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ABSTRACT

Image annotation plays an important role in imagtgigval and
management. However, the results of the statbeshtt image
annotation methods are often unsatisfactory. Toerge it is
necessary to refine the imprecise annotations mdxaby existing
annotation methods. In this paper, a novel approtx
automatically refine the original annotations of ages is
proposed. On the one hand, for Web images, tektt@mation,
e.g. file name and surrounding text, is used tdenst a set of
candidate annotations. On the other hand, for\Web-images
that are lack of textual information, a relevancedei-based
algorithm using visual information is used to decttle candidate
annotations. Then, candidate annotations arentecaand only
the top ones are reserved as the final annotati@isre-rank the
annotations, an algorithm using Random Walk withstRes
(RWR) is proposed to leverage both the corpus inédion and
the original confidence information of the annaias.
Experimental results on both non-Web images of Cdataset
and Web images of photo forum sites demonstrate the
effectiveness of the proposed method.

Categories and Subject Descriptors
H.3.3 [Information Search and Retrieval: Retrieval Models

General Terms
Algorithms, Experimentation
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1. INTRODUCTION

With the prevalence of Web and digital camerastetteee more
and more digital images on personal devices anti®WWeb. For
example, Google Image [1] has indexed more than lolien
images. The explosion of digital images necesstatffective
image management, browsing and search tools. Fdr iWages,
search is the most critical thing. Existing Webaga search
engines are based on textual information of thegesae.g. file
name, ALT text, URL and surrounding text. We ceeat the
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surrounding text as annotations. However, for nedshe images,
such annotations are usually noisy with irrelevantds. If the
imprecise annotations could be refined, the perémee of Web
image retrieval could be possibly improved. Forag®es on
personal devices, how to effectively manage andckethem is
increasingly important as the number of images graapidly. In
this case, annotations serve as a key factor imdmeagement and
search process. Since images have little textof@rmation,
annotation using visual content is required. Tioeee many
content-based annotation algorithms have been pembaince
1999. Most existing approaches can be classifigd two
categories, i.e. classification-based methods armbagbilistic
modeling-based methods. The methods of the fatggory try to
associate words or concepts with images by learnlagsifiers
[4][5][12]. The probabilistic modeling-based metisoattempt to
infer the correlations or joint probabilities betmeimages and
annotations. The representative work includes GCuansence
Model [14], Translation Model [6], Latent Dirichlekllocation
Model (LDA) [3], Cross-Media Relevance Model (CMRNS],
Continuous Relevance Model (CRM) [11], and Multiple
Bernoulli Relevance Model (MBRM) [7]. Despite thentinuous
effect put on image annotation, the results of texgsimage
annotation methods are still unsatisfactory. Caqusatly, it is
necessary to refine the current annotation results.

Jin et al [9] have done pioneework on annotation refinement
using a generic knowledge-based WordNet. From simall
candidate annotation set obtained by an annotatietihod, the
irrelevant annotations will be pruned using WordIie2]. The
basic assumption is that highly correlated annatatishould be
reserved and non-correlated annotations should emeoved.
However, the experimental results show that althoting method
can remove some noisy words, many relevant wordsatso
removed. As a result, thie;, value (see Section 3.1) decreases
compared with the original annotation method. €hare mainly
two reasons for the unsatisfactory performance.rstFithe
algorithm did not fully utilize the original annai@an information.
More specifically, once the candidate annotatioesevpicked up,
the original confidence scores of the annotatioesewignored.
Second, although WordNet contains additional gerlerowledge
on the relation of words, it has two limitation€®ne is that it is
independent of the dataset and therefore can rftactrethe
characteristics of the specific image dataset. dther limitation
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is that it can not deal with the annotations thandt exist in the
lexicon of WordNet.

In this paper, a novel approach to automaticafiyeethe original
annotations of both Web and non-Web images is megho On
the one hand, for Web images, textual informatisnused to
retrieve a set of candidate annotations. On therolhand, for
non-Web images that are lack of textual informatiamelevance
model-based algorithm using visual information $edi to decide
the candidate annotations. Then, the annotatiomgedined by
re-ranking the candidate annotations and reserfingtop ones.
To resolve the issues of [9], an algorithm usinghdRan Walk
with Restarts (RWR) is proposed to re-rank the iatd
annotations. The algorithm not only uses the coiipformation
by defining a co-occurrence-based similarity, bisbdeverages
the ranking and confidence information of origirmainotations.
Experimental results on both non-Web images of Cdataset
and Web
effectiveness of the proposed method.

The rest of the paper is organized as follows.ti&e@ describes
the annotation refinement algorithm. Experimentsgults on
both Web and non-Web images are shown in SectioRiBally,
we conclude in Section 4.

2. IMAGE ANNOTATION REFINEMENT
ALGORITHM

First, a set of candidate annotations for the qireage need to be
identified. We deal with Web images and non-Welages in

different ways. Second, the RWR algorithm is usecte-rank the

candidate annotations. Finally, the top rankedtations will be

reserved as the final annotations.

2.1 Candidate Annotations Identification
2.1.1 Web Images

For Web images, there is related textual infornmatd different
sources, e.g. file name, ATL text, URL and surrdogdtext.
First, the stop words are removed and stemmingjlizad. Then,
for each left wordw;, a confidence score is calculated as follows:

scord W)= weight 5 {{ W (1)
sl S
whereS is the set of different sourceseigh(s) is the weight of
the sources andtf(w;) is the occurrence numberwfin sources.
Finally, the words are ranked according to thefittence scores
and only the words with highest scores are reseagedandidate
annotations.

2.1.2 Non-Web Images

Since non-Web images have little textual informatiannotation
by visual content is necessary. To facilitate #mnotation
refinement process, the annotation algorithm shaqurivide a
confidence score for the candidate annotationshofigh most of
the existing algorithms [3][6][7][8][11] satisfy ik requirement,
the Cross-Media Relevance Model (CMRM) [8] modeth®sen
for its simplicity and effectiveness. CMRM is bdsen the
relevance model [10] proposed for information estal. It
assumes that regions in an image can be described) @
vocabulary of blobs. The blobs are generated bgteting the
visual features of several regions. Based on iaitiga set of

images with annotations, the probability of geriagata word
given the blobs of an image is estimated. The gdvdity could
be used as the confidence score of the word. Mpeeifically,
the confidence score of wovd is defined as:

scor W)= Wl )» € wl b..p) @

wherel is the image to be annotated dnd.b,, are the blobs df

2.2 Annotation Refinement with RWR

In order to fully utilize the confidence scores tbe candidate
annotations and the corpus information, we refoateuthe image
annotation refinement process as a graph rankioglgm and
solve it with the RWR algorithm.

2.2.1 Graph Construction
Each candidate annotatiow is considered as a vertex of a graph

images of photo forum sites demonstrate theG. All vertices ofG are fully connected with proper weights. The

weight of an edge is defined based on the “co-oeoge”
similarity as follows.

For Web images, each wovg will be used as a query to query a
Web image search engine, e.g. Google Image [1k nthmber of
search results is denotedras(i). For two different wordv, and

wi, “w; w” will be used as the query. The number of search
results is denoted amin(i, j). The weight of the edge betwean
andw; can be calculated by the following formula:

nur( v, ) i}
sim( v, VY) = min(hum(w), nunf W)) Anunm( w, vy) >0) 3)
0 Anum(w, w) =0)

For non-Web imagesun{i) is defined as the number of images
annotated by annotatiom, andnunti, j) is defined as the number
of images annotated by both andw;.

2.2.2 The RWR Algorithm

The RWR algorithm performs as follows [15]. Assuthat there
is a random walker that starts from node with a certain
probability. At each time-tick, the walker has talwices. One is
to randomly choose an available edge to followe ®ther choice
is to jump tow; with probability cxv(j), wherev is the restart
vector anct is the probability of restarting the random walk].

2.2.3 Image Annotation Refinement with RWR
Assume thaG is a graph withN verticesw; (i [1,N]) constructed
as in Section 2.2.1. Lét be the adjacency matrix &. A is
column-normalized to ensure that the sum of eatimuoin A is
one. The original confidence scores of candidateotations are
considered as the restart vector v is normalized such that the
sum of all elements imis one. The aim is to estimate the steady-
state probability of all vertices, which is denotegu. Letc be
the probability of restarting the random walk.islempirically set
to be 0.3 in our implementation. Then tNeby-1 steady state
probability vectouu satisfies the following equation:

u=(1- c)Au+ cv 4
Therefore,
u=c(l- (@1 c)A*'v (5)



wherel is theNxN identity matrix.

Theith elemenu(i) of the steady-state vectaris the probability
thatw; can be the final annotation.

There are two methods to decide the final annotatioOne way
is to choose the tom annotations with highest probabilities. This
way will be referred as “Top@'. The other way is to choose all
the annotations with probabilities larger than eeshold. We
refer to this method as "Threshold”.

3. EXPERIMENTS

The proposed algorithm was evaluated on both nob-&vel Web
images. For non-Web images, the Corel datasetsésl wand
several quantitative results are provided. For Wieiages,
annotation results of some example images randaelgcted
from photo forum sites are shown.

3.1 Experimental Results of Non-Web Images

The dataset is the same as that of [8]. It wasldivinto 3 parts:

a training set of 4000 images, a validation s&8Qff images and a
testing set of 500 images [8]. The validationvsas used to tune
system parameters. After fixing the parametes védidation set

was merged into the training set. In this work, wge the same
visual features as [8].

Three methods were considered and compared: thpoged
RWR-based method (RWRM), the WordNet-based method
(WNM) [9] and the CMRM method (CMRM) [8]. To beifa
both RWRM and WNM used CMRM as the initial annatati
algorithm. The JCN measure that has the best npeaftce in [9]
was used for WNM.

Precision, recall an&; were used as the performance measures.

Recall of a wordw; is defined as the number of images correctly
annotated wittw; divided by the number of images that hayén

the ground truth annotation. Precisionwfis defined as the
number of correctly annotated images divided bytdti@ number

of images annotated witly;. F, is defined as: 2 x Precision x
Recall / (Precision + Recall). All three measuags averaged
over the subset of the 49 words with best perfoneas in [8].

To decide the final annotations, both “Top@and “Threshold”
strategies as aforementioned in Section 2.2.3 weed and
evaluated. Although the size of the candidate tatinms affects
the final annotation, we have tested it from 5 ®© dnd all
conclusions are consistent. In this paper it viieedfto 8 due to
the space limit.

The precision, recall anfg, of the “Top@mn’” results are shown in
Figure 1, 2 and 3. Since the candidate annotattdrRWRM,
CMRM and WNM for each test image are the same,r thei
performances tend to be consistent whileis approaching 8.
Although the precision of RWRM is only comparablighathat of
CMRM, RWRM outperforms CMRM when measured by recall
As a result, thé&; value of RWRM is higher than that of CMRM.
Both RWRM and CMRM consistently outperform WNM. érk
are two reasons for the poor performance of WNMe @ that it
does not utilize the original confidence scores cahdidate
annotations. The other is that the similaritiesMeen annotations
only depend on WordNet. There are 49 out of 374dwaf the
Corel dataset which either do not exist in WordMedcon or
have zero similarity with all other words using th@éN measure.
Moreover, the similarity defined using WordNet @retimes not
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Figure 1. Precision values comparison of Top@m

DRWRM ECMRM OWNM |

0.7

0.6 -

05 -

T 04 H
o

& o3 -

0.2 -

0 + -

1 2 3 4 qm 5 6 7 8

Figure 2. Recall values comparison of Top@m
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Figure 3. F; values comparison of Top@n
Table 1. Performance comparison of “Threshold” resiis

Precision Recall F,
CMRM 0.36 0.57 0.44
WNM 0.35 0.56 0.43
RWRM 0.41 0.55 0.47

appropriate for the annotation refinement probldror example,
“mountain” and “sky” usually appear in a sceneryfahtogether,
while “tree” and “flag” seldom simultaneously app&aan image.
However, with the JCN measure, the similaritieshef above two
pairs of words are 0.061 and 0.148 respectivelyjchvhis
unreasonable. With the proposed “co-occurrenaeilaiity, the
two similarities will be 0.430 and 0.095 respediiyevhich is
more reasonable.

The performances of three algorithms using the é%hold”
strategy are shown in Table 1. The thresholds BMVCMRM
and RWRM are 0.04, 0.06 and 0.1 which corresponithéobest



Table 2. Annotation results for five Web images

nature, sky, landscape,
sun, moon

beautiful, nature,
water, lily, life

nature, landscape,
water, art, house

Image
Annotations| amoer, animal, tiger, eiffel,landscape,
(top 5) safaripark, beekse tower, paris, night
http://www.photosig.c| http://www.photosig.c
URL om/go/photos/view?id om/go/photos/view?id
=202162 =68044 =332432

http://www.photosig.c
om/go/photos/view?id

http://www.photosig.
com/go/photos/view?
id=324661

http://www.photosi
g.com/go/photos/vie
w?id=19535

F, value on the validation set. Since for differémages, the
number of final annotations will be different witte “Threshold”
strategy, the results of “Threshold” are slighthzansistent with
that of “Top@n’. Although the recall of RWRM is only
comparable with that of CMRM and WNM, the precisioh
RWRM is much better than that of CMRM (+14%) and WN
(+17%). Therefore, thE; value of RWRM is higher than that of
CMRM and WNM.

3.2 Experimental Results of Web Images

Due to the difficulty of evaluating the refinemawsults of Web
images quantitatively, illustrative results of sele@mages from
photo forum sites, e.g. photosig [2] are used. gsaof such sites
have rich metadata such as title, category andoghapher's
comment. In the current implementation, the weigbt title,
category and comment are simply three, two, and dkre image
database is constructed which contains more than rmiflion
images from the forum sites. An image search engamed as
EnjoyPhoto was built based on the metadata of riegés [16].
The co-occurrence similarity is obtained using ERjooto as the
search engine. Table 2 shows the annotation seslfltfive
randomly selected images. The results show thatptioposed
algorithm performs well on Web images.

4. CONCLUSIONS

In this paper, we have presented a novel approach t
automatically refining the original imprecise arat@ins of both
Web and non-Web images. On the one hand, for Welges,
textual information is used to retrieve a set ofhdidate
annotations. On the other hand, for non-Web im#gatsare lack
of textual information, a relevance model-basedrtigm using
visual information is used to decide the candidateotations.
Then an algorithm based on RWR is proposed to nmk-the
candidate annotations, in which both the corpusrinétion and
confidence scores of original annotations are byed.
Experimental results show that the proposed algorit
outperforms an existing annotation refinement aigor and
could effectively improve the original annotatiaesults.
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