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Abstract

Smartphones are devices that help users to facilitate various functions at
anywhere in anytime such as sending and receiving an email, electronic transactions,
and their private data. Many users use a smartphone to store personal information and
bank account details which are sensitive information. These may be at risk if the
device is stolen or lost. To protect users' data on mobile devices in traditional ways
the user authentication approaches are PINs, passwords, and fingerprint recognition
which are active user authentication. Passive and continuous user authentication will
secure users' data in the smartphones that the user does not need to manually verify
their identity and repeat the verification for a certain period of time.

Therefore, we have developed an application that has passive and continuous
user authentication to reduce the risk of being attacked by any attempts to access the
smartphone by using behavioral biometrics such as standing, walking and running to
continuously monitor smartphone users. Nowadays, smartphones have sensors that
provide enough information to recognize human activity which we can use this
information to analyze human activity using machine learning methods. We developed
the models for the application development which can be classified into two
segments: 1) models for activity recognition and 2) models for user authentication. The
data from smartphone sensors collected from four positions of the user’s body,
including the right pocket, wrist, upper arm, and belt. To develop the models for
activity recognition, there are three steps consisting of (1) data pre-processing (2)
feature extraction (3) training process using SVM, k-NN, Decision tree, and Bayesian
networks. To develop the models for user authentication there are four steps
consisting of (1) data pre-processing (2) feature extraction (3) feature selection (4)
training process using one-class SVM and one-class k-NN to verify user authentication.

From experimental results for activity recognition, the model from SVM can
achieve excellent activity recognition performance with 99.48% on an upper arm. For
the user authentication model, one-class SVM returns the magnificent results of
97.35% with sitting activity and belt position. These models will be used to develop a

passive and continuous user authentication application.
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2. Data Segmentation
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magnitude = \/x2? + y2 + z2

W X, y WaY z WNUAT x-axis, y-axis hay z-axis AINa16U
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1nele35 fixed-size window segmentation Lﬁaﬁmﬂisaﬂﬂﬁ
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Classification) 33nanila Tnedaiduisnsduunusziandeyauuuiiiiinaey
(Supervised Learning) wiansinsufneuresioyasgroundrnniulilunalunis
SuunUssinndeyaaindeyafinaouiinsumneuitnisduunagliiBnmsinsgian

15



tToyafilndiAssiigndruan k é futeyafifeansduundssiamvestoyaviosdosnis
ueraavesteyatrlagagyiiung munanadiulngvestayann k 63

2) Support Vector Machines
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3) Decision Tree
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4) Bayesian networks
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Guiinlinewntil viseld Inemlumsinuvesnssuiunistinuld
| < = = = = o o =
vanldinn wsiziluns Wisuieuiuunilsonils Suiudeyai

U = a 1 A 1 a U vV
foaUSeuiisulinnnmilouatia ﬂimmiizqmmupﬁmm
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Tutuneunsusufmussuuasdadulaigliduduglifignfesdodudioy
919 lagBnnsiiidentdne

1) One-class SVM

Judane3fiufiusuisnisunn sVM Wiewdtymnissiuunussinnuesnana
e Aunilsiduaugiuass duvairmsenaulawesseuteyaiirdsnsoungy
\Founnyn Tugedeyasneieiigavndoualneguonnsenauazgmiresn Tngenadl
foyavsdudign theanluiduteyafigniosisfos funssnandaveuldunniulae
flafduiaesiua fogrsianng 7

- learned decision function
00O true inliers
8 true outliers

2. one class SVM (errors: 26)

AN 7 AINLAAINITYINIUTS One-class SVM

2) One-Class k-Nearest Neighbor

FilarUszanumaumudulneldsrssmmosdeyaillndfianfusnidu
Tnefdeulviheumuuiuvestoyatdrdudesnnnimiewniunumuuiues
foyayatinaoumarinund k duasuandteiuly enisdfiuen k agiilvinisnsadu
mssuunduaiduanasumutosas Insanunsaldszoznaadeves k fu k fusn
Junasivesals annsarsdsududiginimiesmnivilendsumiulluns
pvadumsdiuun fegadsnng s

Test Sample
A

AN 8 ANLERINITINIUTDS One-class k-NN
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1m8 One-class k-NN anunsadadulalaain
O ideyaiudidurn z Tneagm nearest neighbor 484 z 9140
Hnaou lngagisoniny
O n&aantiuazyinisman nearest neighbor 1849 y Ineasmuslidu
NN(y)
O angns azduuniy z Lﬂuﬁﬁaaﬂaﬁﬂmﬁmmaﬁdﬁ

°1 Threshold A8 1 w@a1u1s5aLaNlARILAIILADINIT

2.1.5 n1sUszluUszansnn (Evaluation)

MsUssiliudszavzamvedlumaaunsavilalagn1snaaeunistwunussny
Joyasigtayanageu (Testing Data) uazintnsusziiudsz@ninmuediing oy
Tumansin 83u1ualdmmugndes (Accuracy) Bmanedia Asnsdruiluna
anansaduundeyals egrgndes Feanunsaduinildanaums

108
TP %38 True Positive fia Surudeyaniinisdwunaaiatvane Positive 1u
Positive

= N a ° v Ao o . =
TN ¥30 True Negative fia S1urudeyaninisduunaaiaidming Negative Uu
Negative
FP %38 False Positive fio d1uiudayaniinisduunaatadivune Negative 1Ju
Positive

= . a ° v Aa ° L. I
FN 1138 False Negative Az 9 uiudeyaniiinisiuunaaiaidmng Positive 1

Negative

dnlunanistuduimaugldanuyinsussdiudssansamlagldrnugnaes
(Accuracy) ANn3ULHasHA (False Rejection Rate: FRR) iR A18nsINgUS s
mar;huudﬂi%ﬁgﬂﬁaq WAEAINNTEUAYIRHA (False Acceptance Rate: FAR) visngi
AsRTINIManTeRUeILeU191nNINTINTU Fsanansadualldanaunis
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2.2 MUIeNNYIVD

2.2.1 Gait authentication on mobile phone using biometric cryptosystem and

fuzzy commitment scheme [3]

AU : ang Hoang, Deokjai Choi, k&g Thuc Nguyen

Thang Hoang, Deokjai Choi, kag Thuc Neuyen tananifessuunsudusaulagly
M54 971 inertial sensors Meguuaininliiy TaeidussuumsBususinusonsidiuuy
aunluiil pnudaendeuazanududiun Tnelduselemiann fuzzy commitment
scheme unuftagifiv winuu(template)msiiudain dwsunmstusuglfiduieniuisily
fideldmsraaeuiliriudd AAulidednsadrsialulemsdn Tnsusiuuumsiduiisiusiuan
\wuiwe3 accelerometer Y89 ANl Fsmsduunusiuuy (template) MsLAuazgN
avRdeUMiori munATIwesTan Weasssuudnsialulamninfidetunisiiu 3
ﬂizﬁm%mmmswuﬁﬂ‘i%’aﬁwLauaﬁ?uiﬁﬁ’lmiﬂizLﬁuuuﬁqm%’aqﬂammﬁaé’@mmﬂmﬁuﬁuaa
o1anasias 34 Ay nadnETlFAe i False Acceptance Rate(§nsnnsufiasmssinunnglen
9nABd) 0% WazA1 False Rejection Rate (§nT1N15MaATEAYRIRLUANUARLINNTATITT)
16.18% aanndadfiuninuenifdvesszuy amnulaendefisedu 139 On naannsnnaeLans
Tifiuindves False Rejection Rate Ssasroudnaguilawiivufunmsthsialulemmdndunis
Taneiaile dum wazanewdu)

2.2.2 Multi-sensor authentication to improve smartphone security [4]

Hlea : Wei-Han Lee Uag Ruby B. Lee
Wei-Han Lee wag Ruby B. Lee Ialuiueas 3 fafAe accelerometer, orientation

sensor kaz magnetometer tngldmatin SYM Wudanesiiunisduuniuszuy Fefeyaildiumn
INNSAUMIE HenFEuTiaunIsANYILED 4 AL INUNINETEY Princeton) wazdayadn
Kayacik et al., 2014 (Wntfikaztiniseu 4 Ay 3nNRIINEdy Glasgow Caledonian) Live
9 s Y] v A & a A Y o v & !

wenuezvesanIinui fldseduieradudlanivieulue udadmadnsvesdn accuracy
nNNsIEoana3fiu SYM 119n15 WIBuisuAUYeuAazigulges AUATTINALYDN 2 loules
WAL 3 WUWS TINUIN orientation sensor UUiA1 accuracy 1eenI1 accelerometer Way
magnetometer A3tiU Uaya7ilaana1n orientation sensor AslidAayviniu accelerometer wag

magnetometer faluulliufaginlalatiosunnnin
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2.2.3 Smartphone-Based Gait Recognition From Authentication to Imitation [5]

AU - Muhammad Muaaz Wag René Mayrhofer
Muhammad Muaaz Wag René Mayrhofer na1nen1susziiiuniulasniy U99530UnIs

andnsiu Ingldanvivunayldtinmeiaun woundiadu Android sldiwumes
accelerometer yasasnlnuiioiiudoyanisfusgiseiilos waglivaaouussansnmuos
szuuil Tngldandayasiuau 35 au udaddviEBuaesuaeudafudldamn sulviuuny uasld
Wisuilsuiiu template nsduiicufinliudlagld DTW(Dynamic Time Warping) «Junsin

U s a a = i & o W S o Y =
FLYLNN NAANTAD UAINUNANAIN 13% "?NV'@J']EJV‘TJ']ll')'ﬁg‘U‘UEJusJu@]']ﬁ]uuu@Jﬂ'ﬂiJgﬂm@ﬁﬂﬁ 87%
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uni 3
ad o a\ = v 174
A5 N1IATLUUITUANYIAUAIN

mMaiannliean1siindiewonagmstususaugldanulaslinismsteuiveaniesing
(Machine learning) Tulasssuiianvhlddnunasdiiiununudunou fuiolud
3.1 38N1IATUNTINY
1. Download dataset 910 https://www.utwente.nl/en/eemcs/ps/research/dataset
a. Physical activity recognition dataset
b. Sensors activity dataset
2. afalunadmsunsidndsenvalagly Physical activity recognition dataset uag
classification algorithms.
nageuUTEaEA nvedlinanis3INdseun
adueadmsunstuduiinugldaulagly Sensors activity dataset wag One-
class classifier algorithms
5. veaeuUsavsamlunadmiunstuduiinugldau
WALLDUNALATULOUATEAEI NS UNTEUTUR IR
7. ayunanisveasdiardaviiguiaulasenu

3.2 wauMsAuunaanlAsu

A15199 1 wrunIseiiuey

WANUNITATEUUY 2561

2,
= 3,
c

d.a. | N.Y. | A.A. | W8, [ 5.A. | U.A.

..

9N

1| Anwouwideuasngufifesiun1ssindseivn uay mstudu | x X
fnulegldnisidndsenun
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https://www.utwente.nl/en/eemcs/ps/research/dataset

2 | Anvmnyadeyauazidendanasiuitethunldlun1sive X X
anilvanyatoya 910
https://www.utwente.nl/en/eemcs/ps/research/dataset/
o Physical activity recognition dataset
. Sensors activity dataset
3 | vhnnsadnnudnuae (Feature extraction) lagly Physical X
activity recognition dataset wagvinnsasnslumagnnsu
3391838
4 | nageuUszansnmueddunans3indteun
a1au WAUNITALLUUY 2561 2562
i
d.a. | NY. | A.A. | W | §.A. | d.A. | N.N. fl.ﬂ LY. | N.A.
5 | nsaienuanyuy X

(Feature extraction) lag/ld
Sensors activity dataset U84
wiazldenluyadoyaiile
ihldlglunsiSeudieuiu
@mé’ﬂwmxﬁlﬁmﬂwuwa%m
gunsnlau

(Feature matching)
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6 | Budusmugldaulagldinas X X
nslvmzuu (Scoring model)

7 | nedeuUseansninniseueu X
mnugldnuluyadeya

WAL UNALATUAULUU X X
8 LOUATBEAAIMSUNTTEUEY
fm
9 | asunanmivaaeuazdniin X
sUANlATINY

3.3 gunsaluazinsasileldlun1side
3.3.1 8150123
1. seuuyjusnns: Windows 10 Education (64-bit)
2. mgUszaiana: Intel Core i5-3470 @ 3.20 GHz
3. M18AINT7: RAM 8 GB
3.3.2 ganAwIs
1. Anaconda (Jupyter Notebook)
2. Android studio
3.3.2 AT
1. Python dmfunisinieadeya (Data pree-processing) hasiaulung
(Modeling)
2. Java dmiuiinuweundiedudmiunistudusiinugldou

3.4 N1TDDNUUULASNAIUN

FWnsiawuwdaeenilu 3 dm Ussnausme 1. nsasslunadmsunisidndseiun
2. myasilumadmsunstuduimnugldnu uwag 3. nsuilueanlaluldlunsiamn
weUNGIATY S18azdEn F9n1NA 9
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Raw Sensors Data | Raw Sensors Data | Raw Sensors Data

I Preprocessing | Preprocessing

l Feature and

Feature Extraction | Feature Extraction | Activity Matching Feature Extraction

Activity Recognition Model Activity Recognition| Feature Selection

| Activity Label | Trained User’s

3 Profile
Decision ‘

evaluation

performance |

evaluation

Activity Recognition User Authentication performance

.ﬂ']Wﬁ 9 WNUNINHAAITUADUNITNINIUYDITLUY

il 9 ludumesdnude Aedunounisadslunadmiunsishssen
Usgnaumey msdideyafuuiniswseudeya ki nsandyiasuniu waznsaia
Aadnyy nwh msadalueg uasiinisussdulines duresdiiun fe funounis
a¥lnna dwsuns Bususmudldnuldsuivnuededunounisailinadmiunsis
F3e1un Wewsiutuneu madenaudnvasiisidumssennmsatinnudnuay ua
dunansvasnm Ae msthla Alfunlddmsuimuueuniindudmiunisudusn
fdau Tnevdnmsvinuneglukeundiedu asmiiousudunuroinisadiduna

3.4.1 Yadoya (Dataset)

1. Physical activity recognition dataset

yndayaiiivdeyanngidniuiomn 4 euuwaeaty 25 - 30 T s
Feruanavns I 6 381un Ao nalAu N3y N13Bu M3 madududule
waznsuastule tnelvigidnsiuiusasdSeruaussann 3-6 uil duvis ves
aunsvlu laun nszdhinmansun sulawrn Jeilloran uazied nudeyasin
wuwpsTiaun 3 wuwesliun wuweesiamanuids et vy uaz
wuwe s inaunusiivandnsinmaiiudeyasgi 50 Hz. 13 50 fhegreiund
nelugadeyausenaulumelng csv waviue 4 ISl Arm.csv, Belt.csv,
Wrist.csv, Pocket.csv

Tnenil 10 uansdeyamelulwdiiununudeyaainis 3 iwuwes
Loun

1. Timestamp fia a1 siiudeyadiegig
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. AX A1 ANINUAY X VOUTULLDSINAIINLIT (Accelerometer)
Ay AiD A19NUAY Y UDEULLOTINAIILIT (Accelerometer)

Az A9 A1NLNY Z VBIIULLDTINAIULSS (Accelerometer)

2

3

a

5. Gx A9 AIANWAU X maamuma%ﬁ’m'ﬁmu (Gyroscope)

6. Gy B ANNUNY y VBRI IAN1IYY (Gyroscope)

7. Gz g ANANLNY Z VedwUges ANy (Gyroscope)

8. Mx D A19NLAY X VaLUwes InauINLIWAn (Magnetometer)

9. My fig A19INLAY y VLU InauINLLWAN (Magnetometer)

10. Mz A8 A19INLNY Z VDUTUDT InaULLILAEN
(Magnetometer)

11. Activity Label A® Usziandsenun

Time_Stamp Ax Ay Az Gx Gy Gz Mx My Mz Activity_Label
1364400000000 0.23154591 -9.32994 -3.02372 0.275195 -0.11179 0.019242 -19.68 29.64 -6.6 Downstairs
1364400000020 1.0487667 -8.85323 -1.22583 (0.80115 1.128879 0.011912 -19.619999 29.4 -6.72 Downstairs
1364400000040 0.939804 -9.507 -2.04305 0.807258 1.709201 -0.03238 -19.68 29.34 -6.96 Downstairs
1364400000060 0.6401563 -9.83389 -2.15202 0.602008 2.062892 0.003665 -19.859999 29.22 -7.14 Downstairs
1364400000080 0.027240695 -9.24822 -1.32117 0.629802 2.191174 0.159741 -19.68  29.039999 -7.98 Downstairs
1364400000100  0.47671217 -9.34356 -1.45738 0.718988 1.960267 0.295659 -19.5 28.92 -8.4 Downstairs
1364400000120 1.0896279 -9.61597 -0.8036 0.718683 1.903456 0.347277 -19.32 28.74 -8.76 Downstairs
1364400000140 1.6889231 -9.45252 0.40861 0.725403 2.049147 0.331394 -18.779999 28.74 -9.78 Downstairs
1364400000160 2.4380422 -9.60235 0.612916 0.627359 2.261729 0.308792 -18.48 28.74 -10.44 Downstairs

A7 10 fhedredoyaanlig Pocket.csv

2. Sensors activity dataset
gatoyailinutoyadndiinsiunaan 10 udunayieeny 25 - 30 U

VBT WANIMUATINIY 6 BILIUD AB NITHAU NI N1TTU NI NISHUTY
Tula waznisiiuasdule Teglvigidisiuiusazdserualseunns 3-4 wdl
Autsred @iy laun nssdinianewan nssdin1endne suwauya
Toilov7 uaziel udayaannwuweinmun 4 wuwesliun wugesing
ALY LWUERTIAAT AMULTUTAEY wUEeTTIANTNLY wasTUYes IR

1 3 LY @ Y 1 & Y 1 Ia =
aunukilvan dnsnsiiuteya agil 50 Hz. w38 50 fegeweTunil neluye
Toyausznaulumglud csv avun 10 Tnldlawn Participant_1.csv audie

Participant_10.csv
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Belt

time_stamp
1390000000000
1390000000000
1390000000000
1390000000000
1390000000000
1390000000000
1390000000000
1390000000000
1390000000000

Ax

TRgN1NA

1.

O 00 ~N O U

11 wansdayanmelulwdniusivsndeyaainis 4 wugeslawn

Timestamp f8 LaMsLAutoyaiee

2. AX D ANINLAY X VLYULBTINAINULST (Accelerometer)
3. Ay fig ANANUAY Y Y0AUULDTIAAULTS (Accelerometer)
4,
2

Az fiB AN Z VBLTULBTINAINLLSS (Accelerometer)

. Lx A9 AN7AWNY X VUL InANULT AT aLEY (Linear

accelerator)

. Ly fig AN9NLAY y VousUesInALLS LaLEY (Linear

accelerator)

Lz B ANNNWNY Z VLD INAINULTALTEY (Linear

accelerator)

. Gx B A1INKNU X VBUUBTIANTIYYY (Gyroscope)
. Gy Aig A1RINWNU y VB UwaTInn1sMyu (Gyroscope)
. Gz fiD ANNWNU z VBLURTIANTYYU (Gyroscope)
. Mx A8 A19AKAY X FBABUTRS InauILLLan (Magnetometer)

. My A A191AKNY y YeTuasinauINLilwan (Magnetometer)

10. Mz Aa A19INLAY Z VBUSUEDTIAAUINLLLEN

(Magnetometer)

11. Activity Label Aip UszLnndsanua

12. szysuviavesain v linyudrevuveslng

Ay Az Lx Ly Lz Gx Gy Gz Mx My Mz

4.3177 -2.3699 -0.43585 -5.3574 -0.95749 0.31886 0.52565 -0.18815 0.28588 -22.2 6.48 4.56 walking
5.1213 -2.1929 -0.70826 -4.5352 -0.67629 0.081656 0.43616 0.16371 0.19823 -21.9 7.14 5.34 walking
5.6116 -2.1248 -1.2667 -4.0408 -0.55974 -0.52369 0.32284 0.43127 0.21197 -21.6 7.5 5.64 walking
6.0611 -1.471 -2.4789 -3.5908 0.15795 -1.8802 0.20403 0.72846 0.16493 -21.12 8.4 6.12 walking
7.7091 -0.77636 -3.5413 -1.945 0.85796 -2.9953 0.09896 0.94379 0.064752 -20.94 8.7 6.3 walking

11.21 -0.98067 -1.6753 1.543 0.63528 -1.3342 0.18326 0.81215 -0.03329 -20.7 9.3 6.42 walking
12.612 -1.5119 0.98067 2.94 0.083211 1.2442 0.58857 0.52046 -0.25137 -20.64 9.66 6.3 walking
15.854 -5.8567 2.2337 5.1271 -2.5343 3.3763 0.6466 0.35125 -0.25992 -20.7 10.02 6.18 walking
17.243  -4.6037 -10.12 7.5748 -2.971 -9.9641 0.048869 0.31551 0.35613 -20.76 10.62 5.82 walking

A9 11 dregredayaanlild Participant 1.csv

3.4.2 N153318381Ua (Activity Recognition)

o
AINNTAN

9 drusudnemsininieeyanisiandseva dadulym nns

IuunUsznnsignalnnisiseuimeteyadifyainananuusiannaindayaya 310t

FWINTIRUNALAMSNYUEBIYUATWanes TRz T I unUTEMETeun

Usenouse 4 8ane3¥iuAe Decision Tree, K-Nearest Neighbors, Support Vector
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Machine Wag Bayesian networks Lielia@1115031uUNd381UaALANANAY K19IVUA 6

53u1un leuA mstiiu st Mty M msduiutule wasnsivasule
ﬂ;ﬂﬁﬁj@yjam%ﬁa Physical activity recognition dataset
1. Man3eudaya (Data Pre-Processing)
1.1 msdndeyaiiliauysaisenaindeyafulngliis Average
smoothing

a o dl'

lulpssnuilldiunudeyaassyandniu iielviveyaliunndafiuiuly

Falalgands anuaneadlunisaiunis

df_smoothing[ 'Mag A"]

smooth = df 1.rolling(3).mean()

Time_Stamp Ax Ay Az Gx Gy Gz Mx My

Mz Activity_Label

0 1364400000000 0740039 -9230056 -2097534 (0627868 0908764 -0000407 -19.660000 29460000
1 1364400000020 0.876242 -9.398040 -1.80B966 0.736805 1.633657 -0.005600 -19.719998 29320000
1364400000040 0.535734 -9.529703 -1.838747 0.679689 1.987756 0.043677 -19.740000 29.200000
1364400000060 0381370 -D.475222  -1643522 0650266 2071444 0153022 -19.680000 29.060000
1364400000080 0.531194 -9.402580 -1.194050 0.688158 2.018299 0.267559 -19.500000 28.900000
1364400000100 1.085088 -9.470682 -0.617456 0.721026 1.970957 0.324777 -19.200000 28.800000
1364400000120 1.738864 -0556944 0072642 0600481 2071444 0329155 -18.860000 28740000

@ o B W N

-6.760000
-5.940000
-7.360000
-7.840000
-8.380000
-8.980000
-9.660000

2NN 12 fegetoyaannlng Pocket.csv ué’nm3ﬁ1%’m%’aagaﬁ1ﬁauu”iaiﬁaa%%‘ Average

smoothing

naINMIdndeyaililauysalaieds Average smoothing

a7 9%

lovoyavasusazigugesnianulndifesiy  wagdaduauysainifudaning

11

1.2 MIAMUILAZLILAT magnitude Yaumaziguges WownaAu

T Up99UwesHNan NSRS UNANIIUDIALSNINUIIVININITAIUILAZLALAN

magnitude vosusazigugesivountatymil Tneldaunis

lAugiAn x, y 4ag z ADANUNIAAINLNL X, y Uag z AMUAITUNEULRS

np.sqrt(np.power(df_smoothing['Ax'],2)+np.power(df_smoothing["Ay'],2)+np.power(df_smoothing[

df_smoothing['Mag G'] = np.sqrt(np.power(df_smoothing[ 'Gx'],2)+np.power(df_smoothing['Gy'],2)+np.power(df_smoothing[

Az'1,2))
'62°1,2))

df_smoothing['Mag M'] = np.sqrt(np.power(df_smoothing[ 'Mx"],2)+np.power(df_smoothing[ 'My"],2)+np.power(df_smoothing['Mz"],2))
Time_Stamp Ax Ay Az Gx Gy Gz Mx My Mz Mag_A Mag_G Mag_M |Activity_Label
0 1364400000000 0.740039 -9.230056 -2.097534 0.627868 0.908764 -0.000407 -19.660000 2946 -676| 9.494274 1.104568 36.056966 Downstairs
1 1364400000020 0876242 -9.398040 -1.806966 0.736805 1633657 -0.005600 -19.719999 2932 -6.94| 9610207 1.792136 36.009782 Downstairs
2 1384400000040 0535734 -9.529703 -1.838747 0679689 1.987756 0.043677 -19.740000 2920 -7.36( 9.720249 2101204 36.006627 Downstairs
3 1364400000060 0.381370 -9475222 -1643522 0650266 2071444 0153022 -19680000 2906 -7.84| 9624263 2176498 35961807 Downstairs
4 1364400000080 0.531194 -9.402580 -1.194050 0689158 2018298 0267559 -19.500000 2890 -8.38| 9.492968 2149432 35856441 Downstairs

AN 13 fogneloyadnnlig Pocket.csv ndaifiaAn magnitude
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wEININIsMUaMazLinA magnitude ud axldAveq
AudnuzRiuiy 3 i fo ArniaTessasTueiFanIng 12

1.3 Msafnnudnyae (Feature extraction) Andnwaiyidonldun
max, min, variance, mean, skewness U kurtosis LLﬂﬁamawi’lﬁJU 53U
N hmanauinvuzveusiasnguieya (Data segment) iievhandnuay
il avinsadelinnansdshdtenun feiideyadnmd 13

User_id Ax_max Ay_max Az_max Gx_max Gy_max Gz_max Mag_A_max Mag_G_max Mag_M_max .. Az_kurt Gx_kurt Gy_kurt Gz_kurt
1 B8.515067 -1.298463 59566 4.818933 6.883000 3.074600 21.054306 6.932296 72.099515 ... 0.852710 -0.677570 -0.270184 -0.323235
1 8503500 -0513017 7.8408 4647857 6981667 3123067 22928676 7.061921 72611553 0.185435 -0.312378 0428971 -0.485484
1 6.415400 3.781907 3.8591 5.346800 5667133 3442800 20.216861 5977822 112352136 .. -0.556158 -0.087942 0.097265 0.022201
1 6678500 0077167 3.8001 4785233 6021100 2966057 22275976 5.375510 62.734195 -0.569975 -0.599718 0081225 -0.290344
1 8349333 4.812533 45628 5236933 5.729100 2997633 20.012457 5913936 83.716921 .. -0.581514 -0.467823 -0.113350 -0.466400

= o ) o o )
HINN 14 AIBDYNVBYANAIINYINTANAANRNYEUS

n&nviinawssudeya (Data Pre-Processing) nudunaudnady
ué azldteyanmdnvarvesusaziwumes eflazihluvinsadlunanisdin
8387U
2. 519lunan153319381Un (Activity recognition model) 78 Python
ms3adsevalulymnisduundssiavveseananatenana lag
91NM3 dredanesfiumsBeuiveandosiililunsduundfienudenlunns
&[,{fﬂ’m‘ﬁ?jm lauA Support Vector Machines k-Nearest Neighbors Decision
Tree Wa¥ Bayesian networks (Gaussian Naive Bayes) %ﬂé’ﬁﬂ@%ﬁmﬂizmwﬁ
frmamngay fazthluld Tuanmlrumsgldnhoanudlunsudum
e [6]
2.1 data frame of features

@314 data frame dwsunnanvuzilaannsaianuanyue loglyld

4

19 Yoyaludiures Timestamp (column index: 0) AIANFIAIUA

#feature dataframe
df _feat = pd.DatafFrame(Pocket, columns = Pocket.columns[1:-1])

2.2 define feature and label
MUUAAYDIFINUT x Uag y Wiy Yndoyavesnmanyy uazAand

muawiy elddmiunisasidunansidndteualagldmdauans

5
1]

df feat
Pocket.Activity Label

=
1}
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Wy neASnsidenly Ae

2.3 Classifying algorithms

dusuadanuansiudunild Classifying algorithm Tuasialua

N33918381Un

knn
SVC

= KNeighborsClassifier(n neighbors=1)
svm. SVC(kernel="linear")

tree = DecisionTreeClassifier()
= GaussianNB()

gnb

3.4.3 n1sgudundnugl4a1uINN133318381Un (User authentication for activity

recognition)

TudunounsBusufnussuuasinaulahifldduudfgniemieduuen
611 luanumsalasasedstogatildsuaneumesauninlnuinanglifigndedlaediu
Tng) Tusnedifisaegndlaifinuanguoudne defusdsdeinistuduiaugldaudy

Yaywrnsduun wuueanaLien (One-class classification) Aotduvsaluilusvesauin

1. nsannAMAnYMe (Feature extraction)

O One-class SVM
O One-Class K-Nearest Neighbor

AANBEdanlawA max, min, variance, mean, skewness,

kurtosis, peak WUstaYANAY 5 U9l MnTuiMImMAMENYMLIDUANGY

Uoya (Data segment)

User_id Ax_max Ay_max Az_max Gx_max Gy_max Gz_max Mag_A_max Mag_G_max Mag_M_max .. Az_kurt Gx_kurt Gy_kurt Gz_kurt
1 6515087 -1.298463 59566 4818933 6.883000 3.074600 21.054306 6.932296 72.099515 0852710 -0677570 -0.270184 -0.323235
1 8503500 -0.513017 7.8408 4647867 6.981667 3.123067 22.928676 7.061921 72.611553 . 0.185435 -0.312378 0428971 -0.465484
1 6415400 3.781907 3.8591 5346800 5667133 3.442800 20216881 5977822  112.352136 -0.556158 -0.087942 0097265 0.022201
1 6.678500 0.077167  3.8001 4785233 6.021100 2.966067 22275976 5.375510 62.734195 .. -0.569975 -0.599718 0081225 -0.290344
1 8349333 4.812533 45628 5236933 5.729100 2.997633 20.012457 5913936 83.716921 .. -0.581514 -0.467823 -0.113350 -0.466400

AN 15 Msatanudnyuy

2. Feature Selection
Aasdmsulalunisvin Feature Selection a8 ReliefF Ag

teatures, labels = data.drop('User_id', axis=1).values,
data[ 'User_id'].values
X train, X test, y train, y test =
train_test split(features, labels)

fs = ReliefF(n_features to select=28)

fs.fit(X _train, y_train)
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3. N15IUSUAINY
3.1 NSEUTUAINUAIEY one-class svm

user = df New features.loc[df New features.User id==1]
impostor = df New features.loc[df New features.User id!=1]

train_feature = user.loc[©:26, :]
train_feature = user.drop('User_id', 1)

X test 1 = user.iloc[26:, :].drop('User_id',1)
X_test 2 = impostor.drop('User_id",1)
X _test = X _test 1.append(X test 2)

oneclass = svm.OneClassSVM(kernel="rbf', gamma=06.001, nu=0.025)
user.loc[26:, 'User_id']

impostor[ 'User_id']
est= v _1.append(Y_2)

Y 1
Y 2
Y t

oneclass.fit(train_feature)
fraud pred = oneclass.predict(X_test)

Mn1sulstoyanyadeya (Dataset) oanidu 2 nqu Usenausie
naw vesldignees 1 au waznguildueudne 9 au uaginsadluina
dnsu matususmilaglideya 80% annduildrigniios antuviinag
nagoulinea Inelideyafivdedn 20% annguilifignioauasdeyaiomn
VINFUHITUOUDN

3.2 M3ududnumieg one-class k-NN

AdsdmiunsBudiusmusg one-class k-NN
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# find th each of rows train data userl
th_train_userl = []
for i in range(len(train_data_useril)):

dictl = {}
check_min = []
if(i == @):
for j in range(len(train_data_userl)):
dict2 = {}

X = train_data userl.iloc[i]
y = train_data_userl.iloc[7j]
distance = math.sgrt(sum([(a - b) ** 2 for a, b in zip(x, y)]))
if(distance != 8.8):
dict2.update({ 'distance’: distance})
check_min.append(dict2)

else:
for j in range(len(train_data userl)):

dict2 = {}

x = train_data userl.iloc[i]

y = train_data userl.iloc[]]

distance = math.sgrt(sum([(a - b) ** 2 for a, b in zip(x, ¥)]))

if(distance != 8.8):
dict2.update({ 'distance’: distance})
check_min.append(dict2)

s = pd.DataFrame(check_min)

cmin = s.sort _values(by=['distance’])
min_k1® = cmin[1:11].mean()
dictl.update(cmin.min()/min_k1@)
th_train_userl.append{dictl)

hnsdeyaininananvestoyauraziivestoyaringeu ntuagi A
Inafian 10 A 116 Treshold wieiagtiluiUSeuiisuiuen Treshold
YoIRUANAABUY

# find th each of rows test dota userl
th_test_userl = []
for i in range(len{test_data_userl)):
dict1 = {}
check_min = []

for j in range(len(train_data_useril)):
dictz = {}
x = test_data userl.iloc[i]
y = train_data userl.iloc[]]
distance = math.sgrt(sum{[(a - b) ** 2 for a, b in zip{x, ¥)]))
dict2.update({ 'distance’: distance})
check_min. append(dict2)

s = pd.DataFrame(check_min)

cmin = s.sort_values(by=[ "distance'])
min_k1@ = cmin[1:11].mean()
dictl.update(cmin.min()/min_k1@)
th_test userl.append(dictl)

nsmdeyamininananvestoyausaziivestoyanadey 3NUUILNAIY
Inafian 10 i 111en Threshold
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# test data userl
r_test_userl = []

yes = @

no = @

for i in range(len(test_data_userl)):
dictl = {}

r = pd.DataFrame(th_test userl).iloc[i]

if(r.item() < th_userl.item()):
y = 'Yes'
dictl.update({'Result': y})
r_test userl.append(dictl)
yes += 1

else:
n = "No'
dictl.update({ 'Result': n})
r _test userl.append(dictl)
no += 1

11A1 Treshold vadusazfiUTeumegUiuAT Treshold Yastayarnasy
seldnadwseonunindunielidudld

3.4.4 naviudeyauiialddmsududusnudldau
Lﬁu%’aaﬂaﬁ]ﬂﬂmiﬁwﬁ%muaﬁu’mmﬁmu 6 §3e1un Ao M3AU M3t 3By
M3 madudutule warnnfuasiula nevviudasd3siuaussana 3-4 und
Muvsvesandvlity IHuA nszidiniansn dsnnd 15 wasfudeyaanieuises
frovun 3 wuwesldun lwuwedInAiaass leuees i1y uasiugesTa
auuisiwdndannd 16 nglugadeyausznaudelng csv siomn 6 ndldud
walking.csv,running.csv, sitting.csv, standing.csv, upstairs.csv g downstairs.csv

AIDYAININGA 17

o s

ANA 16 ALU9U9dUSNIHNUNNT LN 9N
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CEFoRLOBD

SensorlLog

7 .l 5% @ 13:47

START

all 1 a o dyyvag v s
aAnn 17 ‘WLJ']LL'E]‘U‘W@Lﬂﬂju%hjLﬂUsU@;JUasUaﬂL%ULadaﬁ

Ax Ay Az Gx Gy Gz Mx My Mz Activity_Label
-5.405509 -6.353613 5855619 -0.024501 -0.007457 -0.007457 -4.98 -19.799999 -57.419993 walking
-5.334281 -6.365584 6.029199 -0.024501 -0.007457 -0.007457 -4.30 -19.740000 -57.360001 walking
-5233126 -6.370971 6.087356 -0.024501 -0.007457 -0.007457 -4.30 -19.620001 -57.299999 walking
-5118205 -6.378153 6.021417 -0.024501 -0.007457 -0.007457 -4.80 -19.440001 -57.240002 walking
-4.992509 -6.407432 5018467 -0.024501 -0.007457 -0.007457 -4.30 -19.320000 -57.130000 walking

A9 18 fegretayawueesnlaaindseivanisiiu
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3.4.5 fiauneundindudmsutududinugdldauy

@

L

User Authentication

Activity Recognition

e

activity label
Authentication Result

Result

BUTTON

vinsnady BUTTON uuwaUnaagy

Wl insnegaun133aNdieun

®

LSUVIINTNAZDU

a@

CcHoEe ¥ .d:

User Authentication

Activity Recognition

A

sitting
Authentication Resuft

verify

BUTTON

wiweUndinduaziandiiiuinmawindseualaegy
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unil 4
NANISAILLUY

4.1 wan13Useliulszansnwuansidndseun

3391838 wnlddanesiulunisduunlaundanasiudsil

[

1. Support Vector Machines
2. k-Nearest Neighbors

3. Decision Tree

4. Bayesian networks (Gaussian Naive Bayes)

IAYNANINARBUVBINNTINNDILUALAAINIEAT Accuracy

esion Average Running time
Algorithm
Accuracy (second)
pocket arm belt wrist
Decision
0.9846 0.9844 0.9742 0.9534 0.97415 0.000997066
Tree
Support
Vector 0.9744 0.9948 0.9227 0.9689 0.9652 0.000995028
Machine
k-Nearest
0.8615 0.9948 0.9742 0.8446 0.918775 0.021943331
Neighbors
Bayesian
0.9589 0.9430 0.8557 0.9637 0.930325 0.001024961
networks

™~ s a v o an
MI1ININ 2 LLﬁGN‘UiEﬁ‘V]ﬁﬂ']‘W‘SUBGﬂ']izﬁ]’]@iﬁl'mﬂ
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4.2 {an15UsSUUSEANSAINVBINITEUTUAINY

nsgudusmnuyl
lng38n1s Aldaasil

1. One-c

2. One-Class K-Nearest Neighbor

Eé’fmulﬂuﬂigmmsf\i’wu:uaLLUUﬂmaLﬁm(One-class

lass SVM

classification)

lngnansnaaeulsEansamuesnistuduimnugldanu naaeauslgal Accuracy, FRR

(False Rejection Rate) agA1 FAR (False Acceptance Rate)

O 14& pocket

ctivi arameter v -

Act P t SVM k-NN
Walking FRR 13.25 % 2571 %
FAR 5.36 % 11.49 %
Accuracy 94.39 % 87.76 %
running FRR 15.11 % 30.00 %
FAR 2.95 % 9.11 9%
Accuracy 96.52 % 90.43 %
Sittiﬂg FRR 19.25 % 2843 9%
FAR 2.03 % 273 9%
Accuracy 97.35 % 96.21 %
standing FRR 17.0 % 2857 9%
FAR 3.65 % 7.56 %
Accuracy 95.93 % 91.34 %
upstairs FRR 15.50 % 2571 9%
FAR 2142 % 20.44 %
Accuracy 82.64 % TB.T9 9%
downstairs FRR 19.0 % 30.00 %
FAR 17.90 % 27.90 %
Accuracy 82.03 % 71.40 9%

A15197 3 nadndnstuduimuvesing pocket
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OIV\Jﬁ arm

Activity Parameter SVM k-NN
Walking FRR 10.13 % 2429 %
FAR 12.41 % 12,57 9

Accuracy 87.32 % 86.52 9

running FRR 14.25 % 20.00 %
FAR 7.62 % 6.00 %
Accuracy 9187 Y% 93.04 %

sitting FRR 18.00 % 31.43 9
FAR 3.33 % 4.98 %

Accuracy 95.90 % 94.01 9

standing FRR 17.0 % 27.00 %
FAR 7.14 % 15.49 9%

Accuracy 92.36 % 83.54 95

upstairs FRR 11.11 % 2571 9%
FAR 40.70 9% 23.30 %
Accuracy £0.18 Y 75.99 %

downstairs FRR 19.50 % 26.14 %
FAR 27.55 Y 2717 %

Accuracy 72.67 % 71.96 9%

A7 4 wadnsnstudusnuvesing arm
13 .
O W& wrist
Activity Parameter SVM k-NN
walkine FRR 16.00 % 2571 9%
]

FAR 3.90 % 492 9%

Accuracy 95.46 % 9398 %

rurming FRR 17.25 % 30.00 %
FAR 8.15 9% 5.17 %
Accuracy 01.25 9% 93.58 %

sittine FRR 16.6 % 35.71 %

o ]

FAR 4.0 % 244 %
Accuracy 0535 Gp 96.40 %

standing FRR 16.25 % 32.86 %
FAR 3.14 % 9.68 %

Accuracy 96.46 % 89.16 9%

upstairs FRR 19.25 % 4571 %
FAR 5.52 % 5.24 %

Accuracy 94.05 % 93.88 9%

downstairs FRR 223 % 35.71 9%
FAR 15.9 9% 7.84 %

Accuracy 94.63 % 90.90 %

dl U s S U U (3 .
AN 5 wadnwsnstuduRInuaslna wrist
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O 4 belt

Activity Farameter SV k-MM
Wﬁlkil‘lg FRR 736 %% 2RAT 4
FAR 13.20 % 15.52 %

Accuracy 96.98 b B3.54 %

running FRR 13.47 % 32.86 %
FaR 6.6 % 4.48 %
Accuracy G243 % 3947 %o

Eit‘[iﬂg FRR 21.11 % 21482 %
FaR 3.65 % 565 4

Accuracy 95,63 % 93.14 %
ta ndir'g FRR 2610 % 2571 %
FAR 14.35 9 13.75 %
Accuracy B5.13 9 AT.12 %

upqrairs FRR 7.5 % 27.1d v
FAR 30.14 9 3527 %
Accuracy “182 9% &d.25 By

downstairs ALl ey B W B 57.14 %
Fas 22,57 % 39.56

Accuracy T30 % | &0.06 %

AN 6 nadnSn1studuRnuadlng belt

PNWaNIegeulsEanSamvesnstudumaugldauluusagiumisvesaunsnliny
wazd3enuan Aalavimsiueuiieulseavianvesnstudumnuluudaglng danns1adn 6 9z

Wil surienseidinianainuedn 8enuntisiigninasusme One-class SVM fiAay

gnABINTIAnAD 97.35 %
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Algorithm

Activity Performance One-class SVM One-class k-NN
Indicator pocket arrn belt wrist pocket | arm belt wrist
FRR 1325 % 10,13 % 16.00 % T.36 % ZBT1% | 2429 % 25T71% | 28579
walk'lng FAR 536 % 1241 % 3,90 % 13.20% 11.4% % 1257 % 492 5 1552 %
Accuracy 94359 % BT32 % 05.46 O | EBA.0E % ET.TE % B8.52 % G3REH | B354
FRR 1511 % 14.25 % 1725% 13.47 %% | 3000% | 20.00 % 3000% | 32B6%
runming EAR 29504 | T62% 8.15% 6.76 % SA1% | 600% | 517% | 448%
Accuracy 96.52 ¥ | P1LET % P1i5% §243 % 2043 % B3.04 %% 9358 % 9447 %
FRR 19.25 % 18.00 % 16.60 o6 | 21.11% 2843 % 3143 % 3571 | 41435
sitting FAR 2.03 % 333 % 400 % 365 % 273 % 4.98 % 244 % 565 %
Accuracy 9735 %% | 9590 % 9535 % F5.63 % P21 % F4.01 %% 56.40 % 93.14 %
FRR 1700% | 17.00% | 16.25 % | 2500% | 2857T% | 2700% | 3285% | 2571%
standing FAR 365 % Ti4% | 3149 | 1435% | 756% | 1545% | 968% | 1375%
Accuracy 9593% | 9236% | 06.46 9% | 8513% | 9134% | B354% | BO16% | 87.12%
FRR 15.50 % 1111 % 1925 % T.50 % BT1% | 2571% d5.71% | 2714 %
upstairs FAR 1742 % 40.70 % 552 % 39.14 % 2044 % | Z330% | 524 %% | 35ZTY
Accuracy 8264% | E01B% | 04.05 9% | S182% | TATY% | TSO0 % | 9388 W | 5425%
FRR 10,00 % | 1950% | 2230% | 2361% | 3000% | 2514% | 3571% | 37.14%
downstairs FAR 1790% | 2755% | 1990% | 2257% | 2790% | 2TAT% | 7.84 96 | 3956 %
Accuracy 3203 % T2AT % 04.63 % TT.29 % 7140 % T1.96 % G050 % 50.06 %

dl bl a a a A L L U (3
AN 7 wanansiUTeuifisuyszansnneesnstuduiinuusazlng
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uni 5

dsunan1saLiuau

5.1 d@sumanisaniiuau

1A5$1UM 339185 unvesywilaglideyaaniuugesvesaninlnudmiunig

[
LYY Y o al

a v 1 o s A o a o aa A v W =
YULIURNINU u[ﬂmung @‘Vl']ll')@]ﬁ]ﬂigaﬂF’]L‘W@‘WWUWLL@"LJ‘W@Lﬂﬂﬂﬁ/lilﬂ'ﬁEJUEJUW'W]ULLUUW"Ia‘UW

Y

wazseiiled Lile anmadssienisglanAainaumetenlunsidldauanimi Tneld
dnwaigmangAinssy (behavioral biometricsflunsmsiaaouglinuauninlnustnaseidos
TngtidoyameanianTiasedt feTimadouivonndos (machine learning) 1 Tasisldvin
st lannatuan 2 e dusu nmafauweUndieduieliadmiunisiadieiue
wazlunadmsumstususmugldoy aundvliu Tnelidoyanisumesammlnuiiivan

NuEnSNing 4 suvenigldnuansvliu lauwn nseidiniansdieen dedle

o <

AUk wazudn lumadl 1 : lunadmsun1s3angsetun 1 3 Juneunan lawn (1) Mawsey

Uoya (Data pre-processing) (2) M3annAuanuMy (Feature extraction) (3) thdayaiing

Y

nszuIuNsRnaaulagly SYM (Support Vector Machines), kNN (k-Nearest Neighbor),
Decision Tree Wag Bayesian networks iusane3fiunmsiseusveaniosdildlunisdiuun
538100 Tuaadl 2 : lusadmiunsBudu feugldauanndnliu 1 3 duneundn léun (1)
nsm3eUUeya (Data pre-processing) (2) MsainAmdinwy (Feature extraction) (3) 11
Toyaringnszuiunsinasulagly One-class SYM uag One-class kNN lun1sgudusnu
fdu Tnsannsnasunaldded

INMINAFBUNI33INBTEU Tmann1sn1stnaeulagld SVM (Support Vector
Machines) fiUszansnmn1s33183ewadiananseUszavsam 99.48% vuuInaiumisdy
wa dumstuduinuildnuaninlvi linannnsiinaeulagly one-class SYM Trianiia
figalu sumansziiiniansdiswn 8eruanisila 97.35% waglsthlunaitldunsiamundy
wounaAdu

MNuaNIadeULansliiiui1 Msdududiinulldeuauniminugdly Usednsanwlds
wiitens ilesandeyaiin Ul lumstinaeuthuideyausdndilsiauysel uas laignios 39
ylitorainauianaialunistuduiaugldouamndvinuld dnfuiemsiinaeu Jeyaves
fdnusmansq afufiolilunamstudusaudldnuanivinugsyansnmnnd
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5.2 Usymuazauassalunisaniiiuvany

1. luwaan One-class classifier dnldlumsimuiieundindud iy Android laen
& v oA a 9] ' a ° Yo . P v
Faspalinsildeuguuuuvesdeyavedlumanouiiagtunlyiu Android Lasanld
sUwuuliimileudiu

2. deyanldlunisinaswnunmelusseziia 3 wil viibienadsuuuuresesevailila
¥ nsiiudeya

5.3 UoLdUDLUY

1. msimngduuunsasluealilimsdmannisinaeudeyavesldiuegilusses
wielvideyadutiagiu

2. ueUnaldunstudufinumstinsnamiumaesannliiy Wiesueany
agmnlunslio neigldlifesinisssyinmdnshumisesaundvlvl iy

Tuve9919n8 fenIsLY classification position

41



UIUIUNU

Physical activity recognition dataset, Sensors activity dataset. Retrieved

December 21, 2018, from https://www.utwente.nl/en/eemcs/ps/research/

dataset.

L. Wang, T. Gu, X. Tao, and J. Lu, A hierarchical approach to real-time activity
recognition in body sensor networks. (2012) Pervasive and Mobile Computing,
115- 130

Thang Hoang, Deokjai Choi, Wiz Thuc Nguyen, Gait authentication on mobile
phone using biometric cryptosystem and fuzzy commitment scheme. (2015)

International Journal of Information Security, 549-560

Wei-Han Lee,Ruby B. Lee, Multi-sensor authentication to improve

smartphone security. (2015) Information Systems Security and Privacy, 270-280

Muhammad Muaaz, René Mayrhofer. Smartphone-Based Gait Recognition:
From Authentication to Imitation. (2017) IEEE Transactions on Mobile Computing,
3209 - 3221

Mohd Fikri Azli bin Abdullah, Ali Fahmi Perwira Negara, Md. Shohel Sayeed, Deok-
Jai Choi and Kalaiarasi Sonai Muthu, Classification Algorithms in Human Activity
Recognition using Smartphones. (2012) International Scholarly and Scientific
Research & Innovation, 362-369

42


https://www.utwente.nl/en/eemcs/ps/research/%20dataset
https://www.utwente.nl/en/eemcs/ps/research/%20dataset
https://link.springer.com/journal/10207
https://ieeexplore.ieee.org/xpl/RecentIssue.jsp?punumber=7755

STANUIN



AANUIN N

YURBUNISANAY Anaconda

1 luniules hitps://www.anaconda.com/download/ laenamiluaniiestudmsu

seuuUURANS Windows flan il -1

{0 ANACONDA Whatis Aneconds? Products Suppon Communny Aot Rescurces ([Tl

Download Anaconda Distribution

Viersion § 01 | Reiowse Dali Oolober 35 2007

High-Performance Distribution Package Mansgement Portal to Data Science
Easiy matall 1,000+ (ata sceence Manage packages, dependencies Uncower nsights. in youl data and
[ e T and @rvvinonmadents with Conds enbale InAErACEive vitsalirations
H windows o Zanid !

AN N-1 TUABUN1SAAAY Anaconda (1)

2. ﬂaﬂ‘ﬁ'ﬁu Download (Python 3.6 version) As5U

Anaconda 5.0.1 For Windows Installer

Python 3.6 version " Python 2.7 version
& Download & Download
£4-81 Graohical Instaber (515 ME) £4-81 Greehical nmalir (500 M)
128 Geoahucal instaliee (420 MEH 328 Gemonical instalier 1400 WS

ANA -2 JUABUNNSANSY Anaconda (2)

3. suilandnlianinnidivanuiivefinds Anaconda AENTYN Next AsInd n-3
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https://www.anaconda.com/download/

2 Anaconda3 5.0.1 (64-bit) Setup -

(64-bit) Setup

5.0.1 (64-bit).

ANACONDA.

Computer,

Click Next to continue.

Welcome to Anaconda3 5.0.1

Setup will guide you through the installation of Anacondas

It is recommended that you dose all other applhications
before starting Setup. This will make it possible to update
relevant system fles without having to reboot your

Cancel
Amil -3 JupaunIAncs Anaconda (3)
4. paniu | Agree fan Al n-4
2 Anacenda3 5.0.1 (64-bit) Setup - *

License Agreement

Y PR N G Y

Pre=s Page Down o see the rest of the sgreement.

O AMACONDA  plaass review the kcense terms before instaling Anaconda3 5,0,1

provided that the followang conditons are met:

agresment to install Anaconda3 5.0, 1 (B4bit).

bon and use in source and binary forms, with or without modification, are

L

If you accept the terms of the agreement, dick [ Agree to conbiue. You must accept the

AN N-4 TUNBUNISAAAY Anaconda (4)

5. @8N Just Me (recommended) LLé’?ﬂaﬂﬂm Next #9AN N-5

45



2 Anaconda3 5.0.1 (B4-bit) Setup - X

Select Installation Type

£ ) ANACONDA  piease seiect the type of installation you woukl ke b perform for
Anaconda3 5.0, 1 (G4-bit).

Instal for:

(®) Just Me (recommended)
() All Usars (requires admin privileges)

Cces o] | con |

AN A-5 TUMBUNISANAY Anaconda (5)

6. AANTYL Next f9nIni n-6

2 Anaconda3 5.0.1 (64-bit) Setup = x

= Choose Install Location
£ )AHACDNDA Choose the folder in which to install Anaconda3 5.0. 1 (S4-bit).

Setup wil nstall Anaconda3 5.0, 1 (&4-bit) in the following folder. To instal in a different
folder, chk Browse and select anather folder. Click MNext to continue.

Destination Folder

C Users\Adman\ AppData’ Local

Space reguired: 2.4GE
Space avadable: 175,768

T e

AN N-6 TUNBUNIAAAY Anaconda (6)

7. \d8n Add Anaconda to my PATH environment variable u&amanya Install Fanwdl n-7
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2 Anacenda3 5.0.1 (64-bit) Setup -

Advanced Installation Options
{ ANACONDA  Customize how Anaconds integrates with Windows

Advanced Oplicns

(] Add Anaconda to my PATH emvironment variable
Not recommended. Instead, open Anaconda with the Windows Start

menu and select "Anaconda (54-bit)". This "add to PATH" option makes
Anaconda get found before previously installed software, but may
cause problems requiring you o uninstall and renstall Ansconda.

[l Register Anaconda as my default Python 3.6

This will allow other programs, such as Python Tools for Visual Studio

P'pCha'm Wing IDE, PyDev, and M5] binary padages, to automaticaly
detect Anaconda as the primary Python 3.6 on the system,

Anaconda, Inc. - - . e

| <Back

Cancel

MNA N-7 JUABUNNSANSY Anaconda (7)

8. 99UNIINITANAIILATIANYTAL AT N-8

Installirg

2 Anaconda3 5.0.1 (B4-bit) Setup -

'L AMACONDA  pleass wait whie Anaconda3 5.0, 1 (54-bit) i being installed,

Exftract: python-3.6. 3-h0e2ca53_1.tar.bz2

n

< Back Hayt >

AN N-8 TUMBUNITAAAY Anaconda (8)
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9. Wofnruasvanysalualvindnlu Next Asn i n-9

2 Anacenda3 5.0.1 (64-bit) Setup -

Installation Complete
g ANACONDA  setp was completed successhlly,

Comgpleted
|

<fack § Next> § | Cancel

ANA -9 JuMBUNNSANSY Anaconda (9)

10. AANTAYA Finish §samdl n-10

2 Anacenda3 5.0.1 (64-bit) Setup -

Thanks for installing Anaconda3!

Anaconda is the most popular Python data soence platform,

ANACONDA. f:“ Wmmr packages, projects and environments

[ Learn more about Anaconda Cloud

[] Learn more about Anaconda Support

TN o

A9 N-10 FuRBUNISAANGT Anaconda (10)
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11. 1Un Anaconda Navigotor Funuazna install Jupyter notebook Fanmd n-11

AT N-11 TUNBUNISAAGY Anaconda (11)
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AARNUIN U

YURDUNISANNY Android Studio

duledt https.//developer.android.com/studio/ Lilafnds Android Studio #anm

a
N vU-1
© 4o | EETE—— .
'ﬁlfm}.ﬂn F Bodroid St - 5 o
dl Stud
androidstudio

Android Studhe provicies e factest tooks for Buikding apps on every type of Android dovice.

Th:n
Android Studio

=

77

A 21 FupeunisAnss Android Studio (1)

\d@0n | have read and agree with the above terms and conditions Waaman
Download Fanwi -1 HYPERLINK
"https://dl.google.com/dl/android/studio/install/3.1.2.0/android-studio-ide-
173.4720617-windows.exe"

C i sk ey Sesioorandodane LIg}

B0 7 v e i mgroe with o o Yo ] e itons
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A 22 Fupeun1sAnsis Android Studio (2)

3. WalnaNnnuilnanin naanuuazdsInguiinaen1singa AN next AININA -3

Android Studio Setup — >

Welcome to Android Studio Setup

Setup will guide you through the instalation of Android
Studio.

It is recommended that you dose all other applications
before starting Setup. This will make it possible to update
relevant system files without having to reboot your
computer.

Click Mext to continue.

Android
Studio

A 93 Fupeun1sAnsie Android Studio (3)

4. AANIUY next AN U-4
Android Studic Setup = >
Choose Components
Choose which features of Android Studio you want to install.

Chedk the components you want to install and unchedk the components you don't want to
install. Clide Next to continue.,

Select components to install: Android Studio Description
Android Virtual Device

Space required: 2.3GB

A 2-4 Fupeun1sAnsie Android Studio (4)






ASNTAYL next AININA ¥-5

Android Studic Setup —

Configuration Settings
Install Locations

Android Studio Installation Location

The location spedfied must have at least 500MEB of free space.
Click Browse to customize:

| C:'\Program Files‘\Android\Android Studio Browse..

<onct carcs

A 2-5 Fupeun1sAnsis Android Studio (5)

mnlddesnsliasng shortcuts 9 desktop Twaen# Do not create shortcuts La2

AN install AININA V-6 wazIaaUlUsLNTULES AU

Android Studio Setup =

Choose Start Menu Folder

Choose a Start Menu folder for the Android Studio shortouts.,

Select the Start Menu folder in which you would like to create the program'’s shaortouts. You

can also enter a name to create a new folder.

|

Accessibility
Accessories
Administrative Tools
Anaconda3 (64-bit)
Android Studio
Cygwin

FileZilla FTP Client
Java

Java Development Kit
LIME

Maintenance

[]oo not create shortouts

Cancel

AT -6 TumeuNISAndT Android Studio (6)
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7. w@sedunsinaalusunsy AanIvu Finish danwi vl 17

Android Studio Setup —

Completing Android Studio Setup

Android Studio has been installed on your computer,

Click Finish to close Setup.

Start Android Studio

Android
Studio

AT -7 Fumeunisinga Android Studio (7)
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