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ABSTRACT

This paper presents a new deformable model using both
population and patient-specific statistics to segment the
prostate from CT images. There are two novelties in the
proposed method. First, a modified scale invariant feature
transform (SIFT) local descriptor, which is more distinctive
than general intensity and gradient features, is used to
characterize the image features. Second, an online training
approach is used to build the shape statistics for accurately
capturing intra-patient variation, which is more important
than inter-patient variation for prostate segmentation in
clinical radiotherapy. Experimental results show that the
proposed method is robust and accurate, suitable for clinical
application.

Index Terms — Deformable model, shape statistics,
segmentation, SIFT, prostate CT images.

1. INTRODUCTION

Segmentation of the prostate from CT images is an
important and challenging task for prostate cancer
radiotherapy. The treatment is usually planned on a
planning CT on which the prostate and nearby critical
structures are manually contoured. The treatment is
delivered in daily fractions over a period of several weeks.
In modern adaptive radiation therapy (ART), a new CT
image is acquired before selected individual treatments to
enable adjustment of the treatment, and these images must
be manually segmented. So, for one patient under treatment,
we always have a manual segmented image for building the
therapy plan, and the remaining problem is how to segment
a series of following treatment images automatically.

The main difficulty for segmentation is the poor contrast
between the prostate and the surrounding tissues, and the
high variability of prostate shape. Deformable model based
methods address these challenges via their ability to
incorporate a priori information extracted from a training set
and their flexibility to represent object shapes. They have
thus been increasingly important for prostate segmentation.
Two key questions need to be resolved in designing these
methods:

(1) How to select the image features and design the
objective function to accurately and robustly match the
deformable surface onto the object in an image.
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(2) How to build a compact statistical shape model to
capture the shape variation more accurately.

The first point aims to characterize image features richly
and to design the objective function to guide the model
deformation. Approaches to this problem, specific to the
domain of medical image segmentation, have included
correlation of pixel intensities acquired along profiles
normal to the object boundary [1], the quantile histograms
of pixel intensities [2], and the probability distributions of
photometric variables [3]. On the other hand, various
features have been designed in computer vision, such as
scale invariant feature transform (SIFT) [4], PCA-SIFT [5],
steerable filters [6] and so on. Among these local descriptors,
SIFT has been validated as one of the best performing
feature sets in a recent comparative study [7] and has been
successfully applied in medical object segmentation [8]. So,
in our method, SIFT is used to capture image features for
guiding the prostate segmentation.

For the second point, active shape models (ASM) [1] and
m-reps [9] have supplied compact forms to capture the
shape variability, including both inter- and intra-patient
variation. In this work, we use a point-based shape model
similar to ASM.

An important advantage of working with multiple
images of the same patient is that the shape variation is
generally much less than that between patients. This is
evident in the prostate shapes of different patients shown in
Fig. 1(a), where the prostates of the same patient always
look more similar. We can quantify this observation using
our training set of 24 anonymous patients by comparing the
inter-patient average shape distance and intra-patient
average shape distance (see Fig. 1(b)). So we can say that
the inter-patient variation always dominates the final results
of principal component analysis (PCA) in ASMs or
principal geodesic analysis (PGA) in m-reps because it is
larger than intra-patient variation. This makes it hard for
ASMs or m-reps to capture the intra-patient variation
accurately.

On the other hand, for segmentation of daily treatment
images, the variation within one patient is more important
than the variation between patients. If, as we assume, we
already have one accurate segmentation for a given patient,
and if the intra-patient variation is captured accurately, the
segmentation of the following images will become easier.

Others have suggested methods to eliminate the effect of
inter-patient variation. Several groups have used some
images coming from one patient for training, and then
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segmented the other images of this same patient [2,3].
Results were good, but this kind of method is limited for
clinical application because there are usually not enough
images of the patient under therapy to be used in the training.
To overcome this problem, [10] assumes intra-patient
variation is stationary across patients and pools training
statistics on residues from the mean of each patient. In that
approach, when a patient image is being segmented, the
mean comes from the previous images of the patient being
treated, and the residue model comes from the training set.
When there are few images of the patient under therapy to
use for training, the stationarity assumption is reasonable
because there is no better choice. However, as more and
more images are acquired, it makes sense to build a more
accurate residue model by using the current patient’s images.
Based on this idea, this paper proposes an online training
mechanism. At the beginning, we use the shape and
appearance of the planning image as the mean shape and the
mean appearance, with the residue derived from the training
set as our residue model. As more images are segmented,
the shape and appearance statistics are updated online, and
the patient-specific information takes a larger and larger role
as the number of segmented images increases.
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Fig. 1. Comparison between intra-patient and inter-patient variation. (a)
Prostate shapes of three patients at four time points. Shapes in each row are
from the same patient; shapes in different columns are from different time
points. (b) The average surface distances (ASD) among 24 patients. For one
patient, the intra-patient ASD is the mean of distances between each shape
and the mean shape of that patient, and the inter-patient ASD is the distance
between the mean shape of that patient and the total mean shape of all
patients.

2. METHOD

2.1. Description
Our method consists of two major parts: online training and
deformable segmentation. For both of these steps, all the
comparisons are made in a specified benchmark space,
which we define to be the space of the planning image for
the patient being treated. All images and surfaces are
transformed to this benchmark space before further
operation. The surfaces are transformed rigidly by a least-
squares fit to the known surface already provided in the
planning image. The image being segmented has a known
position in the planning frame of reference, determined in
the clinic.
* Online training

First, for a given patient, each manually generated
surface of the training set is mapped to the benchmark space,
yielding a surface that we denote s*¥", The mean shape
s™ean of the patient is calculated, and residual shapes s*
are obtained by subtracting the mean shape s™¢%" from
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aligned shape s%9™ . This process is performed for the

training patients and for the prior images in the patient under
treatment.

Second, a weighted PCA is done to all s"* with weight
factor w¥ for the current patient and wP? for the training set.
By adjusting parameters w® and wP, we can control the
relative weights between the patient-specific and population
information flexibly.

Last, after performing weighted PCA, a reasonable
residual shape space is obtained. Then, by just shifting this
space using the s™¢%" of the current patient, we can get a
reasonable shape space D for the current patient. Thus, D is
available to guide the deformable model to segment the later
time images of the current patient. In the segmentation step,
we use the mean shape of the current patient as the model
shape, denoted as s™% . Fig. 2 demonstrates the main
procedures of online training.

It should be noted that the training is dynamic: along
with each new treatment image that is segmented, s™¢*"
and s™®° of the current patient are changed. At the same time,
we decrease wP and increase w¥ gradually. Thus, as more
subsequent images of the current patient are acquired, the
patient-specific shape statistics collected online gain more
influence.
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Fig. 2. Demonstration of main procedures of online training. In this figure,
the blocks with green represent the population information, and the yellow
one represents the patient-specific information.

* Deformable segmentation

The segmentation is implemented on the space of the
planning image. When a new treatment image is acquired, it
is rigidly transformed onto the space of the planning image
of the same patient according to the pelvic bone by using the
FLIRT software package. Thus, we can obtain a pose-
normalized image, denoted as I"°™. It is worth noting that
the model shape s™, i.e., s™¢%" of the current patient, is in
the same space with I"°™™, Thus, s™% should be close to
the prostate in the I"°™. For a more accurate initialization,
s™dl is shifted and rotated in a small scope while checking
the energy function defined in Section 2.3; when this
function reaches its minimum, a good initialization is
obtained.



For our deformable segmentation model, we introduce
SIFT features to build the appearance model (as detailed in
Section 2.3). The training strategy of the appearance model
is similar with that described above for the shape model. A
new energy function is proposed based on these shape and
appearance statistics. By optimizing this function, the
initialized shape is deformed to match the pose normalized
image I"°™ and get a deformed shape. Then this shape is
transformed to the original space of I"°™, and the final
segmentation result is obtained. The energy function is
detailed in Section 2.3.

2.2. SIFT Local Descriptor

SIFT features have been proven to be one of the best to
represent distinctive image locations [7]. Generating SIFT
features involves four major steps: (1) scale-space peak
selection; (2) key point localization; (3) orientation
assignment; (4) key point descriptor calculation. The first
two steps detect the key points in the scale space, and they
are not required in this study since we already have the
surface points along the boundaries of prostate. Therefore,
we use the last two steps to compute the SIFT features for
each surface point. Our approach is same as that in [8]. The
dominant orientation for each point is computed based on all
the gradients inside the local neighborhood around that point,
and the SIFT features are computed from the histograms of
gradients.

Now, we demonstrate the performance of the SIFT as a
distinctive feature for prostate CT images. Fig. 3 shows that
SIFT features are able to detect the corresponding points in
the prostate CT images. In this figure, the SIFT features of
the red crossed point in one treatment image as shown in Fig.
3(a) are compared with the SIFT features of all the points in
another treatment image as shown in Fig. 3(b), by using a
Euclidean distance measure between two SIFT feature
vectors. As indicated by the color-coded map in Fig. 3(c),
there are only a very small number of points in Fig. 3(b)
similar to the red crossed point in Fig. 3(a).

(©)

Fig. 3. Demonstration of SIFT features for correspondence detection in two
different treatment images of the same patient. The SIFT features of the red
crossed point in (a) is compared with the SIFT features of all the points in
(b). The resultant similarity map is color-coded and shown in (c), with
yellow representing high similarity. The red crossed point in (b) is the
corresponding point detected, which has the highest similarity within the
circular neighborhood in (c).

2.3. Deformable Segmentation Algorithm
For the deformable segmentation algorithm, we look for a
surface s* by minimizing the following equation.

s* = argming{ES"FT(s),s € D} €))

The energy term ES'FT(s) is a distance measure between
SIFT features, and minimizing it requires that the SIFT
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features of each surface point from the model image match
the SIFT features of the corresponding point in the current
treatment normalized image I"°™. For each point p; on the
surface, its SIFT feature vector v; consists of 128 elements

[8]. ES'T is defined as follows.
N 128

vi() —vi(D)
ESIFT(S) — Z z < Gl(l) ) (2)

i=11=1

Here ¥, (1) represents the /-th element of the average SIFT
feature vector of the i-th surface point in the model image
space, and v;(l) is the /-th element of the SIFT feature
vector of the corresponding point in the image I"°™. The
quotient value o;(1) is the standard deviation estimated from
the training samples. N is the total number of surface points
in the deformable surface s.

Notice that the statistics of SIFT features, i.e., the
average SIFT feature vectors and the standard deviation of
each element, are used for feature matching according to Eq.
(2). The use of the statistics of SIFT features tends to be
more robust in feature matching and less biased than the use
of SIFT features from a single image. Similar to the use of
the shape statistics, the average SIFT feature vectors V;
come from the current patient, while the standard deviation
o; is a weighted combination of the standard deviation of
the current patient and that of the training data. The weight
factor is dependent on the number of images we have
captured and processed from the same patient. This is
consistent with the use of the patient-specific shape
statistical model in our deformable segmentation procedure.

For solving Eq. (1), an iterative optimization strategy is
used to compute the deformed surface by alternately
minimizing the energy term and correcting the new surface
into the reasonable shape space D as described in Section
2.1. At the t-th iteration step:

First, the deformable surface s is updated via a local
search around its current location, so that the newly updated
surface s’ has a better match to the SIFT features of the
testing image, which yields a smaller ES'FT(st).

Second, the population-based and patient-specific shape
statistics are used to constrain the newly updated deformable
surface s’ . A reasonable surface sk is obtained by finding
the nearest surface to st in the reasonable shape space D.

Third, a new deformable surface st and a reasonable
surface sh are combined by a weighted average using
st*l =st" + w(sh —st") to get the final surface s'*! of
this iteration step. The parameter w is used to adjust the
strength of the shape constraint. In this paper, w is
decreased from 0.8 to 0 according to an exponential function
in the whole iterative segmentation procedure.

3. EXPERIMENT

Our data consists of 24 patient image sets, each with 12
daily CT scans of the male pelvic area taken during a course
of radiotherapy. The images have an in-plane resolution of
512x512 with voxel dimensions of 0.98mmx0.98mm and an
inter-slice distance of 3mm.



We are also provided expert manual segmentations of
the prostate in every image. We consider the patients
separately, i.e., segmenting the images from one patient in a
leave-one-patient-out study. For one patient, the first
treatment image is regarded as the planning image and the
remaining 11 images are segmented for evaluation, so there
are a total of 11x24=264 test images.

Two quantitative measures are used to evaluate the
performance of the algorithms, i.e., the Dice similarity
coefficient (DSC) [11] and the average surface distance
(ASD) between the automated and manual segmentation
results. A DSC value of 0.7 or greater is generally
considered to be a high level of coincidence between
segmentations [12].

Table 1. Average DSC and average ASD between the manual and

automated segmentations of all 264 images.

Mean =+ std Min Median Max
90.5 £4.0 55.1 91.2 96.9
1.90+0.71 0.84 1.76 8.35

Average DSC (%)
Average ASD (mm)

Table 1 shows the average DSC and average ASD of all
264 segmentation results using our method. It can be seen
that the mean of average DSC for the prostate is 90.5%, and
the mean of average ASD is 1.90 mm. Fig. 4 shows some
results with the DSC around 90%. One can see that when
the DSC attains 90%, the contours of the prostate given by
our method are very close to those drawn by an expert. Fig.
5 shows the DSC of each image. It can be seen that only one
image out of 264 has a DSC value less than 0.7, indicating
the robustness of our method.

Our results are comparable to those of [2,3], if slightly
less accurate. More importantly, our method is the only one
which is suitable for the clinical application among these
three methods. For our method, only a segmented planning
image is required, not a set of training images of the current
patient as the methods presented in [2,3]. This point is very
important for clinical application.

Fig. 4. Segmentation results for two slices of the 3rd treatment image of the
first patient (top) and the third patient (bottom). The DSCs of these two
results are 90.4% and 90.8%, respectively. The white contours show the
results of our method, and the black contours show the results of manual
segmentation.
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Fig. 5. DSCs of all 264 images.
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4. CONCLUSIONS

We have presented a new deformable model for segmenting
the prostate in serial CT images by using both population-
based and patient-specific statistics. The patient-specific
statistics are learned online and incrementally from the
segmentation results of previous treatment images of the
same patient. In particular, for initial treatment images, the
population-based shape statistics plays the primary role for
statistically constraining the deformable surface. As more
and more segmentation results are obtained, the patient-
specific statistics start to constrain the segmentation and
gradually take the major role for the statistical constraining.
In order to facilitate the correspondence detection during the
deformable segmentation procedure, the SIFT local
descriptor is used to characterize the image features around
each surface point. Compared to other generic features,
SIFT features are relatively distinctive and thus make the
correspondence detection across different treatment CT
images more reliable. Experimental results show that the
proposed method is robust and accurate, suitable for the
clinical application.
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