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ABSTRACT 
 

Content based image retrieval is a system that takes an image as an input and provides a set of 

similar images to the input as output in an order of matched similarity. Features matching among 

images is a vague topic. It depends what features are taken in consideration and to what level 

features are being matched. Images having feature similarities with other images might differ in 

terms of semantic analysis of those images. This thesis presents an image retrieval scheme, using 

convolutional neural network and improved sparse representation. Features are obtained in the 

form of feature matrix from convolutional neural network. These features are then processed 

applying improved sparse representation. Some works have been done in sparse representation of 

images. Sparse representation aims to represent the query sample in terms of weighted sum of 

training samples. Improved sparse representation uses the virtual training samples generated from 

original training samples, extracts the features and the model is trained using those features in 

batch. Sparse code for the training images are obtained first. In similar fashion, query image is 

passed through a convolutional neural network to extract the feature. Using the features extracted 

and the dictionary model constructed, sparse code for the query image is calculated. These sparse 

code then compared to find the similarity index between query image and the training images. This 

methodology is different from the earlier methodology where similar images are predicted only 

from the sparse code matrix of the query image. The performance of the content based image 

retrieval scheme is targeted to increase with the application of convolutional neural network and 

improved sparse representation in different image repositories. 

Keywords: Convolutional Neural Network, Virtual Images, Feature Extraction, Sparse 

Representation, Dictionary Learning 
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CHAPTER 1: INTRODUCTION 
 

1.1 Background 
 

Rapid growth of internet, social media and image posting behavior of internet users have increased 

the image repositories in a larger way. Efficient retrieval of images from a large image repository 

is still a challenging job. Finding similar features in images and obtaining like images is another 

vague task in the current digital world. Similar images are obtained from the image repositories 

based on the visual similarities with the query image applying CBIR approach. Most common 

problem faced in retrieving similar image is obtaining unrelated images or obtaining images having 

feature similarity but not semantically related. Researches have been made to reduce the semantic 

gap in CBIR based approach. Different attributes of image: shape, color, texture or layout are 

analyzed to find the similarity in images. Even these attributes become insufficient when it comes 

to semantic gap of images. Semantic gap means how the computer stores the images in pixel level 

and how the information is perceived by human as a whole. Several works have been carried out 

to deal with this level of semantic gap. CBIR approach is based on visual similarities. Overlapping 

of features extracted from the images creates a problem in CBIR approach because there appears 

an ambiguity in finding the class, the query image belongs to. Improving the performance of the 

CBIR approach requires distinction of non-overlapping features among the images. Features 

extracted from the query image is compared with the features extracted from the training images 

to obtain the similarities. Features can be extracted from an image locally or globally. Local 

features refers to information of image in pixels form while global features refers to abstract 

information obtained from image. Combination of the both features would ensure proper feature 

descriptors for any image. They are also applicable to retrieve images from large image 

repositories.  

Accuracy of image retrieval system depends on the appropriate feature representation of the 

images. Convolutional neural network is an efficient way to extract the features from an image. 

Different convolutional neural networks have been proposed for feature extraction from images 

like AlexNet, VGGNet, ResNet and others. Sparse representation is based on the representation of 

the query image feature in terms of weighted training images features. Overall goal of sparse 

representation is that original signal can be represented by a compressed signal and the number of 
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measurements can be reduced. Such sparse representation can be improved by means of virtual 

training samples provided during training, efficient dictionary construction, proper sparse coding 

mechanism and proper methodology for finding the similarities. Virtual training samples are the 

approximations of original training samples and they are equal in number with the original training 

sample. Overall goal is to improve the accuracy of the result obtained when accessed in different 

databases. Metrics like precision will be used in accessing the accuracy parameter of these 

databases.  

 

1.2 Problem Statement 
 

Sparse representation has been applied in the field of content based image retrieval for several 

datasets. Performance parameters seems good for some datasets while it is not sufficient for other 

datasets. Some research works have been carried out for improving the performance of CBIR 

systems. But, there seems some research gap in improving the sparse representation for content 

based image retrieval systems. Adding virtual training samples can improve the performance as 

presented in [2]. Certain modifications in methodology of similar image retrieval mechanism have 

been proposed in this thesis to improve the performance parameter of the CBIR system. Low 

precision in some data sets is the main problem to deal in the field of CBIR system.  

 

1.3 Objective 
 

The major objectives of this thesis are:  

i). To implement improved sparse representation method for finding the similar images in an image 

repository 

ii).To increase the accuracy in obtaining similar image to the query image from an image repository 

Applying improved sparse representation, the accuracy in obtaining the most similar images to the 

input image in different data sets is aimed to increase. 
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CHAPTER 2:  LITERATURE REVIEW 
 

2.1 Approaches in Content Based Image Retrieval 
 

Color histogram used to be the means of similar image searching in the initial time of image 

retrieval. Color-based features are not perfect means for describing images efficiently. Certain 

methods like DCD, CLD and Texture Feature extraction are used for describing an image as 

presented in [6]. Combination of both the color and texture feature can increase the retrieval 

accuracy. Farsi and  authors [7] also practiced HMMD, HDWT were used in combination for 

image retrieval. Also, combination of DCT and HMMD are also used. Mohamadzadeh and authors 

[30] have also used the filters like Gabor filter for texture features extraction. Color and texture 

feature could be a better means of image retrieval but still, they cannot totally satisfy user's need. 

Researchers also try to include artificial intelligence in the field of image retrieval. Convolutional 

Neural Networks and hash function were proposed by Varga and authors in which CNNs and hash 

function are used concurrently [29].  Reducing the facture vector size could increase the image 

retrieval time but the researcher had to compromise in precision. Maximum of 72% precision could 

be obtained in Oxford Database by Philbin and authors [31]. Another combination of CNN and 

hash based coding mechanism for image retrieval could achieve 85% precision on CIFAR-10 

dataset [29]. Increasing the layers in CNN would also increase the computation time and retrieval 

time. CNN was also used in medical image retrieval [13]. Combination of two CNNs was 

presented in one of the paper but two CNNs require high time to computer. Tensor based facial 

recognition system was also prepared which showed better recognition than other facial 

recognition system. Tao and group also proposed person re-identification task which had greater 

performance on relevant database [32]. All these works shows that the accuracy and performance 

of image retrieval systems depends on the accurate feature extraction from the repository images 

and the query images.  
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2.2 CBIR using Sparse Representation 
 

Amir Seavar and authors [1] proposed a different way of doing content based image retrieval using 

sparse representation. The features extracted from the convolutional neural networks and the 

feature vector extracted from the query image are passed to a Sparse Representation block through 

which similar images are found. Author proposed methodology in two steps: feature extraction 

and online retrieval.  

Feature extraction step consists of tuning the parameters of network for extracting features of 

individual images from the repository and extracting the most efficient features from those images. 

Online retrieval step generates the most similar images to the query image. It applies the 

mathematical algorithm for solving the dual problem of the image retrieval problem for sparse 

representation and provides similar images. Amir Seavar and authors proposed a methodology:  

 

         

   

 

 

 

 

Fig 2.1: Image retrieval methodology proposed by Amir Seavar and authors 

 

Using Sparse Representation, authors found the accuracy of P(0.5)= 96.4 on Coral Dataset; 

P(0.5)=97.46 on ALOI Dataset; P(0.5)=82.54 on MPEG-7 dataset for similar image retrieval.  

 

 

2.3 Improvisation in Sparse Representation  
 

Shigang Liu and authors [2] proposed a method for improving the sparse representation for image 

classification. Authors introduced the concept of virtual training samples. Virtual training samples 

are simply referred as the approximations of the original image samples. Virtual training samples 
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no the one hand allow noise in original training samples to be partly reduced and on the other hand, 

they provide sufficient training samples for the training.  An efficient objective function is 

proposed to present more clear separation between the different classes. They have applied the 

algorithm for JAFFE face dataset. Use of virtual training sample and efficient objective function 

can be a significant means of obtaining better classification. With the application of virtual training 

samples and the efficient objective function, authors showed that their method performed well than 

the state of art method.  

 

2.4 Recent works in CBIR using Sparse Representation 
 

CBIR using sparse representation has been implemented in different automatic retrieval systems 

recently. Jian Wang and authors [33] has proposed a visual bag of words model for retrieving focal 

liver lesions by using a medical database. They have implemented tensor based sparse coding 

method to learn features from multi-dimensional medical images. Using a learned tensor 

dictionary, sparse coefficients are calculated using tensor orthogonal matching pursuit algorithm 

and better retrieval performance have been shown in the paper. Sajad Mohamadzadeh and authors 

[34] have published a paper on Parkinson’s disease detection using feature selection and sparse 

representation. The paper examines the disability caused by Parkinson’s voice disorder and 

extracts the parameters from the audio signal. Sparse representation is used to reduce the 

dimension of the feature and a result with 99.11% accuracy is published. Saban [35] published a 

paper by investigating the suitability of sparse vectors in the dictionary based learning method for 

CBIR tasks. Features are extracted from the convolutional neural network and are used as input to 

the dictionary learning and lambda vectors are converted into binaries. Dictionary learning is used 

as hash code generator. Performance is tested on COREL dataset. Sparse representation has its 

wider applicability in the field of medical image analysis, forensic analysis and texture 

identification. These works suggest that sparse representation has a greater applicability and a 

wider field for research in the field of content based image retrieval. 
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2.4 Research Gap 
 

Amir Seavar and authors [1] proposed a method for content based image retrieval using Sparse 

Representation. They represented the dual form of the problem and solve it using dual Lagrangian 

method. Shigang Liu and authors [2] proposed another paper regarding the improvisation in sparse 

representation for content based image retrieval. They proposed virtual training samples and 

competent objective function to enhance the sparse representation of the problem. Use of virtual 

samples helps in partial reduction of noise in original samples while still achieving acceptable 

robustness. Use of real and virtual training sample allows comprehensive use of original samples. 

There remains a research gap in combining these two methodologies and improving the 

performance of CBIR system based on sparse representation. Representing the sparse 

representation by improved sparse representation is a better way for increasing the accuracy of the 

content based image retrieval systems. The proposed methodology in this thesis is a combination 

of methodology proposed by [1] and [2] with certain modifications. Sparse representation in Fig 

2.1 is replaced by Improved Sparse representation which involves construction of virtual training 

samples, learning dictionary in batch, finding sparse code for training images and comparing 

similarity of training images and the query image. Improved sparse representation is discussed 

later in methodology section.  

 

 

CHPATER 3:  SYSTEM THEORY 
 

 

3.1 Introduction to ResNet 
 

Traditional network architectures like VGG are sequential networks. In contrast to this, ResNet is 

a micro-module architecture. Several building block are used to construct the network. Collection 

of such micro-module leads to development of macro module. Concept of residual modules has 

been introduced in ResNet where a parameter is passed to another layers below it as a residue. 
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ResNet 50 is three layers deep architecture. The 34-layer net is modified in such a way that 2-layer 

block is replaced by 3-layer block resulting in a 50-layer ResNet. 

Choice of ResNet for the feature extraction is based on the increased training parameters of ResNet 

over others. VGG-16 has roughly 138 million parameters while ResNet has 25.5 million 

parameters. ResNet employs the use of thinner and deeper networks. Choice of 1*1 convolutions 

before applying 3*3 convolutions helps to reduce number of operations. ResNet have different 

variants like: ResNet-18, ResNet-34, ResNet-50, ResNet-101, ResNet-110 and others. Out of 

these, ResNet-50 is used in this thesis considering computational effectiveness and considerable 

accuracy in feature representation. 

 

3.2 Residual CNN Network 
 

For the purpose of image classification tasks, deep convolution neural networks have been used 

extensively. Features are extracted features wise and the classifiers are proposed from end to end. 

Different features are extracted by different stacked layers. Deep neural networks have a 

convergence problem. Accuracy of the network depends on network depth. It gets saturated with 

the network depth and then decreases rapidly. This decrease in accuracy is not caused by over 

fitting. Increase in network depth increases the training error in data so such problem appears. 

Microsoft has proposed similar deep residual learning framework. In this framework, the stacked 

layers does not fit the mapping exactly, instead they fit a residual mapping. Feed forward neural 

networks characterize the F(x)+x which is implemented by using shortcut connection. On the one 

hand ResNet architecture can be easily optimized, on the other hand, it increases the accuracy of 

the model while the number of layers in the model increases. The architecture of ResNet network 

is described in Fig 3.1.  

1. Plain Network:  

These network are similar to VGG networks.  Convolution layers mostly have three by 

three filters and they follow these principles:  

i). Layers have same number of filters for same feature map.  

ii). Number of filters is made twice if the feature map is halved.   

It would preserve the time complexity of the network.  
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2. Residual Network:  

Residual network contains the shortcut connection from one layer to another layer. If the 

dimension of input is equal to the dimension of the output, the shortcut F(x{W}+x) can be 

used. When the dimension do not match, it can be made equal by padding extra zero. 

Dimensions can be matched by using the projection shortcut in F(x{W}+x). In both the 

cases, it is perfumed with a stride of 2 if there are feature maps of different size.  

 

                x 

  

                                         

                                                        relu   F(x) 

                                                                                x identity 

                                             

       

                         relu     F(x)+x                                                                                                                                                                                                       

Fig 3.1: Residual CNN network 

 

 

3.3 Sparse Representation 
 

Sparse Representation is the process of compressing the signal. It’s an idea of representing the 

signal by few non zero coefficients. The query image features can be represented by the weighted 

combination of the training image features.  A signal of length n can be represented by k nonzero 

coefficients where k is very less than n. The features which has more weight in the representation 

of the query image are chosen to be the most similar image to the query image. Such weighted 

representation of the training images can reduce the calculations significantly in finding the similar 

images. One way to calculate the similar image from the query image when all the features are 

known, could be finding the distance of the query images features from all the training image 

Weight Layer 

Weight Layer 
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features. But, it is too much bulky in calculation and time consuming as well. Sparse representation 

could provide a solution of finding most similar images from a repository in most efficient manner.  

 

 

3.4 Improved Sparse Representation  
 

This thesis aims to improve the accuracy of content based image retrieval process by increasing 

accuracy of the sparse representation method in image classification. Virtual training samples are 

generated from the real training sample through different approximations. It helps to train the 

model with different variations of features. Also, it provides sufficient training samples for model 

construction. This is required for obtaining good classification result. Improved sparse 

representation uses both the training samples to perform classification. Features are extracted from 

the training images and a dictionary is constructed from those features in batch. Sparse code is 

generated for the training images using the dictionary model. Similarly, features of query image is 

used along with the same dictionary model to create the sparse code for the query image. 

Comparing the sparse code of the query image and the training images, similarity can be measured 

and comparing those similarity, similar images can be found. The accuracy of image retrieval 

system for different datasets is aimed to increase with the help of improved sparse representation 

in this thesis.  

  

 

CHPATER 4: METHODOLOGY 
 

4.1 Proposed System 
 

The proposed methodology is described in Fig 4.1. It consists of dataset, preprocessor, feature 

extraction unit, dictionary unit, similarity ranking unit and the output generation unit as shown in 

Fig 4.1.  
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Fig 4.1: Proposed methodology for CBIR using CNN and improved Sparse Representation 

 

 

1. Image Repository  

Image repository refers to the database of images. These are the training images with which 

the model is trained. Content Based Image Retrieval using Convolutional Neural Network 

and Improved Sparse Representation is applied in three different data sets: i). Coral dataset 

containing 1000 images in various sizes which are categorized into 10  different classes. 

ii). The Amsterdam library of object image (ALOI) dataset containing 9000 images in 

variable sizes categorized into 375 different classes. iii). The MPEG-7 dataset including 

1400 different images consisting of images from 70 different classes.  
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2. Generation of virtual images 

 

Virtual images have been generated from the real training images in one to one ratio 

applying data augmentation techniques. Techniques like rotation, padding, altering 

brightness, hue, saturation and other techniques have been employed to generate virtual 

images. Generation of virtual images has been discussed in the section 5.1.  

 

3. Preprocessing 

Preprocessing of images involves operations like resizing and normalization of images. 

Resizing is necessary to convert the training and test images into the same size so that 

feature vector could be generated in efficient manner. Normalization refers to converting 

the image pixel value within a specified range.  

 

4. Feature Extraction using Convolutional Neural Network 

Features are extracted passing the images through a Convolutional Neural Network. 

Convolutional Neural Network involves differing layers like convolution layer, pooling 

layer and fully connected layer. Combination of convolution, pooling can be performed to 

extract different features from the input images.  

 

5. Feature bank 

 

Feature bank refers to the different features extracted from the image repository. These 

features should represent the images in most efficient form. These features will be used for 

finding the similar images via improved sparse representation.  

 

6. Dictionary model 

 

Dictionary model is constructed from the features extracted from the real and virtual 

training images. Dictionary is learned from all the features gathered in batch. 128 images 

are fed into the dictionary at each batch which is seen optimum during training. Other 
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components like iterations, epochs, number of dictionary components, batch size are to be 

altered and set to optimum to efficiently represent the sparse code.  

 

 

7. Sparse code generation 

Sparse code is generated for all the training images and stored. Components of dictionary 

model is required for constructing the sparse code. Sparse code is also generated for the 

feature extracted from the query image. This sparse code is compared to the sparse code of 

the training images to find out the similarity.  

 

8. Similarity measure 

 

Sparse code is generated for the training image features and the query image feature using 

the same dictionary model components. Thus, similarity is computed between the sparse 

code of training image features and query image feature and a similarity matrix is obtained.  

 

 

9. Output images  

Similarity matrix is sorted to find out the top k images similar to the query images. These 

top most similar images are presented as the images similar to the query image.  
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4.2 Data Set 
 

Amir Seavar and authors [1] has used three different datasets in their research. Same datasets have 

been used in this thesis. These datasets are used to make a comparison between the proposed 

system and the previous system.  i). the Coral dataset which consists of 1000 images with different 

sizes and are categorized into 10 classes of different nature: horse, human being, bus, manmade 

things, flower, elephant and natural scenery. ii). The Amsterdam library of object images (ALOI) 

which consists of 9,000 images which are categorized into 375 different classes. iii). the MPEG-7 

dataset which consists of 1400 different images categorized in 70 different classes.  

 

Fig 4.2: Some of the images of the Coral Dataset 
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Fig 4.3: Some of the dataset images of MPEG-7 dataset 

 

 

 

Fig 4.4: Some of the dataset images of ALOI dataset 
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4.3 Tools and resources 
 

Following tools and resources have been used in this thesis:  

1. Python 

Python is used as the programming language to develop the application. It facilitates us by 

providing different libraries and techniques in digital image processing and neural 

networks.  

 

2. Google Colab 

Google Colab is one of the most used development environment that uses python as its 

programming language. Colab provides the facility of google drive where we can upload 

the datasets and output images.  

 

3. Scikit-learn 

Scikit-learn is the python library that provides easy predictive data analysis. It provides 

various machine learning algorithms.  

 

4. Numpy 

Numpy is the python library that provides scientific data analysis. Representation of arrays  

and matrices in various forms and dimensions, reshaping and other functions are supported 

in numpy.  

 

5. Keras 

Keras is the library used for deep learning approaches. It provides easier and standard 

interpretation of the various deep learning algorithms. 

 

6. Pandas 

Pandas library is used for data analysis. It provides various method to work with 

dataframes.  

 

7. PyTorch 

PyTorch is a library used for working with tensors. Different mathematical operations and 

working with multi-dimensional tensors are defined on it.  
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8. Joblib 

Joblib is a library used for storing the objects in python. Joblib has been used to store 

dictionary models, image features and sparse code of training images generated in this 

thesis.  

 

CHPATER 5: IMPLEMENTATION AND ANALYSIS 
 

For the implementation of the proposed model, first virtual images are generated. Then model is 

constructed out of the real training images and virtual training images. A dictionary is constructed 

out of these real and virtual training images. Sparse code of the training images are generated 

initially.  When the query image is supplied, the sparse code is generated on the basis of the 

supplied dictionary. Then, the sparse code of the training images and the query images are 

compared and sorted to find out the most similar images to the query image. 

 

5.1 Generation of Virtual Training Images 
 

Virtual images refers to approximation of the real training images. These images can either be 

generation by altering the real training image or by adding some noise to the real training images. 

Here, data augmentation techniques have been used for the generation of virtual training images 

from real training images. Data augmentation technique is used when there are insufficient data 

for training a model and new training data can be generated from the original training data. It helps 

to make a more generalized model. Some of the most common techniques of data augmentation 

are:  

 

i). Position augmentation 

Position of pixels are changed in the position augmentation that helps to generate a new image 

from the original image. Some of the techniques of the position augmentation are:  

 

a. Scaling 
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Scaling is also known as resizing. In this method, the size of the image is altered to fit it in 

the new size.  

 

b. Cropping 

Cropping is a technique in which certain portion of the image is selected.  

 

c. Flipping  

Flipping can be applied to flip the image horizontally or vertically.  

 

d. Padding 

In padding, certain value is padded on the all sides of the image.  

 

e. Rotation 

Rotation rotates the image to the given angle, clockwise or counter clockwise.  

 

f. Translation 

Translation moves the image along certain axis.  

 

g. Affine Transformation 

Affine transformation is a type of position augmentation that aims to preserve the planes 

and lines.  

  

ii). Color Augmentation 

Color augmentation alters the pixel values and changes the color properties of the image.  

a. Brightness 

Brightness alters the brightness of the image. Image becomes darker or brighter by 

changing this parameter.  

 

b. Contrast 
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Contrast refers to the gap between the brightest pixels and the darkest pixels in an image. 

This parameter alters the gap between such pixels.  

 

c. Saturation 

Separation between colors of an image is called Saturation. This parameters changes such 

separation.  

 

d. Hue 

Hue refers to the shade of the colors present in an image. Altering hue parameter in an 

image changes such shade of colors.  

 

Images from the real training set are passed to a virtual training image generator module. Virtual 

training image generator module generates a number randomly. Every number within a range has 

its operation defined out of the operations of data augmentation. Scaling, flipping, padding, 

cropping, translation, rotation, affine transformation, contrast, brightness, saturation and hue are 

the methods applied for generating the virtual training sample randomly from the real training 

samples. These virtual samples are then saved to a location and then retrieved later for model 

construction.  
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Generation of Virtual Images:  

i). Resize:  

 

 

 

 

 

 

 

 

 

Fig 5.1: Generation of virtual image through resizing 

 

Fig 5.1 shows virtual images generated through resizing. Original image in Fig 5.1 has size 256 

by 384 pixels. Transformed image of Fig 5.1 is of 140 by 140 pixels.  

 

ii). Crop:  

 

 

 

 

 

 

 

Fig 5.2 shows virtual images generated through cropping. Cropping is done through central pixel 

by 140 pixels around the central pixel. The result images have size: 140 pixels by 140 pixels.  

  

Fig 5.2: Generation of virtual image through cropping 
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iii). Horizontal Flip:  

 

 

 

 

 

 

 

 

 

Fig 5.3 shows virtual images generated though horizontal flipping. During horizontal flipping, the 

images is just reversed around the central axis.  

 

iv). Padding 

 

 

 

 

 

 

 

 

 

 

Fig 5.4: Generation of virtual image through padding 

 

Fig 5.4 shows virtual images generated through padding. During padding, top is padded by 5 

pixels, left is padded by 2 pixels, and bottom is padded by 5 pixels.  

 

  

Fig 5.3: Generation of virtual image through horizontal flipping 
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v). Rotation 

 

 

 

 

 

 

 

 

 

Fig 5.5 shows virtual images generated through rotation. During rotation, the image is rotated by 

30 degrees counter clockwise from the reference axis.  

 

vi). Affine Transformation 

 

 

 

 

 

 

 

 

Fig 5.6 shows virtual images generated through affine transformation. During affine 

transformation, the horizontal axis is translated by factor 0.4 and vertical axis is translated by factor 

0.5.  

  

Fig 5.5: Generation of virtual image through rotation 

 

Fig 5.6: Generation of virtual image through affine transformation 
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vii). Brightness Alteration 

 

 

 

 

 

 

 

 

 

Fig 5.7 shows virtual images with different brightness. Brightness is double in the Fig 5.7 than 

the original image. 

 

viii). Contrast Alteration 

 

 

 

 

 

 

 

 

 

Fig 5.8: Generation of virtual image altering contrast 

 

Fig 5.8 shows virtual images generated by altering contrast. Contrast is double in both of the 

images than the original images.  

  

Fig 5.7: Generation of virtual image altering brightness 
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ix). Saturation Alteration:  

 

Fig 5.9  shows virtual images genrated altering saturation. Saturation is doubled in virutal image 

than the original image.  

 

x). Hue Alternation:  

 

Fig 5.10: Generation of virtual image altering hue 

 

Fig 5.10 shows virtual images generated altering hue. Hue is altered by a factor of 0.2 to generate 

the new virtual image.  

  

Fig 5.9: Generation of virtual image altering saturation 
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5.2 Preprocessing of Images 
 

Images from the real training images set and virtual images training image set are preprocessed. 

Preprocessing involves two major operations:  

a. Resizing 

Images are resized to 224 by 224 sizes. This size is taken as standard size for operations 

carried out in the field of digital image processing.  

 

b. Conversion from BGR TO RGB:  

Images have been read using opencv library of python which reads the images in BGR 

(Blue Green Red) mode. So, there is necessity to convert it into RGB (Red Green Blue) 

mode before doing further processing.  

 

c. Normalization 

Normalization means converting the pixels values from 0-255 to 0-1. Normalization is 

necessary to convert the dynamic range of pixel values in a predefined range.  

 

 

5.3 Feature Extraction of Training Images 

 

Features are extracted from the real and virtual training images by the means of convolutional 

neural network. In this thesis, features are extracted using ResNet-50 architecture of convolutional 

neural network. ResNet-50 is convolutional neural network having 50 layers depth. The network 

is earlier trained with millions of training images and its weights are specified. RestNet-50 network 

is combination of convolution, activation, pooling and normalization. These methods are applied 

in a series to extract the correct feature vectors. The network requires image input of 224 by 224 

pixels. So, all the training images are resized to 224 by 224 pixels. Features extracted from the 

images are in the form of matrices with particular weights. The feature matrix is of the dimension 

of 100352 by 1. Further processing of these images are then carried out on the basis of these feature 

matrices.  
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5.4 Improved Sparse Representation of Images 
 

Sparse Representation of images features is implemented constructing the dictionary out of 

training images and generating sparse code for the query image from that dictionary. Here, a 

dictionary is constructed from all of the features extracted from the training images. Query image 

feature is represented in terms of liner combination of the training images in the dictionary.   

Different algorithms can be used to construct the sparse representation of images. Lasso solution 

is implemented for calculating sparse solution. Lasso solution is a linear model trained with L1 

regularizer. Linear regression model is the basis of the Lasso solution. Query feature matrix X is 

transformed using the dictionary of the training images features. Final result matrix obtained has 

some non-zero coefficients which are the basis of finding the similar images from the repository. 

Least angle regression method is used to calculate the solution. Lasso is a linear model used for 

calculating sparse coefficients. It has the tendency to calculate the fewer non zero coefficients.  

 

Optimization function used for Lasso lars solution:  

(
1

2 ∗ 𝑛𝑠𝑎𝑚𝑝𝑙𝑒𝑠
) ∗ ||𝑦 − 𝑋𝑤||

2

2
+ 𝑎𝑙𝑝ℎ𝑎 ∗ ||𝑤||

1
 ……………………………………………..Eq(5.1) 

Where alpha is the constant term that multiplies the penalty term. X and y are input and output 

regressors respectively. This algorithm starts with setting all the coefficients to zero and the 

predictor most correlated with the response is calculated. Largest step possible for the current 

predictor is taken until some other predictor has more correlation with the present residual. Instead 

of continuing along the previous response, it continues in the direction equiangular between the 

two predictors until a third predictor is estimated. It then proceeds in equiangular manner between 

all those three predictors. This algorithms proceeds so on. 

 

Optimization function used for omp solution:  

Omp algorithm is used for the approximation of the linear model with the constraints imposed on 

number of non-zero coefficients. At each step, it selects the feature highly correlated with the query 
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feature. The orthogonal projection of the dictionary elements is chosen in this method. 

Optimization function used for omp solution:  

arg min ||𝑦 − 𝑋𝑤||
2

2
 𝑠. 𝑡. 𝑛𝑧𝑒𝑟𝑜\ _𝑐𝑜𝑓𝑓…………………………………………………….Eq(5.2) 

Sparse representation matrix generated for a query image has n number of columns where n is the 

number of training images. Each column gives the weight of each training image feature 

contribution to the query image. Most of these columns will be zero. The maximum of the non-

zero weight of the sparse representation matrix gives the most similar image to the query image.  

 

5.5 Labelling of input training images 

 
After sparse representation of the training images, the efficiency of the model is to be estimated. 

For estimating its performance, labelled description of input image is required. For labelling the 

data, number of classes and their ranges are to be specified. Some manual analysis is to be carried 

out to provide the labelled description of the images to the model. Labelling of the input images 

are provide in Appendix section.  

 

5.6 Construction of feature dictionary 
 

Feature dictionary is constructed from the all the features extracted from the convolutional neural 

network. Dictionary is constructed in two ways: first, all the features extracted are fed into the 

dictionary in bulk, second, features extracted from the training images are fed in batch into the 

dictionary. In one batch, 128 images are fed into the dictionary.  

 

5.7 Model Training 
 

After dictionary is constructed, the performance of the model is to be improved by fine tuning it. 

Components like number of dictionary components, number of iterations, number of epochs, 

transform coefficient are to be altered to various values to observe the performance. Values of 

optimum parameters are: number of dictionary components: 400, number of epochs: 5, number of 
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iterations: 11, non-zero coefficients: 20 for Coral dataset; number of dictionary components: 600, 

number of epochs: 5, number of iterations: 11, non-zero coefficients: 20 for MPEG-7 dataset; 

number of dictionary components: 400, number of epochs: 4, number of iterations: 10, non-zero 

coefficients: 10 for ALOI dataset. These parameters have been set to optimum based on the result 

of similar images observed for test cases.  

 

5.8 Similarity measure 
 

After dictionary is constructed and model is optimized, the sparse code is generated for all the 

training images and stored. When a query image is fed, feature is extracted from the query image 

and sparse code is generated for those features on the basis of the dictionary model components. 

Similarity is measured in both of the sparse code of the training images and the query image and 

on the basis of such similarity, similar images are predicted.  

 

5.9 Evaluation of Result  
 

Sparse code is generated for all the training images and for the query image using the same 

dictionary components. Similarity of both the sparse code are then calculated. On the basis of the 

similarity, images similar to the query image from the dictionary are predicted. Obtaining sparse 

code means, n by n array representing the test images in terms of weighted training images features 

are obtained. For each test images in the original data, a set of n similar images in the original data 

are available. Evaluation parameters: precision and recall are calculated based on the n similar 

images obtained from the sparse code.  
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5.10 Test Images of Coral Dataset 

Test image 1:  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig 5.11: Input Image 

Fig 5.12: Output images for the input image Fig 5.11 
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Test image Fig 5.11 belongs to the flower class. All the top 10 images obtained as ouput belongs 

to the flower class. Hence, TP=1 for k=1, TP=5 for k=5 and TP=10 for k=10.  

Test image 2: 

 

 

 

 

 

 

 

 

 

 

Test image Fig 5.13 belongs to horse class.  Here, TP=1 for k=1, TP=4 for k=5 and TP=6 for k=10. 

Fig 5.13: Input image 

Fig 5.14: Output images for the input image Fig 5.13 
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Test image 3: 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Test image Fig 5.16 belongs to human class. In this case, all the top 5 images are similar images 

while only 8 of them are similar out of top 10. Hence TP=1 for k=1, TP=5 for k=5 and TP=8 for 

k=10.  

Fig 5.15: Input image 

Fig 5.16: Output images for the input image Fig 5.15 
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5.11 Test Images of MPEG-7 Dataset 

Test image 1 

     

 

 

 

 

 

 

 

 

 

 

 

 

 

For the input image Fig 5.17, all the top 10 images belong to same class type. Hence, TP=1 for 

k=1, TP=5 for k=5 and TP=10 for k=10.  

  

Fig 5.18: Output images for the input image Fig 5.17 

Fig 5.17: Input image 
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Test image 2 

      

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

 

 

 

For the input image Fig 5.20, all the top 10 images obtained are similar images. Hence, TP=1 for 

k=1, TP=5 for k=5 and TP=10 for k=10. These output images are ordered serially from left to right 

on the basis of similarity score.  

  

Fig 5.19: Input image 

Fig 5.20: Output images for the input image Fig 5.19 
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Test image 3 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

For the input image Fig 5.22, out of top 10 images, only 9 images belong to the same class while 

the last image belongs to other class. Thus, TP=1 for k=1, TP=5 for k=5 and TP=9 for k=10.  

 

 

  

Fig 5.21: Input image 

Fig 5.22: Output images for the input image Fig 5.21 
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5.12 Test Images of ALOI Dataset 
 

Test image 1 

 

 

 

 

 

 

 

 

 

 

 

 

For the input image Fig 5.23, all the top 10 images are obtained as similar images. ALOI dataset 

contains the images organized with different lighting angle.  Hence, light source is kept at different 

directions to produce such images in the dataset. As observed in the output, TP=1 for k=1, TP=5 

for k=5 and TP=10 for k=10 for the input image Fig 5.40.   

  

Fig 5.23: Input image 

Fig 5.24: Output images for the input image Fig 5.23 
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Test image 2 

 

 

     

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

For the input image Fig 5.26, top 10 similar images obtained from the model belong to the same 

class. Hence, TP=1 for k=1, TP=5 for k=5 and TP=10 for k=10.  

  

Fig 5.25: Input image 

Fig 5.26: Output images for the input image Fig 5.25 
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Test image 3 

      

 

 

 

 

 

 

 

 

 

 

 

For the input image Fig 5.28, top 10 output images obtained from the model belong to same class. 

Hence, TP=1 for k=1, TP=5 for k=5 and TP=10 for k=10.  

 

 

  

Fig 5.27: Input image 

Fig 5.28: Output images for the input image Fig 5.27 
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5.13 Precision and Recall Curve for Coral Dataset 

Based on the result of 100 test images belonging to 10 different classes, precision recall curve has 

been constructed as given in the Fig 5.29.  

 

As Fig 5.41 shows, precision value is increasing with the decrease in k while recall value is 

decreasing with the decrease in k. As the k decreases, the ratio of the number of true positive values 

to the k number of images increases. Model become more precise with the decrease in k. So, 

precision is increasing as k decreases. While the ratio of true positive values to the total number 

of true images decreases as the k decreases. The proportion of predicted similar images to the 

actually similar images decrease as the k value decreases so recall is decreasing with k while k is 

increasing with k. Model is becoming more precise with the decrease in k. Precision value seems 

lower in class 5, class 8 and class 9 for all values of k since true positives values obtained for the 

test cases of such classes are quite lower than other. While the true positive values seem higher for 

the class 4.Average precision and average recall have been calculated for individual classes while 

F1 score has been calculated as a whole for the model for different values of k.   

Fig 5.29: Plot of average precision and average recall for the Coral image dataset 



38 

 

Precision = 
TP

TP+FP
 ………………...........................................................................................Eq(5.3) 

Precision for top k= (𝑅𝑒𝑙𝑒𝑣𝑎𝑛𝑡  𝑖𝑡𝑒𝑚𝑠 𝑖𝑛 𝑡𝑜𝑝 𝑘)/(𝑇𝑜𝑡𝑎𝑙 𝑖𝑡𝑒𝑚𝑠 𝑖𝑛 𝑘)……………………Eq(5.4) 

 

Recall = 
TP

TP+FN
 ……………………………………………………………………………...Eq(5.5) 

Recall for top k= (𝑅𝑒𝑙𝑒𝑣𝑎𝑛𝑡 𝑖𝑡𝑒𝑚𝑠 𝑟𝑒𝑐𝑜𝑚𝑚𝑒𝑛𝑑𝑒𝑑 𝑖𝑛 𝑡𝑜𝑝 𝑘)/(𝑇𝑜𝑡𝑎𝑙 𝑟𝑒𝑙𝑒𝑣𝑎𝑛𝑡 𝑖𝑡𝑒𝑚𝑠)..Eq(5.6) 

 

F1 Score= 
 2∗𝑃∗𝑅

𝑃+𝑅
 …………………………………………………………………………….Eq(5.7) 

 

Where TP= True positive value 

 FP= False Positive value 

 FN= False Negative value 

Applying optimized model, evaluation of the Coral dataset is in progress. 100 test images have 

been taken, 10 from each class and average precision, average recall and F1 score is calculated.  

 

Table 5.1: Table representing the evaluation metrics for Coral Dataset 

Evaluation 

Metric 

K=1 

 

K=5 

 

K=10 K=20 

Precision  0.9600 0.8940 0.8010 0.7405 

Recall 0.0096 0.0447 0.0801 0.1481 

F1Score 0.0190 0.0851 0.1456 0.2468 

 

Table 5.1 shows the average precision, recall and F1 score for different values of k. It suggests 

recall value is low for lesser values of k since the actual number of true images in each class is 
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high than the value of k considered. But this recall values along with the F1 score values goes in 

increasing with the increasing k. Model is more precise for lesser values of k as the chance of 

getting unrelated images increases with the increase in k value.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig 5.30 shows average precision, recall and F1 score for Coral dataset for different values of k. 

As the fig shows, precision is decreasing with the increase in value of k while recall is increasing 

with the increasing in value of k. Model becomes more precise as the number of images similar to 

the query image is taken limited to lower k value because the similar images become more sparse 

as more number of images are considered for evaluation. For lower values of k, precision is higher 

and recall, F1 score are lower. For higher values of k, certain gain in recall and F1 score is observed 

with the compromise in precision.  

Fig 5.30: Bar diagram representing evaluation metrics for Coral dataset 



40 

 

5.14 Precision and Recall Curve for MPEG-7 Dataset 

 

         

 

 

 

 

 

 

 

 

 

 

 

            

 

 

      Fig 5.31: Plot of average precision and average recall for the MPEG-7 image dataset 

 

Fig 5.31 shows the plot of average precision, recall values taken from different 150 images 

belonging to 15 different classes. Upper blue line in the plot shows the plot of precision when k=1. 

It is straight line that means, model has correctly predicted the top 1 image for all the test cases. 

Yellow line shows the plot of precision at k=5. TP values seems less than other for test images of 

class 1, 6 and 14. Similarly green line shows the precision value when k=10. It also follows the 

similar fashion as the plot of k=5, with a difference of quite lesser TP values than k=5. Similarly, 

lower red line, purple line and the brown line shows the plot of recall value for different values of 

k. Variance of recall is lesser for k=1. While recall value increases as the k value increases and 

also, it varies more with the increase in k. As the k increases from 1 to 20, precision is sacrificed 

with the increase in recall.  
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Fig 5.32: Bar diagram representing evaluation metrics for MPEG-7 dataset 

 

Fig 5.32 shows the plot of precision, recall and F1 score values of different test cases for MPEG-

7 dataset. As the plot shows, precision value is 1 when k=1. Model is 100% precise if we consider 

only top one similar image. The total values of images in each class is 20 hence, precision, recall 

and F1 score values seems same for k=20. The precision value is decreasing with the increase in 

value of k while recall is increasing with the increase in k. Evaluated parameters value for MPEG-

7 dataset are:  

Table 5.2: Table representing the evaluation metrics for MPEG-7 Dataset 

Evaluation 

Metric 

K=1 

 

K=5 

 

K=10 K=20 

Precision  1.0000 0.9920 0.9830 0.9083 

Recall 0.0500 0.2480 0.4920 0.9083 

F1Score 0.0952 0.3968 0.6556 0.9083 
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Table 5.2 shows the different parameters values for different values of k. It seems model seems 

more precise for lower value of k while it seems less precise for higher values of k. Recall and 

F1 score have just the opposite pattern than that of precision as shown in the table.  

 

5.15 Precision and Recall Curve for ALOI Dataset 
 

 

Fig 5.33 shows the plot of average precision and recall values taken from 500 different images 

belonging to 50 different classes. Upper blue shows the plot of precision when k=1. It is straight 

line with precision value =1. Model is 100% precise for the top 1 similar image. This value of 

precision slightly decreases for different classes when we increase the value of k to 5. And it 

decreases even more when k value is set to 10. This means, image becomes sparser as the k value 

increases. Similarly, lower red, purple and brown curve shows the plot of recall value for k=10, 

k=5 and k=1 respectively. Recall plot seems also sparser as the k value increases while the recall 

value is increasing as the k value increases. This is because total true positives cases increases with 

the increase in k. As k increases to 20, model becomes less precise with a gain in recall.  

        Fig 5.33: Plot of average precision and average recall for the ALOI image dataset 
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Fig 5.34: Bar diagram representing evaluation metrics for ALOI dataset 

 

Fig 5.34 shows the bar diagram plot of average precision and average recall values taken for 

different test cases for different values of k. It shows model is 100 % precise for top most similar 

image. While the precision value slightly decreases for k=5 and further decreases for k=10 and 

k=20. Average recall value is increasing with the increase in k. the true positive cases increase 

with the increase in k, hence the average recall plot seems increasing as we tend to take more 

similar images. F1 score seems to be less for the lower value of k, while it is satisfactory for higher 

values of k with a sacrifice in precision. Evaluated parameters for ALOI dataset are: 

Table 5.3: Table representing the evaluation metrics for ALOI Dataset 

Evaluation 

Metric 

K=1 

 

K=5 

 

K=10 K=20 

Precision  1.0000 0.9980 0.9922 0.8231 

Recall 0.0400 0.2096 0.4160 0.6859 

F1Score 0.0769 0.3464 0.5862 0.7483 
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Table 5.3 shows the values of evaluation metrics for different values of k for ALOI dataset. Model 

seems to be more precise for lower values of k while it seems to have higher recall and F1 score 

for the increased k value with a sacrifice in precision of the model.  

 

 

5.16 Plot of Dictionary Learning Time for Three Datasets 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig 5.35: Plot of number of dictionary components vs training time for three datasets 

 

Fig 5.35 shows the plot of number of dictionary components vs. training time for three different 

datasets. As the plot shows, training time is increasing rapidly with the increase in number of 

dictionary components. Dictionary components are similar to number of features taken for 

calculating similar images. Training time is more for ALOI dataset since it contains most number 

of images and then for MPEG-7 dataset and least for Coral dataset. Since training time increase 

rapidly with the increase in number of dictionary components, appropriate number of dictionary 

components must be chosen for constructing the model.  
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5.17 Plot of Image Retrieval Time for Three Datasets  

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig 5.36: Plot of top 10 image retrieval time for query image for three datasets 

 
Fig 5.36 shows the plot of image retrieval time as observed in Google Colab environment. As the 

plot shows, similar images for all the datasets are obtained in less than two seconds. Also, image 

retrieval time depends more on the number of dictionary components taken to compare the 

features. Time is also dependent on the number of images in the dictionary as the image retrieval 

time of ALOI dataset (9000 images) is more than Coral dataset (1000 images) and it is even more 

for MPEG-7 dataset (1400 images) than ALOI dataset. Dictionary construction and sparse code 

calculation of the training images are one time job. Hence, during the execution time calculation, 

these time are not considered. Only, the time required to give out the index of the images when 

query image is fed is considered for execution time calculation. 
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5.18 Result Analysis 

 
Precision has been calculated on the basis of half of the similar images obtained by [1]. Since, the 

top sorted images are of more important in content based image retrieval, evaluation parameters: 

P(k=1), P(k=5) and P(k=10) have been evaluated in this thesis where k refers to the number of top 

images having maximum similarity. A Comparison of the evaluation metrics is stated as:  

Table 5.4: Table representing the evaluation metrics 

Method Evaluation 

Metric 

CORAL dataset 

(value in 

percentage) 

MPEG-7 

dataset 

(value in 

percentage) 

ALOI dataset 

(value in 

percentage) 

CBIR using sparse 

representation 

(Reference method) 

Precision for 

half of the 

similar images 

96.40 82.54 97.46 

CBIR using 

improved sparse 

representation 

Precision for 

top 20 similar 

images 

74.05 90.83 82.31 

CBIR using 

improved sparse 

representation 

Precision for 

top 10 similar 

images 

80.10 98.30 99.22 

CBIR using 

improved sparse 

representation 

Precision for 

top 5 similar 

images 

89.40 99.20 99.80 

CBIR using 

improved sparse 

representation 

Precision for 

top 1 similar 

image 

96.00 1.00 1.00 

 

As the table 5.4 shows, precision value for top k similar images seems to have decreased for Coral 

dataset. Overlapping of image features could be a reason for the decrease in precision value. Since 

sparsity of the image features is closely associates with the predictive power of the model. 

Precision value seems increased slightly ALOI dataset while precision value seems increased 

sufficiently for MPEG-7 dataset. Generating sparse code for the image features and comparing the 

sparse code of the query image could be a useful modification in the content based image retrieval 
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scheme. Sparsity of features for the images of MPEG-7 dataset seems sufficient enough to identify 

the similar images precisely. Precision value for lower value ok k seems increased than precision 

value for higher values of k because the sparsity of images increase with the increase in k value. 

Lower the k value, images highly similar to the query image are obtained. That is why, precision 

has been obtained highest when k=1. Image obtained at k=1 is the most similar image to the query 

image on the basis of sparse representation. While comparing with the state of art methods, 

performance seems decreased for coral dataset, while performance seems improved for MPEG-7 

and ALOI dataset for k less than 10. For k beyond 10, precision seems to have decreased than that 

of the state of art methods.  

 

 

CHAPTER 6: DISCUSSION AND CONCLUSION 
 

 

6.1 Discussion 

 

Content Based Image Retrieval using Convolutional Neural Network and Improved Sparse 

Representation shows the implementation of sparse representation in an improved way to retrieve 

similar images to the query image from an image repository. In conventional way, sparse code is 

generated only for the query image. Such sparse code gives the weighted contribution of the 

training image features which helps to identify the similar images on the basis of weight of sparse 

code matrix. In this thesis, sparse code is generated for both the training images and the query 

image. Dictionary generation and sparse code generation for the training images is one time job, 

thus retrieving similar images from the dictionary requires preprocessing, feature extraction of 

query image, generation of sparse code for the query image and comparing the sparse code of the 

query image and the training images and finally sorting the similarity index. Addition of virtual 

images during feature dictionary construction process enhances its noise resistant capability. 

During the analysis of similar image retrieval in three datasets, precision is found maximum in 

ALOI dataset and lowest in Coral dataset for k=1, k=5, k=10 and k=20. Top 20 images have been 
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obtained with a precision of 90.83 for MPEG-7 dataset. For top 10 similar images, precision is 

observed to be 0.9922 for ALOI dataset which is maximum of all three datasets. Similarly, for the 

top 5 similar images, precision is observed to be 0.9980 which is the highest among the three 

datasets. Execution time is another factor to consider in such content based image retrieval. Since 

dictionary construction and sparse code generation of training images are one time job, the only 

time required to find similar images is to extract feature of query image, find sparse code and 

compute similarity between the sparse codes. Similar images have been obtained in less than two 

seconds for all the three datasets which is advantage. Also, the time required to obtain similar 

images from the dictionary mainly depends on two things: one, on the number of images features 

in the dictionary and the feature components of the dictionary to compare to the query image 

feature. The more the feature components to compare, the more the time it requires to compute the 

similar images. If a dictionary model can be constructed using large image repository using 

sophisticated infrastructures, then similar images can be obtained in considerable amount of time 

taking the right number of dictionary feature components. In such content based image retrieval 

system, recommending the similar images in top position is of great importance. Thus, the 

performance of the system is evaluated in terms of k=1, k=5, k=10 and k=20. Instead of extracting 

the features, sparse codes can also be generated directly from the image array. But, that seems 

more specific and does not become predictable in terms of other class of images in the dataset. 

Hence, feature extraction is necessary in such image retrieval system. If sufficient resource is 

available to construct the dictionary out of a large image repository, an efficient domain specific 

image retrieval system can be proposed and implemented for a huge image repository.  

 

 

6.2 Conclusion 

 

Content Based Image Retrieval using convolutional neural network and improved sparse 

representation provides an effective means of retrieving similar images from an image repository. 

Model has been implemented in minimum 1000 images of Coral dataset to 9000 images of ALOI 

dataset. Dictionary creation and the sparse code generation for the images in the dataset is one time 

job so the retrieval of similar images from the dataset is computationally efficient. It has been 
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observed that the training time of the dictionary depends on the number feature components to 

consider and the number of images in the dataset. It seems efficient from both the perspectives of 

precision and the computation time. Main difference from the state of art method are including 

virtual images in the training, training dictionary batch wise, generating sparse code for the training 

images and obtaining similarity on the basis of similarity of sparse code. Evaluation parameters 

are precision for top 1, precision for top 5, precision for top 10 images and precision for top 20 

images for the test images. It has been assumed that the top images are of more importance in such 

similar images obtaining system. Performance is seen highest in ALOI dataset, then on MPEG-7 

dataset and least on Coral dataset. Evaluated parameters have shown that the performance of the 

system is highest for top 10 images in MPEG-7 and ALOI dataset than the state of art methods in 

terms of precision.   

 

6.3 Future Enhancements 

 

Several future enhancements can be made in this thesis. Currently, dictionary has been constructed 

using maximum 9000 images. Sufficient resources can be taken to include a huge number of 

images in the dictionary. Similarly, experiments can be carried out to analyze the prediction using 

large number of dictionary components. Sparse image features makes the efficient predictive 

system. But, overlapping image features of different classes may not give correct results. Efficient 

methods can be implemented to work with such overlapping image features. Improvement can be 

made in dictionary construction of the images. Feature extraction is another section to put the effort 

on. Distinct feature extraction might give better results. Improvement in feature extraction, sparse 

code computation and similarity matching could give better results as a part of extension to this 

thesis.  
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APPENDIX A 
 

Labelling of input images for Coral Dataset 

Table 5.5: Table representing the labeling of images for Coral Dataset 

Index Class 

0-99 human 

100-199 natural scenery 

200-299 buildings 

300-399 vehicle 

400-499 dinosaur 

500-599 elephant 

600-699 flower 

700-799 horse 

800-899 mountain 

900-999 food 

 

 

Labelling of input images for MPEG-7 Dataset 

Table 5.6: Table representing the labeling of images for MPEG-7 Dataset 

Class Index Class Index 

Class 1   1-20 Class 36 701-720 

Class 2  21-40 Class 37 721-740 

Class 3  41-60  Class 38 741-760 

Class 4  61-80 Class 39 761-780 

Class 5  81-100 Class 40 781-800 

Class 6  101-120 Class 41 801-820 

Class 7  121-140 Class 42 821-840 

Class 8  141-160 Class 43 841-860 

Class 9  161-180 Class 44 861-880 

Class 10 181-200 Class 45 881-900 

Class 11 201-220 Class 46 901-920 

Class 12 221-240 Class 47 921-940 

Class 13 241-260 Class 48 941-960 

Class 14 261-280 Class 49 961-980 

Class 15 281-300 Class 50 981-1000 

Class 16 301-320 Class 51 1001-1020 

Class 17 321-340 Class 52 1020-1040 
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Class 18 341-360 Class 53 1041-1060 

Class 19 361-380 Class 54 1061-1080 

Class 20 381-400 Class 55 1081-1100 

Class 21 401-420 Class 56 1101-1120 

Class 22 421-440 Class 57 1121-1140 

Class 23 441-460 Class 58 1141-1160 

Class 24 461-480 Class 59 1161-1180 

Class 25 481-500 Class 60 1181-1200 

Class 26 501-520 Class 61 1201-1220 

Class 27 521-540 Class 62 1221-1240 

Class 28 541-560 Class 63 1241-1260 

Class 29 561-580 Class 64 1261-1280 

Class 30 581-600 Class 65 1281-1300 

Class 31 601-620 Class 66 1301-1320 

Class 32 621-640 Class 67 1321-1340 

Class 33 641-660- Class 68 1341-1360 

Class 34 661-680 Class 69 1361-1380 

Class 35 681-700 Class 70 1381-1400 

       

 

 

Labelling of input images for ALOI dataset 

Table 5.7: Table representing the labeling of images for ALOI Dataset 

Class Index Class Index Class Index 

Class 1  0-23 Class 126  3001-3024 Class 251 6001-6024 

Class 2  23-48 Class 127  3025-3048 Class 252 6025-6048 

Class 3  48-72 Class 128  3049-3072 Class 253 6049-6072 

Class 4  73-96 Class 129  3073-3096 Class 254 6073-6096 

Class 5  97-120 Class 130  3097-3120 Class 255 6097-6120 

Class 6  121-144 Class 131  3121-3144 Class 256 6121-6144 

Class 7  145-168 Class 132  3145-3168 Class 257 6145-6168 

Class 8  169-192 Class 133  3169-3192 Class 258 6169-6192 

Class 9  193-216 Class 134  3193-3216 Class 259 6193-6216 

Class 10 217-240 Class 135  3217-3240 Class 260 6217-6240 

Class 11 241-264 Class 136  3241-3264 Class 261 6241-6264 

Class 12 265-288 Class 137  3265-3288 Class 262 6265-6288 

Class 13 289-312 Class 138  3289-3312 Class 263 6289-6312 

Class 14 313-336 Class 139  3313-3336 Class 264 6313-6336 

Class 15 337-360 Class 140  3337-3360 Class 265 6337-6360 
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Class 16 361-384 Class 141  3361-3384 Class 266 6361-6384 

Class 17 385-408 Class 142  3385-3408 Class 267 6385-6408 

Class 18 409-432 Class 143  3409-3432 Class 268 6409-6432 

Class 19 433-456 Class 144  3433-3456 Class 269 6433-6456 

Class 20 457-480 Class 145  3457-3480 Class 270 6457-6480 

Class 21 481-504 Class 146  3481-3504 Class 271 6481-6504 

Class 22 505-528 Class 147  3505-3528 Class 272 6505-6528 

Class 23 529-552 Class 148  3529-3552 Class 273 6529-6552 

Class 24 553-576 Class 149  3553-3576 Class 274 6553-6576 

Class 25 577-600 Class 150  3577-3600 Class 275 6577-6600 

Class 26 601-624 Class 151  3601-3624 Class 276 6601-6624 

Class 27 625-648 Class 152  3625-3648 Class 277 6625-6648 

Class 28 649-672 Class 153  3649-3672 Class 278 6649-6672 

Class 29 673-696 Class 154  3673-3696 Class 279 6673-6696 

Class 30 697-720 Class 155  3697-3720 Class 280 6697-6720 

Class 31 721-744 Class 156  3721-3744 Class 281 6721-6744 

Class 32 745-768 Class 157  3745-3768 Class 282 6745-6768 

Class 33 769-792 Class 158  3769-3792 Class 283 6769-6792 

Class 34 793-816 Class 159  3793-3816 Class 284 6793-6816 

Class 35 817-840 Class 160  3817-3840 Class 285 6817-6840 

Class 36 841-864 Class 161  3841-3864 Class 286 6841-6864 

Class 37 865-888 Class 162  3865-3888 Class 287 6865-6888 

Class 38 889-912 Class 163  3889-3912 Class 288 6889-6912 

Class 39 913-936 Class 164  3913-3936 Class 289 6913-6936 

Class 40 937-960 Class 165  3937-3960 Class 290 6937-6960 

Class 41 961-984 Class 166  3961-3984 Class 291 6961-6984 

Class 42 985-1008 Class 167  3985-4008 Class 292 6985-7008 

Class 43 1009-1032 Class 168  4009-4032 Class 293 7009-7032 

Class 44 1033-1056 Class 169  4033-4056 Class 294 7033-7056 

Class 45 1057-1080 Class 170  4057-4080 Class 295 7057-7080 

Class 46 1081-1104 Class 171  4081-4104 Class 296 7081-7104 

Class 47 1105-1128 Class 172  4105-4128 Class 297 7105-7128 

Class 48 1129-1152 Class 173  4129-4152 Class 298 7129-7152 

Class 49 1153-1176 Class 174  4153-4176 Class 299 7153-7176 

Class 50 1177-1200 Class 175  4177-4200 Class 300 7177-7200 

Class 51 1201-1224 Class 176  4201-4224 Class 301 7201-7224 

Class 52 1225-1248 Class 177  4225-4248 Class 302 7225-7248 

Class 53 1249-1272 Class 178  4249-4272 Class 303 7249-7272 

Class 54 1273-1296 Class 179  4273-4296 Class 304 7273-7296 

Class 55 1297-1320 Class 180  4297-4320 Class 305 7297-7320 

Class 56 1321-1344 Class 181  4321-4344 Class 306 7321-7344 
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Class 57 1345-1368 Class 182  4345-4368 Class 307 7345-7368 

Class 58 1369-1392 Class 183  4369-4392 Class 308 7369-7392 

Class 59 1393-1416 Class 184  4393-4416 Class 309 7393-7416 

Class 60 1417-1440 Class 185  4417-4440 Class 310 7417-7440 

Class 61 1441-1464 Class 186  4441-4464 Class 311 7441-7464 

Class 62 1465-1488 Class 187  4465-4488 Class 312 7465-7488 

Class 63 1489-1512 Class 188  4489-4512 Class 313 7489-7512 

Class 64 1513-1536 Class 189  4513-4536 Class 314 7513-7536 

Class 65 1537-1560 Class 190  4537-4560 Class 315 7537-7560 

Class 66 1561-1584 Class 191  4561-4584 Class 316 7561-7584 

Class 67 1585-1608 Class 192  4585-4608 Class 317 7585-7608 

Class 68 1609-1632 Class 193  4609-4632 Class 318 7609-7632 

Class 69 1633-1656 Class 194  4633-4656 Class 319 7633-7656 

Class 70 1657-1680 Class 195  4657-4680 Class 320 7657-7680 

Class 71 1681-1704 Class 196  4681-4704 Class 321 7681-7704 

Class 72 1705-1728 Class 197  4705-4728 Class 322 7705-7728 

Class 73 1729-1752 Class 198  4729-4752 Class 323 7729-7752 

Class 74 1753-1776 Class 199  4753-4776 Class 324 7753-7776 

Class 75 1777-1800 Class 200  4777-4800 Class 325 7777-7800 

Class 76 1801-1824 Class 201  4801-4824 Class 326 7801-7824 

Class 77 1825-1848 Class 202  4825-4848 Class 327 7825-7848 

Class 78 1849-1872 Class 203  4849-4872 Class 328 7849-7872 

Class 79 1873-1896 Class 204  4873-4896 Class 329 7873-7896 

Class 80 1897-1920 Class 205  4897-4920 Class 330 7897-7920 

Class 81 1921-1944 Class 206  4921-4944 Class 331 7921-7944 

Class 82 1945-1968 Class 207  4945-4968 Class 332 7945-7968 

Class 83 1969-1992 Class 208  4969-4992 Class 333 7969-7992 

Class 84 1993-2016 Class 209  4993-5016 Class 334 7993-8016 

Class 85 2017-2040 Class 210  5017-5040 Class 335 8017-8040 

Class 86 2041-2064 Class 211  5041-5064 Class 336 8041-8064 

Class 87 2065-2088 Class 212  5065-5088 Class 337 8065-8088 

Class 88 2089-2112 Class 213  5089-5112 Class 338 8089-8112 

Class 89 2113-2136 Class 214  5113-5136 Class 339 8113-8136 

Class 90 2137-2160 Class 215  5137-5160 Class 340 8137-8160 

Class 91 2161-2184 Class 216  5161-5184 Class 341 8161-8184 

Class 92 2185-2208 Class 217  5185-5208 Class 342 8185-8208 

Class 93 2209-2232 Class 218  5209-5232 Class 343 8209-8232 

Class 94 2233-2256 Class 219  5233-5256 Class 344 8233-8256 

Class 95 2257-2280 Class 220  5257-5280 Class 345 8257-8280 

Class 96 2281-2304 Class 221  5281-5304 Class 346 8281-8304 

Class 97 2305-2328 Class 222  5305-5328 Class 347 8305-8328 
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Class 98 2329-2352 Class 223  5329-5352 Class 348 8329-8352 

Class 99 2353-2376 Class 224  5353-5376 Class 349 8353-8376 

Class 100  2377-2400 Class 225  5377-5400 Class 350 8377-8400 

Class 101  2401-2424 Class 226  5401-5424 Class 351 8401-8424 

Class 102  2425-2448 Class 227  5425-5448 Class 352 8425-8448 

Class 103  2449-2472 Class 228  5449-5472 Class 353 8449-8472 

Class 104  2473-2496 Class 229  5473-5496 Class 354 8473-8496 

Class 105  2497-2520 Class 230  5497-5520 Class 355 8497-8520 

Class 106  2521-2544 Class 231  5521-5544 Class 356 8521-8544 

Class 107  2545-2568 Class 232  5545-5568 Class 357 8545-8568 

Class 108  2569-2592 Class 233  5569-5592 Class 358 8569-8592 

Class 109  2593-2616 Class 234  5593-5616 Class 359 8593-8616 

Class 110  2617-2640 Class 235  5617-5640 Class 360 8617-8640 

Class 111  2641-2664 Class 236  5641-5664 Class 361 8641-8664 

Class 112  2665-2688 Class 237  5665-5688 Class 362 8665-8688 

Class 113  2689-2712 Class 238  5689-5712 Class 363 8689-8712 

Class 114  2713-2736 Class 239  5713-5736 Class 364 8713-8736 

Class 115  2737-2760 Class 240  5737-5760 Class 365 8737-8760 

Class 116  2761-2784 Class 241  5761-5784 Class 366 8761-8784 

Class 117  2785-2808 Class 242  5785-5808 Class 367 8785-8808 

Class 118  2809-2832 Class 243  5809-5832 Class 368 8809-8832 

Class 119  2833-2856 Class 244  5833-5856 Class 369 8833-8856 

Class 120  2857-2880 Class 245  5857-5880 Class 370 8857-8880 

Class 121  2881-2904 Class 246  5881-5904 Class 371 8881-8904 

Class 122  2905-2928 Class 247  5905-5928 Class 372 8905-8928 

Class 123  2929-2952 Class 248  5929-5952 Class 373 8929-8952 

Class 124  2953-2976 Class 249  5953-5976 Class 374 8953-8976 

Class 125  2977-3000 Class 250  5977-6000 Class 375 8977-9000 
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APPENDIX B 
 

Test images of Coral Dataset 

Test Case:  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig 5.37: Input image 

Fig 5.38: Output images for the input image Fig 5.37 
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Test Case:  

 

 

 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig 5.39: Input image 

Fig 5.40: Output images for the input image Fig 5.39 
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Test image of MPEG-7 dataset 

Test Case: 

   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

Fig 5.41: Input image 

Fig 5.42: Output images for the input image Fig 5.41 
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Test Case: 

 

 

    

 

 

 

 

 

 

 

 

 

 

Fig 5.43: Input image 

Fig 5.44: Output images for the input image Fig 5.43 
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Test image of ALOI dataset 

Test Case: 

 

 

 

     

 

 

 

 

 

 

Fig 5.45: Input image 

Fig 5.46: Output images for the input image Fig 5.45 
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Test Case: 

 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig 5.47: Input image 

Fig 5.48: Output images for the input image Fig 5.47 


