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Abstract—Ranked Based Fingerprinting uses only ordering
indices instead of actual Wi-Fi RSS values in order to make the
algorithm insensitive to devices. A key component of the RBF
algorithm is a similarity measure which is used to compare and
find the closest ranked fingerprints. Previous papers study a few
similarity measures; here we study 49 similarity measures in a
test with a benchmark with publicly available indoor position-
ing database. For different similarity measures the positioning
accuracy varies from 15.80m to 55.22m.

The top 3 similarity measures are Lorentzian, Hamming and
Jaccard. Hamming and Jaccard similarity measures have been
studied in other papers while Lorenzian had not been studied
with that kind of problems.
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I. INTRODUCTION

The tradition Fingerprint method is described in [7]. The
method uses offline and online stages. The Radio Map is
built in offline phase. A floor plan is divided into points of
interest (cells). The RSS values from Access Points (APs) are
collected inside each cell and stored into a Radio Map, so
every fingerprint of the Radio Map keeps information about
the location in a cell and RSS values list.

In the online phase the location is estimated by comparing
the Radio Map with the received vector of RSS values. In
the k-NN method the nearest location is that one which gives
the best agreement between the Radio Map vectors and the
received vector of RSS values.

The weakness of the tradition method is that in the online
phase devices are not calibrated, so the devices are capable to
report different RSS values for the same Wi-Fi station [12].
Non calibration device means the devices return different RSS
values. Even a radio map can be obtained by crowdsourcing
with non calibrated devices. The position accuracy will also
suffer in that case.

The reader should keep in mind that people in area or
different temperatures and humidity [13] are capable to affect
RSS values returned from an AP.

The Rank based fingerprint method (RBF) was published in
2011 [1]. It is based on the insight that the rank or ordering of
detected AP ids that are detected at given location, sorted by
RSS values, should remain the same between different devices.
Because RBF method does not use RSS values directly, it
should be more robust to diversity effects.
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The RSS values are measured from different Wi-Fi stations.
The registered vector is sorted from the strongest to the weak-
est RSS values in the Rank Based Fingerprinting algorithm
[1]. The rank fingerprinting uses ordering of ranks but not
RSS values, so the algorithm is invariant to bias and scaling.
Finally, every detected Wi-Fi station obtains the new ranks
based on its position in the sorted vector.

The new vectors are compared with vectors which are stored
in the radio map. The radio map is a set of sorted vectors with
Ranks. The sorted vectors are measured in the offline phase
and stored into the radio map.

The paper [1] studies 5 similarity measures to quantify
nearness between the rank vectors. The paper [8] introduces
another similarity measure and finds a big improvement. The
question, whether a better similarity measure, which can find
nearness between ranked fingerprint even better, arises. The
paper [5] studies 45 different distance/similarity measures.
These are similarity measures between probability density
functions, but they can also be applied to compare rank
fingerprints. The purpose of our paper is to investigate the use
of the methods which are described in [5] to find similarities
between the rank vectors.

Section II describes different indoor positioning algorithms,
which are based on the RBF. Section III describes the RBF
method which is used in the paper. The similarity measures
are described in section IV. The baseline traditional fingerprint
positioning method is described in section V. Section VI de-
scribes the experimental results. Finally, section VII discusses
the results and concludes the paper.

II. RELATED WORK

The new Radio Map Reduction algorithm was introduced
in 2012 [10]. The main goal of the algorithm is reducing
computational complexity of the RBF localization algorithm.
The paper [10] makes an assumption that the number of refer-
ence points in the database is the key factor of computational
complexity. Some reference points are removed because they
are too far from the position of a mobile device. The position
of the doors between the rooms is also kept in the database.
The algorithm consists of the range estimation and reference
points extraction parts.

The new optimization of the RBF localization algorithm us-
ing Kalman Filter was introduced in 2013 [11]. The algorithm



uses the Rank Based Fingerprinting algorithm and Kalman
Filter together.

The ”improved Wi-Fi Indoor Positioning Method via Signal
Strength Order Invariance” was introduced in 2014 [9]. The
method improves the positioning accuracy and is implemented
with a new similarity measure. The similarity measure de-
scribed in the paper [9] cannot be implemented because of
missing parameter a in explanation.

Finally, RBF with similarity measure based on Spearman
rank correlation was introduced in [14]. In tests reported in
[8] this method was found to be better than other RBF simi-
larity measures. The Spearman rank corrrelation coefficient is
calculated according to

e SN [(Vie(n) — Re)(Vs(n) — Rs)]
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where Vs and VF are ranked fingerprints, N, is the number
of APs. Rr and Rg are calculated according to
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The distance between two fingerprints is calculated accord-
ing to

d=1-p (4)
III. RANK BASED FINGERPRINTING

Here are the details of our implementation of RBF and the
testing procedure.

The RBF method, which is used, is based on the method
described in the paper [1]. The radio map consists of the rank
values and the coordinates of locations.

The algorithm first computes the similarities between the
rank fingerprint of the unknown location and the rank fin-
gerprints in the radio map. The k-NN (k-Nearest Neighbors)
algorithm is then used to estimate the device position as
follows. The k ranked fingerprints with the smallest distances
is used to estimate the new location. The new location is
obtained by using mean of the k most similar rank fingerprint
locations. Finally, the error is calculated by finding Euclidean
distance between the estimated position and the tested position.

IV. SIMILARITY MEASURES

The RBF algorithm uses similarity measures to compare
ranking vectors. All lists of IDs of heard APs, sorted by RSS
are transformed to vectors of the same length. The rank vectors
contain only IDs of APs with the highest RSS values, sorted
in descending order by RSS.

The methods from 11 to 48 in table II are implemented
directly with equations in the paper [5].

TABLE I
THE BEST 5 RBF SIMILARITY MEASURES
11| Lorentzian n [5]
d:Zln(1+ | Pi — Q)
i=1
8 | Hamming Matlab
d = (F#(P; # Qi)/n)
9 | Jaccard Matlab
g = #lP: # Qi) 0 (P #0) U (Qi # 0))]
#[(Pi # 0) U (Qi # 0)]
24| Wave n [5]
Hedges d— Z | P — Qi |
i1 max (PZ, Qz)
18| Canberra [5]
“ P — Q|
d= _
; P+ Q;

The methods from 1 to 9 in table II are implemented
with Matlab Statistics and Machine Learning Toolbox 2017a
function pdist.

The method 10 in table II is Cross-correlation. The method
10 is implemented with Matlab function xcorr, as it is shown
in the code fragment:

[acor, lag] = xcorr(p,q);

(&)

distance = - max (acor);

where p and ¢ are rank fingerprints.

The method 49 in table II is Spearman rank correlation
coefficient [14].

The best 5 methods are shown in table 1.

None of the methods has parameters except Minkowski
distance. The default parameter is P = 1. The parameter
P = 2 shows the same RMSE error as Euclidean distance.
The Euclidean distance shows slightly better results, than
Minkowski with P = 3,4, 5, 6.

V. COMPARISON BASELINE

The Baseline fingerprinting method is needed to show which
similarity measures are acceptable. A positioning algorithm
should show a better result than the baseline method.

The Baseline method is chosen as described in the article
[4]. All RSS values are first transformed to new ones according
to

0, if RSS value is missing

. . (6)
RSS — min + 1, otherwise

NewValue = {

where min is the minimum RSS value in the database.

The baseline positioning algorithm is the 1-NN as it is
described in the paper [4]. The baseline algorithm is used to
estimate the location of each test fingerprint.
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Fig. 1. Simulation results, where k = 1 and number of APs N = 1.

Here fingerprint is a vector of length of total number of
Wi-Fi stations in the database. Values of the vector are RSS
values, updated according to the equation (6).

The distance between two fingerprints p,q is calculated
according to

(7

where N is the total number of APs in the database.

VI. EXPERIMENTAL RESULTS

The database is open [15], and is described in the articles
[2], [3]. The data was collected in two buildings in Tampere
University of Technology with a Windows Tablet. We study
the data obtained in Building 1 of size approximately 141 m
to b4 m. It has 1479 fingerprints over 4 floors.

The paper studies 80% of randomly selected of database’s
fingerprints (a sorted list of heard APs with the measurement
location) as Radio map. The remaining fingerprints are used
to simulate the online measurements.

RMSE errors of different methods are shown in table II.

The best 5 results based on RMSE and £ = 5 are
Lorentzian, Hamming, Jaccard, Wave Hadges, Canberra dis-
tances.

The methods Kullback-Leibler, Cross-Corellation, Inner
Product, K divergence and Bhattacharyya had the highest
RMSE, they were beaten by the baseline method’s RMSE
(52.94 m).

The simulations show that Lorentzian distance similarity
measure is slightly more accurate than the similarity measures
used in [1], [8].

The tests were also made using componentwise median
instead of mean. The simulations give almost the same results.
The results might be different with more noisy data.

Figure 1 refers to the results with £k =1 and N = 1.

Figure 2 refers to the results with £k = 3 and N = 3.

120 _

100 - -

sol + + + B

Error

60l + + + + + -

40

20+

Jaccard Canberra

Methods

Lorentzian Hamming Wave Hedges

Fig. 2. Simulation results, where k = 3 and number of APs N = 3.
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Fig. 3. Simulation results, where k=5 and number of APs N = 5.

Figure 3 refers to the results with K =5 and N = 5.

Measurements show that the number of ranks significantly
affects the RMSE errors. While, RMSE error is not changed
significantly with increasing k-NN value from 3 to 5.

Ten replications show that the Lorentzian measure is the
best in all simulations with 80% of training data, N = 5.
Figure 4 refers to the 10 results of Lorentzian measure with
number of APs N = 5.

VII. DISCUSSION AND CONCLUSION

The effect of different similarity measures on RBF algo-
rithm for indoor navigation is shown. Some similarity mea-
sures show better position prediction accuracy, while some
measures do not pass the baseline criteria.

The RMSE results of Ranked Fingerprinting are compared
with traditional Fingerprinting algorithm, described in Com-
parison baseline section V.

The best similarity measure is Lorentzian.

The experiments show that the number of APs which are
used in similarity calculation affects the position accuracy
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Fig. 4. 10 simulation results of Lorentzian measure, with number of APs
N =5.

significantly. While, increasing the k-NN number more than 3
does not affect significantly the position accuracy.

There are several places for improvement. The list of sim-
ilarity measures could be extended. The similarity measures,
which showed the best position prediction accuracy results,
should be tested with different methods, for instance, with
Kalman Filter as it is shown in the paper [11].
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