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The feasibility of applying the stochastic parameter tuning method to the design of space vehicle � ight control
systems is studied. Stochastic parameter tuning is a form of optimization by which the probability of the � ight
control system’s total mission achievement is maximized. Mission achievement probability is estimated by applying
the Monte Carlo method to the results of a large number of simulated � ights. The � ight simulationmodels contain
various types of uncertain parameters, the stochastic properties of which are de� ned a priori. The � ight control
system requirements are de� ned based on the results of the � ight simulations, and an optimizationalgorithm called
the mean tracking technique is used to tune the feedback/feedforward gains and other adjustable parameters of
the � ight control laws to maximize the probability of satisfying the requirements. The feasibility of the stochastic
parameter tuning method is demonstrated by applying it to the design of the � ight control system of a reentry
space vehicle, a low-speed subscaled model of which was � ight tested in 1996. The stochastic parameter tuning
method improves the robustness of the � ight control system. Although stochastic parameter tuning requires large
computational resources, the recent advent of low-cost, high-performance computers means that it has become
feasible and practical. Furthermore, distributed computation can allow a large number of � ight simulations to
be conducted within limited time and cost constraints. An asynchronous parallel computation using distributed
low-cost computers is applied to the Monte Carlo � ight simulation.

I. Introduction

R OBUSTNESS against uncertainty is an essential property for
� ight control systems. The robustness requirements are so ex-

plicitly discussed for high-performance� ight vehicles because the
vehicle’s design must maximize � ight control performance against
uncertainty.A typicalexample is a reusablespacevehicle,where the
� ight control design is a key factor determining mission feasibility
or payload capability.

Robust control is one of the most rapidly advancing � elds of
control engineering, and there have been extensive efforts to apply
its theoretical results to � ight control systems. Although some of
these efforts have been successfullyrealized in the design of control
systems for real � ight vehicles, most merely remain at the level of
research and analytical trials, and even at present, it seems dif� cult
to � nd an establisheddesign techniquebased on robust control the-
ories. Furthermore, robust control evaluation methods have not yet
been used for setting � ight control system design criteria. One of
the reasons for the slow introductionof robust control theory to the
design of practical � ight vehicles has been the dif� culty in express-
ing real uncertainty encountered in � ight control design in forms
that can be dealt with by the theories.

In contrast, � ight simulation plays a very important role in the
design of � ight control systems. Such technology is essential for
evaluating the control system’s performance, and particularly for
uninhabitedvehicles and automatic � ight control systems. This role
has continued to expand as computing power has increased. Flight
simulationgenerally includesuncertainty,which can be represented
by parametric models, and uncertain parameters exist in a wide va-
riety of simulation components such as aerodynamics,actuator dy-
namics, sensor dynamics, environmentalconditions, and so on. Be-
cause the effects of various combinations of uncertain parameters
must be considered, it is inevitable that stochastic methods must
be applied to evaluate the total system performance, and for this
reason, it is necessary to de� ne the probability distribution func-
tions of the uncertain parameters. If these functions are assumed
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appropriately, it is possible to estimate the stochastic properties of
the � ight control system by the Monte Carlo method, a technique
known as Monte Carlo � ight simulation. Because � ight simulation
clearly determines whether the vehicle satis� es requirements and
speci� cations,Monte Carlo � ight simulationcan be used to estimate
the probability of satisfying the requirements, or the probability of
total mission achievement, which is the most critical variable to be
maximized in � ight control system design. This paper discusses a
parameter optimizationapproach for maximizing the probabilityof
vehicle mission achievement.

The stochastic evaluation and optimization of � ight control sys-
tems was � rst studied by Ray and Stengel, who introduced the term
stochasticrobustness.1 The basic idea of the approachwas proposed
by Marrisonand Stengel,2,3 and recently,Schubert and Stengel have
proposedusingparallelcomputationfor � ightcontroloptimization.4

The original point of this paper is that stochasticoptimization is ap-
plied to a full-� ight simulation, for which the � nal design goal is
explicitly presented. Although application to full-� ight simulation
inevitably demands large computational resources, the results ob-
tained have indicated that the approach is nonetheless worthwhile.
Because this paper’s approach is characterized by an optimization
algorithm that iteratively improves the probability of mission suc-
cess over the original design, this stochastic parameter optimization
can be called a stochastic parameter tuning method. Furthermore,
when most of the tuned parameters are � ight control system gains,
this approach can be called a stochastic gain tuning method.

This researchwas motivatedby the H-II OrbitalPlaneExperiment
(HOPE-X) Japanese reentry space vehicle development program,
which is beingconductedby the NationalAerospaceLaboratoryand
the National Space Development Agency of Japan to develop and
demonstrate technologies for uninhabited reentry space vehicles.
Because the HOPE-X vehicle must demonstrate full performance
from its � rst launch � ight, its developmentreliesheavily on analysis
by � ight simulation.Furthermore,HOPE-X requiresef� cientdesign
tools to optimize � ight control performance against uncertainty to
afford suf� cient payload capability for future missions.

The stochastic parameter tuning method was � rst studied during
the post� ight review analysis of the � ight control system design of
the automatic landing � ight experiment (ALFLEX), which was a
subscaled model � ight experiment for the HOPE-X program.5 Al-
though the analysis was conducted for the case of two adjustable
design parameters, it demonstrated potential for signi� cantly
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improving the automatic landingperformance.This paper proposes
a development of this optimization technique that is applicable to
a large number of adjustabledesign parameters and further demon-
strates the feasibilityof the stochasticparameter tuning methodwith
examples from the ALFLEX application.

The paper is organized as follows. Sections II and III describe
the basic ideas of the stochastic approach and optimization, fo-
cusing on the � ight simulation model with uncertain parameters
and the Monte Carlo methods. Section IV extends these points
to a design problem, where an optimization algorithm suitable for
stochastic parameter tuning is presented. In Sec. V, the algorithm is
applied to the � ight control design of an automatic landing sys-
tem for a reentry space vehicle. The landing phase is the most
demanding on the � ight control system across the entire reentry
atmospheric � ight phase. Section VI describes the computer sys-
tem used for the stochastic parameter tuning, in which distributed
computers connected by a local area network conducted the � ight
simulation computations in parallel. Finally, Sec. VII presents the
conclusions.

II. Flight Simulation with Uncertain Parameters
A � ight simulation model is constructed from dynamic models

of its components, such as rigid-body motion, actuator dynamics,
sensor dynamics, and so forth. The � ight control laws implemented
in the vehicle’s onboard � ight control computer also form a part of
the � ight simulation model. The models are described by nonlinear
ordinary differential equations of each state vector.6 Through time
integration of the states, the behavior of the � ight vehicle is easily
evaluated by the resulting state time histories. The structures of the
models are generallybased on kinematics, and each model contains
parametersthathavenominalvaluesbut alsoa degreeof uncertainty.
When all uncertain and adjustable parameters (such as those of the
� ight control laws) are de� ned as inputs to the � ight simulation,
the performanceof the � ight vehicle can be evaluatedby examining
whether or not it satis� es each design requirement. Figure 1 shows
the concept of this method of evaluation.

Let x 2 Rn be a vector of all uncertain parameters and k 2 Rr be a
vector of adjustable design parameters. Also, let y 2 Rm be a vector
of the simulation result outputs. When the i th design requirement is
satis� ed, for example, runway touchdown position within a certain
area, is satis� ed, yi is set to 1, otherwise it is set to 0.

The dependency of y on x and k is represented functionally as

y = F(x, k) (1)

The � ight simulation’s calculation itself is very de� nite, that is, it is
repeatable and deterministic. The uncertain nature of the vehicle’s
performance is due to the uncertainty of the parameters x, where
uncertain parameters x are used even in the case of seed numbers
for continuous noises and disturbances random signal generation.
When the probability distribution function of uncertain parameter

Fig. 1 Uncertain parameters and � ight simulation.

x is de� ned as P(x), the probability Pi that the vehicle’s design
satis� es the i th requirement is

Pi =
1

¡ 1
¢ ¢ ¢

1

¡ 1
Fi (x, k)P(x) dx1, . . . , dxn (2)

and the probability P0 that the designsatis� es all of the requirements
is

P0 =
1

¡ 1
¢ ¢ ¢

1

¡ 1

m

i = 1

Fi (x, k) P(x) dx1 , . . . , dxn (3)

Probability P0, which can be called the probability of the system’s
total mission achievement, directly shows the robustness of the ve-
hicle’s � ight control system.Estimating the valueof P0 is, therefore,
very important to evaluatethe � ight control system design,and P0 is
a performance index that should be maximized in the � ight control
law design. Although the probability distribution functions of the
uncertain parameters are dif� cult to de� ne, they can be assumed
based on analysis, empirical data, and ground tests. Probabilistic
modeling of the uncertain parameters is essential for the stochastic
evaluationof the system’s performance.Beforediscussingoptimiza-
tion of adjustable parameters, the calculation of the value of P0 is
reviewed in the following section.

III. Monte Carlo Simulation
When the dimension of vector x is large, the numerical integra-

tion of Eqs. (2) and (3) requires an extraordinarily large amount
of computation, so much as to be impracticable. The Monte Carlo
method is an ef� cient way of estimating the probabilities Pi and P0,
in which the elements of x are generated randomly in accordance
with their given probability distribution functions. Figure 2 shows
the concept of Monte Carlo simulation. After x is de� ned, each yi

can be evaluated from the � ight simulation result that uses x as its
input. The probabilityof meeting each design requirement can then
be estimated from the statistical properties of a large number of
calculated y samples.

The reliabilityof the estimated probabilityobtainedby the Monte
Carlo method can be determined using statistical theory and is de-
pendent on the number of samples. If the system design target is
speci� ed as the lower bound on the probability of mission achieve-
ment, the estimated P should be higher than a value that is the sum

Fig. 2 Monte Carlo simulation concept.
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of the design target probability and a quantity to account for the
estimate’s reliability.

The probability of mission achievement is a clear design target
for � ight control system design, and if the estimated P0 fails to meet
the target, further design effort is necessary.As shown in Fig. 1 and
Eq. (1), y is a function of parameters belonging to two categories,
namely, uncertainparametersand adjustabledesign parameters,and
so thereare two waysof solvingsuch a problem.One is to reconsider
the probability distribution functions of uncertain parameters, and
theother is to modify theadjustableparametersandwill bediscussed
in detail in later sections.

Changing the probability distributions of uncertain parameters
incurs additionalcosts, such as higher performancehardware, addi-
tionalgroundtesting,and so on. To minimize such costs, it is impor-
tant to study the degree of in� uence of each uncertain parameter on
mission achievement to � nd the most ef� cientway of increasingthe
probabilityof mission success. Sensitivity analysis and rss analysis
are standard methods of predicting these in� uences.5,7 The statisti-
cal propertiesof the Monte Carlo simulationcases that do not satisfy
the requirements can also show the degree of in� uence of individ-
ual parameters on overall mission performance. If the distribution
of values of a certain parameter in such unsatisfactorycases differs
from its given probability distribution function, then that parameter
can be reckoned to have a high in� uence on mission achievement
probability. Design tools for ef� ciently reshaping probability dis-
tribution functions are useful in the development of reentry space
vehicles.

IV. Stochastic Parameter Tuning and
the Optimization Algorithm

Stochastic parameter tuning is an optimization in which proba-
bility of mission achievement as estimated by Monte Carlo simula-
tion is used as the performance index.8 Flight control laws contain
various parameters that can be adjusted or tuned. After the design
parameters k to be adjusted are selected, they can be optimized to
maximize theprobabilityofmissionachievementbecausethisquan-
tity is a function of the parameters as shown by Eq. (3). However,
there are a number of dif� culties in applying this stochastic opti-
mization method compared with ordinary parameter optimization
problems, and the following three items are the most typical:

1) The performance index value is the result of Monte Carlo
simulationand so inevitablycontainssome error or noise thatmakes
application of simple gradient-basedmethods dif� cult.

2) The number of adjustabledesign parameters is not necessarily
small and may be on the orderof 10 in a typical � ight control system
design. The optimization algorithm chosen should be applicable to
problems containing parameters of any degree of freedom. In other
words, it should be free from the curse of dimensionality.

3) The � ight control system is part of a highly reliable system.
The allowable probability of mission failure due to unsatisfactory
� ight control system performance might be less than a few per-
cent even for experimental � ight vehicles and would be less than
1% for an uninhabited reusable space vehicle’s � rst � ight. This
means that a largenumberofMonteCarlo simulationsamples are re-
quired,perhaps1000 or more, which imposes a large computational
burden.

The mean-tracking technique is adopted as an optimization al-
gorithm for its reliability and ef� ciency,9 and its applicability is
basically independent of the number of design parameters. The al-
gorithmconsists of iterativeshiftingof the adjustabledesign param-
eters. An initial point in design parameter space is determined, and
a small area in the vicinity of this point is searched. Based on the
result of the search, the point is then shifted to a location that gives
a higher probability of mission achievement.

Figure 3 shows the iteration of shifting the parameter by mean
tracking. The basic iterative process is as follows. Let ki be a vec-
tor of adjustable design parameters in the i th iteration. Stochastic
properties in the vicinity of ki are searched to shift the parameters
to a point that gives a higher probability of satisfying the design
requirement.The search area is de� ned as

ki ¡ D k < k < ki + D k (4)

Fig. 3 Parameter shifting by mean-tracking method.

where D k is a parameter to be appropriately de� ned. N random
samples of k are generated,which are uniformly and independently
distributed over the rectangular search area. N random values of
the uncertain parameters x are also generated according to their
given probability distribution functions. Performance evaluation is
then conducted for N random combinations of (x, k), and the de-
sign parameter k is then shifted to the mean of the cases that were
satisfactorily evaluated, as follows:

ki + 1 = ki + ksat av ¡ kav (5)

where kav is the average of all the samples of k, and ksat av is the
average of the values of k that satis� ed the performance evaluation
requirement. Thus, ki + 1 is an estimate of the mean of the satisfac-
tory cases corrected by the mean of all samples. The expectationof
kav is ki because it assumes uniform distribution in the search area
de� ned by Eq. (4). The iteration then continues by using ki + 1 as
the next ki . Because the parameters’ distribution is uniform, shift-
ing the parameter to the average of satisfactory cases will give a
performance improvement if one exists.

Because in general the � nal mission achievement probability
should be high, the number of Monte Carlo simulations must be
large enough to ensure reliability of the probability estimate. Fur-
thermore, if the number of satisfactory cases generated at a given
iteration of the mean-tracking technique is large, the shift between
iterations becomes small, and consequentlya large number of iter-
ations are required for convergence on the optimum point. A large
computation time is, therefore, implied, and a computation time re-
ductiontechniquebecomesessentialto allowuse in practicaldesign.
One such simple technique is to stress the control system arti� cially
or to omit easy conditions for the control system from the iteration.
The details of this technique are as follows:

1) De� ne the initial k as k1. Monte Carlo � ight simulation, in
which uncertain parameters x are randomly generated according to
the probabilitydistributionfunctions,continuesto � nd N1 uncertain
parametersx that produceunsatisfactoryresults. Store this set of N1

values of x as stressful parameters.
2) Randomly generate a set of N2 uncertain parameters accord-

ing to the probability distribution functions. By adding this to the
previous set of N1 stressful parameters, an arti� cially stressed set
of N (=N1 + N2 ) uncertainparametersx is generated. N uniformly
random design parameters k are also generated for searching the
area around ki according to Eq. (4).

3) A � ight simulation for each (x, k) is conducted to see whether
it satis� es the requirements.Then ki + 1 is obtainedfrom the mean of
satisfactory cases according to Eq. (5). If there is an unsatisfactory
case resulting from a value of x not in the stressful parameter set,
the corresponding x is added to the set of stressful parameters, in-
creasing N1 . Continue by returning to step 2 to improve the design
parameter.

Some points of discussion remain, such as how to determine the
value of D k or how to change it if necessary, how to determine the
values of N1 and N2, and how to evaluate the convergence. Cur-
rently, the value of D k is set a priori by judging the parameter’s
sensitivity and resolution. Relatively small numbers are used for
N1 and N2, such as N1 = 100 and N2 = 0.2N1 . Regarding conver-
gence, no stopping condition is set, that is, iteration continues to a
prescribed maximum number.
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A typical demerit of this approach is that, because it is equiva-
lent to gradient methods, the point converged on might be merely
a local optimum rather than the global optimum. Numerical exam-
ples obtained by the mean-tracking technique are discussed in the
following section.

V. Application to Uninhabited Space
Vehicle Flight Control

Miyazawa et al.5 discussed the longitudinal � ight control law
design for a space vehicle’s automatic landing system, where the
probability of satisfying landing requirements and the effects of
uncertain parameters were evaluated for the � ight control system.
That analysis was a product of ALFLEX,10 ¡ 15 where 13 successful
landing trials were conductedat Woomera,South Australia in 1996.
The analysis indicated that Monte Carlo � ight simulation is useful
for development of robust � ight control systems, and in fact, the
probability of mission achievement estimated by simulation was

Table 1 ALFLEX uncertain parameters

Number of
Category parameters

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

at release

Table 2 Landing performance requirements

Guidance, navigation,
Evaluation point and control requirementa

Touchdown position,a m X > 0, j Y j < 18
Velocity, ms 43 < VEAS < 59b

VG < 62, Vsink < 3
Attitude, deg H < 23, j U j < 10

j W j < 8
Sideslip, deg j b G j < 8 (3c )

Ground roll position, m Xstop < 1000
j Ymax j < 20 (10c)

a( X, Y, Z ) is a runway coordinate system: origin is at the runway
threshold, the X axis is directed along the runway centerline, and
the Z axis is directed downward.
bAirspeed requirement is excluded from the present study be-
cause it is not essential for safe landing.
cNew requirements set for the present study.

Fig. 4 Three views of ALFLEX vehicle.

able to give the ALFLEX team high con� dence of success before
the � rst landing trial was conducted.7 A sophisticated simulation
model was developedfor the ALFLEX � ight experiment,where the
stochastic properties of uncertain parameters were assumed. The
uncertain parameters numbered more than 100, and the categories
of uncertain parameters and the number of items in each category
are listed in Table 1. Typical parameters that had a strong in� uence
on longitudinallandingperformanceare listed in Ref. 5. The design
requirementsare listed in Table 2. Figure 4 shows three views of the
ALFLEX vehicle.

In Ref. 5, stochastic analysis was extended to a simple design
problem, where two proportional and derivative gains in the guid-
ance law were adjusted to maximize the probability of satisfying
the landing requirements. Because at that time an appropriate al-
gorithm and suf� cient computation resources for stochastic opti-
mization were not available, the number of adjustable parameters
that could be optimized was limited, and the optimization was con-
ducted in a primitive way. Since then, a computational algorithm
applicable to a large number of design parameters with reasonable
computational time has been found, as discussed in the preceding
section, and ALFLEX’s guidance laws have been again reviewed
using this algorithm. The following two applications, longitudinal
and lateral guidance laws, are introduced to evaluate the feasibility
of the stochastic parameter tuning approach.

A. Longitudinal Guidance Law Assessment
Longitudinal guidance of a reentry space vehicle before touch-

down is susceptible to errors. Figure 5a shows a block diagram of
the ALFLEX longitudinal � ight control law. Because the reference
� ight path is curved in the pre� are phase before touchdown, longi-
tudinal guidance becomes a tracking problem, and so the guidance
command law needs feedforwardor open-loopcommands to follow
the reference path, in addition to the ordinary feedback commands.
The feedforward command is generated using nominal vehicle dy-
namics, and any error in the dynamics causes a disturbance to the
longitudinal guidance.

Increasing the bandwidth of the guidance feedback control (or
adjusting the feedback gain) to the limit of coupling with the inner-
loop attitude control is effective in suppressing such longitudinal
guidanceerror.However, the responseof the inner-loopattitudecon-
trol changes due to uncertain parameters. In most cases, therefore,
� ightcontroldesignersallowsomemarginfor avoidingcouplingbe-
tween the outer and inner loops by predicting the inner-loopcontrol
system’s deviation using � ight simulations.The stochastic parame-
ter tuning method can optimize this design process ef� ciently, and
ALFLEX longitudinalguidanceassessmentby stochasticparameter
tuning demonstrates the feasibility of this method.
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Fig. 5a Simple block diagram of ALFLEX longitudinal guidance and control law: original and modi� cation I.

Fig. 5b Simple block diagram of ALFLEX longitudinal guidance and control law: modi� cation II.

Fig. 6 Optimization of two design parameters for modi� cation I.

1. Modi�cation I
InRef. 5, a newALFLEX guidancelaw, calledmodi� cationI, was

derived from the originalby optimizing two proportional–derivative
feedback gains. The paper allowed random variation of the two de-
sign parameters within the prescribed search area. Of the 10,000
Monte Carlo simulations conducted, 2,122 cases were unsatisfac-
tory, and these are plotted in Fig. 6 as s symbols on the plane of
the two design parameters. Because the distribution functions of
the design parameters are uniform, the sparsest area indicates the
optimum design parameter combination, and the design parameters
were picked by selecting a point on the plot within such an area,
that is, K p = 0.027, K d = 0.09.

In this paper, the sameproblemis optimizedby the mean-tracking
method. The mean-tracking method applies a technique similar to
Ref. 5, but uses a narrower search area for shifting the design pa-
rameters. Figure 6 also shows the history of shifting the design
parameters from the original ALFLEX guidance law values by the
mean-tracking method with enhanced stress applied to the opti-
mization iteration. The rectangular window in Fig. 6 indicates the
search area at the initial parameter point. The same sized search
area was used throughout the mean-tracking iterations. This con-

verged almost to the vicinityof the selectedpoint in Ref. 5 after 100
iterations, that is, K p = 0.0256, K d = 0.0902.

2. Modi�cation II
Figure 5b shows a block diagram of the so-called modi� cation II

guidance and control law, derived from the original to improve lon-
gitudinal landing performance.In this modi� cation, a total of seven
design parameters were optimized by stochastic parameter tuning,
namely, three proportional–integral–derivative (PID) gains in the
guidance feedback control, two proportional– integral gains for ac-
celerationfeedback,one � nal� aregain,andonedelaycompensation
time in the open-loop command generation.Figure 7 compares the
landingperformanceof the vehicleusing theoriginal(unoptimized),
the modi� cation I, and the modi� cation II guidance laws. Landing
performanceis shown in terms of touchdownvelocityvector, which
is the most critical landing parameter, and the plotted circles show
the results of 1000 Monte Carlo simulations. The landing perfor-
mance requirements are also indicated.

Although the original ALFLEX guidance law was carefully de-
signed using extensive trial and error to suppress path-tracking er-
rors, it is clear from Fig. 7 that stochastic parameter tuning gives
superior performance. In fact, with the original guidance law, 51
cases of 1000 simulations fail to satisfy the landing requirements,
whereas with the guidance law optimized by stochastic parameter
tuning, only 1 out of the 1000 simulated trials resulted in violation
of the requirements.

B. Lateral Guidance Law Assessment
Because the horizontal component of the nominal � ight path is

simply a straight line to the runway, lateral guidance becomes a
regulator problem rather than a tracking problem as in the case of
longitudinal guidance. Furthermore, because bank angle directly
generates lateral acceleration, lateral guidance is much easier than
longitudinalguidance.Conversely,however,lateral-directionalcon-
trol is more dif� cult than longitudinal control due to the roll–yaw
coupling characteristicsof the ALFLEX vehicle.

Monte Carlo simulation analysis showed that the original
ALFLEX lateral guidance and control laws had an extremely high
probabilityof satisfying the touchdownrequirements,such as maxi-
mum lateraldeviationon the runway,roll attitude,and sideslip angle
relative to the ground. In this analysis, stricter performancerequire-
ments are set for the maximum lateral deviation in ground roll and
sideslip angle relative to the ground at touchdown parameters, as
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Fig. 7 Monte Carlo simulation: touchdown sink rate and ground speed plot (1000 cases): modi� cation I, two parameters tuned, and modi� cation II,
seven parameters tuned.

Fig. 8 Simple block diagram of ALFLEX lateral-directional guidance and control law.

Fig. 9 Monte Carlo simulation: touchdown sideslip angle relative to the ground and maximum lateral deviation in ground roll (1000 cases).

indicated by the numbers in parentheses in Table 2. If the vehicle’s
performance is able to meet these new requirements, the strength
(and thus weight penalty) of its landinggear and its landing runway
requirementsmay be reduced. A design trial with these more strin-
gent lateral requirements was conducted to evaluate the stochastic
parameter tuning method.

Figure 8 shows the structure of ALFLEX’s lateral-directional
guidanceandcontrol.The lateralguidancelaw is essentiallya simple
PID controller, although it includes limiters such as in the integral
feedback and in the bank angle command. To satisfy the new land-
ing requirements, the guidance feedback gains are revised and a
decrab maneuver is added. The adjusted parameters are three PID
gains, two feedback gains for the decrab maneuver, and the decrab
maneuver initiation height. Figure 9 shows the results of Monte
Carlo simulation analyses for the original ALFLEX guidance law
and the new guidance law optimized by stochastic parameter tun-
ing. For each guidance law, 1000 cases of the same Monte Carlo
� ight simulations are plotted, and Fig. 9 clearly indicates the su-
perior performance of the optimized guidance law. The number of

unsatisfactory cases is reduced to one-� fth of that obtained by the
original guidance law. Although the original design is satisfactory
and has been veri� ed by � ight experiments, the improvement in lat-
eral landing performance will be useful in the future development
of reentry space vehicles.

In the two aforementioned application examples, the stochas-
tic parameter tuning method was applied to the guidance law or
outer-loop control rather than to the inner-loopattitude control law.
This is because the � ight simulation model with uncertain param-
eters represents the vehicle’s behavior within the frequency range
of rigid-body motions. The results of the tuning of the guidance
law are guaranteed within this frequency range. However, to apply
the stochastic tuning method to the attitude control law, an uncer-
tainty model is needed for a higher frequency range to include such
phenomena as structural vibration modes, unsteady aerodynamics,
higher-orderactuatordynamics, etc. Although realizing such a sim-
ulation model is possible in principleusing higher sampling rates, it
requires greater computational resources. ALFLEX’s attitude con-
trol laws were analyzed and designed with robust linear control
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Fig. 10 Schematic � ow diagram of distributed computation for Monte
Carlo � ight simulation.

theory by using high-frequency uncertainty models de� ned in the
frequency domain. Therefore, only the guidance law was tuned by
the stochastic method.

Performance improvement as a result of tuning was mainly ob-
tained by increasing guidance gains or by increasing the frequency
bandwidth to the limit that does not couple with inner-loopattitude
control. If there is ample margin, minor changes in the attitude con-
trol law do not affect the outer-loop guidance law, and so guidance
and control laws can effectivelybe designedseparately.However, in
the case of a high-performancevehicle such as a reentry space ve-
hicle, it is necessary to minimize such a margin, and it is, therefore,
reasonable to apply stochastic parameter tuning.

VI. Distributed Computation
The stochastic approach to � ight control system evaluation and

design requires a huge amount of computation, and this burden is
a potential problem when applying the approach to practical � ight
control design activities. However, the recent advent of low-cost,
high-performance microprocessors has greatly reduced the cost of
required computing power, and computer network technology can
furtherreducecomputationtime by allowingdistributionof thecom-
putational load. Because each Monte Carlo simulation is indepen-
dent, that is, it is not affected by the results of other simulations,
it is amenable to such distributed computation. Moreover, because
the quantitiesof input and output data for each simulation,basically
(x, k) and y, respectively, are small, for example, less than 10 kB,
the load on network communication is very light.

Figure 10 shows a schematic diagram of the data � ow in a dis-
tributed Monte Carlo � ight simulation and parameter optimization
implementation using a single master computer and an arbitrary
number of slave computers. The master computer generates input
parameters(x, k) and submits them to an idle slave computer,which
starts a � ight simulation. On completion of the simulation, the re-
sult y is returned to the master computer, which stores the input and
output data, (x, k) and y and calculates probability estimation and
parameter optimization.

For � ight control design, the authors have developedsystem soft-
ware that controls slave machines and manages input/output data
transfer using the standard UNIX socket interface over the TCP/IP
network protocol. The authors currently use a network of eight
twin-CPU workstations (Sun Microsystems Ultrasparc II) as slave
computers, or processingnodes. Currently, an ef� ciency of approx-
imately 75% has been achieved, that is, computation time is 1

12
th

of that which would be obtained by serial calculation on a single
computer.

VII. Conclusions
Monte Carlo � ight simulation analysis has become increasingly

important in � ight control system development, not only for vali-
dating � ight control system designs but also for directly designing
the adjustableparameters of � ight control laws. This paper has pro-

posed and demonstrated the feasibility of a stochastic parameter
tuning method that makes full use of the merit of Monte Carlo sim-
ulation; that is, the methoddirectlymaximizesmissionachievement
probability,which is the � nal goal of � ight control design.

The effective application of this approach still depends on the
judgment of an experienced designer for a few points, such as ap-
propriate design of the guidance and control law structures, the se-
lectionof the in� uentialparameters to beoptimized,and appropriate
choice of the initial parameters for the iteration. In other words, the
stochastic approach does not provide a complete set of tools for
automated � ight control design, but it provides a computer-aided
design tool for � ight control engineers. In the practical � ight con-
trol law design process, parameter tuning by trial and error using
simulation is common. The proposedapproachmight essentiallydo
the same, but is more rational, more systematic, and ultimately, as
has been demonstrated, more effective.

Applicationof the approach to real � ight control system develop-
ment would yield further improvements to the design method and
further demonstrate its utility. However, � ight simulation analysis
depends heavily on the assumed model, the stochastic properties
of which determine the probability of total mission achievement.
Therefore, the model, its structure, and the stochastic properties of
the uncertain parameters are the most important factors in� uenc-
ing the method’s reliability. Further application of the stochastic
approach is, thus, expected to provide strong impetus for improv-
ing the � delity of simulation models and the expression of model
uncertainties.

Finally, the authors would like to comment on the role of the
stochastic approach in theoretical robust control methods. Because
the stochastic approach directly aims at the � nal design goal, it will
be helpful for properly evaluating control theories for the purposes
of practical application to � ight control. In the future, the stochastic
parameter tuning method will be combined with advanced robust
control theory and design methods. Then, the stochastic approach
will accelerate the realization of more sophisticated laws in � ight
control systems.
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