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Outline

 Content-based image retrieval (CBIR)

 User interactive CBIR (UI-CBIR)

 Content-based search in sport videos

 Image retrieval with context information
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What is CBIR?

 The objective: to find all the images in digital 
image/video libraries similar to a query, based solely on 
the content information

 Typical applications: medicine & telemedicine, distance 
education, hospitality, entertainment, digital museum, 
preservation of cultural heritage, immersive 
communications, security/surveillance… 

 The potential killer application: a) computer-aided 
referral systems for medical decision support; and b) 
preservation of cultural heritage, e.g. the BlackStar
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 Breast cancer is 
among the top killers 
of women in the 
developed world.

 Early detection of 
malignancy can 
greatly reduce the 
risk of death.

Mammogram
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Cultural Heritage

 The Balckstar collection (about 300,000 b/w photos).

 The Vatican collection.

Rommel’s Remains I have a dream
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Problems with CBIR

In essence, retrieval is a pattern recognition problem 
with special characteristics.

 Huge volume of (visual) data.
 High dimensionality in feature space.
 Query design: Gap between the high level 

semantics and low level features.
 Linear/quadratic matching criteria: A mismatch 

to the popular human perception model. 
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A CBIR System (1)

Search
Unit

Image
Database

Retrieved imagesQuery

The schematic diagram
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A CBIR System (2)
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 In indexing:
 Extract features from the image database

 Annotate the image database with the features

 In retrieval:
 Extract features from the query image
 Compare the query features with the image database 

features to find the best match

 Popular matching functions
 Euclidian distance (norm 2)

 City block distance (norm 1)

2|||| hqD 
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Do you see a 
box?

No. You “see” 
four corners

You “think” 
the box

14Computer-Computer Interactions

Semantic Gaps

Human-Computer Interactions

Research Challenges Ahead
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Example: Compressed Domain

 Visual database in the compressed domain: 
 DCT: Many of the current image/video coding standards; 

JPEG, MPEG-x, and H.26x .

 Wavelets: Related to state-of-the-art image coding standard 
JPEG2000.

 Significant gap between human visual perception 
and information presentation in the compressed 
domain.
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The Potential Solution:

Integrating human or artificial 
intelligence into the retrieval cycle. 
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Relevance Feedback in CBIR

 An attractive solution to numerous applications

 Main feature: an active role played by users to 
improve retrieval accuracy

 What have been studied?
 Query design considerations 

 Popular linear/quadratic criteria in similarity ranking

 Investigations of nonlinear criteria in similarity ranking
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Retrieval through User Interaction

Early populor systems:

1. QBIC: interactive region segmentation (IBM).

2. FourEyes: including human in the image annotation and retrieval
loop, (MIT Media Lab).

3. WebSEEk: dynamic feature vector recomputation based on the
user’s feedback (Colombia University).

4. PicHunter: a Bayesian framework for content based image
retrieval (NEC Research Institute).

5. PicToSeek: (UVA).

6. MARS: a relevance feedback architecture in image retrieval
(UIUC).
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Problems with CBIR (revisit)

In essence, retrieval is a pattern recognition problem 
with special characteristics.

 Huge volume of (visual) data.
 High dimensionality in feature space.
 Query design: Gap between the high level 

semantics and low level features.
 Linear/quadratic matching criteria: A mismatch to 

the popular human perception model. 

20

Relevance Feedback in CBIR

 Modeling: mapping a high level concept to low level 
features

 Matching: 

 capturing user’s perceptual subjectivity to modify the query 
using non-linear measurement

 overcoming the difficulties faced by the traditional 
linear/quadratic matching criteria

The key features:
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The goal: measure feature relevance to improve performance of 
image matching in retrieval
A supervised learning procedure based on regression

For a given query z and a set of the retrieved items, 
, 

manually categorize xn into two classes: 
 a relevant class (visually similar to z): xm, m = 1, 2, …, M, and
 an irrelevant class (not similar to z): xq, q = 1, 2, …, Q

Structure a new query based on the information in xm and xq
Use the new query in the next round of retrieval

The Relevance Feedback Framework

p
n Nn  xx ,,...,2,1,
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Query Modification Model 1

The new query:

nonrelevant image

relevant image

original query

modified query
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Query Modification Models 2&3
(Anti Re-enforcement Learning)
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Nonlinear Search Unit

 Non-linear (Gaussian) Search Unit (NSU)

 Small i : a relevant feature (sensitive to change)

 Large i : a nonrelevant feature (insensitive to change)
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- image feature vector:

- adjustable query vector:

- the tuning parameters (NSU widths):
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Nonlinear Search Unit (2)

 Nonlinear search methods

- Support Vector Machine

- Fuzzy functions

- …

- Kernel functions, e.g., Gaussian
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Linear Search Unit (LSU)
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To benchmark the performance of the NSU
To initiate the search

The parameters: exactly the same as in the NSU
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Perceptual similarity
Measure

RAM
(feature database)

image database

query image

Feature Extraction&
Similarity Measure

Weight-parameter
updating User Interaction

Initial Searching

Interactive searching

User

(tentative)
Query

Output: k-retrieved images

when iteration n>0when iteration n=0

storing of
feature vectors

Architecture for User Interactive CBIR
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Experiment:
Retrieval Using MHI Wavelet Features
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Basic Encoding Scheme

Wavelet

Decomposition

Vector

Quantization

Entropy 

code

Image

Compressed
data

MHI Extraction
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The Wavelet Transform

 Extract frequency content from signals and study each 
component with a resolution matched to its scale

 Wavelet theory is non-trivial, but the transform can be 
implemented using convolution and digital filters

 The wavelet transform decomposes an image into 4 sub-
images - a low pass image and 3 directional images
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Wavelet Transform (cont.)

 The low pass sub-image is a smoothed out version of the 
original image

 The high pass sub-images contain vertical, horizontal and 
diagonal details

One stage wavelet 

transform

Image

D1L

D3D2
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The Original image One level DWT
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VQ Codewords as “content descriptors”

Image Blocks

Codebook

i=1

i=2

i=n-2

i=n

i=n-1

i=n-3

i

Code labels

The usage of codewords reflects the content of 
the input image encoded.
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CB1
HL2

CB2
HL1

CB3
VL2

CB4
VL1

Multiresolution CodebookMallat’s two-level
decomposition

0.5 bpp

2 bpp

8 bpp
2 bpp

0.5 bpp

0 bpp0.5 bpp

H5 H4 H3 H2 H1

CB5
DL2

Label 
Histogram

Two-level WT/VQ coding (1 bpp)
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MHI Feature Properties

 The usage of codeword reflects the content of the input 
sub-image encoded

 Provide image indices in the compressed domain –> 
WT/VQ coded image 

i.e., avoid costly operation of decompression

 Preserve multiresolution representation of an image.
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Test Database: Bordatz database

A texture image database provided by Mahjunath at 
University of California Santa Barbara

 1,856 patterns in 116 different classes

 16 similar patterns in each class

Maintained as a single unclassified image database

B. S. Manjunath and W. Y. Ma, “Texture features for browsing and retrieval of image data,”
IEEE Trans. Pattern Anal. Machine Intell., vol.18, no. 8, pp. 837–842, 1996.
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Queries (the Bordatz Database)

[116 different image classes]
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Performance Comparison

Methods Compared

 LSU2: linear search unit & query model 2

 NSU2: non-linear search unit & query model 2

 Interactive CBIR in MARS: Multimedia Analysis and      
Retrieval System (developed at UIUC)
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Retrieval Results (the Bordatz Database)

Retrieval Rate (%)

Methods t=0 t=1 t=2 t=3

Avg. LSU2 73.7 83.0 85.1 85.9

NSU2 73.7 84.9 88.2 89.2

MARS 67.0 75.1 76.4 76.7

Table 1. Average retrieval rate (%)

Note: The retrieval rate is defined as the average percentage of images 
belonging to the same class as the query in the top 16 matched.
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iARM: Interactive-based 
Analysis and Retrieval of 

Multimedia



41

 iARM implements interactive retrieval for large image 
database, running on a J2EE Web Server.

 Interaction architecture.
 Based on a non-linear relevance feedback, a RBF (kernal) 

network.
 Positive and negative feedbacks.
 Properties: local and non-linear learning, fast and robust on a 

small input data.

Strategies
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Query Modification Models 2&3
(Anti Re-enforcement Learning)
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Performance

 Using Corel Image Collection, containing 40,000 real-life images, 
www.corel.com.

 A total of 400 queries were generated, and relevance judgments 
were based on the “ground true” from Corel.

 Multiple descriptors:
<shape, color, texture>
<Fourier descriptors, HSV color histogram& color moments, Gabor Wavelet transform>
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Results

Non-interactive CBIR iARM

r(1) r(2)          r(3) r(8)

53% 80.08%   85.99%  87.58%   89.00%

Table 1: Average Precision Rate (%) obtained by retrieving 400 queries, 
measured from the top 16 retrievals. 
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Test 1: Fast and Robust 
with small # relevance feedbacks
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Example: Looking for “model”.
0. Start with choosing image at the bottom right corner as the query.



47

1. Result after the initial search, then five relevant images are 
the feedbacks.
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2. Result after one relevance feedback: all the top sixteen are 
relevant.
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Test 2: Non-linearity
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1. Initial Result: for a kung-fu performance; here shape plays very 
important role, but only seven images are relevant.
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2. After one feedbacks: non-relevant images that have similar shape 
were removed, and all returns are the kung-fu.
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Case 1 (Left) : only the full-body actions were selected
Case 2 (Right) : only the half-body actions were selected

After two feedbacks:
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Test 3: Multi-model capturing

54

Multi-modeling can capture very precisely on the local context 
defined by the current query session

Initial results Final results
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Summary

 Incorporating human perception in retrieval:
 significant improvement over the simple CBIR
 satisfactory user queries support

 But can we do better with, say, context 
information?


