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Self-tuning shape control of massively

actuated adaptive mirrors

Mauro Manetti, Marco Morandini and Paolo Mantegazza

Abstract

This paper focuses on the design of the control system of massively actuated deformable

mirrors for astronomical adaptive optics applications. The proposed solution is based on a high

frequency completely decentralized feedback combined with a hybrid low frequency term, that is

the sum of feedforward-feedback contributions. An appropriate in the field system identification

procedure and an automatic gain optimization eventually lead to a complete self-tuning controller.

The improvements of system performances are evaluated through high fidelity simulations.

Index Terms

Adaptive optics, Secondary deformable mirror, Feedforward control, Decentralized control, Self-

tuning control

I. INTRODUCTION

Adaptive optics allows to compensate image distortions of astronomical observations in-

troduced by atmospheric turbulence; this is achieved through the active control of the shape

of a mirror. The system is usually structured in multilevel nested closed loops; as shown in

Fig.1 the image residual wavefront aberrations are measured by the wavefront sensor, the

optical controller elaborates the optimal shape command to compensate for image distortion

and the adaptive mirror tracks the required shapes [1].

This paper focuses on the inner control loop required by secondary deformable mirrors

(DMs) to track commanded shapes. The control technology is based on non-contacting voice-

coil actuators, co-located to capacitive position sensors. A detailed description of the system
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Figure 1. Adaptive optics control system.

model and of an enhanced controller can be found in [2], [3], [4]. The control law proposed

in the above mentioned papers is based on already working solutions, such as the Multiple

Mirror Telescope (MMT) [5] and the Large Binocular Telescope (LBT) [6].

The design of control systems for deformable shells sized in the order of meters and

with thousands of control points represents a real challenge. Large shells are characterized

by an high modal density; the well-known relation between signal attenuation and phase

lag prevents the introduction of a sufficient attenuation on a significant portion of modal

shapes beyond the control bandwidth. These facts, together with the low damping factors

of high modes, are the critical issues for this kind of control problem. The strong coupling

between the control points would suggest the adoption of completely centralized controllers,

but the technological realization complexity and the time required to acquire, condition and

process all the control signals prevent this choice. More appropriate approaches appear to

be distributed control techniques [7], [8], [9], [10], [11], even if they would require a not

negligible hardware update to be implemented. A distributed control feedback would certainly

be an improvement with respect to a simpler completely decentralized solution. However,

most of the positioning and tracking accuracy is granted, for the case at hand, by a feedforward

term; for this reason the improvements brought by a distributed feedback solution may be

considered limited if weighted with the required hardware update.

The aim of the present paper is to provide a complement to the controller introduced in

[2], which is based on a completely decentralized high frequency feedback, combined with

a low-frequency term which is the sum of pure feedforward (FF) contributions plus a hybrid

feedforward-feedback term, here dubbed HFF. The complemented points are the stabilization

of the HFF contribution of [2], the presentation of a self-tuning control procedure based both

on the identification of static and dynamic FF matrices and on the optimization of few system

parameters.

The outline of the paper is as follows. Section II briefly summarizes the detailed non-

linear system model that is exploited to perform the simulations. Section III deals with the

control strategy. The control structure of [2] is the sum of a feedback (Section III-B) and a
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feedforward (Section III-C). The feedforward contribution of [2], however, is implemented

with a recursive scheme (see [2] and Section III-D for details). As already shown in [4],

the effect of this particular implementation can be reinterpreted as the sum of a feedforward

and of a centralized integral feedback action; however, the actual implementation is that of

a single, somewhat strange feedforward term. This kind of implementation is useful in order

to reduce the actual computational cost of the controller and can be easily implemented on

existing systems. As shown in Sec. III-G the resulting centralized integral has a significantly

improved bandwidth with respect to a decentralized integral implementation; however, by not

splitting the feedforward and integral feedback, does not easily allow to set the integral gain,

paving the way for possible instabilities. Two different stabilization schemes for the HFF

contribution are thus proposed in Section III-D. The feedforward control scheme matrices

should be identified in the field, on the real hardware, that here is substituted by the detailed

nonlinear simulation model of Section II. Section III-E proposes a possible identification

procedure of the above mentioned matrices. The control system parameters can be tuned in

site; the identification of the feedforward matrices is the first step of the tuning procedure.

After that, there remains to tune six scalar parameters, i.e. three decentralized feedback gains,

a scalar HFF stabilization coefficient and two additional feedforward scaling factors. Their

optimal value can be searched automatically, as explained in Section III-F. The proposed

control scheme proves to give substantial performance improvements even if decentralized

feedback gains assuring stability robustness, as computed in Section III-G, are used instead

of the optimized ones. Section III-G also points out the relevance of low-pass filtering the

measurements and control forces, as well as the effect on system stability of the spatial

filter action introduced by the capacitive position sensors. The effectiveness of the proposed

solution is verified in Section IV through high fidelity simulations of the adaptive secondary

mirror of the Giant Magellan Telescope (GMT) [12]. The GMT secondary optics is based

on seven Zerodur mirrors, with 1 m diameter and 672 actuators each, for a total of 4,704

control points. The seven secondary mirrors are statically and dynamically decoupled, so

all the analysis presented in this work refer to the single on-axis DM, whose behavior is

considered to be representative of all the other ones.

II. SYSTEM MODEL

As shown in Fig. 2, the secondary adaptive mirrors under investigation are characterized

by a thin (1−2 mm) deformable shell; their shape is controlled through the action of electro-
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Figure 2. Section sketch of the mirror shell and reference structure [2].

magnetic voice-coil motors and measured by capacitive position sensors. The system behavior

and performances are highly affected by the fluid dynamic forces exerted by the air squeeze

film interposed within the thin gap (30 − 120 μm) that separates the deformable shell and

the stiff reference structure. Air turbulence, acting on the reflecting mirror surface, is one of

the main source of disturbances.

The resulting multiphysics problem has been handled through the development of ap-

propriate models and ad hoc simulation tools. An accurate description of all the modeling

choices, together with further details about the simulation code implementation and its ability

to correlate with experimental data have already been presented in previous works [2], [13],

[14], [3]. The aim of such detailed modeling is the development of an accurate simulator, not

a system description suitable for the control system design. Despite this fact the development

of an accurate model can be even exploited to suggest and verify simplified descriptions

more adequate to the control design.

Starting from a Finite Element (FE) scheme, a reduced model is obtained through a normal

vibration modes condensation, so to guarantee a correct structural dynamics description

within the frequency band of interest. The (ng × 1) FE nodal displacement vector x can be

approximated as x ≈ Xgq, where q is the chosen set of nm generalized modal coordinates

and Xg is the (ng × nm) modal shape matrix. Choosing a unit modal mass normalization

and a diagonal modal damping, the uncoupled equation of motion of the ith mode is

q̈i + 2ξiωiq̇i + ω2
i qi = f c

mi
+ f t

mi
+ f f

mi
, (1)

where qi is the modal degree of freedom and ωi, ξi are its natural frequency and damping

coefficient. The control, air turbulence disturbance and fluid film nm generalized (nm × 1)

modal force vectors are given by f c
m = XT sat(f c

a), f
t
m = XTf t

a and f f
m = XT

f f
f ; here

the element (i, j) of the (na × nm) condensed mode shape matrix X = BT
xXg represents
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the displacement of the ith actuator associated to the j th normal mode and sat() accounts for

possible actuators saturation; in the same way the (nf ×nm) matrix Xf = BT
f Xg describes

the modal shapes corresponding to the fluid dynamic nodes, with Bx and Bf the (ng × na)

and (ng × nf ) control forces and fluid dynamic influence matrices.

A description of the adopted simplified turbulence disturbance modeling can be found in

[4]; it is here considered fully correlated over the mirror and the disturbance time history is

obtained from a first order rational approximation of its Von Karman power spectrum.

The voice-coil actuators forces are considered to be ideally applied pointwise and acting

normally to the deformable shell. Possible couples introduced by the actuators are considered

negligible; furthermore, the misalignment of their forces with respect to the shell normal

direction do not imply significant shell deformations. The actuators dynamics are described

through uncoupled, up to second order, models

ẋf = − [rAfr]xf + [rBfr]f
c, f c

a = [rCfr]xf , (2)

where f c represents the (na × 1) required control forces vector and the matrices [rAfr] (na

2× 2 blocks), [rBfr] (na 2× 1 blocks) and [rCfr] (na 1× 2 blocks) are block diagonal;

diagonal matrices will be characterized by a bracketed notation throughout all the paper.

As a first approximation the measures obtained through the capacitive position sensors can

also be considered ideally pointwise and co-located with the actuation forces; the normal

shell displacements at each actuation point, d (nm × 1), is retrieved from the simulation

as d = Xq. Fig. 3 shows the ideal co-located position of all the GMT mirror controlled

points with black dots and the gray circular coronas representing the capacitors plates, where

the variable capacitance is measured. It is clear that the capacitor plates dimension is by no

means negligible and that the non co-location may be significant in presence of sufficiently

complex/wavy spatial deformations. As shown in [15] the non co-location of the measures

can be modeled through the computation of the motion dependent variable capacitance of

the sensors circular electrodes. The present work highlights the importance to model such a

non co-location, not only in order to correctly estimate the required system control forces,

as shown in [13], [14], but also to obtain a realistic evaluation of the system stability. In

fact, the intrinsic distributed nature of the position measures acts as a band-stop spatial filter

with respect to a non negligible portion of the structural modal shapes, so limiting possible

instabilities linked to spillover phenomena (see Subsec. III-G).

The capacitance Cmes measured by each sensor is a non linear function of the local mirror

June 4, 2013 DRAFT
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Figure 3. Sensor capacitor plates (gray circular coronas) and ideal co-located actuation points (black dots).

motion, Cmes =
´

Σ
ε

xnc
dΣ, where ε is the absolute air dielectric constant, Σ is the surface

of the capacitors circular coronae and xnc is the pointwise distance of the capacitors plates.

The sensor dynamics are introduced with an up to second order scheme, through the use of

the non co-located measured capacitance

ẋp = − [rApr]xp + [rBpr]V in, V out = [rCpr]xp, (3)

where V in = V in(Cmes) is the (na × 1) vector of the capacitance voltages, V out is the

(na × 1) vector of sensor voltage output and the block diagonal matrices are analogous to

those of Eq. 2. The (na×1) vector of measured positions, p, is then related to V out through an

appropriate function, p = p (V out), so p represents the shell displacements on the actuation

points, d, obtained as output from capacitive sensors. It should be remarked that the functions

Cmes and p are generally non linear, so even if the sensors dynamics appear as linear their

overall functionality is not.

The force and position signals description is completed by introducing an appropriate

representation of A/D/A conversions and computations errors and delays related to the digital

controller, along with sensors and actuators noises.

The fluid film between the mirror and the reference plane has a thickness h of 30−120 μm

and it is usually called squeeze film. The squeeze film analysis is carried out through an ad

hoc two dimensional formulation, based on Navier-Stokes equations. The discretization of

the fluid dynamic equations has been based on a Finite Volume technique.

More details about the fluid dynamic model development, its Finite Volume implementation

and the fluid-structure interface can be found in [3], [4]. The fluid dynamics system should

not be overlooked. It proves to be crucial in providing a good correlation between numerical

and experimental data, as shown in [14], [15], and heavily affects the shell dynamic response
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Figure 4. Sketch of typical time varying and constant commands, with the corresponding dynamic and steady mirror

response, over command steps [2].

and its stability.

III. CONTROL STRATEGY

The DM control system is a refinement and completion of the solution already presented

in [2]. The objective of the DM high-frequency controller (70-100 kHz) is to adjust the

shape of the reflecting surface following a reference command. The reference command is

generated by the optical control system and is sent to the DM controller as a relatively low-

frequency (250−2000 Hz) step signal assigning the position that each actuator should reach.

The mirror shape controller has to allow an as precise and fast as possible achievement of

the commanded positions.

To limit the excitation of high-frequency modes and to help a smoother transition the

(na × 1) reference step commands are shaped in time through jerk-free functions, fsh(t). In

this way each command step is divided in two parts (see Fig. 4): the first one is time varying,

the second constant. It is then possible to write the k + 1 step command vector as

dr(t) = dr
(k) + (dr

(k+1) − dr
(k))fsh(t). (4)

The use of pre-computed shaping functions has been preferred with respect to a more standard

low-pass filter because it allows to avoid a causal step by step computation of the command

signal: it suffices to simply store in advance on the system the unique geometric profile fsh(t)

and to scale it by the command step amplitude.

The proposed solution is based on a two degrees of freedom controller. The theoretical

advantage of a two degrees of freedom structure is the possibility of adjusting two different

closed loop transfer functions independently. This approach is possible because the controller

can separately treat the command signal sr and the sensor measurements p. Usually a

single degree of freedom solution requires a trade-off between tracking performances and
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Figure 5. Block diagram of the proposed two degrees of freedom controller. Cff (z) is the feedforward control block

matrix, C(z) is the feedback controller block, F a(s) is the actuators transfer matrix, G(s) is the fluid-elastic system

transfer matrix, Gt(s) is the turbulence disturbance transfer matrix and F s(s) is the sensors transfer matrix. The actuators

and sensors noises are respectively na(s) and ns(s), while f t(s) represents the turbulence disturbance forces, obtained

from the white disturbance wt(s) shaped through the turbulence transfer matrix Gt(s). All the transfer matrices of the

diagram blocks have dimension (na × na), while the input and output vectors have dimension (na × 1).

disturbance rejection; on the contrary, a two degrees of freedom controller allows to better

satisfy both of the differing requirements [16, chap. 2.6.5] (see Sec. III-F). Among the possible

implementations of a two degrees of freedom controller [17], we adopt a specialized and

improved version based on a proportional-derivative (PD) feedback with system dynamics

compensation through feedforward [18], [19] (see Fig. 5).

A. Proposed control law

It is clear that, for a perfectly known plant, without disturbances, the feedforward alone

would allow to obtain the ideal input-output relation d = dr, the so called “perfect con-

trol”. The feedforward simply compensates the system own dynamics through an inverse-

based controller. Of course this ideal result cannot be attained in practice, not only for

the unavoidable presence of noises, disturbances, quantization errors and delays but also

because one cannot realize an inverse system dynamics respecting the controller causality

in presence of pure time delays and, possibly, right half plane zeros. Moreover without

suitable feedback terms the plant dynamics compensation through a feedforward term does

not yield sufficient performance robustness. An alternative approach is to change the FF

in a feedback contribution, possibly adding an integral term to assure more performance

robustness, such as for the so called torque [20] and internal model controls [21]. Both

the feedback and the feedforward based techniques aim at an approximate system dynamics

compensation and decoupling. This decoupling is a highly desirable feature since it allows to

introduce a further feedback controller, based on SISO control loops, to determine the final
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controlled system behavior. Unfortunately, in practice the realization of an approximated, but

effective, inverse-based control for a wide frequency domain is not feasible. For this reason

an acceptable decoupling and a compensation of the system dynamics is often sought at a

particular frequency or within a convenient limited frequency range. Moreover, the feedback

decoupling is very sensitive to modeling errors and can limit system stability, so that an

inverse-based controller is usually not the best choice to reject disturbances [16]. Beyond

these general issues one should consider that all the previous feedback based techniques

require a centralized controller architecture but, as already mentioned in the introduction, a

complete centralization is not practical for massively actuated large DMs.

The proposed solution is a centralized feedforward term, computed at a relatively low-

frequency and then appropriately modified to include an integral feedback contribution as well

(see Sec. III-D). This allows to approximately decouple the MIMO system while partially

compensating its dynamics. Once an approximated decoupling has been obtained, a high-

frequency, completely decentralized, feedback action provides an adequate system stability,

while further improving the tracking performances. The system control force is thus the sum

of a feedback and feedforward contribution, f c
d and f c

f , i.e.f c = f c
d + f c

f .

B. Feedback contribution

The high-frequency feedback contribution has mainly to provide electronic damping to the

modal shapes excited during the mirror deformation, while helping signal tracking; an help

to system positioning and disturbance rejection is also introduced, even if its effectiveness

on these two issues is limited and requires the introduction of a different term, i.e. the HFF

contribution. The decentralized high-frequency feedback can be obtained by resorting to a

PDD2 scheme

f c
d(j) = [rGpr]

(

dr
(j) − p(j)

)

+ [rGvr]
(

ḋ
r

(j) − ṗ(j)

)

+ [rGar]
(

d̈
r

(j) − p̈(j)

)

, (5)

where the index (j) varies over the high-frequency control steps and the (na × na) matrices

[rGpr], [
rGvr] and [rGar] are diagonal, so that na SISO control loops, coupled through

the system dynamics, are introduced. The pseudo-derivative filters required to compute the

velocity ṗ(j) and acceleration p̈(j) of the actuated points can be obtained by performing a

design directly in the discrete time domain. The filters design usually looks for a tradeoff

between noise attenuation and phase lag.

June 4, 2013 DRAFT
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C. Feedforward contribution

The structure of the proposed feedforward term can be built by inverting an approximated

system model transfer matrix Gn(s), with dimension (na × na) . The structural dynamics

can be approximated by M ∗

sd̈ +C∗

sḋ +K∗d + f f∗
c (d) = f c

a, where M ∗

s, C∗

s and K∗ are

respectively the (na × na) structural mass, damping and stiffness matrices condensed at the

actuation points, while f f∗
c (d) represents the (na×1) vector of the squeeze film fluid dynamic

forces, condensed at the actuation points as well. Let us assume also a quasi-steady description

of the squeeze film forces, so that they can be approximated by f f∗
c (d) = M ∗

f d̈+C∗

f ḋ, where

M ∗

f and C∗

f are suitable (na×na) fluid dynamic condensed mass and damping matrices. The

nominal approximated plant transfer function becomes Gn(s) = (s2M ∗ + s C∗ + K∗)−1,

with M ∗ = (M ∗

s + M ∗

f ) and C∗ = (C∗

s + C∗

f ) being the (na × na) mass and damping

matrices of the simplified control model; the corresponding inverse-based FF transfer function

Cff (s) could be chosen as

Cff (s) = G−1
n (s) = s2M ∗ + s C∗ +K∗. (6)

The corresponding discrete form will be introduced in a natural way later on (see Eq. 8).

Eq. 6 allows to obtain the FF contribution in the time domain as

f c
f (t) = L−1 (CffF shd

r) = M ∗d̈
r
(t) +C∗ḋ

r
(t) +K∗dr(t). (7)

The discrete realization of the FF action can be simply obtained by substituting Eq. 4 into

Eq. 7 evaluated at the discrete time t(j)

f c
f(j) =M ∗

(

dr
(k+1) − dr

(k)

)

f̈sh(t(j)) +C∗

(

dr
(k+1) − dr

(k)

)

ḟsh(t(j))+

K∗dr
(k) +K∗

(

dr
(k+1) − dr

(k)

)

fsh(t(j)), (8)

where the index (j) varies over the high-frequency control steps, while the index (k) refers

to the low-frequency command rate. The unknown approximated plant matrices M ∗, C∗ and

K∗, on which the feedforward is based, can be obtained through a very efficient in the field

identification procedure described in Sec. III-E.

The FF contribution f c
f can be interpreted as the sum of a dynamic and a static term (f c

fd

and f c
fs respectively), f c

f = f c
fd + f c

fs, where

f c
fd(j) = M ∗

(

dr
(k+1) − dr

(k)

)

f̈sh(t(j)) +C∗

(

dr
(k+1) − dr

(k)

)

ḟsh(t(j)), (9)

f c
fs(j) = K∗dr

(k) +K∗

(

dr
(k+1) − dr

(k)

)

fsh(t(j)). (10)
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The identified matrix K∗ is a close relative of the true mirror stiffness condensed at the

actuation points; in practice it differs from it mainly because of the sensors non co-location

[15]. The static FF contribution thus gives the static forces required to deform the mirror.

The shell stiffness is the main coupling element of the system, and the static FF provides

a fundamental decoupling action. This was a key point from the very first applications [22]

because the completely decentralized feedback contribution alone is not able to guarantee

the required system static deformation because of the intrinsic coupled nature of the elastic

problem, together with a severe limitation to the gains imposed by stability constraint. The

dynamic FF is based on the identified matrices M ∗ and C∗, which have a strong diagonal

dominance, so suggesting that this FF contribution is not fundamental to decouple the open

loop system transfer matrix. Nevertheless, its contribution substantially improves the system

tracking performances during the time-varying part of the step by partly compensating the

open-loop system dynamics, so that the closed-loop dynamics can be determined mainly by

the feedback controller.

It is important to note that the FF contributions require a completely centralized compu-

tation; however Eq. 8 makes it clear that the matrix-vector products needed to compute the

feedforward terms are carried out just once for each command step k. This means that the

centralized computation is required at the low command frequency, while the high-frequency

time shaping through the scalar function fsh(t(j)) is a completely decentralized operation.

D. From feedforward to feedback: the HFF contribution

The (na×1) steady state position error vector e0 = dr−p can be caused by a step change

of the reference command dr, by a constant step disturbance wt0 , or by the actuator noise

na0 , and can be expressed as

e0 =
(

I + F s0K
∗
−1

F a0 [
rGpr]

)

−1 [(

I − F s0K
∗
−1

F a0Cff0

)

dr − F s0K
∗
−1

(na0 +Gt0wt0)
]

.

(11)

In Eq. 11 the subscript [ ]0 refers to transfer matrices evaluated at s = 0; the feedback control

law has been explicitly introduced at s = 0, i.e. C(s) = [rGpr]. The transfer matrix Cff0

represents the static FF contribution, that, under the hypothesis of a perfect static FF matrix

identification, can drive the term
(

I − F s0K
∗
−1

F a0Cff0

)

to zero . In practice an exact

cancellation is unobtainable, so there is always a residual steady state error due to a step

command, combined with the contributions from steady external disturbances and, possibly,

June 4, 2013 DRAFT
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steady components of the actuators noise. Eq. 11 is then rewritten as

e0 =
(

I + F s0K
∗
−1

F a0 [
rGpr]

)

−1

v0, (12)

where the (na×1) vector v0 includes the sum of the three possible steady state error sources.

Eq. 12 shows that the steady state error is scaled by the (na × na) sensitivity matrix S,

evaluated at s = 0

S0 = S(s)|s=0 =
(

I + F s0K
∗
−1

F a0 [
rGpr]

)

−1

. (13)

The 2-norm of the steady state error vector can be bounded by exploiting the sensitivity

matrix singular values σ() [16]

σ (S0) ≤
‖e0‖2
‖v0‖2

≤ σ̄ (S0) , (14)

where σ() and σ̄() are the minimum and maximum singular values, respectively. In the

simplified hypothesis of equal proportional gains for all the actuation points, i.e. [rGpr] =

GpI , it is possible to provide a simple relation between the proportional gain value, Gp, the

system stiffness matrix singular values and the steady state error bounds

σ (K∗)

σ (K∗) +Gp

≤ ‖e0‖2
‖v0‖2

≤ σ̄ (K∗)

σ̄ (K∗) +Gp

. (15)

Focusing on the upper error bound, it is evident that an important reduction of the steady state

error requires a proportional gain that is at least comparable to the highest stiffness matrix

singular value; the latter coincides with the maximum stiffness matrix eigenvalue because K∗

is a symmetric positive definite matrix. However, the experience on existing mirrors confirms

that the proportional gain can at most reach roughly 5% of the maximum stiffness singular

value without endangering the system stability. For this reason the steady position accuracy

is highly dependent upon the static FF contribution accuracy, i.e. from the accuracy of the

identified K∗ matrix.

A robust zero steady state error, be it due to a step change of the reference position, to

the introduction of a step disturbance or to a noise, can be achieved with an integral action

inside the control loop, along with an ideally exact position measure. Of course the position

measurements are always affected by errors and noises, but it can be reasonably assumed

that the sensor has been designed in order to guarantee a satisfactory measurement precision.

The outer optical feedback loop always contains an integral term; an integrator within the

DM controller is however mandatory because the system is required to satisfy tracking and

positioning specifications even when the optical loop is deactivated. An integral feedback
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contribution could be easily introduced by adopting a decentralized PIDD2 feedback instead

of the proposed PDD2. However a decentralized integral action would cause a degradation

of the step response transient performances (e.g. Chapter 8 [23]). Moreover it would not

be effective in presence of fast command rates, as the integral gains are severely limited

by stability constraints. A more interesting solution, proposed in [2], can be obtained by

modifying the static FF term defined in Eq. 10 as

f c
fs(j) = f

c

(k) +K∗

(

dr
(k+1) − p(k)

)

fsh(t(j)), (16)

where the overline stands for the time average computed over the final part of the previous

command step k. It is thus assumed that every actuator can achieve a stable average position

by applying a steady average control force. The possibility of computing meaningful values

for the averages p and f
c

relies on a well defined transient, followed by a final steady part

of each command step. Actually Eq. (16) allows to achieve a high gain feedback from a

feedforward term at a relatively low command frequency. As shown in [4] the final steady

value for each command step of the feedforward f c
fs can be rewritten as

f c
fs(k+1) = K∗dr

(k+1) − (K∗ + [rGpr])
k

∑

i=1

(

perr
(i)

)

, (17)

where perr
(i) is the error of the measured steady average position with respect to that requested

at the ith command step. The first right hand term of Eq. (17) represents the usual static

feedforward contribution presented in Eq. 10, while the second term appears clearly as

an integral coupled feedback action, applied at the slow command frequency, but with a

centralized gain structure represented by the sum of the identified static FF matrix, K∗,

and the proportional gain matrix, [rGpr]. However, Eq. 16 should be preferred to Eq. 17

because represents a really efficient implementation, as it leads to a centralized FF and

feedback contribution through a single matrix-vector product and with a little modification

of the actual control system; the resulting computational time saving could be important for

the feasibility of future extremely large telescopes.

Such a recursive feedforward allows to achieve an acceptable static response even if the

estimated matrix K∗ differs significantly from the actual one, the static error perr being

quickly damped out thanks to the integral feedback contribution [2]. At the same time, it

improves the system performance robustness with respect to slowly varying external noises

and disturbances, such as the turbulence acting on the secondary adaptive mirror [4].

June 4, 2013 DRAFT



14

The unavoidable drawback of this scheme is that, by changing a mere feedforward into

a feedforward-feedback contribution, it is possible to induce a system instability. Moreover,

even if the system remains stable, the HFF performances can be partly compromised when

the hypothesis of obtaining steady responses at the end of each command step is not verified.

This is the case when the system is driven at high command rates or in presence of time

varying external disturbances which impede to reach a well settled condition. For this reason

we propose the following stabilization technique

f c
fs(j) = [rαr]f

c

(k)+(I − [rαr])f
c
fs(k)+K∗

(

dr
(k+1) −

(

[rαr]p(k) + (I − [rαr])d
r
(k)

))

fsh(t(j)),

(18)

where the parameter αi, i.e. the ith diagonal element of the matrix [rαr], can switch the

static FF contribution of the ith actuator from the implementation without any feedback

contribution, αi = 0, to the full HFF solution, αi = 1.

The stabilizing scheme of Eq. 18 can be exploited through two different approaches. The

first one works with a discrete set of values for αi, that can either be equal to one or to

zero. The value assigned to αi depends on two conditions that must be checked for the ith

actuator. The first condition is related to the effective possibility of improving the system

positioning on the base of the available accuracy on the related measurements

p(ki)
− dr

(ki)
> δpquant, (19)

with δpquant being the capacitive sensor resolution; this condition has been defined because

it is not useful to try the correction of a steady position when the error is within the sensor

resolution threshold. The second condition is directly related to the effective steadiness of

the response during the constant part of the command step, and reads

σ (pi) ≤ σs + δσ, (20)

with σ (pi) being the standard deviation of the position measurements over the steady part

of the step, i.e. where the position and force averages are performed, σs the measurement

noise standard deviation and δσ a tunable parameter, that can be set as a fraction of the noise

standard deviation σs. This condition guarantees that the motion at the ith actuator is almost

steady and it is the key point in avoiding the birth of instabilities or the degradation of the

HFF performances due to non steady responses.

Both Eqs. (19, 20) should be verified in order to apply the HFF control, i.e. to set αi = 1.

This approach allows to activate or deactivate the recursive feedforward just at a single
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actuation point for a particular step command. Note that, whenever the recursive feedforward

is deactivated over one or more command steps, all the previous integral contributions added

to the actuation point are not lost but automatically kept in memory, thanks to the recursive

implementation of the static FF term. The main drawback of this approach is that the

feedback contribution could be completely deactivated when the HFF scheme makes the

system unstable or in presence of a strong disturbance together with a too strict standard

deviation limit σs + δσ. In this way the stability can be guaranteed but the integral action

may be completely lost or carried out just at few actuation points.

A second approach is based on the idea that the parameter α can freely assume all the

values in the range [0−1]. Following exactly the same steps leading to Eq. (17), one obtains

f c
fs(k+1) = K∗dr

(k+1) − [rαr] (K
∗ + [rGpr])

k
∑

i=1

(

perr
(i)

)

. (21)

Eq. 21 simply means that the [rαr] matrix acts as a scaling parameter with respect to

the integral HFF gain. The system stability can then be guaranteed for all of the working

conditions by setting a sufficiently low scaling matrix [rαr]. This solution allows to obtain

a continuous action and assures the stability and a continuously updated integral contribution

at the same time, even in presence of unsettled command step responses.

In practice Eq. 18 introduces the possibility to tune the gain of the feedback contribution

within the HFF term and at the same time assures an efficient computation because both

the feedback and FF can be obtained through a single matrix-vector product. The stabilizing

approach based on a continuously variable α parameter is preferable when the HFF scheme

with α = 1 would make the system unstable, while the first technique can be advantageous

when the system is stable but steady responses at the end of command steps are not verified

at few actuation points. A further improvement of this term is related to its implementation,

because Eq. (16) and, more in general, Eq. (18) do not assure the continuity of the static feed-

forward contribution over different command steps. As a matter of fact, there is no guarantee

that the average control force f
c

(k) is equal to the FF static contribution computed at the same

command step, i.e. f c
fs(k). This fact might degrade the system tracking capabilities, especially

during the first transient phase, and, as a direct consequence, prevent the obtainment of a

satisfactory steady state at the end of the command step. However, a better implementation

of the HFF term allows to enforce the FF action continuity by rewriting Eq. 16 as

f c
fs(j) = f c

fs(k) +
(

f
c

(k) − f c
fs(k) +K∗

(

dr
(k+1) − p(k)

)

)

fsh
(

t(j)
)

. (22)
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For the same reason it is better to modify Eq. (18) into

f c
fs((j)

= f c
fs(k) +

(

[rαr]f
c

(k) + (I − [rαr])f
c
fs(k) − f c

fs(k)

+K∗

(

dr
(k+1) −

(

[rαr]p(k) + (I − [rαr])d
r
(k)

)))

fsh(t(j)). (23)

E. Identification of the feedforward matrices

The control strategy just described depends heavily on the FF contributions due to K∗,

C∗ and M ∗. These matrices could be determined through appropriate numerical analyses,

whereas a direct in the field identification will do far better in guaranteeing more robust and

precise results.

In particular, the accuracy of K∗ can significantly affect the achievement of precise posi-

tioning performances, even if the robustness of the HFF strategy can well cure an imprecise

K∗. As shown in [2], [15], matrix K∗ can be accurately identified by resorting to very precise

measures of the actuator forces and positions for at least na + 1 different commands. These

measures can be obtained, without any feedforward, by computing adequately long averages

over nominally steady conditions. The viability of such a precise identification has been

verified numerically for mirrors with thousands of controlled points [2] and proven effective

for already working DMs having several hundreds actuated points, such as the MMT and

LBT. The remaining FF matrices C∗ and M ∗ are better recovered through a divide et impera

scheme applied to the equilibrium equations

[

p̈fT

ṗfT
]





M ∗T

C∗T



 = f cf T − pfTK∗T , (24)

where pf = filt(p) and f c f = filt(f c) are the time histories of the positions and control

forces filtered without introducing any phase error, either with an acausal symmetric FIR

filter or through a forward-backward IIR filtering; the velocities, ṗf , and accelerations, p̈f

are computed from the filtered position time histories, as explained below. The position filter

should significantly remove any signal noise, so smoothing time histories, while limiting, as

much as possible, any kind of phase distortion and amplitude attenuation within the frequency

bandwidth described by the nominal model. In the present work a 4 kHz fourth order low-pass

Butterworth filter has been used. Relying on the already identified K∗ allows a substantial

reduction of the parameters to be identified. Moreover, instead of adopting the standard

approach [24], [25] that leads to C∗ and M ∗ on the base of a single, adequately long
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Figure 6. Typical behavior on a command step of position, velocity and acceleration absolute value (normalized to 1):

unfiltered (left) vs. filtered (right) data.

and specific training history, they will be obtained by using the already available transient

histories associated to the determination of K∗. Such an approach leads to a really efficient

and effective procedure, hopefully viable even for mirrors with thousands of controlled points.

So, instead of writing Eq. (24) in excess of 2×na time instants of a single history, we write it

for an equivalent number of times associated to a few of the most significant samples of all the

positioning transients acquired while identifying K∗. The velocities, ṗf , and accelerations,

p̈f , of each command response can be computed through a centered finite difference scheme

applied to the filtered position vector pf . A typical result of such an operation is depicted in

Figs. 6. It can be seen that, for each command transient, there is an initial high amplitude

maximum for the velocity, vmax, and two maxima for the acceleration, amax 1 and amax 2,

for each actuator. One can thus compute the average time instant at which the actuators

reach maximum velocities, tv, and the two corresponding time instants for the maximum

accelerations, ta1 and ta2.

By calling ṗ
fv
1 , p̈

fa1
1 and p̈

fa2
1 the filtered velocities and accelerations computed at those

time instants, Eq. (24) can be written for those three points of each command step, so that

the related overdetermined system of equations becomes














p̈
fT
v

1 ṗ
fT
v

1

p̈
fT
a1

1 ṗ
fT
a1

1

...
...

p̈fT
a2

n ṗfT
a2

n



















M ∗
T

C∗
T



 =















f
cfT

v

1 − p
fT
v

1 K∗
T

f
cfT

a1
1 − p

fT
a1

1 K∗
T

...

f cfT
a2

n − p
fT
a2

n K∗
T















, (25)

where n is the number of command steps previously carried out for the identification of K∗.

The overdetermined system of Eq. (25) can be solved for M ∗ and C∗ by using the very

same recursive technique adopted to compute K∗ [2].
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Figure 7. Elements of the GMT mirror identified mass (left) and damping (right) matrices.

The elements of the identified GMT mass and damping matrices are shown in Fig. 7.

It should be noticed that both these matrices are diagonally dominant, thus confirming the

dynamics uncoupling conjectured in [2]. Therefore the dynamic FF matrices can be assumed

diagonal without significantly compromising the controller effectiveness. As hinted in [2], a

rough estimate of the mass matrix could be built by associating to each actuation point a

concentrated mass equal to 0.0094 kg, i.e. the total mirror mass divided by the number of

actuation points. This leads to a diagonal mass characterized by a scalar parameter; Fig. 7

confirms the validity of this approximation. Even if such a choice is not taken the associated

assumption provides a viable first check for verifying the goodness of the identified mass

matrix.

F. Control system parameters optimization

The control scheme is composed by FF and feedback contributions. The PDD2 decen-

tralized feedback requires the tuning of at least three parameters: Ga, Gv, Gp. The FF is

already ideally self-tuned because the matrices have been identified in the field, but through

a simplified model which is based on a quasi-steady fluid dynamic approximation and neglects

system time delays and sensors/actuators dynamics; for this reason the dynamic FF action can

be improved through the introduction of two scaling factors, λm and λc, applied to M ∗ and C∗

respectively. An additional tunable parameter is the scaling factor α used to stabilize/optimize

the HFF integral action, see Eq. 23. So a system with hundredths or thousandths of control

points is finally reduced to the optimization of only six scalar parameters.

There is a wide choice of methods addressing the problem of tuning PD and PID controllers

of SISO systems [26]; some of these techniques have been extended to MIMO systems as

well, e.g. [27] [28]. A specific auto-tuning procedure for the system under evaluation is
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proposed in [29], where just the PD gains are tuned through the optimization of identified

modal transfer functions. A completely different approach is proposed here. The aim is to

tune the feedback and FF parameters through a model free optimization to be carried out

on the real system. Instead of looking for a globally optimal solution by a simultaneous

optimization of all the control parameters [17], the strategy proposed here improves on an

already suggested self-tuning [13], [15] by using a two steps optimization performed by

repeatedly imposing a predefined training command vector time history dr(t).

The first step tries to optimize the tracking performances by modifying the feedback gains

and the dynamic FF parameters, P = {Ga, Gv, Gp, λm, λc}. This optimization step should

be performed with the telescope dome closed, i.e. avoiding as much as possible the presence

of turbulence disturbances. In fact, in order to keep the system stable, it is not possible to

set sufficiently high PDD2 gains to compensate for such disturbances. As shown in Sec. IV,

turbulence disturbance is mainly rejected by the HFF integral action, which is the subject

of the second optimization step, but should be switched off during this first step. The first

step objective function to be minimized is the integral square error, computed only over the

steady part of each training history command step, i.e.

J1opt = min
P

nstep
∑

k=1

jtf
∑

j=jti

eT
(j)(P )e(j)(P ), (26)

where nstep is the command steps number of the training command history, e(j) is the (na×1)

vector of the tracking error of all actuators computed at the jth control step inside the kth

step command, jti is the control step where the steady part of each step command begins,

while jtf is the last control step of each step command. If the interest is focused on tracking

performances the reference command steps amplitude should be about one order of magnitude

higher than the measurement noise, otherwise the optimization result moves toward a noise

attenuating optimal solution. Considering the technology at hand, a step amplitude higher

than 50 nm can be suggested. The command step length and the command shaping filter

should be set equal to the operational one. An appropriately scaled realistic reference history

can be considered a good choice. The objective function takes into account the tracking error

retrieved only over the steady part of each command step in order to favor the achievement

of a smoother tracking without overshoots [30], [26].

Evolutionary algorithms are ideal candidates for this kind of optimization because they are

robust global search methods and can treat problems characterized by discontinuities, noises,

and nonlinearities [31]. A genetic algorithm (GA) has been chosen, mainly because GAs have

June 4, 2013 DRAFT



20

already demonstrated to well fit the needs of control system tuning, see [32] and references

therein. Typical GAs require the definition of bounds for all the optimization parameters and,

within the user-defined bounds there can unavoidably be some parameters combination that

leads to an unstable system. As stressed in [29], this is not a problem for the safety of the

system, because the adaptive mirror is equipped with automatic safeguards that can deactivate

the controller so to avoid any possible damage.

The optimization procedure has to converge toward a stable robust solution. The proposed

technique exhibits a natural robustness because the objective function is evaluated directly on

the real system, i.e. it is model free. Moreover the objective function computed only over the

steady part of each command step is very sensitive to system oscillations and overshoots, that

are usually induced by sets of parameters close to stability boundary. An insufficiently robust

stable solution can be achieved whenever the identified static FF matrix K∗ is affected by

significant errors. This is because the optimizer can only try to augment the proportional gain

in order to compensate for steady position errors, thus moving the system toward instability.

This undesirable situation is usually avoided thanks to the fact that the identification procedure

of the static FF matrix does lead to accurate results. Anyway, if necessary, it is possible to

run a pre-training phase during which the very accurate static FF forces required to reach

commanded positions are determined and stored. This task can be easily accomplished by

repeatedly imposing the same command step and by exploiting the capability of the HFF to

cancel position errors, so that the exact required static forces can be found.

Once the first optimized parameters set P opt has been obtained through a GA, it is possible

to refine it by performing a local optimization. We explored the use of the Nelder-Mead

simplex algorithm [33], [34], [35] and of the Bound Optimization by Quadratic Approxi-

mation code (BOBYQA) [36]. The first one is a direct search method that does not require

information about problem gradients and guarantees robustness with respect to discontinuous

and noisy problem domains; for this reason it is well suited for the problem at hand, which is

based on experimental measurements. The second one is a derivative-free optimization solver

for nonlinear problems characterized by a large parameters set. This method proved to be

more efficient than Nelder-Mead, but less robust when the objective function is noisy; this

often led BOBYQA to higher values of P opt, but without appreciable loss of performances.

The same parameters can be adopted for all the DM control points; this simplifies the

system tuning and speeds up the optimization procedure. Alternatively, better system per-

formances can be obtained with variable parameters along the radial direction. This allows
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to account for a somewhat reduced fluid dynamic damping close to internal and external

mirror borders, where the air cushion is freely connected to atmosphere. For this reason it is

advisable to associate the actuation points of different radial regions to different parameter

sets.

The second optimization step aims at improving disturbances rejection and to assure the

stability of the HFF contribution by searching an optimal value of α, see Eq. 23. The

procedure is similar to the first step, but now the objective function is computed over all

the command steps length, i.e. jti = 1, and the parameter that has to be tuned is scalar. In

this second phase the turbulence disturbance can be approximated following the simplified

model described in [4], with the simulated disturbance forces reproduced at each actuation

points. This second optimization step may require even longer training histories in order to

guarantee a correct stochastic description of turbulence disturbances. Nevertheless, this single

parameter optimization is quite easy to be solved, so it is possible to profitably use all the

previously mentioned optimization methods. GAs and BOBYQA manage bound-constrained

problems, so they can guarantee a final solution, αopt, within the range [0− 1].

Simulations of the self-tuning procedure are reported in Sec. IV. An approximated state-

space fluid dynamic model has been used to reduce the computational cost.

G. System stability

Possible instabilities due to the HFF have been discussed in Section III-D, along with two

possible stabilizing solutions. The ideally co-located feedback contribution can not induce

any kind of instability if true displacements, velocities and accelerations are available at

the control points. Unfortunately, co-location is far from ideal and the passband action of

sensors/actuators and pseudo-derivatives, combined with digital controller delays, introduce

destabilizing elements. For this reason it is mandatory to assess the overall stability of the

controlled system, as well as the effectiveness of the feedback gains set in assuring appropriate

performances. A straightforward way to proceed is represented by the use of a numerical

simulator, based on the very accurate system modeling described at the beginning of the

paper (see [4], [2], [3] for more details). The simulator ability to reproduce realistic results

has been verified through numerical/experimental correlations [14], [15]. Nevertheless, any

numerical model represents a simplified description of the reality; for this reason, starting

from safe values suggested by numerical analyses, a final feedback gains tuning must always

be performed in the field, as suggested in Sec.III-F.
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Parameters Curve 2 Curve 3 Curve 4
[

rGpr

]

(N/m)
[

r20000r
] [

r20000r
] [

r20000r
]

[

rGvr

]

(N·s/m)
[

r8r
] [

r8r
] [

r8r
]

[

rGar

]

(kg)
[

r2E − 4r
] [

r2E − 4r
] [

r2E − 4r
]

nh
m 4300 4300 4300

ωmin
h (rad/s) 4263·2π 4263·2π 4263·2π

ωmax
h (rad/s) 32400·2π 32400·2π 32400·2π

ξh(ω
min
h ) 0.01 0.01 0.01

ξh(ω
max
h ) 0.0001 0.0001 0.0001

ωa (rad/s) 15000·2π 3000·2π 3000·2π

ωs (rad/s) 15000·2π 3000·2π 3000·2π

ωv (rad/s) 15000·2π 4000·2π 4000·2π

Spatial filter no no yes

Table I

CONTROLLED SYSTEM PARAMETERS USED TO BUILD THE CURVES OF FIG. 9.

Despite these considerations, whenever the simulator is exploited to study the behavior of

new DMs, it is important to verify that it is possible to reach adequate performances with

a gains set assuring stability robustness to model uncertainties. Moreover, such robustness

analysis can be of help to better quantify how all of the time and spatial filters affect stability.

The description of the system dynamics usually involves high-frequency uncertainties and

truncation. For the case at hand the main uncertainties are related to the high-frequency

structural and squeeze film behavior. A possible way to handle the problem is shown in

Fig. 8(a), where the nominal plant description Gn is introduced along with the high-frequency

uncertainties Gh. F a and F s are the same (na × na) diagonal transfer matrices describing

the actuator and sensor dynamics in Fig. 5. Here they are interpreted as design degrees of

freedom, which allow to appropriately filter the control forces and sensor measurements in

order to achieve a satisfactory stability robustness. These filters are modeled as uncoupled

first order low-pass dynamic systems characterized respectively by cutoff circular frequencies

ωa and ωs. Ctc is a continuous time approximation of the (na×na) PDD2 controller transfer

function of Eq. 5 and of the HFF integral contribution

Cct = [rGpr] + [rGvr]
sωv

s+ ωv

+ [rGar]
s2ω2

v

(s+ ωv)2
+Gi

1

s
, (27)

where ωv is the pseudo-derivative cutoff frequency, here approximated through a first order

dynamic filter for both the first and second derivative, Gi =
α
dtc

(K∗ + [rGpr]) is a rough
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(b) Multiplicative uncertainty representation.

Figure 8. The simplified block diagrams used for assessing the control system stability robustness.

continuous time approximation of the HFF integral contribution, with dtc = 5E − 4 s the

system command rate and α = 0.75. Gn is the (na × na) approximated quasi-steady system

transfer matrix already introduced in Sec. III-C; Gh is the (na×na) transfer matrix modeling

the residual high-frequency dynamics

Gh = Xh

[

r
1

s2 + 2ξhωhs+ ω2
h

r

]

XT
h , (28)

where Xh is the (na × nh
m) high-frequency modal matrix containing the nh

m modal shapes

that are not correctly described by Gn; ωh and ξh are the natural frequencies and damping

coefficients of each neglected modal shape. We assume that the nominal model description

is the more accurate the lower the frequency. Matrix Gh is thus linearly interpolated, for

frequencies ranging from 3500 to 0 Hz, between that of Eq. 28 and a very low value. The

fluid dynamics action is approximated by conservatively tuning the damping coefficient values

ξh, assumed as linearly varying between the lowest and highest residual modal frequency,

ωmin
h and ωmax

h . The high-frequency modal parameters are reported in Tab. I.

In [37] it is shown how the block diagram of Fig. 8(a) can be represented, as for Fig. 8(b),

through a multiplicative uncertainty exploiting the (na × na) transfer matrices G = GnCtc

and L = GhG
−1

n , with Gh = F sGhF a and Gn = F sGnF a. Once the nominal system

stability has been verified, i.e. the design based on Gn, the MIMO robust theory guarantees

the stability of the plant perturbed through the introduction of the uncertainties when [38]

σ
(

G(jω) (I +G(jω))−1) < 1/σ (L(jω)) ∀ω > 0. (29)

Eq. 29 measures the system stability robustness for uncertainties at the plant output. The

nominal plant stability can be easily verified by computing the eigenvalues of its state space

realization. The allowable gains assuring stability are very high because of the high fluid

dynamic damping granted within the frequency band represented by the nominal plant, i.e.

about (0− 4200) Hz. In fact, the nominal model damping ratios show an average monotonic

decay within the range [0.7 − 0.05]; so setting ξh(ω
min
h ) = 0.01 represents a conservative
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Figure 9. Stability evaluation of the perturbed controlled system.

choice to take into account the well known uncertainty which always involves high frequency

damping estimation. On the contrary the stability verification in presence of high-frequency

dynamics imposes severe limitations to the controller gains. The stability is highly affected

by the measurements and control forces filters, as well as by the pseudo-derivative cutoff

frequency. Fig. 9 allows to graphically verify Eq. 29, with curve 1 representing 1/σ(L)

and curves 2, 3 and 4 the trend obtained for σ
(

G (I +G)−1)
, with a nominal system

characterized by the same PDD2 gains but different filters bandwidth (see Tab. I). Curve 2

is obtained with filters cutoff frequencies of 15 kHz. It is clear that the perturbed system

does not verify the robust stability criterion. Looking at curve 3, one notices that important

improvements can be obtained by lowering the measurements and control forces filtering

bandwidth to 3 kHz and setting the pseudo-derivative cutoff frequency at 4 kHz. Nevertheless,

this is apparently not sufficient to satisfy the robust stability condition and a further reduction

of the filters bandwidth would badly affect the system performances.

Curves 2 and 3 have been obtained by assuming ideally co-located sensors measurements.

However, numerical simulations accounting for the distributed sensor measurement confirm a

non negligible influence on system stability. This is because the distributed nature of sensors

introduces a band stop spatial filter, which helps attenuating the modal resonances within a

critical frequency band. An easy way, albeit approximated, to understand the action of the

spatial filter is to linearize each ith component of the measured mirror displacements, p(i),

with respect to the capacitors plates distances xnc around the flat mirror configuration, so

obtaining

p(i) ≈ p0(i) +

´

Σ(i)
dxnc dΣ

A(i)

= p0(i) + dp(i), (30)
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Figure 10. Spatial filter scaling factor, averaged over all the actuation points.

where A(i) is the ith capacitor plate area and dp(i) is the variation of the ith non co-located

sensor measurement. Eq. 30 simply shows that the linearly approximated variation of the

measured positions is equal to the averaged variation of the capacitors plates distances. For

such a reason the measured displacements induced by a modal shape can be approximated as

the averaged modal shape deformation over the capacitors plate areas. An average approx-

imated measure of the filtering action due to the distributed nature of the capacitors plates

can be computed as

Fsfj =
1

nact

nact
∑

i=1

‖X̃ ij‖/‖X ij‖, (31)

where the index i refers to the ith actuation point, j to the jth modal shape and X̃ ij is the non

co-located linearized measured displacement of the ith actuator associated to the jth modal

shape. Fsfj is a spatial filter scaling factor averaged over all the actuation points for the jth

modal deformation. Fig. 10 reports the scaling factor Fsfj defined above as a function of

the corresponding modal frequency. It is evident that the sensors finite size have a band stop

action over a relatively wide frequency range. The maximum attenuation is very close to the

peak of the residual dynamics uncertainties, thus improving the system stability robustness.

However, there is an amplification effect (Fsf > 1) at higher frequencies, and this could

endanger the overall stability of the system. Nonetheless introducing the filter action as a not

delayed scaling factor of the sensor measurements in the computation of the system transfer

matrices Ga and Gh, one obtains the curve 4 of Fig. 9, which satisfies the robust stability

test. This confirms that the sensors spatial filtering action is important in enhancing stability

margin and that it could even be considered an added design parameter, allowing to better

tune the controlled system behavior and performances [39][40]. It is here remarked that a

rigorous analysis of the spatial filter effect would require the computation of the full system

transfer matrix, which is computationally too demanding for the case at hand. However, on
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the basis of the here presented approach, an approximated frequency weight can be estimated

and exploited for the stability robustness analysis. The weight is applied as a scalar scaling

factor, so supposing the absence of phase lags, which is for sure a further approximation,

especially at high frequencies; but the presence of three first order low-pass filters with very

low corner frequencies (3 - 4 kHz) should encompass most of the phase delay within the

most critical frequency bandwidth where the robust stability is verified.

The gains used for Fig. 9 can be regarded as a limit choice, because its depicted stability

robustness with respect to uncertainties is represented by the lowest distance between the

curves 1 and 4, which is quite tight. Nonetheless it should be taken into account that the

proposed unstructured description of uncertainties is a severely conservative choice. This is

in accordance with the fact that higher gains can be safely used in numerical simulations and,

more significantly, on real already operative systems of comparable dimensions, such as the

MMT and LBT secondary DMs. In order to warrant a well working system it is nonetheless

important to verify, through high fidelity simulations that the system can assure satisfactory

performances even with such a robust gains set.

The nominal plant and the feedback continuous time approximation can also be exploited

to check the control system bandwidth in presence of gains assuring robust stability. Some

useful considerations can be added with respect to the role of the integral contribution, i.e.

the advantages of the HFF centralized structure with respect to a completely decentralized

PIDD2 implementation. The control bandwidth can be estimated through the singular values

computation of the system sensitivity matrix transfer function S(s) = (I + G)−1. The

maximum and minimum singular value are associated to the worst and best directions [41],

respectively. They are shown in Fig 11 for a completely decentralized PDD2, a completely

decentralized PIDD2 and the proposed HFF integral contribution approximation plus decen-

tralized PDD2 control. The adopted gains are those of Tab. I, with the decentralized integral

gain of 3.E7 N/(ms) and the HFF stabilizing parameter α = 0.75 chosen in such a way to

satisfy both the nominal plant stability and the stability robustness criteria. It is clear that the

PDD2 does not guarantee the system tracking for some directions that are always above the

limit of 1/
√
2. The PIDD2 bandwidth varies between 1 Hz and 153 Hz, the HFF one between

19 Hz and 305 Hz. The HFF solution improves the worst case direction bandwidth by more

than an order of magnitude, and doubles the best case bandwidth. In any case the feedback

bandwidth is well below 2 kHz and the tracking of a 2 kHz command history is possible

only thanks to the feedforward contributions. Figure 11 also highlights that the introduction
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Figure 11. Approximated time-continuous GMT control system bandwidth with robust gains set.

of an integral term brings a sensitivity peak that, despite Eq. (29) being verified, suggests a

somewhat reduced stability robustness.

IV. SIMULATION RESULTS

The presented results refer to the GMT on-axis secondary adaptive mirror. This mirror has

672 actuation points (see Fig. 3); all the details of the model can be found in [4]. In order to

model realistic manufacturing tolerances of the reference plane, the initial gap between the

shell and the reference plane has been set with a profile variable within (50-100) μm. Figs. 12

report the system performances that are achievable with the robustly stable gains set found

in Sec. III-G, and with the filters bandwidth, as well as the pseudo-derivative realization,

suggested in Tab. I, Curve 4. The sensor non-co-located measurement time history of an

actuation point plotted in Fig. 12 highlights the tracking capability of a 2 kHz step reference

command; the command history is in accordance with a median seeing condition and has

been provided by the GMT working group. The enhanced tracking, achieved by exploiting

the identified dynamic FF matrices with respect to constant diagonal ones, is evident. Such

a result is mainly due to a better compensation of the system own dynamics thanks to the

identified matrix C∗, which can better fit the system damping associated to the variable fluid

film thickness and the boundary conditions. The rms tracking error of Fig. 12 is computed

over all the actuation points and confirms a global improvement of the system performances:

an rms positioning error below 10 nm at the end of each command step is found.

The previous results have been obtained without external disturbances. The results ob-

tained in presence of turbulence with different HFF stabilization techniques are reported in
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Figure 12. Comparison of the system tracking performances using constant diagonal and identified dynamic FF matrices.
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Figure 13. Comparison of system performances in presence of turbulence with different HFF stabilization techniques

(on-off = HFF deactivation based on standard deviation boundary; α = HFF stabilization through integral gain scaling

parameter α)

Figs. 13. Based on the experimental measurements performed on the Gemini telescope [42],

we suppose a turbulence average velocity of 7.5 m/s and a velocity standard deviation of

2 m/s, see [4] for details. The time history of Fig. 13 highlights that the system is unstable

when no stabilization is provided for the HFF contribution. With the stabilization turned on,

the approach that simply switch on and off the HFF (on-off scheme in Figs. 13) leads to an

higher rms error, because of the introduction of an implicit discontinuous control law. On

the contrary a constant α = 0.75 parameter (α scheme in Figs. 13) can assure stability as

well as a smoother signal tracking. In this way average and absolute rms tracking error can

be kept lower, as shown in Fig. 13.

Figs. 14 highlight the optimization capabilities of the proposed procedure. The five feed-
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back and FF parameters, considered constant for all the actuation units (single sector op-

timization), have been retrieved through a GA optimization based on a population of 50

individuals. The solution converged after 141 generations. The objective functions have been

computed on the basis of a five steps training history at a 2 kHz command rate. It is of

utmost importance to remark that the same optimization on the real system will require

less than 20 s, so that an even better in the field tuning is possible, e.g. longer command

histories. The optimal solution has been further refined through a Nelder-Mead scheme, which

required about 400 further objective functions evaluation. Eventually, the mirror actuation

points have been subdivided into three different circular sectors characterized by different

parameters values and a second optimization has been performed (3 sectors optimization).

The parameters range for the GA was centered (±20%) around the single sector optimization

result. The optimal gains have been tested on the same command history used for previous

analysis. The results are reported in Fig. 14. Note that the optimization, as well as the time

histories of Fig. 14 are based on a simplified system simulator, without a realistic fluid

dynamics description, as specified in Sec. III-F. For this reason the results are not directly

comparable with the previous ones. The tracking performances obtained by using one or three

circular sectors appear very similar, even if the rms tracking error presented in Fig. 14 shows

that a small improvement is brought by the three sectors solution. Finally the optimization

of the α parameter has been computed with both the GA and the BOBYQA codes. Here the

objective function, computed in presence of turbulence, is based on 50 steps of a median

seeing command history. Both the optimization techniques gave comparable results, with an

optimal α value around 0.8. The optimal solution is very close to what has been found by

manually adjusting the gains with a long and cumbersome trial and error manual procedure.

V. CONCLUDING REMARKS

This paper is focused on the development of a control technique suitable to obtain sub-

microshaping of secondary adaptive mirrors. The control strategy is an improvement of the

procedure presented in [2]. The work strives to keep the feedforward-based implementation

of the integral contribution without splitting it from the pure feedforward one. While the

integral contribution can give rise to instabilities, they are kept under control by proposing

two different stabilization techniques. The effects of filtering the measurements and control

forces on the system stability robustness are highlighted, together with the fundamental band-

stop spatial filter action introduced by the actual finite size of the capacitive position sensors.
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Figure 14. Comparison of system tracking performances using controller parameters optimized with a single sector, i.e.

parameters equal for all actuation units, and three sectors.

The control system is self-tuning. As a first step, all the FF matrices can be identified in the

field. Then, the feedback gains and few FF tuning parameters can be optimized automatically.

The proposed control law performances are verified through high-fidelity simulations of the

on-axis GMT secondary adaptive mirror. Despite the fact that the optimization reliability

has been verified on a simplified system model to keep the simulation time reasonably low,

the simulations confirm that the optimization procedure does work and actually allows to

obtain a completely self-tuned controller. It has been verified that the system has acceptable

performances even if decentralized feedback gains assuring stability robustness are used

instead of the optimized ones. While the real system is supposed to work with an optimized

gain set, and not with the robust one, this gives confidence on the overall feasibility of the

project with respect to modeling errors of the system simulator. These results should be

of help in expediting the application of the non-contacting adaptive technology to future

extremely large telescopes, and possibly for the control of different typologies of massively

controlled flexible structures.
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