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Generalized Predictive Control for Active Flutter Suppression
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Experimental results of a transonic wind-tunnel test that demonstrate the use of generalized predictive control
for flutter suppression in a subsonic wind-tunnel wing model are presented. The generalized predictive control
algorithm is based on the minimization of a suitable cost function over finite costing and control horizons. The
cost function minimizes not only the sum of the mean square output of the plant predictions, but also the weighted
square rate of change of the control input with its input constraints. An additional term was added to the cost
function to compensate for dynamics of the wing model that cause it to be invariant to low input frequencies.
This characteristic results in a control surface that drifts within the specified input constraints. The augmentation
to the cost function that penalizes this low-frequency drift is derived and demonstrated. The initial validation of
the controller uses a linear plant predictor model for the computation of the control inputs. Simulation results of
the closed-loop system that were used to determine nominal ranges for the tuning parameters are presented. The
generalized predictive controller based on the linear predictor model successfully suppressed the flutter for all
testable Mach numbers and dynamic pressures in the transonic region in both simulation and wind-tunnel testing.
The results confirm that the generalized predictive controller is robust to modeling errors.

Introduction

YPICALLY, an aircraft’s speed and altitude are limited by an

envelope that is defined conservatively to be below the flutter
boundaryforthat wing. This envelopeis designedto keep the aircraft
in flight conditions in which flutter does not occur. Future aircraft
may incorporate flexibility in the structural design to enhance an
aircraft’s performance,increaseits efficiency, or to reduce its weight
and cost. An aircraftthatincorporatesflexibilityinits designis likely
to require an active flutter suppression (AFS) system to remove
aeroelastic instabilities.

The benchmark active controls technology (BACT) subsonic
wind-tunnel wing model is one of the models in the benchmark
models program (BMP) at NASA Langley Research Center. The
BMP includes a series of models, varying in complexity, that are
used to study different aeroelastic phenomenaand to validate differ-
ent active controls techniques.! The dynamics of the BACT wind-
tunnel model are such that the aeroelastic instabilities are relatively
benign, thus making it simpler to build safety mechanisms into the
test facility to take over when a controller fails without destruction
of the model. This makes the BACT wind-tunnelmodel an excellent
candidate for testing new control techniques. Some of the interest-
ing aeroelastic challenges exhibited by the BACT model are clas-
sical transonic flutter, shock-induced instabilities, and separation-
induced oscillatory instabilities. The results presented in this paper
consider the classical transonic flutter problem only.

One type of controller tested during the wind-tunnel tests was
a generalized predictive controller. Generalized predictive control
(GPC)is alinear controllerthat the literatureclaims can controlnon-
minimum phase plants, open-loop unstable plants, plants with vari-
able or unknown dead time and that can systematically take into ac-
countreal plant constraintsin real time.> GPC is robust with respect
to modeling errors, over- and underparameterization and sensor
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noise.> An enhancementto GPC that takes into account plant non-
linearities is the neural generalized predictive controller (NGPC).
NGPC basesits control laws on a nonlinearneural network model of
the plantinstead of a linear model. The validation of GPC for active
flutter suppressionpresentedin this paperis the beginningof a series
of tests to verify the capabilities of NGPC. Another type of predic-
tive control was also demonstrated during this set of wind-tunnel
tests. The results of that work can be seen in Ref. 3.

In the next section the experimental setup will be described, fol-
lowed by the following sections: GPC, BACT Modeling and Analy-
sis, Augmentation to the Cost Function, Simulation Results, Wind-
Tunnel Results, and Summary.

Experimental Setup

The wind-tunnel test was conducted in the transonic dynamics
tunnel (TDT) at NASA Langley Research Center. The TDT is capa-
ble of controllingMach and dynamic pressure independently over a
range of values.* The BACT wing is a rigid rectangular wing with a
NACA 0012 airfoil section.Itis equipped with three control surfaces
(trailing-edge flap, upper spoiler, and lower spoiler) that are posi-
tioned by hydraulicactuators. Linear accelerometersare located one
at each corner of the wing, and they are used as the primary sensors
for feedback control. The wing is mounted on a device called the
pitch and plunge apparatus (PAPA), which is designed for rotation
(pitching) and vertical translation (plunging) degrees of freedom >+
The characteristics of the wing and its aeroelastic properties can
be set by adjustments to the PAPA mount. The BACT wing and
the PAPA mount together will be referred to as the BACT plant. A
wiring diagram of the BACT control system is shown in Fig. 1.

The accelerometersignals are passed througha bank of 30-Hz an-
tialiasing filters. These signals are sent to the digital controller after
beingsampledat 200 Hz and digitizedby the 12-bitanalog-to-digital
converter. The digital controller produces command signals that are
sent to the digital-to-analog converter. These signals command the
positions of the control surfaces such that minimal accelerationsare
produced, thus suppressing flutter. The digital controller was im-
plemented on a Pentium Pro 150 MHz personal computer and the
data acquisition system was the Data Translation 2839 DAQ board.
Even though a Pentium Pro processor was used during the wind-
tunnel tests, the control algorithm only required 4% of the CPU.
This number does not include data collection and data recording.
For more information on the software implementation and timing
specifications, refer to Ref. 7.
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During the wind-tunnel tests a single-input/single-output(SISO)
GPC system was used because the multi-input/multi-output
(MIMO) implementation had not been completely developed. The
results reported in this paper use the inboard trailing-edge ac-
celerometermeasurementsas the feedback controlsignal and the po-
sition of the trailing-edge flap as the control input. The BACT plant
displays two aeroelastic properties, pitch and plunge. The plunge
mode contributes more to the amplitude at the flutter frequency
than does the pitch mode. Therefore, the inboard trailing-edge ac-
celerometer paired with the trailing-edge flap is more capable of
suppressing plunge.

GPC

GPC belongs to the class of model-based predictive control
(MBPC) strategies and was introduced by Clarke et al. in 198728
MBPC techniques have been analyzed and implemented success-
fully in process control industries since the end of the 1970s and
have continuedto gain popularity with the increasing computational
capability of computers.

The block diagram of the GPC system used in these experiments
is shown in Fig. 2. It consists of four components: the BACT plant, a
model for prediction,areference signal that specifies the desired per-
formanceobjective,and the cost functionminimization(CFM) algo-
rithm that calculates the control surface position command needed
to produce the desired performance objective.

The GPC algorithm operates in two modes, prediction and
control. Prediction occurs between samples by setting a double-
pole/double-throwswitch S to the plant model. The GPC algorithm
utilizes the model to predict, over some finite horizon, the response
of the plantto the inputs calculatedby the CFM algorithm. The CFM
algorithm minimizes a user-specified cost function to calculate the
next control input. The GPC system is set back to a mode of control
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Fig.1 Wiring of BACT control system.

before the nextsample time when the switchis setback to the BACT.
At this time the control input that minimizes the cost function over
the entire horizon is passed to the BACT as the position command
u(n). The algorithm used to accomplish this is outlined hereafter.

The main steps of the GPC algorithm are as follows:

1) Starting with the previously calculated control inputu(n), pre-
dict the performance of the plant for the specified horizon using
the model. The value of the horizon is determined through a priori
tuning.

2) Calculate a new control input that minimizes the cost function.

3) Repeat steps 1 and 2 until desired minimization is achieved.

4) Send the best control input to the BACT as the new u(n).

5) Repeat for each time step.

The cost function used for acceleration control of the BACT sys-
tem, Egs. (1) and (2), has three terms. The first term represents the
sum of the mean square outputof the BACT model. The model serves
to predict the plant outputs from N, to N, future time steps. The
second term is the weighted square of the control increments. The
weighting factor A, acts to smooth the controlinputs. The calculated
inputs for the plant predictions form the control increments. They
are calculated for N, future time steps. The only constraint on the
values of the horizonsis that N, and N, be less than or equal to N,.

N Nu
J=Y yntn+ HE+ D 2 DlAun+ HP +gw) (1)

J=Ni Jj=1

where N, is the minimum-costing horizon, N, is the maximum-
costing horizon, N, is the control horizon, yn is the predicted
output of the model, A, is the control input weighting factor, and
Au(n+ j)=u(n + j)—u(n + j —1) and where

NM
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_ +
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The third term of the summation of J, Eq. (2), defines constraints
placed on the control input over a horizon of N,. The constraint
function g(u) is plotted in Fig. 3. The first two terms of g(u) form
the two sides of the function, and the third part ensures that the
minimum of the function is zero.

The sharpness s controls the shape of the constraintfunction,and
the sides are bounded by upper and lower, the input constraint. The
smaller the value of s, the sharperthe corners get. In practice, s is set
to a very small number, such as 1072°. Note from both the equation
and Fig. 3 that as the control input u approacheseither the upper or
lower bound, the value of the input constraint function approaches
infinity, which places a high cost on the minimization of this term.
If the minimization produces either u <lower or u >upper, then u
is setto u + ¢ or u — g, respectively. The value of ¢ is set to 107°
(Ref. 10).
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Fig.2 Block diagram of the GPC system.
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Fig.3 Plot of input constraint function.

Currently, there is no systematic way to determine the values for
the four tuning parameters Ny, N,, N,, and A, for a nonlinearsys-
tem. For a linear system the necessary conditionto achieve stability
is N, equal to the order of the system whereas N, is used to tune for
performance. The value for A, should approach zero. Dead time in
the system is accounted for with the value of N;.

The CFM algorithm used to minimize the cost function is
the Newton-Raphson iterative algorithm. Newton-Raphson is a
quadratically converging algorithm that requires the calculation of
the Jacobianand the Hessian. Although the Newton-Raphson algo-
rithm can be computationally expensive, the low number of itera-
tions needed for convergence makes it a feasible algorithm. A com-
plete derivation of the GPC algorithm for a general SISO system
is developed in Ref. 7. (The original derivation of the cost function
was developedfor tracking control of nonlinearplants using a neural
network for the plant’s model. The equations for the neural model
can still be used for a linear model if the neural network’s activa-
tion function is made linear, thus making the plant’s model a linear
ARMA model.) The computationalissues of Newton-Raphson are
also addressed in Ref. 7.

BACT Modeling and Analysis

The GPC algorithm uses the output of the model to predict the
BACT plantdynamicsto an arbitrary input. With an adequate model
and the correct tuning of the control parameters (N;, N,, N,, and
A,) the inboard trailing-edge accelerometer may be regulated to
zero g. Because no systematic procedure exists to determine the
values of these tuning parameters, the tuning of the controller can
be quite cumbersome. This process could be especially difficult if
tuning were to occur during real-time control because each wrong
choice could result in instability of the system. For this reason, a
GPC simulation was performed to determine the nominal ranges for
the control parameters for the BACT plant. The BACT plant block,
in Fig. 2, was simulated using a linear model that was developed
previously from the knowledge of the plant and system identifica-
tion techniques using preexisting wind-tunnel data.'" The model of
the BACT plant was a reduced-order discrete model based on the
model obtained in Ref. 11. (There were two reasons for reducing
the order of the plant’s model. First, to develop a realistic simula-
tion, the model needs to contain unmodeled dynamics. Second, in
recedinghorizon control (which GPC is atype) typically the compu-
tational complexity increases with the order of the plant; therefore,
the smallestacceptablemodel is desirable). The sampling frequency
for the discretization was 200 Hz. Both models were developed for
flightconditionsbelow the flutterboundary, making them open-loop
stable. The magnitude and phase plots of these models are shown
in Figs. 4 and 5, respectively.

The reduced-order model captures the dominant modes and the
dynamics near the flutter frequency at 4 Hz, but (as seen in Figs. 4
and 5) the higher-orderterms have been left unmodeled. The flutter
instability occurs at a dynamic pressure § above 150 psf and at a
frequency of around 4 Hz. Figures 4 and 5 also indicate that both
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Fig.5 Phase plot of BACT models.

models have at least one zero at the origin. This implies that the dc
componentand very low frequencies effectively do not pass through
the plant, making the accelerationoutput invariant to a slow drift in
the position of the control surface. This characteristic of the plant
affects the performance of the GPC algorithm and is not accounted
forinthe originalcost functionin Eqs. (1) and (2). The resultis a drift
in the control surface position within the specified input constraints.
This problemis also confirmed in the wind-tunnel test. The solution
was to augment the cost function with a term that penalizes a driftin
the control surface position. This enhancement is developedin the
next section, along with the derivation of the Jacobian and Hessian
needed for the cost functionminimization. This derivationaugments
the derivation found in Ref. 7.

Augmentation to the Cost Function
As mentioned in the preceding section, a low-frequency drift in
the control input was experienced during wind-tunnel testing. To
correct this outcome, the cost function of Egs. (1) and (2) was aug-
mented with a frequency weighted cost on the control input. The
new cost function is given by

Nu

N
J=) ynt+ HE+ D 2 D)Aun + )P

J=Ni j=1

Ny
+g(u) + Y Ap(juf(n+ j)? 3)
Jj=1
where the weighted control input is the output of a discrete-time
filter of the form

d
uf(n) = Z—Zu(n) + Z (Z—Zuf(n —k) + Z—Zu(n - k))

k=1

and A,(j) is ascalarto balance the contributionof the new term. The
discrete filter uf(n) is designed to amplify the frequencies that are
to be penalized when minimizing the cost function. The design ap-
proach was to design a continuous-timehigh-passfilter, discretizeit,
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and then invert the zero/pole dynamics. The resulting filter amplifies
very low frequencies, and the cost function minimizes them.

To include this filterin the derivationof the CFM iterative solution
foundin Ref. 7, the Jacobianand the Hessian of the filter are needed.
Looking just at the filter part of the cost function, let

Ny
If =Y auf(n+ ) @)
j=1
The calculation of the elements of the Jacobian are found by evalu-
ating

all . ouf(n+j)
Z;Afmuf(n )

oIf
ou(n +h)

and the elements of the Hessian are found by evaluating

5 Nu . .
2Jf zzlf(j)(auf(n + j) ouf(n + j)
i=1

du(n + hyou(n + m) ou(n + h) ou(n +m)

) .
+uf(n+j) oufn + J) )

ou(n + h)ou(n + m)
where i and m equal from 1 to N,,.

Because the filter u f (n) is linear, its second derivativeis equal to
zero. This reduces the Hessian to

Nu

2
catd) ()

du(n + hyou(n +my

ouf(n+j)ouf(n+j)
ou(n + h) ou(n +m)
(6)
To solve Egs. (5) and (6), the first derivative of the filter with respect
to the input is derived and results in
ouf(n+j)y @au(n + j)
ou(n + h) ap ou(n + h)

+Xl:(&auf(n—k+j)+ﬁau(n—k+j)> o

—\a ou(n + h) ay ou(n +h)

The first term of Eq. (7) and the second term in the summation are
expanded and reduced by eliminating all derivatives equal to zero.
The resulting simplifications are combined to form the conditional
equation

ouf(n+j)y 4 &auf(n —k+ )

ou(n + h) — a ou(n + h)
b _ 0<j—-h=<d
+ { J h/ao =J — (8)
0 else

Equations (5) and (6) should be added to the Jacobian and Hessian
equationsof Ref. 7 for a complete solutionto the GPC controlinput.

Simulation Results

The GPC simulationdescribedin the BACT plantanalysis section
was used to determine the nominal ranges for the control parame-
ters before the wind-tunnel testing. The numerical model and the
reduced-ordermodel were developedfora Mach numberof 0.77 and
dynamic pressure of 150 psf, a flight condition thatis below the flut-
ter boundary. The reduced-order model, which is in the form of an
autoregressive moving-average (ARMA) model, is represented by

Z{yn(n)} _ by — b]Z_l + b22_2 - b32_3 + b4Z_4
Z{um)) 1 —az7' + ayz7? —ayz73 + agz?

where by, =0.025256,b, =0.099239,b, =0.14661,b; =0.096511,
b, =0.023884, a; =3.9603, a, =5.9097, a; =3.9379, and a, =
0.98868.

Because there is no systematic procedure for selecting the val-
ues of the control parameters, several experiments were conducted
to find a set of control parameters that produce the smallest rms
acceleration around the flutter frequency. The four parameters

Ny, N, N,, and A, took on the combinations of the values as
follows: N, =1, N,, N,€{l,2,3,4} (such that N, >=N,), and
A, €{0.0001, 0.001, 0.01, 0.1}. The smallest rms value occurred
when Ny =1, N, =2, N, =1,and 4, =0.01.

For these simulations the relative magnitude of the control signal
was constrained to £3 deg to ensure that the controller did not pro-
duce large deflectionsin the trailing-edgeflap. Large deflections for
flutter suppression should be avoided because the control surfaces
may have physical constraints, and larger deflections are typically
reserved for flight control. The physical limitationsin the deflection
of the control surface can be incorporated in the cost function by
setting the input constraint parameters accordingly. To handle this
constraint, the parameters s, upper, and lower are set to 107, 3,
and —3, respectively, in the third summation of Eq. (2).

Figure 6 shows the commanded deflection of the trailing-edge
flap, and Fig. 7 shows a comparison of the open- and closed-loopre-
sponse. From Fig. 7, the closed-loopfrequency response shows that
this set of control parameters has attenuated the flutter by approx-
imately 17 dB. This reduction is acceptable for flutter suppression
of the BACT plant and is similar to other SISO controllers tested.
For this simulation, the filter portion of the augmented cost function
was not used so that the low-frequency drift in the control signal
(Fig. 6) can be seen. The effectiveness of the filter for removing the
low-frequency drift can be seen in Fig. 8.

Trailing-edge deflection (deg)

100 150 200 250 300
Time (sec)

Fig. 6 Commanded control surface deflection without filter.
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Fig.7 Frequency response of trailing-edge accelerometer.
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Fig.8 Commanded control surface deflection using a filter.
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The filter design started with a washout filter with the transfer
function

f(s) =[s/(s + D]uls)

The washout filter was discretized with a sampling time of 0.005 s
using a step-invarianttransform resulting in
-1

-z
1@ = 55050121
Inverting the filter we have
1-0.995012z7"
uf(z) = ?M(Z)

To add this filter to the cost function, set d =1, and then set
the coefficient parameters to ay =1, a; =—1, by=1, and b, =
—0.995012. The filter’s weighting factor 4, was set to 0.0001. Us-
ing this filter in the simulation yields the drift free control signal
in Fig. 8. The relative magnitude of the control signal has been left
unchanged. The frequency response shown in Fig. 9 shows that the
filter has little effect on the closed-loop response.

This simulation was also tested for flight conditionsabove flutter.
The dynamic pressure was varied from 150 psf up to 250 psf with
Mach remaining the same at 0.77. All simulations showed simi-
lar flutter suppression capability using the same GPC system, even
though the GPC system was developed for flight conditions below
flutter. Therefore, the simulation results demonstrated that a fixed
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Fig.9 Frequency response of trailing-edge accelerometer.

GPC algorithm with input constraints can provide flutter suppres-
sion for a relatively wide range of flight conditions. The robustness
properties of the GPC algorithm are also confirmed with the wind-
tunnel test.

Wind-Tunnel Results

During the wind-tunnel testing, the same fourth-order linear
ARMA model that was used during simulations was used as the
model for GPC predictions. It was found that the same values for
the control parameters in simulation also were the best values for
control of the actual BACT plant.

With the fixed GPC, the closed-loopsystem had desirable perfor-
mance characteristics. Test results without frequency weighting and
control inputs constrained to £3 deg are given in Figs. 10 and 11.
The curve in Fig. 10 indicates that the input constraints are satisfied
and that the command signal has the low-frequency drift problem
as expected. This data set represents conditions where Mach was
varied from 0.75 to 0.79 and dynamic pressure was varied from 184
to 200 psf. The entire set of flight conditions were above the flutter
boundary, and as seen in Fig. 11, the trailing-edge acceleration was
maintained near zero throughout the test.

Test results with frequency weighting and input constraints set to
+10degare givenin Figs. 12 and 13. In this plot, Mach and dynamic
pressure were maintained at 0.77 and 178 psf, respectively.

The time intervals of Fig. 12 with no commanded input are times
when the control was allowed to go open loop. In the corresponding
time intervals in Fig. 13, the accelerometer measurements start to
grow. The longer the time period that the BACT plant remained
uncontrolled, the larger the acceleration became and the larger the
commanded deflection that was needed to regain control. Notice
that the controlinputdid not contain a low-frequencydrift. The filter
portion of the cost function was activated with 4, equal to 0.0001.
Because allowing a controller to go open loop during flight is not
realistic, the commanded control input was set to plus and minus
10 deg to give the controller full dynamic range of the actuator.

There are several desirable control characteristicsthat need to be
incorporatedin the design of an AFS system. First, the closed-loop
system must be robust to modeling errors. Next, the controller must
also be able to dampen the flutter to some acceptable magnitude,
within an allowable time period, and with minimal control surface
deflections. In the case of the BACT plant, the damping time is not
needed to be as short as with a high-performance wing. Also, here
the commanded inputs were only used for flutter suppression. It
would be desirable for the control surface deflections to be smaller
if they were also used for flight control.

Commanded TE Position (deg)
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Fig. 10 Commanded trailing-edge position for varying flight conditions.
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Fig. 11 Accelerometer measurements for varying flight conditions.
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Fig. 13 Accelerometer measurements during open- and closed-loop control.

Summary

The results from the wind-tunnel test showed that for the tested
flight conditions, the GPC was able to suppress flutter using a nom-
inal linear model of the BACT plant. The wind-tunnel tests also
verified that augmenting the cost function with frequency weight-
ing on the control input is a feasible way of solving the controller’s
drift problem.

To increase the flutter suppression capability of the GPC two im-
provements are being considered. First, a nonlinear neural network
model of the BACT plant is being developed. This would allow
the GPC to make better predictions, thus improving performance:
increased flutter damping in less time and with smaller control de-
flections. A neural-network model could also adapt to time-varying
plant dynamics. A second improvement will be to use a MIMO
implementation of the GPC. Using the two inboard accelerometer
measurements for feedback and using the upper spoiler with the
trailing-edge flap as command inputs will allow the GPC to control
both plunge and pitch modes, leading to enhanced flutter suppres-
sion. These improvements could lead to a shorter damping time
with less control surface movement and increase the capability of
the GPC to control more difficult flight conditions.
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