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ABSTRACT 

As the image sharing websites like Flickr 

become more and more popular, extensive 

scholars concentrate on tag-based image 

retrieval (TBIR). It is one of the important ways 

to find images contributed by social users. In 

this research field, tag information and diverse 

visual features have been investigated. However, 

most existing methods use these visual features 

separately or sequentially. In this paper, we 

propose a global and local visual features fusion 

approach to learn the relevance of images by 

hypergraph approach. A hypergraph is 

constructed first by utilizing global, local visual 

features and tag information. Then, we propose a 

pseudo-relevance feedback mechanism to obtain 

the pseudo-positive images. Finally, with the 

hypergraph and pseudo relevance feedback, we 

adopt the hypergraph learning algorithm to 

calculate the relevance score of each image to 

the query. Experimental results demonstrate the 

effectiveness of the proposed approach. 

 

I. INTRODUCTION 

 With the development of social media based on 

Web 2.0, huge amounts of images spring up 

everywhere on the Internet, which makes many 

online tasks such as image retrieval [4-9, 22, 23, 

32-34, 38-44], image recommendation [75, 76]  

very challenging. The large-scale web images 

demand the researchers to develop efficient 

algorithms for more accurate indexing and 

retrieval. Compared with content-based image 

retrieval (TBIR), tag-based image search is more 

commonly used in social media [32, 51]. In the 

last few decades, extensive efforts have been 

dedicated to image relevance retrieval. However, 

many algorithms can’t achieve satisfactory 

results for tag mismatch, noisy tags and query 

ambiguity problems [51]. Thus, more and more 

researchers attempt to utilize visual features and 

user relevance feedback to improve the retrieval 

accuracy. There are several visual features 

designed to express images such as color feature 

[29], shape feature [36], textural feature [37], 

edge feature [1], SIFT [16] and deep feature [58, 

62]. Different visual features describe different 

aspects of an image. Therefore, some algorithms 

try to fuse multiple visual features to improve 

the image retrieval precision [2, 4, 5, 33]. 

However, most existing methods usually explore 

multiple  visual features separately. For 

example, Yang et al. [2] first construct a graph 

for every feature. Then they apply random walk 

model to get a relevance score according to each 

constructed graph. Finally, they re-rank the 

images by the linear combination of the 

relevance scores of different features. Zhang et 

al. [4] first select training samples, then they 

apply multiple visual features by simpleMKL to 

train the classification function for image 

ranking. In [5], Yang et al. learn the 

Mahalanobis matrix for different visual features 

and calculate the distance of images by the 

Mahalanobis distance of corresponding visual 

feature. Yu et al. [33] construct five hypergraphs 

for five visual features, and integrate the visual 

consistency constrains of these hypergraphs to 

learn a linear model for ranking. Gao et al. [34] 

construct hypergraph by local visual feature only 

and abandon the global visual information of 

images. However, different visual features have 

district emphasis on describing the content of an 
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image, therefore, separately or sequentially 

using these information is suboptimal for social 

image retrieval. Many TBIR algorithms are 

designed based on graph model aiming at 

utilizing multiple visual features [2, 47]. Graph-

based approaches are based on the assumption 

that neighboring images in a graph having close 

relevant scores. Usually, a similarity graph is 

constructed first, where the vertex is the image 

and edge weight is the similarity between 

vertices. Then some link structure analysis 

technologies are employed to exploit the vertex 

relations. However, the edge of conventional 

graph only associates with two vertices, that is to 

say, one edge in graph can only capture the 

relationship of two vertices. Fortunately, 

hypergraph can overcome this limitation. The 

hypergraph can be regarded as a generalization 

of the graph. Compared to conventional graph, 

hypergraph can model the relationship of more 

than two vertices and more complex relationship 

between objects [3]. Several papers have shown 

the superiority of hypergraph [14-17].  

Hypergraph not only takes pairwise relationship 

into consideration, but also models the higher 

order relationship among three or more vertices 

containing grouping information. Hypergraph 

method is widely used in data mining and 

information retrieval tasks [6, 7]. Cai et al. [9] 

first train attribute ion classifiers, then construct 

hypergraph based on these classifiers, finally 

they obtain the relevance score by hypergraph 

learning. Jing et al. [10] request users’ relevance 

feedback, then they propagate relevance of 

feedback images to other images, finally a 

hypergraph is constructed based on the k-nearest 

mechanism. Gao et al. [34] construct hypergraph 

by tags and local visual feature, and get the final 

relevance score of images by hypergraph 

learning. Yu et al. [33] construct hypergraphs 

based on different visual features separately, 

then learn a linear model for ranking by these 

hypergraphs.   In this paper, we propose a 

hypergraph-based approach to simultaneously 

utilize different visual features and tags for 

image relevance learning. Fig. 1 illustrates the 

schedule of our framework. In our system, each 

image is represented by both a global feature 

and a local feature, like color moment and SIFT. 

Besides visual content, semantic information, 

i.e. the tags associated with image are also 

employed in our method.  We construct a 

hypergraph for query tag, in which the vertices 

denote the images for ranking and hyperedges 

are subsets of these images. Our constructed 

hypergraph contains semantic and visual 

hyperedges. The semantic hyperedge is 

generated by the co-occurrence tags of query. 

Global and local visual features are 

simultaneously utilized to construct the visual 

hyperedges. In the learning process, we identify 

a set of relevance scores of images by iteratively 

updating them and the weights of hyperedges.  

The contributions of this paper can be 

summarized as follows: 1) We present a novel 

joint learning approach for tag based web image 

retrieval (JHR), which utilizes the global, local 

visual features and textual feature 

simultaneously. Compared to using global, local 

visual feature or textual feature alone or 

separately, the joint hypergraph learning 

approach can capture more reliable relationships 

between images. 2) We propose a new pseudo 

relevance feedback mechanism for tag-based 

image retrieval. First, we conduct clustering on 

the co-occurrence tags. Then we assign images 

to clusters. Finally, we estimate the relevance 

between image and query by fusing the image 

cluster relevance and image relevance to query. 

The introducing of cluster relevance is an 

assistant for calculating image initial relevance 

score, which is superior to using image 

relevance only. 3) We build the inverted file 

system for tags in offline part. All steps of our 

algorithm are conducted offline. In online 

retrieval, we only match the query tag to get the 

retrieval results, thus the online search is very 

efficient. From a broader perspective, this paper 
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exhibits a novel method of utilizing multiple 

visual features to capture more reliable relation 

between images for tag-based image retrieval 

task. Different from using these features 

separately or sequentially [2,4,5,33], our 

proposed mechanism can effectively achieve the 

fusion of multiple features. The remainder of 

this paper is organized as follows. In section II, 

we review the related work of the tag-based 

image retrieval. In section III, we briefly 

introduce the hypergraph learning model. The 

system overview is illustrated in section IV. We 

present the feature extraction in section V. 

Section VI elaborates the details of each process 

in our system. Experiments are shown in section 

VII, and discussions are stated in Section VIII. 

Finally, conclusion and future work are given in 

section IX. 

 

II. EXISTING SYSTEM 

Image Visual Re-Ranking  

 

 The massive available images in internet 

make the retrieval task challenging. 

There are lots of researches done on the 

tag based image retrieval. Visual re-

ranking is one of important methods to 

improve the retrieval results. The 

existing visual re-ranking methods can 

be classified into three categories: 

clustering based, classification based 

and graph based approaches.  Clustering 

based methods are based on the truth 

that the relevant images to query share 

high visual similarity. In clustering 

based methods, images in the initial list 

are first grouped into different clusters 

and then sorted based on the cluster 

conditional probability. Duan et al. [38] 

first cluster the images by textual and 

visual features respectively and then 

treat each cluster as a word (textual or 

visual). Finally, the ranking problem is 

modeled as a multi-instance learning 

problem in which the pseudo-positive 

samples are the top ranked images and 

negative samples are randomly selected.  

 In [39], Tang et al. propose an intent 

based search approach that aims at 

solving the query ambiguity in TBIR. 

They ask the user to click one query 

image, by which they capture the user’s 

search intent. Then, the images from a 

group which is obtained by text-based 

search are re-ranked based on both 

visual and textual information. 

 

 The classification based image retrieval 

approach consists of three steps in 

general: the positive and negative 

samples from the initial retrieval list are 

selected first, then classifiers are trained 

and finally the initial images are ranked 

according to the scores from the trained 

classifier. Tian et al. [40] propose a re-

ranking method with user interaction, 

which first selects images according to 

an active sample selection method and 

then asks the user to label them. Finally, 

it learns a discriminative sub-manifold 

by the label information. In [57], 

Lekshmi et al. first request a feedback 

image from user and select positive 

images, then they train a perceptron 

based on the selected samples. Instead 

of requiring user’s effort, obtaining 

training samples by click information is 

more practical. Several papers have 

shown that the user’s click is a reliable 

clue for revealing images relevant or not 

[2, 4, 5, 41-44]. Yang et al. treat the 

click information as implicit relevant 

feedback and select the top clicked 

images as the relevant samples [42].  

 

 The re-ranking processing is conducted 

by the learned simpleMKL model. 

Ginsca et al. [44] also select the top 
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clicked images as relevance samples, 

then they extract multiple visual features 

to train multiple classifiers. Finally, they 

fuse the results of these classifiers to re-

rank images. Yan et al. [45] use 

conventional idea of pseudo-relevance 

feedback that treats top ranked images 

as the pseudo-positives and bottom as 

the pseudo-negatives. 

 

 In graph based methods, a graph is used 

to capture the relations between images. 

The graph is constructed with images or 

tags as nodes and the edges are weighted 

by visual or textual likeness. Image re-

ranking is performed by graph learning 

algorithm. In these methods, the graph 

construction plays the key role, since the 

relations and associations of all nodes 

are represented by the graph. Jing et al. 

[46] treat the re-ranking problem as 

random walk on an affinity graph. The 

final retrieval list is obtained by the 

learned weights of nodes. Wang et al. 

[48] first construct two graphs based on 

semantic and visual information of 

images in initial list. Then they apply 

random walk to get the relevance scores 

by graph learning. Finally, they combine 

the semantic and visual relevance scores 

to re-rank the images. Liu et al. [49] 

generate two matrices based on visual 

information and “social clue”. The final 

transition matrix is the combination of 

visual matrix and “social clue” matrix. 

They apply random walk to get the final 

relevance score. Instead of using only 

one modality, many scholars integrate 

multi-modality to improve the 

performance [2, 4-5, 44, 47]. In [2], 

Yang et al. first construct a graph for 

every visual feature. Then, they model 

the re-ranking as an optimization 

problem by the results of multi-modality 

graph learning. Wang et al. [47] also 

construct graph using multiple features, 

and the final relevance score is learned 

by a joint optimization framework. 

Wang et al. design a semi-supervised 

multiple kernel learning approach for 

image re-ranking and categorization 

[71], and multiple features are made use 

of to enhance the generalization power 

of semi-supervised learning. 

 

Hypergraph Based Applications  

 

 

 Hypergraph has shown its effectiveness 

of higher-order sample relationship 

modeling in many mechanism learning 

tasks such as data mining and 

information retrieval [3, 34]. Yu et al. 

[35] propose an adaptive hypergraph 

learning method for transduction image 

classification. In [3], Zhou et al. propose 

a general hypergraph framework that 

can be applied in clustering, 

classification and embedding tasks. 

  Liu et al. [60] design a hash method 

based on hypergraph model, they first 

utilize hypergraph to capture the relation 

of vertices and generate the binary code 

by spectral hashing. Wang et al. [61] 

propose a dimensionality reduction 

framework based on hypergraph. In 

[62], the authors utilize hypergraph 

designing a topic-sensitive influencer 

mining approach for interest-based 

social media networks. Wong et al. 

propose [54] a 3-D object description 

method. They denote the vertices the 

surface patches of an object and the 

hyperedges represent the connection of 

the pair of boundary segments. Hong et 

al. [65] construct hypergraph by k-

nearest mechanism, then they 

decompose the hypergraph Laplacian to 
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obtain the fused feature vector, by which 

they train an autoencoder network for 

3D pose recovery. In [66], the authors 

utilize hypergraph Laplacian to preserve 

the local similarity to recover 3-D 

human pose from silhouettes. 

  Hong et al. [67] fuse multi-view data to 

recognize 3D object, hypergraph is used 

to better capture the connectivity among 

views. Hypergraph is also employed in 

multi-label learning [14], image/video 

segmentation [52, 72, 73, 74] and even 

music recommendation [55].  

 

 For image retrieval, many algorithms 

are designed based on hypergraph 

technique. Liu et al. [7] propose a soft 

hypergraph, which assigns each vertex 

to a hyperedge in a soft way. The image 

retrieval task is formulated as the 

problem of hypergraph ranking. Zhu et 

al. learn hash codes for mobile image 

retrieval based on hypergraph [68], they 

utilize hypergraph to model the high-

order semantics of images. In [69], the 

authors construct a topic hypergraph and 

utilize the hypergraph Laplacian to 

integrate the textual information into a 

unified framework for content based 

image retrieval. Xie et al. [70] present a 

dynamic hash method that constructs 

hash code by a dynamic dictionary for 

online image retrieval. Jouili et al. [53] 

design a hypergraph based on the graph 

representation of image and transform 

the image retrieval task to the problem 

of indexing graph.  

 

 In [6], the authors construct the 

hypergraph according to a probability 

value rather than the binary. An 

optimization framework is applied to get 

the relevance score of images. In [9], 

Cai et al. select some general 

attributions and train SVM classifier for 

each attribution. They construct 

hypergraph based on the scores from 

trained classifiers. The final relevance 

score of image is obtained by 

hypergraph learning. Jing et al. [10] first 

ask the user to mark an image as the 

relevant feedback. With the visual 

assistant clues, they choose other 

relevant images based on the feedback 

images. Then, a hypergraph is 

constructed based on the labeled images 

by k-nearest mechanism. Wang et al. [8] 

only consider the visual and textual 

hybrid hyperedge and ignore single 

modality hyperedge. They construct 

hyperedges for every visual word and 

tag pair, which suffer from the 

enormous number of hyperedges. Gao et 

al. [34] first remove the noisy tags of 

images. Then they generate hyperedge 

by visual words and the selected tags 

respectively. Re-ranking is conducted by 

the score from hypergraph learning.  

 In [34], the authors also fuse different 

features by hypergraph model, however 

it has considerable differences with this 

work. First, we fuse three different 

features, i.e. the global, local and textual 

features to improve the relevance, while 

[34] only take local and textual features 

into consideration. Second, how to fuse 

the global feature efficiently is an 

important problem and innovation in our 

paper, while reference [34] doesn’t need 

to pay attention to this problem. Third, 

reference [34] employ all the visual 

words to generate the hyperedge without 

filtering, while we only choose the 

higher frequency visual words in image 

cluster to generate hyperedge. Fourth, 

our relevance feedback mechanism is 

different from the [34]’s. 
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Disadvantages 

 There is no Local feature extraction and 

Global feature extraction Techniques. 

 The system is not generating Visual 

Hyperedge Construction for Image 

Retrievals. 

 

III. PROPOSED SYSTEM 

 

In the proposed system,the system constructs a 

hypergraph for query tag, in which the vertices 

denote the images for ranking and hyperedges 

are subsets of these images. Our constructed 

hypergraph contains semantic and visual 

hyperedges. The semantic hyperedge is 

generated by the co-occurrence tags of query. 

Global and local visual features are 

simultaneously utilized to construct the visual 

hyperedges. In the learning process, we identify 

a set of relevance scores of images by iteratively 

updating them and the weights of hyperedges.  

 

The contributions of this paper can be 

summarized as follows:  

 

1) The system presents a novel joint learning 

approach for tag based web image retrieval 

(JHR), which utilizes the global, local visual 

features and textual feature simultaneously. 

Compared to using global, local visual feature or 

textual feature alone or separately, the joint 

hypergraph learning approach can capture more 

reliable relationships between images.  

2) The system proposes a new pseudo relevance 

feedback mechanism for tag-based image 

retrieval. First, we conduct clustering on the co-

occurrence tags. Then we assign images to 

clusters. Finally, we estimate the relevance 

between image and query by fusing the image 

cluster relevance and image relevance to query. 

The introducing of cluster relevance is an 

assistant for calculating image initial relevance 

score, which is superior to using image 

relevance only.  

 

3) The system builds the inverted file system for 

tags in offline part. All steps of our algorithm 

are conducted offline. In online retrieval, we 

only match the query tag to get the retrieval 

results, thus the online search is very efficient.  

From a broader perspective, this paper exhibits a 

novel method of utilizing multiple visual 

features to capture more reliable relation 

between images for tag-based image retrieval 

task. Different from using these features 

separately or sequentially [2,4,5,33], our 

proposed mechanism can effectively achieve the 

fusion of multiple features. 

Advantages 

 Effective Image Retrieval due to 

hypergraph-based approach to 

simultaneously utilize different visual 

features and tags for image relevance 

learning. 

 Fast Image retrieval due to Clustering 

based methods are based on the truth that 

the relevant images to query share high 

visual similarity. 

 

IV. ARCHITECTURE DIAGRAM 
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V. IMPLEMENTATION 

 Web Image Server 

In this module, the Admin has to login 

by using valid user name and password. 

After login successful he can perform 

some operations such as ,View users and 

give authorization,View user's Request 

and generate secret key using RSA ,Add 

Image Category and View all 

Categories,Add Images ,View All added 

images with scores and Reviews ,View 

All added images with Feature attracted 

on Image,View all images based on 

clusters by using Circles format,View 

All images with scores in chart,View All 

keyword  with scores in chart,View All 

Feature attracted keyword  with scores 

in chart 

 User 

In this module, there are n numbers of 

users are present. User should register 

before performing any operations. Once 

user registers, their details will be stored 

to the database.  After registration 

successful, he has to login by using 

authorized user name and password. 

Once Login is successful user can 

perform some operations like Requst 

Secret key to search images  ,view 

secret key if it is generated,Enter secret 

key to Search Images by keyword,show 

only images and view related 

images,give reviews,enter Feature 

attracted in Image,View all search 

transactions ,Search images for Feature 

attracted Images ,View all search 

transactions by Feature attracted 

keyword.  
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