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What is Image Segmentation? 
Image Segmentation 

Problem Image data Math / CS / Statistics Insight 

Today’s focus: 
image segmentation 

Overview 

Medical Imaging: 
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Image Modalities: Organ-Scale 
Image Modalities Image Segmentation 

Images: 
Siemens/GE 

How do we get from images to interesting measurements?  
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What is Image Segmentation? 
Overview Image Segmentation 

Slide: G. Gerig 

Image Segmentation: 
Subdivision of image data 
Into “meaningful” entities 
(objects, regions, boundaries). 
 
= partitioning into disjoint object sets 
(based on region properties) 

There are other objects worthwhile  
segmenting (e.g., graphs to analyze 
social networks), but I won’t talk 
about this today. 
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Image Segmentation 
Overview Image Segmentation 

This is a well-researched area.  
Will only give you a very high-level overview in 2 x 50 minutes. 
This overview likely has a lot of personal bias. 
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Example: Airway Segmentation from CT 
Modalities Image Segmentation 

Extract airway geometry by automatic 3D segmentation 
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Example: Automatic Segmentation of the Brain 
Brain Segmentation Image Segmentation 

structural MRI of the brain Subcortical structures 
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Why is segmentation hard? 
Segmentation Image Segmentation 

What we see What a computer sees 

0 0 255 255 255 0 0 0 

0 255 100 75 112 200 0 0 

0 240 90 50 40 111 200 0 

0 232 50 78 88 100 198 0 

0 199 46 90 70 67 210 0 

0 0 187 60 43 190 0 0 

0 0 190 80 87 185 0 0 

0 0 0 212 198 100 0 0 

Need to somehow separate foreground from background! 
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Why is segmentation hard? 
Segmentation Image Segmentation 

What we see? What a computer sees? 

Need to somehow separate foreground from background! 
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Why is segmentation hard? 
Segmentation Image Segmentation 

Complex, multi-dimensional data 

Need to somehow separate foreground from background! 
Risky claim: maybe easier for the computer than for a human. 



  

11 

Today’s Topics 
Structure Image Segmentation 

Simple Segmentation Methods 
•  Thresholding 
•  Watershed 
•  Region-Growing 

Segmentation with Weak Constraints 
•  Deformable Models (Snakes/Active Contours, etc.) 
•  Graph-Cuts 
•  Continuous Graph-Cuts and Image Reconstruction 

 
Segmentation with Strong Constraints 

•  Hough Transform 
•  Active Shape and Active Appearance Models 
•  Medial Models 
•  Atlas-based Segmentation 
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Today’s Topics 
Structure Image Segmentation 

Plan: 
 Overview of different approaches to segmentation 
 Focus on popular general methods (not only neuroimaging) 
 Not comprehensive (too much to cover) 

 
Goal:  

 Develop some understanding of the different methods and 
 how they relate to each other 

 

Stop me at any time if something is unclear! 
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Structure 
Structure Image Segmentation 

Simple Segmentation Methods 
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Simplest Segmentation Method 
Simple Segmentation Methods Image Segmentation 

Simplest Segmentation Method: YOU! 
(I.e., manual segmentation) 
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Example Image 
Example Image Segmentation 

CT image of the brain 
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Histogram 
Example Image Segmentation 

Image Histogram of CT brain image. 
3 peaks: background, brain, skull. 
Pick thresholds from histogram: 11 and 185. 
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Thresholding 
Example Image Segmentation 

 

Background. 

How to find the threshold automatically? 

Brain. Skull. 

At the end of the day segmentation is all about thresholding! 
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P-tile thresholding 
Example 
 

Image Segmentation 

80% 90% 85% 

Typically you don't know these percentages. 
Also, cannot use the results for area measurements. 

If areas/volumes are known they can be used for thresholding! 



  

19 

Otsu Thresholding 
Otsu Thresholding 
 

Image Segmentation 

Binary Otsu thresholding: 
Minimum intra-class variance 

Three class Otsu thresholding. 

Can get arbitrarily sophisticated: clustering / classification. 
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Bayes’ Theorem 

For discrete random variables   

For a discrete and a continous random variable   

For continuous random variables   

Image Segmentation Mathematical Formulation 
 

Most frequent case for segmentation: 
 discrete label (e.g., foreground / background) 
 continuous/discrete data (e.g., image intensities)   
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ML/MAP estimation 

Objective: Maximize likelihood 

Without prior: Maximum likelihood (ML) estimation 

With prior: Maximum a Posteriori (MAP) estimation  

Maximizing likelihood = minimizing negative log-likelihood 

Typically, some form of independence is assumed 
to make the problem tractable 

Image Segmentation Mathematical Formulation 
 

Correctness of model vs. computability! 
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Otsu Thresholding 
Image Segmentation 

Goal: Find optimal partitioning, P, into foreground and background 
+ optimal parameters for foreground / background 

Assume: Gaussian distributions with same variance and different means 
 

Assume: independence (and no prior) 
 

Once the partitions have been found the optimal mus can be determined 
 

Mathematical Formulation 
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Otsu Thresholding vs. K-means & Chan-Vese 
Image Segmentation Otsu Thresholding 

 

Otsu-thresholding = 
  
K-means (k=2) with 1D feature. 
Can be solved exactly. 
 
Chan-Vese segmentation w/o  
spatial regularization 
(more on this later). 
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Decision Boundaries in Feature Spaces 
Classification and Clustering Image Segmentation 

Many other ways to define decision boundaries. 
Pick your classifier of choice: k-NN, support vector machine, 

 distance weighted discrimination, … 

Image: L. van Vliet 

Otsu thresholding was based on a Gaussian model. 

Does this solve segmentation? (I.e., end of my talk? J ) 
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Thresholding (of a noisy image) 
Influence of Noise Image Segmentation 

 

Background Skull Brain 

How to deal with noise? 
(Or insufficient contrast) 
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Thresholding (of a smoothed noisy image) 
Influence of Noise Image Segmentation 

Background Skull Brain 

Smoothing helps local thresholding. 
Lesson learned: Move away from purely 

  local approaches (more on this later). 
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Watersheds 
Watersheds Image Segmentation 

Smoothed image Gradient magnitude map 

Follow gradient magnitudes to local minima.  
Separate catchment regions (at watersheds). 
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Watershed 
Watersheds Image Segmentation 

 

Gradient magnitude image interpreted as height map. 
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Watershed 
Watersheds Image Segmentation 

 

Direct application leads to 
oversegmentation. 

With merging (minimum depth) 

Ref: Ole Fogh Olsen & Mads Nielsen, Multi-scale 
gradient magnitude watershed segmentation, Proc. 
ICIAP, Springer LNCS: Vol. 1310, 1997   
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Region Growing 
Region Growing Image Segmentation 

 

Region growing started with seed point in brain. 
For example: add points if they are less than a threshold  
away from a running mean intensity. 
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Structure 
Structure Image Segmentation 

Segmentation with Weak Constraints 
(i.e., some form of regularity) 
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“Non-local” Segmentation Methods 
Methods with Spatial Dependencies Image Segmentation 

Segmentation with  
weak shape constraints 

Segmentation with  
strong shape constraints 

Local regularity 
(i.e., minimze boundary length) 

Gobal shape model 
(i.e., limit segmentation  

to a certain shape space) 
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Back to Bayes’ Theorem: Common Setup 
Image Segmentation 

Goal: Find optimal partitioning, P, into foreground and background 
+ optimal parameters for foreground / background 

Common Setup 
 

Image likelihood: 
 parametric model (e.g., Gaussian) 
 non-parametric (e.g., Parzen window) 

Prior: 
 local prior 
 smoothness 

often ignored 

… it is all about the prior in what follows. 
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Pixel/Voxel vs. Boundary Representation 
Parameterizations Image Segmentation 

Classifying individual pixels versus finding an optimal separating 
curve/surface between object and background. 

Now: Pixels will no longer be independent (for spatial regularity)  
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Boundary Curve/Boundary Surface 
Parameterizations Image Segmentation 

This of course also translates to higher dimensions. 
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Parameterized Curve Evolution 
Parameterizations Image Segmentation 

Evolution should be geometric 

Arclength is a special 
parameterization, traversing 
the curve with unit speed 
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Geometric Curve Evolution 
Parameterizations Deformable Models 

moves “particles” along  
the curve 

influences the curve’s  
shape 

How is the speed         determined? 

The closed curve  C   evolves according to 
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Curve Evolution through Energy Minimization 
Variational Approach Image Segmentation 

Find curve that minimizes a given energy 

Static curve evolution 
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Curve Evolution 
Variational Approach 
 

Image Segmentation 

 Kass snake (parametric) 

Conformal active contour (geometric) 

using the functionals 

Minimize 



  

40 

Variational Approach 
Image Segmentation Variational Approach 
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Curve Evolution 
Variational Approach Image Segmentation 

leads to the Euler-Lagrange equations 

Minimizing 

 Kass snake (parametric) 

Conformal active contour (geometric) 
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Curve Evolution 
Variational Approach 
 

Deformable Models 

 Kass snake (parametric) 

Conformal active contour (geometric) 

results in the gradient descent flow 

Minimizing 

is an artificial time parameter 
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Active Contour 
Variational Approach Image Segmentation 

Minimizing 

Conformal active contour (geometric) 

leads to 

is an artificial time parameter to solve a  
static problem by gradient descent! 
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Particle-based approach 
Deformable Models: Implementation Image Segmentation 

The curve is represented by a finite number of particles 

Advantages 
•  easy to implement 
•  fast 

Disadvantages 
•  topological changes  
•  particle spacing 
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Level Set Method 
Deformable Models: Implementation Image Segmentation 

The curve is described implicitly as the zero level set of 
a higher dimensional function 

The curve is described by 

The level set function evolves as  

Only works for closed curves or surfaces of codimension one. 
Osher, Sethian, "Fronts propagating with curvature dependent speed: Algorithms based on Hamilton-Jacobi formulations," 

Journal of Computational Physics, vol. 79, pp. 12-49, 1988. 
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Transporting Information 
Deformable Models: Implementation Image Segmentation 

Flow information subject to the velocity field v. 
Velocity field can for example be the curve evolution velocity. 
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Level Set Method 
Deformable Models: Implementation 
 

Image Segmentation 

Advantages 
  

•  topological changes 
•  higher dimensions 

Disadvantages 
   

•  computational complexity (narrow-banding) 
•  velocity field extension 
•  restriction to the evolution of closed curves  
  or surfaces of codimension one 

Image from http://math.berkeley.edu/~sethian/ 
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Level Set Method 
Deformable Models: Implementation 
 

Image Segmentation 

Zero level set of the level set function Φ corresponds to  
a curve in the plane. 
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Level Set Method: Evolution Example 
Deformable Models: Implementation 
 

Image Segmentation 

Curve evolutions with image information. 
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Mumford Shah Model 
More General Models Image Segmentation 

The Mumford Shah model is a method that yields a 
segmentation and at the same time a (piece-wise 
smooth) image reconstruction. 

[Image: Mumford] 
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Mumford-Shah 
More General Models Image Segmentation 

[Image: Mumford] 
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Chan-Vese (=Otsu thresholding w/ spatial regularity) 
More General Models Image Segmentation 

Specialization of the Mumford-Shah model 
•   two segments (foreground/background) 
•   piecewise constant image models  
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Segmentation: InsightSNAP 

Visualization & 
Segmentation & 
Postprocessing 

Generic tool  
Manual seg 
Semi-aut seg 

Levelset geodesic snake 

Logic operations 
3D modifications 
OpenSource 

Insight Snap Image Segmentation 
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Some more software while we are at it … 
3D Slicer Image Segmentation 

3D Slicer: www.slicer.org  
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Some more software while we are at it … 
NITRC Image Segmentation 

NITRC: www.nitrc.org 
Neuroimaging Informatics Tools and Resources Clearinghouse   
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Representations 
Representations Image Segmentation 

Classifying individual pixels versus finding an optimal separating 
curve/surface between object and background. 

Now: Focus on pixel-based methods. 
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Segmentation by Graph-Cut 
Graph-Cut Image Segmentation 

Example: Binary Segmentation 

Images from ECCV Tutorial, Kumar/Kohli 

Need to partition the picture into foreground and background. 

Alternative approach through graph construction (vs. PDE) 
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Segmentation by Graph-Cut 
Graph-Cut Image Segmentation 

Graph G=(V,E) 

Images from ECCV Tutorial, Kumar/Kohli 

Approach: Interpret the image as a graph, 
 where pixels are connected to its neighbors. 

Goal:  Cut the graph into pieces to obtain the desired  
  image partition. Assign a label to every pixel. 
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Segmentation by Graph-Cut 
Graph-Cut Image Segmentation 

Optimization Problem: Minimize 

Looking at it on a pixel-by-pixel basis (where f is the labeling): 

Problem:   We cannot try all possible pairings for the labels f.   
   Need an efficient algorithm to solve this problem. 
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Maximum Flow and Minimum Cut 
Graph-Cut Image Segmentation 

Solution: 1) Transform problem to maximizing network flow 
               2) Use algorithms for network flows on images. 

Graph structure for binary labeling 

Pixels are connected to neighbors (pairwise interaction cost)  
and to source and target vertices (data cost). 

Images: Boykov 

Cut separating source (s) from sink (t) gives the segmentation. 
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Max-Flow/Min-Cut Theorem 
Graph-Cut Image Segmentation 

For any network having a single origin and a single destination  
node, the maximum possible flow from origin to destination  
equals the minimum cut value for all the cuts in the network. 



  

62 

Image Segmentation 
Segmentation by Graph Cut Image Segmentation 

Allows (amongst many things) to compute binary segmentations. 
Image: Boykov 

Original Noisy Reconstructed 
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Multi-Label Case 
Segmentation by Graph Cut Image Segmentation 

Image: Boykov 
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Multi-Label Case 
Segmentation by Graph Cut Image Segmentation 

Image: Boykov 
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Influence of Neighborhood Choice 
Segmentation by Graph Cut Image Segmentation 

Minimum cost cut  
(standard 4-neighborhoods) 

Minimum length geodesic contour  
(image-based Riemannian metric) 

Images: Boykov 

Can choose different weighted neighborhood to  
reduce metrication errors. (Or use continuous maximal flow.) 
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Interactive Segmentations 
Segmentation by Graph Cut Image Segmentation 

Images: Boykov 
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Continuous models 
Continuous Graph Cut Image Segmentation 

Image: Unger et al. 

Problems can also be formulated  
continuously. (But are of course 
implemented discretely.) This  
requires some knowledge of  
partial differential equations, which 
we will cover next. 
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Structure 
Structure Image Segmentation 

Continuous Maximal Flows 
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From curve evolution to pixel/voxel labeling 
Curve-Evolution to Labeling Image Segmentation 

Example: Chan-Vese model Indicator function 

Putting it all together: Relaxed indicator function 
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Convex vs. Non-Convex 
Continuous Graph Cut Image Segmentation 

Non-convex 

Initial contour 

Initial contour Final contour 

Final contour 

Images: Bresson et al.  

Convex 

Prone to locally 
optimal solutions. 

Independent of 
initial condition, 
optimal solution is 
guaranteed. 
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From Curve Evolution to Pixel/Voxel Labeling 
Continuous Graph Cut Image Segmentation 

Convex, continuous, constrained optimization problems. 

... can also include region-based  
terms, appearance information,  
orientation-dependency  

Advantages:   
 - Convex -> Globally optimal 
 - No metrication artifacts 
 - Straightforward parallel  
  implementations 

convex 

non-convex 
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Continuous Maximal Flow [Appleton] 
Continuous Maximal Flow Image Segmentation 

Continuous version of maximal flow [Appleton]. 
Results in a PDE and can be solved as such. 

Energy to be minimized: 

More general form (can easily include local classifiers): 
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Segmentation with Continuous Max-Flow 
Continuous Maximal Flow Image Segmentation 

Images: Unger 

Thresholding 

Continuous max-flow 
with seeds. 
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Chan-Vese (=Otsu-Thresholding w/ spatial regularity) 
Continuous Max-Flow Image Segmentation 

Iterative solution method is related to solving a wave equation. 
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3D Example 
Continuous Max-Flow Image Segmentation 

We can of course also do this in multiple dimensions. 
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Detour: Rudin Osher Fatemi (ROF) Model 

Image: Chan et al. 

Image Segmentation Detour: Image Reconstruction 
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ROF model in 1D 

Image: T. Brox 

Image Segmentation Detour: Image Reconstruction 
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TV-L1 image reconstruction 

Image: Chan et al. Geometric scale space. 

Image Segmentation Detour: Image Reconstruction 
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Continuous vs. Discrete 
Optimization Methods 

Continuous 

Discrete 

Optimal 
Labeling 

Discrete approach can be interpreted as an MRF 

Image Segmentation 
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MRF Basics 
MRFs 

Markov Random field: 
•  Random Field 
•  Neighborhood System 
•  P(f)>0 – all labelings have positive probability 
•  P(fi|fS-{i})=P(fi|fNi

) – Markov property 

Gibbs Random field: 
•  Random Field 
•  Neighborhood System 
•  Configuration obeys Gibbs distribution 

Gibbs distribution 

Energy function 
(Vc=clique potential) 

Image Segmentation 
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MRF Basics 
MRFs 

Hammersley-Clifford Theorem: 
 F (=set of random variables) is a MRF on S wrt. N 
 if and only if F is a GRF on S wrt. N. 

Practical meaning: If we can write our energy so that it is 
an energy defining a Gibbs random field, we also have a 
MRF and the MRF conditions are automatically fulfilled. 

Images: Boykov 

Image Segmentation 
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MRF solution approaches 
How to solve MRFs 

Local Methods: 
•  Iterated Conditional Modes (ICM) 
•  Relaxation Labeling 
•  Convex Relaxations 
•  Belief Propagation 
•  … 

Global Methods: 
•  Stochastic Simulated Annealing 
•  Graduated Nonconvexity 
•  Graph Cuts 
•  … 

See book by Li for even more solution possibilities. 

Image Segmentation 
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Structure 
Structure Image Segmentation 

Segmentation with Strong Constraints 
(i.e., some form of shape model) 
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Lines, Matched Filtering 
Hough Transform Image Segmentation 

 

Original. Horizontal Line Filter. 

For general line detector: use edge detector + Hough transform. 
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Lines, Disks, etc., Hough Transform 
Hough Transform Image Segmentation 

 

Simple form of model-based segmentation. 

One point = sinusoidal line 
In Hough space. 
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Hough Transform 
Hough Transform Image Segmentation 

 

•  Each pixel votes in a feature space (“accumulator 
array”) of geometric descriptors of the desired 
object 
–  No vote if image evidence there is too weak 
–  Can vote many times 
–  Possibly votes weighted by strength of evidence 

•  Until no more high enough maxima in the feature 
space { 
–  Parzen window (blur histogram) in the feature space 
–  Find and record largest maximum in the feature space	

–  Remove evidence from that maximum from the vote 

array 
       } [Sonka & Fitzpatrick, sec. 2.4.5] 
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Structure 
Structure Image Segmentation 

Active Shape and Appearance Models 
(Learning Models from Data) 
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Point Distribution Model 
Active Shape Models Image Segmentation 

Images: Cootes and Taylor Consistently label points on training shapes. 
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Point Distribution Model 
Active Shape Models Image Segmentation 

Align the models to a common coordinate system. 
Compute the statistics in this common coordinate system  

  (with PCA). 

Image: Cootes and Taylor 
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Point Distribution Model 
Active Shape Models Image Segmentation 

Can express most representative 
mode of variation based on eigenvalues 
of the covariance matrix, i.e., 
based on the eigenvectors that explain 
most of the shape variance. 

Images: Cootes and Taylor 
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Active Shape Model 
Active Shape Models Image Segmentation 

Fitting a statistical shape description to an image. 
Requires iterative update of scale, rotation, and translation,  
as well as the shape parameters. 

Images: Cootes and Taylor 



  

92 

Active Shape Model 
Active Shape Models Image Segmentation 

After initial alignment find the position update in model  
coordinates and adjust shape parameters accordingly. 

Image: Cootes and Taylor 
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Active Shape Model 
Active Shape Models Image Segmentation 

Image: Tim Cootes 

Once you have a shape model you can use it for segmentation. 
Either stay exactly in shape space or use it as a prior. 
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Active Appearance Model 
Active Shape Models Image Segmentation 

Image: Cootes, Edwards, and Taylor Fitting shape and texture. 
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Active Appearance Models 

 
General Idea: Combination of Shape Model and 

Appearance of the image 
 
Best paper for intro and application: 

IEEE Trans Med Imaging. 2002 Sep;21(9): 3-D active 
appearance models: segmentation of cardiac MR and 
ultrasound images, Mitchell SC, Bosch JG, Lelieveldt BP, 
van der Geest RJ, Reiber JH, Sonka M 

Active Shape Models Image Segmentation 
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1) Models of Shape and Appearance 

1) Compute a standard PCA based shape model. 
Represent each shape sample by a linear 
combination of the eigenvectors. 

2) Warp each image to the mean shape → intensity 
vector per image 
•  Piecewise affine 
•  Thin plate spline warping 
•  B-spline warping 

3) Normalize grayscales of each intensity vector 
4) Perform PCA on the normalized intensity vectors 

Represent each intensity sample by a linear 
combination of the eigenvectors 
•  Same as profile statistics in ASM 

Active Shape Models Image Segmentation 
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Example: Face 

Training set 
– 35 face images annotated with 58 

landmarks 
Active Appearance Model 

– RGB texture model sampled at 30.000 
positions 

– 28 model parameters span 95% variation 

Mikkel B. Stegmann, IMM, Technical University of  Denmark 

Active Shape Models Image Segmentation 
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Shape Model 

Mikkel B. Stegmann, IMM, Technical University of  Denmark 

Active Shape Models Image Segmentation 
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Appearance model 

Mikkel B. Stegmann, IMM, Technical University of  Denmark 

Active Shape Models Image Segmentation 
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Active Appearance Model 

Mikkel B. Stegmann, IMM, Technical University of  Denmark 

http://www.imm.dtu.dk/~aam/aamexplorer/ 

Active Shape Models Image Segmentation 
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Fitting the AAM 

Find parameters of 
AAM that best fit 
image 

Mikkel B. Stegmann, IMM, Technical University of  Denmark 

Active Shape Models Image Segmentation 
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Structure 
Structure Image Segmentation 

Medial Models for Segmentation 
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M-reps: quasi-medial models 
M-reps 
 

Image Segmentation 

Two types 
– Slabular 
– Quasi-tubular Spokes, not necess. 

equal length  

Hub 

Medial 
atom 

Medial 
atom 

Rectum: 
hubs shown 

Bladder  [Pizer et al., Ch. 8 
of Siddiqi & Pizer]  

Statistical shape model for 3D shapes 
Parameterized based on medial atoms. 
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M-reps: Special Capabilties 
M-reps 
 

Image Segmentation 

•  Represent object boundary 
and interior 

•  Describe local twisting, 
bending, bulging, … 

•  Provide object-based 
coordinate system (and 
thus correspondence) 
across instances for object 
boundary and interior 
–  For image match 
–  Inter-object relations 

•  Supported by  
fundamental math 
[Damon, Ch. 3 of “medial 
book”] 

Medial 
atom 

Bladder 
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Structure 
Structure Image Segmentation 

Atlas-Based Segmentation 
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Atlas-Based Segmentation 
Atlas-Based Methods Image Segmentation 

Main idea: 
 
Align labeled atlas image to image to be segmented. 
Transferred labels imply the segmentation. 

If you can do perfect registration  
you can do perfect segmentation 

More on registration tomorrow: Tutorial by D. Shen 

In the meantime: Registration in a nutshell … 
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Purpose of Image Registration 
Background Image Registration 

Establishing a geometric transformation  
  x′ = h(x) = x′ = x + Δx 

relating points in one image to points in another. 

Source Image Target Image 

? 
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Purpose of Image Registration 
Background Image Registration 

Establishing a geometric transformation  
  x′ = h(x) = x′ = x + Δx 

relating points in one image to points in another. 

Needed (as with segmentation) 
•   Regularization Energy (Geometric atypicality) 
•   Data Similarity Measure (geometry-to-data match) 
•   Optimization Scheme 

  
And also 

•   Transformation Model 
•   Interpolation Model 
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Registration Types 
Registration Types 
 

Image Registration 

CT                                PET 

Images: Alain Pitiot 

Landmark based 

Segmentation based 

Image based 
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Transformations 
Registration Components 
 

Image Registration 

Low-dimensional  
 

Rigid   translation + rotation 
Similarity  translation + rotation + scale 
Affine   translation + rotation + scale + shear 
 
High-dimensional 
 

Elastic  regularization of displacements (can fold) 
Fluid   regularization of velocities  

    (can avoid folding) 
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Transformations 
Registration Components 
 

Image Registration 
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Deformable Registration 
Registration Models 
 

Image Registration 

“Happiness by registration” 

Options: 
  Parametric: Some-form of basis (RBFs, B-Splines, etc.) 
  Non-parametric: Estimation of displacement/velocity field 
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Deformable Registration: Shooting Example 
Registration Models 
 

Image Registration 

“Happiness extrapolated” 
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Similarity Measures 
Registration Components 
 

Image Registration 

Most-popular 
 

Sum of squared difference (SSD) 
Normalized cross-correlation (NCC) 
Mutual Information (MI) 
 
Apply to all registration algorithms.  
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Example: Lobar Segmentation 

ROI definition on atlas allows 
segmentation by fluid registration 
of atlas. 
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Multi-atlas-based segmentation 

Query image 

Atlas 1 

Atlas 2 

Atlas 3 
Atlas n 

registration 

registration 

registration 

Structure Image Segmentation 

Register multiple atlases and do some form of label fusion. 
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Non-local label fusion 
ROUSSEAU et al.: A SUPERVISED PATCH-BASED APPROACH FOR HUMAN BRAIN LABELING 1853

II. PATCH-BASED LABEL PROPAGATION

A. Patch-Based Principle

Recently, Buades et al. [6] have proposed a very efficient de-
noising algorithm relying on a nonlocal framework. Since then,
this nonlocal strategy has been studied and applied in several
image processing applications such as nonlocal regularization
functionals in the context of inverse problems [20], [27], [14],
[29], [31] or medical image synthesis [32].

Let us consider, over the image domain , a weighted graph
that links together the voxels of the input image with a weight

. This weighted graph is a representation
of nonlocal similarities in the input image .

In [6], the nonlocal graph is used for denoising purpose
using a neighborhood averaging strategy [called nonlocal means
(NLM)]

(1)

where is the graph of self-similarity computed on the noisy
image is the gray level value of the image at the voxel

and is a denoised version of .
The weighted graph reflects the similarities between voxels

of the same image. It can be computed using a intensity-based
distance between patches [9]

(2)

where is a 3-D patch of the image centered at voxel x;
is a kernel function ( in [6]), is the number

of voxels of a 3-D patch; is the standard deviation of the
noise and is a smoothing parameter. With the assumption of
Gaussian noise in images, can be set to 1 (see [6] for the-
oretical justifications) and the standard deviation of noise is
estimated via pseudo-residuals as defined in [13].

B. Label Propagation

In this work, we propose to investigate the use of such a non-
local patch-based approach for label propagation. Let be an
anatomy textbook containing a set of T1-weighted MR images

and the corresponding label maps
.

1) Weighted Graph and Label Propagation: Let us consider,
over the image domain , a weighted graph that links to-
gether voxels x of the input image and voxels y of the image

with a weight is computed as fol-
lows:

(3)

This weighted graph is a representation of nonlocal similari-
ties between the input image and the image of the textbook
(see Fig. 2).

The assumption on which the proposed method relies is the
following one: if patches of the input image I are locally similar

Fig. 2. Weighted graph building. The set of graphs is a repre-
sentation of nonlocal interactions between the input image and the images

of the textbook. is the neighborhood of the voxel in the
image .

to patches of the anatomy textbook, they should have a similar
label. The label propagation procedure is then performed using
the set of graphs which reflects the local similari-
ties between and .

In the context of denoising [6], Buades et al. assume that
every patch in a natural image has many similar patches in the
same image. Thus, the graph is computed between each voxel
of the input image (which has led to the term “nonlocal” algo-
rithm): . This is because of the
assumption that similarities can be found in the entire image

. However, in the context of human brain labeling, the loca-
tion of the brain structures is not highly variable and it is then
not desirable to go through the entire image domain to find
good examples for the segmentation of a specific part of a brain.
In this work, the graph is computed using a limited number of
neighbors: , where
is the neighborhood of the voxel x. The size of the considered
neighborhood is directly related to the brain variability. The
influence of this parameter is evaluated in the Section III-B.

2) Pair-Wise Label Propagation: For clarity sake, let start
with an input image and a textbook which contains only
one anatomical image and the corresponding labeled image:

(this is the basis of pair-wise label propagation tech-
niques). Using the patch-based approach described previously,
the image can be labeled using the following equation:

(4)

where is a vector of ( is the total number
of labels) representing the proportions for each label at the
voxel in the image (this notation unifies the case where
the anatomy textbook contains hard or fuzzy label maps).
Thus, are the membership
ratios of the voxel with respect to the labels, such that

and . Then, for each
voxel x of , the (4) leads to a fuzzy labeling of the input image

Rousseau et al. 

Structure Image Segmentation 

Global registration no longer required. 
Perform label-fusion based on labeled patches in reasonable 
neighborhood.  
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Recap for today: 
Simple Segmentation Methods: 

 thresholding, local 
 issues with noise 

Segmentation with Weak Constraints: 
 deformable models, etc. 
 possibly too flexible 

Segmentation with Strong Constraints: 
 ASM, AAM, medial models 
 possibly not flexible enough 
 object complexity / data set size 

Optimization not trivial. 
Confidence in segmentation result? 
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Questions? 


