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Abstract: The objective of our work is to improve the performance of keyword based image 

search by re-ranking their original results based on textual and visual features.  Previously, there 

is no straightforward, fully automated way of going from textual queries to visual features. 

Existing systems for Image search are primarily rely on static and textual features for ranking. 

Visual features are mainly used for secondary tasks such as finding similar images. Image 

rankers are trained on query-image pairs labeled with relevance judgments determined by human 

experts but such labels are well known to be noisy due to various factors which leads to sub-

optimal ranking. In this paper, re-rank the original search results so as to promote images that are 

likely to be clicked to the top of the ranked list. Our re-ranking algorithm employs Gaussian 

Process regression to predict the normalized click count for each image, and combines it with the 

original ranking score. 

_____________________________________________________________________________ 

I . INTRODUCTION 

 Traditional image retrieval systems are based on keyword search, such as Google and 

Yahoo image search. In these systems, user keyword is matched with the context around an 

image including the title, manual annotation, web document, etc. These systems don’t utilize 

information from images. However these systems suffer many problems, such as shortage of the 

text information and inconsistency of the meaning of the text and image. 

 Keyword-based image search is not only a problem of significant commercial importance 

but it also raises fundamental research questions at the intersection of computer vision, natural 

language processing, machine learning, and information retrieval. Our objective is to improve 

the performance of tail queries in image search systems by leveraging click data aggregated 

across users and sessions. 

 Existing image search methods suffers with various problems. The query is provided as 

text rather than an image, it is difficult to automatically bring visual features into play and build 

on advances in computer vision research. As a result, search engines are forced to rely on static 

and textual features extracted from the image’s parent web page and surrounding text which 
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might not describe salient visual information. Second, image rankers are trained on data with 

label noise which leads to learning rankers with poor generalization performance. Third, a static 

ranker is learnt for all query classes within a vertical. The learnt ranker therefore does not adapt 

its parameters to cope with the very diverse set of user queries.  

 In this paper, we re-ranking the original search engine results based on user click data 

which solves or address the problems of existing systems. Initially for a given query, we identify 

the images that have been clicked on previously in response to that query. A Gaussian Process 

(GP) regressor is used for training the images to predict their normalized click counts. Next, this 

trained regressor is used to predict the normalized click counts for the top ranked thousand 

images. Finally, the images are re-ranked by sorting on the basis of a linear combination of the 

predicted click counts and the original ranking scores. 

II. RELATED WORK 

The problem of ranking has recently gained great attentions in both information retrieval 

and machine learning areas. Conventional ranking models can be content based models, like the 

Vector Space Model, BM25, and the language modeling; or link structure based models, like the 

famous PageRank and HITS; or cross media models. Another important category is the learning 

to rank model, which aims to optimize a ranking function that incorporates relevance features 

and avoids tuning a large number of parameters empirically. However, many conventional 

models ignore the important issue of efficiency, which is crucial for a real-time systems, such as 

a web application. 

 The object of a graph-based ranking model is to decide the importance of a vertex in a 

graph, based on local or global information draw from the graph. Agarwal  proposed to model 

the data by a weighted graph, and incorporated this graph structure into the ranking function as a 

regularizer. Guan et al. proposed a graph-based ranking algorithm for interrelated multi-type 

resources to generate personalized tag recommendation. Liu et al. proposed an automatically tag 

ranking scheme by performing a random walk over a tag similarity graph.  

 Techniques that feed the keywords to a text based search engine and re-rank the returned 

images on the basis of visual (and textual) similarity are more relevant to our work. Pseudo-

relevance feedback assumes that the top ranked results are relevant to the query and can be used 

as positive data for training a re-ranker. Fergus et al. use RANSAC to sample a training subset 

with a high percentage of relevant images. A generative constellation model is learnt for the 

query category while a background model is learnt from the query “things.” Images are re-

ranked based on their likelihood ratio. Observing that discriminative learning can lead to superior 

results, Schroff et al. first learn a query independent text based re-ranker. The top ranked results 

from the text based re-ranking are then selected as positive training examples. Negative training 
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examples are picked randomly from other queries. A binary SVM classifier is then used to re-

rank the results on the basis of visual features. This classifier is found to be robust to label noise 

in the positive training set as long as the non-relevant images are not visually consistent. Better 

training data can be obtained from online knowledge resources if the set of queries is restricted. 

 Clustering based approaches typically assume that the set of relevant images form the 

largest cluster amongst the top ranked results. Images could then be re-ranked by their distance 

from the largest cluster. A similar strategy was employed by Berg et al. Instead of simply 

selecting the largest cluster, they require the user to mark each cluster as relevant or non-

relevant. Individual images are labeled optionally to overcome clustering inaccuracies. A re-

ranker is then learnt from this positive and negative data. 

III. FEATURES 

• Query-independent static features – Several features, such as a document’s PageRank, are 

computed for the parent document that are designed to capture its importance and reliability. 

• Textual features – A document is likely to be relevant to a given query if the title of the 

document or the file-name of the image matches the query. For a given query, many such 

features are computed from the parent document including the image file-name, caption, URL, 

and meta-data. 

• Image features – We compute various types of visual features measuring shape, color, and 

texture properties. We compute features like color and texture histograms. The extracted visual 

feature vector has more than two thousand dimensions. 

IV. PROPOSED SYSTEM 

Here, we develop re-ranking techniques which aim to promote not only previously 

clicked images to the top of the ranked list but also images that are likely to be clicked.  Our 

main assumption is that clicked images are highly 

correlated with relevant images. This is not to say that images with very few clicks are 

necessarily relevant or that 

images with no clicks are necessarily non-relevant. 

 For many of the queries we considered, a handful of relevant images had received a large 

number of clicks but the total number of clicked images ranged typically from ten to a hundred. 

Learning high dimensional ranking models becomes very challenging in such scenarios and none 
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of the discriminative methods that we tried worked well. What finally gave good results was a 

combination of dimensionality reduction and regression techniques. 

The following steps are performed by our approach:  

 Once a query has been issued, we retrieve the top thousand results from the baseline 

search engine and extract features. 

 We then identify the set of clicked images and perform dimensionality reduction on all 

the feature vectors. 

 A Gaussian Process regressor is trained on the set of clicked images and is then used to 

predict the normalized click counts (pseudo-clicks) for all images.  

 Re-ranking is then carried out on the basis of the predicted pseudo-clicks and the original 

ranking score. 

 

(i) Dimensionality Reduction 

While our combined feature vector is more than three thousand dimensional, we have 

only between twenty and a hundred positive points available for training. This makes 

discriminative learning extremely hard and most methods tend to over fit with mean. 

Furthermore, working in a three thousand dimensional space is computationally quite expensive. 

We address both issues by seeking a compact, low dimensional representation that facilitates 

learning from a few samples in a computationally efficient manner. 

• AvgRank – re-rank the results according to a single individual feature and calculate the average 

rank of the clicked images. Choose the top few features with the highest average click rank. 

• CorrScore – select features that are highly correlated with the ranking score generated by the 

baseline search engine. 

• CorrClick – select features that are highly correlated with the number of clicks. 

• PCA – Principal Component Analysis. 

Here, we found that much better ranking results could be obtained by unsupervised 

techniques such as PCA or correlation based feature selection. The best results were obtained 

using PCA when compared with other methods like AvgRank, CorrScore, CorrClick.  

(ii) Gaussian Process Regression  

Given a compact feature representation amenable for learning, our objective is to 

estimate an image’s normalized click count. Due to the complex semantics of pseudo-clicks 



International Journal of Emerging trends in Engineering and Development                Issue 2, Vol.7 (November 2012)                                                                                                    

Available online on http://www.rspublication.com/ijeted/ijeted_index.htm                                         ISSN 2249-6149 

 Page 648 
 

estimates, it is likely that they are a non-linear function of the features used to represent the data. 

Gaussian Processes provide a Bayesian formulation for non-linear regression, where the prior 

information about the regression parameters can be easily encoded. This property makes them 

suitable for our problem formulation. 

A Gaussian Process (GP) is a collection of random variables, any finite number of which 

have a joint Gaussian distribution. The estimated pseudo-clicks y for a given feature vector x is 

y(x) = K(x,XC)[K(XC,XC) + σ2I]
−1

yC, 

where K is a kernel function returning a kernel matrix, XC is a matrix of feature vectors 

for the clicked images, σ is a noise parameter, I the identity matrix and yC the vector of 

normalized clicks of the clicked images. Note that we only use the mean and not the variance 

estimated by the GP. 

(iii) Re-Ranking 

We combine these estimated pseudo-clicks with the original ranking score to obtain the 

re-ranking score. In particular, we model the re-ranking score sR as the linear combination 

sR(x) = α y(xT) +β y(xV ) + (1 − α − β) sO(x), 

 

(a) Pacific Ocean  

 

Where xT and xV denote the 20 dimensional projections of the textual and visual features 

respectively, y is the GP regression function for estimating the pseudo-clicks, and sO is the 

original ranking score. The re-ranking is obtained by sorting sR in descending order. 
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(b) Rainbow 

Figure 1:Qualitative comparison of Bing image search results (left) and our GP re-ranking 

approach (right). 

IV. PERFORMANCE 

 In our approach, textual and visual feature vectors are concatenated and then projected 

down to a single 20 dimensional feature vector using PCA. Performance is improved over re-

ranking using textual features alone but not as much as projecting textual and visual features 

separately. This is probably because textual and visual features live in different feature spaces. 

 Each figure shows the top 20 images, corresponding to the first page of results, for Bing 

image search (left) and our GP Re-ranking approach (right). Re-ranking appears to work well in 

cases where there is a seemingly plausible query interpretation that is not desired by users. Red 

boxes mark images that are not Highly Relevant to the query. As can be seen, our results are 

visually significantly better in above Figure. 

Our approach is particularly useful for queries where there is a high correlation between 

clicks and relevance. This correlation is high when the query concept is easily discernible in the 

retrieved images, which is likely to be true for queries that refer to specific objects and are 

visually coherent. When multiple interpretations of the given query are manifested as clicked 

images, multiple clusters of images that are similar to the clicked images can be formed.  

The images from these clusters compete for the top positions in the re-ranked list. 

Gaussian process regression can handle arbitrary number of clusters in the target distribution, 

and can assign comparable regression scores to images from different clusters. Hence polysemy 

is preserved in the re-ranking as well. Finally, we identified three query classes where re-ranking 

does not help or makes results worse. Re-ranking does not help much for simple, unambiguous 
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queries where the Bing baseline results are already good. It also does not help much when there 

are a lot of clicked images which are mostly relevant. 

V. CONCLUSION 

The objective of our work is to improve the performance of keyword based image search 

by re-ranking their original results based on textual and visual features.  Previously, there is no 

straightforward, fully automated way of going from textual queries to visual features. In this 

paper, we re-ranking the original search engine results based on user click data which solves or 

address the problems of existing systems. Initially for a given query, we identify the images that 

have been clicked on previously in response to that query. A Gaussian Process (GP) regressor is 

used for training the images to predict their normalized click counts. Next, this trained regressor 

is used to predict the normalized click counts for the top ranked thousand images. Finally, the 

images are re-ranked by sorting on the basis of a linear combination of the predicted click counts 

and the original ranking scores. 
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