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ABSTRACT

Computed tomography-based virtual colonoscopy or CT colonography (CTC) currently utilizes oral contrast solution to
differentiate the colonic fluid and possibly residual stool from the colon wall. The enhanced image density of the tagged
colonic materials causes a significant partial volume (PV) effect into the colon wall as well as the lumen space (air or
CO,). The PV effect into the colon wall can “bury” polyps of small size by increasing their image densities to a
noticeable level, resulting in false negatives. It can also create false positives when PV effect goes into the lumen space.
Modeling the PV effect for mixture-based image segmentation has been a research topic for many years. This paper
presents the practical implementation of our newly developed statistical image segmentation framework, which utilizes
the EM (expectation-maximization) algorithm to estimate (1) tissue fractions in each image voxel and (2) statistical
model parameters of the image under the principle of maximum a posteriori probability (MAP). This partial-volume
expectation-maximization (PV-EM) mixture-based MAP image segmentation pipeline was tested on 52 CTC datasets
downloaded from the website of the VC Screening Resource Center, with each dataset consisting of two scans of supine
and prone positions, resulting in 104 CT volume images. The cleansed lumens by the automated PV-EM image
segmentation algorithm were visualized with comparison to our previous work, with the gain achieved mainly in the
following three aspects: (1) the tissue fraction information of those voxels with PV effect have been well preserved, (2)
the problem of incomplete cleansing of tagged materials in our previous work has been mitigated, and (3) the
interference caused by small bowel was significantly released.

Keywords. PV effect, tissue mixture, EM algorithm, parameter estimation, MAP image segmentation, electronic colon
cleansing.

1. INTRODUCTION

Virtual colonoscopy (VC) *?is known to be an emerging method utilizing advanced medical imaging and computer
technologies to mimic the fiber optic colonoscopy (OC) navigation procedue, looking for polyps via fly-through in a
virtual colon model which is constructed from patient abdomina images. Compared to OC, VC has demonstrated the
potential to become a mass screening modality in terms of safety, cost and patient compliance . By the use of oral
contrast to tag the colonic materials, the residue stool and fluid have an enhanced image density compared to the
surrounding colon/polyp tissues such that electronic colon cleansing (ECC) becomes a new technology * and has been
integrated into a commercial VC system to identify the enhanced colonic materials and restore a “cleansed” colon model
for both VC navigation *>® and following-up computer-aided detection (CAD) analysis ’. It has been demonstrated that
ECC is able to provide a comparable performance as the routine OC in detecting clinically significant polyps of size
greater than 8mm 2°.

Image segmentation plays an important role in the ECC new technology. However, the traditional image segmentation
of labeling each image voxel as a single tissue type ignores the partial volume (PV) effect and, therefore, losses the
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details on the colon mucosa where most voxels contain more than one tissue types. Ignoring the PV effect could be an
essential factor of missing detection of small polyps. Progress has been made by soft image segmentation, which seeks
the probability of a tissue type in a voxel while retaining the tissue labels of the traditional hard segmentation 2°.
Directly modeling the tissue mixtures in each image voxel for an explicit solution of the PV effect has been a research
interest for many years >3, This paper presents the practical implementation details of an newly developed PV image
segmentation pipeline ***, utilizing the expectation-maximization (EM) algorithm *° to estimate simultaneously (1)
tissue fractions in each image voxel and (2) statistical model parameters of the image data under the principle of
maximuma posteriori probability (MAP). In doing so, the PV effect is modeled in a continuous space and estimated
directlyas the fraction of each tissue type in the original voxel. Fifty-two CTC datasets downloaded from the website of
the VC Screening Resource Center are utilized to evaluate the PV-EM image segmentation pipeline in a way that the
obtained cleansed lumens are visualized with comparison to our previous work >°. The gain achieved by the PV-EM
image segmentation pipeline is mainly in the following three aspects: (1) the tissue fraction information of those voxels
with PV effect have been well preserved, (2) the problem of incomplete cleansing of tagged material in our previous
work >® has been mitigated, and (3) the interference caused by small bowel and remaining bone is significantly released.

The reminder of this paper is ogranized as follows. Section Il briefly introduces the PV-EM algorithm, and followed by
Section |11 where more practical implementation detailes of our newly developed PV-EM image segmentation pipeline
are fully described. Section 1V then validates our method using 52 V C datasets, highlighting the major contributions of
our new method compared to our previous work. Finaly, Section VV draws some conclusions.

2. PARTIAL VOLUME-EXPECTATION MAXIMIZATION ALGORITHM

In this section, the PV-EM algorithm is briefly introduced based on the assumption that the acquired CT image Y reflects
the distribution of K tissue types inside the body. In other words, there are K possible tissue types within each image

voxel, where each tissue type has a contribution to the observed image density value Y; at voxel i.

2.1 Image Data M odel

It is assumed that the acquired image Y is represented by a column vector into the formof {Y;,i = 1,... , 1} where
| denotes the total number of voxels in the image and each Y; is an observation of a random variable with mean Y; and
variance o?, i.e,

Yi =Y +n;. D
If we further assume that noise n,,i =1,...,1 , isstatistically mutually independent and follows a Gaussian distribution
with zero mean and variance o7, then given al the mean and variance distribution {Y,,i=1,..,1} and

{c?,i=1,...,1} respectively, the conditional probability distribution of the acquired image Y is described as follows
— | —
pCY 1YY (o) =] ptvi IV 0?) - 2

It should be noted that each voxel in many medical imaging applications can have more than one tissue types due to the
limited spatial resolution such that ignorance of the substructures within each voxel will suffer from the well-known PV
effect. In what follows, a more detailed mixture model within each voxel would be briefly introduced as opposed to the

global structures using model parameters {Y;} and {o?} withi=1,...,1 asdescribed by (1).

2.2 Tissue Mixture Model

There are probably K tissue types within each voxel {Y;,i = 1,... ,1} , where the contribution of tissue type k to
the observation of Y; is denoted by {X;,i=1...,1;k=1...,K}. It is obvious that X; is aso a random variable around
mean X;, and variance ¢ , i.e,

Xik = Xi + Nig 3
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where the noise {n,,i=1...,1;k=1,...,K} is datistically independent to each other and follows a Gaussian

distribution with zero mean and variance oz . Following the same argument on the image data model, given the tissue

mixture model parameters {X;,i=1...,I;k=1...,K} and {oﬁ(,i =1...,I;k=1...,K}, we have

— | K —
pX {Xad {oi) =TT L TT ., pXic 1 X o) - ©)
As a result, the tissue mixture model within each voxel {Y,;,i =1,...,1} by accounting for the contribution of each
tissue type { X;,,i =1...,1;k=1,...,K} isdepicted as follows
K K K
Yi :zkzlxik y ni :zkzlnik al’ld O-iz - k:lo-ii . (5)

More specifically, if Z; is assumed to be the contribution fraction of tissue type k in voxel Y; with
K
k=1

have the following relationship as well

Z,=10<27, <1,ds0 g and v, bethe mean and variance of tissue type k fully filling in voxel Y; , then we

_ def , def
Xi = Zigle, Ok = LV
_ K K
Y = k:lzik/ak . of= kzlzika (6)
In doing so, (2) can be rewritten as
K 2
| 1 i - Zic M)
p(Y b v (zZud) =[] = exp 4 - z;-l ™
\/2ﬂ'zkzlzikvk zzkzlzikvk
The maximum likelihood (ML) solution on the Gaussian distribution {Y;,i =1,...,1} of (7) for fractions
{z,,i=1...,1;k=1,...,K} can be computed, given the model parameters x and vy with k=1...,K. However,
solving the optimization problem can be very complicated due to the fact that simultaneous estimation of both
{z,,i=1..,1;k=1...,K} and g and vi with k=1...,K is numericadly intractable. As a result, the EM

algorithm is considered as an alternative but effective solution, with the mixture model as described by (5) being re-
interpreted as a many-to-one mapping problem of missing data.

2.3 Priori Model for Mixture Regularization

So far, all we discussed is based on maximum-likelihood expectation-maximization (ML-EM) framework, which is
known to yield noisy segmentation as the iteration number increases '°. As far as image segmentation is concerned,
many literatures have evicted the strength of maximum a posteriori-expectation maximization (MAP-EM) or penalized
ML (pML) algorithm by introducing a Markov random field (MRF) penalty term to define an a priori distribution for the
tissue mixture fraction around its neighboring voxels, such that ML-EM becomes MAP-EM by the use of the Bayesian
theory. Based upon the priori knowledge of what each voxel’s neighboring voxels are mostly look like, the MAP-EM is
capable to provide much more smooth parameter estimation for the tissue type mixture fraction Z;, to achieve image

segmentation, recovering those fraction information Z;, on the boundary or region with significant PV effect.

By a Gibbs model on the Markov random field (MRF) framework, the penalty on the tissue mixture parameter Z;, has
the following general form

Pl2i HZie} )= CHxexpl - AU (2 - Zye, ) ®
where {Zikei} are the surrounding neighbor voxels of Z;, in the neighboring system ¢;, C is a normalization constant

and S isan adjustable parameter controlling the degree of the penalty. The exponential function U(.) can be written as
aquadratic form like
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U(Zy) = Z e Mr (Zy—Zy)? ©)
where w;, is a weighing factor for different orders of neighbors. As a result, our PV-EM algorithm for the MAP
solution consists of the following two steps of the EM algorithm™ below.

(1) E-step: the conditional expectation at the n-th iteration is calculated by
Q@|0™)=E[Inp(X|©)-p(2)|Y,0"]

:—;;{In(Zﬁ)+In(Zikvk)+ zl

ik” k

(10)

[(Xii)(n) - 2Xi$<n)zik/uk + Ziﬁ/ukz] +U(Z,)}

where parameter set © representsthe fractions { Z, } and tissue parameters{ x, ,v, }, and xi(k“) and (x2)™ are

the conditional expectations of X, and X 2 respectively

n n n n ZIV K n n
X = EOX, Y,01 =20+ B o -3 20 ()
v
v )"
(XD = EOX 1,071 = (XY @) e 22 13

Z'Tl( )(n)

where (x3)™ isthe square of the n-thiterated estimate of x (.

(2) M-step: the maximization of the conditional expectation determines the (n+1)-th iterated results for the fractions and
model parameters. For the mean parameter u, , we have

(n)
P Zi Xik : (13)

<o zizik

Similarly for the variance parameter v, , we have

(n+l) Z (Xlk)(n) 2X (n)Z(n) n) + (Z|k:uk)(n) (14)
20

For mixture of two tissue types in each voxel, the fractions{ z, } can be estimated by 14

oy X8 @) i + @)V @h)® - XD @) " + 480) " (05) W 3 wir 21 (15)
()
' W)V (02) ™ +w5) ™ (07) ™ + 480D (63) VD wi

where Z0™ =1-7") and 62 = 7, v, .

3. IMPLEMENTATION DETAILSOF THE PV-EM ALGORITHM

It has been demonstrated that our previous PV-EM pipeline is successful in segmenting the entire colon lumen from
original CT image, cleansing the colon lumen and restoring the CT density values of the colon tissue in the enhanced
mucosa layer °**. However, there are still some implementation details worthy to be mentioned as follows.

3.1 The full use of tissue fraction information Z, to maximally reduce the computational complexity while
maintaining the consistency between two consecutive EM iterations

A new strategy to update the tissue fraction 7, associate with tissue type k within voxel i is developed according to
the following criterion:
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ZjEN(I) <e (16)

- <
Zic + ZkzlzjeN(i) Wi Z ik

where N(i) denotes the second-order neighborhood system centered at voxel i and W; is a scale factor reflecting the

Zik = 0, |f

difference among different orders of the neighboring voxels. By means of (16), the contributions made by different
tissue types are sorted in a descending order, such that least-important tissue type can be ignored from the next PV-EM
iteration. Asaresult, re-labeling each voxel is able to indicate the actual number of tissues present in voxel i.

The major advantage provided by (16) is due to the fact that the soft fraction information of 2z, in voxel i is significantly
preserved during each iterative step in the sense that Z, is smoothly changed depending upon its surrounding neighbors
as the number of iterations increases, efficiently avoiding the sudden change of 7 from n-th to (n+1)-th iteration in our

previous work. On the other hand, the computational complexity due to the occurrence of more than two tissue types
within one voxel can be released.

3.2 The use of vector quantification to compensate for the ignorance of soft-tissue structures during the hard
segmentation initialization step

It has been demonstrated that the PV-EM algorithm islocal maximum and hence the final convergence appearsto be
more sensitive to the initialization model parameter'®. Two kinds of parameters are needed to be initialized to start the

PV-EM agorithm: the model parameters specified by { 4 ,v, } for each tissue type and the tissue mixture fraction
denoted by 7. Experimental results 14 have also demonstrated that the iterative processes of the PV-EM algorithm is
not sensitive to the initial model parameters in the sense that even when the initial means and variances { 4/, v{”} were

added by 10% more errors, the PV-EM algorithm still converged to the good results. To the contrary, the PV-EM
algorithm convergence appears to be more sensitive to the initial estimate of the tissue mixture fraction Zi(ko). In what

follows, this paper presents a vector quantification (V Q)-based initialization method, aiming to preserve the PV effect by
taking into account the neighboring voxels.

As an image compression agorithm, VQ has received considerable interest and been used in many applications such as
image and voice compression and classification, statistic pattern recognition. Asits name implied, the use of VQ in CT
images is limited since each voxel in CT images has only one value uniquely representing it. Several modifications have
been made to the explanation and reformation of CT images to fit into the framework of VQ. For example, Chen et al.>
has proposed a novel method of grouping the intensities of those 23 voxels in a local volume to form a twenty-three
dimensional (23-D) local intensity vector to achieve the classification of the body voxels based on the intensity similarity
within certain spatial range °>. As a result, each voxel is reinterpreted as a 23-D local intensity vector, such that the
computational complexity is expected to be very high since each CT image consists of millions of body voxels. To
reduce the computing burden, principal component analysis (PCA) has been also applied to the local vector series to
determine the dimension of the feature vectors. Moreover, the results of PCA on the datasets of the training samples
showed that a reasonable dimension of the feature vectors was 5, where the summation of the first five principle
components variances was more than 92% of the total variance °. Different from Chen et al.’s work where VQ is
implemented in a two-stage manner to segment the entire colon lumen, the idea of VQ is incorporated into our PV-EM
pipeline under the assistance of thresholding hard segmentation. It is expected to provide much more detailed
information about the difference between submerged soft-tissue structure, tagged material, degraded tagged material, as
well asthe bone. The VQ-based initialization method is briefly summarized into the following steps.

(1) The whole boy image is firstly divided into four different classes, air (including lung), muscle, tissue and bone
(including tagged material, submerged soft-tissue structure) through hard segmentation by the use of pre-defined
thresholds.

(2) For bone class only, each voxel belonging to this classis re-interpreted as a 23-D local intensity vector, followed by
PCA transform through eigen-value decomposition, only using the first five principle components to uniquely
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represent the original 23-D local intensity vector. In other words, those voxels belonging to bone class have been
translated into a 5-D local intensity vector with each dimension coming from a distinct principle component.

(3) The VQ isthen applied to these reformed bone class voxels, finding representative 5-D vectors for each sub-divided
bone classes. A practical issue then arises, which is how to determine the number of sub-divided bone classes. In
our study, we follow the same track by further dividing the bone class into 10 sub-classes through an unsupervised
self-adaptive VQ algorithm °. Further experiments have demonstrated that the number of 10 is sufficient to fully
describe the characteristics of the bone, tagged material, submerged soft-tissue structure and even the degraded
tagged material whose intensity is much lower than the normal tagged material.

If weinitially label air class as 1, muscle class as 2, tissue class as 3, and the original bone class as 4, then the new |abel
results obtained from VQ 10-class sub classification can be summarized by Table 1 as follows.

Table1: label results derived from initial hard segmentation and followed by 10-class VQ classification

Before VQ After VQ
AIR 1 1
MUSCLE 2 2
TISSUE 3 3
Sub-class 1 5
Sub-class 2 6
Sub-class 3 7
Sub-class 4 8

Sub-class 5 9
Sub-class 6 10
Sub-class 7 11
Sub-class 8 12
Sub-class 9 13
Sub-class 10 14

BONE 4

More comments are worthwhile to be mentioned. Each voxels initially belonging to bone class is re-grouped into 10
sub-classes by the VQ classification. In doing so, the means of 10 sub-classes, denoted by my,k =1,...10, can be
accordingly calculated and also sorted in an increasing order. As a result, the new labels from 5-14 are capable of
indicating what kind of material a bone-class voxel is mostly like to be. In other words, if a bone-class voxel is relabeled
as 5 after VQ, then it is more likely to be a submerged soft-tissue structure. However, if it is relabeled as 14 instead, we
would say it has high probability to be claimed as pure bone or pure tagged material. As for the label between 5 and 14,
it serves as an indicator to provide more details on which direction it tends to behave, i.e., the larger the label, the more
likely to be like pure bone/tagged material, and the smaller the label, the more likely to behave like soft-tissue structure
or even degraded tagged materials.

Under the assistance of such detailed information within bone class, the initialization strategy can be modified in a way
that the model parameters { 4?,v®} are dtill determined by hard segmentation since they have little effect on the
convergence of the PV-EM algorithm, while for the tissue mixture fracture Z{?, the newly VQ-generated labels from 5-
14 are serving as indicators, re-assigning different weights reflecting different contribution made by the soft-tissue
structure or the pure bone. More specifically, the larger the label of tissue type k within voxel i, the more Zi('?) and vice
versa.

3.3 Thepost-processing stepsto remove theinterference caused by small bowel, lung and bone

Since colon is not the only gas-filled structure in the abdomen, there exists inevitable interference caused by small
bowel, accordingly increasing the false positives especialy when the folders inside the small bowel mimic. As a
complementary post-processing step to our PV-EM image segmentation pipeline, removing small bowel as well as other
interfering structures such as the bone and lungs, becomes vital to the follow-up CAD to locate polyps. A connected
component-based small bowel removal method is summarized into the following steps.
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(1) Morphologica erosion operation is firstly employed to shrink the whole colon area, such that only those voxels
without PV effect, i.e., mixing fractions Z;, for colon structure is 100%, are preserved for the next step.

(2) Connected component analysisis applied to each pure colon voxel. 1n doing so, the pure colon areais divided into
several separate connected components with different sizes through 3-D region growing.

(3) If we further assume that colon is connected as a whole and considered as the largest connected component in the
abdomen, then the easiest way to remove other interference such as the small bowel isto select the largest connected
component, while ignoring the remaining separate components. However, this assumption is not valid through all
the cases. We found that almost in 30% abnormal cases, colon is blocked into several separate components as well.
In order to mitigate this problem, choosing the several largest components turns out to be an alternative method.
Through our comprehensive experiments, the number of components to be selected is no more than 3 in 99% cases.

(4) After choosing the largest connected component for the normal case or 3 components for the abnormal cases, colon
and small bowel can be successfully divided apart. Recovering those voxels with PV effect through morphological
dilation becomes the final step as a pair-wise operation to the erosion in the very first step. The layers for dilation
were empirically set to be 3-5 which covers the thickness of the mucosa layer.

The connected component-based small bowel removal method outlined by steps (1)-(4) above works efficiently in
removing interfering structures such as the small bowel, remaining bone and even stripe noise in the sense that almost
90% small bowel can be removed without any loss of colon information. Most importantly, the PV effect, which is
derived from our proposed PV-EM image segmentation iterative algorithm are well preserved as a benefit to the follow-
up CAD detection.

4. EXPERIMENTAL RESULTS

This paper tabulates the preliminary evaluation of the improved PV-EM image segmentation pipeline above for mixture
image segmentation and electronic colon cleansing by 52 CTC datasets, downloaded from the website of the VC
Screening Resource Center consists. Each of the 52 V C datasets consists of two CT scans, supine and prone views, both
of which represented by a volume image of more than 300 dlices of 512x512 array size.

4.1 Convergence speed of the PV-EM algorithm
In what follows, equation (17) defines the criterion of stopping rule for the PV-EM image segmentation algorithm as

— <
P o l‘ <J 17
k k=1,2,3,4

where the maximum ratios of class mean difference between the (n+1)-th and the n-th iterations to the n-th class mean
itself among all the four different tissue types is less than the threshold ¢ as specified by the user. In this study, the

threshold 6 was set to be 0.05. Taking the dataset (named as the number 043 at the website of the VC Screening
Resource Center) at prone position as an example to illustrate the converging speed of the PV-EM algorithm, Fig. 1
shows the changing rate of mean val ues versus the iteration numbers.

As shown in Fig.1, the PV-EM image segmentation algorithm usually takes 9 or 10 iterations to reach the optimum

points as stopping rule defined by (17) if the threshold J is set to be 0.05. However in practice, we usually set the
number of iterations to be 4, which is sufficient in terms of preserving PV effect. In other words, after 4 iterations, the
curve describing the converging speed of the PV-EM algorithm has already reflected an obvious descending tendency.
In doing so, computational time can be dramatically reduced without any significant loss of PV information.
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Figure 1: The converging speed of PV-EM algorithm

4.2 Capability of preserving the PV effect

Compared to our previous soft-segmentation work®, the PV effect has been well preserved by our newly developed
PV-EM image segmentation algorithm. Instead of nearly hard segmentation, the PV-EM agorithm is capability to
provide soft tissue mixture information to fully describe the PV effect. Asshown in Fig. 2, the mixing fraction Z;, for
colon structure is smoothly changing from 100% (corresponding to pure colon area) down to 0% covering a typical
mucosa layer within 3-5 pixel thickness.

voe

Figure 2: Comparison between our improved PV-EM pipeline and our previous soft-segmentation work in dealing with the
PV-EM effect. The pictures at the top row are the segmentation as well as the cleansed results from our improved pipeline
and those results obtained by our previous work are shown in the bottom row.

4.3 Capability of complete electronic cleansing

Another advantage of our PV-EM image segmentation algorithm over our previous work ° is in the capability of
complete electronic cleansing. Compared to our previous work ® where there is some tagged material remaining in the
cleansing results, burying some of the folders and increasing the false negative probability, our PV-EM image
segmentation algorithm overcomes this problem by completely cleansing the tagged materials while leaving small colon
folders untouched, see Fig.3.

4.4 Capability of removing interferences caused by the small bowel and the remaining bone

Figure 4 is also included here to illustrate the difference between our PV-EM image segmentation algorithm and our
previous soft-segmentation work © in terms of the capability of removing interferences caused by the small bowel as well
as the remaining bone. As we mentioned earlier, successful removal of the small bowel and the remaining bone is able
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to save much of the computational time required by the follow-up CAD polyp detection, while effectively reducing the
false positive probability.

Figure 3: Comparison between our improved PV-EM pipeline and our previous soft-segmentation work in electronic colon
cleansing. The pictures at the top row are segmentation results from our improved pipeline and the results obtained by our

previous work are shown in the bottom row.

Figure 4. Comparison between our improved PV-EM pipeline and our previous soft-segmentation work in removing the
small bowel as well as the remaining bone. The pictures at the top row are segmentation results from our improved pipeline

and the results obtained by our previous work are shown in the bottom row.
5. CONCLUSIONS

Partial-volume image segmentation for directly quantifying the tissue mixture in each image voxel has been a more
challenging task over the previous hard and soft image segmentations. This paper provides an accurate PV image model

based on the data Gaussian statistics with continuous mixture values0 < Z; <1. The parameter estimation by the EM

algorithm is both theoretically attractive and practically useful. It has the potential to mitigate the PV effect of positive
contrast tagging in CTC application, and provides improved endoscopic view quality and quantitative CAD measure.
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