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Abstract

Context-aware applications for indoor inteNigentrents require an appropriately accurtblamatarior
positioning system to adapt services to the dbeatmmbile user or mobile device in a Iniffednegt technologies
provide a varying mix of resolution, accurdity astdlcthallenges. In this paper we repod>@enance using an
existing Wi-Fi infrastructure without spea@atineddradded to support location trackingrelTbeveral
approaches to track the location of Wi-Fi emabésdvdthin a building such as signal propag@eisrand
signature matching. We found signature matcheffgatios in our environment. Signature ngtching
accomplished by storing Wi-Fi signatures (siggtaksbbserved for several detectable act®smpeach room
and comparing the current signature on the déeied signatures to find the closest mhistpdper we explain
experiments we conducted to explore and op#iniaeaiddn tracking in one building. Whilenwpdthfbr more
accurate positioning, we found that only rogradelaity was consistently and reliably adhiexaduracy of
Wi-Fi location tracking is improved as moreespgmatisiare stored, but is significantly msdtieedresence of
people moving in the area. It also appearatdmataily placed access points within a kanldimgticbute to
optimum room-level disambiguation of locatba. hilsngram of signal strengths for sigriatisiegla location
may offer a good compromise between a singdeaadestaying a large number of signaturesoraetgeoved
accuracy.

Background

An important goal for our group, which is regsarahi spaces [SmartSpaces] to support héoneldars and
other home and neighborhood intelligent endyantoeddgvelop a reasonable indoor positrar(IBS)esimilar in
spirit to GPS. Given sufficient accuracy atyd gtebdapability can inform a variety dfawatexservices, such
as tracking location indoors, offering locateoreawalers, and even guiding robotic apphidhegzast we have
explored infra-red, RFID and acoustic techjxatg®308]. Each of these requires speciatiaeslisstalled
solely for location tracking purposes in tmeramtiemnd on the user or the user's mobiladéwegperience a
variety of difficulties such as noise and adoluisienother hand, Wi-Fi-based locationrrakkmgse of existing
Wi-Fi access points (APs) and the user's We#ireohlte devices, such as a mobile phone oofaptder. The
cost of installing and maintaining these ingrabgngous Wi-Fi devices is already covieeearbartization
desiring Wi-Fi access, and not solely by the tiacking neéd.

There are two primary approaches to Wi-Fittackingnindo@r3 he signal propagation model approach is easi
to set up but yields potentially less accuttteTiesicore of this approach is a modeltdsasigtal strength to

1 Our research suggests that successful locatiapreguires multiple APs be detectable @omadhthis is the case, then the
hypothesis that accurate room-level locatioy ¢eackie achieved with typical cost-effectiméighiPations may be need to be modified,
particularly at home when users might onlyihgleeAPs However, in many cases, Wi-Fi signaggfibour's APs may be useful.

2 Other approaches such as triangulation oatialai-e feasible outdoors with clear Ghg¢ bsido not work well indoors with
multiple reflection paths.
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distance from the Wi-Fi AP. Typically this basel mn empirical signal propagation dajadaocies in the Wi-
Fi band, and does not take into account ohstachssvgalls and furnifurEne only set up required for this
approach is the mapping of each AP on a fldbeplaer's mobile device then captures siygtaksteeeived
from each of the APs at the current locatibe,lacatibn on the floor plan is determineldeusigigal propagation
model. This approach typically yields an adamaaydo3 to 10 meters [MOTOROLA 2008]. Sagetiqmo
(RSSI) based approaches to locationing areedgabfiments that have established core uger d&5€$ such
as data, voice and video, such as tracking®lovgyassets. This is the least disruptive atabtt snid lowest
cost approach, since it does not require tadanstéla special client on the mobile obpbm¢sribrequire
extensive training.

The signature matching approach requires nspentisetting up, but potentially yields muabcun@te results.
During the training phase of this approachmoreesats of signal strengths (from the sexetabldeAPs) are
captured and stored for each of many samplezkrgfeséions in a building. This builds a datasigsa strength
signatures for each reference location. Osamtigsthe user's location can be determinedrimgdhe current
signal strength signature and comparing itoiethsignatures for the closest match or ratbleesngle match
case, the user’s location is assigned to bththalosiest matched reference location; itigheealoslest match
case, the user’s location might be determintbeé ®vbeage of the reference locations of thhes.rBagnatures
are stored for each reference location in oneltifgigons (e.g., facing north, south, edsgnegstrhaps at
several times and in a variety of situatiope¢glg.present or not). A room may be dividatlipi¢olocations
each about 1 m x 1 m and a signature stordddbtresse locations. This means that a 5 mea Saguares
signatures to be captured for 25 locationstheddriamtations for a total of 100 signaisrpsoddss is very time
consuming but optimally it yields an accutacy wie2ers [RADAR 2000].

Unlike the signal propagation approach, theesigaitahing approach works well indoors becaoseaitcally
takes into account obstacles such as wallstanel fana indeed benefits from changes iresidrsturoom to
room due to obstructions such as walls). Howeleamge in the layout of these obstacles aetpiveset of
signal strength signatures to be captured and stosggnature matching approach is alse sem$iginges in
hardware, of either mobile device or AP. A® i agplaced with one that is a differentrritodebaifferent
manufacturer, this also requires a new set sfreiggth signatures to be captured and sturesdt. dkawback of
the signature matching approach is that atilarpadation, the signal strengths receiveaolilg aevice such as
a phone are significantly different from thiveel tl®ca laptop. Signal strengths receivedea Eifftop models
differ as well, though to a lesser extent ttdieterd types of devices. This means thausestitabase must
be built for each device that must be traekd thf accuracy is to be maintained, thmaygbatpossible in
same cases to automatically adjust for diffdvesatehg<jsergaard 2006].

Since the RADAR paper published by Microseti@y@aatoor location tracking accuracy has drovere 2
meters [RADAR 2000, HORUS 2007]. Althougtothesnsiuggh for most applications, these systemos hesn
practical for various reasons, as demonstita¢dddkydf widely deployed Wi-Fi location $xest&img. For
example, it is very time consuming to traituaeskgased Wi-Fi location tracking systenuo ritiggte some of
these factors, our initial goal has been tonddtaration at a room level with sufficietityrédiabiow a subset of
interesting applications to be built and evatbhateghplications (such as robotic guidaneef) fatlimproved
approaches, possibly using additional hardwiiserdamson, the signature matching approaelsistatbto our
goals than the signal propagation approachyvBloaroteacy is also good enough for severahwrtbpaces
use cases involving location-aware remind¢@o(ng.2008]). For example, if a user isescfoedut upcoming
meeting in a specific conference room, a le@eorakendar could send him a reminder it akkaadin the
conference room. In the context of elder catddwetermine that the user has not movedbiemirotre to the

3 Some signal propagation researchers have dupeientedels by using a count of intervesittgnaadie! signal attenuation.
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kitchen, as they usually do each morning, asencbatdalert to a caregiver or family memégicealt call or
check up in person. By focusing on room-leaey aveusignificantly reduce the training oottheatgnature
matching approach, while maintaining a lewehoy appropriate to our use cases.

While not the focus of this phase of the woekt difforoaches have differing security apdsgueac depending
on where the collected signatures are procdssaaiiae the location. Where the processingagtars
determined by the size of the reference datatmagdedher location requests can be tracked/by, ar
performed completely on the device.

Related Work

We explored many existing products and opesekdimag, each of which addresses a differfenseserses.
For example, PlaceLab is an open-source Jagatbasedvhich accesses a vast database ajnaitFesito
determine location at street-level accuraajufibisis based on the signature matching apptasisimilar to
the solution used by products such as GoogleevidapB3vsignals are not available [PLACELABIZ005].
solution is not well suited to indoor locatiog tracause there is not a high enough leagbofdocuracy to
distinguish between adjacent rooms.

We also tried Motorola's RFS7000 solution,mdrielsisted to indoor location tracking.dtlierbttse signal
propagation approach however. Due to its 3ter &0ameacy, it frequently located the ussdjacant room.
This product determines the location of a @eyitisneuvhe device sends out special 'prole’ Pgplally these
packets are only sent when the device is tommgtd to the APs. However, once the deviteciedono probes
are sent, and the location of the device isateat s solution also requires proprietary Mewenia A
switches. For these reasons, this product vedissnged/ to our use cases. This product silietie¢o
determining the general location of a devacgeatarhpus with several buildings. It cowdcduakss o help
secure Wi-Fi networks by restricting locatiovisefi®an device can connect to the networkmpta, éxean be
used to deny access to devices trying to comieetidings across the street from the ARar Areutoict we
hope to explore is Cisco’s Mobile Services Env{/d&M) that also uses a specialized switels amadd
locationing to ordinary Wi-Fi access. [CISCO 2008].

In general, the signature matching approacusndood, especially for some use cases ihéatthegre and
education, but doesn’t work for all envirommoerRRé-ss dynamic. In particular, auto leawwiisgiisble for large
production environments like hospitals sinbeeg antraining period and also requires aatipagan from
unskilled participants. Note that the tranemitf plogv/APs can and will vary in a Wi-Riomstil&ato dynamic RF
management etc. and thus the signature canrclaamggilar or irregular basis. Most commériciaicationing
use cases involve active RFID tags with refsesPOstc and are well suited for Real Timeihg&eiwices
(RTLS). Also, Wi-Fi client software is a fegthedignature based schemes and is not ipréotea
deployments since the logistics of deployimigpa sy 100,000 handhelds can be dauntinggsstbdow level
radio functionality is required for theseaksirtzdt the RSSI .Wi-Fi devices need a sihweia stient to support
this refresh rate and this is true even withesigmsed systems. Motorola’s client can ipoeedilp the Nokia
N95 (Symbian) and solely relies on the 802211 APIs.

The final software application we tried is WeidRiis an open source application designed t Kakia N95
phone [RedPin 2008] with a supporting serperdiibisises an extension of the pure RSSé sigatahing

4 It may be possible to increase the probe yragumenVi-Fi utilities such as NetStinttpi#www.netstumbler.com/downloads/

5 Motorola, private communication.
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approadh but eliminates the initial training overhbadthat acquire all the signatures up frantuceip
designed to allow the users to input theis@matnte and label it with a location. As msosellusdt signatures,
the system’s accuracy improves. This is theoropsasg solution we have found so far asghisddier a mobile
device, and also addresses the issue of trarhiegddyy gradually completing the trainingr,hieeweniteneed to
run some experiments to determine whetherttivesigioi@ined by one Nokia N95 can be useduebyraadel
of) Nokia N95 device.

Experiments

In order to better understand the charactéostidgidding and Wi-Fi setup, and to explceurate and stable

a result we might expect, we performed sevena¢etgé\s part of this experimentation, wentedlem
simplified version of signature matching,gslgminires and using K-nearest némghbaring and calibration for
our environment.

Experiment #1 — effect of averaging

Set up three Wi-Fi transmitters (access pdtsisimasingle area. Capture signal strengihesigitaeveral
positions in an area of a building. Compareesigmate which positions can be reliablyidiédren

The experiment was run in the second floor open Spanegie Mellon Silicon Valley buildiregrad8a3uring
device was a Mac Book Pro. At the time dategtzd,¢bere were no people in the room éw pepple in
the building. However, there were stationgrgdables, whiteboards, and other furnituopéntieace. The
three Motorola AP300 APs were very close todh{@idlew 10m); this is not a typical reaktuprldata were
collected for a single orientation at each. [bbati@ason most signature matching approdachesciiple
orientations for each location is to accoenftaictrittat a person would be holding the dgigical atrengths were
captured, and the human body is particulartyostrdaing Wi-Fi signals. These differeatiaretiten
represent the position of the user in relaotetade and the APs, rather than the actasibor@rthe device
[RADARY]. Since our device captured the sigmataréime-delayed script, there were no pemsa tet device
and the APs. We also ensured that the measoamwgadeaiways facing the same direction torentiat su
orientation did not interfere with our analysis.

6 Rather than using only RSSI strengths fronWselviedts, RedPin uses positive weightedioonathibm a count of matching
detected APs, a negative weighted contributiornfrmiched APs as well as a weighted coritobuR86I “distance”; furthermore,
weighted contributions from recognized of Bhtelooth and GSM cell IDs can also be included.

7Using K=1, we used the Euclidean distancealyudithen describedHitp://en.wikipedia.org/wiki/K-nearest neightitbimalg
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Figure 1: Location of Access Points in 4.80mm Ip@&n Space

Analysis

One hundred readings were taken at each abh8 (00@t0,1; 0,2; ... 2,5).

Ninety of the readings for each location werasssggaatures; the remaining ten were useldte airequest to
compute the current location and to test theyadfdbealocation-tracking algorithm. Onlyfreigntile 802.11bg
radios on the APs were used, the 802.11a sigrdilcareled because they are not usually enstaledaod,
widely deployed APs.

Two versions of the algorithm were used-- oleev@®readings were averaged, resultingonedingiggtature
per location, the other where the 90 readiags lncagion were stored separately, resultistpiadsignatures
for each location. The algorithm did not refie\aataipoints when averaging. In both besiengas no
averaging of the remaining ten readings, wisel dieectly as test data.

The range of detected signal strengths was -29dB, twith 1dB granularity.

With Averaging:
average distance to nearest matching sigisejueg space: 5.92 dB
standard deviation of distance to nearesgmsajnhture in signal space: 4.88 dB
average distance to nearest matching sigpuysieal space: 1.12 m.

Without Averaging:
average distance to nearest matching sigisejueg space: 0.85 dB
standard deviation of distance to nearesgmsajnhture in signal space: 1.17 dB
average distance to nearest matching sigpdysieal space: 0.59 m.
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The algorithm used to calculate distance beatveggmatwres in signal space is:

Signature 1 (stored signature)
AP1: £:dB
AP2: §,dB
AP3: §3dB

Signature 2 (current signature)
AP1: 5:dB
AP2: 5.dB
AP3: 53dB

Distance in signal space mi{Ba)?+ (Saz— Sa?+ (Saz— Sa3?)12

The signature that yields the lowest distagrea gpsice is the closest match (K-nearest natighdbd). In the
case where there are multiple signatures \aithetsgsal space distance, then the one waiditéise gnysical
distance is chosen to depict a worst case fmeaerioracy. In the version of the algorittrewéiaging, there
were often multiple signatures with the sanspagmadistance to the current signature, shicle weve from the
same physical location. For example, four sifpoatuecation (1,2) and two signatures fiom(@&tcould
have the same signal space distance from theigoateme. In this case the location withtthreatoomsg
signatures was chosen, i.e., location (1,2).

The reason for the high accuracy (< 1 dB)ikepntst lproximity of the APs to the Wi-Feadevibe,lack of
people moving around the building.

The comparison of averaging vs. no averagisigiadrsgnatures shows that storing muléipleesigor each
location is clearly a better choice. The rettsensfdinat averaging assumes a uni-modalahsofilsignal
strengths for a particular AP and location. Hsn@awedata show, there are often severabdjshstrengths
received by the device from the same AP at tbeag@neThe histogram in Figure 2 showsattyespgival
strengths received and secondary peaks, whstim&eaees from signal reflections.
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Figure 2: Signal Strength vs. Frequency of Gcattosation (2,5)

There was no movement in the room during ttgudatiam so the multiple signal strengthsl feceiven AP are
not due to a change in the environment. Thealsesigaki strengths could be caused by a patiere@nce
between signals from the different APs, sinaetheveral other APs in the building broadnasengame
channel, as well as people moving in othermbekmgwnst to us.

Signal Strength VS Frequency of Occurrence at (0,0)
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Figure 3: Signal Strength vs. Frequency of Gcatitosation (0,0)

This leads us to believe that the multiplesiggtdisare an effect of the multi-path phendfo#npath
describes a situation where the signal froneacha® a device by several different pathsmipte,exaould
travel the line-of-sight path to the devicé aasaehce off a wall and be reflected toctheTdeswould result in
two different signal strengths since the sigraldleal the line of sight path would be ablysstiemger than the
signal that was reflected. When the deviaoimar,dahere is a smaller number of pathgjat@as take to the
device and this is reflected in Figure 3.

Conclusions for experiment #1

It is thus possible to determine location wéhage af 0.59 meters accuracy by storing untdweyear signatures
for each location. This level of accuracyablepphen there are no people moving aboabm,thed there are
three APs within very close range (~10 m). Ehenatypde obstructions in the room (pillalb®andstecouches
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etc.), so line of sight to the AP is not requhresdlével of accuracy, although it woully r@b&neficial. The line
of sight path is the cleanest signal path aiig fiymttiates +/- 2dB over time.

Experiment #2 — reference device

For our second experiment, the hypothesis acasithay and reliability could be improveagyapkeference
device in the room [PROXIMITY 2008]

We placed two identical laptops 0.5 m apart taeisgme direction in a room with six ARstuvée segnal
strengths on each laptop every few secondafoute®0 We then checked if fluctuations strsiggidls over
time correlated between laptops. l.e., if gnedapta change in signal strength at a certaioesthe other
laptop see a similar change in signal strengthv®ef@déwo people in the room for the firautew; thiere were
no people in the room for the rest of the 3§ minute

Analysis:

4 TR e e ERERESNENESNITESTE e 000260 A
50
55
40
5
20

==0:15:70:90:26:4_B

signal Streng

Time
Figure 4: Signal Strength for Two Laptops of@rAdcess Point 1

For AP1 with MAC address 0:15:70:90:26:4 (fagdophBws a lot more jitter than laptop évésiubpugh they
are only 0.5 m. apart. Also there is an eved} ydnch causes a change at laptop B'’s regesVatirength for
AP1, but no corresponding change at laptopvats sep®al strength. It is not clear what bauskdnge at
laptop B, because there was no movement in. thieerdds located in the same room as theltaptopssible
that this event was simply a random periodtimevaigetal strength did not vary quite as mhdah@eer the rest
of the experiment.
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Figure 5: Signal Strength over Time for Twofaapiopess Point 2

For AP2 with MAC address 0:15:70:90:23:bc,(ldp&)shows a lot more jitter than laptoptBg @) osite of
the situation for AP1. AP1 and AP2 readingsenesienizitaneously. The signal strength readitegs|gr
uncorrelated.

Figure 6: Signal Strength over Time for Twofaapiopess Point 3

For AP3 with MAC address 0:15:70:90:23:dpbsthelegive similar signal strengths, althgitigih thelaptop A
is higher than that for laptop B. However aatanytime, the signals appear to be uncorrelated

Conclusion for experiment #2

There is no obvious correlation between ttstreiggthk received by each of the laptops.dlbdosigach laptop
appear to vary independently. Furthermoreotveadicignificant signal strength changes isvetrere were
two people in the room and when there was tloeorm®m. This may be due to positioning o&klBerirto the
laptops and the people in the room. It maywkiledotbking into the effect of a full roomple} ymean empty
room, as two people may not be enough to gnifeamtsdifference. It is not clear why evéimendare no
people and no movement in the room, theadasgsillifference between the signal streegtbd eg@ach of the
laptops that were only 0.5 m. apart. SignaRlfiomd AP2 show large differences at the teowageopignals
from AP3 show very little difference betweenap®ps. These variations should be keptihaniddsigning
Wi-Fi-based location-tracking systems aimepasitioglal accuracy. Some of these discregawees the
signals received at each laptop may be explamedl{sgale variations” as described in [HORUEI&@lso
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interesting to note that [PROXIMITY 2008] sesenassinilar reference model approach viacals&digssian
Mixture Model to tell if two systems are neavbdigienot see enough consistent signateteotditent
adopting this model.

Experiment #3 — signal propagation using spedaNzé-i equipment
Motorola Wi-Fi (RFS 7000, AP 300)

For the third experiment, our hypothesis wasvibialitdvbe able to track Wi-Fi devices in@ hgkting them
with room-level accuracy, using the Motorol® RF&260 [MOTOROLA] The Motorola system isofnade up
switch (RFS 7000) and several APs (AP 300putihthe switch. The switch runs softwdleibkatoa to set
up the location tracking software and disptiipatesoof Wi-Fi devices.

To set up location tracking, you need to ahteetiseons of the area you are tracking (tnsovéns software
does not support multiple floors), and the gfosstatnAP. Once it is set up, you can cheokdinates of Wi-Fi
devices within the tracking area. This systd#ra aggwml propagation approach.

During initial tests, the software was notabiedtely differentiate between room 211 &iPrdwm adjacent
rooms measuring approximately 6 meters by 3..6lovedser, this may be due to bad positioRsigrbeAPs
should be wall mounted at approximately 2 mheafbmwe in an asymmetrical layout; we didmotuwiathe APs.
We had three APs located along the wall thesstgatao rooms. Also, the software doestedhegddeation
of Wi-Fi devices very often. The locationatedadmdry time a Wi-Fi device sends out ai(prabasking
surrounding APs to identify themselves. Thgdgtghically done only when the devicesfistoimeect to the
network. Motorola has a Microsoft Windows-lzaapdligation that will continuously send cusprblaé the
location will be updated more often; but taé@ppkeds to be installed and running on a\¥aseoMVi-Fi
device, and will not work on our Nokia N95 Daeitests slow refresh rate and low accueraggtehi is not well
suited to our needs and we did not pursuedhhdppther. Possible next steps would beyeothe#Ps so that
they are optimally located. We would alsarbenesiiniy the Motorola Java utility (or alityigtiaitias
NetStumbler) on the Wi-Fi device to incredsesiheate.

Conclusions and Next Steps

AN existing Wi-Fi infrastructure potentials ardmietcost way to track Wi-Fi enabled deMmekling. Since
Wi-Fi is a widely deployed technology, thisofettadbn tracking requires no additionalehatdwarer,
several factors can significantly alter thewWWsRineent. Therefore, we need more work tadsstéop that can
robustly handle these variations.

We are currently working with RedPin softwaidotatiN95 phone to build a system thatyisalaéabltrack
location at room-level granularity [RedPin&fl8]dRals with changes in the Wi-Fi envirgraoewniolating
location-labeled signatures submitted by udereo¥er more signatures are submitted, tmsvdystentain
multiple signatures for a location, each rey¢isemdication in a different state. For exengidmature may
represent a location with few people, whereassaratture may represent the same locatioitiplghpeople.
As the system accumulates signatures, the WirRnentvis more accurately modeled in theasybsteoation
tracking becomes more accurate.

Signature-based Wi-Fi location tracking systéersafitalyom storing histograms of signalssteghgththan the
full set of multiple signal strength readirgglmwioaverages. Storing multiple signaeseh focation is a good
way to deal with the fact that multiple siggtisteuld be received from a single AP doauto-fiagh
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phenomenon or other noise effects. Howevenuwaribagef signatures need to be stored farat@chtto
capture all the permutations of signal stréiadplgSnan each AP at a particular locatisignifiaantly increases
the space required to store signatures and #reohsigbatures that must be compared tocfoskgtenatch.

A better approach may be to store a histogyaai strengths in each signature rather thénraaiingg.
Accuracy may also be improved by buildingaarhsstpgiture for the current location and cdimgiawiitiy stored
histogram signatures. This is because a higtogrsents various levels of signal strengtld edceioeation due
to the multi-path phenomenon, and therefors aaptreeaccurate description of the signél streéngihment at
that location than a single reading.

The histogram signatures may also help sobldehegirmultiple or moving people in the spa@psrson
would obstruct only certain paths of the sighatowld alter part of the histogram but leastwthehanged. To
test this, we should perhaps repeat experinitbnpédple on the room; if collecting addipatatess with people
present can help, then we should do the sam degsee, Redpin accounts for this, since nesdsarem
collected as people go about their businesslogi¢her interacting with others.

Two similar devices that are very close to e&actaptteceive significantly different siggtiseean when there
is no movement in the room. This may be atirisotatl-scale variations" as described in RIORUSThese
variations happen when the user moves ovedistantal(order of wavelength). This leadsde rhtrey
average received signal strength. For the 8&fadds nvorking at the 2.4 GHz range, the viragel@ngicm

and we measure a variation in the averagersiggthlgb to 10 dBm in a distance as smalira37r&ches)"”
[HORUS section 2.3.2]

Although the signal propagation approach issreuth &2t up and scales much more effectnahy naobile
objects with out needed a special client, ®pgttimg such as the Motorola RFS7000 havesigniéindntly
lower accuracy than signature-based systemsorbiee dystem we experimented with also hafradbwate,
making the system unsuitable for our u8eltakesld be noted that the Motorola systerarineeaked with
used early beta versions of their location firackiage. Future models should incorporateabaldjtiothms,
mechanisms and heuristics to account for wellscimhs, and address other issues.

Our overall conclusion is that for our use cslsesldvese a signature based system that @nowpdemnt
calibration option (in addition to auto leandirag® modifying the basic RedPin systensid-dtutkiwork will
also explore ways for the client software anid s®megerate with the Wi-Fi infrastructugate thé effects of
dynamic RF management. Finally, security riflatedri@r access by other parties to traski@casien
requests must be addressed
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