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Abstract— With the recent popularization of smart phones, 
context sharing systems in mobile environment attract 
attention of people. Mobile context sharing systems can share 
more information than web-based social network services 
because they have various sensors. For sharing high-level 
contexts such as activity and emotion, a user had to manually 
annotate them in previous works. This paper proposes a 
mobile context sharing system that can recognize high-level 
contexts automatically by using Bayesian networks based on 
collected mobile logs. We have implemented the 
ContextViewer application which consists of a phonebook and 
a map browser to prove the feasibility of the proposed system. 
Also, we have confirmed that the proposed system is useful, by 
evaluating Bayesian networks and performing the SUS test.  

Keywords-Mobile context sharing system; Context 
recognition; Bayesian networks 

I. INTRODUCTION

Recently, due to proliferation of the Internet, a number of 
web-based social network services such as Facebook 
(http://www.facebook.com) and MySpace 
(http://www.myspace.com) are emerging. Social network 
sites offer a new set of tools to develop and maintain 
relationships [1]. Because of widespread use of smart 
phones, interest in mobile context sharing systems is 
increasing for helping social interaction like social network 
sites. Mobile devices have a variety of sensors like a GPS 
receiver and a Bluetooth sensor to catch the surrounding and 
personal contexts [2]. These sensors enable users to 
communicate with friends by sharing their photos, locations, 
and so on. Based on this feature, many applications are 
developed for social networking in mobile environment. 

Though a number of mobile context sharing systems are 
introduced, they cannot generate user’s high-level contexts 
such as activity and emotion automatically. In previous 
works, to collect and share this information, users should 
annotate them manually. This manual annotation is time-
consuming and can produce incorrect information. There are 
some methods to infer high-level contexts based on mobile 
logs. However, they are not adapted to context sharing 
systems practically. It is required for a system to use a way 
to infer activity and emotion considering characters of 
mobile computing in terms of uncertainty, capacity, and 
power. 

This paper proposes a system that can recognize user’s
activity and emotion based on information collected from 
mobile devices and can share the context through a mobile 
application considering privacy policy that a user set. The 
proposed system collects mobile logs, infers high-level 
contexts with Bayesian networks (BNs), and visualizes them 
on a smart phone. This system used a client-server model 
because a server can cover limitation of capacity, and 
battery power of a smart phone. ContextViewer is a user 
interface for a smart phone using the proposed system. It 
consists of a phonebook and a map browser to effectively 
delivery user’s context. As sharing contextual information 
of users more easily and comfortably, the system lets them 
know their friends’ situations and makes them communicate 
better. 

II. RELATED WORKS

A. Mobile context sharing systems 
Sharing contextual information in mobile environment is 

a hot issue in building social relationships. Many researchers 
have studied how to construct a sensor platform, collect and 
preprocess features, and design a system. ContexPhone is a 
software platform for context-aware applications. This 
system acquires context data such as location (Cell ID and 
GPS) or phone use from sensors. ContextContacts which is 
one of the applications in this system lets users automatically 
represent and exchange context information [3]. SharedLife 
was introduced as a generic and reusable content-sharing 
framework. It collects data from a variety of sensors, stores 
the information as a set of semantic knowledge models for 
the user’s digital memory, and enables the user to share these 
memories with others [4]. MyWorld is context aware and 
social networking application. It is focused on activity 
sharing, real-time location sharing and media sharing 
between phonebook contacts [5]. In these systems, only low-
level contexts can be delivered automatically to others. If a 
user wants to represent their activity and emotion, it is 
required to manually annotate. 

Nomatic was designed for creating content passively by 
focusing on status messages in instant-messaging (IM) 
clients as short customizable phrases like “at lunch”. Using 
these cue phrases and sensors, Nomatic recognize user’s 
activity, place, and other high-level information based on 
machine learning [6]. However, whereas this system 
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supports indoor and laptop environment based on APs 
(Access Points), it does not cover outdoor and mobile 
environment sufficiently. Also, if the system does not have 
status message enough, it is difficult to infer contexts. 

B. Recognition with Bayesian networks 
Recently, many studies have dealt with the method to 

infer contexts, and Bayesian networks are the most popular 
models for it. BNs are representative models to reason a 
more reliable result from an uncertain environment, 
modeling the cause and effect relation among variables by 
utilizing an expert’s pre-knowledge for its structure or 
parameters. An Bayesian network (B) is a directed acyclic 
graph (DAG) and consists of a set of edges and a set of 
variables (V) and the parameter (Θ) means a conditional 
probability value between variables. V is defined as V={V1,
V2, , Vn} where n denotes a number of variables, and E is 

defined as E={E1, E2, , Em} where m denotes a number of 

edges. An occasion of an edge as Va Vb, where Va becomes 
the parent of Vb. Parents of P(V) are defined as 
P(Vx)={Vi V|Vx Vi}. Vx has prior probability if P(Vi) is ø,
otherwise Vx has a conditional probability [7]. 
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There have already been various attempts to analyze log 
data and to support expanded services by using the 
probabilistic approach. Li and Ji used a probabilistic model 
for detecting user’s active affective state with a dynamic 
Bayesian network and the utility theory to reason the 
‘fatigue,’ ‘nervous,’ and ‘confused’ states [8]. Krause et al. 
used BNs to infer user preferences. For providing smart 
services, they clustered log data collected on mobile sensors 
and a wearable sensors, discovered a context classifier that 
reflected a given user’s preferences, and estimated the user’s 

situation [9]. ConaMSN could recognize various contexts 
such as the level of stress, the type of emotion and activity 
with Bayesian networks, and visualizes them with a set of 
icons on a messenger application. The system uses data 
collected from a wearable sensors [10]. They showed that the 
probabilistic approach was good at managing uncertain 
information. 

III. PROPOSED SYSTEM 
We have designed a context sharing system consisting of 

four modules and user interfaces as shown in Fig. 1. 
Because of limited resources of a smart phone, this system 
uses client-server model. When a mobile client connects a 
server, a thread is created in a server. The thread consists of 
a preprocessor, a recognizer, and a privacy protector to 
communicate the client and handle contexts. After 
generating a thread interacted with the client, a log collector 
collects mobile logs which are low-level contexts from 
sensors such as GPS coordinates, and call logs. These logs 
are transported to a server through TCP/IP. A preprocessor 
generates meaningful logs from raw data. A recognizer 
infers user’s activity and emotion from refined logs. High-
level contexts and meaningful logs are stored in users’
context database. A service manager takes a role of 
visualizing contexts to a user and requesting them a user 
wants to see to a server. When the server receives a request 
from a mobile client, the server sends contexts to a smart 
phone. ContextViewer is a user interface to provide 
information with a user effectively. There are two parts of it: 
a phonebook and a map browser. 

A. Log collector 
The log collector module continuously gathers available 

low-level information such as call logs, SMS logs, GPS 
(Global positioning system) coordinates, device status, 
Bluetooth, and weather from web in a mobile device, and 

Figure 1. System overview 
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send them to a server every 5 minutes. These data are used 
to recognize the user’s high-level context such as what the 
user is doing and how the user’s feel. 

TABLE I. COLLECTED MOBILE LOGS

Source Type Attributes

Mobile 
device

Call Phone number, type(send/receive/miss), 
start time, end time

SMS Phone number, type (send/receive), 
message, time

GPS Time, latitude, longitude
Bluetooth Time, is charging, power

Battery Time, is charging, power

Web Weather Start time, end time, weather
Temperature Start time, end time, temperature

Call logs and SMS logs are collected when an event 
occurs. For example, whenever the user makes call, the 
smart phone records logs including phone number, call type 
(send / receive / miss), start time, and end time. The module 
sends GPS logs and Bluetooth logs to a server periodically. 
The GPS logs present the places that the user visited. 
Bluetooth sensor can discover devices which allow the 
mobile device to collect information on other Bluetooth 
devices carried by people nearby. Weather log is obtained 
from web based on location and time. If weather or 
temperature is changed, the module writes a new log. Table 
I. shows the types of logs. The logs for several sources are 
sorted according to the time. 

TABLE II. EXAMPLES OF MATCHING A GPS COORDINATE TO A PLACE 
IN YONSEI UNIVERSITY

Place Longitude Latitude
Post office in 
Seodeamoon-gu 126.93204267325 37.560804484469

Engineering 
building 126.936001667 37.560815

Subway station 
in Sinchon-dong 126.9368577113 37.555257212296

Library 126.937158333 37.563678333

B. Preprocessor 
The preprocessor module takes charge of producing 

meaningful information from raw mobile logs. 
Preprocessing step includes data revision and annotating 
places. Data revision is processed to correct wrong data 
because of no signal. When GPS signals are not available, it 
writes a GPS log which has a value of the latest coordinate 
which is received from satellites. Because one of the 
purposes of the proposed system is to share information in 
real time, this approach is not used, though it is possible to 
infer locations by using previous coordinates and next 
coordinates. Place is labeled by the module. GPS logs, 
Bluetooth logs, and time are important traits for it. If a GPS 
device in a smart phone detects coordinates, it is possible for 
a user to be outdoor. In outdoor environment, a name of a 

place can be labeled by matching near GPS latitude and 
longitude to a location. Examples of matching a GPS 
coordinate to a place in Yonsei University are shown in 
Table II. Bluetooth logs can be important clues to infer a 
location in indoor environment. For example, if a Bluetooth 
receiver catches Bluetooth ids of coworkers’ computers, a 
user is in his workplace. Locations annotated is used to infer 
high-level contexts. 

C. Recognizer 
A recognizer infers user’s high-level contexts. For 

logging actions and feelings, a user needs to annotate 
manually them in previous context sharing systems in 
mobile environment. Table III. shows the available values 
for each context. As data from sensors on a smart phone is 
often missing, uncertain, and incomplete, it is required to 
deal with uncertainty and missing variables. BNs can 
address such problems by providing a robust inference 
based on probability theory. In this paper, the recognizer 
uses BN models to recognize user’s activities and emotions. 
Especially, the BNs are implemented by using structural 
modeling, inference, and learning engine (SMILE), which is 
a popular BN library (http://genine.sis.pitt.edu).

TABLE III. THE AVAILABLE VALUES FOR ACTIVITY AND EMOTION

Type Value
Activity move, study, meal, sleep, sport, play, rest

Emotion bored, contented, excited, happy, nervous, 
normal, relaxed, sad, upset

TABLE IV. ELEMENTS OF BN’S EACH FACTOR

Factor Element
Mobile device status factor Call and SMS, Power
Spatial factor Place, detailed Place
Temporal factor Holiday, Time zone
Environmental factor Temperature, Weather
Social factor Occupation, Sex

In order to catch activity, BNs are consisted of five 
factors that are a mobile device status factor, a spatial factor, 
a temporal factor, an environmental factor, and a social 
factor. Elements of each factor are shown in Table IV. the 
recognizer calculates the probability of each activity at 
present based on these modules. Each activity is differently 
influenced on each module. For example, a temporal factor 
module has an effect on regularly actions such as ‘meal’ and 
‘sleep’, but an environmental factor module does not. ‘Sport’
is sensitive to weather that is an environmental factor 
module. Fig. 2 shows an example of BN which is a model to 
infer ‘sport’ activity. BNs for reasoning emotion use the 
result of activity inference BNs since activity has an 
influence on user’s emotion directly. A result of BNs is 
represented as axes of arousal and valance. It is based on 
arousal-valence emotion value defined as Table V. Fig. 3 
shows BNs designed to recognize emotion. The probability 
of arousal and valence indicates nearest feeling in Table V. 
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TABLE V. AROUSLA-VALENCE VALUE AND THE COORESSPONDING

Emotion Arousal Valence
Excited 0.8 0.6
Happy 0.6 0.8
Contented 0.4 0.8
Relaxed 0.2 0.6
Bored 0.2 0.4
Sad 0.4 0.2
Upset 0.6 0.2
Nervous 0.8 0.4

D. Privacy protector 
In the system, privacy problems should be considered 

because the system provides user’s high-level contexts with 
friends. Therefore, a user can set people who receive his 
contexts. When calling for my data, if a user does not have 
permission, the module blocks delivering them to him. List 
of people who can catch user’s information is represented as 
a social network among users. Relationship in the model is 
determined by using logical ‘AND(^)’ operation in Boolean 
algebra. 

R(A,B) = r(A,B) ^ r(B,A) (2)
Function R and r should have a Boolean value that is 

true or false . R(A,B) means relationship between A and B. 
r(A,B) is defined as whether ‘User A’ lets his contexts to be 
shared with ‘User B’ or not. For example, if ‘User A’ allows 
‘User B’ to access his information but does not have 
permission to view data of ‘User B’, both ‘User A’ and 
‘User B’ cannot get contexts each other. 

E. Service manager and ContextViewer 
In a mobile client, a service manager plays a role of 

make system interact with a user. A user can request 
friend’s information to a server through the module and it 
receives a variety of contexts from a server of a system. It 
shows information on friends registered in user’s
phonebook. Also, it gets map images of locations that GPS 
coordinates indicate from Google Maps (maps.google.com). 
Since a phonebook implies user’s social network, it is 
efficient to view only data about people in its list. Location 
is one of the important features of an individual. Tracing a 
friend can provide valuable information with a user. 

A user can view friends’ context on a user interface that 
called ContextViewer. ContextViewer consists of a 

Figure 3. A Bayesian network to infer ‘sport’ in the recognizer

Figure 2. A Bayesian network to infer emotion. In this case, the result corresponds to ‘Excited' 
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phonebook and map browser. Activity and emotion is 
represented as icons to intuitively understand them. A 
phonebook Implemented is shown in Fig. 4(a). A 
phonebook in ContextViewer provides user’s activity and 
emotion. If someone’s high-level contexts are not received 
because of privacy policy, the friend’s data are displayed 
faintly. When selecting a friend, a user gets friend’s location 
on a map browser(Fig. 4(b)). 

(a) Phonebook (b) Map browser

IV. EXPERIMENTS

A. Implementation  and a scenario 
We have implemented the proposed system. A server in 

the system has written in C# (.NetFramework3.5) based on 
Windows platform and mobile client that contains a mobile 
log collector and ContextViewer has done in 
C#(.NetCompactFramework3.5) using SAMSUNG SCH-
715, a smart phone based on Windows mobile 6.5. MySQL 
5.1 is used as a database management system. The server 
and the mobile client communicate each other through 
TCP/IP socket. 

In order to model and evaluate Bayesian networks 
appropriately, we collected mobile logs of 36 individuals 
that are 20’s: undergraduate and graduate students. They 
annotated activity and emotion manually. Because manually 
inputting high-level contexts is difficult due to a variety of 
reasons, the data of some participants were not good. 
Therefore, we chose well collected data that 13 students had 
collected during two weeks to design and estimate models. 

Fig. 4 shows an example of using the system. When the 
user executes ContextViewer, an application in the mobile 
client, a phonebook is shown (Fig. 4(a)). In the interface, the 
user sees only friends who permit for the user to view their 
contexts and the user does for them. The user catches that 
‘Yoon’ feels upset. The user hopes to talk with him and 
encourage him. When the user selects his item, a map 

browser is opened (Fig. 4(b)). The user knows where he is 
and if he is near me. The user can call him and meet him. 

B. Evaluation of Bayesian networks 
In order to evaluate Bayesian networks, inference 

models in the system, we calculate the recall and precision 
of Bayesian networks for activity inference by using 
collected mobile logs that 13 individuals collected.
Precision can be seen as a measure of exactness, whereas 
recall is a measure of completeness. The number of data, 
inferred high-level contexts, is 102,746. A result from it is 
shown in Fig. 5. The probability is 80~95% about ‘Study’,
‘meal’, and ‘sleep’. However, ‘play’ and ‘rest’ are low 
because these activities are done irregularly and regardless 
of environment. 

Figure 5. A result of evaluating Bayesian networks for activities 

C. The usability test 
In order to validate the usefulness of the proposed 

system, we performed a subjective test about the 
implemented application for ten users based on the System 
Usability Scale (SUS) questionnaires. The SUS is a simple, 
ten-item scale giving a global view of subjective 
assessments of usability where its score has a range of zero 
to one hundred. Zero means strongly disagree, whereas one 
hundred represents strongly agree [11]. The questionnaires 
are shown in Table VI. Fig. 6 shows the SUS test results, 
these results indicating that the system provides effective 
ways for sharing contexts conveniently. 

TABLE VI. THE AVAILABLE VALUES FOR ACTIVITY AND EMOTION

No Questionnaire
1 I think I would like to use this system frequently
2 I found the application unnecessarily complex
3 I thought the system was easy to use

4 I think that I would need the support of a technical person to be 
able to use this application

5 I found the various functions in this application were well 
integrated

6 I thought there was too much inconsistency in this system

7 I would imagine that most people would learn to use this system 
very quickly

8 I found the system very cumbersome to use
9 I felt very confident using the system

10 I needed to learn a lot of things before I could get going with this 
system

Figure 4. ContextViewer 
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Figure 6. SUS scores for the proposed system 

V. CONCLUSIONS AND FUTURE WORKS

In this paper, we presented a context sharing system in 
mobile environment that recognizes and shares activity and 
emotion automatically. The system is based on client-server 
model considering capacity and power of a smart phone. A 
mobile client plays a role of collecting mobile logs, sending 
them to a server, and visualizing contexts. In the mobile 
client, ContexViewer is a service to view friend’s context 
efficiently. It consists of a phonebook and a map browser. In 
the server, these data are preprocessed and high-level 
contexts in the recognizer are recognized by Bayesian 
networks because of uncertainty in mobile devices. When 
the mobile client requests some contexts, if not permitted, 
the server prevents to send them. The proposed system is 
proved by evaluating Bayesian networks that infer activity 
and performed the SUS test. The system helps users to share 
their contexts easily without manual annotation. 

To prevent users from sharing with someone not close,
user should set privacy rules for every friend. Because this 
is not efficient, it is required to automatically set privacy 
rules. Also, when a user meets a friend, it is a useful service 
to recommend a restaurant with one by using context 
sharing. 

ACKNOWLEDGMENT

This work was supported by the Industrial Strategic 
Technology Development Program (10035348, 
Development of a Cognitive Planning and Learning Model 
for Mobile Platforms) funded by the Ministry of Knowledge 

Economy(MKE, Korea) and the MKE(The Ministry of 
Knowledge Economy), Korea, under the ITRC(Information 
Technology Research Center) support program supervised 
by the NIPA(National IT Industry Promotion Agency) 
(NIPA-2010-(C1090-1021-0008)) 

REFERENCES

[1] C. Steinfiled and N. B. Ellison, “Social capital, self-esteem, and user 
of online social network sites: A longitudinal analysis,” Journal of 
Applied Developmental Psycholog, vol. 29, Nov.-Dec. 2008,  pp. 
434-445, doi:10.1016/j.appdev.2008.07.002. 

[2] M. Sama, D. S. Rosenblum, Z. Wang, and S. Elbaum, “Multi-layer 
faults in the architectures of mobile, context-aware adaptive 
applications,” Journal of Systems and Software, vol. 83, June 2010,
pp.906-914, doi:10.1016/j.jss.2009.11.005. 

[3] M. Raenoto, A. Oulasvirta, P. Renaud, and H. Toivonen, 
“ContextPhone: A prototyping platform for context-awre mobile 
applications,” IEEE Pervasive Computing, vol. 4, Apr.-June 2005,
pp.51-59. doi:10.1109/MPRV.2005.29 

[4] A. Kröner and M. Schneider, “A framework for ubiquitous content 
sharing,” IEEE Pervasive Computing, vol. 8, no. 4, Oct.-Dec. 2009,
pp. 58-65, doi:10.1109/MPRV.2009.65. 

[5] K. Sorathia and A. Joshi, “My World – Social networking through 
mobile computing and context aware application,” Proc. Intelligent 
Interactive Assistance and Mobile Multimedia Computing(IMC 2009),
Springer Berlin Heidelberg, Nov. 2009, pp. 197-188,
doi:10.1007/978-3-642-10263-9_16. 

[6] D. J. Patterson, X. Ding, S. J. Kaufman, K. Liu, and A. Zaldivar, “An 
ecosystem for learning and using sensor-driven IM status message,”
IEEE Pervasive Computing, vol. 8, Oct.-Dec. 2009, pp. 42-29, 
doi:10.1109/MPRV.2009.67. 

[7] G.  F. Cooper and F, Herskovits, “ A Bayeisan method for the 
induction of probabilistic networks,” Machine Learning, vol. 9, Oct. 
1997, pp. 309-347, doi:10.1007/BF00994110. 

[8] X. Li and Q. Ji, “Active affective state detection and user assistance 
with dynamic Bayesian networks,” IEEE Transactions on Systems, 
Man, and Cybernetics, part A, vol. 35, Jan. 2005, pp.157-224,
doi:10.1.1.130.8484. 

[9] A. Krause, A. Smailagic, and D. P. Siewiorek, “Context-aware 
mobile computing: Learning context-dependent personal preferences 
from a wareable sensor array,” IEEE Transactions on Mobile 
Computing, vol. 5, Feb. 2006, pp. 113-127, doi:10.1109/ 
TMC.2006.18. 

[10] J.–H. Hong, S.–I. Yang, S.–B. Cho, “ConaMSN: A context-aware 
messenger using dynamic Bayesian networks with wearable sensors,”
vol. 37, June 2010, pp.4680-4686, doi:10.1016/j.eswa.2009.12.040. 

[11] J. Brooke, “SUS: A quick and dirty usability scale,” in Usability 
Evaluation in Industry, P.W. Jordan et al, Eds., Taylor & Francis, 
London, 1996. 

0

10

20

30

40

50

60

70

80

90

100

249


