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Robust Control System Design Using Simulated Annealing

Toshikazu Motoda*
National Space Development Agency of Japan, Minato-ku, Tokyo 105-8060, Japan
Robert F. Stengel
Princeton University, Princeton, New Jersey 08544

and

Yoshikazu Miyazawa*
National Aerospace Laboratory of Japan, Chofu, Tokyo 182-8522, Japan

Design parameters of a flight 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 simplified
model. The results show that simulated annealingis more effective than the downhill-simplex method for 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 flight control design than that used in the 1996 flight experiment.

Nomenclature
a,b, K, t = uncertain system parameters
d = design parameter vector
d* = optimized design parameter vector
e; = unit vector whose ith elementis 1
H, XY = position of Automatic Landing Flight
Experiment vehicle, m
J = cost function (probability of mission failure)
Jeur = one of the current cost functions

= highest, second highest, and lowest value
among current cost functions

Jhigh s Jshigh’ Jlow

Joews Jnew2 = generated new cost functions

Kp, Ky, Ky, = design parameters

Kp, Kpp, AT

Kiax, L, = constants for simulated annealing cooling
schedule

Neain = number of failures

Nyce = number of simulations for Monte Carlo
evaluation

n = number of design parameters

P otail = probability that no failure occurs

D = actual probability of failure

T = temperature (parameter for metropolis

) algorithm)

Ve, Z = ground speed and sink rate, m/s

Bc = side-slip angle of inertial velocity vector, deg

A, = maximum Euclidean norm of two current
design vectors

A Jmax = maximum difference of two current cost
functions
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81, Y15 V2 = constants for stopping condition
A = constantfor initial design vector
o, 0,V = vehicle attitude, deg

Subscript

0 = initial value

I. Introduction

N the developmentof spacecraftand aircraft, preflight evaluation

of the flight control system is essential for confirming both flight
safety and performance. Numerical simulation is an efficient tool
for control system design and developmentbecause it allows many
cases to be investigatedwithina short period of time. There are many
uncertainties in the real flight, 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 systems' = and to an Automatic Landing Flight Experiment
(ALFLEX) conductedin 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
flight-test results.

The applicationof Monte Carlo evaluation was extended to flight
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.’~’ The mean tracking method was applied to an unpiloted
reentry vehicle, ALFLEX, in which the computational load for full
flight simulation was quite heavy.®° The major contribution of the
mean tracking method is that computational time is reduced in com-
parisonto earlier methods. Though the mean trackingmethodis a lo-
cal searchtechnique, this approachextended the possibility of appli-
cationin the real developmentof spacecraft. Parallel processing,”!°
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 find 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
remainder of this paper, reference to simulated annealingimplies in-
corporationof the downhill-simplex method as well. The optimized
resultand computationaltime for simulated annealingare compared
with those obtained by a genetic algorithm. The comparison verifies
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 flight control system. Retaining the structure of the
original control system, the presented algorithm improves the like-
lihood of satisfactory landing performance by 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 advantage of 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
flight path is usually divided into several flight phases, and linear
control theory is applied for each phase.'>!3 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 reflects
the influences of the incorporated uncertainties. Design parameters
are automatically tuned by an optimization algorithm such as the
simulated annealing considered here.

In Monte Carlo evaluation, the distribution of each uncertainty is
predetermined. Uncertain system parameters are generated depend-
ing on their assumed distributions. All generated uncertainties are
incorporated into the nominal system model, and flight 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
statistically quantified. The cost functionreflects the probability that
all requirements will be satisfied. If any requirementis violated, the
trial is considered unsatisfactory.

When all requirements are satisfied,

Zi = 0 (1a)
Otherwise,
zi=1 (lb)

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

Initial System

i Stochastic parameter optimization
! (Automatically processed)

Design Evaluation of non-linear system
parameter tuning (Monte Carlo evaluation)

[

Cost Function

NO Decision

Result is satisfactory

Fig.1 Procedure of stochastic parameter optimization.

XM

NMCE

J= 2

In stochastic parameter optimization, the design parameter vector
that minimizes the probability of unsatisfactory performance is de-
termined. To obtain an accurate estimate of the cost function, Nycg
should be large. On the other hand, to reduce computational load,
Nyicg should be small. It is important to choose an appropriate value
of Nyck, 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.'*

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. II1.B.

The manner in which cost functions are compared is the unique
point of simulated annealing. The new cost J,.,, may be accepted
even when J,., is worse (larger) than J,,, with a certain probability.
On the other hand, in a local search technique J,.,, is accepted only
when J,., is better (lower) than J,,. 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, (Jeyr — Jpew), and the param-
eter T that is called temperature. T is determined by the designer,
and is decreased monotonically as the optimization proceeds. The
scheduling of T' (cooling schedule) is determinedin Sec. ITI.A. The
comparison algorithmis as follows:

If Jhew < Jeur
Jeur = Jnew

Else if exp[(Jeur — Juew)/T1> U (0, 1)

qur = Jnew (3)
U(0, 1): random variable from a uniform distribution between 0
and 1

When anew costis worse (Jor < Jpew), itis notlikely to be accepted
as (Jeur — Jhew) and T decrease because the acceptance probability,
exp{(Jeur — Jnew)/ T}, becomes small. This comparisonis called the
Metropolis algorithm.!*

A. Cooling Schedule

In simulated annealing, the numerical analog temperature T’
reduces as the search proceeds. The probability of accepting
Joew (> Jeur) decreases as T decreases. For an effective search, the
initial value of 7, 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 follows!!:

T(k)y =Ty (1 —k/Kpnx)® @)

where k is the iteration index and K ., @, and T}, are constants cho-
sen by the designer. K ,,, determines the total number of iterations
that drive 7T (k) to zero. If larger values of « are used, more search
iterationsoccur at lower temperature, meaning thatincreased values
of J are less likely to be accepted. In the right term of Eq. (4), k may
be fixed and renewed every L times. Once T reaches zero, Eq. (4)
is disregarded, and only a lower value of J is accepted.

Acceptanceratio 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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Away from the highest point

b) Reflection and expansion

dimension Contraction along all dimensions

towards the lowest point

d) Multiple contraction

Fig.2 Downbhill-simplex method (generation of new design vector).
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Fig. 3 Procedure of generation/evaluation/comparison.

B. Generation, Evaluation,and Comparison

The downhill-simplex method finds the minimum of a func-
tion of n variables without calculating gradients.'""'> Given an
n-dimensional design space, a simplex is formed by (n+ 1) trial
values of the design vector (Fig. 2), each associated with a different
design cost. The algorithm searches for an (n 4+ 2)nd design vector
that yields lower cost than any of the pointsin the simplex using one
of four operations: reflection, reflection and expansion, contraction,
or multiple contraction, as illustrated by the example for n =2 in
Fig. 2. Because of this, a new design vector is efficiently generated
by the downhill-simplex method compared to random generation.

The downbhill-simplex procedure is incorporated into simulated
annealing as shown in Fig. 3. The new (n + 2)nd design vector is
generatedby reflection, and the correspondingcost J,.y is evaluated
by Monte Carlo simulation. Then, J,.,, and Jy;, are comparedby the
Metropolis algorithm. When J,., is accepted, the design vector cor-
responding to Jyigh is replacedin the simplex by the new one. If Jye,,
is not accepted, Jygn is treated as Jy, for one of the remaining pro-
cedures. J,,, is compared with the currentlowest cost Jioy, . If Jiey 1S
better than Jj,y , the next design vectoris generated by reflection and
expansion. The corresponding new cost function J,.,, is evaluated
and compared with J,.,, by the Metropolisalgorithm. One of the two
cost functions is accepted, and the corresponding design vector is
retained. If Jy., is worse than the second highest cost Jggn the new
design vector is generated by contraction. The corresponding new
cost function Jyew2 is compared with Jiew. If Jiew2 i 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 Nycg should be increased as
the optimization proceeds because the Nycg required to estimate
probability at a given confidence interval increases as the actual
probability becomes close to zero, as noted in Ref. 1. A guideline
for the value of Ny is obtained from the binomial distribution.'®
When Ny cg simulations are performed, the probability of detecting
no failure P, is obtained by

Protait = Nyce Co P’ (1 — p)Muce=0 = (1 — p)Nuce S)
Therefore,
IOg Pnofai]
T Trarl — o 6
M Tog(1 = p) ©

Where p is an actual probability of failure. The value of Nycg
obtained by Eq. (6) is rounded up to the nearest integer. When the
Nyc derived by Eq. (6) is applied to Monte Carlo evaluation, the
probability of occurrence of at least one failure is (1 — Puogail)-
When Egq. (6) is applied, the minimum value of cost function that
appeared in the search Ji,;, is used instead of p because the actual
probability is unknown. The renewed value, Nycg(k + 1), is given
by
IOg Pnofai]

Nuce(k +1) = Tog(l = Jom)

M
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Poril 1s a constant determined by the designer. When Jy, is zero,
the minimum positive cost obtainedby the current value of Nycg (k)
is used for Jp,:

Jmin = 1/Nwcg (k) ®)

When Nycg is increased, additional Monte Carlo evaluationis nec-
essary for all current (n + 1) design vectors.

Equation (7) shows that Ny;cg becomeslargeif a very small value
of Jmin 1s 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-
merical search can be stopped. The stopping conditionis determined
both by the difference of the cost functions and by the distance of
the design vectors, as follows,

Alpax =91 IAd]lnax < 81 - 1A lImaxo ©)
where y; and §; are constants determined by the designer.

The search also is stopped regardless of || Ad||,.x when the cost
function has a sufficiently low value. If Eq. (9) is not satisfied, the
stopping condition can be softened to

Ay =0 J = Y2 (10)
where y; is a constant determined by the designer.

Even when J >y, and ||Ad|max > 61 - || Ad|lmax0, condition
AJnax =0 sometimes occurs if Nycg 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, Nyck is increased by a small amount, and additional Monte
Carlo evaluations are performed. First, the number of failures that
gives the current value Nycg (k) is derived. In Eq. (5), Nycg (k) and
Nt/ Nyce (k) are replaced by Nyce and p, respectively:

IOg Pnofai]
Nyce k) = (11
MEE log{1 — N1/ Nce(k)}
o Nait = Nuce (k) - {1 - Pnofai](l/NMCE(k))} (12)

When Jiin < Npait / Nyice (k) inEq. (7), Nycg increases. To obtain the
increasednumber of Monte Carlo evaluations, Ng,; is roundeddown
to the nearest integer, and Ji, = Np,i/Nucg (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 + 1) design vec-
tors are necessary to start the downhill-simplex procedure. In the
real development of flight vehicles, a relatively good initial design
vector d, often can be based on conventional engineering met-
rics and earlier experience. The remaining » initial design vectors,
d;,i=1,...,n,are determined as follows:

dl:dg‘f‘{)\.dg(l)}el l:1,,n (13)

where d (i) is an ith element of the vector d, and A is a constant
determined by the designer.

F. Summary

The simulated annealing method is summarized in Fig. 4. First,
d, T, and Nycg 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 s satisfied. Otherwise, T and Nycg are renewed, and the
process is returned to the generation.

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

Initialization: d, (i=0,---,n), T, Ny
¥

Generation/Evaluation/Comparison (Fig.3)
*+ Generation
Design vector is generated by the procedure of
Downhill-Simplex method.
+ Evaluation
Generated design vector is evaluated by MCE.
« Comparison
Derived cost function is compared with current one.
(Metropolis Algorithm)

Stopping condition is satisfied™>

YES

Renew T, N,

Fig.4 Optimization procedure by simulated annealing.

Command

o] [
&/2)+1 :

Uncertain delay and gain
--------------- Plant «-w-e-cemonnst

Fig.5 Simplified model of pitch attitude control.

the same set of uncertainties. In the optimization process, 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 computational burden.

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 simplified pitch attitude
control of a flight vehicle. The uncertain parameter vector is x =
[K t a b]", whose elements correspond to the loop gain, control
delay time, static stability, and dynamic stability of the flight vehi-
cle model. Normal distributionsare assumed for these uncertainties,
and their means and variances are given as follows:

K : N(0, 3%) 7: N(0.2,0.05%)

a: N(0,0.5%) b:N(0,0.3%) (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~! of natural
frequency, and 0.2 of damping ratio.

The control design vector to be optimized contains the PID gains,
d=[K; K, K; Kp]". In this example, the initial design vector
is chosen as

d,=1[3.0 30 3.0 3.0 (15)
Requirements on the response to a unit step command are as

follows: 1) overshoot Ay <100% of the input; 2) settling time
|y —1.0] <0.1, when t > 15 s; 3) tracking error

20 2
Z (%) <At <3.0 (At : sampling time)
=0 ¢

and 4) controlusage, |u| < 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

Ty 10

Kmax 100

L 5

o 2
Renewal of Nyicg

Nwmceo 100

Profail 0.01
Stopping condition

81 0.1

VI 0.01

V2 0.01
Initial design vector

A 1.0

Control Usage : ul

Maximum ly-y.| when t=15sec

1 0 1 2 3 4 g
Maximum Output: y Tracking Error @ [

a) Results using initial design vector d

o 02 a
g *
bt} : »

Tt
AN gl = 5}
g 5
< oh
2 om g 4l
: :
= g
R 1) DENTTER PRSI SRS S ol
£ ©
5

0 0

= 0 3 ]

Tracking Ervor: [/

Maximum Output: y
b) Results using optimized design vector d

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

B. Result of Stochastic Optimization

The design vector was optimized by simulated annealing. Figure 6
shows 10,000 Monte Carlo evaluations both for dy 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 d, is
0.14, whereas the cost function for d* is 0.0135, the probability of
unsatisfactory performance 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 implementations'’;
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
and numberof evaluateddesign vectors 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 confi-
dence intervals'® 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 differences are sig-
nificant because the confidence intervals do not overlap. However,
the difference in the results between the simulated annealing and
the genetic algorithmis 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*

Ky 0.866 2.95 0.423

Kp 3.88 4.33 4.11

K; 1.04 2.24 1.08

Kp 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 [Confidence interval]

[0.012,0.016]
[0.025,0.031]
[0.012,0.015]

Simulated annealing 0.0135
Downbhill-simplex 0.0278
Genetic algorithm 0.0133

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
computationalload. 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 simulated annealingis shown to be an efficientalgorithm
for stochasticoptimization, it is importantto show thatthe algorithm
can be used in a practical application because the disadvantage of
stochastic optimization is computational time. In this section, sim-
ulated annealingis 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 flight experiment program to establish
automatic landing technology for a future unpiloted reentry vehicle;
it was successfully conducted at Woomera, South Australiain 1996
(Ref. 19). The ALFLEX vehicle and its major parameters are 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
reference path by its onboard computer. The flight path consisted of
four phases: path capture phase, equilibrium gliding phase, preflare
phase, and final flare phase. The details of the ALFLEX system and
experiment are described in Refs. 12 and 19.

In the preflare phase, the open-loop command was predominant
compared to the feedback command because the 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
longitudinalguidance of the preflare phase to obtain arobustsystem.

B. Control Parameter Optimization

The longitudinal guidance parameters are optimized to improve
the probability of mission achievement. The preflare guidance and
control systemis shown in Fig. 8. In this system, five parameters are
tuned by the optimization algorithm, namely, three PID gains in the
guidance feedback control (K p, K;, Kp), one delay compensation
time (AT) in the open-loopcommand generation,and one sink-rate
feedback gain K p; of final-flare phase. The number of uncertainties
is more than 100, as shown in Table 4. Among them, influential
uncertainties are 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 these values are used as initial values for the cur-
rentoptimization. The vehicle motion fromreleaseto landingis sim-
ulated repeatedly in the Monte Carlo evaluation. The optimization
is performed using a parallel processing system in which 16 CPUs

Table4 Uncertain parameters for ALFLEX model

(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, 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; 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 appropriately chosen.

Table 5 Requirements of ALFLEX
touchdown performance

Touchdown states Requirement
Position,* m X >0, |Y|_< 18
Velocity, m/s Vo <62,Z <3
Attitude, deg 0 <23, |P| <10, |V <8
Side slip, deg |Bcl <8

4Runway coordination; the originis at the runway thresh-

Number of old, the X axis is directed along the runway centerline,
Category parameters and the Z axis is directed downward.
Mass parameters 5 X X X
Aerodynamics 27 Table 6 Design parameters for modified ALFLEX guidance
Actuator dynamics 9
Sensor dynamics and error 38 Parameter Kr K Ko Kes AT
Atmospheric condition 6 dy 0.0106 0.000700 0.0661 0.110 1.00
Initial condition and error at release 18 d* 0.0206 —0.000211 0.0780 0.107 1.02
Parameters l S
Mass 796 kg E o= A
Length 6.105 m -—._.g._._._.. i ,o\ci
Span 3.785 m i e
Body Height 1.147 m E::l
Wingarea  9.45m?
3.413
1
=+ 4
1 =1
g <) ’t/ \
N
=
1.113 <
1.
500 4157
] 5.550 i
[Unit:m] 6,105 R
Fig.7 Three views of ALFLEX vehicle.
{ Longitudinal guidance | { Longitudinal control |
Range ! : :
X ; L
dx /dt : .
/ Accéleration Pitch
command rate
Reference ! N
altitade - Pitch rate
Pre-compensator ¥ ALFLEX
| Ditch control
.................................................. o Altitude

Altitude

rate
command

Fig.8 Simple block diagram of ALFLEX longitudinal guidance and control.
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Table 7 Number of cases exceeding each requirement

Parameter X Y Z Ve ) v Bc Unstable Total
dy 77 2 453 120 0 9 0 33 568
d* 0 0 64 12 0 4 0 33 108
Unit : m In Table 7, the number of cases exceeding each requirement that
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Fig. 9 Touchdown position and velocity of 10,000 Monte Carlo
evaluations.
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Fig. 10 Example of flight path near runway.

Monte Carloresultsof 10,000 simulationsare 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 Z, and ground
speed V; are shown. In Fig. 9a two clusters appear, and there are a
few cases around X = 100 m. The touchdown position depends on
the guidance error between the vehicle state and the reference path
calculated onboard using navigation data. When the guidance error
is significant in the beginning of the final-flare 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 significant, the
vehicle tends to float because of the sink-rate feedback in the final-
flare phase. The vehicle lands further down the runway, shown by
the broken line 2 in Fig. 10.

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. From the result, the probabilityof failure
for the optimized system shown in Fig. 9b is 1.1%, whereas the one
fortheinitial systemshownin Fig. 9ais 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 flight 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 flight
controlreduced the likelihood of unsatisfactory stability and perfor-
mance from 5.7 to 1.1%, a significant improvement. It is concluded
that the combination of Monte Carlo evaluation and simulated an-
nealing provides a powerful new method of designing robust flight
control systems.
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