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SUMMARY

Standard radial basis functions (RBFs) offer exponential convergence, however, the method is suffered from
the large condition numbers due to their ‘nonlocal’ approximation. The nonlocality of RBFs also limits
their applications to small-scale problems. The reproducing kernel functions, on the other hand, provide
polynomial reproducibility in a ‘local’ approximation, and the corresponding discrete systems exhibit
relatively small condition numbers. Nonetheless, reproducing kernel functions produce only algebraic
convergence. This work intends to combine the advantages of RBFs and reproducing kernel functions
to yield a local approximation that is better conditioned than that of the RBFs, while at the same time
offers a higher rate of convergence than that of reproducing kernel functions. Further, the locality in the
proposed approximation allows its application to large-scale problems. Error analysis of the proposed
method is also provided. Numerical examples are given to demonstrate the improved conditioning and
accuracy of the proposed method. Copyright © 2007 John Wiley & Sons, Ltd.
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1. INTRODUCTION

Radial basis function (RBF) was originally constructed for interpolation [1], and the multiquadrics
RBF was shown to be related to the solution of the biharmonic potential problem and thus has a
physical foundation [2]. RBF performs very well in interpolating highly irregular scattered data
compared with many interpolation methods [3], and it has been introduced in high-dimensional
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interpolation in neural networks [4]. The work by Buhmann and Micchelli [5] showed that RBFs are
prewavelets (wavelets without orthogonality properties), and certain RBFs are effective projectors
in multiresolution analysis, particularly when the data structure is scattered [6]. RBF was first
applied to solving partial differential equations (PDEs) in [7, 8], and the theoretical foundation
of the RBF method for solving PDEs has been well studied [9, 10]. Applications of RBF for
solving PDEs include, for example, singularity problems [11], Hamilton—Jacobi equations [12],
fourth-order elliptic and parabolic problems [13], approximation in boundary element method for
nonlinear elliptic PDEs [14], hyperbolic conservation laws [15], and by employment of smoothed
multilevel approach [16]. The RBF collocation method is shown to be more effective if boundary
conditions are properly weighted [17].

If the approximated function and the RBFs satisfy certain regularity conditions, RBFs exhibit
exponential convergence in interpolation [18, 19]. However, while enjoying the exponential conver-
gence, the RBF collocation method yields a full discrete system and consequently ill-conditioned
as the discrete dimension increases. This leads to a convergence problem in addition to the high
CPU in dealing with a full matrix, and it constitutes the major bottleneck in applying RBF to
large-scale computation. The shape parameter of RBF greatly influences the linear dependency
and consequently the condition number of the discrete system as reported in [20]. Several attempts
have been made to resolve this difficulty. The block partitioning method takes the advantage of
better conditioning of each sub-block [21]. The multizone method was applied to transient problem
where the transient solution of each smaller nonoverlapping zone is better conditioned [22]. An
adaptive algorithm [23] has been proposed to properly select suitable new test and trial spaces
iteratively. Alternatively, the ill-conditioning of the RBF collocation method has been enhanced
by introducing a compactly support RBF truncated from polynomials that are strictly positive
definite [24]. However, reasonable accuracy of these truncated functions can be achieved only
when sufficiently large support is employed.

In contrast to the global approximation in RBF collocation method based on strong form, mesh-
free local approximations have been introduced in solving PDEs based on weak form and Galerkin
approximation, for example, moving least-squares (MLS) approximation [25,26], reproducing
kernel (RK) approximation [27, 28], and partition of unity [29, 30]. In these methods, the locality
and smoothness of the approximation are defined in the kernel function with compact support,
and basis functions are introduced either intrinsically or extrinsically to the kernel function to
achieve certain order of completeness or to embed certain characteristic functions of the PDEs in
the approximation. A dilemma in the mesh-free method based on Galerkin weak form is the need
to perform domain integration. Introducing collocation method to the weak form yields spatial
instability, while the Gauss integration consumes considerable CPU. A compromised approach is
to introduce a stabilization to the nodally integrated weak form [31, 32]. Imposition of Dirichlet
boundary conditions is another time-consuming process in the Galerkin-based mesh-free methods
[33,34]. Although the employment of MLS or RK approximations yields algebraic convergence
regardless of the locality of the approximation, these methods with localized approximation yield
very well conditioned discrete equations, and the solution remains stable as the discretization is
refined.

In this work, we introduce a combined RK and RBF approximation to achieve a local approx-
imation that has the similar convergence property as that of the RBF collocation method while
yielding a banded and better-conditioned discrete system. The essential idea is to correct RBF
with a compactly supported kernel function that reproduces polynomials. Localizing RBF with
polynomial reproducibility yields a convergence between RBF exponential convergence and RK
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algebraic convergence. Several numerical examples are analyzed to examine the performance of
the proposed method.

This paper is organized as follows. In Section 2, the fundamental properties of RBFs are reviewed.
In Section 3, the basic equations of RK approximation are introduced, the construction of RK-
enriched RBF is presented, and the convergence properties are discussed. The implementation of
localized RBF with collocation method for solving boundary value problems is given in Section 4.
Numerical examples demonstrating the effectiveness of the proposed method are presented in
Section 5. Conclusion remarks are given in Section 6.

2. RADIAL BASIS FUNCTIONS

Let QC R?, d>1, be a closed region with boundary dQ, and let S be a set of N, source points,
S=[x1,x2,..., Xy, ] CQUIQ (1)

For a smooth function u(x), the approximation, denoted by v(x), is expressed as

Ny
v(x)= ) gr(X)as+ px) 2
I=1

where a; is the expansion coefficient, p(x) € P; is a polynomial of degree less than ¢ on R, and
g1 (x) is the RBF, for example, the multiquadrics (MQ) RBF:

X =7+cA"3? n=1,2,3,... 3)

where r; =|x—X;||, and the constant ¢ involved in Equation (3) is called the shape parameter of
RBE. The convergence of RBF has been studied by Madych [35], and it has been shown that there
exists an exponential convergence rate if RBF is globally analytic or band limited

Ju(x) —vx)|~ 0™ )
where O<n<1, n=exp(—0) with 6>0, and A is the radial distance defined as

h:=h(Q,S)=sup miré||x—x1|| ®))

xeQ X1€
Accuracy and rate of convergence of MQ-RBF approximation are determined by the number of
basis functions (the number of source points) N, and the shape parameter c. The use of variable
shape parameters may enhance the accuracy, see Kansa and Hon [21].

The exponential convergence of RBF, however, is overshadowed by its ‘global’ (nonlocal)
approximation in solving PDEs, and it yields a full matrix in discrete equations. Further, under the
collocation framework in solving PDEs, the condition number of matrices in the discrete equations
increases significantly as the number of source points increases. It has been shown [36] that RBF
is capable of reproducing constant and linear functions in infinite domain. However, RBF cannot
reproduce constant and linear functions in finite domain with finite number of source points:

N
> (ot Pxp)gr(x) # (a+Px) (6)
=1
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Figure 1. Errors in the reproduction of one-dimensional constant and linear polynomial
functions by RBF and RK function.

On the other hand, some local approximation methods such as RK approximation [27, 28] are
constructed to reproduce polynomials for random point distributions in the finite domain. As shown
in Figure 1, RBF exhibits errors in reproducing constant and linear functions in a finite domain
[0, 1], whereas RK function with linear basis (p=1) yields exact reproduction of constant and
linear functions using 11 random points.

Recall RBF given in Equation (2) and let Wk P(Q)={w|D*w e L?(Q), |a|<k} be the Sobolev
space, where D* denotes the ath-order partial derivative operator. If the function u is sufficiently
smooth, u € WE2(Q)NLP(Q), k>%, p €[2, 00), Madych and Nelson [19] based on the earlier work
by Golomb and Weinberger [37] showed the following algebraic convergence:

lo—ull @) <ch* 2T P || i (7

If further restrictive conditions on the approximated function # and the RBF g; are considered as
follows:

|i(&)[?
d 8
/ﬂtd 816 ¢ <o ®)
/W Ivll'gr (&) dE < pllt VI=2k )

where u (&) and g;(&)are Fourier transformations of u(x) and g;(x), respectively, p is a posi-
tive number, then the following exponential convergence result has been shown by Madych and
Nelson [18]

v —ul| ooy <Cn/M|ull, (10)
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where C is a constant independent of ¢ and &, 0<n<1 is a real number, and ||-||; is induced from
conditions (8) and (9) [18]. The numerical examples given in Hu ef al. [11] and Cheng et al. [38]
verified the above exponential convergence.

3. LOCALIZED RBF APPROXIMATION

3.1. Localization of RBF by reproducing kernel
Let T be a set of N, points in Q=QUiQ

T={x;,X2,....Xy,}, X €Q, I=1,2,....N, (11)

. . . N
The set is used to define a finite open covering C ={w;},”, of Q, where QC UL w; as shown

in Figure 2, and the covering C = {cuI};Vi jof Q satisfies an overlapping condition

dkeN VxeQ card{/|xew;}<k (12)

A class of functions {¢; (x)};vﬁ | is called a partition of unity subordinated to the open covering C
if it possesses the following property:

N,
o, x)=1 VxeQ (13)
=1

The partition of unity function can be constructed by

P1(X) =0, (X—x7)b(x) (14)

Figure 2. Discretization of domain by finite covers.
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where ¢,(x—xy) is a kernel function defined on the finite cover w; centered at x;, and a is the
radius of the finite cover w;. Usually, ¢, (x—x;)>0 for x € w; is selected. Here, b(x) is a function
to be thought to meet partition of unity condition

Np Np
Zldn(X):(Zl @a(x—xj)) b(x)=1 (15)
= J=

By obtaining b(x) = 1/21)/:1 ¢,(x—x7), we have

(pa(x_xl)

¢1(X)= N
Zjil Pa(X—X7)

(16)

The partition of unity function in Equation (13) is the Shepard function. To achieve higher-order
approximation, a reproducing kernel (RK) function by modification of Equation (14) has been
proposed [28]

¢, X)=0,(x=x1)| > (X—=X7)"by(X) 7)

lel<p
Here, we use the multi-dimensional notation o= (o1, ..., 0z) with d>1 the integers representing
the dimension. The quantity |o| =Zf-l:1 o; is the length of o, x"‘:x?‘1 yeres xs", {(x=x7)*}ju<p is

a set of monomial basis functions with degree less than or equal to p, and by (x)=by, .. 4, (X),
|a|< p, are the coefficients of the basis functions that vary with the location of approximation x.
Coefficients b,(x) are determined from the following reproducing conditions:

;QS,(X)X‘}EX“, lu|<p (18)
Equation (18) is equivalent to
;¢1(X)(X—X1)“=5|a|,o, la|<p (19)
or
XI:¢1(X)H(X—X1) =H(0) (20)

H' (x—x/) =[x—x1)*ju<p

=[1,X1=X17, .., Xa —Xa1, (X1 —x11), ..., (xa —Xa1)"] (21)

Substituting Equation (17) into Equation (18) to obtain b,(x), and the RK function ¢;(x) into
Equation (17) reads

¢;x)=H OM ' x)H(x—x/) 0, (X—X]) (22)
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where

M(x) =Y Hx—x)H" (x—x1)p, (x—X) (23)
1

The function ¢;(x) is called the RK shape function. Conditions assuring the nonsingularity of the
matrix M(x) as well as good performance of the method are discussed in [39], where rigorous
convergence analysis and error estimates of the method are also provided.

The concept of partition of unity approximation [29, 30] is introduced herein to localize RBF
with monomial reproducibility:

N
W' (%)= Y [p(®) (@ +g1(x)d))] (24)
1=1

where we assume N, = N, = N. In general, different RBFs or other basis functions can be employed
in the approximation (24) to yield:

N M
=" [qs,(x) (a1+ > o ] )} 25)
J=

1=1

where ¢;(x) is the RK function, g,J (x) denotes RBFs or other basis functions, for example, the

multiquadrics RBF defined in (3) and a; and d IJ are the corresponding coefficients.
Rewrite the localized RBF approximation in Equation (25) as

N
u"(x)= Y ¢, xu(x) (26)
=1
where
u(x)eVy, Vy=span{l, g, g7.....g}"} (27)
and

Wtxyev, v 7 (28)

1

Il
TC=

Assume that local approximation space V; has the following property:
e —ule.0ne, <T(c. 61N, M)|ull; VI,ut eV, €0 (29)

where || |l¢,onw, denotes the Sobolev norm, T'(---) is a term dependent on some parameters, and
I-Il is defined as in Section 2. Note that the there exists an algebraic decay if monomial bases are
chosen and that there exists an exponential decay if Fourier functions or RBFs are used within the
radius of convergence a.

Consider a quasi-uniform support size distribution. By using the condition of partition
of unity, Z;vzl ¢;=1, and thus Z],VZI O (u —u};) =u —Z;V:l qﬁ,ui‘, there exists a global
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estimate [29]

2

0,Q /Q

N N
<k | Ylpu—uHPdQ=x [ ¥ ¢, lu—ul*dQ
Q=1 Q=1

2
h 2
lu—u™llg.q= dQ

ul h
Y d(u—uy)
I=1

N h
Y pru—uyp)
I1=1

N N
2 h2 2 hy2
<KkCL Y. lu—uy|"dQ=xC5 > llu—ujly one,
1=1JQNw; I1=1
2~2 2 2
<K CoomlaxT (c,0,1, N, M)||ul|; (30)

where x denotes the maximal number of covers for any xeQ defined in Equation (12), and
RK shape function is bounded, that is, |¢;]cc<Coso. Moreover, with (29) and the exponential
convergence property of (4), we have

c/h
lu—u"o.o<KCooty llutlls (1)

3.2. Inverse inequalities

The inverse inequalities of the proposed localized RBF are presented for the study of convergence
and stability in the following section. Let the approximation " in Equation (25) be expressed as

N N M
v::uh(x)=Zq’>,(x)a1+Z > (p{(x)dljz:vl—i—vg (32)
I1=1 I1=1J=1
where (plj x)=¢;(x) glj (x). We have local estimates as follows (see Appendix A for details):

lill7. ., < Cra= " p*|jvi[Ig,,,, for £1 (33)

102117 o, < (Caa 2t 4 C3a™3 2 ) 0y |G, for €21 (34)

where p is the reproducing degree, a is the maximal radius of finite cover w;, d is the space
dimension, y is the maximal number of RBF within cover w;, and C; are generic constants.
Furthermore, we obtain global estimates as follows:

2 2 2 2
10112 o = o1 + 02112 g <2lvi I g + 2110212

N N
2 2
<el { > ||v1||g,w,}+cz { > ||vz||g,w,}

1=1 I=1
—td 26d 2 —3¢d/2 24d —3¢d/2, td 2
< csra™ p* vy |I§ o+ (cara 2 pP 4 esica 2 Pt v, |G (35)
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608 J. S. CHEN, W. HU AND H. Y. HU

and thus
”v”“2<(06’<1/2a—1341/2p(@1_{_07161/261—3&1/4])&1_*_CgKl/za—31551/41111501/2)HUHQQ for £>1 (36)

where 1<p<k, u<< N, and ¢; are generic constants.

4. WEIGHTED COLLOCATION METHOD

4.1. Strong form collocation

Consider the following general form of a boundary value problem:

Lu=f inQ
B'u=h on dQ" 37
Bfu=g on 0Qf
where Q is the problem domain, 0Q" is the Neumann boundary, dQ8 is the Dirichlet boundary,
00" U0Q8E =0Q, L is the differential operator in €, B” is the differential operator on Q" and B¢

is the operator on 0QS$.
For a multi-dimensional function u, approximation u” defined at N source points is expressed as

v =oTy (38)

where @ is an approximation function and y are the corresponding coefficients. For example, in
two-dimension, we have

h
u ¢ 0 o 0
uh{ ;}, OT=[®) B, o Dy, <DJ=[ ! ! } (39)
ub 0 ¢; 0 g
where ¢ ; =¢;g; and
Y =i y2 - yn) yy=law a diy doj] (40)

In standard collocation method, the residuals of Equation (37) are enforced to be zeros at the
collocation points. Let P be a set of N, collocation points in Q, Q be a set of N, collocation

points on 6Qh, and R be a set of N, collocation points on 0Q¢; we have

P=[pi.p2.....p~,1CQ  Q=[qi. Q2. ....qn,]1S0Q", R=[r|,r;,....ry,]SIQ¢  (41)

The source point set S and the collocation point set PUQUR may or may not have common points.
By enforcing strong form of (37) to be satisfied at the collocation points, we have the following
discrete equation:

Ay=b (42)
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where
1 L(®"(p))) B"(®"(q))) B (@' (r)))
A
L(®"(p2)) B"(@"(q0)) BS (@ (r2))
A=|AZ], Al= ' , A’= _ . Al= _ (43)
K : : :
L(®" (py,)) B" (@ (qn,)) BE (@' (ry,))
and
1 f(p1) h(qi) g(ry)
b £(p2) h(qo) g(r2)
b=|b?|. b'=| |, p’=[ |, pP=| (44)
L : : :
f(pw,) h(qy,) g(ry,)

The error analysis [17] shows unbalanced errors between domain, Neumann boundary, and Dirichlet
boundary terms in (42). The unbalanced errors can be better balanced if boundary collocation
equations are properly weighted. Therefore, in the weighted collocation approach, the discrete
equation is constructed as follows:

Al b!
VA2 [y=] Vorb? (45)
VasA3 Vash?
where o" and of are weights for Neumann and Dirichlet boundary terms, respectively. In the

Poisson problem, weights v a/* 2~ O (1) and +/a8 &~ O (Ny). In elasticity problem, v/o? ~ O (1) and
A/ o8 =~ O (max{4, u} Ny), where A, u are Lame’s constants [17].

Remarks

To achieve a better accuracy in collocation method, the number of collocation points greater than
the number of source points (N, + N, + N, >Nj) should be considered. A detailed discussion is
provided in Section 4.2. Equation (42) is an overdetermined system that is typically solved by a
least-squares method:

AT(Ay—b)=0 (46)
or by a weighted least-squares method:
ATW(Ay—b)=0 (47)

where W is the weight matrix. It can be shown that (47) is equivalent to the minimization of a
least-squares functional with quadrature rule consistent with the collocation points.
Define a functional:

1 1 1
E(v):—/ (Lv—f)de—i——/ (B”v—h)zdr+—/ Bév—g)2dll, veV (48)
2 Ja 2 Jogh 2 Jogs

Copyright © 2007 John Wiley & Sons, Ltd. Int. J. Numer. Meth. Engng 2008; 75:600-627
DOI: 10.1002/nme



610 J. S. CHEN, W. HU AND H. Y. HU

where V denotes the finite-dimensional space defined in Section 2.1. Let E (-) be the discrete
functional form of E(-):

E(uh) = mi‘r/l E(V) (49)

and it yields the following equation:
ATW(Ay—b)=0 (50)

where W is the weight matrix containing weights associated with the quadrature rules used in
domain and boundary integrals of (48). Same results can be obtained for the weighted collocation
method in (45) with consideration of the following functional [17]:

1 h g
E(V):—/ (Lv—f)de—i-a—/ (Bhv—h)2dr+°‘—/ (BSv—g)2dl (51)
2 Ja 2 Jogh 2 Jogs

4.2. Convergence properties

Consider an energy norm associated with (51) as

IVIlE = (ILYIIG o +on IB VD o +0g IBEVIG s} (52)

,0Q"

We define a bilinear form b(-,-) and a linear form f(-) as follows:

b(u,v):/Lu-Lde—i—och/ Bhu~BhvdF+ocg/ BSu-BSvdl (53)
Q o 008
f(v):ff-Lde+ah/ h~BhvdF+ocg/ g-Bévdl (54)
Q oy, Q8

The solution u” in (49) satisfies the following discrete equation:
b v)=7m) (55)

where 5(-, -) and f(~) are the discrete bilinear and linear forms of b(-,-) and f(-), respectively.
We assume that the following inequalities hold:

b(u,v) < Callullglivlie, veV (56)

Collvly <bM,v), veV (57)

where C, and Cj, are constants. To ensure above inequalities, a crucial condition should be fulfilled
b(v,v)=b (v, V)I<T (h,a, p, p)=0(1)<K1 (58)

where /i is the maximal spacing of quadrature points (collocation points), and parameters a, p, i
are defined in Section 3.2. Following the Lax—Milgram lemma, we obtain the error bound

lu—u"|| < inf [lu—v] g (59)
veV
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Furthermore, it can be shown that

lu—u*|| z<e1 ILRN) o, o+c2vV o [B" Rw) I s +c3/8 [BERW) g 500¢ (60)

where Ry =u—v is the remainder.
Take a two-dimensional Poisson problem as an example, following [11] and using inverse
inequalities in Section 3, we obtain a bound from Equations (56) and (57):

1b(v, v)—=b(, v)|< (e a™ @ P2t oy g H = @D a1y T 61)
where ¢ is the order of quadrature rule. We choose # to satisfy
R+ 2@ oy, patlgm@ ) 943 — (1) (62)
When parameters p and u are fixed, it follows that
h=o(a'T¥@+D) (63)
Since a=(p+1)h, we have
h=o(h\ T @+D) (64)

This suggests that the number of collocation points should be chosen much greater than the number
of source points. As such, the two-dimensional Poisson problem has the following error bound:

2 2
N N
lu—u"f g={ X ds—u)| = ” D'y ¢ru—u})
I=1 0,Q I=1 0,Q
N 2 N 2
<2 X (D ppw—up|  +2{ X ;D w—up)
=1 0,Q 1=1 0,Q

N N
<2k | Y 1D Pl —ulh)? dQ+ 2k 3 19, PIDE (u—ult)>dQ
=1

Q=1
N ne 2 (2 u 2 ¢ hy 2
<o [ LD Rlw—ubPdQ+ 2 [ 3 Iy PID i) 2dQ
QNoy I=1 QNwy I=1
2 2 hy2 2 hy2
<2xCa™" Y llu —uy Iy onw, +26Cs > lu—uilly onw, €1 (65)
I=1 =1

where Df(v) denotes the ¢th-order partial derivative, and |¢;|co<Coo and |D¢ ¢ 1|00<Ca’£ are
used. Finally, we obtain

h — h
lu—u g @<Creng " Nl + Carca™ g " e, 1 (66)
where ||-||; is induced norm defined as in Section 2.
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4.3. Conditioning of discrete equation

In this section, we investigate the condition number of local RB collocation method. The discrete
form of the weighted collocation method (45) can be expressed as

Fy:r (67)
where
F=W!2A, r=W!?p (68)

and W is associated with weights 8 and o in the weighted collocation method (45). The condition
number of matrix F is defined as

Omax (F) - Jmax (FTF) 12
O min (F) ;Lmin(FTF)l/z

Cond(F) = (69)
where gmax(-) and opyin(-) denote the maximal and minimal singular values in the singular value
decomposition for matrix F, and Anyax(-) and Apin(-) denote the ma_ximal and minimal eigenvalues
for matrix FTF. Matrix FTF is resulting from the discrete norm |[-|| g defined as

—2 2 —2 2
Ve = TLvllo o+ 1B vilg aqi +05 TBEVI s
[ 2 o f hon2 o8 f 2 A
:/ (Lv) dQ+—/ (B'v) dr+—f (B$)2dT =h(v, v) (70)
Q 2 Joqy 2 Joqs

where f denotes numerical integration. Equation (70) can be expressed in a quadratic form as

FI 07[F, o0
—2 T 1 Ty T T
Iviie=y y=y F Fy=1y Gy (71)
g 0 F1]|0 F
where
y=[aj,a,...,a,,d1,ds,...,dy]", G=F'F (72)

We have the following inequalities:
Imin(G)Y'Y<Y' GY<max (G)Y "y (73)

From Equation (58), we have

_2 A
Ve — IVIE I =16(v, v) = b (v, W)|<T (h.a, p. 1) (74)
Thus,
—2
IVIE =T (h.a, p ) <IVIE<IVIEZ+T (h.a, p. ) (75)
and
y' Gy IVI%—T(h,a, p.
Amin(G) = min T =>min T (76)
yy yy
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TG v|%Z+T(h,a,p,
Amax (G) =maxy T ygmax Vil g, P 1) 77
yy y'y
Taking the two-dimensional Poisson problem as an example, we have estimates as follows:
Cillvll3 g < vlE — (erh?*a=H) 2+ oppa+l =343y 1y 2 o <ol (78)

_—2 _ _
[0l < Il E+(cthTa=@H) p2atd) 4 o) pt g =@t 13 1y |1 <Gl o (79)

The eigenvalues are bounded by

Calvll3 kaMpid g pid g=3d,2d
Amax(G) < =< (cs +ea +es ) 15 (80)
max yTy yTy yTy yTy 0.Q
and
Cillvl3 o csllvll o
;vmin (G)= T —> : (81)

y'y y'y
in which inverse inequalities in Section 3.2 are used. Consequently, the condition number is
bounded by

Imax (G)\'?_ 1124=d ,2d ~3d/2,2d ~3d/2,d
Cond(F)=</l : (G)> <Cix'?a +Cok!Pa™342 p2 4 Cypct 23/ (82)
min

Remarks

In two-dimensional case under the collocation framework, the condition number of the standard
RBF is O(N%), for RK is O(y/ka—>p*), and for the proposed local RBF is O (ka3 p*)+
O (yKa=3p?), where 1<p<i, u< N. Since a=(p+1)h, h=0(1/+/N), and p, x, u are fixed in
computation, we obtain the bounds in condition numbers as follows:

RBF: Cond.~O(NYH)=0(h?)
RK: Cond.~0(k'"?a?pH=00h"?)
proposed local RBF: Cond.%O(Kl/2 -3 4)+0(K1/2 -3 2)—O(h 3)

We see that there exists a significant reduction in condition number in the proposed local RBF
compared with the standard RBF.

5. NUMERICAL EXAMPLES

In the following study, MQ-RBF, Wendland function gs 3 [24] constructed using MQ-RBF, pure
RK function with quadratic basis (p=2) and cubic basis (p=3), and the proposed local RBF
(L-RBF) constructed by MQ-RBF localized with RK function are compared. For RK function
to converge well under collocation approach, sufficiently smooth kernel function is used. In this
study, a B-spline with C> continuity is employed as the kernel in RK function. In all examples,
the number of collocation points is selected to be four times the number of source points (discrete
points), unless otherwise specified. In the following numerical analysis, we measure the solution
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accuracy by computing the L2 norm and H1 norm defined as

1/2
" —ullp = (/ (uf-’—uz-)(u?—ui)d9> (83)
Q

1/2
u" —ul; = (/Q(uf{,—m,,-)(uﬁ,—ul-,,-)dsz) (84)

In the following examples, ¢ denotes the shape parameters in RBF, /& represents the nodal distance,
a is the size of finite cover in the RK kernel function or Wendland function, and p is the order of
polynomial bases in RK approximation.

5.1. Approximation of a sine function

A function, sin(2nx) for 0<x<1, is approximated by the standard RBF approach, Wendland
function, pure RK function, and the proposed L-RBF function. As shown in Figure 3, the local
approaches such as Wendland function, RK function, and the proposed L-RBF exhibit considerably
better conditioning compared with that of the standard RBF. It is observed that the condition
numbers increase as discretization is refined in both standard RBF and the Wendland function with
large support (a=0.4), whereas the condition numbers in RK, L-RBF, and Wendland function
with small support are quite insensitive to the resolution of discretization. The condition numbers
in L-RBF is in-between those of the standard RBF and the RK approximations. As shown in
Figures 4 and 5, very poor accuracy in L2 and H'1 error norms exist in the Wendland function,
whereas the proposed L-RBF achieves about the same level of accuracy and convergence rates as
those of the standard RBF. Further, the standard RBF solution starts to deteriorate after certain
discretization refinement due to ill-conditioning, whereas the L-RBF solution yields a fairly stable
convergence as the discretization is refined. Note that for Wendland function to achieve reasonable
accuracy and convergence rates, very large support size (¢ =0.4) is needed. This, however, leads
to ill-conditioning as discretization is refined, which is similar to that of the standard RBF.

sl ‘ —=— RBF (Inverse MQ,c=10h)

L —o— Wendland ,a=0.4
—+ RK (p=2, a=3h) 18 (95 4 )
16 —a— RK (p=3,a=4h) 1 --¢-- Wendland (g; 5,a=4h)
B 2)(1/2) I r
—+— L-RBF <(§+c2):1/2;,c =h/2,p=3,a =4h) —HLRBF ((P+¢?)(",c = /2,p=3,a =4h)
B 14} A LABR (L) gy © - P2 =4 o 14} - L-RBF (24622 ¢ = hp=3,a =ah)
o ~#- L-RBF ((P+¢?)("? ¢ = 10h,p=3,a =4h) @ 2(12)
€ 2 % | -RBF ((P+c?)("? ¢ = 10h,p=3,a =4h)
Z 12} E 12} d
g =z
= 10 § 1of
k=l N N « = n " *
S 4l o ’é 8t
o} 8
g o
8’ 6 > 6F
= S
4t 4t
2 2
E—
0 ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ 0 ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘
16 -15 -14 13 12 41 4 09 08 07 16 -15 14 13 42 41 1 09 08 -07
log,sh log,,h

Figure 3. Condition numbers change as refinement in approximation problem.
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2t 2t
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Figure 4. Convergence of L2 error norm in approximation problem.
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log,h log,oh
Figure 5. Convergence of H1 error norm in approximation problem.
5.2. Two-dimensional Poisson problem
Consider the following Poisson equation:
2 2\ X
Au(x,y) = (x"+y9)e”, Q=(0,1)x(0,1) 85)

ulx,y)=¢e", 0Q

The condition number and convergence in L2 and H1 error norms are shown in Figures 6-38,
respectively. The results show that L-RBF achieves a much smaller condition number compared
with that of RBF and with comparable accuracy and convergence rates compared with the solution
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Figure 6. Condition numbers change as refinement in two-dimensional problem.
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Figure 7. Convergence of L2 error norm in two-dimensional Poisson problem.

of RBFs. Although the Wendland function also yields better conditioning compared with the RBFs,
the condition number increases rapidly as the model is refined when fixed large support (@ =0.6)
is used. Further, the accuracy of Wendland function compares poorly with the proposed L-RBF.
In fact, the use of small support (a=4h) in Wendland function does not yield a convergence in
both error norms. For Wendland function to converge, a relatively large support size (a=0.6 in
this example) needs to be used, but this in turn causes the conditioning problem according to
Figure 7. Lastly, the RK functions offer the best conditioning in the discrete system, but they
converge slightly slower than L-RBFs. This example indicates that L-RBF is the best approach
among the tested methods to achieve both exponential convergence and well-conditioned banded
discrete system.
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Figure 8. Convergence of H1 error norm in two-dimensional Poisson problem.
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Young's Modulus E =3x10’
Poisson Ratio v=0.25

Figure 9. An infinite long cylinder subjected to an internal pressure.
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Figure 10. (a) Quarter model and (b) distribution of source and collocation points.

5.3. Elastic cylinder problem

An infinite long elastic cylinder subjected to an internal pressure is shown in Figure 9.
Because of symmetry, only a quarter of the model (Figure 10(a)) is considered with proper
symmetric boundary conditions imposed. The corresponding boundary value problem can be
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Figure 11. Condition numbers change as refinement in cylinder problem.

expressed as

O'ij,j=0 in Q (86)
with boundary conditions:
hi=—Pn; onl}
up =0, h;=0 only
(87)
hi=0 onlj

uy =0, hy=0 only

where 6;; = C;jpu, 1y is the stress, C;jy is the elasticity tensor, u; is the displacement, h; =0;;n
is the surface traction, P is pressure, and n; is the surface normal. The analytical solution to this
problem is given as

B Pa’*r _ b21 _
“r(")—m[ —V+r—2( +V)]

ug(r)y=0

(88)

where E=E/(1—v?), ¥=v/(1—v), E is Young’s modulus, v is the Poisson ratio, b is the outer
radius, and a is the inner radius.

The condition number and convergence in L2 and H1 error norms are shown in Figures 11—
13, respectively. Although Wendland function improves the conditioning of the discrete system
compared with that of RBF, the condition number increases as the model is refined when large
support is used. The L-RBF approach, on the other hand, yields a very well-conditioned system
in all discretizations. Further, L-RBFs offer exceptional convergence rates compared with RK and
RBF methods, whereas Wendland functions converge poorly.
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Figure 12. Convergence of L2 error norm in cylinder problem.
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Figure 13. Convergence of H1 error norm in cylinder problem.
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Figure 14. Cantilever problem.

5.4. Cantilever beam problem

Poisson Ratio u=0.25

Consider a plane-stress elastic cantilever beam subjected to a tip shear traction as shown in

Figure 14 with boundary conditions:
y=0,
y==£D/2,

at x =0, uy=upy=0

at x =0, u; =0,
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Figure 15. (a) Condition numbers and (b) and (c) convergence of L2 and H 1 error norm in beam problem.
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6P (D>
onx=L, —D/2<y<D/2, hi=0, hy=—=5|——V

“ D3\ 4
0. _D/2<y<0. O<y<D/2. h 12PL 6P (D> (89)

onx=0, — <y<0, <y< , =, = =_
y y 1=—p5 . =-g5(

on0<x<L, y=xD/2, H;=hy=0

where 0;; =C;jiu,y and h; =0;;n; as defined in Example 5.3.
The corresponding boundary value problem can be expressed as

0ij,j=0, O<x<L, —D/2<y<D/2 (90)

The analytical solution to this problem is given as

P D2
up(x,y) = —é [(6L—3x)x+(2+n) <y2_7>i|

oD

P ) ) D%x
uy(x,y) = eEl (BL —x)x“+3ny (L—x)—l—(4+5n)T

where I = D3/12. Four discretizations with 8 x 36, 9 x 41, and 10 x 46 source points are used. The
collocation points of (2N1—1) x (2N, —1), where N; is the number of source points in the ith
direction, are employed. The condition number and convergence of L2 and H1 error norms are
shown in Figure 15(a)—(c). The results show a consistent conclusion of comparison among these
methods with the previous example problems. The L-RBF approach yields well-conditioned system
and it achieves the best solution accuracy and convergence rates compared with RK function,
Wendland function, and standard RBF. It is also shown that the Wendland function yields very
poor convergence in this problem.

6. CONCLUSION

The simplicity of RBF collocation method makes it an attractive numerical approach for solving
PDEs. The RBFs also offer several appealing features such as the ability to fit through highly irreg-
ular scattered data, high-dimensional interpolation, the prewavelet properties for multiresolution
analysis with scattered data structure, and the exponential convergence property. Nevertheless, the
nature of global approximation in RBFs renders a full matrix and ill-conditioning in the discrete
systems. The ill-conditioning is worsened as the discrete model is refined. Thus, RBF approaches
are less effective in large-scale computation, in problems involving heterogeneity and small-scale
features such as holes and cracks, and in the development of adaptive refinement techniques.

In this work, we formulated a localized RBF (L-RBF) by introducing a reproducing kernel
(RK) as the localizing function. The RBF is localized with an RK that possesses polynomial
reproducibility. This approach intends to combine the advantages of RBF and RK function to yield
a local approximation that is better conditioned than that of RBF, while at the same time offers a
higher rate of convergence than that of the RK approximation. The error analysis shows that if the
error of RK is sufficiently small, the proposed method maintains the exponential convergence of
RBF, while significantly improving the conditioning of the discrete system and yielding a banded
matrix.

Copyright © 2007 John Wiley & Sons, Ltd. Int. J. Numer. Meth. Engng 2008; 75:600-627
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The numerical tests show that the condition number of the proposed L-RBF is in-between the
standard global RBF and the local RK function in coarse discretization. It is observed that the
condition numbers increase as discretization is refined in both standard RBF and the Wendland
function with large support, whereas the condition numbers in RK and L-RBF are quite insensitive
to the resolution of discretization. We observed that for RK and the proposed L-RBF to perform
well under collocation method, the employment of sufficiently smooth kernel is essential. In this
work, a B-pline kernel with C> continuity is used, and the proposed L-RBF achieves about the
same level of accuracy and convergence rates as those of the standard RBF. It is noted that the
standard RBF solution deteriorates under certain discretization refinement due to ill-conditioning,
whereas the L-RBF solution yields a fairly stable convergence as the discretization is refined. It
is also shown that for Wendland function to achieve reasonable accuracy and convergence rates, a
very large support size is needed. This, however, leads to ill-conditioning as the discretization is
refined; similar to that of the standard RBF.

APPENDIX A

The derivation of the inverse inequalities is given as follows. Let v be a function defined in cover
(support) w; with length 2a; and width 2b;. In a two-dimensional setting shown in Figure Al,
we denote J={(&, n)|—1<ELT, —1<n<1} and v(x, y)=v(x (&), y(n)) =w(&, n). Cover w; can
be transformed L[] into by linear transformation w =177 (v) and

1

1
(=——xp), n=—©G-y1)
ay by

Accordingly, it follows that

v odwdl 1dw Jv Jwdy 1 dw
ox 0&dx a; 987 9y andy by on

and
dx:aldf, dy=b]d1’]
n
y w
/v I
"|' I
2b, °
! [xpy/1 T,
J_ — T T 3
— 2q,— _
X
Figure Al. Mapping between physical support to referential support.
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We may express any polynomial with a degree of p,w:wp=wp(£,n)=zlfj=0bijfinj, by
Legendre polynomial, and it possesses the following relationships:

A

ow 5
— < pllwllo,o
on 0,0

2
<c1pllwllo,o,
0,0

ow

o0&
2 2

lwho<aplwloo, lwlio<aplwloo

For a function v defined in w;, we have

v)? —f W24 vd)dxdy=a;b f/ (ia—w)2+<ia—w)2 déd
Tron = JJy, R Jg \arae ) T \bs !
by ow\ > ar (6w>2
=2 MY gedp+ MY ded
aI//u<aé) . n+b1//m oy ) 49

Correspondingly, we have

2 2

by || ow ajy || ow b a
2 1 1 I 4, 12 I 4, 12
Wi =—|%% — = <ci—plwlggtea—plwly o
O ap | 0¢ lon brllonllon T ar 0, by 0,
by ar\ 4 1 2 1 LY 402
<|lci—+op— — v <l les—=+4c— v
\< DT Ll 10115, 0, < 3a% 4b% PIvlG, o,

Let a=min{ay, by}, the above inequality becomes

2 —2 4y 02
|U|l,w1 <cra“p ”UHO‘a)[
Moreover, we have

-2 4
p

2 2
I3, <csa 2p*Ivi3

Thus, the following result is obtained:
N 1/2
||v||1,9<c{ S vl o, } <cvr@™ " pA)vlo.w, <CVE@™ pHlvlloa
I1=1

In general, i d
Il <cra™ 2 pdivllo,w,

1/2 —d/2 .d
Ivlli.o < Cix'2a=42 p?|v]l0.0
and
—0d/2 . td
Ivlle., < c2a 2 p*|vllg m, for €1

Ivlle.o < Cox2a= 2 pt 1y]g o for €1

where d denotes the space dimension.
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For the second case, let v= fg be a function defined in cover (support) w; with length 2a; and
width 2b;, and the cover w; can be transformed into [J by linear transformation w =77 (v). Based
on the same transformation as above, we have

o) _of f_ e _of f_
Cox ax ﬁy 6y
and
wi=T;(f), w2=Ti(g)
Moreover,
of _owide_ 10w 0f _dwidn 10w
ox  0f dx a; 067 8y on dy by oy
ag owy di 1 owy ag owy dn 1 dwy
ox o0& dx a; 08" dy ondy by on
and

W0, =118 0, = / (f)1+(f9)3)drdy<2 / ((fr@)*+(f8x)*+(fy8)*+(f8y)*) dx dy

wr

1 dw; 2 1 dw; 2 1 ows 2 1 dws 2
=2arb —_— e e déd
aivr [, {(az ) + (5 ar) (G 7Em) (5 5m) foco

There exist the following relationships:

Haw <crp*wi| Ha““ <cap?llwy |
Az x c1plflwiio,, A xC2p l[Willo,
¢ o on o,

Hawz < csplwa| Hawz <captlws |
T~ X C3 w2llo, » = XC4 wailo,
ae [, SH on o, S

where p denotes the number of RBFs within cover wj. It follows that

2 2

2b1 2bl

o0

owy
—w
on !

ng
c?c

owq
—w
on 2

owq

o

2a1 2a1

| |1w, w2

o0 br

0,0 0,0

b] ay b a
4 2 2 1 1 2 2 2
Slea—+ea— ) pillwilgpllwalio o+ | c3—+ca— ) ullwillp ollw2lls, o
ay b[ ) s aj b[ s s

b ajy 4 1 2 5 )
< — el
<c1 Lierf] )p (—am) 1713 0 1812,
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b[ a[ 2 1 2 2 2
+<csa1+C4bl>u —) 171 0, gl o,

L + L Nllg e, + L + i vl
=|c5 c6 v c7 Ccg v
a? b? p 0,07 a? b% K 0,07

Let a=min{ay, by}, the above inequality becomes

W[} o, <(coa™> p*+croa ) 0]15 ,,
Moreover, we have

101} o, <(ct1a > p*+ci2a 1) V][ o,
Consequently, the following result is obtained:

lllne<evr(era™? p* +c2a™ 2 vllo,w, <CVi(cr1a™>2 p* +c2a™ > pllvllo.0
In d-dimensional space, we have

3/4

Feaa— A1)

”U“l,wl <(cra™ |U”0‘w1

vl < (C1x2a™344 pd 4 Cyic!2a =344 1412y v]0.0

and

—30d /4 td
"p

— 4 2
Ivlle.0; < (c1a +eaa A2 0] g.,  for €21

[vlle.o < (Cii/2a=36/4 ptd 4 0ol /2q=36/4 112y 1y o for €21

where ¢; and C; are generic constants. For the case of elliptic and circular covers, similar results
can be obtained.
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