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Abstract 
We study several semantic concept-based query 

expansion and re-ranking scheme and compare different 

ontology-based expansion methods in image search and 

retrieval. In particular, we exploit the two concept 

similarities of different concept expansion ontology-

WordNet Similarity, Wikipedia Similarity. Furthermore, 

we compare the keywords semantic distance with the 

precision of image search results with query expansion 

according to different concept expansion algorithms. We 

also compare the image retrieval precision of searching 

with the expanded query and original plain query. 

Preliminary experiments have been able to demonstrate 

that the two proposed retrieval mechanism has the 

potential to outperform unaided approaches. 

 

1. Introduction 
The presence of particular objects in an image often 

implies the presence of other objects. If term U → V, and 

if only U is indexed, then searching for V will not return 

the image in the result, even though V is present in the 

image. The application of such inferences will allow the 

index elements Ti of an image to be automatically 

expanded according to some probability which will be 

related to the underlying ontology of the application. 

There are two types of expansion:  

(a) Aggregation hierarchical expansion 

This relates to the aggregation hierarchy of sub-objects 

that constitute an object. 

The objects can be classified as: 

(i) Concrete, where the relevant objects are well-defined 

(e.g. an orchestra expanded to conductors, violins, 

trumpets, clarinets etc, and see Fig. 1) 

 

Fig. 1. The concrete aggregation hierarchical expansion, 

where the relevant objects are well-defined. In this 

example, an orchestra is expanded to conductors, violins, 

trumpets, clarinets etc. 

(ii) Abstract, where the objects are not concretely defined 

(e.g. although ‘conflict’ is not a definite visual object, it 

does contain certain common characteristics). 

Associated with each branch is a tree traversal probability 

tij (Fig. 2) which signifies the probability of occurrence of 

the branch index given the existence of the parent index. 

In general, the traversal probabilities of different object 

classes exhibit different characteristics, with tij > t’mn for tij 

belonging to the concrete object class, and t’mn belonging 

to the abstract object class. 

 

Fig. 2. A tree traversal probability tij which signifies the 

probability of occurrence of the branch index given the 

existence of the parent index. 

(b) Co-occurrence expansion 

This relates to the expectation that certain semantic 

objects tend to occur together. The relevant weighting is 

expressed as a conditional probability given the presence 

of other objects. An expansion to associate an image 

object Oj given the presence of object Oi is taken to be 

indexable when 

Prob [Oj |Oi] ≥ h’                                      (1) 

where h’ is a preset threshold value that depends on the 

tradeoff between precision and recall performance of the 

system. More generally, complex probabilistic rules 

taking the form 

Prob [Oj |O1,…, On] ≥ h’                                  (2) 

 

 



will be applied. The ontology expansion tree is traversed 

bi-directionally in the course of the expansion. Top-down 

traversal will lead to an expansion factor > 1, while 

bottom-up traversal will have an expansion factor < 1 at 

each level of expansion. 

There are, in general, many sub-trees whose roots are the 

nodes of the ontology expansion tree. Each sub-tree has 

been fully expanded, and it has an expansion reliability 

factor 0 < r < 1, which signifies the dependability and 

completeness of the associated expansion. For high 

precision retrieval (π ≈ 1), only sub-trees, which are 

having a significant reliability factor, need to be traversed; 

and nodes with a small value for r will be pruned. 

Decision rules linking expandability with π and r can be 

determined. [1] 

In this paper, we mainly focus on WordNet Similarity and 

Wikipedia Similarity. Details of the two will be discussed 

in this paper later. 

This paper is organized as follows.  Related work will be 

introduced in section two; our ontology-based query 

expansion similarity measures will be presented in detail 

in section three; then the experiments, as well as results 

will be reported in section four, followed by a conclusion 

in the last section. 

 

2 Related Work 

2.1 Semantic Knowledge from Ontology Approach 

As for redefining image indexing, the most popular way is 

to simplify the semantic knowledge into the semantic 

similarity between concepts. Semantic similarity [2] or 

semantic relatedness is a concept whereby a set of 

documents or terms within term lists are assigned a metric 

based on the likeness of their meaning / semantic content.  

Concretely, this can be achieved for instance by defining a 

topological similarity, by using ontologies to define a 

distance between words (a naive metric for terms arranged 

as nodes in a directed acyclic graph like a hierarchy would 

be the minimal distance—in separating edges—between 

the two term nodes), or using statistical means such as a 

vector space model to correlate words and textual contexts 

from a suitable text corpus (co-occurrence).   

2.2 Semantic Knowledge from Probabilistic 

Approach 

Probabilistic query expansion is usually based on 

calculating co-occurrences of terms in documents and 

selecting terms that are most closely related to query terms 

[3]. In [4], it categorizes existing approaches for visual 

concept-based retrieval similarly into three categories for 

text-based approaches − lexical, global statistical, and 

local statistical approaches. Lexical approaches for visual 

concept-based query expansion are based on textual 

descriptions of the visual concepts, which essentially 

reduce the problem to that of lexical text-based query 

expansion. Typically, each concept is represented with a 

brief description or a set of representative terms (e.g., 

synonyms). Given a textual query, the query words are 

then compared against the concept descriptions, and any 

matched concepts are used for refinement, where the 

matching may be exact or approximate. Global techniques 

extract their co-occurrence statistics from the whole 

document collection and might be resource intensive, 

although some of the calculations can be performed 

offline. Local techniques extract their statistics from the 

top-n documents returned by an initial query and might 

use some corpus wide statistics such as the inverse 

document frequency, but they must be fast because they 

delay the response of the system. All calculations for local 

methods are done online; just after the user supplies the 

query and before presenting the results to the user [3]. 

3 Concept-based Similarity Distance 

In our previous research [5], web images could be mainly 

categorized into the following four different types: (i) 

images without any caption nor annotation (ii) images 

with caption but no annotation nor tags (iii) images 

annotated with keywords and tags (iv) images provided 

with the full MPEG-7 annotation. For those with some 

basic caption, such primitive level of information may be 

exploited to carry out inferential reasoning based on 

domain content. It has been found in our study in [6] that 

captions may sometimes harm annotation correctness, and 

QBE techniques can be additionally deployed to attempt 

to filter out the misleading captions and provided 

keywords.  

3.1 WordNet Similarity 

WordNet [7], is one of these applications of semantic 

lexicon for the English language and is a general 

knowledge base and commonsense reasoning engine.  

The purpose of the work is both to produce a combination 

dictionary-and-thesaurus that is more intuitively usable, 

and to support automatic text analysis and artificial 

intelligence applications. 



For example, by using WordNet, ‘downtown’ has been 

expanded to ‘business district’, ‘commercial district’, ‘city 

centre’ and ‘city district’, while ‘city district’ has been 

expanded to ‘road’, ‘building’, ‘architecture’, ‘highway’ 

and ‘hotel’. The semantic knowledge is hierarchically 

expansible from the query terms and concepts and 

knowledge can be expanded extensively. The more 

extensive and complete such hierarchies, the greater the 

scope for rich semantic manipulation. 

Recent research [8] on the topic in computational 

linguistics has emphasized the perspective of semantic 

relatedness of two lexemes in a lexical resource, or its 

inverse, semantic distance. 

The first line of research [9], which brings together 

ontology and corpus, tries to define the similarity between 

two concepts c1 and c2 lexicalized in WordNet, named 

WordNet Distance (WD). It indicates by the information 

content of the concepts that subsume them in the 

taxonomy. Formally, define: 

      1 2 1 2, ,sim c c max c S c c logp c          (3)
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  and N is the total number of 

nouns observed. And S(c1, c2) is the set of concepts that 

subsume both c1 and c2. Moreover, if the taxonomy has a 

unique top node, then its probability is 1. In practice, we 

often measure word similarity rather than concept 

similarity. Using s(w) to represent the set of concepts in 

the taxonomy that are senses of word w, define 

      1 2 1 2 1 2, , ,wsim c c max c S c c sim c c      (4)
 

where c1 ranges over s(w1) and c2 ranges over s(w2). 

It defines two words as similar if near to one another in 

the thesaurus hierarchy. For example, refer to Fig. 3, 

‘entity’ can expand to ‘inanimate-object’. Then 

‘inanimateobject’ can expand to both ‘natural-object’ 

followed by ‘geological-formation’. It then expands to 

both ‘natural-elevation’ and ‘shore’. The former can 

expand to ‘hill’ while the latter expands to ‘coast’. 

 

Fig. 3. Example demonstrate the way WordNet Distance 

defines two words are similar if nearby in thesaurus 

hierarchy 

Beside the original work, researchers [10] propose a 

similarity measure between arbitrary objects. It uses the 

same elements but in a different fashion: 
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   (5) 

3.2 Wikipedia Similarity 

Wikipedia is the world’s largest collaboratively edited 

source of encyclopedic knowledge. In spite of its utility, 

its contents are barely machine-interpretable. Each article 

in Wikipedia describes a single topic; its title is a succinct, 

well-formed phrase that resembles a term in a 

conventional thesaurus. Meanwhile, each article must 

belong to at least one category of Wikipedia. Hyperlinks 

between articles keep many of the same semantic relations 

as defined. 

WikiRelate [11] was the first to compute measures of 

semantic relatedness using Wikipedia. Their approach 

took familiar techniques that had previously been applied 

to WordNet and modified them to suit Wikipedia. 

Implementation of WikiRelate follows hierarchical 

category structure of Wikipedia. 

The Wikipedia Link Vector Model (WLVM) [12] uses 

Wikipedia to provide structured world knowledge about 

the terms of interest. Their approaches are using the 

hyperlink structure of Wikipedia rather than its category 

hierarchy or textual content [13]. 

Probability of WLVM is defined by the total number of 

links to the target article over the total number of articles. 

Thus if t is the total number of articles within 

Wikipedia, then the weighted value w for the link a → b is: 

1

( ) | | log( )
| |

t

x

t
w a b a b

x b

   



  (6)

 

where a and b denotes the search terms. 

For example, calculate the similarity between Israel and 

Jerusalem, one would consider only the nation and its 

capital city. The commonness of a sense is defined by the 

number of times the term is used to link to it: e.g. 95% of 

Israel anchors link to the nation, 2% to the football team, 

1% to the ancient kingdom, and a mere 0.1% to the Ohio 

township. According to Equation 4.11, WLVM value of 

both terms Israel and Jerusalem is 0.994, which is 

completely reasonable. 
 



4 Preliminary Experiments and Results 

We compute the relatedness of the searching keywords 

and their related concept using WordNet Similarity and 

Wikipedia Similarity, and then search images by the plain 

keywords as well as the related words expanded from the 

WordNet Similarity computation and Wikipedia 

Similarity computation. As shown in Fig.4 and 5, for 

Example, the word “downtown” can be inferred to 

“Brooklyn”, “Maryland”, and so on according to 

WordNet Ontology Similarity; while “downtown” can be 

inferred to “driving”, “tower”, and so on according to 

Wikipedia Ontology Similarity. The blue lines 

(Relatedness line) indicate the performance of relatedness 

rates between concept ‘downtown’ and other 327 concepts 

computed by the WordNet distance/Wikipedia distance. 

The red lines (Precision 1 line) show the image search 

precision with only the expanded keyword such as search 

by “Brooklyn”.  The green lines (Precision 2 line) 

represent the image search precision with the expanded 

keyword combined with the original plain keyword such 

as search by “downtown + Brooklyn”. We use Flickr as 

the Web Image Database the test the precision.  

 

Fig. 4. Performance of relatedness rates between concept 

‘downtown’ and other 327 concepts computed by the 

WordNet distance and image seaching precision 

 

Fig. 5. Performance of relatedness rates between concept 

‘downtown’ and other 327 concepts computed by the 

Wikipedia distance and image seaching precision 

The precision is calculated as follows: 

 
|{ _ } { _ }|

Pr
|{ _ }|

relevant images retrieved images
ecision

retrieved images


    (7) 

We also do the experiment on other 100 concepts, 

10,000+ web images. And the results are showing in table 

1 and 2: 

TABLE 1.  PERFORMANCE OF SEMANTIC RELATEDNESS 

MEASURES OF WD ALGORITHMS WITH THEIR STANDARD 

DEVIATIONS 

  

  

WD Relatedness Precision 1 Precision 2 

Tagged 

Term 
1 0.630 0.630 

word 1 0.687 0.786 0.905 

word 2 0.582 0.730 0.827 

word 3 0.498 0.629 0.752 

word 4 0.467 0.560 0.710 

word 5 0.401 0.541 0.633 

word 6 0.393 0.429 0.575 

word 7 0.352 0.425 0.514 

word 8 0.325 0.325 0.405 

word 9 0.308 0.270 0.388 

word 10 0.301 0.125 0.345 

word 11 0.265 0.124 0.235 

word 12 0.239 0.05 0.210 

… ... … … 

uninterest

ingness 
0 0 0 

 

 

 



TABLE 2.  PERFORMANCE OF SEMANTIC RELATEDNESS 

MEASURES OF WLVM ALGORITHMS WITH THEIR 

STANDARD DEVIATIONS. THE TARGETED TERMS IS 

UNDERLINED. 

   

In these two tables, tagged term is the original keyword, 

such as “downtown”. Word 1-word 12 are the expended 

words/concepts base on WD (WordNet Distance) and 

WLVM (Wikipedia Link Vector Model). Precision 1 

column shows the image search average precision with 

only the expanded keywords of all tested tags.  Precision 2 

column represents the image search precision with the 

expanded keyword combined with the original plain 

keywords of all tested tags. 

As we can see in Table 1 and 2, average precision are all 

satisfactorily higher compared with the only searching by 

the original terms. The value of precision increases with 

the relatedness increases. The performance of semantic 

relatedness of WD and WLVM could affect the image 

search performance positively. Meanwhile, the image 

search precision line goes with the WLVM semantic 

similarity line a little better than WD semantic similarity 

line. Furthermore, the precision of searching with original 

concept combined with the expanded concepts are higher 

than searching with only expanded keywords. These 

results indicate that significant improvement in 

performance may be attained from using the keywords 

expansion approach base on WordNet or Wikipedia 

ontology.  

5 Conclusion 

We explore numbers of semantic relatedness measure 

algorithms and developed an ontology-based, i.e. WD, 

WLVM. Our system is evaluated quantitatively, and 

experimental results indicate that this approach is able to 

deliver highly competent performance. Our approach, 

both search web image with the additional concepts 

expanded by WordNet Similarity and Wikipedia 

Similarity, not only demonstrates the applicability of 

ontology to the image annotation problem, but also using 

the sub-objects as surrogate terms for general queries 

improves the precision in the image sets. 

However, there still exist some limitations in our 

proposed methods. This thesaurus based approach has its 

limitations: lots of detailed semantic knowledge present 

has been lost and it does not provide a quantitative 

measure of the semantic similarity between concepts. Our 

future work consist of developing algorithms for 

increasing image retrieval precision of our model, and 

working out more accurate and fast re-ranking scheme, to 

achieve greater user satisfaction. 
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