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Abstract

Motion systems are a key enabling technology in manufacturing machines and scientific

instruments. Indeed, these motion systems perform the positioning with high speed and

accuracy, where typical requirements are in the micrometer or even nanometer range.

This is achieved through a mechatronic system design, which includes actuators, sen-

sors, mechanics, and control. The aim of this chapter is to outline advanced motion

control for precision mechatronics. Both feedback and feedforward control are covered.

Their specific designs are heavily influenced by considerations regarding efficient and

accurate modeling techniques. Extensions to complex multivariable systems are out-

lined, as well as challenges induced by envisaged future application requirements.
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Introduction

Manufacturing machines and scientific instruments have a key role in our society, and

the role of these mechatronic systems will increase in the future. For instance, future

developments in manufacturing machines as used in lithographic integrated circuit (IC)

production, will enable ubiquitous computing power for emerging fields in communica-

tion, medical equipment, transportation, etc. In fact, Moore’s law, dictating computa-

tional progress, is determined by wafer scanner technology. Ongoing developments in

printing systems are foreseen to lead to additive manufacturing techniques that enable

the design of new products with a functionality that is un-imaginable in classical pro-

duction techniques. Highly accurate scientific instruments, including microscopy will

facilitate scientific discoveries in nanotechnology and biotechnology. Increasingly large

telescopes will spur deep space exploration. Finally, medical equipment, for instance

computerized tomography (CT) scanners, will enable improved medical treatments. To

keep up with performance requirements imposed by societal demands, future machines

must achieve unprecedented performance.

Motion systems are key subsystems essential for meeting future requirements.

These mechatronic subsystems are responsible for the motion that positions the product

in the machine, e.g., the wafer in lithography, the substrate in printing, the sample in

microscopy, the mirror alignment in telescopes and lithographic optics, and the detector

in CT scanners. Future machines, e.g., in lithography, must achieve an extreme accuracy

of 0.1 nm over a range of 1 m, exceeding a 1 billion ratio, with speeds up to 1 m
s

and

accelerations of 100 m
s2

.

Control is an essential aspect in such motion systems [10], [8], [14], [4]. Indeed,

mechatronic system design involves many aspects, including actuators, mechanics, and

sensors [9]. Despite a very large variety in designs and applications, motion control is

remarkably similar from system to system.
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Motion systems

Mechatronic systems typically consist of actuators, mechanics, and sensors. These actu-

ators generate a force or a torque for example, while the sensors can measure position,

rotation, etc. The dynamics of such systems are typically dominated by the mechanics,

with sensing and actuation assumed to be perfect because their dynamics are much

faster and more precise than the mechanics. As a result [6],

y(s) =


nRB∑
i=1

cib
T
i

s2︸ ︷︷ ︸
rigid−body modes

+
ns∑

i=nrb+1

cib
T
i

s2 + 2ζiωis+ ω2
i︸ ︷︷ ︸

flexible modes

u(s), (1)

where y is the output position, u is the actuator input, nRB is the number of rigid-

body modes, the vectors ci ∈ Rny , bi ∈ Rnu are associated with the mode shapes, and

ζi, ωi ∈ R+. Here, ns ∈ N may be very large and even infinite. Also, s is a complex

indeterminate due to the Laplace transform. Note that in (1), it is assumed that the

rigid-body modes are not suspended, i.e., the term 1
s2

relates to Newton’s second law.

In the case of suspended rigid-body modes, e.g., in case of flexures as in [5], (1) can

directly be extended.

The desktop printer in Fig. 1 is a low-complexity example that satisfies (1). In

particular, in Fig. 2, the Bode plot of the transfer function in (1) is shown, together

with a measurement of the real system. A single rigid-body mode and a single flexible

mode can clearly be observed. Note that both (1) and the Bode plot inherently assume

linear dynamics, friction effects that are present in the printer are further investigated

in a later section.

Control goal and architecture

The main goal in motion control is a servo task: let the output y follow a pre-specified

reference r. This is typically achieved through the control architecture in Fig. 3. As-
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Fig. 1. Desktop printer system.
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Fig. 2. Model of the desktop printer. Overall model of the mechanics (1) (dashed red), rigid-body mode

(dash-dotted green), flexible mode (dotted magenta). Furthermore, an identified frequency response

function is depicted, confirming the model characteristics (note the inaccuracies at low and high

frequencies due to a poor signal to noise ration) (solid blue).

suming a single-input single-output system,

e = S (1−GF )︸ ︷︷ ︸
feedforward

r − S︸︷︷︸
feedback

v − S︸︷︷︸
feedback

η (2)

where v are disturbances affecting the system, and η is measurement noise. Also,

S =
1

1 +GK
(3)
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Fig. 3. Motion control architecture.

and

T =
GK

1 +GK
(4)

are the sensitivity function and complementary sensitivity function, respectively. Es-

sentially, three design variables have to be selected by the control engineer:

1. the reference signal r

2. the feedback controller K

3. the feedforward controller F .

The reference often involves a point-to-point motion, where the goal is to reach an end-

point with high accuracy and minimal time. In particular, the reference is specified such

that the actuator constraints are not violated, see [7]. In subsequent sections, feedback

control and feedforward control are investigated.

Feedback design for performance

In this section, a motion control design procedure is outlined, leading to the feedback

controller K in Fig. 3.
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Accurate models for motion feedback control: nonparametric

system identification

Any control design approach requires knowledge of the true system G, often in the form

of a mathematical model. On the one hand, these models can be obtained through

first-principles modeling, which typically leads to a model of the form (1) directly.

This approach is often time consuming for mechanical systems and often leads to

inaccurate parameters, e.g., the natural frequencies ωi in (1). On the other hand, system

identification or experimental modeling can be used, directly employing measured data.

For mechanical systems, system identification is fast, accurate, and inexpensive, due

to high signal-to-noise ratios and high sampling rates.

In system identification, roughly two approaches can be distinguised: non-

parametric approach and parameteric approaches. Non-parametric approaches, more

specifically frequency response functions G(ω), have a key role in motion control for

several reasons. An example of such a frequency response function is given in Fig. 2.

First, these are used as a basis for loop-shaping design in the next section. Second,

these are used as a basis for parametric identification, where these contribute to model

order selection, i.e., the number of flexible modes ns can be estimated from a Bode

magnitude plot of G(ω), and model validation.

Frequency response identification of motion systems consists of the following

steps.

1. Implement a stabilizing controller K.

2. Apply a suitable excitation signal f and/or r in Fig. 3 and measure closed-loop

signals y and u.

3. Estimate G(ω) based on the measured data.
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An excellent treatment of these steps is given in [12, Chapter 2]. Major recent advance-

ments include the use of periodic excitations instead of noise excitation and approaches

to reduce transients, substantially increasing accuracy and reducing measurement time,

see [15] for details on these recent advances and experimental results on motion systems.

Loop-shaping design

The goal of feedback in motion control is to minimize the error in (2) through selecting

K in view of

1. attenuating disturbances v through minimizing |S|;

2. compensating for feedforward controller inaccuracies, i.e., the term (1 − GF )r in

(2) through minimizing |S|;

3. reducing the effect of measurement noise η through minimizing |T | since the transfer

function from η to y is given by −T ; and

4. guaranteeing closed-loop stability, i.e., stability of the closed-loop transfer functions

S, T , etc..

These goals are conflicting due to performance constraints, including the easily ver-

ifiable relation S + T = 1, in addition to the Bode sensitivity integral that reveals

that S cannot be small at all frequencies, e.g.. [1, Sec. 11.5]. For motion systems, Re-

quirement 2 is mainly important at low frequencies, whereas Requirement 3 is mainly

important at high frequencies where the measurement noise η is relatively large com-

pared to the reference signal. Minimizing |T | implies |S| = 1, which essentially implies

the controller does not react on measurement noise in the measured error (2).

The idea in loop-shaping is to select K that directly affects the loop-gain L =

GK. Indeed, L can be directly manipulated by the choice of K using Bode and Nyquist

diagrams, see, e.g., [1, Sec. 11.4]. In turn, L directly connects to the closed-loop transfer
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functions in certain frequency ranges. Loop-shaping typically consists of the following

steps, which are typically re-tuned in an iterative fashion.

1. Pick a cross-over frequency fbw [Hz], which is the frequency where |L(2πfbw)| = 1.

Typically, |S| < 1 below fbw, while |T | < 1 beyond fbw. Furthermore, fbw is typically

selected in the region where the rigid-body modes dominate, i.e., fbw <
ωi
2π

, where

ωi, i = nrb + 1, . . . , ns is defined in (1).

2. Implement a lead filter, typically specified as Klead = plead

1

2π 1
3 fbw

+1

1
2π3fbw

+1
, such that suffi-

cient phase lead is generated around fbw. In particular, the zero is placed at 1
3
fbw,

while the pole is placed at 3fbw. Next, plead is adjusted such that |GKlead(2πfbw)| =

1. This lead filter generates a phase margin at fbw. Indeed, the phase corresponding

to the rigid-body dynamics in (1) is typically −180 degrees, see Fig. 2, which leads

to a phase margin of 0 degrees.

3. Check stability using Nyquist plot of GK and include possible notch filters in the

case where the flexible modes endanger robust stability.

4. Include integral action through K = KintKlead, with Kint =
s+2π

fbw
5

s
. Since GK � 0

at low frequencies, S ≈ 1
GK

, the integrator pole at s = 0 inproves low frequency

disturbance attenuation, while not affecting phase margin due to the zero at 1
5
fbw.

These steps are done iteratively based on Nyquist of GK and Bode plots of GK

and closed-loop transfer functions. Most importantly, all these steps can be performed

on the basis of frequency response functions. This is essential, since nonparametric

frequency response function identification leads to fast and inexpensive models, while

at the same time delivering much more accurate models for feedback control. This latter

accuracy aspect is directly confirmed by Fig. 2, where the frequency response function

takes into account additional artefacts such as delay in the entire actuation chain,

which is essential for stability, i.e., it directly affects the phase margin. To show this,

the controller design procedure is directly applied to the frequency response function
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Fig. 4. Feedback controller tuning. Identified system G frequency response function (solid blue), loop-

gain GKlead with lead controller (dashed red), lead controller Klead (dash-dotted green). gain margin

(magenta square), phase margin (cyan diamond).

of the system G, see Fig. 4. An interesting observation is that the frequency response

function is typically accurate in the cross-over region, i.e., where |L(2πfbw)| ≈ 1, which

is the most important region for closed-loop stability. In sharp contrast, the frequency

response function is very noisy at low frequencies and high frequencies, but these regions

much less relevant for closed-loop control [11].

Multivariable motion control: A systematic design framework

Most motion systems are multivariable, and commonly positioning is required in all six

motion degrees of freedom. Since the design approach in the previous section focuses on

single-input-single-output systems, approaches developed particularly for multivariable

systems, including those based onH2 orH∞ optimization, may become appealing. How-

ever, these approaches require parametric models, and these models are user-intensive

and time-consuming to obtain. Therefore, a systematic motion feedback control design
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procedure based on frequency response functions has been developed that extends the

loop-shaping procedure in the preceding approach towards multivariable systems. This

procedure consists of the following steps.

Procedure 1 Advanced motion control design procedure.

1. Interaction analysis. Is the system decoupled?

• Yes: independent SISO design. No: next step

2. Static decoupling. Is the system decoupled?

• Yes: independent SISO design. No: next step

3. Decentralized MIMO design: loop-closing procedures

• robustness for interaction, e.g., using factorized Nyquist design

• design for interaction, e.g., sequential loop closing design

Not successful? Next step

4. Optimal & robust control

• design of centralized controller using a parametric model and optimization algo-

rithms.

Details on the procedure are provided in, e.g., [11, Section 4], where many tech-

nical steps from [13] are employed. The main point is that the overall design complexity

gradually increases. Therefore, the complexity is only increased if necessitated by the

control requirements. In particular, Step 1 – Step 3 are based on inexpensive frequency

response functions, and essentially involve an increased complexity in controller tun-

ing. Step 4 involves a major increase in complexity from two perspectives: it requires

an accurate parametric model in view of the control objectives and it requires the

specification of all performance and robustness objectives in a single scalar criterion.
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Feedforward

Feedforward control structure

Essentially, the main goal of the feedback controller in the preceding section is to deal

with uncertainty, both in terms of disturbances, e.g., v in (2), and in terms of system

dynamics, e.g., residual (1−GF )r due to incomplete knowledge of G in the design of

feedforward control. In sharp contrast, the goal of feedforward control is to obtain an

accurate feedforward F that compensates for the known reference signal r.

The design of the feedforward controller is based on the physical model (1),

and a systematic manual tuning approach is developed by exploiting (2). To exemplify

the approach, note that the model (1) for single-input single output systems at low

frequencies approximately corresponds to rigid-body behavior:

1

ms2
, (5)

where m ∈ R+ corresponds to the mass of the system.Therefore, a candidate feedfor-

ward controller F is F = kfas
2, which leads to the feedforward signal f(s) = kfas

2r(s)

corresponding to f(t) = kfa
d2r(t)
dt2

. This feedforward therefore is also referred to as ac-

celeration feedforward, being the second derivative of the reference signal r(t). Then,

the first term in (2) becomes

e = S(1−GF )r = S(1− kfa
m

)r (6)

Manual tuning approach

In (6), a feedforward structure has been selected, which clearly minimizes the error

if kfa = m. However, accurate knowledge of m is typically not available. The main

idea is to directly use experimental data to estimate the optimal value of kfa. To this

end, assume that a stabilizing feedback controller is implemented as in the preceding
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section, typically of the form Klead, yet without implementing the integral action Kint.

This implies that at low frequencies, where |GK| � 1,

S ≈ 1

GK
≈ cs2 for frequencies where |GK| � 1, (7)

with c a constant. Combining this with (6) leads to

e = cs2(1− kfa
m

)r, (8)

and after taking an inverse Laplace transform, this becomes

e(t) = c(1− kfa
m

)
d2r(t)

dt2
. (9)

Equation (9) now directly reveals how to tune the coefficient kfa: select it such that the

measured error e(t) is not correlated with the acceleration signal d2r(t)
dt2

. This is done by

performing an experiment under normal operating conditions, i.e., a servo task with a

certain reference r implemented. Typically, the experimental length for motion systems

is in the order of seconds, hence this procedure can be performed in a short amount of

time. This allows to directly tune kfa, typically through a manual adaptation. This is

straightforward, since from (9) the error depends affinely on kfa.

This idea of tuning naturally extends to more feedforward components, and a

typical feedforward controller consists of

f(t) = kfcsign(
dr(t)

dt
) + kfv

dr(t)

dt
+ kfa

d2r(t)

dt2
+ kfs

d4r(t)

dt4
, (10)

where kfc and kfv compensate for Coulomb and viscous friction, and kfs is a snap

feedforward, aiming to compensate for the compliance of the flexible dynamics in (1).

Indeed, at low frequencies, (1) becomes

1

ms2
+D, (11)

where D ∈ R is a static term that corresponds to the low frequency behavior of the

flexible modes in (1), i.e., below the resonance frequencies ωi, i = nrb + 1, . . . , ns. Next,
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since the essential mechanism is to select the feedforward controller F as the inverse

of the model, inverting (11) leads to(
1

ms2
+D

)−1

=
ms2

1 +ms2D
= ms2 − m2s4D

1 +ms2D
. (12)

Again considering this inversion at low frequencies, implies that the limit s ↓ 0 leads

to the approximation

ms2 −m2Ds4, (13)

thereby extending the earlier acceleration feedforward towards a fourth derivative,

which is referred to as snap feedforward. Practically, this snap feedforward compensates

for the compliance in mechanical systems.

The tuning of these coefficients involves the selection of an appropriate reference,

typically consisting of equal parts of acceleration, constant velocity, and deceleration.

Then, these are tuned systematically in the typical order: kfc, kfv, kfa, kfs.

In Fig. 5, this procedure is applied to the printer system in Fig. 1. Here, the

parameters kfc, and kfv are already set to their optimal value. Next, the value of kfa is

varied. It can clearly be observed that an incorrect value leads to a strong correlation

between the reference and the measured error profile, see (9). The value of kfa is then

varied until there is no correlation between the acceleration profile.

Automated tuning and learning

In the preceding section, a systematic approach to manually tune feedforward signals

has been outlined. Recently, this approach has also been extended towards automated

tuning of feedforward controllers from data. Two important classes can be distinguished

1. approaches that learn a signal f in Fig. 3 directly, including Iterative Learning

Control [3]; and

2. approaches that learn the parameters in a parameterized form such as (10), includ-

ing iterative learning control with basis functions and instrumental variable iden-
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Fig. 5. Feedforward controller tuning. Error using feedback only (solid blue). Next, friction feedfor-

ward has been optimally tuned, and acceleration feedforward tuning is further investigated. Indeed,

note that the error profile (dash-dotted green) has a strong correlation with the acceleration profile.

Increasing the parameter value leads to a reducing error, from dash-dotted green towards dotted ma-

genta which is considered the optimal tuning. Also shown are the scaled acceleration profile (black

dashed) and scaled reference profile r (black dash-dotted).

tification based, see [2] for an overview as well as experimental results for tuning

multiple parameters as in (10).

While the former approaches have a larger optimization space, and can therefore poten-

tially achieve a smaller error e, these approaches lead to a high sensitivity for setpoint

changes r. Indeed, the second class of approaches is invariant under a change of set-

point, which is a very common requirement in motion control applications, where a

class of references trajectories is common.
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Summary and Future Directions

Control in precision mechatronics involves a deep understanding of the physical system

properties, control theory, and design engineering aspects, which is reflected by the

systematic design procedure outlined in this chapter. This procedure forms the basis

for successful motion control.

In the near envisaged future, an immense increase in system complexity is fore-

seen, where it is expected that more steps are required in Procedure 1. Indeed, system

complexity will drastically increase due to the following envisaged developments.

• Motion control will become a multiphysics problem. For instance, increasing accu-

racy requirements in the sub-nanometer range lead to a situation where thermal

aspects become increasingly important. These thermal aspects lead to deforma-

tions, which will lead to an interaction with motion control. Already active thermal

control and setpoint adjustment for thermal deformations are being developed.

• Subsystems will interact. In high-tech systems, multiple motion systems coopera-

tively perform tasks. For instance, in modern wafer scanners for lithographic inte-

grated circuit production, two precision systems have to position relative to each

other, directly leading to coupling.

• Many actuators and sensors will be used. In particular, the flexible dynamics in

(1) limit the achievable cross-over frequency fbw. By using additional inputs and

outputs, these flexible dynamics can be actively controlled. However, this leads to

an increased complexity of the control design problem.

• Deformations lead to a situation where performance variables are not directly mea-

surable. In particular, the flexible dynamics in (1) lead to a situation where flexible

dynamics lead to deformation in between different locations on the mechanical

structure. Since the sensors can typically not be placed exactly at the location is

desired, e.g., due to the presence of a product, this implies that performance cannot
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be measured directly. This leads to an inferential motion control problem, essen-

tially introducing another set of unmeasurable performance signals into the control

problem.

From a feedforward perspective, the mechatronic system design with embedded

controller implementations leads to the availability of large amounts of sensor data.

This facilitates the learning from data in complex motion systems. These algorithms,

which have to be applicable to massively multivariable systems, are foreseen to revitalise

existing machines through inexpensive, smart updates, that lead to continuous control

performance improvement during normal operation through optimising f in Fig. 3.

Summarizing, positioning systems have a key role in engineered systems, and

their role is foreseen to further increase in the near future. Smart control solutions

will enable a further increase towards unparalleled accuracy and speed, and creates

opportunities for revolutionary machine designs. This will enable manufacturing of

user-customizable and un-imaginable products and scientific instruments that facilitate

scientific discoveries in nanotechnology, biotechnology, and space exploration.
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