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Segmentation

« Segmentation is the task of dividing an image into
regions

« Regions are:
- Characterized by their visual properties
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CA’ FOSCARI - Linked with underlying semantics of the image (objects in tt
VENEZIA Scene)

- QOffer a compact representation of the elements to be
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Gestalt

Gestalt psychology ® ® o o ® ®
identifies several

properties that result in e o e o o o
grouping/segmentation
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Groupings by Invisible Completions
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3D cues

Why do these tokens belong together?
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Segmentation as clustering
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Clusters on intensity Clusters on color
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Thresholding

a
h ¢

FIGURE 10.28
(a) Original
image. (b) Image
histogram.

(¢) Result of
elobal
thresholding with
T midway
between the
maximum and
minimum gray
levels.
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Estimating the threshold

ab

C
FIGURE 10.29
(a) Original
image. (b) Image
histogram.
(c) Result of
segmentation with
the threshold
estimated by
iteration.
(Original courtesy
of the National
[nstitute of
Standards and
Technology.)
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Estimating the threshold

ab

C
FIGURE 10.29
(a) Original
image. (b) Image
histogram.
(c) Result of
segmentation with
the threshold
estimated by
iteration.
(Original courtesy
of the National
[nstitute of
Standards and
Technology.)
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Otsu’s Thresholding Method

Based on a very simple idea: Find the threshold that
minimizes the weighted within-class variance.

This turns out to be the same as maximizing the between-
class variance.

Operates directly on the gray level histogram [e.g. 256
numbers, P(i)], so it’s fast (once the histogram is
computed).

Assumptions:
- Histogram (and the image) are bimodal.

- No use of spatial coherence, nor any other notion of
object structure.

- Assumes uniform illumination, so the bimodal
brightness behavior arises from object appearance
differences only.



Otsu’s Thresholding Method

« Let P(i) be the frequency (histogram) of intensity le
' - Estimate the class probabilities after a sepataration

intensity t as:, ;
UNIVERSITA ql(t) E P(l) q2 (t) = EP(Z)
e iZT41
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e © | heclass means are:

L iP(i) o iP()
i) = iZIQI(t) )= i;1 q,(1)

The individual class variances are:

t p
oi(1)= Yli- 1(”]2% oin=S li- ) ((lt))
=1 1 i=t+1




Otsu’s Thresholding Method

 Finally, theveighted within-class variaisce
0, (1) = ¢,(1)07; (1) + g, (D0 (1)
bl - The optimal threshold minimizes this value
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Effects of illumination gradients
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FIGURE 10.27

(a) Computer
generated
reflectance
function.

(b) Histogram of
reflectance
function.

(c¢) Computer
cenerated
illumination
function.

(d) Product of (a)
and (c).

(e) Histogram of
product image.
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Adaptive Threshold

UNIVERSITA
CA" FOSCARI
VENEZIA




Adaptive Threshold

a b

c d

FIGURE 10.30
(a) Original
image. (b) Result
of global
thresholding.
(c) Image
T el subdivided into
e  1ndividual
SRl subimages.
LSRN (d) Result of
S A daplive
thresholding.




k-means

- We are given an unlabeled training set  {z'! . ™'}

« We want to group the data into a few cohesive clusters.
Assume for the moment that
- the number K of clusters is given
« The clusters form a partition of the data: data-points are in one and only one cluster

UNIVERSITA « How do we define cohesiveness?

wWieYl - Intuitively, we might require that intra-cluster distances are compared with the inter-
VENEZIA cluster distances.

« We can formalize this notion by introducing a set of vectors
U, wherek=1, ..., K

« W, is a prototype associated with the k th cluster, representing the centers of the clusters.

« Qur goal is then to find
- an assighment of data points to clusters
- vectors {u, },

« such that the sum of the squares of the distances of the data point to the cluster center
My , is @ minimum.




UNIVERSITA
CA" FOSCARI
VENEZIA

k-means

Let us introduce a binary indicator variable r,. € {0.1}
describing which of the K clusters data point x,, is assigned to.

We can then define a distortion measure as

NoOK
J = Z Z N | o "‘E
n=1 k=1

K-means algorithm (Lloyd, 1982)

We optimize J s through an iterative procedure involving two successive steps
corresponding to

- optimization with respect to the r,

- optimization with respect to the p, .

First we choose some initial values for the p, .
- In the first step Then minimize J with respect to the r, , keeping the p, fixed.
- In the second step we minimize J with respect to the u, , keeping r, fixed.

This two-stage optimization is repeated until convergence.



k-means

Optimization of r,

« Since J is linear in r,, we can give minimum in a closed form solution by setting r,=1 for
whichever value of k gives the mx,, — p.|”

- -- _ . . i

_J1 if k= nargmin; |2, — ,LL_,-"

Tk = .
0  otherwise
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Optimization of u,

- Function J is quadratic in py,, and it can be minimized by setting its derivative with respect to
U, to zero giving

& T MakXe

-I—I'?Il

'Y ) =0

£ _d 1y 'r-“":l'
n=I1

- This sets y, equal to the mean of all of the data points x,, assigned to cluster k, hence the name
K-means algorithm.

« The two phases are repeated in turn until there is no further change in the assighments (or
until some maximum number of iterations is exceeded).




k-means
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k-means

e Choose a fixed number of clusters

« Choose cluster centers and point-cluster
allocations to minimize error

2. 2

k € clusters 1Eelement of k-th cluster| |CCZ — M | |2

* [terative algorithm to find local optimum

- Assign tokens to closest
cluster center

- Update cluster center to
mean associated tokens




k-means

Choose k data points to act as cluster centers

ntil the cluster centers are unchanged
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Allocate each data point to cluster whose center 1z nearest

llow ensure that every cluster has at least

one data point; possible techniques for doing this include
supplyving empty clusters with a point chosen at random from
points far from their cluster center.

FEeplace the cluster centersz with the mean of the elements
in their clusters.

end

Algorithm 16.5: Clustermeg by K-Means




K-means for segmentation

e Select a value of K

P9 - Select a feature vector for every pixel (color,
g texture, position, or combination of these etc.)

« Define a similarity measure between feature
vectors (Usually Euclidean Distance).

MALLIL < Apply K-Means Algorithm.
« Apply Connected Components Algorithm.

* Merge any components of size less than some
threshold to an adjacent component that is most
similar to it.
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k-means
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Image Clusters on intensity Clusters on color

K-means clustering using intensity alone and color alone




Original image
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Mean Shift

 Anon-parametric technique for analyzing
complex multimodal feature spaces and

onicd  estimating the stationary points (modes) of ti

memw underlying probability density funatibmout

CA’ FOSCARI

o explicitly estimating it
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Mean Shift Algorithm

Mean Shift Algorithm
1. Choose a search window size.

2. Choose the initial location of the search window.

3. Compute the mean location (centroid of the data) in the search window.

4. Center the search window at the mean location computed in Step 3.

5. Repeat Steps 3 and 4 until convergence.
The mean shift algorithm seeks the “mode” or point of highest density of a data distribution:
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Intuitive Description

& Region of
interest
Center of
® mass
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Mean Shift
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Intuitive Description

& Region of
® PS & interest
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Intuitive Description
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Non-parametric Density Estimation

PDF value

A
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Data point
density e

Assumed Underlying PDF Data Samples




Non-parametric Density Estimation
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Parzen Windows
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Ku(x) = [H|~/2K(H|~!/?x)

geoan  Kernel Properties
Bounded

Compact support
Normalized
Symmetric
Exponential decay

Uncorrelated

fRd K((x)dx =1

o U1 DN W N =



Kernels and Bandwidths

« Kernel Types

KP(x) =TI, Ki(z:)  K9(x) = a,qoK1(]|x]])

(product of univariate kernels) (radially symmetric kernel)
UNIVERSITA
CA’ FOSCARI 5
K (x) = cx.ak(|[x||?)

. Bandwidth ParameteH = h=1
A ~ Ckd & X — X4
o = B (|| "

)




Various Kernels

Epanechnikov
l—o 0>x2>1 :
(o) = {10 0203 -
A+ = [x]?) x| > 1 g
o —cd — ||x X|| =
= Kp(x) = { 0 Ix|| > 1
lilrfjj-’f:ﬂ.f.r['_l Normal
CA" FOSCARI
VENEZIA kn(z) = e 3T
= Ky(x) = (2n)” d/2,—5|lx||*
Uniform
1 0>x>1
ku(z) = {O x> 1

= Ky(x) = {0 x| > 1




Density Gradient Estimation
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Epanechnikov = Uniform

Normal - Normal




Mean Shift

V fh. ()

2Ck d - X — X;
R [Zg (H h
i=1

)

— X

>] S xag (]|

g (‘ x—hxi
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Mean Shift Algorithm

* compute mean shift vector

[ e (=)
e A T (E=a .

* translate kernel (window) by mean shift
vector




Mean Shift

R A 2c
Vi (%) = fr.6(%) 75 my,c(x)
Cg,d
) A
= mh,g(x) — —h2CvAfh’K<X)
2 fra(x)
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« Mean Shift is proportional tortbemnalizedensity
gradient estimate obtained with ke/el

 The normalization is by the density estimate
computed with kerne(z




Properties of Mean Shift

« Guaranteed convergence

— Gradient Ascent algorithms are guaranteed to converge only
for infinitesimal steps.

— The normalization of the mean shift vector ensures that it
converges.

— Large magnitude in low-density regions, refined steps near
local maxima - Adaptive Gradient Ascent.
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« Mode Detection
— Let {y,};=1,2,... denote the sequence of kernel locations.
— At convergence  my, ¢(y.) = Ve —ye = 0= Vfnx(ye) =0

— Once Y ; gets sufficiently close to a mode of Jr, i it will
converge to the mode.

— The set of all locations that converge to the same mode
define the basin of attraction of that mode.




Properties of Mean Shift

 Smooth Trajectory

— The angle between two consecutive mean shift vectors
computed using the normal kernel is always less that 90°

| — In practice the convergence of mean shift using the normal
UHEER kernel is very slow and typically the uniform kernel is usec

CA’ FOSCARI
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Mode detection using Mean Shift

« Run Mean Shift to find the stationary points

— To detect multiple modes, run in parallel starting with
initializations covering the entire feature space.

UNIVERSITA
ggmen  + Prune the stationary points by retaining local maxir

VENEZIA

— Merge modes at a distance of less than the bandwidth.

e Clustering from the modes

— The basin of attraction of each mode delineates a cluster ¢
arbitrary shape.




Mode Finding on Real Data
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Mean Shift Clustering
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Clustering on Real Data
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Mean Shift Segmentation
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Notes on implementation

« Tracing the tracks for each point can be too
slow for image segmentation.

%  There are two common heuristics used to
speedup the algorithm:

1)Basin of attraction: Upon finding a peak,
associate each data point that is at a distance r
from the peak with the cluster dened by that
peak.

2)Points that are within a distance of r/c of the
search path are associated with the converged
peak, where c is some constant value. c =41is a
common value of image segmetnation.




	Slide 1
	Slide 2
	Slide 3
	Slide 4
	Slide 5
	Slide 6
	Slide 7
	Slide 8
	Slide 9
	Slide 10
	Slide 11
	Slide 12
	Slide 13
	Slide 14
	Slide 15
	Slide 16
	Slide 17
	Slide 18
	Slide 19
	Slide 20
	Slide 21
	Slide 22
	Slide 23
	Slide 24
	Slide 26
	Slide 27
	Slide 28
	Slide 45
	Properties of Mean Shift
	Slide 47
	Mode detection using Mean Shift
	Slide 51
	Slide 52
	Slide 53
	Slide 54
	Slide 55
	Slide 56
	Slide 57

