
53

DOI: 10.18721/JCSTCS.13105
УДК 004.896

NEURAL NETWORK COMPENSATION OF DYNAMIC ERRORS  
IN A POSITION CONTROL SYSTEM OF A ROBOT MANIPULATOR

E.N. Rostova1, N.V. Rostov2, Z. Yan2

1St. Petersburg Institute for Informatics and Automation of RAS,
St. Petersburg, Russian Federation;

2Peter the Great St. Petersburg Polytechnic University,
St. Petersburg, Russian Federation

This paper considers a position control system of a 3-link robot manipulator. The authors 
reviewed publications on nonlinear compensation of dynamic errors with the use of neural 
networks in robot manipulator control systems. The paper presents mathematical description of 
the control system with the compensation of nonlinear dynamics of the robot mechanism. We 
carried out training of multivariable neural network compensators of dynamic errors occurring 
because of the influence of inertia, Coriolis and gravity load torques. We developed computer 
models of the control system with different types of neural network compensators which are 
included in feedforward and feedback of the system and carried out a computer simulation of 
control systems with prototype and different kinds of neural network compensators. We also 
conducted a comparative analysis of dynamic errors in the system with different combinations 
of neural network compensators and gave recommendations on program realization of neural 
network compensators for real robot manipulator position control systems.
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Рассмотрена система позиционного управления трёхзвенным манипуляционным 
роботом. Проведен обзор публикаций по вопросам нелинейной компенсации 
динамических ошибок в системах программного управления манипуляционными роботами 
с использованием нейронных сетей. Представлено математическое описание системы 
управления с нелинейной компенсацией динамики исполнительного механизма робота. 
Проведено обучение многомерных нелинейных нейросетевых компенсаторов динамических 
ошибок, обусловленных действием инерционных, кориолисовых и гравитационных 
нагрузочных моментов в приводах робота. Разработаны компьютерные модели системы 
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управления с различными вариантами многомерных нейросетевых компенсаторов, 
включаемые в разомкнутый канал управления и замкнутый контур системы управления. 
Проведено компьютерное моделирование систем с прототипными и нейросетевыми 
компенсаторами рассматриваемых типов. Сделан сравнительный анализ динамических 
ошибок в системах управления с различными комбинациями нейросетевых компенсаторов. 
Даны рекомендации по программной реализации нейросетевых компенсаторов для 
реальных позиционных систем управления манипуляционными роботами.

Ключевые слова: робот-манипулятор, позиционная система управления, нейронные 
сети, нелинейные многомерные компенсаторы, моделирование, динамические ошибки.

Ссылка при цитировании: Ростова Е.Н., Ростов Н.В., Янь Ч. Нейросетевая компенсация 
динамических ошибок в позиционной системе управления манипуляционным роботом // 
Информатика, телекоммуникации и управление. 2020. Т. 13. № 1. С. 53-64. DOI: 10.18721/
JCSTCS.13105

Cтатья открытого доступа, распространяемая по лицензии CC BY-NC 4.0 (https://creative-
commons.org/licenses/by-nc/4.0/).

Introduction

These days the new problems of robot manipulator (RM) motion control are given significant 
consideration. One of such problems is increasing the precision characteristics of robots executing various 
technological operations. When the motion of robot links along program trajectories is performed, 
substantial dynamic errors occur mainly because of considerable nonlinearity of RM dynamics and 
because of robot links’ interaction [1–4].

The design of RM motion control systems (CS) requires a very precise description of system 
dynamics and knowing technical parameters of a RM. Existing control methods, including the control 
based on the calculation of torques in link joints and other control methods based on the direct solving 
of the inverse dynamics problem, require the use of precise RM dynamics models [5–7]. However, 
mathematical models of real control systems contain some parameter uncertainties. Therefore, RM 
control requires taking into account not only the links’ interaction but also the influence of various 
load torques.

Lately, algorithms based on fuzzy logic and neural networks have been implemented for the purpose 
of increasing robot precision characteristics [8–10]. In particular, neural network calculators can be 
used in robot drives as nonlinear quasi time-optimal regulators [11]. Neural network interpolators 
of robot link trajectories can be implemented instead of traditional spline interpolators in computer 
numerical control (CNC) systems [12, 13]. Also, neural network can be used for solving inverse 
kinematics of a robot [14, 15].

In this paper, we explore robot manipulator motion control systems with neural network (NN) 
compensators of dynamic errors occurring when robot drives execute program trajectories of the 
robot links. These errors are caused by torque loads resulting from nonlinear robot dynamics. Similar 
investigations were carried out in [16, 17].

The purpose of this work is the choice of structures and the training of multivariable nonlinear 
NN compensators of dynamic errors occurring on program gripper trajectories of a 3-link robot that 
operates in an angular coordinate system.

The main problems we approach in this paper are listed below:
1)  mathematical modeling of control systems with prototype compensators of dynamic errors;
2)  training of NN compensators which occur on given program trajectories of RM links;
3)  computer simulation of control systems with prototype and NN compensators;
4)  evaluation and comparative analysis of dynamic errors in the systems under consideration.
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Mathematical models of prototype nonlinear compensators

Multivariable compensators of dynamic errors are described by expressions corresponding to the 
nonlinear dynamic model of a robot, which is presented in the form of Lagrange equations [1–4]:

where ( q , q , q ) – N×1 vectors of position, speed and acceleration coordinates of the robot links; N – the 
number of robot links.

The main loads of the robot drives are the elements of the vectors in the left part of the equations (1), 
where: Q

iner
 = A(q)q – N×1 vector of inertia torques caused by accelerated links’ motion; A(q) – N×N 

matrix of the robot’s kinetic energy; Q
cor

 = B(q,q)q – N×1 vector of Coriolis and centrifugal torques; 
B(q,q) – N×N matrix; Q

grav
 = C(q) – N×1 vector of gravity torques and other potential forces.

In the right part of equations (1) Q
d
 – N×1 vector of torques generated by the robot drives; Q

L
 – N×1 

vector of additional loads occurring in the drives because of frictions in the joints and the influence of 
external forces on the robot gripper:

( ) ( , ) ( ) d LA q q B q q q C q Q Q+ + = −   , (1)

(2)QL = JT (q)FL ,

where JT(q) – N×N matrix transposed to the robot’s Jacobi matrix; F
L
 = (F

x
, F

y
, F

z
, M

x
, M

y
, M

z
)T – 6×1 

vector of coordinates of an external force and an external torque that influence the gripper.
In motion control systems, trajectories of robot links are calculated by solving the inverse kinematics 

problem in the base points of a robot gripper trajectory. After that, the link trajectories are interpolated 
using spline or other polynomials. Thus, the torques which the drives must overcome can be calculated 
with the program values of position, speed and acceleration vectors of the links ( q

p
 , q

p
 , q

p
 ):

(3)( ) ,iner p pQ A q q=  ( , ) ,cor p p pQ B q q q=   ( ),grav pQ C q=

Expressions (3) and (4) can be used directly for compensation of dynamic errors in CS with 
torque drives.

Fig. 1 shows the functional diagram of a system with compensators included in a feedforward (FF) 
circuit of the system, where PCU is a program control unit.

In case there are additional torques of loads Q
L
, there might be significant errors in a system with 

FF compensation. These errors can be reduced by adding a linear compensator into the position PID 
regulator:

(4)Qff = Qiner + Qcor + Qgrav .

(7)Qfb = Qiner + Qcor + Qgrav ,

(5)( ) ,pid p i d com pU K e K edt K q K q= + − +∫  

where K
com

 = diag{K
(com,i)

} – the diagonal matrix of linear compensator coefficients.
Nonlinear compensators can be also included into a closed loop of a system with position and speed 

feedback (FB), in a combination with a PID regulator or a more complex nonlinear regulator. In this case 
the FB compensator uses signals of real links’ positions and speeds that are measured by sensors:

(6)( ) ,iner pidQ A q U= ( , ) ,corQ B q q q=   ( ),gravQ C q=

.
.

.

.
..

..

. ..
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where the output vector of the PID regulator U
pid

 is interpreted as a vector of program accelerations.
A functional diagram of a system with a nonlinear FB compensator is shown in Fig. 2.

where (X
p 
, Y

p 
, Z

p 
)T – the program coordinates of gripper positions; (X

r 
, Y

r 
, Z

r 
)T – the real coordinates of 

gripper positions.
Fig. 4 shows dynamic errors obtained in the process of simulation for the two types of systems: 1 – for 

the system with a PID regulator only, without a linear compensator (dash line); 2 – for the system with a 
PID regulator and an additional linear FF compensator (solid line).

Multivariable compensators (6) and (7) perform the functional linearization of the robot’s nonlinear 
dynamics described by equations (1), and thus, help make the robot drives work more accurately.

Simulation of a system with prototype nonlinear compensators

Certain Simulink models were built for the investigation of control systems with prototype FF and FB 
compensators. Parameters of a 3-link RM model corresponded to the parameters of the first three links 
of the 6-link PUMA-560 robot. Frictions in the robot joints were not taken into consideration [18–20].

A helical (spiral-shaped) trajectory was chosen as a standard program trajectory of a robot gripper. 
Fig. 3 illustrates the animation of the robot gripper movement along a helical trajectory made with 
functions from Robotics Toolbox 10.3.1 [20].

The dynamic errors on the gripper trajectory were calculated using the expression below:

Fig. 1. A control system with feedforward compensation

(8)2 2 2( ) ( ) ( ) ,p r p r p rE X X Y Y Z Z= − + − + −

Fig. 2. A control system with feedback compensation
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Fig. 3. The helical program trajectory of the robot gripper

Fig. 4. Errors in the systems without nonlinear compensators

Fig. 5 shows dynamic errors in the systems with a linear compensator and additional nonlinear FF 
compensators of different types: 

1 – FF compensation of gravity torques; 
2 – FF compensation of Coriolis and centrifugal torques;
3 – FF compensation of inertia torques;
4 – full FF compensation of load torques.
Fig. 6 shows dynamic errors in the systems with a linear compensator and different combinations of 

nonlinear FF compensators: 
1 – FF compensation of gravity torques only;
2 – FF compensation of gravity and Coriolis torques;
3 – FF compensation of gravity, Coriolis and inertia torques.
From what we can see in Fig. 5 and 6, the minimal dynamic errors are achieved with the use of a linear 

compensator together with all types of nonlinear FF compensators.

Z, m

X, m Y, m
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Fig. 5. Errors in the systems with nonlinear FF compensators

Fig. 6. Errors in the systems with a combination of FF compensators

Fig. 7. Errors in the systems with nonlinear FB compensators

With linear compensators
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Fig. 7 illustrates dynamic errors in the systems with a linear compensator and additional nonlinear FB 
compensators of different types:

1 – FB compensation of gravity torques;
2 – FB compensation of Coriolis and centrifugal torques;
3 – FB compensation of inertia torques;
4 – full FB compensation of load torques.

Training of nonlinear neural network compensators

Neural network compensators can be realized with the use of different types of neural networks 
[21–26]. In this work, models of prototype compensators were used for the training of NN compensators. 
Program links’ coordinates                   on a given helical gripper trajectory were chosen as input data 
for the training of NN compensators. Calculated load torques (Q

iner 
, Q

cor 
, Q

grav 
) were used as output 

data. Radial basis neural networks were chosen as NN compensators. The training was performed 
using functions from Neural Network Toolbox in MATLAB.

Simulation of a system with nonlinear neural network compensators

Simulink models shown in Fig. 8, 9 and 10 were developed for the analysis of processes in systems with 
neural network FF and FB compensators. 

Dynamic errors obtained during the simulation of the system shown in Fig. 8 are close to the errors 
shown in Fig. 5.

Fig. 8. The model of a control system with neural network FF compensators

Fig. 9. The model of a control system with neural network FB compensators

( , , )p p pq q q 

Compensators

Compensators
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Fig. 10. The model of a control system with two neural network  

FB compensators and one FF inertia compensator

Fig.11. Errors in the systems with neural network FF and FB compensators

Dynamic errors obtained during the simulation of the system shown in Fig. 9 are different from the 
errors shown in Fig. 7.

The model in Fig. 10 includes two neural network FB compensators (of gravity and Coriolis torques) 
and one neural network FF inertia torques compensator. 

Fig. 11 shows dynamic errors in three systems with a linear compensator and different combinations of 
neural network FF compensators: 

1 – full neural network FF compensation; 
2 – neural network FB compensation of gravity and Coriolis torques;
3 – neural network FF compensation of inertia torques and FB compensation of gravity and Coriolis 

torques.

The evaluation of errors in Fig. 11 leads to the conclusion that the minimal dynamic errors are achieved 
in the system with two neural network FB compensators of gravity and Coriolis torques and one additional 
neural network FF compensator of inertia torques, just as in the system with full neural network FF 
compensation.

Compensator

Compensators
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