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Abstract to accurately capture the true design goals in a single
Control design tasks often require the use of trial- performance function. In aerospace applications there

and-error search methods to obtain a satisfactory  is often a large set of design goals. The control design
solution. Depending upon the nature and the number of process relies on the intuition of the engineer to select
“tuning” parameters or functions, the search process caan appropriate performance index. However, it may not
be very discontinuous and nonconvex. The genetitend itself to further analysis. Automating this process
search methods are a recently developed family ofvould have considerable benefits.

techniques for optimization which offer certain Traditional optimization methods are strictly
advantages over other techniques. These includeumeric, so that they work only on parameters, while
greater freedom in defining cost functions andthe guidance or control law structure remains fixed.
constraints, and the ability to automate the desigidowever, the recent development of genetic methods
process. Most notably, though, is the ability tooffers the possibility of broadening the scope of
construct new control laws and the potential to generateomputer-based optimization to include explicit
non-intuitive solutions as well. This paper demonstrategunctions and expressions. Two distinct advantages of
the application of genetic search methods to design genetic methods are the capability to define non-
Pilot-Activated Recovery System (PARS) for a moderntraditional performance indices, and the capability to
fighter aircraft. The PARS is a guidance law thatmanipulate the control law itself, rather than just
transfers the aircraft from any initial attitude to a wings-parameters. Moreover, these methods do not require
level, nose-up, recovered flight condition. This systencontinuity or smoothness of the performance index or
is useful in cases of pilot disorientation. A 6 degree-ofconstraints.

freedom nonlinear model of a modern, high- This paper demonstrates the use of genetic search
performance aircraft is used for design. The geneticethods to design a Pilot-Activated Recovery System
search seeks to produce nonlinear feedback functions {(PARS) for a modern fighter aircraft. The PARS is a
meet the specified goals and constraints. This intricatguidance law that transfers the aircraft from any initial
problem highlights some of the advantages of thisttitude to wings-level, nose-up, recovered flight. The

emerging search technique. PARS logic is designed to work through the aircraft's
command augmentation system. The overall system is
[. Introduction shown in Fig. 1. Several studies have considered the

Various methods are available for designingpARS problerh?, or the related ground collision

guidance and control laws for aerospace vehicles, iqance system (GCAS) References 1 and 2
Sometimes, guidance laws are obtained through optimglogcrined a system in which separate maneuvers were
control theory. In order to use this approach th&jefined, depending on the initial condition. The goal of
engineer must define some performance index. Thg,e hresent work is to obtain a single guidance law that
performance index must have certain propertieSy; work for arbitrary initial conditions, excluding
including continuity, smoothness, and a practical limit,,ireme conditions such as spins. What makes this

on the complexity, so that it will lend itself 10 ,,hiem 4 good example for genetic methods is that the
mathematical manipulations. Often, it can be d'ff'cu“objective is to achieve recovery without violating the
constraints. Constraint violations are determined by
o o ) examining time histories. Therefore, this problem does

Research Scientist, Senior Member, AIAA not lend itself well to customary methods of analysis.
T President, Associate Fellow, AIAA The genetic search process is provided with
+ Flight Control Engineer, Senior Member, AIAA mathematical functions and operations through the
Copyright ©1999 by Optimal Synthesis Inc.. Printed byinitial population, which it uses to synthesize new
the American Institute of Aeronautics and Astronauticscontrol laws, and simulates the closed-loop system to
Inc. with permission. obtain a fitness value (i. e. cost).

Copyright 1999 by Optimal Synthesis. All Rights Reserved.



Section |1 will discuss genetic search methods, the
problem will be defined in Section 11, and Section 1V
will present some results.

I1. Genetic Algorithms and Genetic Programming

concepts, so they are referred to here collectively as
genetic search methods.

In recent years, several authors have applied
genetic methods to flight control problems. In Ref. 8,
genetic search methods were used to design nonlinear

control laws for a longitudinal model of an A-4 aircraft.
Both autopilot controllers and guidance laws were
developed using this methodology. In Ref. 9 fixed-
order dynamic compensators were designed with the
objective of pole placement. In Ref. 10 genetic
algorithms were used to design decentralized controllers
by matching performance with existing, centralized
controllers. Classical control was used with genetic
algorithms in Refs. 11 and 12. A modified LQR design
was used in Ref. 13, and in Ref. 14 H-infinity
controllers were designed using genetic methods. In
these problems only parameters were selected in the
design. The present study will use a genetic search to
design a PARS, where an assortment of mathematical
functions will be used to construct nonlinear feedback
guidance laws.

The basic concept of genetic algorithms has been
around for a long time, but the modern revival began

with the work of Holland4, who showed how the
evolutionary process could be applied to artificia
systems. The genetic algorithm is a mathematical
agorithm which transforms a set (population) of
mathematical objects (members) into a new set using
operations similar to the process of natural selection, as
described by Charles Darwin in his well-known

treatise®. The main operations are reproduction,
crossover, and mutation. Each new population is called
ageneration. The fitness of each member of the current
generation is evaluated according to some specified
function. The members with better fitness are more
likely to be selected to be carried over to the next
generation (reproduction) or used to create offspring
(crossover) which will be included in the next
generation. Members with poor fitness are more likely
to be eliminated from the population. Members can
also be selected at random and altered (mutation).
Throughout the 1980’s, extensions to the standar odel

genetic algorithm were propoged In the standard The model used for design is a 6 degree-of-freedom
genetic algorithm the members are usually fixed-lengthyjqulation of an modern fighter aircraft and is
strings. The strings are made up of binary numbergnplemented in the system simulation environment
which can represent real numbers or actions (i.e. fast V&IMULINK®. The rigid body is modeled while flexible
slow, high vs. low, etc.). A string may therefore modes are not, although the aerodynamic model does
represent a set of numbers or a sequence of actions. Iﬁé{rtly account for flexibility. Actuator and sensor
breeding and mutating these strings, new combinationﬁ]odels were excluded. A command augmentation

are formed, and the new strings are evaluated fo&/stem, described in Ref. 15, is used to control the
fitness. However, the length of the string, and theaircraft. Commands to the closed-loop system are
structure of the solution, is always fixed in geneticnOrmal acceleration and roll rate; an additional loop is
algorithms. In the more recgnt genetic programminqncluded to control velocity via the throttle. By
methodology, the —complexity of the members ., enion, the positive z direction is downward, and
undergoing adaptation is much greaﬁeﬁ.’he members therefore, straight and level flight is described by -1 g
may be mathematical expressions or rules such asrmal acceleration.

logical operators. In this way a genetic algorithm can

be used to create computer programs to solve a specifgtness

problem.  According to Ref. 7, “..the structures In Ref. 1, the objective was to bring the aircraft
undergoing adaptation in genetic programming arérom any initiad atitude to a wings-level, nose-up,
active. They are not passive encodings of the solutiorecovered state. “Nose-up” was defined by the final
to the problem. Instead, given a computer on which télight path angle being between 1 and 10 degrees. In
run, the structures in genetic programming are activehis work, the “recovered state” is interpreted to mean
structures that are capable of being executed in thejfero roll angle, 1 g load factor (zero inertial normal
current form.” It is this process of creating programs acceleration), zero roll rate and pitch rate, and the pitch
that leads to the term “genetic programming.” Thereangle close to the flight path angle, which can also be
are variations of the classical genetic algorithm andtated as having a small angle of attack. Since angle of
genetic programming, but they all share the basi@ttack and load factor are related for small

[11. Problem Definition
This section will describe the model used, the
fithess, the structure of the system, and the procedure
or obtaining a solution.
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perturbations, the use of normal acceleration in the
fitness calculation should keep the pitch angle close to
the flight path angle. No guidelines were given
regarding the final airspeed and altitude, so these were
|eft open, within reasonable limits.

For the benefit of the pilot, commands should not
be too severe. The limits specified in Ref. 1 and used
here were asfollows:

roll rate: 180 deg/sec max.

roll acceleration: 285 deg/sec’” max.
load factor: 5gmax., 0.5gmin.
load factor onset: 4 g/sec max.

As a practical matter, the following constraints were
a so imposed:

dynamic pressure: 50 psf min
altitude: 50,000 ft. max., 100 ft. min.

In order to use any optimization technique, some
performance criterion or criteria must be established.
Performance objectives were not easy to quantify in this
case, since the recovery process was mostly a problem
of constraint satisfaction. However, in the event that
more than one member satisfies al constraints, some
way is needed to distinguish among them. It was
decided that attitude error and altitude change during
the recovery would form the basic fitness functional.
This was realized with the time-weighted integral of
error squared for the attitude variables. In each channel
the function is

2
jttif%(x—xf) dt

where w is a weighting function, x is the variable in
question, and X, is the desired final value. Including the
time t in the function effectively increases weight as
time increases, which favors a quicker settling time.
The goal isto achieve wings-level, nose-up flight, so the
variables which would be integrated are roll angle,
normal acceleration, and flight path angle. Altitude
change was included in the fitness as well, the penalty
being the integra of the difference between the current
altitude and the atitude at the time of initiation. The
fitness value is determined by simulating the closed-
loop system and evaluating the integrals.

In addition to the basic fitness, penaties were
added for exceeding limits (constraint violations). The
penalty functions were;

roll angle (50* (tf))*

flight path angle ~ (50* (y(tf)-0.0873))%

roll rate (100*p(tp))4
pitch rate (100*q(tp)4
max acceleration  1000* (Nzpypax + 5.0)2

1000* (Nzyipy + 0.5)2
if NZqin>-059

min acceleration

max onset 1000* (dg/dt yax - 4.0)2
if do/dtyax > 4.00/s
max altitude 1000
if max(h) > 50000 ft.
min altitude 1000

if min(h) < 100 ft.
dynamic pressure 2000
if min(gbar) < 50 psf

where angles and rates are in radians, and t; indicates

final time. It is evident from this formulation that the
objective is to minimize the fitness. If atitude goes
below zero the simulation is halted and the fitness is
assigned avery high value.

The PARS block shown in fig. 1 is composed of
severa subsystems, shown in fig. 2. The PARS logic
block, implemented as an S-function in SIMULINK®,
uses a nonlinear function determined by the genetic
search to compute a normal accel eration command, and
also determines the desired roll angle and velocity. The
normal acceleration command is fed through a second-
order filter to help shape the command. The roll angle
is fed into a roll rate command generator which uses a
first-order model and limits. The velocity command
goes straight to the velocity controller, which is just a
proportional control law, with limits. Since the engine
response is relatively slow, there is no need to shape the
command. Each of these subsystems will be discussed
in more detail in what follows.

PARS logic
The logic block contains the control law that comes

from the genetic search. The control law specifies the
normal acceleration, but the logic determines the other
commands based on the acceleration command. The
PARS logic is set up so that whatever function is
supplied, the normal acceleration command will always
be negative in sign, or what pilots would call positive
gs, since acceleration in the opposite direction is
undesirable. A conditional statement is used that makes
the acceleration command -1 when the value of the
flight path angle, v, is between 1 and 8 deg., which is
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the desirable range for the recovered state. Thedesired  of the first-order model via a proportional gain. This
roll attitude is determined according to the value of . gain was selected to give a satisfactory roll response.
The roll command will roll the aircraft upright if the  Speed control

aircraft is descending and will roll inverted if the The velocity is controlled with the throttle using a
aircraft is ascending. If the desired roll angle is +180proportional gain on velocity error. The commanded
deg., a small bias of +10 deg. is added to preventelocity is a fixed value which is a rough estimate of the
dithering around 180, where the sign of the roll anglecorner velocity at 10,000 ft, since all maneuvers in this
changes. The roll command tries to coordinate rolstudy were performed below that altitude. If and when
attitude with the anticipated normal accelerationthe maneuver is completed, the PARS block makes the
command. Once the aircraft reaches its desired rolfelocity command equal to whatever the velocity is at
attitude, the normal acceleration command will be in théhe end of the maneuver. The controller is shown in fig.
correct direction for recovery. 5

Normal acceleration control Parametrization

The command generated by the PARS logic is fed  The initial population is comprised of the basic
into a filter to help shape the command. The poles ofperations of addition, subtraction, multiplication and
this filter have a natural frequency of 3 and a dampinglivision, and assorted mathematical functions including
ratio of 0.9; the DC gain is 1. This filter was includedtrigonometric and inverse-trigonometric functions,
mainly because the command augmentation system thlyperbolic and inverse-hyperbolic functions, natural and
was used permitted higher onset rates and overshogtdmmon logarithms, exponentials, exponents, square

than the specifications would permit. root, and absolute value. Variables which might be
useful for the control law and are assumed to be
Roll rate control available for feedback are also included in the initial

To develop a control law for the roll rate which population. These variables include altitude (h), altitude
covers the entire envelope would require a veryate (hdot), flight path angle (gamma), initial flight path
complicated function, because roll rate performanceéingle (gamma_i), total velocity (Vt), Mach number
varies considerably over the envelope. If a genetiéM), dynamic pressure (gbar), and pitch rate (q). The
search had been used, more iterations would have be#&negers 1 - 9 are represented by al - a9, powers of ten
required and more simulations per iteration would havérom -4 to +4 are represented by bO - b8, and -1 is
been necessary. Since the limits were already knowrigpresented by m1; addition and multiplication of these
these were imposed in the PARS setup via theariables can be used to represent any number. A few
command generator. The command generator is showf the members in the initial population were designed
in fig. 3. to be able to recover, although not optimally, while the

The input is a desired roll angle which comes frommajority of members were formed arbitrarily, simply to
the PARS logic block, either 0, +170, or -170 deg.; thentroduce specific functions and constants into the
10 degree offset from +180 is used to prevent ditheringpopulation. It is essential with genetic search methods
where the angle changes sign. A first-order model ofo introduce as much variability into the initial
the desired roll rate response, with a pole at -4population as possible, since the final result can be
represents the aircraft response. The output of thisomprised of only those terms, or “traits”, which appear
model goes through a rate limiter to enforce the rolin the initial population.
acceleration constraint. The output of this block goes
into the limit block, which is detailed in fig. 4. The Algorithm
output of the limit block is fed to a relational operator, Figure 6 illustrates the basic procedure for
and also to a product block, where it is multiplied by thedesigning the PARS. The algorithm was implemented
sign of the rate input. The relational operator decidetn the MATLAB® programming environment. A
which signal has the smallest magnitude and controlgfATLAB® toolbox was developed which provides
the switch block to pass either the input rate signal ofunctions for carrying out the genetic operations
the limit signal with the appropriate sign. The output Ofshownlﬁ. In SIMULINK® it was a smple matter to

this block is the roll rate command, which is fed to theadd integrators to compute the components of the

command augmentation system and to an integratq{tness function as the simulation was running. It was
block, whose output will be the estimated value of thealsosimpleto add the additional penalties b e\./aluatin
roll angle. This estimated value is fed back to the inpu{he output data from the simulations. y g
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V. Results

For the genetic search, three initial conditions were
used to evaluate each member: 10,000 ft, M 1.2, 57.3
degree inverted dive; 5,000 ft, M 0.6, 57.3 degree
inverted dive; 5,000 ft, M 0.6, 40 degree climb. The
simulation in each case lasts 20 seconds. Three runs
were conducted using purely random selection of
members for crossover.  The initiad populations

V. Summary
An example was presented which demonstrates the

ability of genetic methods to develop nonlinear control
laws. In the future it would be desirable to include the
speed brake to provide more rapid deceleration and thus
greater maneuverability. It would also be desirable to
include terrain (i.e. ground slope) in the problem as
well. Another area of research would be to expand the

contained 20 — 30 members that were constructednvelope for which the PARS is capable of recovering,
mostly randomly from the various mathematicalsuch as spins and other adverse conditions, assuming
functions. In each run the population size is limited tathat the aircraft model could be enhanced to simulate
500 members. The number of generations was betwedhese conditions.
2100 and 3000 for the three runs. The results were:
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