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ABSTRACT

Shuttlecock tracking is challenging due to the object’s small
size, extreme speed, and severe motion blur. While current
models like TrackNetV4 achieve high precision, they rely on
2D convolutions to implicitly handle temporal relationships,
failing to capture complex spatiotemporal dynamics. We pro-
pose TrackNetV5, which introduces multi-scale R(2 + 1)D
blocks for explicit spatiotemporal feature extraction and a
gated residual motion prompt layer for high-quality motion
attention. Furthermore, a spatial-channel-gate module adap-
tively fuses motion priors with visual features across multiple
decoder layers. Experimental results show that TrackNetV5
achieves a state-of-the-art F1-Score of 98.47. We also present
TrackNetV5-Lite, which maintains a high F1-Score of 98.06
with only 2.58M parameters, demonstrating significant po-
tential for real-time edge deployment.

Index Terms— Shuttlecock tracking, Badminton, R(2+1)D,

Motion prompts, Attention mechanism, Edge computing

1. INTRODUCTION

In modern sports analytics, accurate ball trajectory data is es-
sential for tactical analysis and athlete training [1, 2, 3]. How-
ever, shuttlecock tracking in badminton remains a formidable
challenge due to its diminutive size, extreme velocities, and
the resulting severe motion blur and frequent occlusions.

The TrackNet series [4, 5] has established the benchmark
for this task, evolving from heatmap-based predictions to
sophisticated architectures incorporating trajectory rectifica-
tion [6] and motion attention [7]. Despite these advance-
ments, a fundamental architectural limitation persists: these
models rely heavily on 2D CNN-based backbones. This ap-
proach processes temporal relationships implicitly through
channel-wise frame stacking, which fails to capture complex
spatiotemporal dynamics effectively. Even recent modular
enhancements like TrackNetV4 [7], which introduce motion
prompts, still operate on a static 2D backbone and limit fea-
ture fusion to high-level stages, resulting in a lack of deep,
multi-scale spatiotemporal reasoning.

To address these gaps, we propose TrackNetV5, a robust
spatiotemporal framework that shifts from implicit to explicit
modeling. Our approach introduces multi-scale R(2 + 1)D

blocks [8] to decompose 3D convolutions into spatial and
temporal components, enabling deeper spatiotemporal feature
extraction. To further enhance robustness, we utilize a gated
residual motion prompt layer [9] that generates high-quality
motion attention maps while suppressing background noise
and flicker. These motion priors are adaptively integrated
with visual features across multiple decoder levels via a newly
proposed spatial-channel-gate (SCG) module. By leveraging
an asymmetric encoder-decoder design with EfficientNetV2
blocks [10], TrackNetV5 effectively balances computational
efficiency with high-precision localization.

Experimental results demonstrate that TrackNetV5 sets
a new state-of-the-art (SOTA) with an F1-Score of 98.47.
Notably, our lightweight variant, TrackNetV5-Lite, achieves
98.06 F1-Score with only 2.58M parameters, demonstrating
its superior efficiency and readiness for edge deployment in
real-time sports broadcasting and training systems.

2. RELATED WORK

2.1. Object Detection Frameworks

Object detection has evolved from region-proposal methods
like faster R-CNN [11] to real-time single-stage detectors
such as the YOLO series [12, 13, 14]. These frameworks
typically operate on a frame-by-frame basis, prioritizing the
localization of relatively large objects with moderate move-
ment. While recent advancements like YOLOv12 [15] intro-
duce attention-centric architectures (e.g., area attention) to
expand receptive fields, they remain ill-suited for badminton
tracking. The aggressive downsampling in these backbones
often leads to the loss of fine-grained features for minuscule
objects. Furthermore, the lack of temporal context makes it
nearly impossible for static detectors to distinguish a blurred
shuttlecock (i.e., traveling at speeds up to 426 km/h) from
complex background noise.

2.2. Visual Tracking and Siamese Networks

Visual tracking methodologies, notably siamese networks
like SiamFC [16], utilize cross-correlation between a target
template and a search region. A fundamental assumption in
these models [16, 17, 18, 19] is that the object’s displacement



between frames is small enough to stay within a predefined
search radius. In professional sports, however, the shuttle-
cock’s velocity frequently exceeds these spatial constraints,
leading to tracking drift. Moreover, without explicit temporal
modeling, these methods struggle to re-acquire the target after
occlusion or when the background contains visually similar
artifacts.

2.3. Evolution of the TrackNet Series

The TrackNet family was specifically engineered for high-
speed sports through heatmap-based prediction, evolving
from basic encoder-decoder structures [4, 5] to models with
trajectory rectification [6] and motion attention [7]. While
these versions improved precision, they primarily rely on
channel-wise frame stacking for implicit temporal modeling.
Even the motion prompt layer in TrackNetV4 [7] functions
as a plug-and-play module on a static 2D backbone, limiting
its ability to reason over deep spatiotemporal dynamics. In
contrast, our proposed TrackNetV5 shifts toward an explicit
spatiotemporal architecture. By integrating R(2 + 1)D fac-
torization and multi-level gated fusion, our method captures
the shuttlecock’s motion cues more robustly across different
scales than the previous generation of stacked-frame models.

3. METHODOLOGY

3.1. Network Architecture Overview

The proposed TrackNetV5 is an end-to-end spatiotemporal
U-Net architecture designed for robust shuttlecock track-
ing. The process begins with an input tensor of shape
(T,C, H,W), where the parameters T',C, H, W denote the
number of frames, number of channels, height, and width,
respectively. The output is subsequently branched into two
paths:

1. Motion Branch: The motion prompt layer generates a
motion prior, which is subsequently downsampled via
MaxPool layers to match the spatial resolutions of var-
ious decoder stages.

2. Visual Branch: The features pass through an R(2+1)D
block for spatiotemporal factorization and are reshaped
to (T - C, H, W) for the main backbone.

The architectural design of TrackNetV5 follows an asym-
metric encoder-decoder design [20] to balance high-precision
localization with computational efficiency. As illustrated in
Fig. 1, the encoder leverages Fused-MBConv blocks (i.e., in-
troduced by EfficientNetV2 [10]) to prioritize rapid feature
extraction in the early stages. These features are then passed
via skip connections to the decoder, which employs standard
MBConv blocks integrated with the newly developed SCG
module for adaptive spatiotemporal fusion.

To ensure the architecture remains versatile across differ-
ent hardware constraints, we design TrackNetV5 as a scal-
able model family rather than a fixed configuration. Inspired
by EfficientNetV2 [10] and MobileNetV2 [21], we introduce
a width multiplier « to systematically adjust the network’s
capacity. For any layer with an initial channel count C, the
scaled number of filters C,, is defined as:

Co=axC 6]

By modulating «, we can assign additional computa-
tional resources to the network width to capture finer spatial
patterns or reduce them for efficiency. While the standard
version (o = 1.0) is optimized for high-fidelity tracking,
the TrackNetV5-Lite variant is derived by applying a reduced
multiplier (e.g., &« = 0.5). This systematic scaling allows the
lite version to maintain a compact parameter count of only
2.58M, ensuring robust performance and real-time inference
on power-constrained edge devices.

3.2. Spatiotemporal Modeling with R(2+1)D Blocks

Previous TrackNet methods primarily rely on 2D convolu-
tions, where consecutive frames are stacked along the channel
dimension. This approach treats temporal sequences as static
spatial representations, failing to explicitly capture the frame-
by-frame evolution of high-speed trajectories. To address this
limitation, we introduce R(2+1)D convolutional blocks to fac-
torize spatiotemporal learning into decoupled spatial and tem-
poral components.

While a standard 3D convolutional kernel of size ¢ x d x d
(where t denotes the temporal extent and d the spatial size) is
the most direct approach to capturing complex temporal dy-
namics, it entails a significant increase in parameter count and
computational complexity. To mitigate this, we decompose
the 3D kernel into a spatial 2D convolution of size 1 X d X d,
followed by a temporal 1D convolution of size ¢ x 1 x 1. This
structural factorization offers significant advantages in both
optimization and efficiency. By decoupling spatial appear-
ance from temporal dynamics, the R(2+1)D block simplifies
the learning process while maintaining high representational
power. This design effectively reduces the computational bur-
den and parameter count to strike an optimal balance between
spatiotemporal modeling and inference speed, fulfilling the
requirements for real-time edge deployment.

3.3. Gated Residual Motion Prompt Layer

To capture the complex dynamics of fast-moving shuttle-
cocks, we propose an enhanced gated residual motion prompt
layer. While TrackNetV4 [7] utilizes static frame differ-
encing, our module employs a gated strategy designed to
simultaneously suppress background noise and preserve fine-
grained motion details.



Fused- sCG
MBConv

D MBConv D MaxPool

(T+C, H, W) |

R(2+1)D Reshape
L

___________________________

Fig. 1. The architecture of TrackNetV5. The network explicitly models spatiotemporal dynamics through R(2+1)D blocks.
Motion priors are integrated into the MBConv-based decoder via multi-level SCG fusion.
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Fig. 2. R(2+1)D block architecture. The 3D convolution is
decomposed into a spatial convolution and a temporal convo-
lution to capture both appearance and motion dynamics.

Initial motion extraction. As illustrated in Fig. 3, the
input tensor is a grayscale sequence X that focuses on inten-
sity fluctuations. We compute absolute frame differences to
highlight pixel-wise motion, which are then temporally ag-
gregated into a mean difference map:

1 T-1
D:ﬁ;m“_m. 2)

Here, D € R XW represents the raw motion intensity.
This initial step effectively isolates the moving shuttlecock
from the stationary court background.

Gated residual refinement. The core innovation lies in
the gated residual mechanism, which refines the raw signal D
through two parallel paths:

* Gate Path (g): This path generates spatial weights
to mitigate artifacts like camera flicker. The map D
is smoothed via average pooling and a convolutional
block G, followed by a sigmoid activation modulated
by a learnable temperature 7:

J=o (Q(Angool(D))) 3)
T

The parameter 7 (constrained within [0.25, 4.0]) regu-

lates gating confidence; a higher 7 flattens the activa-

tion curve to ensure stable gradient flow during early
training.

* Transformation Path (7): Simultaneously, D passes
through a depthwise convolutional bottleneck 7. This

path recalibrates motion magnitudes and preserves
sharp spatial details that may be lost during the smooth-
ing process in the Gate Path.

Motion attention generation. The refined motion fea-
ture F' is then formulated via a gated residual connection:

F=(1-g)-D+g-T(D) 4)

Finally, the motion attention map M is produced by a linear
transformation followed by a sigmoid activation:

M=oc(a-F+p) (5)

where « and [ are learnable parameters. This architecture al-
lows the network to dynamically retain original motion cues
while adaptively integrating noise-suppressed features, pro-
viding a high-quality spatiotemporal prior for subsequent fu-
sion stages.
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Fig. 3. Architecture of the gated residual motion prompt
layer. The module extracts grayscale frame differences and
utilizes a gated mechanism to adaptively fuse raw motion sig-
nals with transformed features, regulated by a learnable tem-
perature 7.

3.4. Multi-Level Fusion via Spatial-Channel-Gate

The core innovation of the TrackNetV5 decoder is the SCG
module. Inspired by the convolutional block attention mod-
ule [22], SCG is designed to adaptively recalibrate feature re-
sponses by integrating the motion prior M across multiple



scales (M7, Mo, Ms) in Fig. 1. Unlike the simple single-stage
fusion in previous works [7], SCG employs parallel spatial
and channel attention paths as shown in Fig. 4.

Dual-gate mechanisms. The SCG module processes vi-
sual features V' by identifying both the relevance and location
of motion through two gates:

 Channel gate (g. € RE*!X1): This path identifies
“what” motion features are relevant by aggregating the
global context from both visual features V" and the prior
scaled motion M. We apply global average pooling to
both inputs, followed by a multi-layer perceptron with
a bottleneck design to compute the channel-wise atten-
tion weight:

ge = o(MLP([GAP(V'), GAP(M)])) (©)

+ Spatial gate (g, € R'*H>*W): This path focuses on
“where” the shuttlecock is likely located. It computes a
spatial attention map by applying a convolutional layer
directly to the motion prior:

gs = o(Convygxr(M)) @)

Feature integration and residual learning.  The vi-
sual features V' are first modulated by these two gates via
element-wise multiplication (®). To ensure feature integrity
and stable gradient flow, this gated representation is pro-
cessed through a lightweight mixing block A (consisting of
depthwise-separable convolutions) before being combined
with the original features via a residual connection:

Vou,t =V+ N((gs & V) ® gc) (8)

This design allows the model to selectively emphasize spa-
tiotemporal regions of interest while maintaining the stability
of the underlying visual representations.

3.5. Loss Function and Deep Supervision

The total objective function combines a primary tracking loss
and a deep supervision component [23]:

£t0tal = £wbce + ‘Cd57 (9)

where L5 is the weighted binary cross-entropy that is used
to address the extreme class imbalance between the shuttle-
cock and the background. The second term, L4, is a deep
supervision strategy [23] that injects auxiliary objective func-
tions into the hidden layers to mitigate vanishing gradients
and encourage the learning of discriminative features in ear-
lier stages of the decoder. By forcing intermediate layers to
produce coarse heatmaps that approximate the ground truth,
the network achieves faster convergence and improved feature
representation.

3.6. Scalable Architecture via Width Multiplier

To facilitate real-time deployment across diverse hardware
constraints, we introduce TrackNetV5-Lite. Following the
design philosophy of MobileNet [21], we employ a width
multiplier « as a hyperparameter to construct a scalable model
family. The design is governed by two key principles:

e Uniform Channel Thinning: We explicitly intro-
duce the width multiplier « to customize the network’s
capacity according to the target computational budget.
For a given layer with C' input channels, the lightweight
variant constructs a uniformly thinned representation
with C/ = a x C. By setting o = 0.5, we effectively
reduce the computational cost and memory footprint
quadratically. This mechanism allows TrackNetV5 to
be tailored for resource-constrained edge devices, pro-
viding a flexible trade-off between inference latency
and tracking accuracy.

« Efficient Spatiotemporal Factorization: TrackNetV5-
Lite inherits the R(2+1)D block strategy from the main
architecture, which decomposes complex volumetric
interactions into spatial and temporal components. This
design was explicitly chosen to ensure scalability; it al-
lows TrackNetV5-Lite to preserve deep spatiotemporal
reasoning capabilities without the cubic computational
complexity of standard 3D kernels. Consequently,
the model retains explicit motion modeling essential
for accurate tracking, even under strict computational
constraints.

3.7. Implementation Details

The model is optimized using the AdamW optimizer with an
initial learning rate of 1 x 1074, a weight decay of 5 x 1074,
and a batch size of 16. We employ a cosine decay to regulate
the learning rate, with specific decay milestones established
at the 100 and 200 epochs to facilitate stable convergence.
All experiments were conducted using a fixed random seed to
ensure reproducibility.

4. EXPERIMENTS

4.1. Datasets and Implementation Details

We evaluate TrackNetV5 on the public badminton dataset [35,
6] with frames resized to 512 x 288. The value of T' (e.g.,
sequence length) is set to 5. A prediction is considered a True
Positive (TP) if the distance to the ground truth is within 4
pixels [5].

4.2. Quantitative Results and Comparison

Table 1 compares TrackNetV5 with SOTA baselines. Track-
NetV5 achieves a leading F1-Score of 98.47, surpassing
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Fig. 4. Architecture of the proposed SCG. The module utilizes parallel spatial and channel attention mechanisms inspired by
CBAM [22] to fuse visual features V' with motion priors M, incorporating a residual connection for robust feature preservation.

Table 1. Performance comparison on the shuttlecock dataset.

Table 4. Ablation study.

Method Params Acc. Prec. Recall F1 FPS
TrackNetV3 [6] 11.3dM 9598 99.67 95.69 97.64 119.09
TrackNetV4 [7] 11.34M  96.58 99.56 9648 97.99 118.81
TrackNetV5 10.09OM  97.37 99.72 97.25 9847  60.7
TrackNetV5-Lite 2.58M 96.69 99.59 96.57 98.06 135.18

Table 2. Effect of loss function.

Loss function Acc. Prec. Recall F1
Lowbee 96.42  99.53 96.33 97.90
Lobee +Lgs 9650 9956  96.39  97.95

TrackNetV3 and TrackNetV4. Notably, the lightweight
TrackNetV5-Lite (2.58M parameters) reaches an F1-Score
of 98.06 while running at 135.18 FPS on an RTX 5080, ef-
fectively doubling the accuracy gain over the baseline with
superior speed.

Table 2 shows the effect of loss function. Experimental
results show that adding L, into loss function can improve
accuracy, precision, recall and F1, supporting its benefit for
optimization and decoder feature learning. Table 3 shows the
effect of a. Experimental results show a clear trade-off: larger
« improves accurcy, precision, recall and F1 but increases
model size and reduces speed, while smaller « yields a lighter
and faster model. This confirms « as an effective knob for
adapting TrackNetVS5 to different deployment constraints.

Table 3. Effect of a.

@ Params Acc. Prec. Recall F1

1 10.09M  97.37 99.72 97.25 9847
0.75 6.46M 97.07 99.64 9697  98.29
0.5 2.58M 96.69 99.59  96.57 98.06

4.3. Ablation Study

The architecture of TrackNetV5 is developed by systemat-
ically refining and extending the TrackNetV4 framework.

Method Acc. Prec. Recall F1

TrackNetV4 [7] 96.58 99.56  96.48 97.99
+ MBConv 96.73  99.61 96.62  98.09
+ Motion Prompt + SCG  96.77 99.63 96.64  98.11
+R(2+1)D 96.64  99.56  96.55 98.03

To analyze the contribution of each proposed component,
we conduct an ablation study by progressively upgrading
the baseline TrackNetV4 architecture. The results of this
incremental integration are summarized in Table 4. The
architectural evolution begins by replacing standard convolu-
tions with MBConv blocks. This modification significantly
enhances the model’s recall. Building upon this, we integrate
the motion prompts coupled with the SCG module. This
combination yields a clear improvement in tracking perfor-
mance, as the SCG module effectively fuses visual features
and motion priors. Finally, the addition of R(2+1)D blocks
completes the framework, providing the necessary spatiotem-
poral factorization to capture complex shuttlecock dynamics.

5. CONCLUSION

In this paper, we present TrackNetV5, a robust spatiotem-
poral framework for high-speed shuttlecock tracking. By
introducing explicit spatiotemporal extraction via R(2+1)D
blocks mechanism, the model successfully disentangles com-
plex motion dynamics from static background noise. The
integration of an optimized gated residual motion prompt
layer and the multi-level spatial-channel-gate fusion mod-
ule ensures precise localization even under severe motion
blur and occlusion. Experimental results demonstrate that
TrackNetVS5 achieved the highest detection accuracy com-
pared to the baselines. Furthermore, the TrackNetV5-Lite
variant offers a highly efficient solution for edge deployment,
achieving superior performance with only 2.58M parameters.
Future work will focus on extending this architecture to other
fast-paced ball sports and integrating multi-object tracking to
enable comprehensive, automated match analysis systems.
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