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Abstract—Rectal cancer is the second most common form of
cancer in developed countries. The decision of an appropriate
therapeutic approach like radiation therapy or surgical interven-
tion largely depends on the quality of structural and functional
imaging methods. Dynamic contrast enhanced magnetic reso-
nance imaging (DCE-MRI) is a widely accepted method for the
non-invasive assessment of rectal tumors, suffering from artifacts
due to bowel movement, respiratory motion and rectal coil
movement. Giving the fact that MRI contrast media change the
signal intensities over time, classical image registration strategies
fail. To overcome these problems, the algorithm Virtual Template
Registration (VTR), originally designed for the registration of
DCE-MRI Renography, is adapted to register DCE-MRI data
from rectal tumors. VTR derives a smooth virtual template
image series from the DCE-MRI data, where motion artifacts are
minimized but intensity changes due to contrast media uptake
are preserved. The original dynamic time series (source images)
is then registered by applying elastic registration to the generated
virtual template. Our results indicate, that motion artifacts,
visible in evaluated time courses, are significantly reduced and
allow for a more differentiated analysis of different rectal tumor
types.

I. INTRODUCTION

Colorectal cancer is the second most common form of can-
cer in developed countries. In 1998, there were 131,000 new
cases of colorectal cancer and 56,000 deaths from colorectal
cancer in the United States [1], [2].

Detailed anatomic information on tumor extent is essential
to plan surgical procedures and to identify patients who may
benefit from radiotherapy [3], [4]. In comparison to endorectal
ultrasound, MRI is able to visualizes not only the intestinal
wall but also the surrounding pelvic anatomy [5], suggesting
MRI as the preferable imaging method. DCE-MRI is an
attractive technique for assessing the vascular physiology of
tumors, by combining good anatomical details because of
its high-contrast spatial resolution and a large field of view
with the ability to quantify vascular parameters [6], [7], [8].
Limitations of rectal MRI image quality are given by artifacts
due to bowel movement, respiratory motion and the movement
of the rectal coil, which can impair diagnostic studies [9], [10].

Several algorithms, dealing with DCE-MRI motion correc-
tion, have been presented within the last years [11], [12], [13],
[14], [15], [16], [17], [18]. However, all these methods suffer
from the following major problems:

First, the signal enhancement induced by the uptake of
contrast media is temporally varying and second, the iden-
tification of appropriate template images for the registration
of the dynamic time series is difficult because anatomical
structures may arise in postcontrast images [19]. To overcome
these problems an image registration procedure named Virtual
Template Registration (VTR) [20], originally developed to
register DCE-MRI Renography datasets, was adapted. The
major idea of VTR is to derive a virtual template image series
(template images) from the underlying signal time course in
every voxel. This leads to motion free template images that
still include uptake information of contrast media. The source
images are finally registered to the generated template images.
In this work we demonstrate that creating template images
overcome the problem of intensity changes due to the uptake
of contrast media and reduces motion artifacts to a high extent.
This allows for a more differentiated analysis of the time-
courses in different tumor tissues, which is needed to plan
further surgical or radiotherapy procedures.

II. METHODS

To focus on the area of the rectal tumor, a region-of-interest
(ROI) with the size of 64x64 pixels was marked manually
within the first frame of the source images. The same ROI
was then applied to all source images.

A. Preprocessing and template image generation

The original images were preprocessed by applying a total
variation based smoothing algorithm (TV-L2, ROF) [21], [22]
to all images of the DCE time series to reduce the influence of
noise and fine scale details which are not needed for generating
the template images. To achieve the same denoising results
over all source images the same TV regularization parameters
where used. The parameters where set empirically by visual
inspection (number of iterations = 70, λ = 0.015).

The choice of an appropriate template image for the reg-
istration of contrast enhanced dynamic series is not trivial
because of intensity changes varying with time (Fig. 1). The
idea of VTR is not to take only one template image for the
registration process, but rather to generate template images
corresponding with each source image. The main advantages
of this template sequence is that motion artifacts between two
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Fig. 1. Three DCE-MRI datasets of rectal tumors shown at three character-
istic phases: pre-contrast (column 1), begin of contrast-enhancement (column
2), contrast-enhanced (column 3).

consecutive images are decreased but intensity changes within
an image due to the uptake of contrast media are kept (Fig.
2). This is done by filtering each pixel over the time domain
separately by using a regularized Tikhonov filtering algorithm
[14], [15]. This purely temporal regularization results in a
second dynamic time series where each image is used as a
template image for the non-rigid registration algorithm (Fig.
3). Each image of the original dataset is finally registered to its
corresponding virtual template dataset. For visual assessment
of the registration result, checkerboard composite images are
created. This is done by taking small alternate blocks from the
image before and after registration which are finally combined
following a checkerboard pattern (Fig. 6).
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Fig. 2. Temporal smoothing of the red marked pixel in the left image over
the time domain (40 images) by using regularized Tikhonov filtering.

B. Image registration
A non-rigid (elastic) registration algorithm [23] accounts

for the elastic nature of the characteristic motion and was

applied to register each of the images from the dynamic
time series with its corresponding image from the template
image time series. The algorithm was performed iteratively
including the following steps:

VTR: Virtual Template Registration

1. Denoise the input images I(x, t) to obtain Ip(x, t) by
applying a TV based smoothing algorithm

Ip(x, t) =

∫

Ω

|∇Ip(x, t)| dΩ +
1

2λ

∫

Ω

(Ip(x, t)− I(x, t))2dΩ

(1)
where x represents the spatial and t the temporal domain.

2. Initialize the images Ir(x, t) = Ip(x, t) and repeat the
following until changes in Ir(x, t) are less than a given
tolerance:

3. Compute the template sequence Is(x, t) by using a regular-
ized Tikhonov filtering algorithm

Jx(I) =

∫ T

0

[
|I(t)− Ip(x, t)|2 + |I ′(t)|2

]
dt (2)

for each fixed x and setting Is(x, t) = I(t).

4. Compute the new registered sequence Ir(x, t) by minimiz-
ing the functional

Jt(u) = SSD(Ip, Is, u) +Relas(u) (3)

where u denotes the vector-valued displacement field. SSD
and Relas are defined as follows

SSD(Ip, Is, u) =

∫

Ω

|Ip(x+ u(x), t)− Is(x, t)|2dx (4)

Relas(u) =

∫

Ω

[
λ|∇ · u(x)|2 + µ/2|∇u(x)T +∇u(x)|2

]
dx

(5)
for each fixed t and setting Ir(x, t) = Ip(x + u(x), t). µ
and λ are the Lamé Constants used for elastic registration
[23] and where set empirically by visual inspection. The
term |∇u(x)T +∇u(x)|2 in (5) penalizes the departure from
rigidity.

C. Imaging protocol

In vivo DCE-MRI data were obtained from routine
examinations on a 1.5T MRI scanner (Siemens
Symphony). A 3D FLASH sequence was used
(FOV/TR/TE/α=300mm/3.34ms/1.10ms/15◦), image matrix
of 256x256, slice thickness of 4.0mm and a temporal
resolution of 6.53s at 40 time points.
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Fig. 3. Source images (first row) compared to their generated template images
(second row) after the first iteration of VTR. Three different images from the
whole dynamic time series (40 images) are shown.

D. Motion evaluation

The actual displacement of the tumor is measured in the
horizontal direction [24]. Therefore the distance from a defined
reference point at the border of the tumer to the left border
of the image is calculated (Fig. 4). This reference line gives a
quantitative parameter to score and evaluate the displacement
before and after applying VTR.

Δx

Fig. 4. Reference line to measure the actual displacement ∆x of the tumor.

III. RESULTS

By investigating the generated template images, it is seen
that motion is already reduced but intensity changes according
to the uptake of contrast media are still present (Fig. 3).
The performance of the proposed VTR algorithm to register
dynamic rectal tumor data was evaluated using in-vivo DCE-
MRI data. Five different datasets of different patients were
investigated where motion and perfusion results were observed
before and after registration. The same set of parameters was
used for all datasets. The average motion of the investigated
datasets ranges from 3-5 pixels (Fig. 4). After applying VTR,
the average motion could be decreased to 0-2 pixels. Fig. 5
shows the registration results in terms of absolute difference
images for two consecutive images of the original dynamic
time series and for the registered data set. The performance of
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Fig. 5. Absolute difference images of one patient dataset at two different
stages. The first column represents the registration result during the pre-
contrast stage, the second column during the contrast enhanced stage. Images
in the first and second row show two consecutive images, the third row
represents difference images without registration, the last row represents
difference images after applying VTR.

the proposed algorithm during the contrast-enhancement stage
is seen in Fig. 6 where results in the presence of contrast
media before and after registration are shown in two different
patient datasets where spatial displacement is marked by white
arrows.

Fig. 7 represents the effect of VTR on the time domain.
Displacements of the rectal tumors for unregistered and reg-
istered dynamic time series are shown. Critical regions near
the borders of the tumors are investigated before and after
applying VTR. Since the low frequency trend is maintained
while the high frequency perturbations are damped, it is seen
that motion artifacts are obviously decreased while the uptake
characteristics of the contrast media is preserved.

IV. DISCUSSION AND CONCLUSION

Image registration in the presence of intensity changes is
a well-studied topic in computer vision. Several similarity
measures for intermodal registration, that are robust to contrast
changes, e.g. mutual information (MI) or correlation ratio
(CR), have been developed so far. When dealing with DCE-

7th International Symposium on Image and Signal Processing and Analysis (ISPA 2011) September 4-6, 2011, Dubrovnik, Croatia

Special Sessions
Multimodal Imaging and Visualization for the Quantitative Assessment of Perfusion 769



dataset 1 dataset 2
af

te
r r

eg
is

tr
at

io
n

be
fo

re
 re

gi
st

ra
tio

n

Fig. 6. Checkerboard composite images of two consecutive frames during
the contrast-enhancement stage for four different datasets before and after
applying VTR.

MRI motion correction, it is difficult to distinguish between
intensity changes due to motion or due to contrast media
uptake. For this reason, registration is particularly critical
during the contrast enhancement stage. Due to the uptake
of contrast media, anatomical structures may arise in post-
contrast images that were not present in the pre-contrast im-
ages [19]. These new image features may cause conventional
registration methods using intensity-based similarity metrics
to fail as shown for example in registration using MI for pre-
vs. postcontrast MRI images of focal breast lesions where
artifactual deformations in regions of contrast enhancement
have been observed [19], [25], [26]. Commonly, the move-
ment artifacts between subsequent images are determined [13]
which leads to the problem of error propagation along the
dynamic series if the previous registration result is used as
input for the next. This also can be inconvenient since the
movements between two frames can be very large, depending
on the time resolution of the dataset.

In this work an algorithm named Virtual Template Reg-
istration (VTR), originally designed for minimizing motion
artifacts in DCE-MRI Renography, is adapted and evaluated
to rectal tumor registration. After applying VTR to different
datasets, it is obvious, that the displacement of the rectal
tumors could be recovered as well as the characteristics of the
signal enhancement in the tumors (Fig. 7). By investigating
the checkerboard images (Fig. 6), the effect of VTR is seen
clearly especially near border regions of the tumors.

The strength of the algorithm is its ability to accommodate
strong and fast intensity changes related to the uptake of
contrast media. VTR leads to good registration results in rectal
tumors which is important for further investigations to allow
for a better differentiation of perfusion in different tissue types.
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Fig. 7. Results after applying VTR to the whole DCE-MRI series. Three
datasets are investigated, where the registered dynamic time series is compared
to the original (non-registered) dynamic time series.

Future studies will be performed to evaluate the impact of the
proposed method to different functional parameters.
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