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Introduction
Computed tomographic colonography (CTC) is a modern method for

the detection of colorectal polyps. Over the past decade the technique

evolved rapidly, stimulated by encouraging performance data. Yet, its

future role in cancer screening depends on remaining issues regarding

patient compliance and efficiency:

• Residual fecal material is well known to hinder CT colonography

evaluation. It may cover lesions (preventing detection) or

reversely, mimic polyps (introducing false positives). Routinely,

patients are asked to drink a laxative to remove fecal remains, but

this is considered very burdensome by most patients.

• Relevant polyps are sometimes missed and the interpretation of

the data sets can be rather time-consuming.

These practical restrictions have induced several technical

innovations.

Fecal tagging was introduced to discriminate between tissue and

fecal material. It permits a limited bowel preparation, which may

contribute to a better patient compliance. What is more, electronic

cleansing (EC) methods were developed to ‘digitally remove’ the

tagged materials. This is particularly needed to create 3D endoluminal

views of data in which there is a large amount of fecal material.

Computer aided detection (CAD) of polyps was developed to

enhance the efficiency of reading the data and also increase the

sensitivity.

The objective of this paper is to review some recent advances on

these aspects, both by others as well by ourselves.

Electronic cleansing
Several EC algorithms based on the increased attenuation of tagged

material have been described [1][2][3]. The variety of presently

proposed algorithms reflects, in our opinion, that a perfect solution

has not been found yet. Accordingly, incomplete processing is still

reported to leave artifacts [4]. A specifically noticeable problem is

posed by the distracting ‘bumps’ emanating from locations where air,

soft tissue and tagged material meet [4].

We devised an EC algorithm particularly to improve the accuracy

at such three material junctions [5][6]. Effectively, the method models

the partial volume effect to estimate the material constituency of

voxels. It is based on an analytical scale-invariant description relating

the data value to Gaussian derivatives around (blurred) material

transitions. The method adapts to varying conditions, such as the local

density of the tagged material, noise on the data, anisotropic scale and

noncubic voxels.

We showed that lesions uncovered by our algorithm have com-

parable conspicuity to lesions surrounded by air. Moreover, the

method sustained a shorter evaluation time, lower assessment effort

and larger observer confidence than CT-Colonography without EC

[7].

Probably any EC algorithm will perform best with homogeneously

tagged stool [8]. Accordingly, we expect our algorithm to be better

suited for removing pools of fluid compared to fecal residue, since the

former will present a more homogeneous density. Further research is

particularly needed regarding the (added) performance of EC algo-

rithms in a large screening population Fig. 1.

Computer aided detection
Computer aided detection (CAD) algorithms for CT colonography

typically contain two consecutive (classification) steps: (I) detection

of candidates and (II) classification of candidates in polyps and non-

polyps. Conventionally, candidate detection is designed to approxi-

mate 100% sensitivity for polyps larger than 6 mm at the expense of a

large amount of false positives (FPs) per scan. The task of supervised

classification is to improve the specificity to about a handful false

positive while maintaining optimal specificity.

Initially, Summers et al. used methods from differential geometry

to locally compute the principal curvatures on the colon’s surface [9].

Candidates were generated by selecting regions of elliptic curvature

with a positive mean curvature. Alternatively, Yoshida et al. used the

shape index and curvedness to find candidate objects [10].

Over the years, a wide variety of methods has emerged for the

classification of candidates [11][12][13][14]. At the basis of such

Fig. 2 Colon surface before and after deformation

Fig. 1 Typical example of the effect of electronic cleansing
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systems are often complicated discriminant classifiers and/or complex

features.

It may be observed that the shape features based on the principal

curvatures do not implicitly reflect that large polyps are (clinically)

more important than small ones. What is more, optimization of the

many involved parameters is complicated by the limited availability

of training examples.

We introduced a method that does not rely on a shape represen-

tation by curvature derived features [15]. Suppose that the points on

the convex parts of a polyp (i.e. the ‘protruding’ part) are iteratively

moved inwards. Effectively, this will ‘flatten’ the object (Fig. 2).

After a certain amount of deformation the surface flattening is such

that the protrusion is removed. Thus, the surface looks like as if the

protruding object was never there. The amount of displacement is a

measure of ‘protrudedness’.

The performance of our candidate detection and classification

depends only on the amount of protrusion. Moreover, the ‘protrud-

edness’ directly relates to the clinically relevant ordering of polyps by

size. We achieved sensitivities of respectively 95%, 90%, 85%, and

100% with 5, 8, 3, and 6 false positives per scan over 86, 141, 48, and

32 patients from different medical centres. This data varied only a

little in patient preparation, noise level and scan protocol.

There is a continuing debate regarding how to use CAD in prac-

tice, i.e. as a first, second or concurrent ‘reader’. A remaining

technical challenge for CAD is to create a scheme that can cope with

highly varying input data.

Conclusion
Several prototype systems have been developed involving techniques

such as EC and CAD to particularly sustain cathartic CTC. Observer

studies have demonstrated the potential of these techniques in

improving radiologists’ reading accuracy and consistency. Some

promising, albeit preliminary results were reported with reduced

cathartic and non-cathartic CTC. It is the largest challenge to create

state-of-the-art methods for EC and CAD that are preparation-

independent.
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Purpose
CT colonography (CTC) computer-aided polyp detection (CAD)

system performance is usually assessed by whether the CAD detects

the polyp on either the supine or prone CTC scan; detection on both

scans is usually not required. However, preliminary observer perfor-

mance studies indicate that radiologists use CAD more effectively if

the CAD detects the polyp on both the supine and prone views,

particularly polyps in the 6–9 millimeters size range-of-interest.

Therefore, the purpose of this study was to determine whether a CAD

system that can detect 6–9 mm polyps on both the supine and prone

views leads to better polyp detection by radiologists than a CAD

system that detects polyps on either the supine or the prone view but

not both.

Methods
Two radiologists interpreted 32 CT colonography cases with the

assistance of a CAD system in the first reader mode, i.e., the radi-

ologists reviewed only the CAD findings. Twelve of these 32 cases

were normal and the remaining 20 cases had a true positive polyp that

was visible on both the supine and prone scans. The radiologists were

shown 4 CAD detections on each of the supine and prone scans for a

total of eight CAD detections per patient. There was at most one true
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positive shown for each scan of the 20 cases which was in the 6–

9 mm range. For the 12 normal cases, all eight CAD detections were

false positives. All cases were read twice; for the 20 cases with a

polyp, in one reading a true positive CAD finding for the same polyp

was present on both the supine and prone views (a two-view case) but

in the other reading a true positive CAD finding was present on the

supine or prone view but not both (a one-view case). Both true and

false positive findings were randomized between readings and there

was at least a one-month delay between readings to minimize recall

bias. Sensitivity and specificity were determined and a receiver

operating characteristic analysis was performed.

Results
Sensitivity per patient for Reader 1 was lower for one-view cases as

compared to two-view cases (35% and 60% respectively, P=0.04).

For Reader 2, sensitivities were similar for one-view and two-view

cases (80% and 90% respectively, P=0.24) . Per polyp sensitivity was

nearly identical to per patient sensitivity (Reader 1, 35% and 60%,

P=0.07; Reader 2, 80% and 82.5%, P=0.26) for one-view and two-

view cases, respectively. Of those patients correctly diagnosed by the

radiologists (i.e., the true polyp was found by the radiologist on at

least one of the two views), when a one-view case was shown to the

radiologists, the radiologists found the polyp on the other view in 10/

23 (43%) of cases when a two-view case was shown to the radiolo-

gists, the radiologists found the polyp on both views in 25/30 (83%)

cases. The average reading time was 9.4 minutes per patient. The area

under the ROC curves for Reader 2 were 0.93±0.06 and 0.90±0.07

for the two-view and one-view cases, respectively (P=0.067). ROC

curves could not be computed for Reader 1 because this reader per-

formed at 100% specificity (no false positives). For every CAD

finding, the readers had to also choose a reason for not calling it a

polyp. The reasons for false negatives were stool (27.5%), normal

mucosa (47.5%), fold (22.5%) and the polyp not being clearly

viewable in (2.5%) cases.

Conclusions
Two-view polyp detection by CAD leads to better radiologist per-

formance compared to one-view CAD. False negatives were most

commonly due to misclassifying polyps as normal mucosa.

Impact of CAD on 18 CT colonography inexpert readers
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Purpose
The goal of this study is determining whether CAD systems applied to

CT colonography can be useful in supporting inexpert radiologists in

recognizing colorectal polyps. The principal objective is to determine

whether sensitivity increases when dealing with clinically significant

lesions.

Materials and methods
An hands-on training course on CTC, based on the direct teaching on

workstations (with the same format of ESGAR CTC workshops), has

been carried out in Italy. Three groups of workstations were used:

CADCOLON (Im3D, Italy), Voxar Colonscreen with Medicsight

CAD (UK) and ColonVCAR (GE/Healthcare, US). A group of 27

inexperienced radiologists (no CTC performed before the course) was

involved in the study. The used dataset included 26 cases with dif-

ferent kind of lesions and progressive difficulty: 12 diminutive lesions

(\ 6 mm), 12 medium size polyps (6–9 mm), 9 large polyps

([10 mm) and 6 masses ([3 cm). The delegates had 20 minutes to

assess each CTC dataset; in a first step without CAD and in a second

step with CAD; they were asked to recognize the lesion, determine

the morphology, size and location. Afterwards the CAD system has

been applied to the same datasets in order to compare the inexpert

radiologists’ and CAD’s sensitivity.

Results
The overall sensitivity, for the detection of all sizes polyps in inexpert

radiologist, increased from 35% (without CAD) to 42% when using

CAD (p\0.05). In particular, the sensitivity for the detection of small

polyps moved from 18% to 27%, for medium-size polyps from 33%

to 36% and for large polyps from 60% to 68% respectively. The

delegates judged the use of CAD helpful in the learning phase, since

they used the tool as a self-assessment test. They also reported that

were willing to use the CAD in their routine CTC exams.

Conclusions
CAD increases the performance of inexperienced radiologists in

detecting clinically significant lesions colorectal lesions of all sizes.

In a teaching setting helps inexpert readers to self-evaluate their

performance.
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Purpose
As a new technique, computer-aided detection (CAD) for virtual

colonoscopy (VC) utilizes the difference in morphology and other

features between polyps and normal tissues to detect colonic polyps

automatically. Compared with physicians’ performance using VC

directly, CAD-based VC system can provide objective and consistent

results, facilitating interpretation process, and therefore can be a

promising mass screening for colorectal cancer in clinics. During the

VC development in the past decade, many CAD schemes based on

morphological features have been studied and a relatively high sen-

sitivity has been achieved for polyp detection. However, surface

geometry-based CAD systems have shown high false positive (FP)

rate because the densities of the CT image voxels inside a polyp differ

only subtly from those of the surrounding tissues and the shape of the

colon surface contains a variety of structures that can mimic polyp

shapes. In order to identify suspicious patches in the mucosa layer

with high sensitivity and low false negative rate, a 3D texture-based

CAD for VC is proposed in this paper.

Methods
To obtain the entire volume of each suspicious patch for texture

analysis, the mucosa layer was first extracted by a tissue-mixture

image segmentation which mitigates the partial volume effect for an

accurate mucosa layer. Then the active volume associated with each

suspicious patch was determined using a 3D ellipsoid model (eROI)

for the region of interest, which especially specifies the inner part/

border that usually invades into the colon wall. After the extraction of

suspicious volume, two traditional texture analyses were performed to

extract 3D texture information from each candidate, i.e., grey level

cooccurrence matrix (GLCM) and grey level-gradient cooccurrence

matrix (GLGCM).

As one of the most widely-used texture analysis methods, GLCM

is usually used for analyses of 2D images. Due to the 3D nature of the

eROI model for each polyp candidate, we extended the GLCM to

three dimensions for fully 3D texture features. Traditional GLCM for

2D images usually uses four directions of 0�, 45�, 90�, and 135�. In

the 3D space, these directions could not cover the texture variance of
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the entire volume. Therefore, seven directions in the 3D space were

adopted for construction of the GLCM, they are (0�,90�), (45�,45�),

(45�,135�), (90�,90�), (135�,45�), (135�,135�), (-�,0�). Once the 3D

GLCM was constructed from each polyp candidate, a number of

texture features could be obtained directly from the GLCM. In

addition to image density-related textures derived from the GLCM,

features from density gradient can be very useful because the gradient

can also reflect the variation trend of image density distribution. To

obtain more valid texture features, the GLGCM was also extended to

3D space and constructed for each suspicious candidate. With these

two texture analysis methods, we obtained many derivative features

and compared their performance on polyp detection statistically.

Finally 12 of them, such as the energy, correlation, entropy and

gradsvariance, were selected to comprise the feature vector of texture

for further classification.

To develop a weighted classification scheme that can use the most

appropriate classifiers for the extracted features, two kinds of classi-

fiers, i.e., the back propagation neural network (BPNN) and the

support vector machine (SVM), were employed to classify polyps

from normal tissues. The input of each classifier was the feature

vector integrating the 12 texture features derived from the GLCM and

GLGCM and other morphological features derived from the surface

shape of the candidates. In this study, the adapted BPNN classifier

was a multi-layer neural network with one hidden layer of six neu-

rons, using a sigmoid function as the activation function. The adapted

SVM classifier was built using RBF (Radial Basis Function) as its

kernel function. These two classifiers were trained and tested by

leave-one-out strategy using eight patients’ CT datasets acquired at

both prone and supine positions.

Results and conclusion
Results demonstrate that the texture features can eliminate more than

75% false positives without reducing the sensitivity, and the SVM

classifier outperforms the BPNN classifier in detecting polyps larger

than 5 mm.

This work is partially supported by the National Natural Science

Foundation of China under Grant No. 30470490 and 60772020. Dr.

Liang’s work is supported by the NIH Grant No. CA-120917 of the

National Cancer Institute Fig. 1.
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large-scale application of CT colonography
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Purpose
Although colorectal cancer is the second leading cause of cancer

deaths in Western countries, it would be largely preventable by

effective screening. However, large-scale colorectal screening will

involve large heterogeneous populations with divergent needs and

preferences. To address such needs, CT colonography (CTC)

screening programs need to offer multiple types of bowel preparation

options that range from the highly accurate but poorly tolerated rig-

orous laxative CTC to the potentially less accurate but highly

tolerated laxative-free CTC.

Effective application of CTC will require effective computer-

assisted visualization and detection tools. However, current computer-
aided detection (CAD) tools have been designed for highly consistent

laxative CTC protocols, and they tend to perform poorly in clinical

practice where the CTC appearance of colons varies greatly according

to the unique characteristics of the various bowel preparation proto-

cols and the dietary and defecation habits of each patient (Fig. 1) [1].

In this study, we designed an automated and highly adaptive meta-

detection scheme for indicating colorectal lesions in CTC data. The

goal was to develop an automated scheme that could be applied to

clinical CTC with most bowel preparation options without the usual

need for tedious and time-consuming manual adjustments that are not

feasible in clinical practice. To validate the approach, we evaluated

the detection accuracy of the scheme with 150 clinical multi-center

CTC cases and a variety of bowel preparation options.

Methods
The detection scheme includes several dedicated steps: pre-process-

ing, colon extraction, lesion detection, and false-positive reduction.

All of the steps are fully automated. No human input is needed.

In the pre-processing step, the input CTC data are subjected to

densitometric correction that corrects for the variable hyperattenua-

tion by positive-contrast tagging agents. The densitometric correction

calculates an adaptive correction field around tagged regions [2].

After this correction, we can assume that Hounsfield unit (HU) values

of [100 HU represent only tagged materials, and therefore we can

subtract tagged materials from the colon by subtracting voxels with

CT numbers [100 HU. This yields a preparation-independent meta-

representation of the colon CT data.

In the colon extraction step, lumen paths are calculated for all

abdominal lumen components. The regions of rectum, ascending, and

Fig. 1 The 3D scatter-plot for selected texture features. (a) The

scatter-plot of the variance, the correlation and the entropy of

suspicious candidates. (b) The scatter-plot of the contrast, the

correlation and the entropy of suspicious candidates. Red markers

indicate features of true polyps
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descending colons are identified as landmarks based upon their ana-

tomic location and lumen distension, and the colonic lumen is tracked

from these landmarks [3]. The landmarks guide the tracking process

by providing a sense of anatomic direction within the abdomen,

thereby facilitating automated verification of the completeness of the

extracted lumen region. In particular, collapsed lumen regions can be

skipped by connecting the colonic lumen by use of probabilistic links

that are estimated from local and global lumen features.

In the detection step, volumetric shape features are used to detect

convex patterns in the colon. Unlike in conventional CAD methods

that attempt to define a single surface, our method detects lesions in a

thick region that encompasses the region of colonic surface [4]. This

volumetric approach minimizes false negatives, because all possible

colonic surfaces are considered.

In the false-positive reduction step, an adaptive morphological

dilation algorithm extracts the complete regions of detected lesion

candidates [5]. A neural network differentiates the candidates into

true positives and false positives by use of volumetric shape and

texture features. The true-positive candidates represent the output of

the scheme.

The detection scheme was developed and trained to detect colo-

rectal polyps/masses by use of 146 CTC cases that included 62 polyps

C6 mm.

The evaluation data included 150 clinical multi-center CTC cases

that were independent from the training data. There were 2 laxative, 2

minimally laxative, and 3 laxative-free 24-hour or 48-hour bowel-

preparation regimens with 50 patients in each regimen. All but 25

patients of the laxative regimen had orally administered positive-

contrast tagging. The CTC cases were acquired in supine and prone

scan positions with 1 - 5 mm collimations, 50 - 120 mAs currents, and

120 - 140 kVp voltages. Conventional optical colonoscopy was per-

formed within one week of the CTC scan. The colonoscopy-detected

polyps C6 mm were correlated with the CTC data.

Results
There were 20 lesions C10 mm and 51 lesions C6 mm. For lesions

C10 mm, the per-lesion detection sensitivity was 100% with \3 FP

detections per scan on average. For lesions C8 mm, the per-lesion

detection sensitivity was 92% in the laxative regimen (n=12), 90% in

the minimally-laxative regimen (n=10), 100% in the laxative-free

regimen (n=7), and 93% in all regimens (n=29), respectively, with\5

FP detections per scan on average. The detection sensitivity did not

vary significantly for polyps C8 mm. For polyps 6 - 7 mm, laxative

preparations yielded highest and laxative-free preparations yielded

lowest detection accuracy.

Conclusion
These preliminary results indicate that the automated meta-detection

scheme can provide high detection sensitivity with clinically

acceptable low false-positive rate in the detection of polyps/masses

C8 m in CTC over a wide range of laxative, minimally laxative, and

laxative-free bowel preparation options. Such detection schemes are

desirable in practical large-scale colorectal CTC screening applica-

tions that involve heterogeneous patient populations with divergent

needs and preferences.
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Purpose
Although colorectal cancer is the second leading cause of cancer

deaths in Western countries, it would be largely preventable by

effective screening. However, less than 40% of age-eligible adults

participate to full colorectal examinations, and patient surveys indi-

cate that the rigorous laxative bowel cleansing that is required by

optical colonoscopy (OC) and standard CT colonography (CTC)

techniques is the single most important reason for patients to avoid

colorectal examinations [1]. Laxative bowel cleansing is also suited

poorly for the screening of elderly and fragile patients.

Laxative-free CTC that does not require bowel cleansing could be

used to increase the scope of and patient adherence to colorectal

screening. However, current computer-aided visualization and

detection tools have been developed almost exclusively for laxative

CTC, and therefore they tend to fail in laxative-free CTC that intro-

duces several new technical challenges [2].

One of the most important problems of laxative-free CTC is the

presence of poorly tagged solid feces that imitate the shape and

radiodensity of colorectal lesions. In this study, we developed two

methods for identifying and excluding such materials: (1) densito-
metric partial-volume correction (DPVC) and (2) wall-connection
analysis (WCA). The former method enhances poorly tagged feces

Fig. 1 Examples of the outcomes of various types of bowel

preparation in CT colonography
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(Figs. 1a-b), whereas the latter method identifies untagged feces that

do not adhere to bowel wall (Fig. 1c).

Methods
In partial-volume regions that involve air, such as the colon surface,

the CT numbers of non-air voxels are averaged down from their

actual radiodensity due to the diluting material-fraction component by

surrounding air. In such regions, the CT numbers of poorly tagged

materials can be similar to those of soft tissue. However, we note that

CT numbers of soft-tissue materials are diluted even further in such

regions due to their lack of high-density tagging material-fraction

component. This suggests that in partial-volume regions, we can use a

relatively low threshold value ts for the differentiation of soft tissue

from tagged materials.

The DPVC method has three steps. In the first step, the partial-

volume material fractions are corrected for the local presence of a

tagging agent [3]. In the second step, partial-volume interfaces that

involve air are identified by calculation of the gradient magnitude of

CT number: regions with high gradient indicate material interfaces. In

the third step, the CT numbers that are higher than ts are elevated at

the partial-volume interfaces according to a mapping function.

The CTC data can also contain considerable amounts of com-

pletely untagged feces that imitate the shape and radiodensity of

colorectal lesions. However, in many cases such lesions are not

connected directly to bowel wall. Therefore, the WCA method was

developed to identify and exclude untagged materials that do not

adhere to bowel wall. In the method, we clip CT numbers within the

characteristic Hounsfield unit (HU) range of soft-tissue materials

(-500 – 100 HU), and choose the largest resulting connected binary

image component. The other connected components can be dismissed

as residual materials that are not connected directly to bowel wall.

However, there is one caveat: untagged feces that appear at the

surface of tagged materials tend to be connected artificially to bowel

wall through partial-volume surface voxels with soft-tissue like CT

numbers. Therefore, before determining the connected components,

we exclude interface voxels with high gradient magnitude value.

The study population included 30 patients (age range: 38

– 82 years). There was no bowel cleansing. Instead, the patients drank

small amounts (50 – 250 mL) of apple-flavored barium suspension

with meals for one or two days before the CT scan. The CTC data

were acquired in supine and prone positions by use of 2 CT scanners

with 1.0 – 2.5 mm collimations, 0.7 – 1.3 mm reconstruction inter-

vals, 28 – 84 mAs currents, and 120 – 140 kVp voltages. The OC was

performed within one week after the CTC, and the biopsy-proven OC

findings were correlated with the CTC data. All cases were used

regardless of their diagnostic quality.

Quantitative evaluation of the effect of the DPVC and WCA

methods was performed by use of an automated polyp detection

scheme that was developed previously. We analyzed the sources of

false-positive detections, and estimated the polyp detection accuracy.

The DPVC threshold ts was set to 100 HU in the experiments.

Results
There were 3 polyps C10 mm in 2 patients, and 5 polyps 6 – 9 mm in

2 other patients. All polyps were covered by or touched tagged

materials. With (without) the proposed methods, the per-lesion

detection accuracy was 100% with 2.8 (3.3) FP detections per CT

scan for polyps C10 mm, and 80% with 2.7 (3.9) FP detections per

scan for polyps 6 – 9 mm.

Among the false-positive detections that were identified by the

DPVC and WCA methods, approximately 41% were caused by poorly

tagged feces and 30% were caused by untagged feces. Also other

types of tagging artifacts were identified. Most of the remaining false-

positive detections were caused by untagged feces adhering to bowel

wall.

Conclusion
These preliminary results indicate that the proposed DPVC and WCA

methods are useful for identifying and excluding poorly tagged and

untagged feces in laxative-free CTC. Further optimization and eval-

uation of the methods with larger materials is warranted.
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Colorectal cancer remains the second leading cause of cancer mor-

tality in the United States, however early identifying and removing

the colon polyps is the most efficient and successful means to prevent

and treat the colorectal cancer. The use of 3D imaging to produce

virtual anatomic models of the colon provides a minimally invasive

diagnostic tool for detection of colorectal polyps and cancer, termed

virtual colonoscopy (VC). However, Major obstacles of VC, such as

time-consuming case interpretation time, less diagnosis performance

in terms of poor visibility, conspicuity and accuracy of polyp detec-

tion, still remain. In recent years, computer-aided detection (CAD) of

colonic polyps is attractive because of its potentials to overcome the

above difficulties. In doing so, radiologists can quickly survey a large

portion of the colon that is highly likely to be normal, and focus on

the small number of suspecting patches on the colon wall indicated by

CAD.

However, applying CAD for colonic polyp detection is very

challenging due to various objective and subjective reasons: (1)

varying shapes, sizes and even textures of clinically-important polyps

constitute the major objective factor impacting diagnosis performance

of CAD. (2) Subjective reasons that hinder the improvements of

CAD come from its input, the segmented and cleansed colon

lumen obtained by segmentation. As the very first step in CAD,

Fig. 1 (a) Arrows indicate poorly tagged feces. (b) The DPVC

method enhances the tagged feces. Note that soft-tissue materials are

not affected. (c) Arrows indicates untagged polyp-imitating feces that

are not connected to bowel wall
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segmentation not only provides a cleansed colon lumen but also

generates either a sheer-surface or multi-layer mucosa of 3–5 voxels

wide depending upon which segmentation algorithm is employed. It is

the mucosa layer that geometric features are extracted from, and

indirectly determines the polyp candidate. In the past several years,

various mucosa layer extraction methods as well as the associated

geometric features have been developed. However, the actual thick-

ness of colon wall with significant partial volume effect (PVE) is

barely reflected. Consequently, it is believed that most of the geo-

metric features developed so far are extracted from a single-layer

mucosa, and more sophisticated version should be developed for the

case of multilayer mucosa. Moreover, due to trivial variations on

the colon wall, traditional gradient/curvature in the manner of fix-

neighbor is prone to be affected by the neighboring geometric

structures, which might yield extra computational errors for CAD.

In this paper, we present a multilayer mucosa-based initial polyp

candidate detection scheme for computed colonography. First of all,

the actual thickness of the colon wall as a result of partial volume

effect was uniquely characterized by a multilayer mucosa of 3–5

voxels wide, and then interface propagation based on fast marching

method is applied to the extracted mucosa area because of its capa-

bility of recognizing different structures. In doing so, surrounding

voxels belonging to different structures are effectively excluded.

Secondly, geometric features like gradient/curvature were adapted

from traditional fix-neighbor to the adaptive version considering

neighboring structure interference, where a new technique referred

to as ‘‘Weighted Integral Curvature along Normal Directions

(WICND)’’ was proposed by summing up weighted adaptive curva-

tures. The advantages of this proposed WICND is that the outer and

inner mucosa layers could communicate with each other and a more

refined curvature capable of differentiating different geometric

structures becomes achievable. Finally, neighboring voxels with

similar geometric features are grouped together to form initial patches

on the colon wall, where those patches hit and miss the true polyps are

called ‘‘true positive’’ and ‘‘false positive’’ respectively. In doing so,

polyp candidates are optimally determined by computing and clus-

tering these adaptive geometric features.

By testing on 52 patients datasets in which 26 patients were found

with polyps of size 4–22 mm, both the locations and number of polyp

candidates detected by WICND and previously developed linear inte-

gral curvature (LIC) were compared. The results were promising as

shown by the following Tables 1, 2 that WICND outperformed LIC

mainly in two aspects: (1) the number of detected false positives was

reduced from 706 to 132 on average, which significantly released our

burden of machine learning in the feature space, (2) both the sensitivity

and accuracy of polyp detection have been slightly improved, especially

for those polyps smaller than 5 mm.
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Purpose
Recently, virtual colonoscopy (VC) has widely received attention as a

new colon diagnostic method. The colon has many haustral folds and

its shape is long and convoluted, a physician has to change the

viewpoints and the viewing directions of the virtual camera many

times while diagnosing. Additionally, there is a risk to overlook

lesions existing in blinded areas caused by haustral folds. To reduce

inspection time and lesion overlooking, automated detection methods

of colonic polyps from CT images have been reported by several

research groups. Shapes of the polyp are grouped into round and flat

shapes. Most of the previous methods detect convex shaped parts of

the colonic wall as polyp candidates. They detect only round shaped

polyps, which have characteristic shapes on CT images. Automated

detection of flat shaped polyps is a challenging work because flat

polyps have little characteristic shape or CT values on CT images.

Shape of haustral folds around colonic polyps and cancers tend to

becomes thick or odd-shaped. Thus, analysis of the haustral fold shape

will be helpful for detecting polyps. This haustral fold based approach

can detect not only round shaped polyps but also flat shaped polyps. This

paper proposes a haustral fold detection method from 3D abdominal CT

images based on local intensity structure information. We employ a

haustral fold enhancement filter based on eigenvalues of a Hessian

matrix. This is a preliminary work of development of automated polyp

detection utilizing haustral fold information. Additionally, we utilize

positional information of the haustral fold to establish correspondence

between supine and prone CT images of a patient.

Method
Haustral fold detection
(1) Preprocessing

We extract a colonic lumen region from a 3D CT image using a

region growing method. CT values of a lumen region are defined by c
[H.U.] and below. We apply a closing filter, whose structure element

is the sphere of radius r [mm], to the colonic lumen region. A roughly

extracted haustral fold region R is calculated by subtracting the

colonic lumen region from a resulting region of the closing filter. We

apply a Gaussian smoothing filter with standard deviation r [mm] to

all voxels inside R.

(2) Detection of haustral folds

We first approximate local CT value distribution by a quadratic

polynomial of three variables by fitting it to the neighborhood of each

voxel in R. The local region is a cubic region whose edge length is l
[mm]. A Hessian matrix is calculated using second-order partial

differential coefficients of the fitted surface. Let eigenvalues of the

Hessian matrix as k1, k2, k3 (k1Ck2Ck3). We calculate the output S of

a haustral fold enhancement filter from the eigenvalues at each voxel

Table 1 Performance of WICND versus LIC

Size of polyps Detection Rate

of WICND

Detection rate of

Previous LIC

Supine Prone Supine Prone

Large polyps ([=10 mm) 100% 100% 100% 100%

median polyps (5 mm–10 mm) 100% 89.5% 95.2% 95%

Small polyps (\5 mm) 91.7% 75% 75% 58.3%

Table 2 Number of false positives from four different choices for

detecting polyps

fix-neighbor gradi-

ent /curvature

adaptive

gradient/

curvature

LIC WICND

Averaged number of

False positives

531 163 706 132
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by S(k1, k2, k3) = k2k3/k’ (if k2\0, k3\0) or 0 (otherwise), where

k’=|k1+k2+k3|/3. An enhanced image is generated by calculating the

value S on each voxel. Haustral fold candidate regions are extracted

as a set of voxels whose values are greater than 0 in the enhanced

image.

(3) False positive elimination

We eliminate false positives (FPs) of the haustral fold candidate

regions by the following two steps. First, we eliminate all voxels

whose voxel values are smaller than tl on the enhanced image. Then,

we eliminate the haustral fold candidate regions whose volumes are

smaller than ts [voxel]. The remaining haustral fold candidate regions

after this FP elimination are finally classified into haustral fold

regions.

Establish correspondence between supine and prone data
We apply the proposed haustral fold detection method to supine and

prone CT data of a patient. The detected haustral folds are numbered

serially along a centerline of the colon for each CT data. The haustral

folds on each CT data having same number are regarded as corre-

sponding haustral folds. The correspondence information is utilized

by our VC system to synchronize viewing areas of virtual unfolded

and virtual colonoscopic views of the supine and prone CT data.

Results
We applied the proposed method to 12 cases of 3D abdominal CT

images. Acquisition parameters of the CT images are; image size:

512x512 pixels, the number of slices: 617–770, pixel spacing: 0.54–

0.70 mm, slice spacing: 0.6–0.7 mm, slice thickness: 1.25 mm.

Detection parameters of haustral fold candidates are set as c=-600

[H.U.], r=5.0 [mm], r=0.5 [mm], l=3.0 [mm], tl=150, and ts=54

[voxel]. A PC with Dual-Core Xeon 3.0 GHz x 2 CPUs and 4 GB

memory is used in the experiment. Figure 1 shows examples of

detected haustral folds. Figure 2 shows examples of haustral fold

detection results of supine and prone CT data of a patient.

As shown in Fig. 1, haustral folds are correctly detected. Most

missing haustral folds were quite small ones. Thin areas of the colonic

wall (thin-wall) between two different parts of colonic lumen were

over-detected. Local intensity structures of the thin-wall are similar to

that of the haustral folds. Our method need to be improved to elim-

inate the thin-walls from colonic wall candidates. As shown in Fig. 2,

positional information of haustral folds is useful for corresponding

supine and prone CT data of a patient. Synchronized display of these

two CT data will help radiologist to diagnose with less effort.

Conclusion
This paper proposed a haustral fold detection method from 3D

abdominal CT images by applying a haustral fold enhancement filter

based on eigenvalues of a Hessian matrix. As the results of experi-

ments using 12 cases of CT images, we confirmed that the proposed

method can detect haustral folds satisfactorily. Future work includes

development of a thin-wall elimination method, and development of a

polyp detection method utilizing haustral fold information.
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Purpose
The exocrine and endocrine functions of the pancreas are essential to

digestion and metabolism. Since the pancreas is located at a sub-

stantial depth in the upper abdomen, imaging diagnostics using CT

and/or MR images play a key role in the diagnosis of pancreatic

diseases. Physicians attempting to decipher a large number of CT

slices taken by a multi-detector CT scanner require a computer-aided

detection/diagnosis (CAD) system.

Segmentation of the target organs is indispensable for such CAD

systems. However, there are few papers that discuss automated pan-

creas segmentation algorithms from CT volumes [1,2,3], because of

the difficulties in segmentation caused by large variations in shape

and location. Shimizu et al. developed an algorithm that extracted 12

organs, including the pancreas, from non-contrast CT volumes [1,2].

Although the segmentation results of large organs, such as the liver

and spleen were acceptable, the results of pancreas segmentation

were inadequate. Moreover the computational cost was high due to

interaction between neighboring organs in the level set based

segmentation process. One possible solution for boosting segmenta-

tion performance without increasing computational cost is the use of

contrast-enhanced CT images. Nakaguchi et al. proposed an algo-

rithm that used contrast-enhanced images [3]. However, part of the

algorithm was executed manually, and it was based primarily on two-

dimensional image processing, which might deteriorate segmentation

accuracy.

Fig. 1 Examples of haustral fold detection result. (a) and (b) are

virtual colonoscopic views, (c) is a virtual unfolded view of the colon

Fig. 2 Examples of haustral fold detection results of supine and

prone CT data of a patient. The detection results are displayed on

virtual unfolded views of colon in the supine and prone CT data.

Viewing areas of the virtual unfolded views are synchronized using

positional information of haustral folds

Int J CARS (2008) 3 (Suppl 1):S188–S198 S195

123



In this paper, we propose a two-stage process to extract the pan-

creas from three-phase CT volume data. The liver and spleen are

extracted in the first stage and the extracted regions are used to

standardize the position of the pancreas in warping the patient image

onto a standard reference space, thus simplifying the pancreas seg-

mentation in the second stage. This paper shows the results of

applying the process to three-phase CT volumes taken from 39

patients, and discusses its effectiveness.

Method
The inputs are three-phase CT volume data—early, portal, and late

phase volumes. In pre-processing, the three phase volumes are aligned

using a radial basis function-based registration [4,5]. The first stage of

the proposed process is segmentation of the liver and spleen followed

by standardization of the position of the pancreas. The segmentation

process is based on maximum a posterior probability (MAP) that

assigns a label L, which gives the MAP as shown below [1,2]:

L ¼ argmaxlp l=vð Þ ¼ argmaxl p v=lð Þp lð Þ=p vð Þf g ð1Þ

where v is a feature vector composed of three-phase CT values. p(v|l) is

assumed to be a multi-dimensional Gaussian mixture distribution,

consisting of five organs: the liver, spleen, heart, muscle, and other

tissue, whose parameters are estimated by an EM algorithm [1]. p(l) is

computed by the probabilistic atlas of the five organs. The final process

of the first stage is the standardization of the pancreas location, in

which an input patient volume is translated so that a midpoint between

the center of gravity of the extracted liver and that of the spleen in the

input volume coincide with that of reference volume data.

The second stage roughly extracts the pancreas, based on the MAP

method that assumes three organs: pancreas, inferior vena cava, and

other tissue. After segmentation, it performs rule-based analysis of

regions extracted as the pancreas, and morphological operations with

voxel-wise classification. The rule-based analysis employs a decision

tree to determine whether the candidate regions actually correspond to

the pancreas. This process uses features such as volume, average CT

values, a prior probability of the pancreas in the region, and the

distance to the spleen extracted in the first stage. The final process is a

closing operation applied to the voxels that meet the condition of the

Mahalanobis distance to the pancreas in a database.

Results
Three-phase CT volume data taken from 36 patients were used to train

the proposed algorithm and assess its performance. The number of

slices per case ranged from 191 to 613. The slice interval and pixel

interval in the axial direction ranged from 0.5 to 1 mm, and from 0.546

to 0.683 mm, respectively. The volumes were converted to isotropic

voxels and their size reduced to one-third for the following experiments.

The Jaccard index was used to evaluate the performance. This index is

computed by dividing the intersection of an extracted region and a true

region by the union of the two regions, and ranges from 0 to 100%.

The average of the performance indices for 36 cases was 55 %,

which means that the extracted regions are relatively consistent with

the true regions. For example, the index between a true pancreas

region and the region eroded by just one voxel is 65%, even though

the eroded region closes enough to the true region. So ‘‘55%’’

means that the segmentation is relatively successful. When we

compared the results of the proposed method with that of a previous

method [2] evaluated using 15 non-contrast CT volumes, the pro-

posed method outperformed the previous method in terms of

segmentation accuracy.

The most frequent failure in the proposed segmentation method

arose from similarities between the CT values of the pancreas and

those of the neighboring organs such as the stomach and intestines.

Prior knowledge of the shape of the pancreas would improve per-

formance, and is important for future work.

We also applied this process to three unknown volume data dis-

tributed in a competition of pancreas segmentation held in Japan in

2007. It can be said that the pancreas regions for cases 1 and 2 were

extracted successfully. The results for case 2 are shown in Figure 1.

However, the process significantly underestimated the region for case

3. The main reason for this failure is that the positions of the liver and

spleen used to standardize the pancreas location are different from

those used for training.

Conclusion
This paper proposed a two-stage process for extracting the pancreas

from three-phase CT volume data. The liver and spleen, extracted in

the first stage, were used to standardize the position of the pancreas,

which helped the segmentation of the pancreas in the second stage.

We presented the favorable results of the proposed method for 36 CT

volumes and the three cases in the competition, thus proving its

effectiveness.
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Purpose
Noninvasive diagnosis of focal liver lesions (FLLs) has been per-

formed based on contrast-enhanced computed tomography (CT) or

magnetic resonance imaging (MRI). However, recent progress in

ultrasonography with contrast agents and pulse-inversion (phase-

inversion) imaging techniques has allowed real-time assessment of

the liver vascularity pattern. In this study, we developed a comput-

erized scheme for classifying FLLs as liver metastasis, hemangioma,

and three histologic differentiation types of hepatocellular carcinoma

(HCC), by use of micro-flow imaging (MFI) of contrast-enhanced

ultrasonography.

Method
One hundred forty-six FLLs obtained from 137 cases used in this

study consisted of 40 metastases (21 hyper- and 19 hypo-vascularity

types), 30 hemangiomas (12 hyper- and 18 hypo-vascularity types)

and 76 HCCs including 24 well differentiated (w-HCC), 36 moder-

ately differentiated (m-HCC), and 16 poorly differentiated (p-HCC).

Pathologies of all cases were determined based on biopsy or surgical

specimens. Locations and contours of FLLs on contrast-enhanced

images were determined manually by an experienced physician. The

ultrasound equipment used was SSA-790A (Toshiba Medical Sys-

tems). MFI was obtained with the contrast-enhanced low mechanical

index (MI) pulse subtraction imaging at the fixed plane which

included a distinctive cross-section of the FLL. In the MFI, the inflow

high signals due to the vascular patterns and the contrast agent

(Microbubble: SonazoidTM) were accumulated following a flash

scanning with a high MI ultrasound exposure. In the initial step of our

computerized scheme, a series of the MFI images was extracted from

the original cine clip (AVI format). We applied a smoothing filter and

time-sequential running average techniques in order to reduce signal

noises on the single MFI images (Fig. 1 (a)(b)). Time-difference

image obtained by subtracting a MFI image at early phase from the

MFI image at delayed phase, and was applied to analyze the unifor-

mity of the enhancement patterns (Fig. 1 (c)). In addition, normal

structures with high signal intensity such as kidney and main vessels

were segmented automatically by use of a difference image technique

in order to analyze liver parenchyma regions and tumor vessels

(Fig. 1 (d)). Temporal features such as accumulation times at early

and delayed phases, flow rates, and peak time were determined by use

of estimated time-intensity curves for an FLL. In addition, morpho-

logic and gray-level image features, such as the size of lesion,

vascular patterns, centripetal/centrifugal factor, and the presence of

hypoechoic regions were extracted based on the physicians’ knowl-

edge of the diagnosis of the FLL. We employed seven independent

artificial neural networks (ANNs) by use of extracted image features

for classifying five types of liver diseases. A total of 25 temporal,

morphologic and gray-level image features were selected for six

Table 1
Types of diseases No. of FLLs Classification with CAD

HCC Matastasis Hemangioma

w-HCC m-HCC p-HCC

HCC 76

w-HCC 24 19 3 0 0 2

79.2% 12.5% 0.0% 0.0% 8.3%

m-HCC 37 5 27 3 1 0

13.9% 75.0% 8.3% 2.8% 0.0%

p-HCC 15 1 0 14 0 1

6.3% 0.0% 87.5% 0.0% 6.3%

Matastasis 40 5 3 5 27 0

12.5% 7.5% 12.5% 67.5% 0.0%

Hemangioma 30 2 0 2 2 24

6.7% 0.0% 6.7% 6.7% 80.0%

Fig. 1
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different ANNs from initially extracted 69 features by use of the step-

wise feature selection method. The ANNs were trained and tested

with a leave-one-lesion-out test method.

Results
Table 1 shows the performance of the computerized scheme for the

classification of five types of FLLs (w-HCCs, m-HCCs, p-HCCs,

metastases, and hemangiomas). The classification accuracies for the

146 FLLs were 67.5% for metastasis, 80.0% for hemangioma, 79.2 %

for w-HCC, 75.0 % for m-HCC, and 87.5% for p-HCC. When the

classification was applied for three types of FLLs (HCCs, metastasis,

and hemangioma), the classification accuracies for all HCCs was

94.7% (72/76). The average classification accuracies for 3 and 5 types

of FLLs were 84.2% and 76.0%, respectively. As shown in Table 1,

twenty-three FLLs were incorrectly classified into three types of liver

diseases by the CAD, and consisted of four HCCs, 13 metastases, and

six hemangiomas. The CAD incorrectly classified four HCCs as one

metastasis and three hemangiomas, all thirteen metastases as HCCs,

and six hemangiomas as four HCCs and two metastases. Therefore,

the classification accuracies for malignant (HCCs and metastases)

and for benign (hemangiomas) lesions were 97.4% and 80.0%,

respectively.

Conclusion
We developed a computerized scheme for classification of focal liver

lesions by use of MFI of contrast-enhanced ultrasonography. The

performance of this CAD scheme has the potential to improve the

diagnostic accuracy in classification of histologic characteristics of

HCCs and other liver diseases.
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