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Abstract

In dynamic, occlusion-prone environments like football stadiums, reliable human pose estimation is essential for mobile
robots, where conventional systems often fail due to partial visibility and rapid motion. This paper presents a lightweight pose
estimation framework for real-time operation on resource-constrained edge platforms and the X5 robot. It employs selective
knowledge distillation to transfer occlusion-robust and motion-aware features from a pre-trained teacher model to a compact
student model, preserving efficiency while enhancing reliability. Three components are integrated by synthetic occlusion
pattern embeddings for visibility, temporal motion cue extraction for movements, and cross-modal attention alignment to
focus on visible body regions. Validated on the D-Robotics mono2d body detection benchmark, the system achieves
accuracy improvements under heavy occlusion while maintaining =30 FPS on the target platform. Experimental results
confirm the framework balances high accuracy with low complexity, which makes it suitable for reliable deployment in

football stadiums.
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Highlights
e Occlusion-aware pose estimation for crowded football
stadium environments.

e Motion-aware knowledge distillation for robust tracking of

fast player movements.

e Real-time lightweight deployment on D-Robotics RDK X5
with >30 FPS performance.

1. Introduction
Human pose estimation in dynamic sports environments
presents unique challenges that conventional methods struggle
to address effectively. Football stadiums, characterized by dense
crowds, frequent occlusions, and rapid player movements,
demand robust and efficient tracking solutions for mobile robots
operating in such settings. While existing pose estimation
systems like OpenPose have demonstrated success in controlled
environments, their performance degrades significantly under

the complex conditions of live sports scenarios [1].

The core challenge lies in balancing computational
efficiency with accuracy under occlusion-heavy conditions.
Traditional approaches either rely on computationally intensive
models that cannot meet real-time requirements on edge devices
or sacrifice accuracy for speed, resulting in unreliable tracking.
Knowledge distillation offers a promising direction by
transferring knowledge from large teacher models to compact
student networks. However, standard distillation methods fail to
account for specific challenges posed by sports environments,
particularly the need to handle occlusions and maintain
temporal consistency in pose tracking [2].

Recent advances in occlusion-aware pose estimation have
shown that explicitly modeling occlusion patterns can improve
accuracy [3]. Similarly, motion cues derived from optical flow
techniques provide valuable temporal information for tracking.
However, these approaches typically require additional
computational overhead, making them unsuitable for real-time

applications on mobile robots with limited resources [4]. The
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integration of attention mechanisms has proven effective in
focusing computational resources on relevant image regions,
but their application in occlusion-aware pose estimation
remains underexplored [5].

We propose a novel framework that addresses these
limitations through selective knowledge distillation with
occlusion and motion awareness. The method extracts two
complementary knowledge streams from a teacher model:
synthetic occlusion pattern embeddings learned from annotated
training data and temporal motion cues derived from
consecutive RGB frames. A cross-modal attention alignment
module then enables the student model to selectively focus on
unoccluded body regions while maintaining temporal coherence
in pose tracking. This approach differs from previous work in
three key aspects: (1) It explicitly models occlusion patterns as
part of the distillation process without increasing the student
model’s computational footprint; (2) It incorporates motion
cues to anticipate and compensate for rapid player movements;
(3) It employs a selective attention mechanism that dynamically
prioritizes relevant image regions based on both spatial and
temporal information.

The proposed method’s efficiency makes it particularly
suitable for deployment on mobile robots in football stadiums,
where edge computing architectures must process data in real-
time with limited resources [6]. By combining occlusion
awareness with motion modeling in a lightweight framework,
our approach maintains high accuracy while meeting the
stringent latency requirements of robotic applications.

From the perspective of reliability engineering, robust
perception is a critical component for ensuring dependable
operation of autonomous mobile robots in human-centered
environments. Failures in human pose estimation caused by
occlusion, motion blur, or sudden human movements may lead
to incorrect robot decisions and reduced operational safety.
Therefore, improving perception reliability through occlusion-
aware learning and motion-consistent tracking is essential for
reducing perception failures and increasing fault tolerance. The
proposed selective knowledge distillation framework
contributes to this objective by enabling lightweight robotic
platforms to maintain stable human pose estimation
performance under challenging environmental conditions while

satisfying real-time computational constraints.

The remainder of this paper is organized as follows. Section
2 reviews related work in human pose estimation, knowledge
distillation, and robotic applications. Section 3 provides
necessary background on the core techniques used in our
approach. Section 4 details the proposed method, including the
occlusion-aware distillation framework and motion modeling
components. Sections 5 and 6 present the experimental setup
and results, respectively. Finally, Section 7 discusses
implications and future directions, followed by conclusions in

Section 8.
2. Related work

Human pose estimation in dynamic environments has evolved
through several methodological paradigms, each addressing
specific aspects of the challenge. This section organizes prior
work into three interconnected themes: occlusion handling in
pose estimation, knowledge distillation for efficient inference,

and robotic applications in sports environments.
2.1. Occlusion-robust pose estimation

Traditional approaches to occlusion handling typically relied on
graphical models [7] that explicitly modeled part visibility. The
transition to deep learning introduced data-driven solutions,
where [8] demonstrated that region-based detection could
improve part localization under occlusion. More recently,
attention mechanisms have been adapted for occlusion
reasoning, with [3] proposing spatial attention gates that learn
to ignore occluded regions. However, these methods often
require additional computational overhead that compromises
real-time performance. The work of [9] introduced an adaptive
sampling strategy that dynamically adjusts receptive fields
based on occlusion patterns, though without considering
temporal motion cues. Our occlusion pattern embeddings
extend these ideas by distilling occlusion knowledge into
a compact representation that preserves spatial relationships

without increasing inference complexity.
2.2. Efficient pose estimation via distillation

Knowledge distillation has emerged as a powerful technique for
model compression, with [10] providing a systematic taxonomy
of approaches. In pose estimation specifically, [11] first
demonstrated the transfer of heatmap predictions from teacher

to student networks. The cross-representation distillation
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method of [12] showed that different output representations
(Heatmaps vs Coordinate regression) could be mutually
beneficial. However, these approaches treat occlusion as noise
rather than a structured phenomenon. Our temporal motion
distillation component builds upon [13]’s work on video
understanding, but specifically targets the rapid motion patterns

characteristic of sports scenarios.
2.3. Robotic applications in sports

The deployment of pose estimation on mobile robots introduces
unique constraints that have been addressed in various domains.
[14] demonstrated robust navigation in dynamic environments,
though without detailed pose tracking. For sports analytics, [15]
surveyed motion capture systems but noted their limited
applicability to unconstrained field conditions. The closest to

our work is [16], which achieved basic object tracking but

lacked the pose estimation precision required for player analysis.

Our framework bridges this gap by combining the efficiency
needed for robotic deployment with the accuracy required for
sports analytics.

The proposed method differs from prior work in its unified
treatment of occlusion and motion within a distillation
framework. While [17] explored cross-modal attention for re-
identification, we adapt this mechanism for pose estimation by
aligning RGB processing with distilled occlusion-motion
knowledge. Compared to [18]’s uncertainty-based weighting,
our approach uses synthetic occlusion patterns to actively shape
the student’s learning process. This combination of active
occlusion modeling and motion-aware distillation represents
a significant departure from existing methods that treat these

challenges separately.
3. Background and preliminaries

To establish the foundation for our proposed method, we first
review the essential concepts and techniques that form the
building blocks of our approach. This section provides the
necessary theoretical background while maintaining focus on
aspects directly relevant to occlusion-aware pose estimation in

dynamic environments.
3.1. Human pose estimation fundamentals

Modern human pose estimation systems typically formulate the

task as a keypoint detection problem, where the goal is to

localize predefined anatomical landmarks from input images.
The dominant paradigm employs convolutional neural networks
to predict heatmaps representing the probability distribution of
each keypoint’s location [19]. Given an input image I €
RHXWX3 "the network outputs a set of heatmaps H € RVW*K,
where K denotes the number of keypoints and h,w are the
spatial dimensions of the output. The final coordinates (xy, yy)
for each keypoint k are obtained through argmax operations on
the corresponding heatmap:
(xk, yx) = argmax; jyH; j €Y)
This formulation naturally handles multi-person scenarios
through non-maximum suppression and part affinity fields [1],
making it suitable for crowded environments like football

stadiums.
3.2. Occlusion modeling in visual perception

Occlusion handling in computer vision has evolved from early
heuristic-based approaches to modern data-driven methods. The
key insight from [20] demonstrates that occlusion patterns
follow predictable spatial distributions rather than occurring
randomly. For human pose estimation specifically, [21] showed
that modeling the joint visibility probabilities significantly
improves performance under occlusion. We build upon this by
formalizing occlusion patterns as conditional probability
distributions over keypoint configurations:
Pd = P(vi|vyr, 1) (2)
where v, represents the visibility state of keypoint k, and
vy, denotes the visibility of neighboring keypoints. This
formulation captures the spatial dependencies between

occluded and visible body parts.
3.3. Knowledge distillation principles

Knowledge distillation transfers knowledge from a large,
accurate teacher model T to a smaller student model S through
supervised learning beyond standard ground truth labels [2].
The distillation loss typically consists of two components:
Laistin = aLigsk + (1 — @) Liransfer 3
where L, 1s the standard task-specific loss (e.g., heatmap
regression), and Liyqnsser aligns the student’s predictions with
the teacher’s softened outputs. Recent work in [22] extends this
to capture structural relationships between predictions, which
proves particularly relevant for pose estimation where keypoint

configurations follow anatomical constraints.
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3.4. Motion representation in video analysis

Temporal motion cues provide critical information for tracking
in dynamic scenes. Optical flow methods [4] estimate per-pixel
displacement between consecutive frames, while more recent
approaches like [23] learn flow estimation through deep
networks. For pose estimation, integrating short-term motion
features can improve the temporal consistency [24]. We adopt
this insight but focus on efficient motion representation suitable
for real-time operation, computing frame differences as:
M =l — 1,4 4)
where [, denotes the frame at time t. This lightweight
computation preserves essential motion information while
minimizing computational overhead. In this work, the
lightweight frame-difference representation provides the basis
for efficient deployment on edge devices, while richer temporal
representations are extracted in the teacher network during
offline knowledge distillation. This separation enables the
student model to benefit from advanced motion knowledge
without introducing additional computational burden during
real-time inference.

The combination of these foundational elements - pose
estimation, occlusion modeling, knowledge distillation, and
motion analysis - forms the basis for our proposed selective
occlusion and motion-aware distillation approach. Each
component contributes distinct capabilities that, when properly
integrated, address the unique challenges of pose estimation in

football stadium environments.

4. Proposed method: selective occlusion and motion-
aware distillation

The proposed framework addresses the dual challenges of
occlusion robustness and motion coherence in real-time human
pose estimation through a novel knowledge distillation
architecture. As shown in Figure 1, the system integrates three
complementary components: synthetic occlusion pattern
embeddings, temporal motion cue extraction, and cross-modal
attention alignment, all operating within a computationally
constrained student model. The technical implementation
involves four interconnected modules that collectively enable
efficient yet accurate pose estimation in dynamic sports

environments.

RGB Video Frames
(RDK X5 MIPI Camera)

Pre-trained Teacher Model
(HRNet-48)

N

Pruned MobileNetV3 Synthetic Occlusion
Student Backbone Pattern Embeddings

T |

Cross-Modal Attention
Alignment

Sl

Multi-Objective Loss Real-Time Pose Estimation
L_pose + L _distill + L_temp Keypoints + Visibility

Temporal Motion
Cue Extraction

y
Deployed on D-Robotics RDK X5
(BPU Acceleration)

=30 FPS ¢ Real-Time Inference
81.0% PCK@0.5

Figure 1. Overall architecture of the proposed real-time human
pose estimation framework for football stadium robots,

deployed on D-Robotics RDK X5.

4.1. Selective occlusion and motion-aware knowledge

distillation formulations

The core of our approach lies in distilling two specialized
knowledge streams from a pre-trained teacher model to
a lightweight student network. The first stream captures
synthetic occlusion patterns through learned embeddings, while
the second encodes temporal motion dynamics between
consecutive frames. Let Ft € R"*W*¢ denote the intermediate
feature maps from the teacher model, where h,w are spatial
dimensions and c is the channel depth. For occlusion pattern
learning, we generate synthetic masks M € {0,1}"" that
simulate common occlusion scenarios in football stadiums, such
as players blocking limbs or torso regions. The occlusion-aware
embeddings E* are computed as:
E* = GeLU(W, - LayerNorm(Ft © M) + b, ) (5)
where M represents a downsampled version of M to match
F®s spatial dimensions, W, € R°*? and b, € R% are learnable
parameters, and (© denotes element-wise multiplication. The
GeLU activation ensures smooth gradient flow during
distillation. These embeddings explicitly encode spatial
relationships between occluded and visible body parts, enabling
the student to reason about partial visibility.
For motion representation, two different strategies are
considered according to the role of the network. During teacher
model training, a richer temporal representation is extracted

from consecutive feature maps to provide sufficient motion
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knowledge for distillation. Specifically, the teacher-side module
employs temporal feature aggregation using Conv3D operations
and correlation maps to capture both absolute motion patterns
and relative displacement relationships between consecutive
frames. This computationally expensive representation is only
used offline during knowledge extraction and does not
participate in real-time inference.

For the deployed student model on the D-Robotics RDK X5
platform, lightweight motion information is adopted to satisfy
edge-computing constraints. Instead of performing Conv3D
operations during inference, the student network uses efficient
temporal feature processing based on frame differences and
lightweight temporal refinement. Therefore, the computational
burden of complex motion modeling is transferred to the teacher
model during training, while the student model preserves the

learned motion-aware capability with significantly reduced

computational requirements.

For the teacher network, the extracted motion cues are
formulated as:

®t = Conv3D([FL_,, Ff]) @ Correlation(Ff_,, Ff) (6)

where @ denotes channel-wise concatenation. The 3D
convolution kernel size is set to (3,3,2) to capture short-term
motion patterns typical in sports scenarios, while the correlation
map computes pairwise similarity between spatial locations
across frames. This dual representation captures both absolute
motion (through 3D conv) and relative displacement (through
correlation), providing complementary information for pose
tracking.

The distillation process aligns the student’s intermediate
features F* with both knowledge streams through a composite

loss function:

Laistin = M | EY — Proj(F®) ll,+ 4, | @ — Conv1D(F®) Il @)

where Proj(-) projects student features to the embedding
space via a linear layer, and ConvlD(-) applies temporal
processing to match the motion representation dimensions. The
L, norm preserves spatial relationships in occlusion patterns,

while the L; norm encourages sparse motion feature matching.

4.2. Cross-modal attention alignment and training

protocol

The cross-modal attention mechanism synchronizes the
student’s RGB feature processing with the distilled occlusion
and motion knowledge. Given the student’s feature maps F* €
RPW>€ " we first project them into query vectors Q = FSW,,
where W, € R*4 is a learnable weight matrix. The teacher’s
occlusion embeddings E* and motion cues ®¢ serve as keys and

values in the attention computation:
QE'W)"
Vd

where W, W, € R%*? transform the teacher’s knowledge

A= Softmax( ) - W, (8)

into compatible dimensions, and d represents the embedding
size. The attention weights dynamically adjust the student’s
focus based on both spatial occlusion patterns and temporal
motion information, prioritizing regions with reliable visibility
and coherent movement.

The training protocol involves three phases to ensure stable
knowledge transfer. First, the teacher model is pre-trained on

synthetically occluded data generated through randomized

masking of body parts. The mask generator follows
a hierarchical sampling strategy:
M ~ P(vy|v,r) - U0, ©
where P (v |v,/) models anatomical occlusion probabilities
between keypoints, and U adds spatial randomness. This
produces realistic occlusion patterns that simulate player
interactions in crowded scenes.

During student training, we employ a curriculum learning
schedule that gradually increases occlusion complexity. The
loss function combines distillation objectives with standard
pose regression:

L= A Lpose + A2Laistin + A3 Leemp (10)
where L, measures heatmap prediction error, Ly aligns
student-teacher features as in Equation 7, and L.y, enforces

temporal consistency:

T
Lemp = ) 19 = LSTM(e_1, @) Iy (n

t=2

The LSTM module processes pose sequences p;
conditioned on motion features @, , encouraging smooth
trajectories that respect player dynamics. This multi-phase
training ensures the student model robustly handles both spatial

occlusions and temporal discontinuities.
4.3. Edge deployment with computational constraints

The student model architecture is specifically designed for

Eksploatacja i Niezawodnosc — Maintenance and Reliability Vol. 29, No. 2, 2027




deployment on the D-Robotics RDK X5 mobile robotic

platform with built-in BPU (Brain Processing Unit) acceleration.

We employ a pruned MobileNetV3 backbone as the feature
extractor, optimized for low-power edge computing [25]:
0L,ose FLOPs,

S = 12
T G (12)

where C; represents the number of output channels in layer
[, and FLOPs; denotes its floating-point operations. Layers with
lower sensitivity scores §; are pruned first, preserving those
most critical for occlusion reasoning and motion track.

To maintain real-time performance on edge devices, we
implement several optimizations. First, the cross-modal
attention in Equation (8) is factorized into spatial and channel

components:

T
A = Softmax (Qj/;s ) V, @ Sigmoid(Q, © K,) O V. (13)

where subscripts s and ¢ denote spatial and channel-wise
operations respectively. This factorization reduces the attention
complexity from O(h?w?2d) to O(hwd) while preserving the
ability to focus on relevant regions.

To maintain real-time performance, the system runs on the
TROS (ROS2 Humble) environment with BPU-accelerated
inference. The cross-modal attention is factorized into spatial
and channel components to reduce computation complexity.
The temporal processing module uses lightweight depth wise
separable convolutions to ensure efficiency. This design follows
the principle of knowledge distillation, where computationally
intensive feature extraction is performed by the teacher model
during training, while the deployed student model retains only
compact and task-relevant knowledge. Consequently, the robot
platform does not execute the heavy teacher-side motion
extraction modules. Instead, it performs lightweight feature
processing optimized for the embedded BPU accelerator,
enabling real-time operation while maintaining robustness
against motion-induced uncertainty.

The complete system integrates these components into
a pipelined architecture that overlaps computation and data
transfer. Pose estimation proceeds in three parallel streams: (1)
RGB feature extraction, (2) occlusion-motion attention
computation, and (3) temporal pose refinement. This design
maximizes hardware utilization while meeting the 30 ms

latency requirement for real-time robotic applications.

Inference speed reaches >30 FPS at 640x480 resolution, with
low power consumption suitable for long-term mobile robot
operation [26].

F$ —

Fs =round< #>-s+/,t (14)

where u and s are learned scale and shift parameters. This
reduces memory bandwidth by 4x compared to floating-point
representation while maintaining 98.2% of the original accuracy
on occluded test cases.

The complete system integrates these components into
a pipelined architecture that overlaps computation and data
transfer. Pose estimation proceeds in three parallel streams:
RGB  feature extraction, occlusion-motion attention
computation and temporal pose refinement. This design
maximizes hardware utilization while meeting the 30ms latency

requirement for real-time robotic applications.

5. Experiments

Student Model Pipeline

— Student
che
Teacher Model Pipsine
L] MobileNet

RGBD
Camera

Figure 2. Integrated robot system pipeline for real-time pose

estimation and navigation under dynamic operating conditions.

football stadium environment.

To validate the effectiveness of our proposed method, we
designed comprehensive experiments addressing three key

aspects: occlusion robustness, motion tracking accuracy, and
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computational efficiency. The evaluation protocol follows
established benchmarks while introducing football-specific

adaptations to reflect real-world deployment conditions.

MS200 LiDAR -=------

+-enmenem Structure Adopts Symmetric
Mecanum Wheels

Air Current Suspension
Structure

OLED Display

RDK X5/X3 Development ----------1
Board (Optional)

RGBCooling o |
Expansion Board o G

VT —— ROS Robot Expansion Board

o USBHUB Expansion Board

» O
<=

53— MIPI Camera
12

| A 310 Encoder Gear Motor

Figure 4. Exploded view of the modular omnidirectional
mobile robot, highlighting key sensing, computing, and

locomotion components for reliable field operation.
5.2. Datasets and evaluation metrics

The D-Robotics mono2d_body_detection benchmark is utilized
for experimental validation, which is a native edge Al dataset
optimized for the RDK X5 robot. This benchmark supports
human body detection, 17-point 2D pose estimation, and ReID-

based multi-human tracking, with pre-trained models based on

COCO Keypoints, MPII Human Pose and Market-1501 datasets.

The dataset provides real-world inference data with occlusions,
motion blur, and dynamic scenes consistent with football
stadium environments, supporting direct deployment with
additional training or annotation:

(1) Occlusion-Adapted Average Precision (OAP): Modifies
the standard AP metric by weighting keypoint detections based
on their visibility levels [29].

(2) Temporal Pose Consistency (TPC): Measures the
smoothness of pose trajectories using normalized jerk across
frames [30].

(3) Keypoint Displacement Error (KDE): Computes the
Euclidean distance between predicted and ground truth
keypoints under varying occlusion ratios.
https://github.com/D-

Datasets available online:

Robotics/mono2d _body detection.

5.2. Baseline methods

We compare our approach against four state-of-the-art methods
representing different paradigms in pose estimation:

a) OpenPose-Lite [31]: A computationally optimized

version of the popular multi-person pose estimator, serving as
a representative of traditional bottom-up approaches.

b) HRNet-W32 [19]: A high-resolution network known for
its accuracy in standard pose estimation benchmarks.

¢) Occlusion-Net [32]: A recent method specifically
designed for occlusion handling through explicit visibility
prediction.

d) PoseWarper [33]: A temporal modeling approach that
warps feature across frames for motion-aware estimation.

Each baseline is re-trained on our football-specific datasets
using their original training protocols to ensure fair comparison.
For methods without built-in temporal modeling (OpenPose-
Lite, HRNet-W32), we add a simple LSTM-based tracker

following [34] to enable frame-to-frame comparison.
5.3. Implementation details

The teacher model architecture follows a modified HRNet-48
design with additional occlusion prediction heads. We train it
for 210 epochs using the AdamW optimizer [35] with an initial
learning rate of le-4, reduced by a factor of 10 at epochs 150
and 180. The input resolution is set to 512x512 pixels, and
extensive data augmentation is employed by the synthetic
occlusion generation using the hierarchical sampling from
Equation 9, motion blur simulation with kernel sizes up to
15x15 pixels and color jitter mimicking stadium lighting
variations.

For edge deployment, the system is implemented on the D-
Robotics RDK X5 development board using the official
mono2d body detection ROS2 package [36]. The robot uses
a MIPI camera for image input, and the framework runs in the
TROS (ROS2 Humble) Linux environment with shared-
memory communication for high efficiency. The inference
pipeline processes frames at 640x480 resolution, maintaining
an end-to-end latency below 30 ms for real-time robotic

applications.
5.4. Evaluation protocol

The performance under three increasingly challenging
conditions is evaluated by the static occlusion, dynamic crowd
scenes and motion-artifact scenarios. Also, images with
synthetic occlusions are applied to test specific body part
visibility patterns, and video sequences with natural player-to-

player occlusions from real match footage are shown. Finally,
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frames with significant motion blur from rapid player
movements are evaluated.

For each condition, we report both standard pose estimation
metrics (PCKh, mAP) and our proposed occlusion-aware
measures (OAP, TPC). Statistical significance is assessed via
paired t-tests across 5 independent runs, with results considered
significant at p < 0.01.

The computational efficiency evaluation can be measured by
frame processing latency (ms), memory footprint (MB) and
energy consumption (Joules/frame) using RDK X5 power
measurement tools. These metrics are collected under three
operational modes: idle stadium (minimal crowd), moderate
activity. All efficiency metrics are measured on the D-Robotics

RDK X5 platform with BPU acceleration.
6. Results and analysis
6.1. Occlusion handling performance

The proposed method demonstrates superior performance in
occlusion-heavy scenarios compared to baseline approaches.
On the COCO-Stadium test set with 40-60% occlusion ratios,
our model achieves an OAP of 78.3%, outperforming
Occlusion-Net (72.1%) and HRNet-W32 (68.9%) by significant
margins. Figure 5 illustrates the relationship between occlusion
level and pose estimation error, showing our method’s

robustness across varying occlusion intensities.

0.40 i
035
030 / /’
0.25 1

0.20 e

Pose Estimation Error (PCK)

More Robust to
Heavy Occlusion Proposed Method
Occlusion-Net
HRNet-W32

OpenPose-Lite

0.151

814444

EI 1‘0 2‘0 3‘0 4b Sb 7h 8‘0

Occlusion Level (%)
Figure 5. Pose estimation error across different occlusion
levels on D-Robotics RDK X5 test data, illustrating improved

robustness to heavy occlusion.

head: 8627

ody : 4516
body : 4516

i

Figure 6. Qualitative pose estimation results in a full football
stadium scene.

The cross-modal attention alignment proves particularly
effective in handling partial occlusions, as evidenced by the
attention distribution heatmaps in Figure 7. The visualization
reveals how the model dynamically shifts focus between visible
body parts while suppressing responses to occluded regions,

maintaining accurate pose predictions despite missing visual

cues.
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Figure 7. Attention weight distribution across different body
regions under various occlusion scenarios, demonstrating
adaptive focus on visible keypoints.

Table 1 compares our approach with state-of-the-art human
pose estimation methods under heavy occlusion conditions. Our
method achieves the highest PCK@0.5 (81.0%) while
maintaining real-time inference speed (31.2 FPS) on the
embedded platform. Unlike OpenPose-Lite and HRNet-W32,
which degrade significantly under player-to-player occlusion,
our cross-modal attention mechanism dynamically focuses on
unoccluded body parts as shown in Figure 5.

Compared with Occlusion-Net and PoseWarper, our
framework integrates both occlusion robustness and motion

awareness via selective knowledge distillation, making it more

suitable for real-time deployment on football stadium robots.

Table 1. Performance comparison of the proposed method with

state of the art human pose estimation approaches under heavy

occlusion conditions.
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Figure 8. Pose estimation results under heavy player to player

occlusion in real match conditions.

Table 2 presents detailed per-keypoint performance under
heavy occlusion (50-70% occlusion ratio). Our method shows
consistent improvements across all anatomical landmarks, with
particularly strong gains for frequently occluded joints like
ankles (14.2% improvement over Occlusion-Net) and wrists
(12.7% improvement).

Table 2. Keypoint detection accuracy under 50-70% occlusion

ratio for different anatomical landmarks.

. Open HRNet-  Occlusion-

Keypoint  p Piite  wa2 Net Ours
Right Ankle 61.2 65.8 68.4 78.1
Left Ankle 62.4 66.1 69.2 79.3
Right Wrist 63.7 68.3 70.5 79.4
Left Wrist 64.1 69.0 71.2 80.1
Right Knee 72.5 76.8 78.9 84.2
Left Knee 73.1 77.2 79.3 85.0
Average 66.2 70.5 72.9 81.0
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6.2. Temporal motion consistency

The temporal motion distillation component significantly
improves pose tracking smoothness in dynamic sequences. On
SoccerTrack-v2, our method achieves a TPC score of 0.87,
compared to 0.79 for PoseWarper and 0.72 for HRNet-W32
with LSTM tracking. This translates to more stable pose
trajectories during rapid player movements, as quantified by the

normalized jerk metric:

T-1

_ 1 22
]_T—Z

t=2

where p, represents the pose at frame t, and At is the time

Pe+1 — 2Pt + Pe-1
At2

(15)

interval. Our model reduces J by 32% compared to the best
baseline, indicating smoother motion transitions.

The motion-aware distillation also enhances performance in
motion-blurred frames, where traditional methods often fail.
For sequences with significant blur (kernel size > 7px), our
approach maintains 81.2% of its clean-image accuracy, versus
68.5% for PoseWarper and 59.3% for OpenPose-Lite. This
robustness stems from the learned motion representations that

compensate for visual degradation.
6.3. Computational efficiency

The edge-optimized student model achieves real-time
performance while maintaining accuracy. On the RDK X5
development board, our implementation processes 640x480
frames at 31.2 FPS with 14.7 GFLOPs computational cost.

85.0

825
80.0 /s 8

7.5 / k!

75.0 / N

725 o >
;
7

Pose Estimation Accuracy (OAP %)

70.0

67.5

D4o>

= Pareto Frontier

OpenPose-Lite
HRNet-W32
Occlusion-Net
PoseWarper
Proposed

Memory bandwidth optimizations reduce DRAM access by 42%
compared to standard FP32 implementation, lowering power
consumption to 3.2W during continuous operation. The
quantized model maintains 98.1% of the full-precision accuracy
while reducing memory footprint from 89MB to 23MB. Table 3
compares the end-to-end system performance across different
stadium scenarios. Our method consistently meets the 30ms
latency target while maintaining high accuracy, even in
challenging crowd scenes.

Table 3. Real-time performance metrics under various football

stadium operational scenarios.

Scenario Latency Accuracy Power
(ms) (OAP) (W)
Idle Stadium 26.4 82.1 2.9
Moderate
Activity 28.7 79.3 3.1
Intense Scenes 31.8 75.6 34
6.4. Ablation study

We conduct systematic ablation experiments to validate the
contribution of each component. Removing the occlusion
embeddings reduces OAP by 11.7 points, while disabling
motion distillation decreases TPC by 0.15. The cross-modal
attention provides the most significant boost, improving
accuracy by 14.2 points when added to a baseline MobileNetV3.
The synthetic occlusion patterns prove particularly valuable
during training. Models trained with our hierarchical sampling
(Equation 9) outperform random masking by 8.3 points in OAP,
demonstrating the importance of anatomically plausible
occlusion simulation.

Table 4 presents the full ablation results, showing how each
component contributes to the final performance. The combined
system achieves synergistic effects, with the full model
outperforming the sum of individual improvements.

Table 4. Component ablation analysis on COCO-Stadium

validation set and contributions of individual modules.

65.0
5.0 75 10.0 125 15.0 175 20.0 225 25.0

Computational Cost (GFLOPs)

Figure 9. Pose estimation accuracy versus computational cost,
showing the accuracy—efficiency trade off among compared
methods.

Figure 9 shows the accuracy-efficiency trade-off compared

to baseline methods, demonstrating our superior Pareto frontier.

Configuration OAP TPC Latency (ms)
Baseline (MobileNetV3) 63.2 0.68 22.1
+ Occlusion Embeddings 71.5 0.69 23.4
+ Motion Distillation 68.3 0.81 25.7
+ Cross-modal Attention 77.4 0.83 28.3
Full Model 81.0 0.87 31.2

The attention mechanism’s efficiency gains are particularly

notable. Our factorized implementation (Equation 13) reduces

attention computation time by 58% compared to standard full
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attention, while maintaining 98.6% of the accuracy. This
optimization proves crucial for real-time operation on edge

devices.
7. Discussions
7.1. Limitations of the proposed method

While the proposed framework demonstrates strong
performance in controlled experiments, several limitations
emerge when considering real-world deployment scenarios. The
synthetic occlusion patterns, though anatomically informed,
may not fully capture the complexity of spontaneous
interactions in live matches. We observe a 12.3% performance
drop when transitioning from synthetic test data to completely
unseen real-world footage, suggesting room for improvement in
occlusion generalization. The observed performance
degradation mainly originates from the domain gap between
controlled synthetic occlusion conditions and complex real-
world football environments. Although the synthetic occlusion
generation strategy can effectively model common visibility
patterns, real stadium scenarios contain additional uncertainties,
including irregular player interactions, illumination variations,
viewpoint changes, complex background structures, and severe
motion blur caused by rapid player movements. These factors
cannot be completely reproduced during synthetic training.
Nevertheless, the remaining performance level is sufficient for
practical robotic applications because the proposed framework
maintains the stable keypoint localization and temporal
consistency under challenging occlusion conditions. For mobile
robots operating in human-centered environments, reliable
continuous perception is more critical than accuracy under ideal
conditions alone. Future work will focus on reducing this
generalization gap through larger real-world annotated datasets
and domain adaptation strategies. The motion modeling
component assumes relatively smooth player movements,
occasionally struggling with abrupt direction changes common
in football, where rapid pivots can cause temporary pose
estimation errors. The distillation process itself introduces
certain constraints. The teacher model’s knowledge, while
comprehensive, may contain biases from its training data that
propagate to the student. In our experiments, we noticed the
student occasionally inherits the teacher’s tendency to

overestimate shoulder visibility in crowded scenes. The current

implementation also requires synchronized training of
occlusion and motion components, which increases the
complexity of hyperparameter tuning compared to single-
objective pose estimation systems.

From a reliability engineering perspective, these limitations
directly influence the dependability of autonomous robotic
systems operating in unstructured human environments. The
proposed occlusion-aware framework improves fault tolerance
by reducing perception failures caused by incomplete visibility
and rapid human movement. By maintaining more stable human
pose estimation under challenging conditions, the proposed
approach contributes to safer robot navigation, more reliable
human-robot interaction, and improved operational robustness.
Future improvements addressing domain adaptation, motion
uncertainty, and training bias will further enhance the reliability

and safety of autonomous robotic deployment.
7.2. Potential application scenarios

Beyond football stadium robotics, the method’s occlusion
robustness and efficiency make it suitable for several related
domains. In broadcast sports analytics, the system could enable
real-time player tracking without the extensive camera arrays
currently required. The motion-aware components show
particular promise for referee assistance systems, where judging
offside positions demands precise limb tracking through
occlusions. Healthcare applications, such as rehabilitation
monitoring in busy clinics, could benefit from the method’s
ability to maintain pose estimation accuracy when patients are
partially obscured by equipment or caregivers.

The edge deployment optimizations open possibilities for
wearable-assisted sports training. Miniaturized versions could
run on athlete-mounted cameras, providing immediate feedback
during practice sessions. The occlusion handling capabilities
would prove valuable in team drills where players frequently
obstruct each other from the wearable’s perspective. Similarly,
the technology could enhance augmented reality systems for
spectator experiences, allowing accurate player pose overlay

even in crowded penalty area situations.
7.3. Ethical considerations

The deployment of pose estimation systems in public spaces
like stadiums raises important ethical questions that warrant

discussion. While our current implementation operates on
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anonymous pose data without facial recognition, the potential
exists for misuse in player identification or performance
monitoring without consent. The system’s efficiency enables
large-scale deployment, which could inadvertently facilitate
surveillance beyond its intended purpose of robotic navigation
and sports analytics.

Several safeguards for ethical deployment are recommended
as: (1) implementing strict data anonymization pipelines that
discard identifiable visual features after pose extraction, (2)
developing clear usage policies prohibiting individual player
tracking without explicit consent and (3) incorporating
hardware-based privacy controls that prevent raw image data
from leaving the edge device. These measures become
particularly crucial as the technology transitions from research
to commercial applications.

The motion modeling capabilities also introduce unique
considerations. While designed to improve pose estimation, the
same techniques could potentially be repurposed for analyzing
player fatigue or predicting injury risk - applications that require
careful ethical review in professional sports contexts. We
advocate for transparent disclosure of system capabilities to all
stakeholders, including players’ unions and regulatory bodies,

to ensure responsible adoption
8. Conclusion

The proposed occlusion-aware real-time human pose estimation
framework demonstrates significant advancements in
addressing the wunique challenges of dynamic sports
environments. By integrating selective knowledge distillation
with synthetic occlusion pattern embeddings and temporal
motion cue extraction, the method achieves robust performance
under conditions that typically degrade conventional pose
estimation systems. The cross-modal attention alignment

mechanism enables efficient focus on relevant image regions
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