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ABSTRACT 

In this day and age, information retrieval (IR) plays an important role in multimedia, 

which allows expressing tool capabilities and execution semantics in declarative and 

well-distinct way. Video retrieval is one of the most important processes in semantic web 

mining, which became an important research area in recent days. Several researchers 

have concentrated on both 2D and 3D video retrieval processes with different algorithms 

and techniques. This thesis provide the detailed review of conventional approaches with 

its benefits and also major problem, which has been discussed with pivot on following 

tasks: searching, classification, feature extraction, clustering, mapping, distance metric 

learning, ranking, selection and information retrieval. Based on these reviews, we clearly 

observed that semantic based retrieval concept produces more efficient results in 

multimedia systems. However, conventional techniques are not effectively handled with 

some problems such as storage complexity, accuracy of retrieval, computation time, etc.  

To overwhelm these problems, this research focused on Content Based Video 

Retrieval (CBVR) process especially 3D in Hadoop environment. In our process, we 

applied MapReduce framework to reduce the processing time, storage while retrieving 

3D videos. Our newfangled approach is mainly focused on scalability and processing 

speed of large dataset. Our proposed 3D CBVR is comprised with key frame extraction, 

Bag Of Visual Words (BOVW) generation, codebook generation and similarity matching. 

Initially, key frame extraction performs with Spatial and Temporally prioritized Gaussian 

Filter (STPGF), which effectively selects the optimal key frames for further process. 

Further, Hybrid 3D CNN is applied to extract the local descriptors like shape, texture and 

color features. For Texture and Color features extraction, SIFT and SURF descriptors are 

used. For this purpose, we combine the geometric and topological features in shape using 
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volumetric shape representation. Then MapRedece with decision tree algorithm is 

introduced for visual words and codebook generation that reduces the outliers and 

computation time while analyzing the similar visual words. Then, similarity matching is 

processed using soft weighting and L2 distance function, which measure the similarity 

between the two images (query image and dataset frame). Based on the visual vector 

similarity, ranking is accomplished using K-Nearest Neighbor process which improves 

the proposed 3D CBVR retrieval results. In second contributions, 3D CBVR is presented 

with the denoising concepts. Here, Gaussian White Noise is reduced for the video frames 

using bilateral adaptive median filter and features are extracted Holistic 3D CNN for 

color, texture and motion features. Further shape features are extracted using 3D 

Concurrence Matrix. Our proposed novel techniques and algorithms for 3D CBVR in 

semantic web significantly reduces the processing time and storage complexity when 

comparing with previous techniques.  

Our experimental result shows better accuracy and maximum number of served user 

requests than the state- of-the art algorithms. Finally, overall research process improves 

the different significant metrics such as precision, recall, accuracy, searching time, 

computation complexity and storage.  
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1.1 INTRODUCTION  

Multimedia can be defined as a combination of more than one media files with 

advanced computer based technology. A multimedia includes text, audio, video and 

graphics that are comprised into a single file format. Multimedia files are actively shared 

among people over the internet in different social networks and social applications. 

Multimedia also plays a major role in education by creating digital libraries and live 

online conferencing with worldwide experienced lecturers. Multimedia has become a 

common way used by people all over the world for sharing thoughts and ideas. Recently 

in past years people are attracted towards social networks to stay connected with people 

all over the world for multimedia information collection and sharing. Social networks 

over internet include Facebook, Twitter, Youtube, etc. This supported creation of real-life 

connections of people by sharing daily lifeôs happening. YouTube is said to be the second 

largest search engine from which individual searches for videos under specified area. 

This social network also includes Businesses, Organizations, Research companies with 

emerging technologies, public media, etc. Due to the increased use of online customers in 

search of videos and images, the concept of search engine and database storages were 

under detailed research to tolerate huge number of customers. Data mining technology 

has emerged which discovers the concealed information from the huge scale database. 

 It is also acknowledged as Knowledge Data Discovery (KDD). Data mining is 

further defined as the preceding unknown, significant discovery and possibly beneficial 

information from the huge volumes of the data. It is an integrative research domain, it 

represented as the combination of numerous research areas, predominantly information 

theory, machine learning, statistics and database systems. Information Retrieval (IR) is a 

Problem-Oriented discipline which is concerned with the effective problem and accurate 

solution to retrieve the desired information between the human user and human generator 

[Rajam et al., 2013]. IR types and requirements are illustrated in table 1.1.  

 



 

 

 

The proper definition for IR is follows: ñIR is determining the materials from the 

large collection of database that meets the human or system constraints or requirements 

(usually information can be any type)ò.  

 

(a)                                                                   (b) 

 

                           (c)                                                                        (d)  

Figure 1.1 Multimedia Growth in Social Networks  

With the growth of digital technologies and huge storage capacities in worldwide, 

a greater dimensions of digital media exist today. In recent years, the count of digital 

images is exponentially growing since the need of image acquisition increases for 

numerous reasons (personal use, security purpose, etc.). However, these images are 

published on the web or social networks via Internet [Ruofei Zhang et al., 2007, Khan et 

al., 2012, Mansoori et al., 2007, Ben Yossuf et al., 2014].   
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A digital video camera can be considered as an example for image sensor. Mass 

storage is required to store the images corresponding to their applications and usages. The 

principles of storage categories involve with three such as (1) online storage, (2) short-

term storage and (3) archival storage.       

Table 1.1 Information Retrieval Types and Requirements 

Retrieval Type Requirements  

Retrospective  ¶ Past information searching  

¶ Several queries pretended against static collection  

¶ Time variant  

Prospective ¶ Future information searching 

¶ Static query pretended against dynamic collection  

¶ Time dependent  

 

 There are several types of information is retrieved within the database that video, 

audio, text, images, source codes, web services or applications. Figure 1.1 shows the 

cycle process of IR [Wu et al., 2013, Kamakshaiah et al., 2017, Alfred et al., 2010, 

Premalatha et al., 2014]. Image is a Matrix or Array of squared pixels organized by 

Columns and Rows. Image is a two dimensional function and the image function is  

Ὢὼȟώ where ὼ and ώ is the spatial coordinates and Ὢ is the amplitude of ὼȟώ. In image 

retrieval, the digital images are classified into thrice that are follows [Turlapaty et al., 

2017, Vikhar et al., 2017, Karbil et al., 2017]:  

¶ Colored Images 

It comprised of three 3 Bands such as RED, GREEN, and BLUE. Each 

color component consists of 8 bytes of intensity, and intensity range or color 

distribution is different for pixels.   

¶ Gray scale Images 



 

 

 

It is referred as the Monochrome Images that are not represented by any 

color components, but it consists of the one color level of brightness. This is 

visually represented in black and white color. This type of image consists of 8 

bytes (0-255) of brightness.  

¶ Binary Images 

This is very simplest type of image and considers binary valuesπȟρ. The 

black value is represented in 1, and the white value is represented in 0. This type 

of images is well-supported for computer-vision applications.  

¶ Medical Images 

Medical imaging data is the main source in current bio-medical 

applications, which acquisition is represented in different color forms (gray scale, 

RGB, etc.). Different types of medical image modalities are CT, PET, MRI, and 

Ultrasound.  
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Figure.1.2 Information Retrieval Cycle Process 



 

 

 

Processing with images [2] includes image acquisition, image pre-processing, 

storage, image enhancement, restoration and reconstruction, recognition, filtering, image 

segmentation, enhancement, feature extraction, classification etc. Based upon the 

concept, type of image is chosen and particular algorithms are involved for achieving 

effective results. Some of the fundamental steps in image processing are listed along with 

their requirement,  

¶ Image Acquisition 

Image Acquisition is the initial step involved to process an image. Image 

acquisition is defined as creation of photographic images (i.e.) to acquire the 

action from the source image (real-time camera capture) and consider as input for 

further processing.  

¶ Preprocessing 

The input images may contain some errors based on their geometry, 

brightness, intensities, contrast, blurring, pixel values, etc. such errors are adjusted 

in this step by utilizing certain mathematical models. With the priori information 

of the image, pre-processing will overcome image degradation.  

¶ Segmentation 

It is defined as the process of partitioning the image into sub parts. 

Segmentation of an image is completed, only when the region of interest in the 

image is isolated. Image thresholding is one of the commonly used image 

segmentation technique.  

¶ Image Enhancement 

It is added only in certain application, it is optional i.e. either it can be used 

else ignored. Enhancement includes noise removal, highlighting edges, 

sharpening, focusing the image de-blur regions, improving brightness, color space 

enhancements in color images, etc.  

¶ Feature Extraction   



 

 

 

It can be defined from its own name itself i.e. the features present in the 

image are extracted. Size, shape, composition, location are some of the features 

that are considered in an image.  

¶ Image Restoration and Reconstruction 

Degraded images are restored by prior knowledge on performing Image 

Restoration & Reconstruction. This step is performed either locally or globally 

over the image area. This process is similar to image enhancement but they are not 

same.       

¶ Classification 

It is a method that is being used for separating objects or images with some 

similarity measures. Classification is performed by supervised classification or 

unsupervised classification.  

The above descripted steps / process are shown in figure 1.2 that illustrates the 

fundamental steps involved in processing an image. Images are processed for particular 

reason either for detecting crime / detecting injurious cells, etc. Likewise sharing and 

retrieval of multimedia from cloud, Hadoop storages are also becoming popular at 

present. 

1.2 2D  VS. 3D IN IMAGE PROCESSING 

  Two-dimensional (2D) and Three-dimensional (3D) images are the two major 

classifications of types of images used for image processing. 2D structures are supposed 

to have only width and height, whereas thickness is not involved. A 3D image consist its 

third dimension that includes width, height and thickness (i.e.) depth of the object. 2D 

images are divided into óNô rows and óMô columns, in which the intersection of a row and 

column is defined as pixel. 2D image is defined as two dimensional function óὪὼȟώô in 

which the terms óὼô and óώô represents spatial co-ordinates. Then the amplitude in the 

function of óὪô at any pair of óὼȟώô co-ordinates are called as intensity or gray level. 

Table 1.1 represents the differences between 2D and 3D representations 



 

 

 

Table 1.1 Difference between 2D and 3D Representation 

DESCRIPTION 2D MODEL  3D MODEL  

Definition  Represents an object with two 

dimensions (i.e.) Length, 

Height 

Represents an objects 

with three dimensions 

(i.e.) Length, Width and 

Height 

Use Simple 2D objects Complicated 3D objects 

Views Generation Difficult  Simple 

Representation Flat Life-like 

Co-ordinate System Cartesian co-ordinate system, 

Orthogonal co-ordinate system 

Spherical co-ordinate 

system, Polar co-ordinate 

system 

End line 

Representation 

Coordinates : (x, y) Coordinates : (x, y, z) 

Representation of 

curve edges 

Splines, ellipse, circle, etc. Suitability spaced 

generators 

Representation of 

complex objects 

Sectional views and additional 

views are required 

Complex component  is 

interrupted correctly 

CBIR is used for various computer vision and image processing applications  

¶ Art Collections (e.g. fine arts museum of san francisco) 

¶ Medical Imaging (MRI, Ultrasound, CT, PET, etc.) 

¶ Scientific Databases (e.g. earth science, and remote sensing) 

¶ World Wide Web (WWW) 
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Figure 1.3 2D and 3D Animation  

Figure 1.3 depicts the 2D and 3D animation. Image retrieval has become an 

interesting topic growing its demand rapidly in current years. A large number of images 

are available in the databases [Syam et al., 2013, Rana et al., 2018]. Image Retrieval 

classified into two types: (1). Text-based Image Retrieval, and (2). Content-based Image 

Retrieval.  

             

Figure 1.4 Classification of Image Retrieval  
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Each classification in image retrieval is designated as follows:   

¶ Text-based Image Retrieval: In this retrieval, clinical staffs can find the patients 

current status from the medical database. For this PACS is used, which aids to 

identify the status from a large medical repository. In text-based image retrieval, 

the query is ñTextual Wordsò. For textural words, the server response with the 

relevant images by keyword extraction, query formulation, synonym 

identification, and similarity computation between the textual query and the 

medical repository. The major limitation of this type of image retrieval is 

searching capability is limited to users to view the exact reports for the query 

words. In addition, the expectation of user is not satisfied because this system 

retrieves small number of images as relevant so that searching is limited, and 

lack of scalability. Furthermore, the medical repository ignores the visual and 

semantic properties for each image.  

¶ Content-based Image Retrieval: In this system, users can obtain the more 

number of accurate images as relevant so it resolves the challenges of scalability, 

and wide-range of searching support. This retrieval system is based on the Query 

by Example, in which query image is given to the retrieval system as an 

example. Then retrieval system performs the matching, and retrieves visually 

similar images. In retrieval, it match the query image and retrieve the visually 

similar images by distance measures.  

In order to effectively retrieve or index, content-based image retrieval (CBIR) 

concept is introduced. This term is released in 1992 by T. Kato. CBIR is also called as 

content-based visual information retrieval (CBVIR) and query by image content (QBIC) 

[Caicedo et al., 2007, Zhou et al., 2017]. Content refers to the image, text, or video. The 

definition of CBIR is given below:  

 

 



 

 

 

 

 

 

 

 

Text-based image retrieval is based on the manual query search by keyword 

extraction, bag of words collection, and matching with the database. The results of this 

text-based image retrieval depends on the manually labeling the data by a human, which 

leads to irrelevant image retrieval, less efficiency, and scalability, and time-consuming 

operation. The simple image retrieval is pipeline is described as follows: 

¶ Image Preprocessing  

In this step, image quality is improved by removing the unwilling 

distortions in the image and corrects the geometric transformation of the images 

(rotation, scaling and translation). Some of the important preprocessing tasks are 

follows: denoising, contrast enhancement, normalization, and so on.  

¶ Feature Extraction  

It is the process of converting the given input data into the set of features 

are known as feature extraction. In medical image processing, feature extraction 

has started with the initial sets of dependable data and it performs the feature 

extraction in the borrowed values which is known as features. It makes the 

classification method to be much satisfactory for prediction. Most of the medical 

image classifiers are based on the result of feature extraction in CAD.  

¶ Feature Selection 

Feature selection is the process of reducing the feature space extracted from 

the whole image, which enhances the detection rate and reduces the execution and 

response time. It is obtained by neglecting the irrelevant, noisy and redundant 

CBIR aims to retrieve the most top-k images that are visually and semantically 

similar to the query image from a large collection of images. Hence, this system 

will automatically index the relevant images in a database by similarity 

functions or distance measures.  

 

Content-based Image Retrieval 



 

 

 

features, and chooses the features subset that able to obtain the good performance 

with subject all metrics. In this stage, the dimensionality is reduced.  

¶ Classification  

In this stage the selected features are applied for classification in which 

each sample is classified to denote as the desired class. However, the classification 

is a big issue in medical image analysis tasks such as object detection, pattern 

recognition and so on. For automatic classification, optimum sets of features are 

used needed to be further improved for better clinical analysis for the human body 

by disease.  

¶ Retrieval  

Similar images are retrieved by computing the similarity between the query 

image and the database images  

Voxel Representation

User Query

F ={ f  ,
1

 f  ,2
éééé..

,
 f  n}

V={ v  ,
1
 v  ,2
ééé

é..,
 v  n}

Feature Vector

Multimedia Image 

Dataset

Similarity Matching

0.8
0.75
0.2

0.6

0.3
0.54
0.68

0.42

0.8
0.74
0.2

0.6

0.78
0.77
0.25

0.65

0.25
0.60
0.87

0.95

Ranked List 

I1 I2 I3 In

I2

I3

I1

Figure 1.5 Flow of CBIR 



 

 

 

Problem Statement in CBIR 

¶ Assumption ï A query image is given that describes the desired information 

need of the user. IR system consists of the massive images in the database 

¶ Task ï Rank all the images in large collection of medical images based on the 

user demand  

¶ Require ï User must fulfill the retrieval results and gives feedback regarding the 

information that acquired.  

This research study is considered ñImageò is a query. In image, the content can be 

categorized into three classes: (1). Spatial, (2). Semantic, and (3). Low level content. In 

spatial content, the presence of object position is analyzed from the image. The synonym 

of the image is represented as the semantic content, and the visual, color, shape, and 

texture are considered as the low level content [Mystry et al., 2018]. Figure 1.6 represents 

the CBIR for the query image, in which the basic flow for retrieving images from the 

database is clearly depicted. 

Query Image

Preprocessing 

Rank images

Feature 

Extraction

Feature Vectors 

Store

Similarity 

Computation

Retrieval Images

Images 

Database

 

Figure 1.6 Content-based Image Retrieval System 



 

 

 

 Multimedia has become most popular in real-world applications, since people 

moved upon with recent developments and actively involved in searching videos and 

images over different storage repositories. One of the largest video repository is 

óYouTubeô, which is most commonly used by a huge numbers of users over both online 

and offline. A statistics report about óYouTubeô is that new users are being uploading 

videos for every minute. The popularity of multimedia has increased day by day which is 

essential for many applications such as online medical transcription, teleconferencing, e-

learning, etc.  The multimedia information retrieval is an important research field, which 

contracts with search of knowledge in all forms of information like image, audio and 

video. 

 

Figure 1.7 Content based Image Retrieval (e.g. Google) 

      

Figure 1.8 Content based Image Retrieval Results (e.g. Google) 



 

 

 

 

Figure 1.9 Content based Image Retrieval (Advanced Google search) 

A consequence of increasing consumer demand for visual information requires 

sophisticated technology to represent, index, model, and retrieve multimedia information. 

In particular, robust techniques are efficient to index (retrieve) and compress visual 

information, new scalable algorithms allowing access to large databases of images and 

videos. The performance of retrieval process is generally estimated by several significant 

metrics, which capture the overall efficiency of retrieval process. Most of the researchers 

have focused on semantic retrieval for improving the efficiency of retrieval procedure 

and obtain most relevant results in CBVR and CBIR [44],[45]. Semantic retrieval is used, 

since it provides the most meaning-full information about the input queries.  Semantic 

analysis provides efficient results and as per human perception access to databases, 

content filtering, summarization, enhanced human and computer interactions, etc. 

semantic techniques are the promising approach which is used to bridge the gap between 

low-level features and high-level concepts. Recent computer vision technologies and 

algorithms are supported for efficient semantic video/image retrieval and analysis. The 

following sub-sections describe the state-of-the-art image and video retrieval techniques. 



 

 

 

1.3 RETRIEVAL METHODS IN CBIR  

There are several methods have been presented such as query by example, 

semantic retrieval, relevance feedback (human interface), machine learning and deep 

learning. These methods are used for image recognition and classification applications. 

Figure 1.10 shows the examples for image retrieval. For the query image, set of relevant 

images and the irrelevant images are given.  
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Irrelevant Images

Relevant Images
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Figure.1.10. Image Retrieval Example 

One of the most commonly used method for comparing two images in CBIR is the 

distance measure.  



 

 

 

 

Figure 1.11 Retrieval Methods 

Most of CBIR performance is based on the low-level features of the image 

including Color, Shape, Texture, and Object. The process of CBIR is to retrieve the most 

similar images that are visually and semantically related to the query image. For effective 

retrieval of images by similarity, CBIR must depend on appropriate feature set extraction 

which describing the desired image contents. Furthermore, appropriate query type, 

matching, indexing, searching, and retrieval methods are required, because images are 

generated automatically and indexed in the database. In CBIR from large collection of 

database, query image feature vectors and the database feature vectors are computed with 

the similarity. A threshold value is specified for database images. The distance values are 

must be less than the threshold value. Therefore CBIR minimizes the human efforts and 

runs automatically. In CBIR, there are two challenges are emerging that remains 

unsolved: visual-gap, and semantic gap.  
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(a) (b)  

Figure 1.12 Visually similar images (but semantic gaps are presented) 

Figure 1.12 (a), and (b) images are visually similar, but they are different due to 

semantic gaps. Feature extraction is the process of extracting the image features to 

distinguish the image is visually similar or not. It is a very essential element for 

understanding the image, particularly for the segmented or preprocessed regions of the 

image.  

CBIR methods are classified into three broad categories [1] based on the features 

such as color features, texture features and shape features. Histogram based methods and 

statistical features coms under the category of color features, then spectral features and 

statistical features in texture features and lastly model based, region based and boundary 

based methods in shape features. CBIR is capable to match digital images with its visual 

content present in the image. The visual content of an image significantly consists of 

contents,  

¶ Color feature  

¶ Texture feature 

¶ Shape feature 

1) Color Feature 

Color feature is one of the significant feature for identifying similarities by measuring 

global and local points in image. Usage of color layout features will require a refining 

technique. In retrieval process color features can be measured as color histogram, color 



 

 

 

moments, dominant colors and Color Coherent Vector (CCV). Colors have been 

represented in different color spaces [7] as  

¶ Red Green Blue (RGB) 

¶ Hue Saturation Value (HSV) 

¶ Hue Saturation Brightness (HSB) 

¶ Cyan-Magenta-Yellow (CMY) 

¶ Luminance-Inphase-Quadrature (YIQ) 

¶ Hue Saturation, Lightness / Luminance (HSL)  

The most important representation of color models are RGB and HSV which are 

effectively applied in image processing, image analysis, image storage and computer 

graphics processing 

RGB color model is composed with primary colors Red, Green, and Blue, which is 

mostly used in color CRT monitors and color raster graphics. This model is represented 

as ñadditive primitivesò since the colors are added together to produce the desired color. 

Figure 1.13 represents the Cartesian coordinate system; the colors are defined as vectors 

with diagonal representations, starting from (0, 0, 0) black to (1, 1, 1) white. The color of 

pixel (p) is a linear combination of the basics vectors R, G, B written as, 

ᶮ ὶǶὫ ǶὦὯ                                                           (1.1) 

From the above equation, the components of RGB are composed and formulated and 

this plays a major role in feature extraction for the achievement of accurate results based 

on the defined processing.  

 

 

 



 

 

 

 

 

 

 

 

 

 

 

 

Figure 1.13 RGB color space Cartesian coordinate system 

HSV stands for Hue, Saturation and value based, which represents the intensity of 

color that is decoupled form of color information in the represented image. Hue is 

referred as the number which identifies the location of corresponding pure color on the 

color model. The hue fraction is represented between 0 to 1 where ó0ô is red, ó1/6ô is 

yellow, ó1/3ô is green and forth among color smodel. Saturation refers the position of 

white color, a pure red is fully saturated i.e. represented as 1, tints of red are saturated 

with less than 1 and white is saturated at 0. Value represents the lightness of color, dark 

color has ó0ô (black) with increasing forwarding away from black.  

Figure 1.14 represents the single hexcone of HSV color models, which contains H, S, 

V models with its representation. The color of pixel (p) in the color space with its 

elements H, S, V is written as 

• Ὤ ί ὺ                                                      (1.2) 
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Figure 1.14 Single-hexcone model of HSV color space 

The color space model is often used for computing the similarity between two 

colors. The similarity between two colors Ὥ and Ὦ is given by,  

ὅ ὭȟὮ  ύὌὭȟὮ ύ ὛὭȟὮ ύ ὭȟὮ                 (1.3) 

Where  

ὌὭȟὮ ÍÉÎὌ Ὄ  

    ὛὭȟὮ  Ὓ Ὓ  

ὛὭȟὮ  Ὅ Ὅ 

The degree of similarity between two colors Ὥ and Ὦ is given by,  

ὛὭȟὮ  
π                  ὭὪ Ὄ Ὄάὥὼ

ρ
ȟ
               έὸὬὩὶύὭίὩ

                                  (1.4) 
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Figure 1.15 HIS Color Space Model  

2) Texture Feature  

Texture features are mainly used for the purpose of accurate segmentation and 

classification results. Image textures are defined as quantitative measures of the 

intensities (roughness), edges and direction in the region. Texture features are referred as 

surface characteristics i.e. appearance of a particular object. Gray co-occurrence matrix is 

one of the significant method that is used for feature extraction. This feature is considered 

in the applications of medical imaging, remote sensing and CBIR.    

A Gray level co-occurrence matrix is a statistical method of examining texture that 

defines the spatial relationships of pixels. It is represented as rows and columns which are 

equal to number of gray levels. The matrix element ὖὭȟὮȿὼȟώ is the relative frequency 

of two pixels which is separated by pixel distance between neighboring pixelsὼȟώ, 

where óiô and ôjô are the intensity values of óxô and óyô respectively. The GLCM has four 

different properties that are illustrated in table 1.2. 



 

 

 

 

Table 1.2 Properties of Gray level Co-occurrence Matrix 

Texture 

Feature 

Definition  Formula 

Energy Energy is defined as sum of squared 

elements in GLCM, also called as 

Angular second moment or Uniformity 

ВВὖ ὭȟὮ                  (1.5) 

Correlation It measures the linear gray level 

dependency of neighboring pixels 

ВВὖὭȟὮὰέὫὖὭȟὮ    (1.6) 

Contrast The intensity contrast is measured 

between pixel and neighboring pixel 

ВВ Ὥ ὮὖὭȟὮ       (1.7) 

Homogeneity Homogeneity is inversely proportional 

to contrast in terms of equivalent 

distribution in pixel pair population 

ВВ
ȟ

ȿ ȿ
                   (1.8) 

3) Shape features  

Shape feature is also one of the significant visual feature present in an image. Shape is 

a feature that is difficult to descript the image but partially the object representation could 

be projected. Shape is determined with the following parameters [3] as Mass, Centroid, 

Mean, Variance, Dispersion, Eccentricity, Convexity, Elliptic Variance, etc. Two 

different ways are termed to extract shape feature: 

¶ Internal Representation- Use of object boundary and its features (e.g. boundary 

length) 



 

 

 

¶ External Representation- Description of region occupied by the object on image 

plane 

Figure 1.16 illustrates the shape feature extraction techniques, which is broadly 

classified into two categories such as region based and contour based methods. Shape-

based image retrieval is processed by measuring similarity between shape features.    

 

 

 

 

 

 

 

 

 

 

                                 Figure 1.16 Shape Representation and several extraction processes 

The other classes of features are described as follows:  

¶ Semantic or Relational features 

It is extracted by the object motion and moving trajectory. It is due to the 

camera motion and activity in the semantic descriptor, which describes the motion 

scene.  

¶ Statistical Features (pixel level) 
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Geometrical features (position, location, and orientation) are considered as 

the statistical features. In images it is computed by the translation, rotation, and 

scaling operations.  

1.4 CBVR OVERVIEW  

CBIR have been gradually moved towards Content Based Video Retrieval 

(CBVR) with increased users in World Wide Web (WWW). Usually videos include 

audio, texts, objects and faces of living being.  

Frames

Shots

Scenes

1 Frame Per Second

Contain similar frames 

(Length of seconds)

Contain diverse shots 

(Length of minutes)

Figure 1.17 Spatial and Temporal Structure of Videos 

However, frames are extracted at 1 frame per second (fps). Shots are number of 

frames that taken without any scene change from the camera. The length of frames is 

based on the seconds order. Scenes are longer video segments that consist of interrelated 

shots and represent a semantic unit for the given type of content. For instance, news 



 

 

 

content consists of a news story. Due to different angles, objective, subjective, point of 

view, high angle, low angle and dutch angle. Similarly, different types of shots are 

presented as follows,  

¶ Extreme Long Shot ï It represents the vast area from a great distance and also it 

known as a wide shot 

¶ Long shot ï It takes the entire action for a scene. A shot that sets up the scene and 

also provides the common information about the event.  

¶ Establishing Shot ï This is a camera shot that sets up what is about to take place 

and this is usually a sequences about the starting point.  

¶ Medium Shot ï This shot falls between the close up and the long shot.  

¶ Close Up Shot ï It is also known as narrow shot or tight shot which closure to the 

particular frame 

Main Challenges in Handling Videos  

 As there are number of challenges while processing videos. These challenges are 

highlighted in following:  

(i). Temporal Redundancy: The same frame is repeated twice and starts a completely 

new frame from time to time. Keep and re-use some bits of the previous frame or next 

frame. Determine significant changes and just show the differences 

(ii). Motion Difference: Each frame in a video is presented with unique motion features, 

color histograms, motion histograms, audio features, etc. Motion information includes 

certain parameters as motion content, motion uniformity, motion panning and motion 

tilting.  

¶ Motion Content is the measure of total action content present in a video is defined 

as motion content. Variations in motion content are based on the video that is 



 

 

 

considered. For instance a vehicle crash video will have higher motion content 

whereas a person capturing videos will have minimum motion contents.  

¶ Motion Uniformity parameter is to measure the motionôs smoothness in a video 

with the corresponding function of time.  

¶ Motion Panning is defined as Motion of the camera alters in directions left to right 

and right to left during capturing.  

¶ Motion Tilting is the vertical motion component are measured under this metric, 

here if vertical motion is higher in a video, then panning shots will be lower.  

Motions are considered to be more significant part in each video, changes in motion is 

the main difference between image and video.  In CBVR concept, videos are converted 

into frames (i.e.) a shot of videos consists of a set of frames shown in figure 1.17. 
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Figure 1.18 3D Image Based CBVR 



 

 

 

Based on the size and quality of the video, the number of frames is increased. 

These converted frames are considered for further processing to retrieve relevant results 

for the given query.  To simplify the process of CBVR with larger number of frames, a 

process of key-frame extraction is included. Video retrieval approaches mainly focuses 

on spatial and temporal analysis. In CBVR concept video databases are maintained which 

has shot as the basic unit of data. 
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Figure 1.19 Pixelwise & Patchwise Image Representation 

Generally, video processing is processed by two methods that are Pixel based 

Representation and Patch based Representation. In pixel based processing, image is 

processed by each pixel values and each pixel is compared to the nearby pixels, then only 

all significant information in the image is controlled. Pixel ï A pixel is the key element 

that builds a complete multimedia content (image, video). Pixel as ╟░▒ represents the 

value of ░◄▐ color channel at ▒◄▐image pixel. Pixel-by-Pixel handles pixel-wise process by 

taking in account of individual pixel surrounded by neighboring pixel. Whereas patch 



 

 

 

based processing is also known as block based processing. Here, frames are divided into 

non-overlapping patches and each patch is compared with its previous patch, then 

changes in patches are updated. Patch ï A patch is defined as a set of pixels that exists in 

a particular region of the image. Typical patch sizes based on image size - 4 4, 8 8, 

16 16, etc. Patch-by-Patch processes are performed in accordance to the individual patch 

that is surrounded by other patches in the image. For data management five methods are 

followed, the methods are, 

¶ Metadata-based method 

¶ Text-based method 

¶ Audio-based method 

¶ Content-based method 

¶ Integrated approach 

 In metadata-based method the videos are indexed and retrieved with respect to the 

structured metadata information. Some of the examples for metadata information are title, 

author, producer, director, date, video types, etc. If videos are retrieved based on the 

associated subtitle then they are called as text-based method. Similarly if videos are 

retrieved with sound tracks, then it is defined to be audio based method. Next, content 

based method is performed with two different possibilities they are (i) a video is 

considered as a collection of images and (ii) video sequences can be divided into groups 

of frames. For enhancing the flexibility of video retrieval two or more above mentioned 

methods are combined and used in CBVR.   

In óContent Based Video Retrievalô the term ócontentô refers to shapes, color, textures, 

geometry, topology or other information present in the image. Video content can also be 

retrieved without examination of such features (i.e.) by using the videoôs metadata such 

as keywords, captions, sub-titles, etc.  



 

 

 

 

Figure 1.20 Key Frame Extraction 

Many of the researchers have considered the features that are present in video 

frames. Based on the size of the video, number of frames increases so in CBVR, 

processing with frames becomes complex if the video size is larger. For this purpose, the 

key frames are extracted from the total number of frames present in the video. Key frame 

extraction is shown in figure 1.20 that visualizes a video of a human walking.  

1.4  BACKGROUND OVERVIEW  

1.4.1  Semantic Search Engine  

Generally semantic means the study of ólanguageô. Visual semantics are structural 

and are communicative. It is defined as a part of semantic that deals with the knowledge 

about the visual aspects of elements around. Images speak out visually with colors, shape, 

textures and reactions of characters in the image. Images communicate visually with 

expression and not with words. Visual semantic includes visual content from surveillance 

cameras, mobile phones, personal photo collections, news footage, or medical images.  

 



 

 

 

The main properties of semantic analysis can be the following,  

¶ Semantic level provides specific knowledge to objects 

¶ This level bridges the gap between structural and geometric levels by 

identifying meaningful representation.  

¶ This semantic label is effectively used for analyzing the process of 3D shapes 

in video retrieval 

Semantic web based framework is more popular among people for retrieving images 

and videos. Google, Yahoo and Bing are the well-known query processing search engines 

that handles several keywords and produce efficient results. Several search engines are 

available today for retrieving meaningful information to the corresponding query. 

Ontology is defined as a significant concept that is used in semantic web infrastructure 

(in fig 1.9), Resource Description Framework and Web Ontology Language. In simple a 

vocabulary can be defined as the pillars of semantic web. Semantic web is comprised of 

resources as webpages, text files images, audios, videos, etc. Available semantic web 

technologies are Extensible Markup Language (XML), Resource Description Framework 

(RDF) [4], Metadata, Ontology, Database and Metadata storage technologies, Information 

management and Knowledge management. Semantic web was developed to solve the 

following problems as shortage of web content, poor interconnection, shortage in 

information transfer, knowledge less machines to identify the universal format. The main 

goals of semantic groups are as follows: 

¶ Semantic web technologies are used for making existing multimedia metadata 

standards interoperable, therefore previous metadata formats are combined to 

improve the process. 

¶ Rule based approaches are used for semantic web and its practical applications 

provide additional functionality to formal semantics 

¶ Semantic web effectively provide the best practices to make multimedia metadata 

and using multimedia content on web with practical use cases. 



 

 

 

Major issues in sematic search engines are lower precision, higher recall, 

inappropriate queries, irrelevant results, etc. The main aim of semantic search is to 

enhance the searching accuracy by means of identifying and understanding the user 

queryôs intent and contextual meaning appears on the data space for providing most 

relevant results. 

1.4.2 Hadoop MapReduce  

            The MapReduce is the programming model which has capability to execute the 

numerous amounts of raw data resolving the number of allocable using comparatively 

inexpensive product hardware (Srinivasa et al. 2015). It is a suitable framework for 

proficient huge scale data processing environment. It is evolved to overthrow the 

problems of executing the numerous amounts of data with the reference to the internet 

oriented applications. These huge size data essential to be indexed, deposited, recovered, 

examined and also excavated to permit a modest and endures admission to these data and 

information. In present days, there are four sequential aspects exist in the present 

business and inventiveness that are handling, storage, picturing and investigating the 

huge amount of data. The MapReduce can routinely execute the applications on 

analogous cluster of hardware. Besides, it has the ability to execute the terabytes of data 

more promptly and proficiently. Henceforth, the reputation of MapReduce process has 

developed speedily for dissimilar varieties of enterprises in numerous fields. It delivers 

the extremely operative and proficient framework for the similar implementation of the 

applications, data distribution in distributed database systems.  

 The developers who utilize the library of MapReduce must  

deliberate the two significant processes such as Map and Reduce function (Hashem et al. 

2016). Here, the Map function receives the key/value pair as input and creates the 

intermediate key/value pair for further processing. The reduce function combines whole 

the intermediate key/value pair and then creates the final output. The Map Reduce 

framework is implemented in the Hadoop open source software. It provides the upcoming 



 

 

 

features such as energy efficiency of jobs, scheduling of jobs and tasks, performance, 

elasticity and load balancing of cluster.  

 

Figure 1.21 MapReduce architecture 

 Figure 1.21 elucidates the MapReduce architecture implemented in the Hadoop 

framework with its building blocks (Li et al. 2014). It comprises three major processes 

that are discussed briefly as follows: 

Mapper 

¶ The mapper phase is initial phase of MapReduce framework where the provided 

input is going to segregate into two components such as key and value. Here, the 
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key is writable and equivalent in the handling stage. Then the provided input is 

split into the numerous input splits.  

¶ The input splits are the rational splits in environment. Here, the record reader 

translates these input splits in Key-Value pair. It is the real input data setup for the 

mapper input for auxiliary handling of the data that exists in the Hadoop system. 

The input format type changes adaptively for each application. Hence, the 

programmer has to perceive the input data and code consequently. In this, partition 

and combiner rationalities are come into the mapper process only to execute the 

special data process.  

¶ The combiner is also known as the mini reducer. For huge amount of data 

processing in Hadoop environment requires the high network bandwidth. To 

overwhelm this issue, the combiner phase is included after completing the mapper 

process. The partition module in the Hadoop framework plays a significant role in 

the process of separating the data acquired from either diverse mappers or 

combiners.  

Shuffling and Sorting 

¶ The shuffling and sorting is the intermediate process in the Hadoop system to 

perform the MapReduce process. After completing the mapper process, there exist 

huge amounts of middle data to be moved from all the Map nodes to shuffler. It 

sorts the key of the given input hence the whole pairs with the similar value key is 

gathered together. Besides, it is obligatory to transfer the sorted output to the 

reducer nodes for further MapReduce process.  

Reducer  

¶ The reducer is the final process in the MapReduce framework. The reducer 

process obtains the transitional key and group of values of the given key. It gathers 

all the incoming data to create the smaller set of values i.e. it combines the same 



 

 

 

key value pairs to provide the output. In reducer, record writer module writes the 

data from the reducer to Hadoop environment.  

         The MapReduce framework is implemented to be fault tolerant since 

disappointments are a general phenomenon in huge scale disseminated computing. The 

MapReduce architecture performs to be a better choice for the following reasons: 

¶ The processing of information yields from similar and dispersed architecture 

with easier software design process of map and reduce methods.  

¶ The MapReduce architecture has the ability to process terabytes of data on the 

system clusters along with the handling failures.  

¶ The most of the data finding and mining statistics can be occupied into the 

MapReduce architecture, identical to the pattern based explanation algorithms. 

          The MapReduce framework has several implementations such as Mars, Phoenix, 

Hadoop and Googleôs implementation. In these, Hadoop become the utmost popular 

software owing to its open source feature. The most standard implementation of the 

MapReduce model is the Hadoop framework that lets applications to execute on huge 

clusters. The Hadoop framework qualifies the dispersed, data intensive and analogous 

applications through investigating an excessive task into the lesser tasks and enormous 

dataset into the slighter partitions in a manner that each job processes a different partition 

in parallel. The Hadoop framework permits the dispersed processing of huge datasets 

through clusters of computers using the particular programming paradigms and models. It 

is modeled to speed up from a one server to thousands of nodes. It is modeled to estimate 

the failures at application level rather than depend on hardware for high accessibility. The 

significant features of the Hadoop system are enlisted as follows: 

(i). Distributed Processing 

      In Hadoop data is processed in analogous way on a cluster of diverse nodes since it is 

protected in a disseminated manner in Hadoop distributed file system through the cluster 

of nodes.  



 

 

 

(ii). Open Source 

       The Hadoop framework is called as an open source project. Hence, it can flexible to 

change based on its business necessities.  

(iii). High Availability  

        Owing to the number of duplicates of data is huge; data can be obtainable and 

arranged even with the hardware failure. If any hardware smashes of machine is occur, 

then the data will automatically collect from other pathway.  

(iv). Scalability 

       At every time any new hardware is effortlessly accommodate to the provided nodes, 

hence the Hadoop framework is known as extremely scalable.  

(v). Economy 

       Hadoop framework is not expensive, since it can be applicable to the generally 

associated hardware. Hadoop provides the large cost cutting and it has very modest to 

add numerous machines on that cluster. 

(vi). Fault Tolerance 

        In Hadoop, there exist three copies of each block transversely in the cluster in 

default manner. Besides, it can be changed based on the provided requirement. Hence, if 

any node happens to be down, then the data will be acquired from any other nodes in 

simple way.  

(vii). Data Locality 

         The Hadoop is performed based on the basic principle of data locality. At any time 

any user provides the MapReduce process, this process will be migrated to data in the 

cluster instead of transmitting data to the place where the method is succumbed.  

          The Hadoop provides the most reliable storage layer for the wide spread database 

to permit the huge bandwidth data coursing to user applications. The distributed file 

system in the Hadoop environment is modeled to execute the product hardware. By 

allocating the accommodation and calculation across numerous servers, the resource can 

scale high and low with the requirement while residual inexpensive. The Hadoop 



 

 

 

distributed file system (HDFS) has numerous correspondences with the other distributed 

file system. However, the alterations are noteworthy. They are discussed as follows: 

¶ It is greatly fault tolerant and it is intended to execute on low rate hardware.  

¶ It provides the large throughput to the stored data; therefore it can be utilized 

to accumulation and execute large datasets.  

¶ It utilizes the write-one time-read-countless models which satisfies 

concurrency necessities thus delivers the modest data coherency and permits 

the high throughput data access.  

       The HDFS conceits in the belief and offers to be extra effectual when the 

dispensation is completed adjacent the data instead of moving the data to the applications 

area. The data engraves are limited to single writer at a moment. The HDFS has various 

prominent goals that are deliberated as below: 

¶ Confirming the fault tolerance via estimating the liabilities and employing fast 

rescue methods. 

¶ MapReduce streaming is provided to access the given data. 

¶ Modest and vigorous coherency model. 

¶ Execution is transmitted to the data instead of the data to the execution.  

¶ Scalability in storage and handling huge amounts of data.  

¶ Distributing data and processing across clusters economically. 

¶ Dependability by repeating the data through the nodes and redistributing 

execution in the event of mistakes.  

¶ Maintaining dissimilar product hardware and operational systems. 

Characteristics of Hadoop Distributed File System 

    In this section, the Hadoop distributed file system characteristics are discussed in 

detail. The Hadoop distributed file system provides wide range of beneficiary to the 

pattern mining technology. The characteristics of the Hadoop distributed file system are 

listed as follows: 



 

 

 

¶ Large Dataset 

 The HDFS based applications are feed by huge scale database.  

A classic file size exists in the kind of huge gigabytes to short terabytes.  

It should offer great bandwidth for given data and maintaining millions of files 

across hundreds of nodes in a one cluster.  

¶ Hardware Failure 

 In general, hardware failure is communal in the clusters. The Hadoop cluster 

comprises of thousands of machines and each of which stocks a block of data. The 

HDFS contains a wide range of components; hence there is a  

better chance of disappointment among them at several point of moment.  

The identification of faults and the capability to rapidly recover is portion of the 

essential architecture.  

¶ Simple Coherency Model  

 The write-single-read-numerous contact method of files allows the huge 

throughput data admission as the data single time written must not be altered. Thus 

simplifies the data coherency problems. A MapReduce oriented application 

considers benefit of this model.  

¶ Streaming Data Access 

  The streaming data access is highly significant in the characteristics of the 

Hadoop distributed file system. The applications that executed on the Hadoop 

HDFS required being process the flowing data. These applications need not be 

executed on the common purpose file systems. HDFS is modeled to allow huge 

scale batch processing which is permitted by the huge throughput data access.  

¶ Moving Compute Instead of data 

 Any calculation is effective if it implements adjacent to the data since it evade 

the network transfer issues. The transferring the calculation neared to the data is a 

keystone of HDFS based programming models. HDFS offers entire demanded 

application interfaces to transfer the calculations nearer to the data afore the 

implementation.  



 

 

 

¶ Heterogeneous hardware and software portability  

 The HDFS is modeled to implement on the product hardware that hosts the 

various platforms. This feature supports extensive assumption of this policy for 

huge scale calculations.  

Building Blocks of Hadoop 

   This portion provides the building blocks of the Hadoop environment (Erraissi et al. 

2014). The HDFS framework constructed in tandem with the widespread master/slave 

architecture for both dispersed storage and distributed calculation.  

   Figure 1.22 depicts the architecture for HDFS environment. This architecture represents 

the four nodes that are data node, name node, job tracker and task tracker. The 

explanation for each block in the HDFS architecture is provided as follows: 

¶ NameNode 

 The HDFS cluster comprises of the master server which manages the file 

system namespace and regulates file access called as the NameNode.  

The namenode is the master of HDFS framework which guides the slave datanode 

to execute the small level Input/output tasks. The namenode is defined as the 

bookkeeper of the HDFS framework; it retains the tracks of how the consumer 

provided files are fragmented into the file blocks, which nodes stock those blocks, 

and the whole strength of the distributed file system effectually. The operations of 

the namenode are listed as the memory and the input/output concentrated. 

Intrinsically, the server accommodating the namenode generally doesnôt stock any 

consumer data or accomplish any calculations for a MapReduce platform to lesser 

the load on the engine. 



 

 

 

 

Figure 1.22 HDFS architecture 

       This signifies the namenode server doesnôt increase as a tasktracker or data node in 

the Hadoop system. There is inappropriately an undesirable feature to the significance of 

the namenode its specific point of damage of the Hadoop cluster. If the host nodes fault 

for the software or hardware reasons, then the Hadoop cluster will endure the operations 

effortlessly or else it can be rapidly restartable.  

¶ DataNode 

 The datanode in the Hadoop cluster is present in each slave machine to 

execute the process of the distributed file system analysis and inscription HDFS 
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blocks to actual files on the local file system. The data nodes in the Hadoop 

system can converse straightly with another data nodes exist in the system. This 

conversation is used to reduce the redundancy of the data blocks present in each 

data nodes. The datanodes are frequently comments the namenode regarding its 

process. Starts with an initialization, each datanodes notify the namenode 

regarding the blocks itôs presently processing. After completion of the mapping 

process, the datanodes persistently inquire the namenode to afford statistics 

regarding local deviations. In addition to receive the commands to generate, 

transfer or remove blocks from the confined disk.  

¶ Secondary NameNode 

 The secondary namenode is an associate daemon to investigate the state of the 

HDFS cluster. As similar to the namenode, each cluster comprises single secondary 

namenode and it generally exists on its private machine as well. No other datanode or 

tasktracker daemons execute on the unique server. The secondary namenode 

fluctuates from the namenode this process doesnôt obtain or store any existent interval 

modifications to HDFS framework. As an alternative, it interconnects with the 

namenode to proceeds the portraits of the HDFS metadata at specific intermissions 

demarcated by the configuration of the clusters. The namenode is the single point of 

failure for a Hadoop cluster and the secondary name node portraits is used to reduce 

the downtime and data loss of the HDFS system. However, the namenode 

disappointment demands the human intervention to restructure the cluster to utilize 

the secondary name node as the crucial name node. The work of the secondary name 

node is not designating the subordinate to the namenode. Instead of it, secondary 

name node occasionally read the archive scheme modifications log and also affords 

the reserve for the anterior; hence it modernizes the files effectually. In huge number 

of cluster atmosphere, the secondary namenode typically execute on the various 

machine than the main namenode as its memorial necessities are on the unique order 



 

 

 

as the main namenode. This task permits the namenode to begin the upcoming 

moments fastly.  

¶ Job Tracker 

 The job tracker is the interface between the application and Hadoop 

framework. It identifies the implementation plan via defining which archives to be 

process next, allocates nodes to various tasks and investigates entire tasks as they are 

processing. If any failure occurs, then the job trackers will spontaneously unveilings 

the task, probably on a various node upto a predefined bound of revises.  

 

Figure 1.23 Job tracker working 

 Figure 1.23 depicts the working of the job tracker present in the Hadoop 

architecture. There is simply single job tracker in each Hadoop cluster which 

commonly execute on the server as the master node of the Hadoop cluster. The job 

tracker is the master supervising node which investigates the general 

implementation of the Map Reduce job. The job tracker is the amenity inside the 

Hadoop which performs the MapReduce tasks to unique nodes exist in the cluster, 

presently the nodes which have the data or else nonetheless in the identical rack. 
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The client provides the jobs to the job tracker which communicate with the 

namenode to estimate the position of the data. The job tracker provides the job to 

the selected task tracker nodes. It keeps on investigating the performance of the 

task tracker. If the task tracker nodes do not provide the heartbeat signal 

frequently, then the particular task tracker is considered to be a failure node and 

the provided job is reserved on a dissimilar task tracker. The job tracker keep 

informed it prominence whenever the job is completed.  

¶ Task Tracker 

 The task tracker monitors the implementation of each task on each slave node. 

Each task tracker can offspring several virtual machine to manage the numerous map 

or reduce tasks in analogous manner. Figure 1.24 elucidates the task tracker working 

process in the Hadoop environment. One fundamental obligation of the task tracker is 

to continuously converse with the job tracker node. Since if the job tracker doesnôt 

obtain the heart signal from the task tracker node within the specific amount of time, 

then it consider that specific task tracker node as the failure node. Then, the job 

tracker node assigns the jobs to another task tracker node. Here, the task tracker 

breaks the allocated task into the map and reduce tasks where client given process is 

executed.  



 

 

 

 

Figure 1.24 Task tracker working 

 Every task record has the slots regarding the implementation map which 

progressively decreases and provides the evolvement to the job tracker regarding the 

execution of the allocated task. Every data node manage by the task tracker transmits the 

heartbeat message to the namenode occasionally. The time difference between the two 

successive heartbeat intervals is assigned as three seconds.  

Three Dimensional (3D) Image Processing 

With the recent development of internet and advancements on computer 

technology, that has been facilitated for propagation of 3D models on the web [9]. The 

massive impact of 3D models in day-to-day life was already observed in application 

domains spanning from edu-entertainment to scientific visualization. These 3D models 

have become widespread in variety of applications including mechanical CAD, computer 

 

Job Tracker Name Node

Client

Submits task to the job tracker 

Task Tracker Task Tracker Task Tracker

Mapper

Reducer

Allocates Task

¶ Executes the task in the 

data nodes

¶ Report status of the task

¶ It breaks down jobs into 

map and reduce tasks

Mapper

Reducer

Allocates Task

Mapper

Reducer

Allocates Task

Execute Task

Report Status



 

 

 

graphics, molecular biology, medicine, etc. Due to the success of introducing 3D visual 

technologies, the demand for wide variety of 3D content such as 3D images, 3D videos 

and 3D games are increasing significantly. To fulfill the user demands, new 3D video 

content is created and also existing 2D videos are converted into 3D format by using 3D 

conversion tool. The main uses of 3D models are as follows, 

¶ Creation of basic objects in games environment 

¶ Computer animated film industry for creating animated characters and objects 

with advanced technologies 

¶ Medical industry uses 3D models of human objects 

¶ 3D visualize architectural objects in architects fields 

¶ 3D models provide presentation of vehicles, new devices, etc. in engineering fields 

In computer systems, 3D describes an image, which provides the perception of depth 

analysis of images. 3D model displays a picture of objects in the form that physically 

present with that labeled structure. 3D allows pictures flat picture appearance to human 

eye that is considered with three dimensions which include depth, weight and height. The 

result of 3D image process is analyzed and processed to extract information, that supports 

wide range of applications, which include shape search on the web, video retrieval, object 

recognition, face recognition for surveillance and security, clinical processing in 

medicine, mapping of earth surface, etc.  

Numerous improvement in computer graphics, multimedia, computer vision and other 

fields have enabled to develop the advanced types of visual media named 3D video [10], 

[11]. It extends the traditional video technologies by capturing three-dimensional 

appearance and dynamics of real-world scenes. It provides depth analysis and visual 

effects about the observed three-dimensional scene structure. The depth-based 

representations obviously transform the videos are displayed with different types such as 

volumetric display, stereoscopic display, auto-stereoscopic display, and holographic 



 

 

 

display. 3D video captures two essential information about real-world scenes which 

dynamically changes over time: Shaders and texture. Shaders is commonly used to 

produce the lighting shades in 3D models, which allows adjustments of opacity, light, 

reflectivity, shading, etc. Textures provide the realistic representation for 3D objects, 

which specify high level on details about an object.  The digital representation of 3D 

objects are categorized into three levels of granularity: geometric, Structural and semantic 

levels.  

Figure 1.25 represents the 3D digital object and its relevant characteristics such as 

name and URL (Simple resources), set of triangles and normal (geometric 

representation), skeleton of teapot (Structure of shape) and visual representations of 

shapes (Semantic). The levels of a 3D shapes are categorized as follows,  

¶ Geometric level 

¶ Structure level 

¶ Semantic level 

In geometric level, 3D shape is determined by determining its shape using geometric 

representation methods such as triangle mesh (collection of vertices, edges and faces), a 

Non Uniform Rational B-Splines (NURBS- represents curves and surfaces of 3D shape). 

The geometric representation provides the spatial characteristics of 3D object which is 

capable to interact with human visualization for effective support on different analysis 

process. Geometric level is effectively used to provide the physical properties of 3D 

shapes. 

Structure view produces the abstraction level, which is used to identify the segment or 

portion of 3D shape in tubular parts. For structural view, morphological or geometrical 

analysis representations are required to detect the relevant features of 3D shapes. This 

structural level describes the same shape into different manner based on the 

characteristics of object 



 

 

 

Semantic level provides specific knowledge to objects, which delivers the semantic 

labels (visual words) to specific shape of objects. This level bridges the gap between 

structural and geometric levels by identifying meaningful representation. Semantic 

models explicitly tag the ñsemantic labelsò, which automatically examine the properties 

of 3D shapes. This semantic label is effectively used for analyzing the process of 3D 

shapes in different areas as image retrieval, video retrieval, image storage, image 

analysis, etc. 

1.5 THESIS MOTIVATION  

We formulated the key problems of the thesis in following: there is an amazing 

growth in the amount of digital video data in recent years. There exists a gap between 

low level features and high level semantic content.  In CBIR, the problem is how to find 

the similarity between the query image and all the images in database. However 

comparing the image by patch by patch is not feasible because the object/scene in the 

image may lead to any change. Typically, an optimum set of visual features are extracted 

in image and changed into a fixed size vectors for representation of the image. Further, 

the significant characteristic for the image, semantic gap is considered to improve the 

performance. Consider the visual and semantic contradictions between the query image 

and large size database is the primary requirement for giving effective query response for 

users.  

o Necessity of Video Database Management System  

- Increase in the amount of video data captured  

- Efficient way to handle multimedia data  

As mentioned earlier, we mathematically define the problem to compare the 

similarity between two images ‌ȟ‍ as follows:  

                ὍὙ ‌ȟ‍  В В Ὧ‌ȟ‍ᶰ                                                   (1.9) 

                                  В В ‰‌ᶰ ‰‍                                          (1.10) 



 

 

 

                                      =  ‪‌ ‪‍                                                          (1.11) 

With the function of Equations (1.9) ï (1.11), we generate certain research 

questions for feature extraction, feature fusion or reduction and indexing images in large 

database:          

¶ RQ1 (feature extraction) 

          How to define the query image content ‌ by set of visual features 

ὥȟὥȣ ? 

¶ RQ2 (feature fusion/reduction) 

          How to change the feature sets ‌  ὥȟὥȣ  with various sizes to a 

fixed-length vector ‪‌? 

The major reasons for content based video retrieval are discussed further in this 

section. Video retrieval is recently used by enormous users all over the world. Sharing of 

texts has become older and videos / images sharing are popular at present is possible to 

present our ideas realistically which could not be done on texts. Video retrieval concept 

involved in several previous image processing algorithms and techniques for achieving,  

¶ Accurate results with relevant data 

¶ Minimum processing time 

¶ Maintenance of image / video quality 

¶ Capability to manage large number of user queries 

¶ Reduce space complexity 

The motivation behind our proposed research work is to reduce space complexity and 

also to provide original quality of videos from storage. Quality of video was a major issue 

which should be solved to satisfy users with their queries. Each minute thousands and 

thousands of users upload their videos, which requires higher storage capacity. If storage 

availability is less then the involvement of number of users will be minimized. Hereby 

our motive is to use an effective storage (i.e.) Hadoop and maintain the video quality by 



 

 

 

using best and novel image processing algorithms. We evaluate our proposed work in 

three different scenarios according to the hardware specifications and the performance 

metrics measured are listed below,  

¶ Precision and recall 

¶ Overall map reduce time 

¶ Percentage Accuracy 

¶ Positive results 

¶ Processing time 

¶ Key frame detection  

¶ Filtering accuracy 

1.6  THESIS OBJECTIVES 

Our main objective is to improve accuracy in results by introducing novel 

algorithms in image processing and to support huge data with suitable storage 

environment. We list up all our objectives of proposed research work,  

¶ A broad overview on Content Based Image Retrieval and Content Based Image 

Retrieval is to be discussed with the limitations and advantages of this concept. On 

having a detailed study over these concepts, is the major reason to define ideas on 

this area. 

¶ Usually CBIR and CRVR have concentrated only on 2D, our main focus is to 

process with 3D which is trending at present and 3D is likely attracted by people 

at all ages. We aim to move up this concept to next level by using 3D images and 

videos in this work. 

¶ A design in 3D for content based video retrieval is proposed that supporting large 

number of users with accurate result achievement. 

¶ To resolve the storage issue, novel idea of Hadoop map reduce framework is used 

which was not focused in other previous works of video retrieval. 



 

 

 

¶ Key frames are selected using Conditional Entropy based Fast Key Frame 

selection process which is effectively supported to select key frames that are more 

informative, this process involves mathematical computation of entropy values. 

3D frames are involved with the removal of noise that is called denoising 

performed by the combination of Bilateral Adaptive Median Filtering.  

¶ Newfangled feature extraction is performed by combining topology and geometry 

when extracting shape feature, since topology and geometry plays a major role in 

each frame of the video. 3D Hybrid SIFT and SURF features are extracted to 

mitigate the problem of loss of geometry. 

¶ Threshold Based-Predictive Clustering tree is built for generating visual 

vocabulary and for matching accuracy we have combined soft weighting scheme 

with L2 distance. 

¶ The problem of noise in constructed visual words is minimized by novel numerical 

semantic analysis, this is enabled to produce accurate retrieval results for the given 

user query. 

¶ Features like shape, color, texture and motion are extracted and considered for 

similarity matching scheme which is named as Multi -Featured Matching Scheme 

for accurate similarity matching based on features. Deep learning based algorithms 

based  

¶ Our novel algorithms show better performance results by improvising retrieval 

accuracy, positive results and precision-recall. 

All the above listed objectives are elaborated in following sub-sections and further 

chapters takes CBVR concept to next level with 3D based processing.  

1.7  THESIS RESEARCH METHODOLOGY  

Video retrieval process in 3D is not discussed by any researchers due to the 

limitations on storage and other image processing limitations existed in 3D. Our 

newfangled work is concentrated on faster retrieval of videos with higher positive results 



 

 

 

for all the userôs queries. The significant methodologies involved in this research are 

discussed in this section. 

For faster retrieval process we have used Map Reduce in Hadoop environment which 

deals storage problem as well as retrieves faster results. Moving into the core idea, our 

work includes key frame extraction, feature extraction, codebook generation and 

similarity matching. 

¶ Extraction of key frames from total number of frames obtained from a video file. 

Key frames are selected with the execution of temporal maximum occurrence 

frame (TMOF) in Hadoop Distributed File System (HDFS). Based on the pixels, 

histogram is constructed for group of frames (GoF). Histograms for 3D frames are 

constructed using width, height and depth. Optimal frames are determined and 

chosen as key frames. Conditional Entropy based Fast Key Frame selection 

algorithm selects optimal frames from shots which are converted from a complete 

video. This algorithm is enabled to eliminate redundant frames from the estimated 

relative entropy values. Hence key frame extraction process is significant in video 

retrieval concepts for minimizing cost and resource utilization. 

¶ For denoising 3D frames and incoming 3D query images, Bilateral Adaptive 

Median Filtering is proposed for removing noises. The initial step of this process 

is defining 3D frame or image in Taylor series. Each and every sub bands are 

taken in account and the presence of noise is eliminated. After elimination of noise 

a new frame or image is reconstructed. This approach also leads to increase in 

accurate identification of 3D videos for the given 3D image query 

¶ Feature extraction is the first step in the generation of Bag of Visual Words, which 

is comprised with a set of visual words. Feature extraction involves with the 

consideration of three significant features as shape, color and texture. Extraction 

of shape feature is comprised with four sequential steps. They are Medial surface 

extraction and segmentation, Re-adjustment of segmentation, super ellipsoid 

approximation and 3D distance field descriptor (3D DFD). In this shape feature 



 

 

 

both topology and geometry are combined for better efficiency. Color feature is 

processed by estimating Gray-level Co-occurrence matrix and the texture features 

include Angular Second Momentum, Contrast, Entropy, Correlation, Mean and 

Variance. In our second work we have additionally include motion feature, since a 

video is analyzed and matched so motion feature is also considered along with 

other three features. 

¶ For the construction of visual vocabulary, we use Threshold Based-Predictive 

Clustering Tree which requires asset of local descriptors. Predictive Clustering 

Tree is adapted by means of top-down induction of decision tree (TDIDT) 

algorithm. The constructed visual vocabulary induces noise which is resolved by 

using numerical semantic analysis. Construction of large number of visual words 

is managed by Map and Reduce functions.   

¶ Soft-weighting scheme is introduced for matching similarity between two images 

to efficiently retrieve relevant videos to the corresponding query of user. In this 

matching scheme, top-k nearest visual words is selected and then weights are 

assigned for visual words. Nearest visual wordôs similarity is estimated, and then 

L2 distance function based similarity is determined. With this result k-nearest 

neighboring visual vector images are listed and their corresponding videos are 

accurately listed.   

¶ Multi -features light weight similarity matching scheme is proposed for accurate 

matching of image with the videos. Based on the features the similarity is 

estimated in MapReduce framework.  Due to this similarity matching, the 

performance results with accurate 3D video retrieval.  

1.8  ORGANIZATION OF THESIS  

 Overall structure of thesis is segregated into five chapters. Each chapter is devoted 

to specific topic. The chapters involved in this thesis are as follows; 



 

 

 

Introduction

Literature Review

Overview of CBVR (2D and 3D)

3D CNN and Volumetric Shape 

Representation for CBVR 

3D Holistic CNN based CBVR 

Conclusion & Future scope

Discuss about overview of CBVR, 

challenges, applications, 

motivations, objectives, 

contributions and background

Describes the existing papers 

related to the CBVR

Explains the concept of proposed 

CBVR using multiple feature 

descriptors

Illustrates the performance of 

proposed 3D CNN for CBVR 

Designates the performance of 

proposed CBVR using multiple 

features extraction in 3D Holistic 

CNN

Concludes the contributions of the 

thesis and provides some 

comments on future research

Chapter 1

Chapter 2

Chapter 3

Chapter 4

Chapter 5

Chapter 6

Figure 1.25 Thesis Organization 

¶ Chapter 1 illustrated with introductory note of the overall work. This emphasized 

on the methodology used and its purpose. Section 1.1 explains the motivation of 

the thesis. Section 1.2 deals about the Objective of this proposed work. Then 

Section 1.3 deals with the novel Methodologies used in our research work. Section 

1.4 gives the background theory involved for this entire thesis. 

¶ Chapter 2 explains literature survey of our proposed work. In this chapter we have 

focused nearly 45 papers and explained about the concepts. It focused on main 

papers and analyzed to define the proposed objective.  



 

 

 

¶ Chapter 3 discusses overview and state-of-the art on image and video retrieval 

techniques. In this chapter, we have analyzed several image to image retrieval 

techniques and image to video retrieval techniques. This complete analysis 

supports to identify the problems, challenges and issues existed previously. 

¶ Chapter 4 focus on 3D CBVR in CNN. This mechanism provides key frame 

extraction, BOVW construction, feature extraction, visual codebook generation 

and matching. Each process is employed in this research framework. SIFT and 

SURF feature descriptors are combined in 3D CNN for feature extraction. It 

extracts the features in a parallel way. Finally 3D CBVR in Hadoop Map Reduce 

is evaluated with significant performance metrics.  

¶ Chapter 5 details the lightweight 3D video retrieval over Hadoop using Holistic 

Feature Extraction and MapReduce model. This chapter includes process of key 

frame selection, denoising, feature extraction and similarity matching scheme. All 

the process is performed sequentially and their results are evaluated and discussed.  

¶ Chapter 6 deals conclusion note with future research directions. It summarizes the 

overall conclusion of our research work. In addition to this, future scope of the 

research is also explained briefly.  

 

 

 

 

 

 

 

 

 

 



 

 

 

 

 

 

 

 

CHAPTER 2 

LITERATURE SURVEY  

 

 

 

 

 

 

 

 

 

 



 

 

 

In the past years, several approaches have been proposed for efficient video retrieval 

and image retrieval, but it provides less effective results [12]. Several multimedia 

applications for 3D shape feature extraction, classification and matching processes are 

discussed in [13]. The following sections describe the recent related works on 3D video 

retrieving process with respect to key frame selection, bag of visual words, feature 

extraction and similarity matching. 

2.1  CONTENT BASED IMAGE RETRIEVAL  

 Image retrieval is the process of localizing (searching and retrieving) images from 

large number of database, which improves the requirements of specified images [46]. It is 

one of the active research field and researchers have proposed several efficient algorithms 

and techniques. Image retrieval was classified into two techniques such as (i) Text based 

retrieval and (ii) Content based retrieval. Text based retrieval requires textual (keyword) 

annotations for searching and retrieving images from the database. Content based image 

retrieval is also known as visual image retrieval, which represents the unique description 

like color, shape and texture of the images. Image-to-image retrieval process is 

demonstrated in figure 2.1. 

 

 

 

 

     

 

Figure 2.1 Image-to-Image Retrieval Process 
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A recent technology allows indexing, storing, transmitting, retrieving and 

manipulating of huge collections of images in databases. The required images are 

retrieved with respect to similarity of features. The features of query images are 

compared with features from image database for extracting the most similar images. 

Huge number of image retrieval algorithms/ techniques are developed to improve the 

retrieval process such as Cross model multimedia retrieval, content based image retrieval, 

collaborative image retrieval, etc. However, these techniques have some additional 

benefits and drawbacks for retrieving images from large databases. In this sub-section, 

we discuss about previous research works with its algorithms, benefits and drawbacks. 

Raftopoulos et al [47]  introduced a Markovian semantic indexing (MSI) approach for 

online image retrieval. MSI was adaptable for the Annotation Based Image Retrieval 

(ABIR) system, which provides the most efficient content for both text-based queries and 

image caption. The main scope of this process was improving the performance of 

retrieval over the online image processing systems. Stochastic approach was utilized 

because the user has possibility to unselect the relevant images, for this aggregate 

Markovian chain was interpreted. During training phase, the images were not annotated. 

After the submission of user query, the annotation was generated for relevance image and 

also user defined queries are in the combination of keywords. In testing phase, annotation 

data was collected from training phase and retrieve the results based upon keyword 

relevance probability weights in order to offer with more relevant images. This proposed 

MSI approach was compared with Latent Semantic Indexing (LSI) and probabilistic 

Latent Semantic Indexing (pLSI), from that result MSI achieves great result. The main 

advantages of this process were to provide more relevant images and also perform 

automatic annotation and indexing process in ABIR system. However, this process 

consumed high computation time and also it does not fully satisfy the user requirements.  

Kenneth et al [48]  defined a new approach for providing personalized query suggestion 

to the user in order to enhance the semantic query searching. Most of the userôs queries 

are too short or it was ambiguous. In order to tackle this problem, personalized concept 



 

 

 

based clustering strategy was proposed. This approach combined graph relationship and 

concept based clustering. For clustering, four significant steps were processed: (i) to 

extract the query information and its relationship with the support of web-snippets, (ii) 

select the user preferences, (iii) perform agglomerative clustering algorithm for finding 

queries, which was conceptually similar to one another, (iv) to suggest the most relevant 

queries to users. The main benefits of this personalized concept based clustering was 

increasing the prediction accuracy at the same time reduces the computational cost. 

However, this process was not concentrated on indexing and ranking process which leads 

to redundancy problem. 

Shaoting et al [49]  proposed unsupervised graph-based fusion of image retrieval sets 

which improves the retrieval quality; it provides image representations and reduces the 

overlapping top results. In this process, two different retrieval algorithms were involved: 

(i) local features indexed by vocabulary tree and (ii) holistic features indexed by compact 

hashing codes. The retrieval quality of candidate images were measured online by 

consistency of neighborhoods of top candidate images, which was specific to individual 

queries. Then, the retrieved results for queries were considered into graphs to provide the 

sorted list of candidates images based on similarity scores. The graph fusion method was 

used to improve the efficiency of retrieval by considering ranked (page re ranking) lists 

of similarity scores. Hence, the multiple times of re-ranking is not necessary to improve 

the quality of retrieval process. 

Steven et al [50]  proposed a novel semi-supervised learning framework for image 

retrieval based on labeled and unlabeled data. This proposed process was comprised with 

semi-supervised active learning and support vector machines. Initially, the number of 

input labeled images was entered into semi-supervised active learner in which SVM was 

performed to produce a rough decision boundary based on labeled data instances. Then, 

gaussian fields and harmonic functions based semi-supervised learning techniques were 

applied to smooth the labels for improving the classification performance. In semi-

supervised learner, the unlabeled data was separated from the labeled data, which was 



 

 

 

minimizing the risk during top-k image retrieval. This retrieval process gives the 

balanced classification performances; at the same time it provides possibility to retrieve 

repeated or unwanted data. 

Premkumar and Prassenna et al [51]  proposed a new methodology named decision 

Markov Semantic Indexing (MSI) for online image retrieval system. It performs 

automatic semantic annotation and indexing process to improve the retrieval information. 

Firstly, the userôs query forwarded to system, which constructed AN mixture Markov 

chain (AMC) model for detecting the keywords from image. Based on keywords, the 

automatic annotation process was performed by hidden markov model which represents 

the semantic relationship between keywords. Then, the low-level feature vectors such as 

color, shape and texture was extracted using stochastically generated hidden markov 

model. Further, MSI approach was measured with similarity distance, which examined a 

statistical model with hybrid text/visual characteristics based aspects. After completion of 

similarity measurement, multimodal hyper graph learning based sparse coding method 

was performed for image retrieval. Then, image re-ranking method was suggested to 

enhance the retrieval results through collection of weights. However, this process 

consumes high computation time as well as it does not able to satisfy user requirements. 

Murthy et al [52]  developed a content based image retrieval using hierarchal and K-

Means clustering technique. In this paper, image was given as input query and retrieves 

images based on image content. Content based image retrieval was an approach for 

retrieving semantically-relevant images from an image database which automatically 

derives image features. This proposed technique consist of two clustering algorithms 

(hierarchal and K-Means), which was used to group the images into clusters based on 

color content of images. Because, the color content of image was considered to be unique 

for each users. Initially, the input image performs hierarchal clustering, which takes in 

account of every point on the image into own cluster and then find most similar pairs of 

clusters. Then, K-Means clustering was performed to determine the similarity based 

distance for clustering. This two clustering process provided better performance than 



 

 

 

individual clustering algorithms. Hierarchal clustering improved the searching time 

whereas K-Means clustering improved the clustering quality and accuracy of retrieval. 

However, this clustering process is complex and it was difficult to determine the number 

of clusters due to improper feature extraction. 

Valiollahzadeh et al [53]  introduced a novel algorithm for face recognition system; this 

algorithm was combination of Adaboost and SVM classifier. In first stage, the given 

input color was converted into gray scale image. Further, feature extraction process was 

processed in offline phase using 2D haar algorithm, which classifies the various statistical 

features based on the initialization of feature weight. Based on the features of images, 

classification was performed using combination of Adaboost and SVM classifier. Finally, 

the face images were identified after preprocessing stage is completed. The main 

advantage of this paper was providence of accurate classification result, which was 

higher than other classifiers such as neural networks and decision trees. This paper has 

some advantages hence the face recognition process has concentrated on classification 

and not for feature extraction. This process also reduces the region of interest when 

selecting specific color. 

Kannan et al [54]  developed content based image retrieval for coarse content image 

classification which was used to reduce the searching time of images. The coarse content 

of images was collected into three categories such as high-texture detailed image, 

average-texture detailed image and low-texture detailed image. Initially, preprocessing 

was performed to enhance image quality and suppress the distortions of images. Then, 

mean values of RGB images were estimated with respect to separation of R, G and B 

values. Further, texture value of both query image and database images were classified by 

entropy classification, which provides the energy content of image. Histogram features 

were estimated to extract the features from input image, which increases accuracy of 

retrieved result. After that Fuzzy C-Means (FCM) clustering was performed, this was 

used to cluster the similar groups based on relevant features. Then, threshold value was 

added with entropy classification, which was compared with concerned cluster and target 



 

 

 

images for retrieving relevant images. The main advantage of this process was improving 

the retrieval process since it proceeds with effective preprocessing and feature extraction. 

However, it consumes larger amount of time for preprocessing and extraction process. 

Table 2.1 Comparison of Various Techniques used in Image-Image Retrieval Process 

Techniques 

 

Algorithms/  

Methods  

Benefits Drawbacks 

Cross Model 

Multimedia 

Retrieval 

¶ Correlation and 

annotation 

hypothesis 

¶ It provides efficient 

retrieval result than 

unimodal 

¶ It solves semantic 

analysis problems 

¶ Accuracy is low 

when handle the 

large number of 

datasets. 

Search based 

face Annotation 

¶ Unsupervised 

face alignment  

¶ GIST feature 

extraction 

¶ Locality 

Sensitive Hashing 

(LSH) algorithm 

¶ Scalability is 

increased due to 

clustering process 

¶ Improve the 

searching efficiency. 

¶ Reduces the 

computation time 

 

¶ It is not efficient for 

real time 

applications. 

 

Robust 

Transfer Video 

Indexing 

(RTVI) 

¶ Multiple kernel 

Learning (MKL) 

¶ Maximum Mean 

Discrepancy(MM

D) 

¶ Reduce the noise 

content in image 

¶ Enhance the result 

due to metadata 

classification 

¶ It does not satisfy the 

user requirements 

¶ It is difficult to 

determine the 

metadata since it was 

not handle the 



 

 

 

semantic analysis 

Automatic 

Figure-Ground 

Segmentation 

¶ K-nearest 

algorithm 

¶ SVM classifier 

¶ Markov Random 

Field 

¶ Automatically 

segment the images 

and increase the 

segment accuracy. 

¶ It is only suitable for 

small scale dataset 

¶ High Computation 

time for large 

database 

 

CBIR with 

Clustering 

¶ Naïve Random 

Scan(NRS) 

¶ Local 

Neighboring 

Moment (LNM) 

¶ Neighboring 

Divide-Conquer 

(NDC) 

¶ Global Divide-

Conquer (GDC) 

¶ It reduces search 

space and number of 

iterations by voronoi 

diagram 

¶ It improves the 

retrieval effectiveness 

and efficiency 

¶ It is easy to 

implement and 

provides efficient 

result even large 

number of datasets 

¶ Difficult to identify 

the correct number of 

clusters 

¶ Dynamically 

updation process is 

not effectively 

performed in clusters 

Binary Sift 

Codes 

¶ Cross indexing 

strategy 

¶ Flexible 

Binarization 

strategy 

¶ SIFT descriptor 

¶ Cross indexing 

improves the retrieval 

efficiency 

¶ Binary code reduces 

storage memory and 

computation time 

¶ Computationally 

expensive 

¶ SIFT feature into 

binary code is 

complex since the 

code length is large 

Spatially-

Constrained 

¶ Gaussian 

smoothing 

¶ K-nearest re-

¶ It effectively removes 

the distraction of 

images 

¶ High computation 

cost 

¶ High computation 



 

 

 

Similarity 

Measure 

(SCSM) 

ranking time for gaussian 

smoothing 

CBIR using 

Image Retrieval 

¶ Supervised 

active learning 

algorithm 

¶ SVM classifier 

¶ It gives balanced 

classification 

performance 

¶ It is possible to 

retrieve the 

unwanted data 

Query Specific 

Rank Fusion 

¶ Vocabulary 

features 

¶ Holistic features 

¶ It preserves efficiency 

and scalability for 

both vocabulary and 

holistic features 

¶ It is not practically 

suitable 

¶ High computation 

time 

¶ Accuracy is 

degraded by 

presence of noisy or 

irrelevant features 

Cascade 

Category-

Aware Visual 

Search 

¶ K-Means 

Clustering 

¶ BOVW 

generation 

¶ High accuracy due to 

visual descriptor, 

category label and 

contextual clues 

¶ High repeatability 

that leads to appear 

many noisy features 

in background 

Collaborative 

Image Retrieval 

¶ Laplacian 

Regularized 

Metric Learning 

¶ Graph 

Regularization 

Method 

¶ It reduces the 

semantic gap issues 

by considering 

relevance feedback 

information 

¶ Storage maintenance 

problem while 

storing huge amount 

of data 

¶ Lower accuracy than 

other methods 

Linear Distance 

Metric 

¶ Distance metric 

Learning 

¶ Improve the accuracy 

of result by 

¶ Time Complexity 

 



 

 

 

Learning 

(LDML)  

¶ Classification 

¶ Clustering 

considering multiple 

features 

 

Geometric 

Optimum 

Experimental 

design 

¶ GOED  

¶ Reproducing 

Kernel Hilbert 

Space (RKHS) 

 

¶ Efficient result when 

compared with SVM 

active approach 

¶ Overcome the diverse 

of potential issues 

¶ Label independent 

approach 

¶ It supports only 

small number of 

databases 

¶ It does not provide 

spatial information 

about images 

¶ GEOD analysis is 

difficult and 

expensive 

Wavelet based 

CBIR 

¶ Wavelet Filter 

coefficient 

¶ Sub sampling 

¶ Effectively retrieve 

the image by 

decomposing process 

¶ Improves the spatio-

temporal information 

of images 

¶ Longer compression 

time 

¶ Difficult to relate 

coefficients to 

position in input 

image 

Parallel 

Processing 

using Map 

Reduce 

¶ Image Indexing 

¶ Distributed 

Processing 

¶ Hadoop Map 

Reduce 

Processing 

¶ This process increase 

the performance of 

data insertion and 

query processing 

¶ It reduces the 

computation time due 

to parallel processing 

¶ It is unusable for real 

time applications 

¶ It requires lot of time 

to perform the task 

thereby increasing 

latency 
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3.2  CONTENT BASED VIDEO SEMAN TIC SEARCH  

 Video retrieval is most interesting research topic in both multimedia and real life 

applications.  There are vast amount of video archives including broadcast news, movies, 

meeting videos, documentary videos, etc. For video retrieval, information considered 

they are visual content, audio information and text information. Video retrieval 

techniques have been classified into two different types such as (1) Text-based video 

retrieval and (2) Content-based video retrieval. In first type, the name itself suggests with 

the method of retrieving videos with the help of text information [55],[56] present in the 

videos. Then, in second type the videos are retrieved based on the contents of the query 

given by the user. Video retrieval contains content analysis, content modeling, feature 

extraction, indexing and querying.  
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Figure 2.2 Image to Video Retrieval Process 

In this section, we discuss with a comprehensive literature survey on video retrieval 

which enables image and video retrieval by content. Figure 2.2 represents the image to 

video retrieval process; the user query providing query is the initial step. Further, feature 

extraction is processed with respect to different extraction techniques. In video database, 

the frame extraction is performed and key frame are selected for further processing and 

provides efficient result. Based on the key frames, feature extraction is processed and 

then similarity measurement is performed with input feature extraction. Finally, ranking 

process is applied to each similar result and then detects the top most relevant result 

videos to user. One of the important issues in the multimedia video retrieval process is 

that efficient similarity measurement between userôs submitted query and video stored on 

the database by which retrieve the relevant data from it. A number of video retrieval 

techniques such as indexing clustering, and feature extraction are reviewed in this 

section. It evaluates the various image to video retrieval systems with respect to different 

conventional techniques. 

Fan et al [57]  proposed an efficient classification and automatic annotation of large 

scale video. In this paper, ontology concept was integrated to boost hierarchal video 

classifier and multimodal feature selection. The main objective of this paper was tackling 

the semantic problems by using automatic video detection with semantic classification. 
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Initially, video segmentation was performed using multimodal boosting algorithm, which 

reduces the storage size in feature extraction process. Further, ontology was constructed 

to define the vocabulary of domain-dependent videos and contextual relationships. Then, 

hierarchal boosting algorithm was used to perform similarity matching between user 

input and video database, this algorithm provides retrieval result based on semantic 

results. This process provides more institutive solution for query specification and 

evaluation. The main advantages of this paper were reduction of computation complexity 

and storage space. However, this process has drawbacks; since it was not able to satisfy 

user requirements due to the use of ontology concept.  

Susu Shan et al [58]  exploited a textual saliency detection method with random walk 

model to spatiotemporal textual saliency by visual features, local video region graphs, 

spatio and temporal maps. In this paper, two main components were involved such as (i) 

Efficient feature extraction model by combining random forest and CNN, (ii) random 

walk with restart model for both spatial and temporal saliency information. Initially, 

video frames were extracted by using top-down feature extraction scheme, which 

generates confidential scores for each sliding window on video frames. The confidential 

score was considered as initial and second scores, initial score was computed from 

Histogram of Oriented Gradients (HOG) and LBP features. Further, CNN was used to 

obtain second confidential score. Then, final confidential score was calculated based on 

the result of initial and second scores. After that spatiotemporal salient regions were 

detected in video sequence based on random walk with restart graph model, which 

effectively performs over confidence and visual features. The main benefits of this 

process was enhancing the speed of confidence computation and achieving comparable 
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accuracy. However, the construction and updation of graph consumes high response time 

during extraction process. 

Noel et al [59]  proposed video event classification and retrieval over semantic analysis 

using a scalable and efficient modeling scheme. This proposed process contains three 

main components such as semantic representation for video frames, efficient method for 

generating temporal features from semantics and event model generation. In semantic 

classifier, video frames were represented in the form of sigmoid normalized semantic 

model vector, which constructs low-level features as GIST, color histogram, SIFT, edge 

histogram, Fabor filters and LBF. On completion of this, semantic relationship between 

features was estimated from linear temporal pyramid, which aggregates the dynamic 

boundaries based on distance of semantics between adjacent frames. Further, Hadoop 

Map-Reduce environment was implemented for mapping the set of features and reducing 

the features as per event by kernel selection and data scoring. Map-Reduce provide 

significant improvements in performance over temporal information on event 

classification. 

Ahanger et al [60]  initiated the retrieval process with annotated metadata that involves 

segment and structure analysis. Based upon these kinds of multiple metadata set, video 

information was differentiated from composition. The first step in this system was to use 

the conventional technique for differentiating video segments from data using segmenting 

metadata. This means that the users given queries was matched with the annotated and 

unstructured metadata associated with segments and retrieves the relevant data for 

improving the recall. In second process the retrieval segments were clustered using vector 

based clustering approach for retrieving potentially value added data. In third stage the 
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transitive technique was applied to improve the recall process of retrieval. Finally, the 

creation time relationship was expanded to final candidate set of relationship for 

increasing recall. The main advantage of this approach was that it increases the recall rate 

of the data using four step hybrid approaches. However, the vector based clustering 

allows the incorrect segments that lead to degrade the overall performance.   

Shuirchi et al [61]  proposed an efficient video retrieval system using 3D shape in large 

number of digital video contents. The main objectives of this system are listed as follows: 

automatic extraction of video frames from video sequence, arrangement of video frames 

in virtual 3D space and provide search interface to increase search efficiency. Initially, 

video frames were extracted using Chi-Squared test of HIS histograms. Further, features 

were extracted automatically using color, texture and shape. Then, the frames are 

arranged in 3D vector space, so the images were located close to each other. For 

measuring similarity, neural network based unsupervised learning was designed, which 

provides topological relationship between images in high dimensional space. This 

process effectively retrieves videos by arranging cut frame images which are close to 

each other. However, this process uses conventional techniques for retrieving, which was 

not optimal to perform for 3-Dimensional. 

Table 2.2 Different Conventional Techniques used in Image to Video Retrieval 

Techniques Algorithms/Metho

ds 

Benefits Drawbacks 
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Content 

based Video 

Retrieval 

¶ Visual-word 

based semantic 

signature 

¶ Fisher based 

approach 

¶ Distance 

Learning 

 

¶ It improves the 

classification/recognitio

n  

 

¶ Semantic problems 

occur due to Visual 

content is not 

correlated with 

semantic 

annotations. 

Trajectory 

and 

Appearance 

using Video 

Retrieval 

¶ K-Means 

Clustering  

¶ Gaussian Mixture 

Model 

¶ Adaboost 

classifier 

¶ It enhance the accuracy 

and performance in 

searching stage at run 

time 

¶ It produces 

inappropriate result 

due to environmental 

noises 

¶ Loss of visual 

features 

CBIR using 

Multimodal 

and 

Multimedia 

Video 

Ranking 

Model 

¶ Multilevel 

Learning 

¶ Graph 

Representation 

¶ Nearest Neighbor 

Ranking 

¶ It provides Efficient 

result when compared 

with SVM 

 

¶ High algorithmic 

complexity 

¶ It requires extensive 

memory 

Video 

Retrieval 

¶ Automatic 

Segmentation 

¶ Effectively identifies the 

distance between two 

¶ Re-Ranking 

increases the 
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based on 

Segmentatio

n 

¶ Structured Visual 

Retrieval 

image pairs 

 

computation time 

¶ Clustering process 

is complex and 

difficult to determine 

number of segments 

Multiple 

Instance 

Learning  

¶ 3D Shape 

Retrieval 

¶ Classification 

¶ Graph based 

Matching 

¶ It robust against noise 

and outliers 

¶ It supports highly 

effective user annotation 

and intuitive 

visualization results 

¶ The selected frames 

are not optimal in 

representing 

corresponding video 

frames 

CBIR with 

MapReduce 

¶ Auto Color 

Correlogram 

Coefficient 

 

¶ It reduce the processing 

time by parallel process 

¶ It provides efficient 

result even large datasets 

¶ Redundant mapping 

increase time when 

an update to database 

is required 

Krisch 

Descriptor 

based Video 

Retrieval 

¶ Key frame 

Extraction 

¶ Graph based 

Representation 

¶ It is easy to classify the 

videos based on 

characteristics like color, 

shape, etc. 

¶ It takes more time 

for both graph 

construction an key 

frame extraction 

¶ It does not provide 

spatial information 

about frame 

representation 
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Content 

Based Video 

Retrieval 

(CBVR) 

using 

Ontology 

¶ Object ontology 

¶ Machine learning 

(NN and fuzzy 

logic) 

¶ Semantic 

template 

¶ It improves the retrieval 

accuracy compared with 

traditional methods 

using color histogram 

and texture features 

¶ The response time 

of system is slow 

with the increase in 

number of rules 

¶ Accuracy is highly 

depend on the 

knowledge and 

human experts 

Hashing for 

Large-scale 

Video 

Retrieval 

¶ Deterministic 

Quantization 

¶ Dynamic 

Temporal 

Quantization 

¶ Similarity computation 

is efficient than 

Euclidean distance 

¶ It is difficult to 

obtain the spatio-

temporal features 

due to fixed size of 

hashing 

Machine 

learning 

tools for 

Video 

Retrieval 

¶ Binary Bayesian 

Classifier 

¶ Low-level 

features 

¶ Artificial 

Intelligence 

¶ This process reduce the 

semantic gap  

¶ It requires large 

amount of training 

samples 

¶ The training set is 

fixed during leaning 

and application 

stages 

CBVR using 

Clustering 

¶ Fuzzy c-Means 

¶ PSO clustering 

¶ It improves the accuracy 

by achieving higher 

retrieval rate 

¶ This method is 

easily suffers from 

partial optimism, 
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which causes less 

exact regulation of 

speed  

Relevance 

Feedback 

performance 

¶ Multiple-

feedback  

¶ Motion-related 

icons 

¶ It enhance the relevance 

feedback information 

¶ It minimizing the 

semantic gap problem 

¶ This process improves 

the interaction between 

system and human 

¶ Motion analysis is 

difficult and 

computationally 

expensive 

Map Reduce 

Parallel 

Computing  

¶ Vector Space 

Model 

¶ Automatic large 

scale clustering 

¶ It provides high scalable 

and good fault-tolerant 

process 

¶ It improves the quality 

of retrieval 

¶ The performance of 

this process is not 

satisfy the practical 

requirements 

3D Mesh 

Video 

Retrieval 

¶ Landmark 

Tracking 

¶ Critical Point 

Tracking 

¶ 3D Facial Model 

descriptor 

¶ It increases the accuracy 

of video retrieval 

¶ It effectively estimate 

the both head motion 

and facial deformations 

¶ Storage 

maintenance problem 

while storing huge 

amount of data 

¶ High Complexity 

Semantic 

data for 

¶ Minimum 

Spanning Tree 

¶ Increases the recall rate 

of data 

¶ It does not 

effectively handle 
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Improving 

Video 

Retrieval 

¶ Clustering ¶ It provides high 

accuracy due to efficient 

tree construction 

the unstructured 

metadata 
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CHAPTER 3 

OVERVIEW OF CBVR (2D AND 3D)  

 

 

 

 

 

 

 

 

 

 

3.1 INTRODUCTION  
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 Image processing is the most significant and wide research area that is used for 

several beneficial applications all over the world. At present, people share their thoughts, 

opinions and ideas through visual images and videos. This is more preferable by modern 

generation with smart phones and internet. This was awaited for the past 10 years of 

research to produce effective results in 3D video retrieval concepts [62]. Our research area 

in image processing is initiated to support worldwide multimedia services for people 

using smart phones in future and also at present [63]. Working with multimedia requires 

large amount of storage since the size of multimedia files are larger. Hence sharing large 

number of videos and images are possible only with larger storage capacity. So 

undergoing a research in multimedia requires analyzing the storage availability. Retrieval 

of images and videos from storage is performed based on visual semantics.  

3D images and videos are highly enhanced with their pictorial/graphical 

representation by involving novel techniques of image processing, which magnetizes 

people towards 3D based images and videos retrieval. 2D has become older due to the 

introduction of 3D that has overcome the limitations in 2D and also 3D is used in real-

time application. 2D is mostly focused for medicinal and industrial based applications. 

Research on 3D based video retrieval is necessary, due to the growth of recent 

technologies and active involvement of people have grown up along with latest trends, 

Soon in future, 3D will be used by people with their handy smart phones. Processing with 

3D was challenging task in image processing research area. 3D plays major role, since it 

enhances user experience in watching videos and images. So our research work is 

completely focused on 3D video retrieval from Hadoop storage, which is enabled with 

storage of some Giga Bytes (GB) to Tera Bytes (TB). Hadoop is a framework that is 
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capable to store and process with enormous datasets using Map Reduce [64]. Storage 

issues and 3D videos was found to be most required concept in the domain of image 

processing which is not discussed by any researchers. Hereby, the main aim of our 

research work is to succeed by retrieving higher positive results in minimum processing 

time. 

3.2 TECHNICAL TERMS  

1)  Video Frames 

In Digital video, frames are the streams of captured images which compose the 

complete moving picture at regular time intervals. These images are considered as 

digitalized samples which comprises of visual (intensity and color) information at each 

spatial and temporal location. Usually, the visual information on each sample point is 

represented as the values of RGB color component space. Frame rate is defined as the 

number of individual frames that are projected per second, also known as Frame Per 

Second (FPS). The most common frame rates in video are 24, 25 and 30 frames per 

second. The frame size is represented with respect to Width (W) pixels and Height (H) 

pixels as W*H.  

2)  Gray level Images 

The gray level image provides 256 levels of luminance per pixel of possible 

intensity to each pixel, hence this type of images denote 8 bits per pixel (bpp). The 

typical RGB color images, with 8 bits for Red, 8 bits for Green, and 8 bits for Blue, hence 

the intensity of RGB images is represented as 
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                                                   Ὅ Ὑ Ὃ ὄ                                                        (3.1) 

The intensity ranges of gray level are represented in a theoretical way as a range from 

0 (black-weak intensity) to 1 (white-strong intensity) which carries only black-and-white 

images. The brightness of R, G, and B components is represented as decimal from 0 to 

255 or binary 00000000 to 11111111. The intensity of gray level is directly proportional 

to the number representing brightness level of RGB colors. In gray level, black is 

represented as R=G=B is 0 or 00000000 whereas white is represented as R=G=B is 1 or 

11111111. 

3)  Color Histogram 

 An image histogram is defined as the probability mass function of image 

intensities, which is formulated by counting the number of pixels belonging to each color. 

Generally, color histogram depends on certain color space such as RGB and HSV. It 

captures the joint probabilities of the intensities of three color channels (RGB or HSV). 

The color histogram is formulated as, 

                            Ὤȟȟὥȟὦȟὧ ὔȢὖὶέὦὃ ὥȟὄ ὦȟὅ ὧ                            (3.2) 

Here, A, B and C denotes three color channels and N is the number of image pixels. 

Histograms have been widely used in many video retrieval based techniques, which 

provides the motion-invariant representation about frame and extract possible key frames. 

The histogram of digital image with total possibility intensity levels in the range [0,G] 

is represented as the discrete function: 
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                                                       Ὤὶ ὲ                                                          (3.3) 

Where ὶ is the kth intensity level in the interval [0,G], ὲ is number of pixels in 

image. 

Further histogram equalization is performed to process with the image. It is the 

method of increasing the dynamic range of gray-level value in low-contrast image, which 

is generally achieved by transformation function that includes Cumulative Distribution 

Function (CDF). The following transformation represents the CDF as 

                                          Ὓ Ὕὶ ᷿ὖ‫ Ὠ(3.4)                                                    ‫ 

Where, ὖ‫  is the probability density function of intensity levels, the normalized 

range of intensity from 0 to 1. The probability value is obtained by dividing all elements 

of Ὤὶ  by the total number of pixels in image. 

4)  Geometry based features  

 Geometric features are the features of objects; it constructs digitized 

representations by a set of geometric elements like lines, curves, points, surfaces with the 

emphasis of precision and accuracy. Several geometric properties are found in objects, 

some of them include identifying edges that represents the boundary of shapes, 

determining shapes, curvatures estimation, computing tangents at boundaries, angles, etc. 

By using these properties, it effectively reconstructs the real objects from digital images. 

Based on the properties of geometric elements, it can be categorized into two types such 

as primitive and compound features they are,  
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¶ Primitive features  

¶ Compound features  

Primitive Features are very simple and significant features of object, whose main 

objective is to alter the appearance of the part of objects. It can be defined as the basic 

geometric entities that represent particular corners, blobs, edges, ridges, image texture 

and salient points. The Compound Features are a collection of several primitive entities, 

which contains more than two primitive features for extracting geometric elements. There 

are two types of compound features such as geometric composition and Boolean 

composition. 

5)  Topological Descriptors 

Topological features provide sufficient global information about an object, which 

is commonly represented as ñstudy of qualitative properties of certain objectsò. Topology 

is defined into following sub-fields as, 

¶ General topology 

¶ Algebraic topology 

¶ Differential topology 

¶ Geometric topology 

General Topology is also called as Point-set topology, in which the properties of 

topological space including compactness and connectedness are investigated.  Algebraic 

topology uses algebraic formulations, it measures the degrees of connectivity which 

include homology and homotopy groups. Differential topology is similar to geometrical 
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entities, which involves the field of differentiable functions on differentiable smooth 

structure. The Geometric topology mainly focuses on low-dimensional main folds 

(sphere, torus, cross-caps, etc.). Geometric topologies are of orient ability, local flatness 

and handle decompositions. 

6)  Euclidean Distance 

 Euclidean distance is defined as a straight line distance between two pixels in 

Euclidean space; this is evaluated using Euclidean norm. It estimates the minimum 

distance between each pixel and the nearest non zero pixels to binary images. For 

instance, two points are considered as X and Y in two dimensional Euclidean space. 

Here, óXô is coordinated with ὼȟὼȣὼ  and óYô is coordinated with ώȟώȣώ . The 

distance between two end points are defined as the square root of the sum of the squares 

of differences between corresponding coordinates of points. The Euclidean distance 

between two points is formulated as, 

                              Ὠὢȟὣ ὼ ώ ὼ ώ                                            (3.5) 

In video retrieving process, Euclidean distance algorithm uses the mapping of 

distance between two frames. The map labels of each pixel with distance to nearest 

boundary pixel in binary image. It is used to calculate the distance between two 

consecutive frames. The input video frames and videos from datasets are extracted and 

distance between frames is mapped to determine the videos for retrieval.   

7)  Mean Squared Error (MSE) 
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MSE is a significant criterion which is utilized in order to measure the 

performance of an estimator. MSE is widely used to measure the degree of image 

distortion since it represents the overall gray scale value error in entire image. The MSE 

in statistical form is calculated as, 

                                      ὓὛὉ В В Ὢὼȟώ Ὢὼȟώ                            (3.6) 

Where, ófô and Ὢ represents the original and distorted images respectively, M, N is the 

dimension of the images. A lower value of MSE provides less error whereas the higher 

value of MSE gives high error. The characteristics of MSE are illustrated in the 

following,  

¶ If the MSE is zero, it will be considered as perfect accuracy by the estimator. 

However, this condition is not practically possible 

¶ The value of MSE is used to create comparison between two statistical models 

¶ MSE is utilized to determine the number of predictors, which involves a model of 

given reflection set 

¶ The variance analysis evaluates MSE as a part of statistical analysis 

8)  Voxel 

Voxel is a unit of graphical information which defines a point (picture element) on 

a regularly spaced 3D grid. In 3D space, each element is represented with X, Y and Z 

coordinates which defines its color, density and position. Voxel is the process of adding 
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depth to an image using set of cross-sectional images (pixels) known as volumetric 

dataset. In the voxel method, the voxel surrounds the central grid point and the data value 

is constant in the voxel. Voxel images are significantly used in the field of Computed 

Axial Tomography (CAT) scans, medicine, Magnetic Resonance Imaging (MRI) scans, 

computer games, etc. Voxels are categorized into various approaches such as, 

¶ Slice based - Volume is sliced into one or more axes, it stores color information in 

voxel 

¶ Sculpture - User stores density of information in voxel 

¶ Building blocks - Users can insert and delete the blocks like construction set toy 

3.3 KEY FRAME EXTRACTION & SELECTION  

Calic and Thomas [14] proposed an efficient key-frame selection algorithm, which 

analyses the behavior of spatial-temporal regions of video categorization. Initially, 

segmentation process was performed by applying anisotropic diffusion filtering, which 

removed the noise and irrelevant image background. After this, two stage k-Means 

clustering procedure was applied to separate the 3D videos into set of regions. In first 

stage, color similarity was calculated based on pixel values. In second stage, clustering 

was processed for finding the average color values based on Euclidean distance. Further, 

key-frame extraction was done by using heuristic rules, which improved the spatial 

analysis. In key-frame extraction, temporal complexity reduction algorithm named shot 

detection module was applied, for identification of boundary and frame-frame difference. 

In addition to the complexity of frame reduction, low-resolution representation was also 
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applied for reducing the multi frames, where extraction of key frame process. Short type 

classifier was used to identify the region features and region relations; these are taken as 

input to the key-frame extraction. The following equation (3.7) provides frame selection 

based on linear combinations ( Ὥ  of relations and features. 

                Ὥ В ‌ὭȟὝȢ•Ὥ ‍ὭȟὝȢ”Ὥᶪ                                               (3.7) 

Where, ”Ὥ is denoted as region relations, •Ὥ represented as region features, 

‌ὭȟὝ and ‍ὭȟὝ are defined as heuristic rules for type T. The frame  Ὥ  which has 

maximum value was considered as key-frame. 

Kin-Wi et al [15] proposed an optimal representation for video shots, which transmits 

both spatial and global information about frames in the video shots. The main aim of this 

process was to achieve a high video retrieval performance. In this process, histogram 

representation was used to provide motion-invariant representation of a frame which was 

commonly used in many works. Histogram representation was important for extracting 

key frames in efficient manner. The average histogram (AH(j)), median histogram 

(MH(j)) and alpha-trimmed average histogram (TrimHist(j, Ŭ) values were estimated for 

selecting the pixel values from all frames. The equations are as follows: 

ὃὌὮ В Ὄ ὮȟὪέὶ Ὦ ρȣὄ                                                          (3.8) 

ὓὌὮ άὩὨὭὥὲὌ ὮȟὌ ὮȟȣȟὌ Ὦ                                               (3.9) 

ὝὶὭάὌὭίὸὮȟθ
Ȣỗθ Ộ
В Ὤά

ỗθ Ộ
ỗθ Ộ                                               (3.10) 
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Where, Ὄ denotes the histogram of ith frame, óBô is represented as number of bins in 

histograms, óMô is the number of frames, Ὤά  is denoted as ordered array of bin values, 

óθô π ‌ πȢυ is trimming parameter. Further, Temporally Maximum Occurrence 

Frame (TMOF) was constructed for improving the optimal representation of video slots. 

In this process, TMOF represented the key frames based on content based video retrieval 

which captures significant visual representation in video slots. Further, TMOF was 

enabled to identify the k most frequent occurring values and k highest peaks of 

probability distribution at each of its pixel positions. Finally, alpha-trimmed histogram 

based key extraction was compared with TMOF, which outperforms the key extraction 

process. 

Qiang Zhang et al [16] suggested a novel key frame extraction method with respect to 

motion capture data. This paper was focused on automatic key frame extraction by 

adaptive threshold. Initially, unsupervised clustering algorithm was performed for motion 

sequence, in which process the similarity based on distances of adjacent frames were 

detected. Further, improved ISODATA clustering method was designed to identify the 

improper selection of frames and cluster all proper frames. Improved ISODATA method 

was based on two rules such as split and merge data. In splitting process, the frames were 

splitted in accordance to standard deviation (between two frames). In merging process, 

two categories of frames were merged with respect to similarity measures of adjacent 

frames. Finally, this methodology was compared with two other previous methods which 

includes reconstruction motion and mean absolute error. 
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Peng Huang et al [17] designed a method of 3D video summarization which detects the 

set of key frames automatically without considering motion analysis and shot detection. 

The key frame extraction process was based on shortest path computation in graph with 

the support of self-similarity measures. The excellence of 3D video summarization 

depends on rate (representative cost) and distortion (cost accuracy), rate was considered 

as entropy of key frames and distortion was defined from the information loss between 

key frames and original sequence. Based on the rate and distortion, conciseness was 

estimated which was defined as weighted sum of rate and distortion. Then, conciseness 

cost matrix (C) was computed for constructing the graph, the equation (3.11) is given as 

follows: 

            ὅḧ ὧȟ                                                                         (3.11)       

ὧȟ ρ ‍ȢὨȟ ‍                                                                  (3.12) 

Where, óɓô represents the weight of rate and distortion, Ὠȟ  is the distortion cost 

matrix that can be derived from self-similarity. Then, location optimization was 

performed by considering each key frame (node) and number of adjacent frames 

(neighbor node) to estimate shortest path (Dijikstraôs algorithm) in graph. The results of 

short sequences improve 3D video sequences of movement with several dynamics. 

Tong yee et al [18] designed an animating mesh representation based on key frame 

extraction. 3D animating meshes are wide application used in computer graphics and 

video game industries. The main aim of this paper was to simplify the deforming mesh 

under minimized animation distortion constraint. In this proposed process, deformation 
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analysis of animating mesh was used for detecting the animated key frames based on 

geometric features and motion characteristics of video sequence. In this approach, binary 

encoding method named bit string was designed for encoding each frame as single bit. 

Here, 1 represents as key frame and 0 is non-key frame respectively. This approach was 

capable to provide compact representation of animation in spatial as well as temporal 

domain.  

Maria and Athanasassios [19] proposed content based video retrieval by key frame 

extraction. In this paper, sequence search algorithm was designed for key frame 

extraction. This method was performed for processing video segmentation based on 

temporal characteristics. The main objective of this process was to model a fully 

automatic key frame extraction process from the video sequences that was enabled to be 

supported over real-time videos. The proposed algorithm was comprised of two 

significant parts i.e. (i) DCT domain feature extraction and (ii) key frame extraction. In 

DCT, each frame was compressed up-to the stage of inverse quantization which results 

DCT coefficients. Based on DCT coefficients, features are extracted from I-frames and 

similarity values were computed for extracting feature vectors. In turn feature vectors are 

involved for decision making in key frame selection. Larger numbers of key frames are 

extracted from video with respect to the threshold value. This paper work was supported 

to minimize the laborious task or offline video processing. This significant reduction was 

achieved by exploiting DCT coefficient in feature extraction.  

Zhonghua Sun et al [20] proposed a method to extract key frames within video 

sequence by considering spatial-temporal color distribution with respect to time. Two 

main processes were considered for key frame selection: (i) construction of temporarily 
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maximum occurrence frame throughout video and (ii) estimation of weighted distance 

between frames. The salient visual information was preserved, since the changes in visual 

content and its characteristics are taken in account. TMOF algorithm was used for each 

video slot; the color histogram of each frame was compared with color histogram of 

TMOF. By comparing pixel values at same position in frames present within a shot, a 

reference frame was constructed from color pixel value throughout the frames in same 

position with maximum occurrence. The preferred TMOF frames of each slot provide 

descriptive frame for both color and temporal information of video slots. Similarly, 

distance between histogram and TMOF was estimated for each frame with its 

neighboring frames. Distribution of features was described by comparing distance 

between each frame in the shot with TMOF. Then, key frames were extracted with 

respect to peak of key frame shot. 

3.4  BAG OF VISUAL WORD (BOVW) CONSTRUCTION  

 Chin-Fong [21] reviewed related works based on content-based image retrieval 

system by applying widely used feature representation method, Bag-of-words (BOW). It 

was mainly designed for image analysis that provides visual analogue of visual words. 

The following steps are performed to extract the BOW in images: (i) interestion point 

detection, (ii) local descriptors, (iii) visual vector quantization, and (iv) learning methods. 

Further, the extension methods of BOW representation are feature representation, vector 

quantization, image segmentation, vocabulary construction, etc. BOW features were 

applied for other applications as face detection, 3D video retrieval, 3D image retrieval, 

medical image analysis and so forth. 
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Ke Ding [22] proposed a 3D model descriptor-BOVW descriptor which was 

represented by histogram that calculates occurrences of words. The main aim of this 

BOVW was to reduce the storage space and computational complexity while performing 

3D model retrieval. The process of constructing BOVW was based on the following 

steps: (i) Initially, Light Field Descriptor was used to represent the 3D models into a set 

of projected views. (ii) Then, Fourier descriptor was applied to quantize the projected 

views into Fourier coefficients. (iii) Gaussian means (G-means) clustering was designed 

to group similar projected views of each 3D model. (iv) Finally, the codebook was 

constructed based on obtained clusters of 3D model by using K-means Clustering 

algorithm. After completion, multi-resolution histogram was composed of number of 

BOVW descriptors, which reduces the difficulty of k-means clustering (selection of 

optimal K). Then, novel pyramid matching based similarity was defined for 3D model 

comparison, which was determined with respect to the size of histogramôs bins. 

Junaid et al [23] proposed a BOVW model for video segmentations into scenes, which 

was used to compute key descriptors from video shots. Video sequences were divided 

into shots as several frames initially. Then the similarity value was calculated for each 

frame to merge the most similar frames. The visual words are represented for each frame 

from large and sparse histogram of visual words. This proposed BOVW model was 

applied for feature quantization; each image was represented by sparse histogram of 

visual words which supports faster and reliable image matching from large databases.  

In BOVW model, each frame Ὢ  was separated into set of local key point descriptors 

as Ὢ ὴȟȟὴȟȟὴȟȟȣȟὴȟ . The function of BOVW was defined as follows: 
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                           ὄȡ  Ὑ ᴼ ρȟὔ                                                             (3.13) 

                                     ὖȟᴼὄὴȟ)                                                              (3.14) 

Where, ὴȟ‭ Ὑ  is a map descriptor which was used to produce integer index. After 

construction of BOVW, scene detection was computed based on distance between visual 

words histogram and closer shots. Finally, sliding window was used to measure the 

similarity of each shot and its neighboring shots. 

Zhouhui Lian et al [24] developed a visual similarity based 3D object retrieval, which 

supports bag-of-features and efficient shape matching process. The main objective of this 

paper was to determine the 3D model view as histogram words. It was obtained by vector 

quantization of salient local features and shape matching. In this process, SIFT features 

were used to extract the depth-buffer image into histogram, whose representation was 

given in distinctive way for constructing codebook. Finally, efficient shape matching 

process was carried out to compute the dissimilarity between two objects by estimating 

minimum distance for all possible matching pairs. Then, effective experiments also 

investigated the number of views, codebook, training data and distance function. 

Konstantinos et al [25] designed a complete 3D models based on set of panoramic 

views and BOVW models. Initially, 3D models were represented by set of panoramic 

view (cylindrical projection) by using PANORAMA projection methodology. Panoramic 

object representation for accurate model attributing (PANORAMA) was employed in 

panoramic views to capture the position of modelôs surface information and its 

orientation as 3D model descriptor. Simultaneously, SIFT algorithm was applied to 
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hierarchically separate the spatial area of views. These SIFT description was used to form 

the BOVW model, which contains local features of image. Then, codebook was 

generated by considering the visual features of images with respect to clustering process. 

After construction of codebook, the closest features were computed and matched with 

visual features by using K-means clustering algorithm. Then, spatial histogram was 

computed for each result of image, which improves the representation of codeword 

matching process within codebook.Takahiko and Ryutarou [26] proposed an improved and 

more accurate 3D model retrieval algorithm using local visual features. Improved Bag of 

Features- Scale Invariant Feature Transform (BF-SIFT) algorithm was designed for 

feature sampling and feature encoding process. BF-SIFT algorithm was comprised with 

significant process such as review of the below mentioned procedures, 

¶ BF-SIFT algorithm 

¶ Dense sampling 

¶ Fast encoding 

1) Review of the BF-SIFT algorithm 

This process was executed by the following processes (i) Pose normalization with 

respect to position and scale, (ii) Multi-view rendering, (iii) SIFT feature extraction, (iv) 

Feature Encoding, (v) Histogram generation and (vi) Distance computation. 

2) Dense Sampling 
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A pyramid SIFT algorithm was used to concentrate on image samples, to identify 

whether it is situated near 3D object or not. Based on intensity value, sampling rate was 

assigned for each pixel. 

3) Fast Encoding 

In fast encoding, local features are involved in two different steps: Codebook 

learning- clustering of similar features and Encoding- it was a vector quantization process 

which produced the closest vector in high dimension space. In this process, SIFT feature 

based algorithm was introduced for increasing the depth analysis of images. Then, dense 

sampling process enhanced the number of local features per model according to SIFT 

feature extraction and vector quantization steps. Clustering process was used to reduce 

the computational cost and also speedily extracts SIFT features for considering the 

closest vector with respect to neighboring process. 

Yue Gao et al [27] introduced a 3D multi-view representation method named bag-of-

region words method for extracting visual features in region level. In feature extraction, 

four steps were included such as SIFT feature extraction, SIFT feature quantization, 

region splitting as well as representation and region clustering. Initially, grid point were 

chosen in each image and SIFT local features were extracted from these grid points.  

Each object was assigned into set of views, which was used to select a set of uniform 

distributed points in the object region. Further, each local feature was coded into visual 

words with a pre-trained visual vocabulary. Then, each view was split into a set of 

regions and selected region was represented by bag-of- words feature. All the achieved 

regions with normalized bag-of-words feature were further grouped into clusters using 
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hierarchal agglomerative clustering method. Then, one feature was selected as 

representative from each cluster with corresponding distance weight value. 

Ivica et al [28] proposed an improvement of BOVW approach for efficient and simple 

image retrieval process. The main aim of this paper was to reduce the sizes of image 

databases and improve the stability of retrieval systems. In this process, the BOVW 

features not only construct codebook but also it concurrently builds a complete indexing 

structure. The indexing structure was effectively used for retrieving the relevant images 

with respect to ranking process. Random forest of Predictive Clustering Tree (PCT) was 

applied to construct codebook and index structured through the methods of decision tree 

and decision rules. In codebook generation, the system consists of off-line and on-line 

phases. Off-line phase generates the subset of SIFT local features from input images, then 

PCT was constructed based on descriptive attributes (unique index/identifier) and 

clustering attributes. Further, TF-IDF weighting scheme was applied for creating index 

structure, which easily discounts the frequency of visual words. On-line phase was used 

to extract the local SIFT descriptors from query image, which produces the ranked list of 

images. On measurement of similarity between two local SIFT descriptors of images 

were calculated over a random forest of PCT. 

3.6 FEATURE EXTRACTION  

Xianheng et al [29] focused on robust color-feature model of video objects, which 

was processed by converting RGB pixels to hue color circle. The main objective of this 

proposed process was to improve the robustness and accuracy of video object retrieval. 

Two stages are involved for performing video object retrieval such as color feature 
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extraction and object retrieval. A histogram of 13 perceived colors of human was 

accumulated for each tracked object, which was presented with RGB values.  

Kalman-filter was applied for selecting the tracked object within video object 

sequence. Then, the RGB pixels were converted into Hue-Saturation-Value (HSV), 

which was efficient to human perception in color view. The following equations were 

used for converting the RGB values into HSV. 

Ὤᶻ
В

  π Ὤᶻ σφπ                                                (3.15) 

ίᶻ
В

  π ίᶻ σφπ                                                 (3.16) 

ὺᶻ
В

  π ὺᶻ σφπ                                                (3.17) 

Where ᴂ†ὩὲὸὩὶᴂ is denoted as number of frames that are entered into tracked object 

view, ᴂ†ὰὩὥὺὩᴂ is the number of frames that are leaved into tracked object view, (Ὤ, ί, 

ὺ) are the ith frame of hue, saturation and value. 

Conrado et al [30] proposed a combination of shape and color features for searching 

and retrieval of 3D models. 2D shape distribution was focused on shape based measures 

whereas color feature vector was considered for color based measurements. 2D shape 

descriptor was invariant for 3D model translation and rotation. Here, the shape features 

are considered as areas, distances, 2D projections and angles. In order to compute the 

best shape descriptor, two simplest and most effective mean and distance based 

measurement was made between two target points. In color measures, global color 
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characteristics of the model was represented, which was 159-bin color histogram. Here, 

each bin represents the percentage of color in model, then, the similarity of color between 

query model and 3D model was estimated using similarity matrix. Further, multi-feature 

similarity measure was computed based on shape and color based measures. The 

similarity measure was performed with respect to different threshold levels and different 

shape and color weight values. Based on this process, the color and shape features 

improve the performance (precision and recall) of retrieval system. 

Hinge et al [31] developed an automated feature extraction for content based retrieval 

using map reduce. This paper was mainly proposed to overcome the problem of 

conventional process such as low accuracy and failure of handling huge amount of 

datasets. In CBIR, the primitive features (color, texture and shape) were considered for 

analyzing the features of images.  

1) Color features 

The dimensional color features were defined which include RGB, HSV and HSB, in 

which color information was stored as color histogram.  

2) Texture Features 

Further, texture features were extracted with respect to degree of contrast, coarseness, 

directionality as well as regularity and randomness.  

3) Shape features 



 
 

 

125 | P a g e 
www.phdprime.com 
 

 

Shape was considered as low-level features, which was recognized by their shapes 

such as circularity, Lake Factor, convexity, direction, eccentricity and relative size. 

Further, these features were extracted in parallel form by using map reduce and the 

extracted features are stored in HDFS file system. This parallel process was efficient in 

reducing computation time since it uses map reduce. Then, similarity matching was 

performed between two images based on Euclidean distance measurement. In this 

process, the low distance images were considered as similar images, which were retrieved 

to user for the given query.   

Federico et al [32] proposed a novel framework for partial and global 3D shape 

matching and retrieval process. This novel framework was combined with topological 

(graph representation) and highly discriminative geometric features of 3D object. 

Initially, the object segmentation and extraction was performed using medical surface-

segmentation method. Then, the readjustment technique was designed to reduce the noise 

surface present in object. After readjusting the medical surface, meaningful parts 

assignment criteria was developed for object decomposition which was used to segment 

the meaningful parts. Then, super-quadrics have been selected for producing very 

compact representation of 3D segments since the segments of objects were expected to 

have shape which was approximated with a super ellipsoid. Matching process was 

performed by using attributes local geometric features. Then, cost function was utilized to 

define optimal matches, by minimizing the distances between corresponding local 

features. Finally, dissimilarity metric was used to effectively combine the results of 

graph-matching procedure and distance between complex geometric features.  
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Zechao et al [33] proposed a novel technique of unsupervised feature extraction using 

high dimensional data. For unsupervised feature selection process, combined version of 

structural analysis and cluster analysis named as clustering-guided sparse structural 

learning (Cgssl). Then, non negative spectral analysis was proposed, which was used to 

detect the more accurate cluster indicators for discriminative feature selection. The 

cluster indicators were predicted by original features together with features in the low-

dimensional subspace. Then, latent structure analysis was exploited by different features 

to detect the cluster indicators. Sparse feature selection models were exerted to facilitate 

the feature selection based on the regularization term.  

Yujie et al [34] designed a curvature-based feature extraction method for 3D model 

retrieval, which was based on geometrical and topological features. In curvature feature 

extraction, Voronoi area of the 1-ring neighborhood triangles was computed on each 

vertex. Voronoi area was depending on mesh triangles, the voronoi area was formulated 

below: 

ὃ В ὧέὸ‌ὧέὸ‍ᶰ ὼ ὼ                                      (3.18) 

Where, ὔ Ὥ is the neighbor triangle of vertex ὼ, ‌  and ‍  are represented as 

opposite angles of edges ὼ and ὼ respectively. Further, mean curvature vector was 

computed for each triangle mesh surface. After identifying the features, Earth Moverôs 

Distance (EMD) was designed for evaluating dissimilarity between two multi-

dimensional distributions in some features space where distance was measured between 

single features. The dissimilarity was computed from distance of different dimensional 

features and its weights. 




