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Abstract Cardiac image registration is drawing attention
for a range of merits in integrating and enhancing real-time
(RT) images using a priori and complementary images of
the myocardium, which might additionally be captured
from other modalities. Myocardial stem cell delivery and
radio-frequency ablation are some of the cases that could
benefit from RT registration of high quality images.
Unfortunately, most of these applications are of long
duration, and must account in some manner for respiratory
motion. Moreover, registration is not so keen as to compensate for these motions. Time series prediction techniques could compensate this shortcoming by proposing
future approximate displacements caused by respiratory
motion. In this study, we propose a three-stage framework
for RT 2D into 3D cardiac image registration during respiration, composed of prior registration to extract the trend
of respiratory motion and to calibrate a set of time series
predictors for future motion prediction, as well RT registration to update estimated transform parameters. The
proposed approach was validated in the course of four
simulations and shows acceptable results for clinical
circumstances.
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1 Introduction
Cardiovascular diseases are prevalent worldwide, thus
therapeutic procedures are drawing considerable attention
[1]. Image guidance of cardiac procedures is very beneficial in this case. Imaging for such purposes is performed
using different modalities, each of which has its own pros
and cons. For instance, Ultrasound is a flexible modality,
but it suffers from limited imaging planes and low signalto-noise ratio. X-ray fluoroscopy is common for cardiovascular interventional procedures, but with some associated drawbacks, such as poor soft tissue contrast and toxic
radiocontrast agents. In contrast, RT magnetic resonance
imaging (MRI) is considered to be an appropriate alternative for image guidance of cardiac procedures, because it
has good tissue contrast, high frame rates, and the option to
arbitrarily specify the imaging plane [2–4]. Unfortunately,
the nature of MRI is too sensitive to patient motion, in
particular for the myocardium (because of beating heart
deformation and the respiratory motion [5]). To reduce
such undesirable motion effects, active breathing control
(ABC) should be employed [6]. This by itself is almost
impossible during lengthy cardiac interventions. To
address this limitation, fusion of high quality preprocedural
images and RT images captured during operation could be
beneficial in these circumstances.
On the other hand, there exist cardiac procedures which
require catheterization and navigation with sub-millimeter
precision, such as angioplasty or electrophysiological
interventions [7–9]. Other cases such as regenerative
effects and putative angiogenics require transferring genes
or cells to the myocardium, for which a precise injection
could be of much use [10, 11].
In order to overcome such difficulties, the main
objective of this paper is to study the integration of the

123

J Real-Time Image Proc

real-time 2D MR images with pre-operative high resolution MR images acquired in breath-hold mode for only
one cardiac cycle. This improves view of the therapist in
2D slices dynamically in real-time during the cardiac
interventions. In others words, having the transform
T between the previously captured high quality data and
the RT images results in RT image fusion, and consequently RT MRI enhancement during respiration. Up to
now, very few efforts have focused on RT cardiac image
registration, with a number of them briefly reviewed
here.
Smolikova et al. [12] carried out the first research on a
similar topic. Their main objective was to study the effect
of phase difference on registration accuracy using 3D prior
images at breath-hold mode. They claimed that there is a
clear benefit to register the RT 2D slices to a previously
acquired 3D computed tomography (CT) or MR volume of
the heart.
Huang et al. [13] presented a method for rapid registration of RT 3D ultrasound (US) images with dynamic 3D
MR images in breath-hold mode. Their method takes
advantage of ECG signals and a spatial tracking system.
This study uses rigid registration because non-rigid registration causes a heavy computational burden and is thus
unsuitable for RT registration. In ideal RT circumstances,
the entire process including image acquisition, processing,
and visualization should take at most 50ms. The authors
showed that, compared to the existing methods of fusing
RT 3D US with dynamic 3D MR images, their technique is
the first to simultaneously address the issues of image
acquisition, image processing, timing constraints, and the
motion of the beating heart.
The heart displacement caused by diaphragm motion is
also problematic in RT registration during respiration.
Chung et al. [14] developed a method to detect spatial
alignment of RT 2D slices and a prior 4D volume using
contour tracking during respiration. The authors took
advantage of contour tracking in RT registration. Their
approach reduces displacement error from 5.2 to 1.61 mm.
However, issues such as out-of-plane rotation, throughplane translation and respiration-related or non-cyclic
deformations of the myocardium were not accounted for in
their simulations. Also, variations in respiration period and
amplitude were not considered in their research.
Cardiac respiratory motion exhibits different patterns in
different conditions. This means that although the respiration behavior remains fixed in general, consecutive
cycles are not exactly the same. In addition, patient drifts
and variations in both respiration period and amplitude
cause non-stationarity in respiratory motion [15–18]. All
these problems are also common to adaptive radiotherapy,
in which radiation is forced into targeting a tumor with
respiration-inspired periodic motion.
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Time series prediction approaches such as linear adaptive filter and extended Kalman filter (EKF) are widely
used to overcome these limitations. For instance, to compensate radiation robot latency, future position of the tumor
should be predicted [19–21]. There are also other approaches that take advantage of electromagnetic tracking systems for image-guided interventions which, are superior to
optical tracking systems because they do not suffer from
line-of-sight restriction [22–26]. Borgert et al. [27] proposed a respiratory motion compensation method based on
externally placed electromagnetic sensor in combination
with a motion model.
The above discussion provides the general idea and the
main motivation of our proposed RT registration framework. The contribution of this work is RT cardiac image
registration during respiration via time series predictors.
Briefly, a periodic pattern of heart respiratory motion is
measured first as a 4D time series, then a set of predictors
are calibrated to predict this pattern. The predictors are
then employed to speed up RT registration with such
accuracy and speed superior to the current techniques.

2 Methods
2.1 RT 2D-3D registration during respiration
using time series predictors
We propose an RT 2D-3D registration framework comprised of three stages (see Fig. 1):
1.

Prior registration registering breathing 2D slice series
into the high resolution breath-hold 3D prior volumes

Fig. 1 Top framework of RT cardiac image registration during
respiration. Bottom an RT 2D breathing slice (RTBS) with cardiac
phase number (CPN) 11 is acquired; 3D volume with cardiac phase
number 11 is picked up from BHPV. Initial translation T(t) and
rotation R(t) are estimated using predictors; then RT registration is
initiated
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2.

3.

so as to extract displacement and rotation angle for
each respiratory phase for several respiratory cycles.
Filter parameter calibration calibrating a set of
predictors using the extracted motion from the previous stage to predict future position of the heart
(displacement and rotation).
RT registration registering the breathing RT 2D slices
into the high resolution breath-hold 3D priors using
predictions of the filters as an initial transform and
then fine tune the transform by RT registration.

four dimensions (three for translation and one for rotation)
and one predictor is used per dimension, thus we maintain
four predictors. At this stage parameters of predictors are
tuned by 4D motion extracted in the previous step (see
Sect. 2.1.1). The 4D motion in this stage lasts ten respiration cycles to allow parameters of the predictors to
converge. More cycles might be needed in general case
where there is chance for disturbance in regular respiration
such as irregular breathing cycles, coughing, and sneezing.
2.1.3 Real-time registration

2.1.1 Prior registration
This section explains how we used registration to extract
cardiac respiratory motion. First, a high resolution 4D
volume is captured in the breath-hold mode for one cardiac
cycle with cardiac gating information, thus each 3D volume is labeled with a cardiac phase number ranging from 1
to 20. This volume is ideal and will be approximated by a
set of contiguous breath-hold, gated cine MRI. Let us call
this 4D volume, breath-hold prior volumes (BHPV). Then,
a 2D slice series is acquired during free respiration, for
about ten respiration cycles. It is called a breathing prior
slice series (BPSS). Like the previous stage, we assume
that each 2D slice is labeled with a cardiac phase number
with temporal resolution of 83 ms (12 FPS). Finally, to
extract the respiratory misalignment caused by each
respiratory phase, each 2D slice of BPSS is registered into
its corresponding 3D volume from the BHPV having the
same cardiac phase number. As our registration transform
has four parameters (3 for translation along RL, AP and
CC1 directions, respectively, and 1 for rotation), registering
each pair results in a 3D vector which represents the
amount of translation in three directions and a rotation
angle for the corresponding respiration frame.
At the end of prior registration we have a 4D time series,
consisting of a 3D vector representing the extracted
respiratory displacement for each frame and its corresponding rotation angle, for ten respiration cycles. It is
noteworthy that mutual information [28], as a similarity
metric, is used in prior registration.
2.1.2 Filter parameter calibration
EKF and adaptive linear filters are used commonly to
compensate respiratory motion for the purpose of adaptive
radio therapy to target tumors [19, 29]. Same types of
predictors were exploited to assess the position of heart
caused by respiratory motion. Heart position is preserved in
1

AP: anterior–posterior, RL: right–left and CC: cranio-caudal.

In a RT situation a low resolution 2D slice is captured at
each time step, denoted as RT breathing slice (RTBS).
Each RTBS has a cardiac phase number (assessed from
gating info). For RT registration, each RTBS is registered
into its equivalent 3D volume of the BHPV with the same
cardiac phase number. Initial value of the transform
parameters is predicted by the predictors. Subsequently, the
prior 3D image is shifted and rotated across its approximate
translation vector and rotation angle, respectively. Then,
the RT registration process is triggered. These predictions
result in more accurate and faster convergence of transform
parameter values and make RT registration feasible (see
Fig. 1). Registration components are the same as prior
registration step (see Sect. 2.1.1). Rigid body transform
and mutual information similarity metric are exploited, and
the parameters of the metric are assigned in a sense that
registration converges accurately and rapidly (see
Sect. 2.4).
2.2 Time series prediction for respiratory motion
compensation
Time series prediction approaches have shown promising
performance by effectively delivering a prescribed dose of
radiation to the entire volume of a moving tumor. Murphy
and Dieterich [29] and Sharp et al. [19] investigated the
effectiveness of linear adaptive filter, Kalman filter and
neural network in predicting the future position of a target
tumor known as adaptive radiotherapy. Also, Xu et al. [30]
and Ramrath et al. [21] studied the compensation for
respiratory motion via EKF with promising results.
Therefore, usefulness of EKF and linear adaptive filter
were investigated in this study.
2.2.1 Extended Kalman filter for respiratory motion
prediction
Respiratory motion has a periodic pattern very similar to
sinusoidal motion making it a suitable model for respiration [31]. However, the mean, amplitude, and period
of the model should be quantified dynamically due to
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non-stationary respiration. In this study we propose an EKF
model based on sinusoidal behavior of the respiratory
motion to assess and adjust these parameters online.
A sinusoidal motion can be described using the following
second-order differential equation for a 1D time series:
o2 x
þ kx ¼ 0
ot2

ð1Þ

where x ¼ a sinðwtÞ þ b cosðwtÞ and k = w2. Using a state
variable v, we can rewrite this second-order differential
equation as a system of first-order equations:
 ov
ot ¼ kx
ð2Þ
ox
ot ¼ v
Using second-order Runge–Kutta method results in the
following difference equations for calculating xn?1 and
vn?1. To take into account variation in the respiration
period, k is assumed as a variable to let the model to adapt
itself to the said variation. Similarly, a variable b is used to
model patient drifts.
8
xnþ1 ¼ ð1  kn =2Þxn þ vn
>
>
<
vnþ1 ¼ kn xn þ ð1  kn =2Þvn
ð3Þ
knþ1 ¼ kn
>
>
:
bnþ1 ¼ bn
Total state of the system at time step n is represented using
vector Yn ¼ ½ xn vn kn bn T : To linearize the above
difference equation Jacobian matrix is used as follows:
2
3
ð1  kn =2Þ
1
xn =2
0
6 k
ð1  kn =2Þ ðxn  vn =2Þ 0 7
n
6
7
ð4Þ
An ¼ 6
7
4
0
0
1
05
0

0

0

1

Moreover, the dynamic and the measurement equations are
as follow:

Yn ¼ An1 Yn1 þ Wn1
ð5Þ
zn ¼ HYn þ un

noise covariance for rotation angle predictor is 0.04. Both
values were assessed empirically in the proximity of the
registration error in assessing translation and rotation angle
in real-time situation. Process noise covariance for all
directions were empirically observed to be the same and
were equal to:
2 3
3
0
0
0
10
6 0
106
0
0 7
6
7
ð7Þ
Q¼6
7
6
4 0
0
10
0 5
0

0

0

103

Additionally, initial error covariance matrix for all
directions was set to a small value which is:
2 3
3
0
0
0
10
6 0
103
0
0 7
6
7
P0 ¼ 6
ð8Þ
7
4 0
0
103
0 5
0
0
0
103
Convergence of the Kalman filter depends less on the error
covariance. As a result, any small value in this range will
have nearly similar performance.
2.2.2 Adaptive linear filter for respiratory motion
prediction
As mentioned earlier, adaptive linear filter has been
investigated in adaptive radiotherapy in which the future
position of the tumor is predicted using a linear combination of previously observed positions of the tumor [19, 29],
called tapped delay line. The architecture of the filter is
illustrated in Fig. 2. The weights of the samples in tapped
delay line (Mn) are updated using least mean square (LMS)
algorithm and update formulas:
Mn ¼ Mn1 þ lXn en

ð9Þ

where Xn is the current tapped delay line and en is the
error signal. The choice of parameter l determines the

where Wn and un are the process and measurement noise,
respectively, and zn is simply the summation of baseline
drift bn, sinusoidal motion xn and measurement noise
un, hence H ¼ ½ 1 0 0 1 : Wn and un are assumed to
be independent of each other and normal.

pðWÞ  Nð0; QÞ
ð6Þ
pðuÞ  Nð0; rÞ
Furthermore, to predict each direction a separate Kalman
filter is employed. Consequently, four different Kalman
filters are used for predicting the future position of the
heart.
Kalman filter noise parameter Measurement noise
covariance for translation directions is 0.5. Measurement
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Fig. 2 Architecture of adaptive linear filter using LMS algorithm
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convergence speed of the LMS algorithm. A relatively
small value of l can also ensure that the filter remains
stable to the sudden changes caused by the noise.
Adaptive linear filter parameters The length of tapped
delay line is a model selection parameter. Different lengths
were tested ranging from 5 to 30 and, it turns out that 25
previous samples are adequate to predict a precise future
position.
2.3 Experiment setup
Since registration is unsupervised, validation is a problematic stage in image registration. In other words, the
ground truth values are unknown. Nonetheless, the most
common method is fiducial registration error (FRE) which
entails locating anatomical landmarks on both the source
and target images, which is not obviously a precise method
because on one hand, the apparent anatomical landmarks
are not evenly distributed in our cardiac images. On the
other hand, observation itself is a source of error. Consequently, we used synthetic respiratory motion to assess the
tolerance of the method as precisely as possible. It also,
helps us compare our approach to the method developed by
our colleagues, Chung et al. [14].
Breath-hold prior volume was acquired from a human
subject using a 1.5 T Signa EXCITE MR GE System with
cardiac surface coil approximated by a set of contiguous,
breath-hold, gated cine MRI. BHPV was acquired from
FIESTA short access (SA) view (matrix size = 256 9
256, slice thickness = 5 mm, and in-plane resolution =
1.367 mm 9 1.367 mm), consisting of 16 slices covering
the entire volume of the myocardium with cardiac gating
information, consisting of 20 cardiac phases per SA slice.
The BPSS and RTBS series were acquired with frame rate
of 12 FPS including cardiac gating information (image
matrix size = 128 9 128, and in-plane resolution =
2.734 mm 9 2.734 mm). C?? programming language
was used for registration because of algorithm efficiency
and speed. The framework was tested on a PC with Intel
Pentium 4 CPU 3.40 GHz and 1 GB dual channel RAM
with Linux as the operating system (Kernel 2.6.24).
Interpolation method has a direct impact on the accuracy
and speed of the registration process. The most popular
interpolation techniques being used for image registration
are nearest neighbor interpolator, linear interpolator and
B-Spline interpolator. In this study, linear interpolator was
used for both prior and RT registration, because first, it
does not cause the computational burden of the B-spline
method, and second, its interpolation accuracy is far better
than that of the nearest neighbor approach.
It should also be noted that the regular step gradient
descent optimizer was used in prior and RT registration
processes.

Two periodic functions were used to simulate periodic
respiratory motion; the first is a simple sinusoidal motion
and the second one is a third-order polynomial-like periodic motion. Employing a third-order periodic motion was
a deliberate choice to evaluate the strength of the predictors
for non-sinusoidal periodic motions.
Four different simulations were used to evaluate the
performance of the proposed predictors in different situations as described below.
1.

2.

3.

4.

Varying amplitude simulation (VA) ten smooth respiration cycles as BPSS plus five cycles of decreasing
amplitude motion declining linearly from 26 to
2=3 26 mm with a third-order polynomial periodic
motion as RTBS series.
Varying oeriod simulation (VP) ten smooth respiration
cycles as BPSS plus five cycles of varying period
respiratory motion ranging through 5, 4, 3, 4 and 5 s,
sequentially with third-order polynomial periodic
motion as RTBS series.
SHort drift simulation (SHD) ten smooth respiration
cycles as BPSS plus 1.6 cycle of respiration with
constant drift velocity 0.5 mm/s, all with a sinusoidal
periodic motion as RTBS series (inspired from Chung
et al. [14] simulation).
Long drift simulation (LD) ten smooth respiration
cycles as BPSS plus ten cycles of respiration with
sinusoidal drift as RTBS series with amplitude 5 mm
in AP direction, all with a third-order polynomial
periodic motion. Period of additive sinusoidal drift is
50 s through which drift speed reaches to the maximum of 0.63 mm/s. This periodic drift is much more
complicated in comparison with the previous simulation both in terms of velocity and amplitude.

These synthetic motions are designed to simulate
very common non-stationary characteristics of respiratory
motion.
2.3.1 Synthetic breathing prior slice series
Statistical and geometrical heart respiratory motion was
previously studied by McLeish et al. [32]. They reported
12.4 ± 5.9, 4.3 ± 3.7, and 2.0 ± 2.1 mm average translation in the CC, AP and RL directions, respectively (with
the maximum translation and rotation 26 mm and 9.58,
respectively). To synthesize respiration motion, periodic
translation pattern with amplitude 26 mm in direction
(18.3, 8.0, 4.1 mm) along CC, AP and RL, respectively,
was simulated. This is the maximum translation amplitude
assessed by the authors. Also, periodic rotation pattern with
amplitude 9.58 was applied. Both translation and rotation
simulations reach their maximum at the same time in order
to study very challenging situations. After synthesizing
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respiration cyclic motion and applying this motion to
BHPV, ten cycles of BPSS are synthesized by resampling
slices 4, 8, and 12 (in head-to-foot direction) of BHPV in
their positions before applying any synthesized translation
or rotation.
In order to simulate the breathing image quality, each
simulated breathing slice (any of BPSS and RTBS datasets)
was resampled to half of BHPV, so image matrix size is
128 9 128 (resolution = 2.734 mm 9 2.734 mm). Similarity of the synthesized RT image and the real ones was
measured. Noise was assessed for both images and was
obtained 0.051 ± 0.02 in RT images and 0.104 ± 0.031
gray scale values in synthetic RT images. To perform a
more sophisticated simulation compared with the assumption made by Chung et al. [14], the respiration cycle period
of 5 s and RT frame rate of 12 FPS were considered.
2.3.2 Acquisition and filter training time
Clinically acquiring BHPV and BPSS takes 25–30 min
each including defining the short axis plane. Also, calibration of the predictors takes less than a tenth of a second
(measured by time function in standard C programming
language library) for all direction including the rotation.
2.3.3 Validation
In order to validate the performance of our proposed
framework, we use mean pixel registration error (MPRE),
which is simply the mean of differences between positions
of the pixels in optimum match and the position of pixels in
assessed match via registration (see Fig. 3).
X
X
MPREðT 0 Þ ¼
PREðpÞ ¼
jTðpÞ  T 0 ðpÞj
ð10Þ
p2Pm

p2Pm

where Pm is the set of moving image pixels (RT 2D slice)
in the region of the interest containing the whole

Fig. 3 Pixel registration error (PRE) is the distance between the
transformed position of a pixel using optimal transform T and the
calculated transform via registration T0
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Fig. 4 Visual validation using a different color apporach. Existence
of red or green pixels depicts poor registration

myocardium. An average of MPRE (AMPRE) for all time
steps is calculated in order to validate the framework for
each simulation.
Visual validation is performed using a different color
approach in which the transformed moving image with red
pixels is overlaid with the fixed image with green pixels.
The resulting image would include only yellow pixels if the
registration process was done perfectly, otherwise some red
or green color pixels appear wherever the registration
achieved poor results (see Fig. 4).
2.4 Mutual information parameter evaluation
for RT registration
Amongst various algorithms, two different implementations of mutual information as a similarity metric, proposed
by Mattes et al. [28] and Viola and Wells [33] have
attracted the most attention. Viola’s method is not fast
enough for real-time purposes, because of using long tail
Gaussian kernel functions. In contrast, since Mattes’
method takes advantage of short tail spline functions, it can
overcome the real-time challenge more effectively [28].
Moreover, parameters defined in [28] provide us with the
ability to achieve the necessary accuracy and speed with
respect to our problem setting. These parameters are the
number of bins and the number of samples (the number of
pixels utilized for mutual information) being used to
measure the mutual information. To determine the best
values for the parameters, we used a simple experiment in
which we studied the registration time needed to reach an
MPRE \0.5 mm for different bin numbers and sample
numbers ranging from 30 to 70 and from 100 and 700,
respectively. In the experiment, a 2D slice and a 3D
volume were initially translated 3.0 mm (in 5 different
random directions for each of 20 cardiac phases) and
rotated for 1 from optimum match (Indeed, this initial
mismatch is equal to the error of predictors in forecasting
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Fig. 5 Value of MPRE during registration steps for different number
of samples and for the best number of bins

Table 1 Registration time (milliseconds) to reach MPRE \0.5 mm
for different number of bins and different number of samples
Bin/sample

100

30

[200

40

117.0

200

300

400

500

55.0

115.0

73.5

95.4

109.6

53.0

69.4

80.8

84.6

112.6

600

50

[200

135.0

64.8

86.9

87.3

96.6

60

[200

80.0

74.2

99.5

113.7

111.2

70

[200

180.0

103.0

98.1

96.8

114.3

the heart’s displacement and rotation.). Then the registration process is triggered to reach MPRE lower than
0.5 mm. Finally, the best pair of parameters are determined
as being those that allow the registration process to finish in
\83 ms (assuming frame rate 12 FPS for RT images).
MPRE of each step in optimization process to obtain the
optimum number of bins for each number of samples is
plotted in Fig. 5. MPRE declines as the time advances.
According to Table 1, using 200 samples and 40 bins,
the average registration time will be about 53.0 ms which
is suitable for real-time registration process with frame rate
12 FPS.

3 Results
Results of four different synthetic motions proposed in
Sect. 2.3 are summarized below:
•

•

To evaluate tolerance and robustness in varying
amplitude cases, VA simulation was employed for
both the adaptive linear filter and the EKF model.
MPRE measurements for some periods are depicted
in Figs. 6 and 8 for three slices 4, 8, and 12. AMPRE

•

during this simulation are reported in Tables 2 and 3
indicating remarkable performance in varying amplitude respirations particularly for adaptive linear filter.
The different color overlay result of three slices 4, 8
and 12 using the two predictors is illustrated in Figs. 7
and 9 for visual validation.
Robustness of the approach in varying respiration
periods was studied by VP simulation. The respiration
period is varied between 3 and 5 s during only five
respiration cycles. MPRE for each frame during
successive respiration periods 4, 3 s are illustrated in
Figs. 6 and 8 for three slices 4, 8 and 12 for the two
predictors. AMPRE of the five cycles of the simulation
are summarized in Tables 2 and 3 for the selected slices
showing that the proposed method is tolerant to
variation in the respiration period. The two filters
perform equally well in this simulation. A different
color overlay result of three slices 4, 8 and 12 is
depicted in Figs. 7 and 9.
Comparison between presented method and in-plane
contour tracking method proposed by Chung et al. [14]
was inspected during SHD simulation for adaptive
linear filter and the EKF model (see Tables 2, 3).
Results are showing improvement in accuracy, especially for frame no. 8, and all are acceptable in a
clinical condition. Note that out-of-plane rotation and
through-plane translation are tolerated in the proposed
framework which makes it practical and superior to
contour tracking method. AMPRE of the two filters are
almost the same. MPRE for some periods of the
simulation is illustrated in Figs. 6 and 8 for slices 4, 8,
and 12. Different color overlay result of three slices 4,
8, and 12 is also depicted in Figs. 9 and 7.
To show robustness of our approach to more complex
drift motions long drift simulation was considered.
According to results (see Table 4), linear filter can
predict such drifts. However, the proposed EKF model
cannot predict this motion. MPRE for some periods of
the simulation is illustrated in Fig. 6 for slices 4, 8, and
12. Different color overlay results of three slices 4, 8,
and 12 is illustrated in Fig. 7.

MPRE is better for slice 8 through all simulations
because rotation manifests itself as large translation for
slices far from the rotation center. Also, MPRE has high
values near the peaks of the periodic motions (frames no.
75, 105, 135, and 165 for Figs. 8a and 6a, frames no. 72,
96, 117, and 135 for Figs. 8b and 6b, frames no. 15, 45, and
75 for Figs. 8c and 6c, and frames no. 75, 105, 135, and
165 for Fig. 6d) because non-linearity increases near these
moments. To put it in simpler terms, since for the EKF
model, the implemented model is a linearized version of
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Fig. 6 a MPRE for adaptive
linear filter for two periods
(61–120 is period no. 1,
121–180 is period no. 2) of
varying amplitude simulation
for slices 4, 8 and 12. b MPRE
for adaptive linear filter for two
periods [61–108 is period no. 1
(4 s), 109–144 is period no. 2
(3 s)] of varying period
simulation for slices 4, 8 and 12.
c MPRE for adaptive linear
filter for two periods (1–60 is
period no. 1, 61–100 is part of
period no. 2) of short drift
simulation for slices 4, 8 and 12.
d MPRE for two periods
(61–120 is period no. 1,
121–180 is period no. 2) of long
drift simulation for slices 4, 8
and 12

(a)

(b)

(c)

(d)

Table 2 Comparison between the proposed method and contour
tracking method (CTM) (SHD); AMPRE for varying amplitude (VA);
and varying period simulations using adaptive linear filter predictors

Table 3 Comparison between proposed method and contour tracking
method (CTM) (SHD); AMPRE for varying amplitude (VA); and
varying period (VP) simulations using EKF predictors

Simulation

VA

Simulation

SHD

Slice no.:

4

Slice no.:

4

AMPRE
(mm)

0.98 0.31 1.19 1.52 0.54 1.39 0.78 0.38 1.15 1.61

AMPRE
(mm)

0.76 0.46 1.42 1.61

SD (mm)

0.43 0.45 0.53 0.94 0.60 0.57 0.44 0.19 0.83 0.57

SD (mm)

0.38 0.22 0.85 0.57

0.48 0.35 0.78 0.59 0.30 0.78

Max MPRE 1.99 1.73 5.35 3.62
(mm)

5.14 2.89 5.66 4.70 1.69 5.87

VP
8

12

4

SHD
8

12

4

8

12

CTM

Max MPRE 3.21 3.93 4.02 2.89 3.09 3.31 3.38 0.92 4.21 3.62
(mm)
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VA
8

12

CTM 4

VP
8

12

4

8

12

1.17 0.55 1.33 1.23 0.49 1.41
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Table 4 Average, standard deviation and maximum for MPRE for
long drift simulation (LD) using adaptive linear filter predictor
Simulation

LD

Slice no.:

4

8

12

AMPRE (mm)

1.46

0.50

1.40

SD (mm)

1.08

0.57

1.03

Max MPRE (mm)

5.78

5.17

5.12

the original sinusoidal model and the adaptive linear filter
is naturally linear, our approximated model does not perform very well in such moments.

Some limited number of large values of MPRE in graphs
is the result of the divergence of RT registration process. In
other words, sometimes the predicted values of the translation and rotation are not close enough to the optimum
values. Therefore, the RT registration process diverges.
However, since the predictors are resistant to sudden large
variations, they do not affect the accuracy in the next time
steps seriously.
As mentioned earlier, we used third-order polynomial
describing the respiratory motions in order to assess the
robustness of the proposed approach for non-sinusoidal
motions. This model performed just the same as it did with
sinusoidal motions. According to the results, it turned out

Fig. 7 Overlay result of
registration for slices 4, 8, and
12 during VA simulation (row
1), VP simulation (row 2), SHD
simulation (row 3) and LD
simulation (row 4) for adaptive
linear filter
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Fig. 8 a MPRE for EKF for
two periods (61–120 is period
no. 1, 121–180 is period no. 2)
of varying amplitude simulation
for slices 4, 8 and 12. b MPRE
for EKF for two periods [61 108
is period no. 1 (4 s), 109–144 is
period no. 2 (3 s)] of varying
period simulation for slices 4, 8
and 12. c MPRE for EKF for
two periods (1–60 is period
no. 1, 61–100 is part of period
no. 2) of short drift simulation
for slices 4, 8 and 12

(a)

(b)

(c)

that although respiratory motion is not sinusoidal in this
situation, an EKF model based on sinusoidal motion is
accurate enough to let the EKF track the respiratory motion
even if periodic motion is not essentially sinusoidal.
Note that calibration of filter parameters is completed
very quickly for both predictors. Basically, the calibration
time depends on the length of 4D time series extracted
from pre-operative registration stage. At each time step of
this 4D times series, only a handful of floating point
operations are performed to adjust the parameters of both
predictors. For ten cycles of respiration, it takes less than a
tenth of a second to assess parameters for both adaptive
linear filter and EKF which is acceptable in a clinical
situation.
As the last validation step, we removed the predictors
and used the rotation and translation of the previous time
step as initial solution for the real-time registration. In this
situation, since the difference between initial solution and
optimal solution is too large, the mutual information registration could not compensate it in real-time situation (12
times per s). Subsequently, after a few time steps, the
difference between pre-operative images and the their
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accurate position became larger and never converged
again. Therefore, we took advantage of predictors so as to
provide mutual information with more accurate initial
solution. Consequently, mutual information could compensate the difference faster and more accurately.

4 Discussion and conclusion
In this work, we investigated the possibility of free respiration during RT cardiac MR image registration. Time
series predictors were exploited to speed up RT registration
in that the next position of heart is predicted. The whole
process is divided into three stages: prior registration, filter
parameters calibration, and RT registration. Cyclic respiratory motion is extracted during prior registration. The
extracted motion is then presented to a set of time series
predictors for parameter calibration. During the intervention, predictors are providing RT registration with very
accurate initial solutions which shortens RT image registration at each time step. This allows the registration
algorithm to bring the pre-operative MRI into alignment

J Real-Time Image Proc
Fig. 9 Overlay result of
registration for slices 4, 8, and
12 during VA simulation (top),
VP simulation (middle) and
SHD simulation (bottom) for
extended Kalman filter

with the 2D RT images 12 times a second realizing RT
fusion.
The proposed framework was tested using a gated 4D
cardiac MR cine series, representing a complete cardiac
cycle captured from a human subject in breath-hold mode.
Breathing 2D slice series were synthesized to simulate four
common different variations in respiration trend consisting
of: Varying Amplitude Simulation, Varying Period Simulation, Short Drift Simulation, and Long Drift Simulation.
In all of the simulations AMPRE is \2 mm using the
proposed framework which is absolutely acceptable in
clinical circumstances showing that variations in respiration amplitude, respiration period, and large drifts can be
satisfactorily tolerated. Proposed framework also was
compared to the contour tracking method and we observed
marked improvement in results. Besides, proposed framework can tolerate out-of-plane rotation and through-plane
translations in comparison with contour tracking method.

We have used EKF and adaptive linear filter to predict
next position of the heart caused by respiration. Kalman
filter is an optimal state estimator for linear systems, which
minimizes the mean of the squared estimation error. The
recursive feature of the Kalman filter makes it suitable for
on-line prediction. However, for non-linear signals, model
selection and model linearization affect the predictions
performance. In contrast, adaptive linear filters have less
model complexity so that model selection is done simply
by choosing the length of tapped delay line and it has also
compensated long drift simulation in comparison with EKF
predictors according to our experiment results.
A single processor personal computer was used to perform on-line prediction and registration during our experiments and it is evident that working with multiple
processors and parallel registration techniques [34, 35]
provides more CPU time making the RT registration
component more rapid and more accurate. Besides, there
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are some other prediction techniques such as partial least
square fitting and Fourier series model which we will
consider to see how they improve the results. Also, since
we plan to extend the same framework for ultrasound to
MR image registration, it is inevitable to use mutual
information as similarity metric. However, for sole single
modality registration, improved Gauss–Newton optimization method using squared differences similarity metric
[36] is a rapid registration method which potentially speeds
up single modality registration using the same framework
for real-time applications.
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