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Abstract—The achievement of higher accuracy and throughput
in mechatronic systems using motion control has led to the
situation where the thermal effects in mechatronic systems
have become increasingly important and have to be actively
controlled. In view of achieving overall control performance of
interacting thermal and mechanical dynamics, in this paper it
is aimed to develop an identiﬁcation approach that delivers the
required model for thermo-mechanical control. A novel technique
is developed that leads to a signiﬁcant reduction in both the
estimation error and measurement time compared to traditional
identiﬁcation methods. The proposed approach is applied to a
thermo-mechanical system in an extensive experimental study.

I. I NTRODUCTION
Accuracy and throughput requirements on precision mechatronic systems are becoming ever more stringent. Keeping up
with Moore’s law requires an ever increasing accuracy of position control of waferscanners [1]. Also, enabling increasingly
small feature detection in electron microscopy requires the use
of advanced control methods for drift compensation [2].
These increasing requirements have spurred the development of advanced techniques [3] for the control of servo, i.e.,
electro-mechanical, systems. Moreover, overall performance
of systems-of-systems is increasingly important, by exploiting
inter-system coupling techniques [4], traditional performance
limitations are partially mitigated. This has resulted in a large
range of advanced control techniques that are readily applied
to precision mechatronic systems, e.g., advanced inversion
based feedforward [5], [6], multirate feedforward [7], and
iterative learning control [8].
Thermal effects in mechatronic control systems have long
been negligible in the overall system performance. However,
in part due to advances in servo control, this is no longer the
case. In fact, thermally induced deformations are at present a
dominant source of drift in electron microscopy [2] and overlay error in waferscanning applications. Moreover, there has
been signiﬁcantly less research effort spent towards controlling
thermal disturbances in mechatronic systems, and therefore the
thermal modeling, identiﬁcation, and control of thermal and
thermo-mechanical systems is not yet fully exploited.
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At present, thermal control is often limited to PID-like
controllers, controlling the local temperature at a sensor location to a (constant) setpoint. While in general, the position
accuracy at the point-of-interest (POI) is inﬂuenced by the full
temperature distribution, i.e., thermal gradients induce internal
stress and deformations due thermal expansion. Local control
is often insufﬁcient in achieving the required performance at
the POI [9], since this does not guarantee the absence of
thermal gradients over the full system. Therefore, inferential
control techniques [10] are required that take into account the
full temperature distribution as opposed to solely considering
the local measurements. For instance, the inferential control
problem [11] is approached using a model-based control
design, since this would allow for the estimation of the global
temperature ﬁeld using local sensor measurements. By then
assuming a static mapping between the temperature ﬁeld and
deformation, valid for a limited temperature range, this allows
the estimation of the deformation at the POI. Furthermore,
this facilitates the use of error-compensation techniques as
illustrated in [12], [4].
Although active control of thermo-mechanical behavior is
promising, a model of the spatial temperature distribution is
essential. Constructing a model to reconstruct the deformation
at the POI is non-trivial, see, e.g., [13], [14] for related work
on servo systems. The main challenge lies in determining a
model that predicts the thermo-mechanical deformation which
can subsequently be used for compensation.
The main contribution of this paper is to provide the ﬁrst
step towards expanding the advanced servo identiﬁcation and
control techniques to encompass thermo-mechanical systems.
This is done by approaching the problem from a black-box
point of view, starting with system identiﬁcation techniques
to construct a non-parametric model of the thermal system
response, e.g., Frequency Response Function (FRF) identiﬁcation [15]. The key challenge lies in developing a FRF
identiﬁcation that is fast, inexpensive and accurate.
The non-parametric models can be used directly, e.g., in
controller tuning [16], as a basis for stability analysis in
coupled-systems [4], or as initial step in further parametric
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Fig. 1: Photograph and CAD rendering of the Precision Stage Application (PSA) setup, which is an typical industrial precision
mechatronic system. It shows the carrier frame with linear motor coils and metrology frame. The carrier frame is connected
to a baseplate in all 6 DOF’s by ﬂexure wires, serving as a metrology reference. The linear motor coils are used to generate
heat, that induces stress and deformation in the carrier frame.
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The main contributions of this paper are:
C1 A new approach to non-parametric FRF system identiﬁcation using local parametric models.
C2 An extensive experimental study where the proposed
approach is applied to an industrial precision thermomechanical setup.
The outline of this paper is as follows: First, the identiﬁcation procedure is developed based on a local parametric
modeling approach building on the Local Rational Method
with Prescribed poles (LRMP) approach as presented in [23].
The developed method is compared to classical identiﬁcation
procedures such as the spectral method [15] and key differences are highlighted. Second, the proposed approach is
applied to the experimental system, shown in Fig. 1, in an
extensive case study. And ﬁnally, conclusions based on results
in the case study are presented.

Input

identiﬁcation [17]. Examples include mechatronics and
ﬂexible dynamics in [18], [19], thermal systems in [9], [20]
and electrical systems in [21] and combustion systems in [22].

Time
Fig. 2: Example of a system response (
), composed of a
) and a transient component (
).
steady state response (
where g(n) denotes the impulse response of the system and
v(n) the output noise corruption. By then applying a Discrete
Fourier Transform (DFT)
N −1
−i2πkn
1 
x(n)e N
X(k) = √
N n=0

II. S YSTEM IDENTIFICATION USING LOCAL PARAMETRIC
MODELS

In this section, a new FRF identiﬁcation approach is presented and compared to classical spectral analysis [15], thereby
constituting contribution C1.
Consider the response of a discrete Linear Time Invariant
(LTI) system to an excitation input u(n), see, e.g., an example
in Fig. 2, then the output y(n) can be written as
y(n) =

∞

k=−∞

u(k)g(n − k) + v(n)

(1)

(2)

on a ﬁnite interval of (1) the convolution can be represented
as a multiplication
Y (k) = G(eiωk )U (k) + T (eiωk ) + V (k)

(3)

in the Fourier domain, where G(eiωk ) is the frequency
response function of the dynamic system, Y (k), U (k), V (k)
are the DFT of y(n), u(n), v(n) and k denotes the k-th
frequency bin. Here, T (eiωk ) accounts for the transients for
both the system response TG (eiωk ) and the noise TV (eiωk ).
The transient terms account for the initial condition of the
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system, i.e., the transition of an inﬁnite to a ﬁnite interval.
By adding these transient terms, relation (3) is again an exact
representation.

Imaginary

A. Spectral analysis method
In many mechatronic systems, the spectral analysis methods
are still commonly used. These methods construct the nonparametric transfer function of the dynamical system by using
estimates of the cross-power and auto-power spectra of the
input and output signals.
Consider the relation in (1) then the FRF estimate of the
system using spectral methods [15, Sec 7.2.3.] is
−1 iωk
(e )
G(eiωk ) = Syu (eiωk )Suu

(4)

where Syu (eiωk ), Suu (eiωk ) are the cross- and autopower
spectra of the input-output signals. These are replaced by their
estimates, constructed by dividing the input-output data into
P (non-)overlapping segments. However, these segments are
often not perfectly periodic, due to transients and noise, see
(3), therefore often a window function is applied [15], e.g., a
Hanning window. This results in
Ĝ(eiωk ) = ŜYw Uw (k)ŜU−1
(k)
wUw

(5)

where ŜYw Uw (k), ŜU−1
(k) are the weighted estimated crosswUw
and autopower spectrum, e.g.,
P
1  (p)
ŜYw Uw (k) =
Y (k)(Uw(p) )H
P p=1 w

Real

(a) Thermal

t=0

method by applying a window function, which is true for 1st
order thermal dynamics, and can be locally approximated in
a window [k − n : k : k + n] around the k-th DFT bin. Then
both terms are approximated as

G(eiωk+r ) =

(6)

T (eiωk+r ) =

N/P −1



w(t)y(t + (p − 1)N/P )e−j2πkt/N

(7)

t=0

Using this method, the frequency response function Ĝ(eiωk )
is estimated from the input-output data. However, clearly,
the estimate is inﬂuenced by transients induced by any nonperiodic data, i.e., not periodic in N/P samples of the segment
size. By applying the window function, prior knowledge is
used to perform a bias/variance trade-off and reduce the
transients effects on the FRF estimation Ĝ(eiωk ). By selecting
a different window function, e.g. boxcar, diff or Hanning
window, a different assumed smoothness can be imposed on
the estimated function.
B. Local Rational Method with Prescribed poles (LRMP)
Consider again the relation in (3), here an estimation
T (eiωk ) is desired such that the estimate of G(eiωk ) can
be compensated for transient contributions. To construct this
transient estimate, a local parametric modeling approach is
used [23]. In this approach, it is assumed that both G(eiωk ) and
T (eiωk ) are smooth, similarly assumed in the spectral analysis

Nb

b=1
Nb


θGb Bb (eiωk+r )

(8)

θTb Bb (eiωk+r )

b=1
iωk+r

|w(t)|2

(b) Mechanical

Fig. 3: Prior knowledge on system dynamics imposed in the
developed approach. For thermal system it is assumed that
poles, which are used in the orthonormal basis functions, lie
on the real axis since the thermal dynamics are ﬁrst order, and
for mechanical systems often a frequency region and damping
ratio of resonance modes is known.

where the weighted, using window w(t), DFT transformation
is
1
Yw(p) (k) = 
N/P −1

Real

iωk+r

) and T (e
) are linearly parameterized
where G(e
by a set of basis functions Bb (eiωk+r ) and their parameters
θ G b , θT b .
The basis functions Bb (eiωk+r ) used in (8) are constructed
as Orthonormal Basis Functions (OBF). The Discrete time
OBFs are generated by a series connection of all-pass elements. A general form [24] is given by
 
 n−1
z 1 − |ζn |2 
Bb (z) =
z − ζn
k=0

1 − ζ¯k z
z − ζk

(9)

where ζ = {ζ0 , ζ1 , . . . , ζp } are the pre-speciﬁed poles p for
the all pass functions. The parameterization in (9) is known as
the Takenaka-Malmquist [25], [24] functions and are used in
(8) to approximate the local function as a linear combination
of rational functions.
The local approximation in (8) can be improved by imposing prior knowledge on the system dynamics. Imposing prior
knowledge on the local approximation in (8) is straightforwardly done by selecting the locations of the poles, shown
in the complex plane in Fig. 3, of the basis functions Bb .
Clearly, if the basis functions Bb span the true model class of
G(eiωk ) and T (eiωk ) then (8) can approximate the FRF in the
considered window arbitrarily well. For thermal systems [20]
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Fig. 4: 2D cross section of the PSA, indicating the carrier
frame, metrology frame, linear motor coil and sensor location.
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the poles lie on the real axis, and for mechanical system [3],
often a frequency region or damping ratio is known.
By then using an appropriate excitation signal, e.g., a
random phase multisine, a local estimate of the transient
component T (eiωk ) is constructed for a speciﬁc DFT bin k.
This transient estimation is then used to correct the estimated
G(eiωk ). This process is repeated by performing a local
parametric estimation procedure at each DFT bin to construct
the ﬁnal non-parametric FRF. The proposed method is a
generalization of previous methods [26], and simpliﬁes to the
well known Local Polynomial Method [15] by selecting ζ = 0.
III. T HERMAL RESPONSE IN A MECHATRONIC SYSTEM
The following section presents a detailed exposition of the
experimental setup, shown in Fig. 1, including its excitation
and data-acquisition system.
A. Thermal actuator
An 2D-schematic overview of the setup is shown in Fig.
4 that shows the relevant components and sensor location.
For a mechanical analysis, the linear motor would be used to
induce force on the carrier frame. For the thermal response,
a different approach is required. Since the setup is stationary,
the linear motor stator is removed and its rotor, the coils, are
maintained. To inject power into the carrier frame, a current is
induced into the motor coils that generates heat that propagates
through the motor mounts into the carrier frame. To maintain
a speciﬁc power input, the current and voltage are measured
and the power ampliﬁer is put in feedback, as shown in Fig.
5, such that a reference power input is tracked. This allows
the consideration of the full thermal system GT in open loop,
while the power control is kept in closed loop.

GT
rp

ep

Cp

uc

Pp

up

Pt

yt

yp

Fig. 5: The control diagram for the experimental setup. The
power ampliﬁer Pp is placed in feedback using controller Cp .
The identiﬁcation considers the transfer between rp and yt ,
i.e., the system Pt is considered as open loop, and together
with the closed-loop current control forms the full system GT .

Fig. 6: Electrical diagram of the INA330 that provides an
excitation current to the NTC sensor Rtherm and reference
resistor Rref . The current difference is ampliﬁed and is
provided as a measurement output Vm .
B. Thermal measurements
Position measurements are readily performed using laser
interferometry or capacitive probes, however, temperature
measurements remain challenging. Non-contact measurements
of temperature are possible using long-wave infrared cameras,
but these are often limited in accuracy and resolution. For the
experimental setup considered in this work use is made of
contact measurements using thermistors, which are resistors
with a Negative Temperature Coefﬁcient (NTC), i.e., their
electrical resistance changes with temperature.
These NTCs are accurate and inexpensive, however, are
prone to self-heating due to the Joule heating of the resistor.
Use is made of an operational ampliﬁer, the INA330 shown
in Fig. 6, that provides the excitation current to the thermistor
Rtherm and reference resistor Rref that are then compared
and ampliﬁed to a voltage using Rg which provides the measurement output Vm . By careful selection of the components,
a temperature resolution within the mK range is achieved.
C. System identiﬁcation
The following section present system identiﬁcation measurements on the PSA, comparing the two approaches presented in Sec. II. It shows that signiﬁcant improvement in
estimation quality, and a reduction in measurement time, can
be achieved using the proposed local methods compared to
classical spectral methods.
1) Setup: The identiﬁcation setting is shown in Fig. 5, i.e.,
the open-loop GT plant is identiﬁed using an excitation power
rp [W] input and temperature measurement yt [K] output. The
excitation rp a random phase multisine [15] limited to 0.1
[Hz], with a peak value of 5 [W] centered around an offset of 5
[W]. Measurements using a 16-bit dspace system at 1000 [Hz]
are down sampled to Fs = 1 [Hz] to facilitate post processing
The multisine has a period length of L = 1 [h], that is repeated
P = 48 times, yielding a total dataset of Fs LP = 172800
samples. During the measurements, the stage is ﬁxed in 6
DOF to the base plate, however, deformations can still cause
the structure to deform thus shifting the POI. The prescribed



30

28

response [dB]

Temperature [c]

50

28.25
28.15
26

28.05
20
0

10

21
20
30
Time [h]

22
40

0

−50

50
−100

Fig. 7: Temperature response of the experimental setup over
a 48 hour period. A zoomed section of period [20 − 22]
shows two periods of the periodic response, that is small when
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poles as described in Sec. II-B are spread uniformly on the
real axis at low frequencies since the true system poles of the
experimental setup are unknown.
2) Transient response: Although multiple temperature sensors are present on the setup, to facilitate presentation a single
channel is used as shown in Fig. 4. The output dataset is
presented in Fig. 7, it shows the temperature over a 48 hour
period. It is seen that the output has an initial 1st order step
response, due to the offset in the excitation signal, followed
by a higher order response to the full spectrum multisine. The
additional zoom-plot provides a detailed view of 2 periods,
it clearly shows that the small and relatively fast steady state
dynamic response is superimposed onto a much larger and
slower transient response caused by initial excitation and the
24−hour cycle of the environment.
3) Full dataset: Estimating the FRF using the full dataset
as shown in Fig. 7, i.e., P = 48, T = 0 where T denotes
the amount of periods that are removed from the estimation,
results in an FRF as shown in Fig. 8a. A comparison is made
between the traditional method using two different window
functions, and the proposed approach (LRMP). Moreover, by
using the method shown in Sec. II-B an explicit estimate of the
transient component T (eiωk+r ) is shown. The results show that
the spectral estimate is dominated by the transient component,
resulting in a poor estimate with high variance. The LRMP
method estimates and removes the transient T (eiωk+r ) from
the plant estimation G(eiωk+r ) resulting in a good estimate
with low variance. It must be noted that the true system G0 is
unknown, i.e., the results are judged on the obtained variance
and expected dynamical behavior.
4) Reduced dataset: The previous result in Fig. 8a showed
that using a long dataset, an accurate estimate of the FRF
can be achieved. This is often not possible, due to limited
measurement time or the availability of a suitable dataset. The
temperature response in Fig. 7 reveals that during periods
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Fig. 8: A comparison is shown between the traditional approach using the spectral method method with a boxcar
(
) and Hanning (
) window, and the proposed approach
) and the estimated transient ( ). The subﬁgures
LRMP (
indicate the results of applying the proposed approach on
different data sections of the full dataset shown in Fig. 7.
Here, P denotes the amount of periods used, and T denotes
the amount of initial periods removed.



20, 21 both the excitation and environmental transients are
small. A reduced dataset consisting of only this subset of
periods is used for FRF estimation, i.e., P = 2, T = 20, and
the results are shown in Fig. 8b. It shows that the estimated
transient is relatively small, and that both the traditional and
proposed method provide a good estimate of the FRF with low
variance. It shows that using the Hanning window introduces a
bias, as shown in the ﬁrst few frequency points, caused by the
convolution with the window function [15] and the non-zero
DC component of the DFT. Using the interval P = [20, 21]
provided a good FRF estimate, however, this requires that both
the excitation and environmental transients are small. This
often requires long measurements during a speciﬁc time of the
day, which is not always feasible for industrial applications.
Therefore, using P = 2, T = 0, i.e., using the ﬁrst 2 periods,
results in an FRF estimate as shown in Fig. 8c. It shows that
the spectral method using the boxcar window is completely
dominated by the transient response, and using the Hanning
window results in an estimation bias. Here, the LRMP provides
fast and accurate FRF estimation, similar to the ideal case
when using P = 2, T = 20, even under strong transient
conditions.
IV. C ONCLUSION
In this paper the challenges in thermo-mechanical behavior
in precision motion control are outlined, and a new approach
to system identiﬁcation is provided. The proposed approach
is capable of estimating and removing transient components
during the FRF estimation. The proposed method is applied
to a relevant thermo-mechanical precision stage application
setup, where it is shown that the method achieves superior estimation quality, a reduced variance and shorter measurement
times when compared to traditional spectral analysis based
approaches.
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