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Identification of Continuous-Time, Linear, and Nonlinear

Models of an Electromechanical Actuator

Dale E. Schinstock* and Tim A. Haskewt
University of Alabama, Tuscaloosa, Alabama 35487-0286

A pragmatic approach to the identification of type 1, continuous-time, linear, and nonlinear models of
dynamic systems is presented. This type of model is common for electromechanical actuators, and the
approach is presented using the identification of models for a particular electromechanical actuator. The
experimental setup, model identification, parameter estimation, and model verification are discussed. The
approach utilizes state-variable filters and least-squares in the parameter estimation procedure. The ra-
tionale for the estimation of parameters of a continuous-time model is given by contrasting it with the
estimation of parameters of a discrete-time model, which is far more common and simple. Rationale is
also given for the use of the simple least-squares algorithm rather than more complicated methods such
as instrumental-variable methods, which may be more applicable in theory. The application of the ap-
proach to the identification of both linear and nonlinear models of the electromechanical actuator resulted
in acceptable models, as determined through verification procedures using several sets of experimental
data in simulation. Although it would be impossible to completely validate the approach for the nonlinear

model, the results for the specific case to which it was applied are encouraging.

Nomenclature

B = lumped viscous friction parameter

b, ¢ = coefficients (parameters) of the logarithmic function
of velocity for the friction force,
Fric = b €n(|x]) + ¢

C = lumped static coefficient of friction

E = m X 1 vector of errors (residuals) in a regression
model

F = applied force

Fy F, = applied force after filtration, and m X 1 observation
vector in the regression model composed of the
applied forces after filtration

F:i. = nonviscous friction force

G(s) = continuous-time transfer function of a system

Gy(s) = continuous-time transfer function of a type 0 system

G,(s) = continuous-time transfer function of a type 1 system

H(s) = continuous-time transfer function of a filter

M = lumped mass parameter

m = number of discrete sample times for a data set

n = number of parameters to be estimated in a model

s = complex variable, o + jw, used in the Laplace
transform, alternatively it may be thought of as the
differential operator, d/dt

x = linear position

Xy = linear position after filtration

Y = m X 1 observation vector in a regression model

u = n X 1 vector of unknowns (parameters) in a
regression model

() = m X n matrix of regressors in a regression model

®* = pseudoinverse of ®

Introduction

HE use of electromechanical actuation is becoming in-
creasingly popular in the aerospace industry as more im-
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portance is placed on maintainability. This technology is being
used in many situations where hydraulics were employed al-
most exclusively in the past. Electromechanical actuators
(EMAs) are being used in the actuation of flight critical control
surfaces and in thrust vector control. A good understanding of
the dynamic properties of these actuators is critical in their
successful application.

The identification of models for dynamic systems is an im-
portant part of system design and analysis. Dynamic models
for actuators are used in control design, performance analysis,
simulation, and in the analysis of their integration into more
complex systems. A good dynamic model of an actuator will
assist in the analysis of the actuator’s impact on power gen-
eration requirements, dynamic performance of vehicles, and
forces generated in backdriving situations, such as during start-
up and shutdown of unthrottled rocket engines that are actu-
ated by an EMA in a thrust vector control application.

Parameter estimation is a significant problem within the
larger problem of system identification. After a parametric
model has been identified, the problem of determining the pa-
rameters for the model still remains. Parameter estimation may
be described as the determination of the coefficients for the
differential equation(s) describing the system. The coefficients
of a dynamic model are often determined by applying physical
principles and performing calculations using manufacturer’s
data and known properties of the components. This is an im-
portant part of the initial stages of the design of dynamic sys-
tems. However, many of the coefficients are difficult to accu-
rately predict in this manner, and some of the dynamic effects
are often overlooked. For example, the friction effects in me-
chanical systems are very difficult to predict and are best de-
termined experimentally. The experimental determination of
the parameters is defined as parameter estimation.

It is important that the models identified and estimated for
a dynamic system be as useful as possible. The problem ad-
dressed in this paper is the estimation of continuous-time, lin-
ear, and nonlinear models for a dynamic system. There are
many texts that deal with parameter estimation methods.' >
The most common methods utilize linear-regression models
and least-squares to identify the parameters of difference equa-
tions for discrete-time, linear models. Least-squares is utilized
in the parameter estimation procedures described here. How-
ever, it is used for a continuous-time model. The quantity of
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literature dealing with parameter estimation for continuous-
time models is minute in comparison with that dealing with
discrete-time models. Survey papers on the subject are given
by Young* and Unbehauen and Rao.” Despite the fact that most
conceptual control design is still done with continuous-time
models and that a good intuitive understanding of a system is
often obscured by a discrete-time model, the application of
continuous-time parameter estimation procedures is very lim-
ited.

EMA Test Stand

The system identification was performed using data col-
lected from experiments performed on an EMA in the Uni-
versity of Alabama Electromechanical Actuation Test Facility.
The general configuration of the test stand is shown in Fig. 1.
It was designed to produce large dynamic loads on a linear
actuator, under force or position control. It was also designed
to accept either rigidly mounted linear actuators, as shown in
Fig. 1, or self-contained actuators with pivoting end connect-
ors, like clevis mounts. The purpose of the carriage with a
rigidly mounted actuator is to absorb the reaction torque of the
nut resulting from axial loads. The carriage can also be used
to support one end of a self-contained actuator for testing.

The electromechanical-hydraulic drive train used in the ex-
periments is shown in Fig. 2. This figure shows the hydraulic
loading system coupled to the EMA. The axial load generated
by the hydraulic system is transformed to torsion in the roller
nut, and is transferred to the end beam of the test stand through
the bearings on the roller screw. The load cell directly mea-
sures the force applied to the nut cage and nut, eliminating the
dynamics of the loading system and the test stand from the
force measurement. Both the load cell and the extension pipe
are hollow, allowing the roller screw to extend through them.
This is necessary for the load cell to be connected directly to
the nut cage. The linear variable differential transformer
(LVDT) measures the displacement of the nut relative to the
end beam and bearings.

If it is assumed that the test stand structure is stiff, all of
the energy of the measured axial load is either converted to
mechanical energy in the EMA actuator system, dissipated in
the EMA actuator system, or leaves the system through a
torque applied to the motor. This is an important requirement
for accurate dynamic analysis of the actuator system using the
measured load.

The EMA actuator system includes the nut cage, nut, roller
screw, radial/thrust bearings, gear reduction, and the motor.

Fig. 2 Actuator, power train, and instrumentation.
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Fig. 3 Hydraulic control loop.

The particular roller screw and nut used are an SKF set with
a nonpreloaded nut, a 48-mm nominal-diameter screw, and 20-
mm lead. There are six radial/thrust ball bearings that are pre-
loaded with three bearings absorbing compressive loads and
three absorbing tensile loads. The gear reducer is a Micron
planetary reducer with a 4 to 1 reduction. It was designed to
mate directly to the motor used in the system. The motor is a
Kollmorgen B-802B servomotor, with a 31.8 ft-1b continuous
stall torque and a 95.3 ft-1b peak torque.

The hydraulic system may be used in either a position con-
trol mode or in a force control mode. Figure 3 shows the
components involved in the position control loop, which was
used for these experiments. The valve amplifier/controller con-
tains an analog position controller for the spool of the valve.
Using the computer, a digital position control loop for the load
is implemented around the valve-spool position loop. The po-
sition measurement is derived from the output of a long-stroke
LVDT, which is connected to the nut of the actuator.

EMA Models

The parameters were estimated for both a linear and a non-
linear model of the EMA. The difference between these two
models is in the treatment of the friction forces in the actuator.
It is important to note in the discussion of the nonlinear model
that while the equation of motion for the nonlinear model is
nonlinear in the state variables, it is linear in the parameters
identified. This is an important quality for a least-squares pa-
rameter estimation scheme.

Linear Model

A simple rigid body model for the EMA’s mechanical sys-
tem is presented in Fig. 4. The mass of this model M is the
total mass of the system reflected to the point of application
of the force measured with the load cell. It includes the mass
of the nut and the reflected inertia of the roller screw, gear
reducer, and motor. The friction is the total friction in the sys-
tem.

In the linear model the friction force is considered to be
viscous (proportional to velocity). This results in a very simple
equation of motion for the system:

F =M% + Bx (1

Equation (1) may be considered to represent either a first- or
a second-order system, depending on whether velocity or po-
sition is used to describe the output of the system. Using the
Laplace transform on Eq. (1), two different transfer-function
representations of the system may be considered:

x(s) 1
G = T T B) (1a)
Go(s) = ) _ ! (1b)

F(s)  Ms + B
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Fig. 5 Position data from a —5 in./s velocity command.
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Fig. 6 Force data from a —5 in./s velocity command.

If position is used to describe the output, then it is a second-
order, type 1 system, having one pole at zero for a continuous-
time model (at 1 for a discrete-time model). If velocity is
considered the output, then it is a first-order, type O system,
with no poles at zero. This is significant because a pole at zero
can create difficulties in many parameter estimation proce-
dures. It is therefore desirable to treat this as a first-order sys-
tem, using velocity as the output. This is possible in the esti-
mation scheme presented in the next section, but is not
possible in many other estimation schemes.

Nonlinear Model

To obtain an understanding of the behavior of the friction
in the EMA and to obtain a friction model that may be incor-
porated into the least-squares algorithm, some preliminary ex-
periments were completed. The position plot in Fig. 5 shows
the raw and filtered position data obtained from a negative 5
in./s velocity command to the hydraulic controller. The filtered
data are difficult to discern in this figure because it is a smooth
line tracking through the raw data. The raw and filtered force
data corresponding to the position data in Fig. 5 are shown in
Fig. 6. Constant-velocity tests were completed for 0.1, 0.2, 0.3,
0.4,0.5, -0.5,0.6,0.7,0.8,0.9,1.0, —1.0, 1.5, 2.0, 2.5, 3.0,
3.5,4.0, 5.0, and —5.0 in./s. Above a velocity of 5 in./s, the
flow of the hydraulic pump is insufficient to reach the com-
manded velocity.

The data used to develop the friction model were taken from
the end portions of the constant-velocity data, where the ve-
locity has reached steady state. The average force and velocity
were found from the steady-state data in each of the constant-
velocity tests. Then, these steady-state values were plotted

1800 Force vs. Velocity in Steady State
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Fig. 7 Relationship between friction force and steady-state ve-
locity.

against each other (Fig. 7). Several curve fits were experi-
mented with an attempt to find a mathematical expression for
the relationship between the friction force and the velocity. It
was found that a logarithmic function resulted in a fairly sim-
ple model with a good fit.

With the information presented in Fig. 7, a nonlinear, rigid
body model of the EMA was developed. This model is pre-
sented in Eq. (2):

F=Mi+ Fgi )
where
Fo = 0 for % < 0.001 in./s
e = signGi)(®b €n(|x]) + ¢) for & = 0.001 in./s

. . 1 for x=0
S =11 for 5<0

The goal of the identification of a model for the friction was
to obtain a fairly simple model that could be used in a least-
squares estimation scheme. It should be noted that the log-
arithmic model is linear in the parameters to be estimated, even
though it is not linear in the state variable x. The fact that it
is linear in the parameters allows it to be incorporated into a
formulation using a least-squares estimation of the parameters.
It might also be noted that this friction model is very similar
to the commonly used friction model containing both a static
coefficient of friction and viscous coefficient of friction, where
the low velocity friction force is dominated by the static term:

Fg. = C sign(x) + Bx 3)

Approach to Estimation

The following is a description of the estimation procedure
employed. For the EMA model described by Eq. (1), the re-
sults of parameter estimation are M and B; whereas, estimation
of the model described by Eq. (2) results in estimates of the
coefficients M, b, and c. The differential equations [Egs. (1)
and (2)], hold at any instant in time, including those at which
the signals are sampled. If &, X, and F' are known for m dif-
ferent times, then we could write m equations and use them to
find the n unknown parameters. The difficulty with this is that
we cannot conveniently compute X and X, since this involves
differentiation of the sampled variable x. In practice, the dif-
ferentiation of a sensor output to find the derivative of a var-
iable is often inaccurate, since sensor signals almost always
contain noise that is amplified by the differentiation process.
A solution to this problem is to filter the signals before cal-
culating the derivatives. Mathematically speaking, this is per-
fectly valid for a linear system if duplicate filters are used on
both the input and the output. Consider the transfer function
representation of a linear system, where the differential equa-
tion describing the system is represented as a ratio of poly-
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nomials of the differential operator s. The coefficients of the
polynomials of G(s), the transfer function, are the unknown
parameters to be identified. This representation is shown in
Fig. 8 with duplicate filters operating on the system input F,
and the system output x. The transfer function and, therefore,
the differential equation describing the relationship between
the system input and output, can also be used to describe the
relationship between the filtered input and filtered output.

The complete process used for parameter estimation is de-
picted in Fig. 9. The EMA system is excited using the hy-
draulic test stand under velocity control. The input to the sys-
tem, the force exerted on the nut, is an artifact of the velocity
control loop, the complete hydraulic-EMA system dynamics,
and velocity command. The input and output are filtered with
duplicate numerical filters. The filtered output is numerically
differentiated twice using a second-order, central-difference
method to obtain velocity and acceleration. A least-squares al-
gorithm is used for parameter estimation after processing of
the data.

A zero-phase filter is used on both the raw force and position
data. Although the phase shift created by the filter should not
ideally affect the estimation of the parameters for the linear
model, a zero-phase filter performed better in the estimation
of the nonlinear model. A 12-pole, zero-phase filter is obtained
by using a 6-pole Butterworth filter. The data are passed
through first in the forward direction and then again in the
reverse direction, resulting in twice the attenuation and zero
phase shift. Choosing the cutoff frequency for this filter in-
volved a few iterations. The final value used was 25 Hz.

In the literature on the estimation of continuous-time linear
systems, there are several solutions presented for the design of
the filters. They are called state-variable filters by a few au-
thors. Bai,® Zhao et al.,” and Young® all state the best perfor-
mance is obtained in the estimation procedure if the frequency
band of the filters matches that of the system being estimated.
Bai® and Young®* propose that the filter should be found recur-
sively, using the denominator from the transfer function of
previously estimated models. However, no one addresses the
complicating issues involved with a type 1 system like that
estimated here. If the denominator of the type 1 linear system
was used for the filter, then the filter would be marginally
stable because of the free integrator [the free s in the denom-
inator polynomial of G (s)]. There would, therefore, be a non-
decaying difference between the measured and the filtered
data. In this case, convergence to the correct parameters is very
questionable. If the free integrator is eliminated from the filter,

System
y x=G(s)F

Filters Fig. 8 Linear system with filtered in-
put and output.
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Fig. 9 Parameter estimation scheme.

then there is considerable ambiguity in defining a match be-
tween the frequency bands of the filters and the system. The
method used here was to use a filter with a cutoff frequency
slightly greater than the breakpoint of the first-order EMA sys-
tem. The effects of these filters on the force and position data
can be seen in Figs. 5 and 6.

The estimation scheme described earlier is implemented as
a batch process. The data are collected and then processed as
a whole. With only slight modification it could be implemented
recursively, operating on the data as they are collected. The
zero-phase filters could not be implemented in this case, and
standard filters would have to be used.

Least-Squares Estimation

Least-squares is utilized in the system identification proce-
dures described here. Least-squares may be applied to any set
of equations that can be put into the vector-matrix regression-
model form:

Yoy = Ponscmoxy + Eanxny, m>n 4)

In Eq. (4), the vector Y and the matrix ® are known, and the
vector u is to be determined. The vector E is a sequence {e(i),
i=1,2,..., m} of independent random variables with zero
mean, and is independent of ®. For the parameter estimation
problem, the elements of the vector ¥ and the matrix ® in Eq.
(4) must be either measured variables or functions that can be
calculated from the measured variables. u is the vector of pa-
rameters to be determined in the least-squares sense. @ is a
matrix formed using the regressors. Specifically, in the esti-
mation problem, the regressors are those functions that are
multiplied by the parameters in the differential equations.
There are no restrictions in linear-regression that the regressors
be linear functions of the measured data, only that the equa-
tions are linear in the parameters to be determined.

Equation (4) is the standard linear-regression model that
may be solved using the left ®*:

dx = (D) 'P” (%)

The least-squares solution is found by multiplying the pseudo-
inverse by the known vector:

uw=d*yY (6)

If ®'® is nonsingular, then the pseudoinverse solution for the
parameters, u, is the unique solution to the following least-
squares condition:

min|[ ¥ — du|? (7)
0

where || || denotes the Euclidean norm.

The differential equations in both Egs. (1) and (2) are linear
in the parameters. Therefore, a vector- matrix equation in the
form of Eq. (4) may be found by writing the differential equa-
tion at the instants in time when the force and the derivatives
of x are known from experimental measurement. For the linear
model, the elements of Eq. (4) are

F/(1)
F,2)

Y=F,= (8a)

Pyl

Ff(m ),
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(1) xA1)
fcif(_2) xf(_z)
50 50 o)

s m) sy (m),

U= {A;} (8¢)

For the nonlinear model, the elements of Eq. (4) are

Fi1)
F,2)
Y = Ff - Ff(l) (93-)
Ff(.m)
#(1)  signbi(DIeal | 5(D[]  signlx(1)]
fc_‘f(_2) Sign[Xf(z)]_en[Hf(z”] sign[{éf(Z)]
P00 sieb@irlol sietgon [
$0m)  signli(m)]€af | £,0m)] ] signlt,(m)]
M
u=19b 9¢)

In Egs. (8) and (9), each row of F;and ® correspond to one
sample time at ¢ = #, and m rows are formed for the m samples
that are used in the estimation procedure. The least-squares so-
lution of Egs. (8) and (9) will minimize the 2-norm size for the
vector of errors, {F; — ®au}. In other words, the least-squares
solution for the model parameters minimizes the size of the
vector of errors between the measured force and the force cal-
culated using the estimated parameters and the regressors.

Other Estimation Methods

The parameter estimation method described earlier is appli-
cable to continuous-time, linear, and nonlinear differential
equation models. The only restriction is that the model be lin-
ear in the parameters. The minimization scheme, least-squares,
is simple and robust. Admittedly, because of the use of the
data filters, it would be impossible to completely validate the
approach for the nonlinear model. However, it will be seen in
the next section that the results for the specific case to which
it was applied are encouraging.

The most common estimation methods use discrete-time
models. While these methods are perhaps the simplest to use,
their application is restrictive in the types of systems to which
they apply. Discrete-time models are in general not restricted
to have regressors that are a linear function of the measured
outputs. However, it is difficult to describe most nonlinearities
in discrete-time. Nonlinearities are usually best described in
continuous-time, and are not transformed to and from discrete-
time as easily as linear models, such as transfer functions.

With discrete-time models, the usefulness of physical insight
for a system is diminished, complicating the estimation pro-
cedure. The transformation of the linear continuous-time
model, Eq. (1), to discrete-time would result in a type 1 system
and up to six parameters, depending on the transformation
used. The type 1 system results because the discrete model is
a function of the actual measured output position, rather than
the velocity. In continuous-time, the model may easily be sim-
plified to a type 0 system because velocity can be considered
to be the output. The filtered velocity is a direct result of the
state-variable filters. A type 1 system may be difficult to esti-

mate because it is marginally stable, and the resulting model
may very well be an unstable one. The additional parameters
of the discrete-time system also create difficulties. There will
be a larger variance for the identified parameters, and a greater
possibility of finding a good match for the data used in esti-
mation that does not apply to other data. Furthermore, trans-
formation of the estimated model back to continuous-time is
not a trivial manner. As discussed by Sinha,® the choice of
transformations is dependent on many assumptions and/or
properties of the model. It is very likely that in the transfor-
mation of the identified parameters back to continuous-time, it
would be impossible to simplify the model to one containing
only two parameters. In short, much utility and intuition are
lost in the use of discrete-time models when the system is
fairly well understood in continuous-time.

It can easily be shown that if E is as described for Eq. (4),
then the mathematical expectation of the estimated parameter
vector u, given by Eq. (6) is the true parameter vector u. An
estimate with this property is called unbiased. If, however, the
conditions given for E are violated, then the estimate will be
biased; it will not necessarily converge to the true parameters.
In many practical cases, the bias may be insignificant com-
pared to other errors. If the source of the error vector E, is
independent, zero mean sensor noise on both the force and
position measurement, then the scheme in Fig. 9 will obviously
violate the conditions set forth for E. One reason for this is
because the noise is passed through the filters along with the
data. An independent sequence will not be independent after it
has passed through a nonstationary process, such as the filters.

One possible solution to the bias problem might be to use
instrumental-variable (IV) and/or bootstrap methods for the
estimation algorithm. However, in the estimation scheme de-
scribed by Fig. 9, the data are generated under closed-loop
control. While this does not completely eliminate the possi-
bility of using IV and bootstrap methods for the estimation
algorithm, it does make their implementation difficult and their
utility questionable. Examples of these methods are presented
by Young and Jakeman®’ and by Stoica and Soderstrom.' These
methods, which use a minimization scheme similar to least-
squares, are used mainly as a solution to this classical error in
variables problem associated with least-squares. However, the
utility and robustness of the linear-regression model and least-
squares estimation may very well offset the possibility of a
small error being introduced into the estimation. The IV and
bootstrap methods utilize another variable that is independent
of the prediction error, the instrument. This variable is usually
generated using the input to the system, which is assumed to
be independent of any error in the output measurement. In
closed-loop control, this is no longer true, and more sophisti-
cated methods must be used in the generation of the instru-
mental-variable. In this case, the costs of IV and bootstrap
methods probably outweigh the benefits.

Another possible solution to the bias problem is to formulate
the minimization problem to minimize a cost function that is
the difference between the output of a predictor and the actual
output of the system. The predictor should be determined using
a stochastic analysis of the system. It is a function of the data
and the model parameters, and gives the statistically expected
output of the system. This is a general statement of the meth-
ods used in stochastic parameter estimation and includes many
of the methods used. It is the underlying theme of Ljung’s
classic text on system identification.' If the stochastic analysis
results in a linear-regression model, then the minimization can
be solved analytically using least-squares. In general, however,
the analysis will lead to a cost function that must be minimized
using search algorithms such as steepest descent or Gauss-
Newton methods. These methods suffer from the usual com-
plications of iterative search schemes such as local minima.
They also suffer from other complications like predictor sta-
bility, which is a function of the parameters that are changing
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during the search, increased numbers of parameters to be iden-
tified, and difficulties in computing the gradient functions. Ad-
ditional parameters often result from the need to simultane-
ously estimate parameters for the noise model developed in
the stochastic analysis. Several software packages are available
that implement black box models and different search schemes,
including a fairly robust package developed by Ljung." How-
ever, these packages do little in terms of continuous-time es-
timation. There are few examples of such methods applied to
continuous-time models in the technical literature. Some of
these, such as a method described by Young and Jakeman,’
can be considered stochastic, sampled data extensions of early
deterministic, analog work by Kreisselmeier."

Estimation of the EMA Models

Four different sets of data were used in the parameter esti-
mation and model validation. They were all generated under
closed-loop velocity control (Fig. 9). Figures 10— 13 show this
data after processing by the filters in Fig. 9. The data shown
in Fig. 12 were used to estimate the parameters, and the other
data were used in model validation.

The excitation signal, or input, used to generate the data set
must be persistent to obtain good results. Obviously, data col-
lected from a zero input would not be very useful in estima-
tion. It follows from the condition for uniqueness of the least-
squares solution, that the minimum is unique if ®’® has full
rank. This is called the excitation condition, and the input is
persistently exciting if it is satisfied. In some practical situa-
tions, it is possible to generate a series of nonperiodic steps,
or a close approximation of one, as input to the system. Such
an input will be persistently exciting in nearly any situation.
In this case, it is impossible to generate a step input. In prac-
tical situations, the boundary between a persistent input and a
nonpersistent signal is not important, since the convergence
properties of the estimation scheme will probably render it
useless at levels of excitation far from the level of one on this
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boundary. It is wise to avoid inputs that are constant for long
periods of time and/or that are composed of a very few sinu-
soidal frequencies. For example, the data sets in Fig. 10 have
questionable application in estimation. They are, therefore,
only used in verification.

The estimation procedure described previously was used in
the estimation of the parameters for both the linear and non-
linear models of the EMA. The results of the estimation are
given in Table 1. The data were estimated using the experi-
mental data presented in Fig. 12. As would be expected, these
data are the best match for the models in Table 1, as seen in
the following section.

Model Validation

The models were verified by simulating the models using
the measured force data as the input to the systems. This was
done with the force data for Figs. 10- 13, and the correspond-
ing results are shown in Figs. 14-17. In each of these figures,
the simulated velocity is shown for both the linear and nonlin-
ear models along with the measured velocity.

From the previous four figures (Figs. 14-17), it can be seen
that both models follow the rigid body trajectories of the actual
system fairly well. Neither, however, capture the higher-fre-
quency oscillations that are probably the effects of unmodeled
disturbances exciting higher-order dynamics in the actual sys-
tem. A more accurate model of the actual system might dis-
tribute the total mass of the system into masses separated by
a spring. The spring would represent torsional windup of the
roller screw. In Figs. 14 and 16, it is obvious that the nonlinear
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Fig. 17 Simulation using the 3-Hz force data as input.

model is a better predictor of the steady-state performance of
the actual system. This is because of the insignificance of the
mass in steady state and the dominance of the nonlinear fric-
tion forces.

Conclusions

An approach to the identification of type 1, continuous-time,
linear, and nonlinear models of dynamic systems has been de-
veloped and presented. A type 1 system, which has a free in-
tegrator in the continuous-time transfer function, is very com-
mon for electromechanical actuators used in aerospace systems
and also for electromechanical actuation of machine tool axes.
Therefore, the extent of potential applications for the approach
is very large. The approach reduces the order of the model by
eliminating the free integrator to obtain a type O system. This
is done by considering the output to be velocity rather than
position. The parameter estimation scheme that is used in the
approach is consistent with this reduction of the system order.

The estimation scheme directly estimates the parameters of
the continuous-time model using data that are obtained from
experiments and filtered using state-variable filters. This is im-
portant because the model-order reduction is not possible using
the more popular discrete-time estimation schemes. Further-
more, the incorporation of certain types of empirically devel-
oped nonlinearities is possible within this scheme. Although it
is difficult to prove that the estimated parameters would con-
verge to the true parameters of the nonlinear system if they
existed, it is possible to incorporate them into the formulation
of the estimation scheme, and the model resulting from doing
so in the application in this paper is a good predictor of the
experimental data. It is very difficult, if not impossible, to in-
corporate these types of nonlinearities into a discrete-time es-
timation scheme, since they are developed from continuous-
time relationships and their transformation into discrete time
is probably not known.

The estimation scheme uses least-squares approach in the
computation of the unknown parameters. This is a pragmatic
solution to the estimation problem. The rationale for the use
of the simple least-squares algorithm rather than more com-
plicated methods such as instrumental-variable methods, which
may be more applicable in theory, is that these more compli-
cated methods suffer from many practical problems that may
affect the estimated parameters even more than the potential
bias introduced by using least-squares.
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