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Abstract—Human Pose Estimation (HPE) plays a critical
role in performance analysis for synchronized sports such as
Taekwondo Poomsae, where timing and coordination between
participants are essential. Traditional synchronization scoring
methods rely on manual expert judgment, which can be subjective
and inconsistent. This paper proposes an automated framework
for synchronization scoring, leveraging the ViTPose model for
high-precision keypoint detection and robust generalization. To
estimate synchronization scores, we compute inter-person land-
mark distances using Euclidean distance applied to aligned
and temporally smoothed 2D landmarks. These distances are
then used as input features to regression models that estimate
synchronization scores aligned with expert assessments. The
framework was validated using the benchmark LSP dataset for
HPE evaluation and a custom-annotated Taekwondo Poomsae
dataset comprising 70 videos. Experimental results show that
ViTPose, fine-tuned on the custom dataset provided good per-
formance for complex HPE. Among the regression approaches,
the combination of ViTPose-L with Support Vector Regression
(SVR) achieved the highest synchronization score estimation with
an R2 value of 0.3915. These findings demonstrate the potential
of the proposed framework for objective and precise scoring in
synchronized sports performance.

I. INTRODUCTION

Human Pose Estimation (HPE), a vital branch of computer
vision, involves detecting anatomical landmarks or keypoints
on the human body from images or videos. Keypoints such as
elbows, wrists, shoulders, and knees allow accurate tracking of
body movements in real time [1]. HPE has found diverse ap-
plications across domains including sports analytics, physical
therapy, and e-commerce [2]. In synchronized group sports like
Karate Kata and Taekwondo Poomsae, precise coordination
and alignment of multiple athletes’ movements are critical
for performance and competition. However, assessing synchro-
nization traditionally relies on manual expert evaluation, which
can be subjective, inconsistent, and prone to biases [3] making
accurate, objective synchronization scoring a challenging task.

The advancement of HPE models offers significant potential
for automating sports assessments, enabling detailed analysis
of posture, movement, and coordination. While HPE has
been extensively applied to single-athlete pose estimation and
general sports analytics [4], [5], its application to synchro-
nized group sports, particularly for scoring and evaluating
synchronicity remains underexplored. Automating synchro-
nization scoring can reduce human bias and provide precise,

real-time feedback to athletes, coaches, and judging panels,
supporting better training outcomes and performance evalu-
ations. Despite the growing sophistication of HPE models,
challenges persist in accurately detecting complex, dynamic,
and occluded poses, in particular for a domain such as martial
arts and other synchronized sports.

This paper proposes a novel framework for synchroniza-
tion analysis in group sports using HPE, the SyncScore .In
particular we focus on synchronized two-person Teakwondo
Poomsae where two athletes perform these forms in unison,
and scoring is based on both individual technical execution and
synchronization between performers. We specifically address
the synchronization scoring aspect of the Poomsae perfor-
mance by exploring the ViTPose [6] to detect and track athlete
landmarks. Our approach involves extracting, smoothing, and
aligning these landmarks to compute similarity measures,
i.e. Euclidean distance, that quantify synchronization. These
distances are then mapped to synchronization scores using
regression models, with Support Vector Regressor delivering
the best performance. We validate our framework on a self-
collected, annotated Taekwondo Poomsae dataset, demonstrat-
ing that ViTPose outperforms a baseline MoveNet [7] in both
pose accuracy and synchronization scoring estimation. Our
work offers an objective, precise alternative to manual scoring,
providing valuable tools for athlete evaluation, coaching, and
competition preparation in synchronized group sports.

II. RELATED WORK

A. General Human Pose Estimation

General HPE involves detecting anatomical keypoints such
as shoulders, elbows, and knees from images or videos.
With the advent of deep learning, HPE has significantly
advanced, especially in addressing challenges like occlusion,
scale variation, and dynamic motion. Early approaches such
as DeepPose [8] framed HPE as a regression problem using
deep convolutional networks. OpenPose [9] and PifPaf [10]
later introduced bottom-up methods capable of multi-person
detection using part affinity fields and composite fields, respec-
tively. OmniPose [11] improved accuracy further by integrating
HRNet [1] with Gaussian heatmap modulation.

Subsequently, the MoveNet, developed by Google, is a
fast and accurate bottom-up model optimized for real-time
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Fig. 1. Overview of proposed framework, SyncScore.

applications [7]. It uses a MobileNetV2 [12] backbone with
a feature pyramid network and four prediction heads to detect
person centers and keypoints. On the other hand, BlazePose
also targets real-time pose tracking on mobile devices [13],
employing an encoder-decoder design that combines heatmap
generation with coordinate regression. The heatmap branch is
discarded during inference for improved efficiency.

Following that, transformer-based models have recently re-
shaped the HPE landscape. ViTPose [6] stands out by using a
plain, non-hierarchical Vision Transformer backbone without
reliance on CNNs. Pretrained via masked image modeling,
ViTPose pairs this backbone with a lightweight decoder to
generate pose heatmaps. Even though the architecture is
structurally simple, ViTPose achieves state-of-the-art results.
While these general-purpose HPE models have shown strong
performance on standard benchmarks, their potential remains
underutilized in synchronized sports assessment, where precise
evaluation of coordinated, high-speed group movements is
essential. Hence, this paper explores the application of HPE
for scoring synchronization, addressing the gap by proposing
a framework tailored for performance analysis in group sports.

B. Human Pose Estimation in Sports

Since the start, HPE has been of interest to sports for ap-
plications such as performance analysis, movement correction,
and automated coaching. Foundational work like DeepPose [8]
enabled CNN-based keypoint regression, leading to systems
such as the AI Coach [4], which combined visual tracking
and pose modeling for personalized feedback. This system

demonstrated effectiveness on a Freestyle Skiing dataset by
incorporating temporal pose correction and visual suggestions.
Similarly, HPE has been applied in martial arts; [14] proposed
a CNN-based system for static pose evaluation using domain-
specific metrics like joint angles and keypoint displacement,
though it struggled with occlusions and motion blur. Comple-
menting vision-based approaches, [3] introduced a multi-modal
method using wearable IMUs and wavelet transforms for joint
angle tracking, achieving high agreement with expert scores
albeit with the drawback of requiring specialized hardware.

More recently, [5] critically evaluated BlazePose and Open-
Pose for sports-specific tasks, showing that general-purpose
HPE models often fail to capture fine-grained details like wrist
and foot locations during dynamic exercises. Their findings
highlight the importance of domain adaptation when applying
HPE in real-world sports settings. Building on these insights,
our work addresses a key gap in synchronized group sports, an
area less explored in prior research. We propose a framework
that captures inter-person pose similarity and synchronization
in martial arts routines, enabling automated scoring and team
performance analysis in multi-person sports contexts.

III. PROPOSED FRAMEWORK

As a proof-of-concept, our proposed SyncScore framework
focuses on two-person Taekwondo Poomsae performance. The
framework starts with (1) human pose estimation to extract
body landmarks from video frames, followed by (2) 2D spatial
landmark coordinates alignment of both participants.Then, (3)
erroneous or unstable keypoints are handle through post-
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processing and subsequently (4) inter-person landmark dis-
tances are calculated across corresponding frames to cap-
ture the level of synchronization. These extracted features
are finally used to (5) train a machine learning model that
predicts an overall performance score, enabling automated
assessment of synchronized movement quality. Figure 1 shows
the overview of the proposed SyncScore.

A. Landmark Extraction with HPE

Motivated by the developments of HPE algorithsm, this
study explores the promising ViTPose [6] for their applicability
in detecting martial arts pose landmarks and validating the
proposed synchronized sports scoring framework.

ViTPose adopts a top-down pose estimation approach, first
using a YOLO object detector to localize individuals within
each video frame. The detected person regions are then
cropped and passed through a Vision Transformer (ViT) [15]
backbone, which encodes the input into tokenized representa-
tions. These features are decoded into heatmaps representing
keypoint locations using a lightweight decoder.

Specifically in this work, the HPE model is adapted to
extract 13 keypoints from each participants instead of the
common 17 each (eyes and ears are removed as they do not
contribute to the poomsae poses). Therefore, each given frame
of a Poomsae performance will extract 26 keypoints, assigned
to the respective participant. Since each participant may appear
at different distances, their keypoints can vary in scale, causing
one performer to appear taller or larger than the other, while
also being located at different positions within the frame.
These spatial and scale inconsistencies make direct comparison
between the two sets of keypoints unreliable. To address this,
the next stage performs 2D coordinate normalization, aligning
both participants to a consistent reference frame to enable the
keypoint positional differences to be computed.

B. 2D Spatial Alignment of Landmark Coordinates

To enable fair and accurate comparison of movements
between participants in synchronized Poomsae performances,
normalization of landmark coordinates in the 2D frame space is
essential. Due to differences in camera perspective, participants
may appear at different positions and scales within the frame.
These discrepancies can lead to misleading interpretations of
synchrony if raw coordinates are used directly.

1) X-Coordinate Offset Adjustment: Participants often begin
at different horizontal positions in the frame, resulting in
significant variation in X-axis landmark coordinates. This
spatial discrepancy must be corrected to ensure alignment.
Consider the set of participant landmarks is represented as
xm = {xm,1, xm,2, ..., xm,13} where m is the participant ID.
An offset, ∆x is applied to the X coordinates of participant
1 by calculating the difference in mean X values, µx between
the two participants, ∆x = µx2 − µx1 where µx1 and µx2 are
the mean X coordinates of participant 1 and 2, respectively.
This offset ∆x is then added to all of participant 1’s X
coordinates, x′

1,i = x1,i+∆x. This operation aligns participant

1’s horizontal pose positions with participant 2’s, enabling
proper spatial comparisons.

2) Y-Coordinate Re-scaling: Vertical landmark coordinates
(Y-axis) are affected by participants’ varying heights and
distances from the camera, which can distort the scale and
position of landmarks. Applying a simple offset is insufficient
for accurate vertical alignment in this case. Instead, we rescale
the Y coordinates of one participant to match the other by using
reference landmarks that represent the participant’s effective
height. Specifically, the nose (ym,nose) and right ankle landmark
(ym,ankle). Hence, for each participant m ∈ {1, 2}, we define
the vertical height range as

Hm = ym,ankle − ym,nose (1)

We then normalize the Y coordinates of participant 1 relative
to participant 2 by applying the following transformation:

y′1,i =
y1,i − y1,nose

H1
×H2 + y2,nose (2)

where y1,i is the original Y coordinate of the i-th landmark for
participant 1, and y′1,i is the rescaled Y coordinate aligned to
participant 2’s vertical range. This operation scales and shifts
participant 1’s vertical landmarks to the same height range
and position as participant 2, enabling more accurate vertical
comparisons between the two participants that is invariant to
height and perspective differences.

Together, these coordinate re-scaling techniques effectively
align the landmark data of the two participants in the 2D frame,
accounting for differences in horizontal positioning, height,
and camera perspective. This alignment ensures that the spatial
features extracted from each performer are directly comparable
for synchronization computation.

C. Landmark Post-processing

During landmark detection, pose estimation models may
produce erroneous landmarks, often appearing as sharp spikes
or sudden deviations in coordinate trajectories. These outliers
can distort movement analysis and compromise synchroniza-
tion computation. To mitigate this, median smoothing is ap-
plied using a sliding window of size 5, replacing each coordi-
nate with the median of its temporal neighbors (neighboring
video frames). This non-linear filtering effectively suppresses
outliers while preserving landmark positions, as illustrated with
the sample signals shown in Fig. 2. On the other hand, there
may be cases where the landmarks are not detected by the
models at a specific frame. Hence, we fill in the missing
landmarks with those detected in the previous frame. As a
whole, these processes enhances the accuracy, reliability, and
overall robustness of the synchronization evaluation.

After normalization and temporal smoothing of landmark
positions, the next step is to quantify synchronization between
participants by comparing the movement of corresponding
landmarks over time. This is done by computing distances on
the temporal sequences of 2D coordinates.

Let Lm,i(t) = (xm,i(t), ym,i(t)) represent the 2D co-
ordinates of the i-th landmark for participant m (where
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Fig. 2. X- and Y-coordinates of landmarks before (left) and after (right) 2D
alignment and post processing.

m ∈ {1, 2}) at frame t. Here, i = 1, . . . ,K landmarks, and
t = 1, . . . , T frames. For each landmark i, similarity scores
are computed separately for the X and Y coordinates using a
general similarity function S, where

Si,x = S
(
{x1,i(t)}Tt=1, {x2,i(t)}Tt=1

)
; (3)

Si,y = S
(
{y1,i(t)}Tt=1, {y2,i(t)}Tt=1

)
(4)

The similarity function S can be any suitable measure
such as histogram intersection, Euclidean distance, etc.. The
combined similarity scores for all landmarks in both X and Y
dimensions,{Si,x, Si,y}Ki=1, form a feature vector representing
the inter-person motion similarity profile across both horizontal
and vertical landmark movements.

D. Synchronization Score Estimation

Following the formation of the similarity scores for each
landmark, they are then used collectively as features to pre-
dict the overall synchronization score. For each landmark i,
the similarity score Si is a sum of the similarity measures
computed separately over the X and Y coordinate sequences,

Si = Si,x + Si,y (5)

where Si,x and Si,y denote the similarity values for the X and
Y trajectories of the i-th landmark, respectively. This results in
a feature vector S = [S1, S2, . . . , SK ] ∈ RK where K = 13 is
the number of landmarks. The entire vector S therefore serves
as the input to the regression model R(·), which predicts the
synchronization performance score, ŷ = R(S).

The regression model is trained on synchronization scores
provided by human experts, ỹ used as ground truth labels.
These scores follow criteria published by the World Taek-
wondo Federation (WTF) [16], where poomsae performance
is evaluated based on accuracy and presentation, with presen-
tation specifically reflecting rhythm and tempo, key indicators
of synchronization between participants. Hence, the model
effectively maps the computed landmark distances to human-
perceived synchronization levels.

Fig. 3. (a) Landmarks obtained from original MoveNet model on self-
collected 2-person Taekwondo Poomsae performance videos, and (b) Land-
marks manually corrected for synchronization assessment, include of the
include nose, right shoulder, right elbow, right wrist, left shoulder, left elbow,
left wrist, right hip, right knee, right ankle, left hip, left knee, and left ankle.
(c) Sample landmark detection by ViTPose on complex poses.

IV. EXPERIMENTS AND RESULTS

A. Datasets

For the experiments in this study, two datasets were uti-
lized, the benchmark Leeds Sports Pose (LSP) dataset [17]
to evaluate and select the most suitable HPE model based
on landmark detection performance, and a self-collected 2-
person Taekwondo Poomsae video dataset annotated with 13
keypoints per person used for synchronization analysis..

The ground truth annotations for the Taekwondo dataset
keypoints were obtained by initially predicted using the pre-
trained MoveNet model providing 17 keypoints, followed by
manual correction using the VGG Image Annotator (VIA) tool
[18], [19] to obtain the final keypoints covering the key body
landmarks for Poomsae performance, as shown in Fig. 3 (a)
and (b).

A total of 70 Taekwondo Poomsae videos were used, from
which 60 videos were allocated for training and 10 for testing.
From the training set, 400 representative frames were selected
and manually annotated, while an additional 100 annotated
frames were obtained from the testing set. This process
resulted in a high-quality custom dataset of 500 annotated
frames, supporting the evaluation of pose estimation accuracy
and synchronization performance.

B. Implementation Details

For implementation, we fine-tuned three ViTPose model
variants (base, large, and huge) on two datasets: a custom
Taekwondo Poomsae dataset and the benchmark LSP dataset.
To evaluate model performance under different training condi-
tions, we experimented with seven keypoint regression loss
functions to train the model: Mean Squared Error (MSE),
Mean Absolute Error (MAE), Smooth Mean Absolute Error
(SMAE), Combined Target MSE Loss (CTML) [20], Online
Hard Keypoint Mining MSE (OHKM) [21], Huber, and Kull-
back–Leibler Divergence Loss (KLD). Each model was pre-
trained using the COCO dataset [22], then fine-tuned for 30
epochs with a learning rate of 0.0005 with the loss functions
varied to assess their impact on landmark estimation accuracy.
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TABLE I
HPE EVALUATION OF VITPOSE ON LSP DATASET

Size Loss AP@0.5 AP@0.75 mAP AR@0.5 AR@0.75 mAR

Base

MSE 0.703 0.523 0.522 0.829 0.707 0.703
CTML 0.716 0.520 0.531 0.835 0.707 0.706
Huber 0.701 0.519 0.528 0.832 0.707 0.705
KLD 0.364 0.134 0.167 0.595 0.352 0.371
MAE 0.654 0.507 0.507 0.800 0.698 0.687
OHKM 0.703 0.523 0.522 0.829 0.707 0.697
SMAE 0.701 0.519 0.528 0.827 0.703 0.701

Large

MSE 0.678 0.552 0.540 0.816 0.731 0.716
CTML 0.696 0.542 0.527 0.825 0.728 0.707
Huber 0.676 0.554 0.542 0.814 0.739 0.740
KLD 0.416 0.163 0.207 0.639 0.397 0.419
MAE 0.694 0.581 0.565 0.823 0.749 0.731
OHKM 0.675 0.541 0.536 0.812 0.728 0.714
SMAE 0.676 0.541 0.536 0.814 0.728 0.715

Huge

MSE 0.673 0.523 0.514 0.810 0.713 0.699
CTML 0.629 0.472 0.473 0.787 0.679 0.671
Huber 0.673 0.523 0.512 0.810 0.711 0.698
KLD 0.387 0.152 0.190 0.618 0.386 0.407
MAE 0.672 0.524 0.520 0.812 0.717 0.706
OHKM 0.673 0.525 0.513 0.810 0.713 0.699
SMAE 0.673 0.523 0.512 0.810 0.711 0.698

TABLE II
HPE EVALUATION OF VITPOSE ON TAEKWONDO POOMSAE DATASET

Size Loss AP@0.5 AP@0.75 mAP AR@0.5 AR@0.75 mAR

Base

MSE 0.945 0.820 0.768 0.955 0.875 0.841
CTML 0.948 0.830 0.773 0.960 0.880 0.831
Huber 0.945 0.826 0.768 0.960 0.880 0.831
KLD 0.916 0.809 0.696 0.955 0.865 0.799
MAE 0.932 0.820 0.745 0.955 0.880 0.811
OHKM 0.945 0.828 0.770 0.960 0.880 0.832
SMAE 0.945 0.826 0.768 0.960 0.885 0.831

Large

MSE 0.930 0.822 0.771 0.955 0.885 0.837
CTML 0.933 0.826 0.774 0.955 0.880 0.833
Huber 0.930 0.821 0.770 0.955 0.885 0.837
KLD 0.910 0.801 0.698 0.955 0.885 0.805
MAE 0.925 0.810 0.753 0.955 0.885 0.824
OHKM 0.930 0.822 0.772 0.955 0.880 0.837
SMAE 0.930 0.821 0.770 0.955 0.885 0.837

Huge

MSE 0.930 0.837 0.784 0.955 0.890 0.847
CTML 0.932 0.837 0.787 0.955 0.890 0.848
Huber 0.930 0.837 0.784 0.955 0.890 0.848
KLD 0.920 0.825 0.738 0.955 0.890 0.829
MAE 0.931 0.828 0.774 0.955 0.890 0.842
OHKM 0.930 0.837 0.785 0.955 0.890 0.848
SMAE 0.930 0.837 0.784 0.955 0.890 0.847

C. HPE Evaluation

The quantitative results of 3 ViTPose model variants (Base,
Large, Huge) experiments are summarized in Table I for
the LSP benchmark dataset and Table II for the Taekwondo
Poomsae dataset. Both tables present standard COCO evalua-
tion metrics (AP@0.5, AP@0.75, mAP, AR@0.5, AR@0.75,
mAR) across different loss functions and model sizes.

In Table I, the MAE loss function delivered the best
performance for both the large and huge ViTPose variants,
achieving a maximum mAP of 0.565. This demonstrates a clear
improvement over the originally implemented MSE loss on the
LSP dataset. Among all losses tested, KLD consistently under-
performed, highlighting its limitations for keypoint heatmap
regression. This shows the strong generalization capabilities of
MAE and CTML losses for pose estimation in generic sports.

Table II presents results on the Taekwondo Poomsae dataset,
where CTML emerged as the most effective loss function
across all model sizes. The highest mAP of 0.787 was obtained
using the ViTPose-huge model. OHKM and Huber losses
also yielded competitive results, while KLD again showed the

TABLE III
SYNCHRONIZATION SCORE ESTIMATION

Model Loss Regressor R2 MSE MAE

MoveNet CCE ElasticNet 0.3545 0.0039 0.0509

ViTPose-B MSE Ridge 0.2830 0.0043 0.0522
CTML Ridge 0.2825 0.0043 0.0524

ViTPose-L MSE SVR 0.3915 0.0036 0.0473
CTML Ridge 0.2839 0.0043 0.0524

ViTPose-H MSE SVR 0.3842 0.0037 0.0488
CTML Ridge 0.2843 0.0043 0.0524

weakest performance. Notably, CTML outperformed MSE, the
original baseline loss used in ViTPose, confirming its suit-
ability for fine-grained martial arts pose estimation. Overall,
the evaluation results demonstrate that MAE and CTML are
most suited for sports pose estimation that often contains
challenging poses, as shown in Fig. 3.

D. Synchronization Scoring Evaluation

To assess the effectiveness of ViTPose in synchronized
sports scoring, we used the Euclidean distance between corre-
sponding keypoints as the input distance measure to evaluate
the landmark differences of the two participants in the poomsae
videos. These distances which are aggregated over all 13
keypoints, serves as feature vectors. In our experiments, we
employed the Support Vector Regressor (SVR) and Ridge
regressor as the models for synchronization scores estima-
tion. Table III presents the performance metrics, including
R-Squared, Mean Squared Error (MSE), and Mean Absolute
Error (MAE), for ViTPose variants trained with different loss
functions, alongside a comparison with a COCO pre-trained
MoveNet with categorial cross entropy (CCE) and ElasticNet.

Among all configurations, the ViTPose-Large model trained
with MSE loss and evaluated using Support Vector Regression
(SVR) achieved the highest R-Squared score (0.3915), outper-
forming MoveNet (0.3545). It also reported the lowest MSE
(0.0036) and MAE (0.0473), indicating a more accurate score
prediction. However, this interestingly shows a slight discrep-
ancy with the landmark estimation performance where CTML
loss is most effective. These results serve as a promising proof-
of-concept for automated synchronization scoring using HPE.

V. CONCLUSIONS

In this study, we proposed a synchronized sports scoring
framework demonstrated on Taekwondo Poomsae. We built
upon the ViTPose architecture and validated the framework
using a manually annotated custom dataset. We fine-tuned
three ViTPose variants on both the Taekwondo dataset and
the LSP benchmark, exploring the impact of seven different
loss functions on keypoint detection accuracy. Evaluation using
COCO metrics demonstrated that alternatives to the standard
MSE loss, particularly CTML and MAE achieved superior
mAP and mAR scores. Using Euclidean distances between
keypoints, we constructed feature vectors for synchroniza-
tion scoring and trained regression models to predict expert-
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annotated scores. Results showed that ViTPose-based models
outperformed MoveNet in synchronization prediction accuracy.
Overall, this work establishes a proof-of-concept for synchro-
nized performance evaluation in sports for future advancements
in sports analytics and judging automation.
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