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ABSTRACT 

    Video summarization plays a crucial role in diverse domains where the major application 

is sports video summarization. Sports broadcasting channels have shown their keen interest 

in the summarization of sports videos based on the viewer’s interest as they hold massive 

viewership worldwide. So, to gain transmission benefits and reduce storage, extraction of the 

exciting clips from the lengthy cricket video has been widely used. Sports video 

summarization is a tiring task as it includes enormous variations in the camera movements, 

background noise, lighting conditions, editing effects, etc. As a solution to such a problem, 

this thesis work presents reliable hybrid methods to effectively identify the key events from 

the video for highlight generation. The computational complexity of this arduous task has 

been reduced by proposing key event recognition systems that detect and classify only the 

important events from the video. This step reduced the video length, making it suitable for 

summarization.   

     A hybrid deep neural network with emperor penguin optimization (HDNN-EPO) is 

proposed in the research work to generate cricket video highlights. In this work, the key events 

of the cricket video are identified, and then summarization is done for the obtained key events. 

Initially, the exciting clips are extracted using audio features such as shouting, spectators 

cheering, and applause of the audience. Then the key frames are generated by determining the 

shot boundaries in the videos, and these frames are identified using the hue histogram 

differences of neighborhood frames. The key events such as replay, players gathering, real 

view, umpire, batsman, fielder, spectators, and field view are then extracted to determine the 

importance of each clip in summarization. After this process, the concept annotation process 

is carried out using the proposed HDNN-EPO algorithm for the obtained exciting clips. The 

EPO algorithm reduced the weight values of the DNN to reduce the error rate in the annotation 

process. A voting classifier is used in the model to find and label the classes with the highest 

votes as concepts. Finally, video summarization is carried out by determining the importance 

degree of each mega slot. All the mega slot highlights are concatenated to generate the cricket 

video highlights. 

    A hybrid machine learning framework has been proposed for the summarization of cricket 

videos. The exciting clips were extracted using the audio stream in the videos. A speech-to-

text framework was introduced to detect the excitement clips based on the stacked gated 

recurrent neural network with an attention module (SGRNN-AM). The hue histogram 
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differences between the frames were computed to determine the shot boundaries. After this 

step, the keyframes from the videos were extracted using a manual threshold value in contrast 

with the hue histogram difference. Then, the shots present in each exciting clip were classified 

using the proposed hybrid rotation forest deep belief network (HRF-DBN). The rotation forest 

ensemble approach was used in the model to improve the accuracy rate of the DBN classifier.  

This model classified the cricket video into close-up, medium, long, and field/crowd shots. 

The score-card region in the video was located using the temporal running image averaging 

algorithm. A sequence of features was then obtained from the score-card region for 

summarization. The umpire gestures for the key events such as four, six, and wickets are 

determined, and the action features are gathered. Both these features were then passed to the 

SGRNN-AM module for video summarization. Experimental evaluations establish the 

effectiveness of the proposed hybrid methods. Also, the evaluations suggest that the models 

can be applied to summarize any lengthy sports videos to enable transmission over low-

bandwidth networks. 

Keywords: Cricket video summarization, highlight generation, exciting clip extraction, key 

frame detection, concept annotation, a hybrid deep neural network with emperor penguin 

optimization, hybrid rotation forest deep belief network, a stacked gated recurrent neural 

network with attention module. 
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CHAPTER-1 

INTRODUCTION 

 

1.1 Background 

 The rapid explosion of devices and the extensive internet connectivity has led to the 

outbreak of data like never before. This data covers textual data and streaming contents 

that are made accessible to all the users connected to the internet [1]. Among the 

multimedia types, streaming content gains a lot of audiences as it is more expressive. Some 

examples include sports videos, CCTV footage, user videos, TV videos, etc. Based on the 

analysis, it is identified that sports videos are watched by most people around the world 

[2]. Due to this reason, the broadcasters generate a massive collection of sports videos and 

transmit them through the network as it delivers commercial benefits. But the problem 

with this generation is that the videos are lengthy and demand more storage spaces and 

higher bandwidth requirements. Though there is a tremendous advancement in 

technological growth to deal with multimedia content, the exponential increase of these 

videos should not be overlooked [3-5]. 

 Live sports telecasted on TV and the internet are exciting, but this telecast's time 

duration is high. The busy schedules of people nowadays make it difficult to watch these 

lengthy videos that are only telecasted at a particular time. Therefore, most people prefer 

watching the highlights of these videos that are as short as possible [6, 7]. Full-length live 

videos comprise audio, video, and textual features that are correctly synchronized to 

deliver helpful content. Video summarization is an approach to generate the highlights by 

evaluating the full-length videos and selecting the most valuable content based on the 

viewer's interest [8]. This task is tiring as it requires a complete evaluation of the videos 

affected by several lighting and editing effects, camera orientations, background noise, etc. 
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Among the sports events, cricket is the most popular one that several million people 

throughout the world watch. But the fact is, there is not much work concentrated on the 

highlight generation of cricket videos as these videos are of longer duration with more time 

complexities [9-12]. 

 Cricket video summarization techniques help the broadcasters gain helpful content 

from the lengthy videos that match the user's interest. The live actions are monitored, and 

the key events are identified so that the summarized version of the video can be more 

informative [13]. Since manual analysis and highlight generation tasks require enormous 

effort and are error-prone, automated techniques are formulated to generate the highlights 

accurately. This thesis work presents solutions to develop informative highlights for the 

cricket videos by analyzing the events changes involved in the videos. All the three 

modalities, such as audio, visual, and textual features, are considered to develop the 

framework [14]. The excitement clips in the cricket videos help identify the important 

parts, and the audio energy differentiates this in the video. Apart from this, the key events 

in the videos are determined and matched with the higher-level concepts to generate the 

required highlights [15, 16]. 

1.2 Importance of video summarization 

 With the increase in population and low-cost capturing devices, the number of videos 

generated has considerably increased in the past few years. Also, the most important reason 

for such video generation is to gain commercial benefits by attracting the audience through 

informative and entertaining content [17]. It has been estimated that about 300 hours of 

video content are uploaded on YouTube every 1 minute. Another estimation by the Cisco 

Visual Networking Index 2021 estimated that it would cost 5 million years for a human to 

watch all the videos uploaded on the internet every month in 2021 [18]. Due to this massive 

generation, it is highly exhausting and time-consuming for humans to browse these videos 

to obtain useful information. 

 The massive generation of videos on the internet makes it essential to choose 

appropriate techniques to improve the chances of browsing. To deal with such 

circumstances, computer-vision techniques can be adopted as these are capable of enabling 

effective browsing [19]. Among the different tools developed for managing enormous 

video content, video summarization effectively produces compact and comprehensive 

summaries to provide a better browsing experience [20]. An ideal summarization tool can 



3 
 

cover the maximum information from the original video within a shorter timeframe. Video 

summarization has a broader range of practical applications, including video retrieval [21], 

video indexing [22], and event detection [23]. 

 The most important feature of the video summarization tool is that it eases the process 

of searching for useful content from large sequences of videos. Also, video processing 

includes great difficulties as a video involves huge variations between every frame. 

Broadcasters generating the videos may consist of specific editing effects that may affect 

the process of summary generation. Discarding all unwanted frames from the video that 

provide no useful information is essential. Through an effective summarization tool, the 

video contents can be summarized and presented to the viewers, enhancing browsing and 

saving time for the viewers [24]. Thus, it is essential to find a practical approach to solve 

the video summarization problem by combining different techniques. 

1.3 Video summarization process 

 The huge video content needed to be summarized is provided as the input to the 

summarization tool, which works on generating a shorter version of the input video by 

covering all the important information. In general, video summarization can be done in 

two types: static video summarization, also called keyframing, and dynamic video 

summarization, also called video skimming. In the static type, the summarization is done 

by converting the long video into several keyframes, whereas, the dynamic summarization 

is done by representative segments of the video called key shots [25, 26]. Only the visual 

representation is taken into consideration in the former type, and the latter one combines 

audio, visual, and textual information for highlight generation. Both types are utilized by 

researchers to generate effective summaries with shorter duration [27]. Figure 1.1 

illustrates the summaries generated by the video summarization systems. 

Input video

Summary 

generation

Static summary

Dynamic summary

 

Figure 1.1: Types of summaries generated by the video summarization systems 
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 Video skims are usually a collection of selected video shots covering temporal 

information. The video skims are more beneficial than the static summaries as these 

comprise motion and audio information that makes the video more expressive with more 

useful information [28]. When compared to the static keyframes, the video skims are 

watched by a greater number of viewers. Though the static summaries are less exciting 

than video skims, no synchronization issues are present in such summaries. This feature 

enhances the static summarization process while organizing the video frames for browsing 

and navigation compared to the chronological representation of dynamic summaries [29]. 

Also, it is possible to convert an overview of one class to another class. For example, can 

pick selected frames from every shot of a skimmed video to generate static summaries. 

Similarly, shots, and sub-shots from static summaries can be joined to generate video 

skims [30]. The overall video summarization procedure is presented in Figure 1.2. 

Exciting clip 

extraction

Shot boundary 

detection
Shot classificationSummarized video

Video database Video file

Key event 

recognition

Pre-processing

 

Figure 1.2: Overall procedure of video summarization 

 The input video that is subjected to summarization comprises audio and video streams. 

The video streams contain different textual and visual features. The most common visual 

features include color, texture, shape, motion, and edges [31]. Apart from these visual 

features, the video stream also contains several textual features like graphical inserts, 

textual overlays, open and closed captions, etc. On the other hand, the audio stream of the 

video comprises several different audio features such as Short-Time Energy (STE), Zero 

Crossing Rate (ZCR), Mel-Frequency Cepstral Coefficients (MFCC), and so on [32]. The 

integration of these audio features with the video and textual features enables the 

introduction of effective techniques for video summarization. 

  One of the basic steps in the video summarization process is temporal video 

segmentation, which helps segment a lengthy video into shots. The detected shots carry 
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either abrupt or gradual transitions. Both these transitions are equally important to be 

detected for summarization as both are evenly distributed in a video [33]. An abrupt 

transition indicates a sudden transition between two shots where one frame belongs to one 

shot and the other frame to the other shot. This kind of transition is termed cuts or hard 

cuts. Gradual transition shows a steady transition between two shots where one shot gets 

replaced by a different shot using chromatic, spatial, or spatial-chromatic effects. Gradual 

transitions are also referred to as fades, dissolves, wipes, or soft transitions. A steady 

transition from a scene to a constant image is known as fade-out and a steady transition 

from a constant image to a scene is termed as fade-in. Dissolve uses fade-out in the first 

scene and fade-in for the second scene and wipes and moves a line across the screen to 

achieve transition [34]. 

 The shot classification [35] step provides semantic cues to fill the gap between high-

level events and low-level features. There are different categories of shots based on the 

video types. These shots are required to be classified based on the types to obtain the key 

events of a video. The key events in a video indicate the video frames that are of higher 

importance to take part in the final summary. 

1.3.1 Summarization methods 

In static video summarization, the visual representation is only taken into account 

and does not take the audio. In dynamic video summarization, the video clip combines 

audio, video, and text information [36]. Thus, static video summarization is easy to handle 

compared to dynamic summarization. Static video summarization minimizes video 

redundancy by selecting some representative frames to summarize the videos.  

Moreover, clustering is an effective way of static video summarization that 

mitigates computational complexity and time. Mainly video summarization is classified as 

feature-based, cluster-based, event-based, short-based, and trajectory-based [37]. Video 

summarization technique is classified based on the different ways such as video skims, 

highlights, image stills, moving objects, etc. The classification of the video summarization 

methods is depicted in Figure 1.3. 

 In the feature-driven approaches, the audio, visual, textual, and object features are 

given importance and all these features are analyzed to determine the keyframes. Cluster-

based approaches reduce computational complexities by combining similar activities. 
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Distance between the activities is computed in the clustering phase to generate the video 

summaries. The events in the video are determined to build the keyframes for 

summarization in the event-based approaches. Trajectory indicates the motion of moving 

objects. This approach is commonly followed in surveillance applications and became 

popular with the advancements in camera and hardware equipment. Shot-based approaches 

are efficient and these approaches estimate the shots in the video frames for 

summarization. 

Video 

summarization 

Cluster basedFeature based Event based Shots based

Group based 

K-means 

cluster based

Based on 

similar activity 

Trajectory  

based 

Curve saliency 

based 

Spatio-

temporal based

spectral based 

Movement 
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Color based

Dynamic 

content  based

Audio-video 
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Gesture based

Speech audio 
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Figure 1.3: Video summarization methods classification  

 Among the approaches formulated in literature for video summarization, deep learning 

approaches are found to provide better and more effective summaries with high 

performance in recent years. The training of these classifiers is carried out using the deep 

features extracted from the video frames. The deep layers of the models extracted useful 

information to generate the required summaries for the videos. 
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1.4 Automatic video summarization 

With the immense growth of multimedia globally, there is a need for effective techniques 

to manage the generated data. Video summarization is a challenging task as the individuals 

need to evaluate the complete video to generate an appropriate summary. Some videos 

might be lengthy that may last for hours, and it is a tiring task to identify the essential 

contents from them. The users show very little interest in searching and watching lengthy 

videos for the extraction of useful information. Also, in most of the random videos on 

social media, the contents are repeated and boring to watch [38]. 

 To improve the quality of the videos and to deliver more useful information to the 

viewers, it is important to curate the videos to a particular length covering only the 

important information. Automatic video summarization [39] is an evolving strategy that 

allows accurate identifying the contents of users' interests from the videos to generate a 

summary. It is a computer-vision-based technique that uses a computer program to analyze 

the video and create effective summaries. Also, this tool is more accurate and requires less 

time for processing. 

 This type of summarization tool generates keyframes or video skims without requiring 

any preference or query from the user. The frameworks normally function using the 

internal factors of the video, such as audio, visual, and textual features. Though there are 

several challenges in extracting these features, all these features provide useful information 

about the video. In most of the video content, the audio feature is affected by the 

background noise of the video. This makes it difficult to determine the variations in the 

audio energy accurately. The visual features are affected by the editing effects, pixel 

quality of the video, lighting conditions, etc. All these factors are needed to be considered 

to extract these features effectively. Textual feature extraction involves great efforts to 

accurately determine the placement and localization of text on the videos. 

 Automatic extraction of all the mentioned features can enhance the process of video 

summarization by adding more quality to the output summary. Other than these features, 

the key events in the video are also determined more accurately in the automatic 

summarization approach using effective components. The enormous amount of videos 

generated each day by different broadcasters and the requirement to identify the useful 

information from the videos require an automatic summarization tool to create effective 

summaries accurately. 
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1.5 Sports video summarization 

 Sports is one of the most popular entertainment media that is watched by millions of 

people around the world. Though live sports have a huge fan base, most people would like 

to watch it as a highlight [40] that can provide enough information about the entire match 

within a short time duration. As people in recent years are busy with their schedules, they 

hardly find time to watch live actions on the channel. Because of this, the channel 

broadcasters show interest in recording those live actions and uploading them as recorded 

videos on YouTube and other media. Apart from this, sports videos are mostly affected by 

various illumination conditions, editing effects, etc. These factors are required to be 

considered while summarizing a sports video to generate highlights in a better way. 

 Direct uploading of such lengthy recordings on the one hand is very boring for the 

viewers to watch and on the other hand consumes more resources. The recorded video 

contents are normally converted into highlights showing only the key events with 

preference to viewers’ concerns. These highlights are popular among viewers and can 

enhance browsing possibilities. The highlights normally combine the audio, visual and 

textual streams as these are extracted based on the exciting clips present in a video. 

 In sports, there is a wide range of exciting events that draw people’s attention and all 

these events are detected based on some external factors such as the variations in the audio 

frequency due to audience cheers, commentaries, score-board changes, shot boundaries, 

etc. The major exciting clips of the sports videos include milestones, shots, wicket falls, 

injuries, umpire gestures, etc. A highlight needs to cover all the exciting frames from the 

original video to provide the required information to the user. This can be made effective 

by detecting all the keyframes and optimally selecting the keyframes based on importance. 

 Shot boundary detection [41] or temporal video segmentation is one of the major steps 

followed in sports video summarization frameworks. Each exciting clip from the sports 

video comprises numerous shots that are required to be examined to improve the highlight-

generation process. Also, the frames corresponding to a single shot might have similar 

features or there may be slight variations in the features that require attention to 

differentiate the key events. A shot indicates the continuous frames that are captured 

through a single camera. The shots in the video are differentiated by determining the 

transitions between the two shots. These transitions can be categorized into two types such 
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as soft (gradual) and hard (cut) transition. Thus, the shot boundary detection systems 

should be capable of detecting all the transitions in the video sequence. 
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Figure 1.4: General framework for sports video summarization 

 The generic framework of sports video summarization is presented in Figure 1.4. 

Initially, the sports video is provided as the input to the summarization tool for highlight 

generation. The audio and video streams are treated separately to detect the keyframes. 

The exciting concepts in the video are extracted by determining the audio features. The 

video stream comprises both visual and textual features where the video feature provides 

useful information regarding the shots and the textual features provide information 

regarding the score-board region in the video. For every exciting clip, the shots are 

determined and classified accordingly. Based on the shots determined, the key events are 

extracted to identify useful information for summarization. Finally, the key events are 
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labeled based on an importance degree or arranged in some order to generate the required 

highlights. 

1.5.1 Challenges in sports video summarization 

 Summarizing sports videos is a challenging task due to several reasons. One of the 

main reasons is the environmental conditions in which the videos are recorded. The 

lighting effects [42] used in the field such as daylight and artificial light turn this process 

into a challenging one, as it is highly difficult to determine the visual and textual contents 

of the video. Among the visual features, color is one of the important features that shows 

massive variations (i.e. pixel color variations in the grass, pitch, players’ kit colors, etc.) 

due to the illumination effects used. The lighting variations (artificial and daylight) involve 

changes in the color of visual content such as pitch, grass, etc. All these changes reduce 

the accuracy of the key-event detection process. The above-mentioned problems are 

needed to be rectified as the textual content (i.e. score-caption) provides useful information 

for key-event detection. Therefore, techniques to accurately identify the scoreboard by 

avoiding the problems caused by the illumination effects are important. The snapshots of 

the sports videos played under different lighting effects are displayed in Figure 1.5. 
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Figure 1.5: Snapshots of daylight and artificial light for different sports videos (Top 

row: Daylight, Bottom row: Artificial light) 

 Another major factor is background noise [43] which is very common in almost all 

sports videos. This brings a challenge in dealing with the audio stream present in the 

videos. The excitement present in audience cheers and commentary can be detected by 

analyzing the audio energy present in a video. Thus the audio energy is required to be 

extracted to detect the exciting segments and this further leads to the detection of key 
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events from a sports video. The video frames related to the exciting audio streams are then 

used to generate the required summary. The accuracy in detection of these excitement clips 

is diminished due to the presence of background noise like music play, sirens, etc. To 

decrease the background noise effects, pre-processing steps are usually introduced in the 

summarization approaches. This step enhances the quality of the sports video by reducing 

the effects of background noise to a certain extent. Since the pre-processing step can reduce 

the noise only to a certain level, there is a need of dealing with these effects even after the 

filtering operation. 

 Camera orientations [44] are another major challenge that is required to be 

addressed to produce effective highlights. Variations in the camera view are an important 

factor in sports videos as it induces challenges in the key event detection process. 

Broadcasters display the shots in the sports videos from different angles based on the 

camera orientations. Examples of the camera orientations involved in different sports 

videos are displayed in Figure 1.6. 

 

Figure 1.6: Camera orientations involved in different sports Row 1: Front/Side views 

Row 2: Back view 

 In the summarization of sports videos, it is also important to deal with the editing 

effects [45] introduced into the videos by the editors. The common editing effects in any 

kind of sports video include textual displays, logos, gradual transitions, replay speed, 

structure, etc. These effects introduce several challenges in detecting the key events from 

the sports videos for summarization. Also, the significant events in the sports videos are 

displayed as replays by the broadcasters in slow motion, it becomes important to detect 

these replays to generate effective summaries. Logo detection approaches [46] to detect 
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the replays from the videos mostly depend on the size and design of the logos. These 

approaches demand huge computational costs in training the classifier based on a different 

logo with a different design. Detecting the replays based on slow motion in the videos is 

based on detecting the replay speed as the speed varies for different replay segments. The 

broadcasters display some parts of the replay segments in very slow motion and the other 

parts in a normal slow motion. The homogeneity in the speed for slow-motion replays is 

analyzed in these approaches. The variations in the speed degrade the accuracy in the 

detection of replay segments from the sports videos. Sports broadcasters use different 

cameras to capture and display the scenes from various angles. Thus, to overcome the 

aforementioned issues, it is important to introduce effective techniques that are not 

influenced by variations in camera angle, speed of replays, gradual transitions, placement 

and design of logos and scoreboards, etc. Examples of the variations in gradual transitions, 

score-board design, and placement, logo designs are displayed in Figure 1.7. 

 

Figure 1.7: Examples of Row 1: gradual transitions, Row 2: score-board placement, and 

Row 3: logo design variation 

 It is also challenging to process the huge number of video frames generated from 

the video which results in higher computational complexity [47]. Generally, the techniques 

used in video summarization envelop several components that are required to be explored 

on every frame to generate the required summary. The complexity to process a single frame 

is 𝑂(𝑅 × 𝐶) Here, R represents the computation cost rate of one frame, C represents the 

total number of frames taken for analysis and O represents Big-O Notation. It shows that 
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the computational cost increases for a video with a frame rate of 25 fps. It involves several 

challenges to address in the summarization of sports videos due to the lengthy duration of 

the game. Consider the test match of the cricket video, the game can last up to 5 days (i.e. 

~ 40 hours). If the video is 25 fps, then the 40 hours of cricket video contains 3.6 million 

frames. Processing of this massive content for summarization increases the computational 

complexity thereby reducing the efficiency of the methods. Thus, it becomes important to 

introduce effective summarization approaches to deal with sports videos covering millions 

of frames. 

1.5.2 Automatic sports video summarization 

 From the challenges discussed in the previous section, it is clear that sports videos are 

difficult to handle and demand effective and efficient strategies for summarization. Since 

it is a tiring job, computer-vision techniques are suitable to provide effective summaries 

with higher accuracy. These techniques are capable of automatically generating the 

highlights and holding several components to accurately detect the key events from the 

videos. Manual analysis and editing of highlights require expert intelligence and it 

consumes too much processing time [49, 50]. Also, humans can't cover all the highlights 

by just viewing such lengthy videos. These issues fuel the need for effective systems that 

are capable of automatically generating the sports highlights from any kind of lengthy 

sports video. 

 Most of the user-driven approaches to derive the video summaries only focus on a 

specific factor i.e. either audio or video. In practice, the audio, visual and textual contents 

are required to be separately treated for a summary generation. This is because these factors 

are capable of providing different exciting clips that either one may fail to provide. The 

audio sequence provides the exciting clips by only considering the variations in the audio 

frequencies of commentators’ speech, audience cheers, etc. The video features provide 

more useful information such as motion descriptors, color and texture variations, pixel 

changes in the displays, etc. In sports, one of the most important features to be considered 

is the textual feature as this feature is capable of providing information regarding the score-

card region. The score-card region is crucial in sports to decide on the winning percentage 

and the audience pays attention to this to gather important information about the game. 

Also, the game is not always even and there are so many variations that require major focus 

to accurately generate the video summaries. Humans are capable of analyzing the videos 
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only to a certain extent whereas, to gain audience attention in today’s world, it becomes 

necessary to rely on computer-vision techniques to solve these complex tasks [50, 51]. 

1.5.3 Need for automatic video summarization in cricket 

 Among the different forms of sports, cricket is one of the most popular sports and is 

viewed by millions of audiences throughout the world. From the results of the most popular 

sports ranking based on the number of fans, cricket is estimated to have a global following 

of 2.5 billion fans around the globe. Since it has a large number of viewers worldwide, 

more people show interest in watching cricket highlights than in the live match. The sports 

broadcasters also show interest in generating highlights for the cricket videos for 

commercial purposes. Most cricket viewers prefer to watch the highlights that combine 

almost all the important exciting clips of a long cricket match into a single video. The 

highlights reduce the time to be spent on watching a live match whereas, the same amount 

of excitement can be maintained in the highlights as in the live match. 

 Apart from being popular, one of the major needs of an automatic video summarization 

tool in cricket is the complexity involved in processing the video. The cricket matches 

normally last from hours (i.e. one-day and T20) to days (i.e. test matches). The shortest 

version of the cricket game lasts for at least 3 hours and the longest version of the game 

reaches up to 5 days [52]. The length of the cricket video is huge and it involves a huge 

number of frames to be processed. Any kind of cricket video involves huge exciting clips 

such as the hitting moments, milestones, injuries of players, audience cheers, 

commentaries, umpire signals, etc. Some examples of the exciting events in cricket are 

displayed in Figure 1.8. To cover most of the exciting clips inside a highlight, the 

techniques used should be capable of detecting all the key events without getting disrupted 

by external factors (commentary changes, different frequencies of audio energy, textual 

displays, etc.).  
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Figure 1.8: Some of the exciting events occurring in cricket, Row 1: Milestones, Row 2: 

Commentaries, Row 3: Audience cheers, and Row 4: Injuries 

 Since the cricket video is too large, it is difficult to be transmitted through low-

bandwidth networks. The live videos are recorded and are telecasted through the internet 

or TV as the highlights. Thus, it demands a huge amount of memory requirements to store 

the videos for later use. Apart from this, the quality of the video reflects the amount of 

space needed to store the video. Videos with poor pixel quality fail to present the key 

events effectively and most people prefer not to watch low-quality videos. When the HD 

quality is high, then more space is needed for storage and it is estimated that an HD-quality 

video lasting for one hour with a pixel quality of 720p requires about 0.9 GB of storage 

space. When the pixel quality of the video increases, then the storage requirements also 

increase. For example, it is estimated that the same video with a one-hour duration having 

pixel quality of 1080p requires 1.5 GB and a pixel quality of 2K requires 3 GB storage 

space. Therefore, there is a huge expenditure of resources when the video length and 

quality are increased. This is one of the most important reasons to generate highlights that 

demand lower storage space and can be transmitted through low bandwidth networks. 

 Another major reason that cricket is recommended for highlight generation is that this 

sport is unique with different field rules (i.e., no whistles during the match, etc.). The 

playstyle involved in cricket is very unique and it is a slow-paced game with different 
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events. The batting and bowling actions for each ball should be monitored to determine 

the exciting clips. Thus, it takes a huge time and processing power to accurately generate 

the cricket highlights. Due to the length of the cricket videos, it includes several counts of 

exciting clips with key events of high frequencies. The exciting clips of the cricket video 

are obtained by evaluating the textual, visual, and audio contents and it is therefore 

important to monitor each batting and bowling action effectively. The computational 

complexity results from the model used for training to extract the highlights. When the 

length of the video increases, the training of the model is also needed to be improved as 

the number of frames used for training increases. Also, when the input size is too large, 

the running time and computational complexity of the training model increase 

significantly. 

 Cricket videos are affected by several external factors (both in audio and visual 

contents) and the methods that can witness those external factors separately can be able to 

provide optimal summaries. Apart from the models being complicated, the game itself is 

a complex one with several rules. Because of this, a large number of events are needed to 

be evaluated to exactly identify the crucial events for highlight generation. The number of 

events varies for each game and the time required to train the model varies based on the 

number of frames. Since the frames are huge in number, the importance of the frames are 

needed to be analyzed to determine whether these are worthy enough to be included in the 

highlights. Apart from the issues recognized, automatic video summarization in cricket is 

an active research area as there are not many works flourishing in this field. To overcome 

all these issues, it is important to present effective strategies that can accurately determine 

the exciting clips from the videos for highlight generation. 

1.6 Motivation 

Cricket is the most popular game played globally in more than seventeen countries 

around the world and has billions of fans and viewers. Moreover, several more cricket 

matches are conducted every year than any other sport. However, cricket matches are long-

lasting events; hence the audience prefers a summarized format rather than watching the 

whole match. Because the matching field comprises both boring and interesting moments 

that's why the researchers vastly analyze the highlighting generation methods. Hence the 

need to enhance match broadcasting is also increased; this is the primary motivation for 
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cricket event highlighting. In addition to this, several factors are focused on by the cricket 

video highlighting listed below.     

 Cricket is one of the complex game as it follows a set of rules. Thus, the large range 

of events in cricket is scrutinized with constant attention. 

 The activity recognition of cricket is important to expose the match's quality by 

monitoring every player on the field.  

 There are billions of cricket fans worldwide. Thus, it is necessary to satisfy their 

demands.  

 Cricket is the best platform for revenue as it needs much more attention than any 

other sport.  

 Cricket is a longer-duration game than other sports; thus, watching an entire match 

is tedious and consumes more time. Therefore, automatic cricket video 

summarization is gained much attention.  

 Cricket matches are broadcasted via the internet, and the storage of massive videos 

is complicated. Thus it requires efficient methods to summarize. 

 The event highlighting in cricket improves the accuracy of umpire judgments' 

during the matches. The highlighting generation of cricket videos is beneficial for 

the players and the trainers for enhancing their performance in the matching field.  

 The event highlighting methods only filter out the important events of the match 

thus it reduces the possibility of shot redundancy in cricket videos.  

 In case of cuts and pulls in cricket, the batsman swings his bat across the ball, such 

shots are needed to be analyzed. By summarizing these events in cricket, the events 

are categorized under various types based on short, hit, direction, and foot position. 

Types of shot detection in cricket are defended, drive, cover, pull, cut, and 

unknown [54]. 

 The video summarization method reduces data redundancy in any kind of video, 

which means it minimizes the repetition of events that appear several times in the 

video set. 

 The video summarization technique covers almost the entire video without 

destroying the original content and improves segment coverage.  

  The diversity of the video contents is increased by the video summarization that 

composes different contents in summary [53]. 
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1.7 Problem statement 

 Highlight generation for cricket videos is affected by different factors present in 

the cricket videos. The most common factors include the illumination conditions in the 

video, background noise, editing effects, game structure, etc. The keyframes in the cricket 

video are identified by determining the exciting clips based on the variations in the 

frequencies of audio energy. This is done by identifying the variations of frequencies in 

the audio energy extracted from the cricket video. The problem in determining the audio 

energy is the presence of background noise which is one of the most common factors in 

any cricket video. The shot boundary detection step helps to identify the shot boundaries 

in a video that are of prime importance and can be added along with the highlights. Shot 

boundaries can be defined as the boundaries and transitions between consecutive shots in 

a cricket video. Detecting the shot boundaries includes different limitations, and the most 

important one is the orientation of the camera. The shots present in every clip may provide 

useful information, and an ideal technique should be capable of detecting all the shots of 

every exciting clip. Localization of the score-card region is also important as it provides 

important information about the game. The transitions in the videos affect the accurate 

detection or localization of the score-board region. The key event in the cricket video is 

needed to be selected in a way that provides all the required information to generate 

effective highlights. For selecting the key events, the importance of each key event is 

determined, and then an appropriate decision is taken to form the summary. Owing to 

different influential factors in the cricket video like illumination effects, transition effects, 

gaming complexities, etc., it is difficult to determine the key events of the videos 

accurately. This thesis proposes effective hybrid frameworks for cricket video 

summarization to address the limitations mentioned above. 

1.8 Research objectives 

This research aims to explore techniques for cricket video summarization through exciting 

clip annotation, replay detection, keyframe detection, and shot boundary detection using 

excitement and event-driven features. Video summarization tool is mainly used to 

determine the crisp representation of lengthy videos by determining the key events. The 

objective of the thesis is to design and implement robust techniques that are not influenced 

by the editing effects, illumination conditions (i.e. a difference in daylight and artificial 

light), background noise (i.e. audience noise), computational cost, etc. 
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  Exciting clips in a cricket video determine the important events, and they can be 

identified by the audio energy resulting from the spectators' cheers and commentaries. The 

key event recognition process can be boosted by extracting the excitement clips by 

reducing the computational complexity involved in processing a full-length video. This 

step divides the lengthy video into smaller excitement clips, and the key event recognition 

can be done only on the excitement clips. These exciting clips are further used in concept 

annotation to generate the cricket highlights. 

 The shot boundary is another method of processing cricket videos by partitioning 

the videos into different shots, reducing the complexity involved in processing. These shots 

are then classified into long, medium, close-up, and out-of-field/crowd shots. Shot 

classification helps to bridge the semantic gap between the high and low-level events 

involved in the videos that can be used for video summarization. Sample images for the 

shot boundary are displayed in Figure 1.9. 

 

Figure 1.9: Sample images for shot boundary 

 As mentioned above, the objective is to present automatic video summarization 

approaches that can deliver the key events of a cricket video as highlights by reducing the 

duration of the video. Thus, the ultimate aim is to detect the key events occurring in a 

cricket video by implementing an effective key event detection framework. The major 

challenge involved in the key event detection process is the length of the video, as the 

cricket video may last for up to 40 hours, covering an approximation of 3.6 million frames. 

Therefore, this thesis investigates the ways to determine the keyframes of the cricket 

videos irrespective of the duration of the matches. To identify the keyframes, the audio, 
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visual and textual features are determined and are used in combination to model effective 

techniques for cricket video summarization. 

The main objectives of this thesis are  

1. To detect exciting events using audio and speech to text conversion.  

2. An efficient shot classification and key event detection method to generate 

summaries for lengthy cricket videos 

3. Use scorecard and umpire gestures to detect prime events and generate highlights. 

1.9 Approaches 

Different approaches for excitement and key event detection and shot classification are 

proposed in this thesis for effective cricket video summarization. This section covers the 

overview of the proposed research works below: 

1.9.1 An optimized hybrid model for event recognition and cricket highlight 

generation 

 An optimized hybrid model is proposed to label the excitement concepts in the 

cricket video for highlight generation. The audio features help to identify the exciting clips 

of the cricket video. Therefore, these features, such as the spectators' applause, shouting, 

and cheering, are initially extracted. Then, the keyframes are determined from each 

exciting clip by estimating the hue histogram difference between the adjacent frames. The 

scoreboard region in the video is located to differentiate the replay frames from the real 

frames. After this step, the low-level features, including color, and edge, are extracted to 

identify the spectators, batsman, umpires, boundary view, pitch view, fielders, and players 

gathering. 

Moreover, the players' reactions during the fall of wickets, arguments between umpires 

and players, injuries, boundaries, and milestones are recognized with the help of an action 

recognizer. Then, the exciting clip concepts are annotated using the proposed hybrid model 

that determines the important concepts of the video. Finally, the highlights for the video 

are generated by selecting the annotated exciting clips in temporal order. A user-defined 

dataset comprising collections of sports videos from various broadcasters influenced by 

varying lighting and editing effects is used to evaluate the proposed model. The proposed 
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model outperformed the existing approaches in generating the highlights by overcoming 

the existing limitations. 

1.9.2 An effective shot classification framework for cricket video summarization 

 A hybrid framework for cricket video summarization is proposed to generate 

effective summaries with reduced computational complexities and improved accuracy. 

Initially, the recorded sports video is subjected to pre-processing, including commercial 

and replay removal processes. Using the cut density based on color and motion features, 

the commercial is removed, and the absence of the score-card region is used to determine 

the replays. The key event recognition process comprises four-stage frameworks. In the 

initial stage, the audio energy of the cricket video is examined to extract the exciting clips. 

An extra level of confidence is added using the "speech to text" framework to detect these 

exciting clips. 

Further, shots are detected and classified using the proposed hybrid classifier, where the 

classification is done as a close-up, long, medium, and out-of-field/crowd. Then, the score-

card region location in all the video frames is determined, and the action features of the 

respective umpire frames are extracted to gather the key events from the video. Finally, 

the highlight generation process considers the features and characters extracted from the 

umpire frames and scoreboard regions from the video frames. The cricket highlights 

generation process in this research considered the important activities such as fours, sixes, 

and wicket falls from the video frames. The proposed approach is evaluated using the user-

defined dataset obtained from different broadcasters. The evaluations proved that the 

proposed approach could generate summaries for the cricket videos despite several 

complexities in the videos. 

1.10 Thesis outline 

The organization of the thesis is presented as follows: 

 Chapter 2 presents a literature review on the cricket video summarization 

approaches. This chapter reviews the major modules involved in summarizing a cricket 

video and the literature focusing on these modules. The key event detection and shot 

classification based on different aspects are thoroughly explained. Also, an overall analysis 

of the existing schemes based on different types of features considered, classes involved, 

and output is presented for clarity. 
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 Chapter 3 presents an optimized hybrid model for event recognition and 

summarization by combining the event-driven and excitement-driven features. The 

exciting clips in the video are useful in the key event detection process. Thus, the audio 

energy present in a cricket video is determined, and the exciting clips are extracted. Then, 

the exciting clips are labeled effectively, and the labeled concepts are chosen based on an 

important degree to form the cricket highlights. 

 Chapter 4 presents a novel hybrid model for cricket video summarization by 

considering the event-driven, excitement-driven, and object-driven features. Apart from 

determining only the audio energy, this approach adds additional confidence by using an 

effective "speech to text" framework to extract all the exciting clips. The characters and 

action features from the scoreboard and umpire gestures are determined to detect the 

keyframes from the exciting clips. Finally, an improved video summarization module is 

proposed to generate an effective summary for a cricket video. 

 Chapter 5 provides an overall conclusion for the thesis with a summary and 

recommends specific future directions for the developers and researchers working in this 

field. 
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CHAPTER-2 

LITERATURE REVIEW 

2.1 Cricket Video Summarization 

Cricket video summarization deals with summarising cricket videos into highlights 

through the extraction of major audio and visual features. This process covers major 

advantages like reduced capacity cost, compact video generation, low bandwidth 

transmissions, and reduced time complexities. The research trends rely on machine 

learning and deep learning models for efficient summarization. The models that are mainly 

focused on are Support Vector Machine (SVM), K-Nearest Neighbor (KNN), 

Convolutional Neural Network (CNN), Recurrent Neural Network (RNN), Long Short 

Term Memory (LSTM), etc. [54]. The recently developed techniques for cricket video 

summarization and highlight generation are reviewed below. 

Cricket videos, in general, comprise both audio and visual features. Hence, 

extracting audio, visual, and textual features is a major task that helps in summarization. 

Along with feature extraction, another major step is the temporal segmentation of the 

videos which helps in partitioning the cricket videos into meaningful content. The temporal 

segmentation is achieved by partitioning the videos based on the shot boundaries computed 

through shot detection [55]. After this step, the key events are extracted and summarized 

for highlight generation.  
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2.1.1 Feature Extraction 

 Feature extraction contributes a major part to video summarization, and the major 

features identified in the videos are audio, visual, and textual features. The audio feature 

extraction paves attention to the features like sound, speech, and music gathered from the 

audio contents of commentators and spectators watching the match. Video features are 

identified based on the differences in the videos' color, texture, movement, and shape 

features. The textual features are based on textual contents like captions, textual overlays, 

speech recognition, external transcripts, and graphical inserts.  

2.1.1.1 Audio Features 

 Extracting the audio features from the sports videos is based on the audio sounds 

gathered from the commentators' speech and the exciting sound produced by the 

spectators. In cricket, these features are based on the events like hitting boundaries, sixes, 

and the falling of wickets. Also, in sports, these features are predominant as they can 

directly generate highlight-worthy content from the original videos. The audio features to 

be extracted can be categorized into the time domain and frequency domain-based features. 

 Kolekar and Sengupta [56] presented an approach for automatic highlight 

generation based on the extracted audio features. The exciting clips were extracted for 

highlight generation based on the STE audio features like spectators cheering, applause, 

and excited shouting. After extraction, the individual scenes in the exciting clips were 

classified as events such as the player, referee, spectator, replay, and players gathering. 

Concept labeling was carried out for highlight generation using the Bayesian Belief 

Network (BBN). This technique focused only on the audio features to generate highlights 

and provided promising results. Another approach of Kolekar and Sengupta [57] for 

highlight generation utilized the audio features alone for exciting clip generation. These 

features include the STE and ZCR time-domain features based on the commentator’s 

speech and the spectator's exciting sounds. 

 The above method utilizes the time-domain audio features can extract these 

features without the need for transformation into another domain. The major frequency 

domain features include spectral entropy, spectral flux, spectral roll-off, and MFCC. 

Vincenzo et al. [58] used the frequency-domain audio features for the automatic generation 

of football highlights. The major audio features extracted in the approach include ZCR, 
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entropy, flux, roll-off, spread, centroid, MFCC, and Mel bands decomposition. Another 

approach using the frequency domain audio features had been implemented by Baijal et 

al. [59]. The approach concentrated on the audio features, utilized the MFCC to extract 

them, and then trained a classifier for highlight generation. Gao et al. [60] introduced a 

method for highlight generation of soccer videos where a new dataset was built for audio 

recognition, and MFCC was utilized for extraction. Another approach for semantic 

analysis of soccer videos was developed by Elgamml et al. [61] using the audio features. 

The model extracted the basic audio features from the soccer videos, and the exciting clips 

were identified and annotated using the SVM classifier. The summarized version of the 

reviewed audio-based feature extraction methods is presented in table 2.1. 

Table 2.1: Summary of the reviewed audio-based feature extraction methods 

Authors Methods Metrics Datasets  Advantages Disadvantages 

Kolekar 

and 

Sengupta 

[56] 

BBN Percentage 

selection 

of 

premium 

concepts 

FIFA4 

soccer 

video 

Effective 

highlights are 

generated with 

low-level 

features. 

Absence of 

continuation 

in the 

highlights 

generated. 

Kolekar 

and 

Sengupta 

[57] 

Hierarchical 

classifier + 

priori 

algorithm 

Percentage 

selection 

of 

premium 

concepts 

TREC 

Video 

Retrieval 

Evaluation 

(TRECVID) 

Selected more 

deliveries for a 

given time 

duration.  

Only a few 

features were 

considered. 

Vincenzo 

et al. [58] 

LSTM Precision, 

recall,  

f-measure, 

accuracy, 

specificity, 

AUC 

Audio from 

Automatic 

Speech 

Recognition 

It can be 

implemented 

in real-time 

only through 

the semi-

automatic 

pipeline. 

Complex 

system 

architecture 

with the 

difficult 

training 

process 

Baijal et 

al. [59] 

Gaussian 

Mixture 

Model 

(GMM) 

Precision, 

recall 

Audio of 

rugby 

broadcasts 

A simple 

model with 

better accuracy 

Unable to 

differentiate 

the sounds 

Gao et al. 

[60] 

MobilenetV2 Precision ECO, I3D, 

I3D-NL, 

pySlowFast 

Ability to 

generate 

highlights for 

three tasks 

simultaneously 

The time 

boundary of 

the events are 

not 

considered 
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Elgamml 

et al. [61] 

SVM Precision, 

recall,  

f-measure 

Broadcasted 

soccer 

videos 

Extendable for 

other sports 

videos 

Low-level 

features are 

not taken into 

account 

 

2.1.1.2 Video Features 

 Video features are extracted from the video segments based on the keyframes of 

the videos. The video features can be categorized into static and dynamic. The static 

descriptor deals with extracting video features from individual video frames of the video 

segments. The dynamic descriptor focuses on extracting the features based on the 

movement information collected from all the video frames of the video segments. The 

major video features that can be extracted include low-level features like color, texture, 

shape, region, and movement: the high-level or domain-specific features like information 

about objects and events. The video descriptors can identify features such as the bowling 

and batting statistics, bowler's profile, field color, and other major concepts. 

 The video frames are evaluated to extract the video features for summarizing the 

videos. Cirne and Pedrini [62] presented a scheme called VISCOM on video 

summarization based on the extraction of visual features based on motion descriptors. The 

scheme utilized the color co-occurrence matrices to generate a synopsis of the video 

frames. The motion descriptors determined the descriptors discarded the camera 

movements in the videos and the monochromatic frames based on the entropy values of 

the frames. Abbas and Li [63] introduced a visual-based feature extraction for event 

recognition of cricket videos. The model extracted the Histogram of Oriented Gradients 

(HOG) and Local Binary Pattern (LBP) texture featured for the keyframes and fused those 

features for labeling the events of the videos. The labeling of the events was done with the 

use of Multi-class SVM where the events were labeled under four classes such as catch 

out, LBW out caught behind, and bowled out. 

 Kamoji et al. [64] presented a video summarization approach based on the video 

features extracted through motion descriptors. The technique converted the input video 

into frames that were then greyscaled and converted into fixed-size macroblocks. The 

blocks were compared to identify the closest match, and that process was regulated through 

the block-matching algorithms such as diamond search and three-step search. Mohan and 

Nair [65] presented an approach for static video summarization based on motion vectors 
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by training the Sparse Auto-Encoders (SAE). The high-level features alone were extracted 

using SAE, and the redundant features were eliminated through motion vectors, reducing 

overall complexity. Finally, the K-means clustering cluster the high-level features to 

identify the summarised video's keyframes. 

Another approach for dynamic video summarization was introduced by Wu et al. 

[66], integrating the gaze information into deep learning. The eye movements of the 

subjects in the videos were identified, and foveated images were constructed to gather 

spatial information. The multi-frame motion vectors were utilized to identify the 

movement clues from consecutive frames. Then, the discriminative features were gathered 

from the spatial and temporal streams implemented using the deep ConvNet. The Support 

Vector Regression (SVR) was utilized to identify the highlight score for the keyframes to 

generate the summary. The approach was evaluated using the SumMe dataset consisting 

of sports and cooking videos. Nair and Mohan [67] presented a video summarization 

approach by detecting keyframes from the video. The visual features were extracted using 

the pre-trained multi-CNN. The redundant information in the video was eliminated using 

the motion vectors based on the Scale Invariant Feature Transform (SIFT) flow algorithm. 

The keyframes in the video were detected using the Random Forest (RF) classifier and 

based on the keyframes, the video highlights were generated. 

Sen et al. [68] presented an approach to classify the batting shots of cricket videos 

based on the color and motion features identified through camera movements. The visual 

features were automatically extracted using the CNN, and a Gated Recurrent Unit (GRU) 

was utilized to deal with the long temporal dependency. The model learned the important 

camera movements and extracted the low-level features like texture, lines, color, and edges 

to identify different shots. Another approach for shot classification was introduced by 

Minhas et al. [69] based on the extracted visual features. Based on the camera movements, 

the color and texture features were extracted. The model utilized the LBP and Local Tetra 

Pattern (LTrP) to extract the texture features, and the AlexNet CNN was utilized for shot 

classification. 

Based on the camera movements, the angle ranges of the cricket shots were 

identified, and a motion estimation approach to classifying the shots was introduced by 

Karmakar et al. [70]. The batting shots were identified and classified into Flick, Square 

Cut, Hook, and Off-drive with the help of motion vectors. The optical flow of the video 
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frames was evaluated to calculate the motion vectors for every pixel of every frame. Then 

the angles of the motion vectors were computed using the tan inverse method, and the 

angle ranges were clustered for shot classification.  

A bat detection approach based on the batsman stroke was introduced by 

Roopchand et al. [71]. The approach utilized the optical flow and Otsu's thresholding 

methods to detect the movement of the bat and the batsman to identify the strokes. An 

additional Kalman filtering was done to eliminate the noisy measurements, and the 

positions of the moving objects were identified with the help of a Kalman filter estimator. 

A shot detection unit encapsulating the cross-correlation function was utilized to detect the 

shots of the batsman. Most of the reviewed video summarization papers are based on the 

learning models as these can provide efficient results. More powerful video features can 

be extracted by increasing the layers of CNN and other deep-learning architectures [72]. 

These models are extended for various operations, including video summarization tasks, 

to yield effective results. The summarized version of the reviewed video-based feature 

extraction methods is presented in table 2.2. 

Table 2.2: Summary of the reviewed video-based feature extraction methods 

Authors Methods Metrics Datasets Advantages Disadvantages 

Cirne and 

Pedrini 

[62] 

Color co-

occurrenc

e matrix 

Precision

, recall, 

F-

measure 

VSUMMTRE

C datasets 

Simple 

approach 

Higher false 

rates 

Abbas and 

Li [63] 

Multi-

class SVM 

Precision

, recall, 

F-

measure, 

accuracy 

Manual dataset Accurate 

results in 

event 

detection 

Too large 

feature vectors 

decreased 

robustness 

Kamoji  

et al. [64] 

Diamond 

search, 

Precision Manually 

extracted 

videos 

Improved 

precision 

Not suitable for 

complex 

environments 
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three-step 

search 

Mohan 

and Nair 

[65] 

SAE Precision

, recall, 

F-score 

VSUMM, 

OVP 

Extendable 

for other 

videos 

Unable to 

detect all the 

key events 

Wu et al. 

[66] 

Foveated 

CNN 

Precision

, recall,  

F-score 

SumMe, 

TVSum 

Integral parts 

of the video 

are 

considered 

for 

summarizatio

n 

Gaze 

information of 

different 

subjects are 

similar, 

thereby 

reducing the 

reliability 

Nair and 

Mohan 

[67] 

Multi-

CNN 

Positive 

Predictiv

e Value 

(PPV),  

F-

measure, 

sensitivit

y 

VSUMM, 

OVP 

Generated 

meaningful 

abstracts 

Low sensitivity 

rate 

Sen et al. 

[68] 

CNN + 

GRU 

Precision

, recall,  

F-

measure 

Cricshot10 Efficient in 

classifying 

batting shots 

The objects in 

the video 

frames are not 

considered 

Minhas et 

al. [69] 

AlexNet 

CNN 

Precision

, recall,  

F-

measure, 

Broadcasted 

videos 

Robust to 

illumination 

and camera 

movements 

Requires 

experimentatio

n with large 

datasets 
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accuracy, 

error 

Karmakar 

et al. [70] 

Maximum 

Average 

Correlatio

n Height 

Filter 

(MACH) 

Accuracy Manual dataset Accurate 

detection 

Time 

complexity 

Roopchan

d et al. 

[71] 

CNN + 

SVM 

Accuracy Manual 

datasets 

Better 

training 

process 

Time 

complexity 

 

2.1.1.3 Textual Features 

 The textual features describe the textual information present in a video that helps 

summarise. The normal textual features that can be identified in most sports videos are 

textual overlays, speech recognition, graphical inserts, external transcripts, closed and 

open captions. The textual feature extraction helps in gathering important information from 

the videos. Usually, in cricket videos, many graphical inserts are identified, such as run 

rate chart, wagon wheel score chart, and statistics chart depicting the statistics of the game 

that can be utilized for extraction to represent the highlights. Game statistics provide key 

events that can be utilized for generating highlights of any sports video. These statistical 

data can be identified by matching them with textual overlays. 

 Textual descriptors can be utilized to segment videos by dealing with the problem 

of temporal segmentation. Sankar et al. [73] introduced a multi-modal scheme for the 

temporal segmentation of cricket videos. The videos were segmented based on the 

commentaries of the actions. The scene-level descriptions based on the commentaries in 

cricket were identified to generate relevant and informative segments. Finally, automatic 

annotation was carried out to annotate the segments to appropriate texts through 

synchronization. Sharma et al. [74] introduced one approach fine-grained action annotation 

to overcome the temporal annotation. The approach covered two stages where the first 

stage worked on generating scenes based on the textual commentary, and the second stage 
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classified the shots and phrases into different categories. A window-based shot detection 

scheme was utilized to identify the shots in the video. The labeling of the shots was carried 

out with the Linear Chain Conditional Random Field (LC-CRF) that categorized the shots 

based on the textual descriptions. 

 Based on the gathered textual features, Nasir et al. [75] introduced an event 

detection and summarization scheme for cricket videos. The technique identified the three 

significant key events such as six, boundary, and wicket. The image averaging was 

performed to identify the regions of score captions from the images, and the regions were 

enhanced through the application of morphological and arithmetic operators. The Optical 

Character Recognition (OCR) method was utilized to recognize the characters, and these 

characters were then utilized for key event detection. The evaluation of the framework was 

carried out for different videos collected from diverse broadcasters. 

 Text extraction in a sports video helps identify valuable content, efficiently 

recognizing keyframes. Vijayakumar and Nedunchezhian [76] introduced a superimposed 

text extraction method to extract the textual features from the cricket videos. The video 

frames were initially extracted, and then the keyframes of the video were extracted using 

the histogram method. The images were converted to greyscale to make the process easier, 

and the images were cropped to recognize the scorecards (SC) in the video displayed at 

the bottom. Then the text extraction was carried out using the canny edge detection 

algorithm, and the regions were then provided to the OCR system for extracting the final 

video caption text. 

 The key contents are important in a sports video as it provides valuable information 

regarding the scores and the players. The key contents can also be named key captions that 

contribute to the highlight generation of sports videos. Jung and Kim [77] implemented an 

approach for key caption detection covering player information for golf videos. The 

method utilized the color pattern of a caption obtained with the help of the Dominant Color 

Descriptor (DCD). The color values using the DCD was identified for all the cluster 

comprising the key information of the video frames. The key captions were identified from 

the cluster by identifying the dominant cluster from the group of clusters. 

 Effective highlights can be generated by integrating visual and textual features of 

the sports videos. Together, these features can provide all the interesting information about 

any sport without missing any valuable portion. One such approach integrating both the 
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textual and visual features was proposed by Xu et al. [78] for dynamic video 

summarization. The original video was partitioned into segments using the memorability-

based video segmentation method, and then the semantic and interesting features were 

extracted. Scores were generated for the features based on their importance and were 

normalized into frames. Finally, a linear model was constructed to predict the importance 

of the frames to occupy a position in the summarized version of the video. This model 

provided more promising results than the other compared to conventional models based 

on a visual feature alone. The summary of the reviewed text-based feature extraction 

methods is presented in table 2.3. 

Table 2.3: Summary of the reviewed text-based feature extraction methods 

Authors Methods Metrics Datasets Advantages Disadvantages 

Sankar et al. 

[73] 

Top-down 

textual 

domain 

Precision, 

recall 

TV videos Efficiently 

learned the 

semantic 

concepts 

Reliability 

issues 

Sharma et al. 

[74] 

Fine-

grained 

model 

Accuracy Youtube 

videos 

Possible to 

train large 

datasets 

Not all the 

activities in the 

videos are 

considered 

Nasir et al. [75] OCR Precision, 

recall, 

accuracy, 

error 

Broadcasted 

videos 

Independent 

of the game 

structure 

Frequent 

changes 

influence the 

model in the 

video frames 

Vijayakumar 

and 

Nedunchezhian 

[76] 

Canny 

Edge 

Detection 

Algorithm 

Precision, 

recall, 

accuracy 

ESPN 

videos 

Robustness Error rates 

affect the 

performance 
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Jung and Kim 

[77] 

DCD Precision, 

recall 

Broadcasted 

videos 

Performs 

well even if 

the captions 

are not fixed 

in the video 

Game 

dependent 

 

2.2 Shot Boundary Detection 

 A shot boundary denotes the transition between two different shots, and the series 

of frames captured by a single camera is known to be shot. Most video summarization 

models followed the shot boundary detection process as a pre-processing step. The abrupt 

transition can be called hard cut, and the gradual transition can be called fade-in and fade-

out transition. The task of shot boundary detection in cricket videos is difficult as the 

videos comprise hard cuts that include complexity in detection. Most of the existing 

approaches focused on detecting the hard cuts in sports videos. 

 The shot boundaries are popularly determined using the color histogram 

computations for successive video frames. The shots are identified based on the differences 

between the constructed color histograms. This type of shot identification comprises three 

classes: Chi-Square, Bin to Bin, and Histogram Intersection [79]. Majumdar et al. [80] 

presented a framework for video shot detection and summarization based on the SIFT 

feature extraction. Initially, the frames were extracted from the input video, and then the 

SIFT features were extracted by computing the SIFT descriptors for all the frames. Then 

those descriptors were matched based on the distance, and the closest ones were returned. 

Based on a threshold computation, the shot boundaries of the video were identified. 

Finally, summarization was carried out using the Expectation-Maximization (EM) 

approach. 

 Kathiriya et al. [81] introduced an approach for shot boundary detection of videos 

based on the color histogram technique. The Chi-Square (x2) method was utilized for 

detecting the shot boundaries, where the histograms were computed for the video frames 

that were converted into RGB colors. Then the keyframes were extracted from the 

computed shot boundaries for summarization. Abd-Almageed [82] presented an approach 

to detect the shot boundaries simultaneously and extract the keyframes from the video. 
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Initially, a feature matrix was constructed using the multi-variate feature vectors extracted 

from the frames, and then the matrix was factorized using the singular value decomposition 

method. The singular vectors were computed, and the ranks were identified for the vectors 

using the sliding window approach. Finally, the shot boundaries were identified, and the 

keyframes were detected based on the computed ranks. 

 The difference between the frame's videos helps analyze the shot boundaries, 

which can be achieved with the help of color moments. These moments differentiate the 

images based on the color, and the similarities between the frames can be identified using 

this measure. An approach had been implemented by Angadi and Naik [83] using the color 

moments measure for shot boundary detection of sports videos. The model utilized the 

YCbCr color model for the computation of shot boundaries. The frames obtained from the 

video were partitioned initially into 8*8 sub-blocks, and the first three-color moments of 

the blocks were computed. The feature vector was computed for all the sub-blocks from 

the color moments and was compared with each other. Finally, for a threshold condition, 

the shot boundaries were computed. 

 The video frames are affected by fire and flicker, flashlight, and high motion due 

to camera movements or objects, making it difficult to detect the hard cuts. Kar and 

Kanungo [84] presented a cut detection method for shot boundary detection of videos 

based on Weber features to overcome these issues. Based on Weber's law, the weber 

features were extracted as gradient orientation and differential excitation. A content 

similarity parameter was developed to identify the similarities between the consecutive 

frames. Then an adaptive thresholding scheme was followed to identify the hard cuts 

present in the video frames. Li et al. [85] introduced an algorithm to detect the shot 

boundaries for video summarization based on sparse coding. The model initially 

partitioned the video into segments, and the global and local features like Hue-color 

histogram and image patches were extracted. Then the sparse coding dictionary was 

utilized to recognize the reconstruction loss, and the sparsity of the reconstruction matrix 

was computed. Finally, the Shot Boundary Detection with Sparse Coding (SBDSC) 

algorithm was used to detect the shot boundaries. 

 Janwe and Bhoyar [86] introduced an automatic shot boundary detection scheme 

for videos based on the color histogram models. The approach followed the modified Just 

Noticeable Difference (JND) color histogram model, where histograms were constructed 
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for every two consecutive frames in the video. The similarity between the frames was 

identified to understand the discontinuity between the frames. Then an adaptive 

thresholding condition was utilized based on the sliding window approach for cut and 

gradual transition detection. Hannan et al. [87] presented a shot boundary detection scheme 

based on a histogram model and a video abstraction scheme. The SIFT-point distribution 

histogram (SIFT-PDH) features comprising both local and global features were extracted 

for detecting the shot boundaries. Finally, the entropy-based singular value measure 

extracted the keyframes from the video. 

 An approach to overcome the drawbacks of supervised learning methods such as 

the training process had been introduced by Tippaya et al. [88]. The model utilized multi-

modal visual features to detect the shot boundaries in the video frames. The technique 

utilized a candidate segment selection scheme to identify the non-boundary video frames 

based on the cumulative moving average. Abdulhussain et al. [89] presented an approach 

for shot boundary detection based on Orthogonal Polynomial (OP) to improve the overall 

accuracy. The major features, such as the moments of image gradients (MOGs) and 

smoothed moments, were extracted using the kernel operators. Finally, the scheme utilized 

the SVM classifier to detect the shot boundaries. 

Rashmi and Nagendraswamy [90] formulated a solution for shot boundary 

detection using a block-based cumulative approach. The Mean Cumulative Sum 

Histogram (MCSH) features were extracted from the video frames and histograms were 

constructed, and unwanted frames were eliminated. Zhou et al. [91] introduced a scheme 

utilizing the top-down zoom rule with a detection algorithm to deal with complex 

environments. The candidate transition segments were selected, and the gradual and cut 

transitions were identified for boundary detection. The summary of the reviewed shot 

boundary detection schemes is presented in table 2.4. 
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Table 2.4: Summary of the reviewed shot boundary detection schemes 

Authors Methods Metrics Detected 

Transitio

n 

Merits Drawbacks 

Majumdar et 

al. [80] 

Expected-

Maximizatio

n, SIFT 

Precisio

n, recall,  

F-

measure 

Cut Computational

ly simple 

Threshold 

conditions 

may produce 

inappropriate 

results. 

Kathiriya et al. 

[81] 

Color 

histogram 

- Gradual, 

cut 

Simple 

framework 

The method 

is not 

suitable for 

other videos 

Abd-

Almageed [82] 

Singular 

value 

decompositi

on 

Precisio

n, recall 

Gradual Computational

ly simple 

The ranking 

method 

reduced the 

overall 

accuracy 

Angadi and 

Naik [83] 

YCbCr color 

model 

Precisio

n, recall 

Cut Robustness, 

accurate 

detections 

Threshold 

condition 

may lead to 

the ignorance 

of important 

events 

Kar and 

Kanungo [84] 

Weber’s law Precisio

n, recall,  

F-

measure 

Cut Robust to 

illuminations, 

fire, and 

flicker in 

videos 

The model 

can only 

detect the 

transitions in 

a light 

environment 
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Li et al. [85] Sparse 

coding 

Precisio

n, recall,  

F-

measure 

Cut + 

gradual 

Accurate 

results 

Requires 

exploration 

of more 

sparsity 

constraints 

Jane and 

Bhoyar [86] 

Modified 

JND color 

histogram 

- Cut + 

gradual 

transition 

Reduced time 

complexity 

Performance 

differs based 

on the sliding 

window size 

and constant 

values 

chosen. 

Hannane et al. 

[87] 

SIFT-PDH Precisio

n, recall 

Cut + 

gradual 

Reduced 

computational 

complexity 

Abstraction 

leads to 

missing 

important 

frames 

Tippaya et al. 

[88] 

Multi-modal 

visual 

features + 

Candidate 

segment 

selection 

Precisio

n, recall,  

F-

measure 

Cut + 

gradual 

Reduced 

system 

complexity 

Slow 

detection 

Abdulhussain 

et al. [89] 

OP + SVM Precisio

n, recall, 

F-

measure 

Cut Improved 

accuracy of 

detection 

Increased 

computation

al cost 

Rashmi and 

Nagendraswa

my [90] 

MCSH Precisio

n, recall,  

Cut + 

gradual 

Provides 

consistent 

performance in 

Computation

al 

complexity 
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F-

measure 

a complex 

environment 

and 

uncertainty 

issues in 

video frames 

Zhou et al. 

[91] 

Top-down 

zoom rule + 

motion area 

extraction 

algorithm 

Precisio

n, recall,  

F-

measure 

Cut + 

gradual 

Fast detection  

and Suitable 

for complex 

environments 

Sensitive to 

illumination 

changes 

 

2.3. Categories of summarization methods 

The categories involved in the summarization methods differ based on the content, output, 

and summary types. The summarization methods can be categorized into static and 

dynamic based on the output type. The static type provides a collection of keyframes as 

the output. A video synopsis or a skimmed video will be generated as output for the 

dynamic type of summarization method. Mainly, clustering-based algorithms are 

formulated for static video summarization methods. The categories of the cricket video 

summarization methods are diagrammatically depicted in figure 2.1. 

Categories of

summarization

Content

Type

Learning or

Non-learning

Output

Type

Summary

Type

Object-based Event-based Excitement-based
Event &

Excitement-based

Broadcast

Video-based

Replay-based

Dynamic

Static

 

Figure 2.1: Categories of cricket video summarization methods 
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Ranjan and Agrawal [92] introduced a video summarization approach using the semantic, 

Tamura's textural, and flip-SIFT features. The static keyframe extraction was performed 

using the frame clustering approach. The redundant keyframes in the video were 

eliminated using a thresholding condition, and the most interesting keyframes were 

extracted. Another approach based on clustering was put forth by Balas et al. [93] to 

summarize a cricket video. The approach utilized the CNN classifier for labeling the video 

frames. Gao et al. [94] introduced a framework for dynamic video summarization based 

on two-level redundancy detection. A hierarchical agglomerative clustering approach was 

utilized for removing the redundant frames in the video. 

The content-type summarization methods include object-based, excitement-based, and 

event-based methods. The object-based methods rely on detecting the objects present in 

the cricket video frames, such as the ball and umpires, for highlight generation. The event-

based approaches work on detecting the key events in the video, such as the sixes, 

boundaries, and wickets [95]. Excitement-based approaches use audio energy, such as the 

sound produced by the audience for highlight generation. The highlights can also be 

generated from the replay videos identified in the live videos. Based on the fact that the 

replay videos are mostly generated for the most interesting frames in the video, the replay 

detection process is followed by many researchers for generating interesting highlights. 

All the video summarization approaches are based on either learning or non-learning 

approaches. The learning approaches use classifiers to recognize the key events in the 

video and label them accordingly. The non-learning approaches utilize the game transitions 

and logo-placing observations from the games for precise highlight generation. These 

approaches use the histogram difference and contrast features to detect the logo frames for 

replay detection. But the non-learning-based approaches include errors and 

misclassifications leading to the selection of unwanted events as key events, thereby 

reducing the accuracy. Therefore, learning-based approaches are highly preferred by 

researchers for generating cricket highlights. 

2.3.1 Object-based 

The object-based highlight generation approaches detect the objects in the video frames 

such as balls, umpires, etc. These approaches initially extract the low-level feature vectors 

to detect the high-level objects for creating the highlights. The umpire gestures are useful 

to identify and generate highlights as they respond to key events like boundaries, sixes, 
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and wickets. One such technique was introduced by Chambers et al. [96] that focused on 

the wrist bands worn by the umpires for video annotation. The approach utilized a 

Hierarchical Hidden Markov Model (HHMM) for gesture classification. The extraneous 

movements were removed by a filler model that worked under a principle of a thresholding 

condition.  

Ravi et al. [97] presented a dataset known as SNOW for detecting the umpire gestures like 

no-ball, six, wide, and wicket using the SVM classifier with deep features. The hand 

signals and different gestures of the umpires on the field were considered the major 

features for training the network. The major features were extracted using the Inception 

V3 and VGG19 networks from the umpire frames. The classifier was trained to detect the 

umpire poses based on the different events. The sample images of the umpire gestures from 

the SNOW dataset for different events are depicted in figure 2.2. 

 

Figure 2.2: Sample images of umpire gestures for different events 

The crucial events in cricket can be identified based on the information about the different 

gestures and poses of the umpires in the field. These gestures and poses can be identified 

based on camera movements' medium and close-up shots. Based on the umpire gestures 

captured through camera movements, Hari, R, and Wilscy, M [98] detected the key events 

in cricket as depicted in figure 2.3. In that work, the bowling events were recognized, and 

based on those events, the scenes in the cricket video were initially segmented. At the time 

of bowling events, the pitch area increased slowly from frame to frame, and it occupied 

more region while the batsman was striking the ball. The pitch area was not seen in the 

rest of the video frames. Therefore, the authors performed segmentation of the scenes by 

separating the shots and identifying pitch. 
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Figure 2.3: Object-based event summarization using umpire gestures [98] 

Further, the umpire frames were gathered based on the color of their jersey. The jersey 

color was utilized as the umpires wear different color jerseys from the players. The gestures 

were identified through the projection of horizontal and vertical intensity profiles. Finally, 

the RF classifier was utilized to learn and extract the key events from the video. 

The perceptions of the umpires are not always exact and are prone to errors in some cases. 

Also, the umpires claim confirmation for no-ball events. Chowdhury et al. [99] presented 

an approach for detecting the no-ball using computer vision to reduce the error rate. They 

partitioned the bowling crease into two sections and computed the pixel value variations 

in both sections through subtraction. Then, the mean values for the noticed pixels for both 

sections were computed, and the results were compared with a predefined threshold value 

to detect the no-ball events. The threshold value was computed based on the number of 

images where the foot heel of the bowler was inside the crease. 

Another approach for no-ball event detection was presented by Harun-Ur-Rashid et al. 

[100] to detect the waist-high no-ball events based on the information about the pitch and 

the ball. The CNN classifier was utilized to learn the features for identifying the events. 
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An approach for ball detection was introduced by B. L. Velammal and P. Anandha Kumar 

[101] for cricket videos. The technique encapsulated an anti-model approach to discard the 

non-ball objects in the video frames, and the remaining objects in the frames were 

considered ball objects. The Seeded Region-growing (SRG) Segmentation was used to 

segment the video frames, and then the shape properties were then utilized to differentiate 

the ball and non-ball objects. The non-ball objects were identified and discarded to detect 

the ball through this identification. 

Based on the detection of the ball and boundary information, the four events of the cricket 

video were extracted by Mridul Dixit and Charul Bhatnagar [102]. The method initially 

focussed on extracting the white components from the green background. The boundary 

location was identified by determining the best fit line with the help of a binary search 

algorithm. Then the respective coordinates of the leftmost and rightmost points were 

detected. Then the ball was detected by traversing the white pixels in the green background 

and below the boundary line. After identifying the ball points and the boundary lines, the 

perpendicular distance was computed. Then, a threshold value was defined, and the four 

events were detected based on that value. When the defined threshold was greater than the 

distance measure, the event extracted was labeled as four. 

Nair et al. [103] presented an approach for detecting the umpire gestures to update the SC 

automatically. The model utilized the Inception V3 network based on transfer learning for 

extracting the features. The model was trained to identify the key events like six, wicket, 

no ball, and wide based on the actions shown by the umpires on the field. The other 

movements and gestures of the umpire, such as four events, were categorized as no action. 

The cricket video was initially partitioned into shots, and the operations were performed 

on each shot. The model also utilized a majority voter for classification to improve the 

accuracy and to deduct the misclassification rate. The SC was automatically updated using 

the SVM classifier based on the pitch and the umpire poses. The summary of the reviewed 

object-based methods is presented in table 2.5. 
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Table 2.5: Summary of the reviewed object-based methods 

Authors Methods Detected 

Events 

Metrics Advantages Drawbacks 

Chambers 

et al. [96] 

HHMM Wide, 

four 

Precision, 

recall 

Automatic 

segmentation 

with 

improved 

robustness 

Misclassifications 

in identifying the 

unknown events 

Ravi et al. 

[97] 

SVM No ball, 

six, 

wide, 

wicket 

True 

positive 

rate,  

a positive 

prediction 

value 

Effective 

classification 

results 

Not so flexible for 

real-time videos 

Hari and 

Wilscy [98] 

RF + K-

means 

Four, six, 

wicket, 

wide, no 

ball 

Precision, 

recall 

Better 

convergence 

helped to 

speed up the 

process 

Not suitable for 

identifying the 

events in test 

matches 

Chowdhury 

et al. [99] 

Image 

subtraction 

technique 

No ball Accuracy Reduced the 

error rate 

occurring due 

to human 

decisions 

Template frames 

are required for 

comparison 

Harun-Ur-

Rashid 

[100] 

CNN with 

Inception 

V3 

Waist-

high No 

balls 

Precision, 

recall,  

f-

measure, 

accuracy 

Accurate 

determination 

of no-ball 

events 

Required to be 

implemented over 

real-time videos 

B. L. 

Velammal 

and P. 

Anandha 

Kumar 

[101] 

SRG - - Ability to 

distinguish 

the balls that 

are merged 

with other 

objects seen 

in the video 

frames 

Lack of universal 

ball representation 

deduced the 

performance. 

Mridul 

Dixit and 

Charul 

- Four True 

Positive, 

true 

negative, 

false 

Performed 

well even in 

low-

The detection 

accuracy is 

limited to white 



44 
 

Bhatnagar 

[102] 

positive, 

and false-

negative 

rates 

resolution 

videos 

boundary lines 

and white balls. 

Nair et al. 

[103] 

SVM Six, 

wicket, 

wide, no 

ball 

Accuracy, 

sensitivity 

Adaptable for 

other sports 

events 

The model cannot 

identify the four-

event and is 

categorized as 

having  no action. 

 

2.3.2 Replay-based 

Replays are incorporated usually to capture and present all the exciting moments of the 

game in slow motion. These replays constitute the key events of the game that are of major 

interest. To identify these replay frames based on the logo transition and slow-motion, 

many learning and non-learning-based approaches have been formulated. Slow-motion 

replays are identified based on the speed and the homogeneousness of complete replays. 

This method is not very efficient as the performance of the method is influenced by the 

varying speed of the video. 

An approach for detecting the replays in cricket videos by identifying logo transition based 

on histogram and contrast features had been introduced by Choros et al. [104]. A 

predefined threshold value was utilized to identify the candidate collection of logo images. 

When the value of contrast for the video frame was larger than the threshold value, that 

frame was added to the collection. But there was a chance of misclassification due to the 

bright jersey color of the players. Therefore histogram computation was utilized to 

examine every candidate's logo images. When there was no difference in the histogram of 

candidate images among the previous and next fifteen video frames, those images were 

retarded from the collection. 

Another approach for detecting the replay frames was introduced by M. Ravinder and T. 

Venu Gopal [105] based on the correlation features and SVM classifiers. Initially, the 

templates were created based on the SC regions selected from the replay and non-replay 

frames of the cricket video. The SVM classifier utilized in the approach was trained with 

500 replay and 500 non-replay frames. The feature vector was formed based on the 

correlation between the frames used for training and the templates. The method was 

formulated to detect replay frames from the cricket videos while testing automatically. 
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A cricket video summarization approach based on the analysis of replay frames alone was 

executed by Javed et al. [106]. The replay frames of the video were determined based on 

gradual transitions of the video frames by computing a threshold value. The GMM was 

utilized to extract the silhouettes and motion history image (MHI) of all the key events of 

the video. The features from all the MHIs were extracted using the Elliptical Local Ternary 

Pattern. The model used the Extreme Learning Machine (ELM) classifier to detect the key 

events of the video. The SC regions are not provided in the replay frames as they possess 

multiple gradual transitions. To this extent, Javed et al. [107] detected the replay frames 

based on the analysis of both the SC and gradual transitions. A dual-threshold technique 

was used to determine the gradual transitions from which the candidate replay segments 

were extracted. Then the SC regions were detected to differentiate the replays from the 

real frames of the video. The block diagram for replay detection based on SC and the 

gradual transition is presented in figure 2.4. 

The SC regions are not provided for replays due to gradual transitions, and this 

phenomenon can be used to detect replay frames. Narasimhan [108] presented a cricket 

video summarization scheme based on a Genetic Algorithm (GA). The approach identified 

the replay frames based on the absence of SC regions on replays. The summarized video 

should cover more important and interesting events and encapsulate the entire period of 

the match. Therefore to generate user-specific highlights, those parameters were required 

to be optimized. Weight values were allotted to optimize them. 

Cricket Video

Identification of

Gradual transition

Replay Segment

Replay frames

Identification of

Scorecard region

Level 1: Gradual 

Transition Detection
Level 2: Score-

Caption Detection

 

Figure 2.4: Block diagram for Replay Detection based on SC and Gradual Transition 

[107] 
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Then the multi-objective optimization problem was solved using the GA. The constraints 

of the problem were removed through the weight optimization step. The summarized 

version of the replay-based cricket video summarization methods reviewed in this 

literature is presented in table 2.6. 

Table 2.6: Summary of the reviewed replay-based video summarization methods 

Authors Methods Detected 

Events 

Metrics Advantages Disadvantages 

Choros et al. 

[104] 

- Replay Precision, 

recall,F-

measure, 

relative 

average 

time 

Accurate 

replay 

detection 

The method 

included 

rejection of 

candidate 

solutions 

M. Ravinder 

and T. Venu 

Gopal [105] 

SVM Replay Precision, 

recall 

Extendable for 

other sports 

There is a need 

for templates to 

regulate the 

matching process 

Javed et al. 

[106] 

GMM + 

ELM 

Six, four, 

and 

wicket 

Precision, 

recall,F-

measure, 

accuracy, 

error 

The 

transitions in 

the replay 

frames are 

handled 

efficiently 

Time complexity 

as the videos 

constitute wide 

and no ball events 

Javed et al. 

[107] 

- Replay Precision, 

recall,f-

measure, 

accuracy, 

error 

Both the 

transition and 

SC regions are 

considered for 

replay frame 

detection. 

Lacked 

efficiency in 

differentiating 

prime concepts 

from wide and no 

ball events 
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Narasimhan 

[108] 

GA Four, six, 

wicket, 

runs 

 Reduced error 

rate 

Lacked details of 

classification 

approach for each 

event 

 

2.3.3 Excitement-based 

The excitement-based approach summarizes the video based on a crucial cue called audio 

energy. The audio energy in the cricket field for key event extraction is the spectator’s 

excitement, passionate commentaries, and appeals. The loudness resulting from the 

excitement of the spectators is utilized as an audio feature in key event extraction. There 

is no specific paper in the literature available for excitement-based key event detection of 

cricket videos. Therefore, the methods developed for other sports that can be extended for 

the highlight generation of cricket videos have been reviewed in this section. Tang et al. 

[109] presented a method for summarizing a tennis video based on the extracted audio 

energy from the field. Initially, statistical rules were used to identify the count of keyframes 

and to extract the keyframes from different shots. The keyframes then provided the major 

coefficient based on the middle-level features. Finally, based on the importance of the 

coefficient, the keyframes were divided, and the summary was generated. 

Recently, a sports video summarization method based on audio cues used the GMM model 

for training. The MFCC audio-based features were utilized for training the GMM model 

to classify the frames into excited and non-excited ones. The first level of the process 

identified the speech and non-speech constituents, whereas the second level determined 

the exciting shots based on the speech constituents. Another approach for highlight 

generation of sports videos based on audio energy was introduced by Pradeep K [110]. 

The peak values of the audio cues were determined initially. Then the correlation between 

the audio and video frames was analyzed to extract the video frames. A few frames before 

and after the peak frames were selected to construct events as sequences of frames. 

 Tjondronegaro et al. [111] developed a model for video summarization based on 

audio cues such as whistle and excitement. Since the audio features are computationally 

cheaper to process than the visual features, the model utilized the audio cues for 

summarization. The highlights and play-break scenes were integrated to extract the noise 
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features. The whistle sounds were identified during the start and end of the match and 

whenever they play stops or resumes. Based on this information, the model extracted the 

whistle feature from the video using the N-point Fast Fourier Transform (FFT). The model 

proved to be precise and computationally efficient in generating highlights. 

One unique approach constructed by Otsuka et al. [112] for video summarization based on 

audio features focused on designing a personal video recorder. The model classified the 

audio features such as the audience noise and commentaries in real-time with the help of 

a Digital Signal Processor (DSP). An importance level of the video frames was identified 

based on the extracted audio features. The model had an audio classification block built 

with GMM for classifying the audio segments into different classes like applause, sheering, 

etc. The classifier was trained with the MDCT coefficients to identify the audio segments 

of the sports video. 

Boril et al. [113] designed a highlight generation model based on the audio features 

extracted from the crowd cheering. The model was designed for baseball videos and can 

be easily adapted for cricket video highlight generation. The level of excitement was 

measured based on the pitch, center frequencies, and spectral central gravity noticed from 

the commentator’s speech. The GMM classifier was utilized for training to annotate the 

highlights. Along with audio features, the video features were also utilized to obtain better 

highlights. The summarized version of the reviewed excitement-based methods is 

presented in table 2.7. 

Table 2.7: Summary of the reviewed excitement-based video summarization methods 

Authors Methods Metrics Advantages Disadvantages 

Tang et al. 

[109] 

K-means - Covered only the 

most important 

events 

Threshold value 

setting is difficult 

as it varies for 

different videos 

Pradeep K 

[110] 

- Fidelity Accurate 

detection of 

keyframes 

Details are 

missing for 

defining peak 

values 
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Tjondronegaro 

et al. [111] 

Unified 

summarization 

scheme, N-

point FFT 

Precision, 

recall 

Computationally 

faster and cheaper 

The model is not 

fully automated 

Otsuka et al. 

[112] 

GMM Precision, 

recall 

Computationally 

simple 

 

Larger error rates 

Boril et al. 

[113] 

GMM Accuracy, 

false 

alarms, 

error 

Effectively 

segmented audio 

from background 

noise 

Time complexity 

 

2.3.4 Event-based 

 The event-based highlight generation method is centered on extracting the major 

events from the cricket video. The existing approaches on event-based highlight generation 

detected the events from the video and classified them accordingly. The factors such as the 

playfield scenarios, replays, and OCR are utilized by most of the existing approaches for 

highlight generation. The event-driven methods can be categorized into two categories as 

follows: 

 Score caption detection-based video summarization 

 Key event detection based summarization 

(i) Score caption detection 

 In cricket, the scoreboard presents ball-by-ball information about the match. The 

key events like fours, sixes, and wickets can be easily predicted with the help of these ball-

by-ball statistics. Moreover, the scoreboard offers information about the beginning and end 

of an inning. The region of the scorecard is effectively identified based on the rapid 

changes in the scorecard in the game.  

The text region that covered details regarding the players and scores in the cricket 

video was automatically detected by Vijayakumar, V., and R. Nedunchezhian. Initially, 
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the keyframes of the video were determined using the Color Histogram technique which 

helped reduce the count of frames. The text present in the keyframes was identified by 

converting keyframes into grey images. In general, the bottom region of any image holds 

superimposed text. Thus, the bottom parts of images were cropped, and the edges of the 

texts were detected with the help of the Canny edge detection technique. 

Nasir et al. [75] introduced a non-learning-based event detection approach based on the 

major textual features. The major events detected by the method were sixes, boundaries, 

and wickets. The image averaging technique was utilized by the approach to detect the 

score captions from the cricket video. Utilized captions to detect the changes in the score,  

wicket counters, and the contents of score captions were identified using the OCR 

approach. A similar approach for cricket highlight generation using the OCR was also 

implemented by Anjum et al. [114] that offered efficient results. The process for generating 

cricket highlights based on OCR is depicted in the flowchart in figure 2.5  
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Figure 2.5: Flowchart for cricket video summarization using OCR [114] 
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The key events were detected based on the score value and the wicket number analysis. To 

detect major key events like six, wicket, and boundary from the scoreboard score values, 

the wicket numbers of the present and previous frames were compared. The respective 

video frame collections were used to summarise the cricket video. 
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Figure 2.6: Decision Tree for video summarization [64] 

 A five-layered decision tree was utilized in [115], as depicted in figure 2.6. The method 

made use of the Score Separator (SS) to separate the score value (SV) from the wicket 

value (WV). Then subtraction was performed between the WVs of the present and 

preceding frames, and the resultant values were scored in the wicket counter. Again, a 

subtraction was performed between the present and preceding frames after resultant values 

were scored in the score counter. Then, certain rules were formulated to identify the key 

events like six, wicket, and boundary, and those rules are as follows: 

ℜ = {

𝑖𝑓(𝑆𝐶 = 𝑎𝑐𝑡𝑖𝑣𝑒 ∧ 𝑆𝑆 = 𝑊𝑉 ∧𝑊 > 0);𝑤𝑖𝑐𝑘𝑒𝑡

𝑖𝑓(𝑆𝐶 = 𝑎𝑐𝑡𝑖𝑣𝑒 ∧ 𝑆𝑆 = 𝑆𝑉 ∧ 4 ≤ 𝑆 < 6); 𝑓𝑜𝑢𝑟

𝑖𝑓(𝑆𝐶 = 𝑎𝑐𝑡𝑖𝑣𝑒 ∧ 𝑆𝑆 = 𝑆𝑉 ∧ 4 ≤ 𝑆 ≥ 6); 𝑠𝑖𝑥

                        (2.1) 

where𝑊 = 𝑊𝑉(𝑛) −𝑊𝑉(𝑛−1), 𝑆 = 𝑆𝑉(𝑛) − 𝑆𝑉(𝑛−1) The wicket events in that approach 

were added in the highlights when the value of the wicket counter > 0. 

A rule-based method for identifying key events from the cricket video was introduced by 

Sunitha Abburu [116]. A hybrid multi-layered method was utilized for automatic semantic 

segmentation and detecting key events like wicket and score values. The top layers 

analyzed the high-level features or the superimposed text identified in the video based on 

the low-level features. The keyframes in the video were extracted using those texts. 
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Finally, the bottom layers of the classifier followed certain rules for event classification 

like score and wicket. 

(ii) Key event detection 

The major key events in any cricket video include batsman, bowler, spectators, pitch view, 

boundary view, replay, umpire, and players gathering. The hierarchical classification for 

key event detection is depicted in figure 2.7. 
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Figure 2.7: Classification for key-event detection [116] 

Different approaches were formulated to generate cricket video highlights by K. Midhu 

and N. K. Anandha Padmanabhan [117] based on detecting key events. The replay 

segments in the video were identified based on the absence of the SC region. The 

differentiation between the field and non-field view frames was detected using the 

Dominant Grass Pixel Ratio. The pitch and boundary view frames were identified using 

the trained Naïve Bayesian classifier. Then the crowd and close-up view frames were 
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detected using the canny edge detector. The batsman, bowler, and umpire were classified 

based on their jersey color based on those frames. Also, the jersey color discriminated the 

spectators from the players' gathering. Finally, the semantic concepts of cricket were mined 

using an apriori algorithm. Similar approaches were also followed by Goyani et al. [118] 

to identify the key events of cricket other than the replay detection. Since the replay events 

were sandwiched between two logo transition frames, they were detected by identifying 

logo frames. 

Sandesh Bananki Jayanth and Gowri Srinivasa [119] discovered a new approach for the 

automatic classification of pitch frames of cricket video. Initially, the RGB color 

information was computed to remove the non-field frames from the video. Then the 

classification of non-pitch and pitch frames was done using the component quantization-

based region of interest extraction (CQRE), statistical modeling of greyscale (SMoG) 

histogram, and the combination of both CQRE and SMoG methods. 

Hetal Chudasama and Narendra Patel [120] presented an approach for key event detection 

based on the extraction of low-level features. The features that were extracted include Total 

Motion Pixel Ratio (TMPR) for detecting the fours, Total Skin Pixel Ratio (TSPR) for 

close-up detection, Grass Pixel Ratio (GPR) for detecting the field, Close Up Jersey Color 

for Block 1 (CJCB1) and Close Up Jersey Color for Block 2 (CJCB 2) for team detection 

of a particular player, Fielder's jersey color (FJC) for the detection of Fielder's gathering, 

Edge Pixel Ratio (EPR) for detecting the crowd, Sky Pixel Ratio (SkyPR) for detecting the 

Sky, Saturation Pixel ratio (StPR) for detecting the pitch, Prominent Color for Block 3 

(PCB 3) and Prominent Color for Block 4 (PCB 4) for detecting the boundaries and Pitch 

Pixel Ratio (PPR) for pitch detection. 

Harikrishna et al. [121] formulated a solution to classify the cricket events by detecting 

visual content in the video. Firstly, the color histogram of adjacent frames was computed 

to determine the boundary shots. Then the major visual features like EPR, GPR, PPR, etc., 

are extracted from every shot. The SVM classifier was utilized to classify the events into 

six, boundary, run, and wicket. The classifier was embedded with the sequential minimal 

optimization algorithm for learning. The keyframes were enhanced in a Representative 

Frame Decoration (RFD) model introduced by Kanade, Sudhir S., and P. M. Patil [122]. 

The major purpose of the enhancement was to increase the contrasting sharpness and make 

the keyframes more special. The enhancement was made possible using an unsharp mask 
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filter that helped improve the sharpness and contrast without any actual increase in the 

noise identified in the video. The summarized version of the reviewed event-based 

methods is presented in table 2.8.  

Table 2.8: Summary of the reviewed event-based video summarization methods 

Authors Methods Detected 

Events 

Metrics Advantages Disadvantages 

Nasir et al. 

[75] 

Image 

averaging 

+ OCR 

Fours, 

sixes, 

wickets 

Precision

, recall, 

accuracy, 

error 

Reduced error 

with the 

elimination of 

noise and 

outliers 

Capable of 

detecting the 

score captions 

only at fixed 

locations 

Anjum et al. 

[114] 

OCR Four, 

wicket, 

six 

Accuracy Accurate 

determination of 

events 

Not extendible 

for other 

sports videos 

Javed et al. 

[115] 

Decision 

tree + 

SVM 

Four, six, 

boundary 

Precision

, recall, f-

measure, 

accuracy, 

error rate 

Computationall

y simple 

Other major 

events are not 

considered 

Sunitha 

Abburu [116] 

Rule-

based 

method 

Wicket - It accurately 

determines the 

key events. 

Computationa

l complexity 

K. Midhu and 

N. K. 

Anantha 

Padmanabha

n [117] 

Bayesian 

classifier 

Four, 

wicket, 

boundary 

Precision

, recall 

Simple and 

efficient 

The 

requirement of 

low-level 

events in a clip 

is high 

Govani et al. 

[118] 

- Wicket - Accurate 

classification of 

The priori 

algorithm 
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events based on 

low-level 

features 

demanded 

more low-

level features 

Hetal 

Chudasama 

and Narendra 

Patel[120] 

Multi-

layer 

perceptro

n 

Field, 

pitch, 

crowd, 

boundary

, sky 

shots, 

close-up, 

field 

gathering 

Accuracy The model 

performed 

efficiently in 

categorization 

even with low-

level features 

Features are 

required to be 

extracted for 

all the cricket 

video frames 

Harikrishna  

et al. [121] 

SVM Four, six, 

run, 

wicket 

Precision

, recall,  

f-

measure 

Reduced 

complexity 

The tiring 

process is 

needed to 

extract 

features for 

every cricket 

video frame. 

 

2.3.5 Event and Excitement-based 

The combined excitement and event-based approaches provide better accurate and 

efficient results than other single models. Shukla et al. [123] introduced an approach for 

key event detection using excitement and event-based features. The methods are provided 

as a block diagram in figure 2.8. The model was built with three major processes as 

follows: In the first level, different shots were determined through the segmentation 

technique. Relevant cues were extracted from all the segmented shots in the second level. 

Finally, the model utilized the extracted cues to generate the video highlights. The 

milestones and certain miscellaneous events, including dropped catches, were detected 

using audio cues. After identifying exciting clips from the video, the most important events 

like fours and wickets were identified based on the SC. 



57 
 

A rule-based system was introduced by Javed et al. [124] for extracting the exciting audio 

clip. Then the key events of the video were categorized through the construction of a 

decision tree framework based on SC. They improved their work with the help of an 

Acoustic local binary pattern to evaluate the excitement level in the audio sequences. Then 

the classification of audio  

Inning

Over 1 Over n

Shot 1 Shot k

Replay

Scene

Understanding

SC
Audio

Energy

Player

Celebration

Excitement-based

Highlights

Event-based

Highlights

 ..

 ..

Level 1

Level 2

Level 3

 

Figure 2.8: Methods followed in excitement and event-based key event detection [123] 

frames into excited and non-excited were carried out using a trained SVM classifier. 

Maheshkumar H. Kolekar and Somnath Sengupta [125] extracted the exciting clip using 

the ZCR and short-time audio energy. A threshold value was set, and a multiplication 

operation was carried out between the ZCR and short-time audio energy. When the 

outcome of multiplication surpassed the threshold value, those frames were considered 

exciting frames. The key events were then detected using a hierarchical classifier. The 

events were then associated using the apriori algorithm to extract excitement clip concepts. 

 Instead of using a hierarchical classifier for video summarization, Mahesh H. 

Kolekar and Somnath Sengupta performed summarization based on the caption content 

analysis. The same hierarchical classifier with the apriori algorithm was utilized by 

Bhawarthi et al. [126] to identify the fall of wickets in cricket. An improved model based 

on the probabilistic Bayesian belief network (BBN) was implemented by Maheshkumar 
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H. Kolekar [127] for automatic annotation of excitement clips. The trained BBN performed 

the labeling of the excitement clips. Bhalla et al. [128] used methods like audio and replay 

discovery and OCR for key event extraction of a cricket match. 

Vijayakumar [129] formulated an event detection method with two major steps. Initially, 

the features such as audio and video cues were extracted. Then, heuristic rules were 

formulated to identify semantic concepts like score events and wicket fall events. The 

method was devised based on the experience to learn, solve and detect the process. This 

heuristic-based system provided acceptable results as well as increased the overall speed 

of the process. Kumar et al. [130] utilized an apriority curve algorithm for cricket video 

summarization. Initially, segmentation was performed to segment the cricket video into 

several blocks. Then, the audio, visual and textual features were extracted from every video 

block. After that, a priority was assigned for all the blocks based on the objects and events 

identified in the video blocks. A graph was constructed by taking the block numbers on 

the x-axis and priorities in the y-axis. The peak of the graphs was recognized to estimate 

similar events. Based on that, similar blocks were merged. Moreover, the blocks with 

lower priority values were considered unwanted and discarded for a summary generation. 

A summarized version of the reviewed excitement-based and event-based methods is 

presented in table 2.9. 

Table 2.9: Summary of the reviewed Excitement-based and event-based approaches 

Authors Methods Detected Events Metrics Advantages Disadvan

tages 

Shukla et 

al. [123] 

CNN+ 

SVM 

Milestone,fours,

wickets, sixes 

Insertion of union, 

official highlight 

comparison 

The key 

events are 

efficiently 

detected 

Time 

complexi

ty 

Javed et 

al. [124] 

Decisio

n tree 

Six, four, wicket, 

replay 

Precision,recall, 

accuracy, error 

Better 

outcomes 

are 

identified 

for low 

Instabilit

y 
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training 

process 

Maheshk

umar H. 

Kolekar 

and 

Somnath 

Sengupta 

[125] 

Hierarc

hical 

classifie

r 

Six, four, wicket Percentage of 

selection premium 

concepts (PSPC) 

Accurate 

annotation 

of concepts 

Requires 

more 

low-level 

concepts 

for a clip 

Maheshk

umar H. 

Kolekar 

and 

Somnath 

Sengupta 

[127] 

- Four, run, sic, 

wicket. 

Precision, recall Simple and 

fast 

Score 

updating 

is a 

delayed 

process 

Bhalla et 

al. [128] 

CNN + 

SVM 

Four, six, wicket Accuracy,official

highlight 

comparison 

Reduced 

time 

complexity 

Reduced 

accuracy 

Vijayaku

mar [129] 

- Score, wicket fall Precision, 

recall,F-measure, 

F-alarm rate 

Simple 

rules with 

better 

convergenc

e 

Heuristic 

rule 

system 

lacks a 

clear 

explanati

on 

Kumar et 

al. [130] 

- Six, four, out - Computati

onally 

simple 

Performa

nce is not 

guarantee

d. 
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2.4 Learning Models 

The key events in the cricket video are identified using the classification approaches using 

the learning models. Several classifiers are used in the video summarization tasks like 

SVM, RF classifiers for handling different jobs. These classifiers are trained with the 

extracted features for accurate and efficient classification. Learning models can offer better 

results at the cost of increased computational complexity. This section covers the major 

learning-based summarization methods as most of the reviewed methods are based on deep 

learning. Among the available classifiers, the SVM classifier is used by most researchers 

in literature as it offers lower computational complexities. Ravi et al. [97] utilized the SVM 

classifier to detect the umpire gestures. The video frames were classified into replay and 

non-replay frames by M. Ravinder and T. Venugopal. 

Harikrishna et al. [121] used the SVM classifier to classify the video shots into four, six, 

and wickets. The same classifier was also utilized to classify the frames into excited and 

non-excited ones based on the extracted audio features [115]. A GMM was utilized by 

Baijal et al. [59] for training to recognize the excited and non-excited audio frames. The 

classification of events in the cricket video was performed by Shukla et al. [123] through 

the training of CNN and SVM. The feature extraction was carried out by the fc7 layer of a 

pre-trained AlexNet model in that model. The events of the cricket video were predicted 

by training it on a multi-class linear SVM. The same multi-class linear SVM model was 

trained in [136] to classify ground view, fielder view, pitch view, and others. The key event 

classification of cricket video was performed by Javed et al. [106] using an ELM classifier. 

Though the SVM classifier offered low computational complexity, it is not efficient 

enough to offer better representative features. Therefore, the overall accuracy of the system 

might be reduced. 

Umpire gesture is utilized to detect the key event from the video by Hari R. and M. Wilscy 

[98] with the help of an RF classifier. But the time complexity of this classifier is high as 

it generated a lot of tree structures to make decisions. The on-field view of the cricket 

video was classified by K. Midhu and N. K. Anantha Padmanabhan [117] using the Naïve 

Bayesian classifier. A supervised classifier called the MLP multi-class classifier was used 

by Hetal Chudasama and Narendra Patel [120] to classify the video shots based on the 

learned low-level features. The semantic meaning of exciting clips in cricket video 

summarization methods should be interpreted or labeled based on the low-level events. 
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Thus, the BBN machine learning algorithm was utilized to link the low-level concepts with 

the high-level semantic features [127]. 

Along with these highlight generation methods, specific cricket events are also detected 

with the help of machine learning algorithms. The batting shots in the cricket video frames 

were detected using the deep CNN with 2D and 3D convolutions by Khan et al. [132]. The 

convolution was performed with the help of 2D kernels for feature map extraction in 2D 

CNN. A deep CNN was utilized by Semwal et al. [133] to represent frames' features to 

detect the cricket shots. Different sets of images are required to train the CNN layers to 

extract the rich feature representations. A fine-tuned AlexNet model was utilized for video 

summarization consisting of 2 fully connected or FC layers, 3 pooling layers, and 5 

convolution layers. The fc7 layer of the network extracted the representations of the 

frames. After detection single feature vector was generated through the concatenation of 

those representations, and that feature vector was provided as the input to the SVM 

classifier for shot classification. 

The bowlers in the cricket video frames were identified based on the bowling action 

through transfer learning in the CNN model by Islam et al. [134]. The output layer of a 

pre-trained model in transfer learning was replaced with the nodes defining the required 

count of classifications. Khan et al. [135] introduced a hierarchical shot recognition 

method for the exact identification of cricket shots. The major goal of that work was to 

provide an automatic assessment model to coaches and players. The model demanded a 

simple set-up for aiding the growth of cricket batters by automatically recognizing the 

batting behavior. Also, the results of the batting sessions were visualized in standard 

diagrams to improve the weakness of the players. With an inertial measurement unit and 

machine learning, the fast bowling moments were identified by Mcgrath et al. [136]. Five 

different machine learning models such as the linear SVM, RF, neural network (NN), 

polynomial SVM, and gradient boosting (XGB) were trained in that work where 17 elite 

fast bowlers were selected for training based on the bowling and executing field drills. The 

validation of the performance of all those training models was performed by training all 

the stages of bowling like delivery, pre-delivery, and post-delivery. The summarized 

version of the existing classification methods for cricket video summarization is presented 

in table 2.10. 
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Table 2.10: Summary of the existing classification models for cricket video 

summarization 

Methods Types Types of 

features 

extracted 

Types of 

Output 
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Ravi et al., [97]  - - - L - -  -  - 

Hari and Wilscy 

[98] 

 - - - L - -  -   

Chowdhury et al. 

[99] 

 - - - NL - -  -  - 

Harun-Ur-Rashid 

et al., [100] 

 - - - L - -  -  - 

Mridul Dixit and 

CharulBhatnagar 

[102] 

 - - - NL - -  -  - 

Tang et al., [109] -  - -  -  - -   

Pradeep K [110] -  - - NL -  - -   

Nasir et al., [75] - -  - NL - - -    

Anjum et al., 

[114] 

- -  - NL - - -    

Abburu Sunitha 

[116] 

- -  - NL - - -    
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K. Midhu and N. 

K. Anantha 

Padmanabhan 

[117] 

- -  - L - -  -   

Goyani et al., 

[118] 

- -  - NL - -  -  - 

Hetal Chudasama 

and Narendra 

Patel [120] 

- -  - L - -  -  - 

Harikrishna et al., 

[121] 

- -  - L - -  - -  

Javed et al., [106] - - - - -  - - - -  

Javed et al., [107] - - - - -  - -  -  

Narasimhan et al. 

[108] 

- - - - -  -   -  

Choros et al., 

[35] 

- - -  NL -   - -  

Shukla et al., 

[123] 

- - -  H -    -  

Javed et al., [124] - - -  NL -    -  

Javed et al., [115] - - -  H -    -  

Maheshkumar H. 

Kolekar· 

SomnathSengupt

a [57] 

- - -  L -    -  

Maheshkumar H. 

Kolekar· 

- - -  L -    -  
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SomnathSengupt

a [125] 

Bhawarthi et al., 

[126] 

- - -  L -   - -  

Vijayakumar 

[129] 

- - -  L -   -   

Maheshkumar H. 

Kolekar [127] 

- - -  L -   - -  

Kumar et al., 

[129] 

- - -  L -    -  

Bhalla et al., 

[128] 

- - -  L - - -  -  

Kolekar et al., 

[56] 

- - -  L -   - -  

Khan et al. [132] - - - - L - -  -  - 

Semwal et al. 

[133] 

- - - - L - -  -  - 

Islam et al. [134] - - - - L - -  -  - 

Khan et al. [135] - - - - L - -  -  - 

McGrath et al. 

[136] 

- - - - L - -  -  - 

 

2.5 Summary  

This chapter provides a complete survey of the cricket video highlight generation from 

various perspectives. The existing cricket video summarization methods utilized various 

factors like objects, events, excitements, etc. They were developed based on either 

learning- or non-learning-based methods. Recognized certain challenges on state-of-the-
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art methods and provided future recommendations in this domain. The performance 

comparison of all existing approaches proved that the learning-based excitement and 

event-driven cricket video summarization methods provided better results than others in 

terms of classification accuracy. This work successfully identified the need for a learning-

based excitement and event-driven method for video summarization problems. Even 

though the results of every existing work on learning-based excitement and event-driven 

methods are good enough, more research in this domain is still needed to extract 

semantically meaningful frames with the greatest accuracy. It should characterize the video 

optimally without losing any exciting moments. Based on this survey, new optimization 

algorithms are proposed to increase the accuracy of the highlight generation system. 
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CHAPTER-3 

EMPEROR PENGUIN OPTIMIZED EVENT 

RECOGNITION AND SUMMARIZATION FOR 

CRICKET HIGHLIGHT GENERATION 

 

3.1 Introduction 

The conventional interpretation of sports events is a radical task argued over the past 

decades [137]. Event detection is emphasized as essential to process and analyze the 

reactive measures, and it is defined as event recognition [138]. The sports video analysis 

can be categorized into the event-based or excitement-based model. The recognition of 

sports events plays an incredible prospect in cricket, tennis, and so on [139, 140]. The 

event recognition is termed an advanced one to upsurge the availability to obtain more 

information and extract the decision of umpire and game analysis [141, 142]. Cricket 

highlights are distinct, with event-driven and excitement-based features [123]. Event-

driven features include boundaries, sixes, wickets, and milestones. The excitement-based 

features incorporate crowds, commentators, and players [144]. For each match, the key 

event is generated, and also the video is condensed for user's satisfaction [155]. The actual 

source events are proclaimed based on highlights by consuming minimum time and 

keeping the sports fans updated [146]. The summarization leads to the endmost summary 

of cricket videos [128]. The frameworks of event recognition enhance the system 

performance with high computational complexity. 

When compared with excitement-based features, the event-driven features are advanced. 

The excitement-based features are preferred to attain less knowledge with high semantic 

expressive content. The highlights for cricket video can be generated proficiently based on 
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the mingling of both excitement and event-driven features. With the aid of level features 

such as color and edges, the key events are extracted from the exciting clips. After 

extracting key events, it must be connected with high-level semantic concepts such as 

boundary, wicket fall, and sixes. Therefore, the high-level concepts like boundaries and 

wickets had been governed by introducing a novel optimized neural network. A hybrid 

deep neural network with emperor penguin optimization (HDNN-EPO) is proposed for 

event recognition and summarization.  

Usually, the weight parameter imitates the deep neural network (DNN) strategy. The 

weight parameter can be affected due to its direct proportionality with the fitness function. 

So, there is a need for a new technique to analyze the weight parameter. The meta-heuristic 

strategy is jointly contributed with DNN deep learning strategy in this work. With the aid 

of EPO optimization, the optimal weight parameter was selected from the DNN. The EPO 

is termed a nature-inspired meta-heuristic algorithm suitable for all engineering 

applications. The EPO optimization is selected for this work based on the convergence rate 

analysis between the exploration and exploitation stages. Therefore, the algorithms 

optimally update or select the weight parameters.  

The EPO algorithm plays an essential role in fields, and it had been examined via 

convergence, accuracy, and stability in many recently developed applications [147-148]. 

Moreover, it offers ideal outcomes in both constrained and unconstrained optimization 

problems. HD-EPO is emphasized to label the concepts from each exciting clip for the 

observed events and the exploration of training samples. Compared to other sports, cricket 

is determined in our work due to the prolonged duration of the cricket match. In addition, 

the time complexity of broadcasting seems to be more demanding than the other sports 

events.  

3.2 Proposed Methodology 

The summarization of extended cricket video to a short-lived form is termed a cricket 

highlight generation. While summarizing, it maintains the presence of crucial moments in 

the original video. In this research, a novel method (combination of optimization and 

neural network) is developed to recognize the key events and video summarization. 

Initially, the excitement clips are extracted with the aid of audio features. After extracting 

excitement clips, the essential events such as replay, players, umpires, spectators, and 

players gathering are extracted. After the extraction process, for concept labeling in the 
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cricket video, an HDNN-EPO is proposed. Then the selection of labeled concepts is 

performed based on the importance degree (i.e. the degree or rank set by the user based on 

their priority) and arranged in the temporal order to attain highlights. The efficacy of the 

developed method is analyzed via the simulation results, and also it is compared with 

existing approaches to highlight the proposed work. Performance such as precision, recall, 

and accuracy is evaluated. The framework of the proposed method is explained in the 

following. 

The cricket video summarization and detection of key events are done spontaneously using 

a highly developed optimized neural algorithm. The diagrammatic representation of the 

developed event recognition and video summarization is illustrated in Figure 3.1. 

Cricket Video Exciting Clip 
Extraction

Key frame 
Extraction

Event 
Detection

Event 1 Event 2 Event n

HDNN-EPO for concept labeling

Concept 1 Concept 2 Concept k
Highlight 

Generation

 Generated 

Highlight

…..

…

Importance degree

 

Figure 3.1: Schematic diagram of the proposed methodology 

Initially, the captured cricket video is an input for the developed method. Extractions of 

audio features are extracted for the clip extraction from cricket video. With the aid of 

extracted audio features, the exciting clips from the cricket video are extracted. The 

emotional moments or consequences of cricket can be constituted by the utilization of 

spectators' cheering, shouting, and applause. An example to represent the audio energy for 

speech is displayed in Figure 3.2.  
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Figure 3.2: Audio energy signal for speech and its frequency range 

From the exciting clips, the keyframes or short boundaries are detected by examining the 

deviation of the Hue histogram among the neighboring frames. By this extraction 

approach, the complexity of computational time gets diminished. By positioning the 

scorecard region, the replay frames can be adapted from the real frames. Pitch view, 

boundary view, batsman, fielders, umpires, players gathering and spectators, and low-level 

features such as color and edge are extracted. The reaction of cricket players can be 

detected with an action recognizer (i.e. it is a framework used to recognize the shots being 

played by the player or to determine their actions) during wickets, boundaries, injuries, 

and disputes/arguments between umpire and players. And for the label concept, the hybrid 

optimized neural network is developed. For a peculiar exciting clip, the HDNN-EPO is 

introduced. Finally, the highlight generation is emphasized to order the nominated exciting 

clips in the temporal order. 

3.2.1. Exciting Clip Extraction 

By manipulating short-time audio energy, the excitement clips are extracted from the 

inclined videos. The extraction of clips from the videos can be done by the procedure 

below.  

Step 1: Examine the shot time audio energy 

𝑆𝐴𝐸(𝑝) =
1

𝑚
∑ 𝑢(𝑡)2𝑘𝑚
𝑡=(𝑘−1)𝑚+1                                                 (3.1) 

Here, 𝑢(𝑡) signifies the audio signal with time t, 𝑚 signifies the audio sample count for 

one video frame.  

Step 2: Examine the Average 𝑆𝐴𝐸(𝑝) by the utilization of sliding window  
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𝑆𝐴𝐸(𝑝) =
1

𝐿
∑ 𝑆𝐴𝐸(𝑝 + 𝑙)𝐿−1
𝑙=0                                             (3.2) 

Here, 𝐿it signifies the sliding window length. 

Step 3: Examine the Normalized Average 𝑁𝑆𝐴𝐸(𝑝) 

𝑁𝑆𝐴𝐸(𝑝) =
𝑆𝐴𝐸(𝑝)

𝑚𝑎𝑥 1≤𝑗≤𝑁𝑆𝐴𝐸(𝑗)
                                          (3.3) 

Step4:  In step 4, the extraction of the excitement clip from the cricked video is processed 

𝑒(𝑝) = {
1(𝑒𝑥𝑐𝑖𝑡𝑚𝑒𝑛𝑡)      NSAE(𝑝) ≥ 𝑄𝑎𝑢𝑑𝑖𝑜
0                        otherwise

                                  (3.4) 

Here, 𝑄𝑎𝑢𝑑𝑖𝑜 signifies the mean of NSAE(𝑝)  

Based on the excited audio-frames, the selection of equivalent video frames is evaluated. 

And also, based on the video frames, the key events of cricket can be determined. 

3.2.2  Keyframe Generation  

The predominant goal of keyframe generation is to diminish the time taken to process and 

analyze. The features in video frames are parallel or identical to one another, or sometimes 

they may be diverted due to minor alterations. This concept is processed in the generation 

of keyframes. The detection of shot boundaries is also an essential process. The shot 

boundaries are recognized based on the neighborhood frames' hue histogram differences 

[106]. The shot boundaries are recognized based on the following expression: 

𝐻𝐻𝐷 = (
1

3𝑛
) [∑ 𝑚𝑖𝑛(𝑁𝑟𝑗

𝑝256
𝑗=1 , 𝑁𝑟𝑗

𝑝+1) + ∑ 𝑚𝑖𝑛(𝑁𝑔𝑗
𝑝 , 𝑁𝑔𝑗

𝑝+1) + ∑ 𝑚𝑖𝑛(𝑁𝑏𝑗
𝑝 , 𝑁𝑏𝑗

𝑝+1)256
𝑗=1

256
𝑗=1 ]

           (3.5) 

In a video frame, the total pixel count can be signified as n.  

The total pixel count in a video frame is represented as N.𝑁𝑟𝑗
𝑝

and 𝑁𝑟𝑗
𝑝+1

 denotes the red 

pixel count in the 𝑝𝑡ℎframe of 𝑗𝑡ℎthe bin. The same methodology is used to compute HHD 

𝑔𝑏 for both blue and green planes. After computing the hue histogram differences, the 

threshold value can be evaluated based on the mean and standard deviation of the hue 

histogram. The mathematical representation to evaluate the threshold value is given in 

equation (3.6). 
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𝑇ℎ𝐾𝐹 = 𝜇𝐻𝐻 + 𝜎𝐻𝐻                                        (3.6) 

The mean and standard deviation of each cricket video frame can signify 𝜇𝐻𝐻, 𝜎𝐻𝐻 , and  

Based on the evaluated threshold value𝑇ℎ𝐾𝐹, the keyframes can be recognized. If the 

threshold value exceeds the difference of hue histogram based on two adjacent frames, 

then the respective frame can be selected as a keyframe.   

The normalized 3D Euclidean standard deviation (SD) encapsulates the difference of each 

pixel, and the mathematical expression is shown in equation (3.7): 

𝑆𝐷 =
√(𝜎𝑟

𝑖−𝜎𝑟
𝑖+1)

2
+(𝜎𝑔

𝑖−𝜎𝑔
𝑖+1)

2
+(𝜎𝑏

𝑖−𝜎𝑏
𝑖+1)

2

𝑀×𝑁
                                  (3.7) 

                 Here, 𝜎 = √∑ (𝑥𝑖 − 𝜇)2
𝑛
𝑖=1 ,  𝜇signifies the mean, and x signifies the pixel. 

 𝜎𝑟
𝑖 And𝜎𝑟

𝑖+1 signifies the standard deviation of the red plane 𝑖𝑡ℎand (𝑖 + 1)𝑡ℎframes all 

the other notations correspondingly. The similarity gets diminished if the standard 

deviation values are near to one.  

3.2.3 Key event Extraction 

The semantic description of the scenes constitutes the videos in the video, and in key event 

extraction, the event is the primary concern. In every cricket video normally, events such 

as replay (RP), real (R), field view (FV), umpire (U), batsman (B), fielder (F), players 

gathering (PG), and spectators (S) are instantly available. In addition to various events, 

mainly player's and umpire's reactions are acknowledged to adapt the actions in the course 

of milestones, wicket fall, six, four, arguments, and injuries made by them. The 

diagrammatic representation of key events in cricket is illustrated in Figure 3.3.  
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Excitement clip

Key frame Non-key frame

Replay (RP) Real (R)

Field view (FV) Non-Field view (NFV)

Close-up (CV)
Crowd (CRV)

Batsman 

(B)
Fielder (F) Umpire (U) Spectators (S) Players gathering 

(PG)

Pitch view (PV) Boundary view (BV)

 

Figure 3.3: Classification level of the Key event [127] 

The figure shows that the excitement clip is emphasized with keyframe and non-key frame. 

The two events, replay and real, are categorized from the keyframe. After categorizing two 

events, the field view and non-field view are categorized from the real event. The pitch 

view and boundary view are sorted from the field view, and the close-up view and crowd 

view are sorted from the non-field view. From the close-up view, batsman (B), fielder, 

umpire (U) are grouped, and also, from crowd view, both the players gathering and 

spectators are categorized.  

Detection is an essential aspect of sports video summarization. By the contemplation of a 

top-down hierarchical approach, the key events from the cricket video are detected. In this 

method, the simple low-level feature extraction algorithm detects the key events from each 

stage. In this classification process, the low-level features are extracted, and the features 

are color, histogram, motion, skin tone, and edge density. Based on the exploration of the 

non-existence of the scorecard region, replay events are detected. After replay events are 

detected, replay events are extracted with the aid of the running image-averaging algorithm 

124]. And all the remaining or outstanding frames are designated as real frames. Then for 

the classification of real frames, a dominant green-color pixel ratio (DGPR) feature is 

introduced, and it classifies the frame as field view and non-field view frames. Based on 

the analysis of the motion mask of field images, the field view frames can be further 

assorted as boundary view and pitch view. The crowd and close-up view can be classified 
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with the essence of the percentage of edge pixels (PEP) algorithm [115]. The edge pixels 

can be detected with a Canny edge detector in this event recognition and summarization 

strategy. The close-up and crowd frames are ranked by incorporating the Hidden Markov 

model (HMM) algorithm [117]. The process of each key event detection is summarized in 

the upcoming sections. 

 

3.2.4 Replay/Real frame detection 

The explication of replay or real frame detection is the match done or played more than 

once. Usually, in a replay event, the scoreboard region is not convenient or not acceptable. 

Therefore, the replay frames can be examined based on the absence of a scorecard region 

[152]. Normally, the position is constant or permanent for the frame in every scoreboard 

region, and the remaining will be altered simultaneously. By the intrusion of sliding 

window length, the extraction of the scorecard region is executed with the aid of a running 

image averaging algorithm. Therefore, the length of the sliding window is 5 [124]. The 

mathematical expression is given below : 

𝐼𝑝
𝑎𝑣𝑒𝑟𝑎𝑔𝑒

=
𝐼𝑝−𝐼𝑝−1+𝐼𝑝+1

𝑙
                                         (3.8) 

Where, 𝑙 indicates the sliding window length. This value has been chosen by repeating the 

experiments with several different values between 1 and 10. Based on the outcomes 

obtained and through detailed analysis, the value of 5 is chosen to be optimal. The exciting 

video 𝑝𝑡ℎis represented as{𝐼𝑝}𝑝=1
𝑝=𝑁

 the entire count of frames in the exciting video. The 

average 𝑝
𝑡ℎ average

pI 𝐼𝑝−1𝑎𝑛𝑑𝐼𝑝+1denotes the exit and entering the frame in a sliding 

window. Finally, based on the below equation, the average image𝐼𝑝
𝑎𝑣𝑒𝑟𝑎𝑔𝑒

 is transformed 

into the binary image.  

𝐼𝑝
𝑏𝑖𝑛 = {

0,       𝑖𝑓(𝜇𝑝 − 𝑐𝑎𝑣𝑒𝑟𝑎𝑔𝑒 × 𝜎𝑝) ≤ 𝐼𝑝
𝑎𝑣𝑒𝑟𝑎𝑔𝑒

≤ (𝜇𝑝 + 𝑐𝑎𝑣𝑒𝑟𝑎𝑔𝑒 × 𝜎𝑝)

1,        𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                       

(3.9) 

The mean and standard deviation of the average image 
𝐼𝑝
𝑎𝑣𝑒𝑟𝑎𝑔𝑒

 is specified as 
 𝜇𝑝and 𝜎

𝑝
. 

𝐼𝑝
𝑏𝑖𝑛

 signifies the binary image of 𝐼𝑝
𝑎𝑣𝑒𝑟𝑎𝑔𝑒

 and 𝑐
𝑎𝑣𝑒𝑟𝑎𝑔𝑒

the constant image with a fixed 

value of 2.3. After the influence of binary image, the outlier in the binary image is 

eliminated with the aid of a morphological thinning operation. With the incorporation of 
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the OCR strategy, the contents of the score regions are identified. The flow chart for cricket 

video summarization using  OCR and decision tree used for scorecard separation are 

already been elaborated in Figures 2.5 and 2.6.  

The OCR strategy is applied on the thinned images which is used to recognize the 

characters present in the images using a confidence. The OCR strategy initially obtains the 

thinned image as input and then identifies the characters present in the image to categorize 

the real and replay frames. The OCR is applied over the scoreboard to detect the characters 

present in it. Since the OCR strategy is only trained to recognize the digits present in the 

scoreboard and is unable to identify the symbol ‘-’ that separates wickets from scores, a 

strategy is followed. The bounding box’s order of location is utilized to differentiate 

wickets from runs. The bounding box present in the last digit in the scoreboard is 

recognized to be the wicket and the remaining bounding boxes in the scoreboard are 

recognized to form the overall runs taken. It is also noteworthy that the performance of 

OCR in detecting the digits in the scoreboard is directly based on the input image quality. 

Due to the identified characters and scores. The above mathematical expression can detect 

the reply and real frames. 

𝑅𝑅 = {
𝐼𝑝
𝑅 ,      𝑖𝑓 𝑠𝑐𝑜𝑛𝑓𝑖(𝐶ℎ𝑎𝑟[𝑧] > 𝑇ℎ𝑐𝑜𝑛𝑓𝑖&&|𝐶ℎ𝑎𝑟| ≥ 𝐶𝑖𝑛)

𝐼𝑝
𝑅𝑃,     𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

                     (3.10) 

Here, 𝐼𝑝
𝑅signifies the real frame 𝐼𝑝

𝑅𝑃signifies the replay frame and 𝐶ℎ𝑎𝑟denotes the array, 

incorporating the identified character. The confidence score of the character is represented 

as 𝑠𝑐𝑜𝑛𝑓𝑖. 𝑇ℎ𝑐𝑜𝑛𝑓𝑖Signifies the rational number, ranging between 0 and 1. 𝐶𝑖𝑛denotes the 

positive integer ranging between 1 and 8. Experimentations are conducted and after a 

detailed analysis by varying the values to different ranges, the best values for the threshold 

and positive integer are identified as integer of 𝑇ℎ𝑐𝑜𝑛𝑓𝑖 = 0.6 and 𝐶𝑖𝑛 = 5.  

3.2.4.1 Field and non-field view detection 

The key events of real frames can be assorted into a field and non-field view by 

manipulating the Dominant Green Color Pixel Ratio (DGPR) [121]. DGPR is termed as 

the ratio of the total count of green color pixels (𝑔𝑐𝑜𝑢𝑛𝑡) to the total count of entire pixels 

(𝑃𝑡𝑜𝑡𝑎𝑙). The mathematical expression can be defined as follows: 

𝐷𝐺𝑃𝑅 =
𝑔𝑐𝑜𝑢𝑛𝑡

𝑃𝑡𝑜𝑡𝑎𝑙
                                                      (3.11) 
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Various field view images are evaluated to examine the green pixels, ranging from 52 to 

62. Based on the histogram peak, the presence of green pixels in the frame can be attained 

based on the range mentioned above. For a field-view frame, the DGPR value varies from 

0.16 to 0.24. The low DGPR value signifies the non-field view frames. From the Field-

view frames, the pitch and boundary view frames are classified. Figure (3.4) depicts the 

classification of the field view frame into three regions. Based on this, the motion masks 

are explored for the field view images.  

1 2

3

1 2

3

 

Figure 3.4  Boundary and pitch view classification 

The background color in the field denotes the field pixels. For classifying three regions, 

the field pixels can be computed individually. It can be specified as 𝐹𝑝
𝑗
, 𝑗 = 1,2,3the 

identified values are differentiated with threshold values to recognize or classify the pitch 

view and boundary view frames. The mathematical representation is shown below:   

𝐹 = {
𝐵𝑉,     𝑖𝑓(|(𝑓𝑝

1 + 𝑓𝑝
2) − 𝑓𝑝

3|) > 𝑇ℎ𝐵
𝑃𝑉,     𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

                              (3.12) 

After detailed analysis, the threshold value is fixed manually as𝑇ℎ1 = 10 

3.2.4.2 Close up and crowd detection 

The non-field is emphasized with both crowds and close-up frames. The classification of 

those frames can be terminated with the aid of the percentage of edge pixels (PEP). The 

crowd frames are inclined with an enormous number of edge pixels, and Figure (3.5),  can 

illustrated. Apart from that, the Canny edge detector is also utilized. The percentage edge 

pixel can be evaluated based on the following equation [117]. 
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𝑃𝐸𝑃 =
𝑡𝑜𝑡𝑎𝑙 𝑛𝑜.𝑜𝑓 𝑒𝑑𝑔𝑒 𝑝𝑖𝑥𝑒𝑙𝑠

𝑡𝑜𝑡𝑎𝑙 𝑛𝑜.𝑜𝑓 𝑝𝑖𝑥𝑒𝑙𝑠 𝑖𝑛 𝑡ℎ𝑒𝑓𝑟𝑎𝑚𝑒
× 100%                    (3.13) 

(a) (b)

(c) (d)

(e) (f)  

Figure 3.5: Close up and crowd detection (a) Close-up view(b) Detected edge for (a), 

(c)Crowd view for spectators, (d) Detected edge for (c), (e) Crowd view for players 

gathering (f) Detected edge for (e) 

For a non-field view frame, if the value 𝑃𝐸𝑃is less than 8%, it is treated as a close-up 

frame or can be treated as a crowded frame. The encapsulation of jersey color modifies the 

batsman umpires and fielders in the close-up view. Therefore, the close-up view frames 

are ruptured into 16 blocks, depicted in figure 3.6. 
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Figure 3.6: Close-up view of Batsman, block 6 and 10 are chosen as skin 

block and block 7 and 11 are selected as jersey block. 

The jersey color of the players in the block is recognized based on the face position of 

players. The player's face position can be determined based on skin color data. The 

screaming skin in the detected object is eliminated by utilizing the connected component 

method. After the extraction of the jersey block, the likelihood values of the jersey block 

can be examined by the hue histogram strategy. Here, the close-up frames can be classified 

into batsman, fielder, and umpire using the hidden Markov model (HMM) algorithm. At 

first, the state-transition probability diagram is precipitated for close-up frames in the 

training stage [156]. If there are any essential arguments such as wickets, injuries, and 

disputes between the player and umpire, the players will assemble on the ground. The 

process to estimate the likelihood value and the state-transition probability of the crowd 

fame is the same as the close view frame of the HMM algorithm.  

 

3.2.4.3 Umpire Gesture detection  

In umpire gesture detection, the umpire frames can be detected based on the judgment of 

jersey color. The cricket sports will be emphasized with two batches of team players. The 

umpire can be differentiated from both cricket team players by wearing different jersey 

colors. By this, the umpire can be easily identified. Usually, the umpires are dressed in 

black or blue, or red color jerseys. During the wickets and boundaries of the cricket team, 

the umpire activity or fluctuation can be deliberated based on the vertical and horizontal 

histogram for the Umpire frames. Horizontal and vertical histograms of the umpire frame 

and the binary image are depicted in Figure (3.7), The features are extracted by 

horizontally and vertically projecting the umpire frames to obtain the intensity projection 

profiles. Further, every intensity projection profile is divided equally into 10 blocks and 
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normalized the sum of values within each block are separately counted which is actually 

the pixel count of the original frame corresponding to each block. Thus, 20 values are 

selected from 10 blocks as the features of the umpire frame to identify the umpire gesture. 

The feature values obtained from the umpire frame are normalized between 0 and 1. 

(a) (b)

(c) (d)
 

Figure 3.7: Umpire gesture detection (a) Umpire frame (b) Binary image of (a) (c) 

Horizontal histogram (d) Vertical histogram 

The total number of features selected from the umpire frame is 20 to extract the gesture. 

For umpire gesture frames, the intensity distributions are similar to one another because it 

is emphasized with similar feature values. The extracted feature from the umpire frame is 

coordinated with the feature vector for the classification. The feature vectors and their class 

labels are employed to train the newly developed optimized classifier. The importance of 

the proposed HDNN-EPO method is to classify or detect the events by training the 

extracted features. Three classes are observed during six wickets and four events to detect 

umpire gesture frames. Umpire gesture for each class is embraced with a hundred images, 

and each image comprises 20 features, and these features are fed to the classifier to go 

under the training stage.    
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3.2.4.4 Player reaction recognition 

The players' reaction is recognized. Due to the remarkable event of Milestones, the subsidy 

of the batsmen can be highlighted. If the batsman holds out a century or a half-century 

during the cricket match, the celebration starts by gathering together. It is examined as the 

signature movement for milestones. The developed network model can detect the 

celebration of the batsman by considering the training process during milestones. By the 

developed model, the action had also been identified. The arguments may occur among 

the umpire and the team players. The arguments made by them are undependable 

intrusions. Therefore, the abnormal action made between the team is incidental. Moreover, 

the network model's training easily converts the players during wicket fall, injuries, and 

arguments between the umpire and players. Various still images emphasized for training 

are depicted in figure 3.8.        
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Figure 3.8: Sample still images for training 
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3.2.5 Deep Neural Network (DNN) 

The DNN network comprises three essential components: input-output and hidden layers. 

By the consideration optimization strategy, the weight of the nodes in the hidden layer is 

updated. By enhancing training iterations, the network simultaneously fits the decision 

boundary of labeled training data. The establishment of hidden layers upsurges the 

classification accuracy and training speed of the DNN network. Therefore the total number 

of nodes in the hidden layer is computed by the following equation: 

ℎ = √𝑢 + 𝑣 + 𝑐                                              (3.14)
 

Here, 𝑢it signifies the count of input layer nodes, 𝑣the output layer nodes, ℎthe count of 

hidden layers, and 𝑐the constant value.  

The activation function is incorporated in the hidden layer of DNN. Therefore the sigmoid 

function is introduced as the activation function. The mathematical expression is given 

below: 

𝑆 =
1

1+𝑒−𝑥                                                      (3.15) 

X denotes the input data of the DNN network model, and the input data can be activated 

based on mapping function M and the expression can be given as follows: 

𝑀 = 𝑆𝑖𝑔𝑚(𝑊𝑖𝑋 + 𝐵)                                                (3.16) 

𝑊 and 𝐵signifies the weight and bias function among the hidden and output layers.   

Deep learning is a neural network composed of multiple layers to learn and transform the 

input data. The successive layers in the deep learning neural network assist in learning the 

features from high level to low level in a hierarchical manner. The cross loss entropy 

function is utilized as a cost-minimization approach in classifying the neural network. It is 

also termed as a reasonable loss function of the DNN network. The primary aim of the 

learning objective is to diminish the difference between the predicted and the true 

generating distribution. The feed-forward neural network is embraced with multiple layers, 

and the mathematical expression of DNN is represented as follows: 

𝑋𝑛 = 𝑦(𝑛−1)𝑊(𝑛) + 𝑏(𝑛)                                                (3.17) 
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𝑦(𝑛) = 𝑆(𝑍(𝑛))                                                             (3.18) 

Here, 𝑛 ∈ [1, . . . , 𝑛] specifies the 𝑛𝑡ℎlayer 𝑍(𝑛)signifies the pre-activations of the layer. 

𝑦(𝑛−1)Specifies the previous layer output. 𝑊𝑏and designates the weight and bias function. 

𝑦(𝑛)Signifies the output of the final layer, 𝑆(. )signifies the non-linear activation function. 

Based on its computational efficiency and convergence ret analysis, the ReLU is embraced 

in the hidden neural network layers. The output layer deploys the softmax non-linearity 

function to contribute a probabilistic output interpretation. Therefore the non-linearity 

function is given as follows: 

𝑆𝑜𝑓𝑡𝑚𝑎𝑥 𝑍(𝑛) =
𝑒𝑥𝑝𝑍𝑙

∑ 𝑒𝑥𝑝𝑍𝑙𝐿
𝑙=1

                                                          (3.19) 

𝐿signifies the presence of neurons in the output of the neural network.  

Based on the assumption of uniform distribution under the features and concept labels, the 

minimization of cross-entropy is similar to maximum likelihood. The measure of the 

difference between the empirical and predicted distribution can be slowed down with the 

aid of stochastic gradient descent (SGD) methods. The softmax function can be mimicked 

as the output of the DNN network. The expression of entropy loss function based on SGD 

is given below: 

𝐿𝐹(𝑥, 𝑦) = 𝐸𝑝(𝑦 𝑥⁄ )
[− 𝑙𝑜𝑔 �̂� (𝑦 𝑥⁄ )] 

 

= −∑𝑝(𝑦𝑐 𝑥⁄ )

𝐶

𝑐=1

𝑙𝑜𝑔 �̂� (𝑦𝑐 𝑥⁄ ) 

(3.20) 

The training set of empirical distribution is denoted as𝑝(𝑦𝑐 𝑥⁄ ), and the predicted 

distribution is defined as�̂�(𝑦𝑐 𝑥⁄ ) the DNN network. C denotes the corresponding 

probability class in the output layer. The training sample in the classification is labeled as 

the correct class and is given below: 

𝑝(𝑦𝑐 𝑥⁄ ) = {
1𝑖𝑓𝑥 ∈ 𝑦𝑐
0𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

                                              (3.21) 

Therefore, the equation (3.20) can be signified as   
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𝐿𝐹(𝑥, 𝑦) = − 𝑙𝑜𝑔 �̂� (𝑦𝑐 𝑥⁄ )                                             (3.22) 

Based on bayesian distribution, the above equation can be converted as follows: 

𝐿𝐹(𝑥, 𝑦) = − 𝑙𝑜𝑔 �̂� (𝑥 𝑦𝑐⁄ )                                                     (3.23) 

In binary classification, the empirical probability𝑝(𝑦𝑐 𝑥⁄ ) of the DNN model is similar to 

1 for the pone class, and in another class, it is zero. Therefore, equation (3.20) can be 

rationalized into binary cross Los entropy function, and the mathematical expression is 

given below: 

𝐿𝐹(𝑥, 𝑦) = −[𝑝(𝑦𝑐 𝑥⁄ ) 𝑙𝑜𝑔 �̂� (𝑦𝑐 𝑥⁄ )] 

 

= −[1 − 𝑝(𝑦𝑐 𝑥⁄ )] 𝑙𝑜𝑔[1 − �̂�(𝑦𝑐 𝑥⁄ )]                              (3.24) 

Cross entropy is treated as a loss function of DNN, and it is based on training and testing. 

The intrusions of cross-entropy enhance the sigmoid function and softmax output. The cost 

function of the DNN is utilized for the supervised fine-tuning based on mean squared error 

(MSE), L1-norm, and L2-norm, and the expression can be expressed as follows [166]: 

𝐶𝐹 =
1

2
∑ ‖𝑦(𝑙),(𝑛)(𝑊) −𝑁
𝑛=1

𝑡(𝑛)‖
2
+∑ 𝛽(𝐽+1,𝐽)(𝑡)‖(𝑊)(𝐽+1,𝐽)‖

2
+𝐿

𝑗=0 ∑
𝜆(𝐽+1,𝐽)

2
𝐿
𝐽=0 ‖𝑊(𝐽+1,𝐽)‖

2
   

                                             (3.25) 

Here, 𝑦(𝑙),(𝑛)(𝑊)it denotes the vectors with output values 𝛽(𝐽+1,𝐽)(𝑡) and 𝜆(𝐽+1,𝐽)signifies 

the two regularization parameters, such as L1 norm and L2 norm. 

3.2.5.1 Deep Neural network (Sparse Autoencoder) 

A deep learning (DL) technique is outstanding in ever-increasing research, and it 

overcomes the weakness of the traditional algorithms. DL approaches are appropriate for 

victorious applications or in many fields such as pattern recognition, speech recognition, 

natural language processing, classifications, etc. Here, the DL approach is introduced for 

event recognition. An autoencoder is an alternative form of Artificial Neural Network 

(ANN). The auto-encoder is also termed an auto associator. The auto-encoder is a one-

hidden-layer feed-forward NN, and it is related to a multilayer perceptron (MLP). The only 

difference between the MLP and auto-encoder is the auto-encoder will reconstruct the 
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input while the MLP treats to predict the target values with definite input.The DL technique 

is classified as supervised and unsupervised learning. In with the auto-encode is an 

unsupervised learning approach. Usually, the algorithm is developed to diminish 

dimensionality. MLP is incorporated with an auto-encoder to detect dimensionality and 

compression of data in an area of image and video processing. The auto-encoder neural 

network model is embraced with encoder and decoder stage. Initially, the input data is 

transformed into an abstract description in the encoder stage. After this conversion, again, 

it is reshaped back to the original format. It was done in the encoder stage. The superiority 

of the auto-encoder is to train the essential features, and eliminates the hopeless data. By 

this, the efficacy of the DL gets upgraded. The count of nodes in both the input and output 

layer is similar. In an encoding stage, the input feature vector is converted with the aid of 

a weight matrix. Then in the decoding stage, it comes back to the original format with the 

aid of another weight matrix. The optimization of a parameter is embraced to diminish the 

error function. The common structure of the auto-encoder model is shown in Figure 3.9. 

 

Figure 3.9: Structure of auto-encoder 

3.2.6 Emperor penguin optimization (EPO) 

 Over the last few years, different algorithms have been proposed to resolve real-

time engineering issues. But the algorithms are contributed with more local optimum 

solutions. And these can be differentiated into the constrained or unconstrained, static or 

dynamic,and continuous or discrete. To enhance efficiency and accuracy, the researchers  

developed meta-heuristic optimization strategies. This strategy requires easy installation 

and overcomes the local optima issues. Usually, the meta-heuristic approach is categorized 
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into two functions: single solution and multiple solutions. The algorithm with single 

solutions is evaluated with one solution, and the multiple-based algorithms are examined 

with a group of populations. Compared to a single optimization approach, multiple 

solutions are emphasized with many advantages. The meta-heuristic is divided into 

evolutionary, swarm intelligence, physics-based and bio-inspired algorithms. The 

computational complexity of the optimization strategy is given below. The computational 

complexity is termed as both the time and space complexities.  

Time complexity 

 The initialization process of EPO requires 𝑜(𝑛 × 𝑑)time. Here, 𝑛it signifies the 

total population size and 𝑑signifies the dimension. 

 The time complexity of the objective function is𝑜(𝑀𝑎𝑥𝑖𝑡𝑟 × 𝑛 × 𝑑). Here, 

𝑀𝑎𝑥𝑖𝑡𝑟it signifies the maximum number of iterations to evaluate the work. 

 Therefore the overall complexity of the EPO is 𝑜(𝐾 × 𝑛 ×𝑀𝑎𝑥𝑖𝑡𝑟 × 𝑛 × 𝑑) 

Space complexity 

 The space complexity is defined as the space utilized during the initial stage. 

Therefore, the total space complexity of the EPO is expressed as𝑜(𝑛 × 𝑑).  

The EPO algorithm is utilized in many fields, and it overcomes non-linear engineering 

design problems. The EPO maintains the exploration and exploitation stages with less 

computational; complexity. The basic flow of the EPO algorithm is shown in Figure 3.10. 

 

3.2.6.1 HD-EPO classifier for exciting clip concept annotation  

The optimized neural network is developed for the event classification. The 

developed method attains a high-level concept such as boundaries and wickets for low-

level events with the HDNN-EPO classifier. 
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Figure 3.10: Flow chart of EPO 
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The events are extracted from every exciting clip based on the low-level feature extraction 

approach and action recognition methods. The developed neural approach is introduced in 

every exciting clip for the concept labeling and recognition approach. The concept labeling 

was done based on the observation of the cricket knowledge to explore training samples. 

The presence of concepts in cricket had been trained with forty exciting clips by the deep 

neural method. Figure 3.11 depicts the pipeline structure of the exciting clip concept with 

HDNN-EPO. For each exciting clip, there is a need for concept labeling. The HDNN-EPO 

optimized classifier is developed.  
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Figure 3.11 Pipeline structure for exciting clip concept annotation 

The training process had been done for each concept. The feature vectors are fed to the 

learning model for classification. The utilization of the voting method guesses the exciting 

clips postulation by evaluating the errors in each class. Which means, which class the test 

video,  shall belong to. 

The training and testing process of HDNN-EPO is shown in Figure 3.12. The proposed 

HDNN-EPO consists of a sparse deep autoencoder whose weights are initialized randomly. 

Then, the weights are optimized using the EPO algorithm. This EPO algorithm fine-tunes 

the weight parameter of sparse deep autoencoder separately for each class of training 

exciting clip, as shown in Figure 3.12. The exciting test clip is labeled based on the fine-

tuned models during the testing process. A sparse autoencoder [164] consists of an encoder 

and a decoder. The encoder calculates the low-dimensional depiction of the input clips. 

The data can be recovered using a similar decoder, and therefore the restored data is as 

same as the input data.  
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Figure 3.12: Training and testing process of HDNN-EPO for concept annotation 

The encoder computes the dimensional representation of the input data. The encoder can 

be formulated based on the combination of both non-linear sigmoid𝑠𝑖𝑔 activation function 

and input data𝑒𝑡. The non-linear function 𝑠𝑖𝑔is emphasized to map the input data𝑒𝑡  to the 

representation H, and the mathematical expression with j=1 to 3 is shown in equations: 

𝐻𝑗 = 𝑠𝑖𝑔𝑚𝑜𝑖𝑑(𝑊𝐸
𝑗
𝑒𝑡 + 𝐵𝐸

𝑗
)
                                                  (3.26)

 

𝐻1 = 𝑠𝑖𝑔𝑚𝑜𝑖𝑑(𝑊𝐸
1𝑒𝑡 + 𝐵𝐸

1)                                                 (3.27) 

𝐻2 = 𝑠𝑖𝑔𝑚𝑜𝑖𝑑(𝑊𝐸
2𝑒𝑡 + 𝐵𝐸

2)
                                                  (3.28) 

𝐻3 = 𝑠𝑖𝑔𝑚𝑜𝑖𝑑(𝑊𝐸
3𝑒𝑡 + 𝐵𝐸

3)
                                                   (3.29) 

Here, 𝑊𝐸
𝑗
∈ ℜ𝑚𝑗×𝑚𝑗−1it signifies the weight matrix of the encoder with 𝑗𝑡ℎlayer. 

𝐵𝐸
𝑗
Specifies the encoder's bias vector, and the encoder function is emphasized with the 

sigmoid function. The decoder can be determined as a series of non-linear functions and 

examine the encoder's output. The mathematical expression of the decoded output with j=1 

to 3 is defined as follows: 
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�̃�𝑡 = 𝑠𝑖𝑔𝑚𝑜𝑖𝑑(𝑊𝐷
𝑗
𝐻𝑗 + 𝐵𝐷

𝑗
)
                                                      (3.30) 

�̃�𝑡 = 𝑠𝑖𝑔𝑚𝑜𝑖𝑑(𝑊𝐷
1𝐻1 + 𝐵𝐷

1)
                                                      (3.31)

 

                                 �̃�𝑡 = 𝑠𝑖𝑔𝑚𝑜𝑖𝑑(𝑊𝐷
2𝐻2 + 𝐵𝐷

2)
                                                      (3.32) 

                                 �̃�𝑡 = 𝑠𝑖𝑔𝑚𝑜𝑖𝑑(𝑊𝐷
3𝐻3 + 𝐵𝐷

3)
                                                         (3.33) 

Here, 𝑊𝐷
𝑗
and𝐵𝐷

𝑗
 signifies the weight and Bias matrix of decoder correspondingly. 

Therefore, the mathematical expression of the entire encoder and decoder structures by its 

parameters is represented as follows: 

𝜑𝐻𝐷𝑁𝑁−𝐸𝑃𝑂 = {𝜑𝑊, 𝜑𝐵}                                                           (3.34) 

Here, 𝜑𝑊 = {𝑊𝐸
𝑗
,𝑊𝐷

𝑗
}
𝑗=1

3

 
and 𝜑𝐵 = {𝐵𝐸

𝑗
, 𝐵𝐷
𝑗
}
𝑗=1

3
respectively. 

Let us assume Q training exciting clips and equivalent concept labels for the classification 

process. Both the clips and concept labels are represented as {𝐸𝑞}𝑞=1
𝑄

and𝐶𝑞 ∈ {1,2, . . . 𝑄} . 

Here, the sequence of exciting clips is constituted as𝐸𝑞 = {𝑒
(𝑡)}

𝑡=1

𝑇
. The pixel value of the 

input frame for time t is accommodated in the input data𝑒(𝑡). The parameter in the decoder 

layer is arranged based on the corresponding parameters in the encoder layers. Eventually, 

the minimization of error based on the input and restored one by mounting the objective 

function is given as follows: 

𝐽(𝜑𝐻𝐷𝑁𝑁−𝐸𝑃𝑂|𝑒
𝑡 ∈ 𝐸𝑞) = ∑ ‖𝑒

𝑡 − �̃�𝑡‖2𝑡                                   (3.35) 

To eliminate the over-fitting, two regularization parameters 𝛼𝛽are included. Here, it 

𝛼denotes the regularization and 𝛽signifies the weight penalty term. The mathematical 

expression of the two regularization parameters is shown below: 

𝛼 (∑ ‖𝑊𝐸
𝑗
‖
𝐹

2
+3

𝑗=1 ∑ ‖𝑊𝐷
𝑗
‖
𝐹

2
3
𝑗=1 )                                                   (3.36) 

and 

𝛽 (∑ ∑ 𝜌 𝑙𝑜𝑔
𝜌

�̂�𝑖
𝑗 + (1 − 𝜌) 𝑙𝑜𝑔

1−𝜌

1−�̂�𝑖
𝑗𝑖

5
𝑗=1 )                                        (3.37) 
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𝑊𝐸
𝑗
 And𝑊𝐷

𝑗
 signifies the weighted matrix of both encoder and decoder for the 

𝑗𝑡ℎrespectively. Two regularization parameters are inclined, and the expression is given 

below: 

𝐽(𝜑𝐻𝐷𝑁𝑁−𝐸𝑃𝑂|𝑒
𝑡 ∈ 𝐸𝑞)    = ∑ ‖𝑒

𝑡 − �̃�𝑡‖2 +𝑡

𝛼 (∑ ‖𝑊𝐸
𝑗
‖
𝐹

2
+3

𝑗=1 ∑ ‖𝑊𝐷
𝑗
‖
𝐹

2
3
𝑗=1 )      +      𝛽 (∑ ∑ 𝜌 𝑙𝑜𝑔

𝜌

�̂�𝑖
𝑗 + (1 − 𝜌) 𝑙𝑜𝑔

1−𝜌

1−�̂�𝑖
𝑗𝑖

5
𝑗=1 )                      

(3.38) 

In the above equation, the first regularization term signifies the accumulation of the 

Frobenius norm of the whole weight vectors. The second regularization term in the above 

equation signifies the Kullback–Leibler divergence. Therefore, the regularization terms 

effectuate the mean 𝜌 ̂𝑖
𝑗
 of the ith unit of the jth hidden layer. This tendency is adjacent to 

the target sparsity𝜌. The enforcement of mean activation is mandatory to diminish the 

undesired activation. The target sparsity𝜌 value delineates the desired probability, which 

tends to be activated. Therefore the value becomes very low. The value of target sparsity𝜌 

is fixed at 0.1 in this research. 𝛼Denotes the regularization element and is utilized to 

balance both the reconstruction objective and weight. 𝛽Specifies the sparse penalty weight.  

The network performance is contrived due to the weight parameter 𝜑𝑊 = {𝑊𝐸
𝑗
,  𝑊𝐷

𝑗
}
𝑗=1

3
, 

and the optimization algorithm is introduced to optimize the weight. Here, the EPO [175] 

algorithm is warned to optimize the weight parameter in the DNN neural network. The 

EPO algorithm mimics the huddling behavior of emperor penguins. The process of EPO 

is the generation of huddle boundary, distance evaluation, and finding the effective mover. 

EPO algorithm attains a better convergence and computational complexity. The fitness 

value can be evaluated for each search agent using equation (3.38). The weights can be 

positioned based on the polygon shape grid boundary. Therefore the radius of the boundary 

weights for the polygon grid is expressed as follows: 

𝐵𝑜𝑢𝑛𝑑 = (𝜏 −
𝑝𝑚𝑎𝑥

𝑝−𝑝𝑚𝑎𝑥
)                                            (3.39) 

                                                   Here, 𝜏 = {
0,        if R > 1
1,        if R < 1
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Where 𝑝 specifies the present iteration, 𝑝𝑚𝑎𝑥 denotes the maximum iteration, R specifies 

the radius, and ranges it between 0 and 1. The time required to finalize the best weight in 

the algorithm's search space is represente d𝜏.  

After the generation of huddling limit, the difference between the weight and best optimum 

solution is examined. If the fitness solution is equal to the optimal result, it is considered 

the best optimum solution. Based on the current best optimum solution, the position 

updation is emphasized, and the mathematical expression is defined as follows: 

𝐷 = 𝐴𝑏𝑠 ((√𝑟. 𝑒−
𝑝
𝑠⁄ − 𝑒−𝑝)

2

) .𝑊𝑏(𝑝)
→     

− 𝑟𝑎𝑛𝑑 (𝑊(𝑝)
→    

)                    (3.40) 

The difference between the weight and the best fittest search agent can be denoted𝐷. The 

cost of fitness is very low. 𝑊𝑏 signifies the fittest weight. The vector representation of the 

weights on the polygon grid is signified. 𝑊The controlling parameter such as r and s are 

utilized to enhance or balance the exploration and exploitation phase. The value of r ranges 

between 2 to 3, and the value of s ranges from 1.5 to 2, respectively. Based on fittest 

weight, the weight is updated, and the mathematical expression is shown below: 

𝑊(𝑝 + 1)
→        

= 𝑊𝑏(𝑝)
→     

− 𝑈
→
. 𝐷
→

                                                      (3.41) 

�⃗⃗� = (𝑚𝑓 × (𝐵𝑜𝑢𝑛𝑑 + 𝑎𝑏𝑠(𝑊𝑏
→  
−𝑊
→ 
)) × 𝑅𝑎𝑛𝑑()) − 𝐵𝑜𝑢𝑛𝑑                                 (3.42) 

Here, 𝑚𝑓it represents the moving factor. This factor conserves the gap between the 

weights and eliminates collisions among them. Also, the value of the moving factor is 

signified as 2. 𝑊(𝑝 + 1)
→        

   which signifies the updated weight.  

For all classes, the exciting clip sequences 𝐸𝑞 = {𝑒
𝑡}
𝑡=1

𝑇𝑞
are reconstructed with the aid of 

HDNN-EPO during the testing process. Let �̃�𝑐
𝑡  is represented as the reconstructed video 

sequence for the class model 𝜑𝑐,  c = 1,2,...Q. If the reconstruction errors are examined for 

whole classes, the vote 𝑉 𝑡 is assigned to the class with a voting classifier, and it restores 

the 𝑒𝑡 with the lowest reconstruction error. The mathematical expression is given as 

follows: 

𝑉𝑡 = 𝑎𝑟𝑔𝑚𝑖𝑛
𝑐
‖𝑒𝑡 − �̃�𝑐

𝑡‖2                                                (3.43) 
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Finally, the vote of every frame of exciting clip 𝐸𝑞s is examined, and the class with high 

votes is defined as the concept 𝐶𝑞 of the test clip sequence 𝐸𝑞. 

3.2.6.2 Video Summarization 

The cricket video is embraced with two innings, and each inning has one Mega slot. Here, 

the generation of highlights had been performed with the importance degree of Mega slots 

[9], and it can be expressed as follows: 

𝐷(𝑀𝑆  𝑙) =
1

3
∑ 𝑃𝑢

𝑣               3
𝑢=1 Where0 ≤ 𝑃𝑢

𝑣 ≤ 1
                                            (3.44) 

Here, ∑ 𝑃𝑢
𝑣 = 12

𝑣=1 , 𝑃1
𝑣 signifies the duration of Mega Slot, 𝑃2

𝑣 signifies the importance of 

mega slots respectively. The decision had been made by the 2nd innings of a cricket 

continuously. 𝑃3
𝑣 Specifies the inclination of a viewer based on the specific mega slots.    

 

For a mega slot𝑀𝑆𝑣, the length of highlight is expressed as: 

𝜏ℎ
𝑀𝑆𝑣 = 𝐷(𝑀𝑆 𝑉)𝜏ℎ, 𝑣 = 1,2                                                  (3.45) 

𝜏ℎ
𝑀𝑆𝑙 + 𝜏ℎ

𝑀𝑆2 = 𝜏ℎ                                                     (3.46) 

Here, 𝜏ℎdenotes the entire duration of highlights and 𝜏ℎ
𝑀𝑆𝑣  specifies the highlight duration 

for the Mega slot 𝑀𝑆𝑣. Afterward, the mega slots are separated into L number of slots. 

𝑀𝑆𝑣 The total period can be represented 𝜏𝐶
𝑀𝑆𝑣  for an extracted concept nS 𝜏𝐶

𝑆𝐿(𝑀𝑆𝑙). 

For a mega slot 𝑀𝑆𝑣, the length of the highlight of the slot 𝑆𝑛 is expressed as: 

𝜏ℎ
𝑆𝑛(𝑀𝑆𝑣) =

𝜏ℎ(𝑀𝑆𝑣)

𝜏𝐶
𝑀𝑆𝑣

× 𝜏𝐶
𝑆𝑛(𝑀𝑆𝑣)                                                  (3.47) 

Let
 
𝐶𝑆𝑛 = {𝐶𝑞}𝑞=1

𝑄
represents the set of extracted concepts for the slot𝑆𝑛. Based on 

concept rank, the user can set the importance degree to the concepts. The concept 𝐶𝑞had 

been ranked as domain knowledge of the cricket, and it is arranged as follows: Wicket-1, 

Six-2, Four-3, milestones-4, arguments-5, injuries-6, and normal hit-7. The following 

equation can perform the importance degree to the concepts: 
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𝐷(𝐶𝑞) =
1

√1+(
2𝑅𝑎𝑛𝑘(𝐶𝑞)

𝛾⁄ )
2
 for (1 ≤ 𝑞 ≤ 𝛾)

                                  

(3.48) 

Here, the rank of concept can be defined as𝑅𝑎𝑛𝑘 the entire count of concepts represented 

as𝛾. Therefore the concepts are progressed based on temporal order to precipitate the 

highlight of the slot. 𝑆𝑛 

𝐻𝑆𝑛 = ⋃ 𝐶𝑞
𝑆𝑛𝑄

𝑞=1                                                           (3.49) 

The highlights of slots 𝐻𝑆𝑛 are progressed for the generation of mega highlight 

slots𝐻𝑀𝑆𝑙, and the mathematical expression is given as follows: 

𝐻𝑀𝑆𝑣 = ⋃ 𝐻𝑆𝑛𝐿
𝑛=1                                                           (3.50) 

After generating mega highlight slots, the 𝐻
𝑀𝑆𝑙slots are progressed to the match 

highlight𝐻 . 

𝐻 = ⋃ 𝐻𝑀𝑆𝑣2
𝑙=1                                                             (3.51) 

The  events of the particular exciting clip are given as input to HDNN_EPO classifier. The 

event classes for cricket video are Replay (e1), Pitch view (e2), Boundary view (e3), 

batsman (e4), batsman during milestone (e5), Fielder (e5), umpire (e6) umpire during Four 

(e7), umpire during six (e8), umpire during wicket (e9), spectators (e10), Players gathering 

during wicket fall (e11), Players gathering during injuries (e11), Players gathering during 

disputes (e12). Also, the output class includes Six, boundary and wicket. Hence, a total of 

twelve nodes are selected as input nodes in HDNN_EPO during concept annotation. The 

model parameters of the proposed HDNN_EPO are provided in Table 3.1. 

Table 3.1: model parameters of the proposed HDNN_EPO 

Parameter Values 

Number of hidden layers 3 

Number of input nodes 12 

Desired activation probability𝜌 0.1 

sparse penalty𝛽 3 

weight regularization factor𝛼 3𝑒(−3) 

Population size of EPO 100 

Maximum number of iteration  100 

Controlling parameter r [2,3] 
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Controlling parameter s [1.5,2] 

moving factor 𝑚𝑓 2 

 

3.3 Performance measures of cricket highlight generation 

The proposed methodology evaluates performance measures such as precision, recall, and 

f-measure to highlight the proposed methodology. The performance measures are 

compared with existing techniques. The performance measures are defined as follows: 

Precision performance is the ratio of truly collected samples among all samples. The 

expression of precision is formulated as follows: 

𝑃𝑟 𝑒 𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑟𝑢𝑒𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒+𝐹𝑎𝑙𝑠𝑒𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒
                                  (3.52) 

The performance of recall is defined as the ratio of correctly predicted positive values out 

of overall positive predictions. The mathematical expression is formulated as follows: 

𝑅𝑒 𝑐 𝑎𝑙𝑙 =
𝑇𝑟𝑢𝑒𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒+𝐹𝑎𝑙𝑠𝑒𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒
                                  (3.53) 

The performance f-measure is also entitled as F1-score. The term f measure is defined as 

the combination of both precision and recall and the harmonic mean of both precision 

and recall. The formulation of f-measure is defined as follows: 

𝐹 −𝑚𝑒𝑎𝑠𝑢𝑟𝑒 = 2 ×
𝑃𝑟 𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒 𝑐𝑎𝑙𝑙

𝑃𝑟 𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒 𝑐𝑎𝑙𝑙
                                      (3.54) 

The error rate performance is analyzed by computing the ratio of incorrectly labeled 

events to the exclusive events. The quantitative measure of error rate is formulated as 

follows: 

𝐸𝑟𝑟𝑜𝑟𝑟𝑎𝑡𝑒 = 2 ×
𝐹𝑎𝑙𝑠𝑒𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒+𝐹𝑎𝑙𝑠𝑒𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒+𝑇𝑟𝑢𝑒𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒+𝐹𝑎𝑙𝑠𝑒𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒+𝐹𝑎𝑙𝑠𝑒𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒
                   (3.55) 

The true positive and true negative defines the correct labeling of positive and negative 

samples. The false-positive and false-negative specifies the incorrect labeling of positive 

and negative samples. The region operating characteristic curve (ROC) is also validated 

for video summarization based on these quality measures. The ROC curve is plotted for 

true positive rate (TPR) and false-positive rate (FPR). 
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3.4 Experimental Results 

The performance of the optimized network model is examined and evaluated in the Matlab 

R2019a  platform. The standard datasets are not convenient to inhibit the customization of 

cricket generation models. So there is a need to select various datasets to evaluate the 

highlight of the proposed methodology. So to highlight the developed method, various 

collections of cricket videos are gathered. With the aid of 15 various cricket videos, the 

dataset originated. Ten Sports, Sky Sports, ESPN, Star Sports, hot star, and some sports 

broadcasting channels. Correspondingly, the frame resolution and frame rate of each 

cricket video are 640 x 480 and 25 fps. The essential performance metrics such as 

precision, recall, F-score, accuracy, and error rate are analyzed to judge the efficiency of 

the proposed methodology.  

Table 3.2: Quantitative data about the dataset used for evaluation 

Video Name Broadcaster Length No. of 

frames 

No. of Events 

Fours Sixes Wickets 

V1 T20I 2019 

Ind. vs. Aus. 

Ten sports 3 hrs. 5 

min 

277500 27 22 7 

V2 T20I 2019 

Ind. vs. WI 

Ten sports 3 hrs. 2 

min 

273000 31 28 11 

V3 ODI 2019 

Afghanistan 

vs. WI 

Star sports 6 hrs. 

10 min 

555000 35 17 12 

V4 T20I 2019 

Ind. vs. 

Bangladesh 

Star sports 3 hrs. 3 

min 

274500 29 8 8 

V5 T20I 2019 NZ 

vs. Eng. 

Star sports 3 hrs. 5 

min 

 

277500 36 4 16 
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V6 ODI 2019 

Pak. vs. SL 

Star sports 6 hrs. 6 

min 

279000 52 8 14 

V7 T20I 2018 WI 

vs. 

Bangladesh 

ESPN 3 hrs. 4 

min 

276000 31 16 12 

V8 T20I 2018 

Aus. vs. Ind. 

Sky sports 3 hrs. 3 

min 

274500 33 15 16 

V9 ODI 2018 

Pak. vs. NZ 

ESPN 6 hrs. 

12 min 

558000 58 23 8 

V10 ODI 2018 SA 

vs. Aus. 

Star sports 6 hrs. 8 

min 

552000 49 22 15 

V11 T20I 2018 

Ind. vs. WI 

Hot star 3 hrs. 1 

min 

271500 28 17 13 

V12 ODI 2018 Ind. 

vs. WI 

Star sports 6 hrs. 6 

min 

549000 54 19 12 

V13 T20I 2018 

Pak. vs. Aus. 

Ten sports 3 hrs. 3 

min 

274500 29 20 11 

V14 ODI 2019 Ind. 

vs. Eng. 

DD-1 6 hrs. 8 

min 

552000 54 18 9 

V15 ODI 2019 

Pak. vs. SA 

S max 6 hrs. 

10 min 

555000 39 22 7 

 

The quantitative data about the dataset used for evaluation is provided in Table 3.2. The 

cricket video is emphasized with various events in the collected dataset, and the ground 

truth of all events is established manually without simulation to grant the performance 

comparison. The hyper-parameter setting of the proposed approach are as follows: a total 

number of hidden layers in the model is 5, a total number of neurons in the hidden layer is 

2000, the initial population is set to 100, the initial learning rate of the model is 0.001%, 
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the dropout rate of the model is set to 1, a total number of epochs are 300, and the total 

iterations of the model is set to 100. 

Initially, the T20 cricket match 2019 dataset between India vs Australia is selected to attain 

a perspicuous illustration of the proposed model by a semantic concept annotation. Here, 

the 2019 cricket match video is segregated into two mega slots. After segregating two 

mega slots, it can be again separated into slots based on the exhaustive time scale of cricket 

video. The split slot size is terminated based on the number of overs and can be finalized 

for the length of the innings. The 20 overs are emphasized with each innings of the cricket, 

and five overs are distributed to each slot. Each mega slot is divided into four slots such 

as𝑆1 2S 𝑆3and 𝑆4. The excitement clips had been extracted from each slot based on the 

short-time audio energy. The extraction of an exciting clip from the cricket video from one 

slot is shown in Figure (3.13).   

Every excitement clip in a cricket video is comprised of several key events. The presence 

of key events in the cricket video is indexed to extract the low-level features. The efficacy 

of the key event indexing performance analysis is shown in Table (3.3). 

 

 Figure 3.13: Exciting clip extraction for Mega slot 1 

Table 3.3: Performance analysis for key event indexing 

Event Precision (%) Recall (%) F1-score (%) 

RP 85.35 81.60 83.43 

R 93.56 90.45 91.97 
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FV 96.53 94.35 95.42 

NFV 97.68 95.69 96.67 

BV 94.25 92.56 93.39 

CV 94.36 93.43 93.89 

CRV 88.17 92.29 90.18 

B 88.67 83.38 85.94 

F 86.47 84.52 85.48 

U 87.53 83.76 85.60 

PG 92.58 89.99 91.27 

S 97.52 94.6 96.03 

 

The Table shows that the cricket video's replay (RP) event attains a precision of 85.35%, 

recall of 81.60%, and F-score of 83.43%. The contingency of the replay event in the cricket 

video is the end of the excitement clips. Therefore, other events such as real (R) attain a 

precision of 93.56%, recall of 90.45%, and F1-score of 91.97%. The field view (FV) and 

non-field view (NFV) attain a precision of 96.53% and 97.68%, recall of 94.35% and 

95.69%, and F1-score of 95.42% and 96.67%. The close up (CV) crowd view (CRV) 

affords a precision of 94.36%, 88.17%, recall of 93.43%, 92.29% and F1-scores of 93.89% 

and 90.18%. The batsman (B), fielder (F), umpire (U) attain a precision of 88.67%, 86.47% 

and 87.53%, recall of 83.38%, 84.52% and 83.76%, F1-scores of 85.94%, 85.48% and 

85.60%. Finally, the players gathering (PG) and spectators (s) attain a performance 

analysis of 92.58% and 97.52% precision, recall of 89.99% and 94.6%, and F1-scores of 

91.27% 96.03%, respectively. 

After analyzing the key event indexing in the excitement clips in cricket video, the concept 

annotation of the excitement clip-in slot one is processed via the proposed HDNN-EPO 

algorithm. The developed hybrid strategy processed the annotation of concepts after the 

position of the importance of degree for equation (3.48). Table (3.4) shows the excitement 

clips of slot 1. 
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Table 3.4: Concept annotation for the excitement clips in slot 1 

Concept Duration 

(sec) 

Events Extracted 

concept 

Actual 

concept 

𝐶1 10 PV, B, BV, U, F, S Four Four 

𝐶2 15 PV, BV, U, S, F Four Four 

𝐶3 19 PV, F, U, PG, S, B Wicket Wicket 

𝐶4 13 PV, BV, U, B, S Four Four 

𝐶5 12 PV, BV, B, U,S Four Four 

𝐶6 13 PV, BV, B, U, S, F Four Four 

𝐶7 8 PV, BV, U, S Four Four 

 

By differing consequence of concept, the official channels had been generated manually, 

and it is a demand to differentiate the effectiveness of the proposed method. But all the 

channels are embraced with premium concepts such as a wicket, fours, and sixes. The 

generated highlight is compared with the presence of highlights on the BCCI website to 

verify the efficacy of the proposed method. The consideration of prime concepts made the 

comparison of both. Figure (3.14) illustrates the highlight comparison of the proposed 

method based on official highlights for Mega slot 1. 
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Figure 3.14: Comparison of generated highlights with BCCI for Mega slot 1.  

Blue and green colors represent the highlights available in BCCI and highlights 

generated by the proposed method respectively 

With the period of six minutes twenty seconds (6 min 20 sec), the highlights for INDIA vs 

AUSTRALIA had been created by BCCI. The highlights had been created without 

considering the frames of the players. For the first innings, BCCI had allotted two minutes 

forty-seven seconds (2 min 47 sec), and for the second innings, the BCCI had allotted three 

minutes thirty-three seconds (3 min 33 sec) simultaneously. For each mega slot, the 

consideration of duration is contemplated as same to compare with BCCI highlights. 

Figure (3.14) illustrates the extraction of concepts with the aid of the proposed 

methodology and based on that. The coordination occurs for BCI highlights.   

To prove the efficacy of the newly developed method, the proposed network model is 

evaluated with recently developed existing methodologies. Javed et al. [124] developed 

binary support vector machines (SVM) classifiers for key-event detection and cricket 

video summarization based on audio-visual features. Here, the key events are extracted 

using a decision tree classifier. Maheshkumar [125] developed a Bayesian belief network 

(BBN) to extract the excitement clip from the cricket video. Based on audio features, the 

excitement clips are extracted. The excited clips such as hit and wicket are labeled using 

BBN. Nasir et al. [75] had proposed a non-learning method to detect cricket events. The 

cricket events such as a wicket, six, and four are detected. With the aid of the image 
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averaging method, the score caption was detected. The input video frame had been 

quantized based on mean and standard deviation. 

 Madhu et al. [117] proposed a unique algorithm for the cricket video analysis. This 

approach utilizes some approaches such as spectator, umpire, batsman, bowler, boundary 

view, pitch view, replay, etc. The technique had been composed of five dimensions. At the 

first dimension, the hue histogram distinction key edge had been noted. A second 

dimension, the replay or real frames, had been classified. The real frames had been 

separated in the third dimension for the dominant grass pixel ratio. The real frames had 

been separated into non-field or field views. The crowd and close-up edges are detected 

based on the edge detection strategy, termed the fourth dimension. Each crowd edge and 

close-up edge segregated into players, batsmen, fielders, and umpire.   

The existing methodologies are contingent on only event-driven methods. This method 

requires maximum time for the generation of cricket highlights. Some methods used both 

the event and excitement driven. The consideration of both methods requires minimum 

time, but the methods' efficiency is low. The proposed method overcomes those issues 

when compared with existing techniques. Also, in this research, optimization is hybrid 

with the deep learning strategy by integrating both event and excitement-driven methods. 

Table (3.5) shows the performance of the proposed strategy when compared with the 

techniques mentioned above.  

 

Table 3.5: Performance comparison of the proposed and existing techniques 

Methods Precision (%) Recall (%) F1- score (%) Accuracy (%) 

Javed et al., [124] 90.29 87.42 89.97 88.34 

Maheshkumar [127] 82.43 83.67 84.13 81.34 

Nasir et al., [75] 88.45 86.68 89.17 88.42 

Madhu et al., [117] 88.97 87.06 86.31 86.16 

Proposed 93.43 92.46 91.64 93.71 
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Wicket, six, and four are the essential concepts of the cricket video. Table (3.5) shows the 

performance analysis of the proposed and existing models. For video summarization, 

Javed et al. [115]developed machine approaches such as decision tree classifiers. The 

results show that the method attains less precision performance 90.29%, recall at 87.42%, 

F1-score  89.97%, and accuracy of 88.34% due to its instability. Maheshkumar 

[127]introduced the BBN technique. Still, this approach attains very poor precision 

performance at 82.43%, recall as 83.67%, F1-score as 84.13%, and accuracy as 81.34% 

due to its higher dimensional data in cricket video. Nasir et al. [75] introduced a new 

technique for video summarization. But it beats some essential events, and it attains a 

precision performance of 88.45%, recall of 86.68%, F1-score as 89.17%, and accuracy as 

88.42%. Finally, Madhu et al. [117] also compared proposed methodology, and it 

introduces an apriori algorithm for video summarization. This method attains a precision 

of 88.97%, recall of 87.06%, F1-score of 86.31%, an accuracy of 86.16%.When compared 

to all methods, the proposed method yields a better outcome.  

HDN-EPO based video summarization strategy yields a marvelous strategy in terms of all 

performance metrics. The proposed method attains a precision of 93.43%, recall of 

92.46%, f-measure of 91.64%, an accuracy of 93.71% respectively. The overall 

performance of the proposed method gets enhanced, and the error rate diminishes when 

compared with existing strategies. The tremendous outcome is due to incorporating a meta-

heuristic strategy in the neural network model.  

Apart from analyzing performance metrics, the hybrid optimization neural network is 

evaluated by matching up with the negative version of the DNN. During the process of 

DNN training, the concept model is generated. Also, the optimization had been done by 

the EPO optimization algorithm. At different time intervals, the performance of the 

proposed model is determined with various simulations. Usually, the classification 

performance of the neural network is precipitated by the underfitting and overfitting 

problems. The potential of the hybrid optimized model is verified by the following 

expressions: 

∑ 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦𝑡
𝑥∑𝑡

𝑦

𝑡∈𝑡𝑚𝑎𝑥
                                               (3.56) 

∑ 𝐿𝑜𝑠𝑠𝑡
𝑥∑𝑡

𝑦

𝑡∈𝑡𝑚𝑎𝑥
                                                         (3.57) 
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Here, the parameter 𝑡𝑚𝑎𝑥  specifies the maximum iterations 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦𝑡
𝑥and 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦𝑡
𝑦

signifies the accuracy of the testing and validation phase. Also, 𝐿𝑜𝑠𝑠𝑡
𝑥and 

𝐿𝑜𝑠𝑠𝑡
𝑦

denotes the training and validation phase loss, respectively. Figure (3.15) illustrates 

the accuracy and loss plots for training and validation of the proposed model with 100 

iterations.  

 

Figure 3.15: Accuracy and loss plot of HDNN-EPO for100 iteration 

It attains zero after examining the difference between the training accuracy and validation 

phase of equation (3.52). So the accuracy plot shown in Figure 3.15 does not attain any 

underfitting and overfitting issues, and it gets diminished step by step with the increased 

number of iterations. This had been done due to the intrusion of the EPO optimization 

algorithm. The weight parameter in the DNN network is tuned by EPO optimization. 

The efficacy of the EPO network optimization is examined by imitating the DNN and 

HDNN-EPO (optimized DNN) with various numbers of exciting clips. Initially, for each 

class, 50 exciting clips are chosen for training. After this, the 50 clips are diminished to 45 

for each class. For 30 trials, the training samples are randomized. Figure 3.16 illustrates 

the accuracy and loss distribution of the DNN and the proposed HDNN-EPO.  
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Figure 3.16: Accuracy and loss distribution analysis for DNN and HDNN-EPO 

The figure shows that the exciting clips can be labeled by DNN profitably. But our 

proposed optimization approach affords an outstanding outcome compared to the DNN 

network. Therefore the variation among the best and worst accuracy values of the proposed 

method is less when compared to DNN. Therefore the loss value of HDNN-EPO and DNN 

lies between 0.57% to 0.7% and 0.78% to 0.93%, respectively. From this analysis, it has 

been proved that the EPO algorithm is an efficient bio-inspired algorithm to optimize the 

weight parameter of DNN. 

3.4.1 K-fold cross-validation 

To prove the efficiency of the proposed summarization approach, k-fold cross-validation 

is conducted, and the results are explained in this section. The k-values chosen for analysis 

of the proposed model are 5 and 10. The cross-validation is carried out for the performance 

metrics such as precision, recall, f1-score, and accuracy. The results obtained for different 

k-values are explained below: 

Table 3.6: Performance results obtained for 5-fold cross-validation 

Methods Precision (%) Recall (%) F1-score (%) Accuracy (%) 

Javed et al., [115] 91.89 89.65 90.54 89.76 

Maheshkumar [127] 84.76 84.78 85.46 82.51 

Nasir et al., [75] 89.86 87.89 90.28 89.78 

Madhu et al., [117] 89.98 88.15 88.05 87.68 

Proposed 95.67 93.89 93.18 94.92 
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The proposed and existing techniques obtained from the 5-fold cross-validation are 

presented in Table 3.6. In terms of 5-fold validation, the precision value scored by the 

proposed model is 95.67%, recall value is 93.89%, F1-score is 93.18%, and accuracy is 

94.92% which is higher than the other existing models. Among the compared models, the 

model introduced by Javed et al. [115] provided a better precision value of 91.89%, recall 

of 89.65%, F1-score of 90.54%, and accuracy of 89.76%. Other models introduced by 

Maheshkumar [127], Nasir et al., [75] and Madhu et al., [117] attained the precision values 

of 84.76%, 89.86% and 89.98% respectively, recall of 84.78%, 87.89% and 88.15%, F1-

scores of 85.46%, 90.28% and 88.05% and accuracy values of 82.51%, 89.78% and 

87.68%. 

Table 3.7: Performance results obtained for 10-fold cross-validation 

Methods Precision (%) Recall (%) F1-score (%) Accuracy (%) 

Javed et al., [115] 91.26 88.79 90.91 89.75 

Maheshkumar [127] 83.57 84.56 85.29 82.56 

Nasir et al., [75] 89.94 87.89 90.15 89.45 

Madhu et al., [117] 90.12 88.95 87.65 87.64 

Proposed 94.79 93.98 93.26 94.82 

  

The performance values of the proposed and compared models for 10-fold cross-validation 

are compared, and the results are displayed in Table 3.6. The overall precision of the 

proposed model for 10-fold cross-validation is 94.79%, recall is 93.98%, F1-score is 

93.26%, and accuracy is 94.82%. Among the compared models, the model proposed by 

Javed et al. [115] achieved higher precision of 91.26%, recall of 88.79%, F1-score of 

90.91%, and accuracy of 89.75%. The other compared models such as the ones introduced 

by Maheshkumar [127], Nasir et al., [75] and Madhu et al., [117] attained 83.57%, 89.94%, 

and 90.12% of precision rates, 84.56%, 87.89%, and 88.95% of recall, 85.29%, 90.15% 

and 87.65% of F1-scores and 82.56%, 89.455 and 87.64% of accuracy respectively. 

3.4.2 Performance comparison based on a single match 

This section presents a quantitative performance comparison of the proposed and existing 

methods over a single match. The same match is considered to compare the performance 
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of the existing with the proposed method. The summary of the precision results obtained 

for a single match is presented in Table 3.8. 

Table 3.8: Precision comparison of the proposed and existing methods based on a single 

match Video 1 of 3 hrs. 5 min with 277500 frames  

Methods Precision (%) Recall (%) F1-score (%) Accuracy (%) 

Javed et al., [115] 93.05 90.12 91.89 90.63 

Maheshkumar [127] 84.86 86.53 87.64 84.91 

Nasir et al., [75] 92.19 89.12 92.45 90.98 

Madhu et al., [117] 92.78 89.94 88.96 89.15 

Proposed 97.86 95.99 95.78 96.86 

  

From the precision comparison of the proposed and existing methods on a single match, it 

is clear that the proposed method is effective in video summarization. The precision 

attained by the proposed approach is 97.86%, recall is 95.99%, F1-score is 95.78% and 

accuracy is 96.86% whereas, the precision values of the compared approaches such as 

Javed et al., [115], Maheshkumar [127], Nasir et al., [75] and Madhu et al., [117] are 

93.05%, 84.86%, 92.19%,and 92.78%, recall values are 90.12%, 86.53%, 89.12% and 

89.94%, F1-score values are 91.89%, 87.64%, 92.45% and 88.96% and accuracy values 

are 90.63%, 84.91%, 90.98% and 89.15% respectively. 

3.5 Summary 

This chapter proposes a new approach for the automatic generation of cricket highlights 

by considering the excitement and event-driven features. The proposed work has presented 

a new HDNN-EPO algorithm to annotate the concept of an extracted exciting clip using 

audio features. The proposed work initially extracted the key events using lower-level 

features like field and jersey color, skin tone, and edge density to annotate the concepts. 

Also, HDNN-EPO is used as an action recognizer to differentiate the player's reaction 

during the milestones, arguments with umpires, and injuries. This work also allows one to 

set an important degree to select the annotated concepts based on their requirements. Here, 

the computational complexity problems have been solved by reducing the search space of 

keyframe detection using an exciting clip extraction algorithm. Using keyframe extraction 
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length of the video is almost 30% compared to the original video. Experimental results 

show that the proposed method offers comparable outcomes with the manually generated 

highlights and overtakes the existing approaches by increasing the precision, recall rate, 

and accuracy to 93.43%, 92.46%, and 93.71% for the extraction of prime concepts. 
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CHAPTER-4 

SGRNN-AM AND HRF-DBN: A HYBRID 

MACHINE LEARNING MODEL FOR 

CRICKET VIDEO SUMMARIZATION 

 

4.1 Introduction  

Nowadays, the summarization technique is used in sports videos to hold important events 

in the matching field. Moreover, sports videos are vital contributors because of the massive 

viewership worldwide. Generally, sports events contain many exciting and non-exciting 

events. Hence the summarization of the videos is much more important as in the case of 

cricket videos. There are two types of video summarization: static and dynamic video 

summarization [151, 152]. Moreover, the static video summarization approaches are 

carried out based on different types such as shot-based, sampling-based, segment-based, 

and dynamic video skimming [153]. In shot-based video summarization, continuous 

recording of video segments is analyzed to extract one or more keyframes from the shots 

[154, 155]. The keyframes are chosen randomly or uniformly from the original video 

[156]. That is a simple way of extracting the video frames for summarization. The 

segment-based method extracts the keyframes at high unit levels. The segment-based video 

summarization method is carried out by clustering approaches [157]. As in the case of 

dynamic video skimming, the shortened form of the original video is made by several short 

clips [158]. In recent years, deep learning approaches have been infused into the network 

for sports video summarization [159]. Deep neural networks are trained to generate a 

summarised video in deep learning approaches. Deep learning networks can learn and 

extract highly precise features from measured data without human intervention. Hence the 
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recurrent neural networks are adopted in the proposed system to extract high-level features 

from the cricket video.        

4.2 Proposed Methodology 

A hybrid machine learning approach is introduced to provide the cricket video through the 

online network by machine learning-based video summarization. The flow of the proposed 

method is illustrated in figure 4.1. Initially, the cricket videos are inputted into the system 

then the audio streaming is extracted from the video streaming. Each of the exciting events 

from the video clip consists of replay, close-up view of a player, zoom in of referee, players 

gathering, and spectators. 

The inputted cricket videos are pre-processed by commercial and replay removal 

operations. The cut density extracts the commercial based on color and motion features. 

The audio and video cuts from the cricket video are identified in commercial extraction. 

After that, boundaries are refined by adding the audio and video information 

simultaneously. The audio and video streams are extracted from the input video. The 

speech to text is recognized using the ‘speech-to-text’ framework from the audio stream. 

Some pre-processing approaches such as transforming color frames to gray-scale images 

and down-sampling are important for refining the commercial shots and merging 

numerous shots to provide the commercial sequence. The commercial shots are continuous 

and appear in groups; thus, some techniques are adopted to extract commercial sequences. 

The replay events are examined by checking whether the scorecard is presented or not. 

Besides this, the real match may be telecasting previously played match highlights. The 

highlight segments have a higher playback rate and frame transition rate than normal 

segments. Thus, each segment's playback rate and frame transition rate in inputted cricket 

video are recognized for removing the previously highlighted match from the current 

cricket video. The key events detection process has a four-stage framework in this 

proposed method. In the first stage, the key frameworks are examined exciting frameworks 

through an audio stream of cricket video. Here, the process is enhanced by adding speech-

to-text recognition frameworks and a stacked gated recurrent neural network with an 

attention module (SGRNN-AM) to identify excitement clips. Then the shots from each 

clip are classified by the proposed hybrid rotation forest deep belief network (HRF-DBN).  
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Figure 4.1: Hybrid machine learning-based video summarization  

Here the accuracy of DBN is enhanced by the rotation forest ensembles approach. The 

subsequent modules analyze the scorecard location of a particular video and extract the 

action features of the umpire frame for observing the key events. Finally, the characters 

and features are extracted from the location of the scorecard, and the umpire frames are 

given to SRGNN-AM for including the important activities from the cricket vides like 

four, six, and wicket in the highlight. The accuracy of SGRNN-AM is improved by 
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adopting the gated recurrent units (GRU). A brief description of each module of the 

proposed method is given below.  

4.2.1 Extraction of exciting clips  

The exciting events from the cricket video are analyzed by commentators' speech and also 

cheers from the spectators. In each exciting event, the commentator's and spectators' 

reaction is expressed via speech and cheers. The audio level is not only a factor in deciding 

the excitementing clips. Thus, it is enhanced by adding a speech text recognition 

framework. The proposed framework combines audio energy level and speech-to-text 

recognition frameworks. After extracting both frameworks, cumulative keyframe 

estimation is performed to get the final excitement clip. The extraction of excited clips is 

important for an event highlighting of cricket video; thus, clip extraction is important in 

video highlighting.   

4.2.1.1 Audio energy-based excitement detection 

During important events in cricket matches, the audio levels of commentators and 

spectators are increased. Thus audio energy determination is very needy for analyzing the 

important events from the clips. Initially, the audio energy level-based excitement clip 

extraction is achieved by Butter worth bandpass filter for the injection of human speech 

frequency between 300-3.4KHz. The filter minimizes background noise by tuning the 

noise to a specific frequency, directing the frequencies to several speakers, and eliminating 

the particular frequency in data analysis. The Butter worth filter is used for signal 

processing with flat frequency response. The Butter worth filter system the audio signals 

in a desired fashion. The Butter worth bandpass filter process has two steps; the required 

filter order is found initially, then the scale factors are used for normalizing the parameters 

[160]. Moreover, the bandpass filter combines both low pass and high pass filters. 

The design of Butter worth bandpass filter with the order of n=1, the transfer function is 

given by,  

𝐻𝑃𝐹(𝑢, 𝑣) =
1

1+[
𝐷(𝑢,𝑣)

𝐷2𝑁𝐿
]
                                                                                                   (4.1) 

𝐿𝑃𝐹(𝑢, 𝑣) = 1 −
1

1+[
𝐷(𝑢,𝑣)

𝐷2𝑁𝐻
]
                                                                                             (4.2) 
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𝐵𝑃(𝑢, 𝑣) = 𝐻𝐿𝑃(𝑢, 𝑣) × 𝐻𝐻𝑃(𝑢, 𝑣)                                                                            (4.3) 

where, 𝐷𝐿 and 𝐷𝐻are the lower and uppercut of the frequencies respectively, and D (u, v) 

is the distance of each pixel from origin. Moreover, equation (4.1) represents the high pass 

filter, equation (4.2) represents the low pass filter, and equation (4.3) represents the 

bandpass filter [161].  

After analyzing human speech based on the frequency levels, the rapid variations from the 

events are identified by the frequency-domain adaptive Kalman (FDAK) filter [161] that 

detects the rapid variation of audio signals. The FDAK also reduces the echo based on 

spectral process and noise covariance model. The FDAK filters are mainly used for 

achieving a better convergence rate, misalignment, and tracking the changes in echo paths. 

The remaining abrupt changes can be extracted by calculating the derivative of averaged 

channels (gradient)𝜇𝑐. At last, the high-energy audio features are extracted by applying an 

adaptive threshold 𝑇ℎ𝑎𝑑. This adaptive threshold 𝑇ℎ can be computed as,  

     𝑇ℎ𝑎𝑑 = 𝑚𝑎𝑥(𝜇𝑐) − 2 × 𝑚𝑖𝑛(|𝜇𝑐|)          ∀𝜇𝑐 > 0                                                   (4.4) 

As the timelines of audio and video streams are the same, the exciting video clips can be 

extracted by selecting the equivalent video frames.  

4.2.1.2 Speech to text framework based excitement detection 

SGRNN is used for language modelling to do word-level prediction for Speech to text 

framework-based excitement detection SGRNN is used Speech to text framework to 

convert the commentator speech audio signal into a text file. After that, the text transcript 

is described with weight values to get a vector of words. Here, a bag-of-words method is 

used to represent text transcript as a meaningful vector for detecting the excitement clips. 

The Bag-of-words (BOW) method is a popular approach used to convert the text transcript 

into a set of separate words. The bag-of-method is important for the conversion of a text 

to numerous words. In the BOW method, each text is converted into several words as in 

the dictionary. The separated words from the text are represented as vector elements [163]. 

The basic structure of RNN comprises the input layer, output layer, and hidden layer. The 

number of hidden layers in RNN varied with the problem definition. The RNN can learn 

and extract highly precise features from the original cricket video that has been widely 

used in image classification and object detection. 
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Moreover, the RNN can utilize the sequential data from the video for learning and 

extracting important events from the cricket video. In addition to this, the recurrent 

feedback mechanism facilitates the network for memorizing previous inputs and current 

inputs. Thus the RNN model with GRU is adopted in this work to obtain highly precise 

data. The gate controlling mechanism in RNN mitigates gradient vanishing issues during 

the training process. The RNN with GRU system has the advantage of simple structure, 

reduced parameters, and the ability to hold the existing features in the input stream for long 

input series [164]. The RNN can deal with the sequential data from the input video. 

Therefore the SGRNN has extracted the umpire's actions in the matching field. The RNN 

with its equivalent unfolds network is given in figure 4.2.    
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Figure 4.2: RNN with unfold network  

At the same time, the vectors' entry is referred to as the count of the corresponding entry 

in the dictionary. Here, every transcript�⃗⃗� 𝑇 is deliberated as a vector �⃗⃗� 𝑇 = {𝑤1, 𝑤2, . . . 𝑤𝑛}, 

𝑛representing the number of different words in the text transcript. Furthermore, the 

existence of word𝑣𝑖s (vocabulary of words) �⃗⃗� 𝑇 is indicated using 𝑤𝑖. 𝑤𝑖 = 1 Suppose the 

corresponding vocabulary word is presented in the transcript and vice versa. In this 

chapter, an SGRNN-AM classifier is used to predict the excitement from the BOW text 

input. The advantage of the model is that it preserves the features for each iteration which 

enhances the overall prediction accuracy. The hidden layers in the network model 

preserves the features that are learned by the model after each iteration. Further, the model 

utilizes these features along with the current features to make accurate prediction without 

losing any crucial information from the input. In place of this model, other RNN based 

models can be utilized but the GRU units in the proposed model is much more effective in 
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learning the excitement based features. Moreover, the additional attention module in the 

framework helped to enhance the overall performance. The classifier includes an input 

layer, 5 hidden layers, attention module and an output layer. Within each hidden layer, the 

reset and update gates are present to learn the features and to result in effective training.  

In SGRNN-AM, GRU units are used to replace the hidden layers of conventional RNN. 

Also, it includes an attention model for filtering the more significant features, as shown in 

Figure 4.2. figure 4.3 (a) depicts the structural model of SGRNN, and figure 4.3 (b) 

represents the GRU unit of the network.  

Output 

Softmax 

i-th GRU 

Z-th GRU 

Input layer 

f1 f2 fm

Max pool

Attention 

Concatenation 

Attention module

Stacked GRU 
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1-
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(b) 

Figure 4.3: SGRNN-AM (a) Structural model (b) GRU unit 

Let 𝑇𝑆 = (�⃗⃗� 𝑇 , 𝐶𝑛)be the input training set of SGRNN-AM, where �⃗⃗� 𝑇 denotes input 

BOW,𝑛 = 1,2 represents output classes, i.e., excitement and non-excitement class. For 

training an SGRNN-AM, the text transcript of training sets should be expressed in either 
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the excitement or non-excitement clips intensely. Hence, a dictionary approach is used for 

labeling the text in the training data set. To accomplish this, several BOW in English is 

considered for creating a dictionary. This dictionary comprises the various expressions of 

like words and phrases for expressing excitement clips of cricket videos such as great shot, 

fantastic, etc.; every expression from the video is assigned with the excitement score in the 

range between [0, 1]. Finally, individual scores of the expressions are aggregated to create 

the final excitement score. The text transcript that holds a maximum score greater than 

0.75 is termed an exciting class.  

The excitement detection model of the proposed method extracted certain text features, 

including term frequency-inverse document frequency (TF-IDF) and emotion lexicon 

features from the training set 𝑇𝑆 for training the SGRNN-AM classifier. A TF-IDF 

weighting approaches different weights for every term in the text transcript. The TF-IDF 

is used in information retrieval and text mining. The TF-IDF counts the weight of the 

words based on their frequency which is referred to as term frequency. The TF-IDF counts 

how many times the particular word occurs in the document examined by inverse 

documentary frequency. Thus the TF-IDF can find how many times the word occurs in the 

document. This kind of approach is very useful for the readers when they read a document 

[165]. The TF-IDF approach provides text classification with higher accuracy. This 

approach considered three components: term frequency 𝑇𝑓, Inversed document frequency, 

𝐼𝑑𝑓 and normalization parameter for weighing every word in the text transcript. Here, Term 

frequency indicates how many times the term occurs in the transcript. The inversed 

document frequency (IDF) measures the amount of information provided by each word. 

The expression mostly used in IDF measure is given by,  

𝑙𝑜𝑔(𝑀 𝑚𝑓 + 0.01⁄ )                                                                                        (4.5) 

M is the total number of texts and 𝑚𝑓 denotes the number of features presented in texts. 

The normalization factor is used to normalize every constituent of the text vector. The 

weight equation of TF-IDF weight is derived based on the component mentioned above. 
 

𝜔(𝑥, �⃗⃗� 𝑇) =
𝑇𝑓(𝑥,�⃗⃗� 𝑇)×𝑙𝑜𝑔(𝑀 𝑚𝑓+0.01⁄ )

∑ [𝑇𝑓(𝑥,�⃗⃗� 𝑇)×𝑙𝑜𝑔(𝑀 𝑚𝑓+0.01⁄ )]
2

𝑥∈�⃗⃗⃗� 𝑇

                                                            (4.6) 

Where 𝜔(𝑥, �⃗⃗� 𝑇) and 𝑇𝑓(𝑥, �⃗⃗� 𝑇)represents the weight of word 𝑥 and term frequency in 

�⃗⃗� 𝑇  respectively. The total number of transcripts is denoted as 𝑀. 𝑚𝑓 is the measure of how 
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many times the word 𝑥presents in the transcript. The denominator part of the equation (4.6) 

represents the normalization factor. 

Besides TF-IDF, certain domain-specific emotion lexicon features are extracted from the 

text transcript. Here, knowledge of domain-specific emotion lexicon (DESL) is used for 

extracting a range of features required in excitement detection. The DESL is widely used 

in emotion classification that comprises identification and recognition. That examines 

whether a text communicates any emotions or not. Before emotion classification, it is 

important for detecting emotions. 

Moreover, the event detection provides binary results that indicate emotions' existence. 

The emotion classification system has many stages, from the text passes to the emotion 

categorization. The basic workflow of emotion classification is shown in figure 4.4. 

Text 

Lemmatization 

Stemming Filtering Tokenization 

Parts-of-speech 

tagging 

Emotion 

Processing 

 

Figure 4.4: Emotion classification  

 In the tokenization step, a single white space replaces the punctuations, tabs, and 

additional white spaces.  

 In filtering, the pre-defined words are eliminated from the inputted text.  

 In the lemmatization step, all the nouns in the text are transformed into a singular 

form.  

 In stemming, the phrase from the texts is converter into basic forms.  

 The part of speech of text is identified then verbs, adjectives, and adverbs are 

considered.    
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Let 𝐿𝑒𝐸(𝑤, 𝑘) is the set of words in the excitement and non-excitement class. Here the 

words relationship in vocabulary 𝑉with the pre-defined excitement class𝐶 is quantified 

by DSEL. This approach computes the dominant emotion 𝑐of each word 𝑤 with 

lexicon is given by,  

𝑐 = 𝑎𝑟𝑔𝑚𝑎𝑥
𝑘

𝐿𝑒𝐸(𝑤, 𝑐𝑘)                                                                                               (4.7) 

In this proposed method, total emotion count (TEC), total emotion intensity (TEI), and 

max emotion intensity (MEI) features are extracted based on DSEL.  

The TEC method counts a total number of words associated with the excitement class. The 

TEC feature vector of transcript �⃗⃗� 𝑇 is calculated as   

      𝐷⃗⃗  ⃗𝑇
𝑇𝐸𝐶[𝑐𝑘] = ∑ 𝐼𝑛𝑑 (𝑐𝑘 = 𝑎𝑟𝑔𝑚𝑎𝑥

𝑘
𝐿𝑒𝐸(𝑤, 𝑘))𝑤∈�⃗⃗� 𝑇

× 𝑐𝑜𝑢𝑛𝑡(𝑤, �⃗⃗� 𝑇)                        (4.8) 

Where 𝐼𝑛𝑑(. ) represents the indicator function, and it needs to be set as '1' for the 

true argument. 𝑐𝑜𝑢𝑛𝑡(𝑤, �⃗⃗� 𝑇)Indicates how many times the word 𝑤 has occurred in the 

transcript �⃗⃗� 𝑇. TEI adds the emotion intensity scores of each word in the transcript.  

           �⃗⃗� 𝑇
𝑇𝐸𝐼[𝑐𝑘] = ∑ 𝐿𝑒𝐸(𝑤, 𝑐𝑘) × 𝑐𝑜𝑢𝑛𝑡(𝑤, �⃗⃗� 𝑇)𝑤∈�⃗⃗� 𝑇

                                                 (4.9) 

MEI computes the intensity score of the word that holds more emotion as given by, 

                       �⃗⃗� 𝑇
𝑀𝐸𝐼[𝑐𝑘] = 𝑎𝑟𝑔𝑚𝑎𝑥

𝑤∈�⃗⃗� 𝑇

𝐿𝑒𝐸(𝑤, 𝑘)                                                           (4.10) 

After extracting the text features, all the input text features are denoted𝐹 = [𝑓1, 𝑓2, . . . 𝑓𝑚]. 

The extracted features are given as input to GRU cells of the SGRNN-AM. The cells use 

gate structures for reading and updating the preceding data selectively. Thus it filters out 

the needful data rather than choosing whole data. The GRU unit has two gates that are 

updating gate (𝑧𝑚) and resets gate (𝑟𝑚), which is shown in figure 4.3 (b). It is observed 

that the update gate is formed by combining the forget gate and input gate of LSTM. These 

gates are updated by considering the present input 𝑓𝑚and the preceding hidden stateℎ𝑚−1. 

The output of  ith  layer 𝑂𝑚based on input sequence and preceding cell state ℎ𝑚−1because  

its parameter 𝜑𝑖is given by,  
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                                         𝑂𝑚
𝑖 , ℎ𝑚

𝑖 = 𝐺𝑅𝑈𝑖(ℎ𝑚−1
𝑖 , 𝑓𝑚; 𝜑

𝑖)                                      (4.11) 

where 𝜑𝑖represents the parameters (b, U, W) of each cell in the ith layer. W and U 

represents the weight values of hidden unit presented in the recurrent network. Let Z is the 

number of GRU units in the SGRNN-AM network, and the input features are𝐹 =

[𝑓1, 𝑓2, . . . 𝑓𝑚], ‘m’ is the number of features. The hidden output of the ith GRU unit is 

represented as𝐻𝑖 = [ℎ1
𝑖 , ℎ2

𝑖 , . . . ℎ𝑚
𝑖 ]   

A row max-pooling is introduced to get a query based on the hidden output of 𝑧
𝑡ℎ  GRU 

𝐻𝑧 = [ℎ1
𝑧 , ℎ2

𝑧 , . . . ℎ𝑚
𝑧 ] is, 

                                     𝑞𝑒 = ℎ𝑠
𝑧 = 𝑚𝑎𝑥 𝑝 𝑜𝑜𝑙(𝐻𝑧)                                                     (4.13) 

Then the query matrix is formed by copying 𝑞𝑒in ‘m’ times. The attention weight is 

examined by an additive approach that is given by,  

                                 𝛼 = 𝑤
𝑇 𝑡𝑎𝑛ℎ(𝑊𝑄𝑀 +𝑊𝐻

𝑖)                                                (4.14) 

                                  𝜌(𝑧|𝐻
𝑖, 𝑄𝑒) = 𝑠𝑜𝑓𝑡 ⥂ 𝑚𝑎𝑥(𝛼)                                           (4.15) 

The activation function used in this approach 𝑡𝑎𝑛ℎ. 𝜌 (𝑧 = 𝑗|𝐻
𝑖, 𝑄𝑒)  represents the 

significance of the jth hidden output of ith GRU. The attention module also determines 

weighted average depiction for  ith GRU’s hidden output is given as,  

                        ℎ𝑠
𝑖 = ∑ 𝜌(𝑧 = 𝑗|𝐻𝑖, 𝑄𝑒)

𝑁
𝑛=1 ℎ𝑛

𝑖

                                                             (4.16) 

whereℎ𝑠
𝑖  represents ith GRU’s hidden dimension. The final feature representation ℎ𝑠is 

obtained by concatenating the outputs of ℎ𝑠
𝑍and ℎ𝑠

𝑖
as represented by,  

                                   ℎ𝑠 = |ℎ𝑠
𝑧⊕ ℎ𝑠

𝑖 |                                                                              (4.17) 

here, the value of ‘i' is chosen based on values of Z because i represents the subset value 

of {1,2,3, . . . . . 𝑧 − 1}. the set. The proposed model introduced a two-layer perceptron and 

softmax on its output layer for detecting the label excitement class �̃�𝑛 from the collection 

of classes C. It takes the SRGNN-AM final output 𝑂𝑡as input and uses relu as the activation 

function. The proposed method is trained by considering the objective function of cross-
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entropy loss with L2 regularization. Thus the audio and video streams have similar 

timelines, and the final excitement clip is chosen from the corresponding video frame. 

4.2.2 Detection of shot boundary and classification  

Several shots combined to combine a shot and frames in a single shot contain similar 

features, or there might be small variations between them. Thus the keyframe generation 

process requires limited process and evaluation time. To determine the shot boundaries, 

the proposed computes hue histogram differences. This keyframe extraction process 

comprises two stages.  

 The initial stage determines the mean and standard deviation of hue histogram 

differences from nearby frames to determine the threshold value.  

 In a later stage, this threshold value contrasts with hue histogram differences to 

extract the keyframes [183]. The following equation can compute the threshold 

value.    

                                                    𝑻𝒉𝑲𝑭 = 𝝁𝒉𝒉𝒅 + 𝝈𝒉𝒉𝒅                                             (4.18) 

where𝜇ℎℎ𝑑 represents the mean of hue histogram differences and 𝜎ℎℎ𝑑the standard 

deviation of hue histogram differences. The steps followed in the keyframe extraction 

process are listed as follows.  

 Obtain frames one after another  

 Compute 𝜇ℎℎ𝑑and 𝜎ℎℎ𝑑with the help of the following expression 

       𝜇ℎℎ𝑑(𝑋) =
(∑𝑋)

𝑁
                                                   (4.19) 

          𝜎ℎℎ𝑑(𝑋) = √
∑(𝑋−�̄�)2

𝑁−1
                                                (4.20) 

 Compute the threshold value by equation (4.18) 

 Compare the absolute difference with the value of T. When the difference is 

greater than the selected value𝑇𝑠𝑒𝑙𝑒𝑐𝑡, the respective frame is taken as a keyframe. 

If it is not greater, then go to step 2. 

 Repeat the same process for all frames of the video.  

Every video shot is classified after detecting shot boundaries for labeling every shot. In 

DBN, the unsupervised pre-training phases provide a good solution by providing weights 

by unsupervised stage sets to the layer. Each neuron is connected to another layer in the 
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DBN network, but it does not connect with the neurons in the same layer. The DBN 

network [167] has two layers: visible and hidden layers. The hybrid rotation forest is an 

efficient learning algorithm for classification. This deep learning approach is very useful 

in the image classification process. The deep forest model has many layers, and each layer 

has several random features [168]. Thus the output from each layer is fed into proceeding 

layers, and the information in the output layer is not fully exploited.  

In HRF, the output from all preceding layers is given as an input to the next layer that 

improves the flow of information. The proposed method used the HRF-DBN classifier to 

classify sports video into long, short, close-up, and out-of-field/crowd shots. Several sports 

broadcasters create cricket videos to create the data set. After that, the samples are split to 

get training and testing sets. The input video streams are converted into reduced 

computation complexity frames, and the trained data set is used as input data in the 

modeling process. The DBN classifier needs an optimum feature subset for proper training 

and user input classification. Hence the proposed classifier used an optimal subset of input 

data using the RF classifier before the classification task.  

The rotation forest classification method generates classification shots based on feature 

extraction. That provides accuracy and improves the computation feasibility in various 

domains. That search for best classifiers for classifying the frames that only contain 

exciting clips from the lengthened cricket video. The RF approach is adopted with the 

DBN in the proposed method. In the case of machine learning, the DBN is used for 

producing graphical models that contain multiple hidden layers. Thus the DBN is a good 

choice for emotion classification. The DBN can learn from the hidden structure of the 

layers that enables the learning and extraction of features from video. Thus the number of 

layers In DBN is processed to classify the shots. The data from the training set is forwarded 

to the testing test for examining the features. The testing phase consists of frame 

conversion, feature subset generation, and pooling process. After that, the clip is sent to 

the testing set for examining the output classes. The output from both the DBN was 

collected and examined. After that, the clip is classified as long, medium, close-up, and 

crowd. Moreover, this kind of classification highlights the essential video.    

The shot classification flow of the proposed method is shown in figure 4.5. In which the 

input is divided by the classifier into M subsets. After that, each subset is processed by 

bootstrapping and the PCA method. Then, the new feature vector set is constructed by 
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multiplying the data with principal components. The optimized sub-training feature 

vectors are adopted for training DBN that categorized the shots as long, short, medium, 

close-up, and crowd shots. And the DBN is formed by stacking different restricted 
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Figure 4.5: Shot classification by HRF-DBN classifier 

machines (RBN). Moreover, the layers in RBM are connected by the weighted connection 

matrix (W); thus, the probability function of DBN is expressed as follows,  
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𝛲(𝜈, 𝛨1, 𝛨2, . . . 𝛨𝑁) = 𝛲(𝛨𝑁−1, 𝛨𝑁)𝛲(𝜈|𝛨1)∏ 𝛲(𝛨𝑙−1|𝛨𝑙)
𝑁−1
𝑛=2                        (4.21) 

where N represents the number of layers𝜈 and 𝛨the states of visible and hidden units. The 

pre-training and fine-tuning process have trained the DBN classifier. The pre-training 

process uses contrastive divergence for training in a bottom-up unsupervised manner. 

Here, the lower layer activation probability acts as an input feature and trains the next 

layer. Moreover, the fine-tuning algorithm uses a backpropagation algorithm for training 

the DBN in a top-down supervised manner. During the fine-tuning process, an additional 

output layer with softmax regression is included to perform classification. Thus, the weight 

of the DBN has been adjusted by the backpropagation algorithm that calculates the loss 

factor between predicted outputs and labels.  

4.3 Video summarization model 

The video summarization methods require domain knowledge for facilitating high-level 

semantics in the summarized video. The summarized video contains only useful 

information about the match carried out by several processes before summarizing. Thus 

the proposed method extracts a sequence of features from the scorecard region of each 

exciting shot and action feature from umpire frames. After that, the features are given as 

an input to SGRNN-AM for adding key events in the summarized video based on the 

summarized score. This score is computed based on the combination of data in the present 

step and the previous step. The proposed video summarization model detects the umpire 

region's scorecard region and action features initially. The complete structure of the 

SGRNN-AM video summarization model based on scorecard and action features is 

illustrated in figure 4.6.  

The score features are extracted from exciting videos after that are infused into the 

SGRNN-AM. And from the umpire shots, the pose of the umpire is detected, the output 

from both score card regions is joined together to summarise the video. The umpire shots 

are detected by analyzing the umpire frames and the umpire gesture. The umpire frames 

are detected by the attention module that carefully analyzes them based on their deep 

attention to the particular features. The easy way to detect the umpire frames is by 

analyzing the jersey color because that differentiates the umpire from players in the 

matching field. That is analyzed via the attention model, and then the umpire gesture is 

detected by a deeper-cut approach. After the attention of both umpire frames and the 

umpire's gesture is detected, the temporal action 
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Figure 4.6: Video summarization by SGRNN-AM 

features is extracted. The scorecard region and umpire shots are finally summarized 

through the proposed approach.   

4.3.1 Scorecard region detection  

The scorecard is an important and inevitable region of the cricket matching field; thus, it 

plays an important role in the summarized video. Thus the video summarization process 

must focus on the scorecard region for analyzing the score of the match. Whereas the 

scorecard region is analyzed by the characters thus, the proposed approach adopted optical 

character recognition (OCR) methods for analyzing the scorecard region of the keyframe 

of each exciting clip. The OCR method detects the scorecard region from the frames of the 

cricket video for summarizing the scorecard region [171]. Because the exciting clips do 

not contain only the excellent performance in the match, it also contains the worst 
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performance, such as missed batting and bowling shots from the matching field. The 

processing steps of the video OCR method contain textual content detection and 

localization, extraction, and recognition.  

Generally, the scoreboard location of each keyframe is fixed position in the matching field 

and the remaining objects vary from frame to frame. Hence the location of the scorecard 

is localized through the use of a temporal running image averaging algorithm. The other 

objects, such as players and audience, change from frame to frame. After that, the extracted 

text region is adopted by gray-scale morphological processing and adaptive threshold 

binarization. The clean text is extracted from the complex background [172]. The OCR 

performs connected component analysis for storing the outlines as blobs. Then, the blobs 

are structured as text lines. 

Furthermore, the text lines are split into characters by determining the connected 

components. The score and wickets are displayed in cricket using separator '/' or '-‘. By 

considering this separator as a reference, the score and wickets are extracted using OCR. 

Finally, the score and wicket values extracted from each keyframe of exciting clips are 

constructed as a feature vector sequence for the corresponding exciting clip. Then, this 

feature vector sequence is passed to the proposed SGRNN to summarize the video. 

 4.4 Umpire gesture detection  

After detecting the scorecard region of the exciting clips, the proposed key events detect 

the umpire frames from close-up shots. Detection of the umpire shots is much important 

as the scorecard detection. Because the scores depend on the umpire decision, the umpire 

frames must be highlighted before updating the scores on the board. Thus the umpire 

frames detection is most important in cricket video summarization. The umpire frame 

detection is carried out by analyzing the jersey color because the jersey color of the umpire 

is different from the players; thus, the frames of the umpire are detected easily by the jersey 

color. Since the color of the dress worn by the umpires differs from the jersey color of 

players. In general, they wear black/blue/red color jerseys. Thus, a simple threshold-based 

color segmentation process detects the umpire frames. The important events from cricket 

events are characterized based on several umpire gestures. Thus the color recognition 

frames are used to detect the umpire frames.  
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                        (a) sixer                                                       (b) wide  

 

                              (c) no ball                                             (d) four  

    

                     (e) wicket                             (f) cancel call 

Figure 4.7: Various umpire gestures (a) sixer (b) wide (c) no-ball (d)four (e) 

wicket (f) cancel call 

The umpire gesture detection plays an important role in cricket video recognition because 

the umpire indicates the result of every single batting and bowling. Analyzing the  umpire 

frames make it very easy to highlight the important events from the matching field. In 

certain circumstances, the umpire is not focused on the camera as well as the umpire's 

perceptions are not correct for all the events.  
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At the same time, the scorecard region is overlapped by advertisements; hence the score 

updating might be delayed for some time. Thus the hybrid approach detects umpire frames 

from the cricket video. After detecting shots relating to the umpire frames, action detection 

is employed to detect the action of the frames. Importantly the umpire gesture detection is 

examined for the three events like four, six, and wickets. One of the important processes 

in action recognition is feature extraction because the classification depends on the resilient 

and uncorrelated features.   

This work extracts the human's body joint-based feature stream and the temporal 

displacement features as action features. Thus, localization of the umpire body parts is 

important for recognizing the important events from the long-duration match. The 

proposed method adopts an attention network for localizing the most significant portions 

of the umpire's body, which is used to recognize the action of umpire frames. Then, an 

element-wise multiplication is performed between the attention mask and the input frames 

to get the attended image features. Each action of the umpire is scrutinized continuously 

by the proposed framework. The action of the umpire differs for every different playing 

action. After that, the pose of the umpire is detected by the frameworks. For this purpose, 

a deeper cutout approach is adopted. The spatial position is utilized to figure out the deeper 

cut approach. Consider a set of points 𝑃 = {𝑗𝑘, 𝑘 = 1,2, . . . 𝑚𝑝}to represent the skeleton of 

the umpire frame, where 𝑗𝑘 = (𝑠, 𝑡)denotes the position of joint in input frame and the 

change of position joint 𝑗𝑘from frame𝑛 to 𝑛 + 1indicate the temporal feature.  

The temporal changes are captured by constructing a histogram of two-dimensional 

displacement orientation of joint position on both planes (ST plane). Here, all the input 

video frame sequences are analyzed to compute the vector that represents the joint 

displacement. Every displacement vector provides the orientation pair of joints, including 

orientation angle and magnitude(𝜑𝑘, 𝜌𝑘). Here, the temporal features indicate the 

orientation angles 𝜑𝑘;  𝑘 = 1,2, . . . 𝑚𝑝of each of the joints. The following expression is 

used to compute the 𝜑𝑘
𝑛joint 𝑗𝑘at a time instant.𝑛 + 1 

 

                              𝜑𝑘
𝑛 = 𝑎𝑟𝑐𝑡𝑎𝑛 (

𝛥𝑡

𝛥𝑠
)                                                (4.22) 

The following expression is used to compute the displacement vector 𝜐𝑛for the joint 𝑗𝑘at 

a time instant. 𝑛 + 1 
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                  𝜐𝑛 = [
𝛥𝑠𝑘
𝛥𝑡𝑘
] = [

𝑠𝑘
𝑛+1 − 𝑠𝑘

𝑛

𝑡𝑘
𝑛+1 − 𝑡𝑘

𝑛 ]                                            (4.23) 

The final feature vector of each joint position is computed as: 

                           �⃗� 𝑘 = [𝜑𝑘
1 , 𝜑𝑘

2, . . . 𝜑𝑘
𝑛, . . . 𝜑𝑘

𝑀]                                           (4.24) 

 

This feature vector �⃗� 𝑘is used to create an m-bin histogram of each joint𝑗𝑘. This histogram 

is then concatenated to get a temporal feature vector representing the action. 𝐹 𝑛
𝑠Let be the 

feature vector obtained from the scorecard region of all exciting shots and 𝐹 𝑛
𝐴𝑇be the action 

temporal feature vector obtained from the shots that contain umpire frames. The extracted 

features are given as input to the GRU models in the SGRNN-AM or determine each input 

shot's temporal dependencies. The AM provides input to the RNN by focusing on specific 

actions from the input video. After that, the hidden features of GRU are represented by an 

attention model. The features are passed into the final softmax activation unit to detect 

interesting and non-interesting events. At the same time, the interesting events represented 

by the activation unit of the softmax consider the probability of 𝑝𝑛 ∈ [0,1] segmenting the 

respective input video shot as interested one. The scorecard and umpire action recognition 

model selected two sets of interesting events. The scorecard recognition model is important 

for highlighting important events. After each batting, bowling and running, the teams' 

score is updated in the scorecard finalized by the umpire decision based on the game rule.    

 

4.5 Simulation result and discussion  

This proposed work facilitates all the viewers to experience highly improved cricket video 

summarization in a short duration. Here, a new dataset has been generated by collecting 

different cricket videos due to the unavailability of a standard benchmark dataset for 

testing the overall effectiveness of the video summarization approaches. The proposed 

model is evaluated with the cricket video samples of the same dataset used in the last work. 

These video samples have the frame resolution and frame rate of 640 x 480 and 25 fps, 

respectively. The overall effectiveness of the hybrid machine learning model is analyzed 

through the simulations in the Matlab R2019a environment. In this section, the detailed 

description of the performance metrics and the results of different modules of the proposed 

video summarization approaches are validated by comparing them with the recent state-

of-the-art approaches. The hyper-parameter setting of the proposed approach are as 

follows: a number of hidden layers in the model are 3, the number of neurons in the hidden 
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layer is 1500, the initial learning rate is set to 0.01%, the dropout rate is set to 0.1, a total 

number of epochs are 500, and a total number of iterations are 100. 

4.5.1 Performance metrics 

The performance metrics are used to evaluate the effectiveness of the proposed framework. 

That also evaluated the improvements of the proposed method than existing methods. The 

performance measure for evaluating the effectiveness of the proposed method is listed 

below.  

4.5.1.1 Precision  

The ratio of the number of events labeled correctly and the total number of perceived 

events is described as precision. That is defined as the ratio of true positive (TP) to the 

addition of true positive and false positive (FP). The expression for examining the 

precision of the proposed method is given by,  

𝑃𝑟 𝑒 𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
                                    (4.25) 

where TP is true positive, TN is a true negative, FP is false positive, and FN is a false 

negative. There are the fundamental components of the measures; moreover, TP represents 

the correct labeling of positive samples. TN represents the correct labeling of negative 

samples. FP represents incorrect labeling of negative samples. FN represents incorrect 

labeling of positive samples.  

4.5.1.2 Recall rate  

The ratio of the correctly detected events and the actual events in the video is defined as 

the recall rate. That is defined as the ratio of TP to the addition of TP and false-negative 

(FN). The expression for examining the precision of the proposed method is given by,  

       
𝑅𝑒𝑐𝑎𝑙𝑙 𝑟𝑎𝑡𝑒 =

𝑇𝑃

𝑇𝑃+𝐹𝑁
                                                (4.26)
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4.5.1.3 F1-score  

F-measure can measure the trade-off between precision and recall. The F-measure is given 

as the ratio of the multiplication 2 with the precision and recall to the addition of precision 

and recall. The mathematical expression for the F1 score is given by,  

 
𝐹1 − 𝑠𝑐𝑜𝑟𝑒 =

2×𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
                                                                                (4.27) 

4.5.1.4 accuracy 

The percentage of correct classification of frames is termed accuracy. The accuracy is 

defined as the ratio of the addition of TP and TN to the summation of TP, TN, FP, and FN. 

The mathematical expression for accuracy is given by,  

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
                                                   (4.28)

 

4.5.1.5 Error rate  

The error rate is the ratio of the incorrectly labeled events to the complete events. The error 

rate is expressed by the ratio of the addition of false positive (FP) and false-negative (FN) 

to the addition of TP, true negative, FP, and FN. The error rate measure is defined as 

follows,  

𝐸𝑟𝑟𝑜𝑟 𝑅𝑎𝑡𝑒 =
𝐹𝑃+𝐹𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
                                                   (4.29)

 

The effectiveness of the summarization model can also be validated by another valuable 

measure named as receiver operating characteristic (ROC) curve. The true positive rate 

(TPR) and false-positive rate (FPR) values plot the ROC curve. 

The quantity of the generated highlights is examined by comparing it with the highlights 

produced by sports channels in terms of the percentage selection of premium concepts 

(PSPC) [35]. The PSPC is the ratio of the number of prime concepts chosen by sports 

channels to the number of prime concepts available in the video. The following expre ssion 

measures that,  
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𝑃𝑆𝑃𝐶𝑆 =
𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑟𝑖𝑚𝑒 𝑐𝑜𝑛𝑐𝑒𝑝𝑡𝑠 𝑐ℎ𝑜𝑠𝑒𝑛 𝑏𝑦 𝑠𝑝𝑜𝑟𝑡𝑠 𝑐ℎ𝑎𝑛𝑛𝑒𝑙 

𝐴𝑐𝑡𝑢𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑟𝑖𝑚𝑒 𝑐𝑜𝑛𝑐𝑒𝑝𝑡𝑠 𝑎𝑣𝑎𝑖𝑙𝑏𝑎𝑙𝑒 𝑖𝑛 𝑡ℎ𝑒 𝑣𝑖𝑑𝑒𝑜
× 100

                          (4.30) 

 

𝑃𝑆𝑃𝐶𝑃 =
𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑟𝑖𝑚𝑒 𝑐𝑜𝑛𝑐𝑒𝑝𝑡𝑠 𝑐ℎ𝑜𝑠𝑒𝑛 𝑏𝑦 𝑝𝑟𝑜𝑝𝑜𝑠𝑒𝑑 𝑚𝑒𝑡ℎ𝑜𝑑 

𝐴𝑐𝑡𝑢𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑟𝑖𝑚𝑒 𝑐𝑜𝑛𝑐𝑒𝑝𝑡𝑠 𝑎𝑣𝑎𝑖𝑙𝑏𝑎𝑙𝑒 𝑖𝑛 𝑡ℎ𝑒 𝑣𝑖𝑑𝑒𝑜
× 100

                         (4.31) 

𝑃𝑆𝑃𝐶𝑆𝑃𝑆𝑃𝐶𝑃respectively, representing the PSPC by the sports channels and the proposed 

method. 

4.5.2 Evaluation of excitement clips detection method 

The proposed method for video summarization extracts the exciting clip from each cricket 

video that combines both audio energy-based adaptive threshold and 'speech to text' 

framework with SGRNN-AM. The effectiveness of the proposed method is examined by 

comparing it with existing methods. In figure 4.8, the short-time audio energy-based 

approach [176] detects the exciting clip with a precision of 90 %, recall of 91%, F1-score 

of 91.2%, an accuracy of 87%, and an error rate of 10%.  

 

 

Figure 4.8: Performance comparison of excitement clip detection approaches  

The method that used ALPB and SVM classifier [176] captured the excitement level of 

audio input with precision, recall, F1-score, accuracy, and error rate of 92 %, 92.5%, 92%, 

91%, and 8 %, respectively. It is observed that the performance of these methods is reduced 

due to the consideration of audio frames and energy levels. Since the audio energy not only 

decides the excitement clips from the cricket video, thus the content-aware summarization 
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approach considered speech to text framework to detect the excitement clips from the 

cricket video, but this non-learning approach directly matched the run time corpus with the 

static corpus to detect the excitement.  

But the wrong prediction of run time corpus may lead to selecting non-excited frames in 

this non-learning-based method. Hence the precision, recall, and FI score of the non-

learning-based method are reduced to 94 %, 95.2 %, and 93 %, respectively. In contrast to 

the existing methods, the proposed method combines audio energy, speech-to-text 

framework, and SGRNN-AM framework. By analyzing the results, it is demonstrated that 

the proposed method outperforms the existing method by offering higher precision of 99%, 

recall of 98% and highest F1-score of 93%, and accuracy of 95%. The error rate of the 

proposed hybrid approach is 5%, but the error rate of the existing methods of short-time 

audio energy, ALPB with SVM, content-aware approach is 12%, 10%, and 8%, 

respectively. The proposed method's improvement is that it extracts optimal TF-IDF and 

emotion lexicon features from the bag-of-words for training the SGRNN classifier.  

 

4.5.3 Evaluation of shot classification approach 

After detecting exciting clips from the cricket videos from several sources, the vital step is 

a classification of the clips. Hence after detecting the excitement clips, the proposed 

summarization method determines the histogram hue difference for discovering shot 

boundaries. The proposed HRF-DBN classifier classifies these shots. This shot 

classification method plays an important role in cricket video summarization. The 

proposed method uses an HRF-DBN classifier trained by considering 50 samples for each 

shot's class, such as long, medium, shot, close-up, and crowd. The performance of the 

proposed shot classifier is validated by comparing it with different classifiers such as the 

decision tree classifier [173], Alexnet CNN [72], and Alexnet CNN with transfer learning 

[174]. Among these methods, decision tree classifier-bas approach performs poorly 

because this approach extracts certain low, mid, and high-level features for training the 

classifier. Also, it required to set the manual threshold to classify the shots. At the same 

time statistics of cricket, video is different from each other hence the threshold values 

differ for each match. Thus the approach is not suitable for all types of cricket videos. 
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4.5.3.1 Performance comparison based on different matches 

The performance of the proposed and existing models are compared based on different 

matches from the dataset in terms of various metrics. The results obtained from this 

comparison are discussed below: 

Table 4.1: Performance comparison of the proposed and existing models based on 

different matches 

Match Methods Precision 

(%) 

Recall 

(%) 

F1-score 

(%) 

Accuracy 

(%) 

V1 

T20I 2019 

Ind vs Aus. 

Decision tree classifier 91.26 93.82 91.11 92.91 

Alexnet CNN 92.58 94.19 92.79 93.54 

Alexnet CNN with 

transfer learning 

94.16 95.27 95.76 96.84 

Proposed HDNN-EPO 

classifier 

97.65 98.41 98.23 98.05 

Proposed SGRNN-AM 98.96 99.52 99.34 99.13 

V2 

T20I 2019  

Ind vs WI 

Decision tree classifier 91.15 92.75 91.58 92.75 

Alexnet CNN 93.71 95.31 94.83 93.70 

Alexnet CNN with 

transfer learning 

94.58 95.76 95.81 96.92 

Proposed HDNN-EPO 

classifier 

97.65 98.22 98.31 98.06 

Proposed SGRNN-AM 98.78 99.31 99.45 99.18 

V3 

ODI 2019 

Afghanistan 

vs WI  

Decision tree classifier 91.28 92.88 91.74 92.94 

Alexnet CNN 94.67 95.83 95.96 96.81 

Alexnet CNN with 

transfer learning 

97.36 98.13 97.67 98.19 

Proposed HDNN-EPO 

classifier 

97.32 98.05 97.98 98.02 

Proposed SGRNN-AM 98.54 99.28 99.86 99.17 
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The results of the precision comparison for the proposed and existing models based on a 

single match are displayed in Table 4.1. The results are taken for the first three matches 

from the dataset. In all the comparisons made, the proposed frameworks are identified to 

provide better performance than the other compared methods. Different existing classifiers 

such as decision tree classifier, Alexnet CNN and Alexnet CNN with transfer learning are 

chosen to be compared with the proposed framework in terms of highlight generation. In 

case of all the matches, the proposed framework SGRNN-AM resulted in higher values of 

precision, recall, accuracy and F1-score. Next to this framework, optimal results are again 

achieved by the proposed HDNN-EPO framework. In case of match V1, the SGRNN-AM 

achieved an accuracy value of 99.13% and HDNN-EPO achieved an accuracy value of 

98.05%. Among the existing frameworks, Alexnet CNN with transfer learning resulted in 

better accuracy value than the other two frameworks. Similarly, for match V2, SGRNN-

AM resulted in an accuracy value of 99.18% whereas, the HDNN-EPO framework resulted 

in an accuracy value of 98.06%. For match V3, the proposed SGRNN-AM resulted in an 

accuracy value of 99.17% and the proposed HDN-EPO resulted in an accuracy value of 

98.02% respectively. 

4.5.4 K-fold cross-validation 

 To prove the performance improvement of the proposed approach, the k-fold cross-

validation is conducted and the results obtained are discussed in this section. The k-values 

that are preferred for analysis are 5 and 10. The cross-validation is done for the 

performance metrics such as precision, recall, F1-score, and accuracy. The results are 

explained below: 

Table 4.2: Performance results obtained for 5-fold cross-validation 

Methods Precision 

(%) 

Recall 

(%) 

F1-score 

(%) 

Accuracy 

(%) 

Decision tree classifier 94.85 95.63 93.04 93.59 

Alexnet CNN 95.48 97.12 95.98 95.16 

Alexnet CNN with transfer 

learning 

98.91 99.24 98.96 98.97 

Proposed 

HRF-DBN classifier 

99.99 99.97 99.93 99.64 
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The performance values obtained from the 5-fold cross-validation are compared with the 

existing models, and the results are displayed in Table 4.2. From the value, it is identified 

that the proposed model is more accurate than the other models. The precision of the 

proposed model is 99.99%, recall is 99.97%, F1-score is 99.93%, and accuracy is 99.64% 

whereas, the precision values of the compared models such as decision tree classifier, 

AlexNet CNN, and AlexNet CNN with transfer learning are 94.85%, 95.48%, and 98.91%, 

recall values are 95.63%, 97.12%, and 99.24%, F1-score values are 93.04%, 95.98%, and 

98.96% and accuracy values are 93.59%, 95.16%, and 98.97% respectively. 

Table 4.3: Performance results obtained for 10-fold cross-validation 

Methods Precision (%) Recall (%) F1-score (%) Accuracy (%) 

Decision tree classifier 93.28 94.23 92.41 92.73 

Alexnet CNN 94.79 96.54 94.86 94.67 

Alexnet CNN with transfer 

learning 

97.63 98.03 97.86 97.13 

Proposed 

HRF-DBN classifier 

99.08 98.98 98.95 98.97 

  

The performance values of the proposed and existing models are compared in terms of 10-

fold cross-validation and are displayed in Table 4.3. From the table, it is identified that the 

proposed approach outperformed the other existing models. The overall precision value of 

the proposed model is 99.08%, recall is 98.98%, F1-score is 98.95%, and accuracy is 

98.97% whereas, the precision values of the existing models such as decision tree 

classifier, AlexNet CNN, and AlexNet CNN with transfer learning are 93.28%, 94.79%, 

and 97.63%, recall values are 94.23%, 96.54%, and 98.03%, F1-scores are 92.41%, 

94.86%, and 97.86% and accuracy values are 92.73%, 94.67%, and 97.13% respectively. 

4.6 Evaluation of video summarization approach 

The video summarization of cricket video comprises only the exciting clips from the 

cricket video. The extraction of excitement clips and the classification of the videos are 

explained in previous sections. After all that process, the summarization of important clips 

from the cricket video is carried out by SGRNN-AM based summarization model. The 

proposed summarization model extracts features from the scorecard location and umpire 
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gesture recognition to detect the key events from cricket video. Different experiments 

validate the performance of the proposed method. These experiments compute individual 

and combined effects of the scorecard and umpire gesture recognition on the same 

SGRNN-AM based summarization model. This kind of comparison is carried out for 

analyzing whether the hybrid networking stream had any effect on the summarization 

process or not. In an initial experiment, the scorecard features are evaluated, and after that 

different umpire actions are examined. After completing the scorecard feature and umpire 

action recognition, the combination of both features is examined. The accuracy, recall, and 

precision curves of these three experiments are compared in Figure 4.9. 

 

(a)                                                           (b) 

 

(c) 

Figure 4.9: Performance analysis of hybrid feature vectors on SGRNN-AM 

based video summarization model (a) Precision (b) Recall (c) Accuracy 

By analyzing Figure 4.9 (a), it is observed that the precision of the proposed hybrid and 

action features are improved for increasing iterations than the existing features of scorecard 

and umpire action features. In Figure 4.9 (a), the precision of the proposed method is 

compared with the existing features of scorecard and umpire action features. For 20 

iterations, the precision of scorecard feature, action feature, and hybrid feature of both 

scorecard and umpire action is 62%, 68%, and 75% respectively. It can be noticed that the 

precision of the methods improved with the increasing number of iterations. After 20 

iterations, the precision of the methods is increased, and it is demonstrated that the 

precision of the proposed method increased more than the existing features of scorecard 
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region and umpire action recognition. The proposed hybrid feature had precision of 75%, 

78%, 85%, 90% and 98% for increasing iterations of 20,40,60,80 and 100 respectively. By 

analyzing the results, it is demonstrated that the proposed hybrid features outperform 

existing methods.  

In figure 4.9(b), recall of the proposed method is compared with the existing methods. 

Recall of the proposed method is 84%, 85%, 87%, 95%, and 98% for increasing number 

of iterations. From the result analysis, it is observed that the proposed method outperforms 

the existing methods. The accuracy of the proposed method is compared with existing 

methods, which is depicted in figure 4.9 (c). In figure 4.9 (c), the accuracy for scorecard 

region feature, action recognition feature of the umpire, and hybrid method is 65%, 72%, 

and 78% respectively. It can be noted that the accuracy is increased with an increased 

number of iterations, and up to 60 iterations, the accuracy of all three methods are increased 

similarly. When the iterations are more than 60, the hybrid method's accuracy is increased 

to a higher level that is not attained by the existing methods. By examining the proposed 

method outcomes, it is observed that the proposed method offers higher accuracy of 76%, 

78%, 82%, 94%, and 98% for increasing iterations of 20, 40, 60, 80, and 100 respectively.      

By analyzing the results from Figure 4.9(c), it is observed that the hybrid scorecard and 

umpire gesture-based video summarization approach provides good results than that of 

others. It proves that the hybrid method can detect the events efficiently even if one of the 

methods fails to give exact features for key event detection. And it is observed that the 

performance of the method improved with the increasing number of iterations.  

To validate the performance of the proposed summarization model, the ROC curves of 

different summarization models are depicted in Figure 4.10. Form that result analysis, the 

object-driven method of confined elliptical local in [75] is performed lower than audio and  
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Figure 4.10: ROC analysis 

event-based approaches. Because the method proposed SVM in [97] and intensity 

projection in [98] are only analyzed the umpire frames and scorecard region respectively. 

The method used in [75] analyzed all the replay frames for summarizing the video. But 

this approach comprises exciting clips with unimportant activities like a wide ball, no ball, 

etc. Even though the performance of the audio and event-driven approaches [174] is higher 

than that of the object-driven and replay-based approaches, their performance is limited by 

the poor excitement/key event detection processes and classifiers. The accuracy of the 

video summarization process depends on the learning and non-learning process and the 

type of classifier used. The overall performance of the video summarization approach in 

is degraded due to the lack of speech-to-text frameworks in the process of excitement clip 

detection and the type of classifier such as SVM and decision tree in the summarization 

process.  

The ROC analysis of the proposed method is compared with the existing method is 

depicted in Figure 4.10. The true positive rate of the proposed method is increased in 

proposed by the SGRNN-AM. The content-aware summarization approach [178] 

considers both audio energy and speech-to-text framework in the excitement detection 

process. At the same time, this approach used the learning process only for extracting the 

text feature. That summarization model failed to recognize the actions of the umpire/player 

leading to false prediction. The proposed approach analyzes both the scorecard region and 

umpire action recognition based on using SGRNN. The result analysis shows that the 
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proposed method outperforms all the existing classifiers by the deployment of a GRU cell 

that is more computationally efficient than the LSTM network. 

Table 4.4: Objective quantitative analysis of the proposed and existing methods 

Models Precision 

(%) 

Recall 

(%) 

F1- score 

(%) 

Accuracy 

(%) 

AUC 

(%) 

Ravi et al. [97] 88.42 87.13 89.75 88.53 85.9 

Nasir et al. [75] 87.19 86.19 87.64 86.75 90.9 

Javed et al. 

[106] 

89.31 89.64 88.91 89.38 89.6 

Javed et al. 

[107] 

92.49 93.64 91.76 92.58 91.9 

Khan et al. 

[132] 

93.13 92.67 92.64 91.72 92.9 

Proposed 

SGRNN 

96.82 95.41 95.67 96.32 96.4 

Quantitative analysis with the recent existing approaches is performed, and the results are 

displayed in Table 4.4. The table values show a higher value for the proposed approach. 

This is achieved due to the improvement made in the proposed algorithms that reduced the 

error rate and resulted in higher true positives. The overall precision of the proposed 

approach is 96.82%, recall rate is 95.41%, F1-score is 95.67%, accuracy is 96.32%, and 

AUC is 96.4%. Among the compared approaches, [107] and [132] provided almost 

comparable values to the proposed approach such as 92.49% and 93.13% of precision, 

93.64% and 92.67% of recall, 91.76% and 92.64% of F1-scores, 92.58  and 91.72%, of 

accuracy, and 91.9% and 92.9% of AUC respectively. Other approaches provided 

minimum values than the proposed approach. 

From the overall analysis, it is observed that the proposed methods reduce the error rate to 

0.18, which is lower than the counterpart methods. Also, the AUC percentage of the 

proposed method is 96.4% which is higher than the existing methods. By analyzing the 

result, it is clear that the proposed method improves precision, recall, and F1-score than 

the existing methods. 
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Moreover, the accuracy and loss rate of the proposed summarization model SGRNN-AM 

can be examined by choosing different classifiers such as SVM [99], ELM [106], decision 

tree classifier [173], and alexnet CNN [174] that are compared with the proposed method. 

In Figure 4.11, the loss rate and accuracy of the proposed method are compared with 

existing methods. A measure of the classifier over-fitting is indicated by the gap between 

the train and test curve. In which, the test curve of the best classifier can track the curve of 

the train as soon as possible. The proposed classifier tracks the training curve as earlier. 

It’s also observed that the proposed method attains higher accuracy by reducing the losses 

than the existing methods. Thus, the SGRNN-AM model's overall effectiveness is higher 

compared to another classifier.  

  

                                  (a)                                                          (b) 

Figure 4.11: (a) Loss and (b) accuracy analysis for SRGNN-AM model 

In figure 4.11, the coverage process of the accuracy and error rate of the test case of all 

classifiers are similar for each step up to 15 epochs. However, simple classifiers like SVM 

and ELM exist over-fitting when they undergo more than 15 epochs of training. In 

particular, the SVM has serious over-fitting after reaching 20 epochs of training. That is 

caused by the complete training data and noisy characteristics of training data, leading to 

over-fitting. Furthermore, the SVM classifier needs to find the optimum parameter by 

adopting cross-validation and grid search for mitigating the over-fitting issues. At the same 

time, the over-fitting of the proposed approach is reduced due to the inclusion of the 

attention model to select important features for the task. 
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Moreover, to evaluate the proposed model's effectiveness against a larger dataset, the 

accuracy and loss rate of the proposed video summarization approach are compared with 

existing machine learning approaches for varying training and testing sets. The accuracy 

and distribution loss of the proposed SGRNN-AM approach with the existing methods is 

depicted in figure 4.12.  

 

Figure 4.12: Accuracy and loss distribution analysis of different deep learning 

methods for cricket video summarization 

A 10% of data is initially used for testing 90% of data is used to train the model. This 

progression is carried out until it reaches 90% of the test and 10% of the train. This 

experiment is used for the analysis of the accuracy and loss rate deviations of the proposed 

method. From the result, it is demonstrated that the proposed SGRNN-AM model does not 

degrade the accuracy and loss rate while increasing testing data because it generates an 

optimal feature set for larger and smaller datasets with lower computational costs.  

4.7 Discussion and future enhancement  

The results obtained by the proposed model show improved performance than the existing 

methods. The results are taken in as a quantitative measure that is considered to evaluate 

the proposed model's effectiveness. Especially, a non-learning method proposed in [177] 

fails to provide enough accuracy for the key event detection process this is due to the only 

dependency of the scorecard for event detection. Moreover, the update of scorecard content 

is delayed which also cause overlapping of certain advertisement. Thus this method failed 

to attain higher accuracy because of the absence of accurate key event prediction.   
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As well as in object driven method proposed in [99] and [177] are missed some of the 

important key event predictions thus it can attain the accuracy of 88.53% that is much 

lower than the proposed method. This is because Ravi et al., [97] just analyzed the umpire 

frames for detecting the key events. In key event detection methods, camera position and 

focus are very important for umpire action recognition. But the camera failed to focus on 

the umpire during the important events. That greatly affects key events detection. Thus, 

that method degraded the system performance. In which, a SNOW dataset is developed for 

detecting the umpire gesture detection in which the inception network of V3 and VGG19 

is adopted for the feature extraction from pre-processed frames. Besides this, an SVM is 

used to classify the umpire's video frames. As in the case of the non-learning event-driven 

approach in [175], the running image averaging method is used for the extraction of the 

score caption region on the cricket video. After that, optical caption recognition (OCR) is 

used for the recognition of score caption contents. The threshold values are selected based 

on the game rules, but that object and event-driven methods do not comprise any audio 

features.  

Furthermore, the methods proposed by Javed et al., [106, 107] initially considered audio 

features and replay events respectively to reduce the computation time of the key event 

detection approach. In the method proposed in [173] the audio and visual features are 

extracted for key event detection for summarization. In which, an acoustic local binary 

pattern (ALBP) features are extracting the level of excitement in audio. Here the SVM is 

used for classifying the excitement and non-excitement clips. At last, a decision tree-based 

summarization approach was trained for detecting key events. But the performance of that 

approach is reduced due to the consideration of only the scorecard region after the 

extraction of audio features and visual features such as color and texture of replay events. 

A content-aware approach is used in [174] for extracting both the audio and visual features 

for summarizing the cricket video from the videos. That also detects the exciting frames 

by analyzing the audio energy and speech-to-text framework. in addition to that, the deep 

learning approach is used for extracting the text from the score box. 

Since, the visual features extract the important events during the cricket match like four, 

six, and wickets. Alternatively, the quantitative measure of the proposed method has been 

increased in terms of precision (96.82%), recall (95.41%), F1-score (95.67%), and 

accuracy (96.32%). These performance measures are much higher than the non-learning, 
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object-driven, replay, and excitement-event-driven approaches. Thus, the proposed 

method is demonstrated well due to the extraction of visual, action, and other related 

features from both score card region, umpire frames to tackle issues in existing approaches.  

In addition to that, the prediction accuracy of the existing approaches is reduced due to the 

usage of inefficient classifiers. Object-driven classifiers such as SVM in [99] and decision 

tree classifier [175] detect key events from various broadcasters. The SVM is not suitable 

for large data due to its poor performance. Thus SVM reduces the performance when the 

amount of features is higher than that of the available training set. Since the cricket is a 

long-duration match, thus the size of data used in it is too large by using the SVM, the 

system's performance is reduced. As well as the performance of the summarization method 

used in the decision tree classifier is reduced to the presence of a large number of trees. 

Thus small variation in the decision tree may greatly affect the accuracy of the prediction 

method. Thus, the prediction accuracy will be reduced when the SVM classifier and 

random forest classifier are used in the cricket video summarization approach. 

However, ELM has some disadvantages, such as over-fitting issues. Thus the prediction 

accuracy of the proposed approach is compared with recent machine learning and deep 

learning models to validate the effectiveness of the proposed classifier. The accuracy of 

all machine learning approaches is based on the classifier used. And the classifiers are 

affected due to a large number of irrelevant training data. Thus, to overcome this limitation, 

the proposed method is developed to generate optimal features representation via an 

attention model. It has been proved through the improved accuracy and reduced 

distribution loss that is depicted in figure 4.9. Moreover, the quantitative analysis of the 

proposed cricket video summarization approach is demonstrated by the comparison of 

manually generated highlights. Since the manually generated highlights will give the exact 

result of key events. A quantitative analysis has been performed for the proposed approach 

by comparing it with the latest techniques in literature that are implemented using the same 

training dataset used in the proposed work. The results obtained are explained below: 
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Table 4.5: Performance analysis of the techniques implemented on the same dataset 

Models Precision 

(%) 

Recall 

(%) 

F1- 

score 

(%) 

Accuracy 

(%) 

Error 

rate (%) 

AUC 

(%) 

Emon et al., 

[175] 

92.62 94.75 94.57 93.86 6.14 92.89 

Gupta and 

Muthiah [176] 

96.75 97.28 97.14 97.56 2.44 96.52 

Nandyal and 

Kattimani [177] 

84.57 81.28 82.98 83.10 16.9 81.05 

Premaratne et al., 

[178] 

96.21 91.88 94.11 90.82 9.18 91.22 

Proposed 

SGRNN 

98.96 99.52 99.34 99.13 0.87 98.96 

The performance values of the proposed and existing approaches implemented on the same 

dataset are presented in Table 4.5. From the values obtained, it is clear that the proposed 

approach is more accurate than the other approaches. The overall precision attained by the 

proposed model is 98.96%, recall is 99.52%, F1-score is 99.34%, accuracy is 99.13%, 

error rate is 0.87% and AUC is 98.96% whereas, the compared models developed by 

Emon et al., [175] Gupta and Muthiah [176], Nandyal and Kattimani [177] and 

Premaratne et al., [178] attained 92.62%, 96.75%, 84.57% and 96.21% of precision, 

94.75%, 97.28%, 81.28% and 91.88% of recall, 94.57%, 97.14%, 82.98% and 94.11% of 

F1-scores, 93.86%, 97.56%, 83.10% and 90.82% of accuracy, 6.14%, 2.44%, 16.9% and 

9.18% of error rates and 92.89%, 96.52%, 81.05% and 91.22% of AUC values 

respectively. 

The proposed model outperformed the existing approaches in highlight generation from 

the quantitative analysis. Compared to the other approaches, the error rate of the proposed 

model is very low. Due to the effective training of the model, it achieved an accuracy rate 

of 99.13% whereas, the models developed by the other researchers are not capable of 

generating better highlights when implemented with this dataset. The model's error rate 

developed by Nandyal and Kattimani [177] is slightly higher than the other approaches as 

it included non-informative frames in the highlights. The models by Emon et al. [175] and 

Premaratne et al. [178] provided almost equal error values. 
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In general, the sports broadcasting channel generates video highlights containing some 

unusual events, such as uncertainties in the matching field. The uncertainties like a strong 

wind, streakers, player fighting, and arguments between umpire and players are not 

considered for event classification. These activities are rarely happening in the matching 

field. Thus the proposed method adopts certain labeled samples for training these unusual 

events from the matching field. However, these video samples are very difficult to collect 

and differ for different categories. Hence, it restricts the proposed framework for ever-

changing classes. Thus in the future, the proposed summarization approach is designed 

with zero-shot learning (ZSL) for recognizing new categories without the need for labeled 

training data.  

4.8 Summary  

The cricket video recorded from the matching field comprises all the events happening 

during the match. That consumes viewers' time because no one is interested in watching 

boring events such as non-excitement events. Hence, the summarization of cricket events 

plays an important role in sports video analysis, representing only the interesting events 

from the entire video. At the same time, automatic cricket videos summarization is 

essential for filtering out the important events. Thus a hybrid machine learning approach 

is proposed that combines speech to text recognition and umpire gesture recognition. The 

combination of both the umpire gesture recognition and speech-to-text recognition makes 

the proposed method more efficient than the existing methods. Because the existing 

method either recognizes the scorecard region or the umpire gesture recognition. Thus the 

performances of the existing methods are not satisfied that failed to produce an efficient 

output. The proposed method analyses the excitement, object-oriented, and event-based 

features to detect key events from the entire video. Initially, the audio content is extracted 

from the video clip by considering the adaptive threshold and speech-to-text recognition 

framework with SGRNN-AM. The proposed SGRNN-AM method adopts both the RNN 

with SG network structure. And the scenes in the clips are classified by adopting the HRF-

DBN, and the features are extracted from the deep scorecard region of each keyframe and 

umpire action recognition frame. That provides efficient learning of the cricket video 

extracting important features. Due to the learning of hidden networks in DBN, the 

proposed method provides a highly efficient classification of clips. 



144 
 

At last, the SGRNN-AM model is proposed for detecting the exciting events, including 

four, six, and wickets. The performance of the proposed method is examined by the 

performance measures of accuracy, precision, recall, F1 score, and error rate. Moreover, 

the classifier's performance is compared with the existing methods of alexnet CNN, 

transfer learning with alexnet CNN, and the decision tree approach. And from the result 

analysis, it is verified that the proposed HRF-DBN classifier provides high precision, 

accuracy, recall, F1 score, and lower error rate than existing methods. Thus it is observed 

that the proposed method is highly efficient when compared with the existing classifiers. 

The overall effectiveness of the proposed method is improved by adopting HRF-DBN for 

shot classification. The SGRNN-AM is used to detect excitement clip and summarization, 

and the performance of the SGRNN-AM is evaluated with the existing methods such as 

SVM, ELM, decision tree classifier, Alexnet CNN and SGRNN-AM. By analyzing the 

results, it is demonstrated that the proposed method improves the performance by attention 

models in the hidden output of GRU. Moreover, the proposed SGRNN provides a lower 

loss rate and higher accuracy. The performance of the suggested technique has been 

approved on various collections of cricket videos. It achieved a precision of 96.82% and 

an accuracy of 96.32% which proves its effectiveness. Moreover, the proposed model 

detects 23 exciting events from the inputted cricket video. It is also proved in the quality 

analysis that the proposed model is capable of detecting 23 out of 25 exciting events such 

as 11 fours, 2 sixes and 10 wickets. Both the proposed frameworks deal with automatic 

generation of cricket highlights using effective hybrid learning models. The major 

contribution of the works is to combine both the excitement and event driven features  to 

obtain accurate and efficient highlights. In the excitement detection speech to text 

framework is used with SGRNN makes this proposed algoritham unique compared to 

other. The proposed frameworks are capable of presenting crucial information in the 

highlights that results in higher level of correlation with the channel-based highlights. 

Compared to most of the existing methodologies, the proposed frameworks are efficient 

in selecting the exciting clips for highlight generation. Also, the proposed works are more 

elaborated and into the essence of producing cricket highlights than the other works based 

on cricket highlight generation. 
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CHAPTER 5 

CONCLUSION AND FUTURE WORK 

 

5.1 Conclusion 

Cricket is a popular sport played in the field by two teams with eleven members on each 

team. It has many fans and viewership around the world. Nowadays, cricket matches are 

viewed and shared internationally through live satellite broadcasting. However, cricket is 

generally a long, complex game with more rules than other games like soccer, hockey, etc. 

So, due to its complex rules maximum range of events will be significantly based on the 

specific factors. 

Further, due to the emergence of many sports, it has been difficult for the viewers to watch 

every news by consuming more time on cricket matches. Therefore, the process of cricket 

video highlight generation is necessarily required, and it has been considered as a 

significant research area due to its commercial importance and high viewership. Cricket 

highlight generation is defined as a process in which full-length video can be summarized 

into a shortened form by preserving the significant moments found in the original video. 

Many existing methods such as BBN, event-driven based non-learning model, unique 

algorithms, etc., have been introduced recently based on event and excitement driven. 

However, the event-driven model needs a long duration for generating the highlight, and 

the excitement has driven, or other approaches take less duration. Still, it minimizes the 

efficiency since the existing methods use fewer annotation models and visual semantic 

concepts.  

Therefore, considering the above limitation, an efficient cricket highlight generation 

model, HDNN-EPO, has been introduced using meaningful semantic concepts. In the 

HDNN-EPO model, the key events are extracted initially by employing low-level features: 

skin tone, jersey color, edge density, and field. The exciting moments are described based 

on the spectator's applause, shouting, and cheering. The Hue histogram difference between 

the neighbors' frames is computed to identify each exciting clip's short boundaries or 
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keyframes. So that the complexities in the computation time can be reduced, further, the 

scorecard regions can be located for differentiating the replay frames from the real frames. 

Then, low-level features such as edge and color have been extracted to recognize fielders, 

players gatherings, batsmen, spectators, pitch view, and umpires and pitch view. 

Moreover, boundaries, disputes, wickets, injuries, etc., can be identified using an action 

recognizer. The action recognition process and low-level feature extraction algorithm are 

used to mine the events from each exciting clip. The HDNN-EPO method is employed for 

specific exciting clips to label the concept and arrange the selected clips in temporal order 

to generate the highlight. The performance is evaluated in terms of accuracy, precision, 

and recall. Finally, better outcomes of 93.71% accuracy, 93.43% precision, and 92.46% 

recall have been achieved efficiently. 

However, the HDNN-EPO model requires more optimal features to train and classify the 

input for better accuracy properly. Therefore, to enhance the accuracy and minimize the 

computation complexity, there is a need for training through meaningful data. So, a hybrid 

machine learning method is introduced for automatically detecting key events and 

summarizing cricket videos. The hybrid model examines events, objects, and excitement 

based on the cricket video to find the key event. First, the audio contents are examined by 

a speech-to-text framework, adaptive threshold (i.e. binarization), and SGRNN-AM to 

extract the exciting clips. Then, HRF-DBN is introduced to classify the scenes of every 

exciting clip. Subsequently, the action and character features from the scorecard region of 

every umpire frame and keyframes of exciting clips are extracted. Eventually, the key 

events such as wickets, sixes, and four are detected by employing the SGRNN-AM model. 

Moreover, accuracy is enhanced by using the attention module in the hidden output of 

GRU to choose the most important features. As a result, the proposed hybrid model has 

achieved 96.32% accuracy, 96.82% precision, 95.41% recall, and 95.97% F1-score. 

5.2 Future work 

The proposed method is introduced by employing a genetic algorithm 

and DenseNet approach to enhance the classification accuracy. Further, to improve 

the accuracy, other features such as static and dynamic features will also be included. 

Then, to get video highlight generation with high efficiency, non-uniform and 

reinforcement learning have been infused. Many semantic concepts, including the type of 

hit, wide ball, 
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no ball, type of wicket, etc., have been considered. The proposed model will be voluntarily 

utilized for media database management applications where some operations like logging, 

retrieval, indexing, etc., can take advantage by extracting the meaningful semantic concept. 

Besides, hierarchical methods have also been utilized to recognize the video type and 

combine it with other applications and experiments on close remake detection and cricket 

delivery detection. Finally, more efforts have been put into practice utilizing the proposed 

model that assists modern media organizations in real-time. 
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