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ABSTRACT  

 

 

Recently, Video Retrieval from the vast collection of videos from the web is in demand. 

Video contains information in various forms such as image, text, and audio. To retrieve 

appropriate content quickly from the vast collection of videos is a very challenging task for 

researchers working in this area. To retrieve video, the user can use text, image as well as 

small video clip as input query to the system. Most work found in literature is appropriate to 

videos with closed captions and meta data information in the English language. The model 

applied for English or other languages do not perfectly adaptable with the data available for 

Indian News Videos for retrieval tasks. As opposed to other countries, the broadcasted news 

does not contain any kind of transcript, closed caption details of the video, or metadata for 

the video. The lack of availability of data to process regional language news videos in India 

is the primary motivation of the proposed work.  

 

The proposed work is divided into three key tasks, first is Key Frame Extraction from News 

Video. The second is to remove advertisements and extract features (text, image features) 

from videos available in the dataset. The third task is indexing and faster retrieval of videos 

based on a query (text/image). Two approaches have been proposed in the research work 

presented in the thesis. The first approach is text query-based Gujarati news video retrieval 

by extracting text from the frame of the video. The second approach is image query-based 

video retrieval, which uses a deep learning model for feature extraction. Text based video 

retrieval from Gujarati language news videos has its challenges as extraction and processing 

of Gujarati text data is to be done separately for retrieval of meaningful videos. The main 

objective of using the text feature was to simplify the searching interface for the common 

man of the local region who is not having the skill or knowledge of searching news in English 

or other languages. The experiments performed and comparisons done on the dataset created 

with Gujarati news video have shown the effectiveness and preeminence of the proposed 

approaches for the Gujarati language news video retrieval task. Large scale experiments 

performed on the dataset created with news channel videos show that the proposed approach 

gives faster and more memory efficient retrieval compared to proposed deep learning-based 

retrieval with not much loss in accuracy.
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Chapter 1:  

Introduction 

 

1.1 Introduction 

A large amount of digital content is getting generated every hour in terms of text, images, 

videos, etc. in day-to-day online activities all around the world.  As per recent research, 

consumption of online video has increased to double whatever it was past year. In the last 2 

years, online video usage reached 3.7 billion videos per month. This kind of tremendous 

growth has been driven by a significant increase in the number of online video viewers in 

India. In 2016, the percentage of total online video audience in India has increased by 74%  

i.e. 54 million viewers, with an average Internet user watching 18% more videos[1]. Online 

video audience in India is expected to reach 500 million in 2020, reveals “Technology, 

Media, and Telecommunications (TMT) Predictions 2020” released by Deloitte Touche 

Tohmatsu India[2]. 

To process a large amount of video cost-effectively, it is important to have techniques that 

serve the purpose of extracting meaningful information quickly. Researchers have built 

several technologies for intelligent video management which include shot transition 

detection, key frame extraction, video summarization, content-based video retrieval, and 

more. 

Content-based video retrieval is one of the challenging tasks in the domain of information 

retrieval. The system helps the users of the system in the retrieval of preferred video stories 

or clips from the collection of videos efficiently based on the video contents. Mostly, the 

content-based video retrieval system is divided into two main tasks. The first task is the 

extraction of features from video clips or segments and the second task is to provide a 

retrieval model to position similar video clips from the video database.  
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A large number of approaches employed a wide variety of features to symbolize a video 

sequence of which color histogram [3], shape information [4], motion activity [5], and text 

analysis [6] are renowned few approaches. Also, many approaches utilized the said features 

to improve the retrieval performance [7].  

A video clip is a sequence of frames and each frame is similar to one image. Indexing each 

of the frames as a still image causes extremely high redundancy due to the similarity of 

frames in nearby regions and is difficult for the number of frames in a video for even one 

hour. Video is a structured collection of frames in which actions and events, in a time and 

space domain, comprise stories or carry particular visual information. Due to this fact, a 

video program should be viewed as a document rather than a non-structured sequence of 

frames [3]. It is required to find the structure of the video and divide the video into basic 

components. Index can be built based on the structural information and image frames of the 

video. 

1.2 Basics of Content based Video Retrieval (CBVR) 

CBVR is one of the many applications of the computer vision domain which are useful for 

searching digital videos in large databases. The term "Content-based" means that the 

contents of the video document are analyzed for searching the desired video from the 

collection based on the user’s query. In this context, the term "content" might refer to a 

different type of features such as colors, shapes, textures, or any other information that can 

be derived from the video itself [4].  

CBVR has many possible solutions out of which mainly explored solutions are based on the 

content of a video extracted from the video itself and another solution is annotations-based 

video retrieval. CBVR based content of the video is desirable because searches that rely 

purely on metadata are dependent on annotation quality and completeness. It can be time-

consuming and may not capture the keywords chosen to label the video when annotation of 

video is done manually by entering keywords or metadata in a huge database. The evaluation 

of the effectiveness of keyword video search is subjective and has not been well-defined. 

The increased availability and usage of digital video have created a need for automated video 

content analysis and multimedia database management techniques. The vast amount of 

content information brings a great need for efficient techniques of finding, accessing, 

filtering, and managing video data.  
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FIGURE 1.1 Block Diagram of Content-based Video Retrieval 

The content-based video retrieval system is explained in the block diagram in Figure1.1. For 

the indexing task, a feature extractor is applied to the database of video to extract feature 

vectors. Features are extracted from each video document and stored in a database of feature 

vectors. The next task is the indexing of feature vectors for faster and accurate retrieval. The 

user of the CBVR system gives input query in any form either text, image, or video clip. 

Feature extraction is done similarly from the query. For the retrieval task, the similarity 

between the query vector and database vectors is measured and final results are displayed 

based on matching between them. 

 

FIGURE 1.2 Video Structure 
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1.2.1 Video Parsing 

A video can be perceived as a document. Indexing of the video can be similar to the indexing 

of text documents. The structural analysis is performed on the text document to divide it into 

paragraphs, sentences, and words followed by generating indices using them.  

Altogether, Video is a collection of various stories or scenes as shown in the structure of the 

video in Figure 1.2. Each scene is further divided into shots. Shots are made up of multiple 

frames containing almost similar features. There is a lot of redundant data in consecutive 

frames of each video shot. We can take advantage of this idea of redundancy to process video 

to minimize the time taken to search through video. A key frame is a frame representing the 

content of each shot of the scene in the video.  

  

  

 

FIGURE 1.3 Five consecutive Frames from sequence number 674 to 678 from a news video clip 

Many frames of shot can have similar information. Normally frame rate for News videos of 

regional languages like Gujarati is 25 frames per second. We can select one of the frames 
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representing more than 60 frames or more. Any video can be seen as a sequence of similar 

frames with very little change in visual information as shown in Figure 1.3. 

Normally when a book-writer writes a book, a table of contents is generated for the content’s 

order, and also the index of keywords and phrases is generated to enable searching the book 

by the content. In the same manner, to ease the searching of video data with speed and 

accuracy, a video document gets segmented into shots and scenes to compose a table of 

contents, and key frames or key sequences are extracted and utilized to generate index entries 

for stories or scenes. 

Though, generating an index for video from the vast collection of videos is relatively more 

complex than generating a book index for books. The format of the index generated for 

books is fixed whereas generating an index for videos depends largely on the viewer's 

interests and it may cover a wide range[4]. 

Due to this fact, the majority of researchers are contributing to content-based video retrieval 

tasks are developing technologies for parsing video documents automatically, using audio, 

visual features, and/or text to retrieve meaningful composition structure and also to extract 

and represent content features of the video documents. 

Proposed content-based video retrieval is implemented on the news video dataset as 

described in chapter 3 of the thesis. 

1.2.2 Structure of News Video Frame 

Video is a collection of frames containing useful information for video processing. As shown 

in Figure 1.4, the frame of the news video contains various visual features as well as news 

headlines as overlaid text in the frame of the video. In different news channels, the format is 

different to show headline news and main news story. 

In some of the news channels, the main story runs in the upper part of the video while 

headline or advertisements appears in the last text band in most of the news channels videos. 

Also, the logo of the news channel appears at different places in the frame of the news video 

of the various news channel. The common text band for a current news story is most of the 

news channel video is either the first band in two or three-band appear in the bottom part of 

the frame as shown in Figure 1.4 or it may appear in the header part in the frame of video.  
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FIGURE 1.4 News Story Format in Different Text bands of Video Frame 

1.2.3 Pre-processing and Feature Extraction 

Pre-processing steps for the video like video segmentation, key frame extraction, and feature 

extraction are necessarily performed on input video before content-based retrieval is 

implemented on the data.  

Because of the importance of keyframe extraction in video retrieval, many researchers are 

working in this area. Many approaches are used for keyframe extraction. One of them is 

shot-based structuring of video, in which the first shot is detected then each shot is 

represented by a fixed or variable number of frames. 

Features used for further processing of indexing tasks are extracted from the input video. 

Most features in the video can be classified into two broad categories: spatial and temporal 

features as well as saptio-temporal features. Mostly used visual features are color, histogram, 

texture, edge information, edge change ratio, and motion features. SIFT and SURF are also 

used due to the benefits of these features like robustness, rotation invariance, etc.  

1.2.4 Indexing and Retrieval 

Indexing of data elements plays crucial role in overall system performance of any CBVR 

system. Documents in any form whether it is text documents, images or videos can be 

retrieved based on the user query from the indexed data with speed and ease only if the 

indexing is done properly.  
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The history of manual indexing is very old and also automatic or semi-automatic indexing 

concept was explored in 1948-1951. In 1948, the machine was invented called ‘Univac’ 

which was able to search for text references associated with the given subject code. The 

machine was able to process 120 words per minute[5][6].  

Indexing can be related to a process of information extraction rather than information 

analysis. Various indexing methods are found in the literature. A few of the popular indexing 

methods are inverted files, suffix trees, and signature files[7]–[14]. Each of the indexing 

methods has its own merits and demerits. Indexing required storage of files with all 

necessary descriptors such as keywords, concepts, metadata about files, etc. Also, the 

knowledge, as well as expectations of the searcher, needs to be taken care of while generating 

an index for the given data based on the information domain.  

Later on, schemes based on term weighting and inverse document frequency emerged as a 

new concept for indexing documents. With the new concepts and variations in the tf-idf 

scheme, the information retrieval models were extended further. Advances in the basic 

vector space model were also developed for retrieval tasks and LSI-Latent Semantic 

Indexing[15] is the most well-known model. Indexing methods evolve with time and also 

the concept of semantic indexing emerged as one of the ways of indexing[16][17].  

Retrieval approaches also evolve with time. The approach based on ranking to search which 

documents were sorted with a query was explored by researchers working in information 

retrieval. The approach of ranked retrieval is refined and revised over the time by researcher 

community. The superiority of this approach over the traditional Boolean search approach 

was demonstrated in many experiments over the years. 

The next task after generating feature vectors from data and query is to measure similarity 

between them. There exist many methods to find similarity between feature vectors and can 

be applied based on the nature of data to avail better performance. Similarity measures are 

normally used to rank the documents based on the similarity scores between the feature 

vector and query vector generated from the user query. To find similarity methods such as 

Euclidian Distance, Cosine Similarity Measure, Jaccard Similarity Measure, Dice 

Coefficient Measure, Pearson Correlation Coefficient (PCC), etc. 

The proposed research work is for news video retrieval tasks based on the user query. News 

stories can be retrieved using either of the query-by text, image, audio, video clip, or 
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multimodal paradigm to respond to user queries. In the proposed approach, both types of 

query text and image are used for news story retrieval tasks using two separate methods. 

1.2.5 Query Types  

Retrieval is performed based on queries from the user in the CBVR system. User query can 

be of multiple forms such as text, image, sketch, video clip, etc. Queries using objects, 

sketches or example images do not utilize semantic information. Some of the widely known 

query types are discussed below. 

In the system with ‘Query by Object’, the object image is provided. The occurrences of 

objects in the video database are detected and the locations of the object determine the 

success of the query [18]. 

Where as in text query base approach text is the user input as a query.  It is a widely used 

and well-known method of query in any information retrieval task including CBVR.  

Another well-known way is ‘Query by Image’. It is popular for content-based image 

retrieval, example images can be used as queries to retrieve relevant videos in a database of 

videos (query by example) but it has a limitation that motion information of the video being 

searched is not utilized. It relies only on appearance information. Also, finding a video clip 

for the interesting concept may become too complex using an example image. Textual query 

offers a more natural interface and claims to be a better approach for querying in video 

databases [10]. 

Query by Example: Query by example is better if visual features of the query are used for 

content-based video retrieval [2]. Low-level features are obtained from key frames [9] of the 

query video and then they are compared to separate the similar videos using their key frame's 

visual features. 

Query by shot: Some systems utilize the entire video shot as the query instead of key frames 

[5]. This can be a better option but with a higher computational cost. 

Query by a clip: A clip can be used for better performance of video retrieval as compared to 

the technique when a shot is used because a shot does not represent sufficient information 

about the whole context. All the clips which possess a significant similarity or relevancy 

with the query clip are retrieved [2]. 
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Query by Faces and Texts: Faces and Texts can also be used as a query to retrieve a video 

segment containing frames labeled for a specific type according to faces and texts [23]. A 

suitable algorithm can be used to search the video enquired by the query clip using 

information. 

1.3 Applications of CBVR 

Innovations in technologies lead to a large amount of video data on the web as well as storage 

centers all over the world. Due to the richness of content of video data, utilization of video 

is now at an all-time high. Emerging demands of videos and the technologies to index and 

retrieve them are the need of the day. Content based video retrieval applications are found 

in numerous fields such as movie videos[18], sports videos[19], broadcasted news 

videos[20], lecture videos, surveillance videos[16] etc. content-based video retrieval as well 

as summarization of Lecture videos[21][22][23], movie videos[18], sports videos, news 

videos are of high demand now a days. 

Some of the applications of CBVR are listed below: 

➢ Video Lectures: At present entire world is facing a COVID-19 pandemic situation 

which makes distance learning compulsory for students all over the world. For many 

years, distance learning was already used for many courses all over the world. Videos 

created for Lectures can be indexed and retrieved using audio and visual features 

which makes searching for relevant topics easy for the viewer[21]. 

➢ Medical Video indexing and retrieval: Videos generated in the medical field are 

different than the normal videos. Preprocessing, feature extraction, etc. required 

domain knowledge for indexing as well as retrieval of medical videos. Taken as input 

a stream of video through the camera monitoring the ongoing surgery, in real-time 

similar video subsequences are retrieved by the system from video datastore created 

for the same task [24].  

➢ News Broadcasting: The task of retrieving news stories from the videos based on 

specific events or topics or personalities makes it a very attractive and useful 

application to the end-users. Textual content either available as a transcript, closed 

captions, or appearing on screen as well as visual features plays a vital role in 

retrieving news stories from the vast collection of videos. 

➢ Advertising Retrieval: a visual-based approach applies to the task of advertisements 

retrieval from the collection of videos rather than the text-based approach of retrieval. 
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➢ Film and Television video: In this digital era, the working pattern of professional 

media production has been changed. Labeling of sequences of images as well as 

video footage based on the content has become necessary for successive stages of 

film and tv production. Various approaches are explored to support professional 

media production using a tool for effective searching and retrieval of video data 

[18][25]. 

➢  Music video clips: The characteristics of such documents may be difficult to express, 

based on given textual annotations stored on a database. Retrieval of music video 

based on audio is a straightforward way to search the music contents from video. 

Studies of the literature show the cross-modal music video retrieval in terms of 

emotion similarity[26].  

1.4 Objective and Scope of work 

Searching content using text available on-screen is the basic idea to propose the ‘Gujarati’ 

language text query-based video retrieval from the Gujarati news channel video dataset. Text 

processing for the Gujarati language is challenging due to a lack of resource availability for 

the Gujarati language. Gujarati language text processing is still not fully explored by 

researchers. Due to this reason, neither the benchmark dataset nor the efficient tools for 

OCR, ASR, Stemming, and Lemmatization available for ‘Gujarati’ language processing.  

Generation of the tremendous amount of digital content daily and challenge in the retrieval 

of the required content from it is a major source of inspiration to work on content-based 

retrieval from video data using regional language textual information as well as exploring 

the concepts of deep learning for faster retrieval of contents from the dataset. The proposed 

work is focused on the retrieval of news stories from the collection of news video datasets 

using the ‘Gujarati’ language text query. Also, an alternative approach is proposed which is 

mainly to explore the unsupervised deep learning for the CBVR task based on image query 

to compare the retrieval performance. Objectives of the thesis are as follows: 

➢ To reduce the processing time of feature extraction from video data by selecting 

representative frames from shots of each video of the dataset. 

➢ To propose an efficient and cost-effective model for further reducing the amount of data 

to be processed by removing the advertisement from the dataset of keyframes using the 

transfer learning approach. 
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➢ ‘Gujarati’ Text Feature Extraction from video frames and text processing using various 

NLP fundamentals as well as indexing them for faster retrieval. 

➢ Exploring efficient Unsupervised Deep Learning Architecture for image query-based 

video retrieval approach. 

The scope of the research work is as follows: 

The research work carried out on mainly videos collected from three Gujarati Language 

News Video Channels which is lacking meta data information such as transcript of video, 

closed caption details etc. required to process text-based video retrieval tasks. 

The second approach proposed to explore unsupervised deep learning architecture to train 

the data for retrieval of news stories using image query as input. 

1.5 Original contribution by the thesis 

In this thesis, we have proposed content-based video retrieval for Gujarati news videos. The 

retrieval task is evaluated using two different approaches based on query type and content 

type for retrieval. 

A keyframe extraction algorithm is developed to reduce the time for processing input video. 

Further to remove unwanted information from the dataset created for processing, it is 

necessary to remove advertisement frames too. So, a very efficient approach based on Deep 

Learning is proposed to classify frames as advertisements and remove them from the data to 

be processed further for indexing and retrieval tasks. 

The first retrieval approach is based on a ‘Gujarati’ language text query to retrieve news 

stories from the dataset of Gujarati language News videos. This kind of work is not explored 

for regional language like ‘Gujarati’ which is spoken by more than 55 million people 

worldwide and is the 26th most widely spoken language in the world[27]. 

The second approach is based on Deep Learning architecture-Auto Encoders, which is used 

for unsupervised learning to retrieve news stories based on image query. This approach is 

proposed to test the system for optimized performance. With both proposed approaches the 

system gives good results.  

Based on all the proposed methods, total of four research papers are published in different 

reputed peer-reviewed international journals and conference as mentioned at the end of the 
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thesis. One more research paper is already submitted to a reputed Scopus indexed journal 

for further processing. 

1.6 Work Plan 

 

 

1.7 Organization of Thesis 

The thesis is organized as given below: 

Chapter 2 presents a literature review of content-based video retrieval systems. It covers the 

fundamentals of image preprocessing which is also part of video preprocessing tasks. For 

the proposed work, the literature review is given for different modules like key frame 

extraction, Advertisement detection using deep learning, text-based video retrieval, Gujarati 

language text processing, and deep learning approaches for video retrieval. Also, methods 

for indexing and similarity measurements are discussed in brief. At the end of the literature 

review, a summary of the literature survey is given followed by challenges in the 

implementation of the proposed work. Finally, the problem definition is presented at the end 

of the chapter. 

Chapter 3 gives details about the dataset used for the retrieval of the news videos task. Also, 

the preprocessing on dataset videos and properties of video are described in the chapter. The 
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chapter also discusses implementation details and results of key frame extraction and 

Advertisement Classification approaches which are fundamental steps in our proposed 

approaches of content-based video retrieval.  

Chapter 4 describes the “Gujarati” language text query based news story retrieval from 

Gujarati news video approach and its implementation details. 

Chapter 5 of the thesis presents the Deep learning concept is used in the implementation of 

the second approach for News Story Retrieval using Image as a Query from the news video 

collection of ‘Gujarati’ news channels. Experimental results are discussed with comparisons 

with the first approach at the end of the chapter.  

In Chapter 6, the conclusions for the research work mentioned in the thesis based on the 

objectives achieved are mentioned. The limitation of the proposed work and the future scope 

of the research is also discussed in the chapter. 
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Chapter 2  

Literature Survey 

In this chapter, a detailed description of different methods, algorithms, and architectures used 

in various phases of the entire Content based video retrieval (CBVR) task is provided. To 

express the content briefly and clearly, a detailed description of supporting theory is avoided 

as much as possible. A brief introduction is provided for highlighting basic concepts that 

contributed to the understanding of this thesis. 

Mainly the literature survey is conducted for CBVR based on text features, image features, 

and deep learning concepts. Also, existing content-based video retrieval for news videos 

with Hindi, Bangla, and other Indian languages is explained in brief for reference. At last, 

all the literature listed helped us in designing the proposed system for research work. 

2.1 Introduction 

In Content based Video Retrieval task, various algorithms at a different stage of the entire 

process deal with the processing of data in visual, audio, or text form. During the data 

acquisition process, data in any of this mode might get affected by some noise which makes 

it difficult to process data directly.  

Video data is generally not processed directly and is usually converted to visual frames or 

audio frames for further processing. To build an efficient CBVR system, it is essential to 

improve the quality of images by removing any unwanted information from the video 

frames. 

Image enhancement can be considered the very first step in digital image processing. Image 

enhancement in the spatial domain can help improve image quality based on the type of 

application for which the image needs to be enhanced. Image enhancement using 

neighborhood processing is one of the spatial domain methods used frequently in many 

applications of the image processing domain. In neighborhood processing, the pixel as well 

as its immediate neighbors are considered for processing. 
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2.1.1 Pre processing  

Various image pre-processing techniques for enhancement of image like the elimination of 

noise from the input image, histogram modeling, color space conversion, morphological 

operations, binarization, Image Segmentation are discussed in the following paragraph 

briefly. 

2.1.1.1 Elimination of noise:  

The first method used for image preprocessing is the removal of noise. Noise is nothing but 

a high-frequency signal and can be eliminated with low pass filtering techniques in the 

spatial domain as well as in the frequency domain. The main source of noise in a digital 

image or video arises during the acquisition as well as the transmission process. Also, the 

noise comes from the sensors or during the analog to the digital conversion process. 

Broadcasted videos also contain the problem of video quality due to the transmission 

process. Also, shooting certain news stories at public places degrades the quality of visual 

information of the shot of the video.  

Various types of noise that may occur in images or videos are salt-and-paper noise, shot 

noise, quantization noise, gaussian noise, Poisson noise, Gamma noise, and speckle 

noise[28]. Shot noise and quantization noise are found in the video. Quantization is the 

process of reducing a large set of normally continuously changing values to a smaller 

representative set of values in the output. Quantization noise in the video can occur when 

the image clips far beyond the extreme ends and becomes worse if the image already contains 

another strong type of noise. Also, it is difficult to find quantization noise in the video. Also, 

the camera capturing the image generated noise due to various reasons like heat, sensor 

illumination levels, and electricity[14]–[17]. 

Depending on the type of noise present in the image, different filters can be applied to 

improve the image. Generally used filters in the image processing domain for noise removal 

and image enhancement are mean, median, adaptive, average, wavelet transforms, etc. Most 

of the filter's aim is to remove the noise without loss of useful information of the 

images[29][32].  

2.1.1.2 Histogram Modelling:  

A histogram of the image is used to provide global details or descriptions of the image. The 

techniques used for histogram modeling modifies the image globally by providing the 
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desired shape to the histogram of that image. One of the popular histogram modeling 

methods which provide uniform distribution of all the possible intensities in the image is 

histogram equalization. Images that are very light or dark have a narrow histogram. 

Histogram equalization increases the dynamic range of the image and hence improves the 

image quality. The equalized histogram provides images with better quality that in turn helps 

to generate better feature vectors during the processing of images for feature extraction tasks 

in a video retrieval system. 

2.1.1.3 Morphological operations:  

Morphological operations are used for extracting image components which are useful to 

represent regions and shapes. It is performed on binary images. Operations are performed 

using a template called structuring elements of different sizes and shapes. Erosion, Dilation, 

Opening, and closing are the main basic operations used in the morphological processing of 

images. In the dilation operation, valleys between spiky edges are filled and objects in binary 

image thicken based on the structuring element chosen. As opposed to it, the Erosion 

operation deletes spiky edges in the binary image, and objects shrink or even are eliminated 

based on the structuring element applied[29]. 

Particular information can be simply retrieved from the frame of the video with the help of 

morphological operators discussed above. Final results can be improved by a significant 

amount with the help of video frames obtained after successfully applying morphological 

operators. Morphological operators can be applied to remove unwanted content[29]. 

2.1.1.4 Color space conversion:  

The Color model or Color space is the standard specification of colors accepted universally. 

The Color space is represented with a coordinate system and each color is considered as a 

single point in a three-dimensional coordinate system of color space. 

In the field of digital image processing, the most commonly practiced models are the RGB 

(red, green, and blue) model, CMY(cyan, magenta, and yellow) color model, CMYK (cyan, 

magenta, yellow and black), HSI (hue, saturation, and intensity), YCbCr color model, 

etc.[29].There are numerous color models in practice nowadays. Models which are popular 

due to their inherent properties are discussed due to their importance in the field of image 

processing applications. 
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RGB Color Model: Each point in a color image is represented by a point in the 3D 

coordinate system of R, G, and B. The origin of the RGB space with Red=0, Green=0, and 

Blue=0 represents black color while the opposite corner with Red= max, Green=max, and 

Blue=max represent the white color. Image in RGB color space is represented as R x C x 3 

where R x C is the physical size of the image and 3 represents the R, G, B planes of that 

image. It represents the image as red, green, and blue color. The RGB model is generally 

used for color monitors as well as color video cameras. 

HSV Color model: In the HSV Color model, H stands for Hue, S for Saturation, and V for 

value. It is one of the popular cylindrical shape color models. Unlike other color models, 

HSV is closer to the human visual system and is more related to how a human perceives 

colors. Generally for specific applications converting RGB image into HSV color space 

gives better results as color and luminance components can easily be separated in it[33]. 

YCbCr Color model: YCbCr is also one of the very popular color models used in a few of 

the algorithms, where the images from RGB space were converted to images in YCbCr color 

space. Human eyes are more sensitive to changes in brightness or luminance information in 

comparison to color changes. YCbCr color model generally considers only the luminance 

component of the image and Y indicates luminance which means light intensity. Cb is 

chroma component blue-difference and Cr is chroma component red-difference. An image 

represented in one type of color space can be converted to another type for better results in 

specific applications. This is called color space conversion. 

2.1.1.5 Binarization: The binarization process is the pre-processing technique that uses 

image intensity distribution to create the binary image of the original colored image. 

Binarization is a process of converting multi-tone or gray scale images into black & white 

binary images. Binarization is the basic step for segmentation in many applications[22][34]–

[36]. Binarization is a necessary step to separate text and non-text in the frame of news video. 

2.1.1.6 Normalization: 

In the digital image processing field, normalization is the primary step in numerous image 

processing applications. Basically, in normalization range of pixel intensities changes.  

Normalization transforms a grayscale image with an intensity range (max, min) to a new 

image with the intensity range (new max, new min). Normalization provides a global 

description of the appearance of an image. It is also referred to as contrast stretching. Images 
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with normalized intensity values as well as with uniform illumination improve the quality of 

images[29].  

1.1.1.7 Image Segmentation:  

Segmentation is the process of dividing an image into multiple segments which pertain to 

specific information and can be used for further processing. Many applications require 

segmentation as a basic and most important step also. Applications like object identification, 

tracking, counting of objects in the image, etc. require good segmentation techniques to 

generate accurate results[29][37][38]. 

In text-based video retrieval, it works with optical characters, handwritten characters, 

scanned text, annotated text, and many more types of text information. News video retrieval 

using text present in the scenes of the video involves detection and processing of text from 

the scene of the videos. Various pre-processing techniques need to apply to text to get better 

results for retrieval. Normalization, edge contrasting, contour extraction, morphological 

operations applied on the text band for the news [7][25][26].  

2.2 Video Segmentation and Key Frame Extraction 

Video can be viewed as a collection of meaningful scenes, shots, and frames. The scene is 

further divided into shots. The shot is a collection of frames captured during a single camera 

motion.  The frame is the most basic unit of video to consider for processing. In Content 

based video retrieval system, the first task is to segment video into shots and select key 

frames representing each shot uniquely. Keyframes are the representative frames that are 

used to provide a suitable abstraction and framework that will help for indexing, browsing, 

and retrieval of video. By selecting Key Frame, the task of processing video is reduced by a 

large amount as all frames are not required to be processed to retrieve meaningful 

information. As video contains multiple frames with almost similar contents, only one or 

two representing frames are selected out of all frames comprising the shot[23][25][40]–[42]. 

Segmentation of news video is one of the fundamental steps for news video retrieval or 

summarization approaches[43]. The segmentation can be performed by identifying the shot 

boundary of the video based on the different features present in an audio stream or video 

stream. Combined features are also helpful in segmenting videos efficiently. 
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Because of the importance of key frame extraction in video retrieval, many researchers are 

working in this area. Many approaches are used for key frame extraction or shot boundary 

detection. In many applications, first shots are detected from the video and key frame 

extraction is applied to each shot based on different methods. As each shot contains multiple 

frames with different kinds of features, key frame extraction based on the features can be 

done.  

Automatic shot boundary detection from the input video is explored using various techniques 

such as block based techniques, transform based techniques, Pixel-based [44] techniques, 

histogram based techniques, feature based techniques, etc. [46][47]. In the shot boundary 

detection using pixel-based technique utilize pixel difference as the key parameter for shot 

detection. These techniques are highly sensitive to noise. The technique based on block 

processing work on the fundamentals of pixel processing itself but the method operates on 

the image at a time in blocks of pixels which makes it faster compared to pixel processing 

techniques. The most popular approach is color histogram-based approaches, but it does not 

require any position of the pixel. The methods of shot boundary detection using entropy 

measure[47] are also found effective [48][49]. 

Ni et al. [50] proposed and analyzed a nonparametric region-based active contour model for 

segmenting cluttered scenes. The proposed model is unsupervised and assumes pixel 

intensity is independently identically distributed. The proposed energy function consists of 

a geometric regularization term that penalizes the length of the partition boundaries and a 

region-based image term that uses histograms of pixel intensity to distinguish different 

regions. Wasserstein distance is used to determine the dissimilarity between histograms. 

Rasheed et al. have proposed the color histogram-based method of UCF. This algorithm uses 

the Color histogram for measuring the intersection similarity to extract key frames[25]. 

 

Ji et al. 2019[48] proposed a Deep-learning Semantic-based Scene-segmentation model 

(called DeepSSS) that considers image captioning to segment a video into scenes 

semantically. The system performs compares color histograms to get shot boundary 

detection followed by maximum-entropy-applied keyframe extraction. The task of semantic 

analysis is performed using image captioning from deep learning. DeepSSS approach 

considers low as well as high-level features of videos to achieve a scene segmentation. 
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Conditional random fields have been used by many researchers for the segmentation of 

video[51]–[53]. Kannao et al.[53] proposed segmentation of TV news broadcast into 

semantically meaningful stories. A hybrid approach using conditional random fields (CRFs) 

is proposed for news story segmentation. The story boundary detection problem is converted 

into a shot classification problem by classifying video shots into either of the four categories. 

Features introduced for the task are overlay text-based semantic similarity and grid-wise 

edge orientation histogram. Wang et al. [52]proposed multimodal features using conditional 

random fields (CRFs) for the segmentation of broadcast news stories. With the use of the 

multimodal features, a linear-chain CRF was used to identify each candidate as 

boundary/non-boundary tags. 

2.3 Advertisement detection 

Multimedia information broadcasted on television always contains visual content such as 

news stories, sports videos, movies, or daily shows which is of interest to users watching 

television and also commercials in between different shows or stories. The length of 

advertisements or commercials is limited and rules are defined for the length and frequency 

of advertisements in different countries. Although, each country in the world has its laws for 

multimedia content broadcasted on television.  

In the context of news videos of Indian channels telecasted, several channel-specific norms 

are not followed compared to well-known foreign English news channels and frequently 

news and advertisements have equivalent frequencies of events in Indian news recordings. 

Due to this fact, it is required to identify advertisements from the videos and separate them 

is a very necessary step for news or any other multimedia video processing. Researchers 

have worked in the area of identifying and extracting advertisements or commercials from 

the videos. Advertisement detection is also useful to the advertisement industry for different 

commercial reasons. 

Commercial or advertisement detection or recognition, as well as removal, can be achieved 

for different categories of broadcast videos. Researchers have worked for advertisement 

detection from broadcast videos of movies, news, sports, etc. using various techniques [40] 

[50] [55].Mostly visual features are used for advertisement detection from video. Also, the 

combination of visual features, as well as acoustic features, are used for commercial 

detection from news videos [40] [56].  
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Classification of advertisements from the video has been achieved using various visual 

features such as Edge Change Ratio ECR, the difference of frames, length of video shot [56] 

[57], text location in the frame, and availability of specific text bands in news video frames 

[40] [59] [60]. Also, audio features such as spectral centroid, flux, roll-off frequency [60], 

short-time energy, zero-crossing rate (ZCR), etc. are used in different applications to detect 

commercials[17][61]. Audio features such as MFCC (Mel Frequency Cepstral Coefficients), 

PLP, LPC [62][63] which is very much used in speech processing applications, is used to 

differentiate advertisements in news channel effectively [61]. It is observed that when an 

advertisement starts the audio loudness increases dramatically. This fact is used by many 

researchers for advertisement detection in news videos as well as in sports videos. 

Vyas et al. presented features for the task of automatically identifying as well as extracting 

commercial blocks in Indian news videos telecasted. They used features like acoustic 

features MFCC bag of words (BoW) and overlaid text distribution from video shot on a 

dataset made up of 54 hours of video recorded with three English Indian news channels and 

obtained around 97% F-measure[61]. 

Almgren et al.[64] analyzed visual features of images to detect advertising images from 

scanned images of various magazines. The aim is to identify key features of advertising 

images and to apply them to real-world applications. They employed convolutional neural 

networks to classify scanned images as either advertisements or non-advertisements (i.e., 

articles). 

B. Zhang et al.[49] proposed a novel method to fuse audio and visual features to detect 

commercial blocks. Contextual features for each shot are generated with time expansion 

from TV channels in China has shown good results.Zafar et al.[65] proposed a system that 

works on TV broadcast/Online videos to automatically detect commercials. In their system, 

they detect commercials with the information of shot-level. Video data is divided into shots 

and classification is done in commercial class and non-commercial class using ANN and 

SVM. With their approach, they can handle a variety of program types, unclear commercials, 

and give good precision and recall. 

It is a difficult task to insert advertisements at suitable positions while making the user 

experience of watching advertisements contented. Earlier approaches insert advertisements 

at the static positions and did not pay attention to the variation of scenes, which can reduce 

the appeal of videos. Y. Liang et al. proposed a method to produce and embed textual 
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advertisements for online videos automatically. They estimated the visual significance of the 

main elements in the video frames via human face localization as well as detecting saliency 

features. They proposed an algorithm to recognize the scene changes with the visual 

significance map, through which the system can find stable areas in distinct scenes for 

advertising[66]. 

Li et al. proposed an automatic commercial detection system for TV broadcasting. This 

system works at a shot level and detects commercials in streaming videos, including TV 

broadcasting and online videos. It consists of two modules, the shot boundary detection 

module and the shot classification module. Then, they extract shot features with the deep 

convolutional neural network and train a support vector machine classifier to complete shot 

classification for TV programs[54]. 

2.3.1 Classifiers 

Different classifiers like Support Vector Machine[43][50][65], Artificial Neural Network 

[65], CNN, etc. are used to classify advertisements from other frames. Features extracted by 

the deep network are recently being used efficiently for feature extraction in commercial 

detection by researchers[54]. Convolutional Neural Network[54] also being used by many 

researchers for the advertisement detection task. 

2.3.1.1 Support Vector Machine 

Support Vector Machine (SVM) algorithm is robust and most commonly used classification 

and regression algorithms in various fields of data processing applications. The SVM has 

been playing an important role in pattern recognition in the digital image processing field as 

well. Research in some fields where SVMs do not perform well in earlier days has 

encouraged the development of other variants such as SVM for large data sets, SVM for 

multi-class classification, and SVM for unbalanced datasets. Further, SVM has been 

integrated with different optimization algorithms based on the application to improve the 

performance of classification by optimizing various parameters.  

The main objective of the support vector machine is to distinctly classify data points in N-

dimensional space using an N-dimensional hyperplane. As shown in Figure 2.1, data points 

might be separated linearly by small margins or large margins. Support vectors are the data 
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points closer to the hyperplane that separates data points with the maximum possible margin. 

The data points in support vectors influence the position and orientation of the hyperplane. 

 

 

FIGURE 2.1 Support Vectors 

If there are n training data points 𝑥𝑖𝜖 𝑅𝑑 , 𝑖 = 1,2, . . ., n, which can be divided into two 

different classes and their respective class labels are given by 𝑦𝑖 𝜖 {−1, 1}, i = 1, . . ., n. 

Generally, a linear support vector machine which creates a hyperplane described by equation 

2.1 to separate data points in the d-dimensional space 𝑅𝑑 which takes the largest distance to 

the adjacent training data points of each class. Multiple such hyperplanes are possible and 

an optimal hyperplane is chosen out of all the possible ones.  

𝒘𝒛 + 𝒃 = 𝟎        (2.1) 

Cortes and Vapnik [67] shown in that research that the weights w for the optimal hyperplane 

given by equation 2.1 in the feature space can be written as some linear combination of 

support vectors as given in equation 2.2. 

𝒘 = ∑ 𝜶𝒊𝒛𝒊𝒔𝒖𝒑𝒑𝒐𝒓𝒕 𝒗𝒆𝒄𝒕𝒐𝒓𝒔      (2.2)  

The linear decision function I in the feature space will accordingly be of the form given by 

equation 2.3, 

𝑰(𝒛) = 𝒔𝒊𝒈𝒏(∑ 𝜶𝒊𝒛𝒊𝒔𝒖𝒑𝒑𝒐𝒓𝒕 𝒗𝒆𝒄𝒕𝒐𝒓𝒔  ∙  𝒛 + 𝒃)   (2.3) 

here equation 2.3 represents the dot-product of support vectors denoted by zi and vector z in 

feature space[67]. The decision function is fully specified by a subset of training samples 

called support vectors. SVM can be applied to non-linearly separable data also. The data 

points are mapped to new space where it is possible to separate them with help of a 

hyperplane. Finding optimal hyperplane is very important in SVM. 

Support Vectors 
Large Margins Small Margins 
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SVMs can be extended to n- class multiclass classification problems. One of the ways to do 

it is by doing one v/s many classifications, where n different SVMs are trained based on the 

set of points that belongs to the class and set of points that do not belong to the class. These 

decision boundaries are then collected to decide overall boundaries.  

In SVM a set of mathematical functions are used which are defined as the kernel. The kernel 

takes data as input and transforms it into the required form. Different combinations of SVM 

algorithms and kernel functions are explored by researchers. Kernel functions are of many 

types such as linear, nonlinear, polynomial, radial basis function (RBF), and sigmoid. 

Support vector machine classifier is very efficient in the larger dimension data. SVM is 

proven to be successful when the number of features is more than training samples in the 

experiment. SVM is also considered an excellent approach for easily separable classes. The 

support vectors affect the hyperplane which makes the system less sensitive to outliers’ data. 

In binary classification as well as multiclass classification, SVM is providing great results. 

The major disadvantage of the support vector machine is the time taken for training is more 

when the amount of data is large. SVM doesn’t well perform in the case of overlapping 

classes. Also, it is very crucial to select optimal values of hyperparameters for efficient 

performance. To find a suitable kernel function for the application is a very difficult task 

many times. 

2.3.1.2 Artificial Neural Network 

Artificial Neural Networks are the foundation of DL technologies. ANNs resemble the brain 

since they are obtained by the interconnection of many simple units, called neurons as shown 

in Figure 2.2. The brain receives the stimulus from the outside world, does the processing  

 

FIGURE 2.2 Biological Neuron and Basic ANN Architecture 
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on the input, and then generates the output. As the task gets complicated, multiple neurons 

form a complex network, passing information among themselves. 

Various ANN architectures have been developed during the years: the simplest one is the 

so-called Feedforward Neural Network (FNN) where each neuron is connected to all the 

neurons in the previous layer, defining a directed graph without any loops. Figure 2.3 shows 

multilayer FNN where there is more than one hidden layer in between the input layer and 

output layer.  

In recent years, more complex networks, called Convolutional Neural Networks (CNNs), 

have gained more and more popularity thanks to their achievements in Computer Vision. 

CNN's exploit a multilayer structure similar to FNNs but where different kind of hidden 

layers is alternated. In particular, we can distinguish three kinds of hidden layers: (i) 

convolutional, (ii) pooling, (iii) fully connected.  

 

FIGURE 2.3 Multi-Layer Feed Forward Neural Network Architecture 

ANNs provide an approximation function given by equation 2.4 of an arbitrary complex 

continuous function f, where x and y correspond to input and output data respectively.  

    y = f (x; θ)     (2.4) 

function f parametrized by a set of coefficients θ (matrices and biases in FNNs, 

kernel/matrices, and biases for CNNs) [68]. The creation of the predictive model thus 

requires the estimation of the parameters θ that better approximate the desired output; this is 

achieved by minimizing a cost function defined according to the output layer properties; 

common choices are MSE for regression and cross-entropy for classification. Mostly, an 

algorithm based on gradient-descent is used, based on backpropagation [69]. 
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In the past few years, CNN and other deep learning models have become popular and are 

used in every field of research like image and video processing, Natural Language 

Processing (NLP), etc. CNN is explained in detail in the section of classification using deep 

learning of the same chapter in the thesis. 

2.4 Feature Extraction 

The first step for managing any video content is video parsing. There are five main 

components in designing CBVR systems: (1) To divide the video into segments according 

to its organizational structure; (2) To find appropriate algorithms for feature extraction of 

the low-level feature vectors; (3) similarity-based searching technique to compare feature 

vectors of video segments with query features; (4) to answer queries over vast video 

sequences; and (5) to present the result or list of results. 

Video content can be represented by spatial, temporal, or spatial-temporal characteristics. 

The features of video data in the spatial domain can be extracted from the frames of video, 

which is based on pixel information in that region and their relationship can be taken as a 

descriptor. The temporal domain features can be used to partition the video into frames, 

shots, scenes, and video segments. Video data normally contains audio and visual features 

such as color, texture, edge information, motion vectors, loudness, pitch, etc. 

In the case of textual information present in the video clip, the text data which are 

continuously being displayed for a certain time gives some important information about what 

is currently being viewed. This type of information is normally present in broadcasted news 

videos. Some of the shots in news videos are having text regions that are being displayed for 

a long duration to give an idea about the current topic of news, place, event, or personality 

in news, etc. Some of the broadcasted videos contain closed caption (CC) information which 

is very useful for text query-based video retrieval. The close caption track is having texts to 

be displayed to viewers in synchronization with videos. Videos which do not contain such 

text captions which makes retrieval task difficult.  Along with video retrieval, 

computationally efficient indexing of video collection is a very important task to be done for 

the management of video documents. Video indexing can be done similarly to document 

indexing. Traditional methods of indexing are not much useful for vast video databases. 

Chang et al.[79] proposed text detection mechanism for street view images in their research. 

To deal with the relatively complicated content of street views in urban areas, the proposed 
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scheme consists of a Fully Convolutional Network employed to locate street signs and 

Region Proposal Network to extract text lines in the identified traffic/shop signs. 

2.4.1 Text Feature Extraction  

Extraction of features from the video frames is an important part of the retrieval process. As 

opposed to other visual features, text features from news video frame are not easy to extract 

as it is for Indian languages. Researchers are working on scene text extraction[86] and 

recognition [80] for improving accuracy in text extraction from video frames [39][58]. 

Retrieval of video can be done using variety of features like SIFT, SURF, Edge, Histogram 

[7][14][15], color features [15][16][5], texture features etc. image-based features as well as 

audio-based features [17][18][19][20]. Also, the retrieval task has been done by combining 

features.  

Text in frames will exhibit many variations according to their properties such as Geometry 

(size, alignment, inter-character distance), Color (monochrome, polychrome), Motion 

(static, linear moment), Edge (text boundaries, strong edges), Compression, etc. 

Short texts are present in many computer systems. Examples include social media messages, 

advertisements, Q&A websites, and an increasing number of other applications. They are 

characterized by little context words and a large vocabulary. As a consequence, traditional 

short text representations, such as TF and TF-IDF [21][22][23], have high dimensionality 

and are very sparse.  

The research field of word vectors has produced interesting word representations that are 

discriminative regarding semantics, which can be algebraically composed to create vector 

representations for paragraphs and documents. Literature reports limitations of this 

approach, producing the alternative Paragraph Vector method. Pita et al. [22] proposed a 

novel representation method based on the PSO meta-heuristic. Results in a document 

classification task are competitive with TF-IDF and show significant improvement over 

Paragraph Vector, with the advantage of dense and compact document vector representation. 

Kannao et al. [81] presented a contrast enhancement-based pre-processing stage for overlay 

text detection and a parameter-free edge density-based scheme for efficient text band 

detection. 
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C. Jawahar et al.[82] proposed a text query based video retrieval approach for English, Hindi, 

and Telugu Languages for the Indian news video database they created. Regions of the frame 

of the video are identified where textual information was present to search text in the frame. 

Frames of video were annotated with the text content identified from the frame. An approach 

for image-level matching using DTW (Dynamic Time warping) algorithm was proposed for 

video retrieval. As shown in Figures 2.4 and 2.5 query text-based videos were retrieved from 

a database of videos which were sorted based on the relevance. Results are shown from video 

collections in English, Hindi, and Telugu.  

Figure 2.4 shows results for Video retrieval based on textual query “Australia” from the 

video collection. Video retrieval based on textual query “सानिया” in the Hindi language is 

shown in Figure 2.5 where the news channel video of Hindi news channel was used. The 

image of the word is matched with the frames using the DTW method for searching the 

relevant video frame[82]. 

Tesseract OCR [83] is one of the efficient text OCR used in text retrieval from document 

images as well as scene text from video [35][82][84]. Tesseract is an efficient and well 

known optical character recognition engine which is works on various platforms. Tesseract 

is open source which is released under Apache licence. Tesseract provides support to  

unicode UTF-8 text format. Tesseract is able to recognize many languages all over the world. 

Many times to obtain good OCR outcomes, the quality of the image provided as input to 

Tesseract engine is required to be improved.  

Tesseract uses Leptonica library for opening input images. Tesseract 4 which is the newer 

version of the engine available to be used, adds a new neural net called LSTM based OCR 

engine. The new  Tesseract engine focused on line recognition. The newer version also 

provides support to the legacy Tesseract OCR engine of Tesseract 3 which works by 

recognizing character patterns. Tessdata files are available to be used with tesseract ocr 

engine in languages like Arabic, Bengali, Canadian, Devnagari, Greek, Gujarati, 

Gurumukhi, Hindi, Kannada, Malayalam, Tamil, Telugu and other popular and widely 

spoken languges. Tesseact engine can also be trained using custom dataset for specific 

language to be used for OCR purpose. 
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FIGURE 2.4 Video Retrieval based on Textual Query “Australia”[82] 

 

FIGURE 2.5 Video Retrieval based on Textual Query “Sania” in the Hindi language[82] 
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2.4.1.1 Challenges with Text Extraction in Indian Language Video 

Often the quality of the video data affects the text detection algorithm performance. 

Researchers have explored the text detection approach for Hindi, Bangla, Telugu languages 

from the videos but there is no detailed information or study found on for challenges in 

detecting in natural images and videos with Indian language text. Languages like Hindi, 

Gujarati required to be treated differently than the English language as the average length of 

connected components for them is considerably different from that of the English language.  

In poor quality videos, it is very difficult to detect words and a lot of extra characters can be 

generated along with textual contents. Also, the video with poor resolution creates problems 

while detecting words from the scene text. Either the words are partially detected or wrong 

words are interpreted due to missing components. Also, to select the correct word, it is 

required to determine which frames to consider to extract the word from the sequence of 

frames of a particular shot containing the intended word. This type of issue is more critical 

with broadcasted videos [82]. 

2.4.1.2 Text pre processing 

The Gujarati text data retrieved is processed further using natural language processing 

techniques such as tokenization, removal of extra symbols including punctuation marks, 

stemming of words wherever necessary to reduce dictionary size. The next step is Term 

weighting which assigns weights to terms according to their importance in the document, in 

the collection, or some combination of both. 

In natural language processing, sometimes it becomes necessary to recognize that “asked” 

and “ask” are two different tenses of the same word. So the basic idea is to derive core or 

root words from the different forms of the word. Stemming is the process of finding the root 

word of the given word, for example, walking, walked, etc. stem to walk. Stemming is 

normally used to reduce dictionary size and improve the searching performance of words in 

the document collection. Porter stemmer[84]–[86], Lovins[87] are some of the popular 

stemming algorithms for the English language, Dutch language, Farsi language, and other 

foreign language stemming. Stemmers for other popular foreign languages also exist.  



Feature Extraction 

31 

2.4.1.2.1 Morphological Analysis and Stemming 

A morpheme is the basic meaningful morphological unit in a language that cannot be divided 

further to get the root of the word. A word and a morpheme are different in the way that 

morpheme sometimes does not stand alone whereas a word does. A word is normally made 

up of one or more basic units of language i.e., morpheme. 

To reduce the dictionary size for the document indexing, words are truncated. There are 

various methods of truncating words like Rule-based methods, statistical methods, and 

hybrid methods. 

Rule-based methods are based on truncating a word at the nth symbol i.e., keep n letters and 

remove the rest. Words with the length shorter than n are kept as it is. In this method, chances 

of over stemming increase when the word length is small. In statistical methods of truncating 

words, most methods work based on the idea of removing the affixes but after implementing 

some statistical procedure. While the hybrid methods are mostly combined approach with 

inflectional and derivational stemmer as shown in Figure 2.6. Derivational stemmer may 

change the grammatical category of the word. For e.g., જવાબદારી javābdārī ‘responsibility’ 

derived from જવાબદાર javābdār ‘responsible’)  

Whereas in Inflectional Stemmer, Inflection may occur by adding a suffix or affix to the 

terms. For example, the suffix ી  (-ī) should be stripped off for verbs (as in case of કરી karī 

‘did’), but not for nouns (as in case of ઈમાનદારી īmāndārī ‘honesty’).  

 

 

FIGURE 2.6 Types of Morphological operations 

Inflectional 

dog -dogs 

Derivational 

happy - happiness 
Morpheme 
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Along with other regional languages, in Gujarati language processing's major contribution 

is done by TDIL [88] program through the government of India. Researchers have worked 

on different stemming techniques for the Gujarati language on either EMILLE [89] text 

corpus or their dataset [90]–[93]. There is a lot of scope of research in this field for Gujarati 

language text processing. Literature review of stemming algorithm as well as other 

morphological analyzers of mainly ‘Gujarati’, ‘Hindi’ and ‘Assamese’ language was done 

extensively as few notable works are listed in Table 2.1. As Gujarati language standard 

benchmark datasets to work for scene text recognition or image/video retrieval is not 

available, it was a challenging task to generate a dataset as well as getting good performance 

with it. 

TABLE 2.1 Literature review of Stemming Algorithm/Morph Analyzer 

Proposed 

Method 
Year Author Language Dataset Size Accuracy 

Inflectional 

and 

Derivational 

2019 
H. Patel & B. 

Patel[94] 
Gujarati 

Gujarati 

words 
2197 98.33 

Rule-based 

Suffix 

stripping 

2016 

C. D 

PATEL[93] et 

al. 

Gujarati 
EMILEE 

corpus 
1099 - 

Knowledge-

based hybrid 

method & 

statistical 

hybrid method 

2015 J. Baxi et.al Gujrati 
Gold 

dataset 

200 

nouns, 

200 verbs 

100 adj. 

92.34% 

and 

82.84% 

Longest 

matched, Rule-

based 

2012 

J. Ameta, 

N.Joshi, I. 

Mathur [90] 

Gujarati 
EMILLE  

corpus 
3000 91.5% 

Brute Force 

technique 

Suffix 

Stripping 

2012 

Upendra 

Mishra, 

Chandra 

Prakash [95] 

Hindi 
Hindi 

Words 
15000 91.5% 

Lookup 

method, 

Suffix 

stripping 

2012 
Navanath 

Saharia [96] 
Assamese 

EMILEE 

corpus 
123753 82% 

Hybrid 

Inflectional 

and 

Derivational 

Stemmer 

2011 

K. Suba, D. 

Jiandani, P. 

Bhattacharyya 

[91] 

Gujarati 
EMILEE 

corpus 
8,525,649 90.7% 
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2.4.2 Deep learning approach for Feature Extraction 

Deep learning is one of the parts of machine learning. In deep learning techniques, a model 

learns to perform classification or feature extraction kind of tasks straight from input images, 

text, or sound. Deep learning is typically realized using a neural network architecture. The 

word “deep” in the deep learning architectures is used to refer to the greater number of layers 

in the network. More layers in the network mean the deeper the network. Traditional neural 

networks contain only 2 or 3 layers, while deep networks can have hundreds.  

Image retrieval using deep learning with image query is a widely explored approach so 

far[98] [99]. Nowadays, researchers are paying attention to large-scale retrieval of video or 

images using images as queries [18][100]. Whenever it is required to deal with a large 

collection of images or video frames, a normal system cannot give good performance with 

state-of-the-art methods of retrieval. Due to this fact, CBVR approaches using deep learning 

architectures are being explored by different researchers in various fields such as news 

videos, sports videos, movie videos, etc. 

Feature extraction task is tremendously time-consuming for large-scale retrieval from video 

data. In contrast, methods using automatic feature extraction are plagued by information 

loss, and every so often leads to poor prediction capabilities. Comparatively sophisticated 

methods of feature extraction have been proposed in the past few years to overcome the 

aforementioned problems. 

An autoencoder is a particular Artificial Neural Network (ANN) that is trained to reconstruct 

its input. Usually, the hidden layers of the network perform dimensionality reduction on the 

input, learning relevant features that allow a good reconstruction. Moreover, deep 

autoencoders exploit multiple non-linear representational layers that learn complex 

hierarchical features from the data with high informative content. 

 In particular, the convolution operation is highly effective at extracting local features from 

images: actually, Convolutional Neural Networks (CNNs) are extensively employed for 

problems like object localization and recognition [11], face recognition [12], and text 

recognition [28]. For this reason, the proposed model will be based on CNN's 

Mühling et al.[18] proposed approaches using deep learning for effective video inspection 

and retrieval. They proposed efficient algorithms for media production as well as introduced 

components for novel visualization and achieved average precision of approximately 90% 
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on the top-100 video shots using concept detection. They have used pre-trained CNN models 

based on visual recognition tasks. 

Noh et al. [40] proposed DELE local feature descriptor for image retrieval tasks at a large 

scale. The new feature is based on convolutional neural networks, which are trained only 

with image-level annotations. They proposed an attention mechanism for key point selection, 

which shares most network layers with the descriptor. The system produces reliable 

confidence scores to reject false positives-in particular, it is robust against queries that have 

no correct match in the Google-Landmarks dataset. 

S. Lange et. al, [100] discusses the effectiveness of deep auto-encoder neural networks in 

visual reinforcement learning (RL) tasks. They have proposed a framework for combining 

the training of deep auto-encoders (for learning compact feature spaces) with recently 

proposed batch-mode RL algorithms (for learning policies). They have used synthesized and 

real images. 

Y. Wang et al. [101] investigated the dimensionality reduction ability of auto-encoder. Their 

experiments were conducted both on the synthesized data for an intuitive understanding of 

the method, mainly on two and three-dimensional spaces for better visualization, and on 

some real datasets, including MNIST [48] and Olivetti face datasets. 

Object detection and tracking algorithms have applications in image and video security 

where features extracted from images or videos are used. Various classifiers are applied for 

the image classification based on identified objects. Also, object counting can be applied 

once the objects are identified in the video. YOLO[102][103] is the popular algorithm for 

object detection tasks and also used in combination with the GMM model for feature 

extraction and classification tasks [104][105].  

2.4.2.1 Convolutional Neural Networks 

Convolutional neural network (CNN) is one of the variants of traditional artificial neural 

network mostly used feature extraction task from the image or video data as well as for the 

classification of input data of higher dimension. The convolutional neural network is also 

called ConvNets in many works of literature. The basic idea of convolutional neural 

networks was first proposed in 1989s by Yann LeCun [106] and was further improved by 

various researchers. 
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The initial version of CNN was named LeNet from the name of the researcher LeCun. An 

earlier version of CNN was designed to recognize handwritten digits [106]. Due to the ability 

of CNN to read zip codes written by hand on postal envelopes and handwritten digits on 

checks in banks, the utilization of CNNs was limited to applications in banking and postal 

services. The network was also facing the problem of scalability due to the limitation of 

computational power and the small size of the training dataset. 

The convolutional neural network suddenly reappeared in 2012 and become a very famous 

architecture with high computation power and a large dataset for image recognition tasks 

with the invention of the Alexnet model [107]. The Alexnet model is a very successful model 

due to the flexible design of its layers and also with more layers of neurons being added, it 

ultimately boosts the learning capacity of the network. Graphical Processing Units (GPU) 

played a vital 

 

FIGURE 2.7 CNN Architecture for object category classification[108] 

role in the success of deep learning architectures designed so far[109][110]. A convolutional 

neural network (CNN) is specifically designed to identify patterns in the input dataset and 

make sense of them. Due to the usefulness of CNN in pattern detection and recognition, it 

has become an important tool for image and video analysis.  

One of the well-known architectures of CNN for object recognition tasks is shown in Figure 

2.7. As shown in the Figure 2.7, architecture is divided into main two parts based on the task 

such as feature learning and classification. Layers used in feature learning are repeated 

combinations of the convolutional layer, activation layer, and pooling layer. In the 

classification layer, mostly output of the previous layers is flattened and feed into the fully 

connected layer which is mostly the last layer of the network. A fully connected layer is 
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having the number of neurons equal to the number of classes or categories into which data 

is classified at the end. 

CNN can be visualized as a sequence of layers of artificial neurons where every layer is 

accomplished unique functions on the input data given to the network. The main layers used 

in designing the CNN architecture are as follows:  

➢ The input layer is designed to input the raw data fed to the model,   

➢ Convolutional layer – as the name suggests, this type of layer computes a dot product 

between the input image patch and the filters, and gives the output volume based on 

input,   

➢ Activation function layer – the output of the convolution layer is fed to this layer 

which applies activation function on elements given as input,   

➢ Pooling layer- this layer is designed to make the output of the previous layer 

memory-efficient which in turn reduces the cost incurred in computation,  

➢ The fully-Connected layer is mostly used as the last layer which gives computed 1-

D array class scores from the input received.  

From experiments mentioned in an article by Hubel et. al., [111] it is understood that the 

visual cortex of the brain of animals where the cerebral cortex resides and processes the 

visual information is a complex network made of cells. Each of the cells of the network is 

sensitive to the receptive field which is a tiny sub-region of the visual fields. Cells are of two 

types termed Simple and Complex cells. Simple cells mainly extract features and cells which 

combine several such local features are called complex cells [112]. This biological structure 

is used to design CNN, which works similarly by extracting the features from the given input 

and performs the classification. The reason for the popularity of deep CNN architecture is 

the automatic feature extraction and classification as opposed to the state-of-the-art methods 

where manual features are extracted and fed to the classifier used in the classification model. 

2.4.2.2 Autoencoders for Unsupervised Learning 

An autoencoder is a special kind of artificial neural network which is used to learn data 

encodings in an unsupervised manner efficiently. An autoencoder learns a representation for 

a set of data by training the network to ignore signal “noise” and also reduces dimensionality. 

An autoencoder architecture is known for its applications in the field of data compression, 

information retrieval, etc. Autoencoder is the type of neural network which is used for 
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discovering structure within input data which is useful in the development of a compressed 

representation of the given input. Variants of the autoencoder models exist and can be 

distinguished based on their ability to extract meaningful information in different 

applications and the nature of data it is used for.  

The architecture of a basic autoencoder comprises three main components. First, the 

encoding architecture comprises of series of layers with the number of nodes in decreasing 

order and eventually reduces to a latent view representation. The second component is Latent 

view representation which is the lowest level space in which the inputs are reduced and 

information is preserved. The third component is decoding architecture, which is the mirror 

image of the encoding architecture but in which the number of nodes increases in every layer 

and ultimately outputs a similar input. typically, the biggest challenge when working with 

autoencoders is getting your model to learn a meaningful and generalizable latent space 

representation. The training then involves using back propagation to minimize the network’s 

reconstruction loss. 

Denoising or noise reduction is the process of removing noise from a signal. This can be an 

image, audio, or document. You can train an Autoencoder network to learn how to remove 

noise from pictures. 

Convolutional Autoencoder (CAE) is a variant of the CNN model which are used as the tool 

for unsupervised learning. They are generally applied in the task of image reconstruction to 

minimize reconstruction errors by learning the optimal filters. Once they are trained in this 

    

  

FIGURE 2.8 Convolutional Autoencoder Architecture 
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task, they can be applied to any input to extract features. Convolutional Autoencoders are 

general-purpose feature extractors differently from general autoencoders that completely 

ignore the 2D image structure. In autoencoders, the image must be unrolled into a single 

vector and the network must be built following the constraint on the number of inputs.  

The architecture of the convolutional autoencoder for input images with size 28x28x1 is 

shown in Figure 2.8. The input image is reduced to size 14x14x32 after convolution filters 

from the conv1 layer is applied on it. The convolution filters are basically extracts useful 

features as well as compress the input image. The size of stride is kept 2 for this layer. 

Further, in conv2 layer image reduces to 7x7x64 with stride 2. In the last layer conv3 with 

stride 2, the image is further reduced to 3x3x128 size.  

Finally, the image is flattened to 1152 neurons followed by the last layer of the encoder 

which generates an intermediate representation of the input image. Similar steps in reverse 

order are applied with deconv layers to reshape the image at each layer by reconstructing the 

image at each layer. In the decoding part of the architecture, the Upsampling layer  is used 

for 2D inputs. In the upsampling layer the rows and columns of the data are repeated based 

on upsampling factor which are given by number of rows and number of columns to repeat 

respectively. In the final step, the output image is reconstructed to original size 28 x 28 x 1 

from the input size 14x14x32 which is not exactly as input but retains the most useful 

information of the original image. 

In one of the variants of CAE[113], convolutional layers are stacked on the input images to 

extract hierarchical features. In the next step, all units in the last convolutional layer are 

flattened to generate a vector which is generally followed by a fully connected layer with n 

units which is called the embedded layer. The input 2D image is thus transformed into n-

dimensional feature space. To train it in the unsupervised manner a fully connected layer can 

be used along with convolutional transpose layers to transform the embedded feature back 

to the original image. The parameters of the encoder and decoder are updated by minimizing 

the reconstruction error. 

2.5 Existing Content based Video Retrieval System 

It is very clear from the Literature reviewed that content-based video retrieval is the active 

field of research and there exist many research problems that can be explored for further 
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research. Alan F. Smeaton (2007) divides the traditional VR approaches into five categories. 

Each approach has its advantages and disadvantages. 

The first category is using Metadata and browsing Keyframes. In this technique, metadata is 

used to search the video. Metadata includes characteristics such as video title, date, actor(s), 

video genre, running time and file size, video format, reviews by users and user ratings, 

copyright, and ownership information. Each of these metadata fields is searchable and most 

systems are coupled with a keyframe that allows users to preview the video content itself 

visually. 

The second category is using text for video searching. This type of system uses spoken 

dialogue in the video for assistance. If the user is searching for a video that consists of spoken 

commentary, for example, this can be things like nature documentaries or TV news 

broadcasts, then this method can be used for retrieval. Here the spoken dialog may reflect 

the contents of the video itself. In such cases, a search through the video can be considered 

as a good video search. Spoken dialog from a video can be obtained from Automatic Speech 

Recognition (ASR) and text from the video can be obtained from Optical Character 

Recognition (OCR). The main disadvantage of text-based video retrieval is that all video 

contents have no associated text. All information needs cannot be expressed as a set of text 

queries. 

The third category is Key frame matching, in which the representative frame of the shot 

known as keyframe is used for retrieval. This type of video retrieval can be called Content-

Based Image Retrieval (CBIR). The image which is to be searched is used as a query. This 

que ry is compared against the video key frames from the video library. The key frame-based 

matching is good for video searching but the user needs to be very precise about the visual 

component. 

The fourth category is based on semantic features for video retrieval. This type of system 

uses semantic features for search. Semantic feature refers to high-level or mid-level features 

that convey semantic contents. This can include indoor, outdoor, moving car and extracting 

these kinds of features itself is a challenging task. The automatic extraction of low-level 

features like color and texture is not so difficult, compared to it. 

The fifth category is using object-based video retrieval. Here the retrieval is based on objects. 

Retrieval of video based on an object is a straightforward task theoretically but practically it 
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is not so simple. If an object is viewed at different angles then it could be seen in different 

shapes, colors, and textures due to different lighting conditions and shadows. Some examples 

of such queries are boat and car. Research in the field of object-based shot retrieval has been 

very little as well. So, there is no experimental result to support it. This technique has come 

up very recently and so more work can be done in this field. 

Kannao et al.[81], proposed a novel approach for multiple text region tracking. Their adopted 

Tesseract OCR for the specific task of overlay text recognition using web news articles. The 

approach proposed is claimed as superior on news videos acquired from three Indian English 

television news channels along with benchmark datasets.   

Chang et al. [25] proposed a text detection mechanism for street view images in their 

research. To deal with the relatively complicated content of street views in urban areas, the 

proposed scheme consists of a Fully Convolutional Network employed to locate street signs 

and Region Proposal Network to extract text lines in the identified traffic/shop signs. They 

claimed that their experimental results of the proposed scheme are good in processing 

complex streetscape also. 

Sukhwani et al. [26] presented a method to generate frame-level fine-grained annotations for 

a given video clip. Access to the frame level fine-grained annotations leads to rich, dense, 

and meaningful semantic associations between the text and video and improves the accuracy 

of the system. They demonstrated the use of probabilistic label consistent sparse coding and 

dictionary learning with a K-SVD algorithm to generate 'fine grained' annotations for a class 

of videos - lawn tennis. The proposed algorithm was demonstrated on a publicly available 

tennis dataset comprising of tennis match videos from Olympics games. 

A. Mishra et al. [27] proposed an approach for text to image retrieval tasks using the text 

available in images. A Query-driven search approach is used to approximately locate 

characters in the text query, and impose spatial constraints to produce a ranked collection of 

images. They have evaluated their approach on public scene text datasets, IIIT scene text 

retrieval, Sports-10K, and TV series-1M datasets. 

H. Karray et al. [28] proposed a framework for multimodal analysis of Arabic news 

broadcasts which helps users of pervasive devices to browse quickly into news archives; 

their solution integrating many aspects such as summarizing, indexing textual content, and 

on online recognition of the handwriting. Firstly, the summarizing process is to accelerate 
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the video content browsing based on a genetic algorithm. Secondly, the indexing process, 

which operates on video summaries based on text recognition. 

Researchers have contributed many methods for semiautomatic or automatic indexing of 

video documents. Methods for video indexing are either based on one feature such as visual, 

audio, textual, etc., or multimodal. In the multimodal indexing method generally, more than 

one representative feature of the video is combined. Kulkarni et. al., [114] proposed a method 

using video clips as input queries for discovering the temporal patterns in the video contents. 

The discovered temporal patterns are applied to achieve efficient indexing along with the 

sequence matching technique to increase the retrieval accuracy with the reduction in the 

computation cost.  

Padmakala et al.[115] have proposed an algorithm for retrieving video for a given query, the 

raw video data is represented by two different representation schemes, Video Segment 

Representation (VSR) and Optimal key Frame Representation (OFR) based on the visual 

contents. All the features are used collectively and stored in the feature library. For the query 

video clip, the aforesaid features are extracted and compared with the features in the feature 

library. The comparison is achieved via the feature weighted distance measure and similar 

videos are retrieved from the collection of videos. 

Kong Juan and Han Cuiying[116] have investigated the significant video retrieval-based 

technologies. Based on their studies, a content-based video retrieval system has been 

constructed according to the system design requirements. Superior video analysis and 

retrieval capabilities have been achieved by splitting the system into video preprocessing 

and video query subsystems. Patel et al. [117]proposed key frame extraction using entropy 

and edge features of video for developing proposed video retrieval systems.  

Gao Haolin and Li Bicheng[118]  have proposed a novel video signature based on data count 

fluctuation independent upon video frame content, just relevant about frame data count for 

the compressed domain of MPEG video, which first calculates the data count for each frame 

on the compressed domain as signature, then slide the window in the step of Group Of 

Picture (GOP) length after the alignment of I frame, and then compare the difference of 

data count fluctuation between the query clip and the target video, at last, the similarity 

result is given. This signature could be used both in video database retrieval and online video 

matching. 
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2.5.1 Performance Evaluation Measurement 

Performance of classification task can be measured mostly by confusion matrix, accuracy 

and also using the measures like precision and recall. While the information retrieval system 

can be evaluated mainly by two different ways of retrieval, the first is the evaluation measure 

for unranked retrieval and the second is the evaluation measure for ranked retrieval. Each of 

them is discussed in the following sections. 

The confusion matrix is one of the useful and widely used metrics for the performance 

evaluation of a classifier. The confusion matrix generally gives the idea about the capability 

of the classifier to correctly recognize data samples of different classes. The confusion 

matrix for the binary classification problem is given in Table 2.2. The meaning of the term 

True Positive is that the tested sample data is actually part of positive class and also 

predicated as positive, while the term False Positive means that the sample is taken from the 

positive class, but it is classified as negative. Similarly, the term False Negative means the 

sample is taken from negative class but classified as positive and the term True Negative 

indicates the sample is taken from negative class and classified as negative. 

TABLE 2. 2 Confusion Matrix for binary classification  

 Positive Negative 

Positive True Positive False Positive 

Negative False Negative True Negative 

 

As the number of classes is increasing, it is very difficult to visualize the whole confusion 

matrix, but the details provided by the confusion matrix have been used for another 

performance parameter that better represents the performance of the classifier model. These 

parameters are accuracy, precision, recall, and F1 score.  

2.5.1.1 Accuracy 

The term accuracy is defined as “the ratio of correctly recognized samples to the total number 

of tested samples”. This parameter works well when the numbers of samples in each class 

are balanced. For example, for one class A, the number of samples are 95% and another class 

B has only 5%, for this, the training accuracy is very good, but the testing time, if class A 
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has 60% data and class B has a 40% than accuracy is falling drastically. The Accuracy 

measurement formula is given by equation 2.5. 

𝑨𝒄𝒄𝒖𝒓𝒂𝒄𝒚 =
(𝑻𝑷+𝑻𝑵)

(𝑻𝑷+𝑭𝑷+𝑭𝑵+𝑻𝑵)
     (2.5) 

Where 𝑇𝑃 = True Positive,    

𝑇𝑁 = True Negative, 

𝐹𝑃 = False Positive,   

𝐹𝑁 = False Negative 

2.5.1.2 Evaluation of information retrieval system 

The usual method for the evaluation of information retrieval systems relies mostly on the 

concept of relevant and non-relevant documents. Concerning the user input, a document can 

be viewed as a relevant document or a non-relevant document. The test document collection 

and suite of information needs have to be of a reasonable size for the evaluation. Relevance 

can reasonably be thought of as a scale, with some documents highly relevant and others 

marginally. For the simplicity of evaluation, one can consider the document as relevant if 

the relevancy is more than the specified threshold on a scale of say one to five. 

For the unraked retrieval, Precision and Recall can be used as measures of evaluation. In the 

context of information retrieval, Precision can be defined by the given equation: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛(𝑃) =
Number of Relevant items retrieved

Retrieved items
     (2.6) 

Recall can be defined similarly in terms of relevant documents retrieved for unranked 

retrieval as given by the equation: 

 𝑅𝑒𝑐𝑎𝑙𝑙 (𝑅) =
Number of Relevant items retrieved

Relevant  items
                        (2.7) 

Precision, Recall, and F1-score are measures used mostly in unranked retrieval tasks and 

also not much used for ranked retrieval tasks. For ranked retrieval of items or documents, 

Mean Average Precision (MAP) is a widely used measure of evaluation. 

2.5.1.3 Precision@K(P@k) 

Only Recall is no longer a useful metric for many modern information retrieval systems. As 

many queries have lots of relevant documents and not all documents are of interest to the 

user. Precision@k is a useful metric in IR systems. Using P@ke.g. P@5 or Precision@5 
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corresponds to the number of relevant items among the top 5 items retrieved). If the query 

has fewer relevant documents than k, even a perfect system can have a score of less than 1. 

So it is very important to choose a value of k. This metric is useful in the sense that only top 

k documents are needed to be examined whether they are relevant or not. 

2.5.1.4 Average precision 

Precision and recall are single-value metrics based on the whole list of documents returned 

by the system. For systems that return a ranked sequence of documents, it is desirable to also 

consider the order in which the returned documents are presented. Let consider the rank 

position of each relevant documents as 𝐾1, 𝐾2, … , 𝐾𝑅 and next computer Precision@K for 

each 𝐾1, 𝐾2, … , 𝐾𝑅 [119]. By computing, a precision@k average precision can be calculated 

as, 

Average precision = average of P@K    (2.8)  

2.5.1.5 Mean Average Precision (MAP) 

Among all evaluation measures used in ranked information retrieval, MAP has been shown 

to have especially good discrimination and stability. For a single information need, Average 

Precision is the average of the precision value obtained for the set of top  k  documents 

existing after each relevant document is retrieved, and this value is then averaged over 

information needs. That is if the set of relevant documents for an information need  𝑞𝑗 ∈ 𝑄 

is {𝑑1, … , 𝑑𝑚𝑗
}  and   𝑅𝑗𝑘is the set of ranked retrieval results from the top result until you get 

to document 𝑑𝑘, then MAP can be defined by equation 2.9: 

𝑀𝐴𝑃(𝑄) =
1

𝑄
∑

1

𝑚𝑗
∑ 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛(𝑅𝑗𝑘)

𝑚𝑗

𝑘=1
|𝑄|
𝐽=1     (2.9) 

𝑀𝐴𝑃(𝑄) =
∑ 𝐴𝑣𝑒𝑃(𝑞)

𝑄
𝑞=1

𝑄
      (2.10) 

Mean Average Precision can also be determined using Average Precision averaged over a 

set of queries Q as given by the equation 2.10. 

2.6 Summary of the Literature Survey 

As per the analysis of the literature survey done so far, it is observed that very less or 

negligible work for content-based video retrieval is done using a text query-based approach 
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for any of the languages spoken or written in India. Due to this survey and research gap 

found, research work is proposed using ‘Gujarati’ text query-based video retrieval for news 

videos in chapter 4 of the thesis. 

Also, the kind of NLP library which is explored long ago for English language, similar 

support of the library is not available for very popular Indian regional languages like 

‘Gujarati’ or if available it is not publicly accessible or produced anywhere.Also, content-

based video retrieval approaches mostly process all frames of video or process key frames 

but do not try to reduce overall training time by reducing the number of frames to process. 

For example, finding and ignoring advertisement frames while processing videos can reduce 

overall processing as proposed by research work produced in this thesis chapter 3. 

Deep learning-based video retrieval is used recently for large-scale video retrieval based on 

image query. But unsupervised learning based CBVR is not proposed so far where the 

labeled data is unavailable and it is tedious to manually label them for supervised learning. 

Due to this finding and to compare the performance of propose CBVR text-based approach 

with the deep learning-based approach, in chapter 5 of the thesis deep learning based CBVR 

is proposed where unsupervised learning is employed through autoencoder architecture 

proposed. 

2.7 Challenges with CBVR 

As the result of literature work carried out, the following challenges are found in 

implementing CBVR with ‘Gujarati’ language video retrieval with a text query-based 

approach. 

➢ In India, there are no specific laws for multimedia content used in news video broadcasted 

or any other multimedia videos. 

➢ No Closed Caption details available[120]- which is mandatory in many countries. Closed 

caption details are very useful for people with hearing aids. In Figure 2.9(a), it can be 

seen that the closed caption details are available with English language news channel 

which is not available in Figure 2.10(a) of video from the news channel in India. 

➢ No Transcriptions available with the videos in India while it is mandatory with 

multimedia videos in other countries. In Figure 2.11 (b), an English news channel video 

snapshot is shown with transcription details available. As opposed to it, in Figure 2.11(a) 

transcription is not available with news channels in India. 
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➢ No fixed format of displaying different news details like running news stories, headlines, 

advertisements or other information, logo, etc. in various news channels video in India. 

Also, Font size, style, orientation, etc are very much different in different channels. 

 

(a) 

 

 

 

(b) 

FIGURE 2.9 Snapshot of English language news channel video of non-Indian news channel (a) showing 

closed caption details(b) showing transcript generated with video 

CC/SUBTITLES 

TRANSCRIPT OF 

NEWS STORY 
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(a) 

 

(b) 

FIGURE 2.10 Snapshot of ABP NEWS Gujarati news channel (a), (b) showing no closed caption 

details available 
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(a) 

 

 

 

(b) 

FIGURE 2.11 Snapshot of news video of (a) News channel in India with no transcript (b) BBC News 

channel which shows a transcript of the video 
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➢ The news may not contain the face of the person for which the new story is running as 

shown in Figure 2.12(a). Sometimes faces are not recognized which can be seen clearly 

in Figure 2.12(b). 

➢ As opposed to face-based retrieval, text-based retrieval can be more accurate as text 

information appears as an overlay which is a meaningful feature for retrieving news 

stories. 

The above-mentioned challenges present in the retrieval task motivated us to take up the 

proposed research definition. 

  

(a)                           (b) 

FIGURE 2.12 Video Frame from Different News Story 

2.8 Definition of the Problem 

Content based video retrieval can be simply described as retrieval of relevant news clips 

based on a “Gujarati” language text query or with an image query from the Gujarati News 

Video Collection. A major challenge for research work is the absence of metadata 

information such as transcripts or closed caption details for videos in the dataset which is 

available normally with English language videos in the US or other countries. 

The main objective of using the text feature was to simplify the searching interface for the 

common man of the local region who is not having the skill or knowledge of any other 

language other than the mother tongue or local region language. Also, an alternative 

approach for CBVR is proposed with the use of unsupervised deep learning based 

autoencoder architecture to explore the possibility of getting faster retrieval with more 

accuracy on the same dataset. 
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Chapter 3  

Key Frame Extraction and Advertisement 

Detection 

3.1 Introduction  

Content based video retrieval using a text-based query is explored by researchers all over 

the world. The literature confirms that most of the work has been carried out for English 

language text query based retrieval tasks. Other than English, video scene text spotting, as 

well as recognition task, are performed for the Arabic language also. Lecture video retrieval 

based on video text and audio information for Chinese and Korean languages has been found 

in the literature. For popular Indian languages like Hindi, Bengali, and Malayalam, very few 

research articles are found where information retrieval from the video has been carried out. 

The proposed Content-based video retrieval task is divided into main three important tasks. 

First is Key frame extraction from the input video. The second task proposed here is 

advertisement classification and removal as well as feature extraction. The third task in the 

proposed approach is indexing and retrieval of documents. 

In this chapter of the thesis, the first two important tasks are described with algorithm and 

experimental details as well as results. The dataset used for the proposed task and properties 

of the dataset is described first followed by key frame extraction and advertisement 

classification task. 

3.2 Dataset  

Our proposed approach for Content based video retrieval for ‘Gujarati’ language video using 

text query is discussed in chapter 4 of the thesis. For this task, there is no benchmark dataset 

for news videos in any of the Indian languages including ‘Gujarati’ is available for research 
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work. For the Gujarati language, any application using information retrieval with text query 

is not found so far in any of the literature, and also no dataset is available for the same. Due 

to this fact, the dataset of News Videos of Gujarati News Channels is created from different 

news channels ’ broadcasted videos of ‘Gujarati’ language for the task of news story retrieval 

based on ‘Gujarati’ query text. News channel video of continuous two days is recorded for 

three different channels ETV Gujarati, VTV NEWS, Sandesh News channels for research. 

Dataset properties are listed in Table 3.1.  

TABLE 3.1 Dataset Property 

Property Name Value 
Size 90 GB total 
Width 490/480/450/640 
Height 360 
Frame Rate 25fps 
Bits Per Pixel 24 
Video Format 'RGB24’ 
Extension .mp4 

3.2.1 Gujarati Language 

In India, the Gujarati is one of the popular local languages spoken mostly in the Gujarat state 

that is named after the Gujar or Gurjar people. Gujarati is also the official language in the 

union territory of Diu, Daman and Dadra, and Nagar Haveli. The language is a part of the 

Indo-Aryan family, which are members of the Indo-European dialects. It is the 6th most 

widely spoken language of India as of 2011. The Government of India declares 23 different 

languages officially and the Gujarati is one of them. The Gujarati language remains at the 

26th rank in the most widely spoken local language all over the world and about 55.5 million 

people speak in Gujarati all through the world. Gujarati is a more than 700 years old 

language.  

The greater part of the Gujarati word is obtained from the Sanskrit language. There is a very 

small vocabulary of Sanskrit-derived words are available in the Gujarati language. Gujarati 

was the native language of the "Father of India", Mohandas K. Gandhi, the "Iron man of 

India", Sardar Vallabhbhai Patel, and many other famous personalities in and outside India.  

Gujarati script is written and read from left to right. It is an abugida, that is, each consonant 

letter contains an intrinsic vowel. There are forty-seven total characters used in the language 

of which eleven are vowels and the remaining are consonants. Ten of these vowels have two 
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structures, a free structure is used when the vowel isn't gone before by a consonant, and a 

diacritic structure, which is composed above, underneath, or close by a first consonant to 

adjust the characteristic vowel. One vowel, 'A', just has an autonomous structure; this is the 

TABLE 3. 2 Gujarati Consonants 

 

the vowel that is inalienable in a consonant letter, so it shouldn't be composed independently 

when following a consonant. Table 3.2 shows 36 consonants of Gujarati script called 

‘Vyanjan’ and Table 3.3 shows 13 vowels called ‘Swar’. 

TABLE 3. 3 Gujarati Vowels 

 

 

 

TABLE 3.4 Gujarati consonant ‘ક’ with all ‘Maatras’ 

ક કા કક કી કુ કૂ કે કૈ કો કૌ કં કઃ 

The vowels are also used as a modifier for consonants called ‘Maatras’. Different frequently 

used modifiers generally applied to consonants in the Gujarati language are shown in Table 
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3.4 with the use of consonant ક along with modifiers. Table 3.5 presents Gujarati language 

Numerals or digits called ‘Ank’ from 0 to 9. 

TABLE 3.5 Gujarati Digits 

 

TABLE 3.6 Some Gujarati conjunct consonants 

  

 

TABLE 3.7 Sample Gujarati language sentence text 

સરકારે કોરોના વાયરસ સકં્રમણ જેવ  મહામારીથ  લોકોને  

બચાવવા માટે કોરોના વકે્સ ન માટે જોગવાઇ કરી છે.  

The conjunct consonants are shown in Table 3.6. Consonants are requested by the standards 

of articulatory phonetics, that is, they are written in the way they are pronounced. There are 

numerous other conjunct symbols utilized in Gujarati composing. Mostly the characters 

which have a vertical line in their composition are used to generate the conjunct consonants. 

The general principle for composing conjuncts is that those letters lose the vertical line at 

the beginning or average position, and just the last character in the group holds it. In Table 

3.7, a few Gujarati sentence text is displayed for reference. 

3.3 Pre-Processing 

A video contains much useful information in different forms such as visual information, 

meta data information, scene text, temporal information, etc.  Feature extraction from the 
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video data can be done after successful preprocessing to reduce the complexity of processing 

and also to reduce the overall time taken to process video.  

Video preprocessing for the CBVR task is divided into two major tasks. 

• Key Frame Extraction 

• Advertisement Detection and Removal 

3.3.1 Key Frame Extraction 

In literature, it is found that various methods for shot boundary detection and key frame 

extraction are explored in different domains by researchers working on video data. Major 

steps in key frame extraction are feature extraction from a base frame and similarity 

measurement between frames. Features like histogram, edge, motion vectors, scale-invariant 

feature transform (SIFT), Speeded-Up Robust Features (SURF) Features, corner points, 

information saliency map, etc. are used in Key Frame Extraction. Sample key frames 

generated from a news story are given in Figure 3.1. Each key frame represents a different 

news story as shown in the Figure 3.1. 

 

(a) 

 

(b) 
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(c) 

 

(d) 

FIGURE 3.1 (a)-(d) Key Frames of a news story 

Histograms are useful graphing tools. In image processing, the histogram of an image refers 

to a histogram of the pixel intensity values. This histogram is a graph showing the number 

of pixels in an image at each different intensity value found in that image. 

The presence of camera motion or object motion during smooth shot boundaries increases 

the difficulty of shot detection using color histogram features. Color histograms can be used 

for small camera motions. On the other hand, they are sensitive to gradual changes in scenes 

and cannot differentiate between the shots of a scene. So, the features using color histograms 

are not more useful to large camera motions.  Compared to color histograms, edge features 

are invariant to changes in illumination as well as motion. Motion features can be very 

effective to handle the situation where video content is affected by the motion of the camera 

or object. However, in general, color histograms can perform well on average compared to 

other types of features [10].  
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Many of the methods for shot boundary detection extracts visual features from each frame. 

The next step is to find frame similarities using the extracted feature vectors. Based on the 

similarity measures shot boundaries can be detected between frames that are not similar. The 

Euclidean distance, the histogram intersection, etc. can be used for finding similarity for 

extracted feature vectors of frames.   

The threshold-based methods to detect short boundaries are also useful in practice. The 

method based on threshold uses a predefined value of the threshold.  The threshold value 

used can be either adaptive or globally defined. Also, the combination of both adaptive and 

global thresholds serves a purpose many times. 

Algorithms experimented with are as follows: 

Algorithm 1: Key Frame Extraction using Histogram Difference 

Algorithm 2: Key Frame Extraction using Edge Difference  

Algorithm 3: Key Frame Extraction using Matrix Factorization and rank of a matrix 

Key Frame Extraction using Algorithms 1 is carried out on a dataset created using news 

videos of different news channels. Figure 3.2 shows experimental results of the keyframes 

generated in the range of frames (150-210) of the video input using the histogram difference 

Algorithm 3.1: Key Frame Extraction using Histogram Difference 

Input: Video  

Output:  Key Frames 

Step 1: Extract Frames 𝑭𝒊,𝟏, 𝑭𝒊,𝟐, 𝑭𝒊,𝟑, … ,  𝑭𝒊,𝒏 from Video Clip 𝑽𝒊 where i=1, 2,…, m. 

m = Total Collection of Videos in dataset, n= Total video frames. 

Step 2: Find Histogram 𝑯𝒊,𝒋 for all frames j= 1 to n of video i from the collection of m 

videos from the dataset. 

Step 3: Find Difference of Histograms of consecutive frames using Euclidian Distance 

  𝑫𝒊,𝒋 = √∑ (𝑯𝒊,𝒋
𝒎,𝒏
𝒊=𝟏,𝒋=𝟏 - 𝑯𝒊,𝒋+𝟏)𝟐 

Step 4: If 𝑫𝒊,𝒋 > 𝑻  then select frame j as a key frame. Let threshold T = µ + c*σ,  

            Where µ is mean and σ is standard deviation, c=constant 

Step 5: Repeat steps 2 to 4 for all videos in the dataset. 
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method. As described in algorithm 3.1, key frames are generated by taking the difference of 

histogram and if the difference is greater than the threshold. In Figure 3.2, keyframes 

generated are marked with the frame number and histogram difference values. Dashed lines 

showing Mean and Standard deviation are also presented in Figure 3.2 which is used for a 

threshold to limit the number of keyframes per shot. 

Edge features are also very important for finding keyframes as given by algorithm 3.2. 

'Canny'  edge detection method finds edges by looking for local maxima of the gradient of 

the image. The gradient is calculated using the derivative of a Gaussian filter. This method 

uses two thresholds to detect strong and weak edges, including weak edges in the output if 

they are connected to strong edges. By using two thresholds, the Canny method is less likely 

than the other methods to be fooled by noise, and more likely to detect true weak edges. 

In the canny edge detection algorithm, the first image is smoothed using the Gaussian 

function. In two dimensions, a Gaussian is given by equation 3.1 where 𝜎2is variance. 

𝐺(𝑥. 𝑦) = 𝜎2𝑒
−

𝑥2+𝑦2

2𝜎2     (3.1) 

and G has derivatives in both the x and y directions. The approximation to Canny’s optimal 

filter for edge detection is G’, and so by convolving the input image with G’, image E is 

Figure 3.2 Key Frame Extraction using Histogram Difference method given in algorithm 1 between 

frame range 150-210 of video clip 



Key Frame Extraction and Advertisement Detection 

58 

obtained with enhanced edges, even in the presence of noise, which has been incorporated 

into the model of the edge image. 

Gradients at each pixel in the smoothed image are determined by applying what is known as 

the Sobel operator. The first step is to approximate the gradient in the x and y direction 

respectively by applying the kernels. 

The gradient magnitudes can then be determined as a Euclidean distance measure by 

applying the law of Pythagoras as shown in Equation 3.2 

|𝐺| = √𝐺𝑥
2 + 𝐺𝑦

2    (3.2) 

where 𝐺𝑥and 𝐺𝑦 are the gradients in the x and y directions respectively. The direction of the 

edges is determined by Equation 3.3. 

𝜃 = tan−1 |𝐺𝑦|

|𝐺𝑥|
     (3.3) 

The next step is to use a double threshold for identifying three kinds of pixels: strong, weak, 

and non-relevant. Strong pixels are pixels that have an intensity so high that we are sure they 

contribute to the final edge. Weak pixels are pixels that have an intensity value that is not 

enough to be considered as strong ones, but yet not small enough to be considered as non-

relevant for the edge detection. Other pixels are considered as non-relevant for the edge. 

Algorithm 3.2: Key Frame Extraction using Edge Difference 

Step 1: Extract Frames𝐹𝑖,1, 𝐹𝑖,2, 𝐹𝑖,3, … ,  𝐹𝑖,𝑛from Video Clip 𝑉𝑖 and convert it to a Gray 

scale image 𝐺𝑖,1, 𝐺𝑖,2, 𝐺𝑖,3, … ,  𝐺𝑖,𝑛 where i=1,2,..,m, m=Total Collection of Videos in 

dataset n= Total video frames. 

Step 2: find edges 𝐸1,𝑖, 𝐸2,𝑖, 𝐸3,𝑖, … ,  𝐸𝑛,𝑖  using the canny method for all frames j= 1 to 

n of video 𝑉𝑖 from the collection of m videos. 

Step 3: Find Difference of Histograms of consecutive frames using 

  𝐷𝑖,𝑗 = ∑ (𝐸𝑖,𝑗
𝑚,𝑛
𝑖=1,𝑗=1 - 𝐸𝑖,𝑗+1)    (3.2) 

Step 4: If 𝐷𝑖,𝑗 > 𝑇 ,  select frame j as a keyframe. Threshold T = µ + c*σ,  

Step 5: Repeat steps 2 to 4 for all videos in the dataset. 
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Key Frame Extraction using Algorithms 3.2 is carried out on dataset video. Figure 3.3 shows 

the keyframes generated from the range of frames (150-210) of the video input using edge 

differences.  

 

FIGURE 3.3 Key Frame Extraction using Edge Difference method given in algorithm 2 between frame 

range 150-210 of video clip 

 

Algorithm 3.3: Key Frame Extraction  

Step 1: Extract Frames 𝐹𝑖,1, 𝐹𝑖,2, 𝐹𝑖,3, … ,  𝐹𝑖,𝑛 from Video Clip 𝑉𝑖 where i=1,2,..,m, m is 

the total Collection of Videos in dataset n is total video frames. 

Step 2: Find 𝐻𝐹𝑖,𝑗
, 𝑆𝐹𝑖,𝑗

,  𝑉𝐹𝑖,𝑗
 plane for each frame 𝐹𝑖 , i=1,2,…,n into HSV color space. 

Step 3: Concatenate Histograms each plane  

ℎ𝑖𝑠𝑡(𝐹𝑖,𝑗) = [ℎ𝑖𝑠𝑡 (𝐻𝐹𝑖,𝑗
)
′

 ℎ𝑖𝑠𝑡 (𝑆𝐹𝑖,𝑗
)
′

 ℎ𝑖𝑠𝑡(𝑉𝐹𝑖,𝑗
) ′  ]  frame 𝐹𝑖,𝑗,i = 1, …,n  

Step 4: Repeat Steps 2 to 4 for all frames of Video 𝑉𝑖  

Step 5: Apply Matrix Factorization M using SVD method on N number of frames using 

equation 3.3 

𝑀 = 𝐴𝐷𝑉𝑇         (3.3) 

A and V are orthogonal matrices of size p x p and n x n, diagonal matrix D with dimension 

p x n. 

Step 6: Find the rank of the matrix using equation 3.4 
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𝐶𝑅(𝑀) = 𝐿(
𝑀

𝑀(1)
> 𝑇),     (3.4) 

Where Threshold T = µ + c*σ,  𝐶𝑅 is current rank,  

Step 7: Select the current frame as given in equation 3.5, 

𝐾𝑓𝑖,𝑗
(k) = 𝐹𝑖,𝑗 if 𝐶𝑅 < 𝑃𝑅    (3.5) 

 Where k=1..K number of key frames stored in the structure of kframes, 𝑃𝑅 is previous 

rank 

Step 8: Repeat steps 5 to 7 to generate a collection of keyframes of input video clip 𝑉𝑖 

where i=1,2,..,m. 

 

FIGURE 3.4 Key Frame Extraction using Rank and SVD based method given in algorithm 3 between 

frame range 150-210 of video clip 

Key Frame Extraction using Algorithms 3 is carried out on dataset video. Figure 3.4 shows 

the key frames generated from the range of frames (150-210) of the video input using 

Singular Value Decomposition and rank of the matrix approach.  The SVD has become one 

of the popular algebraic transforms in image processing applications due to its inherent 

property of generating singular values important for representing the image. Also, the rank 

of the matrix gives information about the number of linearly independent rows of columns 

of the matrix. With the SVD applied on frames of video, unique keyframes are generated as 

described by algorithm 3.3.  
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To compare the performance of all three key frame extraction methods, experiments were 

performed on the same news video clip. As a result, for a particular range of frames i.e., 150 

– 210 experiments show that algorithm 3 generated required keyframes whereas the other 

two algorithms generated more redundant frames for the new story taken into consideration. 

3.3.1.1 Results 

In this part of the thesis, the experimental results of the methods for extracting key frames 

to represent a shot in video input are given. Proposed algorithm 3 works well on the dataset 

of Gujarati Language News Videos. Key frame extraction methods mentioned in the 

previous section are applied to three different sets of news videos ETVNG, DD11NG, and 

SANNG datasets of different news channels. Details of the size of the video in hours in each 

dataset along with total frames and key frames are given in Table 3.8. 

TABLE 3.8 Key Frames from each Dataset 

Datasets Total Hours 

(TH) 

Total Frames 

(TF) 

Key Frames 

(KF) 

ETVNG 30 hours 29,70,000 80,752 

DD11NG 29 hours 26,10,000 17,832 

SANNG 31.5 hours 32,85,000 74,400 

Compression Ratio (CR) = 1 – KF/TF    (3.1) 

 

FIGURE 3.5 Performance Evaluation of Three Algorithms with three datasets 
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To evaluate the performance of all three algorithms 3.1, 3.2, and 3.3 on three different 

datasets ETVNG, DD11NG, and SANNG compression ratio is used as the evaluation 

measure the compression ratio can be calculated as: 

For example, for dataset ETVNG the compression ratio is calculated using equation 3.1 gives 

the value 0.972.  The comparison of all three algorithms on three news channel video datasets 

is given in terms of compression ratio in Figure 3.5.  

It can be seen from the comparison given by Figure 3.5, algorithm 3 performs better in 

comparison with the other two algorithms for all three datasets used in the experiments 

performed. Also, algorithm2 performs poorly among all three algorithms overall on all the 

datasets used in the experiments.  

The main benefit of obtaining a good compression ratio is to reduce overall frames to process 

further in the following steps of the proposed CBVR system. 

3.3.2 Advertisement Detection and Removal 

In a day-to-day video of news, sports, etc. major shares are comprising of advertisements 

which are unwanted information many times[4]. Advertisement detection is having a useful 

application in multimedia processing. Processing video to cut portions of advertisement is a 

tricky part of the advertisement detection task. With help of a deep learning approach, it can 

be achieved with a small dataset of images for training and testing the model. 

The concept of Deep transfer learning is widely used in many models. Deep transfer learning 

is analogous to the concept of fine-tuning well know training methods in the deep neural 

network. The choice of retrained layer plays a significant role in the deep transfer learning 

concept as compared to conventional methods. In the conventional method, the whole 

network is trained again for brand sparking new categories.  

Although it can achieve good results in many cases, it is not the best one because it is hard 

to know how much the previous training process helps. Besides, only retraining the last layer 

cannot guarantee the best results either, because categories for source training data are 

usually different and the semantic representations in the higher layer are quite specific to the 

training categories. Therefore, it is not that suitable to use the highly specific semantic 

representation in the new recognition task. The reason for this phenomenon lies in the 

semantic representation for recognition.  
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In a convolutional neural network, higher layers of the network represent high-level semantic 

features such as objects or parts of objects whereas lower layers mostly represent features 

such as edges, textures, colors [3], etc. considered as low-level features. Low-level features 

represent similar information most of the time in many systems. Compared to low-level 

features, the high-level features are not the same for different categories of objects. Due to 

this fact, any good scheme used for transfer learning should have the capability of learning 

features that are common and tune the high-level features according to the categories of the 

target. To achieve the best results using transfer learning, we have carried out a variety of 

experiments to get the right choice for already trained layers. 

In this part of the proposed work, we have proposed advertisement detection using a transfer 

learning scheme that used pre-trained Alexnet model, SVM classifier, Bayesian optimizer to 

achieve better results compared to state of art work 

3.3.3 Pretrained Deep Learning Models 

In the computer vision field, the concept of transfer learning and the use of Pretrained models 

have attracted researchers and application developers to explore new dimensions using 

limited resources and also try out their work with an existing deep learning model. Due to 

constraints like limited time, limited dataset, and computational complexity, it is difficult to 

construct a network model from scratch and train them for a very large dataset with diversity 

in the dataset. The concept of a pre-trained network is used to test a small dataset of a similar 

type or improve existing models for a new or similar task.  

Also, the pre-trained models using transfer learning methods became popular in other fields 

such as NLP. In the context of the Natural Language Processing task, the transfer learning 

concept can be seen as the ability to train one model for one dataset and later on adapt that 

model on a different dataset to do different NLP tasks.  

Also, the pre-trained networks are used for generating features from a dataset. Pretrained 

Networks are trained on larger datasets like the ImageNet database[107][121], which are 

consisted of more than a million images and are classified into a large number of classes. 

The most popular pre-trained networks for large scale image retrieval tasks are 

Googlenet[122], Squeezenet[123][124], Resnet18[125], Resnet50[126], Alexnet[107][110], 

Vgg16[110] [127], Vgg19[127], etc.  
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3.3.3.1 Alexnet Model 

AlexNet is designed by Alex Krizhevsky and won the 2012 ImageNet LSVRC-2012 

competition. The AlexNet architecture has depth value 8, depth means “the number of 

convolutional and fully connected layers from input to output layer path in sequence”. 

Originally, Alexnet is used for classifying images into 1000 different classes of objects like 

pencil, mug, mouse, keyboard, and many animals. The architecture of Alexnet is shown in 

Table 3.4 where the input size of the image is 227x227x3. Alexnet has a total of 25 layers 

that contain five convolution layers and three fully connected layers. After every convolution 

and fully connected layer, the ReLU layer is applied. Dropout is used before the second fully 

connected year.[123] 

A pre-trained AlexNet convolutional neural network is fine-tuned to perform feature 

extraction as well as classification on a new comparatively smaller collection of images. 

AlexNet has been trained on over a million images and can classify images into 1000 object 

categories like keyboard, coffee mug, pencil, animals, etc. The network has learned rich 

feature representations for a wide range of images. The network takes an image as input and 

outputs a label for the object in the image together with the probabilities for each of the 

object categories. 

3.3.3.2 Alexnet as a feature extractor 

In this approach, some layers of the Alexnet are used for feature extraction, and then those 

features are dedicated to traditional classifiers for classification. To extract the features using 

this approach from keyframes of the database, the first input images were resized into 

227x227x3 and the activation function is applied at ‘fc7’ fully connected layer where 4096 

features set of the image was generated. The extracted feature set was given to the SVM 

classifier. Here 80% of the images were used for training and 20 % images for testing.  

3.3.3.3 Transfer Learning Approach 

The transfer learning approach using a pre-trained network is a very faster and easy way of 

training. The weights of the data are taken and transferred to new layers that work as another 

neural network. To carry out the transfer learning approach, all the pre-trained Alexnet 

network layers were used apart from the last three layers. The last three layers are replaced 

by the following layers in the transfer learning network: 

1. Fully connected layer 
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2. SoftMax layer 

3. Classification output layer  

An image datastore enables you to store large image data, including data that does not fit in 

memory, and efficiently read batches of images during training of a convolutional neural 

network. Divide the data into training and validation data sets. Use 70% of the images for 

training and 30% for validation.  

TABLE 3.9 Architecture Details of Alexnet Model 

Sr No Layer Operation Details 

1.  'data' Image Input                   

227x227x3 

Images with 'zerocenter' normalization 

2.  'conv1' Convolution                   

96 11x11x3 

convolutions with stride [4  4] and padding 

[0  0  0  0] 

3.  'relu1' ReLU ReLU 

4.  'norm1' Cross Channel 

Normalization 

cross channel normalization with 5 channels 

per element 

5.  'pool1' Max Pooling 3x3 max pooling with stride [2  2] and 

padding [0  0  0  0] 

6.  'conv2' Grouped 

Convolution 

2 groups of 128 5x5x48 convolutions with 

stride [1  1] and padding [2  2  2  2] 

7.  'relu2' ReLU ReLU 

8.  'norm2' Cross Channel 

Normalization 

cross channel normalization with 5 channels 

per element 

9.  'pool2' Max Pooling 3x3 max pooling with stride [2  2] and 

padding [0  0  0  0] 

10.  'conv3' Convolution 384 3x3x256 convolutions with stride [1  1] 

and padding [1  1  1  1] 

11.  'relu3' ReLU ReLU 

12.  'conv4' Grouped 

Convolution 

2 groups of 192 3x3x192 convolutions with 

stride [1  1] and padding [1  1  1  1] 

13.  'relu4' ReLU ReLU 

14.  'conv5' Grouped 

Convolution 

2 groups of 128 3x3x192 convolutions with 

stride [1  1] and padding [1  1  1  1] 

15.  'relu5' ReLU ReLU 

16.  'pool5' Max Pooling 3x3 max pooling with stride [2  2] and 

padding [0  0  0  0] 

17.  'fc6' Fully 

Connected 

4096 fully connected layer 

18.  'relu6' ReLU ReLU 

19.  'drop6' Dropout 50% dropout 

20.  'fc7' Fully 

Connected 

4096 fully connected layer 

21.  'relu7' ReLU ReLU 

22.  'drop7' Dropout 50% dropout 

23.  'fc8' Fully 

Connected 

1000 fully connected layer 
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24.  'prob' SoftMax SoftMax 

25.  'output' 

 

Classification 

Output 

1000 classes 

The network constructs a hierarchical representation of input images as explained in Table 

3.9. Deeper layers contain higher-level features, constructed using the lower-level features 

of earlier layers. To get the feature representations of the training and test images, use 

activations on the fully connected layer 'fc7'. To get a lower-level representation of the 

images, use an earlier layer in the network. 

3.4 Implementation Details 

Advertisement Classification is implemented using the following approaches: 

1. Advertisement classification using Alexnet Model and SVM Classifier 

2. Advertisement classification using Pretrained Model Alexnet 

3. Advertisement Classification using Proposed Deep learning Neural Network 

Architecture 

3.4.1 Advertisement classification using Alexnet Model for Feature Extraction and 

SVM Classifier 

The proposed method given in algorithm 3.4 exploits the concept of transfer learning with 

the Alexnet model for advertisement detection from the news video dataset. Dataset is created 

with the collection of news video data of DD Girnar, ETV Gujarati, tv9 news, VTV News 

and Sandesh broadcasted news channel of Gujarati language.  

The transfer learning approach is applied with the Alexnet network. Changes applied in the 

last layers of the network to train the model for the dataset of news video frames for the 

advertisement detection task. Although the Main idea of Alexnet is object detection, the 

model fits perfectly to the task of advertisement classification. The architecture of the Alexnet 

model has 5 convolutional layers and 3 fully connected layers. Activation Relu is applied 

after every layer. Dropout is applied before the first and the second fully connected year. 
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FIGURE 3.6 Proposed Method for Advertisement detection 

The proposed method for advertisement detection is explained in Figure 3.6. As shown in 

Figure 3.6, Frames are extracted from video input. The next task of extracting key frames is 

performed using singular value decomposition SVD and ranking-based algorithm [6]. Feature 

extraction from key frames is performed with the Alexnet model for the small size datasets 

followed by binary classification with SVM to obtain desired advertisement detection task.  

Algorithm 3.4: Advertisement Classification using Pretrained Model and SVM 

Classifier  

Step 1: Generate Key Frames 𝐾𝐹𝑖,1, 𝐾𝐹𝑖,2, 𝐾𝐹𝑖,3, … ,  𝐾𝐹𝑖,𝑛using Algorithm for Key Frame 

Extraction from 3.4: Video Clip 𝑉𝑖 for two different categories i.e., Advertisements and 

News 

Step 2: Divide the Dataset in ratio X: Y for training and testing collection 

Step 3: Augment the dataset by pre-processing the frames with operations resizing and 

normalizing for training and testing 

Step 4: Alexnet Pretrained model is modified for the dataset. The model can be seen as a 

function 𝐸𝐶𝑁𝑁 described by equation 3.6,  

𝐹𝑘 =  𝐸𝐶𝑁𝑁(𝐹𝑖,𝑘),   ∀ 𝐹𝑖,𝑘 ∈ 𝑉𝑖 , 𝑖 =     1, 2, … ,𝑚  , 𝑘 = ,2, . . , 𝑛    (3.6) 

model generates f=4096 features vectors 𝐹𝑖,𝑘 for video 𝑉𝑖 from the dataset of videos. 

Feature Vector can be characterized as a collection of features given by equation 2. 

           𝐹𝑘 = ((𝑓𝑘
(1)

, 𝑓𝑘
(2)

,  … , 𝑓𝑘
(𝑓)

)𝑇)                                       (3.7) 
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Step 5: Train the SVM classifier with a Bayesian Optimizer for the training set of feature 

vectors generated. 

Step 6: classify the samples of the test set using the predictors and label data generated 

from the SVM model trained in step 4. 

The network requires an input video frame of size 128-by-128-by-3, but the frames of video 

have a different resolution for different news channels. To resize the training and test images 

before they are input to the network, augmented datastores of the input frames need to be 

created. For this purpose, specify the desired input frame size, and use these datastores as 

input arguments to activations. 

Feature vectors 𝐹𝑘 are given as input to the SVM multiclass classifier for the classification 

task where Bayesian optimization is used for tuning the hyperparameters. For the 

classification purpose, data is mainly divided into two classes labeled as advertisement and 

news respectively. Key frames are divided into two classes advertisement and news for 

training and testing purposes. Dataset has been divided into 75:25 proportions for training 

and testing of the system.  

In binary classification, task SVM has performed well compared to other classifiers due to its 

kernel trick to handle nonlinear input spaces. SVM finds an optimal hyperplane which helps 

in classifying new data points. Due to this fact, we have applied classifier SVM with a 

Bayesian optimizer to boost the classification performance. Bayesian optimizer attempts to 

minimize a scalar objective function f(x) for x in a bounded domain. The function can be 

deterministic or stochastic, meaning it can return different results when evaluated at the same 

point x.   

The Gaussian process model of function f(x), Bayesian update procedure for modifying the 

Gaussian process model at each new evaluation of function f(x) and acquisition function a(x) 

(based on the Gaussian process model of f) that you maximize to determine the next point x 

for evaluation are the key elements of Bayesian Optimization.[18] the objective function f 

will be sampled at 𝑥𝑡 = 𝑎𝑟𝑔𝑚𝑎𝑥𝑥 𝑢(𝑥|𝐷1:𝑡−1 )) where u is the acquisition function and 

𝐷1:𝑡−1 = (𝑥1, 𝑦1), … , (𝑥𝑡−1, 𝑦𝑡−1) are the t−1 samples drawn from the function f. 

The Bayesian optimization procedure is as follows. For t=1, 2,… repeat: 

➢ Find the next sampling point 𝑥𝑡 by optimizing the acquisition function over the GP: 

𝑥𝑡 = 𝑎𝑟𝑔𝑚𝑎𝑥𝑥 𝑢(𝑥|𝐷1:𝑡−1 )    (3.8) 
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➢ Obtain a possibly noisy sample from the objective function f. 

𝑦𝑡 = 𝑓(𝑥𝑡) + 𝜖𝑡     (3.9) 

➢ Add the sample to previous samples using equ.3.10 

        𝐷1:𝑡 = 𝐷1:𝑡−1, (𝑥𝑡 , 𝑦𝑡)   (3.10) 

and update the GP. Bayesian optimization is used to tune the hyperparameters of a model. 

(a) (b) 

FIGURE 3.7 (a)Training Accuracy (b) Training Loss of proposed approach using transfer learning 

with Alexnet pre-trained model and SVM classifier with Bayesian Optimizer 

The plot of training accuracy of experiments performed with Alexnet pre-trained model 

with SVM classifier and Bayesian optimizer is shown in Figure 3.7 (a). In Figure 3.7 (b) 

plot of training loss is given. The base learning rate is taken as 1.0000e-04 with 5 epochs 

and 50 iterations per epochs used in training. 

3.4.2 Advertisement classification using Pretrained Model Alexnet 

Algorithm 3.5: Advertisement Classification using Pretrained Model and Transfer 

Learning Approach  

Step 1: Generate Key Frames 𝐾𝐹𝑖,1, 𝐾𝐹𝑖,2, 𝐾𝐹𝑖,3, … ,  𝐾𝐹𝑖,𝑛using Algorithm 3 for Key 

Frame Extraction from Video Clip 𝑉𝑖 for two different categories i.e., Advertisements and 

News 

Step 2: Divide the Dataset in ratio X: Y for training and testing collection 

Step 3: Augment the dataset by pre-processing the frames with operations resizing and 

normalizing for training and testing 

Step 4: To use the Alexnet Pretrained model, Modify the Last layers to train the data and 

train the network. 

Step 5: Classify the data into two classes ADV and NEWS. 
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In the experiments performed for transfer learning using Alexnet, the model is trained using 

a dataset created for advertisement and news classification tasks. The plot of training accuracy 

of experiments performed with the Alexnet pre-trained model is shown in Figure 3.8 (a). In 

Figure 3.8 (b) plot of training is given. The base learning rate is taken as 1.0000e-04 with 5 

epochs and 50 iterations per epochs used in training.  

 

(a) 

 

(b) 

FIGURE 3.8 (a)Training Accuracy (b) Training Loss of proposed approach using transfer learning 

with Alexnet pre-trained model 

3.4.3 Advertisement Classification using Proposed Deep learning Neural Network 

Architecture 

Pretrained model and transfer learning concepts were explored first for the advertisement 

classification task. A neural network model with deep learning is proposed for advertisement 

classification to compare the performance with the pre-trained model. 

TABLE 3.10 ADVNET ARCHITECTURE 

Sr No Layer Name Input/operation Description 

1 'imageinput' Image Input         
28x28x3 images with 'zerocenter' 

normalization 

2 'conv_1' Convolution              
8 3x3x3 convolutions with stride [1  

1] and padding 'same' 

3 'batchnorm_1' Batch Normalization      Batch normalization with 8 channels 

4 'relu_1' 
ReLU activation 

function              
ReLU activation function applied 

5 'maxpool_1' Max Pooling              
2x2 max pooling with stride [2  2] 

and padding [0  0  0  0] 

6 'conv_2' Convolution              
16 3x3x8 convolutions with stride [1  

1] and padding 'same' 
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7 'batchnorm_2' Batch Normalization      
Batch normalization with 16 

channels 

8 'relu_2' 
ReLU activation 

function                               
ReLU activation function applied 

9 'maxpool_2' Max Pooling    
2x2 max pooling with stride [2  2] 

and padding [0  0  0  0] 

10 'conv_3' Convolution              
32 3x3x16 convolutions with stride 

[1  1] and padding 'same' 

11 'batchnorm_2' Batch Normalization      
Batch normalization with 32 

channels 

12 'relu_3' 
ReLU activation 

function                               
ReLU activation function applied 

13 'fc' Fully Connected 2 fully connected layer 

14 'softmax' Softmax                  Softmax 

15 'classoutput'    
Classification 

Output    

crossentropyex with classes 'ADV' 

and 'NEWS' 

In the proposed deep learning neural network architecture, 15 layers are used which is 

described in Table 3.10. The proposed architecture is named ADVNET which is trained 

using different parameters to achieve better performance. The main two different notable 

experiments with optimizers SGD and Adam are described in the following sections. 

3.4.3.1 ADVNET using SGDM Optimizer 

 

The stochastic gradient descent with momentum algorithm might oscillate along the path of 

steepest descent towards the optimum. Adding a momentum term to the parameter update is 

one way to reduce this oscillation[128]. The stochastic gradient descent with momentum 

update is 

θℓ+1=θℓ−α∇E(θℓ) +γ(θℓ−θℓ−1)                    (3.11) 

where ℓ is the iteration number, α>0 is the learning rate, θ is the parameter vector, and E(θ) 

is the loss function. In the standard gradient descent algorithm, the gradient of the loss 

function, ∇E(θ), is evaluated using the entire training set, and the standard gradient descent 

algorithm uses the entire data set at once. Where γ determines the contribution of the 

previous gradient step to the current iteration[129]. 

With the proposed model, classification accuracy achieved is 99.74 which is slightly better 

compared to previous methods using the pre-trained model and transfer learning-based 

model. The model is trained for 6 epochs with two different optimizers Adam and SGD. The 
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mentioned results with 99.74 percent of accuracy are obtained with a SGD optimizer. Figure 

3.9 shows the training accuracy and loss during the training of the model with 6 epochs and 

6 iterations per epochs i.e., a total of 36 iterations. Time taken for training is 15 sec. 

  

FIGURE 3.9 Training Accuracy and Loss during Model Training for Advertisement Classification 

using SGD optimizer 

3.4.3.2 ADVNET using Adam Optimizer 

Adam (derived from adaptive moment estimation) optimization algorithm is the alternative 

of SGD optimization algorithm used for training in deep learning models. Adam uses a 

parameter update that is similar to RMSProp (Root Mean Square Propagation) with 

momentum. Adam combines the best properties of the AdaGrad and RMSProp algorithms 

to provide an optimization algorithm that can handle sparse gradients on noisy problems.  

In practice, Adam is currently recommended as the default algorithm to use and often works 

slightly better than RMSProp. However, it is often also worth trying SGD+Nesterov 

Momentum as an alternative. Adam keeps an element-wise moving average of both the 

parameter gradients and their squared values as given by the following equations. 

mℓ = β1mℓ−1 + (1−β1) gt   (3.12) 

vℓ = β2vℓ−1 + (1−β2) [gt]
2    (3.13) 

Where m and v are moving averages, g is gradient on current mini-batch, β1 and β2 are 

hyper-parameters of the algorithm. β1 is used for decaying the running average of the 

gradient (0.9 is the default value). β2 is used for decaying the running average of the square 

of gradient (0.999). Almost no one ever changes these values. The vectors of moving 

averages are initialized with zeros at the first iteration.[124], [125] Specify the β1 and β2 

decay rates using the 'Gradient Decay Factor' and 'Squared Gradient Decay Factor’ name-
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value pair arguments, respectively. Adam uses these averages to update the network 

parameters as 

θℓ+1 = θℓ − 
α 𝑚ℓ

√𝑣ℓ+ ɛ
     (3.14) 

If gradients over many iterations are similar, then using a moving average of the gradient 

lets the parameter updates pick up momentum in a certain direction. If the gradients contain 

mostly noise, then the moving average of the gradient becomes smaller, and so also the 

parameter updates become smaller. One can specify ɛ by using the 'Epsilon' name-value pair 

argument. The default value usually works well, but for certain problems, a value as large as 

1 works better. 

  

FIGURE 3.10 Training Accuracy and Loss during Model Training for Advertisement Classification 

using ADAM optimizer 

With the proposed model, classification accuracy achieved is 99.47 percent which is slightly 

less compared to the previous model with an SGDM optimizer. The model is trained for 6 

epochs with Adam optimizer. Figure 3.10 shows the training accuracy and loss during the 

training of the model with 6 epochs and 6 iterations per epochs i.e., a total of 36 iterations. 

Time taken for training is 21 sec which is also more compared to a model with a SGDM 

optimizer. 

3.5 Results and Comparison 

In the proposed approach, the experiments are mainly performed using a machine with an 

i7-7500 u 2.7 GHz processor, 16 GB RAM, and MATLAB library for image, video, and 

deep learning architecture. The experiments are performed with MATLAB video processing 

and a deep learning toolbox. Pretrained model Alexnet is used here for experiments. 

file:///C:/Program%20Files/MATLAB/R2018a/help/nnet/ref/trainingoptions.html%23mw_45b0945f-9f7c-4646-bbf0-9db3b23ff219
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Experiments were performed on a small dataset of keyframes extracted from various news 

channel videos and divided into two classes advertisement and news. 

3.5.1 Method1: Performance using Alexnet and SVM 

The results of classification are shown in Table 3.11 with the use of a confusion matrix. Out 

of total frames 32.7 percentage of advertisements frames correctly classified and 0.8 

percentage of  

TABLE 3.11 Confusion matrix of classification of News vs Advertisements using Alexnet and SVM 

 

 

 

 

 

 

 

 

 

misclassification for advertisement class can be seen in Table 3.11. Whereas, 66.5 percent of 

total frames are news frames that are correctly classified as news with no misclassification. 

The proposed method performs very well with an accuracy of 99.2 percent reported. Frames 

with news stories are correctly classified and labeled as News and also Advertisement is 

classified correctly and labeled as ADV. 

3.5.2 Method 2: Performance using Alexnet Model 

The results of classification are shown in Table 3.12 with the use of a confusion matrix. Out 

of total frames, 32.4 percentage of advertisements frames correctly classified, and 1.1 

percentage of misclassification for advertisement class can be seen in Table 3.12. Whereas, 

66.6 percent of total frames are news frames that are correctly classified as news with no 

misclassification.  

 

 ADV NEWS  

O
U

T
P

U
T

 C
L

A
S

S
 

ADV 
32.7 % 0.0 % 

100 % 

0.0 % 

NEWS 
0.8 % 66.5 % 

98.8 % 

1.2 % 

  
97.6 % 

2.4 % 

100 % 

0.0 % 

99.2 % 

0.8 % 

 TARGET CLASS 



Results and Comparison 

75 

The proposed approach using the pre-trained Alexnet model performs very well on the dataset 

with categories news and advertisement with an accuracy of 98.9 percent as per Table 3.12 

reported along with training time of 5 min 12 sec taken by the model. Training accuracy and 

loss are given in Figure 3.11. 

TABLE 3.12 Confusion Matrix for advertisement classification using pre-trained ALEXNET model 

 

 

 

 

 

 

 

 

 

 

 

3.5.3 Method 3: Performance using Proposed Deep Learning Neural Network 

Architecture 

TABLE 3.13 Confusion Matrix for ADVNET using SGDM optimizer 
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Results of classification with proposed Deep Learning architectureADVNET using SGDM 

optimizer are shown in Table 3.13 with the use of confusion matrix. The proposed approach 

performs well with 99.74 percent accuracy achieved. Out of total frames, 33.4 percentage of 

advertisements frames correctly classified, and 0.3 percentage of misclassification for 

advertisement as news class as given in table. Whereas, 66.3 percent of total frames are news 

frames that are correctly classified as news.  

Experiments performed for classification were based on the 8:2 ratio for training and testing 

set from the dataset taken for advertisement classification where 843 frames were taken in 

the news category and 435 frames belong to the advertisement category. 

TABLE 3.14 Confusion Matrix for ADVNET using ADAM optimizer 

 

 

 

 

 

 

 

 

 

 

Results of classification with proposed Deep Learning architecture ADVNET using ADAM 

optimizer are shown in Table 3.14 with the use of confusion matrix. In this variant with 

changed optimizer accuracy achieved is 99.5 which is slightly less than that of with earlier 

optimizer SGDM. Out of total frames, 32.9 percentage of advertisements frames correctly 

classified, and 0.3 percentage of misclassification for news as advertisement class can be seen 

in Table. Whereas, 66.6 percent of total frames are news frames that are correctly classified 

as news. 
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3.5.4 Comparison of Different Models 

The advertisement classification task is mainly performed to detect and remove extra 

keyframes containing advertisements from the dataset to reduce overall processing time for 

the retrieval task. The proposed architecture of the deep learning model named ‘ADVNET’ 

has given better performance for advertisement classification tasks as compared to other 

models experimented with our dataset.  

As shown in Figure 3.11, the Performance of the ADVNET model with different optimizers 

Adam and SGDM is given. The experiments performed with ADVNET+SGDM have given 

accuracy 99.74 which is slightly better than the accuracy achieved with ADVNET+ADAM 

which is 99.47. Not only accuracy but training time is taken by ADVNET+SGDM was also 

15 sec which less compared to the time taken by ADVNET+ADAM which was 21 sec. 

 

FIGURE 3.11 Comparison of Performance of ADVNET model with different optimizers Adam and 

SGDM 

Finally, in Figure 3.12 comparison of all the different models experimented with the 

advertisement classification task is given. As per Figure 3.13, it can be seen that the proposed 

‘ADVNET+SGDM’ model performs better in terms of accuracy i.e., 99.74 compared to all 

the models tried which are ADVNET+ADM with accuracy 99.47, ALEXNET with the 
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accuracy obtained 98.9 and ALEXNET as feature extractor with SVM classifier with 

accuracy 99.2. 

 

FIGURE 3.12 Performance comparison of different deep learning models for advertisement 

classification task 
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Chapter 4  

Proposed Text Query based Video Retrieval 

Approach 

4.1  Introduction 

In the era of Digital content, it is required to do an intelligent analysis of digital information 

to make the content beneficial for the applications which are useful to the common man in 

society. Text content-based video retrieval is an area which is explored for many years in 

developed countries for the English language and other popular foreign languages. Many 

applications exist today where English language text information is processed and useful 

results are generated from various digital contents in various forms such as text documents, 

images, videos as well as audio. Similar work if searched in the context of regional languages 

of India, then it is easy to find the gap between technologies and applications that exist for 

the local languages as compared to the English language. 

As discussed in the literature survey chapter, content-based video retrieval can be done for 

video data very similar to the task to CBIR i.e., Content-based Image Retrieval. As opposed 

to CBIR, in the CBVR task, the video is parsed and divided into meaningful shots which are 

processed further to get more meaningful information which is called Keyframes. Key Frame 

can be seen as a representative frame of the shot that gives necessary information about the 

shot and features extracted from it can represent a shot. One or more keyframes are used 

generally to get the required features of the shot. The features extracted are further processed 

and used for indexing video data. Various indexing techniques exist and the one suitable for 

the task used to efficiently create an index for the input video dataset. For retrieval, a query 

image or query text or any other form of query can be used to retrieve relevant video clips 

from the vast collection of videos of the dataset.  

Since Broadcasted Video in India is lacking in metadata information such as closed 

captioning, transcriptions, etc., retrieval of videos based on text data is a trivial task for most 

of the Indian language video. To retrieve a specific story based on text query in a regional 
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language is the key idea behind the proposed approach. Broadcast video is segmented to get 

shots representing small news stories.  

4.2 Proposed Methodology 

. 

FIGURE 4.1 Block Diagram of Proposed System for Content based Video Retrieval (CBVRAPP1) 

The proposed system for content-based video retrieval for news videos is explained in the 

block diagram of Figure 4.1. As shown in the diagram, the first step is to process the video 

taken as input to generate a keyframe or set of keyframes to represent each shot or story in 

the news video. To represent each shot efficiently, keyframe extraction using singular value 

decomposition and rank of a matrix is proposed as explained in Algorithm 3.3 in chapter 3 

of the thesis. Keyframes extracted are processed further for advertisement removal. 

Advertisement is separated using the proposed advertisement classifier as explained in 

chapter 3 of the thesis. As advertisements are not useful frames for news story retrieval tasks 

so they are ignored for further processing in the system. 

As shown in the block diagram, the third important task is text feature extraction from the 

frame of the video. Text is extracted from keyframes using Tesseract OCR and text features 

are used for indexing which is explained in the following sections of the chapter.  



Proposed Methodology 

81 

4.2.1 Text Feature Extraction: 

 

કદલ્હીંમ્ગાઢ ધમુ્મસને પગલે ૫૪ ટે્રન લેટ, ૧૧ | 

FIGURE 4.2 Text Extraction from the frame of input video 

Tesseract[83] OCR library is used for text extraction. Figure 4.2 shows the output of 

Tesseract OCR on the frame of the news video. As the frame is clean and without any noise, 

the extracted text is much clear as compared to the noisy frame with low resolution.  

 

FIGURE 4.3 Text Feature Extraction  

Text Band Localization 

Raw Text Extracted using OCR 

Cleaning Text using Regular 

Expression 

Key Frame 

Text Document 

Key Frame 

Collection 

Text 

Documents 
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Text features are extracted from the keyframe as shown in Figure 4.3. The text band in the 

video frame is located followed by optical character recognition to extract raw text. Text in 

raw format contains extra symbols which are cleaned using regular expression formed to 

process the Gujarati language text and extra symbols. 

In parallel to text extraction, another important task is to process document text with steps 

like tokenization, punctuation, and stemming which are important for indexing. 

Normally documents are represented as a vector. In Figure 4.4, an example is shown where 

documents are represented in vector space where each term and its frequency in documents 

D1, D2, etc. is shown. 

 

      

   

 

      

 

 

 

FIGURE 4.4 Term-Document Matrix 

4.2.2 Indexing 

Indexing is a significant method of information retrieval systems. It is the core functionality 

and also the first step in the information retrieval task. Indexing makes it efficient to retrieve 

information by reducing documents in the informative terms available within them. It 

provides an effective mapping of terms to the documents containing those terms. To achieve 

faster retrieval, it is necessary to build effective indexing for the documents. Basic steps to 

index documents for retrieval are explained as follows: 

 

 

 
D1 D2 D3 D4 

નરેશ 2 1 0 1 

પટેલ 2 1 0 1 

રાજીનામ ું 1 0 0 1 

સલમાન 0 1 1 1 

Documents    Vector Space Representation 

સલમાન  

નરેશ પટેલ 

રાજીનામ ું 
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Steps for Indexing: 

Step 1: Tokenization and Removal of Extra Symbols 

For example, a sentence નરેશપટેલ રાજીનામુ ંઆપશે is tokenized into four tokens:                

નરેશ, પટેલ, રાજીનામુ,ં આપશે 

Step 2: Stop word Removal for Gujarati Text:  

As part of indexing, stop words are identified and created a list of 90 stop words. 

After generating tokens from the documents, each token is verified against the list of 

stop words and removed if found to match with the list. Few stop words are listed in 

Table 4.1. 

Step 3: Stemming  

Stemming is the process of finding the root word. e.g., યનુનવનસિટીમા ં is stem to 

યનુનવનસિટી. Stemming is explained in detail in section 4.2.2.1. 

Step 4: Term weighting 

TABLE 4.1 Few examples of Stop Words in “Gujarati” language 

ન નો છો જી લેવા 

મકૂી નહી બધુ ં હા તુ ં

નો છો જી 
એ છીએ 

હોવા નુ ં તેથ  જેવ  હશે 

એવા એન  થતા ં હતા ં તેવ  

થયો એવ  થ  થયુ ં તયા ં

મા ં ન  આપ  રહ ે તેઓ 

પાસે તેમ ને તેને હુ ં
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4.2.2.1 Stemming for Gujarati Language 

Stemming means finding the root word of a given word. For ex. stemming of ‘walking’, 

‘walked’ is ‘walk’, in the Gujarati language for example ‘બોપલન ’ stem to ‘બોપલ’. 

Stemming is used to reduce dictionary size and improve searching performance. All possible 

word partitions for the given word are searched and the optimal split position is determined 

to find the root word. The optimal split position using the given equation is determined to 

stem the words from the input. 

Stemming Example: 

• word તપાસમા ંroot word તપાસ suffix મા ં

• word ખોટી root word ખોટ suffix ી  

• word આવયુ ંroot word આવય suffix ીુીં 

• word તપાસમા ંroot word તપાસમ suffix ીાી ં

4.2.2.2 Inverted indexing 

Inverted indexing is one of the popular indexing methods for text document indexing for 

faster retrieval. The main components of an inverted index are Dictionary and Postings Lists. 

For each term in a document from the collection of documents, there is a posting list 

associated which contains information about the occurrence of the term in the provided 

collection. 

1.1.1.7.1 Dictionary 

The dictionary works as a lookup data structure on top of the posting lists. Given an inverted 

index and a query, our first task is to determine whether each query term exists in the 

vocabulary. As a first step, it is required to identify if the word is used for searching is 

available in the vocabulary i.e., the inverted index and if so, identify the corresponding 

postings. This lookup operation uses a data structure called the dictionary.  

1.1.1.7.2 Posting List 

The actual index data is stored in the posting list. It is accessed through the dictionary. Each 

term has its postings list assigned to it. Since the size of the posting list can be large and 

therefore it’s better to keep this stored over the disk to reduce the cost.  
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Dictionary and posting files are shown in Figure 4.5 with a snapshot of few entries in the 

actual dictionary file and posting files generated from the system. For example, દલલતોના 8 

120240 entry in dictionary file represents the token દલલત appeared 8 times and last 120240 

number represents document id. Each document is uniquely identified using its document 

id. Indexing of approximately 1.5 lacs documents has been done for the news videos of the 

dataset.  

 

 

 

           Dictionary File 

 

  

                                    

          

  

 

 

 Posting File 

 

 

FIGURE 4.5 Dictionary File and Posting File created for indexing documents 

4.2.2.3 Score using TF IDF  

The mechanism for determining the score of a document includes how good a matching 

document is for a query. The document which mentions term from query more often should 

દલલત 8 120240 

અનિકાર 28 120304 

સ આરપ એફ 1 183400 

નક્સલ ઓ 5 183408 

Metadata:  Doc ID: Vector 

length, vector squared sum 

< સ આરપ એફ, 2  

 સ આરપ એફ; 

doc1: position1, position2 … ; 

doc2: position1, position2 … ; 

etc.> 



Proposed Text Query based Video Retrieval Approach 

86 

receive high score while matching. To implement a scoring mechanism based on ranking a 

score is computed based on term weight.  

For the indexing in the proposed approach, documents for each keyframe are generated with 

Gujarati text extracted after all preprocessing steps to remove extra symbols. Following steps 

are performed for indexing the documents using Term Frequency and Inverse Document 

Frequency.  

Each document 𝑑𝑛 is represented as a vector of terms 𝑡1, 𝑡2, … , 𝑡𝑚 from the Collection of 

documents D = {d1, d2, … , dn}. The document vector is given by equation 4.2. 

𝑣𝑑𝑛
⃗⃗ ⃗⃗ ⃗⃗  = (𝑡𝑓(𝑡1, 𝑑𝑛),  𝑡𝑓(𝑡2, 𝑑𝑛),… , 𝑡𝑓(𝑡𝑚, 𝑑𝑛))   (4.2) 

Find the frequency of a term in the document by following equation4.3. 

 𝑡𝑓(𝑡, 𝑑) = ∑ 𝑓(𝑥, 𝑡)𝑥∈𝑑 , where  𝑓(𝑥, 𝑡) = {
1,   𝑖𝑓 𝑥 == 𝑡
0,   𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

      (4.3) 

Find Inverse Document Frequency using equation 4.4. 

𝑖𝑑𝑓(𝑡) =  log
|𝐷|

1+|{𝑑∈𝐷:𝑡∈𝑑}|
          (4.4) 

                                where |𝐷| = Total Number of Documents  

4.2.3 Searching Algorithm 

• Returns the k most relevant docIDs in the result for the given query 

• params: 

• query:          the query string 

• dictionary:     the dictionary in memory 

• indexed_docIDs: the list of all docIDs indexed 

1. Represent each document in the dataset as a weighted tf-idf vector 𝑑 . 

2. First finds term T and term weights TWq from query string using term frequency 

and inverse document frequency to represent the query as weighted tf-idf vector 𝑞⃗⃗   . 

3. Compute cosine score using equation 4.5 as: 
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cos(𝑞 , 𝑑 ) =
�⃗�  °𝑑 

|�⃗� || 𝑑 |
=

∑ 𝑞𝑖𝑑𝑖
|𝑉|
𝑖=1

∑ 𝑞𝑖
2|𝑉|

𝑖=1
∑ 𝑑𝑖

2|𝑉|
𝑖=1

    (4.5) 

Here |𝑞 | = 𝑙𝑒𝑛𝑔𝑡ℎ 𝑜𝑓 𝑞 , and| 𝑑 | = 𝑙𝑒𝑛𝑔𝑡ℎ 𝑜𝑓  𝑑   

The equation gives the cosine of the angle between the vectors 𝑞  and 𝑑  

4. Calculate score for each doc in posting list using equation 4.6 and 4.7 as given by, 

TWd= 1+ log (𝑡𝑓(𝑡, 𝑑)) ∗ log
|𝐷|

1+|{𝑑∈𝐷:𝑡∈𝑑}|
    (4.6), 

 S(D)= cos(𝑞 , 𝑑 )      (4.7) 

  TW- Term Weight, TF- Term Frequency in Document 

5. Accumulate all scores using equation 4.8 as 

SS = ∑ 𝑆(𝐷)𝑁
1        (4.8)   

Where N is total documents in the dataset, S-Score, SS-Accumulated Score, D-Documents 

4. Normalize all scores by the length of the Document. 

5. Retrieve top k relevant videos. 

 

 

 

 

 

 

Figure 4.6 Cosine similarity between query and document vectors in vector space model 

In the experiments done on the dataset prepared, retrieval of relevant video clips is done 

based on the query text. For the set of documents of size n, retrieved results that are relevant 

are taken as true positive, and retrieved video clips which are not relevant to the query are 

ϴ1 

𝑑 1 

𝑞 1 𝑑 2 
ϴ1 = angle(𝑞 1, 𝑑 1) 

𝑑 1 = document vector 1 

𝑑 2 = document vector 2 

𝑞 1 = query vector 1 
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taken as false positive. Video clips that are pertinent to the query but not retrieved by the 

system are called false negatives.  

Query set is prepared from the dataset. Query set is used to retrieve relevant documents from 

the dataset. To retrieve top k relevant documents from dataset similarity between test and 

indexed data is measured using Cosine similarity as described by Figure 4.6. As the cosine 

of the angle between document vector and query vector is small the more relevant documents 

are found, as cosine is a monotonically decreasing function of the angle for the interval [0 ֩, 

180֩] 

4.3 Experimental Results 

In the proposed approach, the experiments are mainly performed using a machine with an i7 

3.3 GHz processor, 16 GB RAM for training the model. The experiments are done with 

python 3.6 with OpenCV library for video processing and basic text processing library for 

preprocessing of text features. 

The size of different datasets in hours used for experiments is shown in Figure 4.7. Also, the 

count of keyframes from each dataset for which text feature extraction is done and collection 

of the text document is generated is given in Figure 4.8. 

Outcomes of the proposed approach are acquired by utilizing a query set of size ten. The 

query set for the task is designed with a variable length of the query text. The total dataset 

contains approximately 1.5 lacs documents records out of which ten most pertinent archives 

are retrieved. Assessment of framework is finished utilizing precision and recall metric as 

well as mean average precision. Precision and Recall are calculated based on retrieved results 

as following for documents retrieved for each query. The mean average precision value 

obtained is 91.5. The maximum number of documents retrieved is ten for each query.  Text 

query set is designed to test the performance of the system. 

In Figure 4.9, response time for datasets ETVNG, DD11NG, SANNG in 

microseconds/query is shown. As compared to ETVNG whose response time is 0.5 

microseconds per query, response time with the other two datasets was better which 0.39 

microseconds per query for SANNG and 0.4 microseconds per query for the DD11NG 

dataset.  In the proposed system, a single query takes an average of 10.53 microseconds for 

k=10. Once a query is submitted,  
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Figure 4.7 Dataset Size used for CBVR 

 

 

Figure 4.8 Number of Keyframes of different dataset 

 

FIGURE 4.9 Response time for different datasets in microseconds/query 
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results are retrieved and ranking of retrieved results is done based on similarity with query 

vector. Results of top-six retrieved video clip for query term “સલમાન” is shown in Figure 

4.10. 

 

 

FIGURE 4.10 Top 6 results retrieved on query text “સલમાન” 

Performance evaluation of the proposed CBVR using the text query-based approach is done 

using precision-recall as well as other measures like P@Ri and MAP. Table 4.2 lists 

precision and recall values calculated using the equation described in chapter 2. The highest 

precision and recall are achieved precision 1 and recall 0.8 with SANNG dataset, whereas 

the dataset DD11NG which is small in size compared to SANNG gave comparable recall of 

0.78 with precision value 1. ETVNG is the dataset that gets a lower recall value as compared 

to the other two datasets i.e., 0.6 with the precision value 1. Also, the precision-recall is 

calculated with the combined large dataset NEWS3 with all videos, which gives recall value 

0.73 and precision value 1.   
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FIGURE 4.11. Performance Evaluation in P@Ri of the proposed approach for query set Q 

TABLE 4.2 Results using Precision-Recall and Response Time/Query for different datasets  

Dataset Precision 

& 

Recall 

ETVNG P=1, R=0.6 

SANNG P=1, R=0.8 

DD11NG P=1, R=0.78 

NEWS3 P=1, R=0.73 

To measure the performance of the proposed system using P@Ri performance measure, 

values for P@R1, P@R2,..P@R10 are calculated for the query set with k=10. The plot of 

Figure 4.11 shows the results for queries from the set Q={Q1,…, Q10}. For the higher value 

of k value for P@R is decreasing for different queries as for few queries in the set, the 

number of relevant documents is less than k. With performance measures for each query, 

finally, precision and average precisionis calculated as given in equation 4.9. The mean 

average precision MAP is calculated from the average precision value obtained to evaluate 

the performance of the system over the query set. 
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𝐴𝑃 =  1/𝑛 ∑ 𝑃@𝑅𝑘𝑛
𝑘=1      (4.9) 

𝑀𝐴𝑃(𝑄) =
1

𝑄
∑

1

𝑚𝑗
∑ 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛(𝑅𝑗𝑘)

𝑚𝑗

𝑘=1
|𝑄|
𝐽=1    (4.10) 

 

FIGURE 4.12 Performance of Text Query-based video retrieval 

The Performance of text query-based retrieval in terms of average precision is shown in 

Figure 4.12.  Finally proposed text query-based CBVR approach is evaluated with Mean 

Average Precision from the average precision value calculated as given in Figure 4.12. The 

MAP value obtained is 91.5 using equation 4.10. For the large dataset, experiments are 

performed which provides faster retrieval with good MAP value along with less memory 

requirement for storing index due to preprocessing steps for video as well as text 

preprocessing before indexing.  
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Chapter 5  

Proposed Deep Learning Approach for News 

Video Retrieval 

5.1  Introduction 

Deep learning is part of artificial intelligence (AI) that working likes human brains. It learns 

from examples and creating the pattern that is used at the time of decision making. It is a 

subgroup of machine learning that has an efficient network, which learns in an unsupervised 

manner from a large amount of labeled data. Deep learning used a similar kind of architecture 

used in Neural Network, so it is also well-known as a deep neural network or deep neural 

learning. 

The word “deep” typically points out the number of hidden layers in the neural network. 

Usually, the traditional neural networks have only two-three hidden layers since deep neural 

networks have a large number of layers like 150 layers. The traditional neural network 

requires manual feature extraction, while deep neural learning models are trained 

automatically, with no need for manual feature extraction from data, but it required a large 

amount of labeled data to learn itself [117].  

 

 

 

 

 

 

FIGURE 5.1 Performance Evaluations for Deep Learning and Machine Learning Algorithm 

Figure 5.1 shows the performance of deep learning vs. older machine learning algorithms, 

which indicates for a large amount of data, deep learning gives very higher accuracy than 

Deep Learning 

 

Older Learning Algortihms 
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other feature extraction-based classifiers. So, as datasets size is increasing, the performance 

of a deep neural network is also increased.    

5.2 Autoencoders  

A typical autoencoder architecture comprises three main components as shown in Figure 

5.2. First, an encoding architecture comprises of series of layers with the number of nodes 

in decreasing order and eventually reduces to a latent view representation. The second 

component is Latent view representation which is the lowest level space in which the inputs 

are reduced and information is preserved. The third component is decoding architecture, 

which is the mirror image of the encoding architecture but in which the number of nodes 

increases in every layer and ultimately outputs a similar input. 

A highly fine-tuned autoencoder model should be able to reconstruct the same in-put which 

was passed in the first layer. Autoencoders are widely used with image data and in the 

applications, such as Feature Extraction, Dimensionality Reduction, Image Compression, 

Image Denoising, and Image Generation. 

 

FIGURE 5.2 Autoencoder 

Variants of autoencoders are denoising autoencoder, convolutional autoencoder, stacked 

autoencoders, etc. A special kind of deep learning neural network architecture autoencoders 

can use for the task of unsupervised learning. The main benefit of using autoencoders is it is 

used for dimensionality reduction as well as data compression and retrieval. Denoising 

autoencoders don’t just copy inputs as noise is added to the input image before feeding it to 

the network. In denoising autoencoder, the first step is to corrupt the initial input x into x˜ 

using a stochastic mapping as shown in equation 5.1. 

   𝒙~ ~ 𝒒𝑫(𝒙~|𝒙)       (5. 1) 

The intermediate representation is given by y in equation 5.2 where W is weight and b is 

bias. 

   𝒚 = 𝒇𝜽(𝒙~) = 𝒔(𝑾𝒙~ + 𝒃)       (5. 2) 
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The output image is reconstructed using equation 5.3. 

𝒛 = 𝒈𝜽′(𝒚)         (5.3) 

Parameters θ and θ′ are trained to minimize the average reconstruction error over a training 

set. Reconstruction Error or Loss can be defined as given in equation 5.4 where xk is a train-

ing example, zk is the predicted value. 

𝑳𝑯(𝑿, 𝒁) = −∑ [𝒙𝒌 𝐥𝐨𝐠 𝒛𝒌 + (𝟏 − 𝒙𝒌) 𝐥𝐨𝐠(𝟏 − 𝒛𝒌) ]
𝒅
𝑲=𝟏           (5.4) 

The main objective is to minimize reconstruction error which amounts to maximizing a 

lower bound on the mutual information between input X and learned representation Y. Good 

reconstruction of its input means that it has retained much of the information that was present 

in that input. 

5.3 Training and Feature Extraction using Auto Encoders 

Autoencoder is a mostly used unsupervised deep learning architecture for image 

compression, image reconstruction, image retrieval task, etc. In the proposed approach with 

image query-based video retrieval, a model using an autoencoder is used to extract image 

features in compact form.  

 

FIGURE 5.3 Block Diagram of Proposed Deep Learning approach for Image Query based Video 

Retrieval System 

As shown in Figure 5.3, keyframes collected after removing advertisements are fed into the 

autoencoder architecture to train the model. The encoder model is trained with different 
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epochs, batch size, optimization function to achieve better performance. Features are 

extracted using a well-trained encoder model for the news video dataset and stored separately 

to match with query features. 

5.4 Experimental Details 

Experiments are mainly performed using a machine with GPU NVIDIA Titan Xp with i7 

processor, 16 GB RAM for training the autoencoder model. Keras is the python library used 

for deep learning applications which are used in the implementation task. Keras framework 

is set up on top of TensorFlow for the proposed work using the autoencoder model. Keras is 

a neural network library while TensorFlow is the open-source library for several various  

 

FIGURE 5.4 Architecture of Encoder 

tasks in machine learning. The encoder is used to generate the compact representation of 

input data and the decoder is used to do a reverse task which the encoder does. In the 
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proposed approach, the encoder is used to extract the features from the input video frame 

taken as input.  

The architecture of the encoder is shown in Figure 5.4. Total seven layers are taken in the 

encoder model proposed to process the input frame. The first layer, the input layer, takes a 

frame with dimension 128x128x3 as input which is further given in the second layer as input.  

 

FIGURE 5.5 Conv2D parameters[131] 

As shown in Figure 5.5, filters determine the number of kernels to convolve with the input 

volume. Each of these operations produces a 2D activation map as shown in Figure 5.5. 

Figure 5.6 shows the results of the filter applied to the image with padding. 

Convolution is performed by convolving the input image with the kernel as shown in fig 5.3 

which can be explained with equation 5.5. 

𝑦(𝑖, 𝑗) = 𝑤 ∗ 𝑥(𝑖, 𝑗) = ∑ ∑ 𝑤(𝑘, 𝑙) 𝑥(𝑖 − 𝑘, 𝑗 − 𝑙)𝑛
𝑙=1

𝑚
𝑘=1     (5.5) 

Here 𝑥(𝑖, 𝑗) is the original image, 𝑦(𝑖, 𝑗) is the image obtained after convolution of the input 

image with kernel w of size m x n, 1≤ 𝑘 ≤ 𝑚, 1 ≤ 𝑙 ≤ 𝑛. 

In the third layer, max pooling with size 2x2 is applied with ‘same’ padding which generates 

output dimensions 64x64x16. As the main objective of the max-pooling layer is to 

downsample an input representation. Max pooling works by calculating the maximum value 

for each patch of the feature map. 
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FIGURE 5.6  3×3 kernel applied to an image with padding 

In layer fourth, again 8 convolution filters of kernel 3x3 and activations ‘relu’ is applied on the 

output generated from the third layer which generated output dimensions of 64x64x8 where 

padding is used to generate similar size output. ReLU stands for Rectified Linear Unit. The main 

advantage of using the ReLU over other activation functions is that RELU does not activate all the 

neurons at the same time. The neurons will only be deactivated if the output of the linear 

transformation is less than 0. Activation function relu is defined by equation 5.6. 

𝑓(𝑥) = max (0, 𝑥)    (5.6) 

 In the fifth layer, max pooling with size 2x2 was applied which generated  32x32x8 dimensions of 

feature maps. 

In the following layers ie layer sixth and seventh, 8 convolution filters of kernel 3x3 with activation 

function ‘relu’ and max-pooling of size 2x2 are applied respectively. Padding is applied in the sixth 

layer to generate an output size of 32x32x8. 

     

(a)         (b) 

FIGURE 5.7 (a) Video frame used in training of size 128 x128x3 (b) Predicted code generated with 

encoder reshaped from the original shape 16x16x8 
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The output of the seventh layer is 16x16x8 which is named as encoder layer. The feature 

map generated for the image shown in Figure 5.7(a) using the encoder layer is shown in 

Figure 5.7(b). 

TABLE 5.1Layers, Shape and Parameters per layer of Encoder in Proposed Autoencoder Architecture 

Sr No Layer Output Shape Parameters 

1.  input_1 (InputLayer) (None, 128, 128, 3) 0 

2.  conv2d_1 (Conv2D) (None, 128, 128, 16) 448 

3.  max_pooling2d_1 (MaxPooling2 (None, 64, 64, 16) 0 

4.  conv2d_2 (Conv2D) (None, 64, 64, 8) 1160 

5.  max_pooling2d_2 (MaxPooling2 (None, 32, 32, 8) 0 

6.  conv2d_3 (Conv2D) (None, 32, 32, 8) 584 

7.  encoder (MaxPooling2D) (None, 16, 16, 8) 0 

 

For the model with encoder, total params are 2192 and Trainable params are also 2192 which 

includes parameters from layer2 conv2d_1, layer 4 conv2d_2, and layer 6 conv2d_3 as 

shown in Table 5.1. For the model with encoder and decoder both, the total parameters are 

4,963 and trainable parameters are also 4,963. 

The objective function for the convolutional autoencoder is binary cross-entropy which is 

also considered as a cost function for the model which is given by equation 5.7. The stochastic 

gradient descent (SGD) method to train the model as given in the following section and 

randomly initialize the weight parameters of each layer. 

 

𝐿𝐻 = −∑ [𝑥𝑘𝑙𝑜𝑔𝑧𝑘 + (1 − 𝑥𝑘)log (1 − 𝑧𝑘)]
𝑑
𝑘=1    (5.7) 
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5.4.1 Optimizers and Parameters used for training 

The basic task of optimizers is to optimize the performance by adjusting various parameters. 

5.4.1.1 Adadelta optimizer 

Adadelta is a more robust extension of AdaGrad that seeks to reduce its aggressive, 

monotonically decreasing learning rate based on a fixed moving window of gradient updates, 

instead of accumulating all past gradients. 

Adadelta functions as a stochastic gradient descent method. It has a float known as the 

Adadelta decay factor (p). For the Adadelta optimizer, you can adjust the parameters. 

5.4.1.2 Stochastic gradient descent (SGD): 

The stochastic gradient descent algorithm can oscillate along the path of steepest descent 

towards the optimum. Adding a momentum term to the parameter update is one way to 

reduce this oscillation [2]. The stochastic gradient descent with momentum (SGDM) update 

is given by equation 5.8, 

𝜃
ℓ+1

= 𝜃
ℓ
−  𝛼∇𝐸(𝜃

ℓ
)  +  𝛾(𝜃

ℓ
− 𝜃

ℓ−1)    (5.8) 

where γ determines the contribution of the previous gradient step to the current iteration. 

where ℓ is the iteration number, α>0 is the learning rate, θ is the parameter vector, and E(θ) 

is the loss function. In the standard gradient descent algorithm, the gradient of the loss 

function, ∇E(θ), is evaluated using the entire training set, and the standard gradient descent 

algorithm uses the entire data set at once. 

Batch gradient descent performs redundant computations for large datasets, as it recomputes 

gradients for similar examples before each parameter update. SGD does away with this 

redundancy by performing one update at a time. It is therefore usually much faster and can 

also be used to learn online. SGD performs frequent updates with a high variance that cause 

the objective function to fluctuate heavily. 

While batch gradient descent converges to the minimum of the basin the parameters are 

placed in, SGD's fluctuation, on the one hand, enables it to jump to new and potentially better 

local minima. On the other hand, this ultimately complicates convergence to the exact 

minimum, as SGD will keep overshooting. However, it has been shown that when we slowly 

https://in.mathworks.com/help/deeplearning/ref/trainingoptions.html#bu812m0
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decrease the learning rate, SGD shows the same convergence behavior as batch gradient 

descent, almost certainly converging to a local or the global minimum for non-convex and 

convex optimization respectively. Mini-batch gradient descent is typically the algorithm of 

choice when training a neural network and the term SGD usually is employed also when 

mini-batches are used.  

5.4.1.3 Momentum 

SGD has trouble navigating ravines, i.e., areas where the surface curves much more steeply 

in one dimension than in another, which are common around local optima. In these scenarios, 

SGD oscillates across the slopes of the ravine while only making hesitant progress along the 

bottom towards the local optimum. Momentum is a method that helps accelerate SGD in the 

relevant direction and dampens. 

5.4.1.4 Learning rate 

The Learning rate is an important parameter that is used for controlling the size of the update 

steps along the gradient. Normally, the learning rate sets how much of the gradient should 

be updated with every step, for example, 1 = 100% but normally much smaller learning rate, 

e.g., 0.001 is used for training purposes. 

It is analogous to a rolling ball, where the calculation is made to find where the ball should 

roll next in discrete steps. How long these discrete steps are is the learning rate. While 

training a neural network, it is very important to choose a good learning rate parameter to 

obtain good results.  

A small learning rate is related to small progress and may get stuck in local minima and not 

reaching the global minima. Whereas, larger steps mean that the weights are changed more 

every iteration, so that they may reach their optimal value faster, but may also miss the exact 

optimum. Smaller steps mean that the weights are changed less every iteration, so it may 

take more epochs to reach their optimal value, but they are less likely to miss optima of the 

loss function. Learning rate schedule allows you to use large steps during the first few 

epochs, then progressively reduce the step size as the weights come closer to their optimal 

value. 



 Proposed Deep Learning Approach for News Video Retrieval 

102 

5.4.1.5 Optimizer and other parameters used in experiments: 

In the proposed method experiments are performed with different combinations of 

parameters and optimizers to test the performance of the system. The optimizer algorithm 

and parameters are: 

• Adadelta optimizer 

• learning_rate=1.0 

• Adapts learning rates based on a moving window of gradient updates, instead 

of accumulating all past gradients. 

• Adadelta continues learning.  

• Slow learning, training accuracy not improved more than 60%. 

• Stochastic gradient descent(SGD) 

• Learning rate = 0.01, momentum = 0.9. 

• Escape from local minima, speed is better than batch gradient decent. 

• Good results in terms of training accuracy and loss. 

5.5 Experimental Results 

In the proposed approach, the experiments are mainly performed using a machine with GPU 

NVIDIA Titan Xp with an i7 processor, 16 GB RAM for training the autoencoder model. 

The experiments are done with python 3.6 with OpenCV library for video processing and 

deep learning architecture.   

The activation function used here is rectified linear unit (Relu) and the optimizer is a 

stochastic gradient descent method with a learning rate=0.01, momentum=0.9 in training. 

The model has experimented well with different combinations of optimizers, epochs, and 

other hyperparameters to optimize performance. Model performance in terms of Accuracy 

and loss is for the initial experiment with epochs 100 and batch size 5 is evaluated shown in 

Figure 5.8. 
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(a)   

   

(b) 

FIGURE 5.8 Model Accuracy and Loss for 100 epochs and 5 batches 

 

FIGURE 5.9 Training Accuracy Improvement with increasing epochs 
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From the extensive experiments performed with encoder, it is observed that stochastic 

gradient descent optimizer yields better performance with epochs size more than 500 and 

batch size 32 while training encoder model for the dataset used as displayed in Figure 5.9.  

 

FIGURE 5.10 Performance Evaluation in P@Ri of the proposed approach for query Q1 

The query image is processed similarly for feature extraction tasks as training frames of 

video. The similarity between query features and features stored in the dataset is done for 

retrieving similar clips from the dataset. Figure 5.10 shows the performance of the proposed 

approach to CBVR for query 1 in terms of P@Ri values obtained from top k results retrieved. 

The results of a query and the first four retrieved video clip results are shown in Figure 5.11. 

To calculate mean average precision, precision P@Ri is calculated for i=1..k for queries in 

the set Q = (Q1, Q2, ..., Qk) as shown in Table in one of the experiments on query set of size 

k=10. 

Major Benefits 

With this model input video frames with noise and poor resolution also can be matched with 

queries of a similar type to retrieve relevant video stories from the dataset. Image features 

extracted with convolution layers of the autoencoder architecture performs better with noise 

and low-resolution videos. 

To evaluate the performance of the proposed CBVR system. P@Ri, i=1..k measure is used 

for the set of queries for k=10 as shown in Figure 5.12. Finally, the mean average precision 

MAP is calculated from the average precision values obtained from the query set. In 

proposed approach, MAP 91.5 is obtained. Figure 5.13 shows the average precision value 

obtained for the query set of size 10. The proposed system is tested on a machine configured 

with NVIDIA GPU titan Xp received as a grant for research work. 
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FIGURE 5.11 Results of News Story clip Retrieval for the given Query image 

 

FIGURE 5.12 Performance of proposed CBVR approach  
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FIGURE 5.13 Performance of Image Query based video retrieval approach (CBVRAPP2) 

5.6 Comparisons  

As shown in Figure 5.14, the proposed model outperforms the first approach for the retrieval 

task. The proposed system is mainly divided into three important phases: the first is keyframe 

extraction and advertisement removal, the second phase is feature extraction and the third 

phase is indexing and retrieval task. The query of two types is used in two different 

approaches. In the first approach, text query in the Gujarati language is used for the retrieval 

task, and text extracted from the news stories displayed on the screen is the feature used for 

indexing documents. This kind of text-based retrieval on large scale is not found in the 

literature for Gujarati or any regional language including the Hindi language. So, the 

comparison is mainly done with the existing system based on the size of data and response 

time for the data. Scene text retrieval based on Hindi, Bangla, etc. language text is found in 

the literature but retrieval of video clips and their final performance outcome is not found in 

the literature for comparison purposes 

 

FIGURE 5.14 Comparison of proposed approaches CBVRAPP1 and CBVRAPP2 
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The mean average precision obtained is 91.5 percent with CBVRAPP1. Also, the proposed 

approach CBVRAPP2 is better than the first approach. With deep learning autoencoder 

architecture as feature extractor and image query for large scale video retrieval from large 

collection video input dataset, CBVRAPP2 yields a mean average precision of 92.35 percent 

which is better in comparison to CBVRAPP1. 
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Chapter 6  

Conclusion and Future Scope 

This chapter describes the summary of the thesis and points out the probable expansion for 

future work. The chapter is separated into two sections. The first section 6.1 concludes the 

thesis by mentioning the major contributions and also the limitations of the system proposed 

while the second section 6.2 presents future directions for further research. 

6.1 Conclusion  

The content-based video retrieval system presented in the thesis primarily involves three 

steps. First is the extraction of frames and finding keyframes for each shot from input video 

as well as reducing total dataset size by eliminating advertisements using the proposed 

advertisement classification model. The second task is feature extraction. The third task is 

indexing and retrieval. 

One of the key contributions of research work is the keyframe extraction algorithm. Another 

key contribution is advertisement classification which is used for the detection and removal 

of advertisement tasks. The proposed keyframe extraction algorithm gives a comparatively 

good compression ratio of 0.9931 which compressed from 29,70,000 frames to 80752 

keyframes which reduced overall processing time for all subsequent steps to a great extent. 

Keyframe extraction followed by advertisement detection and removal further eliminated all 

frames with advertisements from the collection. Classification accuracy with different 

models with deep learning architecture is ranging from 98.9 to 99.74 with different 

parameters and combinations of feature extractor models as well as classification models. 

Best accuracy is obtained with the proposed deep learning architecture which also takes less 

response time too. 

Another key contribution is the “Gujarati” text query-based video retrieval approach. With 

this approach text features are extracted and processed with a natural language library 
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implemented for the retrieval task to extract meaningful words for indexing. Retrieval 

performance is 91.5 MAP. 

To achieve better performance of retrieval tasks, deep learning-based CBVR is also 

implemented. The final key contribution is CBVR implemented using an unsupervised 

learning deep autoencoder network for image query-based retrieval tasks. The best accuracy 

measured is a 92.35 MAP among all the experiments performed. The accuracy achieved with 

the deep learning-based approach is slightly better compared to the text-based retrieval task 

but deep learning-based implementation required more time for training as well as requires 

high-performance computing and GPU for faster processing.  

6.2 Limitations and Future Scope 

6.2.1 Limitations: 

The major problem faced in implementing the model is the time required to train the large 

data and the infrastructure to support such training. With existing resources and data, 

experiments are performed to achieve better results which are mentioned in the thesis. The 

work can be further analyzed for a very large dataset on a specific cluster of deep learning 

GPUs to reduce the overall training time for the model. 

6.2.2 Future Scope 

The methods presented in this thesis have experimented with Gujarati Language Query on 

the News Story Retrieval task. Future work that needs to be carried out includes the 

following: 

• This work opens an opportunity for many interesting problems in this domain like 

News story retrieval based on a query for famous personalities. 

• Also, the work can be adapted easily for other types of videos like lecture videos, 

sports videos, movies, and video songs where the Gujarati text is used. 

• The work can also be used to explore other regional language scene text retrieval or 

similar task. 

• Also, Lot of scopes exist in the NLP domain for Gujarati language processing where 

the input data is available or extracted in very raw form with a lot of extraneous 

symbols. 
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• The deep learning approach for image query-based retrieval can also be further 

explored with changes in the model or other parameters for the retrieval or feature 

extraction task. 
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