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K. Shayan∗ and E. van Kampen.†
Delft University of Technology, 2629HS Delft, The Netherlands.
Conventional discrete reinforcement learning methods fail in providing satisfactory performance for online Flight Control Systems (FCSs). The lack of efficiency of the discrete controller
in exploration for finding the optimal policy, the so-called problem of ’curse of dimensionality’,
results in an approach that is not suitable for online implementation. the Innovative Control
Effector (ICE) aircraft is a highly maneuverable tailess aircraft with redundancy in its control
effectors suite. This paper studies the experiments with adaptive critic design (ACDs) for
longitudinal control of ICE aircraft. The online simulation results show the accuracy of the
designed continuous RL controller in the attitude and altitude control of the aircraft using different sets of control effectors. The proposed approach also shows significant improvements in
the tracking performance and control policy smoothness (e.g., compared to discrete methods).
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Wing span
Immediate cost value
Learning rates update coefficient
Mean aerodynamic chord
Cost function constant
Longitudinal force and pitch moment coefficients
Thrust vectoring arm
Error
Aerodynamic body forces
Gravitational acceleration
Pitching moment of inertia
Value or cost-to-go function
Aerodynamic moments in body frame
Mach number
Aerodynamic moments
Number of hidden layer neurons
Number of inputs to the network
Pitch, roll and yaw angular rates
Dynamic pressure
Cost function state weight matrix
Model error weight
Immediate reward value
Cumulative reward
Cost function control input weight matrix
Wing surface
Time
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𝒖
𝑉
𝑉 (𝑥)
𝑊
𝑊0
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Thrust force vector
Airspeed components
Control input vector
True speed
Value function
Neural networks weights
Initial weights
Hidden and output layer weights
Critic and actor networks weights
State vector
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𝑆𝑢𝑏𝑠𝑐𝑟𝑖 𝑝𝑡𝑠
𝜶
𝜶
𝛿
𝛾
𝜋(𝑠)
𝝓, 𝜃, 𝜓
𝝓, 𝝈
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=
=
=
=
=
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Angle of attack
Learning rate
Control effectors deflection
Discount factor
Policy function
Roll, pitch and yaw angles
Activation Function
Atmospheric pressure

I. Introduction
he aim for automation in aircraft control systems calls for innovative approaches that are only possible with a
revolution in the current Flight Control System (FCS) designs. Based on a recent study, loss of control (LOC)
T
is the main reason for jet aircraft fatalities [1]. A genuinely autonomous control system can adjust its behavior after
unexpected changes occurred in the system, so show adaptability features. With a combat aircraft, examples of unknown
and dangerous situations can be combat damage affecting control surfaces or asymmetrical weight distribution after
missed/faulty weapons release. As a result, self-learning and adaptability in unknown conditions are one of the most
critical challenges in control systems designed for automation. Adaptive control is one of the most promising approaches
in automatic control for the prevention of LOC. Between adaptive control methods, reinforcement learning due to its
learning abilities attracts many researchers in this field.
Technological improvements in aerospace systems have spurred innovative designs both in the civilian and in the
military sectors. The innovative control effector aircraft (ICE) is state-of-the-art in the design of the future fighter
aircraft. The low-observability that resulted from the tailless configuration and the high maneuverability reflected in its
unconventional control suite make ICE aircraft unique in its design. Maneuverability, stealth, and resilience are the
primary attributes of modern-day fighter combat aircraft that also provoke the ICE aircraft design control objectives
([2–5]). A large number of highly non-linear and constantly interacting control effectors in tail-less ICE configuration,
while satisfying the design requirements of the modern fighters, introduce a challenging control problem. The need for a
continuous controller that ensures the online, autonomous, and contiguous intervention of FCS (particularly for failures)
is then necessary [6]. The desire controller should use the combination of the control effectors in their control limits, to
avoid extensive drag and effector utilization in achieving the optimal control objective. Also, the control system should
be suitable for adaptability, independent of the global model of the system. Therefore, quick online adaptation to the
possible changes is required.
Reinforcement Learning (RL) is the idea of active decision-making and learning by interacting with the environment.
RL is relatively new to the field of Guidance, Navigation, and Control (GNC) of aerospace systems. Still, RL solutions
have shown promising results in model-free adaptive optimal control problems for both discrete and continuous systems
[7–12]. Adaptive optimal controllers are usually designed to find optimal solutions for user-defined performance
equations. They use system identification methods to find the global model parameters and then use the model to solve
optimal equations. Instead, RL controllers are introduced for adaptive control of the real-world complex systems, when
a model of the system is generally unavailable, and therefore, model-based approaches become invalid. The online
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adaptability is achieved by being independent of the global model updates, possible by goal-oriented characteristics of
RL. Instead of instructing the agent on how to do things from the model, the agent comes up with the suitable control
command using the end-goal alone. RL can also be seen as an optimal control approach. The current optimal control
methods frequently require complete knowledge of the system and are generally designed to solve an optimization
problem offline, e.g., by solving Hamilton-Jacobi-Bellman (HJB) equations. Unlike these controllers, the recently
developed RL optimization methods allows the design of controllers that solve optimal equations independent of the
model of the system dynamics [13].
RL methods are studied for discrete and continuous dynamical systems. Using the tabular RL methods for control
of the continuous systems exhibits low-performance characteristics, when compared to current model-based control
approaches [10]. Introducing approximation methods for these methods overcome the deficiencies of the discrete RL
while keeping the model-free, and self-learning adaptability characteristics. Hence, approximate RL is conceived
as a suitable approach for the development of an automated FCS, as discussed by [11, 12, 14]. The offline learned
RL agent with the optimal policy can be used for online and automatic adaptability of the aircraft to, e.g., unknown
dynamics changes. Recently, the performance of continuous RL methods has improved with the extension of optimally
for RL methods of Adaptive Critic Designs (ACDs) categorized within the Actor-Critic (AC) framework. The technique
integrates dynamic programming, temporal-difference (TD) learning, and function approximation to provide model-free
and online learning in the continuous domain.
A discrete RL-based controller using the Q-learning approach was developed for the ICE model to fulfill an objective
of altitude control [10]. The study shows that the performance of the discrete RL is less than that of model-based
approaches. The limitations that come with the discretization of the state and action space result in the discrete RL
controllers deficiency. Van Kampen et al. [15] focused on the self-learning and the adaptability of continuous RL
methods. He showed their advantages in the field of re-configurable flight control, where accidental changes in the
plant dynamics require the control system adaptation. He describes the prominence of RL comparing to supervised
learning in being free of prior instructions for achieving a specific goal and its ability to come up with policies without
restrictions of a structured model. By comparing two continuous ACD methods of HDP and Action-Dependent HDP
(ADHDP), he concluded that the continuous domain brings a broader scope of applications for RL (compared to the
discrete algorithms). The same study shows the high performance of the HDP approach in terms of success ratio and
adaptation speed (compared to action-dependent approach).
This paper propose the implementation of one of the promising approaches of adaptive critic designs, the so-called
heuristic dynamic programming method, to overcome the deficiencies of the discrete reinforcement learning control.
Online, model-free, and self-learning are the main requirements for the development of an automated FCS that can be
achieved by an RL controller. By continuous, it is meant here that the system is continuous in states and actions but not
necessarily in time (e.g., discrete-time and continuous-time systems). Although real systems are continuous in time,
however, their measurements are obtained discrete. With the advance HDP architecture, the RL controller can achieve
the (near-) optimal policy with no prior knowledge about the complex dynamics of a system such as ICE aircraft. The
convergence with the extension of optimally for RL methods in a continuous space is assured in literature by [16–18].
This makes the HDP architecture a suitable choice for designing an online, model-free, and adaptive controller for the
ICE aircraft. In the following, by all effectors it is meant that all 12 effectors of the ICE aircraft, except for the thrust
vectoring.
The main contributions of this article are presenting the capabilities of continuous RL methods in aerospace
applications and automation research for flight control systems related to innovative designs. The use of these methods
for ICE aircraft provides the RL research community with an implementation of the RL methods for an innovative
over-actuated system and gives novel insights to the developers of the ICE automatic control systems.
The layout of this paper includes the elaboration of the following topics. The introduction of the RL and a background
on adaptive and optimal flight controllers and the location of RL in these concepts are given in section II. The ICE
model and configuration are described in section III. section IV includes the development of the ACD-based controller
for the ICE aircraft. The simulation set-up and the results for the application of the approximate reinforcement learning
controller for the ICE aircraft model are presented by section VI. Finally, the conclusion of this paper and the next steps
for future studies are given by section VII.
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II. The Actor-Critic Reinforcement Learning Problem
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In most of the reinforcement learning problems, a state is measured, and an action corresponding to that state is chosen.
Next, a transition to the next state is measured, and the reward/cost value restores for such a shift. The long-term
reward/cost values are called value function. Such a formulation of the problem is based on the Markov Decision Process
(MDP) modeling. The framework includes two processes of policy evaluation (value function improvement) and policy
improvement (policy function update) to reach the optimal policy. Fig.1 shows a schematic of such an interaction. RL,
in the context of control, involves the change of the controller’s strategy based on its experience to maximize long-term
rewards or minimize a cost function. In case of constraints for the control limits, the designer defines the boundaries for
the learning controller. To reach optimality in an RL framework, the importance of exploration and its trade-off with
exploitation should not be ignored. The smart design of the reward or cost function also plays a vital role in convergence
to the correct optimal policy.

Fig. 1

A schematic diagram of the controller and system interaction in a RL problem

Within continuous RL approaches, AC methods are emphasized more for non-stationary settings that can deal
with continuous state and action spaces. AC combines learning in policy space with simultaneous value function
approximations that result in algorithms that are proved for convergence. An AC framework integrates three fundamental
aspects and classes of RL, Dynamic Programming (DP), Temporal-Difference (TD) learning, and Function Approximation
(FA). By combining the DP method with incremental TD approach, possible within approximate solutions of FAs,
the AC design can overcome the deficiencies of each technique and provide an architecture suitable for online and
model-free learning of large-scale processes. This structure also has shown promising results for optimal adaptive
control of non-linear systems by exploiting a variety of sophisticated FA methods. In the following this method is
described in more details.

A. Actor-Critic Architecture
Actor-critic methods are a group of continuous RL approaches, in which classification is done if the critic element is
approximating the expected total future reward/cost or the value function, and/or the derivative of the value function.
Such a scheme abandoned the knowledge of the dynamics, by approximation of the Hamilton-Jacobian-Bellman (HJB)
equation. The state information obtained by the critic will be used for determining the value of the state and change the
internal parameters of the critic so that this knowledge will be stored compactly within the critic parameters. The actor
represents the policy 𝜋 of the controller by providing actions based on the current information of the state. The optimal
policy is achieved then by making the approximated value function 𝐽ˆ(𝑡) to a goal value 𝐽 ∗ (𝑡) using the actor training
error. Fig.2 represents the schematic of the AC framework.
AC methods of approximation can be seen as an extension of Generalized Policy Iteration (GPI) [19]) to the
continuous state and action spaces. In a GPI framework, the critic policy evaluation step is not performed entirely, and
the current estimation of the value function would be updated towards the value of the policy [20]. However, in an
actor-critic structure, both critic and actor updates would be done completely and simultaneously at each time step.
Since the TD error is used as the update rule at each time step, it is not needed to wait for the end of each episode,
which makes the AC structures suitable for online application. Also, no greedy selection (so selecting based on an
optimization process) is performed, and it is the policy itself that determines the direction.
Within AC methods, HDP algorithms are one of the most used and popular architectures. Their simplicity in
implementation while showing high performance in adaptation and convergence rate besides their high success ratio (for
example, when compared with other AC methods such as ADHDP methods [15]) makes them a suitable choice for
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adaptive control of complex nonlinear systems. In the below a more detail of this framework is described.
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Fig. 2

Schematic of the actor-critic structure

B. Heuristic Dynamic Programming
In a HDP framework, the critic uses only the incoming state information for value-function approximation, while the
actor network is providing the control input. There should be an information exchange between the two networks. Since
the actor needs the information updates in the critic as its output indirectly influences also the critic output. Therefore, in
such cases, an internal model of the plant is approximated and will be updated along with the critic and actor networks
to identify and reflect the changes in the real plant [21]. The optimal value function is usually unknown and, therefore,
cannot be used as the target value for the learning, although the recursive characteristics of it help the network move
toward the optimal value function. A schematic of an HDP architecture is given in Fig.3.

Fig. 3

HDP scheme block diagrams and updates based on [19]
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For HDP, an indirect path from the actor output to the approximated plant dynamics and then through the critic will
approximate the value-function, and through the same path, the actor network will be updated in the direction to achieve
the zero value for actor error 𝐸 𝑎 (𝑡) [15]. While the critic is used for approximation of the value function, the unbalance
in the Bellman’s equation will be used as the learning error for the actor that will need to be minimized. The actor
would then lead the system to the regions within the state space that the value function approximation of the critic has
high or low values depending on the way the reward or cost function is defined.
It is important to note that the only place where the plant dynamics will be used is in the back-propagation step
for the actor network. Also, in such an approach, there is no direct connection between the actor output to the critic
network, and therefore, the critic is estimating the value-function now only based on the state information. Thus, the
task of the critic is simplified, and the complexity is now partially moved to the plant dynamics. In the HDP framework,
the plant network is independent, and it would influence the actor and critic networks. In the following, the actor, critic
and model networks are defined for the HDP framework with this assumption that both networks are approximated with
two-layer Convolutional Artificial Neural networks (CANNs) with one hidden layer. It is assumed that the networks are
updated using the gradient descent method, and a general input-output definition is given that will be used later in this
paper for the development of the controller.
1. Critic Network
The input to the critic network is the difference between the measured state 𝑥(𝑡) and the reference value 𝑥𝑟 𝑒 𝑓 (𝑡) so
the tracking error 𝑒(𝑡) defined by Eq. (1).
𝑒(𝑡) = 𝑥(𝑡) − 𝑥𝑟 𝑒 𝑓 (𝑡)

(1)

The output is the estimated value function 𝐽b(𝑋 (𝑡)). The network is defined then by:
𝐽b(𝑡) = 𝑊𝑐𝑜 (𝑡)𝝓(𝑊𝑐ℎ 𝑒(𝑡))
=

𝑛𝑐
Õ

𝑤
b𝑜𝑐𝑖 (𝑡)𝝓𝑖 (

𝑖=1

𝑁
Õ

ℎ
𝑤
b𝑐𝑖
𝑗 (𝑡)𝑒 𝑗 (𝑡))

(2)

𝑗=1

where 𝝓(𝑡) = [𝝓1 (𝑡), ..., 𝝓 𝑛𝑐 (𝑡)] 𝑇 ∈ 𝑅 𝑛𝑐 is the hidden layer activation function vector (e.g. tanh), 𝑊𝑐ℎ is the output
layer weights defined by as:
ℎ
 𝑤ℎ

𝑐11 . . . 𝑤 𝑐1( 𝑁 )


.
.
.

ℎ

𝑊𝑐 = 
.
.
.

.
.
.

 ℎ
ℎ
 𝑤
 𝑐𝑛𝑐 1 . . . 𝑤 𝑐𝑛𝑐 ( 𝑁 )






 ∈ 𝑅 𝑛𝑐 ×𝑁







(3)

ℎ denotes the weight from the 𝑗th input value to
where 𝑛𝑐 is the number of the neurons for the hidden layer and 𝑤 𝑐𝑖
𝑗
the 𝑖th hidden neuron. The output layer weights are defined as:

𝑊𝑐𝑜 = [𝑤 𝑜𝑐1 , 𝑤 𝑜𝑐2 , ..., 𝑤 𝑜𝑐𝑛𝑐 ] ∈ 𝑅 1×𝑛𝑐

(4)

where 𝑤 𝑜𝑐𝑖 is the weight from 𝑖th hidden layer to the output layer.
2. Actor Network
This NN approximates the control input for the nonlinear tracking problem. The data to the actor network is the same as
the critic, and the output is the control command given as:
b
𝑢 (𝑡, 𝑊𝑎ℎ , 𝑊𝑎𝑜 ) = [b
𝑢 1 , ..., b
𝑢𝑚]

6

(5)

where
b
𝑢 (𝑡) = 𝑊𝑎𝑜 (𝑡)𝝈(𝑊𝑎ℎ (𝑡)𝑒(𝑡))
=

𝑛𝑎
Õ

𝑤
b𝑜𝑎𝑘 (𝑡)𝝈 𝑘 (

𝑘=1

𝑁
Õ

𝑤
bℎ𝑎𝑘𝑙 (𝑡)𝑒 𝑙 (𝑡))

(6)

𝑙=1

where 𝝈(𝑡) = [𝝈 1 (𝑡), ..., 𝝈 𝑛𝑎
∈
is the hidden layer activation function vector, 𝑛 𝑎 is the number of neurons
for the hidden layer and 𝑘 = 1, ..., 𝑚 is the 𝑘th output-layer. The weights matrix for hidden layer is defined as:
(𝑡)] 𝑇

𝑅 𝑛𝑎
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ℎ
 𝑤ℎ

𝑎11 . . . 𝑤 𝑎1( 𝑁 )


.
.
.

𝑊𝑎ℎ = 
.
.
.

.
.
.

 ℎ
ℎ
 𝑤
 𝑎𝑛𝑎 1 . . . 𝑤 𝑎𝑛𝑎 ( 𝑁 )






 ∈ 𝑅 𝑛𝑎 ×𝑁







(7)

where 𝑤 ℎ𝑎𝑘𝑙 is the weight connecting 𝑘th input to the 𝑘th hidden neurons. The matrix of the weights between the
hidden and output layer is defined as:

where 𝑤 𝑜𝑎𝑘

𝑜
 𝑤𝑜

𝑎11 . . . 𝑤 𝑎1(𝑚)


.
.
.

𝑜

𝑊𝑎 = 
.
.
.

.
.
.

 𝑜
𝑜
 𝑤
 𝑎𝑛𝑎 1 . . . 𝑤 𝑎𝑛𝑎 (𝑚)
is the weight relating 𝑘th hidden layer to the output layer.






 ∈ 𝑅 𝑛𝑎 ×𝑚







(8)

C. Learning Rules for Actor and Critic Networks
The gradient descent rules usually are used for updating the critic and actor network weights. The direction for the critic
network is toward minimizing bellman error, and for the actor, the objective is to minimize the value function estimation.
In the following, the update rules for the actor and the critic are illustrated separately.
1. Critic Training
If the Bellman prediction error is defined as:
𝑒 𝑐 (𝑡) = 𝑐(𝑡) + 𝛾 𝐽b(𝑡 + 1) − 𝐽b(𝑡)

(9)

where the reinforcement signal is defined by:
𝑐(𝑡) = 𝑒(𝑡)𝑇 𝑄 𝑐 𝑒(𝑡)

(10)

then the Bellman error will be defined as:

1 2
𝑒 (𝑡)
2 𝑐
The NN weights are then tuned by the gradient descent algorithm as:
𝐸 𝑐 (𝑡) =

b𝑡+1 = 𝑊
b𝑡 + Δ𝑊,
𝑊

Δ𝑊 = −𝜶

(11)

𝜕𝐸
𝜕𝑊𝑡

(12)

where 𝜶 is the learning rates. For the critic network, which approximates the value function and is the function of the
tracking error, the tuning laws apply as:
𝑤ˆ 𝑐ℎ𝑖 𝑗 (𝑡 + 1) = 𝑤ˆ 𝑐ℎ𝑖 𝑗 (𝑡) − 𝜶 𝑐

7

𝜕𝐸 𝑐 (𝑡)
𝜕 𝑤ˆ 𝑐ℎ𝑖 𝑗 (𝑡)

(13)

𝑤ˆ 𝑜𝑐𝑖 (𝑡 + 1) = 𝑤ˆ 𝑜𝑐𝑖 (𝑡) − 𝜶 𝑐

𝜕𝐸 𝑐 (𝑡)
𝜕 𝑤ˆ 𝑜𝑐𝑖 (𝑡)

(14)

Applying the chain rule for gradient descent approach for the hidden layer gives:
𝜕𝐸 𝑐 (𝑡) 𝜕𝐸 𝑐 (𝑡) 𝜕𝑒 𝑐 (𝑡) 𝜕 𝐽ˆ(𝑡) 𝜕𝝓 𝑐𝑖 (𝑡)
=
𝜕𝑒 𝑐 (𝑡) 𝜕 𝐽ˆ(𝑡) 𝜕𝝓 𝑐𝑖 (𝑡) 𝜕 𝑤ˆ 𝑐ℎ 𝑖 𝑗
𝜕 𝑤ˆ 𝑐ℎ 𝑖 𝑗

(15)

𝜕𝐸 𝑐 (𝑡) 𝜕𝐸 𝑐 (𝑡) 𝜕 𝐽ˆ(𝑡)
=
𝜕 𝑤ˆ 𝑜𝑐𝑖
𝜕 𝐽ˆ(𝑡) 𝜕 𝑤ˆ 𝑜𝑐𝑖 (𝑡)

(16)

same for output layer gives:
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The convergence for this update rule can be tricky due to the nature of the approximation with this gradient descent
method.
2. Actor Training
The objective of the actor network is the minimization of the approximated value function. Therefore, the difference
between the evaluated function approximation 𝐽 (𝑡) and the pre-defined value-function goal 𝐽 ∗ (𝑡) (e.g. designed by
expert knowledge considering the chosen cost function 𝑐(𝑥)) is used for defining the actor error 𝑒 𝑎 (𝑡) as:
𝑒 𝑎 (𝑡) = 𝐽 (𝑡) − 𝐽 ∗ (𝑡)

(17)

The square actor error is defined as:
1 2
𝑒 (𝑡)
2 𝑎
The same gradient descent tuning laws can be applied for the actor network as:
𝐸 𝑎 (𝑡) =

(18)

𝑤ˆ ℎ𝑎𝑘𝑙 (𝑡 + 1) = 𝑤ˆ ℎ𝑎𝑘𝑙 (𝑡) − 𝜶 𝑎

𝜕𝐸 𝑎 (𝑡)
𝜕 𝑤ˆ ℎ𝑎𝑘𝑙 (𝑡)

(19)

𝑤ˆ 𝑜𝑎𝑘 (𝑡 + 1) = 𝑤ˆ 𝑜𝑎𝑘 (𝑡) − 𝜶 𝑎

𝜕𝐸 𝑎 (𝑡)
𝜕 𝑤ˆ 𝑜𝑎𝑘 (𝑡)

(20)

where 𝜶 𝑎 is the actor learning rate. The chain rule for actor gradient descent algorithms is derived for hidden layer as:
𝜕𝐸 𝑎 (𝑡) 𝜕𝑒 𝑎 (𝑡) 𝜕 𝐽ˆ(𝑡) 𝜕𝑥(𝑡) 𝜕𝑢(𝑡)
𝜕𝐸 𝑎 (𝑡)
=
ℎ
𝜕 𝑤ˆ 𝑎𝑘𝑙 (𝑡) 𝜕𝑒 𝑎 (𝑡) 𝜕 𝐽ˆ(𝑡) 𝜕𝑥(𝑡) 𝜕𝑢(𝑡) 𝜕 𝑤ˆ ℎ𝑎𝑘𝑙 (𝑡)

(21)

𝜕𝐸 𝑎 (𝑡)
𝜕𝐸 𝑎 (𝑡) 𝜕 𝐽ˆ(𝑡)
=
𝑜
𝜕 𝑤ˆ 𝑎𝑘 (𝑡)
𝜕 𝐽ˆ(𝑡) 𝜕 𝑤ˆ 𝑜𝑎𝑘 (𝑡)

(22)

and for the output layer weights:

The simultaneous update of the actor and the critic make convergence guarantee more challenging to prove [22]. To
ensure sufficient exploration within the states of the system and convergence to the global optimum, the control input
signal should satisfy the persistence of excitation (PE) condition. Some of the PE methods can be a simple white noise,
a filtered noise signal or a sinusoidal sweep added to the control input as an action modifier.
The approach proposed above can be seen as a generic actor-critic approach in solving optimal tracking control
problem [15, 22, 23]. The convergence of actor-critic methods is provided in [24, 25].

8

3. Model Network
To derive the control value at the next time step, in HDP control approaches, a model of the system, is required. This
model can be updated at each time step based on the target states and the current values for the states. Therefore, it adopts
incrementally and is only valid locally. If it is assumed that a third neural network is used for the plant approximation,
the input to the plant is the current state estimation, and the action derived by the actor and the output is the estimated
states. The update rule for the model network is based on the error given by:
𝑒 𝑚 (𝑡) = 𝑥 𝑡 𝑎𝑟 𝑔𝑒𝑡 (𝑡) − 𝑥(𝑡)

(23)

The square of the model error is given by:
1
𝑄 𝑚 𝑒 2𝑚 (𝑡)
(24)
2
where 𝑄 𝑚 is the adjustment matrix for the model. The update rules for the model then will be the same as the critic
network, and to avoid duplication will not be discussed here.
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𝐸 𝑚 (𝑡) =

III. The Innovative Control Effector Aircraft Model
The continuous RL method of HDP was used to develop a flight control system for the ICE aircraft in a simulation
framework. Lockheed Martin designs this highly maneuverable tailless aircraft with an unconventional control suite
configuration, which results in substantial control challenges. In this section, details about the ICE configuration and
model are given.

A. ICE Aircraft Control Objectives and Challenges
The ICE aircraft designed control objectives are mainly based upon maneuverability, stealth, and resilience. The
ICE aircraft configuration is designed with Relaxed Static Stability (RSS) in both pitch and yaw axes to achieve high
maneuverability. From 1974, the next generation of highly maneuverable fighters introduced that take advantage of
the inherently aerodynamic instability to get extraordinary agility while relying on FCC to stabilize the aircraft for the
human pilot. Flying an aircraft with RSS is achieved by fitting stability augmentation devices and with the constant
intervention of the FCS to maintain the aircraft level. Therefore, the continuous intervention of an automated FSC is
also critical and vital for ICE design. ICE aircraft is designed without horizontal and vertical tails. In a tail-less aircraft,
other advantages can be obtained apart from low RCS, as the flying-wing configuration is very efficient in producing lift,
allowing for overall savings in weight and cost. Without the tail, the stabilizing moments in pitch and yaw for ICE
have to be generated with the proper actuation of the redundant control surfaces, a challenge defined in the context
of the ICE development objectives [3]. The ICE aircraft is also meant to be categorized as Unmanned Air Vehicles
(UAVs). Therefore, improvements in automatic adaptive control systems are essential for this innovative design. In the
occurrence of accidents such as the signal loss and other failures, adaptability and the ability to control the aircraft
remain completely to the smart FCC on-board.

B. ICE Aircraft Control Suite
The land-based baseline configuration of the ICE simulation model is described by [26] as a supersonic single-engine,
65 deg sweep delta flying wing and a multi-role fighter. The ICE aircraft has highly redundant 13 multi-axis control
effectors [26]. A schematic of the control suits for ICE is presented by Fig.4. The control effectors include Leading-edge
flaps (LEF), all moving wing tips (AMT) and spoiler-slot deflectors (SSD) which are mainly used for lateral-directional
control, the pitch-flaps (PF) to provide longitudinal control power and elevons and multi-axis thrust vectoring (MTV) that
are used for both symmetric and asymmetric movements. The elevons that can deflect independently and asymmetrically
for roll control and also contribute to pitch control by symmetric deflections. Two pairs of LEfs use for lateral-directional
control in high angle of attacks (AOAs) and low speeds. AMTs are the primary sources for yaw control in high angle of
attacks and can maintain their effectiveness for wide ranges in the speed envelope of the aircraft. The SSDs are more
useful for yaw augmentations in a lower angle of attacks.
9
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Fig. 4

ICE aircraft control suite

Integrating thrust vectoring power to the control power substantially improves the potential of the aircraft for
unlimited maneuverability. MTV is designed for both pitch, and yaw thrust vectoring for ICE aircraft and also allows
the full utilization of the roll control power by integration with SSDs and by coordinating the yaw control. In Table 1,
the list of the control suites as well as their position and rate limits are described.
Table 1
Effector
Elevon
PF
ILEF
OLEF
AMT
SSD
MTV

ICE aircraft control suite specification
Position limits
[deg]
[-30, 30]
[-30, 30]
[0, 40]
[-40, 40]
[0,60]
[0, 60]
[-15,15]

Rate limits
[deg]
150
150
40
40
150
150
150

Positive
direction
Downwards
Downwards
Downwards
Downwards
Downwards
Upwards
[-]

C. Three Degree of Freedom Aerodynamic Model
A spline-based model developed by [27] for ICE aircraft is used for calculating the force and moment coefficients in the
MATLAB environment. In the spline model the aerodynamic coefficients are identified with a spline approximation as a
function of the (𝜶, 𝑀, 𝛽, 𝑉, 𝑝, 𝑞, 𝑟, 𝑇, 𝑢), where 𝑉 ( 𝑓 𝑡/𝑠) is the true airspeed, 𝑝, 𝑞 and 𝑟 (𝑟𝑎𝑑/𝑠) are the body rotation
rates in 𝑥, 𝑦 and 𝑧 axes, 𝑇 (𝑙𝑏𝑠) is the thrust and 𝑢 is the input vector given by:
u =[𝛿 𝐼 𝐿𝐸 𝐹 𝐿 , 𝛿𝑂𝐿𝐸 𝐹 𝐿 , 𝛿 𝐴𝑀𝑇 𝐿 , 𝛿 𝐸𝐿 , 𝛿 𝑆𝑆𝐷 𝐿 , 𝛿 𝑃𝐹 ,
𝛿 𝐼 𝐿𝐸 𝐹 𝑅 , 𝛿𝑂𝐿𝐸 𝐹 𝑅 , 𝛿 𝐴𝑀𝑇 𝑅 , 𝛿 𝐸𝑅 , 𝛿 𝑆𝑆𝐷 𝑅 , 𝛿 𝑝𝑇 𝑉 , 𝛿 𝑦𝑇 𝑉 ]

(25)

where 𝐿 and 𝑅 denotes to the left and right effector and 𝑝𝑇𝑉 and 𝑦𝑇𝑉 corresponds to the thrust vectoring for pitch
and yaw movements. As this study only considers longitudinal motions of the aircraft, only the equations correspond
to the symmetrical moves are described here. Also, to simplify, the control surfaces deflections are assumed to be
symmetric and equal. The yaw thrust vectoring value, too, is set to zero for the whole simulation. Including the thrust
vector projection on the body frame ℱ 𝑏 in the derivation of the aerodynamic forces and moments, the aerodynamic
coefficients are obtained by the model and the longitudinal forces and moments are computed by:
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1 2
𝜌𝑉 𝑆𝐶𝐹𝑥
(26)
2
1
𝐹𝑧 = −𝑇 𝑠𝑖𝑛(𝛿 𝑝𝑇 𝑉 )𝑐𝑜𝑠(𝛿 𝑦 𝑇𝑉) − 𝜌𝑉 2 𝑆𝐶𝐹𝑧
(27)
2
1
¯ 𝑀𝑦 − 𝑇 𝑑𝑇 𝑉 𝑠𝑖𝑛(𝛿 𝑝𝑇 𝑉 )𝑐𝑜𝑠(𝛿 𝑦𝑇 𝑉 )
(28)
𝑀 𝑦 = 𝜌𝑉 2 𝑆 𝑐𝐶
2
where 𝑑𝑇 𝑉 is the thrust vectoring arm from aircraft center of gravity and the forces and moments are in reference
body frame ℱ 𝑏 in [𝑙𝑏 𝑓 ] and [𝑙𝑏 𝑓 . 𝑓 𝑡], respectively. Euler equation is used for computing the changes in the system
dynamics. The atmospheric changes and conditions are described based on the International Standard Atmosphere
(ISA).
𝐹𝑥 = 𝑇 𝑐𝑜𝑠(𝛿 𝑝𝑇 𝑉 )𝑐𝑜𝑠(𝛿 𝑦 𝑇𝑉) −
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IV. The Adaptive Critic Design-Based Flight Control System
The ICE aircraft spline model is used as the environment. The ICE environment is implemented using MATLAB script
to simulate the dynamics of the designed aircraft. The thrust is controlled by an internal Proportional and Integral (PI)
speed controller in the simulation model. The lateral-directional movements of the aircraft are not considered, and
only longitudinal changes in the dynamics are considered for the angle of attack track. Also, it is assumed that the
perturbations in the longitudinal and lateral direction are independent, and their variables are not coupled, which is valid
for an aircraft of symmetric shape under a steady equilibrium condition. The state vector for the longitudinal control of
the ICE aircraft is defined as Eq. (29), including the position, the pitch rate, airspeed, aerodynamic and Euler angles.
𝑥 𝐼 𝐶𝐸 = [𝑥¤ 𝑧¤ 𝑥 𝑧 𝑢 𝑤 𝛼 𝜃 𝑞 𝑉 𝑀 𝜌 𝑞]
¯𝑇

(29)

A longitudinal nonlinear attitude control system based on the available spline aerodynamic model with a heuristic
dynamic programming RL controller was designed for the ICE aircraft. Such an architecture for the control system is
known as Adaptive Critic Designs (ACDs). The HDP framework discussed earlier is used to perform a reference tracking
control problem for the ICE aircraft. The aim is to explore the tracking performance of the proposed HDP framework for
the over-actuated system. First, the angle of attack tracking problem is investigated with multiple benchmarks starting
with one effector (e.g. pitch flaps) as the control inputs available and adding more effectors till all the effectors (except
the thrust vectoring) become available for the system. The performance of the controller in the tracking task for the
inner loop attitude control and its exploitation of the available control inputs with its effect on the tracking performance
will be explored both qualitatively and quantitatively. As only longitudinal control is considered, the control effectors’
deflections are assumed to be symmetric to avoid the lateral-directional movements.

A. Angle of Attack Tracking Problem
The ACD controller is implemented for the inner control loop of longitudinal body-frame angle control, so the angle of
attack of the aircraft. The RL controller uses the pitch flap control surfaces first to provide angular rate control in the
longitudinal axis. There is no direct control for the angular rates. For the model identification, however, both the angular
positions and velocity are fed to the network. In this way, the RL controller learns the direct effect of the actuators on
the angular position and rates and the aircraft dynamics can be learned quickly. This RL controller can then be used to
provide a higher level of control objective (e.g. altitude control) using other control techniques (e.g. PID controllers or
nonlinear dynamic inversion techniques), as will be shown by V.
Fig.5 gives a general overview of the inner control framework, including the higher-level overview of the continuous
RL controller. As shown, the architecture consists of the designed RL controller and the ICE plant. In the implementation
of the HDP method for the ICE aircraft, the same framework, as described by section II, is used. The controller includes
three main entities, namely the critic, actor and the model of the system. In the above framework, the actor learns the
control policy and develop the control law while the critic updates the value function and gives the direction to the actor
towards the optimal policy. To perform back-propagation of the actor network, online system identification is used to
provide the derivatives and state predictions. Three neural networks were used for the critic, actor and model networks
with gradient descent method used for propagation of the information as shown by dotted lines in Fig.5.
11
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Fig. 5 Layout of the control loop including the reinforcement learning controller for attitude control of the
ICE aircraft
The angle of attack response is selectively used to find the error from the response and the reference signal to
generate the inputs to the critic and the actor. Therefore, the controller receives the angle of attack as the control state for
each time step, 𝑥(𝑡), in addition to the reference signal, 𝑥𝑟 𝑒 𝑓 (𝑡). The reference vector includes only one component of
the angle of attack, 𝛼𝑟 𝑒 𝑓 . The value of the angle of attack reference is provided by the designer and defined by Eq. (30)
as a sinusoidal signal initializing at the angle of attack of 8.6 degrees.
𝛼𝑟 𝑒 𝑓 (𝑡) = 𝛼𝑡𝑟 𝑖𝑚 + 5𝑠𝑖𝑛(𝑡) (𝑑𝑒𝑔)

(30)

To provide the RL controller with the information on the tracking task and since an accurate model of the system is
not required for the HDP architecture, the reinforcement learning states 𝑥𝑟𝑙 (𝑡) are selected from the system states 𝑥(𝑡)
as defined by Eq. (31). This information from the states will be used for updating the value function, the policy and,
ultimately, the control inputs.
"
#
𝛼(𝑡)
𝑥𝑟𝑙 (𝑡) =
(31)
𝑞(𝑡)
In order to get a faster learning performance, from the RL states, only the angle of attack is used to obtain the
tracking error that will be used as the inputs for the actor and critic networks. In this way, the actor and the critic receive
information on the current systems as well as the goal. The tracking error is given by Eq. (32).
𝑒 𝛼 (𝑡) = 𝛼(𝑡) − 𝛼𝑟 𝑒 𝑓 (𝑡);

(32)

To update the controller in the direction that the system moves towards the current system reference and maintain
that, the controller requires the prediction of the successive reinforcement learning state 𝑥ˆ𝑟𝑙 that comes from the model
and is used for the update of the value function.

B. The Neural Networks Design
In Fig. 6, a visualization of the actor and critic designs are shown. Both the critic and the actor networks consist of a
single fully connected neural network. The critics map the state error to the value corresponds to that system state while
12
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the actor assigns the state error to the control action. The number of outputs of the actor will be initially set based on the
number of available control effectors.

(a)

Fig. 6

(b)

Schematic of the proposed (a) critic and (b) actor networks

For the model of the system, again, a fully connected neural network is used with its structure shown by Fig.7. The
model network inputs increase based on the available control inputs to the system. Therefore, an augmented vector will
be used as the input to the model network.

Fig. 7

Schematic of the proposed model network

C. The Learning Rates Scheduling
In an HDP framework, the actor and the critic are trained iteratively and simultaneously, which results in the online
learning ability. In other words, the weights are updated incrementally at each time step based on the current error. The
learning rates are very important in the convergence to the optimal network weights. Therefore, the proper choice for
these parameters is crucial for convergence time and to avoid local optimum trapping. For the critic, actor and model
networks, adaptive learning rates are used [14], with the update rule defined by Eq. (33). To avoid unwanted parameter
variations in online learning, the learning rates scheduling is only performed in the first few seconds and are set constant
afterwards.
𝛼(𝑡 + 1) = 𝑐 𝛼 𝛼(𝑡)
where 𝑐 𝛼 is the learning rate coefficient.
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(33)

D. The Networks Initialization
For any RL approach, including the HDP method, hyper-parameters are set for the controller. These parameters include
learning rates, 𝛼 and discounting factor 𝛾. The number of neurons and the weight initialization are also crucial in the
convergence of the controller. The learning parameters for the RL controller are shown by the table below. The weights
of the networks are initialized using symmetric randomization. The initial learning rates are mentioned in the table
below. During the online learning, these parameters, except for the learning rates, are kept constant to maintain the
converged policy in a stationary condition.
Table 2
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Parameter
𝜶 𝑎0
𝜶 𝑐0
𝜶 𝑚0

The RL controller learning parameters

Value
500
1
0.15

Parameter
𝛾𝑐
neurons
W0

Value
0.995
25
[-1, 1]

Parameter
c 𝛼𝑎
c 𝛼𝑐
c 𝛼𝑚

The model matrix which is adjusted by trial and error is defined as:
"
#
10.5050
0
𝑄𝑚 =
0
3.2423

Value
0.9
0.8
0.99

(34)

This weight matrix is used to adjust the focus of the model learning on the angle of attack rather than the pitch rate.
Although both important, however, the RL controller task is set for tracking the angle of attack and more information for
the controller is required for this state. Therefore, the accuracy of the model identification for this state becomes more
crucial that can be implemented by giving more weights to the angle of attack updates.

E. Cost Function
The reward or cost definition highly depends on this environment. The configuration of the ICE model was described in
section III. Since the goal is to track the reference signal for the angle of attack 𝛼𝑟 𝑒 𝑓 , a cost function is designed in a
way to return the optimal value of zero for tracking the reference signal precisely, in any other case, the cost value will
be a positive value. Therefore, the cost function is designed for this case as given by Eq. (35).
𝑐(𝑡) = 𝑄 𝑐 𝑒 2𝛼 (𝑡)

(35)

where 𝑄 𝑐 is the cost weight matrix and is defined as:
𝑄𝑐 =

200
2
𝛼𝑚𝑎𝑥

(36)

F. Research Cases for Attitude Control
To compare the performance of the controller for different effector configurations, a benchmarking set up is considered.
The same initial conditions are used for the controller in each situation. The aerodynamic control surfaces considered
for the four bench markings are shown by Table 3. These control surfaces are used as controllable inputs to the model,
which includes the commanded pitch flaps in the beginning and add the elevons, the inboard and outboard leading
edge flaps, and for the last benchmark, all the effectors eliminating the yaw and pitch thrust vectoring are considered.
It is assumed that the effectors deflect symmetrically to eliminate their effect in lateral-directional movements. The
performance of the controllers is compared in terms of their tracking performance, their computational effort, the
controller stability and the effectors’ control effort.
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Table 3
Case
BC1
BC2
BC3
BC4

Attitude control benchmarking cases

Control Inputs
𝛿 𝑃𝐹
𝛿 𝑃𝐹 , 𝛿 𝐸𝑙𝑒𝑣𝑜𝑛
𝛿 𝑃𝐹 , 𝛿 𝐸𝑙𝑒𝑣𝑜𝑛 , 𝛿 𝐼 𝐿𝐸 𝐹 , 𝛿𝑂𝐿𝐸 𝐹
𝛿 𝑃𝐹 , 𝛿 𝐸𝑙𝑒𝑣𝑜𝑛 , 𝛿 𝐼 𝐿𝐸 𝐹 , 𝛿𝑂𝐿𝐸 𝐹 , 𝛿 𝐴𝑀𝑇 , 𝛿 𝑆𝑆𝐷
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V. Outer Loop Altitude Control
To show the advantage of the RL controller in performing more difficult control objectives such as altitude tracking, an
altitude control outer loop is implemented. The PID controller receives 𝑧𝑟 𝑒 𝑓 and selected 𝑧(𝑡) as inputs. The gains for
the PID feedback controller are set manually and using trial and error. In contrast to the previous definition for the
controller, the values of the angle of attack reference are provided from the PID controller. An overview of the structure
of the complete control framework is shown by Fig.8. The framework of the RL controller is the same as was shown in
the previous section.

Fig. 8

Layout of the altitude control framework including the RL and the outer loop PID controllers

The controller starts with an offset from the desired altitude, and the goal is to reach the goal altitude and stabilize there
(a regulation problem). The 𝑧𝑟 𝑒 𝑓 is defined by the designer as a constant value of:
𝑧𝑟 𝑒 𝑓 = −10000( 𝑓 𝑡)

(37)

A. Research Cases for Altitude Control
The PID control values are presented for three different altitudes benchmarking conditions of BCH11, BCH12 and
BCH22. In the first two cases, the two effectors of pitch flap and elevons are available for the controller, and only
the proportional gain is changed. For the last case, all the effectors are used except for the thrust vectoring. Table 4
shows these conditions and the PID gains associated with each situation. The saturation limits are set according to the
minimum, and maximum angle of attack values derived from the ICE aircraft flight envelop.
Table 4
Case
BCH11
BCH12
BCH22

Altitude control benchmarking cases

Control Inputs
𝛿 𝑃𝐹 , 𝛿 𝐸𝑙𝑒𝑣𝑜𝑛
𝛿 𝑃𝐹 , 𝛿 𝐸𝑙𝑒𝑣𝑜𝑛
𝛿 𝑃𝐹 , 𝛿 𝐸𝑙𝑒𝑣𝑜𝑛 , 𝛿 𝐼 𝐿𝐸 𝐹 , 𝛿𝑂𝐿𝐸 𝐹 , 𝛿 𝐴𝑀𝑇 , 𝛿 𝑆𝑆𝐷
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K 𝑃 (10−4 )
5.8
2.6
2.0

K𝐼 (10−5 )
2
2
2

K𝐷 (10−3 )
1
1
1.5

The framework for the control loop discussed in this section is used for online altitude control of the ICE aircraft.

VI. Simulations and Results
In this section, the simulation setup and online results for the ICE aircraft attitude control using the ACD controller
and the altitude control with integration of the ACD and PID controller are given separately. The controller and the
dynamics of the aircraft are simulated in the MATLAB environment. The dynamics of the aircraft is updated using the
longitudinal force and moment coefficients that are derived from a spline model [27]. The forces and moments are then
derived from these coefficients (subsection III.C). The states are updated using the Eulers method.
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A. ICE Aircraft Environment
The simulation is operating with a frequency of 1000𝐻𝑧 and does not consider the turbulence effects. The measurement
errors and sensor dynamics are not included in the output states. To add exploration to the system, persistent excitation
in the form of white noise is added to the control inputs. The initialization of the ICE aircraft is performed in the flight
condition of −1000 ft altitude and 432 𝑓 𝑡/𝑠 airspeed for the attitude control, with the initial values for the thirteen
effectors set for their trim values for the specified altitude and airspeed. The heavyweight condition of the ICE aircraft is
considered for the simulation. The ICE properties are shown by Table 5.
Table 5

The ICE aircraft properties

Property
mass
S𝑟 𝑒 𝑓
𝑐¯
𝐼𝑦 𝑦
𝑔

Value
1152.6
808.6
28.75
81903
32.174

Unit
[𝑠𝑙𝑢𝑔]
[ 𝑓 𝑡2]
[ 𝑓 𝑡]
[𝑠𝑙𝑢𝑔. 𝑓 𝑡 2 ]
[ 𝑓 𝑡/𝑠2 ]

A Proportional-Integral (PI) thrust controller is used for airspeed control [10]. The reference airspeed is defined as
the initial airspeed value, so 430 ft/s. The thrust controller proportional gain is set equal to the mass of the aircraft,
while the integral gain is set to 10. The thrust values are saturated between 0 and 10, 000 lbf with anti-windup added for
saturation of the integral control signal to the maximum thrust.

B. Initialization
For the attitude control part, the aircraft is initialized at the altitude and airspeed mentioned above, while the angle of
attack, the pitch angle, and the pitch rate are set to values different from the trim. The aircraft is highly unstable, mainly
if the trim inputs are not applied. Therefore, the control problem becomes very challenging for the HDP controller.
Without a suitable controller, the states can easily deviate from initial values. The same state initialization is used for all
the presented experiments in this paper for the sake of comparison except for the altitude control problem where the
aircraft starts with an offset from the desired altitude with other states’ initialization remain the same.

C. Attitude Control Results
The online attitude control lasts for 60 seconds. In this part, the online results are shown. The results displayed here are
corresponding to one of the successful runs of the online controller. At each simulation step, the ICE model receives the
reinforcement learning state vector 𝑥𝑟𝑙 and the control inputs vector 𝑢(𝑡) and predicts the response of the reinforcement
learning states (state estimation). Since the initial visits in the state and action space are essential for the controller faster
convergence, the persistent excitation is only applied for the first 10 seconds. Fig.9 shows the progress of the controller
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as more experience is obtained during online learning. The figure shows one of the best recorded performance with the
dashed line showing the angle of attack desired trajectory. The top part of the picture shows the error values for the critic
(top left) and actor (top right). The plots illustrate the progress of the networks with the initial peaks corresponding to
the initial exploration. The figure presents high critic error in the first 5 seconds. The same tracking error can be seen
for the tracking performance by just looking at the angle of attack response, and the reference signal in the middle left
part of the figure. The actor errors are small in the beginning and become very large between 1 to 3 seconds. However,
the controller can adapt very fast in the very first few seconds. Fig. 10 shows the attitude time history of the controller,
with the first seconds zoomed in. The figure confirms that the controller has learned to track the reference trajectory
precisely in less than 5 seconds.

Fig. 9 The attitude control results with the critic network error in top left, the actor network error in the top
right, the angle of attack response and the reference angle of attack in the middle left, the pitch rate response in
the middle right, the cost value in bottom left, the effectors deflection in the bottom right (case BC2)

Fig. 10 The time history of the angle of attack response and reference signal with the first 5 seconds zoomed
in (case BC2)
The pitch rate response is shown in the middle right part of the graph. The response shows variations with less
frequency in the first few seconds, and these changes indicate a higher frequency after 2 seconds, while after 5 seconds,
the pitch rate response becomes oscillatory with some small changes in the periodic behavior over time. The left bottom
plot represents the cost values, which shows that the agent successfully progresses toward minimization of the cost,
except for the first 3 seconds of exploration. As the cost is only a function of the states, the cost values show peaks
with the same frequency as the tracking error. The cost values indicate that the controller can adapt to the reference
trajectory within a few seconds. The bottom right shows the pitch flap and elevon deflections. The control inputs are
saturated according to the limitations mentioned in the configuration. It can be seen that the controller first applies
smaller contributions, starting from their initial values. The effectors are pushed to their limits with the increase in the
actor error; however, after some exploration, the controller obtains less aggressive control signals. It shows that the
actor networks are continually changing for a better policy over the 60 seconds. The significant error for the actor shows
its deterioration effect on the pitch flap and elevons deflections that vary with high frequency in the same duration.
17
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The same high frequency but high amplitude variations can be seen in the control input response, which reduces the
performance. Since the control effector deflections are not considered in the cost function, there is no direct information
obtained by the RL controller for the control effector deflections’ influence on the cost function. However, the controller
can converge quickly to a smoother response when the high tracking performance is achieved. While the controller can
perform the tracking task accurately from the first few seconds, the policy still shows a few changes in the learning
period.

Fig. 11 The online model identification results with the angle of attack and pitch rate plant and model responses
on top, the overall model error in middle and the angle of attack and pitch rate errors in the bottom (case BC2)
Fig.11 shows the online model identification results. The top left and right top parts of the plot shows the identification
of the angle of attack and pitch rates, respectively. The dotted lines show the model identified states while the solid lines
show the response of the ICE plant. The model is identified precisely for the angle of attack after 5 seconds, while for
the pitch rate, there is some deterioration at some points in the identification process. The same observation can be
made looking at the model error for the pitch rate in the bottom figure. The reason can be the low learning rate value for
the model network and the weight matrix for model identification. However, the overall model error shows a great
improvement after 5 seconds. The zoomed-in figure for the identified model in Fig.12 shows that the identification
improves over time. The identification errors agree with continuous change in effectors deflections for the whole
learning period as part of the actor training depends on the derivative of the identified model states to the effector inputs.
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Fig. 12 The zoomed-in (case BC2) plot for model identification for the angle of attack and pitch rate between
18 to 30 seconds (top plots) and 50 to 60 seconds (bottom plots)
Fig.13 indicates the changes in the network weights for the controller. The convergence of the critic networks agrees
with what already was shown by the tracking performance of the controller. However, the actor hidden layer networks
show some changes within time, while the output layer weights show convergence. Therefore, the controller is still
updating the policy during online learning, as was also observed from the figures above. The actor weights show more
significant changes between the first 20 seconds, which was also seen in the policy obtained and presented with pitch
flap and elevon deflections. The model weights show variations through online learning, which is expected as the model
identification is performed locally. However, it is interesting to note that the PE added to the system initially is identified
quickly by the controller and not influenced the model weights.

Fig. 13

The weights updates for the critic, actor and model networks (case BC2)

Qualitatively speaking, by looking at the graphs presented above, it was observed that the controller can adapt to
the reference signal, and the controller is able to follow the reference angle of attack precisely in the first few seconds
with online training. To see the control allocation performance of the HDP controller, in this case, the BC2 control
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effectors response is presented by Fig.14. pitch flaps and elevons are the control effectors that have the most influence
in longitudinal pitch control of the ICE aircraft (without thrust vectoring). Therefore, it is interesting to see how the
control effort is distributed between these effectors.

Fig. 14 The online progress of the control policy for 60 seconds of learning and the zoomed in response for the
last 10 seconds (case BC2)
Fig.14 shows that the controller is capable of achieving a policy that uses the power for both effectors to achieve the
angle of attack control task and the effectors’ deflection are contributing in the same direction. The current performance
is made while the cost function definition does not provide any feedback for the control effort, and the controller
performs the angle of attack tracking objective based just on the tracking error information.

D. Comparison of the Tracking Performance
In the previous section, one of the benchmark conditions with the best performance was presented. The quantitative
performance presentation for all the research cases is shown in this section to provide a basis for the comparison. The
values for comparing criteria correspond to one of the successful runs. To compare the tracking performance for each
condition, the Root Mean Square (RMS) of the tracking error is shown by Table 6. In addition, the simulation run time
is shown to compare the computational cost of each condition. For the experiment runs, a PC with i5-6500 CPU and 8
GB of RAM is used. The control effort for each control surface is shown by Table 7, while Mean Control Effort (MCE)
is defined by Eq. (38).
Í
|𝛿𝑒 𝑓 𝑓 /𝛿𝑒 𝑓 𝑓 𝑚𝑎𝑥 |
𝑀𝐶𝐸 =
(38)
𝑁
where 𝑁 is the number of samples during the online simulation. The success ratio is also provided for 100 runs for
each condition with randomization in the initialization of the network weights to check for the stability of the controller.
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BC1
BC2
BC3
BC4

RMS (𝛼)
[deg]
1.2843
0.2251
1.1277
1.1589

Run Time
[seconds]
28.9773
29.7998
42.4319
124.5123

Success
Ratio [%]
28
38
15
9

The above table results for the tracking error shows that the best tracking performance is obtained for the BC2
condition. Comparing the last two benchmarks, better tracking performance is achieved using all effectors in used
when compared to the BC1. The tracking performance between the two last benchmarks is close to each other. The
computational effort results are as expected, as the controller takes more time to learn the optimal policy when a higher
number of effectors are used. The computational effort becomes much higher when all effectors are used, and both the
model and actor networks become more complicated. The success ratios are low, which shows that the controller is
quite unstable, and the success ratio becomes very low for the last benchmark. The instability of the controller can
improve with some increase in the computational cost by adding more neurons to the actor and model networks. It was
also found that the initialization of the network weights plays a vital role in the stability of the controller. As an example,
a success ratio of more than 50 percent can be achieved if the controller weights are set to bigger initial values.
Table 7
Case
BC1
BC2
BC3
BC4

PF
MCE [-]
0.1690
0.0387
0.0322
0.0404

The control effort for each benchmark condition
ELE
MCE [-]
0
0.0462
0.0407
0.0468

ILEF
MCE [-]
0
0
0.0266
0.0256

OLEF
MCE [-]
0
0
0.0203
0.0185

AMT
MCE [-]
0
0
0
0.0253

SSD
MCE [-]
0
0
0
0.0122

Looking at the control efforts for pitch flaps, it can be seen that effort is reduced clearly when more effectors became
available for the controller. This shows that the controller is successful in distributing the required control power between
the available control effectors to follow the desired angle of attack trajectory. However, the control effort changes for
pitch flaps become smaller for the cases of BC2 and BC3, while there is also a slight increase when all effectors are used
when compared to the case where only four effectors are available to the controller. For elevons, the same trend can be
seen as the control effort becomes smaller between the second and third benchmark condition but become higher for
the last one. This can be due to the interaction between the effectors, especially for higher angles of attack that can
cause more engagement of the control effectors. Also, by looking at the graphs, it was found that at the beginning of
the learning, the controllers are pushed to their limits with higher frequency, while through the learning, they almost
converge to a periodic response.
Another observation is the ILEF and OLEF control efforts for the last two benchmarks. The control effort for ILEF
almost remains the same, while OLEF experiences lower control effort for the last benchmark compared to BC3. This
can be due to the reason that the controller converges to another (near) optimal policy, and there is a different division of
control power required between the control effectors. This can also include compensation of one effector for another.
The control effort for the AMT and SSD effectors is quite small, which can be expected as these effectors have the most
control power in lateral-directional movements.

E. Altitude Control Results
For the altitude control, the ICE aircraft starts at the same flight condition as for the attitude control, so airspeed of 430
ft/s with the same initial values for the effectors. However, in this case, the aircraft starts with -300 ft of offset from the
desired altitude of −1000 ft. Therefore, the control problem is deemed more difficult if compared to a case where the
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aircraft starts in the trim condition. The simulation runs at 1000 HZ with a maximum duration of 120 seconds. Different
configurations for different available effectors, in addition to different PID controller gains, are tested as described by
subsection V.A. The purpose is to see the ability of the outer loop controller to achieve the altitude tracking task while
the RL controller is learning in parallel in an online framework. Fig.15 shows the altitude time history for the controller
for three different research cases. The figure compares the approach behaviour for the regulation problem for three cases
and shows how the controller behaves under different conditions. The results are shown for one of the best recorded
performance. The dashed horizontal line in the figure shows the desired altitude. The two first cases only consider pitch
flaps and elevons as the available control effectors, while the last case considers all the effectors except for the thrust
vectoring. The altitude behaviour shows the success of the controller in moving toward the desired trajectory.

Fig. 15

The altitude tracking results for different benchmarking conditions with 300 ft offset

The altitude time history shows that the controller is capable of approaching the desired altitude and stabilizing
the aircraft, especially for cases BCH12 and BCH22. Some differences can be seen for various conditions, as the
chosen trajectory is expected to depend highly on the PID controller gains. The BCH11 case reflects a less aggressive
manoeuvre and a smoother approach to the desired altitude. In other words, the variations in altitude are more gradual
and with less frequency if any. While conditions BCH12 and BCH22 attempt to reach the reference altitude, there is an
overshoot in the first few seconds, which become more prominent for the last case compared to BCH11. The ’rise time’
is shorter for case BCH12 compared to BCH22, while there is an oscillation afterwards with a smaller amplitude around
the desired trajectory. The overshoot can be explained due to the large initial angle of attack of the aircraft, which cause
the behaviour of the aircraft first to start losing altitude and then recover from that and reaches the desired altitude and
attempt to maintain that. However, it can be seen that by choosing a larger proportional gain, this overshoot can be very
much damped while still happening. Comparing the first two cases, the more significant overshoot and more aggressive
manoeuvre for the BCH12 compared to BCH11 result in stabilization of the aircraft around the desired altitude before
60 seconds. However, for the BCH11, the desired altitude is only reached after 150 seconds and slower. For the last case
BCH22, the altitude stabilizes only after about 90 seconds, while the amplitude of the oscillations is larger. To get a
better understanding of aircraft behaviour and to see if the aircraft is able to follow the obtained trajectory, the angle of
attack of attack tracking and the effectors’ policy should be analyzed.
Fig.16 shows the angle of attack response. The dashed lines in the figure show the reference angle of attack signals
derived from the PID altitude controller. What the plot shows is that the angle of attack follows the reference signal
precisely before 10 first seconds. While the zoomed-in figure also shows that the angle of attack is damped around the
reference PID output after some initial oscillations. As could have expected for the BCH22 condition, the angle of
attack tracking becomes accurate in a longer period as a more difficult task is defined for the controller. One interesting
observation is that, as expected, the angle of attacks converge to a value close to the trim value at this altitude, where the
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initial effectors were set based on. There are minimal deviations from the trim value, which is caused by the integration
control signal. It was found from Fig.15 that the most significant result is obtained by case BCH11.

Fig. 16 The angle of attack reference signal and the response of the ICE plant for different benchmarking
conditions with the outerloop altitude control
From Fig.16, it can be seen that for the BCH11 and BCH12, the controller performs more aggressive angle of
attack tracking maneuver to increase the angle of attack at the start of the learning and adding to the thrust values
to compensate for the decrease and drop in the airspeed as shown by Fig.17 and Fig.18. On the contrary, from the
same figure, it can be seen that for the last case, the speed is initially increased very slightly, and therefore, the thrust
decreased significantly while the angle of attack is expanding to reach the reference signal. After the angle of attack is
damped around the reference signal, the velocity follows the same trend as the angle of attack behavior. As expected,
since the integral gain for all the research cases of BCH11 and BCH12 are the same, the angle of attack converges
around the equal value for these cases. The BCH11 and BCH12 also show better tracking performance by just looking
at the graphs as for these conditions, the angle of attack response is able to follow the reference signal precisely before 5
seconds. This is while, for BCH22, the angle of attack is still oscillating around the reference trajectory. Obviously,
for the BCH22 case, the controller needs more exploration within the more complicated action space to find the best
combination of the effectors to achieve the control task.

Fig. 17

The thrust values for different benchmarking conditions with the outerloop altitude control
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Fig. 18

The airspeeds for different benchmarking conditions with the outerloop altitude control

Although the same initial airspeed drop can be seen for cases BCH11 and BCH12, for the latter, the airspeed drop
is smaller compared to the former. However, the airspeed for the rest of the learning shows some oscillations before
stabilizing, which relates to the angle of attack changes. Apart from the different initial responses of the airspeed in
the first few seconds, for the rest of the learning with BCH22, the airspeed tends to oscillate with the angle of attack
stabilizing around its trim value. Therefore, the controller will need more than 1 minute to maintain the altitude. The
gradual increase in airspeed can also be seen here for the first research case, which converges after almost 30 seconds
while the altitude is still increasing towards the desired altitude.
Fig.19 shows the effectors’ control inputs time histories for the controllers under two first cases. It can be seen that a
different control policy is achieved for the pitch flap and elevon deflections in two cases, while there is a high-frequency
usage of the control effectors at the beginning for both cases. The effectors are pushed to their limits initially, while
the control policy starts becoming less aggressive sooner for the BCH12 case. For both cases, the control effector
deflections utilization decrease before 5 seconds. It can be seen that the pitch flaps and elevons are used antagonistically
in both cases and produce additional drag that is not desired. As already mentioned, the effort of the controllers is not
included in the objective function, and therefore, there is no information provided about the effectors’ deflections to the
controller. Although in the attitude case, the controller is able to achieve a contributing effect from the controllers, in
this case, a larger control effector utilization is achieved. However, no direct conclusion can be made by comparing the
two, as there is no basis for comparison in this case. The excessive effector utilization also explains the increase in
thrust for case BCH12 after 10 seconds and the decrease in the slope of the thrust behavior for case BCH11, while for
both cases, the thrust values are converging to values close to their trim values.
The control effectors response for the BCH22 case are shown by Fig.20. The plot shows the same high-frequency
changes in the control effectors deflections for the first few seconds. However, it can be seen that for this case, where
six effectors become available for the controller, the control policy does not include any effector deflections to their
saturation limits, while the deflections become smaller in frequency after 6 seconds of learning and change with a
smaller slope. Another observation is that close to 18 seconds of learning, the deflections change signs and obtain larger
values while the controller also starts using spoilers (SSDs). This is followed by the decrease in effectors utilization
after 42 seconds and then increasing them again before 50 seconds of learning where the control policy start converging.
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Fig. 19

The pitch flap and elevon responses for BCH11 and BCH12

It can be seen that after first high deflections of the ILEF effector, the controller decides not to use this effector for
the rest of the learning after 1bout 19 seconds of online learning (due to overlapping of the AMT and ILEF graphs, it’s
not possible to distinguish the plots). The same can be seen for the AMT deflections, as these effectors deflections
are reduced to zero by the change in the policy after 19 seconds. By just looking at the graph, one can see that the
significant changes in the policy happen in 19, 45, and 58 seconds of learning before the controller convergence. It can
be seen that for this case, also, the PF and ELE effectors are deflecting antagonistically, while the outboard leading edge
flaps and spoilers deflections are contributing with the elevons. However, the overall effect would increase the altitude
and therefore contribute to altitude regulation. This way of effector utilization, however, would result in excessive
drag. Therefore, more thrust power is commanded by the aircraft after 10 seconds, as shown by Fig.17. However, the
converged control policy requires almost the same thrust values that the controller converges to when compared to the
two other research cases where only two effectors are used. The deflections of the rest of the control inputs remain
unchanged while setting at small values.
The quantitative comparison of the different research conditions is presented by Table 8. The results presented in
this table correspond to the successful runs plotted above. It can be observed that the altitude tracking error has the
least value for the BCH11 case, and for the last case, the tracking error increase by almost 95 % from the first case
while the angle of attack tracking error, in this case, is smaller than BCH11 and BCH12. Therefore, for the current
solutions, the inclusion of more effectors resulted in a worse altitude tracking performance but a better angle of attack
track. Therefore, the angle of attack tracking performance almost shows the opposite behavior than the altitude, by
achieving the most tracking error for the case BCH11 and the least for BCH22. This also reflects in the Fig.16 where we
see bigger amplitudes for the angle of attack oscillations around the reference signal.
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Fig. 20

The effectors responses for BCH22 case

So, the best angle of attack performance is achieved by BCH22. The results corresponding to the stability of
the controller show that case BCH11 shows more than twice the success ratio when compared to the following two
conditions for 100 runs of all the controllers with random initialization of the network weights. For the last two cases,
the success ratio is almost the same for the two controllers.
Table 8

The altitude tracking performance for benchmark conditions
Case
BCH11
BCH12
BCH22

RMS (z)
[ft]
93.3719
143.2720
169.4833

RMS (𝛼)
[deg]
0.4958
0.2695
0.2691

Success
Ratio [%]
50
21
22

Table 9 shows the mean control effort for all the effectors in all the research conditions. All effector utilization
(except for the MTV) is only possible for the last research case, while in the first two cases, only the pitch flap and elevons
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can be used. In all instances, the cost function of the ACD controller only considers the angle of attack tracking error. In
general, it can be seen that making more effectors available for the controller does not cause a lower control effort for
the pitch flaps and elevons when research cases BCH11 and BCH22 are compared. Interestingly, for both effectors,
the control effort is significantly smaller for the case BCH11. The control effort for the rest of the control surfaces is
little, with the AMT and SSD control efforts substantially lower compared to the rest of the effectors. Therefore, the
pitch flaps and elevons, which have the most direct effect on longitudinal controls are used considerably more than the
effectors that are designed for lateral-directional movements.
Table 9

The altitude tracking control efforts for benchmark conditions

Case

PF
MCE [-]
0.0544
0.1373
0.1178

BCH11
BCH12
BCH22

ELE
MCE [-]
0.0587
0.1325
0.1137

ILEF
MCE [-]
0
0
0.0116

OLEF
MCE [-]
0
0
0.0611

AMT
MCE [-]
0
0
0.0056

SSD
MCE [-]
0
0
0.0094

In the last case, the elevons control effort is almost the same as pitch flaps, and as was shown, they are moving
antagonistically. This explains why to achieve the control objective; the policy contains using other effectors. As was
expected, all moving tips control effectors control effort is close to zero, and they have been utilized the least. It can
be seen that the OLEF has a more considerable control effort and can be seen by the Fig.20, the OLEF effectors are
deflecting in contribution to pitch flaps and probably compensate for the elevons antagonistic behavior. This results
directly in the decrease in the airspeed due to the increase in the drag in this duration that will be compensated by an
increase in the thrust values. Introducing more effectors to the controller increase the ambiguity in the solutions, and
with the effector utilization not being considered in the cost function, it can be seen that while the primary objective of
altitude control is achieved, however, the effectors are not being used in an efficient way.

VII. Conclusions and Final Remarks
Adaptive control methods have been proposed for the control of the automated systems. Most of these approaches are
model-based or cannot be applied online. The Innovative Control Effector (ICE) aircraft design comes with a large
control suite that results in very complex dynamics for the aircraft. Therefore, a model-free control approach that
is adaptive and can deal with the complicated system of the ICE aircraft is beneficial. A controller design based on
continuous Reinforcement Learning (RL) algorithms can provide an adaptive controller for the ICE aircraft that is
model-free and can be used for online control of the aircraft.
The results for the application of the approximate actor-critic-based reinforcement learning method of Heuristic
Dynamic Programming (HDP) for control of the nonlinear innovative control effector aircraft model using HDP
shows the advantage of this approach in two ways. First, the ability of the approximate RL controller is shown in
achieving an attitude tracking task with online internal local model identification. Second, the controller is able to
learn online and without prior knowledge of the system dynamics, to control the longitudinal dynamics of the aircraft
in achieving the desired altitude by integrating the RL controller with an outer loop PID controller, both learning
online and simultaneously. The results are shown for symmetric utilization of different configuration of the control
effectors. In all cases, the tracking error is the only source of information for the controller. While the HDP controller is
successful in both problems of attitude control and altitude control of the ICE aircraft, it is concluded that achieving the
control objective, especially for the second problem, results in inefficient effector utilization, causing excessive drag
and, therefore, misuse of thrust power. This means that for better and more efficient use of the effectors, the control
effector utilization and possibly thrust usage should be directly included in the cost function. It is shown that inefficient
control effector utilization is not entirely reflected in the attitude control problem or when small numbers of effectors
are considered. However, for altitude control and with the introduction of the new effectors, this issue becomes more
important for the controller.
The quantitative comparison for attitude control with a different number of effectors shows that one of the best
tracking performances are obtained when the controller considers pitch flaps and elevons as the available control powers.
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It is also concluded that the increase in the number of effectors results in longer run times and adding the effectors
of leading-edge flaps, all moving tips and spoilers reduces the success ratio significantly. In general, it is found that
increasing the number of effectors does not necessarily decrease the control effort in attitude control, and some cases
increase the effort for effectors that are designed for longitudinal control, like pitch flaps and elevons). For the altitude
control case, it is shown that while the solution depends on the gains of the outer-loop controller, the altitude error
increase with adding more effectors while the angle of attack error decreases. Also, a more success ratio is achieved if
the altitude control is performed with less overshoot. In this case, too, adding more effectors is shown not to decrease
the control effort of the controllers necessarily.
Finally, for future studies, the RL controller implementation for higher order control problem of altitude control
with no cooperation with the PID controller should be investigated. For the current proposed framework, the effectors’
response to the inclusion of effector utilization in the cost function can be considered to solve the problem of inefficient
effector use and as a result, to avoid the excessive drag. One downside of the HDP control with neural networks, which
is inherited by policy gradient methods, is the probability that you might trap in a local optimum for some function
approximation approaches. One solution can be to use Softmax functions or by using TD prediction methods (e.g.,
using target networks). Finally, one of the vital control power available for longitudinal control of the ICE aircraft is the
thrust vectoring, or more precisely, the pitch thrust vectoring. In future studies, this effector should also be considered
for the investigations with RL using the complete control suite.
.
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