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ABSTRACT. In many modeling that occurs in various disciplines, in-
cluding physics and biological mathematics, the stochastic factor is
used to increase the accuracy of the model and make it more consis-
tent with the reality of the phenomena, which has led to the creation
of various classes of stochastic equations. One of the equations in
this family is the linear or nonlinear stochastic It6-Volterra integral
equations (SIVIEs). This study investigated a method based on
the operational matrix from linear cardinal B-spline functions by
means of the Simpson’s rule for a family of the linear or nonlinear
SIVIEs due to the Brownian motion. To this end, we have cre-
ated matrix forms for the Volterra integral as well as the stochastic
Ito-integral. Then we obtained the operational matrix of product,
which we found to be not particularly computationally complex. By
stating several theorems, we show that the method is convergent,
and as a consequence of these theorems, we prove that the order of

1
convergence of this method is ©(ﬁ) and some convergence verifi-

cation notes for different values of I to confirm the theoretical rates
are demonstrated.
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1. INTRODUCTION

During the last three decades, deterministic chaos theory has rapidly
attracted mathematicians, engineers, economists, physicists, biologists,
etc. But, this type of chaos can only be understood as quasi-chaos,
where all states of a system can be predicted and recreated by exper-
imenting. In addition, many experiments in the natural sciences have
provided hard evidence of stochastic behavior. Deterministic models
can represent idealized situations and can often be corrected by adding
stochastic influences. Because of the irregularity of Brownian motion,
stochastic differential equations can only be interpreted in terms of sto-
chastic integral equations. Kiyosi It6 (1915-2008) discovered the diffi-
culty of investigating differential equations with a noise term that does
not converge to a unique limit in the mean square sense. To avoid this
difficulty, It6 developed a new approach and created a formula called the
It6 formula, which is the basis of the It6 calculus and an introduction
to stochastic differential equations (SDE) [, 2]. Stochastic differential
equations are basically equations of motion for dynamic systems that
evolve according to a probabilistic description. In recent years, stochas-
tic ordinary differential equations have been widely used in modeling
complex phenomena in various scientific fields. Among these applica-
tions are population dynamics, the spread of bacteriophage infections,
and other biological systems in which the role of uncertainty and random
fluctuations is important [3]. Stochastic differential equations (SDEs)
governed by Brownian processes provide powerful analytical tools for
studying dynamical systems under uncertainty. These studies have di-
verse applications in economics, biology, mechanics, physics, chemistry,
and finance, and play a fundamental role in analyzing the behavior of
complex systems with random noise [4, 5, 6].

For example, the geometric Brownian motion:

dZ(x) = aZ(zx)dx + fZ(x)dB(x), Z(0) = Zy, (1.1)

which is a stochastic process commonly used to model the behavior of
asset prices in finance, including in the Black-Scholes-Merton option
pricing model. Another important example is Feller’s branching dif-
fusion, which is a stochastic process commonly used in mathematical
biology to model population dynamics, particularly in the context of
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branching processes|[]:
dZ(x) = aZ(x)dx + o~/ Z(x)dB(x), Z(0) = Zy > 0. (1.2)

For example, the Fokker-Planck stochastic equation is used in statisti-
cal mechanics to study the behavior of particles under the influence of
second-order forces and drag forces. These equations allow for a more
accurate analysis of the dynamics of physical systems and provide a
better understanding of the effects of noise and chaos in these systems

[Bl:
d°Z(x) = ki (t, ) Z(x)dx+k(t, 2) Z(x)dB(zx), Z(0) = Zy, B € R. (1.3)

To solve this class of equations, various methods have been proposed.
The most important of which are the second-order Chebyshev wavelet
Galerkin method [9] and the shifted Legendre spectral collocation method
[10]. In the framework of numerical methods, the matrix form has been
used as an efficient tool for solving various problems. For this pur-
pose, researchers in [L1] have used the operational matrix based on the
dual Bernstein polynomial to approximate fractional derivatives and also
the stochastic integral. Other advanced methods such as collocation-
Galerkin and the shifted Jacobi polynomials have also been investigated
in order to improve the accuracy and computational efficiency, and
techniques based on the Galerkin method and other developed numer-
ical methods have played an important role in solving these equations
[12, 13]. For more details and about discussing the additional relevant
works to better contextualize these contributions see [14, 15, 16, [L7, [1§].

Since solving the SDEs can only be done in a particular cases, de-
veloping stable numerical techniques for SDEs is a major and rapidly
increasing area of research. Due to their high accuracy, spectral meth-
ods have been widely used in the last decades. Three main types of
spectral methods can be applied: collocation, tau, and Galerkin. The
choice of the type of method depends fundamentally on the application.
Usually, the matrices generated by the discretization matrices have an
increasing condition number, and thus computational rounding errors.
This reduces the expected theoretical exponential accuracy. Further-
more, the discretization matrices are usually fully populated, making it
difficult to use efficient algebraic solvers.

Several attempts have been made to eliminate these problems. The
operational matrix method is a powerful numerical technique used to
solve various types of differential equations, especially those involving
fractional derivatives. The key advantages of the method include the
following;:
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Operational matrices significantly reduce the computational cost com-
pared to traditional numerical methods, especially for higher-order deriva-
tives or fractional derivatives (Efficiency).

Depending on the choice of basis functions and the number of terms
used, the method can achieve high accuracy (Accuracy).

This method can be used for systems of different sizes and complexi-
ties (Flexibility).

Computational software greatly facilitates the work with this method
(Use of computational tools).

It can be applied to a wide range of problems, including: fractional
differential equations, integro-differential equations, delay differential
equations, nonlinear problems (Versatility).

Among the considerations that should be taken into account for this
method is the choice of basis functions. The choice of basis functions
significantly impacts the accuracy and efficiency of the method, such
as polynomials Legendre, Chebyshev, Bernstein, Bernoulli, wavelets, or
other suitable functions [11, 19, 20, 21]. In summary, the operational
matrix method provides a powerful and versatile framework for solving
a wide range of differential equations. By leveraging the properties of
operational matrices, this method offers significant advantages in terms
of computational efficiency and accuracy, making it a valuable tool in
various scientific and engineering disciplines.

With these ideas in mind, this study investigates a method based on
the operational matrix of B-spline cardinal linear functions for numer-
ically solving linear and nonlinear SIVIEs. We consider the following
SIVIE:

z(x) = g(x) + /Dx M (2, 6) Y (E, 2(t))dt + /Oz Xo(z,t)Ya(t, 2(t))dB(t),

(1.4)
where z, z(z), g(x) € D = [0,T] and Y;(t, 2(t)), Ai(z,t) € D x D, for
i = 1,2, are the stochastic processes defined on the probability space
(Q,F, P). Also, B={B(t),t > 0} is a Brownian process.

Also, many functions or polynomials, such as the approach based on
Legendre wavelets Galerkin method [22] and piecewise spectral-collocation
method [23], the approach based on operational matrices of Chebyshev
cardinal functions [24] and the explicit finite difference scheme and Bern-
stein polynomials [25], were used to derive solutions of SIVIEs.

In this work, the choice of linear cardinal B-spline basis functions
is driven by a deliberate balance between the sparsity of operational
matrices, numerical stability, simplicity of implementation, and robust-
ness against the limited smoothness induced by stochastic noise. Unlike
global polynomial bases such as Legendre and Chebyshev polynomials,
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which produce dense matrices with rapidly growing condition numbers
and whose spectral accuracy deteriorates when confronted with the non-
smooth solutions typical of stochastic equations, linear B-splines, with
their compact support, yield sparse and nearly banded operational ma-
trices whose condition number remains bounded independently of the
scale, enabling stable system solutions even for a large number of ba-
sis functions. Furthermore, in contrast to Bernstein polynomials, which
despite good conditioning suffer from dense matrices and slow algebraic
convergence, and wavelets, which although sparse require complex mul-
tiresolution constructions and boundary adaptations, linear cardinal B-
splines admit simple closed-form expressions, require no numerical quad-
rature, offer a remarkably straightforward implementation, and provide
a robust and reliable second-order convergence for stochastic problems.
This combination of features makes linear cardinal B-splines a highly
suitable choice for the numerical solution of stochastic Volterra integral
equations, particularly in applications requiring repeated execution over
numerous Brownian motion realizations.

2. BASIC DEFINITIONS
2.1. Cardinal B-spline functions.

Definition 2.1. The nth-order cardinal B-spline B, (x) for n > 2 can
be defined as follows:

Bo(z) = (By1+B1)(x) = /_ T By (e By(t)dt = /O B y(e— )it

(2.1)
here B1(x) = x[o,1)(2) is the characteristic function on [0, 1].

Lemma 2.2. The following formula can be obtained recursively through
calculations:
x n—uwx

Bp_1(z) + p— 1Bn_1($ —1), (2.2)

B,(x) =

n—1
where Supp|[By(z)] = [0,n].

Definition 2.3. In explicit form, linear B-spline function By(z) can be
defined as follows:

x x €1]0,1]
By(x)=<2—2 xz€]l,2]
0 o.w.

Definition 2.4. The two-scale relationship for linear B-splines functions
Bsy(z) for x > 0 is defned as follows:

B j(z) = Ba(2'z — j), (2.3)
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where ¢, j € Z.

It can easily be shown that
supp[Bij(x)] = 277,27 (2 + )], i, € Z. (24)

Define V; = {j : [27%,27%(2 + j)] N (0,1) # @} for i € Z. It can be
derived that min{V;} = —1 and maz{V;} = 2° — 1 where i € Z. Since
the support of B; j(x) may not be in range of [0, 1], to take the scaling
functions into the interval [0, 1], we let

goz-,j(a;) = Bi,j(x)‘X[O,l] (1‘), 1€ Z,j S Vz (25)

As a result, one can write

4 . .
1 -2 27t
{ r x€[0,27) i= 1
0 o.W
2w —j z€275,27(j + 1))
pij(r)=932-22+j ze€[27(j+1),27(j+2) j=0,---,2" =2
0 o.w
{Tx—w+1 ze[l—2771) PP
\ 0 o.w

(2.6)

2.2. It6 integral. = The probability space (2, F, P) is the set that
contains all possible outcomes of a random experiment or process. This
mathematical space allows us to predict and analyze the random behav-
ior of systems. A probability space consists of three main components:

The sample space €2 is the set of all possible outcomes of a random
experiment, The subset set F'is the set of the sample space that contains
measurable sets, and te probability function P, is a function of the
subset F' to real numbers that assigns to each event a probability of its
occurrence.

Brownian motion is a stochastic process named after the Scottish sci-
entist. It refers to the random motion of particles suspended in a liquid
or gas under the influence of molecular collisions. Brownian motion is
generally characterized by the following characteristics [26]:

Brownian motion is completely random, meaning that the path of the
particles is unpredictable and its behavior can only be modeled by the
laws of probability (Randomness).

The motion of the particles changes direction and speed at any given
moment, so that their motion appears irregular and without a specific
pattern (Complexity and irregularity).
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Definition 2.5. [[7]-[L0] For v € [0,T], Brownian motion is accurately
modeled using a stochastic process or B(v), which has certain properties,
some of which are:

e Starting from zero, meaning that: B(0) =0,

e Random return, meaning that: B(v) — B(u) ~ N(0,v — u),

¢ Independence, meaning that: For v > u, B(v)— B(u) is independent
of the past,

e Continuous but inseparable paths.

A random integral is a type of integral used in probability theory and
stochastic processes. These integrals are used to model and analyze sys-
tems that exhibit random behavior, such as Brownian motion and other
random processes. Unlike ordinary integrals, which involve continuous
and predictable functions, in a random integral, the stochastic processes
are introduced as a component of the integral, which introduces com-
plications in the analysis and calculations. One of the most common
and important types of stochastic integrals is the It6 integral. The It6
integral is used particularly in stochastic calculus and the theory of sto-
chastic processes to model stochastic systems with properties such as
discontinuity and randomness [[7].

Definition 2.6. Let f € A(A, B) and ¢y, is a sequence such that:

E {/AB (f(a,b) — cpm(a,b))Qda] =0, asm — oo. (2.7)

Then:
B

B
/A f(a,b)dB(b) = lim ©m(a,b)dB(b). (2.8)

m— 00 A

Proposition 2.7. One of the main equations that models Brownian
motion is the stochastic integral equation, which is as follows:

/ " fw)dB(w) = f(2)B(z) / " Blw)df(w). (2.9)
0 0
il

Proof. See ([[7]). O

Proposition 2.8.

( / e l)dBrv(l)>2

U
Proof. See ([[7]). O

E _F UVgQ(U,Z)dU], A

U
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2.3. Approximation of functions. Let us consider the set of car-
dinal B-spline functions of I-th degree:

T
¢[(l‘) = [SOI,—I(:L‘)?SDI,O(:E)’"'7901,2171(11)} C L2[07 1]7 (210)
and assume that
W = span{goly_l(x), @],O(x)a ey @I,Qf—l(x)}'

We also know that, since W is a finite-dimensional vector space, for
any arbitrary function g in the space L?[0,1], g; € W is the best ap-
proximation to g in the space W. In other words,

VheW, lg—grllz < [lg—"nl2- (2.11)
Since g € W, L = [l_1,lp, - ,lsr_1]T will be a singular vector that:
2l—1
g(x) ~ gr(x) = > Liwr;(x) = LT¢(x). (2.12)
j=—1

The function ¢7 ;(x) can be expressed as follows:

r,j (21> =0jm = {0’ itm m=—-1,0,...,2" — 1. (2.13)
Therefore the coefficients [; in Eq. () are determined as:
J+1 ‘
l]:g< oI >’J:_1707"'72]_1' (214)

Let e, be the (m + 2)-th column of unit matrix of order 2/ + 1, so it is
easy to verify that
m+1
b1 (tm) = €ms fim = 5 m=-10, 21, (2.15)
Similarly, for function A € L2([0,1] x [0,1]) as:
271—1 271
Az, t) = A (,t) = Z Z (Pp,m(x)kquOq,m(t) = ¢T(m)IC¢(t), (2.16)
p=—1qg=-1
Where ’C — [kpq:l(21+1)><(21+1) and
p+1 g+1

g = Mg o

)7 pvq:_1707"‘721_1. (217)

3. DESCRIPTION OF THE METHOD

In this section, we first construct the integer and the stochastic
integral of linear cardinal B-spline functions on [0, 1]. Then, a numerical
approach based on matrix operators will be presented.
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3.1. Operational matrices.

Theorem 3.1. Let ¢;(x) be linear cardinal B-spline vector defined in
Eq. (2.10). Then, the operational matriz of integration based on the
linear cardinal B-spline vector is defined as follows:

/Ox ¢r(t)dt = 1(z), (3.1)
and I is defined as:
0 ¢ ¢ ¢ ¢
0 ¢ 20 20 ... 2
o LRI (32)
000 0 ¢ 2
000 0 0 ¢

where { = 27171,

Proof. Let x € [0, 1], then define

Toj(x) = /O " iyt (3.3)

In order to calculate the aforementioned integral, three cases are ana-
lyzed and evaluated in detail:

Case 1: if j = —1:
In this case, if x € [0,277] then Eq. (@) is calculated as follows:

Tor—1(z) = / o1 —1(t)dt = / (1—2tydt = — 217122, (3.4)
0 0

If # > 271 then Eq. (@) can be obtained as:

2—1 2—1
Tor_1(z) = / o1 —1(t)dt = / (1—2tydt =2"""1.  (3.5)
0 0
Case 2: if j =0,1,---,2f —2:
In this case, if x € [0,2774] then:
ILpLj(:L‘) =0. (36)
If v € [2715,271(j + 1)] then:

€T
Torj(z) = /2 ) (27t = jydt = 2" a? — ja 2717152, (3.7)
1
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If v € 271(5 4+ 1),271(j + 2)] then:

2-1(j41) x
Igol,j(x):/Q a (zft—j)dt+/ (2 — (21t — j))dt

—1j; 2-1(j4+1) (3.8)

=2+ )z -2 22 — 27171 (52 + 45 4 2).

Else if > 271(j + 2) then:

2-1(j+1) 271(j+2)
Zor ;(z) :/ (21t—j)dt+/ (2 — (21t — j))dt
271]' 2—I(j+1) (39)

_—

Case 3: j =2/ —1:
In this case, if x € [0,27;] then:

Zor,j(x) =0. (3.10)
If v € [1 — 271, 1] then:

x
Toror_y(z) = / (27t — 27 4+ 1)dt = 27712 — jo + 2717152, (3.11)
1—2-1
Else if > 271(j + 2) then:

1
Toror () = /1 2_I(zfzt —2l 4 Dydt =27 171, (3.12)

Now, by using Eqgs. (@)—(), Ty j(x) is equalto

1-27122 gz e0,277)
2-1-1 z>271 j=-1

0 o.w

22 192 re 227G + 1))

2-1-1 271(j+1),271(j +2

; PER UEDZUED) g g
2- =271 +2)
0 0.w

217122 — (2T — Dz + 2717121 —1)2 ze[1-2711)
2-1-1 r>1 j=2"-1

0 o.w

By using Eq. () and Eq. (), it can be obtained:
Zoi(z) = 11(z), (3.14)

(3.13)
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where
1+1
Lij = I(pj(pa)), mi = —r
Therefore, it can be proven that the operational matrix of integration
based on the linear cardinal B-spline vector, Z of order (2/ +1) x (27 41)
is defined as follows:

i,j=-1,0,...,20 — 1. (3.15)

0¢ ¢ ¢ ... ¢
0 ¢ 2¢ 2¢ ... 2
I 0 0 C .2'C 2:( | (3.16)
0 0 O 0 ¢ 2'4“
00 0 0 0 (¢
where ¢ = 27171,
|
O

Theorem 3.2. Let ¢;(x) be linear cardinal B-spline vector defined in
Eq. (R.10). Then, the stochastic operational matriz of integration based
on the linear cardinal B-spline vector is defined as follows:

/0 " o(0)dB(t) = Lo (), (3.17)
and Is is defined as:
0 ~ ~ y Y
0 6 % 7 - Y0
|20 " e (3.18)

0 0 0 0 (521_2 Yol _o
0 0 0 O 0 Y
Proof. Let x € [0, 1], then define

orj(z) = / ' o1.;(t)dB(t), (3.19)
0

in order to calculate the aforementioned integral, three cases are ana-
lyzed and evaluated in detail:

Case 1: if j = —1:
In this case, if x € [0,271] then Eq. (@) is calculated as follows:

T 1(x) = / pro1(OdB(t) = / (1 - 2'0)dB(t) = B(x) - 2" / td](_z(t;(;)
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Therefore, by using property @, we have:

Tlor 1 (a) = Bla) -2 (a;B(x) - /O tB(t)dt) . @321

Now, we can use Simpson’s rule of integration to calculate the integral
at . So we have:

I+lx I+2$ T
zfsof,1<x>=B<x>(123 ) 2080 )

If 2 > 27! then Eq. (@) can be obtained as:

27[

or 1(a) = /0 1 B = BTy — 2! /0 tdB(t). (3.23)

Therefore, by using property @, we have:

271
o 1(x)= B2 1) 2! (:L‘B(.T) 27 / B(t)dt) . (3.24)
0
Now, we can use Simpson’s rule of integration. So we have:

4 1
Tor 1(x) = gB(2*H) + §13(2*1). (3.25)
Case 2: if j =0,1,---,2f —2:
In this case, if x € [0,27;] then:

Zori(z) = 0. (3.26)

If z € [2774,271(j +1)] then by using property @ and use Simpson’s
rule, we have:
Tora) = [, (2t =5)iB()
1
(3.27)
2lt — 4 _I. 20t + 4

If v € 271(j +1),271(5 + 2)] then:

xT

277 (j+1)
Tor(x) = / (2t — H)dB(t) + / (2 (2"t — j)dB(1)
271 271 (+1)

5422y
B 3 3
2142 r+271(G+1)

— %B((2j +127 17+ - (=277 +1)) B(

B - s+ =22 g+ 127

).
(3.28)
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Else if # > 271(j + 2) then:

2-1(j+1) 271(j+2)

(2"t — j)dB(t) + /21( o (2 — (2"t — ))dB(t)

Do) = /

2-1j

_ gt g %B(z_[(j +9)) - 33(2—1—1@7 +1)

3
4
+ §B(2—1—1(2j +3)).
(3.29)
Case 3: j =2/ —1:
In this case, if x € [0,2775] then:
T rj(z) =0. (3.30)
If v € [1 — 271, 1] then:
T oy o1 1 () = / (2!t — 9! +1)dB(1)
1-2—-1
L . (3.31)
_2 ”33 J (23@;) ~ B(271j) —43(7“22 '7)) .

Else if z > 1 then:

1

oo (z) = (21t — 27 + 1)dB(t)

_o—1I

(2B(271(j +1)) - B(2™1j) —4B(27"1(2j +1))).
(3.32)

C«O\H}\
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Now, by using Eqs. (B.20)-(8.33), Z/r() is equal to

for j=-1:

B(z) (1 - 21“”“") + 2M”CB(g) zef0,277)

4 3l 5
gB(27171) —+ 53(271) X 2 271
0 o.w

for j=0,1,---,21 —2:

Iy I .
T (2) - B2 - 45 )

where x € [2715,271(j + 1))

5425 — 2ty 1 . 2dj_2—j B
fB(I)—gB@ Tj)+ ————=B((j+1)277)

4 91+2 21 +1
—§B((2j +1)27 171 4 = (z —271(j +1)) B(“fm))

where x € [271(5 +1),271(5 +2))

-1 1 4 4
?B(Q_IJ) + 53(2_1(.7' +2)) - 53(2_1_1(23' +1)) + §B(2_1_1(2j +3))
where v > 271(j 4+ 2)

0 o.w
for j=21—1:
I.. oI o1
% (23(3:) ~B(1-2-T)— 43(“122)> zel—2-1 1)
%(23(1) — B(1—2"1)—4B(1 —271-1)) x> 1
0 o.w
(3.33)
By using Eq. () and Eq. (), it can be obtained:
T pr(x) = Ispr (), (3.34)
where
i+1 .
L =T (pj(m), i = 7 i =10, L2l (3.35)

Therefore, it can be proven that the stochastic operational matrix of
integration based on the linear cardinal B-spline vector, I5 of order (2! +
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1) x (27 4 1) is defined as follows:

0 ~ v ~ 0%
0 db 7% v .- Y0
00 0 m ... 7
L=1|. . .. . . , (3.36)
0 0 0 O (521_2 Yol _o

[an)
[an}

0 0 0 )
where

= % (4B2 """+ B(27)),

vi=7 (4B (j+2) - B2 ")) —4B2 (2 + 1)) +4B(2771(2j 4+ 3))),

o =

5, =2 (2B@271(j +1)) - B j) — 4B 1" (2j + 1)),

3
9= 3 (2B() - BET (@'~ 1)) ~4BE @~ 1),
(3.37)
for j=0,1,...,20 —2.
|
O

Note 3.3. [27] For obtaining the values of B(z) in Eq. ) we apply
the Definition @), where:

B(u) = B&) = (i = N(0,1), &< p. (3.38)

T
Let us set 6t = — for some positive integer N and write B; for denoting

B(t;) with t; = jét. From definition (@) we have B(0) = 0 and this
definition also states that:

B;j =Bj_1+dBj, j=0,1,---,N. (3.39)

Theorem 3.4. Let ¢;(x) be linear cardinal B-spline vector defined in
Eq. (R.10) and C = [c_1,c0,- -+ ,cor_4)T is an arbitrary vector. The
operational matriz of product based on the linear cardinal B-spline vector
is defined as follows:

61(2)7 (x)C = Ci(x), (3.40)
where
C = diaglc_1,co, -+, Cor_4]- (3.41)
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Proof. We have ¢r(x)¢T (z)C is equal to

—1(@)p-1(z)  poa(@)po(z) —1(2)p1(2) -1(x)par1(2)
(96) 1() Po(x)po(x) () 1(x) eo(x)par—1(x)
() 1() ©1 (30) o(z) () 1(x) e1(z)par_i(z) | o
) Pl P E) . @
(3.42)
where C' is
C-1
<o
¢l (3.43)
Cor_q
Now, we approximate all functions ¢;(z)p;(x) fori,j = —1,0,--- , 21 —1
by the linear cardinal B-splines. Therefore,
2l -1
r)= > ler(), (3.44)
k=—1
where "
1
e = il pr) i (pe)s b = Tj;’ (3.45)
and
2T 1
pi(T)pj(z) = Z ©i(pr) 05 (pr)pr(z Z dik0jpr (T
k=-1 k=—1
o_1(z) 0 o - 0
(1) oo(z) 0 .. 0 (3.46)
_ 0 0  ¢i(z) - 0
0 0 0 o1 _1 ()
Therefore,
v_1(x) 0 0 e 0 c_1
0 vo(x) 0 e 0 co
or@ef@ec=| 0 0 el 0 ‘1
6 0 0 g021_'1(:c) 021'_1
= Cor(x)

(3.47)
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|
O

3.2. Scheme for the numerical solution. A new technique for
solving SIVIE (@) using the linear cardinal B-spline vector is presented.
Assume know that:

@) = gla)+ / (e, Ot 2(0)dt + / "ol )T (t, 2(0)dB(),
0 0
r € D=][0,T]. (3.48)

To obtain the solution of this equation, we expand z(z), Ai(x,t) and
A2(x,t) with linear cardinal B-spline so that:

2(x) = 27 ¢1(2),
g(x) = GT o1 (), (3.49)
Ap(z,t) = ¢?($)Ap¢l(t)a p=12,

with Z, G, ¢7(x), A1 and A9 as defined in the previous section. Given

different definitions for Y, (¢, z(¢)) for p = 1,2, we will have different
forms of the equation. So we consider cases for Y, (¢, z(t)) for p =1, 2.

Case 1: For the first kind, we consider T)(t,2(t)) = 2(t) for p = 1,2.
Therefore, SIVIE (@) will be linear and
o(z) = g(x) + / M (2, £)2()dt + / No(@, D2(1)dB(t), z € D =[0,1].
0 0
(3.50)
By substituting Egs. () into Eq. () we have ZT ¢;(x) is equal to
GTon(a) + o @ [ or6F Oz + T @)ha | on)6] (0ZB(0).
(3.51)
Therefore, by substituting Egs. () into Eq. () one will set
2701(w) = G or(a)+ e M2 | onOde+of @2 [ o11aB ).
0

0
(3.52)
Using Theorems @ and @

Z¢1(x) = G"d1(x) + o7 ()M Z11(x) + 61 (2) N2 21 (). (3.53)
Also, from the initial conditions (@)
ZTpr(0) = 0. (3.54)

By substituting points y; = 271(j + 1) for j = 0,1,--- ,27 — 1 in Eq.
(@) and using Eq. (ﬁ), we have:

ZTej = GTej + e;p)qZIej + e;-p)\QZIsej, (3.55)
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and also:
ZTe 1 =0. (3.56)

This problem is related to the system of (2! 4- 1) algebraic equations in
linear B-spline space, which by solving the system of equations and cal-
culating the vector Z, an approximate solution to Eq. ?@) is obtained.

Case 2: For the second kind, we consider Y, (¢, z(t)) = 2*(¢) for p = 1,2

and k € N. Therefore, SIVIE (@) will be nonlinear and

z(x) = g(:c)+/ Al(x,t)zk(t)dt—i—/ Xo(x, 1)z (t)dB(t), € D =1[0,T].
0 0

(3.57)
From Theorem @ it is easily verified that:

Kty = Zpor(t), ke N, (3.58)
By substituting Eqs. (M) and (M) into Eq. () we have Z7 ¢;(x)
is equal to
GTor(oy+of @ [ or(00T 2L deroT @ [ or06T (02 B ().

(3.59)
Therefore, by substituting Egs. () into Eq. () we have ZT ¢ (x)

is equal to

T 1) + oF (2)\ 27 /0 " o ()(B)dt + 6T ()0 2T /0 " o1(t)dB(t).
(3.60)

Using Theorems @ and @,
27 01(w) = GT (@) + 67 ()M Z[ 11 () + 67 (2)Aa Z[ Tsr(2). (3.61)
Also, from the initial conditions (@)

ZT$1(0) = 0. (3.62)
By substituting points pu; = 27(j 4+ 1) for j = 0,1,---,2/ — 1 in Eq.
(@) and using Eq. ( 5%3), we have:
ZTej = GTEj + ef)\lZZIej + 6}1)\221311563', (3.63)
and also:
Zte 1 =0. (3.64)

This problem corresponds to a system of (27 + 1) nonlinear equations
in (2! 4 1) unknown linear cardinal B-spline coefficients. After solving
the system of equations and computing the vector Z , we obtain the
approximate solution of Eq. ([L.4).
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4. CONVERGENCE ANALYSIS

Let us now examine the convergence and error analysis of the pro-
posed scheme for solving SIVIE. We get an upper error bound on the
following theorem.

Theorem 4.1. Let g(z) € C?[0,1] and g;(x) is approximate solutions
of g be the linear cardinal B-spline. Then the upper bound error for the
method is

Er(z) = |lg(x) — gr(@) ]2 < 272 lg" ()]|2- (4.1)

Proof. Let D; = {z[27Tj <a <271(j+1)} for j =0,1,--- ,2/ =1 and
define

Ej(x) = {g(x) 91(=) Z;D] (4.2)
Therefore,
Ej(z) = g(z) — g1(x)
2l 1

=g(z)— Y 9@ (p+1)pp()
=g(z) — [9(27")ej-1(x) + 927 (G + 1)) s ()]
=g(z) — [g ) (=2"z+j+ 1)+ g2 (i + 1)(2"2 —j)] 13)
=g(x) — [927 ") — 92w —j) + 927 (G + 1) 2"z — j)]
=g(z) — [9(27")) ’ ) —9(27")]

~ g(@) — 927 + (@ —27j)g (2715)]

By writing the Taylor expansion for function g(x) in Eq. (@) in terms
of (x —2715), we have:

_ 271' 2 .
)~ T2 ), e G ). @
Since |z — 27 1j] <271
15y(x)| = 27271 () (4.5
Thus ,
1B = sup |By| =27y ()] (4.6
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O

Lemma 4.2. Suppose gr(z) = Gor(x) is the best approzimation for the
function g(x) € C?[0,1] by the linear cardinal B-spline functions. In this
case, we have:

IB@ = l) - 9r(a) =0 (557 ). (4.7

Proof. By applying Theorem @, the result is easily achieved.
[ |

]

Theorem 4.3. Suppose \i(x,t) is the best approximation for the func-
tion \(x,t) € C?([0,1] x [0,1]) by the linear cardinal B-spline functions.
In this case, ||E(z,t)| is equal to

0? )\(x t) 0’ Xz, t)

I +21 5522

2 T
A ) A ] < 272 (u n HWH) |

ot2
(4.8)

Proof. Let D; j = {(z,t)|27 i <a <271(i+1),27Tj <t <271(j + 1)}
fori,7 =0,1,---,2! —1 and define

Mz, t) — A(x,t) xz€D;j
Ei,j(x,t)Z{O( )=l )Ow / (4.9)

Therefore, F; j(x) is equal to
= Az, t) — Ar(z,t)

2f—1 271

=S S @+ 1,27 (g + D))t

p=—1qg=—-1
=A@, 8) — N0, 2 o1 (@) (8) + A2+ 1), 27 )gs(@)ps1 (1)
271,277+ )i () (1) + AT+ 1), 277 (G + 1)i() 05 (1)),
4.10)
By writing the Taylor expansion for function A(z,t) in Eq. ({.10) in
terms of (z — 27'5), we have:

2
E@j(.%’,t) ~ % <£E($ — 2711.) + aat(t -2 j)) )‘(<i777j)7 (411)

where ¢; € (271§, 271(i + 1)),m; € (2715,271(j + 1)).
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Since |z —271i| <271 and |t —271j| < 271

MG ) | o O°AMGms) 0P MGy ;)

Ei' 22—2[—1 1 9 v ' © g .
Bylat) (154 2 ) 22
o (4.12)

us
B0l = sup 1y (an)
_or O?\(z,t) 0Nz, t) 0’ Xz, 1)
<o7-t ( 2+ 2 : ’ )
- (.’E,t)EfO/l,j/ﬁX[O,l] I (91'2 | | 0x0t | | 8152 |
(4.13)
Finally
0?\(z,t) O?\(z,t) O?\(z,t)
E(z, )] <2727 (| =252 0 s )
5ol <22 (15520 + 21755+ 125 )
(4.14)
|
([

Lemma 4.4. Suppose \i(z,t) is the best approzimation for the function
A, t) € C?([0,1] x [0,1]) by the linear cardinal B-spline functions. In
this case, we have:

1B, 8] = A1) = Ar(a, 8)]| = O (21) ENRES

Proof. By applying Theorem @, the result is easily achieved.
|
O

Theorem 4.5. Let z(x) and z;(x) be the exact and approzimate solu-
tions of Eq. ), and
(@) llzlla < M, (4.16)
i) Ml < My forp=1.2,
(#di) [|Ts = Tirlla <
then:

Li||z — z1]|2 for i = 0,1 Lipschitz condition,

lerlls < §+ M(v1+2)
T 1= Li(My + ) — Lo(Mz + 72)

. (4.17)

Proof. We have:

z(x) = g(x) + /Ow Az, 6) Y1 (¢, 2(¢))dt + /(;C Ao(x, t)Yo(t, 2(t))dB(t).
(4.18)
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The approximate equation of Eq. () is

zr(x) = gj(x)—i—/ox Air(z, t) Yo (t, Z](t))dt—i-/(f Xor(x, t)Yo(t, 21 (t))dB(t).

(4.19)
Let ey represent the error function ey(v) = z(v) — z7(v). Therefore, from
Egs. (@) and () we have:

er(x) = {g(x) —gr(2)} + /Oz{h(l‘, OT1(t, 2(2) = M@, )T (t, z1(2))

+ /0 D@, DTa(t, 2(8)) — Nt (@, £)Talt, 21 () }B(1).

(4.20)
From Eq. (k.2()
er(x) = Ji(x) + Jo(z) + J3(x), (4.21)
where
Ji(z) = g(x) — g1(x), (4.22)

Jo(z) = /Oz{)\l(x,t)l‘l(t, 2(t) = Aug(@, 1 (2 ()}, (4.23)
and
Js(z) = /Om{)\g(:z,t)Tg(t, 2(t)) = Ao (@, ) Tolt, 2 (1) }dB(t).  (4.24)
By using Theorem 1.1 we have:

1 1"
1ull2 = llg = g1ll2 <& &€= il (@)ll2- (4.25)

Therefore, we now estimate Ja(z) and J3(x).

For J; we have:

) 1
TAE =/
0

’ 2
= / </O Az, )T (2, 2(1) — Aur(z, )T (2, Zl(t))’dt> dx

2
dzx

/Om{)\l(x,t)'rl(t, z(t)) — Aur(x, ) Y1 (t, 2z1(t)) pdt

1
0
1 1 9
g/ / ()T (6 2()) — Mg (2, ) Yo (4, 20 (1)) dtd
0 0
=M1 — A Y3

Therefore:
lJ2ll2 < A1 — AirYigo. (4.26)
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For J3 we have:

) 1
I3 = |
0

2

< /01 </0x |A2(z, ) Ya(t, 2(t)) — Ao, ) Ta(t, Z[(ﬁ))\dB(t)) dx.
By using Eq. (@) it comes:

Eb|2 < /01 E </01 Doz, )t 2(8)) — Ao (2, £) Talt, zl(t))|2dt> da.

Therefore:

2
dzx

/OI{/\Q(.%', t)TQ(t, Z(t)) — )\2[(1‘, t)TQ (t, Z](i))}dB(?f)

[J2]l2 < [|A2T2 = A2r Yarlf2. (4.27)
From Eq. () yields:
lerllz = llz = z1ll2 < llg = grll2 + 1M T1 = A Larll2 + [ A2 T2 — Aor Yor||2.

(4.28)
On the other hand, for ¢ =0, 1

N5 — Xir Yarll2 = | N5 — N Yar + X Yir + Xir Yir||2
= IN (T = Yir) + M(Tir + 1) — Air(Yir — o) + XX — i Till2
< Aill2lTs = Larll2 + [N = Aarll2 (1 — Tirll2 + [ Till2)-
(4.29)
Following the assumptions (%i):
[XiYs = NirYarll2 < LillAill2llz — 2rll2 + 1A = Airll2(Lil| 2 — zrll2 + [[2il]2),
(4.30)
from Theorem @, we have ||\; — Air]|2 < for i = 1,2, therefore:

H€IH2 < €+M(’Yl +72) )
T 1= Li(My +m) — Lo(Mz + 72)

(4.31)

5. NUMERICAL FEEDBACKS

In this section, the performance, accuracy, and efficiency of the
proposed method have been evaluated through the analysis of three
numerical examples. It should be noted that due to the presence of
integrals and random coefficients in the examples, the final results are
constantly changing. Therefore, in order to achieve valid numerical re-
sults, the process of executing the examples has been repeated at least
20 times using MATLAB software and finally the most desirable results
have been presented.
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In the follow-up, the numerical convergence rate of the proposed
method is examined. For each scale I, let h = 27! be the approxi-
mate mesh size, and define the discrete maximum error over a fixed set
of test points 7 as

Er =max|z(x) — z1(x 5.1
1= maxa(z) - 21 (2)], (5.1)

where z(x) is the exact solution and zj(z) is the numerical solution ob-
tained by the proposed method. Due to the stochastic nature of the
problem, each Ef is reported after averaging over 20 independent Brow-
nian motion realizations. According to Theorem {.1|, the approximation
error behaves as O(272/) = O(h?), i.e., the method is expected to ex-
hibit second-order convergence. To verify this numerically, we assume
the error follows the model E; ~ C'h? = C' 27 P! where p is the numer-
ical convergence rate. For two successive scales I; and Iy with Iy > I,
the order is estimated by

p= 10g2(E11) - logQ(Eb)

. 5.2
L1, (5.2)
In particular, when I = I + 2, Eq. (@) simplifies to
1 By
= = logy( 21, .
b= oma( 22 (5.3

Example 5.1. Consider the following nonlinear SIVIE [22, 23]:

o(z) = % _ ﬁlo </Oxz(t)dt _ /0 z3(t)dt> + % /O (1= 2(0)*dB(1),

(5.4)
where z € [0,1), 2(0) = 1.
The exact answer will be
1 1
= —B —) . .
2(x) = tanh (30 (x) + arct(mh(lo)> (5.5)

For different values of I, a comprehensive comparison between the ap-
proximate solution and the exact_solution of the problem is performed,
which is shown in Figures [I| and P. These figures help to better under-
stand the efficiency of the method. In addition, Table [l| includes the
absolute error for different values of x with for I =4, I =6, I = 8
and I = 10. The comparison presented in Table , shows the fun-
damental difference between the proposed method and some existing
methods such as the Legendre wavelets Galerkin method [22] and piece-
wise spectral-collocation method [23]. In such a way that the specific
characteristics and influential parameters of each method were examined
independently. By analyzing the data in this table, one can see a signif-
icant difference in the accuracy and efficiency of the method compared
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to other methods. Using the maximum errors extracted from Table m,
the computed convergence orders are presented in Table . As can be
seen from Table B, the computed orders fluctuate around p = 2, which
is in good agreement with the theoretical second-order convergence es-
tablished in Theorem K.1l. The slight variations are attributed to the
inherent randomness of the stochastic differential equation and the fi-
nite number of Monte Carlo realizations (20 runs). Averaging the three
computed orders gives p ~ 1.98, confirming the expected convergence
rate.

0.114

= Exact solution

0.112 1 — Approximation solution for I=4

o

i

=
T

0.108

0.106

numerical solutions

0.104

0.102

0.1 1 1 1 1 1 1 1 1 1 )

0.1

Exact solution
0.095 — Approximation solution for 1=6

0.09

0.085

0.08

numerical solutions

0.07

0.065

0.06 I I I I I I I I I )

FIGURE 1. Approximate solutions and exact solutions of
Example @ for I =4 and I = 6.
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0.125
012 | 7/5:2‘;;;::1[:1'2[:1 solution for 1=8
- 0.115
é 0.11
é 0.105
E
B 0.1
0.095
0.09 . . . . . . . . . !
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 09 1
0.1
0.095 7»5:3:;;?1‘1::;?1 solution for 1=10
0.09
g 0.085
% 0.08 [
E 0.075
< 0.07
0.065
0.06 [
0.055 . . . . . . . . . !
0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
FIGURE 2. Approximate solutions and exact solutions of
Example for I =8 and I = 10.
TABLE 1. The absolute error of Example @ for I = 4,
I =6, 1 =8 and I =10 with different values of z.
0.1000 3.5892 x 10~ 3.1554 x 1079 1.7045 x 107 1.3562 x 10~%
0.3000 8.5586 x 1075 4.9955 x 1076 3.0742 x 10~7 2.5902 x 108
0.5000 1.2199 x 1075 8.5285 x 1076 5.1794 x 10~7 3.7774 x 108
0.7000 4.9552 x 1074 1.1081 x 1075 7.8466 x 10~7 1.3155 x 107
0.9000 8.6064 x 107° 1.1057 x 107° 1.4685 x 1076 1.1864 x 108

Example 5.2. Consider the following nonlinear SIVIE [24]:

z(x)

1+/0x 3122(t)dt—/0$ z3(t)dt+/0$0.25z(t)dB(t), ze0,1],

(5.6)
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TABLE_2. The comparison of the obtained results for Ex-

ample p.1l.
Methods Conditions Maximum Errors
Legendre wavelets [22] M =48 1.954 x 1073
Piecewise spectral-collocation [23] M=12,N =12 5.700 x 1074
Proposed method I=4 1.2199 x 107
Proposed method I=6 1.1057 x 1076
Proposed method I=10 1.1864 x 1078

TABLE 3. Convergence analysis for Example El]

1 h=2"1T Lo error Order p
4 0.0625 4.9552 x 10~ %
6
8

0.015625 1.1081 x 1075 2.74
0.00390625 1.4685 x 107%  1.46
10 0.0009765625 1.3155 x 107  1.74

where z(0) = 1.

The exact answer will be

e0.25B(m)

- \/1 +2f0~”3 60.5B(t)dt'

At first, considering different values of I = 4 and I = 6 we_solve the
equation, which the absolute errors are reported in Table @, for dif-
ferent values of x. The comparison presented in Table @, shows the
fundamental difference between the proposed method and some existing
methods such as the operational matrices of Chebyshev cardinal func-
tions [24]. Comparisons have been made within the specific conditions
of each method and by considering their specific parameters. By ana-
lyzing the data in this table, one can see a significant difference in the
accuracy and efficiency of the method compared to other methods. Us-
ing the maximum errors extracted, the computed convergence orders are
presented in Table fj. The computed convergence orders remain remark-
ably stable at p &~ 2.32 across all mesh refinements. This value slightl
exceeds the theoretical second-order rate established in Theorem @:
indicating that the proposed linear cardinal B-spline method performs
particularly well for this class of nonlinear stochastic Volterra integral
equations with smooth exact solutions. The consistency of the order
over multiple scales also confirms the robustness of the method and the
reliability of the numerical results.

(5.7)
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TABLE 4. Comparing errors of Example @
Method in [24] Proposed method
v N =10 I=1 I=6
0.1000 8.2714 x 10~2 6.5350 x 107°  8.8895 x 10~
0.3000 1.7747 x 1072 8.6064 x 107°  7.4322 x 1076
0.5000 5.9106 x 102 1.2409 x 10~*  1.0453 x 107°
0.7000 4.8138 x 1072 9.2100 x 107°  1.7366 x 1076
0.9000 8.8528 x 102 2.6482 x 10~*  2.1378 x 106

TABLE 5. Convergence analysis for Example @

1 h =21 L error Order p
4 0.0625 2.6482 x 1077 —

6 0.015625  1.0453 x 10~°>  2.33
8  0.00390625 4.1373x 1077  2.31

10 0.0009765625 1.6451 x 1078 2.32

Example 5.3. Consider the following linear SIVIE [25]:

o(z) = —é —/Ox letz(t)dt—/ox %z(t)dB(t), re01], (58
where z(0) = 0.

The exact answer will be

1
—| —=B(@)+=z3+ 1"2>
z(x):—%e <40 8" 73200 ) (5.9)

For I = 6, a comprehensive comparison between the approximate so-
lution and the exact solution of the problem is performed, which is shown
in Figures E These figures help to better understand the efficiency of
the method. In addition, Table E includes the absolute error for different
values of z with for I =4 and I = 6. The comparison presented in Ta-
ble B, shows the fundamental difference between the proposed method
and some existing methods such as the explicit finite difference scheme
and Bernstein polynomials [2§]. Comparisons have been made within
the specific conditions of each method and by considering their specific
parameters. By analyzing the data in this table, one can see a signifi-
cant difference in the accuracy and efficiency of the method compared
to other methods.
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0.17

numerical solutions
o o o o o
[ i s = s
N w R (5 (=2}

o
-
[

o
[

0.1

0.095

0.09

0.085

numerical solutions
o
o
N

0.065

0.06

0.055

0.05

o

o

®
T

0.075

Exact solution
— Approximation solution for I=6

Exact solution
—— Approximation solution for 1=6

0 0.1 0.2 0.3 04 05 0.6 0.7 0.8 0.9 1
X

FI1GURE 3. Approximate solutions and exact solutions of
Example

for Various performances as I = 6.

TABLE 6. Comparing errors of Example @

Method in [25]  Proposed method

x N =16 I=14 I=6

0.1000 6.2500 x 1078 3.4224 x 1078 6.6547 x 1077
0.3000 1.2500 x 10~ 7 3.3212 x 1078 5.2103 x 10~?
0.5000 1.8750 x 10~ 7 9.6805 x 10~®  6.3143 x 1010
0.7000 2.5000 x 107 1.2497 x 1078 2.8374 x 107
0.9000 3.1250 x 107 9.8515 x 1078  1.4747 x 10710




Running Title 463

6. CONCLUSION

This study developed a computationally efficient framework for
solving linear and nonlinear stochastic It6-Volterra integral equations
driven by Brownian motion, using an operational matrix approach based
on linear cardinal B-spline functions combined with Simpson’s rule. We
established matrix representations for both the deterministic Volterra
integral and the stochastic It integral, and derived the product opera-
tional matrix with modest computational complexity. A rigorous con-
vergence analysis proved that the method achieves an accuracy order of
(’)(2%), and numerical examples confirmed its efficiency and high ac-
curacy compared to existing techniques. The numerical results confirm
that the proposed method consistently achieves at least second-order
convergence, in accordance with the theoretical error bound established
in Theorem {.1]. In certain cases (Examples p.2), the observed conver-
gence rate even exceeds the theoretical prediction, demonstrating the
robustness and efficiency of the linear cardinal B-spline operational ma-
trix approach.

The main contributions and advantages of this work are:

e The method is mesh-free, eliminating the need for domain dis-
cretization.

e High accuracy is attainable with only a small number of basis
functions.

e The scheme reduces the original linear or nonlinear SIVIEs to
algebraic systems that can be solved by standard solvers.

e [t provides an efficient framework for solving SIVIEs and can be
extended to similar problems with an It6-Volterra structure.

Nevertheless, the current study has certain limitations. The analysis
assumes a standard Brownian motion driver; extensions to more gen-
eral stochastic processes (e.g., jump-diffusions or fractional Brownian
motion) require additional theoretical justification. Moreover, while the
operational matrices are compact, applying the method to very high-
dimensional systems may increase computational cost, and the present
formulation focuses on integral equations rather than differential equa-
tions. Future work will therefore focus specifically on adapting this
method to stochastic fractional differential equations, as well as extend-
ing it to more complex problems such as multidimensional stochastic
fractional differential-integral equations.
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