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L o c a t i o n - B a s e d  S e r v i c e s

LifeMap: A Smartphone-
Based Context Provider 
for Location-Based 
Services

T he widespread dissemination of 
smartphones has enabled perva-
sive sensing environments that 
allow collecting and capturing 
the user’s context, which refers to 

information that can help characterize a user’s 
activity or status in a given situation. Under-
standing user context is a prerequisite for pro-
viding human-centered services that improve 
quality of life. A smartphone is an appropriate 
device to infer user context because data on the 
frequent interactions between users and their 
devices can be easily collected using various 
kinds of embedded sensors. Furthermore, a 

smartphone makes it possible 
to generate and use social con-
text, in addition to individual 
context, through Internet con-
nectivity.

The availability of context-aware smart-
phone services makes several scenarios pos-
sible. For example, using social-context infor-
mation, a company scouting for locations to 
display its advertisements can obtain useful 
information on various places frequented by 
urban women in their twenties in the evening. 
Parents could acquire information on where 
their children usually go at certain times of  
the day. The Board of Health Ministry could 
trace the routes taken by people infected with 
specific diseases.

Location information forms a core context 
in a pervasive computing environment. Several 
approaches are used to determine user loca-
tion. GPS is a common solution in open, out-
door environments. However, previous research 
shows that a GPS signal is available only 4.5 
percent of the time during a typical user’s day.1 
This suggests that average users spend much of 
their time indoors, where GPS service is nor-
mally restricted. The Wi-Fi positioning system 
is an effective alternative to GPS for indoor en-
vironments.2,3 Although this method provides 
a reasonable degree of accuracy, the radio map 
must be constructed offline at an additional cost 
to obtain accurate location information. Other 
methods for indoor localization include special-
ized real-time locating systems (RTLS)4 or iner-
tial measurement unit (IMU)-based navigation 
systems.5 These methods also require a costly 
infrastructure or additional hardware. There-
fore, the prevailing technology used for indoor 
locating systems hardly satisfies the need for a 
cost-effective solution, nor does it provide the 
required room-level locating accuracy. Collect-
ing user context indoors is essential for location-
based services because the quality of service de-
pends on the accuracy of mobile users’ location 
information.

To address these limitations, we developed 
LifeMap, a smartphone-based context provider. 
Implemented on commercial smartphones,  

LifeMap, a smartphone-based context provider operating in real time, 
fuses accelerometer, digital compass, Wi-Fi, and GPS to track and 
automatically identify points of interest with room-level accuracy.
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it can provide advanced location-
based services for mobile users. In 
particular, LifeMap uses inertial sen-
sors in the smartphone to provide in-
door location information. The in-
formation is combined with GPS and 
Wi-Fi positioning systems to generate 
user context in daily life. The system 
doesn’t require additional infrastruc-
ture or costly hardware. LifeMap uses 
an event-driven technique that reduces 
energy consumption by using a mini-
mum set of sensors to define context 
in a given situation. The system is 
practical and efficient, and it provides 
accurate location information about 
mobile users in indoor and outdoor 
environments.

LifeMap Platform
LifeMap’s targeted localization accu-
racy is at the room level because it is 
necessary to accurately observe users 
to provide successful location-based 
services. LifeMap consists of three 
components:

•	 The component manager interfaces 
with hardware directly to abstract 
sensor data and provide high-level 
information. 

•	 Using this high-level information, the 
context generator produces context 
nodes (points of interest [POIs] con-
taining the user context) and edges 
(paths encompassing minimal con-
text on the user movement) to con-
struct a context map in the form of 
a graph. The context map is stored 
in a database to match and aggregate 
user contexts.

•	 The database adapter is a wrapper 
module to provide user context to 
the internal user interface and other 
applications. 

Figure 1 shows the LifeMap platform’s 
overall architecture.

Although LifeMap generates accu-
rate context, it would be less useful if its 
battery consumption were high. There-
fore, we choose to leave the accelerome-
ter hardware component always turned 

on because of its relatively low power 
consumption.6

We define two types of user motion, 
moving and stationary, depending on 
the standard deviation of the acceler-
ometer value. If a user is walking, run-
ning, or moving in a vehicle, the motion 
is defined as moving; the motion is sta-
tionary if the user is staying at one lo-
cation. When the component manager 
detects a change in the user’s motion, a 
minimum set of sensors is activated via 
a predefined relationship. By obtaining 
the context from the activated sensors, 
the component manager immediately 
deactivates irrelevant sensors for en-
ergy efficiency. Figure 2 illustrates the 
motion-based decision rules.

Context Generator
The goal of LifeMap is to construct a 
context map on the geographical map. 
LifeMap generates a categorized user 
context into four parts: 

•	Location represents the user’s po-
sition on Earth. Location infor-
mation is specified with proper-
ties of the scanned Wi-Fi access 
point to determine room-level 
identification. 

•	Activity is defined by two character-
istics: user motion and smartphone 
usage. User motion includes mov-
ing in a vehicle, walking, running, 
or even staying at rest. Smartphone 
usage includes messaging, calling, 
taking a picture, and browsing the 
Web. 

•	Connectivity shows the current net-
work connection status of the GSM 
(Global System for Mobile Commu-
nications, originally from Groupe 
Spécial Mobile) or Wi-Fi. 

•	 Environment is a set of circum-
stances around the user. 

Table 1 gives detailed information for 
each categorized context.

We mainly focus on presenting the 
locating scheme because location is a 
core context in modern mobile services. 
The key concepts are tracking indoor 
location using inertial sensors in the 
smartphone and aggregating the identi-
cal location using the properties of per-
vasive Wi-Fi access points. In our ap-
proach, the aggregation process refines 
location information based on histori-
cal data because the system determines 
an identical place through room-level 
identification. (A detailed technical  

Figure 1. LifeMap platform. To extract user context, LifeMap uses various sensors 
commonly found in the latest smartphones.
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description of the locating scheme and 
parameter analysis are available in our 
technical report.6)

Locating Scheme
A representative indoor locating so-
lution is an IMU-based method that 

uses double integration of acceleration 
measurements. This method can esti-
mate the user’s current location with-
out communicating with other com-
ponents. Previous work on IMU-based 
systems assumes strapdown usage, in 
which users must fasten sensors around 

their waist or on their shoes. The con-
ventional strapdown system is not ap-
plicable to smartphones because fas-
tening the device to the human body is 
impractical and filtering noise signals 
demands nontrivial computation.

The existing methods to determine 
device orientation for vector transfor-
mation at runtime also pose problems, 
as Figure 3 illustrates. The scheme is 
inappropriate for smartphones because 
sampling at high frequency and com-
plex computation are needed to obtain 
accurate measurements. A gyroscope 
could be used to enhance tracking ac-
curacy, but even the latest smartphones 
do not employ a gyroscope due to its 
relatively high cost. Hence, using a 
smartphone for location-based ser-
vices in indoor environments requires 
specifically considering a nonrestricted 
position, low processing power, and us-
age of a limited set of inertial sensors in 
the device.

A practical positioning and tracking 
solution for users in indoor environ-
ments relies on both an accelerometer 
and a digital compass. When a user 
starts to move, classification data ac-
quired from both the accelerometer 
and the digital compass are used to ap-
proximate the user’s location. Tracking 

Figure 2. Decision rule of the motion-based event-driven approach. A minimum set 
of sensors is activated when the component manager detects a change in the user’s 
motion.
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TABLE 1  
Sources of categorized context.

Category Attributes GPS Accelerometer
Digital  

compass Wi-Fi Other Remarks

Location Latitude X X X GSM

Longitude X X X GSM

Altitude X

Error bound X X X

Identification X

Activity Motion X X

Behavior Phone

Connectivity No. of satellites X

Connection X GSM

No. of access points X

Environment Temperature Thermometer

Speed X Traffic condition

No. of devices Bluetooth No. of surrounding devices
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the user location requires solutions for 
identifying the user’s movement and de-
termining where and how far the user 
has moved.

To detect user movement, we use 
a synthetic acceleration vector of the 
three-axis accelerometer. Given an ac-
celerometer input vector for a certain 
duration (for example, 3 seconds), 
movement is detected if the stan-
dard deviation of the acceleration is 
greater than a certain threshold (for 
example, 0.49 m/s2 [meters per second 
squared]), which is defined as moving 
motion; otherwise, motion is station-
ary. A peak detection algorithm is then 
employed to mark the candidate time 
points, which could be user steps. We 
use the mean and standard deviation of 
acceleration to eliminate insignificant 
peaks and generate worthy candidates 
that are significantly away from the 
average.

However, the peak detection algo-
rithm is prone to miscounting steps 
during a user’s irregular behavior, such 
as a swing, vibration, or impact. Given 
that the user’s steps are periodically 
repeated, we determine the candidate 
peak as a step when its previous accel-
eration signal is similar to the current 
one. In other words, we use the accel-
eration dataset of previous movements 
as the classification data. This approach 
is reasonable because the classification 
data is customized for each person and 
for specific situations.

To determine the similarity of the 
signals, we compare the max axis and 
the forward axis of the current peak 
with those of the previous peak. The 
max axis is the axis perpendicular to 
the ground among the three axes of the 
accelerometer. The acceleration of the 
max axis is the cardinal value because 
the user’s movement does not generate 
a larger acceleration than the accelera-
tion of gravity. We define the forward 
axis as the most similar axis to the di-
rection of user  movement. The forward 
axis is determined by its variance be-
cause a walking motion influences the 
direction of movement more than the 

orthogonal direction. Then, abstract 
orientation is defined as a combination 
of max axis and forward axis.

Hence, a peak is considered a step if 
the current peak’s abstract orientation 
is equal to that of the previous peak. 
Our scheme would still miss step counts 
that occur when users change their  
motion (for example, switches from 
calling to messaging), but we obtain 
the overall trend of the user movement, 
which is our intent. Figure 4 shows the 
result of the peak detection scheme.

For our application, we must also 
obtain information about where the 
user is heading. We restrict the direc-
tion of user movement within the line 
of the sensor’s axis because transform-
ing a local acceleration into a global 
one is a nontrivial operation for smart-
phones. Based on this idea, we first find 
abstract orientation. Next, we must de-
termine whether the movement is for-
ward or backward on the line of the 
forward axis. A key factor to decide 
the direction is the velocity, which is 
obtained from integrating the accelera-
tion. Additionally, the current usage of 
the smartphone should be considered. 
We can easily determine the direction 
of movement while the user is using 
the phone, such as watching a video 

or talking over the phone because the 
smartphone’s orientation is obvious in 
this case. This approach simplifies the 
determination of the movement direc-
tion, as Figure 5 illustrates. Because the 
acquired direction of movement is un-
stable, the direction should be further 
enhanced. The direction of movement 
is compensated when the GPS signal 
gives the heading information. Among 
four directions within the sensor’s axis 
on the horizontal plane, the revision 
method selects the most similar direc-
tion to the GPS signal’s heading infor-
mation. The revised direction is main-
tained until the abstract orientation is 
changed. The inherent limitation of 
our tracking model is the error caused 
by discordance between the user’s di-
rection of movement and the axis of the 
inertial sensors.

The user’s moving distance is calcu-
lated by multiplying the step count by 
the step length that is manually input 
by the user. The measured distance is 
used to infer the estimated location’s 
error bound, which is initialized as 
the accuracy of the GPS signal. When 
a GPS signal is unavailable, a summa-
tion of the previous accuracy and the 
measured moving distance are used as 
the error bound.

Figure 3. Existing methods for determining device orientation. Both cases have 
identical acceleration at the device aspect (that is, upward of the device screen), but 
they have different acceleration at the human aspect because the device orientation 
differs. In addition, the system cannot eliminate the acceleration of gravity 
completely if measured orientation is inaccurate.
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When a user stays at a given location 
for a certain period of time, the user 
state is considered stationary and the 
place is called a POI. We set 10 min-
utes as the default time, but the user 
can change the threshold as needed. 
The stationary state is used to gener-
ate a context node in LifeMap, which 
is considered the major place for  

location-based services. In addition to 
location information obtained with 
inertial sensors, we use a set of Wi-Fi 
access points at the POI to specify the 
room-level identification.

Matching and Aggregation Process
Location is a key criterion in the match-
ing and aggregation process. The 

matching process is performed to find 
an identical place on the LifeMap. We 
use an error bound of each node to se-
lect candidate nodes. If the location of 
one node is included in the error bound 
of another, the room-level identifica-
tion is compared. We determine room-
level identification from the properties 
of the scanned access point set, which 
includes the unique ID of the access 
point and the root mean square of sig-
nal difference. When the matching rate 
exceeds a certain threshold, both nodes 
are considered identical.

A user generally follows a similar 
pattern in the daily routine, but the 
physical location is not necessarily 
generated exactly. The aggregation 
process should reduce the number of 
redundant nodes without deteriorating 
the quality of the context. When two 
POIs are found to be identical in the 
matching process, LifeMap aggregates 
the POIs to refine the context. After ag-
gregating the POIs, the paths are de-
termined for aggregation. For instance, 
if one POI has six out edges, we ob-
tain at most six destinations. If two or 
more paths have the same destination, 
the Euclidean distance between the 

Figure 4. The result of peak detection. LifeMap identifies candidate peaks as a step if the previous abstract orientation is equal to 
the current one.
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paths is computed to find the identical 
routes. The path with fewer nodes is 
considered to be the superseding path 
to store routes with a minimal number 
of nodes. Figure 6 illustrates the aggre-
gation process.

Experiments
We implemented and tested LifeMap 
on the HTC Hero and G1 Android 
phones. Android is an open source 
software stack for mobile devices and 
provides a software developer’s kit 
(SDK) to support various smartphone 
features (see http://developer.android.
com). The phones have several built-in 
sensors and communication compo-
nents. The LifeMap implementation 
performs sensing, converts raw data to 
high-level user context, activates or de-
activates required sensors, aggregates 
user context, and provides user context 
to end-user applications. Various kinds 
of applications can be developed using 
the LifeMap platform. We have, in fact, 
implemented a life-logging application 

to evaluate and visualize LifeMap on 
smartphones.

We conducted experiments for 
more than a week using undergradu-
ate and graduate students at Yonsei 
University. Our participants engaged 
in normal daily activities with their 
LifeMap-enabled Android phones. 
LifeMap ran as a background service 
without impeding other tasks on the 
smartphones.

Figure 7 shows snapshots of our 
application that displays the stored 
LifeMap data. Users can confirm de-
tailed information about POIs on the 
Web-based Google Maps (http://maps.
google.com) and upload their contexts 
or download the contexts of other us-
ers. The application provides a list of 
POIs that a user can name.

Because the GPS-based outdoor 
tracking is a straightforward process, 
we focus on the locating accuracy 
of LifeMap in indoor environments. 
LifeMap basically uses an accelero
meter and digital compass. The major 

source of location error is distortion 
of where the user is heading. For ex-
ample, Figure 8 shows that a user’s 
motion affects his or her heading ac-
curacy. Small user movements such 
as messaging or calling generate rela-
tively stable results, but the heading 
becomes unstable if the device is, for 
example, placed in a pocket while 
walking.

We ordered the cases of user mo-
tion by the amount of uncertainty in-
volved. That is, in decreasing order of 
uncertainty, they are running; walking 
with the phone in a bag, in a pocket, 
or in hand; walking while on a call; 
and walking while messaging. Even 
with the estimated heading, the error 
bound of the generated location should 
include the actual location. Depending 
on the user’s motion, we increase the 
error bound to the step length (mini-
mum) and double the step length (max-
imum), which are loosely estimated to 
include the actual location within the 
error bound.

Figure 6. Aggregating identical points of interest (POIs) and similar paths. The stars indicate a stationary state, and the circles 
indicate a moving state. Here, LifeMap aggregates 34 stationary states and 21 moving states to produce 14 and 12, respectively.
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Figure 9a shows the user paths in an 
indoor environment. The total walking 
distance was 186 meters, and the esti-
mated walking distance was 171 meters ,  

with 7.9 meters average error. The 
measured walking distance is un-
derestimated because of the missing 
steps during irregular motions such as 

turning corners, starting to walk, and 
stopping. The tracking error is mainly 
caused by a twisted heading direction. 
When the phone is placed in a position 

Figure 7. Our Android application. Users can confirm daily information, such as sensor usage time, moving distance, and number 
of steps in the first tab. The second tab shows the generated user context. The detailed information, including error bound, is 
displayed when a user selects a specific node. The last tab shows the list of POIs that a user can name.

Figure 8. Heading accuracy in different motions. The actual heading is approximately 60 degrees. The error is caused by 
discordance between the user’s direction of movement and the axis of the inertial sensors.
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that shakes (such as in a pocket), the 
direction of movement was twisted due 
to the device swing. In addition, envi-
ronmental factors, such as an electronic 
apparatus, cause the distortion of the 
magnetic value. Figure 9b shows that 
the error increases with moving dis-
tance. Although the drift error existed, 
we obtained an overall trend of user 
movement with inertial sensors, which 
is ultimately our main interest. The cu-
mulative error in finding POIs is com-
pensated in the aggregation process.

Figure 10 shows the aggregated user 
context of three students collected for 
a week on a university campus. Among 
54 POIs, 46 points are generated in-
doors where the GPS signal is unavail-
able. Thus, the experiment participants 
manually obtained the ground truth 
through Google Maps. Of the indoor-
generated POIs, 91 percent of the points 
indicate the actual position within the 
estimated error bound, and the aver-
age error is 25.6 meters. The aggrega-
tion process helped to reduce the POIs 
from 54 to 18. Still, 83 percent of the 
points contain their reference locations, 
and the average error is reduced to 17.7 
meters because the nodes with smaller 
error bounds have been chosen as the 
superseding one.

One drawback of our method is that 
the system might generate inaccurate 
locations if the GPS signal accuracy is 
poor because the system establishes an 
initial location through the GPS signal. 
Locating a user on a 2D map is difficult 
in many multistory buildings. There-
fore, in future work, we need an en-
hanced method to classify the floor level.

Energy efficiency is critical for mo-
bile devices. The collected user traces 
show that the average amount of time 
in the moving state is less than three 
hours a day. This indicates that the av-
erage movement ratio is less than 20 
percent in one day. This finding is in 
agreement with other research results.7 
Our study estimated that the battery 
lifetime of a Hero smartphone running 
LifeMap is less than 28 hours when the 
moving state is about 20 percent in one 

day.6 Accordingly, our motion-based, 
event-driven approach does not lead to 
a severe impact on a smartphone’s bat-
tery lifetime, but there is still room for 
further improvement. 

M any interesting appli-
cations, such as life- 
logging applications 
and human-centered 

delay-tolerant networking, are possible  

Figure 9. Indoor tracking results with diverse user motions. (a) Magnetic interference 
in indoor environments causes errors, and (b) error distance increases with walking 
distance. The results show a greater error if the device is located in an unstable 
position, such as in a pocket.
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Figure 10. The daily trace of three students during a week. Blue stars represent the 
moving state, yellow stars show the POI without GPS connection, and green stars 
show the POI with the GPS connection.

with LifeMap. Indoor navigation 
with LifeMap in public places, such 
as department stores or exhibition 
halls, is also a useful application if 
an administrator provides an indoor 
floorplan.

We are currently studying issues of 
energy minimization of LifeMap using 
human-centric location-prediction  
techniques. We also plan to publish 
LifeMap on the Android market to 
provide and share the social context 
among research communities.
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A ctive research has recently been conducted on context-

aware mobile systems. CenceMe generates inference 

on individual contexts and enables the use of social context by 

sharing personal information through social networking ap-

plications.1 The limited hardware resources of mobile devices 

have been studied. The Energy Efficient Mobile Sensing System 

(EEMSS) generates high-level context, using an accelerometer, 

microphone, and GPS.2 The system reduces energy consumption 

by enabling only a minimum set of sensors with appropriate duty 

cycles. Work is also focused on recognizing 11 predefined user 

states, such as working, meeting, and resting. 

SurroundSense suggested an ambience fingerprinting scheme 

that considers Wi-Fi fingerprinting as well as optical, acoustic, 

and motion attributes as major sources of user context.3 Place

Sense exploited the response rates of radio beacons to identify a 

logical place through robust beacon inference.4 Oliver Wood-

man and Robert Harle automatically constructed an indoor radio 

map by using a foot-mounted inertial measurement unit (IMU) 

with a detailed building model.5 Although the system achieves 

scalability in large environments, a foot-mounted IMU is imprac-

tical for general users. Martin Mladenov and Michael Mock im-

plemented a step counter with a commercial smartphone, which 

is independent of the phone’s position on the human body.6 The 

system, however, does not provide the direction of the user’s 

movement. 

CompAcc introduced a scheme that tracks users by recording 

a person’s walking pattern using the digital compass and ac-

celerometer in a smartphone, then matching it against possible 

path signatures from a map.7 The scheme does not consider 

free movement of the smartphone user. Users should therefore 

manually adjust their directions of movement to the direction 

faced by the back of the phone when the phone is held vertically.

These works investigated the inference of user context, system 

scalability, and energy efficiency of mobile devices. However, 

research on context-aware systems, especially in indoor environ-

ments, is a relatively new area with many challenges. LifeMap 

is unique in its ability to provide location information in indoor 

environments and to visualize the user’s context. The system 

also combines logical identification of places with geographi-

cal information. To the best of our knowledge, our system is the 

first attempt to track indoor location with unconstrained phone 

placement by employing a smartphone’s inertial sensors.
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