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ABSTRACT

ShuttleFit aims to improve access to affordable badminton training by providing Al-
assisted biomechanical feedback through smartphone video analysis [1]. Traditional
coaching is often costly, and ShuttleFit offers an alternative by integrating video upload
and preprocessing, pose estimation and feedback, and progress tracking. Video handling is
managed via Flask with cloud processing, while MediaPipe-based pose estimation and K-
Means clustering enable movement analysis, though challenges exist in rapid motions and
cluttered environments [2]. Initial experiments showed 64% accuracy, highlighting
limitations in complex movement segmentation. Potential improvements include adopting
DBSCAN for clustering and exploring edge computing to enhance performance. Unlike
existing solutions requiring wearables or 3D motion capture, ShuttleFit’s smartphone-
centric approach aims to lower costs and increase accessibility [3]. However, further
research and development are required to fully validate its effectiveness, reliability, and
real-world impact on badminton training.
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1. INTRODUCTION

Badminton is one of the most widely played sports globally, with an estimated 709 million fans
and over 220 million active players. However, access to quality coaching remains a significant
challenge, particularly for amateur and semi-professional players. In many regions, the number of
available coaches is insufficient to meet demand. For example, in England, only 1,800 registered
badminton coaches serve a player base of 3.3 million adults, creating a substantial gap in
professional guidance [4]. This shortage forces many players to rely on self-directed training,
which can lead to improper techniques, slower skill development, and a higher risk of injury.
Additionally, the cost of private coaching, often ranging between $40 and $150 per hour, makes
structured training inaccessible for many players.

Beyond technical skills, coaching also plays a crucial role in developing life skills and strategic
thinking, yet only 36% of badminton coaches incorporate such training into their programs.
Without structured guidance, players may struggle to refine their techniques effectively.
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Addressing this issue is essential to making high-quality training accessible to a broader audience.
Exploring Al-powered solutions like ShuttleFit can help bridge the gap by offering movement
analysis and personalized feedback, providing an alternative for those unable to afford or access
professional coaching. While Al-driven tools have their own limitations, they present a promising
approach to democratizing training opportunities in badminton.

We analyzed three methodologies in sports training, each with distinct advantages and limitations.
Al-driven training tools personalize coaching and assist in injury prevention but often require
wearables and lack real-time biomechanical feedback [5]. 3D motion capture platforms provide
highly detailed movement analysis but depend on expensive, specialized hardware, making them
less accessible. Al in sports strategy focuses on tactical and physiological insights rather than
skill-specific improvements. ShuttleFit seeks to bridge these gaps by leveraging smartphone-
based pose estimation (MediaPipe) and clustering algorithms (K-Means) to deliver sport-specific,
real-time feedback without requiring specialized equipment [6]. By eliminating hardware
constraints, we aim to democratize training accessibility, providing immediate but potentially
limited movement corrections. Additionally, Gemini-generated feedback is being explored to
enhance analysis accuracy, but its effectiveness remains under evaluation as we continue refining
our approach.

ShuttleFit is a mobile application designed to provide Al-powered training feedback for
badminton players by analyzing gameplay videos. Using pose estimation algorithms and machine
learning models, the app tracks player movements and offers personalized feedback on technique
and positioning [7]. This approach enables players to refine their skills independently without
relying solely on expensive coaching sessions. By utilizing Al, ShuttleFit aims to bridge the gap
between professional coaching and self-guided training, making structured feedback more
accessible to a wider audience. While it cannot fully replace the expertise of a human coach, it
serves as a supplementary tool that provides real-time insights into movement patterns and
potential areas for improvement.

Compared to traditional coaching and existing Al-based solutions, ShuttleFit offers a cost-
effective and convenient alternative. Unlike Al Badminton Trainer (ITRI), which requires
specialized hardware, ShuttleFit operates entirely through a smartphone, increasing accessibility
[8]. Similarly, while Clutch Al focuses on match analytics, ShuttleFit prioritizes biomechanics
and movement refinement. The app’s integration of pose estimation with clustering algorithms
allows for detailed movement segmentation, though its accuracy in real-world conditions requires
further testing. Ultimately, ShuttleFit’s goal is to complement existing coaching resources,
offering a scalable and affordable training option for badminton players at all skill levels.

To evaluate ShuttleFit’s K-Means clustering system for badminton movement segmentation, we
conducted an experiment using five test videos simulating real-world conditions such as low
lighting and rapid motion. Performance was measured using Silhouette Scores and cluster purity,
revealing an average accuracy of 64%, with slow-motion videos achieving 85% accuracy while
low-light conditions posed greater challenges at 60%. Errors were primarily caused by
overlapping clusters in fast movements and background noise, likely due to K-Means' sensitivity
to initial centroid placement and the high complexity of movement data. While the experiment
validated aspects of ShuttleFit’s core functionality, it also highlighted areas requiring
improvement. Future enhancements will explore alternative clustering methods like DBSCAN to
better handle irregular movement patterns and refine preprocessing techniques to mitigate noise
and lighting inconsistencies [9]. However, further testing is necessary to assess the feasibility and
real-world impact of these improvements.
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2. CHALLENGES

In order to build the project, a few challenges have been identified as follows.
2.1. Files

ShuttleFit’s video upload and preprocessing system is designed to balance efficiency,
compatibility, and security while handling diverse user inputs. Video data is transmitted securely
using TLS encryption and stored with AES-256 encryption to ensure compliance with GDPR
standards. This safeguards user privacy and protects against unauthorized access. To
accommodate a wide range of file formats, the system utilizes FFmpeg to convert unsupported
formats (e.g., AVI) into MP4, ensuring broad compatibility across devices. Additionally, video
compression using H.264 encoding reduces file sizes by approximately 50-70%, optimizing
storage and processing time [10]. However, extremely large files, particularly those exceeding 10
minutes, may experience processing delays due to server-side constraints.

Despite these optimizations, several technical limitations persist, including quality degradation in
low-resolution uploads, dependency on stable internet connections for efficient transfers, and
compatibility issues with rare codecs such as HEVC without hardware support. To address these
challenges, ShuttleFit is integrating adaptive compression strategies that prioritize key movement
frames while minimizing loss of critical data. Furthermore, progressive upload mechanisms will
allow partial uploads with resume functionality, reducing the impact of network interruptions.
User guidance features, including recording recommendations (e.g., a minimum resolution of
720p), will further enhance data quality and processing efficiency. These improvements aim to
enhance the robustness and accessibility of Al-driven movement analysis in badminton training.

2.2. Extreme Scenarios

Pose estimation in ShuttleFit relies on MediaPipe’s algorithms to track player movements and
provide feedback based on joint angles and movement patterns. While the system is designed to
function under varying lighting conditions, accuracy can be compromised in extreme scenarios
such as low light or high contrast environments. Similarly, the ability to differentiate between
similar movements depends on factors like camera angle and motion complexity. The system
analyzes biomechanical data to recognize subtle variations in movement, but its precision is
inherently limited compared to real-time human observation. Feedback is generated by
comparing user movements with pre-analyzed examples, allowing players to identify areas for
improvement. However, the Al-driven approach lacks the adaptive, real-time guidance of
professional coaching, particularly for advanced techniques requiring nuanced adjustments.

Several technical challenges remain, including reduced accuracy in cluttered or dimly lit
environments, variability in performance based on camera positioning, and the trade-off between
real-time processing speed and accuracy on mobile devices. To address these limitations,
ShuttleFit aims to integrate basic image enhancement techniques to improve detection in low-
light conditions. Additionally, user guidelines for optimal camera placement and lighting setups
will be introduced to enhance tracking reliability. Further, hybrid models incorporating multiple
pose estimation frameworks are being explored to balance computational efficiency with higher
accuracy, ensuring more consistent and reliable feedback for users across different training
environments.
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2.3. Unconventional Playing Styles

The reliability and accuracy of ShuttleFit’s feedback depend on various factors, including video
quality, lighting conditions, and movement complexity. In optimal settings, the system achieves
an accuracy rate of approximately 70-75%; however, this can decline to 60% or lower in
challenging environments. The model primarily relies on biomechanical data and pre-analyzed
movement patterns to assess player technique, but its ability to adapt to unique playing styles
remains limited. Furthermore, while the feedback is designed to be informative, user surveys
indicate that a portion of players find the explanations overly technical, particularly beginners
who may struggle with biomechanical terminology. To enhance accessibility, ShuttleFit is
working on simplifying feedback language and integrating visual aids to provide clearer, more
intuitive insights.

Despite its potential, several challenges persist, including difficulty in analyzing unconventional
playing styles, limited adaptability to individual player goals, and the need for greater
personalization. To address these issues, ShuttleFit is expanding its training dataset to include a
broader range of play styles and environmental conditions. Additionally, the implementation of a
tiered feedback system will allow users to adjust the technical depth of the analysis based on their
experience level. Long-term improvements include collaborations with professional coaches to
refine unconventional movement analysis and the development of a user profile system that
personalizes feedback based on individual skill level, playing style, and physical considerations.
These enhancements aim to make ShuttleFit’s Al-powered coaching more adaptable and
beneficial for players across all levels.

3. SOLUTION

ShuttleFit welcomes users with a clean and intuitive home screen, offering two primary options:
"Upload Video" and "Video History." This straightforward design ensures easy navigation to the
app's core functions, with ongoing refinements based on user feedback. The "Upload Video"
feature allows users to either record a new video or select one from their gallery, triggering a
series of backend processes. These include preprocessing to format and compress videos, key
frame extraction for identifying critical moments, and pose estimation using MediaPipe's skeletal
mapping. However, factors like video quality and lighting conditions can impact accuracy. The
app then transmits data to cloud servers for deeper analysis, balancing security measures while
acknowledging the inherent risks of cloud storage.

The "Video History" section provides access to past uploads and feedback, with ongoing efforts
to improve caching and synchronization for smoother retrieval. Users may experience delays with
larger datasets, a challenge the team is addressing through optimization strategies. Accessibility
remains a focus, with instructions and error handling in place, though some users may initially
require guidance. Despite these challenges, ShuttleFit aims to deliver valuable insights for
badminton players, continuously refining its functionality and user experience to enhance
performance tracking and analysis.
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Figure 1. Overview of the solution

This module aims to handle video uploads for analysis. It utilizes Flask for file submissions and
cloud services like Render.com and AWS for processing [12]. The system attempts to integrate
with a pose estimation module, which applies Al techniques to map body movements. However,
the accuracy and efficiency of this integration are still being refined.
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Figure 2. Screenshot of the video

Figure 3. Screenshot of code 1

The Flask route @app.route(’/start_processing/', methods=['POST", 'GET']) is designed to listen
for video uploads, though its robustness under high traffic is still being tested. The function
attempts to retrieve uploaded files (videol, video2) and metadata (e.g., user_id, move) from the
request, but error handling for incomplete or corrupted uploads may need improvement. Files are
saved locally, and a new thread is started using Python's threading module to process videos
asynchronously, which could potentially lead to resource management issues under heavy loads.
The process_video function aims to communicate with the pose estimation module, though the
reliability of this communication is still being optimized. A JSON response is sent to confirm
processing initiation, but more comprehensive status updates might be beneficial for user
experience.

This component aims to process uploaded videos using MediaPipe for pose estimation and
attempts to generate feedback by comparing movements with expert references. While it employs
KMeans clustering to group similar movements, the accuracy of this grouping may vary
depending on video quality. The use of Gemini for corrective feedback is still in experimental
stages [13].
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Figure 5. Screenshot of code 2

The detect_videos function initializes MediaPipe's pose detector and opens the video file using
OpenCV, though performance may vary with different video formats [14]. Each frame is
converted to RGB format for pose detection, which could potentially impact processing speed for
longer videos. The code attempts to group detected landmarks into segments (e.g., shoulder,
elbow, wrist) using helper functions like get_coordinates, but the accuracy of these groupings
may depend on the clarity of the video. Joint angles are calculated and stored in a list (all_angle)
for clustering analysis, though the precision of these calculations might be affected by factors like
camera angle or player position. The clustering results are used to identify deviations from expert
techniques, but the effectiveness of this comparison is still being evaluated and refined.
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This system aims to store user-uploaded videos and analytical feedback in a cloud database, with
efforts to ensure data security. It strives to provide users with progress tracking through data
visualization and trend analysis. While efficient caching is a goal for fast access, optimization for

large datasets is ongoing.
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Figure 7. Screenshot of code 3
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A Flutter widget is used to define the user interface for browsing historical data, though its
responsiveness on various devices is still being tested. The app attempts to retrieve cached
records locally or synchronize with the cloud database when online, but the efficiency of this
process may vary depending on network conditions and data volume. Users can view reports
generated via API calls that fetch stored analytics, though the completeness and accuracy of these
reports are continually being improved. Interactive charts are implemented to display trends in
performance metrics over time, but their interpretability and user-friendliness are subjects of
ongoing refinement. The module aims to receive processed data from the analysis component,
store it in a database, and provide retrieval functionality for user progress tracking, though the
seamless integration of these functions is still a work in progress.

4. EXPERIMENT

We aim to evaluate the K-Means clustering system's effectiveness in segmenting video sections
for comparison in our ShuttleFit application. While K-Means is commonly used for video
analysis tasks, its performance can vary depending on the specific application and data
characteristics.

Our experiment will involve inputting sample video sections with predefined expected clusters
and comparing them to the algorithm's actual outputs. We'll use metrics like the Silhouette Score
to assess cluster quality, though we acknowledge that no single metric can fully capture
clustering performance. We'll test the system under various realistic conditions, including
different lighting, motion speeds, and background complexities, to understand its limitations.

This experiment is important because clustering inaccuracies could potentially affect ShuttleFit's
analysis reliability. By identifying areas for improvement, such as cluster number optimization or
feature selection refinement, we hope to enhance the system's robustness. However, we recognize
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that perfect accuracy may not be achievable, and trade-offs between speed and precision may be
necessary for real-time applications.

To evaluate the performance of the K-Means clustering system in video segmentation, we have
designed a set of test inputs that simulate various real-world conditions. These scenarios aim to
assess the system’s ability to handle different levels of video quality, motion complexity, and
environmental noise. The test set includes high-quality videos with distinct movements (Video A),
low-light footage with mild noise (Video B), rapid motion sequences (Video C), slow-motion
recordings (Video D), and videos with cluttered backgrounds (Video E). Each test case presents
unique challenges, such as segmentation accuracy, boundary detection, and subject isolation,
allowing us to observe how well the system adapts to these variations.

These test cases reflect common conditions that users might encounter, but we acknowledge that
real-world scenarios can be significantly more complex. While this evaluation helps in
identifying system limitations, it is not exhaustive, and further refinement is necessary to enhance
robustness. Challenges such as lighting inconsistencies, occlusions, and background distractions
may still affect accuracy. Despite these constraints, our goal is to use these insights to iteratively
improve the clustering model, optimizing segmentation performance for a wider range of
practical applications.

Input Expected Actual Output | Accuracy (%)
Output
1 Video A (clear
movements) | Correctly Movements 30%
clusters were
movements misclassified
into
categories
2
Video B Identifies Partial match | 60%
(low-light similar with
conditions) movement reference.
patterns as some
reference sections
incorrect
3
Video C Distinguishes | Distinguishes | 70%
(rapid different phases
movements) | phases of accurately,
movement but
accurately overlapping
clusters
caused
misclassificati
on
4
Video D Groups Successfully |85%
(slow-motion) | similar moves | detected
and detects incorrect
erors movements
5
Video E Compares Some 75%
(cluttered video sections | mismatched
background) | accurately sections, but
mostly correct

Figure 10. Figure of experiment 1
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Figure 11. Count figure

Our system was evaluated using five video inputs to assess its ability to classify movement
patterns accurately. The results indicated a mixed performance, with two cases correctly
classified and three containing errors, leading to an overall accuracy of 64%. This percentage was
calculated as an average across all test cases, but we recognize that this limited sample size may
not fully represent real-world performance. The primary challenges included overlapping clusters
in high-motion videos (e.g., Video C), environmental factors such as low lighting (Video B) and
cluttered backgrounds (Video E), and difficulties in identifying boundary frames during
movement transitions.

Several potential error sources were identified, including the limitations of K-Means in handling
irregular data distributions and its sensitivity to centroid placement. The choice of cluster count
(K-value) may have contributed to segmentation inaccuracies, while the complexity of high-
dimensional spatial-temporal data likely overwhelmed the algorithm. Additionally, differences in
body type among players may have affected the system’s ability to generalize movement patterns.
Addressing these issues will require further research and refinements, including optimizing
clustering parameters, exploring alternative algorithms, and expanding testing across more
diverse scenarios to enhance accuracy and robustness.

5. RELATED WORK

While ShuttleFit specializes in badminton, potentially offering more specific analysis, it lacks the
broader sports applicability and injury prevention features of the research. Our system is still
evolving and may not match the comprehensive approach of established research tools.

ShuttleFit contributes to Al-driven sports training by focusing on badminton-specific pose
estimation and skill refinement through video analysis without requiring specialized wearables
[11]. While this approach enhances accessibility, its accuracy may vary due to environmental
factors and movement complexity. Additionally, the system employs K-Means clustering for
movement comparison and Al-generated feedback, though both are still being refined for greater
precision. Compared to broader Al research that integrates machine learning and computer vision
across multiple sports, ShuttleFit remains specialized, lacking features such as injury risk
assessment and cross-sport applicability. While its targeted analysis provides value to badminton
players, it does not yet match the comprehensive, long-term tracking and injury prevention
capabilities of more advanced Al-driven training systems.

ShuttleFit advances Al-driven sports training by specializing in badminton-specific pose
estimation and skill refinement through video analysis, eliminating the need for specialized
wearables. This enhances accessibility, though accuracy may be affected by factors such as
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lighting conditions, camera angles, and movement complexity. The system also integrates K-
Means clustering for movement comparison and Al-generated feedback, both of which are
continuously refined for improved precision. However, compared to broader Al research that
leverages machine learning and computer vision across multiple sports, ShuttleFit remains
limited in scope, lacking features such as injury risk assessment and multi-sport adaptability.
While it provides valuable insights for badminton players, it does not yet achieve the
comprehensive, long-term performance tracking and injury prevention capabilities found in more
advanced Al-driven training solutions.

ShuttleFit provides an Al-driven approach to badminton training, emphasizing skill refinement
through video-based analysis, making it more accessible compared to multi-sensor methods.
While it explores clustering techniques for error detection, its accuracy and effectiveness are still
being evaluated. In contrast, Pisaniello’s research presents a broader and more comprehensive
application of Al in sports, integrating injury prediction, tactical optimization, and talent
identification across various disciplines. By leveraging diverse data sources such as training load
and sleep patterns, Pisaniello’s work offers a holistic perspective on sports performance, whereas
ShuttleFit remains specialized in badminton without incorporating physiological or strategic
analysis. Although ShuttleFit aims for scalability, its real-world impact and adaptability across
different skill levels require further validation, making it a more targeted but narrower application
of Al in sports training.

6. CONCLUSIONS

While ShuttleFit demonstrates potential in Al-assisted badminton training, several limitations
must be addressed to enhance its effectiveness and accessibility. Pose estimation accuracy
remains a challenge due to environmental factors such as poor lighting, cluttered backgrounds, or
low-resolution videos. Since the system relies on MediaPipe’s base model, improving accuracy
would require adopting more advanced models, though this would increase computational costs.
Similarly, the K-Means clustering algorithm, while useful for movement segmentation, struggles
with irregular data distributions, leading to potential misclassifications. Additionally, ShuttleFit is
designed specifically for badminton, making adaptation to other sports complex due to the unique
biomechanics involved. Cloud dependency presents another limitation, as reliance on remote
servers can cause latency issues, particularly for users with slow internet connections.
Furthermore, the lack of multilingual support limits accessibility for non-English-speaking users,
and some players have reported difficulty interpreting the Al-generated feedback, making it less
actionable for skill improvement.

To address these challenges within realistic resource constraints, ShuttleFit will focus on
incremental enhancements. Efforts will include fine-tuning MediaPipe’s model and implementing
pre-processing techniques to improve pose estimation under varied conditions. Clustering
algorithms will be optimized through parameter adjustments and hybrid approaches to enhance
movement classification [15]. Cloud processing efficiency will be improved, with potential
exploration of edge computing for limited offline functionality. Future expansion plans include
supporting an additional sport, likely tennis, by focusing on key movement patterns to minimize
complexity. Simplified offline feedback generation and multilingual support for select languages
based on user demand are also priorities. If rebuilding from scratch, a modular system
architecture would be prioritized to accommodate future enhancements, while acknowledging
that algorithmic and computational constraints will still influence overall system performance.
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