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ABSTRACT
Virtual colonoscopy provides a safe, minimal-invasive approach to detect colonic polyps using medical imaging and
computer graphics technologies. Residual stool and fluid are problematic for optimal viewing of the colonic mucosa.
Electronic cleansing techniques combining bowel preparation, oral contrast agents, and image segmentation were
developed to extract the colon lumen from computed tomography (CT) images of the colon. In this paper, we present a
new electronic colon cleansing technology, which employs a hidden Markov random filed (MRF) model to integrate the
neighborhood information for overcoming the non-uniformity problems within the tagged stool/fluid region. Prior to
obtaining CT images, the patient undergoes a bowel preparation. A statistical method for maximum a posterior
probability (MAP) was developed to identify the enhanced regions of residual stool/fluid. The method utilizes a hidden
MRF Gibbs model to integrate the spatial information into the Expectation Maximization (EM) model-fitting MAP
algorithm. The algorithm estimates the model parameters and segments the voxels iteratively in an interleaved manner,
converging to a solution where the model parameters and voxel labels are stabilized within a specified criterion.
Experimental results are promising.
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1. INTRODUCTION
Colorectal carcinoma currently ranks as the third most common human malignancy and the second leading cause of
cancer-related deaths in the United States [3]. The overall risk of developing this disease is approximately 5% over a
lifetime. In 1999 and 2000 there were approximately 130,000 new cases of colorectal cancer and 57,000 deaths each
year [3, 18]. Unfortunately colorectal cancer is often diagnosed at an advanced stage after the patient has developed
symptoms. More than 85% colon cancer arises from adenomatous polyps, which can take 5 to 10 years for malignant
transformation [6]. The risk of developing carcinoma from a polyp is directly related to its size: essentially 0% risk if the
polyp is less than 5 mm, 1% risk if size is between 5 to 10 mm, 10% risk with size 10 to 20 mm, and at least 30% risk
with polyps larger than 20 mm [13]. Survival rates from colon cancer are related directly to the pathologic staging of the
disease [1]. As a result, early detection and removal of polyps is the key to prevent colon cancer and can eliminate colon
cancer in 90% of patients.
While currently available optical colonoscopy is the most accurate diagnostic procedure for detecting polyps, it is
expensive, invasive, uncomfortable, time consuming and carries a small risk of perforation and death. Patients are
usually reluctant for early examination [15]. A minimally invasive, safe, and low-cost method to evaluate the colon for
colorectal cancer would be preferred by most patients. Recently, virtual colonoscopy has been developed as an
alternative method to evaluate the entire colon for polyps [5, 14, 16]. This new technology utilizes advanced image
processing techniques within a computer visualization system for physicians to virtually navigate through a patient’s
colon model reconstructed from helical abdominal computed tomography (CT) images.
*
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Both optical and virtual colonoscopies require a clean colon lumen, which could be achieved by a physical colon
washing such as Golytly. However, this physical bowel washing is often unpleasant to patients. We have developed an
alternative approach, termed electronic colon cleansing to virtually clean the colon lumen, therefore, eliminating or
minimizing physical bowel washing [2, 11, 12, 17]. Based on our preliminary studies, residual stool and fluid are often
problematic for virtual colonoscopy. In this paper, we focus on developing a statistical method of maximum a posterior
probability (MAP) for an optimal classification. We extended our previous reported MAP-EM (Expectation
Maximization) segmentation approach [9, 10, 11, 12] by utilizing a hidden Markov random field (MRF) Gibbs model
[19]. In this model, the spatial information of a selected voxel was integrated into the well-established MAP-EM modelfitting algorithm, thus overcoming the non-uniformity problems in the tagged stool/fluid region. Performance of the
presented method was evaluated by volunteer and patient data sets.

2. METHOD AND MATERIALS
2.1 Bowel preparation
Prior to obtaining CT images for virtual colonoscopy, the patient undergoes a one-day bowel preparation of mild
laxatives and a low residue diet. In order to enhance residual colonic materials, patients also ingest four 250 cc doses of
2.1% w/v barium sulfate suspension with meals the day before the procedure, as well as two doses of 60 cc of
gastroview (diatrizoate meglumine and diatrizoate sodium solution) given during the night before and the morning of the
procedure. After the patient’s colon is inflated with CO2 (2-3 L) given through a small bore rectal tube, CT images are
obtained using standard virtual colonoscopy parameters, see below.
2.2 Data acquisition
A high-speed helical CT scanner (HiSpeed CT/i, GE Medical Systems, Milwaukee, WI) was used to acquire the
abdominal images. The imaging protocol parameters are: 120 kVp, 60-120 mA (depending on body size), 512x512
array field-of-view (FOV) (completely covering the body), 1.5-2.0:1 pitch and 3-5 mm collimation (completely covering
the entire colon). The scanning time ranges from 30 to 40 seconds, depending upon colon size and acquisition protocol,
but obtained within a single breath-hold. Raw (projection) data were reconstructed at 1 mm intervals with a 512x512
array size resulting in 300-450 images depending on the height of each patient. Each image element or voxel contains a
two-byte integer, reflecting the image density. Each volume image set has a typical size of approximately 210 MB. The
image data were transferred via Ethernet in DICOM format from the CT scanner to a nearby computer workstation for
image processing.
2.3 Image segmentation
The algorithm is based on the MAP framework, including a priori information on the neighborhood membership
specified by the MRF theory. It iteratively estimates the model parameters through the EM algorithm and segments the
voxels by MAP in an interleaved manner, converging to a solution where the model parameters and voxel labels are
stabilized within a specified criterion. Implementation of the algorithm consists of two steps: parameter estimation and
MAP segmentation.
2.3.1 Initial parameters
Figure 1 is a typical histogram obtained from a patient image. This figure reflects the unique characteristics of all
abdominal CT images. The three peaks correspond to the air inside the colon, the soft tissue and the muscle,
respectively. The enhanced stool, fluid, and bone fall into a small peak beyond the muscle. Most partial volume effects
happen in those intensity ranges between the air and the soft tissue and between the muscle and the enhance materials.
Initial parameter estimation for classification can be obtained from the histogram based on thresholds. But it is heuristic.
Instead, we proposed a fast online vector quantization segmentation approach [2, 8], which has a unique property of
independence of initial values. This approach is based on a principal component analysis for the local feature vectors of
each voxel. Feature vectors are then classified to a class according to the nearest neighbor rule. The vector quantization
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method supplies us a preliminary segmentation result as the initial parameter estimations. Following that, we focus on
segmenting the tagged stool/fluid region using the hidden MRF model to overcome the non-uniformity problems.
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Figure 1: Histogram of a volume CT image from a patient.

2.3.2 Parameter estimation
Assume that an image consists of L classes (or tissue types) and each class l is characterized by a Gaussian parameter
vector θ l (µ l ,ν l ) . Let pl (Yijk | θ l ) be the probability distribution of voxel Yijk which is associated with class l. The
likelihood for each voxel Yijk, falling into L distinct classes, is described by a mixture functional as
L

p (Yijk | X , Θ) = ∑ p (l | X N ( ijk ) ) pl (Yijk | θ l )

(1)

l =1

where

p (l | X N (ijk ) ) is the locally-dependent probability when Xijk is equal to l, and X N (ijk ) reflects the labels of those

nearby voxels.
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is the conditional probability that voxel Yijk belongs to class l, which represents the tissue percentages
l(n)

within that voxel. The calculation of tissue percentages { Z ijk } within each voxel requires determination of the
conditional probability

p ( n ) (l | X ( ijk ) ) at the n-th iteration. The determination of p ( n ) (l | X N ( ijk ) ) requires estimation

of the class labels {l}, which can be obtained by the following MAP segmentation method.
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2.3.3 MAP segmentation method
A MRF prior is constructed to reflect the neighborhood information [4, 7, 10]. The assignment of labels over the voxel
array is performed by the MAP criterion. A Markov random field prior can be constructed to reflect the neighborhood
information by

p( X ) =

 U (X )
1
exp −
α
β 


(5)

where α is a normalization constant and β is constant parameter. The energy function U(X) specifies the degree of
penalty imposed on the neighbors, and can be defined, in three dimensions, as
N 


U ( X ) = ∑  ∑[1 − δ (li − lr )] + ∑[1 − δ (li − l s )] / 2 

i =1 
s∈ci2
r∈ci1

(6)

where δ (0) = 1 , δ ( ≠ 0) = 0 and { li } are the voxel labels of the neighbors. The index r runs over the 6 first-order
neighbors and s runs over the 12 second-order neighbors.
The segmentation is performed iteratively, where the current voxel is assigned to the corresponding tissue type l at the
(n+1)-th iteration by,

{max} pl (Yijk | θ l ) p ( X ijk( n +1) = θ l | X N( n()ijk ) )

(7)

l ∈L

2.4. Extraction of the colon lumen
Given the mixture segmentation or mixels, we extract a tissue structure based on the similarity of mixels. First, a seed
point or voxel is selected by the user for a specific tissue type. The percentage of this specific tissue must be greater than
other tissue types inside that voxel. The percentage proportion of all tissue types in the voxel provides a characteristic
vector reflecting the specific tissue type. All voxels with similar percentage proportions will be grouped together by
utilizing region-growing strategies with modification of adding neighbor mixels into consideration.

Figure 2: Segmentation results on the tagged region with the standard maximum likelihood EM algorithm (left) and the
integration of hidden MRF MAP-EM algorithm (right).

3. RESULTS
The new electronic cleansing method has been evaluated by volunteer and patient data sets. Figure 2 demonstrates the
segmentation results on the tagged region with the standard maximum likelihood (ML) EM algorithm (left) and the
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integration of hidden MRF MAP-EM algorithm (right). Clearly, the results of the hidden MRF MAP-EM algorithm are
much better than those of the standard ML-EM algorithm. Figure 3 demonstrates an overview of the entire extracted
colon lumen. Figure 4 is the internal colon view rendered by a virtual colonoscopy system (Viatronix V3D-Colon
module, Viatronix Inc., Stony Brook, NY). In addition, the computational performance of the algorithm was also tested.
It took approximately 5 minutes for 400 image slices of 512x512 array size for classifying the tagged region on an AMD
900 MHz-based PC system.

Figure 3: An overview of the entire extracted colon lumen.

Figure 4: The internal colon view rendered by the virtual
colonoscopy system.

4. DISCUSSION AND CONCLUSIONS
We have presented an electronic colon cleansing technology based on a hidden MRF model and MAP-EM algorithm for
extracting the colon lumen from abdominal CT images. The algorithm has been tested on a virtual colonoscopy system
that enables real-time volume rendering with interactive and planned endoscopic navigation through the colon to detect
polyps. This method can detect colon polyps as part of a colorectal cancer.
In this approach, the algorithm models the tagged materials and colon object by an isotropic Markov random field.
Unlike the non-MRF approaches, our MRF-based spatial information has been integrated to the EM algorithm to
estimate model parameters and segment voxels simultaneously. The use of a hidden MRF model overcomes the nonuniformity problems in the tagged fluid/stool regions, which are the major obstacle for virtual colonoscopy without the
conventional physical colon washing procedure. By eliminating or minimizing this physical bowel preparation with
stool/fluid tagging and image segmentation, virtual colonoscopy will be more tolerated and accepted by patients.
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