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This paper describes autonomous unmanned aerial vehicle (UAV) guidance technologies developed and demon-
strated in a flight test sponsored by the DARPA Software Enabled Control program. The flight experiment took
place in June 2004 using a Boeing UAV testbed and demonstrated important autonomy capabilities enabled by
a receding horizon guidance controller and fault detection filter. The receding horizon controller (RHC) design
process is presented in detail as well as demonstration scenarios which were designed to exercise and evaluate the
primary functionalities of the control system. Simulation results of the key capabilities are shown and compared
with recorded flight data for evaluation purposes. Hardware-in-the-loop simulations and other high-fidelity test run
results illustrate secondary capabilities such as controller reconfiguration due to actuator fault and maneuvering
limit enforcement using output constraints in the receding horizon approach.

Nomenclature
A, B, C, D = linear-time-invariant (LTI) prediction model

state matrices
Ak, Bk, Ck, Dk = linear-time-varying (LTV) prediction model

state matrices
Ak,Bk, Ck,Dk = augmented LTV prediction model state

matrices
Az, bz = matrix and vector characterizing linearized

maneuvering limits
Ã, B̃ = state matrices of linearized kinematics
d = additive output disturbance estimate
g = gravitational constant
Hc = control prediction horizon
Hp = output prediction horizon
ḣ = altitude rate
J = quadratic cost function
Kh = coordinate frame for altitude navigation
Kζη = coordinate frame for north-east navigation
nx = longitudinal acceleration
ny = lateral acceleration
nz = normal acceleration
Q, R = receding horizon control (RHC)

weighting matrices
r = commanded input signals of the

prediction model
Ts = sampling time
u = control inputs of prediction model

with hard constraints
V = ground speed
w = augmented linear prediction model outputs
y = outputs of prediction model for tracking
z = soft constrained outputs of prediction model
α = angle of attack
β = sideslip
γ = flight-path angle
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�r = commanded input signal changes of the
prediction model

δHc = blocking parameter
ε = slack variable for soft constraint formulation
ζ = local north coordinate
η = local east coordinate

 = longitude
λ = latitude
λ0, 
0, h0 = RHC engagement point in WGS-84

coordinates
ρ = slack variable coefficient in cost function
 = scheduling variable of parameter-varying

prediction model
φ = bank angle
χ = heading
χ̇ = turn rate
(˜) = deviations from trim values
(ˆ) = predicted variables
(¯) = upper limit on variables
( ) = lower limit on variables

Subscripts

cmd = command signals
DS = discrete-time LTI identified DemoSim

state matrices
DStrim = DemoSim trim values
DS0 = output trim adjusted DemoSim state matrices
d = input-delay adjusted DemoSim state matrices
f = faulty state matrices and signals
k = time step
ref = reference tracking signals
0 = trim variables of kinematics linearization

Superscript

o = DemoSim state matrices including soft
constrained outputs

I. Introduction

I NTEREST in the use of unmanned aerial vehicles (UAVs) has
grown significantly in the last decade. Currently most UAVs are

used for military surveillance and reconnaissance in practice, but
the range of possible civilian applications is also promising. Cur-
rent UAV systems are either remotely operated by a human pilot
or rely on rudimentary guidance technologies that limit the number
of vehicles used and the flexibility needed to accomplish complex
mission tasks in the near future.1
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One of the main technological goals of improving the capabili-
ties of currently operational UAVs is to increase their autonomy by
providing more advanced guidance systems: in particular, to enable
the application of advanced control design methods that respect con-
straints of the vehicle dynamics and allow systematic design of con-
tingencies (e.g., reconfiguration) in case a fault occurs in the system.
These technologies are essential elements of a high-performance,
high-risk autonomous aerial vehicle system.

Advances in software and computational power have provided
the basis that is critical in implementing state-of-the-art control
algorithms. To this date, very few advanced guidance and fault-
detection concepts have been evaluated in flight tests on actual
vehicles.2−5

The technologies described in this paper were developed and
implemented as part of the Defense Advanced Research Projects
Agency (DARPA) Software Enabled Control (SEC) program.6 The
focus of our efforts during the five-year program was online control
customization for UAVs. Advances in this field have enabled a dra-
matic increase in military effectiveness by increasing the level of
autonomy in UAVs, probability of mission success and survivabil-
ity, and expanding the range of UAV missions while reducing air
vehicle fatigue and life-cycle costs. The benefits to the military in-
clude use of extremely aggressive maneuvering of UAVs to achieve
mission directives, accommodation of goal changes in real-time,
life-extending control, and a reduced need for hardware redundancy
while allowing more complex control strategies without increased
software production and verification costs. A key component of the
project was the development of the Open Control Platform (OCP)
middleware,7 which enabled seamless integration of our control
algorithms in a real-time embedded environment, and the demon-
stration of advanced guidance capabilities on a full-scale aircraft
equipped with actual future UAV avionics and software.

The paper is organized as follows. First, a brief description of
Boeing’s UAV testbed is given in Sec. II, followed by the receding
horizon guidance controller design in Sec. III. Section IV explains
the experimental scenario that formed the basis of the flight demon-
stration. It presents high-fidelity simulation results, hardware-in-
the-loop, and actual flight-test data as well.

II. UAV Testbed and OCP Software Environment
The aircraft used for the flight-test experiments is a modified

T-33 two-seat jet trainer equipped with components of the Boeing
X-45 UCAV unmanned aerial vehicle avionics and an autopilot. The
autopilot provides several control functionalities such as altitude,
velocity, heading, and turn-rate tracking. These different command
types and functionalities are accessible through Boeing’s OCP.7 The
OCP served as a software integration framework for flight code
development and desktop simulations as well, besides hosting and
interfacing the final flight code implementation.

A standard laptop computer served as the onboard, real-time flight
controller hosting the OCP and the guidance algorithms. The guid-
ance system produces the velocity, and turn-rate and altitude com-
mands of the aircraft to follow a reference trajectory.

In the testing and control design phase, simulations were per-
formed using a nonlinear black-box executable model of the T-33
aircraft integrated with the autopilot provided by Boeing. This open
vehicle simulation model represents the nonlinear closed-loop air-
craft dynamics and will be referred to as DemoSim.

The receding horizon control (RHC) based guidance system was
designed based on identified linear time-invariant closed-loop ve-
hicle dynamics using DemoSim and the techniques presented in
Ref. 8. Reference 9 contains a detailed description of the identifi-
cation process. The nonlinear operational constraints of the vehicle
were approximated by linear expressions as described in Sec. II.B.

A. DemoSim Modeling
The inputs to the identified linear-time-invariant (LTI) DemoSim

model are Vcmd, χ̇cmd, and ḣcmd. The model outputs are V , χ , and
γ . A representation of these variables is depicted in Fig. 1 using a
fixed local coordinate frame.

Fig. 1 Representation of De-
moSim model input and output
variables in a local coordinate
frame.

Fig. 2 T-33/UCAV airspeed flight envelope in terms of altitude and
Mach.

The linear DemoSim dynamics was identified at the following
input-output trim values:

VDStrim = 505 ft/s

χ̇DStrim = 0 rad/s, χDStrim = (π/2) rad

ḣDStrim = 0 ft/s, γDStrim = 0 rad (1)

B. Characterization of Flight Envelope Constraints
The approximate nonlinear flight envelope limits of the DemoSim

model were characterized and represented by a collection of linear
constraints that could be accommodated by the RHC formulation.
The most important constraints to be characterized and enforced
by any chosen control approach were found to be the following:
1) flight envelope limits in terms of altitude and airspeed, 2) limits
on maximum bank angle, 3) minimum and maximum vertical and
longitudinal acceleration limits, and 4) any other important limita-
tions induced by the autopilot in DemoSim.

Figure 2 shows the flight envelope of the T-33 aircraft augmented
with the UCAV avionics and autopilot. The actual flight envelope
limits were restricted to the shaded area for the purpose of the flight-
test demonstration.

These flight regime constraints were respected by choosing a
reference trajectory that lies between the minimum and maximum
altitude limits. The constraints on minimum and maximum velocity
were imposed by limiting the allowable deviations (±100 ft/s) from
the trim velocity value (approximately 500 ft/s). These limits were
incorporated into the controller in terms of ground speed.

The main objective of characterizing the remaining three types
of constraints was to arrive at formulas that could be approximated
with linear expressions of the DemoSim model output variables and
their derivatives.

Based on the limited information available about the autopi-
lot incorporated into DemoSim, the following assumptions were
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reasonable to make:
1) Angle of attack can be considered zero α ≈ 0.
2) The aircraft performs coordinated turns; therefore, the side

force and sideslip angles are approximately zero ny ≈ 0, β ≈ 0.
Hence in level flight (γ = 0)

V χ̇/g = tan φ (2)

Using these assumptions, the following three equations represent
different types of constraints

1) Longitudinal acceleration constraint:

nx g = V̇ + g sin γ (3)

2) Turn constraint equation:

0 = cos φ · V χ̇ cos γ − sin φ(V γ̇ + g cos γ ) (4)

3) Vertical acceleration constraint equation:√
(V χ̇/g)2 + (V γ̇ /g cos γ + 1)2 = −nz/cos γ (5)

Reference 9 contains a detailed derivation of these approximate
nonlinear flight envelope limits.

By studying the behavior of DemoSim and running extensive
simulations, the following set of limitations on velocity, vertical
acceleration, and bank angle were determined:

Vmax = 630 ft/s, Vmin = 340 ft/s

nz,max = 1.4 g, nz,min = 0.6 g

φmax = 32 deg, φmin = −32 deg (6)

The flight-path angle γ was also limited to approximately ±2 deg.
With these limits in mind and using the small angle approximation

cos γ ≈ 1, we arrive at the nonlinear expressions that serve as the
basis for characterizing the important constraints to be enforced by
the controller. Using Eqs. (2), (4), (5) and the limits in Eq. (6) leads
to the following inequalities in the three variables of V, χ̇ , and γ̇ :

Vmin < V < Vmax (7a)

g tan φmin

Vmin

< χ̇ <
g tan φmax

Vmin

(7b)

(nz,ming)2 < (V χ̇)2 + (V γ̇ + g)2 < (nz,maxg)2 (7c)

tan φmin <
V χ̇

V γ̇ + g
< tan φmax (7d)

[The constraint on longitudinal acceleration (nx ) in Eq. (3) is re-
spected only indirectly by limiting the change of velocity command.]

Figure 3 represents the different types of constraints that were
considered. Constraint type 1 represents bank angle φ limits based
on the inequalities in Eq. (7d), and constraint type 2 shows vertical
acceleration limitations imposed by Eq. (7c). Constraint type 3 was
discovered after running extensive simulations with DemoSim. We
could not explain this phenomenon using mathematical formulas;
however, its limiting effect could be approximated with straight lines
very well in the given coordinate frame. This limitation is likely in-
duced by the autopilot in situations when the aircraft is trying to pitch
down (nz approaches its minimum), while turning hard (large χ̇ ).

Because the coordinate axes each depend on two variables and
both axes share velocity as one of the variables, the shape of non-
linear constraints can be visualized in a three-dimensional plot. The
individual axes in this case are the three variables V, χ̇ , and γ̇ .
This three-dimensional characterization of constraints is illustrated
in Fig. 4. The “front” and “back” facets of the shape representing
Vmin and Vmax limits are not shown in this or any subsequent plots
for better visibility. Notice that the χ̇min and χ̇max limits (7b) become
“active” in forming the boundary of this nonconvex region near the
edges at lower velocity and positive γ̇ values.

Fig. 3 Characterization of nonlinear constraints (2D).

Fig. 4 Characterization of nonlinear constraints (3D).

The quadratic programming (QP)-based RHC framework de-
scribed later in Sec. III requires constraints to be formulated as linear
inequalities involving the decision variables. The objective of rep-
resenting the nonlinear constraints by linear expressions using the
aforementioned three variables was achieved by finding a polyhe-
dron that is an inner approximation of the nonconvex feasible region
shown in Fig. 4. The resulting polytope, which is constructed from
a small number of halfspaces compromising approximation accu-
racy, is depicted in Fig. 5. (Note that the bounding planes associated
with Vmin, Vmax limits are not displayed. Hyperplanes representing
χ̇min and χ̇max limits are also not shown, because other facets of the
polytope rendered these redundant.) The number of half-spaces that
characterize the polytope and represent linear constraints in terms
of the three variables were kept small to allow the complexity of the
problem to be maintained at a manageable size.

Using the half-space representation of the inner polyhedral ap-
proximation to the nonconvex constraint set, the original nonlin-
ear maneuver limits can be characterized by the following linear
inequality:

Az

⎡⎣V

χ̇

γ̇

⎤⎦ ≤ bz (8)

where Az ∈ R10 × 3 and bz ∈ R10. This inequality represents 10 half-
space constraints, six of which are depicted in Fig. 5. The remaining
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four are the maximum and minimum limits on velocity V and turn
rate χ̇ .

C. Prediction Model
The prediction model was chosen to accommodate two important

requirements. It has to provide a reasonably accurate description
of the dynamic relationship between the control inputs of the test
platform and the output signals of interest, which include position
coordinates for tracking performance and other variables used for
describing maneuvering constraints. At the same time, it has to be
simple enough to limit the complexity of the optimization problem
that is solved online in a receding horizon fashion.

These objectives were captured by constructing the prediction
model from the identified LTI DemoSim dynamics and a flat-Earth
kinematic model. Using linearized kinematics that were updated
at every time step, a discrete-time linear time-invariant prediction
model was derived. Although this model was fixed throughout the
prediction horizon of the optimization problem, the updates to the
linearized kinematics part rendered the prediction model a linear
parameter-varying system, which depended on the current velocity,
heading, and flight-path angle values.

The continuous-time nonlinear prediction model, composed of
the LTI dynamics and the nonlinear kinematics, is depicted in Fig. 6.

Fig. 5 Inner polyhedral approximation of nonlinear constraints (3D).

Fig. 6 Nonlinear prediction model.

Fig. 7 Linearized prediction model.

The tilded input and output variables of the LTI DemoSim model
represent deviations from the trim values:

Vcmd = VDStrim + Ṽcmd, V = VDStrim + Ṽ (9a)

χ̇cmd = χ̇DStrim + ˜̇χ cmd, χ = χDStrim + χ̃ (9b)

ḣcmd = ḣDStrim + ˜̇hcmd, γ = γDStrim + γ̃ (9c)

A schematic diagram of the linearized prediction model is shown
in Fig. 7. Note the nonlinear kinematics are linearized around fixed
V0, χ0, γ0 values that represent current measurements. The inputs
fed into the linearized kinematics model represent the differences
between the true values predicted by the LTI DemoSim model (af-
ter addition of trim values) and the current measurements used for
linearization:

Ṽ0 = (VDStrim + Ṽ ) − V0 (10a)

χ̃0 = (χDStrim + χ̃) − χ0 (10b)

γ̃0 = (γDStrim + γ̃ ) − γ0 (10c)

The linearized model was discretized using the discrete-time iden-
tified DemoSim dynamics and approximating the continuous-time
nonlinear kinematics around fixed V0, χ0, γ0 values with the follow-
ing forward-Euler discretized linear system:⎡⎢⎣ζ̃ (k + 1)

η̃(k + 1)

h̃(k + 1)

⎤⎥⎦ = Ã

⎡⎢⎣ζ̃ (k)

η̃(k)

h̃(k)

⎤⎥⎦ + B̃

⎡⎣Ṽ0(k)

χ̃0(k)

γ̃0(k)

⎤⎦ (11)

where

Ã = I3, B̃ = Ts ·

⎡⎢⎣Cχ0
Cγ0

−V0 Sχ0
Cγ0

−V0Cχ0
Sγ0

Sχ0
Cγ0

V0Cχ0
Cγ0

−V0 Sχ0
Sγ0

Sγ0
0 V0Cγ0

⎤⎥⎦ (12)

In Eq. (12), the sampling time Ts is 0.5 s, and C( ), S( ) are short
notation for cos( ) and sin( ), respectively.

The addition of DemoSim trim values and the subtraction of
the current measurement values at the output of the LTI DemoSim
model were implemented by augmenting the LTI dynamics with ex-
tra states (integrators with zero inputs), which were subtracted from
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the model outputs. The state values were updated every time step
based on the difference between DemoSim trim values and current
measurements. Denote the original discrete-time LTI DemoSim ma-
trices with ADS, BDS, CDS, DDS, and using ADS0, BDS0, CDS0, DDS0

to denote the augmented dynamics that adjusts the output values
based on current measurements (V0, χ0, γ0) leads to

ADS0 =
[

ADS 0

0 I3

]
, BDS0 =

[
BDS

0

]
CDS0 = [CDS −I3], DDS0 = DDS (13)

The estimated time delays associated with the pilot model and
data processing by the onboard avionics were accounted for by aug-
menting the discrete-time DemoSim dynamics with extra states. The
command input time delays were characterized as integer multiples
of the sampling time Ts . Assuming a time delay of nd samples af-
fecting each input channel, the state-space matrices of the DemoSim
dynamics were augmented as

Ad =

⎡⎣ADS0 BDS0 0

0 0 I3(nd − 1)

0 0 0

⎤⎦ , Bd =

⎡⎣ 0

0

I3

⎤⎦
Cd = [CDS0 DDS0 0], Dd = 0 (14)

Since the nonlinear kinematics part of the prediction model was
always linearized around the current measurements of V0, χ0, γ0, the
outputs of this augmented, modified LTI DemoSim model could be
fed directly into the linearized kinematics model. In other words, the
complete linear prediction model could be obtained by the following
augmentation of the state-space matrices:

A =
[

Ad 0

B̃Cd Ã

]
, B =

[
Bd 0

B̃ Dd 0

]
C = [0 I3], D = [0 I3] (15)

Additional disturbance inputs were added in the preceding formulas
(15) to model additive output disturbance that affects the plant.

The states associated with the DemoSim dynamics part of the pre-
diction model were updated using a linear-time-invariant observer
that relied on the control inputs sent from the RHC controller to
the plant (Vcmd, χ̇cmd, ḣcmd) and measurements of ground speed V ,
heading angle χ , and flight-path angle γ . Note the flight-path angle
could not be measured directly on the test platform, and so a con-
version from ground speed and altitude rate measurements was per-
formed to obtain flight-path angle according to γ = arcsin(ḣ/V ).
The input-output scheme of the RHC controller and the observer
are shown in Fig. 8.

The T-33 test platform avionics provides global-positioning-
system (GPS) position measurements in terms of latitude λ, lon-
gitude 
, and altitude h using the WGS-84 system. These measure-
ments were converted to north ζ , east η, and altitude h values to
be compatible with the coordinate frame of the reference trajectory.
The north and east coordinates were obtained by the transformation
of the geodetic measurements (GPS) into an NEU (north-east-up)
local Cartesian coordinate frame that had its origin at the point
in space where the RHC controller is engaged (λ0, 
0, h0). This

Fig. 8 RHC controller and observer.

Fig. 9 Navigation frames for north, east, and altitude coordinates.

flat-Earth coordinate frame for north-east navigation is depicted in
Fig. 9 as Kζη. The geodetic GPS altitude measurements however
were used directly, without any further conversion. This geodetic
coordinate frame for altitude navigation is also illustrated in Fig. 9
and denoted by Kh . The states associated with the position integra-
tors of the linearized prediction model were always initialized at
zero (i.e., current position).

The output signals of the entire linear prediction model were
assigned to three objective groups denoted by u, z, and y. These
correspond to hard actuator or other input constraints, maneuvering
limits, and tracking performance, respectively. The commanded in-
put signals are denoted by r . The prediction model in Eq. (15) has
only y outputs for tracking performance.

y =

⎡⎢⎣ζ̃

η̃

h̃

⎤⎥⎦ , z = Az

⎡⎣V

χ̇

γ̇

⎤⎦

u = r =

⎡⎢⎣Ṽcmd

˜̇χ cmd

˜̇hcmd

⎤⎥⎦ , �r =

⎡⎢⎣�Ṽcmd

� ˜̇χ cmd

� ˜̇hcmd

⎤⎥⎦ (16)

Note that outputs z used to define maneuvering limits were not in-
cluded in the flight code. These output constraints were implemented
only for testing in high-fidelity simulations, as described in more
detail in Secs. III.D and IV.

The parameter variance of the prediction model, because of lin-
earization of nonlinear kinematics, is characterized by the nominal
velocity V0, heading χ0, and flight-path angle γ0, around which
the kinematic model was linearized. The parameter dependence is
present in the B̃ matrix of the linearized kinematics model (12). De-
noting the vector of parameters with (k) = [V0(k) χ0(k) γ0(k)]T ,
the linearized discrete-time prediction models have the form

x(k + 1) = Ak x(k) + Bkr(k),

⎡⎣y(k)

z(k)

u(k)

⎤⎦ = Ck x(k) + Dkr(k)

(17)

where the parameter dependency of the prediction model is indicated
by the subscript k, meaning

Ak = A((k)), Bk = B((k))

Ck = C((k)), Dk = D((k))

III. RHC-Based Guidance Design
Receding horizon control techniques, also known as model pre-

dictive control (MPC) or model based predictive control methods,
have been in the limelight of significant research efforts, motivated
by several successful industrial applications.10−13 The process in-
dustry provided a perfect fit for these algorithms that respected criti-
cal process constraints to achieve safer and more efficient operation
of industrial plants. These applications were not only “well suited”
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for RHC methods but because of their relatively slow dynamics
(large time constants) the significant computational effort of repeti-
tive optimization, which is inherently involved in receding horizon
approaches, could be accommodated by the relatively infrequent
updates of the control signal.

Online optimization performed within RHC schemes allows con-
trol engineers to incorporate in the problem formulation and address
physical process constraints explicitly. Furthermore, the flexibility
of this solution approach lends itself to online reconfiguration and
adaptation to changes in the environment such as updates to pro-
cess models and constraints. These characteristics make receding
horizon control schemes attractive for potential application in ar-
eas, in which process constraints and performance are critical, yet
currently addressed with classical control techniques. In the past few
decades it became apparent that predictive control methods possess
qualities that could be utilized in more complex, nonlinear applica-
tions, possibly with much faster dynamics such as autopilot flight
controls14 or autonomous UAV guidance. A main consideration of
RHC schemes is real-time implementation, that is, whether suffi-
cient computational resources are available to accommodate repeti-
tive solution of the optimization problem within each sampling time
interval. The software infrastructure mentioned in Secs. II and III.B
enabled us to implement the chosen RHC formulation in real time,
which will be described in Sec. III.A.

The objective of the RHC control design was to track a time-
stamped three-dimensional position reference trajectory in the pres-
ence of constraints that limit the maneuverability of the aircraft. Ve-
hicle guidance and trajectory tracking had to be performed using the
identified guidance-level vehicle model described in the preceding
section, while explicitly accounting for the actual vehicle maneu-
vering capabilities such as flight envelope and dynamics constraints.
Secondary capabilities included output constraint enforcement and
reconfiguration based on actuator fault detection, which were tested
in high-fidelity simulations only.

A. Problem Formulation
The position reference trajectory was specified in terms of north,

east, and altitude coordinates in a local NEU coordinate frame rel-
ative to the point in space where the controller is engaged. The
reference position vector elements were placed 0.5 s apart from
each other in time. Denote the reference position trajectory values
by ζref(k), ηref(k), href(k) at time step k. The LTI prediction model
based RHC controller was required to track a linearized position
reference trajectory ζ̃ref(k), η̃ref(k), h̃ref(k). This was generated by
subtracting the simulated output of the nonlinear kinematics from
the original reference trajectory. The nominal simulated trajectory
was calculated using fixed V0, χ0, γ0 values based on the current
measurements used for linearization. The linear reference trajec-
tory was therefore obtained by

(ζ̃ , η̃, h̃)ref(k) = (ζ, η, h)ref(k) − (ζ, η, h)0(k) (18)

where the nominal simulated trajectories were calculated by

ζ0(k) =
k∑

i = 1

Ts · ζ̇0(V0, χ0, γ0) (19a)

η0(k) =
k∑

i = 1

Ts · η̇0(V0, χ0, γ0) (19b)

h0(k) =
k∑

i = 1

Ts · ḣ0(V0, χ0, γ0) (19c)

The state values that represent the constant additive output distur-
bance in the prediction model were updated every time step based
on the following disturbance filter:

d(k + 1) = 0.99d(k) + 0.01din(k) (20)

where the input din(k) was determined from the following error
equation:

din(k) =

⎡⎣ζ(k)

η(k)

h(k)

⎤⎦
︸ ︷︷ ︸
pos. meas.

−

⎡⎣ζ0(k|k − 1)

η0(k|k − 1)

h0(k|k − 1)

⎤⎦
︸ ︷︷ ︸

nom. pos. pred.

−

⎡⎢⎣ζ̃ (k|k − 1)

η̃(k|k − 1)

h̃(k|k − 1)

⎤⎥⎦
︸ ︷︷ ︸

pred. lin. output

(21)

where ζ0(k|k − 1), η0(k|k − 1), h0(k|k − 1) are one-step ahead po-
sition predictions based on the nonlinear kinematics model and
V0(k − 1), χ0(k − 1), γ0(k − 1) measurements at time k − 1.

The optimization problem setup is based on the linear MPC for-
mulation of Ref. 13 with some modifications. In most linear pre-
dictive controllers, the performance is specified by the following
quadratic cost function to be minimized, which will also be adopted
here:

J (k) =
Hp∑

i = 1

‖ŷ(k + i | k) − yref(k + i | k)‖2
Q

+
Hc − 1∑

i = 0(δHc)

‖�r(k + i | k)‖2
R + ρε (22)

where ŷ(k + i | k) is the i-step ahead prediction of the outputs
based on data up to time k. Hp denotes the number of steps
in the output prediction horizon. These predictions of the out-
puts are functions of future control increments �r(k + i | k) for
i = 0, δHc, 2δHc, . . . , Hc − 1. The integer number of samples Hc

is called the control horizon; the control signal is allowed to change
only at integer multiples of δHc samples and is set to be constant
for all i ≥ Hc. This means that the future control signal has the form
of a stair-step function with steps occuring at δHc intervals. The
reference signal yref represents the desired outputs, and Q and R
are suitably chosen weighting matrices. For this specific applica-
tion, the optimization problem was specified using the following
parameters:

Hc = 1, δHc = 1, Hp = 40

Q =

⎡⎣0.01 0 0

0 0.01 0

0 0 1

⎤⎦ , R =

⎡⎣10 0 0

0 5 · 106 0

0 0 1

⎤⎦
The slack variable ε and its weight ρ are used for softening con-
straints. The exact purpose of the slack variable and weight in the
problem formulation will be clarified shortly.

To obtain the predictions for the signals of interest, a model of
the process is needed. By using a linear model, the resulting op-
timization problem of minimizing J (k) will be a QP problem, for
which fast and numerically reliable algorithms are available. The
linearized prediction model, introduced in Sec. II.C, is augmented
with extra states to fit the formulation in this RHC scheme. Three
integrators are added to convert the control changes �r into actual
control commands r , each one associated with the command in-
puts of velocity, turn rate, and altitude rate. A simple disturbance
model is incorporated to the state-space description of the predic-
tion model in Eq. (23), which assumes constant disturbances are
acting on outputs. The constant disturbance estimates are obtained
by filtering the difference between measured and predicted outputs,
as described by Eq. (21).

The disturbance model also serves to mitigate the effect of model
mismatch. The augmented linear prediction model has the following
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form:

ξ̂ (k + 1)︷ ︸︸ ︷⎡⎣x̂(k + 1)

d̂(k + 1)

r(k)

⎤⎦ =

Ak︷ ︸︸ ︷⎡⎣Ak 0 Bk

0 I 0

0 0 I

⎤⎦
ξ̂ (k)︷ ︸︸ ︷⎡⎣ x̂(k)

d̂(k)

r(k − 1)

⎤⎦+

Bk︷ ︸︸ ︷⎡⎣Bk

0

I

⎤⎦�r(k)

⎡⎣ŷ(k)

ẑ(k)

û(k)

⎤⎦
︸ ︷︷ ︸

ŵ(k)

=

⎡⎢⎣
∣∣I

∣∣
Ck

∣∣0∣∣Dk∣∣0∣∣
⎤⎥⎦

︸ ︷︷ ︸
Ck

⎡⎣ x̂(k)

d̂(k)

r(k − 1)

⎤⎦
︸ ︷︷ ︸

ξ̂ (k)

+ Dk︸︷︷︸
Dk

�r(k) (23)

As in most applications, there are level and rate limits on control
inputs. These are enforced as hard constraints

u ≤ û(k + 1 | k), . . . , û(k + Hp | k) ≤ ū (24)

�r ≤ �r(k), �r(k + δHc), . . . , �r(k + Hc) ≤ �r (25)

because the RHC algorithm has almost direct control over them.
(The optimization variables are the changes in control inputs.) Hence
there is no modeling uncertainty associated with this aspect of the
prediction model. Another type of constraint is also considered in
this specific application example represented by certain maneuver-
ing limits on the aircraft. The controller has to be versatile enough to
handle these limits that might be system-state dependent or change
according to different stages of a mission. The most important ma-
neuvering constraints of the T-33 testbed were characterized based
on the DemoSim open vehicle executable model. These constraints
arose mainly from vertical acceleration and bank angle limits. Al-
though the relationship between the control inputs and these vari-
ables is nonlinear, it could be approximated reasonably well with
linear expressions as described in Sec. II.B. This allowed their incor-
poration into the RHC problem formulation as output constraints.
It is vital that these limits are treated as soft constraints because
disturbances and model mismatch can easily lead to infeasibility
problems if hard constraints are included on these type of output
signals. Details of the soft output constraint formulation are pre-
sented in Sec. III.D and can also be found in Ref. 9. Note that the
actual flight code was flown without the inclusion of these type of
constraints.

The numerical values of the u output signal limits (representing
hard constraints) were specified as

u =

⎡⎣ −100 ft/s

−0.035 rad/s

−1000 ft/s

⎤⎦ , ū =

⎡⎣ 100 ft/s

0.035 rad/s

1000 ft/s

⎤⎦ (26)

Hard constraints were put on the optimization variables as well,
specifically,

�r =

⎡⎣ −4 ft/s2

−0.01 rad/s2

−1000 ft/s2

⎤⎦ , �r =

⎡⎣ 4 ft/s2

0.01 rad/s2

1000 ft/s2

⎤⎦ (27)

Constraint softening for the outputs z is accomplished by intro-
ducing an additional slack variable, which allows some level of
constraint violation if no feasible solution exists

z − ε ≤ ẑ(k + 1 | k), . . . , ẑ(k + Hp | k) ≤ z̄ + ε, 0 ≤ ε (28)

It is beneficial to use an ∞-norm (maximum violation) penalty on
constraint violations [as shown in Eqs. (22) and (28)] because it
gives an “exact penalty” method if the weight ρ is large enough.
This means that constraint violations will not occur unless no fea-
sible solution exists to the original “hard” problem. If a feasible
solution exists, the same solution will be obtained as with the hard
formulation.

B. Implementation Within the OCP
The RHC guidance algorithm was implemented using an appli-

cation programming interface developed specifically for receding
horizon control algorithms (RHC API) in a real-time environment
using the OCP. The RHC API provides an interface to an online
mathematical program solver by formulating a generic optimiza-
tion problem for receding horizon applications. Implementation of
the control algorithms is performed using three separate threads.
One of these is used to enable anytime scheduling of the online op-
timization solver while satisfying real-time requirements with the
other two hard real-time tasks. The reader is referred to Ref. 15 for
further details.

After creating the prediction model and formulating the RHC
problem, the optimization problem was translated to the formula-
tion used by the RHC API. To gain insight to the RHC problem, a
standard quadratic programming solution based on substitution is
shown next. Although this derivation does not represent the actual
process that was used within the RHC API to solve the problem,
some parts of this development were used in the flight code to obtain
predictions of the system for the disturbance estimator.

By using successive substitution, it is straightforward to derive
that the prediction model of inner-loop outputs (signals of interest)
over the prediction horizon is given by Eq. (29).

Denote parts of the state matrices Ck and Dk in Eq. (29) that
correspond to the predicted outputs ŷ(k), ẑ(k), û(k) in ŵ(k), with
an additional y, z, u subscript:

Ck =

⎡⎣Cky

Ckz

Cku

⎤⎦ , Dk =

⎡⎣Dky

Dkz

Dku

⎤⎦
Consider only those predicted outputs that appear in the performance
index:

ŷ(k) = Cky ξ̂ (k) + Dky�r(k)

Y(k) = [ŷ(k + 1 | k), . . . , ŷ(k + Hp | k)]T

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

ŵ(k + 1 | k)

ŵ(k + 2 | k)
...

ŵ(k + Hc | k)

ŵ(k + Hc + 1 | k)
...

ŵ(k + Hp | k)

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
︸ ︷︷ ︸

W(k)

=

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

CkAk

CkA2
k

...

CkAHc
k

CkAHc + 1
k
...

CkAHp
k

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
︸ ︷︷ ︸

�k

ξ̂ (k)

+

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

CkBk Dk · · · 0

CkAkBk CkBk Dk

...
...

...
. . .

. . .

CkAHc − 1
k Bk CkAHc − 2

k Bk · · · CkBk

CkAHc
k Bk CkAHc − 1

k Bk · · · CkAkBk
...

...
. . .

...

CkAHp − 1

k Bk CkAHp − 2

k Bk · · · CkAHp−Hc
k Bk

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
︸ ︷︷ ︸

�k

×

⎡⎣ �r(k | k)
...

�r(k + Hc − 1 | k)

⎤⎦
︸ ︷︷ ︸

�R(k)

(29)
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using only the corresponding Cky and Dky matrices in expression
(22). The prediction for these outputs has the form

Y(k) = �ky ξ̂ (k) + �ky�R(k) (30)

Substituting the predicted output in Eq. (30) into the cost function
of Eq. (22), we get a quadratic expression in terms of the control
changes �R(k):

J (k) = �R(k)THk�R(k) − �R(k)TGk + const + ρε (31)

where

Hk = �T
ky Qe�ky + Re, Gk = 2�T

ky QeE(k)

const = ET (k)QeE(k)

and E(k) is defined as a tracking error between the future tar-
get trajectory and the free response of the system, that is, E(k) =
Yref(k) − �ky ξ̂ (k). Qe and Re are block diagonal matrices of appro-
priate dimensions with Q and R on the main diagonal, respectively.
(These could be chosen parameter dependent also.)

Using the linear prediction model in Eq. (29), all of the constraints
in Eqs. (24) and (28) can be posed as linear constraints on the opti-
mization variables �R and ε. Finally, the QP to be solved at each
time step has the following form:

min
�R,ε

�RTHk�R + �RTGk + const + ρε

s.t.

[
Ωk,hard

Ωk,soft

]
�R ≤

[
ωk,hard

ωk,soft

]
+

[
0

ε

]
0 ≤ ε (32)

Note: The optimization yields �Ṽcmd, � ˜̇χ cmd, �
˜̇hcmd values,

which were integrated to get Ṽcmd, ˜̇χ cmd,
˜̇hcmd. The obtained ˜̇hcmd

value was further integrated to get h̃cmd. Trim values were added
to arrive at Vcmd, χ̇cmd, hcmd values, which could be directly imple-
mented on the T-33 autopilot.

1. Remarks
The problem formulation in the preceding section is a natural ex-

tension of a fixed LTI model-based RHC. The prediction at a certain
time step is based on a linear model that best describes the plant at
the actual flight condition, assuming that flight-condition-dependent
linear models are available for prediction. A fixed LTI model is used
over the entire prediction horizon, but it is updated according to the
values of the scheduling parameters (k) every time the horizon is
propagated, and the optimization is resolved based on new mea-
surement data. This approach leads to the QP problem in Eq. (32)
and the state matrices Ak , Bk , Ck , Dk describing the internal model
change in each implementation cycle. Usually a flight-condition-
dependent description of the plant dynamics can be obtained either
by freezing the scheduling parameters of a quasi-LPV model16 or
interpolating over a database of linearized models. In other cases
the nonlinear prediction model is simple enough to lend itself to
analytic linearization, while still retaining a reasonable prediction
accuracy. This latter approach was followed in our control solution.

We note that if an accurate prediction of the parameters that the
linear models depend on is available, this would allow for the pre-
diction model to vary over the prediction horizon. The optimization
problem could still be formulated as a quadratic program using
different state matrices of the internal model at each time step. Ob-
taining a reasonable prediction of the scheduling parameters is not
always easy; one could experiment with solving the problem first
with the fixed LTI model based RHC method and use the solution as
the prediction for the scheduling parameters. Our investigations in-
dicate that this extra effort does not lead to significant improvement
for the specific application example and horizon lengths consid-
ered. Moreover, even though the optimization problem complexity
is retained the additional computational overhead could undermine
real-time implementation of these ideas if the parameter-dependent

models are calculated using interpolation over a collection of linear
systems. Theoretical aspects of using LTV models for prediction in
an RHC-based tracking strategy are treated in Ref. 17. Treatment of
sufficient stability conditions for LPV model based RHC goes be-
yond the scope of this paper and can be found in Refs. 18–20. These
techniques typically make use of linear matrix inequalities, and the
results are published in Ref. 21. A practical application example is
reported in Ref. 22.

C. RHC Reconfiguration Based on FDI Output
A detailed description of the fault-detection (FD) filter design for

the flight demonstration can be found in Refs. 9, 23, and 24. For the
purpose of describing the RHC reconfiguration process based on FD
output, it suffices to say that at some point in the flight experiment a
simulated aileron actuator fault is inserted. This is implemented in
the flight control software by corrupting the turn rate command out-
put of the controller with the output of a fault model. The corrupted
control signal is then sent to the healthy aircraft; however, for the
controller it appears as if a fault has occurred in the aircraft. The
fault-detection filter was designed to detect this artificially inserted
fault when the aircraft reaches a certain segment of the reference
trajectory designed to excite the lateral fault dynamics and facilitate
the detection process.

The fault model is depicted in Fig. 10, which illustrates how the
turn rate control command is corrupted in the fault scenario.

The receding horizon controller was reconfigured when the
threshold residual of the detection filter indicated a fault after the
insertion of the simulated fault model at the appropriate segment
of the flight experiment. The reconfiguration process involved two
major changes to the RHC controller. The prediction model was up-
dated and augmented with additional dynamics to reflect the faulty
behavior of the aircraft. At the same time, more restrictive con-
straints were put on the turn rate control command to counteract the
corruption caused by the fault model and represent a less aggressive
control strategy. The u control signal limits given in Eq. (26) were
updated accordingly using ±0.027 rad/s turn rate limits associated
with the faulty model.

A description of modifications to the prediction model based on
incorporation of the fault dynamics follows. Based on modeling
considerations described in Ref. 9, the turn rate χ̇ input to heading χ
output channel of DemoSim was identified as a single-input single-
output (SISO) system, decoupled from other inputs and outputs. This
means that the state matrices describing the identified DemoSim
dynamics have the following structure:

ADS =

⎡⎣AV V 0 AV h

0 Aχχ̇ 0

Aγ V 0 Aγ h

⎤⎦ , BDS =

⎡⎣BV V 0 BV h

0 Bχχ̇ 0

Bγ V 0 Bγ h

⎤⎦

CDS =

⎡⎣CV V 0 CV h

0 Cχχ̇ 0

Cγ V 0 Cγ h

⎤⎦ , DDS =

⎡⎣DV V 0 DV h

0 Dχχ̇ 0

Dγ V 0 Dγ h

⎤⎦
(33)

Because of this decoupled structure, the faulty lateral DemoSim dy-
namics can be represented by the interconnection shown in Fig. 11,
where A f , B f , C f , D f stand for the state matrices of the SISO fault
model. The faulty lateral dynamics can be described by the following

Fig. 10 Fault injection diagram.
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Fig. 11 Lateral DemoSim dynamics after fault activation.

state matrices based on the interconnection in Fig. 11:

Aχχ̇, f =
[

Aχχ̇ Bχχ̇ C f

0 A f

]
, Bχχ̇, f =

[
Bχχ̇ (1 + D f )

B f

]
Cχχ̇, f = [Cχχ̇ Dχχ̇ C f ], Dχχ̇, f = [Dχχ̇ (1 + D f )] (34)

Using this representation, we can construct the modified pre-
diction model incorporating the faulty lateral dynamics by re-
placing Aχχ̇ , Bχχ̇ , Cχχ̇ , Dχχ̇ in the DemoSim state matrices with
Aχχ̇, f , Bχχ̇, f , Cχχ̇, f , Dχχ̇, f . The obtained faulty state matrices of
ADS, f , BDS, f , CDS, f , DDS, f are then used to build the complete pre-
diction model as described in Eqs. (13–15).

D. Flight Envelope Limits as Output Constraints
Flight envelope limits were characterized in Eq. (8) of Sec. II.B

as a collection of linear inequalities involving V, χ̇ , γ̇ . This means
that predictions for these variables are needed in order to implement
these constraints in the RHC framework.

State matrices of the original linear discrete-time identified
DemoSim model can be used to define the additional prediction
model outputs that are needed for constraint specifications. The
identified DemoSim model is described with state matrices ADS,
BDS, CDS, DDS corresponding to Ṽ , χ̃ , γ̃ outputs that represent de-
viations from trim values. Specifying a true ground speed V out-
put of the complete prediction model requires the addition of the
trim value to the identified LTI DemoSim model output variable:
V = VDStrim + Ṽ . Since the identified model has χ and γ outputs,
their derivatives could be approximated using the discrete-time state
matrices in the following way. Assume that a discrete-time LTI sys-
tem is described with state matrices A, B, C, D. If the D matrix is all
zero, then the derivative of the output signal y can be approximated
by

ẏ ∼ T −1
s �y = T −1

s (yk + 1 − yk) = T −1
s C(A − I )xk + T −1

s C Buk

(35)

where Ts is the sampling time. Because the DDS matrix of the iden-
tified DemoSim model is all zero, we can apply this method to for-
mulate new χ̇ , γ̇ outputs using the original identified state matrices.

Partition the original CDS, DDS identified DemoSim matrices with
respect to the individual outputs in the following way:

CDS =

⎡⎣CDS,V

CDS,χ

CDS,γ

⎤⎦ , DDS =

⎡⎣DDS,V

DDS,χ

DDS,γ

⎤⎦ (36)

Then form the matrices

Co
DS =

⎡⎢⎣ CDS,V

T −1
s CDS,χ (ADS − I )

T −1
s CDS,γ (ADS − I )

⎤⎥⎦ , Do
DS =

⎡⎢⎣ DDS,V

T −1
s CDS,χ BDS

T −1
s CDS,γ BDS

⎤⎥⎦
(37)

to create new augmented DemoSim matrices of

Ao
DS0 = ADS0, Bo

DS0 = BDS0

Co
DS0 =

[
CDS0

Co
DS 0

]
, Do

DS0 =
[

DDS0

Do
DS

]
(38)

which now have six outputs of the variables

[Ṽ0 χ̃0 γ̃0 Ṽ ˙̃χ ˙̃γ ]T

including the newly defined last three. The matrices in Eq. (38) will
replace the original ADS0, BDS0, CDS0, DDS0 matrices of Eq. (13)
in constructing the complete prediction model. This means that the
matrices Ad , Bd , Cd , Dd are constructed exactly as in Eq. (14), but
using the newly defined Ao

DS0, Bo
DS0, Co

DS0, Do
DS0 from Eq. (38). The

complete prediction model state matrices are then formed by

Ao =
[

Ad 0

B̃Cd1 Ã

]
, Bo =

[
Bd 0

B̃ Dd1 0

]

Co =
[

0 I3

AzCd2 0

]
, Do =

[
0 I3

Az Dd2 0

]
(39)

where Cd1, Dd1 correspond to the original three outputs and Cd2,
Dd2 to the newly created second three outputs of the matrices Cd ,
Dd . The complete prediction model of Eq. (39) describes the dy-
namic relationship between the control r and disturbance d in-
puts and the tracking y and soft constraint z outputs as defined
in Eq. (16):

xk + 1 = Aoxk + Bo

[
rk

dk

]
,

[
yk

zk

]
= Coxk + Do

[
rk

dk

]
(40)

The flight envelope limits can then be represented by lower and
upper limits on the z output signals

z = −∞, z̄ = bz − Az

⎡⎣VDStrim

0

0

⎤⎦ (41)

to be used in the soft constraint formulation of Eq. (28).

IV. Simulation and Experimental Results
A. Demonstration Scenarios

Figure 12 shows a bird’s eye view of the flight-test range and
the basic demonstration scenario elements. The timeline of events
starts with engaging the RHC controller in a prespecified area near
the ingress point once the starting conditions are met. The controller
tracks a time-stamped position reference trajectory while respect-
ing constraints on the vehicle dynamics. At a certain point along
the reference trajectory, a pop-up threat can be invoked by a ground
operator, which results in a switch to an alternative reference trajec-
tory that avoids the threat. After the target is reached with a specified
heading, a simulated fault was inserted into the system, which is de-
tected shortly thereafter at a trajectory segment designed specifically
for this purpose. After detection, the fault is removed and the aircraft
returned to the egress point.

In a second, more ambitious scenario, the fault is not removed
from the system after detection, and the RHC controller is recon-
figured to adapt to the faulty vehicle dynamics. Constraints are
also adjusted to restrict the aircraft’s maneuvers as described in
Sec. III.D. Description of the fault-detection filter design and test
results are omitted in this paper and can be found in Refs. 9, 23,
and 24.

The receding-horizon guidance controller was tested in simula-
tion with different wind conditions and showed excellent robustness.
Figure 13 shows how the true airspeed was adjusted according to
wind conditions to achieve the necessary ground speed required
for accurate tracking of the position reference. Constraint enforce-
ment under various wind conditions is also demonstrated in this
figure by the saturating turn rate command. The main limitations of
good performance at higher wind velocities are the flight envelope
constraints.

The top two plots in Fig. 14 show simulated tracking perfor-
mance in the north-east coordinate frame and in terms of altitude un-
der different wind conditions. These simulations were performed in
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Fig. 12 Illustration of the reference trajectory in the flight-test area with the target, pop-up threat, and no-fly-zone locations of the experiment
scenario.

Fig. 13 True airspeed and turn rate command simulation results under different wind conditions.

MATLAB® using the high-fidelity DemoSim nonlinear executable
model.

B. Hardware-in-the-Loop Simulations
Besides coordinating and executing the flight tests, the Boeing

Company was also responsible for integrating the individual flight
experiments and controller code developed for DemoSim and OCP
by the different teams participating in the final demo. Preparations
for the flight tests culminated in a final system check and testing
phase of code development, which included hardware-in-the-loop
(HIL) testing of flight experiments in a realistic, high-fidelity sim-
ulation environment at the Boeing facilities, in St. Louis, Missouri.

The hardware-in-the-loop simulation environment relied on high-
fidelity nonlinear closed-loop aircraft dynamics represented by the
DemoSim model. It also made use of the actual avionics pallet flown
in the flight tests with simulated sensors and electronic command
data processing.

The middle two plots in Fig. 14 show HIL tracking performance
in the north-east coordinate frame and in terms of altitude.

C. Experimental Flight-Test Results
The flight tests took place at Edwards Air Force Base in the

Mojave desert in June 2004. Several universities and aerospace com-
panies were involved in the two-week long flight demonstrations of

the DARPA SEC project, each having their own experimental flight
scenario to be tested. Because of difficulties with asset scheduling
at the base, our team eventually had only two flight tests that could
be evaluated.

The bottom two plots in Fig. 14 illustrate the flight-test re-
sults. The online optimization-based guidance algorithm required
not more than 50–100-ms computational time in each cycle of the
2-Hz sampling rate, leading to a 5–10 times faster execution than
real time. The main reason for deviations from the reference tra-
jectory and degraded tracking performance during flight test was
that automatic speed control was not available on the test platform.
Airspeed was controlled using manual adjustments to the throttle by
the pilot, who was cued by a three-state light-emitting-diode (LED)
indicator whether to increase, decrease, or maintain the velocity of
the aircraft based on commanded and actual speed measurements.
The dead zone of the “maintain speed” status indicator was approx-
imately 30 ft/s. Another factor influencing the outcome of experi-
ments was that flight tests were conducted in the presence of strong
winds (25–30 kn).

Figure 15 suggests an average delay of 50–100 s in the velocity
command channel, which was not modeled in the RHC controller.
The controller was tested only up to 10–20 samples (5–10 s) of
unmodeled additional delay compared to the prediction model and
showed acceptable degradation of performance.
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Fig. 14 North, east, and altitude tracking performance. The top two plots show simulation results under different wind conditions, the middle two
plots depict a hardware-in-the-loop test run and the bottom two plots represent flight-test data.

The “jagged,” sawtooth-like nature of the velocity signal in
the HIL test run is as a result of the pilot model embedded into
DemoSim, which represents pilot reaction to speed commands by
a quantizer, which is probably acting on speed tracking error. This
pilot quantization effect could be switched off in the MATLAB sim-
ulation environment, so that this phenomenon was not present in the
results presented in the top plot of Fig. 15. The HIL test environment
was constructed in such a way that this quantization effect could not
be switched off.

D. Reconfiguration Based on Fault Detection
A second, more ambitious experiment was constructed to test

RHC controller reconfiguration based on fault detection and to pro-
vide a longer, more versatile reference trajectory for evaluating the
guidance controller. This second scenario is conducted exactly the
same way as the basic scenario until the point of fault insertion,
where the fault is not removed from the system after detection. In-
stead, the prediction model and constraints of the RHC controller
are updated as described in Sec. III.C to adapt to the faulty vehicle
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Fig. 15 Commanded and actual ground speed in simulations, hardware-in-the-loop test, and during the flight test.

Fig. 16 Simulated north, east, and altitude tracking performance in the second scenario involving RHC reconfiguration.

dynamics and restrict the aircraft’s maneuvers. Unfortunately, this
experiment could not be flight tested because of difficulties with
asset scheduling at the base and shortage of time. This section
presents simulation results conducted using the high-fidelity De-
moSim model.

Figure 16 shows position trajectories of the second scenario sim-
ulation indicating good tracking performance after a successful
reconfiguration of the RHC controller.

Figure 17 illustrates one effect of reconfiguration by plotting the
turn rate command output of the RHC controller, which was cor-
rupted by the output of the fault simulator, and the faulty com-
mand sent to DemoSim. Note that bounds on turn rate command

became more restrictive after fault detection, as part of the con-
troller reconfiguration. Note also that constraints were formulated
for the RHC controller output and not the actual autopilot command,
which includes the corruption by the fault simulator. This implies
that although the RHC controller restricted its turn rate commands
to respect the specified tighter limits the actual transient commands,
because of the additive effect of the fault model, could reach val-
ues larger than the constraint limits. This is simply a consequence
of the chosen fault modeling, and does not have any practical sig-
nificance. If the fault model represents an actual physical system
component, then soft output constraints could be specified on the
corrupted control signal as well.
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Fig. 17 Commanded and corrupted (faulty) turn rate commands in the second scenario. RHC reconfiguration includes updating turn rate command
constraints after fault detection.

Fig. 18 North, east, and altitude tracking performance with linearized maneuvering limits as soft constraints.

E. Flight Envelope Limits as Output Constraints
This section presents simulation results using maneuvering and

flight envelope limits characterized in Sec. II.B as soft output
constraints in the RHC formulation according to the description
provided in Sec. III.D.

Figure 18 shows north, east, and altitude position trajectories,
which indicate poorer tracking accuracy compared to the perfor-
mance obtained without output constraint enforcement. The reason
is that the inner polyhedral approximation of such constraints re-
sults in more restrictive limits on bank angle and consequently on
turn rate command than before. The reference trajectory includes
tighter turns than what these new linearized approximate limits al-
low, so that the guidance controller is unable to perform very precise
tracking given these restrictions on maneuverability. On the other

hand, the controller tries to keep up with the time-stamped position
reference by velocity control and accelerating to “catch up” with the
reference point that “got ahead” of the aircraft in the tighter turns.

Maneuvering and flight envelope constraint enforcement is il-
lustrated in Fig. 19 by plotting the aircraft trajectory in the output
constraint space defined by V, χ̇ , γ̇ . These plots show the nonlin-
ear feasible region from different viewing angles together with its
inner polyhedral approximation as introduced in Sec. II.B. The air-
craft trajectory was plotted in terms of the constraint-space coor-
dinate axes and overlayed on these images to show that the soft
output constraints are respected. Slight violations can be noticed
on the facets of the constraint-polyhedron corresponding to bounds
on bank angle. These violations are possible because of the soft
constraint formulation.
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a)

b)

c)

d)

Fig. 19 Output constraints.

V. Conclusions
The RHC-based guidance system showed amenable robustness

properties in spite of the dramatic difference between the veloc-
ity tracking behavior of the prediction model and the real system.
Performance analysis of flight-test data and simulation results with
varying wind conditions suggest that the RHC guidance law would
have excellent tracking performance using an autonomous speed
control system. Further high-fidelity simulations showed that out-
put constraints could be also accommodated using soft constraint
formulation. This, along with the observed successful reconfigu-
ration experiments, suggests that the proposed approach provides
a high-performance, versatile guidance technology for future un-
manned aircraft systems.
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