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In-ground-effect (IGE) flight offers significant advantages in terms of fuel efficiency and
stealth. This paper investigates the feasibility of IGE flight using predictive cost adaptive control
(PCAC). As an indirect adaptive control extension of model predictive control, PCAC uses
recursive least squares with variable-rate forgetting for online, closed-loop system identification.
For 2D IGE flight of an airfoil over a sinusoidal wave surface, PCAC uses active flow control
with either jet actuation or trailing-edge flap deflection to suppress the effect of unsteady
aerodynamics without the need for a prior control-oriented model.

I. Introduction
In-ground-effect (IGE) flight offers significant advantages in terms of fuel efficiency, and thus range and payload,

as well as stealth. This paper investigates the feasibility of IGE flight over varied seas with unmodeled, unsteady
aerodynamics [1]. The approach taken in this paper is based on predictive cost adaptive control (PCAC). As an
indirect adaptive control extension of model predictive control (MPC), PCAC uses recursive least squares (RLS) with
variable-rate forgetting (VRF) for online, closed-loop system identification [2–6]. At each time step, RLS-based system
identification updates the coefficients of an input-output model whose order is specified by the user. To determine
control inputs, PCAC uses quadratic programming for receding horizon optimization, which enforces magnitude-
and rate-saturation constraints as well as output constraints. To enable output-feedback control, PCAC uses the
block-observable canonical form (BOCF) realization, which provides exact state estimation at every step [7].

PCAC can be used with a reference model, and unknown disturbances may be either matched or unmatched. During
operation, PCAC uses sampled sensor data (e.g., flow state and altitude) and requests system inputs (e.g., surface
deflections and fluidic-jet velocities). Other than specification of the model order, optimization horizon, and forgetting
parameters, PCAC operates under cold-start conditions without the need for any prior control-oriented model.

PCAC represents a radical departure from conventional autopilot synthesis. In particular, autopilots for fixed-wing
aircraft are typically designed based on linearized aerodynamic models consisting of stability and control derivatives
obtained from wind-tunnel testing. The resulting local controllers are then pieced together using gain scheduling. PCAC
eliminates the need for this approach, which is laborious and requires considerable expertise.

The actuation methods used in the present paper for IGE flight are a fluidic jet and a trailing-edge flap deflection.
These actuation mechanisms interact directly with the flow field around the airfoil, thus constituting active flow control
strategies. Standard techniques for active flow control typically depend on detailed modeling of the fluid dynamics,
either analytically or experimentally, often followed by model reduction [8–18]. Controller-synthesis techniques used for
flow control include optimal control [19, 20], robust control [21], and machine-learning methods [17, 22]. In contrast,
PCAC relies entirely on a model that is identified online, and thus requires no reduced-order model of any kind, either
extracted from offline data or a high-order analytical model.

The online, closed-loop system identification based on RLS/VRF used by PCAC provides a linear model, which
facilitates the receding-horizon optimization. The high Reynolds number fluid dynamics of IGE flight are highly
nonlinear, and thus the efficacy of a linear model identified online must be assessed through numerical studies, as in the
present paper.

The present paper focuses on 2D IGE flight of an airfoil over a sinusoidal wave surface. Two types of control
actuation are considered, namely, trailing-edge flap deflection and fluidic-jet velocity modulation. Using both types
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of actuation, PCAC is shown to suppress the effect of unsteady aerodynamics with no prior model available to the
controller. The CFD simulations are implemented in ANSYS Fluent for the fluidic-jet velocity modulation and in xflow
for the trailing-edge flap deflection. xflow is a high-order, mesh-adaptive CFD [23, 24], which is efficient for obtaining
high-accuracy results for practical aerodynamic simulations.

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.

Predictive Cost Adaptive Control

Model Predictive Control
QP/BOCF for output feedback

with control and output constraints

Online System Identification
RLS/VRF for online identification

with variable-rate forgetting

Fluid Dynamics
ANSYS Fluent / xflow

CFD with Matlab interface

Measurement 𝑦𝑘

Estimated Model Coefficients 𝜃𝑘

Control 𝑢𝑘
Command 𝑟𝑘

Disturbance 𝑤𝑘

Fig. 1 PCAC block diagram. The online, closed-loop system identification is based on recursive least squares
(RLS) with variable-rate forgetting (VRF). The model predictive control (MPC) algorithm, which is based on
quadratic programming (QP), uses the estimated model coefficients 𝜃𝑘 to form a block-observable canonical
form (BOCF) state-space model, which is used by QP to determine the control input 𝑢𝑘 .

A. Online Identification
To perform online, closed-loop system identification, we first consider the MIMO input-output model

𝑦̂𝑘 = −
𝑛̂∑︁
𝑖=1

𝐹̂𝑖𝑦𝑘−𝑖 +
𝑛̂∑︁
𝑖=1

𝐺̂𝑖𝑢𝑘−𝑖 , (1)

where 𝑘 ≥ 0 is the step, 𝑛̂ ≥ 1 is the identification data window, 𝐹̂𝑖 ∈ R𝑝×𝑝 and 𝐺̂𝑖 ∈ R𝑝×𝑚 are the estimated model
coefficients, and 𝑢𝑘 ∈ R𝑚, 𝑦𝑘 ∈ R𝑝, and 𝑦̂𝑘 ∈ R𝑝 are the inputs, outputs, and predicted outputs. We estimate 𝐹̂𝑘 and
𝐺̂𝑘 online using recursive least squares with variable-rate forgetting (RLS/VRF), by minimizing the cost function [3]

𝐽𝑘 (𝜃) =
𝑘∑︁
𝑖=0

𝜌𝑖

𝜌𝑘
𝑧T
𝑖 (𝜃)𝑧𝑖 (𝜃) +

1
𝜌𝑘

(𝜃 − 𝜃0)T𝑃−1
0 (𝜃 − 𝜃0), (2)

where 𝜌𝑘 ≜
∏𝑘

𝑗=0 𝜆
−1
𝑗

∈ R, 𝜆𝑘 ∈ (0, 1] is the forgetting factor, 𝑃0 ∈ R[𝑛̂𝑝 (𝑚+𝑝) ]×[𝑛̂𝑝 (𝑚+𝑝) ] is positive definite,
𝜃0 ∈ R[𝑛̂𝑝 (𝑚+𝑝) ] is the initial estimate of the coefficient vector, and the performance variable 𝑧𝑖 (𝜃) ∈ R𝑝 is defined as

𝑧𝑘 (𝜃) = 𝑦𝑘 − 𝜙𝑘𝜃. (3)

The vector 𝜃 ∈ R[𝑛̂𝑝 (𝑚+𝑝) ] of coefficients to be estimated is

𝜃 ≜ vec
[
𝐹̂1 · · · 𝐹̂𝑛̂ 𝐺̂1 · · · 𝐺̂ 𝑛̂

]
= vec

[
𝜃𝐹̂ 𝜃𝐺̂

]
,

2



where 𝜃𝐹̂ and 𝜃𝐺̂ are the estimates of the denominator and numerator coefficients, defined by

𝜃𝐹̂ ≜ vec
[
𝐹̂1 · · · 𝐹̂𝑛̂

]
, (4)

𝜃𝐺̂ ≜ vec
[
𝐺̂1 · · · 𝐺̂ 𝑛̂

]
. (5)

With the regressor matrix 𝜙𝑘 ∈ R𝑝×[𝑛̂𝑝 (𝑚+𝑝) ] defined by

𝜙𝑘 ≜
[
−𝑦T

𝑘−1 · · · −𝑦T
𝑘−𝑛̂ 𝑢T

𝑘−1 · · · 𝑢T
𝑘−𝑛̂

]
⊗ 𝐼𝑝 ,

the global minimizer 𝜃𝑘+1 ≜ argmin𝜃 𝐽𝑘 (𝜃) of (2) is

𝐿𝑘 = 𝜆−1
𝑘 𝑃𝑘 , (6)

𝑃𝑘+1 = 𝐿𝑘 − 𝐿𝑘𝜙
T
𝑘 (𝐼𝑝 + 𝜙𝑘𝐿𝑘𝜙

T
𝑘 )

−1𝜙𝑘𝐿𝑘 , (7)

𝜃𝑘+1 = 𝜃𝑘 + 𝑃𝑘+1𝜙
T
𝑘 (𝑦𝑘 − 𝜙𝑘𝜃𝑘). (8)

The variable-rate forgetting factor 𝜆𝑘 is given by [6]

𝜆𝑘 =
1

1 + 𝜂𝑔(𝑧𝑘−𝜏d , . . . , 𝑧𝑘)1[𝑔(𝑧𝑘−𝜏d , . . . , 𝑧𝑘)]
, (9)

where 1 : R→ {0, 1} is the unit step function, and

𝑔(𝑧𝑘−𝜏d , . . . , 𝑧𝑘)

≜

√︄
𝜏n
𝜏d

(
Σ𝜏n (𝑧𝑘−𝜏n , . . . , 𝑧𝑘)Σ𝜏d (𝑧𝑘−𝜏d , . . . , 𝑧𝑘)−1)

𝑐
−
√︁
𝑓 ,

where 𝜂 > 0 and 𝑝 ≤ 𝜏n < 𝜏d represent numerator and denominator window lengths. Σ𝜏n and Σ𝜏d are the sample
variances of the respective window lengths, and the threshold constant 𝑓 is described in [6, 25]. The constant 𝑐, based
on the windows lengths is described in [6]. The estimator coefficients 𝜃 can be written in the block observable canonical
form with matrices 𝐴̂𝑘 , 𝐵̂𝑘 , and 𝐶̂𝑘 given by

𝐴̂𝑘 ≜



−𝐹̂1,𝑘 𝐼𝑝 · · · · · · 0𝑝×𝑝

... 0𝑝×𝑝

. . .
...

...
...

. . .
. . . 0𝑝×𝑝

...
...

. . . 𝐼𝑝

−𝐹̂𝑛̂,𝑘 0𝑝×𝑝 · · · · · · 0𝑝×𝑝


, 𝐵̂𝑘 ≜


𝐺̂1,𝑘

𝐺̂2,𝑘
...

𝐺̂ 𝑛̂,𝑘


, (10)

𝐶̂𝑘 ≜
[
𝐼𝑝 0𝑝×𝑝 · · · 0𝑝×𝑝

]
. (11)

B. Model Predictive Control
Model predictive control (MPC) uses a model of the system to optimize the future performance over a time horizon.

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 enforces constraints on the control input and plant
outputs [26–29]. At step 𝑘, PCAC uses the identified model 𝐴̂𝑘 , 𝐵̂𝑘 , and 𝐶̂𝑘 . As in [1], receding-horizon optimization is
performed using quadratic programming (QP), which is a convex optimization technique. This optimization determines
the control input 𝑢𝑘+1 at the next time step, while also attempting to satisfy constraints on the state and control input

To describe QP-based MPC, let R𝑘,ℓ ≜
[
𝑟T
𝑘+1 · · · 𝑟

T
𝑘+ℓ

]T
∈ Rℓ 𝑝t be the vector of future commands over the

horizon ℓ, let 𝑌1 |𝑘,𝑙 be the corresponding 𝑙-step predicted output for a sequence of 𝑙 future controls, 𝑈1 |𝑘,𝑙 , and let
𝑌t,1 |𝑘,ℓ ≜ 𝐶t,ℓ𝑌1 |𝑘,ℓ be the ℓ-step predicted output, where 𝐶t,ℓ ≜ 𝐼ℓ ⊗ 𝐶t ∈ Rℓ 𝑝t×ℓ 𝑝, ⊗ is the Kronecker product, and
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𝐶t𝑦𝑖 |𝑘 computes the tracking outputs from 𝑦𝑖 |𝑘 . Let Cℓ ≜ 𝐼ℓ ⊗ (C𝐶c) ∈ Rℓ𝑛c×ℓ 𝑝 , where 𝐶c𝑦𝑖 |𝑘 creates the constrained
outputs from 𝑦𝑖 |𝑘 , let Dℓ ≜ 1ℓ ⊗ D ∈ Rℓ𝑛c , and define the sequence of differences of control inputs as

Δ𝑈1 |𝑘,ℓ ≜
[
(𝑢1 |𝑘 − 𝑢𝑘)T · · · (𝑢ℓ |𝑘 − 𝑢ℓ−1 |𝑘)T

]T
∈ Rℓ𝑚. (12)

The QP-based MPC optimization problem is then given by

min
𝑈1|𝑘,ℓ

(
𝑌t,1 |𝑘,ℓ − R𝑘,ℓ

)T
𝑄

(
𝑌t,1 |𝑘,ℓ − R𝑘,ℓ

)
+ Δ𝑈T

1 |𝑘,ℓ𝑅Δ𝑈1 |𝑘,ℓ , (13)

subject to

Cℓ𝑌1 |𝑘,ℓ + Dℓ ≤ 0ℓ𝑛c , (14)
𝑈min ≤ 𝑈1 |𝑘,ℓ ≤ 𝑈max, (15)

Δ𝑈min ≤ Δ𝑈1 |𝑘,ℓ ≤ Δ𝑈max, (16)

where 𝑄 ≜

[
𝑄̄ 0(ℓ−1) 𝑝t×𝑝t

0𝑝t×(ℓ−1) 𝑝t 𝑃̄

]
∈ Rℓ 𝑝t×ℓ 𝑝t is the output weighting, 𝑄̄ ∈ R(ℓ−1) 𝑝t×(ℓ−1) 𝑝t is the cost-to-go

output weighting, 𝑃̄ ∈ R𝑝t×𝑝t is the terminal output weighting, 𝑅 ∈ Rℓ𝑚×ℓ𝑚 is the control-move-size weighting,
𝑈min ≜ 1ℓ ⊗ 𝑢min ∈ Rℓ𝑚, 𝑈max ≜ 1ℓ ⊗ 𝑢max ∈ Rℓ𝑚, Δ𝑈min ≜ 1ℓ ⊗ Δ𝑢min ∈ Rℓ𝑚, and Δ𝑈max ≜ 1ℓ ⊗ Δ𝑢max ∈ Rℓ𝑚.

III. Simulation Setup
All examples in this paper were computed using either ANSYS Fluent or xflow. Fluent is interfaced with the

MATLAB-based PCAC control code using a custom Fluent user-defined function (UDF) employing the MATLAB
Engine API. xflow is interfaced with PCAC using the MATLAB Engine API directly. In both cases, at each controller
timestep 𝑘 , the interface obtains measurements 𝑦𝑘 from the flow field, and provides it to PCAC. PCAC uses 𝑦𝑘 to
compute the performance variable 𝑧𝑘 , which it uses to compute the control inputs 𝑢𝑘 The interface then sends 𝑢𝑘
to the CFD solver, which applies the control input by modifying the associated actuator boundary conditions or by
modifying the mesh geometry. This paper considers an airfoil placed above a periodic traveling wave. The wave motion
is prescribed to model an airfoil flying over a static, wavy surface at a specified ground speed.

IV. Application of PCAC to Ground Effect Flight with Control Jet
In the following examples, we use ANSYS Fluent and consider the NACA 4414 airfoil at 10-deg angle of attack

with 1 m chord. This airfoil is placed 1 m above the wavy surface with amplitude of 0.5 m and and wavelength of 3 m.
We assume an idealized estimate of airfoil lift 𝑦𝑘 at each timestep. PCAC uses the estimate to compute the performance
variable 𝑧𝑘 . PCAC specifies the velocity 𝑢𝑘 of a control jet placed at the lower surface of the airfoil trailing edge and
oriented downwards toward the wavy surface. This jet can force air in either direction, with a negative sign indicating
flow into the airfoil. The wave motion induces a disturbance in the lift, approximately periodic with frequency dependent
on the traveling wave speed. The control goal is to use only the idealized lift estimate to actuate the jet in order to reject
the disturbance in airfoil lift.

Figure 2 shows the mesh, which extends for approximately 9 chords in front, behind, and above the airfoil. The
control jet is represented by a velocity inlet boundary condition, with the velocity being specified at each time step by
PCAC. The airfoil surface is represented with a no-slip wall. The wave surface is represented with a zero-sheer wall.
The wave motion is defined such that each cell bounding the wave moves vertically in a phase such the the wave travels
downstream at a velocity equal to the prescribed airfoil ground speed. However, because the mesh cells themselves do
not translate downstream, the flow must be allowed to slip along the wall boundary, otherwise, a non-physical boundary
layer would form on the wave surface.

Example 1. IGE Flight under Constant Conditions. In this example, we consider steady flight (constant speed,
altitude, and pitch) without additional disturbances. Here, PCAC operates with a lift setpoint that is approximately
the average of the uncontrolled oscillating lift. The control objective is to reduce the magnitude of the lift oscillations
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Fig. 2 Full Fluent case mesh (left) and mesh zoomed to airfoil region (right).

without using the jet to apply a bias to the generated lift. The wave speed and freestream velocity are synced at 50
m/s. This induces an apparent wave frequency of 16.667 Hz at the airfoil and an associated disturbance in lift near the
same frequency. Figure 3 shows the sensor measurements, requested control input, model coefficients estimated by
RLSID, and RLS forgetting factor. A clear disturbance is present in the airfoil lift before the controller is enabled at 0.3
s. Within 0.2 s, the magnitude of this disturbance is reduced by PCAC. Figure 4 shows the measurements and spectrum
of the lift for the controlled and uncontrolled case, with a peak in the spectrum at the apparent wave frequency. ⋄

Fig. 3 Example 1: (a) shows that the oscillations in the lift are reduced following a transient when the controller
is enabled (green line). (b) shows the PCAC-commanded control-jet velocities. (c) shows the time histories of
the numerator (blue) and denominator (red) coefficients of the identified model. (d) shows the variable-rate
forgetting factor, which is inactive in this scenario.

Example 2. IGE Flight with Constant Headwind. Reconsider Example 1 with the freestream velocity increased to
60 m/s while maintaining the wave speed of 50 m/s, representing the airfoil flying with 50-m/s ground speed and a
10-m/s headwind. The commanded lift is increased to the new average uncontrolled lift. All controller hyperparameters
remain identical to those used in Example 1.

Figure 5 shows the sensor measurements, requested control input, model coefficients estimated by RLSID, and RLS
forgetting factor. A clear disturbance is present in the airfoil lift before the controller is enabled at 0.3 s. Within 0.2 s,
the magnitude of this disturbance is reduced by PCAC. ⋄
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Fig. 4 Example 1: Open- and closed-loop lift measurements (a) and PSD of the lift estimates in the controlled
and uncontrolled cases (b). A peak is present near the disturbance frequency of 16.667 Hz. At this frequency, the
controller achieves approximately 26 dB suppression over the last 1000 samples. This suppression is at the cost of
spillover between 100 and 200 Hz, consistent with the Bode integral constraint.

Fig. 5 Example 2: (a) shows that the oscillations in the lift are reduced following a transient when the controller
is enabled (green line). (b) shows the PCAC-commanded control-jet velocities. (c) shows the time histories of
the numerator (blue) and denominator (red) coefficients of the identified model. (d) shows the variable-rate
forgetting factor which is inactive in this scenario.

Example 3. IGE Flight under Acceleration. Reconsider Example 1 with the airfoil undergoing acceleration
in-ground-effect flight between two phases of constant-speed flight. In this example, the airfoil accelerates from 50 m/s
to 60 m/s in 1 s. No wind is assumed, so the freestream velocity and wave speed both increase in sync. In each of the
constant-speed phases, the commanded lift is approximately the average of the uncontrolled lift. In the acceleration
phase, the commanded lift increases linearly between the commands of the constant speed phases. Figure 6 shows the
sensor measurements, requested control input, model coefficients estimated by RLSID, and RLS forgetting factor. A
clear disturbance is present in the airfoil lift before the controller is enabled at 0.3 s. Within 0.2 s, the magnitude of this
disturbance is reduced by PCAC. Figure 7 shows a comparison of the lift between the controlled and uncontrolled case.
Figure 8 shows the spectrum of the lift for the controlled and uncontrolled cases during each constant speed phase. In
each phase, a peak in the frequency response is visible near apparent wave frequency. ⋄
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Fig. 6 Example 3: (a) shows that the oscillations in the lift are reduced following a transient when the controller
is enabled (green line). (b) shows the PCAC commanded control jet velocities. (c) shows the time histories of
the numerator (blue) and denominator (red) coefficients of the identified model, where the inset plot shows the
identified model adapting as the airfoil accelerates. (d) shows the variable-rate forgetting factor which is inactive
in this scenario.

Fig. 7 Example 3: Open vs Closed loop lift measurements. The lift oscillation is suppressed in both constant-
speed phases and the acceleration phase.

V. Application of PCAC to Ground Effect Flight with Flap Actuator
We also consider an alternate actuation, a trailing-edge flap, to suppress oscillations in the lift. For this case, the

simulations are done using xflow, a high-order discontinuous Galerkin finite-element code [30]. The airfoil is a NACA
0012 flying in subsonic conditions, 𝑀 = 0.5. The governing equations are compressible Euler, and both the moving
wall and the flap actuation are simulated using an arbitrary Lagrangian-Eulerian mesh motion capability [31, 32]. The
units for this problem are convenient O(1) quantities in which one time unit corresponds to the time taken by flow
moving at freestream speed to traverse the airfoil chord. For convenience, we call this time unit seconds.

Figure 9 shows the computational mesh, which is unstructured and generated using metric-based mesh optimiza-
tion [33] under the conditions of steady-state, flat-ground, and zero-flap deflection. With the moving ground, the lift
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Fig. 8 Example 3: PSD of the lift estimates in 50 m/s phase (a) and 60 m/s phase (b). In both plots, a peak
is present near the apparent wave frequencies of 16.667 Hz and 20 Hz respectively. At 50 m/s, the controller
achieves a suppression of approximately 14 dB over the last 500 samples before acceleration. At 60 m/s, the
controller achieves a suppression of approximately 20 dB over the last 500 samples.

coefficient exhibits oscillatory behavior.

Fig. 9 Flap actuator test case setup in xflow, showing the computational mesh, solution snapshot, and lift
coefficient time history.

Example 4. IGE Flight under Constant Conditions. In this example we consider again the case of steady flight
without additional disturbances. The oscillatory behavior of the lift coefficient is made more clear in Figure 10, which
shows the open-loop results before the controller is turned on. The oscillations in the lift are due to the proximity of the
lower boundary, which consists of a travelling sinusoidal wave. When PCAC is turned on at 0 s, the flap deflection
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exhibits seemingly oscillatory behavior as PCAC begins to learn the system dynamics. At this time, the lift coefficient
continues to oscillate, with additional higher harmonics and aperiodic behavior. Around 40 s, the controller settles
in on a periodic flap deflection that damps out the lift oscillations. After this time, although the lift is not completely
constant, the oscillations are minor compared to the open-loop case. Figure 10 also shows the model parameters and
forgetting factor. We see an initial slow change in the model parameters until the forgetting becomes active, at which
point the model parameters oscillate wildly. Following the oscillations, the parameters converge to steady-state values at
approximately the same time that the lift oscillations are suppressed.

Fig. 10 Example 4: (a) shows that the oscillations in the lift are reduced following a transient when the controller
is enabled. (b) shows the PCAC commanded control jet velocities which oscillate. (c) shows the time histories of
the numerator (blue) and denominator (red) coefficients. (d) shows the variable-rate forgetting factor, which is
active between 25 and 30 s where 𝜆𝑘 < 1.s

VI. Conclusions
This paper considered the ability of PCAC to suppress oscillations in lift due to in-ground-effect flight over a wavy

surface. The paper considered the cases of steady flight, steady flight with a headwind, and accelerating flight. The
paper also considered control-jet actuation and flap actuation. In all cases, PCAC suppressed oscillations without
the need for either analytical modeling or data-intensive offline training. This ability shows that PCAC is potentially
effective for IGE flight in complex, realistic situations.
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