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Abstract. Positioning information not only benefits the localization
systems but also improve the performance of geo-location based cog-
nitive radio (CR) networks. Most researchers focus on other aspects
of CR and databases but rarely discuss the fact of how the position-
ing information can influence the performance of CR systems in indoor
environments. WLAN is the most common technology used for indoor
positioning. Optimization of WLAN access points (APs) can enhance
accuracy of the localization systems. In this paper, we present an opti-
mization algorithm for WLAN localization system. The proposed scheme
estimates the optimal density of the APs required to meet the coverage
demands and optimize their deployment to enhance the localization accu-
racy. One of our main contributions is the APs hearability-based refer-
ence points (RPs) clustering technique. Its uniqueness lies in the fact that
not all installed APs participate in the localization process for all RPs.
Finally, we analyze the variables governing the optimization process and
the trade-off between cost, computation, and accuracy. Extensive simu-
lations are conducted to validate the effectiveness of our algorithm. Our
approach reduces the mean positioning error by 25% and the maximum
error by 44% compared to the previous algorithm’s performance.

Keywords: Access point -+ Cognitive radios + Geo-location database -
Indoor localization + Location based services + WLAN optimization

1 Introduction

Location-Based Services (LBS) are one of the most facilitative and beneficial
applications. These applications demand location information of the connected
devices for their execution [1]. Received data without location information is of
no or limited use. These connected smart devices continuously send and receive
data, which is utilized for a dynamic range of applications [2]. This massive
amount of data generated poses a significant challenge on the available spectrum
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Fig. 1. Cognitive radio urban scenario.
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and leads towards spectrum shortage. The ISM band is the primary source of
communication in indoor environments. Heterogeneous devices use the same ISM
band, which makes it overcrowded. Effective sharing techniques are required to
fulfil this demand [3,4]. Instead of using the ISM band, the concept of Cognitive
Radios (CR) can be applied, where the CR enabled devices to interact with each
other, use a licensed spectrum when it is vacant (Fig. 1).

To find the available spectrum the Geo-location database can be used [5].
In this concept, the secondary user (SU) network is informed about the avail-
able spectrum by a spectrum database. The Primary User (PU) provide their
availability information to the database location wise. On the other hand, when
the SU requires to access the vacant spectrum, they also need to provide their
location information. The GPS can provide reliable location information of the
SUs, but when it comes to indoor environments, the GPS is ineffective. If a user
or a device moves from outdoor to indoor, it must switch between GPS to an
indoor positioning system (IPS). The inaccurate location information delivered
to the database can cause interference between PU and SU, and also affect the
utilization of the spectrum. Thus, a proper IPS needs to be connected with the
CR network. Traditionally, IPS is used to locate the objects for LBS only. This
location information can be used for many other services also. We aim here is to
develop an efficient spectrum sharing scheme, utilizing the location information
obtained from IPS.

The WLAN fingerprinting based IPS has emerged as the most popular tech-
nology [6,7]. WLAN installation requires careful design and planning. The plan-
ning and optimization of wireless networks is an important research issue, [9,10].
Much work has been done recently to guarantee the quality of service and net-
work performance, [8,11], however, the optimal design of WLAN for IPS is still
an open issue. Interestingly, just the APs optimization can lead to performance
enhancement in multiple ways. Therefore, we consider AP optimization as an
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Fig. 2. Radio map for fingerprinting based indoor positioning systems.

essential topic to investigate. In our earlier work [12], we have already consid-
ered this problem for IPS. In this article, we enhance our previous work by
determining the optimal APs density and improve AP deployment scheme. We
test our algorithm in a more realistic and complex indoor environment for fin-
gerprinting based positioning systems and compare it with our previous work.
For ease, we call our previous algorithm as A and the enhanced algorithm as B.

2 System Model

We consider a 2D indoor environment as our area of interest (Aol) and divide it
into equal spacing grids or RPs. The readings from APs are taken at these RPs
and further used in optimization and positioning processes. We assume our Aol
is big enough that a single AP can not provide coverage to all RPs. Multiple APs
are installed to provide complete coverage. Thus, the adequate number of APs
and their appropriate locations are vital factors to be investigated. Our algorithm
will address this issue, ensuring positioning accuracy and signal coverage.

WLAN fingerprinting has two phases, the offline phase, and an online phase.
In the offline phase a radiomap is constructed by collecting the RSS readings
at all RPs. Each RP has a unique signature, based on the collected RSS values
from the APs. A database is created using these unique signatures or fingerprints
(FPs) corresponding to their RPs. A simple illustration can be seen in Fig. 2. In
the online phase, a device sends a query to the database containing the unique
FP it has recorded. The database matches this query with the available data and
the best match is given as the estimated position of the device. Mathematically
it can be represented as:

RP; = {(zj,y;)lj = (1,..N)} (1)

Ty Yi (1/11‘,17--7%,0
A= : :
TN, YN (VN1 UN)
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here (A) is the FP database, ) = RSS samples from APs, (z,y) are the coordinate
points of the RPs, N is the total number of RPs, and [ represents the total
number of APs. To simulate the indoor signal propagation, we use log-normal
path loss model.

7 l
P(d) = P(do) + 10.n.log(d/do) + ¢+ Y (i) + >_(px) (3)

i=1 k=1

here, P(d) is the RSS at a point d meters away from AP, P(dy) is the RSS at
reference distance (1m), n is the path loss coefficient (n = 3); noise (¢), Wall
attenuation factor (y = 4), and people attenuation factor (p = 3) are the other
attenuating factors.

3 Proposed Technique

Installing a large number of APs without proper planning can lead towards
performance degradation, and an increase in both cost and computation. We
develop a scheme to provide the optimal number of APs, satisfying the need for
coverage and accuracy.

The RPs are used for FP collection and also serve as candidate positions
for APs. The first AP (AP1) is placed at its desired position by the user. RSS
values at each RP are calculated, and RPs with RSS greater than —80 dBm
are checked. RPs satisfying the RSS condition are the average number of RPs
an AP can cover. This simple calculation can give us an idea about the total
number of APs required to cover all RPs. We can call this number as min APs,
it is tentative and only from the viewpoint of coverage. Now, we initialize two
variables, Ck4 and Ckp. Ck, must reach the count equal to the total number
of RPs. Ckp is the minimum number of APs that must provide coverage to each
RP can be adjusted according to the requirement.

If the min APs are even in number, these APs are deployed in the Aol using
symmetrical deployment, as shown in Fig.3(a), if odd, symmetry is shown in
Fig.3(b). The basic idea of this symmetrical deployment is to divide the area
into equal regions and installing each AP at the center points. After deployment,
the RSS for these APs is calculated again, and if Ck4 equals N, we stop and
display the number of required APs by adding one more AP. If the C'k4 condition
is not satisfied, the process is repeated by increasing the min APs by one and
continue the process until Ck4 condition is fulfilled. This optimal density of APs
will provide coverage to every RP in Aol, with each RP having at least Ckp
APs with sufficient signal coverage. This methodology not only ensures enough
number of APs for good signal coverage but also provide adequate overlapping
regions for positioning purpose. As all RPs will have at least Ckp APs to record
RSS. The pseudo-code of the process can be seen in Algorithm 1.

AP deployment algorithm also starts by placing AP1 at the desired position,
RSS is measured at all RPs and their average value is compared with a threshold
Th,i.e. RSS between —55 dBm and —60 dBm. The reason for using this specific
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(a) Even number of APs. (b) Odd number of APs.

Fig. 3. Symmetrical deployment of APs to analyze signal coverage of installed number
of APs.

threshold window has been explained in detail in our previous paper [12]. It helps
create appropriate overlapping regions among APs; without a proper overlap,
signal coverage can be ensured but not the positioning accuracy. Mathematically
we represent the resultant RSS readings from AP1 as J = [¢1, .....¢0n], where N
is the total number of RPs. By applying the threshold condition, J is converted
into a matrix of Os and 1s:

%:{1, if =55 > ¢ > 60 @

0, otherwise

Those RPs satisfying Eq. (4) are taken as candidate positions for next AP,
and saved in D(1).

1
D1)=|: : (5)
T Yy

[ is the total number of new candidate locations, and (x,y) are the coordi-
nates. The same process is applied for all points in D(1), and the new points
are saved in D(2) and so on. Let us suppose the matrix D(1) had four points,
so D(2) will have four arrays, each corresponding to the point in D(1).

T11 Y11 T21 Y21
D(Q) — . . . .
L1y Y1l L2ly Y21
- oL : (6)
31 Ys1 T41 Ya1
| L3ls Y3is | [ Ll Yaiy |

Here, I; to l4 are the lengths of the four arrays independent of each other.
After making a database of candidate positions, the next step is to make all
possible APs configurations; the configurations are extracted from this database
as a tree structure, explained in our previous work [12]. The updated algorithm
is shown in Algorithm 2.
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Algorithm 1. Optimal Density of Access points.

Input: APl = (z,y)
Output: Total APs = Tup

1:
: Match RSS with Th of —80 dBm
: No. of RPs satisfying condition (2) = avg. pts.

13:
14:
15:
16:
17:

18:
19:

20:
21:

22:

PP W

Calculate RSS at RPs from AP1

minAPs = total RPs/avg. pts
Tap=minAPs

Cka=0 (Cka < lc) lc= total no. of RPs
Check minAPs

: if minAPs is even then

Plot APs in symmetry 1

: else {N is odd}
11:
12:

Plot APs in symmetry 2
end if
LOOP Process
for i =1to Tap do
Calculate RSS

Match RSS, Ckg APs must provide coverage above Th2 = —100

if Cka=lc then
Tap=Tap +1
STOP: Tap is optimal
else
Tap=Tap + 1
Go back to Step 7
end if
end for
End LOOP Process
End While
return Tap

The used hybrid technique is a combination of MaxzFD and MinGDOP,
i.e., maximizing fingerprint difference (FD) and minimizing Geometric Dilution
of Precision (GDOP). MazF D and MinGDOP have values in different ranges.
We normalize it on the scale of 0 to 1.

N N

MaxFD = argmaxZZd(éi,éj) (7)

i=1 j=1

MinGDOP = argmin~/Trace(H) (8)

Hybrid = argmax(MaxFD +

1

Mz'nGDOP) ©)

We use a cluster-based approach for selection strategy and calculation of
objective function. The Hamming distance is used to divide the data into clus-
ters. Before applying Hamming distance, the data is transformed into a binary



WLAN Optimization for LBS and CRN 613

Algorithm 2. Access Points Deployment strategy.

Input: AP1 = (z,y) & Total APs = Tap
Output: APs Configurations
LOOP Process
: fori=1toTap do
Calculate RSS at RPs from AP(7)
Match RSS with Th from Eq. (4)
Save the candidate positions in D{i}
AP{i} = D{i}
end for
End LOOP Process
7 1=1
LOOP Process
8: for i =1 to length(D) do
9: for j =1 to length(D{i}) do

10: for k =1 to size(D{i}{j},1) do

11: Configuration(l)= [AP1 D{i}{j} D{i}{jH{k}]
12: I=1+1

13: end for

14:  end for

15: end for

End LOOP Process
16: Configurations
17: DELETE configurations having repetition
18: Display (Configurations)

representation. Hamming distance can be defined as the number of bits between
two bit sequences in which it differs. Having two bit sequences Ai and Bi, math-
ematically it can be represented as: HD(Ai, Bi) = q + r. Here, ¢ represents the
number of bits with value 1 in A7 and 0 in Bi, and r is vice versa. And also
HD(Ai, Bi) = HD(Bi, Ai).

Different APs have different positioning abilities; each AP contributes differ-
ently to the positioning process. Similarly, in an area where a single AP cannot
provide full coverage, different sets of APs are visible at different RPs. Some
sets can contribute more to the positioning process than others, based on the
number of RPs covered. As an example we consider T4ps as 7 in Aol X. The
RSS data can be represented as:

(7/)1,1» ¢1,2; 7/’1,3» /(/)1,47 7/’1,57 /(/)1,67 7/’1,7)
0= (i1, i 2,43, %“747 Vi 5, Vi 6, Vi7) (10)
(Un1,UN2, YN, 3, 7/11;7,47 YN 5, YN 6, UNT)

For simplicity we rewrite the matrix in row form and replace (¢; 1, ....., ¥n,7)
for RPZ by 51
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O = [(61,02,03, ..., 0n)] (11)

Those RPs where the RSS of an AP is below —100, is considered as a dead
spot for that AP. This is considered as sensitivity threshold and indicates that
a particular AP is not hearable. For mathematical simplification, we replace all
the RSS values less than —100 dBm as —100 dBm. The values in this range
are practically so weak that it cannot be considered for any use, whether data
transmission or positioning purposes.

At an RP;, four APs are hearable, and three are not hearable among T4 ps.
So it can be transformed into binary by representing the hearable APs as 1 and

others as 0.
(1,1,1,0,1,1,0)

6= 1{(1,1,0,0,1,1,0) (12)

(17 ]‘7 O’ 0’ O? 0, 0)

Suppose the dimensionality of the binary matrix is N x T4p, and is parti-
tioned into K clusters, C = (C;, ...,Ck). RP,, RP,, RP., RP, form a cluster C1,
as they share the same APs set Bl = [AP1, AP2, AP3], covering them, while
RP., RP¢, RP,, RPy form another cluster C2, as they form FPs from the set
B2 = [AP4, AP5, AP6, APT] of APs and so on. A laptop and a mobile phone
can be seen in Fig.4(a), both of these devices belong to different clusters with
the visibility of different sets of APs.

Mmoo ®>

APset={A,B,C,D,E,F,G} RPs={1,2, .0000r000n N}

Mobile Phone Laptop Computer

i N

Bi ={A,B,C,F} Bj = {B,F,G}
Ci = {Li} G ={Lj}

Li = length of Cluster “i” 1j = length of Cluster “j"

(a) Deployment of APs forming clus- (b) Two devices with coverage from d-
ters. ifferent sets of APs.

Fig. 4. APs hearability based clustering technique.

Each cluster obtained by the algorithm must be unique and sensitive to the
order of APs. The criteria of clustering must satisfy certain conditions. The set
of APs and RPs is AP = [1,2,....,Tap] and RPs = [1,2,...., N] respectively,
where B; C AP. We can also say that By UByUB3U........ UBg = AP and
C;={RPlie(1...... N)&B; C AP}. An RP is assigned to one and only one
cluster. All clusters lengths together C; UCy............ U C,, = RPs. The size
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of two clusters C; and C; can or cannot be equal, depending upon the B; and B;
covering the number of RPs. If the difference between B; and Bj is zero, then
C; and C; are same. If the set B; of APs covers the majority of the RPs, C; will
have the most influence on the overall system. As shown in Fig. 4 and Fig. 5, few
APs are not hearable at C; so they do not participate in the positioning process.

Let us assume, in C'1 the set of APs is B1, and it contains 4 number of APs,
and total RPs covered in C'1 are L. For each cluster the FPs are calculated and
stored in the database. To take the FD, we take the RSS values from Eq. (2)
and rewrite it as shown in Eq. 10, and Eq. 11. The difference is measured using
Euclidean distance:

FD(i,j) = \/(1/)1,1‘ —P15)? e+ (Yai — Pay)? (13)

(i =80 6 —Girs o Gi—01)
A (5i+1. —0; 01 - Oit1 diy1 —0r) (14)

(6L_5i 6L_5i+1 (SL—(SL)

Y1,1 1,2 .- P1,L

A = 80?71 80?72 "." 902.711 (15)
PrL,1 PL,2 - PL,L
231'121 Pi,j
0, = Zi=L P (16)
0= [(91592793a~ a'QL)} (17)
L
(2
MazFDe; = Zle (18)

We now have FD {2 for each RP; to calculate the cluster-wide FD we retake the
mean value. After calculating the FD for all clusters, the next step is to assign
appropriate weights and calculate the final network-wide FD for this specific
configuration. A cluster covering more RPs will have more influence on overall
accuracy and needs to be assigned more weight as compared to a cluster covering
a limited number of RPs. This weightage is assigned to the clusters, as shown

below:
K

L;
> (MazFDc; x (7)) (19)
i=1
To calculate the GDOP, we adopt the same process of clusters. Let (x,y)
be the coordinates of RP and (x;,y;) are coordinate points of the i, AP. For
cluster C'1, the GDOP will be calculated as shown below:

Ri = /(zi — )2+ (yi — y)? (20)
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Algorithm 3. Selection strategy for optimal AP configuration.

Input: All Configurations
Output: Optimal Configuration
1: for S =1 to length(Con figurations) do
2:  Calculate RSS at all RPs from all APs
Make Fingerprints
Replace RSS < —100 dBm to —100 (Sensitivity Th)
Form Clusters on the Basis of APs hearability

for i =1 to length(Cluster) do
Calculate FD b/w all sets of two RPs within Cluster C;
Cal. FD for each RP and then cluster wide FD for ¢
end for
Now calculate Network Wide FD, with assigning weights

[

11:  for i =1 to length(Cluster) do

12: Calculate GDOP for each RP then cluster wide GDOP for 4
13: end for

14: Calculate Network Wide GDOP

15: end for

16: Normalize both calculated FD and GDOP on the scale of O to 1.
17: The Configuration with the best Score will be the optimal configuration
18: Validate using both Deterministic and Probabilistic Matching Algorithms

1= Y1—Y

To—x Yi1—-Y

A= | B B (21)

The matrix A is multiplied by its transpose and then its inverse is calculated.
If the obtained matris is H, we calculate the GDOP by

MinGDOP = /Trace(H) (22)

Y21 GDOP(i)

MinGDOPg; = s (23)
K L.
> (MinGDOPc; x (N’)) (24)
=1

We take the normalized values of the calculated FD and GDOP. This selection
scheme is summarized in Algorithm 3.
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4 Simulation Results

We consider a 2-D area X with dimensions of 50 x 50m, as shown in Fig.5.
RPs with 2 m and 3 m spacing will be used in two different scenarios. We divide
the positioning area into different rooms, and each room has people’s presence.
H has 40, A(1 — 4) has 20 each, B(1,2) has 10 each and D(1 — 4) has 1 each,
total crowd is 144 people. This presence of people is included along with walls,
obstacles, and noise in the optimization process.

Fig. 5. Illustration of the floor plan for our simulations in MATLAB.

To evaluate the performance of obtained AP configuration, 100 random test
points are generated within the Aol. The 100 queries can be presented as S in
the positioning model. KNN deterministic algorithm and Bayesian probabilistic
algorithm are used to validate our proposed technique.

The KNN uses Euclidean distance as the similarity measure between the
online query and the FP database. Let S be the online query from the test
point, and J; is the RSS data from the FP database .

§(i) = V(S = 6:)? (25)

i (@i, u)
K

In the probabilistic method, the RSS values obtained are treated as a random
variable. For simplicity we represent the RPs here by X = (21, x9,...zy) The
working of the probabilistic technique can be stated as we have to find the
location in the radiomap that maximizes the conditional probability P(xz;|s).

Pggt = (26)

(P(s | 2)P(x))

P(z|s) = Ps) (27)
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Without prior information about the position, we can assume that the prob-

ability of wireless device located at different places are equally likely.

P(x)
P(s)

P(x|s)=c-P(s|xz) where c¢= (28)
since P(s) is constant for all z and if the user profile information is not known,
or not used, then we can assume that all the locations are equally likely and the
term P(x) can be factored out from the maximization process, and the equation
becomes

argmazy[P(x | )] = argmax,[P(s | x)] (29)

The location with the maximum probability of occurrence of the RSS vector
will be the estimated location. The remaining term P(s | z) is calculated using
the radiomap, where the RSS values are stored as a joint probability distribution.

4.1 Positioning Comparison of Algorithm A and Algorithm B

AP1 is placed at [50, 1], CKp is kept 2, Taps is 6, and grid size equal to 3 m
and 2 m. After applying both algorithms A and B We analyze the positioning
performance using cumulative distribution function. Figure 6 shows the perfor-
mance of both the algorithms with 3 m grid and KNN, where as in Fig. 7, the
grid size is changed to 2 m. Probabilistic matching technique is also used for
performance analysis and the results can be seen in Fig. 8. Figure9 shows the
results when the coordinates of AP1 are changed to [25, 4]. The detailed results
of these graphs can be seen in Table 1. From these results; we observe enhanced
algorithm performs better than our previous positioning algorithm.

Empirical CDF

Empirical CDF ]

e
o

b
o

I
~

e
N

— = Algorithm B

Cumulative Distribution Function
Cumulative Distribution Function

—— Algorithm A

= = Algorithm B
—— Algorithm A

0 5 10 15 20 25 30 35 0 10 20 30 40 50

Localization Error (m) Localization Error (m)
Fig. 6. Deterministic algorithm used Fig. 7. Deterministic algorithm used

with grid size of 3 * 3. with grid size of 2 * 2.
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4.2 Impact of Variable CKp on the Results

The impact of CKp on the density of APs and positioning performance can
be seen in Fig.10, 11, 12 and 13 and the details in Table2. It is a trade-off
between positioning accuracy and cost of the system, which can be adjusted
according to the requirement and budget. Increasing the value of C K g ensures
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Table 1. Positioning performance (Fig.7, 8, 9 and 10)

Figure | Algorithm | Mean error (m) | Maximum error (m)
7 A 4.2718 33.2650
7 B 3.0580 13.9754
8 A 3.6564 43.0726
8 B 2.5426 14.3962
9 A 6.8562 45.3982
9 B 5.5804 45.3982
10 A 4.1065 44.1163
10 B 3.1996 20.1556

Table 2. Impact of variable CKp

CKp | No. of APs | Mean error (m) | Maximum error (m)
1 4 6.4 34.21

2 6 3.3104 24.1350

3 10 2.1 9

4 12 1.93 5.3

better coverage as a larger number of APs cover a single RP, but too many APs
covering every point will also lead to more interference.

The optimization algorithm deploys the APs according to the environmental
dynamics and keeping in view the crowd presence. As the crowd profoundly influ-
ence the overall optimization process, which is considered in our optimization
process as people attenuation factor.

5 Conclusion

In this paper, we proposed an AP optimization scheme for indoor environments
within the framework of fingerprinting localization systems. This optimization
improves the positioning accuracy which can be used for both LBS and CR. The
scheme aims to maximize coverage and localization accuracy. A variable is ini-
tialized to decide the optimal density of APs, depending upon the requirement.
The proposed optimization scheme uses the idea of clusters, based on overlapping
regions of APs to select the optimal configuration. This cluster-based technique
calculates the objective function cluster-wise. We also analyze the impact of the
variable used for optimal AP density on localization accuracy and APs density.
To validate the performance of our enhanced optimization algorithm, determin-
istic and probabilistic localization algorithms are used. The simulation results
prove the effectiveness of our newly proposed optimization scheme.
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