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Transformation to a fixed domain in
LP modelling for a class of optimal
shape design problems

H.H. Mehne* and M.H. Farahi

Abstract

A class of optimal shape design problems is studied in this paper. The
boundary shape of a domain is determined such that the solution of the
underlying partial differential equation matches, as well as possible, a given
desired state. In the original optimal shape design problem, the variable
domain is parameterized by a class of functions in such a way that the optimal
design problem is changed to an optimal control problem on a fixed domain.
Then, the resulting distributed control problem is embedded in a measure
theoretical form, in fact, an infinite-dimensional linear programming problem.
The optimal measure representing the optimal shape is approximated by a
solution of a finite-dimensional linear programming problem. The method is
evaluated via a numerical example.

Keywords: Approximation; Optimal shape design; Linear programming;
Measure theory.

1 Introduction

An optimal shape design (OSD) problem is concerned with the optimization
of a performance index depending on the shape of some region. Many-faceted
problems naturally arise in engineering applications with the goal of designing
a specific structure in an optimal sense. Typical applications are design of a
nozzle [12], airfoil boundary [4,10], and spacecraft shape [6] with respect to
specific optimality conditions.

*Corresponding author

Received 16 February 2016; revised 3 July 2016; accepted 11 November 2017
H.H. Mehne

Acrospace Research Institute, Tehran, 14665-834, Iran. e-mail: hmehne@ari.ac.ir

M.H. Farahi
Department of Applied Mathematics, Faculty of Mathematical Sciences, Ferdowsi Univer-
sity of Mashhad, Mashhad, Iran. e-mail: farahi@math.um.ac.ir



2 H.H. Mehne and M.H. Farahi

There are several methods for a numerical solution of an OSD problem,
for example, gradient based methods [2], the Newton method [9,15], sequen-
tial quadratic method [19], and fictitious domain method [8]. In the above
mentioned methods, computation of solution is a time-consuming task, be-
cause they need to solve many boundary value problems. Moreover, these
methods are iterative and they need to have an initial guess for solution.

The main focus of this article is to find an appropriate formulation of
the optimal shape design problem that is attractive for consistent numerical
computation. The advantages of the proposed method lie in the fact that the
method is not iterative, that it is self-starting, and that it does not need to
solve the corresponding boundary value problem. Moreover, in the model-
ing of the OSD problem, differentiability of the cost function being a limiting
condition in the above mentioned methods, is reduced to a measurability con-
dition. In the methods of [9], the control and state functions are discretized
and the linearity of variational forms is an inherent condition, while it is not
a restrictive condition in the proposed method, where a general variational
form is studied.

In the present work, the variable domain is first parameterized by a class of
functions in such a way that the OSD problem changes to an optimal control
problem accompanied with partial differential equations on a fixed domain.
The converted problem can be solved by extending the measure theoretical
method proposed by Rubio [16]. The methods of this type were frequently
and successfully applied to different OSD problems. In [3] the problem of
finding the upper wall of a nozzle was discussed where the goal is to match
the velocity of flow to a constant prescribed value in a given subregion near
exit. It also includes details about the measure theoretical approach to solve
OSD problems. The same problem for pressure of the flow was given in [12]
with more numerical simulations to study the sensitivity analysis and stability
of the method. In [4] the problem of finding the optimum shape for a low
speed airfoil has been solved by the method. A problem concerning with the
control of thermoelastic deformation was also presented in [13], where the
extension of the method of [3] has been used to solve it.

The main difference of the present work with the above mentioned re-
searches is that the optimization occurs in a completely unknown two-
dimensional area and that there is no restriction to any special form of the
problem. Such a generalization of the domain is also presented in [7], which
is based on the domain discretization, while in the present paper, the trans-
formation of domain is used.

2 The optimal shape design problem

The set of admissible shapes in the definition of an OSD problem is the set of
all possible shapes in which we seek for the best. In our problem definition, let
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consider a class of OSD problems where the admissible shapes are described
by two-dimensional domains with a free boundary:

Q={3=(31,3)" €R? | 32 €1, 71 € (0,u(i2))},

where I = (0,1). The set of admissible shapes is usually parameterized or
discretized in order to reduce the search process from the class of admissi-
ble shapes to a set of admissible functions. So, we parameterize the above
domains by a function u € U4, where

du , _

ua,d = {U S Cl(I) | U(O) = u(l) = 1, u(iz) S [[31,[32], d_i‘g(m2) S [al,ag]},

where 81 > 0, 82, a1, and as are given.

By measuring the desirability of admissible shapes, let J be a cost function
depending on a function y and its gradient as follows:

J= /Q 73, V§)dz. (1)

where f is a nonlinear real-valued measurable function and ¢ is defined by
the solution of a second order elliptic boundary value problem on Q. The
boundaries of the feasible domains are divided into the moving boundary
part

M = {(#1,22)T € R? | & = u(Zy) for all &y € I},

and the fixed boundary part T'F with Q0 = T™ UTF and TM NTF = 0.

Now, the OSD problem is defined by

in J
Jnin (u),
with the equality constraint
/ a(y,n)dz = / I(7)dT for all 7 € V,
Q o9

which is a variational form of the underlying PDE, V c H'(Q) is the space
of corresponding test functions, and H'(Q) is a Sobolev space of square
integrable functions with square integrable first derivatives on Q. Functions
@ and [ are assumed to be nonlinear in general. We use the notations of [9]
in our article.
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Figure 1: Transformation of the domain.

3 Transformation to a fixed domain

To cope with the variation of the domain, we transform the optimal shape
design problem into an optimal control problem on a fixed domain. This
routine approach has been used in literature before, for example [9,13].

As sketched in Figure 1, the transformation defined by

T-1.Q = Q ) .
(Z1,%2)t > (21,22)t = <%m2) (2)

maps the moving domain € to the fixed reference area Q2 = I x I.
So, we consider the problem over a fixed domain

Join J(u,y),
with the equality constraint
du
/ a(yﬂh U, —)d.%’ = qu for all n e V, (3)
Q dzo

where [, is a function depending only on the test function 7. Here, a includes
all terms depending on y, 1, u, and f—;;.

By this transformation, the unknown geometrical factors are transformed
from boundary to equations, that is, the equations must be solved on a fixed
known domain while they contain unknown parameters. It will be shown in
the next sections that this type of problems may be solved by the described
method.

The transformation will also changes the integrand of functional (1) as a

function f dependent on y, Vy, u and (fw—';:
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du

J = /Q f(uv Y, Vyv d_.l'g)dx (4)

Now, we choose the derivative of u(z2) as a control variable w in order to
obtain the following control system:

du
dzo
u(0) = u(l) =1. (6)

= w, ae. X2 €1, (5)

The differential form of this control system should be changed as a variational
form counsistent to (3). To do this, let define an admissible pair for (5)—(6).

Definition 1. The pair p = (w,u) is said admissible if the control function
w : I — [o1, ] is measurable and u € Uyq is the response of the system
(5)—(6) to w.

As unknown factors in (3)-(4) are depending to u, then for a given admis-
sible pair p = (w, u), there exists a solution for (3) with a cost measured by
(4). So, the problem will be finding optimal admissible pair in the set of all
admissible pairs which is assumed nonempty and is denoted by P. However
to find the best admissible pair we have to determine characteristic properties
of an admissible pair.

Let T = Q X [81,82] x [a1,02] x A, where A C R? is the set that
(y(x1,m2), Vy(x1,22)) gets its values in it. Moreover, assume that B is an
open ball in R? containing [31, 32] x I, and let C*(B) be the space of all
real-valued continuous differentiable functions with continuous first partial
derivatives on B. For p € C*(B) and p = (w,u) € P, define p* € C(T) as
follows:

(w1, w2, u(x2), w(x2), ¥, Vy) = p1(u(w2), 2)w(w2) + 2 (u(z2), 32). (7)
In (7), ¢1, p2 denote the first partial derivatives of ¢ with respect to its
variables. Admissibility of p = (w, u) implies:

1
/ @w(xl,asg,u(xg),w(azg),y,Vy)dwz
0

- /0 {1 (u(2), 22)w(2) + o), 2)
= (1), 1) — p(u(0),0) = A,

for all ¢ € C*(B), where p(u(1),1) and p(u(0),0) are known. Integrating
the above equation with respect to z3 on I, the integral form of (5)—(6) can
be written as

/ Y (z1, 2, u(z2), w(x2), y, Vy)dz = A, for all p € C*(B). (8)
Q
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Therefore, the optimal control formulation of the OSD problem may be in-
terpreted as the minimization of (4) over variational constraints (3) and (8).

4 Measure theoretical approach

By Definition 1, each shape corresponds to exactly one admissible pair p =
(w,u) € P. This is an injection between U,y and P. So, the minimization
of (1) over the class of shapes is equivalent to the minimization of (4) over
P. Now, we transfer the problem of minimization of (4) over P into another
nonclassical problem. Let us define the following mapping:

Ay, F— / F(z1, 22, u(z2), w(x2),y, Vy)dz, F e (),
Q

where C(T) is the space of all continuous real-valued functions defined on
Y. As an injection, the transformation p — A, provides us to describe
the set of all admissible pairs P as a subset of the set of all linear continuous
mappings on C(T). Moreover, by the Riesz representation theorem (see [18]),
corresponding to A,, there is a positive Borel measure y on T such that

Ap(F) = p(F), for all F € C(T).

Now, the problem of minimization of the functional (4) over P is enlarged
to the minimization of

T p—p(f) 9)

over the set of all measures p satisfying

w(Fy) =1, forallnp eV, (10)

w(Gy) = Ay, for all p € C'(B), (11)
where Fy, (21, 2, u(z2), w(z2),y, Vy) = aly, n,u, j—;g) and G, = ¢". In other
words, (10) and (11) are a measure theoretical interpretation of (3) and (8)
respectively.

We denote the set of all positive Borel measures on T satisfying (10)—(11)
as Q. We also assume that M™(T) is the set of all positive Borel measures
on Y. If we consider the space M (T) with weak*-topology, it can be seen
from [16], that @ is compact. In the sense of this topology, the functional
Z : Q — R defined by (9) is a linear continuous functional on the compact
set @, thus it attains its minimum on @ (see [16, Theorem III.1]), and then
the measure-theoretical problem, which consists of finding the minimum of
the functional (9) over a subset of M™(T), possesses a minimizing solution,

say p*, in Q.
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The minimization problem of (9)—(11) is an infinite-dimensional LP prob-
lem, and we are mainly interested in approximating it. It is possible to
approximate the solution of the problem (9)—(11) by the solution of a finite-
dimensional linear program of sufficiently large dimension.

We first consider the minimization of (9) not only over the set @ but over
a subset of it defined by requiring that only a finite number of constraints
(10)—(11) are satisfied.

Consider equalities (10)—(11), let the sets of functions {n;, i =1,2,3,...}
and {¢;, j = 1,2,3,...} have dense linear combinations in V" and C'(B),
respectively. Now we can prove the following.

Proposition 1. Let Q(My, Ms) be a subset of MT(T) consisting of all mea-
sures satisfying

:U’(Eh) :l'r]ia i:1,2,...,]\41,
w(Gy,) =Dy, G=1,2....,M,.

If 0(My, Ma) = infg(ar, ar,) u(f) and 0 = infq u(f), then 0(My, M2) — 0 as
Ml,Mg — 00.

Proof. See the proof of [3, Proposition 2]. O

The first stage of approximation is completed successfully. As the second
stage, it is possible to develop a finite-dimensional linear program whose
solution can be used to construct the solution of the infinite-dimensional
linear program of minimizing (9) subject to (10)—(11). From [16, Theorem
A.5], we can characterize a measure, say p*, in the set Q(My, M) at which
the function g — p(f) attains its minimum.

Proposition 2. The measure p* in the set Q(M, Ms) in which the function
w— p(f) attains its minimum has the form

M1 +Ma

w= S gz (12)

k=1
with 2z, € T and o, >0,k =1,2,..., My + Ms.
Here 0(2) is the atomic measure concentrated at z, characterized by

=) 1153

for all S C Y; see [17]. This also implies that 6(z)(H) = H(z), where
H € C(Y) and z € Y. Now, the measure theoretical optimization prob-
lem is equivalent to a nonlinear optimization problem, in which unknowns
are coefficients o} and supports zj,fork = 1,2,..., My + M,. It would be
convenient if we could minimize the function u — u(f) only with respect
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to the coefficients of,fork = 1,2,..., M; + M>, in (12), which would be a
linear programming problem. However, we do not know the support of the
optimal measure. The answer lies in the approximation of this support by
introducing a dense set in T.

Proposition 3. Let E be a countable dense subset of Y. Given € > 0, a
measure A € M™T(Y) can be found such that

(" =N <e
|(iu’*_>\)<FT7z)|§E i:1727°"7M17
|(1U‘* - A)(Gt%” < €, .]: s 4y 7M27
and the measure \ has the form
Mi+M>
A= Z 010(2k),
k=1

where the coefficients o}, are the same as in the optimal measure (12) and
zp € F.

Proof. See the proof of [16, Proposition I11.3 |]. O

Thus, the infinite-dimensional linear programming (9) with restrictions
defined by (10)—(11) can be approximated by another LP problem in which
zk, for kK = 1,2,..., N, belongs to the known dense subset of T. To
construct such a subset, we grid entire of T into N >> M; + M> nodes
2, = (of, 25 uF wk y*, VyF). This gird may be generated by dividing €,
[B1, B2], [a1, 2], and A separately and rearranging nodes from 1 to N. For

example, one could divide [0, 1] for z; to n; points: x11, %12, .., %1y, which
repeat in arrangement of z;’s.
Now, we have the following LP problem with o1, 02, . .., on as nonnegative

decision variables:
N
Minimize Z orf(zk)
k=1

subject to

WE

Qk’Fm(Zk):lm i:1727"'7M17
1

M= 7

Qk’GAP](Zk') :AAP]W 7 = 1727"'»M2a

ol
Il
-

The solution of this LP problem determines nodes that make the optimal
measure and finally the optimal shape. As the solution may be trivial (zero),
it is necessary to prevent from trivial situation. To do this, we benefit from
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Q

lec &
A Xz B X X5 Xy Xy X

Figure 2: A typical grid on Q.

theoretical properties of measure. Let consider a simple example in which
Q is covered with 48 nodes as given in Figure 2. If H is the characteristic
function on the gray area in the picture, then the measure of H will be the
area of band. On the other hand, this measure is equal to > gi, where the
summation is on the set of all points with 2% equaling to 1. So, we have a
new constraint preventing the measure to be zero on this area:

E Ok = T12 — 211

{k:a¥=w11}

This constraint forces the solution to be nonzero and preserving the properties
of measure in the mentioned vertical band. We have to add similar constraints
for all vertical and horizontal bands of this picture.

4.1 Extraction of optimal control

After solving the LP problem, we will find the optimal values for decision
variables. The form of measure given in (12) is a combination of coefficients
or and support points zi. This tel us that, if a coefficient is zero, then the
corresponding support does not have a role in the optimal measure. There-
fore, nonzero variables will make the optimal measure in a fashion which we
discuss here. In fact, we use the effect of this optimal measure to find the
approximate solution for the control function. First, define 79 = 0 and

m = Z Ok

ke A
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1 k
w; = w,
| Ay 2

keA;

where
Ay ={k:ox >0, 2% =y}, 1=1,2,...,n1.

Now the approximation for optimal control function w(.) is a piecewise con-
stant function that equals w; on each interval [y;,_1,7]. The trajectory is
then simply found by solving the differential equation (5) with the initial
condition u(0) = 1. The resulting solution is a piecewise linear function.

We may also use numerical methods such as interpolation or fitting meth-
ods to make a smooth shape. Choosing the convenient method depends on
design purposes. A numerical treatment is also given in [12] which may be
useful in this connection; see also [1] for numerical smoothing and approxi-
mation methods.

5 Numerical example

In this section, a problem with applications in aerodynamic shape optimiza-
tion is studied to validate the presented method from the computational
standpoint.

The velocity ©(Z) at a point # € € in a nonviscous incompressible poten-
tial flow (such as for air or water at moderate speed) may be approximated
by ~

() = Vy(z), T e,

where § satisfies the second order partial differential equation on
Ay =0. (13)

This type of potential flow occurs mainly in design of low speed airfoils, wings,
and blades. The variational form of the above PDE is as follows (see [14]):

/ Vi§Vidi = / iVg.adr, foralljeV, (14)
Q o0

where 7 is the outward normal vector to I' = 9€).

We also assume the following Dirichlet condition on the fixed boundary
part

So, the above variational form is changed to

1
/ ViVidi = / i1y, forall 7€V,
Q 0
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where V = {n € HY(Q) : n|zr = 0}.
Now, the specific transformation (2) can be used on the variable domain.
This leads to the following transformed bilinear form

1 23w?
(a + " YY1 — T1wYe — T1wyin2 + uyenz | d
Q

1
= / 77(17 962)?;1(1, $2)\/].'|'—U)2d.’[32.
0

The above integral is now defined on the fixed domain 2, where coefficient
functions depend on the parameter function u € U,q and its derivative w.

It is easy to check that § = sinh(7Z;) sin(7Z2) is a solution of the bound-
ary value problem (13), (15), or equivalently (14)—(15).

To make a comparison between exact and numerical solution, we follow
an inverse scheme to construct an OSD problem with known exact solution.
To do this, we choose a cost function as

[, 193 Vol
r

which leads to a velocity matching problem. In other words, we want to
find the moving boundary T'™ in such a way that the velocity of the flow
matches, as well as possible, a given velocity V4. For applications of this type
of matching OSD, we may address, for example, the pressure distribution
matching in airfoil section design (see [5]).

The above cost function finds the following format after transformation:

1
/ IVy — Vol V1 + w2dxs
0

or

/ IVy — Vol vV 1+ w?de. (16)
Q

In this example, for test functions of type 7, polynomials of z; and zo with
compact support on € of the following forms are chosen:

27 (1 —x2)®, x(l —x1)°, r,s=1,2,....

For test functions of type ¢, we use polynomials of u, functions depending
only on @3, and functions in C1(B) with compact support on I; see [3, Sec.5]
for more details about test functions.

To illustrate the scheme, two specific moving boundaries are implemented:

a: If the moving part of the boundary '™ is 7, =1, then the the above
solution gives a velocity vector as

Vy = (w cosh(n) sin(wZz), 7 sinh(n) cos(nZ2))
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Figure 3: Resulting control function, part a.

on TM. Now, if we let Vj = (m cosh(n) sin(miz), 7 sinh () cos(miz)), then
the OSD problem of minimizing (16) subject to (14)—(15) has the unique
solution 7 = 1 or equivalently v = 1. The solution of the corresponding
linear programming problem is used to construct the control function w as
shown in Figure 3. The corresponding optimal trajectory, u, is compared
with the exact solution in Figure 4. It is clear that the numerical solution
approximates the exact solution with a small error.

In this case, we choose N = 30625, 51 = 0.4, B2 = 1.3, a1 = —0.8,
as = 0.9, M; =1, and Mz = 12. The LP problem has been solved by two
phase revised simplex method, and the corresponding optimal objective was
found as 0.01194.

b: If the moving part of the boundary T'™ | is &) = 14 sin(7a), then the
above solution gives a velocity distribution on T'™ as

Vy = (wcosh(n(1 + sin(naz))) sin(w&z), 7 sinh(7(1 + sin(7z2))) cos(nZz)).
Now if we set
Vo = (7 cosh(n(1 + sin(ni2))) sin(nZz), 7 sinh (7 (1 + sin(wZsz))) cos(nEe)),

then the OSD problem of minimizing (16) over (14)—(15) has the unique solu-
tion u = 14 sin(7Z2). The solution of the corresponding linear programming
problem is used to construct the control function w as shown in Figure 5. To
enable a comparison, Figure 6 shows the resulting numerical shape and the
exact solution of the problem that indicates the accuracy of results.

In this part of the example, we chose N = 21875, 31 = 0.62, 82 = 1,
ap = —1.96, as = 1.96, My =1, and My = 12. The optimal objective of the
corresponding LP problem was found as 2.1275 x 10~%. Figure 7 shows the
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| |
—-8- Numerical Solution
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11F
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Figure 4: Numerical and exact solution for part a.

decreasing behavior of the objective function and the rate of convergence in

the second phase of LP solving.

3
2 .
1r i
2 o |
H
_1 - a
_2 - —
_3 | | | | | | | | |
0 01 0.2 0.3 04 0.5 0.6 0.7 0.8 0.9
X

2

Figure 5: Resulting control function, part b.

6 Conclusions

The method of embedding admissible shapes into a subset of measures is
extended to an LP formulation for a class of optimal shape design prob-
lems resulting in a numerical solution scheme. Recent works on this subject
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Figure 6: Numerical and exact solution for, part b.

45

351 B

Objective

. . .
5 6 7 8 9
Iterations

Figure 7: Objective function in iterations of the simplex method.

deal with optimization on a specified known part of the shape, while in the
present paper, the optimization takes place on entirely unknown domain. The
method is self starting by means that it does not need any initial guess of the
solution to be started. It is also independent from type of partial differential
equations and has been presented for a relatively general variational form of
equations. Numerical examples were used to interpret the implementation of
the method and to check its validity.
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Approximation of the Huxley equation
with nonstandard finite-difference
scheme

M. Namjoo* and S. Zibaei

Abstract

In this paper, an explicit exact finite-difference scheme for the Huxley
equation is presented based on the nonstandard finite-difference (NSFD)
scheme. Afterwards, an NSFD scheme is proposed for the numerical solu-
tion of the Huxley equation. The positivity and boundedness of the scheme
is discussed. It is shown through analysis that the proposed scheme is consis-
tent, stable, and convergence. The numerical results obtained by the NSFD
scheme is compared with the exact solution and some available methods, to
verify the accuracy and efficiency of the NSFD scheme.

Keywords: The Huxley equation; Nonstandard finite-difference scheme;
Positivity and boundedness; Consistency; Stability; Convergence.

1 Introduction

Nonlinear partial differential equations (PDEs) play an important role in
the various fields of physical science and engineering such as plasma physics,
fluid mechanics, optimal fibbers, solid state physics, chemical kinetics, and
geochemistry. Recently, it also began to become important in various other
fields of science, for example, biology and economics [14,18]. Behaviors of
many physical systems encountered in models of reaction mechanisms, con-
vection effects, and diffusion transports give rise to the Burgers—Huxley (BH)
equation. Consider the BH equation
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Ut + QU — Ugy = Pu(l —u)(u— ), (1)

where a, > 0 and v € (0,1). When S = 0, equation (1) reduces to the
Burgers equation. If a = 0, then Equation (1) recovers the Huxley equation

Ut — Uz :Bu(l _u)(u_’}/)v (2)

which describes nerve pulse propagation in nerve fibers and wall motion in
liquid crystals. An analytical solution to this equation subject to the following
initial and boundary conditions:

_ Y
u(x70)_1+e,2A117 OSxSL
Y
u(O,t):m, t>0,
_ Y
’U,(]_,t) - 1 4 6_2A1(1_A2t)7 t Z 07
derived by Wang in [17], is given by
v, B
u(xz,t) = 5 + 5 tanh[A; (z — Aat)] = g ne=veE (3)
where
V38 4 -2
Ay = 786% Ap = 5 T4,

In the past few years, various powerful mathematical methods such as the
Adomian decomposition method (ADM) [7,8,10], the variational iteration
method (VIM) [1,2], the differential transform method (DTM) [3] and the
Haar wavelet method [6] have been used in attempting to solve (2). Among
various techniques for solving PDEs, the NSFD schemes have been proved to
be one of the most efficient approaches in recent years [13]. These schemes
are developed for compensating the weaknesses, such as numerical instabil-
ities that may be caused by standard finite- difference schemes. One of the
most important advantages of this scheme is that choosing a complicate de-
nominator function instead of the stepsize h, better results can be obtained.
If the stepsize h is chosen small enough, the obtained results do not change
significantly but if the stepsize h gets larger, then this advantage comes into
focus [13,19-24].

This paper is organized as follows: In Section 2, we provide a brief
overview of the important features of the procedures for constructing NSFD
schemes for PDEs. In Section 3, we begin with proposing the exact finite-
difference scheme for the Huxley equation. In Section 4, we give an NSFD
scheme for numerical solution of the Huxley equation and also positivity and
boundedness are studied for the proposed NSFD scheme. Moreover, a brief
study of consistency is presented here, along with a Von Neumann analysis
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of stability and convergence. Finally, in the last section, numerical results
are given to show the efficiency of the proposed NSFD scheme.

2 Nonstandard finite-difference schemes

The initial foundation of NSED schemes came from the exact finite-difference
schemes. NSFD schemes were firstly proposed by Mickens [12,13] for ordinary
differential equations (ODEs) and, successively, their use has been investi-
gated in several fields. Regarding the positivity and boundedness of solutions,
NSFED schemes have a better performance over the standard finite-difference
schemes, due to its flexibility to construct an NSFD scheme that can preserve
certain properties and structures, which are obeyed by the original equations.
The advantages of NSFD schemes have been shown in many numerical appli-
cations. Gonzalez-Parra et al. [5] and Zibaei and Namjoo [20-23] developed
NSFD schemes to solve population and biological models.

This class of schemes and their formulations center on two issues. First,
how should discrete representations be determined for derivatives, and sec-
ond, what are the proper forms to be used for nonlinear terms. The forward
Euler method is one of the simplest discretization schemes. In this method

the derivative term % is replaced by M, where h is the stepsize.
(t+h)—y(t)
o(h)

dt

However, in the Mickens schemes this term is replaced by ¥ , where

¢(h) is an increasing continuous function of h, and the function ¢(h) satisfies
the following conditions:

o(h) = h+ O(h?), 0<o¢(h)<1l, h—0.
Examples of functions ¢(h) that satisfy these conditions are [12,19-24]:

1— e—Ah

h inh
, sin h, 3

Note that in taking the lim A — 0 to obtain the derivative, the use of any of
these ¢(h) will lead to the usual result for the first derivative

dy _ oyt én() —y@) oyt h) —y(t)

dt  hso p2(h) = 50 h ’

where ¢1(h) and ¢o(h) are continuous functions of the stepsize h. A scheme
is called nonstandard if at least one of the following conditions is satisfied:

1. A nonlocal approximation is used.

2. The denominator function for the discrete derivative, in general, ex-
pressed in terms of more complicated functions of the stepsize h than
those conventionally used.
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Nonlinear terms approximated in a nonlocal way, for example, if there are
nonlinear terms in the differential equation [12,19-24], these are replaced by

Y2 (t) = yn(t)ynia (t), Y2(t) = Yn—1()yn(t).

In the two-dimensional case, nonlinear terms such as y(t)z(t) are either re-
placed by

y(t)x(t) — yn(t)anrl(t)v y(t)l’(t) - ynJrl(t)wn(t)'

One can say that there is no appropriate general method to choose the func-
tion ¢(h) or to choose which nonlinear terms are to be replaced, some special
techniques may be found in [15,19-24].

3 An explicit exact finite-difference scheme

In this section, we obtain an exact finite-difference scheme for the Huxley
equation. If we choose h = AyAt, then we easily obtain u(x — h,t) = u(z,t+
At), and the following equations

1 1
- (1 —2A; (z+h—Ast)
u(z + h,t) 'y( te )
1 1
— 2(] 4 e—2A1(z—h—Ast)
u(z — h,t) 'y( Te ) (4)
1 1
I 4 e2Ai(m—Ar(t—At)y
u(z,t — At) ’y( e )
According to (4), we can write
1 1 1 1
_ — . 1 _ 72A1h
uw(z,t)  u(z+ h,t) (u(x,t) 7)( ¢ )
1 1 1 1
_ — . 1 _ 2A1h
u(z,t)  w(x—h,t) (u(:mt) v)( c )
1 1 1 1
_ — _ 2)(] — e—2A1A2Aty
u(z,t)  u(z,t — At) (u(:mt) 7)( ¢ )
If we set the stepsize functions as
1— e—2A1h €2A1h -1 1— 6—2A1A2At
ql)l - T? wQ - T? (bl - W?

we will get the following forward and backward difference quotients with the
special stepsize functions



Approximation of the Huxley equation with nonstandard ... 21

~ulz+h,t) —u(z,t) wlx ~u(z,t)
Oyu = 0 =24, ( + h, t)(]. 5 ),
5 ulz,t) —u(r—ht) e — _u(z,t)
By = W) = f’t =2 94, Agu(a,t— At)(u(:’ Dy,

Consequently, it follows that

= B Opu(x 4 h,t) — Opu(z,t)

001 ”
1
_ %u(%t)u(m - h,t)w— u(z + h,t) oA, u(z,t) —u(x — h,t)
~y
u(z,t) — u(x — h, tl) 24, u(z — h,t) — ’le(.%‘ + h,t) (6)
=—A4A + —u(x,t)
(G . 'y (G
TEY RS LG LGRS
(G

Sigce % = é, according to (5), (6), and u(z — h,t) = u(z,t + At), we can
write
= u(z,t + At) —u(z,t) 24 u(x — h,t) — u(x,t)
0p0,u = + —u(x,t

b1 ¥ (@ 1)( (G

+u(a:,t) - u(x—l—h,t)) + 24, +A2)u(a:,t) —u(x — h,t)
(G U1 )
_ u(z,t + At) — u(x,t) N 2—Alu(x,t)(— 2 Ay, £)(1 — u(x — h,t))
¢1 Y v
—2Au(x + h,t)(1 — M)) + (241 + A2)2A1u(x, t)(1 — u(x;h,t))
We notice that
2A
2A171:%» 24:1(2A1 + Az) = B,
hence according to (7), we have
8,0, = u(z,t + At) — u(z,t) . ,B(u(x,t))zu(x + h,t) +u(x — h,t)
¢ 2
u(z,t) +u(x + h,t)
—ﬂVU(% t) 2 + B’Y’U’(mv t) - ﬁu(mv t)u(:v - ha t)

Now, using approximation u,, ~ 0,0,u and also assuming
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_ Y
- 1 + e*2A1(£Ej*A2tn) ’

Up = w(zj,tn)

we construct the following explicit exact finite-difference scheme:

7 n+1 n
Ui — 207 + U, _ Uit -y + B(Un)2UJn+1 U
VY1¢2 ¢ J 2
' I (8)
O
—ByUr—L—TE — BUBUT | + ByU?.

2

The following theorem is the main result of the previous discussion.

Theorem 1. An explicit exact finite-difference scheme for the Huzley equa-
tion (2) is given by (8). The stepsize satisfies h = A3At, and the stepsize
functions satisfy

1— 672A1h 62A1h _ 1 1 _ 672A1A2At

¢1=T, %ZT, o1 = A, A,

4 Analysis of NSFD scheme

In this section, we present a NSFD scheme for the Huxley equation. In the
classical sense, a special difference scheme of the Huxley equation can be
written as

n+1 n
U7 U U - 20U

At h?

_ B( U (1) wU;ﬂ), )

where h and At are space and time stepsizes, respectively; and U is an
approximation to u(zj,t,). Similar to the classical difference scheme (9), we
obtain a NSFD scheme for the Huxley equation as follows:
n+1 n n n n
Uy U U 2R+ U
[ N4

= B(— UMHLUM2 + (1 +UHUr — 4ur)(10)

where the functions ® and ¥ are given by

@ _ 1 _ 672A1A2At, \I/ _ (1 _ 672A1h 5
2A1A2 2141
We conclude that ® — At and ¥ — h? as At and h approach zero.

Comparing (10) with (2), we infer that the nonlinear terms on the right-
hand side of (2) are in the forms

(ulaj tn)* ~ (UY(UT)?, (s, ta))* = UHUY
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It can be easily noticed that the NSFD scheme (10) is explicit. Setting
R =2, we can rewrite (10) as
(1—2R)UP + R(UP,; + UP,) — By@U?"

Urtt =
J 1= B +y)@U} + 2(U})?

(11)
We can find positivity and boundedness properties in the presented NSFD
scheme. The following theorem shows these properties.

Theorem 2. For any nonnegative initial data, if 1 — 2R — &y > 0, then
the numerical solution (11) satisfies

0<U} <y=0<UM <y
for all relevant values of n and j.

Proof. Since 1 — 2R — f®y > 0 and U;* > 0, we deduce that

(1—2R)UP + R(UY,, +Ur,) — By®UP

(12)
=(1-2R—-pBy®)U} + R(U}; +U,) > 0.
Moreover, fv® <1 —-2R <1 and Uj' <~ <1 implies
1= B(1+7)@US + BR(U)? > By® — B(L +7)Py + SO(U})? 13)

= BOUF - 1)U} —~) > 0.
So the inequalities (12) and (13) imply that U;”“l > 0. Consider
(1=2R = 5y@)UJ + R}y + Ujy) =7(1 = B(L+ ) U} + 52(U})?)
< (1=2R—By®)y + 2Ry — v + By(1 +7)®U} — y®(UF)?
=—By®(y - A +NU} + (U})?) = =By@((U} —=7)(UF 1)) <0,

and the last inequality shows that U ;H'l < 7. Hence, the solution of NSFD
scheme (11) has the positivity and boundedness properties. O

Now, we establish the properties of consistency and stability of the NSFD
scheme (11).

For appropriate R, setting u} = u(z;,t,) precisely, we have Taylor’s for-
mula for the solution of the Huxley equation, with appropriate Z; € (z;, z;41)
and £, tn, tn € (tn,tn+1). For functions defined on the grid, we introduce
these difference quotients

n+1 n n n n
uim -uf 9 5yn < D~ 207 + U
¢ bl xrxYxr J \II

n o _
5‘tuj =
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By using the method in [4], the local truncation error 7;' is shown as
follows:

Tjn = <8tU? - Ut(xjatn)) - (azézugl - umr(xj,tn)) + ﬂ7 <u? - u($j’tn)>

B +) (u?+1uy . m) + ﬁ(u;f“(uw iy, m)

2 3 -
= (% — Dug(xj, tn) + %Utt(%‘,tn) + %Uttt(lfj,tn)

R 4 _
- (("11/ - 1)’11@1(.%']',15”) + 1h2‘11uxzz('rj’tn>)

—B(1+7) (Atu(xj,tn)ut(xj,tn) + A% (b us (2, t)

3 =

+A;U(xjatn)uttt(xj’tn)>
2

1B <Atu2(:rj, tn)ut(l’j, tn) + ATtuQ(zj, tn)utt(:rj, tn)

3 =
+ATtU2($j, tn)Usee (5, tn)) .

When At — 0 and h — 0, we have ® ~ At and ¥ ~ h?. Therefore,
" = O(At) + O(h?) if At — 0 and b — 0. This shows that the NSFD
scheme (11) is consistent with the Huxley equation. In [24], Namjoo et al.
considered the approximation of the BH equation using an NSFD scheme,
and investigated their numerical results. In fact this scheme is consistent for
the BH equation with a consistency of the order of O(At) + O(h).

Von Neumann introduced a method to prove stability, using Fourier analy-
sis, so that it can give a sufficient condition for the stability of finite-difference
schemes.

Theorem 3. Sufficient conditions for the NSFD scheme (11) to be stable,
are that v € (0,1) and SU(1 + ) < 2.
Proof. Let Uj* = eke= M for every n € {0,1,2,..., N} and every j €

{0,1,2,..., M} where « is a real constant. Substituting in the NSFD scheme
(11) and simplifying, we get

pok — (1 —2R) 4+ R(e™™" + M) — gy @
T 1= B(1 + ) Denak—iiAh 4 3Pe2(nak—ijah)’

so we deduce that

By® + e — (1 + 7)<I>e<n+1)“k(cos(j)\h) - isin(jAh))
(14)

4 BDe(2n+)ak <COS(2j)\h) - iSin(Qj)\h)) =1—4Rsin®(2L).



Approximation of the Huxley equation with nonstandard ... 25

Expanding (14) into separate real and imaginary parts, we obtain the follow-
ing identities:

B(1 + 7))@tk gin(jAR) — fPePrtk in(24\h) = 0, (15)

By® + e — B(1 + 7)Pe( Dk cos(jAR) + fBe2rTDk cos(25AR)
=1—4Rsin*(2L).
Therefore, from (15), we have

I+~ (1
ak __ -
© - (2cos(j)\h))

Hence, according to the Fourier analysis, the NSFD scheme (11) is stable in
the sense of Von Neumann if [e®*| < 1, or equivalently:

1+~

_ T <.
= 2cos(jAh) ! (17)

In order to show inequalities (17), we need to consider the following two
cases.
Casel. Assume that cos(jAh) > 0, to prove (17), it is sufficient to show that

1+7

2cos(jAh) (18)
Since cos(jAh) > 0, there exists a number v*, such that
0 <~* <cos(jAh) < 1. (19)

Now pick a number v € (0,1) such that v* = HT7 Substituting for v* in
(19), we obtain the desired result, (18).

Case 2. Now suppose that cos(jAh) < 0. To prove (17), it is sufficient to
show that

1+~
1< —FF.
2 cos(jAh) (20)

Since cos(jAh) < 0, there exists a number v**, such that
—1 < cos(jAh) < v** < 0. (21)

Choose a number v € (0,1) such that
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Substituting (22) into (21), we get the desired result (20).

On the other hand, by using the following inequality
h
’1 - 4Rsin2(/\2)‘ <1+4R,

and the fact that |e**| < 1, from (16), it follows that

Ah
1-— 4RSIH2(2)‘ — 'B»YCI) + eak _ ﬁ(]. + ,y)q)e(n+1)alc COS(j)\h)
4 BDe2nt)ak cos(QjAh)‘ <PYR+1+B8(1+7)2+ 8P =1+20vD +25.

Now, by imposing the condition
14+28y® +28P < 1+4R,
we obtain the following inequality

B<I>(12+ 20) <R,

where R = %. Consequently, the sufficient conditions for stability the NSFD
scheme (11) are given as follows:

BY(1+7) <2, v €(0,1). (23)

O

Corollary 1. The NSFD scheme (11) is convergent for v € (0,1) and
BY(1 + ) < 2 with the Huzley equation (2).

Proof. The result follows from Theorem 3 and the Lax theorem. O

5 Numerical results

To verify the effectivity of the NSFD scheme in section 4, we simulate initial-
boundary value problem
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Ut — Uge = Pu(l —u)(u —7), 0<z<1, t>0,

v

U(QZ’,O):W, 0<.’]§'<1,
24)
_ (
u(0,t) = 1 f o2 A Azt t >0,
u(1,t) = 7 t>0

1 + 672A1(17A2t) ?

We use the NSFD scheme (11); then we give the initial and boundary
conditions

gl

0 _ —

Uj—m, ‘]—()71,...7‘]\4'7
n _ 2l _

Uy = T n=20,1,..., N, (25)
n i n=0,1,...,N.

M 1 + 6_2A1($A1_A2tn) ’

To verify the efficiency and to measure its accuracy and the versatility of
the NSED scheme (11) for the current problem in comparison with the exact
solution, absolute error for different values of 5 and ~ is reported which is
defined by

{u(acj,tn) —Ul(xj,tn)|,

in the point (z;,t,). Here U(z;,t,) as the solution portraying the behaviors
of physical system is obtained by the present scheme while u(z;,t,) stands
for the exact solution. Consider the Huxley equation in the form (24) with
the initial and boundary conditions (25), and the exact solution (3). The
results are compared with the exact solution. The numerical computations
were performed by using uniform grids. The differences between the com-
puted solution and the exact solution for some values of the constants 8 and
~ are shown in Tables 1-4. As various problems of science were modeled
by the Huxley equation, hence various values of the parameters have been
considered in the following examples. In all numerical examples reported in
this section, the Von Neumann stability conditions (23) are fulfilled for the
NSFD scheme (11).

Example 1. In Table 1, the absolute errors have been shown for various
values of 3, z, and t with v = 0.001. A comparison between the NSFD
scheme [24] and the NSFD scheme (11) is given in Table 1. The numerical
results show the high accuracy of the NSFD scheme (11).

Example 2. Table 2 shows the absolute errors for various values of v, x, and ¢
with 8 = 10. The results of the NSFD scheme (11) and the NSFD scheme [24]
for different values of the parameters are shown in Table 2. Comparison of
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Table 1: The absolute errors for various values of 3, x, and t with v = 0.001

x t NSFD [24]  Presented NSFD  NSFD [24]  Presented NSFD
for =1 for g =1 for =10 for 5 =10
0.3 1.3158E-12 7.4809E-18 3.9633E-11 9.3750E-16
0.2 0.5 1.3753E-12 7.5894E-18 4.1390E-11 9.5875E-16
0.9 1.3846E-12 7.6978E-18 4.1589E-11 9.1983E-16
0.3  2.0465E-12 1.1384E-17 6.1653E-11 1.4631E-15
0.5 0.5 2.1477E-12 1.2034E-17 6.4648E-11 1.5020E-15
0.9 2.1635E-12 1.2143E-17 6.4999E-11 1.4430E-15
0.3 1.3159E-12 7.4809E-18 3.9651E-11 9.4271E-16
0.8 0.5 1.3755E-12 7.5894E-18 4.1408E-11 9.6363E-16
0.9 1.3847E-12 7.9146E-18 2.3405E-11 9.2525E-16

current and exact results shows the efficiency and accuracy of the NSFD
scheme (11).

Table 2: The absolute errors for various values of v, z, and ¢t with 8 = 10

x t NSFD [24] Presented NSFD NSFD [24] Presented NSFD
for v = 102 for v = 102 for v = 10~° for v = 1077
0.2 2.0599E-08 4.5578E-12 2.0529E-17 6.7762E-21
01 04 2.2927E-08 4.0248E-12 2.3054E-17 5.9292E-21
0.6 2.3035E-08 2.8500E-12 2.3408E-17 7.6232E-21
0.2 5.6063E-08 1.3031E-11 5.5677TE-17 1.1011E-20
0.5 04  6.3727TE-08 1.1893E-11 6.3850E-17 1.5246E—20
0.6 6.4195E-08 8.6771E-12 6.4996E-17 2.1175E-20
0.2 2.0724E-08 4.9406E-12 2.0527E-17 1.6940E-21
0.9 04  2.3063E-08 4.4080E-12 2.3053E-17 5.0821E-21
0.6 2.3172E-08 3.2331E-12 2.3407E-17 9.3173E-21

Example 3. In Table 3 the absolute errors have been shown for various val-
ues of x, t, and v with 8 = 50. The numerical results obtained by the NSFD
scheme (11) show good accuracies and agreements with exact solutions.

Example 4. Table 4 shows the absolute errors for various values of x, ¢, and
~ with 8 = 100. The results of the present scheme and the NSFD scheme [24]
for the above values of the parameters are shown in Table 4. The numerical
results reported in Table 4 indicate the high accuracy of the NSFD scheme
(11).
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Table 3: The absolute errors for various values of v, z, and ¢t with 8 = 50

x t NSFED [24] Presented NSFD NSFD [24] Presented NSFD
for v = 10~3 for v = 10~3 for v = 1075 for v = 10~°
0.1 5.3170E-12 9.2720E-15 1.5906E-16 7.6232E-21
0.1 0.5 2.3504E-10 1.2583E-14 2.3744E-16 1.1858E-20
1 2.3317E-10 1.2682E-14 2.3895E-16 9.3173E-21
0.1 5.3230E-12 2.3789E-14 4.0521E-16 1.9481E-20
0.5 05 6.5311E-10 3.5184E-14 6.5885E-16 2.7952E-20
1 6.4861E-10 3.0349E-14 6.6378E-16 2.8799E-20
0.1  5.3289E-12 9.3692E-15 1.5906E-16 8.4703E-21
0.9 0.5  2.3553E-10 1.2682E-14 2.3745E-16 7.6232E-21
1 2.3366E-10 1.0925E-14 2.3896E-16 1.1011E-20

Table 4: The absolute errors for various values of , x, and ¢ with 8 = 100

T t NSFD [24] Presented NSFD NSFD [24] Presented NSFD
for v = 1073 for v = 1073 for v = 104 for v = 104
0.2 1.2498E-09 1.0843E-13 1.2564E-12 1.1004E-17
0.3 0.5 1.4195E-09 1.1179E-13 1.4482E-12 1.2590E-17
0.8 1.4027E-09 9.7739E-14 1.4561E-12 1.2529E-17
0.2 1.4802E-09 1.2868E-13 1.4865E-12 1.3030E-17
0.5 0.5 1.6913E-09 1.3352E-13 1.7241E-12 1.4989E-17
0.8 1.6718E-09 1.1683E-13 1.7336E-12 1.4928E-17
0.2 1.2522E-09 1.0890E-13 1.2566E-12 1.1018E-17
0.7 0.5 1.4222E-09 1.1226E-13 1.4488E-12 1.2590E-17
0.8 1.4053E-09 9.8212E-14 1.4563E—-12 1.2549E-17

Comparing the numerical results in Tables 14, it follows that the NSFD
scheme (11) is more accurate than the NSFD scheme [24]. This follows be-
cause the local truncation error the NSFD scheme (11) is O(At) + O(h?),
while the local truncation error the NSFD scheme [24] is O(At) 4+ O(h).

Figures 1 and 2 indicate the numerical solutions and the solitary wave
solutions. Figures 1(a) and 11(b) compare the numerical results with the
exact one for 8 = 1 and v = 0.001 with stepsize At = 0.001 and A = 0.1
for a given fixed value of x = 0.5. Figures 2(a) and 2(b) show the error
between two solutions of different formats. The two simulations show that
the presented NSFD scheme is efficient. From the numerical results of this
example, we conclude that the obtained results quite agreed with the exact
one.

In Figures 3(a)—(d), we simulate absolute errors between the exact solu-
tion and the NSFD scheme for various stepsizes. In fact, we have compared
absolute errors when x = 0.5, for two values of 8 and ~. It is noticeable
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Figure 1: Simulations of the NSFD scheme for the Huxley equation with stepsize At =
0.001, h =0.1.
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Figure 2: U and u(z,t) at a fixed value = 0.5 for the NSFD scheme.

that increasing stepsizes do not decrease accuracy of the scheme significantly.
These comparisons show that the NSFD scheme (11) has good efficiency even
for a high space stepsize.

In Table 5, we present the absolute errors of the computed solution for
the Huxley equation, by ADM [7,8,10], VIM [1,2], DTM [3], Crank—Nicolson
(CN) and NSFD scheme [24], with the NSFD scheme (11). Observing the
numerical results, we conclude that the NSFD scheme (11) presents remark-
ably accurate in comparison with the other methods. In Tables 6 and 7,

Table 5: The absolute errors for 3 =1 and v = 0.01

x t ADM VIM DTM CN NSFD [24] Presented NSFD
0.05 2.4852E-06 2.4874E-06 2.4875E-06 3.7048E-07 3.5421E-10 2.6543E-14
0.1 0.1 4.9727E-06 4.9749E-06 4.9749E-06 4.0679E-07 5.2191E-10 3.9261E-14
1.0 4.9743E-05 4.9749E-05 4.9749E-05 4.4552E-07 7.8134E-10 4.3048E-14
0.05 2.4763E-06 2.4875E-06 2.4874E-06 5.5746E-08 7.9198E-10 6.3115E-14
0.5 0.1 4.9638E-06 4.9749E-06 4.9749E-06 1.2894E-07 1.3305E-09 1.0499E-13
1.0 4.9738E-05 4.9749E-05 4.9749E-05 2.4749E-07 2.1718E-09 1.2556E-13
0.05 2.4673E-06 2.4874E-06 2.4874E-06 2.1847E-09 3.5492E-10 2.9874E-14
0.9 0.1 4.9548E-06 4.9749E-06 4.9749E-06 1.4873E-08 5.2275E-10 4.2973E-14
1.0 4.9728E-05 4.9788E-05 4.9749E-05 4.9497E-08 7.8230E-10 4.6822E—-14
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Figure 3: The absolute errors between u(z;,t,) and UJT‘ for various space and time
stepsizes.

the numerical results of the presented NSFD scheme are compared with the
NSFD scheme [24] and MCB-DQM, FDS4, ADM, OHAM, GCG, ECG, ELG
methods in [16]. These comparisons show that the presented NSFD scheme
for various values of  and ¢t with 8 = 1 and v = 0.001 offers better results
than the others.

Table 8 shows comparison of the presented NSFD scheme with explicit
exponential finite difference method (EFDM) in [9] for various values of = and
t with 8 =1 and v = 0.001. According to the results presented in this table,
the presented NSFD scheme offers high accuracy for the numerical solutions
of the Huxley equation.

In Table 9, the numerical results of the meshless RBFs method in [11]
are compared with the presented NSFD scheme for various values of x and ¢
with v = 0.001 and 8 = 1. The numerical results presented guaranteed the
effectiveness of the presented NSFD scheme.
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Table 6: Absolute errors for 3 = 1 and v = 0.001

t T MCB-DQM FDS4 ADM OHAM Presented NSFD
0.1 1.0044E-08 2.4988E-08 1.8747TE-07 2.4983E-08 1.8431E-18

0.05 0.5 2.3047TE-08 2.4988E-08 1.8749E-07 2.4988E-08 4.3368E-18
0.9 1.0044E-08 2.4987E-08 1.8751E-07 2.4983E-08 1.8431E-18
0.1 1.4790E-08 4.9975E-08 3.7493E-07 4.9975E-08 2.9273E-18

0.1 0.5 3.8252E-08 4.9975E-08 3.7498E-07 4.9975E-08 7.2641E-18
0.9 1.4790E-08 4.9975E-08 3.7502E-07 4.9975E-08 2.9273E-18
0.1 2.2205E-08 4.9975E-07 3.7500E-06  4.9975E-07 4.2283E-18

1 0.5 6.2169E-08  4.9975E-07 3.7504E-06  4.9975E-07 1.1817E-17
0.9 2.2205E-08 4.9975E-07 3.7509E-06  4.9975E-07 4.3368E-18

Table 7: Absolute errors for 3 =1 and v = 0.001

t x GCG ECG ELG NSFED [24]  Presented NSFD
0.1 1.0698E-08 1.0683E-08 9.2752E-09  3.5194E-13 1.8431E-18

0.05 0.5 9.2595E-09 9.2595E-09 9.2595E-09  7.8629E-13 4.3368E-18
0.9 7.8921E-09 7.8701E-09 9.2845E-09  3.5201E-13 1.8431E-18
0.1 2.31838E-08 2.3188E-08 2.3173E-08 5.2107E-13 2.9273E-18

0.1 0.5 2.1749E-08 2.1748E-08 2.1749E-08 1.3292E-12 7.2641E-18
0.9 2.0382E-08 2.0381E-08 2.0360E-08 5.2115E-13 2.9273E-18
0.1 24872E-07 2.4870E-07 2.4729E-07 1.3846E-12 4.2283E-18

1 0.5 24728E-07 2.4728E-07 2.4728E-07 2.1636E-12 1.1817E-17
0.9 24591E-07 2.4585E-07 2.4530E-07  7.7895E-13 4.3368E-18

6 Conclusions

In this paper, we present an exact finite-difference scheme for the Huxley

equation based on the method in Mickens papers.

Moreover, we present

an NSFD scheme for the Huxley equation. We also provided analysis of
positivity, boundedness, consistency, stability, and convergence of the NSFD
scheme. The numerical results obtained by the scheme, compared to ADM,
VIM, DTM, CN, and NSFD [24] with the other methods, which reveal that
the NSFD scheme is significantly more effective and accurate than the other
methods in the literature.
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Table 8: The absolute errors for value of v, x, and ¢t with v = 0.001 and § = 1

T t EFDM Presented NSFD
0.05 1.030307E—08 1.84314E-18
0.1 0.1 1.506294E-08 2.92734E-18
1 2.248771E-08 4.22838E—-18

0.05  2.313697E-08 4.33680E-18
0.5 0.1  3.843952E-08 7.26415E-18
1 6.246539E-08 1.18178E-17

0.05 1.030307E-08 1.84314E-18
09 0.1 1.506294E-08 2.92734E-18
1 2.248771E-08 4.33680E-18

Table 9: The absolute errors for value of v, x, and ¢t with v = 0.001 and =1

T t meshless RBFs method (MQ)  Presented NSFD
0.1 0.0E-09 1.9E-18
0.05 0.5 1.0E-09 4.4E-18
0.9 1.0E-09 1.8E-18
0.1 1.0E-09 3.1E-18
0.1 0.5 0.0E-09 7.1E-18
0.9 0.0E-09 2.8E-18
0.1 1.0E-09 4.4E-18
1 0.5 0.0E-09 1.2E-17
0.9 1.0E-09 4.7E-18
References

1. Batiha, B., Noorani, M.S.M. and Hashim, I. Application of variational it-
eration method to the generalized Burgers—Huzxley equation, Chaos Solitons
Fractals, 36(3) (2008), 660-663.

2. Batiha, B., Noorani, M.S.M. and Hashim, I. Numerical simulation of the
generalized Huxley equation by He’s variational iteration method, Appl.
Math. Comput. 186(2) (2007), 1322-1325.

3. Biazar, J. and Mohammadi, F. Application of differential transform
method to the generalized Burgers—Huzxley equation, Appl. Appl. Math.
5(10) (2010), 1726-1740.

4. Erdogan, U. and Ozis, T. A smart nonstandard finite difference scheme
for second order nonlinear boundary value problems, J. Comput. Phys.
230(17) (2011), 6464—6474.



34 M. Namjoo and S. Zibaei

5. Gonzalez—Parra, G., Arenas, A.J. and Chen—Charpentier, B.M. Combi-
nation of nonstandard schemes and Richardsons extrapolation to improve
the numerical solution of population models, Math. Comput. Modelling,
52(7-8) (2010), 1030-1036.

6. Hariharan, G. and Kannan, K. Haar wavelet method for solving FitzHugh—
Nagumo equation, World Acad Sci, Eng Technol, 67(43) (2010), 560-574.

7. Hashim, I., Noorani, M.S.M. and Batiha, B. A note on the Adomian
decomposition method for the generalized Huxley equation, Appl. Math.
Comput. 181(2) (2006), 1439-1445.

8. Hashim, I., Noorani, M.S.M. and Said Al-Hadidi, M.R. Solving the gener-
alized Burgers—Huzxley equation using the Adomian decomposition method,

Math. Comput. Modelling, 43(11-12) (2006),1404-1411.

9. Inan, B. Finite difference methods for the generalized Huxley and Burgers-
Huzley equations, Kuwait J. Sci. 44(3) (2017), 20-27.

10. Ismail, H.N.A., Raslan, K. and Abd Rabboh, A.A. Adomian decompo-
sition method for Burgers— Huxley and Burgers—Fisher equations, Appl.
Math. Comput. 159(1) (2004), 291-301.

11. Khattak, A.J. A computational meshless method for the generalized
Burgers—Huzley equation, Applied Mathematical Modelling 33 (2009),
3718-3729.

12. Mickens, R.E. Calculation of denominator functions for nonstandard fi-
nite difference schemes for differential equations satisfying a positivity con-
dition, Numer. Methods Partial Differential Equations, vol 23(3) (2007),
672—691.

13. Mickens, R.E. Advances in the Applications of Nonstandard Finite Dif-
ference Schemes, Wiley—Interscience, Singapore, 2005.

14. Murray, J.D. Mathematical Biology I, II, Third edition, Springer, 2003.

15. Namjoo, M. and Zibaei, S. Numerical solutions of FitzHugh—Nagumo
equation by ezxact finite-difference and NSFD schemes, Comp. Appl.
Math., (2016) 1-17.

16. Singh, B.K., Arora, G and Singh, M.K. A numerical scheme for the gen-
eralized Burgers—Huzley equation, Journal of the Egyptian Mathematical
Society (2016), 1-9.

17. Wang, X.Y., Zhu, Z.S. and Lu, Y.K. Solitary wave solutions of the gen-
eralised Burgers—Huzley equation, J. Phys. A: Math. Gen., 23 (1990), 271-
274.



Approximation of the Huxley equation with nonstandard ... 35

18. Wazwaz, A.M. Partial Differential Equations and Solitary Waves
Theory—Higher Education Press, Springer, New York, 2009.

19. Zeinadini, M. and Namjoo, M. A Numerical Method for Discrete
Fractional-Order Chemostat Model Derived from Nonstandard Numerical
Scheme, Bull. Iranian Math. Soc., (2016), in press.

20. Zibaei, S. and Namjoo, M. A Nonstandard Finite Difference Scheme for
Solving Fractional-Order Model of HIV-1 Infection of CD 4T T-cells,
Iran. J. Math. Chem., vol 6(2) (2015), 145-160.

21. Zibaei, S. and Namjoo, M. A Nonstandard Finite Difference Scheme for
Solving Three—Species Food Chain with Fractional-Order Lotka—Volterra
Model, Tran. J. Numer. Anal. Optim., vol 6(1) (2016), 53-78.

22. Zibaei, S. and Namjoo, M. A NSFD scheme for Lotka—Volterra food web
model, Iran. J. Sci. Technol. Trans. A Sci., vol 38(4) (2014), 399-414.

23. Zibaei, S. and Namjoo, M. Solving fractional-order competitive Lotka—
Volterra model by NSFD schemes, TWMS J. App. Eng. Math., vol 6(2)
(2016), 264-277.

24. Zibaei, S., Zeinadini, M. and Namjoo, M. Numerical solutions of Burgers—
Huzley equation by exact finite difference and NSFD schemes, J. Difference
Equ. Appl., (2016) 1-16.






Iranian Journal of Numerical Analysis and Optimization LT

Vol. 9, No. 1, (2019), pp 37-68 Y
DOI:10.22067 /ijnao.v9il.66730

An operational approach for solving
fractional pantograph differential
equation

H. Ebrahimi* and K. Sadri

Abstract

The aim of the current paper is to construct the shifted fractional-order
Jacobi functions (SFJFs) based on the Jacobi polynomials to numerically
solve the fractional-order pantograph differential equations. To achieve this
purpose, first the operational matrices of integration, product, and panto-
graph, related to the fractional-order basis, are derived (operational matrix
of integration is derived in Riemann-Liouville fractional sense). Then, these
matrices are utilized to reduce the main problem to a set of algebraic equa-
tions. Finally, the reliability and efficiency of the proposed scheme are demon-
strated by some numerical experiments. Also, some theorems are presented
on existence of solution of the problem under study and convergence of our
method.

Keywords: Fractional pantograph differential equation; Fractional-order
Jacobi functions; Operational matrices; Caputo derivative; Riemann—Liouville
integral.

1 Introduction

In recent decades, fractional calculus and fractional differential equations
have attracted the interest of many mathematicians and researchers. Frac-
tional differential equations appear in various fields of sciences and engineer-
ing such as visco-elastic materials [1], propagation of spherical flames [16],
electromagnetism [7], fluid mechanics [13], and continuum and statistical

*Corresponding author

Received 10 August 2017; revised 27 June 2018; accepted 29 July 2018

H. Ebrahimi

Department of Mathematics, Rasht branch, Islamic Azad University, Rasht, Iran, P. O.
Box 41335-3516, P. C. 4147654919. e-mail: h.ebrahimi@iaurasht.ac.ir

K. Sadri

Young Researchers and Elite Club, Rasht Branch, Islamic Azad University, Rasht, Iran.
e-mail: kh.sadriQuma.ac.ir

37



38 H. Ebrahimi and K. Sadri

mechanics [15]. The fractional nature of this class of equations makes their
solving very difficult. For this reason, many researchers and authors have
tried to generalize the existing methods to simply apply and numerically
or analytically solve the fractional-order functional equations. These meth-
ods include Spectral method [5, 6], Tau method [2], Muntz—Legendre Tau
Method [17], Collocation method [27], and many others. In this regard, valu-
able works have been presented, for example ,Dehghan and et al. applied
the Jacobi polynomials to solve fractional variational problems [4]. In [8],
the authors utilized new fractional-order Legendre functions to solve weakly
singular Volterra integral equations. Esmail and et al. in [9] presented the
collocation Muntz method for the solution of fractional differential equations.
Kazem generalized the Jacobi integral operational matrix to solve a class of
nonlinear fractional differential equations [11]. The authors in [12] utilized
the Tau method together with the d-dimensional orthogonal functions to
solve partial differential equations.

In this paper, we consider fractional-order pantograph differential equa-
tions as follows:

1
DYu(t) = au(t) + Z b;DViu(gt) + f(t), m-—1<~vy<m, tel0,1],
i=1
w9 (0) = dj, j=0,1,...,m—1,
(1)
where a,b; €e R, 0 <y, < y<m,i=12,...,0, 0 < ¢q <1, D is the
fractional derivative in the Caputo sense, and u(t) is an unknown function.

The pantograph equation is one of the kinds of delay differential equa-
tions and has many applications in electro-dynamic and biology; see [14].
Several authors have solved the pantograph differential equations of integer-
order such as, Jacobi operational method [3], Chebyshev polynomials [21],
Bernoullie polynomials [23], variational iteration method [26], and so on.
But there exist few methods applied to numerical solution of pantograph
differential equations of fractional-order. For example, we can mention the
Hermite wavelet method [20], spectral-collocation method [24], and Legen-
dre multiwavelet collocation method [25]. This motivates us to present a low
cost algorithm for solving this kind of fractional-order equations. To this
end, we define the shifted fractional-order Jacobi functions based on shifted
Jacobi polynomial on [0,1]. Then, the operational matrices of fractional in-
tegration, product, and pantograph are constructed. The resultant matrices
are utilized to approximate the various terms in equation (1). Finally, the
main problem is converted to an algebraic equation, which is collocated at
the roots of P](Va_"_ﬁl)(t). Consequently, an algebraic system is achieved, which
solving it leads to determine the unknown coefficients vector and thereupon
an approximate solution is obtained. It must be mentioned that the resultant
nonlinear algebraic system (corresponding to a nonlinear equation) will be
solved by the well-known Newton iteration method.
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The current paper is organized as follows: Section 1 contains the introduc-
tion; in Section 2, some basic definitions of fractional calculus are introduced;
the study of existence and uniqueness of solution of (1) is presented in Section
3; the shifted fractional-order Jacobi functions (SFJFs) and their properties
are given in Section 4; in Section 5, the Jacobi operational of fractional
integration, product, and pantograph are derived; the proposed method is
described to solve the fractional-order pantograph differential equations in
Section 6; in Section 7, the convergence of proposed approach is studied and
an error bound is obtained in the weighted-Jacobi Sobolev space; In section
8, our numerical results are reported. For this purpose, several examples are
presented; finally, a conclusion is presented in Section 9.

2 Basic definitions of fractional calculus

Some basic definitions and properties of fractional calculus theory are pre-
sented in this section, which are used in this paper.

Definition 1. The Riemann—Liouville fractional integral operator of order
v = 0 is defined as follows:

DNu(t) = ﬁ/o (t—s)tu(s)ds, >0, t>0,

IOu(t) = u(t).

Definition 2. The Caputo fractional derivative operator of order v = 0 is
given by

d—u(s)ds, t>0,

D7u(t) = I D™ u(t) = ﬁ /0 (t —s)ym 1 ds™

where m = [~].

For the Riemann—Liouville fractional integral and Caputo fractional deriva-
tive operators, we have

LI I2u(t) = I T72u(t),

2. I"(Aqur(t) + Aoua(t)) = M I up (t) + Aol ua(t),
I'(v+1)
F'(y+v+1)

4. DV Iu(t) = u(t),

3. [NxY = T v>—1,

m—1

w0+
5. I"DYu(t) = u(t) — Z #xl,

. i
=0
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6. Da — 0, v > v,
= %x”’”, otherwise,

7. D'\ =0,

where A1, A2, and A are constant.

3 Existence and uniqueness of solutions of
fractional-order pantograph differential equations

In this section, the existence of solutions of (1) is established by using the
fixed point theorem.

Let Y be a Banach space and let C(J,Y") be the Banach space of continu-
ous y(t) with y(t) € Y and t € J =[0,1] and ||y|]| = maxcs |y(t)|. Moreover,
B, (y,Y) represents the closed ball with center at y and radius r in Y. It is
seen that (1) is equivalent to the following integral equation:

u(t) =g(t) + ] /0 (t—s)"" u(s)ds

I(7)

¢
_ ) r—vi—l1 )
+ZF7 - /(t s) u(g;8)ds

m;—1

Zq di t*FY Y my — 1 <y <y
k=0

i=1,2,...,1

Theorem 1. If (|a|/T'(y+1)+1bo/Z) < 1/2, where by = max1<i<i{b;} and
Z = min1¢icn{l(vy =7+ 1)}, then, the fractional-order pantograph equation
(1) has a unique solution.

Proof. Let W = C(J,Y). A mapping Qu(t) : W — W is defined by

Tu(t) =g(t) + le'y) /0 (t — )" tu(s)ds
l t
+ ; T =) / (t —s)Y " Lu(gs)ds

1

—_ g1
iy [ = s
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It should be shown that ¥ has a fixed point and that this fixed point is a
solution of (1). Set r > 2 (G + F/T(y + 1)), where G = max:cy ||g(t)]|
and F' = maxcy||f(t)||. Then, it can be shown that UB, C B,, where
B, ={yeW|| y|<r} So,onehas

| wu(t) | <l o) | +F'(“7') / (t— )" | u(s) | ds
l t
3y [ ) s
1 ¢ 4ol
*W/O“‘S) | £(s) | ds
<G+r +ri + F
—~ (y=7)l(y—7) ()
lal by F
gG“(F@H)*Z) TG +1)

<7

Thus, ¥ maps B, into itself. Now, for u;(t), us(t) € W, one has,

t
(| Wur (t) — Puz(t) || < / (t =)t [ ui(s) —ua(s) || ds

+Z 2 /t_s)7 VT | ua(gis) — u2(gis) | ds

Ty - 'Yl

|a\
ST(y+1)

= lal L% s) — ua(s
— (g + ) o) = e 1

As |a|/T(y+1)+1 by/Z < 1/2, the mapping ¥ is a contraction and therefore
there exists a unique fixed point u(t) € B, such that Wu(t) = u(t). O

la(s) = wa(o) I+ 522 I ua(s) = wals) |

4 Fractional-order Jacobi functions

In this section, first we recall the definitions and some useful properties of
the orthogonal Jacobi polynomials in the interval [0,1]. Then, we define
the fractional-order Jacobi functions to obtain the operational matrices of
fractional integration, product, and pantograph.
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4.1 Shifted Jacobi polynomials

The shifted Jacobi polynomials are defined on the interval [0,1], with
weighted function w(®#)(z) = (1 — 2)* 2#, and can be determined with
the following recurrence formula [22]:

Pz(ff)( ) =A(a, B,1) Pi(a’ﬂ)(:z:) + 2z — 1) B(a, 8,1) P (a B)( )

2
— B(a,8,3) PP (@), i=1.2,.., )
where
L Rita+B+D(® -5
A(O"ﬂ’z)*2(i+1)(z‘+a+6+1)(2z’+a+ﬁ)’
L (2Zita+B+2)2i+a+pB+1)
Blou i) = = i rat g1
N ((+a)(i+B)2i+a+B+2)
Ble.foi) = TG+ at B D@itat B)
and
Py () =1, Pf‘*ﬁ)(:ﬂ):7a+5+2(2x—1)+0‘;5.

The orthogonality relation of Jacobi polynomials is defined as follows:
1
/0 P (z) PP (z) w' P (z) dz = hy, &1,

where
FNk+a+1)T'(k+8+1)

Ck+a+B8+DK T(k+a+B+1)

The analytic form of Jacobi polynomials is given by

hy, =

i

Z (=) *TGE+ B+ DG+ k+a+ B+ 1)zF
Pk+B8+ )l (i+a+B8+1) (i—k)!Ek

PP (z) = i=0,1,...

k=0

A continuous function wu(t), in the interval [0,1], can be expressed in terms
of shifted Jacobi polynomials as follows:

(oo}
u(x) =Y C; P (@), (3)
where the coefficients C'; are given by

:7/ t) PP (z) w' P (z) dz,  j=0,1,... .
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In practice, only the first (V + 1)-terms of shifted Jacobi polynomials are
considered. Therefore, one has

N
=3"¢; PP (@) = 87 (2) € = CT @(x), (4)
§=0

where the vectors C' and ®(t) are given by

C=[Co,Ch,....CNIT,  ®(z) =[P\ (z), PP (z),..., PP ()T

(5)
Also, the following auxiliary relation is obtained from (2).
«@ 1 «@ ( B ) a,B)
2 P( B) ) = . P( ,B) T 2 (
) gy PO By 1@
E(@.511) pioy )
+ 1 P (), i=1,2,...,N.

B, B,1)

Two other properties of the shifted Jacobi polynomials are defined below:

PP = (-1 (157,

2

, (7)
AP @) ThtitatB+1) (aripri

dx? - T(n+a+p+1) "

().

4.2 Shifted fractional-order Jacobi functions

We define the shifted fractional-order Jacobi functions (SFJFs) by trans-
formation x to t” (o > 0) based on Jacobi polynomials (2) in the inter-
val [0, 1]. For convenience, the fractional-order Jacobi functions, Pi(o“ﬁ )(t"),
1 = 0,1,2,..., are denoted by P(aﬁa) (t). Tt is clear, the classic Jacobi
polynomials are resulted for ¢ = 1. The weight function is w(®#)(t) =
ot?(B+D=1(1 — ¢7)> Moreover, the relations (2)—(7) are converted to:

P (0) =Afa, ,0) PP 0)+ (217~ 1) Bl 5,0) PP (1)

8
(a,ﬁ,z)P(“B‘”(), i=1,2,..., ®)

2 _
P(ga,ﬂ,a) ) =1, Pl((x,ﬁ,g)(t) _at g + a—pf

2t — 1
(2 -1+,

where coefficients A(a, 8,1), B(«, 8,1), and E(«, 3,1) are same in (2).

1
/ Pj (e, 8,0) (t) Pk(a,ﬁ,a)(t) w(a,B,a)(t) dt = hy, 5jk’
0
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L (—1)iFT(+ B+ DI+ k+a+ B+ 1)tk

pleBa) iy = | .
(47 (1) 2 T+ B+ Ui +a+B+1) (i— k) K ©)
ZC] Pj( 7B U) a
7=0
where
1 1
C= iT/ u(t) P00 (1) w PO () b, =01,
j Jo

N
un(t) =Y C; PP (1) = 27 (1) € = €T 9 (),

where the vectors C' and ®(?)(t) are given by

C =[Co,Cy,....,CN]T, @D (t) =[PP (1), PP 1), ..., PP ()T,

(10)
o (8,0 1 (,8,0) Ao, 8,1) (a,B0)
27 P! - __p 2apt) p /
s Y e Y
E(O‘ Bv ) (a B,0) .
p 2l ple . i=1,2,...,N,
" Bla, 6.1) ©
(a,8,0)
dPn i (t) = O'F(’I’L + o+ ﬁ + 1)t0 IP(Q +1 ﬁ+1’a)(t)'

5 Fractional-order Jacobi operational matrices of
integration, product, and pantograph

The objective of this section is to derive the operational matrices of fractional
integration, product, and pantograph related to the SFJFs. The fractional-
order operational matrices of product and pantograph are utilized for ap-
proximating the product of the vectors ®(@)(¢) and ®)7(¢) and the terms,
which include the delay in equations under study, respectively. First, some
properties of the shifted fractional-order Jacobi functions are presented as
follows.

Lemma 1 (see [19]). The ith shifted fractional-order Jacobi function, Pi(a’ﬁ’a) (1),
t € [0,1], can be obtained in the form

n

PR =3 4 1ok,

k=0
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(@)

where coefficients v’ are given as

MO <n+k4};a+ﬁ) <Z+Z)

Lemma 2. Ifn € N and p > n, then we have

1
/ 2 PP (1) w( ) (1) dt
0

n

Z DR In+B8+1) T(n+k+a+B+1) INk+B+p/o+1) T(a+1)
Fk+B+1)I(n+a+B+1)k+ta+B+p/o+2) (n—k)!k

Proof. The lemma can be easily proved by multiplying relation (9) in ¢? and
then integrating of the resulting equation. O

Now, the Jacobi operational matrix of fractional integration is generally
derived.

Theorem 2. Suppose that ®(7)(t) is the shifted fractional-order Jacobi vector
in equation (10). Then, we have

T po) (t) ~ P® o) (t),

where I%") is the Riemann-Liowville fractional integral operator of order v
and PW) is the (N +1) x (N + 1) operational matriz of fractional integration
which defined by

7(0,0) =(0,1) (0, N)
7©(1,0) =w(1,1) m(1,N)
PW ' 7
m(N,0) 7(N,1) ... 7(N,N)
where
K3
i,j) = wijk, i=0,1,...,N, j=1,...,N, (12)

and wiji, are given by

(1) TG+HB+D)TE+B+1) TG +1+a+B+1) D(a+ 1)I(ol +1)
hi Ti+a+B8+1)T(1+B8+1) T +a+8+1) I (i —DIT(cl+v+1)

Wijk =

i Y F DG +k+tatB+1)T(k+1+8+v/o+2)

x ,i,5=0,1,...,N.
rk+/3+1) ThtitatBtvjot2) kG—ky "7

=0

Proof. By using the analytical form (9) and the properties of operator I, we
have

7P (1) at = Z( DD+ B+ 1) D(itlta+B+1) Dol+1) 7

Fi+B8+1)Tl+a+B8+1) T(ol+v+1)1 (i —1) (13)
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Now, t°"*t¥ can be approximated in terms of the SFJFs as follows:
N
poltr Zal,j Pj(a"g’g)(t),
j=0
where )
1
J

According to Lemma 2, one has

1
/ oty P;Q’B’U)(t) w(aﬁﬁa)(t) dt
0

i: DI FT(a+1)T(+B+1) T(k+14+B8+v/o+ ) T(+k+a+p+1)
FNk+B8+1) T +a+B8+)T(k+l+a+B+v/oc+2) k! (j—k)!

Therefore, equation (13) is written as follows:

I"P.(D“B’G)( t) d

‘ M

{Z YUITG+B+)IE+B8+ )T +l+a+B+1) T(a+1) I'(ol+1)
— L= by FG+a++)I(I+8+)T(i+a+p+1)Tol+v+1)1! (i —1)!
ij: ) ’“F(j+k+a+ﬁ+1)F(l+k+ﬁ+u/a+1)} (aao)()
S Tk+B+1)TU+k+atftv/o+2) G-k (K)!] 7

N
Z ﬂ. P(QBU)( )
) (14)

where (i, 7) are given by equation (12). Accordingly, equation (14) can be
rewritten as the following vector form:

17 PP () ~ [x(i,0),7(i,1), ..., 7(i, N)] @) (1), i=0,1,...,N.
This leads to the desired result. O

The following lemmas are useful to obtain the fractional operational ma-
trix of product.

Lemma 3 (see [19]). If Pj(a’ﬁ’g)(t) and P,ga’ﬁ’a) (t) are respectively jth and
kth SFJFs, then the product of Pj(a”ﬁ’g) (t) and P,Ea’ﬂ’o) (t) can be written as

ko
Qgtjr,]f O')( ) Z/\g"j’k) tcﬂ“7
r=0

where coefficients )\gj’k) are determined as follows:
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Ifj>k:
r=0,1,...,5+k,
if r>j, then
4,k k
AP = Zz r— ]75])1 71( )v
else
r1 = min{r, k},
i,k r k
A0 = 371000, 50
end.
If j <k :
r=0,1,....5+Fk,
if r<yj, then
r1 = min{r, j},
)\gj’k) = ETIO’Yij)l ’Yl(k)v
else
ro = min{r, k},
AR =3 j v A,
end.

The quantztzes 7( ) and ’y(j) are introduced, respectively, for P]Ea’ﬁ’a)(t)

Pj(a 8:0) (t) based on the Lemma 1.

and

Lemma 4. If Pi(a’ﬁ’g) (1), Pj(a’B’a)(t), and P,ga’ﬁ’a) (t) are respectively i-, j-,
and kth SFJFs, then,

1
Gijk :/ Pi(oz,ﬂ,a)(t) Pj(aﬂ,a)(t) P]iaﬁ,a)(t) w(a,ﬁ,a)(t) dt
0
Jtk i—1y(J;k)
_ZZ -V T+ B8+ T +l4+a+B+1) T(n+1+8+1) T(a+1)
(I+B+1)Tli+a+B8+1)T(n+l+a+B+2) -0

n=0 =0

)

where )\Ej’k) are computed by Lemma 3.

Now, a general formula is presented for finding the (N + 1) x (N + 1)
operational matrix of fractional product U whenever,

() T (1) U ~ T &) (1), (15)

and U is a (N + 1) given vector.

Theorem 3 (see [3]). The entries of the matriz U in (15) are computed as
follows:

ak— ZU dijk, J,k=0,1,...,N,
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where q;;1 are introduced by Lemma 4 and U; are the components of the vector
U in (15).

Corollary 1. Ifu(t) ~ U" ) (t) = 7T (t) U and ®)(t) 7T (t) U ~
U ®@)(t), where U is an (N + 1) vector and U is the (N + 1) x (N + 1)
operational matriz of fractional product, corresponding to the vector U, it is

easily shown that, R
u?(t) ~ UT U (t).

To approximate the terms including the delay, the fractional-order Jacobi
operational matrix of pantograph is derived. For this end, we apply the
auxiliary (11).

Replacing ¢ with ¢t in definition (10), leads to

o (qt) = [PS7 (qt), L7 (qt), ..., PYP 7 (qt)]T

The following theorem expresses the relation between vectors ®()(qt) and
) (¢).

Theorem 4. The relation between the delay vector ®9)(qt), 0 < g < 1, and
vector ®(7)(t) can be expressed as follows:

@(0)(@) — L(q,a) @) (t),

where Lq,o) is an (N +1) x (N +1) lower triangular matriz called fractional
operational matriz of pantograph.

Proof. Replacing ¢ with gt in (8) and rearranging leads to

P (at) =Alas 8,0) PP (q) + (20017 = 1) Blo 5,4) P77 (at)
— E(a, B,i) PP (qt), i=1,2,... .

(16)
The ith delay SFJF | Pi(a’ﬁ’a) (gt), can be expressed in terms of the SFJFs
themselves as follows:

PP (gt) = ZZ:ZUC PP (qt),  i=0,1,... . (17)
k=0
From the first few polynomials in (17), it easily obtains
loo=1, lo;=0, i=12,...,N, lLo=@B+1 —-1), lLi1=¢.
It is clearly found that,

lii=q7, i=0,1,...,N. (19)

Using auxiliary (11) and substituting (17) into equation (16), we have
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i+1

Z L1k Plga’ﬂ'a>(t)

k=0

zgzlhk{ﬁﬂmﬁJ)+flﬂmﬁﬂﬂl—

+4¢°B(a, 8, 1) (

Ala, B
B(e, B
1 E(e, B, k)

k)

,k) k+1

B(a, B,k)  B(e, B, k)

i—1
— E(a, B,1) Z Licin PEP7) (1),

k=0

P |

49

) PO = Blapi)) P ()

(20)

Equating the coefficients of P,Ea’ﬂ’o) (t) on both sides of equation (20), for

k=0,1,...

, 4, leads to

lit1,0 :{A(a,ﬁ,i)

li-l-l,k {A(O&,B,Z) + qa B(O"Bﬂ’)(l -

li-‘rlﬂl = (A(Oé, ﬂ7 7/) + an(a7 ﬁ7 Z)(l -

a—p

S a+ 42

20+ 1)(B+1) >

+4q7 B(a,ﬁ,i)(l

(a+B+2)(a+p+3)

—B(O[,ﬁ,l)} li,O —E(OZ,,B,?:) li—l,Oa 1= 1727"'5N_ la

1
+ {B(a,ﬁ,k -1
_O(aa/Bai) li—l,ka

+q°

B(a, 8,1)

B(aaﬂai_l)

li o1 +
) T Bla, Bk + 1)

lii—1,

A(a, B, 1)

B(a, B,1)
E(o, B,k +1)

syt — 1,

i=1,2,...,N—1.

B(a+/3+z‘>>} Lo

li,k:-i—l} qUB(a7 67 Z)

The starting values are given by equations, (18)—(19). Finally, for the pro-
portional delay g, we have

o) (qt) = [P (qt), P (tq), ...,

Py (k)"

1 0 0 0 0
ll,O qa O 0
lap log ¢* 0

IN—10 IN—11 IN—12 -.. gV 7D

L Ino  Ing In2 o Ivv—t ¢V

1570
o | [P
0 | [ PS5

W [
Py77(t)
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= L(q’g) ‘1)(0) (.73)

Corollary 2. The operational matrices of fractional integration and product
are converted to the following forms for the delay q.

"0 (qt) ~Ligo) P¥ @(1),
o o)T I o T
o (qt) 7T (qt) C ~Ligo) F (1), F= L& C,

where the matrices P™) and Lq,0) were defined by Theorems 2 and 4 and
F is the fractional operational matriz of product corresponding to the vector

1T
F= L(qﬁ) C.

6 Description of method

Consider the problem given in (1) again. We expand DVu(t) by means of the
SEJFs as follows:
DVu(t) ~ 7T (t)C. (21)

According the properties of Caputo fractional derivative, we have

m—1
d
~ ()T Ok K
u(t) ~ T () C + kz ot
=0
~ dOTHPITC + d@OT(H)F,  m—1<~<m,

(22)

01 %t’“ is approximated as ®@TF. To
approximate the D7iu(t), 0 < v < v < m, ¢ = 1,2,...,1, the following

procedure can be pursued.

where F is a known vector and Y ;.

DVu(t) = DY DYiu(t) ~ &7 (). (23)

Using the Caputo derivative, we get

m—1
) . dg ,
DYiu(t) ~ I~ Yd@OT (O S S T
u(t) I
k=[v;]
~ T HPO-WTC L oITE 0<y<y<m, i=12,...,1L

(24)
Now, by applying equations (21)—(24) to the terms containing the delay, we
get
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u(qt) ~ T (LE L\ POTC + T (LT, ) F,

(q,0)
DYu(qt) ~ @7 ()L, , POTWTC + @OTLE (F, i=1,2,..1,
W) ~UTT T (1), U=PITC+F, Dlu(qt) ~ 7T ()L, ,C,
(25)

where U is the fractional operational matrix of product corresponding to the
vector U. By substituting the expressions (21)—(25) into (1), the following
algebraic equations is resulted.

o7T(t)C — ad T () (PDTC + F) - > b, 0T (t)(LE, ,POTWTC
i=1

+ L, o) — f(t) = 0.
In this way, the main equation is converted into an algebraic equation. The
resultant algebraic equation is collocated at (N + 1) roots of the (N + 1)th
shifted Jacobi polynomials on the interval (0,1). By solving the system of
generated algebraic equations, the unknown vector C' can be determined.
Thus, an approximate solution can be acquired for various values of a and
parameters using equation (22).

Corollary 3. The nonlinear terms in the problems under study are approx-
imated as a matrix form. For this reason, it is necessary that the initial
conditions of the problems to be approximated in terms of fractional-order
Jacobi basis.

7 Convergence analysis and error estimation

In this section, the upper bounds are presented for the errors of the residual
function, proposed algorithm, and operational matrix of fractional integra-
tion, P®*). Tt is seen that the upper bounds tend to zero when the number of
the SFJF's increases. First the following definitions and theorems are stated
for o = 1.

The set of all algebraic polynomials of degree at most N is denoted by Py.
The orthogonal projection Py q,5L2 .5 (J) = Py, J = [0,1], is considered
for v(t) € L2 . 4 (J) and defined by

(PN,a,pv — v, ¢) =0, for all ¢ € Py.
The Jacobi-weighted space is introduced as
T e (J) = {v| vis measurable and ||[v]|, 05 < 00}, T €N,

equipped with the following norm and seminorm,
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: 3
0]l s = (Z | 050 112 cacsron ) ol wes =1 030 w@srasn -
k=0

Theorem 5 (see [10]). For any v € J! .5 (J), 7 € Nyand 0 < p < 7, we
have

||1) - ,PNyflﬂfU”u,w(a’ﬁ) < C(N(N +a+ 5))% |U|r,w(‘¥ﬁ)7

where ¢ is a positive constant independent of N, «, and 5.

Lemma 5. Ifn €N, v € J! .. 5 (J), and D"v(t) is the derivative of v(t) of
order n, then

p—r

[D"v = D"PN,a,8V]| wiee) < € ((N +n)(N+n+a+ ﬁ)) CARIaS

Proof. By derivation of the shifted Jacobi polynomials and applying Theorem
5, the desired result is acquired. O

Corollary 4. Forv € J! . 5 (J) and 0 < q <1, we have

lo(at) = Prv.a,50(@) |y wiess < (aN (N + e+ 8))°F [0(at) ] e (26)

Theorem 6. If v > 0, v € R, and DYv(t) denotes the Caputo fractional
derivative of v(t) € J! .4 (J) of order vy, then

p—r
2

/

¢ )<(N+m)(N+m+a+6)>

D" = DYPy, 0,50 < Tim—~+1)

X |U(m)|r,w(“v5)a m = |—ry—|

Proof. Using properties of the Riemann—Liouville fractional integral operator
leads to

DYu(t) = I"""D™u(t) = ﬁ/{) (t —s)™ 7" D™y(s)ds

1
— = merly D),
=) ®)

where the star symbol denotes the convolution of two functions t™~7~1 and
D™u(t). So, by means of Lemma 5, we have

D70 — DVPN, o,V ey = [II™77 (D™ — DmPN,a,ﬂU)HM,wmm

tm=— 1
H "y — D"PN V)

pyw(eh)

[D™v = D™PN a,60)| 4w

NCE V)F( -7
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—r
, 23

C 2
<——— (m)y
STy 1 1) <(N+m)(N+m+a+ﬂ)> AR o

O
Now, we consider equation (1). If ux(¢) is the approximate solution to
u(t), then the residual function is as follows:

l
HN(t) = D’YUN(t) — auN(t) — Zbl D'”uN(qit) — f(t) (27)

i=1
The next lemma estimates a bound for the residual function (27).

Lemma 6. Consider the residual function given in (27). A bound for it can
be estimated as follows:

p—r
2

C/

N () s o0 U™ (W ((N +m)(N+m+a+ /3))
l p—r

|bs| ¢ ' | | :

+lale(N(N +a + 5))“;)7
where U* = max ¢ \u(k)(t)\nwm,ﬂ),k =0,1,...,m, m; — 1 <~; <m;, and
m—-—1<~y<m.

Proof. By using Theorems 5 and 6 and (26), the above inequality can be
resulted. O

The following theorem presents an error bound for the proposed method.

Theorem 7. If uy(t) is the Jacobi approzimate solution to u(t) and ey (t) =
u(t) — un(t) is the error function, then the error bound can be estimated as
follows:

(1/la] + 1)¢/ E

llen (O] y,weeer <UT <F(m oY <(N +m)(N+m+a+ ﬁ))

p=r
2

l !
+;w<%<N+mi><N+m¢+a+m)

NV +at 9)F).

Proof. By subtracting equation (26) from equation (1), we get
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l
DYen(t) = aen(t) + Y bi DVen(qit) — Hy(t).

=1

Now, applying Theorems 5 and 6, equation (26), and Lemma 6 leads to the
desired result. O

Now, we consider the operational matrix of fractional integration P(*) in
Theorem 2. We define the error vector F, as follows:

E, =1"0t) =P (t) = [Ey,, Erys ..., En,|T,

where

N
Ek:,y = IVPISa,ﬁ,G') (t) _ Z P(V)kjpj(a7670') (t), k= 0’ 1, ____N.

j=0

9

The following theorem presents an upper bound of Riemann—Liouville frac-
tional integral operator.

Theorem 8. If E),, = I”Péa’ﬁ’a)(t) —Z;.V:O P(”)ijj(a’B‘a) (t), then an error

bound of Riemann—Liouville fractional integral operator of order v can be
expressed by

1Bk wll? a8y SENN +a+ )R

k_k 'y](.k)'yl(k)l"(o-j + Do + DT (0j + v+ 2)T(0i + v + 2)
X;; Noj+v+)l(oci+v+DI(ocj+v—r+2)(ci+v—r+2)

><B(i+j+r+ﬁ+2(ufr)/0'+1,a+r+1)},

where 'yj(-k)

Sfunction.

were introduced by Lemma 1 and B(u,v) is the well-known Beta

Proof. By using Lemma 1 and the property of Riemann-Liouville fractional
integral, we have

k .
D(oj+1)
PP (1) = 34 @i+ ojn

= T T(oj+v+1)

By setting Z = I”P]io“ﬁ’g)(t)7 we get

2 _ 2
|Z w8 = ||8;Z||#7w(a+r,[f+r)

D(oj+ 1) (oj+v+2)
Foj+v+ 1) (cj+v—r+2)

2

ta‘j+l/—r

1wt B+r)

ko k a'y](,k)'yfk)l‘(aj + DI (oi+ DI (0j + v +2)T(0i + v+ 2)
;izo Loj+v+D)I(oci+v+ DI (oj+v—r+2)(ci+v—r+2)
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1
></ tU(i+j+7‘+ﬂ+1)+2(V—T)—1(1,tU)a-‘r?‘dt}
0

55>

j=04=0

1
X/ Z,i+j+r+,6+2(ufr)/a(1_z)a+rdm}.
0

M (0f + 1) (0i + 1) (0] + v + 2)T(0i + v +2)
T(oj+v+1)I(oi+v+ 1) (cj+v—r+2)(ci+v—r+2)

Therefore, the theorem is proved. O

8 Numerical examples

In this section, the method presented in this paper is applied to solve some
examples taken from [18] to demonstrate the efficiency and reliability of the
proposed algorithm. As a result, a comparison is presented.

Example 1. First, consider the following fractional pantograph differen-
tial equation from [10],

3 t
lﬁu:ZMﬂ+u%)—ﬁ+2, 1<y<2, (28)

with conditions,
uw(0) =0, 4/(0)=0.

The exact solution is u(t) = 2 in the case v = 2. We first approximate the
unknown function and its derivative of fractional order « as follows:

t
W(0) = 9T (@) C, ult) = T () POT €, u(3) = 8T (LY, POTC,
3
Substituting the approximations into (28) leads to the following algebraic
equation:

@ﬂﬂwC—gdﬂﬂwPWTC—@ﬂﬂwLﬁ

E70)P<7>T0+t2—2z0.(29)
By choosing N = 4, equation (29) is collocated at roots of Péa’ﬁ) (t). Then, by
solving the resultant algebraic system, the unknown vector C' can be deter-
mined for some values of o and [ parameters. Table 1 displays the absolute
errors at some arbitrary points for o« = =0, v =2, 0 = 0.5,1,1.5,2, and
N = 4. Table 1 shows that the results of our algorithm are more accurate
than those which reported by [18]. In Figure 1, the approximate solutions are
compared to the exact solution fora =3 =0, N =4, ~v=1.3,1.5,1.7,1.9,2,
and ¢ = 1. From these results, it is seen that the approximate solutions
converge to the exact solution when ~ approaches 2.
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Table 1: Errors for « = 8 =0, N = 4, and various values of ¢ for Example 1

’ t; ‘ oc=0.5 c=1 ‘ oc=1.5 o =2 c=0.5 oc=1 oc=1.5
in [18] in [18] in [18]
0.0 | 5.3967 x 1072 1.0616 x 1075 1.5319 x 103 6.4935 x 1075 5.02 x 10~ 2 1.64 x 101 1.33 x 1071
0.2 | 9.5185 x 10~% 5.6130 x 102 4.2342 x 10~4 1.1404 x 10—4 —— —— ——
0.4 | 1.8965 x 1073 9.4037 x 104 | 2.0913 x 1073 9.7976 x 104 | 3.08 x 1072 6.51 x 10~2 1.17 x 10~ 2
0.6 | 4.4029 x 1073 | 4.7621 x 1073 3.4555 x 1073 | 4.8110 x 103 —— —— ——
0.8 | 1.4375 x 1072 1.5160 x 102 1.5934 x 102 1.5206 x 102 1.59 x 101 2.60 x 102 | 3.78 x 101
1.0 3.8299 x 102 3.7313 x 10~ 2 3.1948 x 102 1.5206 x 10~ 2 —— —— ——

T T T T T T T T T T T
0 0.2 0.4 0.6 0.8 1
X

’— exact solution y=1.9 - y=1.7 =" ~y=15 ——y=13

Figure 1: Plots of u(t) for N = 4, 0 = 1, v = 1.3,1.5,1.7,1.9 and exact solution for
Example 1.

Example 2. Consider the following linear fractional-order pantograph dif-
ferential equation of [18],

DYu(t) = —u(t) +0.1u(§t) +0.5D7u(§t) +(0.32t—0.5) exp(—0.8t) +-exp(—t),

where 0 < v < 1. With condition «(0) = 0 and the exact solution is u(t) =
texp(—t). By using the fundamental matrices obtained in Section 5, the
following algebraic equation is resulted:

Tty ¢+ @) POT ¢ - 0187 (#) Lja ,\ 7 POT ©
($.0)

— 0.5 () La ;)" C — (0.32¢ — 0.5) exp(—0.8t) — exp(—t) ~ 0.
(30)
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By choosing N = 10, equation (30) is collocated at roots of Pl(f’ﬁ) (x). Then,
by solving the resultant algebraic system, the unknown vector C' can be
determined for some values of o and § parameters. Table 2 displays the
maximum absolute errors for various values of « and § parameters, N = 10,
and v = o = 1. The data of Table 2 shows that the approximate and exact
solutions are in a good agreement. In Table 3, the values of absolute error are
compared to the values reported in [18] at some arbitrary points for N = 10,
a=p=1/3,and v = 0 = 1. It is seen that the errors of our method are
lesser than the errors of methods applied in [18] on the interval [0,1]. Also,
the absolute errors are listed in Table 4 for N =10, a = 8 =1/3, vy = ¢ and
various values of 7 in some arbitrary points within interval [0,1]. A graphical
comparison between the exact and approximate solutions is depicted in part
(a) of Figure 2 for values of « = 8 =1/3, v =0 =1, and N = 10. From
part (b), it can be shown that the numerical results are well consistent with
the analytical solution. In addition, the plots of u(¢) are shown in part (b) of
Figure 2 for ¢ = 1 and various values of . It is seen that the approximate
solutions converge to the exact solution as v approaches 1.

Table 2: Maximum absolute errors for various values of & and 3, y = ¢ =1, and N = 10

for Example 2

(a, B) Error aps (a, B) Error aps
(0,0) 2.2652 x 107 | (3,3) | 4.5600 x 1013
(1,1) 7.6421 x 10713 (—%,—%) 1.1765 x 10713
(—%, —2) | 86704 x 107 | (5,2) | 5.5014 x 107*®
(5,2) | 1.1469 x 10712 (2,2) 1.5979 x 10712

Table 3: Comparison of absolute errors with other methods for Example 2

t; present method Bernoulli Runge-Kutta Variational iteration 6-method
method in [18] method in [18] method in [18] in [18]
0.1 | 6.4471 x 10— 14 1.98 x 10— 8.68 x 10— 4 1.30 x 10— 3 4.65 x 103
0.3 | 4.4701 x 10— 14 7.78 x 109 1.90 x 1073 2.63 x 1073 2.57 x 1072
0.5 | 4.7819 x 10~16 6.34 x 1072 2.28 x 1073 2.83 x 1073 4.43 x 1072
0.7 | 4.5170 x 1014 4.36 x 1075 2.28 x 1073 2.39 x 1073 5.37 x 10~ 2
0.9 | 6.4785 x 10— 14 2.80 x 10°° 2.03 x 10~3 1.64 x 10~3 5.35 x 10— 2

Example 3. In current example, we consider the following fractional pan-
tograph differential equation of [18] :

3 t t 1 t

(31)
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Table 4: Absolute errors for various values of y = 0, a = 3 = %, and N = 10 for Example
2
t; v =0.6 v=0.7 v=0.8 v=10.9
0.2 [ 2.5022 x 1077 | 1.1429 x 10~* | 2.6347 x 10~* | 3.3616 x 10~ %
0.4 | 1.0801 x 107° | 5.3195 x 1075 | 1.3757 x 10~* | 1.9924 x 10~*
0.6 | 6.3865 x 1079 | 3.1052 x 1075 | 7.9303 x 10~° | 1.1741 x 10~*
0.8 | 4.2784 x 1076 | 1.8443 x 1075 | 4.4219 x 1072 | 6.5747 x 1075
1.0 | 5.0278 x 1075 | 2.0332 x 10~° | 4.6987 x 10~° | 6.8103 x 1075

00109
0.0084
0,006
00044

.-

0 T T T T T 05
0 02 04 06 08 1 0

T T T T T
0002 0004 0.006 0.008 001C

X X
‘— exact solution fory=6=1 O approximate solution ‘ ‘—exacl solution —y=09 -~~~ y=0.8 = -y=0.7 — 'y=0.6‘

Figure 2: Plots of (a) exact and approximate solutions, (b) u(t) for a = § =
v =10.6,0.7,0.8,0.9, and N = 10 for Example 2.

1
3, 0=1,

where 0 < 71 < v < 2, with conditions «(0) = «/(0) = 0. The exact solution
is u(t) = t? for case v = 2 and 7; = 1. Substituting the approximations
introduced in the previous sections into (31), leads to the following algebraic
equation:

3

—_ 20Ty POIT ¢ — T (1) LT
~BT () 0

(3.9)

(D(")T(t) C POT ¢

C+t*+t—1=0.
(32)
By choosing N = 10, equation (32) is collocated at roots of Pl(la’ﬁ) (x). Then,
by solving the resultant algebraic system, the unknown vector C can be
determined for some values of a and B parameters. Table 5 displays the
maximum absolute errors for various values of o and § parameters, v = 2,
1 =1,0 =1,and N = 10. The approximate solutions are in good agreement
with exact solution. Equation (31) was solved in [18] by Bernoulli collocation
method. In Table 6, the absolute errors are compared to the values reported

_ fIJ(")T(t) L’(l“l o) PO—)T ¢ _ %@(U)T(t) LT
3

(3.9)
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by [18] at some arbitrary points for N = 10, « = 8 =2, v = 2, 11 = 1,
o = 1. Table 7 shows the maximum absolute errors for « = § =0, v = 1.9, 2,
v =0.9,1, and 0 = 0.5,1,1.5,2. For the case v = 1.9, v; = 0.9, and the case
v = 2, 71 = 1, the best results obtain for ¢ = 0.5 and o = 1, respectively.
The errors given in [18] are greater than the errors of our method at the
selected points on the interval [0,0.5]. A graphical comparison between the
exact and approximate solutions for values of « = 8 = 0, 1 = 0 = 1,
v=1.2,14,1.6,1.8, and N = 10 are shown in Figure 3.

Table 5: Maximum absolute errors for various values of « and 3, vy =2, y1 = o =1, and
N = 10 for Example 3

(@, ) Erroraps (o, B) Erroraps
o0 | Taiorxaoa | (12 | S < o
’ : X B “ 5 5 . X -
(-1, -1) [ 220351072 | (2,2) | 1.2207 x 102

Table 6: Comparison of absolute errors with other methods for Example 3

T, present method Bernoulli Runge_Kutta Variational iteration f-method
method in [18] | method in [18] method in [18] in [18]
0.1 0.0000 3.47 x 1016 1.00 X 10~ 3 1.67 x 10— % 6.10 x 10~ 3
0.2 1.0000 x 10— 21 5.55 x 10~ 16 2.02 x 1073 7.15 x 10—4 2.58 x 10~2
0.3 | 2.0000 x 10—21 3.05 x 10~16 3.07 x 1073 1.73 x 1073 6.47 x 1072
0.4 0.0000 1.14 x 1015 4.17 x 1073 3.30 x 1073 1.37 x 1072
0.5 1.0000 x 10— 20 1.39 x 10— 13 5.34 x 1073 5.50 x 1073 2.81 x 10~2

Table 7: Comparison of maximum absolute errors for different values of 7, 71, and o for
Example 3

Y= 1.9 Y1 = 0.9
c=05 c=1 c=15 o=2
2.2058 x 1073 | 1.0822 x 10=2 | 1.0081 x 10~2 | 1.5358 x 10T
v=2 m=1
c=0.5 c=1 oc=1.5 o=2
3.4229 x 10718 [ 7.2345 x 10722 | 6.8343 x 1073 | 1.1564 x 10~ !

Example 4. Consider the following pantograph fractional differential equa-
tion [18] :

5 t t
DYu(t) = —cult) + 4u(3) + 9u(3) + t2—1, 0<y<l.
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0 02 0.4 0.6 0.8 1

X
’— exact solution y=1.8 y=1.6 ——y=12 — —y=14

Figure 3: Comparison of exact and approximate solutions for 1 = ¢ = 1, v =
1.2,1.4,1.6,1.8, and N = 10 for Example 3.

The initial condition is u(0) = 1. The exact solution is u(t) = 1+ %z +
%xz + 1122—5’67963 in the case v = 1. By applying the fundamental matrices

presented in the previous sections, we get the following algebraic equation:
5
T (1) C + 6{<I><<7>T(t) POT ¢4+ 0@7T(1) F} — 4{eDT(t) LTy ,, POT C
3
+oT) LY ) F} - 9{eT(@) LTy ,, POT C
2> 3>

+oT )LL) F} - +1~0.

)

(3.0
(33)
where the matrices L(%J) and L(%’U) are pantograph operational matrices
corresponding to the delays g = %7 % and u(0) is approximated as ®()7 (t) F.

By choosing N = 10, equation (33) is collocated at roots of Pl(f’ﬁ) (). By
solving the resultant algebraic systems, the unknown vector C' can be deter-
mined for some values of @ and 3 parameters. In Table 8, the absolute errors
of the approximate solutions are listed at some arbitrary points for N = 10,
a = f =7 =1, and various values of 0. As it is seen, the best results are re-
lated to the values 0 = 0.5,1. A graphical comparison between the exact and
approximate solutions is found in part (a) of Figure 4 fora ==y =0 =1.
The plots of u(t) have been compared in part (b) for v = o = 0.75,0.85,0.95.
Also, the error functions of these solutions are depicted in part (c). It is seen
that the approximate solutions converge to the exact solution as + and o
approach 1.
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Table 8: Absolute errors for various values of o, « = 8 = = 1, and N = 10 for Example

4
t; c=0.5 o=0.75 c=1 c=1.5
0.2 | 1.5100 x 10~1° | 1.1748 x 103 | 2.0000 x 10~ | 4.5227 x 10!
0.4 | 3.5176 x 10~® | 2.3520 x 103 | 9.0000 x 102 | 1.0366 x 10~°
0.6 | 6.5190 x 10~® | 4.5162 x 10~3 0.0000 1.9337 x 1070
0.8 | 1.0666 x 10~ | 7.3187 x 103 | 5.0000 x 108 | 3.1543 x 10~°
1.0 | 1.6149 x 10~ | 9.6215 x 10~3 | 3.0000 x 10~'8 | 4.7377 x 10~

(2)

7 T T T T ;
0 02 04 06 08 1
x

— exact solution  © approximate solution ‘

— exact solution y=095 —--y=0.85 ——y=0.75

(©

0.8 s
0.6 -
0.4 -

024 -

Figure 4: (a) Exact and approximate solutions for « = 8 = v = o = 1, and N = 10,
(b) comparison of u(t) for v = o = 0.75,0.85,0.95,1, (¢) maximum absolute errors for
v =0 =0.75,0.85,0.95 for Example 4.
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Table 9: Absolute errors for various values of o, and N = 10 for Example 5

t; c=0.5 c=1 c=1.5 o=2

0.2 | 2.2499 x 1018 0.0000 5.0015 x 107> | 2.4119 x 102
0.4 | 1.3489 x 10717 | 1.0000 x 10~2 | 6.8587 x 10~ | 7.0770 x 102
0.6 | 3.9130 x 10717 0.0000 5.8770 x 1076 | 1.6689 x 107!
0.8 | 8.4580 x 10~17 | 4.0000 x 10720 | 2.1854 x 10~* | 3.1842 x 10!
1.0 | 1.5572 x 10716 | 1.0000 x 10720 | 2.3271 x 10~* | 5.5809 x 10~*

Example 5. In this example, we consider the following fractional pantograph
differential equation of [18] :

Du(t) = () + D7 u(ly + Dy + Tty <ot -

1 4
1 —t3 — 1% 4+ 21t,

2 3

where 0 < 97 < 72 < v < 3. The initial conditions are u(0) = «/(0) =
u”(0) = 0 and the exact solution is u(t) = t* in case 1 = 1, 7o = 2, and
v = 3. By using the approximations introduced in the previous sections, we
get the following algebraic equation:

q)(U)T(t) C— @(J)T(t) POT o — @(U)T(t) LEFl 2 PO—T (o

2

— @(U)T(t) LT  pO—2)T o _

(§7U)

%@(")T(t) LL C

(1.0) (34)

a4, 1 4, ~

t+2t+3t 21t =~ 0.
By choosing N = 10, equation (34) is collocated at roots of Pl(la‘ﬂ) (2). Then,
by solving the resultant algebraic system, the unknown vector C is deter-
mined for some values of o and 8 parameters. Table 9 displays the absolute
errors for « = =0, v = 3, 72 = 2, 71 = 1, and various values of o. In
Table 10, the values of the approximate solutions are shown at some arbitrary
points for N =10, a=8=0,7y=3,v% =2, =1, and 0 = 1. A graphical
comparison between the exact and approximate solutions is found in part (a)
of Figure 5 fora = =0, 0 = =1, 2 = 2, and v = 3. The plots of
u(t) have been compared in part (b) for v = 2.2,2.4,2.6,2.8, 0 = 71 = 1,
and v = 2. It is seen that the approximate solutions converge to the exact
solution as  approaches 3.
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l— exact solution °© approximate solution ]

‘— exact solution

128 =922 - -4 — y=26]

Figure 5: Comparison of (a) exact and approximate solutions, (b) u(t) for
a=0F=0,and N=10,7% =2, 11 =1,and c =1, and v = 2.2,2.4,2.6,2.8

for Example 5.

Table 10: Comparison of absolute errors with other methods for Example 5

t; present method Bernoulli Runge-Kutta | Variational iteration
method in [18] | method in [18] method in [18]

0.2 0.0000 5.31 x 10~ 13 4.43 x 101 2.98 x 10~ 10

0.4 | 1.0000 x 10—2! 1.24 x 10~12 3.85 x 1073 1.01 x 108

0.6 0.0000 2.89 x 10~10 1.39 x 102 8.24 x 10—8

0.8 | 4.0000 x 10—20 6.49 x 10~10 3.53 x 1072 3.76 x 10~7

1.0 | 1.0000 x 10—20 1.23 x 109 7.34 x 10~2 1.26 x 106




64 H. Ebrahimi and K. Sadri

064 ] N
041 02

02 01

0.2

0.4 -084

T T T T T T T

0 05 1 15 2 0 05 1

X X
l—exactsolution © approximate solution‘ — exact solution —-y=1.6 —--y=17----y=18 y=l.9‘

1

Figure 6: Comparison of (a) exact and approximate solutions, (b) u(t) for a = 8 = —

and N =7,0 = %, and v = 1.6,1.7,1.8,1.9 for Example 6.

Example 6. Consider the following nonlinear fractional pantograph differ-
ential equation of [18] :

t
DYu(t) =1— 2u2(§), l<y<2.

The initial conditions are u(0) = 1, v/(0) = 0 and the exact solution is
u(t) = cos(t) in case v = 2. By using the approximations introduced in the
previous sections, we get the following algebraic equation:

() C+2uT U o (t)—1~0, U=LE

G POTTCHLY ) F, (35)
where 1(0) = 1 is approximated by ®@7(¢) F and U is the operational ma-
trix of product corresponding to the vector U. By choosing N = 7, equation
(35) is collocated at roots of Pg(a”g)(m). Then, by solving the resultant alge-
braic system by means of Newton’s iteration method, the unknown vector C
is determined for some values of o and 8 parameters. Table 11 displays the
absolute errors for « = 8 = 3/2, v = 2, and various values of . In Table 12,
the values of the approximate solutions are shown at some arbitrary points
for N =7 a=p8=-1/4, 0 = 1/2, and various values of 7. A graphical
comparison between the exact and approximate solutions is found in part (a)
of Figure 6 for « = = —1/4, 0 = 1, and v = 2. The plots of u(t) have been
compared in part (b) for v = 1.6,1.7,1.8,1.9, and ¢ = 1/2. It is seen that
the approximate solutions converge to the exact solution as v approaches 2.
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Table 11: Absolute errors for various values of o, and N = 7 for Example 6

t; c=0.5 c=1 c=1.5 o=2

0.0 [ 2.4053 x 10~7 | 6.0568 x 10=7 | 5.6194 x 10~ | 1.1748 x 102
0.2 | 4.0376 x 1078 | 7.7581 x 10! | 2.3175 x 1073 | 1.0518 x 1072
0.4 | 4.1630 x 1078 | 4.1069 x 10719 | 1.7587 x 103 | 7.6767 x 1073
0.6 | 8.1380 x 1078 | 5.3919 x 10710 | 9.8358 x 10~* | 3.3268 x 1073
0.8 | 2.3864 x 1077 | 2.3463 x 10717 | 3.8368 x 107* | 2.4282 x 103
1.0 | 5.8922 x 1076 | 5.4779 x 1072 | 4.2678 x 1074 | 9.5443 x 1073

Table 12: Absolute errors for various values of v, and N = 7 for Example 6

t; v=1.6 v=17 v=1.8 vy=19

0.0 | 1.9622 x 10~7 | 1.1006 x 10~7 | 2.1920 x 10~7 | 5.1996 x 10~8
0.2 | 1.1452 x 1075 | 2.9183 x 107° | 4.5715 x 1072 | 2.5122 x 10~°
0.4 | 1.4694 x 1075 | 4.2206 x 1075 | 7.3289 x 10~ | 7.9829 x 10~5
0.6 | 1.4420 x 1075 | 4.6407 x 1075 | 8.8547 x 10~° | 1.0437 x 10~°
0.8 | 1.0683 x 107° | 4.2124 x 10~° | 9.0686 x 107> | 1.1652 x 10~*
1.0 | 4.2390 x 1076 | 3.0183 x 107° | 7.9795 x 10~° | 11529 x 104

9 Conclusion

In this paper, the Jacobi operational method was used to numerically
solve the linear and nonlinear fractional pantograph differential equations.
This approach was based on the shifted fractional-order Jacobi functions
on the interval [0, 1], which converted a given linear or nonlinear fractional
pantograph differential equation into a set of linear or nonlinear algebraic
equations. Another advantage of the proposed method was that the coeffi-
cients of the Jacobi series solution were easily found by using the presented
algorithms. These algorithms decrease the computational costs compared
to other methods such as the Bernoulli collocation method as it applies the
lesser numbers of operational matrices. By using the introduced algorithms,
the operational matrices of fractional integration, product, and pantograph
were simply constructed. The illustrative examples confirmed the validity
and simplicity of the proposed approach. It was found that the absolute er-
ror of this method is lesser than the errors of other common methods and the
errors of our proposed method were almost constant on the studied interval.
This demonstrates the stability of the applied Jacobi collocation method. Il-
lustrative examples with satisfactory results were used to demonstrate the
application of this method. Suggested approximations make this method
very interesting and effective to the good agreement between approximate
and exact solutions. Almost the results obtained by the technique developed
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in this paper were more accurate than the results obtained by the Bernoulli
collocation, Runge-Kutta, variational iteration, and #- methods.
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The network 1-median problem with
discrete demand weights and traveling
times
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Abstract

In this paper, the 1-median location problem on an undirected network
with discrete random demand weights and traveling times is investigated.
The objective function is to maximize the probability that the expected sum
of weighted distances from the existing nodes to the selected median does not
exceed a prespecified given threshold. An analytical algorithm is proposed to
get the optimal solution in small-sized networks. Then, by using the central
limit theorem, the problem is studied in large-sized networks and reduced
to a nonlinear problem. The numerical examples are given to illustrate the
efficiency of the proposed methods.

Keywords: Facility location; 1-median problem; probabilistic weights; prob-
abilistic traveling times.

1 Introduction

In the classical deterministic p-median problem, the purpose is to locate p
new facilities on the links or nodes of a given network G, so that the total
weighted distances from all nodes that are considered as demand points to
the nearest facility, is minimized. The p-median problem on general net-
works is N P-hard; see [8]. In a tree network, Kariv and Hakimi [12] proved
that the problem can be solved in O(p*n?) time. Tamir [18] improved the
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time complexity on tree networks to O(pn?). Hakimi [10] demonstrated that
the classical 1-median problem has nodal optimal solution, and Goldman [9]
presented a linear time algorithm to find the optimal solution. For the case
p = 2, an O(nlogn) time algorithm was provided by Gavish and Sridhar
in [7].

Determining precise demand weight of each node may be impossible. For
example, the number of patients arising from different regions going into a
hospital cannot be predicted precisely. Therefore, it is desirable to treat
demand weights as random variables. Frank considered a probabilistic case,
in which the demand weights are random variables with arbitrary known
or estimated probability distributions, [5]. He discussed the median and
center problems on a network with independent random demand weights
and extended the classical 1-median problem to the maximum probability
absolute median (M PAM) problem. The M PAM problem seeks to find
a new facility maximizing the probability that the total weighted distances
from all nodes to the new facility is less than or equal to a given threshold.
He also defined a maximum probability center to maximize the probability
that the maximum weighted distance is less than a prespecified threshold
value. Later, the results for the maximum probability median were extended
by Frank to the case where demand weights are correlated normal random
variables, [6].

Berman and Wang [2] extended the problem to some single facility lo-
cation problems as maximum probability 1-median, 1-anti-median, 1-center,
and l-anti-center problems with independent discrete random weights and
presented efficient algorithms to solve these problems. In [3], They also stud-
ied the p-facility location problem with maximum probability and formulated
it as a linear integer programming problem, then determined the solutions in
large-scaled networks by using the normal approximation.

Puga and Tancrez [16] studied a location-inventory problem for the de-
sign of large supply chain networks with uncertain demand and proposed a
heuristic algorithm to solve the problem. Bieniek [4] considered the single
source capacitated facility location problem with independent and identically
distributed random demands. The unified of a priori solution for the loca-
tions of facilities and for the allocation of customers to the operating facilities
was found.

The distances between nodes can also be considered as nondeterministic
parameters. The uncertainty about the lengths of the links of a network often
occurs when the lengths are measured in units of traveling times instead of
geographical distances. Mirchandani and Odoni studied the p-median prob-
lem when traveling times on the links are discrete random variables, [13].
The p-median problem with continuous random lengths of links, was studied
by Handler and Mirchandani, [11]. They formulated the problem for locating
p medians and provided an algorithm for the 1-median problem. The uncer-
tainty in link traveling times can also be considered in some other location
problems. Berman et al [1] studied the maximum covering location problem



The network 1-median problem with discrete demand weights ... 71

on a network with traveling time uncertainty represented by different travel-
ing time scenarios. The proposed models were applied to the analysis of the
location of fire stations in Toronto, Canada.

In this paper, a new case is proposed in which the weights of nodes and
the traveling times on links are both discrete independent random variables.
The problem is to find the location of the new facility in such a way the
expected sum of weighted distances is less than a prespecified value with
maximum probability. The problem is studied in both small and large-sized
networks. In Section 2, the problem formulation is stated and an expected
1-median with the maximum probability is defined. The solution approach
for small-sized networks is stated in Section 3, and a precise algorithm to get
the optimal solution is presented; then a numerical example is provided. In
Section 4, by using the normal approximation, the solution is determined in
large-sized networks and a numerical example is presented. Summary and
conclusions are stated in the last section.

2 Problem formulation

Let G = (N, E) be a network, where N is the set of nodes and E is the set
of links with |N| =n and |E| = m. The weight of each node vy, € N, h =
1,...,n is denoted by wy. Let the link connecting two nodes v; and v; and
its length be denoted by e;; and l;;, respectively. In a deterministic network,
the shortest distance between two points y,x € G is denoted by d(y, ). Let
x be a point on the link e;; at distance x from node v;; then the shortest
distance between x and an arbitrary point y is given as follows:

d(y, z) = min{d(y, v;) + =, d(y, v;) + l;; — z}. (1)

Hence the shortest distance from point y to x € e;; is covered via node v;
or node v;, whichever that is shorter. In a stochastic network, each link e;;
has a deterministic geographical length ;;, that is a real positive fixed value.
Moreover the traveling time along the link e;; is a random variable dependent
on the traveling speed. In this case, the distances are computed in terms of
traveling times. It is clear that the traveling speed along each link may be
changed under such various conditions as traffic congestion.

To introduce the traveling time of a link, we use the inverse of traveling
speed. Let the traveling time and inverse of traveling speed along the link
e;j be denoted by T;; and SP;;, respectively. If SP;; is a discrete random
variable, Tj; is also a discrete random variable equal to SF;;l;;. In this
paper, the random values for the inverse of traveling speed of the link e;;
are considered to be independent from the other links and chosen from the
set {sp}j, sp?j, e spg7} , where Uj; is the number of all states of traveling
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speed in the link e;;. The relevant probability to spj; on the link e;; is Pj;
for u = 1,...,Ui]‘.

Because of random values for traveling times, the network G gets into
different state-based networks G,. Let Ggiate = {Gr, 7 = 1,..., R}, where
R =TI, cp Uij- We define

WD, (x) :thdT(vh,x), r=1,...,R (2)
h=1

as the total weighted traveling time from all nodes to the point x in the rth
state G, € Ggtate, in which d,.(vp, x) is the distance between vy, and x € G,
that is determined by equation (1) noting that the traveling time of each
link e;; € E is computed by sp;;l;;. Then the expected 1-median problem is
defined as below.

Definition 1. The expected 1-median problem in network G with probabilistic
distances seeks to find a point x which minimizes

E(WD(z)) =Y P,WD,(x), (3)

where W D(x) is the random variable denotes the weighted traveling time from
all nodes to the point x having the values WD, (z), r = 1,..., R computed
by expression (2), and P, is the probability of the rth state in set Gsiate. The
function E(W D(x)) is known as the expected 1-median function.

In continue, an independent discrete random weight W), is allocated for
each node v, € N. The discrete values of W}, are denoted by wy[k], k =
1,..., K}, where K} is the number of different situations for the weight of
node v, € N and it is assumed that wy[k] < wp[k+1] for k=1,..., K, — 1.
The probability corresponding to wy[k] is denoted by Pj[k], k =1,..., K}.
Let T be a preselected admissible threshold. The proposed objective function
is maximizing the probability that the expected 1-median function (3) does
not exceed the given threshold 7. Here T is an upper level, which is given
by the decision maker.

Definition 2. Let the weights of nodes and the lengths of links be independent
discrete random variables with known probabilitics. A point x € G is an
expected 1-median with the mazxzimum probability if it maximizes the following
probabilistic objective function:

R
P’ PWD,(z) <T) (4)

and consequently
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R n

ZPTZthT (vn,z) <T),
r=1

where P'(.) is the probability corresponding to the random weight vector of
nodes.

The expected 1-median with maximum probability is N P-hard on general
networks; see [2].

2.1 Calculating a lower bound

In this section, we provide a lower bound approximation for the objective
function (4) at each point z of G. The lower bound can be calculated as an
expected function, which would be readily calculated in comparison with the
probabilistic objective function (4); see Lemma 1.

Lemma 1. If pj, = ZkK"l wh[k]P,’l[k:], h=1,...,n is the expected value of
Wh, then the probability P’(ZT 1 PrWD,(x) < T) is greater than or equal
tOliZT 1PZh1T (Uh7 )

Proof. Based on Markov’s inequality, if X is a nonnegative random variable
E(X) . E(X)
anda > 0, then P(X > a) < or in other words P(X < a) > 1———=,
a

where F(X) is the expected value of X. Therefore, Since Wy,...,W,, are
independent random variables, the following inequalities hold:

ZP Zth (o, 2) <T)>1—-E ZPZ - (vn, 7))
r=1 r=1

R

E(W,
NS %m%@
r=1 h=1
R n
r=1
which completes the proof. O

Lemma 1 determines a lower bound approximation for the function (4),
when a given point is available as the solution for the expected 1-median with
maximum probability problem. This helps to correct the available value of
T and estimates a more reasonable amount to the preselected threshold. To
determine the solution of the expected 1-median with maximum probability,
we define the antipode points which are originally introduced by Frank, [6].
Using the antipode points, we bring forward the state-based primary regions
in links, which are useful to estimate the distances; see [2].
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Definition 3. For each node v, € N and each stater,r =1,..., R, the point
zijh on the link e;; is called an antipode associated with the node vy, in state
r, if the following equation holds:

zghspfj +dy(vp,v;) = (Lij — zi]h)sp:] + d;(vp, vj).

An antipode 2" ), on the link e;; provides two regions [v;, zr 7 ]and [ o 5],
where the dlbtances between the points on the link e;; in each of these regions
and the node v, in state r can be distinctly computed. Considering all
antipode points and gathering them up together yield some basic intervals
on e;;, which we call them the state-based primary regions; see Definition 4.

Deﬁnition 4. The set of all points between two consecutive antipodes z”, 1

and 2 ,, k in the link e;; assocmted with the node v; € N in the state ' and
node v, € N in the state r”, (v',r" € {1,...,R}) is called a state-based

ij g
primary region [z, , 2,7 1.

Recall that the state-based primary regions are special with a remarkable
property that the distances from any node vj, in each state r to all points
x € [z, 27, ) are computed either by xspj; + d,(vn,vi) or (lij — x)spj; +
dr(v;“v]) and it remains unchanged throughout this region. By using this
property, the 1-median objective function in the state r, that is, WD,.(z) =

>n_i wpdy(vp, ), in each state-based primary region can be computed.

Next, a reformulation of the expected 1-median problem with maximum
probability is given. Since the weights of nodes are discrete random variables,
there are different situations in network. Let the set of all situations for
the vector of weights be denoted by Wiiate = {WS|W* = (wi,...,ws),s =

.S}, where S = [],_, K, and W* denotes the vector of weights in
situation s. Therefore, the weight of node vy, h = 1,...,n, in situation s,
s = 1,...,5 and its probability are denoted by wj and P};S, respectively.
For all W* € Wyate and € G, the following characterization function is
provided to calculate the objective function (4):

1 SE P wid (v, x) <T
Yis(z) =4 r=1471 2.n=1 Wptr(Vh; )
we (@) { 0 otherwise. )

By applying this characterization function, the objective function (4)
would be rewritten as follows:

Yive () Ply.
max f(z) Z we () Py (6)

where Py. =[], cn P,%; see [2].
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3 The solution approach

In this section, two lemmas are provided to determine the optimal solution of
the expected 1-median problem with maximum probability when the thresh-
old T is selected from some regular intervals. Furthermore, when T is selected
out of these regular intervals, an algorithm is represented to find the opti-
mal solution; see [2]. The l-anti-median and 1-median problems are used in
Lemmas 2 and 3 to indicate some regular intervals for threshold 7', where
all points in the network G are optimal with probabilistic objective function
equal to 1 and zero, respectively. In l-anti-median problem, the purpose is
to find the location of a facility in the network, where the total weighted
distances from all nodes to the facility is maximized. The point z is 1-anti-
median, if it maximizes Y, _, wpd(vs, x), where the weights and distances
are fixed values. For more details and the solution approaches, see [14].

Let z, be the optimal solution to the following 1-deterministic-anti-
median problem:

max Z wp[Kr]dy (p, ),

for r = 1,..., R, where wy[K}] is the largest probabilistic weight corre-
sponding to node vy. Also let x/. be the optimal solution to the following
1-deterministic-median problem:

for r =1,..., R, where wp[1] is the smallest probabilistic weight correspond-
ing to node vy. Lemma 2 provides an upper level value to the threshold T,
while Lemma 3 provides a lower level value to it. If T is selected greater
than the estimated upper level or smaller than the estimated lower level,
then the maximum probability expected 1-median solution would be readily
determined.

Lemma 2. If A = argmax,—1,._ g Y ny Wn[Kpldy(vp,z,) while x4 is the
corresponding 1-deterministic-anti-median solution to the following problem:

n

K ld
max h_lwh[ nlda(vn,x)

and T is given in such a way to satisfy the constraint

n
Z wp[Kplda(vp,za) <T,
h=1

then each point x € G is the expected 1-median solution with the mazimum
probability equal to 1.
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Proof. The weights of the nodes v, € N are assumed to be arranged in
ascending order; therefore, the following inequalities hold:

wh[l] < wh[Q] <--e < wh[Kh].

Considering the above inequalities together with the definition of x4 yields
the following inequalities for an arbitrary z:

ZP th Uh, )
wp [Kp]dr (g, © Z

M:o

Pr ]dr('Ufuwr)

IIMﬁ

P,

M= 1
S

wh[Kh]dA(vh,:zzA) = th[Kh}dA(vh,xA) S T.
h=1

Il
-
>
Il
-

r

Hence Y- (z) = 1 for all W* € Wi and x € G; therefore, the objective
function value at every point z € G is equal to 1, that is, all z € G are
optimal. ]

Lemma 3. Let B = argmin,—1 gy ,_, wp[l]d-(vp, x)), where 'y is the
1-deterministic-median solution to the following problem:

min E wp[1)dp (vp, x).

.LEGB

If T < Yn_ywp[lldp(vh, 2%), then all points © € G are optimal to the
expected 1-median problem with mazximum probability equal to zero.

Proof. Considering the definitions of z'5, the following inequalities hold:

T<th dB Uh,l'B ZP th dB ’Uh,.’bB)
r=1

h=1
<ZP th - (vn, @ <ZP th (v, x)
r=1 r=1

R

<2 P> wnlkldr(on,2)

r=1

The foregoing inequalities yield Yiys(z) = 0 for all z € G and W* € Wate;
therefore, all points € G are optimal with probability equal to zero. O

Lemma 4 provides a sufficient condition to ignore some links, which along
them, the characterization function (5) is equal to zero.
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Lemma 4. Let v; and v; be two adjacent nodes, where Yy =(v;) = Yy« (v;) =
0, for some W* € Wyiqate; then Yys(z) is also equal to zero for all x € e;;.

Proof. By the assumption, Yy =(v;) = Yyy=(v;) = 0; therefore, the following
inequalities hold:

R n
ZPT Zwidr(vh, v;) > T,
r=1 h=1

R n
Z P, Z widy(vp,v;) > T.
h=1

r=1

Furthermore, each function d,(vp,z) is concave in each link e;;; see Figure
1. Therefore, the function:

R n
Z P, Z wi dy(vp, x)
r=1 h=1

is concave on the link e;;; see [14]. This yields the inequality

R n
SRS widi(on,x) > T
h=1

r=1

for all z € e;; and consequently Yy« (z) = 0, which completes the proof. [

e (vn, %) &

e (o)

dy (v ) &

.
=
syl
0 i il x
v

Figure 1: The figure of function dy(vy, x) on the link e;;.

Let the threshold T be selected between the upper and lower bound values
provided by Lemmas 2 and 3,

> wnl]dp(vn, 25) <T <> wn[Knlda(vn, z.4).
h=1 h=1
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In this case, the solution of the expected 1-median problem with maximum
probability would be determined by defining some new points z in network
links, where the characterization function Y. (z) for the weight vectors
W9 € Wiiate would change. First some special points in stated-based pri-
mary regions, called jump-points, are specified as introduced in [2]. Then it is
shown the objective function (6) would be changed only at the jump-points.
The shortest path from the points in a state-based primary region on the
link e;; to each node v, would be obtained through the node v; or v; without
switching to the other node. Hence, the value of objective function (6) can
be readily computed in all jump-points in each state-based primary region.
Therefore, the optimal solution in each primary region would be determined.
By comparing all solutions in the state-based primary regions together, the
local optimal solution in each link would be obtained.

Let [ LAE z k] be a state-based prlmary region associated with the nodes
[ and k in the link ei; in states 7’ and r”, respectively. Then the set of nodes
N and the set of states corresponding to the traveling times of links, Ggtate,
can be partitioned into two sets L_, and K;C, as follows:

Ly =A< 20} KD = {0z, 2 20}

Indeed, the set L, includes the pair indices (h,r), where h corresponds to
the node v, € N and r corresponds to G, € Giqte, S0 that the position
of antipode zﬁjh in the link e;; is before the position of the antipode z?,’l
associated with the node v; in the state r’. The set K " is defined similarly.
Therefore, for (h,r) € L, the distance between any point = € [z T,. l,zfﬂ, i)
and the node vy in the state r is determined through the node vj, that is,
dr(vn, z) = spi;(lij — x) +d,-(vp, v;), where sp; is the inverse of the traveling
speed on the link e;; in the state ». The corresponding value for d,(vp,x),
where (h,r) € K, would be determined through node v; in a similar manner.

As an example, consider the small network shown in Figure 2 with three
state-based networks G1,G2, and G3 with spiy = 0.5, spi, = 0.3, spss =
0.3, sp§4 = 0.5 for r = 1,2,3 and spi; = spi, = 0.2, sp?y = sp3, = 0.3
and sp3; = sp3, = 0.4. Consider the link ejo, then the set of antipodes
associated with the node 3 is {z1%, z3%, 233} = {3.7,2.7,2.7} and with the
node 4 is {21%, 2%, 233} = {3.4,4.1, 1. 8}; see Figure 2. For the primary
region [2523721 4] = [2.7,3.4], we have Ly = {(2,1),(2,2),(2,3),(3,2),(3,3)}
and K" = {(1,1),(1,2),(1,3),(3,1) (4,1),(4,2),(4,3)}. Note that for all
states 7, the antipodes corresponding to the nodes 1 and 2, are the points
l12 = 6 and 0, respectively. Now consider one of the weight vectors We e
Wtate with components wj,h = 1,...,n. So for any point z € [ e r],/ k)
the following relationships hold [2]:

ZPT ZwidT(vh,x) <T
T h
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Figure 2: The state-based primary regions in the link ez in a small-sized network.

= Z Powid, (v, x) +

(T,h)EL:,

or

> P (do(vn,vg) + sply (i — x)) +

(T,h)GL;,

= Y Pawj(de(on,v)) + spjliy) +

(r,h)EL,

Z Pwpd.(vp,x) <T
(T7h)eK,,J,r//

(r,h)eK),

(r,h) EK:FH

+ ( Z Prwpspi; — Z Prwyspi;)x < T.

(h,r)EK],

Definition 5. If inequality (7) is binding at a point V", then x

(h,r)EL;,

ws

a jump-point with respect to weight vector W# € Wgiate.

If we set

> Pawj(dp(vn, v))+spiliy) = AV

(r,h)eL (rh)eK},
and
s T s r _ ~AW?®
Y. Puwispy— Y Pwispl;=Cllp) ks
(hr)EKT, (h,r)eL,
then we e
st T_AT',,L _B,,J/7K

WS
Clor L), 1)

Z Prwy (dr (vn, vi) + spjjz) <

Z Prwjd,(vp,v;)

Z Powpd,(vp,v;) = BE{,K

<T

(7)

is called

s
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Let J be the set of all jump-points in state-based primary region [zﬂl, zf,j,,k]

unified with two boundary points {2 ,, 2", }.

Lemma 5. The expected 1-median objective function would change only in
the points belonging to the set J.

Proof. The objective function value would change in some point z, if the
value of Yyy«(x) is changes from 0 to 1 or vice versa for some vectors W?*.
This guarantees that these points belong to the set J. O

If a local optimal solution in a state-based primary region in some links is
given, Lemma 6 provides some optimal intervals in this region. The coefficient
of variable z in inequality (7) is a criterion, which determines the optimal
intervals; for more details see [2].

Lemma 6. Let 'V~ € [z:ﬂ], b zi],, ) be the local optimal jump-point while y}’Vl
and yy” * are the left and right consecutive jump-points to =W | respectively.
Then the optimal interval in [z |, 27, ] is determined as follows:

1. If C(Vr‘*/’fL),(r”,K) >0 and C(VT‘,/,TL)’(T,,K) <0, then the interval [yV", V"]
s optimal.

2. If C’(V%SL) iy < 0 and C’(VX,QL) .5y = 0, then the interval [xWS,ygVQ]
s optimal.

3. If C(‘:‘”/’TL),(Tf{,K) > 0 and V" is the first jump-point after zi{L, then the
interval (Zf_],,L,mWS] is optimal, where the starting point of the interval

can be distinctly verified.

4. If C(VZSL) Ky S 0 and V" is the last jump-point before Zg/,}(: then

the interval [$WS7zi?,’K) is optimal, where the end point of the interval
can be distinctly verified.

Proof. The coefficient of variable z in inequality (7) is C(VTV,SL) oy
C(‘;{"/’.,L),(r”,K) > 0 and C(nyLMr/,,K) 1§ 0, then Yyys(z) = 1 for all z < W'
and Yy (z) = 1 for all z > y}¥' . For other vectors W', which their
respective jump-points z lie outside the interval [y .2"°], the values of
Yw(x) remain unchanged in this interval. Note that if C(VX,IL) o iy > 0 and

C(V:“/;TL),(T”,K) > 0, then Vi1 (z"") = 0. Therefore, f(z"") < f(y?V"), which

contradicts the optimality of point 2" . The other cases can be proved

similarly. Note that the rest of states for C(WT,TL)’(T,,’K), C(WW’L)’(T,,’K), and

C(V;/,ZL) (77 k) ATe impossible, since they contradict the optimality of point

AL O
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3.1 The Algorithm: finding a global optimal solution

In this section, Algorithm 1 is represented to describe that how a local opti-
mal solution can be obtained on an arbitrary link and consequently a global
optimal solution is determined. Recall that if two arbitrary adjacent nodes,
say v; and v;, have the same zero objective function values, then all points on
the link e;; have also objective values equal to zero. Therefore, these edges
should be ignored in the proposed algorithm. In other side, as described in
Lemmas 2 and 3, the solution can be determined directly for spacial values of
T. The idea of Algorithm 1 is to specify the state-based primary regions on
all links and obtain the local optimal solution in all regions. Hence, Ggzqte the
set of all state-based situations for the network G, , and the set of all weight
situations, Wiiqte, are determined. Then the primary regions are located
by computing the antipodes while the set of jump-points are determined in
each primary region, as well. The corresponding value of the objective func-
tion (6) is estimated for all jump-points = by evaluating Yy« (z) for vectors
W?* € Wetate- By comparing these solutions, the optimal solution in each
primary region and consequently on each link would be determined. Finally,
the global optimal solution in the network would be determined by compar-
ing the local optimal solutions on all links, while the optimal regions are fully
specified by Lemma 6.

In the represented algorithm, the maximum number of state-based pri-
mary regions in each link is (n — 2)R + 1 and the maximum number of
jump-points in each link is S((n—2)R+1), where S and R are the number of
states for the weights of nodes and the traveling times of edges, respectively.
To specify the solution, the values of Yyys, s =1,...,5 for each jump-point
should be estimated. Therefore, if any link is not ignored by Lemma 4, in the
worst case, the time of algorithm in network would be mS?((n — 2)R + 1).
This time would be so long, particularly for large-sized networks. In section
5, we propose a method to solve the problem in large-sized networks without
using the Algorithm 1.

3.2 Numerical example

In the following, a numerical example is provided. The optimal solutions are
estimated for different values of threshold T by performing the steps of Algo-
rithm 1 in MATLAB R2014a, and the sensitivity analysis for different values
of weights is proposed. Using Lemmas 2 and 3, some regular intervals for
threshold T are introduced, where the optimal solutions along them would
be readily obtained.

Example 1. In this example, we study an squared network given in Figure
3 with 25 nodes and 40 links. The lengths of the links have been written next
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to the links while the weights of the nodes with their relevant probabilities
are shown in Table 1. The traveling speeds in different states for each link
e;; with their relevant probabilities are given in Table 2.

Algorithm 1 Determining the expected 1-median with maximum probabil-
ity in the link e;;

1: Determine the solution of the deterministic prob-
lems min,—y gmingeq, Y n_; wpll]d, (vp, ') and
max,—1, . grMaXzeq, Y ney Wn[Kpldy (v, z), set their optimal val-
ues as L and U, respectively. If T' < L or T' > U, then the optimal
solutions are determined by Lemmas 3 and 2, respectively. Otherwise go
to step (2).

2: Consider the set of all state-based situations for the network G as Ggigte =
{G,,r=1,...,R} in which R = HEUGE U;; with relevant probabilities
P = Heue g Pi;, where P is the probability that the link e;; has the
traveling time d.(vi, v;) = spj;lij.

3: Arrange the demand weight situations in the set Wyiqre = {W?9| W5 =
(wy,...,ws),s=1,...,S} with relevant probabilities Pj,. =[] P,
fors=1,...,5. B

4: Determine and sort the set of Z' = {2/, |h = 1,...,n, h #i,j, 7=
1,...,R}U{0,l;;} on the link e;; € F in ascending order. Rename the

v EN

members of Z¥ as z,, k= 1,...,|Z%].

5. Set Wiare = Watate \{W?*|Yiws (v;) = Yiv=(v;) =0} and k = 1.

6: Determine the state-based primary regions [zx, zx+1], where zj, zp11 €
Z¥W, and the jump-point set J, = {zk|ak = PALA=

[Zk,zk+1]for some vector W% € Ws,tatev d=1,... 7l)}, where D = |Jk|
Set g=1,d =1 and f(zf) = 0.

7. If Yiva(2®) = 1, where W4 is the gth member of W.,,,., set f(zk) =
f(x®) + Pj,,, else go to step (8).

8 Set q=q+ 1. If ¢ < W/, 1], then go to step (7), else set d =d + 1 and
go to step (9).

9: If d < D, set f(z%) =0, ¢ =1, and go to step (7), else go to step (10).

10: Set x}(fpt = arg max, f(a%).

11: Set k=k+1,if k <|Z%| -1, go to step (6), else go to step (12).

12: Set x,,, = argmawkzl,mJZu|f(:c’§pt).

The upper and lower bound values provided by Lemmas 2 and 3 are
5716.435 and 310.2833, respectively. Therefore, if T > 5716.435 or T <
310.2833, then all points of network G are optimal with probabilities equal
to one and zero, respectively. In addition, using the proposed algorithm, it
can be numerically verified that, for values of T < 1050 and 7" > 1900, the
optimal objective function value is equal to zero and one, respectively.

To verify Algorithm 1 in details, we consider the threshold T' = 1100. By
applying Lemma 4, only the links e712,€513,€11,12,€12,13, €12,17, €13,14 and
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Figure 3: A squared network with 25 nodes.

Table 1: The weights of nodes in different states

nodes 1 2 3 4 5 6 7 8 9 10 11 12 13
state 1 75 35 33 59 47 57 56 72 23 8 78 62 53
state 2 69 68 18 88 74 54 28 5 90 90 40 50 96
state 3 44 36 4 67 9 50 57 25 72 41 32 55 4
state 4 47 94 57 28 80 43 82 27 7 38 50 78 39
state 5 75 28 33 76 43 33 53 72 60 44 41 15 68
nodes 14 15 16 17 18 19 20 21 22 23 24 25 Probability
state 1 82 18 51 75 48 27 72 8 32 46 T4 4 0.2
state 2 T 18 10 54 6 9 25 88 51 1 66 73 0.25
state 3 57 6 19 16 69 23 41 27 56 51 63 62 0.15
state 4 101 32 38 97 107 46 90 68 7 28 24 87 0.1
state 5 47 17 36 9 57 29 58 44 48 66 72 48 0.3

Table 2: The different traveling speeds

State 1 2 3 4 5 6

link traveling speed 10047+ 75 0+:+7 504+1i+7 4043+ 7 80+4+1i+7 0+:i+7

probability 0.15 0.2 0.1 0.25 0.23 0.07
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e13,18 have to be searched for state s = 3 and the other states s = 1,2,4,5 as
well as the other links would be ignored. We follow the steps of algorithm for
links ej2,13 and ej3,14. The antipodes of the link ej5 13 are sorted ascending
according to their distance from vertex 12, as follows:

Z'213 — {0, 5.5061, 5.6330, 5.8108, 5.8753, 5.9289, 5.9742, 9}.

The jump-points obtained by equality (7) are all outside the primary regions
and the only jump-points of the link e;2 ;3 would be its antipodes. Computing
the values of Zle P, 2,215:1 wid, (v, 21) for z, € Z1213 k =1,...,8 results
in Yiys(2,) = 1. So all points in the link e;2 13 are optimal with the objective
function value equals to 0.15. The other evaluated link is e;3,14, where its
antipode set is

Z13:1 = 10, 1.5085, 1.6971, 1.9164, 2.1749, 2.8602, 3.3285, 3.8673, 5.3977,
7.4310, 8.1409,8.7211, 9.2043, 33.5780, 34.0291, 34.6129,
34.8126, 34.9741, 35.1074,44.9147, 45.7261, 45.7886, 46.9351,
46.9441, 47.4125, 47.8139, 48.0984, 48.1616, 48.2600, 48.5373,
48.6747, 48.9968, 49.1737, 49.2538, 49.4117,
49.6128, 49.7849, 69.6898, 71.4483, 72}

Again, the jump-points obtained by equality (7) are outside the primary
regions and the set of jump-points includes just the antipodes. For antipodes

{0, 1.5085, 1.6971, 1.9164, 2.1749, 2.8602, 3.3285, 3.8673, 5.3977} C Z'314

the value of Yyys is equal to 1. Therefore, the optimal interval obtained by
Lemma 6 is [0, 5.3977] with optimal probability 0.15. Using Algorithm 1, the
solutions for different values of T' with their objective (Obj) function values
are determined and inserted in Table 3. The obtained optimal intervals (Int)
in corresponding links with running times (t) are also reported. Moreover,
the variations of the objective function (4) with respect to different values of
T are released in Figure 4.

Next, we develop a sensitivity analysis to the solutions by certain pertur-
bations in the weights of nodes and traveling speeds of links. The weights of
all nodes are assumed to be equal to 75 in all 5 states with relevant probabil-
ities {0.55, 0.1, 0.1, 0.1, 0.15} while the lengths of all links are considered
equal to 50. In addition, 6 states are considered for links’ traveling speeds that
are assumed to be the same for all links equal to {100, 70, 50, 40, 80, 90}
in states r = 1,...,6 with relevant probabilities given in Table 2. The weight
of node 1 is multiplied by 100 in the first state, that is, wi = 7500. This
alteration results in the solution of maximum probability expected 1-median
problem for T' = 3700 being attained in node 13 with probability 0.45. More-
over, Yy (z*) = 1 for the states s = 2,3,4,5 and Yy (2*) = 0, where z*
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denotes the optimal solution, also the interval [0, 6.8090] in the link e13 15 is
optimal.

By increasing the value of T' from T = 3700 to T' = 6000, the optimal
value of the objective function remains unchanged while the optimal solutions
would be spread in the network. For T = 6000, all nodes except 1, 5, 21
and 25 lie in the optimal solution set. If T' = 6100, only the node 1 is
optimal with objective function value 1. In this case, the value of T is larger
than the expected sum of weighted distances from all nodes to node 1 in all
states s = 1,2,3,4,5. Notice that if the median is in node 1, the expected
sum of weighted distances from all nodes to node 1 is the same in all states
s=1,...,5.

Next, we multiply the weight of node 25 in state 5 by 100 while the other
information remain unchanged. For T' = 3700,...,6000, the optimal value
of the objective function is 0.3. The solution for 7" = 3700 is node 13, by
increasing the value of T to T' = 6000 the value of optimal probability does
not change but the number of optimal points is increased. For T' = 6000 all
nodes expect 1, 5, 21 and 25 lie in the optimal points’ set. For T = 6100
the optimal probability is changed to 0.85 whereas the optimal solution set
is reduced to node 1.

If the probability of the first and fifth states are changed together, that
is, P;; = 0.15 and PJ;,; = 0.55, then the solution would be in the last node
with optimal probability 0.85. Also, if the first and the fifth states of nodes’
weights have just the same probability equal to 0.35, then for 7" = 6100, both
nodes 1 and 25 would be optimal with optimal probability 0.65.

1

4 Optimal objective function : :

(1 |y et s
05
0.4+

02t : : : ; : R
+ + + : :

0.1 i I i i H i L
1100 1150 1200 1250 1300 1350 1400 1440 1500
The values of T

Figure 4: Variations of objective function (4) for different values of T'
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Table 3: The solutions for different values of T'

T = 1100 link €12,13 €13,14 t =0.51
Obj =0.15 | Int [0, 9] [0, 5.3977]
T = 1150 link €s,13 €11,12 €12,13 e12,17 €13,14 t =0.49
Obj =0.15 | Int | [28.8133, 41] [34.9193 , 42] [0, 9] [0, 11.0125) , 9.2043]
T = 1200 link €s,13 €11,12 €12,13 e12,17 €13,14 €13,18 t = 0.66
Obj =0.15 | Int | [8.5634, 41]  [32.5787 , 42] [0, 9] [0, 13.3575] [0, 9.2043] [0, 71]
T = 1250 link ea,7 €6,7 er.8 er.12 es,9 es,13 e11,12 e12,13 t=1.51
Obj =015 | Int | [6.8588, 9]  [65.7371, 68 [0, 3] [64.0216 77] . 4.1260] [0, 41] [0, 42] [0, 9]
T = 1250 link e12,17 €13,14 €13,18 €14,19 €17,18 €18,19 €19,20 €20,25 t=1.51
Obj =0.15 | Int | [0, 13.3575] [0, 9.2043] [0, 30.9657] [0, 33] [71.4691 , 76] [0, 11.1206] [0, 3.3058] 0
[71.4483 , 72] (66,8237 , 70|
T = 1300 link €12,13 €13,14 t=2.29
Obj =0.65 | Int | [7.0710, 9] [0, 2.1749]
T = 1350 link €7,12 €11,12 €12,13 €13,14 t=3.25
Obj =0.65 | Int | [74.6709 , 77] [38.7520 , 42 [0, 9] [0, 7.4310]
T = 1400 link €13,14 t = 3.66
Obj =09 | Int 0
T = 1450 link €12,13 €13,14 t = 4.58
Obj = Int [5.5061 , 9] [0, 2.8602]
T = 1500 link €12,13 €13,14 t = 5.66
Obj =1 Int [0, 9] [0, 9.2043]
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4 Central limit theorem

In this section, the expected 1-median problem with maximum probability in
the large-sized networks is considered. Considering all state-based primary
regions, determining the jump-points, and finding the value of objective func-
tion in all of them make a large number of computations to be done that
practically is useless. Therefore, we state an approximation method, which
provides a near optimal solution to the expected 1-median with maximum
probability, the approach proposed in [3].

Let the mean and variance of Wy, which is the independent discrete ran-
dom weight of node vy, € N, be denoted by pu;, and 0,21, respectively. Using
Lemma 7, the mean and variance of term > _; P> 25—y, Widy(vh, @)
are determined. Then by applying the central limit theorem, the problem is
reduced to a nonlinear fractional programming problem.

Lemma 7. Based on the central limit theorem, the term
Yo m P ono1 o Wad,(vp, ) in large-sized networks has the normal
distribution with the expected mean value

WEWD = Z P, Z pndy (vp, )
r=1,. h=1

oo R R )
and variance oy p = Yoy g P2 Sy, 038 (0n, ).

Yot m P2 ne1 o Wadr (v, ) — pEWD

OEW D

Therefore, ~ N(0,1), which

yields the following;:
P> P> Wide(vn,2) <T)
r=1,...,R h=1,...,n

ZT:LM,R 8 Zh:l,‘..,N Whdy(vn, T) — pEWD < T — ugwp
OEW D ~  OEWD

= P/(

T — ppwp
OEW D

9

where ¢ is the cumulative distribution function of the standard normal dis-
tribution. By considering the ascending property of ¢, the main problem can
be transformed into

T—=> o1 rEr X nei,  ntndr(vn, )
max S S . (8)

VoSNNI SR T

The above nonlinear fractional programming problem can be solved by
using the existed approaches such as parametric or direct methods; see [17].
But here we use a method that considers the problem in three cases. Let x*
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be the optimal solution to the problem (8); then three cases can be occurred
associated with T — pgpwp(z*) that are discussed in details below; see [3].

1
1. First case: T — ugwp(x*) > 0. Setting T — upwp(z) = —, the
Y

problem is transformed into the following problem:

rr(lgn Z P? Z o3y d%(vp, x) (9)
r=1,.

4 h=1,...,n

st. Ty— Z P, Z wnydy(vp, ) = 1.
r=1

R h=l,.n
v=>0

To solve the above problem, the optimal point z in each state-based
primary region should be determined. Let [z,7 ;, 2,7 ;] be a state-based
primary region associated with the nodes [ and & in states r’ and 7"
in the link e;;, respectively. Then for all 2 € 27,27, ;] and an ar-
bitrary state r and node vy, either d,.(vp,z) = d,(vp,v;) + spi;x or
dr(vn, ) = d(vn,vj) + spj;(lij — o). Substituting d,.(vp, ) in problem
(9) and setting vz = z, the problem can be rewritten as a second order
problem with one linear constraint in each primary region, which can
be solved by using such nonlinear convex programming algorithms as
Lagrangian dual method or linearization approaches; see [15]. Compar-
ing the objective function values of the optimal solutions in all intervals
yields the global optimal solution in each link and consequently in the

network.

2. Second case: T — pupwp(z*) = 0. The second case is considered
when the first one is infeasible. In this case, it is sufficient to solve the
following problem:

min Z P, Z pindy (g, ). (10)
r=1

v.wR  h=1,..n

Using the concavity of the objective function as mentioned in the proof
of Lemma 4, this problem has at least a nodal optimal solution. So it is
sufficient to search among the nodes of the network. If the optimal value
of the objective function (10) equals to T, then the obtained solution
is optimal to the fractional programming problem (8) with the optimal
value equal to zero. Otherwise, the third case should be considered.

3. Third case: T —pupwp(x*) < 0. If the first and second cases are infea-
sible, this case is considered similar to the first one, but the constraint
is changed as follows:
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> P > myde(vn, ) =Ty =1,
r=1 R h=1 n

and the objective function (9) should be maximized. The local op-
timal solutions of the resulted problem can also be obtained in each
primary region by using such nonlinear programming algorithms as the
Lagrangian dual method or linearization approaches; see [15].

Example 2. To illustrate the efficiency of the proposed method based on cen-
tral limit theorem, a test problem from the address (http : //people.brunel.
ac.uk/mastjjb/jeb/info.html) with 100 nodes and 396 links is considered.
Four scenarios with probabilities {0.1,0.25,0.45,0.2} for the network links’
traveling speeds have been considered. For each link e;; the traveling speed
in state r = 1,2,3,4 is assumed as spj; = (r + i + 7).

We have considered 1000 different situations for vector of weights with
discrete uniform distribution and each of components for random weights of
nodes are taken from the interval [0,850]. Using the calculated mean and
variance for Wy, h =1,...,100, the proposed method based on central limit
theorem is applied for different values of threshold 7' = 10%(1300 + 50i);i =
1,...,10. In each case, the resulted nonlinear problems are solved by using
the interior-point solver in Matlab R2014a, and the best optimal solutions are
determined. Then, the optimality of the solutions is verified by comparing
(T — pEwp(*)

opwp(T*)
limit theorem with the values obtained from the objective function (6) for
the obtained solutions x*; see Figure 5.

the values of estimated objective function ¢ ) by the central

In addition, the variations of the estimated relative error

T— /’LEWD(]"*) *
|o(————— ) — f(=")]

oewp(T*)
fa*)

solution z* and T is selected from the set {10%(1300 + 504);i = 1,...,10}
is depicted in Figure 6. As it is seen, increasing the value of T' results in
increasing the objective function optimal value and therefore decreasing the
relative error.

, where f(z*) is computed by (6) for the optimal
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Figure 6: Variations of relative error for different values of T

5 Summary and conclusions

The median problem is one of the most common problems in location the-
ory specially with nondeterministic parameters. In this paper, the 1-median
problem on a network with independent discrete demand weights and trav-
eling times is investigated. The objective function is devoted to maximizing
the probability that the expected 1-median function does not exceed a given
threshold. First, a precise algorithm to obtain the optimal solution in small-
sized networks is presented. Next, by using the central limit theorem, an
approach to find the optimal solution in large-sized networks is proposed,
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where the original problem is reduced to some linear and nonlinear problems
with a linear constraint. The numerical examples are given to illustrate the
efficiency of the proposed methods.
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On the finding 2-(k,l)-core of a tree
with arbitrary real weight

S.M. Ashkezari and J. Fathali*

Abstract

Let T = (V, E) be a tree with | V' |= n. A 2-(k,[)-core of T is two subtrees
with at most k leaves and with a diameter of at most I, which the sum of
the distances from all vertices to these subtrees is minimized. In this paper,
we first investigate the problem of finding 2-(k, [)-core on an unweighted tree
and show that there exists a solution that none of (k,)-cores is a vertex.
Also in the case that the sum of the weights of vertices is negative, we show
that one of (k,[)-cores is a single vertex. Then an algorithm for finding the
2-(k,l)-core of a tree with the pos/neg weight is presented.

Keywords: Core; Facility location; Median subtree; Semi-obnoxious.

1 Introduction

Location theory is one of the important fields in operations research. In the
classical location theory, we want to find the optimal location of a set of single
points, as the facilities, on a network. However, in many real applications, the
facility to be located is too large to be modeled as a point, so the extensive
facilities, which have the form of a path or tree, are considered in many
researches.

A tree T is given. A core of a tree is a path of T, so that the sum of the
weighted distances from all vertices to this path is minimized. Morgan and
Slater [5] and Becker [1] presented linear time algorithms for finding a core

*Corresponding author

Received 6 July 2017; revised 25 July 2018; accepted 1 September 2018

S.M. Ashkezari

Faculty of Mathematical Sciences, Shahrood University of Technology, University Blvd.,
Shahrood, Iran. email: samane.motevalli@gmail.com

J. Fathali
Faculty of Mathematical Sciences, Shahrood University of Technology, University Blvd.,
Shahrood, Iran. email: fathali@shahroodut.ac.ir

93



94 S.M. Ashkezari and J. Fathali

of a tree, where the weights of all vertices are nonnegative. Zaferanieh and
Fathali [16] considered the problem of finding the core of a general network
and presented an ant colony and simulated annealing algorithms for solving
this problem. Rahbari et al. [10] presented a hybrid genetic and an ant colony
algorithm for the path center problem on general networks. Motevalli and
Fathali [6] presented a linear time algorithm for finding the core of a tree
with interval weights.

A 2-core of a tree is a set of two paths minimizing the sum of the distances
of all vertices of the tree from these two paths. Becker and perl [3] considered
both cases of disjoint paths and intersecting paths for a tree. Wang [13]
presented a linear time algorithm for disjoint paths case.

Some authors deal with the case that there is a constraint on the length
of path, so that the length can be at most [ (see, e.g., [2,4,8]). Peng et al. [9]
considered the problem of finding a subtree containing exactly k leaves, called
k-tree core, such that it minimizes the sum of the distances of all vertices to
this tree. A linear time algorithm is given for this problem by Shioura and
Uno [11]. Wang [12] and Wang et al. [14] considered the parallel algorithms
for finding the k-tree core of a tree.

An special case of k-tree core is (k, 1)-core, which the diameter of k-tree is
at most [. Becker et al. [2] presented an efficient algorithm for finding a (&, )-
core of a tree with time complexity of O(n?logn). Their algorithm is started
by the tree T" and constructs new rooted trees where the maximum length of
a path is at most [. Then, for each new tree, apply a greedy-type procedure to
find a subtree containing the root with at most k leaves and which minimizes
the sum of the distances. The problem of finding the (k,)-core of a tree also
has been considered in [15].

Recently the semi-obnoxious location problems have found an increasing
interest. Zaferanich and Fathali [17] considered the problem of finding a core
of a tree with pos/neg weights. The problem of finding a (k,1)-core of a tree
with pos/neg weights is considered by Motevalli et al. [7]. They proved that,
when the sum of the weights of vertices is negative, the (k,[)-core must be
a single vertex. They also presented an algorithm with time complexity of
O(n?logn) for finding the (k,[)-core of a tree with the pos/neg weight, which
is in fact a modification of the one proposed by Becker et al. [2]. Recently
Zhou et al. [19] presented polynomial time algorithms for finding 2-core of a
tree with pos/neg weights.

In this paper, we consider the problem of finding 2-(k,1)-core of T', where
the weights of vertices in T' can be any positive or negative numbers. A
2-(k,l)-core of tree is two disjoint subtrees T7 and T of T that each of
them has at most k& leaves and diameter of at most [, so that the sum of
the distances from all vertices to these subtrees is minimized. Note that if
these two subtrees are intersecting, then the problem converts to a (k,[)-core
problem that has been solved in [7].

In what follows, we define the problem in Section 2. Then we consider
the unweighted tree in Section 3 and show that there exists a solution that
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any of 2-(k, 1)-core trees is not a vertex. In Section 3, also we show that when
the sum of the weights of vertices is negative, one of 2-(k,[)-cores is a single
vertex. At last, we propose an algorithm for finding the 2-(k, [)-core of a tree
with the pos/neg weight in Section 4.

2 Problem Formulation

Let T = (V, E) be a tree with |V| = n. Let w(v;), for simplicity w;, be the
weight of vertex v; € V and let a(i,j) be the length of edge (i,7). Also let
d(v;,v;) be the length of path from v; to v;; then the length of shortest path
between subtree 77 and vertex v is given by

d(v,T1) = minyer, d(u,v).

For every path P, we show the length of P by L(P), and for every subtree T”
of T', we show the weight of tree 7" by w(T"), that is, w(T") = >, -7 wi. The
diameter d7 of any tree T is the maximum distance between two vertices of
T’'. Any path whose length equals dp, is called a diameter path of T".

A (k,l)-core of T is a subtree Ty = (V4, E1) of T with at most k leaves
and with a diameter of at most [, so that the sum of weighted distances from
all vertices to 77 is minimized, that is,

minF (Ty) = Z w;d(v;, Th).
’UiGV\Vl

Also a 2-(k,l)-core of T is a set of two subtrees Ty = (V1, E1) and Ty =
(Va, E3) with at most k leaves and with a diameter of at most [, so that the
following function is minimized:

F(T,T)= > wid(v,Ty,Th),
UiGV\(VlUVQ)

where d(v;, Ty, T?) is the minimum distances from the vertex v; to 71 and Tx,
that is,
d(’Ui, Tl, TQ) = mzn{d(vl, Tl), d(’l}i7 TQ)}

The applications of 2-(k,1)-core is the same as (k,[)-core. It can be ap-
plied to design of communication networks such as railroad lines, high ways,
pipelines, and transit routes. For more details on semi-obnoxious (k,[)-core
and its application to real world, we refer the reader to [7] and [17].
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3 The properties for special cases

In this section, we investigate some properties of 2-(k, [)-core in special cases.
The basic idea of solving 2-(k,)-core is the edge deletion method, which is
tried to find an optimal solution by removing any edges and find a (k,)-core
in each obtained subtree. In the following theorems, we use this idea to show
the properties of problem.

First, we consider the unweighted tree where all edges and vertices have
the same positive weight. The following theorem shows that none of two
subtrees of 2-(k,)-core on an unweighted tree with dr > 2 is a single vertex.

Theorem 1. Let T = (V, E) be an unweighted tree. Then, for the case l > 0
and dr > l+1, there is a set of two subtrees T| and Ty, which are 2-(k,1)-core
of T, that non of them is a single vertex.

Proof. First, we show that a leaf cannot be one of 2-(k,I)-core of T. Let ¢
be an edge between an inner vertex and a leaf v; of T. By removing ¢, two
subtrees T} and Ty = v; are obtained. Let 7] and T} = v; be the (k,I)-core
of Ty and T3, respectively, and let v; € T7 be the adjacent vertex to v;. If
vj ¢ T7, then by adding v; to T3, the objective function will not be increased.
In the case when v; € Ty, let v, € T{ be a non leaf adjacent vertex to v,
and let 77 (v;) be a subtree of T| containing v; obtained by deleting the edge
(vj,vy). Then by adding all vertices in T7(v;) to T4 and deleting them from
Ty, the objective function does not increase. Note that since dp > [+ 1, then
there exists a non leaf vertex v, € T} adjacent to v;.

In the case that one of (k,[)-cores is an inner vertex, obviously, we can
reduce the objective function by extending the core toward a leaf. O

Note that Theorem 1 is not true for the case dr < 2. A counter example,
for this case is the star graph, which is a tree that have just one vertex with
degree more than one.

Now consider the case w(T") < 0. In this case, according to Theorems 2
and 3, the solution of (k,1)-core is a single vertex that may be a leaf. The
proof of these theorems can be found in [7].

Theorem 2. Let T be a tree with w(T) < 0. Then the (k,l)-core is the
1-median of T and vice versa.

For any edge (u,v) € E, suppose that Ty, is the subtree of T" obtained by
deleting edge (u,v), in which v € Ty,

Theorem 3. Let T be a tree with w(T) < 0. Then one of the following two
cases holds:

1. The (k,l)-core is a leaf.

2. The (k,l)-core is an inner vertex u, so that w(u) > 0 and w(Ty,) <0
for each vertex v adjacent to u.
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Corollary 1. Let T = (V,E) be a tree with w(T) < 0. There is a solution
for a 2 — (k,1)-core problem that one of (k,l)-cores is a single vertex.

Proof. Let T{ and Ty be the 2 — (k,1)-core of T. Also let T} and T be two
subtrees of T containing all vertices which assigned to T} and T}, respectively.
So Ty and T4 is (k,l)-core of Ty and Tb, respectively. Since w(T") < 0, then
w(T1) < 0 or w(T2) < 0. Therefore by Theorem 2, T} or T4 is a vertex. [

Theorem 4. Let T = (V, E) be a tree with w(T) > 0, let Ty be a subtree
of T with dp, < I, and let the number of leaves of Th be less than k. If
w(T'\T1) >0, then Ty is not a (k,l)-core of T'.

Proof. Let Tf = T \ Ty. Since w(T¥) > 0, there exists a component T of
T, which is obtained by removing T3, so that w(7T%) > 0. Let u € Ty be the
adjacent vertex to Ty and T3 = T1 U {u}. Then

F(Tl) = Z wid(vi,Tl) + Z ’UJZ‘d(Ui,Tl)

v €T\, v; €T
= Z wid(vi, T1) + Z w; (d(vg, w) + d(u, Th))
v €T\ T2 v €T

= F(13) + d(u, T1)w(T2) > F(T3).
Therefore T} is not the (k,1)-core of T. O

Zhou et al. [19] proved that the midpoint of two disjoint facility paths
is a vertex of the tree. This property holds for 2-(k,1)-core case and can be
written as the following theorem.

Theorem 5. If two disjoint subtrees Ty and Ty are a 2-(k,l)-core of T, then
the midpoint of the path between Ty and Ty is a vertex of the tree.

4 Algorithm

As mentioned before to find a 2-(k,!)-core of a tree, we delete an edge of T'
and divide T' to two subtrees T and 7. Then find the (k,I)-core of each
of T1 and T,. This procedure is repeated for each edge of T" and the best
pair of (k,1)-cores is found. To find any (k,l)-core of 71 and Ts, we can use
the algorithm of Motevalli et al. [7]. The complexity of their algorithm is
O(n?logn), therefor the complexity of finding 2-(k, [)-core is O(n3logn).

However for the case w(T) < 0, according to Lemma 3, the (k,[)-core is
a vertex, which is either a leaf or an inner vertex u, so that w(u) > 0 and
w(Tyy) < 0 for each vertex v adjacent to u. Also in the case w(T) > 0, we
can use Theorem 4.

Therefore we can present the following algorithm.
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Algorithm
Input: a tree T with the pos/neg weight
Output: a 2-(k,l)-core S* of T and its objective function d*
begin
d* := 400
for each subtree T} and T obtained from T by removing
each edge e € ' do
SUBTREE(T;) for i = 1,2
end

Where procedure SUBTREE(T) find (k,)-core of tree T as follows:

Proedure SUBTREE(T')
Input: a subtree 7/ = (V/,E’) of T with | V' |= n’ and the best current
objective function d*
Output: if the best subtree in 77 has an objective function less than the
previous value of d*, the best subtree S* in 7”7 , having at most k leaves and
with a diameter of at most [ and its objective function as the new value of d*
begin
if T" consists of one vertex then
S’ =T" and let d(S”) be its objective function
else
find a central vertex v of T’
if w(T') <0, v is an inner vertex, w(v) > 0 and for each vertex u
adjacent to v, w(Ty,) <0
then v is the (k,I)-core, let S = v and set d(S’) as its objective func-
tion
else let S’ := BEST-TREE(T",v)
if d(S") < d* and W(T'\ S") <0
d* :=d(9")
S* =9
for each subtree T obtained from 7’ by removing v
do
SUBTREE(T")
end

In this procedure, a central vertex v of the tree T is the centroid of the
corresponding unweighted tree of T', that is, a vertex minimizes the maximum
number of vertices of the subtrees obtained by removing it. The procedure
BEST-TREE(T”,v), which is presented by Beker et al. [2], finds the best
subtree S’ containing v in T"? having at most k leaves and a diameter of at
most [.

Procedure BEST —TREE(T',v)
Input: a subtree 7" = (V’, E’) of T with n’ vertices rooted at the central
vertex v
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Output: the best subtree S’ containing v in 7"¥ having at most k leaves
and a diameter of at most [ and its objective function d(S")
begin
find the paths starting from v with the length at most [
for each path P starting from v with the length at most [
do
prune the tree 7' and let T be the new tree (see Prune)
ﬁ}ld the distance savings of the paths from v to each vertex u # v in
T/’U
if deg(v) > 2 then
find the path P’
find P = PUP
else
P'=Pp
find the set LS with all paths having the length no more than [
and
containing P that their objective function are better than P”
if 7% has more than k leaves, then
in LS select the k — 2 paths to be added to P”
let S’ be the best subtree containing v and
let d(S’) be its objective function
else
select all the paths in LS
let S" = T" and let d(S’) be its objective function
end for
end

The following notations are used in procedure BEST-TREE.

Let P,, be the path between vertices u and v in the tree T" and let T"
be the tree T rooted at u. We also denote by 7' the rooted subtree of T"
containing v and all the descendants of v. For each vertex u, let f(u) be its
father. The distance saving sav(v, P,,) obtained by adding P,, to the root
v in T}, is given by

5av(v, Pyy) = sav(v, Pyp)) + a(f(u), u)sumc(u)

where if v = f(u), then sav(v, P,¢,)) = sav(v,v) = 0 and sum.(u) is calcu-
lated by

w(v) if v is a leaf ofT,,

w(v) + Z sum.(u)  otherwise, M)

u is a child of v
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where T, is the selected subtree of T' as the (k,l)-core in the current iteration.
Let the path P = P,, be given and let B be the set of children of v. We
denote by T, b € B, the subtree in which P lies. In the algorithm, the tree
T? is pruned as follows:

1. Prune the paths that belong to subtrees Ty, with b € B\ {b}, in order
to obtain paths with the length at most min{l — L(P), L(P)}.

2. For the paths that lie in the same subtree as P = P, (i.e., in T3),
prune those paths Py, with z € P, z # v and w € Ty \ P, such that
L(Ppy) > min{L(P) — L(Pyz),l — L(Pyry)}-

The pruned tree is called Tv, and the weight of tree T is calculated by
the following function:

w(u) for each vertex u of Tthat is not a leaf,
w'(u) = (2)

sumy(u)a(u, f(u)) for each vertex u that is a leaf of 1.

In the rest of this section, we use the algorithm for a different case of the
total weight of a tree.

Example 1. Consider the tree shown in Figure 1. The length of each
edge is written on it. Also the weights of vertices are shown in Table 1. The
total weight of tree is w(T") = 3 > 0. We want to find the 2-(3,3)-core on this
tree. Since w(T') > 0, according to the algorithm, we should delete an edge
of T' and obtain two subtrees T; and T5. Let us delete vg — v19 and consider
T, = vip and T, = T\ T1. Now we should find (3,3)-core of each subtree.
Because T7 has only one vertex (vig), so its (3,3)-core is v1g. To find the
(3,3)-core of Ty, we should find a central vertex of T,. We start with vs as
a central vertex. Then we should find all of the paths starting from vs with
the length at most 3. This paths are shown in Figure 2.

Table 1: The weights of vertices of tree in Figure 1 for Example 1

w; W2 W3 W4 W5 Wg Wy Wg W9 Wi Wil Wiz
3 -2 1 -1 1 2 -3 2 2 -1 -2 1

Now for each pat, prune the tree 7" and continue steps of the algorithm.
For example, consider the path number 8 in Figure 2, the new tree after
prune is presented in Figure 3.

The distance savings of p : vs_vg and p : v5_vg are sav(vs, Pyge, ) = —2 and
3a0(Vs, Pusvg) = +2. Since deg(vs) = 4, we consider p’ = vz —vg, so p”’ = pUp’
that is shown in Figure 3. Also since T has 2 leaves, so we select all the
paths in LS; then S’ = 7" and d(S") = 0. After performing the above steps
for each path, we consider subtrees obtained by removing vs one by one and
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v
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Vi2 Vig
7
1 1
v v
1 2
1 1 Ve
p)
V3NLL
2 Vs 1 Ve g v,
Vg

Vg

Figure 1: A tree with 12 vertices.
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V. V,
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) vg Vs
(6) (3)

Figure 2: The paths starting from vs with the length at most 3.

find a central vertex for each subtree and continue above steps for each sub-
tree. After that we delete other edges of tree such as vg — v1g one by one and
run all of the above steps after removing each edge. Finally 2-(3,3)-core of T'
is T = v; and T4 = vg that is obtained by removing of edge vy — v3, and its
objective function is equal to F(T7,Ty) = F(v1) + F(vg) = 0+ (—19) = —19.

Example 2. Consider the tree depicted in Figure 4. The edge lengths are
written on the edges. The weights of vertices are given in Table 2. The total
weight of tree is w(T) = —1 < 0. We want to find the 2-(3,4) — core on this
tree. Since w(T') < 0, according to Theorem 2, the (k,[)-core is a vertex of T'.
The (k,1)-core of T' is vs, that is 1-median of T', too. The best solution is ob-
tained by removing edge vg —vs. Therefore 2-(k, 1)-core is T] = vz and T4 = vg,
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Figure 3: The path number 8 after prune.

and the objective function is F(17,T5) = F(T]) + F'(T2) = —25+ 0 = —25.

Table 2: The weights of vertices of tree in Figure 1 for Example 1

w1 wao ws wq Ws Weg wr ws
-1 3 2 -2 1 -3 -2 1

Vi

Vg
1
2 Vv,
1
Vg3 1 V6
3 2
Vg V7

Figure 4: A tree with 8 vertices.

5 Summary and conclusion

In this paper, we considered the 2-(k,!)-core problem on a tree with positive
and negative weights. We showed that, in the case when the sum of weights
of tree is negative, the solution of 2-(k,[)-core is also 1-median. Some prop-
erties also stated for the case that the tree has the positive weight. Then a
polynomial algorithm was presented to find the solution of this problem.
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For a future research, it would be interesting to develop the algorithm on

other special graphs such as extended stars, cactus graphs, interval graphs,
and block graphs.

Acknowledgements

Authors are grateful to there anonymous referees and editor for their con-
structive comments.

References

10.

. Becker R.I. Inductive algorithms on finite trees, Quaest Math., 13,

(1990), 165-181.

Becker R.I., Lari I., Storchi G. and Scozzari A. Efficient algorithms for
finding the (k, 1)-core of tree networks, Networks, 40, (2002), 208-215.

Becker R.I. and Perl Y. Finding the two-core of a tree, Discrete Applied
Mathematics, 11, (1985), 103-113.

Minieka E. and Patel N.H. On finding the core of a tree with a specified
length, J. Alg., 4, (1983), 345-352.

Morgan C.A. and Slater P.J. A linear algorithm for a core of a tree,
Journal of Algorithms, 1, (1980), 247—-258.

Motevalli S. and Fathali J. A linear algorithm for finding core of weighted
interval trees, Journal of Operational Research and Its Applications, 13,
(2016), 101-111.

Motevalli S., Fathali J. and Zaferanieh M. An efficient algorithm for
finding the semi-obnozious (k,l)-core of a tree, Journal of Mathematical
Modeling, 3, (2015), 129-144.

Peng S. and Lo W. Efficient algorithms for finding a core of a tree with
a specified length, Journal of Algorithms 20, (1996), 445-458.

Peng S., Stephens A.B. and Yesha Y. Algorithms for a core and a k-tree
core of a tree, J. Alg., 15, (1993), 143-159.

Rahbari M., Fthali J. and Mortazavi R. A hybrid algorithm for the path
center problem, Global Analysis and Discrete Mathematics, 1, (2016),
83-92.



104

11.

12.

13.

14.

15.

16.

17.

18.

19.

S.M. Ashkezari and J. Fathali

Shioura A. and Uno T. A linear time algorithm for finding a k-tree core,
J. Alg., 23, (1997), 281-290.

Wang B.F. Finding a k-tree core and a k-tree center of a tree network
in parallel, TEEE Transactions on Parallel and Distributed Systems, 9,
(1998), 186-191.

Wang B.F. Finding a 2-core of a tree in linear time, SIAM Journal on
Discrete Mathematics, 15, (2002), 193-210.

Wang Y., Wang D.Q., Liu W. and Tian B.Y. Efficient parallel algorithms
for constructing a k-tree center and a k-tree core of a tree network, Lec-
ture Notes in Computer Science 3827, Springer-Verlag Berlin Heidelberg,
(2005), 553-562.

Wang Y. and Wang Y. Efficient algorithms for constructing a (k,l)-center
and a (k,1)-core in a tree network, Fourth International Conference on
Innovative Computing, Information and Control, (ICICIC), 2009.

Zaferanieh M. and Fathali J. Ant colony and simulated annealing algo-
rithms for finding the core of a graph, World Applied Science Journal,
7, (2009), 1335-1341.

Zaferanieh M. and Fathali J. Finding a core of a tree with pos/neg weight,
Math. Meth. Oper. Res., 76, (2012), 147-160.

Zelinka B. Medians and peripherians of trees, Archvum Mathematicum,
4, (1968), 87-95.

Zhou J., Kang L. and Shan E. Two paths location of a tree with positive or
negative weights, Theoretical Computer Science, 607, (2015), 296-305.



Iranian Journal of Numerical Analysis and Optimization LT

Vol. 9, No. 1, (2019), pp 105-126 .,
DOI:10.22067 /ijnao.v9il.69454

New S-ROCK methods for stochastic
differential equations with
commutative noise

A. Haghighi*

Abstract

The class of strong stochastic Runge-Kutta (SRK) methods for stochas-
tic differential equations with a commutative noise proposed by RéSler (2010)
is considered. Motivated by Komori and Burrage (2013), we design a class of
explicit stochastic orthogonal Runge—Kutta Chebyshev (SROCKC2) meth-
ods of strong order one for the approximation of the solution of It6 SDEs
with an m-dimensional commutative noise.The mean-square and asymptotic
stability analysis of the newly proposed methods applied to a scalar linear
test equation with a multiplicative noise is presented. Finally, some numer-
ical experiments for stochastic models arising in applications are given that
confirm the theoretical discussion.

Keywords: Stochastic differential equations; Runge-Kutta methods; Stochas-
tic mean square stability, Stiff equations; Commutative noise.

1 Introduction

Stochastic differential equations (SDFE's) arise in a variety of applied mathe-
matics and physics areas; see [4,22]. Such equations are the results of adding
random fluctuations in the parameters of a system of ordinary differential
equations (ODEs). In the literature, there are plenty of work devoted to the
study of stochastic differential calculus; see [10,12]. However, in many cases,
the analytical solutions of such SDEs are not known; this makes numerical
methods as very important tools for solving SDEs, which have been consid-
ered by many researchers. For solving different forms of SDEs, many efficient
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numerical methods have been constructed, for example, [6,12,16,23]. Espe-
cially, SRK methods are an important derivative free class of numerical meth-
ods, which are proposed for strong approximations of SDEs; see [5,15,17].
In 2010, RoBler [19,20] introduced a new class of SRK methods in which the
number of stages does not depend on the dimension, m, of the Wiener pro-
cess. On the other hand, the stability of numerical methods for SDEs is an
essential factor in order to avoid possible explosion. Generally, the implicit
methods have a wider range of acceptable step sizes compared to explicit ones,
which makes them suitable for the solution of stiff systems; see [7,8,12,24].
However, the implementation of implicit methods demands to solve a nonlin-
ear system of equations per step, which may increase the computational cost
significantly in the case of high dimensional SDEs. Therefore, explicit meth-
ods with extended stability regions could greatly help to solve stiff SDEs. In
this regard, Abdulle et al. proposed two classes of explicit stochastic orthog-
onal Runge-Kutta Chebyshev (SROCK) methods of strong order 1/2 for
SDEs in Stratonovich [1] and It6 [2] sense. Recently, Komori et al. in [14],
constructed explicit strong SRK methods (SROCK D1 and SROCK D2) of
order one for SDEs in Ito and Stratonovich sense. These methods are de-
signed for approximation of SDEs with noncommutative noises. As we know,
double stochastic integrals must be used in methods of strong order one for
the approximation of the solution of a SDE with a noncommutative noise;
see [12,13]. Such an expensive computational cost can be reduced when the
SDE has a single Wiener process or has a commutative noise. It should be
noted, such SDEs can be used for modeling a variety of nonlinear physical
systems; see [12]. In this article, the SRK methods of [20] for the strong
approximation of SDEs with a commutative noise is briefly reviewed. Then,
motivated by [14], a new class of SROCK methods of strong order one for
the approximation of the solution of SDEs with an m-dimensional commu-
tative noise is proposed. The mean-square stability (MS-stability) functions
for the new proposed methods, applied to a scalar linear test equations with
a multiplicative noise, are determined, and in some special cases, the regions
of MS-stability and T-stability are compared between our proposed methods
and the scalar test equation.

Consider the autonomous SDE of the It6 type in the form of
dX(t) = a(X(t))dt + b(X (t)dWy, X(to) = Xo, t € [to, T]. (1)

Here, X(t) € RY, a : [to, T] x RY — R4, is a drift vector, b = (b1, ba,...,by) :
[to, T] x R? — RIX™ is a diffusion matrix, and W (t) is an m-dimensional
standard Wiener process defined on probability space (92, F, P) with the fil-
tration {7 }ep,, 1), which satisfies the usual conditions. It is assumed, X is
Fi, -measurable and independent of the Wiener process with E|Xg|? < oo,
where |.| denotes the Euclidean norm. Suppose that the conditions of the ex-
istence and uniqueness theorem [12] are fulfilled for SDE (1). For simplicity
in this paper, the equidistant discretization pp = {to,t1,...,tny = T} of the
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time interval [to,T] with ¢, = tg + nh, where h = T]_Vto forn=0,1,...,N,

has been considered. Also, for an equidistant grid point ¢,, € pj, the notation
yn denotes a discrete approximation to the solution X (¢,) of (1).

In the following, the SDE (1) is considered with a commutative noise, in
the other words, the diffusion matrix b satisfies the commutativity condition

d d
. ObPs - ObFT
bt — (¢ = b»® — (1 2
> G o) = 30 G ), &)
forall r,s =1,...,m, k=1,...,d, and (t,z) € [tg, T] x R%.

Definition 1 (see [12,20]). A discrete time approzimation y" is said to be
convergent with the strong order « to the solution X of SDE (1) at time t,,
if there exist constants C > 0 and dyg > 0 such that, for each h € (0,0o),

1

(BIX(tn) - yh?)" < Cne. (3)
The constants C' and g are independent of h.

The outline of the paper is as follows: In Section 2, we will introduce
second order Chebyshev methods proposed by Abdulle and Medovikov in [3]
for ODEs. In Section 3, we introduce the class of SRK methods proposed
by RoBler in [20] for the strong approximation of SDEs with a commutative
noise. Then, we introduce a new class of methods of strong order one for the
approximation of the solution of It6 SDEs with an m-dimensional commuta-
tive noise. In Section 4, a brief overview of the stochastic stability concepts of
SDEs is presented. We also analyze the MS-stability and T-stability proper-
ties of the newly proposed method on a linear scalar SDE. In Section 5, some
numerical results for stochastic models arising in applications are provided
to confirm theoretical discussions.

2 Chebyshev methods of order two for ODEs

Consider the autonomous d-dimensional ODE system X'(¢) = a(X (t)) with
the initial condition X (tg) = yo. The s-stage explicit deterministic Runge—
Kutta (RK) method for solving this system corresponding to step-size h is
as follows:

s
Yn+1 = Yn + hz aia(Hi(O))7 (4)
=1

where
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Applying (4) to the scalar test equation yields
X'(t) = X(t), t>0, y(0)=yo, (5)

where R(A\) < 0 and yo # 0, we have yp41 = Rs(Ah)y,. Here, Rs(z) is
called a stability function. Consequently, the stability region of (4) can be
expressed as

Rs ={z € C:|Rs(2)| <1}. (6)

Riha [18] showed that the polynomial

2 S
Z .
Rs(z):l—i—z—&-?—i—chjzj, csj € R,

=3

exists such that |Rs(z)| < 1 for z € [, 0] with 5 as large as possible. Tt
is desirable in practice to replace [Rs(2)| < 1 by |R,(2)| <n <1 (damping).
Abdulle et al. in [3] constructed approximations to these optimal stability
polynomials. In this approach, at first for a given n (damping factor) and
s (stage value), the values as and I; and also the polynomial @w(x) of the
degree two with complex zeros «, + S5 which satisfies w(as) = 1, are cal-

culated. Then, the orthogonal polynomials {Q;(x) ‘;;(2) with respect to the

w(x)
V1—x2
7=0,1,...,s—2. Finally, the approximation of optimal stability polynomi-

als is constructed as

weight function on [—1,1] are constructed in which Q;(as) = 1 for

Ry(z) := w(2)Qs—2(x), (7)
where w(x) := w(as +x/ds) with dg = Hl—sa >0 and Q;(x) := Q;(as +x/ds)
for j = 0,1,...,s — 2. For more details, you can refer to [3]. The polyno-
mials Qo(x),Q1(x),...,Qs—2(x) satisfy in the below three-term recurrence
relations as form

QO(Z) = ]-7 Ql(z) =1+ M1z, (8)

Qj(2) = (pjz + ki + )Qj-1(2) — K;Qj—2(2),

for j=1,...,5 —2. The values of ;1; and x; can be determined by inserting
the different suitable values 1, r2 € R\ {0} in (8) and solving the nonsingular
linear system

(i + ki +1)Qj5-1(ri) — k;Q5—2(ri) = Qj(ry), i=1,2.

Abdulle et al. in [3], corresponding to stability polynomial (7), con-
structed the second order explicit RK method {y }#>0 for the approximation
of the solution of the deterministic system X'(¢) = a(X(t)). The mentioned
method is implemented in a code called ROCK2 as below:

H£O) = y’ﬂ7



Title Suppressed Due to Excessive Length 109

HQ(O) =Ynt hﬂla(Hf()))v

HO, = hja(H”) + (5, + DH — B, 2<j<s-2,
Hs(o) = H.E(l)l + hesa(Hs((i)l),
Unir = HO + ho,a(H®) — 10, (1 — =) (a(H®) — a(H?))), (9)

92

where the parameters 6, and 7, satisfy in the relation w(z) = 14202 + 7522

3 SRK methods for SDEs with a commutative noise

In this section, we will review the SRK method introduced by RéBler in [20]
for the strong approximation of It6 SDEs with m-dimensional commutative
noise. In this class, the SRK method is given by yo = Xo and

S
Ynt1l = Yn + Z azalty, + cgo)hn, HZ»(O))hn

i=1
F30SB Ly + BV b+ P B, (10)
i=1 k=1
forn =0,1,2,..., with stage-values
0 0 0 0 = (0 1 1
HY =y, + ZA( Jaltn + Vb, HOVh + 33" B (b + Y, HO ) Iy s
j=1 j=11=1
(k) _ ) (0) (0) - Dk (1) (k) Vhn
) = AWa(t, h, H B (¢, h, HF) Y
y+;; +c Z: +c )
+Z§}wytﬂme%MW%”
j=11=1 , 2V hn 7
fori=1,...,sand k = 1,...,m. The random variables of the method are

defined by the stochastic Ito integrals

tnth
MMZWW%+M—W%02/ AWk,
t

n

Since the random variables of the method (10) are only increments of the
Wiener process and the simulation of the multiple stochastic integrals is not
required any more, the computational cost will be reduced significantly.
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Table 1: Butcher tableau for the SRK methods SRICT (left) and SRIC?2 (right)

0 0
010 0 0] 1 0
0/]0 0 0 0 0/0 0 0 0
0 0
010 1 1)1 1
0j{o o |-l 11 0 |-1

1 0 0/]1 0 O 3 5 01 0 0

01 3 01 3

In the following, let CP+4([to, T] x R%, R%) denote the space of all mappings
from [tg, T] x R? to R?, which are p and ¢ times continuously differentiable
with respect to the time and the state variables, respectively.

Remark 1. Frequently, the coefficients of the SRK method (10) are shown
by the following Butcher tableau :

c© | A0 | BO)

A0 AW [ B

of | g7
57T

Theorem 1 (Order conditions). Let a,b’ € CY2([tg, T] x R4 R) for j =
1,...,m. Then, the SRK method (10) obtains the strong order 0.5 for ap-
prozimation of the solution of (1), if its coefficients satisfy in the equations

L oTe=1, 2. gW'e=1, 3. p@"c=0.
In addition, suppose a,b’ € C*3([ty, T] x RY, R) for j = 1,...,m. Then, the
SRK method (10) obtains the strong order 1.0, if the equations
4. B(Q)TA(l)e =0, 5. ﬂ@)T(B(l)B(l)e) =0,
6. BV BMe=0 7. AT (BMe2=0, 8 B BWe=1,
are fulfilled with ¢ = AWe fori=1,2.

Proof. see [20]. O

To date, suggestions have been presented for the coefficients of SRK
method (10). As an example, Roler in [20] purposed three stages of
SRK methods SRIC1 and SRIC2 with orders (pp,ps) = (1.0,1.0) and
(pp,ps) = (2.0,1.0), respectively, in which pp is the order of the method
related to ODEs, that is, b = 0 and pg is the order of the method related to
SDEs; see Table 1.
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Remark 2. In the rest of the paper, we set B(®) =0 and

0.+ 000 0 0
BY=1¢9...000| -8Y= (1) , B®) = 8 , (11)
0--- 100 . )
0--=100 2,
SX S 0 1
sx1 2 sx1

therefore, the equations 2. and 3. as well as the equations 5.-8. in Theorem
1 are satisfied.

3.1 A new class of Chebyshev methods for SDEs

In this section, motivated by Komori et al. [14], we introduce a new class of
s-stage explicit stochastic orthogonal Runge-Kutta Chebyshev method for
It6 SDEs with a commutative noise. We denote this method by SROCKC2,
which has the orders (pp,ps) = (2.0,1.0).

For the strong approximation of the solution of SDE (1) with a commu-
tative noise, the s-stage (s > 2) SROCKC2 method is given by yo = Xj
and

Yni1 = S+1+ZZ B Iy + BV )V (1 + Vb, HP), (12)

i=1 k=1
with stage values
H(O) = Yn, Héo) = Yn + hula(Hfo)),
0 0 0 0 .
HY, = huga(H)") + (Hj+1)HJ(~ b HY 2<j<s-2,

S(o) O) 1 +hbsa(H, )1)
Ts
H B () 0, (1 g2 (@) = a(H2,),

Vhy,
HY =v, Al B (H M)
+ Z Z 8
S S B ) hools
g 2 hn ’
j=11=1
where p; and k; (j=1,...,5—2) as well as 6, and 7, are free parameters

in R, which are in accordance with the second method ROCK2 in (9); see [3]
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for more details. In addition, B, B®, (1) and 83 would be defined as
previously mentioned in relation (11).

Remark 3. We note that in the deterministic case, b =0, the method (12)
coincides with the second order ROCK?2 method, introduced in (9). There-
fore, assuming yn + > i, aia(Hi(O)) = Hs(ﬂ)l from second order properties of
the ROCK2 method, we have Y ;_; a; =1, and the equation 1. in Theorem
1 is satisfied.

4 Stability properties

In this section, we will first investigate the MS-stability of our proposed
methods and compare them with the MS-stability regions of the methods
SRIC1 and SRIC2 in [20]. Then, the T-stability properties of the proposed
schemes on a scalar linear test equation with a multiplicative noise have
been analyzed. In this regard, we first review the MS-stability analysis of the
methods SRIC1 and SRIC2 on the linear test problem with the multiplicative
noise

dX (1) = AX (t)dt + pX (1)dWy, A p € C, (13)

with the deterministic initial condition X (t9) = yo € R\{0}. For A\, u € C,
the solution of (13), X(t) = yoexp{(A — 31%)(t — to) + p(Wy — Wy,)}, is
stochastically asymptotically stable in the large if and only if

limy o0 | X(8)] =0 & R(A - 1p?) <. (14)

Also, the equilibrium position of SDE (13) is asymptotically MS-stable if and
only if
lim; o0 E(|X(#)]?) =0 < 2R(\) + |u? <0, (15)

for A, u € C; see [12]. Tt worth mentioning, MS-stability always results in
asymptotically stability in the large due to inequality R(2\ — pu?) < 2R(\) +
|ul?.

Here, we are going to find conditions in which the SRIC1 and SRIC2
methods, on the scalar test equation (13), have numerically stable solutions.
For every A, u € C a numerical method applied on the test equation (13) is
numerically asymptotically stable and MS-stable, respectively, if and only if
lim,, o0 |yn| = O (with probability 1) and lim, o E(|ys|?) = 0. To deter-
mine the domain of asymptotic stability of a numerical method, we recall the
following lemma from [9].

Lemma 1. For a given sequence of real-valued, nonnegative, independent,
and identically distributed random variables {Ry(h, A\, p1)yn 5> ,. Consider
the sequence of random variable {|yn|}>, defined by yni1 = Rp(h, A, 1)yn
and |yo| # 0 (w.p.1). If the random variables log(| Ry (h, A, p)]) are square
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integrable, then

limy o yn] = 0 < E(log(|Rn(h, )\,,u)|) <0. (16)

So the domain of asymptotic stability of a numerical method can be ex-
pressed as

Ras={\peC: E(log(IRn(h, )\7#)|) <0}

Set a; = 1—|—x—% and ay = 1+x+%m2—%27 where x = hA and
y = puv/h. Applying SRIC1 and SRIC2 methods on the scalar test equation
(13), respectively, we have

I(l)n ](21)n 2 .
n = . 2 — ny = 1’2. 17
Ynt1 (aa+\/ﬁy+ th)y J (17)

Here, we find the forms

Yn+1 = R%(xvy)ynv ] =12

for (17), and the MS-stability functions of the methods SRIC1 and SRIC2
will be given, respectively, by

E(lyn+1?) = B (@, ) E(lyal?), j=1.2.

Obviously, for A, u € C and h > 0, the methods SRIC1 and SRIC2 are MS-
stable, if R/ (z,y) <1 for j = 1,2. So, the domain of MS-stability of SRIC1
and SRIC2 methods can be expressed, respectively, as

Ri,e={\peC:Ri(x,y) <1}, j=12

Because of better visualization of the regions R}, and R3,4 in the z — y
plane, the restriction A, u € R is considered. So, one can express the MS-
stability function of the SRIC1 and SRIC2 methods, respectively, as

y 3 ,
R (w,y) =aj +y* + 7y +yPa;, 5=1,2

It should be noted that all the following figures, demonstrating regions of MS-
stability for the numerical methods under consideration, are plotted, using
the Mathematica software. Figure 1 gives the MS-stability regions of the
methods SRIC1 and SRIC2. The light gray area shows the MS-stability
region of the test equation (13) and the dark gray area shows the MS-stability
regions of the methods. Comparison of the illustrated regions in Figure 1
shows that the SRIC1 and SRIC2 methods have small regions of MS-stability.
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Figure 1: MS-stability region for the test equation (13) (light grey surface) and SRK
methods (dark grey surface) (left) SRIC1, (right) SRIC2.

4.1 MS-stability analysis of SROCKC2

Consider the method (12), for simplification similar to [14], we set all com-
ponents of AM) as zero except

A(l) _ A(l)

1 0 .
5—2,j Slj_A((€7_j)':A((§—)17j7 1<5<s-2,

where A©) is an s x s strictly lower triangular matrix which could be obtained
from the following equation:

D=y + ZA a(H”))

for i = 1,...,s. Clearly, from the definition of A, the equation 4. in
Theorem 1 is satisfied.

Now, suppose that Rs(z) = w(x)Qs—2(x) is the stability polynomial of
the s-stage deterministic method ROCKD2 (9) with parameter n; see [3].
When the method (12) is applied to the test equation (13), we find the forms
Yn+1 := Rs(hy A, pty AW, )Yy, where

Rl d s AW = (w(h) + AW, + (AW = L1} Qs (M),

Applying the expectation operator and according to the properties of
standard normal distribution in the terms of = and y, we have

BB ) = (w@)? + 5 + L) Qualw)?

Therefore, the mean square stability regions of the methods SROCKC?2 is
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Figure 2: Profile of the MS-stability regions of the SROCKC2 schemes for some special
values of 1 and s.

RMS = {(2,y) € R?: E||Ry(2,p)?] < 1} (18)

For more clear results concerning the MS-stability regions of SROCKC2
schemes, in the following, we confine our investigation to some optimal values
of n and s, which have been suggested by [14]. The regions of MS-stability
for SROCKC2 schemes with different values of n and s (dark gray area) are
illustrated in Figure 2. We can see in Figure 2 that the MS-stability region of
methods SROCKC?2 is larger than the methods SRIC1 and SRIC2. In what
follows, SROCKC2 scheme with three stages (n = 0.4), six stages (n = 0.375),
and nine stages (n = 0.3) are denoted by SROCKC?2 — 3, SROCKC?2 — 6,
and SROCKC2 — 9, respectively.

4.2 T-stability analysis of SROCKC2

To measure the asymptotic stability of a numerical method with respect to
the driving process, Saito and Mitsui established the definition of T-stability
in [21].
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Figure 3: Profile of the T-stability regions of the SROCKC2 schemes for some optimal
values of 1 and s.

Definition 2. Assume that the test equation (13) is stochastically asymp-
totically stable in the large. The numerical scheme equipped with a specified
driving process said to be T-stable if lim, o |yn| = 0 holds for the driving
process.

It can be deduced that the criterion of T-stability depends both on the
scheme and the driving process. Accordingly, similar to the approach, which
is used by Lemma 1, the criterion of T-stability of a numerical method with
respect to normal random variables can express as

1 Hoo L2
log T \.p) = = / (log(1Rn(h X )l ¥ az) <0. (19)

It seems it is not so simple to find the closed form of (19). Thus, we use
the MATLAB software to approximate the integral in (19). The integral
interval (—oo, +00) is approximated by [—50,50] because of the magnitude
of the integrand in (19) becomes sufficiently small when |z| > 50. In Figure
3, the regions of T-stability for SROCKC2 schemes with different values of
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Figure 4: Profile of the T-stability regions of the methods SRIC1 (left) and SRIC2 (right).

7 and s (dark gray area) have been illustrated. Similarly, the regions of
T-stability for the methods SRIC1, SRIC2, Milstein and Platen (light gray
area) are depicted in Figures 4 and 5. Comparison of the illustrated regions
confirms that the proposed methods have reasonably larger regions of both
MS-stability and T-stability.

5 Numerical experiments

In this section, we apply some optimal cases of SROCKC2 schemes (12) on
some examples of It6 stochastic differential equations that arising in applica-
tions. These examples illustrate the efficiency of the new proposed methods.
Denote yj(f,) and X (ty) as the numerical solutions and the exact solution
at step point ¢ty in ¢th simulation, respectively. The root mean square er-
ror (RMSE) is used by simulating 1000 independent trajectories for a given
step-size h as bellow:

| 000 o2 3
_ D () o
RMSE : (1000;’)( (tn) — 3 > .

We also investigate computational costs for a given h to measure accuracy
of proposed methods. In simulation results, the number of evaluations of
the drift function a, of the diffusion function b, and the number of random
numbers to be generated in every step is taken as measure of computational
costs (Sg). In the following, we will compare the methods SROCKC2-3,
SROCKC2-6, and SROCKC2-9 with some popular methods, including Euler-
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Figure 5: Profile of the T-stability regions of the methods Milstein (left) and Platen
(right).

Table 2: A least squares fit for the parameters C and «, for problem 1 with A =1, =1
Xig =1

SROCKC2-3 SROCKC2-6 SROCKC2-9 Platen Milstein SRIC1

a 1.0514 1.0597 1.0615 1.0207 1.0109 1.0109
log(C) 1.8067 1.7033 1.6803 2.0750 2.2317 2.2317

Maruyama [12], Milstein [16], SRIC1 and SRIC2 [20], and also the method
proposed by Platen [12].

Problem 1: The first problem is the scalar test equation (13) that is
considered on I = [0, 1] with the initial condition X;, = 1. For this setting,
the simulation results are presented in Figure 6. In this figure, RSME versus
step size of the methods are illustrated at T'= 1. It is clearly seen in Figure
6 that the slopes of curves appear to match well and (3) for a = 1 is valid.
Further, with assumption RSMFE ~ Ch® for some constants C and «a, we
can write

log(RSME) =~ log(C) + alog(h). (20)

In Table 2, a least squares fit for the parameters C' and « are calculated,
respectively. These results confirm that the proposed methods have a con-
vergence with order 1 in mean square sense. Also, in Table 3, the RMSE for
time steps h =272,...,27% are computed.

As a further aspect of providing comparisons of the computational efficiency
of the proposed methods, ratio CPU times of the methods SROCKC2, Mil-
stein, Platen, and SRIC2 to the running time of the method SRIC1 are cal-
culated in Table 4. It can be deduced from Table 4 that the CPU time of the
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Figure 6: RMSE versus step size for test problem 1.
Table 3: Means of absolute errors, RMSE, for problem 1
h SROCKC2-3 SROCKC2-3 SROCKC2-3 Platen Milstein SRIC2
277 0.150 0.131 0.127 0.223 0.271 0.271
276 0.082 0.072 0.070 0.121 0.145 0.145
277 0.037 0.032 0.031 0.056 0.069 0.068
278 0.017 0.015 0.014 0.027 0.035 0.034
279 0.008 0.007 0.007 0.013 0.017 0.016

method SROCKC2-3 and SRIC2 are approximately similar to the method

SRICL.

In following, because we do not know exact solutions to problems, refer-

ence solutions have been simulated with the Milstein scheme [16] based on
the step size h = 2713,

Problem 2:

mathematical model is

The system parameters take the values c¢;

dzy (t) = (clxl(t) — eom ()@ () — 1) + 203x2(t)))dt
+x1 (t) (Oél thl + OégdWE) R

das(t) = (%xl(t)(xl(t) —1) —c3za(t) — C4x2(t))>dt

() (1} + BodWV ).

= cg = 200, c3 = 100, and

The second problem is a chemical reaction model [12]. The

¢4 = 100 while the stochastic coefficients are oy = ag = 5 and 31 = 83 = 0.5.
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Table 4: Ratio CPU times of the proposed methods to the running time of the method
SRIC1, for problem 1 with A=1,u=1 Xy =1latT =1

h SROCKC2-3 SROCKC2-6 SROCKC2-9 Platen  Milstein = SRIC2

0 0.842 1.736 2.157 0.115 0.105 0.473
2-1! 1.346 1.846 3.891 0.269 0.262 1.000
272 0.957 2.015 3.723 0.414 0.106 1.063
273 0.970 2.000 3.303 0.284 0.176 0.961
274 0.984 2.035 3.533 0.329 0.203 1.011
27" 1.032 2.060 3.486 0.319 0.151 1.001
26 0.995 1.949 3.212 0.386 0.239 1.022

Table 5: A least squares fit for the parameters C' and «, for problem 2

SROCKC2-3 SROCKC2-6 SROCKC2-9 Platen Milstein SRIC1

a 0.7247 0.7237 0.6993 1.5669 1.4207 0.8303
log(C) 8.5043 8.3181 7.9808 19.5330 17.8396 10.1329

Table 6: Means of absolute errors, RMSE, for problem 2

h SROCKC2-3 SROCKC2-3 SROCKC2-3 SRIC2 Milstein Euler Platen
0.01 x 279 unst. 1.17 1.21 unst. unst. unst. unst.
0.01 x 2719 0.86 0.91 0.92 unst. unst. unst. unst.
0.01 x 2711 0.71 0.60 0.58 0.98 1.72  unst. 1.58
0.01 x 2712 0.41 0.34 0.33 0.55 0.51 0.51 041
0.01 x 2718 0.26 0.22 0.22 0.31 0.24 0.24 0.18

Table 7: Ratio CPU times of the proposed methods to the running time of the method
SRIC1, for problem 2

h SROCKC2-3 SROCKC2-6 SROCKC2-9 Platen Milstein SRIC2

0.01 x 276 1.066 1.333 1.600  0.733 0.667 0.933
0.01 x 277 0.935 1.225 1.581 0.709 0.645 0.967
0.01 x 278 1.034 1.310 1.672 0.706 0.689 1.034
0.01 x 279 1.008 1.288 1.661 0.711 0.678 1.016
0.01 x 2—10 0.991 1.287 1.665 0.707 0.671 1.042
0.01 x 211 1.006 1.319 1.696  0.724 0.698 1.002
0.01 x 2712 1.004 1.304 1.685 0.719 0.691 1.000
0.01 x 2713 1.007 1.314 1.684  0.730 0.699 1.009
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Figure 7: RMSE versus step size (left) and RMSE versus computational cost (right) with
double logarithmic (1d) measures for test problem 2.

Table 8: A least squares fit for the parameters C' and «, for problem 3

SROCKC2-3 SROCKC2-6 SROCKC2-9 Platen  Milstein  SRIC1
e} 0.5454 0.5715 0.5244 1.4623 1.3736 1.4243
log(C) 0.6772 0.8068 0.5372 6.7938 6.2749 6.5723

The initial conditions are z1(0) = 1000 and x2(0) = 100, and the integration
is performed on the interval [0,0.01]. The results are indicated in Figure 7
and Tables 5-7. Table 5 shows that although all mentioned methods have
same slope values, «, but the values of C, for the methods SROCKC2-3,
SROCKC2-6, and SROCKC2-9 are much less that other methods. Also, from
Table 6, it can be deduced that the methods SROCKC2-6 and SROCKC2-9
are MS-stable for step sizes h < 7.81 x 10~° and h < 1.56 x 10~%. Clearly, the
simulation results suggest proposed methods as the most efficient methods
with respect to the root mean-square errors and computational costs. Also,
the evolution of the x;(¢) and x5(t) is given in Figure 8.

Problem 3: The third problem is Marine bacteriophage infection
model, which is a stiff SDEs; see [11]. The mathematical model is

ds(t) (as(t)(l — (i) + s(1) — s(t)p(t))dt to (s(t) - s*)dwg,
(s(t)p(t) - Ei(t))dt + oo (z’(t) . i*)dwf,

dp(t) = (—s(t)p(t) — mp(t) + bzi(t))dt — o3 (p(t) - p*)dwf,

di(t)

(21)



122 A. Haghighi

1000
900
800
700

600 -

0
X0

500 -

4001

3001

200

40 individual paths 200 40 individual paths
mean of 1000 paths mean of 1000 paths

100

0 . , 100 - !
0 1 2 0 1 2

. t «10™ ¢ x10™
Figure 8: Problem 2: The functions z1(t) and z2(t) averaged over 1000 discretized
Brownian paths and along 40 individual paths with the SROCKC2-6 method with h =
0.01 x 278,

Table 9: Means of absolute errors, RMSE, for problem 3

h SROCKC2-3 SROCKC2-3 SROCKC2-3 SRIC1 Milstein Euler Platen
5x27° unst. 0.353 0.351 unst. unst. unst. unst.
5x 276 0.354 0.350 0.344 unst. unst. unst. unst.
5x 277 0.312 0.311 0.309 unst. unst. unst. unst.
5x 278 0.238 0.237 0.235 unst. unst. unst. unst.
5x 279 0.162 0.161 0.159 unst. unst. unst. unst.
5x 2710 0.108 0.107 0.105 0.365 0.355 0.362 0.372
5x 271 0.074 0.072 0.073 0.136 0.137 0.133 0.135
5 x 2712 0.055 0.054 0.055 0.039 0.039 0.038 0.039

with the initial condition (sg,ip,po) = (0.3,0.2,5). Here s represents the
susceptible bacteria, ¢ is the infected bacteria, and p is the phage (viruses).
The drift coefficients have the values a = 8.65, ¢ = 24.628, m = 14.925, and
b = 60 while the noise coefficients have the values 01 = 09 = 03 = 0.4 and

as*(1—sx)

STyt T {4+ as* P =

al(l— s*)
{+as*

In Figure 9, we report the errors versus step size of the methods and errors
versus computational effort with double logarithmic (1d) measures on the in-
terval [0, 5]. Also, Figure 9 illustrates the reduction in computational effort
of methods SROCKC2-3, SROCKC2-6, and SROCKC2-9 in the same level of
accuracy. Clearly, the simulation results in Tables 8-10 suggest the proposed
methods as the most efficient methods with respect to root mean-square er-
rors and computational costs. The evolution of the three interacting species
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Figure 9: RMSE versus step size (left) and RMSEs versus computational cost (right)
with double logarithmic (1d) measures for test problem 3.

Table 10: Ratio CPU times of the proposed methods to the running time of the method
SRIC1, for problem 3

h SROCKC2-3 SROCKC2-6 SROCKC2-9 Platen Milstein  SRIC2
5x2°° 1.200 1.600 3.000 0.400 0.401 1.200
5x 276 0.909 1.545 2.454 0.363 0.181 1.000
5x 277 1.001 1.476 2.428 0.381 0.285 1.095
5x 278 1.024 1.561 2.243 0.390 0.268 1.048
5x 279 0.964 1.511 2.178 0.392 0.272 1.023
5 x 2710 1.189 1.561 2.298 0.445 0.274 1.158
5x 2711 0.972 1.413 2.011 0.356 0.263 1.087
5x 2712 0.952 1.384 2.158 0.371 0.267 1.069

is given in Figure 10.

6 Conclusions

In this paper, the class of strong stochastic Runge-Kutta methods for stochas-
tic differential equations with commutative noise due to RdBler (2010) is
considered. For stiff SDEs, a family of explicit stochastic orthogonal Runge—
Kutta Chebyshev methods of strong order one for the approximation of the
solution of It6 SDEs with m-dimensional commutative noise are designed.
The mean-square and asymptotic stability of newly proposed methods ap-
plied to a scalar linear test equation with multiplicative noise have been an-
alyzed. Some numerical results for stochastic models arising in applications
are provided to confirm theoretical discussions. In future works, we will con-
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Figure 10: Problem 3: The functions s(t), i(t), and p(t) averaged over 1000 discretized
Brownian paths and along 40 individual paths with the SROCKC2-6 method with h =
5x 278,

sider constructing methods with higher strong global convergence orders and
better stability properties.
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Regularization technique and
numerical analysis of the mixed system
of first and second-kind
Volterra—Fredholm integral equations

S. Pishbin* and J. Shokri

Abstract

It is important to note that mixed systems of first and second-kind
Volterra—Fredholm integral equations are ill-posed problems, so that solving
discretized system of such problems has a lot of difficulties. We will apply
the regularization method to convert this mixed system (ill-posed problem) to
system of the second kind Volterra—Fredholm integral equations (well-posed
problem). A numerical method based on Chebyshev wavelets is suggested
for solving the obtained well-posed problem, and convergence analysis of the
method is discussed. For showing efficiency of the method, some test prob-
lems, for which the exact solution is known, are considered.

Keywords: Mixed systems of first and second-kind Volterra—Fredholm in-
tegral equations; Regularization method; Chebyshev wavelets; Convergence
analysis.

1 Introduction

The Volterra—Fredholm integral equations [4, 5,7, 13] arise from parabolic
boundary value problems, from the mathematical modeling of the spatiotem-
poral development of an epidemic, mathematical population dynamics, and
from various physical and biological models.
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In this paper, we consider mixed system of Volterra—Fredholm integral
equations (VFIEs) consisting of first and second-kind VFIEs as follows:

t
F(t,z) = AU(t, ) —|—/ K(t,n,z,s)U(n,s)dsdn, t€l=][0,T], =€,
0 Ja

&
where F(t,z) = [f(t,z),g(t,2)]T, U(t,z) = [u1(t,z),us(t, z)]” and
10 ki1 (t,m, x, 8) ki2(t,n, x, s)
A= |:0 0:| ’ K(t7 T 8) - |:k21(t; n,x, 3) k22(t, n,x, S)

Here, 2 denotes a (closed) bounded region in R? (d = 1,2,3) with the
(piecewise) smooth boundary 0€2.

The reformulation of the initial-boundary-value problem for the linear
heat equation in a two-dimensional spatial domain €2 with the boundary 92
by single-layer techniques leads to a mixed system of Volterra—Fredholm in-
tegral equations. Mixed systems of VFIEs are considered as the ill-posed
problems. However, we will first apply the method of regularization that
received a considerable amount of interest, especially in solving first kind
integral equations. The method transforms mixed system to the system of
second kind integral equations. The method of regularization was established
independently by Phillips [12] and Tikhonov [14]. The method of regular-
ization consists of replacing ill-posed problem by well-posed problem. Some
numerical methods have been proposed for solving Volterra—Fredholm inte-
gral equations of the second kind; see, for example, [2,6,8,10,11,15,16]. In
this paper, the wavelet collocation method is developed for a mixed system
of first and second kind Volterra—Fredholm integral equations.

The paper is organized as follows. In Section 2, we consider some applica-
tions of Volterra—Fredholm integral equation and in Section 3, we introduce
regularization technique to transform mixed system (1) into the system of
second kind integral equations. In Section 4, a numerical method based on
Chebyshev wavelets is applied for solving the obtained well-posed problem.
The convergence analysis is given in Section 5 and the numerical experiments
are carried out in Section 6, which will be used to verify the theoretical re-
sults.

2 Some applications

We can consider Volterra—Fredholm integral equation of the first kind as
a spacial case of system (1)(let u; = 0,k12 = 0). The reformulation of
the initial-boundary-value problem for the linear heat equation in a two-
dimensional spatial domain £ with boundary 92 by singlelayer techniques
leads to a Volterra—Fredholm integral equation of the first kind in the follow-
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ing form [3]:

gp(t,ﬁ)z/o /0 K(t — 5, X(8) — X(s))U(s, 6)dods,

where X (0) is a smooth 1-periodic parametric representation of the boundary
curve I' = 01, and gr represents the function describing the given boundary
condition on I x 0.

For the another example, you can consider the following integral equation

1)
F(t) = (A() — fula) = / /Q F(t,7)k(z,4)®(y, t)dydr,

(g: = j(x1,$27x3)ay = g(ylayQayQS)v (x,y) € Q7t € [OaT]v)
under the condition

/ B(z, t)dz = P(b),
Q

can be investigated from the contact problem of a rigid surface (G, v) hav-
ing an elastic material occupying the domain Q where f.(x) describing the
surface of stamp. This stamp impressed into an elastic layer surface (plane)
by a variable known force with respect to time P(t) whose eccentricity of
application e(t), (t € [0,T]) that case rigid displacement A(¢). Here G is the
displacement magnitude and v is Poisson’s coefficient.

3 Regularization technique

The linear operator defined by second equation in system (1) has not gener-
ally a continuous inverse, so that it is difficult to obtain a precise numerical
solution by classical discretization methods. Thus regularization techniques
could be used instead to transform integral equations such as second equa-
tion in system (1) into second-kind integral equations. More precisely, we
consider the following integral equations:

t
f(ta 'T) = U1 <t7 S(}) + / / kll(t’ n,x, S)ul (nﬂ S)den
0 ‘ Q
+/ / k12(t777)x?S)U/Q,E(Ths)deTh
0 tQ
g(t,l‘) = Eu?,&‘(tam) + / / k21(ta77733a5)ul(7775)d5d77
0,JQ

t
+/ / k’22(t777733’3)“2,5(77a3)d5d77a
0 JQ

where ¢ is a fixed positive number.
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Under a hypothesis that will be clarified later, it can be proved that the
solution wug (z,t) of equation (2) converges (when ¢ — 0) to the solution
us(z,t) of equation (1). Now, we consider the matrix form of equation (2) as
the following system of integral equations:

F(t,z) = EU.(t,x) +/0 /QK(t,n,m,s)UE(n,s)dsdn, (3)
where F = [(1) g] and Ug(z,t) = [u1(x,t), ug e (z,t)]7.

We need the following definition and lemma to regularization technique.

Definition 1. A self-adjoint operator k : H — H, where H is a real Hilbert
space, is called coercive if there exists a constant ¢ > 0 such that

(kx,x) > c||z||?, for all x € H.

Lemma 1. Suppose that the integral operator of system (3) is continuous
and coercive in a Hilbert space, where F, U, U, are defined. Then

o ||U.|| is bounded independently of e;
e ||U. — U|| tends to 0 when e — 0.

Proof. From (3) we conclude the following:

t t
||| = |F - / /Q KU.dsdn|| > —||F|| + | / /Q KU.dsdy|,  (4)

The coercivity property of the integral operator implies

t
1] [ Kudsin > o). (5)
0 JQ

where « is the coercivity constant.
From (4) and (5) we deduce

IENNU:N = allU|l = |1 F]; (6)
therefore it is obtained:
(= IEDINTA < 1],

which proves the first part of the lemma.
Now, for proving the second result, by using (1) and (3), we have

E(UE - U) = _/O ‘/QK(tvna T, S)[Ue(na S) - U(na 8)]d8d77 + Ul — EU, (7)
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where U, (z,t) = [u1(z,t),0]T. By rearranging (7), we can write

/0 / K(t, ., 9)[U.(n,5) — Uy, 8)ldsdy = —E(Us — U) — 0, (8)

where, by using vectors operations EU — U, = U, is obtained, which U, =
[0,u2]T. Taking the norm from the both side of (8) and using the coercivity
property imply

a|U: = U|| < |BU: = U) —els|| < |Ell|U- = U|| +¢|Tall.  (9)
From ||Us|| = ||us||, we deduce that
(a = EIDIT: = Ull < eluzll; (10)

and now from ||E|| =1+ — 1 when ¢ — 0 and o > 1 then it is concluded
that ||Us — U|| — 0 when € — 0. This completes the proof. O

The conditions of existence and uniqueness of solutions related to the
VFIEs (3) can be investigated by considering the theorem about existence
and uniqueness of solution of the second-kind Volterra—Fredholm integral
equation in [3].

Theorem 1. Assume that

1. FeC(IxQ)

2. K € C(D x Q%) where D = {(t,n),0 <n <t <T}.

Then the mized system (3) possesses a unique solution U, € C(I x Q).

4 Numerical treatment

4.1 Chebyshev wavelets

Dilations and translations of the “Mother function,” or “analyzing wavelet”
®(z) define an orthogonal basis, our wavelet basis:

D p(t) =272 @27t 1),

the variables s and [ are integers that scale and dilate the mother function ®
to generate wavelets, such as a Daubechies wavelet family. The scale index s
indicates wavelet’s width, and the location index [ gives its position. Notice
that the mother functions are rescaled, or “dilated” by powers of two, and
translated by integers. What makes wavelet bases especially interesting is the
self-similarity caused by the scales and dilations. Once we know about the
mother functions, we know everything about the basis. Chebyshev wavelets
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A(n,m) = ¢(k,n,m,t) have four arguments, n = 1,2,... ,28=1 where k can
assume any positive integer and m is the degree of Chebyshev polynomials
of the first kind. They are defined on the interval [0,1) as

25T (2 —2n+1), 2% <t< gt
£ = m ) k=1 = 2k—1> 11
¢(n,m)( ) {O, otherwise, ( )

where
m =0,

1
Vr
t) = 5
;Tm(t)7 m > Oa

and m = 0,1,...,M —1, n = 1,2,...,2¥71. Also T,(t) are Chebyshev

polynomials of degree m which are orthogonal with respect to the func-

tion w(t) = \/11_W on the interval [—1,1]. We consider the two-dimensional

Chebyshev wavelet ¢(,,, m, nq,m.) (T, y) as follows:

2552 (2R — 2ny + 1) T, (252 — 205 + 1), le L <y < le -
2k2 T <y< 21€2 T
0, otherwise,
(12)

where m; =0,1,...,.M; —1, my =0,1,..., My — 1, ny = 1,...,2"1 and
ng =1,...,2k"1

A function u(z,y) € L?([0,1) x [0,1)) may be expanded as
x y) = Z Z Z Z un1m1n2m2¢(n17m1,n27m2)(Iyy)~ (13)
ni=1mi;=0n2=1mo=0
If the infinite series in equation (13) is truncated, then

2k1=1 A —12k21 pMp—1

2 Y D DD tniminama O s naama) (3,y) = B(2)TUD(y).

n1=1 m1=0 na=1 mo=0
(14)

where ®(z) and ®(y) are (2°*71)M; x 1 and (2¥2~1) M, x 1 matrices, respec-
tively, such that

(ID(x) = [¢(1,0) (x)ﬂ R (b(l,Ml—l) (517)7 ERE) ¢(2k1*1,0) (.’E), LR ¢(2k1*1,M1—1) (x)]Tv
Q(y) = [¢(1,0) (¥), - -7¢(1,MZ—1)(2J), . -7¢(2k2—1,0)(y)7 .. ~7¢(2k2—1,M2—1)(y)]T-

Also U is a (28171) My x (2F271) My matrix whose elements can be calculated
as

1 1
Unimingmy = /0 /0 gb(nl,ml)(m)¢(n2,m2)(y)u(mvy)wnl(x)wn2(y)dydm7
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where ny = 1,...,287 1 my = 0,1,...,M; — 1, ng = 1,...,2F71 my =
0,1,...,Ms —1 and

wp(t) =

w(th72n+]')a 2k1<t<2k i)
0, otherwise

Now, consider system (2) with I = Q = [0, 1] and approximate the solu-
tion of this system using (13) as

a1 (t,z) = &)U & (). (15)

ﬁQ,s(tvx) = (I)(t)TUZs(I)(x)' (16)

Also, we approximate the kernels in system (2) respect to two variables 7
and s as follows:

kij(t7777x,s) ~ ]%ij(tvn,xﬂs) = CD(U)TKZ](D(S) (Zvj = 172) (17)
Inserting (15), (16), (17), and the following collocation points

1

o . k-1
b= pgnorge 1= L2 M2

R B ko1
T = et LR LA oy (18)

into system (2), we have the following linear system of algebraic equations
for the unknown coefficients U; and Us .:

f(ti,25) = B(t:) TV, @ / / b (£, . 5, )@ () TUL B (s) dsdly
/ / sty 1,25, ) () T Uy o (s) dsdly,
b)) = () U (o) + [ / faa (£, 1,05, ) () TUL(s) sy

2]
/ / k22 tlanaxj7 )(I)(n) Uzﬁq)(s)den’

i=1,2,..., M2 =12 ... My2k—1,

4.2 Normalization

In the language of optimization theory, for the linear bounded operator K :
X =Y and Kz = y, determine z. that minimizes the Tikhonov functional
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J.(z) = ||[Kz —y||* +el|lz|?, forallxc X.
We can consider the following theorem from [9].

Theorem 2. Let K : X — Y be a linear bounded operator between Hilbert
spaces and let € > 0. Then the Thikhonov functional J. has a unique mini-
mum x. € X. This minimum x. is the unique solution of the normal equation

ex. + K*Kx. = K*y.
Here, K* :' Y — X denotes the adjoint of K.

By using Theorem 2, system (2) with I = Q = [0, 1] can be written in the
normal form as follows:

D 1
F(peq) = wi(p,q) + / / ks (py 1, ¢, 8)ur (1, 8)dsdy
0 0
D 1
+/ / k12(P7777q73)u2,s(777S)den»
0 0

1 1
/ / k22(p7t7q,$)g(t,l‘)d$dt
p 0

= eus . (p,

q)
1,1 et pl
—l—/ //kgg(p,uq,x)kgl(t,mx,s)ul(ms)dsdndxdt
» Jo_ Jo Jo

1 1 t 1
+/ / / / koo (p,t, g, 2)kaz(t, n, T, 8)uz £ (1, s)dsdndzdt,
» Jo Jo Jo

(20)
Now, we can consider the numerical method based on Chebyshev wavelets
from the previous subsection for the approximate solution of system (20).

5 Convergence analysis

In this section, we investigate the convergence analysis of the proposed
Chebyshev wavelet collocation method, using polynomial approximation the-
ory.

Lemma 2. Assume that u(z,y) € L*([0,1) x [0,1)) can be expanded in the
form of series (13) and that u(t,x) is the approzimation of u(x,y) which is
defined by (14). Then 4(t,x) converges to u(t,x).

Proof. We recall the series u(t,z) from (13) and the truncated series i(t, )
from (14), respectively, as follows:

oo

u(a@y)z Z Z Z Z un1m1n2m2¢(n1,m1,n2,m2)(:E>y)7

ni=1mi;=0n2=1mye=0
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and

2F1=1 prp—12F2—1 pp—1

= Z Z Z Z un1m1n2m2¢(n1,m1,n2,m2)(t7x);

ni1=1 m1;=0 ng=1 m2=0

where m; = 0,1,...,M; — 1, mg = 0,1,..., My — 1, ny = 1,...,2"~1,
and ny = 1,...,2%~1 The functions B(ny,m1,nz,ms) (L, ) are the Chebyshev
wavelet. Let L?([0,1) x [0,1)) be the Hilbert space and let

ST - o2 e —my),
where @, my ny,msy) (¢, ) form a basis of L2([0,1) x [0,1)) as in (12).
From (13), we consider

¢(n1,m1,n2,m2)( ) =2

)
(t Jf Z Z U1m11m2¢ 1 m1,1,m2 t Jf chud)(l j) t J}
m1=0mo=0 i=0 j=0

where ¢;; =< u(t,x),¢q ;) (t,x) > for ki = 1,ks = 1 and < .,. > rep-
resents an inner product. Let us denote ¢, ;)(t,) = ¢(t,7) and a;; =<

u(t,z), d(t, z) >

Define the sequence of partial sums Sy, ., n > m of {c;;¢(t;,z;)}. Let
Sny,m, and Sy, m, be arbitrary partial sums with n; > ny. We show that
Sn,m is a Cauchy sequence in a Hilbert space.

Let Spm = D520 252 @ijd(ti, z5). From

ny n2 niy N2

2,22 cudltna) >= 3 3 eyl
i=0 j=0 =0 j=0
we can show that [|Sp, n, = Smyma | = 202, 11 2 )2y 1 ] for ny >

mi, Ng > Ma.

We can write

YooY stz

i=mi+1j=mo+1

=< Z Z a0, z5), Z Z oot xj) >

i=mi+1j=ma+1 i=mi+1j=ma+1
ni no
2
> > eyl
i=ma+1 jmmat1

for ny > mq,ns > mo. Then it is concluded that
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ni na
2 _
1Y Y )= Y gl
i=mi+1j=ma+1 i=mi+1j=ma+1

for n; > mq,ng > mo.

Now from Bessel’s inequality, we deduce that Y7 ., ;ZmQ 11 lagg]? s
convergent and therefore || 7 ;‘lim2+1 ijd(ti, ;)| = 0,
that is, || D22, 1 252,01 @ij¢(ti,z)|| — 0 and {S,,,} is a Cauchy se-

quence thus it converges to a real number like ‘s*
In the continuance, we prove that u(t,z) = s.

<s—u(t, ), p(t;, ;) > =<s,d(t;,x;) > — < u(t,z), p(t;, x;) >
=< 11_>m Sn,ma¢(tiaxi) > —Qj

= nh_{go < Spms O(ts, x3) > —aij = i — o = 05

then it is concluded that u(t,z) = s or 3 3;2 D772, ci;¢(ti, x;) converges to
u(t, x), and by induction it is evident that this result is established for any
integer numbers of k; and ks, so for k; — oo and k3 — oo. In the other hand,
we can consider @(t,x) as Sy, which means 4(t, z) converges to u(t, ) and
this completes the proof. O

Theorem 3. Consider a function u(z,y) € L?([0,1] x [0,1]), with bounded
Oz < B,

forth partial derivations, Then the wavelet coefficient,

Unymingms M (14) , decay as follows

B
U < .
el S G 57— g 1)

(21)

Proof. From (14) it follows that

Uniminams = / / w(z,y ¢(n1 ml)( ¢(n2 mz)( JWn, ()W, (y)dydx
/ D(n1,ma) (%) Wn, ( / W5 Y) Dz ma) (Y)W (y)dy)dw~

7L2/2k2 1
/ Dy m) (@)W, (2 /( 2822y (2, y)

ng—1)/2k2—-1
T, (282 — 209 + 1)

W, (2F2y — 2ng + )dy) dx.
(22)
If my,mo > 1, by substituting 2¥2y — 2ny + 1 = cos @ in (22), it yields
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1 1 g cosfong — 1 2

Uniminoms = 2’“27/2/0 ¢(n1,m1)(l’)wn1 (z) [/0 u(zx, T) ;costOde]

V2 1 cosf 4+ 2ngs — 1, sinmo6

= W/ D(n1.my) (@)wn, (2) [U(z, ks ) )

0
2 i fang — 1)/2%2

o V2 / Ou(z, (cos fanz )/272) sin mof sin@dG} dz
23k2/2ma /7 Jg dy

™

mo 0

-t /1 ¢ (z)w (x)[ ™ Qu(z, (cos Banz —1)/22)
- 23k2/2m2\/% 0 (n1,m1) k1 6:!/
(sin(mg - 1%6 _sin(mg + 1)6) ’77

) mo — 1 T2 +1 0

1 4 0+ 2ngy — 1)/2F2

N / 0%u(z, (cos 0 + 2n2 )/ )hm2 ) d@] dz,
25k2/2mq 21 Jo 0%y

(23)
where

. sin(ms — 1) sin(ms + 1)0
hm(e)—sme( p—1 p— )
Then, we obtain

" B 1 " [ 1 9%u(w,(cos 04+2na—1)/2%2)
TR T o5ka (20 /20 Jo L0 o (24)
O, o) (@) () d | B, (0) .

Now, similar to the discussion in (23), by substituting 2¥1y —2n; + 1 = cosa
in (24), it yields

Unymingms

1
- 25(k1+k2)/2m 1 my (27)
™ ™ 94 _ k1 _ ko
></ / O*u((cosa + 2nq 1)/22 ;(0059+2n2 1)/2 )hml (), (8) da do.
o Jo 02202y
Thus we have
[tnyminymsl
= 25(k1HR2) /2 my (21)
T ™ 9%u((cosa + 2ny1 — 1)/2F1, (cos 0 + 2na — 1)/2F2)
’/ / ( 8/23382( huny (@) homs (0) da dO
o Jo Y
< 25017522y mag (27) Jo |homy (a)\da/O |Pms (0)] d6.
(25)

However

| tharao = [

sinH(Sin(m2 —1)6  sin(mo + 1)9) ’dﬂ

o - mag — 1 ] mg.—l— 1
< / ‘sm@sm(mg - 1)0’ n ‘sm@sm(mg + 1)9‘ (26)
0 mo — 1 moe +1

2mom
= (m3—1)
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and similarly, it is obtained

g 2m17r
[, ()] dov < ———. (27)
/0 ' (mi—1)
Since n; < 2"~ and ny < 2%271 by substituting (26) and (27) in (25), the
desired result is obtained as follows:

2rB
< .
|Umm1n2m2| = 25(k1+k2)/2(m% _ 1)(m% _ 1)

O

Theorem 4. Letu(z,y) € L*([0,1]x[0,1]), with bounded forth partial deriva-

tions, |8;27;(§2’Z)| < B; then the error bound would be obtained as follows:

Oy My ko My = O(Q*%(kﬁkz))’ (28)
where

Oky,My k2, M2
2k1=1 A —12F271 pMp—1

- (Al Al [u(x’y) N Z Z Z Z u”1m1”2m2¢(n17m1)($)¢(n27m2)(y):|2

n1=1 m1=0 na=1 My=0

N|=

W, (T)Wn, (y) do dy)

Proof. From the error statement, we have

2
Oky,My ko, Ms
ok1=1 ppyp—12k2-1 py—1

1 gl ,
ST AT AL CCTIED S i Sl ST AT

ni=1 m1=0 ng=1 My=0

W,y (@)wny (y) do dy

1 1 [eS) e oo [eS)
:/ / [ Z Z Z Z Unymingma P(ny my) (T)D(ny,ms) (Y)
0 = 1 My=0

o2k1=1 ppyp—12k2-1 pp—1

1
2
- Z Z Z unlmlngmg¢(n1,ml)(m)¢(n2,m2)(y)] wn1(z)wn2(y)dmdy
ni=1 m1=0 ng=1 my=0

o5}

1 1 oo oo oo
= /0 /O Z Z Z Z uilmlnzmz (¢(nlvml)(ac))z((b(nzm’tz)(y))2

nq=2k1 m1=M1 py=2k2 ma=M>

Wny ()wn, (y) dz dy

oo oo oo [ee] 1 1
= Z Z Z Z ugnmlnzm’z/o /0(¢("1vm1)(w))2(¢(n2,m2)(y))2

ny=2F1 m1=M1 p,=2k2 ma=M>
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Wny (T)wny (y) de dy

k1 2
[27Tm1 (k12 — 2ny + 1)]

[e’e} [ee) [e'e) [e’e) ni
DD D SIED DRI i &
- niminams ny— % P}

ny—2F1 Mm1=M pp—ok2 mo=Ma e -4 V1= (2%t —2n1 +1)
ST [2 2 Ting (2F2y — 202 + 1)] d
X y
ny— E
2 V1= (2k2z — 2no +1)2
N 2
o0 oo oo oo L T, (2F12 — 2n 1]
S U D oD SR PPy o il L
nimingmsa ny— 7
ny=2k1 m1=Mj ny=2k2 ma=M> 2k11—11 \/1 - @Mz =20 4 1)2
~ 2
s [Tma(2h2y — 200 + 1))

ng—1

2=t V11— 2Rz —2np +1)2

Now, let 281y — 2n; +1 = #; and 2k2y — 2n9 + 1 = ty, then it is obtained

o0 1 -l
, Ty (t1)
2 m1
SUGMAly My ko, My = Z Z Z Z un1m1"2m2 N dh
=2k1 m1=M1 no=2k2 ma=DM> -1 1- i
L
T, (T
Ty (t2) dts.
-1 —t3
(29)
For m; > 1, mg > 1, we have
! Tm1(t1) _r /1 Am2(t2) dty = .
«/17151 2’ 1113 2’
then (29) simplifies as follows:
(30)

o0 o0 oo oo
2
unlmlnzmg :

2 _
Ok, My ko, Mz = 4
n1=2F1 m1 =M1 no=2k2 mo=NM>

Therefore from (21) and (30), we can conclude the desired result as follows

1
TRy My o My < 210 Z Z Z Z (n1n2)5(m? —1)2(m2 — 1)’

n1=2k1 mi=Mi ny=2k2 mo=DM>
(31)
Also
= 1 1 1
= + e (32)
nlgkl (n1)5 (2k1)5 (2k1 4+ 1)5 2k1 5 Z (1+ 2k1)

From (31) and (32), we conclude that
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—3(ki+k
Oky,My,ka,My = 0(2 2 (it 2))'

Theorem 5. Let us consider M = max||K(t,n,z,s)|, for n,t € T =
[0,1],8,2 € Q = [0,1]. Assume that U.(t,x) is the exact solution of sys-
tem (3) and that U.(t,z) denotes the Chebyshev wavelet approzimation for
the exact solution U which is given by (15) and (16) . Then U.(t,z) converges
to Uc(t,x) and the following result can be obtained

M&—muzo(%wwm)

Proof. According to the proposed method in previous section, we consider
(15), (16), and (17) and insert U.(¢,z) and K(¢,n, z, s) as approximations of
the exact solution U and kernel K into system (3)

F(t,z) = EU.(t,x) —l—/o /0 K(t,n,z,5)U.(n, s)dsdn. (33)

Subtracting (3) from (33) and some manipulations, we get

t 1
|mwmfvm<w4[}mem@wamammm@wmu
t 1 R R
y / / R(t,m, . 5)(Us(n, s) — Us(n, s))dsds].
0 0
From ||E|| > 1 it is obtained
||U6708H § HK7K||||UEH+M”UE7UEH' (34)

Relation (34) together with Lemma 2, shows the convergence of the exact
solution to the approximate solution. Considering Theorem 4, we have

IK — K| = 027 Fkk)), (35)
From (34) and (35), we conclude that

V-~ 0] = O (2730,
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6 Numerical examples

To demonstrate the efficiency and the practicability of the proposed method,
we consider the following two examples. All results are computed by using a
program written in the Mathematica®.

Example 1. Consider the following TTAEs:

/t/1 L00£(t + )u(n, )dsdy — ?t2(3+4t)(t+x), tel0,1],  (36)

where the exact solution is u(t,z) =t + x.
Considering regularization techniques and (3) for (36), we have

eue(t, ) + /0 /01 100t(t + x)u(n, s)dsdn = ?tz(?) + 4t)(t + x). (37)

We assume that 4. (¢, x) is the approximation of the exact solution wu.(t,x)
which is defined by (15). For analyzing the behavior of the error representa-
tions, we consider absolute error as

Error = |u(t;, z;) — e (ti, z;)|.

The Chebyshev wavelet method described in Section 4 has been imple-
mented for problem (37) with My = My = 3,k1 = ko = 2 and the error for
different values of € has been reported in Table 1, which confirms the theoret-
ical results of Lemma 1. Figure 1 presents the plots of exact and approximate
solution with € = 0.000001, which are found to be in good agreement.

From subsection 4.2, we consider the normal form of equation (36) as
follows:

eue(p, q / / / / 10000pt(p + q)(t + ) ue(n, s)dsdndzdt

L2500
= / ?p(p + q)t2 (3 +4t)(t + x)dxdt, p €1[0,1],
P 0

(38)

and then solve this equation by the Chebyshev wavelet method with M; =
My = 3 and k1 = ko = 2. We report the error for different values of € in Table
2. From numerical results in Tables 1 and 2, we observe that the results in
Table 2 are more accurate than the reported results in Table 1.

Example 2. Consider the following:

Au(t,x) +/() /0 K(t,n,z,s)u(n, s)dsdn = f(t,x), t €10,1], (39)
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Table 1: Absolute errors of ue for different values of € in Example 1
Error Error Error

(ti, ;) e =0.01 e =0.001 e = 0.000001
(0.1,0.1) 3.62 x 1073 3.64 x 1074 3.65 x 1077
(0.2,0.2) 1.62 x 1074 1.45 x 1075 1.40 x 1078
(0.3,0.3) 1.37 x 1073 1.39 x 1074 1.39 x 1077
(0.4,0.4) 1.32 x 1073 1.35 x 1074 1.37 x 1077
(0.5,0.5) 9.09 x 1073 9.29 x 1074 9.32 x 1077
(0.6,0.6) 1.71 x 1073 1.74 x 1074 1.72 x 1077
(0.7,0.7) 1.69 x 1073 1.73 x 1074 1.70 x 107
(0.8,0.8) 4.19 x 107° 9.27 x 1077 1.87 x 1079
(0.9,0.9) 7.42 x 1073 8.20 x 10~ 8.20 x 1077

Table 2: Absolute errors of u. for different values of & for normal equation in Example 1

Error Error Error

(ti, ;) e=0.01 e =0.001 £ = 0.000001
(0.1,0.1) 6.18 x 1076 6.11 x 1076 1.95 x 1077
(0.2,0.2) 6.84 x 107° 6.26 x 107° 5.22 x 1078
(0.3,0.3) 3.79 x 1076 3.83 x 1077 8.93 x 1078
(0.4,0.4) 2.43 x 107° 2.43 x 107 5.70 x 1078
(0.5,0.5) 2.06 x 1075 2.06 x 1076 6.66 x 1077
(0.6,0.6) 2.14 x 107° 2.14 x 1076 2.42 x 1077
(0.7,0.7) 7.78 x 1076 7.78 x 1077 1.67 x 1077
(0.8,0.8) 2.25 x 107° 2.25 x 1076 2.41 x 1078
(0.9,0.9) 7.18 x 1075 7.18 x 1076 3.13 x 1077
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where
[ro AP+ (st
A= [0 0]’ Kt @8) =150 2 e 2008 + 2000 |
U(t,.’L’) = (ul(t,x),ug(t,x))T, f(t,l') = (fl(t,l‘),fg(t,l'))T,

and f; and fy are such that the exact solution is
up(t,r) =t + 2%+ 1,  wug(t,x) =t+a.

We apply the regularization method to convert the mixed system (39) to
the system of the second kind integral equations. Then, the resulting second
kind integral equation will be solved by the proposed numerical scheme in
section 4 with M; = My = 3 and k1 = ks = 2. Let (4, Us,.) be the
approximation of the exact solution (u1,us ) which are defined by (15) and
(16). Numerical errors with several values of € are displayed in Tables 3 and
4.

Figure 1: The plots of exact solution u and approximate solution of u with ¢ = 0.000001
in Example 1.

Similar to Example 2, we transform system (39) into the normal form of
system (20) and then solve the normal system by Chebyshev wavelet method
with My = My = 3 and k1 = ko = 2. The error for different values of ¢ is
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Table 3: Absolute errors of uy for different values of € in Example 2

Error Error Error

(z:,9;) e =0.01 e = 0.001 e = 0.000001
(0.1,0.1) 1.00 x 1075 1.00 x 1076 1.00 x 1079
(0.2,0.2) 2.00 x 107° 2.00 x 107¢ 2.00 x 107
(0.3,0.3) 3.03 x 107° 3.03 x 1076 3.03 x 107°
(0.4,0.4) 4.11 x 107° 411 x 1076 411 x 107
(0.5,0.5) 5.44 x 107° 5.44 x 1076 5.44 x 1079
(0.6,0.6) 6.58 x 107° 6.58 x 1076 6.58 x 107"
(0.7,0.7) 8.25 x 107° 8.25 x 1076 8.25 x 107"
(0.8,0.8) 1.05 x 1074 1.05 x 1075 1.05 x 1078
(0.9,0.9) 1.34 x 1074 1.34 x 1075 1.34 x 1078

Table 4: Absolute errors of uz ¢ for different values of € in Example 2

Error Error Error
(xi,y5) e=20.01 e =0.001 ¢ =0.000001

1.07 x 1073 1.83 x 1074 8.51 x 107
1.58 x 1074 2.84 x 1075 1.86 x 107°
0.3,0.3 2.39 x 1074 2.36 x 107 1.78 x 107°
0.4,0.4 4.63 x 1074 2.48 x 1075 2.37 x 1076

(0.1,0.1)
( )
( )
( )
(0.5,0.5) 3.84 x 1073 8.20 x 10~* 4.82x107°
( )
( )
( )
( )

0.2,0.2

0.6,0.6 1.66 x 10~3 1.12 x 1074 1.06 x 1074
0.7,0.7 1.22 x 1073 1.80 x 104 1.77 x 10~4
0.8,0.8 2.85 x 1073 2.81 x 10~* 1.80 x 104
0.9,0.9 6.69 x 10~3 3.88 x 1074 3.56 x 1074
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Figure 2: The plots of exact solution u; and approximate solution of u1 with ¢ = 0.000001

in Example 2.

Table 5: Absolute errors of u; for different values of & for normal equation in Example 2

Error Error Error

(z:,9;) e =0.01 £ =0.001 £ = 0.000001
(0.1,0.1) 8.54 x 1078 8.54 x 107° 8.54 x 10712
(0.2,0.2) 2.56 x 1078 2.56 x 1079 2.56 x 10~12
(0.3,0.3) 4.19 x 1078 4.19 x 107° 4.19 x 10712
(0.4,0.4) 1.10 x 1077 1.10 x 10~8 1.10 x 10~
(0.5,0.5) 5.46 x 1077 5.46 x 1078 5.46 x 1071
(0.6,0.6) 1.73 x 1076 1.73 x 1077 1.73 x 10710
(0.7,0.7) 2.54 x 107¢ 2.54 x 1077 2.54 x 10719
(0.8,0.8) 2.86 x 107¢ 2.86 x 1077 2.86 x 10710
(0.9,0.9) 2.58 x 1076 2.58 x 1077 2.58 x 10710

reported in Tables 5 and 6. Comparing displayed errors in the Tables 3, 4
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Figure 3: The plots of exact solution uz and approximate solution of uz with ¢ = 0.000001
in Example 2.

and 5, 6, we observe that the results in Tables 5 and 6 are more accurate
than the reported results in Tables 3 and 4. This is predicted by the theory,
in particular by Theorem 2. Figures 2 and 3 present the plots of exact and
approximate solution with ¢ = 0.000001.

6.1 Haar wavelet method

In literature, several wavelets with different properties have been derived
and depending upon the applications, different wavelet families are used.
The Cheybyshev wavelets method is found to be simple, efficient, accurate,
and computationally attractive for solving linear and non-linear problems.
The properties of Chebyshev wavelets make the wavelet coefficient matrices
sparse which eventually leads to the sparsity of the coefficients matrix of the
obtained system. The Haar wavelet is also the simplest possible wavelet. The
technical disadvantage of the Haar wavelet is that it is not continuous, and
therefore not differentiable. This property can, however, be an advantage for
the analysis of signals with sudden transitions, such as monitoring of tool
failure in machines. For comparison, we consider the Haar wavelet method
to solve Example 1. The Haar wavelet family is
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Table 6: Absolute errors of uz,. for different values of € for normal equation in Example

2
Error Error Error

(z4,95) e =0.01 e =0.001 e = 0.000001
(0.1,0.1) 1.25 x 1077 1.00 x 108 2.19 x 1077
(0.2,0.2) 9.92 x 1077 9.83 x 1078 8.59 x 1078
(0.3,0.3) 9.58 x 1078 1.05 x 1078 9.59 x 1078
(0.4,0.4) 3.64 x 107¢ 3.64 x 1077 5.67 x 107°
(0.5,0.5) 5.75 x 1076 5.67 x 107 2.19 x 10~7
(0.6,0.6) 4.75 x 107¢ 4.73 x 1077 4.37 x 1077
(0.7,0.7) 1.18 x 1076 1.17x 1077 1.52 x 1077
(0.8,0.8) 5.24 x 1076 5.24 x 1077 7.34 x 1078
(0.9,0.9) 1.48 x 1075 1.48 x 1076 1.39 x 1077

1, te [7‘17 7'2],

hl(t) = -1, te [7’2,7’3],

0, elsewhere

where
k k+3 k+1
T = —, Ty = 9 T3 = .
m m
The integer m = 27,7 =0,1,...,pand k =0,1,...,m — 1 are the level of

the wavelet and translation parameter, respectively. The index i is calculated
from the formula i = m + k + 1 and the maximal value is i = 2M (M = 2P).
The index i = 1 corresponds to the scaling function of the Haar wavelet
hi(t) = 1. We can consider an approximate solution of equation (37) as

2M; 2M>

U (t,z) = Z Z aizhi(t)h;(x),

i=1 j=1

where the coefficients a;; can be obtained by inserting approximate solution
G (t, ) and the following collocation points in equation (37)

1-(3) r—(3)
2M1 2M2

t = A=1,2,...,2M,, a,= r=1,2...,2M,.
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By assuming M; = My = 4, the absolute error for different values of ¢
have been reported in Table 7. From Tables 1 and 7, we observe that the
results obtained by the Chebyshev wavelet method are more accurate than
the Haar wavelet method in this case.

Table 7: Absolute errors of u. for different values of € by Haar wavelet method in Example
1

Error Error Error

(ti, ;) e=0.01 e =0.001 £ = 0.000001
(0.1,0.1) 8.99 x 1072 8.07 x 1072 7.99 x 1072
(0.2,0.2) 8.83 x 1072 2.11 x 1072 1.41 x 1072
(0.3,0.3) 4.04 x 1072 1.72 x 1072 1.29 x 1072
(0.4,0.4) 9.33 x 1072 7.99 x 1072 7.82 x 1072
(0.5,0.5) 4.99 x 1071 5.00 x 101 4.99 x 1071
(0.6,0.6) 9.58 x 1072 8.25 x 1072 8.08 x 1072
(0.7,0.7) 6.79 x 1072 1.98 x 1072 1.15 x 1072
(0.8,0.8) 5.09 x 1072 1.78 x 1072 1.77 x 1072
(0.9,0.9) 9.26 x 1072 8.01 x 1072 7.84 x 1072

7 Conclusion and future work

This work has been concerned with the regularization method to convert the
mixed systems of the first and second-kind Volterra—Fredholm integral equa-
tions to the system of the second-kind Volterra—Fredholm integral equations.
We presented the numerical method based on Chebyshev wavelets for solving
the obtained second-kind problem. Convergence of the method was proved.
These results were confirmed by some numerical examples.

In the present work, we considered the mixed system (1) in special case

with A = [é 8] . The mixed system (1) in general form with A(¢) will be

investigated as our future work.
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