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IMAGE PATTERN CLASSIFICATION




Pattern classification - definitions

Pattern = spatial arrangement of image features
e Extracted features

* (Quantitative measures

* Qualitative properties in a given ROI
* Spatial distribution of gray levels

Pattern class = set of patterns that share some common properties

Pattern recognition / classification = automated procedure to
assign patterns to their respective classes




Patterns and pattern classes

There are 2 possible pattern arrangements:

* Quantitative patterns
- Arranged as pattern vectors

X7
X Includes all considered features
x = |72
in vector form
| Xn

e Structural patterns
- composed of symbols, arranged as strings, trees or graphs




Pattern vectors

A pattern vector can include intensity values or extracted image features:

* Intensity-based example

2257 a b
125 FIGURE 12.1
Using linear
3 indexing to
: vectorize a
275 grayscale image.
175
[ 225 |
* Feature based example
FIGURE 12.2
Petal and sepal
width and length
measurements
2 (see arrows)
> performed on iris
_|* flowers for the
X=
% purpose of data
x, classification. The

image shown is of
the fris virginica
gender. (Image
courtesy of

USDA.)

x, = Petal width
x;=Petal length
x;= Sepal width
xs = Sepal length




Pattern vectors

l. Image patients [l. Identify ROI I1l. Render in 3D IV. Extract Features IV. Data Integration
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Structural patterns

B

FIGURE 12.8
Symbol string
generated from

a polygonal
approximation of
the boundaries of
medicine bottles.

_1:3 Direction of travel
l."H ﬁ

‘B = BHEE -
* L3

' Symbol string

= interior angle
{3 = line segment of specified length
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High Large Multiple Numerous Loops / \ ;
densitity structures intersections Low Small  Wooded Single ~  Few
density structures  areas intersections

FIGURE 12.9 Tree representation of a satellite image showing a heavily built downtown area {Washington, D.C.) ar
surrounding residential areas. (Original image courtesy of NASAL)
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Structural patterns in medical imaging

* Interest in medical image analysis (e.g. in radiology) for
reporting patterns

= Recording specific findings based on image content
(e.g. «there is a mass of 4x5 cm in size in the right lobe of
the liver»)

This can be done in two ways:

* No formal information model
—> narrative text (current practice for radiology reports)

* Formal information model
— Semantic annotation, with explicit specification of data types and syntax




Semantic annotation — example

AIM (Annotation and Image Markup) — National
Cancer Institute (2009):

Controlled terms as semantic descriptors
(RadLex)

Associate information with specific image ROIs
Saved in XML format

- Image query and analysis tools




Structural patterns - example

RSNA (Radiological Society of North America)
developed RadLex (2008):

* Anatomical structures

* Imaging findings

* Descriptors of visual observations

e Characteristics of imaging abnormalities
* Imaging procedures

* Diseases

Terms taken from a reference vocabulary
/ ontology

¥
—————————————



LIV Informatics

RadlLex"

RadlLex Tree Browser
lotesar mass x QO
3  Dependent continuant

d  Pathophysiologic process
Congental maltormation
(xsease spread
Iatrogenc disorder
Neoplasm
Pan
Body system-specific desorder
Motor dysfunction
Anosmia
Focal prokferation

Round mass

a Misualize

Preferred Name:
RadLex ID:
PURL:

Definition:

Is a:

———l

etk

w

Sample Images:

Fig. 9.12 RadLex contolled terminology (http://radlex.
org). RadLex includes term hierarchies for describing
anatomy (“anatomical entity”), imaging observations
(“imaging observation™) and characteristics (“imaging
observation characteristic™), imaging procedures and pro-
cedure steps (“procedure step™), diseases (“pathophysio-

Information about Radl ex ~
Download Radlex

Round mass

RID29173

htto://www radlex, org/RID/RID29173
a mass that is spherical, ball-shaped, circular, or globular ir

logic process™), treatments (“treatment”), and components
of radiology reports (“report™). Each term includes defini-
tions, preferred name, image exemplars, and other term
metadata and relationships such as subsumption (Figure
reprinted with permission from Rubin 2011)
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Vocabularies and ontologies

* |n computer science, an ontology can be considered the
description of a domain expressed by their concepts, and the
relationship among those concepts.

e Relationships can be hierarchical-- for example, a parent-
child relationship-- or nonhierarchical, for example, attribute.

* Ontologies are able to allow semantic interoperability among
different information systems, as they are able to connect
different terminologies by their concepts.

* It can be used to connect concepts having the same
meaning, even though they are expressed by different words.

- SNoMed CT is an example of ontology




SNoMed CT

* SNoMed CT is the most comprehensive and precise
clinical health terminology

e |tis currently owned and distributed around the
world by The International Health Terminology
Standards Development Organisation (IHTSDO)

r
INTERNATIONAL HEALTH TERMINOLOGY IY\

STANDARDS DEVELOPMENT ORGANISATION 0 . =




SNoMed CT - basic elements

Concepts
e The basic units of SNoMed CT
Descriptions

e These relate terms that name the concepts to the concepts
themselves. Each concept has at least two descriptions.

Relationships

e Relationships are the connections between concepts
in SNoMed CT.

Hierarchies

e Concepts are organized into twenty SNoMed CT hierarchies
(in UK extension). Each hierarchy has sub-hierarchies within it.




SNoMed CT — Concepts, descriptions

and relationships
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AIM example

“There is a The Pixel at the tip of the arrow
hypodense mass [coordinates (x,y)
measuring 4.5 x 3.5 in this Image

cm in the right lobe [DICOM: 1.2.814.234543.232243]
of the liver, likely a represents an Hypodense Mass

Y| P > [RID243, RID118]
Text Report 4" [2D measurement ] 4.5 x 3.5 cm
in the Right Lobe
........... » [SNOMED:A3310657]
of the Liver
»[SNOMED:A2340017]

.
ot
- .
-
-
.

-
.......
.t
.

A i Likely

S IR— » [RID:392]
. a Metastasis
........................ , [SNOMED:A7726439]

Terminology Semantic Annotation
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Lesion Type target -
Assessment (Qualitative) partial response v
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CENTRAL SCAR is a valid term . m




Pattern classification approaches

We will focus on pattern vectors (quantitative descriptors)
Possible approaches for pattern classification:

1. Prototype matching: matching unknown patterns against specified
prototypes

1. Minimum distance classifier
2. Optimum statistical classifier (Bayes classifier)
3. Template matching

2. Artificial neural networks




Minimum distance classifier

Prototype vectors are taken as the mean vectors of the patterns in the same class:

1
m; = — X j=12,..,N,
]
xEcj
Where n; is the number of patter vectors used to compute the jth mean vector, ¢; is the jth
pattern class and N, is the number of classes.

The minimum distance classifier computes the distances in terms of Euclidean norm:
Di(x) = |lx—my|| j=12.. N

As the distance is positive defined, selecting the minimum distance is equivalent to
selecting the smallest distance to the square:

DJ'Z(x) = ”x _ 7"]”2 = (x— mj)T (x — mj) =xTx — Zmej + mfmj —
T

=x"x—2(x"m; - %mj i)

AAAAAAAAAA




Minimum distance classifier

1
D/ (x) =xTx—2 (me]- — Eijmj) minimum

Independent of |

1 .
- dj(x) = me]. — Em]Tm]. must be maximized

Therefore an unknown pattern X s assigned to class c; if:
di(X) > d](X) _] = 1,2, ...,NC;j * 1
The decision boundary (separation hyperplane) is given by:

di(X) — d](X) =0

1 T . .
» xT(m; — m;) — - (m; — m]-) (m; + m]-) =0 l?erpendlcular. b.IS.ector of the
2 line segment joining m; and m;




Minimum distance classifier

2
::Iil.l;:j‘li.m t o Iris versicolor
boundary of a o Iris setosa
minimum distance
classifier (based 2.0 — /— 2.8x; +1.0x, — 89 =0
on two measure-
ments) for the
classes of [ns
versicolor and Iris
setosa. The dark
dot and square
are the means of
the two classes.

=
[y
|

Petal width (cm)
=
I

Petal length (cm)

The minimum distance classifier works well when the distance between
means is large compared to the spread within each class
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Bayes classifier

Derivation of a probabilistic approach to pattern classification = minimization of
classification errors

p(c;|x) > probability that a pattern vector X comes from class ¢;

L;; — loss (pattern assigned to ¢; when it actually belongs to c;)

N o .
1i(x) = X5, Lgjp (ck|x)  conditional average risk (loss)
—> average loss incurred in assigning X to class Ci

We can integrate the Bayes’ rule: p(alb) = [p(a)p(b|a)]/p(b)

1
» ri(x) = @Z’,ﬁil Lijp (x[ck)P(ck)
S —

Common term >0 | e | S




Bayes classifier

rj(x) = Z’,Zgl Ly jp (x|ck)P(cy) » The classifier that minimizes the average
‘ ! loss is call Bayes classifier

Probability density
function of patterns
in class C,

Let us assume that the loss function is a delta function (O for correct assignment, 1 for
incorrect)

1 ifi=j

B (0 =305 (1 - 8;)p (xlep) Pei) = p(x) — p(x|c))P(c))




Bayes classifier

The Bayes classifier then assigns a pattern X to class ¢; if, for all j#i:

p(x) — p(xlc;)P(c;) < p(x) — p(x|c;)P(c;)

i p(xlc)P(c) > p(x]¢)P(e)

Key limitations are that the following need to be known:
* The probability density function of the patterns in each class
—> critical assumption, it may be necessary to assume that the density function
has a given expression to reduce the number of parameters (e.g.
Gaussian)
* The probability of occurrence of each class
- can be inferred by general knowledge of the classification problem, or it can
be assumed that each class has equal probability




Bayes classifier — Gaussian pattern classes

Let us consider a 1D case and P(c;) = P(c,) = %

(=mp)?

d;(x) = p(x|c;)P(c;) = \/%aj e I P(g)

) (o) =d(x) P p(olc) = p(xlc;)

FIGURE 12.19
Probability
density functions
for two 1-D
pattern classes.
Point x; (at the
intersection of the
two curves) is the
Bayes decision
boundary if the
two classes are
equally likely to

QCCur.

Probability density




Bayes classifier — Gaussian pattern classes

Extension to a n-dimensional case:

1 _
1 ——(x—mj)TCj 1(x—mj)

T e 2
emz|c|"?

p(x|c;) =

With C; = Ej{(x —m;)(x — mj)T} as the covariance matrix and |C]-| its determinant

Considering the expression of the Gaussian, and considering the logarithm is a
monotonically increasing function, we can express the decision function in logarithmic
terms:

d;(x) = In|p(x|c;)P(c)] = In[p(x|c;)] + In[P(c))]

1 1
D 400 = inlp)] - gn2n -G ~5 - m)7 ¢ x - my)]

" s
N =t ¢
) )
g y
N\
[ N (N
> 259,
=

The same for all classes

AAAAAAAAAA



Bayes classifier — Gaussian pattern classes

If the covariance matrices are equal (i.e. C]- =C forj=172,..,N;)andif we drop all
terms that do not depend on j we get:

1
di(x) = In[P(¢j)] + x"Ctm; — EijC‘lmj
If in addition C =1 (identity matrix) and classes are equally likely (i.e. P(cj) =1/N;)

1 .
‘ dj (x) = mej — _ijmj Equivalent to the
2 minimum distance

classifier




Template matching

* Find the position of a template image based on correlation.
* The template w is convolved with the original image f to generate the
correlation map: the maximum will determine the template location

Y nidw(s, t) — w] [f(x +s,y+t)— E]

centered at an arbitrary

location (x, )

}/(XIY) = 1
_ 1212
(B Xew(s,6) = WP B e[ f e+ 5,y + 0 = Foy )
R S
(m—1)/2
1"‘—'[Ill.'igm t
et (n—1)/2~ |=

h

b |y

Templatewj




Template matching: color image

Original Color Image, 384 rows by 512 columns. Template Image to Search For, 50 rows by 72 columns.

50
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300

350

100 200 300 400 500

Normalized Cross Correlation Output, 433 rows by 583 columns.
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400
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Template matching: grayscale image
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Template matching: binary image

o Convert to ~
n grey values “
A |

Threshold

Find(pixel_values)>0.9

Template
mask

Template Matching

-
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Template matching: caveats

Example = lung tumor tracking in cineMR images

(b)

The cross correlation will always have a maximum value
- Is this representative of the template?
— Thresholds can be applied

- Watch for cases when the template can have more that 1 location in the image

s
V';'),a "
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Shape as a pattern

Different approaches can be used for shape extraction:

* Morphological filters
- Hit or miss transformation (binary image)

* Template matching
- ldentify specific shapes, including gray-scale / color
attributes
- Based on correlation

* Hough transform
- Needs parametric description of the shape to be identified
- Works with image edges




Shape: Hough transform

The purpose of this technique is to find objects within a certain class of
shapes by a voting procedure. This voting procedure is carried out in
a parameter space, from which object candidates are obtained as local
maxima in a so-called accumulator that is explicitly constructed.

START: identification of lines

Extended to arbitrary shapes: circles or ellipses...

Generalized Hough Transform




Shape: Hough transform

Let us assume we want to find a line that connects two points

yi=ax;+b mE) Expressin parameter space

ab
FIGURE 10.28
(a) xy-plane.
(b) Parameter
space.

b=—xm+y




Shape: Hough transform

Circle detection: basic Idea Hp: radius R known

X = a + RcosB detect edges for every white Accumulator array:
y =b + RsinB pixel in the edge Brighter spot
image, create a
circle in the ab- + number of votes
space i

greater probability of
_ (a,b) being a center
Hp: radius R unknown
find triplets of (x, y, R) that are highly probably circles in the image.
(three parameters -> 3D parameter space)

:
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Hough transform: application

Liver 2D cine-MRI

*526 i EYE:WMHHA;HHH
i
R
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Int J Radiat Oncol Biol Phys. 2015 Mar 15;91(4):840-8.



