








 

 

1.2, respectively. However, it is noed that the visibility lowest 

contrast rod with the smallest diameter of .3 cm is arguable for 

the low dose reconstructions.  

The analysis indicates that the technique results in 

comparable or higher values in a variety of image quality 

parameters relative to the FBP reconstruction with greater than 

a factor of 10 times the dose.  These results are relative to the 

scanner reconstruction at maximum allowable flux of 583 mAs 

which is greater than the typical scan protocol. Due to 

complexities of quantifying image quality, especially when 

considering clinically relevance, it is difficult to determine a 

dose reduction factor. With that said, if one assumes that a 

typical scan is between 150-250 mAs, then comparable 

reconstructions may be possible with 65-80% lower dose using 

the methodology.  
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Table 1 Signal to Noise Ratio (Arb. Units) 

Region I Region II Region III Region IV FBP 583 mAs 1.13 115.16 62.05 66.20 

FBP 50 mAs 0.66 58.23 34.92 35.40 

EST 50 mAs 2.39 156.66 112.35 115.19 

 

 

Table 2 Contrast to Noise Ratio (Arb. Units) 

Region I Region II Region III Region IV 

FBP 583 mAs 58.61 53.17 5.37 8.05 

FBP 50 mAs 30.86 24.57 2.50 4.02 

EST 50 mAs 90.18 68.41 7.63 11.89 

 

 

Figures: 

            
(a)                                                                                         (b)                                                                                     

Fig. 1 (a) Graphical relationship between the oversampled pseudo-polar and Cartesian grids.  (b) Schematic of the 

iterative algorithm.  
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Fig. 3 (a) FBP reconstructions at 583 mAs (b) FBP reconstructions at 50 mAs  (c) EST reconstruction at 50 mAs 
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Fig. 2 (a) FBP reconstructions at 583 mAs (b) FBP reconstructions at 50 mAs  (c) EST reconstruction at 50 mAs (d) 
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2D X-Ray CT Reconstruction Based On TV
Minimization And Blob Representation

Han WANG ∗ Laurent DESBAT† Samuel LEGOUPIL‡

Abstract—The rotationally symmetric function (blob) is
an ideal alternative to pixel representation of image. In
this paper we present a 2D strip-integral projector based
on blob which is independent to grid and blob’s radius.
This projector can be implemented on parallel architecture
like NVIDIA GPU. A reconstruction algorithm by TV
minimization is also developed for blob represented image.
Some preliminary numerical experiences of this algorithm
on fixed regular grid are presented.

I. INTRODUCTION

The X-Ray generation and detection system, as in
many inverse problems, can be modeled as an application
from the ”continuous object space” to the ”discrete data
space”. In fact, the physical object illuminated by X-Ray
is a function supported on a continuous compact spatial
region. Due to detector’s limited resolution, the sinogram
data is discretized in form of a finite dimensional vec-
tor which contains consequently aliasing introduced in
angular direction (for 2D). Therefore the discretization
of sinogram inherently limits the resolution of the final
reconstructed image. For an object f(·) : IR2 → IR
supported on a continuous and compact spatial region
of IR2, an efficient way to handle this is to represent the
real object as an interpolation with a family of translated
local basis :

f(x) =
∑
j

fjΦ(x− xj), for j = 1 . . . N (1)

where Φ(·) : IR2 → IR is compactly supported basis
function and fj ∈ IR is the interpolation coefficient.
The X-Ray transform on f taken at direction θ ∈ S1

is defined as :

Pθf(y) = Pf(y, θ)
4
=

∫
IR
f(y+tθ)dt, for y ∈ θ⊥ (2)

and by linearity :

Pθf(y) =
∑
j

fjPθΦ(y − (xj − xθj)) (3)
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where xθj = 〈xj , θ〉θ is the projection of xj onto
θ (〈, 〉 denotes the scalar product). We use in this
paper the definition of Fourier transform : f̂(ω)

4
=∫

R f(x) exp(−2πixω)dx. Taking Fourier transform on
Pθf(·) and following the projection-slice theorem
f̂(ω) = P̂θf(ω) for ω ∈ θ⊥, we obtain :

f̂(ω) = Φ̂(ω)
∑
j

fj exp(−2πi〈ω, xj − xθj〉) (4)

The aliasing contained in the sum at right hand side
of (4) is attenuated if Φ has a fast decreasing rate in
frequential space. From this point of view, the pixel
basis, which is the de facto standard of representation
basis used by most of the state-of-art algorithms, is not
an optimal choice for image representation due to the
slow decreasing rate of Sinc function.

A. Blob function

The generalized Kaisser window function(also called
Lewitt-blob) [3] has many advantages like, beside its
rotation invariance, the fast decreasing rate in frequential
plan and the analytical expression of X-Ray transform.
These make it an ideal alternative to the pixel basis.
The major default of Lewitt-blob function is that it’s not
positive-definite which prevents it to perfectly represent
an homogeneous image [1]. However we can minimize
the error by carefully choosing the parameters of blob
controlling its shape [6]. In general the reconstruction
based on blob is more smooth than that of pixel due
to the low-pass filter character of blob function. In this
paper, we address the issue of edge-preserving recon-
struction based on blob representation.

We note in the following A the X-Ray projection
operator. Depending on the projection geometry, A could
be (in 2D) a parallel-beam or fan-beam projection. As
shown in (3), the sinogram Af is determined by the
contribution of each AΦ(· − xj), and followed by a
sampling processes to yield finally the finite dimensional
sinogram vector g ∈ IRM . This indicates us to write the
forward problem in a matrix-vector form :

gi =

N∑
j=1

Aijfj , for i = 1 . . .M (5)
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2

with Aij the value of AΦ(· − xj)(y) taken at i-th
sampling point. We consider A as a linear map operating
from IRN to IRM , and the back-projector as transpose
matrix A>.

B. Edge-preserving reconstruction

The algorithms of reconstruction by edge-preserving
priors, particularly that of Total Variation(TV) minimiza-
tion, have been shown to be very efficient on images with
homogeneous regions. The total variation of a Bounded
Variation function f is calculated as :

TV (f) =

∫
Ω
‖∇f(x)‖dx (6)

where Ω is the support region of f . It corresponds
effectively to the length of all level set contour of image
f . Obviously, a piecewise constant image’s TV norm is
small since it concentrates only on the contour of image.
In most of numerical implementations, a discrete version
of TV based on the differences between pixels is used.
For an image represented by blob basis, the evaluation
of (6) can be done in a non discrete manner, as presented
in section III of this paper.

The paper is organized as follows : in section II we
present a projector and back-projector based on blob
representation of image and can be easily implemented
on parallel architecture like NVIDIA GPU. Some recon-
struction results by minimization of TV norm based on
this new projector is given in section III.

II. BLOB BASED STRIP-INTEGRAL PROJECTOR AND

BACK-PROJECTOR

We can associate a scalar profile function φ(·) to
spherical symmetric basis function Φ(·) by Φ(x) =
φ(‖x‖). The X-Ray transform is then reduced to the Abel
transform :

PθΦ(y) = 2

∫ +∞

‖y‖
φ(t)

t√
t2 − ‖y‖2

dt
4
= Aφ(‖y‖) (7)

and by (3):

Pθf(y) =
∑
j

fjAφ(‖y − (xj − xθj)‖) (8)

As shown in Fig. 1, a simple implementation consists
in tracing a line SD and evaluate (8) at corresponding
~θ = SD/‖SD‖ and y = 〈Sxj , ~θ〉~θ − Sxj . Taking
D = (Di−1 +Di)/2, this becomes the so called Siddon
ray-driven projector and equals to sampling Pθf(y) at
frequency 1/∆d in parallel beam geometry, with ∆d the
size of detector pixel.

A more realistic model is to calculate the strip-integral
on a curve Γ ⊂ IR2 formed by detector pixel area

between two pixel borders Di−1 and Di. This strip-
integral acts as a low-pass filter and reduces the aliasing
artefacts introduced by the sampling procedure in Siddon
projector. Parameterizing Γ by D : IR ⊃ I → Γ, the
strip-integral reads, by definition of curve integration :∫

Γ
Pθf(y)|dγ| =

∫
I
Pθf(y) ‖D′(l)‖dl (9)

where |dγ| denotes the length of integration element dγ,
and θ, y depend on D(l). For a 1D linear detector we
have D(l) = D0 + l~d with ~d the unitary vector from one
extremity of detector to the other, and ‖D′(l)‖ = 1. In
case of parallel beam geometry, the strip-integral (9) is
simplified to :∫ i∆d

(i−1)∆d

Pθf(y)dl =
∑
j

fj

∫
Bij

Aφ(|l|)dl (10)

where Bij denotes the interval defined by the distance
from the blob center xj to parallel rays {SD,D ∈ Γ}
: Bij = [(i − 1)∆d, i∆d] − 〈S0xj , ~d〉. See Fig 1. The
integral in the right hand of (10) can be retrieved by
looking up the one dimensional pre-calculated table
T (t) =

∫ t
−∞Aφ(|s|)ds for upper and lower borders of

Bij then make the difference.

O

xj

~dD0

S0 y

S ~θ

Di

Di+1
Γ

Fig. 1. Contribution of blob centered at xj to detector [Di, Di+1] in
parallel beam is the strip-integral of the red region and depends only
on the distance from xj to SDi and SDi+1. This makes it easily
evaluated by looking up pre-calculated one dimensional table T (t).

The situation for fan beam geometry is shown in Fig.
2. One has a similar expression as (10) but with the
integrand of strip integral depending on the detector pixel
area Γ. One solution (already proposed in [4]) is to
calculate the same integral as (10), which is equivalent
to integrate the blob function on the red region and
independent to detector curve. This allows us to use the
same pre-integrated table T (t) as in parallel beam case
and unify the form of 2D projector for both parallel and
fan beam.
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O

xj

~dD0

S

y

Di

Di+1

Γ

Fig. 2. In fan beam, the strip-integral is calculated as the integration
of blob function on red region. As in parallel beam case, this depends
only on the distance from xj to SDi and SDi+1, and the same look-
up table technique applies.

The back-projector is defined by :

(A>g)j =
∑
i

gi

∫
Bij

Aφ(|l|)dl (11)

from where we see that the technique presented above
applies identically for on the back-projector.

A. Dilated blob and irregular grid

We can control the radius of blob function Φ by a
dilating parameter. Let Φλ(x)

4
= λ−1Φ(x/λ), λ > 0 be

the dilated blob and φλ(‖x‖) 4
= λ−1φ(‖x‖/λ) its profile

function, then Aφλ(‖y‖) = Aφ(‖y‖/λ) and :∫
Bij

Aφλ(|l|)dl = λ

∫
Bij/λ

Aφ(|l|)dl (12)

Therefore the same pre-integrated table T (t) can be used
to calculate the strip-integral of blobs with variant radius.
This is useful in the projection of a image representation
model as :

f(x) =
∑
j

fjΦλj
(x− xj) (13)

where Φλj
(x−xj) is a blob centered at xj and dilated by

λj . Finally we remark that the looking-up table method
proposed here is independant to the choice of xj , in other
words, the same projector can be applied on any kind of
grid.

B. Implementation on parallel architecture

The implementation of projector A can take the form
of either an on-the-fly operator or a pre-calculated sparse
matrix. The storage of sparse matrix usually becomes

prohibited for high dimension data, while the on-the-
fly operator is generally very slow if implemented in a
sequential way.

It’s very easy to parallelize the projection method
discussed above. One can allocate to each thread either
a blob function Φ(·−xj) and evaluate the strip-integrals
weighted by fj on influenced detector pixels, or a detec-
tor pixel area Γ = [Di, Di+1] and evaluate the expression
(10) on it. Since we don’t suppose any structure on the
blob grid here, for the ray-driven projector one needs to
gather first the index of blobs contributing to a given
ray, which could be a lengthy operation. While for
the blob-driven projector, one must manage the threads
concurrency of writing on the same memory address. Our
first experiences show that the blob-driven projector is
conceptually easier than ray-driven projector, and that the
threads concurrency can be handled correctly by atomic
operations. Table I shows the acceleration achieved on a
NVIDIA GeForce 8600M card for blob-driven projector
(left) and back-projector (right) of fan beam geometry at
3 image size (number of blobs) and 3 projection sets : 64,
96, 128 projections. The reference CPU is Intel Core Duo
T7500 2.20GHz. Although the GPU platform that we

1282 2562 5122

64 20.8 20.3 18.2
96 24.4 24.2 20.9
128 26.1 25.9 21.7

1282 2562 5122

35.8 35.5 33.0
33.4 32.5 30.5
36.1 35.5 32.4

TABLE I
ACCELERATION OF GPU AGAINST CPU

used supports only 32bit float operations, the numerical
difference between CPU and GPU implementations is
very small, about 10−5 for projector and 10−6 for back-
projector.

III. TOTAL VARIATION MINIMIZATION

Consider now f sampled on a regular cartesian grid
G = ∆ZZ2, with sampling step length ∆ > 0. When
1/∆ is sufficiently high, the total variation of f is well
approximated by :

TV (f) '
∑
yk∈G
‖∇f(yk)‖2∆2 (14)

The question here is how to efficiently calculate the
gradient ∇f(x) = (∂1f(x), ∂2f(x))> on G. We can use
the following relation of Fourier transform :

∂̂1f(ω) = (−2πiω1)f̂(ω), and (15)

∂̂2f(ω) = (−2πiω2)f̂(ω) (16)
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4

where f̂(ω) = Φ̂(ω)
∑

j fj exp(−2πi〈xj , ω〉). We define
the dual cartesian grid G′ = ∆−1([−1/2, 1/2)2∩ZZ2/K),
with integer K > 0 and evaluate (15) on G′. Depending
on the grid of blob representation, the sum involved in
f̂(ω) may be a non uniform Fourier transform and it
can be treated efficiently by the fast transform technique
like [2], while the Fourier transform of blob Φ̂(ω)
can be precalculated on G′. Therefore one obtains the
frequency value ∂̂1f(ω) on G′ with low complexity
operations. Now we only need to take the inverse FFT
of (K∆2)−1∂̂1f(ω) evaluated on G′ to get ∂1f(x) on
G. The same operations apply for ∂2f(x).

We note the operations presented above by JG :
IRN → IR2×|G| : it’s the operator yielding the value
(with a precision dertermined by K) of∇f(x) on G. It is
linear on the vector ~f formed by {fj}, and (JG ~f)k ∈ IR2

for k = 1 . . . |G|. We can formulate the TV minimization
problem as :

min
~f

|G|∑
k=1

‖(JG ~f)k‖ s.t. A~f = b (17)

with A here the projector proposed in section II and b
is the noiseless sinogram. The algorithm TVAL3 [5] is
used in this paper to solve the problem (17). The final
image represented by blobs is then obtained from ~f by
(1).

A. Numerical experiences

We present now some reconstruction results based on
(17). A standard 128×128 Shepp-logan phantom’s pixel
values are taken as the blobs coefficients (therefore the
true image is the one represented by these blobs) and
the blobs with standard radius are placed on a regular
cartesian grid. The object is fitted into a square of
size 25 × 25 cm centered at origin, and the distances
from rotation center to source and detector are 80 cm
and 40 cm respectively. We’ve simulated a fan-beam
noiseless acquisition of 16 projections equally distributed
on [0, π) by applying the same blob-driven projector on
the blob coefficients. The gain of TV reconstruction by
(17) compared to the least square reconstruction is shown
in Fig. 3. The horizontal central profile is shown in Fig.
4.

IV. DISCUSSION

We have presented a parallelizable strip-integral pro-
jector based on blob functions and a related TV mini-
mization algorithm. The independence of this projector
to the grid and blob radius brings the possibility of
modification of blob’s position and radius during the

(a) (b)

Fig. 3. Least square and TV reconstructions from 16 projections

0 20 40 60 80 100 120 1400.5

0.0
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1.0

1.5

2.0
Central profile

Phantom
TV

Fig. 4. Central profile of TV reconstruction from 16 projections

iterations. In fact, the choice of blob position xj , radius
λj and weight fj can be done automatically by the
reconstruction algorithm : one needs to fix the number
of blobs and minimize (17) with respect to all these pa-
rameters. We will investigate the possibilities in another
publication.
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Effect of Modeling Anode Size and Angulation in
Fully Iterative CT Reconstruction

Kevin J. Little* and Patrick J. La Rivière

Abstract—The small beveled angle in the rotating anode of
an X-ray tube may potentially result in the loss of peripheral
resolution in computed tomography (CT) due to the differences
in the projection of the focal spot at the central and peripheral
detectors. Many recent studies of iterative reconstruction for CT
work with logged data and a lineaerized imaging model. In the
logged domain of line integrals, we model the finite detector size
and anode angle using sourcelets, detectorlets, and numerical
integration based on Kaiser-Bessel basis functions. Utilizing a
novel fully iterative reconstruction algorithm, we use a phantom
containing an array of point impulses in order to compare the
effect of modeling a finite source and anode angulation in the
logged data domain. Provisionally, we find that there is not a
significant difference in image resolution when reconstructing
with a finite source model versus a point source model.

Index Terms—Computed tomography (CT), iterative recon-
struction

I. I NTRODUCTION

A rotating anode made of a high-atomic-number material
such as tungsten is usually a core component of modern

X-ray tubes. Incident electrons, which are accelerated across
a vacuum by a potential difference after they are boiled off
the tube’s cathode, impinge on the anode and result in X-
rays due to bremsstrahlung radiative losses and the emission
of characteristic X-rays. Nonradiative (heat) energy is also
generated in large amounts in these interactions, and the
rotation of the anode allows for the dissipation of this energy
over a larger area [1], [2].

In order to dissipate this nonradiative energy over an even
greater area, the edge of the anode known as the focal track is
generally a beveled edge with a small angle (typically 5◦−7◦

in a computed tomography (CT) tube). While a comparatively
larger area of the focal track is exposed to electrons, the small
size of the effective projected focal spot is maintained due to
the line-focus principle, which is illustrated in Fig. 1 [1], [2].

The line-focus principle works well for the central detector
channels, but not all detectors see the same projection of the
rectangular, angled focal spot. Due to the anode angulation, a
more peripheral detector sees a larger effective focal spot size
than a central detector [2]. This anode angle effect has been
shown to degrade peripheral resolution in some cases, and
sinogram-domain methods for compensating for the resulting
blurring have been proposed [3]. In most analytic and iterative
CT reconstruction algorithms, the anode is modeled as a point
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K. J. Little is with the Department of Radiology, The University of Chicago,
Chicago, IL 60637 USA (e-mail: little@uchicago.edu).
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Crossectional cut through rotating anode

Figure 1. Illustration of the line-focus principle employed in X-ray anodes.
Due to the beveled edge of the focal track, a relatively large area of the anode
can be exposed by the electron beam (traveling in from the right in this figure)
while the projected cross section of the X-ray beam (traveling downward in
this figure) remains relatively small.

source. It is not known whether modeling a finite, angled
anode as opposed to a point source will have a significant
effect on image resolution and noise properties.

Many recent investigations of iterative reconstruction for CT
work with logged data and a linearized imaging model [4], [5].
Along with an assumption of a Gaussian noise model in the
log domain, this allows for the use of a quadratic objective
function and avoids evaluating exponentials. However, any
linear modeling of finite source and detector effects in the log
domain is necessarily approximate, since these finite apertures
lead to linear averaging in the transmitted intensity domain,
not in the logged domain of line integrals.

Our goal in this paper is to evaluate this approximation,
i.e. to assess whether linear modeling of the anode size and
angulation in the logged data domain can indeed lead to
improved image quality. Focusing on the single-slice circular
fanbeam case for the purpose of simpler calculations, we
perform numerical integration using Kaiser-Bessel spherically
symmetric basis functions in order to compute a system matrix
that takes the finite, angled anode into account for a linearized
imaging system. Using the Radonis CT simulation package
(Philips Research and Development, Hamburg, Germany) in
order to generate realistic, exponentially attenuated forward
projection data for a finite, angled anode, we then perform
fully iterative image reconstruction using a modified version
of the image space reconstruction algorithm (ISRA) that has
been revised to include a roughness penalty (smoothing). A
provisional conclusion about the effects of anode modeling
on fully iterative image reconstruction is made.
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II. M ETHODS

A. System model

In order to take the finite detector size into account, we
divide the finite anode into a grid of sourcelets and each
detector into a grid of detectorlets [6]. A diagram showing
fanbeam CT measurement geometry, including sourcelets and
detectorlets, is shown in Fig. 2. We want to efficiently calculate
the average line integral from each of the sourcelets to each
of the detectorlets, so we use the spherical Kaiser-Bessel
basis function described in Ref. [7] and implemented for CT
reconstruction in Ref. [4]. This basis is useful because the line
integral through each volume element “blob” is based only on
the distance of the line integral from the center of the volume
element. While the implementation of the “blob” model in
Ref. [4] assumed finite detectors, it assumed an ideal point
source. We modify the system model in Ref. [4] to include a
finite source, and we also do not use an interpolated method
of integration.

center 
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Width sourcelets

Detectorlets
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Figure 2. Geometry, including sourcelets and detectorlets,of a fanbeam CT
measurement for a single projection view.

We represent the continuous distribution,f(~x), of the ab-
sorption coefficient at spatial position~x as a sum of basis
functionsf̃(~x) such that

f̃(~x) =

N
∑

j=1

cjgb(~x− ~xj), (1)

whereg is the grid increment between each of theN volume
elements,cj is the weight given to each volume element,
and b(~r) represents the Kaiser-Bessel basis function at each
volume element. The Kaiser-Bessel function is given by [7]

bm,a,α (r) =
{

(√
1−(r/a)2

)

m

Im
(

α
√

1−(r/a)2
)

Im(α) , 0 ≤ r ≤ a

0, otherwise
(2)

whereIm represents the modified Bessel function of orderm,
a is the radius of the basis function,α is a parameter modifying
the blob shape, andr is the radial distance from center of the
volume element. A single line integralL [~xd, ~xs, ~xj ] through
a single volume element will be given by

L [~xd, ~xs, ~xj ] =

∫ 1

0

b [~xs + l (~xd − ~xs)− ~xj ] dl. (3)

where~xd is a given detectorlet location,~xs is a given sourcelet
location, and~xj is the center location of a volume element.
The line integral in terms of the perpendicular distancew from
the center of the volume element to the line integral can be
written as [4]

Lm,a,α [~xd, ~xs, ~xj ] =

Lm,a,α (wdsj) = Lm,a,α (w) =

2

∫ (a2
−w2)1/2

0

bm,a,α

[

(

w2 + t2
)1/2

]

dt |w| ≤ a (4)

where

wdsj = w =
√

‖~xj − ~xs‖
2
− {(~xj − ~xs) · [~xd − ~xs] / ‖~xd − ~xs‖}

2
.

The integral above is known exactly and is solved in Ref. [7].
Eq. (4) becomes

Lm,a,α (w) =

a

Im (α)

(

2π

α

)
1

2

[
√

1− (w/a)
2

]m+ 1

2

.

×Im+ 1

2

[

α

√

1− (w/a)
2

]

(5)

For a given volume elementj and detectori, we want to
compute the elementaij for system matrixA that represents
the contribution of the given volume element to the recorded
output of the given detector such that

~y = A~c, (6)

where~y is the data vector comprised of theM measurements
of all the detectors at all rotation angles and and~c is the
array ofN weightscj in Eq. (1). We may find the average
line integral over all detectorlets and sourcelets (an effective
numerical integration) contributing to a system matrix element
aij by calculating

aij =
1

DS

D
∑

d=1

S
∑

s=1

L (wdsj) , (7)

whereD is the total number of detectorlets andS is the total
number of sourcelets. By making the statement in Eq. (7), we
assume that we are working with a linearized imaging equation
and linearized data.

B. Iterative reconstruction algorithm

We wish to solve Eq. (6) for theN × 1 vector of “blob”
weights ~c using a fully iterative reconstruction method. In
order to achieve this, we seek to minimize the penalized least
squares (PLS) objective function given by
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ΦPLS(~̃c ~; y) ≡ LPLS
(

~̃c; ~y
)

+ βR
(

~̃c
)

, (8)

where

L
PLS

(

~̃c; ~y
)

=

M
∑

i=1



yi −

N
∑

j=1

aij c̃j





2

, (9)

R (~c) is a roughness penalty, andβ is the smoothing parameter
which controls the relative influence of the roughness penalty.
The tildes abovecj and ~c represent an estimation of the

blob weights. The roughness penaltyR
(

~̃c
)

can be expressed
generally as

R
(

~̃c
)

=

K
∑

k=1

ψk

([

T~̃c
]

k

)

, (10)

given by Fessler [8], whereT is a matrix andψk is a potential
function that assigns a cost to theK combinations of blob
coefficient values represented by the matrix productT~̃c. In this
work, we use a penalty applied to difference of each estimated
blob weightc̃j with its horizontal and vertical neighbors.

In order to perform fully iterative image reconstruction,
we seek an algorithm that readily guarantees the enforcement
of positivity constraints and of monotonic decreases in the
objective function. The derivation of the update equation used
in this paper closely follows the derivation in Appendix C of
Ref. [9] and has the result:

c̃
(n+1)

j = c̃
(n)
j



1 +
ñj − β

(

4c̃
(n)
j −

∑K
k=1

tkjtkic̃j

)

2
∑M

i=1
aij ỹ

(n)

i + 8βc̃
(n)
j



 ,

(11)
where

ñj ≡ 2

M
∑

i=1

aij

(

yi − ỹ
(n)
i

)

(12)

and

ỹ
(n)
i ≡

N
∑

j=1

aij c̃
(n)
j . (13)

Whenβ = 0 in Eq. (11) above, the algorithm takes the form
of the image space reconstruction algorithm (ISRA). So, we
think of the above update as ISRA with an included roughness
penalty.

Due to the increased computational load introduced by
multiple sourcelets and detectorlets, it is not always computa-
tionally judicious to compute the system matrix for all sino-
gram projection angles using Eq. (7). We instead calculate the
system matrix elementsaij for one projection angle and utilize
rotations with linear interpolation for the remaining projection
angles. For forward projections into sinogram space, we rotate
the image space information to the angles complementary to
the rotation of the source and detectors at each projection angle
and then make the forward projection. For backprojections into
image space, we rotate the result of the backprojection to the
projection angles and sum the results over all angles.

While Eq. (11) is guaranteed to produce monotonic de-
creases in the objective function, it is sometimes necessary to

speed up the algorithm for large system matrices. We imple-
ment ordered subsets (OS) in order to speed up convergence.
That is, each iterative update takes into account only a subset
of all projection angles. By doing so, we decrease the time
to complete each iteration by approximatelyO−1, whereO is
the number of ordered subsets.

III. R ESULTS

A. Data simulation model

In order to generate independent data that account for finite
focal spot size, for finite detector size, and for an independent
model of attenuation, we used the Radonis CT simulation
package (Philips Research and Development). The simulation
package allows the specification of the geometry of the source
and detectors, including anode angulation. We simulated a
focal length of 570.0 mm and a detector-to-isocenter distance
of 470.0 mm. A single-row detector was simulated with
672 channels, each with a size of 1.4 mm in the transverse
direction and 1.0 mm in the longitudinal direction, measured
at the detector. We simulated 1160 projections, spaced equally
over 360◦. We used 3× 3 detectorlets when generating
simulation data using Radonis. The output of the system was
a linearized sinogram.

We simulated two types of sinograms with the simulation
software. The first “realistic sinogram” was simulated using
an anode angle of 5◦, with a projected focal spot size of
0.9 mm in height and 0.7 mm in width. For this simulation, 5
× 5 sourcelets were used. Our second sinogram was meant to
represent an idealized case. This “ideal sinogram” modeled a
point source by simulating only one sourcelet.

B. Iterative reconstruction model

The iterative reconstruction model used the same focal
length, detector-to-isocenter distance, detector size, and num-
ber of projections as the simulation model. The iterative re-
construction method based on Eq. (11) was used. The ordered
subsets and rotation-based methods discussed above were
employed. For the current study, 200 iterations of 20 ordered
subsets were completed. The blob volume elements were
placed on a Cartesian, two-dimensional (2D) grid with spacing
g = 1.296 mm. The “standard” parameters for 2D blob-based
reconstruction were used {m=2,a/g=2.00, andα=10.826} [4].
After iterating, Eq. (1) was used to convert the blob weights
to discrete Cartesian pixels.

In modeling the source during reconstruction, two models
were used. The first, the “realistic reconstruction,” generated
a finite source of the same dimensions as were used in the
simulation model. For calculating the numerical integrations
using this finite source, the source was divided into 5× 5
sourcelets, equally spaced along the angled edge of the source.
The detectors were divided into 5× 5 detectorlets, equally
spaced in the transverse and longitudinal directions. The
second source model, the “ideal reconstruction,” computed
the numerical integrations using a point source (only one
sourcelet). In this second model, the detectors were divided
into 11× 11 detectorlets, in an attempt to partially compensate
for any possible effects of computing fewer line integrals for
each numerical integration.
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C. Reconstructed images of impulse phantom

We used the impulse phantom developed in Ref. [3] in order
to investigate the resolution properties of the reconstructed im-
ages. The impulse phantom, as can be see in the reconstructed
image of Fig. 3, was an elliptical phantom with an array of
point impulses of size 0.1 mm.

Figure 3. Reconstructed impulse phantom using realistic sinogram, realistic
reconstruction, andβ = 1.

Horizontal line profiles through the center of three sinogram
and reconstruction combinations are shown in Fig. 4. The
plot is zoomed on the three most peripheral impulses in the
reconstructed images. The purpose of this plot is to illustrate
the resolution differences between the three combinations in
the region where differences are most expected. The impulse
peaks in the realistic sinogram reconstructed with the realistic
model do not show large differences from the impulses in
the realistic sinogram reconstructed with the ideal model. The
reconstruction of the ideal sinogram with the ideal model–a
hypothetical best case scenario–shows considerably higher and
narrower peaks than the other two sinogram-model combina-
tions.

IV. D ISCUSSION ANDCONCLUSION

We have implemented a fully iterative image reconstruction
algorithm that models a finite source and finite detectors
by using a numerical integration model based on sourcelets,
detectorlets, and volume elements modeled with the Kaiser-
Bessel basis function. Our iterative reconstruction algorithm
updates using a modified image space reconstruction algo-
rithm which guarantees the positivity constraint will be met.
We generated independent simulation data using the Radonis
software package, and reconstructed an impulse phantom for
comparison of various simulation and reconstruction models.

By comparing profiles through the image reconstructions of
the realistic impulse phantom sinogram data for both the real-
istic reconstruction model and the ideal reconstruction model
(Fig. 4), we provisionally conclude that modeling the finite
spot size in a linearized iterative reconstruction method did
not have a large effect on the resolution of our reconstructed
image. However, it is important to note that we are still
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Figure 4. Horizontal line profiles through middle of reconstructed impulse
phantom, zoomed to the three most peripheral impulses, for the realistic
sinogram reconstructed with the realistic model (blue), the realistic sinogram
reconstructed with the ideal model (red), and the ideal sinogram reconstructed
with the ideal model (green). Due to slight normalization differences, the two
reconstructions using the ideal model have been shifted up by 0.0006 so that
all three reconstructions have similar background values. In the above data,
β = 1.

optimizing a few factors that would allow us to claim there
was negligible effect with greater confidence. These include
the effect that the Kaiser-Bessel blobs may have on resolution
and the effect of varying the smoothing parameterβ.

In order to achieve conclusive results, we will compare the
present results with those obtained when the anode size and
angulation effects are modeled in the transmitted intensity
domain. This is what we did using a sinogram restoration
strategy in Ref. [3], and we plan to implement a fully iterative
algorithm based on a similar imaging equation for comparison
with the current linearized model results.
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Abstract—Tomographic images offer accurate three-dimensional
(3D) structural information about coronary arteries. For a number
of practical considerations such as imaging time and radiation
dose, it is often desirable to obtain 3D coronary-artery images
from data acquired at a few views, i.e., less than 10 views.
In this case, analytic algorithms which generally require data
collected at a large number of projection views would yield
reconstructions with significant aliasing artifacts, while effective
optimization-based (i.e., iterative) algorithms may be designed that
exploit the sparsity of coronary-artery structures for improving
image quality. In this work, we have designed and investigated
optimization-based algorithms for image reconstruction from few-
view data and applied them to reconstructing coronary artery
images from both few-view simulation data and few-view real
data. In particular, the core algorithms are based upon constrained
minimization of image’s total-variation (TV) in combination of
an iterative hard-thresholding technique. Quantitative assessment
of image quality has been performed, and results of the study
appear to suggest that carefully designed optimization-based,
sparsity-exploiting algorithms can yield images with higher fidelity
than some of the existing, well-known algorithms. A potentially
significant implication of the work is that coronary-artery images
of practical utility may be obtained from highly sparse data,
thus minimizing radiation dose to the imaged subject and also
shortening imaging time.

I. I NTRODUCTION

Computed tomography (CT) can be used for obtaining accu-
rate three-dimensional (3D) coronary-artery structural informa-
tion that can significantly benefit a large number of preclinical
and clinical applications [1]. In a standard CT setting, a large
number (300-1000) of projections are typically acquired from
which images can be reconstructed by use of existing algo-
rithms. However, the collection of data at a large number of
views would not only prolong considerably imaging time but
also involve a substantial amount of radiation dose that can
induce potentially significant damage to the imaged subject.
It is therefore of high practical interest in obtaining accurate
reconstruction of coronary arteries from a very small number
of projections.

Conventional filtered backprojection (FBP)-based reconstruc-
tion algorithms assume a continuous imaging model, and there-

fore work well for data densely sampled at a large number
of projection views. When applied to few-view projections,
however, the algorithms yield images with obscuring aliasing
artifacts, largely due to insufficient angular sampling. On the
other hand, optimization-based algorithms that are based upon
a discrete imaging model can, in general, reconstruct images
with fewer aliasing artifacts than the FBP-based algorithms.
In particular, the optimization-based algorithms allow the in-
corporation of appropriate prior knowledge about the imaged
subject for constraining properties of the reconstructed images.
For example, optimization-based algorithms have been explored
in which the sparsity of coronary-artery structures has been used
as prior knowledge in reconstruction of coronary-artery images
from few-view projections [2], [3], [4].

In recent years, a great deal of work on optimization-based
algorithms has been reported in which the sparsity of images
or their transforms has been demonstrated to be potentially
useful for determining an underlying discrete function from its
sparse samples [5]. Inspired by the work, we have developed
optimization-based algorithms for reconstructing CT images
from cone-beam data collected at a small number of projection
views, which minimizes the image’s total variation (TV) subject
to data and other constraints [6], [7]. The TV algorithms have
been demonstrated to yield images of potential utility in some
CT applications involving real data acquired at a number of
views substantially lower than what are used in current CT
imaging procedures.

In this work, we design and apply optimization-based al-
gorithms specifically tailored to reconstructing coronary-artery
images from few-view projections by exploiting the image
sparsity. Specifically, we investigate and exploit the contrained
TV-minimization [5] and iterative hard thresholding (IHT) [8],
[9] techniques for efficient reconstruction of sparse images, and
evaluate the impact of some key parameters in the algorithms on
image quality. In our study, we consider the case where the chest
wall and soft-tissues are removed, and the underlying image
is comprised of vasculature structure only, which therefore is
itself a sparse spatial distribution. We employ a circular cone-
beam micro-CT geometry for generating simulated data in the
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Figure 1. Volume-rendered gold-standard images. Left: The FORBILD
numerical phantom. Right: The coronary artery specimen image reconstructed
by use of FDK from 721 real projections.

numerical phantom study and for acquiring real projections in
the real-data study. We also carry out a preliminary evaluation
study of the reconstruction results. For example, in addition
to visual assessment of image quality, we specifically designed
and computed a number of quantitative metrics to evaluate and
compare the quality of the reconstructed images.

II. M ATERIALS AND METHODS

A. Projection data

We generated simulated coronary-artery projection data from
the FORBILD phantom [10], [2] using a circular cone-beam
geometry, in which the source-to-detector distance was 61.0
cm, and the source-to-rotation-axis distance was 59.7 cm. Five
projections were obtained at angles uniformly distributed over
the 2π scanning range. The phantom consists of a 256× 256×
256 binary image array, and each cubic voxel represents a
physical size of 82µm. The detector was modeled as a 512
× 512-bin flat panel, with each bin measuring 41× 41 µm2.
We display the phantom image in Fig. 1(a), which served as
the ground truth for our simulation studies.

Real cone-beam projection data were acquired with a custom-
made micro-CT scanner [11] sharing the same source-to-
detector and source-to-rotation-axis distances. The key com-
ponents of the scanner included a spectroscopic x-ray source
emitting quasi-monoenergetic beam at approximately 18keV,
and a fluorescing thin crystal plate, which was imaged with a
lens onto a 2.5× 2.5cm, 1024× 1024-pixel CCD array operated
at 16-bit gray-scale resolution (Princeton Instruments, NJ). A
human coronary artery cast specimen was positioned close to
the crystal and was rotated in 721 equiangular steps around
360o between each x-ray exposure. We display a schematic
and a photograph of the scanner in Fig. 2, and show the FDK
reconstruction of the specimen from all 721 projections in Fig.
1(b). This full-view FDK reconstruction was used as the gold-
standard image for our real-data studies.

B. Optimization-based image reconstruction

We have developed optimization-based algorithms for recon-
structing the coronary artery images by exploiting the image
sparsity. The first algorithm is the IHT-POCS algorithm, which

Figure 2. The custom-made micro-CT system for data acquisition. Top: a
schematic of the system and its components; Bottom: a photograph of the actual
system.

employs POCS to minimize the data distance, while setting
a hard threshold at each iteration to enforce s-sparsity to the
image, i.e. keeping only the largest s voxels and setting the
rest to zero [9]. The sparsity parameter s is obtained from prior
knowledge about the underlying image. When s is chosen as
a large number, for instance, the total number of voxels in
the image array, the hard-thresholding has no effect and the
algorithm reduces to standard POCS. When we reduce the value
of s to an appropriate range, the hard-thresholding step helps
the algorithm to seek among all images in agreement of data an
image with only s non-zero voxels. However, s cannot be chosen
unrealistically small, as the algorithm will fail to effectively
minimize the data distance [9].

The second algorithm is the TV-minimization algorithm,
which exploits the sparsity of images in their gradient magnitude
representation. The algorithm minimizes the image TV by
steepest-descent while enforcing the data distance constraint
by POCS, and therefore seeks among all image candidates in
agreement with projection data the one with minimum TV [7].
Since real data are always contaminated by inconsistency from
physical factors such as noise, a data-error tolerance parameter
ǫ is introduced in the algorithm to relax the constraint.

The third algorithm combines IHT with TV-minimization,
and is thus named the IHT-TV algorithm. The algorithm seeks
an image with minimum TV among all images satisfying the
data-distance constraint and the s-sparsity requirement [9]. Both
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parametersǫ and s need to be selected appropriately based
upon prior knowledge about the image and the data, and the
selection of these parameters significantly impact the the final
reconstructed image.

III. R ESULTS

We first applied the IHT-POCS, TV-minimization, and IHT-
TV algorithms to reconstructing the coronary-artery phantom
image from simulated projection data. In Fig. 5 we display
the middle transverse slices of images reconstructed from 5
projections by running these algorithms for 200 iterations.
Also displayed are the ground-truth image as well as images
reconstructed by use of the standard FDK and POCS algorithms.
While little information about the coronary-artery structure
could be derived from the FDK reconstructed image, it appears
that the optimization-based algorithms are able to improve the
image quality by reducing some artifacts. In Fig. 4 we show
the reconstructed images obtained after running the algorithms
for 2000 iterations. It appears that the image quality is further
improved by some of the optimization-based algorithms. In
addition, quantitative assessment of the reconstructed image was
carried out, in which we calculated a number of image-based
metrics relative to the ground truth. We list in Tab. I the results
of two of these metrics, the Pearson correlation coefficient and
the root mean square error (RMSE), which suggest that the IHT-
TV algorithm yields an image closest to the original phantom.
Additional results involving other quantitative metrics will be
presented at the conference.

From the real data of the coronary artery specimen, we
formed two few-view data sets consisting of 5 and 9 projections,
respectively, uniformly distributed over the2π range. We then
reconstructed images from these two data sets by applying
the FDK and different optimization-based algorithms. In Figs.
5 and 6 we show the reconstructed images obtained after
200 iterations. Based upon image visualization and quantitative
assessement results in Tab. II, similar observations as in the
numerical phantom study can be made. Additional extensive
results of reconstructed images and quantitative evaluations will
be presented at the conference.

Table I
QUANTITATIVE COMPARIONS OF IMAGES RECONSTRUCTED BY DIFFERENT

ALGORITHMS FROM NUMERICAL PHANTOM DATA

Metrics # Iter. FDK POCS IHT-POCS TV IHT-TV
RMSE 200 32.7 5.5 5.6 5.0 4.8
(10−2cm−1) 2000 4.0 4.0 2.9 1.6
Corr. Coeff. 200 0.31 0.89 0.88 0.91 0.91

2000 0.94 0.94 0.97 0.99

IV. D ISCUSSION

We have investigated and developed optimization-based algo-
rithms for image reconstruction from few-view projections by
exploiting image sparsity, and we applied these algorithms to

Figure 3. Images at the middle transverse slice of the numericalphantom
reconstructed from 5 projections by use of different algorithms. From left to
right, top row: ground truth, FDK. Middle row: POCS, IHT-POCS. Bottom row:
TV-minimization, IHT-TV. Iterative results were obtained after 200 iterations.
Gray-scale window: [0,1]cm−1.

Figure 4. Images at the middle transverse slice of the numericalphantom
reconstructed from 5 projections by use of different algorithms. From left to
right, top row: POCS, IHT-POCS. Bottom row: TV-minimization, IHT-TV. All
images were obtained after 2000 iterations. Gray-scale window: [0,1]cm−1.

Table II
QUANTITATIVE COMPARIONS OF IMAGES RECONSTRUCTED BY DIFFERENT

ALGORITHMS FROM REAL SPECIMEN DATA

Metrics # Proj. FDK POCS IHT-POCS TV IHT-TV
RMSE 5 18.5 3.4 2.9 3.6 2.2
(10−2cm−1) 9 14.1 2.7 3.5 2.4 1.6
Corr. Coeff. 5 0.25 0.80 0.79 0.86 0.93

9 0.36 0.88 0.85 0.91 0.96
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Figure 5. Images at the middle transverse slice of the real coronary artery
specimen reconstructed from 5 projections by different algorithms. From left
to right, top row: ground truth, FDK. Middle row: POCS, IHT-POCS. Bottom
row: TV-minimization, IHT-TV. Gray-scale window: [0.05,0.6]cm−1.

Figure 6. Images at the middle transverse slice of the real coronary artery
specimen reconstructed from 9 projections by different algorithms. From left
to right, top row: ground truth, FDK. Middle row: POCS, IHT-POCS. Bottom
row: TV-minimization, IHT-TV. Gray-scale window: [0.05,0.6]cm−1.

reconstructing coronary artery images from both few-view sim-
ulated data and few-view real data. From the reconstructed im-
ages and the quantitative assessment results, it can be observed
that these optimization-based, sparsity-exploiting algorithms can
yield images with higher fidelity than some of the existing, well-
known algorithms. Since these algorithms may yield images
with practical utility from significantly reduced amount of data,
they have potential implications of shortening data-acquisition
time as well as minimizing radiation damage to the imaged

subject. These advantages may particularly benefit applications
such as longitudinal imaging and dynamic CT. We have carried
out additional, extensive studies on image reconstruction and
quantitative evaluation, which are not included here due to
page limit, and we will present these additional results at the
conference.
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I. INTRODUCTION 
LL modern commercial CT scanners are based on the 

third-generation architecture: x-rays are emitted from a 
single x-ray focal spot onto a large arc-shaped or area 
detector. Also the dual-source CT scanner uses essentially the 
same architecture but with (almost) duplicated x-ray tubes and 
detectors. We have recently developed a new distributed 
source technology, enabling a number of radically novel CT 
architectures, such as stationary CT [1], inverse geometry CT 
(IGCT) [2-7], and stationary X-ray tomosynthesis systems [8]. 
Motivated to further reduce patient radiation dose and to cover 
an organ-in-rotation without compromising image quality, we 
are performing an in-depth study of the IGCT concept and are 
developing a gantry-based IGCT research prototype. We have 
previously presented several IGCT reconstruction algorithms 
[9] as well as a mathematical framework for the virtual bowtie 
[10]. We also presented our gantry-based IGCT research 
prototype in earlier stages of development [3, 4, 6]. We now 
present the first rotating-gantry experimental IGCT results, as 
well as a high-level analysis of x-ray source power and image 
noise.   

II. SYSTEM OVERVIEW 
This IGCT research prototype – shown in Fig 1 – is 
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designed to demonstrate large volumetric z-coverage (about 
160mm) without cone-beam, without scatter artifacts and with 
good spatial resolution throughout the entire scan volume. The 
source has two rows of focal spots separated in z by 100mm. 
The design consists of four source modules, each with two 
rows of four focal spots, for a total of 32 focal spots. The 
corresponding in-plane field-of-view is about 22cm in 
diameter. Initial experiments were performed with only one 
source module for an in-plane field-of-view of about 7cm 
diameter. The gantry rotation speed is one revolution per 
second. 

 

Multisource inverse-geometry CT : progress 
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Fig. 1.  CAD drawings and picture of the multisource inverse-geometry 
research prototype. 
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III. EXPERIMENTAL RESULTS 
The first experiments were performed with stationary 

gantry and rotating phantom. Some of these first images are 
shown in Fig 2. The top left image shows a uniform acrylic 
cylinder mounted on the rotating stage. The top right image is 
a longitudinal reformat of a hollow plastic tube with acrylic 
balls taped to the outside for geometric calibration purposes. 
The bottom left image shows a spheres phantom with a hollow 
acrylic cylinder filled with a low-density foam and several 
acrylic spheres to study artifacts and spatial resolution. The 
bottom right image shows a plastic cylinder filled with trail 
mix. We plan to acquire the first sinograms with rotating 
gantry in March and we expect to show rotating-gantry 
images at the conference. 

 

 

IV. GANTRY BALANCING AND ROTATION 
The CT system consists of a large number of components 

mounted on a rotating gantry. The x-ray source was developed 

by this project. Most components are standard GE Healthcare 
VCT64 and CT750HD product scanner parts. The detector 
modules are GE Healthcare CT750HD modules but the 
detector itself was custom designed and built by this project. 
A number of mechanical fixtures and weight stacks were 
designed specifically for the IGCT research prototype. The 
weight stacks were positioned at  5 specific locations on the 
gantry. Initial balancing was performed analytically and used 
to define the position of the weight stacks and the nominal 
value of the weights. For a more refined balancing, the gantry 
was balanced experimentally using piezo-electric strain 
gauges attached to the gantry. Fig. 3 shows pictures of the 
rotating gantry taken at a 4.23s gantry rotation speed. Movies 
of various gantry rotation speed will be shown at the 
conference. 

 

V. MULTISOURCE X-RAY TUBE UPGRADE 
The source was initially tested with a single source module. 

This staged approach made it possible to validate the module 
and then replicate it to achieve a larger field-of-view. Fig 4 
shows a picture of the source with the original module 
mounted centrally inside the vacuum chamber. The bottom 
shows a CAD drawing of the source in its ultimate 
configuration including 2 rows of 16 spots. 

The other source modules are currently being 
manufactured. Fig 5 first shows a picture of two of the four 
copper anode blocks. The bottom left picture shows the 
tungsten target plates that will be brazed onto the copper 
anode block. The bottom right shows the focusing plates that 
are part of the cathode assemblies and are designed to focus 
the electron beams to its desired shape and size. 

By the time of the conference the integration of the 32-spot 
x-ray source should be complete and we will show pictures of 
the complete assembly as well as possibly some initial 
validation experiments. Imaging experiments with 32 focal 
spots are scheduled after the conference. 

Fig. 3.  Four consecutive frames of the gantry rotating at 4.23s per revolution 
for initial testing. 

 

Fig. 2.  (top left) Picture of a uniform acrylic cylinder mounted on the 
phantom rotator inside the multisource CT gantry. The detector active area is 
seen on top and the source window at the bottom. (top right) Longitudinal 
reformat of a geometric calibration phantom. (bottom left) First image of a 
cylindrical test phantoms with spheres for resolution and artifact 
measurement. (bottom right) Longitudinal reformat of the trail mix phantom.
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VI. FLUX AND IMAGE  NOISE ENTITLEMENT 
 The source power and therefore the image noise are limited 

by several factors. First, the dispenser cathode electron current 
is limited to about 1200mA without significantly degrading 
lifetime. This is certainly not a bottleneck in the current 
multispot x-ray source. Second, HV stability may limit the 
operation of the tube. In initial tests repeated discharges or 
“spits” occurred and formed the bottleneck on the power we 
could achieve so far. We plan to continue seasoning 
experiments to eliminate spits. The third and most 
fundamental limiting factor is the target temperature. The 
source power is ultimately limited by the melting temperature 
of tungsten. Assuming a cold target, 120kVp tube voltage, a 
1mm focal spot (4.62mm2 thermal area for a 12.5 degree 
target angle) and a 100us dwell time, to reach the melting 
temperature of tungsten the tube current in a single x-ray pulse 
would be 269mA. Beam current can be increased to about 
850mA for a single pulse with 10us dwell time.  However, for 
a 10s scan with hundreds of pulses per spot and a repeat time 

of 4.3ms the temperature in the focal spots and surrounding 
area will build up, and the maximum tube current is only 
157mA at 120kVp, 1mm focal spot and 100us dwell time. For 
even longer scan times, the bulk temperature of the source 
starts to rise and oil cooling becomes critical. We also expect 
active cooling would reduce the frequency of HV spits. Oil 
cooling is part of the design but its actual implementation is 
planned at the end of this project.   

 
For comparison, clinical scanners have tube currents of at 

least 500mA for this small focal spot size and rotation speeds 
of 0.35s. Our prototype has a rotation speed of 1s and a voxel 
duty cycle (fraction of time any given voxel is irradiated) of 
about 5%. Hence, the integrated flux would be 20 times lower 
with our research experiments or the noise standard deviation 
will be about 4 to 5 times higher. Experimentally we can 
compensate for this by performing slower scan times. 
Eventually, we foresee an IGCT scanner with reduced source-
to-iso distance, improved detector efficiency, reduced dwell 
times, increased detector size (to improve the voxel duty 
cycle) and use a combination of the virtual bowtie and 
statistical reconstruction to achieve acceptable clinical noise 
levels. 

 

VII. SUMMARY 
To our knowledge this is the world’s first rotating gantry 

multi-source inverse-geometry CT system. We have 
demonstrated multi-source imaging, gantry rotation and by the 
time of the conference we will have demonstrated the 
combination of both and completed the integration and initial 

Fig. 4.  (top) Picture of the source with the original module mounted centrally 
inside the vacuum chamber. (bottom) CAD drawing of the source in its 
ultimate configuration including 2 rows of 16 spots. 

 

 

Fig. 5.  (top)  Picture of two of the four copper anode blocks. (bottom left) 
Picture of the tungsten target plates that will be brazed onto the copper anode 
block. (bottom right) Picture of the focusing plates that are part of the cathode 
assemblies and are designed to focus the electron beams to its desired shape 
and size. 
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testing of a 32-spot x-ray source. 
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Abstract— In this paper, a (non-statistical) four-dimensional 
(4D) iterative reconstruction scheme is developed to improve 
noise characteristics and/or reduce radiation exposure in 
cardiac CT. In our implementation, the update equation of 
iterative reconstruction is based on Filtered Backprojection 
(FBP) and the solution is stabilized using nonlinear regulari-
zation priors, operating in four dimensions. Image volume 
datasets are sampled at adjacent temporal positions with 
respect to a central optimized cardiac phase. The regulari-
zation prior operates on a 4D cube surrounding each central 
voxel in 4D space. Generalized Gaussian Markov Random 
Field (GGMRF) priors are used to apply non-linear low-pass 
filtration to the update images, reducing image noise at the 
same time maintaining image sharpness. Using a local noise 
estimator the local noise level of the image volume can be 
accurately estimated to scale the regularization prior. Not only 
edges in spatial domain but also edges in temporal domain are 
preserved.  
Thus, the temporal resolution of image data is maintained, 
despite the usage of temporal data that substantially exceed 
the reconstruction range of a conventional cardiac recon-
struction. Consequently, the noise statistics is significantly 
improved, because non-correlated image data at different 
temporal positions are utilized. 
To reduce the high computational load, the iteration in 4D can 
be restricted to image space, the regularization operating as a 
mere iterative image filter followed by a conventional 3D 
iterative reconstruction.   
We demonstrate the potential of noise reduction on basis of 
clinical cardiac CT data. As an example, for cardiac dual 
source CT (DSCT) data, a noise reduction of 60% was 
achieved, while maintaining spatial and temporal image 
sharpness. Even in case of a very high, irregular heart beat 
with average heart rate of 115 beats per minute (bpm) the 
temporal resolution was fully restored. The potential for noise 
reduction can be utilized to effectively reduce radiation 
exposure at the same time maintaining image quality.  
 

Index-Terms: FBP-based iterative reconstruction, GGMRF, 
regularization prior, cone-beam cardiac CT, dual source CT 
(DSCT) 
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I. INTRODUCTION 
 
In cardiac CT, among others, high temporal resolution and 
low image noise are prerequisites for accurate diagnosis of 
coronary artery disease. In addition, cone and spiral 
artifacts might detoriate image quality, if detectors with 
large cone-angles are used.  
Moreover, cardiac scan modes apply high radiation dose to 
the patient, hence, any means to reduce the X-ray exposure 
to the patient is desirable. Basically, image noise can be 
reduced by increasing the tube current. Yet, at the same 
time this increases patient dose. Also, image noise can be 
reduced extending the range of the stream of projection data 
used for image reconstruction. However, by doing so the 
temporal resolution of the image is impaired, which might 
cause motion artifacts. In general, motion artifacts obscure 
a meaningful diagnosis of coronary disease. The question is 
how to improve the noise statistics of a cardiac image at 
constant radiation exposure and maintained temporal 
resolution?  In this paper we present a 4D iterative recon-
struction scheme to improve noise characteristics in cardiac 
CT. 
The reconstruction is based on Iterative Weighted Filtered 
Backprojection (I-WFBP) reconstruction. We have applied 
the iterative improvement scheme, illustrated in Fig. 1, to 
the non-exact WFBP method proposed by Stierstorfer et al. 
[1]. Basically the reconstruction is of the Feldkamp-type 
with pre-filtration of cone-beam data. In the helical 
acquisition mode at table speeds below the maximum 
redundant data are efficiently processed on purpose of 
optimal dose usage.  
To stabilize the solution and to improve the convergence of 
the iteration loop, regularization priors are used which are 
based on GGMRF functions [3]. Image sharpness can be 
preserved by virtue of non-quadratic prior functions.  The 
amount of noise reduction is controlled by the 
regularization strength and the number of iterations.  
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Fig. 1: Illustration of the Iterative Weighted Filtered 
Backprojection (I-WFBP) method. First, input data are rebinned 
to semi-parallel geometry. Given an initial image vector 

, a sequence of image vectors is generated by the 

update formula f

NRf ∈0
k+1 = fk + α·Q·(preb−Pfk). The matrices 

andNxMRQ ∈ MxNRP ∈ correspond to the WFBP method 
and a projection operator modelling the acquisition process, 
respectively.  
 
 

II. METHOD 

A. Iterative Weighted Filtered Backprojection (I-WFBP) 
 
Let N be the number of voxels of the image volume and M 
the total number of x-ray attenuation measurements. 
Furthermore, let  denote input data that have 
been rebinned to semi-parallel cone-beam data and 

 denote a vector representing the initial voxel 
volume, which is obtained by WFBP reconstruction. The 
update step of I-WFBP is then given by  

M
reb Rp ∈

NRf ∈0

 
(1)  )kfPrebp(Qkkfkf ⋅−⋅⋅+=+ α1

 
where Q is the reconstruction operator from the previous 
section and MxNRP ∈  is the projection operator. In this 
way, a sequence of voxel volumes {f0, f1, ...} is produced. 
Due to the pre-filtration of the rebinned projection data with 
a sharp convolution kernel, the point-spread function of the 
image signal is estimated and has not to be approximated by 
iteration. This substantially improves the convergence rate 
of the iteration. The second term on the right side of eq. (1) 
is called correction term and manages reduction of cone-
beam and spiral artifacts that are introduced by non-exact 
image reconstruction. Experiments have shown that only a 
few iterations are needed to obtain significant reduction of 
cone-and spiral artifacts. 

B. Regularization 
 
To stabilize the update image of eq. (1) a penalty term has 
to be added which imposes constraints on adjacent image 
pixels. Eq. (1) then reads as  
 

(2) 
 

)kf(Rk)kfPrebp(Qkkfkf ⋅−⋅−⋅⋅+=+ βα1

e.g. R being a regularization filter based on GGMRF priors  
[3]. This class of regularization priors is characterized by a 
range filter operating on the gradients of image grey scale 
values and a domain filter, which can be realized by the 
inverse distance of adjacent pixels in the simplest case (see 
eq. (4)). One class of range filters consists of potential 
functions that can be cast as follows:  
 

(3) )qp(

c

df

p
df

)df(V −
+

=

1

 

where df denotes the local image contrast. p and q are 
parameters satisfying 1 ≤ q ≤ p ≤ 2 for convex functions.  c 
is a local measure of image noise, which can be derived, 
minimizing local noise variances in the image volume. This 
class of regularization priors provides high flexibility in 
terms of adjusting contrast dependent image sharpness and 
image noise.  
Basically, the update equation (2) holds for a 3D voxel 
volume f. In this case the voxel volume in the k-th loop is 
obtained by the previous update and a weighted sum of the 
correction image and the regularization image.  
The regularization part can be written as: 

(4) ))j(kf)i(kf(
K

j df

dV
ijd

N

i ie)kf(R −∑
=

⋅⋅∑
=

=
11

 

Here, ei denotes the unit vector with a 1 at position 
)N,(i 1∈ voxels. K specifies the number of nodes adjacent 

to the momentary central voxel i. The central voxel is 
shifted through the entire image volume. 
 

C. 4D regularization in cardiac CT 
 
In cardiac CT redundant data acquisition is required, to 
potentially reconstruct volume data at different cardiac 
phases. For example in spiral acquisition modes, the feed 
has to be limited, such that for a given z-position any cardiac 
phase within the cardiac cycle can be reconstructed, leading 
to a high redundancy of measured data. Thus, it is possible 
to reconstruct image volumes at adjacent cardiac phases and 
extend the voxel volume to a 4D voxel volume fk (e.g. this 
volume can be organized by sequentially appending the 3D 

volumes  with l
kf )L,(l 1∈ , where L denotes the total 

number of adjacent temporal positions at which volume data 
have been reconstructed). Thus eq. (2) has to be extended: 
 

(5) 
 

)kf(DRk)l
kfPl

rebp(Qk
l
kf

l
kf 41 ⋅−⋅−⋅⋅+=+ βα

The regularization part can be combined to a 4D 
regularizer: 
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⋅
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Here, ei denotes the unit vector with a 1 at position 

voxels. K·L specifies the number of nodes 
adjacent to the momentary central voxel i. The central voxel 
is shifted through the entire 4D image volume f

)LN,(i ⋅∈ 1

k. 
The cube of nodes adjacent to a central voxel becomes a 4D 
cube extending also in temporal domain. Basically eq. (5) 
can be updated slice by slice, using the respective projection 
data for different cardiac phases. The correlation 
between cardiac phases and projection data is given by the 
ECG of the patient. 

l
rebp

However, the computation load in case of 4D cardiac CT 
data is very high. A way out of this is a two step approach. 
In a first step eq. (5) is modified to a mere image filter by 
setting the correction term to zero, i.e. . The 
update equation can be condensed and simplifies to  

kk ∀= 0α

 
(7)  )kf(DRkkfkf 41 ⋅−=+ β

 
We have to keep in mind that fk is a 4D image volume. This 
equation is updated in the vicinity of the selected (optimal) 
cardiac phase. Basically being a non-linear low-pass filter 
on 4D image data, the update equation does not converge. 
The stopping criterion has to be determined empirically. 
Due to the special type of non-linear regularization 
temporal and spatial edges can be preserved by a proper 
selection of the GGMRF prior. At the same time, noise 
characteristics can be substantially improved on homo-
geneous regions, due to the correlations induced to the 
noise in tissue with low contrast. The characteristic line as a 
function of image contrast depends on the choice of the 
GGMRF prior. 
After this first iteration we take that 3D image volume 
f̂ out of the 4D volume data that corresponds to the 

optimal cardiac phase. Thus, the iteration problem has been 
reduced by one dimension. Eq. (2) can be rewritten as  
 

(8) )kf̂(Rk)kf̂Prebp(Qkkf̂kf̂ ⋅−⋅−⋅⋅+=+ βα1
 

Under certain conditions (see [1]), the iteration converges. 
Consequently, due to the correction term 
 

)kf̂Prebp(Qk ⋅−⋅⋅α ,  
 
also cone-beam and spiral artifacts can be reduced.  
 

III. EVALUATION 
 
In the evaluation of our iterative reconstruction for cardiac 
cone-beam data, we concentrate on cardiac dual source CT 
(DSCT) data.  In DSCT two X-ray sources and two 

corresponding measurement systems are mounted on a CT 
gantry with a mechanical offset of 900. One detector (A) 
covers the entire scan field of view (SFOV), while the other 
detector (B) is restricted to a smaller, central field of view. 
Due to the simultaneous data acquisition and the 900 
angular offset, complementary data segments are measured 
resulting in reduction of exposure time per image by a 
factor of 2, and thus the temporal resolution is increased by 
the same factor. With a rotation time of the CT gantry of 
285 ms, a temporal resolution of 75 ms is established 
(method 1). To improve noise characteristics of the DSCT 
images, the reconstruction ranges of data from system A 
and B, respectively can be enlarged [4], however, 
compromising the temporal resolution (method 2, see 
Fig.2). As derived above, the iterative approach (method 3) 
utilizes the improved noise statistics due to the enlarged 
projection ranges going into the update equation (5), at the 
same time preserving contrast edges in space and time. Fig. 
3 shows an example from a patient with extremely high, 
irregular heart beat. Due to the reduced exposure time of 
DSCT, the Right Coronary Artery (RCA) is sharply 
delineated even at this high heart rate. Using method 2 with 
data ranges of length 1800 for both systems A and B, noise 
is actually reduced, but severe motion artifacts are 
observed, due to the doubled exposure time. Using method 
3, temporal resolution is maintained compared to method 1, 
as well reducing image noise substantially.  
Fig.4 shows a second example from a patient with a stable 
heart beat of average heart rate of 61 bpm. Both in the 
ascending aorta and in the liver, circular areas in homo-
genous regions have been evaluated regarding image noise. 
As expected, method 2 shows noise reduction near to a 
factor of √2 due to the double size reconstruction interval. 
The noise reduction for method 3 is between 45% in the 
aorta to 60% in the liver region.  The large noise reduction 
is by virtue of the 4D regularization procedure utilizing the 
non-correlated image data at adjacent cardiac phases. 
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Fig. 2 Temporal resolution and normalized image noise as a 
function of the reconstruction interval θ of detector A and B – 
data, respectively. Increased reconstruction interval decreases 
image noise at the same time increasing the exposure time of the 
image, and thus decreasing temporal resolution. 
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IV. CONCLUSION 
 
We presented a new reconstruction scheme for cardiac CT 
that enables the utilization of redundant cardiac data to 
improve the noise statistics without increasing the radiation 
exposure to the patient, at the same time maintaining 
temporal resolution. As an example, we addressed cardiac 
DSCT imaging. In DSCT one major claim is, that coronary 
artery disease can be diagnosed at any heart rate. However, 
e.g. in case of obese patients with high image noise, 
temporal resolution has to be sacrificed in favor of the 
capacity to decrease image noise. This would restrict the 
cardiac application of DSCT to moderate heart rates. 
However, with the new reconstruction scheme image noise 
can be reduced substantially (60%), while maintaining 
spatial resolution and temporal resolution. The huge 
potential for noise reduction can also be utilized for 
reduction of radiation exposure at constant image noise. 
The presented scheme not only applies to DSCT, but also to 
Single Source CT (SSCT). In any case, noise can 
substantially be reduced while maintaining the temporal 
resolution provided by the fast rotation time of today’s CT 
scanners. 
 

 
 
Fig. 3: Axial images at the RCA outlet reconstructed from a 
cardiac DSCT dataset. The patient showed a highly irregular 
ECG with an average heart rate of 115 bpm. (left) method1 

(reconstruction interval ): cardiac DSCT reconstruction 

with temporal resolution of 75 ms (middle) method2 ( ): 
cardiac DSCT reconstruction with temporal resolution of 150 ms 
(right) method 3: proposed iterative reconstruction with temporal 
resolution of 75 ms. The regularization prior was parameterized 
with p = 2, q = 1.2, . Please note that for this high 

heart rate, method 2 fails due to the severe motion artifacts in the 
proximal part of the RCA (arrow). 
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Fig. 4: Double oblique MPR images of a cardiac DSCT data set. 
The patient showed a regular ECG with an average heart rate of 
61 bpm. The initial FBP – reconstruction was performed using a 
conventional cardiac reconstruction kernel (B46f) (left bottom) 

method 1 ( ): temporal resolution of 75 ms (top) method2 

( ): temporal resolution of 150 ms (middle) method 3: 
proposed iterative reconstruction with temporal resolution of 75 
ms. The regularization prior was parameterized with p = 2, q = 
1.2, . Both in the ascending aorta and the liver, 

circular areas in homogenous regions have been evaluated with 
respect to image noise. As expected, method 2 shows noise 
reduction near to a factor of √2 due to the double size 
reconstruction interval. The noise reduction for method 3 was 
between 45% in the aorta and 60% in the liver region.  The large 
noise reduction is by virtue of the 4D regularization procedure 
utilizing the (non-correlated) image data at adjacent cardiac 
phases. 
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ECG-Gated Cardiac Reconstruction
for Non-Periodic Motion

Christopher Rohkohl, Günter Lauritsch, Lisa Biller and Joachim Hornegger

Abstract—The 3-D reconstruction of cardiac vasculature using
C-arm CT (rotational angiography) is an active and challenging
field of research. Current reconstruction algorithms do strongly
depend on a high degree of cardiac motion periodicity for
working properly. In the interventional environment patients
often do have arrhythmic heart signals or cannot hold breath
during the complete acquisition. This represents one important
class of clinical cases that cannot be reconstructed with current
approaches.

We present a motion compensated gated reconstruction algo-
rithm consisting of a 4-D time-continuous affine motion model
which is capable of reconstructing datasets with highly non-
periodic motion patterns. A time-correlated objective function
is introduced which measures the error between the measured
projection data and the dynamic forward projection of the motion
compensated gated reconstruction. Reconstruction results are
provided using the data of the open CAVAREV-platform. Further,
a clinical case of coronary arteries corrupted by breathing motion
is investigated. The results show that the proposed algorithm
provides excellent reconstruction quality in cases where classical
approaches achieve totally degraded image quality.

I. INTRODUCTION

A. Purpose of this Work

ONE key component of image guidance in the field
of interventional cardiology is three-dimensional image

information before, during and after interventional procedures.
Three-dimensional image data can support complex interven-
tional procedures, such as transcutaneous valve replacement,
interventional therapy of atrial fibrillation, implantation of
biventricular pacemakers and the assessment of myocardial
perfusion [1], [2].

With the technology of C-arm CT it is possible to recon-
struct intraprocedural 3-D images from angiographic projec-
tion data [3]. Currently, the major limitation of this technology
is its insufficient temporal resolution which limits the visual-
ization of fast moving parts of the heart. Due to the long
acquisition time of several seconds, at which a couple of heart
beats and breathing motion can occur, motion related image
artifacts, e.g. blurring or streaks are observed. Therefore it is
essential to develop algorithms that can cope with cardiac and
respiratory motion.

B. State-of-the-Art
An established technique for time-resolved cardiac recon-

struction is to record the electrocardiogram (ECG) during the

C. Rohkohl and J. Hornegger are with the Pattern Recognition Lab,
Department of Computer Science, Friedrich-Alexander-University Erlangen-
Nuremberg, Erlangen, Germany, Email: christopher.rohkohl@informatik.uni-
erlangen.de. G. Lauritsch and L. Biller are with the Siemens AG, Healthcare
Sector, Forchheim, Germany.

data acquisition. Based on the ECG-signal a relative cardiac
phase is assigned to each projection image assuming a cyclic
heart motion [4]. The phase information is used for a phase-
correlated reconstruction by gating or motion estimation and
compensation. A gated reconstruction takes only those images
into account that lie inside a defined phase window, that is
centered at the targeting cardiac phase to be reconstructed [5],
[6], [7], [8]. This is, however, not ideal in terms of missing
data for single-run acquisitions. The incomplete data leads to
streak artifacts and a poor signal-to-noise ratio. To increase
the data usage, the cardiac motion is estimated and motion
compensated reconstruction algorithms are applied [9], [5],
[10], [11].

The previous methods were shown to provide reasonable re-
sults in the presence of regular heart rates without breathing or
other patient motion. However, in the field of intraprocedural
cardiac reconstruction, the patients suffer from heart diseases
and cannot completely hold breath, stay still or have irregular
heart beats. Those aspects do conflict with the periodicity
assumption of ECG-based methods.

In literature these problems were addressed by approximate
2-D corrections in the projection image [12]. In a previous
work [13] we presented an algorithm that is able to estimate
4-D non-periodic motion patterns using a time-continuous B-
spline motion model. Both algorithms require an initial 3-
D reference image as a priori information. This reference
is easy to obtain for slight breathing motion or arrhythmic
cardiac motion by ECG-gated reconstruction. However, strong
breathing motion can make it impossible to obtain a sufficient
initial image. This weak point is to be solved in this paper.

C. Outline

In this paper a method for motion estimation and compensa-
tion of an ECG-gated reconstruction for non-cyclic motion pat-
terns is proposed. It is based on the assumption that breathing
motion and heart irregularities around a certain heart phase can
be assumed to be an affine motion. For that a time-continuous
affine motion model is introduced which is estimated in an
optimization procedure. The motion parameters are calculated
such that the similarity between the measured projection data
and the dynamic forward projection of the corresponding 3-D
reconstruction is maximized.

It is demonstrated that the algorithm is capable to estimate
cardiac motion and breathing motion for obtaining reasonable
reconstruction results of cardiac vasculature.
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II. AFFINE 4-D MOTION ESTIMATION AND
RECONSTRUCTION ALGORITHM

A. General Idea

The quality of ECG-gated reconstructions highly depends
on the periodicity of the motion. If the physical motion state
of the heart varies for the scanned heart beats, this poses a
problem for reconstruction algorithms that assume periodicity.
Two major sources of non-periodicity can be identified. First,
for varying heart rates, i.e. arrythmias, the ECG-phases cannot
be correlated exactly to a physical motion state of the heart
[4]. Furthermore, breathing motion adds a second motion
component leading to a non-periodic motion.

However, in previous investigations, e.g. by Shechter et al.
[14] it has been shown that heart phase variations and res-
piratory motion of cardiac vasculature can be modelled using
global transformations, i.e. rigid body transformations or affine
transformations. In the following sections an algorithm for the
estimation of such an affine motion between the different heart
beats is presented.

B. Affine 4-D Time-Continous Motion Model

We assume a time-continous motion model that maps
a voxel x = (x0, x1, x2)T to a new voxel location x ′

for each time when a projection image is acquired. It is
conceptionalized by a function M : N× R3 × S 7→ R3 with
M(i,x , s) = x ′ transforming the voxel coordinate x at the
time of the i-th projection image. The mapping is based on
the motion model paramters s ∈ S. In this work a global affine
motion model is used.

For that a set of time points is created. Each time point is
assigned 12 affine parameters that describe the affine transfor-
mation at that moment. The set of time points is determined
from the ECG-signal. We are choosing two time points per
heart beat. In particular it is the reference heart phase hr and
an additional phase hr +∆h. For both heart phases a nearest-
neighbor gating is performed, i.e. only the projection which
is closest to the desired point in the cardiac cycle for each
acquired heart beat is selected. For a heart phase h this set
of projection images is denoted Nh. The complete set L of
temporal control points is then given by

L = {1, N} ∪ Nhr ∪Nhr+∆h , (1)

where the number of projections ranges from 1 to N . The
first and last projection image is added such that no boundary
problems will occurre in the following.

The affine parameters s l ∈ R12 for a single time point
l ∈ L is a 12-element vector with the following components:
s l = (t0, t1, t2, α0, α1, α2, a0, a1, a2, b0, b1, b2)T , where ti
represents the translation along, αi the rotation around, ai the
scaling along and bi the shearing of the i-th coordinate axis.
The complete parameter vector s ∈ S, S = R12|L| is then
given by

s = (sL1 , . . . , sL|L|)
T (2)

with Li beeing the i-th smallest element of L.
For an arbitrary projection image i the affine transform

parameters s̃i are then obtained by temporal interpolation of

each component. In our work a cubic B-spline interpolation
[15] has been used.

The final motion model is then formally given by

M(i,x , s) = x ′ with As̃i

(
x
1

)
=
(
x ′

1

)
(3)

where As̃i
is the affine transformation matrix in homogenous

coordinates for the affine parameters s̃i. The creation of the
affine transformation matrix can be found in standard math or
computer vision literature, e.g. [16].

C. Motion Compensated ECG-Gated Reconstruction

1) Projection Image Preprocessing: For motion estimation
we are only interested in the motion of the cardiac vascula-
ture. Therefore we apply a background reduction technique
previously proposed by Hansis et al. [8]. By applying a
morphological top-hat filter the vasculature remains and the
background is removed to a large degree. In the following
this preprocessed projection data will be referred to by the
function p : N × R2 7→ R where p(i,u) returns the value of
the i-th preprocessed projection image at the pixel u .

2) Reconstruction Algorithm: For motion estimation and
correction a dynamic reconstruction algorithm f(x , s) is de-
fined. The function f returns the reconstructed object value
at a voxel x based on the motion model parameters s .
In principle, any dynamic reconstruction algorithm could be
used. In this paper, an extension of the FDK reconstruction
method for moving objets is utilized [5], [10]. The ECG-
gating is performed by applying a weighting factor λ to each
image which is calculated from the closeness to the reference
heart phase. The dynamic ECG-gated FDK reconstruction
fhr : R3 × S 7→ R is then given by

fhr(x , s) =∑
i λ(i, hr) · w(i,M(i,x , s)) · pF (i, A(i,M(i,x , s))) .(4)

The function w : N × R3 7→ R is the distance weight of
the FDK-formula. The pre-processed, filtered and redundancy
weighted projection data is accessed by the function pF : N×
R2 7→ R where pF (i,u) returns the value of the i-th image
at the pixel u . The pixel location u is determined by the
perspective projection A : N× R3 7→ R2, where A(i,x ) = u
maps a voxel x to a pixel location u in the i-th projection
image.

The function λ is a weighting function that is used for
obtaining an ECG-phase correlated reconstruction for the heart
phase hr ∈ [0, 1]. It is given by

λ(i, hr) =

{
cos β

(
d(h(i),hr)

ω π
)

if d(h(i), hr) ≤ ω
2

0 otherwise
(5)

where h(i) is the heart phase of the i-th projection image
and ω ∈ (0, 1] is the width of the non-zero support region
of the weighting function. The parameter β ∈ [0, inf) con-
trols the shape of the support region, e.g. a value of zero
corresponds to a rectangular shape [10]. The function d is a
distance function which measures the distance between two
motion phases. For a relative heart phase it is defined as
d(h1, h2) = minc∈{0,1,−1} |h1 − h2 + c|.
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D. Objective Function for Motion Estimation
Motion estimation is formulated as a multi-dimensional

optimization problem where the motion model parameters
ŝ ∈ S maximizing the objective function L : S 7→ R need
to be estimated, i.e.

ŝ = arg max
s∈S
L(s) , (6)

The objective function introduced in this paper is motivated
by the basic relationship of the motion compensated recon-
struction f with the measured projection data p. Maximum
intensity projections can be created from a reconstruction
f(x , s) by dynamic forward projection:

r(i,u , s) = max
x∈Li,u

fhr

(
M -1(i,x , s), s

)
. (7)

The function r : N× R2 × S→ R returns the dynamic max-
imum intensity forward projection of the ECG-gated and
motion compensated reconstruction fhr . The voxels on the
straight measurement ray Li,u of the i-th image hitting the
detector at pixel u are transformed by the inverse motion
model to consider the motion state observed at the projection
image i.

The matching of the measured and preprocessed data p
and the forward projected data r is assessed by computing
the average normalized cross-correlation (NCC). Formally, our
objective function is then given by:

L(s) = 1
ν

∑N
i

(
λ(i, hr)

∑
u

(p(i,u)−µpi
)(r(i,u,s)−µri,s

)

σpi
σri,s

)
(8)

with the normalizing factor ν = (Ip−1)
∑N
i λ(i, hr), Ip being

the number of image pixels u of a projection and µ, σ being
the mean and standard deviation of the subscripted image.

The value of the objective function ranges L(s) ∈ [−1, 1]
with the maximum value representing a perfect linear relation-
ship of the measured and forward projected data. The NCC
of the i-th projection image pair is weighted by the gating
function λ as it characterizes the influence on the dynamic
ECG-gated reconstruction.

E. Optimization Strategy
For maximization of Eq. (8) a stochastic gradient asscent

method is used. In each iteration one of the 12 affine param-
eters is selected with a certain probability. For initialization,
all parameters are assigned the same probability. The gradient
is computed using finite differences by varying the selected
parameter for all time points. Next, one step is taken into the
gradient direction with a fixed step size. The probability of
the parameter being selected in the next iteration, is set pro-
portional to the increase of cost function value. Optimization
stops after a certain number of iterations or if the convergence
ratio drops below a certain threshold.

This kind of stochastic selection of parameters for the
gradient-based optimization procedure has the benefit that it
picks out the most beneficial parameters. In that way a fast
convergence with as few as possible cost function evaluations
was found. This especially holds because mainly the non-
periodic parts of the motion are caused by translational or
rotational components which are preferred during optimization
if they gain a greater gain in objective function value.

F. Implementation Details

One evaluation of the objective function Eq. (8) comprises
an ECG-gated reconstruction, an ECG-gated forward projec-
tion and the computation of the quality measure. Each step
is very well parallelizable on the graphics card [17], [18].
The algoritm was implemented on the GPU using the CUDA
2.2 programming environment [19]. The backprojection of
the FDK-reconstruction and forward projection are based on
projection matrices. The affine matrix As̃i in Eq. (3) only
depends on the projection geometry and is independent from
the voxel location. This allows us to replace the voxel-
wise computation of the motion transform M by a right-
side multiplication of the projection matrix with the affine
transformation matrix. Consequently, no additional overhead is
introduced during forward or backward projection operations.

III. EXPERIMENTAL SETUP

A. CAVAREV-Platform

The proposed algorithm has been applied to one of the
datasets of the open CAVAREV-Platform [20]. It is an freely
available phantom dataset based on true patient dataset with
combined cardiac and breathing motion. The standard ECG-
gated reconstruction and the motion compensated reconstruc-
tion are visually compared. The number of iterations was set
to 300. The reconstruction parameters were set to hr = 0.95,
hr + ∆h = 0.45, ω = 0.25, β = 0. As a baseline, the same
dataset with a strictly periodic motion is reconstructed with
the same parameters. Image reconstruction is performed on an
image volume of 203 cm3 distributed on a 2563 voxel grid.

B. Clinical Data

The presented algorithm has been applied to the reconstruc-
tion of a right coronary artery dataset which was corrupted by
breathing motion because the patient ignored the breathing
command. The dataset was acquired on an Artis Zeego C-
arm systems (Siemens AG, Healthcare Sector, Forchheim,
Germany). It consists of N = 133 projection images acquired
in 5 seconds with a size of 960× 1240 pixels at an isotropic
resolution of 0.32 mm/pixel. The standard ECG-gated recon-
struction and the motion compensated reconstruction are visu-
ally compared. The number of iterations was set to 300. The
reconstruction parameters were set to hr = 0.7, hr+∆h = 0.2,
ω = 0.2, β = 0. Image reconstruction is performed on an
image volume of 203 cm3 distributed on a 2563 voxel grid.

IV. RESULTS AND DISCUSSION

A. CAVAREV-Platform

In Fig. 1 the reconstruction results are depicted. It can be
seen that the standard ECG-gated reconstruction leads to very
bad image quality for the non-periodic motion pattern. The
vasculature cannot be located in the resulting 3-D reconstruc-
tion. In contrast, the proposed method can fully recover the
vascular structure. The reconstruction quality is comparable to
the reference with a periodic motion.
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(a) Baseline (b) Standard (c) Proposed

Fig. 1: Reconstruction results for the dataset of the CAVAREV-
platform. (a) ECG-gated reconstruction for the strictly periodic
dataset as baseline. (b) ECG-gated 3-D image for the dataset
corrupted by breathing motion. (c) Result for the proposed
algorithm for the dataset corrupted by respiratory motion.

(a) Standard (b) Proposed

Fig. 2: Reconstruction results for the clinical dataset of the
coronary arteries.

B. Clinical Data

In Fig. 2 the reconstruction results are depicted. For the
clinical data similar results are obtained as for the CAVAREV
phantom study. The proposed algorithm outperforms the stan-
dard ECG-gating as it can successfully handle the non-periodic
motion pattern of the dataset.

The runtime for the presented setups was in average 20
minutes on a NVIDIA Quadro FX5600 graphics card.

V. CONCLUSIONS AND OUTLOOK

A major clinical challenge of C-arm based cardiac vascu-
lature reconstruction is non-periodic motion. In this paper a
framework for the ECG-gated 3-D reconstruction with affine
motion correction for non-cyclic motions has been introduced.
It is shown in a simulation study and on clinical datasets
that the method is able to perfectly reconstruct datasets where
classical approaches fail.

Disclaimer: The concepts and information presented in this paper
are based on research and are not commercially available.
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Development of a 4-D Digital Beating Heart Phantom  
with a Detailed Coronary Arterial Tree  

for C-arm and CT Angiography Simulation 
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Benjamin M.W. Tsui, Fellow IEEE 

 Abstract – With the continuous resolution improvement in 
C-arm and CT angiography, increasingly smaller blood 
vessels are being imaged. To study the advancement in 
hardware, algorithms, and methodologies, a 4-D digital 
heart phantom with fine details of coronary arterial tree is 
needed. In this paper, we developed a new 4-D digital 
beating heart phantom by combining a detailed computer 
generated coronary arterial tree with the anatomic and 
motion realistic 4-D XCAT heart phantom. To generate 
the coronary arterial tree, the proximal branches of the 
coronary arteries were first defined based on a set of gated 
CT images of a normal heart. Then, an iterative rule-
based algorithm based on anatomic, physiologic, and 
morphometric properties of the normal coronary arterial 
tree was used to extend the vasculature to cover the whole 
heart. The resulting vasculature was organized in a tree 
structure of arterial segments which had individual end 
points and radii. To superimpose the coronary arterial 
tree on the 4-D XCAT beating heart phantom, the 
locations of the end points of these arterial segments were 
spatially interpolated or extrapolated from the realistic 
motion vectors of the myocardium region of XCAT 
according to the time point of the specific frame. To apply 
the new 4-D digital heart phantom to x-ray imaging, an x-
ray projection simulator, which allowed flexible x-ray tube 
and detector settings, were employed to generate realistic 
projection data of the phantom. In this study, we 
simulated several C-arm coronary fluoroscopies of a 
contrast-enhanced coronary angiography of LAD, LCX, 
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and RCA in RAO and LAO projection positions, and 
rotational angiography. For each simulated fluoroscopy, 
thirty frames of projection images of one heart cycle were 
generated using flat panel detector, which were assessed 
and concluded that the images compared well with data 
from typical patient studies. In conclusion, the new 4-D 
digital beating heart phantom with a superimposed 
detailed coronary arterial tree is a unique tool allowing the 
generation of realistic x-ray projection data that mimic 
those from C-arm and CT angiography. It provides the 
exact status of anatomy and motion in simulation study to 
evaluate different scanning protocols and reconstruction 
algorithms.          

I. INTRODUCTION  
 
To evaluate and optimize the image reconstruction and 

scanning protocols of medical imaging systems, computer 
simulation has become one of the essential components to 
perform medical imaging research in both academic and 
industry. In CT imaging, the first sub-process of this computer 
simulation is the generation of projection data, which involves 
of applying a imaging process of certain geometry and physics 
settings on a mathematical or voxelized phantom. The main 
advantage of using digital phantoms in computer simulation 
studies is that the anatomy and physiological information of 
the phantom are exactly known, thus providing essential data 
to perform accurate and quantitative evaluation on medical 
imaging systems and image reconstruction algorithms. To 
have direct impact to produce significant practical value to 
actual clinical situation, it requires the phantom to be 
anatomically and physiologically realistic enough in 
comparing with the targeted patient and clinical conditions.      

With the continuous resolution improvement in C-arm 
and CT angiography, increasingly smaller blood vessels are 
being imaged. To study the advancement in hardware, 
algorithms, and methodologies through computer simulation 
studies, a 4-D digital heart phantom with fine details of 
coronary arterial tree is needed. In this paper, we developed a 
highly detailed coronary arterial tree and incorporate it into 
the beating heart model of the 4-D XCAT phantom [1] 
making it more applicable to C-arm and CT angiography 
imaging research, an area where the phantom can find great 
use to optimize and improve imaging techniques. 
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II. METHODS 

A. 4-D XCAT Heart Phantom 
The 4-D extended cardiac-torso (XCAT) phantom, a 

computer model of human anatomy and physiology that is 
both realistic and flexible, was previously developed in our 
laboratory [1] and has been under further improvement and 
extension in various aspects. In XCAT, non-uniform rational 
b-splines (NURBS) surfaces were used to construct the high 
level of anatomical details of the organ shapes. The XCAT 
was extended to four dimensions to model the cardiac and 
respiratory motions using 4-D cardiac-gated tagged MRI and 
multi-slice CT data and 4-D respiratory gated CT data 
respectively [2].  

Retrospective ECG-gated high-resolution dual-source CT 
[3] coronary angiographic image data of a contrast enhanced 
normal human heart was obtained from Siemens Healthcare. 
The end-diastole and end-systole phase of the DSCT data 
were used to define the anatomical details of the cardiac layers 
and the proximal branches of the coronary arterial tree as 
shown in Fig. 1. The motion vector fields of different phases 
in respect to end-diastolic heart were calculated from previous 
tagged MRI data and were depicted as in Fig. 2.    
 

 
(a) End-diastole        (b) End-systole 

Fig. 1. The XCAT heart phantom at end-diastole and end-
systole phases  

 

 
(a) 0.2 cardiac cycle   (b) 0.4 cardiac cycle 

 
(c) 0.6 cardiac cycle   (d) 0.8 cardiac cycle 

Fig. 2. The dense motion fields (in a transaxial plane) of the 
XCAT heart phantom at certain cardiac cycles after the end-

diastolic phase 

B. Computer Generated Coronary Arterial Tree 
B.1. Morphometry of Coronary Arterial Tree 

In Kassab’s statistical morphometric data [4], a diameter-
defined Strahler ordering scheme was employed to 
systematically define the orders or generations of the coronary 
artery segments. The arterial segments were categorized into 
non-overlapping diameter ranges, from the largest arteries, 
order 11, to the smallest precapillary arterioles, order 1. The 
diameters, lengths, and connectivity probabilities were defined 
for each vessel order of each main artery. Since the 
morphometric measurements were based on porcine hearts, 
the diameters and the lengths of vessel segment were required 
to be linearly and quadratically (power of 2) scaled 
respectively to nominal human coronary arteries 
measurements according to scaling laws.  

B.2. Fluid Dynamic Bifurcation Constraints 
The relationship between the flow rate through and 

diameter of a branch segment was defined as nQ Cd= , where 
Q is the flow rate, C is a constant that depends on the organ 
and the fluid, d is the diameter, and n, within the range 2 to 3, 
is a constant called the diameter exponent. Using this 
fundamental equation, the optimal branching angles of the 
daughter branches were then determined by the assumption of 
the minimization of shear stress for bifurcation as derived by 
Zamir [5]. 

B.3.Rule-based Generation Algorithm  
Given the morphometry of coronary arterial tree and fluid 

dynamic constraint for bifurcations, an iterative generation 
algorithm, which included self avoidance and boundary 
avoidance algorithms, was used to set of rules to guide the 
growth directions of the daughter branches at bifurcations. 
The details could be found in [6].  The rules were summarized 
as follows: 
1) two daughter branches are produced for each parent branch; 
2) the daughter branches lie in the branching plane; 
3) the flow rate of the parent branch is conserved after 

branching; 
4) the diameters of the daughter branches are statistically 

determined by the connectivity probability and nominal 
diameters of the morphometric data;   

5) the flow-dividing ratio and branching angles are determined 
by the diameters of the daughter branches; 

6) the branch length of a given order is determined statistically 
by “scaled” nominal length of the morphometric data; 

7) the larger branches (order 9 or larger) are confined to the 
epicardium layer and the smaller branches are allowed to 
penetrate into the myocardium layer; 

8) the combined branching vector is determined by the self 
avoidance and boundary avoidance algorithms; and 

9) the normal vector of the branching plane is calculated from 
the parent branch vector and the combined branching 
vector. 
The generation algorithm successively generated two 

daughter segments at each bifurcation as outlined above and 
iterated until the segments of largest six orders were 
constructed.  A coronary arterial tree model, including the 
LAD, LCX and RCA, was generated. The generated coronary 
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arterial tree including down to order 10, order 8, and order 6 
branches were displayed through the transparent ventricular 
wall in Fig. 3 (a), (b) and (c) respectively. The six largest 
order model of the coronary arterial tree, which had diameters 
down to 120μm, consisted of 3940, 1232, and 3902 segments 
for LAD, LCX, and RCA respectively.   

 

 
(a) Order 10 to 11 

 
(b) Order 8 to 11 

 
(c) Order 6 to 11 

Fig. 3. The computer generated coronary arterial at different 
levels of detail  

 

C. X-ray Projection Simulator  
An x-ray projection simulator, called CT project, was 

previously developed in our lab. It calculated attenuation ray 
sum directly from NURBS surfaces of XCAT phantom, which 
has the advantage to avoid alias artifact caused by voxelized 
phantom, especially in high spatial resolution projection data 
generation. The details of the implementation could be found 

in [1]. The simulator had the flexibility to set the x-ray source 
position and energy spectrum, the detector position and 
geometrical shape, and the geometry and speed of the 
trajectory.  
 

III. RESULTS AND DISCUSSIONS  
We generated a new digital phantom with the computer 

generated coronary arterial tree of over 9000 arterial segments 
and superimposed it on the XCAT cardiac phantom at end-
diastolic phase. By using the motion vector fields of XCAT 
phantom at different cardiac phase, the coronary arteries and 
the heart could be deformed to any cardiac phase by spatial 
and temporal interpolation. The digital phantoms at end-
diastolic and end-systolic phases were shown in Fig 4(a) and 
(b) respectively.  

We simulated three C-arm coronary fluoroscopies of a 
contrast-enhanced coronary angiography of LAD, LCX, and 
RCA in RAO and LAO projection positions, and rotational 
angiography. The tree was filled with the mixture of iodine 
contrast and blood. For each simulated fluoroscopy, thirty 
frames of projection images of one heart cycle were generated 
using flat panel detector geometry. The image sequences of 
the RAO, LAO and rotational angiography were depicted in 
Fig 5,   
 Fig 6, and Fig 7 respectively. For rotational angiography 
scan, we set the timing to one rotation per heart cycle. 
Attached gif animated 
  

 
(a) End-diastole         (b) End-systole 

Fig. 4. The new digital beating heart phantoms with a detailed 
coronary arterial tree at end-diastolic and end-systole phases 

 

 
Fig. 5. The image sequence of the simulated fluoroscopy in 

LAO projection position 
[Download animated gif at  http://dmip1.rad.jhmi.edu/~gskfung/CAT_LAO.gif ] 
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Fig. 6. The image sequence of the simulated fluoroscopy in 

RAO projection position 
[Download animated gif at  http://dmip1.rad.jhmi.edu/~gskfung/CAT_RAO.gif ] 

 

 
Fig. 7. The image sequence of the simulated fluoroscopy in 

rotational angiography 
[Download animated gif at  http://dmip1.rad.jhmi.edu/~gskfung/CAT_RA.gif ] 

 

 
(a) LCA in LAO  (b) LCA in RAO   (c) RCA in LAO 
Fig. 8. Some typical samples of coronary C-arm angiography  
 

The simulated flouroscopies were qualitatively assessed 
by two cardiac imaging experts and one C-arm angiography 
expert. In both RAO and LAO projections, all three experts 
agreed the right-dominant anatomy and the non-right 
deformation motion of the coronary arterial tree were realistic 
in comparing to typical coronary C-arm angiography. The 
orientation of the arteries and the projection overlap between 
the arterial branches could be clearly interpreted from the 
angiograms.  

The experts had a number of comments to further 
improve the realistic of the simulation: (1) there were no gaps 
at bifurcations; (2) the curvature of the arteries should be 
continuous; (3) surrounding background organs should be 
included; and (4) image noise at practical situations should be 
added. To address the above issues:  for (1) and (2), the spline 
curves, which pass through the bifurcation points and have 
variable diameters, will be used to model the anatomy of 
coronary arterial tree;  for (3),  the surrounding organs, such 
as spine, rib, lung, and liver, of XCAT phantom will be added; 

and for (4), the image noise can be added based on the mAs 
per projection. 

IV. CONCLUSION  
In conclusion, the new 4-D digital beating heart phantom 

with a superimposed detailed coronary arterial tree is a unique 
tool allowing the generation of realistic x-ray projection data 
that mimic those from C-arm and CT angiography. By 
applying image reconstruction algorithms to the generated 
projection data, in the form of rotational angiography or 
sonogram, we will perform further studies on CT angiography 
using the new phantom.  
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INTRODUCTION 

 
Clinical techniques to diagnose abnormal joint motion are 

highly subjective and have a high false positive rate [1]. 
Additionally, routine radiographic examinations are not 
capable of demonstrating dynamic instabilities [2]. This is a 
significant clinical problem, since individuals suffering from 
joint instabilities experience progressive degenerative disease 
that results in functional disabilities or osteoarthritis (OA) [3].  
However, if physicians are able to diagnose dynamic joint 
instabilities at an early stage, conservative or surgical 
intervention can restore normal function before the onset of 
arthritis or static deformities [4, 5]. 

Dynamic, three-dimensional (3D) measurements of joint 
kinematics have been shown to provide significant 
information regarding joint function [6, 7].  Biplanar 
fluoroscopy methods can accurately determine the 
arthrokinematics of articulations in real time for joints such as 
the hip, shoulder, and knee, where limited superposition of 
bone geometry occurs within the two-dimensional (2D) 
fluoroscopy images. However, radiographic superposition in 
joints such as the carpal bones of the wrist and the tarsal bones 
of the ankle precludes the application of this technique to 
these joints.  

In this paper, we will present novel imaging methodology 
using 4-dimensional (4D; 3D + time) CT techniques to detect 
subtle joint instabilities that can only be observed during joint 
motion.   Two separate dynamic CT imaging methods were 
investigated and image quality and radiation dose were 
assessed using cadaveric wrist joints.  Our results demonstrate 
that high spatial resolution and high temporal resolution 
images could be obtained for qualitative and quantitative joint 
dynamics analysis and pathology diagnosis. 

 
MATERIALS AND METHODS 

 
A. MOTION SIMULUTOR AND CADAVERIC SPECIMEN SETUP 

A custom motion simulator was fabricated to simulate 
radial-ulnar deviation at the wrist joint. We exposed the 
proximal ends of the radius and ulna bone in the cadaveric 
forearm and firmly mounted it to the device (Fig. 1). The hand 
was attached to an acrylic paddle via a single plastic screw 
through the 2nd intermetacarpal space, just proximal to the 
deep intermetacarpal ligament. Two linear slides under the 
paddle provided composite motions in the x and z-axes. A 

programmable stepper motor (connected to a laptop) produced 
belt-driven motion of the paddle in the x-axis, with free 
motion of the paddle in the z-axis, allowing the hand to 
perform periodic radioulnar motion through a maximum arc of 
30° (10° of radial deviation and 20° of ulnar deviation).  The 
wrist was programmed to move at 30 cpm [8, 9], representing 
a typical wrist motion speed [10].   

 
 
B. DYNAMIC 4D CT IMAGING PROTOCOLS 

Two separate dynamic 4D CT imaging methods were 
investigated to scan cadaveric wrist specimens: a 
retrospectively gated scan technique, and a non-gated 
sequential scan technique.  

The retrospectively gated technique is similar to the spiral 
cardiac scans with a small helical pitch.  Image slices 
corresponding to the same motion phase, while from different 
motion cycles, were retrospectively sorted together to form a 
3D volume of the moving joint at a specific phase.  4D data 
sets were obtained by reconstructing 3D volumes at different 
motion phases.  A programmable electronic trigger produced a 
periodic 10 ms voltage spike, which was synchronized to the 
motion profile of the stepper motor and used by the scanner’s 
ECG monitor for reconstruction of the retrospectively-gated 
4D CT [11].  We scanned the cadaveric wrist on a 64-slice CT 
scanner (Sensation 64, Siemens Healthcare, Forchheim, 
Germany).  Images were reconstructed using a partial scan 
reconstruction algorithm with a temporal resolution of 165 ms. 
Each motion phase was evaluated for overall image quality 
and for the presence of motion artifacts by two independent, 
blinded raters – a hand surgeon and a radiologist. 

Fig. 1.  Cadaveric wrist on a custom motion simulator. 
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Fig. 2. Images from phase 1 and phase 4 of the gated 4D CT data set, 

acquired during radial-ulnar deviation of the wrist.

Fig. 3.  Images at phase 3 (a) before and (b) after realignment. 

In the retrospectively gated technique, periodicity was 
required for joint motion which may not be perfectly 
maintained in in-vivo patient studies.  Therefore, we proposed 
a non-gated sequential scanning mode in which periodicity 
was not required.  The cadaveric wrist was imaged using a 
Siemens Definition FLASH scanner (Siemens Healthcare, 
Forchheim, Germany). In this mode, there was no table 
translation between successive scans.  Two seconds of data 
were acquired (one motion cycle). Scan parameters were 0.28 
second gantry rotation, 2 x 64 x 0.6 mm detector collimation 
(38.4 mm z-axis coverage), 140 kVp, and 200 mAs per 
rotation.  Twenty images were reconstructed over the 2 second 
cycle using the commercially implemented dual-source 
cardiac reconstruction algorithm. Reconstruction parameters 
were 75 ms temporal resolution, 150 mm scan FOV, 0.6 mm 
slice thickness for both  medium sharp (B40) and sharp (B70) 
reconstruction kernels.  3D images at each of 20 time points in 
the motion cycle were generated using volume rendering 
techniques (VRT) on the scanner’s image processing 
workstation.   

 
C. DOSE ESTIMATION AND REDUCTION 

 Skin dose was estimated for the non-gated sequential 
scans based upon CTDIvol obtained from the scanner console 
using the established relationship between skin dose and 
CTDIvol [12].  This estimated skin dose was compared with 
published thresholds for skin effects to determine whether 
deterministic effect is a concern.  To follow the ALARA 
guideline, we investigated dose reduction for the 4D scanning 
techniques by scanning the cadaveric wrist at different dose 
levels.  Image quality was evaluated at each dose level to 
determine the minimal dose at which the scans still had 
sufficient diagnostic image quality.  

 
RESULTS 

 
A. RETROSPECTIVELY GATED TECHNIQUE 

Excellent image quality was observed for motion phases 1 
and 4 (Fig. 2) and fair image quality for motion phases 2 and 3 
[13] due to band artifacts [14] and motion artifacts [15, 16].  
The distal scaphoid had a total displacement of 12.4 mm from 
motion phase 1 to 4 (20o ulnar deviation to 10o radial 
deviation) during half of the motion cycle (1 sec), yielding an 
average motion velocity of 12.4 mm/sec for a typical radial-
ulna wrist motion.  Our previous results regarding the 
relationship between motion velocity and image quality [17], 

and the improved temporal resolution of the new Flash CT 
system, indicate that gated dual-source 4D CT can image 
objects moving with velocities up to 44 mm/sec.  Therefore, 
4D CT using a dual-source Flash CT system can freeze joint 
motion in dynamic wrist examinations. However, band 
artifacts occur in gated 4D CT scanning [14] when motion is 
not perfectly periodic or not ideally synchronized to the CT 
acquisition.  The non-periodic motion leads to mismatch 
between scans from successive motion cycles, which 
corresponds to nearby slices in the longitudinal direction and 
presenting as band artifacts.  Band artifacts can be partially 
corrected by retrospective editing of the “ECG”-signal, 
provided that a clear object contour is visible in the image to 
assist with realignment (Fig. 3).  For in-vivo studies, patients 
with pathologies might have difficulty maintaining perfect 
periodic motion, which limits the wide application of this 
technique. 

 
B. NON-GATED SEQUENTIAL TECHNIQUE 

Carpal bones, distal radius and ulna, and joint spaces were 
clearly delineated in the VRT images, without motion blurring 
or banding artifacts, in all motion phases.  4D movies were 
generated from these 3D images to visualize the motion of 
each carpal bone and the change in joint spaces and contact 
areas throughout the motion cycle (movie file included in 
supplementary materials).  Using the workstation’s interactive 
visualization software, the carpal bones and joint motion can 
be visualized from any arbitrary view angle. Radiologists and 
clinicians can interactively select the best angle(s) with which 
to view any articulating structure.  For example, a palmar view 
can be used to show overall wrist motion for all carpal bones 
(Fig. 4a-c), while radial views can be used to evaluate 
scaphoid motion (Fig. 4d-f).  

Additionally, various surface opacities and color schemes 
can be applied, one of which generates a virtual radiograph at 
any arbitrary view from the CT data (Fig. 5). VRT images and 
movies from this cadaveric study were shown to an 
experienced hand surgeon for qualitative evaluation of image 
quality and joint motion.  Image quality was considered to be 
excellent and joint motion and articulating surfaces were 
clearly visualized.  These high spatial and temporal resolution 
3D images will be used to perform quantitative assessment of 
the joint motion.   
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Fig 4. Volume rendered images (top row: palmar view; bottom row: radial view) of cadaver wrist scanned with a 

dynamic scanning mode on a dual source CT scanner.  Images in ulnar deviation (A, D), neutral (B, E), and 
radial deviation (C, F) positions show individual carpal bones and joint spaces clearly in three dimensions. 
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Fig 5. Volume rendered images (top row, dorsal view) and virtual radiography images (bottom row) of the cadaveric wrist at 

radial deviation (A, D), neutral (B, E), and ulnar deviation positions (C, F).  

A BA B  
Fig 6. Volume rendered images of a cadaveric wrist acquired at skin doses of (A) 55 mGy and (B) 9 mGy. These data 

demonstrate the ability to dramatically decrease radiation dose without compromising the ability to clearly visualize the 
bones and joint spaces.  
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C. DOSE ESTIMATION 
The estimated skin dose in this preliminary study, with 

scanning parameters of 140 kVp, 200 mAs per rotation, and a 
2 second scan time, was about 55 mGy, which is a factor of 40 
lower than the minimum threshold for skin effects (2 Gy) [18]. 
Thus, no deterministic skin injury is possible. Potential cancer 
risk is similarly negligible because of the small exposure 
volume and insensitivity of the exposed tissues to radiation.  
Potential dose reduction techniques were evaluated and found 
to enable a factor of 6 reduction in dose (Fig. 6) 

 
DISCUSSIONS AND CONCLUSIONS 

 
One of the greatest problems facing clinicians evaluating 

patients with suspected joint instability is the lack of a reliable 
diagnostic tool. While static instabilities can be diagnosed 
using routine imaging techniques, dynamic instabilities do not 
demonstrate abnormalities on routine radiographic 
examinations, even though these patients continue to have 
disabling pain.  In this study, we have proposed two dynamic 
4D CT imaging methods to detect joint motion and validated 
our methods using a cadaveric wrist and a custom motion 
simulator.  The retrospectively gated method allows us to scan 
the whole joint with excellent image quality if the periodicity 
of joint motion is maintained.  However, the method suffers 
banding artifacts in the cases where the joint motion is not 
perfectly periodic.  The non-gated sequential technique, 
without the requirement of periodic motion, generates high 
spatial and high temporal resolution (75ms) images of the joint 
due to the two data acquisition systems on the dual source CT 
scanner.  Radiation dose from this technique is much lower 
than the threshold for any potential deterministic effect and the 
stochastic effect is extremely low due to the absence of critical 
organs.  One limitation of the non-gated technique is that the 
longitudinal coverage is limited by the detector size, which is 
close to 4 cm for this scanner.  However, this is sufficient for 
imaging of small joints, including the wrist and 
carpometacarpal joint.    
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