
Unrestricted © Siemens AG 2014. All rights reserved  

Statistical Shape Models  

from  A to Z 

Shape Symposium 2014, Delémont, Switzerland  

Tobias Heimann  

Siemens AG, Corporate Technology, Imaging & Computer Vision  

Erlangen, Germany  



Unrestricted © Siemens AG 2014. All rights reserved  Page 2 T. Heimann: SSMs from A to Z   -   Shape Symposium 2014, Delémont 

The Medical Imaging Chain  

 

  

Analysis  

Acquisition  
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Endless  Opportunities é 

é but automatic image analysis  

requires  

a-priori  knowledge ! 
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Statistical Shape Models  

Biological variation through 

mathematical transforms: 

  

Training data 
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Appearance modeling 

Boundary detection 

Construction of SSMs 

Detection of initial pose 

Evaluation of model quality 

é 

Statistical Shape Models from  A to Z 

I) Construction  of  SSMs 

II) Appearance  Modeling  

III) Local  Adaptation Strategy  

IV) Initialization  

Heimann & 

Meinzer 2009 
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I)  

Construction  of  

Statistical Shape 

Models  
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Shape Representation  

Landmarks:  

ÅCloud of points on object boundary 

ÅVery versatile, arbitrary topology 

ÅSimple to store as list of coordinates: 

 

ÅAlso known as Point Distribution 

Model (PDM) 

Landmarks on all training shapes have to 

be located at corresponding positions! 
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Iterative Closest  Points (ICP) for  Shape Model 

Construction ? 

ÅPost-processing: project resulting 

template points to surface of target 

shape  

ÅOnly usable for objects with low 

shape variation 

 

 

We require non-linear 

registration! 

 Only delivers rigid transform, i.e. templates registered with 

ICP only not helpful for building statistical models 
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Gaussian  Mixture  Model (GMM)  

Key idea: represent point sets by 

Gaussian mixture models 

ÅAllows to interpret each point set 

as statistical sample 

ÅTransforms discrete optimization 

problem into continuous one 

 

For  point  matching : 

ÅOne Gaussian component for each point 

ÅAll weighted equally 

ÅAll share same spherical covariance 
 

Jian & Vemuri 

2011 
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Chose transformation  model T, parameters  ɗ 

ÅRigid transform 

ÅThin-plate splines 

ÅGaussian radial basis functions 

 

 

Minimize  L2 distance  beween  both  distributions :  

 

 

 

Closed solution by fast Gauss transform: O(n+m) 

 with n, m as size of the point sets 

GMM Optimization  
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GMM Overview  

ÅInitialize transform and scale (bandwidth) 

ÅSet up objective function to minimize for current transform 

ÅOptimize objective function using gradient-based optimizer 

(e.g. quasi-Newton or nonlinear conjugate gradient) 

ÅApply calculated transform  

ÅDecrease scale (annealing) 

ÅCheck for convergence 
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Correspondence by Optimization  

ÅMDL = Minimum Description Length 

ÅSimplest Model has minimum stochastic complexity 

ÅBased on information theory 

ÅCost function ~ Sum of logarithmic variances 

Occamós Razor: The simplest model ist the best one!

 

Occamós Razor: The simplest model ist the best one! 

 

Davies et al. 

2002 
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Initial Landmark Generation  

ÅCreate a bijective mapping 

between each training 

shape and a common base 

domain 

ÅFor two-manifolds without 

holes or self-intersections, 

suitable base domain is a 

sphere 

ÅDefine common set of 

landmarks on sphere 

ÅUse inverse 

parameterization functions 

to generate individual 

training samples 
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Population -based  Correspondence  

Create shape model 

Calculate cost function 

Change landmark distribution 

Until cost function converges at minimum 

  

Spread landmarks equally on surface 

  

  

Cost function based on 

Minimum Description Length 
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Optimization Procedure  

ÅCalculate gradients of cost function for all landmarks 

 

 

 

 

 

 

 

 

 

ÅWarp parameterizations in optimal direction using 

local Gaussian kernels 

ÅRandomize kernel positions for each iteration 

ÅReduce kernel size in the course of optimization 
Heimann et al. 

2005 
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Dimensionality  Reduction  

1.Store each training sample as a (n x d)-dimensional 

vector 

2.Build a landmark configuration matrix L from columns 

of all training samples 

3.Calculate the mean landmark positions and build 

matrix M with all columns set to the mean 

4.Calculate the covariance matrix: 

Ɇ = 1/(n-1) (L-M) (L-M)T 

5.Perform a principal component analysis (PCA) on the 

covariance matrix Ɇ 

X1 

X2 

... 

XN 

Y1 

é 

YN 

Z1 

é 

ZN 
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Å PCA aligns a dataset along the  

axes of maximum variance 
 

Å Result from PCA:  

 (ns-1) modes of variation with a displacement vector and a variance 

each (eigenvector and eigenvalue) 
 

Å Each training sample can be described by a linear combination of 

the mean and the displacement vectors: 

 

 

 

Å Modes with low standard deviation can be neglected to reduce the 

number of parameters 

The Statistical Shape Model  
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Appearance  Modeling  

II)  

Appearance  

Modeling  
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Appearance  Modeling by Profiles  

ÅFitting SSM to new data requires additional 

appearance model 

ÅCommon solution: sample a line perpendicular to 

model contour/surface (profile) 

ÅProfiles typically consist of intensity values or 

gradients, sometimes normalized 

ÅSometimes true boundary not on strongest edgeé 

 

x 

I(x) 
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Training Appearance  Models  

ÅUse information from training data! 

ÅBuild statistical model of profiles: 

ÅSeparate profile model for each landmark  

ÅSample profiles across model contour in all training images 

No assumptions w.r.t. distribution 
 

ÅNon-linear model based on 

moderated kNN-classifier 

estimates boundary probability 

as: 

 

 

Assuming Gaussian distribution 
 

ÅUse Mahalanobis distance as 

similarity metric, based on 

covariance matrix 
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Appearance  Modeling by Steerable  Features  

Å24 features based on intensity and gradient 

ÅProbabilistic boosting tree (PBT) for classification 

 Zheng et al. 

2008 

Position              Orientation              Scale 
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Appearance  Modeling by Haar-like  Features  

ÅArbitrary block sizes 

ÅGeneralize to arbitrary dimensions 

ÅConstant evaluation time due to 

integral images: 

 

 

 

 

 

 

 

ÅIntegral image only valid for specific 

orientation 
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Benchmarking Local Appearance Models  

ÅTest generated appearance models on 

known locations in training data 

ÅRandomize position along boundary and 

normal vector 

ÅDisplace profile to inner and outer side of 

the boundary and estimate boundary 

probability 

ÅCalculate performance index f: 

 

 

 

 

ÅAverage over several runs 



Unrestricted © Siemens AG 2014. All rights reserved  Page 24 T. Heimann: SSMs from A to Z   -   Shape Symposium 2014, Delémont 

III)  

Local  Adaptation 

Strategy  


