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Abstract—The construction of an intelligent training system for helicopter pilots is under consideration.
In the article the structural scheme of the simulator is developed, which includes the intellectual part that
implements the process of selection of pilots, the adaptation of training assignments to the individual
characteristics of the pilots, with the calculation of optimal training times and the number of repetitions
of tasks, with the goal of forming stable helicopter control skills and knowledge control. Creation of tasks
is carried out based on the usage of knowledge bases. As intellectual elements, artificial neural networks
are used, in particular, a multi-layer perseptron and a Kohonen networks. The learning algorithm for
Kohonen networks is given. To calculate the optimal training time and the number of repetitions of
individual skills, mathematical models of the learning process have been developed.

Index Terms—Simulator training; intelligent system; artificial neural network; knowledge base.

I. INTRODUCTION

The training of helicopter pilots on an aircraft
simulator is one of the most important elements for
ensuring the safe operation of a helicopter. It allows
minimizing the negative impact of the human factor,
that is reduce the possibility of erroneous actions of
the helicopter crew. Practice on the simulator is a
specific stage in the training of future pilots. In
general, the helicopter simulator is a specialized
complex of technical facilities, modeling the process
of piloting in terrestrial conditions with a high level
of similarity. The simulator is a universal means of
ground preparation of the flight crew and serves to
solve the following tasks:

— familiarization with the activities of the
controls of the aircraft and its systems;

— training skills performing in assessing the
situation and making decisions in special cases and
during performance of tactical tasks;

— the development of operational skills in
special cases in flight;

— working out of actions by controls on
elements of flight assignments;

— automated setting of tasks for the flight shift;

— pilots self-training;

— group control of readiness for the flight task;

— the individual analysis of flights and in the
composition of the flight group [6].

Training of pilots on the simulator will allow in
optimal terms:

— to improve the quality of skills mastering at
the given time of training due to the optimal
distribution of time between them;

— to reduce, at a given level of mastering the
necessary skills, the total time of training by
determining the sequence of mastering in step-by-
step or parallel learning. As preliminary estimates
show, the total training time can be reduced by 10 —
20%, and hence the cost of training [4].

Further increase in the effectiveness of simulator
training can be achieved through the use of an
intelligent system in its structure that ensures a
qualitative preliminary selection of trainees, the
adaptation of educational material to the individual
characteristics of the pilot with the calculation of the
optimal training time and the number of repetitions
of individual operations for the formation of
sustainable skills [5].

II. PROBLEM STATEMENT

The proposed intelligent system of a simulator
consists of two bases of knowledge, three artificial
neural networks (ANN), and of a database (Fig. 1).

At the beginning of preliminary selection a pilot
performs initial set of tasks, formed by an instructor.
His results send into ANN 2 for estimation and next
task selecting from the knowledge base 2 and
download into the database.

Preliminary selection results fill the database
which is used for simulator training. The results
form the level of the pilot. ANN 1 estimates the
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testing results from the database and forms the next
tasks using the knowledge base 1 content. The
results also send into database. ANN 3 performs the
pilots estimation using the data from sensors of the
simulator.

As an intelligent system of the simulator is
proposed the use of an artificial neural network. It is
necessary to select a suitable neuron network and
train it.

Intelligent System

Knowledge

Knowledge 1
Base 2 | Pilot

Base 1

Evaluation
of Pilots
Training
Results

Database

Fig. 1. Structural scheme of intelligent system
of simulator

III. PROBLEM SOLUTION

One of the modern and flexible to learn is the
neural network of Kohonen (Fig. 2). In its
architecture, it is more suitable for processing the
results of performing tasks on the simulator, since in
such a network all objects are classified, and
represented as a certain vector that feeds the input of
the neural network [2]. In addition, Kohonen
networks can be used to reduce the size of data with
minimal loss of information. In the architecture
under consideration, the signal propagates from the
inputs to the outputs in the forward direction. The
structure of the neural network contains a single
layer of neurons (the Kohonen layer) without bias
coefficients. The total number of weighting factors
is calculated as the product:

N, = MK.

The number of neurons is equal to the number of
clusters, among which there is an initial distribution
and subsequent redistribution of training examples.
The number of input variables of the neural network
is equal to the number of features that characterize
the object of study and on the basis of which there is

the assignment of it to one of the clusters. It is
necessary to distinguish the self-learning and self-
organization of the Kohonen neural network. In
normal self-learning, the network has a strictly fixed
structure, that is, the number of neurons that does
not change throughout the life cycle. In self-
organization, the network, on the other hand, does
not have a constant structure. Depending on the
distance found to the winner-neuron, either this
neuron is used to cluster the example, or a new
cluster with the corresponding weight coefficients is
created for the example submitted to the inputs. In
addition, in the process of self-organization of the
Kohonen network structure, individual neurons can
be excluded from it.

Dy

Dy

Fig. 2. General structure of the Kohonen neural network

Normalization of input variables is performed
within [-1, 1] or [0, 1].

For the life cycle of neural networks of this
architecture, three main stages of the life cycle are
characteristic: training, cluster analysis and practical
use [1].

The Kohonen network learning algorithm
includes stages whose composition depends on the
type of structure: a constant (self-learning network)
or a variable (self-organizing network). For self-
study, the following are consistently performed.

1) Specitying the network structure (the number
of neurons in the Kohonen layer) (K).

2) Random initialization of weights by values
satisfying one of the following restrictions:

— when the initial sample is normalized within
[-1, 1]:

— when the initial sample is normalized within
[0, 1]:
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where M is the number of input network variables —
characteristic features of the object of investigation.
3) Submission of the random learning example of
the current learning epoch to the network inputs and
calculation of the Euclidean distances from the input
vector to the centers of all clusters:

R, = /Z(fc,. —w, )’

4) By the smallest of the values of R;, the neuron-
winner j, which is closest in values with the input
vector, is chosen. For the selected neuron (and only
for it), correction of the weight coefficients is
performed:

Wl;qﬂ) — W;w +v(x,. _Wl;q))’
where v is the coefficient of training speed.

5) The cycle is repeated from step 3 until one or
more end conditions are fulfilled:

— exhausted the given limiting number of
learning epochs;

— was no significant change in the weight
coefficients within the specified accuracy during the
last era of training;

— exhausted the given limiting physical time of
training.

The rate of learning progress can be set constant
from the limits (0, 1] or a variable value, gradually
decreasing from epoch to epoch.

In the case of self-organization of the Kohonen
network, the algorithm undergoes certain changes.

1) The critical distance R, 1is assigned,
corresponding to the maximum allowable Euclidean
distance between the inputs of the example and the
weights of the winner neuron. The initial structure
does not contain neurons. When the very first
example of the training sample is applied to the
network inputs, a first neuron with weight
coefficients equal to the input values is created.

2) On the network inputs are supplied with a
randomly selected new current epoch example
training calculated Euclidean distances from
Example center of each cluster of relation (3) is
determined and the winning neuron with the lowest
of them Rpin.

3) If condition R, <= R. the weighting
coefficients of the corresponding winner neuron are
corrected by the relation (4), otherwise a new neuron
is added to the network structure, the weights of
which are taken numerically equal to the input
values of the given example.

4) The procedure is repeated from point 2. If
during the last era of learning any clusters remain
unoccupied, the corresponding neurons are excluded
from the structure of the Kohonen network.

5) Calculations terminate if one of the conditions
prescribed in the self-learning algorithm of a
network of a fixed structure is met.

Another modification of the algorithms of self-
learning and self-organization involves the
correction of the weight coefficients of not only the
neuron-winner, but also all other neurons. To do
this, use the learning rate coefficient, which
decreases with increasing distance to the center of
the cluster R;:

] I e b

where R.; is the critical value of the distance: the
smaller it is, the more significant will be the
adjustments to the weights of the clusters closest to
the training example and are practically insignificant
— weights more or less remote from it; B is the
parameter that sets the degree of influence of
nonlinearity on the distance speed ratio; v, is the
basic (maximum possible) value of the speed
coefficient at the current learning epoch.

As a value R, you can calculate the average
distance for each cluster at the current presentation
of the training example. The parameter p is
recommended to be chosen equal to 3.0 + 0.5.

As a rule, in practice, using the self-organization
of Kohonen's neural network, one has to deal with
one more problem. On the one hand, some clusters
may contain too few examples, which leads to
difficulties in the subsequent generalization of
information. On the other hand, some clusters may
be too large, that is, contain many examples. In this
case, in order to regulate the size of the cluster and
solve the problem of its overflow, you can specify as
an additional parameter the limiting number of
examples that form the cluster (N.). If, at some
point, it turns out that the new example should be
assigned to a cluster that is already maximized, a
decision is made to create another cluster, the center
of which will be a vector of variables of one of the
(Neg+ 1) examples of the cluster (including the new
one) of the cluster most remote from the center [7].

A cluster analysis procedure is used for the trained
neural network — a procedure for describing the
properties of a cluster on the basis of an analysis of
the quantitative and qualitative composition of the
examples that formed it. It should be borne in mind
that the description of clusters can be based not only
on the values of the input variables of the training



92 ISSN 1990-5548 Electronics and Control Systems 2017. N4(54): 89-94

sample, but also on the values of variables that did not
participate in the formation of clusters. In particular,
the description can include data on the average values
of such variables among all the examples that formed
the cluster. In addition, it is advisable for each cluster
to have data on the root-mean-square deviation or
dispersion for each variable.

In practical use of the Kohonen neural network, a
new example is submitted to its input and refers to
one of the existing clusters, or it is concluded that
such a reference is impossible (for a large distance to
the center of the nearest cluster). If the selection of
the cluster was completed, its description, obtained
as a result of the cluster analysis, and the decisions
corresponding to the cluster should be distributed
including the submitted example [3].

The practical use of the Kohonen network is
facilitated by visualizing the results of clustering. As
a result of self-learning (self-organization) of the
network, a set of clusters is obtained, each of which
is characterized by its center (the values of the
weight coefficients of the corresponding neuron) and
the number of training examples that formed it. It is
easy to determine the Euclidean distance between
the centers of all possible pairs of clusters and
graphically represent them on the so-called Kohonen
map — a two-dimensional graphical structure that
allows us to judge not only the size and position of
each cluster, but also the proximity and mutual
arrangement individual clusters.

The number of neurons in the input layer is
determined by the number of components of this
input vector, and the number of outputs is
determined by the number of classes, but it is
possible that several neurons belong to the same
class. Weight coefficients are objects of the same
type as the input data. Next, we introduce the
distance function between objects of a given type, in
our case, this is the Levenshtein distance. The
Kohonen neural network is used in the classical
form, but the calculation of the Levenshtein distance
is modified to solve a specific problem [9].

IV. RESULTS

A result of work of Kohonen neural network is the
classification of all trained pilots (20 pilots in our
case) into 3 groups according to their training results.

The group of pilots with high academic
performance have the following training results:

A Cluster number —1;

Cluster size — 5;

Average training effectiveness — 0.86;

Average probability of making an error — 0.05;

Average general rating — 0.9.

The group of pilots with intermediate academic
performance have the following training results:

A cluster number —2;

Cluster size — 9;

Average training effectiveness — 0.71;

Average probability of making an error — 0.09;

Average general rating — 0.76.

The group of pilots with low academic
performance have the following training results:

A cluster number —3;

Cluster size — 6;

Average training effectiveness — 0.64;

Average probability of making an error — 0.14;

Average general rating — 0.68.

V. CONCLUSION

In this article, a method for solving the problem
of an intelligent system for the preliminary selection
of helicopter-trained drills on a simulator is
considered. Particular attention should be paid to the
model of fuzzy estimation using neural networks,
since the use of neural networks provides a
fundamentally new approach to solving the
problems of testing and controlling knowledge. By
the way, the use of neural networks is suitable for
analyzing the execution of tasks on the simulator.
This can maximize the assessment of knowledge and
skills by the intellectual system to the conclusions
that the instructor makes when verifying the
performance of a practical task.
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B. M. Cunernasos, B. O. I'tyxoB. IHTe/IeKTyanbHa cucTeMa HABYAHHS MJIOTIB reJikonTepiB Ha TpeHaxKepi
PosrisamaeThes moOymoBa iHTEIEKTYaaIbHOI CHCTEMHU HaBYaHHS MIJIOTIB T'elikonTepiB. B cTtaTTi po3pobiieHa CTpyKTypHA
cXeMa TpeHakepa, W0 BKJIIOYAE IHTEJEKTyalbHY YacTHHY, sKa peali3ye IpoLec Bif0OpYy MiIOTIB, aJamnTaiilo
HaBYaAIBHUX 33/1a4 JI0 iHAWBIyaIbHUX OCOOIMBOCTEH MIJIOTIB 3 PO3PaxXyHKOM ONTHMAIIbHUX 3HAYEHb 4acy IMiArOTOBKU
Ta KUIBKOCTI MOBTOPIOBAaHb 3aBlaHb, 3 METOK (POPMYBAaHHs CTIHKMX HABHYOK KEPYBAHHS TeJIKONTEPOM, a TaKOX
KOHTpoJieM 3HaHb. (DOpMyBaHHs 3aBJaHb 3JIHCHIOETBCS Ha TIJICTaBi BUKOpUCTaHHs 0a3u 3HaHb. B sKocTi
IHTEJIEeKTYyalIbHUX EJIEMEHTIB BUKOPHUCTOBYIOTHCS INTYYHI HEWPOHHI MEpexi, 30Kpema, OaraTomapoBUil MepCcenTpoH i
Mmepexi Koxonena. HaBenenuii anroput™ HaBuaHHs Mepexx Koxonena. J[7st po3paxyHKy ONTUMAIBHOTO 4acy HaBUaHHS
Ta KUIBKOCTI MOBTOPEHh OKPEMHX HABUUOK, PO3POOJIEHI MAaTEMaTHYHI MOJIEN ITPOLIECY HaBYaHHS.

Karo4oBi ciioBa: HaBYaHHS Ha TpEHaXKepi; IHTENEKTyalIbHA CHCTeMa; IITyYHa HEHPOHHA Mepexa; 0a3a 3HaHb.
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B. M. Cuneraa3zos, B. O. I'nyxoB. UHTeIeKkTyajibHAas cUCcTeMAa 00y4eHHs MMJI0TOB BEPTOJIETOB HA TPeHaxKepe
PaccmaTpuBaeTcsl OCTpOCHUE MHTEIUIEKTYalIbHOH CHUCTEMBbI OOy4YeHHUs] MUJIOTOB BEPTOJIETOB. B craThe paszpaboTaHa
CTPYKTypHasi CXeMa TpEeHa)kepa, BKIIIOYAIOIIEr0 HHTEJUIEKTYaJIbHYI0 YacTh, KOTOpas peaju3yeT Ipolecc ordopa
MMUWJIOTOB, AJaNTaIlMi0 yYeOHBIX 3aJaHWil K WHIUBUAYAJIbHBIM OCOOCHHOCTSAM IMJIOTOB C PacCueTOM ONTUMAIbHBIX
3HAYCHUH BPEMCHU IOJTOTOBKU M KOJMYECTBA MOBTOPCHUN 3aaHHM, C IENbI0 ()OPMUPOBAHUS YCTOWUYHMBBIX HABBIKOB
yIpaBJICHUs. BEPTOJICTOM, a TAaKKe KOHTPOJEM 3HaHui. DPOpMHpOBaHHE 3aJaHHi OCYIIECTBIACTCS HAa OCHOBAHUU
WCIONB30BaHus 0a3 3HaHWH. B KauecTBe MHTEIUIEKTYaJIbHBIX JJIEMEHTOB HCIIOIB3YIOTCS MCKYCCTBCHHBIC HEHPOHHBIC
CEeTH, B YaCTHOCTH, MHOTOCJIOWHBIN TIepcenTpoH U ceTh KoxoHeHa.
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