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The performance of nonlinear flight-control algorithms, such as feedback linearization and dynamic inversion, is

heavily dependent on the fidelity of the dynamic model being inverted. Incomplete or incorrect knowledge of the

aircraft dynamics results in reduced performance and may lead to instability. A self-organizing parametrization

structure is developed to augment the baseline dynamic inversion controller for a high-performance military

aircraft. This algorithm is proven to be stable and can guarantee arbitrary tracking error performance. The training

algorithm to grow the network and adapt the parameters is derived from Lyapunov theory. In addition to growing

the network of basis functions, a pruning strategy is incorporated to keep the size of the network as small as possible.

The controller is simulated for different situations, including control surface failures, modeling errors, and external

disturbances. A performance measure of maximum tracking error is specified for the controllers a priori. Excellent

tracking errorminimization to a prespecified level using the adaptive component is achieved. The performance of the

self-organizing radial-basis-function network-based controller is also compared with a fixed radial-basis-function

network-based adaptive controller.While thefixed radial-basis-function network-based controller, which is tuned to

compensate for control surface failures, fails to achieve the same performance under modeling uncertainty and

disturbances, the self-organizing radial-basis-function network is able to achieve good tracking convergence under

all specified error conditions.

I. Introduction

F LIGHT vehicles such as highly maneuverable military aircraft
and hypersonic vehicles pose a significant challenge to control

design due to the complex nonlinearities associated with the
dynamics. These vehicles require control laws that are adaptable to
not only the various operating conditions but also, as in the case of
hypersonic vehicles, to those that account for changing geometry of
the vehicle during reentry into the atmosphere and other uncertainties
in the environment. Subsystem interactions also play a major role in
defining the guidance and control laws for these flight vehicles. The
development of adaptive control, which can permit controlled flight
without a detailed aerodynamic model or with deviations away from
the model (unplanned departures from aerodynamic geometry,
accidents, or failures), is therefore very important. Linearized equa-
tions of motion that are used for designing flight controllers fall short
of achieving the desired performancewhen the dynamics varywidely
with operating conditions. Nonlinear control methods such as
adaptive control have found great use in aircraft flight control. One of
the methods of adaptive control is feedback linearization or dynamic
inversion. The main feature of feedback linearization is that the
nonlinear dynamics of the aircraft are transformed to an equivalent
linear system, which has a standard form. The linear model is then
used to design a controller to achieve a desired response to pilot

commands, based on handling qualities criteria and maneuvering
objectives. The difficulty, however, with the use of dynamic
inversion for aircraft flight control is that a detailed knowledge of the
nonlinear plant dynamics is required. While extensive aerodynamic
derivative databases can be used online to reconstruct the inverse
dynamics of the aircraft, perfect inversion may not be possible,
resulting in tracking errors. Other factors that may cause dynamic
inversion errors include external disturbances or failures in the
control surfaces. Augmenting the baseline controller with approx-
imators that use a parametrization structure that is adapted online
reduces the effect of these inversion errors [1]. One of the parame-
terizations that is used is the neural network. Neural networks can be
trained offline or online to compensate for the errors. Offline neural
networks are trained using extensive input–output pairs of aero-
dynamic data. Even though a high-fidelity inverse model can
generally be reconstructed, inversion errors are magnified when a
failure/unknown error occurs and the pretrained neural network
cannot accurately reconstruct the inverse dynamics in such a sce-
nario. Such situations require a neural network to be implemented
that has the ability to learn online. Over the past several years, online
neural networks have been successfully used for adaptive control in
various applications [2–4]. More recent papers use neural networks
in combination with other technologies to improve performance of
the controller [5,6]. Neural-networks-based adaptive control has also
found wide application for various aircraft systems, including highly
maneuverable military aircraft, hypersonic vehicles, and unmanned
aerial vehicles [7–15]. The implementation of neural-network-based
controllers in these papers requires the designer to decide the
structure of the network, including the number of nodes and the
training algorithms. A significant change to neural-network learning
algorithms was made by Platt [16] through the development of a
resource allocation network (RAN), inwhich hidden nodes are added
sequentially based on the novelty of the new data. Platt showed the
radial-basis-function (RBF) networks were amenable to such a
resource allocation scheme. Sanner and Slotine [17] presented
a structurally dynamic wavelet network for adaptive control of a
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robotic system and developed the stability analysis without any
assumptions on the process used for adding and deleting the basis
functions. A similar algorithm was developed by Fabri and
Kadirkamanathan [18], where the neural networks use RBFs that are
equally spaced on a given region of state space. The structural
adaptation mechanism is directed toward selectively choosing from
this mesh of nodes as the state evolves within the region. This work is
extended in [19–21], where the RBFs are replaced by piecewise
linear approximators that are locally weighted. Yan et al. [22] and
Huang et al. [23,24] present a growing and pruning algorithm for
RBF networks with application to nonlinear system identification.
Yan et al. also provide an exhaustive compilation of RBF neural
networks for adaptiveflight control in [25]. In the development of the
growing and pruning RBF-based controllers, the authors also allow
for the adaptation of the centers and variances of the Gaussian basis
functions but do not provide parameter convergence proofs. Addi-
tionally, the stability proofs focus on the weight update of the
network without any consideration provided for the structural adap-
tation, and the conditions for adding a node to the network depend on
the novelty of the input to the network rather than a stability
requirement. The disadvantages of such a mechanism for structural
adaptation is that there is no guarantee that addition of a node will
destabilize the system and the possibility of unnecessary addition of
nodes, whichmay increase the computational burden. In the paper by
Farrell and Zhao [26], however, the application of locally weighted
piecewise linear functions as basis functions for self-organizing
approximators is discussed with a stability proof presented for not
only the adaptation of parameters but also for the structural
adaptation. The authors also present a condition for adding a new
basis function that finds its origin from Lyapunov analysis. In this
paper, the application of an adaptive controller to the flight dynamics
of a high-performance military aircraft is discussed. A baseline
dynamic inversion controller that is designed to close the loop around
the rotational dynamics of the aircraft is augmented with the self-
organizing RBF network (SORBFN) to compensate for errors that
may occur due to modeling uncertainties, failures, and disturbances.
The SORBFN is trained using an algorithm that finds its origin in
Lyapunov theory for not only the weight update but also for the
structural adaptation. The rest of the paper is organized as follows.
The problem statement is developed, followed by the presentation of
the design of the SORBFN-based adaptive controller. Next, the
stability analysis of the controller is addressed, followed by appli-
cation of the controller to the rotational dynamics of amodified F-15.

II. Problem Statement

Consider the scalar nonlinear system of the form

_x� f�x� � g�x�u (1)

where x, u 2 <. It is assumed that the dynamics are affine in control
u. Now, consider a control law given by

u� ĝ�x��1� _xd � f̂�x� � k ~x� (2)

where f̂�x� and ĝ�x� are approximations of f�x� and g�x�, and k is a
positive scalar. These approximated functions are in the form of a
parametrization chosen by the designer. The control law is imple-
mented such that the parameters associated with this parametrization
are adapted continuously to achieve the performance requirement.
This is generally referred to as adaptive approximation-based control
[1]. Now. the closed loop system is of the form

_x� f�x� � g�x�ĝ�x��1� _xd � f̂�x� � k ~x� (3)

It is evident from the preceding equation that stability is heavily
dependent on the approximating functions. In the following analysis,
it is assumed that g�x� is known exactly and is invertible. Let us
choose an approximation structure

f̂�x� � �̂Tf�f�x� (4)

The continuous function f�x� can be parameterized as follows:

f�x� � ��Tf �f�x� � "f�x� (5)

��Tf � argmin
�f
�sup
x2<
jf�x� � �Tf��x�j� (6)

where "f�x� is the minimum function approximation error (MFAE)
for f�x� and ��f , �f�:� 2 <N . Now, the closed loop is

_~x��k ~x� ~�
T
f�f�x� � "f�x� (7)

where

~� f � ��f � �̂f (8)

~x� x � xd (9)

and k is a positive scalar chosen by the designer. To analyze the
stability of the closed loop, consider the Lyapunov function

V�t� � 1
2
~x2 � 1

2
~�
T
f�

~�f (10)

where � is a diagonal matrix with positive elements. Evaluating the
time derivative of V�t�,

_V�t� � �k ~x2 � ~�
T
f ��f�x� ~x� �

_~�f� � ~x"f�x� (11)

From the preceding equation, if the parameter adaptation is chosen
as

_̂
� f � ��1�f�x� ~x (12)

then

_~� f ����1�f�x� ~x (13)

We now have

_V�t� � �k ~x2 � ~x"f�x� (14)

Consider the trivial case when the parametrization chosen can
exactly approximate the functions f�x�; i.e., "f�x� � 0. Then,

�_V�t� � �k ~x2 (15)

The derivative of the Lyapunov function is negative semidefinite,
implying that the signal ~x is bounded. Moreover, ~x! 0 as t!1.

The parameters ~�f are not guaranteed to converge to zero but are
bounded. Now, consider the case where the MFAE is not zero. The
derivative of the Lyapunov function is now given by Eq. (14). Let us
now assume that the MFAE is bounded by a constant; that is,

j"f�x�j 	 �"f 8 x

Now, Eq. (14) can be rewritten as

_V�t� 	 �kj ~xj2 � j ~xjj"f�x�j _V�t� 	 �j ~xj�kj ~xj � �"f�

Within the dead zone, from the preceding analysis, _V�t� will be
guaranteed to be negative semidefinite if the following condition is
satisfied:

j ~xj 

�"f
jkj

If the error signal were to decrease below the bound, the adaptation
parameters could start to diverge and cause the system to go unstable.
To prevent this, a dead zone is implemented so that parameter
adaptation does not occur once the tracking error reaches a particular
value. One of the characteristics of this method is that an arbitrarily
small tracking error as a performance requirement is not guaranteed.
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Additionally, it is impossible to determinewith confidence the bound
�"f since the function being approximated is not known. This causes
the designer to choose conservative estimates leading to a larger
tracking error. Lastly, there is no guarantee of accurate function
approximation unless persistence of excitation conditions are met
[27]. With this background, the problem statement can be defined as
follows.

Given the nonlinear system of the form equation (1) with a
dynamic inversion control law, determine a parametrization struc-
ture and training algorithm to approximate the unknown system
dynamics f�x� such that an arbitrarily small tracking error as a per-
formance criterion can be guaranteed for the closed-loop system.

This performance criterion is achieved by incorporating a param-
etrization structure (network of RBFs) that is self-organizing. Unlike
the previously reviewed papers on growing and pruning RBF
networks, the training algorithm to both grow the network and adapt
the parameters is derived from Lyapunov theory. In addition to
growing the network of basis functions, a pruning strategy is incor-
porated to keep the size of the network as small as possible.

III. Self-Organizing Radial-Basis-Function
Network-Based Controller

Let us consider the affine nonlinear system from Eq. (1). The
variable f�x� is the unknown design model that must be approx-
imated online using state and tracking error information.

Please consider the following assumptions:
1) The desired output xd�t� and its derivative _xd�t� are available for

any t 
 0 where xd�t� 2 D.
2) D 2 < is a compact region where the system is desired to

operate.
3) The variable f�x� is smooth and bounded on D.
4) Perfect knowledge of the control effectiveness function g�x� 2
< is available, and it is invertible.

Consider a baseline dynamic inversion law given by Eq. (2). The
approximation algorithm to stabilize the system and achieve pre-
specified tracking error � criterion is implemented as follows. We
assume that, initially, there are zero nodes in the approximation

network. This implies that f̂�x� � 0. Now, consider a Lyapunov
function of the form

V0�t� � 1
2
~xT ~x (16)

The derivative of the Lyapunov function is then given by

_V 0�t� � ~x��k ~x� f�x�� (17)

_V 0�t� 	 �j ~xj�jkjj ~xj � jf�x�j� (18)

where k is a positive scalar. From the preceding equation, if

kj ~xj 
 jf�x�j (19)

the Lyapunov derivative is negative definite. Therefore, if the
unknown function f�x� is bounded by k�, then the lower bound on the
tracking errorwill be �. Since it is assumed thatf�x� is bounded onD,
a large gain k of the system should, in theory, be able to stabilize the
system for any arbitrarily small value of �. However, in most
applications, there exist actuator constraints, and it is desired to limit
the bandwidth of the controller. Therefore, choosing a large value for
gain k is impractical.

A. Weight Update

Let us now assume that j RBFs have been added to the approx-

imating network, and f̂�x� ≠ 0. Then, the closed loop system is
given by

_x� f�x� � _xd �
Xj
i�1

�̂fi�fi�x� � k ~x (20)

_~x��k ~x�
Xj
i�1

~�fi�fi�x� � "fj �x� (21)

where each element in f�x� is assumed to be ideally parameterized
with the j RBFs as

f�x� �
Xj
i�1

��fi�fi�x� � "fj �x� (22)

where "fj�x� represents the MFAE for a network of j RBFs, and this

MFAE is bounded; that is,

j"fj �x�j 	 �"fj 8 x (23)

Now, consider a Lyapunov function of the form

Vj�t� � V0�t� � V��t� �
1

2
~x2 � 1

2

Xj
i�1

~�fi�
~�fi (24)

Choosing the adaptive law such that

_̂
� fi � ��1�fi�x� ~x (25)

we have

_V j�t� � �k ~x2 � ~x"fj �x� (26)

_V j�t� 	 �j ~xjT�jkjj ~xj � �"fj � (27)

Similar to earlier analysis, if the error signal is such that

j ~xj 

�"fj
k

(28)

_Vj�t� will be negative semidefinite; hence, the system is asymp-
totically stable.

B. Addition of Nodes

From Eq. (28), choosing a fixed number of nodes for the network
results in a minimum tracking error that is bounded by a function of
the MFAE of the network, and the designer cannot specify a desired
tracking error. It may be possible through multiple simulations to
determine the number of nodes that can result in a desired tracking
error, but the continued performance of the system under changes to
the dynamics cannot beguaranteed. Let us consider the casewhen the
number of nodes may be such that �"fj=jkj is greater than the desired
tracking error. In such a case, continued adaptation of the weights �̂i
will occur within the dead zone, and this may cause the weights to

diverge. This may result in the function approximation f̂�x� to grow
and diverge away from f�x�. With the closed-loop system,

_~x��k ~x� f�x� � f̂�x� (29)

and the Lyapunov function V0�t�,

_V 0�t� � ~x��k ~x� f�x� � f̂�x�� (30)

_V 0�t� 	 �j ~xj�jkjj ~xj � jf�x� � f̂�x�j� (31)

If the adaptation of �̂ is continued in the dead zone, the parameters

will start to diverge. Thiswill cause f̂�x� to grow, eventually resulting
in a situation such that

jf�x� � f̂�x�j> jkjj ~xj (32)

causing the Lyapunov function V0�t� to increase.
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Alternatively, the inherent dynamics of the system may change so
substantially that the current number of nodes may not even guar-
antee the original least-squares approximation bounds. Consider the
closed-loop system in Eq. (29). At some time T > t0, let a sudden
failure or disturbance affect the system such that

_~x��k ~x� f�x� � f̂�x� � ��x; �u� (33)

where �u is an external disturbance, and ��:� represents the effect of
the disturbance on the system dynamics. Now, the current
parametrization is required to approximate the new function

�f�x� � f�x� � ��x; �u� (34)

Let us assume that the new function �f�x� can be parameterized as

�f�x� �
Xj
i�1

��newfi �fi�x� � "newfj �x� (35)

The adaptation of the weights �̂fi is originally oriented toward �
�
fi
,

and ��newfi may be substantially different from it. This may cause the

function approximation error �f�x� � f̂�x� to be large. Even if ��newfi is
not substantially different from ��fi , the new MFAE "newfj �x� may

have a bound greater than kj ~xj. Since the objective of the training
algorithm is to achieve the desired tracking error, adaptation may
continuewithin the dead zone, causing the approximating function to
diverge and, as in the previous case, the derivative of V0�t� may
become positive, destabilizing the system.

Several conditions, as discussed, may make the derivative of the
Lyapunov function V0�t� positive. Since we have assumed that the
state x is measurable, and we can assume that the gain k is specified
a priori, it is possible to monitor the Lyapunov function V0�t�. If, at
any time,V0�t� increases, a node is added to the network.However, in
order to control the growth of the network, another condition is
checked before adding the node, whichmay be explained as follows.
The contribution of each node is directly dependent on the distance of
the current state from the center of the respective node. If the state is
evolving such that it is continuously moving away from all the
allocated nodes, the output of each node is going to decrease
monotonically. Therefore, before adding a node, it is verifiedwhether
the output of every node is continuously decreasing for a prespecified
amount of time. Therefore, a new node is added only when 1) V0�t�
increases and 2) the output of each node �i�x� continuously
decreases for Na time steps.

The new node added to the network is a RBF centered at the
current state of the system. The variance � is chosen to be the same
value for all the nodes. The initial weight of the node is equal to the
tracking error. This initial weight is required to prove the bound-
edness of the Lyapunov function when a node is added, as detailed in
the next section.

C. Deletion of Nodes

The adaptation of theweights and growth of the network is derived
from Lyapunov theory. It is, however, possible that, based on the
choice of learning rate � and node addition threshold Nta , the
network may grow substantially large to cause a computational
burden. In such an event, the nodes that have been nonperforming for
a large amount of time are deleted. The condition for deletion can be
explained similarly to the growing criterion. If the state evolves in
such a way so as to move so far away from a particular node that the
contribution of that node is zero, the nodes may be deleted.
Therefore, the output of each node is continuously monitored, and if
this output is continuously decreasing or becomes zero overNd time
steps, the node is deleted. Nd is chosen to be greater than Na, so that
nodes are deleted at slower rate than they are added. This reduces the
possibility of deleting all the nodes in the network at any time.

IV. Stability Analysis for Self-Organization

The stability analysis of the SORBFN controller consists of
proving that the following conditions are met:

1) The number of nodes in the network N�t� is bounded.
2) The variable ~x is ultimately bounded by the desired tracking

error �.
We will follow the stability analysis provided for local approx-

imators developedbyFarrell andZhao in [26]. Let the time interval of
operation be specified as �T0; Tf �, where Tf can be infinite. Denote
the time at which the jth basis function is added at Tj; that is,
N�Tj� � j and

lim
����!0

N�Tj � �� � j � 1

Therefore, the value of N�t� is constant between the times Tj and
Tj�1. It is assumed that, for some number of nodes Nf, the RBF
network has sufficient nodes to approximate the unknown function,
with anMFAEhaving an upper bound �"fNf

	 jkj�. In such a case, the
node addition would stop and TNf�1 �1.

A. Boundedness of Number of Nodes N�t�

The boundedness ofN�t� can be derived from the assumption that
the region of operationD is compact and f�x� is bounded onD. It is
known that an infinite number of RBFs can exactly approximate a
continuous function [28]. Therefore, it can be assumed that a finite
number of RBFs are sufficient to approximate the unknown bounded
continuous function on a compact set towithin aMFAEof jkj�. Thus,
Nf <1.

B. Ultimate Bound on ~x

The adaptive algorithm consists of a discrete update to the number
of nodes in addition to the weight update for existing nodes. It is
assumed that when a node is added, no weight update occurs, and
viceversa. To prove that the error ~x is boundedby the desired tracking
error �, it should be shown that the Lyapunov function V�t� is
continuously decreasing during both the discrete update to
the number of nodes and weight update of the existing nodes. The
Lyapunov function Vj�t� was shown to be decreasing when the
weight of the nodeswas updated using the update law in Eq. (25). For
a fixed number of nodes (RBFs), the tracking error is bounded by a
function of the MFAE, since adaptation is halted at the boundary of
this dead zone. In the self-organizing algorithm for RBFs, the
adaptation is not stopped beyond the dead zone, but an additional
node is added if the Lyapunov function V0�t� increases. The
additional node causes the MFAE of the current network with
N�Tj�1� nodes to be lower than the network with N�Tj� nodes [28].
The stability analysis of this process nowproceeds in the sameway as
before (for j nodes); however, it needs to be shown that the Lyapunov
function is bounded when the number of nodes increases from j to
j� 1. The Lyapunov function at time t� Tj is given by Vj�t�. Note
that the subscript j refers to the number of nodes in the network. The
term Tj represents the time at which node j is added:

Vj�Tj� �
1

2
� ~x2�Tj� �

Xj
i�1

~�fi�Tj�� ~�fi�Tj�� (36)

Since ~x is continuous, ~x�Tj� � ~x�T�j �. Also, a node is added only

when there are no contributions from the remaining nodes. This
implies that the weights of the remaining j � 1 nodes do not change
from T�j to Tj. Therefore,

Vj�Tj� �
1

2

�
~x2�T�j � �

Xj�1
i�1

~�fi�T�j �� ~�fi�T�j �
�
� 1

2
� ~�fj�Tj�� ~�fj �Tj��

(37)

Vj�Tj� � Vj�T�j � � 1
2
~�fj �Tj�� ~�fj �Tj� (38)
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Since the adaptation process is proved to be stabilizing with a fixed
number of nodes and that the Lyapunov function is continuously
decreasing, it can be assumed that, for any t 2 �Tj�1; T�j �, Vj�1�t� 	
Vj�1�Tj�1�. Now,

Vj�Tj� 	 Vj�1�Tj�1� � 1
2
~�fj �Tj�� ~�fj �Tj� (39)

due to the addition of the jth node. Let us now consider the scenario
when the first node is added:

V1�T1� 	 V0�T0� � 1
2
~�f1 �T1�� ~�f1 �T1� (40)

V0�T0� � 1
2
~x�T0�2 (41)

where ~x�T0� is the initial error, which has a finite value. Also,
~�f1 �T1� � ��f1 � �f1�T1� has a finite value, because the initial param-

eter value �f1�T1� is fixed at the value of the tracking error ~x�T0�. If
the learning rate � is very small, as compared with the order of the
tracking error, then

V0�T0� � 1
2
~�f1 �T1�� ~�f1�T1� ’ V0�T0� (42)

Hence, V1�T1� has a finite value, and

V1�T1� 	 V0�T0� (43)

The same analysis can be carried out for Vj�Tj�, such that j�
1; 2; . . . ; Nf and

Vj�Tj� 	 Vj�1�Tj�1� (44)

We have thus shown that the Lyapunov functionV�t� is continuously
decreasing when either the weights or number of nodes of the
SORBFN is updated. Overall, it is concluded that the error ~x is also
continuously decreasing until it reaches the prespecified design error
�. At this time, the adaptation is stopped, and the tracking error
remains bounded below �.

V. Application to Modified F-15 Rotational Dynamics

In this section, the application of the SORBFN-based adaptive
controller to the rotational dynamics of a highly maneuverable
aircraft is discussed. The simulation model used in this research is a
high-fidelity six-degree-of-freedom linear model of a preproduction
F-15 aircraft, which has been modified to support various test
programs at NASA Dryden Flight Research Center [29]. The most
visible modification to the aircraft is the addition of a set of canards
near the pilot station. The canards are not used for direct longitudinal
control, but it is scheduled through angle of attack andMach number.
Roll control is provided by differential ailerons and differential
stabilators. Directional control is provided by rudders and limited
differential canards. The simulation model, while being linear,
incorporates the complete sensor and actuator dynamics. It matches
extremely well with the nonlinear simulation used on the NASA
flight simulator, which itself matches the actual flight very well. The
block diagram of the adaptive control architecture is shown in Fig. 1.

The rotational dynamics of the aircraft can be written as

_!��I�1�! � I!� � I�1M (45)

where !� �p q r �, andM is the generalized moment given by

M�Maero �M� (46)

where I is the moment of inertia matrix.Maero is the moment vector
generated due to the base aerodynamics of the aircraft:

Maero �
LBAE

MBAE

NBAE

0
@

1
A (47)

where LBAE, MBAE, and NBAE are the base aerodynamic rolling,
pitching, and yawingmoments, respectively. Since deflections of the
canards are scheduled according to the flight condition and angle of
attack, its effect on the pitching moment is included in the base
aerodynamics itself. M� �G�P�� is the moment generated due to
control surface deflections, where G�:� is the control effectiveness
function that is dependent on parameters P such as Mach number,
altitude, and angle of attack. The dynamic inversion control law for
the rotational dynamics can now be written as

�� �I�1G�P���1f _!d � ��I�1�! � I!�� � �I�1Maero�g (48)

where _!d � � _pd _qd _rd � is the desired angular acceleration
vector.

A. Reference Model

The pilot commands to the aircraft are in the form of roll and pitch
stick combined with a yaw pedal command. These roll, pitch, and
yaw command signals �pd; qd; rd� along with their derivatives are
generated using reference models for each of the three channels. The
longitudinal reference model is designed to characterize the second-
order short-periodmode, while the lateral referencemodel represents
the roll subsidence mode of the aircraft, and the directional reference
model is implemented to characterize the second-order dutch roll
mode of the aircraft.

B. Proportional–Integral Controller

The closed-loop system, when the dynamic inversion controller
given by Eq. (48), is implemented is given by

_!� _!d (49)

If the approximation of the base aerodynamic moments is accurate,
then the closed-loop dynamics follow the desired dynamics exactly.
However, to meet performance specifications and pilot handling
qualities, a proportional-plus-integral controller is implemented for
each of the channels of roll, pitch, and yaw.Thegains are chosen so as
to satisfy pilot handling qualities. An integral antiwindup algorithm
[30] is also included to back off the actuator when it is saturated. The
inner loop dynamic control law and outer loop proportional integral
controller can be assumed to decouple the closed-loop dynamics,
which are then given by

_p� _pd � Kpp�p � pd� � Kip
Z
p � pd (50)

_q� _qd � Kpq�q � qd� � Kiq
Z
q � qd (51)

_r� _rd � Kpr�r � rd� � Kir
Z
r � rd (52)

For the roll rate, defining an error

ep �
� R
�p � pd� p � pd

�
T

Fig. 1 Adaptive flight-control architecture.
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the closed-loop system is

_e p �
0 1

�Kip �Kpp

� �
ep (53)

Similar equations can be written for pitch and yaw velocity
components.

C. Control Allocator

A control allocator is implemented to distribute the required aero-
dynamic moments among the actuators. Since the canards are
scheduled according to the flight condition (Mach number and
altitude) and the angle of attack, the control allocator allocates the
moments among the aileron, rudder, and stabilator. Ideally, the
deflections are calculated using the equation

�� �I�1G�P���1
�
_!d � ��I�1�! � I!�� � �I�1Maero�

� Kp�! � !d� � Ki
Z
�! � !d�

�
(54)

where G�P��1 is the generalized pseudoinverse. Since actuator
position constraints must to be taken into consideration, the
allocation of the moments is achieved through a constrained opti-
mization problem given by

min
�
J1 � kI�1G�P�� �Mallock; subject to �min 	 � 	 �max

where �min and �max represent themost restrictive of the instantaneous
rate or position limits of the actuator for a given flight-control system
update point, and

Malloc � _!d � ��I�1�! � I!�� � �I�1Maero� � Kp�! � !d�

� Ki
Z
�! � !d�

D. Control Hedging

Input saturation and input rate saturation are significant issues in
adaptive control, since adaptation during saturation may result in
instability of the system. Several methods, including reducing the
learning rate and bounding the feedback control [31], have been
suggested to alleviate this problem. In this paper, pseudocontrol
hedging based on [32,33] is implemented to avoid adaptation during
actuator saturation. The principle behind thismethod is tomodify the
reference model based on the error between the control moment
desired by the adaptive controller and the actual control moment
available due to the saturated input. A control hedging signal vh is
generated as

vh �Malloc � I�1G�P��

A new reference or desired angular acceleration _!dnew is calculated
using

_! dnew
� _!d � vh

If the actuator is not saturated, this signal is zero, and the reference
angular acceleration is not modified. If, however, the actuator is
saturated, then a nonzero control hedging signal is generated that
modifies the desired dynamics.

E. Dynamic Inversion Errors

The dynamic inversion controller ideally decouples the closed
loop into roll, pitch, and yaw channels, as discussed earlier. The
stability of these decoupled dynamics is dependent on the pro-
portional and integral gains. The analysis in the previous section,
however, made an assumption that knowledge of themoments due to
the base aerodynamics Maero, and hence the inversion model, is
accurate. However, uncertainties in the stability derivatives cause

errors in the dynamic inversion. Additionally, other factors that may
cause errors in the inversion are external disturbances and control
surface failures. These errors can be generalized as an unknown
nonlinear function of the rotational velocities ��!�. Under this
assumption, the closed-loop system in each channel is

_e i � Aiei � Bi�i�!� i� p; q; r (55)

where �i�:� is a scalar function of the rotational velocities.

F. Adaptive Component

To minimize the effect of the error on the closed loop, the baseline
controller is augmented with adaptive approximators. The adaptive
approximator implemented is the self-organizing RBF network
discussed earlier. Since it is assumed that the dynamic inversion
control law decouples the three rotational dynamics of motion, the
implementation of the SORBFN on only the roll channel is
discussed. The same implementation and analysis can be extended to
the pitch and yaw channels. Consider the closed-loop equation of the
roll channel:

_e p � Apep � Bp�p�!� (56)

where

Ap �
0 1

�Kip �Kpp

� �
Bp � � 0 1 �T

and �p�!� is the dynamic inversion error in the roll channel.
Consider an adaptive approximator that is introduced into the
dynamic inversion controller such that

�� �I�1G�P���1
�
_!d � f�!� � I�1Maero � Kp�! � !d�

� Ki
Z
�! � !d� � �̂�!�

�
(57)

where

�̂�!� � � �̂p�!� �̂q�!� �̂r�!� �

The closed loop for the roll channelwith the adaptive approximator is
given by

_e p � Apep � Bp�p�!� � Bp�̂p�!� (58)

Let us consider a Lyapunov function given by

Vj�t� � V0�t� � V��t� � eTpPep �
Xj
i�1

� ~�
2
i (59)

where � > 0, and P is a positive definite matrix such that

ATpP� PAp ��Q; Q > 0

since Ap is Hurwitz. Consider the situation when there are no errors
in the dynamic inversion controller. Then, �p�!� � 0. With no
nodes in the network (j� 0), the Lyapunov function is reduced to
V0�t�. Evaluating its derivative

_V 0�t� � eTpP _ep � _eTpPep _V0�t� � �eTpQep

Since Q is a positive definite matrix, the Lyapunov derivative is
negative definite, which implies that the error signal ep asymp-
totically converges to zero. Now, consider the situation in which the
error in dynamic inversion �p�!� ≠ 0. In this case, the Lyapunov
derivative is given by

_V 0�t� � eTpP _ep � _eTpPep _V0�t� � �eTpQep � 2eTpPBp�p�!�
_V0�t� 	 �kepkT �	max�Q�kepk � 2kPBp�p�!�k�
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Therefore, the derivative of the Lyapunov function is dependent on
the magnitude of the dynamic inversion error. If

kepk >
2kPBp�p�!�k
	max�Q�

then there is no necessity for an approximating the function to cancel
the effect of the dynamic inversion error. However, if the preceding
condition is not satisfied, the effect of the dynamic inversion error is
to increase the Lyapunov function. This is one of the conditions used
to add a node to the network. Consider the situation when j nodes
have been added to the network. Then, the derivative of theLyapunov
function Vj�t� is evaluated to analyze the stability of the closed-loop
system. Assume that the unknown dynamic inversion error �p�!�
can be parameterized with j basis functions as

�p�!� �
Xj
i�1

��i �i�!� � "�!�

Let

�̂ p�!� �
Xj
i�1

�̂i�i�!� ~�i � ��i � �̂i k"�!�k 	 �"

Evaluating the derivative of the Lyapunov function Vj�t�,

_Vj�t� � eTpP _ep � _eTpPep �
Xj
i�1

2� ~�i
_~�i

_Vj�t� � �eTpQep � 2eTpPBp
Xj
i�1

~�i�i�!� � 2
Xj
i�1

� ~�i
_~�i

� 2eTpPBp"�!�

_Vj�t� � �eTpQep � 2
Xj
i�1

~�i��i�!�BTpPep � �
_~�i� � 2eTpPBp"�!�

Choosing the adaptation law as

_~� i ����1�i�!�BTpPep

we have the Lyapunov derivative as

_V j�t� � �eTpQep � 2eTpPBp"j�!�
_Vj�t� 	 �	max�Q�kepk2 � 2k"j�!�kkBTpPkkepk
_Vj�t� 	 �kepk�	max�Q�kepk � �"jkBTpPk�

The negative (semi) definiteness of the Lyapunov derivative is
dependent on the condition that

kepk 

�"kBTpPk
	max�Q�

If the tracking error ep is not smaller than the prespecified tracking
error, an additional node is added, as discussed in Sec. III.

G. Implementation

The SORBFN is implemented as the adaptive approximator in
each of the angular velocity channels. The training algorithm for the
SORBFN includes strategies for the addition and deletion of nodes
along with updating its weights. Nodes are added to the individual
networks (roll, pitch, or yaw) based on the Lyapunov function V0�t�
evaluated in that channel. For example, in the roll channel, V0�t� is
given by

V0�t� � eTpPep (60)

The Lyapunov matrix P is calculated by considering Q to be an
identity matrix. The neural network in the roll, pitch, and yaw axes
are trained independently. The inputs to the three networks include
all the angular velocities �p; q; r�, while the update of weights is
based on the error in that channel. Thus, the network is trained with
information from the entire state space but adapted only to error in the
particular channel. In the simulation results presented, the free
parameters (i.e., learning rate, node addition threshold Na, pruning
thresholdNd, and variances �) are chosen to be the same for all three
networks.

VI. Results

Simulation results of the implementation of the SORBFN-based
adaptive controller on a F-15 aircraft are presented in this section.
The controller is simulated for the flight condition at altitude
25,000 ft and Mach 0.9 and a desired roll-rate input command. The
performance of the SORBFN augmented dynamic inversion con-
troller under different conditions of modeling uncertainties, dis-
turbances, and actuator failures is discussed and compared with a
dynamic inversion controller and a fixed structure RBF network
augmented dynamic inversion controller. The fixed structure RBF
network is implemented similar to the SORBFN in the three channels
of the rotational dynamics. Each channel of the fixed network
consists of 36 RBFs for which the centers are equally distributed on
the state space that the flight dynamics are perceived to operate. The
SORBFN is initialized to zero nodes, and the appropriate learning
rates �, node addition threshold Na, and prune threshold Nd are
chosen appropriately. It is desired that the controllers maintain an
angular velocity tracking error below 1�=s.

A. Control Surface Failure

In this section, locked effector-type faults are considered. From
extensive simulation, locked effector faults of the stabilators are
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Fig. 2 Roll-rate tracking with right stabilator locked at 10� below trim, from 10 to 50 s.
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found to have the most adverse effect on the aircraft. Differential
stabilators are used for roll control, and symmetric stabilators are
used for pitch control on the modified F-15 aircraft. Hence, a
stabilator failure will significantly affect both roll- and pitch-rate
tracking. The right stabilator is considered to get locked at 10�

below trim at 10 s into the simulation. The fault is assumed to be
corrected at 50 s. The trim value of the stabilator for the given flight
condition is 2.86�. Figures 2–4 show the angular velocity tracking
performance. The dynamic inversion controller without an adaptive
component suffers greatly due to the control surface failure at 10 s.
Comparatively, both the controllers with the fixed RBF and
SORBFN adaptive component recover from the failure quickly, and

the error in the angular velocity tracking is very low in all three
channels. While it is evident that both the fixed structure RBF
network and the SORBFN perform equally well in compensating
for the errors due to control surface failure, the maximum tracking
error (even though not significant) is greater in the fixed RBF con-
troller as compared with the SORBFN-based controller. Figure 5c
shows the network contribution and the node allocation (addition
and deletion) capabilities for the SORBFN as a function of time in
the roll channel. It can be seen that the number of nodes required to
compensate for the control surface failure is less than 15, as
compared with the 36 prechosen nodes for the fixed structure
network.
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Fig. 5 Control surface deflection and network contribution with right stabilator locked at 10� below trim, from 10 to 50 s.
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B. Disturbance Rejection

The ability of the adaptive controllers to satisfactorily track the
reference signal in the presence of a disturbance signal is now
considered. It is assumed that a sinusoidal disturbance of a specified
amplitude enters the rotational dynamics through the rollingmoment
equation. The fixed structure network has the same structure (36
nodes) as the ones used to compensate for the error due to control
surface failure. The SORBFN has been reinitialized to have zero
nodes at the start of simulation. Figures 6 and 7 show the roll- and
yaw-rate tracking performance of the controllers. The pitch-rate
tracking performance is not shown, since there is minimum coupling
between the longitudinal and lateral dynamics in the linear model.
The performance of the SORBFN controller is much better as
comparedwith the controller with the fixed structure network and the

dynamic inversion controller. The error in roll-rate tracking con-
tinues to decrease with the SORBFN controller and reaches a value
below 1�=s, while with the fixed structure RBF network, the
amplitude of the tracking error remains constant at 4�=s. Similar
effects can also be seen in the yaw-rate tracking performance of the
controllers. The control surface deflections for the SORBFN con-
troller and roll channel network adaptation are shown in Fig. 8.

C. Uncertainty in Rolling Moment Stability Derivative

The ability of the SORBFN controller to compensate for modeling
errors due to uncertainty in the stability derivatives is now discussed.
In the dynamic inversion control law given by Eq. (54),
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Fig. 6 Roll-rate tracking with disturbance in roll channel.
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Fig. 8 Control surface deflection and network contribution with sinusoidal disturbance in roll channel.
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where �q is the dynamic pressure, � is the angle of attack, 
 is the
sideslip, S is the wing area, b is the wingspan, V is the velocity, and
Cl� , Cm� , and Cn� are the rolling, pitching, and yawing moment
stability derivatives, respectively. Uncertainty is introduced into the

base rolling moment LBAE by changing the value stability derivative
Clp used for dynamic inversion. Figure 9b shows the roll-rate

tracking abilities of the adaptive controller with the fixed RBF under
the effect of uncertainty in the rolling moment. The controller is
unable to track the roll rate effectively. It can be seen that, when the
desired roll rate changes during the time period from 5 to 10 s, the
tracking error is significantly large. From the control surface
deflections in Fig. 10b, it can be noted that the ailerons are saturated
at the same time. The ailerons saturate because the fixed RBF is
unable to cancel the effect of the uncertainty and the desired moment
required to track the angular velocity as obtained from the dynamic
inversion is incorrect. Because of this saturation, the control hedging
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Fig. 9 Roll-rate tracking with uncertainty in base aerodynamic rolling moment.
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Fig. 11 Yaw-rate tracking with uncertainty in base aerodynamic rolling moment.
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component now modifies the reference model such that the
adaptation of theweights of the fixedRBF is stopped. Since the fixed
RBF cannot continue to adapt, the performance of the controller
deteriorates, and the tracking error continues to be large. This can
also be seen in the yaw-rate tracking performance in Fig. 11b. In
comparison, the adaptive controller with SORBFN performs very
well and is able to track the roll rate and yaw rate quite accurately, as
seen in Figs. 9a and 11a. This can be attributed to the function
approximation capabilities of the SORBFN, which cancels out the
effect of the uncertainty in the model. Figures 10 and 12 show the
control surface deflections for the two controllers. Figure 13
illustrates the SORBFN contribution and the number of nodes in the
roll and yaw channels.

VII. Conclusions

The design of an adaptive controller that augments a dynamic
inversion controller with a SORBFN is presented in this paper. The
performance of the SORBFN-based controller is demonstrated with
its application to the rotational dynamics of a highly maneuverable
aircraft, where it is shown to compensate for errors in dynamic
inversion that may be caused due to modeling uncertainties, distur-
bances, or control surface failures. The SORBFN-based controller is
compared with an adaptive controller augmented with a fixed
structure RBF network, which has been designed to compensate for
control surface failures. The comparative simulations for both
controllers, performed under uncertainties and external disturbances,
show the superior ability of the SORBFN in achieving prespecified
tracking error convergence.
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