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ABSTRACT: The project was entitled " TENNIS BALL TRACKING AND REGION DETECTION " demonstrates 

real-time tennis ball and player detection using a custom trained YOLOv5 model. The application allows users to upload 

tennis match videos and processes them to detect players and tennis balls, providing insights into gameplay dynamics. 

Real-time detection of tennis players and balls from uploaded videos. The interface is built with Streamlit for an interactive 

user experience. This project focuses on developing a machine learning-based application capable of detecting tennis 

balls, players in video footage. By leveraging state-of-the-art object detection techniques, it aims to provide actionable 

insights for game analysis, coaching, and sports broadcasting. In the fast- paced world of tennis, analyzing gameplay 

manually is a time consuming and error-prone process. Coaches, players, and analysts need precise and real-time insights 

to improve strategies, assess performance, and make critical decisions during matches. Traditional methods of game 

analysis lack automation and scalability, making it challenging to track key elements like player movements, ball 

trajectories coverage effectively. This solution harnesses the power of AI and machine learning to automate the detection 

and tracking of key elements in tennis gameplay, including tennis balls, players. It addresses the challenges of manual 

analysis and provides real- time, accurate, and actionable insights. Uses YOLOv5 to detect objects (players, tennis balls) 

in video frames. Annotation Compatibility involves Roboflow, LabelImg,VGG Image Annotator (VIA) JSON files for 

training dataset preparation. Streamlit Integration includes Provides a user-friendly interface to upload videos and 

visualize detection results. 

 

KEYWORDS: YOLOv5, Player Detection, Video Processing, Game Analysis, VGG Image Annotator (VIA). 

 

I. INTRODUCTION 

 

Tracking and predicting the trajectory of tennis balls in live matches is a sophisticated and challenging task that has long 

been a barrier to efficient match analysis. Tennis is an extremely fast-paced sport, and the ball travels at speeds that can 

exceed 100 miles per hour in professional games. As a result, manually analyzing match footage to track ball movement, 

predict bounce regions, and assess player performance can become a daunting task for coaches, players, and analysts 

alike. Traditional methods for tracking and analyzing tennis matches involve frame-by-frame manual review of video 

footage, which is both time-consuming and error-prone. Moreover, these manual methods are inherently limited by human 

observation, which can be inaccurate, inconsistent, and slow. 

 

The ability to track the ball’s position accurately, analyze its movement, and predict the location of its bounce on the 

court are crucial for understanding player strategies, assessing their strengths and weaknesses, and providing targeted 

training regimens. However, without automated tools, such insights are difficult to achieve in a timely manner, especially 

during a fast- paced, real-time match scenario. Coaches, players, and analysts are left with limited tools for immediate 

tactical decisions or post- match analysis. This issue becomes more pressing when considering the complexity of tennis 

matches where split-second decisions and precise ball tracking can mean the difference between winning and losing. 

 

This project focuses on developing an AI-powered system for detecting tennis balls and players from video footage. By 

leveraging the YOLOv5 object detection model, the system allows users to upload tennis match videos, processes them in 

real time, and provides an output with bounding boxes highlighting the detected objects. The interactive interface, built 

using Streamlit, ensures that even non-technical users can easily analyze match gameplay. The key objectives of this 

project are to enhance tennis match analysis, improve tracking accuracy, and optimize model performance for real-time 

inference, ensuring smooth and efficient processing. 
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II. LITERATURE REVIEW 

 

This literature survey systematically reviews studies on tennis ball tracking and sports analytics, categorizing them into 

three key paradigms: (1) traditional computer vision techniques, (2) deep learning-based models, and (3) hybrid AI-driven 

systems. Each approach is critically examined in terms of detection accuracy, real-time performance, and practical 

implementation challenges. 

 

Traditional methods, such as contour detection and centroid tracking, have been used for player and ball detection but 

suffer from motion blur, occlusions, and varying lighting conditions. Deep learning models, particularly YOLO-based 

architectures and ResNet-enhanced detection systems, have significantly improved tracking accuracy and robustness. 

For example, fine- tuned YOLOv5 models achieve high precision in real-world gameplay but struggle in low-light 

conditions. Similarly, CNN- based approaches enhance feature extraction but require substantial computational power, 

making real-time deployment challenging. 

 

Hybrid models that combine deep learning with temporal analysis techniques, such as LSTM-based tracking, show 

promise in predicting ball trajectories and improving occlusion handling. However, these methods demand large datasets 

and extensive computational resources for effective training and implementation. Emerging trends include the use of 

lightweight neural networks for edge computing and multimodal fusion strategies integrating AI with motion sensors to 

enhance tracking precision. 

 

By synthesizing these findings, this review provides a roadmap for future research, highlighting the need for efficient, 

scalable, and adaptive tennis tracking systems. As AI-driven sports analytics continue to evolve, addressing challenges 

related to real-time processing, computational efficiency, and occlusion robustness will be crucial in advancing automated 

game analysis. 

 

III. METHODOLOGY 

 

The proposed system is a sophisticated computer vision-based application aimed at improving the analysis of tennis 

matches by detecting, tracking, and predicting the trajectory of the tennis ball within video footage. The core components 

of the system include ball detection, ball tracking, bounce region prediction, and an intuitive user interface. By leveraging 

cutting-edge deep learning and computer vision technologies, the system seeks to deliver enhanced insights to coaches, 

analysts, and players, ultimately helping them better understand the dynamics of tennis matches and improve 

performance. 

 

Core Functionalities of Proposed System 

Ball Detection: 

The first major task in the system is detecting the tennis ball within each frame of the video. This is achieved using 

YOLOv5 (You Only Look Once version 5), an advanced deep learning framework specifically designed for real-time 

object detection. YOLOv5 is well-suited for this task due to its speed and accuracy in identifying small, fast-moving 

objects. The system operates by analyzing each frame of the video and classifying objects in the scene, isolating the tennis 

ball as a key object. 

 

Ball Tracking: 

Once the ball is detected in a given frame, the system tracks its movement across subsequent frames to estimate its 

trajectory. This tracking component is crucial because tennis matches involve rapid ball movements, which can present 

significant challenges. The ball’s path needs to be tracked even when it temporarily occludes or moves rapidly, requiring 

the system to rely on advanced algorithms that can predict the ball's future locations based on its past movements. 

By maintaining consistent tracking, the system helps analyze the ball's behavior in the match and contributes to accurate 

trajectory predictions. 

 

Bounce Region Prediction: 

A unique feature of this system is its ability to predict the bounce region of the ball. This functionality leverages the ball's 

trajectory, considering factors like speed, direction, and angle of movement. By analyzing these variables, the system is 

capable of predicting the location on the court where the ball will likely land. This prediction is extremely valuable in 

coaching, training, and strategic analysis, providing users with insights into how the ball will behave during a match, 
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which in turn aids in anticipating opponents' moves. 

 

User Interface (UI): 

The user interface is developed using Streamlit, a powerful Python library designed to create interactive web applications. 

The system's interface is simple, allowing users to easily upload tennis match videos, view the detected ball's trajectory, 

and observe predictions about where the ball will bounce. The interface ensures that even users with limited technical 

knowledge can engage with the system effectively, making it accessible for a wide range of users, including coaches, 

players, analysts, and sports enthusiasts. 

 

Advantages of Proposed System 

The proposed system provides several key advantages, which address the limitations of traditional tennis match analysis 

methods and improve the overall efficiency of training and tactical planning: 

Automation of Match Analysis: 

One of the major advantages of the proposed system is the automation of match analysis. Traditionally, coaches and 

analysts must manually track the ball’s movement and analyze its behavior, which is not only time-consuming but also 

prone to human error. This system automates these tasks, freeing up valuable time for coaches, players, and analysts to 

focus on higher-level strategy and decision-making. 

Real-Time Tracking and Prediction: 

Real-time tracking and prediction are features that distinguish this system from traditional video analysis methods. By 

processing frames of video in real-time, the system can provide immediate feedback during live training sessions or 

matches. This real-time capability allows players and coaches to make faster, data-driven decisions and gain valuable 

insights into the match as it unfolds. 

High Accuracy and Precision: 

The use of YOLOv5 as the core object detection model ensures that the system can detect and track the ball with a high 

degree of accuracy. YOLOv5 is known for its efficiency in detecting objects at high speeds, which is especially important 

in a fast-paced sport like tennis. Its accuracy in identifying the ball’s position and movement helps reduce tracking errors 

and ensures that the system performs reliably in real-world conditions. 

Predictive Insights: 

Another major advantage of the system is its predictive capabilities. By analyzing the ball's trajectory, the 

system can predict the location of its bounce, providing valuable insights into the match’s strategic elements. Coaches 

and players can use this information to anticipate the ball’s behavior, adjust their positioning, and improve overall 

gameplay. 

User-Friendly Interface: 

The system's interface, built using Streamlit, provides a simple and accessible platform for users to upload match videos, 

view detected trajectories, and receive bounce region predictions. Its ease of use is a critical feature that ensures the system 

can be utilized by individuals with limited technical expertise, allowing it to reach a broader audience. 

 

IV. ARCHITECTURE 

 

                        

Fig 4.1 Architecture 
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The project utilizes YOLOv5 for object detection, deep learning-based tracking, and trajectory analysis to predict bounce 

regions. The architecture consists of multiple processing segments, from data ingestion to inference, visual analytics, and 

UI deployment. 

 

Data Processing & Annotation 

The first step in the system is to prepare the dataset for YOLOv5 training. Raw video footage of tennis matches is collected, 

which then undergoes frame extraction to convert continuous motion into a series of still images. These frames are 

manually or semi-automatically annotated using annotation tools like LabelImg or CVAT, marking the tennis ball in each 

frame. The annotations are stored in YOLO format (.txt), which includes bounding box coordinates (x, y, width, height) 

along with the action labels. Data augmentation techniques, including image flipping, rotation, brightness adjustment, 

and Gaussian noise, are applied to enhance the model’s ability to generalize to different lighting conditions and camera 

angles. The final dataset is split into training (80%) and validation (20%) sets to ensure a robust learning process. 

 

YOLOv5 Model Training 

Once the dataset is prepared, it is fed into the YOLOv5 object detection model for training. The model is initialized with 

pretrained convolutional weights (from COCO dataset) to leverage transfer learning. A custom YOLO configuration file 

defines the network architecture, including convolutional layers, anchor boxes, and activation functions. The training 

pipeline employs SGD (Stochastic Gradient Descent) or Adam optimizer, fine-tuning the model by adjusting parameters 

like learning rate decay, batch size, and IoU (Intersection over Union) threshold. The model learns to detect and classify 

the ball by minimizing bounding box regression loss and cross-entropy loss. After multiple epochs, the best-performing 

model is saved as best.pt, which will be used for inference. 

 

Real-Time Inference & Tracking 

During real-time inference, the system processes incoming video frames through OpenCV to detect and track the tennis 

ball. The YOLOv5 model predicts bounding boxes around the ball in each frame, applying confidence thresholding to 

filter out low- confidence detections. Since object detection alone does not maintain continuity between frames, a tracking 

algorithm such as Deep SORT (Simple Online and Realtime Tracker), Kalman Filters, or Optical Flow is used to ensure 

that the ball is consistently tracked even in cases of motion blur or occlusion. The model also estimates the ball’s trajectory 

using polynomial regression or Newtonian motion equations, predicting where the ball will land on the court. 

 

Trajectory Estimation & Bounce Prediction 

Beyond detection and tracking, the system aims to predict the next bounce point of the tennis ball based on its motion 

trajectory. The detected ball positions over multiple frames are analyzed to fit a parabolic curve, using quadratic 

regression or Kalman smoothing to predict future positions. Given that a tennis ball follows a predictable projectile motion, 

physics-based models incorporating velocity, acceleration, and bounce coefficients refine the prediction. This information 

can be used for automated umpiring, player performance analysis, and strategic decision-making. 

 

User Interface & Video Output 

The processed results are then integrated into a Streamlit-based web application, providing a user-friendly interface. 

Users can upload tennis match videos in formats such as MP4, AVI, or MOV. The system processes the video and 

overlays detected ball positions, trajectories, and predicted bounce locations on the frames. The output is displayed in 

real time, with an option to download the analyzed video containing bounding boxes, confidence scores, and bounce 

prediction points. A REST API (Flask/FastAPI) backend supports video processing requests, allowing scalability for 

cloud deployment. 

 

Deployment & Optimization 

For real-time performance, the system is optimized for GPU acceleration using CUDA, TensorRT, or OpenVINO, 

significantly reducing inference time. The trained YOLO model is converted to ONNX format for efficient deployment. 

To handle large-scale processing, the system can be deployed on AWS/GCP with GPU-backed instances, ensuring 

smooth execution of detection, tracking, and bounce prediction even on high-resolution 4K videos. 
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V. DESIGN 

 

Data Collection: 

1. Sources of Data 

• Real-world video feeds: Captured from high-speed cameras during tennis matches. 

• Synthetic data: Generated using simulation tools to model various lighting and occlusion conditions. 

• Public Datasets: Use of pre-existing datasets for training purposes. 

 

2. Data Acquisition Process 

• High-speed cameras capture video streams at different frame rates. 

• Frames are extracted from videos and stored in a structured format. 

• Metadata such as timestamp, camera angle, and court conditions are recorded. 

 

Data Preprocessing: 

After the videos are collected and annotated, the raw data needs to undergo pre-processing to convert it into a format 

suitable for training with YOLOv5. 

1. Frame Extraction 

• The first step in pre-processing is to extract frames from the video. This is achieved by reading video 

files frame- by-frame. OpenCV is typically used for this task, as it provides robust and efficient 

methods for video manipulation. 

• Sampling Frames: Since tennis videos often contain large amounts of data, frame extraction can be 

optimized by sampling at regular intervals (e.g., one frame every 5th or 10th frame). This reduces 

redundancy while maintaining critical information. 

 

2. Frame Resizing 

• YOLOv5 typically operates on fixed-size images. Therefore, all frames are resized to a uniform size 

(commonly 640x640 or 416x416). This step ensures that the model works on consistent inputs, making 

training more efficient. 

• Aspect Ratio: While resizing, it's crucial to maintain the aspect ratio of the frame to avoid distorting 

the image, which could negatively affect model performance. If necessary, frames can be padded with 

black borders. 

 

3. Data Normalization 

• Pixel values in the images are normalized by dividing them by 255, converting them to a range between 

0 and 1. This is essential because neural networks generally perform better when input data is scaled 

to a similar range, improving convergence during training. 

• Standardization: In some cases, additional standardization steps might be applied, such as subtracting 

the mean and dividing by the standard deviation of the dataset. 

 

Data Augmentation 

• To prevent the model from overfitting, a variety of data augmentation techniques are applied during training. 

These techniques artificially expand the dataset by applying random transformations like flipping, rotating, 

zooming, and adjusting the brightness and contrast of the frames. 

• For tennis ball detection, transformations like random cropping and resizing help the model become invariant to 

object scale and position. 

 

Feature Extraction 

The main task of feature extraction in this system is detecting the tennis ball in each frame using the YOLOv5 model. 

YOLOv5 detects the ball by analyzing the frame and identifying bounding boxes that contain the ball. Each bounding 

box is assigned a confidence score, which indicates the model’s certainty in its prediction. The key features extracted by 

YOLOv5 include: 

1. Bounding Boxes 

YOLOv5 predicts bounding boxes around detected objects. In the context of this system, each bounding box 

corresponds to the tennis ball. The system uses these bounding boxes to track the ball’s movement across frames. 
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2. Confidence Score 

YOLOv5 assigns a confidence score to each bounding box. The score reflects the probability that the detected object 

is indeed a tennis ball. Higher confidence scores indicate a more accurate detection. 

 

3. Class Label 

YOLOv5 also assigns a class label to the detected objects. For this system, the class label is “tennis ball.” If other 

objects are present in the frame (e.g.,players, racquets, or the net), YOLOv5 will classify them under different labels. 

 

Data Representation 

The final step in input design ensures that extracted features are structured and formatted for model consumption. 

1. Storage Format 

• Image Data: Stored in PNG/JPEG format for visual analysis. 

• Video Data: MP4 format with frame-wise metadata. 

• Annotations: JSON/XML files containing bounding box coordinates and class labels. 

 

2. Dataset Partitioning 

• 80% Training, 20% Validation,split ensures optimal learning. 

• Stratified The training data is used to teach the model how to detect tennis balls, while the validation 

data is used to evaluate the model's performance on unseen data. 

 

3. Data Visulization 

• Overlaying bounding boxes on video frames. 

• Heatmaps for ball trajectory analysis. 

• 3D representations for enhanced motion analysis. 

 

VI. OUTPUT DESIGNS 

 

 

Fig 6.1Tennis Tracking System –Upload Interface 

 

Fig 6.2 Video Processing and Tracking Progress 
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Fig 6.3 Tennis Ball and Player Detection Output 

 

The Tennis Ball and Player Tracking System is a computer vision-based application designed to detect and track players 

and the ball in real-time during a match. The first output screen demonstrates the detection process, where players and the 

tennis ball are identified with bounding boxes and confidence scores, using distinct colors for better visualization. The 

second screen displays the system’s web-based UI during the video processing phase, where users upload a video file, 

and the application processes each frame to track movements dynamically. A progress bar keeps users informed about 

the ongoing process, ensuring a smooth experience. The final output screen presents the application’s main interface, 

providing clear step-by-step instructions for users to upload their videos, wait for processing, and download the final 

result. The system leverages deep learning models for object detection and tracking, making it a powerful tool for 

performance analysis in tennis matches. Its user-friendly design ensures accessibility while maintaining high 

processing accuracy and efficiency. 

 

VII. CONCLUSION 

 

The project successfully demonstrated the application of cutting-edge computer vision and machine learning techniques 

for tennis ball tracking and region detection, with a particular focus on predicting bounce locations and tracking the ball's 

trajectory. By utilizing advanced algorithms like YOLOv5 for object detection, Optical Flow, and Kalman Filtering for 

tracking, and TensorRT optimization for enhanced processing speed, the project achieved significant progress in 

addressing the challenges of ball tracking in dynamic and unpredictable environments such as tennis matches. 

 

One of the most critical takeaways from this project is the effectiveness of YOLOv5 in detecting the tennis ball in each 

frame of the video. The use of a state-of-the-art object detection model like YOLOv5 provided high accuracy, allowing 

the system to effectively locate the ball amidst rapid movement and occlusions. Over 25 epochs, the model showed a 

steady improvement in key metrics such as mAP@0.5, precision, recall, F1-score, tracking success rate (TSR), and bounce 

prediction error (BPE). These metrics reflect the model's ability to not only detect the ball but also accurately track its 

movement across frames and predict its bounce location with minimal error. 

 

The ability to track the ball accurately and predict its bounce regions was a key objective of the project, and this was 

successfully achieved. The combination of Kalman Filtering for smooth tracking and YOLOv5’s object detection 

capabilities enabled the system to predict the ball’s location with high confidence. Furthermore, the TensorRT 

optimization applied in the later stages of the project significantly improved the model’s latency, making it suitable for 

real-time applications. This is a crucial factor for potential future use in live match analysis, where real-time performance 

is essential. 

 

In summary, the project achieved its objectives by developing a system capable of accurately detecting and tracking the 

tennis ball and predicting bounce locations across frames. The model demonstrated a strong balance of accuracy and 

efficiency, making it a valuable tool for sports analytics and real-time coaching. 

 

 

mailto:mAP@0.5
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VIII. FUTURE WORK 

 

While the current system showed impressive results in tennis ball tracking and region detection, there are several areas 

where future work could lead to further improvements and broader applicability. These potential improvements can be 

categorized into four key areas: model accuracy, real-time processing, application to other sports, and advanced user 

features. 

1. Improving Model Accuracy with More Diverse Data 

One of the primary ways to improve the system's performance is by incorporating more diverse data into the training 

process. The current model was trained using a dataset that included various tennis match scenarios, but it could still 

benefit from a wider variety of conditions, such as: 

• Different camera angles: Training the model with more varied camera angles, such as overhead views, corner 

shots, and low- angle recordings, could help the system generalize better to different types of broadcasts. 

• Variable lighting conditions: While the system performs well under typical lighting, tennis matches are often 

played under varying light conditions, from bright daylight to indoor lighting. Expanding the training data to include 

different lighting scenarios could improve robustness. 

• Complex player movements: More diverse player actions, such as aggressive swings, high-speed movements, and 

complex footwork, can introduce additional challenges to tracking the ball, particularly when players block the ball’s 

trajectory. Increasing the variety of player movement data would help the model handle such occlusions more 

effectively. 

 

2. Real-Time Processing for Live Matches 

One of the major potential improvements is the integration of real-time processing for live tennis matches. Although 

the current system performed well in post-processing video data, real-time performance is critical for its practical 

application in live sports events, such as during a live broadcast or real-time coaching. 

• Latency reduction: Although TensorRT optimization helped reduce latency during inference, real-time processing 

still requires continuous optimization. This could involve hardware accelerations (e.g., using GPUs, specialized 

inference chips, or edge computing devices) to meet the demands of live match processing. 

• Instant feedback: A real-time system would enable the delivery of instant insights to coaches, players, and even 

viewers, providing valuable feedback such as ball trajectory predictions, bounce points, and player movement 

analysis as the match unfolds. 

• Enhanced interaction: Real-time tracking can be used for enhanced interactive features during broadcasts, such 

as live match analytics for fans or instant replays that highlight key moments of the match. 

By further optimizing the model and system architecture, the technology could be deployed in real-world sports 

settings where live, high-speed analysis is essential. 

 

3. Advanced User Features like Analytics Dashboards for Performance Tracking 

To further enhance the utility of the system, advanced user features could be developed, such as analytics dashboards 

that provide detailed performance insights for players and coaches. 

• Player and team performance: Dashboards could visualize key metrics such as ball possession, shot accuracy, 

movement patterns, and stamina throughout the match. This would help coaches and players evaluate 

performance in real-time and post-match. 

• Heat maps and trend analysis: Advanced analytics could generate heat maps to show where the ball spent most 

of its time on the court, allowing for deeper insights into match strategies and player positioning. 

• Predictive analytics: By analyzing historical match data, predictive models could provide insights into future 

match outcomes, player fatigue, or even predict potential injury risks based on movement patterns. 

These features would make the system more valuable for sports teams and analysts, offering not just tracking and 

bounce prediction but a complete performance evaluation tool. 

 

4. Integartion with Other Sports for Broader Applications 

While the project focused primarily on tennis, the underlying principles and techniques could be applied to other 

sports that require similar ball-tracking and region-detection capabilities. For example: 

• Football (Soccer): The same techniques could be applied to track a soccer ball during a match, providing valuable 

insights into passing patterns, ball control, and goal-scoring opportunities. 

• Basketball: In basketball, tracking the ball and player movement could help in analyzing shooting accuracy, 

dribbling efficiency, and defensive positioning. 95 
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• Baseball/Cricket: Ball-tracking systems could be used to analyze pitches, hits, and fielding strategies, offering 

data-driven insights for coaches and players. 

 

Adapting the system for other sports would involve modifying the dataset to account for the unique dynamics and 

requirements of each sport, such as ball shape, speed, and player behavior. 
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