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a b s t r a c t
Recently, mobile context inference becomes an important issue. Bayesian probabilistic model is one of
the most popular probabilistic approaches for context inference. It efﬁciently represents and exploits
the conditional independence of propositions. However, there are some limitations for probabilistic context inference in mobile devices. Mobile devices relatively lacks of sufﬁcient memory. In this paper, we
present a novel method for efﬁcient Bayesian inference on a mobile phone. In order to overcome the constraints of the mobile environment, the method uses two-layered Bayesian networks with tree structure.
In contrast to the conventional techniques, this method attempts to use probabilistic models with ﬁxed
tree structures and intermediate nodes. It can reduce the inference time by eliminating junction tree creation. To evaluate the performance of this method, an experiment is conducted with data collected over a
month. The result shows the efﬁciency and effectiveness of the proposed method.
Ó 2013 Elsevier Ltd. All rights reserved.

1. Introduction
One of the important issues in recent mobile computing is context-awareness. In next-generation mobile systems, novel solutions for user-centric service are crucial to provide personalized
views of only the services of potential interest (Bellavista, Corradi,
Montanari, & Toninelli, 2006). The service personalization should
be based on user context and environment conditions. It requires
high-level context inference from raw sensor data. Some researchers have tried to gather raw data from a mobile device and infer
high-level context (Gemmell, Bell, & Lueder, 2006; Korpipaa,
Mantyjarvi, Kela, Keranen, & Malm, 2003; Raento, Oulasvirta, Petit,
& Toivonen, 2005; Siewiorek et al., 2003).
Models for context inference generate the desired target information (the high-level context) from existing information (low-level context). This leads to a kind of classiﬁcation problem which
determines ‘‘class’’ (state of the high-level context) from the combination of low-level information. Methods for context inference
should be efﬁcient, sound and complete according to Perttunen,
Riekki, and Lassila (2009) and cope with imperfection of data
(Bikakis, Patkos, Antoniou, & Plexousakis, 2008). Angermann,
Robertson, and Strang (2005) speciﬁed the requirements further,
suggesting means for fusion of several input sources and handling
of possibly contradicting measurements, expressive modeling of
situations, and adaptation to the needs of large-scale pervasive
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systems, i.e. distributed processing, personalization and adaptability to the system’s dynamics.
Probabilistic approach for context inference deals with the
uncertainty in measurements and propositions about various situations in real world by using probabilities that are encoding degrees of belief with values between 0 and 1. Bayesian network is
one of the most popular probabilistic approaches. It efﬁciently represents and exploits the conditional independence of propositions.
This model can be learnt from existing data, but also set manually
by human experts as they can be interpreted easily. Also combinations of learnt and set probability models are possible. Some
researchers used Bayesian techniques to recognize activities of daily life (Korpipää, Koskinen, Peltola, Mäkelä, & Seppänen, 2003)
from sensor data.
However, there are some limitations for probabilistic context
inference in mobile devices. Mobile devices contain relatively
insufﬁcient memory capacity, lower CPU power (data-processing
speed), and limited battery when compared to desktop PCs. In
addition, they have to operate in the changeable real world, which
means that they require more active and effective adaptation functions (Dourish, 2004).
This paper adopts Bayesian probabilistic models to efﬁciently
manage various uncertainties that can occur when working with
mobile environments, including real-world irregularities, like
uncertain causal factors. The proposed method presents a method
to infer high-level context using a two-layered Bayesian network
using mobile data. It constructs Bayesian network models with
tree-like structures from low-level context. The models work more
efﬁciently in mobile environments than standard Bayesian network models. Moreover, the models can be linked with hierarchical
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structure to provide more accurate and broad-coverage context. In
order to show the feasibility of the proposed model, it was applied
to several experiments using mobile log data collected from a
smartphone for a month in the real world.
The rest of the paper is organized as follows. Section 2 introduces related work regarding mobile context inference. Section 3
describes Bayesian network design using tree structure and intermediate nodes to reduce the cost of context inference. In Section 4
we introduce a two-layered Bayesian model to infer high-level
context. Section 5 shows experiments and the results to evaluate
the approach. Finally, Section 6 summarizes this paper and presents future works.

2. Related work
2.1. Mobile context inference
There are many studies to infer high-level context such as a
user’s activities and emotions in mobile environment. Especially,
human activity is very important context for ubiquitous computing
applications (Yang, Lee, & Choi, 2011). Most of ubiquitous computing applications attempt to recognize activities from regular routines for daily life, personal preferences, and sensor information.
We can divide previous work in mobile activity recognition into
two types: probabilistic approach and non-probabilistic approach.
Probabilistic context inference includes various models like
naïve Bayes classiﬁer, hidden Markov model, Bayesian network,
dynamic Bayesian network, Markov random ﬁeld, conditional random ﬁeld, and other methods. The probabilistic models are suitable to handle incomplete and uncertain sensor data and extract
the most probable user state of high-level context. Yang et al.
(2011) proposed a naïve Bayes-based method to recognize human
activities using RFID object information. They also compared the
cost of the naïve Bayes classiﬁer with hidden Markov models and
conditional random ﬁelds. Räsänen et al. used hidden Markov
model as one of approaches to classify context from audio and
acceleration data in mobile phone (Räsänen, Leppänen, Laine, &
Saarinen, 2011). They recognized a user’s transportation activities
such as running, walking, bicycling, car/bus, etc. Zhu and Sheng
proposed indoor human daily activity recognition by combining
motion data and location information (Zhu & Sheng, 2011). They
used hidden Markov model for real-time daily activity recognition.
In order to fuse the motion data with the location information,
Bayes’ theorem is used to update the activities recognized from
the motion data. Vinh et al. presented a novel implementation of
the semi-Markov Conditional Random Fields (semi-CRF) for activity recognition (Vinh et al., 2011). They compared average precision and recall with other methods such as hidden Markov
model and topic model.
The other methods for context inference have many kinds of
variations such as logical approaches, neural network-based inference, and kernel machines-based approaches. Logic-based context
inference deduces high-level context from the knowledge base. It
is the most frequently applied approach for reasoning in contextaware systems (Bikakis et al., 2008). Ontology, fuzzy logic, and
decision tree-based approaches belong to this type in context
inference. Riboni and Bettini proposed a solution based on the
use of ontologies and ontological reasoning combined with statistical inference (Riboni & Bettini, 2011). They used structured symbolic knowledge about the environment surrounding the user to
infer the user’s activities on Android smartphone. Weiss and Lockhart tried to identify the physical activity a user is performing from
smartphone-based accelerometer data (Weiss & Lockhart, 2012).
They mainly focused on evaluating the relative performance of
impersonal and personal activity recognition models. WEKA is

used for classiﬁcation algorithms such as decision tree, random
forest, and so on.
Neural network approaches simulate a brain’s information
processing. They consist of nodes, representing neurons, and
weighted links (Haykin, 1998). Henpraserttae et al. investigated
activity monitoring using accelerometer-embedded mobile phone
(Henpraserttae, Thiemjarus, & Marukatat, 2011). They recognized
six daily activities using neural network regardless of various different places and orientations. Lara et al. presented a system
named Centinela that combines acceleration data with vital signs
for activity recognition (Lara, Pérez, Labrador, & Posada, 2012).
Many classiﬁcation algorithms have been applied for activity recognition such as decision trees, Bayesian probabilistic methods,
fuzzy logic, and neural networks.
Support vector machines (SVMs) are to ﬁnd hyper-planes that
linearly separate classes with a maximum margin to recognize
context. Peng et al. presented a feature selection method for activity recognition in mobile devices (Peng, Ferguson, Rafferty, & Kelly,
2011). They used support vector machines to evaluate the performance of their proposed algorithm to recognize activities. Stewart
et al. developed a simple application for mobile devices to recognize physical activity (Stewart, Ferguson, Jian-Xun, & Rafferty,
2012). They used support vector machine to classify activities.
2.2. Modular Bayesian probabilistic approaches
This paper uses Bayesian probabilistic models to handle uncertainties in mobile environments effectively. Bayesian network is a
suitable means for context inference, but there are some problems
because of the computational complexity of the probabilistic inference in mobile environment. Therefore, it is necessary to break BNs
down into smaller modules.
Several researchers tried to divide large BNs into such BN modules for reduced inference time, re-usability and speciﬁcation of
networks. Xiang et al. proposed a method called multiply sectioned
Bayesian networks for splitting Bayesian networks in 1993 (Xiang,
Poole, & Beddoes, 1993). The core concept of the multiply sectioned Bayesian networks (MSBN) is the division of a Bayesian network into unchangeable and changeable Bayesian subnets. They
used d-separation to divide a Bayesian network. Partitions in
MSBNs have to form a tree structure, the partition tree. The partition tree is similar to a junction tree in PPTC.
A ﬁrst step to the construction of the partition tree is the construction of junction trees of the identiﬁed partitions. The independence of the subnets allows partly independent modiﬁcation and
evaluation (Xiang & Jensen, 1999). Moreover, the subnets can run
their inference processes asynchronously in parallel. MSBNs provide an effective approach for distributed inference but require
the cost of constructing partition tree for context inference.
Laskey and Mahoney presented network fragments in 1997 for
the domain of military situation (Laskey & Mahoney, 1997). A network fragment contains random variables and their conditional
probabilities. Fragments distinguish between input and resident
variables. Bayesian networks are divided into the available
network fragments for a speciﬁc situation. The algorithm could
combine the network fragments based on data association,
hypothesis management, and pattern replication. Their inference
yielded only approximate results through the combination of related network fragments. However, they did not consider the constraints for mobile devices.
Object oriented Bayesian networks (OOBN) was proposed by
Koller and Pfeffer (1997). They applied concepts of object oriented
programming into BNs. An OOBN consists of several object oriented network fragments that deﬁne its probabilistic properties.
Also Bangso deﬁned an OOBN-Framework in 2000 (Bangsø,
2004). The framework provides means for top-down modeling
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and time slice representation (Bangsø & Wuillemin, 2000). Each BN
module is an object in OOBN. BN objects are seen as functions from
input to output random variables. For inference in OOBNs, Koller
presents the approach to transform the OOBN into a MSBN. Bangso
considers the construction of a regular BN to directly construct a
junction tree from the OOBN. Bangso used an incremental triangulation method (Flores, Gamez, & Olesen, 2003) which is based on
the Maximal Prime Sub-graph Decomposition (MPSD) (Olesen &
Madsen, 2002). However, they still needed junction tree algorithm
which requires a lot of time for inference.
Hwang and Cho used Bayesian networks to infer high-level context collected from mobile phones (Hwang & Cho, 2006) (Hwang &
Cho, 2008). They designed with Boolean random variables instead
of multi-valued discrete random variables. To reduce the computational demands of inference, they manually divide the monolithic
BN into modules determined by the landmarks. The K2 learning
algorithm (Cooper & Herskovits, 1992) for the monolithic BN is
adapted to order nodes not only topologically, but also based on
mutual information (Shannon, 2001). They successfully reduced
the computational demands (Hwang & Cho, 2008), but it still requires human involvement, for determining the different modules.
The inference approach of Hwang and Cho (2006) is a two stage approach, where every module ﬁrst infers the contained landmarks
given the available hard evidence. In a second stage, the outcome
of landmarks in other modules that are connected as parents is
introduced as soft evidence with a technique called ‘‘virtual
linking’’.
In this paper, we propose a two-layered Bayesian networkbased approach to infer activities automatically. Its key features
are:
 The use of raw data to generate a user’s activity as high-level
information from a mobile phone.
 The use of a Bayesian network with tree-like structures to
reduce computational complexity to recognize activities.
 A two-layered Bayesian network structure to provide more
accurate and broad-coverage context.
3. Activity inference from mobile sensing information
The model has to satisfy two conditions to infer a user’s activity
on a mobile phone. First, the model can be designed using probabilistic models to cope with incomplete and uncertain real-world
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sensing information. Second, it is necessary to minimize the computational complexity of the models due to the limitations of the
mobile environment.
We used a Bayesian network in designing the model in order to
handle uncertainty. The Bayesian network is a directed acyclic
graphical model that was developed to represent probabilistic
dependencies among random variables (Hwang & Cho, 2009). A
Bayesian network consists of a structural model and a set of conditional probabilities. The structural model is a directed graph in
which nodes represent attributes and arcs represent attribute
dependencies. The dependencies are quantiﬁed by conditional
probabilities for each node given its parents. Bayesian networks
are often used for classiﬁcation problems, in which a learner attempts to construct a classiﬁer from a given set of training examples with class labels. It relies on Bayes’ rule (1) and conditional
independence to estimate the distribution over variables.

PðXjYÞ ¼

PðYjXÞPðXÞ
PðYÞ

ð1Þ

In this case, the nodes in the Bayesian network represent a set of
observations (e.g., locations, day of week, etc.) denoted as O = {o1,
o2, o3, . . ., on}, and corresponding activities (e.g., walking, studying,
etc.) denoted as A = {a1, a2, a3, . . ., am}. These nodes, along with the
connectivity structure imposed by directed edges between them,
deﬁne the conditional probability distribution P(A|O) over the target
activity A. Eq. (2) shows that ai, which is a speciﬁc activity to recognize, can be inferred from observations.

PðAjOÞ ! Pðai jo1 ; o2 ; o3 ; . . . ; on Þ

ð2Þ

In order to reduce the computational complexity of the Bayesian network, we designed it with a tree structure. A general Bayesian network takes a long time to perform the inference process
because of the junction tree algorithm, which builds a tree structure from the original network structure (Huang & Darwiche,
1996). If we eliminate that process, the time and memory required
for inference decreases dramatically.
According to (Huang & Darwiche, 1996), standard Bayesian network inference process has following four steps. If we construct a
Bayesian network with tree-like structure, we can skip the graphical transformation step including four steps such as building moral graph, triangulating moral graph, identifying cliques, and
building an optimal junction tree. In many cases, the graphical

Fig. 1. Modeling probabilistic dependency.
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Fig. 2. Creating tree structure with intermediate nodes.

Fig. 3. Algorithm for creating tree structure with intermediate nodes.
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Fig. 4. Two-layered inference process using virtual linking technique.

transformation requires a large amount of time and memory because it is implemented by recursive calls.

Fig. 5. Virtual linking method using a virtual node.

 Graphical transformation. Transforming the DAG of a Bayesian
network into a junction tree structure through building moral
graph, triangulating moral graph, identifying cliques, and building an optimal junction tree.
 Initialization. Quantifying the junction tree with belief potentials. The result is an inconsistent junction tree as this initial
assignment of belief potentials.
 Global propagation. Performing an ordered series of local manipulations, called message passing, on the junction tree potentials.
The message passes rearrange the junction tree potentials.

Fig. 6. Example of two-layered Bayesian inference.
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Table 1
Contextual information from smartphone.
Data

Attributes

Location
Music
Photographs
Call history
SMS history
Battery

gps coordinates (latitude, longitude), speed, altitude
MP3 title, start time, end time, singer
Time, captured object
Start time, end time, person (friend/lover/family/others)
Time, person (friend/lover/family/others)
Time, whether charging or not (yes/no), charge level (%)
Fig. 7. Inference time ratio of standard BNs (with ﬁve parent nodes).

Table 2
Methods to distinguish usefulness of the data.
Method

Description

Using prior
knowledge
Using Weka

Classiﬁcation of unrelated data or attribute on the basis
of common sense
All data are changed to arff format, and data distribution
is checked by the preprocess function of Weka
After binarization of the data, data distribution is
checked under some conditions using SQL queries
After learning Bayesian network from raw data, the
strength of inﬂuence among nodes are checked

Using SQL query
Bayesian network
learning

Fig. 8. Inference time ratio of standard BNs (with one parent nodes).
Table 3
Summary of context usefulness.
Classiﬁcation
Useless context
Partially useful
context

Useful context

n
Y
aðOÞ ¼ arg maxPðaÞ Pðoi jaÞ

Description

a2A

Call history, SMS history, and photograph history do not
have major inﬂuence for a user’s activity
Singer and genre in MP3 music history is not necessary to
recognize activities. (Only a few people changed their life
patterns and activity distributions according to genre and
singer.) We did use whether a user is listening to a MP3 or
not
Time, day of week, location

Table 4
Comparison of BN inference time (unit: sec).
Target BN

File I/O

Junction tree

Probability propagation

BNs with 5 parents
BNs with 4 parents
BNs with 3 parents
BNs with 2 parents
BNs with 1 parent
Tree structured BN

0.0765
0.054546875
0.04051875
0.02724375
0.012853125
0.002025806

262.1936063
37.992184
1.1575344
0.3257094
0.3380156
–

5.367021875
2.6017469
0.0795438
0.009025
0.004125
0.0001968

 Marginalization. From the consistent junction tree, compute P(V)
for each variable of interest V.
Tree-like structure makes Bayesian network inference simple.
However, it is obvious that the conditional independence assumption in the tree structure is rarely true because the structure essentially ignores some existing attribute dependencies and is often
violated.

aðOÞ ¼ arg maxPðaÞPðo1 ; o2 ; . . . ; on jaÞ:
a2A

ð3Þ

Assume that all observations are independent given the activity; that is,

PðOjaÞ ¼ Pðo1 ; o2 ; . . . ; on jaÞ ¼

n
Y

Pðoi jaÞ

ð4Þ

i¼1

The resulting classiﬁer is called a naïve Bayesian classiﬁer, or
simply naïve Bayes:

ð5Þ

i¼1

Fig. 1(a) shows graphically the structure of naïve Bayes. In naïve
Bayes, each observation node has the activity node as its parent,
but does not have any parent from observation nodes. Because
the values of P(oi|a) can be easily estimated from training examples, naïve Bayes is easy to construct and efﬁcient. However, if
optimal structure violates the conditional independence assumption as shown in Fig. 1(b), the tree structure of naïve Bayes classiﬁer may not show good performance. This paper presents a
method to add intermediate node i as shown in Fig. 1(c). In
Fig. 1(c), the observation node o1 and o2 are linked by inserting
intermediate node i, while maintaining tree structure.
Our motivation is to develop a new model that can maintain a
tree structure and avoid the computational complexity of context
inference by inserting intermediate nodes. The idea is to add intermediate nodes which reﬂect the inﬂuences among observation
nodes. Fig. 1(c) shows a simple example of the structure. In
Fig. 1(c), a is the activity node, and is also the root node in the tree
structure. Each observation node o can have an intermediate parent i.
The joint distribution represented by the structure is deﬁned as
follows.

Pðo1 ; . . . ; on ; aÞ ¼ PðaÞ

n
Y

Pðoi ji; aÞ

ð6Þ

i¼1

In order to determine inserting intermediate nodes among
observation nodes effectively, we must know whether the observation nodes are dependent or not. We used conditional mutual
information which is deﬁned as Eq. (7).

IP ðOi ; Oj jAÞ ¼

X
oi ;oj ;a

Pðoi ; oj ; aÞ log

Pðoi ; oj jaÞ
Pðoi jaÞPðoj jaÞ

ð7Þ

where oi and oj are state values of observation nodes Oi and Oj, and
a is a state value of an activity node A, respectively. IP between
each pair of observation nodes is computed, and a complete undirected weighted graph is built, and the weight of an edge connecting Oi to Oj is set to IP. Then we build a maximum weighted
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spanning tree from the weighted pairs of observation nodes. A
maximum spanning tree is a spanning tree of a weighted graph
having maximum weight. In the tree structure, observation nodes
are linked with tree-like structure as shown in Fig. 2(a). The tree is
divided into sub-trees with depth length 1 as shown in Fig. 2(b),
and some intermediate nodes are inserted to create a tree structure with depth length 2 in Fig. 2(c). Fig. 3 summarizes the whole
process to create a Bayesian network with tree structure and
intermediate nodes.
4. Two-layered reasoning for activity inference
In Section 3, a method to create Bayesian networks with tree
structure was introduced. The Bayes model with tree structures
can be divided into sub trees, which is sub Bayes models to reduce
the required memory for context inference on a mobile phone. In
order to enhance the accuracy of the inferred annotation, the proposed method includes two-layered inference. Context inference in
the ﬁrst layer is performed by each Bayesian network modules
with tree structure. The second layer inference uses the result of
the ﬁrst layers as input evidence in order to cover higher-level context as shown in Fig. 4.
A virtual linking technique is utilized to better reﬂect the inferred evidence. This technique adds the virtual nodes and regulates their conditional probability values (CPVs) in order to apply
the probability of the evidence (Hwang & Cho, 2009). The red dotted lines in Fig. 4 represent the virtual linking to transfer the inferred result into the Bayesian networks in the second layer.
The virtual linking method enables each Bayesian network (BN)
in the ﬁrst layer to convey its internal inference results to the BN in
the upper layer. The BNs are virtually linked when BNi in the ﬁrst
layer and BNj in the second layer have a sharing activity node A.
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The inference results of BNi, Bel(Ai)={p1, p2, . . ., pn}, are transferred
to BNj by forcing the initial probability of a node Aj of BNj in accordance with Bel(Ai). The initial probability of a shared node is controlled by utilizing a virtual node.
A virtual node is an auxiliary node that is added to a network
(Hwang & Cho, 2009). It sets virtual evidence, which has uncertainty associated with it. Virtual node V is linked to a target node
T as a child node, a causality from T to A. The probability of V is
set according to the target probability of T. The local inference result of the BN in the ﬁrst layer can be passed to the upper layer by
utilizing a virtual node. Thus, a key problem of the virtual linking
method is calculating the probability of a virtual node given target
probabilities of a shared node as shown in Fig. 5.
When a sharing activity node A between two modules has only
two states (yes or no), the probability of a virtual node
P(V = yes|A) = {va, vb} is computed as shown in Eq. (8), enforcing a
hard evidence on yes.

v a PðV ¼ yesjA ¼ sa ÞPðA ¼ sb Þ
¼
v b PðV ¼ yesjA ¼ sb ÞPðA ¼ sa Þ

ð8Þ

where P(V = yes|A = sa) and P(V = yes|A = sb) are the target probabilities of A, and P(A = sa) and P(A = sb) are the initial probabilities of A.
The result is just a ratio rather than probability value, so it needs to
be modulated by multiplying the modulation coefﬁcient a until
both have values ranging from 0 to 1.
The structures between the activities in the ﬁrst layer and second layer are deﬁned referring to General Social Survey (GSS) on
Time Use. The GSS was a statistical survey conducted by Statistics
Canada to gather data on social trends in order to monitor changes
in living conditions over time (Park & Cho, 2010). This survey divides all activities into ten categories, and each category is subdivided into several subcategories as the characteristics. It has a

Fig. 9. Inference time of standard BNs (with ﬁve parent nodes).

Fig. 10. Inference time of standard BNs (with four parent nodes).
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Fig. 11. Inference time of standard BNs (with three parent nodes).

Fig. 12. Inference time of standard BNs (with two parent nodes).

Fig. 13. Inference time of standard BNs (with one parent nodes).

Fig. 14. Inference time of standard BNs (with proposed tree structure).
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Fig. 15. Comparison of ROC curves.

three-level hierarchy, and the total number of activities is 177. The
ten main categories are ‘‘Paid work and related activities,’’ ‘‘Household work and related activities,’’ ‘‘Social support, civic and voluntary activity,’’ ‘‘Education and related activities,’’ ‘‘Socializing,’’
‘‘Television, reading and other passive leisure,’’ ‘‘Sports, movies
and other entertainment events,’’ ‘‘Active leisure,’’ and ‘‘Residual.’’
Fig. 6 shows an example of two-layered inference. The probability of ‘‘Education and related activities’’ is calculated from the result of two BNs (FullTimeClass and Travel for Education) in the
lower layer.

5. Experimental result
5.1. Experimental setting
Samsung m4650 (using Windows Mobile 6.0) smartphones are
used to collect mobile data. Participants were 12 undergraduate
students who were required to report their activities for a month.
The whole system is developed with C# in Visual Studio 9 on a PC
running Windows XP Professional. Smile/Genie (GeNie & Smile
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Fig. 16. Comparison of accuracy of BNs for each activity.

Table 5
Comparison of BN inference time (unit: sec).
Target BN

File I/O

Junction tree

Probability
propagation

BNs with 5 parents
BNs with 4 parents
BNs with 3 parents
BNs with 2 parents
BNs with 1 parent
Tree structured BN

–
–
1.159194444
1.939377778
0.365555556
0.016144444

–
–
4347.011583
346.1539333
55.71104444
–

–
–
6.427861111
0.111288889
0.283411111
0.001411111

Web Site, 0000), is used as an inference engine for the Bayesian
network. The collected data types are summarized in Table 1.
5.2. Data dimensionality reduction
Dimensionality reduction is necessary to perform inference on a
mobile phone because the collected data are high dimensional. It is
difﬁcult to process the data because of the large amount of processing time required and lack of memory. Therefore, we classiﬁed
mobile data into three types (useful, partially useful, and useless)
in order to annotate a user’s activity. As useless context is ignored,
the probabilistic models can be built more efﬁciently. In this case,
the four kinds of approaches shown in Table 2 are used to analyze
the usefulness of the data.
Using prior knowledge is an easy and effective method for analyzing and classifying useful data. However, it is difﬁcult to discover
novel and interesting patterns from a common sense standpoint.
Weka and SQL query can be used to visualize data distribution.
Weka provides visualization of speciﬁc properties among preprocessing functions. If a context is independent of a user’s activity,
the context is useless because it cannot reﬂect the user’s activity.
In addition, SQL query has the advantages in examining the distribution of a large amount of data. Bayesian network learning without prior knowledge helps us examine associations among data.
According to our analysis, time and location are the most
important factors to estimate the probability of each activity. As
a result, useful context is distinguished to annotate activities, as
shown in Table 3.
5.3. Time window size
In this section, window size is determined to generate activity
annotation. Activities can be discriminated into two types with

temporal properties: long-term activity and short-term activity.
Long-term activity tends to be maintained for a long time. Night
sleep lasts for at least 7–8 h. Short-term activity often ends quickly.
Sending an SMS does not require more than 5 min. The duration of
most activities varies according to a person’s job and age.
The purpose of the discrimination is to determine the time window size according to the duration of activities. The goal of our system is automatic activity annotation from daily situations. If we
use too short of a window, false positives may be detected due
to incomplete data. On the other hand, too large of a window
may ignore short-term activities that occur quickly.
A long time window causes false negatives by recognizing
short-term activities. A suitable time window size has to be determined in order to detect each activity. In our experiments, we
empirically determined the window size to detect a person’s activities by testing diverse window sizes for each activity.
5.4. Performance evaluation of BNs in ﬁrst layer
In order to evaluate the proposed BN with tree structure and
intermediate nodes, we compare the proposed BNs with the
trained BNs. The performance of the BNs can be evaluated by accuracy and computational cost. In this experiment, we can control
the complexity of a BN by changing the number of parents for a
node in the BN. If we allow more parents, the BN can perform more
accurate inference. On the while, the increase of the number of
parent nodes causes explosive increase of computational time. Table 4 summarizes the result of comparing the computational time.
It shows the average inference time of 32 BNs for 10 times. File I/O
time denotes the time to read the BN model from a ﬁle. In Table 4,
Tree Structure BN denotes the BNs created by the proposed method. The proposed BN just performs probability propagation without junction tree algorithm because of its tree structure. Figs. 7
and 8 show the time ratio of probabilistic inference of standard
BN with 1 parent and 5 parents, respectively. The result shows
the cost to create junction tree.
The result in Table 4 indicates the tree-structured BN is more suitable for real-time inference in mobile environment. However, treestructured BNs show inaccurate result because they assume independence between observation nodes. We can relieve the constraints and
inaccuracy by inserting intermediate nodes in the tree structure.
Figs. 9, 10–14 summarize the results of inference time for
each activity. In these ﬁgures, x-axis represents each activity
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Fig. 17. Comparison of ROC curves.

(1: ArmyTraining, 2: Examination, 3: Festival, 4: FullTimeClass, 5:
GroupStudy, 6: Homework, 7: LookingForWork, 8: MealsAtHome,
9: MealsAtSchool, 10: MealWithFriends, 11: MusicConcerts, 12:
MusicTheaterDance, 13: Naps, 14: NightSleep, 15: OperaBalletTheatre, 16: PlayingVideoGrame, 17: ReadingBooks, 18: Relaxing, 19:
RepairServices, 20: RestaurantMeals, 21: ShoppingEverydayGoods,

22: SocialGaterings, 23: SocializingAtBars, 24: SocializingWithFriends, 25: Sports, 26:Study, 27: TakeOutFood, 28: TravelingEducation, 29: WalkingAndRunning, 30: WatchingMovie, 31:
WatchingTelevision, 32: WorkForPayAtMainJob) and y-axis represents the time for inference (unit:second). There are some BNs
with many variables and parents to require a large amount of
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Table 6
Comparison of accuracy of BNs.
BN

5 parent

4 parent

3 parent

2 parent

1 parent

Proposed method

1
2
3
4
5
6
7
8
9
Average

0.9288553
0.7794117
0.9912559
0.9829093
0.8657922
0.9980127
0.9758876
0.9894011
0.9924483
0.9448860

0.9288553
0.7776894
0.9912559
0.9829093
0.8661897
0.9980127
0.9756226
0.9894011
0.9925808
0.9447241

0.9292527
0.7742448
0.9912559
0.9829093
0.8661897
0.9980127
0.9756226
0.9892686
0.9924483
0.9443561

0.9277954
0.7747747
0.9912559
0.9829093
0.8643349
0.9980127
0.9756226
0.9891361
0.9925808
0.9440469

0.9275304
0.7767620
0.9912559
0.9829093
0.8626126
0.9980127
0.9756226
0.9891361
0.9924483
0.9440322

0.9273979
0.7764970
0.9912559
0.9829093
0.8611552
0.9980127
0.9756226
0.9891361
0.9924483
0.9438261

inference time. In Figs. 9 and 10, a BN to infer PlayingVideoGame is
the one with many variables and complex structure.
The difference of inference time of BNs becomes smaller only if
the number of parents is smaller. The inference time is reduced because the smaller parents decrease the complexity of the network
structure. In the proposed method, the difference of inference time
of BNs is very little because of deleting the time to create junction
tree. In Fig. 14, a BN for ArmyTraining requires a large amount of
time to infer the activity because it requires additional time as
an outlier to read a BN ﬁle for the ﬁrst time.
In many cases, the performance of the BNs is evaluated with
accuracy as the following Eq. (9).

Accuracy ¼

TP þ TN
ðTP þ FP þ TN þ FNÞ

ð9Þ

where precision is the probability that a retrieved answer is relevant, and recall is the probability that a relevant answer is retrieved.
FP is the number of false positives, FN is the number of false negatives, TP is the number of true positives, and TN is the number of
true negatives. In this paper, we illustrate some receiver operating
characteristic (ROC) curves as well as accuracy in order to show
the performance.
The receiver operating characteristic (ROC) curve allows us to
explore the relationship between the precision and recall of a classiﬁcation for a variety of different cut points, thereby allowing the
determination of an optimal cut point. Ideally we want both precision and recall to be one. Unfortunately, changing the cut point to
try and increase either precision or recall will usually result in a decrease in the other measure. The ROC curve is a graphical technique to try and establish the optimal cut point. To make the
ROC graph, the x-axis is 1 minus the false positive rate and the yaxis is the true positive rate.
Fig. 15 illustrates ROC curves of some activities. In Fig. 15, y-axis
denotes the true positive rate and x-axis represents false positive
rate. Green line1 means the proposed method, and blue line and
red line represent a trained BN with 1 parent and 5 parents, respectively. The proposed method yields better performance than a
trained BN with one parent.
In most cases, the proposed method shows more accurate result
of activity inference than BNs with 1 parent as shown in Fig. 16.
These results imply that the proposed BN structure is more efﬁcient than standard BN structure and it is more accurate than BN
with similar complexity (BNs with one parent node).
5.5. Performance evaluation of BNs in second layer
The BNs in the ﬁrst layer can reduce the computational cost
effectively, but broader coverage and more accurate activity inference require BNs with more variables and more complex structure.
1

For interpretation of color in Fig. 15, the reader is referred to the web version of
this article.

In the second layer, we build models providing broad-coverage
activities by using the result of the ﬁrst layers.
We deﬁne nine activities in the second layer referring to General Social Survey (1: Active leisure, 2: Education and related activities, 3: Household work and related activities, 4: Passive leisure, 5:
Entertainment events, 6: Socializing, 7: Social support and voluntary activity, 8: Sleep, meals and related activities, 9: Work and related activities). Table 5 summarizes the inference time in second
layer.
As shown in Table 5, the junction tree algorithm requires exponential increase of inference time. The inference time of BNs with
more than 4 parents cannot be estimated because it takes too
much time to perform inference (more than 40 h). According to
Chechetka and Guestrin (2007), the complexity for building a junction tree is exponential in the total number of variables. Because
we consider more variables in the second layer, the complexity
of BNs and the inference time increase exponentially. The proposed
method provides more efﬁcient inference in the second layer. Also,
Fig. 17 and Table 6 show the performance and accuracy is competitive as well as speed.
6. Concluding remarks
In this paper, we have proposed two-layered Bayesian network
models for mobile context inference. To infer a user’s activity efﬁciently, the proposed method uses Bayesian probabilistic models
with tree structures and eliminates junction tree algorithm for
inference process. It also supports two-layered inference to cover
broader activities. The proposed method provides suitable inference process in the mobile environment using a small amount of
inference time. The performance of the inference is evaluated with
the data for undergraduate students in a real life.
In future research, the comparison of performance will be extended to other classiﬁcation methods such as neural network,
decision trees and support vector machines. In addition, the types
of context will be expanded to various kinds of sensory information such as acceleration, proximity, magnetic ﬁelds, and intensity
of light. It is also necessary to consider more effective construction
of layered structure for layered Bayesian networks.
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