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Abstract In this paper, we develop constrained and shape preserving classical splines in one and two variables
and fractal splines in two variables. First, we obtain a classical rational spline lying above or below the prescribed
piecewise line or contained in a prescribed rectangle. Using a blending technique, we construct a classical
bivariate rational spline and study its constrained and shape preserving aspects. The proposed constrained and
shape preserving splines are exploited for solving constraint differential equations. We construct a bivariate
fractal spline [which is the fixed point of the Read-Bajraktarevi¢ (RB) operator] as a perturbation of our classical
bivariate rational spline proposed in this paper. Further, we investigate suitable conditions on the shape parameters
and scaling factors so that the proposed fractal surface lies above or below the given plane, or within a prescribed
cuboid. Also, we study the positivity and monotonicity preserving aspects of the proposed bivariate fractal spline.
It is observed that our bivariate fractal spline converges to the original function as the mesh norm goes to zero.
The proposed theoretical results are verified through numerical examples.

Keywords Constraint differential equations - Constrained rational splines - Bivariate fractal splines - Shape
preserving interpolation - Iterated function system - Read-Bajraktarevi¢ operator
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1 Introduction

The process of construction of a continuous function using a finite number of data points is called interpolation
and it is a rather old problem dating back to ancient Babylon and Greece. Because of its increasing applications
in science and engineering (computer graphics, computer-aided design, information sciences, and data visualiza-
tion), different interpolation schemes are being developed by a huge number of researchers. In computer-aided
geometric design [1,2], VLSI, CAM, robotics, data visualization, chemical and physical sciences, and reverse
engineering, one needs a representation of a data set having a fundamental shape by a function that interpolates the
given data and additionally preserves its fundamental shape. This kind of interpolation is called shape preserving
interpolation. Monotonicity, positivity, and convexity (concavity) are the fundamental shapes that are found in
data obtained from different environments. In the operation of nuclear and fossil-fired power plants, it is often
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desirable to have the values of thermodynamic properties such as enthalpy and specific volume of steam and
water. Furthermore, enthalpy and specific volume can be best considered as positive surfaces constructed over
a domain in the temperature-pressure plane. Thus, we require shape preserving interpolants for scientific data
to produce physically reasonable curves and surfaces. On the other hand, there are practical problems wherein
one requires (i) interpolating curves (surfaces) that lie completely above or below a prefixed curve (plane),
(ii) interpolating curves (surfaces) that lie within a given rectangle (cuboid), and this kind of interpolation is
called constrained interpolation. Considering the importance of constrained interpolants, we develop sufficient
conditions on the shape parameters so that the rational spline given in [3] is a constrained interpolant. Next, we
construct a constrained bivariate rational spline by using the blending technique [4].

There exist many differential equations whose solutions (i) have a shape, or (ii) lie above or below a prescribed
piecewise line (plane), or lie between the prescribed piecewise lines (planes), or lie in a prescribed rectangle
(cuboid), and we refer such differential equations as constraint differential equations, for instance, the governing
equation of the LR-circuit is given by

Ldi +iR=V,i(0)=0
— IR =V,1 =0,
dt

where i is current, L is inductance, R is resistance, and V is voltage. The analytic solution of the above equation

is given by
\% —R
i(t)y=—(1- T’).
i) R( e

From the aforementioned expression, one can easily verify that the current i is positive (non-negative) and
monotonically increasing, and hence the above differential equation is a constraint differential equation. The
existing numerical methods may not provide an approximate solution for a constraint differential equation
whose analytic solution exists, but is difficult to get. In this manuscript, we develop a methodology to acquire
the approximate solution for a constraint differential equation.

However, in times where all efforts are directed towards the construction of smooth interpolants, the fact
that many experimental and natural signals are “rough” having a dense set of nondifferentiable points or even
nowhere differentiable was overlooked. Barnsley [5] evolved a fractal interpolation technique targeting data/
samples that need continuous and nowhere differentiable representation. Some interesting results in the theory of
fractal interpolation are studied in [6—10]. The construction of fractal splines with different boundary conditions
is reported in [11,12]. Very recently, using the theory of univariate fractal splines, different types of shape
preserving and constrained univariate fractal splines [13—16] are developed. Further, these shape preserving and
constrained univariate fractal splines are the fractal analogue of some standard classical existing shape preserving
univariate splines.

Considering the theory of shape preserving and constrained univariate fractal splines, one may seek shape
preserving and constrained bivariate fractal splines. To the best of our knowledge, there is no research reported
in the direction of shape preserving and constrained bivariate fractal splines which are fixed points of the Read-
Bajraktarevi¢ (RB) operator defined on a suitable function space. Of course, shape preserving and constrained
bivariate fractal splines [17-21] are developed in the literature, but they are not fixed points of RB-operator,
and hence they need not be self-referential. In the current paper, we study the shape preserving and constrained
bivariate fractal splines and their convergence properties. In the literature, there exist many approaches [22-27]
for the construction of bivariate fractal interpolation functions and each approach has its specific advantages
and disadvantages. Very recently, a general construction of fractal interpolation surfaces which are fixed points
of the RB-operator was developed in [28]. Taking this methodology on one hand and rational functions on
the other, we develop positive, monotonic, and constrained bivariate fractal splines which are the fixed points
of the RB-operator. As a result, the proposed constrained and shape preserving bivariate fractal splines are
self-referential.

By modifying estimated first order partial derivatives suitably, Brodlie et al. [30] developed a positive surface
scheme using a bicubic interpolant. However, classical shape preserving interpolants have derivatives of all orders
except perhaps at a finite number of points in the rectangular domain. Consequently, these interpolants may not
be suitable for preserving the shape of given Hermite data wherein the variables representing the derivatives are
modelled using functions of varying irregularity/fractality (smooth to nowhere differentiable). Such data arise
naturally and abundantly in nonlinear control systems (e.g., a pendulum-cart system) and in some fluid dynamics
problems (e.g., the motion of a falling sphere in a non-Newtonian fluid). The proposed constrained and shape
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preserving bivariate fractal spline is C!-smooth, but its first order partial derivatives are functions of varying
irregularity/fractality.

2 Rational spline and its constrained aspects

In this section, first, we recall the rational spline given in [3] and then discuss its constrained aspects.

Let X be the set of all first s natural numbers and M be a natural number bigger than one. Let the given
data be {(x;,z;,d;) : i € Xy}, where x| < xo--+ < xp—1 < Xy, d; is the derivative value at x;. Denote
I = [xi, xi+1], and h; = xj4+1 — xj,i € Zp—1. The C!- rational spline S constructed in [3] is given by

say =29 L epies (1)
X)) = ——, X iyl _
Qi(x)’ 1 M 17
where
Pi(x) = zi(1 — 0)° + (rizi + hid;)0(1 — 0)* + (rizis1 — hidi+1)0%(1 — 0) + 2416, )
Qi) =1+ (i =301 —0),0 = —— 3)
Xi+1 — Xi

the free parameter r; is selected to be strictly bigger than —1 to ensure that Q;(x) > O for all x € I, which in
turn avoids a singularity of the rational expression occurring in (1). The parameter r; can be varied to alter the
shape of the interpolant S and hence is called the shape parameter.

The following proposition provides the convergence analysis of the rational spline S.

Proposition 1 /3] Let the interpolation data {(x;, z;,d;) : i € Xy )} be obtained from f € C*[x1, xp). Then
for'x S [-xla-xl-'rl]a

hi
@) = Sl =5~ max{|f V) — dil, | £V i) — disal}

“)
h?
TV Ih%nf(‘”uoo(l +Iri = 31/4) + 4lri = 31(hi 1 fPlloo) + 3||f<2>||00)},
1
1 N4 if —1 .
where v; = {i +ri)/4, lji _ 3< ri<3, and ||.||eo denotes the supremum norm on [x;, Xj+1].
s iyri = 5,

. . . 1
It is plain to verify that v; — 0 as r; — —1. Subsequently, — — oo as r; — —1. As a result, the error
Vi

1
bound in (4) goes to infinity as r; — —1. To make — bounded, we modify v; as follows.
Vi

) A4r/a i —1<k < <3,
T, ifr; >3,

where « is a fixed number.

Proposition 2 [3] Let {(x;, z;,d;) : i € Xy} be a monotonic data set. Then the sufficient conditions for the
di +dit

i

rational spline S to be monotonic is that rj >

2.1 Constrained aspect of univariate rational spline

In this section, we discuss constrained aspects of classical rational spline S. The following theorem provides
sufficient conditions on the shape parameters r;, i € X7 for the rational spline lying above the given piecewise
line whenever the given interpolating data lies above the given piecewise line.
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Theorem 1 Let {(x;, zi,d;) : i € Xy} be a given data set which lies above the piecewise line [(x) = m;x +
ti,mi, t; € R, x € I;,i € Xpy—1. Then the rational spline S lies above the piecewise line l if the shape parameters
ri, i € Xpy—1 are chosen as

—hi(d; —m;) hi(di+1 —m;)

’

}, l,‘ = l(x,-).

i >max{—1,

i — 1 Zivl — lit1

Proof Since the data set {(x;, z;,d;) : i € X} lies above the piecewise line /(x) = m;x + ¢;, it follows that
zi > 1(x;), 1 € Zy.
Since r; > —1, we can verify that Q;(x) > Oforallx € I;,i € 1.

Therefore, S(x) = 5’(();)) > [l(x)forall x € I;,i € ¥y is identical to

Pi(x) = Qi()I(x) >0Vx € [;, i € Xpy—1. %)
Since [; = 1(x;),i € Zpy—1, we get
li =1(x;)) =mix; +t;and [ = 1(x; 1) = mixip1 + 1,0 € Xpy1.

Solving the above equations, we get

= liv1 =1 = Xi+1li _xili—i-l.
Xi+1 — Xi Xi+1 — Xi
Substituting m; and ¢; in l(x) = m;x +t;,x € I;,i € X )7, we obtain
1) = (1 — )i +0lis1,0 = —— 1y el ieSy_i. 6)
Xi+1 — Xi
One can see that
Qi () (x) =Q;i (x)[(1 = O)l; +0l;11],

=[1+ (s —=3)0( = N)IA = )i + 0li41],
=(1 = O); + 0Ly + (ri — 301 — 0)°L; + (r; — 3)0>(1 — O)l; 11
=(1 =0l + {(ri = DI + 14101 = 0)> + {(ri — DIy +1}0° (A = 0) + 0Ly, (D)

Using (2) and (7), we can get

Pi(x) — Qi(0)I(x) = (zi — 1)1 —0)> + A;0(1 — 0)> + Bi0*(1 — 0) + (zi1 — Li+1)0°, ®)

where A; =ri(zi — ;) —mihi + hidi, Bi = ri(Zi+1 — lit1) + mih; — hid;1.
From (8), it is clear that P;(x) — Q;(x)I(x) > Oforallx € I;,i € Xp—1if A; > 0and B; > 0.
Next, the inequalities A; > 0 and B; > 0 yield the required condition on the shape parameters. O

Remark 1 By taking [(x) = 0 in Theorem 1, one can see that the rational spline S is positive whenever the given
—hid; hid;
data is positive, provided r; > max{ -1, Sl i+l },i € XpM—1-
Zi i+l

The following theorem provides sufficient conditions on the shape parameters r;, i € X1 for the rational
spline S, lies below the given piecewise line whenever the given data lies below the given piecewise line.

Theorem 2 Let {(x;, zi,d;) : i € Xy} be a given data set which lies below the piecewise line I*(x) = m}x +

t¥,ml, t* € R, x € I;,i € Xy 1. Then the rational spline S lies below the piecewise line I* if the corresponding

shape parameters ri,i € X1 are chosen as
hi(di —m?) —hi(dit1 —m})

[F—zi IFy = Zit1

T >max{—1, },li*zl;"(xi).
The proof is very similar to that of the previous theorem and hence it is omitted.

The following theorem discusses the sufficient condition for the rational spline S lying between two straight
lines.
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Theorem 3 Let {(x;,zi,di) : i € Xy} be a given data set which lies between the piecewise lines [(x) =
mix+ti,i € Xy—1andl*(x) = mix +t',x € I;,i € Xpy—1. Then the rational spline S lies between piecewise
lines | and I* if the corresponding shape parameters ri,i € X1 are chosen as

—hi(di —m;) hi(diy1 —m;) hi(di —m]) —hi(di+1 —m})

9 b 9
i — 1 Zit1 —lip I¥ —z If—zin

ri > max{ -1, },li =1i(x), 1] =1} (x;).

Proof From the Theorem 1, it follows that the sufficient condition for the rational spline S lying above the

piecewise line / is that the shape parameters r;, i € Xy satisfy the inequality

—hi(di —m;) hi(dit1 — mz')}
zi—l oz =Ly )

(€]

r; > max { —1,
Next, from the Theorem 2, it can be seen that the sufficient condition for the rational spline S lying below the
piecewise line [* is that the shape parameters r;, i € Xy satisfy the inequality

hi(di —m7?) —hi(di+1 — m,*)}
=z =z )

ri > max{ -1, (10)

Combining (9) and (10), we complete the proof. O

2.2 Containment of rational spline in a rectangle

The following theorem provides sufficient condition on shape parameter r;, i € X7 for the rational spline lies
within the rectangle whenever the given interpolating data lies within the rectangle.

Theorem 4 Let {(x;,z;,d;) : i € Xy} be a given data set. Then the classical rational spline S lies within
the rectangle [x1, xp] X [A1, Az] if the corresponding shape parameters ri,i € Xy—1 satisfy the following
conditions:

an

{ —hid;  hidi11 hid;  —hidiq }
ri >max3 — 1, ,

Zi— N1 zipi— A Ay =2z Ay —2zip
where A1 < min{z; :i € X} and Ay > max{z; :i € Xy}

Proof We can see that the rational spline S lies within the rectangle [x1, xp7] X [Ay, A2]if Aj < S(x) < As
for all x € [x1, xp7]. It is equivalent to

Ui(x) = Pi(x) — A1 Qi(x) >0Vx e l;,i € ¥py_1and
Vix) = A2Qi(x) — Pi(x) >0V x € l;,i € Zy—1.

Since r; > —1, one can see that Q;(x) > Oforallx € I;,i € Xy_1.
By using a degree of elevation, one can rewrite Q; as follows:

0i)=0=0>+r0(1 =02 +r0*1—0)+6°Vxel, i e Ty_i. (12)
Using (2) and (12), we can notice that the sufficient conditions for U;(x) > O forall x € [;,i € Xy, are

ri(zi — A1) +hid; > 0, and r;(ziy1 — A1) — hidiy1 =0,

—h;d; hid; 1

zi — A1z — A )
Similarly, sufficient conditions for V;(x) > O forallx € [;,i € Xy_1, are

which lead to r; > max

ri(Ay —z;) —hid; >0, and ri (Ay — zj+1) + hidi11 > 0.
hid; hidit1 }

Ay —zi Ay —zin
Combining all the restriction on shape parameters r;, we get the desired condition on the shape parameters
ri, i € Xp—1. m|

The aforementioned inequalities lead to r; > max {
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3 Solving constraint ordinary differential equations by rational spline

Consider the boundary value problem (BVP)

F(x,z,2,2") =0, x € [B1, f2l, Quz(B1) + 7' (B1) = 11, 2(B) + Q' (B) = o, (13)
or the initial value problem (IVP)
F(x,z,2,7") =0, x € [B1, 2], z(BD) =17, Z(B1) = 13, (14)

subject to the constraint(s): z(x) > [(x) for all x € [By1, B2], z(x) < [*(x) forall x € [By, B2], L(x) < z(x) <
I*(x) for all x € [B1, B2], or A1 < z(x) < Aj for all x € [B1, B2], where [ and [* are piecewise lines, and
Q1, Q, Q3, Q4, 11, 72, ‘L'l*, ‘L';, A1, Ay e R.

Now, our main aim is obtaining the solution for the given BVP (13) or IVP (14) which obeys the given
constraint(s). For this purpose, we proceed as follows. Let f; = x1 < x2 < ... < xy—1 < xyy = Prbea
partition of [B1, B2]. First, we solve the given BVP or IVP numerically, to get z(x;),i € X approximately.
Next, using the numerical methods such as arithmetic mean and geometric mean [31,32], we calculate derivative
values 7/(x;), i € X approximately. Thus, we obtain the data set {(x1, z1, d1), (x2, 22, d2), . .. (Xp1, Zp1, dpr)},
where z; = z(x;) and d; = 7/(x;). One should eliminate the points from the above data set which do not satisfy
the given constraint. We construct the rational spline S with respect to the data set {(x;, z;, d;), i € X} and the
shape parameters chosen according to Theorem 1 if the constraint is z(x) > [/(x) forall x € [B1, B2], or Theorem
2 if the constraint is z(x) < [*(x) for all x € [B1, B2], or Theorem 3 if the constraint is [(x) < z(x) < [*(x) for
all x € [B1, B2], or Theorem 4 if the constraintis A < z(x) < A, for all x € [B1, B2]. Then the rational spline
S will be an approximate solution for the given BVP or IVP with prescribed constraint(s).

From the Proposition 1, it follows that the rational spline S converges to the exact solution of the constraint
IVP (13) [constraint BVP (14)] as M — oo, where M is the number of data points pertaining to IVP (13)
[constraint BVP (14)].

3.1 Numerical examples
Let us consider the IVP: 82 + 27 +z = x> —x +4, x € [0, 10], z(0) = 150 and z’(0) = —25, subject to any

one of the constraints: z(x) > I(x) forall x € [0, 10], or z(x) < I*(x) forall x € [0, 10], ori(x) < z(x) < I*(x)
for all x € [0, 10], or 10 < z(x) < 300 for all x € [0, 10], where

—11x +46, if 0 <x <4, —34x + 164, if 0 <x <4,
[(x) = {4x — 14, if 4<x <8, and!*(x) = {6x+4, if 4 <x <8,
65x — 502, if 8 <x <10, 124x — 940, if 8§ <x < 10.

By solving the given IVP using the Runge-Kutta method, we get the data set {(0, 150, —25), (2,
83.963, —37.055), (4, 13.173, —32.093), (8, 36.99, 61.01), (10, 254.491, 160.583)}.

Let us consider the given IVP with the constraint z(x) > [(x) for all x € [0, 10]. The rational spline S is
constructed in Figure 1(a) by using the arbitrarily chosen shape parameters ry = 1,1, =2,r3 =2, and rqy = 1.
We can easily notice that the rational spline S is not satisfying the constraint Sy (x) > [(x) for all x € [0, 10].
Therefore, by using the shape parameters chosen according to Theorem 1, we have generated the rational spline
S, in Figure 1(b), and one can easily verify that S>(x) > [(x) for all x € [0, 10]. Thus, the rational spline S; is
an approximate solution for the given IVP with the constraint z(x) > [(x) for all x € [0, 10].

Using the shape parameters chosen according to Theorem 2, we have generated the rational spline S3 in
Figure 1(c), and one can easily verify that S3(x) < [*(x) for all x € [0, 10]. Thus, the rational spline S3 is an
approximate solution for the given IVP with the constraint z(x) < [*(x) for all x € [0, 10].

Using the shape parameters chosen according to Theorem 3, we have generated the rational spline S4 in
Figure 1(d), and one can easily verify that /(x) < Ss(x) < [*(x) for all x € [0, 10]. Thus, the rational spline S4
is an approximate solution for the given IVP with the constraint /(x) < z(x) < [*(x) for all x € [0, 10].

Let us consider the given IVP with the constraint 10 < z(x) < 300 for all x € [0, 10]. The rational spline
S5 is constructed in Figure 1(e) by using the arbitrarily chosen shape parameters r; = 1,7, = 1,r3 = 5, and
rq4 = 1. Itis clear that S5 does not fulfil the constraint 10 < S5(x) < 300 for all x € [0, 10]. Therefore, by using
the shape parameters chosen according to Theorem 4, we have generated the rational spline Sg in Figure 1(f),
and we can verify that 10 < Sg(x) < 300 for all x € [0, 10]. Thus, the rational spline Sg is an approximate
solution for the given IVP with the constraint 10 < z(x) < 300 for all x € [0, 10].
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(c) Constrained rational spline S3 with
rr=5,r9=3,73 =5, and rq4 = 3.
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(e) Unconstrained rational spline S5 with
ri=1,ro=1,7r3=>5,and ry = 1.

Fig. 1 Solutions for IVP with different constraints
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(d) Constrained rational spline Sy with
ry=>5,1ro="7,1r3 =25, and r4y = 6.
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(f) Constrained rational spline Sg with
ry = 1,70 =3,r3 =45, and ry = 3.
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4 Rational surface and its constrained aspects

In this section, we construct a bivariate rational spline and discuss its convergence analysis, constrained and
shape preserving aspects.

4.1 Construction of bivariate rational spline

Let M and N be natural numbers bigger than one. Let A* = {x1,x2..., Xp—1, Xp, Y1, Y2 --+» YN—1, YN},
where x; < xp--+ < xpy—1 < Xpm;y1 < Y2+ < yN—1 < yn. Let the given surface interpolation data be
A = {(Xi, Yj, Zij» Zusisj» Zyiinj)s (G, J) € Xy X Xy}, where zy; j and zy; ; are partial derivative values with
respect to x and y respectively at point (x;, y;). Let Zy = {1,2,..., M}, ¥y = {1,2,..., N}, Ey_1 =
{1,2,...,M — 1}, and EN—I = {1,2,...,N — 1}. Denote I = [xl,xM],J = [yl,yN],D =1 x ], [,' =
(xXi, Xip1l, Jj = 1yj, yj+11, Dij = I; x Jj, by = xj11 — x;, and h;‘. = Y41 — Y. Suppose that A* is a partition
of D. Using the rational spline (1), we define univariate C L rational spline S(x, y;), j € Xy thatinterpolates the
univariate data {(x;, z; j, Zx,i,j); i € X} as follows:

S(x,yj)zm, xel, ie€Xy_, (15)
Q;.j(x)
where
Pj(x) =z ;(1—6)°+ (rijzij + hizx,ij)0(1 — )% + (rijzit1,j — hizx,i+1,j)92(1 —0) +zi11,;6°,
_x

Qi,jx) =1+ (@r;; —3)0(1 —0),0 = , and the free parameter r; ; is selected to be strictly bigger
Xitl — Xi

than —1 to ensure that Q; j(x) > O for alll x € I, which in turn avoids a singularity of the rational expression
occurring in (15). The parameter r; ; can be varied to alter the shape of the interpolant S(., y;) and hence is
called the shape parameter.

Again, using the rational spline (1), we define univariate C!-rational spline S*(x;, y), i € )/ thatinterpolates
the univariate data {(y;, z; j, 2y,i,j); ] € Xy} as follows:

; P )
$" ) = G
l’]

,y€Jj,j€ N1, (16)

where
PF() =2ij(1 =) + (rfjzij + W2y ) o (L= )7 + (1 jzi 1 — W32y j11)9> (1 — @) + 2074107,

Q1) =1+07; — NPl — ). ¢ = %
than —1 to ensure that Q7 . (y) > 0 for all y € J, which in turn avoids a singularity of the rational expression
occurring in (16). The parameter rl.’”‘ j can be varied to alter the shape of the interpolant S*(x;,.) and hence is
called the shape parameter.

One can easily notice that (i) for j € Xy, rational spline S(x, y;), is defined along the grid line y = y;
(ii) for i € Xy, rational spline S*(x;, y), is defined along the grid line x = x;. In what follows, we shall
blend these univariate rational splines using well-known partially blending technique [4] to obtain the desired
surface. Exploiting the network of univariate rational splines S(x, y;), j € Xy, S*(xi, y),i € Ty, and blending
technique [4], the bivariate rational spline ® is defined over D; ;, (i, j) € Tpy—1 X Lny—1 as follows

O (x,y) =by0(@)S(x,y;) + by 1(@)S(x, yjt1) + ax,0(0)S™(xi, y)
+ ax10)S™(xi+1, ¥) — ax,0@)by 0(P)zi,j — ax,0(0)by 1($)zi, j+1 a7
— ax,10)by 0(@)zit1,j — ax, 1)y 1 (P)zit1,j+1,
where ay 0(6) = (1—-6)2(14+26), ay1(6) = 62(3=26), b, o(¢) = (1-)*(142¢), and b, 1 ($) = $*(3—2¢),
are called the blending functions as they blend four separate boundary curves S(x, y;), S(x, yj+1), S*(xi, y),

and S*(x;41, y) to give a single well-defined surface.
Further, one can verify that

, and the free parameter r;f j is selected to be strictly bigger
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(i) the function ® is C'-continuous over D.
(i) P interpolates A.

4.2 Convergence analysis of bivariate rational spline

The following theorem provides the convergence analysis of the bivariate rational spline.

Theorem S Let A* be a partition of D. Let the interpolation data A = {(x;, ¥, Zi,j, Zx,i,j» Zy.i,j) - (i, J) €
Sy X En)} be obtained from f € C*(D). Then

IIA*IIV
1 = @loe <ia (| 2] +]2] )+
1t S T [N P 7 d (
1+ r =3 4)
384 ” ” oo (i, ])EZM IXEN 1 + |rl’J |/ (18)
33 32
P o (I H anj
(G, )EEM—1XEN-1 ’
where | A*|| = max {lxic1 — xil, |yiz1 — yil}, v = max —
(1, ))EXM-1xEN-1 " He it Vi (G, ))EXy -1 xEN-1 Ui,j

(l—i—rl.*j)/4, if—l</<<ri*j<3,
Vi,j = ’ . ’
1, ifrf; =3,

Z* =

max —_— i .
(i»j)EZM—leNﬂ[ ay |(x,-,y/ i ]’ ) |(x, ¥j) R ARAR H

Proof We find an upper bound for || f — ®|| . Expanding f(x, y), (x, y) € D; ; at the point (x;, y) € D; ; by
using Taylor theorem, we get

af &, y)

G y) =i, y)+ & —x) o &,y) eD.
This implies
ey = fonl = a1 2] (19)
Similarly, by applying above procedure to the classical interpolant ®, we obtain
0, — 00 = 1471 00| 20)

Now using (19)-(20), it is easy to see that

[f(x,y) = @, I <|f(x, ) = fxi, I+ 1y y) — P, y)l
+|¢(xi,y)—q’(x y)l (1)

([ ]+ 52]L) + 10 ) - e .
From Proposition 1, it is known that
| A*] aif f
|f(xi’ y) - qj(xlv }’)l S 4\}l"j max { 8 |(xl y] Zy,i,j ’ 5|<xi’yj) - Zy’ls./+1‘}
LA {h o'f H (1 + I - 3|/4) (22)
3841)1"]' J

—3\) 5L}

+4IrE; —3|(hj
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Substituting (22) in (21), we have

IIA*II
ES
e -l <iai(| 2]+ ]52] )+ " (|2 = 2]
of la*)? '
oy — v 3841),-,-{}11' S (-4 @3
3 f 3 f
a5, +21 551}
Since (23) is true for every (x, y) € D; j, (i, j) € Zy—1 X Xy_1, we obtain the desired result. m]

Convergence results: Theorem 5 reveals that the bivariate rational spline @ converges uniformly to the original
function f € C*(D) as | A*|| — 0.

4.3 Constrained aspect of bivariate rational spline

Proposition 3 [4] A surface which is composition of blended surface patches preserves all properties of the
network of the boundary curves.

The following theorem provides the sufficient conditions on the shape parameters r; ; and rl . for the bivariate
rational spline lies above the given piecewise plane whenever the given surface data lying above the given
piecewise plane.

Theorem 6 Let A = {(x;, ¥}, Zi,j, Zx,i,j>2y,i,j) - (i, J) € Ty x X} be a surface interpolation data set that
X

lies above the piecewise plane g(x,y) = U,-,j[l - — = (SL]’ (x,y) €Djj,(,j) € ¥pyy—1 X En—1,0ij €
i, ij

R, ¥i,j,6i,j € R—A{0}, thatis z; j > gi,j = g(xi, yj) forall (i, j) € Xy x Xy. Then the classical bivariate

rational spline ® (x, y) > g(x,y) for all (x,y) € D if the corresponding shape parameters are chosen as

oi,j
—hizyij— 5 hi hin,i+1,] + 2l

Vi ..
riyj>max{—1, s Ly },(z,])eEMleN,
Zi,j — &i,j ij — &i+l,j
* . m J * oi, / *
X —hjzyij = h hizy.ij+1+ S h
rj j > max -1, , ,(@,)) e Ty X En—1.
<i,j _81,1 Zi,j — 8i,j+1

Proof Using Proposition 3, we get that the surface ®(x, y) > g(x, y) forall (x, y) € Dif S(x, y;) > g(x, y;)
forall x € I, j € Zy, and S*(x;,y) > g(x;,y) forall y € J,i € Xj. From Theorem 1, it follows that the
univariate rational spline S(x, y;), j € Xy lies above the piecewise line g(x, y;), j € Zy, if

oi,j
—hizyij— yl—j]hz hizxiv1,j + Whi .
rij > maxy — 1, , L E XM 24)
Zij — &ij Zij — &i+l.j

Again, from the Theorem 1, it follows that the univariate rational spline S*(x;, y) lies above the piecewise line
g(xi, y),i € Ey—1, if

—h%zyi; — ?—jh* h*%zy.i j+1+ (gl—jh*
ri"‘j>max{—l, ! W J b ’},jele. (25)
’ Zi,j — &8i,j Zi,j — 8i,j+1
Combining (24) and (25), we complete the proof. O

Remark 2 From the above theorem, one can observe that when A is a positive data set, then bivariate rational
spline @ preserves the positivity if scaling factors are chosen as

—hiZxij hiZxivij
1y i<x,i+1,j ..
ri,j>maX{_15 ) 5(17])€EM71XEN7
<i,j <i,j
X —hzyij BTy
ri j > max -1, , ,(@,]) € Ty X Xn—1.-
' Zi,j Zi,j
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The following theorem provides the sufficient conditions on the shape parameters r; ; and r* ; for the bivariate
rational spline lies below the given piecewise plane whenever the given surface data lylng below the given
piecewise plane.

Theorem 7 Let A = {(x;, ¥}, Zi,j> Zx,i,j> Zy,i,j) - (i, J) € Zy X L} be a surface interpolation data set that

X

lies below the piecewise plane g*(x, y) = 0 [1 - — = 8%]’ (x,y)€D;j,(,j) € Zy—1 X Zn—1, O'i*j €
Vij  %ij ’

R, )/l-’fj, 6;,- € R— {0}, thatis z; j < g;fj = g*(xj, yj) forall (i, j) € Xy x Zn. Then the classical rational

interpolating surface ®(x,y) < g*(x, y) for all (x, y) € D if the corresponding shape parameters are chosen
as

o*i o*i i
hizxij+ S#Lhi —hizyiv1,j — Z#Lh;
Yiij Vi ..
rij > max{ —1, - , " } (i,j) € Ty—1 X Zn,
8i,j —%ij 8it1,j — i+l
x4 OFiLjpx orij g
. /’lij,l,] + 57 hj —h% iy g+l 5 hj o
ri; > maxq — 1, < , (0, ]) € Ty x Zy-1.
8ij i gi,j+1 — Zij+1
Proof The proof is very similar to that previous theorem and hence it is omitted. O

The following theorem provides sufficient conditions on the shape parameters r; j and Y for the bivariate
rational spline that lies within a cuboid whenever the given surface data lies within a cuboid.

Theorem 8 Let A = {(x;, yi, Zi,j, Zx.i,j> 2y,i,j) : (i, J) € Ty x Ly} be a surface interpolation data which lies

in the cuboid D = [x1,xym] X [y1, YN] X [A11, A2z]. Then the classical rational interpolating surface ® lies
inside the cuboid D if the associated shape parameters are chosen as

—hizyij  hizxitl,j hizxij  —hiZxit+1,j

ri’j>max{—1, }7(ivj)€EM—1 XEN,

Zij— A1 zigj — A A —zij An —zigl,j
and

* k * k
—hizyij o Bizyi gt hizyij  —hjzyij+

r-*->max{—1,

iy },(ivj)EEMXENl,

Zij — A1l Zigj+1 — A An —zij Ao —zij+1
where A11 < minfz; j : (i, j) € Xy X Ly} and Ay > max{z; ;j: (i, j) € Zy x Ty}

Proof Using Proposition 3, we get that the surface ® (x, y) lies within the cuboid [x1, xp7] X [v1, ynIx[A11, A22]
ie; A < ®(x,y) < Appforall (x,y) € Dif Ajp < S(x,y;) < Apforallx € I,j € Ty and Ay <
S(xi,y) < Apforally e J, i € Zy.

From Theorem 4, the univariate rational spline S(x, y;), j € Xy lies within the rectangle [x1, xp7] x
[A11, Axplif

—hizxij  hiZxiv,j hizxij — —hiZxit1,j
Zij — A1l Zit1,j — A Ao —zij A —Zit1,j

rij > max{ -1, },i € Xym—1- (26)

Again, from Theorem 4, the univariate rational spline S*(x;, y),i € X lies within the rectangle [y, yn] X
[A11, Ap]if

* * k *
rk >max{ 1 “hiwig o Mg Ry TRz

i,j }7j€EN—1~ 27

Zijj — A zigjyr— A A —zij A —zZijt1

Combining (26) and (27), we complete the proof. O
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4.4 Monotonicity preserving rational surface

Definition 1 A surface data set {(x;, y;,z;j);i € Zy—1,j € Xny—1} is said to monotonically increasing if
Zivl,j = Zi,j,i € Xy—1, foreach fixed j € Xy; and z; j41 > zi,j, j € Zn—1, foreach fixed i € Xy.

Definition 2 A surface data set {(x;, y;,zi);i € Zy—1,j € Ly—1} is said to monotonically decreasing if
Zit1,j < Zi,j,i € Xy, foreachfixed j € y;and z; jy1 <z, j € Zn—1, foreach fixedi € Xy.

Definition 3 A surface data set {(x;, y;,zij);i € Xp—1,j € Xny—1} is said to be monotonic if it is either
monotonically increasing or decreasing.

The following theorem provides the sufficient conditions on the shape parameters r; j and r j for the mono-
tonicity preserving rational surface whenever the given surface data is monotonic.

Theorem 9 Let A = {(x;, ¥j,2i,j, 2x,ij» 2y,i,j) - (i, J) € Ty x Xy} be a monotonic surface data set. Then
the classical rational interpolating surface preserves the monotonicity if the corresponding shape parameters
are chosen as

Zx,ij T Zxitl .
rij = max | =1, LTI Gy e sy x B,
Zit1,j — Zi,j

28
Zy,i,j + 2y j+1 (28)

andr;jj>max{—1 },(i,j)eZMxEN_l.

Zij+1 — Zij
Proof Using Proposition 3, we get that the surface ® is monotonicif S(x, y;) ismonotonic forallx € I, j € Xy,
and S*(x;, y) for all y € J,i € Xjp. By using Proposition 2, it follows that the univariate rational spline
S(x,y;j), j € Xy is monotonic if

Zx,i,j T x,itlj

rij > max [ —1, } (i j) € Dy1 x By. (29)

Zitl,j —Zi,j

Again, by using Proposition 2, it follows that the univariate rational spline $*(x;, y) is monotonic if

ri*j > max{ -1, Ly + Tyt }, (i, j) e Ty X En—1. (30)
’ Zi,j+1 = Zij
We complete the proof by combining (29) and (30). O

5 Solving constraint partial differential equations by bivariate rational spline

Let us consider the second-order partial differential equation (PDE):

F(x1 Y52, x5 2y Zxxs Tyys ny) = 0, (X, y) € [,31’ ,32] X [)\11 )‘2] (31)

subject to the given initial and boundary conditions, and constraints z(x) > g(x) for all x € [B1, B2] X [11, A2]
or z(x) < g*(x) forall x € [By, B2] X [A1, 2], or Ay < z(x) < App forall x € [By, B2] X [A1, A2], where g
and g™ are piecewise planes and A1y, Axy € R. We seek an approximate solution for the PDE (31) which obeys
the given constraint. To achieve this, we proceed as follows.

Letf) =x1 <x2 <...<xy—1 <xy =P2,Al =y <y2... < yny = i be a partition of [B1, 2] X
[A1, A2]. By exploiting a suitable numerical method [33,34], we solve the PDE (31) to get z(x;, y;), (i, j) €
Yy x Xy approximately. Next, using the numerical methods such as arithmetic mean and geometric mean
[31,32], we obtain the partial derivative values zx(x;, y;), zy(x;, y;) € Xy x Xy approximately. One should
eliminate the points from the above data set which do not satisfy the given constraint. Then we obtain data
set {(Xi, ¥j, Zi,j» Zxsinjs Zyiinj) © (A5 J) € Ty X XN}, where z;j = z(xi, ¥j), Zxjij = 2x(Xi, ¥j), and 2y =
Zy(x;, y;j). We construct the bivariate rational spline ® with respect to the above surface data and the shape
parameters r; ; and rl."j j chosen according to Theorem 6 if the constraint is z(x) > g(x) for all x € [B1, B2] X
[A1, A2] or Theorem 7 if the constraint is z(x) < g*(x) for all x € [B1, B2] X [A1A2], or Theorem 8 if the
constraintis A1 < z(x) < Ao forall x € [B1, B2] X [A1, A2].

From the Theorem 5, it follows that the bivariate rational spline § converges to the exact solution of constraint
PDE (31) as M — oo and N — oo.
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Table 1 Surface data pertaining to the PDE (32)

b y/x — 0 0.1 0.2 0.3

0 (0,3.142,0) (0.309, 2.988, —3.050) (0.588,2.542, —5.801) (0.809, 1.847, —7.985)
0.01 (0,2.846, 0) (0.282,2.707, —2.763) (0.535,2.303, —5.256) (0.737,1.673, —7.234)
0.02 (0,2.579,0) (0.256, 2.453, —2.504) (0.488, 2.086, —4.762) (0.671, 1.516, —6.554)
0.03 (0,2.336,0) (0.234,2.222, —2.268) (0.444, 1.890, —4.314) (0.611, 1.373, —5.938)
0.04 0,2.117,0) (0.213,2.013, —2.055) (0.405, 1.713, —3.909) (0.557, 1.244, —5.380)
0.05 (0,1.918,0) (0.194, 1.824, —1.862) (0.368, 1.552, —3.542) (0.507, 1.127, —4.875)
0.06 (0, 1.738,0) (0.176, 1.653, —1.687) (0.336, 1.406, —3.209) (0.462, 1.021, —4.416)

Table 2 Surface data pertaining to the PDE (32)

1 y/x — 0.4 0.5 0.6 0.7

0 (0.951,0.971, —9.387) (1,0, —9.870) (0.951, —0.971, —9.387) (0.809, —1.847, —7.985)
0.01 (0.866, 0.880, —8.504) (0.911, 0, —8.942) (0.866, —0.880, —8.504) (0.737, —1.673, —7.234)
0.02 (0.789, 0.797, —7.705) (0.830, 0, —8.102) (0.789, —0.797, —7.705) (0.671, —1.516, —6.554)
0.03 (0.719, 0.722, —6.981) (0.756, 0, —7.340) (0.719, —0.722, —6.981) (0.611, —1.373, —5.938)
0.04 (0.655, 0.654, —6.325) (0.688, 0, —6.650) (0.655, —0.654, —6.325) (0.557, —1.244, —5.380)
0.05 (0.596, 0.593, —5.731) (0.627,0, —6.025) (0.596, —0.593, —5.731) (0.507, —1.127, —4.875)
0.06 (0.543,0.537, —5.192) (0.571,0, —5.459) (0.543, —0.537, —5.192) (0.462, —1.021, —4.416)

Table 3 Surface data pertaining to the PDE (32)

b y/x — 0.8 0.9 1
0 (0.588, —2.542, —5.801) (0.309, —2.988, —3.05) (0, —3.142,0)
0.01 (0.535, —2.303, —5.256) (0.282, —2.707, —2.763) (0, —2.846, 0)
0.02 (0.488, —2.086, —4.762) (0.256, —2.453, —2.504) (0, —2.579,0)
0.03 (0.444, —1.890, —4.314) (0.234, —2.222, —2.268) (0, —2.336, 0)
0.04 (0.405, —1.713, —3.909) (0.213, —2.013, —2.055) 0, —2.117,0)
0.05 (0.368, —1.552, —3.542) (0.194, —1.824, —1.862) 0, —1.918,0)
0.06 (0.336, —1.406, —3.209) (0.176, —1.653, —1.687) (0, —1.738,0)
5.1 Numerical examples
Let us consider the PDE

Zy =Zx, 0<x < 1,1 >0,2(0,y) = z(1, y) = 0 and z(x, 0) = sin(7rx) (32)

subject to the constraint 0 < z(x, y) < 1 forall (x, y) € [0, 1] x [0, 0.06]. The exact solution of the given PDE
is plotted in Figure 2(a). The triplets shown in the body of the Table 1-3 indicate the function values and the
partial derivative values, i.e., (2; j, Zx,i,j» Zy,i,j)- Solving the PDE (32) by the Lassonen (BTCS) scheme [34],
we acquire z; ; given in Table 1-3. Next, employing the arithmetic mean and geometric mean [31,32], we obtain
the partial derivative values z, ; ; and zy ; j. Thus, we get the surface data in Table 1-3 pertaining to the PDE
(32).

It can be seen that the above data lies within the cuboid [0, 1] x [0, 0.06] x [0, 1], i.e., 0 < z; ; < 1 for
all (i, j). The bivariate rational spline @ is constructed in Figure 2(b) by using the surface data given in Table
1-3 and the arbitrarily chosen shape parameters. We can easily notice that the bivariate rational spline ®; is not
satisfying the condition 0 < ®(x,y) < 1 for all (x, y) € [0, 1] x [0, 0.06]. Hence, ®; is not a solution for
the PDE (32). Next, the bivariate rational spline ®; is constructed in Figure 2(c) by using the surface data given
Table 1-3 and the shape parameters chosen according to Theorem 8. Further, it is clear that 0 < ®o(x, y) <1
for all (x, y) € [0, 1] x [0, 0.06], and hence ®; is an approximate solution for the given PDE. The xz view of
Figure 2(c) is given in Figure 2(d).
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e)(p(-1rz y) sin(r x)

(a) Exact solution of the PDE (b) Unconstrained bivariate rational spline &,
with Tij = 0.5774:0- = —0.5.

0 0.2 0.4 0.6 0.8 1

(¢) Constrained bivariate rational

_ i (d) zz view of Figure 2(c)
spline with r; ; =5, T;F,j = 10.

Fig. 2 Exact and approximate solutions of PDE (32)

6 Bivariate C!-fractal rational spline

Let A* = {x1,X2..., XpM—1, XM, Y1, Y2 .-, YN—1, YN}, Where x| < xp--- < xy—1 < Xxp3y1 < y2-+- <
YN—1 < yn. Let the given surface interpolation data be A = {(x;, yj, i j, Zx.i,j» 2y.i,j); (,J) € Zy %
Xy}, where z,; ; and zy; ; are derivatives value with respect to x and y respectively at point (x;, y;). Let
Sy ={1,2,.... M}, Sy =1{1,2,..., N}, Zy_1 ={1,2,...,M — 1}, Ty_; = {1,2,..., N — 1}. Denote
I =[x, xul,J =y yn.D=1xJ,I; =[xi,xiv1l, Jj = yj, yj+11. Dij = L x Jj, hi = xip1 — X,
h;‘ = yj+1 — yj. and B(D) denotes the boundary of D. Suppose that A* is a partition of D. For any i € X1,
let u; : I — I; be a contractive homeomorphism satisfying

ui(x1) = x;, ui(xy) = xj4+1,and

33
lii (%) = ui ()] < Glx* —x™[VxF, X el &9

where 0 < ¢ < 11is a given constant. Similarly, for any j € Xy, let v; : J — J; be a contractive
homeomorphism satisfying

vi(y1) =vj, vj(yn) = yj+1,and

(34)
[v;(Y*) —v; ()] < 0jly* — y™| Vy*, y*™* e J,

where 0 < ¢; < 1is a given constant. We take u;(x) = a;x + b;. and v;(y) = c;y + d;, where a;, b;, c;,and
d; are constants to be determined by (33)-(34).

Let K =1 x J x R.Foreach (i, j) € ¥y—1 X Xy_1, let F; j : K — R be a continuous function defined
by

Fij(x,y,2) = a;ijz+ ®wi(x),vj(y) —a; jblx, y),
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where «; ; € R such that |o; j| < a;c; and P is rational surface defined in (17), b € cl(D), b # @, such
that

ab
0x

00
(x,y) - ax

b

0D
, and — =
(x,y) ay

— )V(x, y) € B(D).

blx.y) = ®Lx. 7). @y Ay lay

Now, for each (i, j) € Xy X Xn_1, wedefine W; ; : K — I; x J; x Rby

Wi j(x, y,2) = (i (x), v;(), Fi,j(x,y,2). (35)

Then {K; W; j : (i, j) € Zy—1 X Zy—1}is an IFS.
Using [28], we can show that the above IFS has a unique attractor G. In the following theorem, we construct
a bivariate FIF whose graph is G.

Theorem 10 Let A* be a partition of D. Let the interpolation data be A = {(Xi, ¥, Zi,j, Zx,i,js Zy.i,j);
(i, j) € Ty x En}. Let @ be the bivariate function defined in (17) Consider the IFS {K; (ui(x), v;i(y),
Fij(x,y,2), 3, j) € Zy—1 X Ln—1}. Suppose that |; j| < aicj, (i, j) € Ty-1 X Uy-1, b € CY(D) such
that b # @,

ab
0x

_ 0P
(x,y) o ax

ab

R
, and — =
(x,y) ay

b(x,y) = ®(x,y), e

V(x,y) € B(D).
(x,y)

Then the above IFS determines a bivariate fractal interpolation function ®* € C' (D) that interpolates A.

oh
()’ y

KL
(x,y) a ax

90

= — for all
(x,y) dy

Proof Let CL(D) = {h e Cl(D) : hix,y) = ®(x,y), %

(x,y)
(x,y) € B(D)}. Then C<1D (D) is a complete metric space with respect to the metric induced by the C L_norm,
namely,
oh oh
lhler = llloo + Ha_” + HB—H .
X o0 y o0

Now define Read-Bajraktarevi¢ operator 7 : C}D (D) — Cé (D) as
(Th)(x, y) =®(x, y) + i j[(h = b)(u; ' (), v;' )], (x,y) € Dij, (i, j) € Ty1 x Ty-1. (36)

Since ® € C1(D), b € C' (D) and h € C' (D), it follow that operator Th is continuous over each sub rectangle
D;,j. Now for continuity of 7h over D one need to show that Th is continuous along the each grid line
X =Xj+1,1 € Zy-—2and y = yjy1, j € Ly—2. To check continuity along the grid line x = x; 1, we can take
y=U0—-wyj+uyj+1,0=p =1,

lim  Th(x,y) = ®(xi41, (1= w)y; + pyj1) +aij[(h —b)(xar, (1 — wy1 + pyn)]l,
(X, )= (Xi+1,Y)

(x,y)€D; ;

and - lir&l y)Th(x, y) = ®(xip1, (1 = w)yj + wyjr1) + cipr, j[(h = b)(x1, (1 = wy1 + puyn)].
3 Y) > Xig 1,

(x,y)€Dit1,j

Since b(x, y) = ®(x, y) for all (x, y) € B(D), it follows that

lim Th(x,y) = lim Th(x,y).
(x, )= (xit1,y) X, y)=> (Xi41,¥)
(x,y)€D; ; (x,)€Dit1,5

Similarly, one can show that T4 is continuous along the each grid line y = y; 1 j € Zy_1.
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1598 R. Jain, V. Nallapu

Forall (x, y) € D; j, (i, j) € X p—1 X Zn-—1, partial differentiation of T'h withrespect to x and y respectively,
leads to

_ —1 o
BTy l{ 20x. ) +ai,,~8(h b)(u; (x), v; (y) } (37)
ax ai ox "
AT !
BTy i{ 0 (x. ) o, A(h = b)(u; " (x), vy () } (38)
dy cj b By ”

Using the conditions on the function b and the arguments used for establishing continuity of 7'h over D, we

can show that (Th) and (Th) are continuous over D.
. . a(Th) (T D) o(Th) (T D)
Itis easy to verify that Th(x, y) = T®(x, y), = — ,and —— =
ox 1.y ax  I(x,y) ay .y ay lx.y
for all (x, y) € B(D).
Therefore, Th € C (D). Next, for h, ¥ € CL (D), from equation (36)- (38), we obtain
1Ty — Thlleo <max{ley j|:i € Xpy-1,j € En-1}HY — Ao,
oTy) 3(Th) oy dh
H 5max{|oz,-’j|ai EXM-1, ] ETN T — —
o ax 0x
o(T a(Th 0
H (Ty) _ )H <max{|a,,|c i€ Xy_1,] € Zy_1} —w——H
dy
respectively. By using the above inequalities, we can write
8(T1//) 8(Th) 3(T1ﬂ) B(Th)
ITY —Thiler = IITY — Thle + H
< max{la; jla; ;' i€ Ty, j € szl}uw - h||cl~ (39)

Since |; j| < a;cj, it follows that T is a contraction map on C}D (D), and hence by the Banach fixed point
theorem, T has a unique fixed point, say ®* € C' (D). Therefore,

DY (ui (x), vj () = @i j P (x, ¥) + P (ui (x), v (y)) — @i, jb(x, y), (x,y) € D. (40)

Further, we can verify that ®“ interpolates the data A. Thus, we complete the proof. O

6.1 Convergence analysis of bivariate fractal rational spline

The objective of this section is to obtain an upper bound for the interpolation error ®“ — f, where the data
generating function f € C>(D). The implicit and recursive nature of bivariate fractal function ®* make it
difficult to apply the traditional approaches for error analysis available in the classical interpolation theory for
obtaining its convergence results. Owing to this reason, we establish the upper bound for ®* — f, using the
triangle inequality

[9% = flloo < 1% = Plloc + 1P = fllco- (41)

Theorem 11 Let A* be a partition of D. Let the interpolation data A = {(x;, ¥}, Zi,j, Zx,i,j» Zy.i,j) = (i, ) €
Su X En)} be obtained from f € C*(D). Then

lr—o <2 o g
0= o) 111 17
o
*
sl )1
I8 fiane| 54| *
_ 1 *.o—3|/4
e L ay* oo(i,j)ezrﬁafszl( +lri V)

+ o max _ 4l - 3|<||A*||
(.)EeSmo1xSy1

Sl 5L
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where ||[A*|| =~ max {Ixit1 = xils [yj+1 = yilh Hl=xpu —x1, [JI=yn — 1,
(,J)EXy—1XEN-1
1

leloo =  max lee; jl, vi = max —_—
(1, ))EXp -1 xEN-1 (G, ))EXY-1XEN-1 Vi, j

B {(1 /A i <k <1l <3,

b
R pF if rf; 23,
af af
7= i [ Zly i}
(. )ESM-1 X N1 3y‘(x,-,y_,-) Tl 8y|("f»y/) it

Proof The bivariate fractal interpolation function ®* satisfy the following self-referential equation: for all
(x,y) €D, (i,)) € Em—1 X En—1,

D (1 (x), v; () = ai ;P (x, y) + D (i (x), v; () — e, ;jb(x, y). (43)
Subsequently, from (43), we get

| (i (x), v () = @(ui (x), v; ()| < et ;1|19 (x, y) = Px, Y+ D (x, y) — blx, y))

(44)
< @l (9% = Plloo + [P = blloo)-
The above inequality yields
o |a|00
[@% — Plloc < ———— 1P — Dl (45)
I —arfoo

Since the scaling factors of C!-FRIF ® obey the condition |o; ;| < a;c; = (%)(%) and using (45),
we get that
|A*]

% — ®llpo < ———— | D — b|0o. (46)
T A= lal) ] ] >

From (18), we get an upper bound for || f — @|| . Substituting (46) and (18) in (41), we obtain the desired result.
O

Convergence results: Theorem 11 reveals that the C!-fractal rational spline ®* converges uniformly to the
original function f € C*(D) as || A*|| — 0.

7 Constrained aspect of fractal rational surface

In this section, we discuss the constrained aspect of fractal rational surface ®“. The following theorem provides
the sufficient condition on the scaling factors o; ;, (i, j) € Xy —1 x Xy—1 so that fractal rational surface ¢ is
lying above the function ¢ whenever the bivariate rational spline & lies above ¢.

Theorem 12 Let the given surface data be A = {(x;, ¥j, Zi,j» Zx,i,j» Zy.i,j): (0, J) € Xy X Ln}. Let @ be the
bivariate function defined in (17). Let ¢ € CY(D) such that ® (x, y) > @(x,y) forall (x,y) € D.Leth € cl(D)

. . ab P ab od
such that b # ®, satisfy the conditions : b(x,y) = ®(x,y), — = — , and — = — for
ox (x,y) oylx,y)  dy

= 0
>y  0x (x,y)
all (x,y) € B(D). Then the bivariate fractal function ®* corresponding to IFS (35) satisfy ®*(x, y) > ¢(x, y)
forall (x,y) € D ifthe scaling factors «; j, (i, j) € Zy—1 x Xy—1 are chosen as follows:

m(® _QﬂvDi,j)}

Ogai,j < min {aicj, M —m ((p)
— My

where M* = max{b(x,y) : (x,y) € D}, m(® — ¢, D; ;) = min{(® — ¢)(x,y) : (x,y) € D;;}, and
my () = min{e(x, y) : (x, y) € D}.

@ Springer



1600 R. Jain, V. Nallapu

Proof Since ®(x, y) > ¢(x, y) for all (x, y) € D and b(x, y) matches with ®(x, y) along the boundary of D,
it is easy to verify that M* — m,(¢) > 0 and m(® — ¢, D; ;) > Oforall (i, j) € p—1 X Xy_1. From (40), it
follows that the bivariate fractal function ®* satisfy the following functional equation

cba(ui(-x)v vj(y)) = ai,jq)a(-xs )’) + qD(Mi(x)’ Uj(y)) _al',jb(-xs y)7 ()C, )’) € D’ (17 ]) S ZM—I X EN—l~

At (n + 1)-th iteration, % is computed at ((M — 1)"*2 4+ 1)((N — 1)"*2 + 1) distinct points in D by using the
values of ®* at n-th iteration at (M — 1)"*' + 1)((N — 1)"*! + 1) number of distinct points in D.
We observe that

DY (x;, yj) = ®(xi, ) > @(xi, yj), (0, j) € Tpyy X Ty.

Therefore, to prove that ®“(z, t) > ¢(z, t) forall (z, t) € D, itis sufficient to show thatif ®*(x, y) > ¢(x, y)
for all (x, y) € D, then dD"‘(ui(x), vj(y)) > (p(ui(x), vj(y)), (x,y)eDforall (i, j) € Zpr—1 X Ty—_1.
Suppose that ®*(x, y) > ¢(x, y), (x, y) € D. We have to establish that

@i, j O (x, y) + (ui (x), v; () — @i jb(x, y) — @(ui(x), v; () >0, (x,y) € D. (47)

As per our assumption ®*(x, y) > ¢(x,y), (x,y) € Dand o; ; > O forall (i, j) € Xp—1 X Ty and by the
definition of M*, m4(¢) and m(® — ¢, D; ), we get

i, j % (x, y) + @ (ui (x), v; (1)) — i, jb(x, y) = @(ui (x), v; (V) = @i, jo(x, y) +m(® — ¢, D; j) — o, ;M*.

m(® — ¢, D; ;)

assures (47). Thus, we complete the proof. O
M* — my(p)

we can conclude that o; ; <

Similarly, we can prove the following theorem.

Theorem 13 Let the given surface data be A = {(x;, y;, Zi,j» Zx,i,j> Zy.i,j); (I, J) € Xy x Xn}. Let O be the
bivariate function defined in (17). Let ¢ € C'(D) such that ®(x, y) < ¢(x, y) forall (x, y) € D. Letb € C' (D)

od ab P
such that b # @, satisfy the conditions b(x,y) = ®(x,y), — = — ,and — = — fo
oxltry)  9x l(x,y) dyleey) 9y I,y

all (x, y) € B(D). Then the bivariate fractal function ®% corresponding to IFS (35) satisfy ®*(x, y) < ¢(x, y)
forall (x,y) € D if the scaling factors a; j, (i, j) € Xpy—1 X Ln—1 are chosen as follows:

m(p — @, Di,j)}
M*(p) — m

r

0< o < min {a,-cj,

where m,. = min{b(x, y) : (x, y) € D}, m(¢ — @, D; j) = min{(p — ®)(x,y) : (x,y) € D; j}, and M*(¢) =

max{g(x, y) : (x,y) € D}.

Theorem 14 Let A = {(x;, ¥j, Zi,j» Zx,i,j» Zy,i,j) - (i, J) € Xy x Xy} be a surface data set that lies above the

piecewise plane g(x,y) = oi,j[l 2y
Yij o Gij

R — {0} that is z;,;; > gi,j = g(xi,y;) for all (i, j) € Ly x Xy. Then the fractal interpolating surface

D%(x, y) > g(x, y) forall (x,y) € D if the corresponding shape parameters and scaling factors are chosen as

], (x,y) €D;j,(0,]) € Zy—1 x Ey-1,0i,j €R,y7,8;j €

oi,jyp .

oi,j
—hizxij — ZLhi hizeitv1,j + Z2Lh;
1 Yi,j Vi, j [
rij > max | — 1, — , — ,(,j) € Ty—1 X 2N,
Zi,j — &8i,j Zi,j — 8i+1,j
—h*zyij— SLh% h¥zyi i1+ SLR
ri. > max 1 ! by 1 7J b I (i,j)eTy x X
P -1, ; , (7, M N—1,
o Zij = 8ij Zij = ij+l
] m(@—-g.Dij| ..
and 0 < o; j < minja;cj, M*—() ,({,]) € Zy—1 X Tn—1,
— may(g

where M* = max{b(x,y) : (x,y) € D}, m(® — g, D; ;) = min{(® — g)(x,y) : (x,y) € D;;}, and
my(g) = min{g(x, y) : (x,y) € D}.

Proof The proof follows from the proofs of Theorem 6 and Theorem 12. O

@ Springer



Some classical and fractal splines for constrained... 1601

Remark 3 The following remark is immediate by taking g(x, y) = 0 in the previous theorem (Theorem 14).

Let A = {(xi, ¥j, Zi,j» Zx,i j» Zy.i,j)3 (I, J) € X x X} be a positive surface interpolation data. Let ® be the
ab L)

bivariate function defined in (17) and b € C? (D) suchthatbh # @, b(x,y) = ®(x,y), — ) = ™

X,y y

dy
ob 0P . .
— = — for all (x, y) € B(D). Then the bivariate fractal function ®(x, y) > 0 for all (x, y) € D
ox l(x,y) ax I(x,y)

if the associated shape parameters and scaling factors are chosen as

,and
(x,y)

_h'Z .o h'Z i1,
Tij = maX{ — 1, —= PRI (G ) € Sy X Ey—i,
Zi,j Zi+l,j
* *
" —hizy.ij hij,iH,j .
rijzmaxy —1, — ) (0, ) € By—1 X X,
’ Zij Zij+1
) m(®,D; ;)| . .
and 0 < o j < min aicj, ——p (0, J) € Zy—1 X En-1,

where M* = max{b(x, y) : (x,y) € D}, m(®, D; ;) = min{®(x, y) : (x,y) € D; ;}.

Theorem 15 Let A = {(x;, ¥}, Zi,j» Zx,i,j» Zy,i,j) - (i, J) € Xy X Xy} be a surface data set that lies below the
y

vij 8

R — {0}, that is z; ; < g;f/ = g*(x;, y;) for all (i, j) € Xy x Xy. Then the fractal interpolating surface

DY (x,y) < g*(x,y) forall (x,y) € D if the corresponding shape parameters and scaling factors are chosen

as

piecewise plane g*(x, y) = U;fj[l — ]» (x,y)€D;j, (0, ) € Zpy—1 X BN—1, o;fj €R, V:j’ (Szj €

o*i,j o*i,j
hizxij+ =7 hi —hizxiv1,j — Z#hi
yl,] yl,]

ri,j>max{—1, }7(i’j)€EM1 XEN;

&=z 8Tl

hizyij+ %hl ~zyi 41 — U(Sii;jhj .
* - ’ * - }v(l’])GZMXEN—I,

8ij —Zij 8ij+1 — R j+l

m(g* — ®,D; ;)
M*(g*) — m

where my, = min{b(x,y) : (x,y) € D}, m(g* — ®,D; ;) = min{(g* — ®)(x,y) : (x,y) € D;;}, and
M*(g*) = max{g*(x,y) : (x,y) € D}.

Proof The proof follows from the proofs of Theorem 7 and Theorem 13. O

rfk‘>max{—1,

i,j

andOfoz,-,jfmin{a,-Cj, },iGZM_l,jEEN_l,

Theorem 16 Let the given surface data be A = {(x;, y;. Zi j, Zx,i,j> Zy.i,j); (s J) € Xy X Zn}. Suppose that
Ay < min{z; ;@ (i, j) € Ty x En}and Ay > max{z;j : (i, j) € Ty x Zn}. Let O be the bivariate
ob oD

function defined in (17) and b € C (D) such that b # ®, b(x,y) = ®(x,y), — = — , and
, 0x l(x,y) ax I(x,y)

a oD

— = — for all (x,y) € B(D). Then the bivariate fractal function ®* corresponding to IFS (35)

ayle,y  dy Iy

contained in the cuboid D x [A11, A22] if the associated shape parameters and scaling factor are chosen as

—hizyij  hizxiyij hizxij  —hizxiv1,j

i j >max{—1, },(i,j)EZM_lsz,

9 9 b
Zijj — At zZigrj — A A —zij Ao — Zit,j
—hizyij  Wizyijer Wizyig o —hizyije

rl-"fj>max{—1, },(i,j)EEMXZNl,

Zij— A zijj+1— A A —zij Ao — i1

and for (i, j) € Zpy—1 X Ty—1,

—(mij — A1) —(Ao— M, ;) mij— A Ax — M;
Ay —my ~ M*— Ay M*— A Axp —my

where m, = min{b(x, y) : (x,y) € D}, M* = max{b(x,y) : (x,y) € D}, m; j = min{®(x,y) : (x,y) €
D j}, M; j = max{®(x, y) : (x,y) € D; ;}.

max{—aicj, } = §min{aicj,
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Proof The conditions on the shape parameters r; ; and r;'f j which are mentioned in the hypothesis and Theorem
8 ensure that A1 < ®(x, y) < Ap forall (x, y) € D. As aresult, we obtain that m; ; > A1y and Ay > M; ;.
Since the function b coincide with @ along the boundary of D, we get M* > Aj; and Ay, > m,. Therefore,
LAU > 0 and M > 0. It is easy to verify that the graph of the bivariate fractal function ®*
M* — Ay Ay —my
is the attractor of the IFS 7 = {K; (ui(x), vi(y), Fij(x,y, z)) (1, j) € Ty—1 x EN,l}, where u;(x) =
aix +bi,vj(y) =cjy+dj, Fij(x,y,2) = a; jz+ ®ui(x),v;(y) —a; jb(x,y),(, j) € Xy X Ty_1.
Also I and J are attractors of the IFSs {/; u;(x) : i € Zy—1} and {J; v;(y) : j € Eny_1} respectively.
Therefore, it is sufficient to settle

A S Fij(x,y,2) < A, V@, j) € Zy—1 X Ty—1,and (x, y,2) € D x [A11, Ax] (48)

to guarantee that the graph G(®%) = {(x,y, ®*(x,y)) : (x,y) € D} of ® is containing in the cuboid
D x [Aq1, Al
Suppose (x, y,z) € D x [A11, Axnl.
Case L. Let O < o j < a;cj. Then, A1 < z < Agp implies
ai i A1+ P(ui(x), v;(») — i jb(x, y) < e jz+ Pui(x), v;(y) — o jb(x, y),
<@ jAn+ P(ui(x),v;(y) — o jb(x, y).

Hence, the following conditions are sufficient for establishing (48)

ai j A1+ P (ui(x), v;(») — i jb(x,y) — A1 =0

(49)
and Oll"jAzz + <I>(u,~(x), vj (y)) — ai,.,'b(x, y) — A2 < 0.
But o jA11 + @ (ui(x), v;(») — e jb(x, y) — At = i jA1 +mij —ai jM* — Ay,
@i j A2+ P(ui(x), v;(»)) — i jb(x,y) — Axp < @i jA2 + Mj j — o jms — Ao
. . . m;j — Ay Ay — M; ; . o .
It is easy to verify that if o; ; < —————— and o; ; < ———, then the inequalities in (49) are valid.
. . M* — Ay A2 — my
Thus, the sufficient condition for (48) is
i — A1 Ay — M ;
wi; <min el Z ML 222 7 (50)
' M* — A1 Ao —my
Case Il Let —a;c; < o j < 0. Then, Aj| <z < Ay implies
i jA2 + D (ui(x), vj(») — i jb(x, y) < ajjz+ P(ui(x), v;(y)) — ai jb(x, y),
<o jA1 4 P(ui(x), vj(y)) — i jb(x, y).
Hence, the following conditions are sufficient for establishing the (48)
i j A2 + @ (ui(x), vj(y) — ai jb(x, y) — A1 = 0 1)

and o j A1 + D (ui(x), v;(¥)) — i jb(x, y) — Az < 0.

But o j Az + ®(ui(x), v;(y)) — & jb(x, y) — A1 = aj jAx + mij — o jms — Aqy,
ai j A1+ P(ui(x), vj(») — i jb(x,y) — Ay < o jA11 + M j — o jM* — Ag).
—(m; j — A11) —(A22 — M; )

It is easy to verify that if «; ; >
y y i,.j = M*— Ay,

and o ; > , then the inequalities in (51)

22 —m
are valid. Thus, the adequate condition for (48) is*

—(m; ;i — A —(Ayp — M;
&;j > max (ml,j 11), (A2 l,j) . (52)
' App — my M* — Ay
From the inequalities (50) and (52), we conclude the theorem. |

Remark 4 1f we choose scaling factor ; j = Oforall (i, j) € Xy 1 x Zy_1, then fractal function ®* coincides
with bivariate rational spline ®.
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Table 4 Surface interpolation data

L y/x— 0 z b iz 27

0 (0,0,0) (0,0,0) (0,0,0) (0,0,0) (0,0,0)
z (0,0,0) (15,05, 1.5) (3.1,0) (15,05, -1.5) (0,0.0)
T (0,0,0) (1,0, 1) (2,0,0) (1,0, -1) (0,0.0)
I (0,0,0) (1.5,-0.5, 1.5) (3.-1,0) (1.5,-0.5, - 1.5) (0,0.0)
2 (0,0,0) (0,0.0) (0,0,0) (0,0,0) (0,0.0)

7.1 Numerical examples

In this section, we shall verify our findings with some numerical experiments. For this purpose, let us take the
data set given in Table 4 wherein the triplets shown in the body of the table indicate the function values and
partial derivative values.

It can be seen that the above data lies above the plane z = —0.5 and is contained in the cuboid
[0, 2] x [0, 27] x [0, 3.5]. We choose the base function b as Hermite interpolant [29] of &. The bivariate
fractal interpolating function @ is constructed in Figure 3(a) by using the arbitrarily chosen shape parameters
and scaling factors. We can easily notice that the bivariate fractal function ®f is neither lying above the plane
z = —0.5 and nor lying within the cuboid [0, 27r] x [0, 27r] x [0, 3.5]. Thus, one can notice that arbitrarily selec-
tion of the shape parameters and scaling factors may not provide the constrained bivariate fractal interpolation
surfaces. Therefore, by using the shape parameters and scaling factors chosen according to Theorem 14, we have
generated the bivariate fractal interpolation surface ®§ in Figure 3(b) which lies above the plane z = —0.5. Sim-
ilarly, by using the shape parameters and scaling factors chosen according to Theorem 16, we have constructed
the bivariate fractal interpolating surface ®§ in Figure 3(c) which lies within cuboid [0, 27] x [0, 2] x [0, 3.5].

o o

s 3 is nowhere

X ax
differentiable, and one can’t experience this kind of phenomenon with classical bivariate splines.

Figure 3(d) represents the partial derivative

. It is very clear that the partial derivative

Remark 5 One can solve the constraint partial differential equations by using our constraint bivariate fractal
spline as we have done in Section 5.

8 Monotonicity preserving fractal rational surface

In this section, we discuss the sufficient conditions on shape parameters and scaling factor so that ®* is monotonic
whenever the given data is monotonic.

Theorem 17 Let A = {(x;, ¥}, Zi,j, Zx,i,j» 2y,i,j): | € Zm, ] € XN} be a monotonically increasing data and
® be the bivariate spline given in (17). Assume F; j(x,y,z) = o; jz + Pu;(x),v;(y)) — o4, jb(x,y), where
i j| < aicj,i € Zy_1,j € En—1,b € C' (D) satisfying b # @,

L
(xy)  dx

ab

L)
, and — =
(x,y) ay

ab
b(x,y)=(b(x,)’)’— (Xy)_a

0x

(x,y)

forall (x,y) € B(D). Then ®“ is monotonically increasing over D if the corresponding shape parameters and
scaling factors are chosen as

Zx,i,j T Zx,itl,)

r,-,j>max{—1, ],(i,j)GZM,IXEN,

Zitl,j — Zij
I (53)
andrl-*j > max{ -1, M} (i,j) €Ty x Ty_1.
' i j+1 T 2
. aim, (52, Di ;) ijy(%_cyb’pi,j)
0 < @;,j < min ja;c;, x -, (1, ]) € Tpy—1 X -1, (54)
My M}
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1 ;/o'v‘.,c“i

Uil

(a) Unconstrained fractal surface ®§ l(b) (ljaonstra}ilnedl fractal_surfage (I)%
with r;; = 0.5,77; = ~0.5, and les above the plane 2 = —0.5 wit
= 0.0625 ri; =0.6,r7; =16, and o; ; = 0.0625.
ij =0. ; ;

(¢) Constrained fractal surface ¢

with 75 = 4,77, =2 4 Parti . 008
’ T ’ tial derivat .
and «; ; = 0.0625 lies within (d) Partial derivative Ox

the cuboid [0, 27] x [0,27] x [0, 3.5].

Fig. 3 Constrained fractal surfaces

b 0P (0D
where M} = max{a ) D(x,y) € D}, mx<§,17i,j> = Imn{a ) D(x,y) € 'Di,j}v M; =
ob oD od
max{— :(x,y)eD},my<—,Di,j>=min{— :(x,y)eDi,j}.
ay lx,y) dy dy 1(x,y)

Proof In view of the conditions on the shape parameters 7; ; and r; ] which are mentioned in the hypothesis,

00 0o . ab 0o
Theorem 9 ensures that — > 0, and — > 0 for all (x,y) € D. Since — = — and
ox I(x,y) ay I(x,y) ax I(x,y) 0x I(x,y)
ob 0o . 0o
hd = for all (x, y) € B(D) it is easy to see that M} > 0, M; > 0 and mx<—, D,;,-) > 0,
ay I(x,y) ay lx,y) 0x

my <§’ D;. j) > Oforall (i, j) € Xp/—1 X Eny_1. Also, our bivariate fractal function ®“ satisfies the following

functional equation :

D (ui(x), v;(y)) = & jP¥(x, y) + P(ui (x), v;(¥)) — @i jb(x, y), (x,¥) € D, (i, j) € Ty—1 X Tn_1.
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This implies that

Lok a; j 0P 0P a; j db ( yeD.(.j)ex >
=L — - , (x, , (@, -1 X —1,
ox (o) @ 9x lwy | ax (wewe) @ axlen’ 0 7 N
and
0P¥ Qi j ok +3<D Qi j ob ( )GD ( ')GE 5
= —— —_— - ’ -x1 ’ ls M—1 X N—1-
ay (ui(X),v_;(y)) cj 0y ly 0y (u;(X),vj(y)) c;j 0y lx,y) Y /
. . aq)()[ aq)()l +2 +2 . . . .
At (n 4 1)-th iteration 3 and are computed at ((M — D4 l)((N — D4 1) distinct points in D
X
o o
by using the values of and 3 at n-th iteration at ((M — Dt 4 1)((N — 4 1) number of distinct
X y
points respectively in D.
We observe that
0d* 0o 0.G. /) es 5
= - >0, (, M X N>
ox 1(xi,y)) 0x 1(xi.y)) /
0P” 0P o
= — >0,(,j)e Xy x Zy.
Ay I(xiyj) Ay 1,y
0d* P« .. .
Therefore, to prove that —| > 0 and —| > 0 for all (z,t) € D, it is sufficient to show that
ox @0 dy '@n
'faq)a\ 0 daq)a 0 for (x,y) € D th wa; 0 daq)a 0
if — > 0 an > 0 for (x, en —— > 0 an > 0,
9x '(x.y) ady lx,y) Y dx (ui(x),vj(y)) dy (u,'(x),v/-(y))
(x,y) €D, forall (i, j) € ZTpyy—1 X Tn—1.
o o
Suppose — > 0 and > 0, for (x, y) € D. Then, we have to establish that
dx I,y ay la.y)
I L _ap ¥y
a; Jox lx,y  dx (Mi(X),Uj(y)) a; 0xl(x.y) (55)
a; j 0D I a; j db
and — —— — - > 0.
cj Ay lay Ay l(wwaw;m) ¢ dylay
. 0P 0P ..
Since x > 0, th’y) > 0, for (x,y) e Dand «; ; > Oforall (i, j) € ¥y—1 X Lny_1, and by the

00
definition of M}, M;‘f, My (a—, D,-,j), and m, (a—, D,-,j), we get
X y

o ;i 0PY 0d o; i db P o
b1z - _ b7 > my| —. D _#M;’
a; 0x (x,y) 0x (u,-(x),v_,-(y)) a; ax (x,y) ox a;
%ij 99 o _ by m},(@, p,-,-) _ % e
cj ay l(x,y) dy (u,-(x),vj(y)) cj ay I(x,y) dy ’ Cj Y

We can conclude that «; ; < min

9 ) 0P 1. .

aimy (5., Dij) cim D,

{ i X(ax ”/)’ 4 y(ay ”) } assures (55). =
M M;‘

9 Conclusion

In this manuscript, first we have studied constrained aspects of the univariate rational spline [3] and developed
a methodology for solving constrained ordinary differential equations by our constrained univariate rational
spline. Subsequently, we have constructed a blending surface using the network of univariate rational splines and
discussed its constrained aspects. Solving constrained partial differential equations by our constrained blending
surface technique is established. Using [28], we have constructed a self-similar bivariate fractal spline as a

N
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perturbation of the blending surface proposed in this paper. Suitable conditions on the shape parameters and
scaling factors so that the proposed fractal surface lies above or below the given plane, or within a prescribed
cuboid are developed. Also, we studied the shape preserving aspects and convergence analysis of the proposed
bivariate fractal spline.

It may be noted that the present article confines to a particular shape property of the given surface data set.
It would be interesting to study other shape properties such as the comonotonicity, coconvexity, and copositivity
of the proposed bivariate fractal spline. We have derived a set of sufficient conditions for a constrained or shape
preserving interpolation on the basis of parameters involved in the bivariate fractal spline. The parameters are
restricted to satisfy inequalities that provide suitable lower or upper bounds for them, but left completely free
otherwise. An optimal choice for the parameters within the permissible ranges is a challenging problem which
still remains an open problem.
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