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ABSTRACT 

Broadcasters generate a huge amount of sports videos due to massive viewership all over the world. 

Analysis and consumption of this huge repository urges the broadcasters to apply video summarization 

to extract exciting segments of a full-duration video and reap storage and transmission benefits. 

Summarization of sports videos is a challenging task due to variations in camera orientation, illumination 

conditions and game structure, background noise in audio stream, editing effects introduced by the 

broadcasters, etc. This thesis work focuses on developing reliable methods for shot classification, replay 

detection, key-events detection, and used them for video summarization. More specifically, shot 

boundary detection and classification is proposed to partition the sports videos into small segments that 

are convenient to process further for summarization. Shot classification is used to bridge the semantic 

gap between the low-level features and high-level events. A decision tree based architecture is designed 

to classify the sports videos into various shots. Rule-based induction is applied to determine the most 

reliable rules that are least unpredictable for shot classification. Robustness of the proposed method has 

been evaluated for camera variations, game structure, sports genre, illumination conditions, broadcaster’s 

category, etc.  

Replays are used to show exciting segments in the full-length sports videos. For replay detection, the 

proposed work uses the following facts: (i) broadcasters introduce gradual transition effect both at the 

start and at the end of a replay segment, and (ii) absence of score-captions in a replay segment. In light 

of the above a dual-threshold method is applied to detect the gradual transition frames from the input 

video that are further processed to identify score-captions. Score-caption detection complements the 

gradual transition detection phase, therefore, the combination of both enhances the accuracy of replay 

detection and video summarization. The proposed replay method addresses the limitations of 

contemporary methods and robust to camera variations, replay speed, score-caption design, size and 

placement, illumination conditions, computational complexity of logo frame detection, sports genre, 

game structure, broadcasters, etc.  

In the next phase, a hybrid method is proposed for excitement and key-events detection for sports 

video summarization. For excitement detection, high pitch rate and low pause rates are identified from 

the audio stream of input video to detect the possible candidates of excited audio clips. SVM based 

classification is then performed on these candidate audio clips to detect the excited audio clips. 

Excitement detection phase reduces the search space of key-frame detection. The corresponding video 

frames of the excited audio clips are further analyzed by creating a decision tree to classify various key-

events in the input video. For each key-event, a video skim is generated and arranged in a chronological 

order to generate the summarized video. The experimental results demonstrate the effectiveness of the 

proposed method. Experimental results also indicate the proposed method can reliably be applied to 

summarize the long-duration sports videos to broadcast over the low-bandwidth networks and 

transmission with time constraints.  



 

 

RESEARCH PUBLICATIONS 

 

Some part of the work have previously been published and rest is submitted. 

Table 0.1: List of Publications  

 

Ali Javed, Khalid Bashir Bajwa, Hafiz Malik, Aun Irtaza. “An Efficient Framework for 

Automatic Highlights Generation from Sports Videos, IEEE Signal Processing Letters, Vol. 

23, Issue. 7, 2016. (IF: 1.7).  

Ali Javed, Khalid Bashir Bajwa, Hafiz Malik, Aun Irtaza. “A Hybrid Approach for 

Summarization of Cricket Videos, published in IEEE International Conference on Consumer 

Electronics-Asia, ICCE-Asia, 2016.  

Ali Javed, Khalid Bashir Bajwa, “Event Driven Video Summarization for Cricket, accepted 

for Publication in IEEE Future Technologies Conference, California USA, Dec, 2016.  

Ali Javed, Aun Irtaza, Khalid Bashir Bajwa, Hafiz Malik, Muhammad Tariq Mahmood. “A 

Multimodal Framework for Summarization of Sports Videos, submitted in IEEE Transactions 

on Circuits Systems and Video Technology. (IF: 2.3).  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

Table of Contents 
 

ACKNOWLEDGEMENTS ........................................................................................................... vii 

ABSTRACT ................................................................................................................................... viii 

RESEARCH PUBLICATIONS ......................................................................................................... ix 

1. INTRODUCTION .................................................................................................................. 2 

1.1 Background and Motivation ............................................................................................... 2 

1.2 Challenges in Sports Video Summarization ....................................................................... 3 

1.3 Research Objectives ........................................................................................................... 6 

1.4 Approaches ......................................................................................................................... 7 

1.4.1 A decision Tree Architecture for Shot Classification of Sports Videos ..................... 7 

1.4.2 Replay Detection Framework for Automatic Highlights Generation ......................... 7 

1.4.3 A Multimodal Approach for Video Summarization .................................................. 8 

1.5 Contributions ...................................................................................................................... 8 

1.5.1 An Effective Framework for Shot Classification ....................................................... 8 

1.5.2 A Robust Replay Detection Framework for Sports Video Summarization................ 8 

1.5.3 An Efficient Multimodal Framework for Sports Video Summarization .................... 9 

1.6 Thesis Outline ..................................................................................................................... 9 

2. LITERATURE REVIEW ..................................................................................................... 12 

2.1. Video Summarization Classes .......................................................................................... 20 

2.1.1 Static Video Summarization .................................................................................... 20 

2.1.2 Dynamic Video Summarization ............................................................................... 21 

2.2. Feature Categories ............................................................................................................ 22 

2.2.1 Visual Descriptors .................................................................................................... 22 

2.2.2 Textual Descriptors .................................................................................................. 24 



 

 

2.2.3 Audio Descriptors .................................................................................................... 25 

2.3. Shot boundary detection and Classification ...................................................................... 27 

2.3.1 Shot Boundary Detection ......................................................................................... 27 

2.3.2 Shot Classification ................................................................................................... 28 

2.4. Automated vs User Operated/Driven Summary ............................................................... 31 

2.4.1 Automated Summaries ............................................................................................. 31 

2.4.2 User Operated/Driven Summary .............................................................................. 32 

2.5. Content Driven Summarization ........................................................................................ 33 

2.5.1 Feature Driven Summaries ...................................................................................... 33 

2.5.2 Object Driven Summaries ........................................................................................ 34 

2.5.3 Event Driven Summaries ......................................................................................... 34 

2.5.4 User Emotions Driven Summaries ........................................................................... 35 

2.6. Summarization Techniques .............................................................................................. 36 

2.6.1 Learning-based Summarization techniques ............................................................. 37 

2.6.2 Non-Learning-based Summarization techniques ..................................................... 37 

2.7. Replay-based Video Summarization ................................................................................ 38 

2.8. Evaluation Techniques for Video Summarization ............................................................ 41 

2.8.1 Objective Evaluation ................................................................................................ 41 

2.8.2 Subjective Evaluation .............................................................................................. 44 

2.8.3 Dataset ..................................................................................................................... 46 

2.9. Discussion ......................................................................................................................... 47 

3. SHOT CLASSIFICATION FOR SPORTS VIDEOS ........................................................... 50 

3.1 Shot Boundary Detection .................................................................................................. 52 

3.2 Shot Classification ............................................................................................................ 54 

3.2.1 Grass and Pitch Field Detection ............................................................................... 54 



 

 

3.2.2 Feature Extraction for Shot Classification ............................................................... 55 

3.2.3 Decision Tree Framework for Shot Classification ................................................... 58 

3.3 Performance Evaluation.................................................................................................... 65 

3.3.1 Dataset ..................................................................................................................... 65 

3.3.2 Experimental Results ............................................................................................... 65 

3.4 Discussion ......................................................................................................................... 70 

4. REPLAY DETECTION FRAMEWORK FOR AUTOMATIC SPORTS HIGHLIGHTS ... 73 

4.1 Gradual Transition (GT) Detection ................................................................................... 75 

4.1.1 Candidate Replay Segment (RS) Detection ............................................................. 76 

4.2 Score-Caption Detection ................................................................................................... 77 

4.2.1 Preprocessing ........................................................................................................... 77 

4.2.2 Temporal Running Averaging ................................................................................. 78 

4.2.3 Image Binarization ................................................................................................... 78 

4.2.4 Morphological Thinning .......................................................................................... 78 

4.2.5 Score-caption Contents Recognition using Optical Character Recognition ............. 79 

4.3 Performance Evaluation.................................................................................................... 80 

4.3.1 Dataset ..................................................................................................................... 80 

4.3.2 Experimental Results ............................................................................................... 81 

4.4 Discussion ......................................................................................................................... 90 

5. A MULTIMODAL SUMMARIZATION APPROACH FOR SPORTS VIDEOS ............... 93 

5.1 Excitement Detection........................................................................................................ 96 

5.1.1 Preprocessing ........................................................................................................... 97 

5.1.2 Audio Enhancement ................................................................................................. 97 

5.1.3 Rule-based Induction for Excited Clip Detection .................................................... 99 

5.1.4 Feature Extraction .................................................................................................. 101 



 

 

5.1.5 Classification: Support Vector Machine (SVM) .................................................... 104 

5.2 Key-Event Detection ...................................................................................................... 108 

5.2.1 Preprocessing ......................................................................................................... 109 

5.2.2 Score-Caption Detection ........................................................................................ 110 

5.2.3 Score-caption Enhancement ................................................................................... 110 

5.2.4 Decision Tree Classification for Key-Event Detection .......................................... 111 

5.2.5 Video Summarization ............................................................................................ 113 

5.3 Results ............................................................................................................................ 115 

5.3.1 Dataset ................................................................................................................... 115 

5.3.2 Performance Evaluation ......................................................................................... 115 

5.4 Discussion ....................................................................................................................... 123 

6. CONCLUSION AND FUTURE WORK ............................................................................ 126 

6.1 A Decision Tree Approach for Shot Classification of Sports Videos ............................. 126 

6.1.1 Future Work ........................................................................................................... 127 

6.2 Replay Detection Framework for the Summarization of Sports Videos ......................... 127 

6.2.1 Future Work ........................................................................................................... 128 

6.3 A Multimodal Approach for Sports Video Summarization ............................................ 128 

6.3.1 Future Work ........................................................................................................... 129 

6.4 Summary ......................................................................................................................... 129 

References ...................................................................................................................................... 130 

 

 

 



 

 

List of Figures 

Figure 1.1. Top Row: Day Light sports video snapshots, Bottom Row: Artificial Light sports video 

snapshots ............................................................................................................................................. 3 

Figure 1.2. Top Row: Front/Side Camera View, Bottom Row: Back Camera View .......................... 4 

Figure 1.3. Row-1: Logo Design Variation, Row-2: Gradual Transitions (Wipes, Dissolve), Row-3: 

Score-caption Design and Placement Variation .................................................................................. 5 

Figure 2.1. Classification of video summarization techniques ......................................................... 13 

Figure 2.2. Sports Video Summarization Framework ...................................................................... 15 

Figure 2.3. Visual Features ............................................................................................................... 23 

Figure 2.4. Textual Features ............................................................................................................. 25 

Figure 2.5. Audio Features ............................................................................................................... 26 

Figure 2.6. Shot Boundary Detection and Classification .................................................................. 30 

Figure 2.7. Block Diagram of Proposed Replay Detection Method [51] .......................................... 40 

Figure 3.1. Process Flow of Proposed Shot Boundary Detection ..................................................... 53 

 Figure 3.2. Shot Boundary Detection for Soccer (Row-1), Baseball (Row-2), and Cricket (Row-3) 

Videos ............................................................................................................................................... 53 

Figure 3.3. Histogram Peak Analysis for Ground Field Pixels and Pitch Field Pixels of Cricket (Row-

1), Baseball (Row-2), and Soccer (Row-3) Videos........................................................................... 55 

Figure 3.4. Decision Tree Architecture for Shot Classification ........................................................ 60 

Figure 3.5. Row-1: Long shots for cricket, Row-2: Long shots for baseball, Row-3: Long shots for 

soccer ................................................................................................................................................ 61 

Figure 3.6. Row-1: Medium shots for cricket, Row-2: Medium shots for baseball, Row-3: Medium 

shots for soccer ................................................................................................................................. 62 

Figure 3.7. Row-1: Close-up shots for cricket, Row-2: Close-up shots for baseball, Row-3: Close-up 

shots for soccer ................................................................................................................................. 63 

Figure 3.8. Row-1: Out-of-field shots for cricket, Row-2: Out-of-field shots for baseball, Row-3: Out-

of-field shots for soccer .................................................................................................................... 64 

Figure 3.9. Snapshots of Dataset, Row 1: Cricket, Row 2: Soccer, Row 3: Baseball ....................... 65 

Figure 3.10. Precision and recall rate statistics of the proposed system ........................................... 66 

Figure 3.11. Error and Accuracy rate statistics of the proposed system ........................................... 67 



 

 

Figure 3.12. F-1 Score for Cricket, Soccer, and Baseball ................................................................. 68 

Figure 3.13. Precision and Recall rates statistics of proposed and existing systems ........................ 68 

Figure 4.1. Process Flow of the Proposed System ............................................................................ 75 

Figure 4.2. GT frames of a cricket replay ......................................................................................... 77 

Figure 4.3. Top Row: Start GT Frames, Bottom Row: End GT frames ........................................... 77 

Figure 4.4. Snapshots of dataset for Cricket, Tennis, Baseball and Basketball ................................ 81 

Figure 4.5. Precision and recall rate statistics of the proposed system ............................................. 82 

Figure 4.6. Error and Accuracy rate statistics of the proposed system ............................................. 83 

Figure 4.7. F-1 Score for Cricket, Tennis, Baseball, and Basketball ................................................ 83 

Figure 4.8. Precision and Recall rates statistics of proposed and existing systems .......................... 85 

Figure 4.9. ROC curves for Replay Detection  of cricket, tennis, baseketball, and baseball videos . 87 

Figure 4.10. ROC curves for Replay Detection  of Sports videos .................................................... 88 

Figure 4.11. Score-caption Design and Placement for Cricket, Tennis, Baseball, Baseketball ........ 89 

Figure 5.1.  Block Diagram of the Proposed System ........................................................................ 96 

Figure 5.2. Process Flow of the Proposed Excitement Detection Framework .................................. 98 

Figure 5.3. (a) Cost Function for Excited Class, (b) Cost Function for Non-Excited Class ........... 106 

Figure 5.4. (a) Projection of feature vector x(i) with two features over the parameter vector θ, (b, c) 

Sample separating hyperplanes ....................................................................................................... 107 

Figure 5.5. Process Flow of Proposed Event Detection Framework............................................... 109 

Figure 5.6. Decision Tree for Key-Events Classification ............................................................... 113 

Figure 5.7. Snapshots of dataset ..................................................................................................... 115 

Figure 5.8. Excited Audio Clips Detection results for Cricket Videos. .......................................... 117 

Figure 5.9. (a) Excitement Detection without Feature Normalization and FDR, (b) Excitement 

Detection with Feature Normalization and without FDR, (c) Excitement Detection with FDR and 

without Feature Normalization, (d) Excitement Detection with Feature Normalization and FDR. 117 

Figure 5.10. Objective evaluation statistics of boundary, six, wicket, and replay events ............... 118 

Figure 5.11. Precision and Recall evaluation of proposed and existing systems ............................ 120 

Figure 5.12. Accuracy and Error evaluation of proposed and existing systems ............................. 120 

Figure 5.13. Score-caption Design and Placement for Cricket Videos ........................................... 122 

 



 

 

List of Tables 

Table 0.1: List of Publications ........................................................................................................... ix 

Table 2.1. Classification of Video Summarization ........................................................................... 16 

Table 2.2. Abbreviations ................................................................................................................... 19 

Table 2.3. Shot boundary detection and shot classification Techniques ........................................... 30 

Table 2.4. Evaluation Techniques ..................................................................................................... 45 

Table 3.1. Shot Classification Results for Cricket, Soccer, and Baseball ......................................... 67 

Table 3.2. Performance Comparison of proposed and existing state-of-the-art systems .................. 69 

Table 3.3. Confusion Matrix Analysis of the Proposed Shot Classification Method ........................ 69 

Table 3.4. Entropy for decision rule of shot classification ............................................................... 70 

Table 4.1. Proposed Replay Detection Algorithm ............................................................................ 80 

Table 4.2. Replay Detection Results for Cricket, Tennis, Baseball and Basketball .......................... 84 

Table 4.3. Performance Comparison of proposed and existing state-of-the-art systems .................. 86 

Table 4.4. Confusion Matrix Analysis of the Proposed Replay Detection Method .......................... 86 

Table 4.5. Detection Performance of Replay Events for Camera Angle Variations ......................... 88 

Table 4.6. Detection Performance of Replay Events for SC Design and Placement ........................ 89 

Table 5.1. Description of Feature Vectors ...................................................................................... 104 

Table 5.2. Proposed Excitement Detection Algorithm ................................................................... 108 

Table 5.3. Proposed Key-Event Detection Algorithm .................................................................... 114 

Table 5.4. Key-Event Detection results for Cricket Videos. ........................................................... 118 

Table 5.5. Performance Comparison with existing systems ........................................................... 119 

Table 5.6. Entropy for decision rule of key-events ......................................................................... 121 

Table 5.7. Confusion matrix analysis of the Proposed Video Summarization Method .................. 122 

Table 5.8. Detection Performance of Key-Events for SC Design and Placement .......................... 122 

Table 5.9. Detection Performance of Key-Events for Camera Angle Variations ........................... 123 



1 | P a g e  

 

CHAPTER 1 

 

 

 

 

 

 

 



2 | P a g e  

 

1.  INTRODUCTION 

1.1   Background and Motivation 

Technological advancement in digital image and video acquisition devices led to the 

development of wide range of these equipment’s and hence it became universally available. 

Computing machines have seen an amazing transformation, and have become faster, smaller, 

and economical. The conventional low-speed internet has shifted to the fast-paced mobile 

internet with massive evolution in bandwidth capacity. Significant progression in the 

computing devices and internet have motivated the broadcasters to generate vast amount of 

multimedia content on the cyberspace.  

Videos are one of the most significant part of the multimedia content due to the rich and 

embedded information of audio, visual, and textual features. Synchronization of audio, visual, 

and textual features in a video conveys useful information to the viewers. Beside the 

commercial sources of video content production and sharing, each user now contributes heavily 

towards video content capturing and sharing on the cyberspace. Thus we have witnessed an 

exponential growth in video generation, transmission, and processing. Analysis of such massive 

video content in an automatic way is an open area of research that has always motivated the 

researchers to propose novel, and effective solutions for multimedia content management [1-

4].  

Video summarization approaches are used to address the challenges associated (discussed 

in section 1.2) with the analysis and consumption of videos by generating an abstract 

representation of a full-length video. Video summarization approaches have been proposed for 

various domains such as sports [2, 5, 13], surveillance [86, 117], healthcare [84, 118], media 

[120], and education [136], etc.  

Sports broadcasters generate an enormous amount of live and recorded broadcasts of various 

games. Busy modern day life makes it difficult for the viewers to watch games of full duration, 

therefore, sports highlights are very popular these days among the viewers. Sports highlights is 

also one of the major source of business for sports broadcasting media houses. Manual 

highlights generation is a taxing activity, therefore, video content analysis [165] and 

summarization techniques [39] are applied over the sports videos to detect game events and 

sections of the user interest. 

This thesis presents a research work that consists of shot boundary detection and 

classification, replay detection for automatic video summarization, excitement and key-events 

detection for user driven video summarization of sports videos explicitly. The proposed 

framework uses a combination of features acquired from multiple modalities (audio, visual, and 

textual) to develop the aforementioned components (i.e. shot classification, replay detection, 

key-events detection, etc.) for the summarization of sports videos. 
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1.2    Challenges in Sports Video Summarization 

Summarization of sports videos is a challenging task due to the following reasons:  

1) Sports videos are recorded in an uncontrolled environment and illumination conditions 

(i.e. daylight, artificial light) that make it difficult to analyze the visual and textual 

content (i.e. score-captions). Visual features in sports videos, specifically, color (i.e. 

grass pixel color, pitch pixel color, players kit colors, etc.) exhibits significant variation 

due to illumination variation. The variation in illumination between the day light and 

artificial light changes the color of visual content (i.e. grass, pitch, etc.) in the sports 

videos. This significantly reduces the accuracy of key-events detection for video 

summarization. Sports videos contain the score-caption that presents valuable 

information of the game that can be analyzed to detect the key-events. The variation in 

illumination conditions in sports videos makes it difficult to successfully detect the 

score-caption. As shown in Figure 1.1, top row present the snapshots of sports videos 

recorded in day light, whereas the sports videos snapshots recorded in artificial lights 

are presented in the bottom row. 

 

Figure 1.1. Top Row: Day Light sports video snapshots, Bottom Row: Artificial Light sports video 

snapshots 

2) Each sports category possess context-dependent attributes i.e. game structure, multiple 

camera views, etc., that make it hard to analyze multiple sports for video 

summarization. Each sport category has unique game structure and rules as compared 

to others. The large amount of variation in the game structure of various sports 

introduce numerous challenges in terms of key-events detection for video 

summarization. Broadcasters display the same shot in sports videos by different 

cameras that display the same scene from different orientations. As shown in Figure 

1.2, same scene of various sports videos are captured from multiple camera views.  
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Figure 1.2. Top Row: Front/Side Camera View, Bottom Row: Back Camera View 

 

3) Sports videos always contain the background noise that introduce various challenges 

in processing the audio stream of the input sports videos. Since the excitement in 

commentary and audience cheers is correlated with the key-events occurred in any 

sports video, therefore, audio stream of the sports videos can be analyzed to detect the 

excited segments. Excitement detection can be used to detect the significant events in 

the sports videos.  The video frames corresponding to the excited audio clips (i.e. audio 

stream that contains excitement) can be used to generate the summarized video. The 

background noise (i.e. siren and music play in the crowd, etc.) in sports videos degrade 

the accuracy of successful detection of the excited segments. To reduce the effect of 

background noise in the audio stream of sports videos, a pre-processing stage is usually 

required in the summarization frameworks for sports videos. Pre-processing helps to 

minimize the background noise to a certain extent but inevitably some background 

noise still exists in the audio stream of the sports videos. During the pre-processing 

stage we have to deal with the background noise that exists in the audio stream even 

after filtering.   

4) Broadcasters use distinct styles of editing effects (i.e. gradual transitions, logos, 

textual displays, replay structure, replay speed, etc.) in the sports videos, which pose 

many challenges to detect the key-events for video summarization. Since broadcasters 

use replay segments to display the significant events occurring in the game in slow- 

motion, therefore, replay detection is an important step for video summarization. 

Replay detection approaches based on logo detection [110-111] are highly dependent 

on the design and the size of logos. Moreover these approaches require extensive 

computational cost of classifier training on various designs and sizes of logos. Replay 

detection approaches [2, 106] based on slow-motion detection are dependent on the 

replay speed. Some broadcasters use different replay speeds to display a replay segment 

(i.e. display some part of a replay segment in extremely slow speed and rest of the 



5 | P a g e  

 

replay in normal slow-motion speed). These approaches depend on the homogeneity of 

slow-motion speed for entire replay. The accuracy of these techniques degrades 

significantly in case of a variation in the replay speed introduced by the broadcasters. 

Broadcasters capture and display the sports matches from various cameras that capture 

the scene from different angles. To address the aforementioned issues, there is a need 

to propose effective methods for video summarization that are independent of 

variations in gradual transitions, camera angle, replay speed, design and placement of 

score-caption and logos, etc. Shown in Figure 1.3 are the snapshots of the sports videos 

dataset created for the performance evaluation of the proposed methods. The snapshots 

of the dataset clearly depict the challenges associated with the variations in logo design, 

gradual transitions, and score-caption design and placement. 

 

Figure 1.3. Row-1: Logo Design Variation, Row-2: Gradual Transitions (Wipes, Dissolve), Row-3: 

Score-caption Design and Placement Variation 

 
5) One of the big challenges in video summarization applications is computational 

complexity of processing the huge amount of video frames. Video summarization 

methods contain various operations that are performed on each frame to generate the 

summary. The complexity of processing one frame is ( )O R C  and for a video with 

a frame rate of 25 fps the computational cost increases significantly. Sports videos, 

particularly, cricket are very challenging to address for summarization due to long 

duration of the game. In a test match format of cricket, game can last for 5 days (i.e. 40 

hours app.). For a video of 25 fps, a 40 hour of cricket video contains 3.6 million 

frames. The processing of such a massive video content increases the computational 
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cost of summarization methods. Hence, there exists a dire need to design efficient 

summarization methods for sports videos comprising millions of frames.  

1.3   Research Objectives 

This research focuses on exploring the techniques for shot boundary detection with 

classification, replay, and key-events detection for video summarization. Video summarization 

is commonly used to present a concise representation of a full-length video that consists of key-

events. The objective is to develop techniques that are robust to editing effects, illumination 

conditions, background noise, game structure, and computational cost. 

Shot boundary detection is commonly used to partition the input video into various shots to 

make it convenient for further processing. Shot classification is useful to bridge the semantic 

gap between low-level features and high-level events that can be further used for video 

summarization.  

Replays are used by the sports broadcasters to display the significant events occurred in the 

game in slow-motion. Replays are commonly used in sports video analysis for highlights 

generation to focus on important events in the game. One of the main objective of this thesis is 

to develop an efficient technique to detect the replays for multiple sports and use them for video 

summarization.   

As described earlier, the objective of video summarization is to present a brief representation 

of a full-length video that consist of key-events that occurred in the game. Therefore, key-events 

detection is essential for effective video summarization. Key-events detection becomes a 

challenging task when sports videos are of huge size, like in cricket, where a video can prolong 

up to approximately 40 hours (3.6 million frames). Therefore, for key-events detection this 

thesis investigate the ways of finding the key-events in long duration sports videos and 

particularly focuses on cricket, as the cricket is known as a game with longest match duration. 

For this the apparent patterns available in cricket videos are examined for concise video 

generation. Moreover, the correlations among the visual, audio, and textual features are 

identified which are used in combination to develop an effective method for video 

summarization. 

Major objectives of this thesis are to design, implement, and evaluate the following topics: 

 Shot classification by designing an effective scheme for sports videos. 

 Efficient replay detection method to generate the summarized videos. 

 Key-events detection and video summarization for long duration sports videos 
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1.4    Approaches 

In this thesis, approaches for shot classification, replay detection, excitement and key-events 

detection for sports video summarization have been proposed. The overview of the proposed 

approaches is presented in this section.  

1.4.1 A decision Tree Architecture for Shot Classification of Sports Videos 

A decision tree architecture is being proposed for shot classification of the sports videos. Shot 

boundary detection is performed by histogram difference comparison. Each video shot is 

further processed and classified into long, medium, close-up, and out-of-field shots. Visual 

features consisting of grass field pixel ratio, pitch field pixel ratio, edge pixel ratio, histogram 

of oriented gradients, Haar features, and object scale are used to design a decision tree 

framework for shot classification. Rule-based induction is applied to find most reliable rules 

that are effectively used to classify various shots of the input sports videos. The proposed shot 

classification method is robust to camera variations, game structure, sports genre, video length, 

broadcasters, and illumination conditions. A diverse dataset of three different sports genre of 

different lengths and illumination conditions is created for performance evaluation. The 

proposed method provides superior performance in terms of shot classification as compared to 

contemporary methods and addresses the above-mentioned limitations in a better way. 

1.4.2 Replay Detection Framework for Automatic Highlights Generation 

A replay detection framework based on detecting the gradual transitions and score-captions in 

the sports videos is proposed to perform robust replay detection against the game structure, 

illumination conditions, score-captions type and placement, and broadcasters editing effects 

(i.e. gradual transitions, replay speed, camera variations, etc.). The proposed method is 

implemented in two stages. In the first stage, a dual-threshold-based method is applied to detect 

the gradual transitions that are used to extract the candidate replay segments. These candidate 

replay segments are processed further in the second stage to successfully classify between the 

replay and live video frames. Temporal running average is applied to detect the score-captions 

in the input sports videos. Optical character recognition is applied to recognize the characters 

of score-caption that also confirms the presence or absence of score-caption in the given video 

frame. The absence/presence of the score-caption in a frame corresponds to replay/live frame 

labeling. Performance of the proposed framework is evaluated on the diverse video dataset of 

four different sports genre of various broadcasters that contains all of the above-mentioned 

limitations. The proposed replay detection method successfully detect the replays in presence 

of the aforementioned limitations and use them for video summarization. 
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1.4.3 A Multimodal Approach for Video Summarization 

An excitement and key-events detection method is proposed in this thesis to summarize long 

duration sports videos i.e. cricket. A hybrid method is proposed for excitement detection. In the 

first step, pitch of the audio stream is analyzed to detect the possible candidates of the audio 

segments that contains excitement. In the second step, acoustic features are extracted in the 

form of feature vectors from these candidate excited segments, and fed into SVM classifier to 

detect the audio clips that contains the excitement (excited audio clips). The excited video 

frames are used as an input for key-events detection method. A decision tree architecture is 

proposed to detect the key-events that are then used to generate a user driven video summary. 

The proposed method is superior in performance as compared to existing state-of-the-art 

methods in terms of video summarization 

1.5   Contributions 

The major contribution of this thesis are as follows: 

1.5.1 An Effective Framework for Shot Classification 

 An effective decision tree architecture is proposed for shot classification of sports 

videos.  

 Rule-based induction is applied to create various rules from the decision tree to classify 

the video shots into long, medium, close-up, and out-of-field shots.  

 One of the contribution of the proposed work is to find the most reliable rules that are 

least unpredictable for shot classification of the sports videos.  

 Shot classification that is robust to variations in camera orientation and illumination 

conditions, game structure, video length, broadcasters, etc.  

 A dataset of three different genre of sports is created that is diverse in terms of length, 

quantity, broadcasters, and illumination conditions, and publically available [153].  

1.5.2 A Robust Replay Detection Framework for Sports Video Summarization 

 A novel replay detection framework [51] is proposed to address the limitations of 

contemporary methods i.e. camera variations, computational complexity of logo frame 

detection, game structure, illumination conditions, replay speed, broadcasters, sports 

genre, (logo and score-captions) design, size, and placement, etc.  

 Search space reduction of replay frames by identifying the gradual transitions for 

efficient replay detection. 

 The proposed method is robust to camera variations, computational complexity of logo 

frame detection, game structure, illumination variations, sports category, broadcasters, 

replay speed, (logo and score-captions) design, size, and placement, etc.  
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1.5.3 An Efficient Multimodal Framework for Sports Video Summarization 

 An efficient multimodal framework based on excitement and key-events detection is 

proposed to generate the summarized videos for long duration sports explicitly cricket.  

 Analysis of the useful excited patterns available in the audio stream of the cricket 

videos to detect the excited audio clips.   

 Analysis of the apparent patterns available in the cricket videos and used them for the 

detection of key-events for video summarization.  

 One of the main contribution of the proposed excitement detection method in video 

summarization framework is to reduce the search space of key-frame detection. This 

ultimately decreases the computational cost of the proposed framework by processing 

only limited video frames (i.e. excited video frames).  

 Audio dataset of cricket videos consisting of both the excited and non-excited clips is 

created to evaluate the proposed excitement detection method, and that is publically 

available [153].  

 A diverse cricket video dataset is created for the performance evaluation of proposed 

video summarization framework that is publically available for research purposes 

[153].  

1.6 Thesis Outline 

The rest of the thesis is organized in the following manner. 

Chapter 2 reviews the relevant literature on video summarization systems with emphasis 

on sports domain. This chapter thoroughly investigates the performance of existing sports video 

summarization systems. The classification of video summarization techniques from various 

perspectives i.e. output type, interactivity type, content type, summary type, application 

domain, learning- and non-learning-based techniques, etc. is discussed in detail in this chapter. 

A critical analysis of the existing state-of-the-art video summarization systems from each of 

the above-mentioned classes is presented.  

Chapter 3 presents an effective shot classification algorithm based on the visual features. 

Video segmentation is a preliminary step in any video processing application. Since the 

broadcasters present the sports videos in various shots i.e. long, medium, close-up, etc., 

therefore, shot classification is a significant step in sports video summarization. Shot boundary 

detection is performed initially followed by classifying various shots into long, medium, close-

up, and out-of-field in the input sports videos.  

Chapter 4 builds a novel hybrid method for replay detection in sports videos that is further 

used for video summarization. The proposed method exploits the fact that replay segments are 

sandwiched between the gradual transitions and do not contain score-captions. The proposed 

replay detection method is designed as a two-step approach. In the first step, gradual transitions 
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are detected to extract the possible candidate of replay segments. In the second step, candidate 

replay segments are further processed to detect the presence/absence of score-captions in a 

frame. The absence/presence of the score-caption is finally classified as a replay/live frame. 

The proposed method is robust to camera variations, score-caption design, size, placement, etc., 

logo design and size, and replay speed unlike existing replay detection methods. The proposed 

method is tested extensively on a diverse dataset of sports videos to evaluate the performance 

and robustness against the above-mentioned limitations. 

Chapter 5 presents an efficient hybrid method for excitement and key-events detection for 

video summarization. Cricket is used as a test case to evaluate the effectiveness of the proposed 

method against long duration sports in terms of video summarization. The proposed method is 

implemented as a two-step process. In the first step, a hybrid approach is proposed that 

processes the audio stream of the input cricket video to detect the excited audio clips. The pitch 

of the audio stream is analyzed to detect the high pitch and low pause rates to identify the 

possible candidates of the excited audio clips. These candidates of excited audio clips are 

processed by proposing a learning-based method to detect the final excited audio clips. SVM 

classifier is trained over the audio features that are extracted from the candidate excited audio 

clips. In the second step, the video frames corresponding to the excited audio clips are further 

processed to detect key-events in the input video. The effectiveness of the proposed method in 

terms of excitement and key-event detection for video summarization is evaluated by 

performing various experiments on a dataset that is ample in diversity, length, and quantity. 

Chapter 6 concludes the thesis with a brief summary of ground covered and suggest 

directions for future research.  
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CHAPTER 2 
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2.  LITERATURE REVIEW 

The last few decades have seen a tremendous progression in video capturing, processing, 

sharing, and consumption [162], which has led to the development of various applications for 

video content analysis and management. The current vibe of social media applications like 

Flicker, YouTube, Facebook, Twitter, Google+, Instagram and others contain huge collection 

of images and videos. Instagram, Facebook, and Flicker maintain billion of images, whereas, 

video portals i.e. YouTube collection increases by hours of videos in minutes time. The sheer 

magnitude of the available visual content on the cyberspace needs to be processed and analyzed 

efficiently. This demand of analyzing and maintaining huge data collection needs to create 

automated systems for video browsing [11, 137], indexing [19, 40], retrieval [42, 88] and 

summarization [1, 51].  

Video summarization assist the users to obtain a concise representation of long duration 

videos that contain only the significant events while minimizing the redundancy. There is a 

growing need for effective video summarization techniques that can provide all the significant 

events to the consumers in a succinct manner. Video summarization applications are used in 

various domains such as surveillance, news, sports, healthcare and entertainment, etc. A 

comprehensive discussion and critical analysis of existing state-of-the-art video summarization 

systems with more focus in sports domain is presented in this chapter. The research contribution 

in this area exist for generic [1,4,6,8,28,29,33,34] as well as application domain specific  

[3,13,18,19,21,31,32,35,42,43,54-57] summarization techniques.  

Everyday sports broadcasters generate a massive collection of video content consisting of 

majority of redundant events and a very few significant events. Effective video summarization 

techniques are essential to manage the vast amount of sports videos. Modern day life makes it 

impossible for viewers to watch live sports broadcast of full duration, therefore, the need for 

automated highlights generation system is increased substantially in recent times.  

Sports highlights are quite popular among viewers around the globe. Existing video 

summarization systems for sports generate the automated [3,17-19,21,22,31,32,43,55-57] as 

well as user operated/driven (interactive) [13,20,24,35,40-42,54] summaries. Existing research 

work on sports video summarization either generate summaries for one sports category such as  

soccer [13,17-19,30], cricket [27, 160], tennis [20,25,26] and baseball [3,16,22-24,31,32,42,57] 

or for multiple sports [3,21,35,40,41,43,45]. It is very challenging to design a video 

summarization framework for multiple sports as the overall game structure and playing scenario 

contain significant variations among various sports. In this chapter video summarization 

systems are discussed from multiple perspectives such as summarization classes (Key-frames 

or Video skims), features categories (Visual, Audio, Textual), content driven summarization 

(Events, Objects, Features, user emotions), techniques (Learning-based, Non-learning-based), 
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Replay-based summary, application domain (Generic or Specific), category (Automated or user 

operated/driven), dataset (Standard, Custom), and evaluation techniques (Objective, 

Subjective). The hierarchical representation of the classification of video summarization 

techniques is depicted in Figure 2.1. 

 

 

 

Figure 2.1. Classification of video summarization techniques 

 

Video summarization is categorized into two classes namely, Static and dynamic. Static 

video summarization techniques [64-66] generate static images (key-frames) as output, 

whereas, dynamic summarization techniques [2, 5, 18, 67] produce video synopsis of full 

duration videos, also known as video skims. Section 2.1 provides a thorough analysis of the 

static and dynamic representations of video summary and also investigates the existing 

techniques. 

The input video consists of video and audio stream. Video stream contains various visual 

and textual features. Color [99], motion [141], edges [140], texture [125], and shape [96] are 

most commonly used visual features in video summarization. Visual stream also contains a 

significant stream of textual features such as textual overlays, graphical inserts, closed and open 

captions, etc. The audio stream consists of several audio features such as ZCR, MFCC, STE, 

SF, BP, SPD, etc. The integration of audio features beside visual and textual features makes it 

convenient to propose effective techniques for video summarization. Section 2.2 discusses 

visual, textual and audio feature categories in detail.  

The basic step in any video processing application is temporal video segmentation that is 

usually performed via shot boundary detection. More commonly, sports video summarization 

systems apply shot boundary detection to segment video into shots. The detected boundaries 

can either be abrupt transitions or gradual transitions. Abrupt and gradual transitions are equally 

important to detect because of the presence of both transitions in sports videos. Moreover, 
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sports videos are captured from multiple cameras with variations in zooming as well.  These 

camera variations can be exploited to segment the video into various shots i.e. long, medium, 

close-up, etc. that can be further used to detect some high level events. Section 2.3 elaborates 

the existing research work [13, 19, 21, 23, 26, 30-32, 55-56] in Shot Boundary Detection and 

Shot Classification.   

Video summarization can be categorized into automated or user operated/driven summary. 

Automated summary [1,3,4,6-9,11-30] use various features of the input video to generate the 

summary without any user interaction with the system, whereas, user operated summaries 

[1,5,11,20,37,40,42,54] provide a luxury to obtain the summary according to the user 

preferences via obtrusive (intentional) sourced information. Section 2.4 illustrates both of these 

categories in detail. 

Video summaries are generated on the basis of various contents such as features, events, 

object, and user emotions. Sports videos contain many significant events in the game such as 

goal, penalty and fouls in soccer; dismissal, boundary, and six in cricket. These key-events are 

detected to generate event driven summaries [3,6,12-13,17-19,21,25,30,40,43]. Object driven 

summaries [6,13,42] focus on generating highlights by detecting different objects like players, 

ball and referees. Feature driven summaries [4,9,10,14,28,29,57] generate highlights based on 

various features such as visual, audio, and textual. User emotions driven summaries [8, 33-36, 

38, 39,41] generate the video summary based on the unobtrusive (unintentional) sourced 

information from the user such as monitoring user brain signals to analyze the user excitement 

while watching the video. Section 2.5 provides a comprehensive overview of the existing 

research work on video summarization based on these distinct content types.  

Existing video summarization approaches can be designed either by learning-based 

techniques or non-learning-based techniques. Section 2.6 elaborates both of the above 

mentioned techniques in detail. Video summaries are generated from live videos as well as 

using replay detection [2,5,10,48-50]. Section 2.7 presents a critical analysis of existing replay 

detection methods and a brief overview of the proposed replay detection method for video 

summarization.  

The performance evaluation of video summarization techniques are equally important 

besides generating the video summaries. Objective and Subjective evaluation measures are used 

to evaluate the effectiveness of video summarization techniques. Objective evaluation uses the 

metrics like Precision, Recall, Accuracy, Error Rates, etc. to judge the video summarization 

techniques while subjective evaluation rely on user studies to evaluate the summary. Moreover, 

the dataset also plays a crucial role to judge the effectiveness of video summarization 

techniques. The dataset are categorized into standard and custom datasets. Section 2.8 provides 

a comprehensive analysis of the evaluation techniques and dataset categories.  
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Shown in Fig. 2.2 is a generic framework of sports video summarization that represent 

various stages ranging from shot boundary detection, and shot classification to key-frame 

extraction and highlights generation. The detailed discussion on each component of video 

summarization framework is presented in this chapter. 

 

Figure 2.2. Sports Video Summarization Framework 

 

This chapter thoroughly investigates the existing state-of-the-arts in video summarization 

with more focus in sports domain. A taxonomy of existing literature in terms of classification 

of video summarization techniques from various perspectives as mentioned in Fig. 2.1 is 

presented in Table 2.1. 
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Yihong et 

al. [1] 

             UO Color histogram  

 
  Clustering NL NR 

Hao et al. 
[2] 

            A Color Histogram, 
Mean square 

difference, Motion 

Sports  HMM, 
Viterbi algorithm 

L R 

Shih et 

al.[3] 

            A Color, Texture, 

Motion descriptors, 
Histogram 

Sports 

(Baseball) 

 BBN L NR 

Munder et 

al. [4] 

            A Color histogram    Delaunay 

clustering 

NL NR 

Hao et al. 

[5] 

            A Color Histogram, 

Mean square 
difference, Motion 

Sports 

 

 HMM, Rayleigh 

and Gaussian 
distribution 

L R 

Ren et al. 

[6] 

            A Haar features    Haar Classifier, 

Fuzzy Decision 

L NR 

Chong et al. 
[7] 

           A Histogram, Motion 
descriptors 

   Normalized cut, 
Motion attention 

model 

NL NR 

Yu et al. [8]                A     Visual, Audio 
and Speech 

Attention 

Modeling 

L NR 

Ren et al. 
[9] 

            A PLR, ECR, Color, 
Shape, motion, 

Texture, Histogram 

   NN L NR 

Duan et al. 
[10] 

           A Color, Motion Sports  Distance 
Measure 

NL R 

Dale et 
al.   [11] 

           UO Color histogram, 
SIFT, 

   HMM, Bags of 
word, Viterbi 

algorithm 

L NR 

Yanwei et 
al.[12] 

            A Color, Edges, 
Wavelets 

   Random walks NL NR 

Ekin et al. 

[13] 

             A Cinematic and 

object based 
features, Zero 

crossing measure 

Sports 

(Soccer) 

 Bayesian 

classifier, 
Laplacian mask 

L R/ 

NR 

Gunsel et 

al. [14] 

             A Color histogram    Otsu’s method NL NR 

Luo et al. 

[15] 
           A Intensity change    Statistical 

Analysis 

NL NR 

Zhang et al. 

[16] 
            A Color, Motion, 

Histogram, Layout, 
Region, Edges 

Sports 

(Baseball) 

 Transition graph 

model, Sobel 
filter 

NL NR 

Min et al. 
[17] 

            A ZCR, SP, LPC, 
LPCC, MFCC, STE 

Sports 
(Soccer) 

 SVM L NR 

Tjondron-

egoro et al. 
[18] 

             A Color histogram, 

Edges, Shape, 
Loudness, pitch 

Sports 

(Soccer) 

 Hough 

transform, 
HMM 

L R/ 

NR 

Baoxin [19]              A Color histogram , 

Sound energy, Field 
pixels ratio, ZCR 

Sports 

(Soccer) 

 HMM L 

 

NR 
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Coldefy et 

al. [20] 

           UO Mean Sports 

(Tennis) 

 BIC, k-means 

clustering, 

Median filter 

L NR 

Sadlier et 

al. [21] 
             A Crowd image 

confidence value, 

Speech band 
energy, Motion, 

field line orientation 

Sports  SVM L 

 

NR 

Rui et al. 
[22] 

           A Energy features, 
Phoneme level 

features, 

Information 
complexity features, 

prosodic features 

Sports 
(Baseball) 

 K-nearest 
neighbor, SVM, 

Template 

matching, 
Probabilistic 

fusion technique 

L NR 

Chang et al. 

[23] 

           A Edge and field 

descriptor, Grass 
and sand amount, 

Camera motion, 

Player height 

Sports 

(Baseball) 

 HMM L 

 

R 

Kawashima 

et al. [24] 

            UO Pixel intensity, 

Color histogram, 

Camera motion 

Sports 

(Baseball) 

 OCR NL NR 

Dahyot et 
al. [25] 

              A Image moments, 
Audio spectrogram, 

Sports 
(Tennis) 

 HMM, 
Likelihood 

approach, PCA 

L NR 

Kijak et al. 
[26] 

             A Color, Motion Sports 
(Tennis) 

 HMM, 
histogram, Twin 

comparison 

method 

L 
 

NR 

Kolekar at 

al. [27] 

               A Color histograms, 

Edges, ZCR, Audio 

energy 

Sports 

(Cricket) 

 Statistical 

Analysis, Rules 

Association 

NL R/ 

NR 

Avila et al. 

[28] 
            A Color histograms    Modified k mean 

clustering 

NL NR 

Naveed et 

al. [29] 
            A Correlation, 

Histogram, Moment 

of inertia 

   Adaptive 

aggregation 

mechanism 

NL R 

Ahmed et 
al. [30] 

            A Color mean, Shot 
length 

Sports  Bayesian 
classifier, 

L R 

Mao et al. 

[31-32] 

             A Color, Texture, 

Shape, Temporal, 
Intensity 

Sports 

(Baseball) 

 K-means 

clustering, SVM, 
NN, BBN, 

L 

 

NR 

Wei et al. 

[33] 

            A Color    RANSAC L NR 

Yu et al. 
[34] 

               A Contrast, Motion, 
Sound energy, 

MFCCs, STE, ZCR, 

SPD, SF, BP 

  SVM, motion 
estimation, 

fusion schemes 

L 
 

NR 

Alan [35]             A Sound energy, 

Motion activity 

peak, Shot change 

Sports   L 

 

NR 

Yong et 

al.[36] 
             A Motion vectors, 

contrast, caption, 
segment length 

   Bayesian 

classifier 

L R 

Han et al. 

[37] 

            A Color, Motion Sports   SVM, BN L 

 

R 

Yu et al. 

[38] 

            A Motion    Median filtering, 

Region growing, 
Region selection. 

NL NR 

Zawba et 

al. [39] 

               A Color, Sound 

energy, Pitch, 

Cinematic 

Sports 

(Soccer) 
  K-means 

clustering, Gabor 

Filters, ANN, 
SVM 

L R/N

R 

Changsh-

eng et al. 
[40] 

              UO Color, Motion,  

Edge 

Sports  HMM, Template 

matching 

L NR 

Gyangyu et 

al. [41] 

            A ZCR, LPC, 

LPCC, MFCC, 

STE, SSR, DSR, 
SOP, MCC, DOA, 

AAE 

Sports  SVR particle 

filter, SVM 

L NR 

Noboru et 
al. [42] 

               UO Color histogram, 
Text captions 

Sports 
(Baseball) 

 Statistical 
Analysis 

NL NR 
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Dian et al. 

[43] 

             A Pitch rate, pause 

rate, volume,  

Sports  Radon Transform 

Sobel filter 

NL NR 

Jung et al. 

[44] 

           A Color, Edges, 

Textual 

Sports  Statistical 

Analysis, Sobel 
operator 

NL NR 

Nitta et al. 

[45] 

           A Closed Captions 

(Textual)  

Sports  Bayesian 

Network 

L NR 

Ali et al. 
[51] 

             A Intensity (Visual), 
Closed Captions 

(Textual)  

Sports  Statistical 
Analysis, 

Histogram 

Comparison, 
OCR 

H R 

Noboru et 

al. [54] 

            UO Textual Overlays, 

External transcripts 

Sports  Statistical 

Analysis 

NL NR 

Noboru et 

al. [55-56] 

             A Closed captions, 

Color, Temporal 

features 

Sports 

(American 

football) 

 Distance measure NL NR 

Ariki et al. 

[57] 

             A Speech, Pixel 

intensity mean and 

variance 
 

Sports 

(Baseball) 

 HMM, MLLR, 

Best word back- 

off connection 

L NR 

Ali et al. 

[51] 

             A Intensity (Visual), 

Closed Captions 

(Textual)  

Sports  Statistical 

Analysis, 

Histogram 
Comparison, 

OCR 

H R 

Wang et al. 
[106] 

            A Color, Edge Sports 
(Soccer) 

 Dynamic 
Programming 

Algorithm 

NL R 

Xu et al. 
[107] 

            A Color, Motion Sports 
(Soccer) 

 Statistical 
Analysis 

NL R 

Feng et al. 

[108] 

            A SURF, Histogram Sports  Statistical 

Analysis 

NL R 

Eldib et al. 

[109] 

            A Color, Histogram, 

Mid-level features 

Sports 

(Soccer) 

 Rule-based 

Classifier 

L R/ 

NR 

Su et al. 
[110] 

           A A Color, Motion Sports 
(Baseball) 

 HMM L NR 

Chen et al. 
[112] 

             A Color, Textual Sports 
(Basketball) 

 Rule-based 
Classification 

L R 

Zhao et al. 

[114] 

             A Audio Energy, 

Motion 

Sports 

(Soccer) 

 Statistical 

Analysis 

NL R/ 

NR 

Dang et al. 

[115] 

            A Color, Motion Sports   Statistical 

Analysis 

NL R 

Namuduri 
et al. [116] 

            A Histogram Sports 
(Cricket) 

 Histogram  
comparison 

NL NR 

Tavassolipo
ur et al. 

[124] 

             A Color, Histogram, 
Mid-level features 

Sports 
(Soccer) 

 Bayesian 
Network, HMM 

L R/ 
NR 

Nyugen et 

al. [137] 

            UO Color, Motion Sports 

(Soccer) 

 Statistical 

Analysis 

NL R/ 

NR 

Harikrishna 

et al. [155] 

            A Color histogram, 

Edge, Motion 

Sports 

(Cricket) 

 SVM L R/ 

NR 

Tang et al. 

[160] 

            A HoG, Color 

histogram, optical 

flow 

Sports 

(Cricket) 

 HMM, Viterbi 

Algorithm 

L NR 

Proposed 
Summariza

-tion 

method 

              UO Color, edge, 
histogram, textual, 

ZCR, MFCC, LPC, 

SF, Relative Diff 
function, etc.  

Sports  SVM, Statistical 
Analysis 

H R/ 
NR 

 

The abbreviations of various terminologies used in this thesis are presented in Table 2.2.   

 

 



19 | P a g e  

 

Table 2.2. Abbreviations 

Abbreviations Full Term 

ZCR Zero crossing rate 

MFCCs         Mel-frequency cepstral coefficients 

STE Short time energy 

SPD Subband power distribution 

SF Spectrum flux 

BP Band periodicity 

ECR Energy change ratio 

PLR Pixel likelihood ratio 

BIC Bayesian Information Criterion 

LPC Linear prediction coefficient 

LPCC LPC-derived cepstral coefficient 

SP Spectral Power 

STE Short time energy 

HMM Hidden Markov Models 

SVM Support Vector Machines 

BBN Bayesian Belief Network 

NN Neural Networks 

PCA Principal Components Analysis 

OCR Optical character recognition 

SVR Support vector regression 

SSR Swing switching rate 

DSR Direction switching rate 

SOP Speed of player 

MCC Maximum covered court 

DOA Duration of applause 

AAE Applause average energy 

SVC Support vector classification 

MLLR Multiple Linear Regression 

MOPS        Millions of Instructions per second 

GT         Gradual Transition 

RS        Replay Segment 

PD        Person Detector 

FD        Face Detector 

UBD        Upper Body Detector 
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2.1. Video Summarization Classes 

Video summarization can be broadly classified into two main classes namely, static video 

summarization and dynamic video summarization. Static video summarization generates the 

summary in the form of static images, which are extracted from videos as key-frames. These 

are still or static storyboard images. Dynamic video summarization generates brief collection 

of videos also known as video skims or abstracts.  

Video skims are combination of selected video shots including temporal information as 

well. The main benefit of video skims over static key-frames is the inclusion of motion and 

audio information that increases the information, content and expressiveness of the summary. 

Moreover video skims are more popular and interesting to watch among users as compared to 

static key-frames. Although the static summary seems less interesting in comparison of 

dynamic summary, but they are not restricted to any synchronization issue.  This make the key-

frames quite useful in terms of organizing them for navigation and browsing as compared to 

the strict chronological representation of video skims. The transformation from one class of 

summary to another is possible. We can generate static key-frames from video skims by picking 

selected frames from each shot in a skimmed video. On the other hand we can join shots, sub-

shots or fixed size chunks to generate video skims as employed in [60-62].  

Summary length is one of the important aspect of video summarization. The length of the 

video summary can be decided prior to summarization or in some cases at the post-processing 

stage. The summary length can be defined either in the form of ratio of key-frames to total 

video frames or specified fixed duration. The summarization process can be stopped once the 

required collection of key-frames have been obtained or a certain predefined criteria has been 

achieved [74, 84]. Existing literature on static and dynamic summarization techniques have 

been discussed in the following section. 

2.1.1 Static Video Summarization 

Static video summarization techniques [64-66] are based on key-frame extraction algorithms 

like clustering, sequence reconstruction error, curve simplification, sufficient content change, 

equal temporal variance, maximum frame coverage, minimum correlation among frames.  

Clustering based approaches [28, 69-72] for key-frame extraction are designed by creating 

disjoint collection of frame clusters followed by picking the cluster center as a key-frame. 

Sequence reconstruction error approaches [73-75] are based on the degree of reconstruction 

error in terms of capability of generating the original video from the extracted key-frames. 

Curve simplification approaches [76-78] treat the frames as feature points and strives to identify 

frames in a feature space that do not change the shape of curve if remaining frames are 

discarded. Sufficient content change based approaches [79-83] pick those frames as a key-

frame candidate which shows significant change in content as compared to prior extracted key-
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frames. A variation of sufficient content change approach is equal temporal variance method 

[163-164]. It imposes a precondition to fix the number of key-frames and assumes that a good 

key-frame collection should have distinct key-frames that represent video segments of equal 

temporal variance. Maximum frame coverage based approaches [166-167] looks to identify 

those frames that can individually represent the contents of multiple frames. Minimum 

correlation based approaches [170-171] strives to minimize correlation among frames in a key-

frame collection by picking highly dissimilar frames.  

2.1.2 Dynamic Video Summarization 

Dynamic video summarization techniques [2,5,18,67] require high-level semantic analysis to 

generate video skims. Video skimming process can be divided into five stages namely, video 

segmentation, selection of segmented shots, selected shots conciseness, integration of 

modalities, and shots assembly.  

Shot boundary detection [13,19, 21,23,26,30] is the most commonly used approach for video 

segmentation, which uses various visual, audio and textual features to identify the segment 

boundaries. Visual features such as color, motion, histogram, etc. are widely used to detect 

significant changes in the video. Audio features like speech pause rate is also used to segment 

videos based on speech pause detection that are used in speech segmentation-based approaches 

[68]. Textual features such as score-captions are also used for shot segmentation.  

The selection of segmented shots can be performed via clustering where clusters of shots 

are created initially followed by selecting the shot of longest duration [93]. For event based 

techniques [94] it can be accomplished by choosing the relevant events for video skims. The 

selected shots are processed further to concise a video while minimizing information loss.  

Shot conciseness can be accomplished by various approaches like predefined selection of 

length [93, 95], similarity based techniques [97] that presents a similarity matrix approach to 

select that video segment which resembles the whole video with high confidence.  

The integration of modalities enhance the effectiveness of the video skims to provide better 

understanding of the summarized video. Existing video summarization techniques that integrate 

various modalities are based on merging visual and audio features [19-21,35,39], visual and 

textual features [16,18,24,25,34,40,42], audio and textual features [43], or combination of all 

[8,18,25,34,57].  

Shots assembly is usually performed by arranging the shots in temporal order to generate 

final video skims. Existing summarization techniques also uses gradual transitions to select the 

shots for summarized video like in [2] for sports video highlights, and fades and wipes are used 

to select shots for movie trailers in [98]. 

In this thesis, a replay detection framework [51] is proposed by detecting the gradual 

transition and score-caption that is then used to generate a dynamic video summary for sports 
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videos. Moreover, a hybrid approach is also proposed to generate a dynamic summary of cricket 

videos. In the first stage, audio stream of the input cricket video is processed to detect the 

excited audio clips. In the second stage, video frames corresponding to the excited audio clips 

are used to detect the key-events for dynamic video summarization. Video skims are selected 

over key-frames as output of the proposed summarization method due to rich information, 

emotions, and expressiveness of the summary offered to the users.  

2.2. Feature Categories 

Features can be categorized into three main categories namely, visual, audio, and textual. Each 

of these categories is illustrated in this section. 

2.2.1 Visual Descriptors 

Visual descriptors represent the visual features of image/video such as color, shape, texture, 

motion, etc. Visual descriptors can be further classified into general information and specific 

domain information descriptors [102]. General information descriptors are low-level 

descriptors which cover basic and elementary features like color, texture, shape, motion and 

regions. Whereas, specific domain information descriptors depict high-level features which 

provides information regarding objects and events. Visual features are most commonly used in 

video processing applications. Some of the visual features are illustrated in this section to 

elaborate the use of various visual features in video summarization. 

Color features [30, 99] are widely used in video summarization applications, especially in 

sports videos where we experience an existence of a dominant field color. Gong et al. [1] have 

used color histogram features to propose a video summarization system based on singular value 

decomposition. A feature matrix consists of color histogram feature has been created and fed 

into singular value decomposition method. The technique identifies the most static cluster and 

determines the longest shot from each cluster to generate video summary. Similarly, Ahmet et 

al. [30] proposed a dominant color detector based shot classification algorithm for video 

segmentation and summarization of basketball and soccer videos. 

Texture [31-32] and Shape [96] are valuable features to design a summarization system for 

sports videos, where the contents and region of score-captions are recognized to detect some 

high-level events. Baseball events detection approach presented in [31] have used texture and 

shape features for scoreboard detection and recognition. A shape and texture mapping based 

integrated approach has been designed to increase the detection accuracy of scoreboard style.  

Motion descriptor is a significant cue to utilize in sports videos where we experience 

frequent camera motions. In field sports, camera continuously tracks the players, balls, referees 

and other useful objects that shows the significance of motion features to detect some high-

level events in sports videos. Motion features are used extensively in replay detection for sports 



23 | P a g e  

 

videos. Han et al. [37] have used motion features to propose an automated replay detection 

framework for sports videos. Gradual transition patterns based on motion features have been 

learned from a database via SVM. The results of pattern matching and slow-motion detection 

based on motion vector information have been fused to detect the replays. Similarly, Duan et 

al. [10] have used motion features to develop a mean shift based non-learning technique for 

logo detection that are then used to detect replays.  

Existing literature [1,3,7,13,14,24,26,28,31,32] also relies on general information 

descriptors to detect high-level events. Similarly specific domain information descriptors like 

objects and events can be identified to analyze the video more efficiently for summarization 

purposes. Many researchers have proposed frameworks on detecting high-level events i.e. 

objects to generate useful summaries [3,6,12,13,14,17-23,25-27,30-32]. Ekin et al. [13] 

presented a summarization framework for soccer videos that use cinematic as well as object 

based features to generate the summary. Sadlier et al. [21] proposed an audio-visual features 

based event detection framework for field sports video abstraction. Shot boundary detection 

and close up shots classification has been achieved in the preprocessing phase. A feature vector 

consisting of crowd detection, audio, text captions tracking, field line orientation and motion 

level has been created. This feature vector was then fed into SVM to classify various high-level 

events that occurred in the game. Shown in Fig. 2.3 are the visual feature categories and its 

types.  

In this thesis, visual features i.e. color, histogram, Haar, histogram of oriented gradient, 

edges, etc. are used to propose a shot classification method for sports videos. Histogram is used 

to detect the abrupt transitions for shot boundary detection and gradual transitions for replay 

detection.  

 

Figure 2.3. Visual Features 
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2.2.2 Textual Descriptors 

Textual descriptors provide the necessary information to summarize the video content on 

account of textual cues. Textual descriptors consist of various categories such as open captions, 

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

as shown in Fig. 2.4. Closed captions exist on a video as a separate track and can be turned on 

and off on user control while open captions are burnt into the video and the user can’t turn them 

on and off [101]. Textual descriptors provide significant information regarding the game. For 

example in soccer, different types of textual descriptors provide information regarding the 

teams playing, score line, different statistics regarding fouls, penalty, corners, goal scorer, and 

team lineups. In cricket, textual features present various statistics such as batsmen and bowler’s 

profile, team profile, batting and bowling statistics for each team, scoring, etc. Video 

summarization methods [15,45] for sports solely based on textual features have been proposed 

to address the computational complexity issue. Nitta et al. [45] presented a system for semantic 

content analysis of sports videos. This technique [45] exploited the superficial features and 

applied bayesian network to partition the speech transcript into scene units. This collection of 

semantic portions constructs the unit of game, as finding the boundary of the collection provides 

an indication to partition the closed caption into story units. Similarly, Luo et al. [15] have used 

text captions to generate the video summary. Temporal feature vector of pixel intensity change 

was used to detect text captions in the input video. Textual overlays in sports videos contain 

significant information regarding score and other game statistics that are displayed as overlaid 

text. Berkun et al. [52] exposed a problem of viewing textual overlays in small screens where 

it becomes extremely difficult for the user to view the text clearly. To overcome this problem, 

an automated system to detect and enlarge textual overlays of scoreboard content during score 

change event was used in [52].  

Sports videos also contain various game statistics in the form of graphical inserts such as 

run rate graph, wagon wheel score chart, players statistics chart, etc. in cricket, and team 

formation, positions display chart, etc. in soccer. External transcripts i.e. game statistics can 

also be used to detect key-events in the sports videos by utilizing the information available in 

game statistics. Game statistics have been matched with textual overlays in [54] to identify 

significant events in sports videos.  

Speech recognition [85] can also be used to extract various significant events in sports 

videos. Taskiran et al. [53] proposed an automated video summarization method using 

transcripts acquired via automatic speech recognition. Audio pause detection has been 

identified to partition the video into various segments. The score for each segment has been 

computed based on the frequencies of the words and bigrams. Video segments with the highest 

score to duration ratios have been extracted to generate the summary.  
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Figure 2.4. Textual Features 

 

Existing video summarization techniques [16, 24, 31, 32, 40, 42, 44] integrate textual and 

visual features to identify interesting events in sports videos for summarization. Jung et al. [44] 

proposed a method to detect significant captions in sports video. A dual binarization method 

has been presented in [44] to partition text with distinct color polarities from the background in 

key captions. In addition, a sports navigation method has also been created. Babaguchi et al. 

[55-56] proposed a technique to generate video skims for American football games by 

analyzing visual stream in combination with the closed caption. Event based video indexing via 

intermodal collaboration is implemented in [56] by taking into account the semantical 

dependency between the textual and visual stream. 

The proposed replay detection method [51] uses visual features (histogram) in combination 

of textual features (captions) to effectively classify between the replay and live frames. 

Histogram difference comparison is used to detect the gradual transitions in the first stage that 

provides the candidate replay segment. In the second stage, captions are analyzed to detect the 

presence/absence of score-captions that corresponds to live/replay frames.   

2.2.3 Audio Descriptors 

Audio descriptors represent the features of audio stream such as speech, music, sound, etc. 

Audio features are quite useful candidates for feature extraction in video processing 

applications. Low computational complexity of audio features make it more valuable to use in 

video summarization systems. Audio features in combination with the visual features also 

improves the accuracy of video summarization systems. Audio features can be broadly divided 

into two categories, namely, time domain features, and frequency domain features. Each of 

these two categories consist of various low level audio features as mentioned in Fig. 2.5. 

Time domain features are extracted directly from the samples of audio signal.  Some of the 

most commonly used time domain audio features are ZCR, STE, and Entropy, etc.  Audio 

features based on DFT of a signal are known as frequency domain or spectral audio features. 

DFT offers a useful representation to show the frequency distribution of audio content and 

hence, used frequently in audio signal processing. Frequency domain features consist of 

spectral entropy, spectral flux, spectral roll-off, MFCC, chroma vector, etc.  
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Figure 2.5. Audio Features 

 

The significance of audio features become more prevalent in the summarization of sports 

videos where we experience the audio content such as commentator’s speech, crowd 

excitement, and referee’s whistle. All of these features can be used to detect key-events such as 

foul, penalty, goal, free kick in field games like soccer and hockey [18-19, 34, 41]. Zhu et al. 

[41] presented a video summarization framework for racket sports. Audio keywords have been 

generated for various events, such as applause, silence, and hitting to detect the action clips in 

playing shots. Sound recognizer has been designed by utilizing features like LPC, LPCC, STE, 

ZCR and MFCC. Performance evaluation of this method [41] has been achieved via subjective 

evaluation. Multiple users of opposite gender belonging to various ages were invited to rate 

each shot, based on the excitement factor, on a subjective scale of 0 to 1. Yu et al. [34] proposed 

a user attention based model by acquiring an unobtrusively sourced information of user’s 

expressions and arousal while watching the video. The method in [34] performed video 

segmentation followed by the generation of attention curves through deploying modeling 

techniques for attention. Final attention curve has been obtained after merging the schemes and 

used as a ranking or index for the content. A feature vector consisting of ZCR, MFCC, STE, 

SF, BP, SPD, brightness and bandwidth was fed into SVM to classify the audio segment into 

speech, music, and silence class.  

Existing systems [18] also integrate textual and audio features to generate the video 

summary. Tjondronegoro et al. [18] have used textual and audio features to develop a 

summarization framework, consisting of highlights, play, and break sessions. The localization 

of play break sessions and highlights have been identified by detecting sound, including 
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whistles in certain games. The effective utilization of sound tracks have been demonstrated to 

identify the significant events.  

Audio features are frequently used in combination with visual features to design more 

effective techniques for event detection and highlights generation [19-21, 25, 35, 39, 41]. 

Existing systems [8,27,34] in literature integrates textual, audio and visual features to achieve 

more accuracy but on the cost of higher computational complexity. 

In this thesis, audio features are used in combination of textual features to effectively 

summarize the long duration cricket videos. The pitch of the audio stream of the input video is 

analyzed to identify the candidate excited clips with high pitch rate and low pause rate. A 64-

D feature vector consisting of MFCC, LPC, ZCR, spectral rolloff, spectral flux, spectral 

frequency, spectral variability, relative member function, fraction of low energy windows, RMS 

of frames, and method of moments are extracted from these candidate clips. This feature vector 

is used to train a SVM classifier to detect the excited audio clips. The excited video frames are 

processed further by using the textual features (captions) to detect the key-events that is then 

used to generate the summarized video. This approach reduces the search space of key-frame 

detection that ultimately reduces the computational cost of the proposed video summarization 

method as compared to contemporary methods [121-122, 160-161]. 

2.3. Shot boundary detection and Classification 

This section provides a detailed discussion on shot boundary detection and classification. In 

addition, this section investigates the existing state-of-the-art methods in shot boundary 

detection and classification. 

2.3.1 Shot Boundary Detection 

Shot boundary detection, also known as shot transition or cut detection, represents a transition 

between two shots. A shot represents a sequence of frames continuously captured by one 

camera. Shot boundary detection is used to achieve temporal video segmentation which is an 

initial phase for a wide range of video processing applications including summarization, 

surveillance, etc. Video summarization systems use shot boundary detection as a preprocessing 

stage. A shot transition is either an abrupt transition or a gradual transition [100]. An abrupt 

transition (Cuts) represents the sudden transition between two shots where a current frame 

belongs to the one shot and the very next frame belongs to a different shot. This type of 

transition refers to hard cuts or just cuts. Gradual Transitions, on the other hand, exhibit a steady 

transition between two shots in a way that one shot is replaced by another shot using spatial, 

chromatic or spatial-chromatic effects. Gradual transitions are also known as soft transitions or   

fades, wipes and dissolves. Fades show a steady transition between a constant image and a 

scene, also known as fade-in or between a scene and a constant image, also known as fade-out. 

https://en.wikipedia.org/wiki/Wipe_(transition)
https://en.wikipedia.org/wiki/Dissolve_(filmmaking)
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Wipe is a type of gradual transition which replaces one scene with another by moving a line 

across the screen, and dissolve is a type of gradual transition which uses fade-out of the first 

scene and fade-in of the second scene to achieve transition.  

Shot boundary detection in sports videos is a complex and challenging task. A strong color 

correlation among shots in sports videos due to presence of a single dominant field color, makes 

it extremely hard to detect shot transitions.  One of the salient features of sports video is that it 

tracks object(s) of interest such as tracking the ball and players [91, 168], this results in frequent 

camera motions. As sports videos contain different short transition types such as cut, fade, 

dissolve and wipe, therefore, short transition method should be able to detect all such 

transitions. The performance of existing short boundary detection techniques deteriorate for 

sports videos as these techniques rely mainly on finding difference between frames to identify 

shot transitions in input videos. For example, Ekin et al. [13] have used an adaptive threshold 

based approach to detect cuts and gradual transition, by computing grass field pixels ratio 

difference between successive frames in combination with histogram difference. Kijack et al. 

[26] have proposed a histogram difference comparison method based on a single threshold for 

cut detection and two thresholds [58] for gradual transitions on tennis broadcast videos.  

Some existing sports video summarization methods [19, 21] focus only on cut detection. For 

example, Baoxin et al. [19] have proposed a summarization framework based on audio and 

visual features. This method [19] identified the cuts during play, replays and within close-up 

shots. Color histogram difference comparison between successive frames has been applied for 

shot boundary detection. The mean square error was used to measure the difference between 

color histograms of consecutive frames against a predefined threshold for scene cut detection. 

Sadlier et al. [21] have claimed that sports videos mostly contain hard cuts as compared to soft 

cuts that are superimposed by the broadcasters at certain situations i.e. replays, play breaks, etc. 

Hard cuts have been detected to achieve temporal video segmentation [60]. Histogram 

difference-based approach has been used for shot boundary detection. A feature vector based 

on color histogram has been created for histogram comparison. 

2.3.2 Shot Classification 

Shot classification provides useful semantic cues to bridge the gap between low-level features 

and high-level events. Shots in sports videos can be categorized into different views like close-

up, medium, long and out of field shot. Long shots presents global view of the scene and display 

the ground field in maximum portion of the view as compared to other content. Medium shots 

represent a zoomed view of any part of field where a full human body is usually visible. Close-

up shots present the more zoomed-in version, where the above-waist view of players is usually 

visible. In games like soccer, close-up shots usually correspond to breaks in the game; whereas 

in cricket, close-up shots of a batsman facing the delivery or bowler running into bowl can 
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indicate the part of play. Out-of-field/crowd shots represents the view where the audience, 

player’s dugout and other views excluding the field appear during the game. An out-of-field 

shot provides the same semantic meaning of a break in the game like close-up shots. Therefore, 

many research works treat close-up and out-of-field shots in the same category like Ekin et al. 

[13,30]. The algorithm in [13,30] has used the low-level spatial features for shot classification. 

Grass pixels ratio is used to classify among the long, medium, and close-up shots. There exist 

several limitations for using grass color pixel ratio solely for shot classification in field sports 

videos. A high magnitude of grass color pixel ratio in the frame normally indicates the long 

shot, however medium shots with high grass pixel ratio can be misinterpreted as long shots. 

Moreover, low grass color pixel ratio in the frame usually indicates the presence of close-up 

shots, however out-of-field shots can be misclassified as close-up shots due to low grass color 

pixel ratio as well. To address the aforementioned limitations, an effective shot classification 

method is proposed that is discussed in chapter 3.  

Shot classification is usually applied to detect various shot types, but some approaches 

classify only one or two shot categories.  Li et al. [19] proposed a video summarization 

framework that focuses on detecting the close-up shots only. Grass field pixels ratio and scene 

cut identification have been used to identify the close-up shots. In [26], tennis video shots are 

categorized as close-up view, global view, medium view and audience view. The literature [26] 

suggested that global view provides the most relevant information for tennis videos, so this 

work [26] treats the problem as binary classification to classify global view among the rest of 

the views. In [26] classification has been formulated as a two-tier problem. Firstly, global view 

has been classified from the audience and medium view by using the spatial feature of dominant 

color pixels ratio. Secondly, color and motion features are used in combination to classify 

between the global and close-up view. In [32], a scene classification method has been presented 

for baseball using spatial and temporal features by considering three category of scenes, namely 

pitch, infield and outfield. The proposed method have divided the frame into blocks and encode 

each block in a 3-bit code word for processing. For each block, the least significant bit has been 

set to 1 in case the grass color pixels ratio exceeds 30% else it is set to 0. The other two bits 

have been set in the same way for pitch field pixels and rest of the content. Pitch scene 

classification has been achieved by using spatial color features only, whereas infield and 

outfield scenes have been classified by utilizing temporal and color features.  

Few reported literature in shot classification further classify the shots in more categories. 

Seven categories of scene shots have been defined in [23] such as pitch view, audience view, 

catch overview, running overview, running close-up, catch close-up and base close-up. 

Bayesian rule has been applied on a feature set consisting of grass ratio, sand ratio, camera 

motion, player height, edge descriptor and field descriptor.  
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In this thesis, a shot classification method is proposed to classify various shots of the sports 

videos into long, medium, close-up, and out-of-field/crowd shots. Histogram comparison is 

used to detect the hard cuts (shot boundary detection) that partition the input sports videos into 

various shots. Each video shot is processed further for shot classification by designing a 

decision tree architecture. Multiple rules are created against each shot and entropy measure is 

used to select the least unpredictable rules in terms of shot classification.   

Shown in Table 2.3 are the details of the techniques used for shot boundary detection and 

shot classification in existing literature [13, 19, 21, 23, 26, 30-32, 55-56, 154-158].  

 

Figure 2.6. Shot Boundary Detection and Classification 

Table 2.3. Shot boundary detection and shot classification Techniques 

Methods Shot Boundary Detection Technique 
Shot 

Classification 
Technique 

 Cuts 
Gradual 

Transition 
   

Ekin et al. [13]     
Histogram comparison, Dominant color 

pixels ratio comparison 
  Bayesian Classifier 

Baoxin et al. [19]    Color histogram comparison   

Grass color pixels ratio 

comparison, histogram 

comparison 

Sadlier et al. [21]    Cosine Similarity Measure   

Chang et al. [23]      Bayesian Rule 

Kijak et al. [26]     Histogram difference comparison   
Dominant color ratio 

comparison 

Ahmet et al. [30]     Color Histogram comparison   Bayesian Classifier 

Mao et al. [31,32]      
SVM, K-means 

clustering 

Nyugen et al. [48]      Histogram Difference 

Noboru et al. 

[55,56]     Distance measure   

Fernando et al. 
[100]     Statistical Analysis   

Ling et al. [154]      
Naive Bayesian 

Classifier, SVM 

Harikrishna et 

al.[155]    Color histogram comparison   SVM 

Lang et al. [156]      

Tong et al.[157]      
Bayesian Classifier, 
Statistical Analysis 

Khalig et al. [158]      SVM 

Proposed Method 
    

Histogram comparison, Twin 

Comparison Method 
  Decision Tree 
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2.4. Automated vs User Operated/Driven Summary 
Video summaries can be generated automatically without any user preference or by taking user 

input/preference to produce user operated/driven summary. This section presents a 

comprehensive discussion of both categories. 

2.4.1 Automated Summaries 

Automated summarization generate key-frames or video skims without taking any query or 

preference from the user. It uses the internal information from the video stream such as audio, 

text and visual features. Existing literature [1,3,4,6-9,11-30] on automated summaries use 

various visual features i.e. color, texture, histogram, motion, etc., audio features i.e. ZCR, SP, 

LPC, LPCC, MFCC, STE, etc., and textual features i.e. graphical inserts, textual overlays, open 

captions and closed captions, etc.  

Min et al. [17] presented a framework based on audio keywords generated from low-level 

features via supervised learning approach to detect significant events in soccer videos. Semantic 

events have been detected by empirical mapping of audio keywords. The transitions in the 

sound patterns have been identified to generate the keywords for key-events detection. Coldefy 

et al. [20] have utilized the audio-visual cues to generate personalized video skims according 

to viewer’s preferences for tennis videos. The motion oriented visual descriptors have been 

proposed relevant to the dominant motion. An adapted classification criteria has been specified 

to generate distinct summaries. Audio features have been used to select the relevant portions in 

the skimmed video. Similarly, Dayhot et al. [25] have utilized audio-visual features to identify 

the significant events in tennis videos. First- and second-order statistics have been used to detect 

the main view of tennis court. The rallies have been detected by analyzing the spectrogram of 

audio track. PCA has been used for training. A likelihood approach is designed on integrated 

visual and audio features, modeled as stochastic processes. It proved to be a more robust 

approach rather than utilizing audio or visual features alone but at the cost of higher 

computational complexity.  

Chang et al. [23] presented a statistical method for baseball highlights detection by 

exploiting the fact that highlight segments are composed of certain kind of scene shots. 

Statistical models have been designed for each scene shot category. HMM was trained to 

represent the temporal transition context for each highlight category. Avila et al. [28] have 

presented a technique to generate static video summaries (key-frames). Frames pre-sampling 

was performed by picking a single frame among the 25 frames in each second of the input 

video. Color histogram features have been used for key-frame detection. A modified K-mean 

clustering algorithm has been designed to perform the clustering. The frames were fed to K 

clusters in an arranged order. Key-frames have been extracted by selecting those frames that 

are closest to the key cluster’s centroid.  
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Existing research work for automated summary generation uses all three feature categories 

for event detection to achieve indexing and summarization in various sports such as baseball 

[22-24], tennis [25-26], cricket [27], etc. 

In this thesis, an automatic replay detection method is proposed for dynamic video 

summarization. The proposed replay detection method uses visual and textual features to 

generate video skims against each replay segment in the input sports video.   

2.4.2 User Operated/Driven Summary 

User Operated/Driven summaries offer personalized and interactive summaries to end users. 

User Operated summaries provide users different ways to interact with the summary, like 

query based customized retrieval of summary or navigating the summary. Query based user 

driven systems [5] deliver personalized summaries to end users. Queries can be textual 

descriptions of events and objects, keyword searching or sample images and videos, which are 

used to retrieve key-frames or video skims. Personalized summaries are generated according 

to the user preferences.  

User operated/driven summaries can be generated by collecting obtrusive sourced 

information from the users. In Obtrusive sourced information, a user consciously provides 

information to support the summarization procedure. Existing literature use various categories 

of obtrusive sourced information to produce summaries. For example, information acquisition 

from the user profiles [42, 54] and user queries [5, 37, 40]. User query-based systems produce 

customized summaries based on duration, events, and objects. Xu et al. [40] proposed a user 

query operated summarization system. Keywords were extracted to analyze the queries 

followed by categorization of the query class by using these keywords. Queries were classified 

into categories namely, general and specific queries. General query refers to the general 

summary of the game, whereas specific query refers to a summary of any specific player, event 

or team.   

Few existing systems [24] created user profiles to collect the personal preferences of users 

to generate personalized summaries. Toshi et al. [24] presented a content based video retrieval 

approach for baseball indexing by using visual and textual features. This method [24] initially 

focus on detecting domain specific scene shots, followed by finding the exact location of 

actions like batting and pitching via dynamic programming matching. Input query was finally 

used to generate user driven summary.   

Existing literature [1,11,20] on personalized video summarization also offer users the 

facility to retrieve the required duration of summary. Yihong et al. [1] proposed a user driven 

summarization system that provide video skims according to user-specified length. Similarly, 

in [20] a user driven method was proposed to generate video summary for tennis according to 

user specified summary length.   
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In this thesis, an excitement and key-event detection methods are presented to generate a 

user operated/driven summary of the sports videos. User can retrieve video summary of the 

required length. The proposed method divides the summary length specified by the user to the 

total number of key-events. This provides the length for each key-event that must be included 

in the summarized video. Video skims of the computed length are generated against each key-

event. Finally, all video skims are appended in the sequential order to generate the video 

summary of user specified length. 

2.5. Content Driven Summarization 
Video summaries can be generated by using various contents such as features, objects, events, 

and user emotions. Content driven summarization is divided into four categories namely, 

feature driven summarization, object driven summarization, event driven summarization, and 

user emotions driven summarization. Each of these categories are illustrated in detail in this 

section. 

2.5.1 Feature Driven Summaries 

Feature driven summaries [4,9,10,14,28,29,57] are generated by analyzing low-level features 

such as color, motion, texture in images/videos and speech or silence sequences in audio 

streams. The main focus of feature oriented summaries is to process the low-level features 

without inferring any high-level semantics like objects, events, etc. As compared to feature-

driven summaries, object- or event-driven summaries also analyzes low-level features but with 

the purpose of detecting some object or event to generate the summary.  

Feature driven summaries focus on generating video summaries based on analyzing various 

raw and statistical features. Naveed et al. [29] presented a simple aggregation mechanism based 

on correlation, color histogram and moments of inertia features to extract the key-frames. A 

contributing value parameter has been computed by comparing each of these measures against 

a specified threshold. The contributing value has been compared against a predefined threshold 

to identify the key-frames. Gunsel et al. [14] have proposed a video abstraction technique based 

on content analysis that consists of key-frame selection, scene change detection and grading of 

similar frames. Color histogram was used to rank similar frames. Scene change detection has 

been performed by applying automatic threshold selection techniques. Munder et al. [4] have 

proposed a Delaunay triangulation based cluster method for video summarization. Statistical 

features have been computed to identify inter-cluster edges that are removed to obtain delaunay 

clusters. Likewise, Wei et al. [9] have used statistical features of pixel likelihood ratio, edge 

change ratio and correlation in histogram coefficients to predict the similarity between 

successive frames. Key-frames are identified where a significant difference exist between 

consecutive frames.  
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Beside visual features, existing systems for feature driven summaries also uses audio 

features to generate useful video summaries. Rui et al. [22] have used temporal and spectral 

audio features (i.e. STE, MFCC, pitch) to determine the excited game segments. The problem 

has been treated as binary classification to discriminate between excited and non-excited 

speech. SVM has been used to detect the excited speech segments.  

2.5.2 Object Driven Summaries 

Object Driven summaries focus on generating synopsis based on specific objects such as 

human, ball, field, computer, table, etc. Summarization of sports videos often includes 

summaries based on various objects such as players, goal posts, referees, etc. Object driven 

summaries focus on analyzing low-level visual features to detect high-level objects that are 

then used to generate video summaries. Ekin et al. [13] used various cinematic features to detect 

key-events like goals, and object based features such as referee and penalty box to generate 

object specific summaries. Referee detection has been performed by projecting color histogram 

feature in vertical and horizontal directions. The peaks and the histogram spread was used to 

compute the rectangular area containing the referee region. Size invariant features have been 

used to identify the presence of referee in a bounding rectangular region. Penalty box has been 

detected to identify the goal events. Penalty box detection has been accomplished by finding 

the three parallel lines near the penalty box. Laplacian filter was used to compute the gradient. 

Hough transform was applied to detect three parallel lines to confirm the existence of penalty 

box in the current frame.  

Ren et al. [6] proposed an activity driven video summarization framework based on human 

activity detection. Fuzzy decision has been applied for frame divisions in various categories 

like shot detection and motion activities. Haar based features were used for human detection. 

Activity level for each frame has been computed on the basis of human detection and frame 

categories to identify the key-frames for summarized video. Similarly, Noboru et al. [42] 

proposed a personalized retrieval and summarization system for baseball videos. User driven 

summary was generated based on either players or events. Separate profile was created for 

players and events. Object based summary was generated on user query by collecting video 

segments of a specific player. A player profile was created by defining a pair of keywords 

(Player Name) and its weightage (frequency of search). Likewise, a profile for events was also 

created by listing event type and its weightage as a keyword pairs. Video skims of specific 

players or events were retrieved according to the order of preference degree.  

2.5.3 Event Driven Summaries 

Event Driven summaries rely on generating synopsis based on detecting significant events in 

the input video. In sports like soccer and hockey these events can be goals, penalties, fouls, free 

kicks and corner kicks. In cricket, some significant events can be boundary, sixes and 
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wicket/dismissals. Existing event based summarization frameworks consist of methods that 

performs event detection [12-13,17-19,21,25,30,40] only as well as those that performs both 

event detection and classification. [26,31,32,42].  

Shih et al. [3] have presented an event specific summarization scheme that used structural 

knowledge for event detection of baseball videos. Running, defense and pitching events have 

been identified.  A unified event based summarization approach for sports video has been 

presented in [18] by integrating the highlights into play segments while retaining break 

segments. Baoxin et al. [19] presented a model for indexing and summarization of soccer videos 

based on key-events detection. Video has been modeled by considering the sequence of events 

interleaved with non-events. Events have been defined as the duration of time in which some 

exciting event occurs. The events replayed by the broadcasters have been considered as the 

exciting events. This approach [19] is applicable to sports having action and stop patterns, like 

baseball as well as continuous actions oriented sports like soccer.  

Mao et al. [31-32] proposed an event detection system for baseball videos. Event 

classification rules have been presented by using the indicators i.e. shot transition and 

scoreboard statistics. Template matching techniques have been used to detect and recognize the 

scoreboard. Shot classification has been achieved via implementing shot transition classifier by 

proposing various approaches for pitch and field shot detection, adaptive playfield 

segmentation, and infield and outfield scene classification. Score board information and shot 

classification cues have been deployed to design a BBN classifier of low complexity for event 

classification. Baseball events have been identified by defining multiple classification rules. A 

dataset consisting of baseball videos of American League Champion Series was created for 

performance evaluation. Likewise, Noboru et al. [42] have proposed an event based 

summarization and retrieval system for baseball to retrieve the video segments of certain events 

such as homerun, single hit and strike out. Kijack et al. [26] used HMM to conduct structural 

analysis of tennis videos. Visual features consisting of color and motion features have been 

employed to generate two classes of shots, namely, game and non-game shots. HMM has been 

trained and applied to further examine the temporal interleaving of shots to detect distinct 

events in tennis i.e. long rally, short rally, missed serve, etc.   

2.5.4 User Emotions Driven Summaries 

As it has been already discussed that the user operated/driven summaries can be generated by 

collecting obtrusive source of information from the users. There exists another source of 

information gathering technique known as unobtrusive source, which gathers information 

without any conscious input from the user. The summary generated from unobtrusive sourced 

information is categorized as user emotion driven summaries. For example, analyzing user 
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behaviors and movements [33, 36, 41], users browsing and access patterns [42], and user 

attention modeling [8, 34, 35, 38, 39].  

Wei et al. [33] proposed a personalized video summarization system for domestic videos by 

conducting behavioral analysis of user response to include the frames of user interest in the 

summary. User’s interest have been judged by formulating the emotion and attention measures. 

Head motion, eye blinking and movement of users have been analyzed to predict various states 

of user attention. User emotions have been judged by facial expressions. Interest scores have 

been computed by the mutual combination of emotional and attention characteristics. The final 

summary has been generated by extracting the frames of high interest scores. 

User attention modeling techniques are used to acquire the information regarding user 

excitement while watching a video. These techniques generate user emotions driven summaries 

by using unconscious feedback from the user. Alan et al. [35] presented a sports video 

summarization framework based on excitement modeling. The framework has been designed 

to process those video shots which have more chances to excite the users. Real time video 

analysis and psychophysiological research has been used to assess the viewer’s excitement. An 

excitement time curve has been used to model the variations in user’s excitement followed by 

applying an adaptive filtering technique to generate the highlights. User attention modeling 

approaches have been used in combination with audio-visual features based techniques to 

generate video summaries. Similarly, Yu et al. [34] proposed a generic framework for user 

attention modeling that was then used for video summarization. User expressions and arousal 

were observed while watching the videos. Attention modeling techniques were deployed to 

generate the attention curves. The final attention curve has been obtained by fusing the visual, 

aural and linguistic attention schemes. Attention curve has been analyzed to extract the key-

frames and video skims around the peaks of the attention curve.  

In this thesis, various content categories are used to generate the summary of sports videos. 

The proposed decision tree architecture for video summarization detect various key-events in 

the input cricket video to generate an event driven video summary. The proposed replay 

detection method uses visual and textual features to generate the feature driven summary of 

replay segments.  

2.6. Summarization Techniques 
Existing summarization techniques for sports videos can be classified according to learning-

based- or non-learning-based techniques. Learning-based techniques rely on training a 

classifier to generate summary while non-learning-based techniques use various statistical 

analysis to produce video summary. Each of these categories is discussed in this section.  
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2.6.1 Learning-based Summarization techniques 

Learning-based techniques [2,5,39,57] employ classifiers to perform various tasks in video 

summarization applications. Learning-based techniques can offer better results at the cost of 

increased computational complexity. Eldib et al. [107] have presented a soccer video 

summarization method based on replay detection. Shot boundary detection has been performed 

by comparing the dominant grass field color and histogram between successive frames. Hard 

threshold values are used for both the grass field and histogram values in this method that are 

dependent on selected sports videos. Statistical analysis was performed for logo identification 

that was then used to detect replays in the input soccer video. Shot classification was achieved 

by comparing the green and blue components of input RGB frame against the fixed threshold 

values. Caption was detected by using a manually selected abrupt temporal intensity at bottom 

section of a video frame. This approach has a dependency on the caption placement. Rule-based 

classifier was finally used to identify high-level key-events i.e. attacks, goals and fouls in soccer 

videos. Similarly, Ariki et al. [57] have used audio-visual features to develop a retrieval and 

summarization system for scene extraction of live baseball videos. The pitching frames have 

been extracted by encoding real time baseball videos. A speech recognition technique based on 

HMM has been deployed to transform the speech into textual keywords. The pitching frames 

containing the keywords, such as home run, two-base hit and three-base hit have been extracted 

to include them in the summarized video.  

Existing learning-based systems [5,39] for video summarization mainly focus on 

identifying logos for replay detection. For example, Zawbaa et al. [39] have trained the positive 

and negative logo samples on two classifiers, SVM and NN for replay detection. K-means 

clustering, Gabor filter, and Hough transform have been used to detect the goal post. These 

logo detection based techniques have dependency on the logo design, color, and placement. 

Moreover, these methods are computationally expensive due to the taxing activity of classifier 

training for logo detection.  

2.6.2 Non-Learning-based Summarization techniques 

Although learning-based techniques at times can provide reasonably better results as compared 

to non-learning-based techniques but at the cost of higher computational complexity. To 

address limitations of learning-based techniques such as computational complexity, non-

learning-based techniques [48-49,51,54,106-109] have also been proposed for video 

summarization. Non-learning-based methods use the game observations e.g. logo placement, 

game transitions, whistle detection, etc. to find the clear patterns for precise video 

summarization [5, 19]. Meanwhile, non-learning-based methods are slightly static in nature, 

therefore, are unable to detect key-events if the observational information is improperly 

detected as described in [51]. For example, Nguyen et al. [48] have used histogram difference 
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and contrast features to identify logo frames that are used for replay detection. Performance of 

this method depends on the presence of logo frames in the input video. Likewise, Xu et al. [107] 

presented an approach for logo detection by computing difference in frames to create the logo 

template from the frames in soccer videos.  Similarly, Eldib et al. [109] and Chen et al. [31] 

have used statistical features to distinguish between the replay and non-replay segments.  

Noboru et al. [54] proposed a method based on utilizing the game statistics to detect 

significant events from the input video. Text content available in overlays has been matched 

with game statistics to identify the key-events. The highlights have been compiled from the 

detected events according to the user preferences regarding favorite team, players and key-

events in the game, beside the summary length. This method [54] still possesses some unsolved 

problems like refinement of profile, evaluation from various distinct aspects and performance 

evaluation for diverse video streams. User profiles have been created to gather user preferences 

that are used to generate video summary. Users were asked to provide information regarding 

their favorite teams, players, and events besides the required summary length. 

In this thesis, a hybrid approach consisting of both the learning- and non-learning-based 

techniques is proposed for video summarization. The proposed replay detection method uses a 

non-learning-based method to detect the gradual transitions to extract the candidate replay 

segments. Whereas, a learning-based method based on OCR is used to recognize the characters 

that detects the presence (resp. absence) of the score-captions in the frame.  

A decision tree architecture is proposed to perform shot classification in sports videos. A 

non-learning-based method is used to detect the shot boundaries (Hard Cuts). Learning-based 

methods are used to perform face and human detection that are then used to classify various 

shots. Rule-based induction is applied to create various decision rules from the decision tree. 

Entropy is computed against each rule to select the best rules against each shot category (i.e. 

long, medium, close-up, out-of-field/crowd). 

A hybrid method for excitement and key-events detection is also proposed to summarize 

long duration sports videos such as cricket. For excitement detection, a non-learning-based 

method is proposed to identify the possible candidates of the excited audio clips. These 

candidates are processed further by applying a learning-based method using the SVM classifier 

to detect the excited audio clips. The video frames that corresponds to the excited audio clips 

are further processed by a decision tree framework to detect the key-events in the input video. 

2.7. Replay-based Video Summarization 
Existing sports video summarization approaches can be broadly divided into two major 

categories: (i) summarization from live videos [13,19], and (ii) summarization using replay 

detection [2,5].   
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Broadcasters use key-events in sports videos for indexing, retrieval, promotion, trailers, 

and replays.  Replays are created by sports broadcasters to show the exciting events during live 

matches, therefore, replay detection is an effective approach to identify key-events in a video. 

Replays, in general, are included after any interesting event in the game to present details of 

key-events in slow-motion. It is, therefore, commonly used in sports video analysis for event 

detection and highlights generation [5,13,18,19,23,39,48-49].  

Existing state-of-the-art on sports video analysis has been mainly focused on key-events 

detection [31-32], replays detection [2,5,39], video indexing and retrieval [40,42], shot-

boundary detection and classification [13,19,26,30], and highlights generation [19,49].  

During live broadcasting of sports events, replays are commonly used to emphasize on the 

occurrence of significant events, which is motivation behind using replays for highlights 

generation from sports videos. Replay detection process is an important step in video 

summarization. Recently, many replay detection techniques have been proposed for sports 

videos [2,5,18,39,48,50].  

Learning- as well as non-learning-based techniques have been proposed for replay 

detection based on slow-motion [2, 106] and logo transition [110-111]. For example, Pan et al. 

[2] have proposed a replay detection system based on slow-motion segment identification and 

extraction. Hidden Markov model (HMM) has been used to represent the slow-motion 

segments. Viterbi algorithm has been employed to detect the boundaries of slow-motion 

segments. This method depends on the homogeneity of slow-motion speed for entire replay. 

Some broadcasters display small portion of the replays in slow speed and rest of the replay in 

normal speed. The replay detection accuracy of this approach [2] degrades significantly in case 

of variation in replay speed. Accuracy and reliability of candidate replay segment detection is 

one of the limitations of this method. Pan et al. [5] improved the performance of their approach 

by presenting a replay detection system based on identifying logo scene transitions in 

combination with slow-motion detection [5]. The improved method [5] first detects two replay 

segments that are used to identify a pair of similar frames in the preceding frames of the detected 

replay segments. Replay segments wre identified by grouping logo frames and slow-motion 

detection. Bai et al. [50] have also proposed a logo detection technique that uses a combination 

of key-frame and logo template for logo detection in sports videos. Dynamic programming and 

cluster analysis was used to learn logo template from sports videos.  

Existing research work [114-116] have also used rule based classification methods to detect 

the logo frames. Few research works [110-111] have also exploited transition effects for replay 

frame detection. For example, Su et al. [110] proposed a transition effect detection technique 

to identify likely highlight sequences in baseball videos. A transition effect template has been 

generated for the archived video by selecting a collection of video segments. The slow-motion 

video segments have been searched by comparing the candidate frames with this template. The 
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extracted slow-motion segments have been processed further to obtain more accurate highlights 

by training HMM to classify four distinct events in baseball. Similarly, Jinjun et al. [111] 

proposed a replay detection technique by using the context information that has been learned 

from the transition of shot types. The dependency on shot classification degrades the accuracy 

of this technique.  

Many researchers [10, 48, 50] have exploited motion features for replay detection. For 

example, Duan et al. [10] have used motion features to develop a logo detection technique based 

on mean shift. Similarly, Wang et al. [106] proposed a generic framework to detect slow-motion 

replays in sports videos based on the difference of motions between the normal and slow-

motion video shots. Zhao et al. [108] have used speeded-up robust features (SURF) to detect 

logo patterns in sports videos. 

To address aforementioned limitations of existing replay detection methods, a 

computationally efficient hybrid method [51] for automatic highlights generation from sports 

videos is proposed. This method [51] presents a framework for replay detection in sports videos 

to generate highlights. For replay detection, the proposed work exploits the following facts: (i) 

broadcasters introduce gradual transition effect both at the start and at the end of a replay 

segment, and (ii) absence of score-captions in a replay segment. A dual threshold-based 

technique is used to detect the gradual transition frames from the input sports videos. Successive 

gradual transition frames are used to detect the candidate replay segments. These candidate 

replay segments are fed into the OCR algorithm to detect the absence/ presence of score-caption 

that is used to label replay/live frame. The proposed technique is discussed in detail in Chapter 

4. The block diagram of the proposed technique is shown in Fig. 2.7.  

 

Figure 2.7. Block Diagram of Proposed Replay Detection Method [51] 
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2.8. Evaluation Techniques for Video Summarization  
Performance evaluation measures ranging from unified [3,7,12,13,18,20,23,26,28-32,43,45,57] 

to ad-hoc [1,4,6,10,11,14,21,24,25,54] have been proposed to test the effectiveness of video 

summarization systems. It has been noted that a consistent evaluation framework for video 

summarization is lacking. This might be the reason behind using customized set of measures 

for performance evaluation [4,6,11,21]. Lack of objective ground truth for video summarization 

makes it challenging to measure the performance evaluation of system. To get around this issue, 

researchers commonly rely on subjective evaluation measures such as Informativeness 

[7,8,12,34,38], Expressive-ability [36], User Excitement [19,22,41], and Enjoyability 

[7,8,12,34,36,38]. The subjective evaluation criterion, however, depends on user feedback and 

application domain which make it difficult to design a standard subjective evaluation measure. 

A unified assessment framework is needed for benchmarking performance evaluation of video 

summarization systems. 

The existing performance evaluation methods for video summarization can be divided into 

two major categories, namely: (i) Objective evaluation, and (ii) Subjective evaluation. A brief 

overview of each evaluation method is provided in the following. 

2.8.1 Objective Evaluation 

Objective evaluation criterion relies on metrics such as precision, recall, accuracy, false alarm 

rates, etc. to measure the performance of video summarization systems. It is quantitative metric 

to assess effectiveness of the underlying video summarization system. For video summarization 

systems, it is used for performance evaluation of tasks such as shot boundary detection, shot 

classification, and key-frame extraction. Video summarization techniques generate a summary 

consisting of either key-frames or video skims extracted from the input video, which is used 

for subjective as well objective performance evaluation. Various objective measures have been 

proposed for performance evaluation of video summarization techniques, such as precision and 

recall [2,3,7,12,13,18,23,26,30-32,41], [3,13,31,32,40], false alarm rates [3,9,16,20,30], miss 

and hit rates [9,16], mean absolute and mean square root errors [15], and mean accuracy and 

mean error rates [28-29].    

The four building blocks of various metrics namely true positive, true negative, false positive 

and false negative are discussed here. 

 True Positive (TP): It refers to the positive samples that are correctly labeled by the 

classifier.  

 True Negative (TN): It refers to the negative samples that are correctly labeled by the 

classifier.  

 False Positive (FP): It refers to the negative samples that are incorrectly labeled as 

positive by the classifier.  
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 False Negative (FN): It refers to the positive samples that are incorrectly labeled as 

negative by the classifier. 

Some of the most widely used metrics are defined as follows;  

 Precision Rate (PR): It is a ratio of number of correctly labeled events (or frames), TP, 

to the total number of events detected, which can be expressed follows: 

TP
PR

TP FP



      (2.1) 

 Recall Rate (RR): It is a ratio of true detection rate with respect to the actual events 

(frames) in the video, which can be expressed as follows: 

TP
RR

TP FN



      (2.2) 

 Error Rate (ER): It is a ratio of the miss labeled events (both false positives and false 

negatives) to the total number of events examined. It can be expressed as follows: 

FP FN
ER

P N





      (2.3) 

 Accuracy Rate (AR): It is a ratio of the correctly labeled events (both true positives and 

true negatives) to the total number of events, which can be expressed as follows: 

TP TN
AR

P N





      (2.4) 

Where P represent the positive samples (events) and N represent negative samples (Non-

events) 

Precision and recall is the most commonly used objective measure for video processing 

applications ranging from indexing and retrieval [24,25,37,40-42,56], to summarization 

[2,3,7,12,13,18,23,26,30-32,42]  and browsing [40-42]. Ekin et al. [13] proposed a video 

summarization framework based on cinematic and objective-based features for soccer videos. 

Performance of the shot-boundary detection, goal detection, and slow-motion replay detection 

algorithms in [13] has been evaluated using precision and recall measure computed using 

correct, false, and miss rates. A dataset consisting of 13 hours of soccer videos, encoded in 

MPEG-1 format with 352x240 spatial resolution at 30 fps was created for performance 

evaluation. Similarly, performance of shot-classification algorithm in [13] has been evaluated 

by using accuracy rate, and referee and penalty-box detection algorithms using recall and 

confidence rates. Likewise, efficiency of video summarization algorithms in [13] has also been 

evaluated using computational complexity measure. Similarly, in [18,43] precision and recall 

was also used to evaluate the robustness and reliability of the proposed event detection 

algorithms. Shih et al. [3] have also evaluated the performance of proposed semantic extraction 
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and highlight detection algorithm for baseball videos, using a modified version of precision and 

recall rates. Likewise, existing video summarization techniques [2,3,7,12,13,18,23,26,30-

32,42] used precision and recall metric to evaluate the  performance of proposed algorithms.   

Accuracy rate is another useful metric commonly used for performance evaluation. For 

example, Hao et al. [5] proposed a replay detection system for sports videos, e.g., baseball, 

soccer, etc.  The proposed system relies on logo identification in scene transitions to detect 

replays in the input video. Performance of this method [5] has been evaluated using accuracy 

and recall measures on a dataset consisting of fourteen baseball and soccer videos of 730 

minutes duration, encoded in MPEG-1 format with 320x240 spatial resolution at 30 fps.  

Beside the most commonly used metrics such as precision and recall rates, researchers have 

also proposed custom metrics such as event retrieval ratio (ERR) [21], content rejection ratio 

(CRR) [21], significance factor (SF) [4], compression factor (CF) [4], and overlap factor (OF) 

[4] for performance evaluation. Specifically, sadlier et al. [21] proposed the metrics ERR and 

CRR to evaluate the effectiveness of event detection method for sports. The ERR represents 

the events retrieved to the total number of events in the video and the CRR represents the 

amount of content rejected to the total video content. Likewise, Munder et al. [4] have proposed 

three metrics, namely significance factor (SF), compression factor (CF) and overlap factor (OF) 

to measure the performance of the clustering algorithm [4] for summarization. SF gives 

significance of the content in each cluster. The reduction in frame count ratio as compared to 

the original video is measured through the CF, and the OF metric indicates the similarity 

between the selected key-frames of this algorithm [4] and OV [103] storyboard collection. In 

the proposed work, precision, recall, accuracy, error, ROC curves, confusion matrix, entropy, 

and F-1 score metrics are used to evaluate the performance.  

A reference summary needs to be created for objective evaluation, which must be used for 

comparison with automated summaries. These reference summaries are usually known as 

ground truth summaries. Ground truth refers to the absolute truth of something. Ground truth 

video summaries are created by the users to define a standard summary for evaluation of 

automated summaries. Existing research work [12, 22, 33, 40, 41] mentioned in the literature 

have created ground truth summaries for evaluation purposes. 

In this thesis, objective evaluation is performed to measure the performance of the proposed 

methods for shot classification, replay detection and key-events detection for video 

summarization. Precision, recall, accuracy, error rates, F-1 score, ROC curves, confusion 

matrix, entropy, etc. are used to evaluate the performance of the proposed methods. These 

evaluation metrics are standard measures used by the existing state-of-the-art methods. 
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2.8.2 Subjective Evaluation 

Subjective evaluation, on the other hand, represents performance evaluation based on user 

feedback score or ratting. The user feedback score or ratting is generally recorded on an 

ordinal/linear scale such as 0: very dissatisfied, 1: somewhat dissatisfied, 2: neutral, 3: satisfied, 

4: very satisfied. As the subjective evaluation is based on user feedback, therefore it is 

considered as the most valuable and realistic evaluation method. It also a time consuming 

process which involves formal IRB (internal review board) approval, human subject 

enrollment, and subject training and evaluation, therefore it is rarely used for performance 

evaluation. Moreover, the subjective nature of this mechanism makes it difficult to define a 

benchmark as the quality parameters may vary among different users. For subjective evaluation 

of video summarization techniques, various user feedback scales have been proposed in the 

literature such as Informativeness [7,8,12,34,38], Enjoyability or User Excitement 

[7,8,12,19,22,34,36,38,41], Expressive-ability [36], (Good, Neutral, Bad ratings) [8], 

Satisfaction score [33,42], and Attention Score [38].  

Chong et al. [7] examined the video summarization technique based on two subjective 

criteria, namely Enjoyability and Informativeness. Experimental setup has been designed by 

asking 20 students to rate the quality of videos with different skim lengths, including the 

original full-length video. For each test video, the user is asked to provide Enjoyability and 

Informativeness scores on a scale of [0 100]. The average scores for skimmed videos of varying 

lengths was compared with scores of the original videos. Similarly, Junyong et al. [36] 

presented a user-based subjective study to test the static and dynamic summaries generated by 

their framework in [36]. The proposed technique was tested on five diverse genres of videos 

ranging from sports, cartoons, movies, documentary, and news domain. Twenty users were 

selected for evaluation and requested to rate the summary based on its ability to express the 

original content accurately. The length of summaries was fixed at 5%, 12.5% and 25% during 

the evaluation of dynamic summaries. Enjoyability is also used for evaluation besides 

Expressive-ability.  

Beside the most popular measures like Informativeness, Enjoyability and Expressive-ability, 

there exists a practice of using custom measures as well for subjective evaluation. Changsheng 

et al. [40] also conducted a subjective study to evaluate the user-driven framework for sports 

video retrieval on soccer and baseball videos. Twenty users of opposite genders were invited 

for evaluation. Subjective ratings were acquired from users by selecting the parameters like 

Smoothness, Completeness and Acceptance on the scale of one to five, in which one means 

strongly reject and five means strongly accept. The subjective ratings for smoothness and 

completeness parameters were found quite encouraging as compared to the acceptance factor 

which got a relatively low score in this study. In [12], video summarization framework was 

evaluated by Usefulness, besides Informativeness and Enjoyability. Existing literature [33,42] 
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have provided subjective evaluation by asking users to rate the summary according to 

Satisfaction Score. 

Existing literature also integrate the commonly used measures like Informativeness and 

Enjoyability with some non-conventional measures. For example in [38] Attention Score has 

been used to measure the motion attention model beside Informativeness and Enjoyability to 

evaluate the video skimming algorithm.  

In this section, an abstract analysis of the evaluation techniques (Objective and Subjective) 

used in the proposed and existing video summarization methods are presented in Table 2.4. 

Moreover, Table 2.4 also provides the information regarding the dataset category (Standard, 

Custom) used by the proposed and existing methods.  

Table 2.4. Evaluation Techniques 

Methods Summary Evaluation Standard 

Dataset 

 Objective Evaluation Subjective Evaluation Y N 

Hao et al. [2] Success rate, Miss rate Subjective ratings    

Shih et al.[3] Precision, Recall, Accuracy, False Alarm  

 

  

Munder et al. [4] Significance factor, Compression factor, 

Confidence factor 

 [103] 

 

Hao et al. [5] Accuracy, Recall     

Ren et al. [6] Inclusion of frame accuracy, 
Inclusion of motion activities 

 [104]  

Chong et al. [7] Precision, Recall rate Enjoyability, Informative-ness    

Yu et al. [8]  Enjoyability, Informativeness, 

Good, Neutral, Bad 

   

Ren et al. [9] Hit rate, Missing hit rate, Negative false alarm  [105]  

Duan et al. [10] Precision, Recall     

Dale et al.   [11] Representative score, Highlight score     

Yanwei et al. [12] Precision, Recall Enjoyability, Informativeness, 
Usefulness 

   

Ekin et al. [13] Precision, Recall rate, Accuracy rate     

Luo et al. [15] Detect rate, Miss rate, False alarm rate, Mean 

absolute error, Mean square root error 

    

Zhang et al. [16] False alarm, Miss     

Min et al. [17] Error rate     

Dian et al. [18] Precision, Recall rate     

Baoxin [19]  User Excitement    

Coldefy et al. [20] Precision rate, False alarm     

Sadlier et al. [21] Content rejection ratio, Event retrieval ratio     

Rui et al. [22] Correct, False Alarms     

Chang et al. [23] Precision, Recall     

Kijak et al. [26] Precision, Recall     

Avila et al. [28] Mean error rate, Mean accuracy rate   [103]  

Naveed et al. [29] Mean error rate, Mean accuracy rate  [103]  

Ahmed et al. [30] False alarm rate, Precision, Recall     

Mao et al. [31-32] Recall rate, Precision rate, Accuracy rate     

Wei et al. [33]  Subjective rating    

Yu et al. [34]  Enjoyability, Informative-ness    

Junyong et al.[36]  Enjoyability, Expressive-ability    

Han et al. [37] Precision, Recall     

Yu et al. [38]  Enjoyability, Informative-ness    

Zawba et al. [39] Precision, Recall     

Changsheng et al. [40] Accuracy, Correctness 
 

Acceptance, Smoothness, 
Completeness 

   

Gyangyu et al. [41] Precision, Recall Excitement    

Noboru et al. [42]  Subjective rating    
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Dian et al. [43] Precision, Recall     

Jung et al. [44] Accuracy     

Nitta et al. [45] Accuracy, Precision, Recall     

Ariki et al. [57] Precision, Recall, Accuracy, Correctness     

Ali et al. [51] Precision rate, Recall rate, Accuracy rate, Error 

rate, F-1 Score, ROC curves, Confusion Matrix 

    

Fernando et al. [100] Precision, Recall     

Wang et al. [106] Accuracy, Error     

Xu et al. [107] Precision, Recall     

Feng et al. [108] Precision, Recall     

Eldib et al. [109] Precision, Recall     

Su et al. [110] Precision, Recall     

Wang et al. [111] Precision, Recall     

Chen et al. [112] Precision, Recall     

Kolekar et al. [113] Importance of degree     

Zhao et al. [114] Precision, Recall     

Dang et al. [115] Precision, Recall     

Namuduri et al. [116] Accuracy     

Zhou et al. [123] Accuracy, Recall     

Tavassolipour et al. [124] Precision, Recall     

Nyugen et al. [137]  Subjective ratings    

Duan et al. [154] Precision, Recall     

Harikrishna et al. [155] Precision, Recall, F-1 Score     

Lang et al. [156] Precision     

Tong et al. [157] Precision, Recall     

Tang et al. [160] Error rate     

Proposed Shot Classification 
Method 

Precision rate, Recall rate, Accuracy rate, Error 
rate, F-1 Score, Confusion Matrix, Entropy 

    

Proposed Summarization 

Method 

Precision rate, Recall rate, Accuracy rate, Error 

rate, F-1 Score, Confusion Matrix, Entropy 

    

 

2.8.3 Dataset 

Performance of the video summarization algorithm is generally evaluated on publically 

available or privately generated datasets. Datasets used for performance evaluation can be 

classified into two main categories, i.e., (i) standard datasets, and (ii) custom datasets. Standard 

video datasets generally consist of a diverse set of images and videos that are created with the 

purpose of algorithm evaluation and performance comparison. However, in case a standard 

dataset is not available for some domain then there exist a practice of designing a custom dataset 

for performance evaluation of a given algorithm. The problem with custom datasets is that these 

datasets usually consist of video samples limited in length, diversity, and quantity. Moreover 

custom datasets are generally tailor made for performance evaluation of a specific algorithm. 

Custom datasets can be effective in case if the dataset (videos or images) is ample in diversity, 

length and quantity. Custom datasets are commonly used in case of unavailability of a standard 

dataset. For example, for summarization of sports videos, most researchers prefer to design 

custom datasets for performance evaluation due to unavailability of a standard dataset. For 

summarization of sport videos, various research groups [3, 13, 16-26, 30-32, 35, 40-43] have 

evaluated performance of their algorithms on custom datasets. 

For a rigorous performance evaluation and fair comparative analysis performance of a given 

algorithm should be tested on standard datasets such as Open Video Project (OV) dataset [103], 

TRECVID [104], UCF Sports Action Dataset [105], etc. These datasets can be generic like OV 
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dataset [103] and TRECVID [104] which either includes the collection of all genres such as 

documentaries, news, sports, cartoons or domain-specific, like UCF dataset [105].  Various 

researchers [4, 6, 9, 28, 29] have tested performance of their algorithms/system on standard 

datasets. For example, Munder et al. [4] have tested the performance of their summarization 

method on MPEG compressed video sequences of OV dataset [103]. Similarly, Avila et al. [28] 

used 50 videos from OV dataset [103] to evaluate their static summarization approach called 

VSUMM, besides testing on several videos collected from YouTube as well. Ejaz et al. [29] 

also used OV dataset [103] to compare performance of their algorithm with existing state-of-

the-art techniques [4, 28]. Ren et al. [6] has tested the performance of their summarization 

framework on TRECVID dataset [104]. 

Custom datasets can also be used for rigorous performance evaluation if it is created with a 

large collection of videos recorded in diverse conditions. Moreover, it can also be used for fair 

comparative analysis if the dataset videos are created with the same settings as used by the 

existing methods.    

In this thesis, a custom dataset [153] has been created that consist of a large collection of 

sports videos having different lengths, and recorded under diverse illumination conditions (day 

light, artificial light). Since the sports broadcasters add various editing effects (gradual 

transition, variation in camera views, logo, and replay speed, etc.) during replays, therefore, 

dataset with videos having variations in replay speed, camera orientation, logo design, size, and 

placement has been created. Moreover, the dataset videos contain different types of gradual 

transitions (wipe, dissolve, etc.). These diverse settings of the dataset are effectively used to 

evaluate the robustness of the proposed replay detection method [51] against the above- 

mentioned limitations. Since the proposed video summarization framework uses audio and 

textual (score-captions) features to generate the highlights, therefore, dataset videos have been 

created that contains background noise in the audio signal, and variations in the design, size, 

and placement of score-captions. The dataset videos are created in presence of these limitations 

to effectively test the robustness of the proposed video summarization method against these 

limitations. These settings of the dataset provides a good indicator of rigorous performance 

evaluation of the proposed method in presence of these constraints.  

2.9. Discussion 

In this chapter, video summarization literature is thoroughly investigated from various 

perspectives. The output of the video summary can be static images or skimmed video. The 

proposed work generates the output in the form of video skims as it is more expressive summary 

type among the users. In this thesis, replay detection [51] and key-events detection frameworks 

are proposed to generate a dynamic video summary for sports videos. Sports videos consist of 

audio and visual streams that contains useful visual and audio features. Moreover sports videos 
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also contains score-captions that can be analyzed to detect significant events in the game. 

Therefore in the proposed work visual, audio, and textual features are used in combination to 

perform shot classification, replay detection, and video summarization. Visual features are used 

to propose a shot classification method. Visual and textual features are used to design a replay 

detection framework [51]. Visual features (histograms) are used to extract the candidate replay 

segment that reduces the search space of replay frames detection. Textual features (score-

captions) of the candidate replay frames are used to classify between the replay and live video 

frames. Similarly, audio and textual features are used to propose a video summarization 

method. Audio features are used to detect excited audio clips in the first phase. Textual features 

are analyzed in the corresponding video frames of the excited audio clips to detect key-events 

in the cricket videos for summarization. Audio analysis stage reduces the search space of key-

events detection in the proposed method. Video summaries can be generated by using different 

contents such as events, objects, features, user emotions etc. In this thesis, various content 

categories are used to generate the summary of sports videos. Since the sports videos contain 

various significant events that excite the users, therefore, a decision tree architecture is proposed 

to detect key-events in the sports videos to generate event driven video summary. Existing 

methods for video summarization are based on either learning- or non-learning-based 

techniques. In this thesis, hybrid approaches consisting of both the learning- and non-learning-

based techniques are proposed for shot classification, replay detection, and key-events detection 

for video summarization. Learning-based approaches are used to enhance the classification 

accuracy whereas, non-learning-based approaches are used to reduce the computational cost. 

Sports videos can be summarized either from the live videos or replays detection. In this thesis, 

sports videos are summarized from both the live videos as well as replays. Video summarization 

techniques can be automated or user driven. The proposed replay detection framework 

generates automated summary whereas, key-events detection framework provides a user driven 

summary. User driven summarization generates a video summary of user specified length. 

A custom dataset is created for performance evaluation of the proposed work due to the 

absence of a standard dataset for sports video summarization. Two categories of evaluation 

techniques namely objective and subjective evaluations are applied to measure the performance 

of video summarization algorithm. Subjective evaluation techniques rely on user feedback and 

a time consuming process which involves formal IRB (internal review board) approval, human 

subject enrollment, and subject training and evaluation. Therefore it is rarely used for 

performance evaluation.  Objective evaluation, on the other hand, is a quantitative measure that 

relies on metrics such as precision, recall, accuracy, error rates, etc. to measure the 

performance. In this thesis, objective evaluation metrics are used for performance evaluation 

of the proposed methods. 
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3.  SHOT CLASSIFICATION FOR SPORTS VIDEOS 

Sports videos content analysis have been investigated for many years to provide various 

applications such as video content retrieval [24-25], indexing [19], browsing[11, 137] and 

summarization[54-55] for sports. Video segmentation is performed in the initial phase of any 

sports video content analysis application by detecting the transitions between different video 

shots. Shot transition/boundary detection is performed to achieve temporal video segmentation 

that splits the video into separate shots and becomes convenient for further processing.  

Shot boundary detection can be performed in various ways such as pixel wise difference 

comparison, histogram difference comparison, edge change ratio comparison, etc. Pixel 

difference based approaches [138-139] are sensitive to camera motion that makes it less feasible 

for shot detection in sports videos where we experience extensive camera motion frequently. 

Performance of pixel difference based techniques for shot boundary detection in sports videos 

are not up-to the mark and urge researchers to find more effective solutions. Edge change ratio-

based approaches [140] are also used to detect shot boundaries by comparing edge change ratio 

between successive frames. The performance of edge-based approaches degrades in case of 

minor difference in edge change ratio between the two frames belonging to different shots. To 

address the limitations of pixel difference-based and edge change ratio-based approaches, 

histogram difference comparison approaches [13, 19] have also been proposed.  Histogram 

difference comparison between successive frames is a better approach for shot boundary 

detection in sports videos as it is independent of camera motion. The proposed method uses 

histogram difference comparison between frames to perform the shot boundary detection.  

Shot classification is usually performed after shot boundary detection to infer the semantics 

that are useful to classify the scenes and detect high-level events in the input videos. Existing 

shot classification approaches categorizes the views into long, medium and close-up/out-of-

field shots. The proposed method partitions the sports videos into four view/shot categories, 

namely, long, medium, close-up and out-of-field/crowd shots.  

Existing research work have used both learning-based [13, 141-143] and non-learning-based 

[144-145] techniques for shot classification. Existing systems on shot classification have used 

various features such as color, shape, edges, textures, motion, etc. Color is one of the most vital 

attribute among visual features that are used in sports video contents analysis.  Grass color pixel 

ratio is the most commonly used color feature for shot classification in sports video. Ekin et al. 

[13] have used color pixel ratio to classify the shots among long, medium, and close-up views. 

Grass color pixels ratio can offer reasonable results to detect close-up shots as its low value 

indicates close-up shots, however, medium shots with high grass pixel ratio can be 

misinterpreted as long shots. This method [13] used grass color pixel ratio distribution of 
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selected segments of frames to train a Bayesian classifier to distinguish between medium and 

long shots. Grass color pixel ratio is also used in [19] to classify various shots.  

Existing learning-based approaches [141-143] for shot classification have also used motion 

features in combination with color features for shot classification in the input sports videos. 

Wang et al. [141] have used color and motion features to create an 11-dimensional feature 

vector, consisting of grass pixel color ratio and background motion features, that is fed to C4.5 

decision tree for shot classification. Jiang et al. [142] have used edge and motion features to 

train a support vector machine to classify various shots for tennis videos. A feature vector 

consisting of five edge distribution detectors and two optical flow features is created and fed to 

SVM for shot classification. These approaches have dependency on the motion variation of 

various shots.   

Shot classification has also been addressed by using the low-level features in combination 

with mid-level features. Ling et al. [143] proposed a unified framework by employing 

supervised learning to perform a top down shot classification for sports videos. A non-

parametric feature space analysis is performed to map low-level features consisting of color, 

texture, motion, and shot length into mid-level attributes such as motion entropy, active region, 

field shape, camera motion patterns, and shot pace that are then used for shot classification in 

sports videos.  

Beside learning-based techniques for shot classification researchers have also proposed non-

learning-based techniques to classify shots in various categories for sports videos. Pei et al. 

[144] used play field color distribution and histogram in combination with domain knowledge 

to index key-frames for scene classification of tennis and baseball videos. Histogram difference 

comparison was used to detect the serving scenes in tennis videos. Face detection was used for 

close-up scene classification. Hue and saturation values were used to determine the skin color. 

If the detected skin color pixels of a region exceeded a specified threshold then it was declared 

as a close-up shot. This method [144] has a limitation of false skin pixels detection for clay 

courts region in tennis videos and pitch field region in baseball videos. The proposed shot 

classification method also used face detection for close-up shot classification. The proposed 

work uses Haar-based features to address the above-mentioned limitation in [144] effectively. 

Chen [145] used field color distribution, color histogram similarity, and color-based object 

location verification to detect scenes and events in tennis and baseball videos.   

The proposed shot classification method for sports videos is summarized as follows: 

1. An automated method for shot classification of sports videos is presented by 

designing a decision tree architecture. 

2. Rule-based Induction is applied to select the least unpredictable rules that are most 

reliable and can be used effectively to classify various shots in sports videos. 
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3. The proposed method is robust to illumination conditions, different ground and 

pitch fields, camera variations, shot speed, game type and structure, etc. 

4. The proposed method addresses these limitations and successfully detect the shots 

for field sports videos.  

Rest of the chapter is organized as follows: Section 3.1 presents the proposed shot boundary 

detection method. Section 3.2 discuss the proposed decision tree framework for shot 

classification. Section 3.3 present a comprehensive analysis of the results and different 

experiments that are designed to evaluate the performance of the proposed method. Finally, 

section 3.4 provides a discussion on the outcomes of the experiments designed for performance 

evaluation. 

3.1   Shot Boundary Detection 

Shot boundary detection is commonly used to perform video segmentation by observing either 

abrupt or gradual transitions between consecutive frames. In this method, abrupt transitions are 

detected to partition the input sports videos into various shots. The general theme is to detect 

the difference between the frames represented by either the local features e.g. SIFT, LBP, and 

kernel density estimation [125, 146] or global features i.e. color histograms, color correlograms 

[30] and texture patterns [151-152]. As the techniques employing local features for frame 

representation are sensitive to zooming and camera position therefore their practical 

applications are very limited. Hence, in the proposed work shot boundaries are detected by 

histogram comparison of luminance (grayscale) component between the consecutive frames. 

The process flow of the proposed shot boundary detection method is presented in Figure 3.1.  

The input sports video is transformed into grayscale representation during pre-processing. 

The histogram of each grayscale frame is computed. Frames signify different shots if their 

histograms illustrate a prominent difference over the grayscale intensities. Difference of the 

histograms are computed as (Eq. 3.1): 

 1

1

| ( ) ( ) |
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i j j

i

D H i H i



        (3.1) 

Where Di represents the obtained difference while Hj(i) and Hj+1(i) represents the 

consecutive histograms with B bins. The value of Di will be small i.e. less than a threshold for 

the frames having similar shots and vice versa. The intensity histogram difference shows 

minimal value in case of continuous video frames, illumination variations and prominent 

movements as compared to abrupt transitions where its values shoots. This features makes the 

intensity histogram difference a perfect technique to detect cuts in videos by utilizing a suitable 

threshold value. In the proposed work, first- and second-order statistics are applied to calculate 

the threshold value as described in Eq. (3.2): 
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Figure 3.1. Process Flow of Proposed Shot Boundary Detection 

sbd h s hT p          (3.2) 

Where h and h  represents the first- and second-order statistics of the histogram of each 

frame respectively. The parameter sp  is a positive integer value in the range of 3 to 6 in the 

implementation of the proposed work. As the designed experiments have evaluated the most 

optimal results in this range. Shown in Figure 3.2 are the snapshots of detected shot boundaries 

(abrupt transitions) for small segments of soccer, baseball and cricket videos. 

 

Figure 3.2. Shot Boundary Detection for Soccer (Row-1), Baseball (Row-2), and Cricket (Row-3) 

Videos 
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3.2   Shot Classification 

Shots classification is usually applied after shot boundary detection to label each shot. Shot 

class information is commonly used in combination with some low-level features to express 

useful semantics regarding the video content. Shots are usually categorized into long, medium 

and close-up views in general [13], but in case of sports videos the shots can be categorized 

into various classes [20]. The proposed method classify the sports videos into long, medium, 

close-up, and out-of-field/crowd shots (discussed in section 2.3.2). The detailed approach of 

the proposed shot classification method is presented here. 

3.2.1 Grass and Pitch Field Detection 

The input sports videos are transformed from RGB to HSV color space to take the advantage 

of processing the chrome and luminance components separately. The Hue component is 

extracted from HSV color space for each frame and analyzed further to determine the grass 

field and pitch field pixels color. In the proposed method, a histogram is plotted for the hue 

component of each frame in the dataset videos during training. The dataset videos created for 

shot classification is diverse in illumination conditions (i.e. daylight, artificial light matches), 

length, sports genre, etc. It has been observed after analyzing the histograms of cricket and 

baseball videos that it contain two dominant ranges of peaks, one each for grass field and pitch 

field pixels. Hence, histograms of baseball and cricket videos are bimodal, whereas the 

histogram of soccer is unimodal as shown in Figure 3.3.  

The histogram of the hue component is analyzed to determine the color distribution for grass 

and pitch field pixels during the training stage. It has been observed after analyzing various 

amount of sports videos in different illumination conditions that the grass pixels distribution 

generally lie around the histogram bins of 40 to 70. Whereas, pitch field pixels distribution 

occurs in the range of bins of 10 to 35. The proposed approach calculates the histogram peak 

index, peakg  and peakp  for grass and pitch field by analyzing the histogram of hue component 

in these observed ranges. These peaks are then used to compute the grass field and pitch field 

pixels distributions. The peaks are identified after computing the average of histogram peaks 

on all frames of different videos and sports genre of the dataset. The peak is included for 

averaging if the histogram peak exceeds the threshold peakT . peakg is detected at bin, b=56, and

peakp at is detected at bin, b=26.  

In the proposed method, an interval min max( )peakg g g  is computed for grass field 

pixels, and second interval is defined for pitch field pixels that is min max( )peakp p p  . ming

and minp are identified by finding the lowest bins in the range of 40 to 70 and 10 to 35 

respectively that exceeds the threshold peakT over all frames of various sports videos during 
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training. Similarly, maxg and maxp are detected by finding the highest bin in the same ranges and 

threshold described above. The interval 
min max( )peakg g g  is detected at bins, b=48 to 

b=64 and min max( )peakp p p  at histogram bins, b=18 to b=34 in the proposed method. 

peakT  is set to 6000 in the proposed method after observing the histogram peaks of enormous 

amount of sports videos of the dataset that belongs to different genre. 

 

Figure 3.3. Histogram Peak Analysis for Ground Field Pixels and Pitch Field Pixels of Cricket (Row-1), 

Baseball (Row-2), and Soccer (Row-3) Videos 

3.2.2 Feature Extraction for Shot Classification 

Feature extraction is a key step to design an effective classification technique. The proposed 

method uses some innovative features like pitch field pixel ratio, face detector and people 

detector in combination of commonly used features i.e. grass field color pixels, edge pixels 

ratio, etc. to perform shot classification of sports videos. 

3.2.2.1 Grass Field Pixel Ratio (GFPR) 

The dominant field color is a key attribute for video content analysis of field sports. The field 

color is dependent on the illumination conditions, different stadiums, and grass color. As 

described earlier in section 3.2.1 earlier, grass field pixels are computed by identifying an 

interval min max( )peakg g g  . Each frame of the input sports video is transformed in HSV 

color space and hue component is analyzed to compute the grass field pixels ratio (GFPR). The 
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hue value of each pixel is scanned and a grass field counter countg is incremented if the 

corresponding pixel lie in the interval min max[ ]g g  as shown in Eq. (3.3).  

( ), ( , ,1)

,

i

count min max

count

g if g I r c g

g otherwise

     
 
  

     (3.3) 

Where 
( ) ( , ,1)iI r c represents the hue component of ith frame of the input sports video. Finally, 

GFPR is computed as follows:  

count

total

g
GFPR

p
       (3.4) 

 

Where totalp is the total number of pixels in the input video frame.  

3.2.2.2 Pitch Field Pixel Ratio (PFPR) 

The proposed method uses a new feature of pitch field pixels ratio (PFPR) that are used in 

combination with other features to classify between the long and medium shots in cricket and 

baseball videos. Since the grounds in cricket and baseball contains pitch area for batting and 

bowling, therefore, pitch field pixel color is used in the proposed work to classify various shots.  

The pitch field color is a useful descriptor to classify various shots in cricket and baseball 

videos. Like ground field color, pitch field color also depends on different stadiums, and 

illumination conditions that changes under different weather conditions.  

As described in section 3.2.1 earlier, pitch field pixels are computed by identifying an 

interval min max( )peakp p p  . Each frame of the input sports video is transformed in HSV 

color space and hue component is analyzed to compute the pitch field pixels ratio (PFPR) like 

GFPR. Each pixel is scanned to analyze the hue value, and a pitch field counter countp is 

incremented if the corresponding pixel lie in the interval min max[ ]p p  as shown in Eq. (3.5).  

( ), ( , ,1)
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count min max

count

p if p I r c p

p otherwise

     
 
  

     (3.5) 

 

Finally, PFPR is computed as follows:  

count

total

p
PFPR

p
       (3.6) 

3.2.2.3 Edge Pixel Ratio (EPR) 

Ground field pixels ratio solely is not sufficient to clearly distinguish between the close-up and 

out-of-field/crowd shots. False alarm rate increases significantly for close-up shots if GFPR is 

analyzed only to classify between the close-up and out-of-field shots. It has been observed that 
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the out-of-field/crowd shots contain more edges as compared to close-up shots due to the 

presence of many people and objects. Therefore, edge pixel ratio is used in combination with 

GFPR in the proposed method to classify between the close-up and out-of-field/crowd shots.  

This feature aggregate increases the accuracy of the proposed method in terms of accurate 

classification between the close-up and out-of-field/crowd shots. Canny edge detector [147] is 

employed to compute the edges in each frame. Edge pixel ratio (EPR) is computed by 

comparing edge pixels to the total number of pixels in each frame.  

3.2.2.4 Histogram of Oriented Gradients 

Sports videos contain prominent footages of players and referees in medium and close-up 

shots/views. Therefore, people detector/detection (PD) is used in the proposed method to detect 

the full body view of the player/referee in the long and medium shots. Histograms of oriented 

gradient features [148-149] are used to train the SVM classifier [125] that are then used to 

detect the players in an upright position in the input sports video. 

Each video frame is initially processed by normalizing the gamma and color values during 

the pre-processing stage. Gaussian smoothing is applied on this normalized image followed by 

a 2-D derivative operator (2x2 Robert Cross gradient operator, and 3x3 Sobel operator) [90] to 

compute the gradient. Gradients are computed for each color channel and the one with the 

largest norm is taken as the pixel’s gradient vector. The orientation bins are created by making 

each pixel to compute a weighted vote for an edge orientation histogram channel. The votes are 

gathered into orientation bins over local spatial regions, labeled as cells. These cells are grouped 

into spatial blocks followed by applying the normalization on each block separately. Histogram 

of gradient feature vectors are extracted from the detector window tiled with a grid of 

overlapping blocks. The size of the detection window stride is selected as 8x8 in the proposed 

work. Finally, human classification is achieved by feeding the combined vectors into a linear 

SVM classifier.  

3.2.2.5 Haar-based features 

Close-up shots depict the above waist view of players in the sports videos that presents the 

facial exposure of the players prominently. Face detector (FD) is an important feature that can 

be used in combination with other features to detect the close-up shots. In the proposed method, 

a new descriptor, upper body detector (UBD) is also used in combination of face detector to 

effectively classify among various shot categories. Haar-based features [89, 150] are used for 

face and upper body detection. Haar-based feature considers adjacent rectangular areas at an 

explicit position in a detection window followed by adding the intensities in each area and 

computes the difference between these added intensities. This difference is then used 

to classify sub-sections of an image. It is a common observation that the eyes region in the face 

is darker than the cheeks region. Therefore, for face detection, Haar feature consists of a set of 
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two adjacent rectangles that lie above the eye and cheek region. The location of these adjacent 

rectangles is defined relative to a detection window that acts as a bounding box to the target 

object. These Haar-based features [150] are used to train a classifier. Integral image 

representation is used to compute features quickly. Adaboost algorithm is applied to create a 

classifier by picking a small collection of features. The computation speed of the detector is 

increased significantly by integrating complex classifiers consecutively in a cascade structure. 

3.2.2.6 Object Scale (OS) 

The scale of objects can be used effectively to analyze the sports videos for shot classification. 

Long view consist of player’s footage in small scale as compared to medium and close-up shots 

where the object scale appears larger. The proposed method transforms each input video frame 

into binary image. Connected component labeling via 8-connectivity is applied to label all the 

components. The connected components (blobs) of significantly huge size are filtered and used 

in the proposed method for shot classification. Each blob is compared against a specified 

threshold Tblob. If the size of a blob in terms of number of pixels exceeds Tblob then the 

corresponding blob is retained in the image else it is discarded. Tblob is set to 15000 after 

extensive experimentation in the proposed method as optimal results are achieved on this value. 

3.2.3 Decision Tree Framework for Shot Classification 

A multi-layer decision tree is created by using the feature set consisting of GFPR, EPR, PFPR, 

OS, FD, UBD and PD for shot classification. The structure of the decision tree is shown in Fig. 

3.4. Rule based induction is applied to design various knowledge-based rules to classify the 

shots among long, medium, close-up and out-of-field shots. Entropy is computed against each 

rule to filter the rules that are least unpredictable in terms of classifying among various shot 

categories as described earlier. The input sports video is already partitioned into various shots 

via shot boundary detection as discussed in section 3.1. The input video frames from each shot 

are processed further to classify each frame among long, medium, close-up and out-of-field 

shots/views. Finally a majority voting scheme is applied to label each video shot into the label 

of majority of frames. As it is evident from the Figure 3.4 that there exist many paths from the 

root node to the leaf nodes. Each path creates a rule that is analyzed to determine the 

predictability of each rule in terms of shot classification. The most reliable rules identified after 

entropy computation for shot classification are presented in this section.  

The root node at L0 (Level-0) analyzes the grass field pixels ratio. There exist several 

different possible outflows from the root node on the basis of GFPR. If the GFPR exceeds the 

threshold TLS then further features are analyzed at L1 (level-1) to determine the possibility of 

either long, medium or close-up shot. Upper boundary detector (UBD) is examined at L1 in 

case of GFPR exceeds TLS. If UBD is true (i.e. upper body of person(s) detected) then the frame 

is classified as close-up view. In case UBD is false then face detector (FD) is analyzed at L2 
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(level-2) of the decision tree. If FD is true (i.e. face of person(s) detected) then the frame is also 

classified as a close-up view. In case FD is false then people/player detector (PD) is examined 

at L3 (level-3) of the decision tree. If PD lies below the threshold TP then the frame is marked 

as a long view. In case PD exceeds TP then object scale (OS) is analyzed at L4 (level-4) of the 

decision tree. If OS is true (i.e. object(s) of significant size detected) then the frame is classified 

as a medium view. In case OS is false (i.e. no object(s) of significant size detected) then it is 

labeled as a long view at L5 (level-5) of the decision tree.  

For cricket and baseball videos, if PFPR lies below the threshold TPF then the frame is 

classified as a medium view frame else UBD is analyzed at L2. If UBD is true then the frame 

is classified as a close-up view else FD is examined at L3. If FD is true then it is also marked 

as a close-up view frame else PD is analyzed at L4 of the decision tree. If PD lies below the 

threshold TP then the current frame is marked as a long view frame else OS is analyzed at L5. 

If OS is true then the frame is marked as a medium view else as a long view frame.  

In addition if GFPR exceeds the threshold TMS and lies below TLS (i.e. TLS >GFPR>TMS), 

then PFPR is analyzed for cricket and baseball at L1. This is due to the fact that only cricket 

and baseball contain the pitch fields in the playing area unlike soccer that consists of grass field 

only. If PFPR exceeds the threshold TP then the frame is detected as a long view at L2 of the 

decision tree. In case if PFPR lies below TP then FD is examined at L2 of the decision tree. If 

FD is true then the frame is marked as a close-up view else as a medium view frame.  

For all of the three sports genre including soccer, if GFPR meets this condition (TLS 

>GFPR>TMS), then PD is analyzed at L1. If PD exceeds threshold TP then the frame is classified 

as a medium view frame at L2. In case PD lies below TP then UBD is examined at L2 of the 

decision tree. If UBD is true then it is marked as a medium view frame else FD is analyzed at 

the next level. If FD is true then the frame is labeled as a close-up view else as a medium view 

frame at L4 of the decision tree.  

Moreover, if GFPR exceeds the threshold TCS and lies below TMS (i.e. TMS >GFPR>TCS), 

then edge pixel ratio (EPR) is analyzed to discriminate between the close-up and out-of-field 

views. If EPR lies below the threshold TE then the frame is classified as a close-up view else as 

an out-of-field/crowd view. This is due to the fact that out-of-field/crowd views contain 

maximum distribution of edge pixels. In addition if GFPR do not lie in the range of TCS and TMS 

(i.e. !(TMS >GFPR>TCS)), then again EPR is investigated to discriminate among different views. 

At L2, if EPR exceeds TE then out-of-field view is marked for the current frame else UBD is 

examined at the next level. If any of the UBD, FD, or OS is true at L2, L3, and L4 respectively 

then the frame is labeled as a close-up view. In case all of UBD, FD, and OS are false then the 

current frame is detected as a long view frame as shown in Figure 3.4. 
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Figure 3.4. Decision Tree Architecture for Shot Classification 

3.2.3.1 Long View/Shot Classification 

Long view/shot is classified by using some low-level features of GFPR and PFPR in 

combination with high-level features of FD, PD, UBD, and OS. GFPR and PFPR are calculated 

by analyzing the color values of the hue component of ground field and pitch field pixels as 

described in section 3.2.1. Rule-based induction is applied to generate five rules for long shot 

classification as shown in Figure 3.4. Entropy is computed to determine the most predictable 

rules that can classify the long shot with better accuracy. Two rules are identified that are least 

unpredictable in terms of long shot classification, and presented in Eq. (3.7).  

If GFPR exceeds TLS, PD lies below TP, and UBD, FD, and OS are false, then the 

corresponding frame is labeled as a long view frame. This rule is applicable to all three sports 

genre. In addition, if PFPR exceeds TP, PD lies below TP, and UBD, FD, and OS are false, then 

the corresponding frame is also labeled as a long view frame. This rule is applicable to cricket 

and baseball videos as soccer field do not contains the pitch field area.  

, LS P

LS

LS PF P

Long Shot GFPR T PD T FD False UBD False OS False

R

GFPR T PFPR T PD T FD False UBD False OS False

        

 

          

 
 
 
 
 

(3.7) 

For long shot classification, grass field pixel ratio, and pitch field pixel ratios are analyzed 

against the thresholds TLS, and TPF respectively. GFPR must exceed TLS and PFPR must exceed 

TPF as described earlier. TLS is set to 0.4, and TPF is set to 0.09 in the implementation of the 

proposed work. These values are adopted due to the optimal results obtained on these values 

after detailed experimentation. Moreover, it has been observed after watching various field 

sports videos that grass field color distribution usually exist in major quantity in the long shot.  

Shown in Figure 3.5 are the input sports video frame along-with the grass field pixel 

distribution and pitch field pixel distribution of the long shots of various sports genre. GFPR 

and PFPR distribution are represented in the foreground (i.e. white color in the frame) and rest 

of the content in the background (i.e. black color in the frame). As it can be observed from 

Figure 3.5 that the proposed method effectively computes the regions of grass field and pitch 
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field pixels in the sports video. Since the soccer field do not contains the pitch field area, 

therefore, pitch field pixels ratio is not computed for soccer videos.  

 

Figure 3.5. Row-1: Long shots for cricket, Row-2: Long shots for baseball, Row-3: Long shots for soccer  

3.2.3.2 Medium View/Shot Classification 

Medium view/shot is classified by using the features of GFPR, PFPR, PD, FD, and UBD. Rule-

based induction is applied in the same way to generate seven rules for medium shot 

classification as shown in Figure 3.4. Entropy is computed to determine the most predictable 

rules that can classify the medium view with better accuracy, and achieves superior detection 

performance among the others. Two rules are identified that are least unpredictable in terms of 

medium view classification, and presented in Eq. (3.8). The entropy of these seven rules are 

computed and two rules with lowest entropy are selected for medium view classification as 

shown in Eq. (3.8). One rule is used to classify medium views for cricket and baseball, and the 

second one is used for soccer. As the PFPR feature only exist in cricket and baseball, therefore, 

two rules are used here for medium shot classification.  

The proposed method assigns a label of medium view to the current frame if the GFPR 

satisfy this condition (TMS <GFPR<TLS), PFPR is lower than TPF and FD is false. This rule is 

applicable to both cricket and baseball. In addition, the current frame is also labeled as medium 

view if GFPR lies between TLS and TMS, PD is greater than TP, FD is false, and UBD is true. 

This rule is applicable to all three genre of sports videos. For medium shot classification, the 

selected rules are shown in Eq. (3.8). 

For medium shot classification, GFPR is analyzed against the thresholds TLS and TMS. TMS is 

set to 0.25 in the implementation of the proposed work as the distribution of grass field in 
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medium shots is usually lower as compared to long shots. Moreover, the proposed method has 

achieved better results on this parameter value for TMS. 

, MS LS PF

MS

MS LS P

MediumShot T GFPR T PFPR T FD False

R

T GFPR T FD False PD T UBD True

     

 

       

 
 
 
 
 

 (3.8) 

Shown in Figure 3.6 are the input sports video frame along-with the grass field pixel 

distribution and pitch field pixel distribution frames of the medium shots for cricket and 

baseball. The GFPR and PFPR distribution in the video frames are represented in the same way 

as described earlier (section 3.2.3.1). For soccer videos, grass field pixel distribution and player 

detector snapshots are presented in Figure 3.6.  

 

Figure 3.6. Row-1: Medium shots for cricket, Row-2: Medium shots for baseball, Row-3: Medium shots for 

soccer  

3.2.3.3 Close-up View/Shot Classification 

For close-up shot classification, EPR is used in combination of GFPR, FD, UBD, and OS. Ten 

rules are created from the decision tree by applying the rule-based induction to classify the 

close-up shots as shown in Figure 3.4. The entropy of different rules are computed and two 

rules with lowest entropy value are selected for close-up shot classification as shown in Eq. 

(3.9).  
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        (3.9) 

Each frame is examined and classified as a close-up view if the GFPR satisfy this criteria 

(TCS <GFPR<TMS) and EPR is lower than the threshold TE. In addition, if EPR lies below TE 

and FD, UBD, and OS are true then the corresponding frame is also labeled as close-up.  

For close-up shot classification, GFPR is analyzed against the thresholds TCS and TMS, 

whereas, EPR is compared against the threshold TE. TCS is set to 0.1 and TE is set to 0.07. The 

reason to use lower values for EPR and GFPR is because of their distribution in close-up shots 

usually exist in small quantity in the sports videos. Moreover, optimal results are achieved on 

these parameter values after the detailed experimentation. 

Shown in Figure 3.7 are the input video frame, grass field pixel distribution, edge pixel 

distribution, face detector, and upper body detector of the close-up shots of cricket, baseball, 

and soccer. As it can be observed from Fig. 3.7 that the proposed method effectively calculate 

the GFPR, EPR, face and upper body detection in the close-up shots of cricket, baseball, and 

soccer videos.  

 

Figure 3.7. Row-1: Close-up shots for cricket, Row-2: Close-up shots for baseball, Row-3: Close-up shots for 

soccer 

3.2.3.4 Out-of-field View/Shot Classification 

The proposed method includes the out-of-field and crowd shots in one class. Some close-up 

shots can be misclassified into out-of-field shots in case if only GFPR is analyzed. The proposed 

method addresses this issue by using edge pixel ratio in combination with grass field pixel ratio. 

Canny edge detector [147] is employed to compute the edges. EPR is computed by comparing 

edge pixels to total number of pixels in each frame. Out-of-field/crowd shots contain more 
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edges as compared to close-up shots. For each frame, EPR is compared against a threshold, TE. 

TE has been selected as 0.07 in the proposed work after detailed experimentation as described 

earlier. Edge pixel ratio feature effectively solves the issue of misclassification between the 

close-up and out-of-field/crowd shots. The current frame is labeled as out-of-field/crowd view 

if the GFPR meets this criteria (TCS <GFPR<TMS) and EPR must either exceed or equivalent to 

the threshold TE. Rule-based induction is applied in the same way as earlier to find the most 

reliable rule that can effectively identify the out-of-field view with maximum accuracy. Two 

rules are created from the decision tree for out-of-field shot classification. Entropy is computed 

to find the optimal rule for out-of-field shot classification as shown in Eq. (3.10). 

 , )OS CS MS ER Out of field Shot T GFPR T EPR T         (3.10) 

The input video frame along-with edge pixel distribution and grass field pixel distribution 

frames for out-of-field shots of various sports genre are shown in Figure 3.8. As it can be 

observed from the Figure 3.8 that edge pixel distribution is much higher in out-of-field shots, 

whereas, grass field pixel distribution is minimum as compared to other shots. 

Figure 3.8. Row-1: Out-of-field shots for cricket, Row-2: Out-of-field shots for baseball, Row-3: Out-of-field 

shots for soccer 

3.2.3.5 Majority Voting Scheme for Shot Classification 

The proposed shot classification algorithm classifies each frame individually in a shot as either 

long, medium, close-up, or out-of-field views/shots. And, a counter corresponding to that 
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view/shot is incremented. A majority voting scheme is employed to assign one shot category 

to each video shot among the long, medium, close-up, or out-of-field shots.  

3.3   Performance Evaluation 

Performance of the proposed shot classification method is evaluated on a video dataset 

consisting of 50 sports videos. Objective metrics such as precision, recall, accuracy, error rate, 

etc. are used for performance evaluation. The proposed method for shot classification is 

implemented in Matlab environment.   

3.3.1 Dataset 

For performance evaluation, a custom dataset [153] consisting of sports videos of a total 

duration of 15 hours is created. Each video in the dataset has a frame resolution of 640 x 480 

pixels and a frame rate of 25 fps. Videos belong to three sports categories, i.e., Cricket, Soccer, 

and Baseball. The dataset consists of videos from six major broadcasters namely ESPN, Star 

Sports, Ten Sports, Sky Sports, Fox Sports, and Euro Sports. The cricket videos contain samples 

from 2014 One Day International (ODI) series between South Africa and New Zealand, 2006 

ODI series between Australia and South Africa, 2014 test series between Australia and 

Pakistan, 2014 ODI series between South Africa and New Zealand, 2014 (T20) cricket world-

cup tournament, and 2015 ODI cricket world-cup tournament. The soccer videos contain 

samples from 2014 FIFA world-cup, and 2016 Euro-cup, and the baseball videos contain 

samples from 2015 Major League Baseball. Snapshots of the dataset for Cricket, Soccer, and 

Baseball are shown in Figure 3.9. 

 

Figure 3.9. Snapshots of Dataset, Row 1: Cricket, Row 2: Soccer, Row 3: Baseball   

3.3.2 Experimental Results 

Objective evaluation criteria is used to measure the effectiveness of the proposed method in 

terms of shot classification for sports videos. To this end, the proposed method is used to 

classify each shot of the input sports video into either long, medium, close-up, or out-of-
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field/crowd shots. In this section an in-depth analysis of the results and various experiments are 

presented that are designed to evaluate the performance of the proposed method.  

3.3.2.1 Precision and Recall Evaluation  

Precision and Recall metrics are calculated to measure the performance of the proposed shot 

classification method. For shot classification, precision represents the ratio of correctly labeled 

shots to the total number of shots. Whereas, recall represents the ratio of true detection rate of 

the shots with respect to the actual shots in the video. Precision and Recall metrics are computed 

according to Eqs. (2.1) and (2.2) as mentioned in section 2.8.1.  

Shown in Figure 3.10 is the precision and recall rates of the proposed method for Cricket, 

Soccer, and Baseball videos. The performance of the proposed method in terms of correctly 

labeling the shot type (i.e. long, medium, close-up, out-of-field/crowd) among the total number 

of detected shots is remarkable as depicted in Figure 3.10. Similarly, the performance of the 

proposed method for true detection rate of the shot category among the total number of that 

shot category in the input video is also excellent. The average precision of 91%, 97.65%, and 

95.34%, and recall of 92.3%, 98.12%, and 98.43% for Cricket, Soccer, and Baseball indicate 

the effectiveness of the proposed method for shot classification.  

 

Figure 3.10. Precision and recall rate statistics of the proposed system 

3.3.2.2 Error and Accuracy Evaluation  

Error and accuracy metrics are also computed to evaluate the performance of the proposed shot 

classification method. For shot classification, error rate represents the ratio of the miss labeled 

shots (both false positives and false negatives) to the total number of shots examined. Whereas, 

accuracy rate represents the ratio of the correctly labeled shots (both true positives and true 

negatives) to the total number of shots. Error and accuracy rate metrics are computed according 

to Eqs. (2.3) and (2.4) as mentioned in section 2.8.1.  

Shown in Figure 3.11 is the error and accuracy rates of the proposed system for Cricket, 

Soccer, and Baseball videos. It can be observed from Figure 3.11 that the ratio of the 
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misdetection for various shot categories is extremely low. Contrary, true detection rate of 

various shot categories among the total number of shots is outstanding.  The proposed method 

achieves an average error rate of 4.1%, 1.12%, 1.66%, and accuracy rate of 95.9%, 98.88%, 

98.34% for Cricket, Soccer, and Baseball videos. The reported results of error and accuracy 

rates signify the effectiveness of the proposed method for shot classification. 

 

Figure 3.11. Error and Accuracy rate statistics of the proposed system 

 

Shown in Table 3.1 are the detection rates of the proposed shot classification method for 

cricket, soccer, and baseball videos. Each of the actual shot category and shots detected by the 

proposed method is also presented. Objective evaluation statistics (i.e. precision, recall, error, 

and accuracy) for each of the three sports categories are presented in Table 3.1. 

Table 3.1. Shot Classification Results for Cricket, Soccer, and Baseball 

 

PS: LA=Actual long shots, LD=Detected long shots, MA=Actual medium shots, MD= Detected medium shots, 

CA=Actual close-up shots, CD= Detected close-up shots, OA= Actual out-of-field shots, OD= Detected out-of-field 

shots 

3.3.2.3 F-1 Score Evaluation 

F-1 score is also computed to measure the test accuracy of the classification performed by the 

proposed method. F-1 score is a weighted average representation of precision and recall. F-1 

score of 1 represents the classifier with best accuracy whereas score of 0 represents worst 

classification accuracy. F-1 score is computed as shown in Eq. (3.11). 

Sports 

Genre 
LA LD MA MD CA CD OA OD 

Precision 

Rate 

Recall 

Rate 

Accuracy 

Rate 

Error 

Rate 

Cricket 25 29 17 19 36 31 08 07 91% 92.3% 95.9% 4.1% 

Soccer 38 40 35 34 43 41 22 23 97.65% 98.12% 98.88% 1.12% 

Baseball 35 38 32 30 29 30 25 23 95.34% 98.43% 98.34% 1.66% 

Average   94.66% 96.28% 97.70% 2.30% 
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(3.11) 

The proposed method achieves the F-1 score of 0.91, 0.97, and 0.96 for Cricket, Soccer, and 

Baseball respectively. The average F-1 score of 0.94 signify the effectiveness of the proposed 

method for better accuracy in terms of shot classification. The F-1 score of the proposed method 

for each category of sports videos is presented in Figure 3.12.  

 

Figure 3.12. F-1 Score for Cricket, Soccer, and Baseball 

3.3.2.4 Performance Comparison 

Performance of the proposed method is compared with existing state-of-the-arts to elaborate 

the effectiveness of the proposed method for shot classification. Detection performance of 

proposed and existing shot classification techniques ([142, 154-158]) in terms of precision and 

recall are shown in Figure 3.13.  

 

Figure 3.13. Precision and Recall rates statistics of proposed and existing systems 

Objective evaluation (Precision, Recall) is applied to evaluate the performance of selected 

shot classification methods. The detailed information of the custom datasets created by each 
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research group for performance evaluation is presented in Table 3.2. The details of each custom 

dataset regarding the video length, format, frame rate, resolution, quantity, and sports category 

is shown in Table 3.2.  

Table 3.2. Performance Comparison of proposed and existing state-of-the-art systems 

Techniques 

 Dataset Details 

Precision 

Rate 

Recall 

Rate 
Length 

(hours) 
Format Frame Rate Resolution 

No. of 

Videos 

Sports 

Category 

Nyugen et al. [48] 2:15 Not specified Not specified Not specified 03 01 82.4% NA 

Ling et al. [154] 09 MPEG-1 25 fps 352 x 288 11 05 89% 88.7% 

Harikrishna et 

al.[155] 

Not 

specified 
Not specified Not specified Not specified 01 01 91% 89.4% 

Lang et al. [156] 
Not 

specified 
MPEG-1 25/30 fps Not specified 04 01 90.6% 90.3% 

Tong et al.[157] 03 Not specified Not specified Not specified 02 01 88.04% 93.2% 

Khalig et al. [158] 03 MPEG-1 25 fps 320 x 176 02 01 91% 93.8% 

Proposed System 15 AVI 25 fps 640 x 480 50 03 94.66% 96.28% 

3.3.2.5 Confusion Matrix Analysis 

A confusion matrix analysis is designed to portray the classification accuracy of the proposed 

method in terms of labeling each video shot (i.e. long, medium, close-up, out-of-field/crowd). 

Confusion matrix also known as error matrix presents a tabular visualization of the proposed 

algorithm. The rows of the confusion matrix represents the instances of actual class whereas, 

columns represents the instances of the predicted class. Shown in Table 3.3 is the confusion 

matrix analysis of the classification results of the proposed method. The proposed method 

classifies each input video shot into either long, medium, close-up, or out-of-field/crowd. The 

reported results in terms of true positive (TP), false negative (FN), false positive (FP), and true 

negative (TN) are mentioned in the confusion matrix for each sports category. High values of 

true positive and true negative indicates the effectiveness of the proposed approach for better 

classification accuracy. 

Table 3.3. Confusion Matrix Analysis of the Proposed Shot Classification Method 

A
c
tu

a
l 

C
la

ss
 

Predicted Class 

Classes Positive Negative Positive Negative Positive Negative 

 Cricket Soccer Baseball 

Positive  80 07  135 03 119 02 

Negative 07 250 03 411 05 382 
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3.3.2.6 Entropy Computation for Shot Classification  

In this experiment, the entropy of various rules in the decision tree are computed for shot 

classification. Entropy is a measure of impurity of a data sample that represents the 

unpredictability of information content. Entropy is computed to select the most reliable rules 

for the most relevant class labeling of a particular instance. The level of certainty of a particular 

decision can be measured as a number from 1 (completely uncertain) to 0 (completely certain). 

We need to select those parameters that significantly reduces the unpredictability in terms of 

classification for each rule. The entropy of each rule is computed as follows: 

2

1

' ( ) log ' ( )

n

k i k i

i

E P x P x



         (3.12) 

Where ' ( )k iP x represents the probability for each shot category i. Entropy is calculated for each 

category of shot and the results are presented in Table 3.4.  

In this experiment, half of the videos in the dataset are used for training and the rest of 

videos are used for testing purposes. For each category of shot (i.e. long, medium, close-up, and 

out-of-field), the true detection rate of the proposed method is calculated. Entropy values are 

computed by applying the Eq. (3.12) on the actual number of respective shots category and the 

number of shots category detected by the proposed method. It can be observed from Table 3.4 

that the computed entropy values of the selected rules for each shot category are quite low. This 

indicates better predictability of the above chosen rules for long, medium, close-up, and out-of-

field shots. Hence, the above selected rules described in section 3.2.3 can be reliably applied to 

detect the long, medium, close-up, and out-of-field shots for sports videos.  

Table 3.4. Entropy for decision rule of shot classification 

Shot Category Entropy 

Long 0.13 

Medium 0.17 

Close-up 0.28 

Out-of-field 0.19 

3.4   Discussion 

The decision tree based shot classification approach effectively detects four classes of shots i.e. 

long, medium, close-up and out-of-field/crowd shots. Rule-based induction is applied to 

generate various rules for each shot category. As it is shown in Figure 3.4 that five rules are 

created for long shots, seven rules for medium shot, ten rules for close-up shot, and two rules 

for out-of-field shot. The proposed method computes the entropy of each rule and select the 

rules that are least unpredictable in terms of shot classification. The proposed method is applied 
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on three different sports genre (i.e. baseball, cricket, soccer) with different game structures and 

successfully achieves the shot classification with better accuracy.   

The proposed approach uses a combination of low-level features with high-level descriptors 

for shot classification. Since the baseball and cricket fields consist of both grass field and pitch 

field, therefore, pitch field pixel ratio feature is used to generate rules for cricket and baseball 

only. This is the reason to generate multiple rules to classify various shots for all field sports 

videos. Moreover, the combination of low-level and high-level features are used to generate 

effective rules that increases the accuracy rate of shot classification.  
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4.  REPLAY DETECTION FRAMEWORK FOR 

AUTOMATIC SPORTS HIGHLIGHTS  

Exponential growth of multimedia content production, sharing, and its availability in the 

cyberspace have sparked research activities to develop efficient video analysis and content 

management techniques. Video summarization process is commonly used to address these 

issues by generating a concise video consisting of important events, scene, or objects from the 

full-length input video. There is a growing need for effective video summarization techniques 

capable of extracting all the significant events and generate a succinct overview of the full- 

length video. Video summarization approaches have applications in various domains including 

sports [13], surveillance [86], healthcare [118], home videos [98], news [119], entertainment 

[120], and so on.  

Everyday sports broadcasters generate a massive collection of video content consisting of 

majority of redundant events and a very few significant events. Video summarization 

techniques have been developed [18-20, 106-109] to extract significant (or key) events from a 

full-length sports videos. Existing sports video summarization approaches can be broadly 

divided into two major categories: (i) summarization from live videos [18-20], and (ii) 

summarization using replay detection [106-108].  Ekin et al. [13] and Dian et al. [43] have 

combined both live- and replay-based summarization approaches. Broadcasters use key-events 

in sports videos for indexing and retrieval, promotions, trailers, and replays. Replays are created 

by sports broadcasters to show exciting events during live matches, therefore, replay detection 

is an effective approach to identify key-events in a video. Replays provide details of key-events 

in slow-motion and are generally included after an interesting event took place in the game. 

Replays are commonly used in sports video analysis for event detection and highlights 

generation [2, 5, 106-109, 111-112].  

Replay detection process is an important step in video summarization. Recently, many 

replay detection techniques have been proposed for sports videos [106-109, 111-112]. Existing 

replay detection approaches can be classified into two main groups: (i) learning-based 

approaches [2, 5, 39], and (ii) non-learning-based approaches [48-49]. For example, Pan et al. 

[5] proposed a learning-based framework for logo detection which is used for replay 

identification. Such techniques, e.g., logo-detection-based approaches rely on extensive 

training of the classifier for various logos and their variants. In addition, performance of such 

techniques also depends on the accuracy of logo detection process that is a challenging task 

given variations in logo design, shape, color, size, and placement among different sports, 

tournaments, and broadcasters. For example, in cricket, broadcasters use two logos for the same 

match. Existing techniques on replay detection also rely on replay structure [5] and motion 

features [5,10]. The performance of these methods are expected to degrade for multiple sports 
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because the structure and representation of replays vary among various sports. For example, if 

broadcasters do not include logo frames to sandwich replay segments, then it is expected to 

degrade performance of logo-detection-based replay detection techniques [5, 50]. 

To address the limitations of existing replay detection based methods such as computational 

complexity of logo frame detection, camera variations, replay speed, logo design, size, 

placement, etc., there is a need to develop effective video summarization techniques to address 

these issues. The main contribution of this work [51] is to develop a computationally efficient 

hybrid technique to detect replays and use them for video summarization. The proposed method 

is robust to camera variations, replay speed, score-caption type and placement, logo design, 

size, and placement, etc. 

It has been observed through extensive analysis that broadcasters omit the score-captions 

in replay segments. Moreover, replay frames contain multiple gradual transitions. In the 

proposed method [51], these two observations are used for replay detection. More specifically, 

the proposed method uses gradual transitions and score-captions for replay detection that is 

then used for highlight generation. To achieve this goal, dual-threshold-based method is used 

for gradual transition detection. A pair of successive gradual transition frames is used to extract 

the candidate replay-segments. All frames in the selected segment are processed to detect score-

caption. To this end, temporal running average is used to filter out temporal variations. First- 

and second-order statistics are used to binarize the running average image, which is fed to OCR 

stage for character recognition. The absence/presence of score-caption is used for replay/live 

frame labeling. The score-caption detection stage complements the gradual transition detection 

process, which results in superior computational complexity and detection accuracy. The 

proposed system is robust to camera variations, replay speed, logo design, size, placement, etc., 

score-captions type and placement, sports broadcasters, and sports category. The performance 

of the proposed method is evaluated on 22 videos of four different sports (e.g. Cricket, tennis, 

baseball, and basketball). Experimental results indicate that the proposed method [51] can 

achieve average detection accuracy ≥ 94.7%. The detailed results of the proposed replay 

detection method [51] are presented in Table 4.2.  

The proposed method for replay detection is summarized as follows: 

1. An automated method for video summarization based on replay detection is 

presented by detecting the gradual transition, and absence of score-caption. 

2. Existing systems [2, 5, 106-109, 111-112] for replay detection have limitations of 

computational complexity of logo frame detection, camera variations, replay 

speed, logo design, size, placement, score-captions type, sports broadcasters, and 

sports category, etc.  

3. The proposed method addresses these limitations and successfully detect the 

replays in the presence of the aforementioned limitations.  
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The proposed replay detection method [51] is divided into two main stages, first stage 

performs gradual transition detection task and second stage performs score-caption detection 

task. The process flow of the proposed method is shown in Fig. 4.1.  

 

Figure 4.1. Process Flow of the Proposed System 

 

Rest of the chapter is organized as follows: Section 4.1 presents the method of gradual 

transitions detection in sports videos that provide the candidate replay segments. Section 4.2 

provides a comprehensive discussion of the proposed method to detect the score-captions for 

replay detection. Section 4.3 presents the detailed results and different experiments that are 

designed to evaluate the performance of the proposed method. Finally, section 4.4 presents a 

discussion on the key-findings of the experiments.  

4.1 Gradual Transition (GT) Detection 

Replay segments in sports videos include various types of gradual transitions such as dissolves, 

wipes, fade-in/out, etc. It has been observed that replays in sports videos are sandwiched 

between GT frames and do not contains score-captions. The characteristics of multiple GTs are 

therefore used to identify the boundaries of a replay segment by detecting logo frames. The 

GTs detection is a more complex task than abrupt transition detection. Challenge here lies in 

the fact that for GT, successive histogram difference between frames is very small compared 

with an abrupt transition. However, the accumulative histogram difference of the first transition 

frame and the consequent frames grows gradually to an abrupt transition level.   

Thresholding of histogram difference of luminance component is used to detect GT. To this 

end, a dual-threshold [58] is used for thresholding of successive and accumulative histogram 

differences of luminance component. Here, start of GT is detected by comparing luminance 

histogram difference of successive frames against a computed threshold, Tl [58]. And, the end 
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of GT is detected by comparing accumulative histogram difference against a computed 

threshold, Tu [58]. More specifically, if successive frame difference lies below the threshold Tl 

and the accumulative frame difference exceeds the threshold Tu, then this segment is selected 

as a possible candidate for GT. Here the accumulative difference represents the aggregate 

histogram difference between the ith frame and ith -1 frame during gradual transition and can be 

expressed as follows: 

 1

1

( )
n

hd i i

i

A D D 



          (4.1) 

Where Di is the difference between ith and ith -1 frame and n is the number of frames in 

gradual transition. The histogram difference between consecutive frames i.e. iD  and 1iD  is 

not much significant for gradual transition due to same camera shot unlike abrupt transition 

where camera shots suddenly transform. However, the difference Ahd (accumulative difference) 

ultimately becomes as significantly large as we experience in the abrupt transitions. In GT 

method a lower threshold Tl is used to identify the candidate frames that start a transition. And, 

the threshold Tu is used to check the accumulative difference to detect the actual existence of a 

gradual transition. The last frame or the end of gradual transition is detected when the difference 

iD  and 1iD  is less than Tl and the accumulative difference exceeds Tu. If separation between 

start and end of GT frame-indices is ≥ Ngt then a candidate segment is labeled as a GT.   

4.1.1 Candidate Replay Segment (RS) Detection 

Separation between two successive GTs (in number of frames) is used to generate a candidate 

replay segment. Let Si and Ei denote start and end of ith GTs, and Nr represents separation 

between frame indices of Si and E(i+1), then a segment between two successive GTs is labeled 

as candidate replay segment if it satisfies the following condition,    

( 1)
2 2

gt rl i i gt ru
N N E S N N


           (4.2) 

where Nrl and Nru represent lower and upper limits of a replay duration (in number of 

frames), and Ngt  represents the minimum length of gradual transition frames either at start or at 

the end of replays. Some snapshots of GT frames for replay in cricket video are shown in Figure 

4.2.  

As it can be observed that there are about 12 GT frames in a segment shown in Figure 4.2. 

The average of various GTs is computed and used this average as the Ngt value. Therefore, in 

the implementation of the proposed work the value of Ngt is set to 10. Nrl and Nru captures the 

replays of various lengths. As it can be observed from any sports video that replays usually 

consists of the video events between 2 and 20 seconds, therefore Nrl and Nru are assigned the 

values of 50 (i.e. 2 seconds of 25 fps) and 500 (i.e. 20 seconds of 25 fps). But still these values 

can be modified according to the sports and replay detection requirements. In the proposed 
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method Nrl and Nru appropriately estimate the replays of various sports videos e.g. basketball, 

tennis, baseball, and cricket.  

 

Figure 4.2. GT frames of a cricket replay 

To test the effectiveness of this approach, it is applied on the selected videos from the dataset 

at random. Shown in Figure 4.3 is the start (Si) and end (E(i+1)) of candidate replay segments for 

cricket, tennis, baseball, and basketball videos. 

 

Figure 4.3. Top Row: Start GT Frames, Bottom Row: End GT frames 

4.2 Score-Caption Detection 

The score-captions are displayed at fixed locations in all sports videos. It has been observed 

through analyzing extensive amount of sports videos that replay segments do not contain score-

captions. Therefore, it is used for replay detection. To this end, only candidate replay segments 

are analyzed to extract score-captions. Absence and presence of score-captions are used to 

detect replay and live frames, respectively.  

4.2.1 Preprocessing 

The preprocessing stage transforms the candidate replay segments into a sequence of grayscale 

images. To reduce computational cost, sequence (of grayscale images) is down sampled by a 

factor of 2. Each image is processed for illumination adjustment. To this end, top hat filtering 

[87] is used to achieve this goal. The top hat filter performs morphological opening with a disk 

shaped structuring element of size alpha followed by subtraction from the original image. 

These operations can be expressed as follows, 
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Where
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I x y , 

( )
( , )

i

adj
I x y and 
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( , )

i
I x y  represents the morphed image (opening), 

illumination adjusted image, and input grayscale image respectively, if ith frame,  is the 

opening operator, and SE1 is the disk shaped structuring element of size 1 . The reasons behind 

using the disk shaped structuring element is that the morphological operations using disk 

approximations run much faster when the structuring element uses approximations. Similarly, 

the size of structuring element 1 is set to 3 to preserve the finer details that ultimately restores 

the effectiveness of illumination adjustment operation. 

4.2.2 Temporal Running Averaging 

A sliding window of length L1 frames is used to compute temporal running average sequence. 

It can be expressed as, 

( 1) ( 1) ( 1)

( )

1

( , ) ( , ) ( , )
( , )

i i i

avgi

avg

I x y I x y I x y
I x y

L

  
 


 
  
 

    (4.5) 

where 
( )

( , )
i

avg
I x y  represents average of ith frames, 

( 1)
( , )

i
I x y


represents the entering frame 

and , 
( 1)

( , )
i

I x y


represents the exit frame in a sliding window. The length of sliding window is 

set to L1=5 and step size is set to J1=1 for experiments. These settings are used in each pass to 

decrease the computational cost while maintaining the effectiveness of the running average 

operation for score-caption detection.  

4.2.3 Image Binarization 

First- and second-order statistics is computed from each averaged image,
( )

( , )
i

avg
I x y , which is 

used to convert 
( )

( , )
i

avg
I x y  into binary image using the following condition, 
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where i and i represent the mean and standard deviation for 
( )

( , )
i

avg
I x y ,

( )
( , )

i

bin
I x y  

represents the binary image if ith frame and avgp is a positive real constant that is set to 2.5 after 

detailed experimentation.  

4.2.4 Morphological Thinning 

To get rid of outliers, a single pass of morphological thinning is applied on the resulting binary 

image, which can be expressed as, 



79 | P a g e  

 

( ) ( )

1( , ) ( , )
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thin bin
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where 
( )

( , )
i

thin
I x y represents thinned image if ith frame, and is the thinning operator. 

4.2.5 Score-caption Contents Recognition using Optical Character Recognition 

To recognize contents of the score-caption, optical character recognition (OCR) process is 

applied on the thinned image. For implementation of this work, tesseract OCR method [127] is 

used. The OCR algorithm recognize the characters with a certain confidence. The confidence 

score associated to each character along with number of characters recognized are used for 

score-caption detection. The classification between the replay and live video frames are 

performed as follows: 
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    (4.8) 

More specifically, if confidence score of a character, Cconf > Tconf AND number of recognized 

characters, |Ch| ≥ Tn, then it represents the frame with score-caption. Here Tconf is a real-number 

in (0, 1.0), Tn is a positive integer, and Ch is the array containing the recognized characters. The 

absence (resp. presence) of score-caption in the candidate replay segment is used to label as 

replay (resp. live) frame. Shown in the Fig. 4.1 is the illustration of various phases of the 

proposed replay detection technique for Crick1 video for Tconf = 0.6 and Tn = 5. 

To distinguish between replay and live video frames, two thresholds Tconf  and Tn are used in 

recognized characters filtering stage that are set to 0.6 and 5.0, respectively. The scheme 

adopted in the proposed method [51] is based on the observational facts about the score-

captions e.g. in cricket the score-captions consists of team name, score, and wickets. In the 

same way in tennis the score-captions consist of both player names, and frame count, etc. These 

are minimally the part of score-captions, in-fact today’s score-captions contain some other 

information for example number of balls, wickets in hands, score required, ball speed, etc. 

Therefore a minimal value of the threshold Tn is adopted as 5. Secondly, optical character 

recognition is a challenging problem and the probability of each character being correctly 

recognized is low. Therefore, Tn is set to a value (i.e. 5) that if from a score-caption the number 

of characters are less than this value, then it should not be considered as a score-caption. Now 

to confidently recognize the characters a recognition confidence threshold Tconf  is adopted as 

0.6 i.e. if we are at least 60% confident about a character then it should be considered as a 

character. Otherwise, it is not considered as any recognized character.  

The algorithm of the proposed system is presented in Table 4.1. 
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Table 4.1. Proposed Replay Detection Algorithm 

INPUT: Input Video ( )
( , )

i
I x y

V , gtN , rlN , ruN  

OUTPUT: Replay-based Summarized Video 

1. Candidate replay segment from (GT) Detection method according to the following condition: 

a. 2Ngt + Nrl ≤ E(i+1) − Si ≤ 2Ngt + Nru 

2. set WL ← L1 , WS ← W, 𝐼𝑎𝑣𝑔
(𝑖)

←0, 𝐼𝑟𝑒𝑝
(𝑖)

←0, 𝐼𝑙𝑖𝑣𝑒
(𝑖)

←0 

3. FOR i= Si to Ei //Si=Start transition frame, Ei=End transition frame 

4.      FOR j= 𝐼𝑅𝐺𝐵
(𝑖)

 (𝑥, 𝑦): 𝐼𝑅𝐺𝐵
(𝑖+4)

(𝑥, 𝑦) 

a. 𝐼(𝑖)(𝑥, 𝑦)= 0.229(𝐼𝑅
(𝑖)

(𝑥, 𝑦))+0.587(𝐼𝐺
(𝑖)

(𝑥, 𝑦))+0.114(𝐼𝐵
(𝑖)

(𝑥, 𝑦))  

b. 𝐼𝑡ℎ𝑖𝑛
(𝑖)

(𝑥, 𝑦) = 𝐼(𝑖)(𝑥, 𝑦) ⨂ SE1     // Top-hat Filtering 

c. 𝐼𝑎𝑑𝑗
(𝑖)

(𝑥, 𝑦) = 𝐼(𝑖)(𝑥, 𝑦) - 𝐼𝑡ℎ𝑖𝑛
(𝑖)

(𝑥, 𝑦)  

d. 𝐼𝑎𝑣𝑔
(𝑖)

(𝑥, 𝑦)  = 𝐼𝑎𝑣𝑔
(𝑖)

(𝑥, 𝑦) + 𝐼𝑎𝑑𝑗
(𝑖)

(𝑥, 𝑦)   

5.      END FOR 

6. 𝐼𝑎𝑣𝑔
(𝑖)

(𝑥, 𝑦)  = 𝐼𝑎𝑣𝑔
(𝑖)

(𝑥, 𝑦) / WL                       // Temporal Running Average 

7. FM = µ (𝐼𝑎𝑣𝑔
(𝑖)

(𝑥, 𝑦))                                   // First-Order Statistics 

8. FS = σ (𝐼𝑎𝑣𝑔
(𝑖)

(𝑥, 𝑦))                                    // Second-Order Statistics 

9.       FOR x=1 to r                                     // Image Binarization 

10.              FOR y=1 to c 

11.                  IF FM - pavg * FS ≤ 𝐼𝑎𝑣𝑔
(𝑖)

(𝑥, 𝑦) && 𝐼𝑎𝑣𝑔
(𝑖)

(𝑥, 𝑦) <= FM + pavg * FS      

a.  𝐼𝑎𝑣𝑔
(𝑖)

(𝑥, 𝑦) ← 0 

12.                   else 

a.  𝐼𝑎𝑣𝑔
(𝑖)

(𝑥, 𝑦) ← 1 

13.                  END IF 

14.             END FOR 

15.      END FOR 

16. 𝐼𝑏𝑖𝑛
(𝑖) (𝑥, 𝑦) ← 𝐼𝑎𝑣𝑔

(𝑖) (𝑥, 𝑦) 

17. 𝐼𝑇ℎ𝑖𝑛
(𝑖)

(𝑥, 𝑦) = 𝐼𝑏𝑖𝑛
(𝑖)

(𝑥, 𝑦)  ⨂ SE1               // Morphological Thinning 

18. Ch[k]=OCR(𝐼𝑇ℎ𝑖𝑛
(𝑖)

(𝑥, 𝑦) )                       // Apply OCR 

19. IF CConf (Ch[k]) > Tconf && |Ch| ≥ Tn      // Decision 

a. 𝐼𝑙𝑖𝑣𝑒
(𝑖)

(𝑥, 𝑦) ← 𝐼(𝑖)(𝑥, 𝑦) // Set the corresponding frame as live video frame 

20. else 

a. 𝐼𝑟𝑒𝑝
(𝑖)

(𝑥, 𝑦) ← 𝐼(𝑖)(𝑥, 𝑦) // Set the corresponding frame as replay video frame 

21. END IF 

22. END FOR 

4.3 Performance Evaluation 

Performance of the proposed replay detection system [51] is evaluated on a video dataset 

consisting of 22 real-world sports videos. Objective metrics such as precision, recall, accuracy, 

and error rate are used for performance evaluation. The proposed method [51] is implemented 

in Matlab environment. The graphical user interface (GUI) of the implementation can be 

downloaded via [159].  

4.3.1 Dataset 

For performance evaluation, a dataset consisting of 22 real-world sports videos of a total 

duration of 10 hours is created.  Lack of a standard dataset for sports replay videos, forces us 

to generate our own dataset. Each video in the dataset has a frame resolution of 640 x 480 pixels 

and a frame rate of 25 fps. Videos belong to four sports categories, i.e., Cricket, Tennis, 

Baseball and Basketball. The dataset consists of videos from five major broadcasters namely 
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ESPN, TenSports, Skysports, Fox Sports, and Eurosports. The cricket videos contain samples 

from 2014 One Day International (ODI) series between South Africa and New Zealand, and 

2015 test series between Pakistan and Sri Lanka. The tennis videos contains samples from US 

Open, ATP Rogers Cup, Tennis Master’s Cup, ATP World Tour 2011 finals, and Wimbledon. 

The basketball videos contain samples from 2013 Champion Classic, and the baseball videos 

contain samples from 2015 Major League Baseball. Snapshots of some video frames of the 

dataset for Cricket, Tennis, Baseball, and Basketball are shown in Figure 4.4. 

 

Figure 4.4. Snapshots of dataset for Cricket, Tennis, Baseball and Basketball 

4.3.2 Experimental Results 

Objective metrics are computed to measure the effectiveness of the proposed method for replay 

detection. To this end, the proposed system is used to detect replay segments and highlight 

generation for each video in the dataset. This section presents a comprehensive analysis of the 

results and various experiments that are designed to evaluate the performance of the proposed 

system.  

4.3.2.1 Precision and Recall Evaluation  

Precision and recall metrics are computed to evaluate the performance of the proposed replay 

detection system. For replay event detection, precision represents the ratio of correctly labeled 

replay events (or frames), to the total detected replay events. And, recall represents the ratio of 

true detection rate with respect to the actual replay events (frames) in the video. Precision and 

recall metrics are computed according to Eqs. (2.1) and (2.2) as mentioned in section 2.8.1.  

Shown in Figure 4.5 is the precision and recall rates of the proposed system for four 

different types of sports videos that are Cricket, Tennis, Baseball, and Basketball. It can be 

observed from Figure 4.5 that the performance of the proposed method for correctly labeled 

replay frames among the total number of detected frames (both live and replay) is remarkable. 
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Similarly, the performance of the proposed method for true detection rate of replay frames 

among the total number of replay frames in the input video is also very good. The average 

precision of 99.8%, 96.5%, 76.9%, and 98.8%, and recall of 98.3%, 97.8%, 87.2%, and 

95.7% for Cricket, Tennis, Baseball, and Basketball demonstrate the effectiveness of the 

proposed method for replay detection.  

 

Figure 4.5. Precision and recall rate statistics of the proposed system 

4.3.2.2 Error and Accuracy Evaluation  

Error and accuracy metrics are also computed to evaluate the performance of the proposed 

replay detection system. For replay detection, error rate represents the ratio of the miss labeled 

replay events (both false positives and false negatives) to the total number of replay events 

examined. Accuracy rate, on the other hand, represents the ratio of the correctly labeled replay 

events to the total number of replay events. Error and Accuracy rate metrics are computed 

according to Eqs. (2.3) and (2.4) as mentioned in section 2.8.1.  

Shown in Figure 4.6 is the error and accuracy rates of the proposed system for Cricket, 

Tennis, Baseball, and Basketball videos. It can be observed from Figure 4.6 that the ratio of the 

misdetection for replay frames is quite low. On the other hand, true detection rate of replay and 

live video frames among the total number of frames in the input video is excellent.  The 

proposed method achieves an average error rate of 1.3%, 2.1%, 14.8%, 3.2%, and accuracy 

rate of 98.7%, 97.9%, 85.2%, 96.8% for Cricket, Tennis, Baseball, and Basketball. These 

results indicate the effectiveness of the proposed method in terms of replay detection for video 

summarization. 
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Figure 4.6. Error and Accuracy rate statistics of the proposed system 

4.3.2.3 F-1 Score Evaluation 

F-1 score is also computed to evaluate the classification accuracy of the proposed replay 

detection method. F-1 score also known as F-measure represents the harmonic mean of 

precision and recall as described in Chapter 3. F-1 score is calculated according to Eq. (3.8). 

The proposed method achieves the F-1 score of 0.99, 0.97, 0.81, and 0.97 for Cricket, Tennis, 

Baseball, and Basketball. The average F-1 score of 0.94 demonstrate the effectiveness of the 

proposed method for better classification accuracy of replay event detection. The F-1 score of 

the proposed method for each of the four types of sports videos are shown in Figure 4.7.  

 

Figure 4.7. F-1 Score for Cricket, Tennis, Baseball, and Basketball 

The proposed system is tested on cricket, baseball, tennis, and basketball videos in the 

dataset to detect the replay segments for highlights generation. The detection performed by the 

proposed system for each video is shown in Table 4.2.  It can be observed from Table 4.2 that 

the proposed system performs best for cricket, tennis, and basketball and for baseball the results 

are appreciable. The slight variation in baseball videos can be attributed to relatively lower 
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performance. It has been observed that the baseball videos used were recorded under lights, 

which caused severe uneven illumination. It has also been observed that videos captured in 

better lighting conditions (under sunlight) resulted in superior detection performance. It is 

worth mentioning that the gradual transition detection stage improves the efficiency of the 

system by reducing the search space of replay frame detection.  

Table 4.2. Replay Detection Results for Cricket, Tennis, Baseball and Basketball 

4.3.2.4 Computation Analysis 

In this experiment, an analysis is presented to evaluate the computational efficiency of the 

proposed method. The proposed method consists of two main stages that are gradual transition 

detection and score-caption detection. The gradual transition detection stage reduces the search 

space for score-caption detection stage. The score-caption detection stage consist of various 

processes that are illumination adjustment, temporal running average, binarization, 

morphological thinning, and OCR. Each process perform different operations that contributes 

to the computational complexity of the proposed method. The estimation of computation time 

of the proposed method for each frame is calculated for the test videos recorded on a resolution 

of 640 x 480 at 25 fps. The computational complexity of the proposed score-caption detection 

method is 1.2 seconds per frame. This shows that each extra frame increases the computation 

cost of the proposed method at the rate of 1.2 seconds per frame. However, gradual transition 

Video 

Type 

No. of 

frames 

GT 

Start 

GT 

End 
TP TN FP FN 

Precision 

Rate 

Recall 

Rate 

Accuracy 

Rate 

Error 

Rate 

F-1 

Score 

Cricket  

Crick1 316 4 312 292 22 0 02 100% 99.31% 99.36% 0.64% 0.99 

Crick2 320 16 318 292 25 02 02 99.31% 99.31% 99.06% 0.94% 0.99 

Crick3 731 71 658 420 294 0 17 100% 96.11% 97.67% 2.33% 0.98 

Average  99.77% 98.24% 98.70% 1.30% 0.99 

Tennis  

Tennis1 728 409 555 140 583 0 05 100% 96.55% 99.32% 0.68% 0.98 

Tennis2 979 311 975 342 592 41 04 89.29% 98.84% 95.40% 4.60% 0.94 

Tennis3 480 236 476 226 249 0 05 100% 97.83% 98.95% 1.05% 0.99 

Average  96.43% 97.74% 97.89% 2.11% 0.97 

Baseball  

Base1 1053 118 1027 322 610 100 21 76.30% 93.87% 88.50% 11.50% 0.84 

Base2 903 2 736 367 391 123 22 74.89% 94.34% 83.94% 16.06% 0.83 

Base3 730 6 724 198 409 51 72 79.52% 73.34% 83.15% 16.85% 0.76 

Average  76.90% 87.18% 85.19% 14.80% 0.81 

Basketball  

Basket1 627 143 584 266 349 10 02 96.37% 99.25% 98.09% 1.91% 0.98 

Basket2 230 48 223 134 82 0 14 100% 90.54% 93.92% 6.08% 0.95 

Basket3 356 52 321 211 139 0 6 100% 97.23% 98.31% 1.69% 0.99 

Average  98.79% 95.67% 96.78% 3.22% 0.97 
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detection process in the proposed method decreases the computation time to a significant extent 

for replay detection. Let’s take a scenario of replay detection for Tennis 2 video sample (Table 

4.1) with an input video of 979 frames with replay segments consisting of 665 frames. The 

proposed method will process only around 665 frames that resides within the gradual 

transitions, and extracted as a candidate replay segment by the gradual transition detection 

method. In case if only score-caption detection method is applied for replay detection then it 

will be required to process all the frames of the input video as followed by most of the existing 

replay detection methods. Therefore, this computation analysis signify that the proposed 

method is very efficient in terms of replay detection for video summarization. 

4.3.2.5 Performance Comparison 

To elaborate the effectiveness of the proposed method in terms of replay detection for video 

summarization, the performance of the proposed system is compared with existing state-of-the-

art methods. Detection performance of proposed and existing replay detection approaches ([2, 

13, 39, 48, 23, 10, 106-107, 109-112]) in terms of precision and recall are shown in Figure 3.8.  

 

Figure 4.8. Precision and Recall rates statistics of proposed and existing systems 

Precision and recall metrics are used to measure the performance of the proposed and 

selected replay detection systems. The statistics of the dataset i.e. length, frame rate, resolution, 

quantity, and sports category used by each existing method for performance evaluation is 

presented in Table 4.3.   
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Table 4.3. Performance Comparison of proposed and existing state-of-the-art systems 

Techniques 

Dataset Details 

Precision 

Rate 

Recall 

Rate 
Length 

(hours) 
Format Frame Rate Resolution 

No. of 

Videos 

Sports 

Category 

Pan et al. [2] 27 MPEG-2 25 fps 320 x 240 14 02 Not Used 94.6% 

Duan et al.[10] 02 Not specified Not specified Not specified 01 01 90.4% 95% 

Ekin et al. [13] 13 MPEG-1 30 fps 352 x 240 17 01 85.2% 80% 

Chang et al. [23] 18 Not specified Not specified Not specified 06 01 61.25% 77% 

Zawba et al.[39] 02 AVI 30 fps Not specified 05 01 81.15% 95.7% 

Nyugen et al. [48] 2:15 Not specified Not specified Not specified 03 01 94.6% 95.8% 

Wang et al. [106] 2:30 Not specified Not specified Not specified 08 02 61.2% 74.77% 

Xu et al. [107] 03 X264 30 fps 320 x 240 04 01 80.2% 81.1% 

Eldib et al. [109] 06 Not specified Not specified Not specified 10 01 55.8% 80.7% 

Su et al. [110] 10 MPEG-2 30 fps 352 x 240 10 01 91% 91% 

Jinjun et al. [111] 2:30 Not specified Not specified Not specified 03 01 77.93% 87.1% 

Chen et al. [112] 25 MPEG-2 30 fps 480x352 10 01 90% 92.8% 

Ali et al. [51] 10 AVI 25 fps 640 x 480 22 04 98.8% 95.7% 

 

4.3.2.6 Confusion Matrix Analysis 

An experiment is designed to evaluate the classification accuracy of the proposed method in 

terms of replay and live frames labeling. The classification results of the proposed technique 

are depicted in the form of confusion matrix as shown in Table 4.4. The proposed technique 

classifies the input video frames into either live or replay frame. The reported results for replay 

and live frame in terms of TP, FN, FP, and TN are mentioned against each sports category. As 

it can be observed from Table 4.4 that the classification accuracy of the proposed method in 

terms of correct replay and live frame detection is excellent.  

 

Table 4.4. Confusion Matrix Analysis of the Proposed Replay Detection Method 

A
c
tu

a
l 

C
la

ss
 

Predicted Class 

Classes Replay Live Replay Live Replay Live Replay Live 

 Cricket Tennis Baseball Basketball 

Replay 1004 21 708 14 887 115 292 27 

Live 02 341 41 1424 274 1410 18 715 
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4.3.2.7 ROC Curve Analysis 

The performance of the proposed system is also evaluated using receiver operating 

characteristics (ROC) curves. The ROC curves are generated by ploting the false positive rate 

(FPR) against the true positive rate (TPR). The true positive/hit rate and false positive /false 

alarm rate are computed as: 

TP
TPR

TP FN



         (4.9) 

FP
FPR

FP TN



         (4.10) 

ROC curve represents the tradeoff between true positives and false positives. The proposed 

technique performs discrete classification as it assigns a class label to each frame as an output. 

Each discrete classification technique generates an (FPR,TPR) pair which represents a single 

point in ROC space. ROC curves for Cricket, Tennis, Baseball, and Basketball are plotted in 

Figure 4.9. It can be observed from Figure 4.9 that the ROC curves of Cricket, Tennis, and 

Baseball depicts excellent classification performance of the proposed method [51]. The ROC 

curve of Baseball shows a slight degradation in the perfomance of the proposed method in 

terms of replay detection. The reason of this degradation is the presence of severe uneven 

illumination conditions in the baseball videos as already discussed earlier. Shown in Figure 

4.10 are the combined ROC curves of all the sports videos. From the results it can easily be 

observed that the proposed method is very effective in terms of classifying the frames as either 

replay or live video frame. 

   

      

Figure 4.9. ROC curves for Replay Detection  of cricket, tennis, baseketball, and baseball videos 
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Figure 4.10. ROC curves for Replay Detection  of Sports videos  

4.3.2.8 Camera Angle Variation  

Broadcasters capture and display the replays from different angles and cameras. Therefore, 

there is a need to develop an effective replay detection method that is independent of the camera 

variations. The proposed method effectively detect the replays displayed from various cameras 

portraying different views of the same event. To evaluate the robustness of the proposed method 

against camera variations for replay detection; various views of the same replay captured at 

different angles are obtained. The detection performance of the proposed method for replay 

events displayed from various camera angles is presented in Table 4.5. The average accuracy 

of 92% signifies the effectiveness of the proposed method to successfully detect the replays 

that are invariant to the camera angle variations.  

Table 4.5. Detection Performance of Replay Events for Camera Angle Variations 

Video 

Type 
Camera Views 

True 

Positive 

True 

Negative 

False 

Positive 

False 

Negative 

Precision 

Rate 

Recall 

Rate 

Accuracy 

Rate 

Error 

Rate 

Crick1 Front Back 292 22 0 02 100% 99.31% 99.36% 0.64% 

Crick4 Front Back 290 28 0 23 100% 92.65% 93.25% 6.75% 

Tennis4 Front Side 318 120 40 01 88.82% 99.68% 91.45% 8.55% 

Base2 Front Side 367 391 123 22 74.89% 94.34% 83.94% 16.06% 

Average       90.92% 96.49% 92% 8% 

4.3.2.9 Replay Speed  

Sports broadcasters display the replay event at various speeds. Replay detection methods thus 

must be able to detect the replays independent of the speed. As displayed in Table 4.2 and Table 
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4.5, the proposed method successfully detect the replays that are displayed at different speeds. 

i.e. with different GT rates. The smaller values of GT rates indicate either the small replay 

segments or the replay segments that are displayed at fast speed and vice versa. Thus the 

experimental results indicate the effectiveness of the proposed method in terms of replay 

detection at various speeds.  

4.3.2.10   Score-caption Design and Placement  

Sports broadcasters use different designs of score-captions in various tournaments to display 

the game stats. Moreover, it has been observed after watching extensive amount of sports videos 

that score-captions are placed at different locations on the screen.  The performance of the 

proposed method is evaluated on various videos having score-captions of different designs and 

placed at different positions. As shown in Figure 4.10, various designs of the score-captions 

and placement at different positions in the input sports videos are used to evaluate the 

performance.  

 

 

Figure 4.11. Score-caption Design and Placement for Cricket, Tennis, Baseball, Baseketball 

Table 4.6. Detection Performance of Replay Events for SC Design and Placement 

Video 

Type 

SC 

Placement 
TP TN FP FN 

Precision 

Rate 

Recall 

Rate 

Accuracy 

Rate 
Error Rate 

Crick1 Bottom 292 22 0 02 100% 99.31% 99.36% 0.64% 

Tennis3 
Bottom- 

Left 
226 249 0 05 100% 97.83% 98.95% 1.05% 

Base1 
Bottom- 

Left 
322 610 100 21 76.30% 93.87% 88.50% 11.50% 

Basket3 
Bottom- 

Mid 
211 139 0 6 100% 97.23% 98.31% 1.69% 

Average      94.07% 97.06% 96.28% 3.72% 
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It can be observed in Table 4.6, the detection performance of the proposed method is robust 

against the score-caption design and placement. The average accuracy of 96% demonstrate the 

effectiveness of the proposed method for replay detection irrespective of score-caption design 

and placement on the screen.  

4.3.2.11 Computational Efficiency Evaluation 

The proposed system is efficient in terms of replay detection for sports videos. To provide an 

abstract analysis of computational efficiency of the proposed replay detection system, two 

different scenarios are discussed here.  

Let’s take the scenario of logo dependency that consists of logo design, size and placement 

dependencies on the replay detection systems. Existing systems [39, 48, 107] detect replays by 

identifying the frames containing logo images. This requires considerable effort to train a 

classifier for logo detection. Moreover, these systems are limited to detect logo images of 

certain tournaments or teams as the logo color, size, design, and placement changes for various 

sports videos of different tournaments and broadcasters as well. The computational complexity 

of these replay detection systems based on logo frames identification is generally quite high 

due to the complexity of classifier training. Since the proposed method is based on the various 

threshold values for various operations i.e. Gradual transition detection, and score-caption 

recognition by applying a linear approach therefore, the proposed method is computationally 

efficient as compared to the contemporary methods.   

Some approaches [106] detect the replay segments by discriminating slow-motion shots 

from normal motion shots by exploiting the fact that the replays are mostly displayed in slow- 

motions and also train the classifiers for this purpose i.e. SVM. These approaches have 

limitations for replay detection in terms of correctly identifying the slow-motion frames 

because frames of slow-motion shots are displayed in different speeds by various broadcasters. 

This often turned into situations where the characteristics of slow-motion shots becomes similar 

to the live video shots. Hence, the performance of existing replay detection systems [106] based 

on identifying slow-motion shots degrade significantly due to classifier training and sensitivity 

on the replay speed. The proposed system is independent of replay speed detection and hence 

very effective and efficient in terms of replay detection from input sports videos containing 

replays of various speeds, as this extra step is omitted. 

4.4 Discussion 

The proposed hybrid method for replay detection successfully detect the replays for video 

summarization of sports videos. For replay detection, the proposed method [51] exploits the 

following facts: (i) broadcasters introduce gradual transition effect both at the start and at the 

end of a replay segment, and (ii) absence of score-captions in a replay segment. The dual-
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threshold method is used to detect the gradual transition frames from the input video that are 

further processed to detect the score-captions. The absence or presence of score-caption is used 

for replay or live frame labeling. Score-caption detection complements the gradual transition 

detection phase, therefore, the combination of both enhances the accuracy of replay detection 

and video summarization. The proposed gradual transition detection method decreases the 

search space of replay frame detection. Hence the computation cost of score-caption detection 

method is significantly reduced as it processes only the limited video frames (i.e. candidate 

replay frames extracted by GT method). The proposed method is independent of replay speed, 

camera variations, score-caption design and placement, computational complexity of logo 

detection, sports genre and game structure, etc. Due to the application benefits it is evident that 

the proposed hybrid method provides an efficient way to detect replays successfully for video 

summarization.  
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5.  A MULTIMODAL SUMMARIZATION APPROACH 

FOR SPORTS VIDEOS 

Sports broadcasters generate an enormous amount of videos in the cyberspace due to massive 

viewership around the globe. The huge video collection present various challenges related to 

storage, transmission, and analysis of the available video content. Video summarization 

techniques [6-9, 13-14] are commonly used to address the aforementioned challenges by 

providing a skimmed video through key-events detection. The reasons to summarize sports 

videos are: the transmission requirements over low-bandwidth networks, storage cost, time 

constraints, and viewership interest in only the exciting segments.  

Existing techniques for video summarization have been proposed for various sports such as 

soccer [13], tennis [20], baseball [22], cricket [27], and basketball [123], etc. However, there 

are only few works [121-122] emphasizing the cricket due to the challenging nature of cricket 

videos compared against the other sports. The cricket videos are more difficult to address from 

video summarization perspective than any other sports as the cricket matches are of the longest 

duration with high frequency key-events. Moreover, the cricket has unique field rules (i.e. no 

whistles, etc.), therefore, we need to observe the external factors (e.g. excitement in 

commentary, score-captions, logos, etc.) for video summarization.  

Existing state-of-the-art methods for sports video summarization can be categorized into 

two broad categories i.e. learning-based [2, 20, 39, 57] and non-learning-based methods [48-

49, 54]. Learning-based methods employ classification techniques to detect significant events 

for video summarization, and offer better results at the cost of increased computational 

complexity for classifier training. Besides learning-based techniques, non-learning-based 

methods [48-49, 54] have also been proposed for video summarization to counter the issue of 

high computation cost. Moreover, existing sports video summarization methods extensively 

use visual [2, 122], audio [17, 22] and textual features [18, 48] alone or in combination [21, 39, 

121] to design learning- and non-learning methods for key-events detection.  

In [122] visual (color) features were used to train a HMM to generate cricket highlights. At 

each frame, two histogram comparisons have been performed for shot boundary detection that 

increases the computational complexity of this method [122]. At each point, consecutive frames 

were compared and key-frame was identified in case of difference exceeded the pre-defined 

threshold. This approach is highly unreliable for accurate key-frame detection as there exist a 

possibility of minor change between the two frames of different shots that will remain 

undetected in this scenario. Similarly, an automated method for cricket video summarization 

has been presented in [161]. Dynamic programming approach based on color and motion 

features were used to train the HMM for structural analysis of cricket videos. This method [161] 
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has a dependency on replay speed, and the performance of replay detection degrades 

significantly in case of variations in the replay speed.  

Audio features are also commonly used for video summarization due to low computational 

cost. In [22] energy features, MFCC, and pitch were used to develop a baseball highlights 

generation system. The performance of this method [22] in terms of highlight detection 

degrades to a significant extent due to the deficiencies recorded in pitch detection method. The 

pitch estimator used in [22] generate many false alarms in case the pitch of human speech is 

almost identical to the background noise level. Similarly, in [17] energy features were used to 

obtain different textual keywords from the audio streams by training the SVM classifier. Rule- 

based heuristics were then applied to detect different key-events in soccer videos. It was 

reported in [17] that audio keywords based approach provides reasonable accuracy for few 

events detection. However, soccer videos have limited sound patterns that cannot cover all the 

interesting events. Moreover, the event detection accuracy depends on the performance of audio 

keywords recognition. Therefore, after an in-depth investigation it is suggested that audio 

features must be used in combination with visual or textual features to increase the accuracy 

rate of key-events detection.  

Besides audio and visual features, textual features are also used for key-events detection to 

take advantage of the useful content (i.e. score-captions, gamestats, etc.) available in sports 

videos. In [54], information available in gamestats database is used to detect the significant 

events in Rugby. Text content available in overlays are matched with the gamestats to identify 

the key-events. The highlights were compiled from the detected key-events according to the 

user preferences regarding summary length, favorite team, players and key-events in the game.  

Existing methods [21, 25, 39, 121] also use audio, visual, and textual features in different 

combinations to develop effective video summarization methods. Fusion of the features result 

in improved accuracy when videos are analyzed for the selection of key-events. In [39], visual 

features are used to design a learning-based video summarization framework for soccer. Shot 

boundary detection and classification was performed to segment the input video into various 

shots. Hough transform, Gabor filter, and K-means clustering were used to detect the goal posts. 

Neural network and SVM were trained to identify the logo frames for key-event detection. In 

addition, performance of this approach is highly dependent on the accuracy of logo detection 

as it involves certain challenges given variations in logo design, color, shape, size, and 

placement among different sports, tournaments, and broadcasters. Moreover, the performance 

of this technique is expected to degrade for multiple sports due to variation in the replay 

structure and representation among different sports. In [21], an event detection method based 

on audio-visual features was presented for the summarization of sports videos. A feature vector 

consisting of audio, text captions, field line orientation and motion level was fed into SVM to 

classify various high-level events. In [25], audio-visual features were used to identify 
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significant events in tennis videos. Similarly, in [53] an event driven layered architecture has 

been presented for video classification of cricket and soccer. All of these methods [21, 25, 39, 

121] rely on extensive training of the classifier that makes it computationally more expensive. 

To reap the benefits of both learning and non-learning based methods, a hybrid approach is 

proposed to effectively deal with the summarization of long duration sports videos i.e. cricket 

videos that are more challenging to address (reasons described earlier). Cricket is used as a test 

case to evaluate the performance of the proposed method in terms of addressing the 

aforementioned challenges of long duration sports. The proposed summarization method 

follows a two-step procedure for video summarization. In the first step, audio stream of the 

input cricket video is processed to identify the possible candidates of the excited audio clips by 

detecting the high pitch and low pause rates. The candidate excited audio clips are further 

processed by training the SVM classifier over the audio features to detect the final excited audio 

clips. The video frames corresponding to the audio frames that contains the excitement are 

selected as an input for the key-event detection method. The extraction of excited audio clips 

reduces the search space of key-event detection that ultimately decreases the computation cost 

of the proposed method.  In the second step, a decision tree architecture is designed to detect 

key-events in the input cricket videos that are then used for video summarization. 

The proposed key-event detection method exploits the fact that the key-events in the cricket 

videos can be detected by identifying significant changes in the score-captions. Score-captions 

are analyzed to detect the key-events such as boundary (4), six (6), wicket, and absence of 

score-caption for replays. Each frame that contains any key-event is marked as a key-frame. 

The proposed key-event detection method computes the length of each video skim against each 

key-event. All video skims are appended in the chronological order to generate the summary of 

user specified length. Moreover, score-caption and gradual transitions are used to detect replay 

events that are also included in the abstract videos. Replays usually emphasize a significant 

event of user interest and is an open area of research for video summarization [5, 19, 48, 51].  

The existing video summarization methods show the computational inefficiency in external 

factor identification i.e. logo detection, placement of score-captions, illumination changes, 

replay speeds, and camera variations, etc. However, the proposed method is robust against the 

mentioned limitations. In the present work, excitement and event detection methods are 

designed to effectively deal with the summarization of long-duration cricket videos.  

The proposed video summarization method is summarized as follows: 

1. An automated method for summarization of long duration sports videos is 

presented by detecting the excitement from the audio stream and key-events from 

the excited video frames. 

2. Existing sports video summarization systems [18-23, 106-115] have limitations of 

computational complexity of logo frame detection, camera variations, replay 



96 | P a g e  

 

speed, logo design, size, placement, score-captions type, sports broadcasters, and 

sports category, etc.  

3. The proposed method addresses these limitations and successfully detect the key-

events for video summarization.  

4. The proposed summarization method successfully generates the summarized video 

according to the user specified interval for summary length.  

Rest of the chapter is organized as follows: Section 5.1 presents the proposed excitement 

detection method. Section 5.2 discuss the proposed key-event detection method for video 

summarization. Section 5.3 presents a comprehensive analysis on the results and different 

experiments that are designed to evaluate the performance of the proposed method. Finally, 

section 5.4 presents a discussion on the key-findings of various experiments. 

The proposed framework is divided into two main stages, first stage performs the excitement 

detection task and second stage performs the key-event detection task. The block diagram of 

the proposed system is shown in Figure 5.1.   

 

Figure 5.1.  Block Diagram of the Proposed System 

5.1 Excitement Detection 
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audio frames  ( )
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 where N N  and k K . The presence of any significant event in 

sports video is judged by detecting the excitement of commentators and crowd voices. 

According to our observation, the pitch of commentary increase significantly on the occurrence 

of any key-event i.e. in soccer: goal, or penalty and in cricket: the dismissal, or six, etc. 

Similarly, we experience the loudness in crowd voices as well when any significant event 

occurs. Based on these observational facts a dataset for excitement detection have been defined. 

The detail of dataset development is provided in the section 5.3.1. The process flow of the 

proposed excitement detection framework is presented in Figure 5.2. 

5.1.1 Preprocessing 

The audio signal  ( )
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 is divided into various non-overlapping frame windows of size LW

as described in eq. (5.1).  

| ( 1) 1 ( ),

0,

L L L

L

Y i W i i W if i K W

W otherwise

        




wy
   (5.1) 

Where w
y represents an audio frame-set that consists of 100 audio frames. For implementation 

of this work, the frame window consists of 100 consecutive audio frames i.e. LW = 100. The 

reason behind partitioning is the non-stationary nature of the audio signal that changes rapidly 

over time due to the variation in commentary and audience cheer. 

 

5.1.2 Audio Enhancement 

Audio signals are often corrupted with immense background noise that makes it difficult to 

analyze. Sports videos usually contains high magnitude of background noise that must be 

reduced to effectively process the audio stream for excitement detection. Spectral subtraction 

method [129] is applied to filter the background noise in the proposed work. Each audio frame 

is processed to reduce the background noise in the input sports video.  

Given an audio frame-set ( )k
w

y , the additive noise ƞ(k) modifies the signal as: 

( ) ( ) ( )wy k k k  wy                                                           (5.2) 

Application of the Fourier transform on equation (5.2) returns: 

( ) ( ) ( )w w
j j jY e Y e N e                                                (5.3) 
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Figure 5.2. Process Flow of the Proposed Excitement Detection Framework 

 

The spectral noise is filtered through H(𝑒𝑗𝜔) that subtracts the noise N(𝑒𝑗𝜔) with a 

measurable spectrum. The magnitude of speech is replaced by µ(𝑒𝑗𝜔) through averaging during 

non-commentary or cheer activities. Hence the spectral subtraction estimator 𝑍(𝑒𝑗𝜔) is 

obtained as: 

( ) [| ( ) | ( )] ( )w w
j j j k j jZ e Y e e e y e            (5.6) 

or 

( ) ( ) ( )w
j j jZ e H e Y e          (5.7) 

where  
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5.1.3 Rule-based Induction for Excited Clip Detection 

The proposed excitement detection framework is designed to detect the excited audio clips from 

the audio stream of input sports video via rule-based induction. Excited audio clips are those 

clips that contains the excitement in the audio stream of the input sports videos. The audio 

signal is partitioned into various audio frames of short duration. A collection of audio frames 

are processed as a frame-set ( w
y ) during each pass. More specifically, the audio stream is 

divided into frame-sets F such that each frame-set consists of the audio signal of t=10 second 

duration and contains M numbers of frames. The pitch measure is analyzed to identify the 

excitement in the commentary and audience cheers. Two quantitative measures high pitch rate 

(
hpR ) and low pause rate (

lpR ) are computed for each frame-set by using the pitch.  The frame-

set is marked as an excited clip in case the corresponding frame-set contains both the high pitch 

rate and low pause rate. 

For high pitch rate detection, the pitch of each audio frame is computed in the audio signal 

of the input sports video. The pitch of each audio frame is analyzed to identify the frames of 

high pitch values. The frames of high pitch values indicate the existence of excitement in 

commentary and audience cheers. Each frame-set consisting of an audio signal of 10 second 

duration is processed to detect the high pitch rate. The proposed method processes 100 audio 

frames as a frame-set during each pass. The pitch of each audio frame is computed via 

autocorrelation method [130] as shown in equation (5.9).  

'. 1

0

( ) ( )

M k

k

m

A Y m Y m k





          (5.9) 

where Ak represents the autocorrelation function for the audio signal Y.  

The pitch value is computed for each frame. First-order statistic of the pitch value is 

calculated for each frame-set. This statistic is then used to compute the value of the threshold 

1T as shown in equation (5.10). 

1

1

1
M

i

i

T p
M




           (5.10) 

where pi represents the pitch value of each frame, M represent the number of audio frames 

processed at each pass and set to 100 in our implementation, is a constant parameter > 1. 

The computed pitch value of each audio frame is filtered by comparing it with the threshold

1T . If the pitch of an audio frame exceeds the threshold 1T , then the corresponding frame is 

marked and the high pitch rate counter is incremented as follows: 
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C if p T
C

C otherwise

 
 


       (5.11) 

 where hpC  represents the high pitch rate counter. 

The ratio of the number of audio frames with high pitch rate in each frame-set is computed 

as shown in equation (5.12). 

100hp

hp

C
R

M


         (5.12)   

Each frame-set is finally processed to detect the excitement. First-order statistic of the hpR

of all frame-sets are calculated to compute the value of the threshold 2T as shown in equation 

(5.13).  

 2

1

1
F

hp i
i

T R
F



          (5.13) 

where F represent the number of frame-sets in the audio signal. 

Rule-based induction is used to classify between the excited and non-excited clips. For 

excitement detection based solely on high pitch rate detection, a rule R1 is defined as follows: 

2

1

1,

0,

hpif R T
R

otherwise


 


       (5.14) 

The hpR of each frame-set is compared against the threshold T2. More specifically, if the hpR

of the frame-set exceeds 2T , then the corresponding frame-set is marked as a possible candidate 

for the excited clip. 

For low pause rate detection, the proposed method analyzes each audio frame to detect lpR

in the commentary due to low pauses during any excited event. Each frame-set is processed to 

compute the pause rate. Each audio frame in the frame-set is analyzed to detect the frames with 

zero pitch value. Specifically, if the pitch of an audio frame is equivalent to zero then the 

corresponding frame is marked, and a pause rate counter is incremented as follows: 

1, 0

,

lp i

lp
lp

C if p
C

C otherwise

 
 


       (5.15) 

where hpC is the pause rate counter, and used to count the number of frames with zero pitch 

values. 

The low pause rate ratio of each frame-set is calculated as shown in equation (5.16). 

100lp

lp

C
R

M


         (5.16) 

First-order statistic of lpR of all the frame-sets are calculated to compute the value of the 

threshold 3T  as follows: 



101 | P a g e  

 

3

1

1
( )

F

lp i

i

T R
F



          (5.17) 

For excitement detection based solely on low pause rate detection, a rule R2 is defined as 

follows: 

3

2

1,

0,

lpif R T
R

otherwise


 


       (5.18) 

The lpR of each frame-set is compared against the mean of the lpR of all frame-sets to identify 

the frame-sets with low pause rate. More specifically, if the lpR of any frame-set lies below 3T , 

then the corresponding frame-set is marked as a possible candidate for the excited clip.  

The presence of either high pitch rate or low pause rate alone is not sufficient to detect all 

the possible candidates for excited clips in the sports videos. Therefore, both the high pitch rate 

and low pause rate are used to determine the presence of excitement in each audio frame-set. 

For excitement detection based on both the hpR and lpR detection, a rule R3 is defined as follows: 

2 3

3

1,

0,

hp lpif R T and R T
R

otherwise

 
 


     (5.19) 

Each audio frame-set is analyzed in the next stage to extract those frame-sets that contains 

both the hpR and lpR . Specifically, if the hpR of an audio frame-set is greater than or equal to 2T  

and lpR is less than or equal to 3T , then the corresponding audio frame-set is marked as a possible 

candidate for excited frame-set. To increase the accuracy rate of excitement detection, the 

proposed method applies a learning-based approach via SVM classifier on the candidate excited 

frame-sets to detect the excited audio clip.  

5.1.4 Feature Extraction  

Effective feature extraction is an indispensable requirement to achieve the higher classification 

accuracy. The main goal is to extract a set of features that must be informative with respect to 

the desired properties of the original data. To achieve this goal, it is important to have a good 

knowledge of the application domain, so that we can decide regarding the selection of best 

features. Acoustic features give the numerical representation of the information present in the 

form of sound waves. For implementation of this work, following features are extracted from 

the audio streams: 13-D MFCC [131], 10-D LPC [92], 5-D Method of moments, Spectral Flux, 

Spectral Rolloff, Spectral Variability, Spectral Frequency, RMS of frames, fraction of low 

energy windows, relative difference function, and ZCR (all are 1D) [131]. The detail of these 

features is presented in this section. Moreover, feature vector details are presented in Table 5.1. 

 Mel-Frequency Cepstrum Coefficients (MFCCs) are most commonly used frequency 

domain features in audio signal processing. MFCCs are cepstral representation of an audio 
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signal. In MFCCs, the frequency bands are distributed according to mel-scale. To extract 

the MFCCs from an audio frame, following operations are performed: 

1) Compute Fourier transform of the corresponding audio frame-set
w

y . 

2) Use triangular overlapping windows to map the powers of spectrum obtained at step 1 

onto mel-scale. 

3) Compute the logs of the powers of spectrum at each mel frequency. 

4) Compute DCT of the list of mel log powers. 

5) Select the amplitude of the resulting spectrum as the MFCCs. 

For implementation of this work mean and standard deviation of MFCC features are 

computed. The details of the features obtained through the MFCC are provided in Table 

5.1. 

 Linear Predictive Coefficients (LPC) is a compact representation of the spectral envelope 

of an audio signal and commonly used in audio signal processing for various applications. 

LPC examines the speech signal by assessing the formants, removing their effects from 

the audio signal, and estimating the intensity and frequency of the remaining buzz. The 

process of formants removal is known as inverse filtering. The remaining signal after the 

subtraction of the filtered signal is termed as the residue. Mean and standard deviation of 

LPC are calculated for the implementation of proposed method. 

 Zero Crossing Rate (ZCR) represents the rate of sign changes of an audio signal. It is the 

number of times a signal changes from positive to negative and vice versa, divided by the 

frame length. ZCR gives a measure of the noisiness of the signal, and the zero crossings 

across the audio frames are used as features. ZCR is computed as follows: 

1

1
( ) | [ ( )] [ ( 1)] |

2

LW

nL

Z c sgn y n sgn y n
W 

        (5.20) 

Where y is the corresponding single audio frame in the frame-set w
y , and sgn (.) represents the 

sign function, i.e: 

1, ( ) 0
[ ( )]

1, ( ) 0

y n
sgn y n

y n

 
  

  
     (5.21) 

 Spectral flux is a frequency domain feature that measures the spectral change between 

two consecutive audio frames. It is calculated as the squared difference between the 

normalized spectra of the two consecutive frames as shown in eq. (5.22). 

2

( , 1) 1

1

( ( ) ( ))
fLW

i i i i

k

Fl EN k EN k 



        (5.22) 
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( )
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l

y k
EN k
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i.e. ( )iEN k is the kth normalized DFT coefficient at ith frame. 

 Method of Moments consists of the first five statistical moments of the spectrograph 

that is the area, mean, power spectrum density, spectral skew, and spectral kurtosis. 

This feature aggregate define the shape of the spectrograph of a given window of the 

audio signal. These 5-D method of moments are adopted in our method for feature 

representation. 

 Spectral Variability represents the amount of variation in the spectrum of the signal of 

the two successive frames. It is calculated by the spectral flux and computed as the 

euclidean distance between the two non-normalized spectra unlike spectral flux. The 

comparison of non-normalized spectra also provides the abrupt fluctuations in the 

power of audio signal besides noting the spectral variations.  

 Spectral Roll-off is a measure of the amount of right skewedness of the power spectrum.  

Spectral roll off point represent the fraction of bins in power spectrum at which 85% 

of the power exist at low frequencies. The spectral roll-off across time frames in the 

texture window are used as features.  

 Fraction of low energy windows represents a measure of the amount of an audio signal 

that is quiet as compared to the entire audio signal. It can be computed by taking the 

mean of the root mean square of the last 100 windows and identify the fraction of these 

100 windows that are lower than the mean value. It is a useful attribute to identify audio 

frames of silent or low amplitude values.  

 Root Mean Square (RMS) is usually referred to as the sound intensity and provides an 

indicator of the power of an audio signal. It is computed by taking the square root of 

the value obtained by adding the squares of each audio sample divided by the number 

of audio samples in the window. RMS provides an average level of the power of an 

audio signal that correlates to the apparent loudness exist in an audio signal. RMS of 

frames are calculated for each audio frame window in the proposed work for excitement 

detection. RMS can be computed as follows: 

2

1

LW

k

k

L

y

RMS
W




       (5.23) 

 Relative Difference Function is a feature that computes the log of the derivative of root 

mean square. Relative difference function is a useful attribute to analyze for onset 

detection that refers to the beginning of a sound in an audio signal. 

Shown in Table 5.1 are the details of our 64-D feature vectors.   



104 | P a g e  

 

Table 5.1. Description of Feature Vectors 

Feature Feature description  

1 13~x x   Mean of MFCC 

14 26~x x  Standard Deviation of MFCC 

27 36~x x  Mean of LPC 

37 46~x x  Standard Deviation of LPC 

47 51~x x  Mean of Method of Moments 

52 56~x x  Standard Deviation of Method of Moments 

57x  Spectral Flux 

58x  Spectral Rolloff 

59x  Spectral Variability 

60x  Spectral Frequency 

61x  RMS of Frames 

62x  Fraction of Low Energy Windows 

63x  Relative Member Function 

64x  ZCR 

 

5.1.5 Classification: Support Vector Machine (SVM) 

This section present the details of data preparation and classifier training that are used for 

excitement detection. 

5.1.5.1 Data Preparation 

For excitement detection, q audio clips that consists of q/2 excited and non-excited audio clips 

in the dataset are represented in the form of feature vectors as 1 2 64{ , ,..., }x x xx . For 

improved classification the feature vectors are normalized using eq. (5.24): 

 i i

i

x 




x          (5.24) 

Where ix is the corresponding feature in the feature vector, i  represents the mean, and i

represents the standard deviation of the feature vector. Feature extraction in the proposed 

method can also be viewed as a data rate reduction procedure because the analysis algorithms 

in the proposed work are based on a relatively small number of features. After obtaining the 

normalized audio features, fisher discrimination ratio (FDR) is computed for the selection of 

most relevant features for excitement detection. The FDR for each feature (denoted i) is 

computed as [133]: 
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        (5.25) 

where
1,i
 , and 

2,i
 represent the means of excited and non-excited classes respectively, 

whereas 
1,i

 , and 
2,i

 represent the variances of excited and non-excited classes. A high FDR 

value of a given feature shows a high discriminative power of the feature for classification. If 

the distance between the means of both classes is high with low intra-class variance, then it 

indicates high FDR value for a given feature [133]. By applying Eq. (5.25), 32 most 

representative features are selected for a given feature vector. 

For excitement detection, T feature vectors are selected from the feature repository as 

corresponding training set that are represented as:  

    
1

,
T

i i

i
t


x         (5.26) 

Where 
( ) 1it  represents the excited audio clips and 

( ) 0it  represents the non-excited audio 

clips for the input cricket video. On the other hand, the remaining feature vectors in the feature 

repository are used for classifier evaluation and serves as the testing set. 

5.1.5.2 Learning Classifier 

SVM is known for its amazing accuracy and performance on various pattern recognition 

problems, and has been acknowledged as a powerful tool for classification. SVM considers the 

learning as a binary classification problem, and apply Kernel tricks to map training feature 

vectors to high-dimensional feature space and find an optimal separating hyperplane by 

minimizing a cost function. For excitement detection the cost function that is minimized can be 

represented as: 

( ) ( ) ( ) ( ) 2

1
1

1
( ) min ( log ( )) (1 )( log(1 ( )))

2

n
m i i i i

ji
j

J t h t h
m m

 


 




       
  x x (5.27) 

Where 
1

( )
1

T x
h

e
 




x and   represents the optimization parameter that is computed 

through the gradient descent as follows: 

( ) ( ) ( )( ( ) )i i i

j j j j

ij

J
t h    




     


 x x     (5.28) 

And, 
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12

n

j

jm






 is used to avoid the overfitting. Equation (5.27) is modified as follows: 
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Where 
1

C


  

If we plot cost function as in Figure 5.3 then we impose a condition on the hypothesis ( )h x

as follows: 

, 1
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x

x
      (5.30) 

 

Figure 5.3. (a) Cost Function for Excited Class, (b) Cost Function for Non-Excited Class 

 

By optimal parameter selection for ( ) 1h x  for excited audio streams, and ( ) 1h  x  for 

non-excited audio streams, the cost function returns a value 0 i.e. the minimum error, 

therefore, eq. (5.29) will become 
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or 
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        (5.32) 

Subject to ( ) 1h x , for excited audio streams, and ( ) 1h  x for non-excited audio streams. 

As described in Figure 5.4, by projecting the feature vector 
( )i

x  over the parameter vector
( )i

the separating hyperplane can be obtained as: 

( ) ( )

( ) ( )

1, 1

1, 0

i i

i i

P if t

P if t





 

  
       (5.33) 

Where 
( )i

p is the projection of the feature vector
( )i

x over the parameter vector
( )i . To address 

the excitement detection in a better way, predictions are performed by converting the feature 

space into higher dimensional feature space through RBF kernel that returns the output as: 
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Figure 5.4. (a) Projection of feature vector x(i) with two features over the parameter vector θ, (b, c) Sample 

separating hyperplanes 

2
( ) ( )
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= exp
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i i

i
l
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x
       (5.34) 

Where 
( )il represents the landmarks for higher dimensional feature space. The feature vectors 

close to the land marks appear as 1 and the feature vectors farther away from the land marks 

will be labeled as 0. Hence the trained classifier is given as:  

* ( )( ) = iC Cx          (5.35) 

Once the classifier 
*( )C x is trained the classification performance is evaluated through the 

testing data. 

5.1.5.3 Classification 

For classification purpose, audio frameset of the input video is selected to determine the 

excitement by representing the input audio clips in the form of feature vectors. The 

corresponding video frames of the input audio clips are selected as the frames of interest for 

key-event detection where excitement detection occurs. The benefit of the scheme is that the 

time required to process all the video frames can significantly be lowered by following this 

scheme.  

The algorithm of the proposed excitement detection method is presented in Table 5.2. 
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Table 5.2. Proposed Excitement Detection Algorithm 

INPUT: Audio stream  ( )

1

i K
i

i
Y y




 , M←100, test sample x, mean of test sample, 

standard deviation of test sample, trained classifier C, 

OUTPUT: Excited Audio Clips  ( )

1

i K
i

e
i

Y y



  

1. Partition the full-length audio signal into non-overlapping frames                                     
2. Compute high pitch rate and low pause rate for each frame-set 

FOR i=1: 100: M 
3. Compute Pitch for each frame in a frame-set 

        𝑃𝑖 ← 𝑃𝑖𝑡𝑐ℎ(𝑦)𝑖  
4. Compute a threshold for high pitch rate detection by averaging the mean of Pitch 

for all frames 

                 𝑇1 ← 𝛼 ∗
1

𝑀
∑ (𝑃)𝑗

𝑀
𝑗=1   

5. Compare pitch of each frame against T1 to detect frame containing high pitch value  
 IF Pi > T1 

i. 𝐶ℎ𝑝 ←  𝐶ℎ𝑝 + 1 

         END IF 
6. Compute high pitch rate ratio for each frame-set  

         𝑅ℎ𝑝 ←  
𝐶ℎ𝑝∗100

𝑀
   

7. Analyze pitch of each frame to detect ratio of zero pitch values 
         IF pitch = ZERO 

i. 𝐶𝑙𝑝 ←  𝐶𝑙𝑝 + 1 

         END IF 
8. Compute low pause rate ratio for each frame-set 

   𝑅𝑙𝑝 ←  
𝐶𝑙𝑝∗100

𝑀
  

9. END FOR 
10. Compute thresholds for high pitch and low pause rate detection 

                  𝑇2 ←
1

𝐹
∑ (𝑅ℎ𝑝)𝑗

𝐹
𝑗=1   

                 𝑇3 ←
1

𝐹
∑ (𝑅𝑙𝑝)𝑗

𝐹
𝑗=1  

11. Detect candidate excited audio clips based on high pitch and low pause rates  
                 IF Rhp ≥T2 && Rlp ≤ T3  

i. Ye(k) ← Y(k)   //Mark frame set as a possible candidate of Excited clip 
                else 

ii. Y(k)   // Non-excited clip 
                END IF 
12. Perform feature normalization  

i i

i

x 




x  

13. Perform feature scaling 
2

( )
1, 2,

2 2
( )

1, 2,

i i

i i

 

 






x  

14. 
*( )O C x                                    //O=1 represents excited output and vice versa. 

15. Classify audio signal into excited and non-excited audio clips 
i. Ye(k) ← O=1  //Excited clip 

ii. Y(k)  ← O=0 // Non-excited clip 

 

5.2 Key-Event Detection 

At the second stage, the corresponding video frames of excited audio clips are fed to the 

proposed event detection framework to detect key-events for cricket. The proposed event 
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detection framework consist of various phases that are pre-processing, score-caption detection, 

score-caption enhancement, key-event detection, and video summarization. Shown in Figure 

5.3 is the process flow of the proposed event detection framework.  

The pre-processing phase of the event detection framework transforms the input color 

video frames into grayscale images. To reduce the computational complexity of the proposed 

method, sequence of grayscale images are down-sampled. The illumination adjustment is 

performed on each image. Score-captions are identified in the next phase from the input video. 

Enhancement is performed on the extracted score-caption region followed by transforming the 

image into binary. To reduce the outliers, various morphological operators are applied on the 

extracted score-caption region. Score-caption contents are analyzed in the next phase by 

feeding the score-caption region to optical character recognition (OCR) algorithm. A decision 

tree is constructed to classify various key-events such as boundary (4), six (6), wicket, and 

replay in the input cricket video. The frames containing significant changes in the score-caption 

as compared to their neighboring frames are marked as key-frames. Each key-frame contains a 

key-event in the input video. Few frames are selected automatically against each key-frame to 

generate a video skim. All video skims are appended in the chronological order to generate the 

summarized video of user specified length. The rest of the section discusses the methodology 

of the proposed event detection method for cricket videos. 

 

Figure 5.5. Process Flow of Proposed Event Detection Framework 

5.2.1 Preprocessing 

Given the video frames  ( )

1

i N
i

i
I




corresponding to the excited audio clips  ( )

1

i k
i

e
i

Y y



 , the color 

frames are transformed into grayscale images. The sequence of grayscale images are down-

sampled by a factor of 2 in order to reduce the computational cost. Each image is processed for 

illumination adjustment. To this end, top hat filtering [126] is used to achieve this goal. Top hat 

filter performs morphological opening with a structuring element SE1 of size 1 and shape S1 

followed by subtraction from the original image. These operations can be expressed as follows: 

( ) ( )
1( , ) ( , )

i i
thinI x y I x y SE        (5.36) 
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( ) ( )( )( , ) ( , ) ( , )
i ii

ad j thinI x y I x y I x y        (5.37) 

Where ( )
( , )

i
thinI x y , ( )

( , )
i

adjI x y , and ( ) ( , )iI x y represent the thinned image, illumination adjusted 

image, and input grayscale image respectively, if ith frame. Whereas,  is the opening operator. 

The size 1 of structuring element SE1 is set to 3 to preserve the effectiveness of illumination 

adjustment as described previously in section 4.2.1. The shape S1 of structuring element SE1 is 

set to disk for faster processing as the morphological operations using disk approximations run 

much faster [134].   

5.2.2 Score-Caption Detection 

It is observed after watching enormous amount of cricket videos that the score-captions appear 

at fixed location in each frame of the input video. Therefore, temporal image averaging is used 

to filter out the score-caption region from the input video frame. The score-captions are 

extracted from the input frame for further processing. A sliding window of length L2 frames 

and step size J2 is used to compute temporal running average sequence. It can be expressed as 

follows: 

( 1) ( 1) ( 1)

( )

2

( , ) ( , ) ( , )
( , ) ( )

i i i

avgi

avg

I x y I x y I x y
I x y

L

  
 

     (5.38) 

Where 
( )

( , )
i

avg
I x y represents average of ith frame, 

( 1)
( , )

i
I x y


represents the entering frame 

and 
( 1)

( , )
i

I x y


represents the exit frame in a sliding window. The length of the sliding window 

is set to L2=5 in order to decrease the computational cost. The step size of the sliding window 

is set to J2=1 in order to maintain the effectiveness of the running average operation for score-

caption detection.  

5.2.3 Score-caption Enhancement 

Morphological operators are used to enhance the extracted score-caption region. Morphological 

opening is performed on the extracted image region by applying the structuring element SE2 of 

shape S2 and size 2  as follows: 

( ) ( )

2( , ) ( , )
i i

open avgI x y I x y SE        (5.39) 

The resultant image obtained after morphological opening is subtracted from the extracted 

image of score-caption as shown in equation (5.40).  

( ) ( ) ( )
( , ) ( , ) ( , )

i i i

sub avg openI x y I x y I x y         (5.40) 

Where ( )
( , )

i

subI x y represents the subtracted image, ( )
( , )

i

openI x y is the image obtained after 

morphological opening, and  is the opening operator. The size 2 of SE2 is set to 25x27 and 
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shape S2 = rectangular is used for experiments. These settings preserve the effectiveness of the 

morphological operations for enhancement of score-caption contents.   

First- and second-order statistics are computed for each subtracted image,
( )

( , )
i

sub
I x y , that is 

then used to convert 
( )

( , )
i

sub
I x y into binary image 

( )
( , )

i

bin
I x y as follows: 

   ( )

( )
0, * ( , ) *

( , )
1,

i

i i sub i ii

bin

avg avgif p I x y p
I x y

otherwise

      





  (5.41) 

Where 
i

  and 
i

  represent the mean and standard deviation for 
( )

( , )
i

sub
I x y , 

( )
( , )

i

bin
I x y

,
 

represents the binary image for ith frame and avgp is a positive real constant and set to 2.5 after 

detailed experimentation. This value is adopted in the proposed work as optimal results are 

achieved on these parameter settings. 

To remove the outliers, two passes of morphological thinning are applied on this binary 

image . Shown in equation (5.42) is the application of thinning operation on the binary 

image.  

( ) ( )

2( , ) ( , )
i i

thin binI x y I x y SE                                  (5.42) 

where 
( )

( , )
i

thinI x y is the thinned image for ith frame. To bridge gaps in characters, dilation is 

applied with a structuring element SE3 of shape S3 and size 3 on 
( )

( , )
i

thinI x y as shown in equation 

(5.43). The transformed image finally contains the score-caption contents that are more suitable 

to be processed by the optical character recognition.  

( ) ( )

3( , ) ( , )
i i

dil thinI x y I x y SE         (5.43) 

where ( )
( , )

i

dilI x y is the dilated image for ith frame, and ⨁ is the dilation operator. The shape S3 

of structuring element SE3 is set to square and size 2 = 3x3 is used for experiments. These 

settings are applied to effectively bridge the gaps while preserving fine details of each character 

during post-processing. 

5.2.4 Decision Tree Classification for Key-Event Detection  

The processed SC region 
( )

( , )
i

thinI x y is passed to the optical character recognition (OCR) 

algorithm [127] to recognize the characters. In cricket, SCs score and wicket are displayed by 

using separator “/” or “-“ i.e. score/wicket or score-wicket. In key event detection, a five level 

decision tree (set of rules) is designed to categorize the boundary, six, wicket, and replay events. 

The layout of the decision tree is shown in Figure 5.6. At the root node SC is examined. As the 

broadcasters usually omit SCs during replays due to the disagreement of game stats in live and 

replay frames. Therefore, in the present work this observation is used to classify the frames as 

( )
( , )

i

bin
I x y



112 | P a g e  

 

either active/live or replay frames. Another observation about the replay segments is that the 

replay frames are sandwiched between gradual transition (GT) frames. Therefore, the detection 

of gradual transition in the absence of score-caption is the representation of replay frame. The 

frames marked as replay frames are also used for video summarization i.e. to capture any 

interesting event (for example misfields, overthrows, player collisions, etc.) other than the key-

events in the form of boundary, six, or wicket. For gradual transition detection, dual-threshold-

based method [128] is used in the proposed work that is already discussed in detail in section 

4.1. Detected GT frames are used to extract the candidate replay segments. For replay event 

detection, a rule R4 is defined to classify between the replay frame and closed frame as follows: 

( )

4 ( )

( , ), &&

( , ), &&

i
r

i
cf

I x y if SC False GT True
R

I x y if SC False GT False

  
 

 

    (5.44) 

Absence of the GT and SCs make the frames as closed frame (CF) i.e. the frames that cannot 

be used for the key-events detection. If the SCs are active frames then score separator (SS) is 

used for separating score value (SV) and wicket value (WV).  The W counter contains the 

difference between wicket values from the current and the previous frames whereas, S counter 

stores the difference between the score values from the current and the previous frames. These 

counters are utilized to identify the wicket, six and boundary events via rule-based induction. 

For wicket event, a rule R5 is defined as follows: 
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       (5.45) 

Where W represents the difference in the WV between the current and previous frame and 

expressed as follows: 

( ) ( 1)i i
W WV WV 

         (5.46) 

More specifically, if W counter is greater than zero then there is a wicket event otherwise 

no key-event (NE) is detected. The threshold Tw is set to zero as the wicket counter increments 

by a factor greater than zero for wicket event in a cricket video. Similarly, for boundary event 

a rule R6 is defined as follows: 
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      (5.47) 

Where S counter represents the difference in the SV between the current and previous frame 

and expressed as follows: 

( ) ( 1)i i
S SV SV 
          (5.48) 

More specifically, if S counter is greater than or equal to Tbl and less than Tbh then “boundary” 

event is detected.  Tbl =4 and Tbh =6 are used as the boundary event increments S counter by 

either 4 or 5 in a cricket video. In case of 5, a boundary is scored on a no-ball/wide-ball in 

cricket. Score counter is further analyzed to detect the six event by defining a rule R7 as follows: 
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More specifically, if S counter is greater than or equal to Ts, then a six event is detected. Ts

 6 is used, as the six event increments the score counter by a factor of either 6 or 7 in a cricket 

video. In case of 7, six is scored on a no-ball in cricket. For each detected event, the 

corresponding video frame is marked as a key-frame. A video skim is created for each key-

event followed by generating the summarized video according to the user specified length. 

 

Figure 5.6. Decision Tree for Key-Events Classification 

5.2.5 Video Summarization 

The proposed event detection framework generate video skims against each detected key-event. 

The proposed system generates the video summary by obtaining the required summary length 

from the user. Video skim duration for each key-event is computed as shown in equation (5.50).  

sum
key

key

L
L

N
          (5.50) 

where keyL represents the length for each key-event, sumL  represents the length of video 

summary required by the user, and keyN represent the total number of key-events and replays. 

The length of selected frames for inclusion at prior and after each key-frame in a video skim is 

computed as follows: 

1p keyL L          (5.51) 

2a keyL L          (5.52) 

where Lp and La represent the length of selected frames prior and after each key-frame 

respectively. The parameter settings for 1 and 2 are designed as 1 2(0 , 1)   in the 

proposed work. 

The final length of the video skim for each key-event p kf aL L L  is obtained by including 

the frames of length, Lp prior and La after each key-frame (Lkf). This procedure of video skim 



114 | P a g e  

 

generation preserves the temporal information in the summarized video. All video skims are 

appended in the chronological order to generate the final summary for cricket videos. The 

algorithm of the proposed key-event detection framework is presented in Table 5.3. 

Table 5.3. Proposed Key-Event Detection Algorithm 

INPUT: Excited grayscale Video frames  ( )

1

i N
i

i
I





 , 
SumL   

OUTPUT: Summarized Video  ( )

1

i Z
i

E
i

I



 

1. 
( )

2 5, 1, ( , ) 0i
S avgL W I x y    

2. Apply top hat filtering for illumination adjustment  
( ) ( )

1( , ) ( , )
i i

thinI x y I x y SE  

( ) ( )( )( , ) ( , ) ( , )
i ii

ad j thinI x y I x y I x y   

3. Apply temporal running average on a window of length L2=5 frames and step size WS=1 
( 1) ( 1) ( 1)

( )

2

( , ) ( , ) ( , )
( , ) ( )

i i i
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I x y I x y I x y
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4. Apply morphological opening followed by subtraction from the average image  
( ) ( )

2( , ) ( , )
i i

open avgI x y I x y SE  

( ) ( ) ( )
( , ) ( , ) ( , )

i i i

sub avg openI x y I x y I x y   

5. Transform the difference image into binary 

   ( )

( )
0, * ( , ) *

( , )
1,

i

i i sub i ii
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avg avgif p I x y p
I x y

otherwise

      






 

6. Apply two passes of morphological thinning 
( ) ( )

2( , ) ( , )
i i

thin binI x y I x y SE   

7. Perform dilation on the thinned image 
( ) ( )

3( , ) ( , )
i i

dil thinI x y I x y SE   

8. Pass the dilated image into OCR for score-caption characters recognition 
( )

( ( , ) )
i

dilOCR I x y                                            

9.    event detectedIF SC False GT True then Replay    

10. Scan the score and wicket counters 

( ) ( 1)i i
S SV SV 
   

( ) ( 1)i i
W WV WV 

   

11.  0 Wicket event detectedIF SC active SS WV W then      

12.  4 6 Boundary event detectedIF SC active SS SV S then        

13.  6 Six event detectedIF SC active SS SV S then               

14. Compute the length of each key-event 

sum
key

key

L
L

N
  

15. Calculate the length of frames included at prior and after each key-frame for key-event 

1p keyL L                                

2a keyL L   

16. Generate a video skim against each key-event as p kf aL L L   

17. Arrange each video skim sequentially 
18. DISPLAY the summarized video 
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5.3 Results 

This section present a detailed discussion on the results and various experiments that are 

designed to evaluate the performance of the proposed video summarization system.   

5.3.1 Dataset 

Thirty real world you-tube cricket videos of total duration of 12 hours are used for the 

performance evaluation of the proposed method. The dataset consist of videos from different 

sports broadcasters namely Ten Sports, Sky Sports, ESPN, Star Sports, and Super Sports. Each 

video in the dataset has a frame resolution of 640 × 480 pixels and a frame rate of 25 fps. The 

cricket videos contain samples from 2006 ODI series between Australia and South Africa, 2014 

test series between Australia and Pakistan, 2014 One Day International (ODI) series between 

South Africa and New Zealand, and 2014 (T20) cricket world-cup tournament. Shown in Figure 

5.7 are some snapshots of the dataset used for the performance evaluation. 

As the proposed video summarization method also performs the acoustic analysis of the 

audio stream associated with the input cricket videos; therefore, an audio dataset was created 

that comprise of excited and non-excited audio clips. For this the annotation of the audio stream 

was performed, and the audio frames with high pitch rate were considered as the excited audio 

frames. Whereas, the frames with low pitch rate were considered as non-excited audio frames. 

The high pitch rate represents a situation where the pitch of commentators or crowd voices 

suddenly increases due to a key-event. The dataset consists of 100 audio clips with 50 audio 

clips in each class. 30 clips from both excited and non-excited classes were used for classifier 

training, whereas, the remaining 40 clips were used to evaluate the classification. The dataset 

is publically available at [153]. 

 

Figure 5.7. Snapshots of dataset 

5.3.2 Performance Evaluation 

For performance evaluation, precision, recall, F-1 score, accuracy, and error rates are computed.  



116 | P a g e  

 

Precision rate also known as specificity determines the ability of the video summarization 

system to correctly classify the key-events against the total number of detected events. Precision 

is computed as follows: 

True Positive
Precision Rate

True Positive False Positive


            (5.52) 

Where the true positives are key-events that are actually detected as key-events. Whereas, false 

positives are any other events that are misclassified as the key-events by the video 

summarization system. 

Recall rate also known as sensitivity determines the ability of the video summarization system 

in terms of model association with the class of concern e.g. key-events class, and excited clips 

class. Recall is computed as follows: 

True Positive
Recall Rate

True Positive False Negative



     (5.53) 

The false negatives in eq. (5.53) are any key-events that are misclassified by the key-event 

detection system or excited audio clips that are considered as non-excited clips by the 

excitement detection system. 

F-1 score is also computed to measure the test accuracy of the classification performed by the 

proposed method as described earlier. F-1 score is computed according to Eq. (3.8) as 

mentioned in section 3.3.2.3.  

Another performance metric adopted for the performance evaluation is the accuracy 

measure. Accuracy determines the ratio of correctly labeled events against the total number of 

events, and can be expressed as follows:  

True Positive True Negative
Accuracy Rate

Total Positive Total Negative





      (5.54) 

For evaluation of the proposed method, false alarm rate or error rate is also adopted. The 

error rate is used to determine the ratio of the miss-classified events (both false 

positives and false negatives) against the total number of examined events. Error rate is 

computed as follows:  

False Positive False Negative
Error Rate

Total Positive Total Negative





      (5.55) 

5.3.2.1 Excitement Detection Evaluation 

The precise video summarization in the proposed work is directly associated with the accurate 

detection of the excited audio clips. Based on the excitement detection output, key-events are 

determined for video summarization. As shown in Figure 5.8, the objective evaluation of the 

excitement detection in the form of various performance measures reveal very high rates; e.g. 

consider the case of accuracy measure that shows 97.76%, precision 98.87% , recall 97.60%, 
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and F-1 score 98.7%. The higher values of objective evaluation indicates the good classification 

performance of the SVM classifier that is directly proportional to the high class separablity. As 

both excited and non-excited classes are linearly separable due to the pitch factor involved, 

therefore, the SVM classifier effectively performs the excitement detection. 

 

Figure 5.8. Excited Audio Clips Detection results for Cricket Videos. 

Another factor that drives the good classification performance is the feature normalization 

and enhancement that is performed through Eqs. (5.24) and (5.25) in the proposed method. The 

normalization and feature enhancement impact over classification is calculated and described 

in Figure 5.9. From results it can be observed that the SVM classifier significantly improves 

when feature normalization and enhancement is introduced.  

 

Figure 5.9. (a) Excitement Detection without Feature Normalization and FDR, (b) Excitement 

Detection with Feature Normalization and without FDR, (c) Excitement Detection with FDR and 

without Feature Normalization, (d) Excitement Detection with Feature Normalization and FDR. 
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5.3.2.2 Key-Event Detection Evaluation 

In our second experiment, the proposed methodology of key-event detection is evaluated in 

terms of precision, recall, F-1 score, accuracy, and error rates. The objective evaluation 

statistics of the proposed system for each of the four events i.e. boundary, six, wicket, and 

replay are shown in Table 5.4. The same results are graphically presented in Figure 5.10.  

Table 5.4. Key-Event Detection results for Cricket Videos.  

The proposed system achieves an average precision, recall, F-1 score, accuracy, and error 

rates of 91.87%, 89.85%, 90.82%, 95.01%, and 4.99% respectively. The average accuracy 

rate of 95.01% demonstrates the effectiveness of the proposed key-event detection method. The 

promising results of the proposed key-event detection method also highlights an important fact 

that the clear patterns are if explored instead of relying on the blind pattern identification 

techniques; the probability to find the precise output is significantly high. The same phenomena 

is also highlighted in [51], where it was proved that the hybrid approaches are comparatively 

effective against the pure learning based methods.  The argument is further explored in a clear 

way through our next experiment in which the proposed method is compared against existing 

state-of-the-art (learning and non-learning based) methods.    

 

Figure 5.10. Objective evaluation statistics of boundary, six, wicket, and replay events 

Key-events Precision Rate Recall Rate F-1 Score Accuracy Rate Error Rate 

Boundary 94.79% 89.65% 92.14% 91.34% 8.66% 

Six 90.41% 88% 89.18% 95.53% 4.47% 

Wicket 88.09% 90.24% 89.15% 97.48% 2.52% 

Replay 94.19% 91.53% 92.84% 95.72% 4.28% 

Average 91.87% 89.85% 90.82% 95.01% 4.99% 
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5.3.2.3 Computation Analysis 

In this experiment, the computational complexity of the proposed video summarization method 

is presented. The excitement detection method reduces the search space of key-frame detection. 

The proposed key-event detection method comprise of various processes i.e. top hat filtering, 

running average, morphological opening, dilation, thinning, binarization, and OCR. Each of the 

process contributes to the computational complexity of the proposed method. For a single video 

frame, the proposed key-event detection method takes 1.52 seconds to process the frame. By 

simple calculation we can easily identify that each extra frame increase the execution time at 

the rate of 1.52 seconds per frame. However, the inclusion of excitement detection process 

significantly lowers the computation time for video summarization. For an instance, consider a 

scenario of video summarization with an input video of 1000 frames with 40 key-frames. The 

proposed method will process only 40 frames for video summarization where the excitement 

detection occurs; whereas, the exclusion of excitement detection will need the processing of all 

1000 frames as most of the existing video summarization methods. Hence, it indicates that the 

proposed method is very efficient in terms of video summarization. 

5.3.2.4 Performance Comparison  

The performance of the proposed system is compared with existing video summarization 

systems [113, 121-122, 160-161] for cricket. The statistical comparison of the proposed and 

existing systems in terms of average objective evaluation criterion are shown in Table 5.5.  

Table 5.5. Performance Comparison with existing systems 

Video 

Summarization 

Methods 

Dataset Details 
Precision 

Rate 

Recall 

Rate 

Accuracy 

Rate 

Error 

Rate 

 
Frame 

Rate 

Length 

(hours) 
Resolution Format     

Kolekar et. al. [113] 25 fps 15 - - 86.68% 86.93% - - 

Mahesh et al. [121] - - - - 81% 81.25% - - 

Namuduri  [122] 30 fps 04 352x240 - - - 87.42% 12.58% 

Tang et al. [160] 25 fps 07 - - - - 86.54% 13.46% 

Kolekar et. al. [161] 10 fps - - - - - 85.44% 14.66% 

Proposed Method 25fps 12 640 x 480 AVI 91.87% 89.85% 95.01% 4.99% 

 

The comparison of the proposed and existing methods in terms of precision and recall 

evaluation are graphically illustrated in Figure 5.11, and accuracy and error evaluation are 

illustrated in Figure 5.12. From the results it can be observed that the proposed method 
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outperforms the comparative methods in terms of precision, recall, accuracy, and error rate. 

The statistical details of the custom dataset created for performance evaluation of the proposed 

and existing methods are presented in Table 5.5. 

 

Figure 5.11. Precision and Recall evaluation of proposed and existing systems 

 

Figure 5.12. Accuracy and Error evaluation of proposed and existing systems 

 

For the performance evaluation, similar experimental settings are adopted as used by the 

comparative techniques. In this regard YouTube cricket videos are adopted by the existing 

methods that are also used in the proposed work. The reason to use YouTube dataset is that 

currently there isn’t any standard dataset for sports video summarization purposes [48, 51, 135]. 

For the evaluation of the performance the only condition that exists in sports video 

summarization research is that the dataset should be diverse in terms of content i.e. it should 
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cover different types of videos i.e. in different playing scenarios (e.g. day/night timings, field 

conditions, Playing kits, etc.) that comprise of that sport. Therefore, for evaluation the videos 

that are used are taken in different time and lighting/illumination conditions e.g. only day 

videos, only night videos, day and night videos, different pitch and ground conditions, different 

tournaments, different replay structure, different logos, camera variations, logo placement, 

score-caption types, replay speeds, etc. 

5.3.2.5 Entropy Computation for Decision Tree Classification  

An experiment is designed to compute the entropy of various rules in the decision tree for key-

events detection. The entropy value is always non-negative and measures the amount of 

uncertainty of a given variable. For each rule we need to choose those variables that reduces 

the unpredictability factor at maximum. The entropy of each rule is computed according to Eq. 

(3.12) as described in section 3.3.2.6. The entropy is calculated for each key-event and the 

results are displayed in Table 5.6.  

For this experiment, 50% of the videos are used for training and remaining 50% for testing 

purposes. For boundary event: the actual number of events were 203 and the proposed method 

correctly detected 182 boundary events in the input cricket videos. For six event: the actual 

number of events were 75 and the proposed method detected 66 six events. For wicket event: 

the actual number of wicket events were 41 and the proposed method detected 37 wicket events 

in the input cricket videos. Similarly, for replay event: the actual number of replay events were 

319 and the proposed method correctly detected 292 replay events. Based on the evaluations, 

it can be observed that the computed entropy values of the rules for the key-events are low. The 

low entropy values signify better predictability of the above chosen rules for boundary, six, 

wicket, and replay events. Therefore, these chosen rules can be reliably used to detect the 

boundary, six, wicket, and replay events for cricket video summarization.  

Table 5.6. Entropy for decision rule of key-events  

Key-Event Entropy 

Boundary 0.46 

Six 0.52 

Wicket 0.44 

Replay 0.4 

 

5.3.2.6 Confusion Matrix Analysis 

The confusion matrix analysis (Table 5.7) is also designed to measure the classification 

performance of the proposed method for key-events detection. From confusion matrix it can 

be observed that the classification accuracy of the proposed system for key-events detection 
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is remarkably well for replay, wicket and six events. Whereas, the detection accuracy of 

boundary event is also appreciable. The slight decrease in the classification accuracy of 

boundary event occurs due to the appearance of advertisement bars introduced by the 

broadcasters in front of the score-captions.   

Table 5.7. Confusion matrix analysis of the Proposed Video Summarization Method 

A
c
tu

a
l 

C
la

ss
 

Predicted Class 

Classes Positive Negative Positive Negative Positive Negative Positive Negative 

 Boundary Six Wicket Replay 

Positive  182 21  66 09 37 04 292 27 

Negative 10 145 07 276 05 312 18 715 

5.3.2.7 Robustness for Score-caption Detection 

Cricket broadcasters use different designs and placement of score-captions on the screen in 

various tournaments to display the game statistics. The performance of the proposed method is 

evaluated on various videos that contain score-captions of different designs and placement on 

the screen. As shown in Figure 5.13, various designs of the score-captions and placement at 

different positions in the input cricket videos are used to evaluate the performance.  

Figure 5.13. Score-caption Design and Placement for Cricket Videos 

The detection performance of the proposed method is robust against the score-caption 

design and placement as shown in Table 5.8.  The videos used in this experiment have score-

captions placed at different locations on the screen (i.e. Top-Left, Bottom, and Bottom-Left). 

The average accuracy of 94% demonstrate the effectiveness of the proposed method for key-

events detection irrespective of score-caption design and placement on the screen.  

Table 5.8. Detection Performance of Key-Events for SC Design and Placement 

Video Type SC Placement Precision Rate Recall Rate Accuracy Rate Error Rate 

Crick1 Top-Left 93.76% 92.31% 96.36% 3.64% 

Crick2 Bottom 92.24% 90.83% 94.95% 5.05% 

Crick3 
Bottom- 

Left 
91.15% 90.87% 92.50% 7.50% 

Average  92.38% 91.34% 94.60% 5.40% 
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5.3.2.8 Camera Angle Variation 

An experiment is designed to evaluate the perfromance of the proposed method in terms of 

accurate key-events detection against the camera angle variations. It is a common practice 

among the broadcasters to display each key-event from different cameras that provides multiple 

views of the same shot. There exist a need to develop an effective key-events detection method 

independent of variations in camera orientation. The proposed method effectively detect the 

key-events displayed from various cameras that depict different views of the same event. The 

dataset videos have been recorded that capture various views of the same event from different 

angles. The detection performance of the proposed method for key-events displayed from 

various camera angles is presented in Table 5.9. The average accuracy of 96.30% demonstrates 

the robustness of the proposed method against camera angle variations in terms of successful 

key-events detection.  

Table 5.9. Detection Performance of Key-Events for Camera Angle Variations  

Video 

Type 

No. of 

frames 
Camera Views TP TN FP FN 

Precision 

Rate 

Recall 

Rate 

Accuracy 

Rate 

Error 

Rate 

Crick1 316 
Front   

Back 
292 22 0 02 100% 99.31% 99.36% 0.64% 

Crick4 341 
Front 

Back 
290 28 0 23 100% 92.65% 93.25% 6.75% 

Average  100% 95.98% 96.30% 3.70% 

5.4 Discussion  

The selection of cricket for this work over other sports is motivated by the issue of increased 

computation cost for cricket video summarization due to the longest match durations unlike 

other short duration sports i.e. soccer , basketball, tennis, baseball, etc. Cricket is played in three 

different formats where a format of Twenty20 last for around 4 hours, One day format usually 

for 8 hours, and test match can last for five days (40 hours app.). In comparison of cricket, the 

average match duration of basketball is 48 minutes, soccer is of 90 minutes, baseball is of 3 

hours, tennis match usually lie in the range of 2.5 to 5 hours. The computational complexity 

issue has been successfully addressed in the proposed work by developing an excitement 

detection method to detect the excited audio clips from the cricket video. The excitement 

detection method filters the input cricket video by selecting only the frames corresponding to 

the excited audio clips for key-event detection. The excitement detection phase increases the 

efficiency of the proposed video summarization framework by reducing the search space of 

key-event detection. This results in the processing of limited frames (i.e. excited frames) for 
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key-events detection. Hence, the efficiency of the proposed video summarization framework is 

significantly increased.  

The decision tree based key-event detection scheme successfully detect four key-events i.e. 

boundary, six, wicket, and replay for cricket videos. The proposed rule based scheme for 

boundary detection overlaps with the six event detection scheme; as one rule that caters the 

boundary event can also detect the six event. But in the present work, two separate rules are 

adopted to provide the flexibility in skimmed video generation. By adopting the proposed multi-

rule based scheme, user has an option to generate the summary of a particular event e.g. the 

summary of all boundary events, summary of all six events, and fall of wickets. Meanwhile, 

the detection of replays is also important due to the fact that the replays emphasize on the 

occurrence of significant events, which is motivation behind using replays for highlights 

generation [51]. The proposed method is robust to camera variations, replay speed, logo design 

(size, and placement, etc.), score-captions design (size, and placement, etc.), sports 

broadcasters, game category (i.e. ODI, test, etc.), and playing conditions (i.e. day time, night 

time). Due to the application benefits, the proposed hybrid scheme is an effective way to 

generate user driven summaries for cricket videos. 
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CHAPTER 6 
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6.  CONCLUSION AND FUTURE WORK 

This thesis has set out to explore the problems caused by various challenges put up by sports 

video summarization. These challenges are multiple illumination conditions (i.e. daylight, 

artificial light), camera variations, background noise, and distinct style of editing effects (i.e. 

gradual transitions, logos, textual displays, replay structure, replay speed, score-caption designs 

and placement, etc.). Analysis of visual and audio stream of the sports videos becomes difficult 

in presence of the aforementioned limitations. Existing methods have dependencies on replay 

speed [2], replay structure [2, 5], illumination conditions [144], game structure [24-25], sports 

genre [26-27], logo detection [5, 39], score-caption design and placement [31-32]. These 

limitations make it difficult to detect key-events for summarization in the sports videos. The 

proposed research work addresses these limitations in a better way to propose effective methods 

for shot classification, replay detection, and key-events detection for video summarization. 

Moreover, the proposed methods for replay detection [51] and key-events detection provides 

an efficient solution by reducing the search space of key-frame detection for video 

summarization. 

The underlying motivation of this thesis is the performance enhancement of existing 

methods under the above-mentioned limitations. The proposed research work has a great 

application utility in media industry specifically sports broadcasters.  

There is a considerable scope in performance improvement of existing sports video 

summarization methods. For this purpose the key areas explored in this thesis are to develop 

effective methods for shot classification, replay detection, excitement and key-events detection 

for video summarization. The investigations of each of these are summarized below.  

6.1 A Decision Tree Approach for Shot Classification of Sports 

Videos 

In this thesis, an effective technique is proposed for shot classification of the sports videos.  A 

decision tree architecture is proposed to classify the sports videos into various shots i.e. long, 

medium, close-up, and out-of-field/crowd shots. Shot boundary detection is performed to 

partition the input sports video into various shots. Each shot is further processed by a decision 

tree framework for shot classification. Histogram difference comparison is employed to 

perform shot boundary detection in the first stage. Each segmented shot is classified into long, 

medium, close-up, and out-of-field shots for input sports videos. A decision tree architecture is 

designed by using the visual features consisting of grass field pixel ratio, pitch field pixel ratio, 

edge pixel ratio, object scale, face detector, person detector, and upper body detector. These 

features are effectively used in multiple combinations to propose various rules from the 

decision tree. Rule-based induction is applied to identify the least unpredictable rules for shot 
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classification. For each category of shot, one optimal rule is selected after computing entropy 

value of various rules. These selected rules are effectively used to classify various shots in the 

field sports videos i.e. soccer, cricket, baseball, etc. The proposed system is robust to 

illumination conditions, game type and structure, broadcasters, different ground and pitch 

fields. A diverse dataset of soccer, cricket, and baseball videos is created for performance 

evaluation. The dataset is diverse in length, quantity, illumination conditions, and consist of 

samples from different broadcasters and tournaments. Experimental results indicate the 

effectiveness of the proposed method in terms of shot classification for sports videos. 

6.1.1 Future Work 

At this point, the face detection rate of the proposed method in cricket videos degrades to some 

extent in case the close-up shots present the batsman wearing helmet. This prevents the full 

exposure of face of the player and hence, face detection accuracy reduces marginally that 

ultimately decreases the accuracy of close-up shot classification in cricket videos. This situation 

creates a problem in only those frames that contains grass field pixel ratio in abundance in 

close-up shots. In this situation, the proposed method is dependent to some extent on accurate 

face detection to successfully classify the close-up shot. This area can be further explored in 

the future for more improvement.   

6.2 Replay Detection Framework for the Summarization of Sports 

Videos 

In this thesis, an efficient hybrid method is proposed to detect the replays for automatic sports 

highlights generation. The proposed method [51] exploit the facts that a replay segment is sand-

witched between the gradual transitions, and replay segments do not contain the score-captions. 

A dual-threshold-based method is applied to detect the gradual transitions that provides the 

possible candidates of replay segments. These possible candidate frames are processed further 

to detect the score-captions in the frame. The absence or presence of score-caption in the 

candidate frame is finally used to classify between the replay and live video frame. The absence 

of score-caption signifies the presence of a replay frame. The proposed method is robust in 

terms of replay detection and is also invariant against the broadcasters, sports category, score-

caption design and placement, logo design and placement, camera variations, and replay speed. 

Effectiveness of the proposed method is evaluated on a diverse set of sports videos that consist 

of four different sports i.e. Cricket, Basketball, Baseball, and Tennis. Extensive experiments 

carried out on different genre and conditions of sports videos demonstrate that the proposed 

method outperforms the state-of-the-arts.  
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6.2.1 Future Work 

In its present form, the proposed work performs excellent in terms of replay detection for sports 

videos recorded in day light and balanced illumination conditions. However, it has been 

observed that under severe uneven illumination, performance of the proposed system degrades 

marginally. This area can be explored further to improve the replay detection accuracy for 

sports videos that contain huge variation in illumination conditions.   

6.3 A Multimodal Approach for Sports Video Summarization 

In this thesis, an effective hybrid technique is proposed to detect the key-events for video 

summarization of long duration sports. Cricket is used as a test case to evaluate the performance 

of the proposed method. The proposed method consists of two stages, excitement detection and 

key-event detection. In the first stage, audio stream of the input cricket videos is analyzed to 

detect excitement in the commentary and audience cheers. The pitch of the audio stream is 

analyzed to detect the high pitch rate and low pause rate. Rule-based induction is used to detect 

the possible candidates of the excited audio clips. Audio features are extracted from these 

candidate excited audio clips and fed into SVM classifier to detect the excited audio clips. In 

the second stage, the corresponding video frames of the excited audio clips are passed to the 

key-event detection method to identify various key-events. Decision tree framework is designed 

to classify various key-events in the input cricket video. The frames associated with the key-

events are marked as key-frames, and used with their neighboring frames to generate the video 

summary of user specified length. The excitement detection phase reduces the search space of 

key-frame detection that ultimately improves the efficiency of the proposed video 

summarization method. The proposed video summarization framework effectively summarizes 

long-duration cricket videos which facilitates the broadcasters to store and transmit these 

concise videos over low-bandwidth networks. Cricket is particularly chosen because of the 

longest match durations and broadcasting time concerns that make it more challenging as 

compared to several other sports. Performance evaluation of the proposed method is measured 

on a diverse dataset of cricket videos i.e. videos of different broadcasters and tournaments, 

videos recorded in day light, artificial light and both, variation in video length, etc.  

The proposed approach for video summarization is generic as both the excitement detection 

and key-events detection frameworks are independent on the structure of various sports. The 

excitement in commentary and audience cheers always exist in various sports, so the proposed 

excitement detection method can easily be applied to identify the excited audio clips of sports 

videos of various genre. The key-events detection method analyses the score-captions and 

generate various rules to identify the key-events in the cricket videos. Since each sport has 

different game rules which specify the key-events in each sports genre. Therefore, the proposed 
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method can easily be adapted to other sports by creating different rules to detect the key-events 

in sports videos of different genre.  

6.3.1 Future Work 

At this point, the proposed work has a limitation of misdetection of key-events in case of any 

text content appearing on the frame that overlaps with the score-caption e.g. the frames showing 

the overlapping advertisement boards. In its present form the proposed work is dependent on 

the clear exposure of the score-caption contents, otherwise, the key-event is detected as soon 

as the overlap removes. This dependency can be explored further as one of the extension of this 

work in the future. In the present form, if the rules for boundary or six fails, the rule for replay 

detection overcomes this failure; as replays, in general, are included after any interesting event 

in the game to present details of key-events in slow-motion. Hence, the proposed scheme will 

rarely miss a key-event.  

The reason to choose cricket above other games for this work are the longest match durations 

and broadcasting time constraints of cricket matches. However, the proposed method is 

independent of the game structure, therefore, it can easily be extended to adopt for multiple 

sports.  

6.4 Summary 

Video summarization research in sports domain is in a quest for robust system working in a 

realistic set-up posing the challenges of illumination variations, broadcasters editing effects, 

background noise, context-dependent attributes, computational complexity etc. These 

challenges makes it difficult to develop a robust sports video summarization system and reduces 

the accuracy of existing methods significantly. Hence, addressing these issues for sports video 

summarization is critical. In response to the quest for a robust sports video summarization 

system, this thesis has investigated the performance of sports video summarization in the 

presence of aforementioned challenges. Novel methods have been developed to contribute to 

existing research in the above-mentioned areas with significant gain in performance over 

existing state-of-the-art methods. In this regard the focus was on developing the three methods: 

 An effective shot classification approach for sports videos. 

 A robust method for replay detection to generate the sports highlights. 

 A multimodal framework for video summarization. 

 

 

 

 

 



130 | P a g e  

 

References 

[1] Gong, Y., & Liu, X. (2000). Video summarization using singular value decomposition. 

In Computer Vision and Pattern Recognition, 2000. Proceedings. IEEE Conference on (Vol. 2, 

pp. 174-180). IEEE.  

[2] Pan, H., Van Beek, P., & Sezan, M. I. (2001). Detection of slow-motion replay segments in 

sports video for highlights generation. In Acoustics, Speech, and Signal Processing, 2001. 

Proceedings.(ICASSP'01). 2001 IEEE International Conference on (Vol. 3, pp. 1649-1652). 

IEEE.  

[3] Shih, H. C., & Huang, C. L. (2005). MSN: statistical understanding of broadcasted baseball 

video using multi-level semantic network. IEEE transactions on broadcasting, 51(4), 449-459.  

[4] Mundur, P., Rao, Y., & Yesha, Y. (2006). Keyframe-based video summarization using 

Delaunay clustering. International Journal on Digital Libraries, 6(2), 219-232.  

[5] Pan, H., Li, B., & Sezan, M. I. (2002, May). Automatic detection of replay segments in 

broadcast sports programs by detection of logos in scene transitions. In Acoustics, Speech, and 

Signal Processing (ICASSP), 2002 IEEE International Conference on (Vol. 4, pp. IV-3385). 

IEEE.  

[6] Ren, J., Jiang, J., & Feng, Y. (2010). Activity-driven content adaptation for effective video 

summarization. Journal of Visual Communication and Image Representation, 21(8), 930-938.  

[7] Ngo, C. W., Ma, Y. F., & Zhang, H. J. (2003, October). Automatic video summarization by 

graph modeling. In Computer Vision, 2003. Proceedings. Ninth IEEE International Conference 

on (pp. 104-109). IEEE.  

[8] Ma, Y. F., Lu, L., Zhang, H. J., & Li, M. (2002, December). A user attention model for 

video summarization. In Proceedings of the tenth ACM international conference on 

Multimedia (pp. 533-542). ACM.  

[9] Ren, W., & Zhu, Y. (2008, August). A video summarization approach based on machine 

learning. In Intelligent Information Hiding and Multimedia Signal Processing, 2008. 

IIHMSP'08 International Conference on (pp. 450-453). IEEE.  

[10] Duan, L. Y., Xu, M., Tian, Q., & Xu, C. S. (2004, May). Mean shift based video segment 

representation and applications to replay detection. InAcoustics, Speech, and Signal Processing, 

2004. Proceedings.(ICASSP'04). IEEE International Conference on (Vol. 5, pp. V-709). IEEE.  

[11] Dale, K., Shechtman, E., Avidan, S., & Pfister, H. (2012, June). Multi-video browsing and 

summarization. In 2012 IEEE Computer Society Conference on Computer Vision and Pattern 

Recognition Workshops (pp. 1-8). IEEE.  

[12] Fu, Y., Guo, Y., Zhu, Y., Liu, F., Song, C., & Zhou, Z. H. (2010). Multi-view video 

summarization. IEEE Transactions on Multimedia, 12(7), 717-729.  



131 | P a g e  

 

[13] Ekin, A., Tekalp, A. M., & Mehrotra, R. (2003). Automatic soccer video analysis and 

summarization. IEEE Transactions on Image processing, 12(7), 796-807.  

[14] Gunsel, B., & Tekalp, A. M. (1998, October). Content-based video abstraction. In Image 

Processing, 1998. ICIP 98. Proceedings. 1998 International Conference on (pp. 128-132). 

IEEE. [15] Luo, B., Tang, X., Liu, J., & Zhang, H. (2003, September). Video caption detection 

and extraction using temporal information. In Image Processing, 2003. ICIP 2003. 

Proceedings. 2003 International Conference on (Vol. 1, pp. I-297). IEEE.  

[16] Zhang, D., & Chang, S. F. (2002, December). Event detection in baseball video using 

superimposed caption recognition. In Proceedings of the tenth ACM international conference 

on Multimedia (pp. 315-318). ACM.  

[17] Xu, M., Maddage, N. C., Xu, C., Kankanhalli, M., & Tian, Q. (2003, July). Creating audio 

keywords for event detection in soccer video. In Multimedia and Expo, 2003. ICME'03. 

Proceedings. 2003 International Conference on(Vol. 2, pp. II-281). IEEE.  

[18] Tjondronegoro, D., Chen, Y. P. P., & Pham, B. (2004). Integrating highlights for more 

complete sports video summarization. IEEE multimedia, 11(4), 22-37.  

[19] Li, B., Pan, H., & Sezan, I. (2003, April). A general framework for sports video 

summarization with its application to soccer. In Acoustics, Speech, and Signal Processing, 

2003. Proceedings.(ICASSP'03). 2003 IEEE International Conference on (Vol. 3, pp. III-169). 

IEEE.  

[20] Coldefy, F., Bouthemy, P., Betser, M., & Gravier, G. (2004, September). Tennis video 

abstraction from audio and visual cues. In Multimedia Signal Processing, 2004 IEEE 6th 

Workshop on (pp. 163-166). IEEE. 

[21] Sadlier, D. A., & O'Connor, N. E. (2005). Event detection in field sports video using audio-

visual features and a support vector machine. IEEE Transactions on Circuits and Systems for 

Video Technology, 15(10), 1225-1233.  

[22] Rui, Y., Gupta, A., & Acero, A. (2000, October). Automatically extracting highlights for 

TV baseball programs. In Proceedings of the eighth ACM international conference on 

Multimedia (pp. 105-115). ACM. 

[23] Chang, P., Han, M., & Gong, Y. (2002). Extract highlights from baseball game video with 

hidden Markov models. In Image Processing. 2002. Proceedings. 2002 International 

Conference on (Vol. 1, pp. I-609). IEEE. 

[24] Kawashima, T., Tateyama, K., Iijima, T., & Aoki, Y. (1998, October). Indexing of baseball 

telecast for content-based video retrieval. In Image Processing, 1998. ICIP 98. Proceedings. 

1998 International Conference on (Vol. 1, pp. 871-874). IEEE.  

[25] Dahyot, R., Kokaram, A., Rea, N., & Denman, H. (2003, April). Joint audio visual retrieval 

for tennis broadcasts. In Acoustics, Speech, and Signal Processing, 2003. 

Proceedings.(ICASSP'03). 2003 IEEE International Conference on (Vol. 3, pp. III-561). IEEE. 



132 | P a g e  

 

[26] Kijak, E., Oisel, L., & Gros, P. (2003, January). Temporal structure analysis of broadcast 

tennis video using hidden Markov models. In Electronic Imaging 2003 (pp. 289-299). 

International Society for Optics and Photonics.  

[27] Kolekar, M. H., & Sengupta, S. (2010). Semantic concept mining in cricket videos for 

automated highlight generation. Multimedia Tools and Applications, 47(3), 545-579. 

[28] De Avila, S. E. F., Lopes, A. P. B., da Luz, A., & de Albuquerque Araújo, A. (2011). 

VSUMM: A mechanism designed to produce static video summaries and a novel evaluation 

method. Pattern Recognition Letters, 32(1), 56-68. 

[29] Ejaz, N., Tariq, T. B., & Baik, S. W. (2012). Adaptive key frame extraction for video 

summarization using an aggregation mechanism. Journal of Visual Communication and Image 

Representation, 23(7), 1031-1040.  

[30] Ekin, A., & Tekalp, A. M. (2003, April). Shot type classification by dominant color for 

sports video segmentation and summarization. In Acoustics, Speech, and Signal Processing, 

2003. Proceedings.(ICASSP'03). 2003 IEEE International Conference on (Vol. 3, pp. III-173). 

IEEE.  

[31] Hung, M. H., & Hsieh, C. H. (2008). Event detection of broadcast baseball videos. IEEE 

Transactions on Circuits and Systems for Video Technology,18(12), 1713-1726.  

[32] Hung, M. H., Hsieh, C. H., & Kuo, C. M. (2007, September). Rule-based event detection 

of broadcast baseball videos using mid-level cues. In Innovative Computing, Information and 

Control, 2007. ICICIC'07. Second International Conference on (pp. 240-240). IEEE. 

[33] Peng, W. T., Chu, W. T., Chang, C. H., Chou, C. N., Huang, W. J., Chang, W. Y., & Hung, 

Y. P. (2011). Editing by viewing: automatic home video summarization by viewing behavior 

analysis. IEEE Transactions on Multimedia, 13(3), 539-550. 

[34] Ma, Y. F., Hua, X. S., Lu, L., & Zhang, H. J. (2005). A generic framework of user attention 

model and its application in video summarization. IEEE transactions on multimedia, 7(5), 907-

919. [35] Hanjalic, A. (2005). Adaptive extraction of highlights from a sport video based on 

excitement modeling. IEEE transactions on Multimedia, 7(6), 1114-1122.  

[36] You, J., Liu, G., Sun, L., & Li, H. (2007). A multiple visual models based perceptive 

analysis framework for multilevel video summarization. IEEE Transactions on Circuits and 

Systems for Video Technology, 17(3), 273-285.  

[37] Han, B., Yan, Y., Chen, Z., Liu, C., & Wu, W. (2009, October). A general framework for 

automatic on-line replay detection in sports video. InProceedings of the 17th ACM 

international conference on Multimedia (pp. 501-504). ACM.  

[38] Ma, Y. F., & Zhang, H. J. (2002). A model of motion attention for video skimming. 

In Image Processing. 2002. Proceedings. 2002 International Conference on (Vol. 1, pp. I-129). 

IEEE. 



133 | P a g e  

 

[39] Zawbaa, H. M., El-Bendary, N., Hassanien, A. E., & Kim, T. H. (2011). Machine learning-

based soccer video summarization system. In Multimedia, Computer Graphics and 

Broadcasting (pp. 19-28). Springer Berlin Heidelberg.  

[40] Xu, C., Wang, J., Lu, H., & Zhang, Y. (2008). A novel framework for semantic annotation 

and personalized retrieval of sports video. IEEE transactions on multimedia, 10(3), 421-436. 

[41] Zhu, G., Huang, Q., Xu, C., Xing, L., Gao, W., & Yao, H. (2007). Human behavior analysis 

for highlight ranking in broadcast racket sports video.IEEE Transactions on Multimedia, 9(6), 

1167-1182.  

[42] Babaguchi, N., Ohara, K., & Ogura, T. (2007). Learning personal preference from viewer's 

operations for browsing and its application to baseball video retrieval and summarization. IEEE 

transactions on multimedia, 9(5), 1016-1025.  

[43] Tjondronegoro, D., Chen, Y. P. P., & Pham, B. (2003, November). Sports video 

summarization using highlights and play-breaks. In Proceedings of the 5th ACM SIGMM 

international workshop on Multimedia information retrieval(pp. 201-208). ACM.  

[44] Jung, C., Lee, S. Y., & Kim, J. (2008, October). Robust detection of key captions for sports 

video understanding. In 2008 15th IEEE International Conference on Image Processing (pp. 

2520-2523). IEEE.  

[45] Nitta, N., & Babaguchi, N. (2002). Automatic Story Segmentation of Closed-Caption Text 

for Semantic Content Analysis of Broadcasted Sports Video. In Multimedia information 

systems (pp. 110-116).  

[46] Yu, X. D., Wang, L., Tian, Q., & Xue, P. (2004, January). Multilevel video representation 

with application to keyframe extraction. In Multimedia Modelling Conference, 2004. 

Proceedings. 10th International (pp. 117-123). IEEE. 

[47] Zhang, X. D., Liu, T. Y., Lo, K. T., & Feng, J. (2003). Dynamic selection and effective 

compression of key frames for video abstraction. Pattern recognition letters, 24(9), 1523-1532. 

 [48] Nguyen, N., & Yoshitaka, A. (2012, December). Shot type and replay detection for soccer 

video parsing. In Multimedia (ISM), 2012 IEEE International Symposium on (pp. 344-347). 

IEEE.  

[49] Kobla, V., DeMenthon, D., & Doermann, D. (1999). Detection of slow-motion replay 

sequences for identifying sports videos. In Multimedia Signal Processing, 1999 IEEE 3rd 

Workshop on (pp. 135-140). IEEE.  

[50] Bai, H., Hu, W., Wang, T., Tong, X., Liu, C., & Zhang, Y. (2006, October). A novel sports 

video logo detector based on motion analysis. In International Conference on Neural 

Information Processing (pp. 448-457). Springer Berlin Heidelberg.  

[51] JAVED, A., BAJWA, K., Malik, H., & IRTAZA, S. (2016). An Efficient Framework for 

Automatic Highlights Generation from Sports Videos. IEEE Signal Processing Letters, 23(7), 

954-958. 



134 | P a g e  

 

[52] Berkun, R., Sonn, E., & Rudoy, D. (2011, September). Detection of score changes in sport 

videos using textual overlays. In Image and Signal Processing and Analysis (ISPA), 2011 7th 

International Symposium on (pp. 301-306). IEEE. 

[53] Taskiran, C. M., Pizlo, Z., Amir, A., Ponceleon, D., & Delp, E. J. (2006). Automated video 

program summarization using speech transcripts. IEEE Transactions on Multimedia, 8(4), 775-

791.  

[54] Babaguchi, N., Kawai, Y., & Kitahashi, T. (2001, August). Generation Of Personalized 

Abstract Of Sports Video. In ICME.  

[55] Babaguchi, N. (2000). Towards abstracting sports video by highlights. InMultimedia and 

Expo, 2000. ICME 2000. 2000 IEEE International Conference on (Vol. 3, pp. 1519-1522). 

IEEE.  

[56] Babaguchi, N., Kawai, Y., & Kitahashi, T. (1999). Event based video indexing by 

intermodal collaboration. In Proc. First International Workshop on Multimedia Intelligent 

Storage and Retrieval Management (MISRM’99) (pp. 1-9).  

[57] Ariki, Y., Kumano, M., & Tsukada, K. (2003, November). Highlight scene extraction in 

real time from baseball live video. In Proceedings of the 5th ACM SIGMM international 

workshop on Multimedia information retrieval (pp. 209-214). ACM.  

[58] Zhang, H., Kankanhalli, A., & Smoliar, S. W. (1993). Automatic partitioning of full-

motion video. Multimedia systems, 1(1), 10-28.  

[59] Hung, M. H., Hsieh, C. H., & Zhu, Y. C. (2006, October). Scene Classification for Baseball 

Videos Using Spatial and Temporal Features. In JCIS. 

[60] O'Toole, C., Smeaton, A. F., Murphy, N., & Marlow, S. (1999). Evaluation of automatic 

shot boundary detection on a large video test suite. 

[61] Hanjalic, A., & Zhang, H. (1999). An integrated scheme for automated video abstraction 

based on unsupervised cluster-validity analysis. IEEE Transactions on circuits and systems for 

video technology, 9(8), 1280-1289. 

[62] Wu, J. K. (2000). Perspectives on content-based multimedia systems (Vol. 9). Springer 

Science & Business Media. 

[63] Lee, S., & Hayes, M. H. (2004, May). An application for interactive video abstraction. 

In Acoustics, Speech, and Signal Processing, 2004. Proceedings.(ICASSP'04). IEEE 

International Conference on (Vol. 5, pp. V-905). IEEE.  

[64] Yeung, M. M., & Yeo, B. L. (1997). Video visualization for compact presentation and fast 

browsing of pictorial content. IEEE Transactions on circuits and Systems for Video 

Technology, 7(5), 771-785.  

[65] Vasconcelos, N., & Lippman, A. (1998, October). Bayesian modeling of video editing and 

structure: Semantic features for video summarization and browsing. In Image Processing, 

1998. ICIP 98. Proceedings. 1998 International Conference on (pp. 153-157). IEEE.  



135 | P a g e  

 

[66] Vermaak, J., Pérez, P., Gangnet, M., & Blake, A. (2002, September). Rapid Summarization 

and Browsing of Video Sequences. In BMVC (pp. 1-10).  

[67] Pfeiffer, S., Lienhart, R., Fischer, S., & Effelsberg, W. (1996). Abstracting digital movies 

automatically. Journal of Visual Communication and Image Representation, 7(4), 345-353.  

[68] Taskiran, C. M., Amir, A., Ponceleon, D. B., & Delp III, E. J. (2001, December). 

Automated video summarization using speech transcripts. In Electronic Imaging 2002 (pp. 

371-382). International Society for Optics and Photonics.  

[69] Xiong, W., Lee, C. M., & Ma, R. H. (1997). Automatic video data structuring through shot 

partitioning and key-frame computing. Machine Vision and Applications, 10(2), 51-65.  

[70] Zhuang, Y., Rui, Y., Huang, T. S., & Mehrotra, S. (1998, October). Adaptive key frame 

extraction using unsupervised clustering. In Image Processing, 1998. ICIP 98. Proceedings. 

1998 International Conference on (Vol. 1, pp. 866-870). IEEE.  

[71] Yu, X. D., Wang, L., Tian, Q., & Xue, P. (2004, January). Multilevel video representation 

with application to keyframe extraction. In Multimedia Modelling Conference, 2004. 

Proceedings. 10th International (pp. 117-123). IEEE.  

[72] Girgensohn, A., & Boreczky, J. (1999, July). Time-constrained keyframe selection 

technique. In Multimedia Computing and Systems, 1999. IEEE International Conference 

on (Vol. 1, pp. 756-761). IEEE.  

[73] Liu, T., & Kender, J. R. (2002). An efficient error-minimizing algorithm for variable-rate 

temporal video sampling. In Multimedia and Expo, 2002. ICME'02. Proceedings. 2002 IEEE 

International Conference on (Vol. 1, pp. 413-416). IEEE. 

[74] Liu, T., Zhang, X., Feng, J., & Lo, K. T. (2004). Shot reconstruction degree: a novel 

criterion for key frame selection. Pattern recognition letters, 25(12), 1451-1457. 

[75] Lee, H. C., & Kim, S. D. (2003). Iterative key frame selection in the rate-constraint 

environment. Signal Processing: Image Communication, 18(1), 1-15.  

[76] DeMenthon, D., Kobla, V., & Doermann, D. (1998, September). Video summarization by 

curve simplification. In Proceedings of the sixth ACM international conference on 

Multimedia (pp. 211-218). ACM.  

[77] Latecki, L. J., de Wildt, D., & Hu, J. (2001). Extraction of key frames from videos by 

optimal color composition matching and polygon simplification. In Multimedia Signal 

Processing, 2001 IEEE Fourth Workshop on (pp. 245-250). IEEE. 

[78] Calic, J., & Izuierdo, E. (2002, April). Efficient key-frame extraction and video analysis. 

In Information Technology: Coding and Computing, 2002. Proceedings. International 

Conference on (pp. 28-33). IEEE.  

[79] Yeung, M. M., & Liu, B. (1995, October). Efficient matching and clustering of video shots. 

In Image Processing, 1995. Proceedings, International Conference on (Vol. 1, pp. 338-341). 

IEEE.  



136 | P a g e  

 

[80] Zhang, H. J., Wu, J., Zhong, D., & Smoliar, S. W. (1997). An integrated system for content-

based video retrieval and browsing. Pattern recognition,30(4), 643-658.  

[81] Zhang, X. D., Liu, T. Y., Lo, K. T., & Feng, J. (2003). Dynamic selection and effective 

compression of key frames for video abstraction. Pattern recognition letters, 24(9), 1523-1532.  

[82] Kang, E. K., Kim, S. J., & Choi, J. S. (1999). Video retrieval based on scene change 

detection in compressed streams. IEEE Transactions on Consumer Electronics, 45(3), 932-

936. 

[83] Mahmood, M. T., & Choi, Y. K. (2014). Noise Removal in Magnetic Resonance Images 

based on Non-Local Means and Guided Image Filtering. KIISE Transactions on Computing 

Practices, 20(11), 573-578. 

[84] Ammari, H. M., Gomes, N., Jacques, M., Grosky, W., Maxim, B., & Yoon, D. (2015). A 

Survey of Sensor Network Applications and Architectural Components. Adhoc & Sensor 

Wireless Networks, 25.  

[85] Rabiner, L., & Juang, B. H. (1993). Fundamentals of speech recognition. 

[86] Li, C., Wu, Y. T., Yu, S. S., & Chen, T. (2009, November). Motion-focusing key frame 

extraction and video summarization for lane surveillance system. In 2009 16th IEEE 

International Conference on Image Processing (ICIP) (pp. 4329-4332). IEEE.  

[87] Zeng, M., Li, J., & Peng, Z. (2006). The design of top-hat morphological filter and 

application to infrared target detection. Infrared Physics & Technology, 48(1), 67-76. 

[88] Varadarajan, A., Patel, N., Maxim, B., & Grosky, W. I. (2008). Analyzing the efficacy of 

using digital ink devices in a learning environment. Multimedia Tools and Applications, 40(2), 

211-239.  

[89] Hamdan, S., & Shaout, A. (2016). Face Recognition Using Neuro-Fuzzy and Eigenface. 

International Journal of Advanced Trends in Computer Science and Engineering.  

[90] Mahmood, M. T., Chu, Y. H., & Choi, Y. K. (2016). Rician noise reduction in magnetic 

resonance images using adaptive non-local mean and guided image filtering. Optical 

Review, 23(3), 460-469.   

[91] Cumbers, B. (2000). U.S. Patent No. 6,142,876. Washington, DC: U.S. Patent and 

Trademark Office. 

[92] Sanchez-Perez, L. A., Sanchez-Fernandez, L. P., Shaout, A., & Suarez-Guerra, S. (2016). 

Airport take-off noise assessment aimed at identify responsible aircraft classes. Science of the 

Total Environment, 542, 562-577.  

[93] Gong, Y., & Liu, X. (2003). Video summarization and retrieval using singular value 

decomposition. Multimedia Systems, 9(2), 157-168.  

[94] Peyrard, N., & Bouthemy, P. (2005). Motion-based selection of relevant video segments 

for video summarization. Multimedia Tools and Applications,26(3), 259-276. 



137 | P a g e  

 

[95] Gong, Y., Liu, X., & Hua, W. (2001, August). Summarizing Video by Minimizing Visual 

Content Redundancies. In ICME.  

[96] Choi, W. J., & Choi, T. S. (2014). Automated pulmonary nodule detection based on three-

dimensional shape-based feature descriptor. Computer methods and programs in 

biomedicine, 113(1), 37-54.  

[97] Cooper, M., & Foote, J. (2002, December). Summarizing video using non-negative 

similarity matrix factorization. In Multimedia Signal Processing, 2002 IEEE Workshop on (pp. 

25-28). IEEE.  

[98] Lienhart, R. W. (1999, December). Dynamic video summarization of home video. 

In Electronic Imaging (pp. 378-389). International Society for Optics and Photonics.  

[99] Khan, A., Ullah, J., Jaffar, M. A., & Choi, T. S. (2014). Color image segmentation: a novel 

spatial fuzzy genetic algorithm. Signal, Image and Video Processing, 8(7), 1233-1243.  

[100] Fernando, W. A. C., & Loo, K. K. (2004, October). Abrupt and gradual scene transition 

detection in MPEG-4 compressed video sequences using texture and macroblock information. 

In Image Processing, 2014. ICIP'04. 2004 International Conference on (Vol. 3, pp. 1589-

1592). IEEE.  

[101] Closed and Open Captioning, http://www.cinetyp.com/captions.html retrieved on 2015. 

[102] Visual Descriptors, https://en.wikipedia.org/wiki/Visual_descriptors, retrieved on 2015. 

[103] Slaughter, L., Marchionini, G., & Geisler, G. (2000). Open video: A framework for a test 

collection. Journal of Network and Computer Applications, 23(3), 219-245.  

[104] Campbell, M., Haubold, A., Liu, M., Natsev, A., Smith, J. R., Tesic, J., ... & Yang, J. 

(2007, November). IBM Research TRECVID-2007 Video Retrieval System. In TRECVID.  

[105] Soomro, K., Zamir, A. R., & Shah, M. (2012). UCF101: A Dataset of 101 Human Actions 

Classes From Videos in The Wild.  

[106] Wang, L., Liu, X., Lin, S., Xu, G., & Shum, H. Y. (2004, October). Generic slow-motion 

replay detection in sports video. In Image Processing, 2004. ICIP'04. 2004 International 

Conference on (Vol. 3, pp. 1585-1588). IEEE.  

[107] Xu, W., & Yi, Y. (2011). A robust replay detection algorithm for soccer video. IEEE 

Signal Processing Letters, 18(9), 509-512.  

[108] Zhao, F., Dong, Y., Wei, Z., & Wang, H. (2012, March). Matching logos for slow motion 

replay detection in broadcast sports video. In 2012 IEEE International Conference on 

Acoustics, Speech and Signal Processing (ICASSP) (pp. 1409-1412). IEEE.  

[109] Eldib, M. Y., Zaid, B. S. A., Zawbaa, H. M., El-Zahar, M., & El-Saban, M. (2009, 

November). Soccer video summarization using enhanced logo detection. In 2009 16th IEEE 

International Conference on Image Processing (ICIP) (pp. 4345-4348). IEEE.  

http://www.cinetyp.com/captions.html
https://en.wikipedia.org/wiki/Visual_descriptors


138 | P a g e  

 

[110] Su, P. C., Lan, C. H., Wu, C. S., Zeng, Z. X., & Chen, W. Y. (2013). Transition effect 

detection for extracting highlights in baseball videos. EURASIP Journal on Image and Video 

Processing, 2013(1), 1-16. 

[111] Wang, J., Chng, E., & Xu, C. (2005, March). Soccer replay detection using scene 

transition structure analysis. In Proceedings.(ICASSP'05). IEEE International Conference on 

Acoustics, Speech, and Signal Processing, 2005. (Vol. 2, pp. ii-433). IEEE.  

[112] Chen, C. M., & Chen, L. H. (2015). A novel method for slow motion replay detection in 

broadcast basketball video. Multimedia Tools and Applications,74 (21), 9573-9593. 

[113] Kolekar, M. H., & Sengupta, S. (2006, July). Event-importance based customized and 

automatic cricket highlight generation. In 2006 IEEE International Conference on Multimedia 

and Expo (pp. 1617-1620). IEEE.  

[114] Zhao, Z., Jiang, S., Huang, Q., & Zhu, G. (2006, July). Highlight summarization in sports 

video based on replay detection. In 2006 IEEE international conference on multimedia and 

expo (pp. 1613-1616). IEEE. 

[115] Dang, Z., Du, J., Huang, Q., & Jiang, S. (2007, August). Replay detection based on semi-

automatic logo template sequence extraction in sports video. In Image and Graphics, 2007. 

ICIG 2007. Fourth International Conference on (pp. 839-844). IEEE.  

[116] Li, W., Chen, S., & Wang, H. (2009, December). A rule-based sports video event 

detection method. In 2009 International Conference on Computational Intelligence and 

Software Engineering. 

[117] Noh, G. S., & Jeon, M. (2015, October). A systematic framework for real-time online 

multi-object tracking. In Control, Automation and Information Sciences (ICCAIS), 2015 

International Conference on (pp. 57-61). IEEE. 

[118] Anderson, D., Luke, R. H., Keller, J. M., Skubic, M., Rantz, M., & Aud, M. (2009). 

Linguistic summarization of video for fall detection using voxel person and fuzzy 

logic. Computer vision and image understanding, 113(1), 80-89. 

[119] Lie, W. N., & Lai, C. M. (2004, November). News video summarization based on spatial 

and motion feature analysis. In Pacific-Rim Conference on Multimedia (pp. 246-255). Springer 

Berlin Heidelberg. 

[120] Chen, H. W., Kuo, J. H., Chu, W. T., & Wu, J. L. (2004, October). Action movies 

segmentation and summarization based on tempo analysis. In Proceedings of the 6th ACM 

SIGMM international workshop on Multimedia information retrieval (pp. 251-258). ACM.  

[121] Kolekar, M. H., & Sengupta, S. (2006, January). A hierarchical framework for generic 

sports video classification. In Asian Conference on Computer Vision(pp. 633-642). Springer 

Berlin Heidelberg. 



139 | P a g e  

 

[122] Namuduri, K. (2009, January). Automatic extraction of highlights from a cricket video 

using MPEG-7 descriptors. In 2009 First International Communication Systems and Networks 

and Workshops (pp. 1-3). IEEE.  

[123] Zhou, W., Vellaikal, A., & Kuo, C. C. (2000, November). Rule-based video classification 

system for basketball video indexing. In Proceedings of the 2000 ACM workshops on 

Multimedia (pp. 213-216). ACM. 

[124] Tavassolipour, M., Karimian, M., & Kasaei, S. (2014). Event detection and 

summarization in soccer videos using bayesian network and copula. IEEE transactions on 

circuits and systems for video technology, 24(2), 291-304. 

[125] Xiao Bai, Huigang Zhang, and Jun Zhou. “VHR object detection based on structural 

feature extraction and query expansion”. IEEE Transactions on Geoscience and Remote 

Sensing, Vol. 52, No. 10, pages 6508-6520, 2014. 

[126] Sharif, M., Jaffar, M. A., & Mahmood, M. T. (2013). Rician noise reduction by 

combining mathematical morphological operators through genetic programming. Optical 

review, 20(4), 289-292.  

[127] Smith, R. (2007). An overview of the Tesseract OCR engine. In ICDAR. IEEE. 

[128] Zhang, H., Kankanhalli, A., & Smoliar, S. W. (1993). Automatic partitioning of full    

motion video. Multimedia systems, 1(1), 10-28. 

[129] Boll, S. (1979). Suppression of acoustic noise in speech using spectral subtraction. IEEE 

Transactions on acoustics, speech, and signal processing, 27(2), 113-120.  

[130] Rabiner, L. (1977). On the use of autocorrelation analysis for pitch detection. IEEE 

Transactions on Acoustics, Speech, and Signal Processing, 25(1), 24-33.  

[131] Giannakopoulos, T., & Pikrakis, A. (2014). Introduction to Audio Analysis: A MATLAB® 

Approach. Academic Press.  

[132] McKay, C., Fujinaga, I., & Depalle, P. (2005, September). jAudio: A feature extraction 

library. In Proceedings of the International Conference on Music Information Retrieval (pp. 

600-3).  

[133] Muhammad, G., & Melhem, M. (2014). Pathological voice detection and binary 

classification using MPEG-7 audio features. Biomedical Signal Processing and Control, 11, 1-

9.  

[134] Van Den Boomgaard, R., & Van Balen, R. (1992). Methods for fast morphological image 

transforms using bitmapped binary images. CVGIP: Graphical Models and Image 

Processing, 54(3), 252-258.  

[135] Nguyen, N., & Yoshitaka, A. (2014, September). Soccer video summarization based on 

cinematography and motion analysis. In Multimedia Signal Processing (MMSP), 2014 IEEE 

16th International Workshop on (pp. 1-6). IEEE. 



140 | P a g e  

 

[136] Javed, A., & Habib, H. (2010). A. Video Analytic Algorithm for Handout Extraction from 

Video Lectures. Canadian Journal on Image Processing and Computer Vision, 1(1). 

[137] Kokaram, Anil, et al. (2006). Browsing sports video: trends in sports-related indexing 

and retrieval work. IEEE Signal Processing Magazine, 23(2), 47-58. 

[138] Shahraray, B. (1995, April). Scene change detection and content-based sampling of video 

sequences. In IS&T/SPIE's Symposium on Electronic Imaging: Science & Technology (pp. 2-

13). International Society for Optics and Photonics.  

[139] Hampapur, A., Weymouth, T., & Jain, R. (1994, October). Digital video segmentation. 

In Proceedings of the second ACM international conference on Multimedia (pp. 357-364). 

ACM.  

[140] Zabih, R., Miller, J., & Mai, K. (1995). Feature-based algorithms for detecting and 

classifying scene breaks. Cornell University.  

[141] Wang, D. H., Tian, Q., Gao, S., & Sung, W. K. (2004, October). News sports video shot 

classification with sports play field and motion features. In Image Processing, 2004. ICIP'04. 

2004 International Conference on (Vol. 4, pp. 2247-2250). IEEE. 

[142] Jiang, H., & Zhang, M. (2011, June). Tennis video shot classification based on support 

vector machine. In Computer Science and Automation Engineering (CSAE), 2011 IEEE 

International Conference on (Vol. 2, pp. 757-761). IEEE.  

[143] Duan, L. Y., Xu, M., Tian, Q., Xu, C. S., & Jin, J. S. (2005). A unified framework for 

semantic shot classification in sports video. IEEE Transactions on Multimedia, 7(6), 1066-

1083.  

[144] Pei, S. C., & Chen, F. (2003, August). Semantic scenes detection and classification in 

sports videos. In Proceedings of IPPR Conference on Computer Vision, Graphics and Image 

Processing (CVGIP) (pp. 210-217). 

[145] Chen, S. C., Shyu, M. L., Zhang, C., Luo, L., & Chen, M. (2003). Detection of soccer 

goal shots using joint multimedia features and classification rules.MDM/KDD, 3.  

[146] Liu, G., Wen, X., Zheng, W., & He, P. (2009, June). Shot boundary detection and 

keyframe extraction based on scale invariant feature transform. InComputer and Information 

Science, 2009. ICIS 2009. Eighth IEEE/ACIS International Conference on (pp. 1126-1130). 

IEEE. 

[147] Canny, J. (1986). A computational approach to edge detection. IEEE Transactions on 

pattern analysis and machine intelligence, (6), 679-698. 

[148] Dalal, N., & Triggs, B. (2005, June). Histograms of oriented gradients for human 

detection. In 2005 IEEE Computer Society Conference on Computer Vision and Pattern 

Recognition (CVPR'05) (Vol. 1, pp. 886-893). IEEE.  

[149] Ali, G., Iqbal, M. A., & Choi, T. S. (2016). Boosted NNE collections for multicultural 

facial expression recognition. Pattern Recognition, 55, 14-27.  



141 | P a g e  

 

[150] Viola, P., & Jones, M. (2001). Rapid object detection using a boosted cascade of simple 

features. In Computer Vision and Pattern Recognition, 2001. CVPR 2001. Proceedings of the 

2001 IEEE Computer Society Conference on (Vol. 1, pp. I-511). IEEE.  

[151] Boreczky, J. S., & Rowe, L. A. (1996). Comparison of video shot boundary detection 

techniques. Journal of Electronic Imaging, 5(2), 122-128.  

[152] Deepak, C. R., Babu, R. U., Kumar, K. B., & Krishnan, C. R. (2013, July). Shot boundary 

detection using color correlogram and Gauge-SURF descriptors. In Computing, 

Communications and Networking Technologies (ICCCNT), 2013 Fourth International 

Conference on (pp. 1-5). IEEE.  

[153] JAVED A, MALIK H, BAJWA K, Irtaza A, Data from: Replay detection Framework for 

Automatic highlights Generation from Sports videos. Dryad Digital 

Repository. http://dx.doi.org/10.5061/dryad.5b880 

[154] Duan, L. Y., Xu, M., Tian, Q., Xu, C. S., & Jin, J. S. (2005). A unified framework for 

semantic shot classification in sports video. IEEE Transactions on Multimedia, 7(6), 1066-

1083.  

[155] Harikrishna, N., Satheesh, S., Sriram, S. D., & Easwarakumar, K. S. (2011, January). 

Temporal classification of events in cricket videos. In Communications (NCC), 2011 National 

Conference on (pp. 1-5). IEEE.  

[156] Lang, C., Xu, D., & Jiang, Y. (2009, June). Shot type classification in sports video based 

on visual attention. In Computational Intelligence and Natural Computing, 2009. CINC'09. 

International Conference on (Vol. 1, pp. 336-339). IEEE.  

[157] Tong, X. F., Liu, Q. S., Lu, H. Q., & Jin, H. L. (2004, September). Shot classification in 

sports video. In Signal Processing, 2004. Proceedings. ICSP'04. 2004 7th International 

Conference on (Vol. 2, pp. 1364-1367). IEEE. 

[158] Bagheri-Khaligh, A., Raziperchikolaei, R., & Moghaddam, M. E. (2012, April). A new 

method for shot classification in soccer sports video based on SVM classifier. In Image 

Analysis and Interpretation (SSIAI), 2012 IEEE Southwest Symposium on (pp. 109-112). IEEE. 

[159] Demo Link, “http://www-personal.engin.umd.umich.edu/~hafiz/projs/avs.htm. 

[160] Tang, H., Kwatra, V., Sargin, M. E., & Gargi, U. (2011, July). Detecting highlights in 

sports videos: Cricket as a test case. In 2011 IEEE International Conference on Multimedia and 

Expo (pp. 1-6). IEEE.  

[161] Kolekar, M. H., & Sengupta, S. (2004). Hidden Markov Model Based Structuring of 

Cricket Video Sequences Using Motion and Color Features. InICVGIP (pp. 632-637). 

[162] Baskaran, V. M., Chang, Y. C., Loo, J., & Wong, K. (2015). Design and implementation 

of parallel video combiner architecture for multi-user video conferencing at ultra-high 

definition resolution. Multimedia Tools and Applications, 74(17), 6589-6622. 

 



142 | P a g e  

 

[163] Divakaran, A., Radhakrishnan, R., & Peker, K. A. (2002). Motion activity-based 

extraction of key-frames from video shots. In Image Processing. 2002. Proceedings. 2002 

International Conference on (Vol. 1, pp. I-932). IEEE. 

 [164] Lee, H. C., & Kim, S. D. (2002). Rate-driven key frame selection using temporal 

variation of visual content. Electronics Letters, 38(5), 217-218.  

[165] Lee, D., & Choi, Y. K. (2013). Background Subtraction Algorithm Based on Multiple 

Interval Pixel Sampling. KIPS Transactions on Software and Data Engineering, 2(1), 27-34. 

[166] Rong, J., Jin, W., & Wu, L. (2004, June). Key frame extraction using inter-shot 

information. In Multimedia and Expo, 2004. ICME'04. 2004 IEEE International Conference 

on (Vol. 1, pp. 571-574). IEEE.  

[167] Cooper, M., & Foote, J. (2005, July). Discriminative techniques for key-frame selection. 

In 2005 IEEE International Conference on Multimedia and Expo (pp. 4-pp). IEEE.  

[168] Tong, X. F., Lu, H. Q., & Liu, Q. S. (2004, August). An effective and fast soccer ball 

detection and tracking method. In Pattern Recognition, 2004. ICPR 2004. Proceedings of the 

17th International Conference on (Vol. 4, pp. 795-798). IEEE. 

[169] Joshi, Y. G., Loo, J., Shah, P., Rahman, S., Tasiran, A., & Cosmas, J. (2016, June). Low 

complexity in-loop prediction perceptual video coding for HEVC. In 2016 IEEE International 

Symposium on Broadband Multimedia Systems and Broadcasting (BMSB) (pp. 1-7). IEEE. 

[170] Doulamis, N. D., Doulamis, A. D., Avrithis, Y. S., & Kollias, S. D. (1998, October). 

Video content representation using optimal extraction of frames and scenes. In Image 

Processing, 1998. ICIP 98. Proceedings. 1998 International Conference on (Vol. 1, pp. 875-

879). IEEE.  

[171] Liu, T., & Kender, J. R. (2002, May). Optimization algorithms for the selection of key 

frame sequences of variable length. In European Conference on Computer Vision (pp. 403-

417). Springer Berlin Heidelberg. 

 

 

 

 

  

 

 

 

  


