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Abstract—

Location-aware applications are steadily gaining populaity
across the world. However lack of GPS in low-end programmats
phones & $100) and general absence of Wi-Fi infrastructure
in developing countries prevents users of low-end phones @n
jority of population in developing countries) from using such
applications as their phones can not get location. GSM-bade
approaches, such as using Cell IDs, have been developed asyth
do not require specific hardware on phone and need no additical
infrastructural support. However, Cell ID based approaches
require access to a comprehensive database of Cell IDs which
does not exist in developing countries and its growth is not
promising either.

In this paper, we present a novel GSM-based approach of
using Cell Broadcast Service (CBS) messages for localizai.
Unlike Cell ID based approach, our approach does not depend
on comprehensive database and can run on programmable low
end phones. We demonstrate the effectiveness of our apprdaon
data collected in New Delhi, India. We further propose two spce-
time history based algorithms to improve upon the localizaibn
accuracy of our baseline CBS approach. The proposed algohis
provide up to 35% improvement in accuracy over the baseline
method. We test our algorithms for two different cell phone @er-
ators and show that the algorithms perform consistently beter. At

3) GSM based Positioning: There are two kinds of
GSM positioning approaches: Base station assisted and
Independent. Base station assisted approaches require
installation of sophisticated component on base station
and hence require assistance from operator. Base station
independent GSM positioning approach is based on
Cell ID, where like WiFi based positioning system, a
perceptual map of GSM Cell towers is created using
war-driving and this is queried to estimate the current
location of the phone.

This method does not require any extra hardware and
easily works on phones having GSM connection (app.
85% of phones). This approach have low accuracy
than GPS and WiFi (app. 100-1500 meters) which in
turn depends on many factors like coverage of Cell ID
database, Cell ID density in an area, visibility of Cell

IDs on phone etc. as we will discuss later in the paper.

Mobile phones having GPS and Wi-Fi capabilities are

costly, so a large number of phones do not have them. It

is predicted that for the next five years, over 50% of the
can be built using CBS based localization. phones will not have GPS [5]. Also in most part of the
|. INTRODUCTION world, WiFi network is not available. Apart from cost, mabil

User location has been an integral part of user context ri)pones (?re_ h_'%h'Y enﬁrgg constrained a?(? CO”“T”i use ?f
delivering context-aware services such as navigatiorvigct GPS and WiFi drains the battery very quickly. For the class o

recognition, local business search, and friend finder sesvi gp[lalhcattl)ons (tjhgtsdo Inot T,un,'re f'nf) grameo_l Iodcitlon. % er_d
etc. Interestingly, all context aware services do not nexjui ell 1D base M localization is better suited due it its evi

vailability and low power consumption. In fact for low-end

same level of accuracy for current location. For instanc@h : - . . .
navigation applications require high level of accuracy ( 18Mones (without GPS/Wi-Fi capability) as found majorly in

meter) whereas if one has to share location with online i;oc?aﬁlvebp'n? c_ountnes, tt'1hlsh IS bedst Slé'ted [171. Hoyveveh,ai;
networks, required location accuracy could be in hundréds gllowing limitations which need to be overcome:

mete'r. Many techno!ogies/appro_aches are available_toumeas 1) According to GSM standards, a phone can receive
user’s current Ipcat|on on mobile phone. The majorly used signals from 7 different Cell towers [16]. But most of
ones are following: _ the phones can access (using APIs) to only one Cell
1) GPS (Global Positioning System) Highly accurate tower to which the phone is currently connected [13].
(app. 10-100 meter) satellite based approach and most e to this, Cell ID based approach offers a coarse

common for high-end phones. However, it is high  grained accuracy. In this paper, we will focus only on

energy consuming, requires special hardware, and only single Cell ID based localization.

W(_)rl_<s outdoors._ o _ ) For Cell ID based localization, perceptual map (Cell ID

WiFi based Positioning: A perceptual map of wireless database) has to be created by wardriving. Wardriving is

APs identifier with respective signal strengths and ey costly because it is practicaly impossible to cover
approximate location is created by wardriving and stored  ,ch and every street of a country to create database

in a database. The mobile phone queries this database , cell |ds. There are few crowd-sourcing based open
to estimate current location. Though it can work indoors ¢ rce Cell ID database, like Open Cell ID, which have

but it is also high energy consuming and requires special only few entries and they too become obsolete due to
hardware besides needing the Wi-Fi infrastructure which |5 of participation.

does not exist in majority of countries.

the end, we present potential location-aware applicationsvhich
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(@) In whole dataset, Min-Max bars representing minimum and (b) Only for single cell ID, X-Y scatter plot for showing variaac
maximum distance between two position into same cell ID. Forin RSSI difference vs distance between two positions intnesa
instance, for a difference of 14 dBM in RSSI, distance betwee Cell ID. For instance, two points with RSSI difference 21 dBM
those points can range from 0 to 4000 meter can have a distance of 0 to 500 meter

Fig. 1: RSSI analysis on self collected dataset

We propose using localization

I TTEE Cell Broadcast  The paper is organized as follows. Section Il describes
m—— Service (CBS) related work and problem definition. ~Section Il presents
= sevakrar to provide i7ati i i i
e messages CBS based localization architecture and Section IV disesiss
= MOVIE MASALA 51010 localization for low chajlenges associated with it. Section V presents two algo-
= Mansaram Park end phones. CBS yithms, which enhance accuracy of CBS-based localization
mEMoIE MAcLAS 1010 is @ GSM standard gyer paseline approach. In Section VI, we present evalua-

where nearby Cell tion of proposed algorithms using collected data. We presen
towers  broadcast potential applications, whose demand for location acguisc
their locality name. gatisfied by our CBS-based approach, in Section VII. Fipally

A phone can receive e conclude in  Section VIIL.
CBS messages

Fig. 2: A native application in Nokia Symbian
phgne displaying ﬁ’g’st six received CE{S Mes.from only one Cell [I. BACKGROUND AND PROBLEM FORMULATION

sages tower to which it is

Prior work related to GSM-based localization can be divided

currently connected. . T i
Our proposed scheme removes the necessity of building nﬁo two_ca_ltegones. (A) Cell ID-based Approaches and (B)
Wgerprmtmg-based approaches.

ID database and can suport location aware services whic
do not require fine grained accuracy. Figure 2 shows M Cell ID-based Approaches

native application in Nokia Symbian phone displaying last |, this approach, Cell IDs are fetched using phone APIs, and
six received CBS Messages. looked up in an existing database to provide localizatian. T
The primary contributions of the paper are as follows: ¢ pegt of our knowledge, none of the mobile phone operators
1) To our knowledge, ours is the first study to proposgyeal exact location of the Cell towers. Hence, Cell tower
and evaluate CBS messages to provide localization f:ation is approximated using crowd sourcing/war driving
low-end (those without accelerometer and GPS) mobilg,i3 \hich could be several hundred meter away from its

phone users actual location. If there are multiple visible Cell IDs, the
a) Architecture of a system that uses CBS messaggsproaches compute some function, e.g. centroid, of all the

for localization _ o ~geo-coordinates (latitude and longitude) obtained from th
b) Identification of challenges in realizing workinggatabase.
System As discussed above, there are limitations on how much

2) TimeWeightecand FrequencyWeightedlgorithms, the- yisibility phone APIs provide to third party developers for
oretically suited for fast and slow movements respeggcessing Cell IDs. Many of prior works assume that phone
tively, to improve localization accuracy over a baselingp|s provide access to multiple Cell IDs, as far as seven, at a
approach, time [16]. However, Ramesh et al [4] tested on Symbian OS

a) Evaluation of accuracy of the algorithms using 5fbr N95 and Android OS for GI phone and found that it gives
traces of real data for two different operators  access to only one Cell ID to which the phone is currently

b) Improvement of up to 35% in accuracy over bas&onnected. On the same line, Nurmi et al [15] have found that
line approach all the Nokia S60 and Nokia 900 also give access to only one

3) Potential applications that can work on the accuracyell ID. This significantly reduces accuracy of the locdiiaa
provided by our approach of using CBS messages fas compared that obtained had there been access to seven Cell



IDs. Google Mobile Maps’'(GMM) My Locatiort app works  An RSSI difference is the absolute change in the RSSI, for a
on a single Cell ID-based approach, where it provides a medigiven Cell ID, when user moves from one location to another.
localization error of 656.37 meter for a rural area and 583.8n our database, we had 24064 unique RSSI difference values
meter for an urban area, as tested by [3]. The localizatimor erfrom 410 unique cell IDs. We plot maximum, minimum,
depends on density of cell towers. Since in urban areastgensind average distances for each RSSI difference. As seen in
of cell towers is high, so this method will give good locatiorrigure 1a, the average difference is almost constant forl RSS
accuracy. difference ranging from 1 to 9 dBm. We zoom in on one cell

As identified in Section I, it is hard to get a comprehensii® and plot the data (Refer Figure 1b). We see the similar
database of cell IDs. There are some proprietary databagdeshavior for RSSI difference ranging from 1 to 6 dBm. This
such as one used by GMM, which are not publicly sharedoncludes that RSSI is not a good measure for GSM-based
There exist open source initiatives, e.g. OpenCefldhd Cell localization as one observes similar RSSI values between tw
Spotting®, which build their database using crowd-sourcingoints with large physical distance between them.
To check the coverage of open source cell ID databases, we
selected two widely used operators in New Delhi. We call
them X and Y for anonymity. On our self collected dataset
of Cell IDs for operators X, we have found that out of 252 ((( )))
cell IDs, OpenCelllID contained only 65. For operator Y, the _g&
number was only 21 out of 164 as shown in Table I. We ;ase
cannot find out comprehensiveness of the GMM as it is not Station
publicly available.

Crowd-sourcing for building cell ID database seems to be
in-effective due to (A) lack of incentives as people need to
incur airtime charges for contributing to the databases(8hd

Geo-coding

lack of GPS-enabled phones in developing countries. Fig. 3: Architecture of CBS based Localization System
Ill. ARCHITECTURE OFCBS-BASED LOCALIZATION AND
Operator | No of cell IDs | Found on OpenCelllD % PILOT COLLECTION OF DATA
X 252 65 31%
Y 164 21 13% The CBS messages are broadcast by Cell towers to all

TABLE I: Success rate of Open Cell ID (most extensive opdR€ Phones in its range [2]. CBS is defined in the phase II

source database of cell IDs) on our dataset collected in N&y GSM standard 3.49 [1]. The users need not pay airtime
Delhi region charges to receive CBS messages, even while roaming outside

of their home area. The CBS messages are commonly used to

broadcast information about weather forecast, landmaida/

names, news, announcement by governments, etc. All this
In this approach, RSSI (Received Signal Strength Indinformation can be broadcast simultaneously on differaane

cation) is also collected along with Cell IDs during warnels. A cell tower typically broadcasts the locality/larata

driving. Typically, a fingerprint constitutes Cell IDs, ithe name, where it is located. Channel 50 is reserved for broad-

associated RSSI, and GPS locations that are representedasting location/area names. Most of the phones come with

a vector form. For this approach, database size is larger andlt-in APIs to capture CBS messages.

more effort is needed during war-driving. During the tragki A  Architecture of CBS-based Localization Scheme

phase, Cell ID(s), associated RSSI, and stored vector ggace . : . .

fingerprints is searched using KNN (K Nearest Neighbor) to In this subsection, we describe architecture of our progose

approximate coordinates. Here, KNN uses euclidean dietar§c9|Ut'(,)n to use Iano]mark names in thg CBS messages t0.f|nd
sers’ locations. Figure 3 shows architecture of our waykin

in RSSI space as a metric to find closest stored fingerprift [1% )
This approach gives accuracy better than the cell ID-bas EES—based appro:_;lch. Th_e data flows as follows, depicted by
umbered arrows in the figure:

approaches since granularity of stored information is morg .
PP g y 1. GSM base station broadcasts CBS messages, each con-

However, it requires more storage and computation power., . . o . .
faining a CBS string mentioning location name or advertise-

Continuous war-driving effort is required in this approac ent. The messaces are received by our apolication runnin
because signal strength keeps on fluctuating due to chanmge@| ' 9 y PP 9

: : . ... ...on the phone.
physical environment. It works good when there is visipilit 5 It ?he message content is location, then phone checks
of seven cell towers and their respective RSSIs. RecenlltseSlfl0 ' '

demonstrates that RSSI measure from single cell tower is not geo-_coordlnates of.the_ landmark in its local cache. I8it
a good measure to calculate movement [4] not available, the application makes a request to clouébas

geo-coding service.

ttp:/www.google.com/mobile/maps/ 3. Inreply to the.geo-coding request,. the geo-coding servic
2yww.opencellid.org returns geo-coordinates of that location to the phone. The
3www.cellspotting.com application adds it to local cache of the phone. Cloud based

B. Fingerprinting-based Approaches



geo-coding service is likely to get request from many phonebe time in this paper. We list out some of the statistics &bou
using which it builds a cache of all location names witthe dataset in Table Il. We analyze the collected data in the
their geo-coordinates. Phones can download this glob&lecamext section and list out challenges in using CBS message for
proactively to avoid frequent requests to the cloud. localization.

Above described approach is the most basic way of esti _ _ .
mating a user’s location using CBS messages and called q.;i\ifﬁng ;7 Iz Comb'q%d(xw) A D“rat'jg (Minutes)
baseline approach. Baseline approach is identical to Cell f—waing 12 7 Vi 55
approach described in Section II-A.

TABLE Il: Number of travelling and walking traces in CBS
B. Pilot Collection of Data dataset across two different operators X and Y

To characterize accuracy of CBS localization approach, we
collected CBS messages for operators X and Y in an urban
setting of New Delhi, India. Five volunteers ran our data Data from our pilot study brought forth non-trivial chal-
collection application for three month. We have collecteid t |enges that require addressing before even the baseline ap-
data to measure accuracy of the baseline approach andlgossiboach can be used effectively. We addressed some of these
design new algorithms to improve upon that accuracy. challenges in our prior work [9], [10] but this paper present

Our data collection application is written in J2ME. Wecomprehensive analysis with a bigger dataset.
have tested it on Nokia 86_0 and N_okla S40 phones. Thou/g\'h Filtering of Advertisement Messages
we have collected data using Nokia phones, we have found . ] ) -
that nearly all Java-enabled phones provide APIs to receivéCBS messages contain advertisements in addition to loca-
CBS messages. For example, the phones from Samsung, S#Hy names. It is essential to filter out these adverusemgnt
Ericsson, Black Berry, etc work fine but their APIs to get athdn ¢ase of X, we found that number of advertisements differ
location information like Cell ID differs since each proeid @mong operators X and Y, as shown in Table III.
gives proprietary APIs to access information. Our applicat ,

. . P Operator | Total CBS Messages| Advertisements(%)
can run on all these platforms with minor modifications. < 3106 8%
The application collects CBS messages on channel 50, % 1173 60.53%

records the following details at the time of reception ofag| E |iI: Percentage of Advertisement CBS Messages in
a message timestamp of receipt of the messages, cell ) pataset collected for operator X and Y
MCC (Mobile Country code), MNC (Mobile Network Code),

and GPS coordinates (if GPS is available on the phone).lt was observed that advertisements contain some common
Volunteers were given choices to start and stop applicattonpatterns such as special characters (*')#,%’’@’) oorc

any point of time. After collecting each trace, participaoan tinuous digits like ('55050). Using these two discrimioes,

tag their activity as walking, traveling, or both. Applitat we designed a regular expression to on-line filter all the
provided two methods to upload the trace — (a) using phonedvertisements at the phone itself [10]. We got 100% acgurac
data connection and (b) transferring it to PC first and thén filtering advertisements when the regular expression was
uploading it using PC’s Internet connection. Figure 4 shovepplied off-line to 4279 CBS messages in our dataset.

two traces collected by a volunteer; walking traces is about
3 km long and collected around the campus while travel
trace is around 23 km collected while going from campus to As per our architecture, CBS location messages need to
home. be geo-coded using a geo-coding service like Google Maps.
Among all the on-line maps services, we found Google Maps
= to be most effective, and we have used it for all the exper-
iments in this paper. We obtained 143 unique CBS location
names in our dataset, among which 30% of location names
could not be geo-coded by Google Maps at first. We call
them false negatives. Primary reasons for occurrence ¢ fal
negatives are the following:

b 1) Location names may exist differently (in the geo-coding

IV. CHALLENGES IN CBSBASED LOCALIZATION

Geocoding of Landmark Names

i

nnnnn

(a) Walking trace of about 3 km (b) Travelling trace of about 23 service), e.g. there could be a spelling difference, use of

around the campus km from campus to home short hand abbreviations, or with a completely different

Fig. 4: Representation of a walking and traveling trace from  name. For example, 'Matiyala’ and 'Matyala’, 'Uttam

our dataset Nagar’ and 'Uttam Ngr’, 'Dwarka Sec-3’ and 'Sec-3
Dwarka’.

Nearly half of our traces did not had GPS coordinates due to2) There is no publicly available extensive GIS database.
volunteers being in indoor. For consistency purpose, we hav We have employed following approaches on the location
only considered the traces which had GPS values nearly méimes, that could not be geo-coded directly by Google Maps:



1) Sanitizing Location Names : To resolve the ambiguitgoordinates and mapped them to the corresponding landmark
present in location names, we do a pre-processing mdme received at that instant. Since there were multiple GPS
landmark names before sending them to the geo-codiogordinates mapped to a single location name, we took an
service. Pre-processing algorithm apply following stepmserage of all the GPS coordinates collected for a given-loca
to sanitize the CBS location names: tion name and define that as the calculated GPS coordinate for

a) Replace special - character by a space, gbe corresponding location name. We then calculate the,erro
'‘Dwarka Sec-02’, 'Dwarka Sec-2' and 'Sec-in the localization, for a location name as the distance be-
2-Dwarka’ are converted to 'Dwarka Sec 02'fween the calculated GPS coordinates and the geo-cocedinat
'Dwarka Sec 2’ and 'Sec 2 Dwarka’ respectively.returned by the geo-coding service for that location name.

b) Numerical characters in the location name are Figure 5 shows a bar graph of distribution of error in terms
separated out from surrounding text characte$ percentage of the landmarks names. Out of 143 landmark
e.g. converting 'Dwarka Sec?2’ to 'Dwarka Sec 2'names, 16% of the names could not be geo-coded. About 58%

c) After removing special characters from locatio®f the names which were successfully geo-coded, geo-coding
name, search for popular abbreviations in locatiogfror is more than 600m. This motivate us to build algorithms
names like 'NGR’, 'SEC’, "VHR'’ etc., and replace Which can reduce the error produced by geo-coding.
then with its full form like 'NGR’ for 'Nagar’
followed by a space. We have manually populate
this mapping table from the location names. 0 |

After pre-processing by the above algorithm, Goog
Maps service was able to geo-code nearly 50%
the false negatives. Other 50% of the names were 1

50 4

30

20 —

Percentage (%)

present on map service or existed with a different nan 2+ ’_‘

For instance, the location 'Dwarka Mor’ exists or| o _mm [
Google Maps and can be geo-coded, but same locat TR0 OO stance (meteny o T

with a different name 'Kakrola Mor’ does not exist on

Google Maps. Fig. 5: Distribution of error from inaccurate Geo-coding

2) Use of on-line map based business search servicgetvices. For 58% of the names, error is more than 600m.
For the location names which are completely missing  Heterogeneity in Landmark Names Among Operators
from digital maps or exists with a different name, we
took help of the data present in on-line map-base
business search services like Google local search. Th
business name are often collected through crow

sourcing, so many of the location names (hot foun®

on Google maps otherwise) were present in busine\ggll.Sh(.)W |l;npact|of .operatO{ hiterogenen.y on accytr]zg:%r?f lo
names. After retrieving business names, we appli&ﬁ1 Ization by analyzing results from experiments wit t

K-means to approximate geo-coordinates for a locatiofPerators. The challenge is to tolerate this heterogeneity

However, currently we cound not verify a location's ge0y, A goRrITHMS TO IMPROVE L OCALIZATION ACCURACY
coordinates automatically and we leave it to future work.

We believe that a common algorithm that can work for all the

names is hard to achieve due to non-standard nomenclatlruer%elved CBS message’s geo-coordinates to approximate the

for CBS messages and poor GIS database (specially %:atmn of a user. Baseline approach does not always give

developing countries). However, it is still a one-time task good results due to two inherent errors: one which is caused

. . geo-coding service (described in Section IV-C) and other
geo-code the names which are not automatically geo-codeq Ue to the fact that CBS location names may be far away from

any service and requires much less effort than the War@rwlﬂser's actual location. A key insight towards reducing the
task used by Cell ID-based approaches. . . o

impact of these errors is that we are not taking into account
C. Inaccuracy of Geo-coding Services history of the location names visited by the mobile user.

We are using geo-coding services, e.g. Google Maps, forTo account for location history, we form a vector of
finding geo-coordinates of the location names. There doeation names received by user’s phone in the past. When
inherent errors within these services e.g. a location dallehe user is stationary, the phone often receives multiple
“Dwarka Sec-3" (a neighborhood in Delhi) is not mappedistinct location names as it can associate with different
with geo-coordinates representing the central locatiothat cell towers at different time instances. These location eam
neighborhood. Such errors vary from one location name sometimes may include locations which are far away in real
another and get introduced in the result. From our dataserld from user’'s current location. However, the frequency
we got an aggregate of 143 unique location names from CBS such location names is much smaller than frequency of
messages. During each of the trace, we also collected the G&&tion names which are in close proximity to the current

Similar to cell ID-based approaches, CBS-based approaches

o suffer from operator heterogeneity i.e. broadcast®s C
ycation names for a particular place can differ among opera
rs which may affect localization accuracy. In Sectionwé

Baseline CBS based localization takes the most recently



location in real world. We hypothesize that this frequengy Algorithm: TimeWeighted
difference is a factor of distance between Cell Tower and Input: Location Vector(LocVector) containing CBS location hame

user. Therefore a weighted average based approach where  éception time stamp(ReceptionTime), GeoCoordinates{ba]
and a time out intervah minutes

the weights given to each landmark name is dependent |Oryiyt: Approximate Location Coordinates ie

the frequency of number of received messages with the EstimatedCoordinates[Lat,Lon]
corresponding location name (in a given time window) will begl?ndexzo-
intuitively YVOI’k well for improving t.he |0lca||zat|0n accacy. RunningCoordinates= LocVector[Index].Geo-Coordinates
We call this approaclkrequencyWeighteth the following. Index = Index + 1;
; ; it i while Index < LocVector.Sizelo

For_a slow moving user, since the conditions are §|mllar to TimeDifference = Locvector[index].ReceptionTime -
a static user, thé&requencyWeightedpproach should ideally LocVector[Index-1].ReceptionTime;
provide better localization accuracy. However, a fast mgvi if TimeDifference< A then

RunningCoordinates = (RunningCoordinates +

user waI probably be in the range of a cell tower for a short LocVector[Index]. Geo-Coordinates)/2;

duration and hence will receive a small number of (often else _ _ ‘
only a single) CBS messages with the corresponding location end RunningCoordinates= LocVector{index]. Geo-Coordinates
name. However, it may happen that the currently received Index = Index + 1;

location name corresponds to a location in real world that|is ~ €d . _ N
. . . EstimatedCoordinates = RunningCoordinates;
ahead on the path of the user while the previously received (e EstimatedCoordinates
location name was behind on the path of the user (a typicalend
case when the landmark name is received immediately on
crossing the cell boundary). Therefore, weighted averdge o
the received landmark names with higher weight given to
those that are received most recently, will intuitively impe and stores them in a location vector. All these locations are
the localization accuracy. We call this approd@meWeighted geo-coded using Google Maps API. Whenever any application
in the following. needs current location of the user, the service takes twtati
A. TimeWeightedAlgorithm vector as an input and returns calculated coordinates.

Assuming that CBS messages are received at more than % is important to note that our approach (aimed for low-
certain minimum rate, once evelyminutes,TimeWeightecl- end phones) cannot assume any means, €.g. accelerometer

gorithm considers all the received CBS messages in theqnas?'f GPS, to measure the_speed _Of the user an_d a_ccordlngly
calculate the current location of the user. In other wordseny adapt the averaging policy for improved localization. We

ever there is a long gap (more thaminutes) in the reception, therefore compare the wo approachebrequencyWeighted

the algorithm forgets past history of messages and stafts anTlmgWelghteWV|th the baseline approach empirically for
cumulating new history. The pseudocodelaheWeightedl- cases with slow and fast user speed.

gorithm is given in Algorithm 1. At the first location instasc

the calculated location is same as the current geo-codetina ;|
because there is no history available. Thereafter, thelzaéx
location is the average of the current location and prewous
calculated location. As a result, the weight of previoustamn
messages decreases exponentially with time.

Algorithm 17 Pseudocode ofimeWeightedAlgorithm

EVALUATION OF THE ALGORITHMS' A CCURACY

We now describe the empirical evaluation of the two al-
gorithms, FrequencyWeighte@nd TimeWeighted explained
in the previous section, using our self collected real-diorl
B. FrequencyWeightedlgorithm dataset. We used point-based localization approach asea bas
The algorithm takes a fixed time window in the immediaténe for comparison. The point-based localization apphoac
past,d minutes, and looks at only the received messages éftimates mobile user’s location based only on the lasivede
that time window. As discussed above, this algorithm cate@#S message. This approach is identical to the one used
to improved localization accuracy in the case of static owsl by cell ID based localization approach, including service
moving scenario. TheFrequencyWeightedalgorithm takes providers like Google as described in  Section II-A. We use
similar inputs as that oTimeWeightedhlgorithm, and a time localization error as our evaluation metric which is dis&n
window durationy as described in Algorithm 2. The algorithmbetween actual location (GPS Coordinates) and predicted
first extracts all the location geo-coordinates, in timedew location (CBS based approach). For simplicity purpose, we
§ behind the current time, with their corresponding freqyenavill discuss only one operator’s result (referred to as afuer
of occurrence. It computes weighted average from th@. However, at the end of Section VI-A and Section VI-B,
extracted location geo-coordinates to come up with caledla we also present results for operator X.
coordinates. Time window parameieneeds to be tuned as a As hypothesized earlier, the accuracy of the algorithms
high value ofé could consider old location names and a lowould depend on the speed of travel. Hence, we collecteddrac
value could unnecessarily discard recent location names. Yr two different motions of walking and traveling. We define
have developed a service for mobile phones to implement batalking as movement at an average speed of 3.5 Km/h and
of above algorithms. It receives all CBS location messaggraveling as movement at average speed of 30 Km/h.
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Fig. 6: CDF plots forTimeWeightedand FrequencyWeightedlgorithms w.r.t to Baseline for operator Y
Algorithm: FrequencyWeighted Figure 6a compares the CDF of localization error for
Input: Location Vector(LocVector) containing CBS location hame TimeWeightedand FrequencyWeightedalgorithm with the
on Ve ontai ( g q yvvelg g
reception time stamp(ReceptionTime), GeoCoordinated[bal], baseline approach. Both tHEmeWeightedand Frequency-
time window parameteé and empty vector TWVector[Locatior, Weightedal ith f . v b han b l
Geo-coordinates, Frequency] eigl tedalgorit ms perform cpn5|stenty ettqrt an baseline.
Output: Approximate Location Coordinates ie The improvement in localization accuracy féirmeWeighted
i EstimatedCoordinates|Lat,Lon] and FrequencyWeightedver baseline is approximately 12%
g Index=LocationVector.Size: and 16% rgspectively, as sh_o_wn in Table IV.
EndTime = LocationVector[Index].ReceptionTime; Let us discuss some intuition for performance of the two
ﬁ\tgg'ﬁfngei”ﬁ“me o algorithms for traveling case. Typical rate of arrival of £B
while Index > 0"d0 ' o message is 1 per minute. With fixed to 2 minutes, and
ReceptionTime =_Locatlon[\/egtog[lﬂdeX]_RecepﬂonTlme: average speed of traveling trace as 30 Km/h, if no CBS
Location = LocationVector[Index].LocationName; ; ; ; :
if (ReceptionTime> StartTime) AND (ReceptionTime message is received for 2 mln_utes, the user has approxynatel
EndTime)then moved by 1 Km from the location of previously received CBS
if Location is in TWVectothen message. It is therefore better fdimeWeightedalgorithm
Update the Frequency; . . .
clse to discard the history of CBS messages than to consider
Add Location with its Geo-Coordinates to TWVectof; them for future calculation of localization. Similarly, thi¢
end fixed to 2 minutes FrequencyWeightedlgorithm will only
end . . L .
Index = Index - 1; consider CBS messages received within a distance of 1 Km for
gﬂd © weidhted I the locatighs(z L) calculation of localization, giving weights based on fregay
ompute weightea average on al e locatiens(Lz2, ..., Lin : . .
with their frequencyfs, fa. ..... f,.) present in TWVector: of each CBS message received. This will m0§tly translate
dreturn EstimatedCoordinates to average of two distinct CBS messages received in the 2
en minute interval. Therefore, in case of traveling trace with
Algorithm 27 Pseudocode dfrequency\Weightedlgorithm correspondingly fixed parameter values, the two algorithms

differ in that FrequencyWeighte@lgorithm never considers

any CBS message outside the 2 minute window while the
A. Traveling Traces TimeWeightedalgorithm gives any message outside the 2
FEinute window a small weight in case there is no time out in
received rate of CBS messages. Soon after the time out,dor th
t%rst 2 minutes, calculated localization for the two algomits
will be same.

Let us first analyze the effect of varying input paramete
on the performance of two algorithms. FdimeWeighted
algorithm, A\ is a time-out parameter, which is necessary
forget old history. Empirically, we found optimurk to be 2

minutes since it gave the least median localization erroallo Traces | Baseline | TimeWeighted | FrequencyWeighted
the traveling traces. We, therefore, have useds 2 minutes Travelling | 621.40 549.82 521.52
for evaluating the performance dimeWeightedalgorithm. Walking | 712.94 462.54 644.85

For FrequencyWeightedlgorithm, parametes is used to fix TABLE _IV: Op_erator Y : Median Iocal_lzatlon error compari-
the time window within which it considers the received cBSON of TimeWeightedndFrequencyWeightedlgorithms with
messages to perform weighted average. Empirically, wedouR@seline for walking and traveling traces

optimum§ to be 2 minutes for traveling traces since it gave For operator X, both algorithms perform equally good as
the least median localization error for all of travelingcea. compared to baseline. The improvement in localization accu
We, therefore, have uset-2 for evaluating the performanceracy for TimeWeightedand FrequencyWeightedver baseline

of FrequencyWeightedlgorithm. is approximately 10% and 11% respectively, as shown in



Traces Baseline | TimeWeighted FrequencyWeighted i . .
Traveling | 688.2 618.29 51514 localization accuracy may vary across different environtae

Walking 766.60 382.8 386.56 Therefore, an approach that can adapt based on accurate
TABLE V: Operator X : Median localization error compari-location input known intermittently from an oracle (in pige
son of TimeWeightedind FrequencyWeightedlgorithms with world through the GPS coordinates from intermittently &n

baseline for walking and traveling traces on GPS or from a GPS enabled phone in close proximity) will
reduce error in localization accuracy significantly.

Table V. For operator X, baseline accuracy was good due to good
quality of landmarks. Improvement in localization accyrac

B. Walking Traces for TimeWeighteénd FrequencyWeightedver baseline is ap-

In walking traces, there is no such instance where CBffoximately 18% and 17% respectively, as shown in Table V.

location messages were not received for a significant )
amount of time. However, we still keph equal to 2 C- Impact of Operator Heterogeneity on Accuracy

minutes for TimeWeightedalgorithm to maintain uniformity  \We observed that different operators provide differenatoc
across both traveling and walking traces. For the catien names as well as with different time interval (broadcas
of FrequencyWeightedalgorithm, we again empirically cycle). We analyze the impact of operator heterogeneityen |
calculated the most optimal value éfthat came out to be calization accuracy by collecting walking and travelingces

3 minutes. Intuitively, higher value of, as compared to the With two different phones, each having a operator X and Y.
case of traveling traces, is justified since longer histofy dhese traces were collected simultaneously and for the same
CBS location messages will be useful due to lower speed. 9e0graphic path described in Table II.

Figure 6b show the CDF plot offimeWeightedand Table VI show the median localization error for the three
FrequencyWeightedilgorithm performance as compared tdlifferent approaches across two different operators. oAt
baseline for walking traces. As shown in Table IV, overaff€ individual errors are different for each operator, weerhe
TimeWeightedand FrequencyWeightedgive an accuracy that TimeWeightedalgorithm consistently performs better for
improvement Of approximate|y 35% and 10% respectivegpth the Operators. Th|S empirica”y ConfirmS W|th our ﬁnd'
over the baseline approach. ing that TimeWeightedalgorithm is able to tolerate different

Intuitively, we had hypothesizedFrequencyWeighted broadcast cycle of operators and .
algorithm to provide higher localization accuracy than

TimeWeightedhlgorithm for walking traces (as also discussed Algorithm Wa';z'”g - Tra";"”g -

in Section V). However, empirical study showed otherwise. Baseline 67071 641.08] 53087 71294
By observing the collected data, we found out that the walkin TimeWeighted 57711  581.38) 3185  462.54
traces contained a lot of location names, that were farther _FrequencyWeighted 56241  529.82] 343.07  644.85

TABLE VI: Median localization error comparison of differen

located, 1200-1500 meters, from cellphone’s actual looati -
algorithms

This noise, particularly, gets added by the geo-codingiserv
and presence of distant location names, which are among the

challenges mentioned in Section IV. Effect of this noise can  VII. POTENTIAL APPLICATIONS OFCBS-BASED
also be seen in terms of higher point-based localizatioor err LOCALIZATION

for walking traces (712.94 m) as compared to traveling 8ace tpere are wide range of location based applications which

(621.4 m). ) ) ) ) can be built using CBS messages. Hereby, we list some of
Although FrequencyWeightedlgorithm is hypothesized t0 {hom which we have already developed.
have better accuracy for walking traces but, if the message

containing distant location name is repeated within the A. Activity classification
time interval, it will have significant effect on the locatio  Activity recognition using mobile phones can enable wide
computed byFrequencyWeightedlgorithm (with fixed §). range of context aware applications and there are alreadg so
On the other hand, fofimeWeightedalgorithm, when such efforts to do that using GSM based localization. We havedote
a CBS message with distant landmark name is received mwsbur data collection that CBS messages’ rate of reception
recently, the calculated location get inaccurate. Howeasr (message received per minute) is higher in walking tracas th
the time progresses the weight of the CBS message wittat in traveling as represented in Table VII. We have claski
distant location is reduced and the corresponding inacguranobility with speed of about 3Km/hr as walking and about
in calculated location also reduces. 30Km/hr as traveling. At an average, number of CBS messages
We also conclude that our initial assumption that fast arfthcludes location names and advertisements) received per
slow motion patterns would demand different approaches farinute is higher than two in walking where as it is lower
improved localization was empirically found incorrect omro than two in traveling traces. Using CBS message reception
collected data. As shown her&meWeightedalgorithm that rate as a measure, we were able to binary classification with
was hypothesized to handle fast motion suffices for sloW00% accuracy over a session. The session duration should
motion as well since it tolerates the noise added by the equal to or greater than five minutes of time. Accuracy
geocoding service for real data. However, we believe that thf minute level activity classification was about 70%, which



is due to unpredictable behavior of CBS message receptidue to geo-coding noise as well as CBS locations may be
during traveling. far from actual locations. Our algorithmBmeWeightedand

We believe that this kind of less granular activity classifiFrequencyWeightededuces impact of these errors by taking
cation could be easily used in applications like PEIR whicépace time history. From empirical evaluation, we have
just needs to know state of the user over some time intervdtsund out thatTimeWeightedcan work for both walking and
traveling traces across two different operators. Sincetmbs

Activity | Duration | CBS Msg | Location CBS | Avg Speed | |gy end phones does hot have much processing power, our
in Minute /Minute /Minute (km/h) . . .

Walking o7 570 177 314 algorithms d_oes not pose any speplal requirements at bdcken

Walking 47 2.06 1.04 4.10 or phone client and can be easily deployed in real world.

Traveling 16 1.62 0.94 30.89 Also, proposed algorithms can work on enhancing accuracy

Traveling 25 1.64 0.85 31.78

of Cell ID based localization without any change.

9 We have already built some real world applications using
CBS based localization and will provide APIs so that appli-
B. Location Sharing and Local Search cation developers can use it in their applications. In fetur

Growing ubiquity of location enabled smartphone¥/® plan to combine CBS based localization approach with
prompted people to share current location with their friendGPS to reduce energy consumption by periodically sampling
However, these servics are limited to mostly smartphon&dS. Also, we are building a model from the collected data
which uses GPS for getting current location and GPRS f8pd theoretically investigate whether usifigneWeighteds
communication. Using CBS-based localization system, v@ptimal.
have built a location sharing service using Facebook. We
have given two communication mediums i.e. SMS and GPR$!] http://cell-broadcast.blogspot.com/2005/11/

Since most of the people uses bulk SMS packs, it is preferrggJ mts;"/;mdg'S”%phoéltgggsekoglfeﬂ}hhetg('j eskihelpdesgid=57

medium for many users to send their location to Facebool] Mohamed Ibrahim and Moustafa Youssef,A Hidden Markov
as well as query other friend’s current location. We are also Model for Localization Using Low-End GSM Cell Phones,
building an mobile application which can be used with twitte ,, "tP#/arxiv.org/abs/1010.3411,

) . . . '(:54] Jeongyeup Paek, Joongheon Kim, Ramesh Govindan, Eigfigient
to publish location specific tweets which can used to build = Rate-Adaptive GPS-based Positioning for Smartphones,i$4sH.0.
local trends. [5

] GPS and Mobile Handsets. http://www.berginsight.deegortPDF/
; i ; ; ; ProductSheet/bi-gps4-ps.pdf.

Most OT people in develo_pmg countries |Ik¢ India doe Constandache, |., Choudhury, R. R., and Rhee, |. 201@aiids mobile
not use digital maps for navigation and searching local-busi * phone localization without war-driving. In Proceedings the 29th
nesses [11]. They usually take help of others to get an idea Sgrxerﬁnceh 22 in{grmz%ti%r; ICEOETEm;nicatig_ls (San Diﬁgo,2 fﬂaie;,

i i PRI , Marc - 19, . ress, Piscataway, NJ, 232D-
about directions from place A to place B which is mOStIy[7] Robert P. Biuk-Aghai, GSM-Based Provider-Independ@usitioning

landmark oriented. We have built a local search application” method, Location Asia 2007, Hong Kong, China, 13-14 Septmb
where current location is estimated by CBS location message 2007..

P : : [8] Jain, S., Ghosh, R.K., Shyamsundar, R.K., Engineerawation based
and it will fetch relevant entries from local business datb pathfinding on Indian road networks over low end mobile plone

in vicinity of current location. Mostly, there geographitsd Communication Systems and Networks 2010, pp.1-9, Jan 5.2
tance is used as a metric for vicinity which requires all thd9] Yadav, K., Naik, V., Singh, A., Singh, P., Kumaraguru, &d Chandra,

; : : _ : U. 2010. Challenges and novelties while using mobile phae$CT
locations in local business database to have geo-cooedinat devices for Indian masses: short paper, NSDR'10.

Unfortunately, many places does not have rich listing o&loc[10] Kuldeep Yadav, Vinayak Naik, Pushpendra Singh, and Aeea Singh.
businesses with geo-coordinates and it is m05t|y repredent 2010. Alternative localization approach for mobile phonéthout GPS.

: f : In Middleware '10 Posters and Demos Track (Middleware Rest).
by landmark names. In those cases, simple string match ﬂ Arun Kumar, Dipanjan Chakraborty, Himanshu Chauhamee®al Agar-

is done to find location names from the database. For an wal, Nitendra Rajput, FOLKSOMAPS: Towards Community Drive
instance, for a local search query like "Is there any Pizza Hu Intelligent Maps for Developing Regions, in Third Interioagl Con-

» : : : ference on Information and Communication Technologies R@e¢klop-
?
near Dwarka?”, we have to search for pizza hut in locations ment (ICTD), Doha, Qatar, April 2009

Dwarka as well as nearby locations to give richer results f@] vilin zhao, Mobile phone location determination and iimpact on
user. From CBS location message, we build Vicinity graph intelligent transgortation sysltems,” , IEEE 'I;;ransactiazngglontelligent
: : Transportation Systems , vol.1, no.1, pp.55-64, Mar .
which can enable such queries. [13] Paek, J., Kim, J., and Govindan, R. 2010. Energy-efiiciate-adaptive
GPS-based positioning for smartphones. Mobisys’10.
VIIl. CONCLUSION AND FUTURE WORK [14] Telecom Regulatory Authority of India

In this paper, we proposed CBS-based localization, which Ihtfpi//V\/';Vg\Els-/tra;QOV-in(/j\f/\/fitEReadData/tfai/Upload/ eBsRe-
; _ eases pr7sep.p
falls in the class of GSM-based ?‘pproaCheS' HQWGV ] Petteri Nurmi et al, A Grid-Based Algorithm for On-Deei GSM
our approach removes the necessity of war-driving Or " Ppositioning, UbiComp 2010.
building a Cell ID database from GSM based localizatiofil6] Practical Metropolitan-Scale Positioning for GSM Rbs, UbiComp

it ; i : 2006.
Hence, CBS-based localization is a promising solution f 7] Arvind Thiagarajan and Lenin S. Ravindranath and HaalaBrishnan

non-smartphones and provides them opportunity to access and Samuel Madden and Lewis Girod, Accurate, Low-Energje€tary
location based services without any extra infrastruciure. Mapping for Mobile Devices, NSDI'11.

localization accuracy provided by a baseline solution i8 lo

TABLE VII: CBS reception rate comparison among travelin
and walking traces
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