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Abstract. Over the past few years, techniques for CT colonography evolved rapidly, 

stimulated by encouraging performance data. Computer aided detection (CAD) methods 

were developed that enhance the efficiency of reading the data. Our objective in this 

paper is to review some recent advances on this topic, by others as well by ourselves. 
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1   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 depends on remaining issues that relate to 

patient compliance and efficiency of the method: 

 Residual fecal material is well known to hinder the evaluation of CT colonography. It 

may cover lesions (preventing detection), or it 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 led to several technical innovations. 

Fecal tagging was introduced for discriminating between tissue and fecal material. It 

permits a limited bowel preparation, which may contribute to better patient compliance. For 

‗digitally removing‘ the tagged materials, electronic cleansing (EC) methods were developed 

[1][2][3]. This is particularly needed for creating 3D endoluminal views in which there is a 

large amount of fecal material. 

Computer-aided detection (CAD) of polyps was developed that enhances the efficiency of 

reading the data and also increases the sensitivity. What is more, sophisticated visualization 

methods (dissected and 3D unfolded views) were designed for optimizing detection. 

Our objective in this paper is to review some recent advances in CAD, by others as well by 

ourselves. 
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2   Related work 

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 

approximate 100% sensitivity for polyps larger than 6 mm at the expense of a large number 

of false positives (FPs) per scan. The task of supervised classification is to improve the 

specificity to about a handful of FPs while maintaining optimal specificity. 

For the detection of polyp candidates, Summers et al. [4][5] proposed to use methods from 

differential geometry in which the principal curvatures were computed by fitting of a fourth-

order B-spline to local neighborhoods. Candidates were generated by selection of regions of 

elliptic curvature which had a positive mean curvature [1]. Alternatively, Yoshida et al. [6][7] 

used the shape index and curvedness to find candidate objects on the colon wall.  

In addition to the different candidate detection algorithms, there is a wide variety in the 

design of the pattern recognition system. Yoshida and Näppi used linear and quadratic 

discriminant classifiers [6][7][8]. Alternatively, Sundaram et al. [9] classified the candidates 

based on a single heuristically designed score. Neural networks were used by Näppi et al. 

[10] and by Suzuki et al. for classification. A steadily growing number of papers (e.g., 

[12][13][14]) also reported on the performance of such polyp detection algorithms (see 

Yoshida and Näppi [15] for a review on CAD systems for CTC).  

We identified several challenges for polyp detection algorithms. Importantly, the 

computation of curvature values is typically done in ‘one shot‘ on a single predetermined 

scale. Consequently, optimal performance may be obtained for a specific size only. 

Moreover, the motivation for a specific design of the classification system is often unclear. 

One may reason that the optimization of complex classification systems (with a large number 

of parameters or features) is complicated by the limited availability of training examples. 

This could lead to overtraining to a specific patient population. 

3   Second order curvature flow 

We presented a paradigm shift by proposing a method for candidate detection that measures 

the amount of protrudedness of an object in a scale adaptive fashion [16].  

Suppose that the points on the convex region of a polyp (the polyp head) are iteratively 

moved inward. In effect, this procedure will ‗flatten‘ the object. Simultaneously, the convex 

region expands during this process and will ultimately include the polyp neck as well. After a 

certain amount of deformation, the surface flattening is such that the protrusion is completely 

removed, that is, the surface looks as if the protruding object was never there. This is the key 

concept on which the method is based. 

The deformation algorithm is described by a partial differential equation (PDE) that is 

steered by the second principal curvature (2). Practically, the algorithm acts only on the head 

regions in which 2 > 0.  A new intensity is assigned to each voxel within such a region by 

subtraction of the second principal derivative
1

. Subsequently, the principal curvatures are 

recomputed. Some of the voxels which initially had a zero or negative second principal 

curvature will now be in the head region and will be added to the area of operation. 

Therefore, the area of operation will expand from the head into the neck region. The 

algorithm essentially iterates until the number of voxels that are added to the convex region 

                                                 
1

 A similar technique involving an explicit representation of the colon surface yielded comparable 

results [13]. 
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becomes zero. At last, polyp candidate regions are segmented by thresholding of the intensity 

change field. 

A crucial property of the method is that the scale of computation increases with each 

iteration. Such adaptation occurs because the curvature calculation continuously uses the 

result from the previous step. In effect, the scale ‘adapts‘ to the underlying image structure, 

because a small protrusion will require fewer iterations to be flattened into the background 

than will a large one. Moreover, the performance of the candidate detection depends only on 

one parameter: the threshold of the intensity ‗deformation‘. 

3   Logistic regression 

We introduced a system that orders the candidate objects according to clinical relevance by a 

linear logistic classifier (logistic regression) [17].  

Radiologists who evaluate CTC data primarily use two properties of a candidate for 

classification: the shape and the voxel intensities inside the candidate. 

We designed a shape feature that takes into account the protrusion as well as the lateral size 

of the object. Effectively, it measures the percentage of the area of the candidate that has a 

protrusion larger than a certain threshold. A large circumference as well as shallow edges 

lead to relatively large areas with protrusion below and result in a low response. Thus, this 

feature favors compact objects with steep edges. 

The internal intensity distribution of candidates has been found to be a discriminative 

property to discard a large number of false detections. Such information about the candidates 

was included through statistics on the object‘s internal voxel intensities (e.g., mean and 

standard deviation). 

It was demonstrated that a Gaussian properly describes the distribution of the intensity 

properties obtained from the polyps. Therefore, a feature was defined as the (negated) 

Mahalanobis distance to the mean of the intensity properties measured on polyps from a 

training set. This output feature is suitable for ordering the candidates, since zero 

Mahalanobis distance (the mean of the Gaussian) is considered most polyp-like. 

The classification of candidate objects based on the aforementioned features is 

characterized by a huge class imbalance. This occurs because there are only a few examples 

of the abnormality class in a shear endless sea of ―healthy‖ samples. We use a linear logistic 

classifier which effectively fits sigmoidal probability density functions (pdfs) for the features. 

The system copes with the class imbalance by carrying out a regression analysis instead of 

merely classifying the candidates into one of the two classes.  

Thus, one searches for a linear direction in which the sigmoidal pdfs best describe the data. 

Thereby, the imposed ordering correlates with the clinical relevance of the candidates.  

Essentially, the CAD system is low-complex and takes into account all the characteristics 

of the classification problem. 

4   Results 

Fig. 1 illustrates how the intensities are modified during the deformation process and how 

this affects the position of the isosurface. 
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Fig. 1. A polyp (10 mm) at different stages of the intensity deformation (after 0, 10, 40, 80, and 160 

iterations ). First row: reformatted original CT data; second row: isosurface renderings (at -650 HU). 

An important aspect of a CAD system for CT colonography is its ability to be generalized 

to data sets differing in a variety of aspects. The generalization power of the presented system 

was investigated by FROC analyses involving multi-center data. Fig. 2 shows the results of 

the cross-center evaluation (further details are given in [17]). 

It can be seen that, in all graphs, the FROC curves for classifiers trained on the different 

data sets are generally within one standard deviation from each other. In other words, the 

same performance is attained no matter on which data set the classifier is trained. 

Concurrently, there are small differences in the performance of the CAD system for the four 

data sets. Still, all yield sensitivities larger than 85% at the cost of five false-positive 

detections per scan. The differences between the curves are a result of the administration of a 

fecal tagging agent, the preparation of the patients, and natural fluctuations in the appearance 

of the polyps in the data sets. 

 
Fig. 2. Each graph shows the results of classifying a certain data set, using four different 

classifiers that are each trained on one of the four data sets. The line style indicates the data 

set on which is trained. When the same data set is used for training and classifying, a ten-fold, 

repeated cross-validation was used. (a) test set ―A‖ (59 polyps), (b) test set ―B‖ (28 polyps),  

(c) test set ―C‖ (176 polyps), and (d) test set ―D‖ (8 polyps). 
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5   Conclusion 

A novel method was presented which detects polyps based on their protruding character 

irrespective of the actual shape. The method modifies image intensities at locations of 

protruding objects. This is achieved by finding a steady state solution of a nonlinear PDE 

with the recorded image as input. 

Additionally, a classification system based on logistic regression was developed. The 

classification system can deal with unbalanced misclassification costs and the huge class 

imbalance by carrying out a regression analysis instead of classifying the candidates into one 

of the two classes. 

It was also shown that the CAD system can be generalized well to data sets from different 

medical centers and with different patient preparations. Such generalization is essential for 

large-scale screening application. 

Currently, we aim to combine the presented methods with electronic cleansing techniques 

for use in patients with limited bowel preparation [1][2][3]. 
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