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Design parameters of a � ight control system are optimized by a probabilistic method. Simulated annealing is
applied for the optimization, and the downhill–simplex method is added to generate new design vector candidates.
The cost function to be minimized is chosen as the probability of violating the design criteria, and it is derived
by Monte Carlo evaluation that incorporates various uncertainties. Thus, the designed system is robust against
these uncertainties. The feasibility of the algorithm is demonstrated by designing a control system for a simpli� ed
model.The results showthat simulatedannealingis more effective than thedownhill–simplexmethodfor parameter
optimization, and it requires less computational time than the genetic algorithm. The Automatic Landing Flight
Experiment unpiloted reentry vehicle provides a second example. Simulated annealing is shown to produce a more
robust longitudinal � ight control design than that used in the 1996 � ight experiment.

Nomenclature
a, b, K , ¿ = uncertain system parameters
d = design parameter vector
d¤ = optimized design parameter vector
ei = unit vector whose i th element is 1
H , X , Y = position of Automatic Landing Flight

Experiment vehicle, m
J = cost function (probability of mission failure)
Jcur = one of the current cost functions
Jhigh , Jshigh, Jlow = highest, second highest, and lowest value

among current cost functions
Jnew , Jnew2 = generated new cost functions
K D , K f , K I , = design parameters
K P , K P f , 1T
Kmax , L , ® = constants for simulated annealing cooling

schedule
Nfail = number of failures
NMCE = number of simulations for Monte Carlo

evaluation
n = number of design parameters
Pnofail = probability that no failure occurs
p = actual probability of failure
T = temperature (parameter for metropolis

algorithm)
VG , PZ = ground speed and sink rate, m/s
¯G = side-slip angle of inertial velocity vector, deg
k1dkmax = maximum Euclidean norm of two current

design vectors
1Jmax = maximum difference of two current cost

functions
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±1 , °1 , °2 = constants for stopping condition
¸ = constant for initial design vector
8, 2, 9 = vehicle attitude, deg

Subscript

0 = initial value

I. Introduction

I N the developmentof spacecraftand aircraft,pre� ight evaluation
of the � ight control system is essential for con� rming both � ight

safety and performance. Numerical simulation is an ef� cient tool
for control system design and developmentbecause it allows many
cases to be investigatedwithina short periodof time. Therearemany
uncertainties in the real � ight, such as aerodynamics, actuator dy-
namics, sensor dynamics, environmental conditions, and inertial
characteristics. The designed system must be robust against these
uncertainties. Monte Carlo evaluation is a powerful tool for the
evaluation of system robustness. Though the computational load
is heavy, Monte Carlo evaluation gives quite rewarding results.
It has been applied to the analysis of linear-time-invariant dy-
namic systems1¡3 and to an Automatic Landing Flight Experiment
(ALFLEX) conducted in 1996 (Ref. 4). In ALFLEX, the probabil-
ity of mission achievement was estimated by Monte Carlo eval-
uation, and touchdown states of the experimental vehicle were
estimated. The estimated distributions were consistent with the
� ight-test results.

The applicationof Monte Carlo evaluationwas extended to � ight
control design in Refs. 5–9. The Monte Carlo result is directly fed
back to control parameter tuning, and the stochastic model, which
incorporates various uncertainties, is optimized (stochastic param-
eter optimization). The designed system is robust against the un-
certainties. Genetic algorithms were applied to optimize control
parameters, and Monte Carlo evaluation was used to derive cost
functions.5¡7 The mean trackingmethodwas applied to anunpiloted
reentry vehicle, ALFLEX, in which the computational load for full
� ight simulation was quite heavy.8;9 The major contribution of the
mean trackingmethod is that computationaltime is reduced in com-
parisonto earliermethods.Though themean trackingmethod is a lo-
cal search technique,this approachextended the possibilityof appli-
cation in the real developmentof spacecraft.Parallel processing,9;10

in which many computers are used for the optimization, is also ef-
fective for the reduction of computational time.

In this paper, a simulated annealing algorithm is applied for
stochastic parameter optimization. The objective of this approach
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is to � nd feasible control parameters that minimize the probability
of violating design constraints within a reasonable time. Simulated
annealing is a global search method that minimizes a cost function
probabilistically. To improve search speed, the downhill–simplex
method is combined with simulated annealing, as suggested in
Ref. 11. Simulated annealing combined with the downhill–simplex
method is compared to the downhill–simplex method alone. In the
remainderof this paper, referenceto simulated annealingimplies in-
corporationof the downhill–simplex method as well. The optimized
result and computationaltime for simulatedannealingare compared
with those obtainedby a genetic algorithm.The comparisonveri� es
that simulated annealing reduces computational load while obtain-
ing the same level of optimization as the genetic algorithm in a
simple example.

Furthermore, the simulated annealing is applied to the ALFLEX
longitudinal � ight control system. Retaining the structure of the
original control system, the presented algorithm improves the like-
lihood of satisfactory landingperformanceby revising the values of
design parameters.

II. Stochastic Parameter Optimization
In stochastic parameter optimization, design parameters are

tuned, whereas the cost function is derived by Monte Carlo evalua-
tion, as shown in Fig. 1. The advantageof Monte Carlo evaluationis
that the nonlinear system is evaluated directly, and the result is fed
back to design parameter tuning. For a highly nonlinear system, the
� ight path is usually divided into several � ight phases, and linear
control theory is applied for each phase.12;13 As an alternative, the
integrated nonlinear system can be optimized by stochastic param-
eter optimization. Another advantage is that various uncertainties
can be incorporated as physical values, and so the result re� ects
the in� uences of the incorporateduncertainties.Design parameters
are automatically tuned by an optimization algorithm such as the
simulated annealing considered here.

In Monte Carlo evaluation, the distributionof each uncertainty is
predetermined.Uncertain system parameters are generateddepend-
ing on their assumed distributions. All generated uncertainties are
incorporated into the nominal system model, and � ight simulation
is performed. The probability of mission success can be estimated
by a number of simulations that are performed with different sets
of uncertainties.System robustness against various uncertainties is
statisticallyquanti� ed. The cost functionre� ects the probabilitythat
all requirementswill be satis� ed. If any requirement is violated, the
trial is considered unsatisfactory.

When all requirements are satis� ed,

zi D 0 (1a)

Otherwise,

zi D 1 (1b)

When NMCE simulations are performed, the cost function J to be
minimized is determined as follows:

Fig. 1 Procedure of stochastic parameter optimization.

J D
PNMCE

i D 1 zi

NMCE

(2)

In stochasticparameter optimization,the designparameter vector
that minimizes the probability of unsatisfactoryperformance is de-
termined. To obtain an accurate estimate of the cost function, NMCE

should be large. On the other hand, to reduce computational load,
NMCE should be small. It is important to choosean appropriatevalue
of NMCE , and this is described in Sec. III.C.

III. Simulated Annealing
Simulated annealing is the numerical analog of the process by

which a heated metal is cooled to become less brittle; gradual cool-
ing allows atoms to align themselves in crystals that represent the
minimum energy state of the material.14

Generally, the search speed of simulated annealing is slow be-
cause a new design vector is generated randomly. In this paper, the
downhill–simplex method is applied for the generation of a new
design vector instead of random generation,and a structured search
is added (generation). After a new design vector is generated, the
corresponding new system is evaluated and a cost function is de-
rived (evaluation). Then the current and new cost functionsare com-
pared, and one of them is accepted (comparison). The generation/
evaluation/comparison procedure is described in Sec. III.B.

The manner in which cost functions are compared is the unique
point of simulated annealing. The new cost Jnew may be accepted
even when Jnew is worse (larger) than Jcur with a certain probability.
On the other hand, in a local search technique Jnew is accepted only
when Jnew is better (lower) than Jcur. Because of this characteris-
tic, the design vectors generated by simulated annealing can escape
from local minima. The acceptance probability is determined by
the difference of two cost functions, .Jcur ¡ Jnew/, and the param-
eter T that is called temperature. T is determined by the designer,
and is decreased monotonically as the optimization proceeds. The
schedulingof T (cooling schedule) is determined in Sec. III.A. The
comparison algorithm is as follows:

If Jnew · Jcur

Jcur D Jnew

Else if exp[.Jcur ¡ Jnew/=T ] >U .0; 1/

Jcur D Jnew (3)

U (0, 1): random variable from a uniform distribution between 0
and 1

When a new cost is worse .Jcur < Jnew/, it is not likely to be accepted
as .Jcur ¡ Jnew/ and T decrease because the acceptance probability,
expf.Jcur ¡ Jnew/=T g, becomes small. This comparison is called the
Metropolis algorithm.14

A. Cooling Schedule
In simulated annealing, the numerical analog temperature T

reduces as the search proceeds. The probability of accepting
Jnew.>Jcur/ decreases as T decreases. For an effective search, the
initial value of T0 must be large enough to accept almost all gen-
erated design vectors, and T should decrease slowly. In this paper,
the cooling schedule is chosen as follows11:

T .k/ D T0 ¢ .1 ¡ k=Kmax/® (4)

where k is the iteration index and Kmax, ®, and T0 are constantscho-
sen by the designer. Kmax determines the total number of iterations
that drive T .k/ to zero. If larger values of ® are used, more search
iterationsoccur at lower temperature,meaning that increasedvalues
of J are less likely to be accepted. In the right term of Eq. (4), k may
be � xed and renewed every L times. Once T reaches zero, Eq. (4)
is disregarded, and only a lower value of J is accepted.

Acceptance ratio is determined as a ratio of the accepted number
of generated higher cost functions to the total number of generated
higher cost functions. When acceptance ratio is large enough, it
means many higher cost functions are accepted and simulated an-
nealing is working well. Otherwise, the cooling schedule should be
reconsidered.
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a) Re� ection b) Re� ection and expansion

c) Contraction d) Multiple contraction

Fig. 2 Downhill-simplex method (generation of new design vector).

Fig. 3 Procedure of generation/evaluation/comparison.

B. Generation, Evaluation, and Comparison
The downhill–simplex method � nds the minimum of a func-

tion of n variables without calculating gradients.11;15 Given an
n-dimensional design space, a simplex is formed by .n C 1/ trial
values of the design vector (Fig. 2), each associatedwith a different
design cost. The algorithm searches for an .n C 2/nd design vector
that yields lower cost than any of the points in the simplexusing one
of four operations:re� ection, re� ection and expansion,contraction,
or multiple contraction, as illustrated by the example for n D 2 in
Fig. 2. Because of this, a new design vector is ef� ciently generated
by the downhill–simplex method compared to random generation.

The downhill–simplex procedure is incorporated into simulated
annealing as shown in Fig. 3. The new .n C 2/nd design vector is
generatedby re� ection,and the correspondingcost Jnew is evaluated
by MonteCarlo simulation.Then, Jnew and Jhigh are comparedby the
Metropolis algorithm.When Jnew is accepted,the design vector cor-
respondingto Jhigh is replaced in the simplex by the new one. If Jnew

is not accepted, Jhigh is treated as Jnew for one of the remaining pro-
cedures. Jnew is comparedwith the current lowest cost Jlow . If Jnew is
better than Jlow , the next design vector is generatedby re� ection and
expansion. The correspondingnew cost function Jnew2 is evaluated
and comparedwith Jnew by the Metropolisalgorithm.One of the two
cost functions is accepted, and the corresponding design vector is
retained. If Jnew is worse than the second highest cost Jshigh the new
design vector is generated by contraction. The corresponding new
cost function Jnew2 is compared with Jnew . If Jnew2 is not accepted,
multiple contraction is performed.

The difference between the simulated annealing and the
downhill–simplex method is the comparison of two cost functions.

If lower cost function is always accepted in the procedure shown in
Fig. 3, the optimization becomes the downhill–simplex method.

C. Number of Monte Carlo Evaluation
The number of numerical trials NMCE should be increased as

the optimization proceeds because the NMCE required to estimate
probability at a given con� dence interval increases as the actual
probability becomes close to zero, as noted in Ref. 1. A guideline
for the value of NMCE is obtained from the binomial distribution.16

When NMCE simulationsare performed, the probabilityof detecting
no failure Pnofail is obtained by

Pnofail D NMCE C0 ¢ p0 ¢ .1 ¡ p/NMCE¡0 D .1 ¡ p/NMCE (5)

Therefore,

NMCE D
log Pnofail

log.1 ¡ p/
(6)

Where p is an actual probability of failure. The value of NMCE

obtained by Eq. (6) is rounded up to the nearest integer. When the
NMCE derived by Eq. (6) is applied to Monte Carlo evaluation, the
probability of occurrence of at least one failure is .1 ¡ Pnofail/.

When Eq. (6) is applied, the minimum value of cost function that
appeared in the search Jmin is used instead of p because the actual
probability is unknown. The renewed value, NMCE.k C 1/, is given
by

NMCE.k C 1/ D
log Pnofail

log.1 ¡ Jmin/
(7)
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Pnofail is a constant determined by the designer. When Jmin is zero,
the minimum positive cost obtainedby the currentvalue of NMCE.k/
is used for Jmin:

Jmin D 1=NMCE.k/ (8)

When NMCE is increased, additionalMonte Carlo evaluation is nec-
essary for all current .n C 1/ design vectors.

Equation (7) shows that NMCE becomes large if a very small value
of Jmin is obtained. This means that a large number of simulations
are necessary in the optimization when the optimized cost function
is very good (small).

D. Stopping Condition
When the cost functions are close enough to each other, the nu-

mericalsearchcan be stopped.The stoppingconditionis determined
both by the difference of the cost functions and by the distance of
the design vectors, as follows,

1Jmax · °1 k1dkmax · ±1 ¢ k1dkmax 0 (9)

where °1 and ±1 are constants determined by the designer.
The search also is stopped regardless of k1dkmax when the cost

function has a suf� ciently low value. If Eq. (9) is not satis� ed, the
stopping condition can be softened to

1Jmax D 0 J · °2 (10)

where °2 is a constant determined by the designer.
Even when J > °2 and k1dkmax > ±1 ¢ k1dkmax 0, condition

1Jmax D 0 sometimes occurs if NMCE is not large enough to dis-
tinguish current cost functions. In this case, an appropriate new
design vector is not generated because the gradient information
of the current cost functions is unavailable. To manage this prob-
lem, NMCE is increased by a small amount, and additional Monte
Carlo evaluations are performed. First, the number of failures that
gives the current value NMCE.k/ is derived. In Eq. (5), NMCE.k/ and
Nfail=NMCE.k/ are replaced by NMCE and p, respectively:

NMCE.k/ D log Pnofail

logf1 ¡ Nfail=NMCE.k/g
(11)

) Nfail D NMCE.k/ ¢
©
1 ¡ Pnofail

.1=NMCE.k//
ª

(12)

When Jmin < Nfail=NMCE.k/ in Eq. (7), NMCE increases.To obtain the
increasednumberof Monte Carlo evaluations, Nfail is roundeddown
to the nearest integer, and Jmin D Nfail=NMCE.k/ is used in Eq. (7).

In addition to the stopping conditions described, the maximum
number of simulations to be performed in the search can be deter-
mined for a stopping condition to avoid excessive calculation time.

E. Initial Design Vector
When the design vector is n dimensional, .n C 1/ design vec-

tors are necessary to start the downhill–simplex procedure. In the
real development of � ight vehicles, a relatively good initial design
vector d0 often can be based on conventional engineering met-
rics and earlier experience. The remaining n initial design vectors,
di ; i D 1; : : : ; n, are determined as follows:

di D d0 C f¸ ¢ d0.i/g ¢ ei i D 1; : : : ; n (13)

where d0.i/ is an i th element of the vector d0 and ¸ is a constant
determined by the designer.

F. Summary
The simulated annealing method is summarized in Fig. 4. First,

d, T , and NMCE are initialized. After initialization, the operations
of generation, evaluation, and comparison are performed as shown
in Fig. 3. The optimization procedure is terminated if the stopping
condition is satis� ed. Otherwise, T and NMCE are renewed, and the
process is returned to the generation.

Quite a few design vectors are generated in the optimizationpro-
cess, and every vector is assessed by Monte Carlo evaluation using

Fig. 4 Optimization procedure by simulated annealing.

Fig. 5 Simpli� ed model of pitch attitude control.

the same set of uncertainties. In the optimizationprocess, the same
design vector is sometimes generated more than once. To avoid re-
peated evaluation of the same design vector, all generated design
vectors and their correspondingresults are stored to a buffer. If the
algorithmselects a design vector that has been evaluated, the results
are taken from the buffer, and Monte Carlo evaluation is skipped,
reducing the computationalburden.

IV. Example of Simple Model
A. System Model

The algorithm is demonstrated by designing a proportional–
integral–derivative (PID) controller for the simple model shown
in Fig. 5. The model loosely represents simpli� ed pitch attitude
control of a � ight vehicle. The uncertain parameter vector is x D
[K ¿ a b]T , whose elements correspond to the loop gain, control
delay time, static stability, and dynamic stability of the � ight vehi-
cle model. Normal distributionsare assumedfor theseuncertainties,
and their means and variances are given as follows:

K : N .0; 32/ ¿ : N .0:2; 0:052/

a : N .0; 0:52/ b : N .0; 0:32/ (14)

The variances shown in Eq. (14) correspond to the standard de-
viations of 3 dB of gain, 50 ms of delay time, 0.7 s¡1 of natural
frequency, and 0.2 of damping ratio.

The control design vector to be optimizedcontains the PID gains,
d D [K f K P K I K D]T . In this example, the initial design vector
is chosen as

d0 D [3:0 3:0 3:0 3:0]T (15)

Requirements on the response to a unit step command are as
follows: 1) overshoot 1y · 100% of the input; 2) settling time
jy ¡ 1:0j < 0:1, when t ¸ 15 s; 3) tracking error

20X

t D 0

³
y ¡ yc

yc

´2

¢ 1t < 3:0 .1t : sampling time/

and 4) controlusage, juj < 5:0: The cost function J to be minimized
is determined by Eq. (2) and is derived by Monte Carlo evaluation.
Parameters for the optimization algorithm are shown in Table 1.
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Table 1 Parameters for the optimization algorithm

Parameter Value

Cooling schedule
T0 10
Kmax 100
L 5
® 2

Renewal of NMCE
NMCE0 100
Pnofail 0.01

Stopping condition
±1 0.1
°1 0.01
°2 0.01

Initial design vector
¸ 1.0

a) Results using initial design vector d0

b) Results using optimized design vector d*

Fig. 6 Results of 10,000 Monte Carlo evaluations.

B. Result of Stochastic Optimization
The designvectorwas optimizedby simulatedannealing.Figure6

shows 10,000 Monte Carlo evaluationsboth for d0 and for d¤. Solid
lines in the graphs are the requirements just given in Sec. IV.A.
The number of cases exceeding each requirement is much larger
in Fig. 6a than that in Fig. 6b. Because the cost function for d0 is
0.14, whereas the cost function for d¤ is 0.0135, the probability of
unsatisfactoryperformance is much reduced.

The results of simulated annealing are compared with those ob-
tained both by the downhill–simplex method and by the genetic
algorithm. There are many genetic algorithm implementations17;
the real-number genetic algorithm described in Ref. 5 is used for
the comparison. It is important to compare not only the optimized
cost but also the computational time.

The optimized design vector, cumulative number of simulations
andnumberof evaluateddesignvectors in each optimizationmethod
are shown in Table 2. Each design vector is assessed by 10,000
Monte Carlo evaluations, and the cost functions and their con� -
dence intervals18 are compared in Table 3. The costs obtained by
simulated annealing and the genetic algorithm are better than that
obtained by the downhill–simplex method. The differencesare sig-
ni� cant because the con� dence intervals do not overlap. However,
the difference in the results between the simulated annealing and
the genetic algorithm is quite small. Actually, the design vectors ob-
tained by simulated annealing and by the genetic algorithm shown
in Table 2 are quite similar, whereas that obtained by the downhill–
simplex method is very different.

Table 2 Comparison of three optimization methods

Simulated Downhill– Genetic
Parameter annealing simplex algorithm

Best design vector d¤

K f 0.866 2.95 0.423
K P 3.88 4.33 4.11
K I 1.04 2.24 1.08
KD 3.05 3.31 3.18

Total simulation number 31,998 13,604 121,552
Number of evaluated design vectors 66 51 745

Table 3 Results of 10,000 Monte Carlo evaluations
using optimized design parameters

Method Cost function J [Con� dence interval]

Simulated annealing 0.0135 [0.012, 0.016]
Downhill–simplex 0.0278 [0.025, 0.031]
Genetic algorithm 0.0133 [0.012, 0.015]

It is also important to compare the computational time because
stochastic optimization is computationally intensive. The cumula-
tive numbers of simulations shown in Table 2 correspond to the
computational load. Though the evaluation number required by the
downhill–simplex method is the smallest, the optimized cost func-
tion is the worst. The second best is the number required by sim-
ulated annealing. In simulated annealing, 31,998 simulations were
performed, and the number is about one-fourth of that required by
the genetic algorithm. The difference arises from the nature of the
algorithms.

In the genetic algorithm, many design vectors are generated
simultaneously and randomly by the operations called selection,
crossover, or mutation. Though good design vectors may be in-
cluded, most of them are not as good, yet all of them must be eval-
uated. As a result, a large number of simulations are required. On
the other hand, the combination of simulated annealing and the
downhill–simplex methods generates just a single design vector at
a time. Because of this, the number of generated design vectors in
the search can be much reduced. Actually, the numbers of evalu-
ated design vectors are much different, as shown in Table 2; in the
genetic algorithms, 745 design vectors were evaluated,whereas, in
simulated annealing, 66 design vectors were evaluated.

It is concluded that new design vectors are effectively generated
in simulated annealing by the application of the downhill–simplex
procedure. It has been demonstrated that simulated annealing re-
quires much less computational time than that of genetic algorithm
to obtain the same level of cost function.

V. Application to Unpiloted Flight Control System
Though simulatedannealing is shown to be an ef� cient algorithm

for stochasticoptimization,it is important to show that the algorithm
can be used in a practical application because the disadvantage of
stochastic optimization is computational time. In this section, sim-
ulated annealing is applied to a real control system, the longitudinal
autoland logic for the ALFLEX unpiloted reentry vehicle.

A. Unpiloted Flight Control System
ALFLEX was a Japanese � ight experiment program to establish

automatic landing technologyfor a future unpilotedreentry vehicle;
it was successfullyconductedat Woomera, South Australia in 1996
(Ref. 19). The ALFLEX vehicle and its major parametersare shown
in Fig. 7. In the experiment, the vehicle was suspended from a he-
licopter and released 2700 m from the runway threshold at a height
of 1500 m. The vehicle was guided to follow the predetermined
referencepath by its onboard computer.The � ight path consistedof
four phases: path capture phase, equilibriumgliding phase, pre� are
phase, and � nal � are phase. The details of the ALFLEX system and
experiment are described in Refs. 12 and 19.

In the pre� are phase, the open-loop command was predominant
compared to the feedbackcommand becausethe predeterminedref-
erence path was curved to reduce path angle before landing. The
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system was less robust against various uncertainties; for this rea-
son, the stochastic optimization algorithm is mainly applied to the
longitudinalguidanceof the pre� are phase to obtaina robustsystem.

B. Control Parameter Optimization
The longitudinal guidance parameters are optimized to improve

the probability of mission achievement. The pre� are guidance and
control system is shown in Fig. 8. In this system, � ve parameters are
tuned by the optimizationalgorithm, namely, three PID gains in the
guidance feedback control (K P , K I , K D ), one delay compensation
time .1T / in the open-loopcommand generation,and one sink-rate
feedback gain K P f of � nal-� are phase. The number of uncertainties
is more than 100, as shown in Table 4. Among them, in� uential
uncertaintiesare shown in Ref. 8. The requirements for touchdown
state errors are shown in Table 5.

The control parameters were carefully tuned by engineers before
the experiment,and thesevaluesare used as initialvalues for the cur-
rentoptimization.The vehiclemotion fromreleaseto landingis sim-
ulated repeatedly in the Monte Carlo evaluation. The optimization
is performed using a parallel processing system in which 16 CPUs

Table 4 Uncertain parameters for ALFLEX model

Number of
Category parameters

Mass parameters 5
Aerodynamics 27
Actuator dynamics 9
Sensor dynamics and error 38
Atmospheric condition 6
Initial condition and error at release 18

Fig. 7 Three views of ALFLEX vehicle.

Fig. 8 Simple block diagram of ALFLEX longitudinal guidance and control.

(Sun Microsystems UltraSPARC-2) are connected to reduce com-
putational time.

As a result of the numerical search, 80 design vectors are eval-
uated. The total number of simulations is 25,228, with a calcula-
tion time of about 9 h. The initial and optimized design vectors are
shown in Table 6. The proportionalgain K P is almost double the ini-
tial value, and this is the most effective parameter. The derivative
gain K D is increased by 18%, and this is the second most effective
parameter. System robustness is improved by increasing feedback
gains. The values of integral gain K I are very small both for the
initial and the optimized system, and this means that this gain is
unnecessary in this system. The other parameters are not changed
much, indicating that the initial values were appropriatelychosen.

Table 5 Requirements of ALFLEX
touchdown performance

Touchdown states Requirement

Position,a m X > 0; jY j < 18
Velocity, m/s VG < 62, PZ < 3
Attitude, deg 2 < 23, j8j < 10, j9j < 8
Side slip, deg j¯G j < 8

aRunwaycoordination;the originis at the runwaythresh-
old, the X axis is directed along the runway centerline,
and the Z axis is directed downward.

Table 6 Design parameters for modi� ed ALFLEX guidance

Parameter KP K I KD K P f 1T

d0 0.0106 0.000700 0.0661 0.110 1.00
d¤ 0.0206 ¡0.000211 0.0780 0.107 1.02
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Table 7 Number of cases exceeding each requirement

Parameter X Y PZ VG 2 8 9 ¯G Unstable Total

d0 77 2 453 120 0 0 9 0 33 568
d¤ 0 0 64 12 1 0 4 0 33 108

a) Results using initial control parameter d0

b) Results using optimized control parameter d*

Fig. 9 Touchdown position and velocity of 10,000 Monte Carlo
evaluations.

Fig. 10 Example of � ight path near runway.

MonteCarlo resultsof10,000simulationsare shownin Fig. 9 both
for the initial design vector and for the optimized one. Solid lines
in the graphs show the requirements. The touchdown distributions
of the position, X and Y , and the velocity, sink rate PZ , and ground
speed VG are shown. In Fig. 9a two clusters appear, and there are a
few cases around X D 100 m. The touchdown position depends on
the guidance error between the vehicle state and the reference path
calculated onboard using navigationdata. When the guidance error
is signi� cant in the beginning of the � nal-� are phase, the vehicle
lands around the runway threshold, shown by the solid line 1, in
Fig. 10, and the touchdown ground speed becomes large. On the
other hand, when the guidance error is large but not signi� cant, the
vehicle tends to � oat because of the sink-rate feedback in the � nal-
� are phase. The vehicle lands further down the runway, shown by
the broken line 2 in Fig. 10.

In Table 7, the number of cases exceeding each requirement that
corresponds to Fig. 9 is shown. Unstable in Table 7 means that the
vehicle becomes unstable and can not reach the runway. The total
number of unsatisfactory cases is shown in the last column, and
its value is different from a simple sum of requirement violation
numbers shown in the other columns because some cases exceed
more thanone requirement.Fromthe result, theprobabilityof failure
for the optimized system shown in Fig. 9b is 1.1%, whereas the one
for the initialsystemshownin Fig. 9a is 5.7%.The systemrobustness
is improved by the stochastic optimization, and it is demonstrated
that simulated annealing is effective in a practical application.

VI. Conclusions
Design parameters of a nonlinear � ight control system are op-

timized probabilistically using simulated annealing. Each design
vector is assessed by Monte Carlo evaluation to derive a cost func-
tion, and the cost function is minimized numerically.For the simple
example considered here, the computational time required for sim-
ulated annealing was much less than that required by the genetic
algorithm to obtain the same level of cost function, and both meth-
ods producedbetter results than the downhill–simplex method. Ap-
plication of simulated annealing to redesign of the ALFLEX � ight
control reduced the likelihoodof unsatisfactorystability and perfor-
mance from 5.7 to 1.1%, a signi� cant improvement. It is concluded
that the combination of Monte Carlo evaluation and simulated an-
nealing provides a powerful new method of designing robust � ight
control systems.
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