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ABSTRACT

A robot motion system always depends on mathematical model parameters that
are uncertain or not precisely known and are unavoidably affected by external
disturbances. There are many traditional control methods, modern control methods, and
intelligent control methods to handle this case, however, those control methods are all
based on the uncertain robot mathematical model, which requires at least estimating
those parameters or assuming the parameters are constant and uncertain. The article's
content is to present a control method for moving robots to follow precise orbits without
relying entirely on the model, which is an adaptive controller thanks to iterative learning
types PD. Used smart online learning parameters. Simulation results for a two-degree-
of-freedom manipulator have provided the required tracking quality, and after 50 trials,

the output signal can track the signal set at both joints.

Keywords: Robot with 2 degrees of freedom, iterative learning control; estimated

according to the Taylor series

1. INTRODUCTION The type of mathematical model

Robots have been widely used in commonly used for designing and

many industrial fields, so there have been synthesizing. controllers s the Euler -

countless robot control methods Lagrange model, which is affected by

researched and applied, helping robots external input noise d(t) as follows:

achieve accurate trajectory tracking. u=M(q,0).4+C(q,4,0)q+G(q,0)+ F(4,0)+d(t)
Qualified. However, these methods are (1)

all built based on the mathematical model . ) o )

o In which ¢ is the vector of joint variables;
describing the robot, and they are . ]

. . 0is the vector of uncertain parameters;
classified depending on the level of

accuracy of that mathematical model. M (q,@)ls the inertia matrix that is always
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positive definite symmetry; C(q,q,6)q 1s
the vector of Coriolis and centrifugal

components; F(g,8)describes the effect
of friction; G(q,0) is the vector gravity;
d(t)1s the noise vector in the actuator and

you is the control signal. With the
matching variables equal to the number
of input signals, such a robot system has
enough actuators. The robot control task
is to build a feedback controller so that
the output is the joint variables q that
follow the desired trajectory r(t), and M

the tracking quality does not depend on
uncertain parameters and components
and external noise d(t). owever, over
time, due to many objective factors, such
as equipment wear and tear from
environmental impacts,... the initially set
design quality is no longer guaranteed. In
this case, it is common to rebuild the
controller. As we know, to design an
industrial robot motion control system
using the traditional method, one thing
that cannot be changed is to always
clearly understand the control object,
which means the control object must be
controlled and expressed in modeling in
the form of some mathematical model
that accurately describes the object,
which here can be a transfer function and
can also be a state model in the form of a
system of differential equations—highest
classification. At the same time, when
building and designing a motion control
system, it iS necessary to anticipate
objective factors that will not impact the

system as expected, such as external
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interference, etc., leading to damage to
the system. The control is no longer as
effective as before, and one must redefine
the mathematical model of the control
object, Re-evaluate the rules of unwanted
effects, bring objectivity into the system,
Rebuild the controller, or at least redefine
the parameters for the controller. There
have been many control methods to solve
the above problem, for example, the
exact linearization method [1]. If the
external noise component d(t) passes, but
the indeterminate constant parameter still
exists, we have the inverse control
method of the model [2]. In cases where
both external noise components and
uncertain constant parameters exist, there
is a sliding control method [3]. However,
the disadvantage of the sliding control
method is the phenomenon of chattering
when the system slides on the sliding
surface at a high frequency. To improve
this vibration phenomenon, there is also
a high-order sliding control method [4],
but it still requires an estimated value of
the maximum standard deviation of the
model caused by and d(t) and cannot
eliminate it. Due to vibration, there is still
a risk of premature failure of robot
mechanical equipment components. To
overcome the above disadvantages,
intelligent control methods can be used,
which as the control trend of not using
the robot's dynamic model (1), so that the
control quality is not affected. by
components q(t) and d(t). The intelligent

control method mainly applied to robots



mentioned in the article is the iterative
learning method [5]. This is an integrated
control method with cyclic working
systems and requires the same state. At
the same time, it is also required that the
parameters (t) and d(t) are periodic and
have the same change period as the
working cycle of industrial robots. In
reality, the iterative learning control
method is only sometimes applied to
the
Currently,

meet desired control quality.

there have been many
improvements to iterative learning to
improve control quality and expand the
scope of practical applications. The first
is to improve the combination of iterative
learning  with  traditional  control
methods, such as separating the friction
component in [6], which is impossible in
[7]. The disadvantage of stabilizing the
with

that

traditional
the

"intelligence" of the final controller. In

control  object a

controller is it loses
other words, the preprocessing and
feedforward iterative learning controller,
as above, is no longer an intelligent
Next,

"smart" adaptive control according to the

controller. stabilize  through
sample model with the structure shown in
Figure 2 [8]. "Intelligence" is the block
of estimating uncertain components
without using the mathematical model of
the system (control object). The insecure
features of the system include input noise
and model deviations (compared to the
sample model), and this is a controlled

trend that can be applied to the control of
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industrial robots. The main content of the
article will present a control algorithm to
the

to use

stabilize robot system without

needing traditional control
methods. This creates the possibility of
applying iterative learning control to
unstable systems without using the
mathematical model of the robot system,
applicable to the case where q(t) d(t)
depends on time, with no need for
circulation. This control method is built
on the theoretical basis of optimal control
of each segment on the time axis [9]. The
content of the article includes four parts.
Part 1 is the problem of researching
iterative learning for robot systems. Part
2 will present an intelligent adaptive
controller based on a sample model for a
robot system. Part 3 will apply the
proposed method to a two-degree-of-
freedom robot to verify the control
method. Part 4 is conclusions and future

research directions.

2.  INTELLIGENT ADAPTIVE
CONTROL, ACCORDING TO THE
MODEL FOR INDUSTRIAL ROBOT
SYSTEMS

2.1. Proposed control structure diagram

There are many industrial robot
actuators, but they all have the same
mathematical model as the Euler —
(1). Build

intelligent controller so that the joint

Lagrange equation an
variable vector q can follow the sample
trajectory r(t) and the quality of robot

joint tracking is unaffected by d(t). Use



the control structure diagram shown in
Figure 1, which is based on a 2-circuit
structure, to help apply iterative learning

control better.

d .
I;b L o é» i — Robot .9
Controller S (—> .
Q Smart <
stabilization <_|
Memory |«

Fig. 1. Control structure without using

robots' mathematical model

The proposed method of this inner

controller uses an intelligent
with
feedback unit in the inner loop, as
depicted in Figure 1. The task of this

smart linearized controller is the initial

loop

linearized controller a state

robot system transfer (1) rewritten in an

equivalent form with total noise,

including initial d and model error as

follows:
j=utn ()
With:
n=d+[1,~3(2.6) |4 ~C(2,0.0)4-F (6) - 2 (.0)
(3)

And (2) becomes a linear system through

estimation M and 7 then proceeds to
compensation through the input signal:
4

With §=mn-7 is the remaining estimate

G=u+n-n=u+3d

C1Tor.

The task of the inner loop controller

1s to make the estimated results as
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accurate as possible. The more precise
the calculated result, the smaller the
remaining uncertainty component. In
the thanks

uncertainty

addition, linearizer, to

estimation and
compensation, must be "smart," which
means there is no need to use the robot

dynamics equation (1).

The task of the outer loop controller
is: The controller learns iteratively to
determine the control signal u, making
the trajectory of the joint variables q stick
firmly to the given sample trajectory r.
This iterative learning controller will use
a PD-style

learning parameters adjusted online after

learning function with

every kth trial according to minimizing
the sum of squared tracking errors.

For convenience of presentation, we will
use the state vector symbol and input

signal for system (2) as follows:

x=(2jvé u=v-—A49-4,4q (5)

Where 4, and A4, are two optional

matrices. Then, the equivalent model (2)
of the robot above becomes the canonical

state equation form.

x=Ax+B[v+3] (6)
0
A:[O” 1, }vé B=( n], §=n-1
-4, -4, I,
(7)

And are the zeros and the identity matrix
of dimension n x n, respectivity.
It can be seen that except in (3), this

equivalent model no longer contains any



information about the Euler — Lagrange
model of the original robot motion
system. Therefore, if compensated
according to the principle of Taylor
series analysis by an inner loop
controller, this controller does not need
to use model (1), which is intelligent.
That is the reason for the name smart
internal loop controller or intelligent
stabilization and linearization controller

with state feedback.

2.2. Estimate the derivative of the

Junction vector from measured data.

To estimate the derivative value of
a function vector, we use the estimation
method

specifically as follows:

using  Taylor  analysis,

2
(1) = B0 (1)= 83 (-1)+ 5, (€)

(8)

T

:—BOT:

1 (9)
T

Are the corresponding Taylor series
coefficients and (i-1)7, <{<iT,. It can be
seen that, in this case g (C)ZO,VC the
formula approximates the derivative:

i (1)~ xk(i)'xk (i-1)

T (10)

It becomes exact, i.e., the Taylor series

analysis is error-free.

2.3.

controller.

Design an external circuit

The iterative learning controller uses a

PD-type learning function:
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g (1) =g (1) + Kpep (i) + Kpep (i+1),i = 0,1, N -1

(11)

Correspondingly, at the end of the

working cycle at i = N-1 it becomes:
ey (N =1) = (N=1) + (K + K3 ) ¢ (N -1)
(12)
conditions

Sufficient to

convergence for the learning process

ensurc

when using PD-style tuning, the learning
parameters need to be satisfied:
|1, - CBK | +|[CBK | < 1
(13)

2.4. Principles for online determination

of learning function parameters

To separate the mathematical model of
the control object from the task of
determining the convergence parameter
the that

convergence parameter can only be

for learning  function,
based on the information measured from
the thing, which here is the clinging error

e; . So, the principle of determining the
learning function parameter x, for the k

+ 1 trial from the two tracking error

vectors measured in the entire two
immediately preceding tests ¢, and ¢, _;
is such that with this result, we will get a
vector of errors ¢, ,,. The adhesion for
the k + 1 trial is similar to the previous

two.
2.5. Design an internal loop controller

This is a loop circuit that uses
Taylor series analysis to estimate 7 at

time ¢=kT+i7, from 2 previously



measured values including with . Follow

these 2 steps:

Step 1: Use intelligent adaptive
method

compensation u=v-n to

stabilize the robot:

G=—A4q-A44+v-N+n
n=d+ Mg+ Ayl 1,~M(4.0) [i-C(4.4.0)4
-F(0)d-2(4.6)

Step 2: Use the iterative learning

principle to design the controller

Perform step 1: Convert the system

when compensating

P 0 +f° [v-f+n]=
a4 4 )T
:Ax+B[U—ﬁ+n]
(14)

Then the estimation formula is

determined as follows:

YR UR G I (l-)};-uk(i)

N
+A(i-1)
(15)
2.6 Control algorithm

The control algorithm contains all
necessary calculations and has the
following summary structure:
Choose two matrices Al s AZ and choose learning
parameter X . Choose TS and calculate N=T/ TS ;
Assign U(I)=r(i),1=0,1,...N—1;z=0. Choose
arbitrarity 1)

2 while continue the control do

3 for i=0,1,...,N—1do|
Send (i) = (i) — Ag — A g — 1 to robot for a
white of 7,
4 Measure X . Detemine e.ﬁ(i) = r(i) - q(i) .
Calculate
B [(x—2)/ T, - Ax| - (i) + i1, 2 «x
5 end for

Establish
6 V= vec(u(O), ..... U(A‘?*l));e = vec(e(O),....,s

Set v¢«v+Ke

7 end while

In this algorithm, each while - do loop
represents one working cycle (one
attempt). In addition, it can be seen that
the above control algorithm does not use
the mathematical model of the robot at
all.

3. Mathematical mode of 2 — dof

planar robot

To test the control quality of the
above control algorithm, it has been
installed for a 2-degree-of-freedom

robot, figure 2.

Fig. 2. Model of 2 - DOF

The 2-degree-of-freedom robot
system (Figure 4) has the Euler -
Lagrange model (1) with the following

specific results:



My = mlg, +1+my (5 412,421,086, )+ 1,

M, = my (13, +11.,c080,) +1,
M, = my (13, + 1/ c,c086,) + 1,
M,, = my 12, +1,

H, = -m,l 1, sin 6,(26, 6, +67)

Hy, = mylle, (6;+6,6,)sin6, —myl ., sin 6,60,
{G“ = myl.,c0s6, +m,g(/cos +1.,cos(6,+6,))

G, = m,gl.,cos(6; +6,)

Friction components::
0111

F(q,q,e)q=( 1l
01262

With input noise assumed as follows:

dj = qyqp sin(2xt), dy = q,q;sin(0.67t)

The parameters ¢ i-1-20 are
random. The robot is assumed to have a
duty cycle T, =10s. Control signal update
time is T, =0.025sselected. The orbits are

set as two periodic functions of period T
as follows:

r, = 2sin(nt/ T) —sin(5nt/ T);
r, =sin(nt/ T) - 0.5sin(5nt/ T);

And controller parameters:

31 0 12 0
4 = Ay = K =12,K,=7
0 12 0 8

Comment: The matching variables

4,-q9, and desired values, as shown in

Figure 4 and Figure 5, show that the
matching variables all approach the
preset value with the tracking error after
50 trials
acceptable specifically for the joint. The

being small enough and

first is:

max\el\ ~ 0.04; max\ez\ ~ 0.02;

);fl =q; +qptanhq;f, =qp +qp ta
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1

Fig. 3. Results of adhesion at the first
joint

Fig. 4. Adhesion results at the second
joint
CONCLUSION

In the article, an algorithm has been
built to install an iterative learning
controller in the outer loop of type D
learning and online determination of the
proposed learning function parameters.
Simulation results for a 2-degree-of-
freedom robot have demonstrated the
effectiveness of the model-based control
method. The remaining problems in the

following research results are to develop

strategies to determine the set of
convergence parameters K for a
nonlinear function with a known

structure. In addition, the problem of

constrained control has yet to be
considered by iterative learning. The
following research direction will be to
solve the problem of constrained iterative

learning conditions shortly.
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