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B. Tieapes, O. Jlonaxos, B. Kocmauescoxuii, A. Konaoa, I JIveos, []. [Imumpenxo. CHHTe3 HeiipoMepes:keBOro peryJsTopa Ta
eKCIepHMeHTAIbHe T0CTiZKeHHs! CTIiKOCTI A1 aaNTHBHOI CHCTeMH KepyBaHHs KBajipokonTepom. [Ipy BupilIeHHI HU3KM CKJIaJHUX
MaHINyJSIIHHAX 3aBJaHb IOLUIBHO OpaTH 1O yBard HENiHIHHY IUHAMIKy 00’ekTa ympasiiHHs. Jlo Takux 3aBaaHb, 30KpeMa, MOXKHA
BIHECTH KEPYBAaHHS BEIMKHMH MaHIIyJISTOpaMH KOCMIYHOTO 0a3yBaHHsS, a TAaKOK HA3eMHHMH MAaHIMyIALIHHUMH CHCTEMaMH, LIO
3aCTOCOBYIOThCS y OyIIBHHLTBI, y pa3si JikBifgawii HacmiikiB aBapiii ta katactpod. s momiOHMX MaHIMyBIIHHAX CHCTEM 3aBIaHHS
YIIPABIIHHS YCKJIAIHAIOTHCS 32 PAXyHOK TOrO, IO JUHAMIKH KEpOBaHOI KOHCTPYKLIT Ty)ke CKIaaHa i, B OUIBIIOCTI BUIIAKIB, HE MOXeE OyTH
MaTeMaTUYHO ONHCaHa. Y 3B’S3KY 3 IIMM HE 3aBXKIM MOXYTh OyTH 3aCTOCOBaHI METOJHM, IO IPYHTYIOTHCS Ha BHPILICHHI 3BOPOTHOTO
3aBJaHHs AUHaMIKH. 3acTocyBaHHs PID-koHTponepiB, siKi IIMPOKO BUKOPHCTOBYIOTH Y OLIBIIOCTI MPOMHCIOBHX JOJATKIB, TAKOXK J03BOJISE
B3STH JI0 yBard OCOOJIMBOCTI JIMHAMIKH PyXy Takux cucteM. Takox BUHHKArOTh MPoOJIeMH i3 3a0e3MeUeHHAM CTIHKOCTI, Y TOMY YHCIi IPH
IiT 30BHINIHIX (pakTOpiB, sKi Hanepea He Bigomi. HoBuii HanpsiMOK y 1iif ramy3i HOB’s3aHi 3 3aCTOCYBaHHAM HEWPOHHUX MEPEX, SIKI MOKYTb
OL[IHUTU AUHAMIKY CHCTEMH K PEaJbHOro 4acy. 3 iHIIOro OOKy, 3aCTOCYBaHHS KOB3HHX PEXHMIB y CHCTeMaxX yIpaBIiHHSA 3a0e3medye
HE3JIKHICTB MPOLECY YIPABIIHHS, SK BiJ 30BHIIIHIX BIUIUBIB, 1 Bil TapaMeTpUIHUX 30ypeHb. [1oefHaHHS [IMX METOIB J03BOJISE CTBOPHUTU
CHCTEMy, fKa MOXE YCYHYTH AesIKi HEeNONIKH KOXKHOTO MeToxy. Y Iiifl cTaTTi po3poOIeHO METOA YIpaBIiHHA, MO Oa3yeTbes Ha
aIaNTHBHOMY QIrOPUTMI HAaNalITyBaHHS HEHPOHHOI Mepexi. [IpomoHOBaHMI MeETOH MO3BOJSIE KEPYBAaTH CHCTEMOK 0Oe3 ampiopHOi
iHopMauii Mpo CTPYKTypy Ta MapaMeTpH AWHAMIYHOI MOJENi KepoBaHOro o0’ekra. J[msi BH3HAUCHHsS KOCDIl[iEHTIB HEHPOMEPEKEBOro
peryssiTopa 3aCTOCOBYIOTBCS aJallTHBHI alrOPUTMH, L0 T03BOJSIOTH IPOBOANTH HOr0 HANAIITYBaHHS SIK HOPMAIBHOTO (hyHKIIOHYBAaHHS
cuctemu. 3a OHOMOror Merony JIsSIyHOBa OTPHMAHO yMOBH CTiHKOCTI TakOi CHCTEMH KepyBaHHS. E(eKTHBHICTH 3ampOIoHOBaHOTO
croco0y YNpaBNiHHS IMiATBEPIDKYETHCS pe3yiabTaTaMH MOJCTIOBAHHS CHCTEMH ynpaeiiHHi B cepemoBumii MATLAB, a Ttakox
eKCIIEPHMEHTAIBHIMH JJOCIII/UKCHHSIMH POOOTOTEXHIYHUX CHCTEM.

Kniouogi cnosa: BIUIA, piBHAHHA nuHaMiky, piBHAHHS Eiinepa-Jlarpamka, eekT BHCOKOYACTOTHOTO TPEMTIHHS, AIpOKCHMAIlis
HEMpOHHOI Mepexi, curMoinanbHa Oe3mepepBHa akTuBauiiiHa (yHKUis, QyHkuis Jlanysoa, MIMO (Multi Input Multi Output), RBF
(Radial basis function), SMC (Sliding mode control)

V. Tigariev, O. Lopakov, V. Kosmachevskiy, A. Koliada, I. Lvov, D. Dmytrenko. Synthesis of a neural regulator and experimental
stability study for an adaptive quadcopter control system. When solving a number of complex manipulation tasks, it is advisable to take
into account the nonlinear dynamics of the control object. Such tasks include, in particular, the control of large space-based manipulators, as
well as ground-based manipulation systems used in construction and in the aftermath of accidents and disasters. For such manipulation
systems, the control task is complicated by the fact that the dynamics of the controlled structure is very complex and, in most cases, cannot
be mathematically described. In this regard, methods based on solving the inverse dynamics problem cannot always be applied. The use of
PID controllers, which are widely used in most industrial applications, also allows us to take into account the peculiarities of the motion
dynamics of such systems. There are also problems with ensuring stability, including under the influence of external factors that are not
known in advance. A new direction in this area is related to the use of neural networks, which can estimate the dynamics of the system in real
time. On the other hand, the use of sliding modes in control systems ensures the independence of the control process from both external
influences and parametric disturbances. The combination of these methods allows to create a system that can eliminate some of the
disadvantages of each method. In this article, we develop a control method based on an adaptive neural network tuning algorithm. The
proposed method allows controlling the system without a priori information about the structure and parameters of the dynamic model of the
controlled object. Adaptive algorithms are used to determine the coefficients of the neural network controller, which allow its adjustment as a
normal functioning of the system. The stability conditions of such a control system are obtained using the Lyapunov method. The
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effectiveness of the proposed control method is confirmed by the results of modeling the control system in MATLAB, as well as by
experimental studies of robotic systems.

Keywords: UAV, dynamics equation, Euler-Lagrange equation, high-frequency jitter effect, neural network approximation, sigmoidal
continuous activation function, Lyapunov function, MIMO (Multi Input Multi Output), RBF (Radial basis function), SMC (Sliding mode control)

Introduction

The theory of nonlinear control covers a wide class of systems that do not obey the superposition
principle. Note that all real control systems are nonlinear. These systems are described by nonlinear
differential or difference equations. The mathematical methods developed to handle them are more
rigorous and much less general, often applied only to narrow categories of systems.

Backstepping control is a popular method of controlling nonlinear systems represented in so-
called strict feedback form, such as in undervoltage systems. For example, some examples of tests for
robotics such as Acrobot, Rotating Pendulum and Cart-Pole are defined in a strict feedback form.

Backstepping is a method developed around 1990 by Petrak, Kokotowicz and others to design
stabilizing controls for a special class of nonlinear dynamical systems that have a recursive structure to
their mathematical description. Because of this recursive structure, an engineer can start the design
process in a known stable system and “undo” new controllers that gradually stabilize each external
subsystem. The process ends when the final external control is reached. The advantage of this ap-
proach is that it can be applied recursively in terms of expanding the dimensionality of the system. The
disadvantages are the difficulty in finding the Lyapunov function, and all state variables must be
measurable. A nonlinear observer is also needed if not all state variables are measurable. It is also sen-
sitive to parameter changes.

Another approach to controlling a nonlinear system is to first linearize the nonlinear system, and
the linearized system is compensated using known methods of linear control theory.

The Lyapunov function can be used to synthesize nonlinear control systems. First, the Lyapunov
function V must be found for a closed-loop system, and then a control law must be developed that
makes the derivative V "negative for the desired region of attraction (for all possible initial conditions,
perturbations, and other uncertainties). Lyapunov stability theory is a standard tool and one of the
most important tools for analyzing nonlinear systems. It can be extended relatively easily to non-
autonomous systems and can provide a strategy for constructing stabilizing feedback controllers. In
stability studies, the concept of positively defined function plays an important role as it serves as a
Lyapunov function in applications. The disadvantages that can be mentioned are the difficulty in find-
ing the Lyapunov function and the need for measurability of all state variables.

Analysis of recent publications

In [1], adaptive neural control is developed for a rehabilitation robot with unknown system dy-
namics in order to eliminate uncertainties in the system and improve robustness. Adaptive NN (Neural
Network) is used to identify the unknown robot model and adapt the interactions between the robot
and the patient. In [2], Neural Network based control for robot manipulators is proposed considering
uncertain environmental constraints, perturbations and unknown robot dynamics. In [3], a robust neu-
ral network output feedback control scheme, which includes a neural network observer, is presented to
control the motion of a manipulator robot. In [4], adaptive robust control strategies are presented for
controlling coordinated motions of multiple mobile manipulators interacting with a rigid surface in the
presence of uncertainties and perturbations. Radial basis function (RBF) network has also found appli-
cations for controlling dynamic systems [5] RBF network is a specialized neural network architecture.
The adaptation of RBF network can improve the control performance of a system with uncertainty.
The adaptation law is obtained using Lyapunov method, so that the stability of the whole system and
the convergence of the adaptation of the network weight coefficients are guaranteed. In [6], adaptive
control using RBF network is proposed to obtain the elements of inertia matrix, Coriolis matrix and
gravity vector that determine the dynamics of manipulation robots. In [7], a modification of RBF-SMC
neural network is proposed to eliminate bounce and control the SMA type actuator. The RBF network
[7] also utilized adaptive adjustment of the sliding mode factor to eliminate the effects of dynamic un-
certainties and ensure asymptotic convergence of the tracking error in the system. In [8], an RBF net-
work for adaptive compensation of tracking error of a continuous-time nonlinear system is presented.
The control system provides smooth switching between adaptive and sliding modes, integrating the
advantages of robust and intelligent control. Meanwhile, SMC is utilized to compensate the uncertain-
ties and ensure the stability of the nonlinear system. In [8-9], a pre-tuned neural network has been
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used to solve the sensorimotor coordination formation problems of a robot manipulator. The devel-
oped neural structure allows solving the problems of synthesis of coordinated motion control of mul-
tilink robot manipulators by combining in a single process both the search for elementary behavioral
acts and the reproduction of previously mastered behavioral scenarios. In [9], kinematic control sys-
tems for multilink manipulators are considered. A method of synthesizing robot control systems using
neural networks is proposed and quality criteria for forming a training sample of the neural network
are selected. An algorithm implemented in a software package is developed and the error of training
sample formation is established. Yu and Weng (2014) proposed a robust adaptive neural network
based ISMC approach for controlling nonlinear interconnected systems with unknown uncertainty.
They combined the adaptive neural approach with ISMC method to deal with unknown coupled uncer-
tainties, system uncertainties and external disturbances. The numerical simulation results confirmed
the effectiveness of the applied control. Fan and Yang (2016) proposed ISMC for a class of nonlinear
systems with unknown nonlinear terms and perturbations using adaptive control. A neural network
based observer was applied to estimate the unknown nonlinear terms and perturbations. Heuristic
methods were applied to tune the controller. Gholami and Markazi (2012) proposed a new adaptive
fuzzy sliding mode (AFSM- Adaptive Fussy Sliding Method) which can be used for a class of nonlin-
ear MIMO type systems. The proposed method was applied to a real manipulator. Tong et al. (2011)
proposed an observer-based adaptive fuzzy control method. They developed a nonlinear fuzzy observ-
er to estimate the unmeasured state vector of the system. Zabihifar and Markazi (2013) proposed an
adaptive fuzzy sliding mode controller for Autonomous Unmanned Underwater Vehicle. Doost-
mohammadi and Markazi (2010) proposed a new method for nonlinear systems in strict feedback form
using adaptive fuzzy sliding mode approach. Budjedir et al. (2012) presented an adaptive sliding mode
control based on two neural networks for quadrocopter stabilization They used the second neural net-
work to eliminate the chattering phenomenon. Bouhali et al. (2011) proposed an adaptive neural con-
trol scheme based on a new observer as applied to quadrocopter control. This technique is implement-
ed using two parallel artificial neural networks (ANN) for each subsystem of the quadrocopter. An-
dropov et al. (2016) presented an adaptive method for adjusting PID controller coefficients based on
neural networks. Neural networks with three layers are used to design an adaptive stabilization system
for a multirotor drone. Saikalis et al. (2002) presented an approach for adaptive control of a neural
network using a novel adaptation algorithm that is based on the principle of adaptive interaction. This
approach does not require the creation of a model using a neural network. Adaptation does not require
the use of error back propagation method in the neural network of the feedforward network. This im-
portant property allows to directly provide adaptation of the control neural network. The inverse prob-
lem of manipulator dynamics as applied to the control problem of complex systems has been investi-
gated in many works, including [10-12]. Inverse dynamics models of robot manipulators can be ana-
lytically derived from the Newton-Euler equation of motion. However, analytical derivation requires a
priori knowledge of the moments of inertia, friction forces, gravity, and centripetal forces, which can
be difficult to determine. They can also vary with wear and tear on the robot.

This fact raises the need for approaches that identify the dynamics model based only on current
sensor information measurements. In addition, such methods must be able to operate in real time to en-
sure the adaptability of the system to dynamic changes that may occur during manipulation tasks [12].

Unfortunately, the solution of the multicopter control problem is complicated due to the essential
nonlinearity and the action of external perturbations. The most common PID controllers, as well as
linear-quadratic controllers, do not cope with this task well enough [13], [14]. There arises the necessi-
ty of operative adjustment of PID-coefficients of regulators in the process of operation, or complete
readjustment in cases of changes in the parameters of the control object. It is mentioned in [14] that PI
(PI) and PID (PID)-regulators realize the two most popular control methods, which have been used in
several research works performed in the field of robot manipulator motion studies. The advantage of
these methods lies in their simplicity. However, for motion planning of a system with nonlinear dy-
namic properties, the application of these methods can lead to inaccurate performance. Also, these
controllers cannot always provide asymptotic stability in the task of tracking a given trajectory. To
overcome these limitations, the use of neural network (NN) can be considered as a suitable method.

Problem statement

In general, the dynamic model of a quadrocopter in Euler-Lagrange form is written as [15]:
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M(a)a+V,(g,4)q+G(q)+F(q)=U, 1)
where M(q) is the inertia matrix;
V,,(9,4)g — matrix of Coriolis and centripetal forces;
G(g) — gravity vector;
F(q) — vector of aerodynamic drag forces;

U — vector of control forces.
Let us consider the mode of motion along the trajectory and orientation in space.

Let’s define the current error as e=q, —q, where q, =[x, Y, z, ¢, 0, w,]" — vector of de-
sired coordinates, and q =[xy z ¢ 0 y]" - vector of current coordinates.
We set the sliding surface by transforming the error by a linear filter S(t):
S=¢€+Me, (2)
where A >0 - is a diagonal matrix representing the slope of the slip surface. When the system moves

along the sliding surface in the phase plane, the error S and its derivative S tend to zero.
The quadrocopter dynamics equation in terms of the transformed error S can be written as:

MS=-V S+ f(x)-U, (3)
where f(x) — is an unknown function determined by the dynamics of the quadrocopter:
f(x) =M (a)(dy +2€) +V,(a, 4)(d, +2e) + F(d) +G(q). (4)

According to the universal approximation theorem, an artificial neural network with a single hid-
den layer can approximate any nonlinear, continuous, unknown function with any accuracy [16].
Based on this statement, let us introduce a two-layer neural network with a sigmoidal activation func-
tion of hidden layer neurons to approximate the function f(x), which is described by the relation:

f(xX)=W'o(V'x)+e, (5)
where W, V are matrices of unknown weighting factors, under the restriction imposed on the approxi-
mation error: [¢]| <&, (&, — non-negative constraint).

Let us denote the estimation of the function f(x) using the introduced neural network:

f(x)=WT"o(V'x), (6)
where V,M - current values of the weighting multipliers, then, we can calculate the errors,

V =V -V W =W —W with which the neural network is tuned.

Purpose of the research

The purpose of this research is to show that the developed control methods using adaptive neural
networks can be used not only for controlling manipulators, but also for robotic systems of other types.
In this paper, a solution to the problem of quadrocopter control using a neural network controller is
proposed. A control method based on an adaptive neural network tuning algorithm is considered. The
proposed method allows controlling the system without a priori information about the parameters of
the dynamic model of the controlled object, which in this case is quite complex, as well as about ex-
ternal perturbing influences. To determine the optimal weighting factors of the neural network, as
above, adaptive algorithms are used to ensure the tuning of the network in the process of its operation.
The Lyapunov method is used to prove the stability of the control system. The proposed control meth-
od has shown good results in modeling the control system including neural network regulator and dy-
namic model of quadrocopter in MATLAB environment.

Currently, there is a steadily growing interest in the use of unmanned multirotor aerial vehicles
(UAVs) designed for a wide range of tasks, mainly due to the simplicity of design and high payload
capacity, compared to the classical versions of helicopters.

This paper presents a method for controlling a quadrocopter using a neural network controller,
which does not assume knowledge of a priori information about the dynamics of the object and about
external perturbations. Neural networks approximate the main control signal that allows the system to
move near the sliding surface, as well as a corrective control signal that smooths out high-frequency
jitter (“chatter”).
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Presentation of the basic material

Quadcopter dynamics

A quadrocopter is an unmanned aerial vehicle with four motors attached to the ends of a cross-
shaped frame (Fig. 1). The opposing motors rotate in different directions to compensate for each oth-
er’s changing momentum moments. Each motor has a vertical thrust force responsible for lifting and
maneuvering the quadcopter.

Using Euler angles and Newton’s second law, we can define the equation of dynamics as [17]:

u,(t I, -1 . .k
q'): np()+(y Z)\ije_lrQr(t)e_ﬂ(bz

+d ;
I>< Ix Ix Ix ?
. U (t I, -1 K. .
0= ‘P()_,r_( y X)W(P_IrQr(t)(P_ﬂGZ_i_de’
Iy Iy Iy Iy

u,(t -1 .k
\Tj: W()+(X y)(i)e— frz\ilz_i_d;

I I I Y

7 4 z (7)
o (CSC,+SS UM ko
m m x!
. (SWSOC@+S(PCW)U1('[) kﬁy_
= ——2vy+d ;
y m m y=e
C.CU.(t) k
g=—0Te 11 1()—iz'—gqtdz,
m

where m — quadcopter weight;

I, — sum of moments of inertia of rotors taken about z-
axis;

I 1y, 1, — moments of inertia with respect to the princi-
pal axes;

K, Ky, Kiz — aerodynamic drag coefficients;

ke, Kirys ki, — @erodynamic rotational drag coefficients;

¢, 0,y —roll, pitch and yaw angles;

X, ¥, Z—center of mass coordinates;

dy,dy,d;,d,,dy,d, — external perturbations in coordinates 0

€9, Wmd);A Fig. 1. Computational model of the
Q. =>(-D"w,, o - angular velocity of the i-th quadrocopter

motor.

There are three types of quadcopter movement:

— lifting-descent is achieved by simultaneously increasing and decreasing the thrust force of the
motors;

— pitch as a result of the difference in thrust of the front and rear motors, similarly roll;

—yaw is achieved by using the difference in speed of differently rotating motors, based on the
theorem of conservation of kinetic momentum of a mechanical system.

The control signals with respect to the angular velocities of the motors that take into account the
three possible types of motion are defined as follows:

U, (t) k k k ko

p p p p
U0 | 0 -k, 0 Ik |lo) ©
Uy® | |-k, 0 1k, 0 |lo?|

p p

U0 [k K k K] o

where kp — thrust coefficient;
k, —moment coefficient.

INFORMACION TECHNOLOGY. AUTOMATION



100 . . . . ISSN 2076-2429 (print)
IMpaui Oxecbkoro noniTexHiyHOro yHiBepcutety, 2024. Burm. 2(70) ISSN 2223-3814 (online)

One of the main modes of quadrocopter control is trajectory motion. Considering the equations of
dynamics of the system (7), we note that in the translational motion of the system, the control signals
for moving the center of mass in the stationary coordinate system OXYZ are as follows [18]:

U, () =(C,S,C, +S,S,)U, (1),
U, () =(S,S,.C, +S,C U, (1); 9)
U, (t) =C,C,U, (1),
where S, =sin(e),C, = cos(9), S, =sin(0),C, =cos(6),S, =sin(y),C, =cos(y).
The desired trajectory of the transfer motion is determined by the parameters: ¢,0 u U, (t) .
Let’s express the equations of the desired roll and pitch from formulas (9):
U, (0)S,q -U,(1C,q
2 2 2 '
JUI0+U;0+U20 10

U, (t)C, —U, (1S,
U, () ’

@4 =arcsin

®, =arctan (

where ¢@,,0,,y, — desired motion parameters;

Sye = sin(yy), Coa = cos(yy).

Synthesis of neural network regulator

When the system moves along the sliding surface, the effect of high-frequency shaking occurs,
which negatively affects the quality of following the desired motion trajectory. Let us introduce a sec-
ond neural network to eliminate this effect — a corrective one. The structure of the neural network reg-
ulator consisting of the main and corrective neural networks is presented in Fig. 2.

x=[eeéq, ¢, (bd]T

Core Natural Network

. f(x)

By =[ 04 a]” S=é+en By =[0I
{ [\ 1] 1| I Ky { I Quadcopter I——-—

. e= [e e]T _Ucorr

Core Natural Network
Feedback T f
e=[edl

Fig. 2. Structure of neural network regulator

Let us represent the control signal in the form of two summands:

U=U"+U (11)

corr !

where U " — is the main control signal for system motion in the vicinity of the sliding surface;
U, — correction signal.
Let’s choose the main control signal as:

U =WTo(VTX)+K,S. (12)

A corrective control signal is introduced to smooth the effect of high-frequency jitter near the
sliding surface, and has at its core a continuous function P(.):
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l— e—ZX
P(x)= : 13
(x) lre® (13) o .
Then the ideal corrective control signal: @ __O Ueor
Uer =BP(SY), (14)
e
where S* — linear combination of e and é. — .
A second neural network should be added to the circuit for
approximation (Fig. 3). Fig. 3. Structure of the corrective
The output of this network: neural network
U, =BP(a'x%) +¢,, (15)

where the weighting factors Band a.=[A, A,]" - ideal weights of the output and hidden layer of the
network;

x* =[e €]" - input vector;

g, —approximation and P(.) is the activation function defined in formula (13).

Since the weights B and a are unknown. We need to find their adjustment equations. Let’s write
down the estimation of the correcting control signal:

U, =BP(™x°). (16)
In this case the estimation error of the correction signal:
Uy =BP+BPE X +w,, (17)

where B,& — appraisal B,o accordingly, B=B — B,d = o — & estimation error,
W, —approximation error:
w, =g, +BPax® + BO(Gx°)?. (18)
Let’s assume that: ng “ <W,,|B|<B,.[of <0, where a,,B,,W, unknown positive constants.

Let us take the tuning laws proposed in [19]:

B=F,P(a'x")S; &=F,(x*SBP"+k,|S|(@-a)), (19)
where F, =F, >0,F, =F >0k, >0,
it’s labeled:
| T
a=|——| ,1,e>0. (20)
le|+¢
After substitution into (11) the control signal will take its final form:
U=WTo(V'x)+K,S +BP(x°). (21)
Using this control the equations of the system dynamics in terms of the transformed error are:
MS =—(K, +V,,)S +W oV x) ~W 6(VX) + BP(G'X°) +¢. (22)

Let’s add and subtract from the right part of equality (22) the expression W' +WT5, where
5=0(V'X), 6=6-6:
MS = —(K, +V,,)S +W 6 +WT5 +WT5+BP +¢. (23)

The key step is the Taylor series expansion of the sigmoidal continuous activation function. Re-
stricting ourselves to the first two terms of the expansion, let us write:

MS =—(K, +V,,)S +W 5 +WT5V x - BP — BP x° +w,, (24)
where the approximation error:
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W, (t) =WV x+BP(a'X*) +w, +W OV "x)* +&. (25)

Let w;(t) in (24) be zero. Then it can be shown that the error S(t) tends to zero with time if we put:
W =F (ST —k[[S|W); V=G(xSW'& —k|S|V), (26)

for any F, G, k>0 (“e-modification technique” in [20-23]). In this case, the weight coefficients corre-
sponding to the estimates remain bounded. Let us show that with the chosen algorithm for setting the
weight coefficients, the motion of the system in the vicinity of the sliding surface will be stable. Let us
define the Lyapunov function as:

L =%ST M (q)S +%tr{V\7T F‘]\/\7}+%tr{\7TG‘1\7}+%tr P{B' FB‘1I§}+%tr{Fa‘1&2}. (27)
Let’s differentiate:
L=S"MS +%ST MS + tr{W " F-1W}+ tr{\iTG-1\7}+ tr{B'F;* §}+ tr{Fo;la&}. (28)
Substituting into equation (24), at w, =0:
L=-S"K,S +%ST (M =2V )S +tr{WT" (F’1W+ 6ST)}+tr{V” (G’1\7+ xSTWT6')}+ 9
BT (F? B STP)}+ r{(F 6i— 6x°ST BP)}.
The matrix (M -2V, ) is cosymmetric, then the second summand in equation (29) is zero. Also,

from W=w—W considering that W is constant, it follows that W = ~W (similarly for V, B, «).
Then:
L=-STK,S<0. (30)
The first derivative of the Lyapunov function is nonpositive, which guarantees the stability of the
system with feedback [24-28].
Experimental research
In the course of research, a quadrocopter model was created in MATLAB environment according

to the equations of dynamics (7), as well as a controller for three angles (roll, pitch and yaw). The con-
troller consists of a neural network for approximation of the main control signals input vector:

X:[(Pd Py Gy € é]’
for each axis (roll, pitch and yaw), 7 neurons in the hidden layer), as well as three neural networks for

approximation of corrective control signals.
External disturbances: dw de,dw =sin(t) + 3; simulation time: T=20s.

The system parameters adopted in the modeling are presented in Table 1.

Table 1
Parameter values in modeling
Parameter Value Parameter Value
g, m/s” 9.81 Kezy N-s/m 6e™*
m, kg 0.5 Kiiz; Kiro, kg-m?/rad 5.5¢~"
I, m 0.25 Kiry, kg-m*/rad 6e_
Ko, N-5° 3™ F 100
Kg, N-m-s* 3.5¢7 G 40
l,, kg-m? 2.5e K 1
l,, kg-m? 3.5 Fg 10
l,, kg-m? 3.5e° F, 4
l,, kg-m? ge™ Kq 1
Kt Kity,N-s/m 5.5¢7"
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Results of the research

Some simulation results are given below. Figure 4 shows the motion of the quadrocopter in roll
angle, which is almost identical to that given in the form of a periodic function. Figure 5 shows the
self-tuning process of the neural network controller. It can be seen that the tuning time does not in-
crease two seconds.

(Pdo U(po

0.2 7 FaEy AN

0.1 i"j \'. ‘;" \\. ;'r "\‘ ;"’ -0.2
0 .'J l"‘l ‘,' nl“. ‘:! |‘~I J:'r 0

01 0.2

0.2 A N/ 0.1

0y 6 8 10 12 14 16 18 20 0 5 10 15 20 25 30 35 40 45 50
Fig. 4. Roll: dashed line - ¢, , solid line - ¢ Fig. 5. Roll control signal — U,,

Figure 6 shows a graph of changes in pitch, and Figure 8 shows a graph of changes in yaw. From
the graphs of Figure 6 and Figure 8, it can be seen that the disturbance has significantly deviated the
UAYV angles from the stable position, but the controller quickly returns the system to a stable position.
Thus, the simulation showed that the proposed controller can effectively bring the system to the equi-
librium point. As can be seen from Figure 7 and Figure 9, in a very short period of time, the controller
can adapt the parameters of a completely unfamiliar model and control the system. The pitch and yaw
control signal is within the acceptable range.When the desired angle value changes abruptly, overshoot
tends to zero. During an abrupt change of the desired angle value, there are significant control surges -
potentially dangerous for the control system.

0q° Up° |
0.2+
01 " ."“ 05 I
T Jo N
-0.1 0.5 |
0.2 " 1.0
N~
O"b > 4 6 8 10 12 14 16 18 20 0 2 4 6 8 10 12 14 16 18 20
Fig. 6. Tangage: dashed line — 6y, solid line — 6 Fig. 7. Pitch control signal — Uy
u,°
Wy L1 1.0
0.2 i =
; b 0.5
01 i \
0 | AN O—W
0.1 -0.5
-0.2 -1.0
034 6 8 10 12 14 16 18 20 0 2 4 6 8 10 12 14 16 18 20
Fig. 8. Yaw: dashed line — yy, solid line — v Fig. 9. Yaw control signal — U,

Good quality of following the actual angle value to the desired change law. The trajectory of the
center of mass when the three orientation angles are set simultaneously according to the desired
change laws is shown in Figure 10.

To test the robustness of the control algorithm, some disturbance such as white noise should be
applied to the quadcopter. It can simulate the wind load as an external disturbance acting on the quad-
rocopter. The stability of the system was confirmed in the experiment. Thus, it has been shown that the
proposed approach ensures the stability of the robot control system and compensate the perturbations
(from Figure 11 to Figure 16).
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on a given trajectory
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Fig. 12. The red line is with white noise,
the black line is without perturbation
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Fig. 14. The red line is with white noise,
the black line is without perturbation.

Conclusions

The simulation of the system behavior
shows the effectiveness of the proposed control
method. Each of the orientation angles in space
(roll, pitch and yaw) follows the desired trajectory
with high accuracy.

In this paper, a sliding mode quadrocopter
control system based on a dual neural network
controller was considered. The main neural net-
work was a MIMO system that approximates the
control signal for the motion of the system in the
vicinity of the sliding surface. The auxiliary neu-
ral network approximates the corrective control
signal needed to smooth the effect of high fre-

(Pdo;ll !-.
Oll . :": i P~
~0.1-—
-0.3
0. V
0 1 2 3 4 5 6
Fig. 11. Dashed line — g, solid line — o,
dotted line — white noise
02 i! ..._ h ':I )
0 !:': Vo
ry IR Y
-0.4 :';'. \
0 1 2 3 4 5 6
Fig. 13. Dashed line — 64, solid line — 6,
dotted line — white noise
[l .
1 ! -_
:I: | fpati 1 ] ;I:_L._ 1
0.2F 1 i y
i .,;\_ f | \ 1 J
0 :, .: _'f [ i I: ! ,'I
'; .'I. I ; I". ; 3 /:'. I ':
) M | L/ _.‘.I
—0.4 I:.'I;I . i:
0 1 2 3 4 5 6
Fig. 15. Dashed line — vy,
solid line —  dotted line — white noise
yy°
0.4 |I _',
s | “Il [T g A 5 T
Lo
-0.4 { II
-0.8 :
0 1 2 3 4 5 6

Fig. 16. The red line is with white noise,
the black line is without perturbation

guency jitter near the sliding surface. The proposed method allows controlling the system without a
priori information about the parameters of the dynamic model of the controlled object. The stability of

[HOOPMALIIIMHI TEXHOJIOT'Ti. ABTOMATH3ALILA



ISSN 2076-2429 (print) 105

ISSN 2223-3814 (online) Proceedings of Odessa Polytechnic University, Issue 2(70), 2024

the system motion in the vicinity of the sliding surface is proved using the Lyapunov method. Accord-
ing to the results of modeling the dynamic model of quadrocopter with neural network regulator and in
MATLAB environment, we can conclude that the proposed control method provides stable motion
along the specified trajectory despite external disturbing influences. Also, the capabilities of the devel-
oped control method have been demonstrated. A new hybrid position-force controller using an adap-
tive neural network for controlling the motion of a robot manipulator has been proposed. It is shown
that the proposed method can be used both for controlling manipulation robots and for controlling oth-
er types of robotic systems, including mechanical systems with not fully activated degrees of mobility,
manipulators with both force and position control of the working tool, UAVs.
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