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ABSTRACT:-We present a computer aided detection (CAD) systemfor computed tomography Colonography that 
orders the polyps according to clinical relevance. The CAD system consists of two steps: candidate detection and 
supervised classification. The characteristics of the detection step lead to specific choices for the classification system. 
The candidates are ordered by a linear logistic classifier (logistic regression) based on only three features: the 
protrusion of the colon wall, the mean internal intensity and a feature to discard detections on the rectal enema tube. 
This classifier can cope with a small number of polyps available for training, a large imbalance between polyps and 
non-polyp candidates, a truncated feature space, unbalanced and unknown misclassification costs, and an exponential 
distribution with respect to candidate size in feature space. Our CAD system was evaluated with data sets from four 
different medical centers. For polyps larger than or equal to 6 mm we achieved sensitivities of respectively 95%, 85%, 
85%,and 100% with 5, 4, 5, and 6 false positives per scan over 86, 48, 141, and 32 patients. A cross-center evaluation 
in which the system is trained and tested with data from different sources showed that the trained CAD system 
generalizes to data from different medical centers and with different patient preparations. This is essential to application 
in large-scale screening for colorectal polyps. 
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I.INTRODUCTION 

Cancer is the second leading cause of mortality due to cancer in the western world Paradoxically, perhaps, is that it is 
preventable for a large part or at least curable if detected early. Adenomatous colorectal polyps are considered 
important precursors to colon cancer. It has been shown that screening for such polyps can significantly reduce the 
incidence of colon cancer .Computed tomography (CT) colonography (CTC) is a rapidly evolving technique for 
screening, but the interpretation of the data sets is still time-consuming. Computer aided detection (CAD) of polyps 
may enhance the efficiency and also increase the sensitivity. This is specifically important for large-scale screening. 
Recent studies show that the sensitivity of CAD systems is already comparable to the sensitivity of optical colonoscopy  
and radiologist using. The best indicator of the risk that a polyp is malignant or turns malignant over time is size [90]. 
The consensus is that patients with a polyp of at least 10 mm must be referred to optical colonoscopy for polypectomy 
and it is adviced that diminutive polyps (≤ 5 mm) should not even be reported. There is still debate over the need for 
polyp for 6–9 mm polyps. Surveillance for growth with CT colonography  has also been suggested. protrusions. 
Possible beneficial information from other isophotes, with higher or lower intensities, was ignored. The scheme 
proposed in this paper diverges primarily by acting on an implicit representation of the colon surface. That is, it uses 
information from additional isophotes as well. Accordingly, there is no need for optimizing the intensity level of the iso 
surface. Another benefit of this method is that topological difficulties and complex mesh processing tasks, such as 
mesh generation and mesh flattening, are avoided. We will compare both methods and demonstrate that the two 
techniques are to some extent complementary. Moreover, exploiting the balancing aspects will be shown to lead to 
improved sensitivity 

classifier design and training. A further complication is that the misclassification costs for objects from the two 
classes are unknown and certainly very different. This paper discusses the consequences of these characteristics for the 
used to send the packets from source to destination by selecting the large number of hops criteria. Second metric 
focuses on the residual batter energy level of entire network or individual battery energy of a node [1]. 
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II.RELATED WORK 

CAD algorithms for polyp detection in CT colonography usually consist of candidate detection followed by supervised 
classification. Candidate detection aims at 100% sensitivity for polyps larger than 6 mm which goes at the expense of 
hundreds of false positives (FPs) per scan. The task of supervised classification is to reduce the number of detections to 
about a handful without sacrificing the sensitivity too much. For the detection of polyp candidates, Summers et al. 
proposed to use methods from differential geometry in which the principal curvatures were computed by fitting a fourth 
order B-spline to local neighborhoods with a 5 mm radius. Candidates were generated by selecting regions of elliptic 
curvature with a positive mean curvature .Yoshida et al.used the shape index and curvedness to find candidate objects 
on the colon wall. The shape index and curvedness are functions of the principal curvatures of the surface, which were 
computed in a Gaussian-shaped window (aperture). Alternatively, Kiss et al. [ generated candidates by searching for 
convex regions on the colon wall. Their method fitted a sphere to the surface normal field. The type of material in 
which the center of the fitted sphere was found (in tissue or in air) determined the classification of the surface as either 
convex or concave. As a result, roughly 90% of the colon wall was labeled as concave, that is ’normal’. Subsequently, 
a generalized Hough transformation using a spherical model was applied to the convex surface regions. Candidate 
objects were generated by searching for local maxima in the parameter space of the Hough transformation. Kiss et al. 
characterized the shape of the candidate by comparing the spherical harmonics with those of the polypoid models in a 
database Apart from the different candidate detection algorithms, there is a wide variety in the design of the pattern 
recognition system, ranging from low-complex systems like linear discriminant classifiers to classification systems 
using multiple neural networks. Yoshida and Näppi used linear and quadratic discriminant classifiers as well as Jerebko 
et al. Wang et al. uses a two-level classifier with a further unspecified linear discriminant classifier in the second level. 
The first level of this classifier  consisted of a normalization procedure, which was specially designed and had four 
parameters. Sundaram et al. classified the candidates based on a single heuristically designed score using curvature 
information of the candidate patches. Göktürketnal employed a support vector machine for classification, in which it 
was assumed that after a transformation by the kernel function, the data were linearly separable. This implicitly 
required minimal mixing between polyps and false detections. JerebkoetalandZheng et al. used a committee of support 
vector machines. Neural networks were also used by Jerebko et al. [50] and Näppi et al. [65,78] for classification, and 
by Suzuki et a for the reduction of false detections on the rectal enema tube.To conclude, many different proposals for a 
classification system for computer aided detection of polyps have been presented. However, the motivation for a 
specific design of the classification system is often unclear. Moreover, proper comparison between classification 
systems is difficult due to the different candidate detection systems and feature extraction methods. One may reason 
that the optimization of complex classification systems (with large number of parameters or features) may be 
complicated by the limited availability of training examples. This could lead to overtraining to a specific patient 
population or patient preparation. 

III. PROPOSED ALGORITHM 
 
In proposed method ANFIS classifier is used to deduct the polyp or not. During diagnose the polyp get differentiated 

as whether it is malignant or benign tumor 
 

A. Data Discription And Feature Design: 
A CAD system for CTC starts with the acquisition of CT colonography data. In these data, candidate objects are 
detected and segmented. The segmented candidates are typically characterized by features describing, for instance, 
the candidate’s shape and its internal intensity distribution. Such data serve as input for the classification system. 
All pre-processing steps will be addressed in this section. 

 
I.CT Colonography Data: 

Data sets from four different medical centers were used to evaluate the performanceof our system. Data sets 
from different sources differ in polyp prevalence, the patientpreparation, the scanning protocol, the protocol for 
determining the ground truth, andthe type of rectal tube used for colon distension during CT examination1. An 
arbitrarynumber of patients were randomly selected from each source, irrespective of the numberof polyps and their 
shape. The most important characteristics of the data sets are shownin Table 7.1. More detailsmay be retrieved from the 
references included in the table. Allpatients adhered to an extensive laxative regime. The reference standard (ground 
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truth).for data sets ’A’, ’B’ and ’C’ was optical colonoscopy. An expert radiologist served as the reference for data set 
’D’. Radiologists retrospectively indicated the location ofpolyps by annotating a point in the 3D data set based on the 
reference standard. Thecandidate segmentations (see below) were labelled by comparison to these annotations.Data sets 
’A’, ’B’ and ’C’ consisted of scans in both prone and supine positions. Apolyp was counted as a true positive CAD 
detection if it was found in at least one ofthe two scanned positions. Only dataset ’A’ has been used during 
development of the system. 
 

 
Figure 1: The candidate detection method applies a non-linear ’flattening’ operationto the colon wall. The protrusion 
field is defined as the difference in positionof the colon wall before (a–b,e–f) and after (c–d, g–h) application of the 
operation. The coloring (b,d,f,h) indicates the protrusion of the mesh verticesof detected candidates (blue denotes a 
large protrusion and red denotesa protrusion of 0.2 mm, i.e. the low hysteresis threshold). Notice that thenfolds are 
hardly affected by the operation 
 
II.Candidate  Detection 
 

Polyps are often described as objects that protrude from the colon wall. For that reason,the candidate detection 
method is designed to detect all objects that protrude from thecolon wall, irrespective of their shape. Suppose that the 
points on the convex parts ofa protruding object are iteratively moved inwards. Effectively, this will ’remove’ 
theobject. After acertain amount of deformation, the protrusion is completely removedand the colon wall appears 
’normal’. The amount of deformation as a result of theoperation is a measure of ’protrudedness’. Fig. 1 illustrates this 
process by showingimages before and after application of the non-linear ‘flattening’ operation.Practically, the colon 
wall was represented by a triangle mesh, which was obtainedby thresholding the CT colonography data at -750 
Hounsfield units (HU). A non-linearPDE [130] was solved to remove all protruding structures from the mesh that 
displayeda positive second principal curvature. A similar approach that acts directly on the greyvalued image is 
presented in . In this procedure, the global shape of the colonincluding the folds was retained, since these structures 
display a second principal curvaturethat is smaller than or equal to zero. The protrusion field was computed by 
theposition difference of the mesh vertices before and after processing. Subsequently, hysteresisthresholding was 
applied to this field to detect and segment the candidates. Thehigh threshold on the protrusion was 0.4 mm and 
determines the sensitivity. The valueof 0.4 mm was selected since it yields 100% sensitivity per polyp annotation in 
ourtraining set. All retained regions of the colon surface were augmented by adding the adjacentmesh points with a 
protrusion of at least 0.2 mm (the low threshold). The regionsthus obtained form the segmented 
candidates.morphology. Because these lesions are generally less conspicuous than polypoid lesions, they can be more 
difficult to detect both in optical colonoscopy as well as CTC. In  it is argued that, although flat lesions remain a 
diagnostic challenge they do not represent a major drawback to widespread CTC screening. it is argued that 
"completely flat lesions are exceedingly rare". This thesis does not specifically address the detection of flat polyps, but, 
the techniques developed are designed to detect any elevations from surrounding surfaces before ordering them based 
on size and intensity measures.  
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III.Feature: 
Radiologists that evaluate CTC data primarily use two properties of a candidate forclassification: the shape and the 
voxel intensities inside the candidate. There is stilldebate about the optimal way to analyze CTC data. Radiologists 
using the 3D renderingof the colon (virtual colonoscopy) detect polyps based on shape, but they will oftenfall back to 
the 2D representation (grey values) before a final decision is made. Usinthe 2D representation, both the internal 
intensities and the shape are assessed, although shape is often hard to extract from the grey-value images. The features 
used in thepresented CAD system are based on the same two properties that are primarily used byradiologists.Shape 
was previously described by the shape index and curvedness, mean curvature,average principal curvatures and 
sphericity ratio and spherical harmonicsAn alternative method to measure shape, which is based on the protrusion field, 
will be introduced The internal intensity of the candidates has been found before to be a discriminativefeature to 
discard a large number of false detections It may be expectedthat due to the partial volume effect false detections arise 
that have low internal intensity.False detections that are stool often have air inside, which also lowers the intensity.Such 
information about the candidates will be included through statistics on the voxelintensities inside the object At last, it 
was experimentally found that many false positives turned out to be detectionson the rectal enema tube (RET) 
(previously also reported in Therefore,a third feature will be proposed to discard such false detections Shape  
 
A.Shape Feature From Protrusion Field  
 

Polyps are conventionally characterized by the single largest diameter, excluding the stalk However, Fig. 7.2(a) 
shows that this measure does not distinguish polyps from false detections well. It appears that especially among the less 
protruding candidates (≤ 2 mm), the candidates with the larger diameters are predominantly false detections. 
Alternatively, it might be natural to select the maximum protrusion of a candidate as a feature, but it appears that a lot 
of polyps have only modest protrusion. As an illustration, Figs. 7.2(c) and (d) show two candidates that have 
approximately the same maximum protrusion but a completely different appearance. The first candidate (candidate ’c’) 
has a large diameter, but does not resemble a polyp at all, whereas the second candidate (candidate ’d’) with a small 
diameter does so. To conclude, a large diameter relative tothe maximumprotrusion indicates a non-polypoidal shape 
(candidate ’c’) anda small diameter or a relative low protrusion points to a small clinically irrelevant candidate.A 
feature that is derived from the thresholded protrusion field should thereforeinclude the size of a candidate as well 
as the ratio between the largest diameter and themaximum protrusion. Moreover, the feature should characterize 
the whole segmentedarea instead of the extrema (like the largest diameter or the maximum protrusion).We 
designed a feature that takes into account both the protrusion as well as the lateral size of the object. Effectively, it 
measures the percentage of the area of the candidatethat has a protrusion larger than a certain threshold T. This feature 
is further denoted as FT . A large circumference as well as shallow edges lead to relatively large areas With protrusion 
below T and result in a low response. Thus, this feature favors compact objects with steep edges.. Fig. 2(b) shows that 
according to FT (T=0.6mm) candidate ’d’ is indeed favored over candidate ’c’. Ordering the candidates based on FT is 
thus expected to improve the performance of the CAD system over simply using the maximum diameter alone 
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Figure 2: (a)–(b) Scatter plots of features calculated for data set ’A’. Grey dots denote false detections and black dots 
indicate polyps ≥ 6 mm. Note that each polyp may appear as two separate dots in the scatter plot, since each patient is 
scanned twice. (a) The maximum protrusion versus the single largest diameter of a candidate. The threshold of the 
candidate detection can be seen at a maximum protrusion of 0.4 mm. (b) FT (T=0.6mm) versus the largest diameter. 
(c–d) Two candidates with the same maximum protrusion that are ordered differently according toFT. 
 

IV.CONCLUSION 
 
We developed a classification system based on logistic regression for computer aided detection of polyps in CT 
colonography data. Typically, there are unbalanced and unknown misclassification costs and a huge class imbalance. 
The latter occurs because there are only a few examples of the abnormality class in a shear endless sea of normal 
’healthy’ samples. Our classification system can cope with the aforementioned characteristics by carrying out a 
regression analysis instead of classifying the candidates into one of the two classes. The orderingcorrelates with 
theclinical relevance of the candidates. The exponential distribution of the candidates and the small number of polyps 
available for training led to the use of the logistic classifier for regression. The logistic classifier is low-complex and 
proved to be stable. Candidates were detected based on their protrudedness from the colon wall. A feature derived from 
the protrusion field was sensitive for candidates that had steep edges and large protrusion. Other features used were the 
internal intensity distribution, and a feature to discard detections on the rectal tubes.  
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