
 Eindhoven University of Technology

MASTER

Advanced control of an RRR-robot tip

Bukkems, B.H.M.

Award date:
2003

Link to publication

Disclaimer
This document contains a student thesis (bachelor's or master's), as authored by a student at Eindhoven University of Technology. Student
theses are made available in the TU/e repository upon obtaining the required degree. The grade received is not published on the document
as presented in the repository. The required complexity or quality of research of student theses may vary by program, and the required
minimum study period may vary in duration.

General rights
Copyright and moral rights for the publications made accessible in the public portal are retained by the authors and/or other copyright owners
and it is a condition of accessing publications that users recognise and abide by the legal requirements associated with these rights.

            • Users may download and print one copy of any publication from the public portal for the purpose of private study or research.
            • You may not further distribute the material or use it for any profit-making activity or commercial gain

https://research.tue.nl/en/studentTheses/f26a02fa-9d86-4f5b-8472-37bc045949a5


Advanced Control 
of an RRR-robot Tip 

Master's Thesis by: 
B.H.M. Bukkems 

Report No. DCT 2003.04 

Eindhoven, 21st January 2003 

Engineering Thesis Committee: 

prof.dr.ir . M. Steinbuch (chairman) 
dr.ir. A.G. de Jager (coach) 
D. Kostid, M.Sc. (coach) 
dr.ir. A.A.H. Damen 

Technische Universiteit Eindhoven 
Department of Mechanical Engineering 
Section Control Systems Technology 



2 Advanced Control of an RRR-robot Tip 



Abstract 

In this report, advanced control of an industrial-like RRR-robotic arm is considered. Special 
focus has been put on controlling the robot tip. 

For that purpose, first a trajectory generator has been designed that enables a flexible spec- 
ification of the reference trajectory of the robot tip in operational space. For this specified 
trajectory, a real-time calculation of the corresponding joint motions, speeds and accelera- 
tions has been realized by means of the implementation of the inverse kinematics model into 
a Simulink function, coded in C. 

Secondly, a control technique based on a batch adaptive algorithm has been used for iden- 
tifying the parameters of the robot dynamic model. The algorithm realizes a repetitive 
trajectory, using a model of the robot dynamics. At the end of each trial the model param- 
eters are adapted and a feedforward control input is calculated from this model. When the 
repetitive trajectory is chosen properly, the parameters converge to steady-state values for 
which the model closely matches the real robot dynamics. The identified parameters are used 
in a Model Based Control approach, which is used in the third part of this research. 

In this third part, a frequency domain Iterative Learning Control (ILC) technique is con- 
sidered. It is a control strategy for systems performing repetitive motions and it eliminates 
the reproducible part of the tracking error based on the measured error signals. To ensure 
identical initial conditions each trial, a homing procedure has been designed. Because the 
ILC technique assumes linear dynamics, a Model Based Control approach is used to decou- 
ple and linearize the dynamics of the RRR-robotic arm. The filter design of the learning 
controller is based on the remaining dynamics after linearization. Experimental results with 
a conventional PD controller in the feedback loop show that the root-mean-square values of 
the errors in operational space after learning are approximately 13, 20 and 10 times smaller 
for the errors in x, y and z direction, respectively, than the root-mean-square values before 
learning. When the ILC technique is combined with H, feedback controllers, the final root- 
mean-square values of the errors in the x, y and z direction have been reduced approximately 
2.5 times in comparison with the root-mean-square values before learning, resulting in final 
Cartesian position errors in the order of a few tenths of a millimeter. 
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Samenvat t ing 

Dit verslag behandelt het geavanceerd regelen van een RRR-robot arm, zoals deze vaak in de 
industrie gebruikt wordt. Er is speciale aandacht besteed aan het regelen van de robot tip. 

Daartoe is eerst een trajectgenerator ontworpen die een flexibele specificatie van het refer- 
entie traject van de robot tip in Carthesische coordinaten mogelijk maakt. Voor dit traject 
kunnen de bijbehorende posities, snelheden en versnellingen van de joints real-time berekend 
worden middels de implementatie van het inverse kinematisch model in een Simulink functie, 
geschreven in C. 

Ten tweede is een regeltechniek, gebaseerd op een batch-gewijs adaptatie algoritme, gebruikt 
voor de identificatie van de parameters van het dynamisch model van de robot. Het algoritme 
voert een repeterend traject uit, gebruik makende van dit dynamisch model. Aan het eind van 
elk traject worden de model parameters aangepast en wordt een feedforward signaal berekend 
voor het volgende traject. Wanneer het repeterend traject juist gekozen wordt, convergeren 
de parameters naar vaste waarden waarvoor het model goed overeenkomt met de werkelijke 
dynamica van de robot arm. De geidentificeerde parameters worden gebruikt in een model 
gebaseerde regelstrategie in het derde deel van dit onderzoek. 

In dit derde deel wordt een frequentie domein techniek van iteratief lerend regelen behandeld. 
Dit is een regelstrategie voor systemen die herhalende bewegingen uitvoeren en die het repro- 
duceerbare deel van de volgfout elimineert, gebaseerd op de gemeten volgfouten. Om aan het 
begin van elk traject gelijke condities te garanderen, is een initialisatie procedure ontworpen. 
Omdat de lerende regelaar uitgaat van lineare dynamica, wordt een modelgebaseerde regel- 
strategie gebruikt om de niet-lineaire robot dynamica te ontkoppelen en te linearizeren. Het 
filter ontwerp van de lerende regelaar wordt gebaseerd op de overblijvende dynamica na de 
linearizatie. Experimentele resultaten met een conventionele PD regelaar in de terugkoppellus 
tonen aan dat de RMS-waarde van de volgfouten van de robot tip na leren ongeveer 13, 20 
en 10 keer kleiner zijn, in respectievelijk de x, y en z richting, dan daarvoor. Wanneer deze 
techniek van lerend regelen wordt gecombineerd met H, regelaars in de terugkoppellus, is de 
RMS-waarde van de fout na leren ongeveer 2.5 keer kleiner dan daarvoor. De uiteindelijke 
volgfouten liggen in de orde van grootte van enkele tienden van millimeters. 
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Chapter 1 

Introduction 

1.1 Robot manipulators in industry 

Nowadays, robot manipulators in industry cannot be missed anymore. They are used for 
a large variety of tasks, such as materials handling, pick and place operations, welding and 
painting. Because industry demands manipulators that increase productivity and quality at 
lower manufacturing costs, the goal for engineers is to design manipulators that achieve faster 
and more accurate motions. Fast motions obviously result in a higher throughput, whereas 
increased accuracy may result in a decreased post-processing time. These faster and more 
accurate motions can, for example, be achieved by improvements on the robot construction 
and by the design of advanced controllers. 

The robot manipulators can be improved by a lightweight construction. However, care has to 
be taken in designing these manipulators, in order to assure the rigidity that is necessary to 
avoid flexibilities in the joints and links. Also the choice of the servo motors to be used plays 
an important role in the design of robot manipulators. Because these servo motors typically 
provide high speeds with low torques, transmission elements are often used to  obtain the 
desired low speeds with high torques. These transmission elements, however, introduce joint 
friction and backlash. To avoid these drawbacks, direct drive actuators can be used, since 
they provide high torques at low speeds and they reduce friction and eliminate backlash. 
However, the influence of other nonlinear phenomena, such as position dependent inertia, 
Coriolis/centripetal forces and gravity, cannot be neglected anymore. 

To cope with these nonlinear effects, advanced (non-)linear control strategies should be used. 
In order to perform research on this type of control, the RRR-robotic arm has been designed, 
built and installed in the laboratory of the section Dynamics and Control Technology of 
the department of Mechanical Engineering at the Technische Universiteit Eindhoven. It is 
an industrial-like robotic arm with three rotational degrees of freedom, driven by direct-drive 
motors. The research described in this report has been performed on this experimental facility. 
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1.2 Definition of the project objectives 

In this project, advanced control of the RRR-robotic arm is considered, and special focus is 
put on controlling the robot tip. The objectives of this project are threefold: 

Enable flexible specification of the reference trajectory for the robot tip in operational 
space. Fcr this specified trajectcr;: realize the pcssibility far real-time cakdation of 
the corresponding joint motions, speeds and accelerations. 

0 Make use of an existing batch adaptive control algorithm for the identification of the 
parameters of the robot dynamic model, so they can be used in Model Based Control 
approaches. 

0 Design controllers that will improve accuracy of trajectory tracking and focus on Iter- 
ative Learning Control. These controllers should be designed in such a way that they 
will improve accuracy of tracking the operational reference trajectories. 

1.3 Report overview 

The report is organized as follows: 

Chapter 2 will start with a short description of the RRR-robotic arm, after which the forward 
and inverse kinematics models are derived. Next, joint speeds and accelerations are calcu- 
lated and finally, extra conditions on the motions of the first link are stated and the inverse 
kinematics model is implemented in a Simulink function, suited for real-time implementation. 

The third chapter describes the process of generating a reference trajectory for the robot tip 
in operational space. First the trajectory will be designed, after which it will be implemented 
in a Simulink function, so it can be calculated in real-time as well. 

In Chapter 4, a method for online identification of the RRR-robot dynamic model is presented. 
After presenting the dynamic model, two necessary properties of this model are discussed. 
Next the control technique used for identification is presented, together with the proof of 
convergence of the parameters to steady state values. After discussing the repetitive trajectory 
needed for identification, the technique is demonstrated and validated in experiments. 

Chapter 5 describes the design of an Iterative Learning Controller for the RRR-robotic arm. 
First the learning algorithm for a single-input single-output linear system is presented, to- 
gether with the model-based control approach used to linearize and decouple the system. 
Next the remaining dynamics after linearization is discussed, together with the filter design, 
which is based on this dynamics. After presenting the design of a homing controller, the 
effectiveness of the learning algorithm is shown by experimental results. 

The final chapter contains conclusions about the obtained results and gives recommendations 
for future research. 



Chapter 2 

Calculation and implementation of 
the inverse kinematics model 

This chapter describes the calculation of the inverse kinematics model of the RRR-robotic arm 
and its implementation in a Simulink function, which is suited for real-time implementation. 
Using this function, joint motions, speeds, and accelerations can be calculated online during 
experiments. In order to derive this inverse kinematics model, first a short description of 
the robotic arm is given. With the use of the kinematic diagram, the forward and inverse 
kinematics models can be derived, after which joint speeds and accelerations can be calculated. 
Finally, extra conditions on the motion of the first link are defined, after which the inverse 
kinematics model is implemented in the Simulink function. 

2.1 Description of the RRR-robotic arm 

The RRR-robotic arm, installed in the laboratory of the section Dynamics and Control Tech- 
nology of the department of Mechanical Engineering at Technische Universiteit Eindhoven, is 
a robotic arm with three rotational joints, implemented as a waist, shoulder and elbow. The 
joints have an infinite range of motions, since the power and sensor signals are transferred via 
sliprings. The robotic arm, depicted in Figure 2.1, has been built for implementation of con- 
trollers which deal with its nonlinear effects, such as position dependent inertia, Coriolis and 
centripetal forces and gravity. The direct-drive actuation of the robotic arm, i.e. the absence 
of transmission elements between the servo motors and the joints, implies a nonlinear and 
coupled dynamics that is challenging for accurate control. For a more detailed description of 
the robotic arm, see 119, 201. 

2.2 Forward robot kinematics model 

In order to meet the final objective of this chapter, i.e. implementation of the inverse kine- 
matics model, the forward kinematics model has to be derived [5]. To be able to  do this, two 
spaces are distinguished: 
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0 The operational space, induced by the Cartesian coordinates of the robot tip: 

The joint. spacei induced by the joint angles: 

The forward robot kinematics model describes the position x of the robot tip in operational 
space as a function of the joint angles Bi (i = 1,2,3), and can be derived using the kinematic 
parametrisation depicted in Figure 2.1. 

Figure 2.1: The RRR-robotic arm and its kinematic parametrisation according to the 
Denavits-Hartenberg's notation 

This kinematic parametrisation has been determined according to the Denavits-Hartenberg's 
(DH) notation [3, 151, which assigns four parameters to each degree of freedom (dof): the 
twist angle ai, the link length %, the joint angle Bi and the link offset di. These parameters 
are shown in Table 2.1, together with their physical and numerical equivalents. In this table, 
Oo Ol is the height of the base cylinder, OIRl is the offset between the coordinate frames in 
O1 and 0 2 ,  02R2  is the offset between the coordinate frames in 0 2  and 03, R102 is the 
length of the second link and R2 O3 is the length of the third link. 
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Table 2.1: DH parameters of the experimental RRR-robotic arm 

Besides these parameters, the DH-notation also attaches an orthogonal coordinate frame to 
each link, as can be seen in Figure 2.1. With the use of these coordinate frames and the DH 
parameters, the forward kinematics model can be derived. In order to do this, the position 
of the robot tip with respect to the coordinate frame in 00, O p 3 ,  is calculated: 

where the column 3p3 contains the position of the robot tip with respect to the coordinate 
frame in 0 3 :  

The coordinates of this column are known as homogeneous coordinates. The fourth element 
is introduced to  make a translation of the robot tip using (2.3) possible [ l o ] .  The matrix OT3 
in (2.3) represents the transformation matrix from the coordinate frame in O 3  to the one in 
oo: 

where the matrix 0 ( 0 )  is the orientation matrix, describing the orientation of one coordinate 
frame with respect to another, and the column x ( 0 )  contains the equations of the forward 
kinematics model: 

cos (&)(as  cos (82 -t- 93) + a2 cos (92)) + (d2 + d3) sin (91) 
sin (91) (a3 cos (82 + 93) + a2 cos (92)) - (d2 + d3) cos (81) (2.6) 

a3 sin (92 + 93) + a2 sin (92) + dl 

With the use of this model, positions of the robot tip in operational space can be calculated 
from robot configurations in joint space. For example, as can be seen from Figure 2.1, 0 0 = ( 0  
0 o ) ~  corresponds to the configuration of the robotic arm where the second and third link 
are stretched horizontally. With the use of this configuration in joint space and the forward 
kinematics model, the position of the robot tip in operational space with respect to the 
coordinate frame in O0 can be calculated: 
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2.3 Inverse robot kinematics model 

Once the forward kinematics model is known, the inverse kinematics model, i.e. mapping 
from the operational space to the joint space, can be calculated [5]. The solution of the 
inverse kinematics problem is of great importance in order to transform the trajectory of the 
robot tip in operational space into the corresponding joint motions, speeds and accelerations. 
These motions, speeds and accelerations are needed for control purposes, since they denote 
the reference inputs. In contrast to the forward kinematics problem, whose solution is unique, 
the inverse kinematics problem is more complex [5, 151: 

e It is not always possible to find a closed-form solution, because the equations to solve 
are in general nonlinear. 

0 Multiple solutions may exist due to the nonlinear nature of the forward kinematics 
equations. 

0 Singular configurations, i.e. configurations for which the Jacobian matrix is singular, 
should be considered particularly. This Jacobian matrix will be introduced in the next 
section. 

In the case of the RRR-robotic arm, a closed form representation of the inverse kinematics 
can be found [5]. The angle Q1 can be calculated by manipulation of the first two equations 
of the column x(9) in (2.6) : 

Q1 = arcsin 
x(d2 + d3) + y d x 2  + y2 - (d2 + d3)2 

x2 + y2 

The angles Q2 and Q3 can be calculated using a method described in [lo, 151 and the results 
are given by the following equations [5] 

pwx = .\/(x - (d2 + d3) sin (01))~ + (y + (d2 + d3) cos 

193 = arctan 
* J'(iTGJ 

K , 

02 = arctan (a2 + as cos (Q3))pWy - a3 sin (Q3)pwx 
(a2 + as cos (e3))pwx + a3 sin (Q3)pwy ' 

From (2.12), it can be seen that two solutions for the angle 03, and therefore two solutions 
for the angle Q2, are possible. The + sign corresponds with the elbow down configuration, 
whereas the - sign corresponds with the elbow up configuration. So changing the sign in 
equation (2.12) offers the possibility to control the actual posture of the robotic arm, which 
is one of the advantages of the representation of the inverse kinematics model in closed form. 
Other advantages are: 

0 Direct recognition of "irregular" robot configurations, such as kinematic singularities. 

e High computational accuracy with less computational effort in comparison with equiv- 
alent numerical methods described in [3, 151. 
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2.4 Calculation of joint speeds and accelerations 

After calculation of the forward and inverse kinematics models, also joint speeds and acceler- 
ations can be derived, so that a complete trajectory in joint space is available. In order to be 
able to calculate these speeds and accelerations, the speeds and accelerations in operational 
space have to be available. 

For the calculation of joint speeds and accelerations, the forward kinematics model is used. 
In general, this model can be written as follows: 

where the column p contains the position of the robot tip in operational space and the column 
8 contains the equations of the forward kinematics model. The first step in calculating joint 
speeds is taking the time derivative of (2.14): 

d d 
- ( ~ ( t ) )  dt = &{f (w)} 

Manipulating this equation gives the following result: 

where the column i, contains the speeds of the robot tip in operational space, 8 represents 
the column with joint speeds and J(8) is the Jacobian matrix, which is calculated as follows: 

The column containing joint speeds, 6,  can now easily be calculated by pre-multiplying (2.16) 
with the inverse of the Jacobian: 

To calculate the joint accelerations, the time derivative of (2.16) is taken: 

In this equation, the column p contains the accelerations of the robot tip in operational space, 
e(t) represents the column with joints accelerations and is the time derivative of the 
Jacobian matrix. After calculating this time derivative, equation (2.19) is rearranged and 
pre-multiplied with the inverse of the Jacobian matrix, after which the following result is 
obtained: 
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2.5 Implement at ion of the inverse kinematics model 

2.5.1 Definition of necessary conditions 

Since the equations for the joint motions, velocities and accelerations are available in closed- 
form, they can be implemented in the Simulink function that enables real-time implementa- 
tion. However, cahkition of the a& 6'1 demads special care, so extra conditiom have to 
be defined, which will be discussed r,ext. 

A general notation of O1 is given by: 

In the domain O1 E [O, 27r), there are two values of O1 for every value of g(p) (except for 
g(p) = f 1), so a number of conditions will have to be evaluated and the value of O 1  may have 
to be corrected. This process is called 'regularization'. 

In order to obtain the correct values of the angle 01, one complete rotation of 27r [rad] is 
divided into four parts. Each part corresponds with coordinates of the robot tip in the x-y 
plane in operational space: 

1. 81 E [0, $) corresponds to the areas: 

2. O1 E [$, 7r) corresponds to the areas: 
X I rmin & Y > rmin 
0 < x 5 rmin & 0 < y I rmin & (x2 + Y ~ )  > rLin 

3. O1 E [7r, %) corresponds to the areas: 

4. O1 E [%, 27r) corresponds to the areas: 
X > -Tmin & Y < -Tmin 

-rmin 5 x < 0 & -rmin 5 y 5 0 & (x2 + Y ~ )  > rLin 

where rmin is the minimum radius of a circle that can be drawn in the x-y plane in operational 
space, when 92 = &$ and O3 = 0: 

The areas in the x-y plane corresponding to the four parts of a complete rotation of the angle 
O1 are visualized in Figure 2.2. When the position of the robot tip lies within the first area, 
the calculated O1 is correct. When the tip lies within the second area, O1 has to be corrected 
as follows: 
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The value of O1 has to be corrected as well when the position of the robot tip lies in the third 
and fourth area. The corrections are given by (2.24) and (2.25), respectively: 

Figure 2.2: Visualization of the areas in the x-y plane corresponding to the four parts of a 
complete rotation of the first joint 

Another phenomenon that can occur in the calculation of the angle Q1 is 'jumping' of this 
angle. This will occur when the angle O1 is greater than or equal to 27i [rad]. Because the 
value 27r will never be the result of the calculation, Q1=O will be returned instead, so a jump 
of 27r [rad] will appear between the previous and current value of 01. To prevent this jump, 
an extra condition has to be verified: The calculated angle 01 will be subtracted from the 
previous value of 01. If the absolute value of this difference is larger than, for example n, 81 
has to be corrected with a factor 27r: 

2.5.2 Implementation in a C MEX S-function 

After the derivation of the inverse kinematics model and stating the extra conditions and 
modifications for 01, this model can be implemented in a Simulink function. This function 
is suitable for real-time implementation and is called a C MEX S-function [8]. Using this 
function, the joint motions, speeds and accelerations can be calculated in real-time. The 
C-code for this S-function can be found in Appendix A. 



20 Advanced Control of an RRR-robot Tip 

From this code, it can be seen that the S-function consists of a number of definitions, includes, 
and functions. The first two definitions of the S-function in Appendix A are needed for defining 
the name and level of the S-function, respectively. The third definition is used to assign the 
numerical representation of n to the variable PI. The fourth, fifth and sixth definition are 
needed for the use of the S-function parameter thetalpARAM (S), which is used as the initial 
value of the variable thetaloldval. After defining these items, the S-function includes the header 
file simstruc . h, which gives access to the SimStruct data structure and its associated macro 
definitions [8]. The header file math. h is also included, because it is needed to  calculate the 
output of the S-function. After the definitions and includes, a number of functions is used, of 
which the most import ant ones are discussed. 

The first one is called mdlCheckParameters and is used to validate if the S-function parameter 
thetalPARAM(S) is indeed a scalar. If the S-function would not have had an extra parameter, 
this function should have been omitted. The second function is called mdlIni t ia l izeSizes  
and is used to initialize the SimStruct sizes array. In this function, first the number and 
widths of the input ports are set and checked. Input port 0 (the first input port) has a 
width of 9: the motions, speeds and accelerations in operational space. Input port 1 (the 
second input port) has a width of 1: the previous value of the calculated Q1. Both ports have 
direct feedthrough, i.e. the signals of these input ports are used in the function mdlOutputs to 
calculate the output of the S-function. Next, the number and widths of the output ports of the 
S-function are set and checked. Only one output port is present and it has a width of 9: joint 
motions, speeds and accelerations. Then the number of sample times is set and the option 
sssetoptions is used because the "run-time" routine mdlOutputs within the S-function is 
exception free. The third function is mdlInitializeSampleTimes and is used to define the 
sample time and offset time to be used. The function mdlInitializeConditions is used 
to assign the value of the S-function parameter thetalpARAM(S) to the variable thetaloldval. 
The functions absval and signval are used to calculate the absolute value and the sign 
of a parameter, respectively. In the function mdlDutputs, first the types and, if possible, 
the values of all used variables have to be defined, after which the joint motions, speeds 
and accelerations are calculated. In this function, also the conditions of subsection 2.5.1 are 
evaluated and, if needed, the value of the angle Q1 is adjusted. The final required function is 
mdlTerminate. There is no termination needed, therefore this routine is empty. At the end 
of the S-function, a trailer code is specified. These statements attach the function to either 
Simulink or the Real-Time Workshop. 



Trajectory generation in 
operational space 

This chapter describes the process of generating a reference trajectory for the RRR-robot tip in 
operational space. First the trajectory will be designed, after which it will be implemented in a 
Simulink function, suitable for real-time implementation, so it can be calculated online during 
experiments. Together with the inverse kinematics Simulink function of subsection 2.5.2, the 
complete trajectory generation can now be calculated in real-time. 

3.1 Trajectory design 

As a case study, a circle is chosen, which is to be drawn in the x-z plane in operational space. 
The drawing direction of the circle is counterclockwise, but can be changed to clockwise and 
can switch after a circle has been drawn, as explained in section 3.2. The circle and its 
parameters are depicted on the left hand side of Figure 3.1. In this figure, r is the radius 
of the circle, A is the distance from the x-y plane to the center of the circle and cp(t) is the 
angle between the horizontal line and a line through a point on the circle and its center. The 
x and z coordinates of the circle are calculated using the left hand side of Figure 3.1 and are 
shown by the following equations, together with the value of y: 

x (t) = r cos (cp(t) ) (3.1) 

The speeds in operational space with which the circle is drawn can be obtained by calculating 
the time derivatives of (3.1)-(3.3): 
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Calculating the time derivatives of (3.4)-(3.6) results in the accelerations in operational space: 

y(t) = 0, (3.8) 

2(t) = -rd2(t) sin(cp(t)) + r+(t) cos(cp(t)). (3.9) 
ml l n e  only unknown functions in (3.1)-(3.9) are p(t) and its time derimtives. These fiinctions 
can be derived from the desired velocity profile of the robot tip in operational space, which 
is depicted on the right hand side of Figure 3.1. In this velocity profile, t f  is the time needed 
to draw one complete circle, V is the constant tip speed to be reached and kt and (1 - k)tf 
determine the time of acceleration and deceleration, respectively. Three different areas can 
be distinguished, each having a different Cartesian speed v: 

1. t E [0, tfk]: 

2. t E (tfk, t f ( l  - k ) ] :  

3. t E (tf (1 - k), tf]: 

In general, the speed of the robot tip in operational space can be expressed as follows: 

v(t) = dx2( t )  + .i2(t). (3.13) 

With the use of (3.4) and (3.6), this equation can be modified as follows: 

where the positive drawing direction has been adopted, as can be seen from the left hand 
side of Figure 3.1. The unknown functions $(t) can be obtained by substituting (3.14) into 
(3.10)-(3.12): 

1. t E [0, tfk]: 

2. t E (tfk, t f ( l -  k)]: 
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3. t E (tf (1 - k), tf]: 

Integration and differentiation of equations (3.15)-(3.17) results in the angles cp(t) and angular 
accelerations + (t) , respectively: 

1. t E [0, tfk]: 

" 12 
'p(t) = wL ' 

v 
+(t) = -. 

tfkr 

2. t E (tfk, t f ( l -k) ] :  

V Vtfk 
p(t) = -t-  - (3.20) 

r 2r ' 

+(t) = 0. (3.21) 

3. t E ( t f ( l  - k), tf]: 

@f (I - w2 - t2 1 k Vtf 3 
f (  - ))) + T(l - Zk), (3.22) 

-v 
+(t) = -. (3.23) 

tfkr 

Figure 3.1: Parameters of the circle in the x-z plane (left) and its velocity profile (right) 

The motions, speeds and accelerations in operational space can now be calculated for the three 
different areas by substituting (3.15)-(3.23) into (3.1)-(3.9). In order to be able to draw a 



24 Advanced Control of an RRR-robot Tip 

circle, which consists of an acceleration part, a part with constant velocity and a deceleration 
part, the constant speed V has to be a function of the parameters r, tf and k and can be 
calculated from the path of the circle. This path is equal to the surface below the velocity 
profile: 

1 1 
~ ( t )  = -Vtfk + t f ( l  - 25) + -Vtf = Vtf (1 - k),  

2 2 

and the circumference of the circle: 

Combining (3.24) and (3.25) results in the desired expression for V: 

3.2 Implementation of the trajectory in a C MEX S-function 

Now that the motions, speeds and accelerations of the trajectory of the robot tip are available, 
they can be implemented in a C MEX S-function, so they can be calculated online during 
experiments. The C-code for this S-function is shown in Appendix B. 

The structure of this C-code is the same as the one in Appendix A: It starts with definitions 
and includes and uses a number of functions. The number of definitions is larger than in the 
S-function in Appendix A, since more S-function parameters are used in this case: rPARAM(S) 
is the radius of the circle to be drawn, tf pARAM(S) is the time needed to draw one circle, 
kPARAM (S) determines the time of acceleration and deceleration, APARAM (S) determines the 
z-value of the center of the circle and yPARAM(S) is the y-value at which the circle is drawn. 
The only input of this S-function is the time, so the width of the input port is equal to  one. 
This input port has direct feedthrough, since the signal of this port is used to  calculate the 
output of the S-function in the function mdloutputs. The output port is a column containing 
the motions, speeds and accelerations in operational space, so it has a width of nine. The 
function mdlInitializeConditions is not used, since no initial conditions of parameters are 
needed. In the function mdlOutputs, the motions, velocities and accelerations of the robot 
tip in operational space are calculated, except for the first 0.5 [s]. Because the robotic arm 
starts in a stretched configuration, 8, = (5 - 5 o ) ~ ,  the joint speeds and accelerations are 
not calculated. Namely, for this configuration the Jacobian matrix in (2.17) is singular, and 
its inverse cannot be calculated. Therefore, in the Simulink scheme a reference trajectory for 
the joint motions, speeds and accelerations is used during the first 0.5 [s], which moves the 
robotic arm to  a configuration away from the singular one. This chosen configuration in joint 
space is shown by: 
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The corresponding position of the robot tip in operational space can be calculated using the 
forward kinematics model (2.6): 

Euring the Erst 0.5 is], this position is kept constant in the S-function, so the speeds and 
accelerations are zero. During the next 1.0 [s], the robot tip moves in a straight line in 
operational space, calculated using a cosine velocity profile, from the position (3.28) to the 
starting point of the circle: 

After 1.5 [s], the first circle is drawn. To make the circle trajectory repeatable, the extra time 
variable & is introduced: 

In this equation, the variable f is calculated as follows: 

where the floor-function rounds its argument, * 
t f 

, to the nearest integer towards minus 
infinity. When the time t is moving, the variable f increases by 1 every t f  [s], starting with 
a value of -1 at t=O [s]. When t becomes equal to 1.5 [s], the instant at which the first circle 
has to be drawn, f becomes zero which causes the variable t2 to become zero as well. During 
the next t f  [s], t and tz both increase, until t equals 1.5 + t f  [s]. Then f increases by one, t2 
decreases to zero and the cycle will be repeated during the next t f  [s]. The time histories of 
these variables are shown in Figure 3.2 for t f  =4 [s]. 

0 1.5 Time [s] 9.5 

Figure 3.2: Histories of the time variables t (black, thick), t2 (gray) and f (black, thin) 



26 Advanced Control of an RRR-robot Tip 

Together with the left hand side of Figure 3.1, the equations (3.15)-(3.23) show that the circle 
is drawn in a counterclockwise direction. To draw the circle in a clockwise direction, p(t) and 
its time derivatives should be multiplied by -1. Another trajectory that can be implemented 
is the one in which the drawing direction alters after a complete circle has been drawn. This 
is done by calculating and evaluating the value of the introduced parameter CondOddEven: 

f CondOddEven = f - 2 floor(;). 
L 

The value of this parameter can be either 0 or 1 and changes with the value off When the 
value of CondOddEven is 0, the drawing direction of the circle is counterclockwise, otherwise 
it is clockwise. Before calculating the values of p(t) and its time derivatives, (3.32) is evaluated 
and the drawing direction is determined. Subsequently, p(t) and its time derivatives are cal- 
culated and premultiplied with either -1 (clockwise drawing direction) or l (counterclockwise 
drawing direction). 



Chapter - 4 

Dynamic identification of the 
RRR-robotic arm for Model Based 
Control 

In this chapter, a method for online identification of the RRR-robot dynamic model parame- 
ters is presented. The control algorithm used for identification realizes a repetitive trajectory. 
After each repetition the parameters of the model are updated, until steady state values 
have been reached. The identified dynamic and friction parameters can be used for Mode! 
Based Control techniques, in order to achieve better tracking accuracy by integrating the 
dynamic model into the control design. The control algorithm used for identification is orig- 
inally proposed in [4] as a method to accurately realize a repetitive trajectory, even when 
correct parameters of the dynamic model with friction are unknown. As the number of trials 
increases, the tracking error decreases until the parameters have reached their steady state 
levels. In this chapter however, the focus will not be put on the decrease in tracking error, but 
the goal is obtaining model parameters for which the robot dynamic model matches the real 
robot dynamics. To achieve this goal, a suitable repetitive reference trajectory is demanded. 

In order to estimate the model parameters, first the dynamic model is given and two necessary 
properties of this model are discussed, after which the control technique used for identification 
is presented together with the proof of convergence of the parameters to their steady state 
values and the convergence of the tracking error to its steady state lower bound value. After 
discussing the repetitive trajectory that excites the dynamics in such a way that relevant 
estimates are obtained, the technique is demonstrated and validated in experiments. 

4.1 Dynamic model of the RRR-robotic arm 

The dynamics of the RRR-robotic arm, with its three actuated joints, are represented using 
a standard Euler-Lagrange formalism [3, 71: 
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where 0 , 0  and e are the 3x 1 vectors of joint motions, speeds and accelerations, respectively, 
D is the 3x3 inertia matrix, ~ 0 ,  g and rf are the 3x1  vectors of Coriolis/centripetal, 
gravitational and friction forces and T is the 3x1 vector of joint torques. The friction model 
that will be used in this chapter consists of Coulomb and viscous friction: 

rf (t) = fcsign(8(t)) + ~ e ( t ) ,  (4.2) 

where f, and B are the 3x3 positive definite diagonal matrices or" Coulomb friction torques 
and viscous friction parameters, respectively. 

For the robotic arm described by (4.1), two properties hold that play a crucial role in the 
identification technique presented in the next section [2, 41: 

Linearity in a set of identifiable parameters 

e Passivity of the residual error dynamics 

These two properties will be explained in more detail in the next two subsections. 

4.1.1 Linearity in a set of identifiable parameters 

The dynamics in (4.1) can be represented linearly in a minimum set of identifiable parameters, 
called the base parameter set, BPS 191. The elements of the BPS are nonlinear combinations 
of robot inertial parameters, such as mass and moments of inertia of the robot links, as well 
as the Cartesian coordinates of the center of mass. Since the adopted friction model (4.2) 
admits a linear representation as well, its parameters are concatenated with the BPS elements 
of the dynamic model, resulting in the vector to be estimated. The length of this vector is 
equal to 19: The first 13 parameters are BPS elements, whereas the latter 6 elements are the 
friction parameters. The linear parametrisation of (4.1) has the following form: 

where R E R 3x19 is the known time-varying matrix, called the regressor matrix and p E lR19 

is the vector of BPS elements and friction parameters. If the tracking error is defined as the 
difference between reference and actual motions, 

then the robot can be stabilized using the following PD feedback controller: 

where Kp and Kd are 3x3 positive definite diagonal matrices, 6 is the time derivative of the 
tracking error and v denotes a 3 x 1 vector of new input signals. The closed-loop system (4.3), 
(4.5) can now be represented as follows: 
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4.1.2 Passivity of the residual error dynamics 

A passive system belongs to a class of dynamical systems in which the energy exchanged with 
the environment plays a central role. An important property is that it cannot store more 
energy than supplied to it from the outside, with the difference being the dissipated energy 
[13]. The residual error dynamics of the RRR-robotic arm can be made passive when the 
controller gains and the inputs and outputs of this dynamics are chosen appropriately [2, 41. 

It is assumed that v, is the new input in (4.5) needed for for perfect estimation of the BPS 
elements and friction parameters. This new input is obtained from the closed-loop system 
(4.6) when all motions, speeds and accelerations are chosen as reference ones: 

The residual error dynamics, with input 6v defined as vr(t)  -v(t) = 6v(t), is given as follows: 

The output 6y  of this dynamics is defined as: 

T 
where p is a positive constant scalar and s(e) = [ sl(el) s2(e2) s3(e3) ] is the 3x1  vector 
of partial derivatives with respect to + of a suitable potential function S [2, 41. A suitable 
choice for S is given by 

where a represents a scaling factor, used to determine the saturation level, i.e. the level of s 
for 141 > g. Changing the value of a automatically implies changing the slope of s around 
$=O. The potential function S and its partial derivative s are depicted in Figure 4.1 for 

Figure 4.1: The potential function S (left) and its partial derivative s (right) 
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When the gains of the feedback controller, K p  and Kd, are chosen appropriately [2, 41, 
the residual error dynamics (4.8) is passive and the input-output pair (dv, dy) satisfies the 
following inequality: 

with [ representing a positive constant scalar and @ d R n X n  being a positive defirrite mat r i ,  
which is omitted if it is identity. 

4.2 Control algorithm for robot identification 

In this section the control algorithm used for identification is discussed, together with the 
proof of convergence of the parameters to steady state values and the convergence of the 
tracking errors to their steady state lower bound values. The algorithm makes use of the 
dynamic model, even when the BPS elements and friction parameters are not known. The 
complete set of parameters is updated at the end of each trial, using a batch adaptive update 
law, based on measured data and the regressor matrix. 

Before showing this batch adaptive update law, several definitions and assumptions are given: 

0 The BPS elements and friction parameters of the RRR-robotic arm are unknown. 

At each trial k, ek(0) = 0 and kk(0) = 0. 

There exists an input v, corresponding to the physical values of the BPS elements and 
friction parameters. 

Furthermore, R, and L, E R~~~~~ are defined as: 

and 

respectively, where tf denotes the duration of one trial of the repetitive trajectory. The matrix 
L, is assumed to be non-singular, which is a valid assumption if p in (4.3) is a minimum set 
of dynamic and friction parameters and if the reference trajectory excites the robot dynamics 
persistently. Finally, the function space W is defined as follows: 

from which an orthogonal complementary space W1 can be calculated using the inner product 
with @ = I (see Appendix C for the definition of the inner product). 
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With these assumptions and definitions, the batch adaptive update law is given as follows: 

where K, is an 19x19 positive definite matrix called the 'adaptation gain' and (R,, 6yk) 
represents the inner product between the matrix R, and the vector 6yk. If the adaptation 
gain K, satisfies 

convergence of the elements in pk to steady state values, pk = pkS1, can be proven, which 
will be done in the next section. In this algorithm, convergence of the parameters to steady 
state values implies convergence of the tracking errors to steady state lower bound values. 

4.3 Proof of convergence 

The proof of convergence of the parameters to steady state values is shown very briefly in [4]. 
An elaborate version of this proof is given in this section and starts with the assumption that 
g* is the true vector with BPS elements and friction parameters, so the extra input needed 
for perfect estimation is defined as follows: 

Next the prediction error ek is defined as the difference between the true vector with BPS 
elements and the one in trial 5: 

From (4.15), (4.17) and (4.18), the following expression can be obtained for E : 

Next, the positive scalar potential function uk is introduced: 
T u" (E*) K;~€*, 

after which is defined similarly and can be expanded using (4.15) and (4.17)-(4.20) : 

When the sum of the second and third term in the right hand side of (4.21) is negative, the 
convergence of the potential @ to a steady state lower bound value Uo can be concluded: 

uk+l - uk < 0 uk -+ uO (k -+ OO), 3 ~ 0  2 0, (4.22) 

because Uk > 0 for any k. Convergence of this potential function implies convergence of the 
BPS elements and friction parameters to steady state values and therefore convergence of the 
tracking error to a lower steady state value. 

After the reformulation of the second and third term in the right hand side of (4.21) in 
subsections 4.3.1 and 4.3.2, respectively, the convergence of uk+l can be shown. 

'For more detail on this expansion, see Appendix D.1 
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4.3.1 Reformulation of the second term of u"' 

For the reformulation of the second term of uk+l, first (4.11) is rewritten using the definition 
of the inner product in Appendix C: 

Substitution of (4.23) into the second term of Uk" results in the following inequality for this 
term: 

after which the definition of the signal norm in Appendix C is used to reformulate the inner 
product in the right hand side of (4.24): 

The obtained inequality shows that the second term of u'+' is bounded by the squared signal 
norm of the input of the residual error dynamics times the positive constant scalar (1 + C). 

4.3.2 Reformulation of the third term of uk+l 

The first step in reformulating the third term of Uktl is the decomposition of 6yk into two 
signals that can be projected to the function spaces W and WL, respectively: 

where t% is an appropriate vector, which is constant during a trial and which is used for 
the proof of convergence. An expression for this vector can be derived using the orthogonality 
of the function spaces W and WL. This orthogonality implies that the inner product of the 
vectors 6yi  and 6y: is zero: 

After the expansion of (4.27) using (4.13), (4.26) and the definition of the inner product, the 
expression for tk is obtained2: 

Combining this result with (4.26) yields an expression for 6 y  k: 

'For more detail on this derivation, see Appendix D.2 
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This expression is used to rewrite the third term of (4.21), together with (4.16) and the 
definition of the inner product3: 

After applying the definition of the signal norm, it can be seen that the third term of uk+' 
is bounded by the squared signal norm of the input of the residual error dynamics: 

This ends the reformulation of the third term of u'+'. The final expressions for the second 
and third term of uk+l, (4.25) and (4.31) respectively, can now be combined, resulting in the 
following inequality: 

Because the sum of the second and third term of ~ " l  is smaller than zero, the convergence 
(4.22) of the potential function is proven. 

4.4 Design of an exciting trajectory for identification 

The control algorithm used for robot identification described in Section 4.2 can deliver relevant 
estimates of the BPS elements and friction parameters if it uses a trajectory that excites the 
robot dynamics persistently [16]. To design such an exciting trajectory, the condition number 
of the information matrix, i.e. the ratio between its maximum and minimum singular value, 
will be optimised [7]. This information matrix is formed by vertically stacking the regressor 
matrices that correspond to the different points of the exciting trajectory: 

where q denotes the number of samples of the trajectory. 

The trajectory used in (4.33) is good if it provides estimates of the BPS elements and friction 
parameters that are relevant for at least those motions that the robot should realize in practice. 
In other words, a close match between the dynamic model (4.1) and the real robot dynamics 
for all covered frequencies is the desired outcome of the identification experiments. Such an 

3For more detail on this expansion, see Appendix D.3 
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exciting trajectory can be determined by postulating it in the form of finite Fouries series [7] 
to  ensure a repeatable trajectory, desired by the robot identification algorithm in Section 4.2: 

In this Fourier series, w is the desired resolution of the frequency content, N is the number of 
harmonics of the exciting trajectory and the parameters 607i, aij and bij are to be computed 
by optimisation of the condition number of the information matrix. During this optimisation 
process, the following constraints on permissible joint speeds and accelerations must be taken 
into account: 

Besides these constraints on joint speeds and accelerations, there are also constraints on the 
control inputs 7. However, these constraints are not taken into account in the design of the 
trajectory, so care has to be taken afterwards that the designed trajectory does n& violate 
them. 

For the trajectory to be used in the identification experiments in Section 4.5, the resolution 
of the frequency content is chosen to be 0 . 2 ~  [rad/s], which is usually taken as sufficient [17]. 
This implies that the duration of a period of motion is 10 [s]. Together with the number of 
harmonics N, which affects persistency of excitation, the resolution determines the bandwidth 
of excitation. This bandwidth of excitation is chosen to be 10 [Hz], which is high enough to 
cover all possible motions of the robot, but also well below the eigenfrequency of the first 
flexible mode of the robot structure. 

The achieved minimum condition number of the information matrix after optimization was 
3 and the calculated coefficients have been substituted into (4.34), resulting in the motions 
of the exciting trajectories, presented in Figure 4.2. Despite the fact that the design of these 
trajectories has been done for an open loop situation, i.e. only the robot dynamic model was 
used in (4.33), and for identification using a Least Squares estimation technique, it is assumed 
that using these trajectories will also result in relevant parameter estimates using the control 
algorithm presented in Section 4.2. 

4.5 Experimental results and validation 

4.5.1 Identification results 

In order to show the full potential of the identification algorithm, three different experiments 
have been conducted. In the first experiment, no load has been mounted onto the third joint, 
in the second one a steel rod of 1.22 [kg], shown in Figure 2.1, has been attached, whereas 
in the third experiment an extra load of 0.45 [kg] has been attached onto the tip of the steel 
rod. Since changing the load attached to  the third joint does not change the robot dynamic 
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model itself, but only its parameters, the exciting trajectories designed in the previous section 
can be used in all three experiments. In these experiments, the initial value of the vector of 
parameters to be estimated, pO, is set to zero, so the extra input v in (4.5) during the first 
trial is zero as well. Theoretically, there is no restriction on the initial value p0 required 
in (4.15). Practically, when control inputs T are bounded, p0  cannot be chosen arbitrarily, 
but should be constrained to  a certain feasible region corresponding to limits on the control 
inputs. 

1 
Time [s] 10 

Figure 4.2: Motions of the exciting trajectories: ql (black, thick), qz (gray), and qs (black, 
thin) 

The batch adaptive update law (4.15) can be implemented relatively easy in Matlab/Simulink 
in order to make online estimation of the BPS elements and friction parameters possible. The 
control scheme used is schematically depicted in Figure 4.3. A Kalman filter is used to 
online reconstruct joint motions and speeds from the measured positions, taking into account 
the two-samples time delay, which is present at a sample frequency of 1 [kHz] [6]. This 
reconstruction is used to filter out quantization noise, which may be seriously amplified in 
the velocity loop of the PD feedback controller in the case of a high differential action. This 
Kalman filter, together with the integrating actions in the update law (4.15) that average out 
measurement noise, make the identification technique robust against measurement noise, i.e. 
even with measurements that are corrupted with noise, relevant estimates will be obtained. 
This robustness is one of the benefits of this identification procedure compared with Least- 
Squares estimation techniques. 

-4 Parameter I 
update 

law v 
Exciting 
trajectory + 

p Kalman filter 4 ,-robotic 
r- 

- + arm 

Figure 4.3: Schematic representation of the control scheme used for online identification of 
the BPS elements and friction parameters 
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During the experiments, the system realizes the repetitive motions shown in Figure 4.2. The 
feedback controller gains Kp and Kd in (4.5) are tuned according to the load attached to the 
third joint in order to avoid vibrations induced by this load, not to improve tracking accuracy. 
Retuning the controller gains might have been avoided by choosing the most conservative 
settings, suitable for all three experiments. When tuning the controller gains, care has to 
be taken that the necessary conditions described in 12, 41 are satisfied. The positive definite 
matrix a, used in the calculation of the adaptation gain K, (4.16), is chosen to  be equal to 
Kd. With this choice the conditions in [2, 41 are not viohted. The adaptation gain itseif 
is calculated beforehand, because it is constant during the experiments. The parameters ,B 
and a in (4.9) and (4.10), respectively, can be used to adjust the adaptation speed of the 
parameters. 

Figure 4.4 shows the results of the three experiments with different loads. The parameters 
pl, . - . , p13, representing the BPS elements, and ~ 1 4 ,  - . . , p19, representing the friction pa- 
rameters, are updated at the end of each trial, as can be seen from this figure. Almost all 
parameters have reached their steady state values after eight trials, so after 80 [s]. When the 
analytical expressions of the parameters with large differences in steady state values at the 
end of the three experiments are evaluated, it appears that these expressions mainly contain 
terms of the third link [5] .  Obviously, these differences are caused by the difference in mass 
attached to the third joint during the three experiments. 

I . I 
20 40 60 80 1W 20 40 60 80 100 

-005; ' 
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Time [s] 

Figure 4.4: Convergence of the estimates: without the last link (thick solid), with the last 
link (thin solid), and with the extra load attached to the last link (gray) 
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Together with the convergence of the parameters to steady state values, the tracking errors 
also converge, as discussed in Sections 4.2 and 4.3. This is shown by Figure 4.5, whose left 
hand side shows the tracking error in the second joint during the three experiments. The right 
hand side of this figure shows the corresponding root-mean-square (RMS) value of the error 
in each trial of each experiment. In Appendix E.l, the convergence of the tracking errors 
in the other two joints is shown by similar figures. From Figures 4.5, E.l and E.2, it can 
be seen that the tracking errors in the first and second experiment have reached their lower 
bounds after 5 trials, whereas in the third experiment 8 trials are needed. This corresponds 
with the fact that some parameters in the third experiment need more trials to  converge to 
steady state values, e.g. pq, pg and p7 (see Figure 4.4). From Figures 4.5, E.l and E.2, it can 
also be seen that tracking errors in all three joints in the third experiment are approximately 
twice as large as the ones in the first two experiments. This is mainly caused by the different 
settings of the PD feedback controllers during the three experiments. 

0.014 

-0.03 
20 40 60 

-0.034 

20 40 60 80 100 
Time [s] Trial 1-1 

Figure 4.5: Convergence of the tracking errors in the second joint in the first (upper subplots), 
second (middle subplots) and third experiment (lower subplots): Tracking errors in time 
domain (left) and corresponding RMS-values (right) 

4.5.2 Validation results 

To validate whether the obtained parameters provide a close match between the model (4.1) 
and the real robot dynamics for all three loads, validation experiments have been conducted. 
In these experiments, the robotic arm had to perform a writing task, which is often recognized 
as very demanding for the dynamics of a mechanical system due to fast and non-smooth 
motions [14]. In this writing task, the robot tip had to track a sequence of letters in the 
vertical plane, shown on the left hand side of Figure 4.6. The corresponding joint motions 
are depicted on the right hand side of this figure. 
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Figure 4.6: Reference path of the robot tip (left) and corresponding joint motions (right) 

6 s 

During the validation experiments, the robotic arm is stabilised using the PD feedback con- 
troller: 

- 
M 

4 O -  

1 I 

where the 3x3 positive definite diagonal matrices Kp and Xd are tuned according to the load 
attached to the third joint, again in order to avoid vibrations induced by this load. To verify 
whether the desired close match between the model (4.1) and the actual dynamics has been 
obtained, the output of the PD feedback controller (4.36) is compared with the reconstructed 
torques, calculated using the model (4.1). To calculate these torques, the joint motions, 
speeds and accelerations are again reconstructed online using a Kalman filter to  filter out 
quantization noise [6]. In Figure 4.7, outputs of the PD controller of the second joint have 
been depicted for the three different validation experiments, together with the reconstructed 
torques in that joint. Validation of the match between the actual and reconstructed torques 
of the first and third joint are depicted in Appendix E.2. From these figures, it can be seen 
that in all cases the torques reconstructed from the model closely match the outputs of the 
PD controllers, which shows that relevant estimates have been obtained. In the lower plot of 
Figure 4.7, it can be seen that the output of the feedback controller is clipped at its maximum 
permissible value. Under normal circumstances, i.e. when no extra load has been attached 
to the tip of the steel rod, this does not happen, which shows that the model predicts the 
output of the PD controller well, even under 'abnormal' circumstances. 

' r , z  

- 1 . 5 5 .  

' r ,3  

In all plots from Figures 4.7, E.3 and E.4, but especially in the ones representing the validation 
results in case of the extra mass added to the third link, it can be seen that the reconstructed 
torques have higher peaks than the outputs of the PD controllers when the sign of the joint 
speeds changes. This can, for example, be seen by the torques in the second and third joint 
when writing the letter 'm' at the beginning of the experiment, and the torques in the first 
joint when writing the circular part of the letter 'd'. This indicates that the adopted friction 
model does not compensate properly for the real friction phenomena. This can also be seen 
from the peaks in the first and third tracking error during the identification experiment with 
the extra mass added to the third link. The peaks that occur after approximately 5 [s] after 
the start of each new trial correspond with a fast change in the sign of the reference speeds at 
that moment, which can be derived from Figure 4.2. The fact that the peaks at approximately 
5 [s] after the start of each new trial can also be seen in the tracking error in the second joint, 

2 x Iml 0.27 o Time [s] 10 
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while there is no fast change in the sign of the corresponding reference speed, is probably 
caused by the dynamic couplings in the system. 
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Figure 4.7: Validation of the estimates in the writing task. Output of the second feedback 
controller (upper subplots) and corresponding reconstructed torques (lower subplots) for the 
experiment without the third link (top, left), with the third link (top, right) and with the 
extra mass attached to the third link (bottom) 
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p~ 

This identification procedure has also been presented in the conference paper 

"Online Identification of a Robot using Batch Adaptive Control" 

submitted to the 1 2 ~ ~  IFAC Symposium on System Identification, 
27-29 August 2003, Rotterdam, The Netherlands. 

The paper can be found in Appendix F 

The results shown in this paper have been obtained from 
older experiments and will be updated during the review process. 



Chapter - 5 

Iterative Learning Control of the 
RRR-robotic arm 

This chapter describes the design of an Iterative Learning Controller for the RRR-robotic arm, 
used for the improvement of the tracking performance along repetitive trajectories. Since the 
design of this controller is performed in the frequency domain, the controller works with 
linear plants only. The RRR-robotic arm, however, has a highly non-linear dynamics due to 
its direct-drive actuation. To still be able to use the presented technique, it is combined with 
a model-based control approach. 

After presenting the learning algorithm for a single-input single-output linear system together 
with its convergence criterion, the model-based control approach used to linearize and decou- 
ple the system is presented. Next, the remaining dynamics and the filter design based on 
this dynamics is discussed. After presenting the design of a homing procedure, experimental 
results show the effectiveness of the learning controller. 

5.1 Iterative Learning Control 

Iterative Learning Control (ILC) is a control strategy for systems that are controlled along 
a repetitive trajectory. The ILC algorithm builds a control input signal iteratively from 
successive experiments, in order to achieve a desired behaviour of the system. The tracking 
performance is improved through the repetition of trials, until the reproducible part of the 
tracking error has vanished and only non-reproducible errors remain. More detail on the 
description of ILC is given by the following axioms [I]: 

The system repeatedly performs a specific motion of a fixed duration, t j  > 0. 

The plant dynamics are time-invariant. 

The desired output, &(t) (t E [0, tf]) ,  is given a priori. 

For each trial k, the initial states are the same. 

e The plant output, O(t), is observable. 
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There exists a unique input, u, (t), that yields 0, (t). 

Figure 5.1 shows a schematic representation of ILC used for the derivation of the update rule 
of the learning algorithm, with the pIant P, the feedback controller C, the learning filter L 
and the memory block mem. 

Figure 5.1: Schematic representation of Iterative Learning Control with plant P, feedback 
controller C, learning filter L and memory block mem 

The single-input single-output (SISO) linear plant P is described by its transfer function: 

where U  and O are the Laplace transforms of the applied control input u and the plant output 
0, respectively. The feedback controller C is used to stabilize the system by generating the 
feedback control input ufa, corresponding to the tracking error defined by (4.4). The input 
uil, represents the signal from the iterative learning controller, which is updated after each 
trial. In the Laplace domain1, the update rule of the learning algorithm is defined as follows: 

where Uil, and E are the Laplace transforms of the signal of the learning controller and the 
tracking error, respectively. The convergence of U i ,  to a steady state value is guaranteed 
under the following condition: 

with 11.  (1, denoting the infinity norm. Substitution of (5.2) into the left hand side of (5.3) 
results in the following relation: 

'Because identical initial conditions are assumed in each trial, the analysis in the Laplace domain is allowed, 
even though each trial has finite time-length [Ill. 
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An expression for Ek can be derived using Figure 5.1: 

with S denoting the sensitivity function: 

Substitution of (5.5) into (5.4) results in the following condition: 

When (5.3) and (5.7) are combined, it can be concluded that u;, converges if: 

This criterion also holds for the convergence of E ~ ,  which can be shown by using the relations 
of the errors in two successive trials: 

~ ' " ( s )  = - P ( s ) S ( s )  u;,(s), 

&+I ( s )  = - P ( s ) S ( s )  uy ( s ) .  

Substitution of (5.2) and (5.9) into (5.10) results in 

E~+' ( s )  = @(s) (1  - L(s) P(s )  S(s ) )  . (5.11) 

From this equation it can be seen that the tracking error decreases if the criterion (5.8) is 
satisfied. 

To speed up convergence, the learning filter L should be identical to the inverse of the process 
sensitivity P S :  

The design of this Lfilter is based on a parametric model of the process sensitivity. If the 
plant P is non-minimum phase, i.e. if it has zeros in the right-hand side of the complex plane 
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(continuous time domain) or zeros outside the unit circle (discrete time domain), the Lfilter 
in (5.12) will be unstable when the process sensitivity is inverted directly. To avoid this, the 
Zero Phase Error Tracking Algorithm for Digital Control (ZPETC) [I81 can be used, which 
makes use of the discrete-time process sensitivity. It inverses its poles and stable zeros and 
cancels the phase shift induced by the unstable zeros. 

Making the parametric model of the measured dynamics, needed for the ZPETC algorithm, 
is diiiicuit when the complete frequency ra;;ge has to be t a k a  i,ltc zccou~t. Especially 
modeling the high frequency dynamics is difficult, so the resulting model is likely to cover 
only the low frequency range. As a consequence, this model would lead to an L-filter that 
compensates well for low frequencies and satisfies the convergence criterion in this frequency 
range, whereas it does not compensate correctly for high frequencies and can therefore violate 
the convergence criterion with an increasing error as a result. To avoid this increasing error, 
the robustness filter Q is introduced, as depicted in Figure 5.2. It is designed such that it 
suppresses the frequency components at which the L-filter does not match the inverse of the 
process sensitivity correctly, or in other words, at which the convergence condition (5.8) is 
not satisfied. With the introduction of the Q-filter, the learning algorithm becomes: 

after which the new convergence criterion can be derived analogously to the one in (5.8), 
resulting in: 

Figure 5.2: Iterative Learning Control block diagram with plant P, feedback controller C, 
learning filter L, robustness filter Q and memory block mem 

Since modeling the high-frequency range is difficult, Q is mostly chosen to be a low-pass filter. 
In the simplest case, below its cut-off frequency fQ, the Q-filter has a pass-band amplitude 
equal to 1, while above fQ its amplitude is decreasing. The Q-filter should influence the 
frequency content of the feedforward input only by its magnitude characteristics, but should 
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not introduce any phase distortion. This can be explained as follows: Since the feedforward 
input in each trial should be effective in reducing the tracking error only in the frequency 
range for which the convergence criterion is satisfied, frequency components of this input that 
are outside this range should be suppressed by the Q-filter. However, in time-domain, there 
should be an exact match between the filtered tracking error and the feedforward input from 
the previous trial, and therefore the Q-filter is not allowed to introduce any phase distortion. 
Consequently, filtering the input signal with the Q-filter is a non-causal filtering operation, 
which will be performed offline during the experirnents described in Sections 5.5 and 5.6, as 
indicated in Figure 5.2. 

The disadvantage of the introduction of the Q-filter is that a zero tracking error cannot be 
guaranteed above fQ. When the learning algorithm has converged, the following relation 
holds: 

lirn u;:' (s) = (s) . 
k+Cc 

Substitution of (5.13) into (5.15) results in 

after which substitution of (5.16) into (5.5) yields: 

lim ~ ~ ( ( s  = S(s)@,(s)-P(s)S(s) Q(s)L(s)  EX(^) 
k--too 1 - &(s) 

At low frequencies the tracking error can become zero, as Q(s) is identity below fQ: 

lim ~ ~ ( s )  = 0, 'df << fQ, 
k+oo 

while at high frequencies IQI << 1 and the error will be: 

lim E ~ ( s )  = S(s)@,(s), 'df >> fQ. 
k-oo 

(5.19) 

5.2 Robot dynamics 

The ILC algorithm considered in the previous section is designed in the frequency domain, 
and therefore it requires linearity of the plant to be controlled. The RRR-robotic arm, 
however, is actuated by direct-drive motors implying the presence of nonlinear and highly 
coupled dynamics. To use the considered ILC algorithm anyway, it is combined with a 
Model-Based Control approach that compensates for the nonlinearities. This approach is a 
kind of computed torque and the control law is defined by: 
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where w is the 3x 1 vector containing the feedback control laws and the upper bars indicate 
that a model is used to compensate for the real phenomena. The result applying of (5.20) 
will be the same as the result of applying feedback linearization [12], which is an approach to 
linearize and decouple the robot dynamics, when the tracking errors are small and the model 
used is a good representation of the real robot dynamics. In this case, it is assumed that the 
tracking errors will be small and that the model, whose parameters have been identified in 
the previous chapter, matches the real robot dynamics well. Consequently, it is assumed that 
linear dynamics will remain. In that case, the control situation illustrated by Figure 5.2 can 
be established and the ILC design explained in the previous section becomes possible. 

When a perfect model and feedback controllers resulting in very small tracking errors are 
used in (5.20), the matrix with transfer functions describing the remaining robot dynamics 
should become: 

which is a set of three linear SISO plants, each having the dynamics of a double integrator. 
This holds only if the dynamic model perfectly matches the real robot dynamics. In practice, 
this rarely happens, especially in the presence of flexible effects that are not included in the 
model. As discussed in [6], the dynamics in the robot joints obtained after applying the 
control law (5.20) is more complex than the ideal one in (5.21). For the ith degree of freedom, 
it can be represented by the transfer function 

@i(.) Pi (s) = - ui (4 ' 
where Pi is not just a double integrator, as suggested by (5.21), but it has a more involved 
frequency response, incorporating poles and zeros due to the appearance of resonances and 
anti-resonances. Since the location and damping of these resonances vary with the robot 
configuration, the remaining dynamics in each joint is identified for N different configurations 
by measuring the frequency response functions ~f ( jw ) ,  (I= 1, .  . . ,N) ,  from vi(t) to  Oi(t), as 
explained in [6] .  Since in Section 5.3 the learning controller will be designed for the robotic 
arm with the steel rod attached to the third joint, so without the extra mass attached to 
the robot tip, frequency responses will be measured for this situation. Leaving the steel rod 
or adding the extra mass would change the remaining dynamics after applying (5.20) and 
consequently, calculation of new filters would be necessary. 

In the first joint, frequency responses have been measured corresponding to N=16 static 
postures, spanning the complete range of joints 2 and 3 by steps of 90": 

In the second and third joint, frequency responses corresponding to N=4 static postures have 
been measured, spanning the range of the third and second joint by 90' steps, respectively: 
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During the measurements in the second and third joint, the configuration in the first joint 
was not changed since it was assumed that it does not influence the frequency response data 
in these joints. The frequency responses measured in the first joint are depicted in the left 
hand side of Figure 5.3, whereas the ones measured in the second and third joint are shown 
in Appendix G.1. From these figures, it is obvious that the theoretically expected dynamics 
of a double integrator (5.21) holds at low frequencies only (until 20, 30 and 40 [Hz] for the 
frequency responses in the first, second and third joint, respectively). At higher frequencies, 
the real dynamics is more involved. The increasing phase lag, which can be observed in the 
phase plots in Figures 5.3, G.l and G.2 is caused by the time delay in the control system [6] .  
Because the measured dynamics show a double integrator behaviour, the assumptions made 
when applying (5.20) are justified. 

Capturing all possible variations in the plant dynamics with one single model, on which the 
design of the learning filter will be based, is a difficult task. Therefore a nominal model P! is 
calculated for each set of frequency responses. This model represents the average dynamics 
of the plant under consideration and differences from it are interpreted as perturbations in 
the dynamics. These perturbations must be taken into account in the design of the learning 
controller, as explained in the next section. In this case, the nominal model is calculated in two 
steps. First the nominal frequency response G: has to be derived. At least two possibilities 
can be used: 

G%(jw) - Gi(jw) 
G:(~u) = arg min max 

Gi(jw) 1 

and 

1 
N 

GP(ju) = - C G: (jw). 
N 

1=1 

The first possibility minimizes the distance between the nominal and the worst of the N 
measured frequency responses at each frequency w. The second one calculates the average of 
the N measured frequency responses. Because this possibility provides smoother amplitude 
and phase plots, which facilitates fitting the parametric model P! onto the nominal frequency 
response G:, this one is chosen. The nominal frequency response of the first joint is depicted 
in the left hand side of Figure 5.3 as well, whereas the nominal frequency responses of the 
second and third joint are shown in Appendix G.1. 

The second step in calculating the nominal model P: is making a parametric fit of the 
nominal frequency responses. The fitting has been carried out in the least squares sense, 
using an output-error model structure. The resulting models of the three plants match the 
corresponding nominal frequency responses only in the range until approximately 90 [Hz]. 
That is because in the low frequency range the tracking error is expected to decrease, since in 
this range its frequency content is high, which will be shown in Sections 5.5 and 5.6. Fitting 
the high frequent dynamics is therefore unnecessary. The nominal model of the dynamics in 
the first joint is depicted in the right hand side of Figure 5.3, together with its corresponding 
nominal frequency response. The nominal models of the second and third joint are shown in 
Appendix G.1. 



48 Advanced Control of an RRR-robot Tip 

0 

- 
i 
2 -350 -350 
k 

-700 -700 
1 o" lo1 1 o2 1 o" 10' 

Frequency [Hz] Frequency [Hz] 
lo2 

Figure 5.3: Left: Experimentally obtained frequency responses G;, . . ., GP (gray) in the first 
joint and its nominal frequency response G: (black). Right: Nominal frequency response G: 
(black, thick) in the first joint and its parametric model P: (black, thin) 

5.3 Iterative Learning Controller design 

5.3.1 Design of the L-filter 

In the first set of experiments to be conducted, the robotic arm will stabilized by the following 
PD feedback controllers Ci: 

where w is the 3x1 vector containing the feedback control inputs in (5.20) and Kp and Kd 
are 3x3 positive definite diagonal matrices with Kp,i= 1000 and Kd,i= 2%, respectively. 
With Pi0 and Ci given, the parametric models of the process sensitivities can be derived, after 
which the Lfilters are calculated as explained in Section 5.1. Figure 5.4 shows the Lfilter for 
the first joint, the process sensitivities calculated from the 16 measured frequency responses 
G:, . . . , Gi6, and their products. A perfect Lfilter would result in 0 [dB] magnitude and 0" 
phase shift of its product with its corresponding process sensitivity. From Figure 5.4, it can 
be seen that the obtained Lfilter matches the inverses of the process sensitivities well until 
approximately 20 [Hz] and in the range from approximately 32 [Hz] until 50 [Hz]. Between 20 
and 32 [Hz], the varying location and damping of the first resonance mode for the different 
robot configurations cause the deviations from the 0 [dB] magnitude and 0" phase line. The L- 
filters of the second and third joint are shown in Appendix G.2. They both match the inverse 
of the process sensitivities well until approximately 70 [Hz] and 60 [Hz], respectively, as can be 
seen from Figure G.3. The bad match between the L-filters and their corresponding process 
sensitivities in the high frequency range is caused by the fact that the fits of the nominal 
frequency responses are not accurate in this range. 
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Figure 5.4: F'requency response of the L-filter for the first joint (black, thick), the process 
sensitivities calculated for 16 distinct robot postures (gray) and their products (black, thin) 

5.3.2 Design of the Q-filter 

In order to preserve the convergence criterion (5.14) in the frequency ranges where the L- 
filters do not match the inverses of the process sensitivities, the robustness filters Q are 
used, as explained in Section 5.1. These filters are 4th order low-pass digital Butterworth 
filters with a pass-band amplitude equal to one. The cut-off frequency fQ of the Q-filter can 
never exceed the frequency up to which the nominal model Pf is a good representation of the 
nominal frequency response Gy . In determining the optimal cut-off frequency, the convergence 
criterion (5.14) has to be evaluated for all process sensitivities calculated from the N measured 
frequency responses, rather than for the nominal one only, in order to make sure that the 
convergence criterion is satisfied for the complete set of robot postures. This is shown by 
Figure 5.5, in which the complex vector Q1 (1 - LIPIS1) is plotted in the complex plane for 
the process sensitivities calculated from the 16 different frequency responses measured in the 
first joint, using a Q-filter with a cut-off frequency of 25 [Hz]. From this figure, it can be seen 
that for this filter the convergence criterion is satisfied for all process sensitivities and that 
the complex vectors lay within a circle with a radius of 0.5, so an extra safety margin has 
been introduced. Although not depicted here, the convergence criterion calculated using the 
nominal frequency response @ is satisfied as well when the cut-off frequency of the Q-filter 
is 25 [Hz]. The accompanying complex vector also lies within the circle with a radius of 0.5 
in the complex plane. 

The cut-off frequencies of the Q-filters for the second and third joint have been derived 
analogously and are 70 [Hz] and 60 [Hz], respectively. They are quite large compared with the 
cut-off frequency of the first Q-filter, which can be explained from the fact that the measured 
dynamics in the second and third joint does not change as much in the low frequency range 
as the dynamics in the first joint. The complex vectors Q ( l -  LPS) for the second and third 
joint, with the process sensitivities again calculated from the measured frequency responses, 
are depicted in the complex plane in Appendix G.3. 
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Figure 5.5: Evaluation of the convergence criterion calculated from the 16 process sensitivities 
based on the measured frequency responses of the first joint with a fixed cut-off frequency of 
25 [Hz] 

5.4 Homing procedure 

As stated by the fourth axiom in Section 5.1, the initial states at the beginning of each trial 
have to be identical. For the RRR-robotic arm this implies the same configuration and zero 
speeds and accelerations in the joints. Moving the robot to its desired initial configuration 
manually is not accurate enough, because due to a possible variance in initial configuration, 
uil, in trial k+l may not compensate for the tracking error measured in trial k, i.e. the one 
it was calculated from, which may lead to an increasing error in trail k+l. 

To make the homing procedure possible, three extra sensors have been mounted onto the base 
cilinder of the robotic arm. The sensors for the first two links are inductive sensors. Two 
small metal blocks have been attached to these two links such that the sensors are triggered 
at the approximate desired initial joint positions and such that these positions both are in 
between two Z-pulses of the incremental encoders. These Z-pulses are fixed encoder pulses 
on the incremental encoders. Each encoder of the RRR-robotic arm contains 60 Z-pulses, so 
the distance between the left flanks of two succeeding pulses is 6 ["I. The sensor used for 
homing the third link is a capacitive sensor, which is capable of detecting any material. In 
this way, the homing procedure can be used as well when the steel rod, depicted in Figure 
2.1, is replaced with, for example, a plastic one. The capacitive sensor is placed in such a way 
that the sensor is triggered when the third joint has reached its approximate desired initial 
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position and is in between two Z-pulses of the incremental encoders. 

The homing procedure consists of three phases: 

Movement of the three links until they are detected by the sensors 

0 Movement of the three links until each of them reaches the nearest Z-pulse 

Movement of the three Iiiiks to their desired corifiguration 

In the first phase all three links move simultaneously in clockwise direction of joint motions 
at low constant speeds, until they are detected by their corresponding sensors. During this 
part of global motions, the robot is stabilized by the following PD feedback controller: 

with K, = diag[l30,130,50] and Kd = diag[2,2,0.7]. At the moment one of the sensors 
is triggered, its corresponding link stops moving. The procedure is designed in such a way 
that the first link is the first one to be detected by its sensor. This has been done because 
the position of this link determines the spatial position of the second and third link, so the 
latter two can only be detected when the sensor of the first link has been triggered. Next the 
second iink is to be detected and its movement is to be stopped. Finally, the third sensor 
can be triggered, after which a PID feedback controller is used to move the three links to 
exactly that position at which they were first detected by their corresponding sensors. The 
PID controller is designed by adding an integral action to the PD controller in (5.26): 

with Ki = diag[175,275,175]. Once the following condition is satisfied: 

which implies that all three errors are within the encoder resolution of 1 .10-~  [rad], the second 
phase of the homing procedure is started. 

In this second phase all three links again move simultaneously in clockwise direction of joint 
motions at low constant speeds, until in each joint the first Z-pulse has been detected. It 
is assumed that the location of the 2-pulses is reproducible, i.e. that each time the homing 
procedure is used, the robot configuration is exactly identical when the Z-pulses are detected. 
At the moment of detection of a Z-pulse, the movement of the concerned link is stopped. 
The global motions are again stabilized by the PD feedback controller (5.26). When all three 
links have reached their Z-pulses, the PID feedback controller (5.27) is used to move the three 
links to exactly that position at which the Z-pulses were reached. Once the condition (5.28) 
is satisfied again, the final phase is started. 

In this final phase the robot is moved to its desired position, which is the stretched robot 
configuration with the second and third link pointing downwards, represented by 8,: 
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The three links move from the final position in the second phase to their desired positions via 
the following cosine reference profile in joint space: 

where 8, is the 3x1 vector with joint angles corresponding to the final position of the links 
in the second phase of the homing procedure and a is a 3x 1 vector defined as follows: 

The vector 68 has been determined only once, since in the second phase of every homing 
trial the robot reaches the same Z-pulses. During this movement, which is designed to take 
1 [s], the robot is again stabilized by the PD feedback controller (5.26), after which the PID 
feedback controller (5.27) is used to satisfy the condition (5.28). 

The designed homing procedure can be quite time-consuming, depending on the robot config- 
..-.. Ulatioi; before homing and the amount of time the PID cor,trollers need to satisfy the norm 

(5.28). Speeding up this procedure, without the loss of accuracy, might be useful. Possible 
candidates for speeding up the procedure are increasing the constant speeds in the first phase, 
relaxing the norm (5.28) to be satisfied in the first phase and integrating more intelligence on 
the direction of motion of the second and third link by making use of the gravity force. 

5.5 Experimental results 

In order to demonstrate the effectiveness of the ILC algorithm, experiments have been con- 
ducted. In these experiments, the robotic arm had to  perform a writing task in the vertical 
plane, shown in three dimensional space on the left hand side of Figure 5.6. The robot tip 
had to track the path starting from "Ai7 in the direction of the arrows. The corresponding 
joint motions are depicted on the right hand side of Figure 5.6. 
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Figure 5.6: Reference path of the robot tip (left) and corresponding joint motions (right) 
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To get an idea of the amplitude of the tracking errors that could be achieved with ILC, the 
(non-)reproducibility of the errors has to be investigated. Because the learning controller 
compensates for the reproducible part of the error, only the non-reproducible part will re- 
main at the end of the learning session when learning in the complete frequency range would 
be possible. To calculate the (non-)reproducible parts of the errors in the three joints, mea- 
surements of the tracking errors in the motions to be learned have to be performed. It is 
assumed that the reproducible part of the tracking error can be represented by the average 
error calculated from the measurements: 

where K denotes the number of measurements. The non-reproducible part of the tracking 
error is assumed to be represented by the difference between the error in a certain measurement 
and the reproducible part from the error (note that using this approach the non-reproducible 
part differs each measurement) : 

The approach in calculating the (non-)reproducible parts of the error can probably be im- 
proved. Nevertheless, at the end of this section the presented approach will be used in the 
evaluation of the errors at the end of the learning session. 

The reproducible and non-reproducible parts of the error signals in each joint are shown in 
Figure 5.7. The reproducible part of the errors is obtained by averaging 10 measurements. 
During these measurements, the robot motions have been stabilized by the PD feedback 
controllers (5.25) that are used in the design of the L-filters as well. 
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Figure 5.7: Reproducible (left) and non-reproducible parts (right) of the tracking error in the 
first (upper subplot), second (middle subplot) and third joint (lower subplot) 

The learning experiment consists of 10 trials. In each trial, the robot motions are again 
stabilized by the PD feedback controllers (5.25). After each trial L, u;:' is calculated offline 
for each joint according to (5.13). This is done by first filtering the measured errors with 
their corresponding L-filters, using the Matlab command filter .m. Next, Uil, from the 
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previous trial is added to the corresponding filtered signals, after which the resulting signals 
are filtered with the corresponding Q-filters. This final non-causal filtering operation is done 
using the Matlab command f  i l t f  ilt .m, which filters the signal forward and backward in 
order to cancel the phase delay. Finally, the resulting uil,'s for trial k + 1 are added to the 
corresponding feedback control input w and the reference accelerations q, in (5.20). 

'1 I he first experiments have been conducted using low-pass Q-filters with cut-oE fi-eqiiencies of 
25 pz ] ,  70 [Hz] and 60 [Hz], respectively. With this set of Q-filters, the convergence criterion 
for each learning controller is satisfied, as explained in Subsection 5.3.2. However, after a few 
trials vibrations showed up in the tracking error of the first joint. Frequency analysis of these 
vibrations showed that frequency components of 28 [Hz] were strongly present. Apparently 
the first resonance mode in the frequency response of the first joint, a flexibility of the base 
cilinder which is located at 28 [Hz], was excited. Because the cut-off frequency of the first 
Q-filter was 25 [Hz], still quite some signal power is available at 28 [Hz]. However, reducing 
the cut-off frequency of this filter did not prevent the vibrations from showing up after a few 
trials, so these vibrations might have been caused by the inputs from the learning controller 
of the second or third joint. If that is the case, total decoupling using the control law (5.20) 
was not achieved, which should be validated by measuring the cross transfer functions of the 
system. 

In order to avoid the vibrations in the next set of experiments, the final cut-off frequency of 
the first Q-filter has been reduced to 18 [Hz], which is a little bit lower than the region in 
which the L-filter does not match the inverses of the process sensitivities correctly (see Figure 
5.4). The cut-off frequencies of the second and third Q-filter have been reduced to 25 and 
27 [Hz], respectively, so below the location of the first resonance mode of the first joint. In 
addition to that, a notch at 28 [Hz] is used in the second and third Q-filter in order to be 
sure not to excite the first resonance mode of the first joint. 

The results of the experiment conducted with the new Q-filters is depicted by Figure 5.8. 
The left hand side of this figure shows the tracking errors during the first, second and tenth 
trial in all three joints. From this figure it can be seen that the tracking errors have already 
reduced considerably in the second trial, i.e. after just one iteration. Final tracking errors 
in the tenth trial are approximately 10 times smaller than the ones in the first trial. The 
right hand side of Figure 5.8 shows the Cartesian position errors of the robot tip in the first, 
second and tenth trial, calculated using the forward kinematics model (2.6) and the errors 
in the three joints. Final position errors are within 0.5 [mm] for the error in x-direction 
and within approximately 1 [mm] for the errors in the y and z-directions, except for the 
jump in e, a t  the end of the tenth trial. This jump is caused by small jumps in the joint 
errors at the end of that trial that are probably caused by filtering effects. The obtained 
performance in operational space is considered to be quite accurate for direct-drive robots 
[6]. However, by calculating the errors of the robot tip in operational space using the forward 
kinematics model, flexibilities of for example the third link are not taken into account. As a 
result, the actual tip position in operational space is not exactly known. In order to obtain 
exact information about this position, and therefore the cartesian position errors, it should 
be measured by additional sensors. 
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Figure 5.8: Tracking errors in joint space (left) and operational space (right) during the first 
(upper), second (middle) and tenth (lower) trial 

The performance improvement is also shown by Figure 5.9, whose left hand side shows the 
root-mean-square (RMS) values of the joint errors. As can be seen from this part of the 
figure, they keep decreasing until lower bounds have been reached, that cannot be further 
reduced. For the first two joints, seven trials are needed, while for the third joint it takes 
one trial more. The RMS values after learning are approximately 14, 10 and 13 times smaller 
for the errors in the first, second and third joint, respectively, compared with the ones before 
learning. The right hand side of Figure 5.9 shows the RMS values of the position errors in 
operational space. Final RMS values are approximately 13, 20 and 10 times smaller for the 
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errors in x, y and z direction, respectively, compared with the ones before the learning session. 
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Figure 5.9: Left: Root-mean-square values of the errors in the first (black, thick), second 
(gray) and third joint (black, thin) during the ten trials. Right: Root-mean-square values of 
the errors in x (black, thick), y (gray) and z direction (black, thin) during the ten trials 

For the frequency analysis of the tracking errors in joint space, auto power spectra of these 
errors have been calculated. Figure 5.10 shows the auto power spectra of the errors in the 
first joint during the first, second and tenth trial. The auto power spectra of the errors in the 
second and third joints are depicted in Appendix G.4. 
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Figure 5.10: The auto power spectra of the tracking errors in the first joint in trial 1 (black, 
thick), trial 2 (gray) and trial 10 (black,thin) 

The spectra show a significant reduction of frequency components until approximately 10 [Hz] 
in the first two joints and until 12 [Hz] in the third joint. The reduction in these frequency 
ranges is important, because the frequency content of the reference motions is within these 
ranges. The spectra also show that the frequency content of the errors in the high frequency 
range in the tenth trial does not differ from the frequency content in the first trial. This is 
caused by the fact that no learning takes place in this range. This can be been seen from the 
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auto power spectra of uil,, although they are not depicted here. From Figure 5.10 and the left 
hand side of Figure G.5, it can be seen that at the end of the learning session, the errors in 
the first and second joint contain more frequency components between approximately 10 and 
20 [Hz] than before the learning session. This might have been avoided by reducing the pass- 
band amplitude of the Q-filter. This will slow down the convergence process, i.e. more trials 
are needed until the errors have reached their lower bounds, but it increases its robustness. 
The peak at 28 [Hz] in the auto power spectrum of the error in the second joint during trial 
10, might have been caused by the flexibility of the base cylinder. If that is the case, the 
assumption that the configuration of the first joint does not influence the frequency responses 
in the second joint is not valid and this influence should be experimentally investigated. The 
right hand side of Figure G.5 shows that the frequency content of the third tracking error does 
not decrease above 12 [Hz], although the cut-off frequency of the third Q-filter was located 
at 20 [Hz]. A decrease of the frequency content until approximately 20 [Hz] might again have 
realized by reducing the pass-band amplitude of the Q-filter. 

When the final tracking errors in joint space after the learning session are compared with the 
non-reproducible parts of the tracking errors, en-,, in (5.33), it appears that en-,,, is smaller 
than the final errors, as can be seen when the right hand side of Figure 5.7 is compared with 
the final tracking errors in joint space in Figure 5.8. Apparently not all reproducible parts 
of the tracking error have been cancelled by the learning controiier, which can be expiained 
by the limited cut-off frequencies of the Q-filters. If the learning algorithm has cancelled all 
reproducible parts of the error in the frequency range where learning took place, i.e. below 
the cut-off frequency of the Q-filter, and if the representation of the (non-)reproducible parts 
of the error is correct, the magnitude of the auto power spectra of en-,ep and the final errors 
are expected to  be of the same order of magnitude in this range. Above this range, the spectra 
of en-,,, is expected to be smaller. In Figure 5.11, the auto power spectra of the reproducible 
and non-reproducible parts of the tracking error in the first joint, calculated using (5.32) 
and (5.33) respectively, are depicted together with the spectrum of the final tracking error 
in the first joint. Equivalent figures for the error in the second and third joint are shown in 
Appendix G.5. 

Figure 5.11: The auto power spectra of the reproducible part (black, thick) and the non- 
reproducible part (gray) of the tracking error in the first joint, together with the auto power 
spectrum of the final error in the first joint (black, thin) 
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From these figures, it can be seen that the frequency content of the final tracking error in 
the low frequency range is smaller than the content of the reproducible part of the error, but 
not as small as the content of the non-reproducible part and that in the high frequency range 
the frequency content of the latter one is approximately equal to the frequency content of 
the final error. Since these results do not meet the expectations, more research should be 
performed on the approach to calculate the (non)reproducible part of the error. 

5.6 ILC in combination with H, feedback control 

A possible way to improve the tracking performance in both joint and operational space, is 
to make use of more advanced feedback controllers. In [6], it can be seen that by replacing 
conventional PD controllers with controllers designed using the H, theory, tracking errors 
of the robot tip in Cartesian space can be achieved, which are of the same order as the ones 
at the end of the learning session discussed in the previous section. In order to achieve even 
better performance, the H, controllers in [6] are combined with the ILC technique, discussed 
in Section 5.1. Consequently, new learning filters have to be designed. 

5.6.1 L-filter design in the case of H, feedback control 

The design of the L-filters is slightly different than the procedure used in Subsection 5.3.1. 
In this case, for each joint a nominal process sensitivity Ggs,, is calculated using (5.24): 
based on the measured frequency responses GN and the H, controller for that joint. The 
nominal model of the process sensitivity P:s,i is calculated by making a parametric fit of 
the nominal process sensitivity. Because the H, controllers are of high order, using the 
procedure of Subsection 5.3.1 would lead to a high-order parametric model of the process 
sensitivity. Inverting this model using the ZPETC-algorithm to calculate the L-filters may 
easily lead to numerical problems. By making a relatively low-order parametric model of 
the nominal process sensitivity, these numerical problems can be avoided. The 16 process 
sensitivities of the first joint, calculated from the measured frequency responses and the 
accompanying H, controller are depicted on the left hand side of Figure 5.12, together with 
the nominal process sensitivity G ; ~ , ~ .  The latter one is also depicted in the right hand side 
of this figure, together with its nominal model. Equivalent figures for the second and third 
joint can be seen in Appendix G.6. From Figures 5.12, G.7 and G.8, it can be seen that 
the parametric models of the first, second and third joint match their corresponding nominal 
process sensitivity accurately until 70 [Hz], 90 [Hz] and 90 [Hz], respectively. However, the 
nominal process sensitivity of the first joint again deviates from the process sensitivities 
calculated from measured data, which should be taken into account in the design of the Q- 
filters as can be learned from the experiments with the PD controllers in the feedback loop. 
If the configuration of the first joint indeed influences the measured frequency responses in 
the second or even in the third joint, as mentioned in the previous section, more spread in 
the process sensitivities calculated from measured frequency responses around 28 [Hz] can be 
expected in Figures G.7 and G.8. 
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Figure 5.12: Left: Process sensitivities calculated from the frequency responses (gray) in the 
first joint together with the nominal process sensitivity (black). Right: Nominal process 
sensitivity @pS,l (black, thick) in the first joint and its parametric fit @pS,l (black, thin) 

Figure 5.13 shows the L-filter for the first joint, the process sensitivities calculated from the 
16 measured frequency responses and their products. Equivalent figures for the second and 
third joint can be seen in Appendix G.7. From these figures it can be seen that the first 
and third L-filter are of the same quality as the ones in Subsection 5.3.1 and that the second 
L-filter matches the inverse of the process sensitivities well until 20 [Hz] and in the range of 
35 [Hz] until 60 [Hz]. The bad match between the L-filters and their corresponding process 
sensitivities in the high frequency range is again caused by the fact that the fits of the nominal 
process sensitivities were not accurate in this range. 
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Figure 5.13: Frequency response of the L-filter for the first joint (black, thick), the process 
sensitivities calculated for 16 distinct robot postures (gray) and their products (black, thin) 
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5.6.2 Experimental results in the case of H, feedback control 

Before the learning session, the (non-)reproducibility of the tracking errors obtained with the 
H, feedback controllers is investigated using the same procedure that was used in Section 
5.5. The reproducible parts of the errors, shown on the left hand side of Figure 5.14 are again 
obtained by averaging 10 measurements. The non-reproducible parts are depicted on the 
right hand side of the same figure. At the end of this subsection, they will again be compared 
to the final tracking errors at the end of the learning session. 
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Figure 5.14: Reproducible (left) and non-reproducible parts (right) of the tracking error in 
the first (upper subplot), second (middle subplot) and third joint (lower subplot) 

The learning experiment again consisted of 10 trials and uil, has been calculated as described 
in Section 5.5. In the first set of experiments, the Q-filters used in the final experiments 
described in Section 5.5 were used. However, after a few trials error components caused by 
vibrations showed up, again with frequency components of 28 [Hz] being strongly present. 
Apparently, the use of these Q-filters in combination with the H, controllers causes the 
resonance mode in the first joint to be excited, despite this resonance mode is again included 
in the process sensitivity, so in the L-filter as well. To avoid the vibrations, the cut-off 
frequencies of the second and third joint were both reduced to 20 [Hz]. In the next set of 
experiments, again vibrations showed up in all tracking errors, originating from the error in 
the third joint. The vibrations occurred just after writing the letter "m", so at the start of 
the straight line movement towards the letter "d". This time, the main frequency component 
of the vibration was 15 [Hz]. Because in neither of the measured frequency responses, a 
resonance mode at 15 [Hz] is located, the cause of this vibration is not known. It might be 
caused by the fact that the sampling time of the control system is not exactly uniform, which 
results in a mismatch between the signal from the learning controller and the tracking error 
it should compensate for. To avoid the vibrations, a notch was added in all three Q-filters at 
15 [Hz]. The results obtained with these Q-filters are shown in Figure 5.15, whose left hand 
side shows the tracking errors during the first, second and tenth trial in all three joints. From 
these figures it can be seen that in the second trial, i.e. after one iteration, the large peaks in 
the first and second error at the beginning have been reduced and that the difference between 
the error levels in the second and tenth trial is very small, especially for the first and second 
error. Together with the increase in performance in joint space, also the Cartesian position 
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errors of the robot tip, again calculated using the forward kinematics model (2.6), have been 
reduced, as can be seen from the right hand side of Figure 5.15. Final errors are within the 
order of a few tenths of a millimeter. 
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Figure 5.15: Tracking errors in joint space (left) and operational space (right) during the first 
(upper), second (middle) and tenth (lower) trial 

In the left hand side of Figure 5.16, the RMS values of the joint errors are depicted. From this 
figure, it can be seen that the errors in the first two joints have already reached their lower 
bounds in the second trial, i.e. after just one iteration step. Final RMS values of the errors 
are 3, 4.7 and 2.8 times smaller for the errors in the first, second and third joint, respectively, 
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when compared with initial ones. The right hand side of Figure 5.16 shows the RMS values 
of the errors in operational space. Final RMS values are 2.6, 2.4 and 2.5 times smaller for 
the errors in z, y and z direction, respectively, when compared with initial ones. 

Figure 5.16: Left: Root-mean-square values of the errors in the first (black, thick), second 
(gray) and third joint (black, thin) during the ten trials. Right: Root-mean-square values of 
the errors in x (black, thick), y (gray) and z direction (black, thin) during the ten trials 

For the frequency analysis of the tracking errors in joint space, auto power spectra of these 
errors have again been calculated. Figure 5.17 shows the spectra of the errors in the first joint 
during the first, second and tenth trial. The auto power spectra of the errors in the second 
and third joint are depicted in Appendix G.8. 
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Figure 5.17: The auto power spectra of the tracking errors in the first joint in trial 1 (black, 
thick), trial 2 (gray) and trial 10 (black, thin) 

The spectra show a significant reduction in the low frequency range, i.e. until the cut-off 
frequencies of the Q-filters. In the spectra of the errors measured in the tenth trial, the 
influence of the notch in the Q-filters can be seen by the fact that the frequency content of 
the errors around 15 [Hz] hardly decreases with respect to the frequency content of the error 
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in the first trial. Frequency components larger than approximately 20 [Hz] are not reduced, 
since no learning takes place in the high frequency range. This can be been seen from the 
auto power spectra of uil,, although not depicted here. 

Comparing the final tracking errors in joint space at the end of this learning session with the 
non-reproducible parts of the tracking errors, en-,, in (5.33), it appears that is smaller 
than the final errors, as can be seen when the right hand side of Figure 5.14 is compared with 
the find ttrxking errms in j ~ i n t  space ir, Figure 5.15. Ant9 paver spectra c?f the repmducibk 
a d  non-reprodccible parts of the tracking error in the first joint are shown in Figure 5.18, 
together with the spectrum of the final tracking error in the first joint. Equivalent figures for 
the second and third joint can be found in Appendix G.9. From these figures, it can be seen 
that the frequency content of the final error in the low frequency range is smaller than the 
content of the reproducible part, but again not as small as the content of the non-reproducible 
part of the error and that the frequency content of the latter one is approximately equal to the 
frequency content of the final error. Since these results again do not meet the expectations, 
more research should be done on the approach to calculate the (non)reproducible part of the 
error. 
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Figure 5.18: The auto power spectra of the reproducible part (black, thick) and the non- 
reproducible part (gray) of the tracking error in the first joint, together with the auto power 
spectrum of the final error in the first joint (black, thin) 

Comparing Figure 5.14 with Figure 5.7 shows that both the reproducible and the non- 
reproducible part of the error obtained using H, controllers are smaller than their equiv- 
alents obtained using a PD controller. This can also be seen when the low frequency ranges 
of the spectra of the (non-)reproducible parts of the error in both cases are compared. Based 
on this observation, it can be concluded that the feedback controller influences the (non-) 
reproducibility of the tracking error. The exact influence can only be investigated well when 
an appropriate approach for calculating this (non-)reproducibility is available. 
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This formalism for Iterative Learning Control for direct-drive robots 
has also been presented in the conference paper 

'(Frequency Domain Iterative Learning Control for Direct-Drive Robots" 

submitted to  the European Control Conference ECC2003, 
1-4 September 2003, University of Cambridge, UK. 

The paper can be found in Appendix H. 



Chapter 6 

Conclusions and Recommendat ions 

In this project, advanced control of the RRR-robotic arm is considered, and special focus has 
been put on controlling the robot tip. From the research performed, the following conclusions 
and recommendations can be made. 

6.1 Conclusions 

The first objective of this project, i.e. the design of a trajectory generator that enables a 
flexible specification of the reference trajectory of the robot tip in operational space, has 
been met by writing two Simulink functions in C-code. The first function enables a real-time 
calculation of motions, speeds and accelerations of the robot tip in operational space, which 
are used by the second one in order to calculate corresponding joint motions, speeds and 
accelerations using the inverse kinematics model in real-time as well. 

For the estimation of the parameters of the robot dynamic model, a control technique has 
been used that updates the parameters of the model batch-wise, i.e. after each trial of a 
repetitive trajectory. The merits of this identification technique are its relatively simple 
online implementation, its robustness against measurement noise and the fast convergence of 
the parameters to steady state values. A set of three identification experiments corresponding 
to different robot loads has been conducted, in which the parameters converge to steady state 
levels within 80 [s]. The obtained estimates in each identification experiment have been 
validated in a demanding writing task by comparing the output of the feedback controller 
with the reconstructed output from the model. From these validation experiments, it can be 
concluded that relevant estimates have been obtained for all three robot loads. 

The tracking accuracy of the robot tip in operational space has been improved by using a 
frequency domain Iterative Learning Control technique. To be able to use this technique, a 
Model-Based Control approach has been used in an attempt to linearize the robot dynamics. 
Based on the remaining linear dynamics, the learning controllers have been designed. Using 
the ILC technique with PD controllers in the feedback loop results in a final reduction of the 
root-mean-square values of the errors in the x, y and z direction of a approximately 13, 20 and 
10 times, respectively. When the ILC technique is combined with H, feedback controllers, 
the final root-mean-square values of the errors in the x, y and z direction have been reduced 
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2.6, 2.4 and 2.5 times, respectively, in comparison with the initial ones. The final Cartesian 
position errors are in the order of a few tenths of a millimeter. 

6.2 Recommendat ions 

Concerning the identification procedure discussed in this report, it would be worthwhile to 
proof that the exciting trajectory, which is designed for an open loop situation and an identi- 
fication technique which is Least Squares based, is also valid for the identification procedure 
described in Chapter 4. 

Furthermore, regarding the identification procedure, it would be interesting to investigate the 
effects of changing the settings of the feedback controllers on parameter convergence speed 
and their final steady-state values, keeping in mind the conditions they have to satisfy. 

As stated in the introduction, robot manipulators can be improved by making changes on 
their construction. This also holds for the RRR-robotic arm, which has a resonance mode at 
28 [Hz], which is caused by the lack of stiffness of the robot base. By making modifications on 
the base cylinder of the robotic arm, this resonance mode could be eliminated. Consequently, 
higher bandwidths codd be achieved by the feedback contro!!ers and the cut-off freq~encies of 
the robustness filters in the ILC design could be enlarged, resulting in a larger frequency range 
where the learning controller can improve tracking performance. Although the resonance 
mode at 28 [Hz] is taken into account in the design of the learning filter, it appeared to be a 
limiting factor in the design of the robustness filters and its absence would be appreciated. 

Another recommendation is to analyse the frequency responses in the second an third joint for 
different configurations of the first joint in order to explain some of the observed phenomena 
during the experiments. The cross transfer functions of the system should be measured as 
well, in order to investigate whether total decoupling has been achieved. 

More research on the design of the robustness filters should be performed. The effects of 
adding a broad notch to these filters in the frequency range where the learning filters L do 
not match the inverses of the process sensitivities correctly are worthwhile investigating, as 
well as the effect of reducing the pass-band amplitude of the robustness filters on the frequency 
content of the error signals after learning. 

The homing procedure might be improved when the reproducibility of the position of the 
Z-pulses is investigated and, if necessary, is corrected for. The procedure might be speeded 
up by increasing the speeds of the global motions, by relaxing the norm to be satisfied at the 
end of the first phase and by integrating more intelligence into the software on determining 
the direction of motion of the second and third link by making use of the gravity force. 

In controlling the position of the robot tip, this position should be measured by additional 
sensors, instead of being calculated using the forward kinematics model. This needs to be 
done in order to take into account flexibilities of the robot structure. 

The final recommendation concerning the ILC technique is to perform more research on 
calculating the (non-)reproducible part of the tracking error and subsequently, investigate 
whether ILC can completely eliminate the reproducible part in the frequency range where 
learning takes place. 
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Appendix - - A 

C MEX S-function: Inverse 
kinematics 

#define NPARAMS I 

#include "simstruc.h" 
#include "math. h" 

#define MDL-CHECK-PARAMETERS 
#if defined (MDL-CHECK-PARAMETERS) && 

defined (MATLAB-MEX-FILE) 

static void mdlCheck~arameters(SimStruct*S) 
C 

C 
if ( ! mxIsDouble (thetal-PARAM(S) ) I I 

mxGetNumberOfElements(theta1-PARAM(S)) != I) C 
ssSetErrorStatus(S,"lst parameter to S-function must be a " 

"scalar ") ; 
return; 

3 
3 

3 
#endif 



static void mdlInitializeSizes(SimStruct *S) ( 
ssSetNumSFcnParams (S , NPARAMS) ; 

#if defined(MATLAB-MEX-FILE) 
if (ssGetNumSFcnParams (S) == ssGetSFcnParamsCount (S) ) ( 

mdlCheckParameters (S) ; 
if (ssGetErrorStatus (S) ! = NULL) ( 

return; 
3 

3 else ( 
return; 

3 
#endif 

if ( ! ssSetNumInputPorts (S , 2) ) return; 
ss~etInputPort~idth(S, 0, 9) ; 
ss~etInputPortWidth(S, I, 1) ; 
ss~et~n~ut~ort~irect~eed~hrough(~, 0, I) ; 
ss~et~nput~ort~irect~eed~hrough(~, 1, 1) ; 

if (!ssSetNumOutputPorts(S, 1)) return; 
ssSetOutputPortWidth(S , 0, 9) ; 

static void mdlInitializeSampleTimes(SimStruct *S) 

ssSetSampleTime(S, 0, 0.001) ; 
ssSetOf f setTime (S , 0, 0.0) ; 

3 

#define MDL~INITIALIZE~CONDITIONS 
static void mdlInitializeConditions(SimStruct *S) 
C 
real-T thetal-oldval = *mxGetPr (thetat-PARAM(S) ) ; 

3 
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real-T absval (real-T x) 

C 
if (X >= 0) C 

return x; 

3 
else C 

return -x; 

real-T signval (real-T x) 
C 
if (x > 0) C 

return I; 
3 
else if (x < 0) C 

return -1; 

else C 
return 0; 

3 
3 

static void mdloutputs (SimStruct *S, int-T tid) 

C 
real-T dl = 0.56; 
real-T d2 = 0.22*0.5+0.84e-I-0.5e-1*0.5; 
real-T d3 = 0.5e-l*0.5+0.52e-l+0.3e-2+0.2e-1*0.5; 
real-T a2 = 0.2; 
real-T a3 = 0.415; 

real-T theta1 , theta2, theta3; 
real-T thetald, theta2d, theta3d; 
real-T thetaldd, theta2dd, theta3dd; 
real-T p-wx, p-wy; 
real-T s2, s3, c2, c3, K; 

InputRealPtrsType u = ss~et~nput~ort~eal~ignalPtrs(S,O); 
InputRealPtrsType thetal-old = ss~etInputPort~ealSignal~trs(S,l); 
real-T *THETA = ssGetOutputPortRealSignal (S ,0) ; 



real-T det-C; 
real-T c l l ,  c12, c13, c21, c22, c23, c31, c32, c33; 
real-T i c l l ,  ic12,  ic13,  ic21,  ic22,  ic23,  ic31,  ic32,  ic33; 
real-T d c l l ,  dc12, dc13, dc21, dc22, dc23, dc31, dc32, dc33; 
real-T v1, v2, v3; 

real-T the ta l -o ldva l  = *theta l -old  [O] ; 

real-T d i f  f - theta1 ; 

r-min = d2+d3; 

t h e t a l  = a s i n (  (x* (d2+d3)+y*sqrt (x*x+y*y-pow (d2+d3, 2.0) ) ) / (x*x+y*y) ; 

d i f f - t h e t a 1  = theta l -oldval  - t h e t a l ;  

i f  (x > r-min && y >= - l . O * r - m i d  

C 
t h e t a l  

3 
e l s e  i f  (x 

C 
t h e t a l  

3 
e l s e  i f  (x 

C 
t h e t a l  

3 
e l s e  i f  (x 

C 
t h e t a l  

3 
e l s e  i f  (x 

C 
t h e t a l  

3 

= t h e t a l  ; 

>= 0 && x <= r-min && y < 0 && y >= -l.O*r-min 
&& (x*x+y*y) >= r-min*r-mid 

= t h e t a l  ; 

<= r-min && y > r - m i d  

= PI-absval ( t h e t a l )  ; 

> 0 && x <= r-min && y >= 0 && y <= r-min 
&& (x*x+y*y) >= r-min*r-min) 

= PI-absval ( theta11 ; 

< -l.O*r-min && y <= r - m i d  

= PI+absval ( t h e t a l )  ; 
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else if (x <= 0 && x >= -l.O*r-min && y > 0 && y <= r-min 
&& (x*x+y*y) >= r-min*r-mid 

C 
thetal = PI+absval (thetal) ; 

3 
else if (x >= -l.O*r-min && y < -l.O*r-min) 

C 
thetal = 2. O*PI-absval (thetal) ; 

3 
else if (x < 0 && x >= -l.O*r-min && y <= 0 && y >= -l.O*r-min 

&& (x*x+y*y) >= r-min*r-min) 
C 
thetal = 2.0*PI-absval(theta1) ; 

3 

if (absval (dif f -theta11 > PI) 

thetal = thetal+2.0*~1*signval(dif f -theta11 ; 
3 

= -1. O*sin(thetal) * (a2*cos(theta2)+a3*cos(theta2+theta3)) + (d2+d3)*cos (thetal) ; 

c12 = -1. O* (a2*sin(theta2)+a3*sin(theta2+theta3) )*cos(thetal) ; 
c13 = -l.0*a3*cos(thetal)*sin(theta2+theta3) ; 
c21 = cos (thetal) * (a2*cos (theta2) +a3*cos (theta2+theta3 ) + (d2+d3) *sin(thetal) ; 

c22 = -1. O* (a2*sin(theta2)+a3*sin(theta2+theta3) )*sin(thetal) ; 
c23 = -1.0*a3*sin(thetal)*sin(theta2+theta3) ; 
c31 = 0; 
c32 = a3*cos (theta2+theta3)+a2*cos (theta21 ; 
c33 = a3*cos (theta2+theta3) ; 



icll = (c22*~33-~23*~32)*det-C; 
ic12 = (-c12*~33+~13*~32)*det-C; 
ic13 = (~12*~23-~13*~22)*det~C; 
ic21 = (-c2l*c33+c23*c3l)*det~C; 
ic22 = (clI*c33-c13*c31) *det-C; 
ic23 = (-cll*c23+cl3*c2l)*det~C; 
ic31 = (c21*c32-~22*~31) *det-C; 
ic32 = (-cll*c32+c12*c31) *det-C; 
ic33 = (cIl*c22-c12*c21)*det~C; 

thetald = icll*xd + icl2*yd + icl3*zd; 
theta2d = ic2l*xd + ic22*yd + ic23*zd; 
theta3d = ic31*xd + ic32*yd + ic33*zd; 

dcll = thetald* (-1.0*cos(thetal)* (a2*cos (theta2)+a3*cos (theta2+theta3) )-  
(d2+d3) *sin(thetal) )+theta2d* (a2*sin(theta2)+ 
a3*sin(theta2+theta3) ) *sin(thetal) + 
theta3d*a3*sin(thetal)*sin(theta2+theta3) ; 

dc12 = thetald* (a2*sin(theta2)+a3*sin(theta2+theta3) )*sin(thetal) - 
theta2d*cos (thetall* (a2*cos(theta2)+a3*cos(theta2+theta3) 1- 
theta3d*cos (thetal) *a3*cos (theta2+theta3) ; 

dc13 = thetald*a3*sin(thetal)*sin(theta2+theta3)- 
theta2d*cos (thetal) *a3*cos (theta2+theta3) - 
theta3d*cos (thetal) *a3*cos (theta2+theta3) ; 

dc21 = thetald* (-l.O*sin(thetal) * (a2*cos (theta2) + 
a3*cos(theta2+theta3))+(d2+d3)*cos (thetal) 1- 
theta2d* (a2*sin(theta2)+a3*sin(theta2+theta3) )*cos (thetall- 
theta3d*a3*cos (thetal) *sin(theta2+theta3) ; 

dc22 = -thetaid* (a2*sin(theta2) +a3*sin(theta2+theta3) ) *cos (thetal) - 
theta2d*sin(thetal)* (a2*cos (theta2)+a3*cos(theta2+theta3) 1- 
theta3d*sin(thetal)*a3*cos (theta2+theta3) ; 

dc23 = -thetald*a3*cos (thetal) *sin(theta2+theta3) - 
theta2d*sin(thetal) *a3*cos (theta2+theta3) - 
theta3d*sin(thetal) *a3*cos (theta2+theta3) ; 

dc31 = 0; 
dc32 = theta2d* (-a2*sin(theta2) -a3*sin(theta2+theta3) ) - 

theta3d*a3*sin(theta2+theta3) ; 
dc33 = -theta2d*a3*sin(theta2+theta3) -theta3d*a3*sin(theta2+theta3) ; 

vl = xdd - (dcll*thetald+dcl2*theta2d+dcl3*theta3d) ; 
v2 = ydd - (dc2l*thetald+dc22*theta2d+dc23*theta3d) ; 
v3 = zdd - (dc3l*thetald+dc32*theta2d+dc33*theta3d); 
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thetaldd = i c l l *v l  + icl2*v2 + ic13*v3; 
theta2dd = ic2l*vl + ic22*v2 + ic23*v3; 
theta3dd = ic3l*vl + ic32*v2 + ic33*v3; 

THETACO] = t h e t a l ;  THETACI] = theta2;  THETAC21 = theta3; 
THETAC31 = the ta ld ;  THETAC41 = theta2d; THETACSI = theta3d; 
THETA [6] = thetaldd;  THETA C71 = theta2dd; THETA [8] = theta3dd; 

I- 

s t a t i c  void mdlTerminate(SimStruct *S) 

i 
P 





Appendix - - B 

C MEX S-function: Trajectory 
generation 

#define A-IDX 3 
#define A-PARAM(S) ssGetSFcnParam(S,A-IDX) 

#define NPARAMS 5 

#define MDL-CHECK-PARAMETERS 
#if defined(MDL-CHECK-PARAMETERS) && 

defined (MATLAB-MEX-FILE) 



static void mdlCheckParameters(SimStruct *S) 
i 

C 
if ( ! mxIsDouble (r-PARAM(S)) I I 

mxGetNumberOfElements (r-PARAM(S) ) ! = 1) C 
ssSetErrorStatus (S , "1st parameter to S-f unction must be a I' 

"scalar "1 ; 
return; 

3 

if ( !mxIsDouble(tf -PARAM(S) I I 
mxGetNumberOf Elements (tf -PARAM(S) ) ! = I) ( 
ssSetErrorStatus(S,"2nd parameter to S-function must be a 

"scalar "1 ; 
return; 

> 
C 

if ( ! mx~s~ouble (k-PARAM(S) ) I I 
mxGetNumberOf Elements (k-PARAM (S) ) ! = 1) C 
ssSetErrorStatus (S, "3rd parameter to S-function must be a " 

"scalar ") ; 
return; 

f 
C 

if ( ! mxIsDouble (A-PARAM(S) ) I I 
mxGetNumberOf Elements (A-PARAM (S) ) ! = 1) ( 
ssSetErrorStatus (S, "4th parameter to S-function must be a " 

"scalar "1 ; 
return; 

> 

i 
if ( ! mxIsDouble (y-PARAM(S) ) I I 

mxGetNumberOf Elements (y-PARAM (S) ) ! = I) ( 
ss~et~rrorstatus (S , "5th parameter to S-f unction must be a " 

"scalar ") ; 
return; 

3 
> 

1 
#endif 
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static void mdlInitializeSizes(SimStruct *S) 
C 

ssSetNumSFcnParams (S, NPARAMS) ; 
#if defined(MATLAB-MEX-FILE) 

if (ssGetNumSFcnParams(S) == ssGetSFcnParamsCount(S)) ( 

mdlCheckParameters (S) ; 
if (ssGetErrorStatus (S) ! = NULL) ( 

return; 
3 

) else ( 
return; 

1 
#endif 

if (!ssSetNumInputPorts(S, 1)) return; 
ssSetInputPortWidth(S, 0, I) ; 
ssSetInputPortDirectFeedThrough(S, 0, I); 

if ( ! ssSetNumOutputPorts(S, I)) return; 
ssSetOutputPortWidth(S , 0, 9) ; 

static void mdlInitializeSampleTimes (SimStruct *S) 

ssSetSampleTime (S, 0, 0.001) ; 
ssSetOf f setTime (S , 0, 0.0) ; 

1 

static void mdl0utputs(SimStruct *S, int-T tid) 

< 
real-T A = *mxGetPr (A-PARAM(S) ) ; 
real-T r = *rnxGet~r (r_PARAM(S) ) ; 
real-T y-val = *mxGetPr (y-PARAM(S) ) ; 
real-T tf = *mxGet~r (tf -PARAM(S)) ; 
real-T k = *mxGetPr   P PAR AM (S) ) ; 

real-T cl, c2; 

real-T phi, dphi, ddphi; 
real-T x, y ,z, xd, yd, zd, xdd, ydd, zdd; 



real-T t -va l  = *t LO] ; 
real-T t - d m ;  
real-T t-val-2, f ; 

f = f l o o r  ( (t-val-l . 5 )  / t f  ; 

t -val2  = (t-val-1 .5) - f * t f  ; 

w2 = 2*PI/tf2; 
invw2 = l/w2; 
lamb2 = (x0-xOO)/tf 2; 
koef -y = (yo-y00) / (x0-x00) ; 
koef -z = (z0-ZOO) / (x0-x00) ; 

i f  ( t -val  >= 0 && t -va l  <= 0.5) 

C 
x = xoo; 
y = yoo; 
z = zoo; 
xd = 0; 
yd = 0; 
zd = 0; 
xdd = 0;  
ydd = 0;  
zdd = 0 ;  

3 
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else if (t-val > 0.5 && t-val <= I .5) 
x 

t-dum = t-val-0.5; 
x = xOO + lamb2* (t-dum-sin(w2*t_dum) *invw2) ; 
y = yo0 + koef -y* (x-x00) ; 
z = 200 + koef-z*(x-x00); 
xd = lamb2*(1.0 - cos(w2*t-durn)) ; 

yd = koef-y*xd; 
zd = koef-z*xd; 
xdd = w2*lamb2*sin(w2*t-dum) ; 
ydd = koef -y*xdd; 
zdd = koef -z*xdd; 

3 

else if (t-val > 1.5 && t-va12 >= 0 && t-val2 <= tf*k) 
C 

phi = cl*(t-val2)*(t-val2)*0.5; 
dphi = cI*(t_val2) ; 
ddphi = cl ; 

x = r*cos(phi) ; 
xd = -1 . O*r*sin(phi)*dphi ; 

xdd = -l.O*r*cos(phi)*dphi*dphi - r*sin(phi)*ddphi; 
y = y-val; 
yd = 0; 
ydd = 0; 
z = A + r*sin(phi); 
zd = r*cos(phi)*dphi; 
zdd = -l.O*r*sin(phi)*dphi*dphi + r*cos(phi)*ddphi; 

3 

else if (t-val > 1.5 && t-val2 > tf*k && t-val2 <= tf*(l-k)) 
x 

phi = c2*(t-va12) - c2*tf*k*0.5; 
dphi = c2; 
ddphi = 0; 

x = r*cos(phi) ; 
xd = -1 .O*r*sin(phi)*dphi; 
xdd = -1 . O*r*cos (phi) *dphi*dphi - r*sin(phi) *ddphi; 
y = y-val; 
yd = 0; 
ydd = 0; 
z = A + r*sin(phi); 
zd = r*cos (phi) *dphi; 
zdd = -l.O*r*sin(phi)*dphi*dphi + r*cos(phi)*ddphi; 

1 



else if (t-val > 1.5 && t-val2 > tf*(l-k) && t-val2 <= tf) 
€ 

phi = -I.O*cl* ((t-val2)*(t-val2)*0.5-(t-va12)*tf - 
tf *tf *pow(l. 0-k,2.0)*0.5+tf *tf * (1.0-k)) + c2*tf * (1.0-1.5*k) ; 

dphi = -1.0*cl* ((t-val2)-tf) ; 

ddphi = -l.O*cl; 

x = r*cos(phi) ; 
xd = -1 .O*r*sin(phi) *dphi ; 
xdd = -l.O*r*cos(phi)*dphi*dphi - r*sin(phi)*ddphi; 
y = y-val; 
yd = 0; 
ydd = 0; 
z = A + r*sin(phi); 
zd = r*cos (phi) *dphi; 
zdd = -1 .O*r*sin(phi) *dphi*dphi + r*cos (phi) *ddphi; 

1 

X[O] = x; X[l] = y; XC21 = z; 
XC3l = xd; XE41 = yd; XI51 = zd; 
X[6] = xdd; X[7] = ydd; XI81 = zdd; 
3 

st at ic void mdlTerminat e (SimStruct *S) 



Appendix C 

Mat hemat ical definitions 

e Definition of the inner product: 

For two matrices of equal number of rows, U(t) E Bnxp and V(t) E Bnx4, the matrix 
(U,  V)+ E BPx4 is defined as follows: 

where ui and v j  are the i-th column of U and the j-th column of V, respectively and 
+ E B ~ ~ ~  is a positive definite matrix, which is omitted if it is identity. 

The inner product of two columns of equal length, ui E Rn and v j  E Bn, yields a scalar 
(ui, vj)+ which is defined as follows: 

e Definition of the signal norm: 

The norm of the signal ui is defined as follows: 





Appendix D 

Mat hemat ical derivations 

D.l Expansion of the potential function uk+' 

This section shows the expansion of the potential function u'+', using (4.15), (4.17)-(4.21) 
and the definition of the inner product in Appendix C. The expansion starts with inserting 
(4.19) into the first line of (4.21): 

Writing out this result, substitution of (4.20), and using the symmetry of the matrix K, 
results in the following expression of Uk+': 

The second and third term on the right hand side of (D.2) can both be reformulated using 
the definition of the inner product in Appendix C. During this reformulation, the fact that 
@is constant during a trial is exploited. The reformulation of only the second term is shown 



here, since the third one can be done analogously: 

Next, this result is substituted into (D.2), together with the definition of ek in (4.18): 

After writing out the second term and substituting (4.17), the second line of (4.15) and the 
definition of 6v(t), the final result for the expansion of u]"+' is obtained: 

D.2 Derivation of the vector tk 
The derivation of the vector EX is shown in this section, starting with rewriting (4.27) with 
the use of (4.26): 

after which the definition of the inner product and the fact that tk is constant during a trial 
are used to reformulate the obtained result: 
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During the next step, (4.26) is used for the substitution of 6y:, after which (4.13) is used to 
reformulate the result, exploiting the fact that tk  is constant during a trial: 

Using the definition of the inner product, the expression for S k  can be obtained. 

tk = L-' (R,, s yk )  . (D-9) 

D.3 Expansion of the third term of the potential function uk+' 
This section describes the expansion of the third term of the potential function u*+'. For 
that purpose, first (4.16), the definition of the inner product in Appendix C and the symmetry 
of the matrix L - ~  are used: 

(D. 10) 

after which (4.29) is substituted in (D.lO) and the obtained expression is rewritten using the 
definition of the inner product: 





Appendix E 

Experimental results of the 
identification experiments 

E. l  Convergence of the tracking error in the first and third 
joint 

This section shows the convergence of the tracking errors in the first (Figure E.l)  and third 
joint (Figure E.2) during the identification experiments. 

0.016 

$ 0.ma 

u- 

20 40 Time [s] 60 80 100 oo 1 2 3 4 5 6 7 8 9 1 0  Trial [-I 

Figure E.l: Convergence of the tracking errors in the first joint in the first (upper subplots), 
second (middle subplots) and third experiment (lower subplots): Tracking errors in time 
domain (left) and corresponding RMS-values (right) 
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Figure E.2: Convergence of the tracking errors in the third joint in the first (upper subplots), 
second (middle subplots) and third experiment (lower subplots): Tracking errors in time 
domain (left) and corresponding RMS-values (right) 
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E.2 Validation of torques in the first and third joint 

In this section, validation results show the match between the real and reconstructed torques 
of the first and third joint in Figures E.3 and E.4, respectively. 
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Figure E.3: Validation of the estimates in the writing task. Output of the first feedback 
controller (upper subplots) and corresponding reconstructed torques (lower subplots) for the 
experiment without the third link (top, left), with the third link (top, right) and with the 
extra mass attached to the third link (bottom) 



6 
PD Feedback 

-3 

3 6 

73 z 
& & 
G I?" 

I I 

Time [s] 10 Time [s] 10 

PD Feedback 

a 
rm 

I 
Time [s] 10 

Figure E.4: Validation of the estimates in the writing task. Output of the third feedback 
controller (upper subplots) and corresponding reconstructed torques (lower subplots) for the 
experiment without the third link (top, left), with the third link (top, right) and with the 
extra mass attached to the third link (bottom) 



Appendix F 

Online Identification of a Robot 
using Batch Adaptive Control 

This appendix contains the conference paper: 

"Online Identification of a Robot using Batch Adaptive Control" 

submitted to the 1 2 ~ ~  IFAC Symposium on System Identification, 27-29 August 2003, Rot- 
terdam, The Netherlands. 

The authors of this paper are Bjorn Bukkems, Dragan Kostic, Bram de Jager and Maarten 
Steinbuch. 

The results shown in this paper have been obtained from older experiments and will be 
updated during the review process. 





BjSrn ~ukkems,' Dragan ~ o s t i ~ , ~  Bram de ~ a ~ e r :  and Maarten steinbuch4 

Technische Universiteit Eindhoven, Department of Mechanical Engineering, 
Dynamics and Control Technology Group, P.O. Box 513,5600 MB Eindhoven, The Netherlands 

'~.~.~.~ukkems@stud.tue.nl, 2 ~ . ~ o s t i c @ t u e . n l ,  3~.G.de.Jager@wfw.wtb.t~e.nl, and 4~.~teinbuch@tue.nl  

Abstract: A technique to identify parameters of a robot dynamic model is presented in this 
paper. It is based on a batch adaptive control algorithm that, using a model of the robot 
dynamics, realizes a repetitive robot trajectory. The tracking error decreases due to a 
feedforwad controi input generated from the dynaiic model. This feedfon;rard i n p t  is 
computed after adaptation of the model parameters at the end of each trial. As the 
algorithm is effective, even if the model parameters are all initially set to zero, it can be 
used to recover their physical values. For that purpose, an identification experiment is 
carried out during which the robot is excited persistently. The estimation technique 
admits an online implementation without a delay between trials and is quite appealing for 
use in practice. Its merits are experimentally demonstrated on a spatial direct-drive 
robotic manipulator with 3 rotational joints. Copyright O 2002 IFAC 

Keywords: Robotics, Identification, Dynamics, Application, Adaptive, Model-based 
control 

1. INTRODUCTION 

Growing interest in model-based robot control is 
boosted by the computational power of modem 
digital processors and by advances in the theory on 
robot modelling and identification (Armstrong, 1989; 
Gautier and Khalil, 1992; Kozlowski, 1998; Slotine 
and Li, 1991; Swevers, et al., 1997; Calafiore, et al., 
2001; Olsen and Petersen, 2001). A dynamic model 
simplifies analysis of the control problem at hand 
and facilitates design of a solution to that problem. 
The model may compensate for nonlinear dynamic 
couplings between robot axes and enables robust 
robot operation of high performance, even if linear 
feedback control designs are used (Kostic, et al., 
2002b). Adaptive, sliding-mode and other nonlinear 
control strategies also make use of a dynamic model. 
To use a dynamic model for control of a robotic 
system, one must be sure that the model closely 
matches the real dynamics. To enable a close match, 
the structure of the model should be capable of 
describing the relevant aspects of the physics and 
accurate values for the model parameters are needed. 
So far, a number of theoretical and experimental 

studies on estimating model parameters have been 
reported. Each exploits the well-known property that 
a model of robot dynamics can be represented 
linearly in a minimum set of identifiable parameters, 
called the base parameter set, BPS, (Mayeda, et al., 
1990). The elements of the BPS are nonlinear 
combinations of robot inertial parameters, such as 
mass and moments of inertia of the robot links, as 
well as the Cartesian coordinates of the center of 
mass. Friction effects should be taken into account as 
well if model-based control of high quality is desired. 
Friction may cause problems, e.g., steady state errors 
and limit cycles. To avoid these, the friction force is 
counteracted using model-based or non-model based 
techniques (Ray, 2001). If model-based techniques 
are used, then relevant values of the friction 
parameters are needed in addition to the BPS. 

In general, we can distinguish between the least- 
squares-like (Kozlowski, 1998; Swevers, et al., 1997; 
Calafiore, et al., 2001; Olsen and Petersen, 2001) and 
adaptive techniques (Slotine and Li, 1991) to 
estimate elements of the BPS and the friction 
parameters. 



In this paper we suggest to use a particular batch 
adaptive technique for online estimation of both the 
BPS elements and parameters of a friction model. 
The friction model must admit a linear representation 
in its parameters. The technique is proposed by 
(Hamarnoto and Sugie, 2001), as a method to 
accurately realize a repetitive trajectory even when 
correct parameters of the dynamic model with 
friction are unknown. Notable advantage of this 
technique is its relatively simple online 
implementation. It is an improved version of an 
already known algorithm suggested by (Arimoto, 
1996). The improvements are robustness against 
measurement noise and faster convergence of the 
tracking error, which are two other advantages. The 
technique can deliver accurate estimates of the BPS 
elements and the friction parameters if it uses a 
trajectory that excites the robot dynamics persistently 
(Slotine and Li, 1987). Design rules for such a 
trajectory, that we will call the exciting trajectory, 
are well known in robotics (Armstrong, 1989; 
Gautier and Khalil, 1992; Swevers, et al., 1997; 
Calafiore, et al., 2001) and will be particularly 
addressed later in this paper. 

To demonstrate the suggested technique in 
estimating parameters of robot dynamic and friction 
models, we perform experiments on a robotic arm 
with 3 rotational joints, implemented as a waist, 
shoulder and elbow. As the considered kinematic 
structure is often met in industry, results of this study 
are representative for industrial cases. Furthermore, 
due to direct-drive actuation of the robotic arm, 
nonlinear dynamic couplings between the robot axes 
are fully expressed. Online estimation is tested for 
different robot loads. We validate the estimated 
models in a demanding writing task (Potkonjak, et 
al., 2000). The results obtained are affirmative. 

The paper is organized as follows. In the next section 
we describe a batch adaptive technique suitable for 
online robot identification. How to use this technique 
in estimating the BPS elements and friction 
parameters is explained in Section 3. In Section 4 we 
demonstrate its effectiveness by experiments. 
Conclusions will come at the end. 

2. BATCH ADAPTIVE CONTROL 

Let the dynamics of a robot with n actuated joints be 
represented using a standard Euler-Lagrange 
formalism (Fu, et al., 1987): 

where q, q and q are the nxl vectors of joint mo- 
tions, speeds, and accelerations, respectively, D is 
the nxn inertia matrix, Cq , f and g are nxl vectors 
of Coriolislcentripetal, friction and gravitational 
forces and T is a nxl vector of control inputs (joint 
forcesltorques). The linear parameterisation of (1) 
has the following form: 

where R E  RnXm is a regressor matrix, m is the 
number of parameters to identify, and p~ Rm is the 

vector of BPS elements and friction parameters. If 
the tracking error is defined as the difference 
between reference and actual motions: 

then the robot can be stabilised using 2 PD-feedback 
controiler: 

where Kp and & are nxn positive definite diagonal 
matrices, e is the time derivative of the tracking error, 
and v denotes a nxl vector with new input signals. 
The closed-loop system (2),(4) takes the form: 

Let v, be obtained from the closed loop system (S), 
when all motions, speeds and accelerations are 
chosen as reference ones: 

The residual error dynamics, with input 6v defined as 
V, (t) - ~ ( t )  = 6v(t) , is given as follows: 

With an appropriate choice of Kp and % (Arimoto, 
1996), (7) can be made passive for the input 6v and 
for the output 

where p is a positive constant scalar and s(e) is the 
nxl vector of partial derivatives of a suitable 
potential function. This potential function is semi- 
positive definite, twice continuously differentiable 
and has to satisfy additional conditions given in 
(Arimoto, 1996). 

Before showing a batch adaptive update law suitable 
for estimation of the BPS elements and parameters of 
the friction model, several definitions and 
assumptions are needed. Define 

and L, E RmXm as: 

L, := 1 RTR, d t .  (10) 
0 

Here, + denotes the duration of one trial of the 
repetitive trajectory. The matrix L, is assumed to be 



non-singular, which is a valid assumption if p in (2) 
is a minimum set of dynamic and friction parameters 
and if the reference trajectory excites the robot 
dynamics persistently. 

With these definitions and assumptions, the batch 
adaptive update law is given as follows (Hamamoto 
and Sugie, 2001): 

where k denotes the number of the trial (k=0,1,2,. . .), 
KT is an mxm positive definite matrix called the 

'adaptation gain' and (R., 6y * ) represents the inner 

product between the matrix Rr and the vector 6yk. 
For two matrices of equal number of rows, it is 
defined as: 

where ui and vj are the i-th column of U and the j-th 

column of V, respectively and (PE RnXn is a positive 
definite matrix, which is omitted if it is identity. The 
inner product of two columns is defined as follows: 

If the adaptation gain Kr satisfies 

convergence of the tracking error (3), 

can be proven, with )l.ll denoting a signal norm, see 

(Hamarnoto and Sugie, 2001). In this algorithm, 
convergence of the tracking error implies con- 

vergence of the elements in pk to steady state values 

( pkf' = p k  ). Theoretically, there is no restriction on 

the initial value p0 required in (11). Practically, 

when control inputs z are bounded, p0 cannot be 
chosen arbitrarily, but should be constrained to a 
certain feasible region corresponding to limits on the 
control inputs. 

3. ROBOT IDENTIFICATION PROBLEM 

With the algorithm presented in the previous section, 
all elements of the vector pk converge after a 
sufficient repetition of trials. We make use of this 

property to obtain an estimate of p that provides a 
close match between the model (1) and the real robot 
dynamics. Obtaining such an estimate is the goal of 
the robot identification problem. A relevant solution 
to this problem requires the robot to realize an 
appropriate exciting trajectory. 

To design such a trajectory, one should optimise 
some property of the information matrix. This matrix 
is formed by vertically stacking the regressor 
matrices that correspond to different points of the 
exciting trajectory. Some choices of the performance 
criteria to be opiimised are the condition ii~iiiber of 
the information matrix, its extreme singular value, its 
Frobenius condition number, and the determinant of 
the weighted product between the information matrix 
and its transpose. No matter which performance 
criterion is adopted, the resulting optimisation 
problem is essentially non-convex, which means that 
the global optimum for the exciting trajectory cannot 
be obtained easily. Different initial conditions may 
lead to different exciting trajectories, all 
corresponding to local minima of the optimisation 
problem. As argued in (Armstrong, 1989), 
"engineering judgment, patience, and good luck are 
required to find a good trajectory." 

In our opinion, "a good trajectory" is one that 
provides us with the estimates that are relevant for at 
least those motions that the robot is supposed to 
realise in practice, for example, for all motions with a 
frequency content up to 10 [Hz]. With such 
reasoning, a successful outcome of the robot 
identification problem would be a dynamic model 
closely reconstructing dynamics of the real robot for 
all covered frequencies. 

An exciting trajectory that meets the given 
requirements can be determined by postulating it in 
the form of a finite Fourier series: 

1 
q,,i (t) = qo,i + x-[aii  sin( jot) - bij cos( jot)] 

j=1 J o  
( i  =1,2 ,..., n), (16) 

with prescribed fundamental frequency 61 and the 
parameters qo,i, aii , and bii to be computed via opti- 

misation. No matter what performance criterion is 
adopted, constraints on mechanical limits in the robot 
joints and permissible levels of joint speeds and 
accelerations must be taken into account. The 
fundamental frequency defines the resolution of the 
frequency content of the exciting trajectory. A 
resolution of 0.1 [Hz] is usually taken as sufficient 
(Swevers, et al., 1997; Calafiore, et al., 2001). 
Together with the number of harmonics N, which 
affects persistency of excitation, the fundamental 
frequency determines the bandwidth of excitation. 
This bandwidth should be high enough to cover all 
possible motions of the robot, but also well below the 
eigenfrequency of the first flexible mode of the robot 
structure. 



4. CASE STUDY 

The robotic arm, which is the subject of our case 
study, is shown in Fig. 1. The photo and kinematic 
parameterisation according to the well-known Dena- 
vits-Hartenberg's (DH) notation (Fu, et al., 1987) 
reveal three revolute degrees of freedom (d.o.f.), 
what makes such a kinematic structure referred to as 
RRR. Each d.0.f. is actuated by a brushless DC 
direct-drive motor and has an infinite range of mo- 
tions, ihanks io the use of slip-rings for the transfer 
of power and sensor signals (Van Beek and De Jager, 
1997; Van Beek and De Jager, 1999). Joint motions 
are measured using incremental encoders with a 
resolution of approximately lo5 [rad]. A PC-based 
platform is used for implementation of control algo- 
rithms using Matlab/Simulink software. Controlled 
current invertors amplify signals generated on the 
PC, before they are applied to the motors. 

A detailed description of the robot kinematics and 
dynamics is available in (KostiC et al., 2002a). From 
Fig. 1, one can determine the DH parameters as 
presented in Table 1. The DH parameters are: twist 
mges ai, link lengths ai, joint displacements qi, and 
link offsets di. 

The exciting trajectories have been designed using 
(16). The performance criterion was the condition 
number of the information matrix and the constraints 
were: 

All three trajectories contain frequencies up to 10 
[Hz] and therefore all possible trajectories for the 
RRR robotic arm are well covered. The motions of 
the exiting trajectories have a duration of 10 [s] and 
are depicted in Fig. 2. 

Fig. 1. The RRR robotic arm and the kinematic 
parameterisation according to the DH notation. 

Table 1: DH Darameters of the experimental RRR 
robotic arm 

I ai [rad] ai [m] qi di [ml 
1 d 2  0 41 C&l= 0.56 

-. ~ n e  mociei of jiIosiiC el ai., 2002aj has been used, 
togetlher with a friction model consisting of Coulomb 
and viscous friction: 

where f is the 3x1 vector of total friction torques, f, 
and B are 3x3 positive definite diagonal matrices of 
Coulomb friction torques and viscous friction 
parameters, respectively. Since this friction model 
admits a linear representation, its parameters can be 
concatenated with the BPS elements of the dynamic 
model, resul ting in the vector to be estimated. 

After odine imp!eaentsltio~ of the batch adaptive 
update law (l l) ,  three different experiments have 
been conducted, in order to show the full potential of 
the algorithm. In the first experiment, no load has 
been mounted onto the third joint, in the second 
experiment a steel rod of 1.22 [kg], shown in Fig. 1, 
has been attached, whereas in the third one an extra 
load of 0.45 Fg] has been attached onto the tip of the 
steel rod. In all three experiments, the initial value of 
the vector of parameters to be estimated, is set to 
zero, so the extra input v in (4) during the first trial is 
zero as well. 

In the model of (KostiC et al., 2002a), 16 BPS 
elements are distinguished. In this case study, only 
14 BPS elements are identified, since the physical 
value of two of the original BPS elements are already 
known to be zero. Fig. 3 shows the results of the 
three experiments with different loads. The 
parameters pl , . . ., p14 represent the BPS elements, 

whereas the parameters ~ 1 5  , . . . , p20 represent the 
fiction parameters. 

-5 , 
0 Time [s] 10 

Fig. 2. Motions of the exciting trajectories: ql -thick 
solid, q2 -thin solid, and q s  - dashed. 
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Fig. 3. Convergence of the estimates: without the last 
link (thick solid), with the last link (thin solid), 
and with the extra load attached to the last link 
(dashed) 

From Fig. 3, it can be seen that almost all parameters 
have reached their steady state values after seven 
trials. When the analytical expressions of the 
parameters with large differences in steady state 
values at the end of the three experiments are 
evaluated, it appears that these expressions mainly 
contain terms of the third link. One may also notice 
differences between some ftiction parameters of the 
first two experiments and the third one. 

To validate whether the obtained parameters provide 
a close match between the model (1) and the real 
robot dynamics for all three loads, validation 
experiments have been conducted. In these 
experiments, the robotic arm had to perform a 
writing task, which is often recognized as very 
demanding for the dynamics of a mechanical system 
due to fast and non-smooth motions. 

0. I ' I - l . 5 i -  
-232 x[m] 028 0 Time [s] 10 

Fig. 4. Reference path of the robot tip (left) and 
corresponding joint motions (right). 

In this writing task, the tip of the robotic arm has to 
track a sequence of letters in the vertical plane, 
shown on the left hand side of Fig. 4. The 
corresponding joint motions are depicted on the right 
hand side of this figure. 

During the validation experiments, the robotic arm is 
stabilised using the following PD-feedback 
controller: 

where the ltxn positive definite diagonal matrices Kp 
and & are tuned corresponding to the load attached 
to the third joint. The values of Kp and & in the 
validation experiments are not the same as their 
values in the identification experiments in order to 
assure stability of the closed loop system in every 
experiment. To verify whether a close match between 
the model (1) and the actual robot dynamics is 
obtained, the output of the PD controller is compared 
with the reconstructed torques calculated using the 
model (1). To calculate these torques, the joint 
motions, speeds and accelerations are reconstructed 
online using the Kalman filter described in (Kostif, et 
al., 2002b). In Fig. 5, outputs of the PD controllers of 
the second joint have been depicted for the three 
different validation experiments, together with the 
reconstructed torques in that joint. Fig. 5% 5b and 5c 
represent the validation results of the experiments 
without any load, with the steel rod and with steel 
rod and an extra load attached on the tip, 
respectively. From this figure, it can be seen that in 
all cases the torques reconstructed from the model 
closely match the outputs of the PD controllers, 
which shows that relevant estimates have been 
obtained. In Fig. 5c, it can be seen that the output of 
the feedback controller is clipped at its maximum 
permissible value. Under normal circumstances, i.e. 
when no extra load has been attached at the tip of the 
steel rod, this does not happen, which proves that the 
model predicts the output of the PD controller well, 
even under 'abnormal' circumstances. 

5. CONCLUSIONS 

An online batch adaptive algorithm for the estimation 
of robot parameters was presented. It requires a 
model linear in the dynamic and friction parameters. 
The estimation technique admits online implemen- 
tation and in turn it is quite appealing for use in 
practice. 
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Fig. 5. Validation of the estimates in the writing task 
for three different cases: output of the feedback 
controller acting on the second joint (up) and the 
corresponding reconstruction from the model 
(bottom). 

Its merits, i.e. its relatively simple online imple- 
mentation, robustness against measurement noise and 
the fast convergence of the parameters to steady-state 
values, are experimentally demonstrated on a spatial 
direct-drive robotic manipulator with three rotational 
joints. A set of identification experiments correspon- 
ding to different robot loads show equally fast esti- 
mation of all model parameters. The estimates are 
validated in a demanding writing task. 
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ILC: Additional figures on 
dynamics, filter design and 
experimental results 

G .  1 Dynamics of the second and third joint 

In this section the remaining dynamics in the second and third joint, after applying (5.20), is 
shown, together with the nominal frequency responses and the parametric fits. The left hand 
sides of Figures G.l and G.2 show the 4 measured frequency responses and the nominal one 
for the second and third joint respectively, whereas the right hand sides of these figures show 
the nominal frequency responses and the corresponding parametric models. 
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Figure G.l: Left: Experimentally obtained frequency responses G;, . . . , (gray) in the sec- 
ond joint and its nominal frequency response G; (black). Right: Nominal frequency response 

(black, thick) in the second joint and its parametric model P: (black, thin) 
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Figure G.2: Left: Experimentally obtained frequency responses G;, . . ., (gray) in the third 
joint and its nominal frequency response G! (black). Right: Nominal frequency response G: 
(black, thick) in the third joint and its parametric model 8 (black, thin) 

G.2 L-filter design for the second and third joint 

The left hand side of Figure G.3 shows the frequency responses for the L-filter for the sec- 
ond joint, together with the process sensitivities calculated from the 4 measured frequency 
responses G;, . . ., G; and their products. The right hand side of this figures show the same 
frequency responses for the third joint. 
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Figure G.3: Frequency responses of the Lfilters for the second (left) and third (right) joint 
(black, thick), the process sensitivities calculated for 4 distinct robot postures (gray) and 
their products (black, thin) 

G.3 The convergence criterion for the second and third joint 

This section shows the complex vectors Q( l  - LPS) for the second and third joint, depicted 
in the complex plane. The vectors are calculated from the process sensitivities based on the 
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measured frequency responses. The left hand side of Figure G.4 shows the complex vectors 
for the second joint, based on a Q-filter with a cut-off frequency of 70 [Hz] and the right hand 
side shows the complex vector for the third joint, based on a Q-filter with a cut-off frequency 
of 60 [Hz]. 

Real axis [-I Real axis [-I 

Figure G.4: Evaluation of the convergence criterion for the second (left) and third joint 
(right), both calculated from 4 process sensitivities based on measured frequency responses 

G.4 Auto power spectra of the errors in the second and third 
joint 

The left hand side of Figure G.5 shows the auto power spectra of the errors in the second 
joint, based on data measured during the first, second and tenth trial. The right hand side 
of this figure shows equivalent auto power spectra for the third joint. 

101~requency [Hz] lo2 1°'~requency [Hz] lo' 

Figure G.5: The auto power spectra of the tracking errors in the second (left) and third 
(right) joint in trial 1 (black, thick), trial 2 (gray) and trial 10 (black,thin) 



G.5 Auto power spectra of the (non-)reproducible errors in 
the second and third joint 

The left hand side of Figure G.6 shows the auto power spectra of the reproducible and non- 
reproducible part of the tracking error in the second joint, together with the auto power 
spectrum of the final error in this joint. The right hand side of this figure shows equivalent 
auto power spectra for the third joint. 
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Figure G.6: Left: The auto power spectra of the reproducible part (black, thick) and the 
non-reproducible part (gray) of the tracking error in the second joint, together with the auto 
power spectrum of the final error in this joint. Right: equivalent spectra for the error in the 
third joint 

G.6 Process sensitivities of the second and third joint in the 
case of H, feedback control 

In this section the process sensitivities calculated from the measured frequency responses in 
the second and third joint are shown, together with the nominal process sensitivities and their 
parametric fits. The left hand sides of the Figures G.7 and G.8 show the process sensitivities 
calculated from the measured frequency responses, together with the nominal one for the 
second and third joint respectively, whereas the right hand sides of these figures show the 
nominal process sensitivities and the corresponding parametric models. 
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Figure G.7: Left: Process sensitivities calculated from the frequency responses (gray) in the 
second joint together with the nominal process sensitivity G $ ~ , ~  (black). Right: Nominal 
process sensitivity (black, thick) in the second joint and its parametric fit P;~,, (black, 
thin) 
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Figure G.8: Left: Process sensitivities calculated from the frequency responses (gray) in 
the third joint together with the nominal process sensitivity GpS,3 (black). Right: Nominal 
process sensitivity @ps,3 (black, thick) in the third joint and its parametric fit pgs3 (black, 
thin) 

G.7 L-filter design for the second and third joint in the case 
of H, feedback control 

The left hand side of Figure G.9 shows the frequency responses for the Lfilter for the second 
joint, together with the process sensitivities calculated from 4 measured frequency responses 
G;, . . ., and their products. The right hand side of this figures show the same frequency 
responses for the third joint. 
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Figure G.9: Frequency responses of the Lfilters for the second (left) and third (right) joint 
(black, thick), the process sensitivities calculated for 4 distinct robot postures (gray) and 
their products (black, thin) 

G.$ 4uto power spectra of the errors in the second and third 
joint in the case of W, feedback control 

The left hand side of Figure G.10 shows the auto power spectra of the errors in the second 
joint, based on data measured during the first, second and tenth trial. The right hand side 
of this figure shows equivalent auto power spectra for the third joint. 

loo lol~requency [Hz] lo' '~'~requency [Hz] lo' 

Figure G.lO: The auto power spectra of the tracking errors in the second (left) and third 
(right) joint in trial 1 (black, thick), trial 2 (gray) and trial 10 (black, thin) 
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G.9 Auto power spectra of the (non-)reproducible errors in 
the second and third joint in the case of H, feedback 
control 

The left hand side of Figure G. l l  shows the auto power spectra of the reproducible and 
non-reproducible part of the tracking error in the second joint, together with the auto power 
spectrum of the final error in this joint. The right hand side of this figure shows equivalent, 
auto power spectra for the third joint. 

10' 10" lo0 
Frequency [Hz] 

lo' 
Frequency [Hz] 

Figure G.ll :  Left: The auto power spectra of the reproducible part (black, thick) and the 
non-reproducible part (gray) of the tracking error in the second joint, together with the auto 
power spectrum of the final error in this joint. Right: equivalent spectra for the error in the 
third joint 
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Abstract 

An Iterative Learning Control algorithm for direct drive robots 
is presented in this paper. The learning algorithm assumes 
linear dynamics, which is created by feedback linearization. 
The convergence condition of the learning law is derived in 
the frequency domain. Rules for the design of filters, used in 
the learning law, are explained. The effectiveness of the algo- 
rithm is demonstrated in experiments on a spatial direct-drive 
robot. Tracking errors in a demanding writing task are 10 times 
smaller after just eight iterations of the learning algorithm. 

1 Introduction 

Increasing demands on the performance of modem robot ma- 
nipulators have led to the development of various motion con- 
trol approaches. They can be divided into three main categories 
[3]. The first one is decentralized control, relying on indepen- 
dent feedback loops that implement PD and PID controllers 
[13]. Nonlinear robot dynamics is neglected and coupling ef- 
fects are treated as disturbances. Although still a dominant 
practical solution, it does not maximize robot performance. 
The second category is model-based control. To achieve bet- 
ter tracking accuracy, dynamic couplings between robot axes 
are taken into account, which is realized by integrating the dy- 
namics into the control design. 

The previous two categories essentially resort on feedback con- 
trol design. The third category is focussed on the design of a 
feedforward control input. A special approach within this cate- 
gory is the so-called Iterative Learning Control (LC). Becom- 
ing more attractive in robotics, it is used for accurate tracking 
of repetitive motions, which are often met in practice. An ILC 
algorithm calculates a feedforward control input iteratively, 
based on the errors and feedforward inputs of a previous trial. 
The tracking performance is improving through the repetition 
of trials, until the reproducible part of the tracking error has 
vanished and only non-reproducible errors remain. 

After its introduction in robotics [I], the number of ILC tech- 
niques proposed for robotic problems has become almost as 

large as the number of practitioners. Commonly, they require 
very little knowledge on the robot dynamics, assuming either 
just an approximate nonlinear dynamics with roughly known 
parameters [2, 5, 61, or even linear dynamics [9]. Depending 
on the domain where the convergence of the learning algorithm 
is established, a distinction can be made between time-domain 
[I, 2,5,6], and frequency-domain techniques [9]. A basic limi- 
tation of time-domain techniques is that they do not offer a for- 
malism for tuning the learning controller. Consequently, their 
maximum effect on the tracking performance cannot be antic- 
ipated. On the other hand, the frequency-domain techniques 
can take into account additional knowledge on particular plant 
dynamics and thus they enable building up a real tuning for- 
malism. A drawback is that they work only with linear plants. 

In robotics, assuming linearity is justified only if high-geared 
transmission elements are used in the robot joints. Due to high 
reduction ratios, nonlinear dynamic couplings between robot 
axes are reduced and the linear behavior along each axis pre- 
vails [15]. However, this is not the case for manipulators with 
direct-drive actuators, as nonlinear dynamics are inherent to 
them. To use an ILC design for such manipulators, one should 
combine ILC and model-based control approaches. 

In this paper, we consider a frequency-domain technique for 
controlling direct-drive robots. The design of the learning fil- 
ter is based on the dynamics that remains after decoupling 
the robot axes by feedback linearization [ll]. To the best of 
our knowledge, this is the first attempt to practically investi- 
gate the functional combination of feedback linearization and 
frequency-domain ILC. A notable difference between other 
frequency-domain techniques used in robotics (e.g., [9]) and 
our approach, is that we provide a formalism for tuning the fil- 
ters based on the measured dynamics. Such formalism enables 
one to anticipate the benefits of the L C  algorithm on the track- 
ing performance. To demonstrate the merits of the suggested 
technique, we perform experiments on a direct-drive robotic 
arm with three rotational joints, implemented as a waist, shoul- 
der and elbow. As the considered kinematic structure is often 
met in industry, results of this study are representative for in- 
dustrial cases. Experiments using a demanding writing task 
[12] will show the potential of the proposed ILC technique. 

The paper is organized as follows. In the next section we intro- 
duce ILC for a single-input single-output linear system. Use of 



feedback linearization to establish a linear decoupled dynamics 
in the robot joints is explained in section 3.  The experimental 
setup and the learning filter design are discussed in section 4. 
Section 5 demonstrates the effectiveness of the proposed tech- 
nique with experiments. Conclusions will come at the end. 

2 Iterative Learning Control 

Consider the block diagram in Figure 1. The SISO linear plant 
P is described by its transfer function: 

Figure 1 : Iterative Learning Control block diagram 

where U(s) and @(s)  are the Laplace transforms of the applied 
control input u(t) and the plant output e ( t ) ,  respectively. The 
feedback controller C is used to stabilize the system by gen- 
erating the feedback control input u@(t), corresponding to the To compute the Lfilter, a parametric model of the process sen- 
tracking error: sitivity has to be made. If the plant P is non-minimum phase, 

4) = 0 4 )  - 0 @ ) ,  (2) the Lfilter in Equation (9) will be unstable when the process 
sensitivity is inverted directly. To avoid this, the Zero Phase 

where 8, is the desired output of P. The input uilc(t) repre- 
Error Tracking Algorithm for Digital Control [14] can be used, 

sents the feedforward control signal, which is updated after which makes use of the discrete-time process sensitivity. It 
each In the dom'nl' the of the Learn- 

inveras its poles and stable zeros and cancels the phase shift 
ing Algorithm is defined as follows: induced by the unstable zeros. To ensure that the convergence 

@'(s)  = Q( W i c ( s )  + W E k ( s ) ) ,  (3)  

where k is the number of the trial, L is the learning filter and Q 
is a robustness filter. According to Figure 1, the errors in two 
successive trials satisfy the following relations: 

Ek ( s )  = - P ( S ) S ( S )  UiC (s)  , (4)  

Ekf *(s)  = - P ( s ) s ( s ) u ; ~ ~ ( s ) ,  (5)  

where S denotes the sensitivity function: 

S(s) = 
1 

1 + P(s) C(s)  ' 
(6) 

criterion in (8)  is satisfied for the real plant dynamics, the ro- 
bustness filter Q is introduced. It is needed, as the Lfilter 
is designed using a parametric model of the process sensitiv- 
ity which, in practice, cannot cover the complete dynamics of 
the real system but only in some low-frequency range. The 
model also approximates the dynamics of the non-minimum 
phase behavior. The Q-filter should guarantee validity of (8 )  
for the frequency components at which the model is inaccurate, 
as at these frequencies the convergence criterion can be vio- 
lated. Practically, modelling errors occur in the high-frequency 
range, so Q is mostly chosen to be a low-pass filter. In the 
simplest case, below its cut-off frequency fQ, the Q-filter has a 
pass-band equal to 1, while above fQ its amplitude is decreas- 
ing. The Q-filter should influence the frequency content of the 
learned feedforward input only by its magnitude characteris- 

The product P(s)S(s) is called the Process sensitivity. Substitu- tics, but should not introduce any phase distortion. T~ explain 
tion of (3) and (4)  into (5)  results in: this, let us discuss the learning mechanism defined within the 

From this equation it can be seen that the tracking error is de- 
creased if the following convergence criterion is satisfied: 

with 11.11- denoting the infinity norm. To maximize the track- 
ing performance, the learning filter L should be identical to the 
inverse of the process sensitivity: 

parenthesis in the update rule (3) .  The learning mechanism 
produces an input signal from the tracking error and the feed- 
forward input of the previous trial. This input signal is effective 
in reducing the tracking error only in the frequency range for 
which the convergence criterion is satisfied. Frequency com- 
ponents of the input signal that are outside this range are not 
effective in decreasing the error, so they must be suppressed by 
the Q-filter. However, in time-domain, the input signal should 
exactly match the tracking error and the feedforward input from 
the previous trial. That is why the Q-filter is not allowed to 
introduce phase distortion. Consequently, filtering the input 
signal with the Q-filter is a non-causal filtering operation per- 
formed offline, as indicated in Figure 1. 

'~ecause we assume identical initial conditions in each trial, the analysis 
in the ~~~l~~~ domain is allowed, even though each trial has finite time-length The disadvantage of the introduction of the Q-filter is that a 
[lo]. zero tracking error cannot be guaranteed above fQ. This can be 



verified using the following formula, derived from (3) and an 
expression for the tracking error obtained from Figure 1: 

At low frequencies the tracking error can become zero, as Q is 
identity below fQ, while at high frequencies 1Q1 << 1 and the 
error will be: 

3 Robot dynamics 

Let us now investigate the possibility to apply the ILC algo- 
rithm of the previous section in a direct-drive robot control 
problem. The dynamics of a robot with n actuated joints can be 
represented using the Euler-Lagrange formalism: 

where 8,  8 and 8 are the n x  1 vectors of joint motions, speeds, 
and accelerations, respectively, D is then x n  inertia matrix, c, g 
and f are 3 x  1 vectors of nonlinear Coriolislcentripetal, gravita- 
tional and friction forces, respectively, and T is the n x 1 vector 
of control inputs ('joint forcesltorques). Since the L C  algo- 
rithm can be applied to linear plants only, the nonlinear and 
highly coupled dynamics in (12) have to be compensated for 
by feedback linearization: 

Here u represents the n x  1 vector of new control inputs that 
should ensure stable robot motions and accurate tracking of the 
reference 8,. The upper bars indicate that a model is used to 
compensate the real phenomena. Ideally, when the controller 
(13) is applied to the dynamics (12), a linear plant remains: 

This holds only if the dynamic model perfectly matches the 
real robot dynamics. In practice this rarely happens, espe- 
cially in the presence of flexible effects that are not included 
in the model. As discussed in [8], the dynamics in the robot 
joints obtained after feedback linearization is more complex 
than the ideal one in Equation (14). For the ith degree of free- 
dom (d.o.f.), it is defined as the transfer function: 

where Pi is not just a double integrator, as suggested by (14), 
but it has poles and zeros due to the appearance of resonances 
and anti-resonances. The frequencies and damping of these res- 
onances vary as the robot configuration changes. Capturing all 
possible variations in the plant dynamics with a single model 
could be a difficult task. To avoid this, we choose a strategy of 
adopting a nominal model of the plant, to represent its average 

dynamics. Differences from the nominal model are interpreted 
as perturbations in the dynamics. 

In order to calculate the nominal plant model pio, needed in 
the ILC design, the frequency response functions Gf ( j w )  from 
ui(t) to qi(t)  are measured for N different robot configurations 
(I= 1, . . . ,N) ,  as explained in [8]. These configurations should 
span the full range of the robot joints. Once a set of measure- 
ments has been collected, at least two possibilities can be used 
to calculate the nominal frequency response GP(jw): 

~ : ( j w )  = arg min inax 
1 ~ : ( j w )  - Gi(j@) 

Gi(.im) 1 G i ( j ~ )  
' (16) 

The first possibility minimizes the distance between the nomi- 
nal and the N measured frequency responses at each frequency 
o. The second possibility determines at each frequency w the 
center of the circle of minimum radius that encompasses all 
G I .  We choose the latter possibility, because it usually provides 
smoother amplitude and phase plots. Smoother plots will facili- 
tate fitting the parametric model onto the nominal frequency 
response data G:. Perturbations from this nominal dynamics 
must be taken into account during the ILC design, which will 
be particularly illustrated by the case study in the next section. 

After feedback linearization, the control situation illustrated by 
Figure 1 can be established. Consequently, the ILC design of 
section 2 becomes possible. 

4 Experimental Setup 

The robotic arm, shown in Figure 2, is the subject of our case 
study. The photo and kinematic parameterisation according to 
the well-known Denavits-Hartenberg's (DH) notation [4], re- 
veal three revolute degrees of freedom (d.o.f.), which makes 
such a kinematic structure referred to as RRR. Each d.0.f. is 
actuated by a brushless DC direct-drive motor and has an in- 
finite range of motions, thanks to the use of slip-rings for the 
transfer of power and sensor signals [15], [16]. The actuators 
are Dynaserv DM-series servos with nominal torques of 60,30 
and 15 mm], respectively. The servos are driven by power 
amplifiers with built in current controllers. Joint motions are 
measured using incremental optical encoders, with a resolution 
of lo-' [rad]. A PC-based platform is used for implementation 
of control algorithms using MatlablSimulink software. 

Detailed models of the robot kinematics and dynamics are 
available in [7]. From Figure 2, one can determine the DH 
parameters as presented in Table 1. The DH parameters are: 
twist angles ai, link lengths ai, joint displacements Bi, and link 
offsets di. 

After applying the feedback linearization (13) and stabilizing 
the robot using a PD feedback control law: 



the remaining dynamics is identified. 

Table 1: DH parameters of the experimental RRR robotic arm 

As a case study, we explain the ii2 design for the first robot 
joint only, but the experimental results, given in the next sec- 
tion, cover the case with ILC controllers for all three degrees 
of freedom. In Figure 3 we show frequency responses for this 
joint corresponding to N=16 static postures, spanning the com- 

plete range of joints 2 and 3: [el2 el3] = [0° OD], [ B ; ~  e&] = 

[0° 90'1,. . . , 0,126 9,136 = [360° 360°] . From this figure it is ob- [ I 
vious that the theoretically expected dynamics of a double inte- 
grator (see (14)) holds at low frequencies only (below 20 [Hz]), 
while the real dynamics is more involved at higher frequencies. 
The increasing phase lag, which can be observed in the phase 
plot in Figure 3, is caused by the time delay in the control sys- 
tem [a]. The nominal frequency response G:, calculated ac- 
cording to (17), is shown in Figure 3 as well. It is also depicted 
in Figure 4, together with its parametric fit P:. The fitting is 
done in the least-squares sense, using an output-error model 
structure. As can be seen from this figure, the fit is accurate 
only until 70 [Hz] because we do not expect it would be nec- 
essary to learn above this frequency. Fitting the high frequent 
dynamics is therefore unnecessary. 

Figure 2: The RRR robotic arm and the kinematic parameteri- 
sation according to the DH notation 

The PD feedback controller Cl, with Kp,, = 1000 and Kd,l = 

2 m ,  is adopted to stabilize the robot. Given C1 and P:, the 

parametric model of the process sensitivity can be calculated. 
Based on this model the Lfilter can be calculated as explained 
in section 2. Figure 5 shows the Lfilter, the process sensitivi- 
ties calculated for all 16 frequency responses G:,  . . ., Gf6, and 
their products. A perfect Lfilter would result in 0 [dB] mag- 
nitude and 0" phase shift of these products. From Figure 5, it 
can be seen that the obtained Lfilter matches the inverse of the 
process sensitivities until approximately 20 [Hz]. The conver- 
gence criterion (8) can be preserved above 20 [Hz] by means 
of the low pass robustness filter Q. Therefore, the cut-off fre- 
quency of the Q-filter is chosen to be 18 [Hz]. For joints 2 and 
3, the cut-off frequencies of the Q-filters are 25 [Hz] and 27 
[Hz], respectively. 

loo 
lo' Frequency [Hz] 

1 oZ 

Figure 3: Experimentally obtained frequency responses G:, . . ., 
Gi6 (gray) and the nominal frequency response G: (black). 

loo 
lo' Frequency [Hz] 

1 oZ 

Figure 4: The nominal frequency response G: (thick line) and 
its parametric fit P: (thin line) 

5 Experimental results 

To demonstrate the effectiveness of the proposed control de- 
sign, experiments have been conducted. In these experiments, 
the robotic arm had to perform a writing task, which is often 
recognized as very demanding for the dynamics of a mechan- 



ical system due to fast and non-smooth motions [12]. In this 
writing task, shown in three dimensional space on the left hand 
side of Figure 6, the robot-tip had to track the path starting from 
"A" in the direction of the arrows. The corresponding joint mo- 
tions are depicted on the right hand side of Figure 6. 

trials are needed, while for the third joint it takes eight trials. 
The root-mean-square values of the errors after the learning 
process are over ten times smaller than before learning. Fig- 
ure 9 shows the auto power spectra of the tracking errors in 
all joints, based on data measured during the first, second and 
tenth trial. The spectra show significant reduction of frequency 
components until approximately 10 [Hz] in the first two joints 
and 15 [Hz] in the third joint. Such reduction is very important 
as the frequency content of the reference motions are within 
these ranges. 

10" 10' 
Frequency [Hz] 

10' 

0.05 
Figure 5: Frequency response of the L-filter for the first joint 6 

(black, thick), the process sensitivities calculated for 16 distinct o 

robot postures (gray) and their products (black, thin) -0.05 

0 Time [s] 12.5 

Figure 6: Reference path of the robot tip (left) and correspond- 
ing joint motions (right) 

During the experiments, the robot motions are stabilized by 
PD feedback controllers. The same controllers are used in the 
derivation of the L-filters. After each trial, the new feedfor- 
ward control input is calculated according to (3). This means 
filtering of the measured tracking errors with the corresponding 
Lfilters, adding the previous feedforward input to this filtered 
signal, and, finally, filtering of the obtained signals with the 
corresponding Q-filters. The result is the feedforward control 
input for the next trial. 

The performed experiment consisted of 10 trials. In Figure 7 
the tracking errors during the first, second and tenth trial in all 
three joints are depicted. From this figure it can be seen that the 
tracking errors have already reduced considerably in the second 
trial, i.e., after just one iteration. 

As depicted in Figure 8, the root-mean-square values of the er- 
rors in all joints keep decreasing until they reach lower bounds, 
that cannot be further reduced. For the first two joints, seven 

Figure 7: Tracking errors in the first (upper), second (middle) 
and third joint (bottom) during trial 1 (black, thick), trial 2 
(gray) and trial 10 (black, thin) 

Trial [-I 

Figure 8: Root-mean-square values of the errors in all joints 

6 Conclusions 

This paper presents an Iterative Learning Control algorithm for 
direct-drive robots. As it is a frequency-domain approach, it is 
applicable to linear systems only. Therefore, the dynamics is 
feedback linearized, after which the decoupled linear dynam- 
ics is identified. A formalism for tuning the filters based on 
the measured dynamics is given, taking into account learning 
capabilities and convergence issues. The effectiveness of the 



algorithm is experimentally demonstrated on a spatial direct- 
drive robotic arm with three rotational joints. A considerable 
reduction in the tracking error is obtained in all three joints. 

loo 10' 
Frequency [Hz] 

lo2 

Figure 9: The auto power spectra of the tracking errors in the 
first (top), second (middle) and third (bottom) joint for trial 1 
(black, thick), trial 2 (gray) and trial 3 (black, thin) 
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