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Abstract keywords, requiring significant human effort and
time. The content of these image databases is
This paper introduces several extrac- often restricted only to a few domains, such as
tive approaches for automatic image tag- medical and natural photo scenes (Grubinger
ging, relying exclusively on informa- et al., 2006), and specific objects like cars, air-
tion mined from texts. Through eval-  planes, or buildings (Fergus et al., 2003). For
uations on two datasets, we show that obvious practical reasons, it is important to de-
our methods exceed competitive base- velop models trained and evaluated on more re-
lines by a large margin, and compare fa-  alistic and diverse image collections.
vorably with the state-of-the-artthatuses  The second challenge concerns the extraction
both textual and image features. of useful image and text features for the con-
struction of reliable annotation models. Most
traditional approaches relied on the extraction of
With continuously increasing amounts of imagei§hage colors and textures (Li and Wang, 2008),
available on the Web and elsewhere, it is infr the identification of similar image regions
portant to find methods to annotate and orgglustered as blobs (Duygulu et al., 2002) to de-
nize image databases in meaningful ways. Tafve correlations between image features and an-
ging images with words describing their conteritotation keywords. In comparison, there are
can contribute to faster and more effective imag#ly a few efforts that leverage on the multitude
search and classification. In fact, a large nun@f resources available for natural language pro-
ber of applications, including the image searcgessing to derive robust linguistic-based image
feature of current search engines (e.g., Yaho@nnotation models. One of the earliest efforts
Google) or the various sites providing picturévolved the use of captions for face recogni-
storage services (e.qg., Flickr, Picasa) rely excltion in photographs through the construction of
sively on the tags associated with an image @ specific lexicon that integrates linguistic and
order to search for relevant images for a givephotographic information (Srihari and Burhans,
query. 1994). More recently, several approaches have
However, the task of developing accurate arffoposed the use of WordNet as a knowledge-
robust automatic image annotation models ehase to improve content-based image annota-
tails daunting challenges. First, the availabilityion models, either by removing noisy keywords
of large and correctly annotated image databadBsough semantic clustering (Jin et al., 2005) or
is crucial for the training and testing of new anby inducing a hierarchical classification of can-
notation models. Although a number of imagéidate labels (Srikanth et al., 2005).
databases have emerged to serve as evaluation this paper, we explore the use of several
benchmarks for different applications, includnatural language resources to construct image
ing image annotation (Duygulu et al., 2002)annotation models that are capable of automat-
content-based image retrieval (Li and Wanggally tagging images from unrestricted domains
2008) and cross language information retrievalith good accuracy. Unlike traditional image
(Grubinger et al., 2006), such databases are ahnotation methodologies that generate tags us-
most exclusively created by manual labeling ahg image-based features, we propose to extract

1 Introduction



them in a manner analogous to keyword extraetc), which they can achieve with a reasonable
tion. Given a target image and its surrouncamount of success. Recent work has also con-
ing text, we extract those words and phrass#dered the generation of labels for real-world
that are most likely to represent meaningful tagsnages (Li and Wang, 2008; Feng and Lap-
More importantly, we are interested to investiata, 2008). To our knowledge, we are unaware
gate the potential of such linguistic-based moaf any other work that performs extractive an-
els on image annotation accuracy and reliabilitpotation for images from unrestricted domains
Our work is motivated by the need for annotathrough the exclusive use of textual features.
tion models that can be efficiently applied on a
very large scale (e.g. harvesting images fro® Dataset
the web), which are required in applications that )
cannot afford the complexity and time associatetf e methods we propose are extractive, stan-
with current image processing techniques. dard image databases with no surrounding text
The paper makes the following contributionss.u.Ch as Corel (Duygulu et al, 200.2) are not
We first propose a new evaluation framework fi uitable, nor are they representative for the

image tagging, which is based on an analo allenges associated with raw data from unre-
drawn betweeﬁ the tasks of image labeling a ricted domains. We thus create our own dataset

lexical substitution. Next, we present three eSiNg images randomly extracted from the \Web.

tractive approaches for the task of image anno- 10 @v0id sparse searches, we use a list of the
tation. The methods proposed are based only gpst frequent words in the British National _Cor-
the text surrounding an image, without the use 84S als seed words, and (lq)uery the Weg usllng the
image features. Finally, by combining several oFOOg e Image API. A webpage Is randomly se-

thogonal methods through machine learning, wacted from the query results if it contains a sin-
show that it is possible to achieve a performan&h€ image in the specified size range (width and

that is competitive to a state-of-the-art image apeight of 275 to 1000 pixel$ and its text con-

notation system that relies on visual and textudinS more than 10 words. Next, we use a Doc-

features, thus demonstrating the effectiveness'gfent Object Model (DOM) HTML parsérto
text-based extractive annotation models. extract the content of the webpage. Note that we

do not perform manual filtering of our images
2 Related Work except where they contain undesirable qualities
(e.g. porn, corrupted or blank images).

Several online systems have sprung into exis- N total, we collected 300 image-text pairs
tence to achieve annotation of real world imagdeom the web. The average image size is 496
through human collaborative efforts (Flickr) andPxels width and 461 pixels height. The average
stimulating competition (von Ahn and Dab{ext length is 278 tokens and the average docu-
bish, 2004). Although a large number of imag&€nt title length is 6 tokens. In total, th_ere are
tags can be generated in short time, these &;3,522 words and the total vocabulary is 8,409
proaches depend on the availability of human a0rds. .
notators and are far from being automatic. Sim- For eachimage, we also create a gold standard
ilarly, research in the other direction via text-toof manually assigned tags, by using the labels
image synthesis (Li and Fei-Fei, 2008; Collingssigned by five human annotators. The image
et al., 2008; Mihalcea and Leong, 2009) has alggnotation is conducted via Amazon Mechani-
helped to harvest images, mostly for concref@l Turk, which was shown in the past to produce
words, by refining image search engines. reliable annotations (Snow et al., 2008). For in-
Most approaches to automatic image ann&reased annotation rellablllty_, we only accept an-
tation have focused on the generation of inflotators with an approval rating of 98%.
age labels using annotation models trained with Given an image, an annotator extracts from
image features and human annotated keywor@!se associated text a minimum of five words or

(Barnard and Forsyth, 2001; Jeon et al., 2008@llocations.Annotators can choose words freely
Makadia et al., 2008; Wang et al., 2009). Infrom the text, while collocation candidates are

stead of predicting specific Word_s, these met .~ 'Empirically determined to filter advertisements, ban-
ods generally target the generation of semantigrs and undersized images.
classes (e.g. vegetation, animal, building, places ?http://search.cpan.org/dist/HTML-ContentExtractor/



Normal Image _ ModeTmage

Gold standard| czech (5), festival (5), oklahoma (4), yukon (4),train (5), station (4), steam (4), trans siberian (4),
october (4), web page (2), the first (2), event (2)steam train (4), travel (3), park (3), siberian (3
success (1), every (1), year (1) old (3), photo (1), trans (2), yekaterinburg (2
the web (2), photo host (1)

==

Table 1: Two sample images. The number besides each label indicates thermirfbman anno-
tators agreeing on that label. Note that the mode image has a tag (i.e.“train”) golthstandard
set most frequently selected by the annotators

restricted to a fixed set obtained from the nised for lexical substitution can be adapted to

grams (n< 7) in the text that also appear as artithe evaluation of image tagging. Specifically, we

cle names or surface forms in Wikipedia. Moremeasure the precision and the recall of a tagging

over, when interpreting the image, the annotatonsethod using four subtaskbest normal: pro-

are instructed to focus on both the denotationaides precision and recall for the top-ranked tag

and conotational attributes present in the infageeturned by a methodiest mode: provides pre-
cision and recall only if the top-ranked tag by a

4 A New Evaluation Framework : method matches the tag in the gold standard that
Image Tagging as L exical was most frequently selected by the annotators;
Substitution out of ten (oot) normal: provides precision and

_ _ _ o recall for the top ten tags by the system; axd
While evaluations of previous work in imageys ten (oot) mode: similar to best mode, but it

annotation were often based on labels provided siders the top ten tags returned by the system

with the images, such as tags or image captiongstead of one. Table 1 show examples of a nor-
in our dataset such annotations are either Mi$z1 and a mode image.

ing or unreliable. We rely instead on human- E v, | hat is th
produced extractive annotations (as described jp~°'Mmally, let us assume that Is the set

the previous section), and formulate a new eva]! @nnotators, namelyhy, by, hs, ...}, and I,
...} is the set of images for which

uation framework based on the intuition that an't; 12: 13, : .
ch human annotator provide at least five tags.
for eachi;, we calculaten;, which is the most

image can be substituted with one or more ta
that convey the same meaning as the image : . .

y d g grequent tag for that image, if available. We also
llect allr, which is the set of tags for the im-

self. Ideally, there is a single tag that “best” de-

scribes the image overall (i.e. the gold standaf®"®

tag agreed by the majority of human annotator}9€1; from the annotaton.

but there are also multiple tags that describe theLet the set of those images where there is a tag

fine-grained concepts present in the image. Oagreed upon by the most annotators (i.e. the im-

evaluation framework is inspired by the lexicagges with a mode) be denoted by, such that

substitution task (McCarthy and Navigli, 2007)IM C I. Also, letA C I be the set of images for

where a system attempts to generate a word (owhich the system provides more than one tag.

set of words) to replace a target word, such thket the corresponding set for the images with

the meaning of the sentence is preserved. = modes be denoted 4M, such thataM C IM.
Given this analogy, the evaluation metrick€ta; € A be the set of system’s extracted tags

for the imagei ;.

b dﬁcvrrlltl)ct)gté%ré |2tstruct|ons, dataset and gold standard can Thus, for each imagej, we have the set of

http://lit.csci.unt.edu/index.php/Downloads tags extracted by the system, and the set of tags



from the human annotators. As the next step, thige connotative attribute as its saliency. The idea
multiset union of the human tags is calculateaf visualness and salience as textual features for
and the frequencies of the unique tags is notediscovering named entities in an image was first
Therefore, for image j, we calculater;, which pursued by (Deschacht and Moens, 2007), us-
iSZrlj‘, and the individual unique tag i, say ing data from the news domain. In contrast,
res, will have a frequency associated with itwe are able to perform annotation of images
namelyfreqyes. from unrestricted domains using content words
Given this setting, the precisio’}] and recall (nouns, verbs and adjectives). In the following,

(R) metrics we use are defined below.
Best measures:

S e
7eb€aj
Z lajl
i EA |R;|
pP= ajiij € J
| Al
D — —
g€l |R;|
R= a;it; € J
|
P ZbestguessjeAM(lz'f_best_guess =m;)
moae =
|AM]|
modeR — Zbestguesa'j GIAI(lif_beSt_guess = mj)

[I01]

we first describe three unsupervised extractive
approaches for image annotation, followed by a
supervised method using a re-ranking hypothesis
that combines all the methods.

5.1 Flickr Picturability

Featuring a repository of four billion images,
Flickr (http://www.flickr.com) is one of the most
comprehensive image resources on the web. As
a photo management and sharing application, it
provides users with the ability to tag, organize,
and share their photos online. Interestingly, an
inspection of Flickr tags for randomly selected
images reveal that users tend to describe the de-
notational attributes of images, using concrete

and picturable words such ast, bug, car etc.
This observation lends evidence to Flickr’s suit-
ability as a resource to model the picturability of

Out of ten (oot) measures:

3 Freqres words.
pP= i €A il %] Algorithm 1 Flickr Picturability Algorithm
Start : L[]=¢ , TF[]=tf of each word in T
D reaca; 7eres for each word in Tdo
R— Liagisel 7] if length(word) > « then

| RelatedTags=getRelatedTags(word);
Zaj:ijeAA/j(lif_any_guess €aj = mj) |f Size(RelatGdTags) > 0 then

modeP = TAM]| L[word]+=6*TF[word]
' for each tag in RelatedTag®
modeR — 2ayiyern (1if-any-guess € a; = m;) if exists TF[tag] then
|TM]| L[tag]+=TF[tag]
. . end if
5 Extractive Image Annotation end for
The main idea underlying our work is that we gn? if
end i

can perform effective image annotation using in-
formation drawn from the associated text. Fol- end for

lowing (Feng and Lapata, 2008), we propose

that an image can be annotated with keywords Given the textT) of an image, we can use the
capturing the denotative (entities or objects deet RelatedTags API to retrieve the most fre-
picted) and connotative (semantics or ideologiegient Flickr tags associated with a given word,
interpreted) attributes in the image. For instancand use them as corpus evidence to filter or pro-
a picture showing a group of athletes and a batiote words in the text. In the filtering phase
may also be tagged with words like “soccer,” owe ignore any words that return an empty list
“sports activity.” Specifically, we use a combi-of Flickr’s related tags, based on the assumption
nation of knowledge sources to model the denthat these words are not used in the Flickr tags
tative quality of a word as its picturability, andrepository. We also discard words with a length




that is less than three characters=8). In the /_\[\' '/\‘
promotion phase, we reward any retrieved tags ‘ _ '
that appear as Surface formS in the text. Th.iSSpecies, published by Charles Darwin ... foundation of evolutionary biology
reward is proportional to the term frequency of

these tags in the text. Additionally, we also in-

clude in the final label set any word that returns

. . Figure 1: Flickr Picturability Labels
a non-empty related tags set with a discounted

weight (3=0.5) of its term frequency, to the end Label S(w,)
of enriching our labels set while assuring more darwin ] 35
credit are given to the picturable words. gﬂg”gz darwin ig

To extract multiword labels, we locate all n- biology . 15
grams formed exclusively from our extracted set eVOlU{!OnaFy biology ég
of possible labels. The subsequent score for each g‘égéjie'g”ary 0
of these n-grams is:

itk Table 2. Candidate labels obtained for a sample
Liw;.wi ] = ( Z Liwj))/k text using the Flickr model

i=i

By reverse sorting the associative arrayZin Used as candidate labels for the image. We use a
we can retrieve the tof words to label the im- 9raph-based keyword extraction method similar
age. For illustration, let us consider the followi© (Mihalcea and Tarau, 2004), enhanced with a
ing text snippet. semantic similarity measure. Starting with atext,

we extract all the candidate labels and add them
On the Origin of Species, published by  as vertices in the graph. A measure of word sim-

Charles Darwin in 1859, is considered ilarity is then used to draw weighted edges be-
to be the foundation of evolutionary bi- tween the nodes. Using the PageRank algorithm,
ology. the words are assigned with a score indicating

their salience within the given text.

After removing stopwords, we consider the To determine the similarity between words,
remaining words as candidate labels. For eagle use a directed measure of similarity. Most
of these candidates; (i.e. origin, species, word similarity metrics provide a single-valued
published, charles, darwin, foundation, score between a pair of words andws- to in-
evolutionary, and biology), we query Flickr dicate their semantic similarity. Intuitively, this
and obtain their related tag sét;. origin, is notalways the case, ag may be represented
published, and foundation return an empty by concepts that are entirely embedded in other
set of related tags and hence are removed fragoncepts, represented hy. In psycholinguis-
our set of candidate labels, leavingecies, tics terms, utteringo; may bring to mindws,
charles, darwin, evolutionary, and biology while the appearance af, without any con-
as possible annotation keywords with the initiaextual clues may not associate with. For
score of 0.5. In the promotion phase, we scoexample, Obama brings to mind the concept
eachw; based on the number of votes it receivesft president, but president may trigger other
from the remainingv; (Figure 1). Each vote rep-concepts such d& ashington, Lincoln, Ford
resents an occurrence of the candidatewagn etc., depending on the existing contextual clues.
the related tag s€t; of the candidate tag;. For Thus, the degree of similarity af; with respect
example darwin appeared in the Flickr relatedto w, should be separated from that®f with
tags forcharles, evolutionary, andbiology, respect tow;. Specifically, we use the follow-
hence it has a weight of 3.5. The final list ofng measure of similarity, based on the Explicit
candidate labels are shown in Table 2. Semantic Analysis (ESA) vectors derived from

o ) ) Wikipedia (Gabrilovich and Markovitch, 2007):
5.2 Wikipedia Salience

We hypothesize that an image often describes the DSim(wi, w;) = %J % Sim(w;, wj)
most important concepts in the associated text. ¢
Thus, the keywords selected from a text could vehere C;; is the count of articles in Wikipedia




containing wordsw; andw;, C; is the count of topic are assumed as our set of annotation key-
articles containing wordsy;, and Sim{v;, w;) words. Compared with previous topic modeling
is the cosine similarity of the ESA vectors repapproaches, such as Latent Dirichlet allocation
resenting the input words.Thirectional weight (LDA) or its improved variant Correlated Topic
(Cy;1C;) amounts to the degree of association dflodel (CTM) (Blei and Lafferty, 2007), PAM

w; With respect taw;. Using the directional in- captures correlations between all the topic pairs
ferential similarity scores as directed edges aning a directed acyclic graph (DAG). It also
distinct words as vertices, we obtain a graph faupports finer-grained topic modeling, and has
each text. The directed edges denotes the id&ate-of-the-art performance on the tasks of doc-
of “recommendation” where we say; recom- ument classification and topical keyword coher-
mendsw, if and only if there is a directed edgeence. Given a text, we use the PAM model to in-
from wy to we, with the weight of the recom- fer a list of super-topicsaandsub-topicgogether
mendation being the directional similarity scorewith words weighted according to the likelihood
Starting with this graph, we use the graph iterdhat they belong to each of these topics. For each
tion algorithm from (Mihalcea and Tarau, 2004)ext, we retrieve the top words belonging to the
to calculate a score for each vertex in the graptiominant super-topic and sub-topic. We use 50
The output is a sorted list of words in decreasinguper-topics and 100 sub-topics as operating pa-
order of their ranks, which are used as candidatameters for PAM, since these values were found
labels to annotate the image. This is achieved by provide good results in previous work on topic
usingC; instead ofC; for the denominator in the modeling. Default values are used for other pa-
directional weight. As an example, consider theameters in the model.

text snippet :
5.4 Supervised Learning

Microsoft Corporation is a multina- The three tagging methods target different as-
tional computer technology corpora-  pacts of what constitutes a good label for an
tion that develops, manufactures, li-  jjmage. We use them as features in a machine

censes, and supports a wide range of learning framework, and introduce a final rank
software products for computing de-  attribute S{;), which is a linear combination of
vices the reciprocals of the rank of each tag as given

: by each method.
after stopword removal, the list of nouns ex-

tracted isMicrosoft, computer, corporation, de- 1
vices, products, technology, softwamdote that S(t) = Z /\mrt_m
the top-ranked word must infer some or all of the memethods !

words in the text. In this case, the wadvticrosoft whererg? is the rank for tag; given by method

infers the termsomputer technologyand soft- m. The weight of each methao#l,, is estimated

ware 2 o . .
To calculate the semantic relatedness betweB™ the training set using information gain val-
es. Since our predicted variableddepreci-

two collocations, we use a simplified version of" n or recall) is continuous, we use the Support
the text-to-text relatedness technique proposgg ' PP

. . ctor Algorithm (nu-SVR) implementation of
by and (Mihalcea et al., 2006) that incorporat .
the directional inferential similarity as an under= VM (Chang and Lin, 2001) to perform regres-

: : . sion analysis on the weights for each method via
lying semantic metric. a radial basis function kernel. A ten-fold cross-
53 Topical Modeling validation is applied on the entire dataset of 300

iy : . . .. _Iimages.
Intuitively, every text is written with a topic in

mind, and the associated image serves as @n Experimentsand Evaluations

illustration of the text meaning. In this pa-

per, we investigate the effect of topical modeM/e evaluate the performance of each of the three
ing on image annotation accuracy directly. Weagging methods separately, followed by an eval-
use the Pachinko Allocation Model (PAM) (Liuation of the combined method. Each system
and McCallum, 2006) to model the topics irproduces a ranked list ak words or colloca-

a text, where keywords forming the dominanions as tags assigned to a given image. A system



Best out-of-ten (oot)
Normal | Mode Normal [ Mode

Models P R P R P R P R

Flickr picturability 6.32 6.32 78.57 785 3561 35.61 92.86 92.86
Wikipedia Salience 6.40 6.40 7.14 7.14 3519 35.19 92.86 92.86
Topic modeling 5.99 5.99 42.86 42.86 37.13 37.13 85.71 85.71
Combined (SVM) 6.87 6.87 67.49 6749 37.85 37.85 100.00 100.00
Doc Title 6.40 6.40 75.00 75.0 18.97 18.97 82.14 82.14
tf * idf 5.94 5.94 14.29 14.29 3840 38.40 78.57 78.57
Random 3.76 3.76 3.57 3.57 30.20 30.20 50.00 50.00

Upper bound (human) — 12.23 12.07 81.48 8148 82.44 81.55 100.00 100.00

Table 3: Results obtained on the Web dataset

can discretionary generate less (but not morsdmewhat competitive witkf*idf, but it scores
than K tags, depending on its confidence level.consistently lower than the DocTitle in theest
For comparison, we implement three basesubtask, possibly due to the absence of a more
lines: tf*idf, Doc Title and Random For tf*idf, sophisticated re-ranking algorithm tailored for
we use the British National Corpus to calculatthe image annotation task other than the intrin-
the idf scores, while the frequency of a term isic ranking mechanism in PAM. It is worth not-
calculated from the entire text associated with dng that the combined supervised system pro-
image. TheDoc Title baseline is similar, exceptvides the overall best results (6.87%) on best
that the term frequency is calculated based on thermal, and achieves a perfect precision and re-
title of the document. ThRandonbaseline ran- call (100%) foroot mode, which means perfect
domly selects words from a co-occurrence wirggreement with the human tagging.
dow of sizeK before and after an image as its
annotation. Following other tagging methods] Comparison with Related Work
we apply a pre-processing stage, where we part-
of-speech tag the text (to retain only nouns), foWe also compare our work against (Feng and La-
lowed by stemming. We also determine an upp@ata, 2008) as it allows for a direct comparison
bound, which is calculated as follows. For eactith models using both image and textual fea-
image, the labels assigned by each of the five diires under a standard evaluation framework. We
notators are in turn evaluated against a gold sta@Ptained the BBC dataset used in their experi-
dard consisting of the annotations of the othérents, which consists of 3121 training and 240
four annotators. The best performing annotaté@sting images. In this dataset, images are im-
is then recorded. This process is repeated fplicitly tagged with captions by the author of the
each of the 300 images, and the average preeprresponding BBC article. The evaluations are
sion and recall are calculated. This represents & against these captions.
upper bound, as it is the best performance thatin their experiments, Feng and Lapata cre-
a human can achieve on this dataset. Tableagd four annotation models. The first two
shows our experimental results. (tf*idf and Document Title) are the same as used
Among the individual methods, the methodh our baseline experiments. The third model
implementing Flickr picturability has the highes{Lavrenko03) is an application of the continuous
individual score fobestandootmodes, yielding relevance model in (Jeon et al., 2003), trained
a precision and recall of 78.57% and 92.86% ravith the BBC image features and captions. Fi-
spectively. The Wikipedia Saliency method alsbally, the forth (ExtModel) is an extension of
scores the highest (jointly with Flickr) in treot the relevance model using additional information
mode, but for thebestmode achieves a scorgn auxiliary texts. Briefly, the model assumes
only marginally better than the random baselin@ multiple Bernoulli distribution for words in a
A plausible explanation is that it tends to facaption, and generates tags for a testimage using
vor “all-inferring” over-specific labels, while thea weighted combination of the accompanying
most frequently selected tags in mode picturglocument, caption and image features learned
are typically more “picturable” than being speduring training.
cific (e.g. “train” for the mode picture in Ta- The experimental setup is similar to the ear-
ble 1). The topic modeling method has mixetler section, but a few modifications are made for
results: its scores fanot normal and mode area fair and direct comparison. First, we extend



Top 10 Top 15 Top 20
R

Models P R F1 P R F1 P F1

tridf 4.37 7.09 541 3.57 8.12 4.86 2.65 8.89 4.00
DocTitle 9.22 7.03 7.20 9.22 7.03 7.20 9.22 7.03 7.20
LavrenkoO3 9.05 16.01 11.81 7.73 17.87 10.71] 6.55 19.38 9.79
ExtModel 14.72 27.95 19.82 11.62 32.99 17.1§ 9.72 36.77 15.39

Flickr picturability 12.13 22.82 15.84 9.52 26.82 14.05 8.23 29.80 12.90
Wikipedia Salience| 11.63 21.89 15.18§ 9.28 26.20 13.70 7.81 29.41 12.35
Topic Modeling 11.42 21.49 1491 9.28 26.20 13.700 7.86 29.57 12.42
Combined (SVM) 13.38 25.17 174 11.08 31.29 16.3 9.50 35.76 15.01

Table 4: Results obtained on the BBC dataset used in (Feng and Lap@&a, 20

our models coverage to include content wordsith image features and captions. While it is
(i.,e. nouns, verbs, adjectives) determined usiuitively clear that image features help in im-
ing the Tree Tagger (Schmid, 1994). Secongyroving tagging performance, we show that min-
no collocations are used. Third, we adopt thieg only the text surrounding an image, where it
evaluation framework used by Feng and Lapexists, can yield a performance that is compara-
ata to extract the top 10, 15 and 20 tags. Nol#e to a state-of-the-art system that uses both tex-
that in our methods, the extraction of tags faual and visual features. Moreover, an increase
a test image is only done on the document sun complexity of a model by using more features
rounding the image, after excluding the captiomay hinder its applicability to large datasets,
As the number of negative examples (words nbut not necessarily improving annotation perfor-
present in the caption) greatly outhnumber th@ance (Makadia et al., 2008). On this, text-
positive instances, we employ an undersamplifgased annotation models can provide a desir-
method (Kubat and Matwin, 1997) to balance thable compromise. For instance, our unsuper-
dataset for training. vised models implementing Flickr picturability
The results are shown in Table 4. Inter@nd Wikipedia Salience are able to extract anno-

estingly, all our unsupervised extraction-basdgtions from a BBC article (average 133.85 to-

models perform consistently above the supef€ns) in approximately 1 second and 20 seconds
vised Lavrenko03 model, indicating that textudi€SPectively.

features are more informative than captions al
image features taken together. Comparing wi
models using significantly less document inforn this paper, we introduced several text-based
mation (tf¥idf and Doc title), our models gainextractive approaches for automatic image anno-
even greater advantage. Note that the title of afytion and showed that they compare favorably
BBC article does not exceed 10 words, henggith the state-of-the-art in image annotation us-
comparison is only meaningful given the top 1¢hg both text and image features. We believe our
tags retrieved. work has practical applications in mining and an-

Feng and Lapata used LDA to perform rerankotating images over the Web, where texts are
ing of final candidates in their ExtModel. How-naturally associated with images, and scalability
ever, when used as a model alone, the PAM top‘ﬁ;important. Our next direction seeks to derive
model achieved promising scores in all the catéobust annotation models using additional onto-
gories, performing best for top 10 keywords (Fpgical knowledge-bases. We would also like to
of 14.91%). Flickr picturability stands out agddvance the the state-of-the-art by augmenting
the best performing unsupervised method, scéirrent textual models with image features.
ing the highest precision (12.13%, top 10), recal
(29.80%, top 20) and F1 (15.84%, top 10). Acknowledgments
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model using SVM is statistically better .1 REER award #0747340. Any opinions, findings,
for top 10, 15, 20) than the Laverenko03 mode#ind conclusions or recommendations expressed
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This demonstrates the effectiveness of textuaiot necessarily reflect the views of the National
based models over traditional models traine8icience Foundation.
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