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Contextual Information Based
Home Appliances Selection with Smart Glass
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Abstract: We propose a method for selecting home appliances using a smart glass, which facilitates the con-
trol of network-connected appliances in a smart house. In this paper, we mainly describe on how we achieve
a reliable performance on appliance selection by using a smart glass. Our proposed method is image-based
appliance selection and enables smart glass users to easily select a particular appliance by just looking at it.
The main feature of our method is that it achieves high precision appliance selection using user contextual
information such as position and activity, inferred from various sensor data in addition to camera images
captured by the glass because such contextual information is greatly related in the home appliance that a
user wants to control in her daily life. Our experimental results, which use sensor data obtained in an actual
house equipped with many network-connected appliances, show the effectiveness of our method.
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Fig. 1 Example view of our application user.
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Fig. 2 Overview of our proposed method.
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Fig. 4 Floor plan of experimental environment.
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Table 1 Appliances installed in experimental environment.
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Table 2 Classification accuracies for evaluation methods.

precision | recall | F-measure
SVM all 76.6 70.0 73.2
SVM w/ cam 74.5 71.3 72.9
Proposed 85.8 78.1 81.0
Proposed only cam 83.5 72.0 75.1
Proposed w/o act 85.6 74.9 79.1
Proposed w/o pos 84.3 74.9 78.1
Proposed w/o IGMM 84.0 73.8 78.6

YT = F IV,

g &7 5 SVM I RBF A —A Vv EHWA, 2D
INAIN=INF X =% —(Z LIBSVM 2] DT 7 + v M % ffi
M35, 9, FEEHRT 2 - XOWBOAEHOTET
FEOWMSEHET NV EI L7, T2, Ky iaroik
T, kv va icIN) Y rEN TS R L -2
YT =ZIEML, SEETVEBERNICER TS,
WCEY, =R CTT7 75— a e e TRELRE
EREDIETIZE, REFEROBEIIMN LT 5.
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L7ztk, REOFBIERIT) 2 &4 CROTMRAIHHE Sz
WA, WiEOFESIIARIEM L W 5. EBIZEBRTIUE
L7z —%ty b HWTEA L@ = & MEEITZ
NENT704% & 94.6% & 2 ), MEFEIEHCFHBEL =
BL7. $%bb, EHEEFIZINRIMBTASIEDT
&7,

54 TEEROER
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Fig. 5 Transitions of average F-measures for Proposed
method.
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Table 3 Classification results when we reuse other users’ train-

ing data.
precision | recall | F-measure

SVM all 82.7 81.5 82.1
SVM w/ cam 81.0 80.3 80.6
Proposed 93.5 90.2 91.8
Proposed only cam 90.8 86.4 88.5
Proposed w/o act 924 88.1 89.2
Proposed w/o pos 92.7 88.5 89.6

F 72, ATEh ENE TR W il 72 Proposed 1% 81.8% D ¥
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PEELATXNY) v =5 2#@\FAATA. 22T, 1A
DEBRBMENIE L2 L -0 7 F =212 T, i
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V) EFHLTETVOFEEZLT). R 3 ICZOHRER
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Fig. 6 Photos taken during the installation period and their

similar images obtained from ImageNet.
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3% 4 Leave one session out X7AEMEIZ X B 7 JHAGEE

Table 4 Classification accuracies using leave one session cross

validation.

precision | recall | F-measure

SVM all 84.5 84.4 84.4

SVM w/ cam 81.3 81.2 81.2

Proposed 95.5 93.6 94.5

Proposed only cam 85.7 86.2 85.9

Proposed w/o act 92.8 89.7 91.2

Proposed w/o pos 89.4 87.8 88.6
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Fig. 7 Visual confusion matrix of Proposed only cam result.
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Fig. 8 Visual confusion matrix of Proposed result.
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Fig. 9 Clustering result of IGMM for positional information.
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Fig. 10 Clustering result of IGMM for activity information.
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