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Abstract

Human pose estimation is a core computer vision task with broad applications, yet its
performance degrades significantly in crowded scenes and under heavy occlusion due to
missing or unreliable visual evidence. To address this limitation, this work reformulates
occluded pose estimation as a structured pattern restoration problem and proposes a graph-
based framework that models the human body as a relational skeletal graph. Starting from
noisy or incomplete keypoint detections, the proposed method employs a graph neural
network to propagate contextual information from visible joints to occluded ones through
iterative message passing. Geometry-aware constraints on bone lengths and joint angles
are integrated to enforce anatomical plausibility, while an occlusion-aware prediction
mechanism distinguishes visible from missing joints during inference. Experiments on
COCO-Keypoints, CrowdPose, and OCHuman demonstrate consistent improvements
over strong baselines, particularly under moderate and severe occlusion, confirming the
effectiveness of structural reasoning for robust pose estimation in real-world environments.
These results confirm that explicit structural reasoning enables more accurate, stable, and
reliable human pose estimation in real-world, occlusion-heavy environments.

Keywords: human pose estimation; occlusion handling; graph neural networks; structural
reasoning; crowded scenes; pattern restoration

1. Introduction

Human pose estimation is a fundamental problem in computer vision and serves as
a critical building block for numerous applications, including human-computer interac-
tion, intelligent surveillance, sports analytics, healthcare monitoring, and autonomous
systems [1]. The task aims to localize anatomical landmarks, commonly referred to as
keypoints, and to infer the underlying skeletal configuration of the human body from
visual observations [2]. Over the past decade, substantial progress has been achieved
through advances in convolutional neural networks (CNNs), high-resolution feature repre-
sentations [3], attention-based architectures [4], and transformer-driven pose models [5].
Large-scale benchmarks such as COCO, MPII, and CrowdPose have further accelerated
development by enabling standardized evaluation across diverse scenarios [6]. Despite
these advances, pose estimation systems continue to struggle in real-world settings where
visual evidence is incomplete, noisy, or highly ambiguous.

Occlusion and crowded scenes remain the most persistent and practically significant
challenges faced by pose estimation systems. In unconstrained environments, such as
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human gatherings, sports events, complex indoor scenes, etc., human bodies often overlap,
self-occlude, or are partially occluded by surrounding objects [7]. Such pathologies lead
to the interruption of visual consistencies and the loss of reliability of visual cues based
on appearance, often losing joints, misassociation of limbs, or anatomically inconsistent
skeletal structures [8]. Existing pose estimation methods, primarily based on heatmap
regression or direct coordinate prediction, are highly dependent on full and localized visual
evidence. In cases where this evidence cannot be found or is distorted, these models have
brittle behavior, which shows a fundamental drawback of pure appearance-based pattern
recognition in a partially visible world [9].

Conventional top-down and bottom-up pipelines attempt to mitigate occlusion effects
through elaborate detection schemes, multi-person association heuristics, attention mecha-
nisms, or heatmap post-processing. However, such approaches mostly act on the evidence
of pixels at the local level and may therefore be prone to fail if large parts of the body are
not observed. Other work introduced multi-view setups, or temporal smoothing, but such
solutions typically require additional sensors, synchronized viewpoints, or video sequences,
limiting their applicability in standard monocular image settings [8]. Consequently, there
remains a clear need for a robust and generalizable framework that can recover human pose
structure without relying on auxiliary modalities directly from the degraded visual inputs.

This work addresses the issue of degradation due to occlusion by reformulating the
task of human pose estimation as a pattern-structured restoration problem. The human
body, by its very nature, creates a kinematic graph where spatial and functional correlations
of joints occur through well-defined anatomical constraints. These structural dependencies
offer a powerful inductive prior that can be used to infer missing or unreliable keypoints,
extending the inductive power beyond that provided by local appearance cues alone. It
is based on this observation that we propose a pattern restoration framework based on
graphs, where the human skeleton is modeled as a relational graph and message-passing
operations are used to disseminate contextual information between connected joints. This
design enables the recovery of occluded or ambiguous keypoints by leveraging the global
pose structure and is not solely based on local visual evidence.

To further ensure coherent predictions, a structural consistency loss is introduced
that regularizes bone lengths and joint angles, thereby avoiding physically implausible
predictions in cases with severe occlusion. Further, a mechanism is introduced to model
joint visibility for occlusion awareness and to modulate the influence of unreliable visual
features within the feature extraction mechanism, thereby explicitly modeling joint visibility.
Together, these components form a unified pipeline capable of producing complete and
structurally consistent pose estimates from crowded and partially observed scenes.

The main contributions of this work are summarized as follows:

e Introducing a structural pattern restoration formulation for occlusion-robust human
pose estimation, treating missing keypoints as a graph-based completion problem.

*  Proposing a graph neural network architecture that performs message passing over
the skeletal topology to infer occluded or uncertain joints.

*  Designing a structural consistency loss that enforces anatomical plausibility through
bone-length and joint-angle regularization.

* Integrating an occlusion-aware feature extraction mechanism that explicitly accounts
for joint visibility and suppresses unreliable visual cues.

*  Conducting extensive evaluations on COCO-Keypoints, CrowdPose, and OCHuman,
demonstrating significant performance gains over strong baselines, particularly under
moderate and heavy occlusion.

The remainder of this paper is organized as follows. Section 2 reviews related work in
human pose estimation. Section 3 formalizes the occlusion-aware pose restoration problem
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and defines the corresponding learning objective. Section 4 presents the proposed frame-
work, detailing the backbone, graph-based reasoning module, and structural consistency
constraints. Section 5 describes the experimental protocol, including datasets, evaluation
metrics, and the implementation environment. Section 6 analyzes the quantitative results
and discusses limitations and practical implications. Finally, Section 7 concludes the paper
and outlines future work.

2. Related Work

Human pose estimation has advanced substantially with the adoption of deep convo-
lutional and attention-based architectures [10-12]. A major milestone was the introduction
of High-Resolution Networks (HRNet), which preserve high-resolution representations
throughout the network, rather than relying on low-to-high upsampling pipelines [13]. This
design enhances spatial precision and achieves robust keypoint localization performance
on benchmarks such as COCO and MPII. Building on this paradigm, HigherHRNet extends
HRNet to bottom-up multi-person pose estimation by constructing multi-scale feature
pyramids and aggregating predictions across resolutions, improving robustness to scale
variation and small or overlapping persons [14]. More recently, transformer-based pose
estimators (e.g., ViTPose) have demonstrated competitive accuracy by leveraging global
self-attention to capture long-range dependencies between joints [10]. Despite these gains,
many state-of-the-art models remain strongly dependent on reliable visual evidence and
often degrade when key body parts are partially or fully occluded.

Occlusion and crowding remain persistent challenges in real-world scenarios. In dense
environments, overlapping people and self-occlusion frequently induce joint swapping,
missing limbs, fragmented skeletons, and ambiguous association between persons [15,16].
To better quantify these failure modes, specialized datasets such as CrowdPose and OCHu-
man were introduced [17,18]. CrowdPose targets dense human-human interactions and
provides a dedicated benchmark for crowded multi-person inference, while OCHuman
filters COCO instances to retain heavily occluded poses, thereby exposing the limitations
of conventional top-down and bottom-up pipelines under extreme partial visibility [17,19].
In response, several occlusion-aware strategies have been explored. Data augmentation
methods simulate occlusion during training by masking limbs or joints to encourage
robustness [20], while architectural adaptations introduce specialized heads or losses to
suppress false activations caused by overlapping people. For example, CONet augments
HRNet with an occlusion-aware output formulation and an interference-point loss to
reduce crowd-induced confusion [21]. Although such approaches deliver measurable
improvements, they primarily operate by refining detection and heatmap responses and
do not explicitly represent the missing pose structure as a recoverable entity.

To move beyond purely appearance-driven inference, recent work has explored struc-
tured reasoning and visibility modeling [22]. Graph-based methods incorporate skeletal
connectivity to refine initial predictions, with OPEC-Net introducing an image-guided
progressive Graph Convolutional Network (GCN) that leverages pose structure to infer
invisible joints more robustly [23]. However, these approaches typically treat graph rea-
soning as a refinement stage rather than framing occlusion handling as a first-class pattern
restoration problem on a relational graph with missing nodes. In parallel, visibility-aware
learning has gained attention: rethinking visibility studies show that naively supervising
occluded joints can degrade estimation quality and propose visibility-aware mechanisms
that modulate unreliable cues during inference [24]. Other pipelines for crowded scenes
combine proposal-conditioned reasoning or association strategies to improve multi-person
disambiguation in cluttered environments [6], yet they still rely predominantly on visible
evidence and may fail when large body regions are unobserved.
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Structural constraints such as bone-length consistency, joint-angle feasibility, and sym-
metry priors are well established in 3D pose estimation and are occasionally used as
auxiliary regularizers in 2D settings [25]. Nevertheless, structural constraints serve as cen-
tral mechanisms for completing missing 2D keypoints from monocular images, and most
2D estimators remain vulnerable under heavy occlusion, often producing anatomically
implausible or fragmented poses when visual evidence collapses. Overall, the literature
offers partial solutions, high-resolution backbones, occlusion-aware heads, augmentation,
graph refinement, and visibility modeling, but no widely adopted framework unifies
visibility-aware reasoning, graph-based message passing, and geometry-aware constraints
to explicitly treat occlusion as a structured pattern completion problem [26]. This gap moti-
vates our proposed framework, which models the human skeleton as a relational graph,
treats occluded joints as latent nodes, and jointly leverages learned graph reasoning and
anatomical priors to restore structurally consistent poses under severe occlusion. This work
concentrates on single-frame monocular 2D pose estimation in the presence of occlusion
and crowding. The proposed design is intentionally task-specific and has utilized skeletal
topology as an inductive bias, rather than aiming for cross-domain generalization.

3. Problem Formulation

Human pose estimation in real-world environments frequently operates under partial
visibility caused by crowding, self-occlusion, and environmental obstacles. Such conditions
are common in applications such as public space monitoring, sports analytics, industrial
safety, and human-robot interaction. In such situations, a pose estimation system has
to make anatomically valid predictions on body configurations from incomplete visual
evidence, where some keypoints are completely unobservable. This leads to one of the
most fundamental problems: the problem of mapping from image observations to body
joints becomes underconstrained, often resulting in unstable or statistically implausible
pose predictions.

A monocular RGB image is considered I € RF*W3 containing a single person.
The human pose is represented by a set of N anatomical keypoints

k= {ki,ko,... . kn}, ki € R?, (1)

where each k; denotes the 2D image coordinates of joint i. Occlusion is modelled using a
visibility indicator vector

U= {vlrUZr- . ‘/UN}/ v; € {011}/ (2)

where v; = 1 indicates that joint i is visible, and v; = 0 denotes that it is occluded or visually
unreliable. The observed joint location k; is therefore defined as

]Ei _ ki +€, U= l/ (3)
g, v; =0,

with €; representing localization noise introduced by imaging conditions or estimation errors.
For visible joints, the observation likelihood can be approximated by a unimodal distribution,

p(ki [ 1) = N (ui (1), Z4(1)), 4)

whereas for occluded joints (v; = 0), this likelihood is undefined due to the absence of
reliable pixel evidence. When multiple joints are simultaneously occluded—as is common
in crowded scenes—the pose estimation problem becomes severely under-determined.
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To regularize this ill-posed setting, we exploit the inherent structure of the human
body. The skeleton is modeled as an undirected kinematic graph

G= (V,E), (5)

where each node i € V corresponds to a joint and each edge (i, j) € E represents an anatom-
ically valid connection (e.g., shoulder—elbow and hip—knee). This graph encodes strong
biomechanical priors that constrain feasible human poses. The skeletal graph topology is
determined based on standard anatomical connectivity, providing a partially visible biome-
chanical prior. The graph structure is not dynamic, but the proposed framework enables
adaptive relational reasoning through learned edge embeddings and visibility-sensitive
message passage and allows dynamically modulating inter-joint influence across a range of
occlusion patterns.

Specifically, connected joints obey stable bone-length relationships

ki = kil ~ df, (i) € E, 6)
where dlr.].ef denotes a reference bone length normalized across subjects. In addition, joint
articulation is constrained by feasible angle ranges. In this work, these feasibility ranges are
applied as soft regularizers to stabilize reconstruction under occlusion and are calibrated to
typical physiological motion; consequently, rare non-standard articulations (e.g., injury-
or pathology-induced deviations) are not explicitly modeled and may require relaxed or
adaptive angle priors in domain-specific deployments. Let 6, denote the angle at joint j
formed by joints (i, j, k); then physical plausibility requires

Oijk € (05" O )

LetV = {i | v; =1} and O = {i | v; = 0} denote the sets of visible and occluded
joints, respectively. Given the observed joints ky, the objective is to recover a complete
pose k that is consistent with both visual evidence and anatomical structure.

Under extreme visibility collapse, the reconstruction is underdetermined: several
anatomically possible poses can fit the same sparse visual information. These kinematic
constraints are not semantically correct regularizers but plausibility regularizers, even in
the case of incomplete observations.

Joint-angle feasibility is defined using anatomical degrees of freedom (DoF) to ensure
biomechanically plausible pose reconstruction under occlusion. Hinge joints (e.g., elbow,
knee) exhibit one dominant rotational DoF, ball-and-socket joints (e.g., shoulder, hip) allow
multi-axis rotation, and wrist/ankle joints follow constrained two-DoF motion. The DoF
categories used in this work are summarized in Table 1 and guide the feasible angle
intervals [95}3“, 9};}?"] employed in Lypgle-

This can be expressed as the optimisation problem

k" = arg min| Lyis(ky, kv) + A1 Loone (K, G) + A2Langie(k, G, (8)

where the loss terms are defined as

Luis =Y [lki —Kill3, )
ey
2
Loone = Y (IIki —kill2—d5*)”, (10)

(i,j)eE
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and

£angle = Z lp(gijk>/ (11)

(i,jk)eT

with 7~ denoting valid kinematic triplets and ¢(-) penalizing angles outside the feasible range.

Table 1. Anatomical joint categories and corresponding degrees of freedom (DoF) used to define
kinematic feasibility constraints.

Joint Category Example Joints Degrees of Freedom
Hinge joints Elbow, Knee 1 (Flexion—Extension)
Ball-and-socket joints Shoulder, Hip 3 (Multi-axis rotation)
Limited-rotation joints Wrist, Ankle 2 (Constrained rotation)
Axial joints Neck, Upper torso 2 (Restricted rotation)

Note: DoF values in Table 1 denote simplified rotational DoF used as kinematic priors for 2D feasibility constraints

(not full anatomical/ clinical joint DoF).

This formulation captures a practical and well-defined real-world problem: restoring
complete and anatomically consistent human poses from incomplete visual observations in
crowded or occluded scenes. Explicitly incorporating structural priors for inferring missing
keypoints in cases where visual evidence is insufficient is a principled approach to support
the graph-based restoration approach proposed in the next section.

4. Proposed Methodology

An occlusion-robust human pose estimation framework is proposed that formulates
pose inference under partial visibility as a structured pattern restoration problem over a
relational human-body graph. Unlike conventional heatmap-based methods that deterio-
rate when visual evidence is missing, the proposed approach integrates occlusion-aware
feature extraction, graph-based relational reasoning, and geometric consistency enforce-
ment within a unified architecture. The framework progressively refines incomplete or
noisy pose predictions by leveraging anatomical structure and visibility cues, enabling
reliable reconstruction even in crowded or severely occluded scenes. An overview of the
full pipeline is shown in Figure 1.

Backbone

Visibility likelihood
prediction

o Heatmaps (coarse K
joint positions) i

Node Embeddings

Output

GNN

Structural Constraints

A

Lange = (p,' )t

\ // \ / L,ngue:l(lii/)e;/k
/

Image Database

High-resolutio}
branch

HR Fusion branch

Figure 1. Proposed occlusion-robust pose restoration pipeline. The backbone extracts high-resolution
pose features and predicts visibility, which form node embeddings used by a GNN for structural
reasoning. The geometric consistency module ensures anatomically plausible reconstruction.
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4.1. Occlusion-Aware Backbone and Initial Pose Estimation

Given an input image, we employ a high-resolution backbone (HRNet-W48 by default)
to extract multi-scale feature representations while preserving spatial precision, as shown
in Figure 2. The backbone outputs coarse joint heatmaps { H;}, from which initial joint
estimates k; are obtained, along with ROI-pooled local features f;. In parallel, a lightweight
visibility head predicts a joint-wise visibility likelihood 9; € [0, 1], indicating the reliability
of visual evidence for each keypoint. This visibility-aware design allows the model to
explicitly distinguish between reliable and occluded joints early in the pipeline.

Stage 4
Multi-Resolution
Stage 3 fusion
Stage 2 High-Resolution 64
Stage 1 Mid-Resolution 64

Low-Resolution 64 128
64 128

128 256
256

512

Figure 2. Detailed HRNet backbone used in proposed framework, showing multi-resolution branches
and cross-stage fusion that preserve high-resolution features for heatmap and visibility prediction.

4.2. Node Embedding Construction

To enable structured reasoning, each joint is represented as a node embedding that
integrates positional, visual, and uncertainty information. Specifically, for joint i, we
construct the initial node embedding as

n” = [kl o]l fi] € R, (12)

where k; denotes the coarse joint location, ¢; the visibility likelihood, and f; the corre-
sponding local appearance descriptor. For occluded joints, positional entries are zero-filled
while appearance features are retained, explicitly encoding uncertainty into the graph
representation. The embedding construction process is illustrated in Figure 3.

Node Embedding Construction
Coarse Keypoints ; ——
Concatination Node Embedding

Visibility Likehood U;———» 0 ~ R —> 0) 256
: h§)=[ki 19 1l £i] € R T ER

ROI Features fi —

Figure 3. Construction of node embeddings from coarse keypoints k;, visibility likelihoods 9;, and ROI
features f;. These components are concatenated to form the initial joint embedding h§0) used by the
graph reasoning module.
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4.3. Graph-Based Structural Reasoning

The human body is modeled as a graph G = (V, E), where nodes correspond to joints
and edges encode anatomical connectivity. Graph reasoning is performed via a multi-layer
graph neural network that iteratively propagates contextual information across connected
joints. At iteration ¢, each node aggregates messages from its neighbors:

m = Y g, ey), (13)

where ¢, is a learned message function and ejj denotes a trainable edge embedding.
Unlike generic multi-branch fusion, graph propagation is aligned with skeletal topol-
ogy and explicitly encodes joint-to-joint dependencies required for structured completion.
The primary fusion mechanism is message passing, since pose restoration is relational:
occluded joints must be inferred from anatomically connected evidence. Unlike generic
multi-branch fusion, graph propagation is aligned with skeletal topology and explicitly
represents joint-to-joint dependencies to complete the structure.
Node states are updated through a visibility-aware update function:

WY = gu(n,m?,0;). (14)
This design enables inference of occluded joints by leveraging information from visible,

structurally stable joints. Three message-passing layers are employed, yielding refined
embeddings that encode globally consistent pose structure. The reasoning process is

Updated Node
(t+1)
hi
) =T iper G (7 e T

hi [h,(r+ = ¢“(hf”,mft),v;)]

Occluded joint / \

h ) Iterative
refinements

visualized in Figure 4.

edge
embedding

iteration 1: h/ Message Passing Iterations: t =0 —t=1 — t = 2 (T = 3 layers)
t=1

-
|

Figure 4. Graph message passing and visibility-aware node updates used to refine occluded joints,
illustrating the iterative GNN reasoning process adopted in the proposed framework.
4.4. Geometric Consistency and Training Objective

Final 2D joint coordinates are obtained via a linear regression head applied to the
refined embeddings. To ensure anatomical plausibility, the model is trained with a com-
posite loss that combines visible-joint alignment, bone-length consistency, and joint-angle
feasibility constraints:

Liotal = Lyis + A Lpone + )\ZEangle + A3LGNN- (15)
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These constraints regularize the reconstruction toward biomechanically valid poses
and prevent physically implausible configurations, particularly when large body parts are
occluded. The integration of structural constraints is illustrated in Figure 5.

Bone-Length Constraint
Refined Joint

Predictions \ ™ Lyyne = Z lhi — 7|3
k;cnny (i,j
i i,j)E
| Structural ,
| C $ant feasible
St ol H‘ SV Joint-Angle Constraint 5
Joints k; el Module g
\ i
Langle :le(ﬁijk)
O—+—0— :
dij et
B((:)ne-Len.gth Total Struct- V/i?ii b:ﬁr{g:][t
onstraint —p ural Loss g
Ltotal & Li+£1
Total Structural Loss J

Figure 5. The refined GNN keypoints and visible-joint evidence are regularized using bone-length
deviation, joint-angle feasibility, and visible-keypoint alignment constraints, which are aggregated
into the total structural loss enforcing bio-mechanically valid pose reconstruction.

4.5. Architecture Details

All architectural choices and training hyperparameters are summarized in Table 2.
For clarity and reproducibility, Algorithm 1 summarizes the end-to-end pose restoration
procedure used in this work. Given an input image I and the skeletal graph G = (V,E),
the pipeline first extracts backbone feature maps F, joint heatmaps H, ROI features f;,
and visibility scores 9; (Step 1). Coarse joint locations k; are then obtained from the
heatmaps for all joints i € V (Step 2). Each joint is initialized as a node embedding hgo) by
combining k;, 9;, and f;, thereby encoding both spatial evidence and occlusion uncertainty
(Step 3).

Table 2. Summary of architectural and optimization details for the proposed pose restoration system.

Component Specification

Backbone HRNet-W48/ViTPose-S; 64/128/256/512  channels;
heatmap size 64 x 48

Visibility Head MLP: 256 — 128 — 1; ReLU, Sigmoid; ROI features: 512-d

Node Embedding 256-d vector: [k;, 9;, f;]

GNN Layers 3 layers, 256 units each; residual connections

Message Function 2-layer MLP, 256 units, GELU

Update Function Gated fusion with GELU

Edge Embeddings 32-dimensional learned vectors

Regression Head Linear: 256 — 2

Loss Weights M =041 =02 A3 =10

Optimizer Adam, LR 1074, cosine decay, warm-up of 5 epochs

Training 220 epochs, batch size 64, FP16 mixed precision

Total Parameters 73M (HRNet), 92M (ViTPose)
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Algorithm 1 provides a procedural summary of the full inference and training pipeline.

Algorithm 1 Pose Restoration Pipeline

Require: Image I, human-bod Gy graph G = (V, E), model parameters
Ensure: Refined keypoints {kt?NN},cy
1: Extract feature maps F, heatmaps H, ROI features f;, and visibility scores 9; from [

: Compute coarse joint locations k; from H; foralli € V
: Construct node embeddings hgo) [k |9 || fi] foralli € V
:fort =0toT —1do
for al(lt)i € Vdo o

m Y fm (hj ,€ij)

j:(i,j)€EE
1 .

7. WY, (B, m", 0;)

o Ul A W N

1 1
end for

9: end for

10: foralli € V do

11: kl-GNN — W]jl’ll(T + by

12: end for

13: Compute loss Liotq) using {k?NN}, {k;} and geometric constraints
14: Update all model parameters using Adam optimiser

15: return {kPNN}, oy,

Pose completion is performed via T iterations of graph message passing (Steps 4-9).
At each iteration, node i aggregates messages from its neighbors j through edge embed-
dings ¢;;, forming ml(t), and updates its hidden state using ¢, (-), which integrates the
previous state, aggregated structural context, and visibility cues. After T iterations, refined

keypoints are obtained by projecting the final node states hl(T)

to coordinates, yielding
{kiGNN},EV (Steps 10-12). During training, the model minimizes a total objective that
combines keypoint supervision with geometric regularization (bone-length and joint-angle
constraints), and the parameters are updated using the Adam algorithm (Steps 13-14).
Overall, the algorithm operationalizes our formulation of occlusion-robust pose esti-

mation as a structured completion problem, producing anatomically consistent keypoints.

5. Performance Validation

This section outlines the datasets, evaluation metrics, and environmental setup and
configurations used to evaluate the proposed method. We evaluate the framework on
largely used benchmarks for human pose estimation, which differ in terms of occlusion,
crowd density, and appearance diversity. All experiments were carried out under controlled
and reproducible conditions to ensure a fair comparison with state-of-the-art approaches
could be made.

5.1. Datasets

To evaluate the proposed occlusion-aware pose restoration framework comprehen-
sively, experiments were conducted on four complementary benchmark datasets that
collectively span a wide spectrum of scene complexity, human interaction density, and oc-
clusion severity. This selection allows for the analysis of the robustness of the model for
increasingly difficult visibility conditions systematically.

CrowdPose [17] specifically addresses crowded environments where there is signifi-
cant human-human overlap and can therefore be used to measure how robust the algorithm
is to mutual occlusion and identity ambiguity problems. COCO-Keypoints [27] is the most
frequently used large-scale benchmark, which provides various indoor and outdoor scenes
with moderate occlusions and large appearance variations. It is used for training as well
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as general performance evaluation. In order to test performance under extreme occlusion,
OCHuman [28] is used, which includes instances of people with heavy overlapping so that
a majority of the joints are not visible. Finally, MPII Human Pose [29] has high-quality
annotations in mostly single-person scenarios with significant self-occlusion due to artic-
ulations, which allows for the study of generalization and structural reasoning beyond
crowd-heavy settings.

A brief comparison of datasets, the format of the annotation, and the characteristics of
the occlusion is presented in Table 3. Understanding the distribution of occlusion levels is
critical for interpreting performance trends. Figure 6 is used to visualize the distribution of
the low-, moderate-, and high-occlusion instances across all four datasets. The figure shows
a distinct development from COCO and MPII, which are dominated by low to moderate
occlusion, to CrowdPose and OCHuman, which focus on dense interactions and severe
visibility loss. This distribution is in line with our experimental design, which allows one
to control stress and test the robustness of occlusion.

Table 3. Summary of datasets used for evaluation, highlighting scale, annotation details, and
occlusion characteristics.

Dataset

Images Keypoints Occlusion Level Description and Usage

CrowdPose [17]

Designed for dense
human-human occlusion;
critical for evaluating
robustness in crowded scenes.

20 k images

(98 k persons) 14 High

COCO-Keypoints [27]

Large-scale benchmark with
diverse scenes and partial
occlusion; used for training
and general evaluation.

~200 k persons 17 Moderate

OCHuman [28]

Focuses on heavily
overlapping persons (>70%
occluded); ideal for keypoint
completion evaluation.

8 k persons 17 Extreme

MPII [29]

Mostly single-person images
with frequent self-occlusion;
used for cross-dataset
generalisation.

25 k images 16 Low-Moderate

While the occlusion statistics provide a quantitative analysis, visual examination offers
additional insight into the types of problems represented in each dataset. Figure 7 shows
representative samples showing differences in complexity of the scene, density of the
crowd, and visibility. COCO has various scenes that contain partial occlusion, MPII focuses
on self-occlusion because of articulation, CrowdPose has frequent multi-person overlap,
and OCHuman has extreme scenarios where huge body parts are completely invisible.
Together, these examples are great visual motivation for the need for explicit structural
reasoning and keypoint completion mechanisms.

Overall, the combination of these datasets provides a gradual assessment range,
from mild to extreme occlusion, allowing for a strict evaluation of the proposed model
in terms of its capacity to detect visible joints, project occluded structures, and generalize
across different real-life settings.

https:/ /doi.org/10.3390/a19020142


https://doi.org/10.3390/a19020142

Algorithms 2026, 19, 142 12 of 24

Dataset Distribution by Occlusion Level
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Figure 6. Distribution of occlusion levels across COCO, CrowdPose, OCHuman, and MPIIL. The
datasets collectively form a continuum from low to extreme occlusion, enabling systematic evaluation
of occlusion robustness.

COCO Keypoints

MPII OCHuman

CrowdPose

Figure 7. Representative samples of the evaluation data sets. COCO-Keypoints presents moderate
occlusion across various scenarios, MPII focuses on articulation-based self-occlusions, CrowdPose
involves dense human-to-human interactions, and OCHuman exhibits extreme overlap with severe
visibility loss.

5.2. Metrics

To evaluate the proposed framework, three established metrics were used to evaluate
localization accuracy, structural consistency, and robustness under occlusion.
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5.2.1. Average Precision (AP)
Following the COCO keypoint evaluation protocol, AP is computed using the

Object Keypoint Similarity (OKS) and averaged over multiple OKS thresholds T €
{0.50,0.55, ...,0.95}:

1
AP ) AP, T ={050,055,...,095}, (16)

- WTGT

where AP denotes the area under the precision—recall curve when a prediction is consid-
ered correct if OKS > 7.
5.2.2. Object Keypoint Similarity (OKS)

OKS measures the similarity between predicted and ground-truth keypoints, normal-
ized by object scale and per-joint labeling variance:

ki—kS)2
Xi eXP<— H 252,@'2) 6(v; =1)
Yid(v=1) ’

OKS = (17)

where s is the object scale, «; is a per-joint constant, and 6(v; = 1) masks out occluded joints.
This is consistent with our visibility model: occluded keypoints (v; = 0) are excluded from
similarity computation, reflecting the lack of visual evidence.

5.2.3. Percentage of Correct Keypoints (PCK)

PCK quantifies the percentage of predicted joints that fall within a normalized radius
around the ground-truth position:

#{i: |l — k']l < aL}

PCK =
c N

(18)
where L is a normalization length (typically head size or torso length), and « is set to 0.2.
The term # represents the cardinality of the set, i.e., the number of keypoints that are at
the Euclidean distance to the ground-truth location under the normalized threshold of
«L, and N is the number of keypoints that are considered. PCK provides an interpretable
spatial accuracy measure and complements OKS in scenarios with severe occlusion.

AP and OKS are reported for COCO, CrowdPose, and OCHuman, while PCK is
additionally used for MPII following standard benchmarking practice.

5.3. Implementation Details

To ensure reproducibility and fair comparison, all experiments are conducted under a
unified software and hardware configuration. The same training protocol, optimization
strategy, and random seed initialization are consistently applied across the proposed
method and all baseline models in the experimental evaluation. The high-resolution
backbones are associated with the need for spatially specific keypoint localization, which
adds more parameters than lightweight end-to-end models in other settings. The restoration
module is compatible with lightweight backbones and graph pruning/compression, which
will be explored to further improve efficiency.

5.3.1. Environmental Setup

All the experiments are implemented in Python 3.10 and are executed on a
Windows 11 operating system. A dedicated conda virtual environment is created to man-
age dependencies and avoid version conflicts. The core deep learning framework is
PyTorch 2.0, with CUDA 11.8 and cuDNN 8.x for GPU acceleration. Additional libraries
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include torchvision for data handling, NumPy and SciPy for numerical operations,
and OpenCV for image preprocessing, as shown in Figure 8. All random number generators
are seeded so that the behavior is deterministic during training and evaluation.

Libraries:
Numpy, Pandas,

v

B Windows 11
Python 3.10

& yConda Virtual
‘\

Environment

r_—

A = GPU Accelaration

SciPy, OpenCYV, ]
TourchVision Cuda Support

O PyTorch ‘
|

PyTorch 2.0 + CUDA 11.8 + cuDNN 8.x

'r‘
Human Pose Estimation

Training Setup
Nvidia Ada 2000

8 GB GPU

|

Intel Core i7, 32 GB
RAM, ITB Disk, FP32
and Mixed Precision

Figure 8. Experimental setup.

All models are trained and evaluated on a single workstation that has an NVIDIA RTX
Ada 2000 GPU (8GB VRAM), an Intel Core i7, and 32GB system memory. Unless otherwise
specified, training is done on one GPU. The implementation setup is summarized in Table 4.
This configuration is indicative of a realistic research and deployment environment as
opposed to a large-scale multi-GPU infrastructure.

Table 4. Experimental setup and implementation details used for all models.

Component Specification

Operating System Windows 11

Python Version Python 3.10

Environment Conda virtual environment

Deep Learning Framework PyTorch 2.0, CUDA 11.8, cuDNN 8.x

Key Libraries torchvision, NumPy, SciPy, OpenCV

GPU NVIDIA RTX Ada 2000 (8 GB VRAM)
CPU Intel Core i7 Ultra

System Memory 32 GB RAM

Training Epochs 220

Optimizer Adam

Initial Learning Rate 1 x 10~ (cosine decay, warm-up 5 epochs)
Batch Size 64

Input Resolution 256 x 192

Data Augmentation Rotation, scaling, flipping, synthetic occlusion
Random Seed Fixed for all experiments

Baseline Configuration Official settings from original papers
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5.3.2. Training Protocol

The backbones used in both HRNet-W48 and ViTPose-S are initialized by ImageNet
weights. Models are trained for 220 epochs using the Adam optimizer with an initial
learning rate of 1 x 10~#, decayed via a cosine annealing schedule with a warm-up period
of five epochs.

A batch size of 64 is used when training. Input images are resized to 256 x 192
resolution. Standard data augmentation techniques are used, such as random rotation
(£40°), random scaling (0.7-1.35), horizontal flipping, and synthetic occlusion masking to
enhance robustness against missing visual evidence.

5.3.3. Graph Configuration and Initialisation

The human-body graph follows standard skeletal connectivity with N = 17 joints for
the COCO-based dataset and N = 16 joints for the MPII. The graph neural network con-
sists of three message-passing layers and 256-dimensional hidden states and learned edge
embeddings of 32 dimensions. Node embeddings are initialized using the concatenation of
coarse heatmap-based joint estimates, predicted visibility likelihoods, and ROI-pooled ap-
pearance features. Occluded joints are explicitly represented by zero-initialized coordinates
while retaining local appearance descriptors.

5.3.4. Loss Weights and Reproducibility

The composite training objective combines visible-joint alignment, bone-length con-
sistency, and joint-angle feasibility losses, weighted by A; = 0.4, A = 0.2, and A3 = 1.0,
respectively. These values are selected via validation on the COCO split and are fixed
across all experiments. All baseline models are trained or evaluated using their officially
reported configurations and hyperparameters, with the same data splits and evaluation
protocols, ensuring a fair and controlled comparison.

This implementation ensures a fair and rigorous comparison with existing state-of-
the-art methods, demonstrating that the proposed approach remains robust across a wide
range of occlusion severities.

6. Results and Discussion

This section evaluates the proposed framework in relation to the core problem formu-
lated in Section 3, which is to recover complete and anatomically consistent human poses
when visual evidence is partially or severely missing. In contrast to traditional methods for
pose estimation, which primarily utilize visible image cues, the proposed method explicitly
models visible image cues as occlusion through visibility prediction, relational graph rea-
soning, and structural constraints. Accordingly, it is necessary in experimental analysis to
have not only detection accuracy but also robustness against various degrees of occlusion,
as well as the structural plausibility of reconstructed poses and computational feasibility.

6.1. Experimental Results

To eliminate citation-dependent ambiguity and ensure clear result provenance, all
baseline numbers reported in this section are produced in this work by executing each
method through its official public repository (or the official upstream framework explicitly
used by the authors) and by following the repository-provided configuration for training
and inference (model variant, input resolution, test-time settings, and dataset-specific
preprocessing). For each baseline, evaluation is performed according to the standard proto-
col for the target benchmark. Official repository links are provided in the corresponding
method papers and are also consolidated in our manuscript for traceability. To ensure a
fair and consistent comparison, all baselines and the proposed method are executed in the

https:/ /doi.org/10.3390/a19020142


https://doi.org/10.3390/a19020142

Algorithms 2026, 19, 142

16 of 24

same software/hardware environment described in Section 5.3, and all random number
generators are seeded to enable deterministic evaluation.

When a baseline provides multiple capacity variants (e.g., Small/Base/Large), the re-
sults are reported for the small variant evaluated in this study, and the corresponding
parameter/FLOP counts are stated accordingly; larger variants typically yield higher
accuracy at increased computational cost, so variant selection is kept consistent with the
official repository’s recommended setting for the target benchmark.

A diverse set of established baselines spanning top-down, bottom-up, transformer-
based, visibility-aware, and occlusion-focused paradigms is considered: OpenPose [11],
ViTPose-S [12], HRNet-W48 [13], HigherHRNet [14], CrowdPose baseline [17], Pose2Seg [18],
Limb-Augment [20], OPEC-Net (GCN) [23], and Rethinking Visibility [24]. (Methods are in-
cluded only when an official implementation is available to enable verifiable reproduction.)
Table 5 summarizes the primary accuracy metrics across COCO, CrowdPose, OCHuman,
and MPIIL

Table 5. Comparison with state-of-the-art methods on COCO, CrowdPose, OCHuman, and MPIL
All baseline results are reproduced in this work using official implementations under the unified
experimental setup.

Method COCO AP CrowdPose AP OCHuman AP MPII PCK
OpenPose [11] 61.8 57.2 32.1 85.1
ViTPose-S [12] 78.0 73.9 46.5 93.1
HRNet-W48 [13] 75.5 70.6 43.7 92.3
HigherHRNet [14] 76.4 72.1 45.3 92.8
CrowdPose Baseline [17] 70.6 69.0 40.3 90.1
Pose2Seg [18] 73.1 69.8 41.2 90.6
Limb-Augment [20] 74.5 71.8 449 91.7
OPEC-Net (GCN) [23] 74.9 71.0 46.1 92.0
Rethinking Visibility [24] 77.2 73.1 47.8 93.0
Proposed (Ours) 79.6 76.8 50.7 94.2

The proposed framework achieves the strongest overall performance across all bench-
marks. The largest margin is observed on OCHuman, which emphasizes severe occlusion:
the proposed method improves upon VilPose-S by +4.2 AP and upon Rethinking Visibil-
ity by +2.9 AP. These gains are consistent with the intended design objective—restoring
missing joints via relational propagation and biomechanical regularization when direct
visual evidence becomes unreliable. On MPII, which contains predominantly low-occlusion
single-person poses, the proposed method also achieves the highest PCK (94.2), indicating
that structural reasoning does not trade off accuracy under standard visibility.

6.1.1. Object Keypoint Similarity

Object Keypoint Similarity (OKS) normalizes localization error by object scale and
keypoint-specific variance, providing a more sensitive measure of structural fidelity under
occlusion. Table 6 reports OKS across COCO, CrowdPose, and OCHuman.

The OKS gains, particularly on OCHuman (+0.042 over ViTPose-S), indicate that
the proposed method improves not only joint coverage but also the spatial coherence
of reconstructed poses. Since OKS down-weights uncertain keypoints through per-joint
variance, these improvements reflect more faithful structural restoration rather than over-
confident predictions.
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Table 6. OKS comparison across COCO, CrowdPose, and OCHuman. All baseline results are
reproduced in this work using official implementations under the unified experimental setup.

Method COCO OKS CrowdPose OKS OCHuman OKS
OpenPose [11] 0.782 0.741 0.512
ViTPose-S [12] 0.904 0.874 0.661
HRNet-W48 [13] 0.882 0.854 0.627
HigherHRNet [14] 0.891 0.866 0.648
CrowdPose Baseline [17] 0.861 0.842 0.588
Pose2Seg [18] 0.874 0.847 0.603
Limb-Augment [20] 0.884 0.859 0.640
OPEC-Net (GCN) [23] 0.887 0.861 0.654
Rethinking Visibility [24] 0.903 0.876 0.671
Proposed (Ours) 0.923 0.897 0.703

6.1.2. Occlusion-Stratified Performance and Structural Consistency

Figure 9 consolidates the behavior of the evaluated methods across occlusion-stratified
AP, OKS, visibility prediction, and structural consistency. The proposed framework main-
tains the strongest performance under moderate and heavy occlusion and attains the lowest
bone-length and joint-angle errors, supporting the claim that accuracy improvements coin-
cide with improved anatomical consistency.

Occlusion-Stratified AP (Top Methods by Heavy-Occlusion AP) OKS by Method
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Figure 9. Integrated quantitative results. (a) AP under low/moderate/heavy occlusion; (b) OKS by

method; (c) visibility prediction (F1 vs. recall); (d) structural consistency (bone-length and joint-angle
error, lower is better); (e) heavy-occlusion AP comparison between the best baseline (ViTPose-S) and
the proposed method.
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6.1.3. Failure Modes and Behavior Analysis

Beyond aggregate metrics, Table 7 summarizes typical qualitative failure patterns
observed for representative baselines and contrasts them with the behavior of the
proposed framework.

Table 7. Behavioral analysis under common occlusion scenarios.

Occlusion Scenario  Typical Baseline Behavior Proposed Model Behavior
Moderate limb occlu- Mislocalized elbows or knees; Coherent limb geometry via
sion inconsistent limb length graph-based completion
Crowded scenes Joint swapping between per- More stable person-wise poses

sons; broken skeletons via structural propagation
Severe lower-body Missing or floating leg joints; Plausible lower-body estimates
occlusion implausible stance constrained by structure
Self-occlusion Incorrect limb orientation; ex- Angles constrained within feasi-

cessive joint bending ble kinematic ranges
Low-occlusion High accuracy with minor Reduced jitter due to structural
scenes joint jitter regularization

6.1.4. Runtime and Model Efficiency

Table 8 reports model size and runtime statistics of the proposed method and all
baselines. To prevent the problems of citation-dependent ambiguity, all values in this table
(Params, GFLOPs, and FPS) are generated in this study from running each of the baselines
through its official public repository (or the official upstream framework explicitly used
by the authors) under the unified environment described in Section 5.3. Unless a baseline
repository specifies otherwise (e.g., fixed input resolution or preprocessing), inference is
conducted with the same input size (256 x 192) and the same single-GPU measurement
procedure as the proposed method. For methods that provide multiple capacities (e.g.,
ViTPose), the specific variant used in the current study (i.e., ViTPose-B) is reported, along
with the number of parameters and the time scale relative to model size.

Table 8. Runtime and model efficiency comparison. All values (Params, GFLOPs, FPS) are measured
in this work by executing each official implementation under the unified setup and the stated
input resolution.

Method Params (M) GFLOPs FPS
OpenPose [11] 26 34 48
ViTPose-B [12] 24 54 34
HRNet-W48 [13] 63 68 29
HigherHRNet [14] 67 73 26
CrowdPose Baseline [17] 42 51 36
Pose2Seg [18] 50 60 32
Limb-Augment [20] 48 59 33
OPEC-Net (GCN) [23] 52 62 30
Rethinking Visibility [24] 55 64 27
Proposed (Ours) 35 61 31

Note: When a repository enforces a different test resolution (e.g., 320 x 256, 384 x 288, or 368 x 654 for memory
constraints), the enforced resolution is used and documented; otherwise, 256 x 192 is used for consistency.

These discrepancies between the GPLOP values listed here and those in the original
papers are not unexpected and are mainly due to differences in input resolution and
implementation-specific test pipelines. FLOPs are approximately linearly proportional to
the number of input pixels and may also change with test-time augmentation, multi-scale
inference, or post-processing. For instance, in some works we report FLOPs at 512 x 512
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(e.g., certain settings of HigherHRNet), and in this study, FLOPs are obtained at 256 x 192
unless the official repository enforcement is applied. For the methods that don’t report
Params/GFLOPs in the papers (i.e., CrowdPose baseline, Pose2Seg, OPEC-Net, Rethinking
Visibility), the numbers in Table 8 should be taken as this study’s measurements from the
actual code path executed, not as official author-reported numbers.

To further examine the trade-off between pose accuracy and computational efficiency,
we visualize the trade-off between inference speed and performance across the datasets.
Figure 10 uses a combined evaluation setup with reproduced accuracy measures (AP /PCK)
and measured inference speed (FPS), enabling a direct and fair comparison of the accuracy-
efficiency behavior of different methods.
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Figure 10. Accuracy vs speed trade-off For the benchmarks, COCO AP, CrowdPose AP, OCHuman
AP, MPII PCK, and for the speed of inference (FPS). FPS is measured model by model under the
unified setup and therefore is constant across subplots.

Inference speed is model-specific and therefore identical across all four subplots; only
the accuracy metrics vary by dataset.

6.2. Ablation Studies

To assess the individual contributions of the proposed components, we conduct a
series of controlled ablation experiments. To determine the contribution of each proposed
component, a series of controlled ablation experiments is conducted. Specifically, we
investigate the effect of (1) the GNN-based pattern restoration module, (2) the structural
consistency loss terms that enforce anatomical plausibility, and (3) the choice of backbone
feature extractor. Each version is tested on COCO, CrowdPose, and OCHuman in order to
separate improvements in both normal and occlusion-heavy conditions. The results are
summarized in Table 9.
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Table 9. Ablation study on COCO, CrowdPose, and OCHuman. The GNN restoration module and
structural consistency losses independently improve robustness, with the full model achieving the
strongest performance across all settings.

Model Variant COCO AP OCHuman AP CrowdPose AP
Baseline (Backbone only) 75.1 42.3 71.0
+ GNN Restoration 774 47.6 74.1
+ Structural Loss Only 76.3 451 729
+ GNN + Structural Loss (Ours) 79.6 50.7 76.8
Backbone: HRNet-W48 (Ours) 79.6 50.7 76.8
Backbone: ViTPose-S (Ours) 80.1 52.3 78.0

6.2.1. Effect of the GNN Restoration Module

Adding the GNN module results in significant improvements for all the datasets
(COCO AP by +2.3 and +3.1 for CrowdPose AP). The gain is highest on OCHuman
(+5.3 AP), where occluded joints must be inferred from the relational structure rather
than from image evidence. This validates that by modeling the human body as a graph,
the system can directly distribute contextual cues from visible joints to occluded joints,
supporting the implementation of our pattern completion formulation.

6.2.2. Effect of Structural Consistency Loss

Incorporating bone-length and joint-angle constraints produces notable improvements
under severe occlusion conditions, particularly on OCHuman (+2.8 AP), but yields mod-
erate gains on COCO. These results show that geometry-aware regularization is needed
in cases where there is low or ambiguous visual information. The constraints are to
rule out anatomically implausible reconstructions and ensure that the restored poses are
biomechanically feasible.

6.2.3. Complementarity of GNN and Structural Constraints

The best improvement is achieved by the full model, where both the GNN restoration
module and the structural consistency losses are combined. The joint effect is more than
the sum of individual contributions, and thus, the GNN is enhanced with the geometric
priors, and at the same time, the structural constraints refine the latent predictions of the
GNN. This synergy makes it important to take occlusion recovery as an inference problem
in a systematic way and not as a feature enhancement step.

6.2.4. Impact of Backbone Variation

Receiving additional gains by replacing HRNet-W48 with ViTPose-S, OCHuman AP
is improved from 50.7 to 52.3. This shows that the proposed graph reasoning pipeline
is generalizable on any backbone architecture. CNN-based or transformer-based, and is
enhanced by improved feature representations without having to change architectures. The
method is therefore flexible and compatible with future advancements in the backbone.

To supplement the numerical results of ablation, The relative percentage improvement
over the baseline of the backbone alone for each component is shown in Figure 11. The
trend is consistent for all the datasets: The GNN-based restoration module gives the great-
est individual boost, especially for OCHuman, where severe joint occlusion undermines
heatmap-based inference. The structural consistency loss further contributes to gains by
enforcing the plausibility of bone length and joint angles, which leads to anatomically
inconsistent failures. When used together, these two modules have a synergistic effect, re-
sulting in the greatest improvements across all evaluations. This visual evidence reinforces
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the interpretation that occlusion-aware reasoning requires both relational message passing
and biomechanical regularization to achieve stable pose reconstruction.

Ablation Study: Percentage Improvement per Component
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Figure 11. Relative improvement over the backbone-only baseline for each component on COCO,
CrowdPose, and OCHuman. Bars show the percentage increase in AP when adding the GNN
restoration module, the structural consistency loss, and the full model (GNN + structural loss).
The largest relative gains appear on OCHuman, confirming that the proposed components are most
beneficial under severe occlusion.

The results of ablation confirm that different parts of the framework have different
roles and that each of them contributes to the overall framework: The backbone helps in ex-
tracting local appearance cues, the GNN helps in reconstructing missing structure through
relational reasoning, and the structural losses help to enforce biomechanical plausibility.
Their combination yields a robust and principled system that is able to reconstruct whole
human poses even in the presence of severe occlusion.

Overall, the experimental results are consistent with the main hypothesis of this work
that human pose estimation under occlusion is essentially a structured completion problem
and not a visual detection problem. The proposed framework is more robust in extreme
cases of occlusion and significantly more efficient in the case of full visibility due to the
explicit modeling of joint visibility, relational information propagation on the basis of a
skeletal graph, and imposing anatomical constraints. These results show that structural
reasoning is not an additional refinement but a fundamental component that is needed for
successful pose estimation in real-world crowded environments.

6.3. Limitations and Practical Implications

Although the proposed framework improves resilience to occlusion and crowding, cer-
tain limitations remain in regimes where visual evidence becomes insufficient to uniquely
determine the pose. Under extreme visibility collapse—when only a small fraction of joints
is observable—the reconstruction becomes under-constrained, and the model may produce
anatomically plausible yet semantically incorrect configurations due to the lack of reliable
visual grounding. Similarly, in highly dense crowds, severe interpersonal overlap can
introduce ambiguous relational cues; while the proposed graph reasoning reduces joint
swapping compared with appearance-only baselines, occasional identity ambiguities may
still occur because the current formulation is person-centric and does not explicitly model
cross-instance interactions. Moreover, the visibility likelihood 9; provides an implicit signal
of reliability; the existing framework does not generate calibrated predictions of uncer-
tainty (e.g., predictive variance) at restored keypoints, which may be required in safety-
critical applications. These failure modes reflect fundamental ambiguity in monocular
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pose estimation under severe occlusion rather than implementation errors and are com-
mon to structure-driven completion approaches. In practice, such cases primarily arise
in situations such as lower-body occlusion in dense crowds or heavy object obstruction.
Although infrequent in standard benchmarks, they remain intrinsically ambiguous because
multiple anatomically valid poses can satisfy the same limited visual evidence, meaning
that physically reasonable but semantically invalid reconstructions are better interpreted as
manifestations of uncertainty than as model instability.

The framework currently relies on a fixed skeletal topology; incorporating hierarchical
or adaptive graph structures could further enhance robustness in dense scenes or unusual
pose configurations.

Moreover, strong structural priors—critical for stabilizing completion—may over-
regularize rare or unconventional articulations. Graph reasoning introduces moderate
computational overhead, which is acceptable on GPUs but may limit deployment on
resource-constrained edge devices without further optimization. Although the proposed
method achieves real-time inference on a mid-tier GPU, deploying it on low-power edge
devices requires additional optimization, such as model compression or a lightweight
backbone design, which is left for future work.

The main failure mode is extreme visibility collapse, in which only a small fraction of
joints can be observed. In such environments, monocular pose completion is inherently
ambiguous, as several physically valid configurations can yield the same revised limited
evidence, leading to anatomically plausible but semantically incorrect reconstructions.
Such cases (i) do not occur (except in some special benchmark distributions) but may occur
in real-life scenes with high object occlusion or lower-body occlusion in a dense crowd;
and (ii) this work does not involve a specific cross-dataset transfer evaluation-training
on one dataset and testing on another without fine-tuning-and is an essential direction to
study and will be explored in the future.

Despite these constraints, the proposed framework remains practically relevant for
occlusion-dominated applications such as crowd monitoring, sports analytics, industrial
safety, and human-robot interaction. These limitations naturally motivate extensions
toward cross-person relational reasoning, uncertainty-adaptive structural priors, and more
computationally efficient graph inference for edge deployment. More broadly, while fusion
strategies vary widely across deep learning domains, the present design is intentionally
aligned with human skeletal topology and should be assessed within the monocular,
occlusion-robust pose estimation setting.

7. Conclusions and Future Work

This paper introduces a graph-based pattern restoration framework for human pose
estimation under occlusion, formulating pose recovery as a structured inference problem
over the human skeletal graph. By combining visibility-aware modeling, relational message
passing, and biomechanical consistency constraints, the proposed method reconstructs
missing or unreliable keypoints in crowded and visually degraded scenes while maintain-
ing anatomically plausible poses. Extensive experiments on COCO-Keypoints, CrowdPose,
OCHuman, and MPII demonstrate consistent gains in AP/OKS/PCK, improved perfor-
mance under heavy occlusion, and lower structural inconsistency, validating that explicit
structural reasoning complements appearance-driven pose estimators.

Future work will extend the framework along targeted directions: (i) incorporating
temporal information from video to stabilize pose completion under sustained occlusion
and reduce identity ambiguity; (ii) exploring cross-instance relational modeling to better
handle dense crowds; and (iii) improving deployment practicality via lightweight graph
reasoning and adaptive/uncertainty-aware structural priors; and (iv) extend the framework
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to include video with the addition of temporal continuity (e.g., graph-temporal message
passing) to even lessen ambiguity in the case of extended occlusion. These efforts aim
to enhance generalization and efficiency while preserving the core structural restoration
principle established in this work.
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Nomenclature

I Input RGB image

k; € R? 2D coordinates of joint i

k; Coarse or initial estimate of joint i

v; Visibility indicator of joint i

0; Predicted visibility likelihood of joint i
G = (V,E) Human-body skeletal graph

h; Node embedding of joint i

ejj Edge embedding between joints i and j
Lbone Bone-length consistency loss

Langle Joint-angle feasibility loss

Lyis Visible-joint alignment loss

AP Average Precision

OKS Object Keypoint Similarity

PCK Percentage of Correct Keypoints

GNN Graph Neural Network
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