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Introduction

Why need of Information Fusion?

— basis of multimedia analysis,
classification, indexing and retrieval

— Web 2.0: rise of multimedia content

Why need of Review?
— no general formal theory

— vast number of disparate research fields
utilizing Information Fusion in their context
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Introduction (2)

open questions in MM processing:

 limited understanding of relations between basic features
and abstract content description (semantic gap)

o still unclear: influence factors and prediction of
performance improvement boundaries

* how to design of optimal fusion system for multimedia
applications

for now multimedia approaches do not perform
convincingly better than plain text-based approaches!
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Review of Information ¥
Fusion Approaches & i77¢r

‘Information process that associates, correlates and
combines data and information from single or multiple
sources to achieve refined estimates of parameters,

characteristics, event and behavior’
JDL working group

‘By combining low level features it is possible to achieve
a more abstract or more precise representation of the

world’
Kokar et al. 2004

based on modality/feature relationships: correlation, co-occurence
dependence, mutual information
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Data concatenation,
score-based fusion

data level fusion
—  computational complex due to high dimensionality
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classifier/score level fusion
—  rule-based ensemble methods (voting, averaging, bagging, boosting)
— learning approaches (SVM, k-NN, ...)

—  retrieval: rank aggregation — meta search
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ImagEVAL, Amsterdam 12, July | @oout relationships

2007



Statistic-based
approaches

utilizes co-occurrence or correlation matrix

projection of inputs into semantic space, joint appearances
of features

Latent Semantic Analysis, Canonical Correlation Analysis

clusters concept space with SVD, ICA or PCA:
text fv
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retrieval: translate query into semantic space

direct exploitation of modality co-occurrences or

correlation  'MagEVAL, Amsterdam 12. July
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Probabillistic-based
approaches

Generative modeling of modalities relations and their
relation to the output p(x;,k)

Discriminative modeling of conditional probability
p(k|x), based on decision theory

mixture models, Bayesian networks, factor graphs
extension: causal influence networks
simple fusion: associative probability maps

modeling of uncertainty, infer over missing data,
estimating accuracy of sources

direct exploitation of relationships by modeling inter-
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Information theoretic
optimization

minimize uncertainty of fusion result: conditional

Shannon entropy H(k|x)
maximize mutual information between input and result
I(Xi1k)

— optimal feature subset containing the most information about the
targeted problem

exploits mutual information between the inputs and
results

exploit mutual information between modalities?
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Review of Information »
Fusion Approaches & 7€

fusion strategy

— Koval et al: exploiting dependencies improves performance
of MM processing systems

— exploiting diversity or redundancy of data? ... Both?
— D¢+ R, = const. - optimization only in favor of one or other

Problem in Multimedia Retrieval and Classification:

high noise, sparse features and little accuracy of sources in real world
MM data e.g. web content

What is relevant? And how to extract it?

 rank aggregation example (Vogt, Cotrell 99):
—  Skimming effect: diverse, relevant items
—  Chorus effect: similar, relevant items

—  Dark Horse effect: unusually accurate result of one source
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Experiments
Data Analysis

Washington collection:
— 675 images, keywords (1-5)
— 624 features. 16 classes, sparse
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absolute correlation inter-modal correlation

coefficients
o C color- color- | texture-
» 17% significantly correlated feature texture | text text
sets av 0.026 | 0.002 | 0.0008
 how much of data dependence in class | 0.275 | 0.516 | 0.268
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Corel subset:

— 1159 images, keywords (1-10)
— 2035 features, 49 classes
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coefficients

* 3% significantly correlated

feature sets

Experiments
Data Analysis
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inter-modal correlation

C color- color- texture-
texture text text

av 0.003 6.08-05 0.001

class 0.111 0.179 0.163
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« Washington collection: 7 pos, 7 neg examples

Experiments

simple Fusion

* one-against-all classification with SVM

in % color | texture text hier SVM | concat SVM | averag | weigh sum | maj vote
class 39.8 41.1 33.2 9.9 44.9 37.9 36.5 35.2
error

false 9.4 325 1.5 23.9 14.6 4.6 3.4 5.6
alarm

miss 41.4 41.5 34.9 9.1 46.1 39.6 38.3 36.7

o Corel subset: 5 pos, 7 neg examples

in % color | texture text hier SVM | concat SVM | averag | weigh sum | maj vote
class 46.5 47.3 44.5 10.3 56.4 46.5 46.1 45.0
error

false 34.0 35.3 19.0 58.9 26.6 20.9 18.5 24.5
alarm

miss 46.7 47.4 44.9 9.4 56.8 46.9 46.5 45.3

2007




selection of significantly correlated and de-correlated features
Washington collection: ~ 50% of features

Experiments

simple Fusion(2)

in % color texture text full dependent de-corr
classification error 41.8 45.9 32.8 10.4 15.9 16.5
false alarm 10.3 30.4 4.8 24.3 27.1 30.1
miss 43.5 46.8 34.3 9.5 15.3 15.3
o Corel subset: ~12% of features
in % color texture text full dependent de-corr
classification error 45.8 45.9 45.9 9.0 19.7 19.1
false alarm 32.9 40.6 22.2 60.9 59.3 60.1
miss 46.0 46.1 46.4 8.2 19.1 18.5

drop in performance, but with stark reduction in dimensionality
no big difference between correlated and uncorrelated features




Conclusions and
Future Work

approaches so far not sufficient
— adopt to weak, noisy and sparse sources

role of dependence/independence between features,
modalities and classifiers — performance boundaries

more extensive experiments for information fusion
— analyze more realistic data as in Wikipedia collection

— different features e.g. include local GIFT features, MPEG-7,
region-based image descriptors ...

— artificial data

develop more complex fusion strategy with several
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Questions?
Or suggestions?
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