uag Gyroscope HA1ATANIIAIINNTELATRYALTWIALAATY o

¥399ila (Time domain) Fegniuyszenadldluduneuniswisudeyataznisaing

nauAnEnwe Falun51e9 5 wansaunsnsadanmuantglunisAuan



A15NA 3 7ITNEUNTISAIUIUN NAERATTN ST

16

a1y AANYE HUN13AUIN
1 Average _ 1211:
X = — X;
n .
i=1
. +1
2 Median (n 5 );where nis odd
m=4n n
5+ (5+1
2(2#) ;where n is even
3 Variance 1\ n
var =—— Z(xi —X)
=1
a4 Standard deviation 1
= _— . — x)2
STD — Z(xl x)
i=1
5 Minimum max (x)
6 Maximum min (x)
T Skewness lﬂ;l(xi -x)3
Skew = 1n z
(5 22 — 22)
8 Kurtosis lyn (-5
Kurt = 1n 5
(7 En G — £)2)
. 25
9 25th percentile P, 1
P25 =150 D
10 75th percentile p75 = el n+1)
100
11 Interquartile range IQR = @3, — Q14
12 Root Mean Squared 1o
RMS = —Z x?
n i=1
13 Mean Crossing n
Mc,, = Z sign{(x(i) — %) X (x(i — 1) — %) < 0}
i=1
14 Cross-correlation rty) = Y (i —%) i — V)
coefficient Xt — XYy — T




17

[ a . @ ad v t%
N13ANUIUNIAUD (Frequency domain) lWuIBn15UsEIuAdyadlag T

a 6"

aglusUaunisadinmnslnguenasdausenaunudadulyd (Sine ware) wazunuen

o d‘

ﬁiﬂﬁLﬁaaﬁU%’a;ﬂaa@iywmmﬁaLﬁaaﬁu (Continuous signal) mnﬁq@ Fudunis
Wasuwandeyaguiuuianan (Time domain) Tidusgluguuuuidsanud
(Frequency domain) laglainaiia Fast Fourier Transformation (FFT) (Sztyler,
Stuckenschmidt, wazPetrich, 2017) laga1unsausegndldiunszuatoyaidaian
91n#23U% Accelerometer wag Gyroscope Indayaguuuuidanarluniinfinis
dulieglugummidedanuduiusssninamaud (Freq) mheidsauazvuinves

AU (Amp) AN 5 FuTslinareanuidenimuisuuuidnanssuiimaiiadl

wlglumsmuInAuaN BB LRNAINT9N 4

Time domain Frequency domain

Acceleration (m/~s)

400 A

300

Amplitude
N
o
=]

=

(=}

o
1

f=)
L

10 15 20 25
Time (s) Frequency (Hz)

o
=
N
w
B
w4
[=]
~
[=]
wl

o o

NI 6 UNUN NN TUAGUYAITYaN TEUMTIIAI19INAITUF Accelerometer 2INFULUULTNIA)

iWugduuum g

A5 4 915 WANNITAIIN1NAIING

a9y AMANYME HUN15ATUIN
1 Magnitude (Amplitude) of dominant
M = argmax(Amp;)
frequency '
2 Dominant frequency fnax = FFeQ(aFinnaX(Ampz))
3

Magnitude Energy A |2
e=y.. lAmpi
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2.1.4 J|MsidenAmanvazLAzIsN1TanliAvetaya

¥ L ¥ = Y a !

lutuneuasiiuuuidnvenedinguandnuusuuanisdnyuzvestoys Jendngy

q

Adnwarnlifigunmvsesnnnuluiiia Jgviilviduaseyssdnsameesiiuuuidnuas

(% (%
v v = v

Tdnswennslunsewnmnnifululaglidndu duudddureunisidonnguuesnadnuuei

anueNIua (Feature selection) Magununadesdauuuidnfanssula

mo
2
De
P
)
2
)
)
2

UsAnSA1nadedu Usennuadisnisidanamdneuzanwusaontduaiuussandsning 7
9 Y

Tnefisvazdunnsnaluil

1) Uswiaw Filter-based ldnannisnisadalunismiardindnuesaudnyuenie
o/ £ s [ U 1 aaqa Q’lj 14 I .

ANUFUNUSYRIAMAN MY A188193Tn15Ussanillaun Fisher score wag
Correlation coefficient (Hadjerci wagmeug, 2016)

2) Uszlny Wrapper-based l91dnn1s3sn1sauniuuvazluy (Greedy algorithms) 9

i3 1 1 [ | A’ a 1 [ Y

gAumInguvanguansnvaswilululalne Useiliunquuesnudnuuelnglisn

Yo a o v a a av v a a aa i o % 2w
wuuifanssunlilssansamnlanauseansamanganeutluasraduiwuy

Y 1

91 fegisnsdenamuanvuslulszianilaun Sequential forward selection

Calle

(SFS), Sequential backward feature (SBF) itag Recusive Feature Elimination
(RFE)

3) Useny Embedded-based l¥ndnn1siseusasiamuuuidnnanssuu1aisnisaedl
nseenuuutuneulfaisiuuuilnedonnguandnsaslnsgainadminuie
Aradfuegsiimuzafutunouduiunisulingudeya fog1sisnisdon
@méjﬂwmﬂuﬂizmw‘iﬂﬁm Tree-based Algorithms t%u Random forest, Extra

tree
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Filter method Wrapper method Embedded method
‘ AnunudAyvesnndnyz ’ ‘ AUNGUANAN W ’4— FBansgdn
=
5
l l e v . »
5 AUWIAgUANEN YUY
i v n =
Andannaunndnuuzmediuui v . e
L i . asnedawuus S
ABANSUIDATTALUY £ ]
5
7 2
De v o v,
2 As1anuUSI
g ¥
. &
Usudlume

Fitness function

AnuAnvsAwn

OO || OO0 D

NI 7 WHLUNINNITYNINTTN I SIABNANAN Yl YaIUAaL UsELnm

Felunerdnusineaesunaunisisnisidenauanyaeduiu 4 35n15keun Fisher

Score , Relief-F, Sequntial Floating Forward Selection (SFFs), Recusive Feature

[

Elimination (RFE) Inefisnuazidensall

e 3Bn1snisidanqaidnune Fisher Score WuiGidennaudandnuazUszinn Filter-

1ne

based NAUNINGUVBIANANYME (Gu, Li, wagHan, 2012) InaWa15uILaan

a

ANANYEINNITAINITNTEALAIVDIAUAN YUY laglayuRgIundl seeevinaves

9 <9
Toyaunasnquieyalunmdnuazaisazisiuuniaawaz deyaiunqudeya

Y [

WweniuluauanuuzATITINIENgUVSaINANTY AaunITi 2.2 lagagifenaaednuu
AAILINAANNEAUTINIIIUAMSNYETIABINTT (Fan, Jia, wazlia, 2019)

Yo (% — X)?

(2.2)
1q=1 Dy=j(x — X;5)?

Fisher_score(f;) =

f; Ao ARauanwn | luyadeya
c Mg IUIUNGUVDITRLAYDIYATYA
n; Ao Adwuyadayanilunanad |
= ' A ) A,
%; AB ALRRLYBIRANYAET i
_ a4 o 4, da 4,
X e AafvesRanvaEn | Idunanad |
x Ao Indeyanagluaaad j
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e 3Bnsnisidenauanuaz Relief-F {uiSidenauidanyszian Filter-based lngy

1ne

FBNINTIS LA NYMEANIMINT AN sree e eteyalun AN vy

[

(Capela, Lemaire, UagBaddour, 2015) lagilauyAgiuvesisn1siAennanyusia

a0 v P ) ' a Y v a ) P A ) .
ﬂ?i‘ﬂgmﬂﬁjﬂm@%ﬁlﬁﬂﬁﬂu@gigﬁz'ﬂiﬂa LLaSﬂaiﬂi%@wuaﬂmqﬂﬂu@'liuigﬂg 190U (Tian

a

wazAuy, 2020) lagluwiazseunmvundudeyanilaund Femmuainuiulndoys

Y

IndiAeaiu (Nearest neighbours) Ingazueneanyalndifeseanduaewuulann 90

I oA 1% a

Tayanilunguinednu (H;) (Nearest hit) wazynadayansrangy (M;) (Nearest

9

misses) tanwIMsseginsanvessiadeyanduduauiaunisn 2.3 wavAuan

ApuEAusnzlunuEnuMERInNINg 8

Algorithm 1: Relief-F
Input : for each training instance a vector of attribute values (A4) and the class value
Qutput: the vector W of estimations of the qualities of attributes
1 set all weights W[A] := 0.0;
2 for i :=1 to m do do
3 randomly select an instance R;:
find k& nearest hits f{j:
for each class C' # class(R;) do do
| from class €' find k nearest misses M;(C');
end
for A:=110 a do do

® e o ok

P(C) K giceca poo v
dif (A, Ri, H)) T=P(Clasa(y) 2= 7 Fo Mi(€)
e — Z(;/drmrra,) m-k

9 WA == WA - T4
10 end
11 end

NI 8 TuMoUNITININYEIIENISIaeNAMAN Y Relief-F

m-k

|value(A, I) — value(A4, 1,)|

dif f(A, L, L) = (2.3)
1AL L) max(A4) — min (A4)
= U ‘ﬂl o U a
A Ao AMENYEMEINITAN
I Ao Ayadeyad 1 NMaaNansan
I Ao Ayadeyad 2 NidaNansan

diff A9 ANSEYENTENINAIN 1 wazendl 2 Tunudnuyae A

ﬁﬁnﬂﬂﬁan@mé’ﬂwmz Sequential Floating Forward Selection (SFFS) WJuis

= o 2 aaa ax = &
La@ﬂ@maﬂwmzﬂizm‘w Wrapper—based LUu%ﬁW@@ﬂ@@ﬂJqﬁ]qﬂ’JﬁﬂqiLa@ﬂﬂfMLa@ﬂ

Sequential Forword Selection (SFS) lagizuiiansanaaanuazRuavinaan v
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ufsnnuaudnwaeiilannuall wdldiuauainsalunisaninuiunuansue

Meewalvmuuuiinanssuiuseansamanaslunsazsou B9Isnsidenauan vl

AosasimikuuIIneldlunsianauseansanvesnadnwazngnifentuliassou

(Ahmed, Rafig, wagislam, 2020) fannd 9

AmuadIIANAN Yy
k=0

anduIuAUan Y
k=k-1

sheenqaiiinumsTihifean

T4

»le

e

Uszidiufsinuuiduasion
wilanaanualzils
Uszansamingn

(SFS algorithm)

A

(TG TR T BV R TS
k=k+l

k fsdwaudiiun

1o

NYANITHMIU

Tai—>

Uszdivderuuuidnniengu
AudANYMzRgnidanuazdan
hitlsnudnunziidiataanuan
fuszAVEAWANAR

(SBS algorithm)

nauAuAN YL
ganiiUszansnwunnnd

T

29 9 °Z73Jﬁ7aZm7574307%"2/803%775&5’%@&45‘]@&4& Sequential Floating Forward Selection

e 735n15AanAmdnwME Recursive Feature Elimination (RFE) 1u35nsiden

AudNwueUIENN Wapper-based (Ahmed, Rafig, waglslam, 2020) lgudnnisan

PUIUANAN YU AILALRINTUIINAIUAIAYVBIANANBULIINITNTFINEUNTD

Tiandmidnlunsiaudnuaeld wuddmidn (Weight coefficients) 9103501533194

Wdu (Linear model), TNNWasALINLABSUUTTULTILEY (Linear SYM) 15001591

ANUAIAYTDIAMENBUEAINTINTT Tree-based algorithms Fawsiazsaulunisaii

AkuuiInazauaudnvaeniaudfylesNgaauninaglddiuiuaudnuaen

mun (Guyon HazAng, 2002) Tunauuanslanining 10
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v ¥ - Gougiwuugh
YnuByaLIEug (Training
data) ]
Guiddusshuauddunasmandnuue
FfirdAyifan
—- m=0
* " de s 4 o
aufmuAn s fle @Ay fgn
[LRTE I e v Fr=r-a
F=(a.a,...a;) *
v - [ - —
gruayaiaugRaun Ay
VFuupnguanzdnuus
X-Xr g G
F=F
m=m+1 '
Ty

ST GG TEY ELENRH

29 10 ﬁ’uﬁ)aun751//"70714?/303?,‘7754§'an@ma”nwms Recursive Feature Elimination

e nsaniiivasdaya Principal Component Analysis (PCA) \Uunfidluisnisanis
(Dimensionality reduction) Asdnwauglinannisnisadfuaziunindunuditeys

lngvwnuiidiudeyaluniasaudnuuglnlauinian daaglaanuresnudaya

' v
o o a 4 a

Seamudnuandny FazihdnununidudiunuresteyandAntesiisasly s

QU o

o o

glaanwagnddglunislusaaduaivuinulyi Fenisanifvestayaazlauny

]

(%
Y v CY !

1A & aa A [ A
@%Eﬂ,‘ﬂlﬁﬂL‘UUG]’JLLVI‘L!“UENGUE’]HW‘QGWUU mqmmﬁmﬂaaﬂ@maﬂwmwmmaiu

e

Aaudnwazdudumiy

2.1.5 p3eslielumsaiedauuuiinnanssy

[
v v

Tudnenfnusdlatmuiadisdiuuuddndisniwlusunsy Python (ostu 3.7) W

=

o))

AwIReNinasnausaanldimulusunsulavainnaie Ingussasn Fegaaupo
Library d1fudnn1siudeya (Data management), N13L38U3V0LATRIINT (Machine
Learning) kagn1saiauwnunImaIndaya (Data visualization) tneiiswasidenvetlausisi

Tdlumsiaudwuuiintanssudwsioly



23

[

® Pandas (v395%u 0.24.2) WWulausi3nviwminfieudeyaainld, nswseudeya

=

waznstufindeyaasuulild Falaus3iivliadeyaiisenin Data frame Wuunuly

mMsdniudayauuun1sne (Tabular data)

'
o o

® Numpy (1293%u 1.16.3) \Hulaus3ndnquendslunisAuiamidingiaians

A8 NITAUINANAAIAATIUIU, NuFruTivatindauduy (Linear Algebra),
MIAAIMNIALARR Geamnsntrteyaanlausid Pandas uduanidudeya
thudh (input) Wiulausafivimiifiaissuuuisianssudeld

e scikit-learn (1785%u 0.20.3) Wulaus13lunisa¥rswuuidh Tasadraduny
(Object) ¥9438n15138uFwdAf199 (Leamning method) AuNIIAIAMITTA DS
(Parameters) Falaus13iisnsFouslunisaisduuuidmuinguszasdveany

U

lauantsiSeuiuuuiigaeu (Supervised Learning) kazn1sisauiuuulififasy

5

(Unsupervised Learning) #sluade 2.1.6 ngufn133vnsduvvazddiuluisnig

a 9 a s & Y o Yo a
LﬁEJUELLag‘W']TuJW]E]i"i]’]ﬂlﬁUi’]ium’ﬂﬁUﬂqiaiqﬁmﬁLLUUE"\]qﬂf\]ﬂiiﬂJ

® Matplotlib a9y 3.0.3) LUulausslunisadrsunuainaindeya deluu

enlinusimhunaguamaldesungtoyauaziansnsvmeass

2.1.6 NOBHNMIIFULUY

s =

N133313UkuU (Pattern recognition) {uA1ansn193INe1N15ABURNADS WYUINT 4]

1 ¥

o v a s ° = 1 oy Y A v
nUszasAlineuiunesinuainsadwunviveutngudeyalaileliveyas it lny
AunFULUUANBEastayan1uIEN1SI3eus (Learning algorithm) 11asadudiuuuian
FIsnaseuiuvteandu 2 FBnslaud 38nsduundeya (Classification algorithms) uae

ax | . . = a a cAM ¥ o aa & ° v
'Jﬁﬂ']iLLUQGUEJﬂ;IJa (CLustermg algonthms) GZJQIU’JV]ﬂquwuﬁuvLﬂuq’Jﬁﬂqﬁsﬂum@uﬂqﬁ"\nLLUﬂeﬂaﬂﬁa

v
a a ! S

wlglunmsadreiuuuiinnanssu lngyadeyananssuaziiuniteyanvsvenituaideyail

Y Y
(%

JufanssuezlsuavSeuimudnuvazdeyaveingudeyatu Fudenduneuisnisduundeya

(%
1 v

Utuneussuskuuiaou (Supervised leaming) Tun1suseiliuyseaninmainuuianae

1Y

wiagntayaseniuaesyaliun Jeyatinaeu (Training data) Ununldasrafuuuidnuas

Y

Jayanaaay (Testing data) M l¥inUsednSnn lagdunewisnisdwundeyanirunly

[

TuAnendnusiisnuazdensail
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® m5ATITnsIunUsEIAMBadu (Linear Discriminant Analysis) {udunau

1ne

1 o o

nmsPunnguteyasuuiaeulaeiazanituiuvesdiinlidanudidglunisiuun

ngudayatieNazanni1selunisAulIuvson1sseusvesdiinuusuniiuly

9 Y

(Overfitting) F9AONTNNITVIIIUABYIINITNNAUATY (W) Nuniladayaady
Tsatuaaduassimadminlands (v = xwT) udrzaunsadwunngudoyala
wnNga FamAtauwlsusunelungy (Sy) (Covariance within group) U

AMULUTUTIUTENINNGY (Sp) (Covariance between group) AIaENNTSH 2.5 Uag

'
1 a

2.6 FITNIAENLATINIIA LAYV sARINGUTaYAdlaARRsvaRdunTIaL

Wnlusiaatudeya Iniviassrudadviegluslaunisves Fisher criterion et

Y

VaeAIuImSnsdugegafionvasiiuiiamadunsiianunsoudngudeyalils

WINAge Aeaun1sn 2.6 Intudnaunishieglusvuuulanuinines (Eigen

]
= [y v

vectors) WBwAauN15AENNISN 2.7 Farrlainundauinfigaasduiusivlainu

nnwesaINIsalusaturestayafiainisaduunngudeyalauinign deluy

Y

annsadinlainuniiandesnizaniinvesteyala

St = i Zn:(x —x)(x —x)T (2.4)

i=i XEc;
5, Z (&, — m)(E = m)T (2.5)
X€Ec; S,
J(w) = 3 (2.6)
SwiSpw = Aw (2.7)

x fio Adeyaiduaindnuesngy ¢
x; fio Adsvesnguuesdeyai i
m fio Aadevosdeyaioun

c Ao AduIUNguleYa

A fio Alonuiiiianiiansan

w Ao AlanunnmasnululusIaATuY
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nNsTuneuNMsaniifvestayatunawsieldunisduunngudeya Sinsiasen
° a v Y o o = 4 . ° !
mMsPwundssanidaduldivdnnisngefvesiud (Naive Bayes) uildlunisiunngs

YostayanadousuuIan Inendnnisezisauyigiuiinnuuiazilunqudeyailuyadeyail

'
=

ngudayatiuineu Fednvazaruiisziuegrefiieuly (Conditional

pd)}

frdoyayai
Probability) Fatuluaunisi 2.8 Wunsussanaiauunzdu (Likelihood) vasusias
nautona P(xly) Benszuateyaidanandudiiavisddnsuanuasnivessuysmanes
(Multivariate gaussian distribution) #s@un157 2.9 Iumiﬂizmmﬁhﬁ%Lﬁ@l%wuaﬂﬂﬁju
foyaletoyaindniunadnunedug ntuiusdasamimiegfuldluiasaudnuy

wgusiumuIsdureinguiundoyadmivasisiuuuidwaznguianssuieal

mnﬁqm

n

¥ = argmax P(y) 1_[ P(xily) (2.8)
i=1

1 _1(xi—ﬂy)2
P(xily) =——=e *\ % (2.9)
7" oyV2T
e FeduuAuANuME

)y

9 Penguvesveya
Y

)y

1 @ A 1Y < dll < v o v [
P(x;ly) Aamauunasiiuvinguuaya y iUumouvoyaulunfuansue x

R

P(y) fio enauaslunewnthvesngudeyaiiug (Class Prior Probability)

x;, A9 AAUYeATeIRaN YL | AINTRLANARBULUUII

Ag ARAYUBINGN ¥ NnvesaManwued i 9ndeyadiniuainaduuu
:uy v o
3N
Y
ADA1AIULUTUTINVRINGY ¥ MUNTeeRaNwaEN | ndayadmTuasng
0.
y

AUU3

Falulausis Scikit-learn HAanaiusen LinearDiscriminantAnalysis Tuas19fauuy

[ v

I1AANTTUAIEATNITIATILINITINMUNYTELANMTIEU LA TN Tm SR luANe 1 I nUS 919

Calle

AN519% 5
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A15199 5 W151imesvespaIaiisen LinearDiscriminantAnalysis 99nlausi3 Scikit-learn

FaW1513m 05 ANDSUNYLATAILIUAU

aady

n_components | 31uulAnseinisan (Usaatu) Fsa15usuasidanaindiuiuites

Ngasendnegruiruiingudeyaaunds 1 (n_classes - 1) %3091174

AMANwaY (n_features)

b4 g (4

Fn1saseauuuiTndunasaaniaasuuydu (Support Vector Machine) 1y

[ J
()]

[
(%

TURDUTTNTIMUNNAUTRYS FIaNNITYINUABIIEUVEUNITUYIW AN UALEUT
| v P v A | t% ° = o - s ¢
wisngudeyadasenidunundiglinisiivuaiienda dnnesannines (Support

vector) lngaziansanangailnananlnedidurey (Margin) wagnengnulvissegving

1 { [ I

sevinndusiingudeyauazidureuliliunigauasaianaini agseninuduny

Y

'
= =

waziduvoulilataengadsasyniidundiagseninamiaanquoadlaumunsay

& v | o v Aa o T a v .
wannflannsaldnusuiudeyaniianwuzliilu@udu (Non-linear) Ingnis
a aa v 9 c o A a ¢ v ' | P %
WaguuUasdidvesteyalaeldflesitudug neadamansuaiwiainguvesdoyasniy
LAUATY FUSENHINTUNI9AEAFA1ERSIN Kernel andiognatu Henduidusse (Linea
kernel) A9aun1s7 2.10, Hendutdulas (Polynomial kernel) f9aun1sy 2.11 uag
andusedl (Radial basis function kernel) NmneAuTayannIzanegysENINNAIY

% A o a
?J@Qﬂqysﬂﬂﬂﬁla@u@qaﬂﬂqim 2.12

K(xi,xj) = x{x; (2.10)
K(xi,xj) = (1 + (Xix]'))d (211)
K(xi,xj) = exp (—y”xi—xj”Z) (2.12)

Falulausns Scikit-learn daanaiusen svm.SVC Tuaiisdwuuidnnanssulagd

a sy a a Iz N
‘W']ﬁqllLW@?WIU']V]‘EJ’]UWUﬁ@QWWi’NVI 6

A5 6 WIs1TmesveIRaIALsan svm.SVC 91nlausis Scikit-learn

Fowrsfimos A unBuazABudY
kernel Jumsdwesfidmuanisindula (Decision Boundary) Anidudu
WinAu RBF
C L‘flu‘wwsqﬁLmas‘ﬁmmmwmé’mawaa Support vector InggiA1u1n
agyhliveuwsluiiansandeyauauad ASUAUWINA 1
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[

&, a 5o v = v A o
gamma unsfiwesildianz Kemel RBF Wismuausseazvastoyaiiias

fansandungudeniu Aduduringy

decision_function_sh | \unisfiweslunismnusguuuunisasisiuuudmiuiandeyaidl

ape UINNIEBINGN ANSUAULYINTU OVR (One-vs-rest)

ad 14 o Y o a Y 14 o/ a 34 .
L4 ’Jﬁﬂ'liﬁi’Nﬂ’JLL‘UUE’ME‘ULLU‘UL‘U\iLﬁUﬂ’JEJﬂWi‘UiUW'IiWSJLG]E]iﬂ’JEJ Stochastic

gradient descent lngiJusn13a519auuuiandadu (Linear model) Inafiiugu
WNeTuANEANaIn (Convex loss function) NgUsunIsilmesnmunzauly

Aawuuiinguuuudeyalagldndnnis Gradient descent lugsAnunniin (Weight)

Y Y

wazerluwaa (Bias) aliladAiArnuianainaindauuuianlvinnan (Saez,
Baldominos, Walsasi, 2017) Uszianilsnduanudanainlaun Hinge, Perceptron,

Logistic regression, Linear regression (Ridge, Lasso) tJusu dsluinginusily

\
aa v ¥ L

HanFuUN13InAIALRANEIR hinge (soft-margin) NHdnwMEAaTIAU Linear Kernel

YNNI SYM fsaun1sn 2.13 uae 2.14 lpedlandu Regularization 3zanie

[

muddgyvesAmiiniiedesiunisiia Overfiting luswuudndsaunisi 2.15

Prunsuiulunisussiiuainnuianainlpgeasvaanisidwasauivinias luwaa

Tuwsisoulunsas ik uuIIAeEun1s 2.16

f&x)=wix+b (2.13)
L(y;, f(x;)) = max(0,1 — y;f (x)) (2.14)
1 m
R(w) = —Z w? =|lwl[2 (2.15)
2Ly
1 n
E(w,b) = —Z L(yi F(xD) + aR(w) (2.16)
n i=1
Tng L Ao Maduinanurana1AveIfIuuUIINAINTTY
R Ao Wardu Ridge Regression @1115UN19%1 Regulatization

Ao ATMNTENeINYTIeUSUAT Regularization TrdianudAgaunnise

e
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o ¥V

& o a v A Y v
f(xl-) Ae 'JLL‘U‘UEQ']LGUQLﬁumﬂqﬁiqﬂf\ﬂﬂﬁﬂﬁﬂaﬂﬂa X;

n o Ag PwuLmteys
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Ao AUsEAnEAMlngRieNlaNfLuuIIBLEunAinLae
E(w, b)
luwed (w,b)
Felulausn3 Scikit-learn fpanaiusen SGDClassifier Tuasieiikuuianfanssy lned

a s a a Iz A
‘W']ﬁqlll,maﬁmlsﬂu’)wUWUWUﬁ@Q@WiWQ‘W 8

A15N9 7 Wislimesvespalalusen SGDClassifier 99nlausi3 Scikit-learn

Fowrsdiwas ArasUIBLaTANGUSY
loss Junisfiweslunisivunilsdduainufianain arsudufeileiduy
hinge
penalty Wumsdwesidmuailaddulumusielilidhuuuiizousden

vizeuniAuly (Regularization) AisuduRelaidu L2 (Ridge)

alpha Jumsfiwesnauauanuddguamisiinasnisdwes penalty

ANSUANLYINAU 0.0001

2.1.6 M33NINTIY

(2
1 ¥ ¥ o

Tuingnlinusiyatunisidnfanssunenisamlaglinssuateyasnaiandisui
MngUnsainRindasesvidogunsaifienuladetio FsnslddunsunisadsfuuuisiAansa
ndeyalsznouludae 5 dunoundn (Demrozi wagams, 2020) Ksnnd 11 lnsd
swandeauioluil

& & &

1) tumeunsiunszuateyadaiaiandss Juduneunisiiunseuatoyaidaia

U

U 1% [

NMITUIMednduiiegmuuauvugUnsal Feinvaenseiatayaidaiaiiuegiu
ANWULNINTTUVDIDNAANATVULNTLII, ENTNLINADUVULYINNANTTY, NITAIATLALALNALUS

¢ A U $ % dl' 1 o Aa a ;4 1 IQI' 2} L%
gunsalvTefifusuaztoulruegslunisvirianssy vllnvesdeyadiulngilasuaindds

Suiiluriindiaviisewiiosiu (Continuous data)

1%
Y

2) Tumpunawssndeya utuneunsiadeuinssuatoyaidaiainlasuiianin
¢ I < =g ad Y @ v a ¢
auysainIelyl ludunsulliivainvateisnisndanisiuyagrudeyaianssuesulal
Megrady nsAunitteyaiinnismedeyald (Missing data), nsuenteyaeslsuiiegs

sanannszhatoyatuu1dasuIniiunli, nsusudeyaliieu (Smooting data) s way
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Tudunsuilannsanmuajluuunisuusgadeyasenduaesdulaun Jeyadmsuisous

(Training set) wagdayadmiunaaau (Testing set) FalvimFaulUldlutuneudnaly

[
[

3) Tupeunisaianuanvae WudunsulunisiuinaudnvuzndAyaindeya
dmsunsiieuilaedsnisnisAmuansaifuaznisAamisauanazd el duneu

asastuuinng sy

(%
[

4) Fumaunsaddwuuidnnanssy Wutussulunisadsduwuuidnfanssuain

AMENYAUEIWAUNYBYNITIIITURUY B998AIANUANITITNDIANN 9 Y833an1571E0N

9 Y Y

HAdWSNLAFILUU3IIRANTIU (Activity Recognition Model)

a

5) Tumnpunisindszdvanminuuiinnanssy uduneunisuidiwuuianianssy

Y

v ) 1

13AMNITUIINYATeyadmTUNAGeY Navthteyaiazviisiiaguazseylilaindeyayn

(%
Y

< a =% aa [ a a ! [ a o o A Y I v Y o
Wulufanssuerls 8938msTndsedndaindis o WudsdrAgnazuenladauuuian

Aanssunassuannsassylaetignasanndesvils

nguarayadia AURDULASTHLDYA AunaunsaripAminuuy TupaumsaTIiLUY g RanTTy
iy (Preprocessing) (Feature extraction) {Modeling)

NI 11 TuReUNI339ININTIU

(Evaluation)

dunaumsinusedniam |

2.2 MUATBNNgITRY
Chernbumroong, Atkins, Wag Yu (2011) lauiaueisnisianfanssuly

[ ! o

aa o o g v ° ! & v = av v v ]
GU’JG]Uig"\]']'JUIWEJVIELMﬂ?qﬂﬂqﬂmm@mqLLWUQGU@QQTJﬂimﬁLUﬂqiLﬂU‘sﬂ@%a sl]ﬁﬂ’]u’)ﬁ]ﬂi@ﬂﬂﬂ’]WU'ﬂ’]

o

[
Y

nsansagunsaldlugliduniae), ndswdeusulundniionvazlimangdmsunisldnu

o v =

Uszdiu Falevhnmmeassad1adiuuuidnianssu (automatic activity classification) agld
s &4 o A Ay A &’ o oA ! Yo a =< vwvo
gunsainflsinaulandeteMdumunmisnimunzauuinninlunisidnfanssy delavinis
neaeufutoyantsvinfanssuviavan 5 Aanssulaun N1t N158u NsueR NISAY 11339
91nAITU3 Accelerometer U8aUNRNTELIINMT 11a FalnseuatayadaiauiLus
wazainfudn vz Atineansada (Time domain) Wagn19AINA (Frequency Domain)

Ingldnaaesivisnsidenamudnuugi1eg uaztiasidmuuuidnfanssumeisnisiteus



30

Decision Tree (C4.5) wag Artificial Neural Network (ANN) éﬁjx‘im‘wﬁl 12(b) Han1sNnang

wandlidinisidenaudnuueNgnAniantazisn15Tuneuseus Decision Tree (C4.5) 8l
Uszangamlunisszyfanssuligniosasds 94.13% sududiavigs wadswnladedund
HastaUszAnSamlunsidnuniuinnsanmey nsldgiuteyaninainuvausetatavly

~ v A aal Y] a a PN v . = a
fidnwazdoyaluguuuudunasnisisnisiauszdvanniensaglinalukea (Bias) iesand

ToyaveflivenagoUIIN AL TaIUMEAT AL UL

Data Preprocess

Feature Extraction

Feature Selection Training model
Moving average 10 Time domain Evaluati
Accelerometer ime i Select from Previous . valuation
33Hz Research Paper | Decision Tree (C4.5) ‘
2 mintues Calculate Magnitude
| 3 Frequency domain Correlation-based Artificial Neural

6 subjects

Feature selection Network

5-fold cross validation ‘125 samples with 50%|

overlapping

43 Features

(b)

AW 12 9MNIRAUTOYaVULYIAINTIU (0) UaSURUNINTUNDUNISES 1A MUUFTININTIY (D)

(Chernbumroong, Atkins, bagYu, 2011)

Da Silva Wag Galeazzo (2013) latnauessuunissnanssuassguuuulann sUkuy

'
= Y

IaIMUUUITRINTIUREITIUURLINNG 132 UargUluuNiasiiiuuuIIuenny

a 2

Uszanianssulaun fuuuidnnanssuegiun (Posture) uagdwuuidnfanssuadoulng

Y

%

(Movement) @49gifuuuiTUsennianssusiuiuianda 3 dwuuiinfanssuaanIng
12b IneiiudeyanisvhAanssudiuau 8 Avnssuldun nsuew, N5, M3dy,n1seuuy
ARNIRes, NSy, Marududule, nsuastule, n1539 91nA35UF Accelerometer
YBIUIRNIATEEAININT 13¢ BahaHIuTURDUNITANALAZIAONAMENYATLAL HT1967
Yo a ax = % = DRI a a
LuU3IININTsulAgIsNIsSeus SYM Fananisneassiandmiuislsednsainlunissey

Aanssulagnaevesgunuuiniuas JUluunans 93.47% wag 90.63% ANNEIAU LaAII1RS
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= o ) a A v a a 1 ! v |
QS@Jﬂ’ﬁLLUﬂﬁnLL‘U‘UEQWWW@JU?BLﬂVlsU'ENﬂﬂﬂiiﬂﬂlﬂﬂizgﬂﬂﬁﬂqwuaﬁﬂjq IﬂﬂlﬁLVﬂNaquﬂmﬁq

fuduuuIIUssmianssuiliauiananAsud 19NN

Data collection Data Preprocess Feature Extraction
i § Feature Selection Training model Evaluation
Acce:lie;':)Melef Moving average Time domain
z
80 mintues . - Fisher's Discriminate Support Vector | | A ‘
; ceurac
6 subjects |1 28 sg\n;pﬂlss V;‘ﬂ'th 50% Frequency domain M Machine Y
K-fold cross validation peng 19 Features
Acceleration 3 axes. 31 Features
Feature Extraction
|Sigr\a\ Are:\| odel
Support Vector
Mean energy Machine
4 Features
Data Preprocess Eliminate gravity

Accelerometer |high-pass filttering w\lh‘
33Hz

[T | e e

128 samples with 50%
overlappin

Acceleration 3 axes.

Evaluation

L

B0 mintues

7

6 subjscts
K-fald cross validation

Training pasture
activity model

Support Vector
Machine

Training movement
activity model

Support Vector
Machine

Feature Extraction

Body
acceleration Time domain
Frequency domain

31 Features

Feature Selection
| Fishers Discriminate |

+ gravity

19 Features

(b)

(©)

il 13 nsouuuIARIIITeUazgUnIallunisiiudeyaves Da Silva uae Galeazzo (2013)

v '
o ]

Mortazavi kazAnly (2015) l9R9AIDINNISNAADININUIRNNDRS LA 1U15alUNS

nAanssuilslaegegnseaiieuindugunsalannsvinulavsely Fwmeasuiudeyainda

Calle

$U% Accelerometeriay Gyroscope Tfutiumsiasufanssunaznisiianssuditsitly
9381Unang o Wwunstuldauannimivg msteihnuuuesufiames nsueusuntade
Wudu wagadraduuuuiaifanssulaeds Support Vector Machine (SVM-PUK) uu
gondlg Weka Teif3dldasunanismaassldinuindaeiozannsaddfanssuegiuild

Weuinausninu
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Shoaib kagAuy (2015) AN¥IN1TIINAINTINUUNTNGUATHINTBTINAUTENINELTY

1Y [

Iuuaraunsalfaulddelieilfiius Accelerometer uag Gyroscope lagiinuan
wisdweslunsmeasslaun vunues Windows windu 2 Uil Overlapping AU 50

Wosldud Fainsanadfaesalaun AladonardiuleduuunsgIuuunuveiasuiing

[
Y

auunu (X, Y uag Z) Wag Magnitude Y0dusiagisuzviavun 16 AaanwaInUuasadu
WUU3AAINTTUULYENMIS Weka Lag35n13 Decision tree (J48), K-nearest neighbor (IB1)
LAz SVM (LibSVM) uazdsziliuduuuiinfianssuaiedsnis 10-fold cross validatioin ¢4

AN 14 FeransnaaedUawiunisiinszuadeyalisiaiannnsdesinsusiuiuuugunsal

a a

wiAn1daaseriszansamlndifesiunisldnssuadeyaidedaiaindisus Accelerometer

vosauiviviunazaunsainaduldveiie asdieiiuysednslun1ssinnanssuninenmiiu

<

Fouiuguruianssuiusaviiuiuastule wisgalsiaunanisnaaesnfnuidunants

'
[

naapulasunnaaesiuidnisasisuuuiindilignuiuwasnaassiugiudeyaiieanis

gutayauintu naisnsusediunadiwuuiinfanssuninlukeaduteyanaaeuy

Training model (WEKA)

Decision tree

| K-NN ‘

Support Vector
Machine

Data Preprocess

Calculate magnitude
2 seconds with 50%
overlapping

Acceleration 4 axes.

NN 14 NTOUKLIANIILYDIITY Shoaib iasAny (2015)

ACC + GYRO
50Hz
3 mintues
10 subjects
10-fold cross validation

Feature Extraction

Evaluation

Mean and SD

Accuracy

16 Features

Shahmohammadi wagang (2017) ladauaisnisasismikuuidnfanssuaniy
ynna (Personal model) Tneld38n13 Active Learning titelsifldusnianssuluvazdidds
afashuuuiiAenssuneudinsiiianssy dududeyaianssuldun nrsts nsiu msuey
miLauLLazmﬁqmﬂéfﬁui Accelerometer uag Gyroscope 1AUIRNITIRTULLABUAY

UsgAninmiutuneulsnsiteuswuuliganusing o

Chowdhury kaganiz (2017) laIauaseuuNISITININTIUNNIEAINAINNTLLA
ToyalieIa1n15v1RINTINAINAITUS Accelerometer uugunsal s duntsteilolagiiiy

Uszifiudgnisseudnisasisdnuuidnludsziansieg daldurgrudeyamiugiudeoya

a1515TN%031 PAMAP2 waggiudeyaiiiuesluiesujufunldlunismeasslaeruinly

[y

wriazlnuTaLafITUIUIUANAN YA NITIUIL 16 AENYME AINNTI99 8 1NTUYIIENNS

Y 9
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Data normalization luuSuAtusiavaAudnwauzLazidonAudona835n1s Correlation-

<

based fan il 15 nuuNINas I dufluUITIRANTTUAIEITNITHIY Aenn3190 9 Fewa

n1snnaesialszaniainilanngalundasyseinnlann SYM, Random Forest waz
Weighted Majority Voting fusgansnnlun1siinfanssulagneios 81.4%, 83.22% uag

a =

85.64% muaiu auuiiulednIsnisaseianuuanianssunivanesi wuuiduntielunis
seyfanssuyibniiseansamlunisidnnansuastiu Fededniarenisdiunldiunisian
Tayanlidimgiseusvoyaynnuunneu (Streaming data) ¥11nU135n15 Data normalization

a1agyhlilavaulun (Scale) vestoyaiiivula

A157991 8 AaANYNE I NaUaluIILITE Chowdhury uazAy (2017)

Ussanananuue ananwazlulszan
ANSATUIEUNIY Mean, Standard deviation, Minimum, Maximum, Variance,
AIAANENSEDR Median, Skewness, 25th percentile, 75th percentile, Kurtosis,
Zero crossings, by cross-axis correlations
MIAIUINNIIAIINE Spectral energy, Dominant frequency, Dominant frequency
magnitude

M152199 9 Usshampaanvalzinauelusudse Chowdhury kagmaly (2017)

Uszinnnisisenus

ad L= 14
IBNTLIBUJ

Single model

K-nearest neighbors (KNN), Binary Decision Tree (BDT),
Support Vector Machinces (SVM) wag Artificical Neural
Networks (ANNs)

Conventional Ensemble

Bagging, Boosting ke Random Forest

Custom Ensemble

Weighted Majority Voting (WMV) Naive Bayes Combiner
(NB) waig Behaviour Knowledge Space (BKS)

Training model
Feature Extraction

Data Prep:

Accelerometer
1 public dataset
2 private dataset
Leave-one-subject-out

Acceleration 3 axes.

NN 15 NTOUKLIANYDIN

10 seconds with 50%
overlapping

Feature Selection

Evaluation

F-measure

Feature normalization

Zero mean and
unit varaince

Single Methed
Conventional
Ensemble methods
Custom Ensemble
methods

Time domain
Frequency domain

45 Features

J

‘ Correlation-base

up to dataset

114398 Chowdhury uazAade (2017)
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M.-C. Kwon Wa¢ Choi (2018) latnauassuuidnfanssufiadinssuatayaidaiaain

[y a

1indaateziuansninuldgduntousdty (Server) Wieasieiuuuidinanssy Fafy

=

Jayafanssulaeuandundazuszianlaun Aanssuludidneu, Aanssuluiesasiuas
Aanssuuentu 91nMTU3 Accelerometer waglviglduanisiunisnisyinianssunaanly
MUATEN5005933ULANA5US GPS Tneadradunuuidnfanssulaeriuisnisiteus

Artificial Neural Network (ANN)

[

Chowdhury uazang (2018) AU LaueszUU3TIRINTIUNINIEAINIINFITU

Calle

Accelerometer a AILAUIANN &) VB98N (197, K00, Voile) Tusuidelazuanina
naaadinUszansninvewmilaivienateiisulunisseyfanssy Tutuneunmsasiauuuian

wagiansaAIUIntnlaei@ueIsn1s Posterior-adapted class-based weighted ilsie

v
1 o Y Yo

gaANINAUIENTS Class-based weighted decision fusion fagiAmdnAlAsuN191AAS

=

TauszAnsamuesiiuuuidnlunisidudazianssulaundesivinly Feaziitunsunisusuen

naa 1zl uluudnguianssu (Posterior probability) fldaingadeyadmsunaaey

(%
1 [ Y [

saduAImn Ineauidvasiuseunuisnis Model-based weighted voting 3013

[ [ [
Y Y

wuaAnnTued iuUsEansnmnanunvesiarfkuuin llinnsAdnfnguteya

Do

(% 1%
07 ! o

aatuandnlaagldineatesdunguianssuuazlunissiwanimdnagldndnnis

Weighted majority vote lngszuuiinnanssudgasiduntunausaluil

pA
s

Jumaud 1 A51967UUU33MINTIU (Training phase) lngunszuadoyaidanial
Accelerometer anAnwysdoyaldnannis Sliding window lagliiin1sfindayaiiiain
Window feuwtinil (non-overlapping) FainuArIATES Window Wiy 2 3und ae
afmnadnuuzluudaz Window 3112w 45 qudnuazfm1sed 10 Mndumdnnis
Normalization luuSurusazauanuuziarnIsiionAmienae3sn1s Corelation-based

ada 2/ (Y Yo a b LY Yo a v PN
LaSITNITATNAILUUIINNINTTU SVM 1uﬂ15337¢]@]3LL‘U‘UEQ']ﬂﬁ]ﬂﬁillﬂ\‘]ﬂ’]WVl 16
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A3 10 Aasanvalz i naueleIuIde Chowdhury uagmaly (2018)

Ussinnamanuue andnwazluuszan

ANSATUIUNSEDA Mean, Standard deviation, Minimum, Maximum, Variance,
Median, Skewness, 25th percentile, 75th percentil Kurtosis,

Median crossings, Energy W@ cross-axis correlations

ASATUIUNIIAIND Dominant frequency, Dominant frequency magnitude

TRAINING PHASE

Activity
Label

True training label-

Model
M,

Classification

Training Data

Training Y
Accelerometer] . Feature Normalization & Featurei Training
Data #-| Preprocessing i Extraction [ ™ Feature Selection ¥~ |Using SVM

AN 16 AmduneulunIsFIuInAILInYewIuITe Chowdhury azaaly (2018)

b
o/

Yunaudl 2 JundunTATUINUIMEN (Weight calculation phase) 3zuUtaya
dmsunisaeiuuuiinnanssulaglindnnis 10-fold cross validation 3MNUUTIUNANTT
szufanssuluusiazsau (Fold) wagdanauseaninimeme F-measure iiuvasynnaudoya

AaNIIUAINING 17 datlunadnsnleire F-measure Miluanumdnynnguinnssuluusazsa

WUUSTIMNUGE Wy = {Wyq, Wiy ... Wi} dneiilu Wy, nauAdinidnveengufianssuvess

e

=

WUUSTT § WU (Wi, Wagp o Waim) HOZENNNTOMNANRAEUSEANEA N UBILARZAILUUSTN

Y

AANTTUAIAUNITN 2.17

Wavgi =wy ,1<i<n (2.17)

WmiNYeNAINTIUYBIFILUUIING

S
oy
o)y
®
3.

S
o))
©
o

WIUAIMUUIIAINTIY
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WEIGHT CALCULATION PHASE

True training label True training label

v Class-base weights
Predicted Wi = {win, Wiz, - Wiim }
training label _

Training 10 Fold Combine
Features Cross-validation - predictions for all
Using SVM folds

Evaluate

Average weight
Waugi

AN 17 amduneulunIsriuiaiaminyeewIuaty Chowdhury tazaaly (2018)

Yupaun 3 N133IRanTINAUFUAIUMIN (Individual model decision phase)
YAUBYANAADUILYNUUININYUIAKIN Window NfimualIkasiIunszuIunIslunssey
a =t U say v Yy v a v 1 & .
Aanssu Bawadnsnlavzlangudeyananssuunume V;(x) uazaduurvzidu (posterior

probabilities) Y04 UayaianTTUNYNTLYIMNFIMUVUIINAINTIUUAUAIY Wy; AINING 18

INDIVIDUAL MODEL DECISION PHASE Clssicatifier
Model c m;
A Window (2 .
sec) of Testing _ Training Predicted label
Data (x) Normalization Features -
Preprocessing | EF‘*ﬂ‘”Te b= & Feature »| Predict V’(x)
- xtraction )
Accelerometer Selection
Data Posterior Probability
of the predicted

label VVZ: (x)

il 18 nmdupeulunisziiNInssuvesdve Chowdhury uasAaly (2018)

PNTUTHIUAUUTUAUIMTNANING 19 TnaiSufivuaAnsuauAmin W e
FILUUIID § Y0eyAtBlavAdeU x SUAUYINAY W, feaunsh 2.18 uasuSuetduntinves
WAaEfILUUIINNINTTULAZUARENGUAINTIUATAUATT 2.19

Wi(X) = Wlill <i<n (2.18)
Wi =(@*wy +(1—a)«Wy);1<k<m1<i<nV;=C( (2.19)

g Wi fe Aiumiinvedwsaziiuuuidnfanssud § nawnnsUuvetudazeya

G RIY)

wy; A AnhwtnandussumwinAnininndeyadmivaiediiuug

[

M i
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a A8 AUSU Weight Tnefwuaiduan 0 fia 1

8 ANNUTINYBINGURINTTUT k VBIUUUIT i

RS
&
o))

1 ! [d 1Ia A .
3] mmmm%wmqmﬁmﬁm l

S
o))y

m A’ UIUNGUAINTTY

n A PUIWMILUUIINAINTTY

v, fe ndunanssufignIsyINMILuUIINNING TN i
= I a =i
C, Ao NGUAINTINN k

CLASS-BASED WEIGHT ADJUSTMENT PHASE

Class-hase weights —_—
Wi = {wir, Wiz, - . Wiim } Weight
. Adjusted Class-Based
- Adjustment f————p Weights
Posterior Probability of the Phase

predicted label Wi(x) = {win,win,... Wy}
Wai(x)

A 19 TuRnpuUnITUTUAIIMINYEYITY Chowdhury uasmas (2018)

g Wk, . , A
YunauM 4 A155AININNESEYAINTIU (Decision Fusion Phase) Tunauil
Junsyanhudnilaantussuliuamdniiessyianssuaninenanind 20 3935013

5¥URINTIULUY Model-based weighted voting 3¥fiansanAadevasrtIninueIngy

=

a a o Yo a a Py a a Aa
ﬂf\miiwmqugmﬂf\mﬁumwl@mammim 2.20 LAYIEYNINTIUVIUATIATUUUGINGR 98

9 9

LANANNUTINITEYAINTTUKUY Class-based weighted decision fusion 9¥Ha1541 wy

Y LY

Juardminfidalignuivvesusasnguianssuveddiuuuidnfonssy fsaun1sin 2.21 uaz

T8N1358YNANTIUUUY Posterior-adapted class-based zfiasananAdmtnngnuiuue

a Y -

w UIUFRENGUAINTTUVDIIUUUIINAINTTU AIAUNITN 2.22 UaETINAIASUUUNTDILADE

Y

Ioa A Ia Aa PN (% a
ﬂ’sjllﬂ"\]ﬂiillLLa%La@ﬂﬂﬁjllﬂﬁ]ﬂiilﬁ/lllﬂ’]ﬂ%LLUU@J’]ﬂV]?!@@QﬁﬂJﬂ’ﬁV] 2.23

Scorey,x) = z Wapgi »1<1<n (2.20)

Scorey, = z wikl<k<ml<is<n (2.21)
Vi()=Ck

Scorey, = Z wpl<k<ml<i<n (2.22)
Vi(x)=Cy

finaljgpe; = C argmax;LScorey (2.23)
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Wy Vi A9 KaN5IZUAINTINIeILUUIINAINGIUN | Yosynteyad x

8 ARRLYaIAMUIMIENAIINAILUUIIIRAINTTUN §

o))}

Wavgi

& S R AR A a = o Yo a |
W1k AL ﬂ']u’]‘ﬁufﬁ/]EJQIQJI@IﬂiUEU@Qﬂ‘UﬂiiiJVl k VBIRNILUUIIMN L

Wik Ao ANrINNgNUSUYeIRANTIUN k VOIIMUUII i
B ANAZLUUYBINANITTEYUNINTTUVDIAMUUIINNINTIUN  VoYn
Scorey,x) 4
UVoyan x

Score, A ANATLUNYDINITIXUAINTIH k

m g IUIUNGUAINTTY
n Ao F1IUFIKUUFINAINTTY

DECISION FUSION PHASE
Predicted lables Averaged weights Class-based weights Adjusted Class-based weights
Vi(x), Va(x)... Va(x) Wagt» Wavgzs - - - Waugan | Wi, Wha... Wi, Wi (x), Wa(x)... Wy(x) |

Y

Y /
Model-based Class-base pof:tleag 2':;(’:;3“
»| Weighted Desicion | L] Weighted Desicion

Weighted Decicion

Fusion Fusion
Fusion
Final label (x) Final label (x) Final label (x)

AW 20 Fumeuni3saAn e seyAanssuYesIuIve Chowdhury uazAals (2018)

MnaATeRnautuLaasliiivinuiTeimualiiinssuadeyaiainaiain

v Y

M3u3 Accelerometer vugUnsalanlddeiionnldlunisasnsdinuuidnfanssunenenn

'
= a

Yundn Falvimnuddyiunsiaudnuuiifonssulalivseansaiwlunisseyliuiugn

—

nAas (Accuracy) Wlaunniiga uinanisnaassidnausdiulng Niauudugiaseiae

e

<

Duwmszlddeyainuiewiadenuidiuvesdeyaniiagvitesnionisuisdeyaiiluies

'
v a

funsaseiluuIIunsideyauidiudeyanaasuinldlunsiseuiion deuiden

' 1 ' '
6 a a v A U
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3.2 fiWUU3I1NINTIU Smartwatch-based Physical Activity Recognition (S-

PAR)

Tudngrdnusladnauediuuuidmnmun 3 13839 AeagnaITgazidunluriite

sald

3.2.1 A LLU‘U%IT\]O']ﬁf\]ﬂ'iSQJ Smartwatch-based Physical Activity Recognition 1 (S-
PAR1)
a ad dy v (3 14 ! a o (% 1

nspULIARYeIIsN1sUsEnaulUme 2 asdusznaulaun nspulwIAndmsuaia
Akuu331Aanssu (Modeling component) Wutuneuluadranuuidfanssuainnszua
Toyaiaia1aIndasusuarnsauluIAn31nanssy (Recognition component) 7iluduneu
NAAOUAILUUIINNINTIUNAT Y Belunsouwunfnasnesiuuuinanssuazdsenauleie 3
TunaulalNNIsnIeNtaYa, TunsulUiteyadiiuasIsuasnaaaURILuUIT LA TUADY

2/ (Y Y o a v Ql' IS a v 1 &J
NMIFTNAWUUIIININTTUANAINN 70 InedisvazidunnsnelUil
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S-PAR1: Modeling Component (Offline phase)

Al | Data preprocessing A2 | Train-test split
Cutting head and tail Cutted angular velocity / 7
@ each activity data Training data /
) iCutled acceleration Leave-one-subject-out
Acceleration cross validation
Angular velacity Filtering data
(using Butterworth Testing data
low pass filter.) Gravity acceleration,

Linear acceleration

Modeling
" Training data  /
A3 N
Data segmentation
T 1
Acceleration data Gravity acceleration data Body acceleration and
of all activities of dormant activities angular velocity data

of energetic activities

| Ad J Finding Threshold ‘ A5 |Bui|ding dormant activities model A6 |Building energetic activities model
inding Threshol .
A5.1| Extracting dormant A6.1 | Extracting energetic
activities features activities features
A5.2|  Training model by A6.2| Training model by
Linear Discriminant Analysis Support Vector Machine
/ 7 /
/ Dormant activities / / Enegetic activities
/ /
Threshold / // / model
J L

AT 70 WRNINGFAIT Smartwatch-based Physical Activity Recognition 1 (S-PAR1) Sumeuasii

AuyyFIININTIU

YUNBUAT19AIUUUIINNINTIU S-PARL (Modeling component)

® Al Yupaunsisendaya (Data Preprocessing)

Tudunautazuszneulusmenisindayadiususiuiazaiuying (Cutting head and tail

of each activity data) L,Laxmsﬂsaammﬁsuaqﬂml,aéﬁ’aagal,%mm (Filtering data)

O Allni1sAndayadiuliuduuazdiudine (Cutting head and tail of each

activity data)

Tunauiiilunisiinszuateyaidenannindisul Accelerometer way Gyroscope 1149
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[ ! ¥ [ | v a ]
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i 71 UEIUNINGIBE NI THNT NI AL T I YT oyaNInTsu
O Al.2 ﬂ’]iﬂi’é]\iﬂ’)"mﬁ?l’é]ﬁﬂi%LLﬁ‘iI'm;jlaL%ﬂL’Ja'l (Filtering data)

lutuneulldinszuatoyaliauiainlaaindasus Accelerometer Fadunisia

AIUL34 (Acceleration) WinTuITUsENBUBLARIAIU LaKkAAIILTIIAAINLTITUAD

'
¥ a a

(Gravity acceleration) kagA1ULTUTUHUNLAAIINN1TIAINTIUVBIFLY (Linear
acceleration) TnA1L59 (Acceleration) MAATUUUTEUIVAINAALALALAY X, Y WA Z T

N1FHENAIIULTINIABIANIEYIANT YU 1UTUNIU (Noise) VBINTEUaToLATILIAIYDINGY

Aanssuegiuuazihanussiignuenduandnuaeiiuiunonvsdelifuuuiinonssy

£ [% '
=% v v a o

laudugiiinduy dealuivateuideniidinsosninud (Filten) u1uUssynalgluniswen

ANLIINAITUS Accelerometer sJﬂéf’;aEJ"NLsﬁwui%"[,%lﬂumuié’aéuaq Bayat, Pomplun

way Tran (2014) Méveasathfinsasauddien (Low pass filter) firnunnnudsnniues

Y

5e7379 0.1 84 0.5 TRguuLAANUAFARILWIATY 0.25 Hz Tun1suenadiseiiinainuss

Wudslauazilaviunssuadeyalisiatlilannusaifinangldaudaning 72 dqu
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Y

UIT8v09 Anguita kazany (2013) lafsauyRgiuinnuseiliinainwsddudieaindas

Y

Accelerometer vuaUnsalau1sninuazaglualiudnan Jebaundinsosariudem

Butterworth low-pass lagArnuanudfianIu (Cutoff frequency) tM1Au 0.3 Hz A59
ANDgIRaNIINRR I Nan1IMRasLansliliuIIENNsaRENANLSITAnI LSl

19 FeapnraoenuveIuiIde Uddin, Billah, kwag Hossain (2016) AkuUsbilgisn1shay

(%

WISl esiAeiY d@ulusuing dnusiuszgndldion1s Butterworth low-pass filter @3

]

AMUAAIANNARALYIAY 0.3 Hz FINASNSUAAIAINING 73 UATAINUAAINATNSIUFURUY

[ PN k% o £ a A & £ A v I aa
ATNAININY 74 UseNaume PMUIUYBLA, NINTIUNLNUVBUR, LIAVINUVBLALASATVING

[ [
[y v Y [

Fuivwnudoyans 3 unulaun A1A3LT99INAITUF Accelerometer (Acc), AIAILSY

WayaINAITus Gyroscope (Gyro) UagAIAINALIINUENIIN Accelerometer ABAIINLTIN

AnANUsalduee (Gra) kazAnusaiiinangldny (Li)

Filtering signal Subtracting accelerometer . .
Accelgrcmeter (Butterworth low-pass filter) Gravity acceleration data Linear acceleration
ata

ﬂ’IWW 72 LLN‘lJﬂ’]W”Z]‘lJﬁ)ENmiQ\?ﬁ?’]1/[79774&27 YNNG @71!“9)27 7/%97&7%

¢ 1 2 3 4 & & 7 8§ & 10 U 1z 3 M 1 W& IF 1§ 10
Tme st

61 & 2 o4 s 6 T & % l 1 2 13w 15 16 10 L8 18
Time i)

— X — ax¥  — waZ

ANASeNIAlaNAITuS Accelerometer AL ABaFUARINELS

0 1 oz 2 4 s & 7 & 8 10 1 12 13 1 15 6 L7 & 18
Time 5}
B G p———

AMULTINLARI NSNS

NN 73 UHUNINN TUTTRYaLTI1A NI IA LA INFITUF Accelerometer
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Raw data Filtered data

Sample| Label Timestamp AceX | AceY | AccZ | GyroX | GyroY | GyroZ | GraX | GraY | GraZ | LiX | LiY | LiZ
s1 |Walking [90434711346831| 1554 | 1.44 | -226 | -2.34 -1.42 -5.83 1489 | 1.78 | -2.23 | 0.65 |-0.35]-0.03
sz |Walking [90434761148901| 14.48 | -0.61 | -3.25 -4.55 0.90 -4.96 14.78 1.40 211 | -0.29 (-2.02|-1.14
s |Walking [90434810950971| 15.59 | -5.92 | 2.88 -391 0.44 -4.94 14.66 | 1.045 | -1.99 | 0.90 |-6.96| 4.88

s;  |Walking| Timestamp; | AccX; | AeeY; | AceZ; | GyroX,; | GyroY; | GyroZ; | GraX; | GraY; | GraZ; | LiX; | LiY; | LiZ;

sn |Walking| Timestampn |AceXy |AceYn | AceZn |GyroX, |GyroYy |GyroZ, |GraX, |GraYy |GraZy, |LiX, |LiYy | LiZy

NI 74 uaneiaeegNteyadu (Raw data) uazdeyangnnses (Filtered data)

® A2 Jupaunsuusyadayadmiuiseuiianagauaanuuidn (Train-test split)

Tudneiinusilaldis Leave-one-subject-out cross validation dwmsunuiyadaya

ieldasnemuuuidnnangsu (Training data) uazldnaaeudiuuuidnnanssu (Testing data)

v = A v

lpgmnuaTIuIusey K muiiuiuveigly dulsyaniynfedeyavedlinisau dalunsay

a o Y Yo a & o D =t g v
sevazigudoyalunisafrssuvuidnfanssududiuig K-1 gauazdoyanilayanly

@ v vay Moy Y Yo a o = & Y oA a

naaeuluteyadlinlilaludmlunisaieiuuuiinfanssudenmi 75 Gelanvasisnis
Y83 Leave-one-subject-out cross validation ﬁasﬁau‘jammﬁm‘ﬁlﬂwﬁaga nagouliladu
drunilslunisasisiinuuinanssunauisaannisiindamn Overfitting ¥aafawuUII
Aanssudiinainlianaueudes (Bias) vean1sinusyansanugnieswasaduutugle

(Dehghani, Glatard, wazShihab, 2019)
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Round 1
Round 2

Round 3

Round K

NING 75 UKD INFI0ENNITUUNYATOYANINTIUAINTUNITATNUAL VMO US VYT 1N INT

92835173 Leave-one-subject-out cross validation

® A3 Jumaunisuusyadayalunisaiiediuuuidnfanssuuazidnfanssy (Data

Segmentation)

[ [
U =

Tupauililudupeunddglunisidnnenssy Weswnnsinunssuadeyailaia1idl

[

anwazlugadiaviifivwavindudnsnmsduuesiisuianiussesalumsiiudeyadah

Indeyaiivnalvguazianuulsusiuvesmfiiintugs Weihinaseinuuiannangsuneg

Y &2 U

WNsSyuiNaesiinsanvteyannualazilildnalunisussinanaiiuduiazyuinves

Payanlaiviniulun1sidnfanssuwuugateyaiinundeiiodiuy (Streaming data) azilnasie

Y

BNTAIUINANENYMEKAENITIIINAINTTULA AITNIUITENANYINITATINRIUUUIN

Aanssuliinszuadeyadaiaifiseidosiuvesfanssuuuiagadeyaiifivuimaniiiendy

kY

1%
a =

Windows fi@aiu1sanansanariiandulunsas Windows wazaiuisaiuiasiadu

'
[ a

AadnuwainNdudwuvesianssuly Windows #eagdigandiuiuvesdeyauazan

UtpuLazialunIsUsENIaNareiIluU3IINAINTTL Ineivuinves Windows gy

a a Al

FIUIUTNTINTFUANAUTILIUTEELIAIUNNNMUA FIN1SAMUATUIANIMINaU VA

IS !

AIRUUIININTTUTAURLIUGURNNINTY BailauTTe Ferrari (2020) wugilivuinves

a a A 1

Window Wi1fiu 2 Jundiiiiganesde3dnnanssunismenin sedulunuinerdnusiimvun

YWY 2 FURINmG 76 funnguteyananssy
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Window 7 1 Window i 5 Window i 10

o A AL
ol anhA A A
AR Vi)

Time (s)

Acceleration [m}”s)

— accX  —— act¥  —— accZ

Al 76 2 mFa0e19nIsuveToyaituniiee (Windows) 39ngiudeya RealWorld lelavidunuans
Y99 2 377 (100 99)

[y

TunaudnluInerfnusiliwuinanssuesenduasangulaun nquianssuegiviuas

nquRanssuedouln InedunadnwazainnisvduduaieulnivessninigNA1AuLen

[

éﬁiiu Accelerometer Lag Gyroscope AMULUILAY X, Y Uay Z m'iﬂizmmaﬁa:gja

Avnssusuuadeulnininnitfanssuegiud (Y. Kwon, Kang, WagBae, 2014) Iangy

Aanssulaniunsen 13

A1519 13 §INTOYAUASNINTTUUGDLNUNINTIUNIAIENIN

gudaya ngunanssUagiun ngufanssARaUlND
(Dormant activity) (Energetic activity)
RealWorld N15BU NS NITUDU MsAU NstAuTutule

Asiuastule N153

PARDUSS A1SUU NITUY ALY N1SHAUTRTULS

mMssuastule N1s79

MHEALTH ANSEU NITUY NSUBY ALY NSHAUTUATTUL

A15749, NS4

WISDM A58 NTUY AT NSHAUTUATTUL

A5

® A4 Funaun1IMAUALUS (Threshold) dwiuudsngufianssy

Tuguneuiilunismandaudsdmsuimuanguianssuliiuusag Windows lng

NY15U11NAIIULSS (Acceleration) ﬁnﬂéf';%’uﬁ Accelerometer FIE1UITOAIUIUVUINVDS
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AR (Acceleration Magnitude) A9aun15# 3.1 uagAUIMAMANYMzdIuTe LU

UINTFIUVDIVUINAIUSIAIAUNITN 3.2

Sample | AceX AceY | AccZ |AecM

S}uaiking 15.54 1.44 -2.26 15.77

Window 1
Sﬁ]ﬁ(ﬂ]ikmg AceX 00| AceYip0| AceZ1o0| Moo
S;ua.iking ACCXI' ACCY@ ACCZi j\,fi

Window j

swelking | Acex,, | AceYn | AccZn | Mn

NI 77 915 NUARAAT Accelerometer UaxAIYWINAIIUTILUAITUUS Windows

AccM; = \/ACCXL-Z + AccY? + AccZ? (3.1)

o w

[GET i AeAERuvewmluyntoyaraus

AccM;  FBF1 Magnitude 31053 Accelerometer 7 i

b

AccX;  PARAN Accelerometer MULLUILAU X Nni

A 1

AccY;  ABAN Accelerometer MULUILAU Y Nni

= U ‘NI -
AccZ; ABAT Accelerometer MMUKLUILAU Z N i

1
SDXCCCLLM] = e 1 Z(ACCMji - ACCM]-)Z (32)

PN act 2 1 | PN ' a
IQEJ‘V] SDACCMJ‘ AB ANFAIULUYILUUNIATZIULBIVUIAAINULIY (AccM) N

Windows j U8asiagAanssy (act)

AccMji Fg AunnALLsaeawal i T Windows j

AccM; &5 AnlaAsU0IUUInANNLS T8 Windows j
0 0] ﬁﬁmau%’mﬁaﬁ%mmmﬁaﬂsimﬁ'ﬁw 9NA1T0UN
J e mﬁwﬁwﬁmzqﬁﬁwm Windows

[

act & a A o a
A8 NANTTIUVNNTIAININTIUN
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AN TELUNINATTINYEAaY Windows ATUNNAINTTULE TALI0MAY
ALRfg v e RUNINIFIUYN Windows Y04uAasAanIsumIaunIs 3.3 wavAulnen
IS 1 a v A
YAUUIYRINGUAINTIUAEUNTN 3.4

]act

act
AV Goct Zj:l SDACCMj (3.3)

SD pceM = ]act

Tood  AVGSuan  fo AnAsvesdiuidssuuinnsguauInnussluusay
nanssy
J*C A §ruau Window weadeyavesianssu
SDicow;  @e Ardruidsauuninsgiuvesvuinauissluusiag

Window 499030554

AVGES + AVGEReT G.0)

Threshold = >

189l Threshold A8 AIUALUINAUAINTTY

d = U tdl 1 lﬂl 1 lﬂl
SDrmax (™) A8 ANLRAYVBDIAIULUEILUUNIRIFTIUVUINATIIULIINUIN

v A

AnYBININTIUBYNUT

=b

'
1 a

spene | a | Ay
min (M) 3R] ﬂ']LQ@‘EJGUENE‘I’]‘L!LUENLUumW@iiWUGUUWWQUWNLi\‘l'Vl‘LJEJEJ

b

Nanvesnaufanssuadoulm

q q

D.

dlomuwimmuaun1si 3.4 aglaaTauusnguianssy (Threshold) WuAnadenasd

anansauUstayananssunisaasngulananing 78
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Dormant Activities Energetic Activities Dormant Activities Energetic Activities
Standing Sitting Lying Walking | Stair | Stair Run- Standing Sitting |  Lying Walking |Stair Stair | Running
up | down jning up| down
g { 8
] ]
I £ R (R
k=] k=
=) 2
= 2
3 2
& b
T 4 T4
= &
S ]
E E
] 2
@ &
Threshold | [ Threshold ]
o - v 0 : . :
0 200 400 600 800 0 200 400 600 800 1000
Windows Windows
val vl
Al 4 (RealWorld) Hl47 7 (RealWorld)
Dormant Activities Energetic Activities Dormant Activities Energetic Activities
Standing Sitting  Walking |  Stair Stair Running Standing Sitting | Walking Stair Stair Running
up down up down
8 | PR : | |
£ L
E E
L [
5 5
k] 2
H H
& b
T 4 T 44
= =
Z g
E g
] 2
@ &
2 2
Threshold Threshold
g Ay LA 0 A -y |I A
0 100 200 300 400 500 0 100 200 300 400 500
Windows Windows
QJldl
AlT9 4 (PARDUSS) #l47 7 (PARDUSS)

2l 78 s mIee A inusiiasauvetayadanssumdeulmiuAanssuegiuivesgudeya
N9n533 RealWorld Uag PARDUSS

® A5 Junaun1saiefuuuiIfanssuagiui (Building dormant activities

model)

Jupauilusznoulumeaestunouldin TuABUNITALINAMEN YA UBINGUAINTTY

oA Y Yo a i l = = o &
agiuiuaznsasiLuuiTAInssuNguegiulaeiiseazidendaseluil
O AS5.1 FunsunnsAIUIMANANYMTYBINgURANTTNERUT

TUTUADUATINANAN YUY IETINTUIINNTERATIYATAIAIAUS AN NUTITY

Y

[y

fheveIngufanssueyiun ¥adl

[

nwauwtdunswazlifiteyaainuseifinangldaudun

[ 1
= % d

WNgtes dadudnuardeyanisinanssulunquilaz Yusgiufiamanagsiunisvesdeiion
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aulagunsalfenind 79 89 81 uazAuINANNYAENNERRA1LRAEYBINTELATDYALTS

LAIANULT T ARINLSIULD L ULAAE Windows 119 3 WNUGAIENAISA 3.5 04 3.7

NINA 79 UNUN I ULARISN YYD SEUTTYATIUIAIANIUTITARINU TN NMINLO WNY X, Y Uay

Z vaunanssuguveseraainsi 1 uay 3 9Ing1uteyananssu RealWorld

NINGT 80 WALN WA ULARIAN YU NTLUTTBYALTUINIAIIUTITNADINUSIITUO 1M IUUOWNY X, Y Ua

Z va9anssundiveseraainsi 1 uay 3 9IngIuveyananssy RealWorld

NINGT 81 UKD I ULAAIAN YL N TLUTTOYATUININIIUTITNADINUSIITUO 1M IUUOWNY X, Y Ua

Z yevianTsuueuveseIaIadasi 1 uay 3 99ng1udeyananssu RealWorld

nj
" GraX,
AVGngij = M (3.5)
nij n]
" Gray,
aveas, = 2= 6T (3.6)
J n.nj
" Graz,
AVGEL, _ 2 GTO% (3.7)

n;
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Taofi AVGiax;  fe AnaduveateyarAmsiAnLslIT A X v99
Windows ‘17ij
AVGiar;  Fe Aaduvesdeyarinrnssiiinanusdlifuaisuny Y vos
Windows ﬁj
AVGiaz, o AnaduvesteyarimuisaiiAnanusliiuny Z ves
Windows ‘ﬁj
GraX; fio AusaTiinaInuslugiauIuny X 7 i
Gray, fie ATuseiAnaInussloue LAY Y i
GraZ; Ao AnuseiiinanussltueeuIuny Z 7 i
n fio Suautoyatimuans Window
i fio Ailddmiuszyaduvestoua Taefl i = 1,2,3,..,n
j fio Aiilddmuszydiures Window

[

O A5.2 msadeduuuidnguianssuagiun

[ [
U =1 o

TunputiiziinuanvurAlRbevesauLnunasnlumuuuialeeldizseusnis
N1391UUNNGNNITIATIERNI5TUUNUTEAMTUE (Linear Discriminant Analysis) +¥u
ad % % - | A D - o aad o
FEnrsarndunsaiaiunsanvanguianssullauinigauazvinn1sdaninsieady
(Projection) auutdunsIaINTILIUANEN YL 3 10U 2 AudnvasLioann1snIzaIengy
goyvanguianTIuegiunuar3IdnnanTsumeIsn1s Naive Bayes Ingldn1siiansainnis
N3¥A8UaYaLUY Gaussian distribution INHANITNARBINATIFIMUUIINNINTTUAILTENT

& o a a Yo ad
Uanunsaliuseansninlunisidnnign

® A6 Yunaunisadrenanuuisinguianssuiagaulng (Building energetic

activities model)

U58Naumig Tunaun1sAuIMANANYMEasRanssunfaulmkazaseiiuuIame

T8N15438U3 Support Vector Machine (SYM) Tngfisgagidennasialuil
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O A6.1 TuRBUNITATUIMANANBAITYRINgURANTTUAAUINY

lngdunauiliinsziadoyaauiaminangldandisus Accelerometer Laznseua

TEUATUIANTNTUIUTIYUINGIFUF Gyroscope lulsiay Windows j vianua 6 wnudeys

(%
Y |

IANAMNERRT LY 12 Audnurdansied 14 sldsuuandnuusimuavindy 72
andnwar Jadudnugadnvurdnaunnndeiisutumuidedu ”ﬂﬁ?u?jﬂﬁﬁ%'mﬁwyj
nauAMaNEMe (Combination) IG]EJL%N%ﬂﬁ@x‘iﬁ%ﬁﬂ@f’lLLUUiﬁﬁﬁﬁ]ﬂiiwﬁ?\‘lLLm‘ 1 AsAUIE
Aadid 1 awudls 12 drdu agldduiunguandnuvaysiuiu 4095 nguitlilunismaass
a¥eminuuisiAenssy FsainnsmaaesléiinnsAuiamsadasiuiy 3 Bnsliun day
Jeauunnsgau (Standard Deviation), A7at (Skewness) wagilasiiusdlndil 75 (75th

Percentile) Anidudnuau 18 aadnvuzfiuszansnmanan

q

A15N9 14 MIANaNNAanmIansaanYesnalan e luIENI5 S-PARI

a1y AANYE HUN3ATUINY
1 Average AN
r=-) x()
2
. ( 1
2 Median (nt+1) ; where n is odd
mj =3n n
s+ (5+1
l#; where n is even
3 Vari RN
ariance var = —— Z(x(i) — %2
i=1
4 Standard deviation n
— _ 2
5= |—5 ;(xm )
5 Minimum max (x)
6 Maximum min (x)
7 Skewness - % ECIORENE
ew; = 3
1 . _
EXMCOEEAD
8 Kurtosis p % i@ - x)*
urt; = >
1 , _
(ﬁZ?:1(x(l) - xl)z)
9 25th percentile p25; = % (n+1)
10 75th percentile p75; = Wi) (n+1)
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11 Interquartile range IQR; = @3, — Q1y,

12 Root Mean Squared IS .,
RMS] = EZiZIX(l)

O A6.2 TunaunsasIsiluuIININITUTaINguAINTTILATaUlNA

Fermuingudnvazlund Window vosudazianssy azshunairaduduwuuid
ﬁf\miimLﬂﬁauimﬂm%%m'ﬁﬁauﬁ Support Vector Machine (svm.SVC) lagn1uun
wsfiwesidusisuduiilausid Scikit-learn aumisieasuduluund 2 Wesnldvaass
LU%SULﬁﬂUﬁU%%ﬂﬁﬁﬁmfgu"] 1eun Decision Tree, Naive Bayes, K-Nearest Neighbors
wag Artificial Neural Network ﬁlﬂﬁﬂ’]iﬂ%ﬁJWﬁ’]ﬁLmaﬂuﬂﬁﬁ%’m(’%LLU“Uif\f”lﬁﬁ]ﬂiiM R

Tnsseu; SYM isednsamlunisiinnanssuannian
YUNBU3INNINTIUYBIITN13331RANTIU S-PAR1 (Recognition component)

lutunsuiilunisTraeinszuadoyalfuiaivesdiafud Accelerometer uae
Gyroscope nvayanngey (Testing data) Yoy linisnulviuiagseunaninenIng 82 &
wuInszhatayadaaeenidy Windows Afvunawingu 2 Junfiuazlaeuiriunssuiunis

famalUll
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S-PAR1: Recognition component (Online phase)

Testing data Computing the standard
deviation of acceleration
magnitude data SD,,

A3 | Data segmentation
Ye:

5 No
’7 SD,, > Threshold
Linear acceleration + ) .
Gravity acceleration
Angutalvetocty

Window (ur)

A

Extracting energetic Extracting dormat
activity features activity features

A4 A 4

; .7
Classify by Energetic /  Classify by Dormant /
activities model /’ activities model ’f
(SVM) /  (Gaussian Naive Bayes) /

Predicted physical
activity

2T 82 UrUNINGENIT Smartwatch-based Physical Activity Recognition (S-PAR1) ﬁ’umaujaﬁ

AINTsU

O YuMUNITWUUITLANNINTTUAAUALUS Tutunauilagyinisiruanaudeys

Tu Window dndunquianssuegiuinienauianssueiouln Fahnssuadeya
1F913871A1A 1334 (Acceleration) 3MniTUS Accelerometer Tuusiag Window 111
AINIANE I TELUULINTFIUVBIAIVUINYBIAULSS (Standard deviation of

[

acceleration magnitude data) FaUSsuisuRUAMUARUINES 1 TnBinaeA el

a1 SDy, = Threshold wansdeyavzdufanssundeulm

v A

Uit SDy, < Threshold wansideyaiduianssuegiud

pA
(4

¥ o T a v a4 o e Yo a . ‘:4'
O Yumaun1siIINguRINTIUNEATUN TunauilllunsiTinanssuves Windows #ign
Aualidunquisnssuediui lnednuaudnvuzatadsluiazunuaInnssud
ToyAlTIAIAULTITIARIINLTl LN (Gravity acceleration) d1dHUAIMUY

v o Aw

I1AINTTUBYTUNMIETTNTTIMUNNGUNTIATILNTTUUNUTEANTUEY (LDA)

Calle

LAz sEURINTIUNYANUNIAEHIUNENNITY8Y Gaussian Native Bayes

pA
[

O Yumaunsianfanssuafeulul Juseulilunisiinfanssunsinisndeul lng

Aunauanvaga1dulsLuunInggIy, Arnudeazilesidulndd 75 910
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NELatoyaldAInIAMIATNEU (Linear acceleration) A1NIFU3 Accelerometer
LAYNTELATILALTUIABNTTUTIYY (Angular velocity) 3106953 Gyroscope

e uiuuInAngsy SYM Tunisseyianssuiageuln
423111 v89I5N15 S-PAR1

I1INNTATNAKUUFINAINTIUAILTZNST S-PARL WanTauseaniainlunissian

Y

a o dd

"ﬂﬂiillﬂllﬁﬁ’]usllallaLUiEJULVlEJUNaﬂ'ﬁVIG]aENﬂUQ’m'J’i]EmLﬂEJ'J“UEN HANSNAABILER LY
1138015 S-PAR1 ?l’]ll’]iﬁiﬁl’]ﬂ‘ﬂﬂiillﬂ/l\‘iﬁ@ﬂﬂallﬂﬂﬂiimlu%’]u‘ﬂ@lla RealWorld wag

PARDUSS Iffusazdanmfiuiidinugniesuasutugivasnaiuiutiulauag maiuag

Y

Yladian

ArrpudIuaIzul SNNRUAURINTIUN SR KAEgUTRYA MHEALTH Uag WISDM

UsgansamlumsifenssusninnuideiSeuiiou Tnsiideyanguianssuegiui

g}

AanssuiReaiuinisnszaeeenidungueessenluunnnitgiudoyadu danislusianduan
fAtenantennazyiliisnisisousdliansausnanuunndsvesianssuiteyad
Tusieduasniiudoutuuarludunounsesmiuiidmiugiutoyn MHEALTH finisiines
ildmnzantudoyafanssuainnsmrvefiiudvilideyaiiddymelu dsdamariodsn

a = = b4 o 6 U v}
AanssuadeulmTsazdoaiaunlunesdudaly

3.2.2 A9k UU3T1iaNT5U Smartwatch-based Physical Activity Recognition 2 (S-
PAR2)

Junsiusesaninaindsnissannanssu S-PARL lagldwmunduuuidiianssy
Tifiuszandamlumsssyfanssuiivildgnieaiuminiu Ineusuusuasiinduneuusdiu

lun1sfuuuidnfanssunuanslunni 83 uaza i 84 Fslunseuininaigfidnys B

wnudunisusulssduneuluisnis S-PAR2 lnesuazidannsialull
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S-PAR2: Modeling Component (Offline phase)

A2 | Train-test split
Cutting head and tail of

| Leave-one-subject-out
Acceleration and each activity data. '| cross validation

Angular velocity
—

Al | Data preprocessing
5,/ Training data

Testing data

Modeling

A3 B1
Trainingdata Data segmentation Moving Average

‘. Acceleration and
Acceleration data Iar voloeity dat
of dormant activities anquiarveladity data

of energetic activities

Acceleration data
of all activities

B4 |Building energetic activities model

B3 |Building dormant activities model
‘ B4.1 \ Extracting energetic

B2 [Building activity types model

| Extracting activity |

33‘1| Extracting dormant
activities features

types features activities features
¥ ¥
Training model by B32| Selecting feature by B42| selecting feature by
Support Vector Machine Fisher score Recursive Feature Elimination
B33| Training model by B43| Training model by
Naive Bayes Support Vector Machine
y
Activity types Dormant activities Energetic activities /
model model model /

2INT 83 UNINFFAI Smartwatch-based Physical Activity Recognition 2 (S-PAR2) Jusoua il

FUUUFTININTTU

S-PAR2: Recognition component (Online phase)

Testing data Bl . .
. Extracting Activit
Moving Average > types fgatures !
A3 | Data segmentation
Energetic activity Activity types Dormant activitiy
model

Acceleration + Acceleration

Angular velocity

Window ()’

Extracting selected dormat
activity features

Extracting selected energetic
activity features

i ‘,

Classify by Energetic Classify by Dormant
activities model activities model

Predicted physical
activity

AINTE 84 urunIM33NI5 Smartwatch-based Physical Activity Recognition 2 (S-PAR2) ﬁ’umauj’@?

Aangsa
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e B1 Lun1sUTuSeudaya (Moving Average)

lunsadreiuuuiannanssu (Modeling Component) lunseunisinisudeya

(Data preprocessing) lalUaBuaINITA1TNTOIAUDAIAIBTENTT Butterworth filter low

= v

pass Wunsifindumnsunisusuiseudeya (Moving Average) lunsaunisadnedauuuian

Y

A9N33 (Modeling) LilasanARARs 1 uwmnIEd1MTUAITUS Accelerometer uuaUnsal

annimirlunazuRn1dsuzminty vilinszuadeya@siaiivaindisuiuuegunsnidu

'
Y Aa A

geysdeveyanadidnyluazliaruisaldanusiuduiiduivinduiaznssuatoyaidwinid

Y

] ] 3 Y = o ax o v cs' ) A a
wualuusiag Window l¢ 3nhunismsuiuiteuteyanaiunsnandayyiusuniuilingin
TORANAINAINNTENAINIFFUMTII N URANAIA VTR AT Az saldUs IR UN eI
PoyaldauIa1nmIsuINNgUteYaNINTINLAYYIBAMANVBIAMUENYEATY Tun1Tnaaes
° ° 1A o a S v o ] =2 = v o oA
mruadwIuAiiaiasunlunsuSuiseudeyanud 1 89 10 9aTatanI3seieRans
o Ao a a o v v Ao w v = o v dy Y v
uumhaiasaunfulvensazilideyanddymelula daimdnnsildiv
NITuatayalTwIa1NAITUS Accelerometer Uag Gyroscope waiIMuUAATIUIUAIT

dIRTUYIAY 5 0

e B2 Y5uIBn1333nguRansIn (Building activity types model)

[
a

Tuduneuiliuaeuisnislunisuisnguiianssuainidnmsvamdliauus (Threshold) 1u
N15a519AVUIINAINTTUMETTNTIREUT SYM FariuaanuvazaArdudguuuunsgu
UBIYUINVDITNTUITNTIY (Angular velocity magnitude) 31nFITUS Gyroscope Yadusay

AINTINAIANNITN 3.8 Laz 3.9

GyroM; = \[GyroXi2 + GyroY? + GyroZ? (3.8)
1oy GyroM;  FRAUUINBATIIATYY (Magnitude) 11 i
GyroX;  ADAIDMTHIUTILUMNWUILNY X 91 i

R

1w 1

GyroY; ﬂE]ﬂ’Te]G]ﬁ']LﬁQL%QHNWWNLLU'JLLﬂu Y9 i

GyroZ;  PRANBNIHINTIUAUWUINY Z 7 i



SDGyroMj =

Tog SDoyrom; fig AndrudeauuaInsgIuUeuLINENT LI TwRUUDIRIFUS

GyroMj;

GyroM;

'
1 )

wlpmdnndeauuninigrundnialaandisuiandisui Gyroscope vasusiag
Aanssusaufumddonuuninsguandasus Accelerometer sauiluaesnudnvos

nuuhanaiadudinuuidnguianssy (Activity type model) tngld38n1saseduwuy

o a

Calle

[

1 _
—— ) (GyroM;; — GyroM;)? (3.9)
n—1 J J

¥

3
91n#3u3 Gyroscope Melu Windows 1 j vesusinguianssy
fio AnuuiasaTIsadumueinius Gyroscope 7 i lu
Windows ﬁj

fio AnadsruIndnIIaBapmesiiiul Gyroscope ¥ed
Windows ‘1'71'j

2 e

Ao ArdIutayaly Windows vasfianssufiiaaiansan

Ao ALYEMTUTEUAAUYRY Windows

AudNwazrudunauNIteuf ssuindunlseyafianssuivaeanguaaning 84

Angular Velocity magnitude

B, TP
o o
)
3
oy
o
% o
° ot
s r.f':
s P
-ll{
Angular Velacity magnitude
= e &
h L 5
g o 8

s AV et
e

e -!"\.

s Pneas
e ok

@ Dormant activity
®  Energetic activity

e Dormant activity
®  Energetic activity

0.0 0.5 1.0

Acceleration magnitude

F1utoyananssy RealWorld

2 3 4
Acceleration magnitude

g1udayananssu PARDUSS

1.5 2.0 25 30
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Angular Velocity magnitude
H
°

e Dormant activity
e  Energetic activity

0 1 2 3 4
Acceleration magnitude

§1utoyananssu MHEALTH
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Angular Velocity magnitude

e Dormant activity
e  Energetic activity

00 0.5 1.0 15 2.0 25
Acceleration magnitude

Fudayafangsy WISDM

NINA 85 UNUNINUARIAULIAINTIUTOYADINFMUYZT) Linear SVM

e B3 UFudFn1sadiedauuuiinn

model)

a

Y

Usuusslaeseavidensssaluil

1A

A4NINIIUDY

q

v

[

[

#ufl (Building dormant activities

luasnsafeiuuuiTnAanssunquianssuediunivesisnis S-PAR2 Nlasunns

O B3.1 JUABUNITANAAMANWMLVBINANAINTIUBYNUN (Extracting dormant

activities features)

Y =

Tudumauilildunisfiuduiuaudnvuzreinisiinnanssuediviiiliesainanie
! a i ax oA Y o Yo a & A
ARfgvewiazknuludsnis S-PARL 9193z litiiganelunisasisiauuuidnfanssudaing
naUsransamluiinfanssulagnse faludsnis S-PAR2 d3ufindruiunudnyuylng

J

AMUIATANAAIEASEDATIUIU 5 a1aulun151971 15 Laun Average(l), Median (2),

Standard deviation (4), Minimum (5) k&g Maximum (6) ¥ 91uUAMANYUEIIN 3

Aaudnwazily 15 Audnvue

A9 15 MI5NAMAN YU TTaT N MUUFIININTTAGEUINIY8IT5N 153010 INTTU S-PAR2

Gyl AMANWNLY dUN1IAUIN U
1 Average 1% 6
== x0)
n
i=1
i ([ (n+1
2 Median ( > );Where nis odd 6
m;=4n n
>+ (5+1
l#; where n is even
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3 Variance 1 < 6
o N — ¥)2
var; = —— ;(x(l) x)
4 Standard deviation L& 6
.= D) — %)2
si= |— ;(x(l) %)
5 Minimum max (x) 6
6 Maximum min (x) 6
7 Skewness 12;;1(,((1') -x)3 6
Skew,, = 1n o
(7Im. @) - %))
8 Kurtosis 2 ECIORFAL 6
Kurt,, = 1” 3
(2. x() - %)2)
9 25th percentile _ 25 6
P25, = 100 (n+1)
10 75th percentile _75 6
P75, = 100 n+1)
11 Interquartile range IQRy, = @3,, — Q1 6
12 Root Mean Squred I, 6
RMS,, = Eziﬂx(l)
13 Mean Crossing MC,, = Zsign{(x(i) 8 x (x(i—1)—%) <0} 6
14 Cross-correlation coefficient r(x,y) = L (i = 0) 0 =) 15
\/22=1xi =4 \/22:1% -y
15 Dominant frequency Jmax = fm im = argmax FFT; 6
16 Magnitude of dominant 6
mf = argmax FFTj,
frequency *
17 Magnitude Energy _IN 6
e knzi=1|FFTl|
TIUIUAUIN UL TIINUA 111

O B3.2 YuABUNNSIABNAMANYULVRINGUAINTIUBLAUN (Selecting feature by

Fisher score)

NNsINIUANSN v ilunsasedluuIIRan SRR LANNITAI LI
WINVUD19AEYMINITN1IINAInTsuFsusaudnvazuiniiuluetvasyiiiin ey v
v I o & Y A

Underfitting %138 Overfitting 1@ dsliudnludesfitunounisidenauanumsimuizauiu

ANYMLYITRYANINTTURALAANTATUINANIN YU NHINTUN Fufiudunaunisiden
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v

Adnuuy (Feature selection) lnemnuaisnisidenAudnuae Fisher Score waginum

FIUIUANSNYULTLEDNYINAU 6 AMENYALIIN 12 AMENYAE

O B3.3 a¥19iuuuIINANTINELAUN (Training model by Naive Bayes)

v

Tudumeuiiliminiswaswisnisseuslunsadeiuuuidinfnssuegiunaniuly
WsdwunnguinszinisduunussiamBaudu Linear Discriminate Analysis (LDA) tJu
3515 Naive Bayes lagauiniauu1aviduuuy Gaussian distribution etiunldsauny

aa a Y] . g v a a v o I o
'Jﬁﬂ']ﬁl,a@ﬂf’]maﬂﬂmﬁ Fisher Score ﬂ']ﬂﬁ\laﬂ']ﬁ'ifl@aaﬂﬂl%ﬂiBaWﬁﬂqws‘LUﬂqig‘ﬂqLLﬁJ‘UEJ’]lI']ﬂ

=)

an

e B4 USuidTnrsadredanuuianngunanssuiafaulng (Building energetic

activities model)

ludgnasasiedanuuidnfianssunguianssundoulnivesiznis S-PAR2 lasunas

Usuusslaeseavidensissaluil

O B4.1 JuAAUNTANAAMANYULYBINGUAINTTUARAUINA (Extracting energetic

activities features)

ludunauilagiiarsuinsenateyadadarlunsiazunuaindiul Accelerometer

[y

az Gyroscope ANUA13197 15 Audnwazawudins 1 i 14 wWumsarwialegldndnnis

nMsadAnazaudnvuzaIR U 15 53 17 1Junsauiamnieriud (Frequency domain) w1y

WANNT Fast fourier transform yd AN YUENIMUAWNAY 111 Audnvae

O B4.2 JuRBUMSIERNANANBAZYRINGUNINTTUARDUINT (Selecting feature by

Recursive Feature Elimination)

NTunuAinAMENYMLIaINguAInITuAdaulmar laAuENwaE i wIuNINNT

Aav A | P a . = - oA o = VYo
NuATeAUSeuisukarenvaiinlayny Underfitting 38 Overfitting wuidgnfiu Fala
BNsiEeNAMENYME Recursive Feature Elimination (RFE) iniglunisidenaudnuaei
wnzauiudeyananssuadoulnamieliladuiudnvasiiosanuslauszans amluns
seyfanssulaffan Patuneuidfanssuveditnig REF adasimuanisdwesilaun

wnsldlulssiliudenaudnuuzAstunaunisiseu; SYM lneimuailaiduldeuudas
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fiRvesdoya (Kernel) Wi Linear function, Avuan1s13imes C Wu 0.01 harduiu

AMANWAULYINNTY 30 AMGNYALY

O B4.3 Junauas1snluuviIIfanssuaaaulng (Training model by Support
Vector machine)

[%
o

tunsuiliunisiinquandnvuzvesfanssuaioulmfignidenlyasrududnuuian
mgIEnaiseus SYM tneasuilinduasuudasiifvestaya (Kerel) 310 Radial Basis
function (RBF) 40w Linear function wmilaududusiuuuidnainismsdenaudnume uas

MuuUAA1 Regularization AIN15EWOS C WA 0.01 nLANSANVIAUY 1 1ielinion1333n

Y

gaulyivoulwn (Margin) ¥e4ldu Support Vector 7At38n31 Soft margin tielviddeuaiidu

kY

¥ I

I a a &£ Yyo g vax a 1Y & . ! I a
Auaznguianssuansaiadulaviliisnsiseusinteyandu Noise lunsaznguianssy

Y

Y = Y

\iesanveyaiin1s Overlapping aguadzwvinbianlavn Underfiting vassiiuu3inianssy

Y

£
N o

INNANITNARDINIENITERBSE viTbin15331RaNssuARoulnIvesdBnIs SPAR-2 fiaiu

av oA 1%

wlugLiNTUIN S-PARL UazilSeuiguiuideiingitesiiuseansanunniign
Y o o ad Y o a
Ya31NAVBIITN1T3INNINTIU S-PAR2

INATHAILIAIMUUIIIAINTTY S-PAR2 waztrlunnassiungiutaya nans

naaosandliiuiszdnsamludirfanssulaesiunnianssuivdulaewmmznguianssy

indeulmniimsiudeudeyaiuadldgndesiininniy widdlvedninlunisidfanssuegiu

il

o

LUU3INNINTTUIIBYavete1aaliATUIAUNTAIULANA1IYR A Taya i uunly
Aanssumenfuvselinulndimesiuianssuaulunguiiednu Inganizn1svinianssuves
ananadinslugudeyafianssu RealWorld 7ivainnisifanssuainaieusniiesnasdsiy

Wiseansnmianfanssulunquiliinauainismadulsdunin

3.2.3 fq4UU391iaNT58 Smartwatch-based Physical Activity Recognition 3 (S-
PAR3)
Wunsiamandasuuddifanssy S-PAR2 fianunsauiuugeiuuunisidnfanssuly

dhiugldunazynaalininiign Jsiumdsiadnes C aelunini 86 Wusunisilasunis

YSuugslineavidendssialuil



S-PAR3: Modeling Component (Offline phase)
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ﬂ Data preprocessing

Acceleration
Angular velocity

Cutting head and tail
each activity data.

&, Train-test split

Leave-one-subject-out
cross validation

y/ Training data

t i Pre testing data

Modeling

/ ] / A3 Bl .
/ Training data / Data segmentation Moving Average
/ /

Acceleration data
of all activities

Acceleration data
of dormant activities

Acceleration and
anqular velocity data
of energetic activities

B2 |Building activity types model

Extracting activity
types features

Training model by
Support Vector Machine

C1 |Building dormant activities model

€2 |Building energetic activities model

Extracting dormant
activity features

Extracting energetic
activity features

Selecting feature by

¥
CL1| Selecting feature by
Fisher score

Activity types

¥
€21
Recursive Feature Elimination

CL2| Training model by C2.2|  Training model by
Linear model Linear model
—
Dormant activities Energetic activities
model model

AN 86 WHUNNTURBUNNTATIMILUUITINANTINVEIITNST Smartwatch-based Physical Activity

Recognition 3 (S-PAR3)

® (1.1 uaz C2.1 MUSUIUIUANANBULYBIITNTIRNANAN YL

31NIBNT S-PAR2 NITuuAMEnwzveAaznaufanssuiduuwiiilungudoya

AatulunIng 85 o siunils CL.1 wag C2.1 Fang1e1uAUMIIUIUANGNYsNTDeNgAT

Uszdnsnmluusazgiudeyaianssu lngvinnisveaesiuismsifenaudnyusiiuiazan

nilsnauanwuzlunng 59U3INTINIUATINTEIVITIUIUANANYULINUAKALLEDNTIUIY

AAN YL

Us

ee

1% U ‘NI
EWU?JEJ%@LLE‘WQ@IWHTNW 16

ansnmluseufanssuuniian dednuunndnvuzvainguianssululsay

A15191 16 7599 TMITAeNAENYazuAzTINIUANAN Yl lUUAaz g 1UTaYaYeI5N 1T S-PAR3

Fudaya Wsiden | audnwaeiangsy | Bn1siden | AndnwMzRangIy
AMANENLY agAuil AMANENLY \deula
RealWorld Fisher Score 10 RFE 24
PURDUSS Fisher Score 2 RFE 19
MHEALTH Fisher Score 10 RFE 19
WISDM Fisher Score 10 RFE 15
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e (1.2 uag C2.3 MsUAguITNs3INanTsy

TUMTasiILUUIINNINTTUNARINAUAINTTUITNSITEUI LA TASEUFAIINTRYA

dmivaieiinuuidnnazdsuamisimesauainteyaundiuvesteyanaaauls 3dle

a

WaguanIsnsseuiifunduisnisious svM duisnisiseusaunisfadu (Linear
model) Na11150UsEIUAIAINNRANAINIINNTTEUAINTTUIAL ATLINNAIN Loss function
Farnuaduilandu Hinge wagldnannis Stochastic Gradient Descent N@1s5aUSuAN

Umin (Weight) wazarluwea (Bias)

® (3 uaz C4 JumauNIsHUstayausdiuazUFudaluuiInfanssa (Split extra
training data process and Extra training process)

dleaseiuuuiifnssuiteuiosudtuneudaluiluwioyavesenanadnsily

<

Judayanaaeu (Pre testing data) ursediuunldlunisusudnuuidnnanssudiuuuian
Aanssuiiuansdaninit 87 Ssluduneu  sumisdl €3 Hunsudsdoyalasfiarsannisda
Yoyalsiiiu 20% veadoyannasy Fevunadoyadinuizanvindiu 10 Windows siendls
A9n55% (Reiss uag Stricker, 2013) uazdeyaimanazihluldiauszansamenuua

AANTTU
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c3 | Split extra training data process

Cutting from start 10 samples
f each activity

Extra training data

Pre testing data —’—)

Testing data

Remaining 5
data

10sample | Running data

C4 | Extra training process

Extra training data

|

Moving Average

Acceleration and
angular velocity data
of energetic activities

Acceleration data

of dormant activities

Yy

Extracting dormant Extracting energetic
activities features activities features

Adapting by Minibatch gradient Adapt’lhg’l;);rMmlbatcrﬁ gr;;jlem{ .
descent to dormant activities . descent to energetic activities |
model . model 1

e

Adaptive dormant Adaptive energetic
Activities model Activities model

NN 87 UUNINNISUUITRTouad s USEUZ I (Extra training data) UagnIsUTURMUUZTI

Aanssu

FevdsandautsteyaursdrunndeyanaasuiSeuiesudd thanusuiseudeya
uarianguandnunsiidenluudarnguinssuanunianuulgesmsfinesly
fuvugdianssulindnns Minibatch Gradient Descent fsnwil 88 Fsrimuanisines
$1uauT0U Epoch (e) wazrunvesnguieyadiazlilunisuiuugsnuuidluuiazseu
Minibatch (b) Im‘i‘%miamu%%ﬁaﬂ%’wqa@hLL‘UU%@TWﬁamimmmﬁﬂmuwwmﬁma% e Tuum
agsouaraduuailugadoua D; (Ussiafl 2) Mnduvinsdulaglisiangadoua D, A
Surumnsined b (ssvind 4) ielililuudazsouluufuysuuuiafanssuianssumin

Nuld agldyadoya < x;,y; > NAuaNYMLLazAINTIN NYIINTFUTeUToELaYILTEINS

=

TunsuSudsaduwuusiely (Ussial 6) Famdiwesdnuiuseu (Epoch) wagaundayails
lun13U$u (Minibatch) vasuinguianssuwazgiudeyalidvindudswmised 17 lngyiing
NAaBIlAYAIRUATUINYBY Epoch WU 10 83 700 50U kagd1uIu Minibatch Wiy 8

wag 16 Yaya Jugnsaesmlyuseansamlunsidinanssunuiudrgnaesnniantuwsiay

nANAINTIULAEEIUTRLA
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Algorithm 2: S-PAR3 : Minibatch stochastic process to update activity model in extra training phases

/* M = The learning model (dorment or energetic activities) */
¥ D = The feature set of activity types (dormant or energetic activities) *f
f* b = The number data in Minibatch */
/* e = The number of epoch #/
Input : M, D
Output: AM
1fori=1 2 .., edo
2 randomly shuffle D; in the extra training set [J
3 forj=12.,6bdo
4 ‘ draw random sample without replacement (;r:?],y!"’]) ebD;
5 end
6 Update M from previous epoch by (x;, ;) to calculate loss function and update weight and bias of the linear
model (AM) (partial_fit(x;, y;) Scikit-learn SGD method).
7 end
NI 88 ann1s Minibatch Gradient Descent [utipeou Extra training 989 S-PAR3
W’l?']\?ﬁ 17 9719997114U59U EpOCh uazyuImYad Minibatch me’asgwﬁayaﬁmﬁﬂ
Fudaya fanssuagiun fanssundaulng
RealWorld 300 epoch / 16 minibatch 300 epoch / 16 minibatch
PARDUSS 50 epoch / 8 minibatch 350epoch / 16 minibatch
MHEALTH 100 epoch / 16 minibatch 250 epoch / 16 minibatch
WISDM 450 epoch / 16 minibatch 350 epoch / 16 minibatch
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uni 4
NANISATLUUIIY

luuntlagnanfamanisanidunulaenisinuseansaimaiiugnedlunissey

AANITUIINTUABUNITAT L UUIINAINTTULALTUABUNTIINNINTTUVRITTN TN LA UE

[

Smartwatch-based Physical Activity Recognition (SPAR) Aus1uideniin1siiaus
FBNIINAUIAILUUFINNINTTUMIBUINTIAYTEANTA NN MUA 3 daumTialaun Recall,

Precision uag F-measure lngilsgazidenvanamiiivnunanisasaluil
4.1) Toyananssunldlummeaes
4.2) MyinUsEansnInANNgNABLazANLINEINTTITINANTTY

4.3) KAN1INABINTIAUTEENS A NAILUUIININTTY

4.1 dayananssunldlunimaaas

i
[

ednusitliigiudeyafanssufdnisiivdeyanisiAanssuninieninain

saAa U o v

aUNIaINEAISu3 Accelerometer uay Gyroscope Miaduldtetodiuiu 4 g1udeyanaiunse

9

Whdsldegeanssae Tnedldnuiuuwaideyaluidasgulayananssulandfanisen 18

A15799 18 TIuuUgIWeyananssuluumaygINToyaNINTIY

g'm%'aga RealWorld PARDUSS MHEALTH WISDM
Standing 155,788 90,000 30,720 180,718
Sitting 138,063 90,000 30,720 177,213
Lying 142,316 - 30,720 -
Walking 138,409 90,000 30,720 174,682
Stairs up 114,703 90,000
30,720 175,096
Staris down 116,806 90,000
Running 153,089 90,000 30,720 173,578
Jogging - - 30,720 -
Cycling - 90,000 30,720 -
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4.2 Fanmsildinuseanininadnugnaaedauuiinnangsy
nsTuneuNTInUsEansamanugnassldideninasinussaniamuesiauuuidn

@ Recall, Precision way F-measure IngiisnisauinnaselUll

[

Recall {unsinmnugndedlunisidifonssu lnedaanduiuvesianssuiias
NITUALVIUIYNABIABINTIEIUTIVIUNINTTUNNINTUINUA AIUITAATUIUAY

AUN1SN 4.1

rp @.1)
TP + FN

Recall =

Precision (Jun1sinanuudugilunisszyionssy lneinaindiwiuvesianssud
srUAINTIUNNTAN LAY NABIBINI1dIUTIUIUNTTFYRINTTUNNITUIINAIMWUUFIN
Aanssuianun AR 1 wansindawuuiainanssuszyfanssuduniagliidufanssud

NAITAUN ATUNTOATUIANUGEUNTN 4.2

TP @.2)

p 9,0 —
recision —TP T FP

F-measure \Jun1siauszdnsuiuguazanugnsissvassinuuidnnanssy tngldm
ALRRYYBIUTEANSAIMUBIMILUUITIAINTTUIN Precision Uaz Recall A1XNIAAUINMY

AUNNSN 4.3

Precision X Recall (4.3)

F —measure =2 X
Precision + Recall

[V
v a o ¥ a ¥

gt TP Aeduuasaidiuuuiifanssuiissyianssuaindeyanaaeunsaiv

9

Aanssunduinauase (True Positivive)

'
a =

FN  @ednuuasidinuuiinnansssunsyyfianssuandeyanageulinsaiu
AanssumduAnauase (False Negative)
FP  @ednuupssidiuuuiifanssunssyianssuuaindeyanaaeuaulyl

psauAnTsUMuUAInaUASY (False Positive)
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4.3 N13IAUTLENTAINANUGNABIAZAMANUUUGINITIIININTTY

Tuaruine dnustin WS suuis UNan15MAaaei InaNnIs NS NuLE@Lend 3 35nu

=

MAdgBumiawensikuuIIAINssulaedseazduansolul

4.3.1 M3inUszanSnmvesitni13331nanssu S-PARL

A o LY

nswWssuiieuyseaninmlunsidnfianssy S-PARL Auswidendiausnisiiuuy
$91AanssufanITunIINIEAINAINNSELatayalisIatgUnsalatnlddaiialaunauide
“Accelerometer based intelligent system for human movement recognition” (Da
Silva tay Galeazzo, 2013) waz91U7IT “Towards detection of bad habits by fusing
smartphone and smartwatch” (Shoaib kagaaig, 2015) AU 4 gm%’agaﬁﬁmiiu %ﬂiu

g1utoyafanssu PARDUSS wag MHEALTH azlildiansannistudnseusiusie

® HANIIVAABIVBIIBNTIFVININTTU S-PARL Augrudeyananssu RealWorld

N1339IMANTTUAIEITNNT3IINANTTU S-PARL AIgg utoyananssy RealWorld uans

lugUwuuves Confusion Matrix A49151991 19 wazaUITeNUTHUWEUAINNSI9N 20 § 23

D.

a1130AUINMENTInUTEANS A NANYNABILAZANLINEIYDINTIINNINTTUAY

38113 Recall, Precision uag F-measure L@nIRInIMT 89 §9 91 aziiuliin3sn1s3an

%y dI'ILQJ v 1

Aan33u S-PARL a1u13a3InAanssuedivilagndesuazuaiuginitnuideniuseuiiey
laglanizn1sianaznisueu ludiwunisiannanssuaasulmiluseansamlngiadendd
Indfgaiu Wenauiuuaivinly F-measure lagiadennianssulugiudeyaianssy

RealWorld tugeniniéntes



A15299 19 Confusion Matrix 11539179NT3UAIET5NIT S-PARI fiugIuteya RealWorld

Actual activities

Prediction activities

99

Standing | Sitting | Lying | Walking | Stairs up | Stairs down | Running
Standing 1173 151 53 7 a1 13 43
Sitting 71 998 199 a4 56 8 35
Lying 75 266 | 1067 2 3 2 5
Walking 0 0 0 983 270 91 2
Stairs up 3 39 13 358 596 142 8
Staris down 0 0 0 86 164 881 2
Running 138 24 12 3 22 7 1290

A5 20 Confusion Matrix N113331190354¥8935173 Architecture 1 991914338 Da Silva uas

Galeazzo (2013) f)v‘ljjmfaya RealWorld

Actual activities

Prediction activities

Standing | Sitting Lying | Walking | Stairs up | Stairs down | Running
Standing 1195 170 34 7 51 19 5
Sitting 69 1011 243 6 38 3 1
Lying 82 419 915 1 2 1 0
Walking 12 31 3 889 311 97 2
Stairs up 26 60 6 270 631 165 1
Staris down a4 5 0 96 213 814 0
Running 151 43 7 iy 19 6 1263
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@159 21 Confusion Matrix 115337090354¥8935175 Architecture 2 (2013) 917911398 Da Silva kae

Galeazzo (2013) ffugutaya RealWorld

Actual activities

Prediction activities

Standing | Sitting | Lying | Walking | Stairs up | Stairs down | Running
Standing 1134 168 33 15 67 11 53
Sitting 34 974 224 12 67 4 56
Lying 93 368 928 il iL5) 2 12
Walking a1 0 0 898 246 114 46
Stairs up a4 36 1 274 610 195 39
Staris down 0 0 0 121 252 754 5
Running 136 24 7 5 51 4 1269

A13999 22 Confusion Matrix 115331N9NTIUAILIINIINITE Shoaib Uazamy (2015) TugIudeya

RealWorld
Prediction activities

Standing | Sitting | Lying | Walking | Stairs up | Stairs down | Running

Standing 1236 132 64 7 22 12 8

. Sitting 141 823 357 1 33 5 11
HGZ;) Lying 58 421 618 0 144 1 178
E:é Walking 19 31 0 920 278 89 9
% Stairs up 23 52 11 410 517 143 3
= Staris down a4 3 0 105 152 869 0
Running 157 19 17 7 8 5 1283
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I DaSilva 1(2013) [0 DaSilva2(2013) [ Shoaib (2015) [EEE S-PARL

NING 89 UaUNINUTUSIULTIEY Recall 524379974398 Da Silva tag Galeazzo (2013) uae

Shoaib uagmalz (2014) AUNI53917INT5U S-PART #aggIutaya RealWorld
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Standing Sitting Lying Walking Stairs Up Stairs Down Running
I DaSilva 1(2013) [0 DaSilva2(2013) [ Shoaib (2015) [EEE S-PARL

AING 90 UAUNINUTLUSEULTIEU Precision se#I1IW398 Da Silva Uag Galeazzo (2013) ag

Shoaib uazamy (2014) AUIENI3391M9NTIU S-PARI AaggIudeya RealWorld
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100

91.26
89.55

85.28
85.88

F-Measure (%)

Standing Sitting Lying Walking Stairs Up Stairs Down Running
I DaSilva 1(2013) [0 DaSilva2(2013) [ Shoaib (2015) [EEE S-PARL

NINA 91 URUNINUTUUSIUTIEY F-measure 5¥3137191439¢ Da Silva uae Galeazzo (2013)

uaz Shoaib uazAy (2014) TUINITFININTIU S-PARL Aaggiuteya RealWorld

® HANIIVAABIVBIITNIIIIINANTTU S-PART flugrudayananssu PARDUSS

N1333173N35UMIETTNTT S-PARL A18g1uTeLanaNTsu PARDUSS LanINadnses

S = 9

M15799 23 hALINUITENMLUTIULNBUAINITIN 24 D9 26 @1UITOAIUIUAIYNITIA

UsANSAImANgNABILAAINLILEIUBIN133INAINTINAILTINNT Recall, Precision ay
[ ::l' = =] v LY a a & o
F-measure UansasnInd 92 s 94 auiniuladmanisnaaesinuse@nsnin F-measure N
Wnsausaiiifanssuegiunlndifssiunazlunisidnnansaadeulnilasianizegiebs
a a £ o a @ o v o o Y = o § v
msiay, mauvdutulawaznisiduasdulaniianulndifesesteyaiuuinaiiinissey
a a v = D 5 A & daad
Aanssurananladiey Fananismaaeuwandliindn Recall uag Precision veansdisnssy
Anna1naduiu wilnesIuuaI3sn1s S-PARL seylawiuggniesunnnindawalil F-measure

lnglafgveaNiaNTsuveIs s IaUaeUiugisn1s S-PAR Husganinmuinndd



M15299 23 Confusion Matrix N7539179NT3UAIET5NIT S-PARI fiugIutega PARDUSS

Actual activities

Prediction activities

103

Standing | Sitting | Walking | Stairs up | Stairs down | Running
Standing 886 3 1 2 6 2
Sitting 0 890 0 3 7 0
Walking 1 0 704 181 14 0
Stairs up 1 0 103 744 52 0
Staris down 3 0 a4 42 803 8
Running 0 0 2 0 2 896

@159 24 Confusion Matrix N113331190554¥8935173 Architecture 1 991914398 Da Silva uas

Galeazzo (2013) ffuguteya PARDUSS

Actual activities

Prediction activities

Standing Sitting | Walking | Stairs up | Stairs down Running
Standing 880 1 05 5 7 7
Sitting 0 896 0 0 0 a4
Walking 3 0 540 253 104 0
Stairs up 2 0 141 670 86 1
Staris down 4 0 38 86 769 3
Running 2 0 0 0 il 894

@159 25 Confusion Matrix N113331190354¥8935173 Architecture 2 911914338 Da Silva uas

Galeazzo (2013) FfugIuteya PARDUSS

Actual activities

Prediction activities

Standing | Sitting | Walking | Stairs up | Stairs down | Running
Standing 879 0 0 7 11 3
Sitting 0 877 0 1 18 a4
Walking 0 0 568 266 66 0
Stairs up 0 0 91 733 75 1
Staris down 0 0 29 100 769 2
Running 0 0 0 0 2 898
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M15299 26 Confusion Matrix N1533119NTIUAILIINIIUITE Shoaib hazamy (2015) TugIudeya

PARDUSS
Prediction activities
Standing | Sitting | Walking | Stairs up | Stairs down | Running
Standing 889 0 2 0 6 3
& | Sitting 1 898 0 0 0 1
::% Walking 0 0 541 340 19 0
7’;: Stairs up 1 0 214 614 a1 3
& | Staris down 4 0 45 24 826 1
Running 0 0 0 il 0 899

1004

90

80

Recall (%)

60

504

40

30-

70 4

97.78

97.67
98.78
98.44

Standing

99.56
97.44
99.78
98.89

~
~
@
=

Sitting
B Da Silva 1{2013)

Walking
=3 Da Silva

Stairs Up
1 sh

2(2013)

Stairs Down
B S-PARL

oaib (2015)

599.33

99.78

99.89

Running

99.56

DINT 92 UaUNINUNBUTIULTIEY Recall 5¢3%779971%439¢ Da Silva iae Galeazzo (2013) 4az Shoaib

uazAy (2014) FUNI35399NINTIU S-PARI AIeg1178ya PARDUSS
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98.77
100.0
99.33
99.44
99,89
100.0
100.0
99.66
98.35
98.9
99.12
98.9

100 4

Precision (%)

Standing Sitting Walking Stairs Up Stairs Down Running
B Da Silva 1(2013) =3 Da Silva 2 (2013} 3 Shoaib (2015) [ S5-PARL

NINT 93 UAUNINUIUSIULTIEU Precision 5¥%3799714398 Da Silva Uag Galeazzo (2013) uag
Shoaib uazAalz (2014) AUN339179N538 S-PARI AegIutaya PARDUSS

98.27
98.82
99.05
98.94
99.72
98.71
99.89
99.27
98.84
99.34
99.5
99.22

100 4

F-Measure (%)

Standing Sitting Walking Stairs Up Stairs Down Running
B Da Silva 1 (2013) 3 DaSilva2(2013) [ Shoaib (2015) mEE S-PARL

DING 94 UAUNINUTIUUSIUTIEU F-measure SeaIIu398 Da Silva uag Galeazzo (2013) kag
Shoaib uazAals (2014) AUN53919n538 S-PARI AegIutaya PARDUSS

® HANIIMAABIYBITIINTTIIINANTIU S-PAR fugudayananssu MHEALTH

N1533179N35UAI878N15 S-PARL 83 1uTaLafanTsd MHEALTH Lansuadnses

]
av A

LAAINAANSAINNTIN 27 wazUITeMUSTIUEUAINITIN 28 519 30 @NUITOAIUIUAIY

n13inUsEaANSamAUgNABILaEAULLIUE1Y0IN1T3I1AINTIUMILE UINTITA Recall,
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=

Precision wag F-measure uansfianind 95 fia 97 auiiulainlunguianssuegiuiinig

Y

BN13331AINTTU S-PARL szun1sHauaznIsuaularanaindsmalyien Precision ¥09nsay
nanssuediunAININEN1sMUTeuEULarIsnIs S-PARL @1315033179NTTUNTIUALI
JonAglaAkinI1s3ININTIUNMTIAULAENITALTLAITulaiUsEaNS A MTaend1widen

= =
WIsuLeu

#1599 27 Confusion Matrix 175391090534A8T5N77 S-PARI fiUgIuteyanansss MHEALTH

Prediction activities

Standing | Sitting | Lying | Walking | Running | Stairs | Jogging

Standing 300 0 0 0 0 0 0
& | Sitting 60 240 0 0 0 0 0
% Lying 0 120 180 0 0 0 0
Tg Walking 0 0 0 215 0 85 0
£| Running 0 0 0 0 271 0 29
Stairs 0 0 0 31 0 269 0
Jogging 0 0 0 0 62 0 238

M137991 28 Confusion Matrix 11339119033498935173 Architecture 1 991974338 Da Silva uas
Galeazzo (2013) ffugIuteya MHEALTH

Prediction activities

Standing | Sitting | Lying | Walking | Running | Stairs | Jogging

Standing 290 7 0 0 0 3 0
& | Sitting 43 238 18 0 0 1 0
% Lying 0 17 253 0 30 0 0
(732 Walking 0 0 0 230 0 70 0
£ | Running 0 0 0 0 246 1 53
Stairs 1 0 0 34 2 263 0
Jogging 0 0 0 0 73 0 227




A5 29 Confusion Matrix 113337190554¥8935173 Architecture 2 9910914338 Da Silva uas
Galeazzo (2013) ffug1uveya MHEALTH

Actual activities

#15299 30 Confusion Matrix N7533119NTIUAILIINIINITE Shoaib hazamy (2015) TugIudeya

Prediction activities

Standing | Sitting | Lying | Walking | Running | Stairs | Jogging
Standing 278 19 0 0 0 3 0
Sitting 73 226 1 0 0 0 0
Lying 0 31 269 0 0 0 0
Walking 0 0 0 258 0 a2 0
Running 0 0 0 0 248 0 52
Stairs 0 0 0 28 0 272 0
Jogging 0 0 0 0 72 0 228

MHEALTH
Prediction activities

Standing | Sitting | Lying | Walking | Running | Stairs | Jogging
Standing 299 1 0 0 0 0 0
& | Sitting 30 210 30 0 0 30 0
% Lying 0 30 240 0 30 0 0
% Walking 0 0 0 178 0 122 0
E Running 0 0 0 0 248 0 52
Stairs 0 0 0 63 a4 233 0
Jogging 0 0 0 0 69 0 231

107
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99,67
100.0

96.67

Recall (%)

Standing Sitting Lying Walking Runinng Stairs Jogging

B Da Silva 1(2013) 3 Da Silva 2 (2013) [ Shoaib (2015) B S5-PARL1
DI 95 UaUNINUTIaUSEULTIEY Recall 5¥%37997439¢ Da Silva ag Galeazzo (2013) ag Shoaib
uazAalz (2014) TUNIT39IMINTIU S-PARI #aggIuteya MHEALTH

99.63
100.0

Precision (%)

Standing Sitting Lying Walking

Runinng Stairs Jogging
B Da Silva 1 (2013) 3 DasSilva2(2013) [ Shoaib (2015) BN S-PAR1

NN 96 UAUAINUNUUSIUTIEU Precision 5¢%319974798 Da Silva Uag Galeazzo (2013) uay
Shoaib uazanly (2014) 1Un135391790353 S-PAR1 Mg 1uteya MHEALTH
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91.48

F-Measure (%)

Standing

DN 97 UAUNINUTIUSIUTIEY F-measure Se%a19971439¢ Da Silva 4ag Galeazzo (2013) wag

95.07

90.91

Sitting

I Da Silva 1(2013)

9439

Lying

Walking

@ Da Silva 2 (2013)

Runinng
3 Shoaib (2015)

Stairs
[ S-PARL

Shoaib Uazanly (2014) 1UN13391190358 S-PAR1 Mg 1uteya MHEALTH

Jogging

® HANIIVIAABIVBIIBNTITINININTTU S-PARL Augrudeyananssy WISDM

N1339IMANTTUAIEITNIT S-PARL FR8g UToYaNINTIH WISDM UAAINATNT

7 31 hazau

awv a

YN

109

NP

USgULNBUAINITIN 32 D9 34 @1U150ATUIUAIENITIAUTLANT AN

ANNYNABILALANULUEIVDINITIINNINTTUAIEITNNT Recall, Precision uag F-measure

LAAIAININT 97 B9 98 aziiuliinan1sNAa I nUsEaNSnIn F-measure ¥4

UszansSanlnatfgany

v
(Y

#15799 31 Confusion Matrix N753971N9NTIUAILIGTNIT S-PARI fUgITganangss WISDM

Actual activities

Prediction activities

Standing Sitting | Walking | Running Stairs
Standing 3080 919 24 3 122
Sitting 514 3328 38 7 172
Walking 6 2 2988 12 991
Running 2 0 17 3895 56
Stairs 48 6 821 64 3070

Aaa a
GIELIANERY



A15991 32 Confusion Matrix N113337190554¥8435173 Architecture 1 990914338 Da Silva uas

Galeazzo (2013) ugiudesa WISDM

A157991 33 Confusion Matrix 11339119053498935175 Architecture 2 911974338 Da Silva uay

Actual activities

Prediction activities

Standing Sitting | Walking | Running Stairs
Standing 3285 681 65 5 112
Sitting 848 3009 67 14 121
Walking 48 31 2754 41 1125
Running 0 5 11 3864 90
Stairs 65 63 607 107 3167

Galeazzo (2013) ffugutaga WISDM

A15299 34 Confusion Matrix N73539119NTIUAILIINITNITE Shoaib uazay (2015) TugIudeya

WISDM

Actual activities

Actual activities

Prediction activities

Standing Sitting | Walking | Running Stairs
Standing 3110 849 60 4 125
Sitting 674 3133 85 15 152
Walking a5 12 2834 27 1081
Running 2 0 18 3870 80
Stairs 74 15 732 72 3116

Prediction activities

Standing | Sitting | Walking | Running Stairs
Standing 3235 708 13 51 141
Sitting 524 | 3370 28 16 121
Walking 7 26 2918 22 1026
Running 0 3 16 3902 49
Stairs 38 52 830 59 3030

110
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Standing Sitting Walking Running Stairs
B Da Silva 1(2013) =3 Da Silva 2 (2013} 3 Shoaib (2015) [ S-PARL

NI 98 UaUNINUTIaUSEULTIEY Recall 5¥3%37997439¢ Da Silva ae Galeazzo (2013) ag Shoaib
uazAnly (2014) TUNIT391MINTTH S-PARI Aaggiuteya WISDM

97.04
96.35
97.84

100

95.86

Precision (%)

Standing Sitting walking Running Stairs

B Da Silva 1(2013) = Da Silva 2 (2013) [ Shoaib (2015) B S-PARL
NI 99 UAUNINUTIUSIULTIEIU Precision Se#I1NIU398 Da Silva Uag Galeazzo (2013) lae

Shoaib uageay (2014) 1UNI5391AINTTH S-PART Maggutaya WISDM
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09798

1004

96.59
97.26
97.31

90

7827
7724
81.36
78.99
77.66
82.02
80.06

76.68

80

F-Measure (%)
73.41
73.34

74.78

7597
73.45
72.78
72.35
72.92

70

60

50

Standing Sitting Walking Running Stairs
B Da Silva 1(2013) =3 Da Silva 2 (2013} 3 Shoaib (2015) [ S-PARL

AT 100 UAUAINUTUSIUTIEY F-measure eya19d114398 Da Silva 4ag Galeazzo (2013) ag
Shoaib Uazanly (2014) AUN 3919334 S-PARI AegIutaya WISDM

a

4.3.2 N159AU5EANSNINVB9ITN155910an55U S-PAR2

Y

o a o

nsWSeumeuUsEanSamlun1339Aanssy S-PAR2 Aunuddeniiausnisikuuii
AanssufanssunIenIgaInINnsEkateyaidwiatgunsaiatulddeteAnuide
“Ensemble methods for classification of physical activities from wrist accelerometry”
(Chowdhury wagaglg, 2017) I@EJLﬁaﬂ?%ﬂﬂﬁﬁ%ummﬁ%miﬁﬁﬂﬁsﬁw%mwiumﬁiﬁ’lﬁﬁmsiu
Tuwdazusziannisifouduindiaaldunisnissoud Support Vector Machine (SVM),
Random Forest (RF) uaz Weighted Majority Vote (WMV) Wiguiieulugiudeyaianssy

Ve 4 grudeyalaeiisngazidendisialuil

® HaN1IMAARIIONTS S-PAR2 Audayananssu RealWorld

N15391ANTIUMEITNT S-PAR2 fugudeyananssy RealWorld WanINaansaanIs1ed

35 LAZINUIFLMUTIUAEUAINNSI9N 36 D9 38 @NUNTAANUIUAIENNTIAUSEANTATNAINY

%4 a 1%

Qﬂ@laﬂLL@S@’J’I@JLL&J'HET’IGUGQﬂ’l’i%ﬁﬂﬂﬁ]ﬂ’i‘iuﬂiﬂagﬂﬁ Recall, Precision way F-measure WA

Y

M1l 101§ 103 aziiul@i138nn331Anssu S-PAR2 @usaidinisiiuuasnisiiuiy

! a

Julalafni138nsidsesuiisuannlaganizianssusdundal Recall wag Precision

11NAINTALIY



A15299 35 Confusion Matrix N1533119053Ye435n75 S-PAR2 AugIuTeya RealWorld

Prediction activities

113

Actual activities

Standing Sitting | Lying | Walking | Stairs up | Stairs down | Running
Standing 1299 72 67 4 11 5 3
Sitting 168 960 205 8 8 0 2
Lying 28 240 | 1131 0 0 1 0
Walking 0 0 0 1025 224 55 22
Stairs up 22 36 15 289 627 132 18
Staris down 0 0 0 88 148 873 a4
Running 149 6 31 13 81 13 1183

A157991 36 Confusion Matrix 113391190534Y8935175 SVM 990971398 Chowdhury uazaaiz (2017)

ﬁU‘ij?}Ua%la RealWorld

Prediction activities

Standing Sitting | Lying | Walking | Stairs up | Stairs down | Running

Standing 1204 156 30 6 52 6 7

. Sitting 135 911 267 10 26 0 2
g Lying 68 276 | 1053 0 2 1 0
Eé Walking 11 19 1 839 343 110 3
%’ Stairs up 30 51 10 389 526 131 2
b Staris down 6 1 1 96 147 861 1
Running 143 45 28 26 15 6 1213
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@159 37 Confusion Matrix N113391190554Y8935175 RE 990974398 Chowdhury uasaaly (2017) AU

3 71J°27€7%/ﬂ RealWorld

Prediction activities

Actual actjvities

Standing Sitting | Lying | Walking | Stairs up | Stairs down | Running
Standing 1139 99 58 13 a4 13 95
Sitting 106 931 248 5 53 3 5
Lying 15 350 889 1 6 1 138
Walking 10 22 il 819 361 103 10
Stairs up 38 49 10 339 575 125 3
Staris down il 6 0 81 166 855 1
Running 156 25 5 3 i3} 6 1268

#1599 38 Confusion Matrix N11533779N554¥8935175 WMV 990971398 Chowdhury uazaaus (2017)

f)v‘ljjmfaya RealWorld

Prediction activities

Standing Sitting | Lying | Walking | Stairs up | Stairs down | Running

Standing 1200 133 52 16 a4 9 7
Sitting 63 1013 230 7 33 2 3

% Lying 27 333 | 1037 0 2 1 0
Eé Walking 13 13 2 819 351 119 9
%’ Stairs up 26 46 12 382 551 118 a4
b Staris down 2 3 0 117 131 860 0
Running 147 26 7 14 9 7 1266
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Standing Sitting Lying Walking Stairs Up Stairs Down Running

== SVM Chowdhury (2017) =1 RF Chowdhury {2017) EEE WMV Chowdhury (2017) EEE S-PAR2
NINGT 101 UNUNINUYUSEULTIEY Recall s¥913799713981 Chowdhury Uazaaly (2017) 1un13397
AaNs3al S-PARZ2 maggutaga RealWorld
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Standing Sitting Lying Walking Stairs Up Stairs Down Running

[ SVM Chowdhury (2017) = RF Chowdhury (2017)  @EE WMY Chowdhury (2017) BB S-PARZ
AT 102 WD INLINIUSEULTIEY Precision 5¥%3799714398 Chowdhury agmeads (2017) funIs
F919n353 S-PAR2 Agg1udeya RealWorld
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100 4

91.57

89.72
87.37

90 4

B81.66
83.08

78.74
77.77
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72.05

m
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B

F-Measure (%)

m
=
©

Standing Sitting Lying Walking Stairs Up Stairs Down Running

3 SVM Chowdhury (2017) 3 RF Chowdhury (2017) WMy Chowdhury (2017) B S-PAR2
AN 103 UUNINUYISIUTIULTIEY F-measure S¥11719971U4398 Chowdhury Uagmeals (2017) Ay

M13391M9n358 S-PAR2 Aeg1uteya RealWorld

® {ANIINAABYIoNT S-PAR2 ﬁU%ﬂ%ﬁﬁﬂﬂiﬁJ PARDUSS

[y

N15391NINTINMILTINNT S-PAR2 fug1UTLANINTIU PARDUSS UaAIHARNEAINTITIN

'
av

39 wasaATeTUTouTiudinseil 40 89 42 ansariwinsiensinUsEansAmA
ONABILATAINLINEIVDINTTITNNINTINAILTINS Recall, Precision Uay F-measure Land
Fanndl 104 9 106 azuiuleindsns S-PAR2 A11150391RINTIUNTLAY, AnsAuTuTUla
warmsiuasulaldini danmannnisen Recall uag Precision wessauianssufiouy
BansoufilSoudieu

#1579 39 Confusion Matrix 17533139735498935015 S-PAR2 Augudaya PARDUSS

Prediction activities

Standing | Sitting | Walking | Stairs up | Stairs Running | Cycling
down

Standing 866 3 20 0 5 0 6

" Sitting 0 875 0 0 0 0 25
2| Walking 0 0 713 168 19 0 0
Eé Stairs up 4 0 115 768 13 0 0
% Staris down 2 0 23 10 860 1 4
= Running 0 0 0 1 1 897 1
Cycling 0 20 0 0 1 2 877
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7152991 40 Confusion Matrix N1533119033:Ye435075 SVM 99971338 Chowdhury uagmals (2017)

Auguteya PARDUSS

Actual activities

Prediction activities

Standing | Sitting | Walking | Stairsup | Stairs Running | Cycling
down

Standing 882 3 0 9 6 0 0
Sitting 7 877 0 0 1 0 15
Walking 0 0 590 251 59 0 0
Stairs up 1 0 108 710 81 0 0
Staris down 1 0 22 96 778 2 1
Running 3 0 68 2 3 822 2
Cycling 0 10 0 0 2 9 879

A15799 41 Confusion Matrix 115391197330¥8975715 RF 997914398 Chowdhury uazmaly (2017) iy

g1udeya PARDUSS

Actual activities

Prediction activities

Standing | Sitting | Walking | Stairsup | Stairs Running | Cycling
down

Standing 884 3 5 3 2 0 3
Sitting 0 885 0 0 0 0 15
Walking 0 0 407 438 55 0 0
Stairs up 1 0 70 734 95 0 0
Staris down 2 0 13 150 733 0 2
Running 0 0 2 0 1 895 2
Cycling 0 36 0 1 3 0 860
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#1599 42 Confusion Matrix N11533709N554¥8435175 WMV 990971398 Chowdhury uazaais (2017)

Auguteya PARDUSS

Prediction activities

Standing | Sitting | Walking | Stairs up | Stairs Running | Cycling
down

Standing 888 3 0 6 3 0 0

. Sitting 1 884 0 0 1 0 14
Hqé Walking 0 0 580 281 39 0 0
g Stairs up 1 0 103 710 85 1 0
% Staris down 2 0 34 97 763 1 3
7 Running 0 0 0 1 2 895 2
Cycling 0 8 0 0 1 2 889

100 1

Recall (%)

98.67

98.0
96.22

98.22

Standing

98.33
98.22

97.44.
97.22

Sitting

3 SvM Chowdhury (2017)

Walking

Stairs Up

3 RF Chowdhury (2017)

9556

Stairs Down

WMV Chowdhury (2017)

99.44
99.44

Running

99.67

97 67
98.78
97.44

95,56

Cycling

I S5-PAR2

NN 104 UEUNTNUTNIUSEULTEY Recall 5117799714398 Chowdhury Uagmaly (2017) AUN19397

A9nssu S-PAR2 Mg 1UTeya PARDUSS
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== SVM Chowdhury (2017) =3 RF Chowdhury (2017)

A 105 UaININBYNIUSEULTIEY Precision 2%3199714398 Chowdhury uagmads (2017) funIs

F99M9053U S-PAR2 Aagg11veya PARDUSS

WMV Chowdhury (2!

017) @EE S-PAR2

P = T @ on sab
" & " =g B 2 & o
100 288 55 @ -
5 g b
E
90 ©
-
& B
8
80
2
o
7 70
i
a
=
[
60
50
40 4
30
Standing Sitting Walking Stairs Up Stairs Down Running
3 SvM Chowdhury (2017) 3 RF Chowdhury (2017)  EEE WMV Chowdhury (2017) @EE S$-PAR2

AT 106 UAUNINLIUSEULTIEY F-measure eI 114398 Chowdhury Uagmaly (2017) Ay

M5391M9N358 S-PAR2 AaggIutaga PARDUSS

98.34

9783
96.75

96.52

Cycling
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® [ANISNAABYI5N1S S-PAR2 ﬁuﬁayjaﬁanssu MHEALTH

U 3

N1339IMANTIUMEITNT S-PAR2 UgIULBLaRANTTU MHEALTH UaAINadnsaan15199

av A

43 uaruATeTUTeufisusanned 44 fa 46 amnsaduInsefinussanEamam
ONABILAYAIULINEIYDINTTITNNINTINAILTTNS Recall, Precision Uay F-measure Land
Fanndl 107 fa 109 9z1ulFI138n13 S-PAR2 @unsaidinnAanssuldAniianuidei
WIsuifleudusgien snduiansaiuarisdoniaifnalndifesiulnefidnuus doyaves
mslafiednefunisisdenia Adswallunsszyfanssuitiaesiansuldontuuasionain

948 Funalaainen Precision Uai9anRanssuiias seuRmURAINTSUATITL

3

A15799 43 Confusion Matrix 113391197351%8435175 S-PAR2 fiug1uteya MHEALTH

Prediction activities

Standing | Sitting | Lying | Walking | Running | Stairs | Jogging | Cycling

Standing 300 0 0 0 0 0 0 0
Sitting 30 270 0 0 0 0 0 0
3| Lying 0 60 240 0 0 0 0 0
:% Walking 0 0 0 287 0 13 0 0
% Runinng 0 0 0 0 238 0 62 0
< | Stairs 0 0 0 11 0 288 1 0
Jogging 0 0 0 0 77 0 223 0
Cycling 0 0 0 0 0 0 0 300
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7152991 44 Confusion Matrix N1533119033Ye435n075 SVM 991974338 Chowdhury uagmaals (2017)

Auguteya MHEALTH

Actual activities

Prediction activities

Standing | Sitting | Lying | Walking | Running | Stairs | Jogging | Cycling
Standing 273 27 0 0 0 0 0 0
Sitting 60 240 0 0 0 0 0 0
Lying 0 60 210 0 0 0 0 30
Walking 0 0 0 232 0 68 0 0
Running 0 0 0 0 233 0 67 0
Stairs 0 0 0 56 0 243 0 1
Jogging 0 0 0 0 68 0 232 0
Cycling 0 0 0 1 0 1 0 298

@159 45 Confusion Matrix N113391190554Y8935173 RE 990974398 Chowdhury uagaaly (2017) AU
F1udeya MHEALTH

Actual activities

Prediction activities

Standing | Sitting | Lying | Walking | Running | Stairs | Jogging | Cycling
Standing 288 12 0 0 0 0 0 0
Sitting 34 235 31 0 0 0 0 0
Lying 0 30 270 0 0 0 0 0
Walking 0 0 0 165 0 135 0 0
Running 0 0 0 0 252 0 48 0
Stairs 0 0 0 53 0 246 0 1
Jogging 0 0 0 0 71 0 229 0
Cycling 0 0 0 0 0 0 0 300
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#1599 46 Confusion Matrix N11533709N354¥8435175 WMV 990971398 Chowdhury uazaais (2017)

Augudeya MHEALTH

Prediction activities

Standing | Sitting | Lying | Walking | Running | Stairs | Jogging | Cycling

Standing 300 0 0 0 0 0 0 0
Sitting 31 264 4 1 0 0 0 0
3| Lying 0 59 241 0 0 0 0 0
::% Walking 0 0 0 221 0 79 0 0
% Running 0 0 0 0 237 0 63 0
<| Stairs 0 1 0 40 0| 258 0 1
Jogging 0 0 0 0 60 0 240 0
Cycling 0 0 0 0 0 0 0 300

100.0
100.0

96.0

Recall (%)

Standing

Sitting

Lying

3 SVM Chowdhury (2017)

Walking

[ RF Chowdhury {2017)

895.67

Runinng

Stairs

96.0

I WMV Chowdhury (2017)

Jogging

Cycling

[ 5-PAR2

NI 107 WHUNINUYIUTEUTIEU Recall 521319913981 Chowdhury kagmaly (2017) 1un15397
A9NTIu S-PAR2 magg1uveya MHEALTH
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100.0
98.37

100.0
99.67
99.67
100.0

100 4

96.31
95.68

Precision (%)

Standing Sitting Lying Walking Runinng Stairs

Jogging Cycling
== SvM Chowdhury (2017) =3 RF Chowdhury (2017) = wMv Chowdhury (2017) EEE S-PAR2

AN 108 UaININBYINIUSEULTIEY Precision 213199714398 Chowdhury uagmads (2017) funIs
F9109n351 S-PAR2 AegIutesa MHEALTH
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Standing Sitting Lying Walking Runinng Stairs

Jogging Cycling
[ SVM Chowdhury (2017) [ RF Chowdhury (2017) B WMV Chowdhury (2017) [ S-PAR2

AN 109 UHUNINUYISLUTIULTIEY F-measure ¥%179971U4398 Chowdhury Uagmeas (2017) Ay
M339179n358 S-PAR2 Agg1utoga MHEALTH
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® [ANISNAABYI5N1S S-PAR2 ﬁuﬁayjaﬁanssu WISDM

a i

N33 MANTTUAIEITANT S-PAR2 AUFIUTELANINTTH WISDM UaAINaSNSAInITIN 47

Y

LAZIIUIFLNUTIUNBUAINITIN 48 3 50 @UITDAIUIANAIEAIIAUTZANTAINAY
ONABILAYAIULINEIYDINTTITNNINTINAILTTNS Recall, Precision Uay F-measure Land

o = = = a 1 A aa )~ a a v Y}
AINTINN 109 a9 NN 111 1Uﬂ7533uﬂ‘0ﬂ553~|@§]’ ‘U‘V]GUENVlQﬁjﬁﬂqiﬂﬂﬁgﬂmﬁﬂqwjﬂaLﬂﬂﬂﬂu

wn d@rlunisiinfanssunioulng S-PAR2 au1sasdnnisiiukaznsauiuasulala

= 1

NI

A15799 47 Confusion Matrix 115391130734Y8435175 S-PAR2 AugIuveya WISDM

M157991 48 Confusion Matrix 1133919N554Y8935075 SVM 990911398 Chowdhury uazaaiz (2017)

Prediction activities

Standing Sitting | Walking | Running Stairs
. Standing 3473 498 20 3 64
% Sitting 773 3068 19 12 or
g Walking 74 0 3101 a1 693
2 | Running 6 0 20| 3801 53
= Stairs T 11 664 89 3078

fAugdaya WISDM

Prediction activities

Standing Sitting | Walking | Running Stairs
. Standing 3122 782 61 0 93
% Sitting 676 3145 48 13 87
E—é Walking 28 78 2768 18 1017
g Running 1 7 29 3804 39
= Stairs 59 58 883 59 2860
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@159 49 Confusion Matrix N113391190554Y8935175 RE 990974398 Chowdhury uasaaly (2017) AU

Futeya MHEALTH

Actual activities

Prediction activities

Standing Sitting | Walking | Running | Stairs
Standing 3380 532 24 1 121
Sitting 609 3217 29 10 104
Walking 15 27 2619 14 1234
Running 0 2 12 3790 76
Stairs 39 58 662 64 3096

A137991 50 Confusion Matrix 115391790331¥8975015 WMV 990974338 Chowdhury uasaalz (2017)
Augtaya MHEALTH

Recall (%)

100 4

Actual activities

Prediction activities

Standing Sitting | Walking | Running | Stairs
Standing 3298 621 35 1 103
Sitting 462 3368 34 13 92
Walking 20 69 2882 25 913
Running 1 4 10 3825 40
Stairs 67 82 753 73 2944

Standing

== SVM Chowdhury (2017)

Sitting

Walking

[ RF Chowdhury (2017)

98.04

97 B8

98.58
97.96

Running

B WMV Chowdhury (2017)

B S-PAR2

Stairs

NI 110 UNUNIWUYUSEULTIEY Recall 5¥119799713981 Chowdhury Uazaay (2017) 1un13397

Aanssu S-PAR2 magg1uteya WISDM
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97.69
97.71
97.16
96.33

90 4

80.34
83.6
85.71
78.88
77.27
83.86
81.27
8577
78.27
77.6
81.09
77.24

80

73.05
71.95

Precision {%)
69.82

n
@
70 )

60

Standing Sitting Walking Running Stairs
3 SVM Chowdhury (2017) 3 RF Chowdhury (2017)  EEE WMV Chowdhury (2017) BB S-PAR2

A 111 U INLINIUSgULTIEy Precision 513799714398 Chowdhury tagmeads (2017) funIs
F99M9NT3U S-PAR2 fggIudaya WISDM

97.86
97 69
97.86
97.14

100

F-Measure (%)

Standing Sitting Walking Running Stairs
3 SVM Chowdhury (2017) 3 RF Chowdhury (2017) BB WMV Chowdhury (2017)  EEE S-PAR2

AT 112 WIS Uiy F-measure A Na114398 Chowdhury Uagmale (2017) Ay
N135399179059U S-PARZ2 AegI1veya WISDM

® wan1InaaeLUIBuLiBulTEENSAMAUIEN1S S-PAR2 Taennuavuin Window
Nuansnaiu

lun1s3anfanssududeyaluwsiag Windows finasetuneunisannnudnyuylunis

TUABUNITATIWIFINNINTIN Fatulevinn1sneaesUsednsn niuisnis S-PAR2 lneriviun

Fruaudeyaluud Window Windows 2 Juniliuvuinves Windows ildlunisvaassuas

10 3u1¥1 (Chowdhury wagame, 2017) uaznisanvaznIsteyaluusag Windows Wuuviu
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Fou (Overlapping) warliiudou (Non-overlapping) 9ANIULANAITBINIFDWUU Fi
suwuuliviudouasdeyansitAanssulu Windows iunszuatoyadaiaidlmiiamn
Tnsuvuitudouagiitoyanimils (50 Wosifus) 1es Windows Aeuntiiiuaznssuatoya
Tmiedanflerniu fdunssuatoyadaamidurlmilusios Windows wuulsiudeuss
Wiy 2 wag 10 Furfiuaziuuviudeauaziindu 1 uag 5 319 lngnadnin1imeaes
UsgAnBnmeniade F-measure 8anAanssuiy 4 grudeyanonssuuansianmil 113 fa

116 9Wiud1I8n15 S-PAR2 Tuszanslunisiiifanssuldfnindunuidenieudisuiun

A Windows fuvngiudeyadidn F-measure Anafiuiiissdniosiniu

90

80

76.02
72.98
75.04
72.64
73.06
77.24
75.51
77.02

F-measure (%)

2-second non-overlapping 2-second overlapping 10-second non-overlapping 10-second overlapping

= SVM Chowdhury (2017) = RF Chowdhury (2017) EEE WMV Chowdhury (2017) @B SPAR-2

NI 113 ununduvaSeguiieunade F-measure Y893 1utaya RealWorld luusiazvuinyed
Window



128

93.68
92.83
91.36
90.72
93.94
91.26
91.75
94.67

90

@
S

F-measure (%)

~
I=}

60

50

2-second non-overlapping 2-second overlapping 10-second non-overlapping 10-second overlapping

3 SVM Chowdhury (2017) =3 RF Chowdhury (2017) EEE WMV Chowdhury (2017) BB SPAR-2

NI 114 unundunaseuieunade F-measure Ya9g1utaya PARDUSS luusasyuinyes
Window

90

80

~
[=}

F-measure (%)

-
=3

50

40

30

2-second non-overlapping

2-second overlapping 10-second non-overlapping 10-second overlapping

3 SVM Chowdhury (2017) =3 RF Chowdhury (2017) EEE WMV Chowdhury (2017)  EEE SPAR-2

NI 115 uundunaSeuieunade F-measure Ya9gutaya MHEALTH Tuusazyuinves
Window



129

87.69

90

82.87
84.26
83.24
83.38
84.25
85.17
83.74
8543
87.38

80

F-measure (%)
~
3

-
=3

50

40

30

2-second non-overlapping 2-second overlapping 10-second non-overlapping 10-second overlapping

3 SVM Chowdhury (2017) =3 RF Chowdhury (2017) EEE WMV Chowdhury (2017) BB SPAR-2

NI 116 ununduvaseuiieunade F-measure Ya9g1utaya WISDM luumasyuinyas
Window

® uan1maaauUsauisulsEanNSaInIsn1saenaudnsazluTunaunsasiea

391iaNTsu S-PAR2

nquvasnndnvauziluesiusynauddgiuuildlunmsnisadesuwuuidifenssy
S-PAR2 FelutdupouananuanuueyilTuIuAndnyagAduY1NInN ASUUAUNT
AENwENdAyLazannIsAIMAMan Y luvaE IININTIUNENAY I U ST ANS Ay

Yo a = v [ a a aal 2 [ o ad v o .
3971N9ATIU "i]\ﬂm/]ﬂ’ﬁ'EN’Jﬂﬂﬁ%ﬁﬂﬁﬂ?W')ﬁﬂ?iLﬁ@ﬂﬂﬁuaﬂiﬁm%ﬁﬂuﬁu 5 ’Jﬁﬂ?i‘lﬁ]LLﬂ Fisher

Y

Score,Relief-F, SFFS, RFE, PCA lay FALUIN1TNABDILALIAUTLENSAIN F-measure A1y
"\ a T A I\ a & ) P ] a P a

ﬂqmamﬁmaqﬂwLLazﬂqmaﬂiimmaaulmﬂunﬂgﬂumagamqnﬁwm 117 901N 120 Na

nIneaesasiiudnliinisnisidenaadnuealz Recursive Feature Eliminate (RFE) anansalu

Msidnguisnssuatioulmlianan esnnmsidenaudnualdduuuidnniuinuas

9 9
£% '
o Y 1 1% I

fenAudnysEniA N nInadon1TsEUngudayalInNgalazilodNa 1R IMUUII

9 Y

,,_
o]

a aa L%

a a a Y o v aa a ° ° = o § vaa
ﬂf\]ﬂiilﬁ/]lnﬁﬂ’ﬁLﬁﬂungU'ﬁﬂumﬂﬂm NYUSNAIMUATIAYLLAE ITUIULKRUICEU "\NW']I‘V]'Jﬁﬂ']i

o

v

SPlaimunllafsgaAvanzauian (optimize) aan1s Overfitting MvinlyinsssyRanssudl

[
[y |

UseAnSn1nATY wagiSnisidenamdnuae Fisher Score lagAumAmdnyuMEnilsnsIadu

v a 1

SENINTLYLINITLNINNNANTOUANINTTULALNNTNTEINYVBINANAINTTUR LN ULOY TINT

9 Y 9

[ 1

& Aa & I aa A o w o o aa A
La@ﬂ‘VllW’n'E]G]i']ﬁ']ucﬂ@Q“V]Qﬁ@ﬂﬂ'W]llﬂ']il']ﬂWﬁﬂmquaqﬂUﬂglﬂﬂmaﬂwmgﬂ/mﬂ@maﬂﬂq'ﬂﬁ']ﬂ'ﬁﬂ



130

a 1 a 5

wiangudeyananssuled daluddinquianssuegiuniivssansanluyngiudeyaianssy

Y 9 Y

U gj = = 5 aa ndy Y v % Y o a
(ﬂ\‘iuu‘NLﬁ@ﬂﬂﬂﬁ@x‘l?ﬁﬂ’ﬁﬂl‘lﬂ‘ﬂﬁi’]ﬂﬁnLL‘U‘UET{I’]ﬂﬁIﬂiﬁJ

- A
PR YOO L
v "l e

Average F-measure (%)
&R
Average F-measure (%)

/
5 & Vs
#
i ]
b h
& 4 &
* ~a&- RFE #- Relief-F — SFFS —¥— PCA ~®- Fisher Score [ ] ~a&- RFE #- Relief-F — SFFS —¥— PCA ~®- Fisher Score
1 2 3 a4 5 & 7 8 9 1L U 1 B 1 B 0 5 2 = 0 = P I3 50 55
The number of features The number of features
. .
a to A a A vL
NINIIUBYNUN NINIIUAADULIAT

NI 117 UHLAIWUARSANNAAE F-measure Y8935 TAoNAMAN YAz TIAaesnunguAanTsuluguTeya
RealWorld

100
) A-tlA‘n—- ada e
,A’ \\ I‘A' A\“
\
% a0
g ® g
1] v
Fl S 86
£ - £
'z ‘s 8
B B
g ]
s <
a2
96
/ -
; * A / tal d’
* ] ) . L ]
Nl Y S
% . P O w
N Bl v L _,‘
.¥ -&- RFE - Relief-F — SFFS —¥— PCA -@=- Fisher Score * -&- RFE #- Relief-F —_— SFFS —¥— PCA —@&- Fisher Score
1 2 3 4 5 6 7 8 9 10 1 12 13 14 15 10 15 0 oy 30 35 a0 45 50 55
The number of features The number of features
AanssueLiui Aanssuadoulin
Y

NI 118 UNUNILEAIANRAY F-Measure Yo4I5nisiaenaaanuuenassnunguianTsuluguteya
A9n53u PARDUSS



S B i
Sal Tl

90.0

815

8.0

8.5

Average F-measure (%)

80.0

75

5.0

-&- RFE

#- ReliefF —— SFFS  —%¥— PCA

~®- Fisher Score ¥W——7

1 2 i 4 5 6 7 8 9 W 1B 12 1B 1
The number of features

Aanssuegiun

15

90.0

815

8.0

8’5

00

Average F-measure (%)

.5

7.0

75

131

|
i

lu‘ ;

L

el

L] -4~ RFE
10

#- ReliefF —— SFFS  —%¥- PCA  -@- Fisher Score

15 20 = 0 s 40 a5 50 55
The number of features

Aanssuedoulimn

NG 119 UNUNITWUARIAIAAY F-measure Yo93snTsidenAmanyMeiaaesnungunanssuluguteya

lugrudeyananssy MHEALTH

Average F-measure (%)

=]

4

-

55 * ~a- RFE #- ReliekF  —— SFFS  —%— PCA  -#- Fisher Score

1 2 3 4 5 6 7 8 9 10 1n 12 pxi 14
The number of features

Nanssuegiun

5

e P e T e ey e

8

£
g [ )
w8 ] e
£ PRI S 4
in L 5 i
H Y
b3 a0 v'“"":" 'S
' por

L] Eil 1
B .)"°f #
g
ERT) ]
A
’*
76 F++
#
#*
4 2
#4% -a- RFE -4~ Relieif —— SFFS  —¥- PCA  -#- Fisher Score
10 15 b = 0 B3 E & 50 55
The number of features
Aanssuadeonulmn

NINGT 120 UHUNTWUARIANAAE F-measure Yo9IonTsiaenAmanyuyiaaesnungunanssuluguteya

lugrudeyananssu WISDM



132

4.4.3 N33AUTLENTNINYD9TTNNI3ININTTU S-PAR3
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Calle

“Ensemble methods for classification of physical activities from wrist accelerometry”
(Chowdhury wagmady, 2017) %x‘llﬁﬁﬁ%ﬂﬁﬂﬁﬁ%ﬂ@f’)LL‘U‘U%R]OWLL‘U‘U Custom ensemble
method lagldndnni1s Weighted Majority Vote "LumsszuﬁaﬂsmﬁLﬂuﬁﬁﬂﬁﬁﬁ
ﬂizam%mwﬁﬁqmﬂ%’i’maLLaz"E%'mimmm%'a “Physical Activity Recognition Using
Posterior-Adapted Class-Based Fusion of Multiaccelerometer Data” (Chowdhury Wae

Az, 2018) WisuwWisuiugiudeyananssunavan 4 giuteyalnuseasidendasialuil

® HAN1IIMARRIIENTS S-PAR3 fudayananssu RealWorld

HAN1INARBIITN133TNNINTTUMETINT S-PAR3 fugudeyaianssu Realworld
LAASHNAANSAINNTIN 51 BALINUIVENUTIUMIBUNINISI9N 52 019 53 FIE1UITOAIUIUAIE
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#1529 51 Confusion Matrix N75391790534A835171590935173 S-PAR3 fiugutaya RealWorld

Prediction activities

Actual activities

Standing Sitting | Lying | Walking | Stairs up | Stairs down | Running
Standing 1130 172 36 3 10 5 5
Sitting 38 988 207 7 9 0 2
Lying 49 115 | 1135 0 1 0 0
Walking 0 0 0 843 303 69 11
Stairs up 16 32 25 83 773 99 11
Staris down 0 0 0 98 174 738 3
Running 152 15 19 29 7 12 1142

A5 52 Confusion Matrix N1533979N354¥8935175 WMV 990971398 Chowdhury uazaais (2017)

f)v‘ljjmfaya RealWorld

Prediction activities

Actual activities

Standing Sitting | Lying | Walking | Stairs up | Stairs down | Running
Standing 1092 159 39 10 50 8
Sitting 76 901 235 a4 26 0 9
Lying 30 254 | 1008 1 3 1 3
Walking 18 17 0 773 307 109 2
Stairs up 29 51 6 363 468 119 3
Staris down 0 2 0 75 123 812 1
Running 146 30 7 5 12 8 1168
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#15299 53 Confusion Matrix N17539179053491991T98 Chowdhury uazamy (2018) TugIueya

RealWorld
Prediction activities

Standing Sitting | Lying | Walking | Stairs up | Stairs down | Running
Standing 1102 155 36 9 a7 7 5
. Sitting 183 802 225 8 30 0 3
g Lying 75 179 | 1043 0 2 1 0
8 Walking 11 17 0 775 301 115 7
g Stairs up 24 60 3 372 433 144 3
b Staris down 5 0 0 84 101 821 2
Running 145 45 14 15 29 9 1119
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80.24
80.97

80

Recall (%)

704
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76.98

B87.31

68.76

74.4

81.05

o
]
<
@

40
Standing

Sitting

Lying
WMV Chowdhury (2017)

Walking
3 SvM Chowdhury {(2018)

Stairs Up
I 5-PAR3

Stairs Down

B4.88
81.32

82.99

Running

il 121 UNUDILTIY Recall WSguiiguszna1935n13 Chowdhury Uagaaly (2017), Chowdhury

uazmaly (2018) uaxasn13 S-PAR3 Mg uTesananTsu RealWorld
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Recall, Precision kag F-measure hafIfdnInyi 123 8909 126 azulainnisususa

LuUsInAanssu SPAR-3 fiuszavanmlunisiimnianssuldunnnit 90 wWesidud

#1599 54 Confusion Matrix N7539109NT3UAIET5N1790975177 S-PAR3 fiugIutaga PARDUSS

Actual activities

Prediction activities

Standing | Sitting | Walking | Stairs up | Stairs Running | Cycling
down

Standing 771 1 15 2 0 0 11
Sitting 0 779 0 0 0 0 21
Walking 0 0 744 41 13 2 0
Stairs up 4 0 55 733 7 0 1
Staris down 2 0 11 10 738 24 15
Running 0 0 0 0 0 796 a4
Cycling 0 20 0 0 0 1 779

#157991 55 Confusion Matrix N1333179N35189IBNT WMV 310911398 Chowdhury wagaadg (2017)

o

NUZIUTBAA PARDUSS

Actual activities

1%

Prediction activities

Standing | Sitting | Walking | Stairsup | Stairs Running | Cycling
down

Standing 788 3 0 6 3 0 0
Sitting 0 785 0 0 1 0 14
Walking 0 0 514 245 a1 0 0
Stairs up 1 0 96 629 73 1 0
Staris down 2 0 28 90 676 1 3
Running 0 0 0 0 1 797 2
Cycling 0 8 0 0 0 2 790
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#1599 56 Confusion Matrix N7539179053179IT98 Chowdhury uazany (2018) Tugiueya

PARDUSS
Prediction activities
Standing | Sitting | Walking | Stairs up | Stairs Running | Cycling
down
Standing 791 3 0 4 2 0 0
. Sitting 6 786 0 0 0 0 8
Hqé Walking 0 0 495 252 53 0 0
g Stairs up 2 0 96 628 74 0 0
% Staris down 6 0 25 81 687 1 0
¥ Running 76 0 0 2 0 721 1
Cycling 0 8 0 0 1 2 789
90 1 : -
o0
501
a0
30 Standing Sitting Walking Stairs Up Stairs Down Running cycling

WMV Chowdhury (2017)

=3 SYM Chowdhury (2018)

B S5-PAR3

il 124 UNUDILTY Recall WSguiigusena1v35n1s Chowdhury Uagaaly (2017), Chowdhury

uazAy (2018) uayisnTs S-PAR3 Ay Iuveyananssy PARDUSS
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Recall, Precision uay F-measure wa@nsfanIni 127 8301 129 azuiiulaindiuuuian
a & \a Yoy A a ac Yo a av o
AanssuieaenquianssuaINnsndInlanleeudsn15331A9NT50 SPAR-3 Lagauided
Wiguiey

A5 57 Confusion Matrix 1153911903534628/3501598935075 SPAR-3 rfUg1uteya MHEALTH

Prediction activities

Standing | Sitting | Lying | Walking | Runinng | Stairs | Jogging | Cycling

Standing 183 17 0 0 0 0 0 0
Sitting 0 200 0 0 0 0 0 0
3| Lying 0 0 200 0 0 0 0 0
:% Walking 0 0 0 193 0 a4 5 0
?’g Runinng 0 0 0 0 185 0 13 0
< | Stairs 0 0 0 10 0| 187 3 0
Jogging 0 0 0 0 19 0 181 0
Cycling 0 0 0 0 0 0 0 200

A5 58 Confusion Matrix N11533979N554¥8935175 WMV 9909714398 Chowdhury uazagis (2017)
Augtaya MHEALTH

Prediction activities

Standing | Sitting | Lying | Walking | Runinng | Stairs | Jogging | Cycling

Standing 200 0 0 0 0 0 0 0
Sitting 21 177 1 1 0 0 0 0
3| Lying 0 39 161 0 0 0 0 0
% Walking 0 0 0 150 0 50 0 0
(732 Runinng 0 0 0 0 159 0 41 0
< | Stairs 0 1 0 24 0| 174 0 1
Jogging 0 0 0 0 a4 0 156 0
Cycling 0 0 0 0 0 0 0 200
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M152991 59 Confusion Matrix N753917905340179IT98 Chowdhury uazamy (2018) Tugiuveya

MHEALTH
Prediction activities

Standing | Sitting | Lying | Walking | Runinng | Stairs | Jogging | Cycling
Standing 181 19 0 0 0 0 0 0
Sitting 40 160 0 0 0 0 0 0
3| Lying 0 27 153 0 0 0 0 20
:% Walking 0 0 0 160 0 40 0 0
% Runinng 0 0 0 0 156 0 a4 0
< | Stairs 0 0 0 27 0| 173 0 0
Jogging 0 0 0 0 45 7 148 0
Cycling 0 11 0 1 0 0 0 188
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3 SvYM Chowdhury {2018)

Runinng Stairs
B S5-PAR3
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100.0

94.0

100.0
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il 127 UNUDILTY Recall WSguiigusena1935n13 Chowdhury Uagaaly (2017), Chowdhury

uazAy (2018) uayisnTs S-PAR3 AlegIudayananssy MHEALTH
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Y
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A5 60 Confusion Matrix N15331190351AE350715¥893505 S-PAR3 ffugIudaya WISDM

Actual activities

A1579% 61 Confusion Matrix N15391137750%8435175 WMV 917971398 Chowdhury uazaauy (2017)

Prediction activities

Standing Sitting | Walking | Running Stairs
Standing 3288 246 31 1 a2
Sitting 330 3072 35 8 74
Walking il 50 2833 71 488
Running 1 5 51 3316 57
Stairs 60 17 543 64 2785

Augdaya WISDM

Actual activities

M157991 62 Confusion Matrix 175391197351917911398 Chowdhury Uagaaly (2018) Augiuteya

MHEALTH

Actual activities

Prediction activities

Standing Sitting | Walking | Running Stairs
Standing 3001 500 26 0 81
Sitting 567 2810 22 10 110
Walking 10 27 2592 47 813
Running 1 5 10 3369 a5
Stairs a4 62 657 64 2642

Prediction activities

Standing Sitting | Walking | Running Stairs
Standing 2776 718 ar 0 67
Sitting 689 | 2706 37 12 75
Walking 21 a9 2540 16 833
Running 1 3 21 3356 a9
Stairs 65 56 752 76 2520
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NI 131 usuNa Precision {USEUWIEUTENINTGNTT Chowdhury kazmals (2017)

Chowdhury azmalz (2018) uaz35n13 S-PAR3 faggutayananssy WISDM
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NN 132 uunduviy F-measure Wsguiigusenanisn1s Chowdhury kagmaly (2017),

Chowdhury uagmaly (2018) uaz35n13 S-PAR3 maggIudayananssu WISDM



145

uni 5

dyunan1sAliuauuLasYalEUB LY

¥

Tuunilagnanifienisasuuarinsanansandunuveding 1 dnusigsusenaume
N15a3UNaNIIANENIULAEN15ITNTATTNITNULEUBRAETRUNNIBILALIINDY

YDLAUDLULVDIINYITNUS

5.1 d@5Uunan1santiunu

a

e dnusiladausiIsnsasiesnuusInanssy Smartwatch-based Physical

Y

Activity Recognition (SPAR) 111052 uadayalliaiainindisus Accelerometer uag
Gyroscope %asUnsalfiaduldvaiio Fan1sWANIITANTIANNINTIN SPAR TisadLI03TULnY

f51uazdunnasalUll

ad 14 Y £

e 38n133d1nanssu S-PARL WWunsadaduuuidifnssununudnuarvesdoya

v

1 a LY

Aanssy Fawvanguianssuesniluasenguliun nquianssuediuiiuazianssy

q

= Y1 A I a a o a a s (Y
iwndeulmlagliAdautafanssy Mnwanmsnaaesiiiausluingrdnusiieuiu
NUINUNaUeITNNTIININTINAINQUNTAl B surdaRgIfuiu 4 grudeya
AINITUUAAINININA 133 9ziulad1Us28nEan F-measure 9895 1ud0ya

RealWorld wag PARDUSS ila1iade F-measure gandszana 3-4 Wesduduarly

¥

grudeya WISDM fidadeilndidssiu urlugiudoya MHEALTH 1 S-PARI {

Y

ANRAYTRENI1ITNI5IINNWITBSAUSZIA 2-3 Lasidud



146

100

Average F-measure (%)

RealWorld PARDUSS MHEALTH
Dataset

B D= Silva 1 (2013) [ DaSilva 2 (2013) [ Shoaib (2015) @ S-PAR1
'
o a

NINGT 133 UNUNINUYNUEAIAT F-measure lnglaaeYedn1539179N 538551 INNIUITE]
WSUIgUAUIENIT S-PAR1

e 38n133innanssu S-PAR2 unsusulgeinuuiaAnssuiiiuyseansanlu
ns3Inanssuliwiuggndesndu n1swasuudasnddglaunisnisnisuungs

AanssuanAdauusianssududuuuidinguianssy, Wudsnisdenaudnuaed

=

Wmugauiuguteyauazandiuiunuan v vtesnanwayisn1siseuslunis

q

afreinvuidnfanssulunsiaznguianssuiilausedniainuiniiga 3nuanis
naaeafinausluInednusiv 4 grudeyananssy wanianIni 134 azdiulain
UsgdnSn1mAnadeved F-measure ainnlunngiudoyaussunns 2-4 wWesidudiile

a v @ aa av A a
WUNUYNEINITNTVRINUIgNUIIUNgU



147

100

92.97

Average F-measure (%)

RealWorld PARDUSS MHEALTH
Dataset

3 SVYM Chowdhury (2017) [ RF Chowdhury (2017)  EEE WMV Chowdhury (2017) [N 5-PAR2

'
o

NINA 134 WKUNIWUYIILEAIAT F-measure 1ngiadgvein1339109nTsuseningIuIve
WigueUAvuIEN 5 S-PAR2

ad v

e 33n13331Aanssu S-PAR3 unsimwdinuuiinnanssuliaunsausulssld lne

Y

Ao

diutumeuiifidod Extra Training Faasiumsdndoyaeraratinsmaaeuuisaniy
wiazAanssu thanuiuusensiives daldiniBnisisowdadu (Linear Model) 7
annsaususthmin (Weisht) Tneruldudnnns Minibatch Gradient Descentq 8n
fangre1uldTiuugudnuusfmuizaniiogvinliduuuisiianssy S-PAR3
ansaiianssuldusiugigniownniian annmsmaassiiausluingdnusiv
4 rudoyafanssutuliedfu S-PAR3 wanadanmil 135 sziuldindade F-

J v 1 9/ §f (3
measure qmaﬂumgmmayjaamwaa 4 1 Uasiaus



148

1004

95.36
95.57

88.93
87.41
87,69

90 4

86.02
82.52

78.46
79.57

80

Average F-measure (%)
82.47

72.62
7133

704

RealWorld PARDUSS MHEALTH WISDM
Dataset

B WMV Chowdhury (2017) 33 SVM Chowdhury (2018)  EEE S-PAR3
o

NINGT 135 UNUNIWLYINUARIAT F-measure lnglaagyedn1339179N 538559 I19IUITET
WU UAYIENIT S-PAR3

a

WiRlUTEUWEUUSEAVTA MR TIA F-measure Y8335N15a31AILUUIINNINTTY
S-PAR viauLIestuntauefinIng 136 azwiuldin3snig S-PAR nsiaunusednsam
lunsidnfanssuly 4 gudeyaiindunudduuaslunesdu 3 awnsadlusednsamlunis

FAanssuunndy 90 wWesiduslugiudeya PARUSS uag MHEALTH

110 Average F-Measure All Dataset

100

95.36
95.57

91.2
92.97

Average F-Measure (%)

REALWORLD PARDUSS. MHEALTH

I S-PAR1 [ S-PAR2 I S—PARS]

NN 136 UEUNINLYSUAAIAT F-measure lngiadevedisn1s39179nssu S-PAR Miaukiastuluus
Fudeya



149

5.2 39715INANITANLEUIIU

5.2.1 YafvasnuInginus

[y

= Yo a ° aal Y] v o I a 1 a A
ﬁﬂ']ig‘ﬂ']ﬂ‘ﬂﬂﬁﬁll S-PAR1 U']Lau@'lﬁﬂ'ﬁai'mm']LL‘U‘UEQ']ﬂ'GleﬂQﬂiilI (@%ﬂ‘U‘Vl'Vis@

[EN
)

[%
Y

wdeulv) waraiaiuuuITInuan YN TTLATRYATIA1INAISUTER I

2. FBM33dnangsu S-PAR2 dnauedsnisidenaudnyuzuaryiumsiinesliunis

a

aseiuuuitfnssunlaussansamlunisiinfanssulunngiudeys

Y

3. F8M1333179NTIU S-PAR3 @13130USUMLUUIINAINTINANNTEUATRLALTAIAIVEY

¥ A o 3 a a Yo a &
Aldusiazauiliseaniamlunisidniuy

5.2.2 9931NAVDIUINYITNUS

I aa

1NNITIATIENRAENARRIATIAIUUUITIAINTINIATI T3 lUTuN 9330

Aanssuannseuadeyadaiatanizaunsalalddeiioliaunsansguwaiuyssansnn

£ '
v =

aavulunsidnfanssy nanzgiudeyaiivludaninwindensss Avhlinunmvedeya

Y Y

Al a a

nlidudedrinlunisusulgsiuuuidrfnssuifinadeuszavinmaesiauuuidifonssy
F90193gy R suuTUAaUR BT BNTRYE, TTUIUANANYAENTETINTATINMILUUITN
Aanssunddudewilivuinvesdisn1siddvunlnguaziiatlunisussuianaiauniuny

Tusae

v = a 4
5.3 UBLEAUDLLUS VI UINYIUNUD
1. lnszuadeyaidaiadisusianien1aluunianssunenvssdieiiuyseansam
Yo a aa v v
S9fnssundiaududeu
° Y ) Yo a a @ . a | = Y o
2. n1sdafedinuu3afanssunilu Deep Learning 191393%781#BN13397

nanssuilANugnABLLg NSy






151

AMANUIN N

LPNETTUTBINANITNANTAUNDILFITUNTIL LU we



it aco/bdblo

nasFuseInanTITaIIUNIEsTIIN TITe Ty
UNTINBIRBY TN

aznsIMIROIRRissTan s Idelunsd animendeysw liRasalasinside

TWdlAsIN1539Y Sci 070/2562

Tasamsideidos msjinenssuiiviuldlaclideyadiuivesqunsaianld
avtlasanside  wwndinn nasda

mirseuiidain fanssduiufindny AngIveIMsaITauwmA

ANIENTTNNTTRDIIRI3E5TTLN AT Tuayed avrinerdeysn TiRsnudiui
Tassmsidedinanaduluaumdnnisvesiesssunisideluysd laeifidowmavduasdninslundy
uyud Wiinsdhenediadnd adainm uarbineliiianduaneuifeteniifusasgidrinlasimside

Juthusuesliiudumsidilureuinovedasimyidefiausld (graenmsnsisaou)

o. wnaslasimideatunmwlve 2l o Fuil o iiou AonAu WA, bl
. onastusaidrinilasimside atudl - fuit - Feu - wat.-
a. naTWULwAnIABuseuTaiitinlasin I
auil - Fufl - Weu - wa.-
< nasuanieasduniniedleililumsiedrhunsiesanangnsnandud wieyeiliiuieyasds
nngirinlasimside atuit - fudt - Weu- wal. -
nsfusmamsRssansiesssimyidthuywdatuil fuafiviuil ee diou ningiey
W.A. odom

2onlyf o il @ 1iou AvmAn 1A, edvl

Ay ij.{ [@-

3 a wooa
(seamansnnsd asdnda usaoew)
Uszemuanznssunsinsansiesmidelunged
UMy

152






4 IEEE

THAILAND SECTION

NI, Thailand

MUT, T

KMUTT

SU, Thailand
, Thatiand
, Thatand
RSU,Thatand
MSU, Thaiand
WU, Thatand
Slamb), Thatand
NPU,Thatand
SU, Thakand
PIM, Thaiand
UP, Thatand
CHUO-U / TOHOKL, Japan
UEC, Jspan
KYOTO-U, Jagan
HOKUOAI, Jagan
SYDNEY, Au
NCTU, Taiwan

56

onpong Boondrahm

chanucht Katarryutaveetip

Somsak Chartnamphet

Pisit Charnkeitkong
ath Cheosuwan

Norio Shirator!

Keswo Takahashi

Brania Vucstc rala
Ying-Dar Lin
o
Technical Program Supporting Committes
¥osin Chamrcngthal

dagan
KMUTT, Thasand
. Thaiand

afand
MITL,
KMITL,

Nappadol Manesrat Thaiand

Sakcha Thasand
Thadand

, Thaian

| The 4th Internati

AT S

=Gl

154

aniunafulaiios-ddu
THes N WIS 07 TEUNES
Pt

sall for Pap

- InCIT 2019 -

Ath Intemational Conference on

Encompassing Intelligent Technology and Innova

al
24-25 October 2019, Bangkok, Thailand.

Information Technology

tion Towards the New Era of Hur

erence on Information Technology

Organized by: Faculty of Information Technology, Thai-Nichi Institute of Technology

and Council of IT Deans of Thailand (

CITT)

LALLM Encompassing Intelligent Technology and Innovation Towards the New Era of Human Life.

The 4th International Conference on Information Technology (InCIT2019) has goal and objective to be the forum of

sharing the research in the related areas of information and communication technology. We believe that the research

encompasses intelligent technology and innovation for the next society of human being will be very impartant. Authors

who involves those research areas are cordially invited to submit papers and present in InCiT2019. In addition, the

conference will strengthen the collaboration and provide opportunities for delegates to exchange and discuss new

innovative ideas and research results, as well as the future directions for cooperative research.

The topics include, but are not limited to

Artificial Intelligence

Data Science and Analytics

Cloud Service and Computing
Communications and Networking
Computer Animation and Game

Digital Multimedia Technology

Database Technology

E-Commerce, E-Education, E-Government,
E-Industry, E-Society

Geo-informatics

Human Computer Interaction
IT in Education

IT and Project Management
IT Security and Privacy

IT and Mobile Application

Image Processing

Intelligence Communications
Internet of Things

Network Security and Privacy
Augmented and Virtual Reality
Pattemn Recognition

Platform Technologies
Quantum Computing

Signal Processing

Natural Language Processing
Bio-medical Informatics
Smart and Expert Systems
Web and Internet Technologles
Wireless and Mobile Networks
Other Related Topics

Paper Submission Deadline: Extened to 20 June 2019

Notification of Acceptance: 15 July 2019
Camera-Ready: 31 August 2019
Important Dates Early Bird Registration: 10 September 2019
Regular Registration: 11-25 September 2019
Conference Date: 24-25 October 2019

Registration fee

Authors
Categories =

Early Bird  Regular

USD 360 or
THE 30,500

Non IEEE/ECTI Member

Participants

USD 315 or
THE 9,450

USD 360 or
THE 10800

|EEE/ECTI Member

USD 180 oc
THS 5,400

Contact InCIT Secretriat ; incit@tni.ac.t



20192 4th International Conference on Information Technology (InCIT), Banglok, THAILAND

Physical Activity Recognition Using Streaming
Data from Wrist-worn Sensors

Katika Kongsil
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Chonburi, Thailand
60910061 @ go.buu.ac.th

Abstract—Most of the existing researches in smartwatches
based activity recognition focused on developing the subject
(user) specific approach or personal model which the subject
must collect the labeled data for training the model. It is incon-
venient for the users are unable to perform all activities during
the specified times. In this paper, we introduce a cross subjects
approach or impersonal activity recognition model based on the
fusion of two sensors embedded on smartwatches called S-PAR.
It stands for Smartwatches based Physical Activity Recognition.
Therefore, the users who utilize the model, are not necessary to
gather initial the labeled data. The experimenis were carried
out to examine the performance of S-PAR model against with
state-of-the-art methods by using two public databases collected
under realistic conditions. From the results, S-PAR model
provides the overall performance in detection and prediction
activities type. Therefore, our proposed model can be used in
the real life environment.

Index Terms—Activity recognition, Smartwatches, Machine
learning, Impersonal model, Wrist-worn sensors

I. INTRODUCTION

In the current situation, non-communicable diseases
(NCDs) are the world’s number one health problem which
is increasing in low and mid-income countries. The greatest
disease burden of NCDs is from diabetes, cardiovascular
diseases, cancers, hypertension, and obesity. It dues to five
main NCDs risk factors, including unhealthy diet, tobacco
use, air pollution, and physical inactivity or unhealthy habits
[1]. Especially, physical inactivity is considered as one of
the biggest public healthy problems because of sedentary
lifestyle such as hypersomnia, office working, sitting in front
of a computer all the day, or playing games for long hours.
Strategies for health promotion should be some efficient
applications or mechanisms to track or monitor for quantify-
ing physical activities. To measure the quantifying physical
aclivities, the automated detection of physical activity types
(for example, walking, running, sitting) doing during the day
should be analyzed first by an activity recognition method
12].

As a continuous growth of technology, most smartphones
and smartwatches are being integrated with multiple sensors,
i.e., accelerometers, magnetometers, gyrometers etc., and
wireless communication [3]. These advancements can be
utilized to identify the physical activity type by analyzing the
sensors data. Most researches focused on smartphone-based
physical activity recognition, for example, those proposed
in [4]-[6]. Although many researches in smartphone-based
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activity recognition which used triaxial accelerometer sensors
or multiple sensors, achieved more than 90% accuracy, but
those sensors were attached to different positions on the
subjects’ body like arms, chest and waist etc. for gathering
the sensor data. It makes these approaches may not be
practical usage in the real living situations because the
sensors over body may obstruct for performing the activities.
Despite, there exist some researches have studied the use
of a single triaxial accelerometer attached to only waist,
chest or kept smartphone in the pocket for smartphone-based
activity recognition [7], however, placing the sensors on those
locations cause obstruct and discomfort in doing the daily
activity especially in elderly persons or limit for women who
usually kept the smartphone in their handbag not the pocket.

As wrist-worn devices such as smartwatches, fitness wrist-
bands etc., become widespread usage, it has integrated the
multiple sensors which are easier to detect the physical
activities. There exists many approaches that aim to detect
and identify human activity types. Most of existing works
built the activity recognition model depended on a subject
specific approach or personal model. That is the target users
must gather and annotate the types of activities by performed
all activities for a definite time and enough training data. In
addition, the subject has to perform the activities with no
movement constraint or less movement, i.e., standing still,
sitting on a chair, walking without swinging arms etc. This
is often not practicable and discomfort, especially, elderly or
patients who cannot perform all activities.

Therefore, in this study we introduce the new model called
Smartwatch-based Physical Activity Recognition or S-PAR
using data collected from a triaxial accelerometer and a
triaxial gyrometer which built on smartwatches. We focus
on common physical activities usually performing in daily
life such as standing, sitting, lying, walking, stairs up, stairs
down, and running. The S-PAR is composed of two com-
ponents: modeling component and recognition component.
The modeling component is an offline processing which aims
to building two activities recognition models. One model is
used to detect and predict the dormant activities types and
the another is used for the energetic activities types. The
recognition component is a online processing which uses
those two models to detect and predict the current activities
type from streaming sensor data in real time manner.

Authorized licensed use limited to: Burapha University provided by UniNet. Downloaded on April 04,2022 at 06:57:35 UTC from IEEE Xplore. Restrictions apply
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The main contributions of our research are as follows:

+ We present the new model which is a cross subjects
activity recognition model or impersonal model. There-
fore, the target users who utilize the model, have not
prepare the training data because our proposed model
can be built once and used training data from the other
users.

‘We used the training data obtained the public databases.
These datasets were collected under realistic constrains,
i.e., walking in the city with swinging arms, running
in a forest, or climbed us the stairs of old castle [8].
Therefore, our proposed model can use in the real life
environment.

II. RELATED WORK

There have been several studies which have focused on
wrist-worn devices like smartwatches or fitness wristbands
for activity recognition.

For example, Da-Silva, et al. [9] proposed two activity
recognition systems with a wrist-worn accelerometer sensor
to recognize eight physical activities such as standing, sitting,
lying, running, walking, stairs up, stairs down, working on a
computer. The first system has a single classifier to identify
all activities and the second system added a pre-classifier to
separate type of activities: movement of postures. The two
architectures were evaluated with MLP neural networks, k-
NN, support vector machine (SYM) algorithms. The result
shows the best performance with accuracy of 93.47% by
using SVM. From studied those two pieces of research, it
was found that the best accuracy of more than 90% was
achieved by using only personal data or a subject-specific
approach that is the target user has to collect and label
data. Moreover, the subject has to perform activities with
no movement constraint and discomfort, i.e., walking with
normal speed or standing still. This sitation is not feasible
for elders or patients who are unable to perform all activities
with the constraints.

Shoaib et al. [7] focused on the fusion of wrist-worn
(smartwatches) devices and smartphones for physical activity
recognition. Seven subjects had to carry smartphones in the
right jeans pocket and smartwatches on their right wrist
position to collect the training data. They performed 7 basic
activities like walking, jogging, biking, etc., and 6 complex
aclivities such as typing, drinking coffee, giving a talk,
smoking. The average and standard deviation were extracted
from accelerometer and gyroscope sensor to recognize 13 ac-
tivities. For efficiency analysis, three classification algorithms
including decision tree, SVM, and k-NN, were selected. The
result shows the fusion of two devices could achieve with
high accuracy. However, in case of the subjects did not carry
both devices or the position of two devices on subjects’
body can impact the recognition accuracy. Besides, Shah-
mohammadi et al. [10] proposed smartwatch-based activity
recognition with active learning to provide personalize model.
Each subject who utilize the model had to prepare the training
data by performing 5 commonly daily activities including
standing, sitting, laying down, walking, and running in a
certain of time. In addition, Shahmohammadi and the team
introduced retraining the model by inquiry true activity types
from the subjects when the unknown activities occurred.

273

The authors claimed that their model can reduce the amount
of training data about 46% with an average accuracy 92%.
However, there some limitations of this model. For example,
if the active learning provided queries for confirmation the
current activity or unknown activity, but the users cannot
respond the system immediately. So, the retraining cannot
performed and the performance will be decreased.

ITI. THE PROPOSED ACTIVITY RECOGNITION

In this section, we described our proposed the Smartwatch-
based Physical Activity Recognition which called S-PAR
for shortly as shown in Fig. 1. Our proposed framework
is composed of two components which are the modeling
component and the recognition component. The modeling
component is to build dormant activity model and energetic
activity model. For the recognition component is used to
identify physical activity type from the streaming sensory
data produced from sensors in real time.

A. Sensory data understanding

This study used streaming sensory data obtained from
two sensors of wrist-worn device like smartwatch, which
widely used in physical activity recognition. For the first
sensor, the single accelerometer sensor is used to measure
the acceleration signals along the X-axis, Y-axis and Z-axis
named Az, Ay and Az values respectively. In generally, each
acceleration signal is combined between body acceleration
due to the movement of the users” body and constant (grav-
itational) acceleration due to gravity force [4]. The second
sensor is the single gyroscope sensor used lo measure the
angular velocity along three axes named Gz, Gy and iz
values. Typically, the gyroscope sensor mostly uses together
with accelerometer sensor to detect the movement activities
like walking, running, etc. [11]. The samples of streaming
dataset are depicted in Fig. 2.

For further using, some notations are defined here. Let
ACT be the set of activities in labeled training data.
Each Aect is consisted of the set of samples S, where
S={81,%2,...,8,...,8y}, and N is the number of sam-
ples in each activity. Each s; is defined as a 7 — fuple
(Awi, Ay, Az, Gy, Gy, Gz, t;) where t; is the activity
type of the sample s;. In this research, the basic movements
were selected which are standing, sitting, lying, walking,
stairs up, stairs down, and running.

B. Data Preprocessing

The streaming data collected from smartwatches were pre-
processed for noise reduction. In this work the acceleration
values due to gravity (constant acceleration) were considered
as noise. We segment the signal data based on the 2-second
non-overlapping sliding window. In each window j, we
applied the low-pass filter for each axis of the acceleration
in order to separate the body acceleration and the constant
acceleration due to gravity force. The 3" order Butterworth
low-pass filter with a cut off of 0.3 Hz was used [12] to
obtain the constant acceleration, and then these raw signals
in window j were subtracted with the constant acceleration
1o extract the body acceleration [13]. After performing this
step, the gravitation acceleration data must be filter out, so
we obtained the body accelerations of the signals for using

Authorized licensed use limited to: Burapha University provided by UniNet. Downloaded on April 04,2022 at 06:57:35 UTC from IEEE Xplore. Restrictions apply
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Fig. 1:

Sample| Class Timestamp Ar | Ay Az |Gz | Gy | G2
51 |Standing|1435991672020(-9.48 -2.26 1,53 |-0.02 0.000| 0.01
sz | Standing| 1435991672042 -9.49(-2.27 1.54 |-0.03 | 0.00 | 0.01
s3 |Standing| 1435991672061 |-9.50|-2.33 1,53 |-0.02 0.00 | 0.01
8i |Standing Axi 1 Gz
5N |Standing Azn |Ayn Azy |Gry | Gyn |Gzy

Fig. 2: The samples of streaming dataset.

(a) Acceleration signal (b) Body acceleration

(c) Constant acceleration

Fig. 3: The result of extraction the acceleration signals with
the low-pass filter.

in the next step. The results after applied data preprocessing
step are shown in Fig. 3.

C. Modeling Component

The modeling component is an offline processing which
aims (i) to find the Threshold value for separation the
category of activities, and (i1) to build a classifier model
for each category of activities, One model is for dormant
activities and the another is for energetic activities.

1) Finding Threshold: We began with consider the pattern
of acceleration signal. It was found that the acceleration
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The proposed physical activity recognition system (S-PAR).

of three axes of walking, and running are high vibrant.
These signals are the energetic activities. On the other hand,
the acceleration of standing, sitting and lying activities are
influenced from the gravity force, and all the acceleration
values are almost still [5]. These signals are called the
dormant activities. This work applied the Threshold finding
from |5] for separating the incoming signal to dormant
or energetic activities. This Threshold value is used in
recognition component. The steps of finding this Threshold
as the follows:

Step I: For each activity in Aet and for each window j,
the magnitude of a sample s; (M;) is computed using Eq. 1.
Then we calculate the standard deviation of window j (S1D;)

by using Eqg. 2.
M= [ A + Ay} + Az} O]

where ¢=1,2,3,...,n: and n is the number of samples
within window j. In this paper, n is predefined as the
sampling rate.

2

where M; is the average of magnitude in window j.
Step 2: The average of the standard deviation for each
activity in (SD4%) is computed by using Eq. 3.

Avg
I Act
Act ZJ=J- 5D J
Avg T T

where .J is number of windows for each activity.
Step 3: We compute the minimum of the average of stan-
dard deviation considered only energetic activities (S D),

i

and the maximum of the average of standard deviation
in dormant activities (SD7 ). Then, the Threshold is

mar

computed from the average of these value by using Eq. 4.

S0 3)

[yder

mazian) TSP

2

i
Threshold = (4
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Fig. 4: The Threshold value represented by green line.

Finally, this Threshold can be used to separate the
categories of activity into dormant activities and energetic
activities as shown in Fig. 4.

2) Building The Dormant Activities Recognition Model:
The only constant acceleration signals along X-axis, Y-
axis and Z-axis were used, and the process of building the
proposed model was described as follows:

Step I: For each activity in At € {silling, standing,
lying}, the constant acceleration along three axes defined
as (graX;, graY;, graZ;) are transformed to the average of
constant acceleration related to each axis in each window j
def]oled as (M(:u‘u;‘é’;nxpA'It:u,n;‘{gmy},M(:u‘u}"@’;ﬂm) by
using Eq. 5.

S graX;

anAet
Meani . xy= -
n
Act iy graYi
Mear( oy 'f )
n
- ra;
Meanfl 5, = 24=1970%

n

Step 2: In order to search the best classifier model, five
different techniques were evaluated. The decision tree, k-
Nearest Neighbors (kNN), random forest, Support Vector
Machine (SVM) with RBF kernel, and Linear Discriminant
Analysis (LDA) techniques were selected for this purpose.
The experimental results are shown in Section IV. After
evaluation with the average of constant acceleration for all
dormant activites, the LDA presented the best performance.
Therefore, LDA was used for the dormant activities recogni-
tion model.

3) Building The Energetic Activities Recognition Model:
The body acceleration signals and angular velocity signals
related three axes were used. Now, we defined new notations
for easier to understanding. So, these two signals along
X-axis, Y-axis and Z-axis were denoted as w;, y;, and z;
respectively. The process of proposed model was described
as follows:

Step I: For each activity in Aet € {walking, stairsup
stairsdown, running}, each signal along three axes is trans-
formed to the root mean squared (RM.S), skewness (Skew),
and interquatile range (7)) in each window j by using Egs.
6, 7, and 3. After performing this step, there are 18 features
used in the next step.
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Step 2: 1n this study, we compared the performance of five
classifiers including the decision tree, k-Nearest Neighbors
(KNN), random forest, Support Vector Machine (SVM) with
RBF kemel, and Naive Bayes. The experimental results are
shown in Section IV, and SVM with RBF kernel gave the
best performance. Therefore, SVM was used for the energetic
activities recognition model.

D. Recognition component

This section explained how 1o apply the S-PAR model to
detect and predict the current activity type from streaming
sensory data. Fig. 1 shows the recognition component pro-
cessing. We simulated the real-time environment for usage
S-PAR model by feeding the continuous streaming data from
the testing data. A 2-second non-overlapping sliding window,
was applied to deal with the stream of data into a small
data chunk. So, each small data chunk was performed in the
following steps.

Step I: In Data Preprocessing step, the only acceleration
signals along three axes were separated to the body accelera-
tion and the constant acceleration due to gravity by using the
37 order Butterworth low-pass filter. After that we calculated
the magnitude (M;) of each raw acceleration signal and then
compute the standard deviation (SD,,) of all the magnitude
(M;) in such data chunk.

Step 2: If SD,, is more than or equal Threshold, then the
incoming signals will be the dormant activities. Otherwise,
the incoming signals will be the energelic activities.

Step 3: If the incoming signals were dormant activities,
then the only constant acceleration signal along three axes
was computed the average of each axis by using Eq. 5. Then
we applied these average values (o Dormant Activities Model
(LDA) to obtained the predicted activity type. Otherwise if
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the incoming signals were energetic activities, then both the
body acceleration signals and angular velocity signals along
three axes were computed root mean square (RM.S), skew-
ness (Skew) and interqutitle (/(Q1) of each axis. After that,
we applied the transformed signals to Energetic Activities
Model (SVM) to obtained the predicted activity type.

IV. RESULTS AND DISCUSSION

In this section, we presented how to evaluate 5-PAR model
and display the experimental results on two public datasets.

A. Experiments Setup

The dataset for this research were collected from the public
databases. The first dataset (DS1) is the Complex Human
Activities Dataset from pervasive system research datasets
[14]. This dataset contains a linear acceleration and a angular
velocity values of 10 participants. The participants performed
6 activities listed in Table 1. The DS1 dataset were collected
from Samsung Galaxy S2 Smartphone attached on the right
wrist with the sampling frequency is 50Hz. The second
dataset ()52) is acquired from [8]. This data set contains a
linear acceleration data and a triaxial angular velocity values
collected from 15 subjects. Each subject wore LG G Watch R
and performed 7 physical activities under realistic conditions
such as the subjects walked through the city or jogged in a
forest etc. [8]. The details of DS2 dataset are listed in Table
I. The sensors on device were sent with a sampling rate of
50Hz.

TABLE I The number of samples for each activity in two
datasets.

Activity Types DST D82

Standing 90,000 | 155,788
Sitting 90,000 | 138,063
Lying - 142,316
Walking 90,000 | 138,409
Stairs Up 90,000 | 114,703
Stairs Down 90,000 | 116,806
Running 90,000 | 153,089

To evaluate the performance of the proposed model, we
used a leave-one-subject-out (LOSO) cross validation [10].
Therefore, the data of one subject were used as the test dataset
and the data of the other subjects were used as the training
dataset. This process was repeated for every subject as the
test dataset. In addition, the proposed model (S-PAR) used
F-score [15] to measure the efficiency compared with state-
of-the-art models which are two architectures proposed in [9]
and the research [7].

(Precision x Reeall)

F — score=2 x s O X SO0
seore * (Precision + Reeall)

9

B. Evaluation the Activity Recognition

In order to show the performance of S-PAR, we compared
it to state-of-the-art methods. Table II shows the average of
F-score matrices of all activities on two public datasets. From
these results, S-PAR obtains the best performance which is
able to achieve at rate 88.62% on DST dataset with the lowest
standard deviation. In the same way, S-PAR presents the
best results for DS2 at accuracy rate 71.52% with the lowest

standard deviation. Why did all of algorithms obtained the
results lower 80% on D827 Because DS2 dataset was carried
out under realistic constraints in real life environment as
mentioned before. Therefore, we can conclude that the S-
PAR model can achieve the best performance with the lowest
dispersion in all datasets compared with 3 models.

TABLE II: The average of F-score measurement on public
datasets.

Algorithms DST D52
Architecture 1 (2013) [9] | 79.14.122.65 % | 08.67L13.26 %
Architecture 2 (2013) [9] | 85.70£19.53 % | 66.84L11.72 %

Rescarch (2015) [7] 86.28L1665 % | 62.75L15.35 %
SPAR EG2EILTT % | 7152 E11. %

C. Evaluation the Classifier Models

As mentioned before in subsection ITI-C, the S-PAR model
uses LDA and SVM as the classifiers for detection and
prediction the current activity type. We compared their per-
formance to the other common classification techniques and
evaluated with LOSO cross validation. Each classification
algorithm was implemented with Scikit-learn which is a free
software machine learning library for the Python program-
ming language, and the parameters of each algorithm were
set by using the default. Tables III and IV demonstrate the
efficiency of the different classification techniques performed
in two datasets wsing the F-score measurement. Table III
shows that LDA can achieve the high performance for dor-
mant activities in both datasets. For energetic activities, LDA
cannot deal with the non-linear data and overlapping data,
so we decided to use Naive Bayes in stead of LDA, Table
IV demonstrates that SVM can obtain the best efficiency in
overall.

V. CONCLUSIONS

In this research, we present the new activity recognition
model using the streaming sensor data produced from the
accelerometer and gyroscope embedded on smartwatches.
The proposed model is a cross subjects approach or an
impersonal activity recognition model. That means the model
was built at once, and the new users can be utilized without
requiring the training data from those users. For building
the activity recognition, we examined varities of machine
learning algorithms. LDA and SVM presented the best results
and were applied for dormant activites model and energetic
activities model, respectively. In additional, the proposed
model was carried out to examine the performance compared
with the other models. From the results, the proposed model
provides the overall performance in detection and prediction
activities types. For a future research, we have planned to
enhance S-PAR model to detect and predict the activities
types more efficiency.
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TABLE III: F-score measure metric for each classifier in dormant activities.

. Classification techniques

Activity Types Decision Tree E-NN Random forest SVM LDA
Ds1

Standing 98.3542.55% 98.9242.00% 98.5042.25% 98.92401.95% 98.9212.00%
Sitting 98.611L2.06% 99.2641.00% 98.79L1.70% 99.2740.93% 99.27 1L 1.00%
DS2

Standing T1304£1290% | T457+12.86% | 74.60+13.02% | 74.68+13.51% | 75.43+15.18%
Sitting 55.6342228% | 58.8012540% | 52.48423.00% | 53.19423.66% | 69.51+27.57%
Lying 37.01£37.05% | 43.01462.13% | 43.09+41.18% | 46.26437.71% | 70.56135.78%

TABLE IV: F-score measure metric for each classifier in energetic activities.

N Classification techniques

Activity Types Decision Tree k-NN Random forest SVM Nuive Bayes

D51

Walking 52.79422.6% | 66.7412044% | 66.48127.21% | 75.12122.128% | 66.40133.54%

Stairs Up 55.4119.89% | 63.61L13.70% | 68.261L11.05% 75.3119.44% 61.15422.92%

Stairs Down T1LO6E11.56% | 76.9614.00% BL71L9.11% 81.37H11.07% 68.81120.38%

Running 98.6241.51% 99.17k1.17% 99.174+0,94% 99.24:41.57% 97.7114.05%

DS2

Walking 54.2010.61% 62.131L7.75% 64.0049.22% 68.371L10.21% 63.22412.59%

Stairs Up A0 75E12.16% | 41 78L1243% | 43.96113.82% 50.02114.88% 29.30£17.15%
62.744+9.82% 66.5217.74% 6R.68£10.41% T4.2148.18% 54.58+16.95%
89.04-£9.86% S000L£1045% | B9.91410.00% $7.991L9.58% B7.65411.03%
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Wrist-worn Physical Activity Recognition: A Fusion
Learning Approach

Katika Kongsil
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60910061 @ go.buu.ac.th

Abstract—With the advantages of technology in sensors on
wrist-worn devices, many researchers have investigated and
utilized the signals to recognize the physical activity in a living
context. However, these studies are still faced with challenging
problems, especially improving the recognition rate. Without
using the recorded sensor data of target suhjects, we aim to create
a cross-subject activity r ition framework cc 1 of three
important models by using the fusion approach of machine learn-
ing. Performance was tested on four public datasets with different
window sizes. Qur experimental results demonstrate that our
proposed framework achieves the highest recognition rate when
compared with state-of-the-art models. In some datasets, our
framework achieves more than 80% success in the recognition
rate. In the other datasets, our proposed model can achieve up to
90%. In summary, our proposed framework is capable of being
an activity recognition tool for classifying and identifying the
physical activities in real world scenarios.

Index Terms—Activity recognition, Wearable sensors, Cross-
subjects approach, Machine learning, Pattern recognition

I. INTRODUCTION

Nowadays, wearable devices with embedded sensors play
an important role in various applications like sports track-
ing, health monitoring, etc. The embedded sensors such as
acceleromelers, magnetomelters, gyroscope, elc. produce real-
time streaming signals data, and many studies have used these
signals to classify or identify human activity in daily life.

Recently, there has been much research focusing on Human
Activity Recognition (HAR) based on real-time streaming
signals produced from wearable devices. Most of the exist-
ing activity recognition models were built depending on the
subject. This is called a subject-specific approach. The subject
who uses the model must collect data and label them using
a mobile application by performing the activities in a period
of time within a controlled environment. The subject-specific
model is not suitable in practice, especially for elders who may
be unable to perform all of the required activities. In addition,
some research [1], introduces the HAR method using multiple
sensors placed at different body positions, such as on the head,
upper arm, forearm, waist, thigh, and shin. The research [2]
concluded that an accelerometer sensor attached to the waist
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is the most suitable location in real-world scenarios. The study
of [3] reported that the multiple accelerometers placed on
the ankle and wrist show superior classification performance.
However, these proposed models cannot be utilized in real-
world scenarios because of the inconvenience and discomfort
of wearing the sensors in daily life.

To achieve high performance, the ideas of segmentation of
the sampling data into sliding windows and extraction of the
feature vector for each sliding window are utilized. Most of
the existing research applies the sliding window with 50%
overlapping and consider window sizes of between one and
three seconds [2]. For generating features in each sliding
window, time and frequency domain features are commonly
used, and then feature selection is applied to select the relevant
features for activity classification. For example, the study
of [4] applies a Correlation-Based Feature selection (CBF)
technique to extract and select the 45 features from each
accelerometer. The research of [5] uses the Sequential Floating
Forward Selection (SFFS) to select 216 features from the three
axes of three sensors, then the studies apply the extracted and
selected features to classify all kinds of activities. Actually,
each activity has different characteristic data, therefore it
should be applied with different features related to the type
of activities.

In this paper, we introduce a new physical activity recog-
nition framework based on the combination of accelerometer
and gyroscope sensors attached to wrist-worn devices. Our
framework is composed of three models including (i) the
activity types model used to categorize the activities into
energetic and dormant activities, (i) the energetic activities
model used to recognize the movement activities, and (iii) the
dormant activities model used to identify stationary activity.

The main contributions of our framework are the following.

« Our proposed framework is a cross-subject approach
which depends only on the annotated data of a certain
person, except for the target user. Our three proposed
models were trained using several public datasets in
laboratory and various other settings.

We investigated and conducted the experiment to show
the effect of the different sliding window sizes with

.
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overlapping by half and without overlapping.

« We show that the suitable features used to classify the
activities based on the type of activities are able to
recognize with higher performance using our framework
than other comparing models.

II. RELATED WORK

Several state-of-the-art studies focused on physical activity
recognition from wrist-worn sensors, aiming to find the im-
portant factors to achieve high performance such as data seg-
mentation, feature extraction, feature selection, new strategy
of machine learning, and different evaluation metrics. Konak
et al. [6] analyzed the activity recognition performance ob-
tained from a smartphone emulating a wrist-worn device with
embedded sensors, particularly focusing on the accelerometer
and gyroscope sensors. This work also investigated the use of
different features including motion, orientation, and rotation
features in activity recognition both singly and in combination.
Different classification techniques were utilized, such as Naive
Bayes (NB), Decision Tree (DT), and Random Forest (RF).
The recognition results show that the orientation features with
the random forest can achieve the highest average accuracy.
However, the classification results in walking activity patterns
(walking, walking upstairs, and walking downstairs) yield poor
performance.

Chowdhury et al. [4] investigated and compared several
single classifier and ensemble methods which were based on
data from a wrist-worn accelerometer sensor. The datasets
were oblained from both public dataset and their own datasets
collected in a laboratory environment. Three machine learning
algorithms were compared to evaluate the performance of
both the single classifier algorithms and conventional ensemble
methods. The single classifier algorithms studied were K-
nearest neighbors (KNN), binary decision tree (BDT), support
vector machines (SVM), and artificial neural networks (ANN).
Three conventional ensemble methods used were bagging,
boosting, and random forests. The final prediction result was
made with a combination of three methods: weighted majority
vole (WMYV), naive Bayes combiner, and behavior knowledge
space (BKS). The whole process starts with the preprocessing,
feature extraction, normalization and feature selection, and
modeling, respectively. The evaluation results demonsirated
that the conventional ensemble methods outperform the other
methods. However, there are some limitations for utilization
in real-time activity recognition, such as an excessive window
size and using the dataset in a predetermined sequence of
activities.

The other activity recognition framework [3] emphasized
the use of weighted decision fusion to effectively com-
bine multiple accelerometer data, named the posterior-adapted
class-based weighted decision fusion, to improve the final
activity class prediction. Two public datasets were used in
this study and obtained from accelerometer sensors on three
body positions: ankle, chest, and wrist. This framework was
extended from the study of Chowdhury et al. [4] by adding
the SVM approach as a baseline classification algorithm and
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proposed a process of calculating decision fusion class-based
weights, which the confidence score for each model based on
training and test data. The experiments were conducted on both
single and all combinations of accelerometer positions. The
classification performance was compared with the baseline
algorithm and other decisions using fusion techniques. The
classification results show the combination of accelerometers
located on the ankle and wrist achieve the highest average
performance. The performance of using only a single wrist-
worn accelerometer position was significantly less accurate
than the other positions, especially for the accuracy of move-
ment activities such as walking and stairs activities.

Ayman et al. [5] proposed an activity recognition framework
using three wristi-worn sensors including an accelerometer,
gyroscope, and magnetometer. The eighteen time-domain fea-
tures were extracted from the three axes and the magnitude
of each sensor (216 features). Then they applied SFFS to de-
termine the optimal feature sets. 10-fold cross-validation was
used to evaluate three machine learning algorithms (SVM, DT,
RF). The results show that the RF classifier achieves a high
recognition rate. The lack of evaluation metrics and validation
like cross-validation leads to overestimating the performance
which is not appropriate for unseen data in a real-time system.
Lu et al. |7] proposed the multiscale features approach for
human activity recognition called MFE-HAR, which exploits
the global and local scales from the combination of data from
accelerometer and gyroscope sensors on a single wrist-worn
device. Two public datasets from different wrist-worn devices
were analyzed. Five machine learning algorithms were com-
pared: the gradient boosting decision tree (GBDT), random
forest, logistics regression, support vector machine, and K-
nearest neighbors. The results show the GBDT learning model
performed the best. However, the feature extraction process is
too complicated and may not be suitable to apply in a real-time
system.

I1I. PrOPOSED FRAMEWORK

In this section, we describe our proposed activity recogni-
tion framework which consists of the modeling and recogni-
tion components. The modeling component is built based on
three models: activity rypes, energetic activities, and dormant
activities models. Each of them uses different features and
machine learning strategies as shown in Fig 1. The recog-
nition component aims to identify the physical activity type
of incoming data streams produced from sensors, and then
classifies the data into a predicted activity as illustrated in Fig
3. Our proposed framework was implemented by using Scikit-
learn which is an open-source machine learning system written
in the Python programming language.

A. Sensory data

The authors of this study selected four public datasets for
human activity recognition. A description of each dataset
is provided in Table I. Those datasets were collected from
embedded sensors on wearable devices like smartphones,
smartwatches, and inertial measurement units (IMU). The
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TABLE I: A description of each of the wrist-worn datasets

Dataset Number of Environment Wrist worn device Sampling  Dormant physical  Energetic physical
Subjects rate activity selected activities selected
REALWORLD [8] 10 Out-of-lab LG G Watch R smartwatch at -~ 50Hz Standing, sitting,  Walking, ascending stairs,
forearm lying down descending stairs, running
Research Work [9] 10 Laboratory Samsung Galaxy s2 Smart-  SOHz Standing, sitting ‘Walking, ascending stairs,
phones at right wrist descending stairs, running,
cycling
MHEALTH [10] 10 Out-of-lab Shimmer Wearable sensor at  50Hz Standing, sitting,  Walking, stairs, running,
right forearm lying down Jogging, cycling
WISDM [11] 48 Laboratory  1.G G Watch smartwatch at  20Hz Standing, sitting ‘Walking, stairs, jogging
dominant wrist
TABLE II: Samples of sensory data in the WISDM dataset
sample| Label | Az | Ay | Az | Go | Oy | G2
51 |Walking|12.28(-1.86| 0.48 | -1.89|-3.01|-5.83
sy |Walking|15.64|-1.69| 0.77 | -0.67 | -2.57 -6.30
Iﬁ sy |Walking | 15.86(-2.35] 0.15 | 0.73 |-1.60|-5.91
Data i : i i i i H i
| -l il accelerometer data s;  |Walking| Az | Ay | Az | G | Gy | G
gyroscope data ; GWS;WE data of dormant activities i i H H H H H H
covitie: of energetic activities.
ofale * ’ sy |Walking | Az i [ Ay | Azpy |Gy |Gyn |Gzy

Energetic activities

feature exiraction feaiure exiraction

]

Feature Selection | Fealure Selection ‘

Activity types
feature extraction

| Darmant activities

(RFE) (Reliet-F)

] v

Classifier Akgotithms I | Classilier Algorithms.

] ¥ 7
Activity Types Model) Enmh:::d :Iclwmea Dnrm:: ;:cl.mnu.
. (svM) (alve Bayes)

Fig. 1: Modeling Component

Classifier Algorithms

subjects performed various activity types such as physical
activity, transition activity, gesture activity, etc. in a specific
time period. The data acquisition was set up with a variety of
different conditions, such as the number of wearable devices
or sensors, the positions of those sensors, sensor specifications,
the environment (in laboratory or out-of-lab in a real situation),
and biological characteristics of the subjects. For the purposes
of this study, we used sensory data acquired from tri-axial
accelerometer and tri-axial gyroscope sensors embedded on
a wrist-worn device. Samples of sensory data are illustrated
in Table II, and Fig. 2 shows the characteristics acceleration
values of energetic and dormant activities.

B. Data Preprocessing

To handle non-steady-state data, we cut off about 10 seconds
from the beginning and end of the sensory data. Linear
interpolation is used to fill in missing data for some datasets
which had missing sensor data. To reduce the noise and
minimize the effect of random errors, we then applied the
moving average method with a window length of 4 data points
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of raw data for each sensor axis and each activity. That is, the
smoothed data at time ¢ is obtained by averaging values of the
streaming data within a specified window length as shown in

Eg. 1.

-1

x,(t) = 1—1L Z x(i)

i=i-n

(8]

Where @ is the raw vector, x, is the smoothed vector, and n
is the window length.

C. Modeling Component

In this component, we categorize the physical activity
into two types including dormant and energetic activities by
considering the pattern of sensor data, The characteristics of
the signal data of dormant activities (standing, sitting, and
lying) is rather stationary. On the other hand, the signal data of
energetic activities (walking and running) are highly vibrant.
The Modeling Component aims to build classifier models
for classifying the physical activity categories (dormant or
energetic activities), and also the models for identifying the
individual physical activities. After performing the smoothing
of the data in the Data Preprocessing stage, the following steps
proceeded over a sliding window with 50% overlapping and
without overlapping:

1) Building the Physical Activity Types Model: We built the
model to classify the binary activity classes between dormant
or energetic activities. First, we calculated the magnitude of
the signal for each axis of the accelerometer and gyroscope
signals over a sliding window as shown in Eq. 2 and extracted
the standard deviation of magnitude using Eq. 3 [12]. These
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TABLE I: A description of each of the wrist-worn datasets

Dataset Number of Environment Wrist worn device Sampling  Dormant physical  Energetic physical
Subjects rate activity selected activities selected
REALWORLD [8] 10 Out-of-lab LG G Watch R smartwatch at -~ 50Hz Standing, sitting,  Walking, ascending stairs,
forearm lying down descending stairs, running
Research Work [9] 10 Laboratory Samsung Galaxy s2 Smart-  SOHz Standing, sitting ‘Walking, ascending stairs,
phones at right wrist descending stairs, running,
cycling
MHEALTH [10] 10 Out-of-lab Shimmer Wearable sensor at  50Hz Standing, sitting,  Walking, stairs, running,
right forearm lying down Jogging, cycling
WISDM [11] 48 Laboratory  1.G G Watch smartwatch at  20Hz Standing, sitting ‘Walking, stairs, jogging
dominant wrist
TABLE II: Samples of sensory data in the WISDM dataset
sample| Label | Az | Ay | Az | Go | Oy | G2
51 |Walking|12.28(-1.86| 0.48 | -1.89|-3.01|-5.83
sy |Walking|15.64|-1.69| 0.77 | -0.67 | -2.57 -6.30
Iﬁ sy |Walking | 15.86(-2.35] 0.15 | 0.73 |-1.60|-5.91
Data i : i i i i H i
| -l il accelerometer data s;  |Walking| Az | Ay | Az | G | Gy | G
gyroscope data ; GWS;WE data of dormant activities i i H H H H H H
covitie: of energetic activities.
ofale * ’ sy |Walking | Az i [ Ay | Azpy |Gy |Gyn |Gzy

Energetic activities
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Classifier Algorithms

subjects performed various activity types such as physical
activity, transition activity, gesture activity, etc. in a specific
time period. The data acquisition was set up with a variety of
different conditions, such as the number of wearable devices
or sensors, the positions of those sensors, sensor specifications,
the environment (in laboratory or out-of-lab in a real situation),
and biological characteristics of the subjects. For the purposes
of this study, we used sensory data acquired from tri-axial
accelerometer and tri-axial gyroscope sensors embedded on
a wrist-worn device. Samples of sensory data are illustrated
in Table II, and Fig. 2 shows the characteristics acceleration
values of energetic and dormant activities.

B. Data Preprocessing

To handle non-steady-state data, we cut off about 10 seconds
from the beginning and end of the sensory data. Linear
interpolation is used to fill in missing data for some datasets
which had missing sensor data. To reduce the noise and
minimize the effect of random errors, we then applied the
moving average method with a window length of 4 data points
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of raw data for each sensor axis and each activity. That is, the
smoothed data at time ¢ is obtained by averaging values of the
streaming data within a specified window length as shown in

Eg. 1.
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x,(t) = 1—1L Z x(i)

i=i-n

(8]

Where @ is the raw vector, x, is the smoothed vector, and n
is the window length.

C. Modeling Component

In this component, we categorize the physical activity
into two types including dormant and energetic activities by
considering the pattern of sensor data, The characteristics of
the signal data of dormant activities (standing, sitting, and
lying) is rather stationary. On the other hand, the signal data of
energetic activities (walking and running) are highly vibrant.
The Modeling Component aims to build classifier models
for classifying the physical activity categories (dormant or
energetic activities), and also the models for identifying the
individual physical activities. After performing the smoothing
of the data in the Data Preprocessing stage, the following steps
proceeded over a sliding window with 50% overlapping and
without overlapping:

1) Building the Physical Activity Types Model: We built the
model to classify the binary activity classes between dormant
or energetic activities. First, we calculated the magnitude of
the signal for each axis of the accelerometer and gyroscope
signals over a sliding window as shown in Eq. 2 and extracted
the standard deviation of magnitude using Eq. 3 [12]. These

Authorized licensed use limited to: Burapha University provided by UniNet. Downloaded on April 04,2022 at 07:04:41 UTC from IEEE Xplore. Restrictions apply

166



Dala Preprocessing

Activity types feawre
extraction

Activity
Types Model

Energetic activities
feature exiraction

30 features

Dormant activity

Dormant activities
feature extraction

6 featres

Energetic activity

Dormant Activities

Predicted physical
activity

Fig. 3: Recognition Component

used for building the dormant activities model. In this study,
we tested the performance with five classifier models: KNN,
DT, SVM, RF, and Naive Bayes. Naive Bayes with Ganssian
distribution yielded the best performance and was selected as
the dormant activities model.

D. Recognition Component

In this component, we describe how to utilize the models
built from the Modeling Component to classify the activity of
the incoming data. All of the recognition component processes
are illustrated in Fig.3. To simulate a real-time environment,
the testing data was used as streaming data. The testing data
was streamed and segmented over a sliding window as a small
data fragment j. Then, each fragment was executed in the
following steps.

Step 1: Each axis of the accelerometer and gyroscope data was
smoothed by using a moving average in the data preprocessing
stage. Then, the smoothed signals were extracted as two
features, the magnitude (M;) and the standard deviation SD;,
by using Eq. 2 and Eq. 3.

Step 2: The data fragment was assigned as one of the activity
categories which was the dormant activity or energetic activity
by using the activity types model.

Step 3: Then, the data fragment was extracted the features
based on the assigned activity category.

Step 4: Finally, the features of such data fragment were
identified as the physical activity label by using the energetic
activities model or dormant activities model.

IV. EXPERIMENTAL RESULTS AND DISCUSSION

In this section, we present the evaluation of our proposed
framework by comparing it with state-of-the-art activity recog-
nition models and also reporting the experimental activity
recognition results for four datasets.

1

5
2

A. Experiment setup

Since our proposed framework was developed based on a
cross-subject approach, we evaluated the performance of our
framework with leave-one-subject-out cross-validation. In each
round, only the data of one subject (a target user) was used for
testing. The remaining subjects’ data were used for training
models. This guaranteed that the sensor data of each subject
was used once for testing. The Fl-score was used to measure
the recognition rate of our proposed framework. The F1-score
was compuled as follows:

(Precision x Recall)
X

————= % 10
(Preeision + Recall) *

F1—score =2 (4)

In this study, we compared our proposed system with
state-of-the-art study [4] with four public datasets. From the
research [4], we selected the three classification algorithms
which achieved the best performance on each learning method
strategy including the single support vector machines (SVM),
the random forest (RF), and the weighted majority vote
(WMV). They conducted the experiments by extracting 45
features from the accelerometer data over a 10-seconds sliding
window with 50% overlapping, and then applied the feature
normalization and used the CBF feature selection before clas-
sification process. So we designed our experiments by using
sliding window sizes of 2s and 10s over 50% overlapping and
without overlapping windows to investigate the effects of the
different window sizes.

B. Performance Evaluation

Table IV shows the average and standard deviation of the
Fl-score metrics for all physical activities of each public
dataset. From this table, we can conclude that our proposed
framework gives the best performance among all models
evaluated. Our framework achieved good results of up to
an 80% recognition rate in three datasets, while the Real-
World dataset [8] achieves the lowest (>75%) recognition
rate. However, this performance is reasonable, because the
RealWorld dataset was collected under free-context living.
When considering the effect of each window size, for the
RealWorld dataset [8] the window size of 10-second had the
highest recognition rate for both the overlapping and without
overlapping cases. Considering the dataset in Research Work
[9] and the WISDM [11] dataset, the results indicate that the
window size of 10-second gives the highest performance in
both overlapping and without overlapping cases as well. In
contrast, in the MHEALTH [10] dataset the 2-second window
size witout overlapping achieved an average recognition rate of
90%, which was the highest performance for this dataset. We
can summarize our results by stating that large, overlapping
windows achieved the highest performance. However, this is
a trade-off with higher computation time. Furthermore, the
window size also depends on the kind of datasets used to
build the activity recognition models.

0
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TABLE IV: The performance of our proposed framework compared with competing models on four public datasets

Datasets Sliding window Average Fl‘-smrc metric of each model
SVMs RF WMV Our framework
2-second without overlapping 70.68£14.34% | 69.25111.40% | 7298+13.39% | 74.65+£10.93%
RealWorld 2 second overlapping TL16£13.95% | 68.53+11.93% | 72.424+13.50% T5.26+10.16%
10-second without overlapping | 71.97+H14.11% | 72.64+14.00% | 73.06+12.61% | 77.03+-10.63%
10-second overlapping TLT114.90% [ 72.08414.62% | 74.82414.15% | 77.19410.38%
2-second without overlapping | 88.51-L13.81% | 84.46:L17.94% | 88.904£13.19% 92.08-7.64%
Research Work [9] 2-second overlapping ) 87.99:+14.45% | 85.23+1623% | 88.73+13.56% 92.504-6.95%
10-second without overlapping | 91.36£9.46% | 87.87+13.56% | 90.72+£1047% 92.35+6.31%
10-second overlapping 01.264+9.49% | 89.83+H11.03% | 91.75+8.16% 93.341+5.77%
2-second without overlapping 81.834+6.33% 79.89-+13.26% 84.07+8.09% H.621+-8.91%
MHEALTH 2-second overlapping 82.144L6.02% | 80.671L1292% | 84.6648.09% 89,751 8.82%
10-second without overlapping | 84.29£7.79% B1.66-L9.66%, 86.68-17.53% 89.7418.50%
10-second overlapping 84.1246.87% | 82.554+11.52% | 86.0448.07% §9.431-9.99%
2-second without overlapping B1.669.84% 83.2449.49% 79.57+8.06% BIATLB06%
WISDM 2-second overlapping 79.48+10.75% | 81.63+1037% 79.46+9.70% 84.38-8.04%
10-second without overlapping | 84.254824% | 82804991% | 85.1747.72% 87.414+6.79%
10-second overlapping 83.7448.60% B2.63-19.84% 85.4317.73% 87.201-6.70%

V. CONCLUSION

This study introduces a new activity recognition frame-
work to improve the performance of daily physical activity
recognition from accelerometer and gyroscope sensors on a
wrist-worn device. The proposed system has three models:
the activity types, dormant activities, and the energetic ac-
tivities models with a fusion approach of machine learning
techniques. To evaluate the performance, we tested against the
other models using different window sizes. The experiments
performed depended on large public datasets that consist
of events collected by people performing different physical
activities and were evaluated with leave-one-subject-out cross
validation. In summary, the experimental results prove that our
framework outperforms the other models considered. Using
the cross-subjects approach, our models identified the activities
of the target user with higher accuracy. In addition, the features
obtained from RFE and ReliefF selection methods were able
to classify the different activities with a high recognition rate.
Our proposed framework is a feasible and reliable tool for
classifying and identifying physical activities in real-world
situations. In future work, we plan to improve the performance
by incorporating personalized data.
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