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1 Publication Trends

We analyzerecent publication trends in CBIR and annotation via two exercises,
with Google Scholar as aid. The �rst of these is an analysis of which
venues/journals have carried the most CBIR-related work and what the impact
is, and which sub-topics generated the most publication count and impact in
the last �v e years. The secondoneinvolvesgeneratingsubtopic-wisetime-series
capturing trends in publication over the last eleven years.

We query on the phrase \image OR images OR picture OR pictures OR
content-based OR indexing OR `relevance feedback' OR annotation ", year
2000 onwards, for publications in the journals - IEEE T. Pattern Analysis
and Machine Intelligence (PAMI), IEEE T. Image Processing (TIP), IEEE
T. Circuits and Systemsfor Video Technology (CSVT), IEEE T. Multimedia
(TOM), J. Machine Learning Research (JMLR), International J. Computer
Vision (IJCV), Pattern Recognition Letters (PRL), and ACM Computing
Surveys (SURV) and conferences - IEEE Computer Vision and Pattern
Recognition (CVPR), International Conferenceon Computer Vision (ICCV),
European Conference on Computer Vision (ECCV), IEEE International
Conferenceon Image Processing(ICIP), ACM Multimedia (MM), ACM SIG
Information Retrieval (IR), and ACM Human Factors in Computing Systems
(CHI). Relevant papers among the top 100 results in each of thesesearchesare
usedfor the study. GoogleScholar presents results roughly in decreasingorder of
citations (again, only rough approximations to the actual numbers). Limiting
search to the top few papers translates to reporting statistics on work with
noticeable impact. We gathered statistics on two parameters, (1) publishing
venue/journal, and (2) sub-topicsof interest. Thesetrends are reported in terms
of (a) number of papers,and (b) total number of citations. Plots of thesescores
are presented in Fig. 1 and Fig. 2. Note that the tabulation is not mutually
exclusive (i.e. one paper can have contributions in multiple sub-topics such as
`Learning' and `Region', and henceare counted under both headings), neither
is it exhaustive or scienti�cally precise (Google's citation values may not be
accurate). Nevertheless,theseplots convey generaltrends in the relative impact
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Figure 1: Conference-wiseand journal-wise publication statistics on topics
closely related to image retrieval, year 2000onwards. Top: Publication counts.
Bottom: Total citations.

of scholarly work. Readersare advisedto usediscretion when interpreting these
results.

For the secondexperiment, we query Google Scholar for the phrase\image
retrieval" for each year from 1995 to 2005, and note the publication count,
say x. We then add a phrasecorresponding to a CBIR-related technique, e.g.,
relevancefeedback, and note the publication count again, say y. For each year
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Figure 2: Publication statistics on sub-topics of image retrieval, 2000onwards.
Top: Publication Counts. Bottom: Total citations. Abbreviations: Feature
- Feature Extraction, R.F. - Relevance Feedback, Similar - Image similarit y
measures,Region - Region based approaches, App. - Applications, Prob. -
Probabilistic approaches,Speed - Speedand other performanceenhancements.

and for each phrase,we take the ratio y=x representing the fraction of relevant
publications. The time-seriesplot for eight such phrases,over the eleven years,
can be seenin Fig. 3.
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Figure 3: Normalized trends in publications containing \image retrieval" and
corresponding phrases,as indexed by Google Scholar. Counts are normalized
by the number of papers having \image retrieval" for the particular year.

2 Scienti�c Impact on Other Research
Comm unities

The list of referencesin this paper is probably a good way to understand how
diverseCBIR asa �eld is. There are at least 30 di�eren t well-known journals or
proceedingswhere CBIR-related publications can be found, spanning at least
eight di�eren t �elds. In order to quantify this impact, we conduct a study.
All the CBIR-related papers, cited in this work, are analyzed in the following
manner. Let a set of CBIR-related �elds be denotedasF = f Multimedia (MM),
Information Retrieval (IR), Digital Libraries/ World Wide Web (DL), Human-
Computer Interaction (HCI), LanguageProcessing(LN), Arti�cial Intel ligence
(including ML) (AI), Computer Vision (CV) g. Note the overlap among these
�elds, even though we treat them asdistinct and non-overlapping for the sake of
analysis. For each paper, we note what the core contribution is, including any
new technique being intro duced. For each such contribution, the core �eld it is
associated with, a 2 F, is noted. For example,a paper that proposeda spectral
clustering basedtechnique for computing imagesimilarit y is counted under both
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Figure 4: [Acronyms: MM := Multimedia, IR := Information Retrieval, DL :=
Digital Libraries/ World Wide Web, HCI := Human-Computer Interaction, LN
:= Language Processing,AI := Arti�cial Intelligence, and CV := Computer
Vision]. Directed graphs representing inter-�eld impact induced by CBIR-
related publications. An edge a ! b implies publications at venue/journal
concerning �eld b, having content concerning �eld a. We show oppositely
directed edgesbetween pairs of nodes, wherever signi�can t, in the left and
right graphs. Top: Edge thicknessesrepresent (relativ e) publication coun t .
Bottom: Edge thicknessesrepresent (relativ e) citations as reported by Google
Scholar.

CV and AI . Now, given the journal/v enue where the paper was published, we
note the �eld b 2 F which it catersto, e.g.,ACM SIGIR is counted under IR and
ACM MIR Workshop is counted under both IR and MM. Over the 170 papers,
we count the publication count and the Google Scholar citations for each a ! b
pair, a 6= b. The 7 � 7 matrices so formed (jF j = 7) for count and citations
are represented asdirected graphs, asshown in Fig. 4. The thicknessrepresents
the publication or citation count, normalized by the maximum in the respective
tables. Edgeslessthan 5% of the maximum are not shown.

The basic idea behind constructing such graphs is to analyze how CBIR
induces interests of one �eld of researchers in another �eld. A few trends are
quite clear from the graphs. Most of the MM, CV and AI related work (i.e.
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CBIR research whose content falls into these categories) has been published
in IR venues and received high citations. At the sametime, AI related work
published in CV venueshas generatedconsiderableimpact. We view this as a
side-e�ect of CBIR research resulting in marriage of �elds, communities, and
ideas. But then again, there is little evidenceof any mutual in
uence or bene�ts
betweenthe CV and CHI communities brought about by CBIR research.
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