Image Segmentation

How do we know which groups of pixels in a
digital image correspond to the objects to be
analyzed?
Objects may be uniformly darker or brighter tham th
background against which they appear
Black characters imaged against the white background of a
page
Bright, dense potatoes imaged against a background that is
transparent to X-rays

Image Segmentation: Definitions

“Segmentation is the process of partitioning an
image into semantically interpretable regions.”

= H. Barrow and J. Tennenbaum, 1978

“An image segmentation is the partition of an
image into a set of nonoverlapping regions whose
union is the entire image. The purpose of
segmentation is to decompose the image into part
that are meaningful with respect to a particular
application.” -R. Haralick and L. Shapiro, 1992
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Image Segmentation: Definitions

“The neurophysiologists’ and psychologists’ belief
that figure and ground constituted one of the
fundamental problems in vision was reflected in
the attempts of workers in computer vision to
implement a process callsdgmentation The
purpose of this process is very much like the idea
of separating figure from ground ..."p.marr, 1982

Image Segmentation: Definitions

“The partitioning problem is to delineate regions
that have, to a certain degree, coherent attributes
in the image. We will refer to this problem as the
image partitioning problem|t is an important
problem because, on the whole, objects and
coherent physical processes in the scene project
into regions with coherent image attributes. Thus
the image partitioning problem can be viewed as @
first approximation to thecene partitioning
problem..” - . LeClerc, 1989




Formal Definition

Given region R and uniformity criterion U, define
predicate P(R) = True, #a ' |U(i,)) -a|<e,
" ()T R
Partition image into subsets,R=1, .., m such that
Complete: Image £ R;,i=1,..,m
Disjoint subsets: FC Rj=/4& " i!]
Uniform regions: P(RR= True," i
Maximal regions: P(FE Rj) = False; it ]
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Image Segmentation

Ideally, object pixels would be black (0 intensity)
and background pixels white (maximum intensity)

But this rarely happens because

Pixels overlap regions from both the object and the
background, yielding intensities between pure black
and white - edge blur

Cameras introduce “noise” during imaging -
measurement “noise”

Potatoes have non-uniform “thickness”, giving
variations in brightness in X-ray - model “noise”
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Image Segmentation by Thresholding

But if the objects and background occupy differen
ranges of gray levels, we can “mark” the object
pixels by a process called thresholding:
Let F(i,j) be the original, gray level image
B(i,j) is abinary image (pixels are either O or 1)
created byhresholding F(i,j):
B(i.j) = 1if F(ij) <=t
B(i,j) = 0 if F(i,j) >t
We will assume that the 1's are the object pixels and the 0's
are the background pixels
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Thresholding

How do we choose the threshofd
Histogram: Gray level frequency distribution of
the gray level image F
he(k) = number of pixels in F whose gray level is k
He(K) = number of pixels in F whose gray levekisk

peak peak
h(g)

valley
intensity, g
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Thresholding

P-tile method

In some applications we know approximately what
percentagep, of the pixels in the image come from
objects

Might have one potato in the image, or one character.
He can be used to find the gray levgl, such that p%
of the pixels have intensity= g
Then, we can examing n the neighborhood aj to
find a good threshold (low valley point)

Could also examine the binary images corresponding to
alternative thresholds to choose a “best” one. E.g., one with
straightest edges, most easily recognized objects, etc.
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Thresholding

Mode (peak and valley) method
Find the two most prominent peaks of h
gis a peak if f(g) > h(g+Dg), Dg=1, ..., k
Let g, andg, be the two highest peaks, with< g,
Find the deepest vallegy, betweery, andg,
gis the valley if (g) <h(9) , " 9.9 T [g, gl
Useg as the threshold

When image contains 2 normally-distributed classes,
can prove that the probability of misclassificatisn
minimized wheryg is at the minimum point
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Thresholding

Hand selection

Select a threshold by hand at the beginning ofithe
Use that threshold all day long!

Many threshold selection methods in the literature

Probabilistic methods

Make parametric assumptions about object and background
intensity distributions and then derive “optimal” thresholds

Structural methods

Evaluate a range of thresholds with respect to properties of
resulting binary images

Local thresholding

Apply thresholding methods to image windows
23

An Advanced Threshold Selection Method:
Minimizing Kullback Information Distance

The observed histograr,is a mixture of the gray
levels of the pixels from the object(s) and the
pixels from the background

In an ideal world the histogram would contain jued
spikes

But measurement noise, model noise and edge blur
spread these spikes out into hills

Make a parametric model of the shapes of the

component histograms of the objects(s) and
background

24




Kullback Information Distance

Parametric model - the
component histograms are
assumed to be Gaussian g- Mo
. -1/ 2322
p, and g are the proportions () = Po e So

of the image that comprise ' %/ ~ /2pso

the objects and background

m, andm, are the mean gray

levels of the objects and o L 2 = tbye
background fu(g) =—=—=—¢e St

S, ands, are their standard 2pso

deviations
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Kullback Information Distance

Now, once we choose a threshd|dhen all of
these unknown parameters are determined.

Letf(g) be the observed and normalized histogran
f(g) = percentage of pixels from image having gray

levelg

p()= (g  po(t) =1- po(t)

m(t) = t fggg mt= f(9g
g=0 g=t+1
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Kullback Information Distance

So, oncd is chosen we can “predict” what the

total normalized image histograshouldbe if our

model (mixture of two Gaussians) is correct
P(@) = rf(9) + R0

The total normalized image histogranréslly

f(9)
So, the question reduces to:

Determine a suitable way to measure the similarfity
P, andf
Find thet that gives the highest similarity

27

Kullback Information Distance

A suitable similarity measure is ti@llback
directed divergence defined as

max> f(g)
K(t) = f(g)log[——
0= f(@loglg 7]

If P, matched exactly, then each term of the sum
is 0 and Kf) takes on its minimal value of O

Gray levels where Rndf disagree are penalized
by the log term, weighted by the importance of
that gray levelf(g)) 28




Another Threshold Selection Method:
Minimize Probability of Error

Using the same mixture model, we can findtthe
that minimizes the predicted probability of error
during thresholding

Two types of errors

Background points that are marked as object points.
These are points from the background that are darke
than the threshold

Object points that are marked as background points.
These are points from the object that are brigizm
the threshold
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Minimize Probability of Error

For each threshold

Compute the
parameters of the twi
Gaussians and the
proportions
Compute the two \
probability of errors

Find the threshold t mav

that gives et)=p (g e)=p fo(g)

g=0 g=t+1

t

Minimal overall error

Most equal errors w0

Object Extraction from Binary
Images: Connected Components

Definition: Given a pixel (i,j) its
4-neighborsare the points (i',j)
such that |i-i'] + |j-| = 1
the 4-neighbors are (ii, j) and
(i.jx1)
Definition: Given a pixel (i,j) its
8-neighborsare the points (i',j")
such that max(Ji-i'l,|j-j’]) = 1
the 8- neighbors are (i, j+1), (i1, j)
and (i+1, j*1)

Adjacency

Definition: Given two disjoint sets of pixels, S
and T, Sis!-(8) adjacentto T is there is a pixel
in S that is a 4-(8) neighbor of a pixel in T

e

32
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Connected Components

Definition: A 4-(8)path from pixel (iy,jo) tO (i)
is a sequence of pixels,{p) (i1,j1) (i2J2) , - (hn)
such that (j, j,) is a 4-(8) neighbor of (i, ji+1),
fork=0,..,n-1

.I
(i Jo) [ ()
[} .

Every 4-path is an 8-path!
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Connected Components

Definition: Given a binary image, B, the set of all
1's is called théoreground and is denoted by S
Definition: Given a pixel pin S, p i5-(8)
connectedto g in S if there is a path from p to g
consisting only of points from S

The relation fs-connected-td is an equivalence

relation
Reflexive - p is connected to itself by a path of length 1
Symmetric - if p is connected to g, then g is connected to p by the
reverse path

Transitive - if p is connected to q and q is connected to r, then p is
connected to r by concatenation of the paths fromptoqandqtor
34

Connected Components

Since the “is-connected-to” relation is an

equivalence relation, it partitions the set S mto

set of equivalence classes or components
Calledconnected components

Definition: S is the complement of S - it is the set
of all pixels in B whose value is 0
S can also be partitioned into a set of connected
components
Regard the image as being surrounded by a fraris of

The component(s) & that are adjacent to this frame is
called thebackground of B

All other components d& are callecholes 35

Examples: Blue =1, Green=0

How many 4- (8) components of S?
What is the background?
Which are the 4- (8) holes?

Jordan Curve TheoremAny closed curve defines two connected regions
36




Background and Foreground
Connectivity

Useoppositeconnectivity for the foreground and
the background

4-foreground, 8-background: 4 single pixel objectd
no holes

4-background, 8-foreground: one 4 pixel object
containing a 1 pixel hole
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Boundaries

Theboundary of S if the set of all pixels of S that
have 4-neighbors i8. The boundary set is
denoted as S’

Theinterior is the set of pixels of S that are not in
its boundary: S-S’

Definition: Region Tsurrounds region R (or R is
inside T) if any 4-path from any point of R to the
background intersects T

Theorem If R and T are two adjacent
components, then either R surrounds T or T
surrounds R

38

Examples

Even levels are components of 0's
The background is at level 0
Odd levels are components of 1's

39

Component Labeling

Given: Binary image B
Produce: An image in which all of the pixels in

each connected component are given a unique
label.

Solution 1 Recursive, depth-first labeling

Scan the binary image from top to bottom, leftigit
until encountering a 1 (0).

Change that pixel to the next unused component labe
Recursively visit all (8-,4-) neighbors of this phthat

are 1's (0’s) and mark them with the new label
40
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Example

41

Solution 2 Row Scanning Up and Dow

Start at the top row of the image
Partition that row into runs of 0’'s and 1's

Each run of 0's is part of the background, and is given the special
background label

Each run of 1's is given a unique component label

For all subsequent rows
Partition into runs
If arun of 1's (0’s) has no run of 1's (0’s) directly above it, thes
potentially a new component and is given a new label
If a run of 1's (0's) overlaps one or more runs on the previous row
give it the minimum label of those runs
Leta be that minimal label and let} be the labels of all other

adjacent runs in previous row. Relabel all runs on previous rov

having labels in §} with a us

—

Disadvantages of Recursive Algorithm

Speed

Requires number of iterations proportional to the
largestdiameter of any connected component in the
image

Topology

Not clear how to determine which components of 0’s
are holes in which components of 1's
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Local Relabeling

What is the point of the last step?

We want the following invariant condition to holttex
each row of the image is processed on the downward
scan: The label assigned to the runs in the last ro
processed in any connected component isriin@mum
label of any run belonging to that component in the
previous rows.

Note that this only applies to the connectivitypofels
in that part of B already processed. There may be
subsequent merging of components in later rows

44




Example

If we did not change thes to a’s, then the rightmosi will be labeled
as ac and our invariant condition will falll 45

Upward Scan

A bottom-to-top scan will assign a unique label to
each component
We can also compute simple properties of the
components during this scan
Start at the bottom row

Create a table entry for each unique component, labe
plus one entry for the background if there are no
background runs on the last row

Mark each component of 1's as being “inside” the

Upward Scan

For all subsequent rows

If a run of 1's (0’s) is adjacent o run of 1's (0’s) on
the subsequent row, and its labeh@in the table
Create a table entry for this label

Mark it as inside the run of O's (1's) that it is adjacent tohen t
subsequent row

Property values such as area, perimeter, etc. can be upsated 4

each run is processed

If a run of 1's (0's)is adjacent to one or more run of 1's
on the subsequent row, it is marked with the common

label of those runs, and the table properties pdated
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background
46
Example
process row 3
ala| B b|B|B[B| B ala| B b|B[B[B| B
alalala Bdadqc alajala B qd d g
Bl aajlala 4 € a ' Blaalaa g € a '
aaaa;[aca. alajlajag Bd a a
alalald B B BB alalala B B BB
alalal aB|d|d]|d alalal 4B|d|d|d
Bla|a| a|B|d|d]|d Bla|a] a]B|d|d]|d
Blala| a|B|d|d]d Blala] a|B|d|d|d
process row
ala| B b|B|B(B| B 4 ala| B a/B[B[B| B
alalala Bdadqc alalal a B g a a processrow
Bl alajala 4 € a Bl alajala 4 € a 2,thenl
ajajlala Bd a a alajlajag Bd a a
alalald B B BB alalala B B BB
alalal aB|d|d]|d alalal 4B|d|d|d
Bla|a| a|B|d|d]|d Bla|a] a]B|d|d]|d
Blala| a|B|d|d]d Blala] a|B|d|d|d
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Properties

Our goal is to recognize each connected
component as one of a set of known objects
Letters of the alphabet
Good potatoes versus bad potatoes
We need to associate measurements, or propertie
with each connected component that we can

compare against expected properties of different
object types

49
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Properties

Area
Perimeter
Compactness: FA

smallest for a circle:@fr/pr2 = 4p

higher for elongated objects
Properties of holes

number of holes

their sizes, compactness, etc.
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e Geulr:
*'?(c( wo.y" quJan, Po?a‘\‘s

ever rameve & peial whose )
%5 remeval locally disconnects objecT

# Never frmove oule.?&h &F ares

e Not invertible, — comt recomsiuct
ohjet Fram Hianed descriphon

63

Thinning

Consider a 3x3 neighborhood of a binary image in
which the center pixel is a “1”
The center point is aimple point if changing it from a
1 to a 0 doesot change the number of connected
components of the 3x3 neighborhood
111 000
011 111
010 000
The first is 8-simple but not 4-simple
The second is neither 4 nor 8 simple
Removal of a simple point will not change the
number of connected components in a binary
image

An end point is a “1” with exactly one 1-neighbor
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Thinning

A 1-pixel (i,j) in a binary image isldorth
border point if pixel (i,j+1) is a 0
Similarly define East, West and South border points

Simple thinning algorithm 9000000
For D = N,E,W,S do 0111100

0000000
Eliminate all D border points that are simple psiand

notendpoints
Must do the directions in sequence and not
together or we could erase a component
Result depends on the order in which the
directions are considered

Example: 4-Simple Points

00000000 00000000 00000000
01011100 01001000 01000000
01011001 N 01011001 E 01011001
01111110 , 01011010 — 01010010
01111110 01111110 01111110
01100110 01100110 01000100
00000000 00000000 00000000
W

00000000

01001000

01001001

01001010

01111110

00100010

00000000

Shock _Gragh
. Qutn{i;."l\'oa F Blum?t
o Given curve C(3): (xo(“)/Yo(S))

S: Fctuuc"’d c.‘q-\J curve

MAT

o 'I'l'ucd\«l-‘ waofm curve by
woving each L poit Some amount
A Some It!c‘kﬂ'\

e One Jef\m{on

ERTRT

(f o) = G (S
£: fl'ne XKt ewn"’u«. 7 ¢ imard novamal 67

o 2 terms determine local deformahion
= [ devua: constant deformation
(conrtaut mston c(on_’ Alf—ul)

- Z" 4eim: Curvahure deformidin

e & s « ua.r"'-.n'('( ot coatvels

‘e uJu.l-.nst effects of

curvthare

-« (g S "7.22‘?'55“.-«“

- o« €20 =) I MAT

o At eady shock point” lebad i+
according <o “the local variathwm
of tha TFading funchion a(onj
He ouas

68
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Quo,"h{g CO"\ $ ﬁue.*o [
Toput: 2" x Z“ bl'n.vy imase
O utput: G-ory tree

A\aon“H\w\:
(. Crecte rect node and atfociate
i-\fn'f ;mw with i+
2. I cuwest mede's twage ir all s (0%
thew 2/g‘¢/ node Black (w‘-fh) (CAF/‘
helt §
_o._\g_fcn.d'; ¢ childven nodes of

current node and subdinde

Nw | WE copmmiathy  cwrrest node
€ | Wr 2™ image e ¢
25" 2! quadvests
Goto shep Y2 foread chold f
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