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Objectives: To address these challenges, we introduce BPTD Net (Ball Player jointDetection
andTrajectoryPredictionNetwork), which integrates a Multi Scale Contextual Enhancement
(MSCE) module and a Motion Consistent Trajectory Predictor (MCTP).

Methods: MSCE leverages cascaded dilated convolutions and spatio temporal attention to
enrich features of small or occluded objects, markedly improving the detection accuracy of both
players and the ball. MCTP combines state filtering with gated recurrent units to jointly capture
short term motion cues and long-term dependencies, refining per frame detections and
extrapolating future positions to ensure trajectory coherence and physical plausibility.

Results: Experiments on the SoccerNet Tracking and SoccerTrack Challenge datasets show that
BPTD Net improves player mAP by 2.8%, 2.4% and ball mAP by 3.8%, 3.3%, while reducing the
Average Displacement Error of ball trajectories by 12.2%, 19.4%, thereby demonstrating strong
robustness and practical value across diverse settings.

Conclusions: This study presents BPTD-Net, a unified framework for joint player detection and
ball trajectory prediction in football video analysis. By incorporating the Multi-Scale Contextual
Enhancement (MSCE) module and Motion-Consistent Trajectory Predictor (MCTP), BPTD-Net
effectively addresses challenges such as small-object appearance, occlusions, and dynamic
camera shifts. The model achieves notable improvements in detection accuracy and trajectory
prediction quality on benchmark datasets, demonstrating its robustness and applicability to real-
time football analytics. These findings highlight the potential of BPTD-Net as a practical tool for
enhancing tactical understanding and intelligent decision-making in sports scenarios.

Keywords: Object Detection; Trajectory Prediction; Football Analytics; Small Object Detection;
Temporal Modeling.

INTRODUCTION

Accurate perception of player positions and ball trajectories in football matches has become a fundamental
component of intelligent applications such as tactical analysis, physical performance evaluation, and automated
commentary[1][2]. By leveraging visual systems to extract real-time dynamic information about players and the ball,
coaches can optimize tactical execution, while broadcasters can offer audiences more intuitive and immersive game
insights. Compared with traditional wearable sensor-based solutions, computer vision—based detection and tracking
systems provide a non-intrusive and efficient alternative, making them more suitable for large-scale deployment in
real-world match environments. The rapid development of computer vision technologies[12][13], particularly in
areas like deep learning and real-time analysis, has significantly improved the accuracy and applicability of these
systems in sports analytics.
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Although prior studies have achieved progress in either player detection or event recognition[14][15], they generally
fall short in jointly modeling the spatial relationships between players and the ball, as well as the temporal continuity
of ball trajectories. Most existing methods treat ball detection as an auxiliary task and lack mechanisms for modeling
its continuous motion[4][5][6][11]. This leads to poor robustness when the ball appears small, blurred, or moves
rapidly. In addition, in scenes involving dense player occlusions and frequent camera view changes, conventional
object detection frameworks often fail to maintain spatial-temporal consistency, resulting in fragmented trajectories
and inaccurate player associations, which seriously impact downstream analytics.

To address these challenges, we propose a unified detection and trajectory modeling framework called BPTD-Net
(Ball-Player joint Detection and Trajectory Prediction Network), which aims to achieve accurate player detection
and robust ball trajectory prediction under complex match conditions. The framework consists of two key modules:
the Multi-Scale Contextual Enhancement (MSCE) module and the Motion-Consistent Trajectory Predictor (MCTP)
module, each structurally designed to address the challenges of small-object detection and trajectory discontinuity.
Specifically, the MSCE module is built upon YOLOv8 backbone features and integrates three branches of dilated
convolutions at different rates to capture multi-resolution spatial responses for small targets like the football. It
further employs both channel attention (SE block) and spatial attention (SAM) mechanisms to enhance feature
sensitivity in occluded regions. In addition, to better handle local structure under dense occlusion, we introduce a
Context-Guided Enhancement Unit that leverages neighboring area information during feature fusion, enabling the
network to recover occluded targets and significantly improve detection robustness. The MCTP module explicitly
models the trajectory of the ball based on detection results. It first applies a Kalman filter to denoise and smooth
inter-frame ball positions, generating reliable historical trajectory sequences. These are then fed into a two-layer
GRU network to extract temporal motion patterns, followed by a multilayer perceptron (MLP) that predicts the ball’s
position over future frames. A trajectory residual optimization term is added to ensure that the predicted paths are
both temporally smooth and physically plausible. Through the synergy of these two modules, BPTD-Net not only
ensures accurate player detection but also significantly enhances the continuity and stability of football trajectory
prediction. Experiments conducted on the SoccerNet-Tracking and SoccerTrack-Challenge datasets show that
BPTD-Net improves player mAP to 2.8%, 2.4% and ball mAP to 3.8%, 3.3%, while reducing the average trajectory
displacement error by 12.2%, 19.4%, outperforming state-of-the-art baselines in both detection accuracy and
temporal consistency. The main contributions of this work are as follows:

(1) We propose a unified detection and trajectory prediction framework, BPTD-Net, which jointly perceives both
players and the football in dynamic match settings;

(2) We design two task-specific modules, MSCE and MCTP, which address the challenges of small-object detection
and trajectory discontinuity through contextual enhancement and temporal modeling, respectively;

(3) Extensive experiments on two datasets validate the superiority of our method in terms of detection accuracy and
trajectory continuity.

METHODOLOGY

2.1 Overall Framework

The proposed BPTD-Net is a unified detection and trajectory prediction framework designed for accurate player
detection and robust ball trajectory modeling in football video analysis. The network consists of two task-specific
modules: Multi-Scale Contextual Enhancement (MSCE) and Motion-Consistent Trajectory Predictor (MCTP),
forming an end-to-end architecture that integrates spatial object detection with temporal motion prediction. As
shown in Fig. 1, the overall framework of BPTD-Net integrates these two modules to enhance detection and prediction
tasks. First, BPTD-Net adopts a YOLOv8-based backbone to detect both players and the football within each video
frame. The MSCE module enhances this detection process by integrating multi-scale dilated convolutions and
attention mechanisms, effectively improving the perception of small or occluded targets—particularly the football—
under challenging match conditions. In addition, a context-guided refinement unit further strengthens object
representations in crowded or partially occluded scenes by leveraging surrounding spatial cues. Then, the MCTP
module receives frame-wise football detections and explicitly models temporal consistency across frames. It employs
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a Kalman filter to smooth detection noise, followed by a two-layer gated recurrent unit (GRU) to capture short-term
motion patterns. A lightweight multilayer perceptron (MLP) then predicts the ball’s near-future positions, with
trajectory refinement loss ensuring physical plausibility and temporal smoothness. By coupling spatial detection
enhancement with temporally consistent trajectory prediction, BPTD-Net addresses common challenges such as
small-object instability, occlusion-induced errors, and broken motion sequences. In the following sections, we
provide detailed descriptions of each module.
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Figure 1. Overall Framework of our BPTD-Net.
2.2 YOLOv8-Based Detection Module

Our framework adopts YOLOVS as the base detector to serve as the spatial detection backbone within the end-to-end
architecture. YOLOVS is one of the state-of-the-art anchor-free single-stage object detectors, featuring a C2f (Cross-
Stage Partial Fusion) architecture to enhance feature representation and a decoupled head for improved robustness
in classification and localization. It provides a strong balance between detection accuracy and inference efficiency,
making it suitable for high-resolution football videos. Given an input frame I, € R¥*"*3 YOLOVS first extracts multi-
scale visual features:

F, = Backbone(l,) (€Y)

where F, = {F2, F#, F?} denotes features at different resolutions (e.g., 1/8, 1/16, and 1/32 scale from shallow to deep
layers). The original YOLOvVS8 detection head can directly output bounding boxes and category confidences. However,
for small objects such as the football—especially under dense occlusions and varying object scales—the raw features
may lack sufficient detail and spatial sensitivity.

To further enhance the detection of small targets in complex match conditions, we design a Multi-Scale Contextual
Enhancement (MSCE) module on top of the YOLOvS feature maps. This module aims to improve the representation
of spatial details and multi-resolution context prior to the detection head.
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2.3 Multi-Scale Contextual Enhancement (MSCE) Module

In football match scenarios, the football often appears as a small, fast-moving, and frequently occluded object.
Directly relying on standard detection features from YOLOv8 makes the model vulnerable to missed detections and
inaccurate localization, particularly in low-resolution or crowded regions. To address these limitations, we propose
the Multi-Scale Contextual Enhancement (MSCE) module, which is placed atop the YOLOv8 backbone to enhance
the spatial expressiveness of features before detection. MSCE consists of three tightly coupled components: multi-
scale dilated convolutions, a dual attention mechanism (channel and spatial), and context-guided local refinement.

2.3.1 Multi-Scale Dilated Convolution

The first sub-module is designed to capture target-specific details at different spatial resolutions. Given the backbone
feature map: F, € RO*#*W we apply parallel 2D convolutions with dilation rates r € {1, 2, 3} to enlarge the receptive
field without increasing the number of parameters. The resulting feature maps are concatenated along the channel
dimension:

Fiitatea = Concat(Conv,_, (F), Conv,_,(F), Conv,_3(F)) € R3*H*W (2)

This multi-branch design ensures that small targets such as the football can be detected at different spatial contexts
while preserving edge and boundary information.

2.3.2 Channel and Spatial Attention

To further enhance target-related responses and suppress irrelevant background noise, we introduce a dual attention
mechanism consisting of channel attention (SE block) and spatial attention (SAM), which are sequentially applied.
Channel Attention (CA) is computed by performing global average pooling across each channel:

1 H W
Ze = mx Wz Z Failatea (¢, 1, J) 3)

i=1j=1

This descriptor z € R* is passed through two fully connected layers: w, = a(W, - (W, - z.)), where § is the ReLU
activation, and o is the Sigmoid function. The attention-weighted feature map becomes:

FCA(CI l,]) =W Fdilated(c' l']) (4)

Spatial Attention (SA) captures the importance of different spatial positions. We first compute average and max
pooling along the channel axis:

Eivg = AVgPOOlchannel (Fca), Frax = MaXPO()lchannel (Fea) (5)

These two maps are concatenated and passed through a convolutional layer:

M = 0(Convyy (Fivg @ Fuax) ) (6)
Then, the final attention-modulated feature is:
Fsam = Mg © Fea (7)
where @ denotes channel-wise concatenation and © is element-wise multiplication.

This dual-attention design allows the network to adaptively recalibrate both what and where to focus, which is
essential when multiple players or occlusions are present.

2.3.3 Context-Guided Local Refinement

To further enhance robustness under dense occlusion or visual ambiguity, we incorporate a Context-Guided
Enhancement Unit. This unit aggregates neighboring features around each spatial location, allowing the model to
infer occluded or incomplete target structures based on contextual patterns. Formally, for each position (i, ), we
define a local window N'(i, j) (e.g., 3 x 3) and perform spatial averaging:

1
Fcontext(i'j) = W Z FSAM(p; q) (8)

@.eN(.))
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The final refined feature is computed as:
Fﬁnal(i:j) = FSAM(i:j) +o- Fcontext(i'j) 9

where « is a learnable parameter that controls the fusion weight. This design allows the model to adaptively
incorporate structural context to compensate for missing or noisy signals.

2.4 Motion-Consistent Trajectory Predictor (MCTP) Module

While MSCE effectively enhances spatial features to improve the detection of players and the ball, it does not consider
temporal consistency across frames. In practice, football motion is inherently continuous, and relying solely on per-
frame detection leads to fragmented or jittery trajectories—particularly under occlusion or rapid movement. To
address this limitation, we introduce the Motion-Consistent Trajectory Predictor (MCTP) module, which explicitly
models the temporal dynamics of the ball to generate smooth and physically plausible trajectory predictions. MCTP
operates in three stages: detection smoothing, temporal encoding, and future trajectory prediction. This design
ensures the system not only maintains temporal consistency but can also predict short-term ball motion under
uncertainty.

2.4.1 Detection Smoothing with Kalman Filter

Given the frame-wise detected ball positions {b;, b,, ..., b,}, where b, € R? denotes the center of the ball in frame ¢, we
first apply a Kalman filter to reduce noise and measurement jitter:

b, = KalmanFilter(b,) (10)
This yields a smoothed trajectory {b,, b,, ..., b;}, which serves as the input for the temporal modeling stage.
2.4.2 Temporal Motion Encoding with GRU

To capture motion trends and temporal dependencies, we encode the smoothed trajectory into a latent representation
using a two-layer Gated Recurrent Unit (GRU). The GRU processes the sequence as follows:

hy = GRU(b;, hy_1) (11)
where h, € R? is the hidden state at time t, encoding the past dynamics of the ball.
2.4.3 Future Trajectory Prediction

We then apply a lightweight multi-layer perceptron (MLP) to decode the future positions of the ball from the GRU-
encoded hidden state:

{b:p :b—t:’;} = MLP(h,) (12)
Here, T is the prediction horizon (e.g., 5 frames), and each b, € R? denotes the predicted ball position at time t + k.

To ensure that predicted trajectories maintain physical consistency with past motion, we introduce a trajectory
residual loss during training;:

T T

. o

Lua = ) 1Ber = BEl3 + 2 [bers = 2y + braial3 (13)
k=1 k=2

The first term is the standard regression loss, and the second is a second-order smoothness constraint to penalize
abrupt changes in the predicted motion path. The weight A balances the two objectives.

2.5 Optimization Objectives

To train BPTD-Net in an end-to-end fashion, we define a joint optimization objective that supervises both the spatial
detection and temporal trajectory prediction branches. The detection loss Lg. follows the standard YOLOvS8
formulation and is composed of three components:

Laet = Lais + Lpox + Lobj (14)
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where L is the binary cross-entropy loss for class prediction of each detected object (e.g., player or ball), Ly, is the
CIoU loss that penalizes inaccurate bounding box localization, and L,; supervises the objectness score to distinguish
true targets from background noise. These losses collectively guide the detector to achieve high accuracy in both
localization and classification, especially under complex match conditions with dense occlusions and small objects.

The trajectory loss L., already defined in Equation (13), combines a future position regression term with a second-
order smoothness constraint to enforce temporal continuity and motion coherence. The total loss used to train
BPTD-Net is then formulated as:

Ltotal = Ldet + )\tra *Lira (15)
where 1., is a weighting coefficient that balances the spatial detection loss and temporal trajectory modeling.
EXPERIMENTS

To comprehensively evaluate the effectiveness of the proposed BPTD-Net, we conduct experiments on two public
benchmarks: SoccerNet-Tracking and SoccerTrack-Challenge. The evaluation focuses on three main aspects: (1)
object detection accuracy, measured by mean Average Precision (mAP); (2) trajectory continuity, assessed by Average
Displacement Error (ADE); and (3) ablation and sensitivity analysis to investigate the contribution of each module
and the impact of key hyperparameters.

3.1 Datasets

SoccerNet-Tracking is a benchmark derived from the SoccerNet-v2 dataset, designed for multi-object tracking in
football matches. It provides high-resolution broadcast videos with dense annotations of player and ball positions
across time. The dataset contains various scenarios with different levels of occlusion, motion complexity, and
viewpoint transitions, making it well-suited for evaluating detection robustness and trajectory modeling in realistic
match conditions.

SoccerTrack-Challenge is a recently released dataset specifically built for assessing ball tracking performance under
difficult conditions such as motion blur, fast direction changes, and partial visibility. It contains synchronized videos
and ground-truth labels for both players and the football across hundreds of sequences. Compared with SoccerNet-
Tracking, this dataset places more emphasis on the accurate modeling of football trajectories and spatiotemporal
continuity, serving as a challenging benchmark for evaluating predictive capabilities.

3.2 Evaluation Metrics

We adopt the following standard metrics for quantitative evaluation: mAP (mean Average Precision): Evaluates the
detection accuracy of players and football across different IoU thresholds. ADE (Average Displacement Error):
Measures the average Euclidean distance between predicted and ground-truth football trajectories over future
frames. FPS (Frames Per Second): Reports the inference speed to demonstrate the practicality of BPTD-Net in real-
time applications. Additional metrics such as F1-score and second-order trajectory smoothness (SOT) are also used
in ablation studies.

3.3 Implementation Details

The proposed BPTD-Net is implemented in PyTorch and trained on a single NVIDIA RTX 3090 GPU. We adopt
YOLOv8-m as the base detection backbone due to its balance between speed and accuracy in dense, high-resolution
football video scenarios. The Multi-Scale Contextual Enhancement (MSCE) module is inserted after the backbone’s
feature pyramid layers and uses dilated convolutions with dilation rates of 1, 2, and 3, followed by SE blocks and
spatial attention. The Context-Guided Refinement Unit aggregates a 3 x 3 neighborhood for local enhancement. The
Motion-Consistent Trajectory Predictor (MCTP) is composed of a Kalman filter for initial smoothing, a two-layer
Gated Recurrent Unit (GRU) with 128 hidden units for temporal encoding, and a three-layer Multilayer Perceptron
(MLP) with ReLU activations for future position regression. The prediction horizon T is set to 5 frames. We jointly
optimize the detection and trajectory branches using the Adam optimizer. The initial learning rate is set to 0.001 with
a batch size of 16. The learning rate decays by a factor of 0.1 if validation mAP does not improve for 10 consecutive
epochs. The model is trained for a total of 80 epochs, with early stopping applied when validation performance
plateaus. All models are validated on 20% of the training split, and the best-performing checkpoint is selected based
on average mAP and ADE.
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3.4 Experimental Results

To evaluate the effectiveness of the proposed BPTD-Net, we conducted a comprehensive set of experiments on two
widely used football datasets: SoccerNet-Tracking and SoccerTrack-Challenge. These datasets present various
challenges, including dense occlusions, small-object detection, and rapid motion, which are crucial for assessing the
robustness and accuracy of our method. We compared our method with several state-of-the-art baselines, including
Faster R-CNN, YOLOv7y, YOLOvio, Deformable DETR, and RT-DETR, along with recent football trajectory
prediction methods such as DiffPose and TrackNet. The quantitative results of these experiments are summarized in
Table 1 and Table 2, showing that BPTD-Net outperforms all baselines across the primary evaluation metrics: mean
Average Precision (mAP) for object detection, and Average Displacement Error (ADE) for trajectory continuity.

Table 1. Detection and Trajectory Prediction Performance on the SoccerNet-Tracking Dataset.

Method Player mAP (%) Ball mAP (%) ADE (pixels)
Faster R-CNN[3] 76.2 70.5 12.4
YOLOv7[5] 78.3 72.4 11.8
YOLOv10[8] 79.5 73.8 10.9
Deformable DETR[6] 81.0 75.2 10.1
RT-DETR[7] 82.3 76.5 9.50
DiffPose[9] 83.4 77.8 8.70
TrackNet[10] 84.2 78.3 8.20
BPTD-Net (ours) 87.0 82.1 7.20

The experimental results on the SoccerNet-Tracking dataset show that BPTD-Net outperforms existing methods in
both player and ball detection, as well as trajectory prediction. Specifically, BPTD-Net achieves a player mAP of
87.0%, improving by 2.8% over TrackNet's 84.2%. The ball mAP is 82.1%, surpassing TrackNet's 78.3%. In terms of
trajectory continuity, BPTD-Net reduces the Average Displacement Error (ADE) to 7.20 pixels, which is a 12.2%
improvement over TrackNet's 8.20 pixels. These results demonstrate the robustness and accuracy of BPTD-Net in
handling occlusions, fast motion, and dynamic scenarios.

The same evaluation was conducted on the SoccerTrack-Challenge Dataset, where BPTD-Net was tested under more
dynamic and complex movement scenarios. The results are summarized in Table 2.

Table 2. Detection and Trajectory Prediction Performance on the SoccerTrack-Challenge Dataset.

Method Player mAP (%) Ball mAP (%) ADE (pixels)
Faster R-CNN13 74.9 68.3 13.6
YOLOv714 76.1 70.2 12.9
YOLOv1017 77.8 72.0 12.2
Deformable DETR15 80.2 73.7 11.3
RT-DETR16 81.6 74.9 10.7
DiffPose18 824 75.8 9.80
TrackNet 83.1 76.9 9.30
BPTD-Net (ours) 85.5 80.2 7.50

The results on the SoccerTrack-Challenge dataset demonstrate that BPTD-Net significantly outperforms TrackNet,
achieving a 2.4% higher player mAP (85.5% vs. 83.1%) and a 3.3% higher ball mAP (80.2% vs. 76.9%). Moreover,
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BPTD-Net reduces the Average Displacement Error (ADE) by 19.4% (7.50 pixels vs. 9.30 pixels), showcasing its
superior robustness in handling occlusions and small object detection. These results highlight the effectiveness of the
proposed framework in improving both the accuracy of detection and the consistency of trajectory prediction,
especially in challenging football match scenarios with dynamic player and ball movements.

To further demonstrate the advantages of our method, Fig.2 presents the visualized results on the SoccerTrack-
Challenge dataset. The figure highlights the accurate detection of players and the corresponding football trajectories,
with different colors representing the trajectories of opposing teams. The visual results further confirm the
superiority of BPTD-Net, showcasing its robustness in handling occlusions and accurately predicting the ball's
movement, even in challenging scenarios with rapid player and ball dynamics. These visualizations align with the

Figure 2. Player detection and football trajectory prediction using BPTD-Net on the SoccerTrack-Challenge dataset.
The trajectories of the ball are color-coded to distinguish between the two teams, with player positions highlighted
by bounding boxes.

3.5 Ablation Study

To assess the contribution of each module within BPTD-Net, we conducted an ablation study by incrementally adding
each module and evaluating their impact on the SoccerNet-Tracking dataset. The results are presented in Table 3.

Table 3. Ablation Study on the SoccerNet-Tracking Dataset.

Model Configuration Player mAP (%) Ball mAP (%) ADE (pixels)
Baseline (YOLOVS) 76.2 70.5 12.4
Baseline + MSCE 78.3 72.4 11.8
Full Model (YOLOv8 + MSCE + MCTP) 85.5 80.2 7.50

The baseline model, which only employs YOLOvVS8 for player and ball detection, achieves a player mAP of 76.2% and
a ball mAP of 70.5%, with an ADE of 12.4 pixels. This demonstrates that YOLOvVS alone is insufficient to capture the
complex motion and small object detection tasks in football videos. Introducing the MSCE module significantly
improves both player and ball detection, increasing the player mAP to 78.3% and the ball mAP to 72.4%, while
reducing ADE to 11.8 pixels. Finally, adding the MCTP module further boosts performance, achieving 85.5% player
mAP, 80.2% ball mAP, and reducing ADE to 7.5 pixels. This highlights the importance of temporal consistency
modeling in improving trajectory prediction and robustness.

To further understand the impact of the MSCE module, we conducted an ablation study by removing or modifying
key components of the MSCE design. The results are shown in Table 4.

Table 4. Ablation Study on the MSCE Module.

Model Configuration Player mAP (%) Ball mAP (%) ADE (pixels)
Baseline (YOLOVS8) 76.2 70.5 12.4
Baseline + Dilated Convolutions 77.6 71.8 11.5
Baseline + Attention Mechanisms 78.0 72.0 11.2
Full Model (YOLOv8 + MSCE) 78.3 72.4 11.8
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The ablation results show that adding dilated convolutions to the baseline improves the ball mAP and reduces ADE,
but the performance remains limited compared to the full MSCE module. The attention mechanisms (channel and
spatial attention) further enhance performance, but the most significant improvement is achieved when both
components are combined, demonstrating the importance of multi-scale contextual feature enhancement for
detecting small and occluded targets.

We also performed an ablation study on the MCTP module to evaluate its contribution to temporal consistency and
trajectory prediction. The results are summarized in Table 5.

Table 5. Ablation Study on the MCTP Module.

Model Configuration Player mAP (%) Ball mAP (%) ADE (pixels)
Baseline (YOLOvVS8 + MSCE) 78.3 72.4 11.8
Baseline + Kalman Filter 81.2 74.5 9.80
Baseline + Kalman Filter + GRU 83.5 77.0 8.10
Full Model (YOLOvV8 + MSCE + MCTP) 85.5 80.2 7.50

The results show that adding a Kalman filter improves trajectory smoothing and reduces ADE to 9.8 pixels. Further
adding the GRU-based temporal modeling improves the trajectory prediction, reducing ADE to 8.1 pixels. Finally,
the full model, which combines YOLOv8, MSCE, and MCTP, significantly outperforms all configurations, achieving
85.5% player mAP, 80.2% ball mAP, and 7.5 pixels ADE. This demonstrates the importance of both spatial and
temporal consistency for improving detection and trajectory modeling in dynamic football scenes.

CONCLUSION

This paper presents BPTD-Net, a novel framework designed for accurate player detection and robust ball trajectory
prediction in football video analysis. By integrating the YOLOv8 backbone, Multi-Scale Contextual Enhancement
(MSCE) module, and Motion-Consistent Trajectory Predictor (MCTP), BPTD-Net effectively addresses challenges
such as occlusions, small-object detection, and dynamic motion. Experimental results on the SoccerNet-Tracking and
SoccerTrack-Challenge datasets demonstrate that BPTD-Net outperforms state-of-the-art methods, achieving higher
player and ball mAP scores as well as reducing Average Displacement Error (ADE) by a significant margin.
Specifically, BPTD-Net achieves up to a 2.8% higher player mAP and 3.8% higher ball mAP, with a 12.2%
improvement in ADE on the SoccerNet-Tracking dataset. Furthermore, BPTD-Net demonstrates superior robustness
in handling complex scenarios with dense occlusions and rapid player movements, making it a promising solution
for real-time football match analysis and related applications.
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