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Abstract

This work studies the mathematical foundations of computerized tomography
from the point of view of the Radon transform. Starting from the physical interpre-
tation of X-ray measurements as line integrals, we introduce the main analytical
tools needed to formulate the reconstruction problem, including Fourier analy-
sis, distributions, sampling theory and the Fourier slice theorem. We then discuss
several inversion procedures, with special emphasis on filtered backprojection and
Fourier-based reconstruction methods. Following the approach of Cascante et al.,
we also describe a gridding method for the numerical recovery of images from
discrete projection data. The final part of the work analyzes the computational
structure of the algorithm and the role of sampling, interpolation and filtering in
practical reconstruction. Overall, the aim is to show how the continuous theory
of the Radon transform leads naturally to implementable algorithms for medical
image reconstruction.
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1 Introduction

1.1 The reconstruction problem

Tomographic imaging is based on an indirect observation principle: instead of
measuring an object point by point, one records how it attenuates beams passing
through it. The mathematical problem is then to determine whether, and how, the
object can be reconstructed from these lower-dimensional measurements.

The following description follows [GW18, Sec. 5.11, pp. 368–397] and [Bea12].
We examine the problem of reconstructing an image from a series of projections,
with a focus on X–ray computed tomography.

The reconstruction problem can be explained intuitively without equations.
Consider Fig. 1(a): a single object on a uniform background. Suppose it is a
cross-section of a 3-D region of a human head, that the background represents soft
(uniform) tissue, and that the object is a tumor, also uniform, but with higher
X-ray absorption characteristics.

Suppose next that we pass a thin, flat beam of X-rays from left to right through
the plane of the image, as Fig. 1(b) shows, and assume that the energy of the
beam is absorbed more by the object than by the background. Using a strip of
X-ray absorption detectors on the other side of the region will yield the signal, or
absorption profile, shown, whose amplitude is proportional to absorption. We may
view any point in the signal as the sum of the absorption values across the single
ray in the beam corresponding spatially to that point. Such a sum is referred to
as a raysum. At this point, all the information we have about the object is this 1-D
absorption signal.

We have no way of determining from a single projection whether we are dealing
with a single object, or a multitude of objects along the path of the beam, but we
begin the reconstruction by creating an image based only on this information. The
approach is to project the 1-D signal back in the opposite direction from which the
beam came, as Fig. 1(c) shows. The process of backprojecting a 1-D signal across a
2-D area is sometimes referred to as smearing the projection back across the area.

In terms of digital images, this means duplicating the same 1-D signal across
the image, perpendicularly to the direction of the beam. For example, Fig. 1(c) was
created by duplicating the 1-D signal in all columns of the reconstructed image.
The approach just described is called backprojection.

Next, suppose that we rotate the position of the source-detector pair by 90◦, as
in Fig. 1(d). Repeating the procedure yields a backprojection image in the vertical
direction (Fig. 1(e)). We continue the reconstruction by adding this result to the
previous backprojection, resulting in Fig. 1(f). Now, we begin to suspect that the
object of interest is contained in the square shown, whose amplitude is twice the
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Figure 1: Panels are
numbered from top to
bottom and from left to
right. (a) A planar region
containing a single object.
(b) A parallel beam, a
detector array, and the
measured
one-dimensional
absorption profile. (c)
Result of backprojecting
the absorption profile. (d)
Beam and detectors
rotated by 90◦. (e) New
backprojection. (f) Sum of
both backprojections.
Adapted from [GW18,
Fig. 5.32].

amplitude of the individual backprojections because the signals were added. We
should be able to learn more about the shape of the object in question by taking
more views in the manner just described, as Fig. 2 shows. As the number of
projections increases, the amplitude strength of non-intersecting backprojections
decreases relative to the strength of regions in which multiple backprojections
intersect. The net effect is that brighter regions will dominate the result, and
backprojections with few or no intersections will fade into the background as the
image is scaled for display.

Figure 2: Panels are numbered from
top to bottom and from left to right.
(a) Same as Fig. 1(a). (b)–(e)
Reconstruction using 1, 2, 3, and 4
backprojections 45◦ apart. (f)
Reconstruction with 32
backprojections 5.625◦ apart. Notice
the blurring. Adapted from [GW18,
Fig. 5.33].

Fig. 2(f), which was formed from 32 backprojections, illustrates this concept.
Note, however, that while this reconstructed image is a reasonably good approxi-
mation to the shape of the original object, the image is blurred by a “halo” effect,
the formation of which can be seen in progressive stages in Fig. 2. We conclude
from the discussion of Figs. 1 and 2 that backprojections 180◦ apart are mirror im-
ages of each other, so we have to consider only angle increments halfway around
a circle in order to generate all the backprojections required for reconstruction.

Finally, Fig. 3 shows the same backprojection procedure applied to a planar
region containing two objects with different absorption characteristics.
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Figure 3: Panels are numbered from top to
bottom and from left to right. (a) Two
objects with different absorption
characteristics. (b)–(d) Reconstruction using
1, 2, and 4 backprojections, 45◦ apart. (e)
Reconstruction with 32 backprojections,
5.625◦ apart. (f) Reconstruction with 64
backprojections, 2.8125◦ apart. Adapted
from [GW18, Fig. 5.34].

1.2 A first look at projections and the Radon transform2

A straight line in Cartesian coordinates can be described either by
its slope-intercept form, y = ax + b, or by its normal representation:

L(θ, s) :=
{
(x, y) ∈ R2 : x cos θ + y sin θ = s

}
.

The projection of a parallel-ray beam can be modelled by a set of such lines, as
Fig. 4 shows. A point (θk, sj) in the projection profile is given by the raysum along
the line L(θk, sj). With continuous quantities, the raysum is a line integral, given by

g(θk, sj) =
∫ ∞

−∞

∫ ∞

−∞
f (x, y) δ0(x cos θk + y sin θk − sj) dx dy, 3

If we consider all values of θ and s, the preceding equation generalizes to

g(θ, s) =
∫ ∞

−∞

∫ ∞

−∞
f (x, y) δ0(x cos θ + y sin θ − s) dx dy. (1)

This equation gives the projection (line integral) of f (x, y) along a line in the
xy-plane, and is known as the Radon transform of f . We willuse the notation R f
instead of g. In the discrete case (1) becomes

R f (θ, s) =
M−1

∑
x=0

N−1

∑
y=0

f (x, y) δ0(x cos θ + y sin θ − s), (2)

where x, y, and s are now discrete variables, and M and N are the dimensions of
the rectangular area over which the transform is applied.

If we fix θ and allow s to vary, then (2) simply sums values of f (x, y) along
L(θ, s) lines. Going through all values of s required to span the M × N area, yields
one projection. Changing θ and repeating this procedure yields another projection,
and so forth. This is how the projections in Figs. 1–3 were generated.

Sinograms. When R f (θ, s) is displayed as an image with s and θ as rectan-
gular coordinates, the result is called a sinogram, similar in concept to displaying

2For Fourier transform, inverse transform and convolution, see the Fourier part of the Prelimi-
naries.

3δa(x) = 1 if a = x and δ0(x) = 0 if x ̸= a.
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Figure 4: Geometry of a parallel-ray beam geometry. Adapted from [GW18, Fig. 5.37].

the Fourier spectrum. Like the Fourier transform, a sinogram contains the data
necessary to reconstruct f (x, y). Unlike the Fourier transform, R f (θ, s) is always
a real function whenever f is real-valued.

Figure 5: (a) A rectangular region. (b) Sinogram of the rectangle in (a). The vertical and horizontal axes
correspond to θ and s, respectively. The bottom row is the projection of the rectangle in the horizontal direction
(i.e., θ = 0◦), and the middle row is the projection in the vertical direction (θ = 90◦). The fact that the nonzero
portion of the bottom row is smaller than the nonzero portion of the middle row tells us that the object is
narrower in the horizontal direction. The fact that the sinogram is symmetric in both directions about the center
of the image tells us that we are dealing with an object that is symmetric and parallel to the x- and y-axes. Finally,
the sinogram is smooth, indicating that the object has a uniform intensity. Adapted from [GW18, Fig. 5.39].

As is the case with displays of the Fourier spectrum, sinograms can be readily
interpreted for but only for simple regions. For example, Fig. 5(b) is the sinogram
of the rectangle on its left.

Backprojections. To obtain a formal expression for a backprojected image from
R f , let us begin with a single point R f (θk, sj) of the complete projection R f (θk, s),
for a fixed θk (see Fig. 4). Forming part of an image by backprojecting this single
point is nothing more than copying the line L(θk, sj) onto the image, where the
value (intensity), of each point in that line is R f (θk, sj). Repeating this process for
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all values of sj in the projected signal, but keeping the value of θ fixed at θk, results
in the following expression:

fθk(x, y) = R f (θk, s) = R f
(
θk, x cos θk + y sin θk

)
for the image due to backprojecting the projection obtained with a fixed angle θk,
as in Fig. 1(b). We may write, in general, that the image formed from a single
backprojection obtained at an angle θ is given by

fθ(x, y) = R f
(
θ, x cos θ + y sin θ

)
.

We form the final backprojected image by integrating over all the backprojected
images:

fbp(x, y) =
∫ π

0
fθ(x, y) dθ. (3)

For the rest of the Introduction, set eθ := (cos (θ) , sin (θ)) and recall that s =

x cos θ + y sin θ. We now introduce the notation R# for the backprojection operator

R# (R f ) (x, y) :=
∫ 2π

0
R f
(
θ, x cos θ + y sin θ

)
dθ =

∫ 2π

0
R f
(
θ, (x, y) · eθ

)
dθ. (4)

Notice that, however, that the angles θ and θ + π give the same projections, up to
the change s 7→ −s. Indeed, R f (θ + π,−s) = R f (θ, s), as can be seen in Fig. 6.

Figure 6: On the left, the
Shepp–Logan phantom, a widely
used synthetic image in medical
image reconstruction. On the
right is its sinogram, with s on
the horizontal axis and θ on the
vertical axis. Adapted from
[GW18, Fig. 5.39].

Therefore, in (4), the integral over [π, 2π] repeats the integral over [0, π]. Hence
Eq. (3) can be rewritten as

fbp(x, y) =
∫ π

0
fθ(x, y) dθ =

∫ π

0
R f
(
θ, x cos θ + y sin θ

)
dθ =

1
2
R#(R f )(x, y).

Using the discrete version of Eq. (3), we obtain the
backprojected image shown in Fig. 7. We observe
blurring: the rectangle is located correctly, but is sur-
rounded by a diffuse halo. A backprojected image
formed in the manner just described sometimes is re-
ferred to as a laminogram. Such an image is only an
approximation to the original one. Figure 7: Backprojection of

the sinogram in Fig. 5.
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The Fourier projection–slice theorem. This theorem gives a more precise re-
lation between the projection data and the original image, useful to remove the
blurring. For a fixed angle θ, take the 1-D Fourier transform of R f (θ, ·) (i.e. the
function s 7→ R f (θ, s)). From now on

R̂ f (θ, σ) := Fs(R f )(θ, σ) =
∫ ∞

−∞
R f (θ, s) e−2πiσs ds.

On the other hand, the original image f (x, y) has a 2-D Fourier transform,

Fx,y f (u, v) = f̂ (u, v) =
∫

R2
f (x, y) e−2πi(ux+vy) dx dy.

The Fourier–slice theorem states that the one-dimensional Fourier transform
of a projection gives the values of f̂ (u, v) on a line in the Fourier plane. More
precisely, the change of variables (u, v) = (σ cos θ, σ sin θ) for σ ∈ R = σeθ , gives

R̂ f (θ, σ) = f̂ (u, v) = f̂ (σ cos θ, σ sin θ). (5)

Notice that this same vector eθ is normal to the spatial lines L(θ, s), but it is the di-
rection vector of the corresponding line in the Fourier plane. This correspondence
is illustrated in Fig. 8.

Figure 8: The Fourier
projection–slice theorem.
R̂ f (θ, σ) is equal to f̂ (u, v)
along the radial line
(u, v) = σ(cos θ, sin θ) =

σeθ . Thus, the angle used
to generate the projection
is the same angle that
determines the
corresponding slice in the
Fourier domain. Adapted
from [GW18, Fig. 5.41].

If we knew R f (θ, s) for all angles θ and all positions s, we would know the
values of f̂ (u, v) along all radial lines in the Fourier plane and then recover f (x, y)
by inverse 2-D Fourier transform. However, this is computationally expensive.

1.3 A first look at reconstruction algorithms

Projection–slice leads to two reconstruction routes: "filtered backprojection" in
physical space and "gridding" in frequency space. Here we only sketch the first.
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Filtered backprojection. Recalling that xu + yv = (x, y) · (u, v) = (x, y) · σeθ =

σ ((x, y) · eθ), we obtain

f (x, y) =
∫

R2
f̂ (u, v)e2πi(ux+vy)dudv

du dv=|σ| dσ dθ

↓
=

1
2

∫ 2π

0

∫ ∞

−∞
f̂ (σeθ)e2πiσ((x,y)·eθ)|σ|dσdθ

Eq. (5)
↓
=

1
2

∫ 2π

0

∫ ∞

−∞
R̂ f (θ, σ) e2πiσ((x,y)·eθ)|σ| dσ︸ ︷︷ ︸

I(θ)

dθ.

(6)
The factor 1/2 appears because the parametrization (u, v) = σeθ , with σ ∈ R and
θ ∈ [0, 2π], covers each point of R2 \ {0} twice.

Notice that the factor |σ| pops up. Without it, the inner integral would simply
recover the projection R f (θ, s), and the result would be the unfiltered backprojec-
tion. Thus, the factor |σ| is precisely what corrects the blurring. However, it is
not useful in practice: |σ| grows without bound and in particular, it is not in-
tegrable on R, so it cannot be used in computations.4 To deal with this, since
(x, y) · eθ = x cos θ + y sin θ = s, we rewrite the inner integral I(θ) in (6):

I(θ) =
∫ ∞

−∞
|σ| R̂ f (θ, σ) e2πiσs dσ

∣∣∣∣
s=(x,y)·eθ

= F−1
σ

(
|σ| R̂ f (θ, σ)

)
(s)
∣∣∣
s=(x,y)·eθ

.

Substituting this expression into Eq. (6), we obtain

2 f (x, y) =
∫ 2π

0
F−1

σ

(
|σ| R̂ f (θ, σ)

)
(s)
∣∣∣
s=(x,y)·eθ

dθ = R#F−1
σ

(
|σ| R̂ f (θ, σ)

)
(x, y),

(7)
where the last equality follows from Eq. (4) applied to F−1

σ

(
|σ| R̂ f (θ, σ)

)
(s)

Although Eq. (7) gives the correct inversion formula, it is not yet written in the
most useful way. To interpret F−1

σ

(
|σ| R̂ f (θ, σ)

)
(s) suppose that there exists a

function φ : R → C such that φ̂(σ) = |σ|. Then

|σ| R̂ f (θ, σ) = φ̂(σ) R̂ f (θ, σ) = Ÿ�(φ ∗s R f )(θ, σ),

where (φ ∗s R f )(θ, s) :=
∫

R
φ(s − t)R f (θ, t) dt. Therefore

F−1
σ

(
|σ| R̂ f (θ, σ)

)
(s) = (φ ∗s R f )(θ, s).

Substituting this expression into Eq. (7), we obtain the formal identity

f (x, y) =
1
2
R#(φ ∗s R f )(x, y).

4From a practical point of view, using this exact multiplier would amplify arbitrarily high fre-
quencies, precisely where measured and sampled projection data are most sensitive to noise.
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Note that before applying R#, each projection s 7→ R f (θ, s) is filtered by convolu-
tion with the same one-dimensional function φ. In other words, the reconstruction
is obtained by backprojecting filtered projections.

There is, however, an obstruction. The identity φ̂(σ) = |σ| cannot hold for an
ordinary integrable function φ. Indeed, if φ ∈ L1(R), then the Riemann–Lebesgue
lemma5 gives φ̂(σ) −→ 0 as |σ| → ∞. But |σ| −→ ∞ as |σ| → ∞. Thus the ideal
multiplier |σ| does not come from an ordinary integrable function.

In practice, one replaces the ideal multiplier |σ| by a multiplier with compact
support [GW18, Sec. 5.11, pp. 381–388]. The simplest approach is to take mL(σ) =

0 if σ > L, for L > 0. Since mL vanishes outside a bounded interval, the filtered
projection F−1

(
mL(σ) R̂ f (θ, σ)

)
(s) is band-limited in the s-variable. With this

replacement, Eq. (7) becomes the practical filtered backprojection formula

f (x, y) ≈ 1
2
R#
[
F−1

(
mL(σ) R̂ f (θ, σ)

)]
(x, y).

If mL = ϕ̂L, then the same convolution argument gives the equivalent form

f (x, y) ≈ 1
2
R#(ϕL ∗s R f )(x, y).

The parameter L controls the frequencies used in the reconstruction. A larger
value of L preserves more high-frequency information, but also amplifies more
noise. A smaller value of L suppresses more high frequencies, but produces a
smoother reconstruction. The choice of mL is empirical. 6

Figure 9: Sinogram and filtered backprojections using a Hann filter. From left to right: sinogram, reconstruction
with 10 backprojections, reconstruction with 100 backprojections, and reconstruction with 1000 backprojections.
Adapted from [Bea12, Fig. 8].

5If h ∈ L1(R), then ĥ ∈ C0(R).
6We mention two standard choices of mL. The Ram–Lak filter is the truncated ramp mRL

L (σ) =

|σ| χL(σ). A smoother alternative is the Hann filter, defined by

mHann
L (σ) = |σ| 1

2

(
1 + cos

πσ

L

)
χL(σ).

Compared with the Ram–Lak filter, the Hann filter attenuates high frequencies more gradually
near the cut-off frequency. This reduces the amplification of high-frequency noise, at the cost of
producing a slightly smoother reconstruction [Bea12].
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1.4 Structure of the work

This work follows the general approach of Cascante [CMOCP07]. Section 2
collects the analytic preliminaries needed later, including material not covered in
the compulsory courses of the degree. Section 3 studies the Radon transform and
its structural properties. Section 4 discusses what can be recovered from finitely
many projections. Section 5 presents the corresponding reconstruction algorithms.

2 Preliminaries

Throughout, all functions are complex-valued unless otherwise stated, and
all Euclidean measures are Lebesgue measures. If the integration is over a
k-dimensional affine subspace, dx denotes the corresponding k-dimensional
Lebesgue measure. Lebesgue measure is invariant under rigid motions; in par-
ticular, if Q ∈ O(n) and a ∈ Rn, then |QA + a| = |A| and

∫
QA+a f (x) dx =∫

A f (Qy + a) dy. [Cer10, p. 10].
Throughout the rest of the work, for n ≥ 2 we write

Z := Sn−1 × R, θs := {x ∈ Rn : x · θ = s}.

The parameter θ is the unit normal direction and s is the signed distance from the
origin. Thus θs = sθ + θ⊥, where θ⊥ := {y ∈ Rn : y · θ = 0}. Notice that
θs = (−θ)−s, so the same hyperplane has two representatives in Z.

The following preliminaries are meant to make the work self-contained for
readers with the background provided by the compulsory courses of the Math-
ematics degree at our University. We collect the main conventions and standard
formulas used later; some may be skipped on a first reading and recalled when
needed.

Graph and polar integration. We shall use the formula for the surface integral:
if Ψ : U ⊂ Rn−1 → M ⊂ Rn parametrizes the hypersurface M, then∫

M
f dσ =

∫
U

f (Ψ(u))
√

det G(u) du, Gij(u) := ∂iΨ(u) · ∂jΨ(u).

Equivalently, if N(u) is a unit normal,√
det G(u) =

∣∣det
(

N(u), ∂1Ψ(u), . . . , ∂n−1Ψ(u)
)∣∣ ,

[HH15, Def. 5.3.2, Eq. (5.3.5), p. 532; Prop. 5.1.1, pp. 528–529].
For a graph Ψ(u) = (u, φ(u)), since G = I +∇φ(∇φ)t, we have∫

Γφ

f dσ =
∫

U
f (u, φ(u))

√
1 + |∇φ(u)|2 du,
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We also use polar coordinates:∫
Rn

f (x) dx =
∫ ∞

0

∫
Sn−1

f (rθ)rn−1 dθ dr,

where dθ denotes surface measure on Sn−1 [Sil26, Ex. 0.5, pp. 11–12].
Growth. For functions u, v ≥ 0, u = O(v) as |x| → ∞ means that u(x) ≤ Cv(x)

outside a large ball. If f ∈ C(Rn) and | f (x)| = O(|x|−a), we shall also write, after
enlarging C, | f (x)| ≤ C(1 + |x|)−a for all x. We shall use

(1 + | · |)−N ∈ Lp(Rk) ⇐⇒ Np > k, k ≥ 1.7 (8)

A function f is rapidly decreasing on Rn if, for every N, | f (x)| ≤ CN(1 + |x|)−N for
all x; on Z this means |g(θ, s)| ≤ CN(1 + |s|)−N with CN independent of θ. We use
polynomial growth (or slow increase) when | f (x)| = O((1 + |x|)N) for some N.

Continuity of parametric integrals. If F(p, ·) is measurable, F(·, x) is a.e. con-
tinuous and locally L1-dominated, then p 7→

∫
X F(p, x) dµ(x) is continuous, by

dominated convergence [Cer10, p. 12].
Test and Schwartz functions. C∞

c denotes smooth compactly supported func-
tions; on Z = Sn−1 ×R, compact support is understood in the s-variable. They are
usually called test functions. The Schwartz space on Rn is

S(Rn) =

{
f ∈ C∞ : sup

x∈Rn
(1 + |x|)N |∂α f (x)| < ∞, ∀N, α

}
,

and define S(Z) similarly, using Dα
θ ∂

β
s and decay in s. Thus Schwartz functions

and all their derivatives decay rapidly; in particular the polynomially weighted
products used below are absolutely integrable, so Tonelli–Fubini applies. Finally,

C∞
c (Rn) ⊂ S(Rn) ⊂ L1(Rn) ∩ L2(Rn),

with both inclusions strict.8

L2-spaces and operators. For a measure space (X, µ), L2(X, µ) denotes the
Hilbert space of square-integrable functions modulo a.e. equality, with scalar

product ⟨ f , g⟩L2(X,µ) :=
∫

X
f (x)g(x) dµ(x), which is linear in the first variable

and conjugate-linear in the second [Cer10, Ex. 2.33, p. 47]. Unless otherwise
stated, subsets of Rn carry Lebesgue measure, Sn−1 carries surface measure dθ,
and Z = Sn−1 × R carries dθ ds.

A Hilbert space is separable if it has a countable dense subset [RS80, p. 47]. An
orthonormal basis is a complete orthonormal family, i.e. f ⊥ ek for all k implies

7Indeed, ∥(1 + | · |)−N∥p
p =

∫
Rk
(1 + |x|)−Np dx ≃ 1 +

∫ ∞

1
rk−1−Np dr, which is finite iff Np > k.

See [HH15, Sec. 4.10].
8The first inclusion is immediate. If f ∈ S , then | f (x)| ≤ CN(1 + |x|)−N , hence f ∈ L1 ∩ L2 by

(8). Strictness follows from e−|x|2 ∈ S \ C∞
c and (1 + |x|2)−(n+1)/2 ∈ L1 ∩ L2 \ S .
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f = 0, equivalently span{ek} = H [Cer10, p. 50]. In a separable Hilbert space,
orthonormal bases are finite or countable [Cer10, p. 50]; hence, for such a basis,

f = ∑
k
⟨ f , ek⟩ ek, ∥ f ∥2 = ∑

k
| ⟨ f , ek⟩ |2

[Cer10, Thm. 2.37, p. 50]. The spaces L2(Rn) and L2(D), for a disc or ball D ⊂ Rn,
are separable [Grö01, Ch. 5, p. 83] [ABR01, Prop. 8.4, proof, p. 175]. For a closed
subspace V ⊂ L2(X, µ), dim V is the cardinality of any orthonormal basis of V.
The orthogonal projection PV onto V is defined by PV f ∈ V and f − PV f ⊥ V;
moreover

d( f , V) = inf
v∈V

∥ f − v∥2 = ∥ f − PV f ∥2 .

Below, H denotes a Hilbert space, usually L2(Rn) or a closed subspace of it. A
set is relatively compact if its closure is compact, and a linear operator T : H → H
is compact if it maps bounded sets into relatively compact sets [RS80, Ch. VI, Sec. 5,
p. 199]. A linear operator T : H → H is bounded if ∥T f ∥ ≤ C ∥ f ∥ [Cer10, Thm. 2.21,
p. 39], self-adjoint if ⟨T f , g⟩ = ⟨ f , Tg⟩ [Cer10, Sec. 4.1, p. 97], positive if ⟨T f , f ⟩ ≥ 0
[Cer10, Thm. 8.25, p. 249] and unitary if it is bijective and ⟨T f , Tg⟩ = ⟨ f , g⟩ [Cer10,
Sec. 8.5.3, p. 248]. An eigenvalue is a λ ∈ C such that T f = λ f for some f ̸= 0
[Cer10, Sec. 4.4.2, p. 118]. If T is self-adjoint, then λ ∥ f ∥2 = ⟨T f , f ⟩ = ⟨ f , T f ⟩ =

λ ∥ f ∥2, so λ ∈ R; if also T ≥ 0, then λ ∥ f ∥2 = ⟨T f , f ⟩ ≥ 0. The spectral theorem
[Cer10, Thm. 4.36, p. 121] says that, if T is compact, self-adjoint and positive on a
separable Hilbert space H, then H admits an orthonormal basis of eigenfunctions
(ek), with Tek = λkek, λk ≥ 0, and the non-zero eigenvalues can accumulate only
at 0. If, moreover, T is injective, then λk > 0, and

T f = ∑
k

λk ⟨ f , ek⟩ ek, f ∈ H.

Thus the relevant finite-dimensional spaces below will often be written as
span{e1, . . . , eN}.

PV is linear, self-adjoint, P2
V = PV , and ∥PV∥ ≤ 1 [Cer10, Thm. 2.35, pp. 47–48].

Fourier transform. For f ∈ L1(Rn), its Fourier transform (FT) is defined, as in
[Cer10, Sec. 7.1, p. 182], by

f̂ (ξ) = F f (ξ) :=
∫

Rn
f (x)e−2πix·ξ dx.

FT is injective on L1(Rn), as a consequence of the inversion formula [Grö01,
Thm. 1.2.2, p. 10]. When restricted to S(Rn), it is a linear homeomorphism
F : S(Rn) → S(Rn), with inverse [Cer10, Thm. 7.5, pp. 188–189]

qh(x) = F−1h(x) =
∫

Rn
h(ξ)e2πix·ξ dξ.
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The same notation will be used on Z, but always in the real variable s:

ĝ(θ, σ) = Fs(g(θ, ·))(σ) :=
∫

R
g(θ, s)e−2πisσ ds,

unless another variable is explicitly indicated. For f ∈ S(Rn), [Cer10, Sec. 7.1,
p. 182]

∂̂α f (ξ) = (2πiξ)α f̂ (ξ), x̂j f (ξ) = − 1
2πi

∂ξ j f̂ (ξ).

If u, v ∈ L1(Rn), write [Grö01, Sec. 1.2, Eqs. (1.11)–(1.13), pp. 8–9]

(u ∗ v)(x) :=
∫

Rn
u(x − y)v(y) dy; û ∗ v = û v̂.

In the s-variable on Z, (g ∗s h)(θ, s) :=
∫

R
g(θ, s − t)h(θ, t) dt.

Applying the FT on f ∈ S(Rn) twice gives reflection F 2 f (x) = f (−x), and
qf (x) = f̂ (−x) [Cer10, Thm. 7.5, pp. 188–189]. The same holds for Fs in the real
variable s for g ∈ S(Z), F 2

s g(θ, s) = g(θ,−s). Moreover, the FT preserves parity; if
u ∈ L1(Rn) is real-valued, then û(−ξ) = û(ξ). Thus real even functions have real
even FTs [Grö01, Sec. 1.2, Eqs. (1.14)–(1.16), pp. 8–9].

Plancherel, Parseval and Direct FT (DFT). By Plancherel’s theorem, F extends
uniquely to a unitary operator on L2(Rn) [Grö01, Thm. 1.1.2, p. 5]; hence, for
f , g ∈ L2(Rn), ∥∥∥ f̂

∥∥∥
2
= ∥ f ∥2 ,

〈
f̂ , ĝ
〉

2
= ⟨ f , g⟩2

the second identity being Parseval’s identity [Grö01, Thm. 1.1.2, p. 5]. The finite
analogue is the DFT on G = ZM × ZN [GW18, Sec. 4.5.5, Eqs. (4-67)–(4-68)]. For
an M × N array f = ( fm,n), where fm,n denotes the value of f at the Cartesian
point (m, n). Its 2-D DFT, and its 2-D inverse FT are, respectively

f̂k,ℓ =
1

MN

M−1

∑
m=0

N−1

∑
n=0

fm,ne−2πi(km/M+ℓn/N), fm,n =
M−1

∑
k=0

N−1

∑
ℓ=0

f̂k,ℓe2πi(km/M+ℓn/N).

where f̂k,ℓ is the value of f̂ at the Fourier–variable point (k, l). Direct computation
of the 2-D DFT costs O(M2N2), while the Fast FT (FFT) reduces the corresponding
cost to O(MN log(MN)) [GW18, Sec. 4.11, Eq. (4-173)].

Tempered Distributions. [Cer10, Secs. 7.2–7.4, pp. 186–199]. We write
S ′(Rn) := S(Rn)′ for the space of tempered distributions, i.e. continuous lin-
ear functionals on S(Rn) . The action of T ∈ S ′(Rn) on φ ∈ S(Rn) is denoted
by ⟨T, φ⟩. If 1 ≤ p ≤ ∞ and (1 + |x|)−N f ∈ Lp(Rn) for some N, then f defines a
tempered distribution by [Cer10, Sec. 7.3, Ex. 7.8, p. 190]

⟨Tf , φ⟩ :=
∫

Rn
f (x)φ(x) dx.9

9∫
Rn

| f (x)φ(x)| dx =
∫

Rn

∣∣(1 + |x|)−N f (x)
∣∣ ∣∣(1 + |x|)N φ(x)

∣∣ dx

Hölder
↓
≤
∥∥∥(1 + | · |)−N f

∥∥∥
p

∥∥∥(1 + | · |)N φ
∥∥∥

p′
,
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We call Tf the regular tempered distribution induced by f . When a function induces
a regular distribution, we often identify it with that distribution and simply write
f instead of Tf ; for instance, 1 may denote both the constant function and the
tempered distribution φ 7→

∫
Rn φ(x) dx.

Convergence in S ′ means that Tj → T if ⟨Tj, φ⟩ → ⟨T, φ⟩ for φ ∈ S(Rn). T, S ∈
S ′ are equal (denoted by T S ′

= S) if and only if ⟨T, φ⟩ = ⟨S, φ⟩ for every φ ∈
S(Rn). If two continuous functions f , g are equal in this sense, then they are
equal pointwise.10

If T ∈ S ′(Rn) and ψ ∈ S(Rn), define (T ∗ ψ)(x) := ⟨T, ψ(x − ·)⟩. For T = Tf

this is the usual convolution:

(Tf ∗ ψ)(x) =
∫

Rn
f (y)ψ(x − y) dy.

The FT of T ∈ S ′(Rn) is defined by ⟨T̂, φ⟩ := ⟨T, φ̂⟩, φ ∈ S(Rn). If f ∈ L1(Rn),
then T̂f = T f̂ , since

⟨T̂f , φ⟩ =
∫

f (x)φ̂(x) dx =
∫

f̂ (ξ)φ(ξ) dξ.

Whenever the terms are defined, T̂ ∗ ψ = T̂ ψ̂.
If m ∈ OM(Rn), i.e. m ∈ C∞ and all its derivatives have at most polynomial

growth, then multiplication by m maps S(Rn) into itself. Thus, for T ∈ S ′(Rn), one
defines

⟨mT, φ⟩ := ⟨T, mφ⟩, φ ∈ S(Rn), (see [RS80, Sec. V.3, p. 137]).

The Dirac mass is the tempered distribution ⟨δ0, φ⟩ := φ(0), and δ̂0 = 1.
Paley–Wiener spaces and sampling theorem. For a bounded measurable set

E ⊂ Rn, we set

PWE :=
{

f ∈ L2(Rn) : supp f̂ ⊂ E
}

,

where f̂ is the L2-Fourier transform defined by Plancherel’s extension [Cer10,
Thm. 7.13, pp. 192–193]. Elements of PWE are called E-bandlimited functions. Since
E is bounded, each class in PWE has a canonical entire representative, given by
f (z) =

∫
E f̂ (ξ)e2πiz·ξ dξ, z ∈ Cn, which agrees with f a.e. on Rn.

We will use Shannon’s theorem as in [Nat01, Thm. 4.2]. Let Ω > 0, and let
u, w ∈ L2(R) be Ω–bandlimited. If sk = k∆s and 0 < ∆s ≤ 1

2Ω , then∫
R

u(t)w(t) dt = ∆s ∑
k∈Z

u(sk)w(sk).

where 1 ≤ p ≤ ∞ and p′ is the conjugate exponent. Hence the integral is finite and depends
continuously on φ ∈ S(Rn), since φ ∈ S(Rn), the function (1 + | · |)N φ belongs to Lp′ (Rn), because
Schwartz functions decay faster than any power.

10∫Rn ( f − g)φ dx = 0 ∀φ ∈ S(Rn) ⇒ f = g a.e.; by continuity, f = g.
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3 The Radon transform

3.1 Definition and basic properties

Definition 3.1. Let f : Rn → C be integrable on every hyperplane. The Radon trans-
form of f is the function R f : Z → C defined by

R f (θ, s) = Rθ f (s) :=
∫

θs

f (x) dx =
∫

θ⊥
f (sθ + y) dy, (θ, s) ∈ Z.

In particular, if f ∈ C(Rn) and | f (x)| = O(|x|−a) for some a > n − 1, R f (θ, s) is well
defined.11

If f is assumed to be real-valued, its Radon transform R f is also real-valued.
For a real valued function f : R3 → R, picture a plane with unit normal vector θ ∈
S2 and signed distance s from the origin (recall representations are not unique).
Now fix θ (i.e. fix a direction and thus a family of parallel planes). This gives the
function R f (θ, ·) : R → R. Now with that θ, vary s (i.e. vary the plane–origin
distance). Finally, stop at some s̃ and calculate R f (θ, s̃), i.e. integrate f on the
plane θs̃ (this will demand to parameterize such plane).

Proposition 3.2. Elementary symmetries. Let f be integrable on every hyperplane.
Then:

(i) If a ∈ Rn and (τa f )(x) := f (x − a), then R(τa f )(θ, s) = R f (θ, s − θ · a).

(ii) If U : Rn → Rn is orthogonal and g(x) := f (Ux), then Rg(θ, s) = R f (Uθ, s).

These can be shown using change of variables (u = x − a and y = Ux). One
can choose an orthogonal U with Uθ∗ = θ, where θ∗ = (0, . . . , 0, 1). Then R( f ◦
U)(θ∗, s) = R f (θ, s), so local arguments may be reduced to the fixed direction θ∗.

Proposition 3.3. Continuity and decay. Let f ∈ C(Rn) be such that | f (x)| =

O(|x|−a) for some a > n − 1. Then R f ∈ C(Z) and |R f (θ, s)| = O
(
|s| n−1−a). In

particular, if f is rapidly decreasing on Rn, then R f is rapidly decreasing on Z.

Proof. The estimate is obtained by integrating in polar coordinates over θ⊥.

|R f (θ, s)| =
∣∣∣∣∫

θ⊥
f (sθ + y) dy

∣∣∣∣
| f (x)|≤C(1+|x|)−a

↓
≤ C

∫
θ⊥

(1 + |sθ + y|)−a dy

|sθ+y|2=s2+|y|2
↓
= C

∫
θ⊥

(
1 +

√
s2 + |y|2

)−a

dy =
↑

y=rω

ω∈Sn−2
θ

C
∫ ∞

0

(
1 +

√
s2 + r2

)−a
rn−2 dr,

11Indeed, after polar coordinates in θ⊥, the tail is bounded by
∫ ∞ rn−2r−a dr < ∞.
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where Sn−2
θ := θ⊥ ∩ Sn−1. For |s| ≥ 1, the change r = |s|u gives

|Rθ f (s)| ≤ C|s|n−1−a
∫ ∞

0
un−2 (1 + u2)−a/2

du
a>n−1
↓
< ∞.12

Hence |Rθ f (s)| = O
(
|s| n−1−a).

For the continuity, fix (θ0, s0) ∈ Z. By orthogonal invariance, we may assume,
after reordering coordinates if necessary, that |θn| ≥ c > 0 in a neighborhood of
(θ0, s0). Writing x = (x′, xn) ∈ Rn−1 × R and θ = (θ′, θn) ∈ Sn−1, the hyperplane
θs is the graph

xn = φθ,s(x′) :=
s − θ′ · x′

θn
=

s − ∑n−1
i=1 θixi

θn
,

Using that |θ′|2 + θ2
n = 1, we get that the graph measure is

√
1 + |∇φθ,s(x′)|2 dx′ =

dx′
|θn| . Therefore we may write

R f (θ, s) =
∫

θs

f (x) dx =
1

|θn|

∫
Rn−1

f
(

x′,
s − θ′ · x′

θn

)
dx′.

For fixed x′, the integrand is continuous in (θ, s). Moreover, using |θn| ≥ c,∣∣(x′, φθ,s(x′))
∣∣ ≥ |x′|, and our hypothesis on f , we get the uniform bound

1
|θn|

∣∣∣∣ f(x′,
s − θ′ · x′

θn

)∣∣∣∣ ≤ C
c
(1 + |x′|)−a. (9)

The right-hand side of (9) is integrable on Rn−1, since a > n − 1. Therefore
the theorem on continuity of parameter-dependent integrals gives continuity near
(θ0, s0), and the arbitrariness of this point gives R f ∈ C(Z). The rapidly decreas-
ing case follows by taking a arbitrarily large.

Proposition 3.4. Smoothness. Suppose that f ∈ C1(Rn) satisfies | f (x)| = O(|x|−a)

for some a > n − 1 and |Dj f (x)| = O(|x|−b), j = 1, . . . , n, for b > n. Let R f be the
homogeneous extension of degree −1 of R f , defined by

R f (θ, s) := |θ|−1R f (eθ , t) , where θ ∈ Rn \ {0}, eθ :=
θ

|θ| and t :=
s
|θ| .

Then R f ∈ C1((Rn \ {0})× R), and

∂sR f (θ, s) = |θ|−3
n

∑
j=1

θjR(Dj f ) (eθ , t) . (10)

Moreover,
∂θjR f (θ, s) = −∂sR(xj f )(θ, s), j = 1, . . . , n. (11)

12Near 0 the integrand behaves like un−2, which is integrable. For u ≥ 1, un−2(1 + u2)−a/2 ≤
un−2(u2 + u2)−a/2 = un−2u−a = un−2−a. Since a > n − 1, we have n − 2 − a < −1, hence
∫∞

1 un−2−a du < ∞.
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Proof. Fix eθ ∈ Sn−1. Since b > n, each derivative Dk f , k = 1, . . . , n satisfies the
decay assumption of Prop. 3.3. Hence R(Dk f ) ∈ C(Z).

Now, for r ∈ R, we have R f (eθ , r) =
∫

e⊥θ
f (reθ + y) dy. For each y ∈ e⊥θ , the map

r 7→ f (reθ + y) is C1 and∣∣∣∣ d
dr

f (reθ + y)
∣∣∣∣ =

∣∣∣∣∣ n

∑
j=1

(eθ)jDj f (reθ + y)

∣∣∣∣∣ ≤ C (1 + |reθ + y|)−b ∈ L1(e⊥θ ).
13

Thus, we can use differentiation under the integral sign, which gives

∂

∂r
R f (eθ , r) =

∫
e⊥θ

d
dr

f (re+ y) dy =
∫

e⊥θ

n

∑
k=1

ek Dk f (re+ y) dy =
n

∑
j=1

(eθ)jR(Dj f )(eθ , r).

Applying the chain rule to R f (θ, s), and not forgetting that dt
ds =

1
|θ| , we get (10).

For the derivatives with respect to θj, we use the same local parametrization as
in the proof of Prop. 3.3, but now We will take, first, the branch θn > 0 (the case
θn < 0 is similar) and rewrite

R f (θ, s) =
1
θn

∫
Rn−1

f
(

x′,
s − θ′ · x′

θn

)
dx′.

The derivatives of the integrand are:

∂

∂θj

[
1
θn

f
(

x′,
s − θ′ · x′

θn

)]
= −

xj

θ2
n

Dn f
(

x′,
s − θ′ · x′

θn

)
, j = 1, . . . , n − 1;

∂

∂θn

[
1
θn

f
(

x′,
s − θ′ · x′

θn

)]
= − 1

θ2
n

f
(

x′,
s − θ′ · x′

θn

)
− s − θ′ · x′

θ3
n

Dn f
(

x′,
s − θ′ · x′

θn

)
.

The first term is controlled by the same estimate used in the proof of Prop. 3.3.
The new terms are those involving Dn f . In the present local chart, s, θ and 1/θn

are bounded, and therefore

|xj| ≤ |x′|, j < n,
∣∣∣∣ s − θ′ · x′

θn

∣∣∣∣ ≤ C(1 + |x′|).

Hence the terms involving Dn f are bounded by a constant multiple of (1 +

|x′|)(1 + |x|)−b ≤ (1 + |x′|)1−b, which is integrable on Rn−1, since b > n. There-
fore the same dominated-convergence argument as before justifies differentiating
under the integral sign for j = 1, . . . , n and gives

∂R f
∂θj

(θ, s) = − 1
θ2

n

∫
Rn−1

xj Dn f
(

x′,
s − θ′ · x′

θn

)
dx′ j = 1, . . . , n − 1;

∂R f
∂θn

(θ, s) = − 1
θ2

n

∫
Rn−1

f
(

x′,
s − θ′ · x′

θn

)
dx′ − 1

θ2
n

∫
Rn−1

xn Dn f
(

x′,
s − θ′ · x′

θn

)
dx′,

13Since y ∈ e⊥θ , |reθ + y|2 = r2 + |y|2 ≥ |y|2. Hence C(1 + |reθ + y|)−b ≤ C(1 + |y|)−b and ∫e⊥θ
(1 +

|y|)−b dy < ∞ because e⊥θ ≃ Rn−1 and b > n − 1.
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where we used, for ∂θn, that xn = s−θ′·x′
θn

, from the parametrization.
We are left with ∂sR(xj f )(θ, s). To deal with it, we have Dkxj f (x) = δjk f (x) +

xjDk f (x). For j < n, we have |Dkxj f (x)| = O(|x|−a) + O(|x|1−b) and thus the first

part of the proof applies to xj f , and
∂

∂s
R(xj f ) exists and is continuous. Since the

coordinate xj does not depend on s this parametrization, we have

R(xj f )(θ, s) =
1
θn

∫
Rn−1

xj f
(

x′,
s − θ′ · x′

θn

)
dx′,

∂R(xj f )
∂s

(θ, s) =
1
θ2

n

∫
Rn−1

xj Dn f
(

x′,
s − θ′ · x′

θn

)
dx′.

We have proved (11) for j < n. For ∂sR(xn f )(θ, s) the procedure is similar but
taking into account that ∂xn

∂s = 1
θn

.

Corollary 3.5. Preservation of S . The Radon transform maps S(Rn) into S(Z).

Most of the results on the Radon transform discussed for the rest of the
work hold for continuous or smooth functions with suitable decay at infinity
[CMOCP07, Secs. 2.1–2.4]. However, in order to simplify the exposition, from now
on we shall mainly work with functions in the Schwartz space S(Rn).

Theorem 3.6. (Projection–slice). If f ∈ S(Rn), then R̂ f (θ, σ) = f̂ (σθ), for θ ∈
Sn−1, σ ∈ R.

Proof. R̂ f (θ, σ) =
∫

R
e−2πisσR f (θ, s) ds =

∫
R

e−2πisσ

(∫
θ⊥

f (sθ + y) dy
)

ds

=
∫

R

∫
θ⊥

e−2πisσ f (sθ + y) dy ds

=
∫

Rn
e−2πi(σθ)·x f (x) dx = f̂ (σθ).

Corollary 3.7. The Radon transform R : S(Rn) −→ S(Z) is injective.

Proof. If R f = 0, then R̂ f (θ, σ) = 0. By Theorem 3.6, f̂ (σθ) = 0 for all θ ∈
Sn−1, σ ∈ R. Every ξ ∈ Rn can be written as ξ = σθ. Hence f̂ ≡ 0, and the
injectivity of the FT gives f = 0.

Corollary 3.8. If f1, f2 ∈ S(Rn), then R( f1 ∗ f2) = (R f1) ∗s (R f2).

Proof. ̂R( f1 ∗ f2)(θ, σ)

Thm. 3.6
↓
= f̂1 ∗ f2(σθ) = f̂1(σθ) f̂2(σθ) = R̂ f1(θ, σ) R̂ f2(θ, σ)

= ̂R f1 ∗s R f2(θ, σ).
Applying F−1

s gives R( f1 ∗ f2)(θ, s) = (R f1 ∗ R f2)(θ, s).
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3.2 Uniqueness

We have just proved a global uniqueness result for R f : by Corollary 3.7, R f (Z)
determines the function, at least in the class S(Rn). In other words, if R f is known
on the whole space of hyperplanes Z then f is uniquely determined.

However, in many applications R f is not known on all of Z. One may know
it only for some directions, or only for hyperplanes intersecting a certain region.
We ask whether these partial data determine the function, or at least determine its
restriction to a certain subset of Rn. This leads to the question of local uniqueness.
The next two results address this type of question.

Theorem 3.9. Support-hole. Let f ∈ S(Rn), and let K ⊂ Rn be a compact convex set.
Assume that R f (θ, s) = 0 for every hyperplane θs which does not meet K. Then f (x) = 0
for x ∈ Rn \ K.

We only consider the compactly supported case, that is, f ∈ C∞
c (Rn). In this

case, we are going to follow Strichartz’s approach [Str82, Sec. 2], which consider-
ably simplifies the general proof due to Helgason [CMOCP07, Sec. 4.3]. Also to
make the geometric idea easier to visualize, in the proof below we only prove the
case, f ∈ C∞

c (R2). The same idea can be carried out in arbitrary dimension.14

Proof. We prove the case n = 2 and f ∈ C∞
c (R2). Let x0 ∈ R2 \K. By the separating

hyperplane theorem15, there are θ ∈ S1 and s̃ ∈ R such that x0 ∈ θs̃, and θs̃ ∩ K =

∅. Choosing the orientation of θ, we may assume that the parallel lines θs, with
s ≥ s̃, lie on the right side of K. Hence, θs ∩ K = ∅ if s ≥ s̃. After a rotation of
coordinates, we may assume that θ = θ∗ := (0, 1). Thus x0 ∈ θ∗s̃ , with θ∗s ∩ K = ∅
for s ≥ s̃.

We first explain why it is enough to prove that polynomially weighted Radon
data also vanish. Concretely, suppose that

R(P f )(ω, σ) = 0 for any polynomial P, for every line ωσ ⊂ Kc. (12)

Assume this is true for our particular line θ∗s̃ ⊂ Kc, which contains x0. Let E :=
θ∗s̃ ∩ supp( f ). This set is compact. By the Weierstrass approximation theorem,
there are polynomials Pm such that Pm|E −→ f |E uniformly on E. Then

0
(12)
= R(Pm f )(θ∗, s̃) =

∫
θ∗s̃

Pm(x) f (x) dx =
∫

E
Pm(x) f (x) dx −→

∫
E
| f (x)|2 dx.

14In the n-dimensional compactly supported case one first uses the fact that a compact convex
set in Rn is the intersection of the closed balls which contain it [GJSM04, Thm. 1.1 and Prop. 1.3].
Hence it is enough to prove the result when K is a closed ball. After this reduction, the proof follows
the same strategy as above: one proves the vanishing of the polynomially weighted Radon data, by
rotating the hyperplane, differentiating the resulting identity and integrating in the normal variable.

15Recall that, in finite dimension, a point outside a closed convex set can be separated from it by
an affine hyperplane.
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Hence
∫

E | f (x)|2 dx = 0. Since f is continuous, this implies f = 0 on E. In partic-
ular, because x0 ∈ θ∗s̃ , we get f (x0) = 0 and we prove the theorem.

Thus, it remains to prove (12). In order to do so, we make a claim: for every
linear polynomial q(y) = a + by, it holds

0 = a
∫

R
f (y, s̃) dy + b

∫
R

y f (y, s̃) dy =
∫

R
q(y) f (y, s̃) dy. (13)

Now we prove the claim. The first term in (13) is zero by hypothesis, since for
s ≥ s̃, we have

R f (θ∗, s) =
∫
(θ∗)⊥

f
(
sθ∗ + y

)
dy =

∫
R

f (y, s) dy = 0, s ≥ s̃. (14)

To show
∫

R
y f (y, s̃) dy = 0, (15)

We will keep an s ≥ s̃ fixed and rotate the normal vector of the line. This will
replace θ∗ by nearby vectors θα = (sin α, cos α) ∈ S1 with α small enough so that
the slightly rotated line (θα)s still does not meet K. We are not moving the line in
parallel (that would mean changing s). Recall that (θα)s =

{
x ∈ R2 : x · θα = s

}
by

definition, so θ⊥α = {y(cos α,− sin α) : y ∈ R}. Hence

0
(θα)s∩K=∅

↓
= R f (θα, s) =

∫
θ⊥α

f (sθα + u) du =
∫

R
f
(
sθα + y(cos α,− sin α)

)
dy

=
∫

R
f (s sin α + y cos α, s cos α − y sin α) dy.

Differentiating this identity at α = 0, under the integral sign, we obtain16

0 =
∫

R
yD2 f (y, s) dy = 0, s ≥ s̃. (16)

Now to obtain (15), we integrate (16) in s:

0 =
∫ ∞

s̃

∫
R

yD2 f (y, s) dy ds
Fubini
↓
=

∫
R

y [ f (y, s)]s=+∞
s=s̃ dy

f∈C∞
c (R2)
↓
= −

∫
R

y f (y, s̃) dy.

Putting (14) and (15) together proves our claim (13). Now using (13), we are
able to prove (12). We will prove (12) using induction on dP := deg P. For dP = 0,

16

0 =
d

dα

∣∣∣∣
α=0

∫
R

f (s sin α + y cos α, s cos α − y sin α) dy

=
∫

R

[
D1 f (y, s)

d
dα

∣∣∣∣
α=0

(s sin α + y cos α) + D2 f (y, s)
d

dα

∣∣∣∣
α=0

(s cos α − y sin α)

]
dy

=
∫

R
(sD1 f (y, s)− yD2 f (y, s)) dy ∗

=
∫

R
yD2 f (y, s) dy = 0, s ≥ s̃,

where ∗ is because the first term vanishes, since f ∈ C∞
c (R2).
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P is a constant and so R(P f )(ω, σ) = 0, ∀ωσ ⊂ Kc. For dp ≤ m, put g :=
p f ∈ C∞

c (R2), and assume that R(g)(ω, σ) = 0 for every ωσ ⊂ Kc. Take P with
dP = m + 1. By linearity, it is enough to consider a monomial, and we may write
P = q p, where dq = 1 and dp ≤ m. This gives R(P f )(ω, σ) = R(qp f )(ω, σ) =

R(qg)(ω, σ) = 0 for every line ωσ which does not meet K. This proves (12).

The next result deals with the opposite type of partial data: instead of knowing
that R f vanishes outside a region for every direction, we assume that it vanishes
for every s ∈ R, but only for a prescribed set of directions. The relevant condition
is that this set of directions determines homogeneous polynomials.

Definition 3.10. A function pk : Rn → C is called a homogeneous polynomial of
degree k if it can be written

pk(x) = ∑
|α|=k

cαxα, x ∈ Rn,

where cα ∈ C, α = (α1, . . . , αn) is a multi-index and xα = xα1
1 · · · xαn

n . We denote by
Phom

k (Rn) the complex vector space of such polynomials, together with the zero polyno-
mial.

If pk ∈ Phom
k (Rn) then pk(λx) = λk pk(x), for x ∈ Rn, λ ∈ R.17 Notice that

pk ∈ Phom
k (Rn) implies that pk is even if k is even and it is odd if k is odd. In

particular, for θ ∈ Sn−1, pk(σθ) = σk pk(θ), for σ ∈ R.

Definition 3.11. Let Θ ⊂ Sn−1. We say that Θ is a uniqueness set for homogeneous
polynomials in Rn if, for every homogeneous polynomial p : Rn → C, we have that
p(θ) = 0 for all θ ∈ Θ implies p ≡ 0 in Rn.

Theorem 3.12. Uniqueness from a set of directions. Let Θ ⊂ Sn−1 be a uniqueness
set for homogeneous polynomials. If f ∈ Cc(Rn) satisfies R f (θ, s) = 0 for every θ ∈ Θ
and every s ∈ R, then f ≡ 0.

Proof. Since f ∈ Cc(Rn), f̂ extends to an entire function F on Cn 18. In particular,
f̂ = F|Rn is real analytic19, and near the origin it admits the form of a multivariable

17Indeed, if pk(x) = ∑|α|=k cαxα and |α| = α1 + · · ·+ αn = k, then

pk(λx) = ∑
|α|=k

cα(λx)α = ∑
|α|=k

cα(λx1)
α1 · · · (λxn)

αn = ∑
|α|=k

cαλα1+···+αn xα = ∑
|α|=k

cαλkxα = λk pk(x).

18Namely, F(z) =
∫

supp f f (x)e−2πix·z dx. The proof is the same dominated-convergence argument
as for the Paley–Wiener representative.

19Real analytic means that locally the function coincides pointwise with an absolutely convergent
power series in the real variables. Since holomorphic functions are locally given by convergent
power series, the restriction of an entire function on Cn to Rn is real analytic.
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Taylor expansion f̂ (ζ) = ∑∞
k=0 pk(ζ)

20 where each pk is a homogeneous polynomial
of degree k.

Fix θ ∈ Θ. By hypothesis, R f (θ, s) = 0 for s ∈ R. Using Thm. 3.6, we obtain
0 = R̂ f (θ, σ) = f̂ (σθ) for σ ∈ R. Substituting the homogeneous expansion of f̂

0 = f̂ (σθ) =
∞

∑
k=0

pk(σθ) =
∞

∑
k=0

σk pk(θ), σ ∈ R.

Thus, for each fixed θ ∈ Θ, all coefficients of this power series in σ vanish. Hence
pk(θ) = 0 for every θ ∈ Θ, k ≥ 0. Since Θ is a uniqueness set for homogeneous
polynomials, it follows that pk ≡ 0 for every k. Therefore all Taylor coefficients of
f̂ at the origin vanish. Since f̂ is real analytic, it coincides with its Taylor series
near 0; hence f̂ = 0 in an open neighborhood of 0. By analytic continuation, f̂ ≡ 0
on Rn. Finally, by the injectivity of the FT, f ≡ 0.

The two uniqueness results use complementary Radon data. In Theorem 3.9,
the vanishing is assumed for every direction θ ∈ Sn−1, but only for those values of
s such that the hyperplane θs avoids K. By contrast, in Theorem 3.12, the vanishing
is assumed only for directions in a prescribed set Θ ⊂ Sn−1, but for every s ∈ R.
If Θ is rich enough to determine homogeneous polynomials, then this restricted
directional information is already enough to force f ≡ 0.

3.3 Range

We now describe which functions in S(Z) arise as Radon transforms of func-
tions in S(Rn). Since we want to reconstruct f from R f , we have to know if
R (S(Rn)) is the whole S(Z), or a smaller class. We will see that the map R is not
onto: by Prop. 3.2, the Radon transform is even R f (−θ,−s) = R f (θ, s); second,
there is a restriction on the moments in the s-variable.

Notation: if g ∈ S(Z), its m-th moment is µm(θ) :=
∫

R
smg(θ, s) ds for θ ∈ Sn−1.

If g is actually of the form g = R f , then each of its moments µm(θ) must be the
restriction to Sn−1 of some pm ∈ Phom

m (Rn). This restriction is important enough
to have its own name.

Definition 3.13. Let g ∈ S(Z). We say that g satisfies the Helgason–Ludwig consis-
tency conditions, abbreviated HLCC, if, for every m ∈ N ∪ {0}, there exists a polyno-
mial pm ∈ Phom

m (Rn) such that µm(θ) = pm(θ) for θ ∈ Sn−1.

20 f̂ (ζ) = ∑
α∈Nn

0

1
α! ∂α f̂ (0) ζα = ∑

α∈Nn
0

|α|=0

1
α! ∂α f̂ (0) ζα + ∑

α∈Nn
0

|α|=1

1
α! ∂α f̂ (0) ζα + · · ·

=
∞

∑
k=0

 ∑
α∈Nn

0 , |α|=k

1
α! ∂α f̂ (0) ζα

 =
∞

∑
k=0

pk(ζ),
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These two restrictions are not merely necessary on R(S(Rn)). They actually
characterize it. As a bonus, an analogous statement holds for C∞

c (Rn).

Theorem 3.14. Exact range of the Radon transform. The range of R : S(Rn) −→
S(Z) is exactly the space of all even functions g ∈ S(Z) satisfying the HLCC.

Proof. Let f ∈ S(Rn) and set g = R f . We already know from 3.5 and 3.2 that
g ∈ S(Z) and that g is even. We check the moment conditions. For m ∈ N ∪ {0}
and θ ∈ Sn−1,

∫
R

smg(θ, s) ds =
∫

R

∫
θ⊥

sm f (sθ + y) dy ds
y∈θ⊥
↓
=

∫
R

∫
θ⊥

(
(sθ + y) · θ

)m f (sθ + y) dy ds

x=sθ+y
↓
=

∫
Rn
(x · θ)m f (x) dx ∗

=
∫

Rn

(
∑

|α|=m

m!
α! xαθα

)
f (x) dx

= ∑
|α|=m

m!
α!

(∫
Rn

xα f (x) dx
)

θα = pm(θ),

where we have used the multinomial formula21 in ∗ and

pm(y) := ∑
|α|=m

m!
α!

(∫
Rn

xα f (x) dx
)

yα, y ∈ Rn.

The integrals are finite because f is a Schwartz function, and pm is homogeneous
of degree m, unless it is identically zero. This proves the necessary conditions.

Conversely, let g ∈ S(Z) be even and satisfy the HLCC. If R f = g, then
Thm. 3.6 gives for σ > 0, f̂ (σθ) = ĝ(θ, σ). Thus, the natural candidate for f̂ is
F(σθ) := ĝ(θ, σ).

It is enough to prove that F extends to a function in S(Rn): since the FT is a
homeomorphism of S(Rn) onto itself, such an extension would be the FT of some
f ∈ S(Rn).

We write ξ for the Cartesian variable in Rn. Since ĝ ∈ S(Z), the function

F(ξ) = F(σθ) = ĝ(θ, σ), ξ = σθ, σ > 0,

is smooth on Rn \ {0}, and the Schwartz estimates away from the origin follow
from the rapid decay of ĝ in σ. Hence the only point to control is ξ = 0.

21For x, y ∈ Rn, m ∈ N, and multiindices α = (α1, . . . , αn) ∈ Nn
0 ,

(x · y)m =

 n

∑
j=1

xjyj

m

= ∑
|α|=m

m!
α!

xαyα, α! := α1! · · · αn! xα := xα1
1 · · · xαn

n .
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We prove that all Cartesian derivatives of F are locally bounded near the origin.
Then, by an extension argument, this will be enough to conclude that F ∈ S(Rn).
We first write ∂/∂ξ j in polar coordinates.

Let ξ = σθ, with σ = |ξ| > 0 and θ = ξ/|ξ|. Then, for 1 ≤ j, ℓ ≤ n, by the chain
rule,

∂

∂ξ j
= θj

∂

∂σ
+

1
σ

n

∑
ℓ=1

(δjℓ − θjθℓ)
∂

∂θℓ
.22

Applying this identity repeatedly, each differentiation with respect to ξ produces
derivatives with respect to σ and to the angular variables, and introduces at most
one additional factor 1/σ. Thus, by induction on q = |α|, one obtains

∂q

∂ξα
= ∑

1≤|β|+k≤q

cβ,k(θ)

σq−k
∂|β|+k

∂θβ∂σk , (α ∈ Nn, |α| = q ≥ 1),

where the cβ,k are polynomials in θ, hence uniformly bounded on Sn−1. Hence,
singularities at the origin can only come from the powers of σ−1.

To see that these singularities cancel, write the Taylor decomposition

e(u) := e−2πiu =
q−1

∑
m=0

(−2πiu)m

m! + eq(u). (17)

By the HLCC and the homogeneity of pm, we have

σm
∫

R
smg(θ, s) ds

HLCC
↓
= σm pm(θ)

homogeneity
↓
= pm(σθ), (18)

therefore

F(σθ) =
∫

R
e−2πiσsg(θ, s) ds

Eq. (17)
Eq. (18)
↓
=

q−1

∑
m=0

(−2πi)m

m! σm
∫

R
smg(θ, s) ds +

∫
R

eq(σs)g(θ, s) ds

=
q−1

∑
m=0

(−2πi)m

m! pm(σθ) +
∫

R
eq(σs) g(θ, s) ds = Pq(σθ) +

∫
R

eq(σs)g(θ, s) ds,

where Pq is a polynomial of degree < q. Hence ∂α
ξ Pq = 0 whenever |α| = q. More-

over, eq does not depend on θ, while g does not depend on σ. So, differentiating,
we are left with

∂α
ξ F(σθ) = ∂α

ξ

(∫
R

eq(σs) g(θ, s) ds
)
= ∑

1≤|β|+k≤q

cβ,k(θ)

σq−k ∂
β
θ ∂k

σ

(∫
R

eq(σs) g(θ, s) ds
)

∗
= ∑

1≤|β|+k≤q

cβ,k(θ)

σq−k

∫
R

∂
β
θ ∂k

σ

(
eq(σs) g(θ, s)

)
ds (19)

= ∑
1≤|β|+k≤q

∫
R

cβ,k(θ)

σq−k ske(k)q (σs)∂β
θ g(θ, s) ds,

22 Using that
∂σ

∂ξ j
=

ξ j

|ξ| = θj, and that
∂θℓ
∂ξ j

=
∂

∂ξ j

(
ξℓ
|ξ|

)
=

δjℓ

σ
− ξℓ

σ2
∂σ

∂ξ j
=

δjℓ − θℓθj

σ
.
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where we have used differentiation under the integral sign in ∗. Using |e(k)q (u)| ≲
|u|q−k for 0 ≤ k ≤ q 23, we can bound (19):∣∣∣∂α

ξ F(σθ)
∣∣∣ ≲ ∑

1≤|β|+k≤q

∫
R

|cβ,k(θ)|
σq−k |s|k |σs|q−k

∣∣∣∂β
θ g(θ, s)

∣∣∣ ds

σ>0
= ∑

1≤|β|+k≤q
|cβ,k(θ)|

∫
R
|s|q

∣∣∣∂β
θ g(θ, s)

∣∣∣ ds

≲
↑

|cβ,k(θ)|≲1

∑
1≤|β|+k≤q

∫
R
|s|q

∣∣∣∂β
θ g(θ, s)

∣∣∣ ds ≲
↑

g∈S(Z)

1.

Hence all Cartesian derivatives of F are locally bounded near the origin. We
now explain why this implies that these derivatives have limits at the origin.

Fix a multi-index α, and choose M = M(r) > 0 such that
|∇(∂α

ξ F)(ξ)| ≤ M when 0 < |ξ| < r. Let x, y ∈ Br(0) \ {0}. We
join x and y by a curve γ ⊂ Br(0) \ {0} made of two pieces: first,
a spherical arc joining x and y

|y| |x|, which has length smaller
than π |x|, and then a radial segment joining this point with y,
which has length ||x| − |y||. This curve satisfies

long(γ) ≤ π|x|+
∣∣|x| − |y|

∣∣ ≤ π|x|+ |x|+ |y| ≤ (π + 1)(|x|+ |y|).

Applying the fundamental theorem of calculus along γ, we obtain∣∣∂α
ξ F(x)− ∂α

ξ F(y)
∣∣ ≤ ∫

γ

∣∣∇(∂α
ξ F)(ξ)

∣∣ dℓ(ξ) ≤ M long(γ) ≤ M(π + 1)(|x|+ |y|).

In particular,
∣∣∂α

ξ F(xm) − ∂α
ξ F(ym)

∣∣ ≤ MC(|xm| + |ym|)
xm,ym↘0−−−−−→ 0. All sequences

approaching 0 give the same limit, so we can define ∂α
ξ F(0) := lim

ξ→0
∂α

ξ F(ξ).

The extensions are compatible with differentiation by the same radial fundamental-
theorem argument: if Gα denotes the continuous extension of ∂α

ξ F, then

Gα(x)− Gα(0) =
∫ 1

0

n

∑
j=1

xj Gα+ej(tx) dt =
n

∑
j=1

xj Gα+ej(0) + o(|x|).

Hence ∂ξ j Gα(0) = Gα+ej(0), and the extensions are compatible with differentiation.
Therefore F ∈ C∞(Rn).

23 Since eq(u) = e−2πiu − ∑
q−1
m=0(−2πiu)m/m!, Taylor’s formula with integral remainder gives,

for 0 ≤ k < q,

e(k)q (u) =
(−2πi)q

(q − k − 1)!

∫ u

0

(u − t)q−k−1 dt
e2πit ,

which implies |e(k)q (u)| ≤ C
∣∣∣∫ u

0 (u − t)q−k−1 dt
∣∣∣ ≤ C

∫ |u|
0 rq−k−1 dr = C|u|q−k.
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It remains only to check rapid decay. For σ > 1, the same polar formula gives,
for every N ∈ N,

σN |∂α
ξ F(σθ)| ≤ C ∑

1≤|β|+k≤q
σN
∣∣∣∂β

θ ∂k
σ ĝ(θ, σ)

∣∣∣ .

The right-hand side is uniformly bounded because ĝ ∈ S(Z). Hence F ∈ S(Rn).
Since the FT is a homeomorphism of S(Rn) onto itself, there exists f ∈ S(Rn)

such that f̂ = F. By construction, f̂ (σθ) = ĝ(θ, σ), σ > 0. The evenness of g gives
the same identity for every σ ∈ R. Applying again Thm. 3.6, R̂ f (θ, σ) = f̂ (σθ) =

ĝ(θ, σ). By uniqueness of Fs, R f = g.

Combining the range with the support theorems gives the corresponding com-
pactly supported version. The direct implication is immediate. If g ∈ C∞

c (Z) is
even and satisfies the HLCC, Thm. 3.14 gives f ∈ S(Rn) such that R f = g. Since
g vanishes for |s| large, Thm. 3.9 implies that supp ( f ) is compact.

Corollary 3.15. Compactly supported range. The range of R : C∞
c (Rn) −→ C∞

c (Z)
is the space of all even functions g ∈ C∞

c (Z) satisfying HLCC.

3.4 Inversion formulas

We now derive two inversion formulas for the R f , i.e. formulas to obtain f
from R f . The first one expresses f in terms of Fs(R f ). The second is via back-
projection formula, and was already presented less rigorously in the introduction.
Throughout this subsection, g will be a function on the cylinder Z.

Theorem 3.16. Radon inversion via Fourier slices. Let f ∈ S(Rn). Then

f (x) =
1
2

∫
Sn−1

(∫ ∞

−∞
|σ|n−1e2πi σ(x·θ)R̂ f (θ, σ) dσ

)
dθ, x ∈ Rn.

Proof. Set g = R f . By inverse FT in Rn, Thm. 3.6 and polar coordinates ζ = σθ

f (x) =
∫

Rn
e2πi x·ζ f̂ (ζ) dζ =

∫ ∞

0

∫
Sn−1

e2πi x·(σθ) f̂ (σθ) σn−1 dθ dσ

=
∫

Sn−1

(∫ ∞

0
e2πi σ(x·θ) ĝ(θ, σ)σn−1 dσ

)
dθ =

∫
Sn−1

F(θ, x) dθ,

where F(θ, x) :=
∫ ∞

0
e2πi σ(x·θ) ĝ(θ, σ)σn−1 dσ.

Since the surface measure on the sphere is invariant under θ 7→ −θ we can write
f (x) = 1

2

∫
Sn−1

(
F(θ, x) + F(−θ, x)

)
dθ. To study F(−θ, x), we use Thm. 3.6 again

(obtaining ĝ(−θ, σ) = f̂ (−σθ) = ĝ(θ,−σ)) and change the variable u = −σ,

F(−θ, x) =
∫ ∞

0
σn−1e2πi σ(x·(−θ)) ĝ(−θ, σ) dσ =

∫ ∞

0
σn−1e2πi (−σ)(x·θ) ĝ(θ,−σ) dσ

=
∫ 0

−∞
(−u)n−1e2πi u(x·θ) ĝ(θ, u) du =

∫ 0

−∞
|u|n−1e2πi u(x·θ) ĝ(θ, u) du.
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Adding this expression to F(θ, x) gives the desired formula.

This inversion formula was rather easy to obtain, but this simplicity comes at a
price in the numerical reconstruction: it leads to Fourier-domain methods, where
the data must be reorganized before applying an inverse DFT. The backprojec-
tion formula is more involved to derive, but it leads to the filtered backprojection
algorithm, whose implementation is more direct.

Definition 3.17. Backprojection operator. For g ∈ C(Z), we define the backprojection
operator R# : C(Z) −→ C(Rn) by

R#g(x) :=
∫

Sn−1
g(θ, x · θ) dθ, x ∈ Rn.

As discussed in the Introduction, backprojection spreads each projection value
back over the set of points that could have produced it. In R3, R f (θ, x · θ) is the
integral of f over the plane θx·θ = {y ∈ R3 : y · θ = x · θ}, which passes through x
and is orthogonal to θ. Thus R#R f (x) superposes the contributions of all planes
through x, producing a blurred reconstruction unless a filter is applied. Before
deriving an inversion formula using this operator, we record some properties.

Proposition 3.18. Backprojection operator properties.

1. If g ∈ C(Z), then R#g ∈ C(Rn). And if g ∈ C1(Z), then R#g ∈ C1(Rn), and

∂

∂xj
(R#g) = R#

(
θj

∂g
∂s

)
, j = 1, . . . , n.

Finally if g ∈ C∞(Z), then R#g ∈ C∞(Rn), and for every multi-index α ∈ Nn
0 ,

Dα(R#g) = R#

(
θα ∂|α|g

∂s|α|

)
.

2. The backprojection and the Laplacian commute. If ∆ = ∑n
j=1

∂2

∂x2
j
, and □ = ∂2

∂s2 , are

the usual Laplacians on Rn, n ≥ 2, and R, respectively, then

R#(□g) = ∆(R#g), g ∈ C∞(Z).

3. The operator R# is the real formal adjoint of R: if f ∈ S(Rn) and g ∈ S(Z), then∫
Sn−1

∫
R
R f (θ, s) g(θ, s) ds dθ =

∫
Rn

f (x)R#g(x) dx.

In particular f ∗ (R#g) = R#((R f ) ∗s g
)
.

These properties follow directly from the definition of R#, the chain rule and
Fubini’s theorem; see [VG25, Sec. 3.5, pp. 22–24].

In the derivation of the Radon inversion formula via backprojection, we saw in
the Introduction the appearance of the multiplier |σ| . Similarly, in higher dimen-
sions |σ|n−1 will appear. To deal with it, we need a last ingredient.
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3.4.1 The Hilbert transform. Kε(s) :=
χ{|s|>ε}

s is locally integrable and of at most
polynomial growth, hence it defines a regular tempered distribution by integration
against test functions24. The distribution K is defined by the convergence of these
actions on every Schwartz function25 :

⟨K, φ⟩ := lim
ε→0+

⟨Kε, φ⟩ = lim
ε→0+

∫
|s|>ε

φ(s)
s

ds, φ ∈ S(R).

The Hilbert transform is the complex-valued function Hψ : R −→ C given by

Hψ(t) :=
i
π
(K ∗ ψ)(t), ψ ∈ S(R), t ∈ R.

By the definition of convolution between a tempered distribution and a Schwartz
function, we have (K ∗ ψ)(t) = ⟨K, ψ(t − ·)⟩ . Hence,

(K ∗ ψ)(t) = lim
ε→0+

∫
|s|>ε

ψ(t − s)
s

ds =⇒ Hψ(t) =
i
π

lim
ε→0+

∫
|s|>ε

ψ(t − s)
s

ds.

The right-hand side is a smooth slowly increasing function of t26. As we saw in
Preliminaries, we may also regard Hψ as a tempered distribution.

The FT of K gives the distributional identity K̂
S ′(R)
= −iπ sgn [Cer10, Thm. 7.22,

p. 203]. Therefore we obtain this identity in S ′(R)

Ĥψ = F
(

i
π

K ∗ ψ

)
∗
=

i
π

K̂ ∗ ψ
∗∗
=

i
π

K̂ ψ̂ =
i
π

(
−iπ sgn

)
ψ̂ = sgn ψ̂. (20)

we have used the linearity of the FT in ∗ and the convolution rule for distributions
in ∗∗. This is an identity in the σ-variable, i.e.〈

Ĥψ, φ
〉
=
〈
sgn ψ̂, φ

〉
=
∫

R
sgn(σ)ψ̂(σ)φ(σ) dσ, ∀ φ ∈ S(R).

24Indeed, |Kε(s)| ≤ 1/ε. Thus it is bounded, hence of at most polynomial growth. So, φ 7→∫
R

Kε(s)φ(s) ds, for φ ∈ S(R) defines a regular tempered distribution.
25Notice that K itself is not obtained from a locally integrable function, since 1/s is not locally

integrable near s = 0.
26∫

ε<|s|<1

ds
s

= log(ε)− log(ε) = 0 =⇒ p. v.
∫

R

ψ(t − s)
s

ds =
∫
|s|<1

ψ(t − s)− ψ(t)
s

ds+
∫
|s|≥1

ψ(t − s)
s

ds.

The first integral is no longer singular, because ψ(t−s)−ψ(t)
s = −

∫ 1
0 ψ′(t− λs) dλ. The second integral

is absolutely convergent, since ψ ∈ S(R). Moreover, the same argument applies after differentiating
with respect to t: for every k ≥ 0,

∂k

∂tk

(
ψ(t − s)− ψ(t)

s

)
=

ψ(k)(t − s)− ψ(k)(t)
s

= −
∫ 1

0
ψ(k+1)(t − λs) dλ.

Thus one may differentiate under the integral sign. Also,
∣∣∣∫|s|≥1

ψ(k)(t−s)
s ds

∣∣∣ ≤ ∫R
|ψ(k)(u)| du < ∞,

and the local part is bounded by a constant depending on ∥ψ(k+1)∥∞. Hence Hψ is smooth, and all
its derivatives are bounded; in particular, Hψ is slowly increasing.
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Thus the FT of Hψ is computed in the distributional sense, not necessarily by an
absolutely convergent Fourier integral.

Now, as promised, an inversion formula using backprojection.

Theorem 3.19. Radon inversion via backprojection. Let f ∈ S(Rn). Then

f (x) =
1

2(2πi)n−1R
#(Λ(R f )

)
(x), x ∈ Rn, (21)

where

Λ(R f ) :=


∂n−1(R f )

∂sn−1 , if n is odd,

H
(

∂n−1(R f )
∂sn−1

)
, if n is even.

The Hilbert transform acts only on the real variable s.

Proof. Let g = R f . We willprove, for each fixed θ ∈ Sn−1, the identity

|σ|n−1 ĝ(θ, σ) = (2πi)1−nΛ̂g(θ, σ) (22)

in the σ-variable. After that, We willuse the Radon inversion of Thm. 3.16.
If n is odd, then

|σ|n−1 ĝ(θ, σ)

n−1 even
↓
= σn−1 ĝ(θ, σ)

∗
= (2πi)1−n(2πiσ)n−1 ĝ(θ, σ)

∗∗
= (2πi)1−n∂̂ n−1

s g(θ, σ)

= (2πi)1−nΛ̂g(θ, σ),

where in ∗ we multiplied by (2πi)n−1

(2πi)n−1 . If n is even, then n − 1 is odd, and hence

|σ|n−1 = sgn(σ)σn−1. Using the Hilbert transform properties we obtain, in S ′(R),

(2πi)1−nΛ̂g(θ, σ) = (2πi)1−nF
(

H
(

∂ n−1
s g

))
(θ, σ)

Eq. (20)
↓
= (2πi)1−n sgn(σ)∂̂ n−1

s g(θ, σ)

∗∗
= (2πi)1−n sgn(σ)(2πiσ)n−1 ĝ(θ, σ) =

↑
n−1 odd

|σ|n−1 ĝ(θ, σ),

In both equations, ∗∗ denotes the use of Fourier rule for derivatives
Thus (22) holds for every n. In the odd case it is an identity of functions; in the

even case it is an identity of tempered distributions in the σ-variable.
Now, since g ∈ S(Z), the function ĝ(θ, ·) is rapidly decreasing. Hence σ 7−→

|σ|n−1 ĝ(θ, σ) is integrable. Therefore its inverse FT is given by the usual integral.
Applying the inverse FT in the σ-variable to equation (22) we get, for every s ∈ R,

F−1
(
|σ|n−1 ĝ(θ, σ)

)
=
∫ ∞

−∞
|σ|n−1e2πi σ s ĝ(θ, σ) dσ︸ ︷︷ ︸

A(s)

= (2πi)1−nΛg(θ, s)︸ ︷︷ ︸
B(s)

. (23)
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In the even case this equality is first obtained in S ′(R), that is, as an equality
between the tempered distributions associated with the functions A(s) and B(s),
but A continuous and B smooth, implies that the equality holds pointwise.

Finally, taking s = x · θ in (23) and substituting into the Fourier inversion for-
mula, we obtain

f (x)
Thm. 3.16

↓
=

1
2

∫
Sn−1

(∫ ∞

−∞
|σ|n−1e2πi σ(x·θ) ĝ(θ, σ) dσ

)
dθ

Eq. (23)
↓
=

1
2

∫
Sn−1

(2πi)1−nΛg(θ, x · θ) dθ =
1

2(2πi)n−1

∫
Sn−1

Λg(θ, x · θ) dθ

=
1

2(2πi)n−1R
#(Λg)(x) =

1
2(2πi)n−1R

#(Λ(R f )
)
(x).

The backprojection inversion formula has a different character depending on
the parity of n. Assume first that n is odd. Then Λg = ∂ n−1

s g, and (21) becomes

f (x) =
1

2(2πi)n−1

∫
Sn−1

∂n−1g
∂sn−1 (θ, x · θ) dθ.

For fixed θ, the value ∂n−1g
∂sn−1 (θ, x · θ) is determined only by the values of g(θ, t) for t

in a neighborhood of x · θ. Since g(θ, t) = R f (θ, t), these values are precisely the
integrals of f over the hyperplanes θt with t close to x · θ, that is, over hyperplanes
parallel to θx·θ and meeting a neighborhood of x. Thus, in order to compute
the integral above, we only need the values of R f on hyperplanes meeting a
neighborhood of x. In this sense, the inversion of the Radon transform in odd
dimensions is a local problem.

In even dimensions the same conclusion is not available. Indeed, in that case
the operator Λ contains the Hilbert transform in the s-variable, and the Hilbert
transform is not local: the value Hψ(t) cannot be computed from the values of
ψ on a neighborhood of t alone. In particular, in the two-dimensional case, (21)
reads

f (x) =
1

4πi
R#
(

H
∂g
∂s

)
(x), g = R f .

4 Discretization of the Radon transform

In the previous sections the Radon transform has been treated as a continuous
object: for a given function f , the data R f (θ, s) were assumed to be known for
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every (θ, s) ∈ Sn−1 × R. This is the natural setting for the theoretical inversion
formulas, but in applications one only has a finite number of samples.

Notation. For ρ > 0, we write Bρ := B(0, ρ), and χρ := χBρ .

We shall think of a CT scan of a head centered at the origin and of radius at
most one; thus the function that we analyze will satisfy supp f ⊂ B1. This is a
reasonable hypothesis after a suitable normalization of the field of view.

We shall also impose a restriction on the FT of f , the way in which f varies
in space can be read from its FT. Assume f ∈ S(Rn): Fourier inversion gives
f (x) =

∫
Rn f̂ (ξ)e2πix·ξ dξ. Thus f may be regarded as a continuous superposition

of the elementary oscillations x 7→ e2πix·ξ , whose frequency is ξ. Since the component
x 7→ e2πix·ξ is periodic of period t = 1

|ξ| , we can think of |ξ| as the "distance"
over which such exponential component may vary, i.e. the spatial scale of such
component. Therefore, when |ξ| is large, the size of f̂ (ξ) measures the contribution
of an exponential component with rapid spatial variation. Such high-frequency
components are needed to represent rapid transitions, narrow structures, or fine
details accurately27. Small values of |ξ| correspond coarser spatial behaviour.

Consequently, if one decides to work at a fixed spatial resolution 1/Ω, that is, to
ignore variations of f occurring at spatial scales smaller than 1/Ω, it is natural to
neglect the high-frequency part of f . Since frequencies of size |ξ| describe spatial
variations of scale 1/|ξ|, this amounts to keeping only the frequency components
with |ξ| ≤ Ω. This leads to the idealized model of bandlimited functions: one
would assume that supp f̂ ⊂ BΩ.

However, exact compact support and exact bandlimitation are incompatible,
except for the zero function. Indeed, as we saw in the proof of Thm. 3.12 if f ∈
Cc(Rn), then f̂ is real analytic. If, in addition, supp f̂ ⊂ BΩ, then f̂ vanishes on
the non-empty open set {|ξ| > Ω}. By analytic continuation, f̂ ≡ 0 on Rn. Since
the FT is injective on L1(Rn), and f ∈ Cc(Rn) ⊂ L1(Rn), it follows that f = 0
a.e. Since f is continuous, f ≡ 0. Thus, exact localization must be replaced by
approximate–localization.

The discussion above was written for Schwartz functions, where the Radon and
Fourier formulas are classical. The sampling result below, however, is naturally
formulated in L2(Rn), since localization and approximation will be measured in
terms of L2-energy. This fits our previous setting, since S(Rn) ⊂ L2(Rn).

27This interpretation is reflected in the behaviour of derivatives under the FT. By Plancherel in ∗
and by the Fourier rule for derivatives in ∗∗

∥∇ f ∥2
2 =

n

∑
j=1

∥∥∥∂xj f
∥∥∥2

2

∗
=

n

∑
j=1

∥∥∥∂̂xj f
∥∥∥2

2

∗∗
=

n

∑
j=1

∫
Rn

∣∣∣2πi ξ j f̂ (ξ)
∣∣∣2 dξ = (2π)2

∫
Rn

|ξ|2
∣∣∣ f̂ (ξ)∣∣∣2 dξ.

Therefore, rapid spatial variation, as measured for instance by ∥∇ f ∥2
2, is associated with the pres-

ence of mass of f̂ at large values of |ξ|.
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Now, we introduce some vocabulary to study almost–localized functions.

Definition 4.1. Let f ∈ L2(Rn). We say that f is essentially Ω-bandlimited at level
ε if ∫

BΩ

| f̂ (ξ)|2 dξ ≥ (1 − ε) ∥ f ∥2
2 .

We say that f is essentially supported in BR at level ε if∫
BR

| f (x)|2 dx ≥ (1 − ε) ∥ f ∥2
2 .

For ε ∈ (0, 1), We will denote by PWε
Ω,R, the class of functions f ∈ L2(Rn) which are

simultaneously essentially supported in BR and essentially Ω-bandlimited, both at level ε.

Notation. We shall call |BR| the spatial volume and |BΩ| the frequency volume.
We will set DΩ,R := |BR| |BΩ|. Also, we set χR and χΩ to be the characteristic func-
tions of BR and BΩ. Ω-bandlimited means exactly Ω-bandlimited, or essentially
Ω-bandlimited at level 0. For ε > 0, we shall loosely refer to the corresponding
notions as almost space (or band) localization.

These definitions are energy conditions. For instance,
∫BR

| f (x)|2 dx

∥ f ∥2
2

is the fraction

of the L2-energy of f contained in BR. Thus f is essentially supported in BR at
level ε precisely when the energy outside BR is at most an ε-fraction of the total
energy:

∫
Rd\BR

| f (x)|2 dx ≤ ε ∥ f ∥2
2 . The same interpretation applies to the FT in

the definition of essential band limitation.
Our goal is to estimate these almost–localized functions. A theorem of Landau,

Slepian and Pollak does precisely this.

Theorem 4.2. There exist finite-dimensional subspaces HΩ,R ⊂ L2(Rn) such that

lim
RΩ→∞

dim HΩ,R

DΩ,R
= 1.

Moreover,

lim
ε→0+

lim sup
RΩ→∞

sup
f∈PWε

Ω,R, f ̸=0

dist( f , HΩ,R)

∥ f ∥2
= 0.

This order of dimension is asymptotically optimal: there are no other subspaces hΩ,R ⊂
L2(Rn) with the same approximation property and such that lim infRΩ→∞

dim hΩ,R
dim HΩ,R

< 1.

Let us first interpret the statement before proving it. A common heuristic in
sampling theory says that a space and band localized function can be approximated
by a finite number of parameters, which is governed by the product of the spatial
and frequency volumes. In our setting, functions in PWε

Ω,R are essentially localized
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in the spatial ball BR and in the frequency ball BΩ. The heuristic suggests the
quantity

|B1|Rn |B1|Ωn = |B1|2 (RΩ)n = Dn
R,Ω.

Thm. 4.2 makes this heuristic precise: it states that, although PWε
Ω,R is not

finite-dimensional, its elements can be approximated, uniformly as RΩ → ∞, by
elements of a subspace HΩ,R ⊂ L2(Rn).

In the present problem the scalar data are not point values of f , but values of
its Radon transform, R f (θj, sl). Each such datum gives one linear condition on the
approximant. Indeed, if {ϕ1, . . . , ϕN} is a basis of HΩ,R and h = ∑N

k=1 ckϕk then, by
linearity of the Radon transform,

Rh(θj, sl) =
∫
(θj)sl

h(x) dx =
∫
(θj)sl

N

∑
k=1

ckϕk(x) dx =
N

∑
k=1

ck Rϕk(θj, sl).

Thus the Radon datum R f (θj, sl) produces the linear equation ∑N
k=1 ck Rϕk(θj, sl) =

R f (θj, sl). If we take M samples of the Radon transform at the parameter values
(θ1, s1), . . . , (θM, sM), we obtain the linear system Rϕ1(θ1, s1) · · · RϕN(θ1, s1)

...
. . .

...
Rϕ1(θM, sM) · · · RϕN(θM, sM)


 c1

...
cN

 =

 R f (θ1, s1)
...

R f (θM, sM)

 .

Thus, each Radon datum gives one scalar linear equation for the coefficients of
an approximant in HΩ,R. Since dim HΩ,R ∼ DΩ,R, the theorem suggests that one
should not expect to need more than about DΩ,R independent scalar measure-
ments in order to describe functions in PWε

Ω,R up to the prescribed resolution.
However, the concrete choice of Radon samples and the stability of the resulting
linear system are separate numerical issues.

Increasing R means covering a larger spatial region, while increasing Ω means
resolving finer details. Both increase the number of non-redundant data required
by this finite-dimensional approximation. In dimension n, this number grows like
(RΩ)n.28

Idea of the proof of Thm. 4.2: First we would like to define some finite-dimensional
subspace of L2(Rn). To do that, a simple idea is to try to “project” functions
in PWε

Ω,R to some subspace of PWΩ that are also essentially BR–supported. A
simple approach is to just use the characteristic functions χR and χΩ. Define the

28it is worth noting that Thm. 4.2 is a sufficiency statement. It does not say that a number of
data of order (RΩ)n is always necessary, nor does it exclude that particular functions, or classes
with additional structure, may be approximated with fewer data. Rather, it says that a number of
suitably independent Radon data of this order is enough to guarantee a uniform L2-approximation
of any function essentially localized in space and in frequency.
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concentration operator CΩ,R as

CΩ,R : PWΩ −→ PWΩ, CΩ,R f := PΩ(χR · f ), PΩ f := F−1(χΩ · F ( f )
)
.

From now and on, We will omit the · sign. CΩ,R first cuts the function in space,
keeping only its part inside BR, and then projects back onto the bandlimited space
PWΩ. We’ll find that this operator gives an orthonormal basis ( fk)k∈N; and that it
has finitely many eigenvalues close to one, while the rest tend to zero (Prop. 4.3).
This gives us the idea of defining HΩ,R as the span of the first N eigenfunctions.

If f ∈ PWΩ is essentially BR–supported, We willsee that its expansion in
( fk)k∈N will not have much mass in the directions with small eigenvalues, be-
cause those directions do not contribute to the mass inside BR. Hence the tail
outside HΩ,R will be small. Then, for f ∈ PWε

Ω,R, we first project it in frequency
onto PWΩ, control the error by Plancherel, and apply the previous case.

We shall use the following spectral properties of the concentration operator,
taken from [CMOCP07, Sec. 3, Props. 18–19]. They are stated without proof in
the main text, since the proof is interesting but too long to include here. For
completeness, an expanded proof is given in Appendix 1, although it is not needed
for the rest of the work.

Proposition 4.3. The operator CΩ,R is linear, bounded, compact, self-adjoint, positive,
injective and satisfies ⟨CΩ,R f , f ⟩ = ∫BR

| f (x)|2 dx.
If λk(Ω, R) for k ∈ N are its eigenvalues, arranged in decreasing order, then

λk(Ω, R) ∈ (0, 1) and, for any threshold t ∈ (0, 1)

DΩ,R − o(DΩ,R)

1 − t
≤ # {k : λk(Ω, R) > t} ≤ DΩ,R +

o(DΩ,R)

t
, RΩ → ∞.

Observe that for every fixed t, the number of eigenvalues above it is asymp-
totically equal to DΩ,R. In particular, #{k : t < λk(Ω, R) < 1 − t} = o(DΩ,R) .29

Thus, up to a negligible number of eigenvalues, the spectrum is concentrated near
0 and near 1. The eigenvalues close to 1 correspond to bandlimited functions
which are well concentrated in BR, whereas the eigenvalues close to 0 correspond
to bandlimited functions whose mass is mostly outside BR.

Proof. (Thm. 4.2). Set λk = λk(Ω, R) and C := CΩ,R We first choose two cut-off

29Indeed, if t ≥ 1/2, then the set is empty. If 0 < t < 1/2, then

#{k : t < λk < 1 − t} ≤ #{k : λk > t} − #{k : λk > 1 − t}
∗
≤
(

DΩ,R +
o(DΩ,R)

t

)
−
(

DΩ,R −
o(DΩ,R)

t

)
where in the * we applied the estimate first with t, and then with 1 − t.
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indices. By Prop. 4.3, for each fixed j ≥ 2,

#
{

k : λk >
1
j

}
≤ DΩ,R + j o(DΩ,R)

∗
≤ DΩ,R +

1
j

DΩ,R =

(
1 +

1
j

)
DΩ,R,

#
{

k : λk > 1 − 1
j

}
≥ DΩ,R − o(DΩ,R)

1 −
(

1 − 1
j

) = DΩ,R − j o(DΩ,R) ≥
∗

(
1 − 1

j

)
DΩ,R.

(24)
where (∗) holds for each fixed j and RΩ sufficiently large. Choosing j = j(Ω, R) →
∞ slowly enough, these inequalities still hold as RΩ → ∞. Define

n(ΩR) :=
⌊(

1 − 1
j(Ω, R)

)
DΩ,R

⌋
, N(ΩR) :=

⌊(
1 +

1
j(Ω, R)

)
DΩ,R

⌋
+ 1.

Since the eigenvalues are arranged decreasingly and by (24), the first n(ΩR) of
them are asymptotically close to 1, while the eigenvalues from N(ΩR) onward

are asymptotically close to 0. So, we can write λn(ΩR)(Ω, R)
RΩ↗∞−−−−→ 1, and

λN(ΩR)(Ω, R)
RΩ↗∞−−−−→ 0. Also,

N(ΩR)
DΩ,R

RΩ↗∞−−−−→ 1,
n(ΩR)
N(ΩR)

RΩ↗∞−−−−→ 1.

Now set HΩ,R := span{ fk : 1 ≤ k < N(ΩR)}. Then dim HΩ,R
DΩ,R

= N(ΩR)−1
DΩ,R

→ 1.
Let f ∈ PWΩ, ∥ f ∥2 = 1, and suppose that f is essentially supported in BR at

level ε. Write f = ∑∞
k=1 vk fk, with vk = ⟨ f , fk⟩ (thus ∑∞

k=1 |vk|2 = 1). Then, on one
hand, for RΩ large enough so that λN(ΩR) ≤ ε,

1 − ε ≤
∫

BR

| f (x)|2 dx = ⟨CΩ,R f , f ⟩ =
∞

∑
k=1

λk|vk|2

≤ ∑
k<N(ΩR)

|vk|2 + λN(ΩR) ∑
k≥N(ΩR)

|vk|2 ≤ ∑
k<N(ΩR)

|vk|2 + ε.

Hence ∑k≥N(ΩR) |vk|2 ≤ 2ε. Now, on the other hand, let PH denote the orthogo-
nal projection onto HΩ,R. We have PH f = ∑k<N vk fk, and f − PH f = ∑k≥N vk fk.
Therefore, by Parseval,

dist( f , HΩ,R)
2 = ∥ f − PH f ∥2

2 = ∑
k≥N(ΩR)

|vk|2 ≤ 2ε.

We pass now to the class PWε
Ω,R, with ε ∈ (0, 1). Let f ∈ PWε

Ω,R, ∥ f ∥2 = 1, and
put u := PΩ f = F−1(χΩ · F ( f )

)
. Then u ∈ PWΩ, and by Plancherel,

∥ f − u∥2
2 =

∥∥∥ f̂ − u
∥∥∥2

2
=
∫

Rn\BΩ

| f̂ (ξ)|2 dξ ≤ ε; ∥u∥2
2 ≥ 1 − ε.
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Moreover, ∥(1 − χR)u∥2 ≤ 2
√

ε.30 Thus

∫
Rn\BR

∣∣∣∣ u(x)
∥u∥2

∣∣∣∣2 dx =
∥(1 − χR)u∥2

2

∥u∥2
2

=≤ 4ε

1 − ε
=: αε.

Applying the previous estimate to u/ ∥u∥2, we get dist(u, HΩ,R) ≤
√

2αε. Finally,

dist( f , HΩ,R) ≤ ∥ f − u∥2 + dist(u, HΩ,R) ≤
√

ε +

√
8ε

1 − ε

ε↘0−−→ 0,

which proves the approximation statement.
It remains to justify the optimality of the order of the dimension. Define

GΩ,R := span{ fk : 1 ≤ k < n(ΩR)}. Then dim(GΩ,R)
dim(HΩ,R)

= n(ΩR)−1
N(ΩR)−1

RΩ↗∞−−−−→ 1.
If f ∈ GΩ,R and ∥ f ∥2 = 1, write again f = ∑k<n(ΩR) vk fk, with vk = ⟨ f , fk⟩ (thus

∑k<n(ΩR) |vk|2 = 1). Then

∫
BR

| f (x)|2 dx
Prop. 4.3

↓
= ⟨CΩ,R f , f ⟩ = ∑

k<n(ΩR)
λk|vk|2

≥ λn(ΩR) ∑
k<n(ΩR)

|vk|2 = λn(ΩR)
RΩ↗∞−−−−→ 1.

Therefore, for every fixed ε > 0, all unit vectors of GΩ,R belong to PWε
Ω,R when

RΩ is large enough.
Now let EΩ,R ⊂ L2(Rn) be any subspace which approximates all unit vectors

in PWε
Ω,R with relative error strictly smaller than 1. If dim EΩ,R < dim GΩ,R, then

GΩ,R ∩ E⊥
Ω,R contains a non-zero vector g. After normalizing it, we would have

dist(g, EΩ,R) =
∥∥g − PEΩ,R g

∥∥
2 = ∥g∥2 = 1,

contradicting the assumed error bound. Hence dim EΩ,R ≥ dim GΩ,R. Since
dim GΩ,R/ dim HΩ,R → 1, the dimension of HΩ,R is asymptotically optimal.

4.1 The semidiscrete case

The previous section gave an abstract estimate for the number of scalar param-
eters needed to approximate any almost–localized function. We now specialize
these considerations to Radon data for such functions and ask how many direc-
tions are sufficient, assuming that the radial variable remains continuous.

More precisely, suppose that for a finite set Θ ⊂ Sn−1 the data R f (θ, s), θ ∈ Θ,
s ∈ R is known. Since R̂ f (θ, σ) = f̂ (σθ), therefore, choosing finitely many direc-
tions is equivalent to observing f̂ only on finitely many frequency lines through

30 ∥(1 − χR)u∥2 = ∥(1 − χR) f + (1 − χR)(u − f )∥2 ≤ ∥(1 − χR) f ∥2 + ∥u − f ∥2 ≤ 2
√

ε.
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the origin. Our problem is to understand how much of that f (R f ) is determined
by finitely many such frequency lines (directions).

For each fixed direction θ, set gθ(σ) := R̂ f (θ, σ). On one hand

Fσgθ(s) = Fσ

(
R̂ f (θ, ·)

)
(s) = F 2 (R f (θ, ·)) (s) = R f (θ,−s). (25)

Therefore, if f ∈ C∞
c (B1), then R f (θ, ·) is supported in [−1, 1], and hence

supp ĝθ ⊂ [−1, 1], i.e. gθ is bandlimited.
On the other hand, recall that by Thm. 3.14, the moments of the Radon data

are functions only of θ, and they are also are linked to the frequency slice:

dj

dσj gθ(σ)

∣∣∣∣
σ=0

=
dj

dσj R̂ f (θ, σ)

∣∣∣∣
σ=0

= (−2πi)j
∫

R
sjR f (θ, s) ds = µj(θ). (26)

Thus, if µj vanish, for j = 0, . . . , k, then gθ(0) = g′θ(0) = · · · = g(k)θ (0) = 0.
The following lemma, which we state without proof (see [CMOCP07, Sec. 3.1,

Lem. 20]), relates both facts: a one-dimensional bandlimited function with many
vanishing derivatives at the origin cannot keep most of its weighted L2-mass near
the origin.

Lemma 4.4. Let α ∈ R. For every 0 < δ < 1, there is an integer k0 = k0(α, δ) ≥ 0 such
that, if k ≥ k0, supp ĝ ⊂ [−1, 1], and g(j)(0) = 0, j = 0, . . . , k, then∫ (1−δ)k/2

−(1−δ)k/2
|g(x)|2(1 + |x|)α dx ≤ δ

∫
R
|g(x)|2(1 + |x|)α dx,

provided that the integral on the right is finite.

Recall that Thm. 3.14 guarantees µm is a homogeneous polynomial of degree m
restricted to the sphere. Such polynomials can be decomposed into "spherical har-
monics", which will allow us to decide when finitely many directions are enough
to recover the relevant moment information.

A polynomial q such that ∆q = 0, where ∆ = ∑n
j=1 ∂2

xj
, is called a harmonic

polynomial. A polynomial hk ∈ Phom
k (Rn) that is harmonic is thus a homo-

geneous harmonic polynomial of degree k. We denote by Hk(R
n) the com-

plex vector space of harmonic homogeneous polynomials of degree k, that is,
Hk(R

n) := {hk ∈ Phom
k (Rn) : ∆hk = 0}.

Every harmonic polynomial q can be written q = h0 + h1 + . . . , with hk ∈
Hk(R

n). Similarly, for any pk ∈ Phom
k (Rn), there are unique hk−2j ∈ Hk−2j(R

n)

such that (see [ABR01, p. 75; Thm. 5.7, p. 77])

pk(x) =
⌊k/2⌋

∑
j=0

|x|2jhk−2j(x) = hk(x) + |x|2hk−2(x) + |x|4hk−4(x) + · · · . (27)
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The restrictions to Sn−1 of the elements of Hℓ(R
n) are called spherical har-

monics of degree ℓ. We denote their complex vector space by Hℓ(Sn−1), that is,
Hℓ(Sn−1) := {hℓ|Sn−1 : hℓ ∈ Hℓ(R

n)}.31

After restriction to the unit sphere, the powers of |x|2 in (27) disappear: if θ ∈
Sn−1, then |θ| = 1, and hence pk(θ) = hk(θ) + hk−2(θ) + hk−4(θ) + · · ·. Thus pk|Sn−1

coincides on Sn−1 with the harmonic polynomial on Rn Hk := hk + hk−2 + hk−4 +

· · ·, which has degree at most k and the same parity as k. Equivalently, pk|Sn−1

is a finite sum of spherical harmonics hk−2j|Sn−1 of degrees k, k − 2, k − 4, . . ..32 In
particular, Thm. 3.14 says that µm is the restriction to Sn−1 of some pm ∈ Phom

m (Rn),
so

µm

Thm. 3.14
↓
= pm|Sn−1

Eq. (27)
↓
=

(
hm + |x|2 hm−2 ++ · · ·

)
|Sn−1

= hm|Sn−1 + hm−2|Sn−1 + · · · = (hm + hm−2 ++ · · · )|Sn−1 = Hm|Sn−1 .

Notice Hm(−x) = hm(−x) + hm−2(−x) + · · · = (−1)mhm(x) + (−1)m−2hm−2(x) +
. . . , thus Hm is a harmonic polynomial that is even if and only if m is even and
odd if and only if m is odd. Now set H′

m(R
n) as the set of harmonic polynomials

of degree at most m that satisfy this degree–parity matching. Observe that if k ≤ m,
H′

k ⊂ H′
m. With this naming, µm coincides with an element of H′

m on Sn−1.

Definition 4.5. A set Θm ⊂ Sn−1 is m-resolvent if it is a uniqueness set for H′
m.

Equivalently, if h ∈ H′
m satisfies h(θ) = 0 for any θ ∈ Θm implies that h ≡ 0 on Sn−1.33

Observe that |Θm| ≥ dim H′
m. Suppose that Θm = {θ1, . . . , θN}, then the evalua-

tion map H′
m −→ CN , such that h 7→

(
h(θ1), . . . , h(θN)

)
must be injective. Indeed,

if this map had a non-trivial kernel, there would exist 0 ̸= h ∈ H′
m such that

h(θ1) = · · · = h(θN) = 0, contradicting the fact that Θm is m-resolvent.

Theorem 4.6. Semidiscrete estimate. Let 0 < ε < 1, m ∈ N, Θm ⊂ Sn−1 be m-
resolvent, set am := (1−ε)m

2 and f ∈ C∞
c (B1). If R f (θ, s) = 0 for θ ∈ Θm, s ∈ R

then ∫
B(1−ε)m/2

| f̂ (ζ)|2 dζ ≤ Cm ∥ f ∥2
2 ,

31With respect to the usual inner product ⟨u, v⟩Sn−1 :=
∫

Sn−1 u(θ)v(θ) dσ(θ), the spaces Hℓ(Sn−1)

are mutually orthogonal, and span L2(Sn−1) in the Hilbert-space sense [ABR01, Thm. 5.12, pp. 80–
81].

32Observe that hℓ|Sn−1 is a function on the sphere. We call it "harmonic" because it comes from
a homogeneous harmonic polynomial. However, hℓ|Sn−1 is not homogeneous in itself, nor does it
have an intrinsic degree in the usual polynomial sense, since both notions are inherited from the
homogeneous polynomial hℓ defined on Rn. For instance, p2(x) = |x|2 is homogeneous of degree
2, but p2|Sn−1 = 1, which is a spherical harmonic of degree 0.

33As m increases, the space H′
m becomes larger and so the condition of being m-resolvent becomes

more demanding. Indeed, since H′
k ⊂ H′

m for every k ≤ m, every m-resolvent set is automatically
k-resolvent for every k ≤ m.
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where Cm > 0 is independent of f and Cm → 0 as m → ∞.

Proof. If R f (θ, s) ≡ 0 in Θ, then by the identities in (26) we have µk ≡ 0 on Θ
for all k ∈ N ∪ {0}. Meanwhile, our previous discussion showed that µk ∈ H′

m.
Since Θm is m-resolvent and µk vanishes on Θm, we obtain µk ≡ 0 on Sn−1 for
k = 0, . . . , m.

Now fix θ ∈ Sn−1. µk(θ) = 0 for k = 0, . . . , m is equivalent, because of (26), to
∂

j
σR̂ f (θ, σ)

∣∣∣
σ=0

= 0 for k = 0, . . . , m. As we did before, set gθ(σ) := R̂ f (θ, σ). The

hypothesis supp f ⊂ B(0, 1) implies, as we saw below (25), that supp ĝθ ⊂ [−1, 1].
It follows that Lem. 4.4 applies to gθ . With the notation of this theorem, we apply
Lem. 4.4 with parameters α = n − 1 and k = m. Thus, for a suitable constant
Cm → 0, we obtain∫ am

−am

|gθ(σ)|2|σ|n−1 dσ ≤
∫ am

−am

|gθ(σ)|2(1 + |σ|)n−1 dσ

Thm. 4.4
↓
≤ Cm

∫
R
|gθ(σ)|2(1 + |σ|)n−1 dσ.

(28)

We now integrate (28) with respect to θ ∈ Sn−1. By Thm. 3.6, gθ(σ) = f̂ (σθ),
and by Tonelli and polar coordinates, the left-hand side integrated over Sn−1 of
(28) becomes ∫

Sn−1

∫ am

−am

| f̂ (σθ)|2|σ|n−1 dσ dθ = 2
∫

B(0,am)
| f̂ (ζ)|2 dζ.

On the other hand, the integral over Sn−1 of the right-hand side of (28) can be split
into two integrals:

∫
Sn−1

∫
|σ|>1 and

∫
Sn−1

∫
|σ|≤1. First

∫
Sn−1

∫
|σ|>1∫

Sn−1

∫
|σ|≥1

| f̂ (σθ)|2(1 + |σ|)n−1 dσ dθ ≤
∫

Sn−1

∫
|σ|≥1

| f̂ (σθ)|2(2 |σ|)n−1 dσ dθ

ξ=σθ

↓
≤ 2n−1

∫
Rn

| f̂ (ζ)|2 dζ

Plancherel
↓
= 2n−1 ∥ f ∥2

2 ,

For |σ| ≤ 1, using (1 + |σ|)n−1 ≤ 2n−1 and | f̂ (σθ)| ≤ ∥ f ∥1 ≤ |B(0, 1)|1/2∥ f ∥2,
we get ∫

Sn−1

∫
|σ|≤1

| f̂ (σθ)|2(1 + |σ|)n−1 dσ dθ ≤ 2n|Sn−1| |B(0, 1)| ∥ f ∥2
2.

Finally we absorb the dimensional constants into Cm.

The main application of the theorem is the following corollary that, roughly
speaking, says that an m/2-bandlimited function is determined by its Radon trans-
form on a set of directions that is m-resolvent.
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Corollary 4.7. Assume the hypothesis of 4.6, set r such that 0 < r < 1−Cm and assume
that f is essentially am bandlimited with level r. If we know R f (θ, s) for every θ ∈ Θm

and all s ∈ R, then we know R f (θ, s) for every θ ∈ Sn−1 and all s ∈ R.

Proof. Suppose that there is another admissible function g, also essentially am-
bandlimited at level r, and Rg(θ, s) = R f (θ, s) for all θ ∈ Θm, s ∈ R. Set h :=
f − g. Then, by linearity, Rh(θ, s) = 0, ∀θ ∈ Θm, s ∈ R. Moreover, h is essentially
am-bandlimited at level r. We have∫

Bam

|ĥ(ξ)|2 dξ

Thm. 4.6
↓
≤ Cm

∥∥∥ĥ
∥∥∥2

2
;

∫
Rn\Bam

|ĥ(ξ)|2 dξ

am bandlimited
with level r

↓
≤ r

∥∥∥ĥ
∥∥∥2

2
.

Therefore∥∥∥ĥ
∥∥∥2

2
=
∫

Bam

|ĥ(ξ)|2 dξ +
∫

Rn\Bam

|ĥ(ξ)|2 dξ ≤ Cm

∥∥∥ĥ
∥∥∥2

2
+ r

∥∥∥ĥ
∥∥∥2

2
= (Cm + r)

∥∥∥ĥ
∥∥∥2

2
.

Since r < 1 − Cm, we have Cm + r < 1. Hence the previous inequality forces∥∥∥ĥ
∥∥∥

2
= 0. By Plancherel, h = 0 in L2(Rn). Thus f = g. Hence the data on Θm × R

determine f , and consequently determine R f (θ, s) for every θ ∈ Sn−1 and every
s ∈ R.

Cor. 4.7. requires the exact knowledge of the R f (θ, s) in all the directions of Θm.
It would be desirable a similar result with only an “approximate” knowledge. We
now estimate how many discrete values of s would be needed in order to replace
this continuous knowledge by a finite number of samples.

On one hand, under the hypotheses of Cor. 4.7, we have that f being essen-
tially bandlimited with band am with level r, means that f̂ is essentially supported
in Bam with level r. This implies that f̂ is essentially supported in Bm/2 with
level r. This corresponds, by Thm. 3.6, to R̂ f (θ, ·) being essentially supported in
[−m/2, m/2] to some level r̃θ (r̃ might depend on θ since we are restricting f̂ to
the line {σθ : σ ∈ R}). Thus, R f (θ, s) is essentially m/2 bandlimited with level r̃θ .

On the other hand, since supp ( f ) ⊂ B1, we have that for each fixed θ, R f (θ, ·)
is a one-dimensional function supported in [−1, 1], and hence also essentially sup-
ported in [−1, 1] for every level of concentration, in particular for r̃θ

Thus, for that fixed θ, R f (θ, ·) ∈ PW r̃θ

m/2; 1 and, by Thm. 4.2 in dimension 1, the
number of samples needed to approximate R f (θ, ·) from a subspace of L2(R) is

vol([−1, 1]) vol([−m/2, m/2]) = 2 · m = 2m.

Since this count has to be repeated for every direction in Θm, the total number
of scalar Radon samples is, in first order (see [CMOCP07, Sec. 2.5, pp. 14–16]),

2m card(Θm) ≥ 2m dim(H′
m) = 2m · 2

(
m + n − 1

n − 1

)
= 2m · 2 mn−1

(n − 1)!
(1 + o(1/m)) .
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Therefore, we need a minimum of 4mn

(n−1)! samples to apply the Cor. 4.7.
A different estimate of the number of needed samples according to Thm. 4.2 is

vol(B(0, m/2)) vol(B(0, 1)).

In particular, for n = 2, the Thm. 4.2 count gives vol(B(0, m/2)) vol(B(0, 1)) ≃
2.467m2 whereas the semidiscrete count gives 4m2. Thus, in dimension 2, our
sufficient condition is larger by the factor 4

π2/4 = 16
π2 ≃ 1.62. It seems that the

sufficient condition that we get is of a factor 4/2.467 redundant, therefore there is
some room for improvement.

5 Reconstruction algorithms

Given finitely many Radon data, we want to construct an approximation of f .
We describe two methods.

For simplicity, we work in the plane. Let f be supported in D = B(0, 1),
extended by zero outside D, and assume that f ∈ L2(D), assume that R f (θ, s)
is well-defined for every (θ, s) ∈ S1 × R, and that f is essentially Ω-bandlimited.
We put g = R f . Finally, we assume that the data are obtained scanning with
parallel standard geometry, i.e. with a certain number p of equidistributed directions
and taking in each of them 2q + 1 equispaced samples. The data have thus the
following form:

gj,l := g(θj, sl) := R f (θj, sl);

θj = eiαj , αj =
jπ
p

, j = 0, . . . , p − 1, ∆α =
π

p
; (29)

sl =
l
q

, l = −q, . . . , q, ∆s =
1
q

.

5.1 Filtered backprojection

Let v ∈ S(Z) and set V = R#v. The convolutional identity in Prop. 3.18 was
stated for Schwartz functions, but in our current setting, f belongs to L1(Rn) (it
is compactly supported), and is integrable over every line, the same computation
extends by Fubini. Hence the following identity is valid pointwise for all x ∈ Rn

(V ∗ f )(x) =
(
(R#v) ∗ f

)
(x)

Prop. 3.18
↓
= R#(v ∗s g)(x) =

∫
Sn−1

(v ∗s g)(θ, x · θ) dθ

=
∫

Sn−1

(∫
R

v(θ, x · θ − t) g(θ, t) dt
)

dθ.

(30)

Notice that V ∗ f is bounded; hence (1 + | · |)−N(V ∗ f ) ∈ L1(Rn), ∀N > n. Thus
V ∗ f defines a tempered distribution, which we identify with V ∗ f when needed.
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The key feature of the filtered backprojection algorithm is the choice of a point-
spread function V which plays the role of δ0. Then V ∗ f approximates f , in a sense
to be specified in each case. Once the corresponding filter v has been determined
from R#v = V, the right-hand side of (30) can be discretized.

Identity (30) explains the name of the algorithm: first the data g are filtered
with v (this gives v ∗ g) and then the backprojection R# is applied.

On both sides of (30), we have a convolution, which is computationally de-
manding. However, if we assume V ∈ L1(Rn) then V̂ is well-defined in the usual
Fourier sense, and then we’d have that V̂ ∗ f (ζ) = V̂(ζ) f̂ (ζ) for ζ ∈ Rn : filtering
could be performed by multiplication by V̂ in the frequency domain. The bad
news is that V̂ might not be defined in the usual sense: even when v ∈ S(Z), the
backprojection V = R#v, need not belong to L1(Rn). So, We will have to work dis-
tributionally: V will now be regarded as the element of S ′, and V̂ will be defined
by duality: ⟨V, φ⟩ :=

∫
Rn V(x)φ(x) dx, ⟨V̂, ψ⟩ := ⟨V, ψ̂⟩, for φ, ψ ∈ S(Rn). Recall

that V̂ ∗ f S ′
= V̂ f̂ is equivalent to〈

V̂ ∗ f , φ
〉
=
〈

V̂ f̂ , φ
〉
=
〈

V̂, f̂ φ
〉

, ∀φ ∈ S(Rn),

since f̂ is smooth and all derivatives of f̂ have polynomial growth.34 This way, it
is valid to filter in the frequency domain.

Usually, V is chosen so that V ∗ f deletes or de-emphasizes high frequencies,
which are mostly observation noise. Since f has essential bandwidth Ω, one looks
for V such that

V̂ ∗ f (ζ) ≃
{

f̂ (ζ), if |ζ| ≤ Ω,

0, if |ζ| > Ω.

In practice only radially symmetric functions V(x) = V(|x|) are considered.
Since V(x) =

∫
Sn−1 v(θ, x · θ) dθ, restricting our potential v = vZ ∈ S(Z) to be

independent of θ and even in s, so vZ(θ, s) = v0(s) = v0(−s) for some even map
v0 : R → R, gives a radial V. Also, we set v̂Z(θ, σ) =

∫
R

v0(s)e−2πi σs ds = v̂0(σ).
We now recall the following distributional identity [Nat01, Thm. II.1.4, p. 15]

R̂#h(ζ) = |ζ|1−n
(

ĥ
(

ζ

|ζ| , |ζ|
)
+ ĥ

(
− ζ

|ζ| ,− |ζ|
))

, ζ ̸= 0, h ∈ S(Z).35 (31)

With our restrictions on vZ we get v̂Z

(
ζ
|ζ| , |ζ|

)
+ v̂Z

(
− ζ

|ζ| ,−|ζ|
)
= 2v̂0(|ζ|), since

v0 even implies v̂0 even. And since R#vZ = V (31) becomes:

FRn V(ζ) = V̂(ζ) = 2 |ζ|1−n v̂0 (|ζ|) = 2 |ζ|1−n FRv0(|ζ|), ζ ̸= 0.
34 f̂ ∈ OM(R2) because f ∈ L2(D) and is extended by zero outside D, we have xα f ∈ L1(R2) for

every multi-index α. Thus ∂α f̂ (ξ) =
∫

R2
(−2πix)α f (x)e−2πix·ξ dx is bounded for every α.

35Although the formula is written for ζ ̸= 0, the right-hand side is locally integrable and is
therefore understood as defining a tempered distribution.
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This equation suggests to define v, formally, such that

v̂(|ζ|) :=
1
2
|ζ|n−1 V̂(ζ), ζ ∈ Rn, (32)

which makes sense since V radially symmetric implies V̂ is radially symmetric.
Now that we suspect how to obtain v from V, it is time to choose V. A par-

ticularly simple choice would be the ideal low-pass response V̂Ω(ζ) = χB(0,Ω)(ζ).
More generally, let φ̂ : R → C be an even filter, close to 1 on [−1, 1] and vanishing
outside [−1, 1]. The previous discussion gives, for σ = |ζ|

V̂Ω(ζ) := φ̂

(
|ζ|
Ω

)
, ζ ∈ Rn (32)

=⇒ v̂Ω(σ) =
1
2
|σ|n−1 φ̂

(
|σ|
Ω

)
, σ ∈ R,

albeit in the case n = 2, vΩ is not a Schwartz function.
Multiplication by |σ|n−1 in the Fourier domain corresponds, up to a constant,

to the operation ∂ n−1
s when n is odd, and to H∂ n−1

s when n is even. Thus (32) can
be viewed as the Fourier counterpart of the Radon reconstruction formula (21).

In applications, different choices of φ̂ lead to different filters. The ideal choice
φ̂ = χ[−1,1] gives a sharp cut-off, but sharp cut-offs tend to create oscillations.
Smoother choices usually lose some resolution but reduce these artifacts. For this
reason, the choice of the filter is partly theoretical and partly empirical [CMOCP07,
Sec. 4.1]. In dimension n = 2, choices of φ̂ give the Ram–Lak, cosine and Shepp–
Logan filters, shown in this order (we do not show the calculations for vΩ):

φ̂(σ) vΩ(s)

χ[0,1](σ)

cos
(

πσ
2
)

χ[0,1](σ)

Ω2u(2πΩs)

Ω2

2
[
u(2πΩs + π

2 ) + u(2πΩs − π
2 )
]
 u(t) = sinc(t)− 1

2 sinc2(t/2)

sinc
(

πσ
2
)

χ[0,1](σ)
2Ω2

π u(2πΩs), u(t) =


π/2−t sin t
(π/2)2−t2 , t ̸= ±π/2,

1
π , t = ±π/2.

We now discretize the identity (30). The continuous formula for n = 2 is

(V ∗ f )(x) = R#(vΩ ∗s g)(x) =
∫ 2π

0
(vΩ ∗s g)(θ, x · θ) dα. (33)

The first step is to discretize the convolution. Since supp f ⊂ B(0, 1), for each fixed
θ ∈ S1 we have g(θ, t) = 0 for |t| > 1. Indeed, if |t| > 1, the line θt = {x ∈ R2 :
x · θ = t} does not meet B(0, 1). Therefore

(vΩ ∗s g)(θ, s) =
∫

R
vΩ(s − t)g(θ, t) dt =

∫ 1

−1
vΩ(s − t)g(θ, t) dt.
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According to the construction of the filter, vΩ has bandwidth Ω. On the other
hand, by Thm. 3.6, ĝ(θ, σ) = R̂ f (θ, σ) = f̂ (σθ). Thus, if f is essentially Ω-
bandlimited, then g(θ, ·) is essentially Ω-bandlimited as a function of s.

We would like to use Shannon’s theorem, but it requires exact bandlimitation.
We consider the frequency projection PΩ in the variable s and rewrite g

P̂Ωg(θ, σ) := χ[−Ω,Ω](σ)ĝ(θ, σ) =⇒ g = PΩg + (I − PΩ)g.

The part PΩg is exactly Ω-bandlimited, whereas (I − PΩ)g contains the frequency
tail. Substituting this decomposition into the convolution, we get

(vΩ ∗ g)(θ, s) =
∫

R
vΩ(s − t)(PΩg)(θ, t) dt +

∫
R

vΩ(s − t)((I − PΩ)g)(θ, t) dt.

(34)
The second term is controlled using Cauchy–Schwarz, Plancherel and the essential
bandlimitation of g:∣∣∣∣∫

R
vΩ(s − t)((I − PΩ)g)(θ, t) dt

∣∣∣∣ ≤ ∥vΩ(s − ·)∥L2(R)∥(I − PΩ)g(θ, ·)∥L2(R)

= ∥vΩ∥L2(R)

(∫
|σ|>Ω

|ĝ(θ, σ)|2 dσ

)1/2

.
(35)

Since supp ( f ) ⊂ B(0, 1), for each fixed θ we have supp g(θ, ·) ⊂ [−1, 1]. Thus,
in order to use Shannon’s Theorem on PΩg, we take ∆s ≤ 1/2Ω in (29) and neglect
the frequency tail of g

(vΩ ∗ g)(θ, s)
(34)+(35)

↓
≃
∫

R
vΩ(s − t)(PΩg)(θ, t) dt

Shannon
↓
=

1
q ∑

l∈Z

vΩ (s − sl) (PΩg) (θ, sl)

≃
↑

Discrete
analogue to (35)

1
q ∑

l∈Z

vΩ (s − sl) g (θ, sl) =
↑

g(θ,sl )=0

for |l|>q

1
q

q

∑
l=−q

vΩ (s − sl) g (θ, sl) .
(36)

The next step is to discretize the backprojection in (33). For fixed x ∈ R2, define

hx(α) := (vΩ ∗s g)(eiα, x · eiα).

This function is π-periodic36. A bandwidth estimate shows that hx has essential
bandwidth 4πΩ, in the sense that its Fourier coefficients

ĥx(k) =
1

2π

∫ 2π

0
(vΩ ∗s g)(eiα, x · eiα)e−ikα dα

36hx(α + π) = (vΩ ∗s g)(ei(α+π), x · ei(α+π)) = (vΩ ∗s g)(−θ,−x · θ) =
∫

R
vΩ(−x · θ − t) g(−θ, t) dt

u=−t
↓
=
∫

R
vΩ(−x · θ + u) g(−θ,−u) du =

∫
R

vΩ(x · θ − u) g(θ, u) du = (vΩ ∗s g)(θ, x · θ).
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are negligible for |k| > 4πΩ [CMOCP07, Sec. 4.1, pp. 27–28]. Using the same
approach as before, again up to another negligible error, we may use the angular
sampling rule. Taking ∆α = 1/(2Ω) in (29),

θj = eijπ/p, j = 0, . . . , 2p − 1, ∆α =
π

p
≤ 1

2Ω
,

and using 2p nodes in order to cover the full interval [0, 2π) with this step, we use
the 2p nodes θj = eijπ/p, j = 0, . . . , 2p − 1 (j = 2p is not included since it gives the
same direction as j = 0), we have

(V ∗ f )(x) =
∫ 2π

0
(vΩ ∗s g)(θ, x · θ) dα ≃ π

p

2p−1

∑
j=0

(vΩ ∗s g)(θj, x · θj)

=
2π

p

p−1

∑
j=0

(vΩ ∗s g)(θj, x · θj),

(37)

where the last identity follows from π-periodicity.
Combining (36) and (37), and always taking max{∆α, ∆s} ≤ 1

2Ω , we obtain the
direct discrete filtered-backprojection formula

(V ∗ f )(x) ≃ 2π

p

p−1

∑
j=0

∆s
q

∑
l=−q

vΩ(x · θj − sl)g(θj, sl). (38)

This is the discrete version of the continuous identity (33): for each direction θj,
one filters the measured data g(θj, ·) in the s-variable and then backprojects the
result by evaluating it at s = x · θj.

5.1.1 Cost. Formula (38) is conceptually simple but computationally expen-
sive. For each fixed point x its cost is O(pq), and using that p ≥ 2πΩ and q ≥ 2Ω,
we get O(Ω2) per point. Since f has essential bandwidth Ω, one must recon-
struct it on a spatial lattice with stepsize 1

2Ω . In dimension 2, this gives O(Ω2)

reconstruction points. Therefore the total cost of the direct formula is O(Ω4).
To improve this cost, for each fixed direction θj, set Hj(t) := (vΩ ∗s g)(θj, t). For

j = 0, . . . , p − 1 and k = −q, . . . , q, we have

hj,k := Hj(sk) = (vΩ ∗s g)(θj, sk) ≃ ∆s
q

∑
l=−q

vΩ(sk − sl)gj,l .

For fixed j and k, this sum costs O(q) operations. For each fixed j, there are O(q)
values of k, thus computing all the values hj,k for that direction θj costs O(q2).
Repeating this for the p directions gives a precomputation cost O(pq2) ≃ O(Ω3).
Once these values have been computed, Hj(x · θj) is no longer computed by a new
convolution sum, but by linear interpolation. For t = x · θj, set
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α = α(j, x) := ⌊qt⌋, β = β(j, x) := qt − ⌊qt⌋.

Then 0 ≤ β < 1 and α
q ≤ t < α+1

q . Thus Hj(x · θj) ≃ (1 − β)hj,α + βhj,α+1. At the
endpoint qt = q, we take α = q − 1 and β = 1. Therefore the final approximation
is

fA(x) =
2π

p

p−1

∑
j=0

(
(1 − β(j, x))hj,α(j,x) + β(j, x)hj,α(j,x)+1

)
.

The backprojection step now costs O(p) operations for each reconstructed point.
Since there are O(Ω2) reconstruction points, this step costs O(Ω3).

Together with the precomputation cost O(pq2) ≃ O(Ω3), the whole method
has complexity O(Ω3), instead of the O(Ω4) cost of the direct formula.

5.1.2 Algorithm. Step 1. For every direction θj, compute the discrete convolu-
tion

hj,k =
1
q

q

∑
l=−q

vΩ

(
k − l

q

)
gj,l , k = −q, . . . , q.

Step 2 For each reconstruction point x, compute the discrete backprojection by
linear interpolation. Namely, for each j, set

α = α(j, x) :=
⌊
q x · θj

⌋
, β = β(j, x) := q x · θj −

⌊
q x · θj

⌋
.

Then
fA(x) :=

2π

p

p−1

∑
j=0

(
(1 − β(j, x))hj,α(j,x) + β(j, x)hj,α(j,x)+1

)
.

At the endpoint q x · θj = q, we take α(j, x) = q − 1 and β(j, x) = 1.

5.2 The gridding method

The steps of the method can be informally summarized in the following chain:

g(θj, sl)⇝ ĝ(θj, σl) = f̂ (σlθj)⇝ Ŵ ∗ f̂ = Ŵ f ⇝ zk ≃ Ŵ f
(

k
2

)
⇝ (W f )

(
m
q

)
⇝ f

(
m
q

)
,

where W : R2 → R is a so-called weight function and zk is the estimation of the
evaluation of Ŵ f on a 2D Cartesian grid.

Usually W is close to 1 in the reconstruction region D = B(0, 1), vanishing
when |x| ≥ a > 1, and such that Ŵ is concentrated near 0. Then W f is close to f in
the reconstruction region. Therefore, reconstructing f is reduced to approximating
Ŵ f . For ζ ∈ R2, we have

Ŵ f (ζ) = (Ŵ ∗ f̂ )(ζ) =
∫

R2
Ŵ(ζ − η) f̂ (η) dη =

∫ ∞

0

∫
S1

Ŵ(ζ − σθ) f̂ (σθ)σ dθdσ

=
∫ ∞

0

∫
S1

Ŵ(ζ − σθ)ĝ(θ, σ)σ dθdσ. (39)
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Since W f is supported in D, which is symmetric, the function Ŵ f has band-
width 1. By Shannon’s theorem, Ŵ f is thus determined by its values on the
Cartesian lattice (1/2)Z2. Once these values have been approximated, we apply
inverse DFT, to obtain

(W f ) (m/q) ≃ 1
4 ∑

|k|≤q
Ŵ f (k/2) e2πi k

2 ·
m
q .

Finally, f is recovered by dividing pointwise by W.
The success of the method lies in a suitable discretization of (39). The values

θj used in the discretization are determined by the measured directions, since
the FT of g is taken only with respect to the second variable. Thus, using the
trapezoidal rule37 with stepsizes ∆φ = π/p in the angular variable and ∆σ in the
radial variable, we obtain the first approximation of Ŵ f

(
k
2

)
as in (39):

∫ ∞

0

∫
S1

Ŵ(ζ − σθ)ĝ(θ, σ)σ dθdσ ≃
∫ ∞

0

(
π

p

2p−1

∑
j=0

Ŵ
(

k
2
− σθj

)
ĝ(θj, σ)

)
σ dσ

≃ ∆σ
∞

∑
l=0

(
π

p

2p−1

∑
j=0

Ŵ
(

k
2
− l∆σ θj

)
ĝ(θj, l∆σ)

)
(l∆σ)

obtaining

Ŵ f
(

k
2

)
≃

∞

∑
l=0

2p−1

∑
j=0

Ŵ
(

k
2
− l∆σ θj

)
ĝ(θj, l∆σ) (l∆σ)

π

p
∆σ. (40)

In the derivation of (40), however, we have ignored that the radial integral is
defined only on [0, ∞), not on the whole real line. This produces the annihilation of
all the information stored in the cell represented by l = 0, namely the information
given by ĝ(θj, 0). This produces artifacts and must be corrected.

5.2.1 Discretization of bandlimited functions on [0, ∞) The Poisson summa-
tion formula for the rectangular lattice ∆σ Z [Grö01, Prop. 1.4.2 and Eq. (1.37)]

∑l φ(l) = 1
∆σ ∑l φ̂

(
l

∆σ

)
for φ ∈ S(R) is equivalent, by qφ(s) = φ̂(−s), to

∑
l∈Z

φ(l∆σ)

Poisson
summation

↓
=

1
∆σ ∑

l∈Z

qφ

(
l

∆σ

)
∗
=

1
∆σ

∫
R

φ(σ) dσ +
1

∆σ ∑
l∈Z\{0}

qφ

(
l

∆σ

)
,

37If tl = a + l∆t, l = 0, . . . , N and ∆t = b−a
N , then∫ b

a
H(t) dt ≃ ∆t

(
1
2

H(t0) +
N−1

∑
l=1

H(tl) +
1
2

H(tN)

)
.

For periodic and half-line integrals we shall use the approximations∫
S1

H(θ) dθ ≃ π

p

2p−1

∑
j=0

H(eijπ/p),
∫ ∞

0
B(σ) dσ ≃ ∆σ ∑

l≥0
B(l∆σ).

46



where in ∗ we used qφ(0) =
∫

R
φ(σ)e2πiσ·0dσ. Hence∫

R
φ(σ) dσ = ∆σ ∑

l∈Z

φ(l∆σ)− ∑
l∈Z\{0}

qφ

(
l

∆σ

)
. (41)

Let u be an auxiliary function, and set φ(σ) := u(σ) sgn(σ), with u(0) = 0. Al-
though u sgn need not belong to S(R), the following computation is understood
in the usual regularized sense. Recalling Hilbert’s operator, we obtain

q̂φ = φ(ζ) = sgn(ζ)u(ζ) = sgn(ζ) q̂u (ζ)

Eq. (20)
↓
= Ĥ qu (ζ) (42)

Thus qφ = H qu, and applying (formally) (41) to φ gives∫
R

u(σ) sgn(σ) dσ = ∆σ ∑
l∈Z

u(l∆σ) sgn(l∆σ)− r, ∑
l∈Z\{0}

(H qu)
(

l
∆σ

)
︸ ︷︷ ︸

r

.

Using the integral formula (Hψ)(t) = i
π pv

∫
R

ψ(t − s)/s ds, the Fourier iden-
tity qu(s) s = − 1

2πiF−1(u′)(s), and grouping the terms l and −l, we obtain

r =
i
π ∑

l∈Z\{0}

∫
R

qu( l
∆σ − s)

s
ds

t= l
∆σ

−s

↓
=

i
π ∑

l∈Z\{0}

∫
R

qu(t)
l

∆σ − t
dt

=
i
π

∞

∑
l=1

∫
R

qu(t)

(
1

l
∆σ − t

+
1

− l
∆σ − t

)
dt =

i
π

∞

∑
l=1

∫
R

2t qu(t)(
l

∆σ

)2
− t2

dt

=
i
π

∞

∑
l=1

∫
R

2
(
− 1

2πi
qu′(t)

)
(

l
∆σ

)2
− t2

dt = − 1
π2

∞

∑
l=1

∫
R

qu′(t)(
l

∆σ

)2
− t2

dt,

(43)

where the integral is understood as a principal value integral.
Now suppose u has bandwidth A, then F−1(u′) is supported in [−A, A]. As-

sume also that ∆σ ≪ 1
A . Then, for t ∈ [−A, A], the term t2 in the denomina-

tor of (43) is negligible with respect to (l/∆σ)2; i.e. if a :=
( t∆σ

l

)2 ≪ 1 then
r = − 1

6 (∆σ)2u′(0).38 Therefore if u(0) = 0,∫
R

u(σ) sgn(σ) dσ ≃ ∆σ ∑
l∈Z

u(l∆σ) sgn(l∆σ) +
1
6
(∆σ)2u′(0). (44)

38We use that if a =
(

t∆σ
l

)2
≪ 1 then (1 − a)−1 ≃ 1, obtaining

r = − 1
π2

∞

∑
l=1

∫ A

−A
qu′(t)

1(
l

∆σ

)2
1

1 −
(

t∆σ
l

)2 dt ≃ − 1
π2

∞

∑
l=1

1(
l

∆σ

)2

∫ A

−A
qu′(t) dt = − 1

π2 (∆σ)2
∞

∑
l=1

1
l2

∫
R

qu′(t)e2πit·0 dt

F−1

↓
= − 1

π2 (∆σ)2
∞

∑
l=1

1
l2 u′(0) = − 1

π2 (∆σ)2 π2

6
u′(0) = −1

6
(∆σ)2u′(0).
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We apply this formula to u(σ) := σG(σ), with G(σ) :=
∫

S1 Ŵ(ζ − σθ)ĝ(θ, σ) dθ

is the even function in (39). Since G is even and u′(0) = G(0), formula (44) gives∫ ∞

0
σG(σ) dσ ≃ ∆σ

∞

∑
l=1

l∆σ G(l∆σ) +
(∆σ)2

12
G(0) = ∆σ

∞

∑
l=0

σlG(l∆σ),

where σl =
{

l∆σ, l>0,
∆σ/12, l=0. In our case, this means that

∫ ∞

0

∫
S1

Ŵ(ζ − σθ)ĝ(θ, σ)σ dθ dσ ≃ ∆σ
∞

∑
l=0

σl

∫
S1

Ŵ(ζ − l∆σ θ)ĝ(θ, l∆σ) dθ.

Thus we obtain a corrected discretization of Ŵ f (k/2):

Ŵ f
(

k
2

)
≃ ∆σ

∞

∑
l=0

σl

∫
S1

Ŵ
(

k
2
− l∆σ θ

)
ĝ(θ, l∆σ) dθ

≃ ∆σ
∞

∑
l=0

σl

2p−1

∑
j=0

Ŵ
(

k
2
− l∆σ θj

)
ĝ(θj, l∆σ)

π

p
.

This discretization differs from (40) only in the term l = 0. Precisely that term
corrects the Riemann sum for the error introduced by truncating the integration
domain at 0.

We now choose the radial step ∆σ. By (41), the error of a discretization of a
function φ is controlled by the values qφ (l/(∆σ)) , l ̸= 0. If φ has bandwidth B,
then supp φ̂ ⊂ [−B, B]. Since qφ(t) = φ̂(−t), this also gives supp qφ ⊂ [−B, B]. Thus,
if 1/∆σ > B, then qφ (l/(∆σ)) = 0, l ̸= 0.

In the present case we estimate the bandwidth, as a function of σ, of σ ψ(σ)

with ψ(σ) := Ŵ(ζ − σθ)ĝ(θ, σ). Since F−1
σ (σψ(σ)) = 1

2πi
d
ds

qψ(s), we have that the
factor σ does not enlarge the bandwidth. Now

qψ = F−1
σ

(
Ŵ(ζ − σθ)ĝ(θ, σ)

)
= F−1

σ

(
Ŵ(ζ − σθ)

)
∗ g(θ, ·).

Recall that supp(A ∗ B) ⊂ supp(A) + supp(B).39 In our case, σ 7→ ĝ(θ, σ) has
bandwidth 1, since g(θ, ·) is supported in [−1, 1] (because supp f ⊂ B(0, 1)).

It remains to estimate the bandwidth of σ 7−→ Ŵ(ζ − σθ), i.e. the support of
F−1

σ

(
Ŵ(ζ − σθ)

)
. We will show it is [−a, a] (recall that we had set W(x) = 0 for

|x| > a). We use the distributional identity δ(x · θ + s) =
∫

R
e2πi(x·θ+s)σ dσ. Indeed,

39Let x0 /∈ supp A + supp B. Then there exists a neighborhood U of x0 such that U ∩ (supp A +

supp B) = ∅. Hence, for every x ∈ U and every y, A(y)B(x − y) = 0, since otherwise y ∈ supp A
and x − y ∈ supp B, so x ∈ supp A + supp B. Thus (A ∗ B)(x) = ∫ A(y)B(x − y) dy = 0 for x ∈ U.
Therefore x0 /∈ supp(A ∗ B).
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thus for |s| > a, we calculate F−1
σ

(
Ŵ(ζ − σθ)

)
(s) :

F−1
σ

(
Ŵ(ζ − σθ)

)
(s) =

∫
R

Ŵ(ζ − σθ)e2πisσ dσ

=
∫

R

(∫
|x|≤a

W(x)e−2πix·(ζ−σθ) dx
)

e2πisσ dσ

=
∫
|x|≤a

W(x)e−2πix·ζ
(∫

R
e2πi(x·θ+s)σ dσ

)
dx

=
∫
|x|≤a

W(x)e−2πix·ζδ(x · θ + s) dx = 0.

The last equality follows because, if |x| ≤ a, then |x · θ| ≤ a < |s|, so the hyper-
plane x · θ = −s does not meet supp W. Therefore ψ has bandwidth at most a + 1.
This suggests the choice ∆σ ≪ 1

a+1 .

5.2.2 Algorithm Once we have chosen W with the requirements shown above,
we proceed as follows. We set ∆σ ≪ 1/(a + 1). Recall the variable names we set
before in (29).

Step 1. For each measured direction θj, we approximate the one-dimensional
FT of g(θj, ·) at the frequencies σν = ν∆σ, with |ν|∆σ ≤ Ω, ν ∈ Z. Recall we had
set sl =

l
q and ∆s = 1

q . Thus,

ĝ(θj, ν∆σ) =
∫

R
g(θj, s)e−2πi ν∆σ s ds ≃ 1

q

q

∑
l=−q

g(θj, l
q )e

−2πi ν∆σ
l
q .

Thus, using gj,l = g(θj, l
q ) from (29), we set

ĝj,ν :=
1
q

q

∑
l=−q

gj,le
−2πi ν∆σ

l
q ≃ ĝ(θj, ν∆σ), j = 0, . . . , p − 1, |ν|∆σ ≤ Ω.

For the opposite directions we use the Radon symmetry: θj+p := −θj, ĝj+p,ν :=
ĝj,−ν, j = 0, . . . , p − 1. Indeed, g(−θ, s) = g(θ,−s), and therefore ĝ(−θ, σ) =

ĝ(θ,−σ).
Step 2. For every k ∈ Z2, |k| ≤ q, compute the discretization of Ŵ f (k/2):

Ŵ f
(

k
2

)
≃ zk :=

π

p
∆σ ∑

ν≥0
ν∆σ≤Ω

2p−1

∑
j=0

σνŴ
(
k/2 − ν∆σ θj

)
ĝj,ν, σν =

{
ν∆σ, ν > 0,

∆σ/12, ν = 0.

Since Ŵ is concentrated near 0 and decays rapidly, only few terms are relevant in
this sum, namely those for which

∣∣k/2 − ν∆σ θj
∣∣ ≤ C.
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Step 3. Since zk ≃ Ŵ f (k/2), the inverse discrete Fourier formula gives values
of W f on the spatial grid:

(W f )
(

m
q

)
≃ ∑

|k|≤q
e

2πi k·m
q zk.

Finally, since W is nonzero in the reconstruction region, we divide pointwise by
W and define

fm :=
1

W
(

m
q

) ∑
|k|≤q

e
2πi k·m

q zk, m ∈ Z2, |m| ≤ q.

5.2.3 Cost. Step 1 would cost O(pq Ω/∆σ) if computed directly. Since, for each
fixed θj, it is a one-dimensional Fourier transform of gj,l = g(θj, sl) in the s-
variable, it can be computed by FFT, with cost O(pq log q). Step 2 is local and costs
O(q2). Finally, Step 3 is written as a two-dimensional inverse DFT on the Cartesian
grid, and can therefore be evaluated by FFT, with cost O(q2 log q). Hence

C = O(pq log q) + O(q2) + O(q2 log q) = O(Ω2 log Ω) when p ≃ q ≃ Ω.

6 Conclusion

This work has presented the Radon transform as the mathematical core of com-
puted tomography, moving from its continuous theory to its discretization and
numerical reconstruction. The Fourier slice theorem and the inversion formu-
las explain why projection data determine the original object, while the filtered
backprojection and gridding methods show how this principle can be turned into
practical algorithms. Thus, CT illustrates how abstract Fourier analysis becomes
an effective tool for recovering images from indirect measurements.
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Appendix A. The concentration operator

A.1 Additional functional analysis preliminaries. Let H be a Hilbert space
with a countable orthonormal basis (ek). A bounded operator T : H → H is called
Hilbert–Schmidt if

∥T∥2
HS := ∑

k
∥Tek∥2 < ∞.

This condition is independent of the chosen orthonormal basis [Grö01, App. A.8,
p. 331].

An operator A : L2(Rn) → L2(Rn) is called an integral operator with kernel K
if K is measurable and, for every f ∈ L2(Rn), A f has a representative satisfying,
for a.e. y,

A f (y) =
∫

Rn
K(x, y) f (x) dx.

If K ∈ L2(Rn ×Rn), then A is Hilbert–Schmidt and ∥A∥HS = ∥K∥L2(Rn×Rn) [Grö01,
App. A.8, p. 331]. In particular, A is compact [RS80, Thm. VI.23, pp. 210–211].

Finally, if T ≥ 0 is a bounded operator on a separable Hilbert space, then

tr(T) := ∑
k
⟨Tek, ek⟩ ∈ [0, ∞]

is independent of the chosen orthonormal basis (ek) [RS80, Thm. VI.18, p. 207].
Hence, if T is positive compact with eigenvalues (λk), counted with multiplicity,
then

tr(T) = ∑
k

λk.

A.2 Proof of Prop. 4.3. We prove this proposition in two separate parts. Recall
the definition of the concentration operator.

CΩ,R : PWΩ → PWΩ, CΩ,R f := PΩ(χR · f ), PΩ f := F−1(χΩ · F ( f )
)
.

Proposition A.1. Basic spectral properties. The operator CΩ,R is linear, bounded,
compact, self-adjoint, positive and injective. Then ∫BR

| f (x)|2 dx = ⟨CΩ,R f , f ⟩ and if
λk(Ω, R) for k ∈ N are its eigenvalues, listed in non-increasing order and counted with
multiplicity, we have λk(Ω, R) ∈ (0, 1) and:

tr(CΩ,R) =
∞

∑
k=1

λk = DΩ,R,

tr(C 2
Ω,R) =

∞

∑
k=1

λ2
k = DΩ,R ± o

(
(RΩ)n), RΩ → ∞.
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Proof. For simplicity, write CΩ,R f := PΩ(χR f ), and PΩ f := F−1(χΩF ( f )
)

and
C = CΩ,R. Observe that for the proof, we omit the dot for pointwise multiplication.

First, C is linear since it is the composition of linear operators.
Second, PΩ is the orthogonal projection onto PWΩ. Indeed, for h ∈ L2(Rn),

P̂Ωh = F
[
F−1(χΩF (h)

)]
= χΩĥ.

Thus PΩh ∈ PWΩ. Moreover, if g ∈ PWΩ, then

⟨h − PΩh, g⟩ =
〈

ĥ − χΩĥ, ĝ
〉
=
∫

Rn
(1 − χΩ(ξ))ĥ(ξ)ĝ(ξ) dξ = 0,

because ĝ is supported in BΩ. Hence h − PΩh is orthogonal to PWΩ. In particular,
orthogonal projections have norm at most one, and therefore

∥C f ∥2 = ∥PΩ(χR f )∥2 ≤ ∥χR f ∥2 ≤ ∥ f ∥2 .

Thus C is bounded.
Third, for f , g ∈ PWΩ, using that PΩ is self-adjoint and that multiplication by

χR is self-adjoint, since χR is real-valued, we get

⟨C f , g⟩ = ⟨PΩ(χR f ), g⟩ = ⟨χR f , PΩg⟩
PΩ g=g
↓
= ⟨χR f , g⟩ = ⟨ f , χRg⟩

PΩ f= f
↓
= ⟨PΩ f , χRg⟩ = ⟨ f , PΩ(χRg)⟩ = ⟨ f , Cg⟩ .

(45)

Hence C is self-adjoint.
Fourth, taking g = f in the previous computation gives

⟨C f , f ⟩ = ⟨χR f , f ⟩ =
∫

Rn
χR(x)| f (x)|2 dx =

∫
BR

| f (x)|2 dx. (46)

Therefore C is positive.
Fifth, if CΩ,R f = 0, then by (46),

∫
BR

| f (x)|2 dx = 0. Thus f = 0 almost every-
where on BR. Since f ∈ PWΩ, f has a continuous representative, and therefore
f = 0 on BR. But Paley–Wiener functions are real analytic; hence, by analyticity,
f ≡ 0. Thus C is injective.

Sixth, to see compactness, write C as an integral operator. Notice that we can
use Fubini’s theorem, since∫

Rn

∫
Rn

χΩ(ξ) |χR(x) f (x)| dxdξ = |BΩ| ∥χR f ∥1

C.S.
≤ |BΩ||BR|1/2 ∥ f ∥2 < ∞.
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Hence

C f (y) = F−1(χΩχ̂R f
)
(y) =

∫
Rn

χΩ(ξ)

(∫
Rn

χR(x) f (x)e−2πix·ξ dx
)

e2πiy·ξ dξ

=
∫

Rn
f (x)χR(x)

(∫
Rn

χΩ(ξ)e2πi(y−x)·ξ dξ

)
dx

=
∫

Rn
f (x) χR(x)|χΩ(y − x)︸ ︷︷ ︸

KΩ,R(x,y)

dx =
∫

Rn
f (x)KΩ,R(x, y) dx.

(47)

For the rest of the proof, We will put K = KΩ,R. Thus C has kernel K. Moreover,

∥K∥2
L2(Rn×Rn) =

∫
Rn

∫
Rn

||χΩ(y − x)|2χR(x)2 dy dx

=
∫

Rn
χR(x)

(∫
Rn

||χΩ(y − x)|2 dy
)

dx

= |BR| ∥|χΩ∥2
2

Plancherel
↓
= |BR| ∥χΩ∥2

2 = DΩ,R < ∞. (48)

Therefore C is Hilbert–Schmidt, and hence compact.
Seventh, the trace. Since C is compact and self-adjoint, the spectral theorem

gives an orthonormal basis ( fk)k∈N of PWΩ formed by eigenvectors of C. We
write C fk = λk fk, with ∥ fk∥2 = 1. Since C is positive, λk ≥ 0. Moreover, by (46),

λk = ⟨C fk, fk⟩ =
∫

BR

| fk(x)|2 dx.

In particular, 0 ≤ λk ≤ 1. Since C is injective, no eigenvalue can be zero, and
therefore λk > 0. Also λk ̸= 1. Indeed, if λk = 1, then

∫
BR

| fk(x)|2 dx = ∥ fk∥2
2 ,

so fk = 0 almost everywhere on Rn \ BR. Since fk ∈ PWΩ, it has a real analytic
representative. Hence, as it vanishes on a non-empty open set, it must vanish
identically, contradicting ∥ fk∥2 = 1. Thus 0 < λk < 1.

We want to compute ∑k λk. Before proceeding, We will fix a x ∈ Rn and define

χΩx(ξ) := e−2πix·ξχΩ(ξ).

Note that }χΩx(y) = |χΩ(y − x). Also, we point out that }χΩx ∈ PWΩ, since }̂χΩx =

χΩx , and clearly supp χΩx ⊂ BΩ. Moreover, }χΩx represents evaluation at x on
PWΩ, since for every f ∈ PWΩ

⟨ f , }χΩx⟩
Plancherel

↓
=

〈
f̂ , χΩx

〉
=
∫

Rn
f̂ (ξ)e−2πix·ξχΩ(ξ)dξ

=
∫

BΩ

f̂ (ξ)e2πix·ξdξ = f (x).
(49)
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Now we are able to compute ∑k | fk(x)|2 and ∑k λk:

∞

∑
k=1

| fk(x)|2
Eq. (49)
↓
=

∞

∑
k=1

|⟨ fk, }χΩx⟩|
2 =

∞

∑
k=1

|⟨}χΩx , fk⟩|2
Parseval

↓
= ∥}χΩx∥

2
2

Plancherel
↓
=

∥∥∥}̂χΩx

∥∥∥2

2
= |BΩ|,

tr(C) :=
∞

∑
k=1

λk =
∞

∑
k=1

∫
BR

| fk(x)|2 dx

monotone
convergence

↓
=

∫
BR

∞

∑
k=1

| fk(x)|2 dx =
∫

BR

|BΩ| dx = DΩ,R.

Eighth, the trace of C2. When computing ∑k λ2
k , we see that the same argument

used above gives a slightly more general identity. For fixed x ∈ Rn, since }χΩx ∈
PWΩ, we have the following equality in L2(Rn) in the variable y:

}χΩ (y − x) = }χΩx(y)

ONB
expansion

↓
=

∞

∑
k=1

⟨}χΩx , fk⟩ fk(y)

=
∞

∑
k=1

⟨ fk, }χΩx⟩ fk(y)
Eq. (49)
↓
=

∞

∑
k=1

fk(x) fk(y) =
∞

∑
k=1

fk(y) fk(x).

(50)

Using C fk = λk fk and an intermediate step of (45) that reads ⟨C f , g⟩ = · · · =

⟨ f , χRg⟩, we get, for every N ∈ N

N

∑
k=1

λ2
k =

N

∑
k=1

〈
C2 fk, fk

〉 Eq.(45)
↓
=

N

∑
k=1

⟨C fk, χR fk⟩ =
N

∑
k=1

∫
BR

C fk(y) fk(y) dy

Eq. (47)
↓
=

N

∑
k=1

∫
BR

(∫
Rn

χR(x)|χΩ(y − x) fk(x) dx
)

fk(y) dy

=
∫

BR

∫
Rn

χR(x)|χΩ(y − x)

(
N

∑
k=1

fk(x) fk(y)︸ ︷︷ ︸
Sy

N(x)

)
dx dy.

(51)

We want to take N to infinity, so let’s check that we can commute both integrals
with the limit in the summation. Since χR(·)}χΩ (y − ·) ∈ L2(Rn), we may pass to
the limit in the inner integral in (51):

lim
N↗∞

∫
Rn

χR(x)|χΩ(y − x)Sy
N(x) dx

L2(Rn)
=

∫
Rn

χR(x)|χΩ(y − x) lim
N↗∞

Sy
N(x)

Notice that by (50), for each fixed y

Sy
N(·) =

N

∑
k=1

fk(·) fk(y)
L2(Rn)−−−→
N↗∞

}χΩ (· − y) = }χΩy(·).
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Moreover, by Cauchy–Schwarz applied to (51)∣∣∣∣∣
∫

Rn
χR(x)|χΩ(y − x)

(
N

∑
k=1

fk(x) fk(y)

)
dx

∣∣∣∣∣ ≤ ∥χR(·)|χΩ(y − ·)∥2

∥∥∥∥∥ N

∑
k=1

fk(·) fk(y)

∥∥∥∥∥
2

≤ ∥|χΩ∥2

(
∞

∑
k=1

| fk(y)|2
)1/2

= |BΩ|.

This bound is integrable on BR allowing dominated convergence in the variable y.
We can now take N ↗ ∞ in (51)

∞

∑
k=1

λ2
k = lim

N

N

∑
k=1

λ2
k

dominated
convergence

↓
=

∫
BR

∫
Rn

χR(x)|χΩ(y − x) lim
N

Sy
N(x) dx dy

=
∫

BR

∫
Rn

χR(x)|χΩ(y − x)|χΩ(x − y) dx dy

=
∫

Rn

∫
Rn

||χΩ(x − y)|2 χR(x)χR(y)dx dy.

In the last equality we used that |χΩ(−z) = |χΩ(z), because χΩ is real-valued.
It remains to estimate this integral. We write ∑∞

k=1 λ2
k = I − J, where

I :=
∫

Rn

∫
Rn

||χΩ(x − y)|2 χR(x) dy dx,

J :=
∫

Rn

∫
Rn

||χΩ(x − y)|2 χR(x)(1 − χR(y)) dy dx.
(52)

The first term was computed above in (48): I = DΩ,R. We now estimate J. We use
the standard estimate of |χΩ(z), which is a Bessel function, ||χΩ(z)|2 ≲ Ω2n

1+|Ωz|n+1 for
z ∈ Rn. We have the following inequality:
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2J ≲
∫

Rn

∫
Rn

Ω2nχR(x)(1 − χR(y))
1 + |Ω(x − y)|n+1 dy dx =

∫
|x|<R

∫
|y|>R

Ω2n dy dx
1 + |Ω(x − y)|n+1

≤
∫
|x|<R

∫
|y−x|>R−|x|

Ω2n dy dx
1 + |Ω(y − x)|n+1 since |y|>R⇒|y−x|≥R−|x|

u=y−x
↓
=

∫
|x|<R

Ω2n
∫
|u|>R−|x|

du dx
1 + |Ωu|n+1

v=Ωu
↓
=

∫
|x|<R

Ωn
∫
|v|>Ω(R−|x|)

dv dx
1 + |v|n+1

∗
↓
≲ Ωn

∫
|x|<R

1
1 + Ω(R − |x|) dx ≲ Ωn

∫ R

0

rn−1

1 + Ω(R − r)
dr

t=Ωr
↓
= Ωn

∫ RΩ

0

( t
Ω

)n−1

1 + RΩ − t
dt
Ω

=
∫ RΩ

0

tn−1

1 + RΩ − t
dt

0≤t≤RΩ
↓
≤ (RΩ)n−1

∫ RΩ

0

1
1 + RΩ − t

dt = (RΩ)n−1 [− log(1 + RΩ − t)]RΩ
0

= (RΩ)n−1 log(1 + RΩ) = o((RΩ)n) , RΩ → ∞.

In ∗ we have used the estimate
∫
|v|>a

dv
1+|v|n+1 ≲

1
1+a for a ≥ 0, which follows from

polar coordinates. If 0 ≤ a ≤ 1, then∫
|v|>a

dv
1 + |v|n+1 ≤

∫
Rn

dv
1 + |v|n+1 ≲ 1 ≲

1
1 + a

.

If a > 1, then∫
|v|>a

dv
1 + |v|n+1 ≲

∫ ∞

a

rn−1

rn+1 dr =
∫ ∞

a
r−2 dr =

1
a
≲

1
1 + a

.

We conclude that

tr(C2) =
∞

∑
k=1

λ2
k = I − J = DΩ,R ± o((RΩ)n) , RΩ → ∞.

Proposition A.2. For any 0 < t < 1:

DΩ,R − o(DΩ,R)

1 − t
≤ #{k : λk(Ω, R) > t} ≤ DΩ,R +

o(DΩ,R)

t
, RΩ → ∞.

This proposition says that, for every fixed threshold 0 < t < 1, the number of
eigenvalues above t is asymptotically equal to DΩ,R when RΩ → ∞. In particular,
if 0 < ε < 1, then #{k : ε < λk(Ω, R) < 1 − ε} = o(DΩ,R) . Thus, apart from
o(DΩ,R) intermediate eigenvalues, they lie near 0 or near 1. The ones close to 1
correspond to bandlimited functions which are well concentrated in BR, whereas
the ones close to 0 correspond to bandlimited functions whose mass is mostly
outside BR.
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Proof. Set λk := λk(Ω, R) and µ = µΩ,R := ∑∞
k=1 δλk .

40 Then µ((t, 1)) = #{k : λk >

t}. By A.1,∫ 1

0
x dµ(x) = ∑

k
λk = DΩ,R,

∫ 1

0
x2 dµ(x) = ∑

k
λ2

k = DΩ,R − aΩ,R,

where aΩ,R := DΩ,R − ∑k λ2
k = ∑k(λk − λ2

k) ≥ 0; aΩ,R = o(DΩ,R). Now define

qt(x) :=
x(x − t)

1 − t
, pt(x) :=

−x2 + (1 + t)x
t

.

For 0 ≤ x < 1, we have qt(x) ≤ χ(t,1)(x) ≤ pt(x). Indeed, if 0 ≤ x ≤ t, then
qt(x) ≤ 0 ≤ pt(x). If t < x < 1, then

qt(x) ≤ 1 ⇐⇒ (x − 1)(x + 1 − t) ≤ 0, 1 ≤ pt(x) ⇐⇒ (x − t)(1 − x) ≥ 0.

Since CΩ,R is injective, 1 is not an eigenvalue; hence the endpoint x = 1, where the
first inequality would fail, gives no mass for µ. Therefore∫ 1

0
qt dµ ≤ µ((t, 1)) ≤

∫ 1

0
pt dµ.

Using the two moment identities,∫ 1

0
qt dµ =

1
1 − t

∫ 1

0
x2 dµ − t

1 − t

∫ 1

0
x dµ = DΩ,R − aΩ,R

1 − t
,∫ 1

0
pt dµ = −1

t

∫ 1

0
x2 dµ +

1 + t
t

∫ 1

0
x dµ = DΩ,R +

aΩ,R

t
.

Hence
DΩ,R − aΩ,R

1 − t
≤ #{k : λk > t} ≤ DΩ,R +

aΩ,R

t
.

40The definition of the integral of an indicator function with respect to a measure says that, if
E ⊂ [0, 1] is measurable and ν is a measure, then

∫ 1
0 χE(x) dν(x) = ν(E). Applying this to the Dirac

measure ν = δa, we obtain
∫ 1

0 χE(x) dδa(x) = δa(E). But, by definition of both,

δa(E) =

{
1, a ∈ E,

0, a /∈ E,
χE(a) =

{
1, a ∈ E,

0, a /∈ E.

Therefore,
∫ 1

0 χE(x) dδa(x) = χE(a). By linearity, if φ is a simple function, say φ = ∑m
j=1 cjχEj ,

then ∫ 1

0
φ(x) dδa(x) =

m

∑
j=1

cj

∫ 1

0
χEj (x) dδa(x) =

m

∑
j=1

cjχEj (a) = φ(a).

Passing from simple to measurable functions, we get
∫ 1

0 φ(x) dδa(x) = φ(a). Finally, if µ =

∑∞
k=1 δλk

, then, we have∫ 1

0
φ(x) dµ(x) =

∫ 1

0
φ(x) d

(
∞

∑
k=1

δλk

)
(x) =

∞

∑
k=1

∫ 1

0
φ(x) dδλk

(x) =
∞

∑
k=1

φ(λk).
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