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Abstract— The passing keywords to images is of huge attention as it allows one to retrieve, directory and recognize big 

collections of image data. Various systems have been designed for image annotation that gives a realistic presentation on 

consistent datasets. Here, studied multi-label image annotation with dictionary learning methods. In multi-label image 

annotation, new (SLED) semantic label embedding dictionary demonstration used, which is solved the problem of annotation, 

under the softly supervised situation. Several of the consumers have the skill to produce and store images. Peoples did not spend 

their time for organizing and grouping their particular (private) image collections. So it's difficult for peoples to finding 

particular (exact) images. Image annotation contains a number of methods that goals to find the link between words and images.  

The multi-label image annotation system divided into two branches, i.e. the training branch and the testing branch. In training 

branch, datasets are divided into exclusive groups. In it, Fisher discrimination law used for the train the label of that image. 

Then co-occurrence labels would offer the context data of that image. This context data adds into the novel dictionary table. In 

the testing branch, use label propagation and reconstruction coefficient to get the score of each image label 

Index Terms— Automatic Image Annotation, Dictionary Learning, Reconstruction Coefficient, Sparse Coding. 

 

 

1. INTRODUCTION 

 Today's thoughtfulness and day by day life are 

extremely changed.   The most important role in the world 

is the Internet. Digital data such as audio, video, and 

images can be simply pile up and broadcast with the help 

of some devices for using the Internet. The attractiveness 

of photo and video distributed websites (Flicker and 

YouTube, etc.), contains a large number of visual data, 

which is weakly labeled or unlabeled. More than a few 

numbers of clients have the skilled to build and pile up 

digital images. Peoples did not spend their important time 

for a sort out and grouping (labeling) their private image 

collections. So it’s difficult for an ordinary client to find 

literal images. The search engines used to recover 

(related) images, still mainly based on textual keywords 

[1]. 

 

 

 

 

 

 

 

 

 

 

 

Table 1: Image Annotation 

 

 A. Image Annotation 

 Annotation is nonentity but belief (estimation) 

text or note as shown in Table 1. Automatic image 

annotation is a method in which human give a key in form 

of words (text) to the system, then system finds out those 

images related to that key. Image Retrieval is the 

technique in which retrieval particular images from a 

large collection of the database [2].  

 

 An automatic image annotation aim that was 

gives images with humanoid predefined labels, which 

have a usual multi-label learning difficulty. Automatic 

image annotation is a problematical trade for two main 

motives: 

 

1. The well famous pixels to predicate or semantic gap 

problem. 

2. The difficulty gets up due to lack of communication 

between the keywords and image regions in the training 

branch. 

 

The supervised learning used to produce codebook, in 

some cases data is gotten wasted. To minimize this data 
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supervised learning methods used. These algorithms can 

be divided into two patterns, i.e. the parametric and non-

parametric patterns [3, 4, 5]. 

 

II. LITERATURE SURVEY 

 

C. Wang et al. have suggested a sparse coding 

organization for classification and feature mining in the 

image annotation. Besides, some sketch suggested for 

multi-label data in feature extraction and information 

sparse coding for multi-label data to transmit the multi-

labels of the training images to the query image with the 

thin reconstruction coefficients. Multi-label sparse coding 

blueprint described three well-known components. In the 

semantic improvement, outcomes showed using some 

datasets which are related to images. Here, some 

differences between MSC and human annotation words 

are shown using some algorithms [1]. 

 

G. Carneiro et al. have described the supervised 

information group for image annotation and retrieval job. 

The real troubles described for automatic image 

annotation and retrieval process. The supervised methods 

are shown to get done superior accuracy than a variety of 

in the past accessible methods. Here, production as a 

model of semantic classes which solved the image 

retrieval troubles. Supervised multi-class labeling (SML) 

procedure used to explain multiclass image classification 

problems. There are differences between SML and other 

algorithms. In this paper, some explanation about SML 

annotation and human annotation words using images [2].  

 

Lei Wu et al. have established label achievement for 

image restoration in which image recovery methods can 

be classified into sets, i.e. content-based image retrieval 

(CBIR) and keyword or tag-based image retrieval (TBIR) 

methods. In this paper, a whole explanation about CBIR 

and TBIR sets. There is a summarization for tag matrix 

completion and its significance to image search. In this 

case, some tag completion difficulty solved using 

different techniques. The problem of tag completion 

where the hope is to involuntarily plug in the absent tags 

as well as exact noisy tags for exacting pictures [3]. 

 

A. Makadia et al. have demonstrated a latest standard 

technique for automatic image annotation that treats 

image recovery troubles. In this paper, solved the 

automatic image annotation difficulty, i.e. pixel to 

predicate or semantic space complexity; the lack of 

contact between the keywords and image regions in the 

training set. Here, with no human involvement assigning 

text to images is of huge consideration as it allows one to 

index well again and recognized big collections of 

image’s data. In the process of image annotation, some 

complicated task occurred in the annotation process that 

solved by using some baseline techniques. In, the 

parametric model to imprison the relationship between 

keywords and image features. Also some variances 

between predicted (actual) and human annotation words 

[4]. 

 

S. Lazebnik and M. Raginsky have recommended 

supervised information to the codebook for information 

hammering minimization case. In this case, some methods 

which are authenticated on real and artificial datasets also 

useful to two different troubles, i.e. knowledge 

discriminative visual languages for bag-of-features in 

image association and image partition. Here, methods are 

used to create codebook using the bag-of-features 

procedure in image categorization. In this process, 

unusual images go through the segmentation procedure 

then there is a computation done for how much average 

data is a loss or not after these case images are rearranged 

(not recover) [5]. 

 

V. Lavrenko et al. have suggested the models for 

knowledge semantics of the picture. The semantics of 

pictures (images) which mean that allows us without 

human intervention annotate an image with keywords and 

to get better images based on text keyword. These 

processes have done by a formalism that model's making 

of annotated images. In this case, image annotation and 

image recovery methods explained. Some models which 

used for the generation of annotated images, i.e. 

continuous space relevance model (CRM) and cross-

media relevance model (CMRM) this model work on the 

constant features with better outcomes [6]. 

 

X. Chen et al. have described the latest approach to multi-

label image organization, which incorporates a novel type 

of circumstance, i.e. label exclusive circumstance, which 

is used for linear demonstration and organization. To 

label exclusive linear representation (LELR) 

representation is used to attach the label exclusive context 

into a multi-label linear representation structure for the 

visual organization. In the demanding real-world visual 

organization tasks validate, that LELR is a powerful 

model to improve the presentation of linear demonstration 

and organization. Determination of LELR soft 

minimization algorithm used in a kernel view. Here, the 
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main plan is to use of multi-label visual organization to 

solve the difficulty where the representation (image) 

model can be assigned with multiple class labels at a 

moment [7]. 

 

Lei Wu et al. have demonstrated a novel schedule of 

semantics-preserving bag-of-words (SPBoW) for object 

illustration. Here, described an actual concept of BoW 

and SPBoW methods. The SPBoW model tries to learn a 

codebook by dropping the semantic space. The SPBoW 

scheme is useful and shows the prospective for object 

design process. The bag-of-words (BoW) models that 

generally go through from the semantic defeat in the 

codebook creation procedure, some novel method 

overcomes this disadvantage by learning and successful 

distance metric that plans to bridge the semantic space 

between low-level features and high-level semantics. 

They demonstrated a new dimension of semantic space 

and then try to moderate the space via distance metric 

learning procedure [8]. 

 

M. Aharon et al. have introduced K-means and K-SVD 

algorithms for explained dictionary learning harms. These 

algorithms modernize the dictionary atoms to be superior 

in shape, the facts which mean increases the dictionary 

size using some algorithms, i.e. K-means and K-SVD. 

There is a great deal function that uses sparse 

representation, i.e. regularization in inverse problems, 

compression, and feature extraction, etc. There is full-size 

of description for K-means and K-SVD algorithms, which 

used to assemble a dictionary for images [9]. 

 

X. Cao et al. have described appropriate processes to 

construct a dictionary using dictionary learning process, 

i.e. unsupervised and supervised learning processes.  

Here, illustrated a novel semantic label embedding 

dictionary (SLED) representation for multi-label 

automatic image annotation. SLED method in image 

annotation gives well again outcomes as compared with 

the state-of-the-art algorithms. SLED method used to 

explain dictionary size troubles. The total image 

annotation system distributes into two elements, i.e. 

training and testing elements. In this process, used some 

datasets, i.e. NUS-WIDE-LITE, IAPR-TC12, and Corel5k 

[10].  

  

  

  

 

  

 

 
Fig. 1: The Training Branch and Testing Branch. 

 

  

III. METHODOLOGY 

 

• Automatic Image Annotation System: 

Automatic image annotation system divided into two 

branches, i.e. the training branch and the testing branch 

that is shown in Fig. 1. 

 

A. Training branch 

This part called as an offline branch. In this branch large 

datasets are available. Those datasets related to images, 

i.e. NUS-WIDE-LITE, Corel5K, etc. Which is goes 

through many processes as shown in Fig. 1 (a, b, c and d). 

 

1.    Dataset: These are containing labeled or 

 unlabeled dataset (images) that means which are 

 large collections of images those show weakly 

 labeled or unlabeled visual data. 

 

2.    Groups Extraction and Preprocess: In this 

 stage, training dataset converted into groups on 

 the basis of features using clustering method. 

 Some algorithms available to discover exclusive 

 label groups. In this case M. Yang et al. train the 

 labels dictionaries using Fisher discrimination 

 principle and pre-processing nothing but the 

 conversion of scale, i.e. gray to binary which is 

 used for to improve some image features 

 important for further processing and analysis. 

 Using pre-processing method we removed noise 

 that may have appeared in the image while 

 transferring as shown in Fig. 2. 

 



 

 
 

ISSN (Online) 2394-2320 
 

International Journal of Engineering Research in Computer Science and Engineering  

(IJERCSE)  

Vol 4, Issue 8, August 2017 

 

 

 

                162 

 

 

3.    Discriminative learning: Discriminative 

 learning nothing but discriminative dictionary 

 learning (DDL). In this stage, exclusive groups 

 used DDL process in which find features and add 

 in the dictionary table. It means discriminative 

 dictionary is trained the exclusive groups. 

 

4.    Label expansion: In this process to combine 

 the correlation between the co-occurrence of 

 labels. Its means add the context information into 

 the dictionary labels [6, 7]. 

 

B. Testing branch 

This part also called as an online branch. In this branch, 

test the images, which are going through many processes 

as shown in Fig. 1 (e, f, g, and h). Here, test the input 

image using several methods also using some algorithms 

to find the reconstruction coefficient to increased 

accuracy rate of images. 

 

1.    Image Set: In this stage, take images and test 

 that images are called as the input image. 

 

2.    Dictionary and coefficients: The test (input)   

 image under goes dictionary and coefficients 

 stage called as test image reconstruction. In this 

 stage, X. Cao et al. find reconstruction 

 coefficients of the test image also match the 

 features and find the labels than show the 

 accuracy rate of those images using app 

 measures. In this case, object categorization is 

 done by a visual dictionary. Dictionary is created 

 by either k-means or sparse coding. 

 

3.    Label propagation: This method used to 

 discover the score of each label for the test 

 image. 

 

4.    The result (Output image): Final image display 

 which contains accuracy rate [8, 9, 10].  

 

  

 

 

 

 

 

 

 

 

Fig. 2: Pre-processing Technique. 

 

IV. EXPERIMENTAL RESULTS 

 

For the performance evaluation of multi-label automatic 

image annotation, the system is run on configuration 

having Windows 7 with 4GB RAM. This method is 

implemented in .net. For this system .net works on a front 

end and c-sharp on the back end. C-sharp is used to store 

all datasets and code which we generate in training phase. 

For this, the Microsoft Visual Studio 2010 is used, which 

contains the .net development tool. For this system, we 

used 100 categories for image search which are stored in a 

database. We evaluate our proposed approach on three 

widely used image annotation datasets namely NUS-

WIDE-LITE, Corel5K and IAPR-TC-12 dataset [10]. 

This dataset contains many Flickr images, which are 

divided into a training set and a test set. It is weakly 

labeled or unlabeled. The corel5k dataset contains 4,999 

images collected from the larger Corel CD set. Moreover, 

following the same experimental setup, we select 4,500 

images for training and the rest for testing.   

 

CONCLUSIONS AND FUTURE WORK 

 

In this paper, we have proposed multi-label automatic 

image annotation methods. Under semi-supervised 

setting, semantic label embedding dictionary (SLED) 

solves the multi-label automatic image annotation 

problems. This is fresh embedding dictionary 

representation system. Some algorithms used to solve the 

classification problems. Multi-label automatic image 

annotation system divided into two branches, i.e. training 

and testing branch. This paper gives the solution of 

inconsistent label combinations between the train and test 

data. We have improved image searching using different 

techniques which used three well-known datasets gives 

good outcomes. In automatic image annotation, solved the 

huge gap in between the train and test data. Some app 

estimation gives the accuracy rate of image labels. Here, 

we state the dictionary size problem and find the 

reconstruction coefficients of images. 

In Future work, in the system, we will be adding SIFT 

feature extraction and feature selection algorithm to 

increased image accuracy rate.  
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