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ABSTRACT

Relevance. Quantitative assessment of golf-stick motion matters for sport biomechanics, coaching, rehabilitation, and virtual-
reality training. Laboratory marker-based capture is precise but impractical for routine field use, whereas markerless monocular video
still suffers from noise, missed detections, foreshortening, and perspective scale variation. Aim of the article. The aim is to develop
and evaluate a reproducible markerless workflow that converts heterogeneous golf-stick video into interpretable kinematic indicators
with explicit comparison of raw, filtered, and smoothed trajectories. Objectives. Objectives are to formalize filtering and smoothing;
stabilize dynamic pixel-to-metre scaling; export path-quality and phase indicators; and quantify between-session dispersion while
reporting diagnostic sensitivity, ablation, and keyframe-timing checks. Methods. The implemented pipeline uses offline MediaPipe-
based landmarks, median pre-filtering, a constant-velocity Kalman filter with residual-adaptive measurement noise and physical
gating, Rauch—Tung-Striebel smoothing, despiking with bounded polynomial smoothing, and dynamic scale calibration from the
detected stick length with an assumed physical reference length. Apparent two-dimensional speed, acceleration, jerk, curvature, path
efficiency, tempo, phase durations, and a smoothness index are exported. Evaluation covered all available heterogeneous field
sessions under the scientific filtering profile. Scientific novelty. Novelty lies in coordinating these components in one reproducible
workflow with transparent stage comparison and a clear split between implemented processing and planned external validation.
Practical significance. Ordinary smartphone video can yield interpretable swing-quality indicators for research, coaching, and
virtual-reality training without motion-capture hardware, if values are treated as apparent monocular two-dimensional estimates
rather than laboratory ground truth. Results. All sessions were processed successfully. Smoothness index and path efficiency had the
lowest between-session coefficients of variation, while peak derivative and phase metrics were highly dispersed. Keyframe-timing
errors were large and are not accepted as accuracy evidence; sensitivity and ablation outputs remain computational diagnostics only.
Conclusions. Global path-quality metrics are comparatively less dispersed than peak derivatives under heterogeneous capture, but
measurement validity is unconfirmed until paired test-retest designs and independent spatial references are available.
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INTRODUCTION

Quantitative assessment of human movement is
important for sport biomechanics, rehabilitation,
coaching technologies, and virtual-reality training
systems. Traditional marker-based optical motion-
capture systems can provide high spatial accuracy,

Markerless computer-vision methods reduce
this barrier by estimating human body landmarks
and object landmarks from ordinary video [3], [4],
[5]. For golf-stick movement, such a system can
track the stick tip, estimate speed and angular
motion, detect swing phases, and calculate

but their practical use requires calibrated laboratory
space, several synchronized cameras, reflective
markers, trained operators, and post-processing
procedures [1], [2]. These requirements limit
repeated field use and reduce ecological validity in
sports where natural motion and rapid setup are
important.

© Syniuk 1., Maksymov M., Maksymov O.,
lyer Karthik, 2026

movement-quality indicators. This is relevant for
virtual-reality environments because the same
measurement pipeline can support feedback, session
comparison, and training analytics  without
specialized motion-capture hardware.

However, markerless tracking does not
automatically produce reliable biomechanical
measurements. Raw landmark coordinates from
monocular video are affected by frame-to-frame
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noise, missed detections, outliers caused by motion
blur or occlusion, and apparent scale changes caused
by camera geometry. Differentiation amplifies these
errors when velocity, acceleration, jerk, and angular
velocity are computed [6], [7]. Therefore, a
scientific article must not only show a visually
plausible trajectory. It must explain the motion-
processing pipeline, define the filtering and
smoothing models, compare raw and processed
signals, and report which metrics are stable enough
for interpretation.

The present study develops a reproducible
video-based pipeline for golf-stick motion analysis.
The main contribution is not a new isolated filter,
but a coordinated measurement workflow that
combines robust landmark handling, Kalman
filtering, backward smoothing, scale adaptation,
phase segmentation, and between-session dispersion
assessment on heterogeneous field video. This
formulation addresses practical limitations of
markerless recordings and frames the present
outputs as diagnostic evidence pending controlled
external validation. The overall processing
architecture is shown in Fig. 1.

LITERATURE REVIEW AND PROBLEM
STATEMENT

Sports biomechanics has long used kinematic
analysis to describe movement timing, segment
coordination, implement speed, and movement
smoothness [1], [2], [8]. In golf, relevant indicators
include club or stick speed, swing tempo, wrist
mechanics, shoulder and hip rotation, sequencing,
and impact timing [9], [10], [11], [23]. Marker-based
approaches remain the most controlled measurement
option, while wearable inertial sensors provide a
portable alternative for field instrumentation [24];
nevertheless, both are less convenient than ordinary
video for rapid, routine field use.

Deep learning-based pose-estimation systems
such as OpenPose and MediaPipe have made

markerless analysis more practical [3], [4], [5]
These systems are widely used because they operate
with ordinary cameras and can provide body
landmarks in near real time [25], [29], [31].
Nevertheless, the accuracy and stability of
markerless landmarks depend on camera view,
lighting, motion blur, occlusion, and model
confidence. Studies of motion-capture accuracy
emphasize that sport applications require careful
validation and that two-dimensional monocular
projections cannot fully replace calibrated three-
dimensional systems [12], [13], [26], [27], [28],
[31].

Signal filtering is therefore essential. Median
filtering is useful for suppressing impulse outliers
[14]. Kalman filtering provides a recursive state
estimate by combining a dynamic model with noisy
measurements [15], [16]. When offline analysis is
possible, Rauch-Tung-Striebel smoothing improves
state estimates by using future observations after the
forward pass [17]. Polynomial smoothing, including
Savitzky-Golay-type  approaches, can reduce
derivative noise while preserving local trajectory
shape [18]. In movement analysis, smoothness
metrics based on jerk are commonly used but must
be interpreted carefully because derivatives amplify
measurement noise [19].

For markerless video-based golf-stick tracking,
the unresolved problem is not only filtering the
trajectory. A publication-quality method must also:
(1) describe how landmarks and scale are obtained,;
(2) define how missing or uncertain measurements
affect the filter; (3) compare raw, filtered, and
smoothed trajectories; (4) quantify between-session
dispersion on heterogeneous corpora without
overclaiming test-retest repeatability; and (5) define
external  validation and  sensitivity-analysis
procedures. Without these elements, the study
demonstrates software robustness but not yet full
measurement validity.

Markerless golf-stick motion-analysis pipeline
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The workflow converts raw video landmarks into stable trajectories, phase metrics, repeatability tables and article figures.

Fig. 1. Architecture of the markerless golf-stick motion-analysis pipeline
Source: compiled by the authors
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The problem addressed in this article is
therefore the development and evaluation of a
reproducible markerless pipeline that can process
heterogeneous golf-stick videos, export scientifically
interpretable metrics, and identify which indicators
are stable enough for cross-session comparison.

RESEARCH AIM AND OBJECTIVES

The aim of the research is to develop and
evaluate a reproducible markerless video-based
workflow for golf-stick motion analysis in sport-
biomechanics and virtual-reality training
applications.

The research objectives are:

1. To describe the complete motion-tracking
pipeline from video landmarks to exported
kinematic and biomechanical metrics.

2. To formulate the Kalman filtering and
Rauch-Tung-Striebel smoothing stages used to
stabilize the golf-stick tip trajectory.

3. To define raw, filtered, and smoothed
trajectory streams and the comparison methodology
between them.

4. To stabilize dynamic pixel-to-metre scaling
under heterogeneous camera geometry.

5.To compute path-efficiency,
smoothness, and phase-specific indicators.

6. To quantify between-session dispersion of
exported metrics across the available processed
sessions.

7.To report diagnostic keyframe-timing,
controlled sensitivity perturbations, and ablation
consistency checks, while clearly separating these
diagnostics from planned controlled validation
against independent spatial references.

MATERIALS AND METHODS

Dataset and study design

The present dataset contains recorded golf-stick
swing sessions processed by the proposed
markerless video-analysis pipeline. The evaluation
export includes 71 processed sessions, all analysed
with the scientific filtering profile. The recordings
are heterogeneous in frame count and frame rate: the
observed frame-rate range is 23.98-60.00 frames per
second, and the frame count ranges from 60 to 1161
frames per session. Viewpoints, stroke categories,
and quality tags are summarized in Table 1. This
heterogeneity reflects practical field data but also
increases variability of derivative and phase metrics.
The parameters of the scientific filtering profile are
listed in Table 2.

curvature,

The dataset description reports the fields
available in the processed exports. Approximately
15 athletes contributed recordings, but athlete
identity and repeated-trial grouping are not encoded
in the anonymized export; inclusion was limited to
sessions that contained a complete preprocessed
landmark file (mediapipe_data full.json) and a
processed video suitable for offline analysis.
Therefore the between-session statistics reported in
the Results section describe between-session
dispersion across heterogeneous captures rather than
within-athlete test-retest reliability or classical
measurement repeatability. Session-level variability
can reflect measurement uncertainty together with
real differences in performers, swing type,
viewpoint, and video quality.

Table 1. Dataset reporting fields

Field Value

Number of athletes approximately 15 athletes
(exact identity not encoded
in the anonymized session
export; session-level
statistics are reported)

Number of processed 71
sessions

not encoded in the
anonymized session
export; within-athlete test-
retest analysis requires
grouping metadata

Repetitions per athlete

Frame-rate range 23.98-60.00 frames per

second

Frame-count range 60-1161 frames

480 x 706 to 1920 x 1080
pixels; detailed values are
provided in the dataset-
summary export

Camera resolution
classes

59 down-the-line sessions,
10 face-on sessions, two
sessions without encoded
view metadata

Recording viewpoint

driver, wood, and iron
categories appear in
metadata; detailed values
are provided in the dataset-
summary export

Stroke type

metadata include slow-
motion, super-slow-
motion, motion-blur, and
occlusion tags; detailed
values are provided in the
dataset-summary export

Video-quality classes

Source: compiled by the authors
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Table 2. Implemented scientific filtering profile and planned extensions

Parameter Scientific-profile value
Landmark source Offline MediaPipe 1.0.1 JSON
(mediapipe_data_full.json)
STICK_REAL _LENGTH M (L) 1.0m
MEDIAN_WIN 5 frames
STICK_CAL_WIN 15 frames
Scale relative step clamp 0.03
Scale EMA «a 0.20
Kalman Qpos, Quel, Fmeas 8.0, 8.0, 6.0 (defaults)
KF_MAX MEAS SPEED PX S 2600
KF_MAX MEAS ACCEL_PX S2 38000
KF_ADAPTIVE_RESIDUAL_PX 10.0
KF_ADAPTIVE R_MULT _MAX 9.0
MAX_KF PREDICT_GAP 2 frames
TRAJ _DESPIKE_THRESH_PX / passes 16.0/2
TRAJ POST _DESPIKE THRESH_PX / passes 9.0/1
TRAJ POLY WIN /DEG 712
TRAJ BLEND RAW 0.34
TRAJ_ MAX DEV _PX 9.0
TRAJ LAPLACE_PASSES / a 3/0.45
Native confidence-weighted Ry Not applied in reported runs
Controlled MoCap validation Not completed in this article

Source: compiled by the authors from the processing configuration

Landmark extraction

Each frame contains body landmarks and golf-
stick landmarks obtained from an offline
preprocessing stage that exports MediaPipe-based
landmark JSON for every session
(mediapipe_data_full.json), using the latest
MediaPipe Python package available at dataset
preparation (MediaPipe 1.0.1). The present article
evaluates the downstream scientific filtering profile
applied to those precomputed landmarks; training or
re-implementation of the detector itself is outside the
scope of this study. Normalized landmark
coordinates are converted into pixel coordinates as:

Pk = (Xnormk * W, Ynormk + H),

where W and H are the frame width and height.

The main tracked object is the golf-stick tip. Stick
base and middle points are used for orientation and
scale estimation. Body landmarks are used in the
software to calculate shoulder angle, hip angle, X-
factor, wrist angle, and arc radius; these body-
segment indicators are exported per frame but are
reserved for future analysis and are not among the
session-level metrics reported in this article.

The pipeline separates four trajectory streams,
and the landmark configuration used for body and
golf-stick tracking is illustrated in Fig. 2:

e raw trajectory obtained directly from
detected landmarks;

o median-pre-filtered trajectory after local
outlier suppression;

o Kalman-filtered trajectory after
recursive estimation;

e smoothed trajectory after  backward
smoothing, despiking, and bounded polynomial

smoothing.

forward

Detocted body and golftick fandmarks.

Fig. 2. Example frame with detected body and

golf-stick landmarks
Source: compiled by the authors

Median pre-filtering
A running median filter is applied

independently to the horizontal and vertical stick-tip
coordinates:

7™ = median(zk-me, ..., Z«).
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The median filter suppresses isolated one-frame
landmark spikes without assuming Gaussian error
distribution. This is important because markerless
detections often contain impulse-like errors caused
by occlusion or motion blur.

Kalman filter formulation

The forward filter uses a constant-velocity
model for two-dimensional stick-tip tracking.
The state vector is:

Xk = [Pxkr Pk Vi Vo] "

For inter-frame interval Aty, the transition
matrix is:
F«=1[1, 0, Aty, 0, [0, 1, 0, At], [0, 0, 1, 0], [0, O, O,

1.
Only position is observed:
z=Hx+e&, H=I[[1,0,0,0],[O0,1,0,0]]
The prediction stage is:
X1 = P X121
Pik-1 = Fk Piciper F' + Q.
The update stage is:
Yk = Zk — H Xt
Sk=H Pk\k—1 HT + Rk
Kk = Py HT Sy
Xk = X1 + Kk Yk
Pk|k = (| — Kk H) Pk|k71.

When a landmark is absent, only the prediction
step is performed. This allows the filter to bridge
short gaps without replacing missing measurements
with artificial observations.

Confidence-weighted measurement
uncertainty
In the implemented scientific profile,

measurement noise is adapted from the innovation
residual magnitude (residual-adaptive R), which
down-weights physically implausible or unstable
updates. A  detector-confidence  form  can
additionally be written as:

Rk = (ro / max(cx, Cmin)) 12 (optional confidence
form),

where ro is baseline measurement variance and Cmin
prevents numerical instability. Native per-landmark
detector confidence was not uniformly available in
the present export; therefore the confidence-
weighted Ry form is retained as an optional
extension, whereas the residual-adaptive schedule
and physical gates described above are the

implemented uncertainty controls used for all
reported results.

Outlier gating
Outlier rejection is performed using physical

plausibility and innovation checks. A standard
innovation-distance criterion is:

A =Yk Sk! Yk

Measurements exceeding a threshold are
rejected or down-weighted. Additional gates include
maximum frame-to-frame displacement, plausible
stick length, and landmark availability. These gates
reduce derivative artifacts caused by single-frame
tracking errors.

Rauch-Tung-Striebel smoothing

For offline scientific analysis, the forward
Kalman estimates are refined using the Rauch-Tung-
Striebel smoother. The backward gain is:

Gk = Py Fx" Pratp
The smoothed state is:
X' = X + Gi (Tket' — Fi Xig).-
The smoothed covariance is:
P« = Puk + Gk (Pie1" — Prea) Gk

The forward Kalman output is suitable for
lower-latency feedback. The RTS-smoothed output
is used for offline analysis because it uses later
observations to refine earlier estimates.

Trajectory despiking and bounded polynomial
smoothing

After RTS smoothing, local trajectory spikes
are corrected using neighbouring trajectory
structure. A bounded local polynomial smoother is
then applied so that the final trajectory reduces
derivative noise without drifting excessively from
the observed path. This step is necessary because
even smoothed position estimates can produce
unstable acceleration and jerk if residual local
artifacts remain.

Dynamic scale calibration

The pixel-to-metre conversion uses the detected
stick length in the image plane. Because a
monocular 2D projection mixes camera distance
with foreshortening when the stick rotates out of
plane, the resulting quantities are apparent image-
plane metric estimates under an assumed physical
stick length, not fully calibrated three-dimensional
biomechanical measurements.

The detected length is:
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Lkpx — ||pktip _ pkbase"z.
The scale factor is:

Sk = Lrer / median(Li-w+1™, ..., L&) [m/pixel],

with units metres per pixel. In code and in all
reported speeds, metric displacement is obtained by
multiplying pixel displacement by s¢ (not by
dividing by sx). The scale is bounded (maximum
relative step 0.03) and exponentially smoothed (a =
0.20) to reduce jumps caused by viewpoint change,
partial occlusion, and apparent stick-length
variation. Without a calibrated plane, homography,
multi-camera geometry, or independent length
measurement, absolute metre values remain model-
dependent apparent 2D estimates.

Kinematic and phase metrics

For smoothed position px (pixels), time interval
Aty, and scale s (m/pixel), apparent linear speed is:

Vi = (Ipk — Pr-1l2 / Atk) - Sk [m/s].
Acceleration and jerk are:

ak = (Vk — V1) / Al
jk=(ak — ax-1) / Aty

Stick angle is:

6 = atan2(py,k“P — py'kbase, px,ktip — pxykbase),
wx = Wrap(6k — Gk-1) / Aty.

Path efficiency is:
Ekpath = Ika - po||2 / Ei:]_k IIpi - lelz.

Local curvature is computed from the triangle
formed by three consecutive trajectory points:

=4 Ak/ (a-b-c),

where A is triangle area and a, b, and c are side
lengths.

The smoothness index (SI) reported in this
study is defined as SI = —logio (mean (j?)), i.e. the
negative base-ten logarithm of the mean squared jerk
of the smoothed trajectory; a lower mean squared
jerk yields a larger (less negative) index. Because
the mean squared jerk of the scaled trajectories
exceeds unity, the resulting index values are
negative. Path efficiency is the ratio of net
displacement to path length along the trajectory
(Equation below).

The swing is divided into backswing and
downswing phases. If ball detection is available,
impact is detected by stick-tip-to-ball proximity;
otherwise, maximum speed is used as a proxy. Phase
indicators include backswing duration, downswing
duration, swing tempo, backswing peak speed, and
downswing peak speed.

Raw, filtered and smoothed comparison

The pointwise deviation between the final
smoothed trajectory and the raw trajectory is:

e = ||pksmooth _ pkrawuzl

The comparison reports mean median,
percentile deviation, maximum deviation, root-
mean-square jerk, and threshold exceedance counts.
This comparison measures how strongly the pipeline
regularizes the raw trajectory. It does not replace
external accuracy validation because raw landmarks
are not a ground truth.

Validation and reliability protocols

To complement the between-session dispersion
statistics, the study reports three diagnostic blocks
that are already implemented on the present corpus:
an external keyframe-timing comparison against
available annotations, sensitivity perturbations
(frame thinning, simulated landmark dropout, and
scale perturbation), and an ablation consistency
check across processing variants. A controlled
reference-validation subset is planned for future
work and should additionally include dense manual
annotation of impact, top of backswing, start of
downswing, and several control points along the
stick-tip trajectory, ideally with an independent
spatial reference (calibrated plane, multi-camera
reconstruction, or motion capture). Accuracy should
then be reported as event-timing error, geometric
trajectory error, absolute and relative scalar error,
and correlation or concordance with reference
values.

Sensitivity analysis includes frame thinning,
simulated landmark dropout, and scale perturbation
at the dose levels reported in the Results section.
The ablation check compares median-only, Kalman-
only, Kalman plus RTS, and the full pipeline on the
same 71-session corpus; derivative-based ablation
metrics are treated as diagnostic because units, time
normalization, and residual spikes can differ sharply
between variants (see Discussion). Classical test—
retest reliability (within-subject SD/CV, ICC, and
Bland-Altman limits) requires repeated measures of
the same athletes under a fixed protocol and is
therefore listed as future work rather than a
completed result [20], [21], [22].

Between-session  dispersion is summarized
using the coefficient of variation and a dispersion
coefficient analogous in form to the classical
repeatability coefficient, but interpreted here only as
a  between-session spread measure on a
heterogeneous corpus:

CV = (SD/ [&]) x 100 %,
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RCuisp = 1.96 - V2 - SD~2.77 - SD (between
session dispersion).

For paired repeated measurements, Bland-

Altman limits of agreement are:

LoA =d+1.96 SDy (for future paired repeated
measures).

RESEARCH RESULTS

Processing completion

The scientific filtering profile processed all 71
discovered sessions successfully. No failed sessions

were reported in the evaluation export. The
completion summary is given in Table 3.
Between-session dispersion
Between-session  dispersion  statistics were

computed for 11 exported metrics. The smoothness
index had the lowest coefficient of variation among
reported indicators, followed by path efficiency;

within  this corpus they are therefore the
comparatively least dispersed indicators, not proven
test-retest reliable measures. Maximum speed and
downswing peak speed had identical summary
values in the available exports, indicating that
maximum speed occurred during the downswing in
the processed sessions. Higher-order derivative and
phase  metrics showed substantially larger
dispersion. The ranking is summarized in Table 4
and Fig. 3.

Table 3. Processing completion

Indicator Value
Total discovered sessions 71
Successfully processed sessions 71
Failed sessions 0
Completion rate 100 %
Filtering profile scientific

Source: compiled by the authors

Table 4. Between-session dispersion statistics across processed sessions

Metric Mean SD CV,% RClisp Interpretation

Smoothness index -5.882 1.266 21.52 3.508 least dispersed in this
corpus

Path efficiency 0.726 0.277 38.17 0.769 comparatively low
dispersion

Maximum speed, 8.184 9.681 118.28 26.833 affected by session

m/s heterogeneity

Downswing peak 8.184 9.681 118.28 26.833 same as maximum

speed, m/s speed in current
exports

Swing tempo 0.604 0.777 128.63 2.154 sensitive to phase
detection

Curvature RMS 1063.382 1686.764 158.62 4675.470 sensitive to local
geometry

Downswing 1.676 2.812 167.72 7.793 heterogeneous timing

duration, s

Maximum angular 10.169 19.601 192.76 54.331 derivative-sensitive

velocity, rad/s

Maximum 185.158 400.392 216.24 1109.831 exploratory under

acceleration, m/s? heterogeneous capture

Backswing duration, | 0.673 1.517 225.35 4,206 sensitive to phase

S definition

Backswing peak 1.065 5.533 519.31 15.337 least stable reported

speed, m/s metric

Source: compiled by the authors

Note. CV denotes the coefficient of variation, CV = (SD/|[mean|)x100 %. RC denotes a between-session dispersion coefficient
computed as RC = 1.96-\2-SD =~ 2.77-SD;, it is reported for comparability with common reporting practice but is not a classical
within-subject repeatability coefficient, because athlete identity and repeated trials are not encoded. Maximum speed and downswing
peak speed share identical statistics because the peak stick-tip speed occurred during the downswing in all processed sessions
(expected coincidence, not a typesetting error)
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Ranked metric repeatability
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300
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=]
=]
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Fig. 3. Ranked between-session dispersion of exported swing metrics by coefficient of variation
Source: compiled by the authors

Raw-versus-smoothed trajectory deviation

Table 5. Raw-versus-smoothed trajectory

A representative exported trajectory was deviation for representative exported swing
evaluated by comparing raw and final exported Indicator Value
stick-tip positions (Table 5; Fig. 4). This analysis | Valid samples 141
guantifies the deviation introduced by filtering and | Mean deviation, m 0.053
smoothing, but it is not an external accuracy test. Median deviation, m 0.050

Reference validation, sensitivity and ablation 90-t2 percent!:e dev!at!on, m 0.063
results 95-t percent! e dev!at!on, m 0.067

) ) ) 99-th percentile deviation, m 0.069

External keyframe diagnostics (Table 6; Fig. 5), ["Maximum deviation, m 0.139
sensitivity-analysis results (Table 7; Fig. 6), and [RMS jerk 1446 560
ablation consistency results (Table 8; Fig. 7) are [ Frames with deviation above 3 cm 141
summarized below. Frames with deviation above 5 cm 51

Source: compiled by the authors
Speed and angular velocity Acceleration and jerk
100 IN T Miarvosty | 100000 e
50000
)
0
\I‘ l\ -50000
0 H -100000
=100 |i -150000
0.0 0.2 0.4 0.6 08 1.0 0.0 0.2 04 0.6 0.8 1.0
Raw vs smoothed trajectory Path efficiency and curvature
10 = Smoothed 120 == Curvature
5 100 ‘
20 80 |
60 ‘
25 ‘
40 ‘
30 .
20 IA" ‘ ‘ I‘\
35 A I\ [ A A I‘
ol Lan JA\ WA A N |
20 25 3.0 35 4.0 0.0 0.2 04 0.6 08 1.0
Fig. 4. Example kinematic plots and raw-versus-smoothed stick-tip trajectory
Source: compiled by the authors
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These blocks are interpreted as diagnostic
evidence from the present heterogeneous dataset, not
as final controlled validation against a laboratory
motion-capture system and not as proof of
measurement efficacy. The reference-validation

table compares automatic event timing with
available keyframe annotations; because not every
session contains all reference events, the number of
available reference pairs differs by event.

Table 6. Reference keyframe timing diagnostic

Validation target

Metric

Diagnostic result and interpretation

Impact timing

mean absolute error, frames
and ms

118.79 frames; 2694.21 ms; n = 20; large
mismatch, not accepted as final accuracy
evidence

Top of backswing
timing

mean absolute error, frames
and ms

194.25 frames; 4933.33 ms; n = 8; large
mismatch, not accepted as final accuracy
evidence

Start of downswing
timing

mean absolute error, frames
and ms

152.15 frames; 3872.28 ms; n = 20; large
mismatch, not accepted as final accuracy
evidence

Stick-tip control points

mean geometric error

not computed in the present diagnostic
export; requires point-level manual reference
extraction

Scalar metrics

absolute and relative error

not computed in the present diagnostic
export; requires independent reference scalar
metrics

Scalar metrics

correlation or concordance

not computed in the present diagnostic
export; requires independent reference scalar
metrics

Source: compiled by the authors from the keyframe-diagnostic export

Table 7. Sensitivity-an

alysis results

Perturbation

Primary reporting metric

Result

Frame thinning

median absolute percentage
change

smoothness 13.03 %; path efficiency 8.66 %;
maximum speed 36.45 %; curvature RMS
69.08 %; swing tempo 61.45 %

Landmark dropout

median absolute percentage
change

smoothness 15.10 %; path efficiency 13.42
%; maximum speed 29.94 %; curvature RMS
22.10 %; swing tempo 61.71 %

Scale perturbation

median absolute percentage
change

smoothness 0.70 %; path efficiency 0.00 %;
maximum speed 5.00 %; curvature RMS 4.76
%; swing tempo 0.00 %

Combined degradation

retained or changed stable-
metric classification

not computed in the present diagnostic
export; retained for future controlled-
degradation testing

Source: compiled by the authors from the sensitivity-analysis export

Table 8. Paired ablation consistency diagnostic (same 71 sessions; shared derivatives and time base)

Pipeline variant Completion Mean trajectory RMS jerk Smoothness
rate deviation, m (paired) index (paired)

Median only 71/71 0.153 14448.5 -8.320
Kalman without RTS 71/71 0.094 881.0 -5.890
Kalman plus RTS without 71/71 1.414 180.9 -4.515
despiking

Full pipeline 71/71 0.019 11835.4 -8.146

Source: compiled by the authors from the re-run paired ablation export
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Fig. 5. Mean absolute timing error between automatic events and reference keyframes
Source: compiled by the authors
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Fig. 6. Sensitivity of selected metrics under controlled input perturbations
Source: compiled by the authors
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The keyframe timing errors in Table 6 (about
2.7-4.9 s) are larger than the temporal scale of a
typical golf swing and are therefore treated as
evidence that automatic event mapping requires
recalibration before accuracy claims. Processing of
71/71 files demonstrates software completeness, not
measurement accuracy. Table 8 reports a re-run
paired ablation on the same 71 sessions with one
derivative definition and one time base. Mean
trajectory deviation is lowest for the full pipeline
(0.019 m), while RTS stages strongly reduce RMS
jerk relative to median-only processing; the full
pipeline again shows higher RMS jerk because later
blending reintroduces high-frequency components
toward the raw landmarks. These values are stage-
consistency diagnostics, not external accuracy proof.

DISCUSSION OF RESULTS

The completed results show that the proposed
workflow is operationally robust for the available
dataset: all processed sessions were completed with
the scientific profile. The between-session
dispersion ranking is more informative than a single
visual example because it shows which metrics
remain comparatively less dispersed across
heterogeneous recordings. It does not, however,
establish classical repeatability or external accuracy.

On the present heterogeneous dataset,
smoothness index and path efficiency emerged as
the comparatively least dispersed indicators. These
indicators summarize global trajectory quality and
are less dependent on one isolated frame. By
contrast, maximum acceleration, maximum angular
velocity, backswing peak speed, curvature RMS, and
phase-duration metrics showed high dispersion and
should be interpreted as exploratory unless recording
conditions and phase segmentation are controlled
[30].

The raw-versus-smoothed trajectory
comparison shows that the final trajectory is
meaningfully regularized. The average deviation
between raw and final exported trajectories indicates
that the pipeline does not merely reproduce raw
landmarks. At the same time, this result must not be
misinterpreted as external accuracy. A smoothed
signal can be more biomechanically useful than a
raw signal, but a reference annotation is required to
determine whether it is more correct.

The methodological value of the pipeline lies in
the coordinated use of several components. Median
filtering reduces isolated spikes; Kalman filtering
provides a physically interpretable state estimate;
confidence-weighted measurement noise offers a
formal  uncertainty model; gating reduces

implausible updates; RTS smoothing improves
offline  trajectories; despiking and bounded
polynomial smoothing reduce residual artifacts; and
dynamic calibration controls scale instability.

The main limitation is that the current reference
validation is based only on available event
keyframes and not on dense point-level manual
trajectories or independent scalar reference metrics.
Dynamic stick-length scaling cannot separate
camera distance from out-of-plane foreshortening;
therefore  reported metre-based speeds and
accelerations are apparent 2D plane estimates. The
next empirical step is to annotate stick-tip control
points and reference scalar metrics for a
representative subset of sessions and, where
possible, to add a calibrated plane, multi-view
geometry, or motion-capture reference. Sensitivity
analysis and ablation have been added as batch
outputs, but they should be interpreted as
computational robustness tests rather than a
substitute for independent laboratory validation.
Finally, because the system is monocular and two-
dimensional, out-of-plane motion and perspective
distortion remain unresolved limitations.

CONCLUSIONS

The study presents a reproducible markerless
video-based workflow for golf-stick motion analysis
in virtual-reality and sport-biomechanics
applications. The workflow combines landmark
extraction, median pre-filtering, Kalman tracking,
Rauch-Tung-Striebel smoothing, trajectory
despiking, bounded polynomial smoothing, dynamic
scale calibration, phase segmentation, and between-
session dispersion assessment.

The completed evaluation shows that all
available sessions were processed successfully and
that global movement-quality metrics are less
dispersed than peak derivative metrics under
heterogeneous recording conditions. On the present
corpus, smoothness index and path efficiency are
therefore the most defensible candidates for
exploratory cross-session comparison, whereas
maximum acceleration and angular-velocity peaks
should be treated as exploratory. Practical
measurement efficacy remains unconfirmed until
controlled external validation and within-subject
reliability studies are completed.

The scientific novelty consists in the
coordinated integration of known filtering and
smoothing tools into a reproducible golf-stick
measurement workflow with explicit trajectory-stage
comparison  and  cautious  between-session
interpretation. The practical value is the possibility
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AkTyajabHicTb. KinbKicHE OWIHIOBaHHSA PyXy KIIOYKH IS TONB(Y BaXIUBE IS CHOPTUBHOI OiOMEXaHIKH, TPEHYBaHHS,
pealbimitamii Ta cucTeM BipTyalbHOI peanmbHOCTI. JlabopaTopHe MapkepHE 3aXOIUIEHHS pyXy TOYHE, ajle He3pydHe Yy MOii, a
0e3MapKepHe MOHOKYJISIPHE BiIeO MICTHTPH IIIyM, IPOITYCKH, CKOPOYEHHS MPOEKIII Ta MEepCreKTHBHI 3MiHH MacmrTady, ToMy CHpi
OpIEHTHUPU HE € KaiOpoBaHMMH OlOMEXaHIYHHMH BHUMIpIOBaHHAMH. MeTOI0 CTATTi € po3poOKa Ta OLIHIOBaHHS BiJTBOPIOBAHOTO
6e3MapKepHOro MalIuIaifHy, 110 TIEPETBOPIOE TETEPOreHHE BiJIcO HA IHTEPIPETOBAHI KIHEMATHYHI OKA3HUKH 3 TIOPIBHAHHIM CHPHX,
GinTbTpOBaHUX 1 3MIKEHUX TpaekTopii. 3aBmanHsa. dopmarnizyBatu (iTbTpamilo Ta 3ria/pKyBaHHsS; crabili3yBaTH JWHaMiYHE
MacIITabyBaHHs; SKCIIOPTYBATH MOKA3HHKH SIKOCTI TpaekTopil Ta (a3; OLIHUTH MiKCECiiiHy Aucrepcio i HaBeCTH IiarHOCTHKU
YyTINBOCTI, abJIsALii Ta XpPOHOMETPaxy KIIIOUOBUX KazapiB. Meroamn. PeanizoBanuii maiimnaitn BukopucroBye odiaitn MediaPipe-
opieHTHpH, MeiaHHy nependinbrpanito, ¢pineTp Kanmana 3 aganTUBHUM 3a 3QJTHIIKOM IIyMOM BHMIpPIOBaHb i Gpi3MYHUM IeHTHHIOM,
srmamkyBaHHs Payxa—Tynra—LlTpiGens, ycyHeHHS BUKHIIB 3 OOMEXKEHHM IOJIHOMIalbHAM 3TVIQ/DKYBAaHHAM Ta JWHAMIYHY
KaiiOpariro Macmrady 3a BUSBICHOIO JOBXKHUHOIO KITFOUKH 13 33IaHOI0 €TaJIOHHOIO JOBXHHOK. EKCIIOPTYIOThCS BHIMMI JBOBUMIpHI
OIIHKU IIBHJIKOCTI, IPUCKOPEHHS, PUBKA, KPUBU3HH, ¢(EKTUBHOCTI TPAEKTOpii, TeMITy, TpuBaiocTed (a3 Ta iHIEKCY IJIaBHOCTI.
OmiHIOBaHHS BUKOHAHO Ha BCIX JOCTYITHHX IeTEPOTeHHMX CecisfiX 3a HayKoBHM npodirem dinsrpanii. HaykoBa HoBu3Ha. HoBu3Ha
— CKOOp/MHOBaHA IHTErpallisi KOMIIOHEHTIB Y BiATBOPIOBaHMI MpoOIEC i3 MPO30PHUM MOCTAHUM TOPIBHSIHHIM i PO3MEXYBaHHIM
peanizoBaHMX i 3ariaHoBaHMX OJokiB Bamigauil. IIpakTmyHa 3HaYMMicTh. 3BH4aiiHe Bigeo 3i cMapTdoHa Jae iHTEpPHpeToBaHi
HOKa3HUKH SIKOCTi CBIHTY JUIsI IOCHIIXKEeHb, TPEHEPCHKOTO 3BOPOTHOTO 3B’S3Ky Ta TPEHYBaHb Y BIpTyallbHIN peasbHOCTI 06e3 cucteM
3aXOIUICHHS PYXY, SIKIIO BEJIMYMHHU TPAKTYIOTHCS K BUIMMI MOHOKYJISIPHI IBOBHMIpHI OIiHKH. Pe3yabTaTn. Yci cecii onpansoBaHo
ycminrHo. [HeKe MmIaBHOCTI Ta eeKTUBHICTh TPAEKTOPIl Mall HAWHIDKYI MiXKCeciiftHi Koe(illieHTH Bapialii, Toi SK MKOBI IMOXiJHI
Ta (ha30Bi METPUKHU OYIIU CHIBHO po3CisHi. [I0XHOKHM KIIFOYOBUX KaIpiB BEJIWKI i HE MPUAMAIOTHCS K JIOKAa3 TOYHOCTI; YyTJIUBICTH 1
a0 — Juie 00YHCITIOBATBHI NiarHOCTUKH. BucHOBKH. ['T00abHI TOKa3HUKH SKOCTI TPAEKTOPIl MOPIBHSIHO MEHII PO3CisHI 3a
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MiKOBI MOXiJHI, IPOTE BHUMIpIOBaJbHA BANiIHICTh HEMiATBEp/PKEHA OO MapHUX test—retest MPOTOKOIIB 1 He3aJeKHUX MPOCTOPOBUX
€TAJIOHIB; MoJajIbIIa podoTa Mae 3aBEPIINTH €TAIOHHY BaJIiIallifo Ta GOpMaIbHy CTAaTUCTHKY Y3TOKEHOCTI.
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