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Abstract—Katsevich reconstruction algorithm represents a
breakthrough for helical cone-beam computed tomography (CT)
reconstruction, because it is the first exact cone-beam reconstruc-
tion algorithm of filtered backprojection (FBP) type with 1-D shift-
invariant filtering. Although FBP-type reconstruction algorithm is
effective, 3-D CT reconstruction is time-consuming, and the ac-
celerations of Katsevich algorithm on CPU or cluster have been
widely studied. In this paper, Katsevich algorithm is accelerated by
using graphics processing unit, including flat-detector and curved-
detector geometry in the case of helical orbit. An overscan formula
is derived, which helps to avoid unnecessary overscan in practical
CT scanning. Based on the overscan formula, a volume-blocking
method in device memory is proposed. One advantage of the block-
ing method is that it can reconstruct large volume with high speed.

Index Terms—Computed tomography (CT), graphics processing
unit (GPU), Katsevich algorithm, overscan.

I. INTRODUCTION

F ELDKAMP et al. [1] first proposed a 3-D computed to-
mography (CT) algorithm of filtered backprojection (FBP)

type, which is popular even now because of its efficiency. But
it is an approximate algorithm, and it introduces image arti-
facts that will be aggravated with the increase of cone-beam
angle. In 1993, a generalized Feldkamp algorithm was pro-
posed by Wang et al. [2] in the case of helical cone-beam CT,
and it is also an approximate algorithm. In recent years, sev-
eral exact algorithms have been developed, including Katsevich
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algorithm [3], [4], Zou and Pan’s PI-line algorithm [5], [6] for
helical trajectory, and some exact algorithms for general trajec-
tory [7]–[9]. Among them, Katsevich reconstruction algorithm,
developed in 2002, is the first exact cone-beam reconstruction
algorithm of FBP type that represents a breakthrough in ex-
act CT reconstruction. Although Katsevich algorithm is FBP
type, 3-D CT image reconstruction is computationally demand-
ing at computational complexity of O(NM 3), where N and
M , respectively, stand for the number of projection views and
volumetric pixels in one dimension. It has been reported how
to accelerate Katsevich algorithm on CPU or cluster by Deng
et al. [10], Yang et al. [11], and Fontaine and Lee [12]. As far as
we know, the acceleration of Katsevich algorithm on graphics
processing unit (GPU) has not been reported in the literature so
far.

In the past several years, Feldkamp-Davis-Kress (FDK) accel-
eration algorithms on GPU have been widely developed. Cabral
et al. [13] first implemented the accelerated CT reconstruc-
tion on nonprogrammable Silicon Graphics Inc. (SGI) worksta-
tion; Xu and Mueller [14] developed accelerated graphics GPU
(AG-GPU) mechanism on the commercial GeForce 8800GTX
GPU; Yang et al. [15] performed the backprojection using com-
pute unified device architecture (CUDA) architecture; Yan et al.
[16] implemented FDK reconstruction algorithm using 3-D tex-
ture and a cyclic render-to-texture (CRTT) technology. In this
paper, we study the acceleration of Katsevich algorithm on
GPU hardware using OpenGL and Cg framework. The filter-
ing step is performed on CPU, and the most time-consuming
step, backprojection, is performed on GPU, which is extended
from circle orbit to helix and from flat detector to curved
detector.

The other key contribution is that we derive an overscan
formula for helical orbit, which is helpful to avoid unnecessary
overscan and unnecessary dose in practical CT scanning. Based
on the overscan formula, a volume-blocking method in GPU
memory is proposed that can reconstruct large volume with high
speed. During reconstruction using GPU hardware, either 3-D or
a stack of 2-D textures can be used for storing the reconstruction
volume. For 3-D texture, if the volume data is larger than the size
of GPU memory, 3-D texture will not work. For 2-D texture,
it is able to reconstruct volume data larger than the size of
device memory. However, it will cost much more time, because
data transfer between main memory and device memory, which
is very time-consuming, will be quite frequent when device
memory is less than the volume size. The blocking method
based on overscan formula can solve the conflict between large
volume and high speed, effectively, only if the device memory
can hold volume for two overscan distance.

1089-7771/$26.00 © 2009 IEEE
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Fig. 1. Helix geometry. PI-line segment and Tam–Danielsson window.

The rest of this paper is organized as follows. In Section II,
Katsevich algorithm is outlined briefly. In Section III, the im-
plementation of Katsevich algorithm on GPU hardware using
native geometries [17], which includes flat-detector geometry
and curved-detector geometry, is introduced. In Section IV, ex-
periments and results are analyzed. Finally, the conclusions of
this paper are made.

II. KATSEVICH ALGORITHM

As shown in Fig. 1, a helical trajectory of rotation axis z,
radius R, and pitch p is defined by

�a(λ) = [R cos λ, R sin λ, pλ/2π]. (1)

U is a cylinder inside the spiral

U = {�x ∈ R3 : x2 + y2 < r2}, 0 < r < R (2)

where �x = (x, y, z). f (�x) represents the spatial function to be
reconstructed, and it is zero outside the cylinder U . Cone-beam
projection of f (�x) is defined as

D(�a(λ), �β) =
∫ ∞

0
f(�a(λ) + t�β) dt (3)

where �β(λ, �x) = (�x − �a(λ))/(|�x − �a(λ))| or �β for short.
Danielsson et al. [18] and Defrise et al. [19] have proved

that for any �x ∈ U , there is one and only one PI-line passing
through �x, and PI-line is defined as any line connecting two
source points within one helical turn. Suppose λi(�x) and λo(�x)
denote two endpoints, IPI(�x) = [λi(�x), λo(�x)] is the PI para-
metric interval [4], Katsevich has developed a reconstruction
framework, described as follows:

(Bkf)(�x) = − 1
2π2

∫ λo (�x)

λi (�x)

1
|�x − �a(λ)|

×
∫ 2π

0

∂

∂q
D(�a(q), cos γ�β(λ, �x)

+ sin γ�ek (λ, �x))
∣∣∣
q=λ

dγ

sin γ
dλ (4)

(Bkf)(�x) =
1

(2π)3

∫
R3

Bk (�x, �ξ)f̃(�ξ)e−j �ξ ·�xd�ξ (5)

Fig. 2. Filtering is performed along the κ-lines. (a) κ-lines and Tam–
Danielsson window on the flat detector. (b) κ-lines and Tam–Danielsson window
on the curved detector.

where f̃(�ξ) is the Fourier transform of f(�x). Bk (�x, �ξ) =∑
λj ∈IP I (�x) sgn(�ξ · �a′(λj ))sgn(�ξ · �ek (λj , �x)) and �ek (λ, �x) is

an unit vector perpendicular to �β(λ, �x). Katsevich algorithm
depends on how to choose �ek (λ, �x). In other words, i.e.,
how to choose the filtering plane that passes through vector
�ek (λ, �x), �β(λ, �x), and the point �a(λ), so as to make Bk (�x, �ξ) a
constant for some k or some combination of k at almost every �ξ,
where λj is the intersection of the filtering plane and the helical
orbit.

Katsevich selected κ-planes as the filtering planes [4], [17].
A κ-plane is any plane that has three intersections with helical
orbit at �a(λ),�a(λ + ψ), and �a(λ + 2ψ) with ψ ∈ [−π, π], and
the plane is denoted by κ(λ, ψ). Given a point �x, for any λ ∈
IPI(�x), there is one and only one the smallest |ψ|, which makes
κ(λ, ψ) passing through point �x and λi(�x) ≤ λ + 2ψ ≤ λo(�x).
In this circumstance, the normal vector of κ-plane is defined as
�m(λ, β).

Selecting κ-planes as filtering planes, i.e., choosing
�e0(λ, �x) = β × �m(λ, β), makes Bk (�x, �ξ) = 1 for almost all �ξ.
Therefore, a reconstruction formula can be obtained as follows:

f(�x) = B0f = − 1
2π2

∫ λo (�x)

λi (�x)

1
|�x − �a(λ)|

×
∫ 2π

0

∂

∂q
D(�a(q), cos γ�β(λ, �x)

+ sin γ�e0(λ, �x))
∣∣∣
q=λ

dγ

sin γ
dλ. (6)

The intersection of κ-plane and detector is called κ-line, along
which the filtering is performed, as illustrated in Fig. 2. The
detector region needed for reconstruction is slightly larger than
the Tam–Danielsson window [18], [20], which is the projections
of the upper and the lower helical trajectory onto the detector
relative to X-ray source, as shown in Figs. 1 and 2.

III. KATSEVICH ALGORITHM IMPLEMENTATION

Noo et al. [17] introduced how to implement the Katsevich
algorithm using native geometries that includes flat-detector
geometry and curved-detector geometry. Our implementation
is based on it. In this paper, filtering is performed on CPU
using fastest Fourier transform in the west (FFTW) [21], and
the backprojection is performed on GPU.
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Fig. 3. Flowchart of the Katsevich algorithm’s implementation. Filtering is performed on CPU, and backprojection is performed on GPU.

As illustrated in Fig. 3, filtering on CPU is first performed,
and the filtered projection data are transferred to a texture, then
texture-mapping matrix is set according to backprojection ge-
ometry. GPU pipeline is driven by drawing a rectangle, which
is a slice to be reconstructed. In vertex shader, texture-mapping
coordinates of the rectangle’s four vertexes are computed, ac-
cording to texture-mapping matrix set in step 2. Rasterization
is completed automatically by GPU hardware. In this stage,
the texture-mapping coordinates of the points inside rectangle
are computed by interpolation. In fragment shader, the corre-
sponding texture data are fetched, according to texture-mapping
coordinates and weighted accumulation is performed. Finally,
the results are written to the frame buffer. In this step, the tech-
nology render-to-texture or CRTT [16] can be used.

A. Filtering on CPU

In this section, we take flat-detector panel filtering as an ex-
ample, and the curved-detector panel filtering is similar [17]. As
illustrated in Fig. 4(a), the cone-beam measured data using flat
detector are as follows:

D(�a(λ), u, v) = D(�a(λ), �βf ) (7)

with

�βf =
1√

u2 + v2 + L2
(u�eu (λ) + v�ev (λ) − L�ew (λ)). (8)

The filtering is carried out as following steps [17].
F1: Derivative and weighting

D1(�a(λ), u, v) =
dD(�a(λ), �βf )

dλ
weight(u, v) (9)

where weight(u, v) = L/(
√

L2 + u2 + v2).

Fig. 4. Data acquisition geometry. The radius of helical trajectory is R.
(a) Flat-detector geometry. The source-detector distance is L. (b) Curved-
detector geometry. The radius of curved-detector plane is L.

F2: Compute the value on the κ-lines, according to (10), and
the κ-lines on the flat-detector panel, as shown in Fig. 2(a).

D2(λ, u, ψ) = D1(λ, u, v(u, ψ)) (10)

where ψ ∈ [−π/2 − αm , π/2 + αm ], αm = arcsin(r/R), and

v(u, ψ) =
Lp

2πR

(
ψ +

ψ

tan ψ

u

L

)
. (11)

F3: Hilbert transform

D3(λ, u, ψ) = D2(λ, u, ψ)h(u) (12)

where

h(u) = −
∫ ∞

−∞
dσisgn(σ)ei2πσu =

1
πu

. (13)

F4: Backward height rebinning

DF (λ, u, v) = D3(λ, u, ψ̂(u, v)) (14)

where ψ̂(u, v) is the solution of (11) with the smallest absolute
value.
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Each step can be implemented within one loop. Since the
Tam–Danielsson, κ-line forward index, κ-line backward index,
and the weight to projection are independent of projection views
in helical trajectory, which can be computed for one time and
stored into tables.

B. Backprojection on GPU

The most time-consuming part of CT reconstruction is back-
projection. After filtered on CPU, DF (λ, u, v) is backprojected
to reconstruct f(�x), according to

f(�x) =
1
2π

∫
λ∈IPI(�x)

dλ
1

w(λ, �x)
DF (λ, u(λ, �x), v(λ, �x)).

(15)

Since the projection of �x on detector will be outside the Tam–
Danielsson window if λ /∈ IPI(�x), setting the values outside the
window to zeros is equivalent to integral within the interval
IPI(�x) . Therefore, the integral interval IPI(�x) can be simplified
using Tam–Danielsson window as follows [17]:

f(�x) =
1
2π

∫ ∞

−∞
dλ

χ(u, v)DF (λ, u, v)
w(λ, �x)

|u=u(λ,�x),v=v (λ,�x)

(16)

with

χ(u, v) =




0, if v > vtop(u) + adv

vtop(u) + adv − v

2adv
,

if vtop(u) − adv < v < vtop(u) + adv

1, if vbottom(u) + adv < v < vtop(u) − adv

v − vbottom(u) + adv

2adv
,

if vbottom(u) − adv < v < vbottom(u) + adv

0, if v < vbottom(u) − adv
(17)

where vtop and vbottom are the top and bottom of the Tam–
Danielsson window, respectively, a is an adjustable parameter,
and dv is the thickness of the detector rows [17]. The produc-
tion of χ(u, v) and DF (λ, u, v) can be incorporated into F4 on
CPU.

The mapping between planar detector and a slice to be recon-
structed is similar to projective texture mapping [22] in computer
graphics. Cabral et al. [13] first implemented the accelerated CT
reconstruction using projective texture mapping, and the most
of following GPU accelerated algorithms were based on tex-
ture mapping [14], [16]. Based on these existing researches, the
backprojection of the helical geometry will be described in the
computer graphics form completely.

As illustrated in Fig. 4(a), u(λ, �x) and v(λ, �x) are the mapping
coordinates on the flat detector of �x relative to source �a(λ), and
w(λ, �x) is the distance between the source �a(λ) and the projec-
tion of the point �x to the �ew axis. We can obtain u(λ, �x), v(λ, �x),

and w(λ, �x) in homogeneous,




uh(λ, �x)
vh(λ, �x)

0
wh(λ, �x)


 = P × V × M ×




x
y

z − p
2π λ

1




=




L 0 0 0
0 L 0 0
0 0 0 0
0 0 −1 0







0 −1 0 0
0 0 1 0
−1 0 0 −R
0 0 0 1




×




cos λ sin λ 0 0
− sin λ cos λ 0 0

0 0 1 0
0 0 0 1







x
y

z − p
2π λ

1


 (18)

i.e., u(λ, �x) = (uh(λ, �x))/(wh(λ, �x)), v(λ, �x) = (vh(λ, �x))/
(wh(λ, �x)), and w(λ, �x) = wh(λ, �x).

The model matrix M corresponds to the rotation of a cone-
beam CT. The view matrix V reveals the distance between X-
ray source and rotation center, and transforms the volume space
to the source-detector space. The matrix P is a perspective
transform. Since texture index is usually in [0, 1], a scaling and
translation matrix TS is needed, which is as follows:

TS =




1
wd

0 0 0.5
0 1

hd
0 0.5

0 0 1 0
0 0 0 1


 . (19)

Therefore, the texture-mapping matrix of flat-detector panel
is TS × P × V × M , and the position of the rectangle, drawn
in Fig. 3, is the slice to be reconstructed with an offset (p/2π)λ.

Compared to flat-detector geometry, the texture-mapping ma-
trix of curved-detector geometry is not so direct, as shown in
Fig. 4(b), α(λ, �x) and v(λ, �x) are the mapping coordinates of
�x on the curved detector relative to source �a(λ). Change the
perspective matrix P to

Pc =




1 0 0 0
0 L 0 0
0 0 0 0
0 0 −1 0


 (20)

and obtain


uc
h(λ, �x)

vc
h(λ, �x)

0
wc

h(λ, �x)


 = Pc × V × M




x
y

z − P
2π λ

1


 . (21)

Set the texture-mapping matrix of curved-detector panel to
Pc × V × M and compute the mapping of point �x in fragment
shader by

α(λ, �x) = arctan
(

uc
h(λ, �x)

wc
h(λ, �x)

)
(22)

v(λ, �x) =
vc

h(λ, �x) cos(α(λ, �x))
wc

h(λ, �x)
. (23)
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Fig. 5. (a) Line is parallel to z-axis and deviates z-axis at a distance of r.
(b) and (c) Projection to x × y plane.

Fig. 6. Overscan for varying t.

C. Overscan Formula and Volume Blocking in Device Memory

1) Overscan Formula: Some overscan for reconstructing
a field of view (FOV) is necessary. As shown in (6), the
useful scanning range for a point �x = (x, y, z) is IPI(�x) =
[λi(�x), λo(�x)], which consists of the overscan λ�x − λi(�x) be-
low the point �x and λo(�x) − λ�x above the point �x, where
λ�x = 2πz/p. What is the overscan for reconstructing a volume?
Consider a line that is parallel to z-axis and deviate z-axis at a
distance of r, as illustrated in Fig. 5(a). The line and the PI-lines
passing through the line are projected to x × y plane, and the
projection of the line is denoted by x̂, as shown in Fig. 5(b).

As illustrated in Fig. 5(c), the below and above overscan
are equal due to symmetry, and the projections of the PI-lines
passing through the line fulfill the circle;therefore, the overscan
can be derived, as shown in (24) at the bottom of this page.

It is shown that the overscan is a function of t = r/R, and
is increasing for t ∈ (0, 1). Fig. 6 illustrates that the overscan

TABLE I
OVERSCAN FOR t = 1/3, t = 1/2, AND t = 4/5

Fig. 7. Valid field for a projection view.

varies with t, and some special values for t = 1/3, t = 1/2,
and t = 4/5 are listed in Table I. It is shown that larger ratio t
requires larger overscan.

2) Volume Blocking in Device Memory: As illustrated ear-
lier, not all projections are useful for a slice to be reconstructed.
For a projection view, it is only valid for the slices within one
overscan distance to the projection, as illustrated in Fig. 7, and
we call these slices as the projection view’s valid field. There-
fore, the memory allocated on the GPU device just need to store
the volume for two overscan distance, instead of the whole FOV
volume. The slice number allocated on device memory is

SliceGPU =
2Doverscan

dz
(25)

where dz is the thickness of the slice and Doverscan is the overscan
distance in pitch form.

As illustrated in Fig. 8, first, we allocate two-overscan-
distance device memory. With the increase of projection po-
sition, there will be a slice no longer in the projection’s valid

overscan = max
0≤θ≤π/2

(2π − 2φ)
A

B

= max
0≤θ≤π/2

(2π − 2 arccos((r/R) sin θ))(r cos θ + R sin(arccos((r/R) sin θ)))
2R sin(arccos(r/R sin θ))

= max
0≤θ≤π/2

(π − arccos((r/R) sin θ))(r cos θ +
√

R2 − r2 sin2 θ)√
R2 − r2 sin2 θ

= max
0≤θ≤π/2

(π − arccos(t sin θ))(t cos θ +
√

1 − t2 sin2 θ)√
1 − t2 sin2 θ

(
0 < t =

r

R
< 1

)
. (24)
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Fig. 8. Volume-blocking method in device memory.

TABLE II
SIMULATION PARAMETERS

field, which means that this slice is completely reconstructed.
Then, the slice data are transferred from device memory to main
memory, and corresponding device memory can be used for re-
constructing a new slice, as illustrated in Fig. 8.

The memory allocated on the GPU device just need to store
the volume for two overscan distance, instead of the whole FOV
volume, in which way, the limited device memory is saved, and
fast reconstruction of large volume is possible.

IV. EXPERIMENTS AND RESULTS

Our experiments are performed on a 2.66-GHz dual-core Intel
PC with 2 GB RAM hosting a NVIDIA GeForce 8800GTX card.
The projections are analytically calculated from 3-D Shepp–
Logan phantom, and the reconstruction FOVs are all [−1, 1] in
x, y, and z axes. In this paper, the algorithm is implemented for
an ideally aligned detector. The geometrical simulation param-
eters are listed in Table II, where the pixel size for flat-detector
geometry and curved-detector geometry are both 0.01 × 0.01.
Different volume datasets are reconstructed from the projec-
tions, and single floating-point format is used for all the data.

In the experiments, the reconstruction FOVs are all [−1, 1] in
x, y, and z axes. If 512 slices are reconstructed, the thickness
of a single slice is dz = 2/512. Number of slices allocated on
device memory is

SliceGPU =
2Doverscan

dz
=

2 × 0.3588p

dz
= 129.

Fig. 9. Reconstruction images in (a) flat-detector geometry using GPU and
(b) curved-detector geometry using GPU. (c) The profiles along an axis parallel
to the z-axis at x = 0.1230 and y = 0.0059. The red and blue color profiles
are from flat-detector geometry using GPU and CPU, respectively, and the dark
color profiles is from curved-detector geometry using GPU. The density scale
window is [1.00, 1.04].

Usually, more slices are allocated on device memory than the
theoretical value because a smooth function χ(u, v), which is
larger than Tam–Danielsson window, is used to avoid recon-
struction artifacts. Here SliceGPU is set to 68, 135, 270 for 256,
512, and 1024 slices, respectively.

Fig. 9 shows the reconstruction results of a 5123 volume
at z = −0.2480, x = 0.1230, and y = 0.0059, and the density
scale window is set to [−1.00, 1.04]. Fig. 9(a) and (b) illustrate
the reconstruction images in flat-detector geometry and curved-
detector geometry using GPU, respectively. Fig. 9(c) shows the
profiles along an axis parallel to the z-axis at x = 0.1230 and
y = 0.0059, where the red and blue color profiles are from flat-
detector geometry using GPU and CPU, respectively, and the
dark color profiles is from curved-detector geometry using GPU.

Table III shows the time consumptions of different volume
datasets without blocking and with blocking method in the flat-
detector geometry of Table II. Filtering represents the CPU
filtering time. BP stands for the backprojection time without
blocking method, while ′ b′ means timing measurements with
blocking method. The CRTT technology [16] is applied when
using 3-D texture.

If the reconstructed volume size is less than the device mem-
ory, which is 768 MB of the NVIDIA GeForce 8800GTX card,
as shown in Table III, the speed of backprojection is proportional
to the rate of total slice number and slice number allocated on
device memory.

If the reconstructed volume size is larger than the device
memory, like a 1024 × 1024 × 256 volume in float type of the
size 1024 MB, the 3-D texture would not work without using
the blocking method. If a stack of 2-D textures are used for
storing the reconstructed volume, the backprojection time is
about 262.1 s without using blocking method. In contrast, if the
blocking method is used, it takes only 10.9 s to perform the
same reconstruction.

As shown in Table III, the summation of the filtering time
and backprojection time is larger than the total reconstruction
time in some cases, because there is some degree of parallelism
of CPU and GPU. While reconstructing large volume without
blocking method that needs data transfer between main memory
and device memory nearly do nothing in the parallelism of CPU
and GPU.
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TABLE III
TIME CONSUMPTIONS OF DIFFERENT VOLUME DATASETS USING NONBLOCK METHOD AND BLOCK METHOD IN THE FLAT-DETECTOR GEOMETRY OF TABLE II

TABLE IV
TIME CONSUMPTIONS OF DIFFERENT VOLUME DATASETS USING NONBLOCK METHOD AND BLOCK METHOD IN THE CURVE GEOMETRY OF TABLE II

TABLE V
PERFORMANCE COMPARISONS FOR HELICAL CONE-BEAM CT RECONSTRUCTION

Goddard et al. [23] proposed Giga updates (GUs) per second
(GUPS) to measure the reconstruction speed, where GUs is the
division of the total number of voxel updates and 10243 . For he-
lical geometry, there is no easy way to calculate the exact GUs. A
rough estimate of the GUs can be done as follows. The backpro-
jection of a single slice needs 2 × overscan × (180/π) = 258
projections. Hence, for reconstruction a 5123 volume, an upper
bound for the GUs is 5123 × 258 × (π/4)/10243 = 25.3 GU,
the factor π/4 accounts for the fact that the reconstruction vol-
ume contains voxels outside the field of measurement (FOM)
that need not to be backprojection. We also count the actually
required updates in our algorithm, which is 20.0 GU.

In the flat-detector geometry, our algorithm takes about 4.1 s
to perform backprojection of a 5123 volume from 1288 views
with the size 672 × 128; therefore, the reconstruction speed is
20.0/4.1 = 4.9 GUPS. In the curved-detector geometry, due to
more complicated coordinate calculations for the curved de-
tector, the reconstruction performance is lower than the flat-
panel detector, as shown in Table IV. As iillustrated in (22) and
(23), calculating inverse trigonometric function and trigonomet-
ric function is time-consuming, which results in the different
performances for the flat detector and the curved detector.

Table V shows comparisons of the reconstruction perfor-
mance for helical cone-beam CT from different groups. Deng
et al. [10], Yang et al. [11], and Fontaine and Lee [12] focus

on the acceleration of Katsevich algorithm. In [10], it takes
185 s to reconstruct a 5123 volume on a 32 processors clus-
ter, but there is little other reconstruction information; there-
fore, we can not estimate its performance in terms of GUPS.
In [11], for the 3-D Shepp–Logan phantom with 2563 vox-
els, 3 × 600 source points (600 points per turn) and 100 × 500
cone-beam projection at every source point, the proposed par-
allel implementation needs 25.7 s with 32 processors on a
Linux cluster. According to its geometry information and (24),
the overscan is 2.255 radians; therefore, the backprojection
of a single slice needs 2 × 2.255 × (600/(2π)) = 431 pro-
jections. Hence, for reconstruction a 2563 volume, an upper
bound for the GUPS is 2563 × 431 × (π/4)/10243/25.7 =
0.21 GUPS. Fontaine and Lee [12] and Steckmann
et al. [24] use geometry symmetry to accelerate the reconstruc-
tion speed by multicore CPU. Fontaine and Lee [12] show that it
takes 642 s to reconstruct a 10243 image using 5120 projections
with 512 × 128 size on a dual-socket quad-core system. But re-
construction information is not enough, and the GUPS can not
be estimated. Steckmann el al. [24] propose a new algorithm
that utilizes the spiral symmetry. It achieves up to 9.7 GUPS
running on a Celsius R650 workstation with eight core proces-
sors CPU, and it achieves up to 17 GUPS on their systems that
are equipped with four standard Intel X7460 hexa core CPUs
(Intel Xeon 7300 platform, 2.66 GHz, Intel Corporation).
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V. CONCLUSION

The modern GPU hardware, with its programmable features
and powerful computational performance, is very suitable for
computational intensive work. It is shown that GPU is more
cost-effective for 3-D CT reconstruction than cluster. In this pa-
per, Katsevich algorithm is accelerated by using GPU hardware,
and an overscan formula is derived, which helps to avoid unnec-
essary overscan in practical CT scanning. Based on the overscan
formula, a volume-blocking method in device memory has been
proposed, which saves the limited device memory. The block-
ing method based on overscan formula can solve the conflict
between large volume and high speed, effectively, only if the
device memory can hold volume for two overscan distance.
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