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Abstract—Currently available location technologies such as the
global positioning system (GPS) or Wi-Fi fingerprinting are lim-
ited, respectively, to outdoor applications or require offline signal
learning. In this paper, we present a smartphone-based au-
tonomous construction and management of a personalized location
provider in indoor and outdoor environments. Our system makes
use of electronic compass and accelerometer, specifically for indoor
user tracking. We mainly focus on providing point of interest (POI)
locations with room-level accuracy in everyday life. We present a
practical tracking model to handle noisy sensors and complicated
human movements with unconstrained placement. We also employ
a room-level fingerprint-based place-learning technique to gener-
ate logical location from the properties of pervasive Wi-Fi radio
signals. The key concept is to track the physical location of a user
by employing inertial sensors in the smartphone and to aggre-
gate identical POIs by matching logical location. The proposed
system does not require a priori signal training since each user
incrementally constructs his/her own radio map into their daily
lives. We implemented the system on Android phones and vali-
dated its practical usage in everyday life through real deployment.
The extensive experimental results show that our system is indeed
acceptable as a fundamental system for various mobile services on a
smartphone.

Index Terms—Indoor tracking, inertial sensor, mobile sensing,
place learning, smartphone.

I. INTRODUCTION

OCATION-BASED services are increasingly important

for modern mobile devices such as the smartphone. Navi-
gation, social network services, and sharing photos are common
applications that utilize user location [1], [2]. These services
make use of a temporary user location that is obtained at a
certain period of time by manual request. However, emerging
mobile services require an advanced localization scheme that
would provide everyday location monitoring instead of tem-
porarily locating the user. Many advanced services are available
with information on everyday location monitoring. For example,
health monitoring system utilizes a user’s location to estimate
the physical state of elderly person or patients [3]. The system re-
ports daily momentum to improve their health. Another example
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is an environment-related application that estimates the user’s
environmental impact and exposure [4]. People learn how their
lives affect the environment and subsequently alter their behav-
ior to protect environment. Smart-home system determines the
location of residents and recognizes living patterns to provide
appropriate services [5], [6]. Life-logging has been proposed to
visualize life patterns or to provide an automatically generated
life diary [7]. Works in [8] and [9] also propose useful services
that enable users to search for their lost mobile devices. The
service uses daily location information of a user to track down
lost phones or items. To support these kinds of emerging appli-
cations, efficient and accurate location monitoring is essential.
However, currently available location technologies cannot fully
provide user locations in everyday lives.

A mobile device is capable of locating itself based on various
approaches. The global positioning system (GPS) is a com-
mon solution in outdoor environments. GPS is known to oper-
ate poorly in an indoor environment and consumes a relatively
large amount of battery power. Cell tower localization with a
Wi-Fi positioning system (WPS) is an effective alternative to
GPS [10], [11]. The main idea is to preconstruct a radio map
of Wi-Fi/Global System for Mobile Communications (GSM)
access points (AP) through offline training. Upon a user request
for location information, the mobile device detects surrounding
Wi-Fi/GSM APs and searches for a matching element in a stored
map. These techniques are sufficient to provide temporary loca-
tion information. However, the following issues should be ad-
dressed for a practical solution in everyday location monitoring.

Location in indoor environments. Average users normally
spend much of their time in indoor environments where a GPS
signal is not available. WPS produces poor localization accu-
racy since the radio map is constructed using war-drive. Offline
training in indoor environments is impractical because the cost
is excessive and the coverage area is generally wide and sparse.
Users are not likely to acquire precise location information at
their point of interests (POIs) that are typically located indoors
in modern society. Hence, a practical solution is necessary to
cover the location of POIs in indoor environment at a low cost.

Logical location. The ability to determine the logical places
is a necessary component to support advanced mobile services.
The current locating service for mobile devices is based on
physical location information, which is a series of raw coor-
dinates or an address. Many mobile services, however, can be
greatly improved by employing information on logical places
that are semantically meaningful to the user. Physical location
is not sufficient to distinguish places: Physical location of POI
is not necessarily generated exactly at the same point, and two-
dimensional (2-D) geocode is useless to identify places located
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closely on different floors. The logical place information in-
cludes the name of a store or a personalized meaning, for ex-
ample, “workplace,” “study place,” or “attractions.” The role of
logical information is to recognize visited places with room-
level accuracy.

Privacy issues. The centralized location provider is exposed to
privacy invasion since the server easily knows a user’s location.
In particular, everyday location monitoring could be privacy
invasive since the system may collect sensitive information that
concerns individual location [12]. Accordingly, a personalized
solution is necessary.

Energy consumption. Previous research shows that GPS and
Wi-Fi operations severely affect a smartphone’s battery life [13].
In order to employ location provider in everyday location moni-
toring, this energy issue should be considered as a primary factor.

In this paper, we propose an autonomous construction of
a personalized POI map, named LifeMap, which provides
location information for advanced mobile services. Based on
our preliminary work [14], we have expanded LifeMap and
extensively validated the system with real deployments. Our
objective is to discover POIs and to provide locations of POIs in
everyday life without a centralized server. The key concept is to
exploit an accelerometer and electronic compass to track user
location, and to aggregate identical POIs by matching logical
location that is generated from the properties of pervasive Wi-Fi
APs. The system recognizes user context to estimate accuracy
of location, and the aggregation process utilizes measured ac-
curacy to refine location information. The system incrementally
constructs user’s POIs with a personalized radio map. The pro-
posed system is realized, with off-the-shelf technologies, to be
a practical location provider for everyday location monitoring.

The contribution of our system is as follows.

1) Our study is an early attempt to track indoor locations of
users by using an accelerometer and electronic compass
in smartphones. Tracking human movements only with
an inertial sensor is technically difficult when considering
the unconstrained placement of mobile phone, noisy and
inaccurate sensors, and low computation power in mobile
devices. We present the possibility and limitations to use
inertial sensors in smartphones through extensive experi-
mental analysis.

2) LifeMap automatically constructs a personalized radio
map without offline training. We employ dead reckoning
to track a mobile user during the transition from outdoor
to indoor, and compensate cumulative errors of dead reck-
oning by using logical location. The accuracy of phys-
ical/logical location in a radio map increases with the
number of visits to places. A preconstructed radio map,
such as SkyHook [11], is optional in our scheme.

3) LifeMap is implemented on a commercial mobile phone
platform. We combine existing localization methods to
implement a practical location provider. In particular, the
system considers energy consumption and privacy issues
for practical usage. We validate LifeMap through real de-
ployment and experiments for the duration of 8 weeks.

The structure of this paper is as follows: In Section II,
we briefly describe the system overview of LifeMap. The
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smartphone-based dead reckoning is presented in Section III.
Section IV describes room-level fingerprint-based place
learning. We discuss detailed design considerations for privacy
and energy consumption in Section V, and the implementation
of LifeMap is presented in Section VI. In Section VII, we
evaluated the system in three aspects: dead reckoning, place
learning, and overall systems. We discuss relevant works and
observations/limitations of our system in Section VIII. Finally,
we conclude this paper in Section IX.

II. SYSTEM OVERVIEW

LifeMap is a personalized POI map that offers physical and
logical location information. The system is designed to provide
locations to users with low latency, minimum energy consump-
tion, and privacy protection. We implement LifeMap on Android
phones that are equipped with several built-in sensors such as
an accelerometer, electronic compass, GPS, Wi-Fi, and GSM,
all of which are common components in the latest smartphones.
Fig. 1 shows the overview of the LifeMap system. The ma-
jor components of LifeMap are the activity manager, location
manager, context manager, and content provider.

The activity manager plays a key role as the scheduler of the
system. This component recognizes the activity of a user using
the accelerometer and the phone state. We employ the variance
of an accelerometer signal to monitor change of user activity
that includes “moving” and “stationary.” Based on this classi-
fied activity, the activity manager controls other components to
generate user context, including location information. When a
user starts to move, the location manager provides classifica-
tion data to approximate the user’s location. When a user stays
at a location for a certain period of time, the context manager
generates user context from all components, such as location
manager, activity manager, and the phone state. The system im-
mediately deactivates each sensor after obtaining the necessary
context information. The relationship between a user’s activ-
ity and a set of components is predefined to minimize energy
consumption. Fig. 2 illustrates the activity-based decision rules
used to dynamically provide location information.

The location manager provides physical and logical loca-
tion information. The component comprises several location
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Fig.2. Decision rules of an activity-based, event-driven approach. The default
thresholds are t; =10 min and ¢,,, =3 min. Users can modify these thresholds
by using UL The location manager does not use logical provider in moving
(* t: threshold time in stationary, ¢,, : threshold time in moving state).

providers, as shown in Fig. 1. We obtain physical location in-
formation from the inertial provider, the GPS provider, and the
network provider. Each provider generates the location infor-
mation along with an error bound that reflects the accuracy.
The inertial provider utilizes an accelerometer and an electronic
compass to implement smartphone-based dead reckoning. We
used the GPS provider and the network provider that were al-
ready implemented in the Android protocol stack. The logical
provider determines the logical identification of a place and de-
cides if the current location is a place the user has previously
visited.

The context manager produces user context by composing
the location information, the activity, and the environmental
context. This component generates context nodes and edges to
construct a context map, which is represented as a graph. The
context map is stored in a database to aggregate and represent
user context.

A content provider aggregates generated data into refined
data. This component manages the database to provide data to
the internal user interface (UI) and other applications. Instead
of inferring the personalized logical meaning of places auto-
matically, we provide a place categorization service to induce
spontaneous place labeling by a user.

III. SMARTPHONE-BASED DEAD RCKONING

Dead reckoning is a process that is designed to estimate
current location based on a previously determined one. A repre-
sentative dead reckoning is an inertial measurement unit (IMU)-
based method that uses integrations of acceleration measure-
ments. Since the method estimates current location without
communication with other components, this technique can sup-
plement the weakness of currently available location providers
that are dependent on external infrastructures, such as satellites
or Wi-Fi APs. One inherent problem of the IMU-based method,
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Fig. 3. Categorized phone usage and related positions. Described cases are
hand holding, watching a video, talking on the phone, in pants pocket, in hip
pocket, in jacket pocket, in jacket inside pocket, and inside bag, respectively,
from the left.
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Fig. 4. Favorite position of mobile phones when people move. Participants
chose their two most favorite positions, while they were moving around with
mobile phones.

however, is accumulated error, because the process continually
adds relative locations to its previous location.

Previous work on IMU-based systems usually assumes a
strapdown usage in which the user should fasten inertial sen-
sors around the waist or shoes. Foot-mounted IMU is widely
used to revise accumulated errors through a zero-velocity cor-
rection method [15]. This method corrects the cumulative error
using the stationary moment during each step. Obviously, the
foot-mounted method is not a practical approach for smartphone
usage, and the scheme demands nontrivial computation to filter
noise signals. A gyroscope could be used to enhance tracking
accuracy, but even the latest smartphones do not employ a gyro-
scope due to its relatively high cost. To apply an IMU-based dead
reckoning to a smartphone, a new approach should, therefore, be
developed that specifically considers unconstrained placement,
low processor power, and low efficiency of inertial sensors in
the device.

A. Tracking Model

The position of a smartphone on the human body significantly
affects the performance of dead reckoning. Although the user
freely moves with the smartphone, we studied a limited case of
smartphone positions, while a user moves. We categorized eight
types of smartphone usage and related positions, as illustrated in
Fig. 3. We then conducted surveys on 55 undergraduate students
(29 males and 26 females) to find out their favorite carrying
positions, while they move, and asked them to list their two
most common positions when they move with mobile phones.
The survey results, as shown in Fig. 4, indicate that people rarely
carry their phones in hip pockets or jacket inside pockets. Based
on the survey result, we only focused on four cases to track
users’ movements, instead of covering all possible positions.
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The tracking model should generally deal with three issues:
when a user moves, how far a user goes, and where a user goes.
Our tracking model assumes that a user only makes forward
movement, since the other movement types, such as backward
and sidesteps, are rarely monitored in the everyday life of a
typical user.

To determine when a user moves, we used the standard devi-
ation of acceleration, which has been a widely used technique
for motion detection [16], [17]. Given an accelerometer input
vector ¥ at time ¢, movement is detected if o (T;_yw, ..., ;)
is greater than threshold (e.g., 0.49 m/s?) for the duration W,
which is defined as “moving” state; otherwise, state is “station-
ary.” A peak-detection algorithm [18] is then applied to mark
the candidate points of time that have the possibility of user
stepping. We utilize the means and variance of acceleration to
generate worthy candidates that digress significantly from the
average. If 0, > u(tw,..., %)+ o(¥—w,...,0;), then T,
is detected as a peak. However, the peak-detection algorithm
is prone to miscount steps during irregular behavior, such as
swaying, vibration, impact, etc. To address this drawback, we
considered the fact that user steps are periodically repeated, and
device orientation is usually unchanged, while a user is stepping.

In order to recognize the periodicity of detected peaks, 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, computed as arg max{¥, ¢, 0y ¢, U, ¢ }, where
Ug.t,Uy.¢, and ¥, ; are the absolute average values of accelerom-
eter readings for the x-, y-, and z-axes, respectively, at time ¢
with window W. The acceleration of the max axis is the cardi-
nal value, because the movement of the user does not generate a
larger acceleration than the acceleration of gravity. The forward
axis is defined as the most similar axis to the direction of user
movement, and determined by its variance since walking motion
influences the direction of movement more than the orthogonal
direction. The forward axis is computed as arg max{v;, 2},
where 171 = U(Ulﬁt—I/V yooo ,’ULf,) and f)g = O'(’()Q’t_w, cee ,U27t)
are the accelerometer variance for other two axes after the max
axis is excluded. Then, abstract orientation is defined as {max
axis, forward axis}, which is a combination of max axis and
forward axis. In contrast with the original orientation (i.e., roll,
pitch, and yaw), which requires matrix transformation, abstract
orientation is computed in O(1) and stable over the noisy signal.
In summary, a peak is considered as a step if the abstract orien-
tation of the current peak is equal to that of the previous peak.
Our scheme would still misstep counts that occurred when a
user changes his/her motion, e.g., switches from calling to mes-
saging. We can, however, obtain the overall trend of the user’s
movement, which is in fact our main interest.

Now, we discuss issues with regard to obtaining information
on where the user is heading. Since transforming local accelera-
tion into a global one is a nontrivial operation for smartphones,
we restrict the direction of user movement within the line of
the sensor’s axis. Consequently, vector transformation in three-
dimension (3-D) is reduced to a deterministic problem among
six directions; i.e., three axes are multiplied by two directions,
as illustrated in Fig. 5. Based on this idea, we first find abstract
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Fig. 5. Effects of determining a max axis and a forward axis. (a) Determin-
ing the direction of user movement in a 3-D space is transformed into (b) a
deterministic problem that is stable against the noisy signal.

orientation. Then, the issue of whether the movement is forward
or backward should be resolved. The velocity, which is obtained
from integrating the acceleration, is not useful to solve this prob-
lem because gravity cannot be eliminated thoroughly due to the
noisy sensors in smartphones. The low frequency of the sensors
also causes inaccurate values of the integration. Therefore, we
employed a user context, which is derived from the phone usage
and the position of the smartphone, to ascertain the direction of
movement.

We categorized the user context into three types: hand-held
position of smartphone, a strapdown position, and swing phase
in pockets. The key factors to categorize user context are the
variance of acceleration, device orientation, and phone state.
The variance tends to become larger when the position of the
smartphone is closer to the lower part of the body. The pants-
pocket case has the maximum amount of variance because this
position is directly affected by a stepping impact and a gait cycle.
On the other hand, the hand-held position of a smartphone has
a minimum variance. Abstract orientation also indicates user
context. For example, a calling case has a unique orientation, and
the horizontal positioning of a smartphone may not be possible
in the pocket case. In addition, mobile phones usually provide a
status of communication module, such as cellular and network
state, which is useful to infer user context. User context being
detected, we apply different factors to each type to determine
the direction of movement.

1) Using a smartphone with hand holding. We can easily
determine the direction of movement, while a user is mes-
saging, watching a video on the phone, or talking over the
phone, because the direction of movement directly relates
the abstract orientation.

2) In swing phase. According to the body-segment analysis
of gait cycles, we used skewness as a basic factor to decide
the direction of movement, since the time for acceleration
is generally shorter than the stepping time while a human
walks [19].

3) In strapdown position. Deciding the direction of move-
ment in strapdown position, including inside a bag and
a jacket pocket, is difficult since the smartphone is ran-
domly positioned and hardly affected by gait cycle. We use
skewness as a basic standard, but an additional method is
required to supplement inaccurate results of the direction
of movement.
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Since the acquired direction of movement is unstable, the
direction should be further enhanced. We revise the generated
direction when the GPS signal gives the heading information.
Since we restrict movement direction within the sensor’s axis,
four directions on horizontal planes are candidates as the direc-
tion of movement of a user. The amendment method selects the
most similar direction to heading information of the GPS sig-
nal. The method maintains the revised direction until the abstract
orientation is changed. The GPS amendment is used during the
transition from outdoor to indoor.

The moving distance is derived by multiplying the step count
by the step length, which is estimated with the user’s height or
manually input by the user. We initiate the error bound with the
accuracy of the GPS signal. When a GPS signal is not available,
the system uses the summation of the previous accuracy and the
measured moving distance to infer the error bound of the esti-
mated location. We ordered the cases of categorized context by
the amount of uncertainty involved; i.e., in decreasing order of
uncertainty, the strapdown position, swing phases, hand-holding
position, and the availability of the heading information of the
GPS signal. Depending on users’ contexts, we increase the er-
ror bound, at most to twice the step length and at least the step
length, which are loosely estimated to include the actual location
within the error bound.

In summary, we simplified the tracking problem of 3-D vector
transformation into a deterministic problem that models human
movement as step counting and heading determination. One
shortcoming of our tracking model is an error caused by discor-
dance between the user’s direction of movement and the axis
of the inertial sensors. If the device is on a slant to the actual
direction of movement, a 45° maximum error is expected, al-
though the direction of movement is determined appropriately.
To comprise this issue, we increase the error bound of tracking
results, in accordance with categorized context ordered by the
uncertainty involved. Consequently, the aggregation process in
our system incrementally refines the location information and
eventually reduces the error as small as possible. We presented
this issue and evaluated our tracking model in Section VII-A.

IV. PLACE LEARNING IN LOGICAL PROVIDER

Place learning is to discover semantically meaningful POIs,
and to determine logical identification of POIs. Most of the
current location technologies simply provide geographical lo-
cation. This information alone is insufficient for place learning,
because the physical location is not generated exactly at the
same place, despite the fact that a user generally has a simi-
lar life pattern every day. In addition, physical information is
not enough to distinguish places that have similar geocode, in
different floors, for example. Logical identification is an effec-
tive alternative to physical location. With logical information,
the system can determine if two places are logically identical,
although geographical coordination is unclear.

Place learning considers discovering and identifying POIs.
In order to discover POIs, we exploit the accelerometer signal
and stable scan of pervasive Wi-Fi APs. The system uses room-
level fingerprint to generate/identify logical location. We define

POI as a location that a user has stayed for a certain period
of time. The “stationary” activity is easily monitored by using
the variance of the accelerometer signal. When the “stationary”
activity is continuously maintained, the place is considered as
POI. We identify three types of places: a visited place, a new
place, and not a place. Deciding a place is done by monitor-
ing the stable basic service set identifier (BSSID) scan for a
fixed window time [20]. However, determining a visited place
is a relatively difficult task due to signal interference and envi-
ronmental changes in indoor environments [21]. A system can
generate a significantly different received signal strength (RSS)
vector if the user visits the same place at different times of day.
In order to overcome these challenge, we used a room-level
fingerprint scheme for place learning and optimized an RSS
model that reflects the nature of pervasive Wi-Fi APs in indoor
environments.

When a stationary state is continuously maintained, the place
is considered as a POI [, . Then, Wi-Fi APs are scanned every
10 s for the fixed time window (e.g., 1 min) to generate a logical
location A, ., that is defined as

-Anew - {aia Ait1y- - ,Cln}.

Here, n is the number of AP, and a; is the i;;, AP that contains
BSSID, service set identifier, number of scan count, mean of
signal strength, standard deviation of signal strength, and last
scanned time. We used a scan window to perform multiple scans
to tolerate noisy signals [20], [22]. Given the observed POI set
L ={ly,li,ls,...,Ix}, room-level identification is classified
as

.. . N .
classify (loew ) — {VISIted, if(V_ o S, lnew ) = true)

new, else

where \/ is the logical “or” operation and S is a similarity
decision function. § is computed by combining three methods:
a weighted BSSID matching, a distribution comparison method,
and the rms of signal difference.

Suppose that a similarity decision should be made for two
locations, I;, and [,y ; we first calculate the weighted BSSID
match rate, which is similar to Sgrensen’s similarity index [23].
Let A;. be the set of APs scanned at location [, and A, the
AP set scanned at [, ; the BSSID match rate is computed as

Ar ([ Avew . . .
T4 -In the equation, the scanning count of APs is used.

If the match rate between two places is low (e.g., below 0.5),
we consider these places different ones. When the match rate
exceeds a certain threshold (e.g., above 0.5), the signal strengths
of each AP are compared.

We defined an AP as a “large-set AP” if the scanning count
is sufficient to make a distribution (e.g., more than 20 times);
otherwise, it is called a “small-set AP.” We use the rms of sig-
nal differences to compare small-set APs, and the large-set APs
are compared by their signal distributions. We model the noise
variance of Wi-Fi signal as a Gaussian distribution, which is an
efficient localization technique for use on resource-constrained
devices, because of low computation overhead and modest stor-
age requirements [24], [25]. We then surmise that the AP X’s
signal distribution, for example, contains a signal of AP X in
other location within a range of £3 standard deviation to deal
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Fig. 6. RSS model and matching process. When one place does not have a
specific AP, we compare it with the minimum signal strength (—100 dB) of the
Android stack.

with the variation of the interference within 99.7% of the Gaus-
sian distribution.

Fig. 6 summarizes the metrics used in the RSS model and
matching process. The function for similarity decision is com-
puted for all places within the error bound of the generated
place. If a candidate place is classified as new, a new POI is
generated and added to the POI set. Otherwise, physical loca-
tion information that has a larger error bound is removed, and
RSS values are aggregated. The metric is further evaluated in
Section VII-B.

V. SYSTEM ISSUES

A location provider in mobile devices should seriously con-
sider issues of both energy consumption and privacy protection.
The battery lifetime of a mobile device is a critical attribute es-
pecially in smartphone. Meanwhile, mobile phones are closely
tied to daily life in modern society. People carry mobile phones
wherever they go and store substantial amount of personal in-
formation in the device. Thus, sharing the information stored
in mobile phones may cause a privacy problem. A location
provider is particularly exposed to privacy concerns because the
system easily knows a user’s location.

A. Energy Consumption

Minimization of energy consumption of mobile devices
should be carefully considered in continuous sensing such as
everyday location monitoring. To design an energy-efficient
mechanism, we conducted experiments to understand the power
consumption of each component in a smartphone. We used PXI
and LabVIEW from National Instruments to measure the cur-
rent consumption of several components, such as the CPU, ac-
celerometer, electronic compass, GPS, and Wi-Fi in the HTC G1
smartphone. PXI and the battery connector of the G1 were seri-

TABLE 1
ENERGY CONSUMPTION OF EACH COMPONENT IN AN HTC G1
Operation Energy (J) Note
Idle 1.60
CPU Busy 27.73 Infinite loop
Level 1 4.36 2~4 Hz
Accel Level 2 8.04 8~10 Hz
Level 3 19.24 16~18 Hz
Level 4 21.93 28~32 Hz
GPS ON 30.70
Wi-Fi Scan 4.03 Every 10 seconds

We averaged several measurements for one-minute durations.

Generates Generates
| :I’ainl in Path | : Foints of Interest
Stationary : Moving 4:-=Sl:|lim;ary

L
Accr-1v'1 | Ace-Llv3 | Acc-lv3 Acelvl JAccivi
| Comp®-Lv 3| Comp-Lv 3 1
I GPS ON

e
in

lAtc-L\:l

=

W

=
P

Current (A)

=

0 10000 20000 30000 40000 50000 60000

Running Time {ms)

Fig. 7. Current consumption in an HTC G1. Each component is activated
according to our decision rules. We set the time threshold to several seconds
to present the overall trend (*Acc: accelerometer, Comp: electronic compass,
Thm: thermometer, Lv: level).

ally connected to measure current consumption. The measure-
ment frequency was set to 5 kHz. Instead of using the battery,
we used a dc power supply to deliver constant voltage (4.2 V)
to maintain the measurement consistency. All background ser-
vices in G1 were stopped to obtain an accurate measurement.
Table I summarizes the energy consumption of each component.
Since the accelerometer running shows low energy consump-
tion, we used the accelerometer with the slowest frequency to
recognize a user’s activity (i.e., stay and move), which is used
as a trigger to activate the other component. Fig. 7 illustrates
the current consumption scenario that generates POI under our
decision rules. The accelerometer is always ON because of its
low current consumption, and other components are activated
according to the decision rules. Although the GPS and Wi-Fi are
useful components in locating mobile phones, the experiment
revealed that GPS consumes a large amount of battery power,
and scanning Wi-Fi APs is also a costly process. We present the
smartphone’s battery lifetime with LifeMap in Section VII-C.

B. Privacy Protection and Application

The location information of mobile users is critical to their
privacy. A centralized system would not be acceptable to users
who want to hide their location for privacy reasons. We designed
a decentralized location provider for privacy protection. A pre-
constructed radio map in a centralized server is optional in our
scheme, and the user entirely has the right to determine the level
of sharing information. Users select one of four sharing lev-
els: none, life-point sharing, logical sharing, and physical shar-
ing. With the life-point sharing level, a user shares a category-
related life point, which is described in Section VI. With logical
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sharing, users reveal the name of a user-defined category of
place, such as a workplace, food place, etc. At the physical
sharing level, a user shares his/her complete location informa-
tion set, including latitude and longitude.

Application availability depends on the sharing level that the
user would choose. Users can compare their life points in so-
cial networking services at the “life-point sharing” level; this
way, we know who is a workaholic and who spends most of
his/her time studying. At the “logical sharing” level, intelligent
advertisement services are possible. This service automatically
provides sales information or discount coupons in a timely man-
ner when user visits the store. Similarly, logical location infor-
mation is useful for location-based phone profiling. If a user
decides to choose the “physical sharing” level on his or her chil-
dren’s devices, security companies can ensure the safety of the
users’ children. In addition, users may share useful geographi-
cal information, such as locations of open APs or ride-sharing
information. Even if users decide not to share their information,
they can still use LifeMap to check their life pattern. Battery
management is also a possible application, because the system
analyzes the generated data that reflect a user’s life pattern.
LifeMap contributes to improving the quality of human life via
the implementation of various applications.

VI. IMPLEMENTATION

We implemented LifeMap on the Android protocol stack to
evaluate the proposed scheme on commercial mobile phones.
Android is an open-source software stack for mobile devices.
We tested LifeMap on several Android phones equipped with
various sensors, such as an accelerometer, electronic compass,
GPS, Wi-Fi, and GSM. Our implementation particularly fo-
cused on intuitive Ul design and place categorization to induce
frequent user interaction and participation.

Although LifeMap determines the identification of gener-
ated places, the scheme cannot automatically infer the logical
meaning of places for a specific user. Instead of inferring the
logical meaning of places, we provide a place categorization
that supports the user’s lifestyle. First, the user chooses inter-
esting categories from a category set, which may include home,
workplace, study place, food place, gym, etc. The user connects
his/her POI to the selected categories. Once the place is mapped
to the categories, its logical meaning is applied to other places

that have the same identification. The system records one life
point every minute a user stays at a certain place that is mapped
in specific categories. LifeMap visualizes the history of user’s
life points daily, weekly, and monthly. For example, a user sees
how much time he/she spends studying during the current week,
and the user can subsequently modify his/her time spending pat-
tern in the next week. Fig. 8(a)—(c) illustrates the Ul of the place
categorization service.

LifeMap generates location information, as well as other user
context information such as activity, connectivity, and environ-
ment information. We designed the UI to present the generated
user context intuitively, as shown in Fig. 8(d)—(h). The system
provides various information and makes a connection to ex-
ternal services such as weather information. A user confirms
the number of visit days, the average stay time at a location,
connectivity, weather, and a prediction time that will be spent
to reach a certain destination based on his/her history. A user
can check single-day information, such as sensor usage time,
moving distance, and number of steps.

The minor role of these services and Ul is to visualize user’s
life pattern, while the major goal is to understand personal mean-
ing of places and to induce spontaneous user participation for
place labeling.

VII. EVALUATION

We evaluated our system in three aspects: dead reckoning,
place learning, and overall systems. We conducted short-term
experiments to evaluate the dead-reckoning scheme with 55
students. The place-learning scheme and the overall system per-
formance are then evaluated with three students for 8 weeks.

A. Dead Reckoning

We conducted experiments to understand the signal charac-
teristics of the accelerometer and electronic compass generated
in different positions and walking styles of smartphone users.
Participants were given an HTC Hero or HTC Gl to log the
raw data of inertial sensors and GPS signals. Each participant
walked along a 400-m athletic track of Yonsei University four
times and changed the position of the device freely every 100 m.
When we asked the participants to change the holding position
of the device, we did not suggest which direction to grab the
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TABLE I
ACTUAL STEPS OF CATEGORIZED USER CONTEXT
3 Jacket :
o < Hand Pants Hip Jacket : Inside
Wilessmziing | Calling Holding | Pocket | Pocket | Pocket lsitite- Bag
Pocket
ASCI‘:];’I 15,882 | 25,528 | 25,966 | 22,942 | 3,764 | 27,830 | 3,260 10,932

Participants mainly positioned mobile phones in their favorite positions, such as hand holding, in
pants pocket, and in jacket pocket.

phone. We observed the motion of participants and recorded the
orientation of the devices.

The position of a smartphone on the human body significantly
affects the performance of dead reckoning. We now present the
performance of the proposed dead reckoning in various smart-
phone usage and related positions. The accelerometer signature
of human footstep is characterized by rhythmic oscillations.
Right and left steps produce slightly different oscillations since
aphone is normally placed on one side of the human body. Thus,
we define two peaks as one unit to distinguish steps.

We first justify the parameters of peak detection in step count-
ing. We define three parameters, i.e., W, At iy, and Aty .y, that
are required to determine meaningful peaks in oscillations. W
is the windows size which is used to determine the mean and
standard deviation of an accelerometer signal, At,,;, is the min-
imum periodicity, and Aty is the maximum periodicity. The
role of Aty is to eliminate the continuous peaks derived from
shaking or vibrating motions in a short period of time. We set
Atnin as 0.2 s because the average user does not walk five steps
in I s. At ax is a time interval between steps to determine peri-
odically repeated oscillations. Based on experimental data, we
set Aty as 1.5 s, although dynamic control of parameters is
necessary to reflect the variation of walking frequency. Here,
we validate that W is more sensitive to step counting accuracy,
which is computed as

# of measured steps
# of actual steps

step counting accuracy =

Table II shows the actual step counts of 55 participants and
their favorite positions. Fig. 9 shows the results for W = 15,3 s,
and 5s. We found that a short-period window size (i.e.,
W = 1s) induces inaccurate results due to large variations of
standard deviation. The results show that more than 3 s of win-
dow size proved robust with less than 10% error. LifeMap em-
ploys W = 5 s for step counting.

To determine the direction of movement, we defined four
factors as deterministic methodologies: max axis, forward axis,
categorized context, and direction of movement. Fig. 10 shows
the factor accuracy, which is computed as

# of corrected measured factors

factor accuracy =
Y # of measured steps

The accuracy of max axis is meaningless because the move-
ment of a person does not generate a larger acceleration than the
acceleration of gravity. The result indicates that determining the
forward axis is acceptable except in hip-pocket cases. Direction
of movement was measured correctly using a smartphone in sta-
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Fig. 10. Corrected measured factors in each user context (W = 55s). The

accuracy of the direction of movement without a revise method shows about
60%, which should be revised for accurate tracking.

ble position such as messaging and calling cases, but the other
cases should be revised using heading information from the GPS
signal. Heading information is not costly to obtain, since dead
reckoning is used to track users when entering into indoor in
practical scenarios. The revised method improves accuracy into
larger than 90% in every case as illustrated in Fig. 10. Fig. 11
shows the traces of experiments. The messaging case produces
the most accurate result, as shown in Fig. 11(a), because the
device is stable and screen orientation is obvious to decide di-
rection of movement. In the hand-holding case of Fig. 11(b), the
incorrect detection of the direction of movement can be revised
using the available GPS signal. Fig. 11(c) shows the inherent
shortcoming of the proposed algorithm. The trace was twisted
since the device is on a slant to the actual direction. The heading
difference directly affects the accuracy of the tracking result.
Fig. 12 illustrates the difference between the actual direction
of movement and the measured direction. A smartphone in the
hand-holding case shows relatively small difference, while ap-
proximately 20—40° errors were shown in the pocket case.

We now present the performance of the proposed tracking
model in comparison with GPS. We found that a GPS signal is
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Fig. 12. Difference between actual movement direction and measured
direction.

insufficient as the ground truth, because of the error shown in
Fig. 11. Thus, the ground truth was manually calculated through
Google Map. The error distance was evaluated by using the
following metrics: GPS error (GE) and average error (AE):

GE = Z(
AE = Z(

where GPS; and LM; represent the user locations reported by
GPS and LifeMap, respectively. R; is the manually calculated
coordination for reference. K is the number of coordination
from GPS, and NV is the number of steps. We synchronized the
tracking result to the reference coordination based on the re-
ported time. Fig. 13 shows the performance of dead reckoning.
Messaging and calling cases showed an approximately 15-m
error, while pocket cases showed about 20-35 m because of
the discordance between actual direction and measured direc-
tion. The place learning compensates cumulative error in finding
POIs. The system refines the location information of POIs based
on historical data, as described in Section VII-C.

GPS

) , where 75 = distance(GPS;, R;)

LM

) , where '™ = distance(LM;, R;)
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Fig. 13.  Error distance of dead reckoning. The performance of dead reckoning

is dependent on categorized user context.

B. Place Learning

We evaluated the place-learning scheme with a long-term ex-
periment. We collected user traces from three graduate students
for 8 weeks. Each student was given an HTC Hero that en-
ables LifeMap as background service to automatically generate
POIs in their daily lives. The participant explicitly labeled place
name of his or her generated POI. The collected traces con-
tained regular work and home routines with class participation.
All participants visited several classrooms located at a walking
distance in a campus during class hours. Each participant used
different transportation: One drives to school for 20 min; the
second participant took a bus to a school for one hour; the other
took a subway for about 30 min.

Fig. 14 shows the collected user traces. There are 226 POIs
with 2108 visits, 1154 moving nodes, and 1658 APs. Among
226 places, 12 places remained unnamed because these places
may not be meaningful to the users. We used 214 named
places for evaluation. Logical location comprises automatically
constructed information (i.e., Wi-Fi fingerprints) and manually
labeled information (i.e., place name). We performed the place-
learning scheme without manually labeled information, which
is only used as the ground truth.
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Fig. 14.  Collected user traces.
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Fig. 15. Defined terms for place recognition.

We evaluated the performance of matching using the brute-
force method. We defined terminologies to distinguish various
matching results: correct match, wrong match, divided place,
and correct mismatch as shown in Fig. 15. We used accuracy
and precision as follows:

# correct match + # correct mismatch

accuracy =
y # total matched cases

# correct match

precision = # total matched cases — # correct mismatch’
Our RSS model uses three thresholds to ascertain the iden-
tification of places: BSSID match rate t;4q, signal difference
threshold ¢,,,5, and distribution match rate t;. Among these
thresholds, the BSSID match rate is most insensitive to interfer-
ence problems because it does not use signal strength. We first
evaluated the weighted BSSID matching to confirm the trend of
RSS values. High threshold forces decreased aggregations (i.e.,
correct mach and wrong match), but increased nonaggregations
(i.e., divided place and correct mismatch). Precision informs
that a low threshold of ¢, is more efficient than a high threshold
as shown in Table III. Fig. 16 illustrates the trend of RSS values.
The result indicates that rms of a signal difference serves as
a factor to prevent wrong match when ;4 < 0.6, and distribu-
tion comparison is superior in correct match cases. We set the

TABLE III
NUMBER OF POI RECOGNIZED BY THE BSSID MATCH METHOD

4 Correct Wrong Divided  Correct Accuracy  Precision
“@ | Match Match Place Mismatch Y
0.2 | 1453 700 75 20485 0.96 0.65
0.3 | 1420 472 108 20713 0.97 0.71
0.4 1353 345 175 20840 0.97 0.72
0.5 1215 184 313 21001 0.98 0.71
0.6 | 1021 113 507 21072 0.97 0.62
0.7 740 47 788 21138 0.96 0.47
0.8 482 24 1046 21161 0.95 0.31
09 ] 160 4 1368 21181 0.94 0.10

Precision is more effective factor than accuracy since the correct mismatch is significantly
larger than other cases.
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Fig. 16. Trend of (a) rms of signal differences and (b) distribution match rate
derived by BSSID matches. An ideal standard is one that includes correct match
and excludes wrong match. Strict threshold (¢;q > 0.7) narrows the difference
between correct match and wrong match cases.
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Fig. 17. Comparison between BSSID match results and combined method
results.

threshold of BSSID match rate to 0.4 and 0.5, and evaluated the
performance of the combined method under various thresholds
(trms = 12,14, 16 and t; = 0.5, 0.6, 0.7) to understand its influ-
ence. Fig. 17 shows the results for only four cases. The influence
on strict threshold (¢,,,s = 12 and t; = 0.7) is clearly shown in
the divided place, but the effect of reducing wrong match cases is
relatively small. We decided to use a loose threshold (t;g = 0.4,
tims = 16, and t; = 0.5) to maximize reduced wrong match
with minimal increased divided place.

To investigate the improvement of LifeMap in place recog-
nition, we compared LifeMap with BeaconPrint [20], which
recognizes two places as the same when the overlapping set of
beacons contains more than 0.68 to accept within 1 standard
deviation of a standard normal. One of the LifeMap’s strengths
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is recognizing short visits, as illustrated in Fig. 18. LifeMap
is also superior to reduce divided places because of the loose
threshold of BSSID match rate. The wrong matched places are
noticed in adjacent rooms (e.g., 358 to 353C) or similar loca-
tions on different floors (e.g., A542 to A646). Divided places are
noticed in places that are visited less frequently (i.e., average 1.3
visits). Nonstatic AP, such as the Wi-Fi gateway in a vehicle and
mobile device, is a major factor in the deterioration of the per-
formance of place recognition in a divided place. The proposed
scheme is acceptable to recognize visited places, although it has
inherent limitations in terms of distinguishing closely packed
places when the number of visits is small.

C. Overall Performance

In this section, we evaluated the performance of LifeMap in
comparison to GPS and SkyHook [11]. During the experiment
period, LifeMap automatically generated a physical location
of POI through three methods: GPS, GPS with SkyHook, and
LifeMap (i.e., GPS with dead reckoning).

Dead reckoning is a stand-alone method that always decides
the location of POIs. Thus, if the dead-reckoning scheme gen-
erates the reliability of tracking results and the place-learning
method correctly matches identical places, the system can incre-
mentally refine location information with an increasing number
of visits. The required condition to this scenario is that error
bound should include actual location. The proposed system uses
error bound to measure the reliability. Fig. 19 shows an over-
all scenario of LifeMap. The system generates user’s POI with
error bound in daily routines, but the result of dead reckoning
varies, depending on daily situation, as shown in Fig. 19(a). Log-
ical location is employed to aggregate identical POIs into one
POI that has minimum error bound as illustrated in Fig. 19(b)
and (c). Consequently, LifeMap provides most accurate physi-
cal location based on historical information. On the other hand,
SkyHook provides a similar location because of the precon-
structed radio map stored in the server. SkyHook generates
relatively inaccurate indoor locations near the roadway, since
offline training was typically performed by war-driving in the
outdoors. In LifeMap, however, the physical location becomes
close to the actual location as the number of visits increases.

Fig. 20 shows the performance of GPS, SkyHook, and
LifeMap. GPS has poor coverage for POIs, and SkyHook is also
inferior to LifeMap in coverage aspects as shown in Fig. 20(a).
LifeMap always estimates a user’s location, whereas GPS and
SkyHook fail to provide location information with the ratio of
79% and 37%, respectively, for visited POIs. Even though GPS
and SkyHook are available at POI in indoor environments, they
produce locations with poor accuracy and large variations. On
the other hand, LifeMap generates accurate location information
as the number of visits increases. This means that our system
automatically refines location information in daily life. The re-
sult indicates that users can obtain location information within
about 30 m if the visit number is more than 10 and within about
15 m if it is more than 20. The empirical result shows that the
proposed scheme outperforms both GPS and SkyHook in loca-
tion accuracy, when the visit count is more than 6, as illustrated
in Fig. 20(b). Although the accuracy in our scheme is depen-
dent on the number of visits, the proposed scheme has clear
advantages of being a decentralized and personalized scheme
with which a user gradually constructs his/her own radio map
in his/her daily life without offline training.

We report energy consumption of sensing and localization
mechanisms through the battery lifetime of the HTC Hero. GPS
and SkyHook were experimented to sample the location every
10 s. In addition, we measured the PlaceSense [22] mechanism
that scans Wi-Fi APs every 10 s without server communica-
tion. This scheme is a representative method of a Wi-Fi-based
place-learning system. For LifeMap, we measured lifetime in
two states: “stationary” and “moving.” We continuously use
an accelerometer with the lowest frequency in the “stationary”
state. In the “moving” state, we employ an accelerometer with
electric compass continuously and turn on the GPS every 3 min.
Table IV shows the individual battery lifetime for each sen-
sor/localization scheme. During the experiment, the backlight
of screen is always ON with minimum brightness to prevent
sleep state. Thus, the measured lifetime is underestimated over
the actual lifetime. We estimated that battery lifetime is less than
28 hif “moving” state is about 20%, considering that the average
movement ratio of a typical user is under 20% in one day [26].
We believe that smart duty cycling based on user’s mobility is a
future part of our work to minimize energy consumption.

VII. RELATED WORK AND DISCUSSION

We first compare our system with prior works in three aspects:
inertial sensor usage, place learning, and a location provider for
everyday tracking. We then discuss a number of issues that
would improve the proposed system.

Robertson et al. [27] suggested “FootSLAM,” which is a
simultaneous mapping and localization system for pedestrian
navigation in indoor environments with a foot-mounted IMU.
FootSLAM provides a positioning accuracy of 1-2 m without
map information. However, a foot-mounted approach is im-
practical for smartphone applications, and the particle filter de-
mands nontrivial computation time, which is not acceptable on a
smartphone. In detail, FootSLAM requires 200 MB storage and
30 min computation time on a 2.4-GHz Pentium core to achieve



CHON et al.: AUTONOMOUS MANAGEMENT OF EVERYDAY PLACES FOR A PERSONALIZED LOCATION PROVIDER 529

« &« User trace

5.7 POI generated by LifeMap & POI generated by SkyHook ? Ground-truth of POl @ Point which is made while a user moves

L Lt

Mountain Bivg

(a)

Fig. 19.

(b) (c)

LifeMap scenario generating accurate POI via an aggregation process. The yellow circle is an estimated error bound of LifeMap. The ground truth

was manually calculated through web-based Google map. (a) Daily trace of way to work. The error boundary was estimated based on user context and available
heading information of a GPS signal. (b) LifeMap generates POI through smartphone-based dead reckoning. (c) Identical places are aggregated into one place that

has minimum error bound.

. LifeMap
== GpS
| 1 SkyHook

Location cove rage
L

T T T T T T T

0 100 200 300 400 500 600 700 800
Total number of visits
(a)
140

rg 120 - == L‘ifcMap
f 3 GPS

£ 100 - 1 SkyHook
ot

S 80 -

=

260

2

= 40

o

= 4

= I [

= T T T T T
1 Visit 2-5Visits  6-10 Visits 11-20 Visits  21- Visits
Total number of visits to the place
(b)

Fig. 20. (a) Location coverage and (b) average error distance of each method

from real-life traces. LifeMap refines location information as the number of
visits increases.

accurate mapping of 700 s of data. Closely related to our work
are CompAcc [28] and SparseTrack [29], which employ an elec-
tronic compass and accelerometer in mobile phones to track hu-
man movements. CompAcc estimates a person’s walking pattern
and matches it against possible path signature from a map that
is not always available in indoor environments. SparseTrack
compensates accumulative error of dead reckoning by using
additional infrastructures (i.e., ultrasonic sensors). Conversely,
both systems do not consider free movement of humans. Users
should, therefore, manually adjust their direction of movement

TABLE IV
BATTERY LIFETIME OF GPS, SKYHOOK, PLACESENSE, AND LIFEMAP
LifeMap
Idle | GPS | SkyHook | PlaceSense Sttt | W
. - Accel
Using | | gpg | WiFiSean | uipicoan | Accel | Comp.
sensor WiFi Comm.
GPS
LA | 4o [ 155 20.1 275 322 102
(hour)

The backlight of screen is always on to prevent sleep state.

to the direction faced by the phone’s back when the phone is held
statically. In contrast, our system automatically finds movement
direction, based on various user contexts, to manage free move-
ment of humans in everyday lives. In addition, LifeMap utilizes
Wi-Fi fingerprints to revise drift error of dead reckoning, which
is a practical approach in pervasive Wi-Fi environments.

Place learning consists of discovering and recognizing POlIs.
BeaconPrint [20] discovers POIs by determining stable scans
continuously for a defined time period, since the scanned APs
are unchanged if a user stays at a certain place. The system uses a
number of beacons to recognize POIs. PlaceSense [22] improves
the discovering algorithm of BeaconPrint to detect the arrival
and departure from a place by exploiting pervasive RF-beacons.
The system uses radio beacon’s response rates to achieve a ro-
bust beacon inference. This technique enables detecting POI,
while a user moves. Although an accelerometer-based discov-
ery approach in LifeMap may miss such places, LifeMap is an
infrastructure-independent approach and is superior in energy
consumption. In addition, we added a distribution comparison
to the recognizing method to handle signal interference in in-
door environments. SurroundSense [30] focuses on recognizing
logical localization in indoor environments. The system utilizes
Wi-Fi, accelerometers, microphones, and cameras to generate
an ambience fingerprint of places. Extracting features from the
microphone and the camera is unique, and the coverage of
logical location is expanded to regions that do not have Wi-Fi
coverage. LifeMap focuses on managing Wi-Fi signal because
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the performance of SurroundSense is largely dependent on the
properties of the scanned Wi-Fi.

EnTracked [16] is a robust position tracking system in GPS-
enabled devices. The system is configurable to realize differ-
ent tradeoffs between energy consumption and robustness. En-
Loc [13] combines GPS, GSM, and Wi-Fi schemes for energy-
efficient localization. The system exploits human mobility pat-
terns to predict users’ locations to minimize sampling counts.
Both EnTracked and EnLoc have a similar goal to our system,
i.e., obtaining localization in everyday lives with efficient en-
ergy consumption. Each system has different characteristics,
such as a robust delay model and mobility pattern-based loca-
tion prediction. Compared with previous systems, LifeMap is
distinct in its ability to provide location information in indoor
environments. We also combine logical localization to refine
geographical information.

A. Discussion

Although LifeMap is presented as a practical location
provider in our work, a number of issues still need to be re-
solved efficiently.

1) Enhancing Tracking Model: Our tracking model has an
inherent problem dealing with heading differences and calibra-
tion of walking frequency. Currently, we restricted the direction
of movement within the line of the sensor’s axis. If the device
is on a slant to the actual direction, 45°0of maximum error is
expected, although the direction of movement is determined
appropriately. Although the system incrementally refines the lo-
cation information with the aggregation process, the direction
error deteriorates the accuracy of a tracking result in each case.
Thus, more work is needed to compromise this limitation.

The constant parameters, such as window size, maximum pe-
riodicity, and stride length, may generate incorrect results if a
user changes walking frequency dynamically. Cho et al. pro-
posed “AutoGait,” which adaptively estimates a user’s stride
length using accelerometer and GPS [31]. AutoGait provides
an autocalibration method by investigating the relationship be-
tween step frequency and stride length. This method can be
integrated into our system to eliminate the error derived from
the use of constant stride length.

2) Error Bound Estimation: The error bound is important
for the validation of generated information. Although the sys-
tem generates inaccurate location information, the error bound
should include actual location and be measured as tightly as
possible. LifeMap initializes the error bound from the accuracy
of GPS, and increases the error bound by the measured moving
distance in a dead-reckoning scheme. Two cases are possible
for incorrect estimation on error bound: error in initialization
phase and movement without walking. For example, if the GPS
estimates error bound as 4 m, even though it is 100 m from
an actual location, our system generates error bound that does
not include the actual location of the POI. LifeMap may also
produce an incorrect location when a user moves with a vehi-
cle into an underground parking-lot of a building, for example.
The dead-reckoning scheme estimates the current location near
the previous location that was generated in transmit, since a user

normally moves vertically from a parking-lot to a POl in a build-
ing, for instance. An intelligent hands-off scheme in SkyHook
is an alternative solution in this case.

3) Smart Duty Cycling: The current activity-based decision
rule uses a naive approach to turn ON sensors, while a user
moves. A sophisticated mechanism is necessary to minimize
energy consumption based on collected life patterns. We plan to,
therefore, automatically generate a mobility tree based on life
patterns. The system may find repeated daily routines, which
does not require a big effort, for locating. The system can then
focus on providing location when it has a larger degree of un-
certainty due to the great variation of life patterns.

IX. CONCLUSION

In this paper, we presented the design, implementation, and
evaluation of LifeMap, which provides an autonomous con-
struction of a personalized POI map for the development of
advanced mobile services. The core component of LifeMap is
a location management scheme that provides physical and logi-
cal location information in everyday lives. Each user constructs
his/her own POI map incrementally without a centralized server.
We minimized the energy consumption of a device by using a
minimum set of sensors based on user activity. User privacy was
also considered by designing a decentralized system.

Our belief is that the proposed approach complements current
localization technology, taking an important step to expand the
domain of mobile services to indoor environments in daily lives.
Although LifeMap focuses on the major source of user context
(i.e., location), we believe that our approach is a building block
toward a sophisticated system that provides various user context,
including both location and situation.
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