ADAPTIVE MULTIRESOLUTION ANALYSIS STRUCTURES
AND SHEARLET SYSTEMS
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Abstract. In this paper, we first introduce the concept of an adaptive MRA (AMRA) structure
which is a variant of the classical MRA structure suited to the main goal of a fast flexible decomposi-
tion strategy adapted to the data at each decomposition level. We then study this novel methodology
for the general case of affine-like systems, and derive a Unitary Extension Principle (UEP) for filter
design. Finally, we apply our results to the directional representation system of shearlets. This
leads to a comprehensive theory for fast decomposition algorithms associated with shearlet systems
which encompasses tight shearlet frames with spatially compactly supported generators within such
an AMRA structure. Also shearlet-like systems associated with parabolic scaling and unimodular
shear matrices are studied within this framework.
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1. Introduction. Wavelets are nowadays indispensable as a multiscale encoding
system for a wide range of more theoretically to more practically oriented tasks, since
they provide optimal approximation rates for smooth 1-dimensional data exhibiting
singularities. The facts that they provide a unified treatment in both the continuous
as well as digital setting and that the digital setting admits a multiresolution analysis
leading to a fast spatial domain decomposition were essential for their success. It can
however be shown that wavelets — although perfectly suited for isotropic structures —
do not perform equally well when dealing with anisotropic phenomena.

This fact has motivated the development of various types of directional represen-
tation systems for 2-dimensional data that are capable of resolving edge- or curve-like
features which precisely separate smooth regions in a sparse way. Such systems include
wedgelets [14], bandlets [32], contourlets [12], and curvelets [5, 6, 7]. All multiscale
variants of such systems offer different advantages and disadvantages, however, neither
of them provides a unified treatment of the continuous and digital settings. Curvelets,
for instance, are known to yield tight frames but the digital curvelet transform is not
designed within the curvelet-framework and hence, in particular, is not covered by
the available theory [4]. We remind the reader that a system X is called a tight frame
for a Hilbert space H (in the literature sometimes also referred to as a Parseval frame
or a tight frame with bound one), if || f||*> = > gex I g)]? holds for all f € H.

About three years ago, a novel representation system — so-called shearlets — has
been proposed [17, 29], which possesses the same favorable approximation and sparsity
properties as the other candidates (see [18, 27, 30]) of whom curvelets are perhaps
the most advanced ones. One main point in comparison with curvelets is the fact
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that angles are replaced by slopes when parameterizing directions which significantly
supports the treating of the digital setting. A second main point is that shearlets
fit within the general framework of affine-like systems, which provides an extensive
mathematical machinery. Thirdly, it is shown in [28] that shearlets — in addition to the
aforementioned favorable properties — provide a unified treatment for the continuous
and digital world similar to wavelets.

Recently, several researchers [19, 31, 33] have provided approaches to introduce an
MRA structure with accompanying fast spatial domain decomposition for shearlets.
This would establish shearlets as the directional representation system which provides
the full range of advantageous properties for 2D data which wavelets provide in 1D.
However, in the previous approaches, does either the MRA structure not lead to a tight
frame, infinitely many filters make an implementation difficult, or the MRA structure
is not faithful to the continuum transform. Approaches to extend the present shearlet
theory to higher dimensions were also already undertaken, however, for now, only
with continuous parameters [9].

In wavelet frame theory, the Unitary Extension Principle (UEP) introduced in [34]
has proven to be a highly useful methodology for constructing tight wavelet frames
with an associated MRA structure. An MRA structure is in fact crucial for fast
decomposition and reconstruction algorithms, which are key ingredients when devel-
oping efficient algorithms for wavelet frame based image restorations. This technique
was initially used for high and super resolution image reconstruction in [8], with the
UEP allowing to design wavelet frame systems adaptive to the problem. The ideas
were then further developed to more general image deblurring in [3, 11], blind deblur-
ring in [2], and image inpainting in [1, 16]. For more details on wavelet frames and
their applications in image restorations and analysis, we refer the interested reader
to the survey articles [13, 36]. One key for guaranteeing success of these applications
is the fact that tight wavelet frames can be shown to provide sparse approximations
for various classes of image models, in particular, through the redundancy of a frame.
Systems which provide even sparser approximations, yet are associated with an MRA
structure do presumably lead to more efficient algorithms for image restorations. This
motivates our adventures here.

In this paper we aim at providing an MRA structure for tight shearlet frames —
and in fact even for more general affine-like systems encompassing different shearlet
systems as special cases — which exhibits all the favorable properties of MRA struc-
tures for wavelets. We also allow the MRA structure to be more flexible in the sense
of adaptivity than ordinarily considered in the literature. We further prove sufficient
conditions for such an adaptive MRA in terms of a suited Unitary Extension Princi-
ple (UEP) along with a fast spatial domain decomposition as well as approximation
properties.

1.1. An Adaptive Multiresolution Analysis (AMRA). The framework of
a multiresolution analysis is a well-established methodology in wavelet theory for
deriving a decomposition of data into low- and high-frequency parts associated with a
scaling function and wavelets which leads to a fast spatial domain decomposition. This
point of view needs to be reconsidered when aiming for a decomposition of general
(homogeneous) affine-like systems, which we coin systems being a subset of unions of
affine systems

Ut s dezkezle=1,...;r}, ' 4" € Ly(R?),
MeA
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where A is a finite set of d x d invertible integer matrices, and where, for a function
f:R?Y = C and a d x d invertible real-valued matrix U, we used the notation

foa = |det UY2f(U - k),  kezs (1.1)

Aiming for adaptivity of the decomposition procedure to different types of data
and for computational feasibility, we shall further develop the approach initiated in
[20, 22, 23, 24] by considering an ‘adaptive MRA’. For this, we claim the following
new paradigm for MRAs manifested in the following two requirements:

(R1) Nonhomogeneous systems. If one aims for a fast decomposition algorithm,
it is — as observed in [24] — sufficient to study the decomposition algorithm
using a generalized filter bank in the framework of nonhomogeneous affine-like
systems, i.e., considering a fixed coarsest decomposition level j, say 0, instead
of analyzing the limit j — —oo. As pointed out in [24], nonhomogeneous
affine-like systems do enable a canonical link between fast algorithms in the
discrete domain with affine systems in the continuum domain.

(R2) Adaptive Filter Selection. It is not necessary to use only one low-pass filter
in a filter bank obtained via the Unitary Extension Principle which does not
distinguish between low- and high-pass filters. The use of more than one
low-pass filters adaptively allows us to have an adaptive MRA structure to,
for instance, achieve directionality while maintaining a fast algorithm in the
discrete domain.

The main advantage of (R1) is to naturally connect theoretical continuum consid-
erations to the implementation requirements in the discrete setting, whereas (R2)
allows us to change the composition of the filters adaptively and nonstationarily at
each decomposition level. Therefore we coin this new paradigm for MRA an Adaptive
Multiresolution Analysis (AMRA).

To briefly illustrate the main idea of AMRA, let us discuss one step of the decom-
position algorithm. For this, let My, 1 < ¢ < r be d X d invertible integer matrices,
and let ag, £ = 1,...,r, be finitely supported filters. Further, let s, 1 < s < r be the
separator between low- and high-frequency part, and let ay, £ = 1,...,r be finitely
supported low-pass filters. We denote the given data by v which for convenience pur-
poses we now assume to lie in l3(Z?). Notice that from the previous decomposition
step we presumably have many such low-frequency coefficients.

We then compute the next level of low-frequency coefficients by

UEZE,_;,MHH (=1,...,s,
and the next level of high-frequency coeflicients by
Ve = Tay My, l=s+1,...,m

where for any d x d invertible integer matrix M and finitely supported sequence a :
7% — C, the transition operator Tam : l2(Z?) — I3(Z?) are defined by

[Tanvl(n) := " v(k)a(k — Mn).

kezd

The next step then continues with decomposing vy, £ = 1,...,s. The total number of
decomposition steps is J, hence finite.

The reader should notice the requirements (R1) and (R2) as opposed to a ‘classi-
cal MRA-decomposition algorithm’. After projecting onto a finite fine scale J, (R1)



4 B. HAN, G. KUTYNIOK, AND Z. SHEN

has only a finite number J of decomposition steps using an adaptive nonstationary
filter bank. The stability of an affine or affine-like system in the continuum setting
deals with the asymptotic behavior as the scale J — oo and is a fundamental issue in
wavelet analysis. Since we are dealing with tight frames, the stability issue becomes
trivial in this paper. (R2) can be seen by the fact that the separator between low-
and high-frequency part is somehow ‘loose’ in the sense that at each level a certain
condition needs to be satisfied (see Theorem 4.1 (i) below), which does not distin-
guish between those parts. This also implies that the structure of the subspaces the
data is projected onto is not as strict as for a classical MRA, but allows also non-
orthogonality and non-inclusiveness. Using s > 1 low-pass filters enables, for instance,
to capture the directional singularities in a data adaptively. We caution the reader
that though s is called the separator between low- and high-frequency parts, the filters
ai,...,as are indeed low-pass filters themselves (that is, a;(0) # 0,£ =1,...,s), not
just symbolically called low-pass filters for superficial generality.

This decomposition algorithm is accompanied by a perfect reconstruction algo-
rithm, which appropriately applies subdivision operators, which, for any d x d invertible
integer matrix M and finitely supported sequence a : Z¢ — C, are defined by

[Samv](n) := | det(M)] Y v(k)a(n — Mk).

kezd

Using a similar approach as in [22, 23], we shall prove that perfect reconstruction can
be achieved, if and only if, in each decomposition step a generalized version of the
Unitary Extension Principle [34] is satisfied by the filters a,, thereby also leading to a
generalized Unitary Extension Principle. The adaptive filter banks will be constructed
using the method developed in [20, 21]. Let us also mention that a simple observation
made in those papers will allow us to incorporate nonstationarity and adaptivity in
our algorithm by using more than one low-pass filters.

The generality of this framework will then allow us to firstly derive an AMRA
for shearlets, and secondly the anticipated Shearlet Unitary Extension Principle as a
corollary.

1.2. Related Work. Several research teams have previously designed MRA
decomposition algorithms based on shearlets: we mention the affine system-based
approach [19], the subdivision-based approach [31], and the approach based on sepa-
rability [33]. However, neither of these approaches did satisfy the desired properties
we posed in Subsection 1.1. Further non-MRA based approaches were undertaken,
for instance, in [15]. In our opinion, these pioneer efforts demonstrate real progress in
directional representation, but further progress is needed to derive an in-all-aspects
satisfactory comprehensive study of a fast spatial domain shearlet transform within an
appropriate MRA framework with careful attention to mathematical exactness, faith-
fulness to the continuum transform, and computational feasibility, ideally fulfilling all
our desiderata.

A particular credit deserves the work in [31], in which the adaptivity ideas were
already lurking. The main difference to this paper is the additional freedom pro-
vided by the AMRA structure. We also point out that another completely different
approach is recently proposed in [B. Han, Nonhomogeneous wavelet systems in high
dimensions, arXiv: 1002.2421, 2010], which is the high-dimensional generalization of
[24], to achieve adaptivity and directionality in high dimensions with a fast algorithm.

1.3. Contribution of this Paper. The contribution of this paper is three-fold.
First, we introduce the concept of an adaptive MRA (AMRA) structure suited to
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the main goal of a fast flexible decomposition strategy. Secondly, we study this novel
methodology for the general case of affine-like systems. And thirdly, we present a
comprehensive theory for shearlet systems which encompasses tight shearlet frames
with spatially compactly supported generators within such an AMRA structure along
with a fast decomposition strategy.

We wish to mention that, in fact, these results are susceptible of extensive gen-
eralizations and extensions most of which are far beyond the scope of this paper and
will be studied in future work. Examples are the bi-frame case as well as AMRA
structures for shearlet systems in higher dimensions.

1.4. Contents. In Section 2, we introduce the notation that we employ for gen-
eral affine-like systems, state the fast decomposition algorithm based on an AMRA,
and prove the Unitary Extension Principle (UEP) for this situation. Section 3 is con-
cerned with the relation to the continuum setting, i.e., with developing characterizing
equations and approximation properties for the functions associated with an ARMA
and a general method for constructing associated filters. This general methodology
is then applied to the situation of shearlet systems in Section 4 to derive a Unitary
Extension Principle for such systems.

2. An Adaptive Multiresolution Analysis for General Affine-Like Sys-
tems. As already elaborated upon in the introduction, one main idea of an AMRA
is to be able to design each decomposition step adaptively, for instance, dependent
on the previous decomposition. To follow this philosophy, in Subsection 2.1, we will
firstly analyze one single decomposition step, which might occur at any stage of the
general decomposition algorithm. Secondly, in Subsection 2.2, we will then present
the large picture in the sense of the complete decomposition procedure.

Transition and subdivision operators are the key operators of decomposition and
reconstruction, and our proofs will frequently require their Fourier domain versions.
Hence, let us start by stating the following lemma.

LEMMA 2.1. Let M be a d x d invertible integer matriz and a : Z* — C be a
finitely supported sequence. Then

Samv(€) = | det(M)|o(MT€)a(€) (2.1)

and
Tam0(MTE) = [ det(M)|71 S~ (¢ + 2nw)a(€ + 2mw), (2.2)

wWENM
where
a(€) =Y a(kje ™* (2.3)
kezd

and

Om = [(MT)71Z9 N[0, 1)%. (2.4)

Proof. The two identities in (2.1) and (2.2) are well known in wavelet analysis.
For the convenience of the reader, we will prove (2.1), and mention that (2.2) can be
easily proved similarly.
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We start by denoting 4(§) := 9(§)a(§). By the definition of Fourier series in
(2.3) and the property of convolution, it can be easily checked that, for each n € Z<,
we have u(n) = >, c,av(k)a(k —n). Therefore, by the definition of the transition
operator T,.m, we have [T, mv](n) = u(Mn) for all n € Z¢. Hence, we deduce that

TamvMT€) = 37 [Tomv](n)e M€ = 3™ u(Mn)e =M, (2.5)
nezd nezd
On the other hand, we have

Z (&4 27w) = Z Z —ik~(€+27rw) _ Z u(k)e—ikf Z ek 2w

WENM kezd weQm kezd WENM

Using the basic fact that Y ., e *?™ = [det(M)| if k € MZ?, and = 0 if k €
74\ [MZ4], we conclude from the above identity that

Z (€ + 2nw) = | det(M)] Z —ik-§ _ | det(M)] Z U(Mn)eiiM"'E,

WENM keMzd nezd

Combining the above identity with (2.5) and noting that @(§) = 0(£)a(€), we see that
(2.1) holds. O

2.1. A Unitary Extension Principle for One Decomposition Step. Let
now v € lo(Z?%) be some set of data. This could be the initial data, but also data
after some levels of decomposition then on a renormalized grid. We assume that we
are given a sequence of arbitrary d x d matrices My, 1 < £ < r, and finitely supported
filters ag, £ = 1,...,r according to which the data shall be decomposed. Our first
result is a Unitary Extension Principle (UEP) for this situation, which characterizes
those matrices and filters, which allow perfect reconstruction from the decomposed
data using subdivision.

THEOREM 2.2. Let My, 1 < £ < r be d x d invertible integer matrices, and let
ag, L =1,...,7, be finitely supported filters. Then the following perfect reconstruction
property holds:

-
ZS‘ILMIZEZ,M[U =1 Ve ZQ(Zd)v (2.6)
=1

if and only if, for any w € Q= Jy_; Qm,, where Qu, := [(M])71Z4] N [0,1)4,

S OTET2mw) = 6(w). 27)

Le{1<n<r - wEQN, }

Proof. First, notice that, by (2.1) and (2.2), for all v € I5(Z%), (2.6) is equivalent
to

r

06) = 3 Sty Tar,0)(€) = 3 [ det (M)| e,y 0(MF € (€)

=1 =1

fZ 3 8¢ + 2nw)@(€)ar € + 2mw).

(=1 wEQMZ
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By the definition of Qu, in (2.4), we can rewrite the previous equation as

B => > D(€ 4 2mw)ay(€)ap(€ + 2mw)  for all v € Io(Z%). (2.8)

weRLe{1<n<r : wEQN,, }

Since (2.7) is equivalent to (2.8), this proves (2.7) = (2.6).

We now assume that (2.6) holds, hence (2.8) holds. We aim to prove that this
implies (2.8). For this, we let B.(§p) denote as usual an open ball around &, with
radius €. We now first observe that for any arbitrarily chosen but then fixed wg € 2
and & € R?, there exists some v € l2(Z%) and € > 0 such that

(a) 0(§+ 2mwp) =1 for all £ € B.(&),

(b) 9(§+2mw) =0 for all £ € B.(&),w € Q\ {wo},

(c) suppd C 2mwo + B2¢(80),
simply since 2 is discrete. Now we can conclude that (2.8) implies

b(€) = > @y (&)@ (€ + 2mwy)  for all £ € B(&).

Le{1<n<r : woEQM,, }

Hence again by (a) — (c), (2.8) follows for all ¢ € B.(&). Since wy € 2 and & € R?
are arbitrarily chosen, (2.8) follows. O

Motivated by a simple fact observed in [20, 21], we now consider a special case of
Theorem 2.2 by using a common sampling lattice. The first part of the next result
follows immediately from Theorem 2.2 as a special case. It significantly simplifies the
condition on the filters imposed by the UEP, provided the situation allows to always
use the same sampling lattice. Condition (iii) is the spatial domain expression for
the UEP condition (ii), which illustrates the filter design problem in spatial domain.
Certainly, this condition could also be stated in the general situation of Theorem 2.2.
We however decide to omit this, since the content would be clouded by very technical
details.

COROLLARY 2.3. Let My, 1 < £ < r be dxd invertible integer matrices satisfying
MZ?* = MZ? for all 1 < ¢ < r for some matriz M, and let ag, £ =1,...,r, be finitely
supported filters. Then the following conditions are equivalent:

(i) for all v € 15(Z%),

-
E :SabMtzEtz,MeU =1

=1

(ii) for any w € Qm = [(MT)~1Z9 N [0,1)4,

Z ap(€)ap (€ + 2mw) = §(w);

{=1

(iii) for all k,~y € Z4,

> Y ar(k+ Mn+7)ae(Mn + ) = | det(M)|~"5(k).
{=1 nezd

Proof. By our assumption M,Z¢ = MZ? and the definition of Qy in (2.4), we have
Om, = Om for all £ = 1,...,7. The equivalence of (i) and (ii) now follows directly
from Theorem 2.2.
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We next prove equivalence between (ii) and (iii). By using the definition of ay,
condition (ii) is equivalent to

d(w) = Z Z ag(K)et s Z ag(n)e~in(E+2me)

(=1 kezd nezd
- (2.9)
_ Z Z ae(k)al(n)ei(kfn){efianu.
=1 k,neZd

Next we denote 'y := (M[0,1)4) N Z?. Using the trivial relation Z¢ = T'yy + MZ¢ and
replacing n in (2.9) by Mn + ~, we can rewrite (2.9) as

T
5(w) _ Z Z Z WW(Mn+,y)ei(k—Mn—y)~§e—z‘(Mn+v)2w

{=1~v€l'm k,ncZd
T
=33 Yl M3 (Mn + y)etse i,
=1 v€lm k,neZ?

Considering this equation in matrix form

(e’”'Q’W)weQMﬁeFM Z Z ar(k +Mn + y)ag(Mn + y)e¢ = (6(w)) e, -

/=1 d
k,nEZ ~ETw

we can conclude by taking the inverse that

(i 2 mae(MnJﬂ)eikf)

€=1 k,nczd

= |det(|\/|)|_1 (ei’Y'QWUJ)weQM”YEFM (5(w))wEQM

= [det(M)|}(1,...,1)T.

YETM

Thus (ii) is equivalent to the equation

<

Z ap(k +Mn +7)a(Mn +7)e™ ¢ = | det(M)|~!  for all v € Z¢,
=1 k,nezd

which in turn is equivalent to (iii). O

This corollary implies, by defining the equivalence relation ~ on the dxd invertible
integer matrices by My ~ My <= M;Z% = MyZ%, that only one representative of
each involved class needs to satisfy (2.7). In other words, only the generated lattice
M;Z¢ does matter in the condition equivalent to perfect reconstruction. Inside each
class we have very much freedom to choose the dilation matrices as necessary by the
application. We refer the reader to [20, 21] for the application of this observation on
the construction of wavelets.

2.2. Fast Decomposition Algorithm. In the previous subsection, we derived
characterizing conditions for sequences of arbitrary d x d matrices My, 1 < ¢ < r, and
finitely supported filters ay, £ = 1,...,r which allow perfect reconstruction in each
level of an AMRA. This now enables us to present a general adaptive decomposition
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algorithm, where the matrices and filters in each level can be chosen according to
Theorem 2.2. The adaptivity of our algorithm is essentially built on the multilevel
decomposition and reconstruction in a nonstationary fashion. Though multilevel and
nonstationarity will unavoidably make the presentation and notation of our algorithm
more challenging, it worths our effort to present explicitly our algorithm using tree
structure. This also allows the reader and us to follow our description here for a
practical implementation of our algorithm in a near future.

We first require some notation to carefully keep track of the decomposition steps
and positions in the generated tree structure by suitable indexes. While reading the
definitions, we recommend the reader to also take a look at Figure 2.1, which illus-
trates the indexing of the decomposition. To reflect the multilevel and nonstationarity
following the commonly used tree structure in computer science, we shall use vectors
(Bi,...,Br) assigned to matrices, filters, and data, where each entry f; indicates
whether this object is related to the computation of scale j or a coarser scale, and if
yes, whether the data at scale j to reach this object was generated by a low-pass or
high-pass filter.

Let us now be more specific. Recall that Ny := NU {0}. The original data is
assigned the index 0 := (0,...,0) € NJ, and we set £ = {0} = {(0,...,0)}. For
the indexing of the low-pass filters, we define Z = {1,...,so} and, for the high-pass
filters, Ié{ ={so+1,...,70}, where sg < 79 and rg is a positive integer. In that
sense sg partitions the filters into low- and high-frequency filters. If sg = rg, then
T = (). Thus, matrices and filters in the first step of the decomposition are labeled
by (£,0,...,0) € NJ, ¢ € I for the low-frequency objects, and (£,0,...,0) € N{,
¢ € T for the high-frequency objects. For our convenience, we further introduce the
notation

Ly =Lio={((0,...,00eNJ : L T}}
and
£ =iy ={(,0,...,0) eNJ : L € I§}

to denote the indices for the low- and high-frequency objects in the first decomposition
layer. The associated filters ag, 3 € L£LF U LI for the first decomposition step are
required to satisfy condition (ii) in Theorem 2.2, i.e.,

Z ag(§as(§ +2mw) = d(w), w € Qo =Ro,...0)
pe{veLtuli : weQu,}

where M, are d x d invertible integer matrices, Qu, := [(MI)71Z9] N [0,1)¢, and
Q,....0) = Userrucrim,.

The matrices and filters which are used in the jth step will then be labeled as
follows. We first assume that in the (j—1)th step the sets Ej{l and EJI-{l were already
constructed. Then, for some 8 = (f1,...,5;-1,0,...,0) € Ef_l, we define

Ié“ ={1,...,s3} and Iéq ={sg+1,...,rg} with 1< sg <ra,
as single labels in the new decomposition layer for the matrices and filters. To take

the whole tree structure into account, we now define the set of new low-pass related
indices arising from 8 = (f1,...,5j-1,0,...,0) by

Lrs={(p1,....$j-1,4,0,...,0) eNy : L € I}}



10 B. HAN, G. KUTYNIOK, AND Z. SHEN

and the same for the set of all high-pass related indices,
Ly ={(B1,...,Bj-1,£,0,...,0) e NJ : £ € T}'}.
We further set
L L H H
ﬁj = UBeLf,lﬁj,ﬁ and ﬁj = UBELJL,lﬁj“B’

the complete set of low-pass and high-pass indices in step j, respectively. Now let
o€ Ejﬂl. To ensure perfect reconstruction, according to Theorem 2.2, the associated

filters ag, 8 € Eﬁa U Efa must satisfy

> a3(9)ap(€ +2mw) = 6(w),  w € Qa,
Be{veLy ULl weQu,}

where Q, = UVGZ:,LQU[:;{@QM’Y'

Next we describe the general multi-level decomposition algorithm explicitly using
the indexing that we just introduced. For illustrative purposes, before presenting the
complete algorithm, we display the first decomposition step as well as one part of the
second decomposition step in Figure 2.1.

| {vg =Ta, mavo: B €Ly =1{w0, ..., 0):¢ezdly |
8-Mg ,
[
Feorioo] [egrzno] * + -
| {vﬁ=Ta81MBu0:5eLfO={(Z,o ,,,,, 0):¢ezfy |

|“(1,0 ,,,,, o)l | v(2,0,..., O)I * o o Y(s0,0,..., 0)

\

H i
|{1’5 = TagMg¥(2,0,...,00 P € L5 30,00 = {260 O LETGH, o)}|

|v(2,5(2’0 ‘‘‘‘‘ 0) 1.0, o} |v(2,5(2’0 ‘‘‘‘‘ 0)+2.0,.., o)l o0 (U250, 0):0- s 01

|{Uﬂ:Taﬂ’M6v(2’O 1111 0>:5eaz§1<2’0 11111 o):“2’@«0’-“«0):Zezé,o,...,o)}l

|”<2,1,o,...,o)| | v(2,2,0,...,o)| . . o | ¥(2,5(2,0,...,0):0-+» o)l

FiGc. 2.1. The decomposition structure of (FAD) illustrated through the first complete step
and the second step shown exemplarily through the decomposition of v(2,0,...,0)- The low-frequency
components, which will be processed further, are gray-shaded.

In Figure 2.2, we now describe the general multi-level decomposition algorithm
explicitly. This decomposition can be implemented as the usual fast wavelet transform
with a tree structure. We remind the reader of the introduced notion of transition
and subdivision in Subsection 1.1.

The fact that the filters are chosen to be perfect reconstruction filters allows us to
reconstruct the data by application of appropriate subdivision operators as displayed
in Figure 2.3.

3. Relation with Continuum Setting. We next intend to relate the ‘digital
conditions’ on the filters to ‘continuum conditions’ for associated function systems, in
particular, frame systems.
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FAD (FasT ADAPTIVE DECOMPOSITION)

1)

Parameters:

Data v € l2(Z4).
Number of iterations J € N.
Set of all indices £ := U}]=1 Ly U;I:l .

Number of decompositions rg for each position 5 € Eijl, 7=1,...,J.
Separators between low- and high-pass parts sg < rg for each position
Bell ,j=1,....J.

Sequence of finitely supported filters ag € 12(Z?), B € L, satisfying the
conditions in Theorem 2.2.
Sequence of matrices (Mg)ge satisfying the conditions in Theorem 2.2.

Algorithm:

Set Vg = ’U(()’M’()) = .

2) For j=1,...,J do
3) For g e LF,, ac Ll do
4) Set vg = Tas My Va-
5) end;
6) For g e Ll aeLl  do
7) Set wg = Tas MsVa-
8) end;
9) end;

Output:

e Low-pass coefficients vg, where 5 € Eg.
e High-pass coefficients wg, where 3 € U;.jzl L'f.

Fic. 2.2. The FAD Algorithm for a fast adaptive decomposition using affine-like systems.

3.1. Characterization Equations. As before in Theorem 2.2, we only consider

one level.

The conditions we will derive then need to be satisfied for each step in the

iteration, and the choice of a non-stationary or stationary scheme is left to the user.
For a function f : R? — C and an invertible d x d matrix U, we shall use the
notation as in (1.1).
We can now formulate the condition on prefect reconstruction in terms of a con-
dition in the function setting. Notice that here we again consider the most general
situation of Theorem 2.2 as opposed to Corollary 2.3.
THEOREM 3.1. Let My, 0 < £ < r be d X d invertible integer matrices, and let

ay, ! = 1,

..., 1, be finitely supported filters. Let ¢ be a nontrivial compactly supported

function in Lo(R?). Then the following conditions are equivalent:
(1) For all v € I5(Z%),

T
E SaeyMz,Elz,Mev =1

=1

(ii) For each f,g € La(R?),

r

Z <fa ¢M0;k> <¢Mo;kvg> = Z Z <f7 wiﬂleo;ka'{A;lMo;k’g)’ (31)

kezd =1 kez?
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FAR (FAST ADAPTIVE RECONSTRUCTION)

Parameters:
e Number of iterations J € N.
e Set of all indices L := U}]=1 EJL U U}]=1 EJH.
e Number of reconstructions rg for each position 8 € Eijl, 7=1,...,J.
e Separators between low- and high-pass parts sg < 73 for each position
pelk ,j=1,...,J.
Low-pass coefficients vg, where 5 € Eﬁ.
e High-pass coefficients wg, where g € szl Ef.
e Sequence of finitely supported filters ag € 12(Z?), B € L, satisfying the
conditions in Theorem 2.2.
e Sequence of matrices (Mg)ge, satisfying the conditions in Theorem 2.2.

Recursive Algorithm:
1) Forj=J—1,...,0do

2) For a € EJL do
3) Set vy = ZBELJLH,Q Sas M08 + Z’veﬁfHﬂ Sa M, W .
4) end;
5) end;
Output:

e Data vo = v(q,....0) € 12(Z%).

Fic. 2.3. The FAR Algorithm for a fast adaptive reconstruction using affine-like systems.

where ¢m,x is defined as in (1.1) and ', ..., ¥" are defined by ﬁ(l\/lgf) =
ar(§)o(§), that is,

P = | det(Mo)] Y ap(k)$(My - —k).

kezd

Proof. We first recall that (i) is equivalent to (2.7) by Theorem 2.2. The strategy
will now be to show that (ii) is equivalent to (2.7).

For f,g,n € La(R?) and an invertible real-valued matrix U, we have

(fonua) = (| det(U)| T2 FU 1), (- — k) = (fu-1,0,N145k)- (3.2)

It is now easy to see that (3.1) holds if and only if it holds for My = I;. So, we
assume that My = I in the following proof. Using the Fourier-based approach (e.g.
[24, Lemma 3]) and Parseval identity, we have the following known identity:

S (o s 0) = 2" [ S FOTET 200 W@e + 200 (33

kezd RE | ezd

for all f,g,n € Lo(R?). In particular, (3.3) holds if n = ¢. Moreover, applying (3.2)
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and (3.3), we have

D g W0 ) = D (o UL (00 9Mc0)

kezZa kezd
(27) / 3" Fueo(€)amn0(€ + 2mk) YL (€Y (€ + 2mk)dé
Ry cza
@m)9desMo)l ™ [ S FMT)T1€)a((M})~1(€ + 2mk)) b2 (€) (€ + 2mk)dE.
RY \eza

Changing from the variable £ to My¢ in the last identity and summing over ¢, we end
up with

ZZ 5 M lk wM 1o 9)

=1 kezd

(2m)¢ Z 3" F(©)5(E + 2n(M])~Tk) GEMTE) Y MTE + 2mk)de.

Ry weze

Since Y£(MT€) = ar(€)d(¢), we have

(3.4)

PUMTEPLMTE + 2mk) = Gp(€)an(€ + 2m(M]) k) () (€ + 2m(M] )~ k).

Note that Z¢ is the disjoint union of M}w + I\/I}Zd for every w € Q,. Now we deduce
that (3.4) becomes

ZZ Lot 100 W10 9)

=1 kezd
(2m) / F(O)G(E + 27w + 27k) @p(€)ar(€ + 2mw)
Rz 1wEQM kEZd
¢(§)¢(§ + 27w + 27k)d€
(2m) / Z Z F(O)G(€ + 2mw + 27k) Eq@(f + 27w + 27k)
weN kezZd

Z ap(&)ap(€ + 2mw)dE,

Le{1<n<r : weQM, }

where  := Uj_,Qu, as in Theorem 2.2. Hence, (3.1) is equivalent to

/ G+ 27K) S(€)(€ + 27k)de
R4 kezd
/ >3 F(©)3(E + 2mw + 27k) H(E)H(E + 27w + 27K) (3.5)
weN kezd

Z ap(&)ar(€ + 2mw)dE.

Le{1<n<r : wEQM,, }

Since (2.7) holds, it is obvious that the above identity in (3.5) holds and therefore,
(iii) holds.
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Conversely, if (i) holds, then (3.5) holds. Now we use a similar argument as
in [24, Lemma 5] to prove that this implies condition (ii). For this, we note that
N+74 ={w+k : we ke Z is a discrete set without any accumulation
point. For any arbitrarily chosen but then fixed wy € Q and & € R, we can take any
functions f,g € Ly(R%) such that the support of f is contained inside B.(£y) and the
support of § is contained inside B¢(§ 4+ 2mwy). As long as € is small enough, it is not
difficult to see that

f©gE+2rk)=0  forall k € [Q+ Z¥\{wo}.

Now it is easy to see that (3.5) becomes

Sen) [ HOTOHEHE)e

= [ HOTETImd @i +2ma) Y G+ 2

te{1<n<r : weQm,, }

Note that ¢3(§) # 0 for almost every & € R%. Since the above identity holds for all
functions f,g in Lo(R?) as long as the support of f is contained inside B.(&p) and
the support of ¢ is contained inside B.(§ 4+ 27wy), we now easily deduce from the
above identity that > ,c 1<, <, . weQm, } ap(&)ap(€ + 2mwp) = d(wp) for almost every

¢ € B(&). Since wp € © and & € RY can be arbitrarily chosen, we now conclude
that (2.7) holds.

The theorem is proved. O

If r =1 and My = I; in Theorem 3.1, then we must have a3 = 1 (that is, a3 = 9)
and consequently for this particular case, T, 1,v = v and Sy, 1,v = | det(M)|v, that
is, up to a multiplicative constant, the data is just copied.

3.2. Tight Frame Structure. For any positive integer J, we now construct a
tight affine-like frame AS; in La(R?) corresponding to the decomposition and recon-
struction algorithms, (FAD) (Figure 2.2) and (FAR) (Figure 2.3), respectively. Let
a be a filter on Z¢ and Mg be a d x d dilation matrix, for example, My = 2I; and a
is a tensor product filter. We assume that

B(&) = Ha«ME)*Jf), ¢ e R

is a well-defined function in Lo (Rd) and we also assume that there exist filters by, . .., b,
such that

T
a(&)al€ +2mw) + > be(E)be(€ + 2mw) = d(w),  w € Qm,.
r=1
Based on these, we then define

PEMTE) = bu(©)d(e),  L=1,...,m

Then the system

WS, ... ") = {%g;w---v%g;k . jeZ,kez}
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forms a tight frame in Ly(R?) by the Unitary Extension Principle of [34] (see also
10, 21)).

Next, we use this standard tight frame system to derive a new tight affine-like
frame AS; in La(R?) corresponding to the decomposition and reconstruction algo-
rithms, (FAD) (Figure 2.2) and (FAR) (Figure 2.3), respectively.

First, denote

1/}(0,...,0) _ (ZS
Then, let 8 € L5UU;_, LI with B € £ ), B € LF ,or pe £l ), BV e LE
for some j € {1,...,J}. Then we recursively define affine functlons by
VAMEE) = ag(E)vP™ (€).
Further, let 3 € a2 etc. Using this sequence, we recursively define matrices
by
Np = M Mg(l) Mgu 1>Mgm

We now define the associated affine-like system in the following way:
DEFINITION 3.2. Retaining the introduced notions and definitions, the affine-like
system AS ; is defined by

J
; :{%g;w---v%g;k : JkeZd}U{wN Mk kezd,pechul]Lly,
j=1

where we also employ the notation introduced in (1.1).
We next show that this system — although in general not forming an orthonormal
basis — still always constitutes a tight frame.
THEOREM 3.3. For any positive integer J, AS; is a tight frame for Lo(R?).
Proof. By Theorem 3.1, it is not difficult to deduce that

B 2 _ B 2
Yo D AP D D el
peckuct kezd peLk | kezd
Now from the above relation, we see that

Yoo D M mdl” = 2 W O = 3 1 dwga

,@egguuj:l LJH kezd kezd kezd

By our given assumption on ¢ and ',..., 9", it is known that {d)be;k ko€
74} U {wfﬂj'k s j=JkezZl f=1,...,r}is atight frame for Lo(R?). Consequently,
0’

)OREED TACHWNIES 35 B DAITATARICE i

L H d i=J 1 d
BeLy UU]: Ll kEZ J £=1keZ

Hence, AS is a tight frame for Ly(R4). O
Next we analyze the approximation order of the affine-like system AS ;. For this,
for 7 > 0, we recall that H™(R?) consists of all functions f € Ly(R?) satisfying

= Ty L, 1Pl < o
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We say that a filter a : Z¢ — C has 7 sum rules if

> a(n+Mok)(n + Mok)? = 3~ a(Mok)(Mok)”

kezZa kezd

for all n € Z% and for all 8 = (B,...,B4) € (NU{0})? such that 0 < S1,...,8q4 <
7Bt fa< .

It follows from Theorem 3.3 that for any f € Lo(R?), expanding f under the tight
frame AS ;, we have

oo T

f= Z Z fvaﬂMJk wNBMJ k Z Z MJ k> f/lg;k

ﬂEﬁLULL: Lfkezd j=J {=1 kezd

with the series converging absolutely in Ly (R%). We now consider the truncated series

Prf = Z Z f’wNﬁMJk wNﬁMJ;k'

peLhulUy_, £ kezd

By the same argument as in Theorem 3.3, it is not difficult to deduce that

Prf = {f g oy

kezZd

The next theorem now follows from well-known results (see, e.g., [10, 22, 26] and
references therein).

THEOREM 3.4. Let AS; be the tight frame for Lo(R?) introduced in Definition
3.2. Suppose that My is isotropic, that is, Mg is similar to a diagonal matriz with
all entries having the same modulus. If the filter a has T sum rules, then AS; has
approzimation order T, that is, there exists a positive constant C such that

If = PrfllLogay < Cldet Mo| =™/ f| e gay  for all f € H"(R),J € N.

3.3. General Construction of an AMRA. Based on the work in [20, 21], we
shall first propose a general construction recipe for an AMRA. Then we shall present
two concrete examples in Subsections 3.4 and 4.3 to illustrate the general construction.
Let us start by recalling the comments after Corollary 2.3, in which it was pointed
out that the construction of a sequence of dilation matrices My, 1 < ¢ < r, ie.,
invertible integer matrices and filters ay, ¢ = 1,...,r satisfying (2.7), depends only
on the generated lattice MyZ% 1 < ¢ < r. Hence we first present a very general
construction of such a sequence of matrices and filters provided that the matrices
satisfy MyZ? = MZ? for all 1 < ¢ < r for some matrix M, which was the hypothesis
of Corollary 2.3.

For this, we first fix a sublattice I' of Z%. Obviously, there exist many d x d
matrices M such that MZ? = I". We now construct a set of tight frame filters for such
a lattice I" so that

> a(@a€ +2mw) =6(w),  w € Q. (3.6)
=1
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As already mentioned before, the above equations in (3.6) only depend on Qy, which
in turn only depend on the lattice MZ¢ = I". Here we employ a technique as used in
[20, Cor. 3.4]. Since M is an integer matrix, it is a well-known fact from linear algebra
that there exist two integer matrices E and F such that |det E| = |det F'| = 1 and

M= EDF, D =diag(d,...,dm,1,...,1), di >...>dp > 1.

For the dilation matrix D, we first construct a tensor product tight affine frame filter
bank as follows. For each d,, > 1, one can easily construct a one-dimensional tight
frame filter bank u,, ¢ =1,... 74, such that

Td n

> a(©)w(E+2mw) = 6(w),  we {05, ) (3.7)
=1

For the construction of (compactly supported) one-dimensional tight frame filters,
there exist a long list of references; examples are [10, 21, 22, 34].

Now we construct a tensor product filter bank by constructing filters U, . 0,
on the lattice Z¢ as follows:

Uiy,ot0) By -+ s By Bty - -+ Ba) i= e, (B1) - - - we,,, (Bm), Bi,...,Bq € Z.
(3.8)
This generates a total of r := H;nzl rq; filters. We reorder them as Uy, ..., U,.
By the definition of Q2pp, we see that QQpr has the tensor product structure:

Qpr = {0, gy g} X x {0, gy ooy g} x {0} x -+ x {0} (3.9)

By the tensor-product structure in (3.8) and the tensor-product structure of Qpp in
the (3.9), using (3.7), one can easily check that

S U@)Ui( +2mw) = 6(w), € €R™ (3.10)

wEQDF

Now we define a;(&) := /U;(ETQ, ¢cRland £ =1,...,r. By M = EDF and the
definition of Qv in (2.4), we have Qu = {ET¢ | ¢ € Qpr}. Changing from the
variable ¢ to ET¢ in (3.10), we deduce that

S @(O@E + 2mw) = 0(w), R (3.11)

wENMm

In other words, using a tensor product construction, for any sublattice of Z¢ generated
by MZ<, we can easily obtain a set of (compactly supported) tight affine(-like) frame
filters satisfying (3.11). It is very important to notice that the above construction only
depends on the lattice MZ? instead of the dilation matrix M itself. For more details
on construction of high-dimensional wavelet filter banks using the tensor product
methods, see [20, 21].

Next, we shall present a general construction of tight affine(-like) frame filters to
fulfill the need in this paper. Suppose that we are given a group of dilation matrices
Mg, ¢ = 1,...,r. To achieve directionality, as discussed above, only the dilation
matrices for the low-pass filters will be important. In other words, if shear matrices
are involved, i.e., direction-based matrices, they play an important role for low-pass
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filter only and for high-pass filters, the choice of the dilation matrices does not matter,
since no further decomposition will be performed for high-pass coefficients.

We group these dilation matrices into subgroups according to their lattices M,Z<:
if the lattices MyZ% = My Z? are the same, then My, My are grouped into the same
group. For each dilation matrix in a subgroup, we only use a fixed set of tight affine
frame filters that are constructed for that lattice. In other words, for a given lattice,
we have a set of tight affine frame filters and we have complete freedom in choosing
the direction-based matrices, for instance, shear matrices, to achieve directionality as
long as the resulting lattice is the same given lattice.

Suppose now that we choose N sets of such tight affine frame filters for all the
groups of dilation matrices. Since these N sets of tight affine frames are completely
independent, when we put them together to get one whole set of tight affine frame
filters, we have to multiply the factor \/—% to every involved filter in the set. Now it
is straightforward to see that the total collection of all such N sets of renormalized
tight affine frame filters indeed forms a collection of tight affine frame filters satisfying
(2.7), where r is the total number of all the involved filters. It is also very important
to notice that the renormalization of the filters does not reduce the directionality of
the tight affine frame system, since the coefficients in the same band has the same
ordering of magnitude as the one without renormalization.

3.4. An Example of Applications of AMRA. Based on the general con-
struction of an AMRA discussed in the previous subsection, we now present one
explicit example of an AMRA and discuss applications to image denoising, see also
[25]. Even though we will construct a wavelet frame system consisting of piecewise
linear spline exhibiting a relatively simple AMRA structure, some improvements in
image denoising can already be observed as compared to regular MRA framelet based
denoising. Since however applications are not the focus of this paper, the example
given here shall only illustrate the potential of our framework and show how to utilize
this general construction in particular applications.

Let now the filters ug, u1, and us be defined by

up(§) :== ieig(l + e %)% uy(€) == g(e_i5 —e), uy(é) == %e’f(e_i& —1)%. (3.12)

Notice that ug is the refinement mask of the centralized piecewise B-spline ¢(x) =
max (1 — |z|,0). Then the following UEP condition is satisfied (see [34]):

S @)@ €+ 2mw) = 6(w), w e {0, 4},

=0
At each level j, we now choose the dilation matrices Mj,, £ =1,...,7; by
M; o = Ej Moy,
where Mg = 21, and Fj;, { = 1,...,r; with r; <5 are chosen from the set of shear

matrices:

(o0 ) (o) (i) (o) (L )r

which we label for later purposes by E1,..., E5. We wish to mention that MMZ2 =
272 for all £ = 1,...,7; is ensured by this choice. At each level j, we now use the



ADAPTIVE MRA STRUCTURES AND SHEARLET SYSTEMS 19

TABLE 3.1
PSNR wvalues of Numerical results using framelet based £1 norm regularizations for image de-
notsing with o = 20.

denoising “bowl256” “barbarab12” | “baboon512” | “zebra512”
MRA framelet 28.77 27.39 25.81 28.19
AMRA framelet 29.88 28.05 25.91 28.57

Sequence Of Ek (El, E5, Eg) (EQ, E47 E3) (El, E47 Eg) (El, Eg, E4)

following tensor product filters:

aﬂl,fz(ﬂlaﬂ2) = Uy, (ﬂl)uéz(ﬁQ)a ﬂlaﬂQ S Z2; 61762 = 07 ]-a 27

where ag o is the low-pass filter and the other filters as, ¢, are high-pass filters. The
choice of E;, for each level j is adaptive to the content of the given images. We
expect such an adaptive nonstationary framelet system with associated AMRA to
provide much sparser approximations of images, while associated transforms show
the same computational efficiency and implementation simplicity as for 2D tensor
product framelet systems.

The benefit of using such an AMRA framelet system is demonstrated for image
denoising, see also [25]. In the experiments, the noise component is synthesized by
Gaussian noise with noise level ¢ = 20. Then the image is recovered from the noisy
observation X by solving the following balanced minimization mode of [37, 13]:

o1 N K - .
Fi=WTo v =minz|IX = W3+ 21— WWT)3|3+ Ao,

where W denotes the linear decomposition — the inverse being W' due to the tight
frame property — and X = f + e denotes the noisy observation of the original image
f corrupted by Gaussian noise € with variance 0. The APG method as given in [37]
is then used to solve the above minimization with x = 5 and A = 0.11. Throughout
the experiments, a three-level decomposition (J = 3) of AMRA framelets is applied
and at each level the choice of the matrix Fj;, is automatically determined by some
simple analysis on the output of the framelet coefficients. The PNSR values of the
results from both regular framelets and AMRA framelets are listed in Table 3.1 and
sample images are shown in Figure 3.1. It is evident from the numerical results that
AMRA framelets are superior to regular MRA framelet in terms of both PSNR, values
and visual quality.

4. Shearlet Systems with an Associated AMRA. In this section, we will
apply our general framework to the special case of shearlets. This leads to shearlet
systems, especially compactly supported ones, associated with an AMRA structure
and fast decomposition and reconstruction algorithms. We anticipate that our con-
siderations will improve the applicability of shearlets to various applications.

4.1. Traditional Shearlet Systems. The continuum shearlet transform with
discrete parameters [17, 29] for functions in Lo(R?) uses a two-parameter dilation
group, where one parameter indexes scale, and the second parameter indexes orien-
tation. For each ¢ > 0 and t € R, let A, denote the parabolic scaling matriz and S*
denote the shear matriz of the form

[ c 0 e (1t
AC'(O \/E>’ c>0 and S'(O 1), t€R, (4.1)
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(c) (d)

FiG. 3.1. (a) Original image “Barbara”; (b) Noisy image with o = 20; (c) Results from MRA
framelet; (d) Results from AMRA framelet

respectively. To provide an equal treatment of the z- and y-axis, we split the frequency
plane into the horizontal cone

Co={(&,&) eR*: |&] 2 1, & /&) > 1},
the vertical cone

G ={(&,&) ER? 1 |&] 21, |G /6] < 1Y,

as well as a centered rectangle

R ={(6,&) € R ||(&1,&)ll < 1}

(see Figure 4.1 (a)).
For cone Cy, at scale j > 0, orientation k = —27,..., 27, and spatial position
m € Z2, the associated shearlets are then defined by

op = 2j%w(SkA4j - —m),
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g 7z

(a) (b)

FiG. 4.1. (a) The cones Cy and C1 and the centered rectangle R in frequency domain. (b) The
tiling of the frequency domain induced by discrete shearlets.

il

— ]
I—

where n = (4, k,m,¢) index scale, orientation, position, and cone. The shearlets for
C; are defined likewise by symmetry, as illustrated in Figure 4.1 (b), and we denote
the resulting shearlet system by

{og:meNgx {—27,...,27} x Z* x {0,1}}. (4.2)

This is an affine-like system as defined before.

Notice that we chose a scaling of 47. Shearlet systems can be defined similarly for
a scaling of 27, however, in this case the odd scales have to be handled particularly
carefully.

One particular interesting shearlet generator is the function ¢ € Lo(R?) defined
by

Y(€) = P(&1,&2) = ¥1(&) 152(%)7

where ¢y € L2(R) is a wavelet with ¢; € C°(R) and supp ¢ C [—4, -1 U4, 4],
and 1, € L2(R) is a ‘bump’ function satisfying ¢, € C*°(R) and supp 12 C [—1,1].
Filling in the low frequency band appropriately, with this particular generator the
shearlet system (4.2) can be proven (see [17, Thm. 3]) to form a tight frame for
{f € La(R?) : suppf C Co U Cr}.

Concluding, the definition just discussed shows that shearlets live on anisotropic
regions of width 2727 and length 277 at various orientations, which are parameterized
by slope rather than angle as for second generation curvelets.

4.2. Shearlet Unitary Extension Principle. Let us now apply Theorem 2.2
to the special situation of shearlet systems. This leads to the following result, which
we could coin the ‘Shearlet Unitary Extension Principle’.

THEOREM 4.1. Let S",... S% be a selection of 2 x 2 shear matrices in (4.1).
Let ap,¢ = 1,...,r, be finitely supported filters on Z?. Then the following perfect
reconstruction property in the discrete domain holds:

T
§ 2
Sag,S‘£A47;4,S‘éA4U = Uﬂ S l2(Z )ﬂ
{=1

if and only if, for any w € Q = J;_; Qe a,, where Qge, 4, == [(ST)(3Z x 3Z)] N
[0,1)%,

> G(€)a(E T 2mw) = b(w),

Le{1<n<r : wegt, A4}
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where § denotes the Dirac sequence such that §(0) = 1 and é(w) =0 for w # 0.

4.3. Shearlet Constructions and Algorithms. We next focus on explicit
shearlet constructions. For this, we recall that the dilation for shearlets is composed
of a shear matrix S% with ¢, € Z and a parabolic scaling matrix A, with ¢ = 4 in
(4.1). Thus, at each level of the decomposition, the matrices My will be chosen as

M, = S Ay,

for some shear matrices S* such that the selection of the shear matrix parameters
ty € Z should be driven by the particular application at hand, and A4 is the parabolic
scaling matrix, where the choice of the value 4 (in contrast to 2) avoids technicalities
caused by square roots. As already elaborated upon before, which of those matrices
will be labeled low- and which one high-pass is left to the user.

Aiming towards examples for possible filters for the Shearlet Unitary Extension
Principle, we first observe that there exists only two different lattices in Theorem 4.1:
Consider the product St A4. If ¢, is an even integer, then

Sté A4Z2 = A4Z2;

if ty is an odd integer, then

St A, 72 = SA, 72, where S = S' = ((1) D .

Hence, we only need to design two sets of tight shearlet frame filters in advance
for the lattices A4Z? and SA4Z?, respectively, following the general construction
in Subsection 3.3. Then we have complete freedom in choosing the shear matrix
parameters t, to obtain a whole set of tight shearlet frame filters satisfying perfect
reconstruction (see condition (i) in Theorem 4.1).

Let us now provide a concrete construction, which is also a special case of the
general construction of an AMRA described in Subsection 3.3. For this, let ug, u1, us
be the filters defined in (3.12) and set

o (&) = %6@1'35(1 + e )2(1 4 emi2)2,

i1 (€) = {—§€i35(e‘i5 — (14 e )31 4 e ),
fia(€) = 75T~ 172(1 + e,

(©) = e D+ e,

a(€) = geif(e—if 12,

ug(€) == geﬂf(e*i6 —1)%

One can directly check that uy,...,ug satisfy the Unitary Extension Principle with
dilation 4:
6
> (@€ +2mw) = 6(w),  we{0,4 3,3}
£=0
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For the lattice 4472, we use the following tensor product tight framelet filter bank:

a€1,€2(61752) = ﬂel(ﬁl)’l’w?(BQ)a 617B2 € ZQagl = 0) .. '765 62 = 0) 1725

where ag ¢ is the low-pass filter and the other filters a,, ¢, are high-pass filters.
For the lattice SA4Z?, we simply use the sheared tight framelet filter bank
¢y 05,01 =0,...,6 and ¢ =0, 1,2, where

—

a‘ll,& (E) = @(STf)a §e R2.

Depending on the application at hand, we can adaptively choose the shear matrices
to achieve flexibility and directionality for various types of data. There are certainly
various other choices of tight framelet filter banks which can be employed in our
construction of an AMRA.

Each such a choice of filters for each level then leads to a Fast Adaptive Shearlet
Decomposition associated with a Fast Adaptive Shearlet Reconstruction. Those two
algorithms are described in Figures 4.2 and 4.3. Notice that here — as already in the
general version of (FAD) and (FAR) — the shear matrices can be chosen differently
at each level of the decomposition. We can envision that this adaption can be made
flexible dependent on a quick analysis, say, thresholding of the data outputted in the
previous decomposition step. The algorithm leaves all those possibilities open. The
great flexibility provided here should be utilizable for each particular application.
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FASD (FAST ADAPTIVE SHEARLET DECOMPOSITION)

Parameters:

Algorithm:

2) For j=1,...,J do
3) For g e LF,, ac Ll do
4) Set vg = 7:1/3,3/3A4Ua-
5) end;
6) For ge L, aeLl  do
7) Set wg = 7;[375[3,44”0&.
8) end;
9) end;

Output:
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e Number of iterations J € N.
c 9. A L J H
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4.1.

1) Set wo = v(o,....0) = V-
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FASR (FAST ADAPTIVE SHEARLET RECONSTRUCTION)

Parameters:

Recursive Algorithm:

2) For a € EJL do
3) Set vo = ZBE[,JLH’Q 80375;3144”5 + Z’yeﬁfﬂﬁ ‘SamS/iAAle'
4) end;
5) end;
Output:
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e Sequence of finitely supported filters ag € 12(Z?), B € L, satisfying the
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4.1.

1) Forj=J—1,...,0do

e Data v, o) € Io(Z%).

29]

30]
(31]

(32]
(33]
(34]
(35]

(36]

(37]

Fic. 4.3. The FASR Algorithm for a fast adaptive reconstruction using shearlet systems.

Based on Pseudo-Polar FFT, Wavelets XIII (San Diego, CA, 2009), 74460B-1 - 74460B-13,
SPIE Proc. 7446, SPIE, Bellingham, WA, 2009.

G. Kutyniok and D. Labate, Resolution of the Wavefront Set using Continuous Shearlets,
Trans. Amer. Math. Soc. 361 (2009), 2719-2754.

G. Kutyniok and W.-Q. Lim, Compactly supported shearlets are optimally sparse, preprint.

G. Kutyniok and T. Sauer, Adaptive directional subdivision schemes and Shearlet Multiresolu-
tion Analysis, SIAM J. Math. Anal. 41 (2009), 1436-1471.

E. Le Pennec and S. Mallat, Bandelet image approzimation and compression, Multiscale Model.
Simul. 4 (2005), 992-1039.

W. Lim, Discrete Shearlet Transform: New Multiscale Directional Image Representation Pro-
ceedings of SAMPTA‘09, Marseille 2009.

A. Ron and Z. Shen, Affine systems in L*(R%): the analysis of the analysis operator, J. of
Funct. Anal. 148 (1997), 408-447.

A. Ron and Z. Shen, Affine systems in L?(R%): dual systems, J. Fourier Anal. Appl. 3 (1997),
617-637.

Z. Shen, Wavelet frames and image restorations, in: R. Bhatia (Ed.), Proceedings of the
International Congress of Mathematicians 2010, Vol IV, Hyderabad, India, Hindustan Book
Agency, pp. 2834-2863.

Z. Shen, K. C. Toh, and S. Yun, An accelerated proximal gradient algorithm for frame based
image restorations via the balanced approach, preprint (2009).



