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Fig. 1: Forecast market size of the global smart home market
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TABLEI: LIST OF IMPORTANT ACRONYMS USED

AEE F8 o] BE,

AAL
ANNs
AODE
APAC
AR
BBN
BT-LE
CAGR
CAN
CART
CEA
CEP
CHAID
CNN
CNN
CRF
DBM
DBN
DIY
ECG
EEG
EM
EMG
EMSs
EOG
ET-KNN

FLS
GBM
GBRT
GSR
GUI
HDFS
HMMs
HVAC

IBs

IBT
ICA
ICT

ID3

IoT

ISM Bands
KNX

Ambient Assisted Living
Artificial Neural Networks
One-Dependence Estimators

Asia and Pacific

Accuracy Rate

Bayesian Belief Network
Bluetooth Low Energy
Compound Annual Growth Rate
Controller Area Network
Classification and Regression Tree
Consumer Electronics Association
Complex Event Processing
Automatic Interaction Detection
Convolutional Neural Network
Convolutional Neural Networks
Conditional Random Field

Deep Boltzmann Machine

Deep Belief Networks
Do-It-Yourself
Electrocardiography
Electroencephalography
Expectation Maximization
Electromyography

Energy Management Systems
Electrooculography

Evidence Theoretic Knearest
Neighbors

Fire and Life Safety

Gradient Boosting Machines
Gradient Boosted Regression Trees
Galvanic Skin Response

Graphical User Interface

Hadoop Distributed File System
Hidden Markov Models

Heating, Ventilation, and Air Con-
ditioning

Intelligent Buildings

Intelligent Building Technology
Independent Component Analysis
Information and Communication
technologies

Iterative Dichotomiser 3

Internet of Things

Industrial Scientific Medical Bands

Konnex

LANs Local Area Networks

LCR Lighting Control and Reduction

LDA Linear Discriminant Analysis

LOESS Locally Estimated Scatterplot Smoothing
LoT Lab of Things

MARS Multivariate Adaptive Regression Splines
M-Bus Meter-Bus

MISs Management Information Systems
ML Machine Learning

NFC Near Field Communication

NLP Natural Language Processing

OA Office Automation

OLSR Ordinary Least Squares Regression
ORE Oracle R Enterprise

OSX Oracle Stream Explorer

PCA Principal Component Analysis

PCR Principal Component Regression
PLC Powerline Communication

PSNR Peak-Signal-to-Noise Ratio

RBFN Radial Basis Function Network

RBM Restricted Boltzmann Machine
RDDs Resilient Distributed Datasets

RFID Radio Frequency Identification

RNN Recurrent Neural Networks

SB Smart Building

SVMs Support Vector Machines

TMSs Temperature Monitoring Systems
UTBS United Technology Building Systems
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(RS = =

ILDINGS:
ONCEPT
ARCHITECH

an et al. [15]

Ni et al. [16]

Rashidi and Mi- hailidis [17]
Peetoom et al. [18]

Salih et al. [19]

Perera et al. [20]

Tsai et al. [21]

Mahdavinejad et al. [22]

]_T_]V_

PARISON OF RELEVANT SURVEY PAPERS

Purpose
monitoring systems and assistive robotics
al. [13]

security.

and the vision of microgrids in SBs.

Review SH projects arranged by country and
continent as well as the associated technologies for

Reviews SH projects according to research objec-
tives and services; namely, comfort, healthcare,and ics for SB.

Limitations

Does not focus on the role of ML and big data analyt-
ics, it does not review and categorize the papers
according to the applications of SH

Does not focus on the role of ML and big data analyt-

Does not focus on the role of ML and big data analyt-

ccaro et al. [14] Review of existing software, hardware, and commu- ics. It also does not focus on reviewing and categoriz-
nications control systems for SH and smart grid
Review the research topics on the energy efficiency  The focus of the paper is not the ML and big data

ing papers according to the applications of SH.

analytics for SB services. It also does not cover other

Propose a classification of activities considered in SH applications of SB rather than energy efficiency.

for older peoples independent living, they also clas-  Does not cover all the services in SH. It also does not

sify sensors and data processing techniques in SH.
Review AAL technologies, tools, and techniques
Review the works on monitoring technologies that

detect ADL or significant events in SH.

tions in SH or SB.
perspective
gies for IoT applications.

studying smart cities as a use case scenario.

Review the works on ambient intelligence assist-
ed healthcare monitoring focuses only on AAL in
healthcare, and does not cover the other applica-

categorize the research according to different ML
model styles.

The paper focuses only on AAL in healthcare, and
does not cover the other applications in SH or SB;

in addition, there is no classifying of the researches
according to ML model styles

Does not focus on the role of ML in SB.

The paper also does not show the challenges and the

Review the works in context awareness from an IoT  future research directions in the field.

Does not focus specifically to the SB domain and its

Review some ML methods applied to IoT data by

Review the research works of data mining technolo- appli- cation services.

Does not focus specifically to SB applications.
Does not focus on SB and its applications as a use
case.

II. SMART BUILDINGS: CONCEPT AND ARCHITEC-
TURE
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SMART APPLIANCES, SENSORS, AND ACTUATORS IN A

SMART RESIDENTIAL BUILDING
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Fig. 3: Example of SB appliances.
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Fig. 4: Smart appliances, sensors, and actuators in a smart residential building.
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Fig. 5: Layers of the base IoT architecture that serves as the foundation for SBs.
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In this section, we re-
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Fig. 6: Components of
smart buildings.
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TABLE IV: COMPARISON AMONG VARIOUS SMART CONTROL DEVICES IN SB

sk WY o] Aol A 83 Thapet AukE AIA

TABLE III: VARIOUS SMART SENSORS USEFUL IN THE CONTEXT OF SBs

2ube 0o YA G4 Tt 2nkE A

Technology Platformused Pros Cons

Sensor Measurement Category WeMo Wi-Fi Android, iOS,  Affordable hardware options. Can expand No color bulbs, no dimmer switches. Experi-
Infrared sensor User presence in a room Environmental sensors Window phone using SmartThings hub. Can expand us-ing  enced some latency issues.
Video cameras Human actions Environmental sensors IFTTT.
RFID Object identification Environmental sensors Nest Ther-  Wi-Fi, Zigbee, iOS, or Android, Easy to program. It learns the user daily rou-  More expensive than other smart ther- mostats.
Motion sensor Object/User presence/ location Environmental sensors mostat Thread Mac OS, Win-  tine, it could set itself up for the user lifestyle The Nest might not be for you if you are a stickler
Contact switch Detect users’ interaction with the object Environmental sensors dows after the first week of use. for temperatures that are “just right”
Pressure sensor Tracking movements and location of the user Environmental sensors Lockitron Bluetooth Android, iOS  Affordable, easy to install, quiet opera- tion, Wi-Fi bridge co.sts extra. Does not work
Light sensor Intensity of light Environmental sensors . o L Offers proximity lo?klng and 1.1n- lockmg. with otl}er .dEYICGS. ) .

. . . SmartThings Wi-Fi, Zigbee, Android, iOS, Affordable. Easy to install. Quiet oper- ation. = Compatibility issues with other devices,
Temperature sensor Temperature of surrounding environment Environmental sensors . o - . .

= . e s . . Z-Wave, Bluetooth Window phone Offers proximity locking and un- locking. workarounds for non-natively supported

Humidity sensor Detect the air humidity in a specific area Environmental sensors e e . . .
P Detect th ¢ electric devi Envi tal Philips Hue Wi-Fi devices will be difficult for some.

OWer sensor clectthe usageo e. ectricdevices . L . nv1ronmfen a .sensors Android,iOS  Modest list of 3rd party integrations. Offers own Least user-friendly app. Complex to con-
Accelerometer The rate of acc.eleratlon a‘cc01‘nparTy1ng ?. sensitive axis Wearable TnertTal Sensors proprietary hardware. Active web community figure simple tasks. Missing some “key”
Gyroscope Angular velocity and maintain orientation Wearable inertial sensors Blufitbottle Bluetooth for help. Deep customization for power users.  integrations.

Electroencephalography Observing electrical brain activity Wearable vital sign sensors iOS and An- Easy to set up and use. Excellent light quality
Electrooculography Observing eye movement of ocular activity Wearable vital sign sensors Canary Wi-Fi droid device The Philips HUE kit, has a fairly high cost.
Electromyography Observing muscle activity Wearable vital sign sensors iOSor Android Simple and easy to set up. Expensive.
Electrocardiography Observing cardiac activity, pressure sensors for observing blood pressure Wearable vital sign sensors device
CO2 gas sensors Observing respiration Wearable vital sign sensors Amazon Wi-Fi, Bluetooth Fire OS, An- High-quality voice recognition. Integra- tions The system only detects the intruder once
Thermal sensors Observing body temperature Wearable vital sign sensors Echo droid,and iOS  with all of the “key players”. Works for all they are inside premises.
galvanic skin response  Observing skin sweating Wearable vital sign sensors ] ) | users, regardlfess of phone brand. ) )
Honeywell Wi-fi, Z-Wave iOS and Android Easy installation. Priced higher than other smart thermostats
with similar functionality.
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NETWORKING
AND HOME

GATEWAY

An SB combines a communication network
n order to control smart devices and services

]

1

within the building.

23

C. Networking and Home Gateway
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= 54 712 5% HolHE s A = Qo
ARtA o 2 o]H3t Ao|Efol= ST AH| 2o &
Asto] Hlolg A7 W F& BAS 3T 5 ok Y
A Aol Eoldl= YRtd o2 Qg H o] A7} §itt,
2HEE HER Be ATEHE ARG HEE 9 v
UAHEZ 4= 9leH54], [55].

URtH o 2 AMGE= T4l wiAof wet AntE MY YE

fl

o
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FA o met 2A Al 7HA ez

CERIEXR X.F
ERT 4 gom(HA, Ha ekl @ 2ais][s6]), of

oA At

1) Powerline communication (PLC)

AYA FAY

PLC W2 AE 7] HEYIE AL &, A&
A olu] AR 7HseE W7 ZAEE &-838to] ZX], tuto]
A 9 AuAYE Y FF A Y dEHES gt
dlolE = A& AAE A3 E= vE4dstr] Y& 4
g Aol & A|AHE 3l AEETH PLC A|AEH2 GALS
o7 AntE WdoA 7P ejE Z]&o|H IREH O R A
AR gt A2} g do] FojziTH3]. ¥, PLCe] &
S22 ARk WA 7he] A AR S FE 1 E
= 1 A A A8 T3 AlLEHY] durAQl AsS e
sk Aot mekA, o] FIAl2 AntE HY Y ES
7ol tigt FAY = Ado] Holow, 7M., A 9
o] WFA 9] FH|HE AZAA9 o]HS el Ut o] WY
ZREEE F 45 = U A4S AlFste] tuto| At A
Bk A% 4= 9l FAISHA] &3HA gt PLC W o
&= X-10, INSTEON, HomePlug, BACnet ¥ Lonworkse} 2
2 gofgt 7 ZREFO] it

fl

2) Busline

=]

2utE HY Y EQ T gkl Hxo] E8% WA A
£3h, dubr oz A7) A3 AES Y3 HEYA AH]

'SP

Lol AREE= =24 AlolEd ARt A Alolee
AHgRT olEe f3e) AAHE T4 ZaAas) R
Hoh3 WEY] that oihe] X|2lo] Wasly|k ot
ARE A& AFANA fFHL2E AL o, o] AL
o) o] B 47 vlgo] gol SAW, ¥E
o] AlolE&& AR o] WAlo] S A Bga A4l
a4 9T, o] WHe At WEYD el o &
< Y& AFstaL Al 7HA] B oA 7P AR
T 71 miEeltt, E3 o] 7le2 dRHA R THHAIE
o] N 47 BAY 4 YES s $AH PYF B4
ZRESS AUHs57]. Ml 7led ZRESS
Konnex (KNX), CAN (Controller Area Network), Modbus,
Meter-Bus (M-Bus)7} QJtt.

3) Wireless interconnection

FA AT AE

w2 22 AntE dd ofEgA o] AL H M, FA4
Fa 59 FA 7leS ARESEL e, oled Ve
2 Zof Wi QA F2 5T AolEe] Zagly| g
of AH&ALoA B "ttt AntE WY e A= A
o7t vt R 2 ¥ 5SSk = QlenR B §
AlS 3 4= Qlk56]. AUtE W] A A E A
i A T o] B at vl-§ w2, o7 71A] o F
A 7)ol TSt AE Y o|Tt 2kojoj e E7F uj
A g iR E LEskR] g AR A Helgt fAgt
YEYA S st ik, dutdog EfFA

(Bluetooth), ] Z1H](ZigBee), WLAN, Z]-|o] B (Z-wave),

T
for Smart Cities

ADIEAE| ZHEZES}
7|¢tz=A(R&D)

—
= -

RFID 53} 22 4 Al292 913 chafst ZRE o] 9]

o, o]z Akl Aot A& t Y, 53] 2.4GHz Fut
Aol 7122 o2 zHgetnt o2t FA 7led duhy
OS2 XY 4], w2 ¥E A8, A5 HEYAD &+
A, WA A UY EEEd g2 AutE dY o] AR A
ol HEYA 7Hda} Bl AH3]. ACIEH = loT &
FAol A o2 AR HE AutE WY o] Fof AH o]
ok AlC|Eolol M AlFdte Aulie 7|24 o8 AlX
" T AR ZUEF, Ao ' AT 22 AlLH
2| 7)sd Edo] Aot =S 543 o & Aol Al 2
a3 2 9 goly A% 7eS AL
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D. Software platform

SIZE o] FAF

o] ‘AntEsR|gH Uy 9 B 7HAAIF AlLH
o] Zete-E AntEE, HES % Ao kA F
Alskal glolE & weshe Zlo] Fastt, 2ZE{e &
AZE O Z2EZS Tl AEE g Hy o)
25t o Fa% 9LS S} o] Fe SAELE FA
(Push), &(Pull), HE8] A](Publish)/7-%(Subscribe) %
= ARERT 35 9E 719 BEe o AxdAY
tjuto] X Zhol HlolE & o HA ned 4 J=s oF
a2t AZE o] SHES LSt Aolth, wEhA A
‘A= 7HE oA & AxdAY] A7) 2 AA; oA
S ARE Y 35 s A0l disl 48T 2art ¢l
= Aot B3, A2e SHEFS AHEHUAUE, oA
a4, B Ve 22 Odd & AHAE A

olch, webAd, ol Ejat ALg BAL 913 ThFR WL WS

ABB, Robert Bosch GmbH ¥ Cisco Systems Inc.+== Mo-
zaiq Operations GmbH [59]2t= F7l &AZE o] ZE
& FE3te] AvtE T 7|4 FUSD A2 W BE 7]
718} Au| 2o FE28/E ATt AFAY] HHS
g3 o)F S8 AR ALE olv Al meS TSk
TgE 2] Aol WS T A A9 A
Z2AA 3 Bz dAglo] 7HIAIES AAE st
T AW O AgA B 4 9tk lF Sol, A8
= &UEZA SEEAY AP A A= 7Pl
A BERIES B3, ofolBo] HOE Wt & 4 YES
HE 3 FAE Asoz 8 4 Uk AutE dy oA
B2 Hupo] 29k 7EHA|ES A2 Thel, 2ntEE 4l 7]
e 2ube dufol s, Telm Quro s Qg e
I HHEHA ARE FHE 4 Uk
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Indigo Domotics [60]% DIY(Do-it-Yourself) A0tE ®1
EHRES FHIT Mac 0So| A A3 4= gl Indigo
713 A5 st 2mEG ] AEEHS A4S AFATL
A H ] F-F INSTEN, Z- Wave ¥ X10 ZA| & Agste]
= 29, AN, 2=247] 9 7HAIES BE b glo]
H3HA| Aoje 4= Jtt. Indigo Touch(iTunes ¢ AEO]E
£3) B, 105 W8)E AHE3H ofo]E, ofolul=, ool

3 HA 55 E83 &4A dutol~E ¥4 AEES -

olet. 3t o FANHE W Hek9AS Ak A
A7 ool ML ko 2 SHAES Aeset & 9l
AL B 99/29, A S ds 248 54 o
Eof gt £4 E= o|HY-E B 4= 9}, Perceptive
Automation®] Indigo= A4l W8 714 A53F AZEQ
ofo|c},

OpenHAB [61]% ATtE WY AAF 9| thapet 7|48 o
d &M U 95 IS} FAS Pt o
45 2XEY o] BYFo|T}, OpenHAB ZHEL 2
ulE W0y o) e MEYD 713 FHAEE o
2o}, A4, U9 AES 29T AR 2 FAE 42

sk 35 dol7t g7l el 53 FFYA B o

Z4o] BA7H 53 9tk OpenHAB EAEY 70 B3

L ARUE 71 B2 $AS Fof Anke Ag A4
Mze B9} 7142 FH5HE Zlolth, OpenHABE:

o

otheFet 7] A2 78] FAIE 918l 0SGi 7|RE 2EA
N 2'lg g3k, vl g (Binding) 54 7153} A3
£ A3ty 93l osGi HER /i 9 wjx|E 5= Qi

EnOcean, KNX, Z-Wave®} Z-2 thofst 2|9 7]&o] 9o
o S vRIg S B3l A dEe o 71e: lui62].

SmartThings [47]= SI=E9o] AA], AlA 2 AZE o]

NEA LR FE SHEoIh HYAE JHE=
AAo A ==, o] AEAEL of A o)A A 5=
Y= FE L 229 7]og, A& S0, LY &

ZY S8 v E AA sk 1o it £ Aofstr] ¢
3 222 AYE T 4 ot SmartThings 7| E= Al
A, 28tE Z2] 9 S8 & LA ECH SmartThings of
ZAo]AE AHEAE AREE 7|75 Fo HE 2
A& AEES L BUEHPE 5 =T FA4H| Uh
SmartThings Hub+= A4, 7]7] 9 AE<] 54l 29
HE A2 dZsta S50 d85k= 982 g,
Zigbee, Z-Wave, IP J< 715 A 2|2} 22 tpoFst SA41
Z2EZI 33T, ESF SmartThings= =24
7], 5 AA, 2 AA, 2R AA, e 33 9 2
12 E9 AR A2 o AlA 9 x| S3kE
[63].

HomeOS [64]:= 71§ HAFE o AAE 4= Q= vtol
ARAZE 71§ 4 AA EAEo|H, nfo]A R
2ZE AT 7|9 AR F3E A = NEE EH
Fo|tH65][66]. HomeOS ZHE2 AHE-SHH, ofET
Aol A& AR5t oheFet A% Q4] 715& A 5=
Ut} dE S0, FE7F 2AFE ERE Y =9 7
W22 o|u| 2| & FYGstaL o|n| A E AR A A
gtk HomeOS+= AULE WY 3704 HEQ A 7]7]
9] 7|&& Testo] AMEARSY} ARt Al st PC
oF Z2 =S A Fgtt, ol=E AAE Sl AR
Az ZREF| 5HH AvAE o Pste 7hdgh
APl Ad 9 B 29 22 EFE o EA ol
A ¥E 4= 9lth. HomeOS+= YXIH O 2 F Ao|EH o]
oF 72 gt HFEHNA A= FEAF A
gL o] B9 93lth HomeOSE Aubd o & (i)
AUEZ 9] 7|& YA HE ZEA|AE GolsHA st
7] gt glolE 21 7|9k A Ao (i) 717] E ofE
Aol AL F&sH7] gt A (i) HEAANA 717] ]
B 7Hed AALE 38ots ZEES 5Y AH|E
£ &83t

Lab of Things(LoT)[67][68]= AEo|A AZAH A%
2 §85t= AF A+ SR FoIt LOT= A|&H
Ao e 94 ZUEY H AholE, ETeE &
BT ]9 o] 7hAAEFAA - E HolE 27 F
I 22 w2 7eE AlSste T dHIE AST
o} o2 B3l Hlole T4 L 44, == B, =
ol AXE 2ZE o] ERHE dastaL, Foxt=
HomeOSE AHEE &= it} o] EHAEFL F0s¢ 2%
sto] ZHEstE = o7, o UA] BiUA|HE AH]A F
loT 7|8k AntE AjvjAo] Wjxg 5= Qle &F4HS 1
HHA 45 5= =T AU
Eclipse Smarthome [69]2 AntE WY 4l ¥ Qg
A 22 o|7]F Aol 23 ¥E ZYdH=
ojt}, o] ZHEZL 7|E9 thFet FAl HAUEES L
23t} Eclipse SmartHome2 A|AEl Wl =2 &5 4
AE "ol F4l= 7HssHA ot 43 9 g =g
¥ g gt AntE dg Au|2of Fa3 W
2 79 Y, 22EF 9 258 AlFE o
gt @2 Java ol E g E= 0SGi ¥l FHY 4
Qeug ymz Z2AEQL Yoz AR 5= 9l
o}, o] L YT = BeagleBone Black, Intel Edison
= Raspberry Pi} Z- thFgt WA 7]7]0 4 2+
& 4 Qlt}, Eclipse SmartHome &% 7|52 o] g
TEPANA ATt EFAL z8EH, o= §F
FAow A = A4S EHFNA fHA 24
= UYL2S 9u|tt}, Eclipse SmartHome& AFEA} 9]
7\tjo] g 5EE AntE Z &R HAS AAE 5 3
EE o 545 AlFetiro].
chefet AntE i SR 40 tigh =9 Qo=
Coojatt= Q1719 AlEEOE7F WA AlA et K3
ofolel 9] Hlu A Z FH YEHZ 9 FA AA YE
HZ 7l&S 7|t = A A" A, oW1 W gt
st7] 9%t A4E Ao et gt AlE ol
AArst7] s At AFUE A 8 A"t A
= &3 Cooja Al Ed|o] 8= Java 7|5F 74 Al
A Y EYZ A EFo]E o]y, ContikiOS Z2AEQ}
A v ZE T, Cooja= A =5 AEY o &g oA
= 755t ste, R A" 9] Ee2 Y of ETA
o|d AZFE AlEHolAE 4= 1tk 71]. Coojad]Al Al
EdolAE =9 gt Al 71A] 7]& &Ado] ATH(Et
Edlo] FH A2, =& 53 9 Holgy Hze), k=
B oy & ol 372 o e olgdt BE
2o F5A £ Bt 72].
fof: svuke WY Bopol W Ao} L oy
YAHE AL HEsho] A, A, 713 2 =
W g Aol 24 ohgst 7]so] Z3E o] Qi
22 24 9 7|Ho A= AFATE S A E Y
sto] 2= AR} tufol A gl ZEHA|ES Aol 4= QL
= 71es g3 Fa5t7] Hdl =gsta Qe o7
o= AlA & HSofolE, AntE A|of AX], Anp
E Ao|EHo], UEYH 4 & ZEo] EHE F

2utE g o] theFel HEXJE | 3l =29t
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IV. ML BACKGROUND FOR SBS: DELS,
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s ay EEFRCEREEE ] £

A, 9] % 71} 10T 1ol e Wea
gl dejaE g 0y gee] fe Sva

E A iiUXHE dA o) &85
AR = g old TARE A3l
IAFO] E(Insight)S &3k Hl 28
2 A 7E HAIHES AMEsE
OP‘-“”‘ e FEYS S s gle
9| a3t} HdolH
RO R o 4Ew, ofn|
(73], 3] H7=
2 9% st ot

Pt oA =E Y
3oL 5343 A olsfist= ol &

2 tﬂtﬂo]]ﬂ

[74]2 9| 7] E
A2 S
&9 HlolHE

e A tﬂOlEMl S HEsirt ol 501 27 B
2RO FAE AE SIEEA dolEo] ) EHS
We F oAl e v qojd 2g=g
N 27 BAsz RS 4 Gt PAEYE e
@ Aol 19 glols 1F AEESo] AL wnH
A e 4= 9o, AntE g Ao we Alg 2
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WE]

C ot olo
o A=

A £ A4S oL WY ALBE B

°lE1 Aol 2ol A Q17Fe] 24
HHlol8 & A2 st= dl lofAl A]E’H‘::](Semantic)
(Context)o]l gt o]sf& Hestz] fisf ¥
283t Fo7 Al
sh= o 283 ¥ Y2 7]solu w7 M
Sk st djojEjgk Fasic mAlyY &
/\F%‘M tolg HHE 7|Rte g 58 4= gl
HAFE7E ARz 2O YstA] ¢l
?JE—% tﬂolEMW S5 o U=EF st WAy &
v]5o] A9 Holg oA shEdtal 5T 4 =T T
2E(Nest) 22287 AFAY AZ e
54 30 9 EF ATl B =& F &3t

oflojct, ofmrbEe] o Z(Amazon Echo)®} o]
5 E 5T 4 Rle HEbe|ArE 1A, 8

35 e ozRE shaste utel

o o L

= ﬂﬂlﬂ— e B

: Aled gaelEe sy A
o3 G g ol A Aol mE s

W A2 ﬂ%%ﬁ -5 30l w2

ﬂJI

A}%ﬂ“‘:}[wl =
A (54T 2A)
£ agA gy

I EE

No Free Lunch
£ ZAelA
ly Ducklmg 4a1<94_~u4 AFglol
7hHssth)e] =W ookt

&a12]Eo] Stk No Free Lunch 2ol A= Ao o
3 AP AE glole T oW gmeEmct o vtk
TS5 Ut TRAZS gonf, of| T AneFe
87 e 2ol T £ = Yo YAA, W
Hof Ugly Duckling A2l ‘T12 ojH F g5 2
oW HHTE A2 B AT T 5 AL HA
et [79].
Plehd e £ et ol e 99 o A
£ AYste 474 B2 ERETAE 3G, HAE
f—‘}%. EA = gk, ) ehE(RL) €ES). 1" 72
HAE Y FR/E BAEH, o2 ¥ e vl A2
BEs ol WAlEY 7)Y 7he) aok W@l B
AA= ] G,
1) A = & (Supervised Learmng) i'ﬂ o] 5
5 ol 7Nte g daelE
Sletel, o714 S I
4 Apolo] BAE Urehuia
AS gutstsfof gt
£ 520 Hon
A A 2t
9l B
o 2] (deci-
or machines,
ANN), 24 1t
s,HMM), 12"
arning, & =4 2
pr learning), /3= Au}E HlY of Z2|# o] A(Application in SBs): Boger 5 [76]

(en sndom forest), 23| X]“H Ak} & A7 -‘—’f’g = 571 f18l wpotZ = oA}
i {1 2312 F(genetic A4 ZRASE AREShE A= Sk AlLES AT
algorith He 2ntE uy Altun% [841& 1A 2§ 23 WY & A7) AAE gt

o TheFt {15t A8, of ZE3 A FF BF Aol digt @ A7S
gt Mozer [85] A0tE & g7l 37] Wi, }_Eﬂ 3
7] 9 2 S Aloskr] sl A A3 ks A
&3to] 71 &7 A&’ AFAL "ol Ao E TR
Bourobou 5 [86]% AHLE SHA oA AMEAL EE-2 A}
I A E35H7] 3l ANNT K-35 |l 2SS ARE-RE sho] B g
= HIHE AABAY, Hsu s [87]2 5, B 71E,
B9, AFEAHY FHE HolE et &2 AR HEE £4
71‘:&2§ ARG 2l ARk TV—%—id Al 2" At
A, Fleury 5 [88]2 SVM &38| Z /\}36}01 choFat Al
Aol HolHE 7|ite = A gAE E‘% Foh= 97 &
- Ao AntE A AE AlFT
A= ghg 2Ale B I AAE 3 e Y Az
| o JAIs 72 o A
a) &5 (Classification): 57 412 &9 HAa= AL
(Instance)E 7ot W9 EA /Y Jgoz BERsH= A
oltt. F AIES] dlolE (Fhdo] & HlolEMT} o] gl=
dlolEA)7F ol A 2hdlo] A QE HlojgAle] 3ty T2
*ﬂ’\"ﬂ AREE ), Bhd ghilo] XY = A] F2 HlolHAlS &
AIE Frhshs o ARSET LdRbE ] ZEA|AE [21]
Oﬂ ol A= vl E(AR)o|2H L E St= SHIE HFl &
FH A =5 Alibste Aol
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TABLE V: COMPARISON OF ML TECHNIQUES

Category Type Algorithms
Supervised Classification Neural net-

Learning works

SVM

Bayesian net-
works

Decision trees

Hidden Markov

Deep Learning

Pros

Requires little statistical
train- ing; Can detect com-
plex non- linear relation-
ships

Can avoid overfitting using
the regularization; expert
knowledge using appropri-
ate kernels

Very simple representation
does not allow for rich hy-
potheses

Non-parametric algorithm
that is easy to interpret and
explain.

Flexible generalization

of sequence profiles; Can
handle variations in record
structure

Enables learning of features
rather than hand tuning;
Reduce the need for feature
engineering

Fast

Cons

Computational burden;
Prone to Overfitting; Picking
the correct topology is diffi-
cult; Training can take a long
time and a lot of data;
Computationally expensive;
Slow; Choice of kernel mod-
els and parameters sensitive
to overfitting

You should train a large
training set to use it well.

Can easily overfit

Requires training using an-
notated data; Many unstruc-
tured parameters

Requires a very large
amount of labeled data,
computationally really ex-
pensive, and extremely hard
to tune.

Can go seriously wrong if
there are severe outliers or
influential cases

Clustered- based Straightforward tounderstand It is not flexible enough to

Regression  Orthogonal
matching pursuit
Ensemble N/A
methods
Time series N/A
Unsu- Clustering KNN
pervised
learning
K-pattern clus-
tering
Others
Semi-Su- N/A N/A
pervised
learning
Rein- N/A N/A
forcement
learning

and explain, and can be regu-
larized to avoid overfitting.
Increased model accuracy
through averaging as the
number of models increases.
Can model temporal relation-
ships; Applicable to settings
where traditional between-
subject designs are impossi-
ble or difficult to implement

Simplicity; Sufficient for

ba- sic problems; Robust to
noisy training data.

Simple; Easy to implement
and interpret; Fast and com-
putationally efficient

N/A

Overcome the problem of
su- pervised learning hav-
ing not enough labeled data.

Uses “deeper” knowledge
about domain

capture complex patterns

Difficulties in interpreting
decisions; Large computa-
tional requirements.

Model identification is dif-
ficult; Traditional measures
may be inappropriate for
TS designs; Generalizability
cannot be inferred from a
single study.

High computation cost; Lazy
learner

Only locally optimal and
sensi- tive to initial points;
Difficult to predict K-Value.

N/A

false labeling problems and
inca- pable of utilizing out-
of-domain samples.

Must have (or learn) a model
of environment; must know
where actions lead in order
to evaluate actions
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Applicability in SBs

Used for classification,
control and automated
home appliances, next
step/action prediction.

Classification and regres-
sion problems in SBs such
as activity recognitions,
human tracking, energy
efficiency services
Energy management sys-
tem and human activity
recognition.

Patient monitoring,
healthcare ser- vices,
awareness and notifica-
tion services.

Daily living activities rec-

ognition classification

Modeling occupant’s
behavior, and in human
voice recognition and
monitoring systems; Con-
text-aware SB services.
For regression problem
such as energy efficiency
services in SBs.

Gesture recognition.

Human activity recogni-
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services.

Occupant comfort ser-
vices and energy efficien-
cy services in SBs.

Human activity recogni-
tion.

Predict user activities in
smart environments.

N/A

Provide context aware
services such as health
monitoring and elderly
care services.

Lighting control services
and learning the occu-
pants, preferences of mu-
sic and lighting services.
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[126][127]

[128]
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(c) Semi-supervised Learning
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o714 Ne= &3 o) SHlE2A Tdd HAE ALg e
£ Uehfio, Ne HAE A9 £8 vehit AUEP)
2 AALR)S E7 Fae] ARAEe 255 o A8E
ot 7Fss Ul 7R Ak gty o g2 I FA(TP), AR =
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Fig. 7. ML styles.
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duFE[91]2 £F 2 37 Ed, D3, 4.5 ¥ C5.0, 7o)
A& (Chi-squared), M5 18|31 AR 24 Ego|t},
2otE WY of Z&]#A| o] A (Application in SBs): Delgado &
[92]& AULE A oA QU7 52 A& A5 9
o SAEA EYE 7|REe 2 3 wAlEy 7]HS Aetkste]
7t FEo 7P WIS S5 o] HT 59 Al A
ZFZ&31t}, Viswanathan 5 [93]2 3HA} EL]E%%] A |
|25 AT 5 e 45 &7 FLYES AHESH] 9
S % Z2EEY 2AF HlolE nto|d A|lARS &
etk YarER B dae|E&2 siAsta Asty] &
Hl-mi 7= darg]Eo|h, o] g &9 =8 Tl d7
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< 25 % 39 24 g Hol=9) FYE &8ttt 7t
X AN el Mol Ak HT2IE [oq]: Lol W] %(Naive
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2ntE WY of Z8]#A| o] 4 (Application in SBs): Parnandi &
[95]2 Uol B Hlo]|= £/ 54 A7t fFof 7]utet Uy
lﬁ AX = A ASrstar, AntEEY] WA AAE &
goto] AHEATE WYYg AET AR AE WA 43
252 AU Verbert 5 [96]> F2/H] A|AH]
e Aestr] f8) Hol At HEYZE 7Hte R s}
Aeig HTHS AQHT, o] mdlE HE WA 74
/%T—}?:_,]_f_ A] Eﬂ 7]—11— k]]}\-]-‘?_ }\]-—9-6‘]- O]Q 1:1]0]]510]] 3'_]-6‘]-
A7t AAE 7o 2 55T Yol B b o] =(Naive
Bayes) £-7] M2 [97][98]0l1A] 1zt &5 Al of
gk A Akt A AL U Yol H o] = HIHE
TabE dAY AlA w= gholl disf 7MY =2 gEE A
= 7 52 1A%

=

SO

ol o do

'1:‘
il
=

B

8
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d) A E ¥ WAl(Support Vector Machine, SYM): =2 &
5 AR AEAL BF @ 57 B4 mEo] A8 5
St A mAlEy dmeFolto] YME 2T U B
A Y, dAE Bg A8 9A, U7 B 5 2e we
A g5 A0 7PE 9 AMSE = HAlgY daglE F
sholtHia], SMe 5 229 1 7k Ao 29
wzk Aol S Bejahs oulg HYsieh Aol AZE M
B A e Aol A9 22 2FH2 oo F3t
o|tH142].

AntE WY o Z8] A o] 4 (Application in SBs): Fu & [105]
A7) B2 A A Aol Sle 35 AEY 2" 5 A
7] #3HE o&sh= SYM RIS AIFRTh Nguyen 5{106]
o gulE A Avke o] Qi 4tie] Fulet Y=o
PRERLEERETEREEE R R EL TR
a17] g8 SYME ARats AAZE A7 24 AAEE Al
3t Petersen 5 [107] ZF Wo] B4 B A7} Al5-5t
L lolelut AHgsto] WEATE Mol Gl AL NS
SVM 22-& 7Rt Fleury 5 [88]2 SVME 7]|Hto 2 3t
smbE £ QHAY BES AFOR AL AT 2
E Ix3Y o5 YA AR AlA, 2o FA, 2= 4
S 24 AA, vho|ae} 2o thek Ao A HlojE 2
R}, Das 5 [108]2 1 Z&; 2 (one-class) SVM(one-class
SVM)= AHg-8te] AntE ZojA AAITE &5 o&F A&
A1 EH 2 EF JIHEE AR zZhao 5 [143]2 9
U mg 4v] BHS 98 L5 2 49 ARE 5o A
o A A5 AASH] #18 SVM & RNNS 7|Rte = gt
Al HEHE A

e) 3 AlAY &2 (Artificial Neural Network, ANN):
ANN 298 E s A7ue] IolA 97e Wk,

SMART CITY STANDARDS ISSUE 05

ANN B dubgog 37 @ 25 24 ggut o
WA Q1 Q15 A TH(ANN) &ar2|E[94]: WA EE(Percep-
tron), <A 1}(Back-Propagation), FZE Y E £ 3 (Hopfield
Network), BAl 71 A g4 Y| E £ 3 (Radial Basis Function
Network, RBFN) &°] 1t}

ANNE FAA ghgo] @ Fastal, oS W4et 9 Wy
Atolo] B3 viAE BAE AT 5 A= e85 A5
Hg Afo] 9] 7Ha3E BE A HAE 4 e T
gote] W o] FE AlFerH104]. W] dHo 2=
HukA(black box) E4, T3t AL Fe, A 3
o] U}, T AAFY LiTE EAL R e, 24 2F
37t gle S5 o83, AFY 40 tE A8, 2o
AS ZEAE, YEHE A5 149 584 50 8
Aloltt,

2utE 9y o Z&] A o] 4 (Application in SBs): Badlani2}
Bhanot [99]> ANN®]| 7]9kst sj&l Q14)& -85 o %]
a3 9%t A0tE F AI2EE IR o] A|A"E %
o] Y5 M-S $35t7] I3t RNNZ AutE F 9] Kk of
ZgAoldS A3 ANNS St o8 1A= A%
214 ABIAE Al Fst7] s ANNS 283t Campo &
[100] AE9] ZF #+9of gt HF =& At 1 g
E= @A A2 AAF L2 v ashe AlLES AR
AULE Z AH|AE 913 ANNY| 3o 23S 2E RAF =
RO 2= [101]& #=3}7] vight}, Ermes 5 [102]2 24,
ARAA 7], S, 271, @871, g7 B spolH i &
53 Q25| fls AP A A AT ANNe = 4H E
TRE MG sholBElE BR7] A Bl A
Ciabattoni & [103]& 70171 AIZH B9t ejofa} w4l A
g it 7Y SHIE S5 e AR daEES A
&5tz 7Y ol| A iU AHE A A" HAAE AT

f) @34 ¢a1e]E(Deep Learning Algorithms): ©@3d wH
2 S oIHA(HF AF 2 vAdg HEs 2gste B
2 AF)7F AHEEE 1F AFYANN)S X3tE FEHE U
ERditi144]. H28 Y % F shbs o2 AETL 7]
T AR A B FAE oG 2 ASH E4 F
£ dugEe = diAsks Aolth 7P dwtAdl "HEd &
I E[145]: AEF A A1 Y(Convolutional Neural Net-
work, CNN), =3+ A1 (Recurrent Neural Network, RNN),
A& E&9 W Al(Deep Boltzmann Machine, (DBM), A&
-2 A7 Y(Deep Belief Network, DBN), & 2 E I3 H
(Stacked Auto-Encoder). g 2]d-& thoFslt vlgo| g EA] of
ST A 1A, 53] AA o] HZ(NLP) o ZAl0lA, Q& A
o, A A A, HEYZ Het 9 o|n|z] Ao A4
o2 AMEEIL QI

Held2 oAl 8 Bl=Y 28} A4 HHA O 2 AR
=iz ok d2d Alage] tigt nfo| AR AT E O] A
= 3019 Fof 1HY AT A4 HY A 2" AR
[146]. HEY f2(sir)= HH Y oG ZdS AHESkaL
2 UER0|E £ A4 A E HYd T S AE
gttH147]. H2ld2 2ol 1Akl HojE oA agAow
5 ¢ =S dt= EF oF(Drop-out) ¥ HEFHAT
2 o8 7les 83t 28y ded 2l Bagt
7 Wi 27] w2l ke g Eol Blsl shast
o YA o Be dolet Wasi,

® o i g

ok

A0tE g o Z2]A o] A (Application in SBs): Choi 5 [114]
2 A& Y ot A7 52 dISshr] A 98 2
QYA 7oz E ) oS TEEA A4S e A7

Wt Ag Bz AL Akt B3 A7 5L o2
317] 99 A% stolnels mag ANRT, o] =8 ns]
& FHEEA, Ao] AT B A7) AN 2L HE

ng dojelE AlAo A QI S5 Q1A S8 AEF
A F 8 AFH(RNN)O] 7|RkgE 29 nfE 5T g9
olBglE HIHE Aglt}, Alsheikh 5 [116]2 35 714
SEAE AHESH Q17 i Q1A el HeEd 2 24 At
2332 »nd9] slolHag = HAZHE A ekslgtt. Baccouche
T [(17]& A7t EF5S BE7sH7] Hal 29A A7 7 4
Z 2dS Aljtst, 2l A WA dA= AEFA AF

ol
-

& oz Ao seE AT S4old, 19 of
29o] 5 A GA AL S8 AFERNNE 13
ZF AZE DA B8l shaE A AA AlEAE EF
toh, [18loll A= AEFA AFHE AHEste 7HEE 7]
7F &F 14 WS ARt} [19]ol A= AREE EolA
THEEA 9 Aol A ZE ARRSH] QI7F 5 Q1A=
s 54 27 4 ER7IEA AS AEFA AT Al
¢rgttt, Hammerla 5 [148]2 o181 & AA| & AHEsHA ¢l
7 EE A4S AT A, AEFA E <3 HIHY 4
= JAgt, e SAsH] S8l AR doldE AlA o
A aHE 24 golHE S Zshe Al 7HA] tEZ <l
dlo] B A& AHE-FTt,

g)2yY m23 X 2 d(Hidden Markov models, HMM): 24
ntE2 3 2o o oF Ao o3 WEEE wEE 7
3 AHEAE O BHEE 5 e sAR V|2 gEAY =2
NAE 71l o5 g& 1ot

O o @ mo of

ol E Hod o Z2] A o] A(Application in SBs): Wu & [113]
Fofl QLo Al AH|2F AlFst7] s AHEAF BE2 53
e &Y ntEax ndg AP £ 1 AE
ot vjE A Al E-8-F A7 AH B EEAE VT
. Lv&} Nevatia [112]= A4 ol gt AAIZE H7ket
Y=l 7HssHA 5t7] 18l 33 A7 EF 9] AE A4
9 £ &Y ntdz 2dS AR Cheng 5 [110]
A Q14 7159 244Q S5 AFste &4 vt
md 7|8k 22 A Aot w3 et g
FAIA717] 3l Viterbi®} BaumWelch &ilg]|&
SHit}, Chahuara 5 [111]2 A0tE 91 37 of
U AL S 210 E QA5 %t AL 7|5t
2ES AbT E3E Al ZFA] AL 7)EE BElE AR
th2Y ntEix nd 27 9o Y=, &X4 nfE25T =
g HEHA),
h) Al Al £ (Time Series Analysis): A A €2 A|7HS 7|&
© 2 gt AEY Aol AAE HolHAS dRtAos
FAA A0, A 7 B, A& AH0lE 5
3t off o EAS ZA=tH149]. AIAIE £E 9 Fa%tH
52 F ot AHdS E0le Zolw, 29 7Ht £, H]
glolg A& &8, tlolg A3 & 5 Al 7HA HEE Ud
tH150] [151].
2ntE g o £ 2] A o] 4 (Application in SBs): Survadevara
12512 =2 9 A d5517] A& AvtE & 84
oA +H &5 Al oot TA AFA 7] 39 T ol
T B AAEE A €Y 29 AT Zhou &
[126]2 b= WG wlole M4 A G4 AAD 7+
o BAIE A7) o AlAE &4 ZHAYZE AR
o}, Jakkula®} Cook [127]& AHLE Zof| x| AR} AA| 4,
T &5 WaEsto] AT HF2& 245 f18l AA
g 7|8t Y LA E ARt
i) 2]#(Regression): 3] £A19] A2 A gt S 3
2 FA3t= Ao|t}, o]= mdof 93 THEo]A o Zof A
o2t A E o] §sto] WHEH o2 A E= W 7H B
£ uUEhdl= A3 wr=do] le1s2]. 78 LRk Ql 3 &
1HES AY 39, 2ALE I, dAH I, dut FHa
Al 3ol
AntE Wg o Z8] A o] 4 (Application in SBs): Chen 5 [120]
< AntE HUgoA o|A] as4dS AlSdte 24 2 ¢
A 7SS AEshy] Qe A wjy = daelE9
39 71¥= AMERITE, Bouchard 5 [121]2 £HEE 2H7 o A
A ks Ak YAl AR B9 AEAQ B3
A&3E F457] Yal A<t 288 A% IAHE A
&t 54 24 A|2E=S AAF
) FAE " (Ensemble methods): 57| dAMEo|gt =
e o8 £7719 =3, MEdez ahgd &7 29 1
5 9 olg3et BdlY o So] HA| A &S BT WAL RE
e 154]. 7 7180 SAE 5 71N &7 71H
155]: HE EH AE(Random Forest), F-2E(Boosting), 1
AE H g W Al(Gradient Boosting Machine), ofjo]tt
HAE(AdaBoost : Adaptive Boosting), ¥l 7J(Bagging) 12
3 B3 (Blending).
AntE WY of & A o] A (Application in SBs): Jurek $[122]
< AntE Z oA 0l 49 W &F 4l A% 29

ook

2 H 3¢ E o o) [y
m wo fr 10

> o v (U rlo M
o
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I A3 ggolth, dRtd o s AR E = TS
& gaE|Eol jlen, old g
(Apriori) ¢12]& 4 k- (k-Meag
1EEE 7|HEO & gt} H|R
ol tigt ZH o] it &
g 54 Alo]o] sy
H| X &= 3}559
Holw, o
A&

CEK
80].
o hapo] girk
g AlEe w8 2
7t Blole] 848 k2
T el g 7HAshe A=
= 7Py A Hlolg 848
5 BAlE oholA At 23
& ek,
g): 23t BAL 7o 7o) et 12
A3} 2ol e dlole e Y& 1g3tE B
S} 71 Aubo R F4 )i @ AS Fxst
A5 defoz FHEL RE P dolEg Ay
§ 1Fo2 QESHA ] A3 e dlole e
F2E Ashe A% Dol Uuk158]. 2 2]
42 2T AAZL A B0l F7o
wel BrhEc) g Sol, AF oAel g AutH oz o
ole] stol] AGEE whR, W= Az FLHlE ofu]x]
FRspol] A1, 7H LukH e TS FTYEE ke
PR kFAL, 710 Ao 22w A% 2Ystol),
2ntE g of Za]A o] 4 (Application in SBs): Fahad 5
[128]2 E7et 2UsHE FAotE B A4 H2HL A
orstu], o] AWl A BE AABAL Loyde] 298t &
5L ARgate] 2YSHEL 28 TS KHZAKNN)
2 5112312 3} pampster shafer 37 o] 22 A% A o|& KA
©°o ) iy (evidence theoretic K- Nearest neighbor)& #-83tt}, |+
‘ M FE [56] mnje BgolA ALEA BES AT o See
25 gojmes gaYe AEt a5 kY 25 ¢
=2 ozg Abgate] ofe oSt HUU ASA BES BF
CUAN a3 kARG AR Ete] AAMRNA AR BEL A4
#F Ploetz [124]:= Flofel S S 53 oz Lapalu F [82]2 2A0tE FolH Y @
A7) H2E(LSTM) P 12 2o sk 2AIE S2s] 9 HIAE Sh BAS A1
2, d77s LSTM HEHAS Mg aze gxsomyn 2o 9R 439 Az 1%
L T LSTM B3t A = we Ause B A4 Ba Au2dA A8 Aele 21
TS AR, 242 913} Flocking 12|52 AHg3ITh Aicha 5(83]
2) H| | = <5 (Unsupervised Learning o nlEFE HR Fold TRNA BIL 7|Hlo 2 AntE
3Rl BEold AlLES S48 913 F B7NA w19] HIRAFH Q] RS 1A 3t A
&AM GRS Afdets S T = Sk AREE AAR o] R AT A HE Y &
Fe)Ze duke] QAo sl ¢A Rk

A 9% 718 B
27 99 9 A X

33

el Hh AlA A 2o o2 gloly AEYS A3 &4
& ¢1gE2 o8 ME Y FAME 2AY AHUA o)A A H|A(Social Communication Services)?] Tt
£ o Z2&H(usten)E2 /A 74 2 Abg): Cook 5 [129]2 AF3| A As &8-S 7HA| 83 An)
< HlolE oA 7HA 2 gt wiiEsE AT IO A AAF AL mUE S 93 HAE g
=

02 geshA] o2 AuBAE AEE 5 A
B Yol EAste +8 72 ZE] drk 412
FE317] Aol medE Evlskes b ARE
25 AMESH SEAS AAHLR Eo1AY 4
gt HolHE AT =+ AnH{129].

HIA = 22 A dHolE el HiE
= o AutE 919 9] therdt 2%
tH130]. LRt vl 2]z

pae Agson, o5 AT AR gAlHoln
jHow AdE mewonty wad Wl Wss
DSIEE A5 o R 255ka Yulo|ET 4= 9lrt. Rashidi
130} AutE BAolA AAe] YAbelA dutE o W
= AAH Q] B At sk HAE e
o Al ~H o] EE T e 2t k-t
7Igke 2 Al EAE SYLETYE] Y A4 EH
5 [159]2 &PtE »Y o A MM oA +HE

SMARTE

A= HolHE ARt AFALY] 3F e AHst=
H A = HAlEyd HEHS Ao 259 Jddd= o
&t AAE 2EE AGARS] 719 74 o] A3 SQle 1789 =
A9 YL S5 TSt =YE Hol"gE Agsta
EA48H= Zo] x3tET, 8% 5 thE At =3 E dlo]
oA &5 JEE FE3T

b) A¥(Association): A 2] sh5 EAl= 42 HolH

o g2 REE AYst= 13& AHste b &-8€r. 9
£ 59, XF5s FYsts A2 Y 35S Filists B
o] Ut} AT £A4 iffthen 4] tigt 4 dHlojlgE &
Aol A © AlE 71ES ARESte] TAIF Hlol o] A
Ee= U8 AR AFaoA Qs ol 1ty #AE ©
Agto 2 gAE 2o sl T o 7] A K] H(sup-
port) 3Eo| glo|EjH|o] Ao YEht= RIEE YERfIL ¢
A2 = (confidence)'& iffthen F&Fo] &l A0 2 ElF 3]
52 Uehit, A 73S A4e) 9ig Be dnelzol
AQFEIITh, AH A ok 2] Z(A Priori Algorithm). 71 &
oteinl AT SuelZoltHi60],

2otE Wy of 2] A o] A(Application in SBs): Aztiria &
[161]2 A, PEEES v, 233 H 2/ 7leS A
&5to] 7t 59| RIHT H S SGhe AlL"EE AgH
ek AA"E] Y BES gl o] #F NE3E AlSshe
Aol mEY Y-S ddsts ¢udE ZeY F Y 2E
2 744 35 AlSold. Kang 5 [162]2 A0tE Y 87
o] BE 7)o oA &3 A 2 45t g
AElA AU e A AAE AR dRbA o2 o] H3t
AHle AR oA 4 AR HHo R Fr|How s HEH
Nazerfard 5 [163]2 2RHE FolA AIZF A3 3] 7&<
AH&to] 59 UAIA A9 AIZF AIZE D 7|7k ZEsE
o 859 A7t EA4S EMs7] A =Y dH=2E At
ek,

3) &A= &k (Semi-Supervised Learning): &A= 52 ]
= oI v X = 9 Abolof Qltk, QE TojE = 2hHo]
U AET o] gle MEY AP EoI, o2gt stolB
Y g &2 T8 {13 RS AsstHA e &
3ot As HRE S}, o] 2dE lo|E o EAst= I
g3 grgstal A= gtk £A19 o= E7e 3AH7 9L
tH164]. A 2, F2E W, AL AZE HE
WAL 2 7|k ) AbE Sy, ERU e, =g R
9, §% 35(Cotraining) 2 HEAH S-S EYSHE o
7 ARl EX = sk mdllo] gltH{o4].

AntE HiY) of Z&] 7| o] A (Application in SBs): Cook [131]
AULE Fol ) AEA 02 AL b oSS AL Abg
5€ 918 A% BUHY 0 AR 4 qulAE sk
5L AN BE 5 YRS $H A= B U FAE
2 AT Lus (13218 7H 8 S0 F5L
Astel QIzk 5 S BAE FRY 5 YES G4
AA 9 AutE S oA Q] 718 PAF BES Q148 HA
7I9F A= g ALHES AR Fahmi 5 [133]2 35
B oA YAEA EYE S8 A= dugEy 29y
2 A B0 JAGS 7|t R ot A E daEE
= T8%t= A= S AA A ALY, Radu 5
[134]2 AHEAPZE AW = Aol A=A st BAE
sty AutEEZS AHHY AA T AMESHE SR E HAl

g WHS AlFe, GuanF [135]2 ATHE 2] ehilo]
U HMER &5 59 s 7171 A8l AR 7Hs
gt 2hflo] gl= MlES AHE-SH7] f8l En-Co-trainingo] 2h=
25 A4S AT RHA = ks daE|ES A, AltE
S E2 FFE TS AHESHY co-training(BF gH)
il & gt

4) 733} st (Reinforcement Learning): 748} st52 A7 &
£5 el 43t 248 Srists] sle) A2e Aol
sk sk Aayoltiies] WEFY eiste) Are we
wAley RoRl 78} s = A d g Frjsiels]
S8l AxEg o] o] AET} AN ZAE FHalok sl
whA 3 gelo] ole, 73 ot REE So] AL A4
o] QT WHeFt ko] Sher HlolEt Qs AL Aol BAS
sttt 25 sty STelEL Sl WA Ao] QT T
o Ao} g A Aol FAE shyact, Telu
75} sk daE] BHE HHo) HRAE Hels) 9

"""t/d",

3 2= AHE HEdoF st T HAY &£F4AS 2= T
Zagt g2 A4t Hlgo] a5 Folth, 73} shgo &
A HJILHLE B2 E I XA (Brute force), ZHZIEZ H
(Monte Carlo method), A7t Z}o| W (Temporal difference
methods) ¥ 7}%] §F<(Value function)o]t}{166], Q-8+&
(Q-learning) [167]2 =0l X1 AHe Aol wet dadt f29
B & grgste b 7|uket 2Egle 43 ok Aol
A0tE 1Y) of Z2] A o] A (Application in SBs): Mozer [136]
= dE W 28E& AL Oe S AS55H7] fa =298 =
Aol Q-8t5= A& o] 9 29L& asZ2 oY XA
2:H] Ak Yol AEY 21 43} dAHS F=d &8
= It} Li¢} Jayaweera [137]= Bt} &B&2]0]il F-AsH
A& o] FHojd W AlFstr] f8l Q-5 7|8t ZA &
A 29 dugES A olHe HEHS F3l
07g Avke WY BN HH9 eetel A AHE 1
g 5 glol B8 B Ahsd A @ AT HAM 27
ARG 7O R o Fhekat 4 gih, Khaliligh Agha
jan [138] Atk WY SN AR A2 THE A
7k EASHE ARl AHgAe] ot HEE 9 2 Au]a
Ao o3 A BHrg e sk sk e A7
o] &~ (Temporal Differential Class)& Attt o] =4
AL ATE Aulso] wHea u A4EALe) WAH Ei o
AA T EdE AMgEt] ASEE ShERtth XuS[139]2 B
S 2AE Agste] 8 B AT Z ARE 2R
I5E ¥ b MARE o, o % 9 sk Ale] B AL
goto] A2 T2 43 B4 SueES Brreka vu g,
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B. ML Tasks for SBs

snte Nge S Al gaa

7|0 Ae AntE UG BHAE =8 iy
g Agat Avke W9 vl Bl
snte WY Sl WAl Y e TR A%
Ao tigt Al Ay 19 83 FE3T
1) glo]g =3 & s=Al(Data Collection and Acqui-
sition): ThFet Hlole] 43 A2Ho] AL H | 24
ATHE 59, oA 8284 2 42 SHlA
N2 T2 e gt Ants whe AA U §
Aret i A= As3HE WA S 2 S Ao YA| Hlo]
HE s, olge Ax= &4 713t s¢t
o8| 2 AABAL AoiT T4 20l et Ho]
HE 218 4= gltH168]. HlolE«= AlEH o]
A 418 4 ok, +188 dolgs e 9 A
FE 8830 ASS A8 45T FH=E T
Ht, Zigbee, WiFi 2 AEH 5 tg 54 7|
2 Abg3to] ol g 44 AH o= ATt
S22 R AutE AR HjZo| A 3 E Hlo]
Hie YA 9 AulA AFo 7S gttt
Z&H Holg 9 F4Ho] £A ge o 22 AF

g = gl 5 Ade9].

Zhao 5 [170]2 A& AAH Huld A=F7|o|A
o 2] AH] golE (A& EH 7], =, 7k,
4 3)E #3%= BUER A& ALE 5
= dolE =3 9 AE AL=HS AjEsit), Al
2H2 Ho|HE £435t AEd & FI|He R
tlolEl & A& st HFHORE ojHullS 3l A
HE HE3tt Rowley 5 [171]2 A AET =
H AA JR A BE UY o] Azt AT
A4 5= Q= dolE #7 € 2ds HIHE
Aottt o]t WL thE 3 x|&7hse A3t
of gt 7t AlvE|le AR &7, F7 2 &
7] d&g 243t 82 Alesitt

CLEEN MMEA[172] Hlo]E] & 4=, A& & F=jst
I A3 A4 &5 NS SR EoIH 5
2 dloJg & F3taL thet At AB|AE A
33t7] 9%k el upAE 0| AE &I A
ojt}, QI HolAE FAEHER BE AT HE
A3 GA 7HAsA AuAE LAY st
Utk B4 A= 270A AH|AE AlFst
7] 918l ol A] M| SAte] AlFg 4= Sl
SE FNA Hlolg = A2 FFH A=
VITZ7} HRE A AR gAe 3502 st

—@

e3Portal [173]°]t}, e3Portal> 2] ZAE9] AoF 24| € o 42| B
FASE TEHE o FEO} =E AT, E3F &, fX9, A
T4, B4, 71E 9= HAYy 33 22 234 Y 33 HAYH
oA oY & & 4nH]e} BHHATIY A HHO|EEH= HolHE &£
et} oAl AR, AAAE, e old € iYAHE At
= 183 AE AHAEER o8 8% 5 T

F7F AFE 5] Yol dFAE0] FHLE o8 = e &
utE U HolgAlS AlFdts ZEAES0] itt, ‘Home Data-
sets’[174] Z5ol= UCHZZ, MIT, Y49 =3}, d2H=9
g, oldw ] st 9 =3 st Z2AE oA =3 Hlo]E Al
o] Z3t=Eth UC B =7 2] NSF TRUST Centerof| A %] ¥13}= WARD
[175] Z2AE= Folg & 52 AN HEYIE AHE5HA A7t 3
T A4S g HAmt= gloEAE AlFEtth. o] Ho]H Al 194
ol A 754 Atol 9] 137 9] A 7789 oA 7Rt &gt 1379
HHE SZo| A A ESIT MIT Z2AE [176]= 25 o]l 2719
121 ol Eo A 4 &5 HlolEAE AT AH oHEE 7|5
5t7] 913k 84709 AA7F A5, d&aL, &7 53 22 ohFst out
o] A9} o] RAE| QT Baos 5 [177] A9 of g FEo 7
2= ohoFst A Al A (Inertial Measurement Unit, IMU)o| 4] $=%]3t
N At HolHAlE =YY 152 1799 7R} 97
O] WA ZAE AHESH] 7154 33719 EYUL E5S 11F
ot HAATHHSR Y CASAS Z2 A E [178]= &4 17}, Y
2 Ado] 3= A 37iAY ofutEo] tigt 371 HolH S AlF3gt
o 2= S AHst] 8l oS 129 25 1 dxE Al
A7 AR =Y, 25, W AEE WY AR = ghs A Y] 9
3 opd= 1 M A7F DX H T} 179]. MITE] PlaceLab =2 A E[180]+=
52, 291X 4 RFID AAE 33t 9007 ©]4+e] AlA7F 9= ¥
E oME A =% HolHAlE AlFetth, o= AntE Fo W
oA Ao dFZ BYEHHSH= ol AHEET F=9] 57l FE oA
2ntE ojg glo]EAl[182]2 49 7H9] Algl2 A EY 18 A9
2 ozttt A2 T2 7|7]¢ J AA A a9 o) A
golg oA YAst= 8 AA= S, MU AE Ho B
¢t A 29| oA doth[183], AsEHE AlA HlolE = ZEAA
= loT7]7] & &4 nroje} T2 th2 AloA £=H dlo]g
H3 = 9 B4 AEE d=stes e tolgE =483t o=

= ANIEAE RS
HutE(REE)
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‘ Data Acquisition

Preprocessing

Data §
Cleaning [

Normalization EHE

Clean Data

Dimensionality Reduction

il =

Feature - sl

Extraction & & ' -
2 -]
Feature

\\\ Projection |||

Training
Data

e —

Initialization Step

Fig. 8: ML tasks in SB environment.
2ntE 9y 3P0 A WAl HlAa

s dlojEHo]A ARHR] A AF o] SEE SFE FA|
27] Z-go] WSt AnpA o7 AR A] A|AH HA 9
Az s W= dAbo] WARITH184]. RFID 719 3
At AHEL = 23l TlolE oA el AR ZA7E
Azttt A& =0f, 7iele] Fist= RFID Bl 3 7Hel
O] I3k A AL F 4 ok B3, o] £°] RFID 7]&
o] A Az7t H4A W= 5 o B 2A7F e
o}, webA, o= HolE ¢ IS Wi 5= AH85].
A2t gatoi HEE Holg Y ojdAE E HE
9 Aotk webA glolE & v Fohstal i oH
A= o] Qltt, whebA] 71E dlolE A7 7] it P
gt A7 glole E o8 E a2 AE-s17] 7} o
- o HTH184].

2) o] AiTA]2](Data Preprocessing): A0HE BRI o] AlA
£ e ool HlolE s AT of HlolEL thake WA
3} 725 71 chkek 2204 A FEG YurHew o
dolg = e Y =, w7 B, ot 94 849
gt 22 9 o E Q| ERASAY FEE 5 e
2 B2AT F87F HA] ZFArh wEbA YA HiolE = ght
Aoz +2E HolgE AYstaL, ko|=2rt & F5 o]
HE H2a, 2B ¥7] Hof thefet &9 Hlolg
£ 3 27Ivtz Fst7] f18l mirA Y Hojof gttt o] A
A2 & dlol¥ Z¢]'d(Data Cleaning)o]2tal gttt do]¥
7} 2E AREAON Al =2517] Mol HlolE o & 7R S8
3 7He A& e =y Holg 9 43 A ML 5= 3
tH168][186]. Hlol8 Z|d2 Hlolg A TA A T8
gt 3¢ F shtoltt, ol ZEd2 loT Hlo|E Ao &
el 28 Z2A|A7F olyt, glojgHo]A sjUAHE
Al2dlo] gt Z2AAR oju| AZESIT Holy Z8d
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ML Algorithms

Training Model *

Learning Step

Prompting Devices

Testing Data

- ol

Apply Data

Apply Step

U A= ohEZ Aol Aol HiolE A k32 LH 3
Sof it AAglo] A 220 AFeE =obE Aot
[184].

Kalman Z ¥ [187], 4 =4 [186] % o]zt A =&
[184]1} &2 o|=7F ¥ Hlolg AEYS AHst= A
£ Ags7] s AHE B TRt 7)so] Utk AntE
439 dloly Z84d 7MY F8 A F shb= bt
a2 53] WSN 9 RFID X|¢ glo]g 2EZo|A g b
oleje] o] golth, BEH Hole Zad 7S B2 9
3 2% A8 5%, YA YA UE 5 7oz 7}
q e=s 4ot AT} 2ol loT B elA0l e aFAl
e BEee @ 7hx) B WSS AT 4 ojof A}
169]. Hlolg =3 F oA A Aol YIEQZ ZA, 7}
w2t Zofl Ei= glojEHols ST 2 BE FEYF
of= dlo|EE FaSRt, AR o= o]gt 7139 Aol
= dlolg o a3t AZks A2 F7HAZ Aot
179
3) AHY =24(Dimensionality Reduction): 20tE Hltof AR
e ol71F 9 FHHE S A A Y EE Ut FY
HA] dlofEl 7} qitt, o]t AlAol A =3 E HlolH < i

—

—
—_

FAE = Aot A 5

A
RelA 7hg BeAo] e

Tt O

£/ A=olztar gh[189] [190]

T3 Y PR 2 A3 S22 HALHE HolE Y W
725 245 S-SR o] FRol= T A2 AR
£ AH8ote HIA = B o2 g3ttt o]F3gt 7 o
FE2 EF 4 39 EA €88 & ok 2 71 FE
HA L1 Z9 9q[153]: FAE A (Principal Component
Analysis, PCA), A& 3|7 £4](Principal Component Re-
gression, PCR), A& ¥ E-X(Linear Discriminant Analysis,
LDA). Chen 5 [191]Z HlojlE, A4 E 38 AlA oA &
7F 85 Ao gt Tlol e Y AfE £o)7] 8 Hlo]
o =7 7]515te] &7 AEE AHSSte ZH U= E A
S

a) B4 3Z(Feature Extraction): ¢ ©|oE| 9] F8 FAQ
2k BAolth, YA] HolE AN E4E 258 T o
= &5 AdE S8 gt gag & AMgste 5
AE7F 2= o] it §A £&29 7P gk
Azt Fabkg @ o4k ool A AEeitH192]. AlZE B
I F Bd 9 BF HA= A9 2E AA {30 diEt
T8 FoHolt, a4 99 W2 =34 Holg Y
718 o 2L A& FolER HEHWavelet Trans-
formation) ¥ 2| of] M3}(Fourier Transform)o| 714 &ut
Al AEoltt, 3 FZ2 = 7]¥ A2 (Euclidean-based
distances), 5% A|7t 9|=(Dynamic Time Warping) 2 |l
FrHI2l HX] A2](Levenshtein edit distance) &} -2 oA j
o 2 EAE A, At EF R 2 A7 s od
2 @) (Human Behavioral Patterns)z} -2 o of &g #| o]
Ao A LA F8 HIHoltH16][193].

b) E4 A ei(Feature Selection): 4] Agle] g I E
o) DR e fold 7 Bl e B4 59
A Fstel st mdo] Hat o] Z(Noise) X AL
W88 Zolt Zolt B4 LAY e AR weo]
g 3}7] s AF HEH EA(Linear Discriminant Analysis,
LDA), A& E 4 (Principal Component Analysis, PCA), =
Y A& EA(Independent Com- ponent Analysis, ICA)Z} 2+
2 2 7HA] gREAEQ] gt o] AHEETH194].
Hausmann} Ziekow [195]& &% (Wrapper) B 1t 54 #}
H32 s|ehez AAY HoleolH AntE Uy o2
Aol mAleld malo et S4 Mg AEom 25}
= A2HE AL, Fahad 5 [196]2 559 91X €4 &
Aol v E AAoA A& 7P Fadt JRe} 7MY Fagt
S48 T&E5te K-F2™ HAIH e AHSste] S5 &5l
gt &5 214 HIHS Aketth, Fang 5 [197]2 A2 o
£ 54 o] A7 E52 A5t Hl ol AR OE &
o =5 WAYA7| 2L, RAHS glojgMle Adstd &

£

12 rE o An
r (o o ox ff

agitha gt duel Ye e B4 A BAS £
7HA) F2 B whelth i ol o e 4%e
QAR WEE i Fobgolx) ¢m o marhs
o] 9ItH198]. [199]eI 4 BT MAZRE A7t &
QA437] S8 S BAL AL Fa P R
A whgo] S8 ET ANEL A7 BES A4HE
Wo| 4t BT BT AT BAZ /AT 9

=

0}"1_, _D,

An tlo = ox e

oZ:l.n;l.n
s
d
v}

= 9 (Feature Projection): E4 £492 I EA Al
3t 712e RS AU AERS oz

M2 go o (n oft N wlo

>

98 4 it} vehd 54 59 gTMe 149 54 4
52 A% B4 WE2 AZstsia Yt T2 A
Hesi ohel, B 28 B4 WEo) HES B4Y &
glthz00]. ATHAO R, B4 £ FTHL e 149 A
2 AZhe BE3tn ZAE Y4k Wed] el by AR
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C. ML Tools & Platforms for SBs
AutE dd-S 93t mjAiled & 9 EE
kg B S X Ysh7| fg thekgt 71 wAleyd SSHE
E(Tool)o] Ut @A olggt FT7F X9 =71 57
w2 ot 240 digloly AEHYS A st o A
gt ES AEst= A2 A3 o3& 4= Ut YRt oR
RE BAo %= EFAS AlFste ©Y 32 itk A
£ 7hss £ iR §=vt S EE = 9o 47
Fado] ek ol E59 HRE2 T2
A AE ofF|ElA Fofe] o] Had 4= U, EZF Ut
AHog WEARE0] 7|5 o8 e S
of sl 3| o]sfistA] Lgtri[202].
A, &=, F8 U, AN, A E Z2 a8y A
o] Aot} A 240t T o e 279 &
S st B E310] A3eA] AR of gttt 2ol
B g7t AgE= A7 S5 dagse S0l &
T oo FIFgS v BE ZRAHAET E£E Q40 £
A w98 Fe= A2 ol mdof ¥t Hulo|EVL F
23 A 27 Fa% EAVE 2 = AT %A g2
AT ot AL Hel= Bol @ HAled ¢agEe
FE Uehdt, o]7]F 2204 diFe] HiolEE A=
HAHY AFYEE= #HAilgyd 2do] BlholgE a&30
2 A3t o] & Fal 5T = A= HHol dig LA 9
A=
ety o 2 ARG 7hsdh HHolE &2 EE Aol TFY
HAlgd digEE BF F kA= oy, BE HE
He= A MY GaeFolA oF 24712 garE|Ee] M4
oltt, §-84 840 27 AA A, A&H §x]¢d,
AHE 7hs e ZE O o] W ARGAL QIE o] A, A9
& = A4 A= AR 7HEA I 22 247 23
o A 4 B TYE T S A2 ALEHS 9
FiY E502 S8 4= IS Yujgitt. Eo] o3t
duht Z S5 = U=A B 2avt o o
249 A2 AMEE 5= Sl ke HAlEd 2
27b ook, s3stE = gl uet 54 Ao, gol
g 9 Eo] & AXt ¢ anAY 5 o o2 7t

s

AAE] A 2 glgoltt, T3t 2 Vi A HEd 2 o
Ay 29 7 # 29 3l

1) H20: H20 [203]2 M E A, £4, dlolg pixz 2 ¥
7} E=oh ) Al 2 2ol d B2lE AYsks ¥ glo]
B E4Z A%t & 4AA QM EE](in-memory) 4 4 &
A 7bs st wAleld e Qelaelth 2oy e e oA
AHE H20.ai0 A AZFP}, o] AlFe 7P F5T vkt
AL A% AR 9o ok B AT HTHE Aol
H20 & E 9] API= Python, Java, R @ Scalao A £&&
ook, ZEaHY AR Ao fle AAE § 7|5F A
87 AE Aol A5 Fo) o] B A8 4 9let. H20 2
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A ZAA AFstes A AR o= AREA= Spark H
Stormi} 22 o2 ARE 7k et ZE| At RES 59
o 4= Qloh, g At Aol whak H209) A1X-2 ||
mejo A HlolEE &3] Astz] flal o7 A3 WS
ARSI, dRbd o2 AREEE 7] AR Fork/JoinS &2
NEF 5 Y e §E Beie] st

H20 AZE o] o] 24 TE Q= MacOSX 2
#E2(9: Ubuntu 12.04; Cent0S)2} & thoksl 44|
AoA Agd 4= glom, ddolg £42 9|8l Apache
Hadoop Distributed File System(HDFS) & Spark A|2H]o]|
A& APHETt, E3F Amazon EC2, Google Compute Engine
2 Microsoft Azure} 22 thafgt S=H¢E TR 4l
A ZAEE = tt 20161 79 A H2000 A A== &
1EE2 A B, SYLEHY, gistE A 2d, 34
A, HE, -3 =, dHolH midE 4 2 4S5 Al
Aug T3,

2) MLIib (Spark): MLIlib [204]+= Apache Spark®] ML gto] =
ot} MLibe &7 715stal ARS8 4l 7 AIS s
(ML) & AlSdts A& HRE g, o7l &5, 2
A, 73 A F4F A% F5 ML a5 6k g
W 2 A3} 7|2 Q40 A9 )l ghol el APIZE Z3t &
o} SVM, Y ZHAE 2R AY 3], Uo]H H|o]=, ¢
A B W O YdE BAE Eo £ 7|l A
=, B 23] A kB, 7HeL £ 9 A N
T3t A "ok, MLLib= A3 3] 9 5% (Isotonic)
3ol et F+ES APt wff A AlFE AESE =
Y 2™ &S ST PCAE A S45 ¢
3 A YE} MLIibojl= Scala, Java, Python 2 Spark Roj|
A Zstr] 913t APIZF 23E o] Uk, dRtA o2 MLlibe
Sparke] uhe ujx] @ AEeln HT ek opeh Qv me)
(in-memory) A1AF ALg-o whe} bR,

3) TensorFlow: Tensorflow[205]= Ho]E] & =8 &
83 THFE A7 D <o ols) Heleld 53] A4kt 4
T MLZ 9%t @& &4 AT Eof gholHjg|o|t}, Ten-
sorFlow= &} Google Braing oA 7§ o™ 2015
1149o] Apache2.0 £ AA Fo|lAIAR ZA|EHAT}, Ten-
sorFlowoll= 98, 73} sk 9 7]e darg|&S A dst
£ =°| it} TensorFlow= Hlolg 35 =5 F&SH
th, o714 ‘tensor(BlA)= L ZE HolH dagE HYF
o= AT 4= &= dolE iAotk A|lA”lS B3 To]
B o]|=L “flow(&E)’o|g}1 322, TensorFlowz}xl &y
SHSTE, TensorFlows= 2] CPU % GPUof| A A& 4 QL
t}. Linux, Mac OS X HIAZF I AH] AAg A st
4= 9o, Z o)A Windows A Y& E& Android 2
Apple®] i0S =HIY HFH & HFAAE AFT o Ut
TensorFlow:= C/C++ XS E3) Python APIZ ZHA] =] o]
2 452 AYHT} TensorFlows M2 HEYIE {4
Helst7] 918wl sk gl 715 JH g A g
2L} TensorFlowell= R @ $-147} BAE ko] gl
o 7 AUt BB A Dz F4E ojof Bk, mekA
W] g4 (Beam Search)1} 22 U7 AAbo] o Fr,

4) Torch: Torch [206]= thFet MA4le g dag|&< A ¥st
£ oE 248 ML HFY ZH Y f=20]t Torch= e
Efigto A JNEE T Lua T2 Ao 7]uket &

IFYE AojQ} C/CUDA L& Y| Torch: o]4] 7135},
W=, S 7hsste, ko] ARE-st7] T, Torché]
F WAL 73 "HoRRlE, Ho|AR Al ZAX| 15, IBM,
Yandex L Idiap Research Institute?} 22 tj7] Qo A AR
gtk 3 QtER2o|E 9 i0S SR EZoA AR EHES &
=it Torcho] thgt okt ARFUE AlF 7| A= ohef
gt A Y 9 7|5 Alsgth AFE HAE, AZ, ofu]A], H|
e, ete A7, B8 A7 d YEHAS ALste= 0
gt dEd dagES AlFdt207].

5) Deeplearning4j: Deeplearnings4j[221]E && &4 BAL
DLE}lo|B g o|n, MEHA|ATL ML 1& A4 Adam
Gibsono] =20 2 7utsl Tl Deeplearning4j= Java
L IVME S8l A EeH, AR 229 5l A5 Y
=AY, AEFA UEHD, &8 AFF, dF5 LE
T, &8 o|2 A5 AT, A AF dA YEHZ
T THRE DL S &3 A3ttt o2 e gagEe
w4 B A9 E 913 Hadoop ¥ Sparke} FeE 4= Stk
Deeplearning4j= Java 2127 ¢lojof o]&35}H, Clojure
¢} 33E Scala APIE 3E9H3HT), Deeplearning4j= &+
Eo] ofd H|=2Y2A S oA GEEEE HA U, A
2R, ol &Al, FH AA”, o]u]A| ¢14] F thget -8
2ofo] 2-§Ht,

6) Massive Online Analysis (MOA): MOA [222]&= H|o|E &
Ed mlo]yd & A/E 93 AR o E a4 T Y
3 ZF shtolth, OA= FAWE gtol7tE tfstof| A 7t
3t WEKA Z2 A Eo} R H JavaR ZAJEH ), of7]ol=
GUI, ¥ & 9 Java APIof| A AHEE o= Q= R Sh5AF
4 2B Y77 Z3rE T MOA:= &7, 39, +33t,
ol FES AT oS Al d gEE BHE 9
gt A5 =& A9t 223].
7) Caffe: Caffe [224]= DL Y| JYIF o, F=2 Fd, &
= 9 BEAE Tejstel AHeT C @ CuE 29
Matlab®] 114 HEFHA AATS A #4l v]A 2ho] B2y
2| S &-83t}, Berkeley v A 9 gk ME L ARYE ¥
ARSol o8} AL} Caffedl A Welu]cio} Tratat
o} A RS2 DL 8|5 A A A Ho|1L HAHT &
A< H55ta ok, Caffe= €&l 714 A2 98l 7iEE
glov =3 5, A7 weh, o4 A4 % WEET 2L
= 20F9 AHEAE E-8-5tar ZfAd T, ERE Python B
MATLAB FE H}RIQ S X A3lth, Caffe= HHT AEFA
AZZLCONN) g F o & o|n|R| E/RE A5t Caffe=
= Model Zoo Ao Eof A T AR EE AR Sh5E 299
LAE SEHT
Caffe= AEFAH A7 TS o] &3 o|u|x] &A1} RCNNS
o|-8-3k ofu| x| W x| Ao {835ttt Caffed] A5t A
g £E& Cafferl A+ A D A Ao 7P Hol 28
L ZAE % sh} 57 s Bl NVIDIA Kgo GPU
2 5lFof 67Tk 7l o9 o|n|AE AT 4= St Caffe
L oju] UC B2 2o} BhE Tate) Bhe A7 meAE] A
gejo] 2% 28, A7 77 D oju] B4 sh(Learning
Semantic Feature)at ZH-2 w2 F}H¢Jof| A w9 ZF =3P =| 1
ach 3t 24 wS HAE 7Y 9 ujZ2E 93 AEst
Lz FASHE ERS AlFSrt. Caffe= ohFet dbE 2l
olm| | 25 Tl ket Model ZooTt= AHA SH5E Al
A 29| gt E AFaE g3t 225],
8) Azure ML: MicrosoftE= 2014 6] Azure ML [226]&
ZERE A5 SA3H, Azure ML 53l AHEA= 2
= UE3L SGAIT] O E BES ohE AH| 2o 83
T Sl APIZ Bigtel 5= Qlnh, AREAR= =d To|Elof of
3 A & i 10GBY] AEZAE €= 4= YARE B 2
2d o] AL AHA| Azure 2E R E AH| 2o AHT &
Aot TR M= Azure AH|AE JREEH] 3 R B
Python Z2 9 doj& AMEE &= ot AME-AL= Micro-
soft Azure Marketplaceo] A ML &118]&52 29 4= A&
o, Microsoftol A = A FUE Ao 22 MLY
N ES ol AE I/ &= Utk 152 Cortanaghil
3h= Windows Phone®| 71Ql H]A{ o] digh @2 oS 45
T3t Azure ML Xbox H Bing?d] &34 %= g3ty
Azure= @A) Azureo]|A] Ubuntu LinuxE 53} Hadoop<
AgYst= At 22 ozt 7152 A Ykl Hojg A&
d 24 9§ Storm SARE A7 T3 AR7E NET
2 Java o] B82S Stormo]] AT &= At} Azure ML
Studio= 15, A4 4HY 9 f a4 HAF ZEAAE 9 &
TRt BES A HYH. Azure MLAlE A5 245 AT
dagE ol By rt AlFdr, @ AMEHE gugE
AZFZE A, ol A, 73 H ERolH
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D. Real-time Big Data Analytics Tools
for SBs

2ntE HelS Qg AAIZE vlglolE B4 &
A5 o SE|A IS 2EH Hlolg o Tt gt
tlol¥ &£4Jo] BasiH PRI HAE7E 7|t
T A8k A2 olEet £33 Y of & Aol dol=
2 elA] itk dubAo® AEF A= dFY
tlolEE &45laL SQLE #E 5 9% AYE &
&oto] S 7hsshal % 5183 o |HAE &
&oto] AAzto g AEFH HolEHE APt A
= FA o= gty AEF Ao A AL
2B Aot A H w2 5o] AAE &
EgH Ho|8 9 7k Alsdth o2 dut
Aolar Jd& ARRH= R 7HA] S-S AART

1) Apache Storm: Storm [227]2 t| =22 A+ 7}
T oHE HAAAS AT &E &5 FAHA
At HlolE A ZY gt Hx A=
2011 9¥ 17¥9] 919131 Nathan Marz&} Back-
Type2] go] TtEglon A= Twitter7} &85}
3 Qe Storm o 2T oj2% 74
3t 2EHS A A 5 Ut} Aol Ho
U 34 5840l o ehgAQ obrEHE
Abgdtel wET 27 HEE 7 o]4ke] FE(Tuple)
2 A2 4 Ut Storm Java®} Clojure® 2k
A= Tk Trident= Storme] AM9] &l A A
o2 A" HY NS @45k o &8
Ut} Storm-2 B335 oJHIE A A|AH o]
ColEE 89 £FAE B3 719 Ead™
3 A &AQ1 glo]E (A Ao oJsf AAteE 3
He A=, EE, WhatsApp B #|o] A8} Zhe
24 Y EHIA BPE= U A9 94, &
g oA F)oll & 4= Ut Storme] YR EF
of & Aol dol= AAIZE A Au|A B, &P
HA RS, Hlofg 423}, Ato]H Het FA 9 9
d A7} =zt

2) Apache Kafka: Kafka [228]+ w231 &%} 71535}
o 1% 31840l o tAgdo] Hold & & &
A AR BE2A T2AEo|y, LinkedIno] 23]
= o] 201 20 E AATF FIHEGOH
0]% 2012 109 23¥ 9] Apache Software Foun-
dationof| A &A1&t} Kafkas ScalaZ A&
ok 2 AP, A8 1 A B0 8=
FIL oheFet ARS Al AlUE| 2 & A3t P&
S°], AHFA A& e Yy Ao AlA b
o|E| & WA= Bl 4 qlot,

3) Oracle: 2013 o] 2.2}Z(Oracle) R E Hlg|o]
H 7|&< #E317] ¢3) Oracle Big Data Appli-
ance”7} 334 Oracle Enterprise Managerg &
£35}17] A2, @222 31 Oracle Event
Processing, Coherence, NoSQL, Business Ana-
lytics 2 Real-Time Decisions& 335} Oracle
Fast Data 74 845 93t o8 719 AR 4 7]

% (low-latency technologies)Z 7H&3tt, Oracle
Event Processing2 AA|71O 2 o|HIEE HEH,

HAg =

oy o

o
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Ary 9l

7 2 A5t ofEA IS 37| 9
e EFAE AT g Holy a2
¥ 9 glolg AETY | gt A 7Hsgt
TEYS AN LZ A FSto] loT AH|AE
2| 3kt 220],

Oracle Stream Explorer (OSX) & Oracle R
Enterprise (ORE)+= AllA, o]AF 4R & o]t
Al 2”0 Ao of| & Sl ThFet LA a4
2 FAE A" o] A 2mYE Y ofETA ol
AS A st AS HEE ghrh, ORE[230]=
Hi X R oA AFut AEHS AP 5= b
AHEEH, OSX&= AT A& B 159
2EYS AYsta 215 &9 A Alst
= AHEA o EE A 0] A= ThA] HEett
OSX[231]= AlA, &4 "|Ho], 3§ Y= 5
I e ek 220 TRt 2EEY Hlo]
g o EA ol AS ol AATCZ e &
Egd HolHE AT 5= e 7les= A=
u] 5 4go] ZMEZ 0|}, E3F Apache Hadoop,
Apache HBase, Apache Hive, Apache Flume &
Apache KafkaE H]&3F 7H <1718l Hlg| o]
H &£F40=2 ATt HlolE Mg 1h4s)st
of &S JAekaL Ao 22 HE 5
QEZE X Y3ttt Oracle Real-Time Decisions
[232]& HIZ2YE Z2AE YojlA HAIA, o]
0]z, AlEF 2 AHAE F3 HH3E A
Y P 245t AA T Ve A=
A YA HE EHFo|t,

4) Amazon Kinesis Streams: Amazon Kinesis
[233]= AWSOA] dit & HlojE] AEHS 4
Aoz 3 9 AP st EHEFIH AWS
= 201348 11¥9] KinesisE A5t AEZ T
dlole1 g RESD BASHE Fud Aulag
Agste, AEshE oo B wEY A=
g9 glojg ofE&A ol Attt 2=
4 ofEA O, Betd F2], HoldE, A
& AlA S 22 et oS Aol A AfH]
2o &Aooz 4, A 9 A2 sfof 5}
= AR B2} vho] E(Terabyte) 9] H|o] €7}
AAE 4= itk UHEA © 2 Amazon Kinesis
Streams o] &&]A| 0] A2 Amazon Kinesis
Client LibraryES A}8-3}3Z Amazon Kinesis 2B
9| HolEl & HlolE HRZER ¢ 5 JUth
o] gt o ZFe]A o] -2 Amazon ECQ2 QIAE A
oA AP 4 Ut

5) Apache Spark Streaming: Apache Spark [234]= A A7t H o]
B S Y3 0 Z AA ZYPZ o g 471R] o2 1FH
ATHE 2 Eo] ZAJ == F=<¢l Scala, 123 Python, R, Java).

TABLE VI: COMPARISON BETWEEN DEEP LEARNING AND ML TOOLS
g Ml € Bl

Tool Creator oS Open Written Interface CUDA  Algorithm Release Used in
Source? In support? Date
TensorFlow Google Brain Linux, Mac OS X (Windows sup-  Yes C++, Python,C/  Yes Deep Learning Algorithm: RNN, Novmber  [208][209]
team port on roadmap Python C++ CN, RBM and DBN 2015
Theano Universitde Cross-platform Yes Python Python Yes Deep Learning Algorithm: RNN, September [210][211]
Montral CN, RBM and DBN 2007 [212]
H20 H20.ai Linux, Mac OS, Microsoft Win- Yes Java, Python, R No Algorithms for classifica- tion, clus- August 2011 [213]
dows And Cross-platform incl. Scala, Py- tering, general- ized linear models,
Apache HDFS; Amazon EC2, Goo- thon, R statis- tical analysis, ensembles, op-
gle Compute Engine, and Microsoft timization tools, data preprocessing
Azure options and deep neural networks.
Deeplearn- Various, Linux, OSX, Windows, Android,  Yes Java, Java, Scala, Yes Deep Learning Algorithms Includ- August [214]
ing4 Original CyanogenMod (Cross-platform) Scala,C, Clojure ing: RBN, DBN, RNN, deep autoen- 2013
author Adam CUDA coder
Gibson
MLIib Spark Apache Microsoft Windows, OS X, Linux  Yes Scala, Scala, Java, No Classification, regression, cluster- May 2014  [215]
Software Java, Py- Python,R ing, dimensionality reduction, and
Foundation, thon,R collabora- tive filtering
UC Berkeley
AMPLab,
Databricks
Azure Dave Microsoft Windows, Linux Yes C++ C++, Java, Yes Classification, regression, clustering October [216]
Cutler from ASPNET, 2010
Microsoft PHP, Node.js,
Python
Torch Ronan Collo- Linux, Android, Mac OS X, iOS Yes C,Lua Lua, LuaJIT, Yes Deep Algorithms October [217][218]
bert, Koray C, Utility 2002
Kavukcuog- Library for
Iy, Clement C++/OpenCL
Farabet
MOA University of Cross-platform Yes Java GUI, The No ML algorithms (classifi- cation, November [219]
Waikato Com- regression, cluster- ing, outlier 2014
mand-line, detection, con- cept drift detection
and Javaaa and recommender systems)
Caffe Berkeley Ubuntu, OS X, AWS, unofficial An- Yes C++, C++, com- Yes Deep learning algorithms: CN,and December [220]
Visionand droid port, Windows support by Python mand line, RNN 2012
Learning Mi- crosoft Research, unoffi- cial Python,
Center, Windows port MATLAB
community
contributors
Distributed Dataset)= #2|2tt}, ¥ k2 Map, Reduce, 3ttt Spark: Hadoop, Apache Mesos W EC29} ZH2 A2
Join, Window 53} Z-2 2¢1& 2 §3tke] o3t RODE ¥ THE ZJYTfA B SeAH BE B Feheso
g = Qloh 29 oh3 o] A miA|e ARt A& A AP 4= Qlok, E3F Spark HDFS, Cassandra, HBase,
o L= %= Amazon?] Ho|E] gojsheAQl S39F & 2 b
=2 T

Spark Streaming2 4] Spark API9] E3folt} AA|7E dlo|g A

EdY 1% 3184 AYE +5F 5= Qlth. Spark Streaming<

ALgstH S AFH Zhof] gk Zj 9] dlo]HE A 4= 3loH
Spark SQLES- A8-31H SQL A E 53] HlolgH & 2Bt 47 &8

o == 3lt}. Spark Streaming2 2h] X TojE] AEYS 1|2 A

o Hj#| kA2 Foek o5 7} Hlo ¥ uj*|& RDD(Resilient

Spark Streaming-2 AAIZt U EF 9 o Z2|A o)A AH
21 FA 5 ohget oS Aol e &8 4 Tt o]
g 23 wAI A= AAE ol = 7heE, o3t Hlo]E
39 A2 AlA dlolE, g AR W F2 AE(Cick-
stream) T|o| €7} QiTh, o] HoJE= HA THlolEE 7Nt
2 Y JHE St vl= A 4 Ut Apache
+ @A Hadoop MapReduce7} H| &g of| x| |55t A KT}
1008} T W21 tAI Rt 108 T WE AL SEE B}

o[ejHo] o] AT 4= ATt

6) Apache Flume: Flume [242]2 EALE 1 A FT 4+ Qe 2
Z a2 23 Yol YA ZY Y= olt}, Apache Flume
2 glolg YANAM HEHZ ENY dHlolg, 24 vt
A7 dlolE, o|Hd HAIA] H 7Hesdt Ao ®E HolH &
&5 ZS 7| o[HlE Ho|EE HDFSZ 5317] #fsf
TRt ol E A o1l A8
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Flume®] o}7| 814 L 7hekal T S Ash o2l v (failover)
U B7E 5 2% 7hst A MAUEE Anstn
%} 3-8 (Fault Tolerant)o|t}, 21 A& ZYP-2 Flume
89 & clolth, ti§F 21 9 HlolE = Flume £
AEYS 4 gk 27 7Y dloleli= HDFse] At
Apache HiveE &85t 4% 4= qlt}
7) Apache SAMOA: SAMOA [243]= &4 2E&|Y ML &
&l gt 22y FAIE Tt EAF 2EFTY

L =g dg=olt}, 1 0]=-& Scalable Advanced Massive
Online Analysis®] 2FALZ A | oF&!(Yahoo!)o| A 7HE =
Aot A4 20138 BEEA 2L Jl%loH 2014 TR
B Apache ¢l o] o] Frofstal Qlrh, SAMOAE EHE
ol ol e golt), o|& Ba) AelE AR =S
AAHESE] T2 7] AR ARIoA A3 4= Sl E?ﬂ
SAMOAS T}Z o 2 Ty Zg 19 BES A YUF
o}, SAMOAE &85t ML Y gE WA= 7|2 E/}l é
EY A Ao 5440 tisf A4S 2art gt =2

K
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oA AeYstA Lt Storm, S4 E= Samzaet T2 AEY A g
A 5 UE AHEE 5= Sl
SAMOA:= &7, 39, 33t 281 AL 52 9l

711] Xﬂ%@‘# ET‘J‘P °lﬂiﬂ HAlgy dueE 4
g 919 BB A A B4 2eey duelE
= AT 5 e ZEYHIE A A8 =1, &
ASHE 912 Clustreamat 2144273 el $holl 23 34
(Parallelism)& AF&-3}+= Vertical Hoeffding Tree 2= £R7&
#3t Hoeffding Tree7} Qlth, 3 AE 98l 2 4 43 H3
LS % AE-5t= Adaptive Model Rules Regressor®= Q1
tH244]. theFst AA7F g0 8 E4] E(Analytics Tool) 7+2]
PSSR SVIE T I=

:!Il!r
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V. APPLICA-
TIONS OF ML-
BASED CON-
TEXT-AWARE
SYSTEMS FOR
SBS

SMART CITY STANDARDS ISSUE 05

RISON BETWEEN REAL-TIME DATA ANALYTICS TOOLS

Kafka

Jan. 2011

:w;, E| ZNEZSt
7|8t = H(R&D)

LinkedIn, Con-
fluent
Cross-platform

Scala

CONTEXT-
AWARE

[237][236] [238]

SYSTEMS

Java, C++, Node.

Oracle

Jan. 2013

Oracle

Cross-platform

Java

Java, Node.js,
Python, PHP
and Ruby

Yes

NA

Yes

Distritued
stream process-

ing
[239]

Spark

May 2014

AMPLab, Data-
bricks
Microsoft
Windows, OSX,
Linux

Scala, Java,
Python,R
Scala, Java,
Python, R

Yes

Minibatch

Yes

Streaming ana-
lytics

[237] [215]

Amazon
Kinesis
Dec. 2012

AWS

Microsoft
Windows, OSX,
Linux

C++

C++, Java,
Python, Ruby,
Node.js, NET

Yes
Data blob of
1MB size

Yes

Real-time
streaming

[240]

Flume

May 2013

Apple, Cloudera

Cross-platform

Java

Java

No

Single

Just with file
channel
Distriuted
stream process-
ing
[215]

SAMOA

May 2013
Created at Ya-
hoo Labs
Cross-platform

Java

Java

Yes

NA

Yes

Distriuted
stream process-

ing
[241]

FOR SBS

V. APPLICATIONS OF ML-BASED
CONTEXT-AWARE SYSTEMS FOR
SBS

2utE dgZ 913 mAlegd 718k A Q14 Al
2" o] Ag

2ntE Uy shg oA mAlE g o] A Q1 AR
= "4, ¢4, A5, A3 Y 7HA] HE= U
= & UtH79]. oldT HEE= oo HEFH L
2 =93t}

AutA 0 2 gx|(Detection)= ¢ & ARE AE
Yol B4 ARE FE5HE ol ) B,
2 WA 9 ol PHoh e Ante W B
& 744 ohEe Aol de] Slr4s]. ATAEL
sntE WYY FE Aol A Thabet 48 Hobg
AR}, E Sol Y=Y 24, A% wUE
4, A 7] ol YeH246],

ol 4](Recognition)?] HEX = &4 = oHIE
ulg) gele Was Baels Aol AE ©
23] o|n| o)A BAE A4sHE AT 2
A5 o)1 A7} §AE B S SAFHEE
S& o] 28E w23 9t

o

2orlo (g M

18

¢
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Fig. 9: Steps involved
in applying ML models
in an SB environment.
AutE WY oA w4l
Y Zd-g F85t= TA

Water Management

Smart Building Environment ‘|

Actuator

u

Optimization

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

_Lighting -

Parking

Fig. 10: SB ser-
vices taxonomy.
2ntE WY AH| A J

FAA
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User Interface

Power and
Electricity

ol E

Waste Management

P
B 4. ™ N

Security

_-*
&

%

AR
(4

Communication
Center

......

d|Z(Prediction)?] Ex+= 77t &

Hell dold I &3] A3 53

o[l 7Ho) AlZH A BUE A
£ Aolt, d5L £R EE 57 B4
o Pt AU 5 ArHa47]. 71 7bs

ol & oMIE EE & BEL of

£ 7o) B A9 oJHE o2

7 BA9) ool o] A%
23 o) A Azt AEL 27 B
o) ot} Anke WY sl oyl
AZ317] $ial MAled ZeAx
gk QA B 19 oo

U

to rlo L

e

7

T

i

32

[e]

o2 T i |m

g o

oN

pr

oN

HEE 4 genz AR T 2t

2] A sH Optimization)?] B3+ o
P Aol A A% 2H S WHoR
171 7el o]l Fojskals Aol
13} sk o=t EAlo &82 ¢

AUttt G A} EAl= OS5 24 2

Bt o]} o3t o] efo] 7h4
B2 AL AYT 5 gk A
e HAst BA) A duraal
A$olth Thpet W4-E nefstn
#79 A2 T 9479 0|9 b
Aehg A 2shok Fci248]

snte Agol chokat w4
2 243k thapst AA7E A o
wol FFHI Gon, oleig A4
o) lolel MAlEY duYFoE
EAET AR AR BES 9]
3 Thopat Al B o el A o)A
of AHgETH AnkE WYL oA
Aokt A47bs 4 ol 7]olste
A& WA Yol Atk AntE Wo]
AZoHe ohZeA ol A W Aul2s
ez, enhAY, A5y TR A2
9, A5y B ALY, Ao
5 Au| 20 o] 27|74 FAG
5 gl BE g 4 k.
3% 102 AnkE WY Au|2e] 7]
£ 9o ERAAE Relzn 24
ezt z9o] Bast g o
oAUAE Hokalr] 9g ANE 2
& 2nbe Ag W Bl gt AR
#L9] W) (Well-being)} P gict

o

. A W A Asde AntE Uy

P EEE EE RS

317] S @ A A DL 7
A%t T2 ALYE S5, &
7] 9 ool AR ofnjate, o
A7 wndos Jragats AR

| Aho) Holg 913 Aol & we)

ABl 2t BoRe So 3 SA14,

27 2 g AL"EE A% = A
8= dshe A ol o
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H7|E He= 20t g Y H7E #e] A" ZYE Y
9 AL} FA =, 2, 250 28d S5 E =X
wHo] ok, FAF AH|AE 2 Xl Badt WA H
HE Fastet= A #Ro] ok, 7hA| o P (Car Sharing),
A712F, AAA Bia A4 ¢ ok, 2ekE s e
A, A Q14 A2 9 AnE Y 9] HY 2 A AJAF
ot ol Qlrh, FFAAE = ol that A" &
A g AEA S A Ueth A2 QoA AE A
= © & #Esty] sl AntE Uy A 9 AJRpY] 4
Bl & HolF= A E(Dashboard)E Al-53trh, E3H ]2
gk I Ho|AF Fall AFA = YA NA Akt A
2He = Hdl 2A 9 wiZfisE AP 5= Sl mhA|
gog, B4l ME = FAAE #et ofyzt AE2 AlA
| dZofolHE AZdst= A} BRo] YUt

A ZAb T2 AntE 1Y A8 Fofe= =0 &5, ¢
/2=, Hb/QEA, o|A] siUAHE 2 7]E Z2HE
o= It o] A YR R = th&o £t
U9 AHAE A6t 2 GGl s heFstA 41
toh (1) =2 8% () AU A & 3 (3) | = <l
HEIAHE AT (4) b 9 EHet 43} (5) 7|8 Z2HE,
a) =21 AFE} Q 9F(Elderly Population’s Home Care): AlA|, <
d 243}, Gps, ERRA FUES 38 FAXS A4,
st EE BUEY 9, Ame ARE} 2 Avte Uy
ee EYHom A klolut AojqlolA S8 48
T AUtk =912 ol2jgt 7] (dl: BYE Y AIAE]L HA A
2" g 9 717 A, A AR S EESte] 564
o7 AGstHA bAsta A7eE A HAE /A = 9
tH56]1[249].

AntE W o] AntE 7|42 171 44 5ol it AA
H ARE sk JHQ Y-S TEdte A 5REE
o HAHY 7e2 o7 AH|A AlFARe) 2R 2R
HIE 7S 5= e wi AT A2 gAY Y
= 7HAAL ik, & "o A ool A|E wjujr}t Anf
E Ug AA"HE 7HES YT R A AEE HY 7]
7 W& 2AE Fst=S g}, Hldgoly EA% ML YaLe
E= AHESHH AR & 7 Eo| 23 di+F R HolHE &
A 5 Utk A E S0l YA Ashs oFS Z3ste] 2
AE A 72ohs RS AF L2 5T 5= lrH250].

o] 99| # 7Hx] 8 ZRAE| tfsfji= thZof AYTt
t}. Chernbumroong 5 [56]2 A|EZE HE HAlS #-85}o]
=019 oA Y EES A 9% &F A ¢ EF
HTHE AT, o2 &5 28t o5 AlA, &
HEEA, & AlA, 1A F ol &3l AAtelY], & T,
% 471, o184, Ad 5 57HA 71 &5 gAY 1
g AAA, HE8E, A2 L TVARL 22 7|8 = &
= "HAF, Taleb 5 [251]2 A0tE & 7oA =91 X
A 98 gA 4 BUEY ABAE 2R FEste vEY
of #ld &£FAS A AtE ZH A=l AHEH 7]
71°l= A& AAE A== RFID 29, ARXE AllA, HH
L Zhde}, AntE Zol & uto]a W AJA” A AT AR
= 9% 29 A7} ZIET, CAALY [252]= FH A A
AA37F AFS AYdts ZRAEZA w059 A4
AL S A EstaL it} o] AH|AE =l BUEF A EA]
28 7MY BYE R AEAIAE D #Elo] RUEHF AE

N |

o[ oft I% A

¢

SMART CITY STANDARDS ISSUE 05

A|&"SE ZRe Al 7HR] i A B A|A"lo 2 S E
o] A]A”IE =0l AHEALS XA 2] & A H 5 &
a AlB|2o gk H9A &9 HIAIAE ALttt Easyline
+[253] ZRAEE FH AU A AFS AWt Z= 7|
EZA, Aol f-5o Al 7oA B 1] S2ES
Fote 0SS A Y3Th o] A|AHE AR, HE &
ZE o], 27 AA, 2% AA, Zof AlA, RFIDL} 22 ot
&t MAE ARESte] WA ZEARAEE Ao £ = 7ls
A F-gret, Hossain 5 [254] &3 7|8F 7HAA|E Aol &
Aotz =8l YT S5 7|8 AlolH-E8 4 o5 &
20tE g 2 A3 ARt Suryadevara 5 [255]
AA &F sEs Bt 71 AlES AMEshe =219
oA &st= ZdS AR

b) 4 A &-&(Energy Efficiency): ] &g T oA 2=
7t S AY WE7Hd 8lE, olojx, AF7] 2 7|5 &
7t AAAY A HE= §= B 2571 S718sHA Y &
2). 7 AN2" a&32l o YA &8E 3457 f|a)
Ae @A ol|A 4] A|AHS] AEofA ARESHE WAl
EA45t= 5 23 9AV B estri{256]. A 10d S &
otE 3719 oy A a& £42 HE o B2 #aS ek
o 229 7% Holg ¥ A& 549 7|8kt o5 2d
B ZE5to YA asAdol of oF ohekek Aol At
HATH32][257]. A& 01 A DAL 2HL2 5tF 5 Ak
of wet AXAY AZ 4 Ut

HA = FA4 S99 A HoA AntE ulEE 2 AlA HIE
HIE AHESte] AntE 1Y 9 o|A] ass 7lAlst7] <
gk ot Al=7 ST ol 3 o flZett B E
g HgEa QAR I g T 22 e oy A s
< MAdsHE H ERol He 223 Y d A 282
T fohs A2 AR, wAlE Y F2 &ntE 2 9
Uz && BEAE Aelstes b dilo] 2 Aolg, AFA
o] 4] FHol el sh5std AFAL o U2 2H|E o
5 5v 894 aH A5 AT 4 lo258],

o] 99 % 7}X] 8 ZRAE | = th3ol A3t
t}. Reinisch 3§ [259]2 AutE WY 7o 2231 Al Al
2" o EA o) Ae NLFT, o] AlLES HAA, A%
214, 4% did L AA g5 7|ed 22 4R Vsl =
A& wEnh o] AIAHE oA 8§ 9 AR HOE
Aote b 2R3 e ARE AF st A4 7]t A AE
gttt Jahn 5 [260]2 Hydra A S4lo] Z| = 9o +
49 A 2 75 ALES AT 261], o] AlAH]
< AntE S BYE S Aojst] 9t g W =
vt ARER} QIE|H|o] AF A|F3T}, Pan 5 [262]2 ARLE
1d 9 8848 =ol7] S8 AntEE ERE S99
AFHE 7le= AHESH= loT ZE|d 2 E AR, 2=
2 YA &H] Holg E4Z& 93 AP A HAEHES
FZJt}, Fensel 5 [263]2 SESAME-S Z 2 A E(SEmantic
SmArt Metering-Services for energy efficient houses)E A
¢}, o] ZRAE= 2T 4HAF SHE 23S YWE
A 2HE AT = Y=F U] B& AB|AE 4A
4 FH7behe o 23S $FIL o) o] A|AFHE AutE 1]
B, theket A, A= ool E Ng7|e 2 7MY 7171E
T & e AlETolE S 22 ot AntE g 74
845 AR, Vastardis 5 [264]2 & A3, olHA] A

O

o flo I X o
145

offt
flo

F oY " AutE O 29S A e AR T4
A

Edlel= AHgAY] BE HE S FE351 AlolES 0l T

e 4= Q1= C4.5 3 RIPPERS} 22 w12y £/ €L
& T80 o3 AddH,

H|9 =oF ARl 2453 A s BAsHE Bl Alag
BUEY L A0k 34 2GS 59 §4 A6E Folk

A g Z&7153 o] fS Al Feith & Ao ¢ MiyAHE
= ol#gt o] 9 g oo|tH265].
c) Hoksk/ el E E| o1 H E(Comfort/Entertainment): AHLE ¥
g 249 £ =% 5 s gAY HEEc Holge
=9 4G A2 §olstA st Aolth, AntE dg L2 ¢
2 &2 A= AlFsty) Yal AsshE TPEAE Ao E
HE AB|AS Rt} o3k Au|AE A Q14 Ts
= 285t A= A v FYE 249 Ao 76k
st AFALS] HekehS XA Bgict, W Av|AL] tfEF
?l d=2= 27, HE 2o, 94 &5 A5 24 B
=30 7]9ket aig AR8A} QlE|H o] A Fo] lti30]. Aut
E digd o174 9] #HO| Aju| Aol B T E Au|A2= AU
25 24 9 255 2= 22771 doH265]. AW 2= =
A 25 =1, CO2 o] 37|90 54 4 Alo], AntE
3 oA 324H] Al A" Ay 3 F4S JAFs=
gl 222l S gty dubA o2 FxMu] A A" 7}
& 2 yzioh Bk ofu2t iy A= HY FVEFY E
=25t7] I8l A|Z-ETH266]. Kabir 5 [267]2 AHE-AFS] ]
2| AolE Ao =of et AB|AS A F 5= A Q1A ofE
Aol S ATttt IEL K-HZHUKNN) EF715 A
Shof AREAFO] H oA} A S SHESHE T Al B4
I AREAS] A AT Ag5 Fastste e FojE A
H|AE 88T Ahn 5 [268]2 F713 o= of7] W3ks
F45taL 77k mlE o] Ay F7] A d&5sh= g9ed 2
g3 AbT
d) 974 /X QF(Safety/Security): 2ULE WY 7]& 0] HFA Glof
et Het 9l A 7)7]of W4iled E g2 g% &
7+ Zoltt, g2 53] o|m|X| e} H|T| 204 o]Hof=
AT o flSld vlH o8& Al S28S 4= A
& E3o] E Aot =22 AFS A, &7 % Adst=
P 24 9 HAg g Z2 15 7|eo] 8 Aol
AEAQ 718 A2”oA = A7 AR He SA A4/
7] ZA7|17F @43 A A RE BT AR
Ay AntE 92 7|0 AAFEYG EA © U2 AF
< U3 = ok FEE &9 By ofy g P QbEE A
2ogt x9S AL AE AFAE HIOE A # ofyzt
7] B71E 8l B A ES €1 BE AR E L1 7B
7WHe 2AE 3ET 5 QU o] Hhol= AE ¥ Y
9] 99| PAS FFstaL, FE g FE AHE A5t
3, 9 A o] Ao wd o BE B AES AFoE
&2 4 AHH30].
AutE Wigdo] g HE 9 QP Au|A: HA HT Ao,
A ZA ZA(Liquid Presence), A% A F=, A
A RS2 AA Al2" [265], A A2 Ao ABja=
Azt FGof gt A& AlFsta g TGl HALdt=

SAEA 2 AHEAE FA%H &4 7tes A9, 39
A E= AT AT 54 AR £ g A2
T UEE ste e R4S Alsd L4 = 7t
EE AHgsto] AU 242 U = ok B3 AR,
A U4, FA 27 T A A4 7Isol FHASHA AHE
a1 ek [269]. ERF HA A HA| 7]&-S HolH AlH,
a9 Rt AE BRI o]t gH o g 3§14
< WA fls 285 A 270].

Aed A FE7]e}F 2o Asshe A A" A5F
Aol Sa3% Fioltt, Tyl A (A ke 7k A,
T AN A", HFE A AL"E)7E s Alagolth,
ol AIME Foll E W A71% dAatstta(Co) 55 54
o4 ok 29 Fa, A 2 BEE Alsstar dr)ek
irbeta o] Aol o) i3 AbE Y Bz w5
Utk EZ A7]|of dAtstea do] &E|H AnfEZOR
HAIAE 2 o o] A2 2 & €9 24 2 I
WAE 24 J Y A AL o7} Qo 265]. 2 ¢4
A AAME A=Y 54 994 A de FASH: H A
&), o] A= AlAdlo] &7 Aofo 2-3-5t7] f7t &
WSS TS AR BEE FolHA] FE s d(Alarm
Panel)o] FAEE ¢tz HAET 4= UTH265].

Het 2 EofofA oju|A] Q1A £F4AS ARESH] A
A Al T2 AT 5 ok B3 BAAA Y Y
I &FS FASHe H AR 4= o, darifai[272]= #H5F
El7} oJu] A&} BT 2. 5 B 5 =T 7HEA = FHFE ]
Z(computer vision) 2.2 AR HAHY EolE HAES
2 gttt darifaid] 7]&2 2k ZAolA Y Z Q] 8=
o 5 on @A ik 7P Heto=nh A)dskar 9l
o ZF olm| A= BT AAYS 3 294 EelE A
tt. Bangali®} Shaligram [273]2 AREAL7E oA Ee] Eof
A UE M S YIS 7HEE B A LES AR
o o] A2FE F 7R W e g S Eo] vk AHA
e 7hlet oA F2ko] A2 winitt ¢ ZHHEE A
ot AAARE RISk, | eh FAg 2otk Fa 9 o
Hde AFA A gt F A PHE SMSE H
= M 7|sS 7IHte = gtk 2 AR 7HE A Al A
FRAI FZA BE HAAE Bl 7P He A"
[274]°0 At= ] U}, A2"e A8 FHa4=2 thE Al
A eE2 FAEHY, S8 P84 Y FAH8R00AN 5
AE Ao ST A ke = AR, S A g
2 9 A 7H2tE FAE R Zhaodt Ye [275]= A H|E,
A2 4H], GSM/GPRSE E-85h= A 7Hd-8 HF A&
& Aldstact. o] AlL|S AREAL A EH o] AE Zhaan
Aom FH I of-g& 4~ Ut

e) 7]t T2 AE: CASS [178] YAH FYrhetay Z=A)
Eg, ot 099 o) B4 9% wASH B2 B
2 Attt o] ZRAEL Aute Wgel A 7 F8 9
ool o)z muUEY, AT AT L A WY FHS
Sr} CASAS ZRAEL B AZ vEY] A% L 42
E o] offE2A0l A AF Al ATz F/ET. Aware
Home Research Initiative(AHRI) [276]+& ZX|o} F}]j5t9]
o|= gl dr], txd vfo] B AEEIAHE, A&7HsA
EOFo| Al AREE 9T A RIS A% IF0 o8 FAE =
ZEAEo|t}, AHRI= 2HHE F2of AlA ol -2 thefgt Al
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House_n[277}2 MIT 4780] ZEali cEof o =2
AEolth o] ZRAEY Fo FRE AvtE § U T
&, AE D Aqulxe) A4S FA5E Aolt, HHole 7}
o] Ao RE Bio] AxH 4 Ae] cherg MM} A
ZEn AgA7E B4 Aol ¥ BUEHST A Aok
shu] A4l HEE $ASHL, A% §AT 5 Uk A8
AE o] of EFEA ol S NEshe © &-&H
Microsoft Research®] EasyLiving L2 A E [278]+ T}k
328 A5d B o3t APE 18R Ao FHe}
7] 98 e ofyER % 714 ALt welo] gnt,
EasyLiving T2 AEL 445} ol2] HEE AB|AS A FoES
MAEG, o] TRAEL chopst Ak kS AHgSto]
A 9] 7Isket2] melg AREShaL Aol X E AlA oA &
=5 gk ol AU QX & T2 FAsEL AR

Gator Tech Smart House ZZ A E [279]& u|= S22t}
tfshe] mutd 9 HA T (Pervasive) FFE AF A 7
et 9l 2 FofiQlS Yo 5] AAE Z=aHY T}
T3 FZtolnt, o] ZRAEL] B AT AFAE F
A 4= Qe AntE dY 23S e Zolth, o] =2
A Ex= AFAA o5, 1A E 71E Yol HE
ofjof 2 ST QIA] AB|AE AlFtth AEY ZE A
A gl A ZofolEof thet AH|A FOE FA5H7] S8 &
H n S E ARt A AR e AE TR HE
o] B84, AlA FAE, Aulx, A2, AE2E ] 2 of
ZYAolA ASS TT5H= nlEHe 847 Ut
[280]. tHE& & &2 AntE & Z2AE = AutE WY
oAl ®utd HFE L AA] AUE A U= Ayt 4EF
F(Sherbrooke) tste] ¥+ T2 A E Q] DOMUS [281]7} %L
o o] ZR2AEE dxsto|HY A, JAREF, FHE
o, AH A%t 5o AFHE AEESE v A 54
o= g

P

5a
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=2 dtE t5te] Adaptive House ZZ A E [136]= 48], =

A, &=, 2= 5 O &4 AEE Asste vdE Al

A7t A2E 2R AL"|S ST B3 3K 2
25715 Aolsts AFoolg, P2 4 M A
AT

oRAlofo A= AAE, AlF D 7E 2= 54 A&} 2
t}okdl M A7 A= “Welfare Techno House’/ Z 24 E 9}
2o AnE iy Z2AEL 7 e QIe282], F-H]
HE A & Z2HE283]= Y& E U AuftE HY &
EHEZA, RFID, PR, &8 AlA+= E8 /=2 BYHTE &
A3l 7he ket npo] 25 E-g-3ttt

f) 8.oF: H o= AntE WYy Aqu|AF A Yst7| S8 o
7R A4S Q14 A WAy 7]es &8skl Sl Al
3 718 e bgE I iy 53 482 ¢ & ¢
3y = ok, MAlEg e 71 F2 daESS 59 A
& 7Hett ol E &85ty 24 BES Bs 5 Qe o
& ZEAAE AFdete Aol HAlE Y-S A= o,
HIX| & 8k, A= sy, 8ol By} b 7he| o ak
&0 2 Shgo] o|RofR = A A3} oh5 § HUTt o
28U =E A9 4 o), A0kE 1Y A B AS i35k m4l
2J 9] dutdQl &= g, Q14 o5 ®H HAsto|r}, o]
o Ae o] B4 9 o]7]F a4 HEAES = 1
Hat o3t AU AES A0kE HIT O] o S| A|o| A A|H]|
2o AT = Qs Blg] 9 A= 7|=o tfs]A
T A9stigint. E=3h HH o E a &g Aestal ok
st7] Yaf w2 AR Y E oA AAIZE HlolE £4= F
3 718 wol AMEEE S EHE Al Y SOl daEiA=
Astelnt, olHe M4y Eo] glod 7l a&23<l
AMA Yo Hagof et A& A4 o] Dot BE 7S A
=FE LA sf|oF g},

TABLE VII: CATEGORIZED APPLICATIONS OF SB
2nte WY o] YRS 38

Application
category

Elderly Popula-
tion’s Home Care

Cited
Chernbumroong et
al. [56]

Taleb et al. [251]

CAALYX [252]

EasyLine+ [253]

Energy Efficiency Reinisch et al. [259]

Safety and Secu-
rity

Comfort and
entertainments

Miscellaneous
projects

Jahn et. al [260]

Fensel et al. [263]

Vastardis et al. [264]

Clarifai[272]

Bangali and Shali-
gram [273]

Zhao and Ye [275]
Kabir et al. [267]

Ahn et al. [268]

CASAS[178]

AHRI[276]

House n [277]

EasyLiving project
[278]

Characteristics

detection basic five activities namely
feeding, grooming, dressing, mobility, and
stairs.

Framework integrates both the sensing
and the monitoring ser- vices for assist-
ing elders at smart homes environment

Elderly monitoring subsystem, home
monitoring subsystem and the caretak-
er’'s monitoring subsystem.

Support elderly people in carrying out a
longer independent life at home.

Operates on a knowledge base that stores
all information needed to fulfill the goals
of energy efficiency and user comfort
Stationary and mobile user interfaces for
monitoring and control- ling the smart
environment

Designing and evaluating end consumer
energy efficient services

Gateway system architecture to support
home-automation, energy usage manage-
ment, and smart-grid operations.
Computer vision platform for security
surveillance in smart homes

Composed of two methods: web camera
to detect the intruder, and GSM technolo-
gy that sends SMS.

Low cost, low power consumption
Provide service according to con-
text-aware feature of the user

Estimate the atmospheric changes and
predict the indoor air quality

Medical monitoring, green living, and
general comfort.

SB services in the fields of health and
well-being, digital media and entertain-
ment, and sustainability

Control people to control their environ-
ment, save resources, remain mentally
and physically active

Context-aware computing services
through video tracking and recognition

ML algorithm
SVM

NA

NA

Neural Network

Al methods

NA

NA

classification algo-
rithms such as
C4.5 and RIPPER
CNN

NA

NA

K-nearest neigh-
bors classifier
Deep Learning

Classification,
regression
and clustering
algorithms.
NA

NA

NA

Technology used
wrist worn multi-sensors

RFID readers with cover-
age of the whole house,
video cameras, sound
sensors, smart door lock,
microphone and speakers
Vital sign sensors, GPS

Ilumination sensor,
temperature sensor, door
sensors, and RFID
Household appliances

Wireless power metering
plugs, house- hold devices

Smart meters, different
types of sensors and
actuators

Smart gateway

Surveillance cameras

Web camera and GSM
technology

GSM/GPRS

Environment monitoring
Sensors

Carbon dioxide, fine dust,
temperature, humidity,
and light quantity sensors
Wearable sensors

Smart floor sensors, assis-
tive robots

Home environmental
sensors

Contains myriad devices
that work together
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FUTURE *
RESE AR
DIRECT

VI. OPEN ISSUES AND FUTURE RESEARCH
DIRECTIONS

©FE o W P AT W

subE Wyl ot AT H2 @ d Bok 2 QAL o]R
QAT i3] WL BAIZE ot glth, o] BEo|4 Avte
WY BAY @ 7P F8 BAS AN, ol et B
W% & vk Uy oe A7 Wl Yae A A
olct,

A. Security and Privacy

Hebdl 7iQl AR BT

F A2E B Y EHA(FA e FA)7HAEE dZ =9
Q= o= B d Aol AR BE BA7}F o AntE
o] A= up7hA| o}, Hoke AntE Y g7 of A
T4AQl Jo|tt, e 2ntE dY o & Aol AL Hlo]
B o 74T FA4S HAsfoF gttt A Aol AntE
1 A &g of HhEA] Z3HEofof gttt o] & Sof ATl
= AHEA7E HA P (Pervasive) A28 of| Ao HKH
A 2”& A 5= glojof gtk AA)H oheFet AlA e}
THAAE e 2EQ o] +AEHER o]t HolHE
A2star AAsfiof ek, weEkA ol & fl8f FE AN
B AEAE 8 4 Aok a2y o] 2E HlolErE AF
Holl whet ARl AR &4 ZA7E S7F gk, wheba i
AE B3 E 98 & 423} 7|eo] ZasitH285].

7Rl R O] Hlolg o thgt AjQl FE 5o} 7Rl &
2 A & F2of gt Al HE Koot fHH ZAE X
grsto] AREALY] ZHQl AR E T o TR E A A =X A
BA 7L Ak, o] A= AREA D JHA 9 ID W E ¢

......

g o, A T R o

) AR BT A Ve v Hey 3 =4 de
SteH286]. 2 WAl Bjd A+ FF2 AvtE U 279
Heb g 7HQl AR ZAE Ashes Holl 24& 7L it
25 % AR [Fafdt FeS BA B Adste] AT
A A AARste A Z2 ohdd Ho B AR|AE
ol M4l 2d 7l&< E-E&FH287].

S AR E
Ag 4 Q7] wi2ol Het ARE £d = Ao, 2o es
A F o] TS| Ao ol Be& Aol HAE 5
A}, dE S0 HalPE Bde Hofl =38t FAE 9
S AR 22 ARSAY] dAE shadt ol2R B
A2HE 2E FA oA FAE F2L 7R A& At
e o UATH288].

B. SBs and Context-aware Computing

2utE Y 94 Ak Q14 HEH

2utE dd 3 o A= ohFet 17 5 5ol sl #
X o7 FE = gEF YAl HlolE 7t it} o] €Al b
olHE HAFe XX LR H3sl= 7|&E Est= Aol F
231tH289]. 4% 14 4 HAlHY 7]a2 HHolEHE A
g @ At o] BE HloE oA Fadt A4S AT
b & =go] E A2 2 7teH290].

golg a4 9 A4 5 ZRA Ao ko] 27} W2 A
bioJElE A5t 7|& ¢ug|Ee AV} fle FE V&
S SR AT 5 e 58S EESt tha 22 3t
A7F Ak, B34 Q7o) gejekd, Heshy, P54 9
oo dutd o= Q17 qF WA A ARE 2=
Ao 2 FAgtetal Rl gst= AL w- Bt 291].

Research on SBs has made great strides in recent years, but

" anumber of challenges remain. We present some major
. challenges related to SBs in this part of the work.

These challenges will channelize the research directions for
future SBs.




95

Zre B dojoh BA BAES Fobo] AaES @
cdre] fulHE s AR A2adole AUHY YuE

2 olshst7] 913 Qg BEL BE A4S
o7] $i3) =& A7t Basteha02][203]. A 214
ZEIE A|AYS HA} ot oFEX]E ZEIE(Prompt-
ing), Auk BUEY, obAlch &y A W 7|4 Huet 2
o xntE Wge) B4 fEAol 4L A3 gk, Tt
YAE BE 950 g3 ZETES EASHE RS AR G
B 4 glon FRHos YIS fustn gt
5ol sl S e AoE YFEh B4l =
pEe A4 Bl ool & AS ) Festa g
122 913 ALgE 5 SATH204]

o of, (Ml o
9 om oX
o 2

C. Personal Data Stream Management in SBs
2utE dg o] 742l glojg AEY U HE

giojg] 2EZ T YA HE A AH-2 theFet Al Ao A 4=
e YA HolHE Aestar JEH=Z AFT 5= glon, E
gt o] AR E EAO T8t 5SS I AT 4= ok
[295]. &Y AntE "Wdof tigt dlo|g A= IhdshAT
o8 AntE dg 9] fo|gHE AT o o s, A=
o £ AHEEo] 35 WHARE FH5HA ¥ A2 E dHlolH
of sl Aute TAALE 27] wZolti{296], AUE WY
A o] ThAtt A= 2%, 2349, ¥ B I #HE
ekt o|RIES AT 4= Qlok, E3 P 2 Asket
22 02 77| AH B OE fojEE o|HER Y
T Utk AR o2 AlA Y o] BE HlojE = AntE WY A
H|2o A £ e S AAIskaL, £ vl2] HoH 3
(d: deujdo] A== FS 2% A7)l uhet 47 A
Foolgo 832 HYl= o A2 5 tH{297].

dgy FYE A= AFshs 159 A ol9E JALH
< UutstEk = gk, AR ASEE Ao R 5T 4
U A 5 Mol & FE5d 5 AN, 7 AFA = &
Aol 3 3 FolsfoF 298], HlojE] 2EHS A
ot AlA e =71 F7FsEaL 917] wjiZof o 2gt Hlolg A&
EdY 7j& £4 9 A 7e2 @4 R vdAdHo|t
[299]. Y AntE W o] thofgt AlAfof os) X]&2 o
2 A== U &9 doleE Asr] 9 NER =
et A|A"o] QSO ESEAL Ay H|o]E EA o tigt
AT 7He 2 oA &4 7wy IS dolAH296].
[300]0ll 4= AA| ofZE|A 0] AL Hlolg AEH ] gt
T BAE At E3 i) AR, golY, AP A, &
AL oHE AEY, BY B3 9 Hrf, B 7Y ¢
GAA A 2" TH ZA L BHE EAE £A4%

D. Big data challenges in SBs
2utE g o] vglo] g A
LEY AntE Ug 9 goket AR 7les E85to] & F
QA vz gt 9 o]7|F HlolHE T o Sl
dutA o2 oY AutE dAdoA tjd SATE H o] EHA
AS BT 5 Ut o] HolHE A7t ARehe A
A ErH258]. A N AntE Hg oA S0l 2= Hlo]
HE WfUAHESH] fJ8f At B FE7E o= AHst
A 2 =17 7138 AT o+ Ak o] 2L HolHe o
W2 8ol gt= ARE AlFste] AFA A 24 5 U2
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ABIAE AT 5 doH301].

sl gt dd|o] el 9] AlA A= Wigt &< dlolE M4
o= EataL glolH oA 9u] e FEE FE317] {9
AlPzro of e 7|20 JIHS EEote] AT HRE
A717F HA g}, ol2g Wigk ko o o
dololg g axtdor A%, £ 9 A5y A =2
71&o] ast, ddolgoA FHYS LAY 5
5 ZEAAZE dostr, B3 §A% S A
H|A 2 744 7]42 B2 Apache Hadoop & Spark$} 2+
= £ZEF o= Fasiti302]. ¥ EAE Bl &
g0 2 Fdsted 7|2 Aoy o2 FE3 Ay y
71 AFdok gttt o]yt o] 2 AFAES T Avt
E g oA BldolHE AT 2ZH LA h= 24
o 713]of dfs AZst7] ARt 303][304]. o] =g HT|
o|E A &I FH = I A7 glon, B =y
A 23 Y U AE|A Alge] glo] AutE WY o] o]
of 24 7]4% 4= qlot, o] o] AAEo] AHLE W
A Bldol 9] dAjet nEe] = Ao gt HEYS
B35t AZtsljokst= B adef tigt o]t 305].

o
I,
il

E. Interoperability

584

AT 8L F N(TEE 1 o]49) AlA"o] g 253t
EE AAEA gotretE WA gle] A ettt AS
oujgitt A L Y EYT] 7|eo| AR oE v, AA E
= 71717 EfF o 2 FAT = & i AS 8ol FF
Hot, gt AR/ AE 7H AnE 1Y S ofgdt= A
ol HAIt}, dubF o2 o|d3t ZF A G4 AR T
E AA Aok 24 9 I A st A AR T E FFHA
oA FAE RS 4= UtH306]. wHebA AntE Y9 ok
3t HEOA thaFet o]7]F T4 2 HIEQF] 7|&o] &
T AEE ASTEEAS S5 Ao EFo|t, o E &
1 53

o, oy W] AAEL EA EHOF WiFig} ZigBee S
AT 4 9Tk, olejat Wkl W Aol 4 4= 9l

tH307].

F. Reliability

4124

S AntE Uy A A" AR 9 /RS 2
HALF shuEtar e 4= Qlek, EEA, AR QLA Al
g7] 5 &ntE g EAsh= ot 7Hd AlE 9 A
= AlEAdo] wje aE T §3] AutE dgof A o
T Qe olEgt AA ot EEEHE Al 7IeT dAE HS
e 29 S gAste A2 & Aot 7s
2 A9, AL N 23 9 A 7 R 9 Zpolef whek
o|2|gt Ao thFet o] 77t e 306].

G. Integration

§FH9 2nte 0y TR Y4 Faolch A4 L A
of N2 Agate]l 25, A AR, $= AP, B
= u gy AT e 9d A a9 Bl Aas o
& WY AES A LBE dETetol= ALYl Ad)
% LR

Eay

o}, o]gfgt AntE W] FEHL FoIth gy e R
AUE Ay A AH Y] B3 of| 2] Hoko| A AT AT,
A&7 s g0l 127714 theFet o] d-E AlFgitt, AntE
g A|A"S QlE Zafo] = H|2Y A A AR AZ S o
oAt AL Agetal WY A MAsk: E oE EL
A5 F7He 4= ATH2l.

agy 2z AE Al A" /g 7HY, 289 AlAE Al
ojs}7] Qg Ak & ou|7} Q17| Wil o7 AlAHE F
Tt A2 w9 oy AutE ddgof £ AARE B9
St G 24, YR YA HEE gdste A" A7 of
YAHEE 95t & A &"o] FAlof A= glckar 7¢
Azitt, o] A A12E2 A% vfUAHE A|AHlof A
A2t 2 AMEE & 52 oA E dokslr] 93] 9=
71715 1A otof gtri{292].

AntE WY o) g oA, oBES & 28 =
Z= Aol AR 7 e Al = AREARZE Aol UL 5
14E Aolth, 2= AA L T2 oE AAX= AEY =21
S AFOE AL, LExA7|= AEANA AHEsHE = 99
< WESHA & Aolth, ANt FEE7] AlAStL A9
st 4 FoAs A Aok, g e 9l o
E M= AYE TE7] Y8l A A He g 7h= 49
AboF @ 5 55 dEE. JS WA o, A7 23S
317] Yol FHEY HES F5 5 ok 1 F Heb AJAF
o] A& HYEHSIAL Aojsl7] AARIT}, Eoj= AFlo=E
0k, 7H88 71712 AdA] dof REE HEHT S Al
A7} 713 &EhE(Geofencing) 71&S &85t o & Fot
2= AL AAEH, =2 Ao thA] 4|5k, =AY
£ AFA71L, A A& o ZFa 2ol gL, do| S0
o 7P FEotst= ool A E 7] A& A oltH141].
[0F: HT At AutE 1y Hofo A o] FojF ATt o
W2 go] asity I AntE dgo] 77k Ao
fE37t 7hesttta Witk o] £opd] £ A9} FT
A e o3 2ol 9% 4= Qi

P 2 o SHoA AL} AYAEE ASHL 7HeEt
gt 53 of gt

A QA ZEZE A&HL Q] Holg 2B 9 Ant
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7} 3 85}t
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