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Relations between objects
(Biedermanet al., 1982)

1. Interposition
Objects interrupt their background ςfire hydrant in front of a building

2. Support
Objects tend to rest on surfaces ςcar on a road

3. Probability
Objects tend to be found in some scenes but not in others ςcars with 

ōǳƛƭŘƛƴƎǎΣ ǘǊŜŜǎ ǿƛǘƘ ƎǊŀǎǎΣΧ

4. Position
Given an object is probable in a scene, it often is found in some positions 

and not others ςsky towards the top, grass towards the bottom

5. Familiar size
Objects have a limited set of size relations with other objects ςperson 

larger than dog



!ǇǇǊƻŀŎƘŜǎ ǳǎƛƴƎ άǇǊƻōŀōƛƭƛǘȅέ ŦƻǊ 
object recognition

Å Use low-level features across the image
ï MultiscaleConditional Random Fields for Image Labeling

Å Use global scene features, such as gist
ï Using the Forest to See the Trees

Å Focus of attention
ï Contextual Priming for Object Detection

Å Generate a context feature for each pixel
ï A Critical View of Context



Semantic Context



Flowchart of approach used



Step 1: Segmentation

ÅRoadblocks:

ïNumber of segments

ïCues used to segment (pixel locations, color, 
ǘŜȄǘǳǊŜΣΧύ

ïCombination of the above cues

ÅSolution: Stability based segmentation



Stability based clustering 
Take 1

1. Split the dataset into 2 
disjoint subsets A & B

2. Cluster A into k groups
3. Train a classifier Ǵusing 

the labels from the 
clustering algorithm

4. Cluster B into k groups
5. Also classify data in B

using the classifier Ǵ
6. Compare the 2 results 

and determine a 
stability score

7. Repeat for a range of k
A - train B - test



Stability based clustering
Take 2

1. Cluster the entire data into k clusters

2. Perturb the data
ïAdd noise

ïPerturb the positions of each data point

3. Cluster the data again using same k

4. Repeat steps 1-3 many times

5. Permute all the labelings except one (anchor)

6. Calculate a signature based on:

7. Try all possible anchors & choose the one with highest 
stability

No classifier!
Reduced complexity!

Indicates label agreement 
over all perturbations

Prevents bias for 
different values of k

Normalization coefficient



Stability based segmentation

ÅCues used: Color, Texture

Å9 different cue weightings used

ÅNoise added 20 times

ÅSegmentations for k=2 through k=9



Standard N-cut segmentation

Image from MSRC database



Stability based segmentation

Image from MSRC database



Stability based segmentation - results

Images from MSRC database



Flowchart



Bag of Features

1. Decompose the image into a 
collection of features

2. Map the features to a finite 
vocabulary of visual words

3. Compute a signatureof these 
visual words

4. Feed the signatures into a 
classifier for labeling

features= SIFT,   visual words= k-means, signature= histogram



Integrating BoF& stable segmentation

ÅEach segment (of the 54) is masked & zero-padded
ÅCompute the signature of each segment
ïDiscard features which fall outside segment boundary

ÅRepresent the image by ensemble of segment signatures

ÅReasons for doing this:
ïClustering features in segments incorporates coarse spatial 

information
ïMasking makes features more shape-informative
ïImproves SNR

Image from MSRC database



Labeling segments

ÅCalculate signatures of ground truth segments of 
training images ςǔ(I)

ÅCalculate signatures of stable segments of test 
images -ǔ(S)

ÅCalculate L1 distance measure to each category:

ÅConstruct a probability distribution over categories



Categorization ςResults
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Flowchart



Incorporating semantic context

ÅWhat we have:

ïImage I with segments {S1, S2, é Sk}

ïMarginal probabilities p(ci|S j)

ÅWhat we want:

ïSegment labels {c1, c2, é ck} for segments {S1, S2, 

é Sk} which are in semantic contextual 
agreementwith each other



CRF framework

ÅSeparate marginal terms from pair-wise 
interaction potentials ǔ(ci,cj)

ÅWhere do we get ǔ(ci,cj) from?

ïCo-occurrence matrix from training dataset

ïGoogle Sets



Co-occurrence matrix

Diagonal entries = frequency of 
object in training set

Off-diagonal entries = label co-
occurrence counts

ǔ(ci,cj) is learned from this data using 
MLE, gradient descent, importance 
sampling, monte carlointegration, 
Χ

Can we use values from the co-occurrence matrix directly?
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Google sets

ÅAutomatically create sets 
of possibly relateditems 
from a few examples

ÅBased on search statistics, 
trends, web page content, 
dictionary / thesaurus, 
wikipediaΣ Χ

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


