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Abstract
In this paper, we propose an approach to automatically constructing personalized image taxonomy based on a hierarchical agglomerative algorithm. Personalized image taxonomy has the advantages of providing personalized image browsing and annotation. Given an image embedded in a Web document and the generated taxonomy, a set of terms derived from the document and the taxonomy can be properly selected as keywords to annotate the image. Experimental results indicate that the proposed approach is effective to construct image taxonomy and is practical in image annotation.

1. Introduction
The ease of creating and capturing digital images, for example, increasing use of digital cameras, will lead to more images to be published on the World Wide Web. Faced with a large set of image collections, a Yahoo!-like image directory can help users get started, directing them into a particular subset of topics. However, the way to interpret images’ meanings brings the problem of the subjectivity of human perception. Figure 1 illustrates an example where three users emphasize different aspects of the same Web-images and describe in very different manners. For example, images WI1 and WI2 may express the concepts of “the movie directed by Steven Spielberg in 1982” and/or “alien.”
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Figure 1. An example of multiple views of Web images.

A number of recent works have explored automatic construction of image taxonomy for browsing in user-defined domain [10,11,5] where it was assumed semantically-relevant images had similar visual features. They focused mainly on distinguishing certain semantic types of images such as city versus landscape [10] and graph versus photograph [11] based on low-level image features such as color, texture and shape. Organizing such image-feature classifiers into a hierarchy is not a natural way for browsing [8]. On the other hand, some researches attempted to arrange images by semantic similarity instead of visual similarity. WebSEEk [2], a Web image search engine, extracted key terms from URL addresses and html tags and then classified them into topics. Barnard et al. [1] presented a statistical model for hierarchically modeling the statistics of word and feature occurrence and co-occurrence and for organizing image collections which simultaneously integrated semantic and visual information. Unfortunately, the two methods [1,2] required human assistance in designing taxonomy topology or specifying the number of categories in advance. To our knowledge, the problem of automatic construction of Yahoo!-like image taxonomy has not been explored in the literature.

Regarding image annotation mechanisms, most of existing image retrieval systems learning keywords from associated textual information paid attention to use these keywords to support retrieval instead of annotation [4]. iFind [3], a Web-based image retrieval system, made use of users’ information to incorporate additional keywords to the system. When users fed back a set of images being relevant to their queries, the system updated the annotation of feedback images by linking queries with these images. The system focused mainly on query terms; however, it didn’t take into account accumulated information on user interaction.

In this paper, we focus mainly on (1) developing an effective scheme for Web-image-taxonomy construction in an automatic way according to different human perception and (2) applying this scheme to browse and annotate Web images. Images on the Web can be modeled as Figure 1 which consists of two elements: Web images and views. Using this model, people can observe a Web image via various viewpoints and annotate different keywords based on their own background knowledge. A Web image (WI) is a tuple <WID, P> standing for an image with identifier WID that is associated with the textual content P of the Web document containing it. A View (V) is a tuple <ID, Q, T, S> defining how a user with identifier VID perceives Web images from the user’s point of view according to their query terms Q, query taxonomy T and term vocabulary S. Based on this model, we extend a hierarchical agglomerative clustering algorithm to automatically construct image taxonomy by clustering similar users’ queries without a priori knowledge about taxonomy topology and the total number of clusters. The algorithm is based on the statistical analysis on query occurrences and co-occurrences in the retrieved documents from real-world search engines. The constructed taxonomy is called query taxonomy, a classification tree grouping users’ queries into hierarchical classes. Each class pertains to a concept or topic. For example, in Figure 1 class C containing “Extra-Terrestrial,” “UFO” and “crop circles” is about the topic of “alien.” Automatic generation of query taxonomy avoids the drawback of that manual construction is cost-ineffective. Given a Web image and pre-constructed query taxonomy, a set of keywords derived from the corresponding Web document and the queries in the taxonomy can be ranked properly and then assigned to the image according to the degree of similarity between the concepts of the keywords and the document. Assigning effective keywords which might not appear in the context to images can deal with the problem of low-recall queries and reduce failed search [6]. The preliminary experiment results indicate that the proposed approach is effective to browse images and is practical in image annotation.

2. Query Taxonomy Generation

2.1 Feature Extraction

We adopt vector-space model as feature representation. Given a set of query terms Q from view V, feature extraction aims to create its N-dimensional feature space with term vocabulary S = { t1, t2, …, tN } and then generate a feature vector f = <1,  2, …,  N > for each query term q
[image: image2.wmf]Î

Q. Because most of users’ requests for Web search are short queries, we need an extra training corpus to examine the statistics of query-term occurrence and co-occurrence. Herein, Google Chinese (http://www.google.com) is adopted as our back-end search engine for providing such a corpus. To obtain term vocabulary S, each query term q 
[image: image3.wmf]Î

Q is submitted to Google and then top 200 most-relevant search results Dq including titles and descriptions are returned. The training corpus will totally collect |Q| Dqs for all query terms. Then we use character/word bi- and tri-grams to extract feature-terms from the corpus and top N most-frequent feature-terms are chosen to be our term vocabulary S.

Suppose there exists a vector 
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 for each feature-term ti. Query term q can be represented as 
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where tfi is the number of occurrences of term ti in Dq, n denotes the total number of Dqs and ni is the number of Dqs containing ti in the corpus.

2.2 Hierarchical Clustering

In order to cluster query terms Q from view V, we need to judge the similarity between two query terms q1 and q2 with feature vectors f1 = <1,  2, …,  N > and f2 = <1,  2, …,  N >, respectively. The similarity between query terms q1 and q2 is defined as
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We extend a hierarchical agglomerative clustering method to construct query taxonomy T. Algorithm QueryTaxonomyGeneration starts with trivial clusters, each containing one query term. Herein, a cluster in the clustering algorithm corresponds to a class in a query taxonomy and vice versa. The algorithm cycles through a loop in which the two “closest clusters” are merged into one cluster. The loop is repeated until one global cluster is reached.

Algorithm QueryTaxonomyGeneration (V: view)

Set Q be the set of query terms from view V
Candidate = {}

Taxonomy = {}

for each query term q
[image: image8.wmf]Î

Q do 

      Candidate = Candidate ∪ { {q} }

while | Candidate | > 2 do begin

      CuttingFlag = true
      for all possible pairs of clusters C1 and C2
[image: image9.wmf]Î

Candidate do begin
if  InterClusterDist(C1 ,C2) < IntraClusterDist(C1) +ε
or InterClusterDist(C1,C2) < IntraClusterDist(C2) +ε then
               CuttingFlag = false
      end

      if CuttingFlag then Taxonomy = Taxonomy ∪ Candidate
      select C1 and C2
[image: image10.wmf]Î

Candidate such that FarthestNeighborDist (C1, C2) is minimum

      Candidate = Candidate –{ C1} –{ C2 }

      Candidate = Candidate ∪ { {C1∪C2} }

end

Taxonomy = Taxonomy ∪ Candidate
return Taxonomy.

The distance between two clusters C1 and C2 is defined as the maximum of the distances between all possible pairs of query terms in the two clusters (the complete-linkage method) and is computed by
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This function typically identifies compact clusters in which query terms are very similar to each other and is less affected by the presence of noise.

To generate a more feasible taxonomy like Yahoo! for browsing, some strategies to merge binary taxonomy are necessary. The QueryTaxonomyGeneration algorithm examines if there exists a suitable partition in each cycle, namely in each level of taxonomy. We assume a level of taxonomy is suitable for cutting if inter-cluster’s distance is larger than intra-cluster’s distance for all possible pairs of clusters in the level. Herein, inter-cluster’s distance is defined by the minimum of the distance between all possible pairs of query terms of two clusters. Intra-cluster’s distance is determined by the maximum of the distance between all possible pairs of query terms in a cluster.
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3. Web Image Annotation

3.1 Web Image Categorization

We assume that the semantics of image WI can be identified by the topics of property P from WI. To detect the topics of image WI, its property P needs to be classified into query taxonomy T from view V. Since property P possibly contains one or more topics, we adopt k-NN (k-nearest neighbor) classification method, which has been intensively studied in pattern recognition and text categorization.

Given a Web image WI and a view V, based on term vocabulary S from view V property P from WI can be represented as a vector 
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. i is assigned by the same tf-idf term weighting scheme with query terms as mentioned in Section 2.1, where tfi is the number of occurrences of term ti in property P. The feature vectors of property P and query terms Q are all in N-dimensional feature space. The degree of similarity between property P and a query term q is computed by cosine measure of the angle between them, as Function Sim shown in Section 2.2.

Algorithm WebImageCategorization finds k nearest neighbors among a set of query terms Q to property P from image WI. The similarity of a class/cluster to P is weighted by that of top k query terms to P. If there are several query terms belonged to the same class/cluster, the resulting weighted sum of these terms to P will determine the similarity of that class/cluster to P. Finally, top nc most-similar clusters are returned. 

Algorithm WebImageCategorization (WI: Web image, V: view, k: K-NN,

nc: the number of target clusters)

Set P be the set of properties from Web image WI

Set S be term vocabulary from view V

Set Q be the set of query terms from view V
Set T be query taxonomy from view V

Compute property P ’s feature vector based on term vocabulary S
for each query term q
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Q do 

      Compute Sim (q, P)

Set Q’ be the set of top k query terms with highest Sim (q, P)

for each cluster C 
[image: image16.wmf]Î

T do
      Compute ClusterSim (C, P, Q’), where
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return top-ranked nc classes/clusters in taxonomy T according to the decreasing order of ClusterSim (C, P, Q’).

3.2 Term Selection

After retrieval of possible classes in taxonomy T which are relevant to the given Web image WI, we need to find out the document terms extracted from property P which are relevant to the retrieved classes. The filtered document terms and the query terms in the retrieved classes are called candidate terms. The candidate terms will be further identified by estimating whether they are suitable for annotation. Algorithm WebImageAnnotation selects satisfactory terms from the candidate terms as keywords for image annotation.

In Algorithm WebImageAnnotation we use character/word bi- and tri-grams to scan property P from WI and extract all of the document terms first. For each document term d, it is submitted to our back-end search engine, Goolge Chinese, again. Top 200 most-relevant search results Dd are returned. Just as the way to classify property P, document term d is represented as a feature vector by analyzing Dd based on term vocabulary S from view V. We say document term d is relevant to a class if in the class there exists a query term relevant to term d. The candidate terms will be available after the irrelevant document terms are removed. Now, every candidate term and property P have vectors in the form of 
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We rank the candidate terms according to the decreasing order of their similarity to property P. Top most-relevant terms of them are finally chosen as keywords for annotation.

Algorithm WebImageAnnotation (WI: Web image, V: view, k: K-NN, 

nc: the number of target clusters, nt: the number of target terms)

Set P be the set of properties from Web image WI
Set T be query taxonomy from view V

Set S be term vocabulary from view V

CandidateTerms = {}
CandidateClusters = WebImageCategorization( WI, V, k, nc )

Set DocumentTerms be a set of document terms extracted from P
for each document term d
[image: image20.wmf]Î

DocumentTerms do
      Compute term d’s feature vector based on term vocabulary S
      if 
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CandidateClusters, InterClusterDist(C,{d})>δthen
DocumentTerms = DocumentTerms – {d }
for each cluster C
[image: image23.wmf]Î

CandidateClusters do
      CandidateTerms = CandidateTerms ∪ C
CandidateTerms = CandidateTerms ∪ DocumentTerms 

for each term t
[image: image24.wmf]Î

CandidateTerms do
      Compute Sim(t, P)

return top-ranked nt terms in CandidateTerms according to the decreasing order of Sim(t, P).

4. Performance Evaluation

4.1 Performance of Query Taxonomy Generation

In this experiment, we compared how closely query taxonomy generated by our approach matched a set of categories previously assigned to the query terms by human judges. The image taxonomy of the Chinese Web image search engine want2 (http://www.want2.com.tw) was served as our benchmark, in which 95313 quality Web images from Great China have been manually classified into 12 main classes and 2712 sub-classes. We randomly selected 90 sub-classes and 1000 keywords as our query terms from the 12 main classes. The definition of F-measure [7] was adopted as the performance metric.

Figure 2 shows the experimental result where the number of classes of the generated taxonomy was varied from 20 to 300. The F-measure of the taxonomy could achieve 0.61 when the number of classes was around 160. This phenomenon explains that increasing the number of classes will produce smaller classes with closely-related query terms and improve precision; however, in the meantime it might reduce the performance of recall. Table 1 illustrates the two generated classes corresponding to want2’s categories Leisure/Sports/ Tennis/Stars and Leisure/ Travel/Europe/France.
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Figure 2. The F-measure of the generated taxonomy.

Table 1. An example of the generated classes.
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4.2 Performance of Image Annotation

We used the generated taxonomy from Section 4.1 to annotate Web images. Figure 3 demonstrates the way to label the Web image, whose content is about an introduction to the history of France. This image was categorized into the Travel/France class as shown in Table 1 where k for k-NN was set to be 10. There were up to 839 character/word bi- or tri-grams required to classify into the class. After mapping them to the topics pertaining to the image, 16 filtered document terms and 6 query terms remained. The ranked results with the probabilities in decreasing order are listed in Table 2.
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Figure 3. An example of Web image annotation.

Table 2. An example of the suggested keywords.
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5. Conclusions

We have presented an approach to automatically constructing personalized image taxonomy based on a hierarchical agglomerative clustering algorithm. With the help of the image taxonomy, people can easily browse a collection of images of interest to themselves and further annotate new images with their own vocabulary. Experimental results reveal that the proposed approach is effective to explore the user’s interests for image categorization and is practical in image annotation. The proposed approach can be extended to many applications such as topic-oriented indexing of Web images.
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