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Abstract
Within the scope of the recently initiated joint project ”Bürgernahes Flugzeug,” the Institute of Aerospace Systems
(ILR) of the TU Braunschweig conducts research in the field of intelligent flight control systems (IFCS). While
previous research efforts focused mainly on neural network based control of unmanned aerial vehicles (UAVs), this
project extends this focus to conventional aircraft and strives to develop new solutions that enable a secure flight in
both nominal and faulty conditions.

This paper will first outline the overall purpose and the goals of the joint project ”Bürgernahes Flugzeug” in order
explicate the role of and the need for rigorous research in the field of IFCS. The institute’s current state of UAV
control based on artificial neural networks forms the foundation for ongoing research and will thus be briefly depicted.
So far, the investigation of learning algorithms and their stability were emphasized as they embody a crucial aspect
of machine learning. Subsequently, some relevant literature on hybrid, fault tolerant, and intelligent flight control
will be briefly surveyed. Lastly, the key concepts are summarized and links to future work will be pointed out.

The general structure of a hybrid flight controller which forms the inner loop of an IFCS is displayed in the figure
below. It is the main idea to combine modern control design methodologies, such as dynamic inversion, with a
neural network as an adaptive element. Since inversion based approaches often suffer from inversion errors due to
structural system uncertainties or are sensitive to parameter errors, an adaptation to changing operating conditions
is beneficial even for nominal flight. The highly valuable aspect of this hybrid combination is the capability to
accommodate to drastically changing flight regimes due to structural failures or severe atmospheric turbulence.
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Schematic block diagram of a hybrid flight controller

Since the early 1980s the research on advanced flight control systems has brought up a vast variety of methodologies.
Intelligent flight control is associated to the field of hybrid, fault tolerant, and reconfigurable control. The authors try
to categorize these approaches in order to clarify the possible routes taken in future work. In general, the following
requirements are to be satisfied:

• Adaptation must be done under real-time conditions and quick enough to provide good transient performance
and stability.

• Human interaction should be minimal meaning that some automatic decision making mechanism must be
available for controller reconfiguration

• Independent of the actual situation, the selected method must provide a solution even if it is not optimal.

The main part of this paper will consist of a review and a description of the relevant design aspects with respect to the
applicability to a commercial aircraft IFCS . These aspects are among others: redundancy, control re-allocation, on-line
model identification, actuator constraints, reliability, and stability of both the entire system and the utilized learning
algorithms. This preliminary investigation shall serve as a baseline for the design of a hybrid system architecture that
strives to bring flight safety and performance to a new level.
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NOMENCLATURE

a . . . spline coefficent for x-coordinate
b . . . spline coefficent for y-coordinate
b j . . . bias value of neuron j
d . . . measured deviation from the spline

d̂ . . . predicted deviation from the spline
E j . . . squared error of the network output
f . . . transfer function of a neuron
J . . . Jacobian matrix of the network weights
n . . . argument of the transfer function
s . . . parameter for the position on the spline
t j . . . target of neuron j
u j . . . output signal of neuron j
wi j . . . weight from neuron i to j
x . . . x-coordinate in the geodetic system
y . . . y-coordinate in the geodetic system
δ j . . . error signal of a neuron
μ . . . learning rate
λ . . . sliding function parameter
ξc . . . control signal of the ailerons

1. INTRODUCTION

The joint project ”Bürgernahes Flugzeug1” has the vi-
sion to meet the citizens’ demand for a next generation
aircraft with a short start and landing capability[1]. Con-
necting Europe’s metropolises, these new aircraft shall
increase mobility while reducing noise pollution, energy
consumption, and thus total cost of operation. The tech-
nologies that will be developed together at the DLR,
TU Braunschweig, TU Clausthal, and Leibniz-Universität
Hannover combine

• multifunctional, hybrid leightweight structural de-
sign

• high performance jet engines with enhanced operat-
ing space

• advanced aerodynamical and aeroacustical design
methodologies

• integration and automation of onboard and ground-
based air traffic control

• technological foundations for a one-man-cockpit in
commercial aircraft by new approaches of intelligent
flight control and reconfiguration of degraded sys-
tems.

Despite being one of the safest means of transportation,
aircraft accidents happen on rare occasions with catas-
trophic consequences. This motivates the research on
intelligent flight control systems that not only lower pi-
lot work load in nominal flight but also handle a wide
range of faulty and off-nominal flight regimes. Much re-
search has been conducted on this topic in the last two

1literal translation: ”citizen-friendly aircraft”

decades[2, 3, 4, 5, 6, 7, 8, 9]. Thus, this paper tries to pro-
vide a categorization of the proposed designs and sum-
marizes the critical design aspects that need to be taken
into account when designing an IFCS.

The next section of this paper surveys the basics of intel-
ligent flight controller designs. Starting from a rather ab-
stract description of IFCS, the necessary components and
design options will be briefly described. Subsequently, ap-
proaches of hybrid neural control as adaptive inner loops
are discussed. Within this scope, a modular, purely neural
flight controller that was successfully applied to a simu-
lated UAV[10] will be reviewed. This projects strives to
transfer the gained experiences and discusses the appli-
cability of the presented concepts to commercial aircraft
such as the Airbus A320. Finally, conclusions will be
drawn and links to future work will be pointed out.

2. INTELLIGENT FLIGHT CONTROL

With the increasing density and automation of air traf-
fic, classical flight controllers have become an integral
part of almost any commercial aircraft system[11]. Today,
these control systems are designed to handle basic func-
tions and different flight regimes, such as cruise, start and
landing. Even though in principle an entire flight could
be conducted automatically, off-nominal flight conditions
due to fault, damage or severe atmospheric conditions
can overburden such a classical flight control system.

In 1989, for example, a disintegrating turbine disk de-
stroyed the hydraulic lines of a DC-10 aircraft leading to
complete malfunction of all control surfaces[12]. Using
just differential thrust, the captain was able to stabilize
and land the aircraft saving the lifes of the majority of
the passengers and crew members. Another, more re-
cent case happened in 2009 when US Airways Flight 1549
landed in the Hudson River of Ney York City. Just after
departure, the plane had suffered a ”double bird strike”
causing both engines to fail. Again, it was the incredible
skill of the pilot that prevented a catastrophy.

Clearly, the main reason for the integration of ”intelli-
gence” into the onboard flight controller is to incorpo-
rate features that enable a self-repairing flight control
that maximizes controllability and prevents the mission
from failing. The control system must be able to correct
for unanticipated system failures using current technology
flight sensors and computer algorithms. However, the de-
sign engineer faces a complex problem for many levels of
a flight control system are involved in this ambitious en-
deavor (see Figure 1). The planning of trajectories does
not only have to meet the requirements of the designed
control law, it further has to take degraded dynamics and
sensed obstacles into account. Optimization of energy
consumption or flight duration again constrains the plan-
ning. Another important aspect is the proper allocation
of manipulated inputs to functioning control surfaces and
is closely interlinked to controller design. Before the IFCS
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can react on any fault, an appropriate algorithm is to be
implemented that diagnoses the subsystems, detects ab-
normal properties, and isolates the fault in a way such
that its influence is both known and minimized. All these
technologies have been subject to extensive research and,
for obvious reasons, cannot be detailed here.

Intelligent

Flight

Control

������

�

��	
��


������
���

�������� ���
�����������

���������������

������	�

�
���
�

�����
�

��������

����������

����������
 �����

!����
���

!������
�

�

"�
����
�

#�����$���
�

Figure 1: Adjacent technologies that are combined to an
intelligent flight control system

In 1993, Robert F. Stengel proposed an IFCS that mimics
the cognitive processing of the human brain (see Figure
2(a)). Following his paper[13], the components of in-
telligent flight control systems can be categorized into
declarative actions that involve decision making, mission
planning, and system/health monitoring and diagnosis,
procedural actions that enable the aircraft to perform
skilled behavior such as guidance and control, and lastly
reflexive actions that enable fast adaptation, estimation
and spontaneous reactions. Figure 2(b) displays a block
diagram of this concept. This categorization matches the
traditional control design principle of having a cascaded
structure with low-bandwidth outer loops with large am-
plitude and high-bandwidth inner loop functions with
small amplitude.

The project described in this paper strives to combine
analytical, model-based control with artificial neural net-
works to hybrid neural systems that perform the reflexive
part of an IFCS. This approach has been put into the
context of expert control [14] that embodies a paradigm
for controllers that yield higher degrees of automation
by performing tasks and making decisions that normally
expert human operators would do.

At this stage, possible hybrid control architectures were
surveyed and will be described in the next subsection.
The training algorithm of a neural network has to be se-
lected carefully as it has implications not only on stability
but also on adaptation performance. In this context, a

(a)

(b)

Figure 2: (a) Human pilot in the flight control loop (b)
Intelligent flight control architecture (taken from[13])

recently developed training algorithm based on sliding
modes will be briefly reviewed.

2.1. Hybrid Flight Control

The investigation of hybrid systems2 that integrate not
only sequential, symbolic algorithms but also artificial
neural networks is a relatively new research domain. In
2000, Stefan Wermter and Ron Sun[15] gave a general-
ized overview on hybrid neural systems both in terms of
classification and taxonomy. The main motivation for
usage of both symbolic processing (i.e. analytical equa-
tions and models) and neural networks is based on dif-
ferent viewpoints: From the point of view of the recently
more and more popular approach of bio-inspired control,
a purely neural processing architecture may be the most
desirable. In simple words, both human and insect brains
work by means of massively parallel neural networks that
fulfill a formidable task in coping with unstructured and
uncertain environments and rich sensory data. Still, the
design engineer still faces a significant gap in complex-
ity between natural neural networks and the bio-mimical

2It should be noted that in a different context hybrid systems
can also mean the combination of discrete and continuous time
systems.
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digital counterpart: even the brain of one of the sim-
plest insects, the fruit fly (drosophila) with its 105 neu-
rons, contains orders of magnitudes more neurons than
the largest nets that can be effectively implemented on
dedicated signal processors.

Artificial Neural Networks (ANNs) are a computational
model that tries to simulate the functioning of biological
neural networks. On the lowest level, they consist of neu-
rons that are connected to other neural cells by weighted
interlinks. Having just one output but possibly many in-
put signals, the sum of all inputs of a single neuron is
passed to the transfer (or activation) function which is
often realized as a sigmoid function. Layers of neurons
are connected in a sequential fashion in order to con-
struct a complex network with a high-dimensional space
of synaptic weights. To achieve the goal of mapping in-
puts to outputs in a desired way, these weights have to
be adjusted by applying an appropriate training algorithm
such as the gradient descent method, the Levenberg-
Marquardt algorithm, or more advanced approaches[16].
Even simple neural networks have been proven to yield
excellent results in various technological fields. The in-
tegral part of their application is comprised of rigorous
training based on carefully chosen data where the net
learns the knowledge of how to perform a certain task.
This knowledge, however, is stored implicitly in terms of
numerical values that represent the synaptic weights. In
most cases, this representation lacks an obvious, natural
interpretation.

Despite their remarkable performance, it is still difficult
for scientists to provide a comprehensible, unified expla-
nation why a certain configuration of a neural network
succeeds to fulfill a technological task - the mapping be-
tween input and output is hidden in the multidimensional
space of weights. Especially for security critical applica-
tions this fact has so far obviated the certification of
systems that employ neural networks. This ”black box”
character has lead not only to criticism in the past but
has also driven the effort to ”open” this box by using
modular and hybrid architectures. For the same reason,
purely neural flight control aggravates the incorporation
of human expertise to simplify algorithm complexity and
improve closed loop performance and robustness - a neu-
ral network always has to learn from scratch. For neural
networks to be widely applied to flight control systems,
an explanation capability should be an integral part of the
functionality of a trained neural network. This aspect will
be in the center of research for this project.

In principle, adaptive flight control can be divided into
three categories:

1. indirect adaptive control

Aircraft parameters are estimated in real-time and
serve as knowledge base for gain scheduling, recon-
figuration and variable structure control[17]. Numer-

ous estimation techniques exist with different prop-
erties and real-time suitability[18], including neural
network approaches[19].

2. hybrid/direct adaptive control

A common case of direct adaptive control is to
extend a model-based nonlinear dynamic inversion
control law with an estimator of the inversion er-
ror. Artificial Neural Networks (ANN) are well
suited for this task since by learning in real-time
they acquire implicit knowledge of parameters, un-
modelled system dynamics and faults at the same
time[20, 21, 22, 23].

3. model-free neural control

Model-free neural control forms the highest degree
of adaptation and does not explicitly involve any
modelling of system/plant dynamics. Instead, (pos-
sibly modular) neural networks function as observer
or controller.

The next section will review such a model-free neural
control design as proposed by T. Krüger et al.[25].

2.2. Modular Neural UAV Control

An important elemtent of this neural control strategy is
the implementation of the commanded flight path as cu-
bic Bézier-splines. These splines are interlinked with each
other to generate a desired flight path. This allows a con-
tinuous determination of the deviation from the desired
path[26] which is critical information for the neural con-
trol approach. A simple example of a single, planar spline
is shown in Figure 3.

�

�
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�
�

�
�

�
�

Figure 3: Example of a single cubic spline used to define
the flight path by interlinking several spline segments

The Bézier-splines

(1) x(s) = a3 ·s3 +a2 ·s2 +a1 ·s+ x0

(2) y(s) = b3 ·s3 +b2 ·s2 +b1 ·s+ y0

are each defined by four points {P0, . . . ,P3} given in
the geodetic coordinate system, where s is the pa-
rameter defining the position on the spline (s ∈ [0,1))
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while a1 = 3(x1 − x0), a2 = 3(x0 − 2x1 + x2) and
a3 =−x0 +3x1 −3x2 +x3. The coefficents b1 to b3 from
(2) are calculated likewise simply using y0 to y3. The
two main advantages of this method are: Firstly, the
desired flight attitude can be determined beforehand for
every point on the trajectory, since the desired roll-angle
is a function of the curvature of the spline and secondly,
the deviation from the spline as a direct measure of
lateral trajectory following can be measured at every
control step. This information is used as an additional
input signal for the neural controller and is used as
target value for the neural observer.

One main element of the control strategy[10] is depicted
in Fig. 4. The neural observer (or predictor) is trained
to map the deviation from the target trajectory of the
next discrete time step. The permanent measurement
of the spline-deviation d compared with d̂ provides the
direct quality signal Δd̂ for predictor training. Since there
is no direct quality signal for the controller, the inverse
dynamic of the predictor is used to backpropagate the
spline deviation, so that the error signal Δξc for online-
training can be generated. Below, a possible procedure
to calculate this error signal is presented.

�����������	� 
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d̂

d

��
�
�

Δd̂

ΔdΔξc

ξc

d → min

T

T

T

Figure 4: Principal design of the neural control architec-
ture. The time-delayed inputs ensure the learning of the
dynamic behaviour.

As depicted in Fig. 4 there is no possibility to directly
measure the error of the control signal Δξc. If the aileron
signal ξc is the input j of the predictor network it is pos-
sible to calculate a corresponding backpropagated error
for this input neuron δ 1

j in correspondance to a measured
spline deviation Δd. This backpropagated error signal
characterizes the change of the error function E j with re-

gard to an altered input signal ξc. Thus, if d̂ is equal or
nearly equal to d, Δd can be used to calculate the direct
training signal Δξ for the controller training. It becomes
apparent that the stable functioning of the neural predic-
tor is a prerequsite for a usable controller training signal.
Furthermore, a proof of stable network behaviour is im-
perative for any control application. Therefore a training
algorithm derived from sliding mode control (SMC) prin-
ciples which limits the learning rate μ > 0 is applied.

2.3. Sliding Mode Training Algorithm

The idea of SMC is to identify a region within the state
space of a dynamic system where the system is stable
and returns to the equilibrium within finite time after
activation[28]. If such a region exists, also called sliding
surface, a control law has to be found, which ensures
that the system reaches this sliding surface within finite
time and does not leave it again. The training process
of a neural network has parallels to a control process as
seen in Fig. 5. The procedure is given in general vector
notation for networks with more than one output signal.

�ε t
+

−
training

Controller

neuronal net
Controlled System

�ε

�x �yt

Δ�ε weights

�w
net error

net input desired net output

Figure 5: Training of a neural network as a control pro-
cess.

The difference between the target network error�ε t , which
can be derived from a desired flight attitude, and the
actual network error�ε is fed into the training block which
changes the connection weights of the neural network.
The network calculates an output signal�y from the inputs
�x. The actual network error �ε is the difference between
the desired network output �yt and the actual output �y.
There are different approaches regarding the combination
of neural network training and SMC[29, 30, 31]. To realize a
network training with SMC, the change of the connection
weights is defined as follows:

(3) Δ�w =

(
∂�y(�w,�x,�yd)

∂�w(t)

)T

·μ ·diag
(
sign(�S)

)
· |�ε|.

This is an expansion of the standard gradient descent
method adding the sign sliding surface function �S with

(4) �S =�̇ε +λ ·�ε .

For S = 0 the sytem is directly on the sliding surface,
where the network error converges towards 0, if the factor
λ is positive:

(5) �S =�̇ε +λ ·�ε = 0 ⇒ �ε =�ε(t0) ·e−λ (t−t0).

A proof of learning stability can be found in[25].

The simulations in Figure 6 show that with this training
algorithm stable and fast adaptation can be achieved.
The neural predictor is capable to adapt to the unsym-
metric wind conditions without a severe loss of perfor-
mance. Yet, the question remains whether the error sig-
nal from the predictor is still adequate to allow a sustain-
able controller training. Apart from a few slight degrada-
tions, it can be observed that the neural controller is still
able to reduce the errors in a significant way. The stan-
dard deviation of d decreases from 0.858 m for the con-
ventional controller to 0.718 m for the ANN controller,
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whereas the maximum error is reduced from −5.67 m to
−3.18 m.
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Figure 6: Deviation from the desired flight path with
asymmetric wind conditions and online optimization of
the neural controller.

3. CONCLUSIONS

The authors’ research has so far focused mainly on un-
manned aerial vehicle (UAV) flight control[10, 32]. How-
ever, when dealing with large-scale, commercial aircraft,
the designer faces a much higher degree of complexity:

• The flight control of commercial aircraft is a sophis-
ticated system of state machines and complex logical
functions. Therefore, much care has to taken to in-
tegrate new designs appropriately into the remaining
software architecture.

• As seen in Figure 7, a large scale aircraft has a sig-
nificant number of (partially) redundant control sur-
faces. Examples of flight control algorithms that
take this redundancy into account were, for exam-
ple, developed by de Almeida and Lei”sling[33]

• Clearance of flight control laws is a lengthy, multi-
disciplinary, and also costly process. Any new al-
gorithm that is applied to real aircraft have to be
rigorously verified and validated[34]. In an interme-
diate stage, high-fidelity flight simulation could get
a central role in this process.

The previous research results have proven that hybrid
neural control is a very promising candidate for a high-
performance flight controller. Thus, as a next major
step, the experiences gained with UAV control will be
transferred to meet the requirements and the increased
complexity of a commercial aircraft. Then, a solution
for control signal allocation has to be found that deals
with the redundant control surfaces. One possible route
could be the combination of parameter estimation and

Figure 7: Aerodynamical control surfaces of an Airbus
A320 (taken from Pélégrin[35]).

hybrid control with neural networks. Also, banks of neu-
ral networks could be a solution where each network is
configured in a different way. As the processing speed
of onboard hardware increases, it will become more and
more feasible to have multiple, complex neural networks
being executed at the same time enabling optimization
and topology adaptation. A ”mediator” algorithm can
then decide which neural network is trusted most and
gets control authority.
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[14] K.J. Åström and K.-E. Årzén. Intelligent and Au-
tonomous Control, chapter 6: Expert Systems. Kluwer
Academic Publishers, Boston, 1993.

[15] S. Wermter and R. Sun. Hybrid Neural Systems, chap-
ter 6. Springer, 2000.

[16] R. Rojas. Neural Networks - A Systematic Introduction.
Springer-Verlag, Berlin, 1996.

[17] T.J.J. Lombaerts, M.H. Smaili, O. Stroosma, Q.P. Chu,
J.A. Mulder, and D.A. Joosten. Piloted simulator eval-
uation results of new fault-tolerant flight control algo-
rithm. Journal of Guidance, Control, and Dynamics,
32(6):1747–1765, November-December 2009.

[18] R.V. Jategaonkar. Flight Vehicle System Identification -
A Time Domain Methodology. AIAA Progress in Astro-
nautics and Aeronautics, 2006.

[19] S. Das, R.A. Kuttieri, M. Sinha, and R. Jategaonkar.
Neural Partial Differential Method for Extracting Aero-
dynamic Derivatives from Flight Data. Journal of Guid-
ance, Control, and Dynamics, 33(2):376 – 384, March -
April 2010.

[20] S.F. Campbell, N.T. Nguyen, J. Kaneshige, and K. Kr-
ishnakumar. Parameter Estimation for a Hybrid Adaptive
Flight Controller. AIAA Infotech@Aerospace Conference
and AIAA Unmanned...Unlimited Conference, Seattle,
April 2009.

[21] N. Nguyen and K. Krishnakumar. Hybrid Damage
Adaptive Flight Control with Model Inversion Adapta-
tion. 17th IFAC Symposium on Automatic Control in
Aerospace, Toulouse, France, June 25-29 2007.

[22] Kalmanje Krishnakumar, John Kaneshige, and Pascal
Nespeca. Dynamics and adaptive control for stability
recovery. In of Damaged Asymmetric Aircraft”, AIAA
Guidance, Navigation, and Control Conference, page
6049ff., 2006.

[23] L. Medsker. Design and development of hybrid neural
network and expert systems. Neural Networks, 1994.
IEEE World Congress on Computational Intelligence.,
1994 IEEE International Conference on, pages 1470–
1474, 1994.
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[32] T. Krüger, A. Krüger, A. Kuhn, J. Axmann, and
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