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An improved K-Nearest-Neighbor indoor
localization method based on Spearman distance

Yagin Xie, Yan WangMember, IEEE Arumugam Nallanathar§enior Member, IEEEand Lina Wang

Abstract—Indoor localization based on existing Wi-Fi  Therefore, different Wi-Fi devices might yield differenBBI
Received Signal Strength Indicator (RSSI) is attractive values at the same location, especially for those equipment
since it can reuse the existing Wi-Fi infrastructure. How- made by different manufacturers. However, as RSSI finger-
ever, it suffers from dramatic performance degradation prints can be easily obtained from most off-the-shelf veissl
due to multipath signal attenuation and environmental network infrastructures, it is also an attractive approéah
changes. To improve the localization accuracy under the location determinations.
above-mentioned circumstances, an improved Spearman-  The current RSS-based localization methods can be divided
distance-based K-Nearest-Neighbor (KNN) scheme is pro- into ranged-based localization methods and RSS fingerprint
posed. Simulation results demonstrate that our improved location techniques. The former converts the RSSI values to
method outperforms the original KNN method under the  distances according to the propagation loss model[2—3jrbef
indoor environment with severe multipath fading and  performing localization by lateration methods. The lattan
temporal dynamics. usually be divided into two phases: training and locating.
Although the procedure of training is time-consuming, labo
| INTRODUGTION !nter_lsive, and_ vulne_ral_)le to environmental dyqamics, it is

. o . o _inevitable for fingerprinting-based approaches. With teeet

The prollferatlon of wireless communication and mobile opment of Goog|e maps, indoor goog|e maps can provide more
computing has driven the demand of location-based servicegnd more indoor localization. Until July 2015, over 10,000
(LBSs). For outdoor open environment, the Global Naviga4gcations around the world are available.
tion Satellite Systems (GNSS), such as Global Positioning |n fact, the absolute RSSI values are unstable and quite
System (GPS), GLONASS, BeiDou Navigation System andjifferent when measured by different Wi-Fi terminals. To
Galileo Positioning system can provide high location aacyr  mitigate these effects, the relative RSSI values, i.e.rthei
However, the GNSS signals from satellites cannot be alwaygankings, are used to replace the absolute ones for location
hearable in many indoor areas, which limits their applmadi  determinations[4-9]. This means that, even if the absolute
In recent decade, Wi-Fi infrastructures are widely depibye RSS| values of a set of Access Points (APs) in the covering
in many indoor environments such as airports, supermarketgrea might be quite different when measured by different Wi-
and shopping malls etc. Furthermore, most of the currenti measurement devices or over different time, their ragkin
off-the-shelf smart equipments, such as smartphonegapt is more likely to remain the same or, at least, more similar.
and Ipad are integrated with Wi-Fi modules which makes itThis is based on the assumption that the RSSI values mono-
possible for location based on Wi-Fi signal strengths i tonically decrease when the distance between the source and
environment. APs increases[10]. To evaluate the similarity among cffier

However, performing received signal strength (RSS) baseghnkings of the same set of APs, the Spearman rank cornelatio
indoor localization is particularly challenging due to thd-  coefficient[11] is utilized which is a nonparametric measof
lowing three reasons: Firstly, it is difficult to obtain arcacate  statistical dependence between two variables. This Spegsm
received signal strength indicator (RSSI) values. Acamydi coefficient assesses how well the relationship between two
to the measurement in [1], the variance of RSSIs collectegariables can be described using a monotonic function and
from an immobile receiver in one minute is up to 5dB. s appropriate for both continuous and discrete variables,
Secondly, RSSI is easily varied by the multipath and NLOSincluding ordinal variables. Based on this reason, we psepo
effect which is unavoidable in an indoor environment where do utilize the Spearman rank correlation coefficient to estd
ceiling, a floor, furniture, walls and the movement of peapte  the similarity among different rankings of the same set of
present. Thirdly, manufacturing variations among diffel&/i- ~ APs. For the purpose of comparison, RSS-based lateration
Fi devices might also affect the RSSI measurement accuracyigorithm proposed in [12] and the K-nearest neighbor (KNN)
method[13] are also provided in this letter.

Yaqin Xie and Lina Wang are with the Jiangsu Key Laboratorileteoro-

logical Observation and Signal Processing, Nanjing Usitgrof Information To evaluate the effectlvgness of our spearman-dlstans:edba
Science & Technology, Nanjing 210044, China(e-mail: xyq@nedu.cn; Mmethod, we use a partition attenuation factor propagation
wanglina@163.com). model as in [12] to simulate the real indoor environments.

Yan Wang is with the National Mobile Communications Reskarc  The rest of the letter is organized as follows. In Section II,
\k,aatr’ggggj e?g‘itr?)eaSt University, Nanjing 210096, Clenagil: yan- e first provide some related background before introducing
Arumugam Nallanathan is with the Department of Informatigsking's ~ OUr proposed method. Simulation results and discussion are

College London, UK(e-mail: arumugam.nallanathan@kallgc presented in Section lll. Finally, we conclude our work in



Section V.

Collect the target ‘
l—

Fingerprint

Il ALGORITHMIC DESCRIPTION Collect RSSI ‘ Calculate the Spearman ‘
A. Background Distance

There are two phases in RSSI fingerprint location ap- Construct the Select the location with
proaches: the off line training phase and the runtime laaali A Position minimun Spearman Distance
tion procedure. During the off line training phase, vari@gs| Fingerprint” Database
values are collected at predefined points within the coverag ‘ Execute KNN approach ‘
area. The collected RSS characteristics are location diep¢n
and stored in the correlation databases (CDBs). Obviously, @ Yes
the more parameters per signal observed, the more unique the No
fingerprint and thus the better the location accuracy. End

An RSSI fingerprint can also be classified as either a target
or reference fingerprint. Undoubtedly, a target RSSI fingetp Fig. 1. Flow chart of localization.
is associated with the object node that is to be localizeat, th
is, it contains signal parameters measured by the objea nod
or by the associated APs. The reference RSSI fingerprints akghere Vr(ng,1) = T(k,1), npy € [1,N;] and k& =
values collected during the training phase and stored in thé,2,..., N;.
CDB. The target fingerprinT used in the remainder of this  Similarly, Vg can be renewed to be
letter is written by a/V; x 2 matrix:

Vr(ng,2) =k, 5)

ID; RSSh

. . ’ (1) where Vg(ni,1) = R;;(k, 1), np, € [1,N] and k =
§ . 1,2,...,N1'7j.
IDy, RSSIy, The Spearman rank correlation coefficient between thettarge
where N, is the number of APs within the range of the object fingerprint and the reference fingerprint at pixel;j) can be
to be localized.ID; and RSSI; are the identity and the expressed as
measured RSSI from thé&" AP, respectively.

T:

The reference fingerprifR at pixel (i, j) can be expressed o SN [(Ve (n,2) = Ry) (Ve (n,2) — RR)]
as ] — — )
ID; ;1 RSSI; ;a1 \/Zﬁfil {(VT (n,2) — RT)Q(VR (n,2) — RR)2}
Rij = ) (2) (6)
IDijn.,; RSSLijn., where T
wherelN; ; is the number of APs whose predicted RSSI values Ry = N, anl Vr (n,2),
are above the minimum threshold at pixglj). The rows K
of R;; are classified in descending order of RSSI, that is, _ 1 N,
RSSI; j1 > RSSIj, if k <=k, Rr =+ anl Vi (n,2),
B. Spearman Rank Correlation Coefficient Subsequently, the Spearman distadge can be given as
The Spearman rank correlation coefficient[14] is used to
calculate the correlation between the target fingergfirand dij =1 pij- (7)

the reference fingerprirR; ;. However, the target fingerprints
might not have the same number of APs nor the same AP§ S dist based method
Therefore, some modification is needed before computing the* pearman-distance-based methods

Spearman correlation coefficient. By exploiting the Spearman rank correlation of RSSI mea-
On this basis, twaV, x2 matricesVr andVg, are generated, surements from different APs, we proposed an improved
which are initialized to be Spearman-distance-based KNN[15] location method. In our
ID, N, proposed approach, the localization procedure includes th

following three steps: Firstly, the offline RSSI fingerprint
: : (3)  database is built; Secondly, collecting the position fipget
IDy, N of the object; Thirdly, calculating the Spearman distance

The position of APs in the RSSI ranking & must be according to Equation (7) and then select all the locatioitis w

inserted in the second column of the correspondent row ifiNiMum Spearman Distance; Finally, execute the original
Vo, that is to say KNN approach according to all the locations with minimum

Spearman Distance and obtain the final location estimation.
Vr(ng,2) =k, (4)  The detailed flow chart is shown as in Fig. 1.

Vr=Vgr =



TABLE I. DEFAULT PARAMETER SETS.
IIl.  SIMULATIONS AND DISCUSSIONS

A. Simulation Methodology

In our simulation, RSSI values are generated from the
predefined 400 locations which are shown in Fig. 2 by the
small blue circles. This area is a 10m by 10m square field 5o

with all these predefined points evenly spaced in this fielse T “-\'\/'

position of the object to be localized is randomly generated 5| [ =@= PR Method

=== KNN Method
=== Prosposed Method

[ Parameters [ do | P(do) [ ~[ PAF [ D.]
[ Values [ Im [ —37.3dBn] 3.3 5dB | 10m|

inside this coverage area. That is to say, the x and y label
of the objects to be localized are Nxrand and Nyx rand,
respectively, where Nx and Ny represent the maximize value
in axis x and y of the simulated area which are both equal to
10m in our simulation and “rand” is the Matlab function. Four
APs at the four corners of the square area are deployed as
shown in Fig. 2. In order to simulate the indoor environmgents ‘ '\\
the whole coverage area is divided into nine districts which ’
represent nine different rooms, which are separated byretenc % 25 3 35 2 a5 5

walls. The wireless signals from devices in different rooms valie ofNP

are decayed by various number of walls before reaching the

APs. To simulate the indoor signal propagation, a partitiorFig- 3. Comparison of average location errors for differeamiies of NP.
attenuation factor (PAF)[2] is added into the shadow fading

propagation model. Therefore, the shadow fading propagati
model can be written as[6]

B
o

Average Location Error,m
I

w
&

decorrelation distance which can range from several meters
to many tens of meters/;; is the distance between thé

_ d position and thej™ one. Secondly, for the above obtained
P(d) = P (do) = 107l0g, <d_0) ~WxPAF+ X, (8)  (ovariance matrixiK, execute cholesky factorization, we get

. _ . K = LLT. Subsequently, generate a non-correlated normal
where P (d) is the total path loss measured in decitfldo)  andom variables — [wi.-..,wmT, thenX, in Equation (8)

is the path loss at the reference distane 7 is the path -5 e expressed a8, — Lw. That is to say, the correlation

loss exponent, PAF is used to denote a specific obstructiogf ihe shadow fading at locatiarand; is E [X, (i) X, (j)] =
such as walls in indoors. We use it here to simulate the 7 7

—d;;
penetration loss when signals pass through the Walis the Kij (dij) = o exp Do
number of walls between the object node and the APsis a In this subsequent simulation, Non-line-of-sight (NLOS)
normal random variable. For a better understanding, censid environment is assumed, and then the related parameter sets
the wireless device located in Rodrof Fig. 2, W is 1, 3, 3, are summarized as shown in Table I.
1, respectively, for AP, AP, AP3; and AR,.
Moveover, in order to simulate the indoor environment : .
accurately, it is important to take the correlation into @att. B. Impact of the number of the closest neighbor points
The spatial correlation of the shadow fading effect is otsdi The effect of varying number of NP which means the
as follows: number of the closest neighbor points in the location space
Firstly, am x m covariance matriXK is generated which can be examined by choosing different values from 2 to 5. The
satisfiesk; (dij) = o2 exp (_ d/:;j)v whereD, represents the average location errors (ALE) of the PR method, the KNN
° method and the Proposed method are shown in Fig. 3. It is
obvious that the value of ALE for the PR method is a constant
because it is nothing to do with the value of NP. As shown

AP2 AP3 . .

M5 56060600 000000/0000000 in Fig. 3, the curve corresponds to the KNN method shows
O O O 0O O QO O O O O OO0 O O O O . . . .

o0 o Raamd o o o o Bewes o |0 o o Rl O a steady decline in ALE before rising and reaches the lowest
OO0 00000 0000001 OoOO0oOO0oOO0O0OO0 -

86 600000000000[00000GO point when NP equals to 4. For the proposed method, however,
Meeccocodoccccokbocoaaa there is a slow and steady decrease in ALE, ranging from 3.5m
7 %0 o Ooom(é odoo §OOm58 oboo ‘ém@ o0 to just below 3.2 m when NP increases from 2 to 5. Thus, for
5000000 0doo0oooabocoona fair comparison, we keep the value of NP at 4 in the following
fa222905952229556888235¢9 subsections.

3700000000000000000000

© 0 QP O 9 O O Foukd O P O O Gofmp O

206060000 000000b000000 :
Joococoocaodooococopoooooo C. Impact of shadow fading

OO0 O0O0O0O0O0O ®O OO0 0 O O O 0 0 OO0

> ©00,000000000b00,0000 To see the impact of shadow fading factor, we getange

ok

4 6 8

X coordinates(m) Ao from 4dB to 8dB and repeat the same measurements for 1000
times. Figure 4 illustrates the ALE when the shadow fading
Fig. 2. Simulation layout. factor varies within the above given scope. For the purpose

>
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Empirical CDF
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Fig. 4. Comparison of average location errors for diffedecttion methods. Fig. 5. Location error CDFs witly = 5dB.

Empirical CDF

of comparison, the original KNN method and the polynomial- S PR Method //" Tl
regression-based method (PR Method) [2] are also simulated 08 2 Mrosposet wethad* .
Obviously, the positioning error significantly increases the osr P

original KNN method with the increase of shadow fading o

factor. Such impressive results are natural since that a big 2 08 s

shadow fading forms more unreliable position fingerprind an 8 os e

thus the influence of location error is increased to a certain * oaf '."

extent. The value of shadow fading, by contrast, doesn’ehav 0af S

a significant influence on the another two methods. When 02} ‘._,:"."

o is small, the original KNN method and the PR method ol /.07

show similar localization performance which are appayentl ol ‘
inferior to the proposed method. The effectiveness of our P ke M

proposed method improves significantly as the valuesof

increases which demonstrates the superiority of our meithod Fig. 6. Location error CDFs witle = 7dB.
aweful indoor environments comparing with the another two

approaches.

RSSI values obtained in advance from the APs. We collect

D. Cumulative Error Distribution and proceed the RSSI values as "fingerprints” to form theoradi

Fig. 5-6 illustrate the cumulative distribution functi@@F) ~ Map in the training procedure. The spearman rank correlatio
of localization errors in the simulated indoor environmentCoefficient is then calculated after obtaining the unknown
when the shadow fading factor equals to 5dB and 7dBposition fingerprint. Then we get the spearman distancedbase
respectively. As can be seen from Fig. 5, the proposed schen®® th_e spearman rgnk correlation coefﬁmentland then com-
achieves a localization error under 2.7m for 80% of thebin€ it with the original KNN approach. Experimental result
testing samples, which is significantly smaller than thoke oshow that the proposed combmatlon_ method achieves better
the original KNN method(4.5m) and the PR method(4_9m)lperformance than the another two existing methods.
And when the shadow fading factor increases from 5dB to
7dB, the proposed scheme achieves a localization erromrunde
4.6m for 80% of the testing samples, which is significantly V. ACKNOWLEDGEMENT
smaller than those of the original KNN method(8.2m) and the
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