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Abstract: Among the most challenging scientific interests of the  past  years,  special  attention  
has  been  given  to  the  task of web image information mining. Web images exist in huge 
amounts  on the  web and  several  methods for  their efficient description  and  representation  
have  been  proposed  so  far. In many of the exploited algorithms, web image information is  
extracted  from  textual  sources  such  as  image  file  names, anchor  texts,  existing keywords  
and, of  course,  surrounding text. However, the systems that attempt to mine information for 
images using surrounding text suffer from several problems, such  as  the  inability to  correctly  
assign  all  relevant  text  to  an  image  and  discard  the  irrelevant  text  at  the  same  time. A 
novel method for indexing web images is discussed in the present paper. The proposed system 
uses visual cues in order to obtain a web page segmentation. The segments are represented 
with semantic metrics and a k-means clustering assigns these segments to  the  web  image  
they  refer  to. The evaluation procedure indicates that the semantic representation method of 
the visual segments delivers a good description for the web images. 

 
 

1. INTRODUCTION 
 
The rapid growth of World Wide Web, the development of  
cheap digital recording and storage devices and the 
extended use of social networks, have enabled the 
production of a huge amount of digital image collections. 
While more and more images, covering every conceivable 
topic, are uploaded every minute on the web, billions of 
users demand from web search engines to offer instant 
and intuitive image search by minimizing the necessary 
interaction for the optimization of the results. 
  
The  literature  reveals  two  main  approaches  which  are  
employed for the representation of web images: text-based  
methods and content-based methods. In the content-based 
approaches image features such as color, shape or texture  
are used for indexing and searching web images. The user  
provides a target image and the system retrieves the best 
 
 
 
 
 

ranked images  based  on  their  similarity  from  the  
user’s query. The use of content-based approaches to web 
image indexing and retrieval  has  several  disadvantages.  
Firstly, the extraction of the visual features is a time 
consuming procedure, strongly related  to  the  domain  
that  the  query image belongs to. Moreover, it is not 
always possible for a user to obtain at any time an image 
similar to the one he/she is searching for. Finally, although 
it has been a long time since scientists working on this 
approach defined the semantic gap [1], i.e. the inability of a 
system to interpret images based on automatically 
extracted features, a solution still does not exist. 
 
The  text-based  approaches on  the  other  hand,  use  the  
associate text as a source for deriving the content of 
images. Image file names, anchor texts, surrounding 
paragraphs or even the whole text of the hosting web page 
are examples of textual content that may be used in such 
systems. The user  provides keywords or key phrases and 
text retrieval techniques are used for the retrieval of the 
best ranked image. 
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One of the key issues in text-based methods for web 
image indexing is how the text blocks will be extracted 
from a web page in order to be used as concept sources 
for images. There are several approaches that attempt to 
address this. In a first approach, similar to the one 
described in [2], fixed-size sequence of terms are used. 
Although it is a time efficient method it yields poor results 
since the extracted text may be irrelevant to the image, or 
on the other hand, important parts of the relevant text may 
be discarded. Systems that follow a second approach, as 
[3] and [4], make use of the DOM tree structure of the 
hosting web page. In general these methods are not 
adaptive and they are designed for specific design 
patterns. 
 
Web page segmentation is a third approach to text extrac- 
tion from web pages. This method is employed in [5], 
where the  authors  use  Vision  based  Page  
Segmentation  (VIPS) [6]  in  order  to  extract blocks  
which  contain  both  image and text and construct an 
image graph using link structure. Web page segmentation 
is indeed a more adequate solution to the problem of text 
extraction since it is adaptable to different web page styles 
and depends on the visual cues that form each web page. 
Most of the proposed algorithms with this approach 
though, are not designed specifically for the problem of 
image indexing and therefore often deliver poor results [7]. 
  
In  the  proposed  system,  the  whole  text  that  is  found  
in  the  web  page  is  used  as  a  source  to  extract  
content 

 
 

Figure 1.   A part of the WordNet hierarchy. 

information for the web images. The structural text blocks 
of the web page are extracted using VIPS, but text 
fragments are assigned to images after their semantic 
representation. This representation is achieved using the 
WordNet project [8]. 
 
The  rest  of  paper is  organized as  follows:  Sec.  II  in- 
troduces  WordNet  and  the  similarity  measures  that  are 
defined through its taxonomies. Sec. III presents the pro- 
posed architecture while Sec. IV describes the evaluation 
of the proposed system. Finally some conclusions and 
future perspectives are given in Sec. V. 
 
II.  WORDNET 
 
WordNet is a popular research product that attempts to  
model the lexical knowledge that a native English speaker  
possesses. WordNet models each unique meaning of a 
word as a synset (i.e synonym set), which is always 
accompanied by an annotation which defines the exact 
concept of this word or set. An example of such a synonym 
set is the group {car, auto, automobile, motorcar} which 
contains words that native English speakers would 
consider synonyms. WordNet not only provides these 
groups and the corresponding definitions, but also 
important knowledge on the semantic relations  
that appear between different sets. These relations, 
namely the “IS-A”, “Has-Part”, “Part-of” and “Member-Of” 
form a hierarchy of words. A part of this taxonomy, which 
contains the synset {car, auto, automobile, motorcar}, is 
presented in Fig. 1. 

 
 
WordNet contains several Part Of Speech  (POS) items,  
such as nouns, verbs, adverbs and adjectives. However, 
only nouns and  verbs are organized into  hierarchies 
based  on “Is-A”  relations  as  those  which  are  presented  
in  Fig. 1. WordNet does not cross POS boundaries and 
therefore no judgements between concepts of different 
POS can be made. This property facilitates the  creation of  
flexible semantic  similarity measures between synsets of 
the same POS.  
 
In the literature, several methods attempt to quantize the  
similarity between WordNet synsets. The Path length 
(Spal) metric is a simple node-counting scheme as the 
similarity score it describes is inversely proportional to the 
number of nodes along the shortest path, L(s1 , s2 ) 
between two synsets s1  and s2 : 
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Spal =  
1

L(s1 ,s2 )
                                                          (1) 

 
On  the  other  hand,  the  similarity  measure  proposed  
by Leacock and Chodorow in [9] is given by 
 

Slch   =  
−log  L(s1,s2 ) 

2Dmax
                                                  (2) 

 

where Dmax  is the maximum depth in the WordNet 
taxonomy. In  [10],  Wu  and  Palmer  proposed  an  
alternative measure that calculates the similarity between 
two synsets s1 and s2  by considering their depths in the 
WordNet hierarchy, along with the depth of their least 
common subsume  (LCS) slcs: 

 

Swup =
2D(slcs  )

D(s1 ) + D(s2 )
                                                   (3) 

where D(s1 ) and D(s2 ) the depth of the synsets s1  and 
s2 in the WordNet taxonomy. In Table I the similarity 
values for the two synset pairs P1 = {structure, 
instrumentality} 
and P2  ={wheeled vehicle, taxi} are presented. The given  
values for the depths of the nodes and their LCS may not  
correspond to the actual depth when the whole WordNet  
hierarchy is used, however the comparison among the 
three different  measures  is  still  valid  since  the  given  
part  of the  taxonomy  may  be  considered  autonomous. 
The  Spal assigned  the lowest  similarities to  the pairs 
compared to the other two measures. For the synsets of 
pair P1 , which are siblings in the taxonomy, the metric 
resulted to a rather low score, while  for the  pair  P2 ,  
which  is  located  quite deep into the taxonomy, and 
therefore it is formed by less abstract terms, with similar 
meanings, resulted to an even lower score. 

 

On the other hand, the Slch  measure takes into account  
the depth of the taxonomy in which the synsets are found  
and therefore it is affected by the presence or absence of a  
unique root node. This form does not ensure a value 
range; it is not possible to conduct a meaningful 
comparison between the  numbers  0.78  and  0.56,  if  we  
are  not  aware  of  the maximum values these similarities 
could have. Moreover, this measure still rates P2  lower in 
terms of similarity while one would expect the opposite. It 
seems that measure Swup , which ensures a range 0 < 
Swup  ≤ 1  and also takes into consideration how abstract 
the two terms are, gives the best results  in  comparing  the  
similarity  between  two  synsets. Among other similarity 
measures, the above mentioned ones are  implemented  in  
the  Perl  module WordNet::Similarity . 

Table 1 
 
THE SIMILARITY VALUES BETWEEN TWO SYNSET 
PAIRS FOUND IN FIG. 1. THE MAXIMUM DEPTH OF 
THE TAXONOMY IS 9. 
 
Synsets L(s1 , s2 ) D(s

1 ) 
D(s2 
) 

D(slcs 
) 

Spal Slch Swup 

P1  
={structure, 

instrumenta
lity} 

3 4 4 3 0.33 0.78 0.75 

P2  

={wheeled 
vehicle, 
taxi} 

5 7 9 6 0.2 0.56 0.8 

 

 
 

 

 
Figure 2 The steps that are followed for estimating image 
regions. In (a) the input web page is broken into its 
constructing components. These components are 
separated into images and text blocks, as shown in(b). The 
distances between every image/text block pair is then 
calculated(c) and the regions presented in (d) are 
estimated using these distances.
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[11], which is used in the developed system as described 
in Sec. III. 
 
III. SYSTEM ARCHITECTURE 
 
The  proposed  system  performs  the  extraction  of  web 
image  content  information  following  the  four  steps  that 
are  presented  in  Fig. 2.  The  input  web  page  is  initially 
processed using the VIPS algorithm. Opposite to  [5], the  
VIPS algorithm is used in order to obtain the constructing  
blocks  of  the  web  page,  rather  than  blocks  that  
contain images along with textual information. Therefore, 
this step results  to  a  set  of  components  that  consist  of  
visually indivisible contents. Making use of the HTML 
source code of each component, it is possible to separate 
them into two groups: one comprising the web images of 
the web page and one the textual blocks. In the following 
step, the task of assigning text blocks to the images they 
refer to, and discard those that do not refer to any image, 
is addressed. In [12], two  different methods for estimating 
image regions were proposed and evaluated. In the first 
approach, the euclidean distances between each text block 
and image are calculated and the text blocks are assigned 
to the closest image. In order to discard text blocks that 
may refer to no images an adaptive statistical threshold is 
used. 
 
In the second approach, the Vector Space Model (VSM) 
[13] is used, representing the text blocks as vectors where 
each dimension corresponds to a different vocabulary term 
found in the web page. If a term occurs in a certain text 
block, its value (i.e. weight) in the vector is  1, while if it 
does not appear the weight is 0 (i.e. binary weighting). 
Based on this formulation the weight vectors are clustered 
using the k-means algorithm. The number of clusters is 
equal to the number of images found in the web page, plus 
one, so that any text that refers to no image is discarded. 
 
In [12], it was shown that when assigning textual blocks to  
web images, the k-means clustering of the above 
described VSM representation of blocks leads to poor 
results, compared to the naive approach of assigning text 
to the closest image and  discarding those  that  are not  
“close  enough”, according to some empirical threshold. In 
most web pages when two neighbouring text blocks refer 
to the same image and  contain  similar  semantic  content,  
the  author  selects synonyms in order to express the same 
meaning using a broader vocabulary. This action reduces 
the occurrences of each vocabulary term in the weight 
vectors and results to sparse weight vectors since the 
length of the used vocabulary is not proportional to the size 

of the average text block. It is important to reduce this 
sparsity of the vectors in order to  obtain a good clustering 
of the blocks based on their semantic representation. This 
may be achieved by merging words that share similar 
semantic concepts into new vocabulary terms. The 
extracted vocabulary is therefore processed using 
WordNet and the WordNet::Similarity module. 
 
The processing that takes place is illustrated in Fig. 3. As  
it is shown there, a recursive method is employed in order  
to transform the vocabulary using semantic information. 
The vocabulary is initially reduced to the terms that 
correspond 
 

 
Figure 3.   The process that is followed for reducing the 
size of the nouns and verbs in the vocabulary 
 
only to noun  (or verb) synsets, with the a check on their  
POS tag. The Swup  measure between every noun-to-
noun (or verb-to-verb) synset pair is then computed. The 
pairs that  share  the  highest  semantic  similarity  are  
considered candidates for the merging step. In order to 
decide which candidate pair will be merged in each step of 
the recursion, the depth of each synset in the WordNet 
taxonomy and their document frequency in the corpus is 
taken into account as follows. Among the candidates those 
that share the highest average depth in WordNet hierarchy 
are kept. If more than one pairs share the same average 
depth, the pair that appears more often in the corpus is 
merged. The process of merging candidate  pairs  
continues  while  the  rank  of  the  matrix comprising the 
weight vectors (i. e. the maximum number of linearly 
independent weight vectors) does not decrease. Although 
the reduction of the vocabulary size is critical in order to 
eliminate the sparsity of the weight vectors, it is also 
important not to introduce linear dependencies among 
them in order to obtain valid results in the clustering step  
that follows. 
 
An example of the above described recursive method is  
shown in Table II. The vocabulary reduction is illustrated  
in  a small  fragment of the vocabulary as  obtained using  
the text blocks shown in Fig.  2. From the  15  nouns that  
appear in these four text blocks, five representative 
samples were selected and form the weight vectors that  
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are shown in Table IIIa. In the same table, the terms’ depth 
in WordNet hierarchy and their document frequency (df) 
are presented. The document frequency of each term is 
calculated as the number of text blocks that contain this 
term, normalized to the total number of text blocks in the 
corpus. The application of the Swup  similarity measure on 
these terms results to the matrix that is presented in Table 
IIIb. Among the three term pairs that share the maximum 
similarity (i. e. candidate pairs: cp1 =  {t2 , t4 }, cp2  =  {t3 , 
t4 } and cp3  =  {t4 , t5 }) and also the same average depth 
in the WordNet hierarchy  d  =  7.5), the pair cp3  is the 
one that has the maximum average document frequency  
(d˜f =  0.5) so it is merged, into the new vocabulary term t′ 
4 , as appears in Table IIIc. The similarity value between 
this new term and the rest of the vocabulary is given by: 
 
Swup (t′ 4 , ti) = min{Swup(t4 , ti ), Swup (t5 , ti )} (4) 
 
The k-means algorithm, applied on the weight vectors of 
 
Table II 
THE VOCABULARY REDUCTION FOR THE EXAMPLE 
WEB PAGE WHICH IS ILLUSTRATED IN FIG. 2. 
 

Weight Vectors 
 

Term b1 b2 b3 b4 Depth Df 

t1 : earth 1 0 1 1 7 0.75 

t2 : surface 0 1 0 0 8 0.25 

t3 : crust 0 1 0 1 8 0.5 

t4 : layer 0 1 0 0 7 0.25 

t5 : mantle 0 1 1 1 8 0.75 

 
(a) The weight vectors for the four text blocks. 
 

Term T1 T2 T3 T4 T5 

T1 1 0.77 0.71 0.76 0.77 

T2 0.77 1 0.87 0.93 0.87 

T3 0.71 0.87 1 0.93 0.87 

T4 0.76 0.93 0.93 1 0.93 

T5 0.77 0.87 0.87 0.93 1 

 
(b) The similarity matrix for the above terms. The 
candidate pairs are shown in bold. 
 

Term T1 T2 T3 T4 

T1 1 0.77 0.71 0.76 

T2 0.77 1 0.87 0.93 

T3 0.71 0.87 1 0.93 

T4 0.76 0.93 0.93 1 

(c)  The  similarity  matrix  after  the  first iteration of 
dictionary reduction. The term t4 corresponds to the 
winning pair {t4 , t5 } 
 
The new dictionary, is used for the clustering of the text 
blocks into M  regions. Since each text block may refer to  
any image but it may also be irrelevant to every image, the  
number of clusters M is equal to the total number of 
images found in the web page plus one for text blocks 
irrelevant to every image. The clusters are initialized with 
text to image assignment based on euclidean distances. 
 
IV. EVALUATION 
 
For the evaluation of the proposed method, a corpus that  
consists of 40 real world web pages was created. The 
dataset which contains a total of 131 images, was 
manually labeled by an annotator who was asked to assign 
to each image found in  the web  pages, the text fragments 
that refer to it. The evaluation measures Precision, Recall 
and F-score as described for a similar task in [7], were 
applied on the output of the proposed system, giving the 
results that are presented in Table III. As it is shown there, 
the implemented vocabulary reduction offers an  important 
improvement to the clustering of the web page segments. 
The execution of the proposed algorithm yields an average 
content F-score equal to 0.7632 for the total of the 131 
annotated images, when the vocabulary is reduced with 
the use of WordNet 
 
Table III 
THE RESULTS OF TEXT BLOCK TO IMAGE 
ASSIGNMENT USING THE ORIGINAL VSM 
DICTIONARY AND ITS REDUCED VERSION . 
 

Method Precision Recall F-score 

Original vocabulary 0.3576 0.4528 0.4533 

Reduced vocabulary 0.7103 0.8705 0.7632 

 
similarity measures. The same metric is  0.4533  when the  
original vocabulary, as obtained using the VSM is used. 
The  combination  of  web  page  segmentation,  k-means 
clustering  and  vocabulary  reduction is  a  solution  for  
the problem of web image context extraction, which 
opposed to many state-of-the-art methods on the field, 
does not depend on the layout of the web page  (since the 
DOM structure is  not used). Furthermore, the  use  of 
WordNet improves the k-means clustering results as 
expected, since semantic information should not be 
omitted when it comes to web image context extraction. It 
is critical however, for our future experimentation, to test 
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more similarity measures, which are available through the 
WordNet::Similarity project in order to ensure the validity of 
the selected metric in the context of the described task. 
 
V.  CONCLUSIONS 
 
In this paper we presented an image retrieval system that  
uses textual information in order to extract the context of  
the images that are  found in  a  web  page. It  uses  visual  
cues in order to identify the components of the web page,  
and  assigns  the  textual  blocks  to  images  using  
semantic information,  that  emerges  through  the  
application  of  the VSM and the similarity measures of the 
WordNet project. The results show that the semantic 
relations between the vocabulary terms offer information 
which us important in order to decide which text blocks 
refer to which image, or whether a text block does not refer 
to an image at all. 
 
However, the method that has been employed for realizing  
the vocabulary reduction, it was mainly inspired from the  
empirical knowledge on the problem. It should be further  
examined,  in  order  to  result  to  a  scientifically  justified  
set of rules that define the exact methodology of merging  
words into new vocabulary entries. Moreover, it is in our  
future goals to encode semantic cues in the initialization  
of clustering of the text blocks as well, as in the present  
work this only depends on visual information and euclidean  
distances. Finally, it is critical for generalization purposes  
to conduct the evaluation using a dataset that contains 
more web images than our current dataset does, and these 
images to be labelled by more than one annotators so that 
interannotator agreement is taken into consideration. 
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