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What is Grouping in Computer Vision?

* Gather features that
belong together

S ottt Al Cland) aani o
e Obtain an intermediate
representation that

compactly describes key
image or video parts.
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Grouping & Segmentation

* Top down vs. bottom up
* Top down: pixels belong together because they are from the same object
OsSall i e LY e ganall (adil SO it Jeud e e o
* Bottom up: pixels belong together because they look similar.
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* What is interesting depends on the app. Gkl e ais;
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Grouping & Segmentation

* Meta Clues s ¢ il uﬁ dac Luwad) AN AN
Muller-Lyer o2 s
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The Muller-Lyer illusion
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Principles of perceptual organization - .
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From Steve Lehar: The Constructive Aspect of Visual Perception
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Principles of perceptual organization - .
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Grouping & Segmentation
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Grouping & Segmentation
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Bottom-up Segmentation S Jaa) e es il

image human segmentation

* Bottom-up segmentation via clustering
 Algorithms: <l j ) 938

* Mode finding and mean shift: k-means, EM,
mean-shift

* Graph-based: normalized cuts

* Features: color, texture, ... <laws
 Quantization for texture summaries

Aim of Segmentation:

Separate image into coherent “objects”
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Bottom-up Segmentation o0 Jawl) (pe o5 3l

white
| pixels
= black pixels
3 S P gray //
2 O pixels -
O
= |
Q.
Input image L
Intensity

* These intensities define the three groups.
« We could label every pixel in the image according to
which of these primary intensities it is.
* I.e., segment the image based on the intensity feature.
A sl 4 sl A o alaie VL5 ) geall o 33 o
« What if the image isn’t quite so simple?

Slide credit: Kristen Grauman
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* Now how to determine the three main intensities that define our groups?
* We need to cluster.

paiiad) dpdac ) Zlind € AN e ganall a2ad ) Apalua) EDEN 46l L saall 2ass (oS o

cl: | alia . 175 4 I

SITUC CIrCuUiL. Nr1oLciin grauirlitiari

https://manara.edu.sy/



! !

190 255
Intensity

3
a4 —@:

« Goal: choose three “centers” as the representative intensities, and label every pixel
according to which of these centers it is nearest to.
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» Best cluster centers are those that minimize SSD between all points and their
nearest cluster center ci:

S all 5 de gandl Llas JS (0 SSD Waa Jla5 ) el by sl 25 il 3S) el Jazadl o

> > 1p — ¢|?

Slide credit: Kristen Grauman clusters ’L points P in cluster ’L




Bottom-up Segmentation o0 JawY) (e ¢ sl

Clustering 32diall

* Clustering algorithms:
* Unsupervised learning < ) (s alas
* Detect patterns in unlabeled data 4 sizall pe GUlall 8 -3l CadiS o 683
« E.g. group emails or search results casl il apant sl 5 SV 2 ) Jilas ) asesd Jie
* E.g. find categories of customers <l sana () b 3 caiai 1 AT JUe

« E.g. group pixels into regions (ahbia J) 5 gall yalic aaad 1adl)  gulail)

* Useful when don’t know what you’re looking for Requires data, but no labels
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Clustering 322 Bottom-up Segmentation

K-means

 Randomly initialize the k cluster centers, and iterate between the two steps we just saw.
1. Randomly initialize the cluster centers, c,, ..., ¢, W sde 43Iy S) ) jLasl
2. Given cluster centers, determine points in each cluster 3S_« JSI ca j8Y) 3 saial) Lalsi aas ¢ 35S 5e JS Jal (e
* For each point p, find the closest c,. Put p into cluster i
3. Given points in each cluster, solve for ¢, 2l jalic af o gia oS3 a8lall 3S) je Cyaas
* Set ¢, to be the mean of points in cluster i
4. If c. have changed, repeat Step 2 < 5i ¥) s <l shall 5l <5 acl S yall juss Jla 3

4 e
s Blue ™\

P A \\
Y g - Ny o
E/ / ® (0] ®
\ (o] :
L
| / °
S .
o
® —» Green
Oo o
0/4
s )
e 7a
2 // Red

o> o o s
LQUUITULC, OLCTVC OCILL

https:/ﬁhanaéedu.sy/



K-means -

1. Ask user how many
clusters they'd like.

(e.g. k=5) 08 1 %; -
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Slide credit Andrew
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K-means

1. Ask user how many
clusters they'd like.

(e.g. k=5)

2. Randomly guess k
cluster Center
locations




K-means

Ask user how many
clusters they'd like.

(e.g. k=5) o0

Randomly guess k
cluster Center

locations
0.6

Each datapoint finds
out which Center it's
closest to. (Thus

each Center "owns” | **
a set of datapoints)

0,2

A ) .2 m_d 0.6 a0 1 .
el
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K-means

1. Ask user how many
clusters they'd like.

(e.g. k=5)

2. Randomly guess k
cluster Center
locations

3. Each datapoint finds
out which Center it's
closest to.

4. Each Center finds
the centroid of the
points it owns

2.6

n_k

0.5




K-means

Ask user how many
clusters they'd like.

(e.g. k=5)

Randomly guess k
cluster Center
locations

Each datapoint finds
out which Center it's
closest to.

Each Center finds
the centroid of the
points It owns...

...and jumps there

...Repeat until
terminated!
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Clustering 5t  BOttom-up Segmentation

K-means: pros and cons

Pros QM\A.J\
* Simple, fast to compute 4z yu s Algus

Cons/issues (s suuall
e Setting k? zosall 28lall Jie 408 48 j2a

* Sensitive to initial centers 4813 Sl sl dulea = deal ol
* Sensitive to outliers zasall ulua
* Detects spherical clusters cra 435 SI Adlal) CaiS &f’éﬁ
S 8 &P
% 3
L
B
oo 0P
(A): Two natural clusters

(B): &-means clusters
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Clustering 5t  BOttom-up Segmentation

K-means Depending on what we choose as the feature space, we can group pixels in

different ways.
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Grouping pixels based on color similarity G=200
ol il e aldie WL LK) aaa B=_250
- J
A B f \
R=245
@ G G=220
\B:24SJ

R

Feature space: color value (3-d)
(d)J‘ ¢ padl yaal ad CUE) (sl Al tchlandd) eliad Slide credit: Kristen Grauman



Clustering 5t  BOttom-up Segmentation

K-means

2 clusters
2 colors
(white,
black)
ALl Lid sadiel) 3 clusters
: 3 colors
Sy ) (599 .
7 (white,
Ll o)
. . gray,
intensity

black)



Clustering 5t  BOttom-up Segmentation

K-means

4 Intensity

u"ér}uuf/d'.{;raﬁm bddin]/
r sl + Lidla
Intensity +
position

Both regions are black, but if we
also include position (x,y), then
we could group the two into
distinct segments; way to encode
both similarity & proximity.
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Clustering 5t  BOttom-up Segmentation

Mean_Sh'ft e The mean shift algorithm seeks modes or local maxima of density
algorithm in the feature space
G sl alaall L&) ol modes bales Je Jas sidll dal ) de ) ) s& Caas

Glawdl sLa? Feature space
(L*u*v* color values)




Clustering 5t  BOttom-up Segmentation

Mean Shift L Search sl 338l
. b ® window
algorithm
Center of sl 4l K 1
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Clustering 5t  BOttom-up Segmentation

Mean shift

Search
window

. D
algorithm
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Clustering 5t  BOttom-up Segmentation

Mean shift
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Clustering 5t  BOttom-up Segmentation

Mean shift

Search
window
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Clustering 5t  BOttom-up Segmentation

Mean shift

Search
window
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Clustering 5t  BOttom-up Segmentation

Mean shift

Search
window
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Clustering 5t  BOttom-up Segmentation

Mean shift X ® o { S?arch ]
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Clustering 5t  BOttom-up Segmentation

Mean.shift e Cluster: all data points in the attraction basin of a mode
algorithm mode iy Aaysall Aalaiall b a5 clilol) Ltk JS 13 giial) o
e Attraction basin: the region for which all trajectories lead to
the same mode
.mode ki I L ol jluall JS o gas il dadaiall 5 (L)) cadad) dilaia e
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Clustering 5t  BOttom-up Segmentation

Mean shift Find features (color, gradients, texture, etc)
. < ¢l cila il (ol Y1) el alay)
algorithm (& gl ela il Ol )
. Initialize windows at individual feature points
Aoty Claw Jalas c“:""" 3alal) A
. Perform mean shift for each window until convergence
(el )l s 3380 JSY mean shift ks
. Merge windows that end up near the same “peak” or mode

(e o Lgd 1) Modle A5 (s e o a5 ) 381531 e

NORMALIZED DENSITY
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Bottom-up Segmentation

Mean shift
algorithm

* Pros:
* Does not assume shape on clusters 2liall Clua oL JSEI Gluaall 326 Y
* One parameter choice (window size, aka “bandwidth”) (338} aaa) Jadé asl g jial b o) ~Uiss
e Generic technique @linkill JS A Lealadinl (Ko dale 45y yha
* Find multiple modes

* Cons:
* Selection of window size il 4ali e 3 jliaal) 33Ul aaa i
* Does not scale well with dimension of feature space aaall i ASaay il
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el e alaieW ¢ g 5ol Bottom-up Segmentation

Windows with
primarily horizontal Both
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Dimensgion 1 (mean d/dx|value) .
Windows with Windows with
small gradient in ~ primarily vertical statistics to
both directions edges summarize patterns

Slide credit: Kristen Grauman in small windows



ol o AlaieY o g jal Bottom-up Segmentation
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Malik, Belongie, Leung and Shi. [IJCV 2001.

Reference: Lana Lazebnik
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el e AoV £ g 2l Bottom-up Segmentation
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Unetmodel Deep Learning-based semantic Segmentation

Input S : : .
emantic Segmentation 33 J
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copy and connect
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Unet Deep Learning-based semantic Segmentation
applications

Aerial Image
Segmentation

Brain tumor segmentation Liver segmentation
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