Journal of
Experimental and

Theoretical Analyses

Review

Human Pose Estimation in 2D and 3D: A Survey of
Analytical Methods, Benchmarking Frameworks, and
Engineering Applications

Rojan Shrestha ', Aroudra Syamantak Thakur *

W) Check for updates

Academic Editors: Shuhui Li and

Marco Rossi

Received: 3 May 2026

Revised: 12 June 2026

Accepted: 29 June 2026

Published: 5 August 2026
Copyright: © 2026 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license.

and Chenxi Wang *

Department of Computer Science and Engineering, The University of Texas at Arlington,
701 South Nedderman Drive, Arlington, TX 76019, USA; rxs7318@mavs.uta.edu (R.S.);
axt7255@mavs.uta.edu (A.S.T.)

* Correspondence: chenxi.wang@uta.edu

' These authors contributed equally to this work.

Abstract

This survey presents a comprehensive review of Human Pose Estimation spanning 2D
and 3D settings, unifying prior work through a taxonomy of body representations (2D
keypoints, 3D skeletons, dense meshes), processing flows (top-down vs. bottom-up), prob-
lem formulations (regression vs. detection/heatmaps), and modern learning architectures
(CNNs, Transformers, GCNs). We compare reported benchmark results of representative
methods across widely used datasets (e.g., COCO, MPII, Human3.6M, 3DPW) and eval-
uation metrics (AP/OKS, PCK/AUC, MPJPE/PA-MPJPE, PVE), highlighting trade-offs
between accuracy, robustness, and efficiency. Despite substantial progress driven by deep
learning and temporal modeling, we identify persistent challenges, including costly and
biased annotations, domain shift, occlusion, depth ambiguity, multi-person association,
and real-time constraints on edge devices. We synthesize emerging directions that target
these gaps, data-centric learning, stronger temporal and kinematic priors, and whole-body
modeling, and outline deployment-oriented frontiers including generative motion priors,
model compression, and on-device inference, framing their implications for engineering
systems that demand reliable, low-latency human motion analysis.

Keywords: human pose estimation; 2D pose; 3D pose; computer vision; dataset; convolutional
neural networks; transformers; graph convolutional networks; evaluation metrics

1. Introduction

Human Pose Estimation (HPE) is a computer vision task that estimates the spatial
configuration of anatomical keypoints from sensory data, most commonly monocular
images or videos. HPE constitutes a core methodology for quantifying human motion in
engineering-relevant domains including biomedical monitoring, human-robot interaction,
industrial ergonomics, and immersive systems [1,2]. Newer pose systems increasingly
prioritize scalability and deployment: one-stage real-time multi-person pipelines reduce
per-person inference cost in crowds, whole-body pose is becoming a default target, and
category-agnostic keypoint detection is emerging to generalize beyond fixed skeleton
definitions [3-5].

Recent progress in HPE is best understood as a shift in output representation and priors.
For 2D HPE, likelihood-style outputs (heatmaps or coordinate distributions) replaced direct
coordinate regression in many systems because they preserve spatial uncertainty and
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stabilize optimization under clutter and partial visibility. Architecturally, high-resolution
feature learning [6] and attention-based global context modeling improved localization
of small or occluded keypoints, while post-processing and decoding refinements reduced
discretization/quantization error in converting continuous joints to discrete outputs. For
3D HPE, monocular reconstruction remains ill-posed due to depth/scale ambiguity, so
modern methods use constraints via temporal modeling, kinematic structure, multi-view
geometry, and parametric body models rather than relying on per-frame regression alone.

This paper presents a comprehensive survey of HPE spanning 2D keypoint estimation,
3D joint reconstruction, and mesh recovery. Rather than treating HPE methods only as
benchmark entries, this survey emphasizes how representation choices, inference pipelines,
sensing modalities, model architectures, datasets, and evaluation metrics affect deployable
engineering systems. It provides a structured taxonomy covering body representations,
processing pipelines, learning formulations, training styles, and dimensional settings,
and relates these method families to commonly used datasets, metrics, and benchmark-
ing protocols.

The main contributions of this survey are:

* A unified taxonomy connecting 2D keypoint estimation, 3D skeleton reconstruction,
and mesh recovery through shared design dimensions.

*  Anengineering-oriented comparison of HPE pipelines, including accuracy, robustness,
scalability, latency, and sensing constraints.

¢ A consolidated review of datasets and metrics, emphasizing how benchmark design
affects real-world reliability.

* A discussion of unresolved deployment challenges and emerging directions such
as whole-body modeling, temporal priors, generative motion models, multimodal
sensing, and edge inference.

Section 2 reviews foundational and contemporary works that have shaped the evo-
lution of HPE and positions this survey relative to prior reviews. Section 3 presents the
taxonomy used throughout the paper, while Sections 4 and 5 analyze representative 2D and
3D HPE methods, respectively. Later sections review datasets, evaluation metrics, efficiency
considerations, deployment challenges, applications, and emerging research directions.

To clarify scope, this survey covers 2D keypoint estimation, 3D joint reconstruction,
and mesh recovery, and it relates these method families to commonly used datasets, evalu-
ation metrics, and benchmarking protocols. We focus on method design choices and failure
modes that affect robustness and deployment (e.g., occlusion, domain shift, crowding,
and compute constraints), rather than only reporting leaderboard results. Topics such as
full motion-capture system design and calibration, clinical and regulatory validation in
healthcare, and privacy/security policy frameworks are referenced only briefly when they
impact benchmarking or deployment considerations.

To summarize the historical evolution of HPE, Figure 1 presents a overview roadmap
of the field, highlighting major paradigm shifts across 2D single-person, 2D multi-person,
3D pose estimation, and mesh recovery.

The remainder of the paper is organized around this engineering perspective: we
first position the survey relative to prior work, then define a taxonomy of HPE design
choices, analyze 2D and 3D method families, review datasets and metrics, and finally
discuss efficiency, deployment challenges, applications, and future directions.
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Figure 1. Grand overview roadmap of human pose estimation, illustrating major paradigm shifts
across 2D single-person [7-12], 2D multi-person [13-17], 3D pose estimation [18-21], and mesh
recovery [22-25].

2. Related Works and Contextual Information

HPE has been surveyed from multiple viewpoints, including broad 2D /3D overviews,
2D deep pose estimation—focused surveys, and more recent summaries that incorporate
temporal modeling, whole-body settings, and mesh recovery. Early surveys such as [1,2,26]
provide foundational coverage of HPE pipelines and design dimensions, with [1] empha-
sizing a structured breakdown of HPE dimensions and [2] offering an extensive technical
review spanning both 2D and 3D settings. More recent surveys targeting deep learn-
ing-centric 2D HPE [27] summarize the rapid evolution of heatmap and regression-based
formulations under modern backbones, while other works provide additional perspec-
tives on deep learning-based HPE and its major categories [28,29]. Taken together, these
surveys establish the standard taxonomy vocabulary and track the shift from classical
structured models to modern deep architectures; however, they often treat 2D and 3D as
largely separate narratives, discuss mesh recovery and whole-body modeling as extensions
rather than first-class outputs, or summarize datasets and metrics without explicitly ty-
ing them to the method design choices and real deployment failures. Table 1 contrasts
these representative surveys with the present work across the dimensions we empha-
size: 2D, 3D, and mesh coverage, temporal modeling, dataset and metric treatment, and
deployment/ efficiency analysis.

This survey is positioned to extend prior work by using a single taxonomy consistently
across 2D, 3D, and mesh-based HPE, explicitly connecting representation choice (2D joints
vs. 3D skeletons vs. dense meshes), multi-person inference flow (top-down vs. bottom-
up), learning formulation (direct regression vs. likelihood/distribution-based outputs),
and supervision/temporal priors to the datasets, evaluation protocols, and robustness
characteristics that dominate practical settings.

Earlier pictorial structure models [7] captured limb connectivity and enabled inter-
pretable inference but were computationally expensive and fragile under occlusion, clothing
variation, and background clutter. Discriminative part-based pipelines reduced depen-
dence on explicit generative fitting by learning part detectors and assembling them into
full-body configurations; deformable part models [30] are a representative example. While
these methods established the importance of compositional structure, their performance
depended heavily on local detector quality and degraded substantially in complex poses
and crowded scenes.

A consistent theme across the contemporary literature is that benchmark improve-
ments do not fully resolve deployment-critical bottlenecks. Multi-person HPE remains
sensitive to crowd overlap and association errors; monocular 3D reconstruction remains
ill-posed under severe occlusion and unusual viewpoints; and supervision quality (anno-
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tation noise, label bias, limited domain diversity) materially affects training stability and
cross-dataset generalization. These issues motivate recent directions such as data-centric
robustness, whole-body keypoint modeling, and stronger temporal and kinematic pri-
ors. Recent real-time pipelines also shift the classic accuracy—throughput balance: RTMO
demonstrates that one-stage designs can approach two-stage accuracy while sustaining
high FPS in crowded scenes [3]. In parallel, whole-body and open-world keypoint de-
tection are expanding the task definition; RTMW targets real-time whole-body pose and
X-Pose introduces a unified large-scale keypoint dataset (UniKPT) to support promptable
keypoint detection across many keypoint definitions [4,5]. In the remainder of this survey,
we organize methods using a unified taxonomy (Section 3) to connect model families to
their supervision regimes, datasets, metrics, and trade-offs in accuracy, robustness, and
efficiency. This engineering-centric approach distinguishes the present survey from purely
algorithm-focused reviews: rather than treating benchmark accuracy as the sole evaluation
criterion, we explicitly connect method families to the measurement reliability and deploy-
ment feasibility required in real engineering systems, including edge-device constraints,
sensor modality trade-offs, and cross-domain generalization.

Table 1. Comparison of existing HPE surveys with this work.

Datasets & Deployment/ T
Survey Year, Venue 2D 3D Mesh Temporal Metrics Efficiency Key Limitation
2019, Tsinghua 2D only; predates

Dang etal. [27] Sci. Technol. v % x © v x transformer-era methods.

Structured breakdown of
. 2020, Comput. design dimensions, but no

Lietal [1] Graph. v v x x © x benchmarking or
deployment analysis.
Primarily a 2D model

Munea et al. [2] 2020, IEEE Access v © X X v X taxonomy; no mesh or
deployment perspective.
Mesh treated as an extension;

Zheng et al. [28] ?23’ ACM v v ©® © v © no per-method

omput. Surv. e .
efficiency comparison.
. Domain-specific (movement

Tharatipyakul 2024, Heliyon v © X © © © feedback); not a

et al. [26]
general taxonomy.

Neupane 2025, Artif. 3D only; 2D treated as an

et al. [29] Intell. Rev. x v ® v v X input stage.

This Survey 2026 v v v v v v —

Note: v = covered in depth; @ = partial coverage; x = not covered. Deployment denotes explicit treatment of
latency, model complexity, resource requirements, and failure modes alongside accuracy.

Accordingly, the present survey uses prior algorithmic progress as a foundation but
evaluates HPE methods through the lens of system design, deployment constraints, and
failure modes.

3. Taxonomy

HPE systems can be categorized by the design decisions that most directly affect de-
ployment: target setting, output dimensionality, input modality, inference pipeline, output
representation, and architecture family. This section uses these dimensions to organize HPE
methods around engineering trade-offs such as latency, scalability, robustness to occlusion,
annotation cost, and suitability for resource-constrained hardware. An overview of the full
taxonomy adopted in this survey is presented in Figure 2.
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Figure 2. Taxonomy of this survey.

3.1. Target Setting: Single-Person vs. Multi-Person

The target category determines whether the method must solve instance separation.
Single-person methods assume one subject and focus on localization accuracy, whereas
multi-person methods additionally require robust instance association under overlap and
occlusion. There are mainly two categories of architectures under the target category:
single-person pose estimation and multi-person pose estimation. As the name suggests,
single-person pose estimation assumes only a single person is present within the image
provided and extracts the keypoints for the individual. Common examples are DeepPose [8]
and Stacked Hourglass [9]. Similarly, the multi-person model estimates the poses for all
the people present in the image, regardless of the number. Multi-person models employ
processing flow approaches such as top-down and bottom-up methods to improve the
processing complexity of the task. Common examples of multi-person pose estimation are
OpenPose [13] and Mask R-CNN [14]. Single-person settings typically avoid association,
but they still require scale robustness and occlusion handling; multi-person settings add
the association problem, which dominates errors in crowds.

3.2. Output Representation

Output representation defines what the HPE system predicts and directly influences
model design, supervision requirements, evaluation metrics, and deployment suitability.
The most common representations include 2D keypoints, 3D skeletons, dense meshes,
whole-body keypoints, and parametric body models.

3.2.1. 2D Keypoints

2D keypoint representations estimate anatomical landmarks such as shoulders, elbows,
wrists, hips, knees, and ankles in the image plane [8-10]. They are widely used because they
require only image-level annotations and can be evaluated efficiently using metrics such
as PCK, OKS, or AP. However, 2D keypoints do not encode depth, body shape, or metric
scale, which limits their use in applications requiring physical motion understanding.
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3.2.2. 3D Skeletons

3D skeleton representations estimate joint positions in three-dimensional space,
usually as camera-relative or root-relative coordinates [18]. They provide richer motion
information than 2D keypoints and are useful for biomechanics, robotics, animation, and
motion analysis. Their main limitation is that 3D supervision is harder to obtain and
monocular 3D reconstruction remains affected by depth ambiguity, scale uncertainty,
and occlusion.

3.2.3. Dense Meshes

Dense mesh representations estimate the full body surface instead of only sparse
joints [31]. This enables shape-aware applications such as AR/ VR, virtual try-on, animation,
human-object interaction, and biomechanical analysis. However, mesh recovery requires
more complex models, stronger priors, and more difficult evaluation because surface
accuracy, physical plausibility, and temporal consistency must all be considered.

3.2.4. Whole-Body Keypoints

Whole-body HPE extends standard body keypoints to include the face, hands, feet,
and other fine-grained landmarks [15,16]. This representation is important for expressive
motion understanding, sign language analysis, gesture recognition, human-computer
interaction, and avatar control. The engineering challenge is that whole-body estimation
greatly increases the number of keypoints, introduces scale imbalance between large body
joints and small hand or facial landmarks, and requires higher-resolution features.

3.2.5. Parametric Body Models

Parametric body models, such as SMPL-style representations [32], encode human pose
and shape using a low-dimensional set of parameters that generate a full 3D body mesh.
These models provide anatomical structure and shape consistency, making them useful
for mesh recovery and motion synthesis. Their limitations include dependence on model
priors, possible mismatch with diverse body shapes or clothing, and difficulty handling
severe occlusion or unusual poses.

From an engineering perspective, output representation should be selected based on
the downstream task. 2D keypoints are efficient and suitable for image-plane analysis, 3D
skeletons support physical motion reasoning, dense meshes provide surface-level detail,
whole-body keypoints capture fine-grained interaction cues, and parametric body models
offer compact structure for pose and shape recovery.

3.3. Input Modality

Input modality determines the type of sensor data available to the HPE system and
strongly affects accuracy, deployment cost, robustness, and hardware requirements. While
2D HPE is commonly performed from monocular RGB images, 3D HPE often benefits from
additional temporal, depth, geometric, or inertial information to reduce ambiguity and
improve stability.

3.3.1. Monocular RGB

Monocular RGB images are the most widely used input modality because standard
cameras are inexpensive, widely available, and easy to deploy. However, monocular inputs
provide only image-plane evidence, making depth, scale, and occlusion difficult to resolve,
especially for 3D reconstruction.

https:/ /doi.org/10.3390/jeta4030028
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3.3.2. Video Sequences

Video-based HPE uses temporal information across consecutive frames to improve
motion consistency, reduce jitter, and recover partially occluded joints [18,22]. The main en-
gineering cost is increased memory, latency, and sequence-processing complexity, especially
when long temporal windows are required.

3.3.3. RGB-D

RGB-D systems combine color images with depth measurements, reducing monocular
depth ambiguity and improving 3D localization [33]. Their limitations include additional
hardware cost, sensor noise, limited operating range, and reduced reliability outdoors or
on reflective and transparent surfaces.

3.3.4. Multi-View RGB

Multi-view RGB systems use synchronized cameras from multiple viewpoints to
reconstruct more accurate 3D poses through geometric consistency or triangulation [34].
They provide strong 3D accuracy but require camera calibration, synchronization, higher
setup cost, and controlled capture environments.

3.3.5. IMU-Based and Vision-IMU Fusion

Inertial measurement units provide acceleration and orientation cues that can improve
motion tracking when visual evidence is missing or unreliable [35]. IMU-based or vision-
IMU fusion systems are useful for motion capture, biomechanics, and AR/VR, but they
require wearable sensors, calibration, and careful handling of drift.

3.3.6. Event Cameras

Event cameras asynchronously capture changes in brightness rather than full image
frames, making them useful for high-speed motion, low-latency sensing, and challenging
lighting conditions [36]. However, event-based HPE remains less mature than RGB-based
HPE because event data is sparse, requires specialized processing, and has fewer large-scale
annotated benchmarks.

From an engineering perspective, input modality selection is a system-level decision.
Monocular RGB offers the lowest deployment cost, video improves temporal reliability,
RGB-D and multi-view systems reduce 3D ambiguity through additional sensing, IMUs
provide motion cues beyond vision, and event cameras support high-speed or low-light
scenarios. The appropriate modality depends on the target environment, hardware budget,
accuracy requirement, and acceptable setup complexity.

3.4. Learning Formulation

Learning formulation defines how the pose estimation problem is represented during
training and inference. It determines the supervision signal, output tensor structure, opti-
mization behavior, post-processing requirements, and robustness to ambiguity. Common
formulations include direct coordinate regression, heatmap prediction, distribution-based
coordinate classification, detection-style one-stage prediction, 2D-to-3D lifting, and genera-
tive or diffusion-based reconstruction.

3.4.1. Direct Coordinate Regression

Direct regression methods predict keypoint coordinates directly from visual fea-
tures [8]. This formulation is compact and avoids large heatmap outputs, making it
attractive for lightweight or low-latency systems. However, direct regression can be difficult
to optimize because the mapping from image appearance to joint coordinates is highly non-
linear and ambiguous, especially under occlusion, rare poses, or multi-person interactions.
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3.4.2. Heatmap Prediction

Heatmap-based methods predict a spatial likelihood map for each keypoint, where
high-response regions indicate probable joint locations [9]. This formulation preserves
spatial uncertainty and usually improves localization accuracy compared with direct
regression. The main engineering cost is increased memory and computation from high-
resolution output maps, along with the need for coordinate decoding and post-processing.

3.4.3. Distribution-Based Coordinate Classification

Distribution-based formulations represent keypoint localization as classification over
coordinate bins or probability distributions rather than direct coordinate regression [12].
These methods can reduce quantization error and achieve sub-pixel localization while
avoiding some of the cost of full 2D heatmaps. They are useful when high localization
precision is needed but memory or decoding overhead must remain manageable.

3.4.4. Detection-Style and One-Stage Prediction

Detection-style formulations integrate person detection and keypoint prediction into
a unified pipeline [3]. One-stage methods can improve throughput by avoiding separate
detector and pose-estimator stages, making them attractive for real-time multi-person HPE.
A fully end-to-end variant of this formulation has recently emerged: query-based methods
such as PETR [37], ED-Pose [38], and GroupPose [39] follow the DETR paradigm, predicting
all person instances and their keypoints in a single forward pass without person detectors or
keypoint-grouping heuristics, which simplifies deployment and avoids per-person scaling
costs. Their limitation is that localization, confidence estimation, and association must be
solved jointly, which can become difficult in crowded or heavily occluded scenes.

3.4.5. 2D-to-3D Lifting

2D-to-3D lifting methods first estimate 2D keypoints and then infer 3D joint coordi-
nates from the 2D pose sequence or skeleton [18]. This formulation is modular and can
reuse strong 2D pose estimators, but it is vulnerable to error propagation from inaccurate
2D detections. It also remains affected by depth and scale ambiguity, especially when only
monocular inputs are available.

3.4.6. Generative and Diffusion-Based Reconstruction

Generative formulations model pose or mesh recovery as sampling, refinement, or
denoising from a learned motion or body prior [25]. Diffusion-based and generative
approaches are promising for resolving ambiguity, producing plausible motion, and im-
proving mesh recovery under missing or noisy observations. Their engineering challenges
include higher inference cost, more complex training, and the need to ensure that generated
poses remain physically plausible and useful for downstream tasks.

From an engineering perspective, the learning formulation determines the trade-
off between accuracy, memory use, latency, ambiguity handling, and post-processing
complexity. Heatmaps and distributions improve localization reliability, regression and
one-stage prediction reduce output complexity, 2D-to-3D lifting improves modularity, and
generative methods provide stronger priors for ambiguous 3D reconstruction.

3.5. Architecture Type

As discussed earlier in Section 2, architecture type has revolutionized the field of HPE
and has provided a faster, more accurate, and efficient way of extracting features through
the use of automated feature extraction algorithms and improved resistance to occlusion.

https:/ /doi.org/10.3390/jeta4030028
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3.5.1. CNN-Based Methods

CNN-based methods can be grouped into high-resolution localization networks,
lightweight real-time networks, and hybrid CNN-attention models. Arguably the most
widely used architecture in HPE, CNN-based architectures have revolutionized 2D and
3D pose estimation among other fields. YOLO-pose [40] is a novel heatmap-free approach
for keypoint detection. YOLO-pose has achieved state-of-the-art results on COCO valida-
tion and test-dev sets in the domain of bottom-up approaches in a single forward pass.
RTMPose [41], which systematically studies architecture/training/deployment factors and
reports strong COCO accuracy with mobile/CPU throughput, making it a common refer-
ence for deployment-oriented comparisons. Extensions such as A-HRNet [42] incorporate
channel-attention modules to improve accuracy. Similarly targeting parameter efficiency,
SOCA-PRNet [43] infuses spatially oriented attention and global context blocks into a
ResNet34-based PoseResNet, reporting 90.9 PCKh@0.5 on the MPII validation set with
a substantially smaller model than high-resolution alternatives. Yang et al. (2023) [15]
introduce a novel approach to enhance whole-body pose estimation models. The proposed
method, named DWPose, integrates a two-stage distillation process to improve the effec-
tiveness and efficiency of pose estimators. It provides an efficient training strategy and
leverages diverse datasets to improve model performance in complex, real-world scenar-
ios. Papaioannidis et al. (2023) [44] present a CNN architecture designed for real-time,
high-accuracy single-person 2D HPE, optimized for autonomous systems. The architecture
features two parallel neural heads: one for human body structure modeling and another
for 2D body keypoint regression, enabling efficient processing and integration of outcomes.
Not only do CNN-based methods provide high accuracy and efficient feature extraction,
but they are also straightforward to integrate into other networks [29]. Yu et al. (2023) [45]
is an excellent example of a hybrid CNN-Transformer-based approach to HPE using spatial
context and spatial awareness along with self-supervised techniques.

3.5.2. Transformer-Based Methods

Transformers improve HPE by modeling long-range spatial /temporal dependencies
via self-attention, which is especially effective for video-based 3D lifting and motion-
coherent prediction (e.g., MixSTE [19], multi-hypothesis refinement [46], motion repre-
sentation learning [47]). Transformer variants increasingly combine global self-attention
with explicit modeling of skeletal structures; MotionAGFormer [48] integrates attention
with graph-based joint reasoning to better capture kinematic dependencies and improve
monocular 3D pose estimation. At the backbone level, recent human-centric foundation
models show that large-scale pretraining can substantially improve pose transfer and
high-resolution inference, complementing task-specific transformer heads [49]. This be-
comes particularly relevant when dealing with flexible input representations and global
context modeling. Transformers and attention mechanisms provide improved occlusion
handling and better multi-person feature extraction and estimation. Wang et al. (2021) [50]
constructed the first domain-specific human keypoint detection dataset for lower body
rehabilitation, comprising approximately 1.8 million annotated poses across 31 therapeutic
exercises, and proposed three lightweight HRNet-based models incorporating EESP and
attention mechanisms, achieving nearly 4x reduction in computational complexity with
comparable accuracy. Li et al. (2020) [51] added attention branches in the proposed model
with very little extra computation operations, which extract additional features by com-
pressing and recovering the channels of the input feature map. Zhang et al. (2022) [19]
introduced MixSTE, a transformer-based sequence-to-sequence (Seq-2-Seq) model designed
to lift 2D keypoint sequences. Li et al. (2022) [46] address the inherent depth ambiguity and
self-occlusion in monocular video-based 3D HPE by generating and refining multiple plau-
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sible pose hypotheses, then synthesizing them into a single accurate pose estimate. Zhao
et al. (2022) [52] provide a novel transformer architecture designed via embedding graph
convolution layers after a multi-head attention block, designed to better exploit spatial
relationships in the human skeleton. Wei et al. (2022) [53] introduce MPS-Net (Motion Pose
and Shape Network), a video-based architecture designed to estimate both 3D human pose
and body shape from monocular videos, with a special focus on temporal coherence and
motion smoothness. Zhu et al. (2023) [47] introduce a unified two-stage framework to learn
universal human motion representations that can generalize across multiple downstream
tasks, including 3D HPE, action recognition, and mesh recovery. In addition, Xiong et al.
(2022) [54] utilized pre-trained Swin Transformer to extract features, and leverage a feature
pyramid structure to extract and fuse feature maps from different stages. Wang et al.
(2023) [55] developed a novel model TransNet using a convolutional neural network design
with a parallel transformer encoder branch to capture the long-range spatial dependency
simultaneously while fusing it with the local features extracted from the input images.
Hybrid designs of this kind are now well established: HRFormer [56] embeds local-window
self-attention within HRNet’s multi-resolution topology, retaining high-resolution repre-
sentations at transformer scale, while TokenPose [57] and TransPose [58] pair convolutional
feature extractors with transformer encoders operating over keypoint tokens. Beyond
hybrid CNN-Transformer designs, fully Transformer-based architectures have proven
remarkably effective: ViTPose [59] shows that a plain, non-hierarchical Vision Transformer
with a lightweight decoder achieves state-of-the-art COCO accuracy, and ViTPose++ [60]
extends this across body types and scales.

3.5.3. Graph Convolutional Networks (GCNs)

GCNs are most useful when the intermediate representation is already skeletal, such
as 2D-to-3D lifting, temporal pose refinement, action recognition, or occlusion recovery.
They are less directly suited to raw image feature extraction unless combined with CNN or
Transformer visual encoders. Unlike CNNs and general Transformers that treat images or
sequences as grids or token sequences, GCNs model the human body as a graph, keypoints
are treated as nodes, and bones are edges. GCNs encode the skeleton as a kinematic
graph and propagate information along bones, providing an explicit structural prior under
occlusion (e.g., FlexGCN [61], GLA-GCN [62]). Zhao et al. (2024) [63] improve robustness
in single-view 3D HPE by modeling spatiotemporal skeleton sequences and handling
occlusions effectively. Shahjahan and Hamze (2024) [61] introduce FlexGCN, which ex-
tends conventional one-hop GCNs by aggregating information from both immediate and
secondary neighbor keypoints, capturing more global structure when resolving ambiguous
or occluded poses. Yu et al. (2023) [62] present GLA-GCN, which models global spatiotem-
poral context while maintaining fine-grained local keypoint representations. It achieves
up to a 17% reduction in error over prior state-of-the-art on datasets like Human3.6M and
MPI-INF-3DHP.

3.6. Engineering Trade-Offs

The comparative performance of CNNs, Transformers, and GCNs (Table 2) highlights
that no single architecture dominates across all settings:

* CNNs excel in image-based inputs and are highly data-efficient with pre-trained
backbones.

*  Transformers outperform CNNs in capturing global context and temporal dependen-
cies, making them highly effective in 2D-to-3D lifting tasks.

*  GCNs are most effective when body structure and keypoint connectivity are critical,
such as in skeleton-based action recognition and occlusion-heavy scenes.
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While AP, PCK, and MPJPE quantify pose accuracy, many modern HPE deployments
(mobile AR/VR, HRI, robotics, smart cameras) are constrained by on-device latency, mem-
ory, and energy. In practice, model choice is often driven by a trade-off between accuracy
and real-time throughput (FPS) under a fixed compute budget. Architecturally, CNN
backbones are typically compute-efficient and scale linearly with image resolution, while
Transformer-based designs can incur higher cost as attention grows with the number of
tokens (and for video, with temporal window length). In multi-person settings, top-down
pipelines additionally scale with the number of detected people (detector cost plus per-
person pose inference), whereas bottom-up methods run a single forward pass and then
perform grouping, often improving throughput in crowded scenes. Recent on-device sys-
tems therefore report efficiency metrics such as parameter count, GFLOPs, and latency /FPS
alongside accuracy, and often provide model variants (for example lite/full/heavy) to
target different real-time budgets.

Table 2. Key relevant characteristics of CNN, transformer, and GCN architectures.

Characteristic CNN Transformer GCN

Input Type Image (Grid) Patches/Tokens Graph (Joints as nodes)
Strengths Spatial locality, efficient Captures global dependencies Models anatomical structure
Temporal Modeling Limited (ConvLSTM/3D CNN) Excellent via self-attention Good when extended to

spatiotemporal GCN

Occlusion Handling

Moderate

Strong (contextual reasoning)

Strong (joint-level reasoning)

Computational Complexity

Scales approximately linearly
with resolution

Attention scales quadratically
with tokens or sequence length

Low; sparse graph operations

Memory Consumption

Moderate

High for long sequences or
high-resolution inputs

Low

Real-Time Inference

Strong; mature mobile variants

Possible but requires optimization
such as token pruning or
distillation

Fast, but depends on upstream 2D
detector

Multi-Person Scalability

Pipeline-dependent (per-person
cost in top-down methods)

Query-based designs handle
multi-person estimation
end-to-end

Per-skeleton processing; scales
with person count

Robustness to Noise

Moderate; local features degrade
under occlusion

Strong due to global contextual
reasoning

Strong structural prior but
inherits 2D detector errors

Examples

HRNet [10], DeepPose [8],
SimpleBaseline [20]

MixSTE [19], PoseFormer [21],
TokenPose [57]

ST-GCN [64], GLA-GCN [62],
FlexGCN [61]

3.7. Engineering Implications of the Taxonomy

The taxonomy in Figure 2 is not only organizational; it also reflects deployment
constraints that shape practical HPE system design. Top-down pipelines often provide
strong localization but scale poorly with the number of people because each detected
person requires separate pose inference. Bottom-up and one-stage methods improve
throughput in crowded scenes but shift the difficulty to keypoint grouping and association.
Heatmap-based methods improve localization robustness but introduce memory and
decoding overhead, while coordinate or distribution-based formulations can reduce post-
processing cost. Similarly, CNNs remain attractive for real-time and edge deployment,
Transformers improve global and temporal reasoning at higher computational cost, and
GCNs provide explicit skeletal priors when joint connectivity is central to the task. These
trade-offs suggest that HPE model selection should be guided by the target operating
environment, not benchmark accuracy alone. Together, Tables 2 and 3 show that HPE
design choices should be evaluated not only by benchmark accuracy, but also by latency,
scalability, sensing cost, robustness, and downstream deployment requirements. With
this taxonomy in place, we next review modern 2D HPE frameworks, which form the
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foundation of many contemporary pose pipelines and serve as the primary input for many

3D reconstruction methods.

Table 3. Trade-offs across HPE design choices.

Design Choice

Advantage

Limitations

Best-Fit Deployment

Axis 1: Multi-person inference flow (choose one)

Top-down pipeline

Bottom-up pipeline

Strong per-person localization;
naturally supports
high-resolution single-person
refinement.

Processes all people in a single
forward pass; more scalable in
crowded scenes.

Latency scales with the number of
detected people; depends heavily
on detector quality.

Requires reliable keypoint
grouping and association; errors
increase under severe overlap.

Low-to-moderate crowd density,
whole-body pose, applications
where localization precision is
prioritized.

Crowded scenes, surveillance,
sports footage, and real-time
multi-person monitoring.

Axis 2: Output representation (choose one)

Heatmap output

Coordinate regression

Preserves spatial uncertainty and
improves keypoint localization
stability.

Compact output representation
with lower memory and simpler
post-processing.

Requires larger output tensors,
more memory, and coordinate
decoding/post-processing.

More sensitive to ambiguity,
occlusion, and complex poses; can
be harder to optimize.

High-accuracy 2D keypoint
estimation,

medical /biomechanics analysis,
and systems where precision
matters.

Lightweight or low-latency
applications where approximate
pose is acceptable.

Axis 3: Backbone architecture (choose one)

CNN backbone

Transformer backbone

GCN skeleton model

Efficient spatial feature extraction;
mature pretrained models; strong
real-time variants.

Strong global context modeling
and temporal dependency
learning.

Explicitly models anatomical
connectivity and joint
relationships.

Limited global context unless
combined with multi-scale fusion,
attention, or temporal modules.

Higher compute and memory
cost, especially for high-resolution
inputs or long video sequences.

Usually requires reliable detected
keypoints inputs; less suitable as a
standalone visual encoder.

Mobile, embedded, edge, and
real-time camera systems.

Server-side inference, video-based
3D lifting, occlusion-heavy scenes,
and long-range reasoning
applications.

2D-to-3D lifting, temporal pose
refinement, action analysis, and
occlusion recovery.

Axis 4: Input modality (choose one)

Monocular RGB

RGB-D

Multi-view RGB

Low-cost, widely available, and
easy to deploy with standard
cameras.

Provides explicit depth and
reduces monocular ambiguity.

Improves 3D accuracy through
geometric triangulation and
complementary viewpoints.

Depth and scale ambiguity;
sensitive to viewpoint, lighting,
and occlusion.

Additional hardware cost; limited
outdoor reliability; noisy depth on
reflective or transparent surfaces.

Requires multiple synchronized
cameras, calibration, and
controlled setup.

Fitness apps, mobile systems, web
applications, and general
consumer camera deployments.
Indoor robotics, gesture
recognition, rehabilitation
monitoring, and controlled smart
environments.

Motion capture studios, sports
biomechanics, laboratory studies,
and 3D reconstruction.

Axis 5: Temporal and output extensions (optional)

Temporal video model

Mesh recovery

Improves motion consistency,
reduces jitter, and helps recover
occluded joints.

Provides full-body surface, shape,
and richer human representation
beyond sparse joints.

Increases memory, latency, and
sequence-processing complexity.

Higher model complexity; harder
evaluation; can produce
physically implausible meshes
under occlusion.

Sports analytics, rehabilitation,
animation, surveillance, and
applications using pose
trajectories.

AR/VR, animation, virtual try-on,
biomechanics, and human-object
interaction.

Note: The five axes are orthogonal rather than mutually exclusive: a deployed system combines one choice per

axis, with temporal and mesh extensions added as required.
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4. 2D HPE Approaches

2D HPE estimates predefined anatomical keypoints in the image plane from images
or video frames. In single-person settings, the primary challenge is precise keypoint
localization; in multi-person settings, the system must additionally separate individuals
and associate keypoints with the correct person instance [65]. Most recent improvements
come from better uncertainty representation, stronger multi-scale feature backbones,
and decoding strategies that reduce quantization error under scale variation and occlu-
sion. Generally, 2D HPE falls into single-person and multi-person categories based on
people count.

4.1. Single-Person Pose Estimation

Single-person HPE methods primarily differ in how keypoints are represented and
supervised. A representative single-person pipeline is illustrated in Figure 3.

Wm0

RGB image Pose encoder Pose decoder 2D keypoints' 3D keypoints 3D mesh

Figure 3. Typical framework for single-person pose estimation [66].

4.1.1. Regression Methods

Regression methods directly predict the (X, Y) coordinates of body keypoints from an
input image, essentially learning a direct mapping from the image to the keypoint positions.
DeepPose [8] used a deep neural network to directly output keypoint coordinates, often
refining these predictions through a cascade of regressors. While groundbreaking, direct
coordinate regression proved to be a challenging task because it is highly non-linear and can
be unstable, especially for complex poses, which often led to less accurate results compared
to heatmap-based methods and spurred further research into alternative representations.
TFPose [67], instead of relying on heatmaps, treats pose estimation as a sequence prediction
problem, directly predicting a sequence of keypoint coordinates. It uses a standard CNN to
extract features, which are then processed by a transformer encoder and decoder. Its query-
to-query attention explicitly encodes inter-keypoint structure, reducing regression-based
feature misalignment and implicitly learning anatomical dependencies.

From a deployment perspective, regression-based methods can reduce output memory
and post-processing cost, but they are often more sensitive to ambiguity and complex poses
than likelihood-based representations.

4.1.2. Heatmap-Based Methods

Instead of directly predicting coordinates, heatmap-based methods estimate 2D
“heatmaps” for each body keypoint. These heatmaps are probability maps where brighter
pixels indicate a higher likelihood of a keypoint being located at that position. This ap-
proach is widely used because it preserves spatial information and makes the training
process smoother and more stable compared to direct regression.

A foundational contribution in this area is Stacked Hourglass Networks [9]. This
architecture is designed like an hourglass, with successive steps of pooling (downsampling
to capture global context) and upsampling (recovering resolution for precise localization).
It repeatedly processes features across all scales, using “skip connections” to preserve fine-
grained spatial details. By stacking multiple hourglass modules and applying “intermediate
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supervision” (losses at different stages), the network iteratively refines its predictions,
significantly improving accuracy, especially for difficult-to-detect keypoints like knees
and ankles.

Building on this, HRNet [10] introduced a new paradigm by maintaining high-
resolution representations throughout the entire network, rather than recovering them from
low-resolution features. HRNet connects multi-resolution sub-networks in parallel and
repeatedly exchanges information across these parallel streams. This “multi-scale fusion”
ensures that high-resolution representations are continuously enriched with information
from all scales, leading to more accurate and spatially precise keypoint heatmaps. Token-
Pose [57] uses Transformer layers to learn both visual cues and anatomical constraints.
By explicitly embedding keypoints as tokens, the model can effectively capture global
context and gradually focus on local regions, leading to competitive performance with
fewer parameters and computational cost compared to traditional CNNs.

To address the “quantization error” inherent in converting continuous coordinates
to discrete heatmaps, Distribution-Aware Coordinate Representation (DARK) [12] was
proposed which focused on improving how coordinates are represented and decoded
from heatmaps. It uses a “distribution-aware decoding” approach that uses the Gaussian
distribution of heatmaps and Taylor expansion to more accurately pinpoint sub-pixel
keypoint locations. It also introduces “unbiased coordinate encoding” to create more
precise ground-truth heatmaps for training, making it a model-agnostic plug-in that boosts
performance across various existing models.

Similarly, SimCC [11], reformulated 2D HPE as two independent classification tasks,
one for horizontal (X) coordinates and one for vertical (Y) coordinates. SimCC divides each
pixel into multiple “bins” and achieves sub-pixel localization precision and significantly
reduces quantization error. By omitting expensive upsampling and post-processing, this
approach streamlines the architecture and yields an efficient pipeline, particularly for low-
resolution inputs. This makes SIimCC attractive for deployment because it reduces reliance
on expensive 2D heatmap upsampling while preserving sub-pixel localization. Building on
the coordinate-classification formulation, AECA-PRNetCC [68] augments a PoseResNet
backbone with adaptive efficient channel attention to improve coordinate classification
accuracy at low computational cost.

From an engineering perspective, heatmap methods improve localization robustness
but increase memory use and decoding overhead, especially at high output resolutions. The
drawback is that heatmap resolution affects memory and computation. Higher-resolution
heatmaps improve localization but increase output tensor size and decoding cost.

4.2. Multi-Person Pose Estimation

In multi-person HPE, frameworks are commonly categorized into top-down and
bottom-up pipelines, as defined in Section 3. Typical multi-person processing flows are
illustrated in Figure 4.

4.2.1. Top-Down Approach

As described in Section 3, top-down methods rely on person detection followed by
per-instance pose estimation. These pipelines typically achieve strong localization accuracy
when detections are reliable, but their computational cost scales with the number of de-
tected people and they are sensitive to detector errors, which directly propagate to pose
estimates. A representative example is SimpleBaseline [69], which applies a ResNet back-
bone with deconvolutional upsampling to generate high-resolution keypoint heatmaps.
Extensions such as ZoomNet [16] expand top-down pipelines to whole-body pose estima-
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tion by selectively zooming into hands and face regions, improving fine-grained keypoint
localization while preserving a single-network design.
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(b) Bottom-up paradigm

Figure 4. Typical frameworks for multi-person pose estimation [66].

In deployed multi-person systems, top-down pipelines are attractive when person
counts are low or detection quality is high, but their latency increases as the number of
people in the scene grows.

4.2.2. Bottom-Up Approach

In contrast, bottom-up methods follow the taxonomy outlined in Section 3 by first
detecting all keypoints jointly and then grouping them into person-specific skeletons.
This design avoids per-person inference and therefore offers better scalability in crowded
scenes, although grouping errors can limit accuracy under heavy occlusion. PifPaf [17]
exemplifies this class by using composite fields, including Part Intensity Fields (PIF) for
keypoint localization and Part Association Fields (PAF) for grouping. Its association-aware
design and Laplace-based regression losses improve robustness in low-resolution and
occlusion-heavy scenarios.

Bottom-up methods are often more scalable in crowded scenes, but their reliability
depends on robust keypoint grouping under occlusion and body overlap.

4.3. Summary for 2D HPE

Modern 2D HPE has converged on two core design choices: structured output represen-
tations that model spatial uncertainty, and multi-scale, high-resolution feature backbones that
preserve localization accuracy under scale variation and occlusion. These choices reflect a
field-level consensus that representation and decoding quality are as critical as backbone
capacity for accurate keypoint estimation.

Stacked Hourglass formalized repeated bottom-up/top-down refinement with in-
termediate supervision to improve hard keypoint localization [9], while HRNet showed
that maintaining high-resolution representations throughout the network yields stronger
keypoint localization than recovering resolution late in the pipeline [10].

Recent improvements focus on reducing quantization and decoding error rather than
only increasing backbone capacity. DARK explicitly models the heatmap distribution and
applies distribution-aware decoding to recover sub-pixel accuracy [12], while SimCC re-
frames localization as two 1D classification problems, achieving precise coordinate recovery
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without heavy upsampling [11]. Transformer-based 2D estimators introduce global context
modeling and explicit keypoint tokenization (e.g., TokenPose) or direct transformer regres-
sion (e.g., TFPose), improving long-range reasoning and keypoint dependency modeling
compared to purely convolutional encoders [57,67].

For multi-person HPE, the literature consistently shows a trade-off between accuracy
and scalability. Top-down pipelines (person detection — single-person pose) remain the
accuracy leader in many settings and naturally extend to whole-body estimation via region
zooming [16,69]. However, their computational cost scales with the number of detected
people, making crowded scenes expensive. Bottom-up methods (detect all keypoints
— group into instances) improve scalability and can be competitive in dense crowds
when association is robust; OpenPose introduced part affinity fields (PAFs) for keypoint
grouping [13], and PifPaf proposed composite fields (PIF/PAF) that are more resilient
to low resolution and occlusions via association-field design and regression losses [17].
Heatmap-free approaches that integrate detection-style losses indicate a parallel trend
toward simplifying pipelines for speed [40].

Unresolved problems. Across the cited works, three practical bottlenecks remain.
First, occlusion and crowd overlap still degrade both localization and association, particularly
for small extremities and rare poses; specialized occlusion training and occlusion-aware
frameworks are still active research directions [70,71]. Second, annotation noise and label bias
are increasingly recognized as limiting factors for benchmark-driven progress; learning
with inaccurate labels and analyzing faulty annotations show measurable effects on pose
training stability and evaluation [72,73]. Third, efficiency constraints matter for deployment:
high-accuracy backbones can be costly, motivating lightweight and real-time CNN designs
for autonomous/embedded settings [44] and more efficient training strategies such as
distillation for whole-body models [15].

Near-term trends. The surveyed literature suggests that 2D HPE is moving toward
whole-body and fine-grained keypoints as a default target (face/hands/body/feet) [15,16], data-
centric robustness (label cleaning, uncertainty modeling, occlusion-aware training) [71,73],
and edge-friendly architectures that explicitly report complexity or enable real-time inference
in safety-critical applications [40,44].

While 2D HPE provides accurate localization of body keypoints in the image plane,
many applications require full 3D understanding of human motion. We therefore next
review 3D human pose estimation frameworks, which extend 2D keypoints into three-
dimensional space using geometric, temporal, and generative modeling.

5. 3D HPE Approaches

3D HPE estimates the three-dimensional configuration of human joints, and in mesh-
based settings the full body surface, from images, videos, or additional sensor modali-
ties [74,75]. 3D HPE often requires a more complex architecture as compared to 2D HPE as
it requires depth information which is often more difficult to obtain without adequate tools
and sensors. Accurate depth sensors are often expensive and not as widely available as
compared to 2D images, making depth ambiguity a significant obstacle for 3D HPE [76].
Datasets that include depth information are also often limited; common examples are
Human3.6M, MPI-INF-3DHP, both of which are recorded in controlled indoor labs. 3D
HPE can be classified on the basis of several key factors such as input modality, number of
persons, output representation, model type, and learning supervision style.
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5.1. Input Modalities for 3D HPE
5.1.1. Monocular RGB Images

Monocular RGB images and videos are the most common input sources for 3D HPE
due to their widespread availability. However, they present significant challenges like
depth ambiguity and self-occlusions, as a single 2D view inherently loses depth informa-
tion. It seeks to predict 3D spatial locations of the body keypoints from an RGB image.
Obtaining 3D HPEs from monocular 2D images and videos often requires 2D-to-3D lifting.
Extracting 3D human poses from monocular RGB images is often used in low-cost systems,
fitness monitoring, and mobile apps because of its simpler architecture and lower costs.
Refs. [20,31] both use monocular RGB images for HPE in these studies.

Monocular RGB is the most deployable input modality because it requires only stan-
dard cameras, but it transfers the burden of depth recovery to learned priors and tempo-
ral constraints.

5.1.2. Multi-View RGB Images

Multiple synchronized cameras RGB images taken from different camera angles serve
as the primary input source in this input modality. As the same person or scenery is
observed from multiple angles and viewpoints, the 3D keypoint positions can be recon-
structed more accurately by triangulating the corresponding 2D keypoint locations from
each camera view. Multi-camera setups mitigate depth ambiguity via complementary
views, yielding more precise and robust 3D localization than monocular methods. How-
ever, it is less practical in real-world settings, as it demands controlled setups, multiple
cameras, and tight synchronization. Therefore, multi-view RGB images are often used in
professional motion capture studios for films and games [77,78], in biomechanical analysis
of movement for sports or medical research [79,80], or for animation [81,82] and virtual
reality systems.

5.1.3. RGB-D (Color + Depth)

Collecting ground truth data is often expensive and requires a combination of
sensors and specialized motion capture (MoCap) systems which are expensive and
impractical for large-scale or in-the-wild data. RGB-D cameras are a type of markerless
MoCap systems that can be used for lower-cost or research-focused applications. These
cameras provide explicit depth but can degrade outdoors because sunlight interferes
with active infrared sensing. RGB-D cameras typically offer low spatial resolution and
noisy measurements, complicating data processing; they also struggle with transparent
or reflective surfaces.

These cameras output an RGB image and a per-pixel depth map, acquired by
depth sensors (e.g., Microsoft Kinect, Intel RealSense, Azure Kinect). The depth data
provides direct 3D structure, allowing models to bypass monocular ambiguity while
greatly improving accuracy in keypoint position estimation, especially along the z-axis.
Common applications of RGB-D cameras are gesture recognition [83,84], robotics [85],
and virtual reality [86]. Refs. [33,87] provide examples of models that use RGB-D cameras
for HPE.

RGB-D sensing reduces depth ambiguity but introduces hardware cost, range limits,
outdoor degradation, and sensor-specific noise.

5.1.4. Video Sequence (Temporal)

Rather than processing frames independently, temporal methods estimate 3D human
pose from video sequences, exploiting motion continuity to improve stability and robust-
ness. By modeling temporal dependencies, these approaches reduce frame-to-frame jitter
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and recover occluded or missing keypoints using context from neighboring frames. Tem-
poral modeling is particularly effective for dynamic activities and unconstrained settings,
and is widely used in sports analytics, surveillance, and motion capture. Representative
examples include VideoPose3D, which applies temporal convolutions for efficient 2D-to-3D
lifting [18], and VIBE, which combines temporal encoders with adversarial priors to recover
temporally consistent SMPL pose and shape from monocular video [22].

Closely related to video-based estimation is multi-person pose tracking, which extends
per-frame estimation by maintaining identity consistency across frames, associating each
detected pose with the same individual over time. Top-down trackers such as PoseFlow [88]
link per-frame estimates into temporally coherent pose sequences, LightTrack [89] provides
a generic online framework unifying pose estimation with identity association, and Simple-
Baseline [20] couples its estimator with an optical-flow-based tracking pipeline. Tracking
quality is evaluated on the PoseTrack benchmark [90] using Multi-Object Tracking Accuracy
(MOTA) alongside per-frame AP, capturing identity switches and missed associations that
frame-level metrics ignore. Reliable tracking is a prerequisite for the temporal models
discussed above, which assume identity-consistent keypoint sequences as input.

5.2. Number of Persons
5.2.1. Single-Person

Single person 3D HPE primarily focuses on predicting the pose of a single individual
in the camera frame or the scene. These models assume that the area of interest is a tightly
focused box around the subject or person in the input frame and hence is simpler because
it removes inter-person association and is less affected by crowd-induced occlusion,
although self-occlusion and object occlusion remain important failure modes. This allows
more accurate keypoint localization, making single-person tracking common in fitness
apps, virtual try-on, video editing/blurring, and animation, where only one subject
is present.

Zhang et al. (2025) [23] focuses on a novel generative HMR framework that ad-
dresses depth and scale ambiguity by jointly encoding bounding-box data, camera
parameters, and geometric cues into a ray-based representation. Li et al. (2025) [91]
efficiently reconstructs 3D body, face, and hands using a binary network architec-
ture, reducing model size and inference cost while maintaining high accuracy. Hoang
et al. (2024) [92] propose robust temporal lifters trained on corrupted datasets
(Human3.6M-C, HumanEva-I-C). Their augmentation (TAGN) and confidence-aware
convolution (CA-Conv) significantly increase resilience of 2D-to-3D lifting models under
real-world disturbances and occlusions.

5.2.2. Multi-Person

Multi-person 3D HPE aims to estimate poses for all individuals in a scene, even under
crowded or occluded conditions. This is considerably more challenging due to overlapping
bodies and occlusion, which make it harder to correctly associate detected keypoints to spe-
cific individuals. Similar to 2D HPE, multi-person 3D HPE relies on a top-down approach
or a bottom-up approach. Refer to Sections 2 and 4 for more information on top-down and
bottom-up approaches. Multi-person HPE is the most common setting, since most videos
and images naturally contain multiple people (surveillance, entertainment), while single-
person scenes are rare. For that reason, some of the most widely used datasets, such as
COCO, Posetrack, CrowdPose, and MuPoTS-3D, are built around multi-person annotations.
These reflect the natural complexity found in sports, surveillance, and social environments.
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In the field of Biomechanics, Koleini et al. (2025) [93] have innovated a novel frame-
work BioPose for predicting biomechanically accurate 3D human pose directly from monoc-
ular videos. BioPose utilizes a combination of three key components: a Multi-Query Human
Mesh Recovery model (MQ-HMR), a Neural Inverse Kinematics (NeurIK) model, and a
2D-informed pose refinement technique. Reported results show that BioPose’s MQ-HMR
component outperforms prior state-of-the-art mesh-recovery methods across benchmarks:
on Human3.6M it achieves 42.5 mm MPJPE and 28.5 mm PA-MPJPE (vs. 44.8/33.6 for
HMR2.0); on the in-the-wild 3DPW dataset, 69.0 mm MPJPE and 39.5 mm PA-MPJPE (vs.
70.0/44.5); and on EMDB, 92.5 mm MPJPE and 52.1 mm PA-MPJPE (vs. 97.8/61.5) [93].

Zheng et al. (2025) [25] introduced DeepMesh, a novel diffusion framework for human
mesh recovery from a video. It connects diffusion models with human motion, resulting in
the efficient generation of highly precise and seamlessly smooth output mesh sequences.
It is shown to perform impressively with good results on the Human3.6M and 3DPW
datasets. However, DiffMesh still struggles to combat occlusions and produces unrealistic
mesh outputs in scenarios with significant occlusions.

5.3. Summary for 3D HPE

From the papers cited above, modern 3D HPE can be grouped into three major
solution families: 2D-to-3D lifting (skeleton regression from detected 2D keypoints), direct
3D regression/triangulation from monocular or multi-view RGB, and (iii) mesh recovery using
parametric body models such as SMPL. The simple fully-connected lifting baseline remains
influential because it isolates the core difficulty of 3D reconstruction from 2D evidence [20],
while monocular single-image mesh recovery (HMR) demonstrated that jointly estimating
pose and shape is feasible but sensitive to ambiguity and priors [31]. In parallel, real-
time monocular 3D systems (e.g., VNect [94]) highlight the practical value of lightweight
inference but also expose the accuracy limits of purely monocular cues under occlusion
and unusual viewpoints [94].

A consistent conclusion across recent work is that temporal context is one of the strongest
“free” priors for 3D HPE: temporal convolutions and semi-supervised learning improve
stability and reduce jitter compared to per-frame lifting [18]. Video-based mesh methods
such as VIBE use temporal encoders and adversarial /learned priors to regularize shape and
motion, improving in-the-wild robustness compared to single-frame mesh recovery [22].
Transformer sequence models further strengthen long-range temporal reasoning for 3D
skeleton estimation, and multi-hypothesis or motion-representation learning reflects a shift
from frame-wise regression toward motion modeling as the central representation [19,46,47].
Graph-oriented transformers and GCN variants explicitly exploit kinematic structure,
strengthening spatial constraints under occlusion by propagating information along the
skeletal graph [52,61-63].

Multi-view and self-supervised geometry provide an alternative route to reduce
monocular ambiguity. Multi-view pipelines triangulate consistent 2D observations (effec-
tive but hardware-intensive), while epipolar geometry enables self-supervised 3D learning
without full 3D labels [78]. Recent “robustness-first” works emphasize that model ranking
can change substantially under corrupted 2D detections and real-world noise, motivating
benchmarks and training strategies explicitly designed for disturbance tolerance [92].

Unresolved problems. Even with strong temporal models, monocular 3D remains
fundamentally ill-posed: depth ambiguity, scale uncertainty, and self-occlusion persist, and
surveys dedicated to monocular 3D emphasize these as long-standing covariates [75,76,95].
Mesh recovery adds additional failure modes, including physically implausible surfaces
under heavy occlusion or truncation, which motivates stronger priors and generative
regularization. Diffusion-based video mesh recovery represents a concrete step toward
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generative motion priors, but reported limitations still include occlusion-induced artifacts
and unrealistic reconstructions in extreme cases [25]. Domain-specific requirements also
challenge generic benchmarks: biomechanics-focused pipelines emphasize physically valid
articulation and kinematic plausibility, which standard MPJPE-centric evaluation may not
fully capture [93].

Near-term trends. Three directions emerge from the cited literature. First, generative
and motion-prior models (transformers and diffusion) are increasingly used to regularize
ambiguous 3D inference, suggesting a shift from “pose regression” to “pose-and-motion
modeling” [25,47]. Second, multimodal fusion is positioned as a practical solution to monoc-
ular ambiguity: video + IMU fusion improves robustness and absolute motion recovery
when vision fails [35,96], and event-based sensing is emerging for extreme lighting and
high-speed motion [36,97,98]. Third, deployment constraints are becoming first-class: bina-
rized or efficient whole-body mesh models and metric-scale recovery (MetricHMR) reflect
demand for models that are simultaneously accurate, scalable, and feasible on limited
hardware [23,91].

6. Datasets and Evaluation Metrics
6.1. Datasets

The evolution of HPE is deeply connected to the availability of large-scale datasets
and standardized evaluation metrics. These benchmarks not only provide the necessary
data for training robust models but also enable fair and consistent comparison between
different approaches. This section provides an overview of the most influential datasets
and the commonly used evaluation metrics for both 2D and 3D HPE.

Dataset choice is an engineering decision because capture conditions, annotation type,
sensor modality, subject diversity, and scene complexity determine the failure modes a
model is likely to learn or ignore.

6.1.1. 2D Datasets

Early HPE frameworks relied heavily on hand-crafted body-part features and generally
struggled to generalize across pose variation, clothing, occlusion, and background clutter.
Deep learning shifted the field toward learned feature representations, enabling stronger
robustness when sufficient annotated data is available. A fundamental principle of deep
learning models is their inherent reliance on vast amounts of data; their performance is
directly proportional to the quantity and quality of the training data provided.While several
datasets for 2D HPE were introduced before 2014, many have been replaced by larger and
more diverse datasets better suited for training deep learning models. The following are
some of the most prominent large-scale 2D human pose datasets.

Max Planck Institute for Informatics (MPII) Human Pose Dataset (2014) [99]

This dataset comprises approximately 25,000 images, featuring around 40,000 indi-
viduals. It is split into roughly 28,821 images for training and 11,701 for testing. MPII
covers a broad spectrum of everyday activities, including recreational, occupational, and
household tasks, captured from diverse viewpoints. Each annotation includes 15 hu-
man keypoints and occlusion labels. The design was informed by a taxonomy of over
800 human activities derived from YouTube, ensuring comprehensive coverage of both
common and rare poses.

Microsoft Common Objects in Context (COCO) Dataset [100]

COCO is a widely recognized large-scale benchmark for HPE. It features over
200,000 annotated images, containing 250,000 person instances. Each instance includes
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labeling of 17 keypoints, along with bounding boxes and body segmentation masks. The
dataset is considered particularly challenging because it captures people in diverse real-
world conditions, featuring multiple interacting individuals, wide variations in pose, scale,
and viewpoint, frequent occlusions, and complex, cluttered backgrounds. These factors
make COCO an essential yet difficult benchmark for evaluating the robustness and gen-
eralization of modern multi-person HPE models. Its real-world diversity makes it useful
for multi-person robustness, but it remains limited to 2D annotations and cannot directly
evaluate depth consistency.

PoseTrack Dataset (2017/2018) [90]

PoseTrack stands as a significant large-scale video-level dataset, specifically designed
for multi-person HPE and articulated tracking. It presents demanding scenarios, including
occluded individuals within dense environments across various video clips. For example,
PoseTrack2018 contains 1138 videos and 153,615 pose annotations. Each person in the
dataset is annotated with 15 keypoints and corresponding visibility data. This dataset is
especially vital for assessing the temporal consistency of pose estimation models.

CrowdPose Dataset (2019) [101]

This dataset was specifically designed to address the challenges posed by crowded
scenarios. It contains 20,000 images featuring approximately 80,000 individual persons,
with samples selected based on a “Crowd Index” derived from other public bench-
marks. CrowdPose effectively tackles the major challenges of inter-person occlusion
and overlap.

Leeds Sports Pose (LSP) Dataset (2010) [102]

This dataset contains 2000 images of full body poses, annotated with 14 keypoints. It
is split into 1000 images for training and 1000 for testing. The images were sourced from
Flickr and tagged with various sports activities, including athletics, badminton, baseball,
gymnastics, parkour, soccer, tennis, and volleyball. A subsequent extension, LSP-Extended
(2011) [72], expanded the training set to over 10,000 images. Despite their foundational role,
these datasets are relatively small and primarily focus on specific sports activities, which
limits their generalizability to broader scenarios.

Frames Labeled in Cinema (FLIC) Dataset (2013) [103]

This dataset comprises approximately 5000 images, with 4000 designated for training
and 1000 for testing. The images are extracted from Hollywood movies and are annotated
with 10 upper body keypoints. Although FLIC features diverse poses and clothing, its
relatively small size and specific domain (movie scenes) restrict its applicability.

6.1.2. 3D Datasets

3D HPE datasets are fundamentally more challenging compared to 2D HPE datasets.
This is primarily because 3D data requires precise depth information, often necessitating
specialized motion capture systems. The following are some of the most prominent large-
scale 3D human pose datasets.

Human3.6M (2013) [104]

Human3.6M is one of the largest and most widely used indoor 3D HPE datasets. It
comprises 3.6 million 3D human poses, along with synchronized high-resolution videos
captured at 50 frames per second from 4 distinct camera views. The dataset showcases
11 professional actors performing 17 varied activities, such as discussions, smoking, and
photography. A marker-based motion capture system was used to guarantee the high
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accuracy of the 3D keypoint positions. Its controlled indoor capture makes it valuable for
precise 3D benchmarking but limits direct transfer to unconstrained outdoor scenes.

MPI-INE-3DHP (2016) [105]

This dataset offers 1.3 million frames captured from 8 actors performing 8 distinct
action sets. It leverages a commercial marker-less motion capture system, which allows
actors to wear everyday clothes, thereby enhancing data diversity. Additionally, it provides
chroma-key masks to facilitate foreground and background augmentation.

MoVi (2020) [106]

MoVi is a comprehensive single-person video dataset featuring synchronized 3D body
pose and mesh annotations. It includes data from 90 subjects executing 20 distinct actions,
along with detailed subject characteristics such as age, height, and BMI. MoVi uses IMUs
and multi-perspective motion capture cameras to guarantee precise 3D pose acquisition.

3D Poses in-the-Wild (3DPW) (2018) [107]

A pioneering dataset for single-view, multi-person, “in-the-wild” 3D HPE. It includes
60 video sequences, totaling approximately 51,000 frames, depicting a rich variety of
activities captured in diverse real-world scenes like forests, streets, and shopping malls.
This dataset leverages IMUs and handheld phone cameras to achieve accurate 3D poses
despite the inherent complexity of the scenes.

SURREAL (Synthetic humans foR REAL tasks) (2017) [108]

SURREAL is a large-scale synthetic dataset comprising 6 million RGB frames. These
frames are generated by rendering textured SMPL (Skinned Multi-Person Linear) models
onto various background images, driven by 3D motion capture data. SURREAL provides
extensive annotations, including 3D pose, depth, body parts, optical flow, and surface
normal information.

Additional benchmarks in Table 4 extend coverage to specific regimes: AIC [109]
provides large-scale crowded 2D annotations; Penn Action [110] and HiEve [111] target
video-based estimation; JTA [112] offers synthetic urban scenes; and Total Capture [35]
fuses IMU and Vicon ground truth for 3D evaluation.

6.2. Evaluation Metrics

Evaluating HPE models is the process of quantifying how closely the predicted po-
sitions of human keypoints or body structures match the ground truth. Depending on
whether the task is 2D or 3D, different metrics are used, though many share conceptual
foundations. Table 5 summarizes which metrics apply to the 2D and 3D settings and what
each measures. Although standard metrics enable reproducible benchmarking, they do
not fully capture engineering reliability. A model with strong AP or low MPJPE may still
fail under motion blur, occlusion, unusual viewpoints, sensor noise, or real-time latency
constraints. For deployment, pose accuracy should therefore be reported alongside latency,
memory footprint, throughput, energy use, failure-case robustness, and task-level utility.

6.2.1. 2D Evaluation Metrics

To accurately evaluate the performance of HPE models needs defined metrics. These
metrics have progressed from straightforward geometric approximations to more sophis-
ticated, detection-focused benchmarks that consider factors like scale, visibility, and the
individual significance of keypoints. Due to this many evaluation metrics have been used
in 2D HPE. Here we summarise some of the most common ones. Below are some of the
most common examples.

https:/ /doi.org/10.3390/jeta4030028


https://doi.org/10.3390/jeta4030028

J. Exp. Theor. Anal. 2026, 4, 28 23 of 36
Table 4. Comprehensive Summary of HPE Datasets.
Name Year Type # Train Val Test Total Key Characteristics
Image-Based 2D Datasets
LSP [102] 2010 SP 14 1000 - 1000 2000 Relatively small, sports focus, scaled images
LSP . o e
(Extended) [72] 2011 SP 14 10,000 - - 10,000 Larger training set, similar characteristics to LSP
FLIC [103] 2013 SP 10 4000 - 1000 5000 Relatively small, movie-specific, diverse poses
MPII [99] 2014 SP 15 28821 3000 11,701 43k Wide Varl?ty of activities, viewpoints, occlusion
labels, activity labels.
2016 Diverse poses, varying body scales, occlusion
COCo 100l 2017 MP 7. 118,287 5000 40,670 200k patterns, bounding boxes, body segmentation
AIC(HKD)[109] 2017 MP 14 210,000 30000 60,000 300,000  oneof thelargest high-resolution images,

700,000 human instances.

CrowdedPose [101] 2019

Specifically designed for crowded scenarios,

MP 14 ~10,000 ~2000 ~8000 ~20,000 / .
addresses inter-person occlusion

Unconstrained videos, includes visibility and

Penn Action [110] 2013 SP 13 1258 - 1068 2326 . .
camera viewpoints
Video Based 2D Datasets
2017 2017: 514 Vids (16,219 poses) Challenging crowded environments, occlusion,
PoseTrack [%0] 208 MP 1 5018 1138 Vids (153,615 poses) temporal consistency evaluation
HiEve [111] 2020 MP 14 31 Vids (1,099,357 poses) Largest video-based HPE dataset, integrates

HPE, tracking, action recognition

Video-Based 3D Datasets

HumanEva-I [113] 2010

Sp 15 ~6800 ~6800 ~24000 40K Fr Indoor, multi-view, markerless MoCap, 4 subj.,

6 actions
3.6M poses @50 FPS Indoor, marker-based MoCap, 11 actors, 4 camera
Human3.6M [104] 2013  SP 17 Train/Val 7 Subyj., Test 4 Subj. views, 17 scenarios P
MPI-INF Markerless MoCap, 8 actors, 14 cameras, chroma
3DHP [105] 2016 SP 15 ) ) 13MFr key masks for augmentation

Total Capture [35] 2017

No markers, loose clothes, IMU + Vicon data,

Sp 26 - - - L9MFr ¢ subjects, 5 actions

~51K Fr  First in-the-wild, IMUs + handheld phone camera,

SDFW [107] 2018 MP 18 24Seq 245eq  125eq 60 Seq rich activities, real-world scenes
. Synchronized 3D pose/mesh, detailed subject
MoVi [106] 2020 SP 4 ~9.75 250 B 1057 Seq characteristics (BMI, age), IMU + MoCap
Synthetic urban traffic dataset; dense 2D /3D
S00K Fr 4 hotations (keypoints, occlusion, segmentation
JTA [112] 2018 MP 14 256 256 512HD 3. th): desiened f ! ded / /
Vids epth); designed for crowde
surveillance scenarios
Abbreviations: # = Number of keypoints; SP = single-person; MP = multi-person; Vids = videos; Seqs = sequences;
Fr = frames.
Table 5. Comparisonof evaluation metrics in 2D vs. 3D HPE, with keypoints considered.
Metric 2DHPE 3D HPE Description
MPJPE X v Average Euclidean distance between predicted and ground truth all 3D keypointsin millimeters.
PA-MPJPE X v MPJPE after r1g1d.al1gnment (Procrustes Analysis) to remove global pose/scale/rotation errors, computed
over all 3D keypoints.
PCK v v Proportion of all annotated keypoints falling within a specified distance threshold. In 2D HPE, distances are
normalized using head or torso length; in 3D HPE, they are measured in absolute millimeters.
OKS v X Cb?CO metric computed over all annotated keypoints, normalizing distances by object size and keypoint vis-
ibility.
Intersection over Union between predicted and ground truth meshes, evaluated over all mesh vertices rather
Mesh-based X v .
than sparse keypoints.
PCP v X Percentage of Correct Parts: proportion of limbs (pairs of keypoints) whose predicted endpoints are within a

threshold distance from ground truth.

Note: v'indicates applicability of the metric; X indicates not applicable.

https://doi.org/10.3390/jeta4030028


https://doi.org/10.3390/jeta4030028

J. Exp. Theor. Anal. 2026, 4, 28

24 of 36

Percentage of Correct Parts (PCP)

PCP [114] is an early metric which measures the detection rate of limbs. A limb is
considered correctly detected if the distance between its two predicted keypoints and the
ground truth keypoint is less than a fraction of the limb length (between 0.1 to 0.5). PCP@0.5
is a common threshold.

1 o R
PCP@x = — Y 1(max (|11 — Jiall2, 12 = Jizll2) < aLy) 1)

where L is the set of limbs, J;1 and ], , are the ground-truth endpoints of limb /, fl,l and
J1 2 are the corresponding predicted endpoints, L; is the ground-truth limb length, and 1(-)
denotes the indicator function. This measure is used for single-person HPE evaluation.
However, PCP has been criticized for its tendency to be overly strict on shorter limbs, which
are hard to detect.

Percentage of Correct Keypoints (PCK)

PCK measures the precision of keypoint localization. A detected keypoint is consid-
ered accurate if its predicted position is within a specified distance from the true keypoint,
relative to a reference size like torso diameter or head segment length [115]. This threshold
is normalized by a measure of the person’s scale to ensure fairness across different image
resolutions and person sizes. The most common variant, PCKh, normalizes the distance
by the head segment length, which provides a more stable reference across different body
poses compared to earlier normalizations based on torso or bounding box dimensions.

1Y
PCK@x = 5 ) U(|[Ji = Jill2 < & drer) @)
i=1

where d¢ denotes the reference scale used for normalization, corresponding to the torso
diameter in classic PCK and the head-segment length in PCKh. PCK is intuitive and easy to
interpret, but as a threshold-based metric it does not distinguish fine-grained localization
errors, motivating its use alongside distance-based metrics such as MPJPE.

Object Keypoint Similarity (OKS)

OKS [100] is used to measure the similarity between a predicted and ground-truth
keypoint, playing a role similar to how Intersection over Union (IoU) functions in object
detection. The OKS for a single person is calculated as:

a2
Y exp(—zsz’kz>(5(vi > 0)
Yi6(vi >0)

where d; is the Euclidean distance between the predicted and ground-truth keypoint, s is the

OKS = 3)

scale of the object (e.g., the square root of the person’s segmentation area), v; is a visibility
flag, and k; is a per-keypoint constant defined in the COCO evaluation protocol that controls
the falloff of the similarity for keypoint type i, set from the empirical annotation variance
of that keypoint (larger for hips than for eyes).

Average Precision (AP)

AP [100] is the primary metric used in the COCO challenge. It is calculated by
averaging precision values across Object Keypoint Similarity (OKS) thresholds, typically
ranging from 0.50 to 0.95 in increments of 0.05. This approach provides a comprehensive
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evaluation of a model’s ability to both detect keypoints (i.e., achieve a minimum OKS) and
localize them precisely (i.e., achieve a high OKS).

1

AP = —
|T|

) Prec(OKS >t), T =1{050,055,...,0.95} 4)
teT

where Prec(OKS > t) is the precision computed at threshold ¢, such that a predicted pose
is counted as a true positive when its Object Keypoint Similarity (OKS) score (Equation (3))
exceeds t. Common variants, such as AP50 (AP at an OKS threshold of 0.50), AP75, APM
(for medium-sized objects), and APL (for large objects), offer a more detailed analysis of
model performance.

6.2.2. 3D Evaluation Metrics

3D evaluation metrics are generally similar to 2D evaluation metrics but they funda-
mentally differ in the spatial domain they operate in and the attributes they evaluate. While
2D metrics assess keypoint accuracy in the image plane, for example pixels, 3D metrics
evaluate keypoint positions in real-world or camera space (usually in millimeters). 3D
metrics also need to take into consideration the depth ambiguity and camera viewpoint,
both of which are unnecessary for 2D evaluation metrics.

MPJPE (Mean Per Joint Position Error)

MPJPE is one of the most widely adopted metrics for evaluating 3D HPE. It focuses
on the Euclidean distance, in millimeters, between each predicted keypoint and the corre-
sponding ground truth keypoint.

1
MPJPE = N Y i = Till, (5)
i=1

For every keypoint, the model predicts the 3D keypoint coordinates for all keypoints,
calculates the distance between predicted and actual keypoint positions for each keypoint,
and then averages these distances across all keypoints. One of the key advantages of
MP]JPE is that it directly evaluates the spatial accuracy of the keypoint predictions made
by the model. The lower the distance or the cost, the higher the accuracy of the model. It
also provides a simple and interpretable form of evaluation. MPJPE is commonly used
in datasets like Human3.6M, MPI-INF-3DHP, and 3DPW. However, on the other hand,
MPJPE is sensitive to rotation, scale, and translation. This means that even though the pose
estimation might be accurate, the distance produced from this method would be higher if
the pose is in a different scale or rotated. It penalizes poses even if their shape is correct but
placement is wrong.

Procrustes-Aligned MPJPE (Protocol 2)

PA-MPJPE, also known as P-MPJPE, is a variant of the standard MPJPE metric that
compensates for global misalignments between the predicted and ground-truth 3D poses.
It attempts to combat the translation and rotation problems that inherently exist in MPJPE.
PA-MPJPE addresses this by aligning the predicted pose to the ground truth first, ensuring
that the metric evaluates the pose structure itself, not its global placement in space.

N
PA-MPJPE = % YoI(s* R i+ ) = J;
i=1

N
y (8 R ) = argmin Y [[(sR]i+6) ~ Jif; (©)
=1

where the similarity transformation parameters: scale s, rotation matrix R, and translation
vector t are estimated using Procrustes analysis before the error is computed. It does this
by applying alignment to the pose and then computing the Euclidean distance between
each aligned keypoint and the ground truth as formalized in Equation (6). Not only
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does the PA-MPJPE measure the structural similarity between poses, but it also ignores
absolute position and resolves the misalignment problem within MPJPE. It is ideal for
evaluating pose reconstruction quality, especially in monocular 3D HPE, where depth and
scale ambiguity are common. While it is suitable to eliminate translation misalignment
of poses, it completely masks depth or translation errors, so it is often reported alongside
MP]JPE. It is also often not suitable if absolute position matters, for example in real-world
tracking and localization.

Mesh-Based Metrics

For mesh-based human pose and shape estimation, evaluation extends beyond sparse
keypoints to the full body surface. Metrics such as Intersection over Union (IoU) assess
the overlap between predicted and ground-truth meshes, capturing surface-level recon-
struction quality that joint-based errors cannot reflect. While mesh metrics are valuable
for applications requiring accurate silhouettes or surface continuity, they are sensitive to
small misalignments and depend on the availability of ground-truth meshes. Consequently,
mesh-based measures are typically reported alongside vertex- or joint-level errors (e.g.,
PVE or MPJPE) rather than used in isolation.

Building on these datasets and evaluation protocols, we next present a comparative
analysis of benchmark results reported in the original publications for representative 2D
and 3D HPE frameworks.

7. Comparison and Benchmarking

All quantitative results in Tables 6-8 are collected from the original papers under their
own evaluation protocols; we did not re-run any model. Each entry carries its source citation
and protocol, and differences across rows therefore reflect both method and protocol.

Benchmarking protocol: We report standard metrics for each benchmark to avoid
mixing incompatible evaluation protocols: (i) COCO: AP (OKS), AP@0.5, AP@0.75, AP(M),
AP(L), AR; (ii) MPIL: PCKh@0.5 (and per-joint scores where available); (iii) Human3.6M:
MPJPE (Protocol 1) and PA-MPJPE (Protocol 2); (iv) 3DPW: MPJPE, PA-MPJPE, and PVE.

7.1. 2D HPE Benchmarking

Tables 6 and 7 compare representative 2D HPE methods on the COCO (multi-person)
and MPII (single-person) benchmarks respectively, reporting both accuracy metrics and
qualitative efficiency indicators. CNN-based models such as HRNet and its variants achieve
strong accuracy due to their high-resolution feature representations. For example, HRNet-
W48 (384 x 288) reports 76.3 AP on COCO and 92.3 PCKh@0.5 on MPII, placing it among
the strongest widely adopted baselines. Regression refinements that reduce coordinate
quantization error, including DARK, further improve performance, with DARK (HRNet-
W48) reaching 76.2 AP on COCO and 90.6 PCKh@0.5 on MPII. Similarly, RSN (4 x RSN-50)
and UDP (HRNet-W48) provide noticeable accuracy gains, with UDP achieving 76.5 AP
on COCO.

Table 6. Comparison of 2D HPE frameworks on the COCO test-dev set (multi-person HPE).

Method Backbone Input  Params GFLOPs AP AP5 AP.75 AP(MM)  AP(L) AR FPS/Latency
OpenPose [13] CMU-Net 368 x 368 - 136.1 61.8 84.9 67.5 57.1 68.2 66.5  Medium-High
SimpleBaseline [69] ResNet-152 384 x 288 68.6M 35.6 73.7 91.9 81.1 70.3 80.0 79.0 Medium
HRNet-W48 [10]  HRNet-W48 384 x 288 63.6M 329 76.3 90.8 82.9 72.3 83.4 81.2 Medium
RSN [116] 4 x RSN-50 384 x 288 111.8M 65.9 78.6 94.3 86.6 75.5 83.3 83.8  Low-Medium
UDP [117] HRNet-W48 384 x 288 63.8M 33 76.5 92.7 84.0 73.0 82.4 81.6 Medium
DARK [12] HRNet-W48 384 x 288 63.6M 329 76.2 92.5 83.6 72.5 82.4 81.1 Medium

https:/ /doi.org/10.3390/jeta4030028


https://doi.org/10.3390/jeta4030028

J. Exp. Theor. Anal. 2026, 4, 28 27 of 36
Table 7. Comparison of 2D HPE frameworks on the MPII test set (single-person HPE).
Method Backbone Input Params PCKh Head Shoulder Elbow  Wrist Hip Knee Ankle
Stacked Hourglass [9] Hourglass 256 x 256  25.1 90.9 98.2 96.3 91.2 87.1 90.1 87.4 83.6
Adversarial PoseNet [118] ResNet-50/10 256 x 256 - 93.1 98.5 94.0 89.8 87.5 93.9 94.1 93.0
HRNet-W32 [10] HRNet-W32 256 x 256  28.5 92.3 98.6 96.9 92.8 89.0 91.5 89.0 85.7
FPD [119] Hourglass 256 x 256 3.0 91.1 98.3 96.4 91.5 87.4 90.9 87.1 83.7
DARK [12] HRNet-W48 384 x 288  63.6 90.6 97.2 95.9 91.2 86.7 89.7 86.7 84.0
Note: PCKh denotes PCKh@0.5.
Table 8. Comparison of 3D HPE frameworks.
Human3.6M Test Set: Single-person/Indoor (Protocol 1 MPJPE, Protocol 2 PA-MPJPE)
Method Backbone Input MPJPE| PA-MPJPE| Params GFLOPs FPS
VideoPose3D [18] Temporal CNN 2D — 3D 46.8 36.5 16.95M 33.87 A
PoseFormer [21] Transformer 2D — 3D 443 34.6 9.6M 1358 269
MixSTE [19] Spatio-temp. Transf. 2D — 3D 40.9 32.6 33.6M 1141 b
VIBE [22] ResNet50 + GRU RGB — mesh 65.6 414 = - =
3DPW Test Set: In-the-wild
Method Backbone Input MPJPE| PA-MPJPEJ PVE Params GFLOPs
HMR [31] ResNet50 + SMPL RGB 130.0 76.7 - - -
VIBE [22] ResNet50 + GRU Video 82.9 51.9 99.1 - -

Efficiency note (hardware- and pipeline-dependent): Exact Params, MFLOPs, and runtime are not consistently
reported under standardized conditions across the surveyed 3D HPE methods; “—” denotes values not reported
by the original authors. Where architectural complexity is well established in the literature, we give a qualitative
indication: - runtime unreported; lightweight temporal convolutions yield high relative throughput. - runtime
unreported; full spatio-temporal attention over 243-frame sequences yields medium relative throughput. - pa-
rameter count unreported; SMPL mesh-recovery pipelines sit at the upper end of model complexity. MFLOPs are
per output frame (MixSTE: 277.25 GFLOPs total over 243 frames + 243). MPJPE follows Human3.6M Protocol 1;
PA-MPJPE follows Protocol 2.

Consistent with prior benchmarks, top-down pipelines (e.g., SimpleBaseline, HRNet,
DARK, UDP) outperform bottom-up approaches (e.g., OpenPose) in accuracy: SimpleBase-
line (ResNet-152) attains 73.7 AP on COCO, compared to 61.8 AP for OpenPose. However,
the qualitative FPS/latency indicators in Table 6, highlight an inherent trade-off between
accuracy and efficiency. Bottom-up frameworks such as OpenPose are associated with
higher relative throughput (Medium-High), as they perform a single forward pass fol-
lowed by grouping, while top-down methods typically exhibit Medium throughput due to
per-person inference and reliance on an upstream detector. Heavier architectures, such as
RSN, fall into the Low—Medium throughput regime, reflecting their substantially higher
parameter count and computational cost.

On the MPII benchmark, heatmap-based top-down methods dominate in accu-
racy, with Adversarial PoseNet (ResNet-50) achieving the strongest reported score of
93.1 PCKh@0.5, followed closely by HRNet and DARK variants. Overall, the combined
accuracy and qualitative efficiency results in Table 9 illustrate that while high-resolution
top-down frameworks remain the most accurate for 2D HPE, bottom-up and lightweight
designs provide more favorable deployment characteristics in real-time or large-scale
multi-person scenarios where throughput and scalability are critical.
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Table 9. Qualitative efficiency comparison of 2D HPE framework families.

Model/Family Setting Params GFLOPs Latency Throughput

g%ﬁgfgyiﬂ%h g}gf;fsﬁtﬁg;?e) 63.6-68.6 32.9-35.6 Medium Medium

%;sgl)us}z style [13]) ggég —I;lal;lstl-_kpg?ss;ing) High High Medium Medium-High

Lightweight Mobile/edge real-time Low Low Low High

(MediaPipe-style [120])

7.2. 3D HPE Benchmarking

On Human3.6M, the trend in Table 8 is clear: moving from frame-independent re-
gression to temporal and transformer-based models steadily reduces error, at the cost of
increased computational complexity. VideoPose3D [18] incorporates short-range temporal
context through temporal convolutions, substantially reducing 3D pose estimation error
to 46.8 MPJPE and 36.5 PA-MPJPE. These results demonstrate that even modest tempo-
ral modeling can significantly outperform per-frame 2D to 3D lifting approaches, while
retaining a low parameter count, low GFLOPs, and high relative throughput.

Models that capture longer temporal dependencies further improve accuracy but in-
troduce higher computational cost. PoseFormer [21], which replaces temporal convolutions
with transformer-based sequence modeling, achieves 44.3 MPJPE and 34.6 PA-MPJPE with
an 81-frame receptive field, while MixSTE improves further to 40.9 MPJPE and 32.6 PA-
MPJPE by jointly modeling spatial and temporal dependencies over 243-frame sequences.
These gains are accompanied by qualitatively higher parameter counts and GFLOPs, and
correspondingly lower relative throughput compared to VideoPose3D. Notably, PA-MPJPE
decreases more sharply than raw MPJPE across these models, indicating that temporal and
transformer architectures are especially effective at refining relative joint configurations up
to a similarity transform, even when absolute scale and translation remain challenging.

End-to-end RGB video pipelines that recover pose and shape exhibit a different accu-
racy—efficiency trade-off. VIBE, which combines temporal modeling with adversarial mo-
tion priors and SMPL supervision, reports 65.6 MPJPE and 41.4 PA-MPJPE on Human3.6M.
While less accurate than keypoint-lifting transformer models in absolute joint error, VIBE
operates in a higher-complexity regime due to mesh recovery and exhibits medium to
medium-high latency, reflecting the additional cost of parametric body modeling.

On 3DPW, which presents a harder in-the-wild setting, single-frame methods struggle
with depth ambiguity and motion inconsistency. HMR reports 130.0 MPJPE and 76.7 PA-
MP]JPE, reflecting the limitations of per-image inference under in-the-wild conditions.
Injecting temporal information yields substantial gains on both metrics: VIBE reduces
MPJPE to 82.9 and PA-MPJPE to 51.9 while adding mesh-level accuracy (99.1 PVE), with
the temporal encoder and adversarial motion prior improving absolute joint accuracy
and structural alignment alike. Although not all methods report standardized runtime or
complexity metrics, the efficiency note accompanying Table 8 indicates that temporal CNN
and transformer-based pipelines incur higher computational cost than frame-based CNNSs,
with diffusion and mesh-centric approaches lying at the upper end of the latency spectrum.

Overall, the benchmarking results reveal a clear progression in 3D HPE performance.
Lightweight regression-based baselines provide strong foundations with high efficiency,
but incorporating temporal context markedly improves accuracy. Transformer-based spatio-
temporal models deliver the lowest MPJPE and PA-MPJPE on Human3.6M, at the expense
of increased parameter count and reduced throughput. In contrast, SMPL-based video
pipelines trade some joint-level accuracy for improved temporal stability and mesh quality,
particularly on in-the-wild data. Across both datasets, temporal modeling is the domi-
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nant factor for improving accuracy: in keypoint-lifting pipelines it sharpens relative joint
configurations, while for SMPL-based video methods on in-the-wild data it substantially
improves absolute accuracy, alignment, and temporal stability. Efficiency considerations
increasingly shape the choice of architecture for real-time and edge-deployment scenarios.

7.3. Efficiency and Real-Time Performance on Edge Devices

Accuracy-centric metrics (AP/OKS, PCK, MPJPE) do not fully capture deployment-
critical constraints such as latency, throughput, memory footprint, and energy consumption.
To reflect practical feasibility, we additionally summarize commonly reported efficiency in-
dicators, including parameter count, GFLOPs, and measured latency/FPS where available,
and otherwise discuss qualitative accuracy-latency trade-offs.

As outlined in the benchmarking sections above, efficiency depends strongly on archi-
tectural and pipeline choices. In 2D multi-person HPE, top-down methods trade higher
accuracy for per-person scaling costs, while bottom-up pipelines amortize computation
across all instances. In 3D video-based HPE, temporal modeling introduces additional
runtime overhead, with temporal CNNs generally offering lower latency than Trans-
former or diffusion-based sequence models. Owing to inconsistent reporting across works,
Tables 6, 7, and 9 include qualitative efficiency indicators; for Table 8 these are consolidated
in the accompanying note.

8. Challenges

Despite making remarkable progress in recent years, HPE is far from achieving perfec-
tion. HPE continues to face several challenges that limit its robustness and deployment in
the global market. The challenges can be roughly grouped into 4 major categories.

8.1. Data-Related

One of the most pressing challenges in HPE lies in the availability and quality of
data. Annotating large-scale pose datasets is expensive and time-consuming, especially
for 3D data that often requires motion capture systems or multi-view setups. Even widely
used datasets such as COCO, MPII, and Human3.6M suffer from limitations in diversity,
with biases toward specific environments, clothing, or demographics that hinder gener-
alization to real-world settings. Moreover, inconsistencies in manual annotations add
noise that negatively affects training. Finally, models trained on curated benchmarks often
face a significant domain gap when applied to unconstrained scenarios, making robust
generalization an ongoing challenge.

8.2. Algorithmic Limitations

HPE faces algorithmic limitations that constrain accuracy and robustness. A central
issue in 3D HPE is depth ambiguity, where different 3D poses can project to identical
2D keypoints, making monocular reconstruction inherently ill-posed. Frame-by-frame
predictions often suffer from temporal inconsistency, producing jittery or unstable mo-
tion when applied to video. Handling multi-person interactions adds further complexity,
as overlapping bodies and keypoint confusion challenge both top-down and bottom-up
methods. Moreover, moving from body-level pose estimation to whole-body modeling,
capturing hands, feet, and facial landmarks, significantly increases difficulty due to the
greater precision requirements. These algorithmic hurdles express the need for stronger
kinematic constraints, temporal reasoning, and holistic modeling to advance pose estima-
tion performance.
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8.3. Computational Limitations

Computational demands pose another challenge for HPE, especially when balancing
accuracy with efficiency. High-performing models such as HRNet or transformer-based
architectures often require large memory footprints and significant GPU resources, which
limits their deployment in real-time or on edge devices. Top-down approaches, while highly
accurate, scale poorly in multi-person settings since each detected individual must be pro-
cessed separately. Conversely, lightweight or bottom-up models achieve faster inference
but often sacrifice precision. Achieving real-time performance without compromising accu-
racy remains a key limitation, and designing architectures that are both computationally
efficient and robust across diverse environments is an ongoing area of research.

9. Future Directions

HPE remains one of the younger fields in the domain of computer vision, with consid-
erable room for improvement and growth. It is increasingly evaluated by whether it can
transfer and remain stable outside the benchmarks. Recent surveys emphasize that domain
shift, occlusion, and annotation quality still dominate failure in real settings [1,2,75]. A
near-term direction is leveraging foundation-model style pretraining as a backbone [121]
but adapting it to structured pose outputs with explicit anatomical priors rather than
treating pose as generic regression. This motivates keypoint-token heads for 2D [57] and
parametric constraints for mesh recovery [32], with evaluation focused on cross-dataset
transfer and rare-pose/occlusion strata rather than only average AP/MPJPE [70,71].

Scalable supervision remains the bottleneck for 3D mesh. Self-supervised HPE should
combine multi-view geometry and temporal consistency so that learning signals persist
under missing joints and noisy detections: epipolar consistency enables label-free 3D learn-
ing [78], while temporal convolutional pipelines show that temporal priors reduce jitter and
error compared to frame-wise lifting [18]. Motion-representation learning further suggests
that learning priors over dynamics, not only per-frame pose, is a strong regularizer for
monocular ambiguity [19,47]. For 2D, self-supervised spatial-aware training is promising
but must be validated under occlusion/crowd stress tests [45,70].

Edge deployment constraints should be treated as a first-class objective with end-
to-end reporting, not isolated per-image metrics. Heatmap-free single-pass designs and
fast CNN estimators target real-time constraints [40,44], while efficient 3D mesh recovery
increasingly explores hardware-friendly designs such as binarization and metric-scale
recovery [23,91], and real-time monocular 3D remains a practical reference point [94].
Continual learning and test-time adaptation are necessary once models face evolving
cameras and environments [122]. Evidence from label-noise studies shows that imperfect
supervision can measurably distort training and evaluation [72,73]

Finally, HPE is increasingly a component of embodied Al, where pose quality must be
judged by task utility rather than joint error alone. AR/VR and HRI pipelines prioritize
stable, low-latency motion [81,82,85], while biomechanics demands physically valid artic-
ulation beyond MPJPE-centric optimization [79,80,93]. Multimodal fusion is a practical
route to reliability under occlusion and adverse sensing and should be benchmarked under
controlled sensor-failure cases [35,36,96,97].

10. Conclusions

In this survey, we reviewed HPE through the design choices that shape both bench-
mark performance and engineering deployment. We covered body representations, in-
cluding 2D keypoints, 3D skeletons, and dense meshes; inference pipelines, including
top-down, bottom-up, and one-stage methods; learning formulations, including coordinate
regression, heatmap-based estimation, detection-style prediction, and distribution-based
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representations; and modern neural architectures, including CNNs, Transformers, GCNs,
and hybrid models. We also examined representative datasets and evaluation metrics for
2D and 3D HPE, showing how benchmark design influences what models learn, how they
are compared, and where they may fail in practical settings.

Despite substantial progress from deep learning, temporal modeling, multi-view
geometry, and hybrid sensing, HPE still faces persistent deployment challenges. These
include expensive and biased annotations, domain shift, occlusion, depth and scale am-
biguity, multi-person association errors, temporal instability, and the trade-off between
accuracy and efficiency in real-time or resource-constrained systems. For engineering
applications, pose accuracy is often an intermediate metric rather than the final objective. In
rehabilitation, robotics, ergonomics, AR/ VR, surveillance, and sports analytics, the central
question is whether pose estimates support reliable downstream decisions under realistic
sensing, latency, memory, and compute constraints.

We also highlighted emerging directions that aim to address these limitations, in-
cluding data-centric learning, stronger temporal and kinematic modeling, whole-body
estimation, uncertainty-aware prediction, generative motion priors, event-based sensing,
and edge-oriented model design through compression, quantization, and distillation. These
directions suggest that future HPE systems will increasingly be evaluated not only by key-
point accuracy, but also by robustness, calibration, temporal consistency, sensing cost, and
task-level utility.

As the field matures, future research should move beyond isolated benchmark accu-
racy toward system-level validation in realistic deployment environments. The central
engineering lesson is that no HPE method is universally optimal: the appropriate design
depends on the target task, sensing setup, person density, accuracy requirement, compute
budget, and acceptable failure modes. By integrating methodological innovation with
responsible attention to fairness, privacy, and reliability, HPE can progress toward trustwor-
thy and scalable adoption across healthcare, AR/VR, sports analytics, human-computer
interaction, robotics, and other engineering domains.
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