Report on

Search System Evaluation
SALERO Deliverable D5.7.1







Version of

2010-02-22 D5.7.1 Search System Evaluation SALERO

Report on
Search System
Evaluation

SALERO identifier: SALERO-D5.7.1-UG-Report on Search System
Evaluation-v02.doc

Deliverable number: D5.7.1

Author(s) and company: R. Villa, P. Swamy, V. Strathopoulos, Y. Feng,
H. Misra, F. Hopfgartner, K. Athanasakos, I. Arapakis,
M. Halvey, D. Hannah, A. Goyal, R. Ren, J. Jose (UG)

Work package / task: WPO05

Document status: Final

Confidentiality: Restricted

DOCUMENT HISTORY

Version Date Reason of change
1 2010-02-12 | Version for internal review
2 2010-02-22 | Final Version

© SALERO consortium: all rights reserved page iii



Version of

2010-02-22 D5.7.1 Search System Evaluation SALERO

The work presented in this document was partially supported by the European Community under the
Information Society Technologies (IST) priority of the 6th framework programme for R&D.

This document does not represent the opinion of the European Community, and the European
Community is not responsible for any use that might be made of its content.

This document contains material, which is the copyright of certain SALERO consortium parties, and
may not be reproduced or copied without permission. All SALERO consortium parties have agreed
to full publication of this document. The commercial use of any information contained in this
document may require a license from the proprietor of that information.

Neither the SALERO consortium as a whole, nor a certain party of the SALERO consortium warrant
that the information contained in this document is capable of use, nor that use of the information is
free from risk, and does not accept any liability for loss or damage suffered by any person using this
information.

© SALERO consortium: all rights reserved page iv



Version of 00 SALERO
2010-02-22 D5.7.1 Search System Evaluation 00
Table of Contents
1 EXECULIVE SUMIMAIY ..oiiiiiiiiiiee e e s ittt ee e e e e e ssatate e e e eaeessasteaeeeeaaesssanntsaaeeeaaesssasstasaeeeeeeessannsnsenneeaeessnnns 1
P22 [ o 14 o Yo 11 o 40 Yo FO PSSP PP 2
2.1  PUrp0se Of thiS DOCUMENT ......uuiiiiieiis ittt e e e e s s e e e e s s s e e e e e e s e st e e e e e e e s s annbaeeeeaeeesannnnneees 2
2.2 Status Of thiS DOCUMIEBNT.......ccciiiiiiii ittt e et e et e e s st e e e sbbeeeesnbbeeesanbaeeessnbbeeeenns 2
2.3 ReElAted DOCUMENLS ....oiiiiiiiiiiiieii ettt e et e et e e e s et e e e e e e s s s aebeeeeaeeeeseannnbbeeeeaaeesannnnneees 2
3 Automatic Evaluation of SearcCh SYStEMS ......cccciiiiiiii e 3
3.1 The Cranfield/ TREC Evaluation Methodology.........cccuuiiiiieiiiiiiiiiiiee e e et ee e e 3
3.2 TRECVIA TeSt COIBCHIONS ....ceiieiiiee ettt e e e e e e e e e s st e e e e e e s s snnntnraeeeeaeeeaanns 4
3.3 TRECVIA 20086 ... ..ttt ettt e e e e e s bbb e e e e e e e e e s nbebeeeeeaeeesannbnbeeeaeaeeaanne 5
34 TRECVIA 2007 ...ttt ettt ettt e e e e e e bbb e et e e e e e s bbbe et eeae s e s nnbnbeeeeeaeeeannn 6
3.5 TRECVIA 2008..... . eeiieiiiie ettt ettt e e e e e s ettt et e eeessa s beteeeeeeeessastesaeaeaeeseaanteseeeaeaesnannns 7
3.6 TRECVIA 2009 ... ittt ettt e e e ettt e e e e e e ba b e e et e e e e e s abbbeeeeeeeseaannbnbeeeeaaesaanns 9
BT SUIMIMABIY oottt ettt e e ettt e e o4 e s b e e e et e e o4 e e b b e et e e e e e s e b e et et e e e s e sannrnreneeeeenenana 10
4 Automatic IMage ANNOTALION .......uuieiiieiiieiiieiereieie e e e rerersrerersrersrnrnrnrnrnrnnnnns 12
o R [ o1 10T [0 Tox (o] I PP PSP PP TP PPPPPPPI 12
4.2 An Example Approach to Image ANNOtatioN..........ccoooeieieie i 12
4.3 A Framework for Evaluating Automatic Image Annotation Algorithms............cccoceeeiiiieeennn 14
e 0 R S Y-V o] g To T o (0Tt =T ] PP PUPPOUPRRN 14
e A 0041 (=101 B LYol 0] (o] £ TP PUPROPPRRN 15
O = 1 £ SR 15
SO0 [od [ U 1= (o] o [PPSO PP TR PPRPPPPI 17
5 Performance on the Alan Online Image ColleCtION ........cciiiiiiiiii i 18
5.1 The RetrieVal ProDIEM .....ccoo ettt e e e e e e s ree e e e e e e e anns 18
LT B =T (W11 €= 0 0= ] £ 19
LT T 111 (= Y o o] o = Uod o P 19
5.4 SeCON APPIOACKH ...coiiiiiii e e 20
R T Y- | (U F 1 1 o] o OO P P POPPUTPPRPPPN: 22
L T = 0T PP 25
LT S 1011 0] =V Y SUPPPPPPRT 26
6 Image Search via an INtErMEIArY ..o s 27
6.1 Introduction: The ProbIBIM ... 27
6.1.1 Searching via an Intermediary COIBCHION. ...........ooiiiiiiiiiie ettt e 28
6.2 Searching via an Intermediary using the AspectBrowser Interface...........cccccvveiiinienennnen. 29
6.3 Offline Evaluations of the TECNIQUE ..........cooii i 31
6.3.1 COLLECTIONS @NA SYSTEMS ......oiuiuiiiiieeiicesietcee s tes st 31
6.3.2  Automatic Retrieval via an INtEIMEAIANY ........coiiuiiiiiiieiiii et e e e et e e e e e sab e e e e e e e snnnees 32
6.3.3  MANUAL INEEIMEAIATIY ......eeeeeeeeiit ettt e oottt e e e e e bttt e e e e e aaba b et e e e e e e sabe bt e e e e e e anbbbe e e e e e e snsnbeseaeeeaannnnnees 34
6.4 User Interface Evaluation using a Specialised INterface ..........cccccooviiiiiiiiiiiiiiie e 35
6.4.1  The SEAICH INLEITACES ..ottt e ettt e e e oo ettt e e e e e e h bbb b et e e e e e asbbbe e e e e e e abnbeeeeeeeaannnnnnes 36
(S e (o o]=To U] (= T TP PR U PPPPPPPPRUTPINY 37
(S e T = (=T U | £ P PP PPPPTPPPIRY 37
[ B =Tl 013 (o FO P TP PSPPSR OUPPPPPI 40
S T o] o o (1 [0 o PSPPI 40

© SALERO consortium: all rights reserved page v



Version of 'Y ]
. . SALERO

2010-02-22 D5.7.1 Search System Evaluation
7 Vigor: Evaluation of a Grouping INTerface........c.oiiiii i 41
A% Y o) (177 1o ] o [P TURPRTRPRPN 41
7.2  The Vigor SEarch INtEITACE ........cooiiiiiiiiiii et 41
AR T V=] S (8 o = PP TURPRTRPRPN 42
7.4  Exploratory Task EVAIUALION ...........cuiiiiiiiiiiiiee ettt 43
7.4.1 Exploratory Task EVAlUation RESUIES ............eiiiiiiiiiiiieiiiie ettt e et e e 44
7.5 TRECVID Evaluation..........cooooiiiiii 45
7.5.1 TRECVID EVAIUAION RESUILS ....ccutiiiiiiiieiiiieeit ettt ettt et e ettt e e e b e e e aabe e e e be e e e i e e e snbeeesnnees 46
T.5.2  USEI FEEADACK ...ttt et e bt e ekt e e e bt e ea b et e e bt e et e e e 47
A o o 11 ] To ] o PRSP 49
S @0 ] o o] [0 =] 10 Yo K= PRSP 51
S I ] =T € =T T o =L PP PO PP PP P TR UPRPPPPPPTN 53
O ] 10T T= = 1 S 59

© SALERO consortium: all rights reserved page vi



Version of

2010-02-22 D5.7.1 Search System Evaluation SALERO

1 Executive Summary

This document describes the evaluation efforts which have occurred over the course of the SALERO
project, in relation to the content-based search system which have been developed over the period of
the project.

The report starts by presenting a range of the retrieval techniques and associated automatic evaluation
results, undertaken as part of the TRECVid effort. These efforts have been to improve the performance
of the underlying retrieval system, on which the other interfaces and systems presented in later sections
are based. Such automatic evaluation of retrieval performance has become a vital part of Information
Retrieval research, and has also provided the bedrock on which other parts of WP5 have been built.

Following on from this, we present work concerning automatic image annotation, first briefly describing
the evaluation of an approach developed as part of SALERO, before describing a framework for
evaluating annotation systems. Automatic image annotation attempts to attach high-level, semantic
concepts to individual images based on low-level image features. If such annotations are provided,
searching can then be carried out on the annotations, which have some semantic significance, rather
than the visual properties of the images. Given the difficulty of this problem, it is still very much an
ongoing research problem, but similar to the basic research carried out while taking part in TRECVid,
such research has a considerable application to the problem of search in SALERO.

Building on the systems built during the TRECVid evaluations, we then present work which has taken
place to improve retrieval in a single application: that of the Alan online art installation. This problem —
the retrieval of the “best” matching image from a small collection of images, based on a user-drawn
query — is specific to SALERO and the Alan online system and its associated physical installation.
Chapter 5 describes in detail the new work which has gone into solving this problem, carried out since
the SALERO review at IBC in Amsterdam.

Chapter 6 discusses a technique for searching image databases without textual annotations or
metadata, as an alternative to the automatic annotation methods discussed in Chapter 4. This is the
result of an offshoot of the AspectBrowser interface and takes advantage of the “contextual” design of
the interface which allows multiple aspects to be created and results from one search to be used as a
query to another search. The AspectBrowser interface has already been described in detail in previous
reports (e.g. D5.5.4, The System Design and Implementation of the Context-based Search System).
The problem of searching purely image databases has come up frequently in the SALERO project — i.e.
how can we search a large collection of un-annotated images using only content-based search?
Examples of such databases are the asset collections of images maintained by PGP. One approach is
to use automatic image annotation, but given the provisional state of research in that area, this is not
currently practical. The intermediary technique discussed and evaluated in Chapter 7, on the other
hand, is one available to users now within the SALERO search system.

The next chapter, Chapter 7, describes the evaluation of the VIGOR search interface. VIGOR is a
grouping interface, which provides an alternative approach to the problem of searching and organising
material in video and image databases. It may be considered as complementary to the AspectBrowser
interface, providing a different view of the “context” of a search. In the AspectBrowser interface, each
search aspect can be considered as existing within the context of the larger sequence of aspects, which
each aspect providing both search history and allowing the saving of search results. In VIGOR, a single
search history exists, with the user able to organise images into “groups”, all of which exist within the
context of the user’s search workspace. The underlying search system is the same as that used in the
AspectBrowser interface, based on the TRECVid research presented in Chapter 3.

The document finishes with a summing up of the SALERO evaluation work, carried out on the
developed search interfaces.

© SALERO consortium: all rights reserved page 1
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2 Introduction

2.1 Purpose of this Document

This document reports the numerous evaluations which have taken place with the SALERO retrieval
system over the course of the project, and importantly, provides an updated system and evaluation of a
system for searching the Alan Online image database supplied by TAIK.

It should be noted that this document is not an exhaustive listing of all the evaluations which have taken
place on the SALERO search system. In particular, the evaluation of the AspectBrowser interface has
already been described in document D5.5.4, Chapter 6; the integration of the search system with two
SALERO experimental productions has also been described in document D5.5.4, Chapter 7. Neither of
these will be repeated here; we instead refer readers to the appropriate chapters of the aforementioned
deliverable.

2.2 Status of this Document

This is the final version of the deliverable D5.5.7.

2.3 Related Documents

Before reading this document it is recommended to be familiar with the following documents:
e D2.3.1 User Requirements Document
e Db5.5.1 Context-based retrieval system and user interface
e Db5.5.2 Retrieval algorithms based on contextual features
e D5.5.4 The System Design and Implementation of the Context-based Search System

© SALERO consortium: all rights reserved page 2
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3 Automatic Evaluation of Search Systems

Before dealing with user evaluations in Chapter 6 and 7, we first start with descriptions of the evaluation
of the underlying image and video retrieval system developed during the SALERO project. This system
is the one underlying the interfaces and demos presented elsewhere, and has been extensively
developed and evaluated by participation in the international TRECVid effort.

The dominant evaluation paradigm in the Information Retrieval research community is the
Cranfield/TREC evaluation methodology, which provides a mechanism for evaluating the performance
of a retrieval system within a well defined lab environment. No user feedback is required, instead a set
of search topics and associated relevance judgements, which are generated manually, are used to
evaluate the performance of a retrieval system. This basic methodology has been used, and continues
to be used, in TREC and TRECVid for the evaluation of text and video retrieval systems.

Before considering user evaluations in later chapters in this report, we first outline the results of four
years of participation in the TRECVid video retrieval effort, between 2006 and 2009. The results of
these efforts have been used to improve the underlying backend retrieval system used in the SALERO
search system, and have been of fundamental importance in the overall development of the system.

3.1 The Cranfield/TREC Evaluation Methodology

The dominant approach to the evaluation of Information Retrieval systems is typically called the
“Cranfield Paradigm” [Voorhees 2001], although it is perhaps more accurately described as the TREC
approach. The evaluation methodology is based on the idea of a test collection, which is composed of
the following three components:

e A document collection, which in the case of image and video retrieval, is composed of a large
set of images or videos

e A set of topics or “queries”. Each topic describes an information need of a user, and may be
composed of text, image or video data depending on the test collection

e A list of relevance judgements, often called qgrels. This list specifies which documents in the
collection are relevant or non-relevant to which topics, and is typically generated manually

Given these resources, the evaluation of a retrieval system can then be carried out automatically: each
topics can be submitted to the retrieval system, the results returned and then automatically evaluated
against the relevance judgements which provide the “ground truth” by which the system is evaluated.

This approach was first used in the classic Cranfield evaluations ([Cleverdon 1967] and [Cleverdon
1991]), which aimed to investigate different indexing languages. The approach was used in a number of
studies in an ad-hoc manner, while in 1975 Spark Jones and van Rijsbergen [Sparck Jones 1975]
suggested the definition and creation of an “ideal” test collection. In 1992 the National Institute of
Standards and Technology (NIST) and U.S. Department of Defense started the Text REtrieval
Conference (TREC), which became the standard resource for the evaluation of text retrieval engines.
Since by this time text collections used in evaluation were too large to exhaustively evaluate all topics
against the whole collection, a “pooling” method is used, where the top n documents from each retrieval
engine which takes part in TREC are pooled into a single collection of documents which are then
manually judged for relevance. Any documents not judged are then normally considered as non-
relevant to the topic.

In 2001 the “TRECVid” (Video Retrieval Evaluation) effort started as an offshoot of the TREC text
evaluation, the aim of which was to evaluate video retrieval systems. This effort has provided an
internationally recognised forum from which the development of the backend SALERO retrieval system
could be investigated. The techniques used during the four years of the project, and the associated
evaluation results will be presented in Sections 3.2 to 3.5. In the next section, we briefly describe a
typical TRECVid test collection from the point of view of the search task.

© SALERO consortium: all rights reserved page 3
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Topic Number 0271

Text Find shots with a view of one or more tall buildings (more than 4 stories) and the
top story visible

Image examples

———— -
BUILDING ENERGY

Video examples
(frames from the
video)

Table 1: An example of a TRECVid topic, from the TRECVid 2009 collection
3.2 TRECVid Test Collections

A TRECVid test collection is composed of the same parts as previously discussed: data collection
(videos), list of search topics, and list of relevance judgements. Since the aim of TRECVid. For
TRECVid 2009, the most recent collection to date, is composed of the following main components:

e 400 videos from Dutch TV, supplied by the Netherlands Institute for Sound and Vision, totalling
roughly 280 hours of material, including news magazines, science, news reports,
documentaries, educational programming, etc.

e Master shot reference files, which specify for each video the extent of each video “shot”

e 25 topics, which include a short text query plus video and/or image examples of the topic
information need

e Alist of relevance judgements generated by NIST

In addition to these resources, various other elements, such as high level features, may also be
provided, either by NIST or other groups contributing in the TRECVid effort. One of the more important
resources which has been provided, in some TRECVid efforts, is the output from a automatic speech
recognition system.

The master shot reference specifies, for each video, where the shot boundaries between separate video
shots lie. The aim of the TRECVid search task is to return a ranked list of video shots for each topic.
Having a single common shot list ensures all groups who take part in TRECVid use the same shots.

An example TRECVid topic is shown in Table 1. It is composed of a topic humber, a short text query, an
optional list of images illustrating the topic, and a further optional list of video examples which further
illustrate the topic. A retrieval engine can therefore use a combination of the text, image or video data in
order to search the video collection. In the work reported here, the main focus is using the image and
video examples to search the TRECVid collection of videos by content.

© SALERO consortium: all rights reserved page 4
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The list of relevance judgements, together with a ranked list, can be fed into a program such as
“trec_eval”' to generate various standard Information Retrieval evaluation metrics, including:

e Mean Average Precision (MAP)
e Interpolated Recall - Precision Averages at different recall levels (from 0.00 to 1.00)

e Precision after n documents retrieved (where n may be 5, 10, 15, 20, 30, 100, etc.). This is often
written as P5, P10, P20, etc.

Further details on all of these measures can be found in [van Rijsbergen-1979].

3.3 TRECVid 20067

This was the first year GU participated in the TRECVID search task. One interactive run and five fully
automatic runs were submitted: we restrict ourselves here to discussing the automatic runs only. The
automatic runs were a combination of text features only (UG F 1), visual features only (UG F 2 and UG
F 5) and a combination of feature modalities (UG F 3 and UG F 4). The following list describes the
submitted runs:

e UG F1 Text baseline: The Terrier retrieval system [Ounis 2005] was used with the BM25
retrieval model, with each shot represetned using the automatic text transcripts from the six
shots preceeding and following the shot of interest

e UG F2 Automatic search based on visual features (optimised weighting): Five MPEG-7
standard visual features were used (Colour layout, contour shape, dominant colours, edge
histograms, homogeneous texture), and positive and negative example keyframes extracted
from the test topics. A linear combination of the scores from the different features are used, for
this particular run, the feature being scaled based on the classification error on the training
(topic) data

e UG F3 Graph model based on text query: Used a combination of text and visual features
combined in the Image-Context Graph (ICG), proposed in [Urban 2006]. Querying in the ICG is
implemented using the theory of random walks [Lovasz 1993], where querying involves
choosing a set of starting or query nodes, and then computing the stationary distribution of the
ICG based on a restart vector. In this run, a text query was issued to the ICG.

e UG F4 Graph model based on text and visual query examples: As for run F3 above, except this
run also uses visual features represented in the graph.

e UG F5 Automatic search based on visual features (equal weighting): As for run F2, except all
features are treated as equal

e UG I1 Interactive search run (text and visual features): This used a custom video retreival
interface, presented in [Urban 2006c]

The results for these runs are shown in Table 2 and Table 3. Results using only visual features (F2 and
F5) are, as can be expected, poor relative to the text. The baseline text run appears roughly in line to
other submissions, suggesting a similarity of approach with other participating organisations. UG F4
performs slightly better than UG F3, although neither can improve on the text baseline. In hindsight,
both the use of query expansion (QEX) and the choice of issuing one random walk per query term
rather than using one overall restart vector containing all query terms, have decreased the performance
of the ICG in run UG F3. The MAP score of the original run submitted was 0.0183. A run using one
overall restart vector and QEX results in a MAP score of 0.0242, while using one overall restart vector
without QEX results in a MAP score of 0.0315. This shows that the ICG can improve the text-baseline
(MAP = 0.0298).

! Available at http://trec.nist.gov/trec_eval/
% The TRECVid notebook paper giving full details is available at http://www-nlpir.nist.gov/projects/tvpubs/tv6.papers/glasgow.pdf

© SALERO consortium: all rights reserved page 5
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Run ID MAP P(10) P(NR) Recall

UGF1 0.03 0.121 0.077  0.148
UGF2 0005 0075 0.023 0.051
UGF3 0018 0.146 0.052 0.11

UGF4 0021 005 0072 0.143
UGFS5 0004 0.1 0.025 0.059
UGI1 0047 0558 0076 0.067

Table 2: Evaluation Measures for various runs in TRECVid 2006

Topic UGZF.1 UGF2 UGF3 UGF4 UGFS UGII

173 0.0132 0.0013 0.0065 0.0139 0.0026 0.0051
174 0.0007  0.0027  0.0008 0.0023 0.0126  0.01006
175 0.0009  0.0004 0 0.0002  0.0004  0.0394
176 0.0118 O 0.0066 0.0012 O 0.0006
177 0.0437  0.0003  0.0092 0.0075 0.0006  0.0222
178 0.1854  0.0001 0.0863 0.1112  0.0002  0.139

179 0.0689  0.0001 0.0224  0.006 0.0001  0.1178
180 0 0 0.0005  0.0002  0.0002  0.0225
181 0.0066  0.0001 0.0034  0.0051 0 0.1559
182 0.0564 00015 00071 0.0072 0.0115 0.0274
183 0.0094  0.0014  0.002 0.0094  0.0018  0.036

184 0.01 0.0036 00026  0.0027  0.0107 0.0165
185 0.0028  0.0002  0.0004 00062 00015 0.0115
186 0.0028  0.0015 0.0053 0.0025 0.0009 0.012

187 0.0371 0.0094 00065 0.0195 0.0005  0.0627
188 0.1341 0.0002 00675 0.0549  0.0009  0.0595
189 0 0.0161 0.0006  0.0039  0.025 0.0035
190 0 0.0001 0.0003  0.0006  0.0006  0.0229
191 0.002 0.0027  0.0018 0.0018 0.0057  0.0279
192 0.0011 0.0018 00012 00017 0.001 0.0034
193 0.0019 00002 00028 0.0064 0.0025  0.0042

194 0.0185 0O 0.0667 0.0664  0.0001  0.1659
195 0.0577 00798  0.0291 0.0337 0.0252  0.0849
196 0.0504  0.0023 0.11 0.1355  0.0029  0.0878

all 0.0298 0.0052 0.0183 0.0208 0.0045 0.0475
Table 3: MAP for runs and Topics for TRECVid 2006

3.4 TRECVid 2007°

This year GU participated in the summarisation and automatic search task, whereas in the previous
year, automatic and interactive search results were submitted. Two fully automatic runs were submitted,
amongst the automatic runs, one (UG_F _Sysl) is based on matching SIFT (Scale-invariant feature
transform, [Lowe 1999, 2004]) features and the other (UG_F _Sys?2) is based on adapted SIFT features

® The TRECVid notebook paper giving full details is available at http://www-
nipir.nist.gov/projects/tvpubs/tv7.papers/glasgow_university.pdf

© SALERO consortium: all rights reserved page 6
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and annotated data. The major feature for both runs are the SIFT features. For UG_F_Sysl, we used
one representative keyframe from the shots. For UG_F_Sys2, from each shot, irrespective of their
length, five representative keyframes, at regular intervals depending on the shot length, were used for
retrieval.

The results of the submitted runs are given in Table 4. The run UG_F_Sys1, which was solely based on
SIFT features, performed poorly. However, UG_F Sys2 which used information from keywords/
annotations, performed better for a few topics, such as 220 (gray scale shots of a street with one or
more buildings and one or more people), 206 (Shots with hills or mountains visible), 214 (shots of very
large crowd of people filling more than half of field of view), and was at its best for 218 (people playing
musical instruments). For all other queries, the performance was average, being roughly at the medium
for the systems perfroming at TRECVID 2007.

Fun ID AMAP P10y PINE) Recall
UG F Sysl 0001 0025 0.008 0.041
UG F Sys2 0017 0046 0.040 0.139

Table 4: Evaluation Measures for submitted runs in TRECVid 2007

Topic UG F Sysl UG F Sys2
197 0.0005 0.0002
198 0.0005 0.0020
199 0.0022 0.0103
200 0.0016 0.0019
201 0.0003 0.0036
202 0.0002 0.0002
203 0.0001 0.0004
204 0.0002 0.0027
205 0.0004 0.0002
206 0.0040 0.0231
207 0.0018 0.0068
208 0.0000 0.0004
209 0.0014 0.0003
210 0.0001 0.0009
211 0.0002 0.0002
212 0.0001 0.0053
213 0.0008 0.0004
214 0.0000 0.0184
215 0.000 6 0.0016
216 0.0026 0.0031
217 0.0011 0.0126
218 0.0008 0.2639
219 0.0000 0.0015
220 0.0006 0.0547
All 0.0008 0.0173

Table 5: MAP per Topic for TRECVid 2007
3.5 TRECVid 2008*

In TRECVid 2008 GU submitted five fully automatic runs and one interactive run:

e UG-ASR-6 Text baseline (required to participate in TRECVid): This used the same techniques
as in the text baseline run in TRECVid 2006

* The TRECVid notebook paper giving full details is available at http://www-nlpir.nist.gov/projects/tvpubs/tv8.papers/glasgow.pdf

© SALERO consortium: all rights reserved page 7
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e UG-AnLLF_5 Automatic search using only visual features (weighted feature selection): Only
visual features were used (the same MPEG-7 features as used in TRECVid 2006). A weighted
feature selection technique was developed which used the diversity of query keyframes

e UG-TYRunl_2 Automatic search using classifiers: Keyframes were classified using an SVN into
seven categories: “city”, “human”, “indoor”, “nature”, “night”, “outdoor”, and “vehicle”. These

categories correspond to the semantic meaning of the topics of TRECVid 2008.

e UG-TYRun2_3 Automatic search using classifiers and indexing structures: Uses the same
approach as in Runl_2 above, but using a reduced feature dimensionality

e UG-AnHLF_4 Automatic search using visual features and high level features: This run
combined the techniques used in UG-AnLLF_5 with the use of High-level features as provided
by the TRECVid organisers, and the output of a face detection system. The retrieval and fusion
used was similar to UG-TYRunl1_2 and UG-TYRun2_3

e UG-Int_1 Interactive search run based on text and visual query examples. This used an early
version of the “ViGOR” interface, described in Chapter 7.

The overall results are shown in Table 6, show automatic runs using high level features performed
better than the other runs. From the overall performance, UG-Int has the best P@10. Precision at total
relevant shots, for UG-Int and UG-AnHLF is almost the same, with UG-AnLLF and UG-ASR having
similar performance. UG-Int has the best overall MAP, closely followed by UG-AnHLF and UG-ASR.
When it comes to Recall, one can see that UG-AnLLF and UG-TYRunl have almost the same
performance achieving 19% and 17% of recall respectively, but, when these are compared with respect
to the time response, UG-TYRun1 outperforms, any runs as it consumes hardly 2% of the time taken by
UG-AnLLF. The best recall achieved is 25% from UG-AnHLF run submission.

Considering specific topics, we have a varied performance as can be seen from Table 7. UG-ASR has
the best results for the topic #245, “shots of a person watching a television screen - no keyboard
visible® with MAP of 0.3109. MAP for any other topic is below 0.1. ASR has also higher MAP for #246,
#247 and #256 which are the topics “shots of one or more people with one or more animals® and “shots
of one or more people, singing and/or playing a musical instrument® . UG-AnLLF is best for topics #221,
“shots of a person opening a door”, #225, “shots of a bridge“, and #227, “shots of a person's face
filling more than half of the frame area™ which are more natural and consistent in colour, texture and
edge features.

UG-AnHLF worked better for many topics” #222, #230, #246, #248, #249, #250, #257, #262, and #263,

which were shots related to, “3 or fewer people sitting at a table”, “one or more vehicles passing the
camera”, “one or more people in a kitchen”, “a crowd of people, outdoors, filling more than half of the
frame area”, “classroom scene”, “an airplane exterior”, “a plant that is the main object inside the frame
area”, “one or more people in white lab coats”, and “one or more ships or boats in the water”. Most of
these topics being based on number of people benefited from the face detector. The other topics

benefited from the high level features, specifically: classroom, boat-ship, and airplane.
UG_Int also performed better for many topics #255, #256, #257, #258, #260, #261,#262, #264, #267,

#268, such as “just one person getting out of or getting into a vehicle”, “one or more people, singing
and/or playing a musical instrument”, “one or more people sitting outdoors”, “one or more animals - no
people visible”, “one or more coloured photographs, filling more than half of the frame area”, “the

camera zooming in on a person's face”, “one or more signs with lettering” which are more semantic
driven and difficult to retrieve with only low level.

A few topics have the same MAP irrespective of the method and feature used, for instance, UG-ASR
and UG-AnHLF for #246, UG-Int and UG-AnHLF for #262. Though, UG-TYRunl and UG-TYRun2 do
not have the best MAP, it still falls in slightly below with the performance of UG-AnLLF and has the
same MAP for topic #226.

© SALERO consortium: all rights reserved page 8



Version of 00 SALERO
2010-02-22 D5.7.1 Search System Evaluation 00
Run ID MAP P(10) R-prec Recall
UG-ASE 0.0124 0.0787 0.0390 0.0149
UG-AnlLF 00002  0.0792  0.0413 0.0191
UG-TYRunl 0.0058 0.0479 0.0285 0.0174
UG-TYRun2 0.0019 00250 00134 0.0094
UG-AnHLF 0.0153 0.0937 0.0517 0.0253
UG-Int 0.0243  0.2792 0.0535 0.0071
Table 6: Resultant performance of various runs in TRECVid 2008
Topic UG- UG- UG- UG- UG- Topic UG- UG- UG- UG- UG- UG-
ASR AnlLIF TYRunl TYRun2 AnHLF ASR AnlIF TYRunl TYRun2 AnHLF Int
221 0.0010 0.0202 0.0042  0.0007  0.0202 245 03109 0.012 0.0294 0 0012 00051
222 0.0046 0.0054 0.0057  0.0012  0.0353 246  0.0215 0.0037 0.005  0.0005  0.022 0.0063
223 0.0101 0.0011 0.0004  0.0004  0.0007 247  0.0351 0.0059  0.0009  0.0004 0.0123 0.0194
24 0.0008 0.0019 0.0094  0.0029  0.0019 248  0.0007 0.0254  0.0172  0.0006 0.0855 0.0131
225 0.0026 0.025  0.001 0.0003  0.0023 249  0.0009 0.009 0.0021  0.0009 0.0351 0.0134
226 0.0046 0.0246 00236  0.0116 00108 250  0.0015 0.0079  0.0088  0.0008 0.0423 0.0132
227 0.0012 0.0194 0.0054  0.0019  0.0276 251  0.0173 0.0007  0.0006  0.0013 0.0007 0.0086
228 0.0011 0.0088 00127  0.0024 00088 252  0.0041 00039  0.0007 00033 0.0039 0.0542
220 0.0031 0.0043 00016  0.0014 00118 253  0.0021 0 0.001  0.0001 0.0001  0.012
230 0.0017 0.017  0.0087  0.0024  0.0328 254  0.0011 0.002 0.0015  0.0011  0.002 0.0145
231 0.0024 0.008  0.001 0.0004  0.008 255  0.0094 00128 0.0029  0.0003 0.0128 0.0819
232 0.0001 0.008 00069  0.0009 0008 256  0.0226 0.0028 0.0016  0.0006  0.0028 0
233 0.0006 0.0004 0.001 0.0018  0.0004 257  0.0001 0.0211 0.0249  0.0037 0.0506 0.0266
234 0.0004 0.0028 00025  0.0013 00082 258  0.0008 0.0023 0.0014 0.006 0.0023 0.0235
235 0.0001 0.0032 00003  0.0006 0012 259  0.0116 0.019 0.004  0.0007 0.0204  0.001
236 0.0002 0 0.0001  0.0014 0 260 0.0069 0.0019  0.0023  0.0007 0.0019 0.0238
237 0.0011 0.0029 0.0072  0.003 0.0042 261  0.0005 0.003 0.0029  0.0006  0.003 0.0293
238 0.0000 0.0008 00031  0.0003 00008 262  0.0272 0.0641 0.0013 0  0.0641  0.067
239 0.0023 0.0092 0.006 0.002 0.0164 263  0.005  0.0191 0.0121 0.001  0.0662 0.0227
240 0.0071 0.0061 0.0007  0.0001  0.0061 264  0.0061 0.0002 0.0008 0.002  0.0002 0.0385
241 0.0085 0.0048 00015  0.0015 00048 265  0.002 00144  0.0135 0.0051 0.0165 0.0031
242 0.0000 0.0013 0.0002  0.0003  0.006 266  0.0064 0.0047 0.012  0.0002 0.0047 0.0068
243 0.0052 0.0002 0.0002  0.0021  0.0002 267  0.021 0.0233 0.0148 00143 00246 0.0753
244 0.0096 0.0037 0.0028  0.0005 00168 268  0.0124 00045 0.0106 0.0046  0.0045 0.0249

Table 7: MAP per topic in TRECVid 2008

3.6 TRECVid 2009°

In 2009 GU submitted six fully automatic runs:

UG-PURun1_1 Search results using visual features (Colour Histogram, Edge Histogram and
Homogenous Texture) on a reduced search domain combined with high level features with
weighted late fusion.

UG-PURuUn2_2 Search results using MPEG7 visual features (Colour Histogram, Edge
Histogram and Homogenous Texture), with adaptive feature weighting. The proposed method
comprises of three stages. The first stage deals with the feature selection mechanism which
selects the feature that preserves the diversity of visual features of the query examples. A
mechanism to push the relevant yet diverse results towards the top of the result list frames the
second stage. Finally, the third stage combines the results originating from various query
examples and various features.

UG-PURun3_3 used the same techniques as in UG-PURun2_2 combined with high level
features as extracted by the top five teams in TRECVid 2008.

UG-RRRun4_4 Search using bag of words generated for each low level visual features.

UG-HERun5 5 Search results using LDA (Latent Dirichlet Allocation) based image retrieval
approach using SIFT features.

® The TRECVid notebook paper giving full details is available at http://www-nlpir.nist.gov/projects/tvpubs/tv9.papers/glasgow.pdf
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e UG-HERuUn6_6 Search results using LDA based image retrieval approach, similar to UG-
HERun5_5

Due to the huge size of the collection, we used one frame per shot for our runs. Table 8 shows the
results of various runs submitted by UG. The run UG-PURun1_1 has the best performance in terms of
P10. The results generated in this run combined the low level features with the high level features. A
smaller collection was comprised by pooling all shots annotated with the synonyms of the topic
description. A search based on low level features was executed in this small collection to rank these
results. If the number of shots in this collection was less than 1000, then the results from only the visual
features were appended to the tail of the list. Since, the top of the list definitely consisted of the shots
annotated with high level features, it resulted with better precision. UG-PURun3_3, UG-HERun5_5, UG-
HERun6_6 have almost the same MAP. This suggests that the LDA based retrieval using SIFT feature
performs equally or even better than the run based on combining low level features and the top results
of high level features.

Run ID MAP P(10) B-prec infAP Recall
UG-PURunl 1 0.0004 | 0.1542 | 0.0245 0.0094 0.0395
UG-PURun2 2 0.0047 | 0.0958 | 0.0309 0.0045 0.0562
UG-PURun3 3 0.0119 | 0.1333 | 0.0424 0.0118 0.0626
UG-REFun4d 4 0.0003 | 0.0208 | 0.0063 0.0003 0.0129
UG-HERuns 5 0.0122 | 0.0833 | 0.0347 0.0113 0.0806
UG-HEFun6 6 0.0132 | 0.0833 | 0.0358 0.0121 0.0785
Table 8: Resultant performance of various runs in TRECVid 2009
Topic | UG- UG- UG- UG- UG- UG- Bestof | Bestin
PURunl 1 [ PURun2 2 | PURun3_3 | RRRun4 4 | HERun5 5 | HERun6 6 | UG TRECVID09
269 0.0062 0.0072 0.0006 0.0005 0.0000 0.0000 0.0072 0.191
270 0.0198 0.0125 0.0790 0.0000 0.0331 0.0102 0.079 0.355
271 0.0009 0.0019 0.0007 0.0001 0.0012 0.0014 0.0019 0.202
272 0.0000 0.0007 0.0041 0.0005 0.0001 0.0000 0.0041 0.133
273 0.0012 0.0005 0.0076 0.0001 0.0002 0.0001 0.0076 0.257
274 0.0007 0.0021 0.0004 0.0001 0.0004 0.0006 0.0021 0.085
275 0.0006 0.0005 0.0002 0.0003 0.0004 0.0006 0.0006 0.019
276 0.0007 0.0022 0.0021 0.0000 0.0009 0.0006 0.0022 0.579
277 0.0046 0.0025 0.0004 0.0010 0.0001 0.0005 0.0046 0.222
278 0.0200 0.0090 0.0208 0.0004 0.0151 0.0117 0.0208 0.294
279 0.0000 0.0001 0.0000 0.0000 0.0000 0.0002 0.0002 0.006
280 0.0001 0.0000 0.0000 0.0000 0.0001 0.0001 0.0001 0.043
281 0.0466 0.0016 0.0085 0.0006 0.0001 0.0003 0.0466 0.111
282 0.0003 0.0024 0.0017 0.0001 0.0001 0.0023 0.0024 0.061
283 0.0001 0.0018 0.0070 0.0001 0.0004 0.0005 0.007 0.074
284 0.0044 0.0016 0.0582 0.0001 0.0016 0.0045 0.0582 0.346
285 0.0002 0.0376 0.0242 0.0006 0.2228 0.2693 0.2693 0.488
286 0.0001 0.0006 0.0002 0.0004 0.0022 0.0011 0.0022 0.209
287 0.0093 0.0057 0.0029 0.0002 0.0043 0.0010 0.0093 0.27
288 0.0000 0.0013 0.0016 0.0001 0.0002 0.0002 0.0016 0.038
289 0.0035 0.0139 0.0022 0.0019 0.0065 0.0063 0.0139 0.145
200 0.1068 0.0019 0.0571 0.0000 0.0022 0.0053 0.1068 0.369
291 0.0001 0.0003 0.0003 0.0001 0.0005 0.0003 0.0005 0.023
202 0.0001 0.0062 0.0067 0.0000 0.0001 0.0000 0.0067 0.018

Table 9: MAP per Topic for TRECVid 2009

3.7 Summary

The UG TRECVid evaluation effort has evaluated a number of different techniques and methods on the
different years data. The first efforts were based on relatively simple global MPEG-7 visual features,
text, and the ICG technique. As can be expected, text retrieval, with its long and successful history,
works best when available. ICG approach was promising, but suffers from slow search times making its
use in interactive systems difficult. Attempts were made to speed the algorithm up, but without
significant gains being made.

© SALERO consortium: all rights reserved page 10



Version of 00 SALERO
2010-02-22 D5.7.1 Search System Evaluation 00

TRECVid 2007 was used as a testbed for the use of SIFT features, which have a good reputation in the
research community. The results from this year were disappointing, however, this work was restarted in
TRECVid 2009 using the LDA approach, which does show promise. The second run in 2007 improved
performance considerably, but relied on high-level features and annotations in the collection. Ideally, the
aim is to perform well with automatically extracted visual features only, such as the global MPEG-7
features, or SIFT, although such extra runs do provide a useful comparison with fully automatic runs.

In TRECVid 2008 a number of different approaches were tried: a face detector was found to be useful
for topics requiring the identification of people, a classification system was developed and evaluated
which classed video shots into seven different categories, and a prototype ViGOR system was used in
an interactive run. Unfortunately the classification approach did not perform well, which resulted in a
different techniques being investigated in TRECVid 2009. In 2009 SIFT features were used again along
with the LDA technique, and also clustered to generate “bad of visual words”: the former LDA technique
shows promise, performing considerably better than the previous SIFT results in TRECVid 2007
(UG_F_Sys1 in Section 3.3"), and is the subject of further study.

® Please note that UG_F_Sys2 is not comparable to this later run, due it it’s use of high-level features and annotations.
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4 Automatic Image Annotation

One major current research issue in image and video retrieval is that of Automatic Image Annotation
(AlA): i.e. the association of some high-level concept with an image or video shot. For example, an
image containing a “picture of a car”’, may be annotated with the concept “car”. Once such annotations
are attached, retrieval then becomes the much simpler problem of indexing and searching text
annotations. Achieving such automatic annotation, however, is a difficult ongoing research problem. In
this Chapter, some results into AIA work carried out as part of the SALERO project is briefly presented,
along with a framework for the evaluation of AIA systems.

4.1 Introduction

Multimedia content, like images, video and audio, does not lend itself to traditional indexing methods
such those applied on text documents. The main difficulty arises from the nature of the information
encoded in these types of media. While the basic structural units of a text document are words, which
directly convey the message of the document in a human understandable form, there is no
corresponding analogous to words in media such as images and audio. To make indexing and retrieval
of multimedia content feasible, features similar to words have to be extracted from such media and
gueries using the same feature representation can be answered using the similarity of the query and the
media with respect to these features.

Towards this direction, most Content Based Image Retrieval (CBIR) systems employ signal processing
and image analysis techniques to represent images in terms of colour, texture and edge distributions.
Querying such systems requires the presentation of an image example of the user's information need.
Images which are similar to the query image in terms of colour, texture and edge distributions are
returned to the user. Success of such systems, however, is difficult due to the semantic gap [Smeulders
2000]. A solution towards bridging this gap between visual similarity, as expressed by similarity of low-
level image features, and semantic similarity is to directly associate to images semantic features such
as words. Indeed, this is the approach followed by many commercial image archives such as
Gettylmagesl, Corbis2 etc. Moreover, users and communities are also interested in indexing their
personal collections using semantic features in order to render them accessible by others. This is
evident from the success of image sharing web applications such as Flickr3, Picasa4 and others.

There is therefore a profound need to devise algorithms that will, even at least partially, automate the
process of annotating images. Several algorithms in this direction have been proposed lately, with most
notable examples those in [Duygulu 2002], [Lavrenko 2003], [Feng 2004], [Blei 2003] and [Carneiro
2007]. In Section 4.2 we briefly present the evaluation results of one AIA technique developed during
SALERO.

After this, the rest of this chapter will deal with the evaluation of AIA systems: many AIA models have
been traditionally compared only on the “easy” dataset provided by Duygulu et al. [Duygulu 2002].
Some of them [Carneiro 2007] have been evaluated on more realistic collections as well, such as the
TRECVid News dataset in order to support certain assumptions and statements regarding real-life
multimedia collections. However, it is unclear whether the reported results are due to the descriptive
power of the model, or are simply artefacts of the discriminating power of the employed descriptor in
combination with the collection.

In Sections 4.3 and 4.4, we describe an evaluation framework which addresses this problem. We argue
that a more comprehensive evaluation of AIA models is needed in order to show that the models'
assumptions actually hold and that results are neither collection nor descriptor-specific. In light of this, a
framework for evaluation and comparison of AIA models is suggested, which incorporates various
collections and standardized content descriptors. It essentially defines a set of test collections, a
sampling method which attempts to extract normalised and self-contained samples, a variable-size
block segmentation technique with varying degrees of overlapping and a set of multimedia content
descriptors.

4.2 An Example Approach to Image Annotation

In this section we briefly consider the problem of accurate density estimation in the domain of image
annotation. The work is built upon that of Carneiro et. al. [Carneiro 2007], which has achieved the best
so far published results on the Corel 5K benchmark collection, for AlA. In particular, we adopt the ideas

© SALERO consortium: all rights reserved page 12



Version of 00 SALERO
2010-02-22 D5.7.1 Search System Evaluation 00

of learning mixture hierarchies of multivariate Gaussian components from [Vasconcelos 1998] and
propose a Bayesian treatment which provides regularized solutions and does not suffer from the
numerical difficulties of maximum likelihood methods. To provide an algorithm with low computational
complexity we used approximate inference and in particular variational learning ([Jordan 998], [Attias
2000]) which yields an algorithm with slightly more computations but with the same order of complexity
as the maximum likelihood algorithm of Vasconcelos and Lippman [Vasconcelos 1998]. Furthermore,
we incorporate our algorithm in the supervised learning framework of [Carneiro 2007] and [Yavlinsky
2005] and validate our approach by conducting experiments on the Corel 5K dataset.

The approach taken uses a Bayesian Hierarchical Gaussian Mixture Model (BHGMM), which is fully
described in [Stathopoulos 2009]. To validate this Model, we incorporate it in the supervised learning
framework of [Carneiro 2007] and [Yavlinsky 2005] and apply it on the Corel 5k collection, where the
aim is to annotate the images with a set of annotation words, which correspond to different semantic
concepts.

Results for the technique are shown in Table 10 and Table 11. In total the technique predicts 116 words
with non zero recall. The mean per-word precision and recall over these 116 words are 0.36 and 0.48
respectively. A comparison of our approach (BHGMM) with the Continuous-space Relevance Model
(CRM) [Lavrenko 2003] and the Supervised Multi-class Learning (SML) [Carneiro 2007] in terms of
average per-word recall and precision is shown in Table 10. Averages are over all the 260 words in the
test vocabulary. In Figure 1 the precision and recall for the 20 most frequent words in the vocabulary are
shown.

Model CRM|SML|BHGMM
Words with non zero recall| 107 | 137 116
Mean per-word recall 0.19 {0.29| 0.21

Mean per-word precision | 0.16 | 0.23]| 0.17

Table 10: Performance comparison of automatic image annotation
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Figure 1: PreC|S|on/RecaII for the 20 most frequent words in the vocabulary obtained by BHGMM

Although we extend the algorithm of [Carneiro 2007] we do not manage to achieve better results. We
hypothesize that the reason is the simplistic approach for initializing the mixture models in our algorithm.
It is well known in the literature [Bishop 2006] that the initialization of mixture models can have a
significant effect in their performance. A common strategy for initializing Gaussian mixture models, is to

use a k-means clustering to find initial estimates of the means and covariance matrices of the Gaussian
components. In [Carneiro 2007] it is not reported how the mixture models are initialized while
parameters of the algorithm are heavily optimized.

In summary: our method out-performs the previously published continuous-space relevance model
[Lavrenko 2003] while it performs comparable to the method of Carneiro et. al [Carneiro 2007]. Even
though we do not use sophisticated initialization methods and parameter optimization, we are still
competitive with the current state of the art, which is encouraging for further work towards this direction.
This experiment was conducted using a standard image database, the Corel 5k collection. In the next
section we consider the problem of evaluating AlA systems within a broader, more realistic framework.
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4.3 A Framework for Evaluating Automatic Image Annotation
Algorithms

Many AlA systems have been traditionally compared only on the “easy” dataset provided by Duygulu et
al. [Duygulu 2002]. Some of them [Carneiro 2007] have been evaluated on more realistic collections as
well, such as the TRECVid News dataset, in order to support certain assumptions and statements
regarding real-life multimedia collections. However, it is unclear whether the reported results are due to
the descriptive power of the model, or are simply artefacts of the discriminating power of the employed
descriptor in combination with the collection. We argue that a more comprehensive evaluation of AIA
models is needed in order to show that the models' assumptions actually hold and that results are
neither collection nor descriptor-specific.

Regarding multimedia collections, facts such as whether images depict single or multiple objects, and
whether an annotation implies dominance of an object or simply its presence are some examples of
these factors. Moreover a collection could be strongly or weakly labelled, depending on whether all
instances of an object are annotated or not, while the existence of object hierarchies having tags such
as “cat” and “tiger”, “car” and “exotic car” or “water” and “ocean” might not only affect the performance of
the algorithm, but also the results that one would expect. Collections also define the level of semantics
that an algorithm should target for. Searching for objects is a totally different task than searching for
scene categories or emotional states. It would perhaps require a different way of treating images
namely segmenting and representing, thus again modifying the overall setting on which the algorithm
would have to operate.

As such, an evaluation of a set of image classification algorithms would simply be incomplete, if it did
not involve testing these algorithms on various settings in order to prove their robustness, namely
whether they perform equally well under various settings. Therefore, a set of three multimedia
collections was selected to be incorporated in our evaluation procedure. These are the Corel 5K
[Duygulu 2002], TrecVid 2007 [Ayache 2007] and Caltech 101 [Fei-Fei 2006] collections.

Corel 5K is considered a rather easy setting, since Global Colour Features alone are considered to
provide enough discriminative power for this collection. It was first used by Duygulu et al. [Duygulu
2002] in the field of automatic image annotation algorithms, while since then, it has been used by each
new model in the literature, in order for the results to be comparable to previously proposed models.
The TrecVid 2007 dataset on the other hand comprises an extremely challenging setting. Since it is
intended to be used for several high level tasks such as shot boundary detection and high level feature
extraction, one can appreciate that using this dataset in the AIA domain will be equally difficult and
unpredictable. Caltech 101 has a major advantage over other multimedia datasets, in that each image
depicts a single object, thus removing any confusion associated with the multiple-labels paradigm. As
such, it can be employed to learn precisely the class and non-class model of certain categories and
objects. It is the only collection which can allow for a sample which is fair towards all categories, namely
it has the same number of images describing each category, and still being consistent and self-
contained.

4.3.1 Sampling Procedure

The afore-mentioned collections however were not used as a whole; rather we used a sampling
procedure to extract a smoother and self-contained representative sample of each collection. By
smoother, we mean that most of the tags would contain approximately the same number of images, and
only a few, if any, would be described by significantly more example images. By self-contained, we
mean that no matter how popular a tag already is, we would not discard any of its instances, as this
would harm the class and non-class models. This sampling process was performed mainly because all
of these collections have a highly unbalanced distribution of images over classes. There are a lot of
classes which are inadequately described, a set of classes with a reasonable number of images
belonging to them and a few which are very popular and frequent within each collection. Using the
whole collections would probably create an easier setting for all of the algorithms for two reasons. When
evaluating such an algorithm, popular tags would be more likely to be selected to be tested, while on the
other hand, when classifying an image it would be more likely to annotate it with a more frequent tag.
Moreover, we did not want to allow models to exploit attributes of collections which were unrelated to
visual information, such as tag popularity. Hence, a sampling procedure was applied on all of the
collections, which attempted to smooth these settings removing extreme conditions, namely classes
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which were either inadequately or very precisely described, while at the same time preserving the rest
of the attributes of these collections.

4.3.2 Content Descriptors

Image representation and feature extraction is an important and definitive step when attempting to use
an automatic image annotation algorithm. It is important to identify the appropriate set of features, one
which would provide not only the appropriate level of discrimination among images, but also enough
compactness, so that the algorithm itself will not suffer from the challenging problems of computational
complexity, immense resource requirements and the curse of dimensionality. In addition, it is not
unusual for a multimedia collection to be known to yield better results when used in combination with a
specific set of features, while on the other hand, certain image classification algorithms also perform
better when used with certain sets of features. Hence an evaluation of image classification algorithms
incorporating various features sets representing different attributes and characteristics of the same
images from the same collections might shed some light into the operation of these algorithms through
their variation in performance when applied on various such settings of collections and features sets.

When deciding on the features sets which would be incorporated in the evaluation process, the
objective was to use standardised features sets, no matter how well they would actually perform. The
goal of the present work was not to get better results, but to investigate patterns in the relative
performance and the presence of any consistency between certain image classification algorithms. As
such, by using colour and texture features defined in the MPEG-7 Standard [Manjunath 2002], such as
Colour Histogram (CH), Edge Histogram (EH), and Homogeneous Texture (HT), as well as SIFT
features introduced in 2004 by Lowe [Lowe 2004], it would be clear that we did not act in favour of a
specific algorithm, while the results of this work would still be meaningful in the future, as it would be
straightforward to implement a new algorithm, run experiments on the same collections using these
standardised features sets and get comparable results.

4.4 Results

The previously described framework was used to evaluate and compare two state-of-the-art image
classification models, namely the Multiple Bernoulli Relevance Model (MBRM) [Feng 2004] by Feng et
al. and the Supervised Multiclass Labelling (SML) introduced by Carneiro et al. [Carneiro 2007]. In
Table 1, results of experiments with MBRM and SML using MPEG-7 and SIFT Features respectively are
presented for the three collections. Our results are significantly lower than the ones reported in the
original papers [Feng 2004, Carneiro 2007]. The reason for this is that we used normalised parts of the
collections, as well as other sets of features. On the other hand, in Table 2, the MBRM is contrasted to
the simpler Support Vector Machines (SVM) approach using the SVM-light implementation [Joachims
1999].

First of all, with respect to the collections, we would say that Corel was the most “extreme” setting,
followed by that of TrecVid 2007, and then the completely normalised sample of Caltech 101. By
“extreme”, we mean that only a few tags were more popular than others, while these had significantly
more example images.

From Table 11, we can see that the variance of both Precision and Recall around the means was
significantly high. We also see that only a small percentage of tags has Recall>0 and most of these tags
are popular tags in the collection. This is similar to previously reported results [Jeon 2003, Feng 2004,
Carneiro 2007] on the Corel 5K collection. However, since we have removed most of the popular tags
the numbers tend to be significantly smaller. This shows that previous optimistic results on Corel 5K are
actually due to the tag distribution rather than the descriptive ability of the models. Interestingly, MBRM
would always return the most popular words when evaluated on Corel 5K and TrecVid 2007. On the
contrary, in Caltech 101, in which tag frequencies were completely normalised, more words were
returned and the diversity among them was high. Also, regarding the TrecVid dataset, we see that
MBRM had exactly the same response across all descriptors, meaning that similarity across images
was not taken into account by the model. On the other hand, SML achieved the best performance on
TrecVid 2007, followed by Corel 5K and Caltech 101. The bad performance on Caltech might be due to
the fact that it is a single-label environment, and the actual number of classes depicted in an image was
considered during the annotation process. The difference in performance between Corel 5K and
TrecVid 2007 might be