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Abstract - This project focuses on automating the 
generation of cricket highlights using a unique integration of 
advanced computer vision and machine learning techniques, 
including Support Vector Machines (SVM), Artificial Neural 
Networks (ANN), Optical Character Recognition (OCR), and 
pose recognition. Cricket, a sport with intricate rules and 
lengthy matches, often demands labor-intensive efforts to 
create concise and engaging highlights. Our approach 
emphasizes innovation by combining event-driven and 
excitement-based features to identify and trim key moments 
such as boundaries, wickets, and significant milestones. 

By utilizing crowd reactions, player celebrations, 
scoreboard changes, and audio intensity variations, the system 
offers an accurate and dynamic way to detect critical match 
events. To ensure reliability, the generated highlights are 
cross-validated with official highlight reels and subjected to 
manual error-checking, emphasizing precision and 
completeness. This automation not only saves time and 
resources but also provides cricket fans with high-quality, 
accessible content tailored to their busy schedules, thereby 
revolutionizing the traditional approach to sports video 
summarization. 

Key Words:   Machine learning, Computer vision, 
Support Vector Machines, Artificial Neural Networks, 
Optical Character Recognition, Pose recognition, Event 
detection, Excitement-based analysis, Video 
summarization, Sports highlights 

1.INTRODUCTION  

1.1 Cricket Highlight Generation  

Creating cricket highlights involves the intricate task 
of transforming hours-long match footage into concise 

videos that capture the excitement and essence of the game. 
With matches often extending beyond three hours, the 
process requires identifying key events such as boundaries, 
wickets, and game-defining moments to craft a compelling 
7–8 minute highlight reel. Traditional methods rely heavily 
on manual efforts from skilled analysts, making the process 
time-consuming and prone to inconsistencies. 

This project introduces a novel framework that 
integrates cutting-edge technologies to automate highlight 
generation. OCR is employed to analyze and interpret 
scoreboard data, SVM detects changes in audio intensity and 
crowd reactions, while ANN leverages pose recognition to 
identify player and umpire actions. By combining these 
advanced methodologies, the system ensures a 
comprehensive approach to event detection, addressing the 
challenges of accuracy, scalability, and efficiency in highlight 
creation. 

Unlike conventional methods, this automated 
solution dynamically analyzes multiple data streams—
visual, auditory, and statistical—simultaneously, ensuring 
that the most exciting moments are captured without 
manual intervention. The result is a transformative way to 
engage cricket fans, offering them immersive and high-
quality content in a fraction of the time required by 
traditional processes. 

1.2 Existing System 

The conventional cricket highlight production 
system depends significantly on manual video editing, which 
is time-consuming, labor-intensive, and susceptible to 
human error. Human editors normally watch hours of 
footage, flag important events, and manually cut highlight 
clips. These operations are human intuition-based and are 
often subject to subjective judgment. 
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Modern systems, by virtue of literature, seek to 
bring in automation to this pipeline. For example: OCR 
systems like those of Suksai & Ratanaworabhan (2016) and 
Anjum et al. (2013) have demonstrated that text extraction 
from the scoreboard through text-based cues is capable of 
delivering precise timing for events such as boundaries and 
wickets. 

Action recognition systems (Saha et al., 2022) 
combine OCR with pose estimation and CNN/LSTM models 
to identify distinct match actions such as bowling or wicket 
celebration. 

Audio-driven excitement detection (Banjar et al., 
2024) employs SVM with ternary acoustic codes to detect 
phases of crowd excitement, which enables flagging 
prospective highlights with low visual input. 

Such systems are still subject to a number of limitations: 
 

 They tend to rely on a solitary modality (e.g., audio 
or text), making them susceptible to that cue's 
absence or noise. 

 They can lack broadcast style, language, or video 
quality. 

 Pose recognition in the majority of conventional 
systems is not exploited, losing an important cue 
from umpire gestures. 

 Traditional and Developing System Components: 
 User Interface: Enables analysts or users to label 

frames or segments. 
 Event Detection Module: Either employs manual 

indication or minimal automation (e.g., simple OCR). 
 Video Editing Tool: Synthesizes labeled events into 

a highlight reel. 
 Storage and Playback System: Stores highlights for 

later viewing or broadcast. 

Data Flow: 

Raw Video → Event Marker (Auto/Manual) → Editor 
→     

Highlight Compiler → Output Media 

Stakeholder Interactions: 
Analysts/Editors: Check and label footage. 
Developers: Create automation pipelines or       
dashboards. 
Fans/Viewers: Watch highlight packages on  
apps or social media. 
Adversary Model in Existing Systems: 
Legacy systems are not resilient to: 

 Missed highlights due to human error or fatigue. 
 Replay confusion (multiple marks on the same 

event). 
 Frame skipping or inaccuracies due to uncertain 

visual data. 

Current systems thwart these problems through 
aggregating several cues (text, sound, motion) and reducing 
subjectivity in selecting highlights. 

The introduced system of automated highlight 
creation takes advantage of and improves upon the current 
systems by bringing together all three major modalities: text 
recognition, acoustic pattern analysis, and pose estimation, 
resulting in robust, efficient, and scalable real-time 
summarization of sports. 

2. System Implementation 

The system is deployed as an extensible and 
modular Flask web application that auto-generates cricket 
highlights through a multi-modal process consisting of 
Optical Character Recognition (OCR), audio-visual feature 
extraction, and machine learning classifiers. The system can 
either accept YouTube links or uploaded videos, identify key 
events, create highlight clips, and show statistics 
visualizations. 

Key Components: 

1. OCR (Optical Character Recognition) Module: 

Uses Tesseract to extract text-based information from the 
scoreboard area. 

Preprocessing operations like grayscale conversion, 
Gaussian blurring, and adaptive thresholding enhance the 
accuracy of text detection. 
Text is scanned for event-related keywords such as "SIX", 
"FOUR", or "WICKET" to recognize potential highlight 
moments. 

Region of Interest (ROI) for OCR is defined as the 
lower region of the frame where score overlays tend to be, 
configurable through ratios. 

2. Feature Extraction Module: 

 Picks out text-based binary features (e.g., keyword 
presence). 

 Computes color histogram descriptors in HSV color 
space (24 values). 

 Performs edge density computation using Canny 
edge detection. 

 Measures the intensity of motion between 
successive frames to capture changes. 

The final feature vector comprises 6 text features + 24 
histogram values + 2 image measures = 32 features. 

3. Machine Learning Classifiers: 

 Trained on synthetic and real data with feature-
label correspondence. 

 SVM (Support Vector Machine): RBF kernel with 
normalized input for excitement classification. 
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 ANN (Artificial Neural Network): MLPClassifier with 
two hidden layers (100, 50), early stopping, and 
validation fraction. 

 Hybrid Model: A soft-voting classifier that combines 
predictions from both SVM and ANN for better 
accuracy. 

 Models are trained with train_test_split and stored 
with joblib. 

4. Video Analyzer & Event Detection: 

 Each half-second frame is analyzed to detect events. 
 OCR text is utilized to classify frame category (sixes, 

wickets, etc.). 
 If the same event doesn't happen within a five-

second window, the event is captured. 
 Detected frames are labeled and timestamped and 

saved. 
 Final highlights are created using moviepy by 

cropping 5-second segments around the event 
times. 

5. Visualization & Charts: 

 Event frequencies are being summarized in bar and 
pie charts. 

 Charts are being created using matplotlib and 
seaborn and being saved as static files to display on 
frontend. 

6. Flask Web Interface: 

 /process endpoint takes YouTube URL, event type, 
and model choice. 

 Returns JSON with analysis images, highlights, video 
link, accuracy scores, and processing time. 

 / route returns the index.html interface. 

7. System Configuration and Utilities: 

 Utilizes Flask configuration dictionary for folder 
setting, ROI ratios, and model paths. 

 Creates directories for models, datasets, frames, and 
charts. 

 Allows fallback models in the event of training 
failure. 

 Random synthetic data generation is applied for 
development and testing purposes. 

2.1. System Evaluation 

A. Evaluation Method (8%) 

 Synthetic and real cricket match videos were 
processed. 

 Events were manually annotated and compared 
with system-produced events. 

 Each frame detected was tagged with a confidence 
score derived from classifier predictions. 

 Accuracy metrics (precision, recall, F1-score and 
overall accuracy) were calculated. 

 Evaluation involved qualitative (visual correctness) 
as well as quantitative (metric-based) analysis. 

B. Results of the Evaluation (6%) 

Table -1:Metrics and Values 

Metric Value 

Precision 85% 

Recall 80% 

F1 Score 82% 

Accuracy 83% 

 
The model evaluation results are tabulated in Table I, which 
indicates that the system attains 85% precision, 80% recall, 
82% F1-score, and 83% overall accuracy. 

  

Chart -1:  Model Performance Comparison 

This is Chart -1, which compares SVM, ANN, and 
Hybrid models based on important metrics—Precision, 
Recall, F1 Score, and Accuracy. The Hybrid model shows 
higher recall (~0.95), which means more accurate 
identification of actual events. SVM demonstrates stable 
performance, particularly robust in accuracy. ANN 
marginally performs better than SVM on F1 and accuracy, 
but trails on recall. In total, the Hybrid method has the 
optimum sensitivity-correctness balance. 
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Chart -2:  Event Distribution  

This pie chart (Figure 2) shows the relative 
percentage of each type of detected event. 'Sixes' 
predominate at 42.9%, suggesting either boundary-
abundant game or increased OCR recognisability. Milestones 
compose 28.6%, which captures consistent score change 
monitoring. 'Run_rate' and 'won' both constitute 14.3%, 
underlining their lower occurrence in match footage. The 
chart provides an instant visual impression of highlight 
composition and emphasis. 

 

Chart -3:  Event Frequency 

Chart-3 illustrates the number of events detected 
per category from the video dataset. 'Sixes' occurred most 
often, which were followed by 'milestones' such as half-
centuries. Events like 'run_rate' and 'won' occur less 
frequently, maybe due to infrequency or lower OCR 
detection. This bar graph substantiates that great-scoring 
plays rule cricket highlights. It also demonstrates the 
efficiency of event classification logic in the deployed system. 

 

 

Chart -4: Precision 

Chart -4 is a radar plot comparison of SVM and ANN 
models in terms of performance metrics. Both models are in 
good balance, creating closely matched contours on the 
graph. SVM is narrowly ahead in recall and precision, though 
ANN is comparable in terms of accuracy and F1. The radar 
format effectively displays multidimensional performance in 
a single view. This justifies ensembling both models together 
in the end hybrid classifier. 

Hybrid model performed better than standalone SVM and 
ANN classifiers.  

OCR text inaccuracy was more common in replays or 
low-quality videos. 

Pose recognition was integrated into the ANN 
feature design, aiding classification in gesture-rich situations 
(e.g., umpire gestures). 

2.2 Discussion of the Evaluation Results  

 Results confirm that a hybrid model improves 
detection robustness. 

 There were some misclassifications when audio and 
visual features disagreed (e.g., crowd cheering 
during a replay). 

 High edge density occasionally spuriously reports 
action due to crowd banners or overlays. 

 OCR failures were primarily caused by low contrast 
or motion blur in video. 

The overall evaluation affirms the potential of this system for 
automated, accurate highlight generation for cricket. Further 
developments may involve dynamic OCR ROI adjustment, 
ANN architecture refinement for real gesture classification, 
and replay filtering integration through optical flow or frame 
hashing. 
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3. Literature Survey 

3.1 OCR: 

According to [1], Optical Character Recognition has 
been used as one of the most efficient ways of extracting 
meaningful text information from video frames for 
generating sports highlights. For example, Pichet Suksai and 
Paruj Ratanaworabhan recommended the use of OCR that 
detects time indicators and the markers of key events with 
terms like "goal" or "penalty," which can be deduced from 
online sources through analyzing the narratives. Unlike 
other traditional image processing methods, which usually 
produce false positives, their OCR-based approach focuses 
solely on text recognition, which is more accurate and 
reliable. By aligning the extracted keywords with the 
corresponding time markers, this methodology achieves 
precise highlight generation without relying on complex 
heuristics, making OCR a tractable and efficient solution for 
automating sports highlight production. 

The paper "Video Summarization and Sports 
Highlights Generation" by Muhammad Ehsan Anjum, Syed 
Farooq Ali, Malik Tahir Hassan, and Muhammad Adnan[2], 
explores an innovative approach for generating cricket 
highlights using Optical Character Recognition (OCR) 
techniques which is a new algorithm to generate cricket 
highlights by extracting textual information from the video 
frames. Here, the algorithm uses OCR to extract and analyze 
the score information from the score bars available in the 
frames. The methodology is to detect the scorebar in every 
frame, extract the score, and then calculate the differences 
between consecutive frames' scores. The events like 
boundaries (4 or 6) and wicket falls are identified through 
the changes in the scores, and these frames are put together 
to make the highlights. The algorithm was tested on two ODI 
cricket videos with different resolutions (640x480 and 
698x480) and frame rates (25 fps and 15 fps). A frame gap of 
25 was used to evaluate score differences iteratively, 
ensuring that significant events were captured efficiently. 
Key frames covering the event duration (approximately 200 
frames) were included to maintain the contextual integrity of 
the highlights Further used two OCR techniques were used: 
brute-force matching and template matching. While brute-
force matching was easy but expensive computationally, 
template matching is more efficient. It recognized connected 
components in the score bar and matched them to a library 
of predeveloped score templates. It showed that the 
algorithm has captured most fours and sixes, and sometimes 
failed in capturing it due to low video quality and a limited 
OCR library. The size of the highlights depends on the event 
frequency and frame inclusion per event, calculated as: 

Total Frames in Highlights = Frames per Event×Number of 
Events. For example, if 200 frames are included per event 
and 60 events occur, the highlight size equals 12,000 
frames.[2] 

The paper[3] proposes the design of an automated 
system for cricket highlight generation by key event 
detection, combining score extraction with action 
recognition. The developed system extracts the score caption 
from video frames using techniques like EAST and OCR for 
the purpose of action recognition using CNN and LSTM-
based models to classify bowling as a key event. Two-phase 
processing can be an efficient way for processing videos of 
cricket matches and providing valuable highlights. 

The method is efficient and yields promising results 
by demonstrating a productive solution in generating cricket 
highlights. (Saha et al., 2022) [3]. 

Table -2: Score Extraction Performance 

Events Performance 

Fours 92.30% 

Sixes 93.33% 

Wickets 93.02% 

 
Table 2 above shows the performance of the system 

in terms of extracting scores for important cricketing events, 
including fours, sixes, and wickets. It can be clearly seen that 
the system was highly accurate in detecting all these events, 
with the accuracy percentage being 92.30% for fours, 
93.33% for sixes, and 93.02% for wickets.  

The research is divided into two main parts: 
keyframe detection and bowling action recognition. In the 
first phase, the EAST model is used for text detection 
followed by Tesseract for text recognition, to identify 
keyframes and events such as fours, sixes, and wickets. The 
performance of the score extraction part is evaluated using 
the formula: 

Performance = DetectedEvents/ TotalEvents ×100 

where "DetectedEvents" is the correctly detected events and 
"TotalEvents" is the total events in a video clip. The results 
for this section are remarkable: Fours 92.30%, Sixes 93.33%, 
and Wickets 93.02% (Saha et al., 2022) [3]. The second 
phase in which, video clip of 20-25 seconds in length through 
the model of LRCN model, which reduces all such 
information, where only the necessary parts have been taken 
such as the bowling action. Its model was tested on some 
different datasets and shows such great performances: 
Cricket dataset 93.59%, Bowling dataset 98.10%, and 
combined Bowling and Non-Bowling dataset 100.00%. 

The final accuracy of the proposed system is 
evaluated for a clip with a declaration of correct when it 
detects a significant event namely fours, sixes or wickets, 
and then correctly recognizes the bowling action after it has 
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detected the keyframes. Total 34 True Positives, 100 True 
Negatives, 2 False Positives and 11 False Negatives are 
reported with an average accuracy of 92.41% and a 
precision 94.44%. This demonstrates the proposed method 
effectiveness in detecting key events for automatic cricket 
highlight generation (Saha et al., 2022) [3]. 

3.2 Pose Recognition 

Rahul Mili, Nayan Ranjan Das, Arjun Tandon, 
Saquelain Mokhtar, Imon Mukherjee, and Goutam Paul 
introduce the novel approach of recognizing umpire gestures 
in cricket through pose estimation in the paper titled "Pose 
Recognition in Cricket using Keypoints". The research is 
centered on detecting key umpire signals like No Ball, Six, 
Wide, Out, and No Action by extracting keypoints from video 
frames with a pose estimation model. The system uses 
MobileNet to detect the pose, which is a relatively 
computation-efficient deep learning model followed by an 
ANN classifier for the identification of the gesture. It is this 
hybrid technique, which makes it much accurate, and the 
accuracy is as high as 87%, proving that this is a robust 
system and robust in recognizing all gestures related to the 
cricket umpire. 

This method shows significant potential in 
automating the process of video summarization in cricket by 
accurately detecting specific events and decisions made by 
the umpire. By automating the recognition of umpire 
gestures, the system can contribute to the efficient 
generation of highlights, reducing manual effort and 
ensuring that important moments are captured correctly. 
This is an area of emerging work on the application of pose 
estimation for gesture recognition, and this paper points out 
how the same can be applied for cricket, wherein visual cues 
such as gestures of an umpire would decide whether the 
event turns in favour or against it. 

Contrary to most previous works on cricket 
highlight generation based on rule-based or manually 
detected events, the technique proposed here would present 
a sizeable improvement as it resorts to machine learning 
techniques. The integration of pose recognition and ANN 
classifiers allows the system to identify subtle differences in 
gestures, which would be challenging to capture using 
traditional methods. Additionally, the deep learning-based 
model has the advantage of being more adaptable and 
scalable to other sports and event detection applications, 
making it a versatile tool for real-time event recognition. 

 

Chart-5 : Flowchart of Umpire Pose Classification Using 
Keypoints Detection and Neural Networks 

The Chart 5 illustrates how the poses of umpires are 
classified by their actions. An image of the Snow Dataset is 
passed through a key points detection network like TF Pose 
Estimator. The keypoints extracted from an image are then 
mapped to a statistical data set that represents posture. This 
statistical data feed into an Artificial Neural Network (ANN) 
for classification. The network identifies the action of the 
umpire, which could be a No Action, Wide, Out, Sixes, or No 
Ball  by the pose. 

The contribution of this study is significant not only 
for cricket but for broader applications in other sports and 
domains that require gesture recognition. The authors have 
effectively shown the potential of combining pose estimation 
and machine learning toward improving automated systems 
in the analysis of sports. In this regard, their study 
contributes to previous work conducted in video 
summarization, pose recognition, and event detection, which 
paves the way for further improvements on real-time 
automated highlights generation. Aside from technical merit, 
the paper will address the need to make the production 
process of video highlights devoid of human intervention, 
hence becoming very important in a contemporary sports 
broadcast. Applications in pose recognition may 
automatically smoothen the whole process of post-
production while generating highlights faster and, of course, 
more precisely as demanded by the world for instant access 
to those dramatic sporting moments. By incorporating 
machine learning, this work could eventually extend to other 
domains, such as the analysis of crowd behavior, action 
recognition in team sports, and even assistive technologies 
for individuals with disabilities. Thus, the contribution of 
this work not only adds to the specific domain of cricket but 
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also forms a precedent for future work in automated event 
detection for various domains. 

In conclusion, the paper by Mili et al. represents an 
important step forward in the realm of automated sports 
video summarization, particularly for cricket. Using pose 
recognition coupled with machine learning techniques, the 
authors have demonstrated a robust system that enhances 
the accuracy and efficiency of generating video highlights. 
This will open the door to further studies on how such 
systems may be sped up and scaled, impacting both sports 
and entertainment fields. This review, being expanded, 
captures some key aspects of what the paper contributes, 
setting a much broader context to understand what the role 
of pose recognition is in the automated cricket highlight 
generation and its future applications beyond the sport.[5]  

3.3 SVM: 

As per Ameen Banjar, Hussain Dawood, Ali Javed, and Bushra 
Zeb's paper, "Sports Video Summarization Using Acoustic 
Symmetric Ternary Codes and SVM," provides an automated 
approach for automatically creating sports video highlights 
based on cricket and soccer video audio streams. The 
approach uses symmetric ternary codes (STC) as a feature 
descriptor to detect excitement in the audio, which is further 
used to identify key frames in the corresponding video. A 
Support Vector Machine (SVM) classifier is used for 
excitement detection, and the video frames related to excited 
audio segments are marked as key events. These key frames 
form video skims, aligned according to the user-defined 
length of the summary, resulting in a concise video 
summary. The method was tested against diverse datasets 
and obtained results with high accuracy at 97.7% and 
91.23% for cricket and soccer videos, respectively. It depicts 
information about the dataset for which performance is to be 
calculated and the experiments made with the proposed 
method to gauge their performance. The videos under 
consideration include cricket and soccer videos selected 
from a myriad of broadcasters like PTV Sports, Star Sports, 
Ten Sports, Sky Sports, and Super Sports. All videos within 
this dataset have a frame rate of 30 fps with spatial 
resolution at 640 × 480. The dataset is created to diversify 
different video lengths, broadcasters, sports genres, 
tournaments, and commentators. 

Table -3: Confusion Matrix Analysis for Cricket and Soccer 
Classification 

 

Table 3 above shows a confusion matrix analysis for 
a classification task that differentiates between Cricket and 
Soccer. This demonstrates the model's performance as far as 
correctly and incorrectly classified instances are concerned. 
For Cricket, the model correctly predicted 20,399 as positive 
while 30,002 as negative, with minimal misclassification of 
241 and 718, respectively. Conversely, for Soccer, it 
misclassified 15,249 as Cricket, but correctly predicted 
17,197 as negative. The table shows that the model has a 
strong performance in correctly classifying Cricket but 
reveals significant misclassification issues in distinguishing 
Soccer from Cricket, which indicates areas for improvement. 

The SoccerNet dataset was used for performance 
evaluation. This dataset consists of 500 games, totaling 764 
hours, with audio segments for key-event detection. The 
dataset was divided into training, validation, and testing 
collections, each comprising 300, 100, and 100 games, 
respectively, with two separate videos for each half, which 
amounts to 600 videos for training, and 200 each for 
validation and testing. 

The proposed framework concentrates on 
excitement-based key audio frame detection for the purpose 
of performance evaluation. There are 3564 audio clips in the 
dataset and 1782 from the soccer videos and the rest from 
cricket videos. The clips are annotated into excited and non-
excited categories based upon the magnitude of the audio 
(e.g., a loud audience cheering and loud commentary). 80% 
of the clips from each sport were used for training, with an 
equal split between excited and non-excited audio, while  

20% of the clips were used for testing. The STC features of 
the audio clips were extracted and used with Support Vector 
Machines (SVM) for key-event detection and video 
summarization.[4] 

4. Comparison of Literature Survey  

 

Chart -6: Technology distribution chart 
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Chart 6 captures the ranking of the most preferred 
technologies; here, DNN is in the majority, while OCR stands 
in the second position with a reasonable share. Audio-Visual 
Extraction and YOLOv4 are estimated with moderate 
portions, while SVM, Video Summarization, and ORB BRS 
occupy smaller segments. 

 

Chart -7: Accuracy Comparison of Various Techniques 

Chart 7 represents video summarization at 80%, whereas 
NN (CNN, ANN) brilliance is at 97% accuracy. The others are 
mid-tier - OCR and SVM at 95%96%, and Audio-Video 
Extraction is in the midrange at 95%-96%. The gap shows 
that Video Summarization requires additional work to be 
developed further from this aspect. 

 

Chart -8: Research paper publication trend chart 

Chart 8, therefore, has 2022 as the highlight year with all 8 
publications, which accounts for the highest production of 
papers recorded in any other year. Even other years of 2024 
and 2023 had only one or two or three papers and even 
earlier such as 2020 had as low as 1 or 2. This surely shows 
that research output was strongest in 2022. 

5.Cricket Highlight Generation System Architecture 

 

Fig 5. System Architecture 

1. User Interface (Website) 

1. It all begins with the user interface it is a web or an 
application. 

2. This interface is used by the users as a tool to enter 
their preferences or to select particular cricket 
matches. 

2. Application Server 

1. The UI is communicative with the application server 
that manages requests and orchestrates the overall 
process. 

2. It takes care of data flow and coordinates 
interactions among various modules. 

3. Video Processing Module 

This module processes raw cricket video footage. The sub-
modules include: 

1. Audio Cues-Based Segmentation: It uses audio 
cues (like crowd noise or commentary) to segment 
the video into meaningful clips. 

2. Replay Detection: Identifies replay moments, 
which can be boundaries, milestones, wickets, or 
sixes. 

3. Scoreboard Extraction: Important Information 
Scoreboard extraction-the current score, overs, and 
batsmen details. 
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4. Text Processing (OCR) Module 

1. Optical Character Recognition is applied to detect 
the text inside a video. 

2. It follows run changes, wicket changes, and other 
textual information. 

5. Audio Classification (SVM) Module 

1. The SVMs are applied to the classification of audio. 
2. In this module, it tries the audio intensity that 

catches the excitement related to the key events. 

6. Pose Recognition (ANN) Module 

1. Artificial Neural Networks (ANN) scans for the pose 
of players and recognizes specific cricketing actions 
such as batting, bowling, and fielding based on 
player movements. 

7. Database 

1. Stores the relevant data like extracted features, 
timestamping, and metadata for use later in some 
other module. 

8. Highlight Generation Module 

1. Combine all the information from the above 
modules to make cricket highlights. 

2. Clip all the important events such as boundary, 
wicket, and milestones in a uniform manner. 

3. It based suggestions on sequences, including those 
primarily and fundamentally dependent on 
interactions between players, audio intensity, and 
other features in developing the highlight package. 

6. Challenges 

i. Key moment detection: Huge video data has massive 
wickets and boundaries. The key moment identification is 
therefore much more challenging and requires robust 
models of machine learning. 

ii. OCR Limitations: Applying OCR in extracting text from 
dynamic scoreboards and graphics can be hampered by 
variability in fonts, motion blur, and background noise. 

iii. Data Quality and Consistency: The difference in video 
quality, angles, and camera movement may affect the 
performance of algorithms implemented to extract highlight 
features. 

iv. Copyright and Licensing Issues: Copyright and licensing 
issues are quite tough to navigate with video content from 
cricket matches, especially when using them and distributing 
them. 

 

7. Results 

Fig .9.Home Page 

Fig.10.Frames

Fig.11.Highlights 
Video

Fig.12.Accuracy 

Fig.13. Accuracy  

Figures 9–13 are derived from the experimental results of 
the system proposed here and represent model performance 
measures, event frequency, comparative studies, and event 
distribution according to processed cricket match data. 
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8. Conclusion         

This project has shown that it was successful, with 
the building of a system to generate cricket match highlights, 
integrating features from multiple machine learning and 
deep learning techniques, including SVM, ANN, OCR, and 
pose recognition. It moved from audio-based approaches at 
the initial stages to more advanced image processing and 
pose detection strategies, significantly enhancing the 
generation in the highlight streams. While the system 
achieved high improvements over the traditional approaches 
with audio-based methods but brought about more relevant 
and accurate spots than traditional systems, there is still 
room for improvement. Future improvements will Focus on 
refining the accuracy of the model and incorporation of 
features toward more precise and more automatized 
highlight generation. 
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