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Abstract— We propose to evaluate automatic three-
dimensional gray-value rigid registration (RR) methods for
prostate localization on cone-beam computed tomography
(CBCT) scans. In total, 103 CBCT scans of 9 prostate patients
have been analyzed. Each one was registered to the planning
CT scan using different methods: (a) global RR, (b) pelvis bone
structure RR, (c) bone RR refined by local soft-tissue RR using
the CT clinical target volume (CTV) expanded with a 1, 3, 5,
8, 10, 12, 15 or 20-mm margin. To evaluate results, a radiation
oncologist was asked to manually delineate the CTV on the
CBCT scans. The Dice coefficients between each automatic
CBCT segmentation - derived from the transformation of the
manual CT segmentation - and the manual CBCT segmentation
were calculated. Global or bone CT/CBCT RR has been shown
to yield insufficient results in average. Local RR with an 8-
mm margin around the CTV after bone RR was found to be
the best candidate for systematically significantly improving
prostate localization.

Index Terms—Rigid registration, segmentation, cone-beam
computed tomography, image-guided radiotherapy, prostate
cancer.

I. INTRODUCTION

IGHLY conformal radiation therapy has provided an

opportunity for dose escalation but requires in return
greater precision in treatment set-up and delivery [1]. How-
ever the prostate is known to be a moving and deformable
gland, and its motion nature is well-documented [2]. This
limits the effectiveness of skin marks in patient set-up.
Daily prostate image guidance helps to correct for inter-
fractional set-up errors and to optimize tumor coverage and
organs at risk avoidance. Image guidance produces images
immediately before each treatment fraction, with the patient
in the treatment position. These images are compared, either
manually or automatically, with initial images acquired prior
to treatment planning at an earlier stage. The spatial differ-
ences between the planned and the daily tumor positions are
referred to as patient set-up errors.
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Techniques for daily prostate localization include kilo-
voltage cone-beam computed tomography (CBCT) systems
attached to the treatment unit. The CBCT image consists
of a three-dimensional volumetric image resulting from the
reconstruction of mutiple kV projections acquired at dif-
ferent angles [3]. Prostate localization on CBCT scans is
challenging due to the relatively poor image quality. It is
due to low soft-tissue contrast (more scatter and hence more
noise than in a CT image at the same level of radiation
dose [4]) and streaking artifacts caused by possible moving
gas pockets in the rectum during CBCT image acquisition
(i.e. intra-fraction motion) [5]. Moreover Deurloo et al.
reported that the deformation of prostate and seminal vesicles
during the course of radiotherapy is small compared to
organ motion and therefore in image-guided radiotherapy
(IGRT) of prostate cancer, in first order, only set-up error and
organ motion need to be corrected for, whereas prostate and
seminal vesicles deformation can be considered as a second-
order effect [2]. They concluded that this finding drastically
simplifies the task of on-line image guidance for the prostate.

Court et al. have developed an automatic monomodal
CT/in-room-CT rigid registration of the prostate for IGRT
[6]. The present study appears as a preliminary study
where we propose to evaluate automatic segmentation of
the prostate on CBCT scans using different methods of
(multimodal) CT/CBCT rigid registration (RR) for IGRT,
namely global RR, bone RR, and local soft-tissue RR focused
on the prostate region expanded with several margins. To our
knowledge, there are no published data about the effect of the
margin size on local CT/CBCT RR quality. We also discuss
and quantify the impact of air in the rectum on RR quality.

II. MATERIAL AND METHODS

The process of automatic CBCT prostate segmentation
operates by performing RR between the (daily) CBCT and
the (initial) planning CT scans. The resulting displacement
is then applied to the contours manually delineated on the
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planning CT scan to create the new CBCT contours. Three
types of RR methods are tested :

(a) global RR,

(b) RR of the pelvis bone structures of CT and CBCT
images,

(c) bone RR followed by local soft-tissue RR. The latter is
conducted using a region of interest (ROI) defined by the
CT clinical target volume (CTV) expanded with several
margins, namely 1, 3, 5, 8, 10, 12, 15 or 20 mm. The
CTYV represents the whole prostate gland (i.e. the volume
delineated by the physician).

A. Data collection

In total, 103 images of 9 prostate cancer patients have
been analyzed. All patients were asked to follow a dietary
protocol in order to have a full bladder and an empty air-free
rectum at the moment of the treatment. The planning CT data
were acquired using a General Electrics Light Speed scan-
ner. The treatment system was an ELEKTA Synergy linear
accelerator (LINAC) equipped with CBCT imaging (named
x-ray volume imaging (XVI)) whose axis is perpendicular to
the treatment axis. During CT (CBCT) acquisition, the peak-
voltage, X-ray tube current and exposure time were 120 kVp
(120 kVp), 300 mA (40 mA or 64 mA) and 1000 ms (40
ms), respectively. Slice thickness was 3 mm and 1 mm for
CT and CBCT scans, respectively. Combined with the beam
geometry (fan for CT and cone for CBCT), these parameters
account for CBCT’s lower image quality compared to CT.
The number of slices ranged from 89 to 132 slices in each
CT scan, and was 168 in each CBCT scan. Each CT (CBCT)
slice had 512 x 512 (410 x 410) pixels, with a typical in-
plane resolution of 0.98 (1.00) mm.

For clinical requirements, the prostate CTV was manually
delineated on each planning CT scan by a radiation oncol-
ogist using clinical software (this step is always required in
clinical practice for treatment planning). For the purposes of
this study, i.e. for validation, the same radiation oncologist
manually delineated the CTV on each CBCT scan, using
ITK-SNAP, a free cross-platform open-source software ap-
plication for manual segmentations [7]. Because it was an
extremely tedious and time-consuming task, only every three
slices was delineated on each CBCT scan while all slices
were delineated on the CT scans. The missing 1 mm-thick
CBCT contours were estimated and the manually delineated
3 mm-thick CT contours were upsampled to a slice thickness
of 1 mm so that both segmented volumes had the same z-
resolution (necessary for the quantitative validation). To do
so, we implemented the shape-based interpolation method
proposed by Raya and Udupa [8] (code available at http:
//hdl.handle.net/10380/3390).

The CT contours were used both in the definition of the
soft-tissue mask associated to the CT gray-value image input
to the local RR and as ground truth in the quantitative RR
validation. The CBCT contours were only used as ground
truth in quantitative RR validation.

B. Registration algorithm

A typical image registration framework has four basic
components: metric, optimizer, transform and interpolator.
The metric measures image similarity between the fixed
(CT) and the moving (CBCT) images. It is defined as a
statistical measure between the gray-value distribution of
the two images. Because the context is multimodal image
registration, normalized-cross correlation was chosen as an
advanced cost function. When masks are associated to the
images to be registered, only pixels that belong to the
intersection of the masks are considered for the computation
of the metric. The similarity between images was intensity-
based, allowing the registration method to be fully automatic.
Optimization was performed with the regular step gradient
method. Transformations were rigid and hence they had
only six degrees of freedom (translations and rotations).
Linear interpolation was used in all our experiments. Three
resolution levels were used.

In prior to CT/CBCT RR, there were some preprocessing
steps to carry out (Fig. 1 for steps 1-4):

1) Convert the planning CT Dicom image set and the
CBCT DicomRT image set into 3D volumetric meta-
image files to get rid off all patient-related information.
These are the gray-value images that are passed as
inputs to the global RR and the local soft-tissue RR.
All further processings use meta-images.

2) Offset the planning CT image so that its isocenter
coincides with the treatment isocenter (i.e. the CBCT
system’s isocenter). To do so, the information about the
planning CT isocenter coordinates are retrieved from
the Dicom RTStruct file and compared with the LINAC
isocenter coordinates (which are set to 0,0,0). This is
the starting point for RR.

3) Create the 3D binary masks that identify the patient’s
body on both gray-value images. These were the masks
by default (i.e. if no other masks were used instead)
associated to the gray-value images in the RR process.
They allow ignoring pixels “outside” the patient (e.g.
treatment table or artifacts) and may adversely influence
the registration process.

4) (This step concerns the bone RR only.) Threshold the
CT and CBCT gray-value images to show exclusively
the pelvis bone structure. The threshold level used to
extract the bone anatomy was 150 HU (HU stands
for Hounsfield unit, an XRay attenuation unit used in
CT scan interpretation and characterizing the relative
density of a substance) for the CT gray-value image, and
-140 a.u. for the CBCT gray-value image (the CBCT
system is usually not calibrated in its normal clinical
use, and hence the units are arbitrary). These thresh-
olded images are registered, each one being associated
with its corresponding patient body mask.

5) (This step concerns the local soft-tissue RR only.) Ex-
pand the physician-drawn CT CTV by the tested margin
(1, 3, 5, 8, 10, 12, 15 or 20 mm). This creates the 3D
region-of-interest (ROI) masks to be associated to the
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Fig. 1: Diagram of the data pre-processing carried out in this study

CT gray-value image in the local soft-tissue RR process,
replacing the CT patient body mask.

For this study, all the data processing and visualization
were performed on a Linux computer with distribution
openSUSE 11.4 x86_64, with an Intel Dual Core i5-560M
2.66 GHz processor, 3MB L2 cache, 4 threads, and 8GB
RAM.

For our implementation, the following open-source soft-
ware, based on C++, was used:

« the Insight Toolkit ITK [9], freely available at www .

itk.org,

o the ITK-based Command Line Image Toolkit clitk,

freely available at http://www.creatis.
insa-lyon.fr/rio/clitk.

C. Validation

To evaluate the RR results, we calculated the Dice simi-
larity coefficient between the automatic CBCT segmentation
and the manual CBCT segmentation (referred to as ground
truth). Dice’s similarity coefficient between a volume, A, and
a volume, B, is defined as follows [10] :

2-(ANB)
A+B
Ideally, when the two volumes perfectly overlap, the Dice

coefficient equals 1. A null Dice coefficient corresponds to
two disjoint volumes.

(D

Dice’s similarity coefficient =

D. Statistical analysis

Differences in the Dice results across the multiple RR
methods were tested for significance using the inferential
non-parametric Friedman statistical test (with « set to 0.05),
a version of the parametric repeated-measures ANOVA. The
null hypothesis for the Friedman test is that there are no
differences between the RR methods, i.e. that the distribu-
tions are the same across the multiple RR methods. If the
calculated probability is low (p < 0.05), the null hypothesis
is rejected and it can be concluded that at least two of the
RR methods are significantly different from each other. The

Wilcoxon-Nemenyi-McDonald-Thompson post-hoc test was
conducted to decide which methods are significantly different
from each other [11, page 295]. A p-value < 0.05 (< 0.01)
was considered (highly) significant. Software R, version 2.12,
was used for all statistical analysis [12].

III. RESULTS

The Dice histograms for all data per RR method are
illustrated in Fig. 2.

The statistical analysis showed that there was a highly
significant difference between the following RR methods:
(c)5mm vs (a) (p = 2.01077), (c)5Smm vs (b) (p = 6.6 1079),
(c)5mm vs (c)lmm (p = 1.11075), (c)8mm vs (a) (p =
2.010™%), (c)8mm vs (b) (p = 4.010~7), (c)8mm vs (c)lmm
(p = 2.8107°), and (c)10mm vs (b) (p = 6.11073). All RR
methods were found to yield DICE results significantly dif-
ferent from those obtained without registration. In increasing
order, the medians were found to be 0.785, 0.786, 0.787,
0.796, 0.796, 0.799, 0.806, 0.806, 0.819, 0.823 for methods
(d), (a), (¢)Imm, (c)20mm, (c)12mm, (c)15mm, (¢)3mm,
(c)10mm, (c)8mm, (c)5Smm, respectively. The median with-
out registration was 0.742. Therefore, statistically, RR gives
the best agreement when performed locally on soft tissue,
with 5-mm and 8-mm CTV expansions.

For a given CBCT image, results are considered successful
if all the RR methods give a Dice result higher than that
obtained without registration (otherwise they are considered
unsuccessful). Fig. 3 (A) shows the boxplots of successful
results per RR method (51 CBCT images over 103). Global
and bone RRs resulted in the same boxplot aspect. Indeed
the brightest pixel intensities in CT and CBCT images are
those of the bone structure. The lowest standard deviation
(SD) was observed for 1-mm CTV expansion. The bigger
the CTV expansion, the more the boxplots looked like those
of the global and bone RRs.

IV. DISCUSSION

Fig. 2 shows that the ANOVA could not be applied to
compare the RR methods because the distributions do not
seem to be normal and the homoscedasticity assumption
is not met either. The distributions are all asymetric, the
left side tails being longer that the right side one in all
cases. The reason for that seems to be dual. Other than
the fact that RR is unable to account for the change in
prostate shape (a deformable registration would be able to
do so) and hence to match the prostate perfectly well on
both images, the inter-modality and intra-observer variability
of prostate delineation on CT and CBCT scans reduces
the expected actual Dice coefficient [13], [14]. In other
words, even in the ideal situation of a perfect agreement
between the automatic CBCT segmentation (derived from
the transformation of the CT manual segmentation) and the
manual CBCT segmentation, the Dice coefficient will never
reach 1.

Smitsmans et al. reported that CT/CBCT RRs mainly
failed because of streaks in the CBCT scans caused by mov-
ing gas pockets in the rectum during CBCT acquisition [15].
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Fig. 2: Histograms of the Dice results obtained with several methods
of CT/CBCT rigid image registration (RIR) methods: (a) without
RIR, (b) global RIR, (c) bone RIR, and (d) to (k) a bone RIR
refined by a local soft-tissue RIR using the CT clinical target
volume expanded with a 1, 3, 5, 8, 10, 12, 15 and 20-mm margin,
respectively. There were 20 bins with 0.05 width from 0 and 1.

Furthermore we investigated the influence of air quantity in
the rectum on prostate RR quality. Let r be the ratio of the
mean pixel intensity in the rectum to that in the prostate.
r represents the proportion of air in the rectum (an air-free
empty rectum and a prostate, being both soft tissue, have
the same range of pixel intensities). The unsuccessful results
were split into two groups characterized by lower and higher
r values, respectively. We observed that a critical r value of
1.3 resulted in the emergence of two meaningful groups,
as shown in Fig. 3 (B) (33 CBCT images over 103) and
Fig. 3 (C) (19 CBCT images over 103). For CBCT images
that contained relatively little gas in the rectum (r < 1.3,
Fig. 3 (B)), registration failures concerned global RR, bone
RR or local RR with small margins (1, 3 or 5 mm) only.
Local RR with an 8-mm margin yields the best results.
When global or bone RR fails, the first reason to consider
should be the motion/deformation of the prostate gland with
respect to the bone pelvis structure. When local RR with
small margins fails, it could be caused by the lack of contrast
and/or the frequently observed presence of (moving or not)
gas pockets situated in the rectum and contiguous with the
prostate membrane. For CBCT that contained much gas in
the rectum (r > 1.3, Fig. 3 (C)), all RRs tended to prove
insufficient. We note that all successful results concerned
CBCT images with r < 1.3, except for three cases (r = 1.33,
r=1.34 and r = 1.41).

(B) Unsuccessful CT/CBCT rigid registration

(A) Successful CT/CBCT rigid registration *No much gas in rectum *

o | o

e e ==
R e T

g

DICE
DICE

0.4
0.4

— T
@ () © (@ () O (@ ¢
GTV margin (mm)

T T — T T
0 0 ® @ ) © @ ( O @ " 0 0 «
GTV margin (mm)

(C) Unsuccessful CT/CBCT rigid registration
* Much gas in rectum *

Gieises:

08

06
L

o

o

DIGE

°

04

(a) (b) (c) @) () () (@ () () G (K
CTV margin (mm)

Fig. 3: Rigid registration (RR) results have been split into two
groups: successful and unsuccessful results. RR is said to be suc-
cessful if it gives a Dice result higher than that obtained without reg-
istration. For a given CBCT image, if at least one of the RR methods
gives a lower Dice result than that obtained without registration, all
RR results for that CBCT image are considered unsuccesstul. (A)
Boxplots of successful results per RR method, namely (a) without
RIR, (b) global RR, (c) bone RR, and (d) to (k) bone RR refined by
local soft-tissue RR using the CT clinical target volume expanded
with a 1, 3, 5, 8, 10, 12, 15 and 20-mm margin, respectively.
Boxplots of unsuccessful results per RR method with (B) the ratio
of the mean pixel intensity in rectum to that in prostate, r, lower
than 1.3, and (C) r higher than 1.3. The bottom and top of each
box are the 25th and 75th percentiles (the lower and upper quartiles,
respectively), and the band within the box is the 50th percentile (the
median). The ends of the whiskers represent the lowest datum still
within 1.5 interquartile range (IQR) of the lower quartile, and the
highest datum still within 1.5 IQR of the upper quartile. Anything
outside these fences are considered as outliers and marked as dots.

V. CONCLUSION

Automatic RR results strongly depended on the presence
of air in the rectum. If relatively little gas was present in
the rectum, the best candidate for systematically significantly
improving prostate localization was found to be bone RR
followed by local soft-tissue RR with an 8-mm margin
around the CT CTV. For CBCT that contained much gas
in the rectum, all RRs tended to prove insufficient. Future
work will investigate the ability of deformable registration
to better localize prostate on CBCT images for IGRT.
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