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Abstract

The Poisson equation is the most studied partial differential equation, and it allows to formulate
many useful image processing methods in an elegant and efficient mathematical framework.
Using different variations of data terms and boundary conditions, Poisson-like problems can be
developed, e.g. for local contrast enhancement, inpainting, or image seamless cloning among
many other applications. Multigrid solvers are among the most efficient numerical solvers for
discrete Poisson-like equations. However, their correct implementation relies on: (i) the proper
definition of the discrete problem, (ii) the right choice of interpolation and restriction operators,
and (iii) the adequate formulation of the problem across different scales and layers. In the
present work we address these aspects, and we provide a mathematical and practical description
of multigrid methods. In addition, we present an alternative to the extended formulation of
Poisson equation proposed in 2011 by Mainberger et al. The proposed formulation of the
problem suits better multigrid methods, in particular, because it has important mathematical
properties that can be exploited to define the problem at different scales in a intuitive and natural
way. In addition, common iterative solvers and Poisson-like problems are empirically analyzed
and compared. For example, the complexity of problems is compared when the topology of
Dirichlet boundary conditions changes in the interior of the regular domain of the image. The
main contribution of this work is the development and detailed description of an implementation
of a multigrid numerical solver which converges in linear time.

Source Code

The reviewed source code and documentation of a Matlab implementation for Multigrid Poisson
solvers and the applications described in this work are available from the web page of this
article’. Usage instructions are included in the README. txt file of the archive.
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AN ANALYSIS AND IMPLEMENTATION OF MULTIGRID POISSON SOLVERS WITH VERIFIED LINEAR COMPLEXITY

1 Introduction

The Poisson equation is one of the simplest and more versatile elliptic PDEs. It is at the core of
many powerful image processing methods [2, 9, 11, 13, 14, 17] and has been extensively studied for
its practical applications and its interesting mathematical properties. In the past decade, the volume
of digital data has grown exponentially, and large amounts of high resolution digital images are up-
loaded and processed everyday. This scenario is imposing new challenges to classical image processing
methods which need to be adapted and their theory updated to meet modern computational require-
ments. In order to make Poisson-based algorithms practical, fast and efficient, numerical solvers
must be developed. Multigrid methods are among the most reliable and efficient numerical solvers
for Poisson-like problems and tend to outperform other iterative solvers as the size of the domain
increases. Our main goal is to describe in detail and review this family of methods both in theory
and practice. In addition, we extend the ideas presented by Mainberger et al. [10] where a codec for
the compression of cartoon-like images was proposed. This codec is implemented by keeping only the
edges of different objects in the image, which are then used to recover the remaining pixels by solving
the Laplace equation. To decode edge-based compressed images, Mainberger et al. [10] proposed an
efficient multigrid algorithm based on an extended formulation of the Laplace equation. Inspired in
these ideas, we extend [10] to non-homogeneous problems, i.e. when a Poisson-like equation needs
to be solved instead of a Laplace equation. Furthermore, the proposed formulation of the problem
allows to impose arbitrary Dirichlet boundary conditions in arbitrary points of the domain. We
show how this problem can be stated in a self-adjoint positive definite form, which guarantees the
well-posedness of the presented multigrid numerical solvers. To complement the ideas here presented
and to obtain a deeper understanding of multigrid, we highly recommend to complement the reading
of this article with the book of Bringgs et al. [4].

2 Description of the Problem

Let us begin by analyzing the continuous formulation of the problem which gives us the intuition
and tools that later are used to introduce its discrete counterpart.

Poisson equation on a continuous domain. Let  be a domain with piecewise C*' boundary
on the Euclidean plane R?, and let f : © — R and ¢ : 92 — R be two functions on  and 99,
respectively. The Poisson equation can be defined setting different kinds of boundary conditions,
e.g., Dirichlet and Neumann are two canonical cases. When Dirichlet conditions are imposed g plays
the role of setting the value of the solution on 012, i.e.
{Ai f onQ (1)
u=gq on 052,

where u : {2 — R is the solution to the problem, and f the Laplacian datum. On the other hand,
Neumann conditions can be imposed letting g be the value of the outward partial derivative of the
solution on 0f) i.e.

Au=f on{
ou (2)
% = on 89,

where v denotes the outward unit normal of 0f2.
The differential operator A = 38—;2 + g—; corresponds to the Laplace operator, and it is arguably
the simplest nontrivial second order operator. The existence and uniqueness of solutions to Equa-
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tions (1) - (2), provided that the data terms are regular enough, is a standard result in linear PDE
theory [5].

2.1 Discrete Model

The present work focuses on the analysis of the numerical solution of discrete approximations of the
Poisson equation. In particular, we will focus on image-like data, i.e. we will assume that the domain
of interest can be sampled as a regular rectangular grid

u(x,y) =u;; for x = hj, y = hi, (3)

where h is the distance between samples (pixels) and the discrete indexes (i, 5) € Q" =l {1,...,H} x
{1,..., W} C Z2.

A discrete approximation for the Laplacian can be obtained through a second order Taylor ex-
pansion,

2

h
wiGgn) = W@ + DY) = u(@,y) + e b+ U o + O(RY)

h2
i) = (@ = hyy) = u(z,y) =ty h+ e o + O(F)

Uir1); = h) = h " om (4)
41 = w(@,y + h) = u(x,y) + uy +uyy2+ (h?)

h2
u—1y; = u(r,y — h) = u(z,y) — uy b + uy, 5 T O(h?)

h—0 def
= Au(z,y) = Aluy = g5 (—dug + ugy; + -1 + i) + o)

which leads to the standard five-point Laplacian stencil. The previous definition requires the knowl-
edge of the values of u outside 2 (e.g. when computing A" at the boundaries of Q). In the present
work, when a value outside the domain is required, the value of the nearest pixel inside Q" is used
instead. This is an arbitrary choice that corresponds to implicitly impose vanishing Neumann con-
ditions. It is also equivalent to considering the graph Laplacian [3] on the graph whose vertices are
the points of Q" and whose edges are given by 4-connectivity.

A vanishing discrete Laplacian has an intuitive interpretation: if we regard the values of u as
measuring some quantity, the fact that Au(p) = 0 implies that the quantity at point p equals the
average quantity on the neighbors of p (thus, u(p) can be recovered by averaging the values of u on
the neighbors of p). When Au(p) = 0 for every p, we say that the quantity is in equilibrium.

The discrete Poisson equation on Q" can be expressed as

Ahu(iuj) = f(Z,]) (Z7j) € Qh> (5)

f imposes the Laplacian values of the solution, and Neumann boundary conditions at 9Q" are
implicitly met as described above. Notice that a super-index is included to make the distance
between pixels explicit. This will become helpful to differentiate problems defined across different
discrete grids (which is the core of multigrid analysis).

Equation (5) is the most standard way of defining the Poisson equation, however, in many practical
applications [10, 13] it is necessary to impose additional conditions on the interior of the discrete set
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Q). This more general problem can be expressed as

{Ahu(i, )= fG,5) (i,§) € QMO (6)

U(i,j):g(i,j) (i,j)E@h,

where ©" is a subset of Q" indicating the positions of pixels to be set. As before f : Q"\©" — R
represents the Laplacian data, and g : ©" — R the values of the solution on ©". Again, Neumann
boundary conditions on the edges of the image are automatically enforced due to the chosen definition
for the discrete Laplacian.

Equation (6) is linear in the set of unknowns u(i, j), and therefore, it can be expressed as
Al = b, (7)

Abusing of notation, let " now denote a HW x 1 column vector obtained by stacking column wise
the image u(i,j), b" is a column vector containing a mixture of data terms f and g, and the matrix
Alis a HW x HW sparse matrix obtained from A" and ©". Equation (7) can be expressed in
different ways. In the following we describe three alternatives to define this linear problem: the
Reduced Formulation, the Extended Formulation, and a Self-Adjoint Extended Formulation.

Reduced and Extended Formulation. Using the column representation introduced above, the
Laplacian operator A" can be implemented as the matrix multiplication

—2 1 0 1 0 0 UuU11
1 1 -3 1 0 1 0 U921
e 0 1 us |, (8)
Therefore Equation (6) can be expressed as
(I = Ten)(—L") + Ign] u" = (I = Ign)(—f") + Igng". (9)

I denotes the HW x HW identity matrix, and Igr corresponds to a diagonal matrix where the
element Ign(k, k) = 1 if k € ©" and 0 otherwise.

Equation (9) can be seen as the concatenation of the equations —A™Mu"(i, j) = — f"(i, 5) if (i, 7) €
QM\O" and u"(i, j) = ¢"(i,7) if (i,7) € ©". The multiplication by —1 on the first set of equations is
introduced to define a linear problem with nonnegative eigenvalues.

The reduced formulation is obtained when the number of unknowns is minimized by remov-
ing those associated to trivial conditions u”(k) = ¢"(k) (and of course, modifying the data terms
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accordingly [10]). Let us illustrate this with the following 3 x 3 toy example

Ju iz fi3 - - = Uyp U2 U3
fh = /fau fo — ], Qh =|l—- — 92|, ulh = [ ugr use uss )
fs1 —  fa3 - 032 — Ugp U3z U3z
00 0O0O0O0OO0OO0OQ 0 -2 1 0 r 0 0 0 0 0
00 0O0O0O0OO0OTO0TOQ 0 1 -3 1 0 1 0 0 0 O
000O0O0OO0OO0OQO0OO 0 0 1 -2 0 0 1 0 0 0
000O0O0OO0OO0OQO0OO 0 1 1 0 0 -3 1 0 1 0 0
Ien =10 0 0 0 0 O O 0 O}, Lh = = 0 1 0 1 —4 1 0 1 0
000O0OO0OT1TO0TUO0O0 h 0 0 1 0 1 -3 0 0 1
00 0O0O0O0OO0OTO0TOQ 0 0O 0 O 1 O 0 -2 1 0
000O0O0OOOT1O 0 0 0 0 1 0 1 -3 1
000O0O0OO0OO0OQO0OO 0 0 0 0 0 0 1 0 1 =2

(10)
Equation (10) illustrates a Poisson-like problem in which pixels (2, 3) and (3,2) are set to the values
go3 and g3o respectively, and a condition on the Laplacian of the remaining pixels is imposed. The
concatenation of Equations —AM(i, j) = —f(i,5) for (i,5) € Q"\O" and u"(i,5) = ¢"(i, ) for
(i,7) € ©" leads to an Extended Formulation linear problem

2 -1 0 -1 0 0 0 0 O U1y —h?f1
-1 3 —1 0 —1 0 0 0 0 U21 —h2f21
0 -1 2 0 0 -1 0 0 0 Uusq —h2f31
-1 0 0 3 —1 0 -1 0 0 U12 —h2f12
Al ulh =010 -1 0 -1 4 -1 0 —1 0| |unl|= —h2 f . (11)

o o0 o0 o o 1 0 0 0 U3y J32

o o0 o0 -1 0 0 2 -120 U13 —h?fi3
0 0 0 0 0 0 0 1 0 U923 go3

0 0 0 0 0 -1 0 -1 2 Uuss —h2f33

~ ~ ———
[R2(I—Tgn)(—L£M)+Igh] h2(I=Ign)(=f")+Igng"

This linear system can be reduced by eliminating the unknowns associated to trivial conditions, e.g.
we can set uzy = g32 and ug3 = go3 obtaining a more compact Reduced Formulation

2 —1 0 —1 0 0 0 U1t —h2f11
—1 3 —1 0 —1 0 0 U1 —h2f21
0o -1 2 0 0 0 0 u31 —h? f31 — g3o
Al ol =" -1 0 0 3 —1 -1 0| |un]|= —h2%fi; . (12)
0O -1 0 -1 4 0 O U2 —h? foo — g32 — Go3
0 0 0O -1 0 2 0 U3 —h?fi3 — g3
0 0 0 0 0 0 2 U33 —th 33 — g32 — g23

The Reduced Formulation is an effective and compact way of writing the linear problem associated
with the discrete Poisson equation. It is also the more efficient in terms of memory usage (as
only the non-trivial equations are preserved). However, the reduced formulation is not convenient
when multigrid methods are considered. The main idea behind multigrid approaches consists of
solving the numerical problem along a set of different layers. Each layer is associated with a specific
spatial resolution of the problem. Regular grids can be sampled very naturally and represented in
a pyramidal structure which facilitates the definition of multigrid solution. Because of this, it is
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useful to keep the set of trivial equations (i.e. those associated to Dirichlet conditions) which leads
to the Extended Formulation of the problem [10]. As we shall see, this regular representation of the
domain can be exploited to substantially simplify the implementation of hierarchical representations
of Q" — {QF, Q2! ..., Qf} which is crucial for multigrid numerical solvers.

Self-Adjoint Extended Formulation. The extended formulation provides a practical definition
of the problem to implement hierarchical representations of the domain. However, the resulting
matrix A" . that characterizes the problem lacks some important properties as we shall see. In
particular, to guarantee multigrid methods convergence, it is sufficient that the matrix A" associated
to the linear problem A"u" = 0" be self-adjoint and positive definite (see for instance Appendix A

and B). This condition can be written as

(APl ol = APty Yl ol
(13)
(Al ™y >0 uh # 0.

It is easy to see that (because of the lack of symmetry) the extended formulation of the prob-
lem does not satisfy the self-adjoint positive definite conditions detailed in Equation (13) (see, e.g.
Equation (11)).

To obtain a self-adjoint extended formulation we start by defining §(i,7) = g(i, j) for (i,j) € "
and 0 otherwise. Then we apply the change of variable ' = u — § to obtain an equivalent system
but with homogeneous boundary conditions

_Ahu(i>j> = —f(Z,j) (iaj) € Qh\@h _Ah '= —f(Z,j) + Ag (Z>]) € Qh\@h
u(i, j) = g(i, j) (i,5) € O u'(i,j) =0 (i,5) € O

Then, as u'(i,7) = 0 for (i,j) € O LM/ = LM(I — Ign)u’ for all the pixels in Q\O". Hence,
Equation (14) can be rewritten as the sparse linear problem,

(14)

(I — Ton)(—LM)(I = Ion) + Ton] u" = (I — Ien)(— f" + AG"). (15)

After solving this system of equations, the change of variable should be reverted as u = v + §
recovering the proper solution to the original problem wu.

Recalling our simple 3 x 3 illustrative example, the proposed self-adjoint extended formulation
corresponds to

2 -1 0 -1 0 0 0 0 0\ [uy —h*(fi1 + Agyy)

1 3 =1 0 =10 0 0 0] |uy —h%(fo1 + AGyy)

0 -1 2 0 0 0 0 0 0] |uy —h2(f31 + Agsy)

-1 0 0 3 =10 =10 0] |u —h2(fi2 + Agyy)

Al =t = [0 =10 =1 4 0 0 0 0 |uby | = | —h2(fer + Ady)
0 0 0 0 0 1 0 00]]|u 0

0 0 0 =1 0 0 2 0 0] |us —h2(fi3 + Agys)
000 0 0 0 0 0 1 0]/|u 0

0 0 0 0 0 0 0 0 2/ \uj —h2(fs3 + Adss)

[hQ(IfI@h)(*C‘h,)(IfI@h )+ gn] W21~ Igp) (4 )

(16)

Proposition 1. If © # (), the Reduced, Extended and Self-Adjoint discrete problems have the same
(unique) solution.
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It is easy to see that if a discrete function u is solution of one of the linear problems then it is
also a solution of the others. To prove that the three formulations of the problem are equivalent, we
must prove that a solution for each of these problems exists and is unique.

[6, Theorem 1]. If the partitioned matriz A is block strictly diagonally dominant, or if A is block
irreducible and block diagonally dominant with |A;;| > ., |Ai;| for at least one i, then A is non-
singular.

When © # () the previous theorem applies for the three formulations of the problem, proving
that A,cq, Aczt, and Ag,_cr¢ are non-singular. Hence, the linear problems associated to these matrices
have a well defined unique solution. This proves that the solution for the discrete Poisson problem
can be obtained by solving any of the previous formulations.

3 Multigrid Numerical Solvers

In this section we introduce several numerical solvers that can be used to solve the Self-Adjoint
Extended formulation of the discrete Poisson Equation (6). We start by introducing the basic (one-
grid) iterative solvers, then we analyze how to improve the performance of these solvers by applying
them at two different scales. Finally, we generalize the ideas developed for two grids to multiple
grids, which leads to several different multigrid approaches.

Notation. Let Au = b denote a system of linear equations. We use the variable u to denote the
exact solution of this system and v to denote an approximation (obtained by some numerical solver).
By uy/u;; we denote the vector/matrix associated to the continuous 2D signal u(z,y), if the discrete
variable u is treated as a matrix or as a column vector will be clear from the context. To emphasize
that a given variable is associated to a particular grid, e.g. 9", we use the notation u", v". Assuming
that the solution of the system Au = b is unique, there are two important quantities to look at

e ™y —u, (17)

named as the error or algebraic error, and
r ey Av, (18)

known as the residual. In addition we denote as ||u”||, the discrete £2 norm defined on a uniform
grid with spacing h as,

1/2
[u" (| = (hQZ(UZV) : (19)

k

The scaling factor h? is introduced to make the discrete norm an approximation of the continuous
£? norm.

3.1 Basic Iterative Solvers

Jacobi and Gauss-Seidel iterative methods are very simple and play an important role in multigrid
solvers. These methods can be used to solve linear problems Ax = b and convergence is guaranteed
when the matrix A is diagonally dominant [7]. For all the discrete problems formulated, this condition
is met when the set ©" is not empty. An approximate expression for the rate of convergence of these
methods is provided in [7] for the canonical Poisson problem, i.e. L'u = f. In general, convergence
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properties of iterative methods are closely related to the eigenvalues and eigenvectors of A (as we
will illustrate in Section 4).

We denote by v*) the approximation obtained at the iteration step t. Remember that v represents
a given approximation to the solution of the linear system Au = b with exact solution u. Let us start
by splitting the matrix A in the form,

A=D+L+T, (20)

where D is the diagonal of A, and L and U are the strictly lower and upper triangular parts of A
respectively. Isolating the diagonal part of A, we have

Du=—(L+U)u+b, (21)
which suggests the Jacobi iterative scheme

,U(t+1) — _Dfl(L_{_U)U(t)_{_Dflb
(22)
= R;v® 4 D71,

where Ry = —D~ (L + U) is defined as the Jacobi iteration matrix.

A very simple but powerful modification to the previous method (see Algorithm 1), consists in
considering the Jacobi iteration as an intermediate update v*+%%) and in defining v**1 as a weighted
update in the direction of (v(t+9%) —yv®) j.e.

o028 = Ryol®) + D71p
VD = ) g (009 — )
(23)
= [(1-w)I+wRsjw® +wD b
= Ry,v® +wD b

The coefficient w € R is a weight factor that needs to be set. I denotes the identity matrix and
R, = [(1 —w)I +wRy]| is the weighted or damped Jacobi iteration matrix. (Notice that by setting
w = 1 we recover the standard Jacobi scheme.)

The Gauss-Seidel method is very similar to the Jacobi method, but it uses the values of the
. . (t+1) . . . . .
new approximation v;;" * as soon as it becomes available. This can be expressed using the matrix
decomposition described above as

(D+ Lyu=-Uu+b, (24)
which suggests the Gauss-Seidel iterative scheme (see Algorithm 2)

v = —(D+ L)7'Uv® + (D + L)™'
(25)
= Rgv® + (D + L) 'b.
The matrix Rg = —(D + L)~'U represents the Gauss-Seidel iteration matrix.
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Algorithm 1: WeightedJacobi(A,b,2%,w,n)

Input : A and b // System Au=1»>
Input : 2° // Initial guess of the solution u
Input :w // Weight. (For w =1 we get Jacobi iterative method)
Input :n // Number of iteration steps
Output: 2! // Computed next approximation ofu
1 L = lowerTriangular(A) // Strictly lower triangular part of A
2 U = upperTriangular(A) // Strictly upper triangular part of A
3 D = diagonal(A) // Diagonal part of A
4 fork=1:ndo
5 | 2t =(1—-w)z’ +w(D\(—(L+U)z’+10))
6 L 20 =2t
7 return z!

Algorithm 2: GaussSeidel(A,b,2%,n)

Input : A and b // System Au=1b
Input : z° // Initial guess of the solution u
Input :n // Number of iteration steps
Output: z! // Computed next approximation ofu
1 L = lowerTriangular(A) // Strictly lower triangular part of A
2 U = upperTriangular(A) // Strictly upper triangular part of A
3 D = diagonal(A) // Diagonal part of A
4 fork=1:ndo
5 vt = (D + L)\(-Uz" + b)
6 L 20 = !
7 return !

Frequency response. To understand the key advantages of multigrid approaches, it is important
to review how different iterative methods behave depending on the frequency components of the
error. Let us introduce a simple example to illustrate this. Assume we want to solve the Discrete
Poisson problem presented in Equation (6), with Q" = {1,--- | N} x {1,--- , N}, ©" being an empty
set (no Dirichlet interior points are imposed), and with data term f(i,5) = 0 V4, j. This problem
can be written as

Ay =b, (26)

where A" = £" and b = [0,---,0]T. It is obvious that u(i,j) = 0 Vi, j is a solution of this problem.
The question we want to address now is the following: if we start with a cosine function as initial
guess

Wi, §) = cos (%z) , (27)
how many iterations 7' are needed to converge to the true solution v¥ ~ 0? The answer to this
question will provide us intuition to understand how the evolution of the error is conditioned by its
Fourier content. Figure 1 illustrates how the algebraic error evolves, starting from a sinusoidal seed
1Y, when the Jacobi iterative method is used. Images in the upper row illustrate the evolution of
the computed solution v when the initialization contains a low frequency sinusoidal, while bottom
images show the evolution for a high frequency cosine function (for the same iteration numbers). As
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Initial guess Iteration Step 10 Iteration Step 20

Initial guess Iteration Step 10 Iteration Step 20

08 -
06

02

06
08 -

Figure 1: Evolution of the error for the homogeneous Poisson equation (A = L£", b = 0) when cosines of two different
frequencies are used as seed v°.

(1)v"=Relax(v),A",b") (6)v"'=v"+w"

[ﬁ = (2)r"=b"—A"V" (7)v"=Relax(v",A" b")
Qh
(3)r*'=13"r" (5)w"=15,w™
i
VA 2h 2h 2h 2h
— i (4)w"=Relax(0",A™",r"")
- Q

Figure 2: Diagram of a two grid scheme. Smooth components in a fine grid are observed as higher frequency components
on coarser grids.

can be seen, simple iterative methods are very effective at reducing the high frequency components
of the error, while several iteration steps are required to reduce low frequency components.

3.2 From One Grid to Two Grids

The key idea behind multigrid methods is to solve the problem using multiple discrete grids of
different sizes. Then, a low frequency in the finer grid can be represented as a high frequency in a
coarser grid, and hence, it can be effectively recovered using trivial iterative schemes (as we saw in
the previous section).

A basic two-grid correction scheme (as illustrated in Figure 2) consists of seven main steps:

1. Perform n; iterations (of Gauss-Seidel or Jacobi iterative method) over the problem (9)
Alyh = b with a given initial seed v).

2. Compute the fine-grid residual r"* = b — Alv",

2h — J2hyh,

3. Restrict the residual to the coarser grid r

4. Solve the problem A" = y2h
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5. Interpolate the refined error to the fine grid w" = I w?".
6. Correct the fine grid approximation v" « v" 4+ w".

7. Perform ny iterations (of Gauss-Seidel or Jacobi iterative method) over the problem
Ary = b starting from the refinement v" computed in the previous step.

To implement the previous simple two grid correction scheme, we must define the interpola-
tion/restriction operators I%, /I?" (Section 3.2.1) and we need to address how the problem in the
coarse layer is defined: A?"w?" = r?" (Section 3.2.2). Before proceeding with these definitions, it is
worth commenting why the seven steps described above are important for a successful definition of
multigrid schemes. One of the key problems that need to be controlled when implementing multigrid
methods is aliasing. As we described above, simple iterative methods are efficient only to reduce
high frequency components of the error. Therefore, if spurious low frequency components are cre-
ated because of aliasing, the implemented multigrid method will no longer be efficient. This explains
why the residual r" of the problem is transfered to the coarse grid (instead of v"). The iterations
performed in step 1, guarantee that the residual of the problem A"u" = b" does not contain high
frequency components (as they were efficiently removed by Gauss-Seidel or Jacobi methods). Then
it is safe to restrict the problem to the coarse grid r?* = I?'r" and no aliasing will be produced
(as 7" is a smooth signal). Also step 7 can be explained with similar arguments. The reason why
ns iterations of Gauss-Seidel (or Jacobi) method are performed after the solution in the fine grid is
corrected, is to remove high frequency components of the error that may be introduced during the
interpolation operation w" = I w?" (Appendix A provides a formal discussion on this subject).

3.2.1 Interpolation and Restriction Operators

To transfer information through the different grids it is necessary to define interpolation and restric-
tion operators. The interpolation operator, denoted as I}, is a transformation I%, : Q%" — Q" that
interpolates a discrete function v*" defined in the coarse grid into the fine grid v"* = I%0v?". On
the other hand, the restriction operator does the inverse transformation mapping a given discrete
function in the fine grid to the coarse grid, i.e. I?": Q" — Q" with v*h = [Zhoh,

The proper definition of interpolation and restriction operators is critical to achieve efficient
multigrid implementations. In particular, there are three basic properties that need to be considered:

1. The order of the interpolation and the restriction operator should be higher or equal to the order
of the differential equation we aim to solve (see [8] and Appendix A for a detailed discussion
about the operators order).

2. The interpolation 1%, and the restriction I?" should verify (see Appendix B and reference [4,
pg. 185]) the condition
I =c(p)" ceR. (28)

3. Interpolation and restriction should be compatible with the boundary conditions at 0f2.
A restriction operator I2" can be expressed without lost of generality as
Iy = (K" * oM, (29)

where T2 denotes a basic sub-sampling operation, i.e. I (v")(k) = v**(k) = v(k(2h)) = v"(2k);

and K" is a smoothing kernel (see Appendix A and reference [8] for a more detailed discussion).
The basic sub-sampling operation just selects one over two samples on each axis of the discrete

grid. For the case of a two dimensional discrete domain, we can arbitrarily start the sampling process
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I oy O S O

Figure 3: lllustration of the pixels selected by the sub-sampling operators (from left to right) flih, fQih, f3ih and I~4zh.
NN
1N

%
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Figure 4: lllustration of the definition of the discrete convolution on the boundaries of the discrete domain.

at the pixel position (1,1), (1,2), (2,1) and (2, 2) (referred as flih, fQZh, f?)zh and f4,2Lh respectively)
as illustrated in Figure 3.

The Poisson equation consists of a second order partial differential equation, which implies that
the restriction and interpolation should be at least second order operators [8]. To that end, the well
known full-weighting stencil was used in the present work,

111
4 2 4
1
h 1 1
1 1 1
4 2 4

For each discrete position (i,7) € 2", the discrete convolution K" * v" requires the value of v" at
the eight neighbors (¢ & 1,7 4+ 1). This cannot be done at the boundary of the image domain, e.g.,
i=1,i=H,j=1or j=W). In those cases, Neumann boundary conditions are applied which is
equivalent to use the closest value of v" inside the domain Q" as it is illustrated in Figure 4.

Observing that Equation (29) is linear in the elements of the matrix v", it can be expressed as
IZhoh where I is a HW x HW sparse matrix, and v" represents the column vector HW x 1 obtained
by writing the two dimensional discrete signal in lexicographical order. The definition of the sparse

. ~ 2h . . . :
matrices [, is straightforward. Algorithm 3 describes how to define the kernel convolution as a
matrix multiplication K * v" = Gv" (incorporating the boundary condition at 9Q"). Then, the
sparse restriction matrix can be defined as

1 /- . . .
= (A 2 ) i) G, (31)

and the interpolation as
=4’ (32)

The multiplicative factor included in Equation (32) was set so that the energy (norm) of discrete
functions remains invariant when restriction and projection are applied consecutively.
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Algorithm 3: ComputeG (Matrix version of the convolution kernel)

Input : H // Height of the discrete domain "
Input W // Width of the discrete domain Q"
Output: HW x HW matrix G // matrix form of the full-weighting convolution
// Prepare sparse matrix indices
1 sh = [H,W]
2 [py, px] = ind2sub( sh, [1:HW]) // get pixel indices for the output image
3 i = sub2ind(sh , py, px) // get rows indices of the operator (y,x) (identity)
4 G = sparse(HW, HW) // initialize

// Vector containing the offsets and weights of the stencil
5 alldxdy = [[-1,-1, 1/4]; [1, 0, 1/2]; |-1, 1, 1/4];
[07 -1, 1/2]; [07 0, 1]; [07 L, 1/2];
[17 -1, 1/4]; ['17 07 1/2]; [17 L, 1/4“;

// Loop over the vector combining the weights of the 9 positions of the stencil
for t =1:9 do

dy = alldxdy(t, 1)

dx = alldxdy(t, 2)

val = alldxdy(t, 3)

© 0 N o

// Get corresponding input columns mirroring at the boundaries ie
max(min(ycoord, H), 1)

10 j = sub2ind(sh, max(min(py + dy, H), 1), max(min(px + dx, W), 1))

11 G = G + sparse(i, j, val, HW, HW)

12 G=1/4G // Normalization factor (See stencil def. Eq. (30))
13 return G

The previous definitions chosen for the restriction and interpolation operators, presented in Equa-
tions (31) - (32), average the four different alternatives for defining the basic sub-sampling matrices

]~1i —]~4i illustrated in Figure 3. This is an arbitrary choice and one can also choose any of the
basic sub-sampling operators. We found in practice that the average of the four basic sub-sampling
strategies reduces boundary effects. In particular, it is easy to verify that the proposed definitions
keep invariant any constant matrix. More precisely, given a constant H x W matrix C, the equation
C = I}, I?"C holds for every pixel (even those at the boundary of the image).

3.2.2 Definition of the Problem in the Coarse Grid

The fourth step of the two-grid approach described in Section 3.2 requires to solve the coarse problem
A?hp?h = 20 Restriction and prolongation procedures were already addressed, which allows us to
precisely define 72" from r" and vice-versa. However, a precise definition of A%" is still necessary and
will be addressed in the following.
The solution w?" of equation A?*w?" = r?" should provide an update to the current approximation
v such that the error (in the fine grid) is minimized, i.e.
w? = arg min [[u” — (V" + IL5™)). (33)
w2
Proposition 2. Given the problem in a fine grid AMu" = b" and a current approximation of its

solution v", the optimal update w?* on a coarser grid can be obtained as the solution of the coarse
linear problem A*w*' = v®" where A*" = (I3 )T AME, and b* = (I3,)T (bh — AMo™).
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Algorithm 4: v; = MG(A,b,vo, H,W ,1u,n1,n2)

Input : A b // Matrix and data term of the problem Az =10
Input : v // Initial guess (seed)
Input : H, W // Height and Width of the discrete domain Q"
Input : u // Number of iterative calls per layer
Input : n, // Number of pre-smoothing steps
Input : ny // Number of post-smoothing steps
Output: v, // updated approximation of the solution

// (0) Initialization
1[I}, I = ComputeRestriction AndInterpolationOp(H , W)
// (1) Pre-smoothing Relaxation
2 v; = GaussSeidel(A,b,vg,n1) // ni iterations of GaussSeidel algorithm
// (2) Compute the residual
3rh=b— Ay
// (3) Restrict the residual to a coarser layer
4 720 = [2hyh
// (4) Solve the problem in the coarse layer
w =0 // initial guess in the coarse layer
A%h = [2h AR TR // Define the problem in the coarser layer
for i = 1:p do
| w? = MG(A% 2 w? H 2, W/2,1)
// (5) Interpolate the correction function to the fine grid
9 wh = I} w?h

@ N o !

// (8) Apply the correction obtained from the coarse layers
10 v1 = U + wh

// (7) Post-smoothing relaxation
11 v; = GaussSeidel(A,b,v1,n2) // Reduce high-freq distortion due to the interpolation
12 return v,

Proposition 2 is proved in Appendix B using the important propertied described above: (i) that A"
is a self-adjoint matrix and (ii) that If, oc (I?")T. This proposition is of crucial importance. Firstly,
because it provides a precise definition of A?" in terms of I, and A"; and secondly, because it shows
that the coarse version of the residual (r?" = (I})T (0" — Ahv™)) plays the role of the data term in
the coarse layer.

The two-grid scheme now is fully defined and can be implemented with no ambiguity, the next
step is of course to generalize these ideas to multiple grids.

3.3 Multigrid Approach

Recalling the seven main steps that described a two-grid correction scheme, the fourth step consisted
of solving the linear problem A%'w?" = r?" (in the coarse grid). This problem has exactly the same
structure as the original problem (i.e. is a self-adjoint linear problem), thus, it can be solved using a
two-grid approach. In other words, when the linear problem (at step 4) needs to be solved, a two-grid
scheme can be recursively applied leading to an even coarser grid and so forth.

The previous ideas motivate the definition of a multigrid solver as described in Algorithm 4. The
parameter p sets the number of times the algorithm uses the coarser grids to improve the solution
obtained in the current grid. Even though the parameter i can be set to an arbitrary integer number,
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TH
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Figure 5: Illustration of V-scheme for a 32 x 32 discrete problem. On the left we see the ground truth solution and the
diagram of the multigrid computations. On the right are shown the corrections w?" computed at each scale 7. Note that
different grids are able to capture different components of the solution.

p =1 and g = 2 are the most common choices. The first case (u = 1) is called a V-Scheme and
when 1 = 2 a W-scheme. Figure 5 illustrates the V-scheme with a simple example. The fine grid
was defined as Q" = [1---32] x [1---32] and the ground truth is u"(z,y) = (1 + sin(x?/2W)). The
Laplacian of this function was calculated from the ground truth solution and Poisson equation solved
(starting from wvo(z,y) = 0 for all (z,y) € Q). This first illustrative example shows how different
grids (scales) are able to capture different components of the solution. Then the combination of these
orthogonal spectral components allows to recover the global solution in a efficient manner.

4 Experiments and Discussions

The previous section presented some basic iterative and multigrid numerical solvers that can be used
to solve discrete Poisson problems. The goal of this section is to present a set of experiments that
will help us understand interesting properties of the problems and methods explained above. In
particular, we aim at answering: How different the solutions of different discrete formulations of the
Poisson equation are? How does the topology of the set ©" impact on the efficiency of numerical
solvers? And fundamentally, can multigrid methods converge to a solution in a time that is linear
with the number of unknowns?

Changes in the solutions due to differences in the formulation. To illustrate some of
the differences between the extended and self-adjoint extended formulation presented in Section 2.1
let us consider the following example. When photographers capture images of scenes with a very
large illumination range, a common problem is to end up with photographies that have poor local
contrast (either in the bright or dark portions of the image). For example, Figure 6(a) illustrates
a challenging scene that presents a high luminance range which cannot be successfully captured
by a camera sensor. To improve the local contrast in the dark portions of the image we define a
Poisson-like problem by: setting the domain © as the set of bright pixels (b), the Laplacian term f
as an amplified version of the original Laplacian (c), and we preserve the original values of the image
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def

(a) Input test image I {z : I(x) >40} (c¢) f = aAl,on Q\O (d) g wf I,on ©

(e) SA-Ext solved (f) Ext solved with (g) SA-Ext solved with ~ (h) Ext solved with
Matlab Backslash Matlab Backslash V-Multi Grid V-Multi Grid

Figure 6: The first row illustrates: (a) A test input image, (b) the domain ©, (c) the Laplacian term f, and finally the
boundary Dirichlet conditions g. In this example, the Laplacian term was defined by amplifying the Laplacian on the dark
areas of the original image by a factor & = 2 (with the objective of amplifying the local contrast in those regions). The
second row illustrates the solution obtained for Self-Adjoint Extended (e) and the Extended formulation (f) of the discrete
Poisson problem defined above, as the numerical solver matlab backslash is used in this first two examples. Images (g) and
(h) illustrate the solution to the same system of sparse linear equations but when a multigrid V-scheme iterative solver is
used.

in the bright areas (d) (Dirichlet conditions). The second row of Figure 6 illustrates the solution
obtained for the Self-Adjoint Extended (e-g) and the Extended formulation (f-h). Matlab backslash
is used as the numerical solver in the first two examples (e-f). On the other hand, images (g) and
(h) illustrate the solution to the same system of sparse linear equations but when a multigrid V-
scheme iterative solver is used. The solutions (e), (f) and (g) are equivalent (we numerically checked
that these images are identical). This was expected as the Self-Adjoint and the Extended discrete
formulations are mathematically equivalent to each other. Therefore given an arbitrary numerical
solver, if it converges to the solution there will be no difference between the Self-Adjoint and the
Extended formulations. Despite the previous observation, for a single multigrid iteration different
solutions are obtained when the Self-Adjoint or the Extended formulation are chosen. In particular
we can see in this example (see the results (g) and (h)) that after a single V' iteration, convergence
is achieved only for the self-adjoint formulation of the problem (see Appendix B).

Impact of the topology of the boundary conditions ©" on the solver efficiency. As we
showed in the previous example, Poisson like problems can be solved efficiently by solving a sparse
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Input test image

Interpolated result

-

© g

Figure 7: Interpolation example solving a homogeneous Poisson equation. In this illustrative example, approximately 30%
of the pixels values were kept (in particular those associated to edges) and the interpolation obtained by solving the
homogeneous Poisson equation.

linear system of equations Au = b. The effectiveness of different numerical methods depends on the
structure of the matrix A. From now on, we will analyze the structure of the matrix of the problem
associated to the Self-Adjoint Extended problem. As A is symmetric and positive definite, we can
decompose it into a basis of orthonormal eigenvectors ¢, with associated (strictly) positive real values
k. The data term can be written as b = Y, cx¢r where ¢ is a set of scalar constant coefficients.
Then, it is easy to prove that u can be obtained as v = ), f\—’z(bk. When the canonical Poisson
equation is considered, i.e. homogeneous Neumann/Dirichlet boundary conditions are imposed in
the exterior of a regular rectangular domain, the eigenvectors ¢, become cosine/sine functions and
the decomposition expressed above becomes a cosine/sine Fourier decomposition [4]. In addition,
the smaller the eigenvalue )., the more critical the weight of the k' eigenvector ¢y /A,y

Let us illustrate the previous ideas with a simple example. Consider a test image I that needs
to be compressed e.g. by keeping only those pixels associated to edges of the image (similar to the
method proposed in [10]). To that end, we can define the set © as the set of pixels z; for which the
gradient is higher than a certain threshold ¢. The Dirichlet data term g may be set as the values of
the image I at the given positions z;, and finally, a null Laplacian data term f = 0 may be used for
interpolation. Figure 7 shows an example of an input image, the pixels kept and the corresponding
data term g. Numerically this problem can be stated as the Poisson-like system of equations (13)
(with the data terms specified above).

As described in previous sections, the discrete formulation of the problem leads to a sparse linear
system of equations Au = b. The structure of A depends on the shape of the set ©, which determines
the eigenvectors of A. For example, Figure 8 illustrates four different sets © and the corresponding
eigenvectors associated to the smaller eigenvalues of the matrix A.

Figure 8 shows that when more anchorage points g(x) for z € © are provided, the eigenvectors of
the problem become sharper (i.e. their Fourier transforms contain higher frequency content). This
is a very important issue as the effectiveness of different iterative methods strongly depends on the
frequency content of the error vector at each iteration step. Taking this into account, and recalling the
properties in the Fourier domain of the iterative methods presented in Section 3 we can conclude that
the more points of the solution we set, the more effective simple relaxation methods will become.
Furthermore, two particular cases are of particular interest. First, when the set © is empty; in
that case the problem cannot be uniquely solved as solutions are defined up to a global constant.
This explains why in that case we obtain a null eigenvalue associated to a constant eigenvector (as
illustrated in the first row of Figure 8). A second interesting case is when the value on a single pixel
is set (i.e. © = {x1}). In this case, the solution is unique, while the eigenvectors of A associated to
the smaller eigenvalues are smooth. This implies that setting a single pixel of the solution guarantees
that the solution of the problem is unique while leading to the numerically more challenging problem.
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C) A =0 )\2:1X10_4 )\3:1X10_4 )\4:3X1O_4

-

A =8x107°¢ Ao =1x10"* A3 =1x107* A =3x107*

A =4 x 107 Xy =8 x 1074 Ay =1x 1073 Ao=1x1073

A =9x1073 Ay =1x1072 A3 =1x107? A =1x10772

Figure 8: The first column shows different sets in which the value of the solution is provided, while the other four columns
illustrate the four eigenvectors associated to the smaller eigenvalues of the matrix of the problem: A.

Evaluating multigrid convergence rate. In a third round of experiments, we compared multi-
grid iterative method with: Gauss-Seidel, Conjugate Gradient, Preconditioned Conjugate Gradi-
ent [1], Bi-Conjugate Gradient, Symmetric LQ [12], Generalized minimum residual [15], Transpose-
free Quasi-minimal Residual [1], and Bi-Conjugate Gradient Stabilized [18] methods. We tested our
own implementation of Multigrid, Gauss-Seidel and Conjugate-Gradient methods and used imple-
mentations available in Matlab? in the rest of the cases. Given a test input image I we solved the
discrete Poisson problem given by Equation (13) with f = I, g = A"I and © obtained by randomly
sampling pixels of the discrete domain. Intuitively, this problem consists in recovering an image [
from its partial derivatives Al given a set of image points on ©.

Figure 9 shows the evolution of the norm of the error |[u — v(t)|| along the iterations for the
selected set of iterative solvers. As in the previous experiment, we observe that the less pixels the
domain © sets, the more challenging the problem becomes. In addition, we observe that the multigrid
approach achieves efficient convergence rates even in the extreme case that © contains a single pixel.

2Matlab version R2016b
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Figure 9: Evolution of the norm of the error as a function of time for different iterative methods and boundary conditions.

The size of the input image was 256 x 512.

Complementing the previous experiment, we also tested how the time required for convergence
depended on the size of the problem (i.e. the number of pixels in the domain 2). Figure 10 shows the
time required to converge to a solution with an absolute mean error below 1 gray level (input images
are in the range [0, 255]). The resolution of input images was increased exponentially. Multigrid V
and W schemes were tested and compared with Matlab “backslash”? routine. Matlab “backslash”
solves large sparse linear problems in a smart and efficient manner by analyzing the matrix associated
to the problem. Then, the actual solver executed is chosen to exploit the properties of the matrix
A. In general, we observed that for modest problem sizes (i.e. less or equal to one million pixels)
backslash was the fastest way to solve the problem. However, as the size of the domain increases,

3In order to have more meaningful comparisons, we executed Matlab in a single processor thread.
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multigrid schemes become more competitive. Multigrid methods are definitely the right choice when
the number of pixels is over 2 millions of pixels. In addition, Multigrid schemes can solve Poisson-like
problems in linear time as can be observed in Figure 10. This is a key feature of multigrid approaches
that makes them particularly useful to solve large PDE equations.

.. B8O - B
v "
% === Multi Grid {V-cycle) E —B—Mult! Grid (V-cycle)
o —8— Multi Grid (W-cycle) G 4 | —8—Multi Grid (W-cycle) o
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L :—-’// A L L . L L L | = g . L L L L |
0 1 2 3 4 5 6 7 8 9 4 6 8 10 12 14 16
Number of pixels (lin scale) «108 Number of pixels (log scale)

Figure 10: Execution time versus domain size (i.e. number of pixels). Left plot shows the time to convergence (in linear
scale) for a V and W multigrid schemes compared with Matlab Backslash. Right plot illustrates the same results in a
logarithmic scale.

Finally, we evaluated how multigrid parameters affects its performance. Figure 11 shows the time
for convergence for different number of pre- and post-smoothing relaxation steps for both V.and W
schemes. As can be seen, a few post and pre relaxation steps provide efficient multigrid schemes.
In particular, we found that zero pre-relaxation steps and one post-relaxation achieved the faster
convergence.
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Figure 11: Execution time versus domain size for different values of pre- and post-relaxation steps. The first number in the
legend of the plots corresponds to the number of pre-smoothing G-S relaxation steps and the second number to the number
of post-smoothing relaxation steps. Results are shown in both linear and logarithmic scale.
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5 Conclusions

We described in depth, analyzed and compared iterative numerical methods to solve Poisson-like
problems. The focus of this work was on the mathematical properties of different formulations of the
problem and how they impact multigrid ideas. In addition, some of the ideas presented by Mainberger
et al. [10] were reviewed and extended. A discrete self-adjoint extended formulation of the Poisson
equation was described, which allowed to impose arbitrary Dirichlet boundary conditions in arbitrary
points of the domain. Moreover, we studied under which conditions the problem is well-posed and
presented some experimental validation examples. The obtained results show how the characteristics
of the set of boundary conditions affect the convergence properties of different iterative methods.
Then, we compared iterative numerical solvers and studied the relation between the convergence
time and the size of the grid. We verified that convergence of multigrid methods can be achieved
in linear time. In addition, multigrid V and W schemes were tested with different parameters and
we observed that very few pre- and post-smoothing relaxation steps provided optimal and stable
convergence rates.
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Appendix A: Restriction and Prolongation Operator Prop-
erties

Given a continuous function v € £L2(R) the Fourier Transform can be defined as

+oo
u(v) = / u(z)e ™ dy. (34)

o

From now on we will assume that u has a limited spectrum band. A continuous version of the discrete

sampled function u"(k) wf u(kh) can be written as the distribution,

u(x) = ulz) -y 8z — kh), (35)

keZ

where h corresponds to the sampling distance (equivalent to the pixel size for images).

“http://dragon.larc.nasa.gov/retinex/
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+o0
u(z) b\ m aw(v) = /_ u(x)e 2™ dr
| "X ™

u'(z) = u(z) - Z 8(x — kh)

kEZ

un(k) < (k)

123 k

Figure 12: lllustration of the relation between the continuous and the sampled function in the spatial and frequency domain.

The Fourier transform of u(z) can be written using standard Fourier Transform properties [16]
as

) = i)=Y b — kh)
keZ (36)
. 1 k
= u(y)*ﬁkz;(S(V_E) :

which can also be related to the Fourier Transform of the discrete signal u”(k) by

2>

+oo
(v) = / u(z) - Z §(z — kh)e ™" dg

- keZ

= > / - u(z)s(x — kh)e ™ dx (37)
= Z u(hk)e=?mhE,

keZ

The relation between equations (36) - (37) inspire the following definition for the Fourier Trans-
form of the discrete signal u"(k)

W) =kt (k)em R, (38)

keZ

Figure 12 illustrates some of the relations introduced above between a continuous signal u(z) and
it discrete counterpart u”(k) both on the spatial an Fourier domain. Equation (36) shows that
the spectrum of the continuous signal is spread along the frequencies as the convolution with the
Dirac distribution produces a periodic replication of the original spectrum. If the support of u(v) is
included in the interval [—1/2h 1/2h] no aliasing is introduced and ;E(l/) = a(v) for v € [—1/2h 1/2h)]
(Nyquist-Shannon sampling theorem).

We can write the basic interpolation and restriction operators as

P (k) = (k) = u(k(2h)) = u*(2k), (39)
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Figure 13: lllustration of basic interpolation and restriction operators.
2h . .
= u(k/2) if k is even
10 (u? (k) = u"(k) = : 40
o (1™ (K)) (k) 0 otherwise. (40)

It is easy to see that this basic interpolation and restriction operators wrap the frequency space to the
intervals [—1/2h 1/2h] and [—1/2(2h) 1/2(2h)] respectively. In this process frequencies {v, v+(1/2h)}
in the interval [—1/2h 1/2h| are mapped to the same frequency vy € [—1/2(2h) 1/2(2h)] as it is
illustrated in Figure 13. In order to control aliasing effects during restriction and to avoid the
artificial generation of high frequencies during the process of interpolation, more regular interpolation
and restriction operators can be defined as

I () = (KT 5 )
(41)
15, () = ¢ KK 5 I, (™).

K" represents a smoothing kernel, and ¢ a scalar constant. The effect of the smoothing operation
can be seen as a filtering step on the Fourier domain, which helps reducing the amplitude of the
components of u;, (and I}, (u*")) on the spectral band [—1/2h, —1/4h] U [1/4h, 1/2h).

The order of the kernel K} should be at least the order of the partial equation we are willing to
solve. For example, the Poisson equation is a second order partial differential equation and therefore
at least a kernel of order two is required.

For the case of two dimensional signals, the full weighting (or bilinear) stencil

K= (42)

el MLt
N ==
[0 [ s [ =

has order 2 (see reference [8] for a detailed discussion) and will be the kernel used in the present
work.

Appendix B: Optimal Problem in a Coarser Grid
Given the discrete linear numerical problem

Ahyl = ph, (43)
we will assume that A" satisfies the following properties:
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o (AMf vl = (v}, Aol for all v}, € Q" (self-adjoint operator).
o (AMh ™) > 0 for any nonzero v" € Q"

Proposition 3. Solving Equation (43) is equivalent to the minimization problem,

1 e .
u" = arg min = (A"u" u™) — (B, u") o/ arg min F"(u"). (44)
uheQh 2 uheQh

The previous proposition is a classic result in linear algebra, nevertheless we include its proof for
completeness and because we shall reuse its formalism. Consider the value of F"*(u" + v") for an
arbitrary vector v € Q"

Fh(ul 4ot = (AP + o), (WP +o")) — ", ul + o7

DN | —

(A" a4+ (AP ") + (AP u?) + (AT o)) — (B0, Uy — (0" ") (45)

DN | —

— P + 2 @A o) (A ) = 0,

where the self-adjoint property of matrix A" was used to simplify the middle term in the last step of
Equation (45). Equation (45) can be expressed as

Frhul 40" = FMul) + (A o) — (b7 o) + %(Ahvh, ™)

(46)
— Fh(uh) + <Ahuh o bh7 ’Uh> + 1 (Ahvh,vh),
2 ——

>0

where (from the definite positive condition of A", i.e. (A" v") > 0 for any nonzero v" € Q") we
know that the third term of Equation (46) is always positive. Then the condition (A"u" — b v") =0
for all v" € Q is a sufficient condition to guarantee that «" minimizes F".

We just proved that solving Equation (43) is equivalent to finding the vector u" € QF that
minimizes the discrete functional F” defined by Equation (44) [4, Chapter 10]. This equivalence will
help us understand in a very intuitive way how to define the problem in a coarse grid and how that can
be used to improve a current guess in the original fine grid. To that end, let us imagine that we have
a current approximation v" of the (unknown) solution u” of Equation (43), and that we are looking
for a correction signal w?" € Q2" that improves the current guess v", i.e. FM(o" + I w?") < F'(vh).
In particular, we can formally define the optimal choice for w?" as

w? = argmin F"(v" + 12 w®™). (47)
w2heQ2h
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Proposition 2 can be proved expanding the functional F"*(v" + I}, w?")

Fh " + Iw™) = <Ah<v + L), 0" + Iyw™) — (0", 0" + Ly w™)
Lohn m L hgh . on h
= §(Av,v>+§(A Lw™ v") + 2( AR )
1
+§<Ah[g 2h IQhw > <bh7vh>_<bh7[ghw2h>
1
= §<Ahvh,vh>—(bh,vh) (48)

1
+§<Ah[§hw2h>[§hw2> < Ah[%w> <bh7[§hw2h>

1

= FM0") + 5{(I2)" A" ™, w®) = ((15,)" (8" = A""), w?")
1

— Fh(vh) + —<A2hw2h7w2h> _ <b2h, w2h>7

2

where A%" = (I} )T AL and 0*" = (12)T(b" — A"wh). On the last row of Equation (48) the first
term is independent of w?", which leads to the equivalence

w?* = argmin F"(v" + I w®™)

w2heQ2h

1
= argmin — (A" w?") — (b*" W) (49)
w2h€Q2h

def .
= argmin F?"(w?").
w2heQ2h

The deduction carried out in Equation (48) is of crucial importance to understand how the original
problem should be mapped to a coarser grid. In particular, it allows to derive the following important
properties:

e In the coarse grid, the data term can be defined as b*" = (I3, )T (b" — A"v"), which corresponds
to a coarse version of the residual r* = 0" — A" The operator (I} )T is mapping r" from

the fine grid Q" to the coarse grid Q2" hence, it plays the role of the restriction operator
[}%h = (Igh)T'

e The coarse version of the matrix A" is A%" = (I})T AR D = PR AR D,

e The definition of the problem in the finer grid should guarantee that A" is a positive definite
self-adjoint operator.
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