
IJSRD - International Journal for Scientific Research & Development| Vol. 3, Issue 08, 2015 | ISSN (online): 2321-0613 

 

 

All rights reserved by www.ijsrd.com 448 

Automatic Photo Tagging based on Geo-Tags in Social Sites 
CK.Anupama1 Dr.K.Ramakrishna2 K.Rajiv3 

1,2,3Department of Information Technology 

1,2,3Sridevi Women’s Engineering College
Abstract—Photo tagging is becoming more and more 

consequential now-a-days to organize and search 

astronomically immense number of photos on convivial 

websites. To engender high quality convivial tags and 

automatic tag recommendation is the main research topic. In 

this paper main focus is on the personalized and geo-

categorical tag recommendation. Consider users and geo 

locations have different preferred tags assigned to a photo, 

an incipient subspace learning method is proposed to 

individually discover both the predilections. The goal is 

learn coalesced space which is shared by visual domain and 

textual domain to make visual features and textual features 

commensurable. Visual feature is considered to be lower 

caliber representation on semantics than textual feature. 

Supplement ally intermediate space is introduced for the 

visual space and expecting it to have consistent local 

structure with text space. Cumulated space is mapped from 

the textual space and the intermediate space respectively. 

When an untagged photo with its geo-location is given 

predicated on the most proximate neighboring search utilizer 

preferred and geo-location-concrete tags are found in the 

corresponding cumulated space. Then cumulate these 

obtained tags and the visual appearance of the photo to find 

semantically and visually homogeneous photos, among 

which the most frequently used tags are suggested to the 

utilizer and utilizer is sanctioned to cull predicated on his 

predilection. Conclusively, the tags cognate to the 

keywords, geo-location and utilizer profile information are 

recommended to the utilizer automatically. 

Key words: Image Retrieval, Recommender Systems, Hyper 

Graph, Group Sparsity Optimization 

I. INTRODUCTION 

Advancement in web 2.0 technologies, multimedia 

engenderment, and sharing has become much more facile 

than ever afore. In communities there are many gregarious 

sharing websites, which sanctions utilizer to apportion 

photos, web links, musical compositions, pictures etc. The 

photo sharing websites includes Flickr, Zoomed, Picasa, 

inspirits users to engender, annotate, share and comment on 

media data. A tag is a non-hierarchical keyword or term 

assigned to a piece of information (such as an Internet 

bookmark, digital image, or computer file) to describe that 

object [1]. Tagging sanctions utilizer to find object when 

retrieving that object later. Tagging additionally increases 

accessibility of media object to the public as other users can 

find their pertinent images. Human can assign tags for photo 

but it requires a time. Tag recommendation inspires users to 

assign more tags in connecting the semantic gap between 

human concept and the features of media object, which 

provides a feasible solution for content predicated image 

retrieval. Many tag recommendation strategies have worked 

upon connection between tags and photos. Fig.1 Users have 

favor for photos while probing. 

 Utilizer can assign types for photos e.g. photos can 

be categorized such as architectural, natural, 

scientific etc.  

 Single photo can be tagged by two or more users 

with same or different tags.  

 Users relish to engender photo album with 

reverence to the places they have visited and this task can be 

done with integrating geo tags for photos. Geo tagging is the 

process of integrating geographical information to sundry 

media objects in the form of metadata. Meta data for 

Geotagging contains longitude, latitude, city name etc. Same 

tags can be recommended to visually kindred photos of 

utilizer but if geo favor of utilizer is considered then it will 

recommend photos that are pertinent with location. 

 
Fig. 1: Tagging Behavior of user 

 Hyper graph learning will solve this tag 

recommendation by Homogeneous Hyper edge. 

Homogenous hyper edge is the edge between images and 

tags. Hyper graph will find joint pertinence between image 

and tags by utilizing visual content relationship hyper edge 

and textual relationship hyper edge uploaded by that 

particular utilizer. 

There subsist two challenges: 

 To learn pertinence of given tag to the visual 

content. Image and Text are two different 

structures, to find mundane cognation between 

these two structures is the task.  

 To tackle these challenges, Personalized Geo-Tag 

Recommendation for Community Contributed 

Images is utilized. It recommends tags predicated 

on users categorical interest and geo concrete 

interest by utilizing hyper graph learning. 

II. RELATED WORKS 

A. Personalized Geo-Specific Tag Recommendation For 

Photos on Social Website:  

Gregarious tagging becomes very paramount to probe the 

astronomically immense number of community contributed 

photos on convivial websites. To provide good gregarious 

tags, we go for automatic tag recommendation by assigning 

pertinent tags to photos. Here, we fixate on the automatic 

tag recommendation by identifying utilizer-profile 

predicated information, geo-location information as well as 

semantically germane tags for a photo with the avail of 

liberatingly available community-contributed photos in 

photo sharing convivial websites. For users and geo-

locations, the way of tag generation is different from each 

other, so we propose a subspace learning method to 
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engender tags predicated on both types of predilection. The 

main goal of our application is to learn a cumulated 

subspace shared by the visual and textual domains to make 

visual features and textual information of photos 

commensurable. Since the visual feature is a lower caliber 

representation on semantics than the textual information, we 

go for a supplemental intermediate subspace for the visual 

domain to convert them in the local structure with the 

textual space. Therefore, the coalesced subspace is the 

coalescence of intermediate subspace and textual space 

respectively. We have engendered the above learning 

quandaries into a coalesced form and engender the germane 

tags for the photos. The utilizer-profile predicated and the 

geo-location predicated tags are found by the most 

proximate neighbor search in the coalesced spaces. By 

coalesce the tags that are obtained and the visual appearance 

of the photo. We can probe the semantically and visually 

cognate photos, from which the most frequent used tags are 

recommended to the users.  

B. A Review on Automatic Image Annotation Techniques. 

Due to the explosive magnification of digital technologies, 

ever incrementing visual data are engendered and stored. 

Now days, visual data are as mundane as textual data. There 

is an exigent desideratum of efficacious and efficient 

implement to find visual information on demand. A 

substantial amount of research has been carried out on 

image retrieval (IR) in the last two decades. In general, IR 

research efforts can be divided into three types of 

approaches. The first approach is the traditional text 

predicated annotation. In this approach, images are 

annotated manually by humans and images are then 

retrieved in the same way as text documents. However, it is 

impractical to annotate an abundance of images manually. 

Furthermore, human annotations are customarily too 

subjective and equivocal. This type of approach fixates on 

content predicated image retrieval (CBIR), where images 

are automatically indexed and retrieved with low caliber 

content features like color, shape and texture. However, 

recent research has shown that there is a consequential gap 

between the low caliber content features and semantic 

concepts utilized by humans to interpret images. In 

integration, it is impractical for general users to utilize a 

CBIR system because users are required to provide query 

images.  

 The third approach of image retrieval is the 

automatic image annotation (AIA) so that images can be 

retrieved in the same way as text documents. The main 

conception of AIA techniques is to automatically learn 

semantic concept models from sizably voluminous number 

of image samples, and utilize the concept models to label 

incipient images. Once images are annotated with semantic 

labels, images can be retrieved by keywords, which is 

homogeneous to text document retrieval. The key 

characteristic of AIA is that it offers keyword probing 

predicated on image content and it employs the advantages 

of both the text predicated annotation and CBIR. There are 

several surveys on broad CBIR research in literature, and a 

survey on broad semantic IR techniques is given by Liuetal. 

However, one of them gives sufficient attention to AIA 

which is an incipient development in IR. In this paper, we 

focus our review on this emerging trend in IR, so as to 

complement subsisting surveys in literature. Categorically, 

we fixate on the two major aspects of AIA, feature 

extraction and semantic learning/annotation. With the avail 

of this cognate works we are going to propose an incipient 

way of tag recommendation, by accumulating the users 

profile predicated information, geographical location 

information and the annotation information of the photo. By 

coalescing this three information in the prevalent subspace, 

the tags that are cognate to this information are 

automatically recommended to the users.  

III. EXISTING METHODOLOGY 

Image annotation utilizing artificial neural network for 

performing annotation in the photos. An Artificial neural 

network (ANN) is a cognition network which can learn from 

examples and it is capable of make decision for an incipient 

sample. ANN is thoroughly different from mundane 

classifiers which customarily learn one class at a time, 

because ANN can learn multiple classes at a time. An ANN 

consists of multiple layers and inters connected nodes, 

which are withal kenned as neurons or perceptrons. Because 

of this, an ANN is withal called multilayer perceptron 

(MLP). The first layer is the input layer which has neuron 

sequel to the dimension of input sample. The number of 

neurons in the output layer is identically tantamount to the 

number of classes. This tells that, an ANN is capable of 

learning multiple classes at a time, albeit single class ANN 

is additionally available.  

The cull of the number of obnubilated layers and 

the number of neurons at each obnubilated layer are open 

issues in ANN approaches. These numbers are customarily 

cull empirically. The connecting edges between neurons of 

different layers areas associated with weights. Each neuron 

works as a processing element and is governed by an 

activation function which engenders output predicated on 

the weights of the connecting edges and the outputs of the 

neurons at the antecedent layers. During the training, ANN 

learns the edge weights so that over all learning error is 

minimized. While relegating an incipient sample, each 

output neuron engenders a confidence measure and the class 

corresponding to the maximum measure denotes the 

decision about the sample.  

 An ANN can be used both for explicit relegation of 

images, regions or pixels, or implicit assignment of fuzzy 

decisions on images. Since the ANN is utilized for explicit 

relegation of images and pixels, the image annotation can be 

facilely done with the avail of artificial neural network. 

With the avail of this subsisting methodology, we can 

engender an AIA in the intermediate subspace to engender 

the cognate keywords and predicated on that keywords the 

pertinent tags are recommended to the users. 

IV. SYSTEM IMPLEMENTATION 

The proposed framework is organized into two stages 

Hypergraph Construction; Hypergraph predicated visual and 

tag learning, Hypergraph predicated Visual and Geo-tag 

learning and Tag Recommendation. The system architecture 

is as shown in fig.2. 

G= (V, E, W); 
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 G indicates a Hypergraph where V and E indicate 

set of vertices and Hyperedges. Let w designates weight of 

hyper edge 

U: User set  

A. Mathematical Model 

A Hyper graph G = {V, E, W} consists of the vertex set V, 

the hyper edge set E, and the hyper edge weight vector w. 

each edge is assigned a weight w (e) the Hyper graph G can 

be denoted by incident matrix H1. 

 
 For a hyperedge e ∈ E, hyperedge degree can be 

estimated by: 

 

B. Set Theory 

Input Sets  

I= {1, 2, 3, n} i.e. Set of images  

T= {1, 2, 3, m} i.e. Set of tags 

Processing sets {P, Q} 

Output set T= {T1, T2, T3}  T 

Output: -Visual similarity matrix based on distance between 

them. 

 
Let d be distance between two images 

[1] P= f(n) be the function to construct visual content 

relationship.  

Input: - set of images i.e. I= {1, 2, 3,…, n}  

[2] Q=f1 (n, m) be the function to construct textual content 

relationship.  

Input: Set of images i.e. I= {1, 2, 3, n} And Set of tags i.e. 

T= {1, 2, 3, m} 

Output: -Visual textual similarity matrix based on whether 

particular tag is present or not. It is also called text 

representation matrix. 

V. SYSTEM ARCHITECTURE 

 
Fig: 3 System Architecture 
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A. Dataset Description 

For evaluation purposes, an image dataset was amassed 

from F lickr. It contains both indoor and alfresco medium 

size photos of popular Greek landmarks, sundry city scenes 

and landscapes. Utilizing FlickrApi, an astronomically 

immense set of ”geotagged” images was downloaded along 

with valuable information cognate to them (id, 

denomination, owner, latitude, longitude, tags, image 

views). Then, the dataset was filtered predicated on image 

views (times that the concrete image has been optically 

discerned in F lickr) and owner’s uploading statistics. At 

this point, it was surmised that images with many views 

customarily depict consequential content and owners (users) 

with many uploaded images are active ones, possessing 

many convivial cognations (friends, gregarious groups). The 

owners of these images were the users in the dataset. 

 Then, corresponding gregarious information 

(friends, convivial groups) was crawled and only the groups 

that had at least 5 owners from the dataset as members were 

kept. The categorical cardinalities are summarized in Table 

1.   In order to compose an opportune set of tags, all 

characters were converted to lower case; unreadable 

symbols and redundant information were abstracted. Next, a 

dictionary of unique words was engendered along with their 

frequencies. Then, terms with frequency 1 or 2 were deemed 

as trash and were abstracted from the set of tags and the 

lexicon. Conclusively, spelling mistakes were redressed and 

any morphological variations merged utilizing the Edit 

Distance [16]. 

 
Table 1: Dataset objects, notations, and counts. 

VI. RESULTS 

A. Get Geo Values from a Image 

 
Fig. 4: Get Geo Values from a Image 

B. User Search 

 
Fig. 5: User Search 

C. Search Results 

 
Fig. 6: Search Results 

D. Based on Distance Finding Related Results 

 
Fig. 7: Distance Finding Related Results 



Automatic Photo Tagging based on Geo-Tags in Social Sites 

 (IJSRD/Vol. 3/Issue 08/2015/113) 

 

 All rights reserved by www.ijsrd.com 452 

E. Statistics of Database 

 
Fig. 8: Statistics of Database 

VII. CONCLUSION 

Personalized Geo-Tag recommendation for community 

contributed images is proposed to deal with the quandary of 

learning joint pertinence of tag to images. System bridges 

semantic gap between visual and textual features. It finds 

tags from visual homogenous hyperedge and they are 

utilized as input to find candidate tags from textual 

homogenous hyperedge. Conclusively, it recommends 

frequent but distinct tags. 
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