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ABSTRACT

In order to estimate the user location in an indoor Wi-Fi environment, the fingerprint map should be firstly
constructed by measuring the received signal strength indicator (RSSI) of the existing access points (APs).
However, the localization accuracy will be largely decreased because of the unstable RSSI values due to noise.
In this paper, we proposed the localization algorithm (ZA_ VAP KF) using the virtual access point (VAP) and
the Kalman filter (KF) in indoor Wi-Fi environment and analyzed the localization accuracy of the proposed
algorithm. It is confirmed that the accuracy of the distance error of the LA VAP KF' is 3.43m, and it is
increased than that of the fingerprint and VAP based algorithms by as much as 0.72m and 1.75m, respectively.

is the full

infrastructure and the readily availability of Wi-Fi

I. Introduction One of the main reason of this

The indoor localization technologies based on the
received signal strength indicator (RSSI) in Wi-Fi
environment has been continually evolving. There
have been improvements, different approaches and
ideas are added to its concept since RADAR!".

environment that exists in almost everywhere. In
order to estimate the user location, the RSSI should
be firstly measured from access points (APs) that
the the
should secondly

located away from and

algorithm

are source,

localization be
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executed”.

Increasing accuracy of estimating user location
has been the aim in many researches of indoor
localization. One way to achieve this improvement
in localization accuracy was the use of the virtual

35 .. .
B3] where it is used to increase

access point (VAP)
the number of AP in an already existing Wi-Fi
network. VAP uses the correlation of APs to
statistically create the RSSI to be added in the
fingerprint map. The use of VAPs may have
improved the localization accuracy but a problem
still remained in the system. The presence of noise
caused instability in RSSI measurements, which will
directly affect the localization calculation. Thus, in
order to eliminate the effects of noise, the Kalman
Filter (KF) will be added in the system. The purpose
of this paper is to propose and analyze the
localization algorithm on the VAP and the KF in
indoor Wi-Fi environment in improving the
localization accuracy. The proposed algorithm,
localization algorithm using VAP and KF
(LA_VAP_KF), is the advanced model of VAP

based algorithm.
II. Related Studies

2.1 Virtual Access Point

The information of the physical layer in the VAP
scheme can be easily obtained in the Wi-Fi
fingerprint map. Because each location in an indoor
environment receives a unique signal strength due to
multi-path effect, the signal property, especially the
signal strength, has its own fingerprint map. A VAP
fingerprint map is built up using this property[H].

VAP has proven that it has improvement over
fingerprint based algorithm but has concerns with
the unstable RSSI from existing APs”!
of VAP is equal to AP with the exception of no

. The function
existing ~ physical  structure. =~ The  unique
characteristics of VAP is the reading of RSSI value
that can be produced from it

After obtaining the RSSI values, the regression
coefficient will be computed together with the

already existing APs. VAP will be created by the
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regression coefficient using Eq. (1)
VAP= VAP,+ aAP, ¢))

Where, « is the regression coefficient, and VAR,

is the simulated value of VAP when distance is
zero from AP, and AP, the number of existing

AP. After VAP, is created from correlation

between all other APs, VAP will be computed. It
is proven that the higher the absolute value of
correlation, the greater the accuracy of determining
the user location using Wi-Fi fingerprinting map.

Because VAP placements lead to optimal
improvement of localization accuracy, it can be
realized by the determination of VAP location
through a series of trials and simulations. This work
is done during the data collection phase of the
proposed localization algorithm using VAP on the
fingerprint mapm.

2.2 Kalman Filter

KF in indoor localization algorithm uses the
measured value of the user location on a static
position based on fingerprint map and produces the
predicted value of the location®. Noise filtering is
essential because of its presence in wireless
propagation which is experienced in the measured
RSSIs. Upon filtering of noise in the RSSI
measurement, it will be revised, and the revised
RSSIs will be used in the distance estimation. KF
was used to eliminate noise, and a log-distance path
loss model was used to revise the measured RSSIs.
KF is found to reduce the accumulated errors by 8%
relative to the RSSI filter”.

. Proposed Algorithm

3.1 Problem Analysis

VAP based algorithm has two phases as: the data
collection phase and the fingerprint based
localization phase”’sl. Although an average of 4m
error distance was achieved, very high error
distances were observed. The cause of high error

distance was the presence of several factor such as
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noise, time of day and interferences of obstacles.

Because noise can be seen as the major
contributor of instability in RSSI measurements, it
will improve the accuracy and reduce the error
distance to be less than 4m if noise will be
eliminated in the system. Filtering is one way to
eliminate noise and KF will be the proposed filter in
the system.

In the LA_VAP_KF, VAPs are realized by a
statistical model with the help of correlation, while
KF is used to improve the localization accuracy in
VAP. KF is used to optimize the localization
accuracy in measured VAPs on the fingerprint map,

as lesser noise means higher accuracy.
3.2 Design Considerations

3.2.1 Considerations on VAP

VAP can be realized by a statistical model with
correlation to existing APs. It is also needed to
know the locations of installed APs in the indoor
Wi-Fi environment. AP and VAP placement affects
their correlation as observed on previous research on
VAP, and the localization accuracy was improved to
4m error distance from traditional fingerprint map as
high as 8m"'. There were three existing APs in the
indoor Wi-Fi environment and two VAPs were
strategically added with optimal placement and
achieved 70% correlation.

3.2.2 Considerations on Kalman Filter

KF is adapted to the proposed algorithm to avoid
abrupt changes in the RSSI values from the existing
APs. Filtering in noise improves the localization
accuracy in wireless localization in indoor
environments. KF will filter the noise during the
measurement of RSSIs. The main function of KF is
to use to measured RSSIs and update it. KF will be
performed separately from VAP process, as it will
only calculate measured RSSIs eliminating very high
or very low values based on its prediction state and
update state. The main function of KF is to use to
measured RSSIs and update it.

The collaboration with VAP and KF enables not
only the stabilization of RSSI level but also the

improvement of localization accuracy.

3.3 Proposed Algorithm

The proposed LA_VAP_KF is applied for
further improvement of VAP based localization
algorithm. Filters have been utilized in many
sampling algorithms, and KF was chosen for its
effectiveness. The overall system architecture of the
LA_VAP_KF is showed in Fig. 1.

It consists of two modules: the VAP function
module and the Kalman Filter function module. In
the VAP function module, all the parameters about
VAP are initialized in the Initialization submodule.
The fingerprint map is built and VAPs are created
in the Creation of VAP submodule. The acquired
RSSI is compared with the existing fingerprint map
to estimate the user location in the Localization
submodule.

The output of this module is a VAP value which
will be then used in the localization submodule of
the VAP function module. This Kalman Filter
module leads to the improvement of localization
accuracy in the indoor localization algorithm using
VAP proposed in [3].

VAP Function Module Kalman Filter Function Module

Set Prediction:
initial presume stateand initial [*
covariance error value

1

Initialization
{mobileuser RSSI readings)

Computing for Kalman Gain
Creation of VAP with

respect to mobile user RSSI [—
reading —|_ l
-~

Updating of Predict State

! Value
Localization i
{Euclidean error distance
method) Updating of Error

Covariance —

T2 1. Al el AlaE 2
Fig. 1. Overall system architecture of the proposed
algorithm.

3.3.17 VAP Function Module

VAP function module is divided into three
submodules such as the Initialization, the Creation
of VAP and the Localization. In order to make the
optimal VAP values, a statistical method will be
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used. The Initialization submodule refers to the
collection of RSSI data from the existing APs and
the creation of the fingerprint map.

The fingerprint map is built up and VAP is
created in the Creation of VAP submodule. The
RSSI value for VAP in the fingerprint map is
obtained by making one AP plus some VAPs
matrix. The regression coefficient of VAPs with
respect to APs can be calculated using the data.

However, the RSSI value for VAPs is dependent
on the RSSI value of the collected APs on the
creation of VAP, and it is equal to the sum of RSSI
value in all existing APs with respect to their
corresponding regression coefficient.

Finally, during the Localization submodule, these
collected RSSI value for APs and VAPs are
compared with the matrix of fingerprint map for
APs + VAPs collected during the Creation of VAP
submodule. The final location of VAP can be
determined by using Euclidean distance calculation.

3.3.2 Kalman Fllter Function Module

During the Prediction step, = is the predicted
state estimate of the object from its observed
measurements of RSSI, with changes as k—1, or
the previous state with %k representing time as shown
in Eq. (2). x; will be the present location of the
user.

In this step, F) represents the matrix of set
predictions made from the z, ; to xz,. Also
computed in this step is the predicted covariance
matrix /7, as seen in Eq. (3). P, is the covariance

used to make a set matrix based on Gaussian

distribution.
Zae-1) = Bk 2
Pui—1) = FPy_p-1Fi 3

First, Kalman gain K, will be determined to
update the measurement date. Kalman gain is the
matrix that outputs the minimum mean-square error
by combining the variables from the predicted state
and the observed measurement with noise covariance
R, as seen in Eq. (4).

K= HPH(HPH +R)" @)
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The observed measurement are represented by z;,
with /), representing the matrix of it. This is seen

in Eq. (5) with v,, as noise added in the system.

zp = H) tuy, (5

Update step is represented in Eq. (6)-(8) where
the measurement, covariance and Kalman gain is
updated based on the Kalman gain of Eq. (4). This
updated values will determine the latest or the last
known location of the wuser. This process is

computed continually based on the received RSSI

measurements.
&y = K (5, — Hz) + 1, (6)
P, = b, — KH.DP, @)
K=PHHPH+R)™" 8)

IV. Experiments and Result Analysis

4.1 Experimental Environment

The lobby of the 1% floor of the university main
building is selected as the testbed for the
experiments, the covered area of the building is 32m
x 32m. 141 reference points (RPs) are used to build
the fingerprint map, and the area of each RP is
defined to 2 X 2 m space.

VAPs are strategically placed in the indoor space
to provide an optimal coverage together with the

113

@ @
APO1

q

a7 2. izt 23 13442 VAPS} APS] i3
Fig. 2. Placement of VAP and AP on Ist floor of main
building.
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existing two APs, enveloping an area 9.6m X 9.6m
around it, without overlapping with other APs. The
two APs were in the door and the right wing of the
main building. ApO1 and ApO2 are the labels used
in the experiments, namely VAPl and VAP2
respectively.

All VAPs and APs placement can be seen as
depicted in Fig. 2. LG G4 was used as the mobile
device to obtain RSSI values and for conducting
online localization. Random test points were used as
the mobile user location to be determined using the

localization algorithms.

4.2 Results and Analysis

After computing for regression coefficient, the
fingerprint map was created with 2APs and 2VAPs.
Correlation was also computed after the creation of
fingerprint map as seen in Table 1.

Using Euclidean distance formula, error distance
from the mobile user test points to the RPs where
determined. Using the three algorithms namely,
LA _FM, LA_VAP and the proposed
LA_VAP_KF were used to determine the user

location. The error distance means the distance of

estimated position of user to the RPs.

E 1. AP} VAPS] AHHA|
Table 1. Correlated relations between APs and VAPs

API AP2 VAPI VAP2

door/AP1 1 -0.578 0.051 0.580

right/AP2 -0.578 1 -0.019 -0.337

ap01/VAP1 0.051 -0.019 1 0.425
ap02/VAP2 | 0.580 -0.337 0.425 1

4.2.1 AP and VAP Correlation

Other than the three algorithms, each VAP is also
tested individually for its performance. 2APs will be
paired with VAP#1, VAP#2 separately and a
combination of 2APs with 2VAPs will also be
tested. LA_VAP and will LA_VAP_KF have
three different cases each. The overall error
distances as measured during the experimentation is
summarized in Table 2.

The least error distance of 3.43m was extracted

F 2. 3709 daE]FelAe] &7 712
Table 2. Error distances in three algorithms

Algorithms Types Error distances
LA FM - 5.18m
2APs + 2VAPs 4.15m
LA_VAP 2APs + VAP#l 5.25m
2APs + VAP#2 5.41m
2APs + 2VAPs 3.43m
LA VAP KF| 2APs + VAP#1 4.51m
2APs + VAP#2 3.59m

from the experiment was exhibited by 2APs +
2VAPs of LA_VAP_KF among all algorithms and
different cases. This result was affected by the high
correlation of VAP#2 with other APs as compared
to VAP#1 with lower correlation. The low
correlation of VAP#1 also resulted to its higher
error distance which means a lower accuracy among
all cases.

Also seen is the significant difference of three
algorithms, where LA _FM and LA_VAP have
error  distances  almost 1m  higher than
LA_VAP_KF. This proves the improvement in the
performance of LA_VAP_KF over the two other
algorithms.

4.2.2 Average Error Distances

The Fig. 3 shows that the average error distances
of the localization algorithm using fingerprint map
(LA_FM), the localization algorithm using VAPs
(LA_VAP) and LA_VAP_KF. Different cases of
LA_VAP and LA_VAP_KF were also included.
The highest overall average error distance is
represented by the orange dotted line, this average is
from the case of 2APs + VAP#1. While the lowest
overall average error is represented by the
performance of 2APs + 2VAPs.

The performance of 2APs + VAP#2 was lower,
but closely to that of the highest average error
distance, as represented of the blue dotted line. The
bar graph, also shows the significant difference of
LA_FM and LA_VAP from the proposed
algorithm, LA_VAP_KF. The role of VAP can be

viewed as a significant factor for the improvement
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Fig. 3. Comparison of average error distances.

of KF. Individually VAP#1 and VAP#2 shows
contrasting results, where VAP#2 has better
performance by having lower error distance, while
VAP#1 has undesirable performance with its high
error distance.

The robustness of KF made it possible to be
integrated with VAP algorithm as proven by the
very low average error distance of 2APs +2VAPs,
an increased performance of the VAP based
algorithm.

4.2.3 Cumulative Error Distances.

The cumulative error distances of the moving user
on RPs in LA_VAP_KF is also compared with that
of LA_FM and LA_VAP. Tt can be seen that
cumulative distribution function (CDF) on RPs in
LA_VAP KF is the least than LA_FM and
LA_VAP as shown in Fig. 4. LA_VAP KF
depicts that there are higher probability of almost
60% and above for having 2m-3m error distance,
and the error distance achieved in any test points

Cumalative Error Distances
1 L b BB ——— 8
X e ¥ LA_FM
S R e T

y == LA_VAP_KF 2APs

/4 +VAPL

-=4- LA_VAP_KF 2APs
+ 2VAPS

LA === LA_VAP_KF 2APs.
+VAP2

— —LA_VAP 2APs +
2VAPs

—& —LA VAP 2APs +
VAPL

—m —LA_VAP 2APs +
VAP2

Error Distance (m)

a8 4. 4 £7AE vl
Fig. 4. Comparison of cumulative error distances.
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will be lesser than that of LA_FM. The red dotted
line belonging to 2APs + 2VAPs in LA_VAP_KF

has the noticeable difference among all lines. This
represents the higher probability of having an error
distance of lesser than 5m by 90%.

Compared to all other probability, it is possible to
have an error distance as low as 2m when
estimating mobile user location using the algorithm
of LA VAP and LA_VAP_KF. Despite the

decrease on the error distance of the proposed
algorithm, the use of VAP based algorithm alone
had seen a higher chance of having an error distance
of more than 4 meters. This result was highly
affected by the maximum or minimum values of
RSSI drop in the experiment.

V. Conclusion

It has proved that KF significantly improves RSSI
values which, in result, increases the localization
accuracy of fingerprint based algorithm. Calibration
of RSSI is a very important factor in Wi-Fi
localization as seen in the high occurrence of error
distance from 4m and above in the CDF of
LA_VAP without the help of KF.

The integration of KF in VAP based algorithm
(LA_VAP_KF) improved the results in the
experiment to almost 2m and shows the
effectiveness of the filter to signal noise and
fluctuations. This may be an acceptable value in
location estimation on indoor environment with little
intervention on the existing Wi-Fi network, and
readily available at very low deployment cost.

The error distance in LA_VAP KF is
approximately 3.43m, and it is better than that of
VAP or fingerprint based algorithms. In the next
step, the research for achieving the error distance of
the proposed algorithm by decreasing up to 2m will

be our challenge.
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