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Abstract

In this paper we propose an approach to automatically atengtzery
images with keywords. We use kernel Canonical Correlatioalysis
to learn a semantic representation between images andatsiciated
documents. The semantic space provides a common represe @ad
enables a comparison between the documents and imagesepitasen-
tation is then used in the creation of new document, comghfizan the
keywords that best t the image query. We compare our metlyadiest
a standard cross-representation retrieval technique kiagviGeneralised
Vector Space Model.

1 Introduction

Due to the increasing rise of multimedia data available lwotHine and off-line we are
faced with the problematic issue of our ability to access akenuse of this information,
unless it is organised in such a way as to allow ef cient brimgssearching and retrieval.
One of the issues is image labelling or multi-labelling where would like to annotate
an image with several keywords which best describe it. Aneselution proposed by [1]
is image segmentation which then has key words associatadheé different segmented
parts of the image. In this work we purpose an approach whicludes any tampering
with the image structure and the favouring of words to spedategories. In previous
work [2] we presented an approach based on Kernel Canonicakldtion Analysis
(KCCA) using the content of both views to retrieve imagesellasn a text query by
looking for the highest weighting between the query text tiedtest images in the feature
space. We could reverse the system to look for the best nmatcdtcument in the given
test-set to an image query. Although we claim that a) you nwyhave documents to test



against, other than those in the training-set, and b) we dvbke to annotate an image
qguery independently from the given set of words within a spetocument. Hence we
create a new documedt which contains the keywords that best t the query image. It
is important to state that during the training stage we dodwoany word annotation to
the images other than using KCCA to nd a common feature regmeation between the
documents, and hence words, to the images.

The paper is divided as follows, in Section 2 we give a brigfoduction to CCA
for brevity we exclude the full kernelisation of CCA. In Siect 3 we present a method of
creating a new documedt which best ts the query image while in Section 4 we present
our experiments and results. Finally we present our coimigsn Section 5.

2 Canonical Correlation Analysis

Proposed by H. Hotelling in 1936 [4], Canonical correlataralysis can be seen as the
problem of nding basis vectors for two sets of variableststitat the correlation between
the projections of the variables onto these basis vectermatually maximised. Correla-
tion analysis is dependent on the co-ordinate system inhwthie variables are described,
so even if there is a very strong linear relationship betweensets of multidimensional
variables, depending on the coordinate system used, fatforeship might not be visible
as a correlation. Canonical correlation analysis seeksrapbnear transformations one
for each of the sets of variables such that when the set cblas are transformed the
corresponding coordinates are maximally correlated.

h; i denotes the Euclidean inner product of the vectxoy and is equal tox%.
WhereAto denote the transpose of a vector or mafrix

Consider a multivariate random vector of the fofp;y). Suppose we are given a

choosing a directiomnvy, and projecting« onto that directiorx ! h wy;xi if we do the
same fory by choosing a directiow, we obtain a sample of the newco-ordinate, let

choosew, andwy to maximise the correlation between the two vectors. Inmotwds
the function to be maximised is
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We useé[f (x; )] to denote the empirical expectation of the functiofx;y), where
EIf (x;y)] = T ::1 f (Xi;yi). We can rewrite the correlation expression as
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subject tow, Cyx wyx = 1 andwy, Cyy wy = 1 as the quotient is not effected by rescaling
of wy andwy. The total covariance matri€ is a block matrix where the within-sets
covariance matrices ar€, and Cy, and the between-sets covariance matrices are

Cy = C}‘,)X , although this is subjected to the data having a zero-mean.



The dual form of CCA can be formulated by expressing the mmg(ghtswx and
document weight$Vy, as a linear combination of the training examplg = X©°

andWy = YO whereX andY are matrices with row$x;;:::;x,g andfyi;:::;y|g
respectively. LeWy = wi;:::;wl  andw, = w§"";w; as we obtain a set of
weight vectors for each sample Respectlvel;and are a sequence of feature vectors
suchthat =f %;:::; 'gand =f 1;:::; 'g.

Following [3, 7, for full derivation] the dual form of CCA wlitregularisation parameter
will be given by solving

K (K,
(@ ) KZ + X, )@ ) KZ o+ K, )

max = ¢

subjecttol ) KZ + XK, =land(l ) K7 + K, =1.WhereKy
is the kernel matrix for the images akd, the respective kernel matrix for the documents.

3 Creatingd Matching the Image Query

We confronted with the problem of creating a new docuntenivhich best matches our
image query. Based on the idea of the CCA we are looking forcéovesuch that it has
maximum correlation to the query image respect to the weightrices and . Let

f = K} , where the vectoK ) contains the kernelized inner products between the query
imagel and the images occuring in the training set. We have

ngaxh‘;Wyd i; (1)

whereW, = Y©° . Assume that the new document is represented in the form D
whereD a design matrix with siza  m, wheren is the number of known words in the
training dataset anth is an arbitrary number depending on the expected strucfutteeo
document. The reader can nd examples to the design mattonbeThe is a vector
variable givingsa convex combination of the columns of theigie matrix, thus it satis es
the constraints i”;l i=land ; O;i=1;:::;m. The problem becomes

max f 0\/Vy D (2)

under the same constraints. Applying the notat®n f A%, D we have
maxc’; 3)

therefore due to the constraints the components of the aptisolution  equal to

_ 1 i=argmax;¢g;
()i = o otherwise )

If the design matribD is the identity matrix then we receive a document comprising
word only. LetK be a given number, if every column Bf containsl in K components
and all other components aeand all possible but different vectors are included witls thi
property inD then one can derive the best tting document contaidngvords. It is ease
to show the optimum solution for this design matrix gives¢bkimn ofD corresponding
to theK greatest values of the vectiow, , hence without building up a huge design matrix
theK best words tting to the query image can be found.

4 Experiements

In the following experiments the problem of learning the aatits of multimedia content
by combining image and text data is addressed. The learrarg@s is then applied to



Table 1: Confusion matrix of th# of words in each subset.

A B C
A | 1269 | 447 | 324
B | 447 | 850 | 86

C | 324 | 86 | 327

Table 2: Example of words in categories:

Sports aa, aaron, abdominal, abdul, abdur, abe, ability,
abroad, absence, accomplish, accounted, achieve, aclsllacquired . ..
Aviation air, airborne, aircraft, airesearch, air eld, air ow, air frame,
airline, airliner, airmotive, airpark, areonautical, ala ska, alap ...
Paintball warriors, watch, weather, web, wednesday, white, wildcard,
wild re, win, wing, winning, wizard, wordogz, work, world . ..

the annotation of keywords to query images. The aim is tonatetrieval of keywords
from an image query without reference to any labelling aiséed with the image. We
use a combined multimedia image-text web database, whishkimaly provided by the
authors of [5]. The data was divided into three classes: tSpeiation and Paintball, 400
records each and consisted of jpeg images retrieved fromtiimet with attached text. We
randomly split each class into two halves. The extractefea of the data were used as in
[5] (detailed description of the features can be found in:[Bhage HSV (Hue Saturation
Values) colour, image Gabor texture and term frequencitreeitext. The representation of
the words is a crucial one, as we wish to capture the infoomatlating the words within
the documents to the images, therefore we compare two agpsaf word representation;
The term frequency vector which is the number of occurrenttee word in the document,
and Term Frequency Inverse Document Frequency (TFIDF) [B¢hvis

N

TFIDF (di;wj) = (# *of w ind)) Iog(# of documents that contain w |

) ()
where N is the number of documents,is document andw; is wordj .

We compare the performance of our method with a retrievairiggie based on the
Generalised Vector Space Model (GVSM). This uses as a sarfaature vector, the
vector of inner products between either a query image anl gaming images or test
documents and each training label. The rst view was obtibg the combination of a
Gaussian kernel (with as the minimum distance between the different images) with a
linear kernel on the Gabor textures, and the second view liryear kernel on the term
frequencies or TFIDF features. We compute the KCCA regsdéion parameter as
described in [2].

Let W be the set of all words in our database comprising of an dvefal3522
words and lefA;B;C W such thatA is the Sports category with259words,B the
Aviation category with1602words andC the Paintball category wit856 words. The
words inW are associated to the categories by the following approfactexample, if
wordw is associated to an image that belongs to categomy will belong to A as well.
In table 2 an example of the different words in the categ@iegpresented.

After nding the new document as described in Section 3 we try and evaluate the

14 - number



A - Sports B - Aviation

1269 850

e/

327

C - Paintball

Figure 1:We separate the dictionary into its categories with overlaping regions.

relevance of the words found to the query image. As we atteanpautomatic word
retrieval where human intervention is at a minimum the deéami of a “relevant” word is
not trivial. We attempt this de nition by denoting three &g of relevance, the rst - level
1, If a word is in a category (including overlapping categsyiand is the same label as
the image, it is considered as a success with a weiglitiotherwise the word will have
a weighting of0. In level 2 we follow the weightings of level but start penalising the
words that are in overlapping categories b:25 such that if a word belongs to either of
the two overlapping subsets it will be given a weightinddof5 and a weighting 00:5 if
it belongs to all three. The last and nal level, le\&lwe further increase the penalty to
0:5 such that if a word belongs to either of the two overlappinggaries it will have
a weighting0:5 and if the word belongs to all three categories it will be ddesed as a
mistake (a weighting 0B). The choice of the penalty is arbitrary.

In tables 3 and 5 we present the KCCA comparison between tleward repre-
sentation for a retrieval task df and 10 words, the best success rate for the specic
task is highlighted. The presented results are an averagreativthe query test images
(600 repeatedlO times for the eigenvector selection giving the highestieetd %. In
each repeat we randomly split the testing and training sasnpin tables 3 and 5 'eig’
are the corresponding eigenvectors used in the featuregti@j to obtain the result. As
shown in [2] we do not need to test for all eigenvectd@®( as the success rate will
generally saturate after half the number of eigenvectdner&fore we suf ce in testing for

a selection ol  300eigenvectors and picking the best one for the speci c test.

We expect that for some of the image queries the keywordsdvouérlap, although
as we would like to show that our approach does not returnritialtsolution (i.e. the
same keywords for all queries). We compute the variardethe correctly retrieved

keywordsvariance = #ofdiferent correct words found In the case of retrieving0

words we can not avoid overlapping keywords, therefore wenatise the variance by the
maximum different keywords possible in that cggg2:).

As we expect when increasing the penalty in the three levelelevance, the suc-

2In variance we mean the difference between words.



Table 3: KCCA: Success results using term frequency. (eigerwectors)

Retrievingl word Retrieving10 words
Retrieval | Variance| # eig | Retrieval | Variance| # eig
Levell | 96:27% | 0:77% 3 89:51% | 1:65% 5
Level2 | 7317% | 3L17% | 270 | 7177% 21% 283
Level3 | 51:119% | 37:2% | 273 | 4545% | 2:81% 6

Table 4: GSVM: Success results using Term Frequency

Retrievingl word | RetrievinglOwords
Retrieval | Variance| Retrieval | Variance
Levell | 80:07% 0:41% 61:69% 0:58%
Level2 | 52:43% 0:63% | 44:55% 0:8%
Level3 | 24:79% 0:68% 27:4% 1:03%

Table 5: KCCA: Success results using TFIDF features.(eigereectors)
Retrievingl word Retrieving10 words
Retrieval | Variance| # eig | Retrieval | Variance| # eig
Levell | 8814% | 32.55% | 264 | 86:22% | 20:02% | 299
Level2 | 75:69% | 3893% | 278 | 72:75% | 23:72% | 299
Level3 | 63:34% | 41.75% | 278 | 59:24% | 25:74% | 296
Table 6: GSVM: Success results using TFIDF
Retrievingl word | RetrievinglOwords
Retrieval | Variance| Retrieval | Variance
Levell | 3562% | 0:95% | 5433% | 0:87%
Level2 | 3562% | 0:95% | 4321% 1:1%
Level3 | 3562% | 0:95% | 3209% | 1:15%

cess of retrieving a “relevant” keyword will diminish. Ablagh the TFIDF features need
a larger number of eigenvectors for the feature projectiaa able to produce a higher
success rate then that of the term frequency vector, exneptel 1 although we note
the low variance that implies that the retrieved keywords\ary similar. We see that
as we increase the weight of the penalty TFIDF is able to ektkards which are more
singular to the topic and of a higher variance. In previouskwW@] we have shown that
increasing the number of eigenvectors for the feature Sefewill increase the success
rates of the content-based image retrieval task, as vigiblables 3 and 5 we can see a
similar effect on the variance of the retrieved keywordstalles 4 and 6 we present the
baseline approach using term frequency and TFIDF. We aegtabliew that even with the
high success rate of retrieval in levielsing term frequency representation of the text the
variance of the words are extremely low meaning that GSVMs tlte same keywords for
most of the queries. Clearly, KCCA is consistently bettantthe baseline method in both
approaches.

In gures 2, 3, 4 and 6 we show examples of query images witir théginal text and the
words retrieved using KCCA levélweighting scheme with TFIDF. The words that belong
to the same category as the image are in bold while those wainéch mistake are italicised.
Figure 5 shows an example of an image with a more complicate¢dssigned to it.



| Figure 2: Aviation: Original captionis posed as if its nose gear
| has collapsed. executive decision is to the right of centethe

| 747-200 that appeared in the rookie appears at center. the oe

@ vair 880 that was used in speetbbest matchinglO words, from
highest to lowest rankcbnvair, museum, cccp, eagle, voyage, cv,
% protivophozharny, tower, pima, roll”.

Figure 3: Aviation: Original captionéc-121k, 141309, c/n 4433
air force museum's page about ec-121d, 53-0555 ec-121k,

141309 at the mcclellan afb museum on april 3, 1993. it was

built as a navy wv-2, but it is displayed as air force ec-12153-

==/ (0552. its lockheed construction number is 4433. best match-

& ing 10 words, from highest to lowest rankriuseum, commando,

“® goodyear, pima, page, takes, link, air, afb, castle

Figure 4: Paintball: Original captiorb&nini ref ng ” best matching
b | 10words, from highest to lowest rankdte, darkside, kc, strange,
! team, wildcards, takeover, avljalde, hostile, check

Figure 5: Sports: Original captiorap photo more photos febru-
ary 18, 2002 toronto (ap) — sam cassell 's injured toe didn't birt
his effectiveness against the toronto raptors . but he mighte se-
lective about future games he plays in so he's ready for the pl-
offs. “i'd rather take care of it now,” said cassell, who missed
two games with a sprained left big toe before scoring 20 poist
in the milwaukee bucks ' 91-86 victory over the toronto raptas
on sunday. “this is not a joke,” he said. “this is probably the
worst i've felt as a professional basketball player. it's panful ev-
ery step you take. coach says, 'you can take the pain!" but not
this kind of pain.” cassell, who scored eight points in the farth
quarter, said he would need 20 days to heal. “we have a game
(monday) and there is a big possibility i might miss it,” he s&d.
“this is the worst injury because there is nothing you can doft
for it. you can tape it, you can treat it. i never knew the big tce
meant so much.” ray allen also had 20 points, michael redd 16
and tim thomas 15 for the bucks, who lost eight of their previ-
ous 10. alvin williams scored 24 points, but was 3-of-4 fromhe

i foul line late for the raptors, who have lost four straight since the
all-star break. vince carter , hakeem olajuwon , jerome willams

# and dell curry missed the game with injuries. :::” best match-
ing 10 words, from highest to lowest ranlkbbyz attitude, pt, hot,
urban, quest ,ripteam,apmatrix’.

Figure 6: Paintball: Original captiorafl americans’ best match-
ing 10 words, from highest to lowest rankef, farside, american,
team, trauma, stay, leader, ag, takeover, avljaldé.




5 Conclusions

The problem of retrieving information via content is stilhan trivial one, although we
present a relatively simple approach in annotating queagies with keywords using kernel
Canonical Correlation Analysis to nd a semantic repreagah which is common for both
views. We nd that although the simplicity of the approachr oesults are promising and
better then baseline method when using TFIDF with a suf timmmber of eigenvectors
for the feature projection. Though issues still remain sashhow can one de ne a better
“relevance” test for the retrieved keywords? As we may aBechimage queries that do
not have their associated keywords in the training corgusal also be relevant to device
a probabilistic scheme for the word penalty rather thengiaim arbitrary one. A further
avenue that could be looked at, is the method of creating éedocument . Ideally
to test the full potential of the system we would like to téstn a large scale image-text
database system.
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