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Selective AP-sequence

Based Indoor Localization

without Site Survey

Ran Liu, Chau Yuen, Jun Zhao, Jindong Guo, Ronghong Mo, ¥l Pamadi, Xiang Liu

Abstract—In this paper, we propose an indoor localization sys-
tem employing ordered sequence of access points (APs) basad
received signal strength (RSS). Unlike existing indoor |aalization
systems, our approach does not require any time-consumingnd
laborious site survey phase to characterize the radio sighs in
the environment. To be precise, we construct the fingerprintap
by cutting the layouts of the interested area into regions vth only
the knowledge of positions of APs. This can be done offline vhiin
a second and has a potential for practical use. The localizain is
then achieved by matching the ordered AP-sequence to the ame
in the fingerprint map. Different from traditional fingerpri nting
that employing all APs information, we use only selected APs
to perform localization, due to the fact that, without site survey,
the possibility in obtaining the correct AP sequence is loweif it
involves more APs. Experimental results show that, the propsed
system achieves localization accuracy. 5m with an accumulative
density function (CDF) of 50% to 60% depending on the density of
APs. Furthermore, we observe that, using all APs for localiation
might not achieve the best localization accuracy, e.g. in owase,4
APs out of total 7 APs achieves the best performance. In practice,
the number of APs used to perform localization should be a dégn
parameter based on the placement of APs.

I. INTRODUCTION

Over the decades, there is an increasing interest in i

door localization due to the rapid growth of location-aware

applications requesting room-level localization sersic#/ifi-

based localization systems have been shown to be succissful

different scenarios, with a state-of-art Wifi-based lazation
system being reported in the literature to achieve loctadina

n_

fingerprint map by cutting the layouts of the interested area
into regions with the knowledge of positions of access moint
The resulting fingerprint map is in essence a set of small
connecting regions, obtained by cutting the lines conngcti
APs in the interested area in the middle without laborious
site survey. This is equivalent to assuming a radio propagat
model universal to all environments. The resulting fingiertpr
map can be easily constructed, with only the knowledge of
locations of APs but regardless of the layout of interested.a
Each region is then associated to an unique ordered sequence
of APs (location signature). As a consequence, the proposed
system can be deployed rapidly, while ensuring satisfgctor
localization accuracy competitive to existing systemse Th
proposed system might be applied to scenarios where the on-
site data collection is not possible, for example disasteas

With this fingerprint map, the location signature is repre-
sented by an ordered sequence of APs according to RSS. In
this case, we utilize the relative RSS among APs rather then t
absolute RSS of each AP. Note that, although we classify our
new system as fingerprinting-based approach, unlike egisti
fingerprinting-based approaches, it does not require ang-ti
consuming site survey phase. The overwhelming overhead
in constructing and updating the fingerprint map are also
considerably reduced due to the less number of reference
positions needed to characterize the fingerprint map.

However, when AP-sequence is used as location signature,
with increasing number of APs involved in localization, the
probability to have a correct measured signature decreases

accuracy below 10 m[1]. The indoor localization systems car{since no site survey is performed), and resulting in matghi
be classified into two categories, the model-based appf@hch against a wrong signature in the map and thus a wrong
and the fingerprinting-based approdch[3] [4]. The model+eference position. We therefore argue that the AP-seguenc
based approach has to rely on a model to characterize thHecalization system based on employing RSS from all present
propagation of radio signals. In contrast, fingerprintbagsed transmitters might not be efficient. Motivated by this ob-
approach utilizing site survey of RSS in the area of interesservation, in our proposed system, the location signatsire i
achieves better localization accuracy, since it uses ebdsta represented by selected APs rather than all the availabie AP
in which the impact of environments has been underlined inn the range. The rationale behind is that with less number of

the construction of the database.

Unfortunately, there are some drawbacks in the tradi

tional fingerprinting-based approaches, e.g. time consgmi

RSS, higher probability to obtain a correct measured sigeat
is expected. Specifically, we propose a K-medns [5] based

‘algorithm to efficiently select APs out of the total avaikabl

APs for localization.

and labor intensive site survey to construct and update the

fingerprint map [[7] [[8]. To overcome this problem, we pro-

The rest of the paper is organized as follows. The system

pose an approach to avoid the laborious phase to collechodel underlined is presented in S€dt. Il. The proposedadeth

measurements in environments. In particular, we consthect
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to perform location estimation is illustrated in Sécfl BEkper-
iments to evaluate the performance of the proposed system is
carried out in SecEIV. Last, we conclude this paper in $ékct.

II. SYSTEM MODEL

Assume an indoor environment with windows, partitions,
furniture, and equipments. Users equipped with Wifi reasive
are able to scan APs in the proximity and measure RSS. The
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Section III-A

Positions of n APs
'All possible combination
sets of k APs

(AP set1)- (AP seti )--(ap setch)

Section 118 phase to collect the radio signals in environments. In esbtr
in this paper, by assuming a universal propagation model of
AP, a region associated with a location signature is eqeial
Initlization of the to a sub-area enclosed by cutting the lines connecting ttee AP
e in the middle, given the positions of APs.

K-Means clustering

i| APsselection | i
compare! i i

gresnensnenenensy .>

Location signature
Arranging the RSS of all thel/ APs in descending order,

During the second phase, i.e. online localization, the lo-
cation signature is represented by an ordered AP sequence
based on RSS. As an example, assume the number of available
APs is M, the RSS of them!™ AP is denoted asS,,.

Geometrical cut of
the environment

ﬁingerprint map consists of multiplej . .
maps constructed by multiple AP sets for example(S1, Ss, Sa, - -+, S5), the corresponding location
15t stage: offline construction of ond stage: online localization Signature W|” be given a$1, 3, M, Tty 5)

fingerprint map

Note that, although there might be many APs available
Fig. 1. An overview of proposed selective AP-sequence indoealization 1N the Wifi network, only a subset of available APs are used
system. for localization. This is because more APs involved in the
localization leads to a lower probability to obtain a matthe

3‘5’ fingerprint, as shown in Fi@] 2. This figure shows the varizio
3'22 ‘ of the signal strength from APs during a certain time at one
D 0 | test point. The correct AP sequence at this test point should
o 45 | be 3672154. In fact, due to many influencing factors from
@ gg ; the environment, the measured AP sequence is often wrong,

50 E as can be seen from Fifj. 2(a). Furthermore, we can observe

-65 v that the probability to get a right fingerprint using four APs

0 50 100 150 200 is much higher than using all APs (i.e. seven APs). This is
time (s) why we propose to use selective-AP sequence to improve the
(a) The RSS of all APs probability to obtain a right signature. The subset of ARsdus
is dynamically determined based on the measured RSS, and
varies from position to position. An algorithm based on fhe
g means clustering will be employed for efficient and tracabl
B selection of APs[[5], with details shown in Section 1ll-B. é&n
@ . the selected APs sequence will then match with the fingerprin
o map generated using the same set of APs.

IIl. L OCALIZATION METHOD

time (s)

The localization system proposed in this paper uses the
(b) The RSS of four APs relative RSS rather than the absolute RSS for localizatiwh a
has two stages, offline construction of fingerprint map and
online localization, as shown in Figl 1. Particularly, tHéie
stage neither needs any laborious site survey phase tatolle
locations of APs are assumed to be known as a prior. This ithe measurements nor requires any mathematical or aralytic
reasonable since in many commercial and industrial bugklin - model to characterize the propagation of the radio sigiéis.

the AP locations are predetermined to optimize the networkesulting fingerprint map is comprised of multiple fingenpri
coverage and link quality. In case where the AP locations arenaps, which are constructed by various combination sets
not known, there are many reported ways to effectively Bcatof APs. In the online stage, a subset of APs is selected
the APs in practice [6]. based on K-means clustering and a location signature based

Our fingerprinting-based localization system essentially®’? RSS meﬁsuremer;]tsdls ot_)tamﬁd.lThe_ measuredré;gatlon
consists of two phases. First, we obtain the offline fingetpri S'gnature Is then matched against the location signataree|

map consisting of multiple maps, each of which is constuiicte COrésponding fingerprint map (e.g. if AP 124 is selecteelnth
by using a combination set of APs used for localization."€ AP sequence will match to the fingerprint map generated
In total, there will be C% fingerprint maps, assuming we by AP 124) and the position information is obtained.

haven APs in the environments, antd APs are chosen for
localization. Second, the user measures RSS from APs in th&. Offline Construction of Fingerprint Map
range and forms the measured location signature, thenegueri

the corresponding fingerprint map to retrieve its location, The flngerpr_lnt map 1S con.structe.d by partitioning the
information by employing a matching method. interested area into a set of regions, with each associatad w

a location signature. Conventionally, the constructiorfiof
During the first phase (see FIg. 1), we construct the fingergerprint map requires offline site survey, involving measyr

print map by partitioning the environment into a set of regio  radio signals in every position in the environment. In casty

with each associated with a location signature. The taakti  in this paper, by adopting the ordered AP sequence based

fingerprinting-based approach requires a laborious siteegu on RSS and assuming a universal propagation model for all

Fig. 2. The signal strength distribution during four mirsief all APs and
four APs at one test point.



(a) Fingerprint map if AP1, AP3, AP5pb) Fingerprint map if AP1, AP2, AP4(c) Fingerprint map if AP1, AP4, APTd) Fingerprint map if AP2, AP6, AP7
AP7 are selected AP7 are selected are selected are selected

Fig. 3. lllustration of fingerprint maps for different combiion sets of APs.

Scan the RSS from all APs an
sort them in descending order

Initialize the seeds
Cluster by K-Means

Obtain the AP set by choosing
one AP from each K-Means clustep

environments, a region associated with a location sigeatur
is equivalent to a sub-area enclosed by cutting the lines
connecting the APs in the middle, given the locations of APs
but without any site survey. The shape of each region depends
on the displacements of the selected APs for localization.

It is expected that, the number of regions obtained depends
on the number and the placement of APs. Typical fingerprint
maps with 4 and 3 APs are given in Hig. 3, where the locations
of the APs are shown b for the n! AP, while the location
signatures of different regions are denoted by ordereddfets
APs, for exampleninongng andningng, with ny, no, ns, ny
being the APs whose RSS arranged in descending order, e.g. Yes
RSS,, > RSS,, > RSS,, > RSS,,. It can be seen (Output the estimated position)
that, with more APs involved, more regions are obtained, for _ o
example,12 regions in Fig@) ané regions for Fig@). Fig. 4. Procedure of online localization.

Although we only show the maps of several sets of selectedata x with @ data pointsx = {z,,¢ = 1,---,Q} to be
APs as examples, given the number of available APs i,pamtl(_)ned intoK clusters, the goa_l of K-means algorlthm is
the network to perform localization, there will be multiple {0 @SSign a cluster to each data point, so that the distanoe fr
fingerprint maps for all possible combination sets of APs!he data points to the cluster is minimized. Mathematicétig

Note that in this stage, the fingerprint maps for all possibld<-means clustering method solves the following problem:

[Get the signature by sorting]

RSS in descending order Yes

Match the

corresponding

fingerprint
2,

Any othel
different AP

Missed detection

combinations of APs are constructed. In the localizatiagest K
the APs used to perform localization are selected dynaiyical argminz Z d(xq,x1) (1)
using the K-means algorithm. F—1 2y Cxc

Given the fingerprint map, the localization accuracy ofwherex;, is the set of points that belong to clusterand
each region is computed as the average distance between gk, x;) denotes the distance between the data pojrand
positions and the center of the region. Theoretically, 8igh the k" cluster. The distancé() can have various representa-
localization accuracy can be achieved with more APs inublve tions, for example the Euclidean distance given|by — /|
in localization. with 1, being the average of the data points in e cluster.
Note that the probleni[1) is not trivial (in fact it is NP-hjreo
the K-means algorithm only hopes to find the global minimum,
probably getting stuck in a different solution.

In practice, the measured location signature might not b
correct, for example, as shown in Hig. 2(a), the correcttiona
signature is(3,6,7,2,1,5,4) while the measured location

signature is(3,6,1,7,2,4,5) at ¢ = 100s. So if we use all The K-means algorithm needs to be initialized. There are
APs for localization, the theoretical accuracy we can ahie some commonly used initialization methods. In this paper, w
is the best, but with high chance to make mistake. But if Wegimply form the initial K” clusters by choosing th& APs with

use only 4 APs, then the accuracy is lower, but with higheine i |argest RSS. The effect of cluster initialization will be
chance to make it correct. Therefore, in practice, AP-sec@le  nyestigated in experiments.

localization with less selected APs may offer better acoura
in the absence of site survey than using all AP for sequencing 2) Selection of AP setAfter the K-means clustering, a
number of K clusters are obtained. Next, from each cluster
one AP will be selected to form a set &f APs, based on the
method shown in Figl4. Note that, there might be multiple
The online localization is performed in three steps, 1)combinations of selected APs, since multiple APs might be in
clustering APs based on their RSS by employiigmeans one cluster. In this case, we generate the AP sets by randomly
clustering algorithm, 2) selecting one AP from each K-meanselecting one AP from each cluster. The procedure to select a
cluster and forming the selected APs for localization, ahd 3set of APs (i.e. select 4 APs from 7) can be seen in Hig. 5.
position estimation. The Step 1 and Step 2 are shown ifFig. /he K-means clustering results is denoted with the redesircl

. . . and the resulted AP sequence is denoted with a blue circle.
1) Clustering by K-meansThe K-means algorithm is a d

qualitative way to partition a group of data into a certain  3) Position Estimation:Once the AP set is generated, the
number of clusters (K clusters). In general, given a set ofmeasured location signature can be obtained by sorting the

B. Online Localization



Original RSS TABLE I. NUMBER OF FINGERPRINT MAPS NEEDS TO BE

CONSTRUCTED AND AVERAGE TIME(IN MILLISECONDS) CONSUMED TO

AP 1 2 3 4 5 6 7 CONSTRUCT THE FINGERPRINT MAP USING DIFFERENT NUMBER OF
SELECTEDAPS OUT OF TOTAL7 APS.

RSS |[-51|-55|-34| -62(-65|-44|-53

Number of selected ARs2 3 4 5 6 |7

AP selection Numberofmaps |21 35 [ 35 21 7 | 1
AP A . 3/4 Time used [ms] 9.4 21.8 26.3 25.4 9.2| 1.3
RSS \-3 -4zy \Ql -53 5/'5/ \\52 -65 we recorded the measurements at 20 test points. For each test
N~ point, the RSS values were measured every 300 ms and the
Select 4 from 7: 367 5 observation time is 1 min.
Fig. 5. K-means clustering and one example of the resulteeséRiences The time used to generate the offline fingerprint map under
using 4 APs (totally 7 APs in the environment). different numbers of APs used for localization are listed in
ATTTTTTTTTTTT°] Table[]l. The experiments were conducted using an Intel Core
C— e e e e ° ° i5-4200M@2.50GHz CPU with 4 GB RAM. We use a grid-
® ) wo LIRE I N e® o o based representation to compute the fingerprint map. For our
'l | s | -’I—ﬂ—l. o | l | | | | I I | implementation, the size of the grid is set to 0.2 m. As can be
seen in Tablél I, we can generate all 35 fingerprint map within
@) one second (to be exact 26.3ms) for the case of 4 APs, which
is negligible when compared to the laborious site surveygha
e in the traditional fingerprinting-based approaches.
° e o o o 0o 0 o
Py APS B. Results and Analysis
°
a7 o The proposed selective AP-sequence based indoor local-
e o000 00 o o ization system is evaluated in terms of localization accyra
® " which is defined as the distance between the estimatedgositi
n a J_ and the test points in meter. The experimental results angrsh
in Fig.[q.

(b)
. _ o _ _ Fig.[7(b) and Fig[ 7(¢) present the localization accuracy in
Fig. 6. Experimental setups. Black dots indicate the tegitpo(a) Experi- terms of cumulative density function (CDF) given differen
mental setup at Dover Campus with a size of (6040m); (b) Experimental . itial ds of K | ithm. Th CDF’ H b
setup at East Cost Campus (ECC) with a size of (28@m). 'nl, 1a See S O -means algorithm. e SO accuracy ob-
tained with different numbers of APs selected for localaat

e shown in Fig[ 7(#l) and Fif. 7[e), whereas Fig.] 7(f) gives

APs with RSS in descending order. This signature is matchea:e CDFs of accuracy with various observation time

against the location signatures in the fingerprint map aed th
location information will be retrieved. Note that, thereniet 1) Impact of initial seeds of K-Means algorithnin the
always a location signature in the fingerprint map to matcHK-means clustering, the choice of APs in the initial K cluste
the measured location signature. In this case, another AP saffects the generation of AP sets and thus the localization
will be selected and a new measured location signature wiliccuracy. Givert APs out of7 APs used for localization, the
be constructed. If all the AP sets have been selected and vaecuracy with different initial seeds is shown in Hig. T(bpa
fail to find a matched location signature in the fingerprinpma Fig.[7(c] for the two experimental setups, where the APs with

this test point will be declared amissed detection point RSS ordered imin2nsny are selected. It can be seen that,
given the current placement of the APs, the AP set with
IV.  EXPERIMENTS initial seed of 1234 has the best accuracy for both setups.

The reason might be that, stronger signal strength is much
more stable and reliable to reflect the position of the irsted

We evaluate the performance of our proposed localizatiomser, whereas weaker signal strength brings more uncgrtain
system by experiments, with the two setups given in Fig. 6in position interpretation. The AP set with initial clusteof
Both environments consist of concrete walls (marked withstronger RSS is therefore more robust to RSS fluctuations and
black in Fig.[), soft room partitions with windows (marked a correct AP-sequence can be obtained. A CDFE@h can
with grey in Fig.[), furniture, and equipments. The setup inbe achieved for accuracy 5m in both setups.
ECC also has concrete poles inside the room. The setup in
Dover is a room of 60m40m, while the setup in ECC is
a room of 25nx14m. The proposed system is implemented
using smart phones (Sony Z2) with Android version 4.4.2
We install 7 APs (ASUS RT-N12HP Wireless N3002) in both
environments. The APs provide RSS values ranging from -7
dBm to -30 dBm. If there is no detection of the access point, 2) Impact of the number of APs selected for localization:
we set the RSS to -100 dBm. At Dover campus, we collectedhe localization accuracy achieved with different numbgr o
the RSS measurements at 27 test points (see the dark ddt®s selected is shown in Fig. 7(d) and Hig. J(e). It is obsrve
in Fig[6(a)), while at ECC campus, which is much smaller,that, the accuracy obtained usifigAPs for localization is not

A. Experimental Setups

To our best knowledge, so far there is no Wifi fingerprinting
indoor localization system based on RSS without offline site
survey to construct the fingerprint map. In the near future, w
‘would like to compare the performance of our approach with
(t)he state-of-the-art techniques.
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Fig. 7. (a): Snapshot of setup at ECC; (b) (c): localizaticouaacy with various initial seeds at Dover and ECC respelgti (d) (e): localization accuracy with

various numbers of APs selected for localization at Dovet BEC respectively

TABLE II. PROBABILITY OF MISSED DETECTION(7 APS IN TOTAL).
No. APsused | 1 | 2 | 3 4 5 6 7

Dover o|lO0]O 0 | 0.15 0.41 0.63

ECC o|lO0] O 0 [0.2]04]0.85

; (): localization accuracy for varidime durations at ECC.

proposed system is easily constructed by cutting the Iayout
of the interested area into regions with only the knowledige o
positions of APs and assuming a universal propagation model
Employing ordered sequence of APs as location signatuee, th
proposed system is more robust to signal fluctuations indndo

the best, although theoretically usingAPs gives the best environments. Rather than using all APs available in the Wifi
performance. This is because that, with more APs involvedpetwork, we use a selected set of APs to perform localization
it is not always likely to have a correct AP-sequence in thepy employing K-means clustering algorithm. Experimental

fingerprint map, resulting in performance degradation.

We also investigate the probability ahissed detection
given different numbers of APs used for localization, asngho
in Table[dl. Heremissed detectiomeans we could not find
any matched fingerprint in the corresponding offline fingietpr

results show that, the proposed system achieves localirati
accuracy< 5m with a CDF of 50% to 60% depending on

the density of APs. Furthermore, we provide experimental
results in terms of localization accuracy and demonstizeé t
our proposed selective AP sequence performs better than

maps (see Figl4). It is observed that, with more APs used tgysing all APs for localization. The number of APs used to

localization, higher possibility ofissed detectiois expected.
In our examples, when all 7 APs are usé&d% and 85%
missed detectiomate are observed, while when 4 out of 7
APs are used, zemmissed detectionan be achieved.

3) Impact of time duration to record measuremenie
localization accuracy with various time durations (8.g.10s,

perform localization should be a design parameter based on
the placement of APs, which will be further investigated in
our future work. Another direction of our future work will be
the comparison of our approach to the state-of-the-art.
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