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Abstract: In this paper, global optimisation and nonlinear simulation are used to
search for the worst-case control demands which may be input by a pilot flying
a modern high performance aircraft with a full authority flight control law. The
flexibility of global optimisation is exploited to simultaneously search for worst-case
pilot inputs and worst-case combinations of uncertain parameters in the nonlinear
aircraft model. The importance of explicitly considering uncertainty in the aircraft

model is clearly demonstrated by the results obtained.
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1. INTRODUCTION

Modern high performance aircraft are often de-
signed to be naturally unstable (or to have re-
duced natural stability margins) for performance
reasons, such as to improve manoeuvrability or to
decrease drag and fuel consumption. Such aircraft
can therefore only be flown by means of a flight
control law, which provides artificial stability, and
is hence a safety-critical system. The main diffi-
culties faced by flight control law designers are
associated with nonlinearity and uncertainty in
the aircraft dynamics. At high angles of attack
(AoA) or at high rotation rates, aircraft flight dy-
namics become highly nonlinear, due to significant
levels of cross-coupling between axes. Also, all
aircraft have significant nonlinearities, associated
with limitations in the movement of aerodynamic
control surfaces, which can sometimes be excited
by large pilot input demands. Significant levels
of uncertainty are also inevitably present in even
the most detailed aircraft simulation model, so
that a large number of “uncertain” parameters

will be used to model variations in configuration,
aerodynamic, sensor and actuator parameters.

The search for “worst-case” pilot control inputs
is an important part of the certification (also
called clearance) process for any new flight control
system. The definition of “worst-case”, of course,
depends on the particular clearance criteria that is
being considered. For highly agile combat aircraft,
a key consideration is the identification of so-
called departure susceptibility - the computation
of pilot inputs that will excite the nonlinear air-
craft dynamics to such an extent as to lead to
loss of stability and/or controllability. For flight
control laws equipped with a Manoeuvre Load
Limiter (MLL), on the other hand, pilot inputs
that test the robust functionality of the envelope
protection system are required to be computed.
A number of recent studies have considered the
above problem. In (RyanlII, 1995), the depar-
ture susceptibility of the X-31 Enhanced Fighter
Manoeuvrability demonstrator aircraft was eval-
uated. Genetic Algorithms (GA’s) were used to



Table 1. Aircraft Model Uncertain Parameters

Parameter  Bound Description

Amass [-0.1 +0.1] variation in aircraft mass from nominal one (9100 kg) [%)]

Azcg [-0.075 +0.075]  variation in position of center of mass [m]

ACmd [-0.05 +0.05] uncertainty in pitching moment due to elevator deflection [1/rad]

Ar,, [-0.2 +0.2] uncertainty in aircraft inertia around y-axis from nominal one (81000 kg-m? ) [%)]
Ac,,., [-0.05 +0.05] uncertainty in pitching moment due to AoA [1/rad]

search for pilot inputs that maximised a cost
function associated with aircraft departures - the
absolute sum of certain states of the system, such
as attitude rates, AoA and sideslip angle. This was
further developed in (Menon et al., 2003) using
a multi-modal genetic search with an energy-like
cost function, and applied to the nonlinear simu-
lation model of the Indian Light Combat Aircraft,
(Chetty et al., 2002). Neither of the above studies,
however, considered any form of uncertainty in
the aircraft simulation model. A different, but
related, approach to the same problem is reported
in (Forssell and Hyden, 2003). In these studies,
a particular sequence of pilot inputs called the
Clonk manoeuvre, developed by SAAB using pi-
loted simulation testing to detect the proneness
for departure of the Gripen aircraft, was applied
to the ADMIRE, (Forssell et al., 2001), simulation
model. Global optimisation methods were used to
compute the worst-case combination of uncertain
aircraft parameters.

In this paper, a global optimisation method is
used to simultaneously search for the worst-case
pilot inputs and the worst-case uncertain parame-
ter combination for the ADMIRE model with an
industry standard full authority flight control law.
Following (Forssell and Hyden, 2003), the cost
function used in this study is the maximum value
of AoA over a finite time period. The main con-
tributions of the paper are to show that (a) global
optimisation methods easily allow worst-case pilot
inputs and uncertain parameter combinations to
be computed simultaneously, (b) optimistic (i.e.
unreliable) results will be generated if they are
computed separately, and (c) global optimisation
methods easily find very simple combinations of
pilot input signals which have worse effects than
the aggressive Clonk manoeuvre, which was de-
veloped via extensive piloted simulation trials.

2. ADMIRE AIRCRAFT MODEL

The aircraft model considered in the present study
is ADMIRE (Aero-Data Model In a Research
Environment) a non-linear, 6 degree of freedom
simulation model (Forssell et al., 2001), developed
by the Swedish Aeronautical Research Institute
(FOI) using aero data obtained from a generic
single seated, single engine fighter aircraft with

a delta-canard configuration. ADMIRE is aug-
mented with a full authority industrial standard
flight control system.The model includes a large
number of uncertain aerodynamic, actuator, sen-
sor and inertia parameters, whose values, within
specified ranges, can be set by the user.

The aircraft dynamics are modelled as a set of
twelve 1%' order coupled nonlinear differential
equations and given as

o(t) = f(x(t), ult), A); y(t) = h(x(t), u(t)) (1)

where x(t) is the state vector with 12 components,
i.e., velocity, AoA, sideslip angle, angular rate,
attitude, and position vectors. A represents the
uncertain parameters in the aircraft simulation
model. y(t) is the output vector, and wu(t) is
the control input vector(Forssell et al., 2001).The
control input is determined by:

u(t) = g(=(t), yrer(t)) (2)

where g(-, -) is the flight control law, and yrgr(t)
is the reference demand consisting of the pilot
inputs. The present study considers pitch and roll
stick inputs only, and the amplitude of inputs is
limited to +40 Newtons. Table 1 gives details
of the uncertain parameters considered in this
study. Equations (1) and (2) together represent
the closed loop dynamics of the aircraft.

The augmented ADMIRE operational flight enve-
lope is defined up to Mach 1.2 and altitude 6000
meters. The longitudinal control law is gain sched-
uled over the whole flight envelope with respect to
Mach and altitude variations and is designed to
ensure robust stability and handling performance.
The model also contains actuator rate limiting
and saturation blocks as well as nonlinear stick
shaping elements.

3. GLOBAL OPTIMIZATION

The global optimisation approach applied in this
paper is based on GA’s, which are general pur-
pose stochastic search and optimisation proce-
dures that use genetic and evolutionary principles
(Goldberg, 1989). In a genetic search technique,
a randomly sourced population of candidates un-
dergoes a repetitive evolutionary process of repro-
duction through selection for mating according to
a fitness function, and recombination via crossover



Table 2. Pilot control input discretiza-
tion levels and binary representation

Pitch Stick

Full MAX [+40N]
Half MAX [420N]
Half MIN [-20N]
Full MIN [-40N]

Roll Stick
Full MAX [+40N] 11
Half MAX [+20N] 10
Half MIN [-20N] 01
Full MIN [-40N] 00

Binary

with mutation. A complete repetitive sequence of
these genetic operations is called a generation.
The candidates are encoded as artificial chromo-
somes, and a fitness function is defined to assign a
performance index to each candidate - this func-
tion is specific to the problem and is formed from
the knowledge domain.

Each optimization variable, the gene, is binary
coded according to an accuracy level and com-
bined sequentially to form the chromosome, which
represents a potential candidate solution. The
search starts from an initial random number of
candidates of fixed size Ng;.., presently fixed at
50. The candidates from the current generation
are qualified to produce the successive generations
depending on a selection scheme. A roulette wheel
selection scheme with a selection probability of
0.6 is applied in this study. During crossover, the
recombination operator ensures mixing up of the
information content between two different binary
coded chromosomes. A single point crossover with
a probability of crossover 0.9 is used here. The
point of crossover is determined randomly over
the length of bits. Mutation introduces random
variations in the population in the search space,
by randomly flipping a bit value. The probability
of mutation is kept low and fixed at 0.05. The
number of maximum generations is the termina-
tion criterion and is fixed at 100 generations.

GA’s has become a popular, robust search and
optimisation technique for problems with large
as well as small parameter search spaces. Due
to their stochastic nature, GA’s can be expected
to have a much better chance of converging to
a global optimum. A recent survey (Fleming and
Purshouse, 2002) provides examples of the many
applications of GA’s in the control engineering
field. The reader is referred to (Goldberg, 1989)
for more details of GA operators, binary coding
schemes and the theory of genetic search.

4. PROBLEM SETUP AND ANALYSIS

Five different sets of analysis results are presented
in this paper:

Analysis I: Nominal Clonk analysis. For the
nominal model, the pilot control inputs yrgr(t)
specified by the Clonk manoeuvre over the time
period 7, T € [1o7f], are input and the maximum
value of the the chosen cost function is computed.

AIRCRAFT — NON LINEAR MATHEMATICAL |
MODEL H

X0 = f(x(0), u(1),8)
() = h(x(2), u(2))

Analysis I1I: Only Ref. Demand Y ggr @)
Analysis IV: Only A

Analysis V: Ref. Demand ¥ gz (1) + A GA Optimiser

Fig. 1. The framework for analysis

Analysis II: Uncertain Clonk analysis. For
the uncertain simulation model, for the pilot con-
trol inputs yrer(t) specified by the Clonk ma-
noeuvre over the time period 7, 7 € [1p7y], the
combination of uncertain parameters, A, that
maximises the chosen cost function is computed.

Analysis III: Worst-case pilot inputs for
nominal model. For the nominal model, the
pilot control inputs yrrr(t) over the time period
T, T € [1o7¢], that maximise the chosen cost
function are computed.

Analysis IV: Worst-case uncertain parame-
ters for fixed pilot inputs. For the uncertain
simulation model, for the worst-case pilot con-
trol inputs yrpr(t) computed in Analysis III
the combination of uncertain parameters, A, that
maximises the chosen cost function is computed.

Analysis V: Worst-case pilot inputs and un-
certain parameters. For the uncertain simula-
tion model, the combination parameter uncertain-
ties, A, and the pilot control inputs yrrr(t), over
the time period 7, T € [797y], that maximizes the
chosen cost function is computed simultaneously.

Analyses I and II are similar to those performed
in (Forssell and Hyden, 2003), and are given here
mainly for comparison. For other analysis tasks,
a common framework consisting of the global op-
timizer and the nonlinear model of ADMIRE was
used. Figure 1 shows a block diagram represent-
ing the problem set-up. Depending on the type
of analysis required, the GA optimizer provides
the appropriate input to the nonlinear simulation
model.

In order to reduce the level of complexity, the con-
tinuous search space is discretized into a number
of possible amplitude levels as shown in table 2.
This is consistent with current industrial practice,
whereby step and doublet inputs of predefined
amplitude levels are often used to clear the flight
control laws, (Menon et al., 2003). The time axis
is also discretized, in the sense that changes in
the magnitude of pilot inputs are allowed to oc-
cur only at regular intervals of one second, and
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Fig. 2. Clonk analysis results about M=0.4 Altitude

values of pilot inputs are held constant for at
least one second. A 1 sec input frequency is high
enough to test the controls but still low enough
to remain a realistic input frequency for a pilot
(RyanlII, 1995). Two bits can represent each pilot
input signal over each one second interval of time,
for the discretization as given in table 2.

For analysis III, each chromosome is of length 20
bits - an arbitrary manoeuvre of 5 seconds dura-
tion. At the end of the 5" second, all the control
inputs are brought to zero and the simulation is
continued for another 5 seconds. Each simulation
is ofof 10 seconds. The maximum AoA over the 10
second time history is the fitness associated with
each chromosome. In Analysis IV only the uncer-
tain parameters (A) are considered and yrpr(t) is
fixed to one particular manoeuvre. The A define a
hyperbox of dimension 5, and each uncertain pa-
rameter defines a gene for the problem considered.
The chromosome length depends on the accuracy,
fixed at 1e-06 presently. With this accuracy, each
chromosome is of length 105 bits, consisting of
5 genes each of 21 bits. In Analysis V, in order
to simultaneously search for the worst-case pilot
inputs and the worst-case uncertain parameter
combination, the chromosome is of length 125
bits, in which 20 bits consist of the pilot control
input as in Analysis III, and the remaining 105
bits consist of A as in Analysis IV.

5. RESULTS

All results shown are about a flight condition of
0.4 mach, 3000m height and level trim.

5.1 Analysis T

For the purposes of comparison with previous
studies we first of all present results using the
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Clonk manoeuvre. According to the specifica-
tions for the Clonk manoeuvre, (Forssell and
Hyden, 2003), the pilot’s pitch stick command
switches, with a limited rate, between its max-
imum magnitude limits when the pitch attitude
reaches its maximum or minimum. The roll stick
command is simultaneously switched to the op-
posite extremum to that of the pitch stick com-
mand. However, once the roll stick reaches an
extremum, it immediately starts moving in the
opposite direction at a defined rate, called the
roll return rate. The pitch stick command, on the
other hand, remains for some additional time on
its magnitude limit - this time period is referred
to as the pitch stick delay. At the next occurrence
of a maximum or minimum of the pitch attitude
the next switching for both the stick commands
occurs, and this sequence is then repeated for a
specified period of time.

Figure 2(a) shows the pilot input commands gen-
erated by the Clonk manoeuvre. For the Clonk
analysis, a pitch and roll stick deflection rate of
720 N/sec and 500 N/sec, respectively, and a pitch
stick delay and roll return rate of 1 sec and 128
N/sec, respectively, were recommended by the de-
velopers of the ADMIRE model, (Forssell, 2004),
and were used in this study. Figure 2(a) shows
the corresponding AoA and pitch angle time his-
tory - the maximum AoA achieved was 16.0038°.
Neither actuator magnitude saturation nor any
considerable actuator rate limiting were observed
for this sequence of pilot inputs.

5.2 Analysis 11

In this analysis, pilot control inputs determined by
the Clonk manoeuvre were applied, while the GA-
based optimisation software was used to compute
the worst-case combination of uncertain parame-
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Table 3. Analysis II results
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Table 4. Analysis IV results

A:nass A;cg C7"’(5 ’]‘yy E7"a max Cl(t) A:nass A;cg C7"’(5 ’]‘yy Z’,'na max Cl(t)
[0.0413 0.0750 0.0499 -0.1218 0.0500]  28.6008 [0.1000 0.0104 -0.0500 -0.2000 0.0429]  61.7187

ters. The results of this analysis are shown in
Figure 2 (b) and Table 3. As expected, the effect
of considering uncertainty in the aircraft simula-
tion model has been to significantly increase the
maximum value of AoA achieved.

5.8 Analysis 11T

In analysis ITI, worst-case pilot control inputs are
computed for the nominal model. The maximum
AoA obtained from the analysis is 50.0233°. Fig-
ure 3(a) shows the corresponding pilot control
inputs while Figure 3(b) shows the AoA time
history, given in continuous bold lines. Note that
the maximum AoA is significantly higher than the
one obtained by using the pilot inputs determined
by Clonk manoeuvre in both Analyses I and II.

5.4 Analysis IV

In this analysis, the worst-case pilot control in-
puts generated by analysis III are used, while
the GA-based optimization searches for the worst-
case combination of uncertain parameters A. This
corresponds to searching for the worst-case pilot
inputs and uncertain parameters separately. The
uncertain parameter combination given in Table
4 gave the maximum AoA (61.7187°) for this
approach. The dotted graph shown in Figure 3(b)
shows the AoA time history. Note that the worst-
case values of two of the uncertain parameters are
inside the hyperbox that defines the search space.
Interestingly, if the value of Ag.q is changed to
be at its maximum allowable value (which would
correspond to the “worst-case” value most likely
suggested by an intuitive interpretation of flight
mechanics principles), the maximum AoA build

up turns out to be only 48.7636°. This result
shows the limitations of relying entirely on flight
mechanics intuition when analysing highly non-
linear flight control problems. It also illustrates
the inadequacy of current industrial approaches to
identifying worst-case uncertain parameter com-
binations based on evaluating all combinations of
minimum and maximum values of the parameters,
(Fielding et al., 2002).

5.5 Analysis V

Analysis IV has already shown the significant
effect of the uncertain parameters on the maxi-
mum AoA value when a specific fixed pilot input
activity is considered. In this analysis both the
pilot control inputs and A are searched simulta-
neously. The solution from this analysis therefore
has two parts, one the pilot control inputs and
the other the value of the uncertain parameters.
The results are shown in Figure 4 and in Table 5.
Figure 4 shows the pilot control input combination
and the corresponding AoA time history. By the
6" second the aircraft responses are outside the
available aerodynamic database and hence the
simulation stops. The worst-case combination of
uncertainties is given in Table 5. The maximum
AoA obtained is 69.3543°. Notice also that (a)
the worst-case pilot control input is very different
from the one computed in the previous analysis,
and (b) the worst-case values of all the uncertain
parameters are now located inside the search-
space hyperbox.

Finally, some explanation for the departure sus-
ceptibility of the aircraft for this particular se-
quence of pilot inputs can be found in Figure 5,
which shows severe rate limiting of the rudder
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Fig. 5. Rudder path rate limiting in Analysis V

actuator. This suggests the need for further im-
provement of the current lateral/directional con-
trol law, and illustrates the contribution that this
type of analysis can make to an iterative flight
control law design cycle.

6. CONCLUSIONS

This paper has described an approach based
on global optimisation and nonlinear simulation
which may be used as part of the process of
clearing a flight control law against departure sus-
ceptibility and/or violations of envelope protec-
tion limits. The flexibility of global optimisation
methods is shown to allow for the simultaneous
computation of worst-case pilot inputs and worst-
case combinations of uncertain parameters in the
nonlinear aircraft simulation model. The results
show that only such a simultaneous consideration
of worst-case pilot inputs and uncertain parame-
ters is likely to reveal the true worst-case behav-
iour of the aircraft.
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