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Abstract

The article deals with mathematical modeling of the aircraft landing phase using artificial
neural networks. The network was determined based on the data recorded by an aircraft’s
quick access recorder. Networks were developed for each flight under review, which
resulted from the different durations of this flight phase. It presents the accuracy results
of representation across a flight simulation network. It was analyzed how the structure
of the neural network affects the quantitative and qualitative accuracy of the actual flight
representation.

The determined networks will provide a basis for working out a model, among others,
for simulation tests of air traffic and flight evaluation. General conclusions about neural
networks and basic ones regarding their practical use were formulated.

1. Introduction

In the recent years, an extremely strong growth can be observed in all fields of
aviation [1], [2]. The growing number of flights, flying personnel, and new types
of aircraft imposes the use of new technologies to meet safety and transportation
economics requirements [7], [13]-[16]. Simulation test models based on mathe-
matical models with a high accuracy of the reality representation are employed in
these fields [3], [7]. The high representation accuracy enables to use the results
of tests (experiments) conducted on real objects, and subsequently include them
in modeling. For aviation, this can be, among other things, flight data recording.
In this context, it should be stressed that this approach was used by aircraft flight
dynamics models developed for use in training simulators [8]-[9]. One of such
techniques which has been adapted for aviation purposes is the use of artificial
neuronal networks (NNs) [10]. This technique uses simultaneous data processing
algorithms which are structured and operate similar to the neural structures of hu-
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man cells, especially the brain. Although due to many simplifications they cannot
replace it, these structures are used in many fields, such as diagnostics, forecasting,
optimization, and control. Provided with appropriate mechanisms, they are able to
analyze the presented mathematical models on their own. The efficiency of NNs
will be evaluated through experiments assessing the network’s ability to simulate
the aircraft flight speed during the landing phase. The landing phase is subject
to certain procedures; it also depends on various weather conditions and assumed
aircraft performance.

If the thesis that neural networks are useful should prove to be true, then a
package of efficient tools could be created for designing, economic analysis or as a
part of task completion checks, both at the training stage and thereafter, during the
routine work of flying personnel.

In addition to many advantages, artificial neural networks also show certain
drawbacks, among which an important one is the high specialization of the network.
This means that every network structure and learning model match only one type of
task for which solutions have been designed. The essence of the article is to define
a mathematical model consisting of an artificial neural network to be used, among
other things, for simulation tests of the aircraft landing phase.

2. Neural Model

In [17] presents mathematical and computer modeling of aircraft landing phases.
Flight recording data (quick access recorder) of aircraft landing performance and
computer identification methods were used for this purpose [8], [11], and [19]. Of
particular interest was an aircraft flight speed model in the function of time t, seg-
ment s, flight speed in previous instants, and values t* and ts called pseudo-signals. A
segment is understood to be the flight stage at which a specific aircraft configuration
exists (extended/retracted landing gear, flap position, flight speed range, etc.).

In this article, the input signals of the artificial neural network are t, s, vi_p,
vi_1, represented in the form of vector x;(1) — Figure 1, index i — means ith time

instant
T

X; =4, si, Vi, Vi1l ey
The output signal is the flight speed in instant v;. Unlike in model [17], there
are no pseudo-signals t> and ts in the input signals. In this article, nonlinearities
representing these signals are included in the model of artificial neural networks
using hidden layers. The block model of aircraft landing [4] is shown in Figure 1.

The (Norm.) block shown in Figure 1 normalizes inputs x; and outputs v;. The
normalization applies to N data from flight data recording. Then, a neural network
is determined for the normalized signals. Once the neural network is defined, di-
mensional values are calculated for the normalized signals (Dimens. value transl.
block). The neural network applied is shown in Figure 2 [6].
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Fig. 1. Block diagram of the aircraft landing model
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Fig. 2. Artificial neural network of the aircraft landing phase

In the neural network discussed, the neuron was used as shown in Figure 3, i.e.
for the Ith neuron.

In the neuron applied, the output signal from the Ith neuron is the total of
constant s; and scalar of vector x, (I, I) and w(/,1).

The output signal from neuron y; in question is defined as follows:

yv = x50, Dwd 1) + s 2)

where:
— vector of input signals;
— vector of weights;

51 = [Xll’ X215 wees XH]
T
w (I’ 1) = [W]]’ Wor, ooy Wll]

3)
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Fig. 3. Ith neuron of the network in Figure 2

The development of the network consists in determining the weights wy and con-
stants s; that are described above using flight recording data. The criterion defining
the said weights and constants is the minimization of the sum of the differential
squares of output signals form the network and experiment.

JETNET 2.0 software was used to develop the artificial neural network (i.e. de-
termine the constants and weights described above). The network learning software
uses the algorithm of instantaneous reverse error propagation method [5], [6], [20].
The control variables of the above algorithm are learning constant o (allowable
error increase) and momentum 1) (parameter to prevent the local minimum of the
purpose function from being assumed as a global minimum).

The program enables to select various forms of activation function F (Figure
3). To develop the landing phase model, the following activation function was used:

1

- I +exp(-2yL) “)

N

The representation accuracy is evaluated using:
— the sum of the differential squares between the values from the model (YinN)
and actual object (yirear) for the ith measurement (experiment)

N
1
2 = — 2
XAVG_ N ;Xl (5)
Xi = (YiNN— YiREAL)
— number /p of positive events, i.e. which fulfill the condition:
(Yinn—YireaL)” < € (6)

where € is an arbitrarily determined value.
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Another step in evaluating the representation accuracy of the actual performance
data is to test the network. The testing involves the comparison of the input and
output network signals that have not been used for network learning. One-fifth to
one-third of the whole set of experimental data is used for this purpose.

3. Modeling Results

This section presents the results of mathematical modeling that uses an artificial
neural network of the Embryer 170 aircraft’s landing phase [4], [12]. According
to the technical specifications of this aircraft, the landing phase consists of six
segments, which are described in [17]. The further steps to compile data needed to
determine an artificial neural network (teach a neural network) are similar to those
in the mathematical modeling using computer identification methods [19].

Table 1 shows the results of the mathematical modeling of the aircraft landing
phase using an artificial neural network. The table provides an assessment of how
accurately the artificial neural network model represents the actual flight speed data
during landing. These results were presented for the inputs represented by vector
(1) and various structures of the neuronal structure, i.e. the number of hidden layers
and that of neurons in such layers. The neuronal network’s output is the normalized
flight speed described above.

Table 1
Evaluation of how accurately the ANN with various structures represents the actual landing
phase
Neurons in Number of
ANN No. | Input Hidden Layers | Output Positive Events ave
1 2 1, [%]
1 4 2 0 1 96.8 0.85490 107°
2 4 3 0 1 98.8 0.48343 10°
3 4 4 0 1 100 0.65367 107°
4 4 5 0 1 100 0.38917 10°7°
5 4 6 0 1 100 0.47192 1073
6 4 2 2 1 96 0.99844 107
7 4 3 2 1 96 0.10610 1072
8 4 4 2 1 96.8 0.84687 107
9 4 5 2 1 96.4 0.93394 10°
10 4 2 4 1 96.4 0.92893 107*
11 4 3 4 1 97.6 0.64125 107
12 4 4 4 1 97.2 0.68621 107°
13 4 5 4 1 97.2 0.70582 107*

The results presented for the network structures numbered 3, 4, and 5 show
100% of positive events. Network structure 451 (4 inputs, 1 hidden layer with 5
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neurons, 1 output) returns the lowest value of XiVG' Using more than one layer
does not make sense. This is visible for network structure 4321, where the lowest
numbers of positive events and X/ZWG are obtained.

Figure 4 presents values X%WG obtained for various network structures. It is a
graphic representation of the results shown in Table 1.

Table 2
Effect of the momentum 1 and learning constant o on how accurately the model represents the
actual landing

" n | Input Hgﬁ;::;i ;:rs Output Numb(;;‘vgfl tls’osmve A
1, [%]
0.04 | 0.2 4 5 1 100 0.39799 107
0.04 | 0.3 4 5 1 100 0.39504 1073
0.04 | 04 4 5 1 100 0.39198 1073
0.04 | 0.5 4 5 1 100 0.38855 1073
0.04 | 0.6 4 5 1 100 0.38419 1073
0.04 | 0.7 4 5 1 100 0.37901 1073
0.04 | 0.8 4 5 1 100 0.37101 1073
0.04 | 0.9 4 5 1 100 0.43866 107
0.05 | 0.2 4 5 1 100 0.39852 1073
0.05 | 0.3 4 5 1 100 0.39789 107
0.05 | 04 4 5 1 100 0.39535 1073
0.05 | 0.5 4 5 1 100 0.38917 1073
0.05 | 0.6 4 5 1 100 0.38005 1073
0.05 | 0.7 4 5 1 100 0.37175 1073
0.05 | 0.8 4 5 1 100 0.36702 1073
0.05 | 0.9 4 5 1 98.4 0.49942 1073
0.06 | 0.2 4 5 1 100 0.40712 1073
0.06 | 0.3 4 5 1 100 0.40738 1073
0.06 | 0.4 4 5 1 100 0.39935 1073
0.06 | 0.5 4 5 1 100 0.38642 1073
0.06 | 0.6 4 5 1 100 0.37357 107
0.06 | 0.7 4 5 1 100 0.36901 1073
0.06 | 0.8 4 5 1 100 0.36999 1073
0.06 | 0.9 4 5 1 100 0.49900 1073

The tests determined the effect of momentum m and learning constant o on
the accuracy of the network’s representation of the actual speed during landing. It
appears from the results presented as a percentage of positive events and values
xiVG that the most favorable values of the said parameters are obtained when
o = approx. 0.05 and momentum 1 = approx. 0.05.
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Fig. 4. Effect of the network structure on Yy

Figure 5 shows values ¥4y (5) in individual time instants. The landing time
is 250 sec., and from 144 sec. the aircraft moves along the runway with intensive
braking. The Xiz performance indicates that the artificial neural network reflects the
actual flight very well until approx. 150 sec., i.e. until the touchdown. For the
movement along the runway, the representation is worse. Nevertheless, this cannot
be deemed to be a misrepresentation of the actual flight because average deviation

lx] between the speeds recorded during flight and those derived from the network is
approx. 0.03.
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Fig. 5. Values %’ (5) in the function of landing phase duration
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Fig. 6. Learning process in various ANN structures

The learning process in various network structures is shown in Figure 6.

It appears from the figure that the network is learnt from 4 10° iterations. You
can see here that the assumed network structure hardly affects the network learning
process. The descriptions given in the figure, e.g. 451, mean a network with four
inputs, one hidden layer with five neurons, and one output.

In tests of how accurately the network represents the actual processes, it is
interesting to compare the speed data recorded during the experiment with that
derived from the neural network. Such results are shown in Figure 7.

02 1 ! 1 I 1 1 I 1

Fig. 7. Comparison of the aircraft landing speed recorded during flight and that derived from the
neural network
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You can see here that until 150 sec. there is barely any difference between the
speed data discussed above. After 150 sec., the representation accuracy deteriorates.
This is the flight stage with intensive braking on the runway. As already noted before,
the differences between such data do not disqualify the assumed model.

4. Summary

The results obtained for the quality of the neural mode’s representation of the
actual landing can be considered satisfactory. Hence, the neural network can be used
for aircraft flight modeling. The resultant model can be used, therefore, to develop a
simulation model for air traffic tests and training simulators. This modeling method
can be found to be inconvenient, as much effort is required to compile data needed
to develop a network, which results from the peculiarity of flight data recording.

Acknowledgement

Authors would like to acknowledge the Polish Ministry of Science and Higher
Education for the financial support of research in the frame of project number
N 509 57 43 39.

References

1. Aneks 14 — ICAO - Aerodromes volume aerodrome design and operations. Wydanie 4, 2004.

2. Aerodata EU — OPS Regulatory Compliance Statement. Wydawnictwo AeroData, Inc., Scottsdale
2008.

3. Choromanski W.: Symulacja i optymalizacja w dynamice pojazdéw szynowych. Prace Naukowe
Politechniki Warszawskiej — Transport z. 42, OW PW, Warszawa 1999.

4. ERJ170 Airplane Flight Manual. Wydawnictwo Empresa Brasileira de Aeronautica S.A., 2004.

5. Eykhoff P.: Identyfikacja w uktadach dynamicznych. PWM, Warszawa 1980.

6. Loénnblad L., Peterson C., Régnvaldsson T.: Pattern recognition in high physics with artificial
neutral networks — JETNET 2.0. Computer Physics Communications 70 (1992), Elsevier Science
Publisher, pp. 167-182.

7. Malarski M.: Inzynieria ruchu lotniczego, OWPW, Warszawa, 2006.

8. Manerowski J.: Identyfikacja modeli dynamiki ruchu sterowanych obiektéw latajacych. Wydawnic-
two Naukowe Askon, Warszawa 1999.

9. Manerowski J.: Modeling of aircraft dynamics using maneuverability characteristics, “Recent
research and design progress in aeronautical engineering and its influence on education”. Biul. 6,
PW Wydz. MEiL 1997, pp. 242-246.

10. Manerowski J., Sibilski K., Zgrzywa F.: A neural model of coefficient of forces and moments of
aerodynamic forces for a turboprop aircraft. AIAA-2006-6281.

11. Manczak K.: Metody identyfikacji wielowymiarowych obiektéw sterowania. WNT, Warszawa
1983.

12. Procedura B, PL 8168. Operacje Statkéw Powietrznych, tom 1.

13. Stelmach A.: Identification of the mathematical model representing the operation of an aircraft’s
take-off with use of parameters recorded by the board exploitation flight recorder, 13th EWGT
Conference, CD, Padova 2009.



258 Anna Stelmach

14.

15.

16.

17.

18.

19.

20.

Stelmach A.: Metoda oceny procesu obstugi ruchu lotniczego w rejonie lotniska. Praca doktorska,
WTPW, Warszawa 2005.

Stelmach A.: Ocena rozwiazafi organizacji ruchu w rejonie lotniska metoda symulacyjng. Analiza
systemowa w globalnej gospodarce opartej na wiedzy: e- wyzwania, pod redakcja E. Urbariczyka,
A. Straszaka, J. Owsinskiego, Akademicka Oficyna Wydawnicza EXIT, str. 267-276, Warszawa
2006.

Stelmach A.: Ruch lotniczy w rejonie lotniska — metody analizy i oceny. Prace Naukowe Politech-
niki Radomskiej Transport z. 2 (20), Wydawnictwo ITE, str. 505-510, Radom 2004.

Stelmach A.: Modeling of the selected aircraft flight phases using data from Flight Data Recorder,
“Archives of Transport”, VOL. XXIII, NO 4, p. 541-555, Warszawa 2011.

Stelmach A., Beuth K.: Identyfikacja modelu matematycznego operacji startu samolotu, Prace
Naukowe seria Transport z. 69, OW PW, Warszawa 2009.

Stelmach A., Manerowski J.: Identyfikacja modelu matematycznego operacji ladowania samolotu.
Czasopismo Logistyka, nr 4/2011, CD, Poznan 2011.

Tadeusiewicz R.: Sieci neuronowe, Akademicka Oficyna Wydawnicza, Krakéw 1993.



