System Analysis and Control

DOI: 10.18721/JCSTCS.13105
YK 004.896

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

E.N. Rostova’, N.V. Rostov?, Z. Yan?

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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HEMPOCETEBAA KOMMEHCALUUA UHAMUYECKUX
OLUMBOK B NO3ULMOHHOWU CUCTEME YMPABJIEHUA
MAHUNYTIALNOHHbBIM POBOTOM

E.H. PocmoBa'’, H.B. Pocmo@?, 4. SIHb?

1CaHKT-MeTepbyprckmMii UHCTUTYT MHPOPMATUKKM M aBTOMaTM3auUMKn PAH,
CaHKT-lMeTepbypr, Poccuitickas Peaepauyms;

2CaHKT-leTepbyprcknin noanMTexHuYeckunin yHueepcutet MeTpa Benukoro,
CaHKT-MNeTepbypr, Poccuiickaa Pepepaumn

PaccmoTrpeHa cucrtema TO3UMIIMOHHOTO YIIPaBJAEHUS TPEX3BEHHBIM MAaHUITYJISILIMOHHBIM
poo6oroMm. [IlpoBegeH 0030p mnybOJMKaLMii MO BOIpOcaM HEJIMHEWMHOW KOMIIEHCAllUuu
IMHAMUYECKUX OIIMOOK B CUCTeMaX MPOTrPaMMHOTO YIIPaBICHYS] MAaHUIY/ISILIMOHHBIMU POOOTaMU
C UCIIOJb30BaHMEM HEWpPOHHBIX ceTeil. [IpemcraBieHO MaTeMaTMYecKOe ONMUCaHUE CUCTEMBbI
yIIpaBJeHUs] C HEJIMHENHON KOMMEeHCcaluel IMHAMUKU WUCITOJHUTEIbHOrO MeXaHu3Ma po0oTa.
ITpoBeneHo 0OyuyeHe MHOTOMEPHBIX HETMHEMHBIX HEPOCETeBbIX KOMIIEHCATOPOB IMHAMMYECKUX
OLLIMOOK, OOYCJIOBJIEHHBIX JEWCTBUEM MHEPLUOHHBIX, KOPUOJMCOBBIX M TIpaBUTALMOHHBIX
Harpy304HBIX MOMEHTOB B MIpHBoOAaxX poboTa. Pa3paboTaHBl KOMIIBIOTEPHBIC MOACIM CHUCTEMBI
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yIpaBAeHUS C pPa3IWYHBIMU BapHaHTAMU MHOTOMEPHBIX HEPOCETeBBIX KOMIICHCATOPOB,
BKJIIOUaeMbI€ B PA30MKHYTHIN KaHaJ YIIpaBJIeHUs U 3aMKHYTBII KOHTYP CHCTEMBI YIIpaBJICHUS.
[IpoBeneHO KOMITbIOTEPHOE MOJEIMPOBAHUE CUCTEM C IMPOTOTUIIHBIMU W HEMpoceTeBbIMU
KOMIIEHCAaTOpaMM paccMaTprBaeMbIX TUMOB. ChenaH CpaBHUTEIBHBIA aHAIN3 JUHAMWYCCKUX
OIITMOOK B CMCTEMAX YITPaBJICHUS C Pa3IMIHBIMIA KOMOMHAIIMSMU HEMPOCETEBBIX KOMIIEHCATOPOB.
HaHbl peKoOMeHIAIlUM II0 IPOrpaMMHOM pealn3allid HEWPOCETEBBIX KOMIICHCATOPOB LIS
peaTbHBIX TTO3ULIMOHHBIX CUCTEM YIIPABICHNS MAHUITYJISIIMOHHBIMU POOOTAMMU.

KnioueBbie ciaoBa: poOOT-MaHUITYJIATOP, MO3MLUMOHHAS CHCTEMA YIpPaBIEHUs, HEWPOHHBIE
CeTH, HeJIMHEeITHbIe MHOTOMEPHBIE KOMITEHCATOPHI, MOIEINPOBaHIE, IMHAMUYECKIE OIITMOKH.

Ccouika npu murupoBanuu: Poctosa E.H., PocroB H.B., Sl Y. HeiipocereBast KoMITeHCAIUs
JMHAMUYECKHUX OLIMOO0K B MO3UIIMOHHOM CUCTEME YITPABICHUS MAHUTTYISIHIUOHHBIM POOOTOM //
HNubopmaTuka, TeiekommyHukamuu u yrpasiaeHue. 2020. T. 13. Ne 1. C. 53-64. DOI: 10.18721/
JCSTCS.13105

CraTbs OTKpBITOTO noctyna, pacnpoctpaHsiemas o JuieH3un 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 [§—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]:

Aq)q+B(q,9)q+C(q)=0, -0, (1)

where (g, ¢, g ) — Nx1 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. = A(q)g — Nx1 vector of inertia torques caused by accelerated links’ motion; A(g) — NxN
matrix of the robot’s kinetic energy; O = B(q,§)g — Nx1 vector of Coriolis and centrifugal torques;
B(q,q) — NxN matrix; ngv = C(q) — Nx1 vector of gravity torques and other potential forces.

In the right part of equations (1) Q, — Nx1 vector of torques generated by the robot drives; Q, — Nx1
vector of additional loads occurring in the drives because of frictions in the joints and the influence of
external forces on the robot gripper:

0, =S (F, )

where J(g) — NxN matrix transposed to the robot’s Jacobi matrix; F, = (F, F,F,M, M, M)" - 6x1
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, qp , c'jp ):

Oner = Aa,)4,, Q.. =B4,,4,)4,, Oy =C(q,) (3)
fo= Qiner + Qcor + Qgrav : (4)

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,, 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:

U,.=(K,e+Kk, j edt—K,§)+K,,.4,, (5)
where K == diag{K ,, .} — 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:

Qiner = A(q)Upid’ Qcor = B(q7 q)q9 ngv = C(q)’ (6)

0= Qi T Lo T Ly > 7
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where the output vector of the PID regulator Up ;18 interpreted as a vector of program accelerations.
A functional diagram of a system with a nonlinear FB compensator is shown in Fig. 2.
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Fig. 1. A control system with feedforward compensation
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Fig. 2. A control system with feedback compensation

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:

E=J(X,-X ) +(Y,-Y,)' +(Z,-Z,), (8)

where (Xp , Yp , ZP )" — the program coordinates of gripper positions; (X , ¥, Z )" — 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).
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Fig. 3. The helical program trajectory of the robot gripper
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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.
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Fig. 5. Errors in the systems with nonlinear FF compensators
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Fig. 6. Errors in the systems with a combination of FF 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 (q,,4,,4,) on a given helical gripper trajectory were chosen as input data
for the training of NN compensators. Calculated load torques (Q, ., O ngv) 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.

cor’

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.
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Fig. 8. The model of a control system with neural network FF compensators
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Fig. 9. The model of a control system with neural network FB compensators

59



4Computing, Telecommunications and Control Vol. 13, No. 1, 2020

NN FF
Inertia Compensator
> q
Pqd  QFF ';I Q_FFI
P qdd
Data for
qdd_p PID Controllers Robot animation
qd_p P qd_p > TI q »a_r
q_p » +_ —»E Upid + P Q qd P qd_r
Program —»ad bt J qdd P qdd_r

NN FB
Gravity and Coriolis

Compensators

»iq
»qd Q_FB ,Li Q_FE!|

Fig. 10. The model of a control system with two neural network
FB compensators and one FF inertia compensator

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

The dynamical precision of traditional CNC systems is achieved with combined control of the
robot drives that includes regulation with feedbacks and one-variable linear compensation of errors
caused by derivatives of drives’ inputs. But in case of robot manipulators decreasing dynamical errors
requires nonlinear multivariable compensation of the influences of inertia, Coriolis, centrifugal and
gravity torques in the robot link drives when moving along complex program trajectories.

In this work, the authors explore robot manipulator control systems when the robot operates in
determined conditions. In this case construction parameters and the robot’s dynamic model are
known. This allows to calculate torques of load that occur on given trajectories of the robot gripper
beforehand in order to compensate for the influence of torques during the operation.

NN compensators of dynamic errors are an alternative to prototype nonlinear compensators,
which have specific structures and parameters described with complex nonlinear equations. Training
of NN compensators should be performed in the autonomous (offline) mode based on the results of
computer simulation of prototype compensators for certain program trajectories of the robot gripper.
The minimal time of training is achieved when using NN compensators with RBF neurons.

NN compensators are effective for increasing the robot’s precision in modern CNC systems.
Also, the functional linearization of complex and nonlinear multivariable robot dynamics that they
give ensures more stable work of robot link drives. In systems without nonlinear compensation, the
robustness of high-precision drives can be obtained only with the use of adaptive regulators, which are
rather complicated to implement.

The necessary condition for NN compensators use is that the computer model used for their
training corresponds to the real robot dynamics. In this case compensators trained for certain program
trajectories of the robot links will not cause instability of closed-loop drive systems. In situations with
some parameter uncertainty of real robot dynamics, NN compensation will be incomplete, and the
drives robustness can be improved with adaptive regulators. However, the problems of synthesis of
such kind of regulators require special consideration.

The estimates of dynamic errors on the gripper helical trajectory obtained by computer simulation
show that errors in systems with multivariable RBF NN compensators and standard PID position
regulators are much smaller compared to systems with linear compensators. The results of simulation
show that the highest precision is achieved in the control system with two NN FB compensators and
one NN FF inertia compensator (Fig. 10). Such structure can be recommended for implementation
in real systems.

For NN approximation of different torques of load with necessary precision, the number of RBF
neurons and training time depend on the type of trajectories, operation time and singularity points on
the continuous-path gripper trajectory. Program realization of nonlinear NN compensators requires
high-speed microprocessors, such as digital signal processors (DSP). However, the problems of
implementation of NN compensators require more detailed consideration that is beyond the scope
of this paper.
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