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Abstract

We establish an inversion formula and a convolution—backprojection algorithm for the k-plane transform (0 < k < n) based on
the wavelet theory. If k =n — 1, the proposed convolution—backprojection algorithm provides a novel method for the inversion of
the Radon transform. We demonstrate that the proposed algorithm is easy to implement for global image reconstruction as well as
local image reconstruction with the Lemarie—Mayer’s wavelets.
© 2006 Elsevier Inc. All rights reserved.
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1. Introduction

The k-plane transform of a function f in R”" is its integral on k-dimensional planes of R". Assume that 7 is a
k-dimensional plane of R". The k-plane transform of f is

R f(x"Y=Rf(m,x") = / Fx+x"dx, (D

where x = x’ + x” is the orthogonal direct sum decomposition of x € R", x’ € 7 and x” € . The inversion of the
k-plane transform is to find the function f given all Rf (7, x”). All the k-dimensional subspaces in R" forms the
Grassmann manifold G, x. The k-plane Radon transform Rf (7, x”) of a function f € L?(R™) is defined on a fibre
bundle T (G x) with base space G,  and fibres isomorphic to R" % Whenk=n—1lork=1, Guix= $"—1 Hence,
for k =n — 1, Eq. (1) is the conventional Radon transform [9], Rf (w, p) = fxw:p f)ydx=[ 1 f(x'+ pw)dx'.
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Wavelet transform has been applied to find the inversions of the k-plane transforms in [1,6,10,12,13]. The recent
developments of so-called ridgelet transforms have been promoted by D. Donoho, E.J. Candés and their collaborators
[2,4]. Let ¢ be a proper wavelet. The wavelet transform of R f(x”) is

INT N Al _nzk |x —x" —b|
Wy Ry f(a,b) = / Ry f(xX)Vap(x")dx"” = |a|™ 2 / f(X)1ﬂ<?> dx, @
al R"

which is called the k-plane ridgelet transform of f. A Parseval-like relation for this transform in case k =n — 1
has been established independently by Murata [7], Candés [2] and the author [10], from the perspective of neural
networks, approximation theory and the inversion formula of Radon transform, respectively. Rashid-Farrokhi and et
al. [11] proposed an algorithm to reconstruct the local image using local data and extra margin data in discrete wavelet
case based on some wavelet bases with sufficiently many vanishing moments.

In the present paper, we developed a Parseval-like relation of the k-plane ridgelet transform equation (2). We
derived a wavelet inverse formula for the k-plane transforms and established a convolution—backprojection algorithm
for the k-plane transform. It is a generalization of the classical convolution—backprojection algorithm [5] in both forms
and dimensional numbers and different from those in [12,13]. For R2, the algorithm can be used to reconstruct local
image as well as global image and is easier to implement utilizing less margin data than the algorithm in [11].

The paper is organized as follows. In Section 2, we derive the wavelet inversion formula and convolution—
backprojection algorithm for the k-plane transform. In Section 3, we discuss implementation aspects and provide
stimulation results for R?.

2. The wavelet inversion and convolution-backprojection algorithm for the k-plane transform

In this section, we first prove an inversion formula for the k-plane ridgelet transform equation (2) in L2(R"), and
then a wavelet inversion formula and derive a convolution—backprojection algorithm for the k-plane transform. In
this paper, for a fixed k, if x = (x1,...,x,), we let X = (Xg41,...,x,) and |X| = ,/x,fJrl 4+ +x,%. ‘We assume that
the wavelet function ¥ (s) € L?(R) N LY(R) is an even function. Assume that ¥ (¥) = ¥ (]x|). The Fourier transform
of ¥ (|x|) with respect to x is lIA/(g) = fR"*k 1ﬂ(|)Z|)e_27”"?'g dx. It is easy to show that Iﬁ(é) is radially symmetric,
ie., lIA/(é) = 'f/o(|§|) for some function ¥y. For a fixed k, the admissible condition of the wavelet Y(x|) is Cyx =

k

i7 2 n— _
120, DL da < co. Let rq p(x) = lal =7 yr(222).

—00 |a|k+1
Let {eq, ..., ex} be an orthonormal system in R". The matrix W formed by W = (ey, ..., e,) is an orthogonal
matrix. Let 7o be the subspace of R" spanned by {eq, ..., ex}. {e1,...,ex} is an orthonormal basis of wg. Because
x' €mand x” € mt, we let
T T
x=x"+x"=mo(t1,....100)" + (Cht1s-s ) Tkt1s-stn),
where t; = el.Tx, i=1,...,n. Hence, x' = rronoTx and Eq. (2), the wavelet transform of R, f(x”'), can be written as

|x—n071gx—b\

Tf (0, a,b) = lal ™7 [on 009 (B2 g

Lemma. [14] Let f(x) € L'(R"). Then [y, f(x)dx = [ [0 f(0)|x[* dxdp.

Theorem 1. Let f € L*>(R") have compact support and g belong to the Schwartz space S(R™). Then

T - db
[ [ aa [ 150,00 G0ty = Cut i, 3
Gn,k —o0 JTl
and
1 T da p |x” — b| y |x — morr [ x — b
fx)=cC, /dM/ W/fR”f(x )W(T)dx W(+ db )
Gk —00 alnl

weakly in L. At any continuous point of f, the equality (4) holds in pointwise.
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Proof. In Eq. (3), let x = Wz and b = Wb'. Because b € -, we let b’ = (0, .. ., 0, b,’(H, ..., b)) and so

X — ol x —b = (exi1,-..,en)(Z — D). )

Using the Parseval equality with respect to variable z in the following, we then obtain

—b/ n— ~ = — T E -
Tf (o, a.b) = ||~ /f(sz('Z ')dz=|a|z" FweBo(alE)e 2774 g, ©)

Rn—k

where £’ = (0,...,0, &1, ..., Sn)T and 7 - E_ =z - &’. In the left-hand side of Eq. (3), we interchanged the integral
orders with respect to z and b by Fubini’s theorem and get

. y—b 5E (17— .~ A
/\e—ZJleéw(b)—')db: / g_271'lb-§1//(|y - |>db/=|a|(n—k)627[ly-§ wo(a|%-|) (7)

a
ol Rn—k

and

o ~ — ) o0 N b
[Yo(alé])l da — 1Bk [¥o(a)l
|a|k+1 a=|[§] |a|k+1
—0o0 —00

da = Cy x|E~.

By Lemma, we find that the left-hand side of Eq. (7) is equal to

Cor / / FOWENGWEDIE de'du = Cys / F07) de. ®)

Gy ik Rk

Therefore Eq. (3) holds. Because the Schwartz space S(R") is dense in L*(R"), it follows that Theorem 1 holds
by letting « tend to zero for a Gaussian function g(x) = g, (x), where « is the standard variance of the Gaussian
function. O

We also have the following convergent result in L>(R™).

Theorem 2. If function f(x) € L>(R") has compact support, then

A |/ =C / o [
42,800 Gnix  Ar<lal<Az

=0.
L2

Y |x"" — b| ” |x — 7T07T0T — b
[ [ (e

ain{|b|<B} 7t

The proof of Theorem 2 is the same as the proof of Property 1.4.1 of [3]. It is skipped due to the space limit.
By Theorems 1 and 2, we obtain the following two theorems.

Theorem 3. Assume f € L>(R") have compact support. Then

=0, ®
L2

Jim Hf(x) f d,u/R FGga(x —mord x — x") dx”

nk ot

at any continuous point of f, and lima_, oo | f(x) — fGnk di [ 1 Ry f(x")qa(x — mord x — x")dx"| = 0, where
A 2 ’
Fala)=2Cy} f%? O ds, ga(r) =2|5"*72| [3° Fa(@)a" ' h(2mat) da.
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Theorem 4. Assume that the function f € L>(R") has compact support. Then

=0, (10)
L2

Alim Hf(x)— / da)/Rf(t,a))qA(x-a)—t)dt

o=l oo
at any continuous point of f, and lima_ 0 | f(x) — f|w\:1 do [% Rf(t,)qa(x - @ — t)dt| =0, where Fa(a) =

20, I W’g,)“ d& and g (1) =2 [ Fa(a)a"" cos(2rat) da.

3. Implementation and simulation results in R?

Wavelet windows can be selected in various ways. Here we choose the wavelets such that supp [&(E)] el[-1,1]
and &(é) € C®. Hence Fj(a) € C*. F4(a) is different from the window functions of the classical convolution—
backprojection that are discontinuous at the endpoints of the windows [5]. It turns out in the following that the smooth-
ness of ¥ (£) is critical for local image reconstruction. Therefore we choose one of Lemarie-Mayer’s wavelets [8].

Let
T t t
a(r)={e“'» lfl<1, a1<t>=c1a(;), az(r>—c2a<2,,>
0, [t > 1 3 3

where C; is the constants such that foo o (t) dr = 2 ,0i(t) = ft a;(t)dr and 5;(¢) =sinb;(¢),i =1,2. Let by (t) =

s1(t — )s2(—t + 27) and ¥ () = b](E)e .Y € C®. Let Y (§) = vy (8”5). Then supp ¥ C [—1, 1].

The left- and right-hand sides of Fig. 1 are 512 x 512 pixel image of the original Shepp—Logan head phantom and
reconstructed image respectively by our algorithms using global data.

Now we discuss the problem of local reconstruction. Suppose f(x) € L>(R?) has a compact support. Then
Rf(w,s) € L*(Z). Let B(xp,t) = {x | |x — xg| < t}. We are to reconstruct the image on B(xg, R) using the pro-
jection data Rf (¢, 0) through B(xg, R + 7). Using integration by parts, we get

2 C(s)

1) = =502 T Gy (1D
5 2 C(As)
4A©) = A2GAS) =~ b s (5 00), (12)
for s # 0 where m is a positive integer, |C(s)| < Cy, 1/2 ImF ™= (a) + aF™ (a)|da. Let
+00
falx) = / dw / RF(t,0)q(x -0 — 1) dt, (13)

|w|=1 —0

Fig. 1. (a) Original image, (b) reconstructed image.
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R+1+xp-@
fr(x) = / dw / Rf(t,0)q(x - —1t)dt. (14)
|lw|=1 —R—14+x0-w
We have fr(x) = fa(x)— fr(x) = f\w|=1 dw lexo.wl?RH Rf(t,0)q(x -w—1t)dt. By the convolution-backprojection
algorithm, it follows that f4(x) is the global reconstructed image, fg(x), where x € B(xp, R), is the reconstructed
local image, and fg(x) is the truncated error. Let fg(x) — fe(x0) = R1 + R,

1 1 1
Ri=—— d Rf(t - X, dr,
=T / @ / fltao-x ”)((r—(x—x())mﬂ t2>

lw|=1 |t|>R+t1

. 2 CA(t — (x —xp)-w)) C(AD
Rz__iAm—z(Zn)’" /da) / Rf(t+x0.w,w)< = —x0) )" + o )dt

lwl=1  [t|>R+t
By Shwartz’s inequality, [R1| < C1(R, R+ ©)|Rf Il 2(z), where

i | 1\2
C1(R,R+T)=m(/ / <(t_(x_xo).x)2—t—2) dtd@)

0 [t|IZR+T

1/2

is a small number [9]. If x € B(x¢, R) and the margin data has k pixels, then
BCm | Rf Lo (z) < inf 4Cp RS |lL>(z)
(m —2)Am=1Qmym tm=1 = =2 (m — Dkm=1Qm)m=1d’
where d is the length of radial sampling interval of the projection data, A =1/d, R» depends on C,, and hence

depends on the chosen wavelet. In order to eliminate the unknown constant bias, we extrapolate the projections
continuously by constant extension on the missing projections [11]

(R, w), if |xplw-wo — (R+71) <t < |xolw - wo+ R+,
(R ocal(t, ) =1 (RFOIR+7T+x0-0,w), if £ > |xglw-wo + R + T,
(RA—R -1+ x0-w,w), ift <|xglw-wy— (R+ 7).

We use (Rf)iocal(t + x0 - w, w) as projectlon data to reconstruct the local image. Now for x € B(xg, R), the local
reconstructed image is given as fiocal(x) = | wl=1 do f R fiocal(£,0)q(x - @ — 1) dt.

Fig. 2. (a) Original image, (b) reconstructed image.

Fig. 3. (a) Original image, (b) reconstructed image.

[R>| <
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The right- and left-hand sides of Figs. 2 and 3 are the radius 50, 25 pixels local original image of Shepp—Logan
512 x 512 phantom and the reconstructed local images using local data with 4 pixels extra margin, respectively.
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