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Navigation is a key element influencing fluent, rapid, and safe transport of people and goods. During the last years, special attention
was paid to satellite navigation, which is a part of radionavigation where positioning is done thanks to artificial satellites. Issues of
application and development of satellite navigation systems in civil aviation are the subject of numerous research and scientific
studies in the world. The quality of satellite signal determined by parameters such as accuracy, continuity, availability, and
integrity determines possibility of its operational use. Particular attention of scientific research is therefore devoted to the
requirements and limitations imposed on satellite systems prior to their implementation in aviation. This extremely
important aspect justified undertaking of the aforementioned problem in this article. The paper attempts to answer the
question on how to facilitate selection of navigation techniques for the aircraft operator, taking into account factors
determining the accuracy, continuity, availability, and integrity of the satellite signal. As a result, the purpose of the work was
defined as development of a method for forecasting the values of satellite navigation signal parameters used in air transport
by artificial neural networks, taking into account selected atmospheric conditions. Results included in the work indicate
further directions of satellite navigation system development. Due to authors’ opinion, the researches should focus especially
on the analysis of real-time satellite signal parameter performance or creating applications for UAVs automatically deciding
about used techniques of navigation.

1. Introduction

Aviation is one of the fastest growing branches of transport,
not only because of the number of passengers or flight oper-
ations but also thanks to intensive implementation of new
technologies in the industry. These technologies, in air trans-
port, are generally referred to CNS (communication, naviga-
tion, and surveillance). Transport will not function properly
without these services being provided. It can therefore be
concluded that the dynamic progress in modernizing CNS
techniques can directly or indirectly affect the attractiveness
of air transport for users. On June 21st, 2018, the Polish pro-
ject of operational implementation of instrumental approach

procedures for landing using satellite signal supported by an
SBAS (satellite-based augmentation system)—EGNOS
(European Geostationary Navigation Overlay Service)—was
completed. This made Poland one of the few countries in
which such approach procedures were applied at the major-
ity of controlled airports present in the FIR (flight informa-
tion region) Warsaw. Requirements for adopted procedures
were based on the minima from the instrument landing
approach ILS (instrument landing system) cat. I. They refer
to four main signal parameters and include the following:

(1) Accuracy: (i) horizontal accuracy (16m) and (ii) ver-
tical accuracy (4m)
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(2) Integrity measured by a number of misleading infor-
mation (1 − 2 × 0−7/h) and time to alert (6 s)

(3) Continuity measured by discontinuity events
(1 − 8 × 10−6/h during 15 s)

(4) Availability on the level from 0.99 to 0.99999

It can therefore be concluded that satellite systems and
signals provided by them are a key element in the develop-
ment of strategy of civil aviation systems. It can not be over-
looked that the limited operational use of satellite systems in
air transport is caused by various errors that are inherent to
the work of these systems. The satellite system, in all its com-
plexity, can be treated as a measurement system—accuracy of
which is one of its most important features [1].

The article’s research problem concerns on the use of
information about atmospheric factors that disrupt the
satellite signal to forecast the value of signal parameters
(accuracy, continuity, availability, and integrity). The
rationale for this choice is, inter alia, that satellite systems
are considered to be the future of navigation and surveil-
lance in aviation. Failure in meeting signal requirements
prevents their operational use. What is important, in the
processes of air traffic management, is that such systems
are commonly used in all phases of flight, and thus, deter-
mining and predicting signal parameters become an
important problem.

Research topics including the influence of atmospheric
phenomena on satellite signal parameters are widely
described in the literature on the subject. A review of this lit-
erature made for the purposes of the article also points out
many studies conducted in the field of modeling and predic-
tion of signal parameters through artificial neural networks.
However, no detailed studies that would include use of tropo-
spheric, ionospheric, and historical data to forecast values of
signal parameters in application to navigation in air trans-
port have been found so far. Their implementation will there-
fore have a significant impact on the development of science
in this area. The layout of the article will be as follows: in
the next chapter, a review of world literature in this area
was carried out and the state of the art was presented. Sec-
ondly, the methodology of research was approximated in
the context of a given research problem. In the next step
of procedure, the researches were presented and their
results were analyzed. The last chapter proposes directions
for further research.

2. Literature Review and the State of the Art

Already in publications from 2000, there was visible interest
in satellite systems in application to various fields of engi-
neering. Even though, originally, the GPS (global positioning
system) was created for navigational activities, it was quickly
discovered that it has numerous purposes, such as surveying,
determining the place of rapid seismic movements, or relo-
cating bridges and other large engineering structures [2]. It
turned out, however, that the use of the GPS entails the
necessity to correct errors caused by the atmosphere or the
signal reflection in determining the position [3]. In the article

from 2016, a method of elimination of GNSS multiverbal
errors with the use of an integrated measurement system
and artificial neural networks was proposed [4]. In another
source, a new method of improving the positioning efficiency
measured by pseudoranges in the degraded signal environ-
ment has been proposed. This method is intended to reduce
the loss of measurement accuracy by introducing an addi-
tional parameter to the model, which includes time scale dif-
ference, hardware delays, and correction of measurement
errors between the respective satellites and reference points
[5]. Importantly, there are also works related to the study
of the influence of external factors on the quality of the
satellite signal. The team of Ordóñez Galán et al. uses arti-
ficial neural networks to analyze the accuracy of measure-
ments made with the GNSS technology in case if the GPS
receiver is in a wooded environment. Measurements were
made every second, for one hour at twelve different points
in the forest area. Each point was characterized by a
slightly different external environment (tree density, tree
volume, etc.). First of all, the position error, the signal-
to-noise ratio, and the number of satellites available for
the measurement were examined. As a result of the exper-
iment, a model of artificial neural networks was proposed
in which the given conditions were dynamically taken into
account over time [6]. More similar studies are described
in the publications [7, 8].

The literature also touched the important issue of signal
integrity. It is a measure of the probability that can be attrib-
uted to the correctness of information provided by the navi-
gation system. In EGNOS, its mapping are values of
protection levels monitored during system operation [9].
Monitoring of the integrity of the system’s operation is possi-
ble thanks to RAIM (receiver autonomous integrity monitor-
ing). RAIM is a software that validates the information
received from satellites using only the signal from a given sat-
ellite navigation system, e.g., by comparing the position
determined by different combinations of signals from various
sets of satellites observed. According to new sources, the
alternative for RAIM is to be SAIM (satellite autonomous
integrity monitoring) [10–13].

In view of the received satellite signal, an appropriate
amendment should be adopted, taking into account its
passage through various layers of the atmosphere. For
example, to determine the correction taking into account
the course of signal through the ionosphere, the vertical
component of the electron density TEC (total electron
content) is assumed. This is the total number of electrons
gathered between two points along a column with a cross-
section of 1m2 and the base of the rectangle. Due to the
significant influence of TEC on the quality of the received
satellite signal, much attention was focused on the predic-
tion of TEC, also using artificial neural networks [14–18].
It is worth paying attention to the methodology of
research conducted in the aforementioned studies [18–20].
It is similar to the one established in this article. Also, in arti-
cles [21, 22], neural networks for forecasting navigation
values and communication techniques were used, which
makes them useful in various studies—the effect of which is
to be a predictive model.
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3. Causes of Limited Operational Use of Satellite
Systems in Aviation

The prior inspiration for research was an analysis of liability
for damages arising with the lack of availability of GNSS nav-
igation when an aircraft is taking an approaching procedure.
A question was to which regulations should be invoked in the
event of damage or incident resulting from disturbances or
discontinuities associated with the GNSS navigation. After
putting up this question, a new problem arose. The causes
of GNSS signal disturbances include law regulations, cooper-
ation of systems and service providers, and, most of all,
technical aspects of the satellite signal.

Important limitations affecting the implementation of
satellite systems in aviation have their sources in legal and
administrative aspects. International cooperation in the field
of law relating to satellite systems is an important factor in
the context of the limited operational use of such systems.
So far, bilateral or multilateral agreements concluded both
by countries and organizations (ESA, EU, and EUROCON-
TROL) can be found in this area. Such a solution could also
be used by the United States of America and Russia, which
would improve and regulate the access to the two largest
satellite systems (GPS and GLONASS). So far, the standards
of GNSS system implementation and development are
regulated by organizations such as ICAO (International Civil
Aviation Organization) or IMO (International Maritime
Organization). Maintaining a high level of quality of regula-
tory solutions in the field of satellite systems is crucial. The
rate of market growth in the satellite navigation sector is
25% per annum. The global space sector in 2007 had a reve-
nue of 251 billion USD, which is over twice as much as the
entire Polish budget. In 2020, the satellite market may be
worth around 300 billion Euro. For Europe, the most impor-
tant goal remains the development and implementation of
the Galileo satellite system.

The application of the space law to aviation and vice versa
is also questionable. Many representatives of the legal doc-
trine consider it unacceptable to apply aviation regulations
to space activities, mainly due to the specific construction
of aviation law distinguishing the sovereignty of states in air
space above their territory. In Polish literature, however,
you can meet different points of view. Berezowski et al.
explains that the international aviation law regulates rela-
tions other than land or water, which indicates the possibility
of treating space and air together in aviation [23]. However,

this problem still remains unexplained considering the very
dynamic development of technology in the field of both avi-
ation and astronautics. Currently, we already have to deal
with objects such as space planes or flying devices. In the
future, one can therefore expect the necessity to establish
new regulations that will determine the rules of using such
vehicles [24].

Table 3: Values ofMSE and R depending on the training algorithms
(for one neuron in the hidden layer) in model ANN 1.

Training algorithm MSE value R value

Levenberg-Marquardt (TRAINLM) 1 523 × 10−3 0.483

Bayesian regularization (TRAINBR) 2 714 × 10−3 0.248

The smallest pitch drop algorithm
(TRAINGDM)

2 558 × 10−3 0.427

Source: own study in MALTAB Neural Network Toolbox.

Table 4: Values of MSE and R depending on the division of the
training set (for one neuron in the hidden layer and TRAINLM
algorithm) in model ANN 1.

Division of the training set MSE value R value

70%/15%/15% 1 523 × 10−3 0.483

80%/10%/10% 2 661 × 10−3 0.034

Source: own study in MALTAB Neural Network Toolbox.

Table 2: Values ofMSE and R depending on the number of neurons
in the hidden layer in model ANN 1.

Number of neurons
in the hidden layer

MSE value R value

1 1 523 × 10−3 0.483

2 2 382 × 10−3 0.486

3 2 162 × 10−3 0.528

5 2 467 × 10−3 0.526

10 1 607 × 10−3 0.527

Source: own study in MALTAB Neural Network Toolbox.

Table 1: Comparison of network structure in individual models.

Model ANN 1.
Accuracy

Model ANN 2.
Continuity

Model ANN 3.
Availability

Model ANN 4.
Integrity

Number of neurons for input 5 6 6 6

Number of neurons in the output layer 1 1 1 1

Number of hidden layers 1 1 1 1

Number of neurons in the hidden layer 1 8 2 2

Division of the training set 70/15/15 80/10/10 70/15/15 70/15/15

Training algorithm Levenberg-Marquardt Levenberg-Marquardt Levenberg-Marquardt Levenberg-Marquardt

Source: own study based on structures of artificial neural networks in MALTAB Neural Network Toolbox.
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Particularly unregulated are also extremely important
issues of liability for damages arising with the participation
of an aircraft. A question is to which regulations should be
invoked in the event of damage or incident resulting from
disturbances or discontinuities associated with the opera-
tion of GNSS. Modern technology allows the action
known as meaconing or MIJI (Meaconing, Intrusion, Jam-
ming, and Interference) to disturb and silence received
radio signals and then to retry again transmitting other
beacons in order to confuse the navigator, as a result of
which aircraft or ground stations receive inaccurate indica-
tions of object position. Such situations lead to an aircraft
deviating from the course and even to its accident. Here, it
is worth referring to [25] or [26], which, however, only to
a limited extent, corresponds to the need of sanctioning
such acts.

The limited operational use of satellite systems can be
caused by various errors that are inherent in the work of
these systems. In general, the errors of satellite systems can
be divided into four groups:

(1) Signal propagation errors, including (i) ionospheric
errors, (ii) tropospheric errors, and (iii) multitrack
errors

(2) Relativistic errors

(3) System operation errors (these are errors originating
mainly in the space segment of the satellite system,
but sometimes also in the terrestrial segment),
including (i) satellite ephemeris errors and (ii) satel-
lite clock errors

(4) Receiver errors (this group of errors is generated in
the user segment), including the DOP (dilution of
precision) error

For this work, authors focused on ionospheric and tropo-
spheric errors only.

The ionospheric error arises due to the delay of the satel-
lite signal passage through the ionosphere. Alternatively, it
can be called ionospheric delay or ionospheric refraction. It

results from a change in the signal path and change in phase
speed of the wave (signal) as well as the frequency of the car-
rier wave. This leads to change in the signal travel time
[27]. The state of the ionosphere remains also under the
influence of solar activity, manifested by changes occurring
on the surface of the Sun and its atmosphere. These
changes cause the fluctuations of radiation that reaches
the Earth in the form of electromagnetic waves, including
light, and the stream of particles emitted by the Sun (solar
wind). Solar activity includes also changes in the number
and distribution of sunspots. The basic cycle of changes
in solar activity is about 11 years. In one such cycle, the
Sun changes the level of activity from the minimum to
the next minimum [28].

The tropospheric error, also called tropospheric delay, is
caused by both the dry troposphere and the moist tropo-
sphere. By the dry part, one should understand the atmo-
spheric pressure, the air density, and its temperature,
changing with altitude. It is assumed that the dry matter
causes almost 90% of the tropospheric error (delay). The
moist part of the troposphere is closely related to the very
high content of water vapor in this atmosphere layer. This
content results from the weather in troposphere—the pres-
ence of clouds and rainfall causes almost 99% of moisture
in the lowest part of the atmosphere (counting surface waters
of the Earth as well). The content of water vapor depends on
the altitude and atmospheric phenomena (storms, fronts),
too [29].

Nevertheless, satellite systems are considered to be the
future of navigation. They are constantly subject of projects
and even entire research programs, in which the main goal
is to develop the product. The similarity of the satellite nav-
igation system structure means that some general directions
of action can be identified until 2020. The main changes are
the technical ones in space and terrestrial segments that will
enable, among others, to extend the satellite’s time of satura-
tion, broadcast new signals on additional frequencies,
increase the accuracy of measurements (especially in condi-
tions of large urban development and other limitations of
signal transmission), and increase the resistance of signal
to interference. From the user’s point of view, the
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Figure 1: Comparison of the forecast and actual position error of the signal.
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information about the quality of the satellite signal provided
and therefore the quality of the service is important. In case
of the need to provide qualitative information (yes—GNSS
navigation will be accurate, available, continuous, and inte-
gral or no—GNSS navigation will be either not accurate or
not available, not continuous, and not integral for the exact
period of time), the solution might be a quality-type alert
in the GNSS panel dependent on forecast time, e.g., yellow
bar with information that the GNSS signal may be lost in 1
hour or red bar with information that GNSS signal may be
lost in 10min. In case of the need to provide quantitative
information, the best solution seems to be sending informa-
tion about the parameters of the satellite signal and
forecasted via a NOTAM message, especially that the
“NOTAM D” has dedicated space for such an information.
This would therefore require taking appropriate regulatory
actions at the global level. Still, forecasting signal parameters
seems to be a solution that allows users to choose the
method and technology of work that is conducive to per-
form operation maintaining the highest possible level of
security [30].

4. Research Methodology

Artificial neural networks (ANN) are treated as an attempt to
use phenomena occurring in nervous systems to solve
research problems. The inspiration for their creation was
the nervous system of a man who, after all, controls his body
and mind. According to the researchers, artificial reproduc-
tion of such a system enables modeling and controlling
processes occurring in the world of new technologies. ANN
are currently used in areas such as electronics, cybernetics,
automation, or mechanics.

Sigmoid neuron belongs to one of the most popular
group of neurons enabling construction of the perceptron
multilayer neural network (MLP—multilayer perceptron).
At the same time, it is worth emphasizing that the nonlinear
sigmoid neuron is the most similar in functioning to the bio-
logical nerve cell. Multilayered perceptron (MLP) is a one-
way type of neural network, in which neurons are arranged
in layers (input, output, and hidden). Typically, networks
with one or two hidden layers are built. The MLP network
is trained by back propagation error method—typical for
one-way networks (or the so-called feedforward networks)
in which the flow of signals takes place only from the input
to the output. In general, training is defined as the process
of educating the network through the presentation of exam-
ples of the correct solution to the research problem. On this
basis, the network attempts to solve the problem. After that,
solutions are compared with the standards and the size of
the error is determined as well. It is a natural phenomenon
to strive for its minimization and hence long-term training
of network. The length of training in this context refers to
the number of examples of correct solution to the research
problem. They belong to the so-called training set of the
network—the main data set occurring in the process of build-
ing a neural network. A part of the training set (usually up to
20%) is isolated to the so-called validation set. It is used for
periodic validation of the network, which is aimed at

eliminating the phenomenon of overfitting. If the size of the
training set allows it, it is worth separating one more set—the
test one. It should be about 10% of randomly selected train-
ing cases and is used for one-time network control after
training. The optimal situation is when the test set can be a
set of data from the examined phenomenon in which real
anomalies occurred. The network then can actually demon-
strate the ability to detect them [31].

The selection of data sample, determination of sets, and
choice of the training algorithm are extremely important
for models proposed in the article and final modeling result,
which is the forecast. In the study, authors used measure-
ments from theWarsaw station made in 2014 for the EGNOS
satellite PRN120 during the APV-I vertical approach and a
comparison of atmospheric conditions (cloudiness, humid-
ity, precipitation, pressure, and temperature) from the same
period and area. Supplement was data on solar activity. Four
models were proposed corresponding to four satellite signal
parameters:

Table 6: Values ofMSE and R depending on the training algorithms
(for eight neurons in the hidden layer) in model ANN 2.

Training algorithm MSE value R value

Levenberg-Marquardt (TRAINLM) 1 390 × 10−3 0.831

Bayesian regularization (TRAINBR) 1 476 × 10−3 0.281

The smallest pitch drop algorithm
(TRAINGDM)

1 731 × 10−3 0.838

Source: own study in MALTAB Neural Network Toolbox.

Table 7: Values of MSE and R depending on the division of the
training set (for eight neurons in the hidden layer and TRAINLM
algorithm) in model ANN 2.

Division of the training set MSE value R value

70%/15%/15% 3 996 × 10−3 0.851

80%/10%/10% 1 390 × 10−3 0.831

Source: own study in MALTAB Neural Network Toolbox.

Table 5: Values ofMSE and R depending on the number of neurons
in the hidden layer in model ANN 2.

Number of neurons
in the hidden layer

MSE value R value

1 1 727 × 10−3 0.792

2 2 750 × 10−3 0.833

5 2 602 × 10−2 0.114

8 1 390 × 10−3 0.831

10 2 760 × 10−3 0.787

Source: own study in MALTAB Neural Network Toolbox.
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(i) Model ANN 1. Accuracy

(ii) Model ANN 2. Continuity

(iii) Model ANN 3. Availability

(iv) Model ANN 4. Integrity

Models were implemented to the MATLAB Neural
Network Toolbox. Achieving satisfactory and at the same
time optimal results was possible only by testing different
model configurations. Therefore, eventually, the models
differ in the number of neurons in the hidden layers or
the division of the training set on subsets. In each of the
model, the sigmoidal activation function was used and
the variable values were normalized to range from -1 to
1. In the structure of all models, there is one hidden layer.
During the research, it could be clearly observed that such
a system is the best for models, while others, especially
with more hidden layers, caused network overtraining. In
this case, the rule was found that the more the hidden
layers, the greater the strength of the network and, also,
the greater its tendency to overtrain. In the process of
creating models, especially in anticipation on the results,
it should be remembered that the analyzed research
problem of the influence of selected atmospheric condi-
tions on the satellite signal concerns only one of many
aspects determining the form of this signal. The article
though attempts to answer the following question:
which atmospheric conditions and to what extent they
affect the satellite signal and whether it is possible to
model parameter values having exclusively data on these
conditions occurring during the use and measurement
of the signal?

There were two kinds of data determined: input data (x)
and output data (y):

(i) x1—cloudiness

(ii) x2—humidity

(iii) x3—precipitation

(iv) x4—temperature

Table 9: Values ofMSE and R depending on the training algorithms
(for two neurons in the hidden layer) in model ANN 3.

Training algorithm MSE value R value

Levenberg-Marquardt (TRAINLM) 3 908 × 10−5 0.887

Bayesian regularization (TRAINBR) 9 139 × 10−3 0.048

The smallest pitch-drop algorithm
(TRAINGDM)

1 704 × 10−4 -0.007

Source: own study in MALTAB Neural Network Toolbox.

Table 10: Values of MSE and R depending on the division of the
training set (for two neurons in the hidden layer and TRAINLM
algorithm) in model ANN 3.

Division of the training set MSE value R value

70%/15%/15% 3 908 × 10−5 0.887

80%/10%/10% 4 233 × 10−5 0.050

Source: own study in MALTAB Neural Network Toolbox.

Table 8: Values ofMSE and R depending on the number of neurons
in the hidden layer in model ANN 3.

Number of neurons
in the hidden layer

MSE value R value

1 6 520 × 10−5 0.902

2 3 908 × 10−5 0.887

5 5 513 × 10−5 0.885

8 8 808 × 10−5 0.875

10 9 001 × 10−5 0.397

Source: own study in MALTAB Neural Network Toolbox.
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Figure 2: Comparison of the forecast and actual number of discontinuity events.
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(v) x5—pressure

(vi) x6—solar activity

(vii) y1 = x7—position error

(viii) y2 = x8—number of discontinuity events

(ix) y3 = x9—availability

(x) y4 = x10—protection level

The training set consisted of 181 samples; however,
the set was divided into three subsets—training, valida-
tion, and test. Depending on the model, this division
was in the 70%/15%/15% or 80%/10%/10% configuration.
In addition, apart from the atmospheric conditions to
the input of the network, the historical parameter data
were added, i.e., in model ANN 1. Accuracy for input
included x4, x6, x8, x9, x10 and for output included vari-
able y1 etc. What is more, for individual models, the so-
called best predicates were chosen and, therefore, those
conditions, according to the expert research, hadthe great-
est impact on a given parameter. In that case, the input sig-
nals (vector Χ) and output signals (vector Y and reference
vector D) for individual models were formulated as follows:

(i) For model ANN 1. Accuracy,

Xi1 = xi4, xi6, xi8, xi9, xi10 T ,
Yi1 = yi1

T ,

Di1 = di1
T

1

(ii) For model ANN 2. Continuity,

Xi2 = xi1, xi3, xi6, xi7, xi9, xi10 T ,
Yi2 = yi2

T ,

Di2 = di2
T

2

(iii) For model ANN 3. Availability,

Xi3 = xi1, xi5, xi6, xi7, xi8, xi10 T ,
Yi3 = yi3

T ,

Di3 = di3
T

3

(iv) For model ANN 4. Integrity,

Xi4 = xi3, xi5, xi6, xi7, xi8, xi9 T ,
Yi4 = yi4

T ,

Di4 = di4
T ,

4

where i is the number of the next sample from the
training set

Table 1 summarizes the basic information about the net-
work in each model.

Different numbers of neurons in hidden layers have been
determined as a result of testing many networks with differ-
ent numbers of neurons. Each time a network giving optimal
results following the basic criterion, the smallest error value
MSE (mean squared error), was chosen. The additional crite-
rion was the largest, in turn, value of the indicator R (regres-
sion). It represents the relationship between values of vectors:
actual Y and standard D. When R = 1, the relation between Y
and D is linear. When R turns to 0, the relations seem to be
nonlinear. The higher the value of R, the smaller the differ-
ence between D and Y . Furthermore, the networks were ana-
lyzed in terms of different training algorithms. In the training
process, the Levenberg-Marquardt (TRAINLM) algorithm,
Bayesian regularization (TRAINBR), and the smallest pitch
drop algorithm (TRAINGDM) were taken into account.
The choice of these algorithms was dictated by their special
features referring to the research problem, i.e., the possibility
of memory reduction at large training sets, verifiability for
small and moderately complicated network structures, and
good generalization properties, avoiding network stuck in
the local minimum function. The models used a simple vali-
dation (dividerand)—data set was randomly divided into
three subsets: training, validation, and test.
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Figure 3: Comparison of the forecast and actual availability of the signal.
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5. Results and Discussion

Artificial neural networks, in various configurations, built for
the needs of four models have undergone training, validation,
and testing processes. Different configurations of neural net-
works were tested in each of the models. However, always,
the same rules were followed. Firstly, networks with different
numbers of neurons in the hidden layer were tested (from 1
to 20 neurons in each model). The most representative net-
works were then selected. After the first step, these chosen
networks were tested with different learning algorithms.
The best ones were chosen again. At the end, different config-
urations of the training set division were tested and networks
which achieved the smallest MSE value and the highest R
value were selected as champion ones. In the tables, the fol-
lowing are listed in sequence:

(i) Values of MSE and R for a specific number of neu-
rons in the network hidden layer

(ii) Values of MSE and R with different training algo-
rithms for the number of neurons in the network
hidden layer for which the best result was previously
obtained

(iii) Values of MSE and R taking into account the differ-
ent divisions of the training set into subsets with the
chosen training algorithm and the number of neu-
rons in the network hidden layer

The results of the satellite signal parameter forecast were
also presented and verified with real data. The optimal values
of tested networks are listed in tables. For each training, the
weights were randomly generated—reinitialized (the initial
values were given for the network weights). When designing
them, regardless of the model, specific initial conditions were
set in MATLAB Toolbox:

(i) Type of network—feed-forward backprop

(ii) Activation function—TANSIG (hyperbolic
tangent)

(iii) Maximum number of epochs (iterations)—1000

(iv) Maximum duration of training—∞

(v) Expected value of the objective function—0

(vi) Minimal size of the gradient—1 × 10−7

(vii) Number of validation checks—100

(viii) Objective function—MSE (mean square error)

In Table 2, the MSE error values and R indicator for dif-
ferent numbers of neurons in the hidden layer for model
ANN 1. Accuracy were presented. Many networks were
tested, but the most representative results were seen for net-
works with one, two, three, five, or ten neurons in the hidden
layer. However, apart from the network with one neuron in
the hidden layer, the remaining ones have been overtrained,
as evidenced by the significantly increasing MSE error. The

lowest error value was obtained for the Levenberg-
Marquardt algorithm (Table 3) with the structure of
70%/15%/15% division of the training set (Table 4).

The final stage of this part of research was to predict the
value of a satellite signal parameter (position error). There-
fore, in Figure 1, the last nine samples that were subjected
to the forecast were demonstrated and compared with the
real values.

In the light of carried research, it is worth noting that the
difference between the largest and the smallest accuracy
errors expressed by the average HNSE and VNSE values for
the nine samples taken to the forecast was only 1.185m and
that in the forecast itself was only 0.087m.

In Table 5, the MSE error values and R indicator for dif-
ferent numbers of neurons in the hidden layer for model
ANN 2. Continuity were presented. Many networks were
tested, but the most representative results were seen for net-
works with one, two, five, eight, or ten neurons in the hidden
layer. The lowest error value was obtained for the Levenberg-
Marquardt algorithm (Table 6) with the structure of
80%/10%/10% division of the training set (Table 7).

Table 12: Values of MSE and R depending on the training
algorithms (for two neurons in the hidden layer) in model ANN 4.

Training algorithm MSE value R value

Levenberg-Marquardt (TRAINLM) 4 184 × 10−4 0.266

Bayesian regularization (TRAINBR) 1 022 × 10−2 -0.332

The smallest pitch drop algorithm
(TRAINGDM)

5 623 × 10−4 0.294

Source: own study in MALTAB Neural Network Toolbox.

Table 13: Values of MSE and R depending on the division of the
training set (for two neurons in the hidden layer and TRAINLM
algorithm) in model ANN 4.

Division of the training set MSE value R value

70%/15%/15% 4 184 × 10−4 0.266

80%/10%/10% 8 032 × 10−4 -0.062

Source: own study in MALTAB Neural Network Toolbox.

Table 11: Values of MSE and R depending on the number of
neurons in the hidden layer in model ANN 4.

Number of neurons
in the hidden layer

MSE value R value

1 5 530 × 10−4 0.308

2 4 184 × 10−4 0.266

5 5 303 × 10−4 0.356

8 7 146 × 10−4 0.263

10 4 749 × 10−4 0.444

Source: own study in MALTAB Neural Network Toolbox.
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Similarly, the final stage was to predict value of a satellite
signal parameter (number of discontinuity events). There-
fore, in Figure 2, the last nine samples that were subjected
to the forecast were demonstrated and compared with the
real values.

It is worth noticing that the difference between the largest
and the smallest values of discontinuity events for the nine
samples taken to the forecast was 13 and that in the forecast
itself was 10.

In Table 8, the MSE error values and R indicator for dif-
ferent numbers of neurons in the hidden layer for model
ANN 3. Availability were presented. Many networks were
tested, but the most representative results, similar to those
of the previous model, were seen for networks with one,
two, five, eight, or ten neurons in the hidden layer. Lower
error value was achieved for the Levenberg-Marquardt algo-
rithm (Table 9) with the structure of 70%/15%/15% division
of the training set (Table 10).

The last part of modelling availability was to predict the
value of a satellite signal parameter. In Figure 3, the last ten
samples that were subjected to the forecast were demon-
strated and compared with the real values.

The difference between the highest and lowest value of
availability expressed in % in the case of ten samples taken
to the forecast amounted only 0.779%, and that in the fore-
cast itself amounted 1.209%. In this model, despite of difficult
to analyze data (concentrated at the value of 1 = 100%), the
smallest MSE error value and the best results were obtained.

In Table 11, theMSE error values and R indicator for dif-
ferent numbers of neurons in the hidden layer for model
ANN 4. Integrity were presented. Many networks were
tested, but the most representative results, similarly to those
of two previous models, were seen for networks with one,
two, five, eight, or ten neurons in hidden layer. Lower error
value was achieved for the Levenberg-Marquardt algorithm
(Table 12) with the structure of 70%/15%/15% division of
the training set (Table 13).

In Figure 4, the last ten samples that were subjected to the
forecast were demonstrated and compared with the real
values.

The difference between the highest and lowest integrity
values expressed by the protection level for ten samples taken

to the forecast was only 0.091, and that in the forecast itself
amounted 0.018. Small differences between data values
caused great difficulties in training this network. The results,
however, indicate that the network coped with such a prob-
lem and, finally, a near-real estimation of the signal integrity
was obtained.

6. Conclusions

The paper attempted to answer the question on how to facil-
itate selection of navigation techniques for the aircraft oper-
ator, taking into account factors determining the accuracy,
continuity, availability, and integrity of the satellite signal.
As a result, the purpose of the work was defined as develop-
ment of a method for forecasting the values of satellite navi-
gation signal parameters used in air transport by artificial
neural networks, taking into account selected atmospheric
conditions. Results included in the work indicate further
directions of satellite navigation system development

There is a clearly visible interest in the issues of imple-
menting satellite techniques for various areas of air traffic.
It is possible to see a series of conducted research on both
the operational parameters of satellite systems and the satel-
lite signal itself. Still, it is important to notice that meteoro-
logical conditions in any area of aviation should not be
underestimated due to their wide impact—the use of a GPS
system entails the necessity to correct errors in determining
the position caused by atmosphere or signal reflection.

It was found that the reasons for the limited operational
use of satellite systems can be found in technical, organiza-
tional, or administrative aspects. Those connected with satel-
lite communication require very precise legal regulations and
international cooperation. Others, of a technical nature,
occur in the form of errors or signal interference. Interna-
tional law is another aspect affecting satellite activity. In addi-
tion, the literature on the subject indicates that the evolution
of satellite systems will include, among others, better protec-
tion of the signal against intrusive interference with its struc-
ture, more attention to tropospheric and ionospheric delay,
advanced work on legal regulations improving the imple-
mentation of satellite navigation systems in civil aviation,
and adaptation of aircraft fleet to receive satellite signals.

0

0.2

0.4

0.6

0.8

1

0 1 2 3 4 5 6 7 8 9 10 11

Pr
ot

ec
tio

n 
le

ve
l

Number of samples
Real
Predicted

Figure 4: Comparison of the forecast and actual protection level of the signal.
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Usually, for analysis of phenomena related to the satel-
lite signal used for operational use in civil aviation, the
model research is used. Experimenting on a real air oper-
ation can lead to dramatic effects. Therefore, numerous
attempts were made to study signal interference and pro-
cesses occurring in satellite systems during operation that
have a potential impact on its reception. Models of artifi-
cial neural networks for the prediction of satellite signal
parameters have been developed in this article. The publi-
cation includes, among others,

(i) design of artificial neural network models for the
undertaken research problem

(ii) implementation of models in the MATLAB Neural
Network Tool environment

(iii) analysis of test results

(iv) comparison of model results with real data

The results allow to state that it is possible to forecast
values of satellite navigation signal parameters used in air
transport thanks to artificial neural networks. The verification
of models through the comparison of the results with the real
data also contributed to this. The authors of numerous scien-
tific publications have proved that neural networks optimally
work as a tool for modeling values of various parameters and,
what is more, also for their forecasting. The necessary, ade-
quate amount of data is a prerequisite for their use. In fact,
ANN already have their application in the field of satellite sys-
tems [4, 6, 18, 22]; they are also a popular and valuable tool in
the research on other phenomena occurring in air traffic,
especially during aircraft takeoff and landing operations.
Undoubtedly, their advantage is the possibility of predicting
phenomena and its graphic visualization in comparison to
real data. Positive verification of models and leaving the pos-
sibility of extending them generate the prospect of conducting
further research, including, for example:

(i) extension of ANN models with new input variables

(ii) creating an online application dedicated to users,
displaying the values of satellite signal parameters
in real time along with a predefined prediction, for
example, for the next two hours, taking into account
all available data on signal-interfering factors

(iii) provision of signal forecast data via a dedicated
application for general aviation users and VFR
(visual flight rules) operators

(iv) creating an application for an unmanned aircraft
that automatically determines the choice of naviga-
tion technique

(v) enabling dense aggregation of data (e.g., within every
minute) from satellite signal parameters and atmo-
spheric conditions by building a reference station
with an adapted database and data storage, which
will facilitate the creation of a model with more pre-
cise forecast

Data Availability

The measurements of EGNOS parameters used to support
the findings of this study are available from the correspond-
ing author upon request.
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