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Abstract

This study focuses on developing a system that uses state-of-the-art computer vision techniques to improve
the accuracy and efficiency of table tennis tracking. The table tennis ball's trajectory and movement are
tracked automatically by the system using a mobile camera array, allowing for real-time score updates
without the need for human participation. This method guarantees precise and seamless scoring, freeing
players from worrying about maintaining score and allowing them to concentrate fully on the game. The
system uses player pose estimation technologies in addition to real-time scoring to track and record player
positions and motions during the match. The system may provide a thorough study of player motions,
including tracking posture and finding important motion patterns, by gathering and analyzing skeletal data.
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1. Introduction

This project focuses on the development of a real-time scoring system for table tennis in particular, using
advanced computer vision techniques to monitor the movement of the ball on the table. The system is
designed to provide accurate and fast scoring , enabling players to fully focus on their game. It provides
an essential tool for both training and tournament environments, ensuring that the scores are accurate and
reliable. Two-ball tracking algorithms are used , both relying on color-based imaging techniques to detect
orange ping-pong balls. Calibrate these algorithms to accommodate different lighting conditions, ensuring
a stable performance in various places. Mobile cameras are often used for tracking as they are more
accessible and easier to use.

The significance of this system is its ability to maintain the integrity of the game by providing a simple
and accurate method of scoring. Traditionally, table tennis scoring is based on hand tracking, prone to
human error, especially in fast-paced games where the ball moves quickly and unpredictably. By
integrating computer vision, the system mitigates these errors, ensuring that every point is accurately
recorded. This innovation is particularly beneficial in training scenarios, where consistent scoring can help
players focus on improving their techniques without the distraction of monitoring scores.
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Additionally, the project addresses the challenges posed by different performance spaces, such as varying
lighting and camera placement .The algorithms used in this system are designed to be flexible, allowing
for adjustments to color detection limits during the calibration process. This flexibility ensures that the
system can maintain high accuracy in a variety of situations, be it professional environments or random
learning. The flexibility of the system makes it a versatile tool, suitable for a wide range of activities from
amateur leagues to professional competitions.

Besides the primary focus which is on ball tracking and real-time scoring, the system integrates a second
valuable feature: player pose estimation. This feature enhances analysis by tracking skeletal points such
as the head, shoulders and limbs, and providing insight into player techniques allowing coaches and
athletes to identify areas for improvement, making the system a comprehensive tool for teaching. The
potential future enhancements, such as real-time feedback and comprehensive performance metrics,
position this project as more than just an automated scoring solution; it's a platform in order to provide
sports technology that has advanced.

This project combines real-time ball tracking, accurate scoring, and player position estimates, driving
innovation in sports technology and increasing scoring accuracy and player performance analysis.

2. Methodology

This work focuses on the integration of real-time ball tracking and pose statistics to develop a
comprehensive table tennis game tracking system. The methodology is divided into four main parts: video
input and preprocessing, ball tracking, pose estimation, and game state tracking and scoring.

1). Video compression and preprocessing:

Hardware Configuration: Video input is recorded using an Android device camera connected to a PC
via USB. The Android device is mounted on a tripod, ensuring that it captures the view from the top of
the table tennis table. This setup ensures that the entire pitch is covered and both players are in the camera’s
field of view.

Software and Tools: The DroidCam application transfers a video feed from an Android device to a PC,
where it is processed using OpenCV. The video images are converted from RGB to YCbCr color space to
improve the visibility of the orange ping-pong ball and to facilitate the extraction of player bones for
identity estimation.lt recognizes the head, shoulders, wrists, elbows, hips, knees and ankles. The extracted
keypoints are processed to filter out the noise, project missing data, and normalize the key points according
to the player's position on the table.

I1). Ball tracking:

This system uses two algorithms to track the table tennis ball:

Contour search settings: This algorithm detects the contour of the orange ball in each video frame. Color
separation of the ball from the background is used, followed by edge detection to determine the boundaries
of the ball. The known contours are then analyzed to determine the position of the ball. The system is
designed to provide optimal color boundaries based on ambient lighting conditions.

Hotbox search engine: This algorithm divides each video frame into a grid of boxes. The system
calculates the number of pixels in each box that correspond to the color of the ping-pong ball. The box
with the highest count is supposed to be the “hotbox,” which is supposed to contain the ball. This approach
ensures proper and consistent follow-up.

Calibration Process: During the calibration process, the system adjusts the color thresholds for the orange
ball using a calibration script. The user places ping-pong balls on the table and runs the script to determine
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the optimal color range for detecting the ball in the given environment. The resulting color thresholds are
then applied to the ball tracking algorithms to ensure accurate detection.

I11). Pose Estimation:

While the current iteration of the project focuses primarily on ball tracking, the system is designed with
the further integration of player pose estimation in mind.

The Lightweight OpenPose Model: This model is used to extract skeletal highlights of players from the
video feed. This model is optimized for performance, making it suitable for real-time applications.

The flowchart below shows the steps in the pose estimation and player action analysis process, from
capturing player poses to analyzing actions and providing real-time feedback & which describes how the
system processes skeletal data. Joint positions are normalized, and it classifies player actions using
machine learning models , ultimately providing methods that can be used to improve performance while

playing.

Skeleton
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Keypoint
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Action Performance
Classification Metrics

& Real-time' (Feedback)
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Pose
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Fig 2.3.1:-Pose Estimation and Analysis Pipeline for Table Tennis Tracking.

Key Point Feature Selection: After obtaining the skeleton points, the system performs feature extraction
to identify and classify player actions. The system normalizes joint positions relative to the bounding box,
ensuring that the feature data is accurate despite changes in camera angle, player position and movement
speed.

Action Recognition and Classification: The system uses a support vector machine (SVM) classification
model to learn specific table tennis actions based on the extracted skeletal elements. The SVM model is
trained on a data set of table tennis actions to accurately classify actions such as forehand strokes,
backhand shots and serves.

Real-time event analysis: In order to evaluate player performance the system uses the Dynamic Time
Warping (DTW) algorithm, which compares player's current actions to predefined action templates. DTW
algorithm calculates the similarity of player action sequences and standard sequences, and provides real-
time analysis of player mechanics. Low action scores are flagged for further analysis where the player’s
can improve.

1V). Game state tracking and scoring:

Finite State Machine (FSM) Theory: The state of the game is controlled by the Finite State Machine
(FSM) which controls the transitions between different states of the game, such as “Pre-Serve”, “Serve”,
“In-Play”, “Game Over”. Then the FSM back starts in “Pre-Serve” mode, after the server has settled the
ball waits for it to be lifted up, which means he is ready to serve. Once the serve is detected, the FSM
switches to “In-Play” mode, where it monitors ball movement, looking for bounces, hits and side switches.
The flowchart below shows the structure of the FSM, showing the different states and the conditions that
trigger transitions between them. This visual representation helps to clarify the ongoing understanding of
game environment management.
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Fig 2.4.1:- State transition diagram of table tennis playing platforms.

Scoring Mechanism:- The FSM provides points based on the ball trajectory and actions detected by the
ball tracking and position prediction systems. For example, if the ball bounces twice on the same side of
the table, the opponent is awarded a point. The system uses audio cues to notify players of state changes,
such as when a point has been scored or when it’s the server’s turn to serve.

Display and User Interface:- Real-time scores are displayed via a VGA output on a monitor connected to
the PC, superimposed on the game's live video feed. The admin page allows the administrator to manually
adjust scores, start or end games, and access other game management features.

3. Results

Toggle Guidelines H Start Recording |

‘ Increment Player 1 Score H Decrement Player 1 Score H Increment Player 2 Score H Decrement Player 2 Score H End Game ‘

Fig 3.1:- This image displays the Desk Tennis Tracker administrator access interface, where the
administrator can input credentials to benefit and get admission to the remaining controls.

| Toggle Guidelines || Start Recording |

Selaect Score Required for Wictory | Start Mew Game
Select Score Required for Victorny

11

21

Fig 3.2:- This image provides admin procedures for setting up new games, selecting the points
needed to win, and additional controls for starting new games, toggling and recording suggestions.

| Toggle Guidelines || Start Recording |

| Increment Player 1 Score || Decrement Playar 1 Score || Increment Player 2 Score || Decrement Player 2 Score || End Game |
Fig 3.3:- This image shows the admin controls for dealing with the rating at some stage in table
tennis, along with options to increment or decrement the players' rankings, begin recording, and
stop the sport.
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Fig 3.4:- This image illustrates the functioning of the ball tracking system, in the ""Expect Hit"
mode showecasing its path and the score display that emerges during gameplay.

5
OVER—NET

Fig 3.5:- This Figure shows the system for tracking the ball as it moves towards the net where the
score has been updated and the status is labeled ""Over Net".
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Fig 3.6:- This figure indicates the results of the pose estimation technique, where the skeletal
points for the participant are detected using the OpenPose version, which demonstrates the
device’s capability to tune the participant’s motion.

4. Conclusion

The "Real-Time Table Tennis Scoring and Player Position Tracking System Using Computer Vision™
integrates ball tracking and human posture estimation technologies to create an all-in-one analysis system
for table tennis games. This platform combines the precise ball localization capability of the Table Tennis
Tracker with the advanced Human Table Tennis Actions Recognition and Evaluation model. As a result,
the application not only tracks ball paths and provides live scores but also offers an in-depth analysis of
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player movements. The initial phase of player analysis has been achieved using the OpenPose-Lightweight
model which effectively detects key body parts in players.

Furthermore, comparing against world class table tennis player postures can help “Real-Time Table
Tennis Scoring and Player Position Tracking System Using Computer Vision”. The system compares
player postures against ideal standards, providing a percentage score that indicates how closely a player's
position aligns with the ideal, offering actionable insights for immediate improvement.

While the paper has a solid foundation in combining ball tracking and position analysis innovatively, it
could benefit from clearer language, more effective graphical integration, and more detailed conclusions
to fully realize the depth of the research. In conclusion, the work not only meets the current needs of
automated scoring in table tennis but also lays the foundation for future developments in player-
performance research by going forward refining the system and exploring other features.
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