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Abstract: With the widespread use of wireless communication technologies and IoT applications, researchers are developing
approaches that utilize WiFi signals for indoor location determination. In this study, indoor positioning process based on
heuristic optimization-based methods was performed by creating weighted visibility matrices of access points based on WiFi
signal strength (RSSI) values. In the proposed method, the PSO and GA approaches determine the position of the mobile user
using a common fitness function based on the visibility weight matrices. The proposed method has been tested on a virtual
scenario where position ranges based on RSSI ranges are determined. Both heuristic optimization methods are compared
according to different criteria and the positioning process is performed with a maximum error of 3m for the GA based method
and a maximum of 1.5m for the PSO based method.
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Sezgisel Optimizasyon Kullanan Agirhikh Goriiniirliik Grafi Tabanh Kapah Alan WiFi
Konumlandirma Yontemi

Oz: Kablosuz iletisim teknolojilerinin ve IoT uygulamalarmin yaygmlasmasiyla birlikte arastirmacilar, WiFi sinyallerini i¢
mekan konum tespiti i¢in kullanan yaklagimlar gelistirmektedir. Bu ¢alismada WiFi sinyal giicii (RSSI) degerlerine dayali
erisim noktalarmnin agirlikli goriiniirliik matrisleri olusturularak sezgisel optimizasyon tabanli yontemlere dayali i¢ mekan
konumlandirma islemi gergeklestirilmistir. Onerilen yontemde, PSO ve GA yaklagimlari, goriiniirliik agirlik matrislerine dayali
ortak bir uygunluk fonksiyonu kullanarak mobil kullanicinin konumunu belirler. Onerilen yontem, RSSI araliklarma dayal
konum araliklarmin belirlendigi sanal bir senaryo iizerinde test edilmistir. Her iki sezgisel optimizasyon yontemi farkli
kriterlere gore karsilastirilmis ve GA tabanli yontem i¢in maksimum 3m, PSO tabanli yontem i¢in maksimum 1,5m hata ile
konumlandirma islemi gerceklestirilmistir.

Anahtar kelimeler: WiFi, Kapali Alan Konumlandirma, Goriiniirliik Graflari, PSO, GA.
1. Introduction

Shopping malls, parking garages, airports etc. determination of location information in large indoor areas
such as, has become an important need for service users and business managers. Today, indoor positioning systems
can be realized with different approaches with the development of wireless communication technologies and the
spread of IoT applications. The types of wireless communication used here are generally communication
technologies such as WiFi and Bluetooth that every user can carry on their smartphone. WiFi communication
technology is communication in the 2.4 — 2.5 GHz or 5.0 GHz frequency range and with the IEEE 802.11 protocol.
In WiF1i indoor positioning applications, since the distance between the mobile wireless communication source
and the communication with the access point can be calculated with a scalar (non-directional) value, there are more
than one reference access point in positioning systems. At this point, features such as signal strength (RSSI,
Strength) and response time to the signal of wireless communication between access points and mobile users are
used.

In the literature, there are many studies focused on indoor positioning [1-14]. In a study, a high-performance
positioning process was performed with a method based on the round-trip time (RTT) of WiFi signals [1]. Here,
researchers have developed two different position estimation approaches, which they call coarse and fine. The
methods proposed in the literature study were tested in an area of 96m? with 8 reference access points, and in 80%
of the test scenarios, the position determination process was performed below the deviation value of 2.5m.

In another study, the authors investigated the effects of antenna number and antenna connection methods for
indoor positioning systems using triangulation [2]. In another study, a comparison of the error depending on the
communication frequency was carried out in the WiFi signal strength-based (RSSI) positioning process [3]. In the
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proposed method, WiFi positioning is performed with a Knn-based method. As a result of the comparison made
in the method applied for the 2.4 and 5.0 GHz frequency communications, it was concluded that the location
estimation process with the 5.0 GHz communication was more successful. In addition, in the study, the positioning
method based on signal strength (RSS) and positioning methods based on path loss were also compared. As a
result of this comparison, it was seen that the positioning methods depending on the signal strength gave a higher
performance. In another study, an image-based method that automatically configures floor plans for indoor
positioning systems (IPS) is proposed [4]. In another study, they developed a classifier in an encoder-decoder
structure by using past WiFi signal intensity data for indoor positioning and performed floor and building
determination with this classifier [5]. In another study, a method using qr code technology was proposed for IPS
[6]. In some studies, Ultra-Wide-Band wireless communication technologies were used [7,8]. With UWB wireless
communication technology, indoor positioning can be performed very successfully. So much so that in IPS where
WiFi or Bluetooth signals are used, the position error is calculated in the order of meters, while in the UWB-based
systems, the error is calculated in the order of centimeters. As a matter of fact, in the study numbered [8], the
indoor positioning process was carried out with an error of approximately 9 cm. Despite the high performance of
UWB-based methods in positioning applications, they are less preferred in such applications because they have
high costs. Table 1 includes the technologies used in studies focused on indoor positioning systems in the literature.

In this study, the visibility weight matrixes depending on the WiFi strength characteristics of the wireless
communication of WiFi access points and mobile users are determined and the wireless communication
environment is expressed with visibility graphs. Then, the moving position was estimated by heuristic optimization
methods using the fitness function based on the visibility weight matrix. Two different methods using GA and
PSO heuristic optimizations have been developed to solve the problem. Each method was compared according to
calculation speed and performance criteria.

Table 1. Approaches belong to indoor positioning focused studies.

Literature Aporoach Motivation
Study PP

[1] WiFi Weighted Scaling
[2] WiFi Triangulation
[3] WiFi Comparative Study
[4] Image Processing Image Processing
[5] WiFi Fingerprinting
[6] QR Code QR Code Landmark
[7] UWB Fingerprinting
[8] UWB Range Error Calibration
[9] WiFi Fingerprinting
[10] Bluetooth Beacons BLE
[11] WiFi Triangulation
[12] WiFi Temporal — Spatial Fetures
[13] Bluetooth Beacons Triangulation
[14] WiFi Comparative Study

2. Visibility Graphs

It will be useful to explain the Visibility Graphs in detail for a better understanding of the proposed method.
Visibility Graphs, objects, signals, etc. They are graphs in which a weight matrix is used that deals with the visibility
relations with each other. Today, visibility graphs are used in many fields such as robotics, signal processing and
path planning. In computer science, graphs are expressed as a vector of nodes (V) and a matrix of edges (E).
Visibility graphs are also expressed with G=(V, E) as in classical graphs. For a better understanding of the mentioned
structure, the visibility matrix of the objects in the environment given in Figure 1 is given in Table 2 and the visibility
graph expressed by this matrix is given in Figure 2. As you see, the neighborhoods of objects can see each other in
Fig 1, has been assigned 1 and the other neighborhoods has been assigned 0 in weight matrix given in Table 2.
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Figure 1. Sample environment belong to given visibility graph in Fig 2.

Table 2. Visibility Matrix Belong To Given Visibility Graph In Fig 2.

A|B |C|D|E |F |G
A 0 |1 1 1 {0 |0 |O
B 1 {0 |0 (1 |O (O |O
C 1 {0 |0 (1 |O (O |O
D 1 1 1 (0 |1 1 1
E 010 |0 |1 (0 |1 (O
F 010 |0 |1 1 |0 |1
G 010 |0 |1 (0 |1 (O

Figure 2. A sample visibility graph.

There are many studies using Visibility Graphs in the literature [15-22]. In one of these, the EEG activities of people
with Alzheimer's disease were performed using a visibility graph-based method [15]. The study is a very important
example for signal processing applications of Visibility Graphs. Visibility graphs are widely used in signal
processing applications today. Especially in neurology, the use of visibility graphs is quite common for the detection
of epileptic seizures that occur with the irregularity of EEG signals. In one of the literature studies we discussed, it
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focused on the classification of motor images obtained from EEG signals with a versatile, weighted visibility graph
and a deep learning-based method [16]. In another study, a method using visibility graphs was used to detect bearing
failures in asynchronous motors [17]. In another study, pulse variability-related visibility graphs were used to detect
late-onset sepsis in premature infants [18]. In another study, visibility graphs were used to determine the routes of
ships [19]. In other studies, methods using visibility graphs are suggested for radar antenna scanning type detection
and recognition [20-21]. In another study focused on radars, a visibility graph-based method has been proposed for
low probability intercept (LPI) radar signal detection and recognition [22].

In this study, a weighted visibility graph based on the ability of indoor wifi sources to communicate with each
other and the RSSI values of wifi signals has been constructed. Reference access points and the visibility of the wifi
source to be determined are discussed in the graph. Since the location of the reference points is known, the estimation
of the location of the mobile wifi source is performed with two separate methods based on GA and PSO. The
proposed methods are tested on a virtual scenario. Existing positioning approaches usually focuses on fingerprinting
of WiFi signals broadcasted from different sources. Our motivation in this study is predicting position by
constructing a visibility graph using WiFi signals strength and position optimization using heuristic methods. By
this way, data collection and tagging which the most difficult step of fingerprinting become unnecessary and this
situation makes our method very appliable.

In the virtual scenario, the mobile WiFi source is assumed to be a smartphone, and the WiFi communication distance
limit is configured to match the wireless communication capabilities of the smartphones. Since wifi signals are
highly susceptible to noise in distance conversions based on RSSI values, value ranges are used. Visibility weights
were determined with values between 0-1 assigned to each weight. After testing, the proposed methods were
compared according to different criteria.

3. Proposed Approach

In this study, as mentioned before, an indoor positioning method based on Visibility Graphs and heuristic
optimization is proposed. The wireless communication technology to be used for positioning here is WiFi. In indoor
positioning methods where WiFi communication is used, signal characteristics such as signal strength (RSSI),
round-trip time (RTT) belonging to more than one access point and a mobile WiFi source are generally used. In this
study, visibility graphs are created based on RSSI values. The weight matrix of the visibility graphs created based
on the RSSI values is used in the fitness function in the intuitive optimization step. The general block diagram of
the proposed method is given in Figure 3.

RSSI to Distance

I
Conversion |
:_. -

Visibility Weight Distance ranges

corresponding to RSSI corresponding to RSSI I
ranges (Z) ranges (D) I
P e — —_—— e — — —

Heuristic I

Optimization

, I

Initial |

* Population I

Construction of l + |

Visibility Graph Iterations I

__l__-l

Predicted Positions

Figure 3. An overall block diagram of Proposed Method.
136



Turan Goktug Altundogan, Mehmet Karakose

3.1. RSSI to Distance Conversion and Construction of Visibility Graph

In the proposed method, the aim is to estimate the location of the WiFi source, whose location is desired to be
determined, by using the relationship between the RSSI value and the distance to the access point, with a method
based on the distances from more than one access point. The mathematical expression used to calculate the RSSI
value is given in Equations (1) to (6) [23].

Pi(d) = P(do) + 10nlog () + X, (1)

RSSI = P, — P,(d) )

P(d) = P(dy) — 10nlog (1) = X, 3)
—A4— 4y _

RSSI = A — 10nlog (do) X, @)

RSSI' = A — 10nlog(d) Q)

d= 10(A—RSSI)/10n (6)

Here, P, (d) represents the path loss of the received signal when the distance is d meters. P, (d,) refers to the
path loss of the reference distance received signal. n denotes the path loss index in a given environment. It shows
the speed of path loss increasing with increasing distance. Xo s in dB and represents the coverage factor. A
represents the signal strength received from the reference point. Here, RSSI' refers to the RSSI values measured
multiple times. As can be seen from the equation sets, distance conversion from RSSI can be performed with more
than one RSSI value taken from the reference points. But as mentioned before, wifi signals are very sensitive to
noise. Therefore, distance ranges corresponding to RSSI value ranges were used while creating visibility graphs.
In addition, visibility weights between 0 and 1 are assigned to each value range. In Figure 4, the pseudo-code of
the approach introduced for the creation of visibility graphs is given. Here, visibility weights are created according
to RSSI intervals. N stands for RSSI intervals, Z stands for visibility weights corresponding to this interval. V
represents the wifi resources in the environment and W represents the weight matrix.

3.2. Heuristic Optimization

After the visibility graph was built, two separate methods based on Genetic Algorithm (GA) and Particle
Swarm Optimization (PSO) were developed to perform position estimation. In Figure 5, the block diagrams of both
methods are given, and in Figure 6, the block diagram that expresses the operations of the individual module used
in both methods. As can be seen here, the initial populations for both methods were generated using a random
approach. Then, the Euclidean distances of each individual in the population to the reference access points were
determined. After this process, the visibility weights corresponding to the distance intervals obtained were
determined and the visibility graphs of the individuals were constructed. Here, the fitness function is determined
based on the difference averages between the visibility matrices. In both methods, iterations continue until an
individual with a fitness value of 1.

1. W= zeros(size(v),size(v))
2. for i in size(v):

3. forj in size(v):

4. ifi==)):

5. continue

6. end

7. for k in size(N):

8. if rssi(V[i],V[j]) between N[k]:
9. W(ij[j] = Z[k]

10. end

11. end

12. end

13. end

Figure 4. Obtaining of the weight matrix.
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Figure 6. Processes of individual module using in Heuristic Optimization step.

4. Experimental Results

A virtual scenario was set up to test the proposed method. The first thing to consider here is the maximum
distance that the WiFi sources used in the virtual scenario can reach. As it is known, the wifi communications of
smart phones have a range of about 30m indoors. However, WiFi communications with an RSSI value below -80
dBm are unstable. Therefore, in the configuration made, a communication scenario with an RSSI value of -80dBm
at a distance of 30m was emphasized. RSSI library is integrated into Python programming language for distance
and RSSI value conversions. This library provides a function that takes the reference RSSI-distance pair and returns
the corresponding RSSI value in meters. At this point, the reference RSSI value we give to the relevant function is
-80dBm, and the distance value is 30 meters. In Figure 7, the graph showing the change of the distance value
depending on the RSSI value in the relevant configuration is given. In Table 3, the distance ranges and visibility
weights corresponding to the selected RSSI intervals are given. As seen in Figure 7, the curve in the graph has a
logarithmic character. The reason for this is understood from the mathematical expressions given in Equation 1-6.
The proposed method will be tested in a 1800m? virtual area. The area mentioned here has dimensions of 30mx60m.
Access points are located at 15m intervals horizontally and vertically.
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Figure 7. Distance graph based on RSSI.

Table 3. Visibility weights corresponding to rssi and distance range.

ange m 1stance Range (m 1s1bility Weight
RSSIR dB Di R Visibility Weigh

<-80 >30 0
-80, -75 30,20 0.2
-75,-70 13,20 0.4
-70,-60 6,13 0.6
-60,-40 1.5,6 0.8
>-40 0,1.5 1.0
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Figure 8. Virtual indoor environment.

In Figure 8, a diagram expressing the placement of access points in the virtual environment is given. In Figure
9, the graph expressing the visibility relations of the access points with each other is given.
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Figure 9. Visibility graph belongs to Access Points.

4.1. Experimental Results of PSO

Users at random positions were added to the virtual environment created for testing the PSO-based positioning
method. In Table 4, the randomly added user positions and the predicted positions of these users with PSO, and the
Euclidean distance of the predicted position from the actual position are given. The PSO was run at 50 population
counts and 150 iterations. In Figure 10, the actual position, and the predicted position of the test case no. In Figure
11, the visibility graph of the test case numbered III is given. In Figure 12, the positions of Test Case V are marked.

Figure 13 shows the convergence graph of the PSO.

Table 4. Test results of PSO.

Test No. Real Predicted Euclid
Position Position Distance
I (25,50) (26,50) Im
II (12,20) (12.43,20.38) 58cm
111 (18,27) (19.42,26.96) 1.42m
v (2,5) (2.59,5.39) 72cm
A% (7,29) (7.35,29.07) 36cm
60 L] [ ] [ ]
50 1
[ ] [ ] [ ]
40
30 [ ] [ ] [ ]
L N ]
20 1
10 1
04 ® [ ] [ ]

10 15

0 5 20 25 30
Figure 10. Real and predicted positions belong to Test Case 111, (red: Predicted, blue:Real, green:Reference

Access points).
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Figure 11. Visibility graph belongs to Test Case III.
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Figure 12. Real and predicted positions belong to Test Case V, (red: Predicted, blue:Real, green:Reference
Access points).
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Figure 13. Fitness values belong to iterations.
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4.2. Experimental Results of GA

Users at random positions were added to the virtual environment created for testing the GA-based positioning
method. In Table 5, randomly added user positions and their predicted positions with PSO, and the Euclidean
distance of the predicted position from the actual position are given. The GA was run for 10 populations and 1500
iterations. In Figure 14, the actual position and the predicted position of the test case IV on the virtual environment
are marked. In Figure 15, the visibility graph of the test case no. III is given. In Figure 16, the positions of Test
Case V are marked. Figure 17 shows the convergence graph of the GA.

Table 5. Test results of GA.

Test No. Real Predicted Euclid
Position Position Distance
I (25,50) (25,49) 1m
11 (12,20) (11,19) 1.41cm
I (18,27) (18,26) 1m
v (2,5) (2,8) 3m
A\ (7,29) (7,28) 1m
6014 @ [ ] [ ]
50
[ ] [ ] [ ]
40 -
3041 @ [ ] [ ]
201
L ] [ ] [ ]
10 A
{ ]
[ ]
o4 @ L ] [ ]
0 5 10 15 20 25 30

Figure 14. Real and predicted positions belong to Test Case IV, (red: Predicted, blue:Real, green:Reference
Access points).

Figure 15. Visibility graph belongs to Test Case IV.
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Figure 16. Real and predicted positions belong to Test Case V, (red: Predicted, blue:Real, green:Reference
Access points).
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Figure 17. Fitness values belong to iterations.
5. Discussion

When the experimental results are examined, it’s seen that our position estimation approaches has achieved with a
meter degree error. The results of comparisons between PSO and GA based methods proofed that the PSO based
methods performance is better than GA based method. Because, almost all test error of PSO based approach is in
centimeter degree, only one test error of GA based approach in centimeter degree. Besides, when Figures 13 and
17 are compared, PSO based method converges the optimum results faster than GA based method. Figure 10 and
Figure 12 indicate us the real position and predicted positions and sensibility of both methods.

6. Conclusions

In this study, visibility graphs depending on Wi-Fi signal strength were created for indoor positioning and these
graphs were used in the fitness function of two different heuristics for position estimation. When the experimental
results are examined, it is seen that the PSO-based position estimation method works with a higher performance
than the GA-based position estimation method. This situation is thought to be due to the presence of the position
update approach in the working principle of the PSO and the search in the solution space with the crossover
approach in GA. In addition, GA gave the results without converging the fitness value to 1.0 in many estimation
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processes, PSO gave the results by obtaining a fitness value of 1.0 in each study. If we consider the working speed
of the methods as another comparison criterion, it has been observed that PSO has a great advantage over GA
(almost 250 times). In general, the developed approaches have achieved very efficient results in terms of
performance (error < 1.5m) and position estimation time (340 ms) for PSO.
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