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Abstract:

Introduction: Multi-object tracking (MOT) technology has significant
applications in intelligent sports event analysis, enabling precise tracking and
behavior recognition of athletes without human intervention. However,
current MOT systems often face two major challenges in high-density
interactions and fast-changing dynamic backgrounds. The first challenge is
tracking discontinuity caused by motion blur and multiple occlusions in
complex backgrounds, and the second is the difficulty in distinguishing
targets due to the high similarity between target and background information.
To address these issues, we propose a Dual-Enhanced Feature Integration
Network (DEFI-Net), which combines background separation and motion
prediction strategies to achieve comprehensive improvements in tracking
stability and recognition accuracy.

Methods: Firstly, to solve the issue of tracking discontinuity resulting from
motion blur and multiple occlusions, we designed a Background Separation
Adaptive Module (BSAM). This module leverages adaptive separation
techniques to distinguish dynamic backgrounds from target areas, thus
reducing background interference and ensuring continuous tracking in
complex backgrounds. Secondly, to enhance recognition accuracy when
target and background are highly similar, we introduced a Motion Prior
Fusion Module (MPFM), which captures historical motion patterns and
spatial position priors to accurately predict target positions, improving the
model’s ability to differentiate similar targets and track them accurately. The
innovation of DEFI-Net lies in its dual enhancement through background
separation and motion prior integration, enabling robust tracking performance
in high-density motion and complex backgrounds.

Results: Experimental results show that DEFI-Net achieves significant
performance improvements on public datasets such as LSP and SportsMOT,
particularly excelling in scenarios with multiple occlusions and high
background similarity.

Conclusions: DEFI-Net technology significantly improves intelligent sports
event analysis by addressing challenges like tracking discontinuity and target-
background similarity, ensuring stable tracking and accurate recognition even
in complex environments. Its practical application enhances real-time
performance analysis, tactical decision-making, and injury prevention by
enabling precise athlete tracking in high-density and dynamic settings.
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Introduction

Multi-objective tracking (MOT) technology[ 1][2] has important application value in intelligent
sports event analysis. Through accurate positioning and behavioral recognition of athletes,
MOT technology can provide real-time sports data support and analysis without human
intervention, helping to enhance the viewing experience of sports events and improve the
performance of athletes[3][4]. At the same time, MOT technology can also provide coaches
and sports analysts with more detailed technical statistics and strategic advice to help them
develop more scientific training programs and game strategies. In addition, motion tracking in
intelligent sports events can not only promote the professional development of competitive
sports, but also show a wide range of application prospects in amateur sports activities and
sports health monitoring, providing data-driven support for popular sports and national health.

However, the application of MOT in sports events faces many challenges[3][5][6]. In the
dynamic context of high-density interactions and rapid changes, existing MOT systems face
two major technical difficulties. The first is the problem of tracking discontinuity due to motion
blur and multiple occlusions. High-speed movements and complex interactive actions of
athletes in sports scenes often cause blurring, while staggered movements between athletes are
prone to occlusion, making it difficult for the tracking system to capture the target trajectory
consistently and stably[7]. For example, in a scene of intense confrontation, part or all of the
athlete’s body may be occluded by other players, leading to tracking interruption and thus
affecting the complete recording of the motion trajectory. Second, the high similarity between
the target and the background information also brings difficulty in recognition. In sports
scenarios, the visual characteristics of background elements such as the field, spectators, or
other equipment may be similar to those of the athletes. Especially in highly dynamic scenarios,
the mixing of the target and the background makes it easy for the system to mistakenly
recognize a background object as a target, or misclassify the target as the background. This
phenomenon is especially obvious during long-time tracking, as the constant changes and
dynamic interference of the background can further exacerbate the model confusion and reduce
the accuracy of the recognition.

In addition, existing MOT systems often struggle to effectively capture subtle features when
distinguishing between multiple similar-looking athletes[8], thus limiting the ability to
recognize similar targets.

To address the aforementioned challenges, we propose a Dual-Enhanced Feature Integration
Network (DEFI-Net), which enhances model tracking stability and target recognition accuracy
through a combination of background separation and motion priors. Specifically, to tackle
motion blur and multiple occlusion problems in complex backgrounds, we design a
Background Separation Adaptive Module (BSAM). The BSAM utilizes a spatiotemporal
feature extraction network to distinguish dynamic backgrounds from target regions in the input
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video. By effectively separating the background and target areas, the BSAM significantly
reduces the impact of background interference, ensuring the model’s capability to continuously
track targets in complex backgrounds. Moreover, the BSAM adapts the separation strategy
dynamically, allowing the system to flexibly espond to background changes, thereby
improving tracking stability for athletes. Additionally, to enhance recognition accuracy
between highly similar targets and backgrounds, we introduce the Motion Prior Fusion Module
(MPFM). The MPFM captures prior information on historical motion trajectories and spatial
locations to build an understanding of target movement patterns, allowing for accurate
prediction of potential positions when targets are occluded or influenced by background
interference. Specifically, the MPFM models historical motion and spatial features to capture
the movement trends of athletes, using prior fusion to reduce misidentification with similar
backgrounds. The introduction of this module significantly improves the model’s ability to
distinguish similar targets in complex scenarios. In DEFI-Net, the BSAM and MPFM modules
work collaboratively in sequence: the BSAM first reduces background interference, providing
cleaner target features for subsequent motion prior fusion, while the MPFM further improves
target recognition accuracy using historical motion information and location priors. Through
this dual-enhancement mechanism, DEFI-Net achieves robust tracking and precise target
recognition in high-density movement and complex background scenes. Experimental results
show that DEFI-Net significantly outperforms existing methods on the LSP and SportsMOT
datasets, particularly in scenarios with multiple occlusions and high background similarity,
where DEFI-Net demonstrates stronger continuous tracking and target differentiation
capabilities. The innovations of this paper are as follows:

(1) We propose DEFI-Net, a novel framework combining background separation and motion
prior integration to address key challenges in multi-object tracking, including tracking
discontinuity and high target-background similarity in dynamic sports settings. This dual-
enhancement approach enables DEFI-Net to achieve robust tracking and precise target
recognition.

(2) To mitigate tracking interruptions from motion blur and occlusions, we design BSAM,
which adaptively distinguishes dynamic background elements from target regions. This
module reduces background interference, allowing for continuous and stable tracking even in
complex, high-density motion scenes.

(3) MPFM integrates historical motion patterns and spatial position priors to enhance target
recognition when background similarity is high. By leveraging prior motion information,
MPFM accurately predicts target positions and reduces misidentification, effectively
differentiating similar-looking targets in dynamic environments.

(4) Experimental results on the LSP and SportsMOT datasets show that DEFI-Net improves
tracking accuracy by 1.1% on LSP and achieves substantial gains on SportsMOT.

. Related Work

2.1 Multi-Object Tracking
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Video-based multi-object tracking (MOT) remains a highly active research area within
computer vision. Several studies incorporate CNN-based detectors for the tracking phase[9]
while others use global optimization techniques. For example, joint segmentation and tracking
of multiple objects are explored in[10], and in[11], both full-body and head detectors are
combined to enhance performance. In[12], Convolutional Neural Networks (CNNs) are
integrated with a Temporal-Flow-Fields method to improve tracking. An alternative line of
tracking methods focuses on Discriminant Correlation Filters (DCF), striking a balance
between accuracy and computational efficiency. These methods typically involve an initial
feature extraction phase followed by correlation filtering. Early implementations utilized hand-
crafted features like HoG, while more recent models employ deep learning features from
pretrained networks. End-to-end feature learning for tracking has shown further improvements
in performance[13]. Additionally, there is a growing trend towards unsupervised training in
deep learning-based tracking methods[14][15].

2.2 Multi-Object Tracking in Sports

Monitoring player movements in team sports has gained significant attention, not only for
automating game statistics recording but also to provide sports analysts with comprehensive
insights through video-based scene analysis. Unlike pedestriantracking, multi-object tracking
(MOT) in sports is considerably more complex. This complexity arises from factors such as
the players’ rapid and unpredictable movements, the visual similarity among teammates, and
frequent occlusions due to the high intensity of the games. Most recent approaches to sports
MOT adopt a tracking-by-detection framework, often incorporating re-identification networks
to produce embedding features for associating players across frames. For instance, Vats et
al.[16] integrate team classification with player identification to enhance tracking accuracy in
hockey. Similarly, Yang et al.[17] and Maglo et al.[18] demonstrate that localizing the field
along with players in football can lead to more precise tracking outcomes. In basketball,
Sangiiesa et al.[19] utilize human pose and action recognition as embedding features to
improve tracking performance. Additionally, Huang et al.[20] combine OC-SORT[21] with
appearance-based post-processing for tracking across various sports, including basketball,
volleyball, and football.

. Method

In this section, we detail the architecture and operational mechanisms of the proposed Dual-
Enhanced Feature Integration Network (DEFI-Net) for multi-object tracking (MOT) in
intelligent sports event analysis. DEFI-Net is designed to address the challenges of high-density
interactions and rapidly changing dynamic backgrounds by integrating two primary modules:
the Background Separation Adaptive Module (BSAM) and the Motion Prior Fusion Module
(MPFM). These modules collaboratively enhance tracking stability and recognition accuracy
in complex, dynamic environments.

3.1 Overall Architecture of DEFI-Net
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DEFI-Net is structured as an end-to-end framework that integrates feature extraction,
background separation, motion prediction, and target association processes to achieve robust
multi-object tracking. The architecture consists of the following main components:

(1) Feature Extraction Backbone: Utilizes a Convolutional Neural Network (CNN) to extract
high-level features from input video frames.

(2) Background Separation Adaptive Module (BSAM): Separates dynamic backgrounds from
target regions to mitigate tracking discontinuities.

(3) Motion Prior Fusion Module (MPFM): Incorporates historical motion patterns and spatial
position priors to enhance target recognition accuracy.

(4) Association and Tracking Head: Associates detected targets across frames using the
enhanced features from BSAM and MPFM to maintain consistent tracking identities.The data
flow through DEFI-Net is illustrated in Figure 1.
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Figure 1 Overall architecture of DEFI-Net
3.2 Background Separation Adaptive Module (BSAM)

BSAM addresses tracking discontinuities caused by motion blur and multiple occlusions in
complex backgrounds by adaptively separating dynamic background elements from target
regions. This separation reduces background interference and ensures continuous tracking,
shown in

3.2.1 Spatiotemporal Feature Extraction

BSAM leverages a spatiotemporal feature extraction network to capture both spatial and
temporal information from consecutive video frames. Let /, denote the input frame at time ¢,

and /, , the preceding frame. The spatiotemporal features F, are extracted as follows:
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F; = CMV tiotemporal (It > [t—l ) (1)

spa
3.2.2 Adaptive Background Separation

The core functionality of BSAM lies in distinguishing dynamic backgrounds from target
regions through an adaptive separation mechanism. The separation process is mathematically
formulated as:

M, =o(W,-F +b,) ()
Earget,t = F; QMt 3)
Fvbackground,t = F; Q(l_j\lt) (4)

Where M, is the separation mask at time , computed using a sigmoid activation function 9 .
W, and by, are learnable weights and biases for the background separation layer. (O denotes
element-wise multiplication. Fiargerr and Fpacrground,c are the separated target and

background feature maps, respectively.
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Figure 2 Background Separation Adaptive Module
Figure 3 Motion Prior Fusion Module
3.2.3 Dynamic Adaptation

To handle dynamic changes in the background, BSAM incorporates a dynamic adaptation
mechanism that updates the separation strategy based on recent feature variations. This is
achieved through a temporal smoothing approach:
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M, =aM,, +(1-a)a(W,-F, +b,) 5)
Where a is a smoothing factor (0 < a <1).

3.3 Motion Prior Fusion Module (MPFM)

MPFM enhances recognition accuracy by integrating historical motion patterns and spatial
position priors. Instead of using a separate LSTM network, MPFM employs a temporal
convolutional approach to capture spatiotemporal dependencies within the network
architecture, shown in Error! Reference source not found..

3.3.1 Temporal Feature Integration

MPFM utilizes temporal convolutions to encode historical motion information directly within
the network. Let Fiyrgere be the target feature map from BSAM at time t, and F

target,t-n
represent the feature maps from the previous N frames. The temporal integration is performed
as:

F,

temporal t

= Convtempornal ({F, W=1) (6)

target ,t—n

Where Convtemporal denotes a temporal convolutional layer that aggregates information
across N frames.

3.3.2 Spatial Position Priors

Spatial position priors capture the typical spatial distribution and movement patterns of targets.
These priors are integrated by learning a position embedding based on target locations (xt, yt):

P = PositionEmbedding (xtyt) (7)

3.3.3 Motion Prediction

MPFM predicts potential target positions using the integrated temporal features and spatial

priors. The predicted position P; is given by:
P=W -F

t m temporal ,t

+W,-F+b, (®)

Where W;,, and W), are learnable weight matrices, and bm is a bias term.

3.3.4 Feature Fusion

The predicted positions are fused with the current target features to enhance discrimination:

= Concat(F, E-W,+b,) )

enhanced ¢ arget ,t>

Where Wy and by are learnable parameters for the fusion layer.
3.4 Integration of BSAM and MPFM in DEFI-Net

DEFI-Net integrates BSAM and MPFM in a sequential manner to leverage their
complementary strengths. The integration process is as follows:
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(1) Background Separation: The input frame I, is processed by the feature extraction

backbone to obtain F; . BSAM then separates F, into Figrger: and Fpackground ¢-

(2) Motion Prior Fusion: F is fed into MPFM along with historical motion data to obtain

target,t

enhanced,t *

(3) Tracking and Association: The enhanced features F|

enhanced,t

are used for target detection and

association across frames, maintaining consistent tracking identities.
3.5 Loss Functions

To effectively train DEFI-Net, we employ a comprehensive loss function framework that
optimizes both background separation and motion prediction, ensuring robust multi-object
tracking performance. The loss functions are designed to address the specific challenges
tackled by the Background Separation Adaptive Module (BSAM) and the Motion Prior Fusion
Module (MPFM).

3.5.1 Background Separation Loss

The BSAM is trained using a binary cross-entropy loss to accurately distinguish between target
and background regions. This loss compares the predicted separation mask M, with the ground

truth labels y, encouraging the model to minimize misclassification of pixels.

Lusay == Y[y, log(M, ) +(1-y)log1-M, )] (10)

Where N is the number of pixels, y, is the ground truth label for pixel (1 for target, O for

background), M, , i is the predicted mask value for pixel at time ¢ .

3.5.2 Motion Prediction Loss

The MPFM utilizes a Mean Squared Error (MSE) loss to minimize the difference between the
predicted target positions P, and the actual ground truth positions P,.. This ensures accurate
motion prediction and enhances the model’s ability to track targets reliably.

N 2

1
Lypry = N Z

i=1

t,i_P”" (11)

A

Where P, is the ground truth position of target ¢ at time ¢, P:, i is the predicted position

of target i at time ¢.
3.5.3 Detection Loss

DEFI-Net employs a detection component responsible for identifying and localizing objects
within each frame. The detection loss comprises two parts: classification loss and localization
loss.
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L L

+Lloc (12)

detect — els

Where L,

Ay

is the classification loss, typically implemented as cross-entropy loss, which

measures the accuracy of object category predictions. L, is the localization loss, commonly

loc

implemented as Smooth L1 loss,which measures the accuracy of bounding box predictions.

L= —%Z[yi log(P)+(1—y)log-P)]  (13)

i=1

L

loc

N .
_ % > SmoothLi(t, ~1,) (14)

i=1
Where P, is the predicted probability for class i.#, and ¢, are the ground truth and predicted

bounding box coordinates for target i, respectively.
3.5.4 Association Loss

The association loss ensures consistent tracking of object identities across frames. This is
crucial for maintaining the continuity of object trajectories, especially in scenarios with
occlusions and high object density. The association loss can be implemented using an identity
embedding loss, which penalizes discrepancies between the identity embeddings of the same
object across different frames.

2

] & "
L =— Ei—E. 15
NZ , (15)

Where E; is the ground truth identity embedding for target i. E, is the predicted identity

embedding for target i.

3.5.5 Overall Tracking Loss

The overall tracking loss integrates the detection loss L., association loss L along with

assoc ?

the BSAM and MPFM losses. Weighting coefficients 4, and A, are introduced to balance the

contributions of each loss component during optimization.

L =L Lo ThLpsane T Lyiprn (16)

total detect assoc

This combined loss function framework ensures that DEFI-Net simultaneously learns to
effectively separate backgrounds, accurately predict target motions, detect objects precisely,
and maintain consistent tracking identities across frames. By balancing these components,
DEFI-Net achieves enhanced tracking stability and recognition accuracy in complex and
dynamic sports environments.

. Experiments

4.1 Dataset Description
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The SportsMOT][7] dataset is an advanced,multi-person video dataset specifically created to
support research in spatio-temporal action detection. It includes a diverse set of 66 detailed
action categories spanning four distinct types of sports, offering a rich source of labeled data
with 37,701 action instances and 902,000 bounding boxes derived from 3,200 video clips. The
annotations provide precise spatio-temporal localization for each action at a frame rate of 25
frames per second, capturing the intricacies of dynamic sports environments. This high-density
labeling not only accommodates the complexity of real-world sports scenarios, where multiple
individuals engage in various actions concurrently, but also enables in-depth analysis of
challenging multi-object tracking and action recognition tasks.

The Leeds Sports Pose (LSP)[22] dataset provides a valuable resource for research on human
pose estimation, particularly in sports contexts. Comprising 2,000 images, each carefully
annotated with detailed human body landmarks, this dataset captures athletes engaged in a
range of sports activities, showcasing complex and dynamic body poses. Each image includes
precise annotations for key joint positions, allowing for an in-depth analysis of human
movement and posture during athletic performance.

4.2 Implementation Details

We implemented DEFI-Net using the PyTorch framework, initializing the ResNet-50
backbone with ImageNet pre-trained weights. The model was first trained on the LSP dataset
for 50 epochs with an initial learning rate of 1e-4, which was reduced to 1e-5 at the 30th epoch.
Training then proceeded on the SportsMOT dataset for an additional 50 epochs using our Dual-
Enhanced Feature Integration approach. The input image size was set to 1280 X 720 pixels.
We utilized the Adam optimizer with an initial learning rate of 0.001, dynamically adjusting it
during training to enhance convergence. To prevent overfitting, Batch Normalization and
Dropout (rate=0.5) were applied, and Early Stopping was employed if the validation loss did
not improve for 10 consecutive epochs. For the SportsMOT dataset, we followed established
guidelines and used frame-mAP and video-mAP to measure action detection performance. For
video-mAP, we applied the 3D IoU, calculated as the temporal IoU of two tracks multiplied by
the average IoU of the overlapping frames. The evaluation thresholds were set at 0.5 for frame-
mAP and at 0.2 and 0.5 for video-mAP. Regarding the LSP dataset, our chosen evaluation
metric was the Percentage of Correct Keypoints (PCK), with an estimate deemed accurate if it
was within 5% of the total image size (PCK@0.05).

4.3 Results

The experimental results on the Leeds Sports Pose (LSP) dataset, shown in Table 1, highlight
DEFI-Net = s superior performance in keypoint detection compared to state-of-the-art
methods. DEFI-Net achieves the highest PCK@0.05 scores for all keypoints, including
shoulder (70.7%), elbow (85.8%), wrist (84.4%), hip (86.3%), knee (86.2%), and ankle
(85.2%), with an average of 83.1%. This surpasses the nearest competitor, UDAPE, by 1.1%.
The enhanced performance of DEFI-Net is primarily due to its Background Separation
Adaptive Module (BSAM), which effectively reduces background interference, and the Motion
Prior Fusion Module (MPFM), which improves target recognition accuracy by leveraging
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historical motion and spatial information. These innovations enable DEFI-Net to maintain
robust tracking and precise recognition in scenarios with high-density interactions and complex
backgrounds.

Table 1 PCK@0.05 on LSP.

Method Sid Elb Wrist Hip Knee Ankle Avg
DAN[23] 52.2 62.9 58.9 71.0 68.1 65.1 63.0
DD[24] 28.4 65.9 56.8 75.0 74.3 73.9 62.4
RegDA[25] 62.7 76.7 71.1 81.0 80.3 75.3 74.6
CCSSL[26] 36.8 66.3 63.9 59.6 67.3 70.4 60.7
UDAPE[27] 69.2 84.9 83.3 85.5 84.7 84.3 82.0
DEFI- Net 70.7 85.8 84.4 86.3 86.2 85.2 83.1

The experimental results presented in Table 2 demonstrate that DEFI-Net achieves superior
performance across multiple multi-object tracking metrics compared to existing state-of-the-
art methods. DEFI-Net attains the highest scores in IDF1 (73.3), AssA (61.3),MOTA (96.5),
DetA (88.4), and LocA (93.3), surpassing competitors such as TransTrack and ByteTrack.
Although TransTrack records a slightly higher HOTA score (68.9) compared to DEFI-Net’

s 64.3, DEFI-Net still outperforms other methods like ByteTrack (62.8) and CenterTrack
(62.7) in this metric. The enhanced performance of DEFI-Net is primarily due to its Dual-
Enhanced Feature Integration Network, which effectively reduces background interference
through the Background Separation Adaptive Module (BSAM) and improves target
recognition accuracy with the Motion Prior Fusion Module (MPFM). These innovations enable
DEFI-Net to maintain robust tracking and high recognition accuracy in complex, high-density
scenarios, validating its effectiveness and superiority in multi-object tracking tasks. We
performed hyperparameter experiments on the LSP dataset to explore how varying these
parameters impacts our experimental outcomes. The sensitivity analysis result sare depicted in
the Figure 4. As illustrated, our method maintains consistent accuracy across a range of
hyperparameter values, indicating a lack of sensitivity to these changes. This robustness
highlights our model” s reliability and its ability to sustain high performance without extensive
hyperparameter fine-tuning.

Table 2 Tracking performance SportsMOT.

Method HOTA  IDF1  AssA  MOTA  DetA  LocA
CenterTrack[28] 62.7 60.0 48.0 90.8 82.1 90.8
FairMOT[29] 493 53.5 34.7 86.5 70.2 83.9
QDTrack[30] 60.4 62.3 47.2 90.1 77.5 88.0
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TransTrack[31] 68.9 71.5 57.5 92.6 82.7 91.0
GTR[32] 54.5 55.8 459 67.9 64.8 89.0
ByteTrack[4] 62.8 69.8 51.2 94.1 77.1 85.6
DEFI-Net 64.3 73.3 61.3 96.5 88.4 93.3

Figure 4 Hyperparametric sensitivity analysis in LSP dataset

The ablation study results in Table 3illustrate the individual and combined contributions of the
Background Separation Adaptive Module (BSAM) and the Motion Prior Fusion Module
(MPFM) to DEFI-Net’ s performance. The baseline model without BSAM and MPFM
achieves a PCK@0.05 score of 61.3. When BSAM is incorporated alone (configuration b),the
score increases substantially to 78.4, demonstrating its effectiveness in reducing background
interference and enhancing tracking continuity. Similarly, adding only MPFM (configuration
c) raises the score to 80.2, highlighting its role in improving target recognition accuracy by
leveraging historical motion and spatial information. When both BSAM and MPFM are
integrated in DEFI-Net, the PCK@0.05 score further improves to 83.1, showcasing the
synergistic effect of the dual-enhancement strategy. This combined approach significantly
enhances tracking stability and recognition precision, validating the effectiveness of both
modules in addressing the challenges of high-density interactions and complex backgrounds in
multi-object tracking.

Table 3 Ablation study results in our proposed method.

Component BSAM MPFM PCK@0.05
(a) 61.3
(b) v 78.4
(c) V 80.2
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DEFI-Net v N, 83.1

Our visualization results on SportsMOT are shown in Figure S. The visualizations of DEFI-
Net applied to basketball, volleyball, and soccer demonstrate its high accuracy and robustness
in tracking multiple athletes across diverse and dynamic sports environments. The model
effectively handles fast-paced actions, frequent occlusions, and complex interactions,
consistently maintaining precise detection and tracking performance, which validates its
applicability for intelligent sports monitoring systems.

Figure S Visualization of DEFI-Net multi-object tracking performance in basketball,
volleyball, and soccer.

The visualizations demonstrate the impact of the Background Separation Adaptive Module
(BSAM) on feature separation in DEFI-Net. In the "After Separation" scatter plot, target (red)
and background (blue) features are distinctly separated, highlighting BSAM’s effectiveness in
minimizing background interference. This clear distinction allows the model to focus more
accurately on relevant target information, thereby enhancing detection accuracy and tracking
robustness. The improved feature separation confirms BSAM’s crucial role in elevating DEFI-
Net’s overall performance in complex multi-object tracking scenarios with high-density
interactions and dynamic backgrounds Figure 6.
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Figure 6 Visualization of features before and after decoupling.
conclusion

In this paper, we introduced the Dual-Enhanced Feature Integration Network (DEFI-Net) to
address critical challenges in multi-object tracking for intelligent sports event analysis,
specifically targeting issues of tracking discontinuity and high target-background similarity in
dynamic sports settings. By combining a Background Separation Adaptive Module (BSAM)
with a Motion Prior Fusion Module (MPFM), DEFI-Net achieves enhanced tracking stability
and recognition accuracy. BSAM effectively mitigates background interference by adaptively
separating dynamic backgrounds from target regions, while MPFM leverages historical motion
and spatial priors to accurately predict target locations in scenarios with high background
similarity. Experimental results on public datasets, including LSP and SportsMOT,
demonstrate that DEFI-Net consistently outperforms existing approaches, showing superior
robustness in complex, high-density motion environments with significant improvements in
tracking continuity and target differentiation.

The proposed DEFI-Net technology holds significant practical value in the context of
intelligent sports event analysis. By leveraging dual-enhancement techniques—background
separation and motion prediction—this system addresses key challenges in tracking athletes,
such as tracking discontinuity caused by motion blur and occlusions, and the difficulty of
distinguishing targets due to background similarities. These features are particularly valuable
in sports scenarios where athletes often move in high-density groups or in environments with
complex and dynamic backgrounds, such as team sports or crowded arenas.

In practical terms, DEFI-Net's ability to maintain stable tracking and improve recognition
accuracy enhances the analysis of athlete behavior and performance in real-time. This can lead
to more precise performance evaluations, tactical insights, and even injury prevention by
enabling more effective monitoring of athlete movement patterns. Furthermore, it can aid
coaches in making data-driven decisions, improve the accuracy of automated video highlights,
and facilitate advanced analytics in both professional and amateur sports settings. By
overcoming the challenges of occlusions and target-background similarity, DEFI-Net
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contributes to the development of more efficient, intelligent sports tracking systems that
enhance both training and competition experiences.
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