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Abstract

We propose a graph-based, explainable golf swing analysis framework that integrates
human body keypoints with golf club keypoints to predict ball flight outcomes. We
collected 321 driver swing sequences from six amateur golfers in a controlled studio
setting, synchronizing monocular swing videos with TrackMan-derived ball trajectory
measurements. Using a unified spatial–temporal graph that jointly models body joints and
golf club keypoints, we trained graph neural networks (ST-GCN and STGAT) to perform
three prediction tasks: Spin Axis and Launch Direction (classification) and Ball Speed
(regression). Model performance was evaluated using AUC and accuracy for classification,
and R2 and RMSE for regression. STGAT achieved the best overall performance, reaching
an AUC of 0.9188 and an accuracy of 78.33% for Spin Axis classification, an AUC of 0.7599
and an accuracy of 69.81% for Launch Direction classification, and an R2 of 0.6925 with
an RMSE of 6.4020 for Ball Speed prediction, outperforming traditional machine learning
baselines. Finally, we applied Integrated Gradients to quantify the importance of both body
and club keypoints across swing phases, enabling interpretable, phase-specific feedback to
support individualized swing refinement.

Keywords: sports biomechanics; golf swing analysis; human body joints; graph networks;
explainable AI

1. Introduction
Human motion analysis has become an important research topic in computer vision,

particularly with the advancement of skeleton-based representations that describe human
movement through joint trajectories [1,2]. Recent improvements in human pose estimation
(HPE) have made high-quality skeleton data widely accessible [3,4]. Graph-based models,
such as Graph Convolutional Networks (GCNs), have shown strong capability in modeling
structured spatial–temporal relationships among joints [5].

Golf swing performance relies on precise biomechanical coordination, where subtle
variations in joint motion can significantly influence ball trajectory and flight outcomes [6].
Consequently, accurate and interpretable analysis of swing mechanics is essential for
performance improvement and effective training [7].
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Existing research has applied skeleton-based techniques to golf swing phase classifica-
tion or comparison with expert references [8–10]. However, important limitations remain.
Most approaches focus primarily on body joints and do not explicitly incorporate golf club
dynamics, despite the critical role of club–body interaction in determining ball flight char-
acteristics [11]. Moreover, prior studies rarely establish a quantitative relationship between
swing kinematics and measured ball trajectory outcomes. Finally, joint-level contributions
to performance are insufficiently interpreted, limiting the ability to provide actionable and
individualized feedback.

To address these gaps, we propose a graph-based golf swing analysis framework that
integrates body joints and club keypoints within a unified spatial–temporal representation.
By jointly modeling human kinematics and equipment interaction, the proposed approach
enables quantitative analysis of swing mechanics in relation to ball flight outcomes. In
addition, we incorporate explainable artificial intelligence (XAI) techniques to identify
phase-specific and joint-level contributions, facilitating interpretable biomechanical insights
and personalized feedback.

In addition to prediction, this framework may provide a useful basis for examining
how phase-specific body and club kinematics are associated with ball flight outcomes.
Because golf swing performance depends on coordinated body and club motion, analyzing
the influence of individual body joints and club keypoints across swing phases may help
identify which components of the swing warrant closer technical evaluation. For example,
phase-specific attribution patterns may help distinguish whether directional errors are
more closely associated with rotational coordination and lower-body support during the
backswing, impact, and finish, or whether performance differences are more closely related
to club-head and upper-limb behavior around impact. By comparing good and bad swings
and indicating how influential keypoints differ across phases, the proposed approach may
support more structured interpretation of where corrective attention should be directed
within the swing sequence.

The main contributions of this work are summarized as follows:

• We introduce a spatial–temporal graph framework that explicitly integrates golf club
and body keypoints for swing modeling.

• We establish a quantitative link between swing mechanics and ball flight outcomes
using synchronized motion and ball trajectory data.

• We provide interpretable, phase-specific feedback through joint-level attribution anal-
ysis, bridging data-driven modeling and practical golf training applications.

2. Related Work
2.1. Prior Vision-Based Golf Swing Analysis

Recent vision-based studies have demonstrated the feasibility of analyzing golf swings
using pose- or video-based representations, particularly for swing phase classification,
similarity assessment, and self-training support [8]. These studies showed that skeleton-
based motion representations can provide useful information for evaluating swing form
and identifying deviations from expert references.

However, several limitations remain in the recent vision-based and coaching-oriented
golf swing assessment literature [10,12]. First, many existing approaches rely primarily on
body-pose or joint-based representations and do not explicitly model golf club kinematics,
despite the importance of coordinated club–body motion for impact efficiency and ball
flight behavior. Second, much of the prior work has focused on qualitative coaching
cues, similarity to expert swings, or benchmark-based discrimination between skill levels,
whereas relatively fewer studies have directly modeled quantitative links between swing
kinematics and objective shot outcomes such as Ball Speed, smash factor, launch conditions,
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or carry distance. Consequently, the relationship between observed motion patterns and
measured shot performance remains only partially characterized [6].

In this context, there is a need for a golf swing analysis framework that moves beyond
pose-only assessment and explicitly models both body motion and club interaction in
relation to outcome variables. Such an approach would enable a more performance-oriented
interpretation of swing mechanics and provide a stronger foundation for practical feedback.

2.2. Graph-Based & Explainable Motion Analysis for Sports

Graph-based models have shown strong potential for analyzing skeleton sequences
because they explicitly represent structured spatial relationships among keypoints while
preserving temporal motion dynamics [9,10]. In particular, spatio-temporal graph architec-
tures such as ST-GCN have been widely adopted for human motion understanding, and
attention-based variants such as STGAT further improve the modeling of informative and
non-local interactions between keypoints. These properties are especially relevant in sports
motions, where coordinated movement across distant body segments can substantially
influence performance [11].

In parallel, explainable artificial intelligence has become increasingly important in
sports analytics, as it enables the interpretation of model predictions in biomechanically
meaningful terms. Explainability is particularly valuable when the goal is not only to
predict outcomes but also to identify which joints or motion phases contribute most strongly
to performance-related variables [13]. Nevertheless, existing graph-based and explainable
motion analysis studies have only limitedly addressed sports scenarios involving explicit
body–equipment interaction and quantitatively measured performance outcomes [14,15].

Therefore, combining graph-based motion modeling with interpretable attribution
analysis is a promising direction for golf swing analysis. Such a framework can better
reflect the coordinated dynamics underlying swing mechanics while also supporting phase-
specific interpretation linked to objective ball flight results.

3. Methods
3.1. Overall Framework

This study follows a three-stage framework for outcome-driven and explainable golf
swing analysis, as summarized in Figure 1. First, swing videos are processed to extract body
joint keypoints through human pose estimation (HPE) and golf club keypoints through
object detection. These keypoints are integrated into a unified spatial–temporal graph
representation that explicitly models both human kinematics and club–body interaction.
Second, synchronized ball trajectory measurements are collected to establish a quantitative
relationship between swing mechanics and ball flight outcomes. Finally, graph-based
models are employed to capture spatial–temporal motion dynamics, and explainable
artificial intelligence (XAI) techniques are applied to identify phase-specific and joint-level
contributions, enabling interpretable and individualized feedback generation.

3.2. Data Collection

We collect swing data from six male amateur golfers in a controlled studio environ-
ment equipped with TrackMan 4 [16]. The participants span a range of technical levels, as
summarized in Table 1. Golf swings can vary substantially across individuals. Accordingly,
the sample represents a range of technical levels and swing postures, allowing the analysis
to examine keypoint contributions associated with effective swing outcomes. Participants
use two identical drivers and aim for maximum distance and accuracy toward a predeter-
mined target. The iPhone records swing videos at 720 × 720 resolution and 30 fps, while
TrackMan 4 automatically computes ball trajectory data.
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Figure 1. Overall architecture of the proposed framework. (a) Swing videos are processed through
object detection and human pose estimation to extract club and body keypoints. The extracted
keypoints are then organized into a graph structure. (b) Ball information is simultaneously collected.
(c) The collected data are analyzed using GCNs, with XAI applied to perform swing analysis and to
provide individual feedback.

A total of 563 swings were initially collected. To construct a curated dataset represent-
ing stable and analyzable driver swings, we excluded clear outliers by retaining only shots
that satisfied predefined distance and directional criteria. Specifically, under-hit shots and
extremely misdirected swings were removed in order to focus the analysis on representative
swing mechanics rather than highly unstable impact events. After this preprocessing step,
321 swing sequences were retained for subsequent analysis.

Table 1. Detailed participant characteristics of the annotated golf swing dataset, including handicap,
golf experience in years or months, and weekly training frequency. Technical level was determined
by considering these self-reported characteristics together with swing outcomes.

Participant Handicap Golf Experience Training Freq. Technical Level

Player 1 15 5 years 2 times/wk Advanced
Player 2 28 6 months 2 times/wk Novice
Player 3 36 3 months 3 times/wk Novice
Player 4 22 2 years 2 times/wk Intermediate
Player 5 20 3 years 2 times/wk Intermediate
Player 6 8 7 years 1 times/wk Advanced
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3.3. Tracking Club Information

To reflect the unique characteristics of golf swing analysis, we incorporate golf-specific
factors into our study. Golf involves the use of clubs: the club-head that strikes the ball and
the club-grip that connects to the golfer’s body crucial keypoints. However, traditional
detectors struggle to capture the high-speed club movement during the swing.

Therefore, we perform manual labeling using the Roboflow framework (https://
roboflow.com (accesed on 3 April 2026)). We extract all frames from a video and randomly
select frames from the start to the end of the swing to annotate bounding boxes for the
club-head and club-grip. In total, 4812 bounding boxes for the club-head and 4639 for the
club-grip are annotated. We then fine-tune a YOLO11m model on our dataset to perform
object detection. The dataset is split into training, validation, and test sets in a 7:2:1 ratio to
ensure robust model evaluation. To verify the reliability of the extracted club keypoints
used as model inputs, we report the detection performance in Table 2.

Table 2. Evaluation results of YOLO11m on the golf swing dataset for club-head and club-grip detec-
tion. The arrows indicate that higher values correspond to better performance.

Precision (↑) Recall (↑) F1-Score (↑) mAP@50 (↑)

Overall 0.9707 0.9522 0.9613 0.9724
Grip 0.9666 0.9562 0.9614 –
Head 0.9655 0.9605 0.9630 –

3.4. Human Pose Estimation

We use a pre-trained YOLO11m-pose model to extract skeleton data from the swing
video. This model extracts 17 keypoints and incorporates the club-head and club-grip
coordinates. The facial keypoints consist of two eyes, two ears, and one nose, which are
often occluded, leading to reduced accuracy. Thus, we only use the nose keypoint as a
proxy for golfer-head movements to reduce input complexity and mitigate overfitting.
Following this, Table 3 presents the definition of keypoints used in the graph structure,
covering all body and club keypoints extracted from the swing video.

Table 3. Description of body joint and club keypoints used to build the graph model for analyzing
golf swing mechanics.

Index Keypoint Index Keypoint Index Keypoint

0 Golfer-Head 5 Left-Wrist 10 Right-Knee
1 Left-Shoulder 6 Right-Wrist 11 Left-Ankle
2 Right-Shoulder 7 Left-Hip 12 Right-Ankle
3 Left-Elbow 8 Right-Hip 13 Club-Head
4 Right-Elbow 9 Left-Knee 14 Club-Grip

3.5. Keypoint Graph Structure

For each swing video, we extract keypoint coordinates in the form of a tensor with
dimensions (C, T, V, M) for input into the models. C denotes the x and y coordinates,
along with the confidence score. T represents the number of frames, with each video is
standardized to a consistent length of 368 frames. V is the number of keypoints, with
15 keypoints used for the analysis. M represents the number of individuals in the video,
which is set to 1 because the data collection focuses on a single golfer.
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In practice, keypoint detection is not always reliable due to factors such as occlusion
and motion blur. To address this, we apply linear interpolation and the Savitzky–Golay filter
to the x and y coordinates, thereby smoothing missing values and improving data quality.

3.6. Applying Integrated Gradients

This analysis applies IG to STGAT models by considering into account their graph
topology. To compute IG in STGAT, unconnected keypoint pairs are masked. For these
masked pairs, attention values are set to negative infinity, preventing direct gradient com-
putation. Instead, since STGAT attention can propagate through noncontiguous keypoints
via multiple paths, gradients can still be obtained indirectly.

The zero baseline commonly used in conventional IG is inappropriate for structured
human movements like golf swings. Human joints can only move within specific ranges
due to physical constraints, and complete zero states are anatomically impossible. Therefore,
a more realistic reference is required to represent natural postures in golf swings. To address
this, we divide the swing motion into eight distinct phases [17]: Address, Takeaway,
Backswing, Top, Downswing, Impact, Follow-through, and Finish. We adopt the first frame
of each phase as the baseline for IG calculation, setting the joint positions at the start of
each phase as reference points and enabling relative measurement of changes occurring
during the swing.

3.7. Data Preparation and Augmentation

All experiments are conducted under identical preprocessing, data splitting, and
evaluation to ensure a fair and unbiased comparison. The dataset is split into training,
validation, and test sets at a 7:2:1 ratio. To improve model generalization and address
class imbalance, various data augmentation techniques are applied to both training and
validation data. Specifically, Gaussian noise-based augmentation is used to enhance data
diversity and mitigate the issue of limited training data. Augmentation is also applied to
underrepresented classes to achieve a more balanced data distribution. These steps are
taken with the goal of reducing bias and improving model performance across all classes.
However, during testing, only real swing data is used to preserve the realism of the results.

3.8. Target Variables

We apply different prediction approaches depending on the target variable. The
primary goal of a golf swing is to achieve both accuracy and sufficient distance. Spin
Axis and Launch Direction are indicators that quantify the accuracy of the swing outcome.
Specifically, Spin Axis measures how much the ball curves during flight, and Launch Direction
represents the initial angle of the shot. To classify these variables, we define thresholds of
−7 to 7 degrees for Spin Axis and −5 to 5 degrees for Launch Direction, based on typical
shot variations such as hook, straight, and slice. Ball Speed serves as an effective measure
of a golfer’s ability to generate power for longer shots. Since Ball Speed is a continuous
measure of shot power, we use a regression approach to predict this value.

3.9. Implementation Details

To ensure a fair comparison, all models were trained under the same conditions. The
AdamW optimizer was used, with an adaptive learning rate ranging from 10−3 to 10−5, and
momentum parameters set to β1 = 0.9 and β2 = 0.999. A ReduceLROnPlateau scheduler
was used to dynamically adjust the learning rate based on validation performance, with
patience values ranging from 3 to 7 epochs depending on the experimental setup. For the
loss functions, MSE loss was applied to regression tasks, while cross-entropy loss was used
for classification tasks. The batch size was set to 16, and early stopping was not applied to
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allow full model convergence under the same training procedure. All experiments were
conducted on a single NVIDIA RTX 4090 GPU.

4. Results
4.1. Dataset Characteristics

Figure 2 illustrates the distribution of the curated swing dataset across total distance
and lateral deviation for the six participants. To refine the dataset, we removed outliers
and retained only swings with ball distances exceeding 137.2 m and lateral deviations
within 27.4 m to either side. Following these preprocessing steps, 321 swing sequences
were retained from the initial 563 recorded shots for our analysis. The retained samples are
concentrated within the predefined target region, indicating that the final dataset primarily
consists of representative driver swings with sufficient distance and moderate directional
control. The figure also reveals inter-participant variability in shot dispersion, reflecting
natural differences in swing consistency among the golfers.
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Figure 2. Distribution of the curated golf swing dataset across total distance and lateral deviation for
the six participants. Each point represents one recorded shot. The red box indicates the target zone
used to retain representative swings for subsequent analysis.
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4.2. Overall Performance

We present the experimental results of predicting three target variables (Spin Axis,
Launch Direction, and Ball Speed) using keypoints extracted from our dataset. To this end,
the experiments are conducted with two graph-based models, ST-GCN and STGAT, as well
as four traditional machine learning methods: Logistic Regression (LR), Extreme Gradient
Boosting (XGBoost), Support Vector Machine (SVM), and Random Forest (RF). Table 4
compares the results across all evaluated models.

Among the evaluated models, STGAT achieves the best performance on most target
variables, outperforming both traditional machine learning methods and ST-GCN. In
particular, it yields the highest AUC and accuracy for Spin Axis classification and the
highest accuracy for Launch Direction, while also showing competitive performance for
Ball Speed regression. These results demonstrate that the graph-based spatial–temporal
modeling approach is effective for representing golf swing dynamics.

Table 4. Performance comparison across models for three target variables. For classification tasks,
AUC and accuracy (Acc.) are reported (higher is better). For regression, R2 (higher is better) and
RMSE (lower is better) are reported. Best results are highlighted in bold. The uparrow indicates that
higher values correspond to better performance, while the downarrow indicates that lower values
correspond to better performance.

Model
Spin Axis Launch Direction Ball Speed

AUC (↑) Acc. (%) (↑) AUC (↑) Acc. (%) (↑) R2 (↑) RMSE (↓)

LR 0.6902 57.78 0.7200 46.67 0.6354 7.8400
XGBoost 0.6283 36.67 0.6800 36.67 0.6051 8.4696

SVM 0.6767 46.67 0.6933 43.33 0.6397 7.7939
RF 0.6933 46.67 0.7042 36.67 0.7802 6.0870

ST-GCN 0.6576 51.67 0.7767 67.92 0.5694 10.2292
STGAT 0.9188 78.33 0.7599 69.81 0.6925 6.4020

4.3. Ablation Study

We conduct experiments to investigate the impact of incorporating club information
into the joint coordinate features. As shown in Table 5, adding club keypoints improves
accuracy and regression performance in several settings, particularly for Ball Speed pre-
diction and classification accuracy. However, some AUC values remain higher in the
skeleton-only configuration, indicating that the effect of club information is not uniform
across all evaluation metrics.

Table 5. Ablation study evaluating the effect of incorporating club keypoints. * denotes skeleton-only
input without club information. Higher values indicate better performance for AUC, accuracy, and
R2, while lower values indicate better performance for RMSE. Best results are highlighted in bold.
The uparrow indicates that higher values correspond to better performance, while the downarrow
indicates that lower values correspond to better performance.

Model
Spin Axis Launch Direction Ball Speed

AUC (↑) Acc. (%) (↑) AUC (↑) Acc. (%) (↑) R2 (↑) RMSE (↓)

ST-GCN * 0.7404 51.67 0.7910 66.04 0.5504 11.4599
ST-GCN 0.6576 51.67 0.7767 67.92 0.5694 10.2292

STGAT * 0.9437 75.00 0.8332 67.92 0.6418 6.9091
STGAT 0.9188 78.33 0.7599 69.81 0.6925 6.4020
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4.4. Explainable Swing Analysis

To quantitatively evaluate the explainability of the proposed framework, we analyze
the attribution patterns obtained from Integrated Gradients (IGs) and examine their re-
lationship to swing performance outcomes. The IG analysis is conducted on the trained
STGAT model. From the test dataset, we select one representative swing with a correct and
confident prediction and another swing with an incorrect or low-confidence prediction.
Among the 15 total keypoints, the five most influential keypoints for the best swing are
identified using the absolute IG attributions. For the worst swing, the same five keypoints
are evaluated to examine how their attributions differ under suboptimal mechanics. This
approach enables the interpretation of how keypoints contribute to swing mechanics.

Figure 3 presents the IG analysis of our STGAT model for Spin Axis classification. In
this example, the best swing is associated with five dominant keypoints: the Left-Shoulder,
Left-Hip, Right-Hip, Right-Ankle, and Left-Ankle. Their attributions are concentrated
mainly during the backswing, impact, and finish phases, indicating that these keypoints
contribute strongly during critical portions of the swing sequence.
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Figure 3. A detailed IG analysis of Spin Axis classification that compares the best and worst swings.
The analysis shows how the contributions of keypoints vary across different phases of the swing. For
visual clarity, the first 50 frames at the beginning of the swing and the last frames after its completion
were omitted.

By comparison, the worst swing relies disproportionately on the downswing and
contributes little at impact. This imbalance reveals disrupted body rotation and insufficient
lower body support, leading to reduced accuracy toward the target.

To analyze the change in the IG attributions and its corresponding effect on the results,
one keypoint is selected from the good swing and the trajectory for that specific keypoint is
applied to replace the corresponding keypoint in the bad swing. The other 14 keypoints
stay unchanged. Once the keypoint is changed, a cubic spline interpolation is applied to
the time axis of the swing to reconstruct a natural trajectory. Additionally, the physical
information of the club’s length is maintained consistently. The analysis is repeated by
changing keypoints one by one, observing and tracking the changes in both the IG and
target values.

Figure 4 shows the average Ball Speed improvement and the average change in IG
attribution for the top five keypoints identified in the swing analysis. The club-head exhibits
the largest average improvement in Ball Speed, followed by the club-grip and upper-limb
joints. Overall, the results show that modifying a small set of influential keypoints can
produce measurable changes in the predicted performance outcome. These attribution
patterns were further translated into phase-specific corrective feedback, which is discussed
in Section 5.

https://doi.org/10.3390/app16083813

https://doi.org/10.3390/app16083813


Appl. Sci. 2026, 16, 3813 10 of 14

Club-Head
Club-Grip

Left-E
lbow

Left-W
rist

Right-Wrist
0

1

2

3

4

Av
g.

 B
al

l S
pe

ed
 Im

pr
ov

em
en

t (
m

ph
) +4.30

+1.33
+1.09 +1.00 +0.97

0

20

40

60

80

100

120

140

Av
g.

 IG
 A

ttr
ib

ut
io

n 
Ch

an
ge

Ball Speed Improvement
IG Attribution Change

Figure 4. A visualization of the corresponding Ball Speed improvement (green) and the average
change in IG attribution (blue) across the top five keypoints.

5. Discussion
5.1. Principal Findings

The present study yields three main findings. First, graph-based models were effective
in capturing swing mechanics associated with ball flight outcomes. Second, incorporating
club keypoints improved the physical expressiveness of the motion representation by
modeling body–equipment interaction. Third, the explainability framework revealed phase-
specific and joint-level attribution patterns that supported interpretable swing analysis and
individualized feedback.

5.2. Effect of Incorporating Club Keypoints

While several previous golf analysis systems utilized skeletal motion features [8,9],
few explicitly modeled club dynamics as independent graph nodes. As shown in Table 5,
the ablation analysis supports the relevance of incorporating club keypoints within the
unified graph representation. Because club-head motion directly mediates impact con-
ditions and early ball flight characteristics [11], modeling club and body joints within
the same structured framework enables a more physically grounded representation of
swing mechanics.

A central implication of the ablation results is that club information should not be
treated as an auxiliary cue, but as an integral component of golf swing representation. In
golf, outcome variables such as Launch Direction, Spin Axis, and Ball Speed are strongly
influenced by impact conditions, which are directly mediated by club-head motion and
its coordination with the body. Accordingly, representing the club-head and club-grip as
explicit graph nodes allows the model to capture interactions that cannot be fully inferred
from body joints alone. This is particularly important because visually similar body
postures may still produce different shot outcomes when the club path, face orientation, or
timing of body–club coordination differs.

The use of multiple outcome variables with distinct statistical properties allows evalu-
ation of whether the proposed representation consistently captures performance-relevant
swing dynamics. Across both directional (classification) and power-related (regression)
targets, integrating club–body interaction contributes to a more comprehensive modeling
of outcome-relevant motion. Thus, the contribution of club modeling lies in enhancing the
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physical expressiveness and outcome alignment of the swing representation rather than in
isolated metric improvements.

5.3. Interpretability and Biomechanical Consistency

Compared to other explainability approaches [18,19], the use of Integrated Gradi-
ents [20] with phase-specific baselines provides a more biomechanically grounded inter-
pretative framework. By anchoring attribution to realistic swing postures rather than
zero-valued reference states, the analysis preserves biomechanical validity and mitigates
the risk of generating physically implausible saliency artifacts.

In addition, the attribution results also support biomechanical interpretation of swing
performance. The observed importance patterns indicate that club-related keypoints
and upper-limb segments contribute substantially to performance variation, while their
influence changes across swing phases. This phase dependency is important because golf
performance is not determined by a single static posture, but by the sequential transfer of
motion through the swing. In this sense, the proposed attribution framework provides a
more meaningful interpretation than frame-level saliency alone, as it links model relevance
to temporally localized mechanics that are consistent with the kinematic structure of the
golf swing.This design choice enhances the credibility of the interpretability results and
strengthens the overall transparency of the proposed framework.

5.4. Practical Implications

From an applied perspective, the proposed framework is relevant because it supports
outcome-oriented swing assessment using relatively accessible data acquisition settings.
By relying on monocular video and synchronized launch-monitor measurements [4], the
method can be integrated into controlled indoor practice environments without requiring
full motion-capture laboratories or wearable sensor systems [16]. This improves feasibility
for routine use in coaching and performance analysis.

More importantly, the framework provides information that is directly actionable
in training contexts. Coaches can use the phase-specific attribution patterns to identify
not only which joints or club segments are most influential, but also when during the
swing sequence corrective emphasis should be placed. For athletes, this enables a clearer
distinction between outcome-relevant errors and visually noticeable but performance-
neutral variations. For performance analysts, the framework offers a quantitative basis
for linking swing mechanics to measurable shot results, which may support longitudinal
monitoring of technical adjustments and individualized intervention strategies.

In addition to the quantitative attribution analysis, Figure 5 illustrates how the ex-
plainability results can be translated into phase-specific corrective feedback. By visualizing
directional adjustment vectors for the most influential keypoints across the eight swing
phases, this figure highlights the practical use of the proposed framework for individu-
alized coaching and training. Rather than representing a direct experimental result, this
visualization serves as an application-oriented interpretation of the attribution patterns
identified by the model.

5.5. Limitations of the Study and Future Research Directions

This study has several limitations. The dataset is limited to six amateur golfers
collected in a controlled indoor environment, and subject-disjoint evaluation on a larger and
more diverse participant pool is necessary to assess generalization. In addition, the current
representation relies on 2D keypoints extracted from monocular video; incorporating 3D
kinematics and richer club representations may further improve biomechanical fidelity
and robustness.
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Figure 5. Keyframes illustrating the eight distinct phases of a single swing with directional vectors
showing the adjustments required for the five most influential keypoints.

For Spin Axis and Launch Direction, predefined angular ranges were used to formulate
directional performance as classification tasks. While this discretization enables structured
evaluation, future work may explore continuous modeling or adaptive thresholding to
capture finer-grained outcome dynamics. Finally, although TrackMan provides objective
measurements [16], measurement variability may affect label precision. Future work
will include repeated trials, uncertainty-aware modeling, and validation across multiple
environments to enhance reliability and generalizability.

6. Conclusions
We propose a comprehensive framework for golf swing analysis that integrates hu-

man joint and club keypoints into a spatial–temporal graph constructed from paired swing
videos and ball trajectory data. By explicitly modeling both body motion and equip-
ment interaction, the proposed approach provides a more complete representation of
swing mechanics than skeleton-only methods. The experimental results demonstrate
that graph-based models effectively capture complex swing dynamics, and the abla-
tion study further confirms that incorporating club information is essential for accurate
performance evaluation.

Beyond predictive performance, a key contribution of this work lies in its interpretabil-
ity. By applying explainable AI techniques, we enable detailed, joint-level biomechanical
analysis across different phases of the golf swing, revealing how specific body joints and
club movements contribute to swing outcomes. This interpretability allows the proposed
framework to deliver individualized, phase-specific feedback, bridging the gap between
data-driven modeling and practical coaching insights.

Overall, this study demonstrates that meaningful and fine-grained biomechanical
analysis is achievable even for highly repetitive and fast sports motions such as the golf
swing. The proposed framework not only advances golf swing analysis but also provides a
generalizable methodology for motion analysis in other equipment-based sports, where
understanding the interaction between the athlete and equipment is critical for performance
assessment and improvement.
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