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Data-Driven Model Predictive Control
of Airfoil Flow Separation
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Abstract—This paper numerically investigates the perfor-
mance of active flow control based on adaptive model predictive
control without prior analytical modeling of any kind. Recursive
least squares with variable-rate forgetting is used for online
closed-loop system identification. The identified model is then
used for receding-horizon optimization based on quadratic
programming. This technique is applied to an airfoil model
simulated using computational fluid dynamics. Two cases are
considered. In the first case, the tangential component of the
flow velocity is commanded at the location of a single flow-
velocity sensor. In the second case, an array of flow-velocity
sensors is used to estimate the location of the flow-separation
point, which is used to command the flow-separation point.

I. INTRODUCTION

Active feedback flow control uses sensors, actuators, and
feedback control algorithms to modify the fluid dynamics
to enhance aerodynamic performance [1]-[3]. Although the
physics of fluid dynamics is well understood, the models
used to design control laws may possess errors that degrade
closed-loop performance [4], [S]. These errors arise from
model approximation, parameter errors, and discretization
errors. Active feedback flow-control techniques include op-
timal control [6], robust control [4], and machine-learning
methods [7], [8]. The present paper focuses on adaptive
control techniques, where the controller learns and adapts
during operation in response to actual, changing conditions
with minimal prior modeling information. The present paper
focuses on predictive cost adaptive control (PCAC).

PCAC is an indirect adaptive control technique based
on model predictive control (MPC) [9], [10]. For online,
closed-loop system identification, PCAC uses recursive least
squares (RLS) with variable-rate forgetting [11]-[15]. At
each time step, RLS-based system identification updates the
coefficients of a SISO or MIMO input-output model, where
the model order is a hyperparameter specified by the user. For
model predictive control, the receding-horizon optimization
can be performed by either the backward-propagating Riccati
equation [16], [17] or quadratic programming.

In this paper, we apply PCAC to flow-control problems
involving flow separation. This scenario represents a funda-
mental challenge in aerodynamics, where, under high angle
of attack, the flow becomes detached from the airfoil, thus
leading to potentially catastrophic loss of lift. The present
paper considers jet-velocity actuation near the leading edge
of the airfoil in conjunction with velocity sensors along the
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Fig. 1: PCAC block diagram.

upper surface. Since PCAC includes online system identi-
fication for learning, and since the initial model is zero,
the controller adapts from zero gains; hence, PCAC operates
under “cold-start” conditions. The user only needs to specify
hyperparameters for learning and adaptation.

The approach of the present paper differs from flow-
control techniques that depend on prior modeling informa-
tion and offline training. For example, by exciting a flow-
simulation model, the approach of [18] is based on a neural
network trained on 100,000-800,000 data points, which, for
each Reynolds number, corresponds to about 3 hours of
simulated flow time. In contrast, the application of PCAC to
the flow-separation examples in the present paper uses only
online data from the closed-loop system, without probing
signals, and with re-identification occurring automatically as
the operating conditions, such as the Reynolds number, angle
of attack, and setpoint change.

We begin by commanding the x-velocity at the location of
a single sensor near the upper surface of an airfoil, where x
denotes the horizontal component. Next, we extend this case
by commanding a sequence of x-velocities over time and
by introducing disturbances in the freestream velocity and
airfoil angle of attack. In these studies, we assess whether the
flow is attached or separated at the sensor location, and we
qualitatively move the flow-separation point forward or aft
by commanding various z-velocities at the sensor location.
Next, we use an array of x-velocity sensors to estimate the
flow-separation point. Using this estimate, we command the
location of the flow-separation point directly. We extend this
case by commanding a sequence of flow-separation points
over time and by introducing an angle-of-attack disturbance.

II. REVIEW OF PREDICTIVE COST ADAPTIVE CONTROL

As shown in Figure 1, predictive cost adaptive control
(PCAC) combines online identification with output-feedback
model predictive control (MPC). PCAC uses no a priori
modeling information aside from a suitable model order for
system identification, nor does it use probing signals.

1568

Authorized licensed use limited to: University of Michigan Library. Downloaded on March 13,2025 at 18:18:13 UTC from IEEE Xplore. Restrictions apply.



A. Online Ildentification

To perform online identification, we first consider the
MIMO input-output model

gk ==Y Fki+ Y Gk, (1
i=1 =1

where £ > 0 is the step, » > 1 is the identification data
window, Fi € RP*P and G’i € RPX™ gre the estimated model
coefficients, and ug € R™, y,, € RP, and ¢, € RP are the
inputs, outputs, and predicted outputs. We estimate F}, and
G}, online using recursive least squares with variable-rate
forgetting (RLS/VRF), by minimizing the cost function [12]
. ke 1
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where p = H?:o A1 e R, Ay € (0,1] is the forgetting
factor, Py € RImP(m+p)x[ap(m+p)] i positive definite, 6y €
RAP(m+P)] s the initial estimate of the coefficient vector,

and the performance variable z;(6) € RP is defined as
2(0) = yi — ¢x0. 3)

The vector § € RIPP(m+p)] of coefficients to be estimated is
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where éF and éé are the estimates of the numerator and
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With the regressor matrix ¢, € RP*[*P(m+P)] defined by
Ok = [~Yh_s “Yh_p Uhor o Up_p] ® I,

the global minimizer 641 = argmin; Ju(0) of (2) is

Ly, = X' Py, (6)
Pi1 = Ly, — Lidp(Ip + e L) " duly, ()
Ors1 = Ok + Prey16p (yr — O10k).- (®)
The variable-rate forgetting factor A\ is given by [15]
1
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where 1: R — {0, 1} is the unit step function, and
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where 7 > 0 and p < 7, < 74 represent numerator
and denominator window lengths. X, and X, are the
sample variances of the respective window lengths, and the
threshold constant f is described in [19], [20]. The constant
¢, based on the windows lengths is described in [19]. The

estimator coefficients f can be written in the block observable
canonical form with matrices Ay, By, and Cj given by
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B. Model Predictive Control

Model predictive control (MPC) uses a model of the sys-
tem to optimize its performance over a future finite interval
of time. The optimization yields a sequence of controls, the
first of which is implemented, and the procedure is repeated
at subsequent steps. By performing constrained optimization,
MPC facilitates the enforcement of constraints on the state
and control input. At step k£, PCAC uses the identified model
flk, Ek, and C‘k. As in [9], the receding-horizon optimization
is performed using quadratic programming (QP), which is a
convex optimization technique. This optimization determines
the control input ug4; at the next time step, while also
attempting to satisfy constraints on the state and control input

To describe QP-based MPC, let Ry, £
[Foyq Tk H]T € R be the vector of future commands
over the horizon ¢, let Yj);; be the corresponding I-step
predicted output for a sequence of [ future controls, Uy,
and let Y 150 = CieY1|k,e be the {-step predicted output,
where Cyy £ I, ® C, € RP**| @ is the Kronecker product,
and Ciy;, computes the tracking outputs from y;. Let
Co & I, ® (CC.) € Rmex where Ccyii, creates the
constrained outputs from y;x, let Dy £ 1, ® D € R, and
define the sequence of differences of control inputs as

T m
AU e & [(urje — ug)T (wepe — ue—1x)T] € RO™

(12)
The QP-based MPC optimization problem is then given by

min (Y e — Rk,é)TQ (Yoiik,e — Riye)

1|k,
+ AU . (RAUY e, (13)
subject to
CeYi ke + Do < O, (14)
Unin < Ul\k,é < Unax, (15)
AUmin < AUl\k:,f < A[jmax; (16)
s Q@ Opxp epoxtp, -
where @ = 2P e RYP <P gs the output weight-
0 t X P P

p
ing, Q € RE-DPx(l=1p i the cost-to-go output weighting,
P € RP*P is the terminal output weighting, R € R™*¢m g
the control-move-size weighting, Ui £ 1y ® Umin € Rém,
Umax £ 1[ & Umax € Rém, AU'min £ ]-Z & Aumin S Rfm,
and AUpax 2 1y ® Atupmax € R,
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III. SIMULATION SETUP

All examples in this paper involve the NACA 4412 airfoil
of chord length 1 m. The fluid simulations are 2D incom-
pressible unsteady RANS using the SA turbulence model
computed in Ansys Fluent. The discretization is second-order
finite-volume in space, with the mesh shown in Figure 2,
and first-order implicit in time, with a time step of 0.01 s.
In the following examples, the nominal freestream velocity
is 15 m/s and remains constant unless otherwise stated. This
nominal freestream velocity corresponds to Re = 1.03e6.

Fluent is interfaced with the MATLAB-based PCAC con-
trol code using a custom Fluent user-defined function (UDF).
With matching time step 0.01 s, the interface obtains a mea-
surement y; from the flow field, and provides it to PCAC.
PCAC uses y; to compute the performance variable zj,
which it uses to compute the requested control-jet velocity
uy. The interface then sends uy to Fluent, which applies the
requested control-jet velocity as the boundary condition at
the location of the control jet.

A positive control-jet velocity indicates blowing, whereas
a negative control-jet velocity indicates suction. The control-
jet location and direction are shown in Figure 3. In the
following examples, two different sensor architectures are
used to obtain the measurement y;. In Section IV, a single
velocity sensor, as shown in Figure 3, measures the z-
component of the velocity. In Section V, an array of velocity
sensors is used to estimate the flow-separation point.

Fig. 2: Partial view of the mesh around the NACA 4412 airfoil. The full mesh of
196, 300 nodes extends to approximately 8 chord lengths in all directions.

/

Fig. 3: Leading half of the NACA 4412 airfoil with the sensor used in Section IV
(red crosshair) and the control-jet location and direction (blue dot and arrow). The
blue arrow indicates the direction of positive control-jet flow. In Section V, an array
of sensors (not shown) is used.

IV. AIRFOIL z-VELOCITY CONTROL

This section uses PCAC to control the z-velocity of the
flow at the sensor location above the NACA 4412 airfoil. A
single, idealized velocity sensor, shown in Figure 3, measures
the flow velocity in the z-direction of the airfoil-fixed frame.

Flow separation along the airfoil occurs where the flow
velocity within the boundary layer reverses direction. By
measuring the z-velocity of the flow, which is approximately
tangential to the airfoil surface, we can determine whether
the flow is attached or separated at the sensor location. Fur-
thermore, by using feedback control to command a positive
z-velocity at the sensor location, we ensure that the flow at
the sensor location is attached.

Example 1. Near-airfoil, x-velocity setpoint. The objec-
tive of this example is to command the x-velocity at the

sensor location. The angle of attack of the airfoil is 20 deg,
and the freestream velocity is 15 m/s, both of which are
held constant. We apply adaptive control to command an
z-velocity setpoint at the sensor location of 7, = 8 m/s.
The adaptive controller is enabled at 3 s to allow the flow
around the airfoil to develop. In the absence of control, the
z-velocity at the sensor location is approximately —2 m/s,
indicating separated flow. Figure 4 shows the time history
of the z-velocity measurement yi, the z-velocity setpoint
T, the requested control-jet velocity ug, and the estimated
coefficient vector 6,. Under closed-loop control, Figure
4 shows that the z-velocity converges to the commanded
setpoint approximately 7 s after the controller is enabled. <
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Fig. 4: Example 1. The commanded setpoint, indicated by the dashed line in (a), is
8 m/s. The adaptive controller is enabled at 3 s, as indicated by the vertical green
line. (a) shows that, approximately 10 s after the controller is enabled, the x-velocity
measurement converges to the commanded setpoint. (b) shows the corresponding
requested control-jet velocity, which converges to approximately —21 m/s, indicating
suction. (c) shows the time history of the estimated coefficient vector 6,y,.

Example 2. Sequence of near-airfoil, x-velocity setpoints.
This example extends Example 1 by specifying a sequence
of z-velocity setpoints. The angle of attack of the airfoil is 20
deg, and the freestream velocity is 15 m/s, both of which are
held constant. We apply adaptive control to the airfoil with
the sequence of setpoints 7, = 8, 10, and 12 m/s before
stepping back to 8 m/s. The adaptive controller is enabled
at 3 s to allow the flow around the airfoil to develop. Figure
5 shows the time history of the z-velocity measurement yy,
the z-velocity setpoint 7, the requested control-jet velocity
ug, and the estimated coefficient vector 6,,. Under closed-
loop control, Figure 5 shows that, in approximately 10 s,
the x-velocity converges with a small setpoint error to its
initial setpoint and, after each change in setpoint, takes
approximately 3 s to converge to the new setpoint. A small
setpoint error is present when the setpoint is 12 m/s.

Figure 6 shows x-velocity contours at ¢ =
2.8,19.8,39.8,and 59.8 s. These contours show that
the flow is separated at the sensor location in the absence of
control, and, in the controlled flow, that the flow-separation
point is moved further toward the trailing edge of the airfoil
as the velocity setpoint at the sensor location is increased.
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By assessing whether the flow is separated at the sensor
location and commanding different z-velocities, we have

rudimentary control of the flow-separation point. <o
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Fig. 5: Example 2. The commanded setpoint, indicated by the dashed line in (a), is
initially 8 m/s varies stepwise as shown in (a). The adaptive controller is enabled at
3 s, as indicated by the vertical green line. (a) shows that, approximately 15 s after
the controller is enabled, the x-velocity measurement converges to the commanded
setpoint. After each change in setpoint, it takes approximately 3 s to converge to the
new commanded setpoint. A command-following bias occurs when the setpoint is 12
m/s. (b) shows the corresponding requested control-jet velocity. This velocity is higher
in magnitude when a larger setpoint velocity is requested. (c) shows the time history

of the estimated coefficient vector 6,y,.
V -
4 I — 'S I
t—ﬂs t= S

Fig. 6: Example 2. z-velocity contours at ¢ = 2.8,19.8,39.8,and 59.8 s. The
approximate flow-separation point is indicated by the black arrow. At t = 2.8 s, the
flow is uncontrolled. At ¢ = 19.8,39.8,and 59.8 s, the z-velocity setpoints are
8,10, and 12 m/s, respectively. When the flow is uncontrolled, it is separated at the
sensor location. In the controlled flow, the flow is attached at the sensor location, and
the flow-separation point moves aft as the x-velocity setpoint is increased.

Example 3. Near-airfoil, x-velocity setpoint with variable
freestream velocity. In this example, we repeat Example 1,
however, we now introduce a disturbance by varying the
freestream velocity, imposed on the airfoil farfield boundary.
Figure 7 shows that the freestream velocity begins at the
nominal value of 15 m/s and is ramped up to 20 and then
25 m/s before being ramped back down to 15 m/s. At these
three velocities, the Reynolds number is 1.03, 1.37, 1.71, and
1.03 million, respectively. The angle of attack of the airfoil
is 20 deg. We apply adaptive control to the airfoil with an
z-velocity setpoint of 7, = 8 m/s. The adaptive controller
is enabled at 3 s to allow the flow around the airfoil to
develop. Figure 7 shows the time history of the x-velocity
measurement ¥y, the x-velocity setpoint 7, the requested
control-jet velocity ug, and the estimated coefficient vector
0. Under closed-loop control, Figure 7 shows that the
measured x-velocity is brought to the commanded velocity
setpoint and remains near the velocity setpoint despite the
changing freestream velocity. <

15 L L L L L L
0 20 40 60 80 100 120 140
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Fig. 7: Example 3. The commanded setpoint is 8 m/s. The adaptive controller
is enabled at 3 s, indicated by the vertical green line. (a) shows that the x-
velocity measurement converges to the commanded setpoint. As the freestream velocity
changes, an oscillation is present as the controller re-adapts. This oscillation damps
out after the re-adaptation and is largest when the freestream velocity is decreasing.
(b) shows the freestream velocity, which ramps up and down between three different
values. This freestream profile replicates an aircraft speeding up and slowing down in
flight. (c) shows the corresponding requested control-jet velocity. With each change
in freestream velocity, PCAC is able to converge to the correct control-jet velocity to
maintain the desired flow velocity at the sensor location. (d) shows the time history
of the estimated coefficient vector 6,y,.

Example 4. Near-airfoil, x-velocity setpoint with variable
angle of attack. In this example, we repeat Example 1,
however we introduce a disturbance by varying the airfoil
angle of attack as shown in Figure 8. The freestream velocity
is 15 m/s. We apply adaptive control to the airfoil with an
z-velocity setpoint of 7, = 8 m/s. The adaptive controller
is enabled at 3 s to allow the flow around the airfoil to
develop. Figure 7 shows the time history of the x-velocity
measurement Yy, the x-velocity setpoint 7, the requested
control-jet velocity uy, and the estimated coefficient vector
Om- Under closed-loop control, Figure 7 shows that the
measured x-velocity is brought to the setpoint velocity and
remains at the commanded velocity despite the changing

angle of attack.
V. FLOW-SEPARATION-POINT CONTROL

Example 2 shows that, by commanding the x-velocity at
the sensor location, the flow-separation point can be moved
toward the trailing edge of the airfoil, thereby decreasing the
tendency of the airfoil to stall. In this section, the goal is to
specify the location of the flow-separation point rather than
qualitatively moving it toward the trailing edge. To do this,
we extend the examples of Section IV by introducing an
array of 39 x-velocity sensors along the upper surface of the
airfoil at evenly spaced locations along the chord in the range
x € [0.2157,0.9804] m, where = 0 m denotes the leading
edge and z = 1 m denotes the trailing edge. By measuring
the z-velocity at multiple locations, the flow-separation point
can be estimated as the position of the forward-most sensor
reporting negative x-velocity. In each example, the location
of the commanded flow-separation point may or may not
coincide with one of the sensors in the array. At the cost of
a larger number of sensors, the improved resolution of the
sensor array allows the location of the flow-separation point
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Fig. 8: Example 4. The commanded setpoint is 8 m/s. The adaptive controller is
enabled at 3 s, as indicated by the vertical green line. (a) shows that the z-velocity
measurement converges to and remains near the commanded setpoint despite the
changing airfoil angle of attack. With each change in angle of attack, a small transient
is present as the controller re-adapts. (b) shows the angle of attack, which ramps up
and down between three different values. This angle of attack profile replicates an
aircraft pitching up and back down in flight. (c) shows the corresponding requested
control-jet velocity. With each change in angle of attack, PCAC is able to converge
to the correct control-jet velocity to maintain the desired flow velocity at the sensor
location. As the angle of attack is increased, the adaptive controller must request larger
magnitude control-jet velocities to maintain the desired flow velocity. (d) shows the
time history of the estimated coefficient vector 6y, .

to be estimated more accurately.

Example 5. Single separation-point setpoint. In this
example, we specify a single separation-point setpoint given
as a location on the airfoil. The angle of attack of the airfoil
is 20 deg, and the freestream velocity is 15 m/s, both of
which are constant. In the absence of control, the separation-
point estimate is z = 0.333 m. We apply adaptive control
to the airfoil with the setpoint z = 0.7 m. The adaptive
controller is enabled at 3 s to allow the flow around the
airfoil to develop. Figure 9 shows the time history of the
separation-point estimate yi, the separation-point setpoint
7%, the requested control-jet velocity wuy, and the estimated
coefficient vector 6,,,. Under closed-loop control, Figure 9
shows that, in approximately 7 s, the estimated separation
point moves from = = 0.333 m to approximately x = 0.7
m. Since no sensor is present at x = 0.7 m, the separation-
point estimate cannot be x = 0.7 m. &

Example 6. Sequence of separation-point setpoints. In
this example, we extend Example 5 by specifying a sequence
of separation-point setpoints. The angle of attack of the
airfoil is 20 deg, and the freestream velocity is 15 m/s, both
of which are constant. We apply adaptive control to the airfoil
with the sequence of setpoints x = 0.5,0.6,0.7,and x =
0.5 m. The adaptive controller is enabled at 3 s to allow the
flow around the airfoil to develop. Figure 10 shows the time
history of the separation-point estimate ¥, the separation-
point setpoint 7, the requested control-jet velocity wuy,
and the estimated coefficient vector ,,. Under closed-loop
control, Figure 10 shows that, in approximately 6 s, the
separation-point estimate is moved from z = 0.333 m to
z = 0.5 m. At this commanded separation-point setpoint,
oscillation is present. After each change in command, it takes

—— T

(b)

0 2 4 6 8 10 12 14 16 18 20

. time ¢ (s) . A
Fig. 9: Example 5. The commanded setpoint is = = 0.7. The adaptive controller is

enabled at 3 s, as indicated by the vertical green line. (a) shows that, approximately
7 s after the controller is enabled, the separation-point estimate oscillates around the
setpoint z = 0.7. This oscillation is due to the fact that the closest sensors to the
setpoint are located at x = 0.68 and * = 0.712. (b) shows the corresponding
requested control-jet velocity, which oscillates around —43 m/s, indicating suction.
(c) shows the time history of the estimated coefficient vector 0y,.

approximately 4 s for the separation-point estimate to move
to the new separation-point setpoint. When the setpoint is
z = 0.6 m and z = 0.7 m, the previous oscillation is gone,
but a small steady state error is apparent. When the setpoint
is returned to x = 0.5 m, the oscillation returns. &

0 30 40 50 60 70 50 9 100

time ¢ (s)
Fig. 10: Example 6. The adaptive controller is enabled at 3 s, as indicated by the
vertical green line. The commanded setpoint, indicated by the orange dashed line, is
initially = 0.5 m, and changes at 20 s intervals. (a) shows that, approximately 6
s after the controllers is enabled, the separation-point estimate oscillates around the
setpoint = 0.5 m. After each change in setpoint, it takes approximately 4 s for the
separation-point estimate to move to the new setpoint. (b) shows the corresponding
requested control-jet velocities, which are larger in magnitude when the setpoint is
closer to the trailing edge of the airfoil. (c) shows the time history of the estimated
coefficient vector 6.

Example 7. Separation-point setpoint with time-varying
angle of attack. In this example, we extend Example 5 by
specifying a single separation-point setpoint and varying the
airfoil angle of attack as shown in Figure 11. The freestream
velocity is 15 m/s. We apply adaptive control to the airfoil
with the setpoint z = 0.7 m; the adaptive controller is

1572

Authorized licensed use limited to: University of Michigan Library. Downloaded on March 13,2025 at 18:18:13 UTC from IEEE Xplore. Restrictions apply.



enabled at 3 s. Figure 11 shows the time history of the
separation-point estimate ¥y, the separation-point setpoint
rk, the requested control-jet velocity wy, and the estimated
coefficient vector 6,. Under closed-loop control, Figure
11 shows that, in approximately 11 s, the separation-point
estimate is moved from z = 0.333 m to approximately
r = 0.7 m. As the airfoil angle of attack is changed,
transients appear as the controller re-adapts to the new angle
of attack. Figure 12 shows the time history of the RLS
forgetting factor \ig. When Ajq = 1, no forgetting is taking
place. As operating conditions change, the forgetting factor
decreases, and RLS automatically discounts past data as it
updates tlhe estimated coefficient vector.

0 20 40 60 80 100 l‘;(i 140
time ¢ (s)

Fig. 11: Example 7. The adaptive controller is enabled at 3 s, as indicated by
the vertical green line. The setpoint is z = 0.7 m. (a) shows that the separation-
point estimate oscillates around the setpoint over the duration of the run, despite the
changing airfoil angle of attack. (b) shows the airfoil angle of attack, which indicates
an airfoil pitching up and back down. (c) shows the corresponding requested control-
jet velocities, which are larger in magnitude when the airfoil is at a higher angle of
attack. (d) shows the time history of the estimated coefficient vector 6y,.
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Fig. 12: Example 7. RLS forgetting factor. Forgetting occurs when the forgetting

factor drops below 1. This occurs primarily when the airfoil angle of attack changes.

VI. CONCLUSIONS

This paper used predictive cost adaptive control (PCAC) to
control the flow-separation point on an airfoil. The simulation
was implemented with 2D computational fluid dynamics
using Ansys Fluent. PCAC used no a priori modeling of
the fluid dynamics and no open-loop data collection; only
hyperparameters for the closed-loop system identification
and quadratic programming were specified. This technique
is motivated by the need for controlling flow under rapidly

changing conditions and without the benefit or use of offline
data collection and model pre-training. Using a single control
jet and a single flow-velocity sensor, PCAC attached the
flow at the sensor location and moved the flow-separation
point aft using larger z-velocity setpoints. For the case of
an array of flow-velocity sensors, PCAC moved the flow-
separation point to the location of the specified flow sensor.
These numerical results suggest the feasibility of flow control
without the need for prior modeling. Future work will focus
on the system behavior during initialization, particularly
the ability of PCAC to maintain stability as the system
is being identified. Additionally, the effect of measurement
uncertainty will be examined to ensure the feasibility of the

method with non-idealized sensors.
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