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Purpose: Computed tomography (CT) and, in particular, cone beam CT (CBCT) have been
increasingly used as a diagnostic tool in recent years. Patient motion during acquisition is common in
CBCT due to long scan times. This results in degraded image quality and may potentially increase
the number of retakes. Our aim was to develop a marker-free iterative motion correction algorithm
that works on the projection images and is suitable for local tomography.
Methods: We present an iterative motion correction algorithm that allows the patient’s motion to be
detected and taken into account during reconstruction. The core of our method is a fast GPU-acceler-
ated three-dimensional reconstruction algorithm. Assuming rigid motion, motion correction is per-
formed by minimizing a pixel-wise cost function between all captured x-ray images and
parameterized projections of the reconstructed volume.
Results: Our method is marker-free and requires only projection images. Furthermore, it can deal
with local tomography data. We demonstrate the effectiveness of our approach on both simulated and
real motion-beset patient images. The results show that our new motion correction algorithm leads to
accurate reconstructions with sharper edges, better contrasts and more detail.
Conclusions: The presented method allows for correction of patient motion with observable
improvements in image quality compared to uncorrected reconstructions. Potentially, this may reduce
the number of retakes caused by corrupted reconstructions due to patient movements. © 2019 The
Authors. Medical Physics published by Wiley Periodicals, Inc. on behalf of American Association of
Physicists in Medicine. [https://doi.org/10.1002/mp.13731]
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1. INTRODUCTION

Since its invention in the 1970s, computed tomography (CT)
has revolutionized medical imaging. At the end of the 1990s,
a variant of computer tomography, the so-called cone beam
CT (CBCT), was developed, which has since spread widely
in dentistry, oral and maxillofacial surgery as well as in
otorhinolaryngology. Today, millions of CT images are taken
worldwide each year to answer a variety of clinical questions
in all areas of medicine.

Unfortunately, both CT and CBCT suffer from blurring or
artifacts caused by the patient’s movement during the acquisi-
tion. In addition to blurring, other artifacts such as Moir�e pat-
terns, double contours and stripes may also appear.1,2 In
particular CBCT suffers from strong movement influences
due to long scanning times ranging between approx. 5 and
60 s.3 The amount of significant patient motion was esti-
mated to be at least 20%.4–6 It has been suggested that a high
percentage (>80%) of the patients move more than 0.5 mm
during the scan, with movements more than one millimeter

occurring in 70% of all cases.7 Thereby, even movements of
the patient in the low single-digit millimeter range have a
negative influence on the quality of the volumetric recon-
struction.8,9 In addition to active patient movements, similar
problems can also occur due to normal organ activity (heart-
beat) or respiratory movements.10 Even the heartbeat of
healthy young sitting patients whose chin rests on a chin sup-
port alone leads to amplitudes of about 80 lm per heart-
beat.11 This is within the range of the voxel size of modern
“high-resolution" dental CBCT devices.

Patient movements lead to discrepancies between projec-
tion and assumed back projection geometry, resulting in
inconsistencies in the reconstruction process. Reconstruction
methods commonly used such as filtered back projection
(FBP) or the Feldkamp-Davis-Kress (FDK) algorithm do not
take these movements into account. This results in inaccurate,
artifact-laden reconstructions. Therefore, new methods must
be developed to identify the patient’s movement. Such meth-
ods can build the basis to effectively reduce the dose of radia-
tion by reducing the number of CT scans that need to be
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repeated due to patient movements. For periodic movements,
such as heartbeat12 or breathing13,14 motion, special methods
were developed that utilize prior knowledge about the period-
icity of the motion to improve the three-dimensional (3D)
reconstruction process. Unfortunately, these methods cannot
be used for general nonperiodic motions.

Several approaches have been developed to solve the gen-
eral motion problem. Some of them are based on external
markers that can be identified in the projection images and
then used to correct patient movement.15 Such marker-based
approaches have also been extended to more complex, non-
rigid deformations.16 Since such markers are typically made
of radio-opaque material for easy recognition, they can cover
parts of the tissue, which may lead to new artifacts in the
reconstruction. Other methods use beforehand generated
patient models for image adjustment.17–19 However, the
necessity of an existing patient model is a huge impediment
to the general usage of these approaches.

Ens20 gave a comprehensive comparison of marker-based
and marker-free approaches for motion correction. Based on
sharpness criteria and gradient distribution, she developed
different metrics, that can be used as a quality measure for a
cost function to be minimized, which in turn determines the
extent of motion artifacts in the reconstruction. The results
are heterogeneous, with the best results obtained for a metric
based on normalized gradients. Similar to our approach pro-
posed in this paper, general image quality measures such as
entropy or sharpness were rather successfully used in other
iterative optimization approaches to calibrate CBCT-sys-
tems.21,22 Aichert et al. developed a method to solve this
problem using a epipolar consistency criterion to align the
image projections relative to each other.23 However, the rela-
tionship between the sum of intensities along each two epipo-
lar lines in x-ray images does not hold for local tomography
problems. Local tomography is typical for dental CBCT since
usually a small volume [the region of interest (ROI)] out of
the entire head is being imaged. This poses specific chal-
lenges as the measurement along a ray through the entire
object (the head) does not only correspond to the absorption
in the reconstructed ROI but also to the absorption of the sur-
rounding region (see, e.g., Ref. 24,25). Another recent work
provides a general marker-free framework for the detection of
geometric errors (e.g., resulting from patient movement) from
the projection images including an iterative reconstruction
procedure.26 Analogous to our approach, the authors model
these errors based on rigid motions with six degrees of free-
dom and describe the combined alignment and reconstruction
as a nonlinear least squares problem. They also discussed a
solution for local tomography. However, they only present
simulated data using parallel projection (instead of real cone
beam imagery) for validation plus an experimental electron
tomography dataset of a rather simple phantom. Special
applications, such as dental CBCT, are explicitly not
addressed by the authors. Additionally the authors focused on
minimizing the linear equation system while we use a more
general approach by using image similarity measurements as
a way of estimating motions. Sisniega et al. developed

another technique for motion compensation minimizing the
blur of a selected ROI.8 The authors state that they only simu-
lated piecewise linear motions of the patient to evaluate their
synthetic data. Our approach on the other hand was tested on
arbitrary rigid motion. Furthermore, Sisniega et al. do not
deal with the local tomography problem in their work. In
microtomography purely image-based methods such as those
proposed by Latham et al. have been developed to estimate
displacements of the object during the scan.27 They identify
features on a reprojection and the original images and calcu-
late the translational difference between these images by
mapping these features from one image to the other. Unlike
our approach they do not take rotational motion into account
as they claim that the three degrees of translational freedom
are sufficient for motion estimation in micro-CT.

In this work, we propose a method that uses a comparison
between the machine generated projection images and com-
puted projections generated by changing the motion parame-
ters that describe the patients rigid motion. The parameters
thus determined are used to obtain a more accurate volumet-
ric reconstruction with sharper edges. The proposed method
uses only the acquired image data in combination with the
precalibrated projection geometry of the scanning device. It
does neither require any additional markers nor does it rely
on a patient model and is applicable for the particularly chal-
lenging local tomography problem. In the following we
briefly review the geometry of a (dental) CBCT and the
image formation process. The motion model is then pre-
sented, followed by a detailed description of the entire recon-
struction process with a brief overview of the local
tomography problem. Finally we present an evaluation of our
method using both synthetic and real-world motion-beset
patient data.

2. MATERIALS AND METHODS

2.A. Background theory

In CBCT an x-ray source rotates on a circular path around
a nonmoving static object ~x, creating n 2 N projection
images bðiÞ; i 2 f1; . . .; ng each with a resolution of w 9 h,
w; h 2 N pixels. This results in a total of n�w�h pixels bc,
c 2 {1,. . .,n�w�h}, each associated with an x-ray rc and its
corresponding path Sc. When the rays emitted by the source
pass through the object ~x, they are attenuated depending on
the attenuation coefficient of the matter passed through. This
results in a different photon count in each detector cell repre-
sented by an image pixel. According to Lambert-Beer’s law, a
simplified monochromatic model to calculate the measured
photon count Ic for a ray rc is given as

Ic ¼ ~I � exp �
Z

Scð~xÞ
~x ds

 !
; (1)

where Scð~xÞ is the path of the ray rc through the volume ~x and
~I is the initial photon count emitted from the source. Taking
the logarithm of the ratio Ic=~I, from Eq. 1 we obtain
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fcð~xÞ ¼ � log
Ic
~I

� �
¼
Z

Scð~xÞ
~x ds � bc (2)

as the integral of the attenuation along the path of a ray. Com-
bining Eq. 2 for all rays rc results in the function

Fð~xÞ ¼ b (3)

describing the mapping of the object to all measurements. In
a static scenario, that is, the object ~x does not move, the
acquisition function F is fully determined by the geometry of
a CBCT device. If ~x moves during acquisition F changes into
an unknown function Fmov. Thus, to get an optimal recon-
struction in the case ~x is moving, Fmov has to be determined.

In the following we present an iterative two phase algo-
rithm to approximately reconstruct ~x, considering object
motion. Based on the conjugate gradient (CG) method used
for the reconstruction, we approximate a discretized version
of Fmov in each iteration to obtain a more accurate reconstruc-
tion of ~x. We call our new approach motion corrected conju-
gate gradient (MCCG) method.

2.B. Models and reconstruction methods

2.B.1. Volume reconstruction method

Our aim is to reconstruct a discrete approximation of the
object ~x. Therefore, we split ~x into a volume of m 9 m 9 m
voxels vðjÞ; j 2 f1; . . .;m3g, where m 2 N denotes the num-
ber of voxels in each dimension. Each voxel is assigned the
attenuation value of ~x at the voxel position. Each pixel of the
projected images corresponds to a single ray and the integral
in Eq. 2 turns into a sum bc of weighted attenuation coeffi-
cients ac;j for each vðjÞ along the path Sc of a ray rc. These
attenuation coefficients are aggregated in the system matrix
A 2 Rn�w�h�m3

describing the image acquisition process.
Together with b ¼ ðb1; . . .; bn�w�hÞ> 2 Rn�w�h this results in
the linear system

A~x ¼ b (4)

as a discretized version of Eq. 3.
The system matrix A can be determined based on the spec-

ifications of the CBCT-machine. If A is known the least
squares problem corresponding to Eq. 4 can be solved, for
example, by using the conjugate gradients least squares
(CGLS) method.

2.B.2. Motion model

Patient motion during acquisition induce artifacts such as
blurring or multiple contours in the reconstructed volume.1

We can interpret the patient motion as changes in our equa-
tion system A instead of changes to ~x. As a result we can see
that the artifacts are based on the fact that patient motion
changes Eq. 4 into

Amov~x ¼ bmov (5)

with unknown disturbed acquisition matrix Amov 6¼ A. To
obtain an optimized reconstruction of ~x without motion arti-
facts, Amov has to be determined.

In the following, we only consider rigid motions of the
patient. The simplifying assumption of rigid movement is jus-
tified because we focus on the reconstruction of bones and
teeth, both structures that are mainly exposed to rigid motion.
Thereby, a motion field

~p ¼ ½pð1Þ; . . .; pðnÞ� (6)

represents the patient motion in form of a sequence of poses
(orientations and positions)

pðiÞ ¼ ð/ðiÞ; hðiÞ; cðiÞ; tðiÞx ; tðiÞy ; tðiÞz Þ (7)

for each x-ray image bðiÞ. Here, /ðiÞ and hðiÞ describe the first
two polar coordinates in camera space, cðiÞ the rotation of the
resulting image bðiÞ, and tðiÞx ; tðiÞy ; tðiÞz the displacements along
the axes of the camera coordinate system. Unfortunately,
translations along the projection direction cannot be reliably
detected in the images for small cone angles (i.e., for almost
parallel x-rays). By choosing the above motion parametriza-
tion, this uncertainty is limited to tðiÞz .

The rotation of the CBCT device around the y-axis for each
image is denoted by dðiÞ, which also corresponds to the rotation
from world coordinates to camera coordinates (see Fig. 1). We
now assume that the disturbed system matrix Amov depends on
a motion field ~p, that is, Amov ¼ Að~pÞ and A(0) = A.

2.B.3. Motion reconstruction

Once we obtained an estimation x of the object to recon-
struct ~x we use it to create an approximation of the unknown
matrix Amov. Therefore, we calculate the camera pose for each
image bðiÞ described by the motion parameter vector pðiÞ

which minimizes the difference between bðiÞ and the projec-
tion AðiÞðpðiÞ; dðiÞÞx. Here, AðiÞðpðiÞ; dðiÞÞ is the matrix that
describes the single projection to create an image with a
given source position and ray direction described by pðiÞ and
gantry rotation angle dðiÞ. As we keep gantry rotation angles

FIG. 1. Cone beam computed tomography parameterization: camera coordi-
nate system (xK , yK , zK ) defined in world coordinate system (xW , yW , zW ) with
d being the system rotation around the yK axis whereas /,h and c describe the
patient motion interpreted as additional camera movement. Thereby / and h
can be interpreted as polar coordinates in camera space and c denotes a rota-
tion of the resulting image. Even though h and d describe a rotation around
the yW ¼ yK axis only d influences the translation directions.
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fixed during our algorithm we can drop the dðiÞ as it is implic-
itly described by the index of the image i. As such we obtain
AðiÞðpðiÞ; dðiÞÞ ¼ AðiÞðpðiÞÞ

We measure the fit of a set of parameter for each image
bðiÞ with the cost function Ex;bðiÞ ðpðiÞÞ that is explained in more
detail in the next section. To obtain the sought motion param-
eter vector pðiÞ we solve

pðiÞ ¼ argmin
p

Ex;bðiÞ ðpÞ (8)

for each image bðiÞ, where for example

Ex;bðiÞ ðpðiÞÞ ¼ kAðiÞðpðiÞÞx� bðiÞk2; (9)

could be the Euclidean distance between bðiÞ and AðiÞðpðiÞÞx.
A derivative free approach can be used to solve the optimiza-
tion problem Eq. 8.26 In our implementation we chose the
Nelder-Mead method.

2.B.4. The cost function

An essential point of the proposed approach is to find a
good cost function Ex;bðiÞ ðpÞ. Ideally, the function has a
unique global minimum at the sought pose and no further
local minima. Under the assumption that the patient move-
ment is within a small region around the optimum, it is suffi-
cient if the local minimum of the cost function is
unambiguous in this area. Since the cost function has to be
evaluated several times per image, it should also be possible
to evaluate it efficiently. For this purpose the Euclidean dis-
tance (ED) [see Eq. 9], the mutual information (MI)28 and the
structural similarity measure (SSIM)29 between bðiÞ and
AðiÞðpðiÞÞx were used as cost functions. MI was not suitable
for stronger motions due to several local minima and a com-
parably narrow valley near the sought pose which makes it
hard to optimize. Thus, we focused on the two other mea-
sures. We evaluated two different versions of SSIM. One ver-
sion (SSIMw) calculates the average SSIM of 7 9 7 windows
between a reprojection and the original radiograph. The other
version (SSIMc) calculates the SSIM of the whole radio-
graphs instead. SSIMw was unable to correct motion artefacts
unless the initial reconstruction is already reasonably good.
Thus, it is not suitable for our task. SSIMc and ED are both
suitable and return almost identical results. We’d like to note
that when using ED on complete tomography data this resem-
bles Algorithm 3 proposed in the work of van Leeuwen
et al.26 However with the adjustments proposed in Sec-
tion 2.B.6 the methods differ for local tomography problems.

Plotting the Euclidean distance of a single image and a re-
projection from poses where single parameters were altered
within a range around the ground truth pose shows that even
for motion impaired reconstructions (reconstructions that
were not corrected for any motion yet) the cost function has a
unique local minimum (see Fig. 2). The reason why the min-
ima are not located at 0 (ground truth pose) is that the recon-
struction is oriented differently than the original volume.
Thus the camera pose has to be adjusted as well and cannot
be expected to align with ground truth (see Section 3). The

displayed plot excluded a border of 25 pixels from each
image during comparison to account for local tomography
(see Section 2.B.6). When using the original volume the
unique minimum is located at the ground truth position.

2.B.5. The overall reconstruction model

Similar to the work of Van Leeuwen et al. we use an inter-
leaved two phase reconstruction loop where in each iteration
k we first reconstruct a new volume xk by solving Ak�1xk ¼ b
and then calculate a new matrix Ak while keeping xk fixed.

26

The latter is done by minimizing Eq. 8 using the derivative-
free Nelder-Mead algorithm to compute updated pose param-
eters pðiÞk for each image bðiÞ and then combining the resulting

matrices to obtain Ak ¼ AðpkÞ ¼ ðAð1Þðpð1Þk Þ;Að2Þðpð2Þk Þ;
. . .;AðnÞðpðnÞk ÞÞ. Nelder-Mead was chosen because it is hard to
calculate the derivatives analytically or numerically. MCCG
starts with p0 ¼ 0 and x0 ¼ 0, meaning that, after the first
iteration we obtain a reconstruction without motion correc-

tion. We stop iterating MCCG when 1� ð kAk�1xk�bk2
kAk�1xk�1�bk2Þ\� for

0 ≤ e < 1 or after a maximum number of N iterations has
been executed. CGLS stops iterating when

1� ð kAxl�bk2
kAxl�1�bk2Þ\

�
2 for CGLS iteration l. The proposed recon-

struction algorithm is described in Algorithm 1. In line 4 the
CGLS method is used to reconstruct a volume by minimizing
the residual

kAk�1x� bk22 þ kkxk22; (10)

for a given regularization parameter k 2 R. In line 10, for
each image the cost function Eq. 9 is minimized using
Nelder-Mead.

FIG. 2. Typical error curve between original image and a projection from a
reconstruction deviating from ground truth due to rotation (top) and transla-
tion (bottom) for Euclidean distance. [Color figure can be viewed at wileyon
linelibrary.com]
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2.B.6. Adjustment to local tomography

Local tomography25 introduces additional problems since
parts of the image information originates from structures out-
side the region of interest (ROI). Unfortunately, we cannot
simply separate the projection information coming from such
external structures. To apply our motion correction algorithm
we reconstruct on a coarser grid. Here the ROI is located in
the central cube of size 2503 voxels. The remaining area is
then used to reconstruct the surrounding region. This allows
us to use our motion correction algorithm as before. How-
ever, using this approach, we will obtain regions in our recon-
struction area without any data as A contains 0-vectors as
columns of those voxels. Rays traversing these voxels cannot
gather information from these voxels. Thus the corresponding
pixel will receive comparably low intensity values. During
motion estimation this will drastically increase the cost of the
pose. As displayed in Fig. 3(c) the sought pose can have a
higher cost than other poses. To overcome this limitation we
define a border of fixed width at each side and exclude pixels
within the border from image comparison during motion esti-
mation. As a result poses with low information on the border
pixels are no longer penalized with a high cost and optimiza-
tion can obtain better results [Fig. 3(d)]. The border size can
be selected relatively small (even 0) as subsequent iterations
of the reconstruction step will recreate information to low
information voxels if they are traversed by a ray. However,
using a low border size corrections will only happen very
slowly while a higher border size leads to a faster

convergence speed (see Fig. 4) as larger correction steps are
possible. On the other hand cutting too much information
decreases the alignment quality.

2.C. Implementation

Our implementation is based on the CUDA programming
framework to make use of GPUs for parallel computation.
The matrix A in general has no symmetries but is sparse with
approximately OðmÞ (m is the size of the volume in each
dimension) non-zero entries per row. We use a matrix free
optimization approach by simulating projection and backpro-
jection by tracing rays throughout the volume. Thereby, the
volume is scanned in small intervals along each ray and the
values at each point are calculated by trilinearily interpolating
the values of the surrounding voxels. To calculate the matrix
multiplication with A the interpolated values at each scan
point are summed along the path of a ray to get the pixel
value. For CGLS it is also necessary to multiply with AT . For
this, the ray starts with a value according to the value of its
corresponding pixel and at each scan point along the path of
the ray the intensity value is broadcast to all surrounding vox-
els weighted by the corresponding trilinear interpolation
coefficients.

(a) (b)

(c) (d)

FIG. 3. The local tomography problem. Light gray areas contain positive val-
ues while dark gray areas contain zeros. The triangle outlines the image
acquisition rays. (a) The pose during image acquisition. (b) The initial state
for the first motion correction. (c) Rays above the dotted line traverse an unre-
constructed area containing zeros, which results in a high cost. (d) Excluding
rays from image comparison removes the cost risen from traversing the zero
valued area.

FIG. 4. Per pixel projection error after each motion correction step of MCCG
for different border sizes. Using a border improves motion correction and
overall convergence speed. [Color figure can be viewed at wileyonlinelibra
ry.com]
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To decide when to stop iterating we chose e = 0.01
(0.005) for synthetic (real) data. In local tomography when
borders are present the residual in CGLS is only evaluated on
pixels that are not located on the border. This is done due to
the fact that our motion correction determines new
poses without considering these pixels. Thus they can yield a
high projection error, which leads to a premature stop of the
iteration.

For the Nelder-Mead method we located one point of the
simplex at the current pose for this image and construct the
simplex by adding another point along each parameter axis.
For translational (rotational) axes these points are set at a dis-
tance of 1 mm (1�) from the first point. Nelder-Mead is
stopped when 2 � ðkybest�yworstk2

kybestþyworstk2Þ is smaller than a tolerance
value of 10�6, with ybest and yworst being the best and worst
evaluations of the cost function at the points of the current
simplex. Alternatively it stops iterating after a maximum of
500 iterations. The latter was chosen as on average only 150
to 200 iterations were required for convergence. Decreasing
the tolerance value did not improve results while increasing
runtime. Other simplex setup methods, for example, always
setting up the simplex at the 0 position or around the final
location of the previous image, were tested. However these
methods have either increased runtime without improving the
results, or even worsened the results, as outliers affect subse-
quent pose estimations. SSIM makes use of two coefficents
C1 and C2 to stabilize for small denominators. When per-
forming SSIM for image comparison the dynamic range was
chosen individually for each bðiÞ as L ¼ max bðiÞ �min bðiÞ.
We then chose C1 ¼ ð0:01LÞ2 and C2 ¼ ð0:03LÞ2. In all
pose estimation methods the parameter tz was omitted as it
cannot be reliably estimated due to the projection geometry.
We model patient motion as motion of the x-ray source by
inverting the transformation matrix used to describe the
patient’s movement.

The resulting rigid motion transformation of the x-ray
source Td 2 SEð3Þ is described by

Tdðc;/; h; tx; ty; tzÞ ¼ RywðdÞ 0
0 1

� �
R �Rt
0 1

� �
(11)

with R ¼ RywðhÞRxwð/ÞRzwðcÞ 2 SOð3Þ and t ¼ ðtx; ty; tzÞT 2
R3. The matrices RaðaÞ describe a rotation around the axis a
by a and RywðdÞ the rotation from world space into camera
space (see Fig. 1). The multiplications with the matrices
AðpkÞ can then be derived by simply adjusting the base posi-
tion and orientation of the x-ray source and detector for each
image according to Eq. 11 before applying the projection
algorithm.

2.D. Data

We evaluated our approach with various synthetic and real
local tomography datasets. The synthetic datasets consist of
projections generated from 3D volumes from CT acquisi-
tions. The real datasets were obtained as raw data output from
a 3D Accuitomo 80 (J. Morita Corp, Kyoto, Japan). In the

following sections, we briefly describe all datasets used as
well as the performed preprocessing and evaluation methods.

2.D.1. Synthetic data

Our synthetic datasets each consist of 516 images with
equidistant angles and an independently generated motion
field using a random walk for each motion parameter. Each
image set shows a full angle (360�) tomography with an
image resolution of 400 9 400 pixels. All volumes used for
image acquisition had a resolution of 5003 voxels. We gener-
ated a total of 9 random walk motion fields applied to 3 dif-
ferent CT volumes resulting in a total of 27 synthetic random
walk motion datasets. Similar to Sisniega et al.8 we created
additional datasets where the patient is stationary for the first
129 images, then translates between 1 and 10 mm into a new
position during the next 86 images and stays stationary for
the remaining images. Thus, we obtained 20 additional piece-
wise linear motion datasets. Motion fields were divided into
three motion intensity groups. Groups are seperated by the
maximum range of translation along at least one axis of the
world coordinate system. In Table I this is noted as transla-
tional range. Rotational range describes the minimum and
maximum range of rotational parameters within this group.
(see Table I). In total we have 14 datasets in the low motion
group, 12 for the medium motion group and 11 datasets in the
high motion group.

Also note that our ROI was assigned a size of 50 mm. As
all our datasets show motion of at least 1 mm, the reconstruc-
tion quality should be negatively affected.30,31 It is estimated
that in more than 90% of the cases where motion is present
during CBCT the patient moves < 4 mm.7 Such motion is
covered by our low and medium motion groups, while the
high motion group contains either strong or even excessive
motion amplitudes.

2.D.2. Real data

Real data were obtained as CBCT raw data output of a 3D
Accuitomo 80 at the University Medical Center of the Johan-
nes Gutenberg University Mainz.33 All real datasets represent
imaging data of real patients undergoing an actual CBCT
scan for different clinical reasons. Thus all motion present in
these datasets stems from real patient motion. Images at the
beginning and at the end of an image series were excluded
from reconstruction as they contained either not enough
information or too much noise. The resulting datasets consist
of 516 images, corresponding to a full rotation of the

TABLE I. The classification of motion fields into groups according to the
rotation and translational motion range.

Dataset Rotational range Translational range

low 2� to 8� 1 mm to 2.5 mm

medium 2:9� to 6:3� 3 mm to 4.5 mm

high 7� to 14� more than 6 mm
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machine. Machine output images contain borders without
information as well as noise. In a preprocessing step we cut
images to remove these borders and used an adapted bilateral
filter similar to Manduca et al.32 to reduce noise. We adjusted
the filter range to increase smoothing on darker regions.
Lambert-Beer’s law was applied to each pixel value to
transform raw photon count data into the sum of attenuation
coefficients. Noise in the detector signal can lead to a mea-
sured photon count of 0. As we need to take the negative log-
arithm of the photon count during the transformation this
would result in a value of ∞. To prevent this all pixels with a
photon count of 0 were set to the average of their surrounding
pixels.

2.E. Quality measure

We used three different metrics for evaluation: (a) Line
profiles within slices of the volume to measure motion blur
and detail, and on synthetic datasets additionally (b) the pro-
jection error (ED) [see Eq. 9] to measure data compatibility,
and (c) the structural similarity index (SSIM) between recon-
structed and original ROI. We also compared reconstructed
and original motion parameters to rate the accuracy of the
reconstruction of the motion. As there is almost no visual dif-
ference in the results obtained from using MCCG with either
ED or SSIMc as cost function, we only display the results for
ED and report results from SSIMc only in quantifications.

3. RESULTS

In this section we present the results obtained for the syn-
thetic as well as the real local tomography datasets. At first, a
short study on different parameter values for the border size
and regularization has been evaluated on a subset of the syn-
thetic data. Unless otherwise stated, MCCG refers to the ver-
sion with Euclidean distance used as a cost function for pose
estimation. We perform up to 20 iterations of MCCG per
dataset. Within each iteration a maximum of 30 iterations of
CGLS are performed. To keep the results of the uncorrected
version comparable to those of MCCG, we perform up to
20�30 = 600 CGLS iterations in the uncorrected version. All
iterations can stop earlier if convergence is reached. The vol-
ume size was set to m = 500. The geometry was chosen such
that the ROI-cylinder has a height and diameter of 50 mm
resulting in voxels with an edge length of 200 lm for local
tomography data. The ROI of local tomography data is only
reconstructed at a size of m = 250 voxels per dimension and
located in the center of the whole reconstruction cube. Sur-
rounding voxels are used to display regions outside the ROI
as described in Section 2.B.6.

Synthetic parameter study: The average SSIM values of
reconstructions of a dataset from the low motion group for
different border sizes and regularization parameters are
reported in Tables II and III. All other tests have been evalu-
ated with a border size of 25 as well as k = 100. SSIMw had
a maximum SSIM of 0.844 which is 11% worse than the
other methods and is not further evaluated in this section.

With a border size of 25 the iterations necessary for conver-
gence decreased from an average of 14.58 (13.89) to 8.83
(7.39) on low (medium) motion random walk datasets.

3.A. Synthetic data

Figure 5 shows a qualitative visual comparison between a
non-motion-corrected reconstruction using CGLS and the
proposed MCCG reconstruction for axial, sagittal and coro-
nal slices within a predefined ROI. The displayed results are
based on a dataset of the low motion intensity group.

TABLE II. Structural similarity measure (SSIM)-value of reconstruction and
original volume for different cost-functions and border sizes in pixel. k was
set to 0.

Cost-function

Bordersize in px

0 10 25 50 100

ED 0.940 0.951 0.958 0.956 0.948

SSIMc 0.940 0.951 0.961 0.953 0.945

SSIMw 0.831 0.835 0.815 0.843 0.844

TABLE III. Structural similarity measure (SSIM)-value of reconstruction and
original volume for different cost-functions and regularization parameter k.
Bordersize was set to 25.

Cost-function

k

0 10 100 1000 10000

ED 0.958 0.960 0.958 0.952 0.774

SSIMc 0.961 0.960 0.961 0.951 0.792

SSIMw 0.815 0.819 0.815 0.830 0.797

(a)

(b)

(c)

FIG. 5. Same region of interest containing ground truth (a) and a reconstruc-
tion using CGLS only (b) or motion corrected conjugate gradient (c) respec-
tively.
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Figure 6 presents line profile plots along a line within the
same slice of the reconstructed volume as depicted in the
third column of Fig. 5. As the reconstructions could be ori-
ented differently, we aligned the volumes by rigidly trans-
forming the MCCG and CGLS reconstructed volume to best
match the ground truth volume by solving

min
ðc;/;h;tx;ty;tzÞ

kTðc;/; h; tx; ty; tzÞx� ~xk2: (12)

Here T is a transformation matrix as seen in Eq. 11 with d set
to 0. The reconstructed ROI lies within the central 2503 vox-
els of the whole volume. Due to patient motion the ROI does
not have a perfect cylindrical shape. To compensate for this
only voxels within the central cylinder of diameter and height
of 240 voxels are used for alignment.

Reconstruction comparison Measuring the SSIM of our
reconstruction xrec and ground truth data ~x provides the fol-
lowing results. MCCG increases the SSIM by up to 29%
compared to simple CGLS up to a maximum of 0.96. On
average MCCG could increase SSIM by roughly 22%. We
could only observe minimal differences in the results of
MCCG using Euclidean distance (MCCGED) or SSIMc

(MCCGSSIM) as a cost function for pose estimation. For the
medium motion group the relative increase in SSIM was
highest. For the high motion group results only show a maxi-
mum SSIM of 0.7. We additionally evaluated the scenario
where the ground truth volume is known and we can use it to
estimate motion for the high motion group. Reconstructing a
volume from the motion field obtained in this hypothetical
scenario, we were able to obtain an SSIM of 0.98 instead.
The results for the three different motion groups are pre-
sented in Table IV. On the piecewise linear motion datasets
we found that the SSIM stays at a comparably high value
greater than 0.9 for motions up to 3 mm before constantly
decreasing with higher motion down to an SSIM of 0.65,
with the strongest decay between 3 and 4 mm motion ampli-
tude. For the random walk medium motion sets the results all
lie around an SSIM 0.9.

Figure 7 plots the projection errors normalized by the
amount of pixels used to measure the projection error for
CGLS and MCCG with respect to each iteration of CGLS.
The amount of pixels varies between both methods due to dif-
ferent border sizes. The projection images had a resolution of

400 9 400 for CGLS and 350 9 350 for MCCG. CGLS fin-
ished iterating after 13 iterations with an error of 1.74 while
MCCG was able to reduce the error towards 0.14 in a total of
69 iterations. Full resolution (400 9 400) per pixel projec-
tion error of MCCG after convergence is 0.15. This is a
decrease of 91%.

Parameter estimation Figure 8 shows a comparison
between the ground truth motion parameters used for image
acquisition and those estimated during MCCG reconstruc-
tion. Due to the projection geometry tz cannot be reliably
computed and was therefore kept at 0. It is thus only shown
for completeness. Orientation of the reconstruction can differ
from ground truth, leading to different parameter curves (see
Fig. 2). Therefore, we also display pose parameters obtained
after alignment of the reconstruction to the ground truth vol-
ume. Parameter curves of MCCG after rotation and ground
truth align well with only few notable deviations in the curve
of /. These deviations did not occur when reconstructing
data created from the same motion with complete tomogra-
phy.

3.B. Real data

Real data (3D Accuitomo 80) were taken from a patient
data-base at the University Medical Center Mainz. These
were used in a previous work33 and include real patient
motion. These data were preprocessed as described in Section
4. Figure 9 displays views from axial, sagittal and coronal
slices of a volume reconstructed with CGLS and MCCG from
a real dataset.

FIG. 6. Line profile within the same slice of the ground truth and recon-
structed volumes. [Color figure can be viewed at wileyonlinelibrary.com]

TABLE IV. Structural similarity measure (SSIM) between different recon-
structions and ground truth. Only voxels within the central region of interest
cylinder with a diameter and height of 240 voxels were used. MCCGED and
MCCGSSIM denote the versions of MCCG where Euclidean distance or
SSIMc were used as cost functions, respectively.

Motion CG MCCGED MCCGSSIM

Low 0.84 0.95 0.95

Medium 0.70 0.90 0.90

High 0.56 0.71 0.70

FIG. 7. Comparison of the projection error [see Eq. 9] normalized by the
number of pixels per iteration of the CGLS and the motion corrected conju-
gate gradient method. Number of pixels varies due to different border sizes.
[Color figure can be viewed at wileyonlinelibrary.com]
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In the line profile plot along a line in the axial view (see
Fig. 10) the curve of the MCCG version shows clearer and
sharper transitions at tissue edges compared to the CGLS
curve.

3.C. Runtime

The runtimes for the different motion groups as well as for
real data (Table V) were measured on an Intel Xeon E5-2683
v4 CPU equipped with an NVIDIA TITAN V GPU.

Execution time highly depends on the total amount of itera-
tions performed and can vary between individual datasets. In
our experiments using SSIM as a cost function for synthetic

FIG. 8. The six motion parameters displayed over the range of 516 images in a dataset. Ground truth parameters (GroundTruth) used for image acquisition com-
pared to the reconstructed motion parameters without (Unrotated) and with (Rotated) global alignment to ground truth. [Color figure can be viewed at wileyon
linelibrary.com]

(a)

(b)

FIG. 9. Slices from a reconstructed region of interest of a real dataset
obtained by (a) motion corrected conjugate gradient (MCCG) and (b) stan-
dard CGLS. MCCG shows notably more details (e.g., root canal).

FIG. 10. Line profile within a slice from a reconstruction using motion cor-
rected conjugate gradient (MCCG) and CGLS. Especially within the region
50–75 the MCCG reconstruction shows much more details than the CGLS
reconstruction. [Color figure can be viewed at wileyonlinelibrary.com]

TABLE V. Average runtimes in minutes for different datasets using either ED
or structural similarity measure (SSIM) as cost function. Datasets contain a
total of 516 images with a resolution of 400 9 400 (300 9 300) pixels for
synthetic (real) data.

Motion runtimeED runtimeSSIM

Low 31 24

Medium 31 28

High 20 18

Real 10 10
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data decreases runtime compared to ED. On real data both
methods have a comparable runtime. Datasets from the high
motion group also express a lower runtime compared to the
low and medium motion groups.

4. DISCUSSION

The results show that our proposed method is capable to
reliably extract patient motion from a CBCT image series and
create less blurred reconstructions with a higher level of
detail for local tomography data. Figure 5 shows how the
algorithm is capable of improving even highly distorted
images by reducing motion blur and other artifacts. These
results are confirmed numerically by the increase of SSIM
compared to simple CGLS reconstruction (Table IV). Figure 8
illustrates that even arbitrary, nonlinear motion can be recon-
structed very accurately. Remaining deviations in the curve of
parameter / were not present on reconstructions with com-
plete tomography. Therefore we conclude that they are caused
by the local tomography problem. The line profiles show that
MCCG is capable of reconstructing more details than simple
CGLS. On real data an improvement is equally evident. In
the displayed real dataset and corresponding line profile
(Fig. 6) the periradicular translucency (around pixel 60) and
the root canal (around pixel 55) of the upper incisor became
visible with our method even though they were barely visual-
ized in the uncorrected CGLS reconstruction. On the low and
medium motion group an SSIM of more than 0.9 could be
achieved. This shows that the presented method is able to cor-
rect motion amplitudes of up to 9% of the height of the ROI.
For even higher motion amplitudes as in the high motion
datasets we were only able to reach an SSIM of 0.7. Motion
as described by Sisniega et al.8 generates double contours
which our algorithm is only able to correct for small motion
amplitudes (SSIM > 0.9 only for motion amplitudes of up to
3 mm). However even for the high motion group an SSIM
value of 0.98 could be obtained if the ground truth was used
for initial motion estimation. This shows that the algorithm is
capable to identify even strong motion as long as the initial
reconstruction is a good approximation of the ground truth.
For the high motion datasets this is not the case as the initial
reconstruction is of rather bad quality. As a result we could
only observe an SSIM of 0.7.

Currently the proposed algorithm only reconstructs local
tomography data at a resolution of 2503 voxels. Reconstruc-
tion at a finer resolution is possible with this method however
it is cost intensive.

The runtime of the proposed method was not the focus of
this work. In elective nonurgent clinical procedures as, for
example, most applications in dental and maxillofacial radiol-
ogy, reconstructing a motion-corrected CBCT can be con-
ducted after the initial (motion-disturbed) reconstruction
without interfering with the medical dental procedure. Future
work will focus on computational efficiency. In general the
computational cost of our method is higher than that of
purely image based methods due to the constant need of
reprojections. The introduction of borders allows the

algorithm to converge faster (up to 50% less iterations on cer-
tain datasets). As such it is more applicable for local tomogra-
phy, where the method aligning the complete image as it was
described by van Leeuwen et al.26 converges slower. At the
same time the reconstruction quality is barely affected (see
Table II). With this method and by using SSIM as a cost
function we were able to reduce the overall runtime of the
algorithm. This also shows that the generalization to other
image similarity measures apart from ED is possible and even
beneficial. On the high motion datasets the algorithm failed
to reconstruct motion and stopped early as no improvement
could be achieved. On the real datasets the algorithm con-
verges fast leading to a rather short runtime of only 10 min,
which is more suitable for practical use. Nevertheless, even
the high runtime of the method can be justified by the possi-
bility to reduce the need for another exposure to ionizing
radiation.

5. CONCLUSION AND FUTURE WORK

We showed that the presented approach is able to improve
CT-quality for motion-impaired image acquisitions in local
tomography. The method manages to improve quality of
highly distorted images so that formerly not visible details
became visible. The proposed method can help to reduce the
need of repeated acquisitions and therefore additional expo-
sure to radiation, thereby possibly reducing the overall radia-
tion exposure in population. We showed that even our simple
approach was able to reconstruct sufficient results for med-
ium motion intensities. For higher motion intensities, even
though improvement was still possible, a satisfactory level of
quality could not be achieved. Making the procedure more
robust to higher motion levels can help to improve the appli-
cability to an even broader set of data. In future work other
cost functions will be evaluated in order to improve robust-
ness and motion estimation. Other reconstruction methods
will also be explored. New methods may also help to further
reduce the rather high runtime of our current approach.
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