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Abstract — Recently there has been active research on context-awareness technology for understanding the users' contexts through 
sensors of smartphone. However, existing context awareness methods have some difficulties to recognize users' specific situations at 
the same location and same time because simple context information such as location, time or movement are not considered. Thus, 
new context information is needed to recognize more accurately the various users' contexts in the same environment. Hence, in this 
paper, we define a new contextual-soundscape information, which is associated with environmental sounds acquired through the 
standard equipped microphone sensors in all smartphones. Also: i) we propose how to obtain the information and how to use it in 
context-awareness, ii) we suggest a mobile context awareness model based on the Bayesian Network, which applies the context 
information combined with contextual-soundscape information defined here and the information used in the existing context 
awareness services. The effectiveness of the suggested context awareness model is shown by comparing its recognition rate of users' 
context with that of the existing context awareness model. Finally, we combine context sensing model with music recommendation 
systems so that users can receive appropriate music for user’s context. 
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I. INTRODUCTION 
 
With the recent phenomenal spread and development of 

smartphones and related technologies, a wide variety of 
services have become available for everyday uses [1].To 
further tailor services for each individual user, increasing 
attention has been paid to context awareness, which predicts 
user’s actions on the smartphone based on the user’s 
environment. Services that have incorporated context 
awareness include Google Maps and Google Health, and 
more applications are expected to join this trend in the 
future [2].What enables context awareness on smartphones 
is the variety of sensors generally included in the hardware 
to collect data. Most research work on context awareness so 
far makes use of data such as geographical coordinates from 
GPS and accelerometer or device activity history 
[3].However, the types of data used for context awareness 
have to do with time, geographical location, or device 
activity, thus context awareness data can be only as specific 
as ‘6 PM at the dormitory,” and this does not address the 
types of activities that can take place in the specific context 
such as study, exercise, relaxation, or sleep. Discerning 
different contexts for the identical location and time would 
require a new type of data from sensors: the microphone. 
Using sound data from the microphone, our proposed 
method analyzes the soundscape around the user to merge 
the result with existing a context awareness method to 
achieve this. Each context accompanies a characterizing 
soundscape hence its analysis could help identify user’s 
current context such as study, exercise, relaxation, or sleep 

at a dormitory room on a weekday afternoon. In the context 
of studying, book pages are turned, words are scribbled or 
chairs are dragged. During exercise, sound may come from 
a treadmill or motivational music. When the user sleeps, 
breathing or snoring can be heard. As illustrated above, 
certain sounds can help identify the context accurately. In 
this paper, we present a soundscape acquisition and analysis 
method, the result of which is fed to user context estimation 
process. Our context estimation module produces output 
based on the Bayesian network since its calculation is 
intuitive and based on probability.  

This paper is organized as follows. Section 2 treats 
related work on context awareness. Section 3 defines 
contextual-soundscape information and describes our 
soundscape acquisition method. In Section 4, we link 
contextual soundscape data to conventional context data to 
construct a Bayesian network-based context awareness 
model. Section 5 evaluates our proposed model by 
comparing the performance of our proposed model against 
existing models with confusion matrix. This paper is 
concluded with suggestions for further exploration in Section 
6. 

II. RELATED WORK 

The method proposed in this paper exploits soundscape 
data received through microphone to provide more specific 
contextual details on a smartphone. This section reviews 
recent trends in context awareness on smartphones and 
suggests the advantages of including in this topic 
soundscape data, which has not been deeply investigated in 
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previous work.  
 

A. Context Awareness 

Context can be defined as characteristics of real-world 
objects, which are humans, places, or interactions between a 
person and a service [4, 5]. Context generally refers to the 
5W1H (who, when, where, what, why, and how) of the 
referred topic; most work on context selectively use only 
some of the 5W1H depending on the purpose of the 
application in question. Context awareness therefore is a 
process through which customized data is provided to the 
user by incessantly analyzing the data on the user and 
around the user. Context information can be defined as the 
environmental data surrounding the user, physical setting, 
computing system, user-computer interaction history, and so 
on, all of which can be referred to during interactions 
between user and objects [8]. Context sensing then is 
defined as the process of collecting and storing context 
information [9]. Context information generally includes 
user’s personal information, geographical location and time, 
and these pieces of information are exploited to estimate 
user’s context. 

 

B. Sensor-based Context Sensing on Smartphones 

The topic of this paper concerns estimating user’s context 
through smartphones. Accomplishing this involves a few 
key technologies, which are (1) discerning the environment 
and user information through various means, (2) translating 
the collected environmental data into contextual 
information, and (3) providing tailored service for user 
appropriately for the current context [10]. Discerning the 
environment is closely tied to user interface, sensors, and 
sensor networks, and the types of data collected through 
these means include geographical location, time, activity 
logs and device state. On smartphones, GPS collects 
geolocation coordinates; accelerometer detects acceleration, 
vibration, shock, and movement; clock outputs the time. In 
the majority of existing work on context awareness, only 
accelerometer and GPS are utilized. Indeed, Jaegeol Yim et 
al. [11] collected a large amount of location-based data and 
analyzed the relation between time and traffic for marketing 
purpose. Jinhyung Kim et al. [12] used GPS, clock, and web 
to find the geolocation coordinates, time, and weather 
information, which were fed into their system to make 
recommendations for music that the user had previously 
listened to. Woohyun No et al. [13] estimated user’s context 
to recommend appropriate app category system on the 
mobile phone using data from GPS and accelerometer. In 
their work, TaeHa Yun et al. [14] predicted emergency 
cases by analyzing data from accelerometer and heart rate 
monitor as an example of context awareness system on 
smartphone. Table 1 charts the types of input data utilized in 
different context awareness projects. 

As reviewed above, context awareness technology on 

smartphones collect data from clock, GPS, accelerometer to 
detect time, geolocation coordinates, and motion. However, 
information of time, location, and motion does not make it 
easy to discern context with more in-depth details. The 
state-of-the-art context awareness technology as is does not 
distinguish different contexts that can take place in identical 
location and time, therefore, considering additional context 
input could help accomplish just that. Using an external 
sensor such as a heart rate monitor for this purpose adds 
extra cost to the system, hence we chose to look at built-in 
sensors inside smartphones. In this paper we add data from 
microphone to analyze the soundscape for enhanced 
context-awareness data. This paper contributes to the 
existing body of literature by proposing a context-awareness 
method that provides more in-depth contextual information 
by exploiting sound, which has not been tapped into 
previously. 
 

TABLE I.  USED CONTEXT INFO IN RELATED RESEARCHES 

Author Used Context Info 

Jaegeol Yim[11] Time, Location 

Jinhyung Kim[12] Time, Location, Weather 

Woohyun No[13] 
Time, Location, Movement, 

Profile 

TaeHa Yun[14] Movement, HeartRate 

 

III. DEFINITION OF SOUNDSCAPE AND ITS ACQUISITION 

METHOD 

We introduce the element of soundscape to context 
awareness to help further discern the different contexts that 
can take place in a location at a given time. Soundscape 
could provide important clues to identifying the context 
since different contexts accompany characterizing sounds 
[15]. In this section, we provide our definition of contextual 
soundscape and a method to acquire soundscape through 
microphone. 

 

A. Definition of Contextual-Soundscape information 

This section provides our definition of contextual 
soundscape. The dictionary definition of soundscape is the 
sounds heard in a particular location, considered as a whole, 
and an instance of soundscape could include sound due to 
weather or from nature, conversations, machines, and so on. 
In other words, soundscape is the whole of the sound from 
the surrounding, and we define contextual soundscape as the 
information that characterizes an instance of soundscape. 
Characteristics of a context help distinguish between 
different contexts in the mobile environment, and they could 
be acquired through analyzing sound pressure and frequency 
around the user. Sound data for different contexts mostly 
have distinctive characteristics with different sound pressures 
and frequencies, which could be important clues to 
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identifying the context [17, 18]. Sound pressure can signify 
if the user is moving dynamically, hence sound pressure is 
low during study or sleep while it is high during commuting, 
driving. If sound pressure is above a certain threshold, the 
user could be determined as moving in the context. Presence 
of voice in the soundscape signifies whether the user is alone 
or with others because conversations normally take place 
between more than two persons. Human voice ranges 
between 200 Hz and 4,000 Hz in frequency, thus presence of 
voice in the soundscape statistically increases the standard 
deviation (σ) of the frequency. Frequency of soundscape 
varies greatly with human voice. Without human voice, the 
range of frequency is narrow. To detect the presence of 
human voice in the soundscape, threshold T2 for frequency 
is decided and whether the user is alone or not is estimated. 
In sum, contextual soundscape can be determined with the 
level of sound pressure and standard deviation of sound 
frequency. 

 

B.  Acquisition of Contextual Soundscape 

Contextual soundscape is captured through microphone 
built in smartphones in the following way. The sampling 
frequency for our purpose is at 8,000 Hz in 16-bit PCM and 
the length of each soundscape clip is 20 seconds in length. 
The captured sound clip is reviewed for sound pressure and 
frequency standard deviation.  

 
 Sound pressure level ( ): This is also the loudness 

of sound and can be calculated as in Eq. (1): 

 
, where   is the measured sound pressure and   
is the reference sound pressure, which is defined as  

N . 
 

 Sound frequency standard deviation( ): This 
pertains to sound clip recorded for 20 seconds and 
calculated as follows: 

 
, where n is the number of sound data, m is the 
average sound frequency, and k is the frequency of 
kth sound clip. 

 
Fig. 1 and Fig. 2 chart the soundscape data using the 

microphone on a smartphone and both demonstrate that 
soundscape data can sufficiently function as a factor that can 
help determine user’s context. Threshold values for 
contextual-soundscape information are defined as follows: 

 
 : sound pressure threshold to distinguish between 

user’s stationary and moving states; based on the 
average sound pressure for each state;  is our 
threshold value. 

 

 : sound frequency threshold to distinguish 
between when alone or with others; based on the 
average sound frequency for each state;  is 
our threshold value. 

 

 
Figure 1. Sound pressure graphs for when user is stationary vs. moving. 

 

 
Figure 2. Sound frequency graphs for when user is alone vs. with other 

people 

 

IV. CONTEXTUAL SOUNDSCAPE-BASED CONTEXT 

SENSING MODEL 

This section details how contextual soundscape can be 
used for determining user’s context as following: 

First, possible contexts for specific location and time are 
modeled. Next, time, location, and motions are captured 
through sensors on the smartphone for preprocessing and 
used to construct a Bayesian network context sensing model 
that combines with contextual soundscape. The overarching 
structure of context sensing model is illustrated in Fig. 3. 

The proposed model consists of four main components, 
which are contextual data collector, preprocessor, context 
estimator, and context sensor.  
 

A.  User Context Modeling 

For adequate contextual data collection and subsequent 
analysis activities, proper context models are prerequisite 
[16].In this work, we specified 9 contexts that have been 
difficult to distinguish in existing work because these 
contexts take place in identical places and time, which are: 

sleeping, studying, one-person driving, driving with 
passengers, going to work, coming from work, exercising, 
relaxing, and socializing. Contextual data is collected from 



HOSUNG LIM et al: MOBILE USERS' CONTEXT AWARENESS MODEL USING A NOVELTY CONTEXTUAL-… 

DOI 10.5013/IJSSST.a.17.35.4                                               4.4                             ISSN: 1473-804x online, 1473-8031 print 

sensors for each of the nine contexts for preprocessing and 
subsequently estimating the context. 

 
 

 
Figure 3. Overview of the proposed context-awareness model 

 
 

B. Collecting Contextual Data  
Usability is negatively affected if user input is required 

repeatedly during context sensing. Therefore it is necessary 
that context data be collected without involving user input, 
and the nine context models are perceived based on input 
data from sensors on smartphone:  

 
time and date are collected from the clock and user’s 

geolocation, motion from the GPS and accelerometer, 
soundscape from the microphone. Table 2 lists the data 
during initial context sensing. 
 

TABLE II.  INPUT DATA FROM SENSORS 

Input Data Type 

Smartphone Time 

Smartphone Date 

GPS Geolocation data 

Accelerometer Acceleration data 

Microphone Soundscape data 

 

C. Preprocessing Context Data 

Time during a day is divided and defined as following: 
midnight to 6 AM as wee hours; 6 AM to 11 AM as 
morning; 11 AM to 1 PM as lunch hours; 1 PM to 5 PM as 
afternoon; 5 PM to 8 PM as evening; 8 PM to midnight as 
night. A week is divided into weekdays and weekend. We 
configured the system so that raw GPS coordinates do not 
require preprocessing and the device is assumed to be at a 
place of interest if the geological coordinates appear within 
30 meters of distance. In this paper, we restricted the venues 
where the user could be to the dormitory, college campus, 
and streets within Hwajeon-dong, Deogyang-gu, Goyang-si, 
Gyeonggi-do of South Korea. Data from accelerometer is 
preprocessed to determine if the user is stationary or not. As 
discussed in Section 3, the user is estimated to be moving if 

sound pressure exceeds threshold (T1=55) and stationary 
otherwise. The user is assumed to be with other people if the 
frequency threshold T2 is exceeded and alone if otherwise. 
Table 3 shows the preprocessed results for time, day of 
week, geolocation, acceleration, and soundscape data. 
 

TABLE III.  PREPROCESSED CONTEXT DATA 

Category States 

Time {wee hours, morning, lunch hours afternoon, 
evening, night} 

Day of Week {weekdays, weekend} 

Geolocation {dormitory, campus, street} 

Acceleration {moving, stationary} 

Soundscape {moving, stationary}, {alone, among people} 

 

D. Bayesian Network-based Context Estimation  

After context data has been preprocessed, the result can 
be used to construct a Bayesian network to estimate user’s 
current context. A Bayesian network can be defined as a 
directed acyclic graph and a conditional probability table 
[19]. Bayesian networks are widely used in representing 
knowledge of specialized areas, and causes and effects 
within a given set of variables are intuitively expressed in 
network. Hence each node in a Bayesian network represents 
a variable and an edge between nodes signifies the 
relationship between the connected variables. Fig. 4 is an 
example of Bayesian network as utilized in this paper. 
 

 
Figure 4. A Bayesian network instance for context sensing 

 
The input node has been processed as contextual 

information, which is the basis to estimate user’s context. 
The output nodes are user’s current context determined 
statistically based on the user’s current context. Each 
contextual information in the input nodes separately comes 
from GPS, accelerometer, and microphone and assumed to 
be independent when forming network. User’s context 
estimation in our Bayesian network is performed following 
Eq. (3). 
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Here, Ni denotes ith node and pa(Ni) is the parent node of 

Ni. Data collected from each sensor is digitized and 
preprocessed before entering each node. Node values of our 
Bayesian network are listed in Table 4. 
 

TABLE IV.  NODE VALUES IN OUR BAYESIAN NETWORK 

 
With geolocation coordinates, soundscape, motion, time 

of the day, and day of week, probability values are computed 
through Equation (3), the result of which is used to estimate 
user’s context. 

 

V. EXPERIMENT AND EVALUATION 

This section demonstrates the efficacy of the proposed 
context sensing model with experiment and evaluates the 
results. Context sensing accuracy is compared for our model 
with and without soundscape input, the result of which is 
reviewed for evaluation. The training and classification 
classes are the 9 contexts as discussed previously, including 
sleeping, studying, one-person driving, driving with 
passengers, going to work, coming from work, exercising, 
relaxing, and socializing. Then the results are tested with K-
fold cross validation and confusion matrix input. 

 

A. K-fold Cross Validation 

K-fold cross validation is a widely used technique for 
measuring the performance of classifiers. To apply this 
technique, the training data set is divided into k subsamples 
(generally k=10). The k-1 subsamples are used for training 
and the remaining 1 subsample for testing. This testing is 
repeated k times, and in each iteration, a different subsample 
is used for testing and the rest for training. Classification 
performance for each subsample can be calculated, and the 

average performance score is accepted to extrapolate the 
classifier performance for data sets other than the sample. 

In our experiment, we defined 9 distinctive user contexts 
and tested our proposed model with and without soundscape 
input to view the Bayesian network performance. The 
original dataset we used in our experiment contained 3,063 
instances, and each instance included time, day of week, 
geolocation coordinates, motion, and soundscape. For 
control, we duplicated the dataset except for the soundscape, 
and performed 10-fold cross validation for both datasets. Fig 
5 shows the details of the dataset used in our experiment. 
 

 
Figure 5. Data sets used for model validation 

 

B. Confusion Matrix 

As a supervised learning method among machine 
learning methods, the accuracy of classifier can be 
represented in a table called confusion matrix. Each row in a 
confusion matrix shows the actual category of positive or 
negative. With a confusion matrix, TP(True Positive), 
TN(True Negative), FP(False Positive), and FN(False 
Negative) can be counted for the classifier. The performance 
of our Bayesian network after training with contextual 
information (time, geolocation coordinates, and motion) and 
cross validation is shown with and without soundscape in Fig. 
6 and 7 respectively. 

 

 
Figure 6. Confusion matrix for Bayesian network with soundscape data 

 

Node Description 

Input 

Geolocation {dormitory, campus, street}

Soundscape 

Moving {yes, no}

With other 
people 

{yes, no} 

Acceleration {yes, no}

Time 

Day of Week {yes, no}

Time 
{wee hours, morning, lunch 
hours afternoon, evening, 

night}

Output 
{sleeping, studying, one-person driving, driving with 

passengers, going to work, coming from work, exercising, 
relaxing, and socializing} 
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Figure 7. Confusion matrix for Bayesian network without soundscape data 

 
The performance of our context sensing model was 

measured with precision and recall as shown in Equations (4) 
and (5): 

 

 
 

 
 
The method proposed in this paper distinguishes different 

contexts that can take place at identical time and location, 
including studying, one-person driving, driving with 
passengers, going to work, coming from work, exercising, 
relaxing, and socializing, and we measured if the classifier 
correctly predicted contexts. Fig. 8 and 9 depict precision 
and recall for our model with and without soundscape input.  

 

 
Figure 8. Precision of the proposed model for different contexts 

 
Each context showed varying degrees of change in 
performance when soundscape data was included and 
excluded. After including soundscape, classifier precision 
for relaxation context improved from 6% to 69%; recall 
changed from 32% to 94%. For study context, precision 
changed from 50% to 87% and recall from 42% to 84%. In 
the case of socializing, precision was boosted from 66% to 
98% and recall from 50% to 92%. For exercise context, 
precision changed from 63% to 100% and recall from 67% 

to 93%. The result of our experiment demonstrated that 
incorporating soundscape into context sensing improves 
performance for contexts such as studying, relaxing, 
socializing, or exercising even when these contexts take 
place in identical time and locations. On the other hand, the 
contexts of commuting or sleeping did not show much 
difference when soundscape was considered. We suspect the 
reason is because these contexts are affected greatly by time 
of the day rather than soundscape. With this experiment, we 
could verify that incorporating soundscape into context 
sensing can add depth by distinguishing contexts for 
identical time and location 
 

 
Figure 9. Recall of the proposed model for different contexts 

 
 

VI. CONCLUSION AND FUTURE WORK 

A. Conclusion 

This paper proposed a context sensing model that 
incorporates soundscape to distinguish various contexts that 
take place at the same time and location. We constructed a 
Bayesian network for context sensing and tested it with nine 
contexts that are difficult to sense using the state-of-the-art 
context sensing methods. Two context sensing Bayesian 
networks were constructed using conventional input data but 
one was made with soundscape and the other was not. Both 
were tested and the results were compared against each 
other. The accuracy of our model was at 57.8% on average 
without soundscape but it was improved to 85.4% on 
average with soundscape data, and the result testifies for the 
efficacy and effectiveness of including soundscape in context 
sensing. We also combine context sensing model with music 
recommendation system so that users can receive appropriate 
music for users context. Fig. 9 depict music recommendation 
system using our proposed context awareness model. So the 
recommendation system estimated user’s context to 
recommend appropriate music on the smart phone using data 
from microphone, time, GPS and accelerometer. Finally, the 
effectiveness of the method suggested in this paper was 
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supported by materializing it on the music recommendation 
system. 

 

B. Futurework 

Our future work will study various acoustic pattern 
information of the soundscape for improve accuracy of the 
model. We also study users sensibility context and combine 
sensibility context sensing model with music 
recommendation system so that users can receive appropriate 
music for users sensibility context.  

 

 
Figure 10. music recommendation systems with proposed context 

awareness model 
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