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ABSTRACT

The multi-layer group sparse coding framework is presented for the 

purpose of image classification and annotation.  This paper introduces 

the multi-layer group sparse structure of the image reconstruction 

coefficients to leverage the needs between the class label and tags. The 

sparse structure translates the mutual dependency among the class 

label that defines the whole image content. The tags define the 

components of the image content. Hence, the multi-layer tag 

propagation method involving the combination of the class label and 

subgroups with the similar tag distribution is utilized in the annotation 

process of the test images. The multi-layer Group sparse coding is 

extended in the Reproducing Kernel Hilbert Space (RKHS), so as to 

develop the proposed methodology to become more appropriate for 

nonlinear separable features and enhance the overall efficiency of the 

image classification and annotation. The multi-layer Group sparse 

coding is integrated with the strategy that significantly improves the 

computational efficiency. From the experimental results, the proposed 

technique outperforms the standard techniques and achieves 

outstanding performance for the image classification and annotation 

tasks. 

Index terms- Image Annotation, image classification, sparse coding. 

1. INTRODUCTION 
 

Classification and Annotation of the images are two 

classical problems in computer vision. The image classification 

illustrates the theme of the image and image annotation describes 

about the objects in the image, and their properties. This paper 

targets single-label image classification where each image only 

belongs to one class. 

In the recent years, there is a development in the image 

classification [23] and image annotation structures. The high-

level semantic meaning of an image assists to predict the objects 

in the image and image components can jointly help to predict the 

semantic class label of the image. For example, from the Fig.1 the 

class label "snowboarding" and tags "snow","ski","athlete", etc. 

can reciprocally boost the prediction of each other. To further 

illustrate the relationship between image class label and tags, the 

concurrence of the class label and tags on UIUC-Sports dataset is 

shown in Fig. 1. The concurrence map shows that usually a tag 

only appears in one or very few classes, so that the tag based 

class label is predicted and vice versa. Such dependency between 

class label and tags shows that the image classification and image 

annotation are closely related, the problems related to the image 

classification and annotation can be solved concurrently. 

Meanwhile, from the perspective of the users, concurrent 

image classification and annotation enhance the understanding of 

the image content. Fig. 1 also illustrates a possible application of 

such concurrent image classification image annotation. By using 

an image classification, images belonging to different activities 

like snowboarding, skiing, swimming, etc., can be automatically 

sorted out. With the help of image annotation techniques, each 

image can be annotated with different tags which further describe 

the 

image contents. We can group images based on a high-level in 

the image, like "snow", "athlete", is used to describe the image 

contents. Moreover sparse coding also demonstrates good 

performance for image annotation task [26] with a label transfer 

strategy. 

 

 

Fig.1 An illustration of image tags, class label and their 

concurrence map on UIUC-Sports dataset. 

For UIUC-Sports, there are 8 classes and 175 tags. The 

concurrence map shows that usually a tag only appears in one or 

very few classes, so that the tag based class label is predicted and 

vice versa. 

Motivated by the success of the sparse coding for single-

label image classification and image annotation, as well as the 

close relationship between the image classification and image 

annotation, the multi-layer group sparse coding framework is 

presented in this paper. Such a coding framework not only 

inherits the ability of sparse coding in single-label image 
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classification, but also encodes the additional prior information, 

including the needs between the class label and tags, and also the 

group sparsity of the image reconstruction coefficients related to 

the instances with the same class label. Fig.2 depicts the 

architecture of the multi-layer group structure. A class-based 

group is formed in the class-based group layer of the multi-layer 

group sparse architecture, by the sparse codes related to the 

instances with the same class label. A tag-based subgroup is 

formed in the tag-based subgroup layer, by the sparse codes 

related to the instances with the same class label and similar tag 

distribution. Only minimum number of instances, class-based 

groups and tag-based subgroups are utilized for the reconstruction 

of the test image. The classification and annotation of the test 

image can be performed concurrently, based on the 

reconstruction error for each class-based group and tag-based 

subgroup. 

 

Fig.2 shows the illustration of the Multi-layer group 

structure. 

 

The multi-layer group sparse coding framework is 

presented initially, so as to simultaneously solve the image 

classification and annotation problems. The tag-based subgroups 

are formed for encoding the image component information, by 

applying the normalized cut technique. The multi-layer group 

based tag propagation technique is proposed to improve the 

robustness of the image annotation, based on the predicted class 

label and reconstruction error for each tag-based subgroup. The 

kernel multi-layer Group sparse coding is proposed to capture the 

performance of the image classification and annotation tasks.  

The rest of the paper is organized as follows: Section 2 

describes about the related work.  The details of our Multilayer 

Group sparse coding is described in Section 3. Experimental 

results will be illustrated in the Section 4. Section 5 illustrates the 

conclusion and Section 6 illustrates the future work. 

2. RELATED WORK 

In the previous works, the image classification following 

the paradigm of sparse coding for face classification is performed 

based on the image representation, i.e., the label of the test image 

is predicted based on the sparse coefficients. Moreover, modeling 

of the relationship/similarity between the image to be annotated 

and all the images used for tag propagation is performed in the 

same formulation. Our multilayer group sparse coding is closely 

associated to the Bi-layer sparse coding, group lasso and sparse 

group lasso, based on the mathematical formulation. Encoding of 

the additional prior information is performed, by the bi-layer 

sparse coding and sparse group lasso.  

The Bi-layer sparse coding comprising the sparsity 

constraints on the patch-to-patch reconstruction layer and 

instance layer is proposed to handle the label-to-region problem. 

Linking the region to be labeled to the images with different 

weights is performed, based on its sparse codes, so that the 

related tags of these images can be propagated to the labeled 

region. The non-zero linear reconstruction coefficients should 

appear once in the given test image. Thus, group sparse coding 

lasso was proposed [4]. 

In the group sparse lasso, the reconstruction coefficients 

corresponding to the instances within the same class form a 

group, and the    norm is imposed on the group level. Selection of 

few classes as possible is performed, for the reconstruction of the 

test data and    or    is usually imposed on the sparse codes 

within each class. The sparse group lasso which is the 

combination of group sparse coding and sparse coding is 

introduced to emphasize the sparse characteristics on the instance 

layer and group layer, for solving the regression problems. 

 

3. MULTILAYER GROUP SPARSE CODING 

This section describes about the formulation of the 

multi-layer Group sparse coding, tag-based subgroup  

construction and prediction of the class label and tags using the 

sparse codes. Our formulation in the RKHS is extended and 

Kernel Multi layer Group Sparse coding is proposed. Moreover to 

handle the large scale problem, the multi-layer group sparse 

coding is combined with the  NN. 
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Fig.3 shows the system architecture of the proposed 

methodology. 

3.1 PROBLEM FORMULATION 

There are tri-layer group sparse constraints in our 

concurrent image classification and image annotation problem, 

i.e., instance layer sparse constraint, class based group layer 

sparse constraint and tag-based subgroup 

layer sparse constraint. With the training data of the same class, a 

test image can be “sparsely” and linearly reconstructed. Based on 

the tag distribution, the images within the same class label are 

divided into different subgroups. As shown in the Fig.2, the tag 

distribution of the images within the same subgroup is similar, 

which indicates the components of these images are similar.  

In ideal conditions, the subgroups cover all the cases of 

the tag distribution within each class. By using the instances 

within a subgroup belonging to the class-based group, the 

reconstruction of the instance to be annotated is performed. The 

instances within each class into several subgroups, and the 

images within each subgroup have a similar distribution are 

divided. A tag-based subgroup is formed by the reconstruction 

coefficients corresponding to each subgroup of the training data. 

Fig.2 illustrates the multi-layer Group structure. 

3.2 TAG-BASED SUBGROUP CONSTRUCTION IN 

MULTILAYER GROUP-SPARSE CODING 

 The formation of the subgroups based on the image 

tag distribution is the important issue. Each image can be 

represented using a vector in which each entry represents the 

occurrence of a certain tag in the image. However, it may not be 

appropriate to adopt the traditional         for the partition of 

images into clusters, because the Euclidean distance is not 

appropriate for evaluating the distance between such tag vectors.  

 The criteria applicable for the tag-based subgroup 

construction are to maximize the inter-group similarity and 

minimize the intra-group similarity. Therefore, such subgroup 

construction problem is formulated as a normalized cut problem. 

The edge between the images is weighted based on the similarity 

between two vertices, since each images is a vertex of a graph. 

The whole graph is cut into some subgraphs, by using the 

normalized cut algorithm, such that the images within each 

subgraph form a subgroup that satisfies the criteria. Cosine 

distance is adopted for the calculation of the similarity between 

image tag vectors, due to the effectiveness of the cosine distance 

in characterizing the similarity between the text documents. 

 

3.3 CLASS LABEL AND TAG PREDICTION 

Based on the reconstruction error in the class-based 

group, the class label of the test image is predicted and the test 

image is assigned to the class with the minimum reconstruction 

error. The  reconstruction error corresponding to the     class can 

be computed as  

  ( )  ‖      ‖  
  

 

Where   ( ) is the reconstruction error,     is the Matrix of 

image,    is the reconstruction coefficient and t is the test image. 

 

The class label of t can be obtained as follows 

Class Label of  t   arg min { 

  ( )   ( )       ( )     ( )} 

After the prediction of the class label of the instance, some tag-

based subgroups of the predicted class are selected for the 

annotation of the test image. For the annotation of the test image 

with the   tags, the tags within  the subgroup    are weighted by 

the sparse codes (       ), where T is the tag matrix. Then these 

tags in the subgroup    are sorted and propagation of the top   

tags is performed to test the image. 

There are some advantages of the multi-layer Group 

based tag propagation method. The robustness of image 

annotation is enhanced using the images within each subgroup. 

Though these images with higher weight are more important, the 

test image may not have exactly the tag distribution with the 

image with the largest sparse code. So it may not be able to use 

only one image for tag annotation. To overcome this problem, all 

the images within the subgroup are used for tag propagation. 

Those images with higher weights play more important roles in 

the reconstruction of the test image. Weighting the instances 

within each subgroup with their corresponding sparse codes can 

emphasize the importance of different instance for the 

reconstruction of the test image. 

 

3.4 MULTILAYER GROUP SPARSE CODING IN 

RKHS 
 

Recently Kernel methods have been successfully applied 

to sparse coding problems [16]. Moreover, the sparse codes learnt 

by the kernel sparse can capture nonlinear similarity between the 

instances. Motivated by the excellent properties of the kernel 

methods, the kernel multilayer group sparse coding in a high 

dimensional space mapped by some explicit function is proposed. 

The spatial pyramid representation which is a combination of 

visual word histograms in different spatial regions is utilized for 

each image and Histogram Intersection Kernel (HIK) is utilized 

due to its excellent performance in evaluating the similarity 

between the histograms. 

 

3.5 ACCELERATING MULTILAYER GROUP 

SPARSE CODING WITH  NN 

 

In the proposed method, the computational cost usually 

increases with the size of the dictionary [24], which restricts the 
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proposed formulation for the classification datasets with many 

categories. To solve this problem, our method is combined with 

 NN strategy. Only a few categories are selected based on the 

similarity of the test image to the training categories, and the 

image to category similarity is calculated as the average 

similarity of the test 

Sample, with respect to all training samples of that category. 

Then only the top categories are selected and utilized as the 

refined dictionary. Another reason for incorporating  NN into 

our multilayer group sparse coding is based on the works of the 

Locality-constrained Linear coding that uses the  NN strategies 

to redefine the codebook for the feature to be encoded. In this 

way, the locality information of the feature to be encoded can 

be preserved and feature coding quality can be improved. 

 

4. EXPERIMENTAL RESULTS 
 

The experimental results show that the kernel sparse 

representation can achieve higher accuracy for both image 

classification and image annotation tasks. By using the kernel 

multi-layer group sparse coding (KMlGSc), we can achieve 

excellent performance for image classification and annotation. 

From the Table.1 the total computational time is reduced greatly  

to 2.35 second, which is about 4.6 times faster than the original 

algorithm. Therefore, we can conclude that the  NN strategy can 

greatly reduce the total computational time and makes our 

algorithm possible to handle large-scale dataset.  

 

 
 

Fig.4 shows the performance graph of the proposed 

methodology. 

 

TABLE.1 Performance Classification using  NN 
 

 

 

 

 

5. CONCLUSION 
 

The multi-layer Group sparse coding framework is 

presented in this paper, for solving the concurrent image 

classification and annotation problems. The main contribution of 

our method is our multi-layer group sparse structure that encodes 

the class information, tag distribution information as well as the 

mutual dependency between them. Based on such information, 

the multilayer group based tag propagation method is proposed to 

annotate the test image. The kernel multi-layer group sparse 

coding is proposed and current work is extended in the RKHS. 

Furthermore, the proposed method is integrated with the strategy 

to improve the computational efficiency. The experimental results 

indicate that the proposed method can achieve excellent 

performance in the image classification and annotation tasks. 

 

6. FUTURE WORK 
 

The future work involves the application of sparse 

coding based method to solve multi-label image classification 

problem. A further study related to the label-to-region assignment 

problem is based on the two aspects:  

(1) Currently the proposed solution can only handle flat labels, 

namely one label corresponds to one local image region. 

Furthermore the techniques to handle the semantically overlapped 

labels are studied in the future. 

 (2) The studies related to the methods for taking the advantage of 

those images with partial region-level labels are also carried out 

in the future. 
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