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NUMERICAL SIMULATION OF DC MOTORS ROTATION SPEED
IN COLLABORATIVE ROBOTS USING ADAPTIVE NEURAL PID
CONTROLLER

A method for controlling the speed of DC motors of a collaborative robot using Adaptive Neural PID
controllers is considered in the article. It combines the classical theory of automatic control with artificial
intelligence methods. The purpose of the study is to create a mathematical model and software implementation
of an adaptive neural controller for stabilizing the speed of the RS540 motor with feedback from the HC-020K
speed sensor.

The object of analysis is the “motor-sensor-controller” system, for which transfer functions, structural
diagrams and stability studies based on the Nyquist criterion are constructed. The scientific novelty is the use of
an adaptive neural network for dynamic tuning of PID controller coefficients (Ky, Ki,Ka), which provides better
stability and minimum control time in conditions of disturbances and sensor noise. Conclusions: during numerical
simulation, it was found that the evolution of PID coefficients allows the system to adapt independently: after the
initial impulse K4 overload, the value decreases from 100 to a stable 0-2, while K, K; remaining within the range
of 0.5-2.0, which indicates a balance between speed and elimination of static error. The transient characteristic
showed that in the presence of high-frequency noise from the HC-020K sensor, the true motor speed Werye
stabilizes in the range of +40 rad/s, while the measured speed Wmeas fluctuates up to 150 rad/s, confirming the
need for filtering. Analysis of the control signals revealed actuator saturation, but the adaptive network reduced
the pulse amplitude and ensured no instability. Using the Nyquist criterion showed a phase margin of more than
45° and an amplitude margin of more than 6 dB, confirming the reliable operation of the system. The results
obtained prove that the proposed method allows reducing the control time to 0.2—0.3 s and ensures the stability
of the manipulative collaborative robot even in difficult production conditions.

Keywords: DC motor RS540, HC-020K, Adaptive Neural PID, collaborative robot, system stability, Nyquist
criterion, speed control, neural network, actuator.

Formulation of the problem. The relevance of
researching a method for controlling the rotational
speed of DC motors in collaborative robots using
Adaptive Neural PID controllers is determined by
current trends in the development of Industry 5.0
[1-3], where robotic systems must ensure high pre-
cision, reliability, and safe interaction with humans.
Classic PID controllers, widely used in industry, have
limitations when working with nonlinear objects and
systems with variable parameters, such as collabo-
rative mobile robots [4-7]. In such conditions, load
fluctuations, sensor noise signals, and dynamic dis-
turbances lead to a decrease in control accuracy and
deterioration of system stability. The problem lies
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in the inability to effectively ensure optimal control
time and minimal error solely through static control-
ler coefficients [8-10]. This is why there is a need for
intelligent adaptation methods capable of changing
control parameters in real time depending on oper-
ating conditions. Adaptive Neural PID controllers
combine the advantages of classical automatic con-
trol theory with neural networks, which allows for the
nonlinearities of the object to be taken into account,
the influence of sensor noise, such as HC-020K, to be
compensated for, and the accuracy of stabilizing the
speed of the RS540 DC motor to be increased [11-13].
Thus, the research is aimed at solving the problem of
ensuring the stability and high performance of collab-
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orative robots in dynamic production environments,
which emphasizes its practical significance and sci-
entific novelty.

Analysis of recent studies and publications.
The article by R. Tiwari, A. Srinivaas, and others
proposes adaptive navigation of collaborative robots
based on reinforcement learning with sensor fusion,
which increases resistance to noise and environmen-
tal dynamics [14]. For our topic, this is useful as a
high-level trajectory planning strategy that can be
combined with low-level AN-PID speed control, but
the parameters of the DC drive's electromechanics are
not directly identified there. Y. Wang's work presents
the theory and practice of PID control of DC motors
in all-terrain robots, including simulation and tuning
of controllers and issues of saturation and limitations
[15]. This directly feeds into our RS540 model and
sets the basic K -K;-K, ranges, but does not solve real-
time adaptation, which we cover with a neural net-
work. In their article, X. Zhao and Y. Song developed
velocity-free neuro-adaptive cooperative control with
adjustable performance constraints for two-armed
robots [16]. This approach confirms the effectiveness
of neuroadaptation for compensating for uncertain-
ties and can be used as a methodological guideline for
forming the AN-PID learning law; direct application
requires simplification, as we measure speed and sin-
gle-axis drive. The publication by W. Chen, Y. Jing,
and others presents distributed navigation based on
AE-KF integrated GNSS/INS positioning with MPC
[17]. For our task, this is useful at the level of filtering
and planning, in particular the idea of combining state
estimation and optimization, but this stack does not
solve the motor speed control and does not contain
a speed loop. The research by Z. Liu, O. Zhang, and
others proposes adaptive neural fixed-time control for
robots with input saturation and specified accuracy
[18]. The results are relevant to our case because they
take into account saturations and guarantee conver-
gence in a limited time; we can use them to select the
structure of barrier functions in the AN-PID stability
supervisor. The work of N. Terras, F. Pereira, and oth-
ers integrates deep learning computer vision systems
into real-time cobot scenarios [19]. This is useful for
high-level perception and assessment of safe zones,
but does not provide recipes for tuning the drive
speed loop. The article by K. Peta, M. Wisniewski,
and others compares single- and dual-arm coopera-
tive platforms in precision assembly, highlighting the
requirements for dynamics and smoothness of motion
[20]. From this, we take the requirements for con-
trol time and speed fluctuations, although the motor
control methods are not detailed there. The publica-

tion by L. Gargioni, D. Fogli, and others describes
a hybrid approach to EUD programming of robots
for personalized medical preparations [21]. The rel-
evance lies in the requirements for safe interaction
and adaptability, but in the speed control loop, this
is indirect and cannot be used directly. The report by
S. Sukhorukov and M. Lyamin proposes a methodol-
ogy for implementing some collaborative functions in
industrial robots [22]. We can use their recommenda-
tions for integrating safe modes and speed limits, but
the specifics of DC motors and neural adaptation are
not disclosed there. Finally, in the work of I. Nevli-
udov, V. Yevsieiev, and others, mathematical support
for adaptive control of intelligent manipulator grip-
ping has been developed [23]. This confirms the fea-
sibility of adaptive laws in collaborative nodes and
can be transferred to our AN-PID as an approach to
online parameter identification, although the control
object is different. In summary, the analysis shows the
high relevance of combining a classical speed loop
with neuroadaptation for DC drives of collaborative
robots: the literature provides a foundation for sen-
sor fusion, navigation, saturation handling, and con-
vergence guarantees, while our work fills the niche
of low-level RS540 speed control with real sensors,
ensuring stability, speed, and robustness in dynamic
conditions.

Task statement. The purpose of the article is to
develop a mathematical model and software imple-
mentation for numerical simulation of an adaptive
neural controller for stabilizing the speed of the
RS540 motor with feedback from the HC-020K speed
sensor in the control system for moving a model of a
wheeled mobile robot manipulator.

When developing experimental models of collab-
orative manipulative mobile robots, precise control
of the rotation speed of DC motors is important for
smooth movement, synchronization with the manip-
ulator, and safe interaction with humans [24, 25].
Classic PID controllers often do not provide adequate
accuracy under variable loads and nonlinear motor
characteristics. The use of Adaptive Neural Con-
trol (ANC) allows you to automatically adapt con-
trol parameters to changes in system dynamics and
achieve stability even under uncertainties [26, 27].

Let's develop a block diagram of automatic speed
control of the DC Motor RS540 [28] with Adaptive
Neural Control (ANC) for selecting PID coefficients
in real time, which is shown in Figure 1.

Let's describe the signals (input/output/internal)
and parameters shown in Fig. 1:

w., — set angular velocity [rad/s], system input
(setpoint);
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Fig. 1. Block diagram of automatic speed control of DC Motor RS540
with Adaptive Neural Control (ANC) for real-time selection of PID coefficients

w(r) — actual angular velocity of the rotor [rad/s],
object output;

w, () — measured velocity [rad/s] after HC-020K,
feedback;

e(r) — tracking error [rad/s], internal signal in the
summing circuit;

u, (1) —“raw” PID control [V or rel. PWM], inter-
nal;

u(t) —saturated control (driver/power supply lim-
itations taken into account), object input;

0(r)={K,.K.K,} — adaptive PID coefficients,
internal ANC-tuner output;

<P(t) — feature vector at the neural network input;

7, () —load disturbance torque [N-m];

n,(t) — sensor measurement/quantization noise,
disturbance in the measurement channel.

Let's look at the sequence of how the DC Motor
RS540 speed control counter with Adaptive Neural
Control (ANC) works to select PID coefficients in
real time (Fig. 1):

1. The operator or planner sets w,, ;

2. The error e forms the input to both the PID and
the ANC tuner;

3. The neural network ¢(t) calculates PID param-
eters that minimize instantaneous/forecast error, tak-
ing into account constraints and robustness;

4. PID generates u, , saturation/PWM block forms
physically permissible u ;

5. The motor G( S) reacts to u and the disturbance
71, the HC-020K sensor turns w,, ;

6. Feedback closes the loop, ensuring tracking and
adaptation when load/parameters change.

The mathematical model of the DC Motor RS540
in transfer form between input voltage u(#) and
angular velocity w(z) will be as follows:
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JdWTEt)+Bw(t):K,i(t)
. (D
L%@+ Ri(t)=u(t)— K, w(t)

Where: J —rotor inertia moment [kg-m?|; B — viscous

friction coefficient [N-m's]; R — winding resistance

[Ohm]; L —winding inductance [Hn]; K, —torque coef-

ficient [N'm/A]; K, —back EMF coefficient [V-s/rad].
Transfer function between input voltage U (s) and

angular velocity Q(s):

Q(s) _ K¢

GG = U(s) ~ UL)s? + UR + BL)s + (BR + KKy (2)

HC-020K speed sensor, this module gives a pulse
signal corresponding to the rotation speed. Accord-
ingly, we will receive a speed signal Wm(t) after pro-
cessing using the frequency method:

Wi (8) = Ks * fimp () 3)
Where: w, (1) — the measured instantaneous value
of the angular velocity of the motor [rad/s or rpm],
which is the output signal of the sensor after conver-
sion. It is used in the control system for comparison
with the reference signal; f,,, (¢) — Pulse frequency
[Hz] generated by the HC-020K sensor output based
on the rotation of the motor shaft. Each motor rotation
corresponds to a certain number of pulses (depend-
ing on the encoder design); &, — scaling factor [rad/s
per 1 Hz or rpm per 1 Hz], which reflects the rela-
tionship between the sensor pulse frequency and the
actual shaft rotation speed. It depends on the number
of pulses per revolution of the encoder (PPR — pulses
per revolution) and the selected unit system.

The HC-020K sensor [29] converts mechanical motion
(motor rotation speed) into a digital pulse sequence. The
faster the shaft rotates, the higher the signal frequency.
Mathematical model 3 shows that the measured speed
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is directly proportional to the frequency of these pulses,
and the coefficient K performs the function of converting
pulses into physical units of speed.

Adaptive Neural PID (ANC) control method,
based on the principle of using a neural network for
adaptive real-time tuning of K ,,K,K, . Classic form
of PID controller:

u(t):er(t)+Kife(t)dt+KddiT(tt) @)
Where: e(1)=w,, (t)-w, (1)
Adaptive neural network adjusts parameters:
[Kp,K,.,Kd] = fy(e(1),é(t).Je(t)dr) (5)

Where: K, — proportional coefficient, which deter-
mines the strength of the controller's response to
an instantaneous error e(?) and is responsible for
the speed of the system's response; K, — integral
coefficient, which accumulates the error over time
[e(¢)dt and eliminates the steady-state error in the
set mode; K, a differential coefficient that takes
into account the rate of change of the error é(1)
and suppresses system oscillations; e(7) — current
error between the set speed and the measured speed
from the HC-020K sensor; é(¢) — error derivative,
showing the trend of change (whether the deviation
is increasing or decreasing); [e(t)dt — error integral,
characterizing the accumulated deviation over a cer-
tain time; f,(-) — a representation implemented by a
neural network with parameters 6 (weights and off-
sets), which calculates optimal values | K paKiaKd]
based on input signals, providing adaptability and
real-time learning.

Thus, model 5 means that the system automatically
selects the PID controller parameters depending on
the error dynamics. This allows for compensation for
the nonlinearities of the RS540 motor, load changes,
and environmental instabilities, which is critical for a
collaborative mobile manipulator robot.

Verification of the stability of the system accor-
ding to the Nyquist criterion [30] is performed for the
transfer function of the open-loop system:

L(s) = G(5) - Gc(s) (6)
Where: G(s) — transfer function of the control object
(in our case, the RS540 DC motor with the HC-020K
sensor). It describes the dynamics of the physical
system: how a change in the input signal (voltage on
the motor) is converted into an output signal (angular
velocity). It looks like this:

G =7 @)

Where: K — object gain factor; T — engine idle time.

G, (s) — transfer function of the controller, in our
case Adaptive Neural Control PID). It sets the control
law for the system:

Gc(s):Kp+%+de

®)
Where: K,,K;,K, — coefficients of proportional, inte-
gral, and differential components that determine the
system's response to error;

L(s) — general open-loop transfer function. It
describes how the system responds to an input sig-
nal without taking feedback into account. It is for
this function that a Nyquist plot is constructed, which
allows the stability of a closed-loop system to be
assessed.

ANC-tuner (neural network PID adapter) gener-
ates:

6(t) = {K, (), K;(0), K4 ()} = fo(o(t))

Where: ¢(t) = [e,é,
feature vector, ® — NM weights (adapted online by
law 6 = —naL/0e or by the gradient of the Lyapunov
stabilizing functional).

Actuator/saturation (PWM/SAT, Robot HAT) (see
Fig. 1) u(t) — converts the control voltage/command
into PWM:

u(t)zsat(uc (t),um,-n,umx) (10)

Where: u(r) — the actual control signal sent to the
actuator (in our case, to the RS540 DC motor). This is
already a limited value that does not exceed the per-
missible operating limits of the actuator; u, (1) — con-
trol signal generated by the Adaptive Neural Control
regulator, i.e., an “ideal” command without taking
into account the physical limitations of the system;
sat(") — saturation function, which limits the signal
within specified limits to avoid exceeding the per-
missible voltage or current values for the motor;
u,,, —minimum permissible control. This is usually
0V (motor stopped) or a negative value in the case of
reverse mode (reverse movement); #,, — maximum
permissible control, determined by the motor power
supply and safe current level (e.g., 12 V for RS540).
A saturation actuator takes real physical limita-
tions into account. If the controller requires too large
a signal (e.g., to accelerate the motor sharply), the
saturation function limits it to a safe level u,, . This
prevents overheating, overload, or motor failure, and
also ensures stable movement of the mobile robot.
HC-020K speed sensor (measuring channel):

w, (t)=H {w(t)}+n,(t) (11)
Where: w, () — measured angular velocity value
generated by the HC-020K sensor, which is the sen-

)

f e, wp, u,additional context variables]”—
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sor output signal used in the control system for feed-
back; w(¢) — the real angular velocity of the RS540
motor shaft is a physical quantity that needs to be
measured, but it cannot be observed directly, so it
is estimated by a sensor; Hy(-) — operator (or func-
tion) of signal conversion by the sensor. It takes into
account the principle of operation of the HC-020K,
which generates pulses at a certain frequency propor-
tional to the shaft rotation speed. In essence, this is a
characteristic of the sensor that converts mechanical
speed into pulse frequency and then into a digital sig-
nal; n,(7) — measurement noise caused by electrical
interference, sampling inaccuracies, pulse delays, and
conversion errors. Its impact is particularly signifi-
cant in high-frequency operating modes, where even
a small deviation can distort speed control accuracy
Model 11 shows that speed measurement is not per-
fect, but always contains noise and reflects the limited
dynamics of the sensor. In the control system, this is
taken into account when constructing filters (e.g., Kal-
man or low-pass) to obtain a more accurate speed esti-
mate. Thus, the use of this model allows for reliable
motor speed control even in a dynamic environment.
The transition from mathematical models to soft-
ware implementation consists in representing the
equations of the electromechanical dynamics of the
motor and the expressions of the control method
through numerical algorithms. Differential equations
describing the voltage across the windings, current,
and angular velocity of the rotor are converted to a
discrete form using Euler's integrator or similar meth-
ods for simulation in the time domain. Expressions

for the saturation actuator are implemented as a lim-
iting function that prevents the physical capabilities
of the H-bridge from being exceeded. The HC-020K
sensor model, taking into account pulses and noise, is
implemented as a conversion of the measured speed
with the addition of a random component. The calcu-
lation of the error signal, its derivative, and integral
provide input to the Adaptive Neural PID controller,
where a neural network in the form of a hidden layer
with nonlinear activation adjusts the coefficients K, ,
K, ra K, in real time. This allows nonlinearities and
changes in dynamics under different load modes to be
taken into account. In Python, such dependencies are
implemented using NumPy vectors for calculations
and arrays for storing trajectories. In the simulation
cycle, the motor status, sensor output, and control sig-
nal are calculated at each step with adaptive updating
of the neural network weights. For stability analysis,
the calculation of frequency characteristics and the
construction of a Nyquist diagram are additionally
implemented. Visualization of transient processes,
error signals, evolution of coefficients, and control
actions is performed using the matplotlib library,
which provides an assessment of control efficiency
and the accuracy of the mathematical model.

The following input data (technical character-
istics) of the control object and sensor presented in
Table 4.10 were used for numerical simulation.

The results of the numerical simulation based on
the input data (Table 1) are presented in Figures 2—4.

Analysis of the transient characteristics shows
(Fig. 2) that the actual speed of the RS540 motor

150 ‘

— w_ref
. —— w_meas HC-020K -

100 +

w [rad/s]
3

(=]
I

—50 4

—100 7

— w true

—150 ~

Fig. 2. Transient characteristic
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(green curve) stabilizes within £20 rad/s around the set
value, confirming the effectiveness of the adaptive PID
controller under nominal conditions. At the same time,
the HC-020K sensor signal (orange curve) has sig-
nificant fluctuations with an amplitude of up to £150
rad/s, which is associated with high sensitivity to noise
and pulse sampling. This creates a measurement error
approximately 5—7 times greater than the deviation of
the true speed from the reference signal. Numerically,
the average value of the object's speed reaches about

35 rad/s, while the reference profile (blue curve) is
maintained with an accuracy of 10—15%. Analytically,
this means that the control system is stable, but the qual-
ity of the state estimate is limited by the characteristics
of the HC-020K. The high noise level in the measure-
ment indicates the need to use filtering methods (e.g.,
Kalman or Fuzzy Filter) to reduce errors. Thus, the
developed controller provides adequate engine dynam-
ics, but the accuracy of the feedback depends critically
on the processing of sensor data.

100

80 4

60 4

40 -

204

0.0 0.5 1.0 1.5

2.0 2.5 3.0

Fig. 3. Graph of PID coefficient evolution

Table 1

Input data for numerical simulation of the speed of the control object (DC Motor RS540)
and sensor HC-020K

Designation Parameter description Value
R RS540 motor winding resistance 0.26 Q
L Winding inductance 3x10*H
K, Torque coefficient (Nm/A) — conversion of current into torque 0.021 N'-m/A
K. Back EMF coefficient (Vs/rad) — conversion of speed into 0021 V-s/rad
counteracting voltage
J Rotor moment of inertia 7.5%107¢ kg-m?
b Coefficient of viscous friction 1x107° N'm-s/rad
Toud Load torque 0.0 N'm
Uy, Minimum H-bridge voltage (actuator limitation) -12.0V
Uy Maximum H-bridge voltage (actuator limitation) 120V
PPR Pulses per Revolution — number of encoder pulses per revolution 20
Encoder pulse to speed conversion factor (imp/rad) 20/ (2m)
O sonsor Speed sensor noise level (rad/s) 1.0
dr Simulation discretization step 0.0005 ¢
i Total simulation time 30c
N Number of simulation steps 6000
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Fig. 4. Nyquist diagram

Analysis of the evolution of PID coefficients shows
(Fig. 3) that at the beginning of simulation, there is a
sharp jump in the value K, , which reaches a value of
about 100, after which it quickly decreases and stabi-
lizes within the range of 0-2. This behavior indicates
the high sensitivity of the system to the derivative
component at the initial stage and the need to smooth
the derivative to avoid control overload. The coeffi-
cients K, and K, demonstrate smoother dynamics,
remaining in the range of 0.5-2.0 throughout the sim-
ulation, which ensures a balance between response
speed and static error elimination. Numerically, it can
be noted that after a time of £ = (.2 s, all parameters
stabilize and change insignificantly, which indicates
the ability of the adaptive neural network to adjust the
controller to the dynamics of the object. Analytically,
this confirms that the system has adaptive properties
and can provide stable control even in the presence of
disturbances, although it requires additional optimi-
zation in terms of the derivative component to avoid
initial impulse overloads.

The presented Nyquist diagram (Fig. 4) demon-
strates the behavior of the frequency response of
an open-loop DC motor control system in the com-
plex plane. The graph shows that the curve L(jw)
runs along the imaginary axis from values Im = 0 to
Im = -300 at Re = 0, indicating significant attenuation
of the system at high frequencies. It is important that
the trajectory does not cover the critical point (-1, 0),
and therefore, according to the Nyquist criterion, the
system is stable. Numerically, it can be noted that the
maximum imaginary values are about —290...-300,
while the real part is within the range Re = 0...5, which
indicates the predominance of the reactive compo-
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nent over the active one. The absence of rotation
around the critical point confirms the stability margin,
although a small deviation along the Re axis shows
that the system is sensitive to changes in the control-
ler parameters. The analytical conclusion is that the
use of an adaptive neural PID controller provides sta-
bilization even under conditions of strong oscillations
and high transfer function values at low frequencies.
The results obtained confirm the suitability of the
system for practical implementation in collaborative
robots, where high reliability and guaranteed stability
over a wide frequency range are required.
Conclusions. As a result of the study, a method
for controlling the speed of DC motors of a collabo-
rative robot based on adaptive neural PID controllers
was developed and tested, which proved its effective-
ness in numerical simulation. The results show that
the system is capable of compensating for both static
and dynamic deviations, ensuring speed stabilization
even under conditions of significant disturbances
and load variability. In particular, during simulation,
it was found that the amplitude fluctuations of the
control signal initially reached 2.3-107, but after the
saturation mechanism was introduced, the regulator's
action was smoothed and stabilized. Analysis of the
evolution of PID coefficients showed a sharp jump in
the derivative component ( K, = 100 at the beginning)
with subsequent rapid adaptation to a level below 1,
while the proportional and integral components
remained within the range of 0.5-2, confirming the
self-tuning of the system to the dynamics of the con-
trol object. This ensured increased accuracy in speed
control and stability of the HC-020K sensor, which
correctly tracked changes in the speed characteristics
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of the motor. The research findings demonstrate the  expanding the model for multi-engine systems, tak-
feasibility of using neural-adaptive PID controllers ing into account inter-agent interactions, integration
in collaborative robotics tasks to improve the effi- with computer vision systems, and implementation of
ciency and safety of robots in a changing production  hardware verification on a collaborative robot plat-
environment. Prospects for further research include  form in real production conditions.
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Hesaronos LIII., €BceeB B.B., [Ixkaopaiiiizage E.A. YACEJIBHE MOJAEJIOBAHHS HIBUJAKICTHO
OBEPTIB DC JIBUTI'YHIB KOJTABOPATUBHOI'O POBOTA 3 BUKOPUCTAHHSM ADAPTIVE
NEURAL PID PEI'VJIATOPA

Y emammi posensanymo memoo kepysanns wieuokicmio obepmie DC 0sueynis konabopamusnoco poboma
3 suxopucmanuam Adaptive Neural PID pecynamopis, wo no€oHyome Kiacuuny meopio asmomamuyHo2o
KepYBAHHA 3 MEMOOAMU WMy4Ho20 inmenekmy. Mema 00cnioxceHHs: — CMEOpeHHs MamemMamuyHoi Mooei ma
npoepamHol peanizayii adanmueHo2o HelpoHHo20 pe2yasamopa 0Jisi cmadinizayii weuoxocmi osueyna RS540
31 360pomHUM 38 's3Kkom 6i0 damyuxa weuoxocmi HC-020K.

O6’exm ananizy — cucmema «08UCYH—CEHCOP—PecyIamopy, 05 Kol nodyo0osano nepedamovui (yHKyii,
CIMPYKNYPHI cXeMu ma nposedero 00CIi0dNceH s cmilikocmi Ha ochosi kpumepiio Hatikeicma. Hayxosa nosusna
— BUKOPUCMAHHS A0ANMUEHOI HeUpoHHOI Mmepedci Osl OUHAMIYHO20 Harawmyeantns roegiyicumie PID-
peayiamopa (K, K., Ky), wo 3abesneuye Kpawy cmiuKicmo i MiHIMAIbHULL 4aC Pe2yNiOarHs 6 YMOGax 30ypetb
ma wymie cencopa. Bucnosxu: y x00i uucenvrnoeo mooenrosanis 610 6us61eHo, wo eeontoyis koegiyiecnmie PID
00380J1A€ cuUCmeMi camMoCmitiHo adanniy8amucs: nicjia NOYAMKO8020 IMNYIbCHO20 NePeBaAHMANCEHHS 3HAUEeH S
K, suudicyemocst 610 100 0o cmabinonux 0—2, mooi six Ky, K; samumaromocst 6 mesicax 0.5-2.0, wio ceiouums npo
bananc weuokodii ma ycynents cmamuunoi noxuoxu. Ilepexiona xapakmepucmuxa nokazand, wo 3a Has8HOCMi
sucoxouacmomuux wymie 6i0 cencopa HC-020K, icmunna weuoxkicmes 08USYHA Wip,. CMAOLNIZyeMbCsa 6
oianazoni +40 pao/c, mooi K SUMIDAHA Wyeqs KOAUBAEMbCSL 00 £150 pad/c, wo niomeepoicye nHeoOXionicme
Qinompayii. Ananiz cuenanie Kepysanus 6UABUE HACUYEHHS AKMyamopd, aie d0anmueHa Mepedica 3MeHULA
amnaimyoy iMnyscis i 3abesneuuna iocymuicmes necmitikocmi. Buxopucmanus kpumepis Hatikeicma noxasano
sanac cmitxocmi no gazi nonao 45° i no amnaimyoi dinvute 6 0b, wo niomeepoicye nadiiiny pobomy cucmemid.
Ompumani pesyromamu 008005mb, wo 3meHuieHo yac pecynosanns 0o 0.2—0.3 ¢ ma 3abe3neueno cmilkicmo
POOOMU MAHINYAYILHO20 KOLAOOPAMUEH020 poOboma HAGImMb V CKIAOHUX GUPOOHUYUX YMOBAX.

Knrouogi cnosa: DC osueyn RS540, HC-020K, Adaptive Neural PID, xonabopamuenuii pobom, cmiikicms
cucmemu, kpumepii Hatikgicma, Kepyganusa weUOKIiCMIO, HEUPOHHA Mepexcd, aKmyamop.
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