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Image Segmentation (in very general terms!):Image Segmentation (in very general terms!):

Could we segment this imageCould we segment this image22

without knowing what it is wewithout knowing what it is we’’rere
Looking at?Looking at?

22-- Prof. Richard L. GregoryProf. Richard L. Gregory’’s famous Dalmatian Images famous Dalmatian Image

-- Partitioning the image into salient regionsPartitioning the image into salient regions

-- Salient regions (at least for human observers) tend to represenSalient regions (at least for human observers) tend to represent  individual objects,t  individual objects,
object parts, or individual surfacesobject parts, or individual surfaces

-- But note: Humans use all sorts of tricks to perform this task!But note: Humans use all sorts of tricks to perform this task!
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Similarity Measures. What cues are at hand?Similarity Measures. What cues are at hand?

-- Image brightnessImage brightness -- ColourColour

-- TextureTexture

-- Image Position (spatial info)Image Position (spatial info)

-- MotionMotion

-- Stereo disparityStereo disparity

-- Edge energyEdge energy

And now, the trick is deciding how to combine these cues. And now, the trick is deciding how to combine these cues. 
For some insight see For some insight see MalikMalik et al.  [MBLS01]et al.  [MBLS01]
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Brief aside: overBrief aside: over-- and underand under--segmentationsegmentation

Two common terms used to describe general problems with segmentaTwo common terms used to describe general problems with segmentationstions44

Good segmentationGood segmentation
(human)(human)

UndersegmentationUndersegmentation
(Mean(Mean--Shift)Shift)

OversegmentationOversegmentation
(Mean(Mean--Shift)Shift)4 4 -- Notice that underNotice that under-- and over and over 

segmentation are related, but not segmentation are related, but not 
identical to the problem of identical to the problem of 
deciding how much detail should deciding how much detail should 
be in a segmentationbe in a segmentation
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Segmenting ImagesSegmenting Images…… feature space methodsfeature space methods

-- Quick example, letQuick example, let’’s look at an RGB feature space for a simples look at an RGB feature space for a simple
image:image:

-- The feature space has dimension 3. Notice that the principal imThe feature space has dimension 3. Notice that the principal imageage
regions generate dense clusters in feature space.regions generate dense clusters in feature space.
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Segmenting ImagesSegmenting Images…… feature space methodsfeature space methods

MeanMean--Shift algorithmShift algorithm

-- The meanThe mean--shift iterationshift iteration
converges to a region of converges to a region of 
locally maximal densitylocally maximal density
in feature space.in feature space.
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Segmenting ImagesSegmenting Images…… feature space methodsfeature space methods

MeanMean--Shift algorithmShift algorithm

-- A point of locally maximalA point of locally maximal
density forms a basin ofdensity forms a basin of
attraction for nearbyattraction for nearby
feature vectorsfeature vectors66

6 6 –– But notice that the range of But notice that the range of 
attraction of this basin attraction of this basin 
depends on the size and depends on the size and 
shape of the search windowshape of the search window

-- These These domains ofdomains of
convergenceconvergence define thedefine the
segments producedsegments produced
by meanby mean--shiftshift
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Segmenting ImagesSegmenting Images…… feature space methodsfeature space methods

MeanMean--Shift algorithmShift algorithm

Input imageInput image smaller search windowsmaller search window larger search windowlarger search window

-- Sample segmentationsSample segmentations77

7 7 –– Using the EDISON system, see [EDISON]Using the EDISON system, see [EDISON]
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Segmenting ImagesSegmenting Images…… graphgraph--theoretic methodstheoretic methods

Images as graphsImages as graphs……

-- An image I(x,y) is equivalentAn image I(x,y) is equivalent
to a graph G(V,E)to a graph G(V,E)

Original image I(x,y)Original image I(x,y)

-- E is a set of E is a set of edgesedges linking neighboring nodes together. The linking neighboring nodes together. The weightweight or or strengthstrength ofof
the edge is proportional to the similarity between the verticethe edge is proportional to the similarity between the vertices it joins together.s it joins together.

-- V is a set of V is a set of verticesvertices or or nodesnodes, , 
each node represents one image each node represents one image 
element (e.g. individual pixels)element (e.g. individual pixels)

Graph G(V,E)Graph G(V,E)
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Segmenting ImagesSegmenting Images…… graphgraph--theoretic methodstheoretic methods

Images as graphsImages as graphs……

-- The image elements can be individual pixels, small regions, orThe image elements can be individual pixels, small regions, or
other types of image features.other types of image features.

-- Usually, only elements within a small neighborhood are connecteUsually, only elements within a small neighborhood are connected.d.
This provides spatial coherence and has computational advantagThis provides spatial coherence and has computational advantages.es.

-- Edge weight is also called Edge weight is also called pairwisepairwise similaritysimilarity, or , or pairwisepairwise affinityaffinity..

-- In general, given a graph G(V,E) graphIn general, given a graph G(V,E) graph--based segmentationbased segmentation
methods attempt to find groups of nodes in G that are stronglymethods attempt to find groups of nodes in G that are strongly
connected to one another, but weakly connected to the rest of connected to one another, but weakly connected to the rest of thethe
graph.graph.
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Segmenting ImagesSegmenting Images…… graphgraph--theoretic methodstheoretic methods

Minimal spanning trees (Minimal spanning trees (MSTsMSTs))

-- Tree that connects all vertices of the graphTree that connects all vertices of the graph
with the minimum total weight (sum of linkwith the minimum total weight (sum of link
weight in the tree)weight in the tree)

-- Can be constructed efficiently usingCan be constructed efficiently using
KruskalKruskal’’ss algorithm:algorithm:

•• Start with a disconnected graphStart with a disconnected graph

•• Add edges in increasing order ofAdd edges in increasing order of
weight as long as doing so weight as long as doing so 
doesndoesn’’t introduce a cyclet introduce a cycle

•• Stop when all the vertices areStop when all the vertices are
connectedconnected
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Minimal Spanning Tree forMinimal Spanning Tree for
this graphthis graph
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Segmenting ImagesSegmenting Images…… graphgraph--theoretic methodstheoretic methods

The Local Variation algorithm (see The Local Variation algorithm (see FelzenszwalbFelzenszwalb & & HuttenlocherHuttenlocher [FH04])[FH04])

-- Partition the image so that for any pair of regions the variatiPartition the image so that for any pair of regions the variationon
between the regions should be larger than the variation withinbetween the regions should be larger than the variation within thethe
regions.regions.

-- Extension of Extension of KruskalKruskal’’ss algorithmalgorithm88::

•• Add edges one at a time in order of increasing weight. Maintain Add edges one at a time in order of increasing weight. Maintain a list ofa list of
disconnected disconnected MSTsMSTs

•• For each MST For each MST CCii compute a threshold                                 , where compute a threshold                                 , where w(Cw(Cii))
is the maximum weight in the spanning tree, |is the maximum weight in the spanning tree, |CCii| is the number of pixels| is the number of pixels
in in CCii, and k>0 is a user, and k>0 is a user--defined constant)defined constant)

( ) ( ) / | |i i iT C w C k C= +

•• If the next edge to be added joins two separate If the next edge to be added joins two separate MSTsMSTs, the , the MSTsMSTs are mergedare merged
only ifonly if

( , ) min( ( ), ( ))k l i jw x x T C T C≤
r r

8 8 –– See also Jepson [Jep04] for more detailsSee also Jepson [Jep04] for more details



Image SegmentationImage Segmentation

PacoPaco Estrada, Nov. 2008Estrada, Nov. 2008

Segmenting ImagesSegmenting Images…… graphgraph--theoretic methodstheoretic methods

The Local Variation algorithmThe Local Variation algorithm

-- Sample segmentationsSample segmentations99

Input imageInput image smaller smaller kk larger larger kk

9 9 –– Generated using the implementation provided by the authors of [Generated using the implementation provided by the authors of [FH04], see [FH_code]FH04], see [FH_code]
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Segmenting ImagesSegmenting Images…… graphgraph--theoretic methodstheoretic methods

Graph CutsGraph Cuts

Graph G(V,E)Graph G(V,E)

-- A A cutcut through a graph is defined asthrough a graph is defined as
the total weight of the links that mustthe total weight of the links that must
be removed to divide the graph intobe removed to divide the graph into
two separate components.two separate components.

AA

BB

,
,

( , ) i j
i A j B

cut A B w
∈ ∈

= ∑
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Segmenting ImagesSegmenting Images…… graphgraph--theoretic methodstheoretic methods

Minimum Cut method (see Wu & Leahy [WL93])Minimum Cut method (see Wu & Leahy [WL93])
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-- Find the cut through the graph thatFind the cut through the graph that
has the overall minimum weighthas the overall minimum weight

,
( , ) ( ( , ))min

A B
MinCut A B cut A B=

-- Should correspond to the subset ofShould correspond to the subset of
edges of least weight that can beedges of least weight that can be
removed to partition the graphremoved to partition the graph

-- Since weight encodes similarity, thisSince weight encodes similarity, this
should be equivalent to partitioningshould be equivalent to partitioning
the graph along the boundary of leastthe graph along the boundary of least
similaritysimilarity( , )MinCut A B = 8*(.1) .8=
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Segmenting ImagesSegmenting Images…… graphgraph--theoretic methodstheoretic methods

Minimum Cut methodMinimum Cut method

-- Can be computed efficientlyCan be computed efficiently

-- However, it has a preference for However, it has a preference for shortshort
boundaries. Sometimes picks aboundaries. Sometimes picks a
trivial partitiontrivial partition
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( , )cut A B = 8*(5) 40=
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Segmenting ImagesSegmenting Images…… graphgraph--theoretic methodstheoretic methods

Minimum Cut methodMinimum Cut method

-- Can be computed efficientlyCan be computed efficiently

-- However, it has a preference for However, it has a preference for shortshort
boundaries. Sometimes picks aboundaries. Sometimes picks a
trivial partitiontrivial partition
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( , )cut A B = 8*(5) 40=

( , )MinCut A B = 2*(10) 20=

-- We have to somehow constrain theWe have to somehow constrain the
solution to avoid such trivial cutssolution to avoid such trivial cuts
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Segmenting ImagesSegmenting Images…… graphgraph--theoretic methodstheoretic methods

Normalized Cuts (see Shi & Normalized Cuts (see Shi & MalikMalik [SM00])[SM00])

-- Find the cut through the graph thatFind the cut through the graph that
minimizes the normalized cutminimizes the normalized cut
measuremeasure

Graph G(V,E)Graph G(V,E)

AA

BB

-- Here the term Here the term assoc(A,V)assoc(A,V) is the totalis the total
weight of the connections betweenweight of the connections between
the region the region AA and the rest of the nodesand the rest of the nodes
in the graphin the graph

,
, ,( , )

( , )
i j

i j
i A j V v v E

assoc A V w
∈ ∈ ∈

= ∑

( , )NCut A B =
( , )cut A B ( , )cut A B

+( , )assoc A V ( , )assoc B V
( , )cut A B ( , )cut A B

( , )assoc A V ( , )assoc B V
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Segmenting ImagesSegmenting Images…… graphgraph--theoretic methodstheoretic methods

Normalized CutsNormalized Cuts
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( , )cut A B = 2*(10) 20=

( , )assoc A V = 2*(10) 20=

( , )assoc B V = 16*10 8*5 200+ =

( , )NCut A B = 20 20+
20 200 1.1=

-- Trivial cuts such as this one donTrivial cuts such as this one don’’tt
minimize the normalized cutminimize the normalized cut
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Segmenting ImagesSegmenting Images…… graphgraph--theoretic methodstheoretic methods

Normalized CutsNormalized Cuts
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5( , )NCut A B = 40 40+
160 80

.75=

-- The normalization by The normalization by assoc(R,V)assoc(R,V)
should (in general) prevent the biasshould (in general) prevent the bias
toward short boundariestoward short boundaries

( , )cut A B = 8*(5) 40=

( , )assoc A V = 12*10 8*4 160+ =

( , )assoc B V = 4*10 8*5 80+ =
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Segmenting ImagesSegmenting Images…… graphgraph--theoretic methodstheoretic methods

Normalized CutsNormalized Cuts

-- Solving for the optimal Solving for the optimal NCutNCut exactly is NPexactly is NP--completecomplete

-- However, we can obtain an approximate solution. Start with an However, we can obtain an approximate solution. Start with an 
affinity matrixaffinity matrix WW s.t.s.t.W(i,j) W(i,j) contains the weight of the edge linkingcontains the weight of the edge linking
nodes nodes ii and and jj

-- Notice that if we have an image (n x m) pixels in size, Notice that if we have an image (n x m) pixels in size, WW will bewill be
an an (n*m)(n*m)22 matrix. Fortunately, it is sparsematrix. Fortunately, it is sparse

-- Also, define a diagonal matrix Also, define a diagonal matrix DD s.t. s.t. ,( , ) i j
j

D i i w=∑
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Segmenting ImagesSegmenting Images…… graphgraph--theoretic methodstheoretic methods

Normalized CutsNormalized Cuts

-- Furthermore, succeeding eigenvectors can be used to split previFurthermore, succeeding eigenvectors can be used to split previousous
partitionspartitions

-- Shi and Shi and MalikMalik show that an approximate solution is given by theshow that an approximate solution is given by the
eigenvector with the smallest eigenvector with the smallest eigenvalueeigenvalue of the systemof the system1010

( )D W y Dyλ− =
r r

-- General General NCutNCut procedure (there are several variants!)procedure (there are several variants!)

•• Compute W and DCompute W and D

•• Solve the above system for the Solve the above system for the kk eigenvectors with smallest eigenvectors with smallest eigenvalueseigenvalues

•• Threshold each eigenvector, from the 2Threshold each eigenvector, from the 2ndnd smallest on, to obtain a partition smallest on, to obtain a partition 
of the imageof the image

•• The segmentation is the intersection of the The segmentation is the intersection of the kk partitions generated in this waypartitions generated in this way
10 10 –– MeilaMeila and Shi [MS01] present a probabilistic interpretation of and Shi [MS01] present a probabilistic interpretation of NCutsNCuts in terms of random walksin terms of random walks



Image SegmentationImage Segmentation

PacoPaco Estrada, Nov. 2008Estrada, Nov. 2008

Segmenting ImagesSegmenting Images…… graphgraph--theoretic methodstheoretic methods

Normalized CutsNormalized Cuts

Input imageInput image

22ndnd eigenvectoreigenvector

33rdrd eigenvectoreigenvector

44thth eigenvectoreigenvector

Segmentation with 25 segmentsSegmentation with 25 segments1111

11 11 –– Generated using the implementation provided by at [Generated using the implementation provided by at [NCut_codeNCut_code]]
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Segmenting ImagesSegmenting Images…… graphgraph--theoretic methodstheoretic methods

SS--T MinT Min--Cut (see Cut (see BoykovBoykov & & KolmogorovKolmogorov [BK01], and [BK01], and BoykovBoykov & Jolly [BJ01])& Jolly [BJ01])

-- Reduce the problem of trivial cuts by introducing two special nReduce the problem of trivial cuts by introducing two special nodesodes
calledcalled sourcesource (S) (S) andand sinksink (T)(T)

T

S -- SS and and TT are linked to some image nodesare linked to some image nodes
by links of very large weight (so that theyby links of very large weight (so that they
will never be selected in a cut)will never be selected in a cut)

-- Find the minimum cut that separates theFind the minimum cut that separates the
source from the sinksource from the sink

-- Notice that the problem is deciding howNotice that the problem is deciding how
to connect to connect SS and and TT to the image nodesto the image nodes

Min SMin S--T CutT Cut
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Segmenting ImagesSegmenting Images…… graphgraph--theoretic methodstheoretic methods

SS--T MinT Min--CutCut

UserUser--selected pixels connected to selected pixels connected to SS (red)(red)
and pixels connected to and pixels connected to TT (cyan)(cyan)

Minimum SMinimum S--T cutT cut

-- If we have a good If we have a good ‘‘guessguess’’ (or a human observer) to tell us hot to link(or a human observer) to tell us hot to link
the source and sink to the image, we will get an optimal segmethe source and sink to the image, we will get an optimal segmentationntation
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Segmenting ImagesSegmenting Images…… graphgraph--theoretic methodstheoretic methods

SS--T MinT Min--CutCut

Source pixels (purple) andSource pixels (purple) and
sink pixels (yellow)sink pixels (yellow)

Minimum SMinimum S--T cutT cut

-- With a bad guess, things donWith a bad guess, things don’’t go so wellt go so well……

-- And, how do we get this guess to begin with?And, how do we get this guess to begin with?
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Segmenting ImagesSegmenting Images…… graphgraph--theoretic methodstheoretic methods

SESE--MinCutMinCut (see Estrada, Jepson & (see Estrada, Jepson & ChennubhotlaChennubhotla [EJC04])[EJC04])

-- Use spectral clustering to identify small groups of similar pixUse spectral clustering to identify small groups of similar pixels.els.
These groups defineThese groups define seed regionsseed regions for Sfor S--T T MinCutMinCut

Input imageInput image Seed regions found through Seed regions found through 
spectral clustering. spectral clustering. 

Combinations of these are Combinations of these are 
used as source and sink used as source and sink 
regions for Sregions for S--T T MinCutMinCut

Final segmentation Final segmentation 
combines the partitions combines the partitions 

generated with each generated with each 
separate Sseparate S--T cut.T cut.
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Segmenting ImagesSegmenting Images…… graphgraph--theoretic methodstheoretic methods

SESE--MinCutMinCut

-- Sample segmentationsSample segmentations

Input imageInput image Seed regionsSeed regions SegmentationSegmentation
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Segmentation evaluationSegmentation evaluation

-- Columns 2Columns 2--5 show 5 show 
segmentations by segmentations by 
different algorithms different algorithms 
(each column (each column 
corresponds to 1 corresponds to 1 
method). Which method). Which 
segmentations are segmentations are 
better?better?

SESE--MinCutMinCut

MeanMean--ShiftShift

Local VariationLocal Variation

NCutsNCuts
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Segmentation evaluationSegmentation evaluation

-- 200 training images, 100200 training images, 100
testing imagestesting images

-- At least 4 human groundAt least 4 human ground--truthtruth
segmentations per imagesegmentations per image

-- Interesting observation: HumanInteresting observation: Human
segmentations are consistentsegmentations are consistent
with one another.with one another.

-- Most variation concerns Most variation concerns ‘‘level oflevel of
detaildetail’’, notice that this is, notice that this is
different from overdifferent from over-- and underand under--
segmentationsegmentation
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Segmentation evaluationSegmentation evaluation

-- Precision: Percentage of Precision: Percentage of detecteddetected boundary pixels that correspond toboundary pixels that correspond to
groundground--truthtruth (human) boundary pixels(human) boundary pixels

-- Recall: Percentage of Recall: Percentage of groundground--truthtruth (human) boundary pixels that were(human) boundary pixels that were
detecteddetected in the automatic segmentationin the automatic segmentation

Original imageOriginal image OverlayedOverlayed human boundarieshuman boundaries

MeanMean--shift overshift over--segmentedsegmented MeanMean--shift undershift under--segmentedsegmented
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Segmentation evaluationSegmentation evaluation

Tuning curves for several segmentation Tuning curves for several segmentation 
methods (see Estrada [Est05])methods (see Estrada [Est05])

-- Does this agree with our visualDoes this agree with our visual
evaluation?evaluation?

-- WhatWhat’’s the deal with Cannys the deal with Canny
edges? Given these results, whyedges? Given these results, why
even bother doingeven bother doing
segmentation?segmentation?

-- What about this gap betweenWhat about this gap between
human performance andhuman performance and
automatic segmentationautomatic segmentation
results? How do we get there?results? How do we get there?
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Segmentation evaluationSegmentation evaluation

-- What about the gap in performance between human observers andWhat about the gap in performance between human observers and
automatic segmentation methods?automatic segmentation methods?

-- It could be that we just donIt could be that we just don’’t know how to exploit available lowt know how to exploit available low--levellevel
cues appropriatelycues appropriately

-- Perhaps more likely, human observers use highPerhaps more likely, human observers use high--level knowledge tolevel knowledge to
complete the segmentation task when lowcomplete the segmentation task when low--level information is ambiguouslevel information is ambiguous
or missingor missing

-- We should think about this: How much can we expect to be able tWe should think about this: How much can we expect to be able too
improve bottomimprove bottom--up segmentation methods? How good is good enough?up segmentation methods? How good is good enough?
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SegmentationSegmentation…… a few final thoughtsa few final thoughts

-- Current segmentation algorithms seem reasonably capableCurrent segmentation algorithms seem reasonably capable

-- We donWe don’’t (yet) have many direct applications of segmentation, howevert (yet) have many direct applications of segmentation, however
it is quite popular in medical imagingit is quite popular in medical imaging

-- Recent research has focused on the use of more midRecent research has focused on the use of more mid--level informationlevel information
(i.e. shape priors, segmentation of known object classes, etc.(i.e. shape priors, segmentation of known object classes, etc. see forsee for
example Kumar et al. [KTZ05])example Kumar et al. [KTZ05])

-- Ultimately, achieving human performance is likely to require aUltimately, achieving human performance is likely to require a
combination of bottomcombination of bottom--up and topup and top--down processing. We dondown processing. We don’’t knowt know
how this should work at the present timehow this should work at the present time


