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58910104: MAJOR: INFORMATICS; M.Sc. (INFORMATICS)
KEYWORD: ACTIVITY RECOGNITION/SENSORS/SMARTPHONE/STREAMING DATA/
UNSUPERVISED
THERDSAK DUNGKAEW: ADAPTIVE ACTIVITY RECOGNITION SYSTEM USING THE
ACCELEROMETER SENSORY DATA OF SMARTPHONE. THESIS ADVISSOR: JAKKARIN
SUKSAWATCHON, Ph.D., UREERAT SUKSAWATCHON, Ph.D., 127 P. 2018.

The objective of the smartphone-based activity recognition is to analyze the
continuous sensory data and identify the occurrence of the current activities with high
accuracy. Therefore, how to be able recognize the human physical activities by
analyzing acceleration data generated by a user’s cell phone, is interesting issue for
many researchers and developers. Most of the research papers in activities recognition
with sensory data are personal classifier models. These models are trained and tested
using the collected and annotated data of the same users. However, creating the
personalized classifier models may interfere with the users because of spending times
to collect activities data. Moreover, if the users cannot complete all activities or cannot
complete over a specified period of time so the model can be incorrect recognition.

In order to overcome this problem, this thesis proposes the two new activities
recognition frameworks for evolving sensory data. The first one is “impersonal
smartphone-based activity recognition using the accelerometer sensory data” or
“ISAR”. The ISAR is an offline and online phase. In offline phase, we build classifier
model from a set of annotated sensory data based on characteristics of activities and
clustering approach. The online phase is recognition component which can proceed
on-board the mobile phone for real-time data. The second proposed framework is “an
improvement impersonal smartphone-based activity recognition using the
accelerometer sensory data” or “ISAR+”. Our main contributions in this work are: (1)
we propose the new method for distinguishing the activities based on their
characteristics. Our new method can be used for identifying the sensory data into two
types of activities that are dormant and energetic activities from incoming unlabeled
data. (2) The new classifier modeling and recognition component are introduced to

deal with the overlapping data and to cut off any inquiry the users about true activities.



The proposed frameworks were trained and tested in an experiment with multiple
human subjects in real-world conditions by using WISDM and UniMiB-SHAR datasets.
From experimental results, ISAR and ISAR+ can perform dramatically better than STAR

model in real situation, especially across different users and without inquiry users.
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gunsalanulniy 33ms STAR finsounisvhaiuassdan 1dun 1) funouwdousuuuia
nanssu (Offline modeling phase) dmfuas1adiuuuidnnanssy lagurdeyanisyinanssy
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sensory data” #39L358n31 “ISAR” WLazid5n1s “An improvement impersonal
smartphone-based activity recognition using the accelerometer sensory data” %3
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Funeudourfonisuvasdeyaianssy dudoyadrudesuuuinsgiu (Standard

v ]

Deviation) lagldiamzdayaianssuwvuinfoulny anntuaziuingudeyadiuidoauuy

Y

Wnsguwsazianssueenunguges wanudeyaagy laun Adauus uazagudnatsves

I REGHERE



o

e Jupausaulail \utunsudmsuidnfanssududoyanseuaidanal uwaz

a oA

USuuseiuuuiannanssu Inedeyaneaiilodnn Accelerometer sensor vadaunsnlnuazgn

Y

o v |

wisanduntineng (window) wasideyaudasniinaumuinmdudetuunnsg

. 9 P Y a o 1A ! ° o o a v
Y89 Magnitude Yaya ieldilIeuiiiguiualiauds dwiuduunussinvveianssy andu
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Offline phase (Modeling component)

Annotated data

All annotated data Energetic acticities data (Walking, Jogging, Stairs)

Finding the threshold for separating

. oL Transformation raw data to SD data
dormant and energetic activities

Clustering each activity to sub-clusters

Classifier model
(Threshold, Centroid of sub-clusters Cf")

4

¥

Online phase (Recognition component)

Continuous flow of accelerometer sensory data
N\
o

windowj

i

Calculate SD of magnitude SDjnag))

SD

) imag) <Theshold

Yes No
{ )
Dormant activity recognition Energetic activity recognition

!—‘—\ [ |
v v 2 2
( Sitting ) (Standing) (Walking)(Jogging)( Stairs )

(i

AN 1-3 ATOULUIAAIDNNT Impersonal smartphone-based activity recognition using

the accelerometer sensory data (ISAR)



Offline phase (Modeling component)

Annotated data

All annotated data Energetic acticities data (Walking, Jogging, Stairs)
Finding the threshold for separating Transformation raw data to SD,
dormant and energetic activities Density and Kurtosis data

Finding the average of SD,

Density and Kurtosis
N
Classifier model
(Threshold, average of SD, Density and Kurtosis)

2

Online phase (Recognition component)

Continuous flow of accelerometer sensory data

000000

window;
v
Classifier model Calculate SD of magnitude (SD;, )
(mag)

<Theshold

SD/( ‘mag)

Yes No
¥ A
Dormant activity recognition Energetic activity recognition

!—k—\ I |

1

v v v
( Sitting ) ( Standing ) (Walking)(Jogging)( Stairs )

—Update Classifier model—

21NN 1-4 ATOULUIAAIBNNT An improvement impersonal smartphone-based activity

recognition using the accelerometer sensory data (ISAR+)



1.3 I9QUs2a9AY0INYITNUS

1.3.1 definwuardinsgidgmilfedulunisisfanssulaglidoganiniaiug
Yosau Tl

1.3.2 ilerimunismsairsfuvuiiifenssufiannsaufudnuulimnzaudy
Aldudazyanala

1.3.3 WeWauismukuuidnfanssulviiseansamiesunaiuazainugnassluy

n333MaNTIY

1.4 YaULUAINYITNUT
1.4.1 Aneninusdijaduiitsfnvnasiautuneuisniniioadsuuunisdd
Aanssuvesiligunsalindouiiuuunnm Tagldnszuateyaain Accelerometer sensor 484
gunsalausviviy
1.4.2 Ineninusigatumsiainansalunguianssumamenin daduianssy
fuguresyud Foteluid
® n5.eu (Walking)
® n158u (Standing)
® M3t (Sitting)
® M (Jogging)
® nstuastile (Stairs)

1.4.3 Yoyanldlun1sveassazlddoyanisvinfanssuaingiudeya WISDM uay

3 Y

¥
P

g1udeya UniMiB-SHAR dadugudayaansisae tnelsivazidendisil

® Jaya WISDM® Usgnaundy svagld Aanssuivaasy tartun1sdudin
AanTsu A1 Accelerometer WUIUNW X WUILNU Y UAZWWILAY Z Axadu Jaiudeyanis
fanssuvesElenvun 5 Aanssu laun n1s8u nshiu 1538 Mytauazmsvuasdule lag
A v v = [ vala o a a o
Fendeyaveslld 19 auain 36 au Faudugldniinisvinanssuasunnianssy 191uau

AI9819TINAUTIINUA 618,820 63084

3 http://www.cis.fordham.edu/wisdm
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e foya UniMiB-SHAR® Usznaudiae swagld Aanssudidldnaasy an
Accelerometer WUAMNY X WUILAY Y UazuuIuny Z audndu dafudeyanisiianssy
vosfldtavun 5 Aanssu Wun nsBu madu mels nistaasnistuastiule Tnedendeya
yosgld1uu 23 auann 30 au FadugliiinmihAanssuasuynianssy fdwiusedis
SRS 1,848,500 A9819

1.4.4 msneasanaznsUsziliunaluinerdnusliivisuiisuismsfiduaue
ISAR+, ISAR Uag STAR lasni1sidendeyadmivasunasnaaaunieis K-Fold Cross-

a v

validation Aemsliteyavesilimisaudmiunaasusinuuiiifanssy wazdoyavosdldau
findodmivaeuiuuuitiAanssy ndudsuteyadmivnaaeuiluesliaudaly
wazdeyavosflipuiivdafudoyadmivasu sherauninzasunnauwdninadnsuiais
fu TngAneninusili33nussaninmanugniesiie Precision, Recall way F-measure
'ﬁ'suﬁu’amaauﬂszﬁmﬁmwﬁaL’;aﬂu%y’umaua%ﬁﬂﬁaquiﬁflﬁaﬂiiu %umauﬁﬁﬂﬁﬂﬂﬁim uay

FuppuUTuUTIRIUUIIIRINTIY

1.5 Usglgninaindnaglasu
1.5.1 Whlalgymivean1sidnfanssulaglddayaann Accelerometer sensor U84
gunsalauniviviy

1.5.2 lgisnsadediwuuidnfanssuianunsausum iz auiugldusazyana

1.5.3 lashuuuianAanssundussansammsluiiunaiaganugniesneini i

AaNTsu

4 http://www.sal.disco.unimib.it/technologies/unimib-shar



1.6 LHUAEUIATIY

A5199 1-1 wRUALHUlATIU

- U oy
nangsu — —
WA, | ua-le | we-e | nA-ny. | §.A-5.A.
1. Anwteynneanuide 2558 x| x| x
- Anwmgufiieves 2559 | x | x | x| x |x|x|x|x|x|x x| x
- AnweideiiineNTes
- WeulUsNILAINUIFLN 2560 | x| x| x| x | x
LAIUD
2. smdeyanng udeya i
Toyan1svinNINTTUMALIATIN | 2559 | x | x x| x | x
Toyatayananysy
3. DONWUULAZLTEULUTWN T 2559 | x| x| x| x | x|x | x|x|x x x|x
Wnsidnauslusuine1dnus
2560 | x| x| x| x | x| x| x| x
(ISAR)
4. @OULALATIINYITINUS 2560 | x
5. WauunAaiTeieLauslusu
- 2560 x| x| x
UsauIvInng
6. USuugrismsnuaueli
e om e 2560 x
ANy IULAsIUTZANSAIN (ISAR+)
7. nadeularUsEiiuANgNaBRY | 2560 x
YONIBTNITNULAUD 2561 | x
8. Wewingnfinusaduauysal 2561 | x| x| x| x x| x| x| x
9. aauuntlasing tnus 2561 x
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Baueluineninudil Tnsazudafudusing o dil
2.1 nquiiiiiendos Usznausie
2.1.1 f¥uivesgunsaldeasindeuiiannnlyiu
2.1.2 NQufNT3N
2.1.3 MsAmnunaiRdmivliasgidoya

2.1.4 M33NINTIU

o oA

2.2 “UITLNNYIV09 USTnaunie

a

2.2.1 frruuiinanssuanizyana (Personal model)

Y

2.2.2 frmuuiinnanssulidianizyana (Impersonal model)

Y

2.1 nauiiiieadas
2.1.1 fFudvasgunsaldossiafeuiiaunsuluy
sinednustdatiuayldnssuadoyaniaiuivesgunaalamndnliu flu
mshludsggndldanuagvinldazaan esnnanimlnuduiitouegsunsnangluilagiu

Tnggiasuimdentdluineriinusil Ao Accelerometer sensor @elis1waziBendsialuil

[ v o va v «
® Accelerometer sensor LUUW’JiUi‘VI’d’]iJ’]iOG]i’JQﬂUﬂWiLﬂaau‘l‘Vi’l“U@Q

Y

gunsalausnlnule lne Accelerometer sensor 3gIamanuseitinduvesgunsalaunin-

Trlumuuun X, Y way Z Sanvazaenind 2-1 Juflegunsalindoudluludianisle fay

wanaA1As AR TuluAn Y o Taududusaiagaveaslaniinseyiiegunsalimie

LY o

Y v ¢ s a v & o o Y]
UBNITNULIU ‘UE@U 9 %aﬂqﬂﬂimamwh\lu%mﬁﬂ%LLaSMmSJMﬂmmI%UNﬂu

fiu Accelerometer sensor lun13391RaNssu Beilseazidenuaznsldauaansan 2-1
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+Y

2NN 2-1 ﬁ%%’uiﬂjﬁﬂ Accelerometer sensor”

a A U U Y ¢ PN a v 5
A1919N 2-1 %u@m?iUEm@ﬂ@aﬂﬂimLﬂaau‘mLL‘UUWﬂ‘W'] LLa%sWUaSLBH@ﬂ'ﬁi‘UQWU

A3U3 518821980

Gyroscope sensor | f5usianunsansiadunisuyuvesgunsalaunivinu laelunis
MTI9TU 3 WU (3-Axes) WuLREniuiu Accelerometer sensor Wl
IANMUINABILAZUIUEININNTT LYUNITATUANNTLAUNNAIS)
Ingawzinuiinesendenisimaoulmilumane o Adnie Msulednn
WUUTIANNURYITONIVATE MNDFE Accelerometer sensor Liles
1 = & < [ a ¥ '
ag19Ae Tuuasinisnivauiendsliduluauinlasens us
M37i Gyroscope sensor dkdsy Ngylin1sAuAuiiANgNAes

wiugunnay liinazduiewsesgunsalludsenvasuulainiy

Heart Rate sensor | LWushiusiillidmiunmsnmatasasninsuvesila laglumg
g15A1 Heart Rate sensor axUsenaulusegunsnl 2 Fudau
Faeifu Fuduusnelyl Red LED dnfumssduadluiifamses
flduuasiudiuiaosdie Pulse sensor dufumansratanis
indoulmvsasinidonunsuduien wu dudondosdsogiivae
il fedufierdivssloviinndmiugiiveunseandidame viodi
$nlunsquaguaTmvesnuLes WU dmdunslseenmdane faz
ansanrvaeuldineulasndimsiasdsannaduvesiila

Wuednsls Teuselevtiainnisiaunnisswa by

¢ http://curiousily.com

2 https://www.thaimobilecenter.com
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M13199 2-1 wiadTuivesgunsalinfiounuuunnn uarswaziBenn1sidau (se)

v v Y
AI3U3

sneaden

Proximity sensor

v o Yo

msudmiunsaTeiusseeisseningldiuiasesaun vl
\en1snevauasignABsviinzan WU Tuvaeigldnumasaunun
awyglvianunsanTivaeuladwaziugldnuinisuuuyifadu
fAses vl tunthuuuiuimiesewselil fannasiany

[ o a ¥ v v A [ b4 =]
szuufagynsUantaeuananalagdnlugd® iiveldlnlunihvie

Tuyvesdldanlududalauilanduuitegraieguuntveuuulinge

Gesture sensor

v v

fhiuidmunsnsedudnuarmsiedeulmvesiiile wiednwus
vimnevesildau Ineidunisasaduiiediuasdunssn (Infrared
rays) fatiuftagyiliieTesanunsarheumumsuansiiniaes
Adanld 1w Tuasnsnlviuunaguidl Gesture sensor yngldsy
Tuniflolumadne Aenaasidumsdslaeulugsunmanluly

wnaiae3 lnefgldnulidesdudammiheneuividey

Geomagnetic
sensor

(Digital Compass)

shiuiilddmsunradunduuimanludi viefiSoninduiaddva
(Digital compass) lngagtdun1sng1adukuy 3 unu (3-Axes) Faezd
Uslowinndmiumsldnuueundinduunud viessuutimasing
9 INDWDUNALATUUTEON AR Applications (Augmented

Reality) FappsenfedoyaiiAmniangnaaausiug

Barometer sensor

fhiusnlddmiunmsnainnunaeIna aansalideyanings
Mnszduinsald feduindudeyediusslosinndmiuuna
waUNALATY TnslanzloUnaLatud1nsun1seaniaIn1ga1g o
Tumseentidmesien1sis iy wienstudnseu wnviily

g s

JEAUANGINANTUY NEdldnTINIs ey wAaaI e TulUsae

TUULDY

Finger Scanner

sensor

fiamzansnlnuuigu uiegusen Touch sensor Wuiisusily
dmsunTafuanugnassvesaeihledldnu Tdudussuuinm
ANUUARnfBYeIiIATeY NiTewaUnainduiifein1saulaensiuge

LU N1FYNGINTTUNNNITRUAN 9
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M13199 2-1 wiadTuivesgunsalinfiounuuunnn uarswaziBenn1sidau (se)

A5U3 38azden
Temperature MsuFdmsunMsnTaingamgll deanunsailuldussleviiu
sensor weundndulavateuseny wu mnsldiuegvinunatmeiansie

SuFouszauslifidyaaBumesids Adamnsalainusiniug

gaumiinasnvuInluy

Humidity sensor mFusnlddmTunsnsIaiamauudLing viednsdiusening
Usunauanuu (o) Nlegasdlueinia dudSunauanuduiieinie
& v Yy g a o v o= @ v o ¢
Yourtiuvrsaasulanulugamgivieiu Jadudeyaniivselov
Tngangiieaniainmeegilulsedn wu mnsdeseeniiaenely
Ao & A 2 o N oA
an1ne1N1ANIANTUEY NsTEevevitanagylaliftn Bnvd
FuNMeffesinstumioeanuiuInTume dwalisninienseils

#99INUMINNI1UNG

o

2.1.2 ¥ufn133an

N153815UWUU (Pattemn recognition) 1 uA@ASN19ININ1TABURILADS WYL

Y Y

'
=

nilanlgaUszasdiieduunvIasryUsziandeya laenTeuiuni15agiin13as1eiiiuuia

9 9

o v @ v

dusuianisteyalveglunquitdmunanly nsasisiuuuidannsailalagly 2 815

o w

d1Ay Lawn TunoudsnisuuIngu (Clustering algorithms) LAz TuABUN1TIILUNYTEAN

(Classification algorithms)

® Jumaudsnisuuingy [umedansinssideya Jawlingudeyasendu

nqueevianengy tngldanvasvesdeyailunamilunisuiingy dunnaanuindeyaiioy

Y
lungudasifednuaziianuasnisnuantineaiendeiu ludunsunisuuinguazendeniy
wileuvsennulnadavesdeya lgAuININNITINTEELIILINABIURITEYAMIEUIATIn
SrgrlUUAe 9 lokn n1sdnssesuuugada (Euclidean distance) NsinssazuuuLuudnsiy
(Manhattan distance) N153n5z8zuuURIANISA (Jaccard distance) WudAu N15uUINgY
v = = vy AV v ovo 1 P = A &
Tayaidunszuiunisieuiveyanlilamnuadssinnvesteyaonlinow sdedntuneou
Bnswvsngudeyailunisiseusuuulififaeu (Unsupervised leaning) dauisnisudangy

'
1% [y Y 1 [ a

v Aa ya aa 1 i a ¢
SUBQJ@V]USNISUN@EJ@I'JEJﬂUVTa”IEJ']ﬁ AIDYNWANNTINN 2-2 ﬂ']iLL‘UQﬂQﬂJLL‘U‘ULﬂﬂJUﬁ (K-mean

Y Y

clustering) N1swUInguuuvaLUANTa (Spectral clustering) N1shUInguuUATALNY
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(DBSCAN clustering) NM15HUSNENKANKIINANKUULNTE (Gaussian Mixture Model clustering)

Jusiu Fansuvinguusiagdfazimnsaniuteyausaswuuunnsneiuly

SpectralClustering DBSCAN GaussianMixture

AN 2-2 FFNsHUINguTaYak Uy K-mean, Spectral Clustering, DBSCAN waz Gaussian

Mixture®

Tuivendnusiazresduieidnisudangudoyauuy Gaussian Mixture Model
(Moon, 1996) (Tomasi, 2004) LﬁmmnLﬂuﬁﬁmiLL“U'&ﬂzjwﬁaagaléﬂui%‘ﬂﬁﬁﬁuaua
Impersonal smartphone-based activity recognition using the accelerometer sensory
data (ISAR) wazisnisitunussudieu Adaptive mobile activity recognition system
with evolving data streams (Abdallah wagaaig, 2015) lagazlaign1suseuiunIsAILIn
flansomadaisniandamansiiFondn Expectation Maximization (EM) 35fsnanailu
nsTUIUMITE (Recursive) wiafudestiunou 1) Fumeuntsusvanams (Maasiw) Fadu

TUADUYDINITAINALLUAI LA UR DY 2) Tunaun1sUTUUTIAT wirdenaululvidunauninds

6 http://scikit-learn.org/stable/modules/clustering.html
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o
[

91U NszUIUNITINRIngatdaileaInNuaz luresiunauluseuiiniuuAuseuy

€

fa kA

Yagtudianlndifesiunin 9 lnenisussanaaituinerfdinusinfeauiiziluvesdoya
Aanssu Beldilsdduinidlunisuszaadiaiiuuiazidu 1desandesnisudanga
(Clustering) vasusaznguaunazduirdeyaiisidsinnsanasednguln defumeu
Fovmmannsnesuieldnuaunisd (2.1) 84 (2.5)

Hantumnuunaziduvasnd

( ) 1 ST~ (2.1)
g\X: Uy, 0x) = —F——_- ¢ Ok
(y/2may )P
eﬁﬂ’liﬂizu’lmﬂ’liﬁ’lu’lﬂﬁqm (Expectation Maximization)
fvuaaEusdiiusaus p, u®, o
Fuii 1 Uszanauns (E Step)
Py g Gen: 1, 0 (2.2)

@ —
p (kln) - K (l)

K oD g0 u?, e

o '
v A

Ui 2 YFudgean (M Step)

LD n=1pP(kln)x, (2.3)
" Ya_1p®D(k|n)
( " (2.4)
i L
N P L) o
o = |= -
" D YR _1p®D(k|n)
N
; 1 , (2.5)
pp = Nz p® (k|n)
n=1
edl  x, Mg Aveya (n = 1,2,3,...,N)
Uk Ao WLaastuawaua (k=12,3,..,K)
Ok fg ﬁ'ﬂﬁ'guwmwummgmmawaga (k =123,..,K)

Dk Ao Ametvein (k = 1,2,3, ..., K)
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p(kln) feo anuhasduiitoyasin n asluan@nvesngui k

TUIUTDLAVIVUA

Y

Avetoua

=2
)
®
Do

o
)Y
®
pd)

K AB IUIUNFUNIVILA

. = i °
i Ao 5aUNIELUNITAUIN

nsvUIuNIsuRRzrgaviiilornuanduresseulaqiuialndidesiuen

1 I A
AU Ul UTO U ULNLNA 9

® Junaudsnissiuunuszan MdmsusuunvdossyUssinnuestoya lne
ihdeyadunisiinsuussannaeuszuuiieliioudsuuuuiintuludeya Fondeya
duiidrfoyadeu (Training data) u§3easnadufuuunisish (Classifier model) feamd
2-3 dauteyaiivdonnteyadeuszuvaziwnduteyailinadey (Testing data) Fangud
winssasdeyailinaasuiiaggmirunisuisusunguiimldanduuuiiienaaouaay
gndies wazUFuUTsLuvauninagldmanugndeaduiiuimela dinmi 24 Tudaunsld
vuateiiy iefideyaduntazirdoyativiuiuuy Tnefuvuagiuenievenyssinn
vostoyaldinduvssnnla dnnd 2-5 Fedunoudsnisduunuszamdunszuaunis
Bouitoyaiidmuntssnvvesdeyaienlinou Fedeindunouitmssuuntssndoyadu
N3SeusuUULLaau (Supervised leaning)
Fnsasuuudmiuiuunussiandeyaditon liud duliifnaula (Decision
tree) 1A39189US A IMNBULUULNTNTZA18898NEU (Back propagation neural networks)

uazdnnesNINMBsLuTTU (Support Vector Machine) 1Hugu



Classification
Algorithms

Bruce Low <30 Bad
- Classifier Model
Dave Medium [30...40] Good
William | High <30 Good
Marie Medium >40 Good

IF Icome = 'High'

Anne Low [30...40] Good OR Age > 30
THEN CreditRating = 'Good'

Chirs Medium <30 Bad

P ] = [ Y Vo
AINN 2-3 SUUWQUﬂ']sLifJUELWQaS'Nm'JLL‘UUE‘U']

Testing Data : : Classifier Model

Tom Medium <30 Bad How accurate is the model?

Jane High <30 Bad
IF Icome ='High'

Wei High >40 Good OR Age >30

THEN CreditRating = 'Good'

Hua Medium [30...40] Good

AN 2-4 TURDUNITVARDUAILUY

New Data : : Classifier Model

Jessica | High [30...40] ? Credit rating? :>

A 2-5 Fumaunisiianuululduesa
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2.1.3 nMsAuIMMsERRaMIUARIIzidaYa
Inerinusildlinisiunmisadfnansislunsinseidoyadiniunisad
fuvusifanssu 1iun drudssuuinnsgiu (Standard Deviation) ALYy (Density)
wagelel (Kurtosis) (usu FefisrwaniBeadeielul
e daufisauunnsgiu (Standard Deviation)” AomsduamAnsadAnld

lumsInn1snsEnevesteys awnsaminainaunisin (2.6)

(2.6)

gl SD  fAe Avdwudeauuuinnsgiuvedeya
X; Ao Avesteya (i = 1,2,3, ..., N)
x fa ALafgvetoya

Ao FuIUYeITaYa

® auvLLY (Density)® fio Usinawesnamsiislegluinglainguis wld
MndnsduesnadeUiiasvesingiu q uenanilumeaifanmnsamaruiutuves
Uszrns nemunaandnmaimvesdunulssrnsefud Ssuinerfnusiliiitnem
anumununldfansandeya Tnedmunnissrsdeiuysiimngfudoyanfiansunds

Y

AN (2.7)

Mass (2.7)
Density = ——— '
Y= Volume
laedl  Density @8 AIAUNUILULYDIVBYA
Mass @9 31uve3U8Ya

Volume fi Aiidvetoua

! https://en.wikipedia.org/wiki/Standard_deviation

8 https://en.wikipedia.org/wiki/Density
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® a21ulss (Kurtosis)® Ag 32AUAUEIlAII89NITULANLIIVBITRYA LAY
a I a1 oa | ¥ a ' v a | v & o
N15040191N1A9ANUD TiAnulasnntesiesla AnulasalasAnudkualadu 3 syeu
Town IasAuadnisuanuaanilasund Tasuinuazlaetes TagazidunisAiuiaiuien

duUsEaNSAINULAY FITITNITAIUINAIFUNISN (2.8)

Y (g — %) (2.8)
(- 0?2

Kurtosis =

lagfl  Kurtosis fe mduusgavsanulsswedeya

X; g Avewteya (i = 1,2,3,...,N)
x Ao AaRevesloya
N RV ENGHE

Wamuialsmdulszansenuladdn ANaTaunaulawedlaininug fail

o a

01 duUseansaulag

0.263 1AIANUDLNNTLANLIINLAIUNG
duUseansanulag > 0.263 1AIANDINITHINLIILAIUIN
duUseansenulag < 0.263 1AYAINUDLNISHINLINLAILDY

2.1.4 n153371MaN55U (Activity Recognition)

n1533fanssuluIng inusiyaiunisidnfanssulaglddeyaaindisusves

=

gUnsaidoansiadoudiaunivlnu 39ldAnwia1uideves Shoaib uagay (2015) 1vin1s
dsamAdeiiieadenisivaiisiuuuiifionssy Idesuieianszuiunsidifanssuds
Uszneuluie 4 Sunoudannd 2-6

1) funou Sensing lutumeumaifuieyanniauimesanduiogaiiiinun

2) $umau Feature extraction Lﬁu%umaumsaﬁmmé’ﬂwmsﬁéw Soyvesteyatiay
ldldlunmsaseinuuiinfanssy

3) dunou Training Liudunaunisadrsfauuuidrfanssy (Classifier model)

dwsuldlunsduundssianianssy Fedeshdeyadiunilanasuliiiuuiinnsiseusn

? https://en.wikipedia.org/wiki/Kurtosis
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anusaduunUsziavvaananssuld nsseudamnsawentaidu 2 3503 fe nsseuguuy
goaulatl (Online learning) warn1siseusuuvaanlall (Offline learning)
nsiseuiesulatasideyaiinuniiay 1 dreee weasulvimuuuiinnisiseus
winfwuuiinnisieuiiinnain duuuiazgnuivugeiui wardahdeyadiegiedaln
v o = o Y1 v [ A
doufwuy vinduilaunsenaldrmanugnieaduimimela
nsssuiiuveenladizassiuduiunsiieuiuuvesnlal ndfeteyaaeuis

gnidnunasuiinuuiiaziiedns mnduuuiinnisiseusianain faziudeianainili

Y

AU AUNTENIVOYANINUAYNUUTINIABUAILUUATUNNATBE1UAITIUTUU T IMUY
o ! ay ' Y1 ¥ [ A

uilauniiglamanugnasaduimimela

4) Jupou Classification Wudunaunisutluldau lngldduuunasiwuain

Tupeu Training We3anAINTsUAUTBYANTELAITIAITINAINgUATalauN SNy Fetuneuil

Y
£%

anansaUsERIaNalaauLUNTAlLaTULATEILIINY (Server) WAILASN¥UEYBINTBBNIUY

wazn1sillldu WeUszananaaSaudiseszyfanssuimdviey o vzl

Sensing o99P  Feature extraction 09O  Training $99PP  Classification

.
(Support vector machme)
4 Qud " .3‘--
S) @

<]

I I |
! | !
| | !
I I !
! | !
| | !
I I !
I I !
| | !
I I !
| I |
| | |

I

! | !
IVAATAVAVAY  &de |
I I ? 7

| | ¢ | Stalrs
i i Dec1s10n tree i
I I !
! | !
| | !
I I !
! | !
| | !
I I !
| I |
! | !
| | \

.5.“ ]
Hidden Markov model

A9 2-6 TunpuN1TIINNINTIUY

10 https://becominghuman.ai
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2.2 MUIWYNNYITD
MUITYN1IAIUN153TNTTU (Activity recognition) Hudesiiuraulavasd

¥
¥ = Y o

anuddyduenann suAsemeiuiidunideifiefunsaisuuudmiunsian
Aansailaglideyatilinnnmivg deisalilumsairsiuuudmiunssifanssudnlngi
naeuITethnnyssendldfeisnsduundssiandeya (Classification approaches) Lok
aulisindula (Decision tree) Fnwosanmasuuvdu (Support Vector Machine) #isinaila

Naive Bayes 1Judiu (Preece uagmely, 2009) (Peterek uagmealy, 2014) (Vo uavaansy, 2013)

A1519% 2-2 97

o oA

Susnngunsalaunsnlnuy

Jefertesiunisasssuuudmiumsidnfanssulagliveyanlaaind

B[ ERGH] Bl | _
a o v oy o ' a a Yoy Yy @ /N9
J1U238 9 ‘UE fNIDY ﬂﬁ]ﬂﬁill%ﬁ']ﬁﬂiﬂg’\]’]‘lﬂ A3790ILLUU - w
o - 138U
(Hz) 391N3ANTIU
Lane LagAe . Walking, Running, Still, Naive
Accelerometer luiﬂix‘q Offline
(2011) Driving a car Bayes
Reddy uazmy | Accelerometer, Walking, Running, Still, Decision
32 Offline
(2010) GPS Biking, In vehicle tree, DHMM
Walking, Running,
Anjum Ly Upstairs, Downstairs, Decision
Accelerometer 8 Offline
Ilyas (2013) Still, Biking, Driving a tree
car
Lara wag Walking, Sitting, Decision
Accelerometer 50 Offline
Labrador (2012) Running tree
Walking, Standing,
Sitting, Running,
Hierarchical
Liang Lasale Upstairs, Downstairs,
Accelerometer | 2, 10, 20 decision Online
(2012) Biking, Driving,
tree
Jumping, Using
elevator down




A15197 2-2 97

o oA
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Jefertesiunisassiuuudmiumsidnfansulaeliveyanlaainda

Susnngunsalaansnlau (sie)

the toilet, Boarding

aNTEu Borsitld | _
a o v oy o ' a a Yoy Yy @ /N9
J1U238 9 ‘UE fNIDYN ﬂﬁ]ﬂﬁiﬂwlﬁ']ll'ﬁﬂgﬁ]'ﬂ.ﬂ A3790ILLUU “ v
o - LS8US
(Hz) 391N3ANTIU
Walking, Standing,
Wang Lagfy "o Sitting, Upstairs, Biking, Decision
Accelerometer luiﬂix‘q Offline
(2009) Laying, Phone on tree
table/detached
Walking, Standing,
Yan bagauy 5, 16, 50, Sitting, Downstairs, Decision
Accelerometer Online
(2012) 100 Using elevator up, tree
Using elevator down
Walking, Standing,
Anguita Sitting, Upstairs,
Accelerometer 50 SVM Online
agAy (2013) Downstairs, Phone on
table/detached
Frank Wazane . Walking, Jogging,
Accelerometer luiﬂix‘q SVM Online
(2011) Running, Jumping
Walking, Standing,
Khan wazaue
Accelerometer 20 Running, Upstairs, PNN Offline
(2013)
Downstairs, Jumping
Accelerometer, Walking, Running,
Kim hagay Hierarchical
Magnetometer, 50 Upstairs, Downstairs, Offline
(2013) SVM
Gyroscope Still
Walking, Running,
Vacuuming, Laying,
20 (A), Washing dishes,
Ouchi gy Doi Accelerometer
16000 Ironing, Brushing teeth, SMV Offline
(2012) (A), Audio (mic)
(mic) Hair drying, Flushing




A15197 2-2 97

Susnngunsalaansnlau (sie)

o oA
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Jefertesiunisassiuuudmiumsidnfansulaeliveyanlaainda

aNTEu Bnailld | _
a o v oy o ' a =] Yyowuy Yy o /N3
31438 9 ‘UE AIBDYN ﬂﬁ]ﬂiiﬂwlﬁ']ﬁﬂiﬂgi]’ﬂﬂ A3NAILLUU “ v
oo - LS8US
(Hz) 391N3ANTIU
Stewart
Accelerometer 50 Walking, Jogging, Still SMV Offline
wagAy (2012)
Naive
Kose hagmus 10, 20, Walking, Standing, Bayes +
Accelerometer Offline
(2012) 100 Sitting, Running KNN
clustered
Walking, Running,
Das uazmey Upstairs, Downstairs KNN
Accelerometer 125 Offline
(2010) Jumping, Phone on classifier
table/detached
Walking, Standing,
Siirtola (2012) Accelerometer 40 Sitting, Running, Biking, NKK, QDA | Offline
Driving a car
Walking, Standing,
Thiemjarus
Accelerometer 50 Sitting, Running, KNN Offline
(2013)
Jumping, Laying
Walking, Standing,
Das LazAe Naive
Accelerometer 20 Sitting, Running, Offline
(2012) Bayes
Upstairs
Gomes HazAe . Walking, Standing, Naive
Accelerometer lulﬂix‘q Online
(2012) Sitting, Running Bayes
Walking, Jogging, SVM + K-
Vo Lagay
(2013) Accelerometer 32 Upstairs, Downstairs, medoids | Offline
1
Biking clustering
Walking, Jogging,
Upstairs, Downstairs,
Zhao azmny Accelerometer, Decision
50 Still, Biking, Using Offline
(2013) Magnetometer tree + PNN

elevator up, Using

elevator down
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Lo
av a4 14 LY ¥

31nM15199 2-2 MFFeNeItesiunsaseiikuudmsunissanfanssulagld
Toyaniliandsuivesaunsalaunivlnu ssmuinnidvdiulvgiuasnsuuuiinnanssy

[y

Tngldisnsseusuuveeanlal denndesiunuideves Shoaib wazany (2015) Nled1533la

'
U a 1 v A=

d152993TenNe uN1sas1eiwuUiIRanTTI Wil 80 Wesiduivesnuidenianwiduy

Y

Y Yo a Y an = v ¢ 2 o VY ad o ' & o
mMsasmiuuiINnssusgnsseuiwuveenlal deiuuuilannisand1azidud
WUUNALT (Static model) ldaunsausuussinuulidrivdnvausdeyalvinidiunla
Ui MnfeensUTuUTssluuiInAanssuazaeniteyansulsELANagual (Annotated

data) viavue (Mveyaiiagldaeuuazdeyalvy) Wruduneunsiseusiaudnasuioaine

LY

o Yo a I oA v av v o ¢ s o I3
W'JLL‘U‘UEGU']ﬂf\]ﬂiiﬂJI‘ViN LLWLu@ﬂﬂqﬂ“U@yjaW‘lﬂ‘ﬂqﬂﬁj UE%@QQUﬂimﬁNW?WIWUNaﬂ@mgL‘Uu

=< 1 |

nszuateyalianan (Temporal streaming data) Miiintiueg ssiaiiioinaeniauaziiusunm

% g.’l aa 14 Y Yo a 1Y aa a ¥ 62 1 o ¥
N ﬂﬂuu%ﬁﬂﬁiaiﬂﬂﬂ’lLL‘U‘UE%’]ﬂ%ﬂiillﬂ’)B'Jﬁﬂ’]iLiBUELLUU@@WIGU"NhJLVI@J'WIUWWUWVLUISU

a

dnsuasisiuuiinnssunsessuiunsldaulaes

FNsaieikuuIInfInssumeIsnsssuiwuveaulataunsauTuU LUy

o

a Yo a v A v | ° v a o v ay v )
']ﬂ"ﬂﬂiiulﬂ‘mu%'ﬂ']ﬂGU'E];{JaV]LﬂJ']ﬂJ'ﬂViﬂJ Q\‘iL‘Wlﬂ3?13J1Uﬂ']§uf]1‘lﬂsﬁﬂ']uzﬂiﬂﬂU‘U'E]ﬂ{IJaV]VLW"'U']ﬂG]'J

e Calle

¥

vivesgunsalannsvivuniidnuasdunszwadeyaiiuia Flutunaunsadiesiwuuia

Y 9

afl

Anssuvzfesdeyan1svinfanssuveslounasusiiuuuidNngsy a1u1savinlaaesis

4

o =

wegiutoyauunasiwaiuuidnnnssy lawn nsaseiiiuuidnfanssuanteyanisviy

Y

2,

a a !

nanssuveldauiedfuiunagldimnuuianfanssy Sendiuuidnnanssuenzyana

(Personal model) uagnisasaduuuidinanssulagldtoyanisvirAanssuainyaealaila

a

Senidiuuiifanssulianizyana (Impersonal model)

muuuInanssuanryanagldteyansvihianssuvesdliduuulunisasneia
wuufdianssu Tneasliglduansvimmefanssunnianssumuszeznaiiiimun Mgy
Togld mstds 3By madiu wagnss lnevhianssuay 20 Wil antuasidoyaiansaud

latlluasraduduuuianfanssy dwudsuuidnnanssulinnzyaaatuazlddeyanisvi

3
Aanssuvesgldnulailalunmsadefuuuidinanssy wu deygamsvhianssuangiudeya
GRCARI

2.2.1 AUUUFINAINTIURNIZYUAAS (Personal model)

4

Y
winngandudldilusieuana Inenislddeyanisinfanssuvespuautudmiuilutoyaly

Y

¥
v v

MsaRUMILUUIIININTIN HieE19913deRall
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o aad

MUITYUDY Gomes wazAue (2012) ladmuITunoulIdde “Mobile Activity
Recognition System” #38138171 “MARS” d1miudnfanssuiudeyanszuaidaiian

nsruIunsaieiiLuuifInTIudsEnaulume unsudmiuniswieudeyaildaiiei

a

WuU3T1AINTIL (Training Phase) Jsaziiudayanisinfanssuvesdliinglglduansiinig
N15MAINTINAN 9 AuszeEIaIniIvun waidaideyafanssuilaluasiefiuuuian

A9NITH 8939115 MARS Ttmalials Naive Bayes Tun1531uunUssinnvesnanssunaynis

a

UFudsaduuuidnianssy Tae3sn1s MARS aunsaussaianauugunsal (On board)

Y

$UATBVBY Lockhart wag Weiss (2014) dni@uassuunde “Actitracker” d@wsu

o

RANTINA 9 Al Tagdufanssuiuumenniiugiy Lok sy 1339 sy

Calle

astiula 3By metls waznisuey Buduszu Actritracker azadaduuuIsAanssuieg
foyamsiAanssuanoraainsdiuan 59 au Taelviglildgunsalausnlnulifingzid
n1aunaiunt fMgunsalausvinuazdadyayudeya Accelerometer TU§aTaanivne
dieusznanalutumeusng q dumsadiafuuuidiAenssuasldtuneuds Random Forest
Fadumadanddunisduunusziandeya Tudrunisisianizyana (Personal model)
ssuviliiduneudidondt Training mode dwsumsifiudeyamsviifanssusing 1 lanizyana
diedutoyaaou TneigliFesiianssusne q mussagnamiidmuariuwoundiadudiias
Blugunsaiawnivinu mndudeyatzgnadluvszananaiiaiousitneiiousuussiuuuisn
Aanssuitainald

ATevee Uddin wavame (2016) tiaustuneudsnisiidedn “Human Activity
and Postural Transitions” \Senlaggadn “HAPT” dwiunis3dnfanssuiudeyaindisus
yoagUnsalauniviny 4935015 HAPT 144oyaa1neasu Accelerometer wag Gyroscope
dmsuidinanssy Funsumsarafuuuiinfanssuaslfinainds Random Forest 3438n1s
HAPT Yiims¥srAanssalasiimsfiansanguuuunsiasuianssy wu anisldy andsly
uau 9nduluuou Mnuesuluily udu Fduduneudmivwisudeyaiioaouiuuuasli
fildgunsatannsnliulitien mifuliinfanssasng 1 Tdud n1sBu n1sidu msids n1stu
astiule wagviwimnavesnsasuianssulaun Buudils duddu Sunduou ueuudatls
tudueu uavusuwdiu 1Judy

$1u3¥8909 Lee uazamy (2017) Y11au033n15979371 “One Dimensional

a ¥

Convolutional Neural Network” 13enlaggain “1D-CNN” @115UnN15353103n55491NU848

Y Y

Accelerometer sensor vesgUnsalannininy duuwiAnlunislddoyaiiiss 1 Taluni153an

A9N351 3 wuu Lawn N15LAY 11539 kazn1svgails (Staying stil) luduneuwnIoudeya
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dsuaeuiuuuidinanssy adlildldgunsaimndvinulasindslivanesus 1éud o
Wuudle 1dlilunszidmans 1dlilunssithasmne Dy aanduliviiAanssuia 3 wuy
AanssuarUszanas 10 wiit deldfeyaresnisviianssuianuauds asvhnisulasdoya
Accelerometer liidudoya Magnitude wdr3sinluasresduuuiinfanssudaeisnas
Convolutional Neural Network

2.2.2 fauuuidnanssuliiianizyana (Impersonal model)

mATeRasTuEIAanssulienzyarasziiuaiaduuuiifans sl

wingauiugldnnau lnenislddeayanisitfanssuvedasiladmiuludeyalunsaous
wuuFiiAanss dfegrenAdodsd

yiAdes Lenatov (2017) iauatumeuismsadafinuuisnfnssutudoyas
Sudvosauninliu lnsidunisiifanssumisnmenin Tiud madu msls n1stuassula
st mstauaznisueu Tngldinaila Convolutional Neural Network dsuasiasfauuy
Yifanssu Jsteyadmivasuiinuuisfanssuanludeyanisifanssuangiudeya
soulatansnsae laun WISDM wag UCH udu

$13T8ves Abdallah wazaniz (2015) duedunewiaiidedn “Adaptive mobile
activity recognition system with evolving data streams” #3oL5unlaggain “STAR”
au13n3anfanssufudeyansruadaialnindifusvesgunsalausnlvuld laednseu

Y Y

a U dl
LUIAUARNININSA 2-7

Modelling component Adaptation component
Eligibility check
Annotated data I
il or 1
Learning model Incremental Active
learning learning
l [

Recognition component nquire
user
Stream _[\ Ensemble classifier |

Continuous flow of data stream, windowing )
Learning model Update LM Learning model
I

Predicted activity

il

Al 2.7 nseULINARIENIS Adaptive mobile activity recognition system with evolving

data streams (STAR)
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v

Tudunounsntduniswssudivvvazlddoyannsivinduianssuvsdale

Y

(Annotated data) Insuisdoyaveiudazianssudunquees (Sub-clusters) A7838n13
wlangudaya 19U n1sHUINguLuULAiiuEd (K-mean clustering) 138N1SWUINGNWANULIIHAL
LUULMA (Gaussian Mixture Model) 1usiu Tnegflddosimunduiungueosdisoanis fa
A 2-8 ﬁnﬂﬁmﬁmaww%a&aaqﬂ (Statistics summary) vaaufaznaueay (Sub-clusters)
wazngsilvg) (Clusters) liuA Sruruvesdoyanielungu gaquinaninvesndu drwudesuy

WA AnuUILUY Ludy ansarwinldanaunisi (2.9) fis (2.16)

Annotated data Each cluster corresponds to one Clustering each cluster to
of the labeled activities sub-clusters

e
SIS

Ml 2-8 Jupesuniswiingudeyausiasianssuesnidungugesmusuiunguiiiivun

nsmANAUdNaeyaveIngueay (Sub-clusters)

2P (2.9)

Centroidk = W
k

L3

el Centroid, fio InFunatvesdouanguees k

9 Y

Weight, #8 Iuiuteyansuanislunqudesi k

Y

P, fie doyafiod1edl i (i = 1,2,3,...,m) Ssdoya 1 fedsusznoudiog
JUAU 3 A1 Aa A1 Accelerometer kAU X, Y way Z

m fio Swudeyarisuamelungudes

k fie dunguees laefl k = 1,2,3, ..., K 39 K Aednauvesngudes

q
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nsmardlssuunsgiunelunguges

m (EDistance(P, Centroidk))2 (2.10)
WISCSD, = .
Weight,
Tnefl WISCSD, #e rdnudeauumnasguaieglungueosd k
Centroid, Ao nquinatstoyavosngueosd k
Weight, #o suandeyariomaniglundudend k
P; Ao deyafedradduil i (i =1,23,..,m) Fsdoya 1 drodq
UsenoumeRsunu 3 A1 Aa A1 Accelerometer Wnu X, Y uae Z
m fio Suuteyatmuamelungudes
k fie drunguees laefl k = 1,2,3, ..., K 39 K Aedniuvesngudes

EDistance(P;, Centroidy,) e flafdumszesvinaseninadoya P; uag Centroidy

1nel935n15 Euclidean distance

MImALRReveITEErinsEninaRnaudnanselauaztoyausazinelundud oy

™ EDistance(P;, Centroidy,) (2.11)

AvDist, = Weight,

lnefl AvDist, Ao ALRALYRITEEEYNIENINYRAUdna1layaLastayauiaziinely

naugesN k

q

Centroid; Av YnAUdnaadeyavangueesyl k

9 Y Y

o [

Weight), fie I1uiutoyarauanislunqueesd k

P, o doyadiedrsdrdudl i (i =1,23,..,m) Fsdoya 1 fae81
UsenoumeRsunu 3 A1 Aa A1 Accelerometer Wnu X, Y uae Z

m fio Sruteyarmuamelunguges

k Ao dunguees laefl k = 1,2,3, ..., K 39 K Aednwiuvesngudes

EDistance(P;, Centroidy,) fio faftumszegvinaseninteya P; uay Centroidy,

1nel935n15 Euclidean distance
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MsmANuvkiuvesteyanislungueey

Weight, (2.12)
D ity, = ———— .
ENSttYe Volume,
Volume, = §nRadii,§ (2.13)

1nedl Densityy A m'mwmLLuusuawauam&ﬂuﬂamaam k

Volumey, @ ﬁuwuawauﬂaﬂqmawk

Weight;,, fs Suudeyanmuaniglungudesi k
= 4

Radiiy, e Smllvesteyandueosi k
k Aa awunguees laen k = 1,2,3, ..., K 33 K o9 1uiuvainguees

]
€

nsmyaaudnatsteyavesngulng (Clusters)

Zivsfb““ Centroid,, (2.14)

Centroid . = Noub
act

el Centroidye, Ao wAUINA1NTRYATDININTTY act

Centroid, A8 AU mwaua%mamaw kk =1,2,3,..,K §3 K fig
UIUVBINGNLDE)

Nsub,, Aa IwIungudesnslufanssy act

act fio Avnssufifiesanldun sitting, standing, walking, jogging

way stairs

msmednndeauuinnsgiuvesteyanduivg

ﬁl(EDistance(Pi, Centroidawt))2 (2.15)

Weight,.;

WISCSD g =

189l WISCSDger A8 AEITELUNINATIINYDIUBLANANT Y act

Centroid,., Ao wAUINANTEYATDININTTY act
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Weightyee A8 Snuiudoyanauaniglufianssy act

P, Ao deyafiog1adfudl i (i = 1,23,..,m) dsdeya 1 10879
UsenoumeRsunu 3 A1 Aa A1 Accelerometer Wnu X, Y uae Z

m fio Suruteyadieuanelufanss act

act fio Avnssufiiesanldun sitting, standing, walking, jogging

Wiy stairs
EDistance(P;, Centroid,.) Ao Handuniszesvinaseninedoya P uay

Centroid ., 1n8l438n13 Euclidean distance

MIMIALSFRIRannsEideiuseniangudasuiasngunelungailvey

WeightkiWeightkj (2.16)
GFU =G 2
r
el GFy; Ao AssRsgenseideiusEnitnguessusazngalunilafianssy

¥

8 uuteyanglunduegesi k;

o))y

Weighty,
Weight,, fe smudeyanelungueesi k;

r Ao S¥UEMNTENINNIAAUENANALEBYITRNTAUN

druitaendudriuvesnisiitfenssunaznsuiusiuuy 3635015 STAR anunsa
Uszinanavuausvinulagdayanssuaaindisuiasgnundiunuseaianaiias 1 window
uansfan i 2-9 9uIAves window AggnimuadRESIT MU D sTesoyaian sy
7 antuaginsuangudouanislu window senifiu 2 ngudeimadaisnisutengy
foyaluy K-mean %38 Gaussian Mixture Model fils udathdeyavesnduiisivuinlngjfian
TUduunyszianAanssudeuinsia (Ensemble classification) FaUszneusiigunsia

Distance, Gravity, Density Wag Deviation Wiagi1nTINTIwazLuANITIUUNAINTTUA
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Continuous flow of accelerometer sensory data
AN
|:|r |:| |:| |:| |:| |:|\
Y Window clustering < LM >
Window data

C Predicted activities )

Ensemble
Classifier

a & Yo a Y a aa . .
AINN 2-9 Guumaumagmﬂf\miiuﬂumayjaﬂizLLaL%ﬂL’Jm“Ua\‘nﬁﬂﬁ Adaptlve mobile

activity recognition system with evolving data streams (STAR)

® 3as¥a Distance sxduunianssalagliszozisvesgaguinansdoyaiiinan
i (Centroid,, ) fugaquinansieyandueos (Centroidy,) Aldandunounisadieh
wuu3dnAanssu Taeannsdn Distance axseydufanssuvesndudosdiflszozviniosiian

® 11A53A Gravity azduuniansaulngliusefsgaiinseviiszninangudoyaiiin
wlvaifudoyavesngudesuiaznguiildaintunounisadrsfanuuisiAanssy amnse
Funalfnaunisi (2.12) Ingunsin Gravity avseyidufenssuvengueesiiinsefage
1niign

® 31@53n Density azdruunianssulaensirdeyaiidnanlmiluduaueiaiim
yuuty Feduaalasilunufuseuuiduresndudesudasnguitldluduneunns
a¥19fuuuiinAanssy uiasin Density azszyidufanssnvesngudesdiilefuianii
mnntusmiuteyalmiudiiduasuludes i

® 31759n Deviation arduunfanssulasnisihdeyaiiulnludiuandn
dnudeauunasg Sednalasilunuiuadnidesuunassuengudosusagnay
fldlutumeumsasradanuuidianssy imsia Deviation svydufanssuvesngugondi
domuadudssvunmspusududeyalmiudidnuasulliesiian

\desnasiayndiszyfansanaiaudiazinaildndsedumeanudediuile
yhungRanssy f51oaziBuafansnedl 2-3 dilsedunudesiuindu 75% wie 100% az
vhuneRanssumuiasiadanlngjszy evfuanudesihuviniu 50% Tnefiinnsin 2 Tu 4

szulufanssuiiieadiu dauninsindn 2 mfwdsnszylufanssuiiuansiaiu agviney



34

Jufnssuiuesin 2 fszyasaiu wagaziinisusuladuuuidnfonssulagldisnig
Incremental learning tagvinn1susuatasuvesngugesfanssunviuelatudeyanidiu
Tl widnszauauBeliurindu 25% n3e 50% laefiuiasin 2 Tu 4 szyilufanssy
a [ 1 v a o al' A & < a a [ 1 a v [ 1

Weniu dmnnsindn 2 Mimdenssyduinssufeiuusauazfianssuiu 2u1nsinneu
i ¥ lIsAns ISAT ldanunsariuiefanssulaluiuiisududesin Active learning lneay
Tl luaussyfanssunmdwin s vaelu 9ntuagyinsusurmavengudesiutoya

TIRTRPYRIREY

AN5197 2-3 NsUsElUTERUAUTRIUNLAAINURNSTRYe93S NS STAR

FTAUAIY e EGHGLE) nsdndulavesda | MsUTuUsea
\Waslu (%) wuuiinnanssa | wuuddinanssu

W sinudazivzszuianssun | Wanunsavine
25 wAnsariy Aanssula dedlvinld Active

syyfaNsIu

w530 2 lu 4 szydufanssy | dans 2 Aanssululv

50 WU dauinTin 2 fif AldsyyfansTy Active

A &

widenszydunanssudeniu

wn5in 2 lu 4 szylufanssy | viwnedufanssudn

WU dauinTin 2 A Wnsin 2 Tu 4 58y
50 - o v - 4 , - - . Incremental
WADNIYLIUNINTINNLANAN | LUUNINTTULALINU
q)
119530 3 Tu 4 syRanssy unadufonssy | lidesusulge
75 a dl L Y o a
Wiy e 31w 4 sey | wuuidnfnssy
WINTIAT 4 SyyYRINTIY welufanssy | ludesdsuugein
100

Wiy MMInvia 4 sy WUU3AANTIY




unil 3

ax a o
9N1INUTLEIUD

IngrinudildinaueiznisadiefiuuuisiAanssuiidsdodn “Impersonal
smartphone-based activity recognition using the accelerometer sensory data” 13unlay
go91 “ISAR” Gafusuvuisfanssuliitenizyana (Impersonal model) flansnsasdn
nanssuiudeyanszualdaIaian Accelerometer sensor vadgunsalauniviviy lngganiy
ms¥inRanssumenenin tiun 3By mads iy mats wagnstuastla Dusu was
75013 “An improvement impersonal smartphone-based activity recognition using the
accelerometer sensory data” 138nlaggadn “ISAR+” FaduisnnsiirAanssuitiamnse
ganN1A1NIBNIT ISAR IagAFN13 ISAR+ anansauSuusediuudnfanssulmmanenuiugly

wsinzyAAale

3.1 MsAnwuazdnTzidayad mivadefakuuiInnansI

3.1.1 dayananysy

e daya WISDM!! dayaiiludeyaseulatasisas nduiinnsyifanssuves
DIANANATINUIU 36 AU MIBNTLTLBUNBLATUNAIUITANTIFIUAT Accelerometer VB4

aunsalausviny Inglvetanadmsys 36 au tdaunsalaunsvnlnulilunssidinianasnunn

q 9

Y 1%
< o 1 o ]

FIFA19M T UFIDE19Y09T0Y AN AU 20 Hz UagyiNINTTUNNIEAINTIIvIA 5 AaNTTu
oA N583 N8R NISWAY 11539 wagnstuastule Mideyausenaume svagly Aanssud
A9 LI AgldvinAanssu wagAn Accelerometer muuwILAY X, Y wag Z laaisen ax,

ay wag az MUaU Mg NUBafanIni 3-1

1 http://www.cis.fordham.edu/wisdm
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Sample | User Lable Timestamp ax ay az
S1 27 | Walking | 10401072248 | 4.21 | 7.97 | -2.07
So 27 | Walking | 10401172376 | 0.95 | 847 | 0.65
S3 27 | Walking | 10401322278 | 4.21 | 15.79 | 0.99
S4 27 | Walking | 10401372327 | 1.65 | 13.53 | -0.69
S5 27 | Walking | 10401422315 | -2.34 | 13.48 | 1.45
Sg 27 | Walking | 10401472303 | -0.76 | 10.27 | -0.84
S; 27 | Walking : ax; ay; az;
SN 27 | Walking : ary | ayn | azy

A 3-1 FegetayafanTsuNSIAuYeEltvinewmY 27 andaya WISDM

e $aya UniMiB-SHAR' doyaiiJudoyanoulatarsisuy ddufinnis
Aanssuveserarainsdiuiu 30 au frensldueundinduiiaruisansiadudn
Accelerometer vasgUnsaiaunsnliu tnglForaraingia 30 au lagunsaiaunsvinulilu
nszidiniansdunii dadarnsasiduiogiredoyaiiiiu 50 Hz uagviiAanssunis
Mo maae 5 Aansu lun nnsts n1sBu maiiu msls wagnnstuastiule dadeya

Usenauaie sWanly Aanssunigldvin uagdn Accelerometer m1uuuUILAU X, Y Uag Z Loy

58N ax, ay Wag az MUA1RU FIegNtoyaninIng 3-2

Sample | User Lable ax ay az
S1 13 | Standing | -1.88 | 9.85 | -0.23
S 13 | Standing | -0.19 | 9.92 | -0.57
S3 13 | Standing | -0.61 | 10.27 | -0.88
Sy 13 | Standing | -0.11 | 9.58 | 2.49
S5 13 | Standing | -0.72 | 9.89 | 2.41
Sg 13 | Standing | -0.53 | 9.34 | 2.49
S; 13 Standing | ax; ay; az;
SN 13 Standing | ary | aywn azn

A 3-2 FRegtayanINTTUNSEUVRIIIVNNEIAY 13 91nTaya UniMiB-SHAR

12 http://www.sal.disco.unimib.it/technologies/unimib-shar
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g

3.1.2 Aaszvidayananssy

£

IneninusildAnunaginsgideyafionssuilisiurmn Wielridladnwae
vosdiayatanssunndetu TnsldihdeyatanssuusasAianssumnansoununingzane &
Al 3-3 aziiiuindoyafanssuusazianssuiinisnszarefuasiudeuiu deyafanssu
nsBunagmadliamsaueadiuld iesnlnudoyavesionssuninfu n153s uazn1stu

astulatowivey JevilinisdwunfanssuandeyadnvauziiluFeenuazanainaiy

Hawanlady
o Walking
s+ Jogging
L] Stairs 2
*  Standing 15
e  Sitting o8

oo
Z accelerome

|
o
o

15

AR 3-3 URuQinTyanevesteyanansiunistuy NS SN M3 uagmsTuastula

uananisslinaanauisufisudoyafanssuvesdlinueian 27 uag 36 91
‘Eljaiga WISDM %ﬂLﬁuﬁagaﬁiﬁumﬁ% Adaptive mobile activity recognition system with
evolving data streams (Abdallah uagaaiz, 2015) fanmil 3-4 Jaslefiasandeyaianssy
fluansagifiuina Accelerometer AanssunisBurasiléisaninuoguonnguiuagtsdaiay
lFAnUsefuasdvinihluteyaianssuussanieatu fdldlidnuusiunnisiugud
Fatuiomanngrietadofivinliidoyanisifanssuvosdliudazaunnndreiu 3414

28NkUUNIINAaBlarazyiINIsAuTayafanssudledIles JalisieazBenn1svnasy

samalull
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e  User: 27 Standing
Ao User: 36 Standing
6

meter

[ ]
Z accelerg

A7 3-4 uaUInTEAeURaNANINTIUNSEY Jldvanelay 27 way Jlivaneay 36
NTeya WISDM

® YBULIAFINTUNINAADY
1) Aanssy
1.1) M3ty (Walking)
1.2) M38U (Standing)
1.3) nMsils (Sitting)
1.4) 534 (Jogging)
1.5) mstuastiula (Walking)
2) danuil
2.1) 3hamaiudy 5 ermsdiuss UNINYITYYTIN
2.2) USUMALAUMG981A1S Central Laboratory 1v3ng1agysn

3) gunsnl
3.1) iPhone 5s

14

4) fI5U3

Y

4.1) Accelerometer sensor
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5) dumisuazdnwaznisauldaunsal Tneldlunseitniansiumih 2
fnwznisaauldgunsnl feil
5.1) Fumii — ks
5.3) Wuni - Wndu
5.4) uvda - sk
5.5) iunag — ¥neu
6) seazBeaditnsaunismaass nsiudeyaianssulifidisin 10 au lag
fig9078 20 - 27 U uuaduwe 6 AU uaznds 4 Au
7) TunBUNINARES
7.1) Ussiiuade
7.1.1) v lugldudazaurinfanssudssianifeanu winduildnuue
foyaiunnsafuld (Fafodreanmi 3-4)
7.2) duURgIU

7.2.1) @an1uinisvinfanssuiuansteiuetadanalideyananssy

upnA1aY
7.2.2) dnwaznsanldgunsaiiunnsnsiuenadiwalideyafanssy
upnA1aY
7.3) ATIRdRUANNAFIY
auUAgIU 1 anuiinisvinAanssuiuansiaiuenvdalvideya
NANTTUUANAGAY

(1) fhuusiu Ao anufidmsuiudoyafianssu
(2) fruUsay Ae Yeyananssy
(3) fuUsAIuAN Ao sUNUUMITINAINTTYN 1a1ildlunisii
Aanssu gunsalitliAudeyaianssu dumisnsansldgunsad
Ujuan1smeaesil 1 anufidwiuldlunisifudeyaianssudl 2 4
TFuA USnamaiuty 5 81A1583U53 LarUsnAMLAundteas Central Laboratory

= Y v 1

UAINEIFYINT 919 2 aouiasiitunsunisinudeyafiviliouiu dufie fidsiumsnnaes
ssalagunsalaunininudmiuinudeyafanssulininszidnansdunindsesn T
AT INARDINAINTTUVIIVINA 5 Anssu tauA NM3Eu N151s MSAY 1153 Wavn1suuY

astule weazdanssuldvan 10 un
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auNRgiudl 2 dnvazvesnisanildgunsaiiinstusiadamalideya
NANTTUUANASAY
(1) fuUseu fie anwanisaduldgunsal
(2) fuUsnnu Ao Toyanangsy
(3) fuusmuny fie sULUUMsThAINSSN nanldlumshAanssy
gunsalliAudeyaianssy sundsmsanildeunsal
UftRnamanesil 2 dnvaurnisanaldgunsald 4 uuu leun
(1) Funiih - ks
(2) Humin - Wangu
(3) Wumds - Faska
(4) ¥unas - nau
Jiisrmnmnasavzdesainldgunsalanninlnudmiuidvdeyaianssulid
nssithmansduntiinge Wigdhsiunisvaaesinfanssuioun 5 Aansau Téud n1sdu
msths Madu N9 wegnstuastule usagAanssaldinnt 10 wid TnousasRansauasd
mafutoyarianun 4 wuu sudnuagresnisaaldgunsal
8) NANIINAADY
nUfiRn1maaesil 1 msitAanssussaauil tideyavesnisi
Aenssuidnsaniuinansieununfinszaiedsnmi 3-5 Tnefegradunisirdoya
AenssunsBuvesildansau defliudazauliiivdoyanisviiianssuluaesaniud liun
Uity 5 ¥8981A15A3us3 UNNINYIRYYTNT WATUTNANIUAUNG9D1A1S Central
Laboratory 1m1Anendeysnn szdunmdiuinfausinisihfonssuisaniudifuaslissiu
mmqqmﬂﬁuauﬁme;mﬁ’ul,wi%’agamsﬁwﬁaﬂ'ﬁﬁmwﬁﬁwmawﬁ%’ﬁq 2 Au nIzgnlungu
Feau (nadndiduiynionssw) agufifontsianssuuuidionty faasvluanuiid

wansingfuflivinlidanwasveslayafanssuunnaaniu



User 1, Location 1
User 1, Location 2
User 2, Location 1
* -User 2, Location 2

Standing Dataset

19)3W0IRI0 Z

a a 19 a & A al' v &
AINN 3-5 LLNu%ﬁJﬂig"ﬂqEJ“U'E]Q“UE]%aﬂ‘ﬂﬂssllﬂ'WiEJU‘VWn\Taﬂ']u‘WGU@Qm%mﬂa@ﬂﬂu

v A

nUuinnsnaasi 2 dnwuznsaduldaunsaindneiu Jeasdedn

NAnwY
nsanuldgunsalvililateyandeiuvsels Fslaurdeyavesfanssuiniidnwaugnisaiuld
gunsalnssiulkanemIsLRugiinszaelasiiveyanuanyuznsatuldeunsalaadl wu

PU-9IR9 (FH) FUMI-95naU (FT) AUNa9-989 (BH) Fumnas-1mnayu (BT) Aag19adnIng
3-6

FH Standing Dataset
A FT
= BH
= BT

15

l.DX
0.5
a
cce]e}(")m cig:
r

A9 3-6 uwnugiinszatgvesdeyanistunianvuzmsauldaunsalineiy
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M13799 3-1 Wisuisutayananssunstunuanvaznisaiuldgunsal Ineldunugiiduy

ﬁﬁ@u“a Accelerometer

anwL anwag anwY anwag
n15euld STl nsauldaunsal STl
gunsal
AU AR . WUMRI- AR o
— . I
3]
©
RUNU-FINAU soniing WUNA-INAU -
© I o
a
=

= [ 3 1Y S 1 [ ! '

AT 3-6 wAarA1319 3-1 dunaiuinteyanistuniseendu 2 nquees

o i & W y o & o v o & | oAl A o Yy
YALIU NAULINAD RUUU-KINN (FH) LaE RUNA-RIAY (BH) dIUNJUNEDI AD UUNRUI-ND
& (FT) waz Aiunds-iindu (BT) asupenisaduaiuildgunsaiisniudamaliveyanistu
fAuuaneaiy IneAuLanA19tinaIna Accelerometer wnu Y wleanuldgunsaliuy
Wais A1 Y agdidian wiiatuldaunsaluuuiandu A1 Y agiiangs vinlvideyaiiniiy

LANAINIY



FH

a a 19 o aa
AINN 3-7 LLN‘UQNﬂiS"ﬂWU?J@Q?J@%ﬂﬂ']iuqvm

-2

Sitting Dataset

Y o1
ac
C@]el‘%))n eté
T

Ny
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ter

Z accelerome

nwaugnisanuldaunsalaneiu

M13197 3-2 Wisuieudeyananssunisianudnyusnisaldgunsal Ineldunugiiidy

Gfljau”a Accelerometer

anwez anweue anwez anweue
n1sauld STl n1sauld STl
gunsal gunsal
AUNTUN-HIAS y AUNAI-IAY »
[c—1 o me s .
—= || == S
@]
\_@J NE—
AUKI-FAINAU AUNAT-HINAU s
@ Sitting
—————————————— 5 T
—




a4

INANT 3-7 UagA1319 3-2 Azdunaviuindeyanisusuuseanidu 2 nguegs
3 ! = Ud L4 o/ a’l o/ L4 Cd ke ! 1 dl = o/ L
YALIU NYULINAD AUUUI-KINN (FH) wag wunu-uInau (FT) d@unguvdsl A Kunas-
#IR9 (BH) wae Wunds-andu (BT) asuhenisaldgunsaldneiudenalideyanisiad
AULANANTL TA8ANLANA1TAAAINAT Accelerometer unu Z Woauldaunsaiuuy
Wunt A1 Z adarian uidiaiuldgunsaluuuriunds et Z azllengs Milndeyaiiniig

LANAIAY

FH Walking Dataset

ster

x acceoluetom

Ao o

AN 3-8 unugiinszatgvesdeyamsiiuinilanuarnsasldgunsalsinaiu

il 3-8 azdunaiuindeyanisiiuniieanidu 2 naueg A nguwsn
Ao unti-iaee (FH) uag Wunds-iane (BH) diunguitaes Ae viunt-iindu (FT) uaz

Wunae-iandu (BT) asuhenmisauldeunsalitsinsiudwalvideyanisiiuiinnuunnsieiy
IngANURANA1LANIINAT Accelerometer wnu Y Laaduldgunsaluuuiang A1 Y el

a1 o = Y

991 wigauldgunsaluuuiangu A1 Y asllengs inlvideyaiinnuwansineiu dedesgy

3.

19524890 NTTUNTAUTUAIUULARATN15IDNAQE

9) agUNANIINAADY
nNsRaUsEiuasde i inlunsiAanssudeniutdideyaiiunnsng

fu Felarsauudgu 2 4o Ae 1. aauilunisviAanssuisnsiuevdalideyaianssy
waneneiy 2. Snvaenisanuldeunsalisiuenadmalvideyafanssuwansineiu andule

nsnaaeiiefigatauuigiu wainsInsendeayaannsnaassislaveagunal
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(1) mevhAanssukuuiefuiidoyafnssuiiunndeiu dumsgiddnvuse
msanaldgunsaifiuansnaniu

(2) anwitlumsihienssulidesalidoyafanssuasuly

Mndumeumsienegideyafanssuaniuiivssfufiuiauleegaessuiiu 4

danasionugneedluni1siinnangsy tunfe nisvivdeuvasdayananssuuazinumznis

¥
6 N

aduldaunsal AsiuInerdnusidslaiauisiiuuuianianssy lneuhdsnsnsisanaiy

v Y

Wudeuresteyananssy wazaiisdiuuidnfanssundanudanguivdnvaugnisaiuld

gunsalnnuUL WeliuuuiTRanssuamnsadwanianssulagneesnniu lngdauuuilll
991 “Impersonal smartphone-based activity recognition using the accelerometer

sensory data” 3enlnggain “ISAR” lasfisneazidannsludunaudaly

3.2 YUABUNITATNAIUUUFINANTTY (ISAR)

o
o U U ¥ Y vV a

ANMTUTURDUNNTAS 19UV NANSsUUsEnauluAe Junausenladdinsuasia

Y

o

AwuuiInfanssukaztuneusaulatdmiuidnfianssy Ingingrinusilaaulanisid
Aanssunienigan taua n19AY 113 N1sBu N9 wan1stuastule lesaindu

Aanssuitugiuvesuywd wazwlsUszinnvesianssueandu 2 ngu nquusniluionssund

=

nsedsulmsranieldnteensaunuliwasulniias Town nsdulazni1sus SenAanssy

¥
J 5]

nquilin “Aanssuuuuile (Dormant activities)” nguitasadufanssumafoulnisniniey

q

Aoudaunuion1suduTIeNnIeegTInge laun nsidu 133 wazn1sTuasdule enngy

Aanssuilin “Aanssunuuraaaulng (Energetic activities)” FinTouLUIAAAINING 3-9



Offline phase (Modeling component)

Annotated data

All annotated data Energetic acticities data (Walking, Jogging, Stairs)

Finding the threshold for separating
dormant and energetic activities

Transformation raw data to SD data

Clustering each activity to sub-clusters

Classifier model
(Threshold, Centroid of sub-clusters Cf")

N

i

Online phase (Recognition component)

Continuous flow of accelerometer sensory data
PAN
o

wina’owj

i

Calculate SD of magnitude (SDj(ma g))

SDj (mag) <Theshold

Yes No
{ 4

Dormant activity recognition Energetic activity recognition

!—k—\

[ |
¥ v v v
( Sitting ) (Standing) (Walking) (Jogging)( Stairs )

(i
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AWH 3-9 AINTIUIBNT Impersonal smartphone-based activity recognition using the

accelerometer sensory data (ISAR)



a7

3.2.1 ISAR Yunauaanlal (Modeling)
lutuneuselatazilunisadisiwvuiinfnssulaelddoyannsiuindu

AanssuUseAnle (Annotated data) Humaussil
® JUABUNITNIAT Threshold d1nTunendsstanianssy (Finding the

threshold for separating dormant and energetic activities) IﬂﬂlﬁLLﬂdﬂdmﬁﬁmiimﬂu

doanqu lawn nufanssuuudaznguianssukuuedaulm fanIni 3-10 uay 3-11

Z Axis Y Axis
B0 T N
g g
g 5
Q o
S X Axis g ® Z Axis
2 =5
B [ T APPSO PP P PP PP PP PP
8 . g |
< _"’7 ——————————————————————— <
Y Axis X Axis
0 05 i 15 2 0 05 1 15 3
Time(s) Time(s)
a Y] a IS
NYNIIUNTITU AYNIIUNITYU

A 3-10  wnuilicdudnuagnisigua Accelerometer ¥89nguRANTTULUUTY

Accelerometer value
=]

Accelerometer value
o

ZAxis

15 3 h 0 05

1 . 1
Time(s) Time(s)

ANTTUNITHAU AanssunsTuastule

Accelerometer value
°

1
Time(s)

AYNITUNISI

= a v oo a i I a o
AN 3-11 LLNUQNLﬁuaﬂ‘UmzﬂﬁiLﬂ’ﬁUUV’ﬂ Accelerometer ﬂ@ﬂﬂQNﬂQﬂiiﬂLLUULﬂa@‘Lﬂﬁ’l
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INAIMNA 3-10 wag 3-11 LAUINENBULA1 Accelerometer MIULUILAY X, Y
WaE Z vadfanssuviaednguiinnuuanaeiueg1stniauacil Aanssunuuindaulng laun
MY M3 wagnsTuasdule dudeyassunisluunfiesandeyavesianssunguiliian
wANE1IAULIN Tayadalin1Inseanediias uifanssukuula taun n1sdauasnisiy wdu
o % A oA A oA 1% a N Py ) % o o
TayadziniataguInvIaneuai iesanteyafanssunquildenlnaifiseiu Jeyadaing
L% CI! 2 gj U = 1 o U 1 a ﬁl QI
NLAYHIAT AINUAISIATALUS (Threshold) dmsukusianssukuuLAfaubmikazkuuile
Feladhdutssuuninsgrudiungislunisulsdeyafanssuisaaingy Weendqu
UgauuINATIUAINTIIATIZINTNSEEMvestoyalaat1ed IneiisnsmeaTauuana

aunsi (3.1) i (3.0)

M; = \/axi2 + ay? + az? (3.1)

edi M, Ao A1 Magnitude 71 i i = 1,2,3,.., N dio N fie shunusegwvemils
Aanssw) Feehefaning 3-12
ax; fio A1 Accelerometer muuuawAY X 7 i
ay; Ao A1 Accelerometer MULUILAY Y17'll {

az; fn A1 Accelerometer MULUAILAY Z 91 §

Sample | Lable Timestamp ax ay az | Magnitude
S1 Sitting | 14824292218000 | -4.99 | -2.26 | 7.88 15.13
S92 Sitting | 14824342298000 | -4.99 | -2.30 | 7.96 15.25
S3 Sitting | 14824392255000 | -5.01 | -2.30 | 8.01 15.32
S4 Sitting | 14824442273000 | -5.01 | -2.34 | 7.88 15.24
S5 Sitting | 14824492170000 | -5.01 | -2.30 | 7.89 15.20 —window;-

S; Sitting : ax; ay; az; M;
_se0 | Sitting | <] arg | ayso | azao | Ma |
So1 Sitting : arsy | ays1 | azsy Moy
S99 Sitting : aroy | QY22 | azaz Mo,
SN Sitting : ary | ayn | azy My

AN 3-12 Feg1adn Magnitude (M;) Yostayaianssy



o (3.2)
Dty = (57— 2, (M= W2
i=1
Tagil SDji . f® AaudeauLNAIgILLes Magnitude n1elu window 1 j
M; Ao A1 Magnitude 7 i (i =1,2,3,..,N ile N #io srurusiegieves
yileRanssw)
M; fio AladEvDs Magnitude ¥89 window 7 j
N fio Adnnudoyatomeesianssuiithdsfiansan
j Ao ArdilddmIuszydrdures window (YU window gi¥inAuTLIA

I [

FgudIRE N VRITRYATIY)

‘_538

act Ao AANTTUNMAINITAUN

W wIndIu e UUIIRNTFINATUNNAINTSNLED hAd@IudetuulInsgIudn

TRu1mARAgLAazAANTIU WIDANUIMAITALUY AIEUNT1SA (3.3) kag (3.4)

] act
Spact — Z:J'zl‘s'Dj(mag) (3.3)
avg(mag) ~ ]
SD i mag) T SDmin (3.0)
Threshold = anag) 5 mag)
gl SDESE Ao ANRAYEIUL TN UNLINTEIUTDY Magnitude Tuumaz AanTsH
(mag) 3
(act = sitting, standing, jogging, walking, stairs)
Threshold #9 ATALUS duSULUIUTZLANAINTTU
spgor. AD ANEILLTBIUUNIATIIUNNINNEATDIAINTTULUULE WANTAIN
(mag) 3 :
act ﬂl — . . .
3N SDavgmag 189 (act = sitting, standing)
SDene A ArdIULdBRUUNInTsIuTdesNgnveIRanTTULUULARULNY
(mag) 3 :

Warsmiaan SDEL - lawdl (act = walking, jogging,

stairs)

J Ao 91171 window vasteyavilaiangsy
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WeAwIMRnINaNNISN (3.3) aziiuiiATaudsfeaifnasianuisawlsteya

Aanssunsaesnguls fanni 3-13

I g TR >

Energetic activities

@

a o N

N

\

w

Standard deviation value

Threshold line
2 Standard deviation line
| ]
o—
< T 7T Démmant actvities ~ T T >
Sitting Standing Walking Stairs Jogging

Activities

A 3-13 MeguATakUIaunsawlayafanssuwuuiadeulm (Energetic activities)

warAanIsULUUile (Dormant activities) eananiule

® JupaunisuUasdayaianssunde SD (Transformation raw data to SD
data) Yayananssudlouruuwansluunugiinszany danni 3-13 aziiuindeyauday

Aanssusianuvivgeuiuiin vilvginlunisduunianssuandeyadnuugil udidleoiansan

=3

naunuRiteyasviudeuriu widn1snsyrediuandeiu deudslansauuAguaedn

Payanini1snszarediuansnaiy nslddiudesuuninsgiuazaiuisasendoyalandy

1
v =2

nuuIlafigadanigiulagnisuiasdeyananssunigd1udeauunInggiu Asaun1s

(3.5) 84 (3.7)

(3.5)

n

1

t _ J—

SD]fzgx) = | 1Z(axi — ax;)?
i=1

(3.6)

J(ay) n—1

n
1 _
Dft = Z(ayi —ay;)?
=1
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1 n (3.7)
t _ I
SDjian = mZ(azi—azj)z

i=1

Taed SDft , SDPCt , SDCt Ao AEIUEILUUNINSFIUVRITBUA Accelerometer
(@)’ 2 ayy ° i@z 3 g

WAY X, Y uag Z Muaisu 1o window 9 j

A 1

ax; f® A1 Accelerometer WUALAY X 7 i

R

ax;  fe ALadgYed Accelerometer WUAUNUW X U843 window 7 j

ay;  fo A1 Accelerometer Wuaunu Y 7l i

ay; fio Aadeves Accelerometer WWILAY Y 983 window *17'ij

az; fio A Accelerometer WuANY Z 71 i

az; fio Anadevel Accelerometer WWIMNY Z U84 window ﬁj

n fio Surudeyariemuamelu 1 window

i fio Aiilddmiuszyaduvestoya Taefl i = 1,2,3,...,n

j Ao Afilddm3uszydfuLes window (WUIA window azLvinAuTLIA

[
Y

andusiseENvastayaii)

wadnsTldretoyausazAanssuiiviudeuii aunsausnesnainiu fegisfanim
7l 3-14 FoyafivvesmsviAenssy Fuduldtauiriinnuviudeuiusgisnn udiletan
wadlinaeifudeyadrudsnuuimsguudrdeyanisifanssutuansausnosnaain
fuld Froghadianmd 3-15 Sedudnudastoyatanssulffudoyaduonuunmsgy

Aeuiluduunianssy Agdaalinisiuundeyananssuaunsavinladied
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*  Walking Raw Data
s+ Jogging
= Stairs
20
15

ter

Z accelerome

|
-
S

A 3-14  wnuiinseangveteyananssy (Yeyanu)

SD Data

«  Walking
4+ Jogging
= Stairs

-
Iy

® =
5
T

Z acceleromete

A9 3-15 unuiinseanevestoyananssy (Teyanulaswmiediudetuuiinggi)

° %’umaumsuﬂendu%’aua SD 91ndunouiuga LﬁaLLﬂaqﬁauaﬁmﬂﬁmLawv
Windndeyausaz zAanssuTineiudoutu auisafiesuenasnainduls ua Adaddayauns
Aanssufidaiudeutunasd Areglnanuun mumﬂ@umsLl:uqsuauaﬂaﬂismLwlavﬂam'ﬁiu

amﬂuﬂauaaa (Sub-cluster) Imaimﬁumﬂamwu Gaussian Mixture Model (GMM)

oA

dlosandeyafanssudnisuanuasund arntiuagsiinisiivadauts uagargudnans
(Centroid) vasusaznaugeslily Classifier model iveldlutunausaulatyainisiii

Avnssu
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N15a319A7LUU3I1AaN55138n15 Impersonal smartphone-based activity

recognition using the accelerometer sensory data (ISAR) 7tANE1IUIT19AY @11150

asuredutunauldmanIng 3-16

Algorithm 1: ISAR model : Offline phase (Modeling component)

1

10

11

13
14

15
16

17
18

19
20

21
22

/* N¢ = the set of annotated data of all activities. */
/x CM = {C§t, 05,08, ..., Cf'} when act are walking, jogging and stairs.

*/

/* Threshold = the separating dormant and energetic activites. */
/* J = the number of window. */
/* n = the number of data in window. */
/* K = the number of sub-clusters. x/
Input : N

Output: CM. Threshold.
for each act in annotated data do

for each window j do
/¥ j=1,2,3,...,J */
Compute M; for each sample using eq. (3.1)
/¥ i =1,2, 3,..., n */
Compute average magnitude M; of window j.
Compute standard deviation SD%:GQ) using eq. (3.2).
end
Compute average of standard deviation SD;;;‘; (mag) USING Q. (3.3)
end
Find the maximum of standard deviation of dormant activities SD;i,fgz(mm from SDggfq(mm
when act are sitting and standing.
Find the minimum of standard deviation of energetic activities SDZTE = from Sijﬁtg(my)
when act are walking, jogging and stairs.
SDy +SDgre,
Compute Threshold = (mas) - {meg)
for each energetic activity act do
/* act = (walking, jogging, staris) x/

Let D be the empty set.

for each window j do

/¥ j=1,2,3,...,J */

Compute the average values (ax;,ay;,az;) of each acceleration values x, y, and z.

Compute the standard deviation of each acceleration values SD;’(‘:F) , S D;-’gy) .S D;-‘(‘,‘L)
using eq. (3.5)-(3.7).

Std = (SD?(?:XI) ’ SD?(?.J) ’ SD?(Cutz) !

D = DU Std.

end

Cluster D into k sub-clusters using GMM algorithm.

/* k=1,2,3,..., K x/

Compute centroid C{“* of all sub-clusters and add to C'M.

end

AW 3-16 Yunaueenlal N15aT1RIKUUIINNINTTUITNT Impersonal smartphone-

based activity recognition using the accelerometer sensory data (ISAR)
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funousenilatl nsa¥iauuuisnAngsadBng ISAR wansian i 3-16 Gudu
Mnnsulastioya Accelerometer iudoyadudssuuinnsgiu Tnefunan Magnitude
M; wazAads Magnitude M; dmiumardiudsauusnasgu SDj Fefinnsandoya
fiar window Tagldaunsi (3.1) wa (3.2) (Ussiinil 1-5) ileudasteyansunn window
Wan mﬂﬁuﬁwmmmLa?a'ad’aul,ﬁmwummgmmgﬁzﬁ%ﬂﬁm SD&5G mag) Tneldaunisd
(3.3) (Us5¥indl 7) iWlouvasteyauazduiaAadsdiidssuunnsgulsazonssuade
Uan %mmz«hmﬁmLuummﬁgfluﬁmmﬁqmaqﬂejmﬁaﬂiimmuﬁq SD,‘}I%Q(MQ) TagNan5eun
9N SDEY o) Tnefl act fie Aanssunistls (sitting) wazAonssunistu (standing)
(useViadl 9) IndumAdrudsavumnsguiitosfignuosnduianssuuvuiedoulna
SD i magy NN SDGEE et act Ao Aanssumaiiu (walking) AanTsunis
A4 (jogging) wazianIsuNsTuasUssla (stairs) (UsSVindl 10) wdh3eiuanmedaus
Threshold lngldaun1sit (3.9) (Ussitafl 9-11) Tumeusiosnfinnsanianzdeyananssy
wuuiedeulm dwuelk D Wulening (Ussviadl 13) wasteya Accelerometer Ludoya
dudsavunmsgiulasinnsaniiaz window Buanduiudedsdeya Accelerometer
PINLUILNY X, v Wae z (ax;, ay;, az)) (Us¥iail 15) mﬂﬁ?uﬁﬂmmd’;utﬁmmummgmmm
Yoyausazunu SDFS | SDFE way SDfC Tngldaunisi (3.5) fa (3.7) (Us59indl 16)
muualidIuls Std = (SD]?EZ;,SD]-‘E;;),SD%;) (Us5viadl 17) udadin Std vinluluem D
(U3s¥iadl 18) Wlevinisuvasdeyataiaudraziien D luuvsngudeyadomaiiais
Gaussian Mixture Model (GMM) (Us5¥a#l 20) mﬂﬁ?ul,ﬁuLawwm@uéﬂmwaqLm'azﬂeju
goe €2t 13lu Classifier model (CM) (Us5viafl 21)
3.2.2 ISAR Yumausaulay (Recognition)
lutuneutiagyiinisisenssufiudoyannn Accelerometer sensor vatgunsal
aundvliy Fadudeyanszuadanaiivaiiun Tnedeyaazgnutsesnidu window svung
vosdiayanislu window agtuegfumsnsadanausiognvesgunsaiauniviv tnefing
yaunua i 3-17 Foga Accelerometer aggnduamtisdausauuminsgiu 9nty
whmaTeuisuiuadaueiiiulilu Classifier model frvnndaudeuuannsg e

Joya Accelerometer fiAnunNnIATaudansintoyamdrunlufanssuuuuindoulng

wideeinAlnulakansidayaiiidiunduianssuwuuile

® YUABUNISHLUIUSLANAINTTUABANUALUS (Threshold) Tudusauiiazyin

nsudsUszinnvesfanssuinduianssuwuuiwiaduianssuuuuimdeuln a1ndeoya
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Aeglu window Iaen1sAuinAdIulstuuansgIuYes Magnitude Taya 1ntluaztly
WsuisuuAdawusiulalu Classifier model Tadlngauaisiail

1%

a1 SD;

! < Threshold uanyidayadufanssuuuuils
(mag) R

uAf  SD;... > Threshold uanvivfeyasziduianssuuuuindeulun

Online Phase (Recognition Component)

window,

(_,(_] J
D:>D D D D D D D D—» Calculate SD of magnitude (SD./(mag))

Continuous flow of accelerometer sensory data

SD

/(mag)< Theshold

Yes
NS

Dormant activity recognition

#ul [ ]
N ) 1 1
( Sitting) (Standing) (Walkin@ (Jogging)( Stairs )

(o )

A9 3-17 Juseuesulalvesisns Impersonal smartphone-based activity recognition

No
)
Energetic activity
recognition

using the accelerometer sensory data (ISAR)

® JunaUNTTIININTIUUUULL (Dormant activity recognition) AaNTsukuY
9 mnefeanssundnisvdusaniedes loun nMstusaznisia lnemsiuunussnnves
NAINTIUNADIALIWUNIINANBAELEUTBUA Accelerometer a7 2 Ranssuildnuuzdoya

F9n M 3-18 wag 3-19
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15

-
(=)

.........................................................................................

Dist(ax,az)

Accelerometer value
(4]

._.—._.—-—.:—..—--—-— — — — — — — o * —

Dist(ax,ay)

|
i
]
i
\

i 15 2
Time(s)

AW 3-18 UHUDIIFULARGTNYYAT Accelerometer MAUKLALN X, Y Wag Z Y99AINTTY

AT

15

Y Axis
B N
<
>
S
B4 NP
Q Dist(ax,ay)
§ 5 Z Axis
S
L
8 | el i ..............................................
Q
< 0 . — —
/ Dist(ax,az)
X Axis
9 05 15 5

i
Time(s)

A 3-19 uHuNIFULARINYEAT Accelerometer MUKUILN X, Y WA Z Y99ANTTU

&
138U

NN 3-17 WAy 3-18 UNUNIIFULANIANYALAT Accelerometer MULUIUAY

X, Y ey Z ¥9409n5suNS8ULarianssunIsue slafansanagnuInlufanssun1seuan

Accelerometer MUBUILAYL Y £AAINN19910 Accelerometer MULUILAL X WA Z 9819

Wiletn dufanssun1sueaziiaAn Accelerometer MULUILNL Z 1199710A1 Accelerometer
1 <@ Y d' I 1 dy d' d' o a QIJ

MINBUILAY X waz Y agradiuladn amgiiluguililiesnin luraeiinAanssunistauas

58U TAnusaiintuaInLsaluual9vesaniwinaeiuluLsaz Ny NNYadnNATIILe LY
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SEHYViNavRIen Accelerometer AMILUIUNL Y UaE Z Tiiliarn Accelerometer muuuaLAL
x uldlun1ssunirdoyaduduianssunisbuniefanssunisds funauaiilien
Accelerometer auuauny X udayandnlunisinssegimansgldirasdunisiunie
1513 A1 Accelerometer puuuINAY X azddnwaziniouduodilng 0 d1eanan
Accelerometer maLLANY Y way Z iUAsulumuudianssy Tunuineiinuddadinig

FILUNAINTTUBLUURY (Dormant activities) Aeaun1sn (3.8) wag (3.11)

Dist(ax, ay) = \/(ax — ay)? (3.8)
Dist(ax,az) = \/(ax — az)? (3.9)
Wurideyadufanssunistu
Standing = Dist(ax,ay) > Dist(ax,az) (3.10)
Bvnideyadufanssunss
Sitting = Dist(ax,ay) < Dist(ax,az) (3.11)
wedi  Dist(ax,ay) fe JEU¥N195ENI19TeYA Accelerometer MULUIUNUY X LAy

WUILAU Y

Dist(ax,az) A9 Tr8¥1195¥nI19U0Ya Accelerometer ANULUILAU X Lag

WUINY Z
—_— = ! d' !
a A9 ALRAYDIAT Accelerometer MULUILNAL X
ay A9 ALRABYDIAT Accelerometer MULUILNY Y
—_— = 1 d' 1
az A9 ALRATDIAT Accelerometer MUKLILNY Z

® Junaun1I3IRaNITULUULARRULNL (Energetic activity recognition)
TagAanssunuutadaulma laua n1siAu n1539 warnstuastule 9 3 Aanssuazyinnis
FHUNAINTIUAIYATAUIUAIUTLAULINTFIUVDIBYA Accelerometer Usiazinu gl

[
v

YUABDUAININT 3-20
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Transform acclerometer sensor data to SD data

D0 SP ey 5P fuz)

l

Calculate distance between (SD; - SD e ),SD iz and
Cjclof sub-clusters in CM witﬁ Iéuclid%}an distance

Walking Jogging )

awd 3-20 nsszyRansaluduneunsIdnfanssuluuadeulng

INAINA 3-20 TumduksnAvLUaIlaya Accelerometer ndedluLle iy

unsgu lawagld D, SD; way SD; . Gududidrudsavuninsgiuvesdeya

(az)
Accelerometer MULWIRAL X, Y uaz Z 3ntuazinluSeuiieuiu CI° vaudazngy

(ay

gostinulilu Classifier model (CM) IngldnisiuTeufieuszaznisuuuendn (Euclidean

distance) A1@819A90INTA 3-21 a1n1n CEC naudevesianssulnuliszazniaie

= a v d' v a v v a v a{'
L‘lJiEJ‘UL‘VlEJ‘Uu@EJVl?!ﬂ LLaWQ']']“U@lIUaNﬂ'ﬂuﬂaqﬂﬂumﬁ‘ﬂ %iz‘q%yjaw

[ [ @ a
Wxluddndunanssy
i

Classifier model (CM)

Transform
- ~
accelerometer sensor L . ", S~
= N
data to SD data / act = walking "~

\
act
t 1

—
g distan 1 C= -
ndeal - ~<
T \ cact P S
\ O k=2 /7 act=jogging N
\ / //
cact ,
k=3

(SD/'(ax)' SD/.(EWV f(a:} \\\‘~——//// Il .act \\I
‘ ' Ce=1 ,|
——— \ act
///;(:t = stair\s\ AN \\\ act Ck:z///
// \\ N G5 ///
/ act VTt
. Te,
\\ C/fi’z/,
\\ //
G
afl 3-21 msszyfanssulaeTeuisuszesn1sues SD;,SD; , SD;  uag CHt
a J(ax) J(ay) J(az)

vaawsavnauegasnigly Classifier model (CM)
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1AANIINIBNT Impersonal smartphone-based activity recognition using the

Calle

accelerometer sensory data (ISAR) Mil@nanudnedu amisaeduraidudunouldnaning

3-22

Algorithm 2: ISAR model : Online phase (Recognition component)

2

o

© ® N o

10
11
12
13
14
15
16

17

18
19
20
21

/* S; = the set of non-stationary streaming data. */
/¥ CM = {Cyt,Ceet,Cget, ..., Cf°'} when act are walking, jogging and stairs.

*/

/* Threshold = the separating dormant and energetic activites. */
/* P,. = the predicted activities. */
/* J = the number of window. */
/* n = the number of data in window. */
/* K = the number of sub-clusters. x/

Input : S, CM, Threshold.
Output: P,.
1 while S¢ is not empty do

end

for each fized size window j do

/x g=1,2, ,..., J */
Compute M; using eq. (3.1) of each sample in window j.

/* 1 =1, 2, 3,...,m */
Compute average M; of window j.

Compute standard deviation SDj = /253" | (M; — M;)?

if SDjunag) < Threshold then
Compute the average values (g, ay;, dazj) of each acceleration values x, y, and z.
Compute Dist(aw,ay) and Dist(dax,dz) using eq. (3.8) and (3.9).
if Dist(ax,ay) > Dist(ax,az) then
‘ P,.+ = standing
else
‘ P+ = sitting
end
else
Compute the average values (az;, ay;,az;) of each acceleration values x, y, and z.
Compute the standard deviation of each acceleration values
SD; SDji 0y SDj.., using eq. (3.5)-(3.7). then set SD;

J(az)? J(az)

SD; = (SDy,,.,.SD

)7 J(ay)?

SD J(az) )
Find the nearest sub-cluster w such that

w = argming_1,. k(|[SD; — C||)

-----

/* k=1,2,3,..., K */
Set the activity of sub-cluster sc,, to Pyet.
end

end

A il 3-22 Tupeuesulall M33IAINTINTENS Impersonal smartphone-based activity

recognition using the accelerometer sensory data (ISAR)
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(%
1Y

Jumouseulay N13591AaN55338n15 1SAR wansian il 3-22 deyafidrmu
foyanszuaLdanan Accelerometer sensor Fananduiadiaz window BuanasAuan
A1 Magnitude M; wazA1Lads Magnitude M; ﬁm%’ummmmﬁmLuummgm 5D} mag)
Tngldaunsit (3.1) uae (3.2) (usvindl 1-5) Mndunsaaeuiioyaiduneglunduianssu
wuudfenduAanssunuuiadenlmn lasiTouiiiguen 5D 1mag, %A1 Threshold nein

SD;

jimag, WOENIAN Threshold uansindeyasglunguianssuuuuils (ussiing 6) Ms3dn

AnssunuudaBunnmsdmuaaiedsvesieya Accelerometer MuuLAL X, Y Wag Z
fudnunlud ax;, @y, az; andudiurumiszeeieszninsdoya Accelerometer a1y
WUILNU X wae Y Dist(ax;, ay;) LLazﬁflmmmizazﬁwqwmw%’a;&a Accelerometer sy
wualnu X wag Z Dist(ax;, az;) Tneldaunsi (3.8) uaw (3.9) (Ussviad 7-8) Inifusuun
Yoyainfufanssunisduniofanssunists fren15iTeuifisuseninedives
Dist(ax;, ay;) wag Dist(ax;, az;) o1 Dist(ax;, ay;) 41nni1 Dist(ax;, az;) wanain
%’agaﬁ%’m%ﬂuﬁﬂﬂiiumﬁﬁu AUl Py = standing usin Dis(ax;, ay;) desnin
Dist(ax;, az,) LLam'j’rﬂ’auﬂaﬁL%m'nfluﬁaﬂiﬁmmi% fmualit Py, = sitting (Ussindi
9-13) uad1doyailiduroglunduionssunuuiadoulun dude 5D gy H1031AN
Threshold (Uiiﬁ@ﬁ 14) %ﬁﬂmmmm?ﬂ'a%@ga Accelerometer auULLUILAY X, Y ey Z
fudnunlval ax;, ay;, az; (ussindl 15) Mntudundmudosuuinnsguvesdoyausiay
AU SDj( SD;

)u,az SD;

iz WEIMMUALA SD; = (SD; ., SD;

(ax)’ =" J(ay)’

16) antuidn SD; luAmuniuat ¢ Neglu CM 61 2 nqudaefianssuluuilen

SDj,,,) (U3snay

ax)’ (ay

| ¥ =

Indifeariu SD; wnfiannagszyinteyaiidinanlmiidufanssutu Py, = act (Ussviai 17-

Y

18)

3.2.3 423111Av2935n15 ISAR
N&NATAIMUUTIININTIUABTTNT ISAR wazlatrlunaaesdudeya
WISDM Waz UniMiB-SHAR wudniilenaasufiudeyanisviiianssuvesdlivnauuds 38013
ISAR fienugnéestumsidfanssufiguanizdldunasenidu iewnainiinig 1sAR
anunsausuugskuuiTRanssulimunsnuiuglduiazuamals ddeyanisinianssuves
faaulafdnvuzadetudoyaanssuildaiafuuy nssiRanssuvesdldauduasd

ANHYNABYEY nduiuddeyanisihfanssuvesldnulaunnssaindeyananssunldasneia
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wuu Msdianssmesildauiufazdarmgniowi Snisdmuindunounisudendudeya
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“An improvement of impersonal smartphone-based activity recognition using the
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YFuusainuuidnfanssuliminzandugldudazynna wazyinlini1ugnaesueinis3an
NINTTULTRNNINTY

3.3 YUABUATTNAILILATUTUUTIRUUUFININTTU (ISAR+)

813 ISAR+ WufLUUNISFIRANITIUNRRLINIINTENTT ISAR Tnelausuused

wuun1sidfanssuliaansauiuiwuuidfanssulidfugldudasyanald 3935013

[
[ 1Y

ISAR+ TINTBULUIAAFININT 3-23 F9din15USUUSIsuUsannanssuaame Ul Junau

9 Y

gonlall 1) Idanafsununiswuinguvestoyadiudetuuninggiu 2) winnsulasdeya
ATUVILLY (Density) UazAdnailes (Kurtosis) vesteya Tumausaulall 1) iiunsusuls
AakuuiInInssulaelduinsin 3 da laun drudesuuuinggiu (Standard Deviation)

Y

AL (Density) wagAmlas (Kurtosis) veadeya
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Offline phase (Modeling component)

Annotated data

All annotated data Energetic acticities data (Walking, Jogging, Stairs)
i
Finding the threshold for separating Transformation raw data to SD,
dormant and energetic activities Density and Kurtosis data

Finding the average of SD,
Density and Kurtosis
N
Classifier model ]
s)

(Threshold, average of SD, Density and Kurtosi

{}

Online phase (Recognition component)

Continuous flow of accelerometer sensory data

000000

window;
'
Classifier model Calculate SD of magnitude (SDJ»( )
mag)

SD

) mag) <Theshold

Yes No
y 4

Dormant activity recognition Energetic activity recognition

!—k—\ [ |
v v
() o) ()
—Update Classifier model—

AIWA 3-23 NTOULUIAATDNIT An improvement of impersonal smartphone-based

activity recognition using the accelerometer sensory data (ISAR+)
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3.3.1 nsnauIkazyTulTeRuuuEINANTINITNT ISAR+ Junauaanlal

(Offline phase : Modelling component)

Y = 1 3 v 1 =] aa 14
L4 °vamLaaEJLmumsumnqwuawagamummLuummg'm 35719 ISAR+ 16

I
v Y

AYuRoUTRINITLUINAuTRYa tnellauufgiud wWevhnisudangudeyaagyilvlaveuiun
YoBYARANTIUUY 9 WNBTU uvhiiveulwnvesdayausazianssulnagaiuuniuly
w3ge1aviudeuiy Wy veulnveteayananssumaiulazn1sTuasiule Jeeavilinisian

AanssusaesfanssuianaInduld degradaning 3-24 Jeyaianssunistuastulaild

a IS ¥ = a

afeuuuidfanssuenaliaulaniaund Weuvinguteyadeliveulwndeyaiuniy il

Y Y

Tiuvuiinanssuiiiudeoyandundalufanssunsiiu useglnddureunianssunis

Fuaatulaunndveulunfanssun1sAy 39l ISAR seyfanssuRanaln widmnldue

Cs v

agudnanvestayalaglidnludewungy Wagiilinisidnfanssudemiugniewnniu

>

endinusidaldiaduneunisuiangudeyasen lnawdswlunmsiivaadevesdoyauny

7
/
/

Closest
distance

ISAR with
clustering

- \\

7 N
= ine N
act = walking ™

ISAR+ without
clustering

- AN

\
Closest N
distance ™

New data
(Walking)

7T T~
P ~

s . . N
/" act=jogging
, \

/
\
average of SD
\\ g g It

- _ -

SD;

D,
Hay)’ 5

SD j = (SD j(ax) N j (az)

AW 3-24 §1081998M15 ISAR+ TNswUIngudeyanaaldiiniswlaingudeya

Predicted

Predicted

Walking
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¢ Liunsuuastayanunuiuiy (Density) wazaulas (Kurtosis) vag
FauaIsNT ISAR+ Lalfiumsuuasdaya Accelerometer sensor #8AUMWILLY (Density)

1 . a Y & ¢ o [ o Y Y o a ] [ 1
wara1ulad (Kurtosis) ieagldiduinasidmiuuiuuseduuuidnnanssusiududiu

\Jeauuinnss (Standard Deviation ) Tnefltuneudsfsaunsi (3.12) fis (3.17)

Dens]q“ = (3.12)
(@x) AXmax — AXmin
Denst = n (3.13)

J(ay) AYmax — Amin

Densﬁ“) = n (3.14)

AZmax — AZmin

lag#  Dens(  Dens’c  Densfc @o ArAinunuIuUuvesioya Accelerometer
(ax) J(ay) J(az) Y
AULULNY X, Y WA Z AIUE1AU 989 window 1 j
& ' P A
AXyax B A1 Accelerometer MULWILAL X NLNTIEA
& 1 dl v d‘
aXpin AB AN Accelerometer AMULUILAU X NUBYNER
A 1 al' d‘
aAYmax A9 AN Accelerometer MULUILAU Y NUINNERA
= i Ay A
AQymin B A1 Accelerometer AuLWILNY Y Nlpeiign

AZpyax ~ AB A1 Accelerometer MULILNAY Z FIXNTIGA

AZyin A8 A1 Accelerometer ALY Z Ntloedign
n Ao Puudayanuanigly 1 window
j Aa ANldEmTUTEYaAUYeY window (WA window ELYINUIUIA

BngduAteg 19V tayatiy)

Kurgoet = _2i=1(0% ~3%)" (3.15)
i

@ (R (ax; — ax)2)’

> (ay; —ayy)" (3.16)

Gy (ay —@,)>)

tqct

Kur jay)
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> (az; —az)" (3.17)

Xty (az; - ﬁj)z)z

act
K urt; an =

ool Kurt?S Kurt?  Kurt?<  #e Aininunuiliuvesdeya Accelerometer
(ax) J(ay) J(az) U

ANLUILAY X, Y UaE Z aNa1aU 983 window 91 j

=~ | o A,
ax; A9 A1 Accelerometer AMULLLAILAY X BN i

ax; Ao ALadyvesleya Accelerometer ANULWIUAY X U89 window 71 j
ay; A9 A1 Accelerometer MALWILAY Y G291 §
ay; Ao Aduvesloya Accelerometer ANALWILAY Y U8 window 7 j

P

az; AD A1 Accelerometer MULWILAY Z AN

'
1 a

az; G0 mmawaﬁauﬂa Accelerometer AULUALNY Z 983 window j

P

n Ao Puudeyanvuanigly 1 window
i Ao Alddmsussudiuvesteya lnen i = 1,2,3,..,n
j Ae A1NLYEImTUTEYa1dUTes window (Yu1A window gLNAUTLIA

andusiseENvastayaii)

o fudeyaagudmiudauuunisidrfanssu (Classifier model) Tuduneui
awfiutoyaagulilu Classifier model (CM) 16uA ArTauds (Threshold) Anadeaaudeauy
11M951U AaABALIUILLY kazaadsnnlae dmsuldlunisisiAansaluduney
poulay Famaifuadautsdinsrurunisviouduizns ISAR drudtadediudouy
1MIFIU ANAREANILILLL LagAledsaalas aunsaduaaldanannisi (3.18) A
(3.26)

Auali SDE ﬁammulﬁmLuummgmﬁuaa%’agaLwiazﬁaﬂﬁuﬁ%lﬁul”ﬂu

Classifier model &4 SD&F = (SDggg(ax),SDggg(ay),spg,sg(az)) Aruraldannaunisi
(3.18) 9131 (3.20)

J act
spact — Z:J'=1SDJ'(ax) (3.18)
avg(ax) Ji
J act
space 257150y (3.19)

avg(ay) Ji
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] act
spact  _— _ijl SDJ(aZ) (3.20)
avg(az) ]
= act act act a q = = >
Tned SDa,,g(ax),SDavg(ay),SDa,,g(az) AB ANLARYLUYILUUNINTTIUYDIVBYA

Accelerometer AMULLUILAU X, Y Lhag Z AUAIAU
SDft SRt SDRCE  fe Andruileauuninsgiuvesieya Accelerometer
(ax)’ "~ J(ay)’ " " J(az) s v
AIULUALAY X, Y wag Z suarduues window 1 j (=1, 2, 3,...,))

J Ao 9117 window vastRYavITaNANTIYU

o v aCt S 1 1 v 1 a d' < v
Avualy Densdf AoArArunuIuiuvestoyawiasfianssuiaziiuld
lu Classifier model &3 Densdt = (Dens&st x),Dens“Ct y),DensaCt ) Arulaule

avg, avg(, avg(az
PNFUNTSN (3.21) D9 (3.23)

J act
act _ 2j=1 Densj(ax) (3.21)
Densgyg o, = f
Y/ _ Dens@t (3.22)
Densact — =17~ @y :
€NMSavgay) = Ji
Y/ _ Dens@t (3.23)
Densact = =I=17" s :
enSaG s = ;

o act act act a X S | >
1ned Densavg(ax),Densav (ay),Densavg(az) AD ANLAAYATIINNUILUUYDIVDY A

Accelerometer AMULLUILAU X, Y Lhag Z AUAIAU

act
Sj (az)

ANLUILAY X, Y wag Z aua1suues window 91 (=1, 2, 3,...,))

Dens{*t , Dens{** , Den A9 ATAINUNUILUUYDITBNA Accelerometer
(ax) J(ay) D

J Ao 9117 window vastRyavIaNaNTIY



67

Avuali Kurtdd fedraulasvesdeyaudasianssuiiasiivlily Classifier
model &9 Kurtdif = (Kurtdsh  Kurtlsh — Kurt@lh ) druislaainaunisi

avg(ax avg(ay avg(az)
(3.24) 93 (3.26)

i %)y Kurtfet (3.24)
Kurtasg g, = —
Y _ Kurt®t (3.25)
act _ 2= J(ay) ’
Kurtg,g @) = 7
Y _ Kurt®t (3.26)
act j=1 J(az) :
Kurtasg ., = —
loe¥l  Kurtisy o Kurtisy  Kurt@sh = fe A1adeniiulasvesdaya

Accelerometer AMULLUILAU X, Y Lhag Z AUAIAU
Kurt®t  Kurt®t  Kurt®t @s a1a1ulasuo99eua Accelerometer mny
J(ax) J(ay) J(az) v
WUALAU X, Y Y Z AUanauYes window 1 (=1, 2, 3,...,J)

J Ao 9117 window vastRYaVITaNaNTIY

N385 19MLUUIINAINTTUATATT An improvement impersonal smartphone-

based activity recognition using the accelerometer sensory data (ISAR+) Alénaniun

198U a1unsnasureutunaulananing 3-25
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Algorithm 3: ISAR+ model : Offline phase (Modeling component)

© w0 N o @k

10

11
12

13

14

15

16

17
18

19

20

21
22

/* N¢ = the set of annotated data of all activities. */
/* CM = {Std¥%,, Densyi,, Kurt{t,} when act are walking, jogging and stairs.

*/

/* Threshold = the separating dormant and energetic activites. */
/* J = the number of window. */
/* n = the number of data in window. */
Input : N¢.

Output: CM, Threshold.
for each act in annotated data do

/* act = (sitting, standing, walking, jogging, staris) */
for each window j do
/* j=1,2,3,...,J */
Compute M; for each sample using eq. (3.1)
/* i =1, 2, 3, n */

Compute average magmtude M; of window j.
Compute standard deviation SD“Ct o using eq. (3.2).

end
Compute average of standard deviation SD(%;(MQ) using eq. (3.3)
end
Find the maximum of standard deviation of dormant activities SDg?;T( , from SD,‘fffq(mq)
when act are sitting and standing.
Find the minimum of standard deviation of energetic activities SDfn"fn( from SDg;g(W)
when act are walking, jog;g}rng and stati”rf
Compute Threshold = oD m““’“‘”);s T (mag)
for each energetic activity act do
/* act = (walking, jogging, staris) */
for each window j do
/x 3 =1,2,3,..., J */

Compute the standard deviation of each acceleration values SD?&Z) , SD;(“ S Dj(fi)
using eq. (3.5)-(3.7).
Compute the density of each acceleration values Dens‘]’(ct Dens‘j’(“ Densjft | using
q. (3.12)-(3.14).
Compute the kurtosis of each acceleration values K urt“t K urt.‘;f;y) K urtf;(cjz) using
Q. (3.15)-(3.17).

end

Compute average of standard deviation SDg7y . SDgry . SDgoy | using eq.
(3.18)-(3.20) then set SDgY, = (D2t SDg;; ) 5D ).

Compute average of density Densu‘f)g( ,Densgﬁ’;(aw,Densg%(m using eq. (3.21)-(3.23)
then set Dens&i, = (Densgﬁ‘;(ar) Densgf};( Densszg( )

Compute average of kurtosis Kurtgfy Kurtgffq( Kurtgly | using eq. (3.24)-(3.26)
then set Kurtdy, = (Kurtgll, K urtg;fq( K urtg;’;” )

Add SDg},, Dens&r, and Kurtly, to the CM.

end

a

A WA 3-25 Jureueenlal N15as1edILUUIIIAINTIUIFNNT An improvement

impersonal  smartphone- based activity recognition using the

accelerometer sensory data (ISAR+)
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Tupaueelal N13aFduUITIRINTTUIINT ISAR+ WARAIRINTNA 3-25 L5UAY

'
] 5

nMsudastoya Accelerometer Wudayadiudosuuinnsgiu Ineduineal Magnitude

Y

M; uazinady Magnitude M; dmsumidrdauitewvuinasgiu SDf- - deiivnsandeya
iay window lagldaun1si (3.1) uay (3.2) (Us3viadl 1-5) Liloudasdeyansuyn window

v & o i a ~ ! a act 19 d'
LLe 7 ﬂ']ﬂu‘L!ﬂ']ujmﬂ']LﬂaBa’J‘UL‘UENLUU@JWG\?EWULLW@%ﬂQﬂ??@J SDan(mag) Iﬂﬂiﬂﬁﬂﬂqiﬂ

(3.3) (Us¥A9 7) WautasloyauasAuinAledediulonuunInsgIuuiasAanTsuase
wd7 M AEIUTEAUULINTFIUNNINTAATDINAUAINTTULUUTS SD,‘}I%Q(mag) TagNan5eun

N SDELY o BT act Ao Aanssunisils (sitting) wazhanssunisdu (standing)

(U339l 9) Indumardrudeswuuninsgruitdesianvenguisnssusuuiaiiaulg

SDin magy NN SDEZE lng# act Ao AINTsUNITAY (walking) Aanssunis

2 (jogging) wazAanssunsuuaussla (stairs) (USSAT 10) LAIIAIUIUMIANTALUS
Threshold lagldaunsi (3.4) (Usindl 11) TupeuseNfaTURNITTBYAAINTIUIUY
waeulmy ulasdoya Accelerometer Miag window Miludeyadiudesuuunnsgiu Ay

PULUULAZANUTAY AWIEITERUUNNRTSIU SDACt | SDEC Lay SDECt Taeltaunis
- J(ax) J(ay) J(az)

71 (3.5) 84 (3.7) (USSVAN 14) AWIuAUnLILLY Dens®t | Densi®t waw Dens®t lag
J(ax) ](ay) J(az)

T¥aunis (3.12) 84 (3.14) (USSNAN 15) WAaLAIUIUAINULAY Kurtﬁiy Kurtﬁi;)l,l,az
Kurtj‘zfl; Tnelgaunisa (3.15) 89 (3.17) (USSYAN 16) INNUUILATUIUAIRALVDIAIY

Wesuuannsgiu SDESG . SDES5 0y 0% SDEG Towldaunisn (3.18) fs (3.20) uan

Auualudanls SDEF = (SD&5G axr S0y SDESG (a) (U337A9 18) 9nnluAIUIN

AnadgvesnuvuInly Densgsg o, Densdsy  uay Densglt - lagldaunisi (3.21)

89 (3.23) uaan1unualndanls Densdt = (Densgsy ., DensSDE5g . Densgsg )

v o & \ S \ act act o act
(UssVindl 19) Mnvuinnadiedevesnules Kurtdll o, Kurtdss  wes Kurtlss
Toeldaunish (3.24) 83 (3.26) ward1nualnaruls Kurtd = (Kurtdst,

avg(ax)

t t o Y =2 v [ ! t t o t1¥
Kurtggg(ay),Kurtggg(az)) (USSR 20) Wa399aNUA1 SDEE, Denst way Kurt&t 1
Tu CM (ussvind 21)

3.3.2 NsWAILILAzUFUUTIiIMUUEIRANTINITNT ISAR+ Yunausaulall

(Recognition)

* USuussiuuuFinianssulagldunasdn 3 & 1dud drudeauuannsgiu
(Standard Deviation) A21uWWLLY (Density) wazaa1ulas (Kurtosis) 35n15neadadi
THlunmsinsgidoyatiegmefunatss Wi dudsavuinsgiu arsmuiiy aauilds

4 v v 6 1 v [ v 1 aal PN Yo ~
ALY ANUFUNUT LaSTINVBLA Wuau Tudiuuesisnis ISAR mlﬁi%muwmwummgm
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(% ' '
6 = "LYJQ aad =

lun1sidrnanssutdu Inerdnusiialafansanisnmsneaiady 9 nleldsiuiuiudiuy

=

WJeauunasguudiaunsaddnnanssuldd wefiastuilddunaeidmsunisysudwuy

o

S9fanssula Adleneaesdudnmslddiudetuuinasguiuisnisdu 4 lumsidnfanssy @
IS v 6 k%
nadnsns3

[J

1NANTTU AINTN 3-3

M15199 3-3 N159UeIBN15 SD uardsn1sneadaou q Tunisianfanssy laglddaya WISDM

N3 N1352UNNTIN | ANMUYNABIVBINIS

A9 (%) 5TYRAINTIU (%)
SD wag Density 77.81 80.22
SD wag Correlation 38.42 78.56
SD wag Kurtosis 53.04 89.97
SD wae Range 89.59 67.51
SD, Density waig Range 7477 80.9
SD, Density wag Kurtosis 44.68 91.64
SD, Density, Kurtosis Lag Range 43.60 92.09
SD, Density, Correlation Wag Kurtosis 14.77 93.33
SD, Density, Correlation, Kurtosis g 14.50 93.43
Range

£

91015199 3-3 93I89l n1sveaiuntu Alluwliunagddnanssule

ANADIAITUMY wiag1elsAn1uNIsIEITN1IN1eEdANa18f YN LA ANNITAIUIUUINTY

Y Y

willaunu eiansuIminaeidmsuusuuseianuuidnfanssy Felaidendrude vy
WINTFIU AMUNUILLURAEA1ULA e ndlaldiia 3 dadlsiudu aunsaseyfanssula
QNABaNe 91.64% Bnviadaiilon1anagyininsUTUUTIMUUITIRANT TN 44.68% TaTumay

TumsuSudsaiuuidnfanssulisvasdenfanini 3-26

[

IINAIMNT 3-26 NHI9INFIIAINTIUAIWNT LTI TEUUUNINTFIU 929IINT

3
n

ATvdeUifeslTulTeRwuuITfanssuvseld TnonisAuinuauruwiuiazaulag

Yostaya wanhluwseuidisuduafiiulilu Classifier model dldudnnisideniuiuneu

Mmin133aAansIumedueLuuNInggIu MNduliasananssunssymedulosuy
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WMTFIU AMNRLIRILKAzAUlas e 3 FBszydufanssuieniufagyiinisusul s

MLUUIINANTsu Ineiidunowisaeaunisi (3.24) e (3.26)

Check update CM
SD Density Kurtosis

| | |
Predict Predict Predict

Predicted Activity
(SDyo10)

Dens,, Kurt, oz

SD vote

SDypte,D ensvoteanfl K urtyore
are same activity

No
(Not update CM)

AN 3-26 TunauNIIATIRARUNNTUSUUTIRIKUUIIINANTTY

Ufuuseadnuuidnfanssu laedvualv CM = (newSDEY, newDens&f,
newKurtZh) annaldainaunisi (3.24) 4 (3.26)

UYFulgednndsauuinnsgiuniglu Classifier model

SDE&t + SD; (3.24)
2

newSD&F =

UFudgamnumuwiunigly Classifier model

e Denséii + Dens; (3.25)

newDenscy = >
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UFuugaanulasniglu Classifier model

Kurtlif + Kurt; (3.26)
2

act _
newKurtcy =

ol SDEY Ao Adoauuannsgiunedly CM

SD;

] Ao Aduleauuinnsguvesdeyaiiiunlvg

act

Dens&f  fo eauvuniuauiiegly CM

o))y

Dens;  fg AnAuvukiuvestayamdunlngl

3

KurtZf  fe eanulaaauiedlu CM

Kurt;  fe eaulssvesdayaiidiunlvg

N1539179n350uazn15USUUTIAILUUIINANTINITA1S An improvement

impersonal smartphone-based activity recognition using the accelerometer sensory
data (ISAR+) Alénanaundneiu anunsaosuneiusuneulddami 3-27 uas 3-28
Funoussularl 1333 AansandBng ISAR+ wansian il 3-27 deyaidwndu
foyanszualdanan Accelerometer sensor Fnandurasdiaz window BuanasAuan
A1 Magnitude M; wazA1lads Magnitude M; ﬁm%’ummﬁ'smﬁmLuummgm SDj mag)
Tngldaumsd (3.1) wae (3.2) (Ussviaf 1-5) Mniunsaaouieyafidnnedlunduianss
wuuilsvidenguianssuuuuiadeulm TasiFeuiiieudn 5D, YO Threshold dnein

SD;

Jimag) 188NN Threshold wansirdogaeglunguianssuuuuils (Ussiin 6) M3331

Aonssunuudatunnmsdmuaaiedsvesteya Accelerometer MALLAL X, Y Wag Z
Fdrunlng ax;, ay;, az mmﬁ?uﬁwmmmizazﬁ’mw’j’m%’aga Accelerometer a4
WWANY X WAz Y Dist(ax;, ay;) WavA1uiumsseinaseninadoya Accelerometer 1
WUIMNY X uay Z Distance(@x;, az;) tneldaunisit (3.8) uay (3.9) (usavindl 7-8) 91ntiy
$ruundoyainfufanssuduniedanssuds drenisidisuifisuszninedives
Dist(ax;, ay;) wag Dist(ax;, az;) o1 Dist(ax;, ay;) 11031 Dist(ax;, az;) Wandin
ﬁagaﬁvﬁm%ﬂuﬁﬁmﬁmmiﬁu AU Py, = standing us Dist(ax;, ay;) Weenin
Dist(ax;, az;) LLamdﬂﬁé’Iayjaﬁ'n’hm@uﬁﬁmﬁmmiﬂ"q Suald Py = sitting (Ussind
9-13) widdenaidureglunguisnssunvuiadeulna Aedn 5Djimagy H10A1A7

Threshold (Us5Vin#l 14) azAuIuARdedoYa Accelerometer AuWLALAY X, Y Uag Z
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mdrulnd ax;, ay;, az; (Ussiian 15) andudiuiudiudewuuuinsgiuvetoya

Accelerometer WAALLNU SD;, LAININUATAR LY S SD; =

(SDjary SDjayy
61 SD&t vesfanssulnudalndifesiu SD; uniannagsvyindeyaidiuiluiilu

Y

SDj )LLaz SDj(az)

ax)’ (ay

S5Dj o)) (uss¥indt 16) 91ntuth SD; Tudwanfud SDET eyl CM

AanTsulu Py, = act (U339 17-18)

Algorithm 4: ISAR+ model : Online phase (Recognition component)

/* S¢ = the set of non-stationary streaming data. */
/¥ CM = {SD&7,, Dens&y,, Kurté } when act are walking, jogging and stairs. */
/* Threshold = the separating dormant and energetic activites. */
/* J = the number of window. */
/* n = the number of data in window. */

Input : S¢, CM, Threshold.
Output: Pyct.
while S¢ is not empty do

-

2 for each fized size window j do
/* 3 =1,2, ..., J */
3 Compute M; using eq. (3.1) of each sample in window j.
/xdi=1,2,3,...,n */
4 Compute average M; of window j.
5 Compute standard deviation SDj('rn.u,g) = \/ﬁ ? (M — M;)?
6 if SDj(mag) < Threshold then
7 Compute the average values (a'xj,a_yj,dzj) of each acceleration values x, y, and z.
8 Compute Dist(az,ay) and Dist(daz,dz) using eq. (3.8) and (3.9)
9 if Dist(ax,dy) > Dist(ax,dz) then
10 ‘ Pt = standing
11 else
12 ‘ Pyt = sitting
13 end
14 else
15 Compute the average values (dx;j, a'yj,JZj) of each acceleration values x, y, and z.
16 Compute the standard deviation of each acceleration values SDj(“) = \/ﬁ T (ax — ax)?,
SDj.,, = \/ﬁ " (ay — ay)2, 8Dy, = \/ﬁ " (az — dz)? then set to SD;
SDj = (SDj(w),SDj(ay),SDj(uz>)
17 Find the nearest activity act such that
act = argmingci—walking,jogging,stairs([|[SDj — SDaoCz&H)
18 Set the activity of act to Pyet.
19 end
20 end
21 end

a & ¢ Yo a aa . .
ATNA 3-27 Tumeuseulail N13397113NTTUIFNTIT An improvement impersonal

smartphone-based activity recognition using the accelerometer sensory

data (ISAR+)
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Algorithm 5: ISAR+ model : Online phase (Adaptation component)

/* window; = the set of accelerometer sensor data when j=1,2,3,...,J. */
/¥ CM = {SDg&t,, Densgt,, Kurtlsl, } when act are walking, jogging and stairs. */
/* Pact = The predicted activities. */
/* J = the number of window. */
/* n = the number of data in window. */

Input : window;, CM,SDj, Pact.
Output: The new CM.
1 Set SD,,Of,e = Pm:t~

2 Compute the density of each acceleration values in window; such that Densj(m) = \/ﬁ > (ax — ax)?,

Densj,,, = \/ﬁ >iei(ay —ay)?, Dens; . = \/ﬁ >oii(az — dz)? then set to Dens;

Dens; = (Densj,.,,, Dens;, »Dens; )

3 Compute the kurtosis of each acceleration values in window; such that Kurt;, = \/ﬁ oy (ax — ax)?,
1 - 1 -
Kurtj, = \/ﬁ i (ay — ay)?, Kurtj, ., = \/ﬁ > (az — dz)? then set to Kurt;

Kurt; = (Kurt]-(m) , Kurtj((w) , SKu*rtsz))

4 Find the nearest activity act with density and kurtosis such that

Densyote = a"'gminact:walking,jogging,sta.zrs(HDenSj - Dens?}ﬁ{/[”)
Kurtyore = argminact:walking,jog_{]ing,staz'l‘s(‘|Kurtj - KurtuC(I{I”)

5 if SDyote, Densyote and Kurtyote are same activily then
6 Update C'M such that

\ "t ). vct .
SDEY + SD; act Densgy, + Dens;

Kurtdd, + Kurt;
newSDET = f,newDensCM = f,new]\’urt’g&, = CM "7

2
Set CM = {newSD&Y,, newDensct,, newKurtZt }.

8 else

9 ‘ Not update CM

10 end

Anf 3-28 Fupausaulal N15UTUUTIRILUUIINAANTIUITNNS An improvement

impersonal  smartphone- based activity recognition using the

accelerometer sensory data (ISAR+)
Tupaueaulad MIUFUUTIFILUUITININTINITNT ISAR+ WaRIRINT 3-28 il
Fuunianssulutunauniszinfonssuaiana nvdeuitansausulTaiLuU3n
Aanssulanieli Inelduinsda 3 67 lawn @1 detuunInggiu (SDpge) AUNUIRUY
(Dens,pre) WazAIULAS (KUrt,ope) LIUNWIANIAUALA SDyore = Pacr T9bd1ULTBILUY
WnsgusyyfInssuluduneunsiinnanssy (Ussinil 1) RntuAwInmANILILILLAE
Aulasveadoya Accelerometer i1y lvdluudazuny divualy Dens; =

o ° 1%

(Dens; ., Dens; ., Dens; ) (USTNAN 2) kagn1vu Al Kurt; = (Kurt;

(ax)’

Kurt; ., Kurtj ) (Ussvindl 3) aantduaziiian Dens; waz Kurt; lWAuaniu Denfff

J(az)

way Kurtd Noglu CM 1neg Densyo, dz5vyiuianssufifian Densg lndidesiv

Dens; 1n1dn wag Kurt,ope tssyilufanssunien Kurtd ndifieaiu Kurt; uinfian
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(U3sTiadl 4) mﬂﬁ’u%LU%&JULﬁsmmiszqﬁﬂﬂﬁimaammi’m SDyote DENSypre AT
Kurt,oce & 3 wnsinszydufanssufeniuagyinisusudsssnuuidnfanssy (ussvin
7i 5) g 1) ﬂ%’uﬂqqmdamﬂ'Emwumm'suaq CM T3l (newSDEY) AruananALadeves
dudsavunnsgiuiiogly CM (SDEY) uagdmidsavuinsguvesdoyaiidianlni
(D)) 2) USuusadranunuiiuues CM lval (newDens&f) AUININANRALTEIAIY
vuruduiieglu CM (Dens&t) wazanunuiuiuvesteyaiiiiiunlva (Dens;) uag 3)
Uduugarnanalasues CM Tvsl (newKurtdS!) dunnananadevesenilasiieglu CM
(Kurtggh) uazaaildsvesdoyadidunlual (Kure) (ussvind 6-7) usidanmsiasis 3 1alld

szyufanssuieniunagliviuusesiuuuiinnanssy (ussviai 8-9)
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NaN1SALHUIUY

Tuunilaznanfwamsdniunulaenisiassnsnmanugniosaznailily
fupoumsaireiuuusinfnssuuaruneumsssifanssuesisnisihiiaue Impersonal
smartphone-based activity recognition using the accelerometer sensory data (ISAR) tag
785119 An improvement impersonal smartphone-based activity recognition using the
accelerometer sensory (ISAR+) 13 ULBuiuIsN1s Adaptive mobile activity recognition
system with evolving data streams (Abdallah wagamg, 2015) Tu 2 %’a;ﬂaﬁ%ﬂﬂw Ao
U91afanssy WISDM wazdeyafianssy UniMiB-SHAR lagldisn1sinussdnsainaiing

a ;Y

ONABILAYAIINLIUEIVBIN153I1AINTTUAIYTT Precision, Recall Uay F-measure lag
swanBenvemadiuiuuansiielul

4.1) Foyafanssuitldlunismaans

4.2) miaaﬂqumﬁmaaqLLaﬁ%mﬁﬁW’mU'ﬁzﬁw%mw&hquiﬁi’ﬁamsm

4.3) M3 IAUTEANS N INANUYNABILALAINLILEITDINTFINAINTTY

4.5) MIIAUTLANTANATULIANVDIFIUUUFINNINTTY

4.1 Hayananssuildlunismaaes
4.1.1 Yaya WISDM*

foyaiifuteyaseulatasisuy AdufinnsvhAanssuresenaadasdiuom
36 AU Femsldueundiatuiiansonsiaduen Accelerometer vasgunsalasnivlviu lng
Toranadingia 36 au ansldgunsalaunsnlnulilunssthnansiuni fedsadnag
fegsvastayairinty 20 Hz uagshAanssumamenmitaun 5 Aanssu WA msds N3
fu nsiAn 135 wagnnstuasdule TaglunmaaesilfidenldoyanisvAanssuvesdld
19 AuitviAvansuasutis 5 Aanssy Fsddruusegadeyaluusazfanssy dwiedt a-1

wazAIeEg 19 loyafaNTIUAININ 4-1

13 http://www.cis.fordham.edu/wisdm
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M1519% 4-1 FunudeyananIsuusazianssuves WISDM

AaNssH IMUIUA20819 (Record)

58U 38,520

s 50,000

n1SLAY 223,300

539 129,900

Mstuasiule 177,100

Sample | User Lable Timestamp azr ay az

S 27 Walking | 10401072248 | 4.21 7.97 | -2.07
S9 27 Walking | 10401172376 | 0.95 8.47 0.65
S3 27 Walking | 10401322278 | 4.21 | 15.79 | 0.99
S4 27 Walking | 10401372327 | 1.65 | 13.53 | -0.69
S5 27 Walking | 10401422315 | -2.34 | 13.48 | 1.45
Sg 27 Walking | 10401472303 | -0.76 | 10.27 | -0.84
S; 27 | Walking : ax; ay; az;
SN 27 Walking : ary ayN azn

A 4-1 FRRgetayafINTTUNSIAUYRElTvINeERY 27 ndeya WISDM

4.1.2 4aya UniMiB-SHAR™
foyailifutoyasaulataisisuy AtufinnsvhAsnssuvesenaadasduam
30 AU shemslduaundiatuiiannnsonsiaduen Accelerometer vasgunsalaunnlviu lng
Teranadasii 30 au aauldgunsalamsnlsullunseithnansdun Sadardndy
fhegreasdoyaintu 50 Hz uwagvhAanssuynameniniianan 5 Aanssu nglunsvaaes
& Fenldtoyanisvhianssuesdlddiuau 23 eufivhisansuasuiis 5 Anssy Sedsiuau

Megetoyalunsazianssudmisnd 4-2 uazildegetoyafanssusuning 4-2

14 http://www.sal.disco.unimib.it/technologies/unimib-shar
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M13197 4-2 FuudeyafansIuuAazianssuves UniMiB-SHAR

fanssu FIUIUAIDE
n58U 319,550
13 405,350
AN5LAY 482,900
M54 395,200
Mstuasiule 245,500
Sample | User Lable ax ay az
S1 13 | Standing | -1.88 | 9.85 | -0.23
So 13 Standing | -0.19 | 9.92 | -0.57
S3 13 | Standing | -0.61 | 10.27 | -0.88
Sy 13 | Standing | -0.11 | 9.58 | 2.49
Sy 13 Standing | -0.72 | 9.89 2.41
Sg 13 | Standing | -0.53 | 9.34 | 2.49
S; 13 Standing | ax; ay; az;
SN 13 Standing | axy | ayn azn

A 4-2 FRegtayanINTTUNSEUYRIIIVINEIaY 13 91nTaya UniMiB-SHAR

4.2 MseenNLUUNIMARBAr N SnUssANBA WA uUUE RN TIY
dwduniseanuuunisvaaedluineinusildliidnsudsdeya uagisnisia
UsyAvsnmwessauuuidanssy fell
4.2.1 tussumsuisdayadimivadredianuuisifanssuuas foyanadaudn

wuu3Ifanssu

% a -

AINe1InusUlaleds K-Fold Cross Validation @1suutayananssuwine Ly

Y

asnauuuinanssunaslivaaeusnuuidifonssy Insvzuwlsloyaianssusenilu K g

'
= o

Faimruali K unuduiuvesdld Yeya 1 ynfedeyaianssuvely 1 au nsidendeya
nanssuyalaieskuuIRfInTsukazyalalinaaeufiuuuIIAINTsL dneadenfunin

7l a3
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Fold 1 /FL /(L
User 1 User 2 User 3 User K

( Data (Testlng)) (jta (Modelhng> <:1ta (Modelhng Data (Modelling

Fold 2 ; ;\L /(L
User 1 User 2 User 3 User K

Data (Modelhng) < Data (Testlng)) <1121ta (Modelhng Data (Modelling

. Ib I%

Fold 3 %ser& /I:CI'L JSCL User K
Data (Modelhng> (Data (Modelhng> ( Data (Testmg)) Data (Modelling

ID-I

FoldK % ser% % serL User?\
Q)ata (Modelling) Q)ata (Modelling) Q)ata (Modelling> Data (Testing)

aw#l 4-3 fegranisudsteyananssudmivaiiaagnaaaufuuuIInAINTINAIEIT K-
Fold Cross Validation

NN 4-3 wiadeyananssuesndu K ya ielddmsuasisiauuuidnfanssy

VRINUUYINNINAADUUSEAVTAMYRIILUUITINANTTU K ASS fadl

® 50Ul 1 l9Uayayadl 2 fagadl K asreduuuidnfanssusarlddoyayad 1 1ive

Y 9 9
NINAERUAILUUIIININTIY

[

® 50Ul 2 l9Tayayadl 1 uavyadl 3 ayadl K aseduuuiinnanssuuazlddoya

3

a

YAv 2 BVINNIINAHOUMIKUUIINNINTTY

Y

® s0u7 3 [idoyayn? 1, 2 uazyadl 4 Deyadl K afreduuuidnfanssunasly

a

Toyayai 3 ey M INAARUMKUUIINAINTTY

Y

® sou7l K l4dayayah 1 feyail K-1 afreituuuiinfanssunazlddoyayai K

Y 9

WY IMAFBUMKUUIINAINTTY
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YoAU9935n15 K-Fold Cross Validation Aeanusadesiun1siin Overfitting 989
Tunald mszasdinisaduiuresdoyalunmsvimihfidasaidinnauasduimaaeuluna
FefuFsanunsndieanseduau Bias adld

4.2.2 FnsitldInuszansnmvesiauuudafanssu

dmiutuneunsinussaninmaiugnieslaifenldisnisiaussdninmde

[
P=1

Precision, Recall kag F-measure taafisnisanuinusanaluil

® Precision {WunsinAnuuiugvasdiuwuuiinnanssy e dnndmuiuids
wuuInAnssuiwegnaesuazsidufanssufidideiansan Sddnsdiuminlusiudiuau

Aanssuignihwerdufanssuiimasiansanvianus aunsafuIunIaunsn (@.1)

rp (@.1)

p . . -
recision TP + FP

® Recall tTun1siaaiugnsieswesfmuuuidfonssy Tneinaindiuiuisn

a o o

wuuiifanssuvinegniesasiufanssufimdafionsan hildasiduwinlunsiuiuau

Y

AINTTUNAAINITUIAUA FUNTOAIUIUANAUNISTN (4.2)

rp (a.2)

Recall = TP-I——FIV

® F-measure (Jun1sinAugndeduazuiugvesdiinuuiinfanssy lagld

ANLRAYYDY Precision way Recall @1u150ANUIAINENNTTN (4.3)

2 X Precision X Recall (4.3)

F — measure = —
Precision + Recall

v

lgfl TP (True Positive) A $1usuassiidwuuidifanssuriiuiegndes wazidu

AINTTUNMAINITEUN

Y

FP (False Positive) fio d1uauassidawuuidnfanssuitueldgndes widu

ANTIUNAAINAITUN

Y [

FN (False Negative) fio 1uiuasafisauuuianfanssuiunglidgndes wazlailu

[

AINTTUNMAINITEUN
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4.3 N13IAUTLENTAINANUINABIUAZANUUUEI1VBINTTIINNINTTY

msneasdluinerinusilauisudiouisnsiidiaus Impersonal smartphone-
based activity recognition using the accelerometer sensory data (ISAR) 15115 An
improvement impersonal smartphone- based activity recognition using the
accelerometer sensory (ISAR+) 1835115 Adaptive mobile activity recognition system
with evolving data streams (STAR) iudeyafianssy WISDM wagdayananssy UniMiB-
SHAR TagaziUTsuiiisulssansamanugniesuasanuusiug1vesnisisnfanssu dad
wanduananisnaosieseluil

4.3.1 nansnanasnudayananssy WISDM

N1539MINTIUIIEITNT ISAR, ISAR+ Uag STAR fludaya WISDM UaRIHAaNS

Fam97971 4-3 g 4-5 anunsaduamei iaUsEansamanugneduazaLusiu1ves
NN3391MANTTUAIYTINT Precision, Recall wag F-measure WEAIRINNT 4-a T 4-6 AuiTiu
113813 ISAR+ TiUszAvBniwannugnaesuazasLiugIveInIs I RansTuaATgalunn

nanssu leanzeg1984ianssuNIle M58U kaEn1TIe NHAIAINYNABILATAIHLIUE

i I

1INN31 90 Wasidud wazmanafiisnis ISAR NfAIAINGNABILAZRIUE1V0IN1T3I

[

NINTIUNTLIALNTTWINAUAUTINT ISAR+ 1HB391ANT 2 FFUTURDUNITIIININTTUIUY

79 (Dormant activities) MAlouNU

M1519% 4-3 Confusion Matrix N13331NANTTUAIEITNNT STAR fiudaya WISDM

Prediction activities

Standing Sitting Walking Stairs Jogging
.jf_)) Standing 27,740 2,240 1,320 6,620 600
% Sitting 220 44,600 1,780 80 3,320
% Walking 13,300 14,980 172,340 15,140 7,540
§ Stairs 10,760 9,540 22,200 79,900 7,500
Jogging 620 3,980 20,200 11,640 140,660




M1519% 4-4 Confusion Matrix N13331AINTTUMEITNNT ISAR fudaya WISDM

Prediction activities

82

Standing Sitting Walking Stairs Jogging
é Standing 35,060 3,020 60 380 0
% Sitting 2,420 47,160 20 400 0
% Walking 20 20 170,640 28,560 24,060
§ Stairs 500 140 42,200 76,860 10,200
Jogging 0 0 22,840 15,680 138,580

AM5147 4-5 Confusion Matrix n13331A9n553%838M3 ISAR+ Audeya WISDM
Prediction activities

Standing Sitting Walking Stairs Jogging
é Standing 35,060 3,020 20 400 20
% Sitting 2,420 47,160 40 380 0
% Walking 20 20 188,940 21,560 12,760
§ Stairs 500 140 31,020 92,680 5,560
Jogging 0 0 6,820 3,080 167,200

Precision

Standing Sitting
I STAR

Walking Stairs Jogging
[ ISAR [T ISAR+

AN 4-4 unuIuviaSeuLigy Precision 581131938013 ISAR, ISAR+ Uag STAR sagdeaya

AanTIU WISDM
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Recall

Percent

Standing Sitting Walking Stairs Jogging
[0 STAR [0 ISAR [ ISAR+

AT 4-5 UHUQIWVINUSBUEU Recall 58m91938015 ISAR, ISAR+ uaz STAR medaya
NanTsu WISDM

F-measure

100
%

o
80

60

Percent

40

20

Standing Sitting Walking Stairs
[ STAR [ ISAR [ ISAR+

AT 4-6 UnUIUNLUTEULIBY F-measure 5¥131998015 ISAR, ISAR+ Uag STAR g

¥

UYBgANINTIU WISDM

4.3.2 wan1maassiudayafianssu UniMiB-SHAR
N1539MINTIUMETTNT ISAR, ISAR+ Uag STAR fiutoya UniMiB-SHAR Lan3

HATNSAIMITIN 4-6 D 4-8 @unsaAIumIefinUsEavEnnaugnBIwazAILLIEN

=

YDIN1T3INAINTIUMEITNT Precision, Recall uay F-measure WAAIFINING 4-7 63 4-9 9%

1
a a v e

WININIEN15 ISAR+ HUsEAVBNMTIAINNABIMAZAINWINEIWRINIT SN SuAIRTIanTY
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a

NN 9 ANy

walugL1INNIT 90 Wasigus

RN DE1989NINTTUNITUI N1STY LaLn1SIe Nl
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AAUYNABILAZAINY

M1319% 4-6 Confusion Matrix N13331AINTTUMIEITNT STAR fiutoya UniMiB-SHAR

Actual activities

Prediction activities

Standing Sitting Walking Stairs Jogging
Standing 256,200 48,500 4,100 8,650 2,100
Sitting 74,050 315,300 8,400 6,500 1,100
Walking 25,200 34,350 338,850 52,450 32,050
Stairs 12,500 35,000 82,000 239,600 26,100
Jogging 5,600 5,400 15,050 14,200 205,250

M13199 4-7 Confusion Matrix N13331AINTTUMIEITNT ISAR futaya UniMiB-SHAR

Actual activities

Prediction activities

Standing Sitting Walking Stairs Jogging
Standing 315,650 3,400 450 50 0
Sitting 1,000 404,100 200 50 0
Walking 500 150 357,250 82,350 42,650
Stairs 350 100 129,750 235050 29,950
Jogging 0 0 30,850 25,200 189,450

M1519% 4-8 Confusion Matrix N13331NINTTUMIEITNNT ISAR+ fiutaya UniMiB-SHAR

Actual activities

Prediction activities

Standing Sitting Walking Stairs Jogging
Standing 315,650 3,400 450 50 0
Sitting 1,000 404,100 200 50 0
Walking 500 150 404,850 62,650 14,750
Stairs 350 100 107,800 276,800 10,150
Jogging 0 0 10,200 9,500 225,800
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Precision

100

>
80 A

60

Percent

40

20

Standing Sitting Walking Stairs
@ STAR [ ISAR 0 ISAR+

Jogging

AN 4-7 unuIuviaIeuliey Precision 581131938013 ISAR, ISAR+ Uag STAR sagdeaya
UniMiB-SHAR

Recall

Percent

Standing Sitting Walking Stairs
[ STAR [ ISAR [ ISAR+

Jogging

A 4-8 uiuTuiaUSEUWiBY Precision 5¥n3I9I8019 ISAR, ISAR+ Wag STAR medaya
UniMiB-SHAR
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F-measure

Percent

Standing Sitting Walking Stairs Jogging
@ STAR [ ISAR [ ISAR+

AN 4-9 UHUDIUUTIUWEU F-measure 58191995015 ISAR, ISAR+ Uag STAR 69
Uoya UniMiB-SHAR

4.4 M5IAUTEANSAINATULIAIYEINTZAINAINTTY
dnunmsTnUseansangunaivedinisfitaue Impersonal smartphone-
based activity recognition using the accelerometer sensory data (ISAR) Lag35n15 An
improvement impersonal smartphone- based activity recognition using the
accelerometer sensory data (ISAR+) tUSyULABUAUITN1S Adaptive mobile activity
recognition system with evolving data streams (STAR) %ﬂaﬂuﬁﬂiﬁﬂﬁﬂﬂﬁu ﬁu%’a;ﬂa
NIzLaLT9Ia1 Accelerometer sensor vadgunsalaunsnlvu lae3sn1s STAR lald3snas
windudeyalutumeunmsarsnuuidtanssy Faflenududoudaiaio 0(KND) lasd
K #o $1unundulunisudsngudoya N fe Swausesteyarmueuosusiasfongsy uag |

a

Ao Iwrumsgulumsuiingudeyaianssy dmduneunisidnanssuisnig STAR Lald

Y

msuusngudeyasandu 2 nguuaildunsiavatedalunmssyyfonssy dudianududowds

nafe 0(2nl) + 0(Kn) neh n Ais Suiumegeteyananssuniely 1 window @Wueg

v v a

UdnIduiieg1avestayativ) waglutuneuuuussiauuuiiinanssuisnis STAR daiy

FudaulgwIal Ao 0(Kn) @7u35n15 ISAR Tuduneunisasiadinuuianfanssulaviinig

=

wUasdayafanssududeyadiulonvuinnsgiudeuilunlingudoya delianududowds
natde O(N) + 0(KJ1) lagil J fie 31389 window Junaun153317anIsuI5N1T5 ISAR
Lildviniswusngudeyauagldiiios 1 smsinlunisseyfanssy Jdianududaudaiaiae

0(n) @35 ISAR+ TutunauaseikuuiInfanssuliinsuusngudeyauriinisulasdaya
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Aonssududoyadiudeavuuinsgiu avules armmuiuiy fedeududouidaaaiie
0(N) Iuﬁ?)y’umamﬁiﬁwﬁaﬂssﬁ%mi ISAR+ Tiies 1 11esTalunisssynanssuumgai
339 ISAR Fetudafiaududeudanaie 0(n) LLas%umauﬂwsﬂ%’Uﬂgaﬁaquiﬁﬂﬁﬁmiim
315 ISAR+ Ffansandrdudsauunsgu Aaaldwazannuuiuiuresteya

Mgty window FTANNFULDUTIAT Aa 0(n) LaARIRINISIN 4-9

A5199 4-9 ANUTULDUTIIAN1VD9I0M15 ISAR, ISAR+ LAy STAR

N3 Tumauadefuuy | Junoudsifonssy | dunsuuiuused
$9fanssu wuuZIfanssy
STAR O(KNI) 0(2nl) + O(Kn) O(Kn)
ISAR O(N) + 0(K]D) o) laifduneud
ISAR+ O(N) o) oM

ATl 4-9 THussuifisuarududoudenanildlunisdunvesdunounis
45199 UUIIIAAINTIU N19391NINTTUKAENTUTUUTIMILUUIINNINTTUVRIITNTT ISAR,
ISAR+ ua3BN13 STAR Betunaunisaitsiauuuisifanssuiuiinis ISAR+ fuseansam
Frunaniidfian Wosmnduisnmadelildvhnswandudoya Juilvdunountsdman
anasn wasiieliiuamdnudduidldaoshnmanaseuiunailflumsaiisiuuy
$9IMANTTUVBIITNNT ISAR, ISAR+ Uawd3n1s STAR laglddeyafianssd WISDM wag UniMiB-
SHAR dediayatis 2 f8ms1n1sduiog1afinneiu $ufo 20 Hz uag 50 Hz anuddu Tng
finnsandesafianssu 5000 reens fis 50000 o8 Fadufanssunsiu nsts msifiu
1939 wagmstuastulafansuazi q fulfidudouadmiunaasy Ysvananaisnig
NARBIVLLAZDY CPU core i5-7500 3.40 GHz wazymiieaud1 (RAM) 8 GB Fadoulusunsy

Tagltn1lnmeu (Python) HAANSNISNAABILEAIRININT 4-10 Way 4-11



Time (seconds)

Offline Phase (Modelling)

8 ~®-

ISAR
—o— [SAR+
STAR

é)OOO

10000 15000 20000 25000 30000

Sample Data

35000 40000

45000

50000

88

AN 4-10 URUTEUUTEULTgULIAT TUNSA LI ATUR OUATILUUIINNINTTUTENINY

Time (seconds)

10

70M13 ISAR, ISAR+ Wag STAR mgdaya WISDM

Offline Phase (Modelling)

——

gy —®-

ISAR
ISAR+
STAR

é)OOO

10000 15000 20000 25000 30000

Sample Data

35000 40000

45000

50000

A 4-11 urugiiduSeuisunalunsiuintuneuaieiluuiTnanssusEning

78M13 ISAR, ISAR+ Wag STAR fedaua UniMiB-SHAR

97 4-10 waz 4-11 zmiwiwiaildlunisadefuuuiiinanssududoya
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5.1 d@5unan1santiiuanu
Ingnfnusdliinausiznisadrsfuvuisnfanssulaeldiznag impersonal
smartphone-based activity recognition using the accelerometer sensory data (ISAR) R
\Jumsadrsinuuiinfanssuliianzyana (Impersonal model) iannsaginfanssuiu
foyanszualisan Accelerometer sensor vosgUnsalauninlyiy Aanssuiianansaidile
BuRanssumisnieniniianun 5 Aanssu Idud nsdu st nasiu m9ia wagnistuas
Jule 1Judu waziSnis Animprovement impersonal smartphone-based activity

recognition using the accelerometer sensory data (ISAR+) %Qlﬁﬂ%’ﬂﬂqﬂmﬁﬁﬁﬁmﬁim

%
=

9113815 ISAR TiliUseanan1mungstu 38013 ISAR+ finseuuuiAnmeiuaastunau taun
fumeuoonladmivarsinuuiafanssy uastunouseulatddmivisiAanssuuay
YFudsaiuuiinanssy

funausanlail azfiarsandeyaiisindufanssuesls (Annotated data) ¥
ATAuUs (Threshold) dmiuuisussiamvesianssuduansuszian Téun Aanssuuvuis
wagAanssuuvuirdeulm wlasteyafanssududoyadiuidosuuninigiu (Standard
Deviation) ¥o3jan1uvuuiu (Density) Wagdayaninulas (Kurtosis) lagidenianizteys
Aanssuuvuiedeulm antuasifutogaagy 18ud erdauds (Threshold) Aadsvasdiy
\Deauuinessu AafevesnnumuikLiy uazALadsvaanuila

funausaulay $3Anssulnefiansanteyanszuadanainain Accelerometer
sensor vasau vy Suundeyaiitundnduianssnseiameylssedaudsiinlaly
funousenilat dwnniduianssuuuuiisazszyfanssudeinnsta Accelerometer line usi
fufufanssuuvuindoulmazseyfanssudaeuinsia SD Distance ndsmntuayld diu
\Jea1uun1n331 (Standard Deviation), ALK (Density) Lag A2 mlas (Kurtosis)

Junawidmsunisusudgsdnuuidifanssu welivunzaudugldusasynaa
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s U ¥ Ya o (%

Mnuansmaaesiidiausluinerinusifudoya wisom lagld33n1s¥n
UsAnSnmdauuuiinnanssuaigds Precision dmsuinauudugivesiuuuidnnanssy
Recall dwm3uinaugnieavesiuuuidifanssuuas F-measure FaduAiadsszning
AsLiuILAzANNgNABIvesfLUUSIIAanTTY uansfan g 5-1 Taeiilefiansanyn
N9NITUTINAUTTNT ISAR+ HArAduusiugwvindgy 87.57% A1ANUNADINIAY 87.14%
uazAldsAugnBaLazusLS WY 87.31% Wuiidfunanmmaassedeyaianseu
UniMiB-SHAR Wansfsninil 5-2 38n3 ISAR+ SlFansusiugusiniu 89.05% armnugndes
winifu 88.86% uazALaABAMgNFBILATIsILENYINAY 88.89% uandliifiuitiBnisainen
wuuFiAnssufiviausluivednusiiussavsnmanugniesiagauusiug1vaanssen
Aanssuiiiian

100 Average all activities (WISDM dataset)

87.14

Percent

Precision Recall F-measure

[ STAR [0 ISAR [ ISAR+

AT 5-1 UNunNuvieUseAnEa1mn1333RANTINIZNNT ISAR, ISAR+ Uag STAR fudeya
WISDM #Wa1sasaunniansss lneldiiinusednSan Precision, Recall uag

F-measure

dMFUUsEANEN AR IFIMUUITIRANTTUTURBWTT ISAR+ HUsEANTA MY

AN3138015 ISAR Lar STAR Lf19991038015 ISAR+ a@1u1saasedikuuidnfianssulaglyl

[

ndusiosiangudoya Fevinlivrsantunaunisiwinasld wagluduneunisiinnanssu

3813 ISAR+ lafinnsandnuaedeyananssulaewusionssueandu 2 Ussiam loun Aanssy

wuudakasuuuadeulnd nsiinfanssuudasysenldunsiniisaua 1 dauvintiu vivld
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Abstract—Smartphone-based activity recognition focuses on
identifying the current activities of a mobile user by employing
the sensory data which are available on smartphones. A light-
weight model and less inquiry users for true activities, are
necessary for deploying the activity recognition on a mobile
platform for identifying activities based on new sensory data
in real time. In this paper, we propose a new smartphone-based
activity recognition framework for evolving sensory data stream
called ISAR. It stands for Impersonal Smartphone-based Activity
Recognition. ISAR model is built using annotated sensory data
from a panel of user as training data and are applied to the
new users. Our new model is an offline and online phase. In
offline phase, we propose a new method for finding the threshold
value which used to distinguish between dormant activities and
energetic activities. Only a set of the energetic activities are
used to build a light-weight classifier model. In online phase, we
introduce the recognition technique of unannotated streaming
sensory data with different activities. The experimental results
using real human activity recognition data have conducted and
compared with STAR model in terms of the accuracy and time
complexity. Our results indicates that ISAR model can perform
dramatically better than STAR model. Moreover, ISAR can utilize
better than STAR model in real situation, especially across
different users and without inquiry users.

Keywords—Activity recognition, Streaming data, Unsupervised
learning

I. INTRODUCTION

In recent years, smartphone-based activity recognition has
been extensively explored in the research of mobile computing
due to its importance for context-aware application [1]. These
applications can be used for healthcare and fitness monitoring.
In addition, smartphones not only serve us a communication
medium, but also are equipped by powerful CPU and GPU [2].
Modern smartphones have incorporated diverse and powerful
sensors including accelerometers. They can be useful for
many purposes. One of these purposes can be monitoring the
physical activity from sensory data [2].

The objective of the smartphone-based activity recognition
is to analyze the continuous sensory data and identify the
occurrence of the current activities with high accuracy [3].
Therefore, how to be able recognize the human activities such
as sitting, standing, walking, running, upstairs and downstairs
by analyzing those sensors data, is interesting issue for many
researchers and developers. There exists many researches that
widely studied with different approaches. Most of researches

focus on traditional classification techniques such as support
vector machine (SVM), decision trees, k-nearest neighbor
algorithm (k-NN), artificial neural network, etc. The classifier
model is trained and tested using the collected and annotated
data by domain expert. When the model is ready to use,
the classifier model is used to predict activities from the
continuous sensory data. Since all the traditional classification
learning techniques use prior knowledge of collected data to
build the classifier models in external environment, and the
obtained models are static and general model. So they are
not suitable for classifying when the users’ activities profiles
or personalization of users’ activities change. The recognition
model will be retrained to update the model.

Many researches try to improve the classification learning
techniques without retraining the whole data set. MARS [3]
algorithm is dynamic classifier model and is built to facilitate
the adaptation of the classifier while the user’s activities pat-
terns change without retraining the model. During the training
phase, user performs the activities and annotates interactively
the data gathered from the sensors using a user interface.
These annotated data are saved to built the recognition model
in offline learning algorithm. The MARS model is anytime
updated on-board the mobile devices in incremental manner
when new labeled data are incorporated by user. Therefore,
MARS is a personal model which users must provide labeled
training data.

The recent and interesting model is STAR model introduced
by Abdallah and the team [4]. The STAR model is an
impersonal and adaptive activity recognition that incrementally
learns from evolving sensory data stream. The recognition
and adaptive process can perform on a mobile phone device
with limited resources. The STAR model build a learning
model from a set of labeled data obtained from one user,
and then adjust the model to fit the new particular users in
incremental learning manner without requiring labeled training
data from those users. It seems like the STAR model can
be generalization model, however, it has some limitations. If
the model fail to detect the occurrence of activities to new
users. It dues to the pattern of doing activities of new users
are different to the pattern of the user used to create the
model or the orientation difference of mobile device. Then
the active learning is performed to inquire the users about

978-1-5386-1431-0/17/$31.00 ©2017 IEEE
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true activities. For example, Fig. 1(a) depicts the snapshot of
the “Standing” activity of different users in WISDM dataset
which used to build STAR model. This figure illustrates that
“Standing” are totally misclassified for new users if such
users activities are different to the user used to create the
model. In addition, Fig. 1(b) shows the overlapping among
three activities including “Walking”, “Jogging”, and “Stair”,
that will lead to getting in poor recognition accuracy and
then the active learning will be performed. Moreover, there
are some researches [5], [6] attempt to solve the limitations
of STAR model by adding other sensors such as gyroscope,
GPS, and other body-worn sensors. Although it makes increase
accuracy of activity prediction, it takes more time to calculate
and cannot proceed on mobile device.

BN Stnding User 27
W Standing User 36

- Walking
- Jogging

Comnuarna
Z-axis

Xafis 4
(a)

Fig. 1. (a) 3D scatter plot of the WISDM dataset. (b) 3D scatter
plot of three activities of one user. Each activity is represented
by different color.

In this paper, we propose new activity recognition for
evolving sensory data stream called ISAR, which stands for
Impersonal Smartphone-based Activity Recognition. The pro-
posed framework is a accelerometer based and light-weight
framework for identifying the occurrence activities from the
continuous sensory data. ISAR is an offline and online phase.
In offline phase, we build classifier model from a set of
annotated sensory data based on characteristics of activities
and clustering approach. The online phase is recognition
component which can proceed on-board the mobile phone for
real-time data. Our main contributions in this work are: (1)
we propose the new method for distinguishing the activities
based on their characteristics. Our new method can be used for
identifying the sensory data into two types of activities that are
dormant and energetic activities from incoming unlabeled data.
(2) The new classifier modeling and recognition component
are introduced to deal with the overlapping data and to cut off
any inquiry the users about true activities

II. RELATED WORKS

The immense research in smartphone-based activity recog-
nition has widely used the learning methods. Most of learning
methods are the supervised learning algorithms. In existing
supervised learning, the annotated data is gathered to train a
classifier model offline in the external environment. Then the
constructed model is deployed for recognition the occurrence
activities. Nevertheless, the obtained model is static model

which cannot deploy in a realistic situation. Because phone-
based sensors typically produce streaming data which are
various kinds of change. This is the one of the main causes
should be concerned if we create the personal model with the
annotated of data from a panel of users [7]. For example,
Lockhart and the team [8] developed a smartphone-based
activity recognition named Actitracker. It uses Random Forest
to generate the activity recognition model with the annotated
of data from a panel of users, but it will generate much
more accurate personal model when retaining the model for a
specific user is perform [8].

A few researches have considered the streaming data for
human activity recognition. MARS [3] stands for Mobile Ac-
tivity Recognition System which can identify the occurrence
of activity in streaming data from mobile device. Since, the
model type of MARS is personal model which use training
data only from the user who utilizes the model. So in the
training phase, the user makes a gesture activity and labels
interactively the data gathered from the sensors via a graphical
user interface. the annotated data will be processed on-board
by the incremental Naive Bayes compared with C4.5 decision
tree. In the recognition phase, the new incoming unlabeled
data is classified using the built model. From the experiments,
MARS shows the feasibility to execute and update the model
from a stream of sensory data based on individual users labeled
data.

Another approach is proposed by Abdallah and the team
called STAR model [4]. STAR stands for STream learning
for mobile Activity Recognition which is smartphone-based
dynamic recognition for evolving sensory data streams. In of-
fline phase, this phase aims to build learning model for activity
recognition. A learning model represents a set of annotated
data for each activity in term of sub-clusters. Each sub-cluster
is extracted the summary information used to describe and
distinguish it from other sub-clusters. The online phase is
executed on board the smartphone for real time recognition.
It composes of recognition and adaptation components. The
recognition component uses to predict activities in each sliding
window using cluster-based approach and then an ensemble
technique is applied on clusters of each window [4]. STAR
model uses four measurements including Distance, Gravity,
Density and Deviation. These four measures are used to assess
the similarity of each new cluster with sub-clusters in learning
model. If all measures or three measures vote for the same
sub-cluster, the learning model is unnecessary to update the
summary information of such sub-clusters. Otherwise, if it
gives equal votes or each measure chooses different sub-
cluster, the active learning occurs that means the true label
is provided by user. In this case, incremental learning is
performed to refine the characteristics of such sub-clusters.
Although, STAR is an efficient model which can deal with the
continuous data stream and avoid retaining the model when a
new user utilizes the system. However, STAR model can be
misclassified for the new users if their activities are different
to the users used to create the model. Since, STAR model
uses data from WISDM, there exists the overlapping among
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Offline Phase (Modeling Component)

Online Phase (Recognition Component)

Accelerometer sensor data
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All data
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Fig. 2. The Impersonal Smartphone-based Activity Recognition framework (ISAR).

three activities including “Walking”, “Jogging”, and “Stair”.
This leads to getting in poor recognition accuracy, and then
the active learning will be performed.

III. ISAR FRAMEWORK

In this section, we introduce our new mobile activity recog-
nition framework for streaming sensory data, named ISAR. The
ISAR framework is divided into offline phase for modeling
component and online phase for recognition component as
shown in Fig. 2.

A. Data understanding

In this work, we exploit the real activity recognition dataset
for creating our proposed impersonal model. Thus, all exper-
iments are conducted on WISDM dataset [9]. This annotated
dataset contains data collected from user’s mobile phone
accelerometer sensor in laboratory conditions. A large number
of users carry a smart phone in their front pants leg pocket and
perform to walk, jog, sit, stand, upstairs and downstairs for a
specific periods of time. In all activities, the accelerometer
data were collected every 50 ms, so we got 20 samples
per second [9]. This dataset contains more than one million
labeled accelerometer sensory data called annotated data. The
example of WISDM dataset is shown in Fig. 3.

Lable

Sample Timestamp | ax | ay | az

sy |Sitting|14824292218000|-4.99|-2.26|7.88
s2  |Sitting|14824342298000|-4.99(-2.30|7.96
s |Sitting|14824392255000|-5.01|-2.30{8.01
s; |Sitting ar; | ay; |az;
sy |Sitting ary |ayn lazy

Fig. 3. The example of annotated data of sitting activity data
provided by WISDM.

B. Offfine phase

In ISAR framework, we begin with building the modeling
component in offline processing. The modeling component
aims to build a classifier model (CM) used for activity recogni-
tion component in online phase. To deal with the overlapping
problems, the pattern of acceleration is considered. For further
using, the acceleration values of x, y, and z axes are called

X, y, and z values respectively. Figs. 4(a) and 4(b) plot the
acceleration values of three axes of sitting and standing. As
seen in these figures, the x, y, and z values are almost steady
state [10], so sitting and standing are dormant activities. The
acceleration lines of both activity have different remarkable
features as well. For sitting, the x values are close to y values,
but the z values are deviate from the other acceleration values.
For standing, on the other hand, the y values have the greatest
values and deviate from x and z values, but the x values
are close to z values [10]. Figs. 4(c), 4(d), and 4(e) show
the acceleration of three axes of walking, stairs, and jogging
respectively. All these acceleration graphs illustrate that the
X, y, and z acceleration values are very significantly, so these
three activities are called energetic activities [10].

Acceicration value
i
excleran

A

(a) Sitting

¥ aw
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Acceleration valoe
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Fig. 4. The deviation of the acceleration values of x, y, and z
axes of the five activities.

Let act be the set of activities in annotated data,
act is composed of the set of samples S, which S
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{s1,82,...,8;,...,8n} where N is the number of sam-
ples in each activity. Each s; is defined as a 4 — tuple,
(az;, ay;,az;,t;) where t; is the activity label of the sample
s;. The modeling component is consisted of three steps as the
following.

Step 1: Converting the acceleration values to the standard
deviation values. First, for each acceleration value s;,the
magnitude datum M; is computed using equation (1) [11].
Then, for each activity we employ a fixed window of size n
samples used for calculating the standard deviation SD; using
equation (2). In this work, n is determined as 20 samples.

M, = 1/a1%+ay,?+aztz (D)

where M;, is the magnitude of acceleration value i, i =
1,2,3,...,N.

n

> (M — ;)2 ¢)

i=1

1
n—1

SD; =

where SD; is the standard deviation of samples within win-
dow j of each act, and M; is the average of samples within
window j.

Step 2: Finding the threshold value used for classifying
between dormant and energetic activities in online phase.
First, the minimum of the standard deviation of energetic
activities and the maximum of the standard deviation of
dormant activities are computed. Then the Threshold (see
Algorithm Offline Phase) is obtained by averaging these two
values.

Step 3: Building the classifier model (CM). Only energetic
activities including walking, running, and stairs, are used to
build CM. Since the overlapping problem emerges from these
three activities as illustrated in Fig. 5(a), so the original data of
these three activities are transformed to S D space as illustrated
in Fig. 5(b). This figure shows transformation to SD space
which can overcome the overlapping problem. Thus, for each
activity, a fixed window of size 20 (n) samples are used for
calculating the standard deviation of each acceleration axis.

W Walking BN Walking
. Jogging e | 12 . Jogping io
— Stairs L2828 - - Stirs

)
Xayd g

() (b)

Fig. 5. (a) Scatter plot of energetic activities data. (b) Scatter
plot of energetic activities data in SD space.

After that, we apply the clustering-based approach to split
each energetic activity into K sub-clusters (sc¢). For prelim-
inary study, K is set to 3 for each energetic activity. In
this work, we use the Gaussian mixture model (GMM) for

clustering data. Finally, we extract only the statistics summary
of each sub-cluster and discard the data from the system to
save the memory. Because the CM must be processed on board
of mobile device. The statistics summaries of sub-clusters
include the following.

° Weight,., is the total number of data samples that
belong to the sub-cluster k.
. Centroids, is the center of sub-cluster k. For

d dimensional data sample, K is the number of
sub-clusters. Centroids., is also a d dimensional
vector of the average value of the samples inside
the k" sub-cluster as equation (3). So, we defined
Centroidse, = (c1,¢a,.. ., ¢q), as follow,

_ 2111 Pi
Weightse, '

3y Cly e

& (3)
where ¢; is the centroid of the {* feature, and P is the [*"
feature of the i*" sample inside the sub-cluster scy.

All details are described in Algorithm Offline Phase

Algorithm 1: Offline Phase (Modeling Component)

Input : N = set of annotated data of all activities.
Output: (1) CM = {Centroids., ,Centroidsc,, . ..,
Centroidsc,, },
(2) Threshold.
1 for each act in annotated data do
2 for each window j do
3 Compute M, for each sample using eq. (1)
4 Compute average magnitude M; of window j.
5 Compute standard deviation SD; using eq. (2).
6
i
8
9

end
end
Find the maximum of standard deviation of dormant activities SDyqz .
Find the minimum of standard deviation of energetic activities S D, ip.
10 Compute Threshold = ‘;DL;SD"M
11 for each energetic activity act do
12 Let D be the empty set.

13 for each window j do

14 Compute the average values (az;,dy;, az;) of each
acceleration values x, y, and z.

15 Compute the standard deviation of each acceleration values
Std = (SDax;, SDay;, SDaz;)-

16 D = Du Std.

17 end

18 Cluster D into k sub-clusters using GMM algorithm.

19 Compute Centroidsc,, of all sub-clusters and add to C'M.

20 end

C. Online phase

This section describes how to utilize ISAR for identifying
the occurrence activities when dealing with the continuous
sensory data stream. Thus, the recognition component is used
to predict the activities in the data stream with a single pass
and throw away of data, and can perform on the smartphone
with limited resources. Fig. 2 also shows the process of
recognition component in the streaming environment. Firstly, a
continuous fixed size of sliding window is applied to segment
the stream of data, and each small data chunk is performed
the following steps.

Step 1: In pre-processing step, we compute the magnitude
of acceleration value for each datum in the chunk by using
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equation (1), and compute the standard deviation of all samples
in that data chunk by using the same formula of equation (2),
denoted as SD.

Step 2: If SD is less than the T'hreshold value obtained
from offline phase, then all data in such data chunk will be
the dormant activities. Otherwise, all data in such data chunk
will be the energetic activities.

Step 3: For dormant activity, we found that the distances
among acceleration value X, y, and z are significantly different
and can be used for separating the sort of activity. The average
of acceleration values X, y, and z is calculated denoted as
ax, ay, and az respectively. Then, the distance between the
average value is computed by using equations (4) and (5).
Therefore, sitting and standing activities can be distinguished
using the proposed rule-based as follows:

If Dist(ax,az) > Dist(ax. ay) then activity is sitting.
If Dist(ax,ay) > Dist(dx,dz) then activity is standing.

Dist(dw, ay) = / ax? — ay? @

Dist(dw, az) = \/ dx? — az? 5)
For energetic activity, the incoming data chunk is consid-
ered as the new sub-cluster. Thus, we compute the standard
deviation of all acceleration values in such data chunk. After
that, the classifier model (CM) deploys the Euclidean distance
to assess the similarity of the new sub-cluster with CM sub-
clusters. Then, the classifier model decides on the predicted
label as the sub-cluster with the nearest distance.
All of the details are described in Algorithm Online Phase.

IV. THE EXPERIMENTS

In this section, we describe the evaluation of our proposed
framework and report the experimental studies on the public
database WISDM [9].

A. Experiments setup

To evaluate the recognition quality of ISAR framework,
this work uses WISDM dataset for testing the model. This
dataset consists of 18 users that each user performed the
five activities. There are 1,078,140 samples for sitting data,
1,001,980 samples for standing data, 5,594,020 samples for
walking data, 3,062,720 samplse for stairs data and 4,445,160
samples for jogging data. Since, ISAR is the impersonal model,
so we use the notion of k-cross-validation to evaluate the
model. In this work, %k is set to 18 which is the same as
the number of users. Thus, one user is used for the training
data, and the remaining k& — 1 users are a validation data for
testing model. The cross validation process is repeated & folds.
The results of k folds can be averaged to produce the overall
results. Since ISAR framework is a smartphone-based and uses
only accelerometer sensor like STAR framework, so we will
compare the performance between ISAR and STAR in terms
of accuracy and time complexity.

Algorithm 2: Online Phase (Recognition Component)

Input : (1) Set of non-stationary streaming data,
(2) CM = {Centroids., ,Centroidsc,, . ..,
Centroidsc,, },
(3) Threshold.
Output: The predicted activities (Pyet).
1 while stream is not empty do

2 for each fixed size window j do

3 Compute M; using eq. (1) of each sample in window j.

4 Compute average M. ' of window j.

5 Compute standard deviation SD; using eq. (2).

6 if SD;j < Threshold then

7 Compute the average values (di;,dy,, az;) of each
acceleration values x, y, and z.

8 Compute Dist(ax,ay) and Dist(ax,az) using eq. 4 and
S.

9 if Dist(ax,ay) > Dist(ax,az) then

10 | Pact = standing

1 else

12 | Puct = sitting

13 end

14 else

15 Compute the average values (az;,ay;. dz;) of each
acceleration values x, y, and z.

16 Compute the standard deviation of each acceleration
values Std = (SDax;, SDay;, SDaz; ).

17 Find the nearest sub-cluster w such that

18 w = argming=1,... k (||Std — Centroidsc,||).

19 Set the activity of sub-cluster scq, to Pyct.

20 end

21 end

22 end

B. Experimental results and discussions

In this section, we report the experimental results of ISAR
and STAR models for activity recognition on WISDM dataset.
Since STAR model incorporates active learning for evolving
data stream when the model cannot identify the occurrence
activities by inquiry user for true label. Therefore, we imple-
mented STAR model into two types which are STAR with
active learning and STAR without active learning. For STAR
with active learning, when the model cannot recognize the
incoming activities of the testing data and active learning will
be required, we use the actual labeled data of testing data
as the answers obtained from the users. The summary results
obtained from the experiments that presented in Table I. This
table indicates the predictive accuracy accordance with each
activities. The percentage numbers in parentheses show the
number of inquires users for true label of STAR model with
active learning.

In Table I, it demonstrates that STAR model achieves high
level of accuracy every activity. When comparing between
ISAR and STAR with active learning, Table I shows that
ISAR model can achieve the good performance. For dormant
activities, standing and sitting, JSAR can accomplish accuracies
above 90%. For energetic activities, jogging is easier to
recognize than stairs and walking because jogging extremely
changes in acceleration value and rather separated cluster
as illustrated in Fig. 5(b). For walking and stairs, they are
much more difficult to identify because their characteristics are
quite close and their clusters are still overlapping. Although
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there exist some overlapping problem. /SAR can still recognize
walking and stairs activities quite well than STAR with and
without active learning, because ISAR model does not need
users to assign the true activities for the unidentified activities.

In addition, both of ISAR and STAR are light-weight model
and can utilize the models for real time activity recognition. So
we performed the analysis of processing time by comparison
with these two models as shown in Table II. First, we begin
with analysis ISAR processing time. The main computational
complexity in offline phase arises from two main processes
that are finding the threshold value and clustering algorithm.
In finding the threshold value, we consider all the stored
annotated data, so the computational complexity is O(Nm)
where NN is the number of annotated data and m is the
number of windows. For clustering approach, we apply GMM
clustering for energetic activities to build classifier model
(CM) with a complexity of O(kmi) where k is the number of
sub-clusters and 4 is the number of iterations to perform the
clustering. In online phase, ISAR performs only recognition
processing by considering each window, so the processing time
is O(mmn) where n is the number of instances within a single
window. For STAR model, it also applied the GMM clustering
approach to create the learning model, thus the computational
complexity of creating the learning model is O(kN4). The
online phase of STAR model consists of recognition and
adaptation components. The recognition component identifies
incoming activities in each window with a clustering-based
technique by partitioning into two sub-clusters. Thus, the
complexity for clustering data in each window is O(2ni) and
the recognition technique in STAR complexity is O(k) where
k is the number of sub-clusters in the learning model. While
the processing time of the incremental adaptation technique
is O(nk). If we consider the utilization in real environment.
ISAR is more applicable than STAR model, because clustering
technique does not require in ISAR model.

TABLE I. THE PREDICTION ACCURACY OF THREE MODELS.

Techniques Standing Sitting Walking | Jogging Stairs
ISAR (%) 90.26 96.43 60.77 79.41 49.22
STAR without 24.08 18.93 27.00 25.96 21.03
active learning (%)

STAR with 7724 95.64 73.05 81.43 59.10
active learning (%) | (52.6%) | (79.0%) | (45.5%) | (55.0%) | (39.3%)

TABLE II. THE COMPUTATIONAL COMPLEXITY OF ISAR AND
STAR MODELS.

Techniques Offline Phase Recognition Adaptation
ISAR O(Nm) + O(kmi) O(mn) -
STAR O(kN7) O(2ni) + O(k) O(nk)

V. CONCLUSIONS

Smartphone-based activity recognition is an important view-
point in developing pervasive applications such as healthcare,
elderly care and fitness monitoring when dealing with evolving
streaming data. In this paper, we research on the physical ac-
tivity recognition based on accelerometer embedded in mobile
devices. We have developed ISAR, an impersonal and light-
weight model for identifying activities in a non-stationary

sensory streaming data. The ISAR model is developed by using
annotated sensory data from a panel of user as training data
and are applied to the new users. The offline-online framework
is used in ISAR model. In offline phase, we build classifier
model from a set of annotated data based on characteristics of
activities and clustering-based approach. In online phase, the
recognition component is utilized on-board the mobile phone
for non-stationary data.

ISAR’s ability to distinguish the activities based on their
characteristics — dormant and energetic activities is one of
our contributions which ISAR can recognize the activities
quite well. In addition, ISAR model does not inquire users to
assign the true activities when the unidentified activities occur.
The developed framework is evaluated with the real datasets.
The experiments showed that ISAR model could successfully
identify activities from the evolving data stream and could
apply across different users. As a future work, we plan to
improve the recognition component in online phase that may
further enhance the accuracy of ISAR model.
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