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The basic problem of automotive brakes operation is the decreasing of
their performance at elevated temperatures in the contact of friction pair
(brake disc and brake pad). Increasing of the brake interface temperature
often causes decreasing of braking torque during a braking cycle. In order
to provide the stable level of braking torque during a braking cycle, the
neural network based optimization model of the disc brake performance
has been developed. The dynamic neural networks have been employed for
modelling of complex synergy of tribological phenomena that affects the
final disc brake performance at elevated temperatures. The dynamic
optimization neural network model of disc brake performance at elevated
temperatures has been developed using recurrent neural networks. It
predicts the braking torque versus the dynamic change of the brake
actuation pressure, sliding speed and the brake interface temperature in a
braking cycle. Genetic algorithms were integrated with the neural network
model for optimization of the brake actuation pressure in order to obtain
the desired level of braking torque. This hybrid, neuro-genetic model was
successfully used in optimization of the brake hydraulic pressure level
needed to achieve the maximum and stable brake performance during a
braking cycle.

Keywords: neural networks, genetic algorithms, optimization, disc brakes,

brake performance.

1. INTRODUCTION

Non-linear systems or systems whose behaviour
depends on their current state are just some of the many
systems that need modelling and optimization [1]. In
that sense, automotive braking system represents the
most important system of motor vehicles that has these
characteristics. According to [2,3], the main purpose of
automotive braking systems is to control braking
torques applied to the wheels, allowing a vehicle to
decelerate in an optimum manner while maintaining
directional stability during maneuvers. In particular, the
demands imposed on a braking system, over a wide
range of operating conditions, are complex. The brakes
are supposed to provide high and stable values of
braking torque over different brake operating conditions
determined by synergistic influence of actuation
pressure and/or sliding speed and/or brake interface
temperature. The brake interface temperature has a
strong influence on the final brake performance since
the high temperature levels could cause deterioration of
braking torque, and in turn prolonged braking distance.
The brake performance and its temperature sensitivity is
an issue that should be better control in terms of
providing stabilization and maximization of the brake
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performance for the current braking regimes.

Regarding modern automotive brakes, as well as
maximum speeds of today’s vehicles, the extreme
demands have been imposed on the friction couple and
its tribological performance [4-7]. One of the most
important braking phenomena is different sensitivity of
braking torque against change of actuation pressure,
sliding speed and brake interface temperature. Besides,
the properties of the friction material play often a
crucial role in driver’s perception of braking
performance, especially at elevated brake interface
temperatures [8-10]. Widespread opinion relates to
drivers, who expect relatively constant level of brake
performance at various braking regimes. Since this is
very important when braking is performed at elevated
brake temperatures, stable braking torque level in such
braking situations during a braking cycle is a very
important issue. The braking torque should remain on
the stable level, during a braking cycle, and maximized
versus change of the speed, pressure and the brake
interface temperature. Due to often and high fluctuation
of the brake performance, especially when braking
torque loss occurs at elevated brake temperatures,
stability of the brake performance is not provided. Such
brake performance is reflected to driver as confusing
feedback of vehicle dynamics and the braking system
performance. That is the main reason why optimization
and dynamic control of the brakes performance in a
braking cycle should be provided. It means that
dynamically changed functional relationship between
the brake actuation pressure, vehicle speed and the
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brake interface temperature, from the one side, and the
braking torque, from the other, should be established.
That functional relationship could be further used for
dynamic control and optimization of the disc brake
performance versus different brake operation conditions
and driver demands.

Due to very complex and highly non-linear
phenomena involved into the braking process, an
analytical model of dynamic change of the brake
performance versus its operation conditions changes are
almost impossible to be obtained [11-13]. This
significantly complicates the process of control of
automotive brakes performance [14,15]. That is why,
intelligent methods should be introduced in modelling,
control, and optimization of highly non-linear processes
[16-18] such as a braking process. An implementation
of artificial intelligence should provide development of
intelligent methods that incorporate adaptation and
learning [19]. In this paper, an intelligent approach to
optimization of the brake performance of a passenger
car was proposed based on synergy of artificial neural
networks and genetic algorithms. Investigation
presented in this paper contributes to the efforts in the
direction of intelligent braking. Thus, the hybrid neuro-
genetic optimization model has been developed that is
able to provide dynamic control and optimization of
braking torque value by adjusting of the brake actuation
pressure according to the influence of the brake
interface temperatrure and sliding speed. Recurrent
neural networks have been used for dynamic modelling
of synergetic influences of the current values of the disc
brake actuation pressure, speed, and brake interface
temperature. Furthermore, genetic algorithms have used
this model for optimizing and adjusting the disc brake
actuation pressure on the level which provides stable
and maximum value of braking torque. The
optimization process has been done according to the
brake pedal travel i.e. the brake actuation pressure
selected by a driver. It could be considered as a new
intelligent way for development of the advance brake
assistance system.

2. EXPERIMENT CONDUCTING

The modelling process of automotive brake
performance is very demanding and difficult due to
dynamic behavior of the braking process. The situation
is additionally complicated if the braking is performed
at elevated temperature in the contact of brake friction
pair. That is why, developing of a dynamic model able
to learn and generalize complex tribological behavior of
the disc brake in dynamic operating conditions is
required to provide preconditions for control of the
brake performance. Considering their functional
properties, layer-recurrent neural networks, as a class of
dynamic neural networks, were employed to achieve
this goal. Developing of a dynamic neural model of disc
brake performance requires training of dynamic neural
networks with data organized as time series. Thus, data
related to brake actuation pressure, sliding speed, brake
interface temperature, and braking torque, were
collected by testing of the brake using a single-end full-
scale inertial dynamometer, see Fig. 1. According to
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fade performance test, appropriate testing methodology
has been established, where the tested disc brake was
applied with actuation pressure of 40 bar while initial
values of sliding speed were 90 km/h. The brake
interface temperature was between 100 - 290°C. The
braking torque was selected to represent output
performance of the disc brake.
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Figure 1. Single—end full-scale inertial dynamometer

Regarding Fig. 1, components of the dynamometer
are: 1 - the electromotor, 2 - reductor, 3 - set of
flywheels for providing of different inertial masses, 4 -
protective cage for flywheels (provide safety), 5 - firmly
jointed brake disc, 6 - brake caliper (fixed part), 7 -
system for measurement of braking torque, 8 - axial
slider for distance setting, and 9 - common foundation
of the inertial dynamometer. The tested disc brake was
designed for mounting on the front axle of passenger car
with static load of 730 kg. Regarding the fade
performance test, the total number of braking cycles that
have been done was 30. Brake actuation pressure,
sliding speed, brake interface temperature, and braking
torque, whose functional dependence was modeled by
recurrent neural networks, were measured by
appropriate pressure, speed, temperature and torque
sensors. All data related to these parameters were
collected with sampling rate of 40 Hz. Brake interface
temperature has been measured by a thermocouple
sensor, with probe that was mounted in the hole (drilled
in the brake pad). An example of change of all
measured parameters during a randomly-chosen braking
cycle is shown in Fig. 2. Due to memory of dynamic
neural networks they can be trained to learn sequential
or time—varying patterns, and that is why changes of
disc brake performance (represented by braking torque)
versus influence of braking conditions (defined by brake
applied pressure, sliding speed and the brake interface
temperature) must be considered as a function of time.
The complexity of change of braking torque during a
braking cycle (see Fig. 2), indicates that development of
dynamic model capable to establish the functional
relationship between parameters with such complex
change, and particularly in dynamic operating
conditions, is not an easy task. In order to be further
used to control the disc brake performance through a
neuro-genetic optimization of the brake actuation
pressure, a dynamic neural model should be able to
learn the nature of change of these measured
parameters. Moreover, it should be able to store the
knowledge about the braking process and exploit
capabilities of recurrent neural networks to use the
history of previous changes of input/output parameters.
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Figure 2. An example - Measured the inputs/output
parameters of a braking cycle

3. RECURRENT NEURAL NETWORK MODELLING

In neural network theory, dynamic neural networks are
generally more powerful than static networks since they
have memory that can remember the past values and
states of the network [20]. The output of the dynamic
network depends on the current input values as well as
on the previous inputs, outputs or states of the network.
This is the reason why the gradient must be computed in
a more complex way compared to static neural
networks. Mitigation is that dynamic neural networks
can be trained using the same learning algorithms that
are used for static networks. In general, dynamic neural
networks can be feed-forward or feedback (recurrent)
networks. Feedback or recurrent neural networks are
built in such way that the outputs of some neurons are
fed back to the same neurons or to neurons in the
preceding layers. In this way, network outputs at a given
instant reflect the current input as well as previous
inputs and outputs that are gradually quenched. In this
paper, the subcategory of dynamic neural networks,
commonly known as the Layer-Recurrent network, has
been employed for dynamic modelling of the disc brake
performance. This type of recurrent neural networks is
characterized by a feedback loop, with a single delay,
around each layer of the network except for the last
(output) layer. This means that the influence of previous
braking torque values on its current value is represented
through feedback connections after each of hidden
layers, known as Layer delay states.

In this paper, 45 different layer-recurrent neural
networks have been investigated against influence of
three training algorithms: Resilient Backpropagation
(RP), Levenberg-Marquardt (LM), and Bayesian
Regularization (BR), respectively. The tansig activation
function has been used between the input and the first
hidden layer, as well as between the hidden layers. The
purelin activation function has been used between the
last hidden and the output layer. The total number of 30
braking cycles have been divided into training and test
data sets (20 braking cycles for training, and 10 braking
cycles for testing of the neural models). Among the total
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number of tested models, the dynamic model based on
the layer-recurrent neural network architecture with one
hidden layer that contains 8 neurons (see Fig. 3) showed
the best prediction performance. This neural model was
trained with Bayesian Regularization algorithm.

Braking
torque

>

Output layer

Hidden layer
(8 neurons) (1 neuron)

Figure 3. Dynamic neural model of disc brake operation
based on Layer-Recurrent network

4. GENETIC ALGORITHM OPTIMIZATION

Genetic algorithms have been used in this paper to
provide optimization capabilities of the developed
dynamic model of disc brake performance. As one of
the popular artificial intelligence methods, genetic
algorithms represent search algorithms based on the
mechanics of natural selection and natural genetics [21].
Until now, they have been used for many optimization
tasks, particularly combined with other techniques of
artificial intelligence, as it is shown in [22,23,24]. The
basic GA optimization cycle is shown in Fig. 4. As it
can be seen, genetic algorithms start with initial
population of random chosen individuals, called
chromosomes, from the design space and search the
input range effectively for required output variables by
means of reproduction, crossover, and mutation
[25,26,27]. In every evolutionary step, known as a
generation, the individuals in the current population are
evaluated according to some predefined quality
criterion, referred to as fitness function, i.e. objective
function [28]. This means that genetic algorithm
repeatedly modifies a population of individual solutions.

Initial Population
create an initial population
of random individuals

|

Population End of GA
Replacement reached?

1No

Fitness Evaluation Fitness Assignment
compute the objective values ==  use the objective values to
of the solution candidates determine fitness values

|

Selection
€ select the fittest individuals
for reproduction

—> END
Yes

Reproduction
create new individuals from
the mating pool by crossover
and mutation

Figure 4. The basic cycle of genetic algorithms

There are three main types of rules which genetic
algorithm uses at each step to create the next generation
from the current population: (i) Selection — selecting of
the individuals, called parents, that contribute to the
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population at the next generation, (ii) Crossover —
combining two parents in order to form children for the
next generation, and (iii) Mutation — applying random
changes to individual parents in order to form children.
At each step, the genetic algorithm selects individuals at
random from the current population to be parents and
uses them to produce the children for the next
generation. As the process continues over successive
generations, the population "evolves" towards an
optimal solution.

In this paper, genetic algorithms were used in
combination with developed dynamic neural model in
order to find the value of the brake actuation pressure,
versus driver demands, for dynamic controlling of
braking torque. An implementation of genetic
algorithms was provided using Genetic Algorithm
solver in the program package Matlab 7.11. Fig. 5
illustrates the flow chart of the hybrid ANN-GA
optimization model developed for that purpose. This
integrated approach to optimization could be
summarized into five main steps: (1) The genetic
algorithm generates an initial population of individuals
for applied brake pressure; (2) After that, the fitness of
each chromosome is evaluated. Also, a fitness value for
each chromosome by the developed recurrent neural
model is assigned; (3) Creating a population for the next
generation by the genetic operations (selection,
crossover and mutation) with the probabilities based on
fitness of the each chromosome is following afterwards;
(4) The genetic algorithm then sends the new child
generation to recurrent neural model as new input
parameter; (5) Finally, calculating of the fitness by
developed recurrent neural model is performed. The last
four steps are repeated until the terminating criterion has
been met. Obviously, thus conceived optimization
process exploits ability of genetic algorithm to optimize
neural network inputs using the trained dynamic neural
model as its fitness function. Regarding Fig. 5, fitness of
each individual is calculated by dynamic neural model
in the each evolutionary step. By simulating the neural
model for dynamic changes of speed and temperature in
a braking cycle, the brake actuation pressure was
optimized also in a dynamic manner, taking into
consideration dynamic changes of the real and target
braking torque values, and such defined nonlinear
constraints. These constraints for fitness function value
were formed based on the simulation model and the
target value of braking torque.

The constraint is defined as a difference between
predicted and target braking torque values. Target
braking torque was defined as a value which provides
stable and/or maximum braking torque during a braking
cycle. By performing a minimization of a difference
between these real and target values of braking torque,
genetic algorithm searches the optimal value of the
brake actuation pressure during a braking cycle. The
main goal is that the difference between real and target
braking torque converges to zero during a series of
successive generations of individuals. As the fitness
function value, over successive generations, approaches
towards the criteria being set, the brake actuation
pressure converges to the optimal one.
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Figure 5. A hybrid neuro-genetic optimization model

5. RESULTS AND DISCUSSION

The diversity and substantial variations of the real
braking torque versus synergistic influence of the brake
actuation pressure, the sliding speed, and brake interface
temperature should be better controlled in order to
simultaneously provide stable and maximum braking
performance. High temperature level at the contact of
the friction couple and consequently changes of
coefficient of the friction are main negative issues of the
brake operation at elevated temperatures. As it is
presented in the paper, we investigated possibilities to
reduce these negative influences on the brake
performance though the neuro-genetic optimization of
the brake actuation pressure. The hybrid approach used
in the paper could enable optimization of the brake
performance against different setting of wanted, i.e.
target brake performance. In that sense, two different
ways for selection of wanted brake performance have
been investigated. The first approach was to find the
brake actuation pressure that provides the maximum
performance of the brake during a braking cycle,
according to the brake real tribological behaviour. The
second approach was to optimize the brake applied
pressure to provide not only the maximum performance
of the brake but also to stabilize the braking torque. It is
important because the first approach eliminate
decreasing of braking torque with speed decreasing in a
braking cycle at elevated temperatures, for example.
That negative effect of the brake operation at elevated
temperatures could be avoided or suppressed by
adjusting, i.e. optimizing of the brake actuation pressure
during a braking cycle.

The dynamic neural model’s prediction of the
braking torque has been verified through a comparison
between the real and predicted braking torque. Figs. 6
and 7 show examples of this comparison for braking
cycles where the brake interface temperature was 203°C
and 285°C, respectively. In both situations, sliding
speed changes between 10-80 km/h, mean maximum
value of the brake actuation pressure was between 40-50
bar, and the real braking torque changes between 350-
550 Nm. As it can be seen, the real braking torque had
intensive oscillations, particularly at the end of braking,
at elevated temperatures (Fig. 7). The model recognized
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how all influencing factors (pressure, speed, and
temperature) affecting the braking torque value during a
braking cycle. Fig. 6 shows that generalization
capabilities of the dynamic neural model were on the
acceptable level. Regarding change of the predicted
braking torque, it was able to deal with large
fluctuations of the brake performance during a braking
cycle.
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Figure 6. Braking torque prediction by the dynamic neural
model (temperature 203°C)

The neural model’s abilities have been further
investigated by analyzing of the situation when the
brake interface temperature was on higher level
(285°C), see Fig. 7. As it was shown in Fig. 6, the real
braking torque constantly decreases for about 200 Nm
to the end of a braking cycle. Compared to the braking
cycle showed in Fig. 6, oscillations of the real braking
torque are more intensive at elevated temperatures (Fig.
7). It is evident from Fig. 7 that the dynamic neural
model showed more sensitivity in the prediction of the
real braking torque changes. This is particularly
important because the dynamic model could be then
used for fine-tuning of the disc brake performance
versus change of speed, pressure, and brake interface
temperature.
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Figure 7. Braking torque prediction by the dynamic neural
model (temperature 285°C)

Fig. 8 shows the optimization process of the brake
actuation pressure versus the real actuation pressure
selected by a driver. According to Fig. 8, the brake
operation conditions, related to synergistic influence of
pressure — speed — temperature in a braking cycle,
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caused variations of braking torque in the wide range.
Mean maximum value of the real brake actuation
pressure was 48 bar for the initial speed of 79 km/h and
the brake interface temperature of 155°C. The minimum
brake performance was obtained at the end of braking
cycle. The maximum braking torque has been decreased
from 580 Nm to 450 Nm, see Fig. 8. Consequently, the
brake can not obtain the same performance in a whole
braking cycle. That is why, value of the braking torque
at the end of braking should be corrected to obtain
stable the brake performance regardless the vehicle
speed and the brake interface temperatures. It is further
important for providing an appropriate the brake pedal
feel.
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Figure 8. Optimization of the brake actuation pressure
(temperature 155°C)

Stabilization and maximization of braking torque
could be done in different ways. In this paper, proposed
optimization process provides stable and at the same
time maximized brake performance in accordance with
the selected target braking torque value (see line target
braking torque in Fig. 8). The brake actuation pressure
was optimized in order to provide target braking torque
versus the pressure selected by the driver and the real
change of the braking torque. Since the proposed
approach provides the dynamic adaptation of the brake
performance in a braking cycle, the wanted brake
performance could be differently defined.

Results of the optimization process are shown in Fig.
8. Line denoted as Actuation pressure (optimized)
represents optimized change of the brake actuation
pressure that should be used for the brake actuation in
order to provide change of braking torque denoted as
target braking torque. It is evident in Fig. 8 that, for the
real brake actuation pressure of 48 bar, the brake should
be activated with the higher pressure whose change was
shown as optimized actuation pressure. It means that the
mean maximum value of the brake actuation pressure
should be increased to 54 bar. According to Fig. 8, the
neuro — genetic optimization model, based on the
dynamic neural model of the brake performance, was
found the optimum change of the brake actuation
pressure during a braking cycle which correcting the
braking torque on the desired level (see predicted
braking torque in Fig. 8). The braking torque change
denoted as predicted represents a simulated change of
braking torque by the dynamic neural model versus
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change of actuation pressure optimized by neuro-genetic
approach.

In order to analyse the braking situation, when the
vehicle braking is performed with higher the brake
interface temperature in the contact of friction pair
(251°C), a braking cycle shown in Fig. 9 has been
investigated. According to Fig. 9, the brake actuation
pressure generated by the driver was 46 bar (real
actuation pressure). The range of real braking torque
variation, for initial speed of 78 km/h, was 200 Nm in
this case. This braking situation, i.e. deterioration of the
brake performance should be avoided because it
provokes longer braking distance and poor the brake
pedal feel. Once again, the minimum braking torque
was obtained near the end of braking cycle, and
maximum braking torque was obtained for sliding speed
of 76 km/h. Obviously, change of the real braking
torque is more complex than in the previous case (see
Fig. 8) when the brake interface temperature was on
lower level. As it was explained in the previous case
(temperature 155°C), the brake actuation pressure has
been optimized to provide stable and at the same time
maximum the brake performance (see target braking
torque in Fig. 9). Changes in the brake actuation
pressure during a braking cycle could suppress or
eliminate a difference in braking torque caused by the
friction pair temperature sensitivity. Increasing of the
brake actuation pressure to 62 bar at the start of braking,
the brake responsiveness has been improved and
braking torque change has been stabilized (Fig. 9, see
line predicted braking torque). This pressure has been
slightly increased to 73 bar during a braking cycle (see
line optimized actuation pressure) in order to correct the
brakes performance at the end of braking cycle in the
sense of their maximization. Furthermore, braking time
and braking distance will be shorted. According to Figs.
8 and 9, the brake performance could be controlled by
correcting, i.e. optimizing the brake pressure selected by
the driver.
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Figure 9. Optimization of the brake actuation pressure
(temperature 251°C)

The situation is very similar in the case of braking
with the brake interface temperature of 296°C, see Fig.
10. In this common braking situation, it is particularly
important to have a stable and maximum performance
during a braking cycle. Using the neuro-genetic
optimization of the brake actuation pressure, the
pressure could not be only increased, as it is a case with
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traditional brake assistance system, but also the brake
performance were better controlled during a braking
cycle. According to Fig. 10, in order to correct the real
brakes performance the neuro-genetic optimization
model has been used for finding the brake actuation
pressure (66 bar) bar at the start of braking, which
providing not only the brake maximum performance but
also stable performance during a braking cycle (see Fig.
10, lines optimized actuation pressure and predicted
braking torque). It caused, see Fig. 10, significant
increasing of braking torque in the last 3 sec of a
braking cycle. Regarding the line predicted braking
torque in Fig. 10, its maximum value (660 Nm) was
obtained after 0.6 sec from the start of braking.
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Figure 10. Optimization of brake actuation pressure
(temperature 296°C)

6. CONCLUSIONS

In this paper, a neuro—genetic approach was used to
investigate  possibilities for  optimization and
improvement of the brake performance during a braking
cycle. The neuro—genetic optimization model of the disc
brake performance has been developed with main goal
to correct the brake performance versus the influence of
the pressure-speed changing during a braking at
elevated temperatures. The model has shown inherent
capabilities to recognize the influences of the pressure,
the speed and the brake interface temperature on a
dynamic change of braking torque. This model
integrated with the genetic algorithms provided
optimization of the brake actuation pressure in order to
bring the brake performance on the wanted level. It was
shown that maximum and stable the brake performance
can be provided by dynamic adaptation of the brake
actuation pressure against the negative effects of the
brake interface temperature increasing.
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HEYPO-TEHETCKA OIITUMHN3ALINJA
IHNEP®OPMAHCH JUCK KOYHHUIIE HA
INOBUIIEHUM TEMIIEPATYPAMA

Besumup huposuh, lyman Cmusbanuh, Iparan
Aunekcenapuh

OcHOBHH Tpo0JeM y paxy KOYHHIIA MOTOPHHX BO3HJIA
je mang BHXOBMX HepopMaHCH Ha IOBHILICHUM
TeMIepaTypama y KOHTaKkTy ()pPUKIHOHOT Iapa KOYHHLE
(kounor gawmcka w amck mouune). IloBehame
TeMIlepaType y KOHTakTy (PUKIHOHOT Iapa KOYHHIE
4eCTO JOBOAM N0 I1a/la BPEJHOCTH MOMEHTa KOYema Y
TOKY HHMKJIyCa KO4Y€mlka, a CaMMM THM M OO0 CMalkbCiba
n3na3Hux rnepdopmaHcu kounune. Jla Om  ce
o0e30enmia cTaOMITHOCT MOMEHTa KOYewma y TOKY
LUKJIyca KOYEHa, Pa3BHjeH je ONTUMM3ALMOHH MOZEN
Ha 0a3y IMHAMHWYKUX BEIITAYKHX HEYPOHCKHX Mpexa.
PasBujern Momen je wucKopHIIhieH 3a MOJCIHpPame

FME Transactions

CIIOKEHUX CHUHEPIUjCKUX YTHUIaja KOjU MHOBOJE JIO
rojaBe TPUOOJIOMKUX EeHOMEHA KOjU YTHYY Ha M3JIa3He
nepdopmance JTUCK KOYHHIIE. JluHaMuuku
ONTHMH3AIIMOHU HEYPOHCKH MOJIell TIep(opMaHCH JUCK
KOYHHIIE je Pa3BUjeH Ha 0a3M PEKypEeHTHHX HEYPOHCKUX
Mpexxa. Monen mnpenaBuha AUHAMHYKY —TMPOMEHY
MOMEHTa KOYeHa Yy 3aBUCHOCTH OJf TPEHYTHHX
BPEAHOCTH MPUTHUCKA aKTHBUpAa KOYHHMIIE, Op3vHE U
TeMeparype y KOHTAaKTy (PUKIMOHOI mapa y TOKY
LOUKIyca  KO4Yewa. [ eHEeTCKM  alNropuT™MH  Cy
WHTETPUCAHM Ca HEYPOHCKMM IMHAMUYKUM MOJEIIOM y
LIJbY ONTHUMHU3ALHje NPUTHCKA aKTUBHPAHa KOYHHLE
KOjU Yy TOKy IMKIyca Koyewa Tpeda aa obezdenu
KEJbeHy  BpPEJHOCT MOMEHTa Koyemwa. OBakaB
XUOPU/IHK, HEYpO-TEHETCKH, MOJeN je I[0Ka3ao
MOryhHOCT  ycnemiHe — ONTUMH3aLUje  BPEIHOCTH
XUAPAYIMYKOT  [PUTHCKA  aKTUBHpamba  KOYHUIIC,
morpeban Jga OM ce TOCTHIIEe CTa0WiIHE W
MaKCHMHU3UpaHe u3nasHe nephopMaHce KOYHHUIIE Y TOKY
LUKITyCca KOYeHa.
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