
 

 

ERA, 34(10): 7739–7778. 
DOI: 10.3934/era.2026333 
Received: 08 June 2026 
Revised: 21 July 2026 
Accepted: 10 August 2026 
Published: 08 September 2026 

http://www.aimspress.com/journal/era 
 

Research article 

An explainable AI framework for badminton stroke quality assessment 

via hierarchical fuzzy inference and LLM-assisted coaching analytics 

Hsiang-Chieh Chen1,*, Hsin-Lun Liu1, Jun-Lung Hsiao2 and Pei-Yuan Hung2 

1 Department of Mechanical Engineering, National Central University, Taoyuan City, Taiwan 
2 Department of Electrical Engineering, National United University, Miaoli County, Taiwan 

* Correspondence: Email: hcchen@cc.ncu.edu.tw. 

Abstract: This study proposes an explainable computational intelligence framework for badminton 
stroke-quality assessment with large language model (LLM)-assisted coaching analytics. The proposed 
framework integrates stroke event segmentation, skeletal motion analysis, graph-based action 
recognition, stroke-quality assessment, and natural-language feedback generation. Racket–shuttlecock 
contact moments are first detected to extract individual stroke clips. MediaPipe Pose is employed to 
obtain skeletal joint trajectories, from which six stroke performance indices are formulated, including 
swing velocity index, wrist trajectory smoothness index, wrist posture index, elbow posture index, 
footwork efficiency index, and racket control index. These indices are integrated to generate 
interpretable stroke-quality ratings and radar-chart visualizations. For stroke classification, the 
proposed mST-GCN++ model achieved 94.34% accuracy across 11 badminton stroke categories, while 
the racket–shuttlecock contact detection module achieved an F1-score of 99.74%. The recognized 
stroke type, stroke performance indices, and assessment results are subsequently provided to an LLM-
based module to generate personalized coaching feedback. Experimental results demonstrate that the 
proposed framework can effectively distinguish effective and ineffective stroke executions through 
interpretable quantitative assessments. Human-in-the-loop evaluation with badminton experts and 
players achieved an average score of 8.594/10, indicating that the generated feedback is technically 
accurate, consistent with observed movements, and useful for practical training. The proposed 
framework contributes by introducing six interpretable stroke performance indices that bridge low-
level skeletal motion and high-level coaching knowledge, a hierarchical fuzzy inference system that 
performs transparent biomechanical reasoning for stroke-quality assessment, and a knowledge-guided 
LLM-assisted coaching framework that generates grounded natural-language coaching feedback from 
structured assessment results. 
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1. Introduction 

Badminton is a rapid and technically complex racket sport requiring coordinated upper-limb 
movement, racket control, footwork, and precise shot timing [1–3]. Stroke quality depends not only 
on successfully striking the shuttlecock but also on how the stroke is executed [1,2,4]. Swing velocity, 
wrist trajectory, joint motion, lower-body positioning, and racket-face orientation significantly 
influence shot accuracy, stability, and consistency [3,5]. Conventional badminton training is 
predominantly evaluated by coaches through visual assessment and experience. Although expert 
coaching is indispensable, consistent and personalized feedback is often unavailable to beginners, 
amateur players, and developmental teams [6,7]. Therefore, an accessible, objective, and interpretable 
assessment framework is needed to evaluate badminton strokes in practical training [8]. 

Recent advances in computer vision and deep learning facilitate sports video analysis through object 
detection, trajectory tracking, pose estimation, and action recognition [9,10]. In badminton, vision-based 
approaches have been applied to shuttlecock and racket detection, hit-event extraction, player movement 
analysis, and stroke classification [11–13]. However, badminton video analysis remains challenging due 
to the shuttlecock’s small size and high speed, rapid racket motion, and abrupt changes in player posture. 
Deep learning detection [11,14,15] and TrackNet trajectory-tracking models [16,17] have demonstrated 
strong performance in shuttlecock localization and badminton event analysis, highlighting the 
extraction of stroke-related information, racket-shuttlecock contact moments, and stroke clips from 
video sequences. 

Human pose estimation is key to vision-based badminton analysis [18–21]. It transforms video 
frames into skeletal joint coordinates, offering a compact representation of player movement [19,21]. 
Markerless frameworks, including OpenPose [22], MediaPipe Pose [23], BlazePose [24], and YOLO-
Pose variants [18,25], are widely adopted for motion analysis as they eliminate the need for wearable 
sensors and laboratory-based motion-capture systems. In badminton, pose-based methods have 
analyzed joint angles, movement trajectories, distance patterns, and stroke-related body postures. 
Compared with stereo-vision and multi-camera systems, monocular and smartphone-based solutions 
offer lower hardware complexity and greater accessibility for routine training [21,26]. However, pose-
estimation outputs alone lack direct interpretability for coaching and must be transformed into 
meaningful motion indicators for stroke-quality assessment. 

Skeleton-based action recognition classifies badminton strokes from temporal joint-coordinate 
sequences [27–30]. Spatial-temporal graph convolutional networks (ST-GCNs) model body joints as 
graph nodes and anatomical-temporal connections as graph edges, learning spatial joint relationships 
and temporal motion dynamics [27]. Subsequent models, including adaptive graph convolutional 
networks [30,31], multi-stream attention-enhanced graph models [28], channel-wise topology 
refinement graph convolution [32], and temporal Transformer architectures [13,33,34], have improved 
skeleton-based action recognition by enhancing graph topology learning and temporal dependency 
modeling. In badminton and other racket sports, skeleton-based and Transformer-based architectures 
have enabled fine-grained stroke recognition, demonstrating the effectiveness of skeletal motion 
sequences in distinguishing badminton strokes [35,36]. 
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Despite these advances, stroke recognition alone remains inadequate for coaching-oriented 
evaluation. Although recognition models classify strokes (e.g., 11 stroke categories, including 
forehand clear, forehand cut, forehand drive, forehand drop, forehand lift, backhand clear, backhand 
cut, backhand drive, backhand drop, backhand lift, and smash), they do not assess execution quality 
or technical flaws [37,38]. Practical training requires interpretable motion quality information, 
including wrist-trajectory stability, elbow positioning appropriateness near impact, footwork efficiency, 
and racket-face alignment [1,38–40]. Consequently, stroke recognition must integrate with 
interpretable motion indicators and quantitative scoring. 

Numerical scores alone are also difficult for general users to interpret. Large language model 
(LLM)-based coaching studies show that LLMs can facilitate personalized natural-language 
feedback generation, but require safety, grounding, and reliability in health- and sports-related 
applications [41–44]. In sports training, LLMs should use measurable evidence rather than raw video 
to infer stroke quality [45,46]. Instead, feedback generation should be based on structured inputs, 
including recognized stroke type, motion indicators, radar-chart ratings, and observed movement 
deviations. Human-in-the-loop verification remains essential for technically meaningful AI-generated 
feedback suitable for practical coaching scenarios [46–48]. 

Recent advances in artificial intelligence (AI) have shifted from task-oriented prediction models 
to explainable, trustworthy, and human-centered intelligent systems. Emerging studies emphasize 
structured reasoning, information fusion, and human–AI collaboration to improve the transparency 
and reliability of AI-assisted decision support [49–51]. However, existing AI-based badminton 
analysis remains largely task-specific, focusing on stroke recognition, pose estimation, or motion 
analysis. Furthermore, natural-language feedback is typically generated from numerical features or 
predefined templates, without explicitly incorporating structured biomechanical reasoning and 
domain-specific coaching knowledge. Consequently, an explainable coaching framework that 
integrates vision-based inputs, transparent quantitative reasoning, and knowledge-guided coaching 
analytics remains largely unexplored. 

To address this gap, this study proposes an explainable AI framework for badminton stroke-
quality assessment that bridges vision-based motion analysis, computational intelligence, and LLM-
assisted coaching analytics. The proposed framework explicitly transforms human motion into 
interpretable biomechanical representations through six stroke performance indices (SPIs). These SPIs 
are subsequently integrated by a hierarchical fuzzy inference system (HFIS) to provide explainable 
stroke-quality assessment, enabling quantitative reasoning from low-level motion features to high-
level coaching interpretations. Finally, rather than directly prompting an LLM with raw video or 
unstructured descriptions, the proposed framework adopts a knowledge-guided coaching strategy in 
which the recognized stroke type, SPI representations, fuzzy assessment results, and radar-chart ratings 
serve as structured evidence for generating grounded natural-language feedback. A smartphone-based 
deployment is further implemented to demonstrate the practicality of the proposed framework in real-
world badminton training scenarios. The main contributions of this study are summarized as follows: 

• Six SPIs are introduced to explicitly represent badminton stroke execution from complementary 
biomechanical perspectives. These representations establish an explainable bridge between low-level 
skeletal motion features and high-level coaching knowledge. 

• An HFIS is developed to hierarchically aggregate the six SPIs into intermediate assessments and 
an overall stroke-quality score, providing transparent and interpretable reasoning rather than direct 
score regression. 
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• A knowledge-guided LLM-assisted coaching module is presented to generate grounded and 
personalized natural-language feedback from structured assessment results, integrating domain-
specific badminton knowledge with explainable AI outputs. 

• Overall, an explainable badminton stroke-quality assessment framework is proposed, and its 
effectiveness and practical applicability are evaluated through experiments, including stroke 
recognition, statistical agreement analysis, binary classification of effective and ineffective strokes, 
and human-in-the-loop evaluation. 

The remainder of this paper is organized as follows: Section 2 presents the overall system 
architecture, deployment pipeline, and human-in-the-loop design of the proposed framework. Section 3 
details the vision-based motion analysis framework, covering stroke event segmentation, pose 
estimation, effective-hitting-interval localization, biomechanical motion feature extraction, and stroke 
classification. Section 4 presents the stroke-quality assessment framework, including SPI construction, 
hierarchical fuzzy inference, and LLM-assisted coaching analytics. Section 5 reports the experimental 
setup, quantitative results, representative assessment cases, statistical agreement analysis, effective and 
ineffective stroke classification, and human-in-the-loop evaluation outcomes. Finally, Section 6 
concludes the paper and discusses future research directions. 

2. System overview 

2.1. Problem setting and system definition 

This study aims to develop a practical, coach-aligned framework for badminton stroke-quality 
assessment using vision-based motion analysis and widely available devices such as smartphones. 
Unlike conventional sports vision systems that primarily emphasize action recognition, the proposed 
approach focuses on quantitative performance assessment and explainable coaching support. To 
characterize stroke execution, six SPIs are formulated and then integrated through a hierarchical fuzzy 
inference system to generate interpretable stroke-quality assessments. Rather than replacing human 
coaches, the proposed framework serves as an explainable decision-support tool that assists coaches 
and players by providing quantitative performance analytics and personalized training insights. 

2.2. Overall framework 

Figure 1 illustrates the overall architecture of the proposed badminton stroke-quality assessment 
framework. Unlike conventional action-recognition pipelines, the system converts continuous 
badminton training videos into stroke-level evaluations and coaching feedback through seven 
functional modules, as described below. 
1) Stroke event segmentation: Badminton videos are recorded using a smartphone or single-camera 
setup to ensure practical usability. As continuous recordings may include multiple strokes and non-
hitting intervals, stroke segmentation is first performed to isolate individual stroke clips. The system 
tracks shuttlecock and racket positions across frames and estimates the impact moments based on their 
spatial proximity. A short temporal window centered on the detected contact frame is then extracted as 
an individual stroke clip. 
2) Human pose estimation: Each extracted stroke clip is processed using pose estimation to obtain 
skeletal body joint key points frame-by-frame, producing temporal joint-coordinate sequences that 
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describe player motion for subsequent motion analysis. 
3) Stroke motion representation: The skeletal sequences are transformed into biomechanical motion 
features, including swing velocity, wrist trajectory, wrist posture angle, elbow posture angle, footwork 
patterns, and racket-face characteristics. These features provide quantitative representations of stroke 
execution and serve as the basis for subsequent SPI construction. 
4) Stroke type recognition: The system classifies each clip into one of 11 stroke categories using 
skeletal motion features. These categories include forehand and backhand clear, cut, drive, drop, lift, 
and smash. The predicted stroke type provides context for stroke-specific assessment. 
5) Hitting interval localization: The racket–shuttlecock contact moment is detected from their spatial 
proximity. A temporal window centered on the detected contact frame extracts the stroke clip, and the 
effective hitting interval is further localized using wrist motion. This interval provides the temporal 
basis for motion feature extraction and stroke-quality scoring. 
6) Stroke-quality assessment: The extracted biomechanical motion features are converted into six 
SPIs. Then, a hierarchical fuzzy inference system integrates the SPIs into intermediate 
biomechanical assessments and an overall stroke-quality score, providing interpretable and 
explainable evaluation results. 
7) LLM-assisted analytics: The recognized stroke type, six SPIs, fuzzy assessment results, and radar-
chart ratings are supplied to the LLM-assisted coaching analytics module to generate personalized 
natural-language coaching feedback. The feedback explains stroke performance in an interpretable 
manner through an interactive interface, helping players and coaches review strengths, weaknesses, 
and potential improvements. 

 

Figure 1. The proposed badminton stroke-quality assessment framework. 

2.3. Deployment and human-in-the-loop design 

The proposed framework is deployed through a smartphone application that provides a 
convenient interface for badminton training. Users first record their badminton strokes and may 
optionally trim the video to retain the relevant stroke segment before uploading it to the cloud server. 
The application is responsible only for video acquisition, trimming, and uploading; it does not perform 
any motion analysis or allow users to manually specify analysis parameters. After the video is 
uploaded, the complete analysis pipeline described in Subsection 2.2 is executed automatically on 
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the cloud server. The resulting radar-chart scores and personalized coaching feedback are then 
returned to the smartphone interface, as illustrated in Figure 2. Players and coaches can then review 
the quantitative assessment results, identify technical strengths and weaknesses, and obtain 
interpretable training recommendations. 

 

Figure 2. Smartphone interface of the proposed badminton stroke-quality assessment. 

3. Vision-based stroke analysis 

This section presents the motion analysis framework for transforming raw badminton stroke 
videos into structured motion representations. The representation comprises stroke event segmentation, 
human pose estimation, effective hitting interval localization, biomechanical motion feature extraction, 
and stroke type recognition. 

3.1. Stroke event segmentation 

To segment continuous badminton videos into individual stroke clips, a vision-based event 
segmentation method is employed to detect the racket–shuttlecock contact moments using YOLO-
based object detection. Let 𝑐୰,௧ = ൫𝑢୰,௧, 𝑣୰,௧൯ and 𝑐ୱ,௧ = ൫𝑢ୱ,௧, 𝑣ୱ,௧൯ denote the center coordinates of 
the racket and shuttlecock within frame 𝑡, respectively. The coordinates are normalized by the image 
width and height before distance computation. The spatial distance between the racket and the 
shuttlecock is computed as 

𝑑୰ୱ,௧ = ට൫𝑢୰,௧ − 𝑢ୱ,௧൯ଶ + ൫𝑣୰,௧ − 𝑣ୱ,௧൯ଶ                         (1) 

The contact moment generally corresponds to the frame where the racket and shuttlecock exhibit 
minimum spatial separation. Accordingly, this moment is determined as 
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𝑡ୡ୭୬୲ୟୡ୲ = arg min௧∈𝒯ౙ౗౤ౚ౟ 𝑑୰ୱ,௧ , 𝒯ୡୟ୬ୢ୧ = ൛𝑡 | 𝑑୰ୱ,௧ ≤ 𝑑୘୦ൟ                  (2) 

where 𝒯ୡୟ୬ୢ୧  is the set of valid contact-frame candidates, and 𝑑୘୦ = 0.1  is a predefined distance 
threshold. If no frame satisfies the threshold condition, the segment is rejected as an invalid contact event. 

Once 𝑡ୡ୭୬୲ୟୡ୲ is identified, a temporal window centered on the frame is extracted as a stroke clip. 
The clip spans ൣ𝑡ୡ୭୬୲ୟୡ୲ − 𝑇୮୰ୣ, 𝑡ୡ୭୬୲ୟୡ୲ + 𝑇୮୭ୱ୲൧ , where 𝑇୮୰ୣ  and 𝑇୮୭ୱ୲  denote the numbers of 
frames before and after the contact frame, respectively. The resulting clip length is 𝐿ୡ୪୧୮ = 𝑇୮୰ୣ +𝑇୮୭ୱ୲ + 1. In this study, 𝑇୮୰ୣ = 20 and 𝑇୮୭ୱ୲ = 20 are empirically selected for videos recorded at 30 
frames per second to cover the preparation, swing, and follow-through phases. Figure 3 illustrates the 
YOLO-based racket and shuttlecock detection result used for stroke event segmentation, where 
detected object centers are employed to estimate the racket–shuttlecock contact moment. 

 

Figure 3. Result of YOLO-based racket and shuttlecock detection. 

3.2. Human pose estimation 

Each segmented stroke clip is processed using MediaPipe Pose [23] to detect 33 body key points 
(indexed 0–32) per frame, providing 2D image coordinates and approximate relative depth from a 
monocular camera. These key points (Figure 4) form the skeletal representation used to derive the 
motion features (Subsection 3.4). 

Given a stroke clip of 𝑁  frames, MediaPipe Pose extracts 33 body key points per frame 𝑡 , 
denoted as 𝑃௧ = ൛𝐩଴,௧, 𝐩ଵ,௧, … , 𝐩ଷଶ,௧ൟ , where each key point 𝐩௜,௧ = ൫𝑥௜,௧, 𝑦௜,௧, 𝑧௜,௧൯  represents the 
coordinates of the 𝑖 -th body joint, with 𝑖 = 0,1, … ,32 . The 𝑥 -axis corresponds to the horizontal 
image direction, the 𝑦-axis corresponds to the vertical image direction, and the 𝑧-axis encodes the 
estimated depth direction relative to the camera. 

Pose estimation across all frames yields a temporal skeletal sequence 𝑆 = ሼ𝑃ଵ, 𝑃ଶ, … , 𝑃ேሽ. An 
extended Kalman filter [52] applied to the extracted joint trajectories enhances temporal consistency. 
Body-centered coordinate normalization (subtracting the hip midpoint) and shoulder-width-based 
scale normalization (dividing by the shoulder width, i.e., the distance between the left and right 
shoulder joints) are employed to reduce variations due to camera distance and body size differences. 
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Figure 4. Human skeletal key points detected using MediaPipe Pose [23]. 

3.3. Effective hitting interval localization 

Although stroke event segmentation extracts individual stroke clips, each clip may still include 
frames outside the active swing motion. Therefore, the effective hitting interval is identified to localize 
the main swing phase using frame-by-frame wrist-joint displacement of the hitting hand. Let 𝐩୵୰୧,௧ 
denote the wrist coordinate at frame 𝑡 (key point 15 for left-handed players and key point 16 for right-
handed players, as defined in Figure 4). The per-frame wrist displacement is computed as 𝑑୵୰୧,௧ = ฮ𝐩୵୰୧,௧ − 𝐩୵୰୧,௧ିଵฮଶ                          (3) 

where ‖ ∙ ‖ଶ denotes the Euclidean norm. For a clip containing 𝑁 frames, the mean and standard 
deviation of the wrist displacement are calculated as 𝜇 = ଵேିଵ ∑ 𝑑୵୰୧,௧ே௧ୀଶ   and  𝜎 = ට ଵேିଵ ∑ ൫𝑑୵୰୧,௧ − 𝜇൯ଶே௧ୀଶ                   (4) 

The candidate swing frames are then empirically defined as 𝒯ୱ୵୧୬୥ = ൛ 𝑡 | 𝑑୵୰୧,௧ ൒ 𝜇 + 3𝜎 ൟ. The 
threshold 𝜇 + 3𝜎  was empirically determined through preliminary experiments and was found to 
effectively isolate the active swing phase while suppressing minor wrist fluctuations. The effective 
hitting interval [𝑡ୱ୲ୟ, 𝑡ୣ୬ୢ] is defined as the continuous segment in 𝒯ୱ୵୧୬୥ that contains the detected 
contact moment 𝑡ୡ୭୬୲ୟୡ୲. This constraint ensures consistency between the effective hitting interval and 
the contact frame detected in Subsection 3.1. Here, 𝑡ୱ୲ୟ and 𝑡ୣ୬ୢ denote the start and end frames of 
the active swing motion, respectively. If no candidate segment contains 𝑡ୡ୭୬୲ୟୡ୲, the closest candidate 
segment to 𝑡ୡ୭୬୲ୟୡ୲ is selected, or the clip is rejected as an invalid swing sample. 

3.4. Stroke motion representation 

To characterize stroke execution, six biomechanical motion features are first introduced from 
skeletal joint trajectories within the effective hitting interval to capture swing dynamics, upper-limb 
kinematics, footwork, racket orientation, and body movement. These features provide interpretable 
kinematic descriptors for subsequent SPI construction in Subsection 4.1. 
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1) Swing velocity: Swing velocity is estimated from wrist velocity within the effective hitting interval. 
Peak wrist velocity represents swing intensity, as it reflects the maximum speed of the racket arm 
during stroke execution. It is defined as 𝑉෠ୱ୵୧୬୥ = max௧∈[௧౩౪౗,௧౛౤ౚ] 𝑉௧                              (5) 

where 𝑉௧ = 𝑑୵୰୧,௧/Δ𝑡 denotes the wrist velocity at frame 𝑡, 𝑑୵୰୧,௧ is the wrist displacement defined 
in Eq (3), and Δ𝑡 represents the time interval between consecutive frames. 
2) Wrist trajectory: The wrist trajectory represents the spatial path of the hitting arm during the 
effective hitting interval. Given the wrist coordinate 𝐩୵୰୧,௧ , the wrist trajectory is defined as ൛𝐩୵୰୧,௧ ห ∀ 𝑡ୱ୲ୟ ≤ 𝑡 ≤ 𝑡ୣ୬ୢሽ. Its geometric pattern describes the swing path of the racket arm and is 
utilized to evaluate motion consistency and stroke control. 
3) Wrist joint angle: The wrist joint angle describes wrist-related articulation of the hitting hand during 
stroke execution. Let 𝐩ୣ୪ୠ,௧ denote the elbow key point, 𝐩୵୰୧,௧ the wrist key point, and 𝐩୦ୟ୬ୢ,௧ the 
midpoint of index and pinky key points at frame 𝑡. The wrist angle is determined as 𝜃୵୰୧,௧ = cosିଵ ൬൫𝐩౛ౢౘ,೟ି𝐩౭౨౟,೟൯∙൫𝐩౞౗౤ౚ,೟ି𝐩౭౨౟,೟൯ฮ𝐩౛ౢౘ,೟ି𝐩౭౨౟,೟ฮฮ𝐩౞౗౤ౚ,೟ି𝐩౭౨౟,೟ฮ൰                     (6) 

This angle approximates wrist control and wrist snap during the stroke, with left or right key points 
selected according to the player’s hitting hand. 
4) Elbow joint angle: The elbow joint angle describes the upper arm–forearm coordination of the 
hitting arm. Let 𝐩ୱ୦୭,௧ , 𝐩ୣ୪ୠ,௧ , and 𝐩୵୰୧,௧  denote the shoulder, elbow, and wrist joint coordinates, 
respectively. The elbow joint angle is computed as 𝜃ୣ୪ୠ,௧ = cosିଵ ൬൫𝐩౩౞౥,೟ି𝐩౛ౢౘ,೟൯∙൫𝐩౭౨౟,೟ି𝐩౛ౢౘ,೟൯ฮ𝐩౩౞౥,೟ି𝐩౛ౢౘ,೟ฮฮ𝐩౭౨౟,೟ି𝐩౛ౢౘ,೟ฮ൰                     (7) 

This angle feature reflects arm extension, flexion, and upper-limb coordination during stroke execution. 

 

Figure 5. Example of step-count estimation using the foot-distance variation curve. 
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5) Foot trajectory and step pattern analysis: Foot movement is analyzed to describe lower-body 
positioning and movement efficiency during the stroke. Let the left and right ankle key points 
(extracted from human pose estimation) at frame 𝑡  represent foot positions 𝐩୐୤,௧  and 𝐩ୖ୤,௧ , 
respectively, on an image-based movement plane. The distance between the two feet at frame 𝑡 is 
defined as 𝑑୤୭୭୲,௧ = ฮ𝐩୐୤,௧ − 𝐩ୖ୤,௧ฮଶ                           (8) 

Tracking 𝑑୤୭୭୲,௧ within the effective hitting interval yields a foot-distance variation curve (Figure 5). 
Local extrema correspond to large strides or cross-steps, and local minima indicate moments when feet 
move closer together. The number of detected extrema within the hitting interval estimates the step 
count and characterizes the player’s footwork pattern during stroke execution. 
6) Racket face analysis: Racket orientation at the contact moment is crucial for shuttlecock direction 
and stroke control. Since MediaPipe Pose does not provide racket key points, this study approximates 
racket-face orientation using hand key points. Let 𝐩୵୰୧,௧, 𝐩୮୧୬,௧, and 𝐩୧୬ୢ,௧ denote the wrist, pinky, 
and index finger key points of the hitting hand, respectively (key points 16, 18, and 20 for right-handed 
players; 15, 17, and 19 for left-handed players). The midpoint of the pinky and index-finger key points 
is computed as 𝐩୫୧ୢ,௧ = 𝐩౦౟౤,೟ା𝐩౟౤ౚ,೟ଶ                              (9) 

The approximate hand–racket shaft direction is then defined as 𝐮୰ୱ,௧ = 𝐩ౣ౟ౚ,೟ି𝐩౭౨౟,೟ฮ𝐩ౣ౟ౚ,೟ି𝐩౭౨౟,೟ฮ                           (10) 

An approximate racket-center point is estimated by extending this direction from the wrist: 𝐩୰ୡ,௧ = 𝐩୵୰୧,௧ + 𝑙ୣୱ୲ 𝐮୰ୱ,௧                         (11) 

where 𝑙ୣୱ୲  denotes the estimated racket-shaft length obtained through calibration. The hand-plane 
normal is estimated using the wrist, index, and pinky key points: 𝐧୦ୟ୬ୢ,௧ = ൫𝐩౟౤ౚ,೟ି𝐩౭౨౟,೟൯×൫𝐩౦౟౤,೟ି𝐩౭౨౟,೟൯ฮ൫𝐩౟౤ౚ,೟ି𝐩౭౨౟,೟൯×൫𝐩౦౟౤,೟ି𝐩౭౨౟,೟൯ฮ                    (12) 

The lateral direction of the approximated racket face is defined as 𝐮୰୤,௧ = 𝐮౨౩,೟×𝐧౞౗౤ౚ,೟ฮ𝐮౨౩,೟×𝐧౞౗౤ౚ,೟ฮ                            (13) 

Finally, the approximate racket-face normal is estimated as 𝐧୰ୟୡ,௧ = 𝐮౨౩,೟×𝐮౨౜,೟ฮ𝐮౨౩,೟×𝐮౨౜,೟ฮ                               (14) 

This vector serves as a racket-face orientation proxy for evaluating the consistency between the 
estimated hand–racket orientation and the reference stroke pattern at the contact frame. Figure 6 
illustrates this geometric construction for a right-handed player using key points 16 (wrist), 18 (pinky), 
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and 20 (index finger) to approximate hand–racket shaft direction, hand-plane normal, and racket-face 
orientation. For left-handed players, key points 15, 17, and 19 are used instead. 

It should be noted that the proposed framework is designed for smartphone-based deployment, 
where the recorded videos primarily capture the player’s full-body motion and the overall court scene. 
Consequently, the proposed method does not aim to recover the absolute racket-face pose with high 
geometric accuracy. Instead, the estimated racket orientation is used as a reference for evaluating the 
temporal consistency of racket motion throughout the stroke. Therefore, the proposed formulation 
emphasizes the stability of racket orientation rather than its absolute geometric accuracy. Although 
whole-body pose estimation may introduce localization errors for hand landmarks, these errors have 
relatively limited influence on the proposed stability-based assessment, as the evaluation primarily 
relies on relative temporal variation rather than on instantaneous orientation estimates. 

 

Figure 6. Geometric construction of the racket-face orientation proxy for a right-handed player. 

3.5. Stroke type recognition 

Stroke type recognition identifies the stroke category of each segmented clip to support 
subsequent quality assessment. Using the skeletal motion sequence 𝑆 = ሼ𝑃ଵ, 𝑃ଶ, … , 𝑃ேሽ as input with 𝑁  frames, with 33 key points 𝑃௧ = ൛𝐩଴,௧, 𝐩ଵ,௧, … , 𝐩ଷଶ,௧ൟ  per frame from Subsection 3.2, a spatio-
temporal graph 𝒢 = (𝒱, ℰ)  is constructed, where 𝒱  denotes body-joint nodes, and ℰ  represents 
graph edges. Spatial edges encode anatomical connections between joints within a frame, and temporal 
edges connect the same joints across successive frames to describe motion dynamics. Based on this graph 
representation, stroke recognition is performed using the modified ST-GCN++ (mST-GCN++) model, 
which integrates an MS-TCN–Transformer temporal module into the ST-GCN++ backbone [53]. Eleven 
stroke categories are defined: forehand clear, forehand cut, forehand drive, forehand drop, forehand 
lift, backhand clear, backhand cut, backhand drive, backhand drop, backhand lift, and smash. The 
recognized stroke type subsequently enables stroke-specific motion interpretation and expert-aligned 
quality assessment. 

3.5.1. The architecture of the proposed mST-GCN++ model 

ST-GCN++ is a variant of ST-GCN, developed in [53], with modifications to the architectures of 
the spatial and temporal modules. The proposed mST-GCN++ model builds upon the ST-GCN++ 
backbone for skeleton-based stroke recognition. In this framework, badminton stroke clips are 
modeled as spatio-temporal graphs, in which body joints serve as nodes, and anatomical and temporal 



7750 

Electronic Research Archive  Volume 34, Issue 10, 7739–7778. 

connections define the edges. This representation enables the model to capture both spatial 
dependencies among joints and temporal motion dynamics within skeletal sequences. 

The baseline ST-GCN++ model incorporates a multi-branch MS-TCN temporal module [54] 
(Figure 7). The input features are first processed using a 1 × 1 convolution and then fed into multiple 
temporal branches, including dilated temporal convolution, max-pooling, and standard convolution. The 
outputs from all branches are concatenated and fused to form the final temporal representation. This 
design enables the model to capture local motion patterns across multiple temporal receptive fields. 

 

Figure 7. Architecture of the original MS-TCN temporal module in ST-GCN++. 

 

Figure 8. Architecture of the modified MS-TCN module with branch-wise attention. 

To improve temporal feature discrimination, a modified MS-TCN variant with branch-wise 
attention is also explored, as shown in Figure 8. The attention mechanism enhances informative 
temporal responses while suppressing less relevant features, particularly around key stroke phases such 
as racket-arm acceleration and impact. This variant retains the original multi-branch MS-TCN 
structure while improving its ability to focus on discriminative stroke-related motion patterns. 

In addition, PatchTST is compared with global temporal modeling [55]. Unlike MS-TCN-based 
modules, PatchTST segments the skeletal sequence into temporal patches and employs a Transformer 
encoder to model dependencies across temporal segments. However, lacking the original MS-TCN 
branch structure, it serves as a comparison baseline rather than the final architecture. 

The final model incorporates an MS-TCN–Transformer temporal module, as illustrated in Figure 9. 
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In this design, the MS-TCN component first extracts local and multi-scale temporal features, which 
are then fed into a Transformer encoder to capture long-range temporal dependencies. This sequential 
architecture enables the model to jointly model local stroke dynamics and global temporal relationships 
within the motion sequence. 

Overall, the original MS-TCN serves as the baseline temporal module; the attention-enhanced 
MS-TCN improves local temporal discrimination; and PatchTST offers a Transformer-based temporal 
comparison. The final MS-TCN–Transformer module, integrating multi-scale temporal convolution 
with global dependency modeling, is adopted as the temporal component of the proposed mST-GCN++ 
for badminton stroke type recognition. 

 

Figure 9. Architecture of the proposed MS-TCN–Transformer temporal module. 

4. Computational intelligence–based stroke-quality assessment 

The proposed framework evaluates badminton stroke quality through a multi-stage assessment 
that integrates biomechanical motion analysis, interpretable performance representations, and LLM-
assisted coaching analytics. Motion features, extracted from skeletal joint trajectories, are first 
transformed into six SPIs that capture complementary aspects of stroke execution, including swing 
dynamics, upper-limb posture, footwork efficiency, and racket control. These SPIs are then integrated 
using a hierarchical fuzzy inference model to produce interpretable stroke-quality ratings. The 
resulting assessment outcomes are used to generate radar-chart visualizations and personalized 
coaching feedback via an LLM, enabling interpretable and actionable training recommendations. 

4.1. Stroke performance index (SPI) construction 

The six motion features introduced in Subsection 3.4 characterize stroke execution from multiple 
biomechanical perspectives, including swing dynamics, upper-limb kinematics, racket control, and 
footwork. Each feature represents a specific functional aspect of badminton stroke performance and 
provides an interpretable measure of movement quality. To facilitate quantitative assessment, the extracted 
motion features are transformed into a unified stroke performance index (SPI) representation. Specifically, 
each feature is converted into a corresponding SPI, denoted by 𝑠௞ ∈ [0,1]  for 𝑘 = 1,2, … ,6 , where 
higher values indicate better performance. The resulting SPIs are subsequently mapped onto a five-
point rating scale for visualization and coaching feedback generation. 
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• SPI-1: Swing velocity index. This index evaluates racket-side wrist velocity appropriateness 
during the effective hitting interval. Since both excessively slow or excessively fast swings reduce 
stroke consistency, this index is computed from the deviation between the observed peak wrist velocity 
and a reference velocity: 

𝑠ଵ = exp ቆ− ൫௏෡౩౭౟౤ౝି௏౨౛౜൯మଶఙೇమ ቇ                            (15) 

where 𝑉෠ୱ୵୧୬୥ denotes the maximum wrist velocity within the effective hitting interval, as defined in 
Eq (5), 𝑉୰ୣ୤ represents the reference peak wrist velocity of a well-executed stroke, and 𝜎௏ controls 
velocity deviation tolerance. In practice, 𝑉୰ୣ୤ and 𝜎௏ can be derived from expert demonstrations, 
coach criteria, or the player’s historical well-executed strokes. In this study, the reference values 
were obtained from expert demonstrations: 𝑉୰ୣ୤ = 15 m/s and 𝜎௏ = 1.05. This index is bounded 
within [0,1] , with higher values indicating swing velocity closer to the reference pattern. Stroke 
quality is not solely determined by maximum swing velocity. Excessively high swing velocities may 
reduce stroke stability and consistency. Therefore, the proposed scoring function favors swing 
velocities that are close to the reference pattern rather than simply rewarding higher velocities. 

• SPI-2: Wrist trajectory smoothness index. This index quantifies the smoothness of racket-side 
wrist motion during the effective hitting interval. Let 𝐩୵୰୧,௧ denote the wrist position at frame 𝑡, and 
let 𝑁 be the number of frames in the interval. The trajectory smoothness error is computed as follows. 𝑒୲୰ୟ୨ = ଵேିଶ ∑ ฮ𝐩୵୰୧,௧ାଵ − 2𝐩୵୰୧,௧ + 𝐩୵୰୧,௧ିଵฮଶேିଵ௧ୀଶ               (16) 

A smaller 𝑒୲୰ୟ୨  indicates a smoother and more stable wrist trajectory. The corresponding SPI-2 is 
defined as 𝑠ଶ = exp ൬− ௘౪౨౗ౠమଶఙ౪౨౗ౠమ ൰                            (17) 

where 𝜎୲୰ୟ୨  controls scoring sensitivity, set to 𝜎୲୰ୟ୨ = 0.3 max൫𝑒୲୰ୟ୨୦୧ୱ୲൯  determined from the 
player’s historical data, where 𝑒୲୰ୟ୨୦୧ୱ୲ denotes the trajectory smoothness errors computed from the 
player’s past strokes. 

• SPI-3: Wrist posture index. This index assesses the consistency of wrist posture near impact 
relative to the reference movement pattern. Let 𝜃୵୰୧,௧ౙ౥౤౪౗ౙ౪ denote the wrist joint angle at the contact 
frame, and let 𝜃୵୰୧,௧ౙ౥౤౪౗ౙ౪୰ୣ୤  refer to the corresponding reference angle. The SPI-3 is defined as 

𝑠ଷ = exp ቆ− ቀఏ౭౨౟,೟ౙ౥౤౪౗ౙ౪ିఏ౭౨౟,೟ౙ౥౤౪౗ౙ౪౨౛౜ ቁమଶఙ౭౨౟మ ቇ                     (18) 

where 𝜎୵୰୧  controls the tolerance to wrist angle deviation. The reference angle and 𝜎୵୰୧  can be 
determined from expert demonstrations, coach-defined criteria, or the player’s historical well-executed 
strokes. In our work, 𝜎୵୰୧ = 1.2 and 𝜃୵୰୧,௧ౙ౥౤౪౗ౙ౪୰ୣ୤ = 165°. 

• SPI-4: Elbow posture index. This index evaluates whether arm posture near impact is consistent 
with the reference movement pattern. Let 𝜃ୣ୪ୠ,௧ౙ౥౤౪౗ౙ౪ denote the elbow joint angle at the contact frame, 
and let 𝜃ୣ୪ୠ,௧ౙ౥౤౪౗ౙ౪୰ୣ୤  represent the corresponding reference angle. The normalized score is defined as 
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𝑠ସ = exp ቆ− ቀఏ౛ౢౘ,೟ౙ౥౤౪౗ౙ౪ିఏ౛ౢౘ,೟ౙ౥౤౪౗ౙ౪౨౛౜ ቁమଶఙ౛ౢౘమ ቇ                    (19) 

where 𝜎ୣ୪ୠ  controls the tolerance to elbow angle deviation. The reference angle and 𝜎ୣ୪ୠ  can be 
derived from expert demonstrations, coach-defined criteria, or the player’s historical well-executed 
strokes. In our work, 𝜎ୣ୪ୠ = 1.2 and 𝜃ୣ୪ୠ,௧ౙ౥౤౪౗ౙ౪୰ୣ୤ = 172°. This SPI ranges from 0 to 1, with higher 
values indicating an elbow posture closer to the reference at impact. 

• SPI-5: Footwork efficiency index. This index evaluates lower-body movement during the 
effective hitting interval by considering both step pattern and movement efficiency. Let 𝑛ୱ୲ୣ୮ denote 
the number of detected step-related events, and let 𝑛ୱ୲ୣ୮,୰ୣ୤ represent the reference step count for an 
efficient stroke. The step-based score is defined as 

𝑠ହ,ୱ୲ୣ୮ = exp ቆ− ൫௡౩౪౛౦ି௡౩౪౛౦,౨౛౜൯మଶఙ౩౪౛౦మ ቇ                         (20) 

where 𝜎ୱ୲ୣ୮ = 1  controls the tolerance to step-count variation. A higher 𝑠ହ,ୱ୲ୣ୮  indicates greater 
similarity between the observed and reference step patterns. Movement efficiency is further measured 
by the ratio of net displacement to the total trajectory length of both feet. Let 𝐩୐୤,௧ and 𝐩ୖ୤,௧ denote 
the left and right foot positions at frame 𝑡, respectively. The movement efficiency is defined as 

𝜂 = ଵଶ ቆ ቛ𝐩ై౜,೟౛౤ౚି𝐩ై౜,೟౩౪౗ቛ∑ ฮ𝐩ై౜,೟శభି𝐩ై౜,೟ฮ೟౛౤ౚషభ೟స೟౩౪౗ ାఢ + ቛ𝐩౎౜,೟౛౤ౚି𝐩౎౜,೟౩౪౗ቛ∑ ฮ𝐩౎౜,೟శభି𝐩౎౜,೟ฮ೟౛౤ౚషభ೟స೟౩౪౗ ାఢቇ                  (21) 

where 𝑡ୱ୲ୟ and 𝑡ୣ୬ୢ denote the start and end frames of the effective hitting interval, respectively, and 𝜖 is a small constant that prevents division by zero. The efficiency score is computed separately for 
the left and right feet and then averaged to account for potential asymmetry in footwork. The final 
footwork SPI is defined as 𝑠ହ = 𝛼𝑠ହ,ୱ୲ୣ୮ + (1 − 𝛼)𝜂                             (22) 

where 𝛼 ∈ [0,1] controls the relative contribution of step-count consistency and movement efficiency. 
Since both 𝑠ହ,ୱ୲ୣ୮ and 𝜂 are bounded within [0,1], the resulting index 𝑠ହ also lies within this range. 
Higher 𝑠ହ values indicate a footwork pattern closer to the reference, exhibiting higher lower-body 
movement efficiency. 

• SPI-6: Racket control index. This index evaluates the alignment and stability of the racket face 
near the contact moment. Let 𝐧୰ୟୡ,௧ and 𝐧௧୰ୣ୤ denote the estimated racket-face and reference normal 
vectors at frame 𝑡, respectively. The angular deviation from the reference orientation is computed as 𝜙௧ = cosିଵ ൬ 𝐧౨౗ౙ,೟∙𝐧೟౨౛౜ฮ𝐧౨౗ౙ,೟ฮฮ𝐧೟౨౛౜ฮ൰                            (23) 

The alignment score is then defined as 𝑠଺,ୟ୪୧୥୬ = exp ൬− థഥ మଶఙ౗ౢ౟ౝ౤మ ൰                            (24) 
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where 𝜙ത  denotes the mean angular deviation within the evaluation interval around the contact 
moment, and 𝜎ୟ୪୧୥୬ = 0.5  controls the tolerance to racket-orientation error. To assess racket-face 
stability, the frame-to-frame angular variation is calculated as ∆𝜙௧ = cosିଵ ൬ 𝐧౨౗ౙ,೟∙𝐧౨౗ౙ,೟శభฮ𝐧౨౗ౙ,೟ฮฮ𝐧౨౗ౙ,೟శభฮ൰                         (25) 

where the standard deviation of ∆𝜙௧  is defined by the stability error within the same evaluation 
interval: 𝑒ୱ୲ୟୠ = std(∆𝜙௧). The corresponding stability score is given by 𝑠଺,ୱ୲ୟୠ = exp ൬− ௘౩౪౗ౘమଶఙ౩౪౗ౘమ ൰                            (26) 

where 𝜎ୱ୲ୟୠ = 0.5 controls the tolerance to racket face variation. Finally, the racket control index is 
obtained by combining the alignment and stability terms: 𝑠଺ = 𝛽𝑠଺,ୟ୪୧୥୬ + (1 − 𝛽)𝑠଺,ୱ୲ୟୠ                          (27) 

where 𝛽 ∈ [0,1] determines the relative contributions of racket-face alignment and stability. Since 
both 𝑠଺,ୟ୪୧୥୬ and 𝑠଺,ୱ୲ୟୠ are bounded within [0,1], the resulting score 𝑠଺ also lies within this range. 
Higher 𝑠଺ values indicate racket-face orientation that more closely matches the reference pattern and 
remains more stable near impact. 

After obtaining the six normalized quality scores, each score is linearly mapped from the [0,1] 
interval to a five-point rating scale for visualization and feedback generation: 𝑟௜ = 1 + 4𝑠௜, 𝑖 = 1,2, … ,6, 
where 𝑠௜ denotes the 𝑖-th SPI, and 𝑟௜ represents the corresponding five-point rating. Ratings closer 
to 5 indicate stronger performance, whereas ratings near 1 suggest greater need for improvement. The 
six index-based ratings are visualized on a radar chart using a 1–5 scale (0.5-point tick intervals) to 
facilitate intuitive interpretation of strengths and weaknesses across different performance dimensions. 

The six SPIs were not arbitrarily selected but were developed through discussions with an 
experienced badminton coach and informed by practical coaching criteria. The proposed SPIs were 
intentionally selected to represent the biomechanical aspects commonly considered in badminton 
training. Because no universally accepted reference values exist for the quantitative evaluation of 
badminton strokes, the reference and tolerance parameters used in the proposed SPI formulation were 
established through repeated demonstrations by an experienced badminton coach and refined through 
iterative experimental validation. The effectiveness of the adopted parameters is indirectly validated 
by the high agreement between the overall stroke-quality assessment and expert evaluations, as 
presented in Subsection 5.5. 

4.2. Hierarchical fuzzy stroke-quality assessment 

Although the six SPIs provide interpretable measures of different aspects of stroke execution, 
badminton stroke quality is inherently a multi-criteria decision-making problem involving complex 
interactions. Therefore, an HFIS is employed to integrate the six SPIs into an overall stroke-quality 
assessment, organized into three biomechanically meaningful categories. The first category, termed 
swing mechanics, evaluates the effectiveness and consistency of the racket swing using the swing 
velocity index (SPI-1) and wrist trajectory smoothness index (SPI-2). The second category, termed 
joint coordination, assesses upper-limb posture control through the wrist posture index (SPI-3) and 
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elbow posture index (SPI-4). The third category, termed stroke control, evaluates movement 
preparation and impact control using the footwork efficiency index (SPI-5) and racket control index 
(SPI-6). This hierarchical organization follows the biomechanical execution sequence of badminton 
strokes and simultaneously reduces the complexity of fuzzy rule construction. 

4.2.1. Proposed hierarchical fuzzy inference architecture 

Figure 10 illustrates the proposed hierarchical FIS for assessing badminton stroke quality. The 
objective of this design is to integrate multiple SPIs while preserving interpretability and reducing the 
complexity of fuzzy rule construction. As shown in Figure 10, the first-level inference layer consists 
of three FIS modules, denoted as 𝐹ଵ, 𝐹ଶ, and 𝐹ଷ. These modules independently evaluate swing quality, 
joint coordination quality, and stroke control quality. The corresponding outputs are represented as 𝑄ୱ୵୧୬୥ = 𝐹ଵ(𝑠ଵ, 𝑠ଶ), 𝑄୨୭୧୬୲ = 𝐹ଶ(𝑠ଷ, 𝑠ସ), and 𝑄ୡ୭୬୲୰୭୪ = 𝐹ଷ(𝑠ହ, 𝑠଺). The second-level fuzzy inference 
layer further integrates the three intermediate assessments to generate the final stroke-quality score, 
formulated as 𝑄ୱ୲୰୭୩ୣ = 𝐹ସ൫𝑄ୱ୵୧୬୥, 𝑄୨୭୧୬୲, 𝑄ୡ୭୬୲୰୭୪൯                     (28) 

where 𝑄ୱ୲୰୭୩ୣ ∈ [0,1] denotes the final normalized stroke-quality score generated by the hierarchical FIS. 

 

Figure 10. Proposed hierarchical fuzzy inference architecture integrating six SPIs into the 
final stroke quality score. 

4.2.2. Membership functions and rule base 

The primary components of implementing an FIS are fuzzification, fuzzy rules, the inference engine, 
and defuzzification. Let 𝑎ଵ  and 𝑎ଶ  be two premise variables of the FIS, and 𝑞  denote the 
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corresponding consequent variable. Figures 11 and 12 illustrate the fuzzy sets of the premise and 
consequent variables, respectively. For both premise variables, trapezoidal and triangular membership 
functions are adopted to represent the linguistic terms Low, Medium, and High. Similarly, the consequent 
variable is represented using the linguistic partition: Very low, Low, Medium, High, and Very high. 

 

Figure 11. Fuzzy sets of the premise variable. 

 

Figure 12. Fuzzy sets of the consequent variable. 

Table 1. Fuzzy rule base used in the first-level fuzzy inference modules (𝐹ଵ, 𝐹ଶ, and 𝐹ଷ). 𝑎ଵ 𝑎ଶ 𝑔 
Low Low Very low 
Low Medium Low 
Low High Medium 
Medium Low Low 
Medium Medium Medium 
Medium High High 
High Low Medium 
High Medium High 
High High Very high 
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Table 2. Fuzzy rule base used in the second-level fuzzy inference module (𝐹ସ). 𝑄ୱ୵୧୬୥ 𝑄୨୭୧୬୲ 𝑄ୡ୭୬୲୰୭୪ 𝑄ୱ୲୰୭୩ୣ 
Low Low Low Very low 
Low Low Medium Low 
Low Low High Medium 
Low Medium Low Low 
Low Medium Medium Medium 
Low Medium High Medium 
Low High Low Low 
Low High Medium Medium 
Low High High Medium 
Medium Low Low Low 
Medium Low Medium Medium 
Medium Low High Medium 
Medium Medium Low Medium 
Medium Medium Medium Medium 
Medium Medium High Medium 
Medium High Low Medium 
Medium High Medium Medium 
Medium High High High 
High Low Low Medium 
High Low Medium Medium 
High Low High High 
High Medium Low Medium 
High Medium Medium Medium 
High Medium High High 
High High Low Medium 
High High Medium High 
High High High Very high 

For the swing-mechanics module 𝐹ଵ, the premise variables are defined as 𝑎ଵ = 𝑠ଵ and 𝑎ଶ = 𝑠ଶ, 
where 𝑠ଵ and 𝑠ଶ denote the swing velocity index and wrist trajectory smoothness index, respectively, 
and the consequent variable is the swing-quality score 𝑄ୱ୵୧୬୥. Similarly, for the joint-coordination 
module 𝐹ଶ , 𝑎ଵ = 𝑠ଷ  and 𝑎ଶ = 𝑠ସ , where 𝑠ଷ  and 𝑠ସ  denote the wrist posture index and elbow 
posture index, respectively, and the consequent variable is the joint-coordination score 𝑄୨୭୧୬୲. For the 
stroke-control module 𝐹ଷ, 𝑎ଵ = 𝑠ହ and 𝑎ଶ = 𝑠଺, where 𝑠ହ and 𝑠଺ denote the footwork efficiency 
index and racket control index, respectively, and the consequent variable is the stroke-control score 𝑄ୡ୭୬୲୰୭୪ . At the second inference level, the three intermediate assessments 𝑄ୱ୵୧୬୥ , 𝑄୨୭୧୬୲ , and 𝑄ୡ୭୬୲୰୭୪ serve as the premise variables of the fuzzy module 𝐹ସ, while the consequent variable is the 
final stroke-quality score 𝑄ୱ୲୰୭୩ୣ. The fuzzy rules of the first-level inference layer are subsequently 
constructed using the defined linguistic variables. For example,  

IF 𝑎ଵ is High AND 𝑎ଶ is High, THEN 𝑔 is Very high. 
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Following this principle, the fuzzy rule base can be established objectively. Table 1 shows the rule 
table used in 𝐹ଵ, 𝐹ଶ, and 𝐹ଷ. The fuzzy rule base adopted in the second-level inference module 𝐹ସ is 
summarized in Table 2. Some combinations of linguistic conditions may be less likely to occur in real 
badminton strokes because the biomechanical components of stroke execution are not entirely 
independent. Nevertheless, these rules are retained to guarantee completeness of the fuzzy rule base 
and to avoid undefined inference regions. 

4.2.3. Mamdani inference and defuzzification 

As an input tuple (𝑎෤ଵ, 𝑎෤ଶ) goes into the FIS, it activates the corresponding fuzzy rules according 
to their membership degrees. The proposed hierarchical fuzzy inference system employs the Mamdani 
inference mechanism, in which the logical “AND” operation is implemented using the minimum 
operator. For a generic fuzzy rule, 

IF 𝑎ଵ is 𝐴ଵ௠ AND 𝑎ଶ is 𝐴ଶ௠, THEN 𝑔 is 𝐺௠, 

the firing strength of the 𝑚-th rule is computed as 𝜇௠ = min൫𝐴ଵ௠(𝑎෤ଵ), 𝐴ଶ௠(𝑎෤ଶ)൯                            (29) 

where 𝐴ଵ௠(∙)  and 𝐴ଶ௠(∙)  denote the membership functions associated with the premise variables. 
The aggregated consequent fuzzy set is then obtained as 𝐺ᇱ(𝑔) = max௠ min൫𝜇௠, 𝐺௠(𝑔)൯                           (30) 

where 𝐺௠(𝑔) denotes the consequent fuzzy set of the 𝑚-th rule. Following rule aggregation, the 
center-of-gravity defuzzification method [56] is employed to obtain a crisp output value. The crisp 
output is calculated as 𝑔∗ = ቀ׬ 𝑔 ∙ 𝐺ᇱ(𝑔)𝑑𝑔𝔾 ቁ ቀ׬ 𝐺ᇱ(𝑔)𝑑𝑔𝔾 ቁൗ                       (31) 

where 𝔾 denotes the universe of discourse of the output variable. For the second-level inference module 𝐹ସ, the same inference mechanism is adopted. Therefore, the corresponding firing-strength computation, 
fuzzy aggregation, and centroid defuzzification can be formulated analogously to Eqs (29)–(31). 

Through the first- and second-level inference processes, the resulting value 𝑄ୱ୲୰୭୩ୣ ∈ [0,1] is 
obtained, where larger values indicate better overall stroke quality. For visualization and LLM-assisted 
feedback generation, the final assessment score is mapped to a five-point rating scale as 𝑅ୱ୲୰୭୩ୣ = 1 + 4𝑄ୱ୲୰୭୩ୣ                            (32) 

This overall stroke-quality rating (𝑅ୱ୲୰୭୩ୣ ) also serves as a practical reference for identifying 
effective strokes. Based on our experimental observations, most effective strokes achieved overall 
scores above 3.5, although this threshold was not optimized and may be further refined in future work. 
Therefore, the overall score provides an intuitive quantitative reference for stroke evaluation and 
supports subsequent LLM-assisted coaching analytics. 
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4.3. LLM-assisted coaching analytics 

4.3.1. Structured inputs and outputs of the LLM 

Although the proposed scoring framework provides quantitative stroke-quality assessment 
through the SPIs and hierarchical fuzzy inference system, numerical scores alone may be difficult for 
general users to interpret and translate into actionable training strategies. Therefore, the proposed 
framework employs Google Gemini 2.5 Pro as the LLM engine to transform structured assessment 
results into personalized natural-language coaching feedback. In the proposed framework, the LLM 
receives structured inputs from the preceding modules, including the recognized stroke type, the six 
SPIs, the intermediate fuzzy assessment scores (𝑄ୱ୵୧୬୥, 𝑄୨୭୧୬୲, and 𝑄ୡ୭୬୲୰୭୪), the final stroke-quality 
score ( 𝑄ୱ୲୰୭୩ୣ ), and the corresponding radar-chart ratings, ensuring feedback is grounded in 
quantitative motion analysis and fuzzy assessment results. 

Based on the structured inputs, the LLM generates a comprehensive coaching report consisting 
of 1) an overall performance summary, 2) an analysis of technical strengths and deficiencies, and 3) 
personalized training recommendations. For example, a high swing-mechanics assessment score 
combined with a low stroke-control score may indicate adequate racket acceleration but insufficient 
footwork preparation or racket-face stability. Similarly, a low joint-coordination score may suggest 
suboptimal wrist or elbow posture during stroke execution. 

The proposed framework accesses Gemini 2.5 Pro through Google Gemini API. Unless otherwise 
specified, the API is used with its default generation settings, while the domain-specific behavior of 
the LLM is controlled through the structured prompt construction described in the following subsection. 

4.3.2. Knowledge-guided structured prompting strategy 

To enhance consistency and reliability, a knowledge-guided structured prompting strategy is 
employed to define the LLM’s role, response scope, and output format. The prompt constrains the 
LLM to generate feedback solely from the recognized stroke type and the quantitative assessment 
results produced by the proposed framework, without inferring player skill level, physical condition, 
or tactical intentions. To further improve the technical consistency of the generated feedback, a 
badminton coaching knowledge base was manually constructed. The knowledge was drawn from 
badminton training books and refined through discussion with an experienced badminton coach. 
During the prompting process, the knowledge was organized into structured mappings linking the six 
SPIs to stroke-quality interpretations and training recommendations. This manually curated knowledge 
base was incorporated into prompt construction before LLM inference. 

Furthermore, a human-in-the-loop verification mechanism is incorporated to validate the 
quality of the generated coaching feedback. The evaluation panel consists of one badminton coach, 
one physical education instructor, and two badminton athletes. They assess whether the generated 
responses are technically accurate, consistent with the SPI representation and fuzzy assessment 
results, and appropriate for the recognized stroke type. This design bridges explainable 
computational intelligence and practical coaching communication, producing interpretable and 
actionable training feedback. 



7760 

Electronic Research Archive  Volume 34, Issue 10, 7739–7778. 

5. Experiments and discussion 

5.1. Experimental setup and dataset 

To evaluate the proposed framework, experiments were conducted to assess its main functional 
modules, including stroke event segmentation, pose estimation, motion feature extraction, stroke type 
recognition, quality scoring, and LLM-assisted feedback generation. The experiments verified that the 
proposed pipeline transforms badminton stroke videos into interpretable SPIs, stroke-level quality 
scores, and natural-language coaching feedback. 

Table 3. Stroke categories used for stroke type recognition. 

Class ID Stroke category Description 
1 Forehand clear A forehand overhead stroke that sends the shuttlecock deep to the

opponent’s backcourt.
2 Forehand cut A forehand stroke with a slicing motion to change the shuttlecock

speed or trajectory.
3 Forehand drive A fast and flat forehand stroke directed toward the opponent’s

midcourt or rear court.
4 Forehand drop A controlled forehand stroke that sends the shuttlecock softly

toward the front court.
5 Forehand lift A forehand underhand stroke that lifts the shuttlecock toward the

opponent’s backcourt.
6 Backhand clear A backhand stroke that sends the shuttlecock deep to the

opponent’s backcourt.
7 Backhand cut A backhand slicing stroke used to alter the shuttlecock’s speed or

direction.
8 Backhand drive A fast and flat backhand stroke directed across the court.
9 Backhand drop A controlled backhand stroke that sends the shuttlecock softly

toward the front court.
10 Backhand lift A backhand underhand stroke that lifts the shuttlecock toward the

opponent’s backcourt.
11 Smash A powerful overhead attacking stroke directed downward toward

the opponent’s court.

The experimental data were collected in two settings. For stroke type recognition, a stereo-vision 
system was used to acquire training and test videos for recognition dataset construction and evaluation 
of the proposed mST-GCN++ model. The dataset was collected from six participants performing 
badminton strokes under coach-fed conditions. The original recordings included multiple repetitions 
of 12 stroke categories. After video segmentation and preprocessing, the final recognition dataset 
comprised 3126 segmented stroke clips, including 2490 training and validation samples and 636 test 
samples. For the recognition task in this study, the left-smash and right-smash classes were merged 
into a single smash category, resulting in 11 stroke categories, as summarized in Table 3. A summary 
of the dataset statistics used for stroke recognition is provided in Table 4. The distribution of stroke 
clips across the 11 stroke categories is summarized in Table 5. Each participant contributed 521 stroke 
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clips, including 51 smash clips and 47 clips for each of the remaining 10 stroke categories, resulting 
in a total of 3126 stroke clips with a nearly balanced class distribution. 

Second, stroke videos recorded using a smartphone application in real training scenarios were 
uploaded to a cloud-based analysis system. The resulting radar-chart scores and AI-generated coaching 
suggestions were then returned to the mobile application for user review, enabling evaluation of the 
proposed framework under deployment-oriented conditions using accessible recording devices. 

To summarize, the stereo-vision setup was primarily used for reliable dataset construction and 
stroke recognition model development, whereas the smartphone application was used to validate the 
practical assessment and feedback workflow. This experimental design integrates controlled model 
development with real-world usability evaluation. 

Table 4. Dataset statistics for stroke recognition. 

Item Value 
Participants 6 
Stroke categories (as listed in Table 3) 11 
Clips per participant 521 
Total clips 3126 
Input representation Skeletal motion sequences 
Data acquisition Stereo-vision system 

Table 5. Distribution of the stroke recognition dataset across the 11 stroke categories. 

Stroke type Clips per participant Clips 
Forehand clear 47 282 
Forehand cut 47 282 
Forehand drive 47 282 
Forehand drop 47 282 
Forehand lift 47 282 
Backhand clear 47 282 
Backhand cut 47 282 
Backhand drive 47 282 
Backhand drop 47 282 
Backhand lift 47 282 
Smash 51 306 
Total 521 3126 

5.2. Stroke event segmentation results 

Stroke event segmentation was evaluated to assess accurate detection of racket–shuttlecock 
contact moments and stroke clip extraction from continuous videos. Reliable contact localization is 
critical, as subsequent modules rely on correctly segmented clips. In this study, a YOLOv11s-based 
object detector [57] was trained to identify the shuttlecock and racket in each frame, chosen for its 
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small model size and low computational complexity, making it suitable for real-time applications. The 
dataset comprised 10,615 training and 1875 test images (collected using our stereo vision system and 
a smartphone). Training used a batch size of 16, 640 × 640 pixel resolution, and a maximum of 500 
epochs, with early stopping (patience 20). 

Following Subsection 3.1, contact moments were determined from the normalized racket–
shuttlecock centers’ spatial distance falling below 0.1, treated as candidate contact frames. The frame 
with the minimum distance was selected as the final hitting moment. Compared to manual annotations 
(the ground-truth contact events in Table 6), the YOLOv11s-based method detected most hitting 
moments, with few missed or false positives. The resulting precision, recall, and F1-score confirm 
reliable localization of contact moments in badminton stroke videos. A detection was considered 
correct when the estimated contact frame differed from the manually annotated frame by no more than ±1 frame. 

Table 6. Quantitative evaluation of the contact-frame detection on the test dataset. 

Item Value Description 
Ground-truth contact events 1373 Total manually annotated racket–shuttlecock 

contact events in the test dataset. 
Correctly detected contact events (TP) 1368 Contact events correctly identified by the 

method.
Missed contact events (FN) 5 Ground-truth contact events that were not 

detected. 
False contact detections (FP) 2 Non-contact frames incorrectly identified as 

contact events. 
Precision 99.85% Ratio of correctly detected contact events to all 

detected contact events, TP/(TP + FP) 
Recall 99.64% Ratio of correctly detected contact events to all 

ground-truth contact events, TP/(TP + FN)  
F1-score 99.74% Harmonic mean of precision and recall. 

5.3. Stroke type recognition results 

5.3.1. Overall recognition performance 

Stroke type recognition was evaluated to assess the correct classification of segmented 
badminton strokes. The recognized stroke type provides essential contextual information for motion 
interpretation, quality scoring, and LLM-assisted feedback generation. As summarized in Tables 4 
and 5, the recognition dataset consisted of 3126 samples collected from six participants. For overall 
recognition evaluation, the dataset was randomly divided into 2490 training and validation samples 
(approximately 80%) and 636 testing samples (approximately 20%), while maintaining the class 
distribution across all stroke categories. The segmented stroke clips were transformed into skeletal 
motion sequences and then input into the recognition model across 11 strokes. As summarized in 
Table 7, the proposed mST-GCN++ achieved the highest accuracy of 94.34%, outperforming baseline 
ST-GCN++. This result indicates that integrating multi-scale temporal convolution with Transformer-
based temporal modeling enhances badminton stroke recognition performance. 
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Table 7. Numerical comparison of stroke type recognition accuracy. 

Model Role Accuracy 
CTR-GCN [32] Baseline 91.35% 
MS-AAGCN [28] Baseline 92.30% 
ST-GCN++ [53] Baseline backbone 92.92% 
ST-GCN++ with Modified MS-TCN Modified variant 93.87% 
ST-GCN++ with PatchTST Modified variant 93.55% 
mST-GCN++ (ours) Final recognition model 94.34% 

5.3.2. Subject-independent validation using LOSO 

Because the above evaluation used a random train-test split, this protocol may allow data from 
the same participant to appear in both the training and test datasets, potentially overestimating the 
model’s generalization capability. To provide a more rigorous evaluation, a leave-one-subject-out 
(LOSO) cross-validation protocol was also conducted. In each validation fold, all 521 stroke clips 
belonging to one participant were reserved exclusively for testing, while the remaining 2605 stroke 
clips from the other five participants were used for model training. Consequently, each participant 
served as the test subject once, resulting in six independent validation folds with no subject overlap 
between the training and test datasets. The recognition performance for each validation fold is 
summarized in Table 8. 

Table 8. Subject-independent stroke-recognition performance of the proposed mST-
GCN++ using LOSO cross-validation. 

Fold Subject Accuracy  Precision Recall F1-score 
1 S1 0.9060 0.9149 0.9061 0.9105 
2 S2 0.8983 0.9044 0.8982 0.9013 
3 S3 0.9136 0.9151 0.9136 0.9143 
4 S4 0.9175 0.9240 0.9173 0.9206 
5 S5 0.9098 0.9133 0.9098 0.9115 
6 S6 0.9251 0.9267 0.9250 0.9258 
Mean ± SD 0.9117 ± 0.00849 0.9164 ± 0.00732 0.9117 ± 0.00846 0.9140 ± 0.00779 
Note: Precision, recall, and F1-score denote macro-averaged metrics over the 11 stroke categories. All performance 
metrics are reported as decimal values rather than percentages. 

The proposed mST-GCN++ achieved an average recognition accuracy of 91.17%, demonstrating 
stable performance across different participants. As expected, the LOSO accuracy is slightly lower 
than the accuracy obtained with the random train-test split, since the model is evaluated on previously 
unseen players. Nevertheless, the consistently high recognition performance indicates that the 
proposed framework effectively captures stroke-specific motion patterns rather than subject-specific 
characteristics, demonstrating good subject-independent generalization. Although LOSO validation 
demonstrates improved subject generalization, the current dataset was collected from a limited number 
of participants under relatively controlled recording conditions. Future work will further evaluate the 
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proposed framework using larger-scale datasets involving players with diverse skill levels, playing 
styles, and recording environments. 

5.4. Stroke-quality assessment and feedback results 

The stroke-quality assessment and feedback module was evaluated using three representative 
stroke cases, as described below, to demonstrate the feasibility and interpretability of the proposed 
pipeline, rather than through large-scale statistical validation. For both the five-point indicator 
ratings and the overall stroke-quality score, a score of 3.5 (on a five-point scale) was used as the 
reference threshold for determining effective strokes. Scores below this threshold indicate room for 
technical improvement. 

 

Figure 13. Radar-chart visualization of the stroke-quality assessment results for Case 1. 

• Effective smash stroke: Figure 13 presents the radar chart for an effective smash stroke. All six 
SPIs received ratings above the level of 3.0, with an average indicator rating of 3.75 and an overall 
stroke-quality rating of 3.63, indicating satisfactory performance across all evaluated aspects. 
Footwork trajectory, swing velocity, wrist trajectory smoothness, and racket control indices reached 
approximately 4 points, reflecting adequate swing acceleration, stable racket-arm motion, and effective 
lower-body positioning. The wrist angle remained mostly within the expected range, with only a minor 
mid-swing deviation that quickly returned to the reference range. Figure 14 presents the LLM-assisted 
coaching feedback: smooth lower-body positioning, stable footwork, good wrist and elbow angle 
control, and stable racket face control. Despite a high swing velocity rating, the feedback suggested 
that excessively fast execution should be balanced with timing and racket-face control. Accordingly, 
it recommends focusing on hitting timing, practicing controlled swings, and progressively increasing 
swing velocity to optimize power, accuracy, and control. 

• Effective forehand drop stroke: Figure 15 illustrates the effective forehand drop stroke. Most 
indicators met the acceptable level, though the elbow joint angle was slightly lower than the remaining 
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indicators. This result suggests successful stroke execution, but with room for arm extension and 
impact posture. Wrist trajectory remained on a generally stable swing path, but the hand position 
exhibited a slight forward movement compared with the reference motion. Figure 16 presents the 
LLM-assisted coaching feedback. Due to space limitations, only the overall analysis and targeted 
training suggestions are reported. The feedback indicates that the player demonstrated stable lower-
body positioning and good racket-face control, but improved distance judgment and hitting timing are 
needed. The feedback further recommends footwork practice and hitting-feeling practice to enhance 
movement efficiency, stroke timing, and shot placement when executing forehand drop shots. 

 

Figure 14. Example of LLM-assisted coaching feedback for Case 1 (full response). 

• Unsuccessful forehand clear stroke: Figure 17 shows the third case, an unsuccessful forehand 
clear stroke. Compared with the previous successful cases, this stroke exhibits reduced stability across 
multiple SPIs. The radar-chart result indicates that swing control and wrist trajectory are less consistent 
throughout execution. In particular, the swing velocity exceeded the reference level, suggesting 
excessive force application. The wrist trajectory also shows greater deviation, with the hand moving 



7766 

Electronic Research Archive  Volume 34, Issue 10, 7739–7778. 

outward during the preparation phase and overextending forward near impact. Figure 18 presents the 
corresponding LLM-assisted coaching feedback. Due to space limitations, only the overall analysis 
and targeted training suggestions are reported. The unsuccessful stroke involved excessive backswing, 
unstable wrist trajectory, and improper force control. Recommendations include reducing unnecessary 
arm extension, improving wrist stability, and practicing smoother swing timing to enhance stroke 
accuracy and consistency. 

 

Figure 15. Radar-chart visualization of the stroke-quality assessment results for Case 2. 

 

Figure 16. Example of LLM-assisted coaching feedback for Case 2 (excerpted response). 
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Figure 17. Radar-chart visualization of the stroke-quality assessment results for Case 3. 

 

Figure 18. Example of LLM-assisted coaching feedback for Case 3 (excerpted response). 

5.5. Validation of stroke-quality assessment 

5.5.1. Human expert evaluation protocol 

To quantitatively evaluate the proposed stroke-quality assessment framework under practical 
deployment conditions, a total of 60 badminton stroke clips were newly collected using a single 
smartphone camera. These clips were independent of the datasets used for training the shuttlecock 
detector and stroke-recognition model, thereby providing an unbiased evaluation of the complete 
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assessment framework in real-world scenarios. This dataset covers 11 badminton stroke types and 
includes both effective and ineffective strokes to ensure diverse stroke qualities and performance levels. 

Table 9. Expert rating criteria for overall stroke-quality assessment. 

Score Rating Description 
1.0 Very poor The stroke is incorrectly executed, lacks coordination and

control, and is ineffective in practical play. 
2.0 Poor Multiple technical deficiencies are present, leading to unstable

execution and limited effectiveness.
3.0 Acceptable The stroke can be completed successfully but exhibits noticeable

deficiencies in one or more technical aspects, resulting in reduced
performance.

4.0 Good Minor technical imperfections are evident, but the stroke is
stable, well-coordinated, and effective in practical play.

5.0 Excellent The stroke demonstrates excellent coordination, stable posture,
accurate racket control, and efficient footwork, and is highly
effective in both offensive and defensive situations. 

Each clip was independently evaluated by two experienced badminton experts, including one 
physical education instructor (Expert A) and one badminton coach (Expert B). The experts assessed 
the overall stroke quality on a five-level semantic rating scale, where 1, 2, 3, 4, and 5 correspond to very 
poor, poor, acceptable, good, and excellent, respectively. Intermediate scores (i.e., 1.5, 2.5, 3.5, and 4.5) 
were permitted when the experts considered the stroke quality to fall between two adjacent performance 
levels. The semantic definitions associated with each rating level are summarized in Table 9. To assess 
consistency between the two experts, inter-rater reliability was first evaluated using the intraclass 
correlation coefficient (ICC). The ICC(2,1) and ICC(3,1) values were 0.8584 and 0.8588, respectively, 
indicating good agreement between the two experts. After confirming satisfactory agreement, the 
average of the two expert ratings was used as the expert-rated reference score for each stroke in the 
subsequent quantitative evaluation in Subsection 5.5.2. 

5.5.2. Statistical analysis of stroke-quality assessment 

To quantitatively evaluate the proposed stroke-quality assessment framework, the predicted stroke-
quality scores were compared with the expert-rated reference scores (established in Subsection 5.5.1) 
using multiple statistical measures, including the Pearson correlation coefficient, Spearman rank 
correlation coefficient, intraclass correlation coefficients (ICC(2,1) and ICC(3,1)), mean absolute error 
(MAE), and root mean square error (RMSE). Here, the reported ICC(2,1) and ICC(3,1) values quantify 
the agreement between the model-generated stroke-quality scores and the expert-rated reference scores. 
Three assessment strategies were investigated for comparison: mean, in which the six SPIs were 
directly averaged without fuzzy inference; HFIS, which employed manually designed membership 
functions (as plotted in Figures 11 and 12) and fuzzy rules of the hierarchical FIS; and the proposed 
refined-HFIS, in which the membership-function parameters were manually refined through a local 
parameter search around the initially specified membership-function parameters while preserving the 
original hierarchical fuzzy inference structure and fuzzy rule base. Specifically, the refinement process 
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was performed by allowing the parameters of all membership functions to vary within ±20% of the 
manually designed membership functions. The best-performing parameter combination within this 
bounded search region was selected to construct the refined-HFIS. The quantitative comparison among 
the three methods is summarized in Table 10. 

Notably, this refinement was conducted using the same 60 expert-rated stroke clips that were later 
used for performance evaluation. Therefore, the refined-HFIS results should be regarded as an 
exploratory in-sample refinement intended to assess the sensitivity of the manually designed 
membership functions, not as an independent out-of-sample validation. Consequently, the original 
HFIS serves as the primary evidence supporting the effectiveness of the proposed stroke-quality 
assessment framework, whereas the refined-HFIS is included to illustrate the potential improvement 
achievable through local parameter refinement. Moreover, the comparison between HFIS and refined-
HFIS also implicitly provides a local robustness (or sensitivity) evaluation of the manually designed 
fuzzy system because the refinement was intentionally restricted to a bounded local neighborhood of the 
initially specified parameters. If only limited performance improvements are observed after refinement, 
the original HFIS can be considered relatively insensitive to moderate parameter perturbations, 
indicating that the manually designed fuzzy model provides a stable stroke-quality assessment. 

Table 10. Quantitative comparison of three stroke-quality assessment strategies against 
expert-rated scores. 

Strategy Pearson↑ Spearman↑ ICC(2,1)↑ ICC(3,1)↑ MAE↓ RMSE↓ 
Mean 0.676 0.7157 0.6614 0.6588 0.5727 0.6981 
HFIS 0.7906 0.8169 0.7878 0.7850 0.4308 0.5185 
Proposed refined-
HFIS 0.8186 0.8372 0.8174 0.8153 0.3901 0.4736 

As summarized in Table 10, directly averaging the six SPIs resulted in the lowest agreement with 
expert-rated stroke quality, achieving the lowest Pearson correlation, Spearman correlation, ICC values, 
and the largest prediction errors (MAE and RMSE). Incorporating the hierarchical fuzzy inference 
system substantially improved agreement with expert evaluations. Finally, the proposed refined-HFIS 
framework achieved the best performance across all evaluation metrics. These results demonstrate that 
tuning the membership-function parameters enables the proposed framework to better approximate 
expert evaluation behavior while maintaining the interpretability of the hierarchical fuzzy inference 
system. Overall, the experimental results indicate that the proposed HFIS improves the consistency 
between automatically generated stroke-quality scores and expert coaching assessments. Compared 
with end-to-end score regression approaches, the proposed framework explicitly separates motion 
representation (SPIs), reasoning (HFIS), and coaching analytics (LLM). This hierarchical design 
provides transparent reasoning and enables every coaching recommendation to be traced back to 
quantitative biomechanical indicators, making the proposed framework more suitable for explainable 
AI-assisted sports coaching. Although refined-HFIS achieved the highest agreement with expert 
ratings across all evaluation metrics, the performance improvement over the original HFIS remained 
modest. This result suggests that the proposed manually designed HFIS is reasonably robust and not 
overly sensitive to moderate variations in the membership-function parameters, thereby supporting the 
stability of the proposed fuzzy assessment framework. 
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Figure 19. Scatterplot of expert-rated stroke-quality scores versus predicted scores 
obtained using direct SPI averaging (mean). 

 

Figure 20. Scatterplot of expert-rated stroke-quality scores versus predicted scores 
obtained using HFIS. 

Moreover, Figures 19–21 provide a visual comparison of the three assessment strategies. In each 
figure, the blue solid line represents the linear regression fitted to the experimental data, while the 
orange dashed line denotes the ideal agreement line, where the predicted score exactly matches the 
expert-rated score. As shown in Figure 19, the direct averaging strategy exhibits relatively large 
deviations from the ideal agreement line, indicating weaker consistency with expert evaluations. 
Incorporating the HFIS substantially reduces the score dispersion (Figure 20), suggesting that fuzzy 
reasoning more effectively models the relationships among multiple stroke performance indices. 
Finally, the proposed refined-HFIS (Figure 21) exhibits the highest concentration of data points around 
the ideal agreement line, demonstrating the closest agreement with expert-rated stroke quality. 
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Figure 21. Scatterplot of expert-rated stroke-quality scores versus predicted scores 
obtained using refined-HFIS. 

In addition to the stroke-quality assessment via the refined-HFIS, the practical capability of the 
proposed framework to distinguish effective and ineffective strokes was also investigated. For the 
predicted labels, an empirical threshold of 3.5, selected based on experimental observations, was 
adopted. Refined-HFIS ratings of 3.5 or higher were classified as effective, whereas ratings below 3.5 
were classified as ineffective. Independently, the ground-truth labels were obtained. For the ground-
truth label, each stroke was manually annotated as either effective or ineffective based on the actual 
match outcome, as described below. An effective stroke was defined as one that directly resulted in a 
point, induced an opponent’s error, or prevented the opponent from scoring on the immediately 
subsequent return. In contrast, an ineffective stroke was defined as one that resulted in an immediate 
unforced error by the player or allowed the opponent to score directly on the next return. These 
manually assigned labels reflect not only the technical quality of a stroke but also the subsequent rally 
outcome, which may be influenced by the opponent’s response and tactical context. The corresponding 
classification performance is summarized in Table 11. From this table, the proposed refined-HFIS 
achieved an overall classification accuracy of 0.9167 in distinguishing effective and ineffective 
badminton strokes, with a precision of 0.8750, recall of 0.9130, and F1-score of 0.8936. These results 
suggest that the proposed stroke-quality assessment is generally consistent with practical rally 
outcomes under the adopted evaluation protocol. However, because the effective/ineffective labels are 
also influenced by the opponent’s response and tactical context, this analysis should be regarded as 
supplementary exploratory evidence rather than an independent validation of technical stroke quality. 

Table 11. Binary classification results for distinguishing effective and ineffective strokes. 

 Predicted class 
 Effective Ineffective 
Actual class   
Effective 21 2 
Ineffective 3 34 
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5.6. Human-in-the-loop feedback verification 

Table 12. Expert evaluation questionnaire and assessment results for the proposed LLM-
assisted badminton stroke feedback system. 

Evaluation criterion Expert A Expert B User C User D Mean score 
Technical correctness 
1. The generated feedback accurately 

reflects the player’s stroke 
performance. 

8.43 8.50 8.77 8.80 8.625 

2. The feedback is technically correct 
from a badminton coaching 
perspective. 

8.60 8.47 8.73 8.77 8.643 

3. The system correctly identifies 
important movement characteristics 
during stroke execution. 

8.73 8.57 8.33 8.40 8.508 

Motion consistency and interpretability 
4. The generated feedback is consistent 

with the observed body movements in 
the video. 

8.40 8.40 8.93 8.90 8.658 

5. The SPIs and assessment results are 
easy to understand and interpret. 

8.63 8.50 8.53 8.40 8.515 

6. The system provides reasonable 
explanations for the assigned scores 
and evaluations. 

8.80 8.67 8.67 8.73 8.718 

Practical coaching usefulness 
7. The generated suggestions are useful 

for practical badminton training. 
8.57 8.60 8.60 8.77 8.635 

8. The feedback provides meaningful 
guidance for improving stroke 
technique. 

8.30 8.37 8.57 8.43 8.418 

9. The system could assist coaches or 
physical education instructors during 
training sessions. 

8.60 8.50 8.73 8.67 8.625 

Overall system evaluation 
10. The proposed system demonstrates 

good practical usability and coaching 
potential. 

8.53 8.60 8.67 8.60 8.600 

Overall mean score 8.559 8.518 8.653 8.647 8.594 
Note: Scores are reported on a 10-point scale and averaged across 30 evaluated stroke videos. Expert A represents a 
physical education instructor, whereas Expert B represents an experienced badminton coach. Users C and D are 
badminton athletes who participated in the evaluation to provide athlete-oriented perspectives. 

To evaluate the practical usability of the LLM-assisted feedback module, two domain experts and two 
badminton athletes were invited to assess 30 stroke clips (sampled from the 60 clips in Subsection 5.5) 
along with the corresponding AI-generated training suggestions. For each case, the experts reviewed 
the video, system-generated assessment results, and feedback content. The evaluation focused on the 
technical correctness of the feedback, its consistency with the observed motion, clarity for users, and 



7773 

Electronic Research Archive  Volume 34, Issue 10, 7739–7778. 

usefulness for practical training. Table 12 summarizes the expert evaluation results of the proposed 
LLM-assisted stroke feedback system. Overall, the system achieved a mean score of 8.594/10, 
indicating high acceptance among the evaluators. Both experts and badminton athletes consistently 
assigned scores above 8.30 across all evaluation criteria, suggesting that the generated feedback was 
perceived as technically accurate, interpretable, and practically useful from both coaching and 
athlete perspectives. 

Although evaluation results were positive, the proposed system is not intended to replace 
professional coaching or elite-level performance analysis. Instead, it is an accessible decision-support 
tool for badminton enthusiasts, amateur players, and beginner or developmental teams. The current 
human-in-the-loop evaluation involved only two experts and 30 stroke videos, which may limit the 
generalizability of the findings. Future work will include more experts, players, and stroke samples, 
and incorporate quantitative evaluation metrics such as inter-rater agreement, coach approval rate, and 
user-perceived usefulness. 

Unlike traditional rule-based systems, the proposed LLM-assisted coaching framework utilizes 
structured inputs consisting of stroke type, six SPIs, hierarchical fuzzy assessment results, and radar-
chart ratings to generate personalized coaching feedback. Both the SPIs and the HFIS outputs are 
continuous-valued variables. Consequently, constructing a rule-based feedback system would require 
discretizing these continuous results into manually selected intervals before designing corresponding 
response rules and templates. Such discretization inevitably introduces additional heuristic thresholds 
that may influence the generated coaching responses. Furthermore, as the number of stroke types, 
performance indicators, and coaching knowledge increases, the number of handcrafted rules and 
response templates grows rapidly, making the system difficult to scale and maintain. Therefore, rather 
than comparing different natural-language generation approaches, this study focuses on validating 
whether the LLM-generated coaching feedback is technically correct, consistent with expert judgments, 
and practically useful through human-in-the-loop evaluation. 

6. Conclusions 

This study presented an explainable AI framework for badminton stroke-quality assessment using 
vision-based motion analysis and LLM-assisted coaching analytics. The proposed framework 
integrates stroke event segmentation, human pose estimation, motion feature extraction, stroke type 
recognition, hierarchical fuzzy assessment, and natural-language coaching feedback generation within 
a unified pipeline. Six SPIs were proposed to characterize badminton stroke execution from multiple 
biomechanical perspectives, including swing velocity, trajectory smoothness, wrist posture, elbow 
posture, footwork efficiency, and racket control. To improve interpretability and reduce the complexity 
of multi-criteria assessment, an HFIS was developed to progressively aggregate the six SPIs into three 
intermediate biomechanical assessments, including swing mechanics, joint coordination, and stroke 
control, and then generate an overall stroke-quality score. Furthermore, a knowledge-guided LLM-
assisted coaching module was introduced to transform the structured assessment results into grounded, 
personalized, and human-readable coaching feedback. Experimental results demonstrated the 
effectiveness and robustness of the proposed framework. The proposed mST-GCN++ achieved reliable 
stroke recognition performance under both random-split and leave-one-subject-out evaluation 
protocols. The proposed stroke-quality assessment framework also showed strong agreement with 
expert evaluations, as indicated by correlation, intraclass correlation, and error analyses. In addition, a 
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supplementary binary analysis of effective and ineffective strokes suggested that the proposed 
assessment scores are generally consistent with practical rally outcomes under the adopted evaluation 
protocol. Finally, the human-in-the-loop evaluation involving badminton experts and players 
confirmed that the generated coaching feedback is technically appropriate, interpretable, and 
practically useful for badminton training. Overall, the proposed framework demonstrates that 
structured biomechanical representations, transparent fuzzy reasoning, and large language models can 
be effectively integrated into an explainable AI system for personalized sports coaching. 

Although promising results have been achieved, several limitations remain. The current 
framework assumes an unobstructed smartphone camera view of the player, and severe body occlusion, 
unfavorable camera viewpoints, poor illumination, or motion blur may degrade assessment 
performance. Future work will focus on enhancing the robustness and generalizability of the proposed 
framework through uncertainty-aware assessment under unconstrained recording conditions. In 
addition, the assessment framework will be extended to cover a broader range of badminton techniques, 
incorporate player-specific adaptive reference models, and integrate multimodal sensor information to 
further improve assessment accuracy, robustness, and practical coaching effectiveness. 
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