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Abstract: This paper covers modeling and identification of one joint of an industrial robot
manipulator including flexibilities. It is shown how models can be built in the Modelica
graphical environment and how these models can be transformed into a mathematical
state space description which directly can be used for identification. A motivation to use
linear models for modeling of the robot arm is given. This includes an analysis of the
nonlinearities in the input/output data from the actual robot using a special kind of input
signal. Identification and validation of the physically parameterized models are also covered.
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1. INTRODUCTION from MathCore. MathModelica is an extension to
Mathematica (Wolfram, 1999) and implements the
Modelica (Modelica Association, 2000; Tiller, 2001)
standard for modeling and it also gives the possibility

In this paper a number of approaches to modeling and
identification of one joint of a classical robot manipu-

lator is presented. There are two major contributions 10 use the powerful mathematical caabilities of Math-
in the paper. The first is to use special odd multi- b P

sine signals as input signals to the system. This givesematlc":l to derive, for example, a state space descrip-

. . . tion for a mechanical system from a Modelica model.
the possibility to analyze the linearity of the system.
With this input signal, dynamics are also found that From an industrial perspective, modeling and identi-
were not found using a chirp input signal, compare fication of industrial manipulators is becoming more
e.g., Ostringet al, 2001). The second contribution and more important. In the competition of consumers,
is to show how modern mathematical tools can be thatis present today on the robot market, the price and
used to easily construct a physical model, e.g., in aperformance issues are essential. In order to reduce
graphical environment. From this model a mathemat- price but still keep (or increase) the performance, a
ical description can be found and as a last step thismore light robot structure is a tempting possibility.
description is transformed into a form that can be used Making this step will also reduce the rigidity of the
for identification. The tools that will be used are, apart structure, which means that good models for control
from classical mechanics, the System Identification will be even more important.
Toolbox (Ljung, 2000) for Matlab and the newly de-
veloped MathModelica software tool (Jirstrand, 2000)
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2. THE PROCESS are of the second kind. It is possible to show that
the nonlinearities that decrease with decreasing input
This section gives an overview of the physical system amplitude actually are negligible using the methods
used in the identification experiments. A picture of described in (Pintelon and Schoukens, 2001, Chapter
the manipulator is shown in Figure 1. It has 6 degrees3). Let us consider nonlinearities that can be described
of freedom, but we will in this paper only model the by a series expansion around the operating region.
motion at axis 1. When the input amplitude decreases, the linear term
will be dominating over the higher order terms.

Axis 3

Axis4 Axis$5

To actually show that the effect of this class of nonlin-
earities is small in the manipulator an input consisting
of a sum of sinusoids is constructed,

u(t) = Z A sin(27 fit + ¢r). 1)
k=1
If this input is fed through a nonlinear element, say
(-)™, the output will consist of frequencies

Fig. 1. The IRB1400 industrial robot from ABB used fe=Ffot it £ i, (2)

in the identification experiments. where

The robot is a commercial robot with a commercial ije{l2,..n}y, j=1..,m ®3)

control system. This means, among other things, thatNow the frequenciesfi, ..., f, can be chosen in
the controller cannot be altered in any major way and many different ways. One popular choice is the so

the actual implementation cannot be assumed to becalledspecial odd multisingPintelon and Schoukens,
known. The structure of the robot system is depicted 2001, Chapter 3)

in Figure 2. It is only possible to directly affect the
reference signalf,.;. The torque,u, generated by fr=fo, f2=3f0, fs="90,- -, fn=Ffo, (4)
the electrical motor is affected only indirectly by the wheref,, = Ff, is the highest frequency chosen. (In
feedback control system. Matlab-like notation this would bél : 8 : F]|J[3 :
8 : F]). The frequencies showing up at even multiples

uo Orm of fo and of the non-used odd multiples &f would

Controller | fobol originate from the type of nonlinearities considered
r here. The choice of phases,, is of less importance
for this application, but should be chosen with care in
Fig. 2. Block diagram of the robot. other situations, see (Pintelon and Schoukens, 2001,

Chapter 3).
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In the experiments the reference sigrtal,;, and the
torque reference from the controller, are measured

together with the angle of the motor driving the robot ;%wg;&:m; o T e
arm,f,,,. The sampling interval is 0.5 ms. An electrical 00048 a0 00,005 %P00g00000° 6030085053
motor drive the joint and the gear-box. The motor 0 10 20 30 20 50
contains in itself a fast controller loop to maintain the
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desired torque. The goal is to identify a model of the 3 ++xX++X:+XX;XHoxO;0;,:+ x“xfx,: T fon(: :
robot by usingu as input (the torque reference), and £ [Fo700" 050 0% o%oq 90 toouosboanoidioacoatiog
0, as output (measured motor angle). 10 ‘ ‘ ‘ ‘
0 10 20 30 40 50
10° O
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Although considering only one joint, the manipula- 0 10 20 30 20 50
tor clearly contains quite a few nonlinear elements, Freduency [z

e.g., backlash, stiction, and saturation. The differentrjg 3 Results from an experiment with a sum of
nonlinearities can roughly be divided into two main sinusoids as reference. Bottom - referert;e
groups; those whose influence decrease when the in- amplitudes. Middle - inputs() amplitudes. Top -

put amplitude decreases (e.g., saturations and poly- output @,,,) amplitudes+ - excited frequencies.
nomial gains), and those whose nonlinear influence x - odd frequencies: - even frequencies.

increase when the input amplitude decreases (e.g., re-
lays, dead zones, backlashes). The dominating nonin the experiment performed on the manipulator a
linearities in the manipulator, backlash and stiction, reference signal consisting of a sum of 76 sinusoids,




with fo = 0.4Hz and f,, = 121.6Hz, is chosen. two masses gives a more accurate model. If the robot
The amplitudes are picked so that they follow the is moving fast the robot arm cannot be assumed to be
amplitudes of a Butterworth filter of order 1 with stiff. This makes it reasonable to use at least a three-
cut off frequency at 50Hz. The phases are uniformly mass flexible model to describe the system.
distributed between 0 andr (which is a typical
choice). The length of the experimentwas 9.5 s, where
the first 2 s were assumed to be transients and th
remaining 7.5 s were used to see the results from 3
periods of the sinusoids (3 full periods of the lowest
frequency). The sampling interval was 4 ms.

The notations regarding the physical modeling of the
three-mass model in this paper can be seen in Table 1.
he friction is modeled as a viscous friction acting on

the motor of the robot.

Table 1. Notations.

. . . Om motor angle
The resulting amplitudes of the reference, the input, 01,005  armangle

and the output are shown in Figure 3. The ampli- Fm friction coefficient of the motor
tudes are averaged over the 3 periods, to reduce the kg, k, spring constants
influence of noise. From these plots it follows that dg, da damping coefficients in the springs

the amplitudes of the overtonesinandd,, are very Im moment of inertia of the motor
Ja1, Ja2  moment of inertia of the first and the second
low, actually about a factot/100 compared to the part of the arm
excited frequencies. This confirms the statement that motor torque
these type of nonlinearities have very little influence in r gear box ratio {1)

the robot system. Also note that, due to the regulator,
very little input energy is found below 10Hz. This will
cause large uncertainties in the estimated models in4 3 Generation of the physically parameterized models
this frequency range.
In Figure 4 the Modelica implementation of the three
mass and the four mass model is shown. This section

4. MODELING describes the generation of the equations for the three
mass model from the graphical representation. The
4.1 MathModelica four mass model is generated in a similar way.

From the graphical description of the system in Fig-
ure 4 it is possible to make a simulation using the
MathModelica (Jirstrand, 2000) environment. This

Modelica is a standardized modeling language (see
(Modelica Association, 2000)) but it does not in-

clude analysis and simulation capabilities. For this ", ; . )
purpose MathModelica (Jirstrand, 2000) has been cre-9\ves a S|muIaFed model with 6 continuous states.
ated. MathModelica is an add-on to Mathematica By d|r_ectly taking t_he number of staftes from the
(Wolfram, 1999). It implements the Modelica standard Modelica mOP'e" using the MathModelica command
and gives the possibility to manipulate the equations in CeiFatStatevariables(ThreeMM] ., atotal of 9 states

the model using Mathematica. This will be explored are found. The difference in th? number of states
later on in the paper. Using the Dymola engine, Math- comes from t_he _f"?“:t that the different sub-m_odels
Modelica also provides simulation capabilities. Within are modeled individually and when they are inter-

Modelica a nhumber of standard model componentsC?n?etcte‘jI ItI{/IS E}?SS'b:? o re_duc;\a/l t?ﬁw;to;[jall_nunll;er
exist. This includes components for modeling of me- or states. n Mathematica, using Mathlviodelica, the

chanical systems as well as electrical systems. In this:?qu""dt'on.S deS('::rllbIIEng t.he tTr:]reeMrl\r;ass S):;s,tem ﬁan be
paper the former libraries are used. ound usingGetrlatEquationsfThreeMM] - L resutts

in 55 equations. Many are trivial, e.g., saying that the
angular velocity on one edge of a component equals
the angular velocity of the connecting edge of the next

4.2 Physical model
component.

The work in this paper is restricted to modeling of one The trivial equations can be removed easily in Math-
joint of the industrial robot. The model includes the ematica usingeliminate[eqs,list] whereegs are
gear box and the robot arm. The model explains howthe equations coming from the Modelica description
the torque applied to the gear box affects the angleandiist is a list of the variables that should be elim-
of the motor and the arm. The controller of current inated. The result from this step is that the number of
in the electrical motor is neglected and the torque equations are reduced from 55 to 6. In the current ver-
reference to the motor is considered to be the actualsion of MathModelica the list of variables to eliminate
torque applied to the system. must be found by hand.

The robot arm can be modeled using different levels After this step it is also necessary to find and replace
of approximation. A first approximation could be to some state variables that could be expressed as func-
assume thatthe arm is stiff and acts as a rigid structuretions of other state variables. For the three mass model
In a robot having gear boxes this is a rough approxi- this includes the spring damper components where the
mation. Modeling the gear box as a spring coupling relative angular position between the two connections
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Fig. 4. The Modelica model used to derive the state space models of the mechanical system. The extension from
the three mass model to the four mass model is shown as a dashed connection.

becomes a state variable. These two variables are re-

0 0 0 r —1 0 0
placed by, — 6,,r andf,s — 0,1, respectively. 0 0 0 0O 1 =1 0
The next step is to introduce the state variabiedo 2 , 0 0 0 dl,r 0 -l
x5. For the three mass model described here they are A = _kf:" 0 Ok 344 7Y C?
given by Tox 715% -5 7 55 il
L e )
o0 0z 0 =7
:H'm _eaa :ea _911’ T
T1 .7“ 1 '332 1~ a2 ) B:(OOO%MOOO) (7
23 ="0m, T4="0a1, x5="04 C=(0001000)

The states are chosen as

For Mathematica to be able to solve the equations o= Omr = a1, 22 = 0a1 — fa,

it is also necessary to include the time derivative w3 =001 — Op, T4 =0, (8)
of the state variables among the equations added T5 =041, T6 =04, z7= ép

to the 6 equations found above. This step is done . ) .
with the commandioiniistlist2] in Mathe- Hered,, is picked as output. With the angular position

matica. Solve[eqs,{x1',x2’ x3' x4’ x5] finally as outputg,,, the number of states becomes 8.

gives the state equations for the three mass model in arhe modelsin (6) and (7) are symbolically represented
closed form. in Mathematica and this makes it very easy to repa-
The state space description of the three mass modef@meterize and scale the parameters. After this step the
from Mathematica becomes model description is saved in a text file. This file can
then be transformed, using a simple Matlab program,
into an m-file (Matlab script-file) that can be used
directly by the System Identification Toolbox. Using

8 8 6 _11 01 these tools the modeling to identification process be-
) o comes straight-forward and nearly automatic.

kgr fmtdgr dgr
A=|-5- 0 - 7.0

ke ke dgr _dgtda dy

0 ;v_’ s ;if:“ _‘"gzt,, 5. SYSTEM IDENTIFICATION

Ja2 Ja2 Ja2
T

B=(005-00) (6)  The aim of this section is not to give an extensive
C = (o 010 0) introduction to system identification, the interested

reader is instead referred to, for example, (Ljung,
1999). Some important features will however be dis-

) ) ) cussed.
Output from this model is the angular velocity of the

motor. If the angu|ar pOSition is chosen as output the In this application the identification of the flexible
number of states becomes 6 since an extra integratofobot is performed under strong feedback. The main
has to be added_ Th|s equa's the number of states irproblem W|th identification from C|Osed |00p data iS
the simulation model in MathModelica. that the data contain less information about the open
) loop system. The reason for this is that the purpose of
The four mass model with the extra parallel mass ihe feedback is to make the closed loop system less
according to Figure 4 is found in a similar way. In ad- sensitive to changes in the open loop system. Another
dition to parameters and variables in Table 1,. the ?Xtraproblem that can occur is bias due to inaccurate noise
parameters aré,, k,, andd,, and the extra variable is  mgdels, see below. The identification is made using
tp. The state space model from Mathematica, where o System Identification Toolbox (Ljung, 2000) in
,f”’%dyr2 anda55 — 7W

Qqq = 2 becomes Matlab.



In this contribution the focus is on state space modelsthe systemy(t). A measure of the cross validation
(with state vector:(t)), parameterized as either pure performance is how many percent of the output that

black-box models in discrete time, i.e., is explained by the model, i.e.,
2t +1) = AO)z(t) + BO)u(t) + K(O)e(?) FIT — 100. YWD —vim(®) o
y(t) = C0)x(t) +e(t), ) Vary(t)
or as physically parameterized models in continuous
time, i.e.,

6. EXPERIMENTS
@(t) = F(0)z(t) + G(O)u(?)

y(t) = C(0)z(t) +v(t). (10)  This section describes the identification experiments

The conversion from continuous time to discrete time Performed on the manipulator. The parameters of the

is typically performed using the assumption that the M0dels (6) and (7) are estimated together with a high
input is constant over the sampling interv&l, see order state space model. The excitation of the robot is

(Ljung, 2000, page 94) performed according to the description in Section 2.
2(t+1) = Ar(0)z(t) + Br(0)u(t) For identific_ation and cross validatic_)n, two di_fferent
reference signals were used. The identification was
y(t) = C(0)x(t) 4+ v(t), (11) . . . L
T performed using one period of a special odd multisine
Ap(0) = O (12)  and the validation was performed using a Gaussian
Ts F(O)r white noise sequence, both having the same variance
Br(0) = /t_o € G(0)dr (13) and frequency content, cf. Section 3. The length of the

signals was 7.5 s and the sampling interval was 0.5 ms.
These models are estimated by minimizing the sum of Since the sampling interval is rather short compared

the squared prediction errors. For (11) this becomes to the bandwidth of the system a down-sampling of a
factor 10 was performed. From the estimation data an

N
A 1 11th order black-box state space model was estimated
0= — 2(t,0 14
MEMN N ;E (t.) (14) together with the physically parameterized three and
oy four mass models. The results are depicted in Figures
t,0) =y(t) — y(t|0 15 .

e(t,0) = y(t) = (tl6) . (15) 5 and 6. Clearly the three mass model does not give

=y(t) = C(O)(ql — Ar(6))" Br(0)u(t) a full description of the manipulator. However, by

Heregq is the discrete time shift operator, i.gu(t) =  increasing the complexity of the model, going to a four

u(t+1). As the number of data increases the estimatemass model structure, the two notches in the region
will converge to the true system, assuming that the 15-20 Hz can be picked up reasonably well. The 11th
model class can describe the underlying system angorder black-box model is the lowest order black-box
that the noise model is correct. If the noise model is model that finds the double notch around 17 Hz and
incorrect a slight bias will be achieved (depending on this is the reason why this model has been chosen for
the mismatch). If, however, the noise to signal ratio comparison.

is small, the bias will also be small. As a matter of
fact this is the case for the studied manipulator. This is
somewhat implicitly stated in (Nowf, 2000, Chapter
7). For the exact expression of the limiting estimate,
see for example (Forssell and Ljung, 1999).
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One important question to answer when modeling and
performing identification is whether or not the model
describes the true system in a good way. To answer
this question one typically does a number of validation =7
tests, see (Ljung, 2000, Chapter 16). Two types of
validation tests will be used in this paper. The first test
is based on the fact that a high order model is able
to describe any linear system arbitrarily well, if the e I A
model order is chosen high enough, see (Ljung, 2000, e

Chapter 10). This means that the estimated physicallyFig. 5. Solid line -11th order black box state space

parameterized models can be validated against a high ~ model. Dashed line - physically parameterized 3
order model in the frequency domain. In this way it is mass model (6 states).

possible to judge whether or not the model has picked

up some important aspects of the system dynamics.The fit for these three models on estimation and val-
The second test that will be used is cross validation, idation data is summarized in Table 2. Clearly the
i.e., the model is simulated on new data and the simu-physically parameterized models do not perform as
lated outputys;.,, (t) is compared with the output from  good as the 11th order black-box model in simulation.
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Data Set 1lthorder 3 mass 4 mass

Est. data 74.8 57.8 58.0
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7. CONCLUSIONS

The paper gives a full treatment of the procedure to
go from a physical system, via a physical model, to
a mathematical model that can be transformed into a
form that can be used for identification. The choice of
linear models to describe the dynamics of the system
is also motivated by doing an experiment using an
input signal of special odd multisine type. The process
of going from modeling to parameter estimation is
highly automated and it is shown how modern mathe-
matical tools such as Modelica, MathModelica, Math-
ematica, and Matlab can be used to aid the process.
A comparison between a high order black-box model
and different physically parameterized models is per-
formed. One problem with the latter models is the
choice of initial values for the parameters that might
be completely unknown.



