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Segmentation as Clustering

o Agglomerative clustering
Start with each point in a separate cluster

At each iteration, merge two of the “closest”
clusters

o Divisive clustering

Start with all points grouped into a single cluster
At each iteration, split the “largest” cluster




Segmentation as Clustering

X o Select a set of image
¥i \ features; position {x, y},

g* color {R, G, B}, a set of filter
v; = B: responses
f1(x0¥0) {f1(,y) - fi(x, %)}
f k(-l:i.}’i))

o For each pixel p; form a
feature vector v;



Features In Feature Space

o The vector represents a pointin an
dimensional feature space.

o The feature vectors for similar pixels
should occupy nearby locations in this
feature space

o Thus, homogeneous image regions
become dense clouds of feature
vectors In feature space.
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o The feature space has 3 dimensions (RGB).
o Principal image regions generate dense clusters in feature

space.




Spatial + RGB Space
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o The feature space has 5 dimensions (XY-RGB).




K-Means Clustering

o Compute the feature space vectors
o Randomly select K cluster centers in feature space
o lterate until convergence

Assign feature vectors to the closest cluster center

Re-compute the cluster centers as a (weighted)
mean of the feature vectors assigned to each
cluster

o Label pixels according to the cluster their feature
vectors belong to

37



K-Means Clustering Sample

Select random cluster centers
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K-Means Clustering
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K-Means Clustering




Sample lterations

'ﬁl

8 iterations of the K means procedure, K=5




Parameter Selection

Effect of random initialization, K=5




Pros

o Simple and fast

o Converges to a local
minimum of the error
function

K-Means pros and cons

Cons

o Need to pick K
o Sensitive to initialization
o Sensitive to outliers

o Only finds “spherical”
clusters
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