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Purpose: This article presents an iterative method for compensation of motion artifacts for slowly
rotating computed tomography (CT) systems. Patient’s motion introduces inconsistencies among
projections and yields severe reconstruction artifacts for free-breathing acquisitions. Streaks and
doubling of structures can appear and the resolution is limited by strong blurring.

Methods: The rationale of the proposed motion compensation method is to iteratively correct the
reconstructed image by first decomposing the perceived motion in projection space, then recon-
structing the motion artifacts in image space, and finally subtracting the artifacts from an initial
image. The initial image is reconstructed from the acquired data and might contain motion blur
artifacts but, nevertheless, is considered as a reference for estimating the reconstruction artifacts.
Results: Qualitative and quantitative figures are shown for experiments based on numerically
simulated projections of a sequence of clinical images resulting from a respiratory-gated helical CT
acquisition. The border of the diaphragm becomes progressively sharper and the contrast improves
for small structures in the lungs.

Conclusions: The originality of the technique stems from the fact that the patient motion is not
explicitly estimated but the motion artifacts are reconstructed in image space. This approach could
provide sharp static anatomical images on interventional C-arm systems or on slowly rotating X-ray

equipments in radiotherapy. © 2009 American Association of Physicists in Medicine.
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I. INTRODUCTION

X-ray transmission computed tomography (CT) reconstructs
a volumetric attenuation image from several radiographies of
a static object. Digital radiographs are taken at different ori-
entations during a sequential data acquisition phase. Raw
data contains measured intensities, proportional to the num-
ber of photons that were not absorbed during their transport
through the object lying between the focus point and the
detector. Knowing the initial emitted intensity, the input data
are converted to digital tomographic projections that sample
line integrals through the object.

If the observed object remains static during the acquisi-
tion, then the projections are consistent and a reconstruction
from the line integrals is possible in the field of view
(FOV).! In medical applications, especially with slow cone-
beam CT devices,2 the observed object is alive and is there-
fore never completely static. With open-gantry CT systems, a
full rotation can last for several seconds up to about one
minute, and often the patient is unable to hold his breath
during the whole acquisition. Therefore, the motion of or-
gans during the exposition has to be taken into account.

If breathing occurs during the acquisition, the diaphragm

5323 Med. Phys. 36 (11), November 2009

0094-2405/2009/36(11)/5323/8/$25.00

contracts and pulls down the organs to enlarge the thoracic
volume. The organ motion is space variant, roughly periodic,
and mainly axial. In particular, organs can move inside and
outside the FOV during the acquisition. Therefore, the mea-
sured line integrals are strongly biased and the input projec-
tions are inconsistent.

Early approaches to avoid data inconsistencies have been
to use a fast rotation speed of the gamtry3 or to adapt the
rotation speed4’5 for each specific imaging application. How-
ever, the acquisition time on radiotherapy and interventional
C-arm systems is slower than that on diagnostic closed-
gantry CT scanners and the inconsistency of the acquired
data is an unavoidable problem. Prospective respiratory gat-
ing schemes can be used to acquire only projections that
correspond to a given motion state,® while retrospective gat-
ing allows the reconstruction of an image for each motion
state of the breathing cycle.7 As a drawback, methods based
on gating make the strong assumption that the patient motion
is periodic.

Another approach is incorporating a description of the
motion in the image reconstruction algorithm. Several exact
motion-compensated reconstruction algorithms of increasing
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FiG. 1. Example of decomposition of line integral differences (D) between an acquired projection (P) and a reference projection (P,) computed for the first
iteration. Either the positive (Df) or negative (Dy) parts of differences (D) will be reconstructed to estimate the motion artifacts in image space. The
consequences of motion are very apparent at the border of the diaphragm. In (Dy), (Dj), and (Dj), gray corresponds to zero, while brighter and darker values
correspond to negative and positive differences, respectively.

complexity have been proposed for various classes of
deformations.® ™! However, the motion information needs to
be measured or estimated from the data before reconstruc-
tion. Many authors proposed to use a priori information to
estimate the patient motion, such as a gated 4D dynamic
image12 or a diagnostic 3D static image.13

Alternative solutions based on precorrection of input pro-
jection data exist to handle nonperiodic motion in CT. The
correction is applied prior to reconstruction by resampling
the data after estimating the motion in projection space14 or
by modifying the values of line integrals to ensure data con-
sistency conditions. Therefore, those methods allow using
standard image reconstruction algorithms; however, they are
dedicated to capture only smooth motion'” or a limited class
of deformations such as global translations'® or rigid body
motion."” Furthermore, the resampling step introduces some
additional blurring and aliasing artifacts in the projection
data.'®

In contrast to the existing approaches, this work proposes
an iterative motion compensation technique that leaves the
input data untouched but aims to correct the output recon-
structed image. The advantage is that the algorithm provides
very quickly an early reconstructed image and the image
quality of this initial reconstruction is progressively improv-
ing from iteration to iteration. The instant feedback feature is
crucial for using CT protocols on C-arm systems during in-
terventions and is helpful for patient positioning in
radiotherapy. 19
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The rationale of the method is to correct the reconstructed
image by first extracting the motion artifacts in projection
space, then reconstructing the artifacts in image space, and
finally subtracting the artifacts from the original reconstruc-
tion without any motion compensation. This technical ap-
proach was inspired by the two-pass algorithm for cone-
beam reconstruction proposed by Hsieh,? while the principle
of motion detection from the difference between line inte-
grals was first proposed by Lin®' and studied further by Lin-
ney and Gregson.22

Il. METHOD

The iterative nature of the technique exploits the fact that
the forward projection is the inverse of the image reconstruc-
tion. Therefore, if one samples line integrals through the re-
constructed image, then the resulting reference projections
should match the acquired projections. However, if the ac-
quired projections are inconsistent, the reconstructed image
will be corrupted by motion artifacts. In this case, sampled
reference projections will not match the acquired projections.

The iterative image correction works as follows. First,
difference projections are computed by subtracting reference
projections from the acquired projections and the differences
are decomposed into positive and negative parts. Then, the
artifacts are reconstructed in image space from either the
positive or the negative part of the decomposition. Finally,
the artifacts are subtracted from the initial image, improving

I (B-spline)

FIG. 2. Close-up views of 64 X 64 pixels showing the spine in a transversal slice of the initial FBP image (Iy) and the corrected images (3). The spine is a
mainly static region and is already sharply reconstructed in the initial FBP image. Strong blurring is introduced when using linear interpolation while the
sharpness is preserved with cubic B-spline interpolation. Image interpolation is used for sampling forward projections from volumetric digital images.
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F1G. 3. Impact of the apodization on the correction image C;;, computed from the negative part of line integral differences, at the third iteration. The noisy
streaks present in the raw reconstructed correction image are removed by the smoothstep function plotted on the right. The smooth apodization prevents the
accumulation of numerical errors in the corrected image. The window width of difference images is 100 HU.

its quality. Note that the decomposition of differences is a
mandatory step that leads to convergence to a corrected im-
age. If one simply reconstructs the difference projections, the
negative errors counterbalance the positive errors and the
result is an empty image, filled with zero values.

This work considers parallel-beam geometry for which
exact analytical image reconstruction is possible for circular
trajectories. The aim is to distinguish the reconstruction arti-
facts due to patient’s motion from the possible cone-beam
artifacts that are typically introduced by the approximate
FDK (Ref. 23) reconstruction method. For application in
cone-beam geometry, the method can be combined naturally
with the related approach of two-pass correction of cone-
beam artifacts.”” The assessment of image improvements
with cone-beam geometry will be tackled in future work.

Transversal

Coronal

Il.LA. Notations

Consider P, the set of projections acquired for a full
circular trajectory. The reconstruction from P gives the
initial image Iy=fbp(P), where fbp(-) is the
ﬁltered-backprojection1 (FBP) image reconstruction operator.
If the projections P are inconsistent, then the reconstructed
image [ is corrupted by artifacts and the forward projections
Po=fp(l,) do not match the acquired data P. The forward
projection operator fp(-) is the inverse of the image recon-
struction operator fbp(-).

The set of difference projections Dy=P—P, is computed
and differences are decomposed into a positive part Dj and a
negative part D such that Dy=D+ Dy and two correction
images Cy=fbp(D;) and Cy=fbp(D;) are reconstructed

FIG. 4. Transversal slice number 40 and central coronal views of the selected frames 1, 6, 11, 16, 21, 26, 31, and 36 of a respiratory-gated helical CT
acquisition. The study covered an axial length of 27 cm with a 35 cm FOV. The first four and second four columns correspond to inhalation and exhalation,
respectively. Pulled by contraction of the thoracic diaphragm, organs move out of the selected slice during inhalation.
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FiG. 5. Transversal slice number 40 and coronal central views of the initial FBP reconstruction and the corrected images after one, two, and three iterations.
In the first two rows, the corrected image converges toward the motion state at begin-inhale (end-exhale) when correcting with the positive part of differences.
In the last two rows, the corrected image converges toward the motion state at end-inhale (begin-exhale) when correcting with the negative part of differences.

The white squares show boundaries of the close-up views shown in Fig. 6.

from each part of the decomposition. Figure 1 shows the
decomposition of the line integrals differences for a typical
pair of projections.

The images C; and C, are approximations of the recon-
struction artifacts due to, respectively, over- and underesti-
mation of line integrals when reconstructing an image from
the acquired data P. The reconstructed artifacts C{; or C;, can
be subtracted in image space from the initial image /,,, giving
the corrected images I7=1Iy—C{ and I7=I,—C,. Note that
even if the decomposed part of line integral differences are
all positive or negative, the reconstructed correction images
can contain both positive and negative values.

The correction scheme is iterated, while considering ei-
ther I7 or I as initial image and improving the correction by
reconstructing and subtracting a new correction image C| or
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C;. A partially corrected initial image provides a more reli-
able reference of an artifact-free reconstruction and the esti-
mation of the remaining artifacts will be improved. The two
suites of corrected images are I},,=1,—C; and I,,=1,-C;,
with i=0. The method is a generalization of regular image
reconstruction algorithms since the initial image is recon-
structed from the acquired data without any compensation.

It is interesting to observe that fbp(P)=fbp(P,) =1, so up
to numerical inaccuracies, the two sets of projections P and
P, reconstruct the very same image, although P # P. Fur-
thermore, P, is always a consistent set of reference projec-
tions but the acquired projections P are consistent only if the
inverse of the reconstruction exactly matches the acquired
data, hence if Dy=0. If the acquired projections P are incon-
sistent, then Dy # 0 but still fbp(Dy)=0.



5327

Iy

Iy

Coronal

Coronal

Schretter, Rose, and Bertram: Image-based iterative compensation of motion artifacts in CT

5327

Iy

FiG. 6. Close-up views of 64 X 64 pixels showing the diaphragm border in coronal central views of the initial FBP reconstruction and the corrected images
after one, two, and three iterations. Those views are extracted from images in Fig. 5. When correcting with the negative part of differences, the motion blur
artifacts are progressively removed as shown by the difference images of the second row. The reference frame F,; comes from the dynamic phantom shown
in Fig. 4. Since the patient motion is represented by 40 successive images, frame 21 corresponds to the time point in the middle of the respiratory cycle.

II.B. Accuracy issues

The central idea of the method is that the perceived mo-
tion is isolated in projection space by computing the differ-
ence between the acquired data and the reference data,
sampled from a previously reconstructed image. The differ-
ences are decomposed and reconstructed by a standard FBP
method. The reconstruction uses the very same geometry as
the acquired data to obtain an image that is perfectly regis-
tered with the initial reconstruction. Unfortunately, the accu-
racy of the reconstructed motion artifacts is limited by two
main factors explained below.
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First, the forward projection operation that inverses the
image reconstruction operation is implemented by sampling
line integrals through a digital image and so the accuracy of
the line integral calculation depends on the image interpola-
tion method. Inaccurate image interpolation will introduce
aliasing and smoothing or ringing artifacts in the correction
images.24

Second, the images are reconstructed from a finite number
of projections and this inevitably introduces small numerical
inaccuracies and streaks in image space. Moreover, the set of
the acquired line integrals is not guaranteed to be consistent

Initial image ——
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30

VA

20
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40

FiG. 7. Quantitative analyses of images for the initial FBP reconstructed image and corrected images after one, two, and three iterations when the correction
is applied from the positive (left) and negative (right) part of the decomposed differences. The plots show the MAE in HU between the reconstructed image
and each of the original 40 gates shown in Fig. 4. The analysis considers only voxels in regions significantly compensated after the first iteration.
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FiG. 8. Analysis of the convergence toward one specific motion state. The
“pos” curve plots the MAE in HU between F; and the corrected image I
obtained after iteration i € [0,20]. The reference frame F, corresponds to
the motion state at the beginning of exhalation. The “neg” curve plots the

MAE between F,; and the corrected image /; obtained after iteration

i €[0,20]. The reference frame F,, corresponds to the motion state at the
beginning of inhalation. In both cases, a reduction of 50% in terms of the
mean absolute error can be observed already after the fourth iteration.

and so the differences can be inconsistent too. Therefore,
large streaks might appear in the reconstruction of the cor-
rection image itself.

To improve the accuracy of forward projections, the
implementation of image interpolation relies on cubic
B-spline interpolation, as suggested by Thevenaz et al.®
This method has been demonstrated to limit significantly
both aliasing and smoothing, in comparison to the classical
linear and cubic interpolation schemes. The impact on image
sharpness when using the higher order cubic B-spline inter-
polation instead of the simpler linear interpolation during
forward projections can be seen in Fig. 2.

Transversal

Coronal

In addition, the residual numerical errors are eliminated
by smoothly apodizing the reconstructed values that are
close to zero in the correction images. This regularization
leaves the sharp static parts of the initial image untouched,
yielding local correction of reconstruction artifacts. The
apodization is implemented by multiplying the values of the
correction images with the smoothstep function defined by

0 ifr<a

smoothstep(a,b,t) =9 1 ift>b

3x2-2xx=(t—a)/(b-a) otherwise,

where a=0 Hounsfield units (HU) and »=30 HU in the ex-
periments and the parameter 7 is set to the absolute value of
image elements.

In fact, the smoothstep function interpolates smoothly be-
tween 0 and 1 with a cubic Hermite polynomial. A plot of the
interpolation curve and a demonstration of the benefit of the
apodization on the quality of a reconstructed correction im-
age can be seen in Fig. 3.

The optimal choice for the threshold b can be evaluated
experimentally. Indeed, if no motion occurs during acquisi-
tion, the forward projections of the reconstructed image
should match the acquired projections, hence the differences
should be equal to zero in ideal case. However, the differ-
ences are not zero, in practice, because the reconstruction
uses a limited number of projections and various discretiza-
tion as well as numerical errors are transferred to the
sampled projections. By measuring the standard deviation of
the error distribution, a suitable value for b can be chosen in
a principled way.

FiG. 9. Side-by-side comparisons of the two possible image correction scenarios. The corrected images are shown after 20 iterations of the iterative motion
compensation framework. As suggested by the analyses in Fig. 7, the images get closer to one of the two extreme motion states: The beginning of exhalation
(F,) where the diaphragm is low or the beginning of inhalation (F,;) where the diaphragm is high.
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FiG. 10. Transversal slice number 40 and coronal central views of the two selected frames F; and F,; of the dynamic phantom compared to the initial FBP
image /, and the two corrected images I3, and I, obtained after 20 iterations. F corresponds to the start of exhalation (full inspiration) motion state. Fy,
corresponds to the other extreme start of inhalation (full exhalation) motion state. The differences are significantly reduced with motion compensation.

lll. RESULTS

In this paper, all slices are extracted from volumetric im-
ages represented by a Cartesian grid of 256 X 256 X 198 iso-
tropic voxels of size equal to 1.36 mm. Black is set to the
attenuation of air and the window width equals 2000 HU
such that gray corresponds to the attenuation of water. The
window of difference images is centered to zero and the
window width is also set to 2000 HU.

To simulate a motion-corrupted acquisition, a set of 1024
parallel-beam projections was numerically simulated from a
dynamic free-breathing phantom for one full rotation with a
circular trajectory. Experiments consider parallel-beam ge-
ometry for which exact analytical image reconstruction is
possible for circular trajectories. Since the technique is inde-
pendent of the specific detector geometry and source trajec-
tory, it can be applied on fan-beam geometry without any
change. However, a parallel-beam setup has been preferred
because a previous implementation was available and image
reconstruction in this simpler geometry suffers less from
typical aliasing artifacts that arise in divergent ray
geometries.

The forward projection relies on the approximation of line
integrals through the digital image using a fast ray-tracing
algorithm.26 The acquisition time was 12 s, matching the
typical rotation speed of a C-arm system. This experiment
validates the method on a worst case scenario when the pa-
tient moves during the whole acquisition instead of holding
the breath. Although the simulated breathing motion is natu-
rally periodic, only about 3 cycles can be observed for 12 s.

Selected transversal and coronal slices from the dynamic
phantom are shown in Fig. 4. The phantom is based on a
sequence of 40 frames reconstructed from a respiratory-gated
helical CT acquisition. The speed of the CT gantry was
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0.444 s per rotation. The duration of the acquisition was
93.3 s during which 26 breathing cycles were observed. The
mean time per cycle was 3.6 s. Images still contain some
blurring due to helical artifacts and residual motion within
each gate of the breathing cycle.

The initial FBP reconstruction and the corrected images
after one, two, and three iterations are shown in Fig. 5. The
strong reconstruction artifacts due to inconsistencies among
projections can be seen in the initial FBP images of the first
column. The liver and stomach appear to be semitransparent
in the transversal view. As can be seen in the selected
close-up window in Fig. 6, the resolution is limited by strong
blurring. When using motion correction, the image quality
improves progressively with the number of iterations for
some of the frames of the dynamic phantom.

Figure 7 shows quantitative analyses of the reconstructed
volumetric image. As the number of iterations increases, the
algorithm converges to a particular motion state. The mean
absolute error (MAE) with respect to frames close to this
optimum motion state decreases with the number of itera-
tions. The plots in Fig. 8 demonstrate the early convergence
of the method. After only four iterations, a significant im-
provement in mean absolute error of over 50% can be appre-
ciated. The analyses only consider voxels that belongs to a
region of interest (ROT) which is the collection of voxels that
are significantly compensated after the first iteration. A voxel
belongs to the ROLI if its absolute value of correction exceeds
100 HU.

One of the two extreme motion states (where the dia-
phragm is the lower or the highest) is selected as an
asymptotic state of the iterative framework. The convergence
depends on the choice of the positive or negative part of the
difference projections. Indeed, when the diaphragm is low
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(high), then the lungs are filled (empty) and the total mass of
the reconstructed image is minimized (maximized). In Fig. 9,
side-by-side comparisons of images obtained after conver-
gence (after 20 iterations) illustrate the end results of the
experiment with the two possible image correction scenarios.
Image quality improvements can be assessed visually from
the difference images in Fig. 10.

IV. CONCLUSION

This paper presents a novel compensation algorithm for
artifacts due to inconsistencies among projections in static
tomographic image reconstruction. The performance of the
method is assessed for correction of motion artifacts result-
ing from a simulated free-breathing acquisition with a slow
circular trajectory. In contrast to existing approaches, the
projection data are left untouched and the time-dependent
deformation is not explicitly modelled, nor estimated. In-
stead, the perceived motion is extracted in projection space
from the difference between the acquired and the reference
projections, sampled from the image reconstructed in a pre-
vious iteration step. Then, the artifacts are reconstructed in
image space and subtracted from an initial reconstruction.

Data inconsistencies are assumed to be caused by organ
motion and the reconstruction of artifacts is progressively
refined by the iterative scheme. Since no periodicity of the
motion is assumed, the technique could also be applied on
breath-hold acquisitions to compensate for unstructured
movements such as digestive contractions, breath-hold fail-
ures, or nervous shaking. Compensation for those kinds of
movements may provide a way to further improve the quality
of soft tissue images with slowly rotating CT devices, such
as interventional C-arm or x-ray imaging systems mounted
on linear accelerators for radiotherapy.
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