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Outline

* Brief introduction to Medical Image Analysis

* Recent development In:

 Model based detection and segmentation
e Automated training/model generation
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I\/Iedlcal Image Data

CT
MR
X-ray

» Nuclear

UItrasound
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lmage Processing in Medical
Settings

Preprocessin
Acquisition SPIOCESSng

Detection

h 4

Processing

Segmentation

Analysis

Visualization/Reporting Diagnoses
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Data Processing

1. Preprocessing
e Filtering, registration
2. Detection

e Hinding objects (nodules, polyps, organs)

3. Segmentation
e Exact delimitation of objects

4. Anaysis

 Measurement (volume, curvature); Functional lmaging
GELTE))

5. Classification/diagnoses
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Examples. Preprocessing
Filtering/image enhancement

Original Enhanced
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Examples. Preprocessing
Registration

Target Template registration
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Detection

* Find location of objects of
IEES

(find or detect objects
without prior knowledge

about thar

If)(;it:];n/ existence)

* Organs

« Polypsin colon
* Nodulesinlungs _EHJ __,,
8

Vital Images, Inc. 2001




Segmentation

o Exactly delimitate objects, once they are
detected (found)

e Any object of predictable shape (organs, bones, vessdl
segments)

e Liver
e Cardiac imaging (left ventricle)
e Bran
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Segmentation
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Segmentation

Brain segmentation
Heart
Lung
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Analyses

e Measurement
e VVolume - growth rate
e VVesse stenosis

* Functional imaging
e Stroke
e Cardiac perfusion
e Tumor perfusion

e Cardiac function

e LV motion
* |Injection fraction
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Classification/Diagnoses

e Comparison to developed atlases
o Use of knowledge databases

e Classify as normal/abnormal (brain structure)
e Classify lung nodules as benign/malignant
e Determine cancer/non-cancer
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Data Processing — Example
L ung screening

Preprocessing
* Reduce noisg, threshold image

Detection
 Find lungs, find nodules location

Segmentation

 Accurately segment out nodules

Analysis

¢ Measure volume, texture, curvature -

Classification/diagnoses

e Classify as benign or malignant

- benign
- malignant
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M odel-based detection and
segmentation

Acquisition

Analysis

| Visualization/Reporting
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lmage Segmentation

1. Thresholding Original Threshold
2. Region-based
3. Edge-based

Original Threshold

Advanced (edge-based)
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Advanced |mage Segmentation

1. Segmentation criterion design

E(V(S)) = JE, (V(s)) + Ec (V(s)))ds

C(P)=a c(x)+a W(x.X)

C(g,h) = gT(h(x))- S [ dx+FS(9(x)) - T(X) [ dx

2. Segmentation criterion optimization
e graph searching
e gradient descent
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Goals

Design of methodology for

automated model-based image
segmentation (segmentation via
boundary detection)
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Model-Based Segmentation

1. Traning set design

2. Traning
a. Shape Model
b. Border Appearance Model

3. Segmentation

Step 1. Approximate object location
Step 2: Accurate boundary detection
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Traning Set Design

e Selection of examples

e Contains expected variability e __ outline
In local border appearance

e Contains expected variability
IN object shape —
e Segmentation examples CR kel 1andmarks

e Qutlined objects

e Registration landmarks

. computed
landmarks
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Traning

e Purpose:
e To create representation of the objects
of interest presented in the training set

o Statistical models:

(mean, variance)

* Shape Mode
* Border Appearance Model
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Automated Segmentation
1. Training set design
2. Training

a. Shape Model

b. Border Appearance Model
3. Segmentation

Step 1. Approximate object

location

Step 2: Accurate boundary
detection




Shape Modé!

Point Distribution Model (PDM)

(Cooteset al., 1992) Automated Segmentation
1. Training set design

Example training shapes (N=12) 2. Training

3 7 a. Shape Model
_ b. Border Appearance Model
_ 3. Segmentation
J .. .1 . ’ Step 1: Approximate object
: location

Al | | gned Shapes Step 2: Accurate boundary

detection
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Shape Model
Point Distribution M odel

e Object representation:
Vi = (XiO’ yi01 Xi11 yil"" ’ Xin—li yin—l)

e Shape Modd!:
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Model Size Reduction

e Eigenvalues and eigenvectors of the variance matrix
* Eigenvectors— directions of the main modes of variation
* Eigenvalues— importance of the variation

e Size reduction — keep only most important modes

Vital Images, Inc. 2001




Border Appearance Model
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Automated Segmentation
1. Training set design
2. Training

a. Shape Model

b. Border Appearance Model
3. Segmentation

Step 1. Approximate object

location

Step 2: Accurate boundary
detection




BAM — Basic |Idea

 BA - represented by appearance vector
e Traning vectors grouped to create the model
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BAM — Basic |Idea

e Comparison of image data to the BA model
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BAM - Clustering

Fuzzy c-means clustering
(Bezdek et al.,1981)

 |nput vectors: f
e Partitioning matrix: U
e Cluster centers: f

e Objective function to be
minimized:
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fit Vaue Computation

e Fuzzy model

e Euclidean distance
e Gaussian mode

F performs some inversion

Best fit:

fit(f) = max fit, (f)
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Border Appearance Model

e BAM —tool for:

 Modedling local border properties
e Comparing image data to the model

e Computing cost values based on the
comparison

e Further improvements
e Spatia information
e Counter-examples
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Automated Segmentation
1. Training set design
2. Training

a. Shape Model

b. Border Appearance Model
3. Segmentation

Step 1. Approximate object

location

Step 2: Accurate boundary
detection




BAM — Spatial Information

e BAM records;

* Appearance vectors
e Location of every vector on the original border
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Border Appearance V ector

gray-value averages
in parallel direction

orientation sensitive

border — — gradient magnitude

Border ; - gray-value averages
o order — — . r 5 .
in perpendicular direction

gradient direction

border profile
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Traning - Summary

e Shape Model
e Border Appearance Model

e border appearance
e appearance spatial information
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Automated Segmentation
1. Training set design
2. Training

a. Shape Model

b. Border Appearance Model
3. Segmentation

Step 1. Approximate object

location

Step 2: Accurate boundary
detection




Approximate Object Location

 Algorithm for detection of I
approximate object location 1. Training et design

2. Training

» Requirements: 2L SRl

b. Border Appearance Model

e detects objects defined by the models 3. Segmentation
Step 1. Approximate object

 detects objects modified by rigid |ocation
transforms (rotation, translation, Step 2: Accurate boundary
g;al | ng) detection

* |nsensitive to shape variability
(captured in the training s&t)
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Generalized Hough Transform

(Ballard, 1981)

* Detection of objects of arbitrary a prior|
known shapes

Object Shape l

v 1
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Problems of Generalized HT

 Searchesfor strong edges

11

e Cannot handle shape variance

 Remedy:
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Shape-variant Hough Transform

o Use of Border Appearance Moddl:
AX?, YA, st) = A(XE, yh, st ) + strength [ A(x”, y*, st) = A(x*, y?*, st )+ fit

fit, ()= F{(f - f)'S; *(f- f,)

General Spatial information q
fit(f):ms\x fit, () fit(f)ZIl:IanX fitk(f) | é
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SVHT — Shape Variance

1. Alignment of training shapes
e Same algorithm as for PDM

2. Encoding shape variance in the R-Table

e All border directions are encoded

3. Shape reconstruction
e Several shapes available for reconstruction
e Selection of the most probable shape
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SVHT — R-Table Construction
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SVHT — Object Reconstruction

e Reconstructed all, selected the best fit

1. fit=98 fit=45
2. fit=65 fit=97
3. fit=6 fit=32
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Shape Variance - Comparisons

Original Image Hough Transform  Active Hough Transform

Hough Transform Active Hough Transform

Vital Images, Inc. 2001




Shape-Variant Hough Transform

Summary

 Algorithm for detection of

approximate object location

e Automated, information derived form
training set

« BAM removed dependency on high
gradient magnitude

e |nsengitive to shape variability
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Automated Segmentation
1. Training set design
2. Training

a. Shape Model

b. Border Appearance Model
3. Segmentation

Step 1. Approximate object

location

Step 2: Accurate boundary
detection




Accurate Boundary Detection

e Any edge-based image Automated Segmentation
Segmentation algOrithm 1. Training set design

2. Training
e Automated design of cost function - a Shape Model
BAM b. Border Appearance Model
. . . 3. Segmentation
e Fit values replace gradient magnitude Step 1: Approximate object

location

~ Exampl es Step 2: Accurate boundary

e Dynamic Programming seeien
C(P) = é_ c(x) +é w(x, x;)JC(P)=a F*(fit(f (x))+aQ wx.x)
e Snakes

Ec (V(s)) = - |NI (W(9))* E. (V(s)) =- fit(f («(9)))
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Segmentation - Summary

o Active Hough Transform

e Automated detection of approximate
object location

e Providesinitialization for accurate
border detection algorithms

e Accurate border detection
e Any agorithm

e fit values based on BAM substitutes

gradient-based terms in segmentation
criterion
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Automated Segmentation
1. Training set design
2. Training

a. Shape Model

b. Border Appearance Model
3. Segmentation

Step 1. Approximate object

location

Step 2: Accurate boundary
detection




Experimental Methods

5 segmentation tasks

1. Epicardial border in MR images of thorax
e 58images, 21 used for training

2. Endocardia border in MR images of thorax
e 58images, 21 used for training

3. Corpus Callosum in MR images of brain
 90images, 15 used for training

4. Cerebellumin MR images of brain
e 90images, 6 used for training

5. Vertebrae in MR images of spine
e 55images, 15 used for training, (235 vertebrae to segment)
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Expected Border
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Origina Image

SV Hough Transform
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Origina Image Expected Border
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Expected Border
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Detection Accuracy

Errors of approximate position detection: (mean+/-std)[pixels]

Structure

Method

rms

mean

sgn mean

max

Cerebellum

2.4+/-0.8

1.9+/-0.6

-0.4+/-1.0

5.9+/-1.8

Corpus Callosum

1.8+/-0.4

1.4+/-0.3

-0.2+/-0.6

55+/-1.4

Spine

2.3+/-0.8

1.8+/-0.6

-0.3+/-1.0

5.8+/-2.1

Heart-epicardium

1.6+/-0.7

1.3+/-0.6

+0.1+/-1.1

3.5+/-1.5

Heart-endocardium

2.1+/-0.8

1.6+/-0.6

+0.4+/-1.0

Errors of accurate border detection: (mean+/-std)[pixels]

5.5+/-2.0

Structure

Method

rms

mean

sgn mean

max

Cerebellum

Dynamic Pr.

1.2+/-0.7

0.9+/-0.5

-0.1+/-0.6

3.6+/-2.3

Snakes

1.7+/-0.5

1.4+/-0.4

+0.1+/-0.6

4.3+/-1.4

Corpus Callosum

Dynamic Pr.

1.1+/-0.5

0.7+/-0.3

-0.3+/-0.3

3.9+/-2.1

Snakes

1.5+/-0.4

1.2+/-0.3

-0.2+/-0.3

4.8+/-2.0

Spine

Dynamic Pr.

1.5+/-0.5

1.0+/-0.3

+0.1+/-0.5

4.5+/-1.9

Snakes

2.3+/-0.7

1.8+/-0.5

+0.2+/-0.9

57+/-1.8

Heart-epicardium

Dynamic Pr.

1.4+/-0.6

1.2+/-0.5

+0.6+/-0.7

3.4+/-1.3

Snakes

1.8+/-0.5

1.5+/-0.4

+1.1+/-0.6

4.0+/-1.3

Heart-endocardium

Dynamic Pr.

1.6+/-0.5

1.2+/-0.3

-0.2+/-0.8

4.5+/-0.3
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Snakes

1.8+/-0.6

1.5+/-0.5

-0.1+/-0.9

4.4+/-0.5




Comparison of Approximate and
Accurate Detection

Paired two-sample t-test for means

| AHT-DP|AHT - Snakes
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Stuady 1. Dependency on Number
of Traning Data

Errors of '. proximate position detection: man+/-std

~ [ 6 [o4v08] 1006 040 5oviis
[ 9 T 2310[ 1807 002 | 57v23
[ [ 23707 1605 | 0210 | 56vLT
[ 5 [ 27706 18705 0108 | 56009
| % | 20706 £.6+05 | 04708 | 52717

Errors of accurate border detection (DP): (mean+/-std

— [ 6 [ 17707 ] 09v05] 0106 | 36v23
[ 9 [ 14708 [ 10705 0207 [ 4drar
[ [ 13709 10706 | 04+0.7 | 39726
[ 5 [ 14709 ] 10706 +00507 | a1vi28
[ 30 | 13709 ] 0.8v06 ] 0.05-0.7 | 39726
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Study 1: Statistical Significance

t-Test: Paired Two Sample for Means
(# Training Data)
Dependency on Number of Training Data

T 6 [ 9 [ 1] ® [
5[ 0002] 0.36 | 027 | 074 | 0.05_
o[ {001 [00s [ 002|010
— o[ [ os[om o3
@[ | Josofose
— s | 1 [ Jom

# training data
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Study 2. Dependency on Training
Data Selection

Errors of approximate position detection: (mean+/-std)[pix|s]

— | 2 [28/07 | 18405 04+10 | 60420
| 3 [20v/06 | 1605 | 00507 | 5Avid
| 4 [ 24708 | 18706 04+ 10| 6124
| 5 [ 25708 16706 06709 | 61720

Errors of accurate border detection (DP): (mean+/-std)[pixls]

2 [ 13707 | 05+04 ] +02+06] 3622
| 3 [ 1307 | 0904 | +0.05/06 4ow2d
4 [ 1205 | 06+703 | 02+04 37410
| 5 [ 1412 10707 ] 02709 | 42+735
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Study 2: Statistical Significance

t-Test: Paired Two Sample for Means
(Training Data Selection)

experiment #
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Discussion - Conclusion

 Methodology for automated model-based
Image segmentation
1. Traning set design
2. Training (Shape Model, Border Appearance Model)
3. Segmentation (Shape-Variant Hough Transform,

Accurate Border Detection)
 Fully automated — requires small set of
training examples
 Two step segmentation

e approximate object location
e accurate boundary detection
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Discussion - Conclusion

* The method is applicable to the following
segmentation tasks:

e Objects with well defined shape
e Objects with reasonably consistent border appearance
* Representative set of examplesis available

e Edge-based image segmentation method is appropriate for
the segmentation task
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