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Abstract. For the development of a successful indoor navigation system it is
essential to know the nature of signals broadcasted by different access points
and other signal broadcasting/transmitting equipments, since we can’t rely on
the help of navigation satellites inside buildings. However we need to use the
original signal in each case for accurate positioning, so we have to be able to
filter out the interfering signals with the help of different algorithms.
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1 Introduction

We examined the precision and inaccuracy of GPS sensors built in different
smartphones in a previous research of ours [12]. From the experiment it turned out,
that the data provided by the devices are quite inaccurate. The primary cause of this is
attributable to the scattered signal, which stems from the device not always seeing the
original “clear” signal broadcasted by the navigation satellites. This is why the spread
of GLONASS system is of great importance, as smartphones using GLONASS pro-
vide more precise data for the users. On the one hand the device uses two independent
navigation system here, also GLONASS has ground reference stations where the de-
vice gets further clarification. Nevertheless it does not always mean a solution. This is
why the usage of different “signal-cleaner” algorithms is necessary, because these
algorithms are able to filter out scattered, disturbing signals from the originals. There-
by the measurement becomes much more accurate. Filtering out the scattered signals
and those which come from the interference is also essential, because when using
indoor navigation, the ratio of scattered signals increases significantly compared to
the original.
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2 Material and Method

2.1 Devices

In our research we used the next smart phones and a tablet. These were the following:
HTC HD (Windows mobile 6), HTC 8x (Windows mobile 8), Sonny Xperia J
(Google Android OS v4,0), iPhone 4 (iOs 4), iPad2 (iOs 6), Nokia Lumia 1520.

By choosing these devices, we can try out most of the used operation systems of our
times’. In addition, the HTC 8X device applies GLONASS support in order to allo-
cate our location. This support is available up from the series of iPhone 4S.

2.2 GLONASS

Before the research, we required the HTC 8X to be the most precise since this device
has GLONASS support besides GPS [7]. This means that the traditional GPS system
is expanded with the data of the satellites developed by Russians, therefore it makes it
more precise to the users. Presently there are 51 reference stations in Hungary. Pecs is
a good location in this network because there are three stations near at hand. These
are Siklos (20km from Pecs), Barcs (50km from Pecs) and Kaposvar (50km from
Pecs). Structure of GPS signal

All signal components are derived from the output of a highly stable atomic clock. In
the operational (Block I1/11A) GPS system each satellite is equipped with two caesium
and two rubidium atomic clocks. The clocks generate a pure sine wave at a frequency
fO = 10.23MHz, with a stability of the order of 1 part in 1013 over one day. This is
referred to as the fundamental frequency.

Multiplying the fundamental frequency fO by integer factors yields the two micro-
wave L-band carrier waves L1 and L2 respectively (above two figures). The frequen-
cy of the two waves is obtained as follows:

fL1 =0 x 154 = 1575.42MHz @
equivalent wavelength: A L1 = ¢/ fL1~19cm
fL2 = fO x 120 = 1227.60MHz ()

equivalent wavelength:A L2 = ¢ / fL2 =24cm

These are right-hand circularly polarised radio frequency waves capable of transmis-
sion through the atmosphere over great distances, but they contain no information. All
satellites broadcast the same frequencies (though the received frequencies are slightly
different because of the Doppler shift).

2.3 Clear GPS Signal

We performed measurements on planes during flight, when the aircrafts reached the
altitude. During the measurements we experienced that certain mobiles were unable to
detect GPS signal. The mensuration was necessary, because we couldn’t get closer to
the satellites broadcasting navigation signals than the aforementioned altitude,



furthermore no artificial object could interfere with the signals. This way we can work
with relatively clean signals, free of scattered signals. Since at flight altitude we can’t
designate a fixed length area, every measurement lasted for exactly 10 minutes. The
results can be seen in the following figure.
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Fig. 1. Clear GPS Signal

2.4 L1 regression analysis
We investigate our results first time with L1 regression. Consider the linear regression
model (1):

Yy = Bo + Bixy + -+ Bpxp + & (3)
Where Bo, By, ..., Bp are unknown parameters and {;} are unobservable independ-
ent, identically distributed random variables each with median 0. For simplicity, we
will assume that the x;’s are non-random although the results will typically hold for
random x;;’s. We will consider the asymptotic behavior of L1-estimators of g =

(Bo, -----, Bp); that is Bo Br e o ,ﬁ; minimize the objective function (2)

Gn(®) = Xizq Vi = o — d1xy — = = Ppxpi 4)
overall ¢ = (o, ..., )

In Petros Hadjicostas (2012) optimization program he seeks to minimize [8] (over all
ke {2,..,n-2}) (3)

Zi = Y1110; = vo — Bl + Xiis1 16 — 80 — By (5)
Subject to at least one of the following conditions:

1A: B = 0 and B(¢rs1 — Px) = Yo — S

1B: B = 0 and B (P, — $1) <vo — 8o

2A: B < 0 and B(r+1 — Pr) < Yo — o

2B:f < 0and (¢, — 1) =vo — &

This minimization problem can be solved using standard Linear Programming tech-
niques. L1 Linear regression assumes that an intercept term is to be included and



takes two parameters: the independent variables (a matrix whose columns represent
the independent variables) and the dependent variable (in a column vector). L-1 re-
gression is less affected by large errors than least squares regression [4]. Reflectanced
GPS signal filtering with Kalman filter

2.5 Kalman filter

We can filter the reflectanced GPS signal with Kalman filter because we can monitor
the GPS. If we know which particular signal our smartphone is using then we know
what this satellite frequency is. After this, we can use the Kalman filter where we give
the original frequency (this will the right data) and we say that the other results are the
errors [9].

It is instructive first to review the analysis step in the standard Kalman filter where the
analyzed estimate is determined by a linear combination of the vector of measure-
ments d and the forecasted model state vector y'[10]. The linear combination is cho-
sen to minimize the variance in the analyzed estimate y® which is then given by the
equation

e =9/ +K(d - HY)) (6)

The Kalman gain matrix K is given by

K =P HT(HP'HT + w)™! )

The error covariance of the analyzed model state vector is reduced with respect to the
error covariance of the forecasted state as

P = (e -y — D)’

= [/ '+ K(d —d" — Hp/ + HPI [P/ — ' + K(d —d* — HY/ + HY/S)]
= (1= KH)W' =)W/ =90~ KH)T K(d — d)(d — d)'K"
= (- KH)P'(1 - H'K?) + KWK!
=P/ —KPH' — PPHTKT + K(HP'H' + W)K"

= (1—- KH)P/ (8)

The analyzed model state is the best linear unbiased estimate [1]. This means that ya
is the linear combination of yf and d that minimizes

TrP = (Y — Pt (Y — ), if model errors and observations errors are unibased and
are not correlated [2].

3 Results

During our research we examined how much some algorithm can refine the results of
the measurements compared to the raw data. In fig. 3 we can see how the result



changes if we clean the data measured at high altitude with the help of the algorithms.
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Fig. 3. Average distance (Transition altitude) with and without algorithm

Before the purification of the original signals we expected not to have significant
difference, for at flight altitude the devices detects the original signal. It is not
distorted so much by atmospheric phenomena, natural and artificial objects. The
analyzed values confirms this, as we can see it. Perhaps the data measured by iPad 2
is the only exception. As we can see in the graph (fig. 4.), the data collected by these
the devices has only a digression of a couple of centimetres. To sum up, we can say
that if we measure one point in an open area, where the zenith is 92% visible; there is
no significant difference between the two operation systems.
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Fig. 1. Average distance (Ground altitude) without Kalman filter

When we started our research we were in an opinion that the most homogeneous data
will be collected by the device which applies GLONASS support as well. As it can be
seen in Fig. 4, the WP8 device was the one which made this result. From the second
place, we did not experience big difference. That is to say, there is no significant dif-
ference between the results achieved by the devices which only use GPS. On the other



hand, the HTC 8X (WP8) is the absolute number one with big difference. As we can
see, there are two results for the iPad: results from Sports Tracker as well as Outdoor
Navigation. The difference is evident and interesting as a single device produced two
different results during the same time interval. It is extremely important to point out
that the measurement circumstances were exactly the same! Will similar devices us-
ing different applications bring similar results or will the same problem not be there in
such a case. And most importantly: can this problem be solved using different algo-
rithms? We will examine this in the frame of another project.

What is then if we can filter the satellite signal at the measurement? Because the
smart phones can use small mobile apps where this application can recording all sig-
nal. After we can analysed this results and we can separate the signal and the reflec-
tance signal, we can see the results between the original data and the filtered data on
the next figures (fig. 5.).

Sensors vs. Kalman Filter
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Fig. 5. Modify distance with Kalman Filter, Glonass and without Glonass

We can see in these figures that the different is huge. In the first situation, where we
used the GPS+Glonass than was the deviation 22.36 and the average distance
352.19m until then when we used the filter the deviation was 1.47 and the average
distance was 371.65 meter. If our smartphone use just the basic GPS system then the
deviation is 14.35 and the average distance was 378 meter. As shown in fig. 6, we can
see how the values of average distance change if we clean the original raw data with
the algorithms. In this case we can provide comparatively accurate (few meters
difference) data also with smartphones with not so good sensors.
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Fig. 6. Average distances with and without algorithm

4 Conclusion

In our measurements, we have proved that the sensor itself does not provide enough
accurate information in terms of navigation. To access the precise information we
need different algorithms. Thus, a full-whipped cheaper smart can be achieved in a
more accurate geolokalizaciét. The indoor navigation also it will be the most
important thing is that the original signal can be filtered out of the scattered signals.
Since most of the signals (according to preliminary measurements) seem close to 74%
of the scattered or reflected signal. This greatly reduces the accurate position
determination. At indoor navigation is not enough to precision some thirty feet. After
filtration of the signal device with GPS with the smooth result of the device and result
in GLONASS + GPS, the average was 8.68% of the difference. We can see in fig 7.
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Fig. 7. Differences between the original signals and the filtered signals
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The measurements are all available today, operating systems performed. As a
reference, and the higher layers of the airspace (flight altitude) measurements were
performed in order to eliminate inaccuracies caused by stray signals.
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