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a b s t r a c t
Modern home theater systems require users to control various devices simultaneously including a TV,
audio equipment, DVD and video players, and a receiver. To perform the requested user functions in this
situation, the user is required to know the functions and positions of the buttons on several remote controls. Users will become more confused if a ubiquitous home environment, which contains many mobile
and stationary control devices, is realized. Therefore, the user interface should be adaptable for requested
user functions and to ﬁt a speciﬁc control device. This paper presents a context-adaptive user interface for
the control of devices in ubiquitous home environment. First, we modeled the ubiquitous home environment in order to implement the context-adaptive user interface. We used a Bayesian network to predict
the necessary devices in each situation and used a behavior network to select the functions that constitute an adaptive user interface in several conditions. The selected functions were used to generate an
adaptive interface for each controller using a presentation template. In this paper, we implemented a
ubiquitous home environment and generated a controller usage log for this environment. We conﬁrmed
that the Bayesian network effectively predicted the user requirements by evaluating the inferred results
of the necessary devices based on several scenarios. Finally, we compared the adaptive user interface
with the ﬁxed user interface by surveying fourteen subjects. We conﬁrmed that the generated adaptive
user interface was more comfortable for use with typical tasks than was the ﬁxed user interface.
Ó 2012 Elsevier Ltd. All rights reserved.

1. Introduction
People use remote controls in order to control appliances. As
more appliances are purchased, the number of controllers also increases. For example, users have to control several devices including a cable TV receiver, DVD player, television, audio equipment,
video players, and DivX players in order to use modern home theater systems. Controllers for these devices have different interfaces
based on their manufacturers and models even though they look
similar. Therefore, it is not easy to get accustomed to all of these
controller interfaces (Nichols, Rothrock, Chau, & Myers, 2006).
Even though the controllers have various functions, only a few of
those functions are practical for use. If the ubiquitous home environment becomes more common, most home devices including
lights, boilers and home appliances will also be controlled using
a remote controller. Therefore, a context-adaptive user interface
that provides users with necessary functions should be developed.
The personal universal controller (PUC), which automatically
generates user interfaces in PDAs or smart phones, has recently
been studied. Nichols and Myers of Carnegie Mellon University
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developed such a system, which can generate an optimized controller interface for smart phones using a hierarchical menu navigation
system (Nichols & Myers, 2006) and introduced HUDDLE, a system
that can automatically generate task-based user interface (Nichols
et al., 2006). In addition, they veriﬁed through a user survey that
the automatically generated interface had superior usability in
terms of time efﬁciency and consistency than did the general
interfaces for device control (Nichols, Chau, & Myers, 2007). These
studies generated and provided a useful PUC, but they did not take
into consideration the context for its uses. In a ubiquitous environment, it is very important to consider the context in order to
provide relevant services and information (Lee, Seo, & Rhee, 2008).
This paper presents a context-adaptive user interface. In a
modeled ubiquitous home environment with location and device
information, the proposed method used the Bayesian network to
predict the necessity of the devices given the context and the
behavior network to select the necessary functions given the required devices in the current context. The adaptive user interface
consists of these selected functions based on a presentation
template. Modeling using Bayesian networks provides good performance by effectively incorporating the domain knowledge (Kleiter,
1996). We also used the behavior network so that the generated
user interfaces could be adapted using the user input (usage log
of the devices).
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For this experiment, we created a synthetic log for the use of the
devices based on the experimental scenario, and then we inferred
the necessities of these devices. We then evaluated the proposed
method based on the time required to conduct the predeﬁned
tasks. Fourteen subjects were asked to perform ten tasks using
both the conventional ﬁxed home user interface and the proposed
adaptive home user interface. The results indicated that the subjects dealt with the general tasks faster when using the proposed
user interface than when using the conventional interface.
2. Related works
2.1. User Interface in a ubiquitous home environment
Recently, universal controllers or PDA software that can control
several devices have been introduced (Nichols & Myers, 2006). In
order to use these controllers and software, people have to assign
the infra-red signal of the remote control to the corresponding button and then implement it. Home network technology, which allows users to access home appliances wherever they are, has
been studied for the control of devices without the use of additional processes, as noted above (Filibeli, Ozkasap, & Civanlar,
2007). Technologies that are representative of home networking
include Universal Plug and Play (UPnP) by Microsoft and Intel
(http://www.microsoft.com/hwdev/upnp), Home Audio Video
interoperability (HAVi) by Park, Kim, and Jeon (2006), and Jini by
Sun Microsystems (Garud, Jain, & Kumaraswamy, 2002). Home
networking technology, however, only connects devices, so the
programmer must know the device information and functions
and design the user interface to practically control the devices.
As the number of devices increases, the interface becomes more
complex. In order to solve this problem, a new interface is required
whenever a new device is added. Implementing software user
interface can be a solution. Umberger et al. proposed the integration of a home-automation system and its services with an IPTV
system and its services at user interface level (Umberger et al.,
2009). They provided user interface on TV screen. Kleindienst
et al. proposed an interaction framework using speech and vision,
and presented software user interface for PDA, MACI (Multi-modal
appliance control interface) (Kleindienst, Macek, Seredi, & Sedivy,
2007). However, their user interfaces still depend on the corresponding controller for each device even though they did not use
ﬁxed physical remote controller. In order to solve this problem, a
remote controller can provide a new interface when the appliances
are added, removed or replaced in home environment. HUDDLE by
Nichols and Myers proposed a task-based user interface, not device-based interface (Nichols & Myers, 2006), but they still had a
problem where it did not consider the contextual information of
users.

set of random variables. The Bayesian network is represented as
a directed acyclic graph where nodes correspond to variables and
arcs correspond to probabilistic dependencies between connected
nodes.

PhB; hB i ¼ Pðx1 ; x2 ; . . . ; xn Þ ¼

n
Y
Pðxi jPaðxi ÞÞ

ð1Þ

i¼1

Eq. (1) represents Bayesian network formally. B and hB mean Bayesian network structure and probabilistic variables, and PhB, hBi means
a joint probability distribution of this network. A structure can be
represented as B = (V, E) where V = {x1, x2, . . . , xn} is a set of nodes
and E is a set of arch. For each xi, a conditional probability distribution can be represented as P(xijPa(xi)), and Pa(xi) represents a parent
set of a variable xi.
They can be modeled manually based on domain knowledge
even when there is no data to train them. Bayesian networks have
been used to classify and infer the mobile context based on these
strengths. Korpipaa et al. from VTT Technical Research Center utilized the naive Bayes classiﬁer to train and classify the user context
(Korpipaa, Koskinen, Peltola, Makela, & Seppanen, 2003). Horvitz
et al. from Microsoft Research proposed a system that infers user
focus on at a certain point in time in an uncertain environment
(Horvitz, Kadie, Paek, & Hovel, 2003). Hong et al. proposed a context-aware messenger that automatically infers the user context
and allows the users to share that context (Hong, Yang, & Cho,
2010). They exploited a dynamic Bayesian networks to infer contextual information. Lin et al. proposed a systematic approach to
qualitatively diagnose QoS and to quantitatively guarantee QoS
using Bayesian network training (Lin, Cheng, & Chen, 2010). Hwang
and Cho used a modular Bayesian network approach to identify
signiﬁcant events from mobile contexts (Hwang & Cho, 2009). They
modeled a large number of Bayesian networks using these modular
Bayesian networks. Yap et al. presented an iterative training
procedure for Bayesian network that discovers the minimal set of
important contexts for mobile recommendation (Yap, Tan, & Pang,
2007). As described here, Bayesian networks have been exploited
as reliable models for diverse context-aware applications.
2.3. Behavior network
The idea of a behavior network was presented by Maes for robot
agent control (Maes, 1989). Fig. 1 presents an example of the representative behavior network. In this network, competition between actions is the basic characteristic and is represented by a
change in the activation level of each action. The behavior with

2.2. Bayesian networks for context-awareness
Context can be deﬁned in several ways. Dey deﬁned context as
any information that can be used to characterize the situation of an
entity such as a person, place or object that is considered relevant
to the interaction between a user and an application, including the
user and the application themselves (Kleiter, 1996). Generally, context inﬂuences the user preference for a service, but it also inﬂuences the control devices in a home environment. This is due to
the fact that the desired control devices will change according to
the user context.
Bayesian network has emerged as a powerful technique for handling uncertainty in complex domains, and especially for contextawareness to infer the context and provide reliable performance
(Dey, 2001). It is a model of a joint probability distribution over a

Fig. 1. An example of behavior network: the solid line represents a predecessor
link, and the dashed line represents a successor link.
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2009 successfully. As shown in this work, behavior selection networks also can be used in non-robotic domains.

3. Context-adaptive user interface for a ubiquitous home
environment

Fig. 2. Elements in a behavior node and its links to other nodes.

the highest activation level is selected after the activation spreading, and it is calculated as follows. Nodes can have different types
of links that encode various relationships and stimulate one another. Each node has ﬁve components: precondition, add list, delete list, activation level, and executable code, as shown in Fig. 2.
The precondition includes the conditions that must be true in order
for the module to become active. The add list is a list of conditions
that will be (or remain) true when the module is active. The delete
list is a list of conditions that will be (or remain) false when the
module is active. The executable code of each behavior is executed
when all of the preconditions are true at a certain time. The links
are divided into internal and external, and the internal links are
subdivided into predecessor links, successor links and conﬂict
links. The external links are connected to the sensor and goals.
Assuming that there are two nodes, x and y, there is a successor
link from x to y if a member of the add list of x is also a member
of the precondition list of y. A predecessor link from x to y exists
for every successor link from y to x. A conﬂictor link from x to y
exists if a member of the delete list of y is also a member of the
precondition list of x.
If the value of a certain sensor S1 is true and S1 is in the precondition list of a behavior node B, then a link from S1 to B is activated.
If goal G1 has an activation level greater than zero and G1 is in the
add list of B, then a link from G1 to B is activated. The procedure for
selecting the behavior nodes to be executed at each step is as
follows:
1. Calculate the excitation from the sensors and goals.
2. Spread the excitation along the predecessor, successor and conﬂictor links and normalize the activation level so that the average is equal to a preset constant.
3. Check any executable nodes, select the one with the highest
activation level, execute it, and ﬁnish. A node is executable if
all of the preconditions are satisﬁed and if its activation level
is greater than the threshold. If there is no executable node,
then reduce the threshold and repeat the process.
Links are set by a designer according to the problem. Based on
the network designed, the system can select the proper behavior
for its goal given a set of sensor states.
Since the behavior network was proposed for a behavior-based
robot agent control (Maes, 1989), it has been used extensively in
the robot domain (Nicolescu & Mataric, 2001; Yun & Cho, 2003).
Nicolescu and Mataric used the behavior network to learn interactions between a human and a mobile robot (Nicolescu & Mataric,
2001). Yun and Cho proposed a dynamic behavior network based
on a learning classiﬁer system (LCS) (Yun & Cho, 2003). The LCS,
a learning algorithm for a rule-based system, was used to train
the behavior network. In Yun and Cho’s study (Yun & Cho, 2003),
the encoded network structure replaced the encoded rules of the
typical LCS-based system. Dorer presented extended behavior networks in order to model human decision making in the sense of
prospect theory (Dorer, 2010). He applied this model to RoboCup

Fig. 3 summarizes the process for the proposed adaptive user
interface generation for use with ubiquitous home devices. To begin with, the Bayesian network infers the necessary devices in the
current context. Based on this result and the description of the
devices and controllers, the behavior network is constructed in
order to select the necessary functions for each device. Finally,
the user interface for a given controller is generated using the user
interface template.
3.1. Modeling a ubiquitous home environment
A ubiquitous home environment for adaptive user interface
generation is modeled as follows.
-

E = {Location_List, Device_List, Sensor_List}
Location_List = {Location1, Location2, . . . , LocationN}
Device_List = {Device1, Device2, . . . , DeviceN}
Sensor_List = {Sensor1, Sensor2, . . . , SensorN}
Location = {Location_Name, Location_ID, Neighbors}
Device = {Device_Name, Device_ID, Location_ID, Function_List}
Function_List = {Function1, Function2, . . . , FunctionN}
Function = {Function_Name, Function_ID, Function_Type,
Function_Value, Add_List, Delete_List}
- Sensor={Sensor_Name, Sensor_ID, Sensor_Type, Sensor_Value}

The ubiquitous home environment (E) includes the location list,
which lists the locations of the users, rooms and devices; the
device list, including appliances such as the TV and video player
and equipment including the boiler and lights; and the sensor list,
which identiﬁes the states of the users and the environments.
The device information includes the name, location, and functions
of a device, and the function information includes the functions of
each device and their constraints. The function list also includes
the Add_List and Delete_List for the behavior network. The Add_List
includes the functions that should be displayed with that function,
while the Delete_List includes the functions that are not desirable
for display with that function. Location information is represented
as a room name.
3.2. Predicting the necessary devices using a Bayesian network
We used the Bayesian network to infer the devices that appear
to be necessary for a given context in a ubiquitous home environment. Since the Bayesian network could be constructed using
expert knowledge even though there was little or no data to train
(Kleindienst et al., 2007), the system could result in a reliable performance in an uncertain home environment. After a sufﬁcient
user log was obtained, it was possible to train the Bayesian
network.
In general, training Bayesian networks from data consists of two
parts. The ﬁrst is to train the structure and the other part is to train
the parameter set. To train the structure can be solved by searching
for the network structure which best matches the given data. The
ﬁtness can be measured by some scoring metrics. Two popular
such metrics are the minimum description length (MDL) score
and the Bayesian Dirichlet (BD) score. To ﬁnd the best structure
with score metric, greedy search algorithms can be used. A personalized model could be trained from the logs of the individual users.
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Fig. 3. The process for the generation of an adaptive user interface.

Fig. 4. A psuedocode for K2 algorithm to train Bayesian network.

We used the K2 algorithm proposed by Cooper and Herskovits to
train our model as shown in Fig. 4 (Cooper & Herskovits, 1992).
Fig. 5 shows a simpliﬁed example of a Bayesian network used to
infer the necessity of each device. The basic context including user
location, current time and the date (whether the day was a holiday
or not) could be considered as evidences to calculate the necessity
of each device. The use history of devices that were related to each
device in question was also used as evidence. The related devices
are those with similar functions or those located in the same room.
After all of the evidence was set, the BN inference was conducted to

predict the necessity of the devices in the middle nodes in this ﬁgure. A device with higher probability is supposed to have more
functions for generating a user interface than is a device with a
lower probability.
3.3. Selecting necessary functions using a behavior network
Once we determined the necessity of each device, a behavior
network was designed using the Device_List (D) and Function_List
(F) noted in Section 3.1. If the necessities of the devices were
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Fig. 5. A simpliﬁed example of a Bayesian network used to predict the necessary device.

grouped as a set of environmental nodes E and the states of the devices’ functions were grouped as a set of functional nodes B, then E
and B are deﬁned by the following equations using the value of D
and F.

E ¼ fei jExecuteðei Þ 2 Dg
B ¼ fbi jExecuteðbi Þ 2 Fg

ð2Þ
ð3Þ

After the nodes were generated, the predecessor links, successor
links and conﬂictor links between those nodes were generated. The
predecessor link was generated when Eq. (4) was satisﬁed. The
predecessor link, which connects two functional nodes or a functional node and an environmental node, could be generated when

both nodes belonged to the same device and when they were
related positively to each other. A positive relationship occurs
between the functions that are likely to be executed when a speciﬁc function is executed. This link was used to create a hierarchical structure of functions in one device. Successor and conﬂictor
links were used to represent the relationship between the functions in the different devices. The successor link was determined
using Eq. (5), and it was similar to the predecessor link. However,
they were different in that successor link connected the functions
of different devices and it only connected functional nodes. A conﬂictor link was generated if Eq. (6) was satisﬁed. It differed from
the successor link in that it was generated when two functions
had negative relationship (conﬂiction).

Fig. 6. Activation changes of an adapted behavior network after the user activated the TV.
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Fig. 7. A plane ﬁgure of the ubiquitous home environment.

Table 1
Devices and functions in each room within the home environment.

8
>
< ððnp 2 BÞ _ ðnp 2 EÞÞ ^ ðns 2 BÞ
1 if Dev iceðnp Þ ¼ Dev iceðns Þ
>
predecessorðnp ; ns Þ ¼
:
>
relationðExcuteðnp Þ; Excuteðns ÞÞ
>
>
:
0 otherwise
8
>
>
>
<

Place

Living room

Device

TV

ð4Þ
8
>
< ððnp 2 BÞ ^ ðns 2 BÞÞ
1 if Dev iceðnp Þ – Dev iceðns Þ
>
succesorðnp ; ns Þ ¼
:
>
relationðExcuteðnp Þ; Excuteðns ÞÞ
>
>
:
0 otherwise
8
>
>
>
<

Audio equipment

ð5Þ
Ceiling light

8
>
< ððnp 2 BÞ ^ ðns 2 BÞÞ
1 if Dev iceðnp Þ ¼ Dev iceðns Þ
>
conflictorðnp ; ns Þ ¼
:
>
conflictionðExcuteðnp Þ; Excuteðns ÞÞ
>
>
:
0 otherwise
8
>
>
>
<

Wall light
Window
Curtain
Dining room

ð6Þ
A constructed behavior network is basically represented by a
tree, which has device nodes as parents and their functions as children, and each link is added to that tree based on its functional
relationships. In this network, the activation functions were evaluated as F: E  B ? [0 . . . 1]. Using the inferred necessities of the devices, a set of environmental nodes E was developed. After that, the
procedure used to select a necessary function in the behavior network was followed as noted in Section 2.3. After the procedure was
completed, we determined an activation level for each functional
node. The active functional node bi(t) with the current state t
was selected using Eq. (7). We allowed several functions to be selected at once, different from the conventional behavior network,
and the user interface could display these selected functions during the next step.

8

>
< 1 if ai ðtÞ P h
bi ðtÞ ¼
executableðbi ; tÞ ¼ 1
>
:
0 otherwise

Coffee maker
Ceiling light

Bedroom

Ceiling light
Window
Curtain
Bed
Alarm

Study

Computer
Phone
Ceiling light

Bathroom

Ceiling light
Instantaneous water heater

ð7Þ

Fan

Function
Name

Type

Power
Channel
Volume
Brightness
Light intensity
Power
Mode
Play
Volume
Power
Light intensity
Power
Light intensity
Open/Close
Open/Close

Enum
Enum
Range
Range
Range
Enum
Enum
Enum
Range
Enum
Range
Enum
Range
Enum
Enum

Power
Status
Power
Light intensity

Enum
Enum
Enum
Range

Power
Light intensity
Open/Close
Open/Close
Fold/Unfold
Status
Set (am/pm)
Set (hour)
Set (minute)

Enum
Range
Enum
Enum
Enum
Enum
Enum
Range
Range

Power
Status
Status
Power
Light intensity

Enum
Enum
Enum
Enum
Range

Power
Light intensity
Power
Temperature
Power
Mode

Enum
Range
Enum
Range
Enum
Enum
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Fig. 8. Part of the XML code that represents the devices and functions.

Fig. 9. Initial user interface (a holiday morning in a bedroom).

Fig. 10. An example of the XML code that represents the UI layout.

The constructed network was evaluated again when the necessary devices in the device list changed frequently or when the user
requested an evaluation. Fig. 6 depicts the behavior network used in

this paper. We used two kinds of successor links with different
semantics, but that were functionally the same. We connected a
cross group successor link from the node ‘‘Bath’’ to the node ‘‘Light,’’

Author's personal copy
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Fig. 11. Changed user interface according to the user control of the TV.

Table 2
Contextual information used to generate data.
Day

Time to wake up

Time to return home

Time to go to bed

1 (Mon)
2 (Tue)
3 (Wed)
4 (Tur)
5 (Fri)
6 (Sat)
7 (Sun)
8 (Mon)
9 (Tue)
10 (Wed)
11 (Tur)
12 (Fri)
13 (Sat)
14 (Sun)

Dawn
Dawn
Dawn
Dawn
Dawn
Morning
Afternoon
Dawn
Dawn
Dawn
Dawn
Dawn
Morning
Morning

Evening
Evening
Evening
Night
Evening
Night
No going out
Evening
Night
Evening
Evening
Evening
Night
Afternoon

Night
Night
Night
Night
Night
Dawn
Night
Night
Night
Night
Night
Night
Dawn
Night

the necessity of the TV increased, and the network evaluation was
updated. In this ﬁgure, the ﬁlled behavior nodes were activated
nodes. It was natural that many relative functions were included
in the user interface in this case because the user was watching
TV. If the Bayesian network selected parts of several devices, for
example, a TV, a music player and a light, then the behavior nodes
corresponding to those devices that were not selected would not be
considered as candidate functions to be selected.
4. Experiments
We conducted experiments in a simulated ubiquitous home
environment for evaluation. Comparing the proposed adaptive UI
with the conventional ﬁxed UI, we conﬁrmed that the adaptive
UI had a superior performance.
4.1. Experimental environment

because most baths are taken with the lights turned on. In this manner, we made a cross group successor link. Subgroup successor
links, successor links according to the menu hierarchy, were obvious, so we omitted those details. In Fig. 5, if the user watched TV,

The simulated home environment is illustrated in Fig. 7, which
was implemented with Python and Javascript. It has ﬁve rooms
including a living room, a dining room, a bedroom, a study, and a
bathroom, and each room contains the devices summarized in

Fig. 12. Changed user interface according to the user’s control of the TV.
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Fig. 13. Accuracy of the Bayesian network model by day.

Table 3
Ten situations and detailed tasks for usability test.
No.

Situation

Detailed task for situation

1
2

Having breakfast while listening
to music
Watching TV in the evening

3

Playing computer games

4

Getting out of bed in the
morning
Taking a shower

Turn on the ceiling light in the dining room ? Turn on the coffee maker ? Turn on the audio equipment in the living
room ? Set the frequency ? Set the volume ? Have the breakfast ? Turn off the ceiling light in the dining room
Turn on the ceiling light in the living room ? Turn on the TV in the living room ? Set TV channel in the living room ? Set TV
volume in the living room ? Turn off the TV in the living room ? Turn off the ceiling light in the living room
Turn on the ceiling light in a study ? Turn on the computer ? Play computer games ? Turn off the computer ? Turn off the
ceiling light in the study
Turn off the alarm ? Open the curtain ? Open the window in the bedroom

5
6
7

Closing all of the windows and
curtains
Turning off all of the lights

8

Watching TV while eating
dinner

9

Having a phone conversation in
bed at night
Going to bed at night

10

Set the temperature for the bath water ? Turn on the light in the bathroom ? Turn on the fan in the bathroom ? Take the
shower ? Turn off the fan in the bathroom ? Turn off the light in the bathroom ? Set the temperature for the water
Close the window in the bedroom ? Close the curtain in the bedroom ? Close the window in the living room ? Close the
curtain in the living room
Turn off the ceiling light in the bedroom ? Turn off the ceiling light in the living room ? Turn off the ceiling light in the
study ? Turn off the ceiling light in the bathroom
Turn on the ceiling light in the dining room ? Turn on the ceiling light in the living room ? Turn on the TV in the living
room ? Set the TV channel ? Set the TV volume ? Have a dinner ? Turn off the ceiling light in the dining room ? Turn off
the ceiling light in the living room
Turn on the ceiling light in the bedroom ? Have a phone call ? Set the TV volume in the living room ? Hang up the
phone ? Turn off the ceiling light in the bedroom
Turn on the ceiling light in the bedroom ? Set the alarm ? Close the curtain in the bedroom ? Close the window in the
bedroom ? Turn off the ceiling light in the bedroom

Fig. 14. Frequencies, completeness and order correctness for ten situations.
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Fig. 15. A user interface used in a modern home network environment (a ﬁxed user interface only).

Fig. 16. A user interface including the context-adaptive interface generated by the proposed method (an adaptive user interface).

Table 1. The lists of devices and functions are represented as XML
in Fig. 8, which shows functions of TV as a device.
Figs. 9 and 11 show examples of the adaptive user interface
when changing the functions and layout are changed according
to the user’s control of the device. Fig. 9 presents the interface
generated by the proposed method in a situation where the date
is a holiday morning and the place is a bedroom. The layout of
the user interface is also represented as XML, and Fig. 10 provides
the XML code that represents the user interface in Fig. 9. The layout represented by the XML is shown in a web browser processed
by Javascript as shown in Fig. 9. After a user activated the TV with
this interface, it changed as shown in Fig. 11 with more control
buttons for TV because the necessity of the TV functions
increased.

4.2. Evaluation of the necessity of the inferring device using the
Bayesian network
In order to train the Bayesian network to infer device necessity,
we collected data for two weeks on a middle-class man based on
the home environment scenario presented in Fig. 7. The contextual
information including the user, time, place and date (whether the
day is a holiday or not) inﬂuences the device necessity and was
an important factor in this scenario. The scenario used to generate
the data was based on the contextual information in Table 2. The
data provided included the times to wake up, return home and
go to bed, and the weekends corresponded to holiday. The data
for the ﬁrst week was used for training, and that of the second
week was used to test the model.
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Fig. 17. Times to perform the tasks in ten situations.

Fig. 12 illustrates the initial Bayesian network structure designed and inferred probabilities of devices being in each place of
home environment. Based on the contextual information observed
or stored, the model could infer the necessities of the devices. Before using the probabilities of the device necessity, normalization
was required because each node (room) contained a different number of devices, which could produce the wrong result. The parameters of the network were trained using the user logs that were
collected periodically. Fig. 13 shows the accuracy of the Bayesian
network model. We considered the accuracy of the models when
the number of selected devices was one, two or three since it usually selects several devices. If we selected three devices, the average accuracy would be more than 80%. The correct answer in
each situation was given by human and was based on common
sense.
4.3. Usability test for the adaptive user interface
To evaluate the usability of the proposed method, we assumed
ten situations that could happen in the home environment and
evaluated with GOMS the generated adaptive interface based on
time required to complete the predeﬁned tasks in those situations
(Card, Moran, & Newell, 1983). The situations and detailed tasks
are provided in Table 3. We selected situations that could happen
in the home environment in Section 4.1.
For each situation and its associated tasks, we conducted a
questionnaire survey to measure the completeness (the number
of associated tasks that they completed for each situation) and frequency (the number of times when they were in the situation) of
the tasks, and the order plausibility (the correctness of the order
of tasks completed for each situation). Fourteen subjects (seven
males and seven females) in their 20s and 30s were participated
in the survey, and answers were integers between 0 and 5.

Fig. 14 shows the result of this survey. As shown, the tasks with
high frequencies showed minimal standard deviations, indicating
that tasks with high frequencies are typical.
Using these situations and tasks, we evaluated the user interfaces in Figs. 15 and 16 using the time required to conduct the
same tasks. Fig. 15 had the interface with a tap menu for selecting
the place and device. In order to control a certain device, two steps
of tap selection were required. This interface was based on a controller design for a widely used home network. The interface in
Fig. 16 adds a context-adaptive interface on the right side that
changes when the user initiates device control or when the context
changes. We compared the time required for fourteen users to perform the tasks in the ten situations listed in Table 3 using these
two interfaces, and the results were summarized in Fig. 17. Table
4 shows the reduction rate of the time required when using the
proposed method with the adaptive user interface. When using
an adaptive interface, we achieved 38.63% reduction rate in the
time required compared to the one with a ﬁxed user interface.
We also analyzed the results in the survey by frequency. If we classiﬁed ten situations into three groups according to frequency, then
situations #2, #4, #5 and #10 were the most frequent, and situations #1, #7 and #9 were the least frequent. The situations which
occurred more frequently could be considered more typical situations. Table 5 shows that the reduction rate of the time required by
the more typical (frequent) situations was more than that of the
less typical situations.
We have conducted a psychological test by Shéffe’s method
(David, 1969) in order to see the user’s satisfaction. This method
is a subjective test that requests subjects give a score to the difference between a given pair of interfaces. It makes a psychological
distance measure from the score. The signiﬁcance of difference
among evaluated interfaces is tested by the analysis of variance.
For this test, subjects were shown the two interfaces created by
the proposed method and the conventional method, and then we
request the subjects to evaluate the interfaces with a more appropriate look into 7 degrees from 3 to 3. The score about a difference between the interfaces has 7-point scale such as 3, 2,
1, 0, 1, 2, 3. We can observe relatively good satisfaction to the
proposed interface since we get a mean score of 1.8 at 95% and
at 99% of reliability.
5. Conclusions and future works
In this paper, we proposed an adaptive user interface generation
method using Bayesian and behavior networks. The Bayesian network was used to select the necessary devices in a home environment, and the behavior network was used to select the functions
that would be included in the adaptive user interface. For evaluation, we modeled a general home environment with devices and
functions, and evaluated the user interface generated by the proposed method. Comparing to the ﬁxed user interface, we achieved
a 38% reduction rate in the time required to complete the tasks

Table 4
Reduction rate of the time required to complete the tasks in 10 situations (R. rate: reduction rate of the time required).
No.

1

2

3

4

5

6

7

8

9

10

Avg.

R. rate

46.07

32.45

44.44

55.56

46.14

30.00

18.18

44.60

20.22

50.00

38.63

Table 5
Reduction rate of the time required to complete the tasks classiﬁed by frequency (S: situations, R. rate: reduction rate of the time required).
Situations classiﬁed

Most frequent S. (#2, #4, #5, #10)

Second most frequent S. (#3, #6, #8)

Least frequent S. (#1, #7, #9)

Average R. rate

46.04

39.68

28.08

Author's personal copy
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when using the adaptive user interface, and found that the proposed interface is more satisfactory than the ﬁxed one.
Although adaptive user interface is a good idea in a complex
environment, it may also make the learning curve of a user interface become ﬂat since it is more difﬁcult to ﬁnd a speciﬁc function
or control. Instead of focusing on user interface presentation, some
other work focuses on user preference on control settings, which
could be more desirable. Chen’s work is an example of Bayesian
network used in this application of smart home environment
(Chen et al., 2006). More critiques or comparisons might be desirable to get to the sound conclusion.
There are many things remained for the future work. First, we
need to improve the model with better training. A log of the user’s
activities was used to specify the Bayesian network. We will see
how this network can adapt to changes in user’s behaviors, and develop a deeper model of contextual information such as evolving
user habits or weather conditions. Second, the accuracy of the user
interface needs to be better deﬁned instead of being judged by a
human based on common sense. In order to improve the system
evaluation we will include some qualitative measures on user
experience and satisfaction from verbal user feedback. Finally, we
will apply the proposed method to mobile devices so that it will
be more practical. Experiments with data collected in a real home
environment are also planned to produce more true-to-life results.
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