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Figure 1: Illustration of the BadminSense’s concept. The system leverages a single smartwatch to detect and provide fine-
grained badminton stroke analysis, including stroke classification, stroke quality rating, and impact location estimation. Three
screenshots on the right illustrate the front-end interface of BadminSense. Left: Session overview. This interface presents the
stroke count in a game session with a performance summary. Middle: Session timeline view (DR4). This interface shows the
sequence of strokes executed throughout the session period (DR4). Right: Stroke view. This interface displays the stroke quality
rating (DR1), the impact location (DR2), and the improvement advice (DR3) from top to bottom.
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Abstract

Evaluating badminton performance often requires expert coach-
ing, which is rarely accessible for amateur players. We present
BadminSense, a smartwatch-based system for fine-grained bad-
minton performance analysis using wearable sensing. Through
interviews with experienced badminton players, we identified four
system design requirements with three implementation insights
that guide the development of BadminSense. We then collected a
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badminton strokes dataset on 12 experienced badminton amateurs
and annotated it with fine-grained labels, including stroke type,
expert-assessed stroke rating, and shuttle impact location. Built on
this dataset, BadminSense segments and classifies strokes, predicts
stroke quality, and estimates shuttle impact location using vibration
signal from an off-the-shelf smartwatch. Our evaluations show that
BadminSense achieves a stroke classification accuracy of 91.43%,
an average quality rating error of 0.438, and an average impact
location estimation error of 12.9%. A real-world usability study
further demonstrates BadminSense’s potential to provide reliable
and meaningful support for daily badminton practice.

CCS Concepts

+ Human-centered computing — Ubiquitous and mobile com-
puting systems and tools; User centered design; Gestural input.

Keywords
SportHCI, Wearable Computing, IMU, Motion Analysis

ACM Reference Format:

Taizhou Chen, Kai Chen, Xingyu Liu, Pingchuan Ke, and Zhida Sun. 2026.
BadminSense: Enabling Fine-Grained Badminton Strokes Evaluation on
Single Smartwatch. In Proceedings of the 2026 CHI Conference on Human
Factors in Computing Systems (CHI °26), April 13-17, 2026, Barcelona, Spain.
ACM, New York, NY, USA, 20 pages. https://doi.org/10.1145/3772318.3790998

1 Introduction

Professional and amateur athletes are always looking for ways
to improve their performance. A low-cost and accessible strategy
to achieve this is deliberate practice, which plays a vital role in
skill acquisition and performance improvement in sports[24], espe-
cially for racket sports such as badminton[48], tennis[50], and table
tennis[71], where performance relies heavily on precise swinging
technique. However, access to professional coaching in everyday
practice is limited for amateurs. Our preliminary interview reveals
that amateurs tend to refer to online coaching videos and practice
through imitation for skill improvement, but it appears to be less
efficient without performance feedback[12].

In recent years, the rapid development of sensor technology has
offered opportunities for the sport industry to develop sensor-based
devices[13, 51] aimed at activity tracking and performance analysis,
thereby providing amateurs with accessible sensor-driven feedback
during daily practice to facilitate deliberate practice[34]. The racket
sport community has also embraced the trend by introducing racket-
mounted sensors, such as SmartDampener[40], Zepp[4], Babolat
Play[2], Qlipp[56], Sony Smart Tennis[3], or camera-based systems,
such as SwingVision[8], Hawk-Eye[1], and Playsight[5], to provide
timely professional performance analysis. However, despite the
racket-mounted sensor system and camera-based system being
able to provide precise tracking and professional analysis results,
these systems suffer from practical limitations. For example, racket-
mounted sensors are mounted either on the string area[40, 56] or
on the handle[2-4], which may affect the racket’s vibration, weight,
and balance[46]. While camera-based systems are powerful, their
effectiveness in badminton tracking is limited by factors such as
the fast shuttle motion, variable lighting conditions, and the need
for external equipment setup[46].
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In contrast to external sensor systems, wearable technology, such
as smartwatches, offers more accessible and unobtrusive ubiqui-
tous sensing opportunities for activity tracking[21, 58]. As a wrist-
worn device, a smartwatch also shows great potential to serve
as a vantage springboard to capture wrist and arm movements,
which has attracted interest from both the academic community
and the industry in exploring sensing techniques for racket sports.
However, existing attempts that focus on measuring basic met-
rics, such as stroke classification[10, 46], shot counting[7, 9], and
caloric measurement[6]. Compared with sensor-based and camera-
based sensing systems, these approaches, while helpful for activity
recording, lack support for precise and in-depth analysis of skill
development in badminton[23].

To address this gap, we propose BadminSense, a smartwatch-
based fine-grained badminton stroke sensing and skill analysis
system to facilitate badminton self-training. BadminSense exploits
the built-in IMU sensor and microphone on a commercial smart-
watch to capture both the motion sequence and the vibration from
the user’s wrist during a badminton stroke, and provides stroke-
level performance skill analysis and evaluation. Inspired by our
formative study on 5 badminton players, BadminSense provides
fine-grained badminton stroke detections and evaluations by jointly
predicting stroke type, stroke quality, and shuttle impact location,
and generates improvement advice based on these statistics. To
this end, we collect a dataset consisting of 848 badminton strokes
from 12 experienced badminton players, with each stroke anno-
tated for both its shuttle impact location and quality by 21 ad-
vanced badminton players. We developed, trained, and evaluated
BadminSense on the dataset to enable stroke segmentation, stroke
classification, stroke quality rating, and estimation of shuttle im-
pact location. Our offline technical evaluation shows that Badmin-
Sense achieves a user-independent stroke classification accuracy
of 91.43%, a user-independent average quality rating error of 0.438,
and a user-independent average impact location estimation error
of 12.9%. In addition, a real-world usability study was further con-
ducted on BadminSense that highlighted its potential to provide
unobtrusive and meaningful support for daily badminton training.

Our contributions are fourfold:

e We present a formative exploration that identifies require-
ments and guidelines for designing a badminton skill analysis
and training system for a smartwatch.

e We construct and open-source a dataset comprising 848 bad-
minton strokes, each with expert-labeled action quality and
impact location.

e We develop a real-time system for analyzing badminton
stroke-level performance skills and evaluation on an off-
the-shelf smartwatch.

e We conduct a usability study highlighting the insights and
benefits of our proposed system.

2 Related Works

BadminSense is largely inspired by existing works on motion anal-
ysis approaches for badminton and racket sports sensor systems.
In addition, we also refer to the formative design method within
the Sports Human-Computer Interaction (SportsHCI) community.
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2.1 Badminton Performance Analysis

Badminton performance analysis attracted attention from both
academia and industry in the past decade. Existing literature ex-
plored the use of various sensing techniques, such as sensor-based
approaches and computer vision-based approaches, for different
purposes such as badminton shot detection[7, 9, 10, 49], badminton
stroke classification[16, 55, 63, 73], tactical analysis[31, 59, 64], and
education[36].

Detecting badminton stroke motion with a racket-mounted IMU
sensor is a straightforward and effective approach. The sensor
could be mounted either in the string area[11, 57] or in the handle
area[47, 62]. Specifically, Anik et al.[11] classified 3 types of stroke
with an IMU sensor attached in the racket string area, while Wang
et al.[62] leveraged a deep-learning algorithm to process data from
a racket-mounted IMU sensor to classify 10 types of badminton
stroke. Researchers also explored the use of multiple motion sen-
sors to support fine-grained badminton sensing[63]. Steels et al.[55]
applied a data-driven approach to classify 7 types of badminton
strokes with 3 IMU sensors mounted on the racket’s grip, the wrist,
and the upper arm, respectively. Van et al.[59] proposed a system
with a racket-mounted IMU sensor, a wrist-worn IMU sensor, and
a body-worn UWB sensor to detect the player’s stroke type and
track their movements for tactical analysis. Literature also inves-
tigated detecting badminton stroke from an arm- or wrist-worn
device. Anand et al.[10] pioneered the exploration of shot detec-
tion in swing sports, such as tennis, badminton, and golf, using
a smartwatch-based sensing system. Lin et al.[36] measure the
learner’s forearm movement with a Myo armband to assist the
coach for educational purposes.

Compared with racket-mounted or body-mounted sensors, camera-
based systems show the advantage of capturing players’ movements
from a global perspective. This advantage has attracted previous
research to leverage computer vision-based approaches for tactical
analysis[19, 64, 65] and movement prediction[31, 61]. Specifically,
Weeratunga et al.[64, 65] processed fixed-view badminton match
video footage for tactical classification and analysis. Using a similar
data source, Ibh et al. [31] proposed a transformer-based encoder-
decoder model to predict the next movement of the badminton
athlete. Wang et al. [61] contributed a dataset for badminton stroke
landing points estimation. Prior researches also explores immersive
visualization techniques for match-level tactical analysis [20, 37]
and shuttle trajectory analysis [70].

Besides, computer vision-based approaches have also been widely
used for stroke classification[16, 19, 49, 73]. Although camera-based
sensing approaches often offer more precise tracking performance,
they are considered invasive to privacy[40] with low flexibility and
accessibility as they often require external hardware setup[46].

Despite the growing body of literature on wearable sensing tech-
nologies for sport in recent years, we observed that there is limited
literature that focuses on badminton-specific applications. One
possible reason is that, compared to other racket sports such as
tennis and padel, it remains a unique challenge as it is a fast-paced
sport with a smaller hitting impact, which increases the difficulty of
swing motion analysis using wearable devices. In addition, we also
notice that the existing literature primarily focuses on stroke clas-
sification rather than evaluation, regardless of whether a computer
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vision-based approach or a sensor-based approach is employed.
BadminSense highlights the broader potential of wearable devices
to enable fine-grained sensing and analysis of badminton sport.

2.2 Racket Sports Sensor Systems

Badminton stroke shares a similar motion pattern with other racket
sports such as tennis, table tennis, and padel games. Therefore,
we also refer to the existing racket sports sensor system while
designing BadminSense. Similar to badminton, approaches such as
racket-mounted sensor[14, 40, 56], wrist-worn sensor[26, 46, 72],
and camera-based system[8, 22, 28] have been explored towards
the detection and analysis of racket sports motion. One of the
straightforward and popular practices for detecting racket swing
motion is using racket-mounted sensors. Commercial products
for tennis analysis, such as Zepp[4], Babolat Play[2], Qlipp[56],
and Sony Smart Tennis[3] have achieved commercial success in the
past decade. Exploration from academia also contributed significant
insight to the community. SmartDampener[40] integrated sensor
techniques into a tennis dampener, mounted in the string area of
the tennis racket. It enables ball speed estimation, impact location
prediction, and stroke type detection by processing the vibration
signal of the string area while stroking. TennisEye[72] contributed
a physical model to estimate the ball speed with a racket-mounted
IMU sensor. TennisMaster[69] proposed a method for evaluating
tennis serve performance through an IMU mounted on the user’s
shank and an IMU mounted on the racket. In addition to tennis,
Blank et al.[15] classified 8 types of table tennis strokes with a
racket-mounted sensor. They further estimated table tennis ball
speed and spin pattern using the same sensor setting[14].

A wrist-worn device also shows its advantage in detecting racket
movement in other sports, especially those that involve significant
arm swing movements[32]. Lopez et al.[41] proposed a system to
measure baseball pitching action and tennis serve action using
a smartwatch. Ganser et al.[26] classified 5 tennis stroke types
through a data-driven approach using a wrist-worn IMU sensor.
Recently, Park et al. [46] proposed Silent Impact, a real-time wear-
able system that detects and classifies six types of tennis strokes
using a passive arm-worn smartwatch. In addition to motion data,
Sharma et al. [52] fused acoustic data with motion data to detect
racket shots on a smartwatch.

Camera-based approaches are also widely explored to track
and detect racket sport movement[22]. The SwingVision[8] and
Playsight[5] utilize a smartphone camera with computer vision tech-
niques to provide racket motion statistics such as shot type, shot
placement, ball speed, etc. However, such a system often requires
an external camera setup and often suffers from environmental
lighting conditions and occlusion problems. Numerous projects
have also investigated capturing sports movement through 3D vi-
sion. Gourgari et al.[28] contributed a 3D tennis motion dataset
that included 12 types of tennis strokes. Research also utilizes a
multi-camera system to collect fine-grained motion data, facilitating
motion analysis[54]. Such approaches offer high-fidelity tracking
results, but require a sophisticated hardware setup, which is less
practical for everyday use.
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2.3 Formative Exploration in SportsHCI

Recent years have witnessed a growing body of research in sport
Human-Computer Interaction (SportHCI)[23] that aims to leverage
interactive technology with human-centered design guidelines to
enhance sport experiences for the public. BadminSense also refers
to those systems where formative exploration is widely adopted to
facilitate the human-centered design process in their system design
pipeline. Formative exploration methods, such as interviews[66]
and online surveys[38], have been employed in recent SportHCI
research. Specifically, Ma et al.[42] conducted interviews with 11
table tennis players to elicit four key design requirements and de-
veloped avaTTAR, an AR-based stroke training system. Similarly,
VisCourt[18] proposed a mix-reality basketball tactical training
system through formative interviews with both coaches and pro-
fessional players. iBall[74] focused on augmenting basketball game
viewing experiences through formative studies with basketball fans.
In addition to pure interviews, literature also combines interviews
with online surveys to obtain more comprehensive information.
PoseCoach[39] combined an online survey and expert interviews to
inform the design of a video-based running coaching tool. Similarly,
Wu et al.[67] applied formative insights from fitness enthusiasts to
design an AR-guided at-home workout interface.

BadminSense follows the user-centered design guideline where
we polish the system design requirements through a formative
exploration with six die-hard badminton amateurs.

3 Formative Exploration

Our exploration of BadminSense begins with a formative study

aimed at formulating the design requirements of BadminSense through

a deep understanding of our target users in the context of badminton
training. To this end, we conducted a semi-structured interview
with experienced amateur players to understand their gaps and
challenges encountered during self-training, their perspectives on
badminton stroke skill, and their expectations of a wearable training
assistant system. Accordingly, we raise the following three research
questions to guide our exploration on the design of BadminSense:

RQ1 How do experienced players currently evaluate and improve
their performance in the absence of professional coaching?

RQ2 What are experienced players’ expectations and concerns
regarding technology designed for detailed badminton per-
formance analysis?

RQ3 What fine-grained factors of a badminton stroke do they
consider critical to its performance, and how do they evaluate
them?

3.1 Form Factor Selection

BadminSense is highly motivated by the insights and suggestions
from existing studies on SportHCI [23] and sport wearable [51].
First, Elvitigala et al. [23] emphasize the importance of a sportHCI
system to support robust and reliable sensing for longitudinal use.
Modern smartwatches employ technically mature sensor integra-
tion, which can offer stable sensing performance over time. Second,
literature [23] also calls for unobtrusive technologies that minimize
disruptions to athletes’” experience. Smartwatches are lightweight,
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familiar to users, and generally more socially acceptable than al-
ternative form factors such as smart wristbands or camera-based
systems. Last but not least, Elvitigala et al. [23] further highlight
that cost and accessibility are key considerations for real-world
adoption. A survey [51] on sport wearables further reveals that the
smartwatch is the most popular form factor among all wrist-worn
devices (10/13 products). Thus, we focus our exploration on the
smartwatch form factor.

3.2 Expert Interview

3.2.1 Participants. We recruited five right-handed male badminton
players aged 20 to 23 (M = 22, SD = 1.22) through university sports
clubs and social media groups, with a minimum requirement of
six years of consistent play. Their self-reported average badminton
experiences were 7.8 years (SD = 1.10). All participants were non-
sport majors with diverse backgrounds, including Computer Sci-
ence, Law, Mathematics, and Civil Engineering. We consider that
this subject group is well-suited for our study. On one hand, they
are highly motivated to improve their skills but often lack the re-
sources or time to access professional coaching, leading to rich
self-training experiences. On the other hand, their comprehensive
understanding of badminton techniques enabled them to provide
insightful comments and feedback for our system design. All par-
ticipants had experience of using a smartwatch for fitness tracking,
including monitoring heart rate and measuring caloric consump-
tion. The study was reviewed and approved by the institutional
Human Research Ethics Committee. All participants were provided
informed consent before participation, and they received a 5 USD
coupon for compensation.

3.2.2 Interview Topics. To answer our research questions, our semi-
structured interview involved several key topics, including:

Badminton Training Experience: Participants were invited to
share their personal experiences with badminton stroke skill train-
ing, including their experiences and expectations of professional
coaching, and their experiences and methods of self-training.
Gap and Challenges: We particularly asked them to identify the
gaps and challenges they encounter during self-training.
Expectation of Technology: As all participants had prior expe-
rience of using smartwatches for fitness tracking, we particularly
encouraged them to share their concerns, suggestions, and envi-
sion their ideal form of a smart wearable device for badminton
training and performance training.

Factors Affecting the Quality of Badminton Stroke: We elicited
the participants to discuss their knowledge of key factors that in-
fluence the quality of a badminton stroke.

3.3 Findings and Insights

We gained valuable findings and insights during our interview (F#).
These insights helped us understand the players’ self-training be-
haviors and pain points that they encounter when training alone,
and key aspects of performing badminton strokes. These insights
not only assist our system design but also inspire our system im-
plementation.

F1 Deliberate Practice through Online Resources. Partic-
ipants reported that much of their self-training relies on
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external resources such as online coaching videos and match
recordings, with practice often based on imitation. Three
participants explicitly mentioned of engaging in deliberate
practice specifically for a certain technique, such as strength-
ening particular muscle groups, or familiarizing themselves
with the correct impact location through ball-feeding prac-
tice (RQ1).

F2 Lack of Feedback without a Coach. Since most daily prac-
tice occurs without a coach, self-training with self-assessment
becomes essential. A major challenge participants identified
is the difficulty of determining whether a stroke is executed
correctly. A large proportion of participants have experience
in recording themselves with video and playback afterward
for self-assessment. However, they are still eager for quantita-
tive and professional feedback on their performance (RQ2).

F3 Need for Longitudinal Performance Tracking. Partici-
pants also noted that their actual movements tended to be
deformed during long-term play, resulting in performance
bias compared with their deliberate practice. Therefore, they
explicitly mention the need to support longitudinal quantita-
tive performance tracking to guide and adjust their training
plans (RQ2).

F4 Factors Affecting Stroke Performance. All participants
agree that the speed and the direction of the shuttle are cru-
cial factors to a stroke performance, and that both stroke
quality and the impact location significantly affect the con-
trol of these factors. Specifically, a hit in the “sweet spot”
of the racket string area would maximize the speed and
strength for offensive strokes such as Smash and Clear. In
contrast, striking closer to the racket’s edge provides easier
control for defensive strokes such as Drop through spinning
or eliminating incoming strength. Three participants further
emphasized that the correctness of the stroke motion pat-
tern would guarantee the efficient transfer of muscle power,
making the stroke more controllable and powerful. Addition-
ally, one participant highlighted the importance of footwork,
commenting that proper footwork allows the player to hit
the ball with the best timing and force (RQ3).

F5 Self-Assessment through Racket and shuttle Feedback.
Participants often judge their stroke quality based on the
impact sound, haptic sensations, and the shuttle flight trajec-
tory. For example, a crisp sound is often taken as a sign of
hitting the “sweet spot”, often accompanied by a significant
and prolonged racket vibration. However, the correctness of
this judgment, which is usually subjective, is largely depen-
dent on player experiences (RQ3).

3.4 System Design Requirements

Based on our empirical findings and insights from the interview, we
distilled four system design requirements (DR#) of BadminSense,
together with three implementation insights (I#) that guide our
system pipeline and algorithm design.
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DR1 Stroke Motion Quality Evaluation. Participants empha-
sized the importance of stroke motion quality (F4) and high-
lighted the difficulty of judging whether a stroke is per-
formed correctly without a coach (F2). Therefore, the system
should support stroke motion quality evaluation by provid-
ing players with quantitative assessments of their stroking
skill.

I1: To ensure fair and accurate assessment, stroke-specific
evaluation strategies are needed to align the motion dif-
ference in stroking skill. The system should classify the
stroke types (e.g., Smash, Clear, Drop) before applying the
evaluation algorithm (F4).

DR2 Impact Location Estimation. As the impact location being
pointed out is a crucial factor affecting stroke quality, the
system should be able to estimate the shuttle impact location
on the racket string area. This enables fine-grained stroke
evaluation and skill suggestion, such as distinguishing be-
tween sweet-spot hits for offensive strokes and edge-area
hits for defensive strokes (F4).

I2: Acoustic and vibration signals produced at the moment
of impact may serve as an effective feature for estimating
the impact locations (F5).

DR3 Feedback for Improvement. To compensate for the ab-
sence of a coach, the system should provide not only quan-
titative feedback but also qualitative feedback that is more
user-friendly for stroke improvement (F2).

I3: Since each stroke type depends on different skill criteria,
feedback should jointly consider stroke type, stroke qual-
ity, and the impact location data to provide precise and
fine-grained guidance (F4).

DR4 Longitudinal Analytics The system should offer post-session
performance visualization and analytics to help players iden-
tify their skill gaps and track their progress across daily prac-
tice through session historical playback. The system should
work unobtrusively minimal interaction required (F3).

3.5 DPost-Session Interview

DR3 with I3 highlighted the need to identify concrete skill criteria
for different stroke types, especially with respect to the impact
location. To the best of our knowledge, previous research and doc-
umentation pay limited attention to discussing the effect of impact
location on other stroke types apart from smash[43, 57]. To support
the proof-of-concept development of BadminSense, we conducted
a short post-session interview with six expert players to identify
stroke-specific skill criteria focusing on the impact location across
four representative strokes.

3.5.1 Stroke Selection. Our study focuses on four basic and rep-
resentative badminton strokes: forehand overhead clear, forehand
overhead smash, forehand overhead drop, backhand overhead clear.
The first three forehand strokes are recognized as fundamental
techniques in badminton training[29] and frequently occur during
gameplay[35]. While backhand strokes appear less frequently in
badminton games[48], prior studies have also shown that common
backhand strokes share similar motion patterns[30]. Hence, we
selected the backhand overhead clear as a representative stroke in
this proof-of-concept investigation.
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Figure 2: Stroke-specific impact location that most users prefer. The light green area indicates the optimal impact location.

3.5.2  Participant, Task, and Procedure. We required six expert
players (age: M = 28.5, SD = 2.89) through the university sports
club, including three die-hard badminton amateur players and three
university badminton coaches. During the study, participants were
provided a tablet displaying an image of a badminton string area.
They are required to mark the impact location that they considered
optimal for each of the four strokes using a stylus. They were then
invited to explain the reasoning behind their markings. The study
lasted less than ten minutes.

3.5.3 Results. All participants agree that for forehand overhead
clear and forehand overhead smash, the best impact location was
in the upper-middle region of the racket face, between 50% and
75% vertically, and within the horizontal range of 25% to 75%. This
finding also aligns with previous research on the effect of badminton
impact location [43, 57].

For the other two strokes, participants expressed more diverse
views. For the backhand overhead clear, five participants agreed
that the optimal location was in the lower-middle region (25%-50%
vertically, 25%-75% horizontally), while one participant held a dif-
ferent view and commented that the optimal impact position was in
the middle (25%-75% vertically, 25%-75% horizontally) of the racket
face. For the forehand overhead drop, four participants believed the
optimal location should be slightly higher than that of the forehand
overhead smash (70%-90% vertically, 25%—75% horizontally). One
participant suggested it should be the same as the forehand over-
head smash, and one participant argued for a lower-middle location
(25%-50% vertically, 25%-75% horizontally). Figure. 2 summarizes
the stroke-specific optimal impact location of each stroke.

4 Dataset Acquisition

To train and evaluate the proposed algorithm, we constructed a
dataset on 12 amateur badminton players from a local university,
representing diverse ages (Mean: 23.58, SD: 1.04), genders (10 males,
2 females), and skill levels (5 beginners, 5 intermediate, 2 advanced).
Participants were recruited from the institutional badminton club
through word of mouth. All of them are right-handed. Following
Liu et al.[40], we categorized player expertise based on self-reported

experience: beginner players had played badminton for less than
2 years, intermediate players for 3-5 years, and advanced players
for more than 5 years. To ensure participants had sufficient skill
with the sport to perform the required strokes, we recruited partic-
ipants with a minimum requirement of badminton experience for
6 months, as recommended by Park et al.[46]. Our data collection
study focuses on four basic badminton strokes: forehand overhead
clear, forehand overhead smash, forehand overhead drop, backhand
overhead clear (Figure. 4). The first three forehand strokes are rec-
ognized as fundamental techniques in badminton training[29] and
frequently occur during gameplay[35]. While backhand strokes
appear less frequently in badminton games[48], prior studies have
also shown that common backhand strokes share similar motion
patterns[30]. Hence, we selected the backhand overhead clear as a
representative stroke in this proof-of-concept investigation.

Recall that BadminSense is focusing on detecting, recognizing,
and evaluating badminton strokes. To this end, we aim to assess
stroke quality rating and estimate the shuttle impact position. To
achieve this, we collected the motion and acoustic data using a dom-
inant hand-worn smartwatch from every participant, with each
stroke annotated with its stroke type, quality rating, and shuttle
impact location. The video data were recorded from a smartphone
concurrently with the sensor data for data alignment and labeling.
We open-source the dataset to the community for further investi-
gation and development!.

4.1 Apparatus

Our customized data collection system consists of a front-end smart-
watch (Samsung Galaxy Watch 6 FE) for capturing motion and
acoustic data, a front-end smartphone (Redmi Note 10 Pro) for
capturing video data, and a back-end Windows server (11th Gen
Intel(R) Core(TM) i15-11300H) for data storage and service control.
A customized WearOS program and an Android program were de-
ployed on the smartwatch and the smartphone, respectively, for
data streaming. The WearOS program was developed based on V
Mollyn et al’s implementation [44]. The smartwatch streams IMU

!https://github.com/taizhouchen/BadminSense_Dataset
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Figure 3: (a) Configuration of the badminton court for data collection and the data collection procedure. 1. Facilitator 1 serves
a shuttle sprayed with ink, 2. Subject returns the racket after stroking, 3. Facilitator delivers a cleaned racket for the next
stroke, 4. Facilitator 1 records the ink mark and cleans up the racket, 5. Facilitator 2 prepares a clean racket for the next stroke.
The red dot in the top left corner denoted the smartphone camera recording position for ground truth labeling. (b)(c) Shuttle
with fountain pen ink on the head before serving. (d) An ink mark on the racket face by the shuttle impact after stroking,

highlighted in a red circle.

at 100Hz and microphone signals at 16,000Hz to a Python-based
server via the TCP/IP protocol, while the smartphone simultane-
ously streams video data through the same protocol. To ensure
temporal alignment across data frames stream from multiple clients,
we implemented a heartbeat-based network synchronization mech-
anism. The badminton rackets that we used for the study are with
string tensions of 24lbs, which is suitable for both beginners and
experts. During the study, we provided two Samsung Galaxy Watch
6 in different sizes (42mm and 48mm) and allowed the participants
to choose one that best fit their wrist.

4.2 Task and Procedure

Our data collection study was carried out on a standard badminton
court, with each session involving three experiment facilitators and
one participant. One facilitator (Facilitator 3 in Figure. 3(a)), a pro-
fessional badminton athlete, was responsible for serving the shuttle
and instructing the participant in executing the specified strokes.
In order to record the impart location, we implemented a novel
data collection approach inspired by McErlain-Naylor et al.[43] and
Liu et al.[40]. Before each serve, the shuttle head was sprayed with
fountain pen ink (Figure. 3(b)(c)), allowing the point of contact on
the racket string area to be visibly marked. Following each stroke,
the racket with an inked impact location on its face (Figure. 3(d))
was photographed with a USB camera for impact location ground
truth labeling. The racket string was cleaned up after each stroke,

and the shuttle was replaced after 20 strokes to prevent weight gain
due to ink accumulation. To facilitate this process, three identical
badminton rackets were used in turn for each participant. Please
refer to Figure. 3(a) for the detailed procedure.

Upon the arrival of a participant, the facilitator introduced the
study purpose and asked the participant to fill out the pre-study
questionnaire for his/her anonymous biographic information, and
sign the consent form voluntarily. Each participant was required to
repeat each stroke 20 times with our smartwatch on their dominant
hand, yielding 4 X 20 = 80 strokes from one participant. To preserve
signal diversity and reduce sensor bias, participants are instructed
to take off the smartwatch and re-wear it after every 10 strokes. The
order of stroke type was presented in the Latin-square-based coun-
terbalanced order across all the participants to mitigate ordering
effects. The study was reviewed and approved by the institutional
Human Research Ethics Committee. All participants were provided
informed consent prior to participation. Each session lasted approx-
imately one and a half hours, and participants were compensated
with 7 USD for their time.

4.3 Data Labeling

4.3.1 Segmentation and Impact Location. We developed a graphi-
cal user interface with Python to facilitate the data labeling task.
Each stroke was manually segmented from the IMU and acoustic
data sequence based on the corresponding video recordings. We
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Figure 4: Illustration of the four stroke types that we focused on in this study. The corresponding bar chart below visualizes the
distribution of the number of ratings, with the digit below indicating the total sample size in the category.

removed the data that was corrupted due to hardware or connec-
tivity issues, as well as those that could not be labeled. As a result,
we obtained 848 valid stroke samples, each consisting of an IMU
motion sequence, a corresponding acoustic signal segment, and a
corresponding video clip. For each stroke, the impact location was
manually annotated, referring to the ink mark left on the racket
string area on the captured image. Furthermore, to increase the
variability of our training data, we applied standard data augmen-
tation techniques to the valid stroke samples, including random
temporal shifting, temporal scaling, and additive noise, across all
IMU signal channels in the temporal domain. These operations
expand the dataset by three times, to 2544 in total.

4.3.2  Stroke Quality Rating. Next, we recruited 21 advanced bad-
minton players with a minimum badminton experience requirement
of 5 years to rate each stroke on a five-point Likert scale. The partic-
ipants were recruited from the institutional badminton club forum.
To mitigate the intra-subject agreement bias, we provide reference
video clips?34> representing a stroke rated at the highest score of 5
for each stroke type. To minimize subject fatigue and ensure rating
diversity, we randomly divided the dataset into three equal-sized
folds, assigning each participant to one of them. Consequently, each

ZForehand Overhead Clear: https://youtu.be/S2brZPqx288

3Forehand Overhead Smash: https://youtu.be/HS3x2IX0Uao
4Forehand Overhead Drop: https://youtu.be/310_WuhVbKw
SBackhand Overhead Clear: https://youtu.be/wlCkx5R3gww

stroke was rated by seven independent assessors. All participants
were compensated with 14 USD for their time.

A web-based rating interface was developed to facilitate the rat-
ing process. All assigned strokes were presented by their video clip
in a randomized order. Assessors could preview the video by hov-
ering their cursor over the video thumbnail, with a corresponding
reference video clip appearing in a pop-up window concurrently.
They were instructed to rate each stroke using a numerical rating
slider based on their perception of stroke quality.

To evaluate the reliability of the rating between all assessors, we
calculated the Intraclass Correlation Coefficient (ICC)[33] on each
dataset fold based on three mean ratings (k = 7), consistency, and
2-way mixed-effects models. The results indicated good reliability
for fold 1 (ICC = 0.824, 95% Confidence Interval = [0.79, 0.85]), fold 2
(ICC = 0.865, 95% Confidence Interval = [0.84, 0.89]), and fold 3 (ICC
= 0.790, 95% Confidence Interval = [0.75, 0.82]). In summary, the
results suggest that the collected rating scores maintain a strong
level of intra-subject agreement.

5 BadminSense

5.1 System Overview

We designed and implemented BadminSense’s system pipeline (Fig-
ure. 5) to fulfill the aforementioned system design requirements.
The pipeline consists of four core components: stroke segmenta-
tion, stroke classification, stroke quality rating, and impact location
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estimation. In this section, we discuss four components and their
evaluation results in detail.

5.2 Stroke Segmentation

Upon recording a new badminton session signal sequence that
could consist of multiple stroke events, BadminSense first detects,
segments, and classifies each of them out of the whole sequence
for further analysis. To reduce computational cost while preserving
segmentation accuracy, we adopt a two-step stroke segmentation
strategy that leverages both the IMU sequence and the audio se-
quence.

5.2.1 Approach. We first exploited a lightweight sliding window-
based algorithm on the IMU sequence to detect a region of interest
that potentially contains a stroke event. We observed that a stroke
event always occurs by an instantaneous significant wrist rotational
movement along the y-axis (Figure. 6(a)). Motivated by this, we
implemented a peak detection algorithm on the y-axis gyroscope
signal from the IMU. As Anand et al.[10] pointed out, a complete
stroke motion sequence generally comprises five sequential phases:
backward swing, forward swing, impact, follow-through, and re-
traction. Each of these phases generates signal impulses, with the
impact phase, typically occurring near the middle timestep, pro-
ducing the most significant peak (see Figure. 7a@3)). Therefore, we
treat a stroke event candidate as a window whose local maximum
is located in the middle. This process yields a set of candidate win-
dows represented by {(tl.St"“t, tf“d)}g 1» Where each pair represents
the start and end time step of the i’ h window, and there were N
sets in total. We empirically set the window size to 2000ms and
squared the sensor values before applying a local maximum thresh-
old, which was empirically set to 21. Moreover, we observed that the
signal peak occurs slightly earlier than the impact point. Therefore,
we empirically set a window offset of 100ms to locate the actual
stroking event more precisely.

During practice, we observed that those racket swing movements
without hitting the shuttle would share a pattern similar to that of
a normal stroke, which increases the false positive (FP) rate of our
segmentation algorithm. Note that a successful shuttle hit would
also produce significant impact sound. Inspired by this, we adopt a
two-step verification utilizing the audio signal sequence. For each
pair of time steps in { (5", tfnd) }f\i 1» we extract the corresponding
time windows segmented on the audio signal energy sequence. A
similar peak detection algorithm was applied to the audio window.
We only accept those windows that appear with a middle-located
local maximum peak on both the IMU signal sequence and the
audio signal sequence as valid stroke event segments.

5.2.2  Evaluation. We evaluate the aforementioned two-step seg-
mentation approaches on our dataset. To eliminate the time-step
bias during labeling, we allowed an error tolerance threshold of
200ms during evaluation. The results show that our approach
achieves an average stroke segmentation accuracy of 99.41% with a
false positive rate of 0.23%.

5.3 Stroke Classification

I1 highlights the need to apply stroke-specific evaluation strategies.
Therefore, for each of the segmented signal windows that contain a
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complete stroke motion sequence, our analysis starts with a stroke
classification algorithm. We consider that a complete stroke motion
sequence can be decomposed into distinct sequential phases[10],
where the motion difference between phases is reflected in arm
rotation, moving speed, and acceleration. Therefore, to reduce com-
putation complexity and increase the feature reliability, we focus
on IMU sensor data for the classification task. To enable robust
stroke classification across users and reduce hand-crafted rule bias,
we adopt a data-driven approach.

5.3.1 Data Pre-processing and Feature Extraction. For the 6-axis
IMU signal from the windows, we first removed 20 frames (200ms
in sample rate of 100Hz) from the head and the tail, respectively,
to reduce boundary noise. The signals from each axis were filtered
using a second-order low-pass filter with a 20Hz cutoff to preserve
human arm motion dynamics.

In our motion classification tasks, designing an optimal feature
extraction strategy is crucial to capture representative global motion
pattern features[27]. To this end, we extracted both time-domain
and frequency-domain features from each axis of the signals for
classification. We compute basic statistical descriptors and temporal
features (e.g., sum, mean, variance, Standard deviation, skewness,
kurtosis, percentiles, peak count, etc) on the raw signal and their 15t
derivative. We also extract features from the frequency domain by
applying Fast Fourier Transform (FFT) to calculate spectral energy
and statistical descriptors. We also applied Welch’s method for
estimating the power spectral density, and computed its max and
mean as a feature. As a result, we produced a X € R*?3 feature
per stroke for the classification.

5.3.2  Evaluation. To identify the optimal model for our task, we
trained and evaluated multiple machine learning models on our
dataset, including Support Vector Machine (SVM), Linear Regres-
sion (LinearReg), Random Forest (RF), and Multilayer Perceptron
(MLP), under different training strategies. We first evaluate on a
general model performance using a 5-fold cross-validation strategy,
by splitting the data set into training and testing subsets in a 4:1
ratio, regardless of the user factor. We iteratively train and test
with different partitions, and average the results over rounds. The
results show that SVM achieves a highest classification accuracy
of 95.05%. To eliminate the user-specific bias and test the model in
a general real-world usage scenario, we adopt a leave-3-user-out
training strategy, where we randomly pick the data from 9 users for
training and test on the remaining 3 users. The results show that
SVM also outperforms the other classifiers, achieving a recognition
accuracy of 91.43%. Figure. 8 shows the confusion matrix of SVM’s
performance. We noticed that forehand overhead clear are prone to
being misclassified as forehand overhead smash as they show highly
similar patterns, especially in the first two phases (Figure. 6, 2) and
®). As a result, we use this SVM model in the final implementation.
Table.1 summarizes the performance of different models across
different training strategies.

5.4 Stroke Quality Rating

The task of evaluating the stroke quality involves estimating a rat-
ing score for each given stroke signal. Inspired by I1 from DR1, we
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Figure 5: BadminSense system pipeline overview. The pipeline consists of four components: stroke segmentation, stroke
classification, stroke quality rating, and impact location estimation.

General User-Independent
Accuracy Percision Recall F1score | Accuracy Percision Recall F1 score
SVM 95.05% 95.39% 95.28%  95.23% 91.43% 92.03% 91.99%  92.00%
Linear Regression 54.95% 47.84% 39.69%  41.88% 41.90% 40.53% 28.66%  31.74%
Random Forest 79.72% 81.19% 80.47%  80.29% 66.19% 75.43% 67.62%  66.63%
MLP 92.57% 93.03% 9291%  92.88% 80.95% 82.47% 81.86%  82.00%

Table 1: Stroke classification performance across models and training strategies

implemented stroke-specific rating strategies by training stroke-
specific models in a data-driven context. F1 further highlighted
that the muscle strength plays a critical role in executing a correct
and powerful stroke. Those muscle strength patterns would reflect
sequentially across phases of the entire motion sequence that can
be captured by IMU measurements, such as rotation and accelera-
tion. Therefore, the rating algorithm must effectively capture the
temporal relationships between consecutive sensor data frames.
We initially experimented with two rating strategies. One is to
treat each motion score as a discrete label and apply a classification
approach. However, our pilot test on this did not show promising
results. One possible reason is that different assessors may follow
varying rating criteria. As discussed in Section 4.3.2, although the
rating score has good reliability across assessors in the “consis-
tency” definition, the reliability becomes lower when considering a
“absolute agreement” definition, indicating the bias of rating criteria

across assessors. To eliminate this bias, we treated the motion score
as a continuous numerical value, normalized it across assessors,
and then applied a regression-based approach for the task.

5.4.1 Data Resampling and Pre-processing. We observed that IMU
sensors are prone to producing measurement saturation during
high-speed movements and sudden impacts, which occur frequently
in our badminton stroking case. This will also lead to uneven signal
samplings during wireless data transition. Since the stroke rating
task is sensitive to temporal relationships between consecutive sen-
sor data frames, we adopted the resampling strategy suggested in
prior work([40], by applying cubic spline interpolation to the sensor
data. This increases the sample rate from 100Hz to 500Hz. Follow-
ing the preprocessing procedure used in our classification task, we
removed 100 frames (200ms at 500Hz) from both the beginning and
the end of each sequence to reduce boundary noise As a result, we
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Figure 6: (a) Illustration of the smartwatch coordinates. (b) Gyro data sample of each stroke from one user.
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obtained a data vector of X € per stroke for input to the

regression model.

5.4.2 Models. We design, train, and evaluate through several ma-
chine learning models on our dataset, including traditional machine
learning models such as Support Vector Regression (SVR) and Lin-
ear Regression (LinearReg), as well as deep learning approaches
such as CNN-LSTM, MS-TCN, and a Transformer-based regression
model. Please see Appendix A for more models details.

5.4.3  Evaluation. For evaluation, we adopt the same strategy as in
the stroke classification task: (1) a general model trained with 5-fold
cross-validation, and (2) a user-independent model trained with a
leave-user-out approach. For both settings, we trained four separate
models corresponding to the four stroke types and evaluated them
individually. We measure model performance by calculating the
score (from 1 to 5) mean absolute error (MAE). The complete results
are reported in Table 2. The results show that SVR outperforms the
other approaches in both training schemes, with an average MAE
across four strokes at 0.423 for the general model and 0.438 for the
user-independent model. Therefore, we use SVR as our final choice.

5.5 Impact Location Estimation

Estimating the shuttle impact location is crucial for enabling fine-
grained stroke evaluation and providing stroke-specific feedback
(DR2). To the best of our knowledge, there is no prior work dedi-
cated to estimating the impact location for the shuttle, either using
a racket-mounted sensor or wearable devices. While estimating the

impact location indirectly through a smartwatch is challenging, 12
points out that humans can infer the stroke impact location based
on arm vibration and impact sounds. This observation inspires us to
explore the potential of sensing impact location indirectly through
arm vibration and acoustic signal. Therefore, we examine two fea-
ture extraction strategies: IMU feature only (IMU), and combining
IMU feature with acoustic feature (Acoustic+IMU).

5.5.1 Data Pre-processing and Feature Extraction. Theoretically,
different shuttle impact locations should result in amplitude and
frequency differences on the IMU readings. F5 highlights that a cen-
ter impact typically produces strong and prolonged racket vibration
with a soft sound, while a side impact results in weaker and stiffer
vibration with a crisp sound. Considering that both amplitude and
phase variations are more effectively represented in the frequency
domain, we extract the feature by transforming the signal into its
frequency domain.

For the IMU signals, we followed a pre-processing pipeline simi-
lar to that we used in the stroke quality rating task. Specifically, we
applied cubic spline interpolation to upsample the raw data from
100 Hz to 500 Hz in order to refine the temporal resolution. While
the shuttle impact itself is instantaneous, the resulting vibrations
can persist for a longer duration. Since we ensured that the impact
event is always located at the center of each stroke sequence, we
cropped a 200-ms window around the midpoint as our region of
interest. To capture the temporal-frequency feature, we applied the
Short-time Fourier transform (STFT) on each IMU axis, yielding a
feature map of X € RO*%*26 for each impact. For the corresponding
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(b) Illustration of stroke motion sequence phases. A complete stroke motion sequence generally comprises
five sequential phases: backward swing, forward swing, impact, follow-through, and retraction.

Figure 7: Pair-wise illustration of five sequential phases on a forehand overhead clear stroke sample. The five-phase segments
in (a) are produced with a corresponding phase motion as illustrated in (b).

Table 2: MAE of stroke rating performance across models and training strategies. A lower MAE indicates better results. BOC,
FOC, FOS, and FOD denote backhand overhead clear, forehand overhead clear, forehand overhead smash, and forehand overhead

drop, respectively.
General User-Independent

BOC FOC FOS FOD | AVG | BOC FOC FOS FOD | AVG
SVR 0.420 0.404 0.413 0.456 | 0423 | 0.411 0.426 0.432 0.483 | 0.438
LinearReg 1.269 0.542 0.576 0.605 | 0.748 | 0.757 0.771 0.553 0.703 | 0.696
CNN-LSTM 0.574 0.534 0.651 0.513 | 0.568 | 0.700 0.727 0.595 0.474 | 0.624
MS-TCN 0.773 0.574 0.661 0.668 | 0.669 | 0.578 0.484 0.516 0.683 | 0.565
Transformer || 0.658 0.540 0.601 0.560 | 0.590 | 0.802 0.571 0.669 0.763 | 0.701

audio signals within the signal segment of interest, we follow a
common practice for acoustic feature extraction[17] by applying
STFT directly to the audio signal to produce a frequency feature
map for each impact event.

5.5.2  Models and Pipeline. The impact location estimation task
can also be formulated as a regression problem, where the impact
position on the racket face is represented in a normalized Cartesian
coordinate space. In particular, we set the throat of the racket as
the origin. To ensure the range of both x and y axes is between 0
and 1, we normalize the x-axis to the interval [-0.5, 0.5], where -0.5
corresponds to the far left boundary on the racket face, and +0.5

corresponds to the far right boundary on it. The y-axis denotes
the bottom-to-top dimension and normalizes to the interval of [0,
1], where 1 denotes the center of the upper edge (Figure. 10). We
evaluated several regression models, including traditional machine
learning models such as Support Vector Regression (SVR) and Linear
Regression (LinearReg), and deep learning models such as CNN, MS-
TCN, and a Transformer-based regressor. We initially experimented
with two training strategies: (1) treating each location coordinate as
a 2D vector and computing a joint regression loss, and (2) treating
each axis independently by training two separate models. Our pilot
test shows that using separate models yields more promising results,
and thus, we adopted it in the subsequent evaluations.



BadminSense: Enabling Fine-Grained Badminton Strokes Evaluation on Single Smartwatch

100
BOCEERN 0.0 0.0 0.5
80

Foc- 0.0 LM 7.7 1.8 f,

FOS- 0.0 6.1 [EVIN 1.7 40
-20
FOD- 0.0 0.9 0.0 EEN!
-0

BOC FOC FOS FOD

Figure 8: The confusion matrix of the SVM results. BOC, FOC,
FOS, and FOD denote backhand overhead clear, forehand over-
head clear, forehand overhead smash, and forehand overhead
drop, respectively.

Different from the stroke quality rating task, where we use a
CNN-LSTM model to capture sequential phase dependencies, the
impact location estimation relies only on short impact clips. There-
fore, we employed a pure CNN model and an IMU data encoder
without recurrent components. The main structure of the MS-TCN
model and transformer model is identical to the previous experience,
with a small change in the input layer to fit the STFT size.

Figure. 9 illustrates the signal processing pipeline for this study.
The IMU frequency feature map was concatenated before feeding it
into the machine learning model or deep learning encoder models.
The acoustic frequency feature map was concatenated with the
IMU feature map directly for the machine learning model. For deep
learning models, we introduce a simple MLP encoder to process
the acoustic frequency feature map. And we adopt a late-fusion
strategy to concatenate the acoustic feature vector with the IMU
feature vector produced from the deep learning encoder models for
the coordinates regression.

5.5.3  Evaluation. We train the models using 5-fold cross-validation
and leave-user-out validation under two feature extraction strate-
gies: IMU feature only (IMU), and combining IMU feature with
acoustic feature (Acoustic+IMU), and evaluated across multiple
machine learning models (Table. 3).

We measured the normalized MAE of the shuttle impact location
along the X axis and the Y axis. Results show that SVR achieves
the best overall performance with an average MAE of 0.132 in the
general model, with both feature strategies yielding comparable
results. Under the user-independent training scheme, which better
reflects real-world performance, SVR with IMU features and CNN
with IMU features both perform best, achieving an average MAE
of 0.129. We observe a small advantage of the presence of acoustic
features, but not significant, especially for superior models such as
SVR and CNN. Calculating acoustic features also increases compu-
tational cost, resulting in a longer latency during real-world usage.
Moreover, the SVR model generally inference faster than the CNN
model. These findings and considerations motivate us to choose
SVM with IMU feature in our final implementation. A heatmap of
estimated impact locations across the racket face using the SVR
model is shown in Figure. 10(a). We also visualize the individual
prediction of each location point in Figure. 10(b). As shown in the
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figure, the closer to the edge of the racket face, the greater the error
rate. One of the reasons is that most of the impact location in our
dataset was located in the central area of the racket face (Figure.
10(b)), resulting in fewer training samples observed of edge cases.
Moreover, impacts near the edge area typically generate a weaker
vibration response, which makes them harder to distinguish from
each other. Interestingly, we observed that the MAE along the Y
axis is generally lower than the X axis across all models and feature
settings. An explanation for this is that the gripping position is
aligned with the racket’s central axis, off-center impacts along the
Y axis would induce larger rotational movement compared with
the X axis, resulting in a higher estimation performance along the
Y axis.

5.6 Implementation

The final implementation of BadminSense consists of a smartwatch
front-end application, a Python-based back-end server, and a Pro-
gressive Web App (PWA) based on the React framework to visual-
ize the results. The smartwatch was developed using the WearOS
framework, based on V Mollyn et al’s implementation[44], and we
deployed it on a Samsung Galaxy Watch 6 FE smartwatch. The
back-end server was developed based on the Scikit-Learn library,
and we deployed it on a Windows Laptop PC with an 11th Gen
Intel(R) Core(TM) i5-11300H CPU and 16 GB of RAM.

We implemented a rule-based algorithm to generate the improve-
ment advice based on the statistical analysis results, incorporating
the insights from our post-session interview (Figure. 2) (DR3).

5.7 System Workflow and User Interaction

We demonstrate the system workflow of BadminSense through
a running example. Alan is a badminton enthusiast who wants
to track and monitor his on-court badminton performance. Before
starting, he connects the smartwatch to Wi-Fi to access the Internet.
He launches the BadminSense App on the smartwatch and waits
for the system to establish a server connection. Once connected, he
starts the tracking by tapping the start button on the smartwatch
and begins his badminton session. After finishing the session, he
taps the stop button on the smartwatch to trigger the data upload
and analysis process. Approximately one minute later, the smart-
watch sends a notification indicating that the analysis is completed
and displays a QR code to show the detailed results. Alan scans the
QR Code with his smartphone to access the mobile interface, and
he can view the session statistic from three main pages (Figure. 1).
Besides, Alan can browse all past session information for long-term
performance tracking. The mobile interface also provides an overall
statistic page that reports the cumulative stroke count and average
performance scores across all past sessions. It also calculates the
proportion and average rating for each stroke type to provide him
with an overview of his strengths and weaknesses.

6 User Evaluation

We conducted a usability study of BadminSense to evaluate its
performance in a real-world badminton practice scenario, where
we aim to understand user satisfaction when practicing with the
system. Given the fact that there are no devices or systems currently
providing similar features to BadminSense, it is hard to conduct
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error across the rack face.

a pair-wise comparison with a baseline system in terms of the
system performance and the system usability. Therefore, our study
is focusing on users’ subjective feedback of the system from three
aspects: 1) the reliability of the system performance, including the
precision of stroke rating, impact location, and the improvement

(b) Points-wise estimation results.

Figure 10: Visualization of the impact location estimation results.

feedback, 2) the usability of the system, and 3) their engagement
and reward during the experience with our system.

6.1 Participants

We recruited 12 participants (10 male, 2 female) from the institu-
tional badminton club for the study. Our recruitment follows a
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Table 3: The normalized MAE of the impact location estimate performance on X and Y axis across models, feature selection
strategies, and training strategies. A lower MAE indicates better results.

Feature General User-Independent

X Y AVG X Y AVG

SVR IMU 0.136 0.129 | 0.132 | 0.133 0.124 | 0.129
Acoustic+IMU | 0.135 0.130 | 0.132 | 0.135 0.133 | 0.134

LinearReg IMU 0.346  0.320 | 0.333 | 0.336 0.263 | 0.300
Acoustic+IMU | 0.168 0.159 | 0.164 | 0.162 0.173 | 0.168

CNN IMU 0.136 0.134 | 0.135 | 0.134 0.124 | 0.129
Acoustic+IMU | 0.138 0.143 | 0.140 | 0.136 0.138 | 0.137

MS-TCN IMU . 0.135 0.137 | 0.136 | 0.134 0.126 | 0.130
Acoustic+IMU | 0.135 0.140 | 0.137 | 0.134 0.137 | 0.135

Transformer IMU 0.136 0.139 | 0.137 | 0.144 0.126 | 0.135
Acoustic+IMU | 0.135 0.139 | 0.137 | 0.142 0.149 | 0.146

criterion of requiring participants to have a minimum badminton
experience of 2 years to ensure they have sufficient expertise to
provide valuable feedback on the system performance. This also
guarantees that participants were capable of self-assessing their
own performance and provided a reliable evaluation of Badmin-
Sense’s performance in comparison with their self-assessment. The
study was reviewed and approved by the institutional Human Re-
search Ethics Committee. All participants were provided informed
consent prior to participation.

6.2 Procedure

Prior to the study, participants completed a demographic ques-
tionnaire. After a brief introduction of the study purpose, each
participant was asked to wear a Samsung Galaxy Watch on their
dominant wrist, with the option to choose between a 42mm or
48mm model to fit their wrist. Participants were then asked to play
a single tournament game (21 points in total) using a racket strung
at 24 Ibs tension. To simulate a real-world usage scenario, we did
not restrict the participants to perform a specific stroke during
the tournament. Instead, we asked them to play the game as they
normally would. After the game, we presented their performance
results through the BadminSense interface and explained how to in-
terpret the results, where we particularly focused on stroke rating,
impact location, and feedback advice. Finally, participants com-
pleted a post-study questionnaire to assess their perceptions of the
system. The study lasted around 15 minutes, and each participant
received a 3 USD coupon for compensation.

6.3 Questionnaire Design

We carefully designed a post-study questionnaire with 5-point Lik-
ert scale items that cover the following three factors:

Performance. This section evaluated the reliability of system per-
formance. These items are designed to align the fine-grained sta-
tistical stroke evaluation outputs (i.e, stroke classification, stroke
rating, impact location estimation, and feedback advice) with par-
ticipants’ expectations and their perceived usefulness for skill
improvement (Q1-Q8).

System Usability. This section evaluated the overall usability
of BadminSense. These items were carefully adapted and refined

from the standard System Usability Scale (SUS) to better fit the
context of BadminSense (Q9-Q14).

User Engagement. This section measured participants’ engage-
ment throughout the experience. In particular, we were interested
in whether the presence of BadminSense disrupted the natural
gaming flow. We also pay particular attention to users’ perceptions
of the system’s value. These items were carefully adapted from
the standard User Engagement Scale (UES-SF) - Short Form[45] to
better fit the context of BadminSense (Q15-Q22).

6.4 Results

Participants received an average stroke rating of 2.9. The highest
score was 3.8, achieved by P6, an experienced player with approx-
imately 5 years of playing experiences and 2 years of coaching
experiences. His teammates, P7 and P8, gained the second and
third-highest average scores at 3.6 and 3.5, respectively. The lowest
score was 2.4, recorded by P2, who had around two years of expe-
rience. However, since we did not explicitly require participants
to perform only our four focused strokes, the rating results con-
tain bias as the motion sequence should involve the other types of
strokes, which BadminSense is not yet designed to handle at this
stage.

For the questionnaire results, we reverse the scores of Q10, Q15,
and Q18-Q20 before calculating the statistics of each factor. The
results indicate that participants consistently felt satisfied with and
benefited from BadminSense’s feedback (M = 4.14,SD = 0.17).
They also agree that the system has good usability (M = 4.27,SD =
0.21) and reported feeling engaged while using BadminSense (M =
4.24,SD = 0.30). These findings suggest that BadminSense was
able to provide useful and motivating performance feedback with-
out disturbing users’ natural badminton gaming flow. Please see
Appendix B for more details.

P6 mentioned that he had prior experience using a racket-handle-
mounted sensor for badminton, and he commented that Badmin-
Sense is flexible and convenient and could provide professional metric
compared to other solutions. P1 (21 years old, 5 years of experi-
ence) was impressed by the stroke quality rating function, and
commented that BadminSense has a user-friendly interface with
high portability. P3 (19 years old, 2 years of experience) felt Badmin-
Sense is useful for novice user, but he needs more time with it to use
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to build trust in the results. P11 (32 years old, 3 years of experience)
particularly appreciates the impact of location detection results,
and comments that ‘T cannot wait to use it for practicing my stroke”.

7 Discussion

7.1 Effect of Stroke Side on System Performance

Overall, our system performs consistently across varying stroke
types with different stroke sides (i.e., forehand stroke and back-
hand stroke) for both stroke-quality rating and impact-location
estimation. However, we observed slight performance drops for
backhand shots (BOC) compared to the other forehand shots. For
stroke quality rating, BOC shows a higher mean error relative to
FOC, FOS, and FOD, especially on the user-independent model
(Table. 2). A similar pattern appears in impact location estimation,
where BOC yields an MAE of 0.146, compared with an average MAE
of 0.125 across all forehand strokes. We attribute this outcome to
two factors. First, as shown in Figure. 6(b), backhand strokes(BOC)
generally produce less significant inertial measurements compared
to those of a forehand stroke, which makes them more difficult for
the model to extract meaningful features. Second, our dataset size
of backhand strokes is smaller than that of forehand strokes. While
this imbalance reflects the stroke type frequency in real-world bad-
minton play [48], it would also limit the machine learning models’
generalizability across all types of strokes.

7.2 Limited Contribution of Acoustic Features
on Impact Location Estimation

Inspired by F5 that indicates badminton players often assess their
stroke quality by the impact sound, we initially incorporate the
acoustic signal as a feature for the impact location estimation. How-
ever, our results suggest that incorporating acoustic features offers
limited benefit for impact location estimation and may even de-
grade model performance in some cases (Table. 3). Our explanation
for this outcome is that both the IMU signals and the acoustic sig-
nals capture vibration-related features. However, airborne sound
propagation in a noisy environment is likely to introduce signal
attenuation, making the acoustic signal less reliable than an IMU
that captures the same information through bone propagation. As
a result, the use of acoustic signals not only fails to provide more
meaningful features but also introduces additional noise, yielding
noticeable performance decline. While LinearReg shows improve-
ment when acoustic signals are included, it is the only linear model
that cannot effectively leverage the richer features from the IMU.
The presence of the acoustic signal provides additional amplitude
information, which increases its performance, but it still lags behind
other models that rely solely on IMU features.

7.3 How Users Interpret and Benefit From
BadminSense’s Feedback

To investigate how users interpret the results from BadminSense and
how these results benefit their badminton training process, we con-
ducted interviews with participants from the user evaluation and
summarized several key observations. Stroke type classification
results helped participants identify their weak stroke types (F2).
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Participants consistently mention that, combined with the post-
stroke performance quality scores, they become more aware of their
strengths and weaknesses in different stroke types, and could adjust
their practice focus accordingly. It also served as positive reinforce-
ment when high scores were achieved. The impact location results
provide intuitive and quantified information about the shuttle’s
impact area, enabling more precise adjustments than relying solely
on subjective vibration or sound cues (F4, F5). Participants also
appreciated the improvement advice. They noted that beginners
often lack guidance from professional coaches during their daily
training, and can only improve their skills through intuition or by
comparing their moves with other players. The timely improvement
advice acts as an in-situ virtual coach to facilitate beginners’ early
development (F1). Lastly, participants mentioned that session-level
recordings are useful for comparing and visualizing cross-match
performance (F3). Based on this, they can adjust their strategies for
future matches or training sessions to enhance their performance.
Overall, participants at different skill levels agree that Badmin-
Sense’s performance metrics, such as stroke type, stroke quality
rating, impact location, and improvement advice, are helpful for
improving their skill.

7.4 Supporting Deliberate Practice with
BadminSense

Participants also envision using BadminSense to support structured
deliberate practice. One participant specifically inquired how the
system could provide immediate stroke-by-stroke feedback to sup-
port more structured stroke training, much like receiving in-suit
coaching. In the current implementation, participants can create
a one-stroke session by manually starting and stopping the track-
ing session before and after each stroke to obtain performance
analysis. While feasible, participants comment that this process is
imaginable tedious and disruptive to their natural practice pace.
Their suggestions highlight a potential and valuable direction for
improvement: developing a "Deliberate Practice Mode" that auto-
matically detects a stroke and outputs instant feedback without
manual intervention. This feature is technically feasible with our
current pipeline and represents one of the promising directions for
our future improvement.

8 Limitation and Future Works

In this paper, although we showed the potential of BadminSense for
providing fine-grained badminton performance analysis and demon-
strated its feasibility in real-world usage scenarios, there are still
some limitations and potential for future improvements.

8.1 Supporting Broader Stroke Types

As a proof-of-concept, BadminSense currently focuses on a subset
of common strokes in badminton. Although this selection covers
the most common actions in amateur play, supporting a broader
badminton stroke is necessary to enable more general and profes-
sional usage cases. One simple and straightforward way to achieve
this is to expand the dataset by collecting data samples of other
types of strokes and retraining the system. However, we also ob-
served that some of the badminton strokes share similar motion
across multiple phases. For example, the motion sequence first two
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phases of forehand overhead clear and forehand overhead smash
shows highly similar patterns (Figure. 6, @) and ®). This highlights
the potential to adapt few-shot or transfer learning approaches[68]
from existing datasets, thereby reducing the burden of large-scale
data collection.

8.2 Effects on Racket String Tension

As a proof-of-concept, BadminSense currently is trained and devel-
oped based on a dataset collected using a badminton racket with a
string tension of 241bs, as we consider that this is the most common
and adaptive setting that balances shuttle controllability and hitting
power. However, players with different skill levels often prefer dif-
ferent string tension settings: looser strings provide more power but
with lower controllability, whereas tighter strings enhance control
but reduce power. Such tension variation may affect sensor reading,
particularly for impact location estimation, where the vibration and
acoustic characteristics generated from the string area may vary.
The future work should focus on examining the effect of string
tension on our method, or seeking calibration mechanisms to adapt
the algorithm to individual racket attributes.

8.3 Handedness Issue

Currently, the development and evaluation of BadminSense only
involve right-handed players. While the string tension variation
primarily influences the impact location estimation, the handedness
potentially affects the stroke classification and quality rating results,
as the movement patterns of left-handed players differ from those
of right-handed players. As future work, it is crucial to explore
mechanisms to support left-handed user usage. As suggested in pre-
vious research[40], one potential approach is to train the algorithm
with an augmented dataset where the sensor data axis is swapped
and mirrored to simulate data from left-hand movements.

8.4 Speed Estimation

Another limitation of BadminSense is that we did not explicitly
estimate the shuttlecock speed. F4 revealed that participants agree
that the speed and direction of the shuttle are closely related to
stroke motion quality and impact location, which motivated us
to focus on analyzing player behaviors rather than the shuttle
dynamics. However, it could be argued that estimating shuttle speed
may serve as a more direct indicator of stroke quality, but speed
estimation remains a challenging problem. Prior work in tennis[40]
has attempted to use physical models for speed estimation, but they
found that this is less reliable compared to data-driven methods.
Alternatively, another research focusing on baseball[41] employed
a data-driven approach by collecting the ground truth of baseball
speed with radar speed guns. However, badminton presents unique
challenges: the shuttlecock is both lightweight and hollow, which
may be hard to capture with a speed gun, and its rapid flying speed
makes reliable data collection far more difficult. As future work, it is
worth investigating more effective and efficient methods to estimate
the shuttle speed, potentially by combining physical modeling with
data-driven approaches to balance between feasibility and accuracy.
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8.5 Toward Context-Aware Improvement
Advice

Currently, the generation of improvement advice feedback is rule-
based, referring to our preliminary interview with experienced
players. While this approach is effective for providing basic feed-
back as a proof-of-concept, it has limited flexibility. One limitation is
that the current advice did not consider historical performance. As
future work, we plan to explore more comprehensive and context-
aware feedback mechanisms based on the fine-grained statistics
produced by our method. One feasible and promising approach is
incorporating large language models (LLMs) to generate context-
aware coaching advice, considering the player’s individual histori-
cal performance trends and training goals.

8.6 System Reliability and Extendability

Our current usability evaluation focuses on short-term performance
by collecting user-perceived reliability. While participants reported
strong alignment between BadminSense’s output and their expec-
tations, such assessments were relatively subjective. However, it
is unfeasible to conduct real-world quantity evaluation since this
would require expert stroke-by-stroke quality rating and impact
location annotation, which would disrupt the natural badminton
activity flow. One promising way for evaluating BadminSense’s
quantitative performance is examining the users’ skill improve-
ment through a longitudinal study, which will be our future work.
Furthermore, the sensing pipeline of BadminSense only relies on
acoustic and IMU data. As MEMS microphones and IMU can be
embedded in diverse wrist-worn wearable devices such as smart
bracelets and smart wristbands, we believe that our dataset and
sensing approach can be easily adapted to other form factors. As fu-
ture work, we will explore and evaluate extending BadminSense to
other wrist-worn devices.

9 Conclusion

In this paper, we presented BadminSense, a badminton stroke eval-
uation system that leverages off-the-shelf smartwatch sensing to
provide fine-grained feedback on players’ stroke quality rating
and impact location. The design of BadminSense was informed by
two formative interviews with experienced players, which helped
us derive design requirements and implementation insights. We
then conduct a data collection user study to collect data with fine-
grained labels, including stroke type, expert-assessed stroke rating,
and shuttle impact location. We trained and evaluated Badmin-
Sense through a series of experiments to evaluate its offline perfor-
mance. Finally, we conducted a usability study that demonstrated
BadminSense’s feasibility in real-world usage and highlighted its
potential to provide unobtrusive and meaningful support for daily
badminton training. We further envision the future extensions of
BadminSense, such as supporting more stroke types, adapting to
diverse racket attributes, estimating shuttle speed, and generat-
ing context-aware coaching feedback. BadminSense highlights the
broader potential of wrist-worn devices to enable fine-grained sens-
ing and analysis of racket sport, which could be further extended
to other sports involving swinging motions, such as golf, tennis,
and table tennis.
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Factors Items Results mStrong agree mAgree mNeutral «Disagree - Strong disagree | Mean sD
Q1:1 found the stroke detection results are in line with my expectations. 425 | 062

Q2:1 found the stroke detection results are useful in improving my badminton skills. | [INNNEREGEGEGEEEEE e | 442 | 067

Q3:1 found the stroke rating results are in line with my expectations. D e | 433 | 0.9

Perform- | Q4:l found the stroke rating results are useful in improving my badminton skills T | 45 | 045
ance | Q5:l found the impact location results are in line with my expectations T | 433 | 078
Q6:1 found the impact location results are useful in improving my badminton skills. D T | 442 | 067

Q7:1 found the improvement suggestions are in line with my expectations. T | 425 | ors

Q8:1 found the improvement suggestions useful in improving my badminton skills. T | 483 | 078

Q9:1 think that | would like to use this system frequently. 425 | 075

Q10:I found the system unnecessarily complex. B 7 150 | 0.67

system | Q11:l thought the system was easy to use. 458 | 067
Usability | Q12:1 found the various functions in this system were well integrated. 442 | 051
Q13:1 would imagine that most people would learn to use this system very quickly. 8 8 1 458 | 0.67

Q14:1 would recommend it to my friends. 7 3 2 442 | 079

Q15:1 lost myself in this experience. I 7 150 | 0.67

Q16:The time | spent using BadminSense just slipped away. e | 408 | 0re

Q17:1 was absorbed in this experience. | 408 | 1200

Er:’::g’e_ Q18I felt frustrated while using this BadminSense. I 6 1.75 | 097
ment | Q19: found BadminSense confusing to use. 6 1.83 | 1.03
Q20:Using BadminSense was taxing. N 9 1.33 | 0.65
Q21:Using BadminSense was worthwhile. 8 3 1 458 | 067

Q22:My experience was rewarding. e | 487 | 0.9

Figure 11: The detailed questionnaire results distribution from the user evaluation. The digit on the bar indicates the number

of ratings.

B Questionnaire Items and Results

Figure 11 shows the detailed questionnaire items and results of our
user evaluation. Each question can be rated from 0 to 5, of which 0 is

strong disagree and 5 is strong agree. The digit on the bar indicates

the number of ratings.
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