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In order to implement the smart home environment, we need an intelligence service platform that learns the user’s life style
and behavioral patterns, and recommends appropriate services to the user. The intelligence service platform should embed a couple
of effective and efficient data mining algorithms for learning from the data that is gathered from the smart home environment.
In this study, we evaluate the suitability of data mining algorithms for smart home intelligent service platforms. In order to
do this, we first develop an intelligent service scenario for smart home environment, which is utilized to derive functional and
technical requirements for data mining algorithms that is equipped in the smart home intelligent service platform. We then evaluate
the suitability of several data mining algorithms by employing the analytic hierarchy process technique. Applying the analytical
hierarchy process technique, we first score the importance of functional and technical requirements through a hierarchical structure
of pairwise comparisons made by experts, and then assess the suitability of data mining algorithms for each functional and technical
requirements. There are several studies for smart home service and platforms, but most of the study have focused on a certain
smart home service or a certain service platform implementation. In this study, we focus on the general requirements and suitability
of data mining algorithms themselves that are equipped in smart home intelligent service platform. As a result, we provide a
general guideline to choose appropriate data mining techniques when building a smart home intelligent service platform.

Keywords : Smart Home, Service Platform, Intelligent Service, Data Mining, AHP Technique

.M 2 7} A& 3 Qi1 6, 7, 13, 14, 17]. o] 8 A= ~n}
EZo] F7] Ao i} &% 23, 13], AFAe] o4

ZUEE RN AT Tolxaeelst BF 54 gy a7, 2ege] i ALE 2[5, 8], wAL

& Sgste] Ae g AHaE FU] A G AT g8 (58 AuA4)AY AntEE BE f:,izé A 2L}
=4 % AA Ao d4e oﬂ;w} EHHHO]E}

Received 12 April 2017; Finally Revised 14 June 2017; -
Accepted 15 June 2017 LR a
¥ Corresponding Author : cskeum@etri.re kr el = 2rtE ) A4, 7}7ﬂ7<ﬂ% solA FEe o

il
> Lo



An Evaluation of the Suitability of Data Mining Algorithms for Smart—Home Intelligent—Service Platforms 69

’ \
Data Mining 1 1
Techniques @: Ontology k

__________

Decision (Intelligence)

Control (Output)
Service Recommendation

Connectivity

i $ a%é
'. .u - em w

i

v
Smart Phones  Sensors/ Smart-Home
) ) Smart Home
|oT devices Surveillance .
Appliance

<Figure 1> Conceptual Architecture of Smart-Home Service
Platform
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ltem TR1 TR2 TR3 TR4 TR5

Importance 0.07 0.17 0.21 0.44 0.12
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23 UF 7HE THAA A5 h
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<Table 7> Data Mining Technique Candidates for the Final
Evaluation Stage
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<Table 9> Suitability of the Data Mining Technigues for the
Smart-Home Service Platform

Type Techniques ID
probability Bayesian networks BN
bagging bag

trees random forest RF
boosting boost

neural networks NN

(non)linear SVM SVM
additive regression AR
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<Table 8> Adequacy of the Techniques for Each Requirements

Requirement Adequacy of Techniques CR
BN | bag | RF |boost| NN [SVM| AR
FRI 0.18 [ 020 | 0.20 | 0.18 | 0.08 | 0.08 | 0.07 | 0.02
FR2 0.18 | 0.15 | 0.15 | 0.14 | 0.06 | 0.05 | 0.27 | 0.04
FR3 0.12 | 0.26 | 0.23 | 0.24 | 0.03 | 0.04 | 0.08 | 0.05
FR4 0.04 | 0.11 | 0.17 | 0.26 | 0.13 | 0.15 | 0.16 | 0.02
FRS 020 | 0.18 | 0.21 | 0.20 | 0.06 | 0.06 | 0.09 | 0.01
FR6 0.04 | 0.09 | 0.25 | 0.24 | 0.19 | 0.12 | 0.07 | 0.16
FR7 0.32 1 0.05 | 0.06 | 0.05 | 0.25 | 0.16 | 0.11 | 0.03
FR8 023 | 0.16 | 0.14 | 0.11 | 0.13 | 0.11 | 0.12 | 0.01
TRI 029 | 0.11 | 0.10 | 0.10 | 0.09 | 0.17 | 0.14 | 0.01
TR2 0.29 1 0.09 | 0.09 | 0.09 | 0.09 | 0.17 | 0.17 | 0.01
TR3 0.11 | 0.12 | 0.19 | 0.09 | 0.10 | 0.17 | 0.10 | 0.00
TR4 0.13 1 0.07 | 0.13 | 0.13 | 0.16 | 0.26 | 0.09 | 0.02
TRS 0.13 1 0.07 | 0.07 | 0.07 | 0.27 | 0.16 | 0.13 | 0.02

Techniques Adequacy
boosting 0.18
random forest 0.17
SVM 0.15
neural networks 0.14
Bayesian networks 0.14
additive regression 0.12
bagging 0.11
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