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Abstract

Accurate player positioning and identification in broad-
cast sports videos are essential for sports analytics. How-
ever, jump-intensive sports such as basketball and volley-
ball pose significant challenges due to positional distor-
tions caused by airborne motion and occlusions. To ad-
dress these issues, we introduce Jump-Aware Position Rec-
tification (JPR), a framework that integrates Jump Event
Spotting (JES) and jersey-based player identification to
improve spatial consistency and identity tracking. Our
method first detects and validates jump events, then rec-
tifies player positions in a top-view pitch coordinate sys-
tem, reducing motion artifacts caused by temporary ele-
vation changes in 2D image space. Additionally, jersey-
based identification enhances identity tracking by leverag-
ing jersey numbers, even under occlusions. To support
our research, we present SportsJumpMotion, a dataset fea-
turing frame-accurate jump annotations and jersey-based
player identities for basketball and volleyball. Experi-
mental results demonstrate that our JES model achieves
a mean Average Precision (mAP) of 95.33, outperform-
ing baseline models in jump event spotting. Furthermore,
fine-tuning on sport-specific datasets significantly improves
jersey-based identification, addressing variations in jersey
visibility and motion patterns across sports. Our dataset
and framework provide a comprehensive benchmark for
advancing player tracking in dynamic sports scenarios.
Our SportsJumpMotion dataset is publicly available at
https://github.com/yinmayoo185/SportsJumpMotion.

1. Introduction
Advancements in computer vision algorithms have signif-
icantly transformed sports analytics, enabling automated
player tracking, tactical evaluation, and performance as-

sessment. Vision-driven analytics play a critical role in
the formulation of game strategies, coaching decisions, and
evaluation of athletes, offering data-driven insights to en-
hance competitive advantage. Among these tasks, accurate
player positioning is particularly crucial, as it directly in-
fluences team formation, tactical strategies, and real-time
game analysis.

Unlike multi-object tracking (MOT) systems used in
pedestrian and vehicle scenarios, sports tracking presents
unique challenges due to the dynamic nature of player
movements and frequent interactions. Players experience
severe occlusions, visual similarities between teammates,
and rapid high-speed actions, such as basketball crossovers
or volleyball spikes. One of the fundamental issues in
player tracking is identity switch, where frequent occlu-
sions, uniform similarities, and motion blur disrupt the con-
tinuity of identity assignment.

Another key limitation of existing tracking methods is
their inability to handle airborne movements, which are
common in jump-intensive sports. When players jump,
their 2D projected positions shift significantly, causing spa-
tial distortions in broadcast videos. While homography
based sports field registration [7, 18, 21, 22] effectively
maps player positions from image space to real-world pitch
coordinates, it assumes a planar surface and fails to account
for vertical displacements. As a result, current methods
misrepresent player positions during jumps, reducing the
reliability of trajectory and movement analysis.

Player identification is also essential for maintaining
consistent identity labels throughout the game. However, in
team sports, visually similar uniforms pose challenges for
long-term re-identification (ReID) methods, especially un-
der occlusions or motion blur. In contrast, jersey numbers
provide a stable and robust identifier that remains constant
throughout the game. Since jersey numbers are prominently
displayed and visible across frames, recognizing them can
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significantly enhance player identification, even in crowded
or occluded scenarios.

To address these challenges, we propose Jump-Aware
Position Rectification (JPR), a framework that integrates
Jump Event Spotting (JES) and jersey-based player identi-
fication for player tracking. Our approach explicitly detects
jumping and landing frames, then corrects spatial incon-
sistencies using a top-view pitch coordinate system, effec-
tively mitigating motion artifacts caused by airborne move-
ments. Additionally, we leverage a Vision-Language Model
(VLM) to assign unique identities to players, significantly
improving robustness against occlusions and visually am-
biguous conditions. Our key contributions can be summa-
rized as follows:

1. Jump-Aware Rectification: We introduce a rectifica-
tion mechanism that corrects spatial distortions caused by
airborne movements, substantially improving the reliability
of player localization.

2. Integrated Tracking Framework: We present a unified
framework that combines player detection, tracking, sports
field registration, jump event spotting, jump-aware rectifi-
cation, and jersey-based identification, enabling robust and
scalable player tracking for sports analytics.

3. SportsJumpMotion Dataset: We release SportsJump-
Motion, the first dataset with frame-accurate jump annota-
tions and jersey-based player identities for basketball and
volleyball.

2. Related Works
This section briefly reviews the related work for the mod-
ules integrated into our framework to estimate player posi-
tions and identities.

2.1. Player Detection and Tracking
Multi-object tracking (MOT) in sports analytics follows
the tracking-by-detection paradigm, where object detectors
such as Faster R-CNN [23] and YOLO-X [10] detect play-
ers in each frame. DETR [4] replaced traditional region
proposal-based methods with an end-to-end transformer ar-
chitecture, showed promising results.

For tracking, motion-based approaches typically incor-
porate the Kalman filter [19] to predict player positions
and use the Hungarian algorithm for association. SORT
[2] employs IoU-based matching with Kalman filtering
but struggles in occlusion-heavy scenarios. ByteTrack
[31] refines associations by prioritizing high-confidence
detections before handling low-confidence ones, improv-
ing robustness. OC-SORT [3] enhances motion model-
ing by mitigating non-linear motion errors, and DeepSORT
[27] integrates appearance-based ReID features for im-
proved identity tracking. Recently, Deep-EIoU [16] intro-
duced an iterative expansion IoU-based association, reduc-
ing computational costs while outperforming Kalman filter-

based methods. Huang et al. [15] combined OC-SORT
with appearance-based refinements for enhanced tracking
across sports, demonstrating state-of-the-art performance
on SportsMOT [9] across different sports scenarios.

2.2. Player Identification
Consistent player identification is crucial for tracking indi-
viduals across frames and viewpoints. Recent appearance-
based ReID [32, 33] models struggle with occlusions and
visually similar uniforms. Jersey number recognition pro-
vides a more structured approach, directly linking players to
their identities. Early methods, such as Chan et al. [5], used
CNN+LSTM networks to predict jersey numbers but faced
challenges when digits were obscured. Balaji et al. [1] in-
troduced a Keyframe Identification (KfID) module to select
frames where jersey numbers were most visible, improv-
ing recognition in low-resolution broadcasts. Transformer-
based methods have further advanced player identification.
Vats et al. [26] introduced a weakly supervised transformer-
based framework for ice hockey, handling partial occlu-
sions. Koshkina et al. [20] adapted scene text recognition
models to extract jersey numbers without extensive manual
annotation, refining predictions across tracklets. Habel et
al. [11] explored CLIP-based embeddings for jersey number
retrieval, highlighting the potential of vision-language mod-
els in sports analytics. Despite these advancements, pub-
licly available player identification datasets remain scarce,
with most relying on tracklets and partial annotations. This
underscores the importance of integrating appearance-based
ReID with jersey number recognition to ensure identity con-
sistency in sports scenarios with heavy occlusions.

2.3. Event Spotting
Event spotting is crucial for understanding sports videos,
as it localizes specific moments using a single timestamp.
In jump-intensive sports, even small temporal errors (4-5
frames) can lead to incorrect motion interpretations. E2E-
Spot [12] introduced an end-to-end learning framework that
jointly trains feature extraction and event spotting heads,
improving temporal precision. T-Deed [28] further ad-
vanced event spotting by enhancing token discriminability
and multi-scale temporal reasoning.

2.4. Player Position Estimation
Public datasets for player position estimation remain scarce.
SoccerNet-GSR [24] proposed Game State Reconstruction
(GSR), integrating athlete localization and identification on
a pitch minimap from soccer videos. Theiner et al. [25]
developed a modular pipeline for 2D soccer player localiza-
tion without focusing on identity tracking. Chen et al. [6]
proposed a physics-based method for jump pattern recogni-
tion, estimating jump height and location but requiring prior
knowledge of player heights and 3D pitch transformation,
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Figure 1. Overview of our proposed Jump-Aware Position Rectification (JPR) framework.

which is often unavailable in broadcast footage in volley-
ball. Hsu et al. [13] extended this by tracking jump trajec-
tories over long video sequences, enabling motion pattern
recognition in volleyball games.

3. Method
This section presents our Jump-Aware Position Rectifica-
tion (JPR) framework, illustrated in Figure 1, which im-
proves player tracking in jump-intensive sports by cor-
recting positional distortions and identity inconsistencies.
Broadcast sports videos introduce challenges such as cam-
era motion, occlusions, and jersey similarities, making ac-
curate tracking difficult. To address these, our framework
integrates five key modules, each ensuring accurate spatial
localization and identity tracking. Player Detection and
Tracking extracts player positions in image space, while
Sports Field Registration maps them to pitch coordinates.
To rectify airborne distortions, Jump Event Spotting (JES)
detects jumping and landing frames, guiding the Jump-
Aware Rectification module to refine player trajectories.

Finally, Jersey-Based Identification and Team Cluster-
ing ensures identity consistency across frames, mitigating
occlusion and motion blur. Together, these modules enable
robust tracking in dynamic sports environments.

3.1. Player Detection and Tracking

We adopt a tracking-by-detection paradigm to localize play-
ers across frames while ensuring consistent identity associ-
ation. We employ YOLO-X [10] for efficient and robust
multi-object detection, followed by Deep-EIoU [16], which
enhances tracking robustness through iterative bounding-
box expansion and deep feature matching, improving iden-
tity association under occlusions and rapid player move-
ments. To further ensure identity consistency, OSNet [32] is
used for appearance-based re-identification, generating dis-
criminative embeddings that enhance short-term identity as-
sociation, even under occlusions or jersey similarities. The
resulting tracklets are passed as input for both jump event
spotting module (Section 3.3) and jersey-based player iden-
tification and team clustering module (Section 3.5). The
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Figure 2. Architecture of our Jump Event Spotting (JES) model.

detected player positions are transformed into pitch coordi-
nates using sports field registration (Section 3.2).

3.2. Sports Field Registration
To transform player positions from image space to a top-
view pitch representation, we integrate the sports field
registration model from [22]. This module estimates a
homography matrix H using a Residual Attention-based
EfficientNet-UNet [22], which detects pre-defined pitch
keypoints. We represent each player’s location using the
bottom-center point of their bounding box, a standard ap-
proximation that typically corresponds to the feet posi-
tion. The estimated H transforms image-space coordinates
p̃ ∈ R2 into pitch coordinates p̂ ∈ R2:

p̂ = H−1p̃ (1)

where H ∈ R3×3 is the homography matrix.
These transformed positions are referred to as Prelim-

inary Tracklet Positions (Pre-Jump Correction), providing
an initial localization of players on the pitch. However,
the assumption of a planar surface in homography does not
account for airborne motion, leading to spatial displace-
ment and positional distortions. To address this, jump event
spotting module (Section 3.3) detects jumping and landing
frames, enabling the jump-aware rectification process to re-
fine player trajectories, ensuring reliable localization on the
pitch.

3.3. Jump Event Spotting (JES)
To correct positional distortions from airborne motion, we
introduce the JES model that automatically detects jumping
and landing frames for jump-aware rectification. The model
utilizes a Motion Guided Masking Autoencoder (MGMAE)
encoder [14] to extract spatiotemporal representations from
player tracklet sequences, capturing motion dynamics and
structural cues related to jump transitions. The extracted
features are processed through a MLP Head, followed by a
Sigmoid activation, producing frame-wise probabilities for
jumping and landing events:

P = σ(MLP(MGMAE(F; θMGMAE); θMLP )) (2)

where θMGMAE and θMLP are the trainable parame-
ters of the MGMAE encoder and MLP head, respectively,
P ∈ RT×2 represents event probabilities per frame, and
F ∈ RC×T×H×W denotes the input tracklet frames.

The jump-aware rectification process (Section 3.4) lever-
ages detected jump events, which are identified by analyz-
ing peaks in the JES probability outputs. This correction
mitigates trajectory distortions caused by elevation changes.
Figure 2 illustrates the JES model architecture.

3.4. Rectified Tracklet Positions (Post-Jump Cor-
rection)

Following JES, we refine player positions using physics-
based validation to assess jump plausibility and improve tra-
jectory consistency in the reconstructed pitch coordinates.
After predicting the jumping fJ and landing fL frame in-
dices for each tracklet, we compute the jump duration tJ :

tJ = (fL − fJ)∆t (3)

where ∆t is the per-frame time interval. Assuming a sym-
metric parabolic trajectory, where ascent and descent are of
equal duration, we set the landing height to zero and calcu-
late the theoretical maximum jump height hJ using:

hJ =
1

8
gt2J (4)

where g = 9.81m/s2 is the gravitational constant.
By comparing hJ to pre-defined jump height thresholds[
hmin, hmax

]
, we discard implausible or minor “hops” and

retain only validated jumps. For instance, studies report
that elite volleyball players may reach up to 120 cm [6, 13],
while basketball jump heights often fall within 22–48 cm
for female and 40–75 cm for male players [34]. Adjusting
these thresholds accordingly allows the approach to accom-
modate different sports.

We refine airborne positions by interpolating between
jumping and landing frames, smoothing discontinuities and
preserving spatial coherence in pitch coordinates. Only
physically plausible jumps are retained while reconstructing
airborne trajectories. This rectification enhances 2D track-
ing accuracy and estimates jump height, a key metric for
performance and tactical analysis in dynamic sports.

3.5. Jersey-Based Player Identification and Team
Clustering

Florence-2-B [29], a lightweight Vision-Language Model
(VLM), is used to predict structured text for jersey-based
player identification. In the SoccerNet Fine-tuned dataset,
the model classifies each individual’s role (Player, Goal-
keeper, Referee), jersey number, and jersey color directly
from bounding-box images. In contrast, the SportsJump-
Motion dataset contains only player tracklets and does
not include role annotations, so role classification is not
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Table 1. Statistics of the SportsJumpMotion dataset.

Split Basketball
Clips

Volleyball
Clips

Num of
Tracklets

Jumping
Events

Landing
Events

Train 26 99 1448 980 979
Valid 14 40 610 439 439
Test 12 44 648 463 458

performed for this dataset. To maintain identity consis-
tency, we apply a majority-voting mechanism across frames
within each tracklet, ensuring that occasional misclassifi-
cations do not disrupt long-term identity assignment. For
team clustering, players are grouped based on jersey color
and visual embeddings extracted from OSNet when jersey
color alone is insufficient, while pitch position is used in
volleyball to distinguish libero players.

4. Experiments
4.1. Datasets
We evaluate our framework on two datasets: SportsJump-
Motion, introduced in this work, and SoccerNet Fine-tuned,
which is extended from an existing benchmark.

4.1.1. SportsJumpMotion Dataset
SportsJumpMotion dataset consists of player tracklets with
tracklet-level annotations. We collected basketball and vol-
leyball broadcast video clips from SportsMOT [9], provid-
ing both raw frame images and bounding-box tracklet im-
ages (Figure 3(a)) for jump event spotting and jersey num-
ber classification. Each tracklet is manually annotated with
frame-accurate jumping and landing events, along with jer-
sey numbers, as shown in Figure 3(c). The dataset is divided
into train, validation, and test sets for model evaluation. Ta-
ble 1 presents the dataset statistics, and Table 2 describes
the event types.

4.1.2. SoccerNet Fine-tuned Dataset
Since SoccerNet Jersey Number Recognition dataset [8]
provides only jersey number annotations, we manually an-
notate additional attributes, including the role (Player, Goal-
keeper, Referee, Other, Ball) and dominant jersey color for
jersey-based player identification as illustrated in Figure 4.

Table 2. Event descriptions in the SportsJumpMotion dataset.

Event Description

Jumping When the tracklet starts jumping (both feet
leave the ground).

Landing When one of the tracklet’s feet is back on the
ground.

Figure 3. (a) Sample frames from the ground truth annotation of a
video clip (b) Target construction for jump event spotting for each
tracklet (c) Corresponding ground truth annotation for the example
video clip.

For evaluation, we assess jersey number classification and
role classification, while jersey color is used solely for team
clustering.

4.2. Target Construction for Jump Event Spotting
(JES)

The annotated events in the SportsJumpMotion dataset are
micro-events, meaning they occur within a single-frame du-
ration, making precise temporal localization crucial. How-
ever, distinguishing jumping and landing events is challeng-
ing due to the high similarity in pixel content between adja-
cent frames. To address this, we employ a Gaussian-based
smoothing strategy. Specifically, for each event frame, we
generate a probability distribution, centered on the anno-
tated frame, forming two Gaussian curves (one for jumping
and one for landing), as shown in Figure 3(b). This ap-
proach helps reduce misclassification risks and allows our
model to learn more robust temporal patterns.

4.3. Implementation Details
We conducted the experiments on a single NVIDIA 4090
GPU with 24G memory size and implemented our approach
in PyTorch. The implementation details for each module are
explained as follows:

4.3.1. Player Detection and Tracking
For player detection, we adopt the YOLO-X model trained
on SportsMOT from [9]. For tracking, we follow the config-
uration settings of the Deep-EIoU, which focuses on MOT
for sports scenarios and integrates with the embedding fea-
tures from the OSNet model that is trained on SportsMOT
[16].

4.3.2. Sports Field Registration
For Residual Attention-based EfficientNet-UNet, we use
weights trained on the Volleyball dataset [17] and the Bas-
ketball dataset [30] for sport-specific field registration.
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Table 3. Comparison of Jump Event Spotting performance on the SportsJumpMotion dataset. Our model outperforms all baselines in mAP
and class-wise AP at different temporal tolerances (δ = 1, 2, 3).

Method Backbone mAP AP (Jumping) AP (Landing)

δ = 1 δ = 2 δ = 3 δ = 1 δ = 2 δ = 3 δ = 1 δ = 2 δ = 3

E2E-Spot [12] RegNet-Y 89.39 92.99 94.05 90.88 93.57 94.32 87.89 92.41 93.78
T-Deed [28] RegNet-Y 89.36 92.90 94.48 91.10 94.17 95.03 87.61 91.63 93.93
Ours ViT-B 90.80 94.41 95.33 91.60 95.29 95.78 89.99 93.52 94.88

4.3.3. Jump Event Spotting (JES)
The input is 16 frames of each tracklet and resized to
224x224 pixels, and the JES model is trained for 60 epochs
using AdamW (learning rate 3e−4, batch size of 8). We
approach jump event spotting as a regression problem us-
ing a sliding-window method with a frame stride of step S.
In our experiments, we set S=5, which provides a balance
between temporal resolution and computational efficiency.
We use Mean Squared Error (MSE) loss. Data augmenta-
tions, such as random cropping, color jittering, horizontal
flipping, and random rotation within ±10◦, were applied
consistently across frame sequences rather than individual
frames, preserving temporal coherence. During inference,
we identify predicted events by analyzing the probability
distributions of output by the model. Peaks in these distri-
butions are detected at a threshold of 0.6 to determine the
frames containing jump events.

4.3.4. Jersey-Based Player Identification and Team Clus-
tering

To adapt Florence-2-B for sports broadcast videos, we fine-
tune the model separately on small training subsets of the
SportsJumpMotion and SoccerNet Fine-tuned datasets. We
apply identical training settings (5 epochs, learning rate
2e−4) to evaluate its generalization across different sports.
During inference, each bounding-box image is processed
with the prompt: “Classify Role, Jersey Number, and Jer-
sey Color”. If the jersey number is not visible, we as-
sign the placeholder “100” to denote an unreadable label.
Since Florence-2-B already demonstrates strong OCR ca-
pabilities, we apply minimal fine-tuning to adapt its output
to the ”Role,Jersey Number,Jersey Color” format, while
preserving its pre-trained text recognition strengths.

4.4. Evaluation Metrics
4.4.1. Jump Event Spotting (JES)
The prediction accuracy is assessed using Average Preci-
sion (AP) with a tolerance of δ frames (AP @δ). AP is
computed for each event class and mean Average Precision
(mAP) is the mean across classes. We emphasize tight toler-
ances, (δ = 1, 2, 3), to ensure a precise jump event spotting

accuracy evaluation.

4.4.2. Jersey-Based Player Identification
For jersey-based player identification, we evaluate jersey
number and role classification at the tracklet-level using
classification accuracy and F1-score. A prediction is con-
sidered correct if the majority-voted jersey number for a
tracklet matches the ground truth.

4.5. Results
We evaluate our framework’s effectiveness through both
quantitative and qualitative analysis, focusing on jump
event spotting and jersey-based player identification.

4.5.1. Quantitative Evaluation
As shown in Table 3, our JES model achieves the highest
mAP of 95.33 at δ = 3, outperforming E2E-Spot and T-
Deed. It also records the highest Jumping AP and Land-
ing AP, demonstrating superior capture of jump-related mo-
tion. Our model outperforms T-Deed by 0.85% in mAP
and 0.75% in Jumping AP at δ = 3, highlighting its effec-
tiveness in improving motion consistency. While T-Deed
performs competitively, it exhibits lower Landing AP, sug-

Figure 4. Examples images and ground truth annotations from
the SoccerNet Fine-tuned Dataset used for fine-tuning Florence-
2-B. The first image shows a player with a visible jersey num-
ber, the second depicts a player with an invisible number (place-
holder: ”100”), and the third represents a referee with role and
jersey color annotations. These annotations support jersey-based
identification.
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Figure 5. Qualitative results of our JPR framework. (a) and (d) show rectified tracklet positions overlaid on broadcast video frames, where
red triangles represent reprojected rectified positions, aligning airborne players with their estimated true locations after jump correction.
(b) and (e) display preliminary tracklet positions before jump correction on the pitch, with jersey numbers and team clustering applied
for identity tracking while (c) and (f) visualize rectified tracklet positions after jump correction, with mid-air positions reconstructed. Red
circles indicate jumping events, green circles mark landing events, and mid-air positions are captured in between. Jersey-based player
identification ensures consistent identity tracking, while team clustering distinguishes opposing teams.
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Table 4. Jersey-Based Player Identification Performance. Evalu-
ation of Florence-2-B on SoccerNet Fine-tuned and SportsJump-
Motion test sets, reporting jersey number classification accuracy
and F1-score. Role classification is omitted for SportsJumpMo-
tion as it includes only player tracklets.

Method Dataset

Jersey Number
Classification

Role
Classification

Acc F1 Acc F1

Florence-2-B
(Fine-tuned on SportsJumpMotion)

SoccerNet Fine-tuned 61.23 43.52 - -
SportsJumpMotion 76.38 54.99 - -

Florence-2-B
(Fine-tuned on SoccerNet)

SoccerNet Fine-tuned 84.69 56.52 98.93 95.77
SportsJumpMotion 69.29 51.77 - -

gesting limitations in detecting landing frames precisely. In
contrast, our model improves Landing AP by 0.95%, further
validating the robustness of our approach.

For jersey-based player identification, we evaluate
Florence-2-B on both SportsJumpMotion and SoccerNet
Fine-tuned test sets, measuring accuracy and F1-score at
the tracklet-level (Table 4). Fine-tuning on SportsJumpMo-
tion achieves 76.38% accuracy (54.99 F1-score) on its own
test set but struggles on SoccerNet Fine-tuned (61.23% ac-
curacy, 43.52 F1-score). Conversely, fine-tuning on Soccer-
Net Fine-tuned results in 84.69% accuracy (56.52 F1-score)
on its own test set but generalizes less effectively to Sport-
sJumpMotion (69.29% accuracy, 51.77 F1-score). Role
classification is omitted for SportsJumpMotion, which con-
tains only player tracklets, but the model achieves 98.93%
accuracy (95.77 F1-score) on SoccerNet Fine-tuned. These
results highlight the challenges of cross-sport jersey num-
ber classification. The performance drop when transferring
the model from SoccerNet Fine-tuned to SportsJumpMo-
tion highlights the impact of dataset-specific variations in
jersey visibility, motion blur, and occlusion frequency on
jersey recognition accuracy. This underscores the need for
sport-specific adaptation strategies, particularly when ap-
plying models trained on one domain to another.

4.5.2. Qualitative Evaluation
Direct evaluation of rectified player positions against
ground truth pitch coordinates is not possible due to the
lack of sensor-based ground truth positional data in broad-
cast videos. Instead, we assess the effectiveness of our rec-
tification through qualitative visualization and spatial con-
sistency improvements. Figure 5 presents qualitative re-
sults of our JPR framework applied to basketball and vol-
leyball. Figure 5(a) and (d) show the broadcast video
frames with rectified tracklet positions reprojected as red
triangles, illustrating how jump-aware correction aligns air-
borne players with their actual locations. Meanwhile, (b)
and (e) show preliminary tracklet positions before jump
correction, while (c) and (f) visualize the rectified posi-
tions post-correction on a top-view pitch with jersey num-
bers. The red circles highlight jumping event frames, green

circles denote landing events, and mid-air positions are
captured in between. The rectification process produces
smoother positional transitions, reducing distortions caused
by airborne motion. Furthermore, jersey-based identifica-
tion helps maintain identity consistency, ensuring that de-
tected jersey numbers align with players across frames. The
framework also facilitates team clustering, effectively dis-
tinguishing opposing teams using jersey colors. These vi-
sualizations demonstrate the robustness of our approach in
addressing occlusions, motion ambiguities, and positional
inconsistencies. In the supplementary material, we also
demonstrate additional broadcast videos in volleyball and
basketball.

5. Conclusion and Future Work

We introduced a jump-aware player positioning and iden-
tification framework that mitigates positional distortions
caused by airborne motion in dynamic sports analytics. By
integrating JES with jersey-based player identification, our
framework ensures smooth spatial transitions and robust
identity tracking, even under occlusions. This enables struc-
tured player tracking and effective team clustering in dy-
namic sports scenarios. To validate our approach, we in-
troduced SportsJumpMotion, a dataset with frame-accurate
jump annotations and jersey-based player identities for bas-
ketball and volleyball. Experimental results demonstrate
that our method outperforms baselines in jump event spot-
ting, while domain-specific fine-tuning enhances identity
consistency across frames in jersey-based identification.

Despite these advancements, our framework assumes
predictable airborne motion and relies on homography-
based localization, which introduces perspective distortions
under extreme camera angles. Future work could explore
learning-based rectification models to improve adaptabil-
ity across diverse broadcast settings and mitigate perspec-
tive variation errors. Additionally, more advanced domain
adaptation strategies could further improve jersey-based
identification across different sports. Evaluating the JPR
framework’s impact on tracking accuracy would also pro-
vide deeper insights into its effectiveness in sports analyt-
ics. By addressing these challenges, future work can en-
hance player localization and identity tracking, advancing
automated sports analysis in real-world broadcast environ-
ments.
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