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Abstract—A robust framework for real-time image recognition was developed, leveraging key 
body landmarks identified using Mediapipe and OpenCV libraries. This research focused on 
creating an advanced system for detecting cricket shots with cutting-edge computer vision and 
machine learning technologies. Long Short-Term Memory (LSTM) neural networks, a 
specialized deep learning model, were utilized to accurately classify various cricket strokes. The 
model was trained on a comprehensive dataset encompassing a wide range of cricket shots and 
demonstrated a high level of recognition accuracy. The system was rigorously tested with both 
live camera feeds and pre-recorded video files to ensure real-time functionality. Results indicate 
that the system performs with notable accuracy and efficiency in real-time scenarios, marking a 
significant advancement in the application of computer vision for sports analytics. This 
innovative approach holds substantial potential for practical use in cricket coaching and 
performance analysis, offering a valuable tool for enhancing training methodologies and 
analytical precision.  
 
Index Terms— computer vision, machine learning, cricket shot detection, real-time image 
recognition, Mediapipe, OpenCV, LSTM neural networks, sports analytics, training dataset, 
performance analysis. 

I. INTRODUCTION 

Cricket, known for its competitive nature and strategic depth, involves various shot types crucial for player 
performance and game dynamics. Recognizing and categorizing these shots, traditionally a manual and error-
prone process, is essential for analysis, coaching, and strategy development. Advances in computer vision and 
machine learning now enable automated shot detection with high accuracy and efficiency. This research aims to 
develop a robust cricket shot recognition system using modern computer vision and machine learning 
techniques. Leveraging the Mediapipe framework and OpenCV library, we process video streams, extract 
features, and analyze cricket shots in real time. Mediapipe detects body landmarks to understand player 
movements, while OpenCV provides tools for image and video processing. We employ Long Short-Term 
Memory (LSTM) neural networks to handle temporal dependencies in video data, making them ideal for 
classifying  sequences of body landmarks. Training the LSTM model on a diverse dataset of cricket shots aims to  
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achieve high recognition accuracy and robust performance in real-time scenarios. 
This research has the potential to revolutionize cricket analysis and training. Automated shot recognition 
provides coaches and analysts with valuable insights into player performance and shot selection, enhancing 
training programs and game strategies. Real-time capabilities enable immediate feedback during training 
sessions, allowing players to make data-driven adjustments and improve their skills. Beyond cricket, this shot 
detection system has broader implications for sports analytics and other domains requiring action recognition 
and performance analysis. The methodologies and technologies developed can be adapted to various sports, 
where understanding player movements is critical. This research represents a significant step forward in the 
automation and precision of sports performance analysis. 
In the following sections, we detail our comprehensive methodology, including data collection, preprocessing, 
and model training. We discuss the implementation specifics, the integration of Mediapipe and OpenCV for real-
time processing, and the deployment of LSTM networks for shot classification. We present the experimental 
setup and results, showcasing the system's performance and accuracy. Finally, we discuss the findings, 
implications for sports analytics, and potential avenues for future research, highlighting the contributions and 
broader applications of our cricket shot detection system. 

II. LITERATURE REVIEW 

A. Cricket Shot Detection 
a. Deep CNN based Data-driven Recognition of Cricket Batting Shots [4]: This research utilizes a deep 

Convolutional Neural Network (CNN) for recognizing cricket batting shots. The model is trained on an 
extensive dataset and achieves high classification accuracy, demonstrating the capability of deep learning 
in sports analytics.  

b. Shot-Net: A Convolutional Neural Network for Classifying Different Cricket Shots [6]: Shot-Net 
introduces a CNN model specifically designed to classify various cricket shots. The study shows the 
model's proficiency in identifying distinct shot types, leveraging deep learning to capture complex shot 
features.  

c. Cricket Shot Detection from Videos [7]: This study focuses on using deep learning to detect cricket shots 
from video footage. It highlights the application of CNNs to analyze visual data, achieving reliable 
performance in classifying cricket shots.  

d. Cricket Shot Detection using 2D CNN [8]: The research explores the use of 2D CNNs for cricket shot 
detection, showcasing the model’s effectiveness in classifying shots such as cut shots, cover drives, and 
pull shots, with reported accuracies of 90% and 91.5%.  

e. Enhancement of Cricket Performance Analysis with Human Pose Estimation and Machine Learning [5]: 
This work combines human pose estimation with machine learning to improve cricket performance 
analysis, demonstrating how pose estimation can be used to analyze player movements and shot 
techniques.  

B. Performance Analysis and Outcome Classification 
f. Sports Video Classification from Multimodal Information Using Deep Neural Networks [1]: This paper 

presents a method for classifying sports videos using both audio and visual data. The study highlights the 
benefits of integrating different data types to enhance classification accuracy in sports analytics.  

g. Deep Learning using CNNs for Ball-by-Ball Outcome Classification in Sports [2]: This research applies 
CNNs to classify the outcomes of individual balls in cricket matches, achieving an accuracy of nearly 80%. 
The results illustrate the potential of deep learning in predicting match outcomes and analyzing player 
performance.  

h. An Interactive Approach to Identify Cricket Shots through Deep Learning Mechanism [3]: This study 
explores an interactive deep learning approach for identifying cricket shots in real-time, incorporating user 
feedback to enhance model accuracy.  

i. Detection of Cricketing Activities Using Deep Learning [9]: This paper utilizes deep learning to detect 
various cricketing activities, emphasizing the model’s ability to classify player actions and contribute to a 
detailed understanding of on-field dynamics.  

j. Outcome Classification in Cricket Using Deep Learning [10]: This research focuses on classifying cricket 
match outcomes using deep learning, achieving a 70% accuracy rate. The study underscores the 
effectiveness of deep learning models in predicting match results and analyzing player actions. 
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Common Processes 
● Deep Learning Architectures: All reviewed studies employ deep learning architectures, with a predominant 

focus on CNNs, to tackle cricket shot detection and performance analysis. These architectures form the 
backbone for robust classification and recognition tasks.  

● Data Preprocessing: Preprocessing techniques are crucial for enhancing model performance. Common 
strategies include image normalization and feature extraction, which ensure that models receive clean and 
relevant input data [3], [5], [9].  

● Model Training: Model training is a fundamental aspect across the reviewed works. The models are trained 
on diverse datasets, whether locally developed or publicly available, to ensure robustness and effectiveness 
in real-world scenarios. This involves fine-tuning the deep learning models for optimal performance [4], [9], 
[10].  

● Evaluation Metrics: Evaluation metrics, such as accuracy, precision, recall, and F1-score, are commonly 
used to assess model performance. These metrics provide insights into the models' capabilities in classifying 
cricket shots, predicting match outcomes, and analyzing player actions [2], [4], [7]. 

Similar Approaches 
● Shot Detection: Several studies [4], [6], [7], and [8] focus on detecting cricket shots using deep learning, 

primarily through CNNs. These works aim to classify different shot types accurately by analyzing visual 
cues from video footage. 

● Performance Analysis: Other studies [5], [9], and [10] delve into broader performance analysis tasks, 
including outcome classification and activity detection. These approaches use deep learning to predict match 
outcomes, detect cricketing activities, and analyze player behavior, providing comprehensive insights into 
player performance and match dynamics. 

Differences in Approaches and Methodologies 
● Input Modalities: A notable difference among the studies is the input modalities used. Some studies [1], [2], 

and [3] utilize multimodal information (both audio and visual) for sports video classification and shot 
detection, while others focus solely on visual data [4], [5]. This diversity highlights different strategies for 
addressing the challenges of cricket shot detection and performance analysis. 

● Specificity of Tasks: The tasks addressed by the studies also vary. Papers focusing on shot detection [4], [6], 
[7], and [8] specifically target the classification of cricket shots, whereas those on performance analysis [5], 
[9], and [10] encompass broader tasks such as outcome classification and activity detection. This distinction 
illustrates the varied applications of deep learning in cricket analytics. 

Accuracy and Results 
● Shot Detection Accuracy: Studies report high accuracy rates in detecting cricket shots using deep CNNs, 

with [4] and [8] achieving 90% and 91.5%, respectively. Another study, [6], reports an 88% accuracy with 
its Shot-Net model, underscoring the effectiveness of CNN architectures in distinguishing various cricket 
shots like cover drives, pull shots, and cut shots. 

● Outcome and Classification Accuracy: Studies [2] and [10] report accuracies of nearly 80% and 70%, 
respectively, in classifying ball-by-ball outcomes in cricket matches. Study [2] uses CNNs to predict 
outcomes such as boundaries, wickets, and runs, demonstrating the model's potential for real-time match 
analysis. Additionally, [1] reports 75% accuracy using multimodal information, combining audio and visual 
data to enhance outcome prediction. 

● Comprehensive Performance Analysis: Studies [5], [9], and [10] highlight the broader application of deep 
learning in performance analysis. Study [5] integrates human pose estimation with machine learning, 
achieving 85% precision in analyzing player movements and shot techniques. Study [9] reports an 82% 
accuracy in detecting various cricketing activities, offering a holistic view of player performance and match 
dynamics. 

● Generalization and Real-time Performance: Studies [3] and [7] emphasize the real-time application of their 
models, capable of processing live feeds and pre-recorded videos with minimal latency. This real-time 
capability is crucial for practical applications in coaching and live match analysis. 

● Error Analysis and Model Robustness: While overall accuracies are high, studies [4] and [8] address 
challenges such as occlusions, varying lighting conditions, and different camera angles. By mitigating these 
issues, they enhance the robustness and reliability of their models across diverse conditions. 
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III. PROPOSED SYSTEM 

Components of the System 
1. Video Input: We start with video footage of cricket matches or practice sessions. The video can be in various 

formats, such as AVI. 
2. Preprocessing: The video is preprocessed to ensure consistent quality and format. This includes resizing 

frames to the required dimensions and normalizing pixel values. 
3. Feature Extraction: We use Mediapipe's Holistic model to detect key points on the batsman's body. This 

model identifies landmarks on the face, hands, and body, which are crucial for analyzing the batsman's 
movements. 

4. Sequence Generation: The detected key points are organized into sequences, with each sequence 
representing a series of frames (e.g., 30 frames) to capture the dynamics of the shot. 

5. Shot Classification: We use a Long Short-Term Memory (LSTM) neural network to analyze the sequences 
of key points. The LSTM model is trained to recognize different types of cricket shots, such as cover drives, 
pull shots, and cuts. The model outputs probabilities for each type of shot, and the shot with the highest 
probability is selected as the predicted shot. 

6. Performance Analysis: In addition to shot classification, the system provides performance metrics such as 
the accuracy of shot execution. This is calculated based on the model's confidence in its predictions. 

7. Visualization: The results are visualized in real-time on the video feed. This includes highlighting the 
detected shot and displaying performance metrics like accuracy percentage. 

8. User Interface: A user-friendly interface allows coaches and players to review the analysis. The interface 
displays the detected shots, performance metrics, and provides tools for further examination of the video 
footage. 

IV. SYSTEM ARCHITECTURE 

The Cricket Shot Recognition and Training System is built on a meticulously crafted architecture that begins 
with capturing input videos from cricket practice sessions or matches. These videos serve as the foundation for 
detailed shot recognition. Frames are extracted to capture individual moments, and pre-processing techniques 
such as noise reduction enhance frame quality. The system utilizes the Mediapipe library to extract players' body 
postures by detecting key body landmarks. This step is crucial for understanding player movements and the 
position of the cricket bat. These features are then used for further processing. 
Preprocessed frames are then fed into the Long Short-Term Memory (LSTM) neural network model, which is 
trained on a diverse dataset. LSTMs excel at processing sequential data, making them ideal for analyzing the 
temporal dynamics in video sequences. The model examines the temporal progression of player movements and 
bat positions, distinguishing between various cricket shots like cover drives and straight drives. The 
classification results are stored in a structured database, creating a repository of cricketing insights. Real-time 
feedback mechanisms provide immediate analysis on shot execution, crucial for instant correction and 
improvement. Advanced analytics tools offer deeper insights, including trend analysis, comparative performance 
metrics, and predictive analytics to forecast future performance. A user-friendly interface allows players and 
coaches to access current and historical shot data, facilitating in-depth performance analysis and continuous skill 
enhancement. The interface includes intuitive visualizations for easy interpretation of complex data. Designed 
for scalability, the system can accommodate increasing users and data points without compromising 
performance. Future enhancements may include integration with wearable technology to gather additional 
biomechanical data, enriching the analysis. This forward-thinking approach ensures the system remains at the 
cutting edge of sports technology, continually evolving to meet players' and coaches' needs. 

V. IMPLEMENTATION 

1. Data Collection: Gather a diverse dataset of cricket shots from various matches, annotated with labels 
(e.g., cover drive, pull shot, straight drive) for supervised learning. 

2. Video Feed Processing: Decompose live video feeds into individual frames for detailed analysis of each 
moment of the match. 

3. Frame Preprocessing: Enhance frame quality using noise reduction, contrast adjustment, and resizing. 
Identify regions of interest (ROI) containing cricket shots using computer vision algorithms. 

4. Body Posture Extraction: Use Mediapipe to detect key body landmarks in each frame, tracking player 
movements and bat position for accurate shot recognition. 
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Fig. System Architecture 

5. Shot Recognition:Train an LSTM neural network on the annotated dataset, using extracted body 
landmarks as input. Optimize and validate the model to enhance performance. 

6. Shot Classification: The LSTM model processes frame sequences to capture temporal dependencies and 
classify cricket shots based on learned patterns. 

7. Integration and Display: Integrate the trained LSTM model for real-time shot recognition. Display 
identified shot names, accuracy metrics, and performance analysis in real-time during live feeds. 

8. Evaluation and Fine-tuning: Regularly evaluate performance using metrics like recognition accuracy 
and processing speed. Collect feedback for iterative refinements and fine-tune models based on new 
data. 

9. Deployment and Further Development:Deploy the system for live match analysis. Explore advanced 
techniques for further enhancements and continuously monitor and update the system based on new 
insights. 

Algorithms  

A. Long Short-Term Memory Network (LSTM) 
a. Purpose: Capture temporal dependencies in sequences of video frames. 
b. Explanation: LSTMs, a type of recurrent neural network (RNN), excel at learning long-term 

dependencies in sequential data, making them ideal for tasks like recognizing cricket shots based on 
player movements and bat positions. 

c. Application: The LSTM processes sequences of frames to analyze temporal dynamics, classifying 
cricket shots (e.g., cover drives, pull shots, straight drives) based on learned patterns. 

B. Mediapipe for Posture Recognition 
d. Purpose:Extract player body landmarks for accurate shot recognition. 
e. Explanation: Mediapipe detects key body landmarks to understand player movements, providing crucial 

input data for the LSTM model. 
f. Application: Mediapipe identifies and tracks body landmarks (e.g., player stance, bat position) in each 

frame, feeding this data into the LSTM model for shot classification. 

VI. RESULTS AND EVALUATION 

Results: 
1. Shot Recognition and Feedback: Achievement: The system accurately recognizes a diverse range of cricket 
shots in, providing immediate and personalised feedback on shot accuracy and timing. 
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Illustrations: Graphs depicting the accuracy rates and effectiveness of the feedback mechanisms demonstrate the 
successful achievement of this objective. 
2. User Interface and Performance Analysis: Achievement: The user interface offers an intuitive platform for 
players and coaches to access shot data and historical performance analysis. 
Illustrations: Tables and figures showcasing user satisfaction rates and the ease of interaction with the system 
provide evidence of achieving this objective. 
3. Continuous Learning and Model Updates: Achievement: The system continually learns and adapts through 
periodic updates, ensuring it remains effective in recognizing new shot variations and techniques. 
Illustrations: Comparative charts before and after model updates highlight the improvement in shot recognition 
accuracy over time. 
4. Security, Privacy, and Scalability: Achievement: The system adheres to strict security measures, ensuring data 
privacy, and demonstrates scalability by effectively handling multiple live video feeds. 

Illustrations: Security audit reports and scalability performance metrics substantiate the accomplishment of these 
objectives. 
Critical Evaluation: 
1. Fit for Purpose: The application has proven to be fit for its intended purpose, providing a comprehensive 
solution for shot recognition, feedback, and performance analysis. 
2. Implementation Technology: The choice of implementing deep learning models, user-friendly interface aligns 
well with the systemt's requirements and contributes to the system's success. 
3. Why it Offers a New/Improved Solution: The Cricket Shot Recognition and Training System introduces a 
pioneering solution by combining advanced technologies to automate shot recognition, offer feedback, and 
provide detailed performance analysis. This integrated approach surpasses traditional training methods, offering 
a more efficient and personalised learning experience for players and a benchmark for future developments in 
automated sports training systems. 

VII. CONCLUSIONS 

The development of an automated cricket shot recognition and performance analysis system marks a significant 
advancement in sports analytics. Utilizing state-of-the-art computer vision and deep learning techniques like 
Mediapipe, OpenCV, and hybrid CNN-LSTM models, the system ensures accurate and efficient cricket shot 
detection and classification. This automation eliminates manual analysis, reduces human error, and provides 
reliable results. Trained on a diverse dataset, the system captures spatial and temporal features, achieving high 
accuracy in classifying various cricket shots. Real-time analysis offers immediate feedback during matches and 
training sessions, greatly impacting player performance and strategy. An intuitive user interface presents shot 
types, accuracy metrics, and performance analysis clearly for coaches, analysts, and players. Additionally, the 
adaptable architecture broadens its application to other sports and action recognition tasks. This research 
demonstrates the transformative potential of deep learning and computer vision in sports analytics. Accurate, 
real-time insights into player performance can revolutionize coaching methodologies and strategic planning. 
Coaches can use detailed feedback to refine techniques, optimize shot selection, and devise effective strategies. 
Players benefit from instant feedback, enabling data-driven decisions and improvements. Furthermore, real-time 
capabilities enhance live broadcasts, providing commentators and viewers with enriched analytical perspectives. 
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