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Vibration Control Under Frequency-Varying
Disturbances With Application to Satellites

Tom Bloemers , Sjoerd Leemrijse , Valentin Preda , Fabrice Boquet,
Tom Oomen , Senior Member, IEEE, and Roland Tóth , Senior Member, IEEE

Abstract— Increasing demands of positioning accuracy of
satellites with high-precision payloads together with growing
structural flexibility of their hulls, calls for active vibration isola-
tion techniques to mitigate the impact of microvibrations on the
payload. The aim of this article is to develop an linear parameter-
varying (LPV) modeling and control design methodology for
attenuation of frequency-varying disturbances. Application of the
developed approach to a realistic space-capable multivariable
vibration isolation test-bench setup shows a significant atten-
uation of microvibration disturbances, well-demonstrating the
capabilities and deployability of the proposed method.

Index Terms— Linear parameter-varying (LPV) systems,
satellites, vibration control.

I. INTRODUCTION

MODERN space observation missions require extremely
challenging accuracy requirements. All around the

globe in outer space, satellites orbit the Earth to facilitate a
variety of services to mankind, e.g., navigation, communica-
tion, meteorology, observation, and more. Examples include
cosmic vision missions, such as the James Webb Telescope
as well as low-Earth orbit missions such as the Sentinel
satellites [1]. A large portion of these satellites carry opti-
cal instruments to make images of Earth’s surface or other
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celestial objects. Over the years, there has been an growing
demand on the resolution of these images [2]. With such an
increase in performance requirements, mechanical vibrations
have become a key factor in image degradation.

Microvibrations severely degrade image quality by intro-
ducing image distortions and blurring effects [3]. Besides of
vibrations induced by on-board equipment, such as solar panel
arrays, thrusters, and cryocoolers, the predominant source of
microvibrations is the attitude control system (ACS). The
ACS consists of reaction wheel assemblies or control moment
gyroscopes, which are used to point the satellite in the desired
direction. These components are manufactured with extremely
high precision, yet microvibrations originating from them are
unavoidable due to static and dynamic unbalances in the
flywheels and imperfections in the bearings [4], [5]. These dis-
turbances depend on the rotational frequency of the flywheels
and therefore span a broad frequency range. At the same time,
for economic and logistic reasons, satellites are becoming
more and more lightweight, causing the hull of the spacecraft
to become a flexible body. As a result, microvibrations are
significantly amplified by the lightweight and flexible hull and
become a key performance limiting factor.

In the past, state-of-the-art microvibration isolation solu-
tions based on passive isolators have been able to provide suf-
ficient suppression; however, with the next-generation satellite
designs, these technologies are reaching their physical limita-
tions. Passive approaches use stiffness and damping elements
to dissipate the vibrational energy as heat and typically they
involve placing isolators between the disturbance source and
the optical equipment, constructed from viscoelastic materials,
springs, or hydraulic dampers [6]. These isolators act as a low-
pass filter, suppressing disturbances in the higher frequency
ranges only. In some cases, a posteriori image processing algo-
rithms can correct for some of the remaining image distortions.
Nonetheless, artifacts such as blurring and disturbances in the
low-frequency range are not corrigible. In addition, passive
isolators leave underdamped modes at low frequencies, where
microvibration disturbances are expected. Therefore, current
state-of-the-art vibration isolation techniques are insufficient
to meet the increasing accuracy requirements.

To overcome the limitations of passive isolation techniques
and to achieve vibration isolation in a broad frequency
spectrum, future satellites will need to be equipped with a
hybrid vibration isolation platforms [7], [8]. Hybrid vibration
isolation combines passive isolators with active components,
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which consist of sensors and actuators, typically arranged in
a hexapod configuration similar to a Stewart platform [9].
These actuators are used to generate forces that can coun-
teract vibration disturbances. Simulation studies on satellites
equipped with flexible appendages and ACSs has shown
the effectiveness of the proposed solution and the promis-
ing performance improvement that can be achieved by
it [1], [10].

When the source of the vibration disturbances is unknown,
linear time-invariant (LTI) compensation and adaptive control
provide powerful tools for active vibration control, see [11],
[12]. Effectiveness of these methods has been well demon-
strated in a variety of practical examples. However, the LTI
tools cannot cope with time-varying disturbances, whereas
adaptive tools are based on recursive adaption of the controller
with manually tuned adaptation gains for which stability and
convergence guarantees are difficult to obtain. Furthermore,
for satellites, variation of the microvibrations is related to
known/measurable rotational speed of the generating equip-
ment (flywheels and solar arrays) that can be exploited for
improved mitigation performance. In fact, varying-frequency
nature of microvibration disturbances allows to interpret them
as signals generated by linear parameter-varying (LPV) filters.
In this sense, the disturbances are modeled with a linear
input–output (IO) map, whose dynamics depend on the exoge-
nous frequency variations of the modeled microvibrations.
The LPV framework has been developed to provide sys-
tematic design tools for the analysis and synthesis of LPV
controllers for nonlinear systems [13], [14]. Hence, compared
with the adaptive and LTI disturbance rejection methods, this
framework enables the design of LPV controllers scheduled
by frequency variations of the disturbances to efficiently
achieve broadband microvibration isolation under stability
and performance guarantees and systematic performance
tuning.

The LPV framework has been already investigated in the
context of vibration control. In [15] and [16], a scheduled
controller synthesis approach for asymptotic regulation against
nonstationary sinusoidal disturbances has been worked out.
In [17], [18], and [19], the internal model principle is utilized
to design controllers to reject frequency-varying harmonic
disturbances. Specifically for satellites, a signal-based LPV
control design approach has been presented1 in [1] and [10].
While effectiveness of these methods has been successfully
demonstrated through various simulation studies, experimental
demonstration of the technology has not been achieved before.
Furthermore, these approaches have been derived for designing
continuous-time (CT) controllers for known or partly known
system models with predescribed uncertainty ranges neither
investigating the necessary toolchain required for their appli-
cability nor their implementation on digital hardware, in which
naive discretization of the controllers often results in frequency
distortions that are intolerable for precise rejection of varying
harmonic disturbances in space.

1Previously in the LPV context, microvibration isolation was studied with
the goal to reduce transmitted forces and torques between the wheel and the
satellite platform. In our considered isolator setting, the goal is to reduce the
payload acceleration from base vibrations, which is a different problem.

Although the LPV framework provides a systematic
toolchain to design controllers for rejection of frequency-
varying harmonic disturbances, a full design framework from
experimental modeling toward full-scale implementation is
presently lacking. In this respect, the main contribution of
this article is a complete design and validation approach
for rejection of varying harmonic microvibration disturbances
with application to a realistic state-of-the-art microvibration
isolation test platform. This is achieved through the following
subcontributions.
C1: A novel LPV disturbance modeling and control design

methodology for attenuation of slowly varying multiple
microvibrations whose frequency is known or measurable
and a discretization approach to preserve the harmonic
attenuation performance when the controllers are imple-
mented on digital hardware.

C2: Implementation and thorough validation of the methodol-
ogy on a multiple input multiple output (MIMO) vibration
isolation test bench setup, including full-scale system
identification of the IO dynamics.

The benefits of this approach include an easy-to-automate
data-driven modeling step to capture the isolator dynamics and
avoid complicated, first-principles-based modeling of the sys-
tem. This is combined with a relatively simple microvibration
disturbance model. The control design is achieved through a
well-known mixed-sensitivity shaping approach, see [20], [21],
in which the parameter-varying harmonic disturbances are
translated to constraints on the sensitivity functions. Further-
more, we show how to apply a modified Tustin discretization
method for LPV controllers, which by varying the prewarping
frequency preserves local resonance/suppression modes of the
CT controllers in discrete time (DT).

This article is organized as follows. In Section II, the
vibration isolation problem is formulated together with
the characterization of the microvibration disturbances and the
concept of disturbance modeling. Furthermore, the prototype
setup for experimental validation is introduced. In Section III,
an identification procedure to experimentally model the actu-
ator dynamics in terms of their vibration mitigation at the
point-of-interest is proposed. This is followed by propos-
ing an LPV controller design procedure to achieve active
vibration isolation in Section IV. Together, these sections
form Contribution C1. Furthermore, in Section IV, we dis-
cuss implementation of the controllers via a modified Tustin
discretization method, which preserves the local resonance
modes of the designed controller. In Section V, application
and experimental validation of the presented methodology on a
prototype vibration isolation setup is shown (Contribution C2).
Finally, an overview of the procedure is given and conclusions
on the achieved results are drawn in Section VI.

Notation: Let R and R+ be the set of real and nonnegative
real numbers while C stands for the set of complex numbers.
Rn (Cn) denotes the set of n-dimensional real (complex)
vectors while Rn×m (Cn×m) stands for the set of real (complex)
n × m matrices. Ln

2 is used for R+ → Rn square integrable
signals, i.e., with finite ∥ f ∥2 = (

∫
∞

0 ∥ f (t)∥2dt)1/2, where ∥�∥
is the Euclidean norm. Ln

2e denotes the extended Ln
2 space of

functions with a finite (
∫ T

0 ∥ f (t)∥2dt)1/2 for any T > 0. For
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Fig. 1. Control architecture for the vibration isolation setup. Here,
Gap and Gpma represent the active plate and the PMA dynamics, while K is
the to-be-designed LPV controller. The system is subject to (a) microvibration
disturbance forces d , which are replicated by (b) PMA disturbance voltages di .

appropriately dimensioned matrices

N =

[
N11 N12
N21 N22

]
, M =

[
M11 M12
M21 M22

]
the Redheffer star product N ⋆ M is defined as N ⋆ M =[

Fl(N , M11) N12(I − M11 N22)
−1 M12

M21(I − N22 M11)
−1 N21 Fu(M, N22)

]
where Fl(N , V ) = N11 + N12V (I − N22V )−1 N21 is the
lower linear fractional transformation (LFT), while
Fu(M, V ) = M22 + M21V (I − M11V )−1 M12 stands for
the upper LFT, assuming that the corresponding matrix
inverses exist. Furthermore, let Iτ2

τ1
= {k ∈ Z | τ1 ≤ k ≤ τ2} be

an index set.

II. SYSTEM DESCRIPTION AND PROBLEM FORMULATION

A. Vibration Isolation Problem Description

In this section, we introduce the general hybrid vibra-
tion isolation problem and the proposed control architecture.
A hybrid isolation setup consists of a platform that is
connected to the environment, and mounted with sensitive
measurement equipment, passive isolators, and actuators. The
platform and the equipment are subject to exogenous vibra-
tions originating from the environment, generating undesired
disturbance forces that impact the performance of the mea-
surement equipment.

To that end, consider the platform Gap :
[
F⊤ d⊤

]⊤
7→ y

with actuator forces F(t) ∈ Rnu , vibrational disturbance forces
d(t) ∈ Rnu , and measured output y(t) ∈ Rny , e.g., the
acceleration of the point of interest. The idea behind active
vibration isolation is to generate forces F , typically generated
by electromechanical actuators, e.g., proof mass actuators
(PMAs) Gpma : u 7→ F , to counteract the disturbance forces
d , such that the effect of the vibrations on the platform
is minimized. As aforementioned, and further specified in
Section II-B, microvibration disturbances can be modeled in
the LPV framework. Therefore, we propose the control archi-
tecture depicted in Fig. 1(a), where the objective is to design
an LPV controller that counteracts the vibration disturbances.
The characteristics of these disturbances are described in
Section II-B.

B. Disturbance Model

There are multiple components in a satellite that can cause
microvibration disturbance forces. For example, cryocoolers
or reaction wheels that are part of the ACS. These vibrations
travel through the body of the spacecraft toward the platform
on which the payload is mounted. To ensure the performance
of the payload, it is necessary to isolate it from microvibra-
tion disturbances. Microvibrations are mainly characterized
by their harmonic components. For space applications, often
harmonic content of the disturbances is partly known. For
example, in the case of a reaction wheel assemblies, the
rotational speed of the reaction wheel directly influences
the frequency of the disturbance vibrations, where the main
harmonic has the same frequency as the rotational speed of
the wheel [4], [5]. The same partial knowledge is also present
for other components.

To incorporate this information in our problem setting,
we consider a general disturbance model that can describe
mechanical vibrations, originating from a variety of sources,
in terms of the force and torque disturbance vector d(t) ∈ Rnu

d(t) = dbn(t) +

Nd∑
i=1

dh,i (t) (1)

where dbn(t) ∈ Rnu represents the stochastic broadband noise
component of the disturbance and dh,i (t) ∈ Rnu represents the
i th harmonic component with

dh,i (t) = Ai (�(t)) sin(2π�(t)hi t + φi ), i ∈ INd
1 (2)

where �(t) ∈ � ⊂ R is the frequency of the main harmonic
component, hi ∈ R is the order of the harmonic component,
φi ∈ Rnu is the phase angle, and Ai (�(t)) ∈ Rnu is
the amplitude. For the first harmonic component, h1 = 1.
According to our application setting, we consider the variation
of the main harmonic component �(t) to be measurable.

The varying-frequency nature of the microvibration dis-
turbances allows them to be interpreted as outputs of a
parameter-varying disturbance generator. In this sense, the i th
harmonic disturbance is modeled by

dh,i (t) = Ai (p(t)) sin(2πp(t)hi t + φi ) (3)

with p(t) ∈ P ⊂ Rn p the scheduling variable, describing the
main harmonic of the disturbance, i.e., p = �. Throughout this
article, we assume that the change of the main harmonic, i.e.,
ṗ = �̇, is sufficiently slow, such that the momentary frequency
content of (2) is dominated by the sinusoidal component
instead of the time variation of �(t). This is in-line with space
applications, where the variation of the disturbance dynamics
is typically much slower than the considered frequency range
in which the disturbance acts.

C. Vibration Isolation Test Platform

To show effectiveness of the to-be-proposed design method-
ology, we consider the active vibration isolation setup depicted
in Fig. 2. The setup is a prototype platform of the isolation
architecture described in [10]. The setup consists of three
distinctive parts, namely: 1) an optical table; 2) an active plate;
and 3) a dummy mass. This is schematically depicted in Fig. 2.
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1986 IEEE TRANSACTIONS ON CONTROL SYSTEMS TECHNOLOGY, VOL. 32, NO. 6, NOVEMBER 2024

The optical table is suspended via air mounts, see [22], from
the ground and can be seen as the body of a spacecraft in
microgravity. Mounted on the top of the optical table is an
aluminum disk, which is the active plate, supporting six PMAs,
and an inertial measurement unit (IMU). Rubber-based passive
isolators are set between the optical table and the active plate,
representing the connection between a satellite body and the
vibration isolation table with optical instruments. Together, the
passive isolator joints create a virtual six degrees of freedom
(DoFs) joint around which the active plate translates and
rotates. The three translational three rotational accelerations
are measured by the IMU, which provides information about
the disturbances experienced by the payload. A dummy mass is
rigidly mounted on the active plate to represent a typical space
payload, e.g., sensitive optical instruments or microvibration
inducing equipment. The six PMAs mounted on the plate in a
hexapod configuration and exert three forces and three torques
in all six DoF of the plate to enable active vibration isolation.
The PMAs are controlled via a microcontroller (Raspberry
PI 4). The microcontroller generates digital commands to an
electronic board with a multichannel digital-to-analog con-
verter (DAC) followed by low pass filters and amplifiers. The
amplifiers are connected to the 6× PMAs. The microcontroller
has a relatively low sampling/control frequency of 8.235 and
serves as a limited computing resource, being representative
of the computing resources found in space equipment. Due to
reasons of confidentiality, throughout this article, the time and
frequency axes have been normalized by an affine transforma-
tion, resulting in dimensionless quantities.

To give an indication of the general motion dynamics of
the system and what is considered to be inputs and outputs,
we derive a simple ideal motion model of the system. Note
that in reality, the dynamics of such a system are much more
complex, but we present an idealistic model here to provide an
understanding of how the forces and torques between different
components are related. Later, in Section III, we identify the
end-to-end dynamics of the vibration isolation setup. The
ideal dynamics of the vibration isolation test platform can be
characterized by the interconnection of the active plate with
passive isolators and electromechanical PMAs. The plate has
the following ideal LTI dynamics

Gap :

{
Mapq̈(t) + Capq̇(t) +Kapq(t) = F(F(t) + d(t))
y(t) = q̈(t)

(4)

where q̈(t) ∈ Rny with q̈ =
[
ẍ ÿ z̈ θ̈ x θ̈ y θ̈ z

]⊤ represents
the translational and rotational accelerations of the plate,
F =

[
Fx Fy Fz τx τy τz

]⊤ with F(t) ∈ Rnu represents the
PMA forces and torques, and d(t) ∈ Rnu is the collection
of the micro-vibration disturbance forces and torques acting
on the plate. Here, Map, Cap, Kap, and F are the active
plate mass and inertia, damping, stiffness, and input matrices,
respectively. The ideal dynamics of the PMAs are described
by the LTI model

Gpma :


Mpma ẍ(t) + Cpma ẋ(t) +Kpmax(t) = Km i(t)
Km ẋ(t) + Li̇(t) + Ri(t) − di (t) = u(t)
−Mpma ẍ(t) = F(t)

(5)

Fig. 2. Schematic of the vibration isolation setup with its components.

where x(t) ∈ Rnu is the translation of the proof-masses,
i(t) ∈ Rnu is the current flowing through the PMAs,
u(t) =

[
u1(t) · · · u6(t)

]⊤
∈ Rnu is the voltage applied to the

PMAs, and similarly di (t) ∈ Rnu are the disturbance voltages
of the PMAs. Here, Mpma, Cpma, and Kpma are the PMA
mass, damping, and stiffness matrices, respectively, while Km ,
L , and R are the motor constant, inductance, and resistance,
respectively.

The passive isolators are used to attenuate the effect of
high-frequent disturbances on the active plate. Therefore,
active rejection of low-frequency microvibration disturbances
is targeted by actuating the six PMAs. In a real-world system,
the component that carries sensitive measurement equipment
in the satellite is attached to the top of the active plate. Isolat-
ing the plate from vibrations, therefore, indicates how well
vibrations are mitigated w.r.t. the measurement equipment.
To emulate microvibrations traveling through the satellite
body to the isolator platform, input disturbance voltages di

with similar characteristics as in Section II-B are introduced
with harmonic component �(t) ∈ � = [0.59, 1.07] and
|�̇(t)| ≤ 0.01.

D. Problem Formulation

The goal of the control system is to isolate the payload
from the satellite base vibrations. If the vibrations are mini-
mized, then the payload accelerations are also reduced. In this
application, we consider control of the rotational accelerations
only, i.e., G :

[
u1 · · · u6

]⊤
7→

[
θ̈ x θ̈ y θ̈ z

]⊤. Furthermore,
in our setup, the input of PMA 2 is also used to inject the
microvibration disturbances.

The challenge is to design an active vibration isolation
strategy that guarantees stability and performance for the
considered microvibrations dependent on �(t) ∈ �. For this
purpose, we consider to design an LPV controller K (p(t))
scheduled by the main harmonic component p(t) = �(t).

The considered LPV controller admits the state-space rep-
resentation

ẋk(t) = Ak(p(t))xk(t) + Bk(p(t))uk(t) (6a)
yk(t) = Ck(p(t))xk(t) + Dk(p(t))uk(t) (6b)

where xk(t) ∈ Rnx denotes the state, yk(t) ∈ Rny are the input
voltages to the PMAs, and uk(t) ∈ Rnu are the measured out-
puts. The operator K (p(t)) corresponds to K (p(t)) : uk 7→ yk
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and it is expressed with the notation

K (p(t)) =

[
Ak(p(t)) Bk(p(t))
Ck(p(t)) Dk(p(t))

]
. (7)

For a frozen (constant) scheduling value p(t) ≡ p ∈ P ⊂ P,
K (p) defines an LTI system. The closed-loop map
T (G, K (p(t))) : di 7→ y, given by

T (G, K (p(t))) = (I + G K (p(t)))−1G (8)

is an LPV system comprised of the LTI plant subject to an
LPV controller and varying disturbance. This separation will
significantly simplify the developed toolchain as will be shown
in the sequel.

The control problem is schematically shown in Fig. 1(b),
where G is the LTI system, K (p(t)) is the LPV controller,
and di represents the microvibration disturbances. In terms of
control objectives, the following typical requirements have to
be satisfied for all �(t) ∈ �.
R1: The closed-loop system in Fig. 1(b) is internally stable.
R2: To avoid excessive actuator degradation, the amplitude

of the control signals must be kept below the physical
limit of umax = 10 units and the frequency content
must be limited to the bandwidth region. In addition, the
disturbance attenuation factor of the closed-loop system
needs to be pushed below a target value ϵmax = −20 dB,
i.e., microvibration disturbances should be reduced by a
factor 10 through the active vibration isolation platform.
The factor ϵmax is chosen to safely attenuate disturbances
without saturating the PMAs.

R3: The controller must be of low-complexity such that
implementation is feasible with limited computational
resources.

Here, low-complexity refers to the complexity of the controller
in terms of the state dimension and scheduling dependency
structure. This is further elaborated upon in Section IV-C.
To verify the performance of the controller, the following
metrics are analyzed a posteriori. We define the reduction ratio
as follows:

ρ = 1 −
∥yCL∥rms

∥yOL∥rms
(9)

where ∥x∥rms = ((1/N )
∑N

n=1 x[n]
2)1/2 denotes the root mean

squared (rms) norm, with x[n] the nth element of the vector
x ∈ RN , yOL is the measured response without compensation
and yCL is the measured system response with compensation.
The reduction ratio indicates the percentage of how much the
disturbance is suppressed in the plant response. Furthermore,
we define the disturbance rejection factor for a constant
disturbance frequency �̄ by

r�̄ = |YOL(�̄)| − |YCL(�̄)|. (10)

The disturbance rejection factor indicates the reduction mag-
nitude of the frequency spectrum Y (�̄) as a result of closing
the loop, i.e., how much disturbance rejection is obtained.

In Section III, the proposed identification methodology
is presented, after which the control design procedure is
discussed in Section IV.

Fig. 3. Schematic of the data generating system used for FRF estimation.

III. SYSTEM IDENTIFICATION OF THE TEST PLATFORM

A. Identification Setup

In this section, we propose an identification methodology
for systems subject to frequency-varying disturbances. This
constitutes to Contribution C2. The goal is to obtain a model
of the system, i.e., from the actuator to the point-of-interest,
describing G : u 7→ y. In this framework, we consider the
frequency-varying microvibration disturbances to be generated
by an LPV filter, while the underlying model of the plant
remains LTI. Hence, only an LTI model of the plant is to be
identified, which significantly simplifies the identification.

Although in space applications, the microvibration dis-
turbances are forces and torques generated mostly by the
ACSs, in our study these are mimicked by input disturbances
generated on the PMAs. Hence, the identification objective
simplifies to identifying the lumped system G = GapGpma in
Fig. 1(b). Furthermore, as the system G is assumed to be sta-
ble, we propose open-loop identification experiments. Hence,
consider the data generating system depicted in Fig. 3, where
G is the multivariable LTI system, u is the excitation signal
applied to the PMAs, which will be specifically designed
for identification in Section III-B3. The signal y is the
observation of the plant output, polluted by v, corresponding
to measurement noise and other stochastic disturbances. We
propose to first estimate a frequency response function (FRF),
which is an MIMO nonparametric model of the underlying
electromechanical transfer to the point of interest. This is
followed by fitting a multivariable parametric model on the
nonparametric FRF estimate.

B. Nonparametric FRF Estimation

1) Estimation Concept: FRFs allow for intuitive visual
insight in system characteristics including compliance, para-
sitic dynamics, and information on locations and properties
of flexible mode shapes [23], [24]. There are a variety of
algorithms available to obtain an FRF estimate. Commonly
used algorithms apply the spectral analysis method, see [25].
Considering the data generating system in Fig. 3, the measured
system response to an excitation signal u is related in the
frequency domain by

Y (k) = G(iωk)U (k) + V (k) + R(k) (11)

where G(iωk) ∈ Cny×nu is the transfer function matrix of
the data generating system, Y (k) ∈ Cny is the noisy output
spectrum, U (k) ∈ Cnu is the input spectrum, V (k) ∈ Cny is the
spectrum of the noise signal, and R(k) ∈ Cny is the lumped
transient and leakage term, with k the frequency index and
ωk ∈ F = {ωk}

N f

k=1 are the frequencies corresponding to the
frequency bins associated with the discrete Fourier trans-
form (DTF) of the measured signals. Furthermore, we denote
i =

√
−1. The transient and leakage term R(k) together with
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the noise V (k) pollutes the frequency content of Y (k). Since
the IO relationship (11) has ny equations with nynu unknowns,
G(iωk) cannot be identified from a single experiment. Hence,
we require at least nu experiments with different excitation
signals. Consequently, the empirical transfer function estimate
is obtained as follows:

Ĝ(iωk) = Ȳ (k)Ū−1(k) (12)

with Ū (k) =
[
U1(k) · · · Unu (k)

]
∈ Cnu×nu and

Ȳ (k) =
[
Y1(k) · · · Ynu (k)

]
∈ Cny×nu . Here, the i th column

of Ū (k) and Ȳ (k) corresponds to an experiment with
input signal Ui (k) and output signal Yi (k). It is clear that
solving (12) puts a strong condition on the design of the
excitation signal, where Ū (k) should be nonsingular for each
k. The design of this excitation signal is further discussed in
Section III-B3.

Furthermore, note that the FRF estimate (12) is corrupted
by transient terms R(k)Ū−1(k) in addition to the effect of
the noise V (k). For periodic input signals, the bias due to
leakage errors is 0 at the harmonics of the input signal.
Moreover, multiple periods and realizations can be measured
and subsequently averaged to reduce the effects of noise. For
nonperiodic signals, the leakage errors can be suppressed by
applying a smoothing operation; however, these smoothing
operations can easily introduce bias in the estimates [26].

2) FRF Estimation by LPM: To suppress aforementioned
leakage errors we propose to use the local polynomial method
(LPM), see [26]. The main advantage of the LPM is in the
suppression of the leakage errors R(k) in (11). The idea behind
the LPM is to exploit the smoothness of the FRF and transient
terms to locally approximate them at the DFT bins ωk by
a (low order) polynomial. In that sense, for all ωk , a local
parametric model of the FRF G0 and the transient term R is
estimated in polynomial form in a narrowband around each
DFT frequency ωk . Then, the central value of the polynomial
is used as an estimate of G0(iωk). Consequently, the transient
effects are removed from the output spectrum in (11) to obtain
the sample mean Ŷ (k), effectively eliminating them. This is the
main reason to prefer the LPM over regular empirical transfer
function estimation methods. The design of the excitation U (k)

is discussed next.
3) Experimental Design: A white noise excitation signal

is often used for identification because of its ease of use,
but consequently introduces leakage errors that degrade the
FRF quality [26]. This motivates the use of periodic excitation
signals, which reduce leakage effects and enable to define
the spectrum of the excitation on a user-specified frequency
grid F .

To satisfy the identifiability conditions for (12), we require a
nonsingular input matrix Ū (k). This is achieved by designing
one scalar multisine ums(t) that excites all frequencies of
interest. Next, nu independent excitation signals are obtained
by multiplying the spectrum Ums(k) ∈ C with an orthogonal
matrix T̃ ∈ Cnu×nu , often taken as a Hadamard matrix,
resulting in the excitation signal

Ū (k) = Ums(k)T̃ (13)

where i th column of Ū (k) refers to the DFT spectrum of an nu

dimensional vectorial excitation signal for the i th experiment.
For the considered setup, the multisine is defined by

ums(t) =

∑
k∈F

Ak cos(ωk t + φk) (14)

on the frequency grid ωk ∈ F , where F = {2π0.1k}
N f

k=1
is chosen, with amplitudes Ak , and random phases φk . For
the considered application, every Ak is chosen the same such
that: 1) the excitation signal remains within actuator saturation
limits and 2) the excitation signal remains within the linear
range of the PMAs. The phases φk are randomized such
that Ū (k) is orthogonal. Regarding the test setup, due to the
nonlinear effects of the PMAs for large voltages, an individual
design of U (k) is pursued. Specifically, every PMA is excited
individually, i.e., T̃ = I . We recommend to use multiple
periods of the excitation signal to reduce the effects of noise
on the FRF estimate. Here, we use 20 multisine periods of
which the first 2 are removed to eliminate transient effects.

4) Estimation Results: The results of the nonparametric
FRF identification on the vibration isolation test setup are
depicted in Fig. 4. The confidence bounds are calculated from
the noise co-variance matrix of the FRF, where the width of
the a · 100%-confidence interval of element (i, j) of the FRF
matrix is calculated as follows:

Ri, j (k) =

√
− ln(1 − a)

√
σ 2

i, j (k) (15)

where σ 2(k) is the plant co-variance [26, Chapter 2.4.2].
It can be observed that at frequencies where the magnitude

of the FRF is low, the uncertainty interval in terms of the confi-
dence bounds grows. This makes sense, as in these regions the
SNR is small. In the regions where the FRF magnitude is the
largest, the confidence interval is narrow. In these regions,
the PMAs have authority such that disturbance suppression
can take place. Since the plant is estimated accurately in
the frequency regions of control authority, the nonparametric
system identification is considered successful.

C. Parametric TF Fitting

In this section, we fit a parametric model on the estimated
FRF data. The goal is to find an MIMO LTI model Ğ(s, θ) of
fixed order, parameterized in the real-valued parameter vector
θ , which approximates the FRF data Ĝ(iω). This model is
represented by a left polynomial matrix fraction description

Ğ(s, θ) = A−1(s, θ)B(s, θ) (16)

where A is a monic polynomial and B is a polynomial matrix
in s, each parameterized linearly by θ . The approximation of
the FRF data by the model is characterized by the additive
error

E(iωk, θ) := W (iωk) ⊙
(
Ĝ(iωk) − Ğ(iωk, θ)

)
(17)

with W (iω) a weighting filter used to specify a weighting on a
user-relevant region of interest and ⊙ denotes the elementwise
product. The goal of the procedure is to find an estimate of
the parameter θ that minimizes

θ̂ = arg min
θ∈R

J (θ) (18)
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Fig. 4. Identification results of the vibration isolation setup. The blue line denotes the estimated FRF, the orange region depicts the corresponding 99%
confidence bound, and the magenta curve describes the identified parametric model.

where the cost function is defined as follows:

J (θ) := ∥E(θ)∥2
F =

∑
k∈F

tr
(
E(iωk, θ)E∗(iωk, θ)

)
(19)

where tr(.) denotes the trace of a matrix and ∗ is the complex
conjugate transpose, giving that the right-hand side of (19)
corresponds to the Frobenius norm of E(iωk, θ). To solve (19),
the algorithm in [27] is employed.

For the considered setup, based on the estimated FRFs,
a left polynomial matrix fraction description of order 36 is
estimated. Because of the one-to-one correspondence between
matrix fraction descriptions and state-space models, this leads
to a state-space model with low McMillan degree [28]. The
Bode magnitude plots are shown in Fig. 4. Visually, satisfac-
tory results are obtained without weighting filters. To quantify
the goodness of the estimate, the following metric is defined

1m = max
ω∈F

σ̄
(
Ğ(iωk) − Ĝ(iω)

)
(20)

where σ̄ denotes the maximum singular value. The above
metric connects the identification criterion (19) to a robust
control-relevant identification metric, see [28]. Here, a low
value indicates a small uncertainty set, hence accurate identi-
fication. The achieved value 1m = 0.5438 indicates that the
fit accuracy is good. This is confirmed by inspection of the
maximum singular values of Ĝ and Ğ over frequencies in
Fig. 5. It shows that the dominant behavior of the system
is captured accurately by the model, especially in the mid-
to-high-frequency ranges where the disturbance is dominant,
which is also the control-relevant frequency region. Hereby,
the parametric identification is considered successfully.

IV. CONTROL DESIGN

In this section, the proposed control design procedure is
discussed. The challenge is to design the LPV controller

Fig. 5. Bode magnitude plot of the maximum singular value of the estimated
MIMO FRF (blue) and the identified parametric model (orange). This confirms
that the dominant behavior of the system is captured accurately.

K (p(t)) with p = � such that Requirements R1–R3 are
met for all considered main harmonics �(t) ∈ �. In order
to design the control law, the synthesis problem is cast into
the H∞/µ framework [20]. This section corresponds to C1.

A. Control Architecture

With the available IO partition, a nonsquare plant model
has to be used for synthesis, which results in a nonsquare
controller. Since the model cannot be reduced to lower order
without introducing significant model error, standard synthesis
techniques are not applicable as they result in controllers with
state dimensions that are too large (≥56) to comply with
Requirement R3. Hence, to accommodate Requirement R3,
a structured control design of limited complexity is proposed.
The selected structure of the controller is further discussed in
Section IV-C2.

The considered control architecture is given in Fig. 1(b),
which is recasted into the well-known generalized plant
formulation in Fig. 6. By Requirement R2, we aim at
attenuating the microvibration disturbances by a factor ϵmax.
Since microvibration disturbances occur on the input of the
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Fig. 6. Weighted synthesis model for MIMO controller design for the
microvibration isolation setup.

PMAs, it is beneficial to achieve a small input sensitivity
w1 7→ z̃1 : Si = (I + K (p)G)−1 at the disturbance frequen-
cies. Note that frequency response of Si is understood in
the frozen sense, i.e., p(t) ≡ p ∈ P, and the disturbance
frequencies are dependent on p. A small input sensitivity at
the disturbance frequencies implies that the microvibrations
are attenuated by the closed loop, thus achieving disturbance
rejection. Next to disturbance rejection, it is important to
limit the control signal and sensor noise amplification by
weighting the control sensitivity w2 7→ z̃2 : Si K (p) and com-
plementary sensitivity w2 7→ z̃3 : T = GSi K (p), respectively.
To shape these sensitivities, weighting filters W• are intro-
duced such that WSi Si : w1 7→ z1, WSi K Si K (p) : w2 7→ z2, and
WT T : w2 7→ z3 represent the weighted generalized perfor-
mance channels.

B. Weighting Filter Design

The goal of this section is to explain how the weighting
filters can be selected in a systematic way to capture the
design Requirements R1 and R2. Because the microvibration
disturbances enter on the input side of the system, the dis-
turbance model derived in Section II-B directly relates to the
design of the input sensitivity weighting filter WSi . The input
sensitivity describes how the system reacts to disturbances in
the input. An input sensitivity of one in a certain frequency
band indicates that the system does not actively suppress
disturbances, i.e., the system relies on the passive isolators
to reject disturbances. Ideally, the input sensitivity is small in
the frequency ranges, where the disturbances occur to provide
additional suppression of the microvibrations.

To model the varying spectral components of a single
harmonic of the disturbance (1) in terms of a weighting filter,
consider the following LPV filter

Ni (p(t)) =

 0 2πhi p(t) 0
−2πhi p(t) −2βhi p(t) p(t)

0 2βhi p(t)(ς − 1) 1

. (21)

Here, β = 0.005 defines damping around the varying central
frequency p(t) = �(t). A lower value indicates less damping,
i.e., the peak of the notch filter is sharper and narrower.
Alternatively, a larger value can be used to compensate distur-
bances in a larger frequency band. The value ς indicates the
amount of disturbance attenuation. If multiple harmonics are
considered, multiple filters Ni for different harmonic numbers
hi can be connected in series. Ideally, we tune the control
system to achieve maximum isolation performance. However,

the isolation performance is limited by the signal-to-noise ratio
and the actuator constraints, hence we aim for ϵmax = 20 dB
attenuation. This results in the following input sensitivity
weighting filter structure

WSi (p(t)) = MSi diag

(
Nd∏

i=1

Ni (p(t))Inu

)
(22)

where Inu is the nu × nu identity matrix and MSi is used to
set an upper bound magnitude of the input disturbance. For
the considered setup, the disturbance is only introduced on
PMA 2; hence, only the (2, 2) element of the input sensitivity
weighting filter needs to contain this inverse notch structure.
This results in an input sensitivity weighting filter

WSi (p(t)) = MSi diag

(
1,

Nd∏
i=1

Ni (p(t)), 1, 1, 1, 1

)
(23)

where MSi = 0.5. The broadband noise component dbn in (1)
is neglected as the noise level is much smaller than the noise of
the acceleration sensors. The (2, 2) element of WSi for Nd = 1
is displayed in Fig. 7.

The control sensitivity weight WSi K is used to limit the
control action to the actuator specifications, to introduce a
roll-off action outside the disturbance bandwidth in order to
reduce the effects of noise, and to limit the frequency content
of the actuators. This results in the following control sensitivity
weighting filter structure

WSi K = u−1
max

(s + 2π flp)
2( 1

α
s + 2π flp

)2 Inu (24)

where we consider umax = 10 to limit the control action, flp =

1.07 introduces a low-pass action outside the frequency-range
of interest, and α = 20 is used to ensure a biproper weighting
filter.

Similarly, the complementary sensitivity weight WT is
designed to suppress measurement noise outside the bandwidth
region

WT =
1

√
2

(s + 2π flp)
2( 1

α
s + 2π flp

)2 Iny . (25)

The weighting filters WSi K and WT are given in Fig. 7.

C. LPV Controller Synthesis

1) General Concept: With the weighting filters W•, the gen-
eralized plant in Fig. 6 is constructed. Hereby, the optimization
criterion

min
K

max
p∈�

∥∥∥∥∥∥
WSi Si 0 0

0 WSi K Si K 0
0 0 WT T

∥∥∥∥∥∥
L2

< γ (26)

defines the synthesis of a stabilizing MIMO LPV controller
K . As assumed in Section II-B, we consider that the rate
of change |�̇(t)| ≤ 0.01 is significantly slower than the
frequency range, in which the disturbances are active, i.e.,
p(t) ∈ P = [0.59, 1.07]. This motivates the use of local LPV
approaches. Accordingly, under a parameterized form of the
LPV controller (6), (26) can be optimally solved for fixed
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Fig. 7. Weighting filters used for controller synthesis. The left figure
depicts the (2, 2) element of the LPV weight WSi , for frozen val-
ues p(t) ≡ p ∈ {0.59, 0.83, 1.07}. The middle figure depicts the diagonal
element(s) of weight WSi K , while the right figure depicts the diagonal
element(s) of weight WT .

values of p(t) ≡ p ⊂ P in a gridded sense using H∞

methods. To overcome the disadvantages of high-order con-
trollers synthesized with typical model-based methods and
to comply with the constraints of Requirement R3, non-
smooth H∞ tools are used to solve (26) and synthesize a
low-order structured LPV controller that internally stabilizes
the closed-loop system for all frozen p [29], [30]. To this end,
the scheduling set P is represented by a parametric uncertainty
set 1p =

{
δ In1

∣∣ δ ∈ [0.59, 1.07]
}
. As such, stability and per-

formance guarantees are only guaranteed locally for frozen
instances of p(t), i.e., p(t) ≡ p ∈ 1p, and for sufficiently
slow time variations of p(t) as shown in [31, Section 2.2].
Hence, given the slow variations of the microvibration distur-
bances, which are relatively small compared to the closed-loop
dynamics, the time-varying aspects of p for stability are
assumed to be minor and of no significant influence. This is
further confirmed by the experimental results in Section V.
The considered controller structure and parameterization are
discussed next.

Remark 1: The control architecture used for synthesis is not
standard. In (26), a diagonal weighting structure between the
three considered sensitivities is sought. This can significantly
improve the achieved performance compared with standard
mixed-sensitivity or four-block shaping problems as each
sensitivity is considered individually.

2) Controller Structure: To limit the computational demand
of the active vibration isolation solution, a structured con-
troller is proposed. To this end, consider the controller
K (p(t)) = Fl(K̂ , 1K (p(t))), with K̂ and 1K (p(t)) formu-
lated as follows:

K̂ =

 A Bw Bu

Cz Dzw Dzu
Cy Dyw Dyu

, 1K (p(t)) = p(t)I1. (27)

To reduce the computational complexity of the synthesis and
implementation, A ∈ Rnx ×nx is restricted to be tridiagonal with
state-order nx = 12. To further reduce the computational
complexity of the controller on the hardware, the matrix
Dzw ∈ Rn1×n1 is set to be 0 such that affine scheduling
dependency is enforced. Moreover, Dyu and Dzu are set to
0 to enforce a strictly proper controller, and n1 is set to

Fig. 8. Closed-loop sensitivity functions based on local frequency responses
of the controller K (p) and the estimated FRF data as the plant. In the left
subfigure, the second diagonal element of the input sensitivity function is
depicted. The middle and right subfigures show the dominant singular values
of the control and complementary sensitivity functions over frequency. In blue,
orange, and yellow the closed-loop local frequency responses are displayed
for p ∈ {0.59, 0.83, 1.07} with the inverse weighting filters in black. We can
conclude that our performance objectives are satisfied and the controller
contains sharp gains to combat the harmonic disturbances.

6. The affine scheduling dependency allows the controller to
reschedule for a measured spin rate p(t) and complements
the affine scheduling dependency structure of the weighting
filter WSi . The achieved results are shown in Fig. 8 and are
elaborated upon in Section V.

D. Discretization

In this section, we show how to apply a Tustin discretization
method that matches the local resonance modes of the CT LPV
controller with the DT LPV controller. A common method to
discretize controllers containing resonance modes close to the
Nyquist frequency is Tustin discretization [32]. This results in
the DT controller KDT(p(nTs))xk(n + 1)

zk(n)

yk(n)

 = B ⋆ Fl
(
K̂ , 1K (nTs)

) xk(n)

wk(n)

uk(n)

 (28)

where n ∈ N is the sampling instant and the matrix B defines
the Tustin transformation

B =

[
Inx τ Inx

Inx

τ

2
Inx

]
(29)

where τ = Ts is typically chosen to be equal to the sampling
time [33], see also [34] for criteria to choose appropriate
sampling times for discretization of LPV systems. Conse-
quently, low-frequency dynamics are mapped accurately in the
frequency domain, whereas for frequencies approaching the
sampling frequency, the accuracy deteriorates. In the context of
this application, the relatively high bandwidth combined with
the low sampling time makes it difficult to accurately discretize
the controller. This is especially detrimental for the considered
controller with inverse notch structures that require to be
accurately represented. To improve the discretization accuracy
at these frequencies, a frequency prewarp transformation

τ =
2 tan(0.5ωpTs)

ωp
(30)
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can be included, which ensures the matching of the continuous
and discrete frequency response at the frequency ωp. Note
that a frequency prewarp can only improve the fit at a single
frequency point of interest, while outside of this point, the
discretization distortions remain.

However, in the LPV setting where the disturbance fre-
quency varies over time, the frequency prewarp point of
interest ωp should also change along with p(t). Therefore,
to increase the discretization fit and performance of the DT
controller, we consider scheduling the frequency prewarp
parameter τ in relation to the disturbance scheduling p, i.e.,

τ(p(nTs)) =
2 tan(0.5 p(nTs)Ts)

p(nTs)
. (31)

This implies that the original scheduling block 1K extends to

1K ,e(p(nTs)) = diag(1K (nTs), τ (p(nTs))Inx )). (32)

As such, the scheduling dependency of the DT controller
increases with the state dimension of the CT controller.

Remark 2: For implementation on hardware, the star prod-
uct in (28) can be precomputed and absorbed in the controller
matrices. Implementation of the DT controller then amounts
to the evaluation of the scheduling-dependent controller matri-
ces at every sampling instant when the scheduling variable
changes, i.e., when p(nTs) ̸= p((n − 1)Ts).

Remark 3: When multiple harmonics are considered, each
harmonic structure in the controller can be discretized indi-
vidually by the proposed discretization methodology. This
can be achieved by decomposing the controller structure into
individual modes, followed by individual discretization of the
inverse notch components.

E. Stability Analysis

As during the controller design, a parametric model of
the plant was fit on the estimated FRF Ĝ, it is important
to verify stability of the LPV controller in closed loop with
the complete model dynamics before implementation on the
hardware. Therefore, we propose an a priori stability test based
on the generalized CT MIMO Nyquist stability theorem, see
[35, Chapter 4.9]. To evaluate the closed-loop stability along
the scheduling trajectory p(t), Nyquist stability is assessed for
a dense grid of frozen operating points p(t) ≡ p ∈ P .

Theorem 1 (MIMO Nyquist Theorem): Let Pol be the num-
ber of open-loop unstable poles in L(p) = G K (p). The
closed-loop system with loop transfer function L(p) and
negative feedback is stable if and only if the Nyquist plot
of det(I + L(p)) along the D-contour.2

1) Makes Pol anticlockwise encirclements of the origin.
2) Does not pass through the through the origin.
We refer to [35, Chapter 4.9] for more details. The Nyquist

test allows for the use of the FRF data Ĝ(iω) of the identified
plant. This avoids possible modeling errors that are built up
throughout the parametric modeling procedure.

For a frozen p ∈ P , the CT loop transfer is given by

L(p, iω) = Ĝ(iω)K (p, iω) (33)

2A clockwise contour which contains the imaginary axis and encloses the
right half of the complex plane.

Fig. 9. Expected disturbance rejection level over the scheduling envelope
p ∈ P. The expected disturbance attenuation factor satisfies Requirement R2
in the frozen sense for the considered scheduling envelope.

where K (p, iω) is the frequency response (Fourier transform)
of the controller, see [36, Chapter 10].

To assess closed-loop stability, the Nyquist stability test is
performed for a dense scheduling grid p ∈ P . Therefore,
conclusions can only be drawn on local stability at the frozen
operating points p ∈ P . However, since ṗ is assumed to
vary slowly, adhering to the Nyquist stability criterion on a
dense grid can qualify as a valid a priori stability test for the
interconnection between the plant and LPV controller.

V. EXPERIMENTAL RESULTS

A. Frequency-Domain Analysis

The achieved analytic closed-loop behavior under the con-
sidered weighting filters are shown in Fig. 8. A performance
criterion of γ = 0.9129 < 1 is achieved, which indicates a
successful design. The left subfigure shows that the distur-
bance rejection goal of 20 dB is achieved for frozen rotational
velocities generated main harmonics p. The evaluation of
the expected disturbance rejection level over the considered
frequency envelope is depicted in Fig. 9. Based on this figure,
we can conclude that the expected 20-dB disturbance attenu-
ation is achieved. Furthermore, the middle subfigure of Fig. 8
shows that, under the considered disturbance specifications,
the control signal will remain within 10 and rolls of by at
least −40 dB/dec, with a cutoff frequency of 1.07. In the
right subfigure, the complementary sensitivity function shows
that measurement noise is not amplified above the control
bandwidth frequency of 1.07. Hereby, all design goals are met.
Next, the performance of the implemented controller on the
experimental setup is evaluated.

B. Local Experiments

To assess the performance of the controller, first
local experiments with frozen harmonic frequencies, i.e.,
�(t) ≡ �̄ ∈ P = {0.59, 0.83, 1.07}, and with a single har-
monic component, i.e., Nd = 1, are conducted. Here, the
plant is disturbed by harmonic disturbances (2) with constant
frequencies �(t) ≡ �̄ ∈ P . Concurrently, the plant response
is measured both in open loop and closed loop. In this
setting, the frozen experiments are used to measure disturbance
suppression at each �̄. Because the setup is significantly less
compliant in the θx - and θy-directions, a relatively large input
disturbance amplitude, A1 = 4 in (2), is applied over the
PMAs in order to measure the disturbance effect on the output.
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Fig. 10. Experimental results of the MIMO LPV controller evaluated at
the θz-axis for frozen disturbances. The left two subfigures denote, from
top to bottom, the open- (blue) and closed-loop (orange) plant response and
frequency spectrum for disturbances p = 0.59. The middle and right two
subfigures contain the same measurements for p = 0.83 and p = 1.07,
respectively. The time-domain plots indicate that high disturbance rejection
is, indeed, achieved by the designed controller. The frequency spectra show
rejection of the main harmonic and also display the PMA nonlinearities.

Due to nonlinearities in the PMAs, this results in integer
multiples of the main harmonics.

The results of these experiments are summarized in Fig. 10.
For brevity, we only show the measurement results on the
θz-axis. The results for the other axes are similar. In the
time-domain plots, we see a significant reduction in the out-
put vibration; hence, the vibration disturbances are actively
suppressed. The reduction ratios are given in Table I, which
confirms this observation.

From the frequency spectra, the magnitudes of disturbance
suppression for �̄ ∈ P are lower than expected. This is also
confirmed by the disturbance rejection factors in Table I. This
is partly due to the controller discretization, the discrepancy
between the system and the model, noise, and nonlinear
effects. Furthermore, in Fig. 10, we can clearly see the
nonlinear effects of the disturbance, where integer multiples of
the main harmonic component are observed. However, when
the main harmonic is only partly suppressed, the nonlinear
(integer multiples of the main harmonic) effects are also
attenuated. This happens because the PMA control signals
that attenuate the disturbances are also subject to the same
nonlinear PMA dynamics, hence rejecting integer multiples
of the main harmonic. This also confirms that the nonlinear
dynamics are not relevant in evaluating the performance of the
controller.

C. Experiments With Space-Realistic Scheduling Trajectories

Next, the performance of the controller is evaluated for
disturbance signals with varying frequencies according to
�(t) ∈ � and |�̇(t)| ≤ 0.01. To reduce experiment time, the
microvibration disturbances are limited to the frequency region
�(t) ∈ [1.00, 1.07]. This experiment allows to determine
whether the rate of change of the disturbance frequency poses
a limiting factor to performance. The results are shown in
Fig. 11. From the time-domain plot, we observe a significant
suppression of the disturbance. This is also confirmed by

TABLE I
REDUCTION RATIOS AND DISTURBANCE REJECTION FACTORS [DEFINED

BY (9) AND (10)] FOR EXPERIMENTS WITH FROZEN DISTURBANCE
FREQUENCIES. ρ�̄ AND r�̄ INDICATE THE REDUCTION RATIO AND

DISTURBANCE REJECTION FACTORS FOR THE SINUSOIDAL
DISTURBANCE WITH CONSTANT FREQUENCY �̄.
A SIGNIFICANT REDUCTION IN MICRVIBRATION

DISTURBANCES IS OBSERVED

Fig. 11. Experimental results of the MIMO LPV controller, rejecting varying
disturbance frequencies for the θz-axis. The top figure depicts the acceleration
measurement θ̈ z during the experiment. The middle figure shows the spec-
trogram of the plant response, generated using a short-time Fourier transform
with a measurement length of 2 s. In the bottom figure, the cumulative
power spectrum of the plant response is displayed. Significant microvibration
reduction is achieved by the controller even when the disturbance frequencies
vary.

TABLE II
REDUCTION RATIOS AND DISTURBANCE REJECTION FACTORS [DEFINED

BY (9) AND (10)] FOR EXPERIMENTS WITH SPACE-REALISTIC
VARYING DISTURBANCES FREQUENCIES. ρ IS THE REDUCTION

RATIO AND rcps IS THE DISTURBANCE REJECTION FACTOR
BETWEEN THE CUMULATIVE POWER SPECTRA.

A SIGNIFICANT REDUCTION IN MICROVIBRATION
DISTURBANCES IS OBSERVED

the reduction ratios ρ in Table II. From the spectrogram,
we can observe that the attenuation level of the disturbance
is slightly less than expected based on Fig. 9, but results in
near cancellation of the second PMA harmonic nonlinearity.
The cumulative power spectra confirm these observations,
where we observe a significant reduction in signal power,
as also confirmed by the reduction ratios in Table II. The
implementation results and analysis presented in this section
form Contribution C2.
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VI. CONCLUSION

In this work, we have proposed a complete design
approach for active vibration isolation based rejection of
frequency-varying harmonic microvibration disturbances for
satellites where the main harmonic frequency is known. The
process involves multisine-based MIMO frequency response
identification of the mechanical behavior of the isolator
and the payload together with an LPV disturbance model-
ing and control design methodology for actively rejecting
microvibration disturbances. In the approach, the scheduling
is based on the main harmonic frequency of a vibration
disturbance, but, by introducing additional scheduling vari-
ables, the approach can be extended to multiple spectral
components of incoming vibrations. Based on experimental
results, we have successfully demonstrated that the pro-
posed methodology is capable of nearly 60% reduction of
microvibrations exerted on a prototype system, which gives
promising outlooks for the deployment of the method in real
missions.
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