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1.

Relations between objects

(Biedermaret al., 1982)

Interposition
Objects interrupt their backgroundifire hydrant in front of a building

Support

Objects tend to rest on surfacesar on a road

Probabllity

Objects tend tg be found in some scenes but not in otlgazars with
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Position

Given an object is probable in a scene, it often is found in some positions
and not othersg sky towards the top, grass towards the bottom

Familiar size
Objects have a limited set of size relations with other objegisrson
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object recognition

A Use lowlevel features across the image
I MultiscaleConditional Random Fields for Image Labeling

A Use global scene features, such as gist
I Using the Forest to See the Trees

A Focus of attention
I Contextual Priming for Object Detection

A Generate a context feature faach pixel
I ACritical View of Context
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Semantic Context
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Flowchart of approach used
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Step 1. Segmentation

A Roadblocks:

I Number of segments

I Cues used to segment (pixel locations, color,
0 SEGdzZNBZ XU
I Combination of the above cues

A Solution: Stability based segmentation
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Stabllity based clustering
Take 1

Split the dataset into 2
disjoint subsetA & B

ClusterA into k groups

Train a classifieBusing
the labels from the
clustering algorithm

ClusterB into k groups

Also classify data iB
using the classifieG
Compare the 2 results %
and determine a
stability score

Repeat for a range d&f

- A-train
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Stabllity based clustering
Take 2

Cluster the entire data int& clus

Perturb the data
Add noise
Perturb the positions of each data poin

Cluster the data again using sake

Repeat steps-B many times

Permute all the labelings except one (anchor)

Indicates label agreement

Calculate a S|gnature based o over all perturbations

Prevents bias for
different values of k
Normalization coefﬁment

Try all possible anchors & choose the one with highest
stability

No classifier!
Reduced complexity!




Stabllity based segmentation

A Cues used: Color, Texture

A 9 different cue weightings used

A Noise added 20 times

A Segmentations for k=2 through k=9



Standard Ncut segmentation




Stability based segmentation




Stability based segmentatiociresults

Images from MSRC databe



Flowchart
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Bag of Features

1. Decompose the image into a
collection of]
2. Map the features to a finite

3.

visual words
4. Feed the signatures into a
classifier for labeling

features= SIFT,visual words= kmeans signature= histogram



IntegratingBoF& stable segmentation

A Each segment (of the 54) is masked & zesdded

A Compute the signature of each segment
I Discard features which fall outside segment boundary

A Represent the image by ensemble of segment signatures

A Reasons for doing this:

I Clustering features in segments incorporates coarse spatial
Information

I Masking makes features more shampdormative
I Improves SNR

Image from MSRC databas



Labeling segments

A Calculate signatures of ground truth segments of
training image<s, U (I)

A Calculate signatures of stable segments of test
Images- u (S)

A Calculate L1 distance measure to each category:

d(Sy;c) =mind(5;; I;s) = 111}11 |0(S,) — o(Li)||
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A Construct a probability distribution over categories
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Categorizatiorg Results




Flowchart
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Incorporating semantic context

A What we have:
i Imagel with segmentdS,, S, %}
I Marginal probabilitiep(G|S))

A What we want:

I Segment label§c,, c,, ¢ focsegmentdS,, S,
é S} which arein semantic contextual
agreementwith each other



CRF framework
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A Separate marginal terms from pairise
interaction potentialdl (G,¢)

A Where do we geti (g,¢) from?
I Cooccurrence matrix from training dataset
I Google Sets



Cooccurrence matrix

MSRC training data
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Diagonal entries = frequency of
object in training set

Off-diagonal entries = label €0
occurrence counts

U (G,9 is learned from this data using
MLE, gradient descent, importance
samplingmonte carlointegration,

X

Can we use values from the-oocurrence matrix directly?



Images from MSRC databe
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(@) (b) (©) (d)
Figure 6. Examples of MSRC (first 3) and PASCAL (last 3) test images, where contextual constraints have improved the categorization
iccuracy. Results are shown in two different ways, one for cach dataset. In MSRC. full segmentations of highest average categorization

iccuracy are shown: in PASCAL individual segments of highest categonization accuracy are shown. (a) Original Segmented Image. (b)
Zategorization without contextual constraints. (¢) Categorization with co-occurence contextual constraints derived from the training data.

d) Ground Truth.



Google sets

A Automatically create sets
of possibly relatestems
from a few examples

A Based on search statistics,
trends, web page content,
dictionary / thesaurus,
wikipedi&x X

Can Google Sets provide a true semantic
context based grouping criterion?



