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Fig. 9 Modi� ed phase plane and switching line.

Fig. 10 Comparison between model and experimental control.

V. Conclusions
A novel structure of a human operator in a control loop has been

introduced, modeling manual control behavior in situations where
such control requires a switching strategy.The model is based on an
adaptive delayed relay structure with a linear switching line. Model
parameters were obtained from a limited experimental database.
Although preliminary in nature, the model shows performancecon-
sistent with the experimental data; the generality of the approachof
courseneedsadditionalvalidation,and it may be limited to situations
where operator control pulsing is clearly excited by appropriate in-
put to the closed-loop system. The model identi� cation parameters
(k, c , s ) appear candidate parameters to evaluate different opera-
tors’ capabilities and training levels.
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Introduction

T HE orientation of a free-� ying space robot is disturbed by the
arm movement. However, the space robot can simultaneously

control the orientationof its main body and arm positionusing only
arm motion due to its nonholonomic constraints.1 ¡ 4 We have pre-
sented path-planning methods such as breadth-� rst search and A ¤

search, using a sensor-motiondatabase, which are not model-based
methods but sensor-based ones.1 However, the breadth-�rst search
required a long time to determine the path, and A ¤ search did not
always indicate the shortest solution or did not � nd the path at all.
These methods yielded the path only after a successful search, so
that the search could not be terminatedhalfway. In actual situations,
because the tasks of the space robot will be composed of a series of
planned motions, the paths should be short and planned in a short
time even though they may not be the shortest possible. The ge-
netic algorithm (GA), which uses the same database as that of the
previous search methods, yields a temporary path in a short time.
Furthermore, because the database is speci� c to discrete joint an-
gles, it is not possible to accommodate arbitrary continuous values.
This presents a serious problem. Therefore, we approximate the re-
lationshipsbetween sensor states and robot motions in the database
using a formula and use optimal control techniqueswith the formula
to deal with continuous joint angle values.

Path-Planning Methods
The space robot situationconsideredand the databaseused in the

experiments are the same as those shown in Figs. 1 and 2 of Ref. 1
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a) Search method

b) Composition of chromosome

c) Evolution process

Fig. 1 Process of GA.

(symbols are also the same). Using the database, we searched the
solution from q1 =195 deg, q2 = ¡ 75 deg, and p1 = p2 =255 to
q1 =15 deg, q2 = ¡ 75 deg, and p1 = p2 = 255, which is also the
same as that of Ref. 1. Although we used the breadth-� rst search
and A ¤ search to � nd the path, they have drawbacks, as pointed out
in the Introduction.To overcome those drawbacks, we propose two
methods: GA and optimal control.

GA
First, the arrows, that is, state transitions, in Fig. 3 of Ref. 1 were

numbered for each node (shown here in Fig. 1a). The stringof arrow

a) Joint angles

b) Light source position error during motion

Fig. 2 Cyclic motion resulting from optimal control.

a) Joint angles b) Camera images

c) Light source position error during motion

Fig. 3 Optimal control results.
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numbers indicates a series of robot motions. If the arrow number
is used as an allele, that is, the value of a gene, of a chromosome
of length n, that is, the chromosome is composed of n genes, then
the chromosome represents an n-step motion of the robot (Fig. 1b).
For instance, the chromosome marked in Fig. 1a (bold arrows) is
expressed in Fig. 1b. In an ordinary GA, the length of a chromo-
some is � xed. However, in our case, the chromosome length, that
is, number of motion steps, is variable. To use the GA for � nding
the shortest path, we de� ne the � tness as

� tness = (1/ length) + g (1)

where length is the chromosome length and g is 0.3 if the � nal
state, that is, the joint angles and the light source position on the
image, is the goal; otherwise g is 0. The goal state should be given
as discrete joint angles (the node values) and the permissible range
of the charge-coupleddevice camera output as the node variable. If
the range is narrow, the search might fail, and so we set the range
within §100 pixels, that is, 155 < p1 and p2 < 355. The larger the
� tness, the better the chromosome.

There are two kindsof operationsin GA: crossoverand mutation.
Two parents yield one child as a result of crossover.The two parents
are selectedby the roulettemethod in which the parent chromosome
is chosen to be proportional to the � tness value. The same states,
that is, the same joint angles and the same light source position
on the image, in both chromosomes are selected, and the shorter
segments of the parent chromosomes are connected to yield a new
chromosome. The probability of mutation for a chromosome that
reaches the goal state is lower than that for a chromosome that does
not reach the goal state (40%) because it is undesirable to lose a
chromosome that reaches the goal state. Because mutation affects
all states after it has occurred, all genes after the point of mutation
are changed.

The GA uses the following parameters. The number of chromo-
somes in the pool is 30, the maximum length of the chromosome is
30, the probability of mutation is 0.5, that is, 0.5 for a chromosome
that does not reach the goal state, and 0.5 £ 0.4 for a chromosome
that reaches the goal state, and the total number of generations is
2,500. The evolution process is shown in Fig. 1c. In the 10th gener-
ation, a chromosome that reaches the goal state appears. The length
of the chromosome is 29 genes. After that, the length shortens, and
� nally, a chromosome with seven genes appears in the 2,436th gen-
eration.The seven-stepmotion, which results in the same motion as
that obtainedby the breadth-� rst search, was acquired.1 This means
that the GA also yielded the shortest path. However, the GA cannot
judge whether this path is the shortest or not a priori because the
GA does not guarantee the optimal solution and only evolves the
chromosomes using the � tness values.

In the case of breadth-� rst search, 93,452 nodes were searched
before the path was found, and no other candidate path existed. In
the case of A ¤ search, we found the path after a 282-node search;
however, the number of searched nodes depends on the searched
path, and in some cases, a path is not found or, if found, is very
long.On the other hand, in the case of the GA, we found the shortest
path after 30 £ 2,436 = 73,080 nodes were searched. Even though
the GA does not require the use of the pruning technique, which
consumesconsiderablememoryand time, itdoesnotseemto havean
advantage compared to breadth-� rst search. Moreover, the number
of searched nodes depends on the searched path and the parameters
of the algorithm, including the random generator in the program.
However, in general, the GA arrived at a temporary solution, such
as a more-than-8-steppath, at an early stage. Therefore, even if we
stop the search halfway, the GA provides a temporary solution at
that time. This is an important property for actual use. If a path
of less than 10 steps is admissible, only 30 £ 356 =10,680 nodes
are searched and the 8-step path is obtained if we use the same
parameters.

Optimal Control Techniques
Previous methods, including breadth-� rst search, A ¤ search, and

the GA, cannot deal with continuous joint angles. This is the crit-
ical problem in their actual use. Therefore, we should extend the
method to enable the use of continuous joint angles. A method us-

ing optimal control techniques is proposed. First, we approximate
the database using polynomial and trigonometric expressions. Ba-
sically, because there are eight types of transitions (control inputs,
ac1 and ac2 = § 30 or 0 deg) for each joint con� guration, equations
containingeightunknowncoef� cients are reasonable.Therefore,we
use the following formulas to approximate the database relations:

fi = ai1u1 + ai2u2 + ai3u
2
1 + ai4u1u2 + ai5u

2
2 + ai6u

2
1u2

+ ai7u1u2
2 + ai8u

2
1u

2
2 (2)

where u1 = ac1 and u2 =ac2 are inputs, fi = dpi , and ai j (i = 1
and 2, j =1, . . . , 8) are unknown coef� cients that are functions
of q1 and q2. After solving the preceding equations for each joint
con� guration, we set ai j as

ai j = b1i j + b2i j sinq1 + b3i j sin q2 + b4i j cosq1 + b5i j cos q2

+ b6i j sinq1 sin q2 + b7i j sin q1 cos q2

+ b8i j cos q1 sin q2 + b9i j cosq1 cos q2 (3)

and solve bki j (k =1, . . . , 9, i = 1 and 2, j =1, . . . , 8) using the
least-squaresmethod. Using these formulas, we can extrapolate the
relation beyond the range of the database.

Furthermore, the cost function to be minimized is set as

L =

Z 10

0

¡
u2

1 + u2
2

¢
dt (4)

The terminal time is � xed as 10 s. Because the quadratic form in an
angular velocity vector with an inertia matrix represents the kine-
matic energy of a system, this function is related to the energy
supplied by joint motors. Therefore, the minimization of Eq. (4)
provides the near-minimum energy-consumptionpath. We use the
sequentialconjugategradient-restorationalgorithm(SCGRA)5 � rst
for the large-error phase and the modi� ed quasi-linearizationalgo-
rithm (MQA)6 for the small-error phase.

In the planned path using Eqs. (2–4), the joint angle q2 is outside
of the physical mobility range, that is, q2 < ¡ 90. It is impossible to
position the joint at such an angle, so that this motion is not feasible.
Therefore, we introduce a penalty function in Eq. (4), that is,

L =

Z 10

0

¡
u2

1 + u2
2 + f p2

¢
dt (5)

where f p2 is a penalty function adopted to satisfy the range of q2

and to prevent movement beyond ¡ 90 deg,

f p2 =

8
<

:

0 (x2 ¸ x2c)

w2

³
x2 ¡ x2c

x2m ¡ x2c

2́

(x2 < x2c)’ (6)

wherew2 =1, x2 =q2, x2c = ¡ 75deg,and x2m = ¡ 90deg.Although
the planned path is outside the database range of q1 , this path is
feasible, and so the path is used in the experiments. However, it
might cause error. Therefore, we attempt to plan a path within the
database range. To do so, we again introduce the penalty function
for q1, which is the same as Eq. (6),

f p1 =

8
<

:

0 (x1 ¸ x1c)

w1

³
x1 ¡ x1c

x1m ¡ x1c

2́

(x1 < x1c)’ (7)

where w1 =2, x1 =q1, x1c = 15 deg, and x1m =0 deg, and the cost
function is

L =

Z 10

0

¡
u2

1 + u2
2 + f p1 + f p2

¢
dt (8)

The planned path and the motion of the light source position are
shown in Fig. 2. This path seems to be a cyclic motion of the arm.
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Some researchershave pointedout that the cyclic motion of the arm
is effective for controllingboth arm shape and body orientation.2 ¡ 4

Our result veri� es this property of a space robot when the mobility
ranges of the joint angles are limited.

Experiments
The same experiment as Ref. 1 was performed. Because the path

plannedby the GA was the same as the breadth-� rst search in Ref. 1,
the result is not described here.

In the case of optimal control, because the experiment is limited
to a total time of 10 s, the path obtained using Eqs. (3–5) should
be compressed to about 5.5 s. Moreover, because this robot can-
not control the joint angles and angular velocities continuously,20
discrete points from the path were used to execute the experiment.
The results of joint motion are shown in Fig. 3a. The dotted lines
indicate ideal compressed paths, and solid lines indicate the actual
motions. They are in good agreement. In Fig. 3, the origin of time is
takenas the time of initial robotmotion.Figure 3b shows the camera
images of the grid graph paperbeforeand after the motion.The light
source positions, representedby black circles, are slightly different,
even though they should be the same. In Fig. 3c, (p1e, p2e ) indicates
the experimental results for the motion of the light source position
effect on the image, and (p1s , p2s ) represents the simulated results:
p2 motions are in good agreement, whereas p1 motions are not.

There are four possible causes of error. The � rst is model inac-
curacy. The second is error of the database itself. These have been
explained previously.3 However, the third and fourth possibilities
are peculiar causes related to optimal control. The third possibility
is the assumption of dpi = Çpi . Here dpi was measured by moving
the joints §30 deg/s for 1 s, whereas Çpi is the velocity of the im-
age motion in a pixel, where in� nitesimally small motion during
an in� nitesimally small time period is assumed. Obviously, the as-
sumption of dpi = Çpi is in error. The fourth possibility is motion
beyond the database.The joint angle q1 moves in the negative range
during the motion, which is out of the database range. This might
result in an error.

Conclusions
Based on the results, the following general conclusions can be

made.
1) The merit of GA lies in � nding a temporary path at an early

stage.
2) The merit of using optimal control techniqueslies in the ability

to deal with continuous joint angle values.
3) Results verify the property of cyclic motion of the arm for

control when the ranges of joint angles are limited.
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I. Introduction

T HERE are continuing efforts to improve the performance of
guidance laws for the terminal phase of a missile intercepting

maneuveringtargets.Moredetailedmodelshavebeenintroducedfor
derivationof guidancelawswith improvedperformancewith respect
to theclassicalproportionalnavigation.The inclusionof the stochas-
tic nature of the measurements led to the introduction of Kalman
� lters into guidance.1,2 The inclusion of the missile dynamics and
target maneuver, by the use of the optimal control theory, was con-
sidered in Refs. 1, 3, and 4. When the target accelerationis unknown
the shaping� lterwas used in Ref. 1 to accountfor the target’s maneu-
ver. The missile accelerationconstrainthas beendealtwith in Ref. 3.
The differential games approach has been presented in Refs. 5–7.

Here we concentrate on more detailed modeling of the target
maneuver. Namely, the contribution of this paper is the applica-
tion of the multiple model-based approach to the derivation of a
guidance law for the terminal phase of a missile intercepting a ma-
neuvering target. We consider the multiple model adaptive control
(MMAC) architecture8,9 and the multiplemodeladaptiveestimation
(MMAE)-based control architecture.10 These architecturesare sub-
optimal, feasible algorithms for control of uncertain systems. They
have been applied to control of uncertain systems with success.11

The main objective is to assess the improvement in performance
that can be achieved by application of the multiple model-based
algorithm to the derivationof the guidance law: the multiple model-
based guidance law (MMGL). The comparison between the guid-
ance law based on the shaping � lter1 and the MMGL is performed
on a common basis. By common basiswe mean that the information
available for both approaches is identical.

The guidance law based on the shaping � lter is linear and time-
varying. The MMGL is time-varying and nonlinear. A simple ex-
ample is presented to identify the improvement and to keep the
numerical effort affordable, as it increases rapidly with the number
of model hypotheses. In the example we assume a missile with an
instantaneous time response autopilot, guided against a maneuver-
ing target that performs a step maneuver whose initiation instant is
uniformly distributed over the short terminal intercept period. The
simulations show that the MMGL has improved performance, in
term of a smaller miss distance, with respect to the guidance law
based on the shaping � lter approach.

II. Statement of the Problem
The followingis the problemof controlon an nth-orderstochastic

linear discrete-time uncertain system on � nite time.8 The system is
speci� ed by the following model:

x(i + 1) = A(h )x(i ) + m(h , i ) + b(h )u(i ) + v(i ), x(0) = x0

y(i ) = c(h )x(i ) + w (i ), i = 0, 1, 2, . . . , N ¡ 1 (1)

where x(i ) 2 Rn is the state; u(i ) 2 R1 is the input and y(i ) 2 R1

is the measured output; A(h ) 2 Rn £ n and b(h ), c(h )T 2 Rn ; and
m(h , i ) 2 Rn is an external deterministic input for a given h . The se-
quencesv(i ) and w(i ) 2 R1 are mutually independentexcitationand
observationnoiseprocesses,respectively.They are zero-meanwhite
Gaussian sequences with covariances E[v(i )v( j )T ] = V ( j, h ) d i j

and E[w (i )w ( j )T ] = W ( j, h ) d i j . The initial state vector x0 is
Gaussian and independent of v(i ) and w (i ) for i ¸ 0 and has a
priori probabilitydensity p[x(0)] with mean x̄0 and covariance Q0.
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