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Costate Estimation by a Legendre Pseudospectral Method

Fariba Fahroo* and I. Michael Ross'
Naval Postgraduate School, Monterey, California 93943

We present a Legendre pseudospectral method for directly estimating the costates of the Bolza problem en-
countered in optimal control theory. The method is based on calculating the state and control variables at the
Legendre-Gauss-Lobatto (LGL) points. An Nth degree Lagrange polynomial approximation of these variables
allows a conversion of the optimal control problem into a standard nonlinear programming (NLP) problem with
the state and control values at the LGL points as optimization parameters. By applying the Karush-Kuhn-Tucker
(KKT) theorem to the NLP problem, we show that the KKT multipliers satisfy a discrete analog of the costate
dynamics including the transversality conditions. Indeed, we prove that the costates at the LGL points are equal
to the KKT multipliers divided by the LGL weights. Hence, the direct solution by this method also automatically
yields the costates by way of the Lagrange multipliers that can be extracted from an NLP solver. One important
advantage of this technique is that it allows a very simple way to check the optimality of the direct solution.
Numerical examples are included to demonstrate the method.

I. Introduction

ANY different computational methods exist for solving op-

timal control problems,:? but they can be grouped into two
major categories: indirect and direct methods. In indirect methods,
the necessaryoptimality conditionsderived from the minimum prin-
ciple are solved to obtain the optimal trajectory. These methods are
nottypically used to solve complex problems due to 1) theirinherent
small radii of convergence and 2) the additional labor required in
deriving the optimality conditions. Direct methods can be basically
described as solving the optimal control problem by discretizing
it to a parameter optimization problem and then solving the re-
sulting nonlinear programming problem (NLP). The conversion to
a parameter optimization problem can be classified into two ma-
jor categories: 1) parameterization of the control variable only and
2) parameterization of both control and state variables. This paper
deals with the latter category. Also note that if the controls can be
eliminated by differential inclusion only the state variables need to
be discretized>* In most direct methods,? the conversion to a pa-
rameter optimization problem is achieved by first dividing the time
interval into a prescribed number of subintervals whose endpoints
are called nodes. The unknowns are the value of the controls and
the states at these nodes, the state and control parameters. The cost
function and the state equations can be expressed in terms of these
parameters, which effectively reduce the optimal control problem
to an NLP that can be solved by a standard nonlinear programming
code. The time histories of both the control and the state variables
can be obtained by using an interpolation scheme. In most collo-
cation schemes, linear or cubic splines are used as the interpolat-
ing polynomials > ¢ To impose the state differential equations, some
form of implicit integration scheme is used, among which a pop-
ular one is the Hermite-Simpson scheme (Ref. 5). Gauss-Lobatto
quadrature rules such as trapezoidal, Simpson’s, or higher-order
rules with Jacobi polynomials as the interpolant are also used for
collocation.”

Instead of using piecewise-continuouspolynomials as the inter-
polant between prescribed subintervals, global orthogonal polyno-
mials such as Legendre and Chebyshev polynomials can be used
for the approximation of the control and state variables*8~!° These
polynomials are used extensively in spectral methods for solving
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fluid dynamics problems,!!2 but their use in solving optimal con-
trol problems has created a new way of transforming them to NLP
problems. One particular merit of the use of orthogonal polynomi-
als is their close relationship to Gauss-type integration rules. This
relationshipcan be used to derive simple rules for transforming the
original optimal control problemto a system of algebraic equations.
The efficiency and simplicity of these rules are best demonstrated
in the spectral collocation method that Elnagar et al.,'> Elnagar and
Razzaghi,'* and Fahroo and Ross*!> have recently employed to
solve a general class of optimal control problems. In this method,
polynomial approximations of the state and control variables are
considered where Lagrange polynomials are the trial functions and
the unknown coefficients are the values of the state and control
variables at the Legendre-Gauss-Lobatto (LGL) points. It is well
known that this choice of collocation points yield superior results
for interpolation of functions to the ones obtained from equidistant
points.!'® By using the properties of the Lagrange polynomials, the
state equationsand the control constraintsare readily transformedto
algebraic equations. The state differential constraints are imposed
by evaluating the functions at the LGL points and using a differ-
entiation matrix that is obtained by taking the analytic derivative
of the interpolating polynomials and evaluating them at the LGL
points. In this sense, this method of imposing the state equations
is in marked contrast to the numerical integration techniques that
are used to approximate the differential equations in other colloca-
tion schemes. The integral cost function can also be discretized by
Gauss-Lobatto quadrature rules, which provide highly accurate re-
sults for approximating integrals.'® Therefore, this method unifies
the process of discretization of the differential equations and the
integral cost functions. In other words, the Bolza problem need not
be converted to a Mayer problem, a technique typically employed
in the traditional collocation schemes.

The use of the differentiation matrix, which is a central idea
in pseudospectral methods, has provided us two important ext-
ensions*!” of these methods: conversion of the differential state
dynamics to differential inclusions and indirect collocation meth-
ods for solving for states and costate variables simultaneously. The
traditionalimplementationof differentialinclusions’ relies on a low-
order explicit Euler-type approximation, but the differentiation ma-
trix in spectral collocation can easily be used in conversion of the
state equations to differential inclusion without sacrificing accu-
racy or increasing the number of NLP variables* In the second
extension,!” the state and the costate variables are approximated by
a spectral collocation method, and the two-point boundary value
problem is posed as an NLP, which can then be readily solved.

In this paper, we investigate the relationship between the costate
variables and the Lagrange multipliers used in the discrete method.
By applying the Karush-Kuhn-Tucker (KKT) theorem, we prove
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that the KKT multipliers satisfy the same conditions as those ob-
tained by collocating the costate equations. This key result does
not hold for all collocation methods. For example, the transcription
method using Hermite interpolation and Simpson quadrature rule
yields a discrete adjoint system which is of lower order of accu-
racy than the state approximations.® In contrast, our discretization
method offers the same order of accuracy for the states and costates.
As a result, the costates can be determined quite accurately at the
LGL points by simply dividing the KKT multipliers by the LGL
weights.

In this sense, the present method for costate estimations is signifi-
cantly simpler, both in presentationand implementation, than previ-
ous methods.5!'#~2° One important advantage of use of this spectral
method is in the ease and efficiency of estimating the costates from
the resultsof the direct method. Because convergenceto a solutionin
indirect methods is highly dependenton the initial guess, using the
direct method for estimating the costates can prove quite valuable
particularly because in most cases a good guess to the costates is not
available. For most problems,directmethods can be readily obtained
with a wider radius of convergence;however, the results may not be
as accurate as the ones obtained from indirect methods. If one can
find an approximation to the costates from the direct results, then
this combination of direct and indirect method can lead to a more
accurate and efficient way of solving optimal control problems.’

II. Problem Formulation

Consider the following optimal control problem. Determine the
control function, u(7), and the correspondingstate trajectory,x(t),
that minimize the Bolza cost function:

T
J(u, x, rf)=./\/l[x(rf),rf]+/ Llx(t),u(x)]dr (1)

0

where x € R" and u € R™ are subject to the state dynamics

x(7) = flx(z), u(v)], T € [10, 7/] )

and boundary conditions
Polx(t0), 0] =0 3)
Ylx(zp), 171 =0 )

where 1), € R” with p <n and wf € R with ¢ <n. We consideran
autonomous system because an extension to a nonautonomoussys-
tem is straightforward. For simplicity, we do not consider state con-
straints, although the direct method can handle them easily.* 101315
Possible control inequality constraints are formulated as

glu(m)] <0, geER (5)

where dg/ou has full rank.

The Lagrange multiplier theory for this problem allows us to
adjoin the state equation and constraints to the cost function by the
time-dependent multipliers A(t) and constant multipliers v, € R?
and vy € R? to form the augmented cost function:

_ 7
T = Mlx(zy), i1+ vy + V;'lﬂf + / [L(x, u)

AT @ lx(@), w(@)] = ) + p' ()g(x)]dr (6)

In terms of the augmented Hamiltonian defined as
He, \Nu)=XNf+L+u"g @

the necessary optimality conditions are given by

a
ou

where A(?) are governed by the costate dynamics and the transver-
sality conditions

Y
A= ©)
T
9
A(zo) = —[ax’éﬂ)} v (10)
0
M 9, !
Al = ox,) | [ax(rf)} v (an
9 9

ITII. Legendre Pseudospectral Method

In this section, we present a Legendre pseudospectral method
(Legendre spectral collocation method)!!~!3 for solving the optimal
control problem formulated in the preceding section. The basic idea
of this method consists of two steps: First, we seek global poly-
nomial approximations for the state and control functions in terms
of their values at the LGL points. Second, we find equations that
these approximations satisfy. To obtain these equations, we impose
the condition that the state equations are satisfied exactly by these
approximations at the LGL points. Unlike the collocation methods
thatuse piecewise-continuousfunctionson the arbitrary subintervals
(Hermite-Simpson scheme, for example), the polynomials (the trial
functions) used in this method are globally interpolating Lagrange
polynomials obtained from the orthogonal Legendre polynomials.
Therefore, by definition, the coefficients of the polynomial expan-
sion are exactly the values of the functions at the LGL points. By the
use of the same LGL points, the integral and differential portions of
the problem are discretized: The cost function integral is calculated
by the LGL quadratureintegrationrule, whereas the time derivative
of the approximate state vector ¥V () is expressed in terms of the
approximate state vector x" (t) at the collocation points by the use
of a differentiationmatrix. In this manner, the optimal control prob-
lem is transformed to an NLP problem for the values of the states
and the controls at the LGL nodes.

Because the problem presentedin the preceding section is formu-
lated over the time interval [1o, 7], and the LGL points lie in the
interval [—1, 1], we use the following transformationto express the
problem for 7 € [, ty] =[—1, 1]:

T =[(t; — )t + (vf + 19)]/2 (13)

The use of the symbol #y (which maps 7) will be apparent shortly.
It follows that by using Eq. (13), Eqs. (1-5) can be replaced by

1
J[x<->,u<~>,rf1=M[x<1>,rf1+ff;”’ / LIx(0), u(t)]dr

1

(14)
i) = L2 > L ORI (15)
Polx(=1), 0] =0 (16)

P lx(1), 7;]=0 (17)
gluml<o0 (18)

Strictly speaking, as a result of the transformation t — ¢ we must
adopt new symbols for the variablesx, u, A, pt, and v and the maps

Ty LE)y MC)fC) %), ()

However, for the purpose of brevity, we abuse the notation here and
elsewhere and retainthese symbols. In this context,Eq. (7) is written
as

Hee, M uw) = [(t; — ) 2INf+[(t; — ) /21L + g (19)
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Let Ly (¢) be the Legendre polynomialof degree N on the interval
[—1, 1]. In the Legendre collocationapproximation'!:'2 of Egs. (14~
18), we use the LGL points, #;, [ =0, ..., N, which are given by

ty =1

and for 1 </ <N — 1, t; are the zeros of LN, the derivative of the
Legendre polynomial L. In the first step of this method, we ap-
proximate the continuous variables by Nth degree polynomials of
the form

N
X0~ XV (0) = ) x(W)i(0) (20)
1=0
N
u() ~ (1) = ) uit)g o) 1)
1=0

where forl =0,1,...,N

1 (2 = 1)Ly (1)
N(N +DLy(t)  t—1

(1) =

are the Lagrange polynomials of order N. It can be shown that

£) = 6 = 1 if l=k
& (f) = by = 0 i 14k

From this property of ¢, it follows that
V() = x(n), u® (1) = u(t) (22)

To carry out the second step of the collocationmethod, we impose
the condition that the given approximations satisfy the differential
equations exactly at the LGL collocation points. To express the
derivative xV (¢) in terms of x" (¢) at the collocation points #,, we
differentiate Eq. (20) and evaluate the result at #; to obtain a matrix
multiplication of the following form'!~13;

N
(1) =) Dyx(n) (23)

1=0

where D,; are entries of the (N 4 1) x (N 4 1) differentiation
matrix D

Ly(t 1

N (%) ) k1
Ly@) t—1

N(N + 1)
R —— k=1=0

D :=[Dy]:= 4
N(N
NN+D k=I=N
4

0 otherwise (24)

To facilitate the NLP formulation, we use the notation
a; = x(1;), b :==u()

to rewrite Egs. (20) and (21) in the form

N
0 =) @ (25)
1=0
N
¥ (1) =Y bigy(1) (26)
1=0

For the derivative of the state vectorx(¢), collocated at the points
t, we rewrite Eq. (23)

N
e =xV() = Z Dya; 27

1=0

Next, the integralin Eq. (14) is discretized: Substituting Egs. (25)
and (26) in Eq. (14) and using the Gauss-Lobatto integration rule,
we obtain

1
TN@,b,ty) = M[x”(n,rf] + X ;m/ LIxN (@), u ()] de
-1

N

N
= M[xN(l), Tf] + L2 > kL ;E[Zal¢l(tk)a

1=0

N
Z b, (tk):| Wy
1=0

N
Tr — T,
= M(aN’ Tf) +-L 5 . ;[’(ak»bk)wk (28)

where the last equality is obtained from ¢, (#;) = ;.. The coefficients
are a = (ag, ai, ...,ay) and b= (by, by, ...,by) and w; are the
weights given by

wi = (2/INWN + DI 1/[Ly 0P, k=0,1,....N

The state equations and the initial and terminal state conditions are
discretized by first substituting Egs. (23-26) in Eq. (15) and collo-
cating at the LGL nodes #;. Using the notation for @ and b, the state
equations are transformed into the following algebraic equations:
[(ty — w0)/2]f(ak, br) — ¢ =0, k=0,...,N

where ¢, is as defined in Eq. (27) and the initial conditions are

Po[¥¥ (=D, %] =0 or (@, 1) =0
The terminal state conditions are
Y "Dt =0 or  wan.T) =0

The control inequality constraints are approximated by

g[u’ 0] <0, k=0,....,N

or
gy <0, k=0,...,N

To summarize, the optimal control problemin Egs. (14-18) is ap-
proximated by the following nonlinear optimization problem: Find
coefficients

a=(agp,a...,ay), b= (bo,b,...,by)

and possibly the final time 7, to minimize

N
TV @b =LY L@ bw + M@y, 7)  (29)
k=0
subjectto
Tr — T N
> f@.b)— Y Dya=0. k=0,....N (30)
1=0
gy <0, k=0,...,N &ID)
Py(@o, 10) =0 (32)
Polay, 5) =0 (33)

From the preceding equations, one can see the simplicity of the
method, which retains much of the structure of the continuous prob-
lem. This has been achieved by collocating the equationsat the LGL
points, and except for the differentiationmatrix D, which relates the
differenta,, the remaining functions are evaluated only at the LGL
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points without any dependenceon the neighboringpoints. Note that
the state differential constraint Eq. (30), which uses the differenti-
ation matrix to approximate the derivative in the state equations, is
very differentfromthe approximationofthe state equationsachieved
by implicit integration rules.

IV. Costate Estimates

In this section, we develop the first-order necessary optimality
conditions for the discretized problem described in the preceding
section. Without loss of generality we consider the discretizationof
the problem in the Mayer form. The Lagrangian of the discretized
problem Egs. (29-33) can be written as

TN = M[x¥ (), 1 ]+ v [xV (= 1), 7] + ol [V (D), 7]

N

+ Z (/\, {( — f[X(t) u(t)]— x(t)} +ﬁfg[u(ti)]>

i=0
(34)

where A; and fi; are the Lagrange multipliers associated with the
equality (i.e., discretized state equations) and inequality (i.e., dis-
cretized control) constraints, respectively.

In terms of the notation introduced in the preceding section, we
have

TN = Moay. t;) + vy (ao, ) +u;'¢f(a,v, )
- (t; — 1)
E AT | = Ve il o
+ - {/\i |: 7 -fi c,i| + [, g,} (35)

where

fi=flx@), u)]= f(a;, b)), g = glu)] = gb)

The KKT first-order necessary conditions are?!

VA o VA o VAN
8ak - 8bk - 8Tf -

for k=0,...,N (36)
fe >0, l]kTgk =0 (37

First consider the interior state variables (@, ...,ay_):

ajN_ 0 N vl (7 — )

=0

Because the functionf is collocated only at the points #;, the term
fi does not depend on the adjacent points #;; hence,

o _, o

39
8ak 8ak ( )

Therefore,

0 |~ [ —w _ - g
a_ak{Z’\[ | par)

i=0

Forthe partialsof the state derivatives,dx; /da; = dc; /da;, amore
complicated expression is obtained because the differentiation ma-
trix D relates the different components of a;:

de 0
LLNE Dya; = Dy I" (40)
8ak 8ak =0

whereI" is the n-dimensionalidentity matrix and n is the dimension
of the state vector. Note that D;; is a scalar multiplied to I". Thus,
part of expression (38) simplifies to

gkl

i=0

= i Dy 1)

i=0

From the following expressions for w; and D;;:

2 1
= s k=0,1,...,N
TNV D P
L t; 1
= N () oy
Ly(t) t; — i
we have
2 1 Ly 1
w; Dy = > :
NN+ 1D [Ly)P Ly@) i —
2 1 1

NN + 1D [Ly)ILy®) 6 — 1,

{ 2 1 } Ly(t) —1
NN+ 1D [Ly@)P ) Ly(t) & — ¢
= —w Dy (42)

From the expression Dy, = —(wy /w;) Dy;, (note that D;; =0 fori #
0, N) and Egs. (39) and (41), the following is obtained for k =
1I,....,N—1:

0 J" (v — ) (ofi X A
A S AL A LS D.| =)= 4
aak 5 (aak> Ak + Wy ; ki " 0 ( 3)

Dividing Eq. (43) by wy and comparingitto thecontinuouscostate
equations collocated at the LGL point, as

. = Tp— T of !
Ah) = ) DuA®) = —(%) (§> (T @)
k

i=0

for k=1,...,N—1 (44)
we have the following result:

A(f) = A /wy, k=1,...,N—1 (45)

In other words, the KKT multipliers divided by the LGL weights
are the same as the costates at the interior nodes.

To find an expressionfor d/day, we proceed as before and take
the partial of every term in Eq. (35) with respect to ay,

o7V M (0%, @mw) () s
aaN_WJr(aaN it =5 \Gay ’\N

N ~
— Y DA =0 (46)

i=0

Using the relationship
Diy = —(wy/wi)Dy;, i#N
and adding 2Dy y :\N to both sides of Eq. (46), we obtain

T N <
(Tf — T()) 8f1v ~ Al‘
[ > (8aN AN + wy Ni w;

i=0

8 T
_2DNNAN_%_( wf) vy (47)

8aN 8aN
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From the definition of wy and Dyy

2 1
N(N +1) Ly(ty)*’

Dyy = [N(N + 1)]/4

Wy = Lyity=1)=1

we have
2DNN = l/wN

Therefore, Eq. (47) can be written as

(Tf—fo) 8fzv
w”[ 2 (8aN> ZDN’ l}

::\_N_ﬂ_(wfyuf (48)

This equation is the combination of the costate equation collocated
at ty and the final time transversality condition for A(ty). If we
choose v, to satisfy the final time transversality condition

% T
ﬂzﬁJr(awf) v, (49)

wy 8aN 8aN

( —T) 3f1v
2 8a1\/

which is exactly the costate differential equation collocated at ¢y .
Therefore, we have

we also get

Z D=0 (0

w;

Alty) = :\N/wzv

The case of initial time condition can be shown in a similar

fashion:
T~ N -
( 7.’0) 8f0 A() A,‘
= v —_ E Dy — = 1
2 (8110) wy + 4 %, 0 5D

i=0 !

< T
A 0
20 _ _(ﬂ> Vo (52)
Wo 8110
For the control optimality conditions, taking the partial of VA
with respect to b; yields

AR ECEIOYEAY ag ) - |
8bi_|: 2 (abi NG ) =0

i=0,...,N (53)

and 27g; =0 and f1; > 0. Dividing Eq. (53) by w;, it is clear that it
yields the discrete analog of Eq. (8) with the discrete Hamiltonian
defined as [see Eq. (19)]

Hx (), Xt w(t)) = [(tr — ©) /2N @) f; + p(t) g (54)
Therefore,
w(ty) = i /w; (55)

To summarize, the continuous Lagrange multipliers for the op-
timal control problem can be obtained at the collocation points by
simply dividing the KKT multipliers by the LGL weights. The op-
timality of the direct solution can now be checked in several ways;
for example, the optimal control obtained from the costates can be
compared with the control solution from the direct method.

V. Numerical Examples

To illustrate the theory presentedin the preceding sections, we se-
lecttwo examples: one from a recent paper by Herman and Conway,
and another from the text by Bryson and Ho.?

Example 1

Consider the problem of determining the optimal trajectory and
the thrust steering vector to transfer a rocket from an initial orbit
to a target orbit in fixed time.” The state variables are the radial
distance r, the true anomaly 6, the radial component of velocity u,
and the tangential component of velocity v. The control variable is
the thrust steering angle measured from the local horizontal €. The
optimal control problem is formulated as finding €(7) to maximize
the final energy. Therefore, the cost function is defined as

T = M@p) = —{2[u)? +v@p)?] - [/rapl} (56)

subject to the canonical equations of motion

dr
— = 57
o= (57)
de v
—_— = 58
dr r 58
du v? 1 .
— = — — — 4+ A(7) sine (59)
dt  r 12
d
oy A(t)cose (60)
dr r

where A(7) =0.01. The initial conditions for this problem are

r(0) =1.1, 0(0)=0 (61)

u(0) =0, v(0) = 1/V1.1 (62)
The final time is fixed at 7, = 50, and the final states are free.
Inthe first set of simulations,the Legendre pseudospectralmethod

as summarized in Eqs. (29-33) was utilized to formulate the NLP

for minimizing the cost function (56) subject to the approximations

of the state equations (57-60) and the initial conditions (61-62).
The NLP problem for the state and control variables was sol-

ved for 64 LGL ®pomt§ All of the computations were performed

using MATLAB® 5.2 and NPSOL as the NLP solver?* We did not
choose constrm or fmincon.m, the constrained minimization pro-
gramsinthe MATLAB Optimization Toolbox, because these solvers
converged to inaccurate solutions and did not provide the correct
multipliers. For the initial guess, a solution from the numerical in-
tegration of the state equations with a constant steering of 0.001 rad
was used. The optimal trajectory is shown in Fig. 1, and the opti-
mal velocity components # and v are shown in Fig. 2. Our optimal

cost function of —0.09512 is in perfect agreement with —0.09512

reportedin Ref. 7. We should note that for 64 LGL points the size of

the NLP variable for our problemis 5 x 64 = 320. In Ref. 7, where

Y (LU)

1
X (LU)

Fig.1 Optimizing trajectory.
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Fig.2 Optimal states u and v vs time.

the same problem is solved for 30 subintervals using a fifth-degree
Gauss-Lobatto collocation method, the size of the NLP variable is
365. Therefore, we obtain comparably accurate results to the ones
in Ref. 7 with fewer number of collocation points.

The optimality of our solution may now be checked in several
ways. The terminal transversality conditions are given by

a(t) ==1[lr)P (63)
Xo(T;) =0 (64)
M(Tp) = —u(zy) (65)
h(Ty) = —v(t)) (66)
H(zp) = —vy (67)

where v is the multiplier associated with the final time constraint,
7, — 50=0. Thus, the costates at 7, should be

A(r;) = [-0.0537, 0, —0.1566, —0.4986]" (68)

The costates estimates obtained by using the values of the KKT mul-
tipliers from NPSOL, the NLP solverin our problem, are computed
at final time 7, = 50 to be

A(t;) = [-0.0536,2.776 x 107, —0.1565, —0.4984]"  (69)

Clearly, this is in excellent agreement with Eq. (68).

The costates’ history is shown in Fig. 3. The results from the
costate estimates are contrasted against the results from a boundary
value problem (BVP) solver, and the agreement between the two
sets of data is excellent. Additional checks on the solution may be
proposed as follows. The optimal control must satisfy

tane = A, cos(e) — A, sin(e) =0 (70)

In Fig. 4, the control from the direct method is compared with the
one obtained from the costate estimates and Eq. (70). It is obvious
that the results are in excellent agreement. The Hamiltonian for this
autonomous problem should be a constant, and our computations
of the Hamiltonian shown in Fig. 5 independently demonstrate the
validity of our results.

Example 2
In this example, the dynamics are nearly the same as that of
Example 1, with one exception

A(t) =T/(my — |m|7) 7D

where m is the initial mass and 1 is the constant fuel consumption
rate. The optimal control problem, as discussedin Refs. 22 and 24, is

T T T T T T T T T

solid fine —— BVP solver

02 1
*** — costate estimates
lambda-u
0O
3
3
2-02 q
@
E lambda-r
7]
Q
[5]

-04 T
E
lambda-v ¥
-0.6| B
08 ) 1 1 1 L 1 L 1 1
0 5 10 15 20 25 30 35 40 45 50
Time (TU)
Fig.3 Costates A\, A\,, and A, vs time.
0.35 T T T T T T T T T
**** . optimal angle from direct method L
03r
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Fig.4 Time history of the optimal thrust steering angle.
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Fig. 5 Time history of the Hamiltonian.

to find the control €(7) that maximizes the final radius at 7, = 3.32.
Thus,

J =—r(ty)

and the state dynamicsare the same as that of the precedingexample.
The boundary conditions are

r(0) = 1.0, 0(0)=0 (72)
u(0) =0, v(0) = 1.0 (73)
u(ty) =0, v(ty) —+/1/r(zs) =0 (74)
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Fig.6 Optimal states r, u, and v vs time.
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Fig.7 Costates A\,, \,, and \,.

The normalizedconstantsin this problemaremg = 1.0, T = 0.1405,
7, =3.32, and |m| =0.0749.

For the simulations, the number of LGL points was 64 as in Ex-
ample 1. For the initial guess, a solution obtained from numerically
integrating the differential equations with a constant value for the
control e (t) =0.001 rad was used.

Figure 6 shows a plot of the converged optimal states. These plots
are not provided in Ref. 22, but the performance index we obtained
was r(ty) =1.525, which is in good agreement with Ref. 24. The
results for the costates are shown in Fig. 7. As in the preceding
example, the costates estimates are shown against the results from
an indirectmethod (a BVP solver), and the accuracy of the estimates
is confirmed from their excellent match with the indirect results. In
Ref. 22, the optimal control history €(7) is displayed as a direction
field, but Moyer and Pinkham in Ref. 24 provide a profile for (7).
Our results from the direct method, shown in Fig. 8, agree well with
their results. In Fig. 8, we also shows the controls obtained from
Eq. (70) from the BVP solver. Note that the sharp variation in €
around T = 1.5 is captured by the method quite adequately.

Finally, note that, in general, there is often a difference between
amethod and its implementation.! For example, the LGL points are
theoretically the roots of the derivatives of the Legendre polynomi-
als. Computationally, we determine these points not by differenti-
ating the polynomials and solving for the roots, but by the use of
advanced numerical linear algebra techniques that yield faster and
more accurate results In similar vein, the costate estimates ob-
tained simply by using Eq. (45) tend to be noisy with a characteristic
spectrum that needs to be filtered. The details of such implementa-
tion techniques are beyond the scope of the present paper, but they
are discussed elsewhere.!’

3 T T T T T T

** From direct method

* —— From the BVP salver

Optimal Thrust Direction (rad)

0 05 1 15 2 25 3 35
Time (TU)
Fig. 8 Graphs of € from the direct method vs € from the optimality
condition.

VI. Conclusions

A Legendre spectral collocation method has been presented for
costate estimates based on the results from the direct optimization.
It is proved that the costates at the LGL points are equal to the
Lagrange multipliers of the approximate NLP problem divided by
the LGL weights. As demonstrated by the numerical examples, the
costates estimated by our method are in excellent agreement with
those obtained by an indirect method. Thus, the optimality of the
direct solution may be readily checked in several different ways.
The method is easy to implement as it preserves the structure of the
original optimal control problem.
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