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Introduction

Polyp and Colon cancerPolyp and Colon cancer
Colonoscopy and Virtual colonoscopy (VC)Colonoscopy and Virtual colonoscopy (VC)
VC with computer aided detection (CAD)VC with computer aided detection (CAD)
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Polyp examples
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VC examples 

Big polyp exampleBig polyp example Small polyp exampleSmall polyp example
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VC with CAD

Colon wall segmentationColon wall segmentation
ROI identificationROI identification
Feature derivation from the ROIFeature derivation from the ROI
Feature based Feature based 
classification classification 
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Colon wall segmentation

3D Region growing with thresholding3D Region growing with thresholding

Seed pintsSeed pints
IsoIso--surface techniquessurface techniques
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ROI identification

Curvature estimation:Curvature estimation:
KernelKernel--based convolution methodsbased convolution methods
Surface patch fitting methodsSurface patch fitting methods
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Curvature estimation 
by kernel-based convolution methods

k k –– curvature    t curvature    t –– direction direction H H –– Hessian matrixHessian matrix
g g –– gradient gradient 
We can use edge filters to get partial derivativesWe can use edge filters to get partial derivatives
On the ridges or in the valleys of thin structures On the ridges or in the valleys of thin structures 
the gradient magnitude is equal to or nearly zerothe gradient magnitude is equal to or nearly zero
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Curvature estimation 
by Surface patch fitting methods 1

Least square fitting:Least square fitting:
Find the neighborhood Find the neighborhood ΣΣ of of pp00

Compute the normal Compute the normal NN00 at at pp00

Rearrange the coordinate systemRearrange the coordinate system
Find the patch Find the patch f(x,y)f(x,y) by minimizing by minimizing 

Three patch fitting methods:Three patch fitting methods:
Cubic BCubic B--splinespline
ParaboloidParaboloid
Quadratic polynomialsQuadratic polynomials
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Curvature estimation 
by Surface patch fitting methods 2

z=f(x,y) can be z=f(x,y) can be parametrizedparametrized by by 

The curvature k at a point p in the direction t:The curvature k at a point p in the direction t:

Principal curvatures k1, k2:  Principal curvatures k1, k2:  
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ROI identification 2

Curvature characteristicsCurvature characteristics
3D shape3D shape



12

Feature derivation form the ROI

Polyp segmentationPolyp segmentation
2D methods2D methods
3D methods3D methods

Feature extractionFeature extraction
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Polyp segmentation by 2D methods 1

Detect boundaries by edge detectorsDetect boundaries by edge detectors

OriginalOriginal SobelSobel Prewitt       Roberts        CannyPrewitt       Roberts        Canny
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Polyp segmentation by 3D method 
using dynamic deformable surfaces  1

Preparation stagePreparation stage
Colon surface extractionColon surface extraction
Classification of the surface vertices using their Classification of the surface vertices using their 
curvature and local density distributioncurvature and local density distribution
ROI of 64x64 pixels x 32 slicesROI of 64x64 pixels x 32 slices

Enhancement stageEnhancement stage
3D knowledge3D knowledge--guided intensity adjustmentguided intensity adjustment
Fuzzy clusteringFuzzy clustering

Segmentation stageSegmentation stage
Deformable modelsDeformable models
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Polyp segmentation by 3D method 
using dynamic deformable surfaces  2

3D knowledge3D knowledge--guided intensity adjustment:guided intensity adjustment:
Categorize the boundary points: convex, flat, Categorize the boundary points: convex, flat, 
concaveconcave
Shot rays Shot rays 
Calculate the score Calculate the score 
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Polyp segmentation by 3D method 
using dynamic deformable surfaces  3

Fuzzy cFuzzy c--mean clustering:mean clustering:
Polyp tissue classPolyp tissue class
NonNon--polyp tissue classpolyp tissue class
Lumen air classLumen air class
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Polyp segmentation by 3D method 
using dynamic deformable surfaces  4

Dynamic deformable surfaces:Dynamic deformable surfaces:
The initial surface is a cube (2x2x2 pixels)The initial surface is a cube (2x2x2 pixels)
Deformation force:Deformation force:

Internal forces Internal forces –– smoothness, continuity smoothness, continuity 

Image forces Image forces –– attract the surface to polyp boundariesattract the surface to polyp boundaries

External forces External forces –– balloon forces helps to speed up the balloon forces helps to speed up the 
converging processconverging process
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Feature derivation

Characterizing features:Characterizing features:
ShapeShape
CurvatureCurvature
Geometric featuresGeometric features
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Polyp feature extraction

Polyp baseline Polyp baseline 
HeightHeight
RadiusRadius
Boundary lengthBoundary length
Mean intensityMean intensity
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Feature based classification

CAD system has two phases:CAD system has two phases:
Training phaseTraining phase

Feature selection methods:Feature selection methods:
Forward stepwise search(FSS)Forward stepwise search(FSS)
Genetic algorithm(GA) Genetic algorithm(GA) 

Application phaseApplication phase
Classifiers:Classifiers:

Support Vector Machines (SVM)Support Vector Machines (SVM)
Neural Networks (NN)Neural Networks (NN)
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Support vector machines
SVM Committee

M different M different SVMsSVMs
NN--feature vectorfeature vector
Determine the optimal committee Determine the optimal committee 
configuration by Twoconfiguration by Two--way ANOVA way ANOVA 
analysisanalysis
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Neural Networks
Multi network classification scheme

Classification scheme containing several Classification scheme containing several 
neural networks (NN forest). neural networks (NN forest). 
Different sets of features Different sets of features 
Voting systemVoting system
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