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Abstract. This paper proposes an indoor localization algorithm based on Log-distance path loss
model. The two parameters of the Log-distance path loss model are estimated by the measured
RSSI data. Then the two step filtering was carried out to keep the RSSI signals with the higher
probabilities. Finally the Taylor's series iteration method is used to compute the position coordinate
of the moving objects. The experiment results show that the location error is no more than 3m.

Introduction

In recent years, the application of the location based services has been related to amost every
aspect in our daily life. GPS and Assisted GPS can achieve satisfactory location accuracy in outdoor
applications. However, GPS and A-GPS can’t be applied to the indoor geolocation because GPS
signals indoor are too weak to be detected. To the indoor geolocation, the wireless local area
network (WLAN) based systems maybe the best solution [1,2]. It’s convenient to use the existed
WLAN network.

In the indoor geolocation, we can use three methods, that is, TOA, AOA, and RSSI [3-7]. The
TOA and AOA methods need extra hardware to realize the location purpose, that is, the TOA
method needs the synchronization precision of ns, and the AOA method need antennas. Moreover,
the problem of multi-path effect is normal in indoor environments, sometimes the direct path is
obstructed completely, which is the NLOS problem and will make the precise location impossible
for TOA and AOA. And the coverage of AP is about 100m, so the propagation time of the wireless
signals of TOA isdifficult to be measured. So the RSSI method is adopted in this paper.

The RSSI log-distance path loss model is developed based on sufficient actual RSSI
measurements in indoor environments. Then the improved log model is used to filter the RSSI
signals. And the Taylor's series iteration method is adopted to realize location estimation of the
testing points. Testing results show that the algorithm developed in this paper can achieve location
error of 3m.

RSS! L og-distance path loss model

In WLAN based indoor geolocation technology, there are two location method can be adopted,
that is, fingerprinting method and radio propagation modeling method. And the fingerprinting
method is mostly used, but the fingerprinting data is closely related to the indoor environment,
when the environment changes such as a small difference in the layout of the furniture will result to
great difference in the fingerprinting data. The radio propagation modeling method also is sensitive
to the environment. In order to improve the location precision, an improved radio propagation
modeling method is developed in this paper.

© 2016. The authors - Published by Atlantis Press 263



The radio propagation modeling method uses path loss model to estimate the distance. And the
path loss model often used include Free Space Propagation Model, Log-Distance Distribution
Model, and Log-Distance Path Loss Model [8-10].

To the indoor geolocation, the environment is complex, and the factors such as the building
structure and the layout of the objects indoor will increase the path loss. Therefore, the
Log-Distance Path Loss Model is adopted in this paper.

Log-Distance Path Loss Model. The Log-Distance Distribution mode is described by
formula(l):

PL(d) = PL(d,) +10n|g(di) + X, Q)

In formula (1), dis the distance between the transmitter and the receiver, PL(d) is the path

loss in dB, d, is reference distance, X, is a zero mean variable with the variance s ?, and the
RSSI measured comply with formula(2):
RSS =P, - PL(d) (2
In formula(2), RSS! isthe signal strength received at the testing points in dB, P, isthe
transmit power in dB. If the RSS| isAwhen d =d,, thenwehave A=P,, - PL(d,), thenwe
have:

PL(do) = Pt - A (3)

Then formula (1) can be described by formula (4):
PL(d) =P, - A+10n|g(di) + X, (4)
0

And the reference distance d, =1m, then using formula (4) to represent PL(d) informula
(2), we have:

RSS = A- 10n|g(di)- X ()
0
And here X, isazero mean variable, so we have:
RSS = A- 10nlg(d) (6)
And RSS isthe average of RSSI based on many testing results. From formula (6),we have:
A- RSS
d=10 10n @)

So formula (7) is adopted to estimate the distance between the transmitter and the moving
objects. In formula(7), two parameters A and n should be decided, and these two parameters will be
estimated in the following section.

Parameter estimation. In the indoor geolocation, we need three given nodes to decide the
coordinate of the object. Infig.1 node 5 is the testing node needed to be located, and node 1, 2, 3 are
the three given nodes with the precise coordinates, and these three is near to node 5 with the
minimum distance. The three given nodes can communicate to each other. And d,,, d,, d,, are

the distance between the three given nodes. Here, the unknown node 5 and the three given nodes are
very near to each other, so the wireless channel can be taken as the same. So we can use the three
given nodes to estimate the parameters in formula (7).

264



d12 5

d23

Fig.1 basic idea of parameter estimation
Supposing node 1 is the transmitter, the RSSI received at node2 and node3is R, and R,, and

accordingto RSS = A- 10nlg(d) , we can have:

TRy =A-10nIgd,
Then the two parameters A, and n, of nodel can be solved from equation (8):
emU_d -10lgd, 0 R, 0 (9
€, U™ € _10|dl<I =
e a gdiu  eRsa
Similarly, the parameters of node2 and node3 can be achieved:
eA0_@& -101gd, 0 teR, (10)
e U_gl _10|dl<I ER.Y
enz a gdxa  eRsu
éAl_ 6 -101gd, 0 TéR 1D

gn3H_ gl -101g d3ZH ngH
Then we use the average of nodel, node2 and node3 to represent the parameters of the triangle
area described by the three nodes:

IA=AYATA

! 3 (12)
In= n+n,+n,

) 3

Based on above, we can use formula (7) to estimate the distance between the given AP and the
moving object.

RSS! filtering

Distribution of RSSI. The indoor RSSI is sensitive to the surrounding environments because
of multipath effect, such as the layout of the furniture and the people moving around, Fig. 2 is the
RSSI measured indoor. We can see in Fig.2 that the RSSI doesn’t comply with the Log-Distance
Path Loss Model well with fast fading, and the RSSI doesn’t comply with distance, and our testing
show that RSSI in a fixed indoor position comply with the normal distribution as shown in Fig.2.

So before we use formula (7), the RSSI signals must be processed using some statistical
methods. And we will use two steps of filtering to obtain the RSSI signals with the maximum
probability, so high precision of positioning can be achieved.
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Fig.2 Distribution of RSS|

RSSI filter. Average model and Gaussian model are often used to process the RSSI signals
[14]. The average model simply uses the average of the RSSIs by the multiple measurements, and
this will lead to small probability error, so we can’t achieve precise position estimation. To the
Gaussian model, the average of signals with higher probabilities filtered out by the Gaussian model
will be adopted to estimate the object position. But in paper [17] it is concluded that the indoor
RSSI signals have positive bias because the NLOS problem is normal in indoor environments, so
the Gaussian model is also not accurate for indoor geolocation.

Animproved Log-Distance Path Loss Model is developed in this paper, in which two steps of
filtering is adopted. The first filtering use the standard deviation o to filter the RSSIs with big
errors, the second filtering is based on the Log-Distance model, so we can keep the RSSIs with
higher probabilities.

In the first step, to the Gaussian RSSI signals, the probability of the RSSIs in the range

(mr-s ,m+s )is0.6526, so wecanuse s to keepthe RSSIswith higher probabilities.

Gaussian distribution function is formula (13):

1 (m )(2)2
F(x)= e (23
SVZp
The averageis:
_1n
M= ax (14)
And variance:
o_ 1 n 2
sP=—a(x-m (15)

So we can use the RSSIs to estimate mands | then keep the RSSIs in the range of
(m-s,m+s), in which the RSSIs with big errors are mostly removed. And this is the first

filtering, in which every RSSI measurement is independent, so the filtered RSSIs still comply with
Gaussian distribution.
In the first filtering, the RSSIs with big errors are removed, so in the second filtering, we will
use the Log-distance model to further process the RSSIs.
The distribution of Logarithmic normal distribution is:

2

1 - (n- - m)
f(x)=————e > (16)
- XS 1\/5
The averageis:
a In-x)
m =S (17

n
And variance;
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L a(n(-x)- m)?
s, =k . (18)
Then we will use the range decided by formula (19) to filter the RSSIs with high probability,

and here the parameter 0.6 is decided by large scale experiments.

0.6 1
———Ef(XNE———
ms ,v2p ¥ ms ,v2p

Then we can use the RSSIs remained by the two step filtering to estimate the RSSI of the
testing node:

(19)

a In(- X«)
M=+ (20
n
x=-gem (2D

Here, X« isthetheremaining RSSI signals and n isthe number of Xk, X istheestimated
RSS! of the testing point. So we can use formula (12) to estimate the parameters in formula (7),

thenusethe x to estimate the distance between the transmitter or AP and the moving object, and
three APs are needed to decide the accurate coordinate of the object.

Positioning algorithm

Trilateration and triangulation are often used to calculate the coordination of the object, but
these two methods can’t realize accurate coordinate estimation in indoor environments. We will use
Taylor's series iteration method to estimate the coordinate.

The idea of Taylor's series iteration method isto expand the positioning function at the testing
node, ignore the second item and items above second, then the bias will be used to upgrade the
coordinate estimation, with the iteration step by step, finally the coordinate estimated will be
convergent to the real position of the testing point.

Supposing the real coordinate of the object is (X, y), the coordinate of the given nodes

are(x,Y;) » N isthe number of the given nodes, mi isthe parameter of the in givennode, m is
thereal valueof m, e isthe measurement error obeys zero mean normal distribution with the
covariance matrix R. Here we use f, to represent the coordinate of the testing node:
iy, x,y)=m=m-g,i=12..,N (22)
The steps of Taylor's series iteration method are described by the following:
Step 1. Supposing the initial position in the iterationis (X, Y,), the estimation error is d,,d,,

then we have:

X=X, +d,y=y, +d, (23)
Step 2. Expand f, at (X,,Y,) using Taylor series, and ignore the nonlinear items, we have:
fiv+a1'1dx+ai2dy »m-e,i=12...,N (24)
8@11 8 o 80
- _ﬂfi _ﬂfi _(;;azj_ a22 a’2j+
here f, = 00, Yo X0 Y0, 80 = 0B -ﬂ—y|w A=¢ Co

Sa, a, - a5
And if the number of the unknown variables and the observation equations are the same, and matrix
A isfull rank, then the weighted least square estimation of d is:

d=(A'R'A)'A'R'z (25)
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Step 3. Ife <g,, then exit, we can have the position estimationas: x=x, +d,, y=Y, +d,
Else, go to step (4);
Step 4. Update X,y usngx=x,+d,,y=Yy, +d, thengo to step(2).
Here we can use the following equations to decide the value of «:

e=./d,’(n+1)+d,’(n+1) (26)
e=|\/d () +d,’(n) - Jd,’(n+1)+d,*(n+]) (27)
e =max(|d,(n+1)|,|d, (n+1) (29)
e =max(|d, (n) - d,(n+1)|,[d, () - d, (n+1) ] (29)

Here n isthe number of iterations, and we should decide the initial coordinate near the actual
position by prior knowledge.

Experiments

Experiment 1.The first experiment is for the two step filtering. We get 100 RSSI samples

when d=1m and 200 RSSlI samples when d=5m, then we use the two step filtering method to filter
the RSSI samples. In the first filtering, we estimate p and o firstly , then keep the RSSI samples in
(m-s,m+s ) with the probability 0.6526. In the second filtering, we use the Log-distance model,
that is, formula (19) to filter the RSSI samples.
Fig.3 is the original RSSI samples as d=1m, it’s clear that the value of RSSI samples is not stable
fluctuating in the range [-28dB,-44dB]. Fig.4 is the result of the first filtering, the fluctuating is
limited to [-36dB,-40dB], so the samples with big errors are removed. And Fig.5 is the result of the
second filtering, we can see that the amplitude of the RSSI signals is fluctuating in a small scale
around the real value.
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Fig.3 Unfiltered RSSI Fig.4 RSSI after the first filter

Fig.5 RSSI after the second filter



And Fig.6 isthe original RSSI samples as d=5m, Fig.7 and Fig. 8 are results of the two step
filtering, we keep the RSSI samples with higher probability. So we can use the RSSI samples
remained to estimate the average.
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Fig.6 Unfiltered RSSI Fig.7 RSSI after the first filter
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Fig.8 RSSI after the second filter
Experiment 2.In the second experiment, we use the Taylor series method to calculate the
object position. The tegting area is a lab with the size 9.5mx6m, and we choose 25 testing nodes as
shown in Fig. 4.9, in which x axis is the length and y axis is the width of the lab. The coordinate
of the three given Apsis AP1:(1.71, 2.4) ,AP2:(7.79, 2.4) ,AP3:(2.09, 4.8) .So we can use formula

(9~(12) to estimate the model parameter A and n, and we get A=48, n=2.9.
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Fig.9 Layout of the indoor test points
To the every testing node, 100 samples are adopted to estimate the RSSI average using the two
step filtering, then the RSSI average can be estimated. Finally the Taylor's series iteration method
can be used to estimate the coordinate of the object. Fig. 10 is the position estimation error of the
25 testing nodes. We can see that the estimation error fluctuating around 2m with the maximum
3m. This is superior to the traditional trilateration and triangulation method, which is in the range
[3m,7m].
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Fig.10 Estimation error of the testing nodes
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Conclusions

This paper proposes an improved indoor localization algorithm based on Log-distance path loss
model. The two parameters, A and n, of the Log-distance path loss model are estimated by the
measured RSSI data in the lab with the length 9.5m and width 6m. Then the two step filtering was
carried out to keep the RSS! signals with the higher probability. Finally the Taylor's series iteration
method is used to compute the position coordinate of the moving objects. The experiment results
show that the location error is no more than 3m.
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