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Motivation

 Image search

 Building large sets of classified images

 Robotics



Background

 Object recognition is unsolved

 Deformable shaped matching

 Classification based on purely textual 
information

 SVMs, PCA







Image and Textual Feature Based 
Matching

• Goal: Large dataset of labelled images of 
animals found online

• Animals are difficult to classify



Dataset

 Web pages from Google text search on 10 
different animals used as the data set

 Also gathered data based on searches related 
to monkeys



Training

 Use LDA to discover highly likely words for 
each topic

 Rank images based on their word likelihoods 
to get a set of 30 exemplars for each topic

 Supervision



Latent Dirichlet Allocation

• Nearby words are likely to be relevant to the 
image

• Probabilistic generative model to find 10 latent 
topics for each category

• Discover 50 highly likely words for each topic



LDA cont.

• Assign each image to to it’s most likely topic

• Select the top 30 images for each topic as 
exemplars



Supervision

• Each topic is labelled as relevant or background

• Topics merged to form a single relevant group 
and background group

• Optional: Allow the user to swap incorrectly 
labelled exemplars



Testing

 Independent voting based on textual 
information and 3 image types: shape, color, 
texture

 Image feature similarity is computed by 
nearest neighbour comparing to features from 
positive and negative exemplar groups

 Compute the sum of the similarities of the 
image features matching the positive group



Textual

• Sum the likelihood the image belongs to the 

relevant topics of a category

• Normalize based on the maximal score over 

all images 



Shape - Geometric Blur

• Local appearance descriptor

• Apply spatially varying blur

• Robust to small affine distortions



Shape

 Compare geometric blur features

 Ensure there is a high similarity

 Gating of geometric blur features: ensure the 
local color matches



Color

 Subdivide the image into 9 regions

 Compute a normalized color histogram with 8 
bins per color channel

 Compute color histograms around geometric 
blur features with a radius of 30 pixels



Texture

• Compute histograms of the output many 
different filters



Voting

• Linear combination of the 4 voting features

• All votes have equal weight



Supervision

• Supervision helps accuracy for smaller 
categories

• Excluding exemplars selected by LDA can result 
in worse accuracy



Results

 Always more accurate than google image 
search

 False positives are often reasonable

 Image features greatly improves accuracy over 
purely textual classification

 Multiple features help recognize a wide range 
of images





Voting Accuracy



Accuracy



Limitations

• Requires light supervision

• Based on textual information, only can be 
applied to certain situations when there is 
associated text



Names and Faces

• Goal: Given an input image and an associated 

caption, detect the face(s) in the image and 

label it with the correct name(s) detected in 

the caption 

• Motivation: Build a rich, reasonably accurate 

collection of labeled faces



Names and Faces



Names and Faces

• Names: Extract names found in the captions; 

Identify two or more capitalized words 

followed by a present tense verb

• Faces: “Face Detector”; Rectification

– Use SVM to detect 5 feature points on the face

– Do affine transformation



Face Representation

• All faces are resized to 86*86 pixels

• RGB values from each face are concatenated into 

a long vector

• Vectors in a space where same faces are close 

and different faces are far apart



Background

• Kernel PCA (Principal Component Analysis)

– Discard components that are similar for all faces 

to reduce dimensions

– In the coordinate system set up by the basic 

principal  components, the images have the 

widest distribution

• LDA (Linear Discrimination Analysis)

– Provide a linear space that best separates 

different faces for discrimination



Kernel PCA in Names and Faces

• Compute a kernel matrix, K

• Kij = value of kernel function (Gaussian kernel 

here) comparing image i and image j

• Due to the huge image set, NxN Kernel Matrix 

will have about 2*10^9 elements

• Nystrom Approximation is used to calculate 

the eigenvectors of K. C is estimated by Ĉ



LDA in Names and Faces

• After applying kernel PCA, the dimensions of 

the data points (here are the faces) are 

sharply reduced

• The size of covariance matrix for the reduced 

input vectors is not huge

• Project all images into a linear space where 

different faces are separated best



Modified k-Means

• Step 1. Randomly assign each face to a name

• Step 2. for the faces in each name, calculate 

the means of the image vectors

• Step 3. Reassign each image to the name 

whose vector means is closest to it.

• Repeat step 2 and 3 to convergence



Prune and Merge

• Remove clusters with fewer than three

• Remove points with low likelihood to get low 

error rates

– Likelihood=P(face is from assigned cluster)/P(face 

is not from assigned cluster)

• Merge clusters with small distances between 

their means



Example



Evaluation

• Fairly good assignment of names to faces 

using simple models for images, names



Limitations

• Random assignment of faces in k-means

• Use of RGB pixel values to discriminate 

between faces of different people



Bag-of-features for scene 

categorization

• Bag-of-features method represents an image 

as an orderless collection of local features

• Disregards all information about the spatial 

layout of the features 

• Incapable of capturing shape or of segmenting 

an object from its background



Spatial Pyramid Matching (review)

• Compute rough geometric correspondence on a 

global scale

• Repeatedly subdivide the image and compute 

histograms of local features at increasingly fine 

resolutions.

• It is a “Locally orderless matching” method which 

achieves good performance in estimating overall 

perceptual similarity between images



Spatial Pyramid Matching (review)

Example



Pyramid Matching Mechanism 

(review)
• Place a sequence of increasingly coarser grids 

over the feature space

• Takes a weighted sum of the number of matches 
that occur at each level of resolution

• Two points are said to match if they fall into the 
same cell of the grid

• matches found at finer resolutions are weighted 
more highly than matches found at coarser 
resolutions



Equation for Kernel



Spatial Pyramid Matching in Labeling 

Images (Preparation stage)

• Change images to gray scale

• Feature Extraction

– Feature as a dense regular grid instead of interest 

points

– SIFT descriptors of 16×16 pixel patches

• Set up vocabulary (classify features)

– k-Means is to merge similar features 

– k=200, k=400



Spatial Pyramid Matching in Labeling 

Images (Matching)

• Each type of feature as a channel

• For each channel, apply Pyramid Matching to 

get kernel values of each pair of images

• Sum of the kernel values between image X 

and Y in all channels to get the final kernel 

between X and Y



Spatial Pyramid Matching in Labeling 

Images (Discriminating)

• SVM. One-versus-all rule: a classifier is learned 

to separate each class from the rest, and a 

test image is assigned the label of the 

classifier with the  highest response.



Spatial Pyramid Matching in Labeling Images



Spatial Pyramid Matching in Labeling Images

Classification Result

The authors’ dataset

Caltech 101 dataset



Spatial Pyramid Matching in Labeling Images

Classification Result (continued)

The Graz dataset



Discussion

• Simple

– Using global cues as indirect evidence about the 

presence of an object

– Explicit object models are not necessary

• Accurate

– Achieve improvement over “bag-of-features” 

image presentation



Applications

• Stand-alone Scene categorizer

• “Context” modular integrated in larger object 

recognization system


