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Abstract

3D Human Pose Estimation (3D-HPE) is a highly active and evolving research area in
computer vision with numerous applications such as extended reality, action recognition,
and video surveillance. The field has significantly advanced with deep learning, public da-
tasets, and enhanced computational power, addressing challenges like depth ambiguity, oc-
clusion, and data scarcity. Researchers confront scenario-specific issues such as ill-posed
problems in monocular setups, cross-view aggregation with camera synchronizations in
multi-view systems, and inter-person occlusion in multi-person scenarios. This survey
comprehensively reviews contemporary strategies covering a technological spectrum in-
cluding Convolutional Neural Networks, Graph Convolutional Networks, Transformers,
and their combinations employed to address these challenges. It includes scenarios such
as monocular and multi-view setups, single and multi-person cases, as well as image and
video inputs. The survey explores various solution paradigms, including single-stage vs
2D-to-3D lifting, absolute vs relative keypoints, pixel vs voxel vs Neural Radiance Field
spaces, and deterministic, probabilistic, or diffusion-based strategies, along with top-down
vs bottom-up approaches. It examines advanced learning techniques beyond supervised
methods and data augmentation for diverse pose datasets. It analyzes the performance of
recent methods on benchmark datasets for different scenarios. Challenges are categorized
into common and scenario-specific issues, and future research directions are proposed
to foster further advancements in the field. Additionally, key sections are summarized in
tables or visual formats for quick understanding. This survey is a valuable resource and
a solid reference for researchers in the dynamic landscape of 3D human pose estimation.
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1 Introduction

3D Human Pose Estimation (3D-HPE) is one of the most active and dynamic fields in
computer vision aiming to predict 3D coordinates of articulated human joints from images
or video frames (Zhang et al. 2023a; Shuai et al. 2023; Zhang et al. 2023b). When a 3D
scene with a person is projected onto a 2D image, both the positional and depth informa-
tion of all joints are lost. The ultimate aim of 3D pose estimation is to accurately determine
their 2D positions in the images and their depth within the camera’s coordinate system
(Ci et al. 2022). Applications of 3D-HPE are diverse, spanning human-computer interac-
tion (Huo et al. 2023), action recognition(Rajasegaran et al. 2023), extended reality (XR)
(Zhang 2012), autonomous vehicles (Lamas et al. 2022), video surveillance (Matsukawa et
al. 2020), gaming (Tuyls et al. 2021), and medical fields (Liu et al. 2023). The performance
of these applications relies heavily on the precision of 3D-HPE, making it a vital area of
study in computer vision. The advancements in deep learning techniques, availability of
large-scale 3D pose datasets such as Human3.6M (Ionescu et al. 2014), and computational
resources have accelerated research in this area, leading to significant contributions from
academia and industry.

The 3D-HPE problem depends on the number of sensors capturing the images and indi-
viduals in the scene, as both affect estimation performance. Based on the number of cam-
eras, input data can be either monocular (single camera) or multi-view (multiple cameras),
hence the study of 3D-HPE can be categorized into four scenarios: Monocular images,
Monocular videos, Multi-view images, and Multi-view videos. These scenarios can further
involve single-person or multi-person pose estimation, leading to eight distinct scenarios.
Consequently, each scenario presents unique challenges alongside common issues such as
depth ambiguity, occlusion, inadequate data, changes in appearance (such as clothing and
lighting), and complexity of the articulated human body. Capturing an RGB image is much
easier and more affordable in uncontrolled environments, however, depth ambiguity and
self-occlusion are major issues in monocular images (Ci et al. 2022; Xu et al. 2022). Monoc-
ular video requires methods to extract and utilize temporal information (Zheng et al. 2021,
Honari et al. 2023) from frame-to-frame relationships for better pose estimation. Multi-view
Images are better at handling self-occlusion and depth ambiguity through triangulation or
similar techniques (Bartol et al. 2022; Wan et al. 2023), however, they require precise cam-
era calibration and synchronization (Shuai et al. 2023).

Moreover, we cannot directly extend the methods designed for single-person to multi-
persons due to new challenges in multi-person scenarios such as intra-person occlusion and
requirements of camera-centric coordinates (Cheng et al. 2023). Researchers have devel-
oped various methods to address these challenges, often leveraging deep learning architec-
tures such as convolutional neural networks (CNNs) (Li et al. 2020b), graph convolution
networks (GCN) (Kipf and Welling 2017), transformers (Vaswani et al. 2017), and their
combinations. Moreover, online/offline data augmentation techniques and learning tech-
niques beyond supervision have been utilized to handle the data scarcity problem mak-
ing the model more adaptive to natural scenarios. Continuous advancements in this field
will likely lead to more accurate and efficient models, benefiting various technological and
scientific domains. This survey provides a comprehensive overview of the current state
of 3D-HPE techniques, highlighting common and scenario-specific challenges, and future
research directions.
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1.1 Previous survey

The early review work (Sarafianos et al. 2016) offers a taxonomy of methods depending on
input types such as images or image sequences and single or multiple views scenarios. It
covers both traditional and a few deep learning-based approaches. The study also introduces
a novel synthetic dataset, SynPose300, and evaluates several state-of-the-art techniques on
this dataset. The review work (Gamra and Akhloufi 2021) categorizes 2D single-person
pipelines into regression-based and detection-based methods and 3D approaches into one-
stage and two-stage methodologies. It also examines multi-person pipelines through top-
down and bottom-up approaches. The survey (Desmarais et al. 2021) reviews 3D-HPE
techniques based on the network backbone architecture and input types. The performance of
those methods is compared based on their accuracy, speed, and robustness. The work (Wang
et al. 2021) reviews existing deep learning approaches for 3D-HPE across a spectrum of
input types, number of individuals, and direct 3D estimation versus lifting from 2D to 3D
pose. The review work (Liu et al. 2022) focuses on monocular 2D and 3D HPE. The work
(Yan et al. 2022) reviews the 3D HPE from classical methods to deep learning methods and
includes learning methods. The survey (Tian et al. 2023) centers on categorizing monocular
3D human mesh recovery techniques according to their design paradigms, reconstruction
detail, and application contexts. The review (Zheng et al. 2023) examines contemporary
deep learning approaches for 2D and 3D pose estimation and compares methods based on
their input data and inference procedures.

The field of 3D-HPE is advancing quickly, requiring frequent reviews of new methods
and trends. Survey papers are essential for understanding the progress in this domain, as
they offer comprehensive overviews of techniques available at the time of their publication.
This work aims to deliver a thorough and well-structured review of the latest developments
in 3D-HPE, building on previous surveys and providing valuable insights into recent tech-
nological advancements.

1.2 Scope of the study

Most survey papers highlight common challenges and suggest future directions in the field.
While data scarcity and generalization issues are frequently mentioned among these chal-
lenges, there is often little focus on the strategies used by existing techniques to address
these problems. Our review addresses this gap by exploring and organizing solutions such
as advanced learning algorithms beyond supervised learning and online/offline pose data
augmentation techniques. This structured presentation aims to provide readers with a clear
and practical understanding of how these strategies can mitigate the issues of data scarcity
and generalization.

With the advancement of machine learning algorithms, problem-solving approaches
have shifted from CNN-based methods to hybrid algorithms such as graph-transformers,
solution spaces from pixel-based to voxel/ NeRF (Neural Radiance Fields), determinis-
tic to probabilistic multi-hypotheses and recently diffusion-based approaches. We focus on
these latest trends and perspectives, thoroughly reviewing recent papers from top journals
and conferences in computer vision, covering the period from 2020 to March 2024. A few
relevant studies beyond this period are also included. Our review includes comprehensive
summaries of key sections, presented with tabular or visual illustrations for clarity.
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Additionally, we have extensively studied existing problems, categorizing them into com-
mon challenges and scenario-specific issues, and providing future directions with actionable
recommendations for research. We believe these insights will significantly benefit readers
and help them make rapid progress in the outlined areas. Figure 1 illustrates the focus area
of this survey, which centers on estimating 3D human pose from RGB images. The main
contributions of this survey are summarized as follows:

1. Unlike previous works, we begin by examining various recent problem-solving strate-
gies (Section 2) and then review cutting-edge deep learning approaches for different
3D-HPE scenarios (Sections 3 and 4). This approach provides a comprehensive under-
standing of the rapidly evolving field of 3D-HPE.

2. We specifically explore learning strategies beyond traditional supervision, including
semi-, weakly-, unsupervised, and self-supervised approaches. Additionally, we review
pose data augmentation techniques into offline and online categories. These approaches
are highly regarded by researchers for addressing the common challenges of data inad-

equacy and diversity in 3D-HPE.

3. We present the performance of state-of-the-art methods across benchmark datasets,
highlighting comparisons of different deep learning algorithms across various sce-
narios. We uniquely categorize the challenges into common and scenario-specific
issues, offering future directions with actionable recommendations.The rest of this
survey is organized as follows: Sect. 2 categorizes 3D-HPE strategies based on prob-
lem-solving stages, joint keypoint coordinates, multi-person paradigms, probabilistic/
diffusion-based approaches, and solution spaces. Sections 3 and 4 summarize state-
of-the-art techniques for single-person and multi-person scenarios, respectively. Sec-
tion 5 describes learning techniques beyond supervised learning, while Sect. 6 presents
benchmark datasets, online/offline pose data augmentation techniques and evaluation
metrics. Section 7 discusses the performance of various categories of 3D HPE mod-
els on benchmark datasets. Section 8 categorizes challenges in the field of 3D-HPE
into common and scenario-specific challenges and suggests potential future directions.

Finally, Sect. 9 concludes the study.
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2 3D-HPE problem-solving strategies

This section examines the problem-solving strategies utilized by current methods for
3D-HPE. These methods are analyzed based on several factors: the number of stages in the
solution process, which includes end-to-end single-stage approaches or two-stage methods
involving 2D-to-3D lifting; the coordinate system for keypoint estimation, whether absolute
or relative; multi-person paradigms that address scenarios with multiple individuals; deter-
ministic or probabilistic and diffusion-based approaches; the problem-solving space, which
can involve pixel space, voxel space, or NeRF; and emerging trends and needs. Before
delving into the technical specifics, Table 1 provides brief definitions of key terms to better
understand the concept.

2.1 Problem-solving stage

Based on problem-solving stages, the existing 3D-HPE methods are categorized into sin-
gle-stage or end-to-end and two-stage or 2D to 3D lifting paradigms. End-to-end learning
approache aims to directly estimate 3D poses from images using methods such as coor-
dinate regression, nearest neighbor matching between images and poses, or classification
over a set of pose classes. In the two-stage approach, 2D pose-aware features or directly the
2D human pose are utilized as intermediate inputs to estimate 3D coordinates. The field of
2D-HPE has made significant advancements due to the availability of large-scale datasets
and advancements in deep learning techniques. Building on these developments, research-
ers have applied state-of-the-art 2D-HPE networks, such as Stack Hourglass (Newell et al.
2016), Cascaded Pyramid Network (CPN) (Chen et al. 2018), and High-Resolution Net-
work (HRNet)(Sun et al. 2019), to recover a 3D human pose. The two-stage strategy miti-
gates the risk of overfitting to small 3D datasets and enables the utilization of existing 2D
pose datasets such as MPII (Andriluka et al. 2014) and COCO (Lin et al. 2014). Additional
image information such as texture and semantic details can aid in accurately predicting 3D
poses from 2D poses (Zhou et al. 2024a).

2.1.1 Single-stage or End-to-end

Umar et al. (2020) propose to utilize multi-view data to ensure spatial consistency without
costly 3D pose annotations for 3D-HPE from monocular images. LCR-Net++ (Rogez et
al. 2020) and UniPose+ (Artacho and Savakis 2022) present end-to-end method for 2D
and 3D pose estimation. These methods incorporate depth regression directly into the pose
estimation network. Wang et al. (2021b) introduce a Multi-view Pose Transformer model
for multi-person 3D pose estimation. This model uses a direct regression method with a
hierarchical joint query embedding scheme and projective attention mechanism. Despite its
superior performance and speed, it struggles with data scarcity and varying camera setups.
Reddy et al. (2021) address this issue with TesseTrack, which simultaneously addresses 3D
joint reconstruction and person association in space and time using a spatio-temporal for-
mulation in a common voxelized feature space. Honari et al. (2023) employ contrastive self-
supervised learning for single-stage human pose estimation from RGB video. The research
work (Luvizon et al. 2023) addresses scalability issues that employ a scalable sequential
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Table 1 Glossary of key
terminologies
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Key terms

Brief concepts

Convolutional Neural
Networks (CNNs)

Data Augmentation

Diffusion Models

Graph Convolutional
Networks (GCNs)

Hybrid Approach

Neural Radiance
Field (NeRF)

Transformer

Voxel

Mostly used to extract features from 2D
images or video frames to predict the 2D
location of body keypoints or estimate depth
maps, which are then used to infer 3D poses

Involves artificially increasing the size and
diversity of the dataset by applying transfor-
mations to images, such as rotation, flipping,
scaling, or altering keypoint positions. This
technique enhances the ability of the model
to generalize, enabling pose estimation mod-
els to effectively manage different human
poses, body shapes, and camera perspectives

These are generative models that synthesize
human poses by progressively refining ran-
dom noise into a plausible human skeleton.
These models aim to predict missing pose
data or generate diverse pose samples

Useful for modeling the skeleton as a graph
where joints are nodes, and bones are edges,
learning how the spatial configuration of
these joints evolves. GCNs are particularly
effective in inferring the 3D pose from 2D
pose keypoints by learning joint relationships

In 3D-HPE, a hybrid approach combines
different methods (e.g., CNNs, GCNs, or
transformers) to better capture both local and
global relationships between body joints.
Top-down and bottom-up approaches are
also combined to improve the performance
of multi-person pose estimation

NeRF is a neural rendering technique to
model and synthesize realistic 3D scenes
from 2D images. It works by learning a
volumetric scene representation where each
point in 3D space is associated with color
and density. In 3D-HPE, NeRF can be used
to represent a human body’s volumetric
scene in 3D by learning the appearance and
geometry from a set of 2D images

In 3D-HPE, transformers can model long-
range dependencies between body joints.
They use self-attention mechanisms to focus
on how joints relate to each other spatially
and temporally across video frames

In 3D-HPE, voxels represent the 3D volume
of the human body or parts of the body on

a grid of 3D units called volumetric pixels
(voxels). Each voxel contains information
about whether it is occupied by part of the
human body and may carry appearance
information such as color or texture
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pyramid network for regressing the pose at multiple scales using a sequential coarse-to-fine
approach.

Pros and cons of single-stage paradigm: 2D pose estimates tend to be quite noisy in
real-world applications, which can significantly and irreversibly affect the subsequent 3D
pose estimation step (Zhang et al. 2023c). Single-stage methods, which directly estimate
3D poses from 2D images without relying on intermediate 2D estimators, avoid this issue.
However, the focus of convolutional operations on local features and the lack of intermedi-
ate processing make these methods computationally intensive (Chen et al. 2024) and hence
unsuitable for real-time processing. Additionally, single-stage methods require 3D annota-
tions for training so the scarcity of large-scale labeled datasets in natural environments can
lead to overfitting and poor generalization of the pose estimator. The absence of intermedi-
ate supervision also makes these methods susceptible to variations in background and light-
ing, and the complexity of features makes the learning process for a single model extremely
difficult (Zhang et al. 2023b). Moreover, directly regressing from an image to a 3D human
pose is a highly nonlinear problem, leading to a large estimation model, a vast solution
search space, and a high likelihood of sub-optimal solutions. Therefore, lifting the predicted
2D human pose to a 3D pose has emerged as a viable direction within the two-stage methods
in this field (Nie et al. 2023).

2.1.2 2D-to-3D lifting

Depending on the type of intermediate input used for 3D coordinate estimation, two-stage
methods for 3D human pose estimation can be classified into 2D Pose-Aware Feature-Based
and 2D Pose-Based lifting methods. 2D Pose-Aware Feature-Based Lifting methods utilize
2D pose-aware features derived from the detected 2D human pose, such as heatmaps, part
affinity fields, or other keypoints descriptors. These features capture the spatial and con-
textual information from the 2D pose, which is then used to estimate the 3D coordinates
(Pavlakos et al. 2017; Wang et al. 2020; Liu et al. 2020a; Kundu et al. 2020a; Remelli et al.
2020; Benzine et al. 2020; Wu and Xiao 2020; Tu et al. 2020). The work (Liu et al. 2021)
uses 2D poses as input and employs an attention-based temporal convolutional neural net-
work to estimate 3D poses. Zhan et al. (2022) transform the input from 2D-pixel space to
3D rays in a normalized coordinate system, mitigating variations due to changes in camera
intrinsic parameters and pitch angle.

Some research works (Wandt et al. 2021; Cheng et al. 2021a; Wehrbein et al. 2021;
Kundu et al. 2022; Usman et al. 2022) incorporate 2D pose confidence scores and heatmaps
to estimate 3D poses. Such methods use high-confidence joints to correct the positions of
low-confidence, uncertain joints, enhancing overall prediction accuracy. Kim et al. (2024)
utilize the confidence levels of joints in 2D poses to create pseudo-labels. The model gener-
ates 3D pseudo ground-truths by calculating a weighted average for each joint based on the
confidence of the 2D poses, which are then used for self-supervised learning.

2D Pose-Based Lifting methods (Zhou et al. 2017; Pavllo et al. 2019; Liu et al. 2020b;
Shuai et al. 2023) directly use the 2D human pose, consisting of the detected keypoints or
joints in 2D space, as the intermediate input. The spatial configuration of these 2D joints
is leveraged to infer the corresponding 3D positions, aiming to reconstruct the 3D pose
from the 2D joint locations. The research work (Xu et al. 2020) refines 2D poses using
perspective projection and estimates 3D poses by applying kinematic constraints. Zhang et
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al. (2020) leverage pose geometry, including poses and viewpoints, to lift 2D poses into 3D
poses. AdaFuse (Zhang et al. 2021) utilizes a 2D pose method to generate heatmaps for each
view and fuse them using epipolar geometry prior to estimating the 3D pose.

Pros and cons of 2D-to-3D lifting: The task of estimating 2D human poses from images
is a well-solved problem (Nie et al. 2023), providing a clear visualization of joint positions
and aligning well spatially with the 3D pose, making it robust against image distortions such
as varying backgrounds, clothing, and colors, given sufficient ground-truth (GT) data. This
approach can significantly reduce uncertainty and semantic loss (Lee et al. 2023). Addition-
ally, there are many 2D labels available, especially in-the-wild, because labeling 2D poses
is easier and cheaper than capturing 3D ground truth (Nie et al. 2023). The widespread
availability of 2D human pose detectors and the lightweight nature of 2D skeleton repre-
sentations have made lifting-based methods prevalent in 3D pose estimation (Zhao et al.
2023b). However, the 2D-to-3D pipeline involves several variable factors, such as the num-
ber of views, video sequence length, and whether camera calibration is used (Shuai et al.
2023). Moreover, the 2D-to-3D approach inherits errors from the 2D model and increases
computational complexity by sequentially calculating depth in a second step, rather than
estimating depth concurrently.

2.2 Joint keypoint coordinates

Existing 3D-HPE methods predict 3D poses either relative to the root body joints or the
camera coordinates. Based on the reference coordinate system, these methods are classified
into person-centric and camera-centric. Some models estimate keypoints in both person-
centric and camera-centric coordinates to compare their performance with state-of-the-art
technologies and the datasets used for training. For instance, TesseTrack (Reddy et al. 2021)
calculates the root-centered MPJPE metric on the Human3.6M dataset and the non-root-
centered MPJPE on the CMU Panoptic dataset. It is relevant to estimate 3D pose in relative
body coordinates for a single person, however, it requires absolute coordinate for multi-
person from monocular images and global coordinate is meaningful for multi-person pose
estimation from multiple camera views.

2.2.1 Person-centric

Person-centric, also known as relative coordinates or root-centric methods predict 3D coor-
dinates for keypoints relative to a central body point, such as the pelvis, with this root joint
centered at the origin and other joints estimated in relation to it. This approach is primarily
useful for single-person pose estimation using monocular images. Various methods for esti-
mating pose in root-centric coordinates for single-person 3D-HPE with monocular images
are described in works (Zhang et al. 2023a; Ci et al. 2022; Zheng et al. 2021; Bartol et al.
2022; Cheng et al. 2021a; Wehrbein et al. 2021; Usman et al. 2022). Additionally, some
studies (Honari et al. 2023; Liu et al. 2021; Lee et al. 2023; Choi et al. 2021a; Kundu et al.
2021) focus on video input to estimate 3D pose in person-centric coordinates. However,
person-centric methods are less suitable for scenarios involving multiple people or multiple
views because they lose the location of persons in the scene and do not know where to place
them.
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2.2.2 Camera-centric

Camera-centric or absolute coordinates methods predict 3D keypoints relative to the camera
as a reference point. The distance between the camera and the person defines the person’s
size and keypoints, which is crucial in multi-person 3D HPE involving multi-view image
or video input. For example, a person farther from the camera appears shorter than a person
closer to the camera, even if the distant person is taller. Person-centric coordinates limit
generalization for multi-view setups because relative poses predicted from one camera can-
not be easily projected into a different view, complicating occlusion handling in multi-view
scenarios. In contrast, when estimations are made relative to a static reference, predictions
can be easily projected from one view to another (Luvizon et al. 2022). For multiple camera
scenarios, it is relevant to estimate 3D pose in a global or world coordinate system. Esti-
mating absolute 3D poses is more advantageous than root-relative 3D poses in real-world
applications. For instance, in an unmanned store, it is essential to detect the merchandise
picked up by a customer, which relies on accurate hand localization in the world coordinate
system (Zhan et al. 2022). Similarly, applications such as augmented reality require camera-
centric human body keypoints for re-localizing a person in the world coordinate system. The
research works (Cheng et al. 2023; Wu and Xiao 2020; Cheng et al. 2021a; Luvizon et al.
2022; Wei et al. 2022; Cheng et al. 2021b; Zou and Tang 2021; Jin et al. 2022; Wang et al.
2022) use a monocular image or video input to find human keypoints in camera coordinates.
Most multi-view research works (Zhang et al. 2021; Dong et al. 2022; Gholami et al. 2022)
estimate human keypoints with respect to world coordinates, enabling articulation across
multiple views.

2.3 Multi-person paradigms

The problem-solving paradigms used in 3D multi-person pose estimation (3D-MPPE) can be
divided into top-down, bottom-up, and hybrid approaches as shown in Fig. 2. The top-down
paradigm involves first identifying each person using a bounding box and then detecting
their keypoints. In contrast, the bottom-up paradigm generates heatmaps for all individuals
at once and subsequently assigns keypoints to each person. Generally, top-down methods
tend to be more accurate, while bottom-up methods are usually faster. The hybrid approach
integrates aspects of both top-down and bottom-up methods to leverage their respective
advantages. Additionally, some research tackles the multi-person 3D-HPE problem using
a single-stage approach, differing from the typical two-stage solutions of top-down and
bottom-up paradigms.

2.3.1 Top-down paradigm

Top-down methods first identify bounding boxes likely to contain a person and then per-
form single-person HPE for each detected individual. Existing methods (Reddy et al. 2021;
Cheng et al. 2021a; Dong et al. 2022; Han et al. 2022; Guo et al. 2021; Lin and Lee 2021;
Chen et al. 2020; Wu et al. 2021) utilize this top-down approach to estimate 3D poses in
multi-person scenarios. Generally, top-down approaches offer superior accuracy in pose
estimation and are ideal for applications requiring high precision (Wu and Xiao 2020).
However, these methods heavily depend on the accuracy of the people detector (Han et al.
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Fig. 2 Multi-person paradigms: top-down, bottom-up, and hybrid approaches

2022) and often fail to detect individuals who are mostly occluded. Additionally, they do not
scale well in crowded scenes, as their computational complexity increases with the number
of people, resulting in slower performance and not suitable for real-time processing. The
research work (Benzine et al. 2020) employs bounding box detection without depending on
the number of persons in the images.

2.3.2 Bottom-up paradigm

Bottom-up approaches do not require human detection and can estimate the poses of mul-
tiple people simultaneously. Typically, these methods involve generating heatmaps fol-
lowed by post-processing steps to assemble joint detections into complete human skeletons.
Zhou et al. (2021, 2023) present a bottom-up method for instant-aware human body pars-
ing, where semantic and geometry-rich human joints are regressed as pixel embeddings,
enabling efficient grouping of fine-grained semantics through joint association. Existing
methods (Wang et al. 2021b; Zhang et al. 2023c; Tu et al. 2020; Benzine et al. 2021; Fab-
bri et al. 2020) adhere to the bottom-up paradigm for multi-person 3D-HPE and are more
efficient than top-down methods. Unlike top-down approaches, bottom-up methods produce
multi-person joint locations in a single pass, allowing for 3D pose inference even under
significant occlusion (Benzine et al. 2020). However, most current bottom-up methods pro-
cess all individuals at a uniform scale, making them sensitive to variations in scale among
multiple people and less capable of detecting joints of smaller individuals.

2.3.3 Hybrid/single-stage
Top-down methods are generally effective in considering the scale of people within a scene

but are susceptible to detection errors due to occlusion within a person and require more
resources as the number of people increases in crowded scenes. On the other hand, bottom-
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up methods are usually efficient and do not rely on the number of people in the scene but
tend to make errors with small-scale individuals. Cheng et al. (2021b, 2023) propose com-
bining top-down and bottom-up networks to take advantage of both approaches. In their
integrated network, the top-down network estimates the joints of all individuals in an image
patch, while the bottom-up network uses human detection based on normalized heatmaps,
enhancing the model’s robustness to scale variations.

The authors of the papers (Jin et al. 2022; Wang et al. 2022) argue that current multi-
person methods using either two-stage top-down or bottom-up approaches face issues with
redundant computations and high computational costs, resulting in inadequate efficiency
for real-time processing. Jin et al. (2022)propose a single-stage solution with a decoupled
regression model for multi-person 3D human pose estimation using regression maps. Wang
et al. (2022) introduce a single-stage distribution-aware method that enhances body joint
estimation recursively.

2.4 Deterministic vs. probabilistic vs. diffusion-based

Existing research on 3D-HPE can be categorized into deterministic and probabilistic
approaches based on the number of solutions they provide. Deterministic approaches gen-
erate a single, definitive 3D pose for each image, making them practical for real-world
applications. Probabilistic approaches model the 2D-to-3D conversion as a probability dis-
tribution and produce a set of possible solutions for each image, accommodating uncer-
tainty and ambiguity in the lifting process. To make these probabilistic approaches practical,
aggregation techniques combine multiple hypotheses into a single, higher-quality 3D pose.
Recently, diffusion models have been popular in image generation tasks and have also been
explored for 3D pose estimation. These models are based on the concept of gradually trans-
forming simple data distributions such as Gaussian noise into more complex distributions
that represent the final 3D pose. The generic flow of these techniques is illustrated in Fig. 3.

2.4.1 Deterministic approach

Most of the existing 3D-HPE methods (Honari et al. 2023; Artacho and Savakis 2022; Nie et
al. 2023; Liu et al. 2020a; Wang et al. 2020; Zhao et al. 2023b; Luvizon et al. 2022; Tang et al.
2023) follow a deterministic approach, providing a definite, single 3D pose for each frame.
Deterministic methods are favored because they produce consistent and straightforward
results, making them practical for various applications. However, accurately reconstructing
the correct 3D pose from 2D joint detections is challenging due to depth ambiguities and
occluded body parts, leading to multiple feasible solutions. Approaches based on determin-
ism often overlook these ambiguities by assuming a single solution exists, which can result
in less satisfactory results.

2.4.2 Probabilistic approach
Probabilistic methods aim to model the uncertainty in pose estimation mostly from 2D
detectors. Bertoni et al. (2019) tackles the ambiguity in the localization by estimating con-

fidence intervals using a loss function derived from the Laplace distribution. Rogez et al.
(2020); Wehrbein et al. (2021) propose a probabilistic model to generate multiple 3D pose
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Fig. 3 Generic flow of deterministic, probabilistic, and diffusion-based approaches

hypotheses to create a series of pose suggestions for the localization process in pose detec-
tion. Han et al. (2022) proposed uncertainty learning to tackle uncertainties stemming from
noisy labeling, imprecise person detection, and occlusion by modeling uncertainties in joint
locations using probability. Wandt et al. (2022) employ normalizing flows to establish a
prior distribution of poses, facilitating the identification of the most probable up-to-scale 3D
pose from random projections. Research in (Li et al. 2023b, 2022) proposes a methodology
involving initial one-to-many mapping followed by a many-to-one mapping through mul-
tiple intermediate hypotheses. Bartol et al. (2022) propose a method for triangulating human
poses that generates multiple 3D pose hypotheses by triangulating random subsets of views
for each joint. Lee et al. (2023) utilize a posture entropy-based probabilistic model, Jiang
et al. (2023) utilize probability distributions to represent camera poses whereas MHCanon-
Net (Kim et al. 2024) generates multiple hypotheses for pose and rotation within the spatial
domain while capturing temporal correlations of features across multiple frames. A probabi-
listic 3D-HPE framework can be enhanced by integrating dynamic parameters and heuristic
functions, such as joint or motion constraints. A recent study by (Sun et al. 2024) exempli-
fies this approach by incorporating proprioceptive feedback into their probabilistic model.

2.4.3 Diffusion-based approach

Diffusion models such as (Gong et al. 2023) start from an initial noisy pose estimate and
iteratively refine it over time through a learned diffusion process. These methods often
involve a learned reverse process where noise is removed step-by-step to recover the true
pose. Shan et al. (2023) propose a diffusion-based method that is compatible with exist-
ing 3D-HPE methods as a backbone and allows for a customizable number of hypotheses
during inference. Holmquist and Wandt (2023) introduce a conditional diffusion model to
predict multiple hypotheses as the gradual transformation of a vector representing 3D joint
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coordinates into a Gaussian distribution. The denoising phase relies on joint-wise heatmaps
generated by a 2D joint detector that uses an embedding transformer. This embedding trans-
former non-linearly embeds all samples for each joint into a single vector, preserving their
multi-modality. Cai et al. (2024a) utilize a disentanglement approach using hierarchical
information to explicitly model pose priors in the forward diffusion process. In the reverse
process, they use a denoiser consisting of a spatial transformer related to the hierarchy and
a temporal transformer.

2.5 Problem solving space

Existing methods are examined based on the problem-solving space where the actual 3D
pose estimation task is performed. Many methods for 3D-HPE operate in pixel space, while
a few research efforts have proposed models that function in 3D space using discretized
voxels. Recently, some studies have leveraged NeRF for various tasks related to 3D human
modeling.

2.5.1 Pixel-based approach

Most existing methods (Honari et al. 2023; Cheng et al. 2023; Kim et al. 2024; Chen et
al. 2024; Nie et al. 2023; Lee et al. 2023; Zhao et al. 2023b; Chen et al. 2022; Tang et al.
2023; Gong et al. 2023; Yu et al. 2023) perform the task 3D-HPE within the pixel space.
These approaches typically begin by extracting image features related to human pose and
representing them in a 2D space. The subsequent pose estimation task is then performed on
these 2D feature maps. These pixel-based methods are computationally efficient, but they
face significant challenges due to the highly non-linear process of regressing 3D coordinates
from 2D feature space.

2.5.2 Voxel-based approach

Volumetric supervision in 3D pose estimation offers detailed ground truth data for each
voxel in 3D space, providing richer information. This approach directly regresses 3D coor-
dinates by transforming them into predicting confidence estimates for each voxel (Pavlakos
etal. 2017). Additionally, directly regressing joint coordinates becomes impractical in multi-
person environments when the number of people is unknown beforehand, making volumet-
ric heatmaps a natural choice for bottom-up multi-person 3D-HPE (Fabbri et al. 2020). Tu
et al. (2020); Reddy et al. (2021); Zhang et al. (2023c) propose voxel-based approach for
estimating the 3D poses of multiple people from multiple camera views, operating directly
in 3D voxel space by integrating all camera views. In this technique, the integrated 3D rep-
resentation effectively eliminates the need for associating 2D poses across different views,
which is beneficial for handling occlusions. However, the accuracy is highly dependent on
the resolution of the volumetric heatmap, with precision linked to the size of each voxel,
and high-resolution heatmaps require significant memory, leading to scalability problems.
Consequently, these methods are either accurate but slow or fast but inaccurate, and a new
model must be trained for each specific speed-accuracy trade-off (Luvizon et al. 2023).
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2.5.3 NeRF-based approach

Recently, Neural Radiance Field (NeRF)(Mildenhall et al. 2020) has gained prominence for
generating novel views by synthesizing scenes from multiple images. Researchers propose
to leverage the NeRF for 3D human modeling in various tasks such as animation, avatar,
and portrait synthesis. Some recent works, such as A-NeRF (Su et al. 2021) and Neural
Body (Peng et al. 2021, 2023) have specifically addressed the representation of the articu-
lated human body using NeRF. A-NeRF integrates articulated skeleton models and implicit
functions to create 3D representations from 2D images. It initializes articulated body poses
using a standard 3D pose estimator and utilizes spatial latent variables. Neural Body focuses
on generating new views of moving humans from sparse multi-view videos by using latent
codes to encode local features and appearance. These codes are associated with vertices
from the SMPL (Loper et al. 2015) model, which captures human figure dynamics. Recent
research enhancements (Peng et al. 2023) integrate an implicit surface model to improve
geometry extraction and constrain learned geometry during training. Gholami et al. (2024)
propose a NeRF-based data augmentation method incorporating A-NeRF (Su et al. 2021) to
generate diverse 3D human pose data. Numerous methods employ NeRF for human model-
ing, typically relying on off-the-shelf 3D pose estimators or heavy parametric models such
as SMPL, which implicitly include 3D pose information. At present, there are no widely
recognized methods that specifically target 3D human pose estimation using NeRF.

2.6 Emerging techniques and needs

In addition to the strategies outlined in the previous subsections, several new techniques
have recently been proposed. With the success of large language models (LLMs) in natu-
ral language processing, some recent studies (Wang et al. 2024; Feng et al. 2024) have
begun exploring their application to 3D-HPE. LLMs hold significant promise for improving
3D-HPE by integrating semantic understanding from language models with geometric rea-
soning, potentially leading to more robust and accurate pose estimation systems.

Lightweight models for real-time 3D-HPE are becoming increasingly important with the
growing use of mobile devices, tablets, and embedded systems. Some methods (Choi et al.
2021b; Ye et al. 2022; Liu et al. 2020b) have been proposed to achieve real-time 3D-HPE,
however, the key challenge is designing models that are both efficient and accurate, able to
run on devices with limited computational resources, such as lower memory and processing
power. These advancements would enable real-time applications such as AR/VR experi-
ences, fitness tracking, and human-computer interaction on portable, resource-constrained
devices, making 3D-HPE more accessible and practical for everyday use.

Many existing methods for estimating 3D poses focus on scenarios with uniform back-
grounds. However, exploring the interaction between humans and dynamic 3D scenes for
real-world applications is crucial. This involves understanding how humans interact with
their environment, which is essential for developing more robust and applicable pose estima-
tion techniques. Some studies (Guzov et al. 2021; Yi et al. 2022; Wang et al. 2023a) explore
human-scene interaction using various sensors, but further research is needed to advance
these methods in dynamic environments. Recent work by (Zhou et al. 2024¢) employs mul-
tiple sensors for human activity recognition, incorporating sensor data in the feature selec-
tion process. Such approach could enhance human interaction in dynamic environments.
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3 Single-person 3D-HPE methods

This section provides an overview of current techniques in single-person 3D-HPE, focusing
on predicting the 3D coordinates of key body joints, including the head, shoulders, elbows,
and knees. These methods are categorized based on their use of monocular or multi-view
images and videos, and further classified by the deep learning algorithms they employ, such
as CNNs, GCNs, Transformers, and hybrid models. The general procedure for single-person
3D-HPE is summarized in Fig. 4.

3.1 3D-HPE from monocular image

3D-HPE from monocular images involves the use of RGB images from a single camera
which doesn’t require calibration of camera parameters. It has gained significant attention
as an essential component in numerous human-centric applications. Despite this interest, the
task remains highly challenging due to depth ambiguity, and occlusion, necessitating large
volumes of in-the-wild datasets for effective generalization. Depth ambiguity can be defined
as the difficulty of accurately determining the depth (distance from the camera) of body
joint keypoints. This occurs because different 3D poses can produce similar or identical 2D
projections, making it hard to infer the correct depth from a single camera view. Similarly,
occlusion refers to the situation where parts of the body such as arms or legs are blocked
from view by other parts of the body or external objects, making it difficult to estimate the
full pose. Methods must be robust to occlusions and infer the hidden body joints based on
the visible joints. Various methods have been developed to address these challenges, which
are discussed in the following sub-sections.

3.1.1 CNN-based methods

Several research efforts have introduced end-to-end approaches to tackle the need for exten-
sive 3D pose annotations, aiming to improve generalization and effectively address chal-
lenges such as depth ambiguity and occlusion. Umar et al. (2020) utilize 2D pose-annotated
images to train their model, incorporating a heatmap loss and a multi-view consistency
loss. Mitra et al. (2020) use synchronized videos from multiple views to learn pose embed-
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dings, using a limited set of 3D pose labels to ensure that similar poses are mapped closely
in the embedding space. The research work (Kundu et al. 2020b) utilizes unlabeled mon-
ocular video samples and designs a kinematic structure preservation pipeline incorporating
hierarchical limb connectivity. The research work (Luvizon et al. 2023) proposes Scalable
Sequential Pyramid Networks to address scalability issues by regressing poses at multiple
scales and generating heatmaps and depth maps used for 3D pose regression.

Some research works utilize various body parts geometry to handle depth ambiguity and
occlusion. Fang et al. (2018); Xu et al. (2022) present methods to leverage pose grammar
such as kinematics, symmetry, and motor coordination. These architectures feature a hierar-
chy of Bi-directional RNNs, which efficiently capture the bidirectional relationships within
the dependency grammars. Liu et al. (2020a) leverage the relationships between various
body parts using a graphical convolutional Long Short-Term Memory (LSTM) (Hochreiter
and Schmidhuber 1997). The research work (Kundu et al. 2020a) introduces a differentiable
part-based representation that includes a single part-based 2D puppet model, constraints on
human pose articulation, and a collection of unpaired 3D poses. Wu and Xiao (2020) uses
depth values of human joints and limb depth maps, created by densely interpolating depth
values along the limbs, assuming the limbs are rigid structures.

Researchers have also introduced various learning and optimization strategies to address
the problem of data scarcity, generalization, and occlusion. Li et al. (2020b) present a self-
supervised learning approach leveraging geometric principles to create a supervision signal
from multi-view frames. To handle the impact of noise from self-occlusions, the network
incorporates the confidence levels of the 2D joints. Wandt et al. (2021) design CanonPose
to learn monocular 3D-HPE using multi-view self-supervision from uncalibrated cameras.
The key concept is that 2D detections from one viewpoint can be projected onto another
viewpoint through a canonical pose space. Zhang et al. (2020) introduce an inference stage
optimization method to enhance model generalization by conducting self-supervised learn-
ing on unlabeled target images during the inference phase. Kundu et al. (2022) combine
model-free joint localization and model-based parametric regression networks. It incorpo-
rates negative samples, including backgrounds and simulated synthetic joint-level occlu-
sions, to enhance the effectiveness of the proposed pose and joint uncertainties. CNN-based
methods are straightforward to integrate with other networks. For example, (Gao et al.
2023) utilize a CNN-based body pose estimation sub-network to predict the coordinates of
hand joints, significantly improving the overall performance of their network.

3.1.2 GCN-based methods

GCNs have been used in two-stage methods as the detected 2D keypoints can be represented
as a graph structure, allowing the relationships between body joints to be effectively cap-
tured and processed. The body joints relationship and limb length constraints are utilized
to handle depth ambiguity and occlusion. Ma et al. (2021) introduce ContextPose which
integrates a pictorial structure model imposing limb length constraints within a graph neural
network. Xu and Takano (2021) propose Graph Stacked Hourglass Network by integrating
multi-scale and multi-level features with prior knowledge of human skeletons. The research
work (Xu et al. 2021) proposes a method using a teacher-student approach. The teacher net-
work employs pose-dictionary-based regularization and the student network uses a GCN to
estimate 3D coordinates exploiting geometry consistency. Zou and Tang (2021) introduce a
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weight-modulated GCN to separate the feature transformations of different nodes and learn
a variety of relational patterns between body joints. Ci et al. (2022) capture dependencies
among graph nodes by decomposing the Laplacian operator into a product of a predefined
structure matrix and a learnable weight matrix. Azizi et al. (2022) present a spectral GCN
architecture utilizing the Mobius transformation on the eigenvalue matrix of the graph
Laplacian to explicitly encode the pose through inter-segmental angles and joint transla-
tions. Zhang et al. (2023c) propose the Parallel Hop-Aware Graph Attention Network to
learn correlations of skeleton joints while maintaining spatially precise representations of
the human graph and the semantic correlation of multi-hop nodes.

3.1.3 Transformer-based methods

Some studies suggest using pose-specific self-attention mechanisms to exploit the struc-
ture of the human skeleton. Li et al. (2023a) propose a pose-oriented adaptation of the
transformer architecture which computes the relative distance between pairs of joints and
encodes this information as an attention bias within the self-attention process. This mecha-
nism enhances the ability to capture dependencies within the human skeleton. Zhou et al.
(2024a) propose to leverage image information by selecting valuable features from various
image patches in their network.

3.1.4 Hybrid/other methods

GCN-+transformer: Some researchers have combined GCNs and Transformers in their
networks to leverage the strengths of both architectures. Zhao et al. (2022) propose GraFor-
mer, comprising GraAttention and ChebGConv components. The GraAttention integrates
graph convolution layers in place of MLP following the multi-head attention to capture
global information from all nodes. The ChebGConv block facilitates information exchange
between non-adjacent nodes, thereby achieving a broader receptive field. Chen et al. (2024)
introduce a dynamic graph transformer, consisting of a Transformer Encoder (TE), an
immobile GCN, and a dynamic GCN. The TE module utilizes a self-attention mechanism
to understand complex global relationships among skeleton joints. The immobile GCN
focuses on identifying the local physical connections between human joints. Meanwhile,
the dynamic GCN is dedicated to learning sparse dynamic K-nearest neighbor interactions
based on various action poses, effectively addressing the pose-dependent correlations of
joints.

Other methods: Li and Pun (2023) combine GAN-based pose generation and MLP-
based estimation networks through co-training. The GAN-based network increases diver-
sity in the generated poses and a joint-angle loss to ensure poses remain within reasonable
limits. An MLP-based body-parts grouping strategy is proposed for pose estimation. Chai
et al. (2023) propose an unsupervised method based on GAN to tackle the problem of 3D
human pose domain adaptation. The global position alignment is achieved through a geo-
metric constraint and the local root-relative poses are augmented to increase the diversity
of local structures in the 3D poses. Nie et al. (2023) introduce an AutoEncoder (AE) based
method to learn a 3D human body model by addressing the 2D-3D ambiguity through
domain adaptation in regression. Kang et al. (2023) propose an enhancement to convolution
operations called GridConv by transforming the pose representation from a graph structure
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to a weave-like grid pose using Semantic Grid Transformation. An attention module is inte-
grated into the convolutional kernel, which enhances the capability of GridConv to encode
contextual information.

3.2 3D-HPE from monocular video

Estimating 3D Human Pose from videos captured by a single RGB camera is crucial for
various applications, such as surveillance systems, due to the low cost and ease of deploy-
ment of RGB cameras. Monocular video-based methods can leverage temporal information
to resolve depth ambiguity and occlusion challenges. However, these methods encounter
several difficulties, including the high-dimensional variability and nonlinearity of human
dynamics, along with issues like motion blur and variations in movement speed relative to
the training data. Various methods have been proposed to address these challenges, which
are examined in the following sub-sections.

3.2.1 CNN-based method

Most of the methods utilize temporal information to address depth ambiguity and other
challenges. Artacho and Savakis (2022) present an end-to-end unified framework, Uni-
Pose+, leveraging a linear sequential LSTM for temporal information. Pavllo et al. (2019)
employ dilated temporal convolutions to capture long-term dependencies, allowing for the
simultaneous processing of multiple frames for solving depth ambiguity. Wang et al. (2020)
propose a method to learn feature representations for both images and spatial context using
CNNs and LSTM to capture temporal dependencies for smooth prediction. Liu et al. (2020b)
integrate an attention mechanism to utilize temporal context through a temporal convolu-
tional network (TCN). Xu et al. (2020) integrate kinematic analysis into deep models to
leverage human prior knowledge by adhering to the constraints of perspective projection
to refine noisy 2D inputs and 3D pose refinement is achieved through trajectory comple-
tion. Cheng et al. (2020) propose multi-scale features both spatially and temporally to deal
with people at varying distances and speeds. Liu et al. (2021) leverage an attention-based
model and a multi-scale structure of dilated convolutions to learn implicit dependencies
within large temporal receptive fields without increasing network layers. Cho et al. (2021)
proposed a method to adapt to camera distortion scenarios in monocular video by utilizing
model-agnostic meta-learning. Lee et al. (2023) propose Temporal Propagating LSTM Net-
works using spatio-temporal posture correlations to minimize posture entropy, addressing
joint interdependency, temporal consistency, and human perception.

3.2.2 GCN-based methods

GCN-based methods utilize spatial and temporal representations from multiple neighboring
nodes to get richer information about the keypoints. Zeng et al. (2021) propose a dynamic
hop-aware hierarchical channel-squeezing fusion layer, which updates node features by
extracting relevant information from neighboring nodes and minimizing unwanted noise.
The research work (Yu et al. 2023) proposes a global-local learning architecture that lever-
ages both global spatio-temporal representation and local joint representation within a
GCN-based model utilizing ground truth 2D pose data.
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3.2.3 Transformer-based methods

The self-attention mechanism in Transformers enables the distinct capture of global correla-
tions across extended input sequences. Consequently, several transformer-based approaches
have been developed to process long video sequences, thereby acquiring more comprehen-
sive pose information to tackle various challenges. Most of the methods (Zheng et al. 2021;
Li et al. 2022; Zhao et al. 2023b; Kim et al. 2024) utilize spatial transformers to capture
local relationships between 2D joints within each frame through spatial self-attention lay-
ers and considering the positional information of the 2D joints and temporal transformer
module to examine the global dependencies among the spatial feature representations across
different frames.

Zhang et al. (2022) introduce MixSTE (Mixed Spatio-Temporal Encoder) to model the
temporal motion of each joint individually and a spatial transformer to capture inter-joint
spatial correlations. Unlike approaches that focus on the central frame, MixSTE processes
entire frames from the input video, enhancing the coherence between the input and output
sequences. Tang et al. (2023) introduce a spatio-temporal criss-cross attention (STC) mech-
anism that models spatial and temporal information in parallel. Zhou et al. (2024b) propose
a SlowFastFormer that includes a parallel encoding stage with slow and fast branches fol-
lowed by a blending stage to handle lower/higher rate motion. Cai et al. (2024a) propose
a diffusion-based method that employs a disentanglement strategy in the forward diffusion
process, leveraging hierarchical information to explicitly model pose priors. The model
includes a denoiser composed of a hierarchical-related spatial transformer and a temporal
transformer, which enhances the connections among hierarchical joints by increasing the
attention weight of adjacent joints during the reverse diffusion process.

3.2.4 Hybrid methods

GCN-+transformers: Zhu et al. (2021) present PoseGTAC with a Graph Atrous Convolu-
tion (GAC) to expand receptive fields and learn multi-scale pose context, alongside a Graph
Transformer Layer to capture global long-range relationships. Li et al. (2023b) propose an
extension of previous work (Li et al. 2022) by replacing standard transformer encoders with
graph transformer encoders to capture both global and local information of body joints to
better constrain the physical structure of the estimated 3D poses. Gong et al. (2023) intro-
duce a diffusion-based architecture integrating a GCN-based diffusion model and a context
encoder aiming to address indeterminacy and uncertainty. Zhai et al. (2023) propose a Hop-
wise GraphFormer with Intragroup Joint Refinement to investigate the potential correlations
among human joints. The Hop-wise GraphFormer component clusters joints based on their
k-hop neighbors and employs a transformer-like attention mechanism to these clusters, aim-
ing to uncover hidden joint synergies. Chen et al. (2023) introduce the High-order Directed
Transformer (HDFormer) to address the challenges of overlapping keypoints, rapid pose
changes, and varying scale changes in the depth estimation of 3D keypoints. HDFormer
leverages joint-joint, bone-joint, and hyperbone-joint relationships, incorporating self-
attention and high-order attention to create a multi-order attention module. This approach
integrates GCN within the transformer-based framework to achieve a balance between per-
formance and efficiency.

@ Springer



24 Page 20 of 53 R. B. Neupane et al.

3.3 3D-HPE from multi-view images

The primary objective of estimating single-person 3D pose from multiple camera images
is to determine the absolute 3D locations of body joints within a world coordinate system.
Utilizing multi-view information can effectively restore depth information and occluded
parts. However, applying the multi-view approach in practice presents several challenges,
as it requires synchronized and calibrated cameras to aggregate information from multiple
views. Various methods employing different deep learning algorithms have been proposed
to address these challenges, as discussed in the following sub-sections.

3.3.1 CNN-based methods

Remelli et al. (2020) proposed a lightweight architecture to obtain feature maps in a canoni-
cal frame of reference which are disentangled from the camera poses. It predicts 2D joint
locations from a learned camera-independent representation of 3D pose and lifts 2D pose
to 3D via an efficient formulation of differentiable triangulation. AdaFuse (Zhang et al.
2021) fuses the heatmaps from each view using epipolar geometry and camera parameters
to find corresponding points and a SoftMax operator is applied to reduce noise. The research
work (Luvizon et al. 2022) addresses the task of predicting 3D human poses in absolute
coordinates separating the prediction of absolute depth and the estimation of relative joint
depths by utilizing view frustum space pose estimation. Wan et al. (2023) propose a Multi-
View Fusion module that utilizes keypoints detected in source views to generate pseudo
heatmaps. It represents the probability distribution of keypoints localized in the reference
view through feature matching and Holistic Triangulation incorporates anatomy priors to
maintain pose coherence and plausibility inferring the entire pose as a unified entity. Jiang
et al. (2023) introduce a probabilistic triangulation module for estimating uncalibrated 3D
human poses from multiple views. Usman et al. (2022) propose a Metapose without 3D
joint annotations or camera parameters during training or inference. Metapose combines
pose predictions and uncertainty estimates from multiple views by fusing the outputs of
single-view modules using a simple view-equivariant neural network.

3.4 3D-HPE from multi-view videos

Estimating the 3D pose of a single person using videos from multiple viewpoints can effi-
ciently address issues related to depth ambiguity and occlusion. Nevertheless, this method
requires substantial computational power and an expensive setup. As a result, there are rela-
tively few research studies in this area and not suitalbe for real-time processing.

Shuai et al. (2023) propose a Multi-view Fusion Transformer for handling variable multi-
view sequences without the need for camera calibration. It incorporates the inter-view rela-
tionships into its relative-attention block and reconstructs features from multiple views.
Additionally, the method employs a random mask mechanism within the multi-view fusion
and the temporal fusing transformer to enhance robustness against variations in the number
of views and the length of the video. Cai et al. (2024b) propose FusionFormer which also
does not rely on camera parameters and fuses multi-view and multi-frame features within
a unified scheme. FusionFormer encodes 2D pose estimation results into pose features and
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then uses a transformer encoder to jointly merge multi-view and multi-frame features into
a global feature.

Zhang et al. (2024) propose a multi-view 3D human pose estimation method based on a
deep semantic graph transformer. This network dynamically learns deep semantic features
and their relationships, incorporating the position, spatial structure, and skeletal edges of all
human joints. By progressively fusing crucial spatial-temporal information from multiple
viewpoints, it effectively models the long-term dependencies between frames.

4 3D multi-person pose estimation methods

3D multi-person pose estimation (3D-MPPE) is highly suitable for addressing various real-
world problems, including sports performance analysis, human interaction, and video sur-
veillance. Despite its potential, research in 3D-HPE for multiple individuals remains limited
and challenging. This is primarily due to the lack of sufficient in-the-wild datasets, issues
with intra-person occlusion, and varying input image/video quality. Additionally, it is nec-
essary to estimate the 3D pose in an absolute coordinate system to accurately reflect each
person’s position relative to others, mirroring their actual locations in real-world scenes.

4.1 3D-MPPE from monocularimage

Estimating the 3D pose of multiple people from monocular images is particularly challeng-
ing because it requires calculating the poses of multiple individuals from the features of a
single image. Various methods have been proposed to address this problem, utilizing differ-
ent deep learning algorithms.

4.1.1 CNN-based methods

Rogez et al. (2020); Benzine et al. (2020) propose anchor-based top-down methods to esti-
mate multi-person 3D poses. The PandaNet Benzine et al. (2020) enables the use of lower
resolution outputs compared to heatmaps, as a single output pixel can represent the entire
pose of a subject beneficial for managing occlusion. Guo et al. (2021) proposed a method
that utilizes a decoupling dual-branch structure to reconstruct human height and determine
the depth and position of the 3D human root. An attention mechanism improves relative
pose estimation accuracy, and synthetic occlusions are added to training samples to handle
bounding box shrinkage due to occlusions.

Jin et al. (2022) introduce a single-stage pipeline for multi-person 3D pose estimation by
presenting the Decoupled Regression Model. This approach combines 2D pose regression
with person depth estimation to perform 3D pose regression jointly through a position query
operation and adaptively understand the scale information of instances. Wang et al. (2022)
propose a Distribution-Aware Single-stage model designed to localize the 3D positions of
individuals and their body joints within the camera coordinate space simultaneously.
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4.1.2 GCN-based methods

Han et al. (2022) propose a top-down method to predict 3D human joint locations and their
associated uncertainties simultaneously. Visual joints typically have low uncertainties and
occluded joints have high uncertainties. Based on the learned uncertainties and the relation-
ships among joints, the uncertainty-aware GCN refines the initial 3D joint estimates by
ensuring that those with low uncertainties regulate joints with high uncertainties. Chen et
al. (2022) developed a part-aware top-down model to address the heterogeneous nature of
human body parts, unlike existing methods that use a uniform decoder architecture for all
parts.

4.2 3D-MPPE from monocular video

Existing methods for 3D multi-person pose estimation from monocular videos are exam-
ined in this subsection. These methods aim to address challenges such as intra/inter-person
occlusion and depth ambiguity by effectively utilizing temporal information.

4.2.1 GCN-based methods

Cheng et al. (2021a) propose a top-down method which uses directed graph-based joint-
GCN and human-bone GCN, leveraging heatmap confidence scores and part affinity field
scores to handle occlusion, partial out-of-frame scenarios, and inaccurate human detection.
They also introduce joint-TCN for person-centric 3D pose across frames, velocity-TCN for
pose consistency in consecutive frames, and root-TCN for estimating 3D pose in camera
coordinates using the weak perspective projection without the need for camera parameters.
The research work (Cheng et al. 2021b) introduces an integration network that combines a
top-down branch, which predicts 3D poses for all individuals within the bounding box, and
a bottom-up branch, which addresses scale variations using joint heatmaps from the top-
down branch. Additionally, this research proposes a two-person pose discriminator to tackle
issues related to inter-person occlusion and close interactions in monocular video for multi-
person pose estimation. The authors extend the research work (Cheng et al. 2021b) in their
paper (Cheng et al. 2023) by introducing test-time optimization to address the discrepancies
between training and testing data. This approach integrates high-order temporal constraints,
reprojection loss, and bone-length regularization.

4.2.2 Transformer-based method

Park et al. (2023) propose a top-down method with a sequence-to-sequence 2D-to-3D lifting
model powered by a geometry-aware data augmentation for solving the problem of robust-
ness, occlusion, and jitter in the output. The Single Person Spatial Transformer captures
spatial correlations of joints belonging to each person within a frame. Then, the Inter-Person
Spatial Transformer learns the relationships among multiple individuals in the same frame.
Finally, the Single Joint Temporal Transformer provides temporal context to each token in
the sequence.
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4.3 3D-MPPE from multi-view images

Estimating 3D poses of multiple individuals from multi-view images requires identifying
correspondences across views. Current approaches for multi-person scenarios in multi-view
settings can be categorized into reconstruction-based methods and volumetric representa-
tion-based methods, as depicted in Fig. 5. Reconstruction-based approaches (Dong et al.
2022) and volumetric methods (Zhang et al. 2022) use multi-step processes, while (Wang
et al. 2021b) proposes a solution that eliminates the need for intermediate stages. The sub-
sequent sections explore recent techniques that leverage these strategies to enhance cross-
view correspondence for improved performance in multi-person pose estimation.

4.3.1 CNN-based methods

Lin and Lee (2021) propose a top-down method utilizing the plane sweep algorithm to
implicitly enforce cross-view consistency constraints through multiple reference camera
views, enhancing the accuracy of depth regression. Their method conducts depth regression
for each joint in each 2D pose within a target camera view using a coarse-to-fine approach.
This begins with regressing the person-level depth and then estimates the relative depth
at the joint level for each individual. The 3D poses are derived by back-projecting these
estimated depths.

Tu et al. (2020) propose VoxelPose, a bottom-up method for estimating multi-person
poses from multiple camera views by operating directly in 3D space. Rather than relying
on cross-view correspondence, VoxelPose combines features from all camera views within
the 3D voxel space. The Cuboid Proposal Network, which utilizes 3D convolution, is used
to localize all individuals in the scene. Then, the Pose Regression Network is designed to
estimate a detailed 3D pose for each detected individual.

4.3.2 GCN-based method

The research work (Wu et al. 2021) proposes a top-down method that employs a coarse-to-
fine strategy comprising three modules. Initially, the Multi-view Matching Graph Module
identifies coarse human center candidates by matching people across different views using
visual and geometric cues. Then, the Center Refinement Graph Module refines these human
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center locations by aggregating multi-view features and adaptively sampling points to
enhance efficiency and accuracy in localization. Finally, the Pose Regression Graph refines
the 3D poses by leveraging the spatial relationships between body joints and the geometric
relationships across multiple views.

4.3.3 Transformer-based method

Wang et al. (2021b) propose a Multi-view Pose Transformer (MvP) model that uses a direct
regression method to estimate the 3D poses of multiple people. MvP features a hierarchi-
cal approach to represent query embeddings for multiple skeleton joints and introduces an
adaptive query method based on the input. Additionally, MvP incorporates a geometrically
guided attention mechanism known as projective attention to merge cross-view information
for each joint. Furthermore, MvP introduces a RayConv operation to embed view-depen-
dent camera geometry into feature representations, enhancing projective attention.

4.4 3D-MPPE from multi-view videos

Multi-view multi-person 3D pose estimation focuses on accurately locating the 3D skeleton
joints for each individual in a scene using inputs from multiple camera views. The primary
challenges include ambiguity in cross-view associations and the vast state space. The exist-
ing approaches to address these issues are discussed in the following subsections.

4.4.1 CNN-based methods

Chen et al. (2020) propose a method to process video inputs from multiple cameras sequen-
tially instead of simultaneously using the temporal consistency in videos to align 2D poses
from each camera view directly with 3D poses in 3D space. Reddy et al. (2021) present
TesseTrack, which employs a spatio-temporal formulation that does not depend on a fixed
number of camera views. A 3D CNN is utilized to locate each person within the voxel space
and 4D CNN processes a defined spatio-temporal volume around each detected individual
to produce short-term, person-specific representations. Dong et al. (2022) propose a multi-
way matching algorithm to identify cycle-consistent correspondences of detected 2D poses
across different views by integrating geometric and appearance cues. Then, the 3D pictorial
structure model is used to reconstruct the 3D pose for each person from the corresponding
bounding boxes and keypoints. Zhang et al. (2023c) propose a multi-branch network to
directly estimate and track 3D poses from a 3D voxel-based representation constructed from
multi-view images. Specifically, noisy and incomplete information from all camera views
is warped to a common 3D space, forming a comprehensive feature volume. The method
estimates 3D poses from the voxel representation by predicting whether each voxel contains
a particular body joint.
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5 Learning techniques

Deep learning methods demand substantial amounts of data to ensure the robustness and
generalizability of models. Current approaches to 3D-HPE predominantly follow a fully
supervised paradigm, requiring ground truth 3D data as input. However, obtaining 3D pose
data is both costly and time-consuming, often necessitating a multi-view setup or a motion
capture system, making it impractical for uncontrolled scenarios. To address the scarcity of
in-the-wild 3D pose data, several learning techniques such as weakly-/semi-/ self-super-
vised, and unsupervised learning have been employed which are summarized in Fig. 6.

5.1 Supervised learning

Supervised learning uses labeled datasets to train the model. Most of the 3D-HPE methods
described in section 3 and 4 such as (Zhang et al. 2023b; Luvizon et al. 2023; Zhang et al.
2023c; Chen et al. 2024; Zhan et al. 2022; Chen et al. 2022; Luvizon et al. 2022; Jin et al.
2022; Dong et al. 2022; Tang et al. 2023; Gong et al. 2023; Holmquist and Wandt 2023; Yu
et al. 2023; Azizi et al. 2022; Zhao et al. 2022; Li and Pun 2023; Kang et al. 2023; Zhang
et al. 2022; Cai et al. 2024a; Zhai et al. 2023; Chen et al. 2023; Park et al. 2023) leverage
supervised learning models. These methods perform highly for the given dataset, however,
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lack generalizability in uncontrolled environments due to the limited availability of labeled
in-the-wild 3D pose datasets. Hence, various learning strategies beyond supervised learning
have been proposed to handle the data scarcity and diversity problem.

5.2 Semi-supervised learning

Semi-supervised learning aims to improve learning performance by utilizing unlabeled data
along with the labeled data. It addresses the challenge of scarce labeled data by exploit-
ing unlabeled data. Pavllo et al. (2019) utilize unlabeled video data for semi-supervised
training, drawing inspiration from cycle consistency. Their approach involves predicting
2D keypoints for an unlabeled video using a standard 2D keypoints detector, estimating
3D poses from these keypoints, and mapping the estimated 3D poses back to 2D space.
Cheng et al. (2020) also incorporate 2D video data to introduce a semi-supervised learning
approach. Mitra et al. (2020) introduce a multi-view consistent metric-learning based semi-
supervised learning approach that eliminates the need for 2D pose labels to train a network
for 3D human pose estimation from single images. Additionally, it incorporates limited 3D
supervision to promote the learning of pose-specific features within the network.

The research works (Cheng et al. 2021b, 2023) aim to enhance network performance
through semi-supervised learning incorporating reprojection error and multi-perspective.
The reprojection error measures the difference between the projection of generated 3D poses
and the detected 2D poses. In contrast, the multi-perspective error assesses the consistency
of the predicted 3D poses from various viewing angles. Nie et al. (2023) present a learning
architecture based on domain adaptation, which integrates supervised and semi-supervised
modes in a unified manner without the need for additional information such as multi-views
or temporal consistency. This approach leverages abundant 2D poses to enhance the accu-
racy of 3D pose estimation.

5.3 Weakly-supervised learning

Weakly supervised learning involves working with imperfectly labeled data, where labels
may be noisy, incomplete, or inexact. It tackles the issue of poor quality labels by develop-
ing models robust to label imperfections. Umar et al. (2020) utilizes unlabeled multi-view
images and an independent collection of images annotated with 2D poses. The 3D supervi-
sion is derived through a multi-view consistency loss, which enforces the 3D pose obtained
from multi-view images to remain consistent under rigid transformations. Chen et al. (2021)
propose Deductive Weakly-Supervised Learning (DWSL) for estimating 3D poses from
monocular images using uncalibrated cameras and multi-view 2D human poses. DWSL
learns latent representations of depth and camera pose for 3D pose reconstruction, and
incorporates deductive reasoning to infer human poses from different views. The method
uses reconstruction loss to ensure the reliability of what the model learns and infers. Qiu
et al. (2023) introduce Weakly-Supervised Pre-Training (WSP) method to extract weak 3D
information from monocular images without 3D annotations. WSP is initially pre-trained on
2D pose datasets and then fine-tuned on 3D pose datasets.
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5.4 Unupervised learning

Unsupervised learning involves training a model on a dataset without any labeled data aim-
ing to discover hidden patterns within the data. The research work (Kundu et al. 2020b)
proposes to estimate 3D pose from monocular images from unlabeled in-the-wild monocu-
lar video utilizing kinematic constraints. Xu and Takano (2021) propose an unsupervised
teacher-student network for 3D-HPE from 2D poses. The teacher network ensures rotation
invariance by aligning 2D poses from different views to the same 3D pose leveraging a cycle-
consistent architecture. The student network also follows the cycle-consistent architecture
to ensure pose estimation consistency in the input view with rotation-equivariance, enhanc-
ing its training through geometric self-supervision. Yu et al. (2021) proposed a method to
address scale ambiguity and pose ambiguity in unsupervised learning for 3D pose estima-
tion from monocular video. A random projection of the generated 3D pose undergoes the
lifting network, inverse transformation, and re-projection processes. This enables the net-
work to self-supervise the training process by leveraging temporal geometric consistency.

Wandt et al. (2022) proposed ElePose for estimating 3D human poses from monocular
images using only 2D annotations by predicting the camera elevation in parallel with a lift-
ing network. The 3D pose is randomly rotated and projected back to 2D to compute a 2D
loss. Honari et al. (2023) explore the concept of contrastive self-supervised (CSS) learning,
which involves maximizing the similarity between a given sample and a positive counter-
part while minimizing the similarity with a negative one. The authors separate each latent
vector into a time-variant component and a time-invariant component, applying the contras-
tive loss solely to the time-variant component. Chai et al. (2023) propose an unsupervised
domain adaptation framework that requires non-sequence 2D poses and camera intrinsic
parameters from the target dataset, along with a large-scale 3D annotated human pose data-
set serving as the source dataset.

5.5 Self-supervised learning

Self-supervised learning is a type of unsupervised learning in which the model generates
pseudo-labels from the data and uses a self-generated supervision mechanism to learn use-
ful representations. Wang et al. (2020) introduced a self-supervised correction mechanism
involving two complementary learning tasks: converting 2D poses to 3D poses and project-
ing 3D poses back to 2D ensuring geometric consistency. The work (Kundu et al. 2020a)
proposes to use a pair of video frames of the same person with different poses, a part-based
2D puppet model, human pose articulation constraints, and unpaired 3D pose for learn-
ing the model. Li et al. (2020b) propose a self-supervised learning method for estimat-
ing 3D poses from monocular images which leverages geometric knowledge to construct
supervision signals by using multi-view images during the training process. Zhang et al.
(2020) introduce a method that incorporates self-supervised learning during the model’s
inference stage, distinguishing it from other methods that apply self-supervised learning
during training.

CanonPose (Wandt et al. 2021) works with uncalibrated, but temporally synchronized,
multi-view cameras. The method uses an off-the-shelf 2D pose estimator and outputs a 3D
pose in a canonical rotation, allowing projection to any camera setup. Gong et al. (2022)
propose an approach that explicitly generates 2D-3D pose pairs, enabling full supervision
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and significantly enhancing the self-learning process. This approach incorporates a rein-
forcement-learning-based imitator, that is trained alongside a pose estimator and a pose
generator. Kundu et al. (2022) propose a domain adaptation model with labeled synthetic
samples and uncertainty estimation for monocular 3D human pose estimation. Kim et al.
(2024) propose a self-supervised training approach for estimating 3D poses from monocu-
lar video that handles multiple hypotheses from in-the-wild videos with uncalibrated cam-
eras. The network is trained using multi-view data, leveraging multi-view consistency for
supervision.

6 Datasets, evaluation metrics, and augmentation

This section presents the commonly used datasets in recent 3D-HPE methods in subsection
6.1, while subsection 6.2 covers the evaluation metrics applied across various datasets. To
mitigate issues related to data scarcity and enhance diversity, subsection 6.3 introduces data
augmentation techniques alongside the existing datasets. Table 2 provides an overview of
commonly used datasets and their respective evaluation metrics in recent technologies.

6.1 Datasets

Human3.6M (Ionescu et al. 2014) is the largest and most widely utilized dataset for 3D
human pose estimation, containing 3.6 million video frames captured by four synchronized
cameras operating at 50 Hz from four distinct viewpoints. The dataset was generated by
recording professional actors (six males and five females) performing 15 different daily
activities, including eating, posing, walking, talking on the phone, and sitting, in an indoor
environment. Of the 11 subjects, seven have been annotated with 3D poses. The training set
consists of data from five subjects (S1, S5, S6, S7, and S8), while the test set includes two
subjects (S9 and S11).

The Human3.6M dataset is commonly used to evaluate 3D-HPE models, with several
protocols established to ensure standardized comparisons across methods. The most fre-
quently used are Protocol 1, Protocol 2, and, in some cases, Protocol 3. Protocol 1 calculates
the mean per joint position error (MPJPE) in millimeters by measuring the average Euclid-
ean distance between predicted and ground truth 3D joints, aligning the root joints of both
poses. Protocol 2 reports the error after applying Procrustes alignment, which adjusts for
translation, rotation, and scale, and is commonly referred to as PA-MPJPE. Protocol 3 nor-
malizes the poses by aligning the scale between the predicted and ground truth poses before
computing MPJPE, often termed N-MPJPE.

MPI-INF3DHP (Mehta et al. 2017) dataset features real human subjects with ground
truth 3D annotations obtained from a markerless motion capture system in both indoor and
outdoor environments. It includes data of individuals in everyday clothing, interacting with
objects, and performing a wide range of motions from various camera angles. The dataset
comprises 8 actors engaging in 8§ different activities, such as walking, sitting, and perform-
ing complex exercise poses. The 3D-HPE models on this dataset are primarily evaluated
using the Percentage of Correct Keypoints (PCK), which assesses the percentage of pre-
dicted joints that fall within a specified distance from the ground truth joints. Additionally,
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Table 2 Summary of benchmark datasets with evaluation metrics
Dataset Env NC Subj TF NP Eval. Metrics Remarks
Human3.6m Indoor 4 11 3.6M Single MPJPE;N-/PA-MPJPE ~ Largest mo-
tion capture
dataset
HumanEva-I Indoor 7 4 12seq  Single MPJPE; PA-MPJPE Motion
capture; 4
gray scale
+ 3 color
cameras
Total Capture Indoor 8 5 1.892M  Multi MPJPE; PA-MPJPE MoCap; 13
IMUs
MPI-INF-3DHP  Indoor 14 8 1.3M Single PCK; AUC; MPJPE Motion
capture; data
augmentation
Shelf Indoor 3 5 - Multi PCK Heavy
occlusion
Campus Outdoor 3 3 - Multi PCK Outdoor
Environment
CMU Panoptic ~ Indoor 521 8 1.5M Multi AP; MPJPE Large social
interaction
MuPoTS-3D Indoor+ N 8 >8K Multi PCKrel; PCKabs From MPI-
outdoor INF-3DHP;
5 indoor; 15
outdoor
3DPW Outdoor 1 7 60seq Multi MPJPE; PA-MPJPE in-the-wild;
IMUs;
phone
cameras
SURREAL Lab N 145 6M Single MPIJPE; PA-MPJPE Rendered
from mocap
data(H3.6M)
JTA Synthetic N >21 500k Multi PCK; F1 Urban
scenarios

NC no. of cameras, NS no. of subjects, TF total frames, NP no. of persons, I/V image/video, seq sequences,
3DHP & 3DPW are useful for cross-dataset evaluation

the Area Under the Curve (AUC) is calculated by plotting the PCK across various threshold
distances, and MPJPE is also used for evaluation.

HumanEva (Sigal et al. 2010) comprises two datasets: HumanEva-I and HumanEva-
II. HumanEva-I is larger, while HumanEva-II features higher-quality motion capture data
using a more advanced hardware system. HumanEva-I includes data from 4 subjects per-
forming 6 distinct actions, such as walking, boxing, jogging, throw/catch, and gesturing,
recorded from three camera angles at 60 Hz. In contrast, HumanEva-II involves only 2
subjects executing an extended sequence of actions, referred to as ’Combo.’ For instance, a
subject may start walking along an elliptical path and then transition to jogging in the same
direction. HumanEva-I provides training and validation data intended to be used across both
datasets, while the test data is derived from HumanEva-II. 3D-HPE methods typically use
MPJPE and PA-MPJPE as evaluation metrics for the HumanEva dataset.

MuCo-3DHP and MuPoTS-3D (Mehta et al. 2018) datasets are designed for multi-
person 3D human pose estimation. The MuCo-3DHP dataset serves as a training set and
is created by compositing the MPI-INF-3DHP dataset (Mehta et al. 2017). In contrast, the

@ Springer



24 Page 30 of 53 R. B. Neupane et al.

MuPoTS-3D dataset is employed as the test set, encompassing 20 scenes captured in natu-
ral, real-world environments. Evaluation for these datasets is performed using the 3D Per-
centage of Correct Keypoints (3DPCK) metric.

KTH multiview football dataset II (Kazemi et al. 2013) features images of football
players, including 2D and 3D poses centered on the root joint as ground truth. While the
dataset offers partial camera parameters for projecting these 3D poses into three different
views, specific intrinsic and extrinsic parameters are not explicitly defined. The camera
configuration used to capture the dataset differs significantly from those used in training
scenarios for Human3.6M and MPI-INF-3DHP, making this dataset notably challenging by
comparison.

The total capture dataset (Trumble et al. 2017) offers synchronized video, IMU (Iner-
tial Measurement Unit), and Vicon labeling across a substantial dataset of approximately
1.9 million frames captured by eight cameras. It includes recordings of four male and one
female subjects, each performing five distinct activities: Range of Motion (ROM), Walk-
ing, Acting, Running, and Freestyle. Each activity is repeated three times. According to the
dataset’s structure, the training set comprises ROM-1,2,3, Freestyle-1,2, Walking-1,3, Act-
ing-1,2, and Running-1 performed by subjects 1, 2, and 3. The testing set consists of Free-
style3 (FS3), Acting3 (A3), and Walking2 (W2) performed by subjects 1 to 5. The standard
evaluation metrics for this dataset are MPJPE and PA-MPJPE.

The CMU panoptic (Joo et al. 2015) is a large-scale real-world indoor 3D human pose
dataset featuring 65 video sequences depicting everyday activities. Captured within the
Panoptic studio, this dataset provides detailed 3D pose annotations for multiple individu-
als engaged in various social interactions and daily routines. The standard evaluation met-
ric for this dataset is the Average Precision (AP) of 3D human root location, especially in
multi-person scenarios. AP evaluates how effectively the model localizes the root of each
individual in 3D space.

The occlusion-person dataset (Zhang et al. 2021) provides a synthetic dataset with
occlusion labels for the joints. It includes thirteen human models dressed in various cloth-
ing styles placed across nine different scenes such as living rooms, bedrooms, and offices.
Objects such as sofas and desks are strategically positioned to partially obscure certain
body joints. Each scene is equipped with eight cameras capturing multi-view images, and
depth maps provide precise 3D coordinates for 15 joints as ground truth. Occlusion labels
for each joint in an image are determined by comparing its depth value to the depth of the
corresponding 3D joint in the camera’s coordinate system. Approximately 20% of the body
joints in the dataset are occluded under these conditions.

JTA (Fabbri et al. 2018) is a synthesized dataset generated from scenes in the Grand
Theft Auto V (GTA-V) game. This dataset features multiple persons, with up to 32 individu-
als appearing in a single frame, exhibiting diverse illumination, viewpoints, and occlusion
scenarios. Notably, the dataset adjusts the size of person images based on the camera’s
proximity to each individual, resulting in significant variations in person size as crowds
span from close to far distances relative to the camera across different scenes. This char-
acteristic makes JTA valuable for research focused on camera-centric applications, despite
its synthetic nature. The JTA dataset typically employs PCK and F1 Score for evaluating
methods. The F1 Score provides a balance between the accuracy of detected keypoints and
the model’s ability to minimize incorrect predictions.
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Campus dataset and shelf dataset (Belagiannis et al. 2014): The Campus dataset
records interactions among three individuals in an outdoor setting, captured using three
cameras. In contrast, the Shelf dataset documents four people dismantling a shelf, utilizing
five cameras for recording. Notably, the Shelf dataset features a higher degree of occlusion
compared to the Campus dataset.

3DPW (Marcard et al. 2018) comprises in-the-wild images captured using IMUs, encom-
passing both indoor and outdoor scenes. This dataset offers calibrated camera parameters
and precise SMPL parameters. However, it includes only a limited number of occluded
samples, which do not adequately represent the more intricate occlusion scenarios typically
encountered in real-world environments.

SURREAL (Varol et al. 2017) is a synthetic dataset that includes 6 million frames from
1,964 video sequences featuring 115 subjects. The dataset comprises photo-realistic render-
ings depicting people under extensive variations in shape, texture, viewpoint, and pose.

In addition to the aforementioned datasets, researchers have introduced other 3D pose
datasets to enrich the diversity of existing resources. For example, SLOPER4D (Dai et al.
2023) offers a scene-aware dataset situated in an urban environment, providing contextually
relevant data. Another dataset, mRI (An et al. 2022), focuses on multi-modal 3D pose data,
catering to scenarios involving multiple sensory inputs.

The generalization and robustness of deep learning-based approaches largely depend
on the availability of large and diverse datasets. Researchers employ various strategies to
maximize the effectiveness of these datasets. A common approach is using multiple bench-
mark datasets such as Human3.6M and MPI-INF3DHP, where models are typically trained
on Human3.6M and tested on MPI-INF3DHP to evaluate their generalization capability.
Additionally, various online and offline pose augmentation techniques, as outlined in Sect.
6.3, have been explored to enhance the training data by introducing more variations and
complexities. To address the challenge of limited annotated data, recent methods increas-
ingly adopt self-supervised learning strategies as explained in Sect. 5. To bridge the domain
gap, some approaches incorporate inference-time optimization during testing. Depending
on the application context and the availability of datasets, implementing one or more of
these strategies can improve model performance.

6.2 Evaluation metrics

Mean per joint position error (MPJPE) It measures the average Euclidean distance
between the ground truth positions of joints and their corresponding predicted positions. A
lower MPJPE value indicates better performance of a pose estimation model. Mathemati-
cally, MPJPE is calculated as follows:

Eypipe(f,S) = N ZHP g/q ill, (D

where S denotes the corresponding skeleton in the frame £, and N, is the number of consid-
ered joints. The estimated position of joint j» is given by P;Q (¢) whereas Pg(f. g(z) is the
corresponding ground truth of 47, joint. MPJPE measures the Euclidean distance between
ground truth and predicted joint positions calculated frame by frame, and then averaged.
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N-MPJPE normalizes MPJPE to a standard scale, while PA-MPJPE uses Procrustes analysis
to align predictions to ground truth through translation, rotation, and scaling.

Percentage of correct key-points (PCK) measures how accurately keypoints are local-
ized within a specified threshold distance, often set at 150 mm in many studies. Higher PCK
values indicate better model performance. PC' K evaluates keypoint accuracy based on
absolute camera positions, while PC K., assesses accuracy relative to person-centric joint
positions. Area Under Curve (AUC) is computed across various PCK thresholds, provid-
ing a comprehensive assessment of model performance where higher AUC values indicate
superior performance.

Percentage of correct parts (PCP) is a metric used to assess the accuracy of 3D limb
detection. It determines whether a body part is correctly estimated based on the distance
between predicted joints and their corresponding ground truth positions, with the criterion
that this distance should be less than half the length of the limb. This specific variant is often
referred to as PCP@0.5. One significant limitation of PCP@0.5 is its tendency to penalize
shorter limbs more severely which can affect the overall evaluation of the model’s perfor-
mance in datasets with varying limb lengths.

3D percentage of correct key-points absolute (3D PC K ;) (Moon et al. 2019) mea-
sures the accuracy of keypoint localization in absolute camera-centered coordinates without
root alignment. It evaluates how well a model can predict the positions of keypoints rela-
tive to the camera without adjusting for the root joint.To assess the localization accuracy of
the absolute 3D human root, the Average Precision of 3D Human Root Location (AP
) is utilized. AProot25 considers a prediction correct if the Euclidean distance between the
predicted and ground-truth root joint coordinates is smaller than 25 cm.

Others Recent advancements in 3D human pose estimation have introduced new met-
rics and methodologies to improve accuracy and training efficiency. The Pose SIMilarity
(PSIM) Metric (Lee et al. 2023) is based on perceptual mechanisms that enhance evaluation
by incorporating structural, positional, and intrinsic similarities, capturing complex spatial
and temporal dependencies in human postures. Meanwhile, the Triangulation Residual loss
(TR loss) (Zhao et al. 2023a) adopts global multiview geometric consistency for self-super-
vised learning, surpassing traditional methods that rely on local pairwise consistency and
expensive epipolar constraints. These innovations aim to elevate performance and reduce
computational costs in 3D pose estimation research.

6.3 Pose data augmentation

Deep learning models require large datasets and face significant challenges in 3D pose esti-
mation due to the high cost and time required for accurate 3D pose annotations. The training
data is biased towards indoor environments and common activities which results in poor
generalization in diverse, unconstrained environments (Li et al. 2020a; Gong et al. 2021).
The limited number of actors and actions in existing datasets make 3D pose estimators tend
to overfit, which can be seen from the performance degradation of the algorithm on cross-
datasets, especially for rare and complex poses (Li and Pun 2023). Pose data augmenta-
tion methods are proposed to solve these bottleneck problems and broadly categorized into
offline and online techniques based on the phase of data generation and training as shown
in Fig. 7.
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Fig. 7 Working flow of offline vs online pose data augmentation

In offline technique, pose data is generated first and the 3D-HPE model uses it for train-
ing, while online techniques train the pose generation and human pose estimation network
simultaneously. The differentiable capability of online methods allows the augmentor to be
co-optimized with the 3D pose estimator, using estimation errors as feedback to generate
more varied poses continuously. The pose data augmented from offline technique are reus-
able by similar task models while online pose augmentation takes advantage of training both
the network in parallel with mutual correction.

6.3.1 Offline pose data augmentation methods

LCR-Net++ (Rogez et al. 2020) generates pseudo ground-truth 3D joint locations from
real-world images with 2D annotations. A large corpus of MoCap 3D poses is projected
orthographically onto multiple random virtual views to create an extensive set of 2D poses
with corresponding oriented 3D poses. The closest recovered pose is utilized to define the
pseudo ground-truth full-body 3D pose, which is then used for training the network. Li et
al. (2020a) introduce a method to explore the 3D human pose space using evolutionary
operators such as crossover and mutation guided by pose prior knowledge. Cho et al. (2021)
propose a method for generating synthetic distorted data from undistorted 2D keypoints,
facilitating cross-scenario research on camera distortion.

Guan et al. (2023) propose a 3D pose generator named PoseGU which uses a minimal
number of seed samples from a ground truth dataset. The method incorporates Counterfac-
tual Risk Minimization to ensure unbiased learning in 3D pose estimation by correcting the
distribution mismatch between the ground truth and the generated 3D pose datasets. Chai
et al. (2023) propose a method with an augmentation generator creating the parameters for
transformations to bone angle, bone length, and rotation from the source dataset, and an
anchor discriminator ensures the realism and quality of the transformed pose pairs. Park et
al. (2023) propose a geometry-aware data augmentation strategy by employing techniques
such as person translation, person rotation, ground plane translation, and ground plane rota-
tion. The method introduces noise or removes occluded keypoints during augmentation
using a person volumetric model to simulate occlusion.
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6.3.2 Online pose data augmentation methods

Cheng et al. (2020) implement a method for making certain keypoints or frames by setting
the corresponding heatmaps to zero for a temporal convolution network to address different
occlusion scenarios. Guo et al. (2021) utilize techniques such as rotation and horizontal flip-
ping during training. They crop input images and adjust the bounding boxes to address inter-
person occlusion in multi-person pose estimation. Gong et al. (2021) introduce PoseAug to
modify geometric factors such as posture, body size, viewpoint, and position using differen-
tial operations. PoseAug employs a part-aware Kinematic Chain Space in the discriminator
to ensure the validity of the augmented data. Xu et al. (2022) propose a pose simulator that
augments training samples with virtual 2D poses by projecting each 3D pose into different
2D poses from various camera angles, which aids in learning geometric features. Han et al.
(2022) incorporate augmentation techniques during training such as horizontal flip, rotation,
synthetic occlusion, and color jittering.

Zhang et al. (2023a) propose a model that integrates the augmentor, the estimator, and the
discriminator. The differentiable augmentor adjusts major geometric aspects of the 2D-3D
pose pairs to better align with the estimator, using training error as feedback. The part-aware
3D discriminator broadens the range of feasible augmented poses through localized supervi-
sion, ensuring the plausibility and diversity of joint angles. Moreover, body part properties,
such as leg characteristics (Wang et al. 2023), which play a key role in human locomotion,
can be incorporated to enhance pose diversity. Li and Pun (2023) propose a generator to
broaden the distribution of each joint angle within the existing dataset while constraining
them to a plausible range using an adaptive interpolation discriminator. Du et al. (2024)
combine evolutionary data augmentation with an anatomy-aware global—-local representa-
tion for 3D human pose estimation. Gholami et al. (2024) proposes a NeRF-based (Milden-
hall et al. 2020) model called PoseGen for pose data augmentation from images. PoseGen
includes a generator that produces 3D human poses and camera viewpoints which are evalu-
ated by a discriminator to ensure their plausibility. The 3D poses and camera viewpoints are
then input into a NeRF model to render corresponding human images.

7 Performance of 3D-HPE methods

This section outlines the evaluation of recent advancements in 3D-HPE across several
benchmark datasets. Human3.6M stands out as the most commonly used dataset, serving as
the foundation for state-of-the-art models. These models leverage multiple datasets, includ-
ing Human3.6M itself, MPI-INF-3DHP, MuPoTS-3D, CMU Panoptic, Total Capture, Cam-
pus, Shelf, and JTA. Single-person methods primarily rely on Human3.6M for training and
evaluate their performance using metrics such as MPJPE, PA-MPJPE, and N-MPJPE. To
ensure robustness, models trained on Human3.6M are validated against MPI-INF-3DHP
using metrics such as 3DPCK, AUC, and MPJPE.

Despite its focus on single-person scenarios, Human3.6M is also used as a benchmark
for evaluating multi-person 3D HPE models against state-of-the-art methods. MuPoTS-
3D serves as a critical benchmark for multi-person monocular 3D pose estimation, offer-
ing datasets for assessing performance using person-centric (PCK,;) and camera-centric
(PCKgps) metrics. CMU Panoptic is essential for evaluating models in complex multi-
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view, multi-person scenarios. Additionally, smaller datasets like Campus, Shelf, and JTA
are utilized to test models across various settings in multi-person 3D human pose estima-
tion. Overall, these datasets provide comprehensive benchmarks that enable researchers to
evaluate and compare the effectiveness of their 3D-HPE models across different challenges
and scenarios.

The performance of recent works on benchmark datasets is summarized in tables, with
some comparisons also illustrated through graphs to provide a clear comparative analysis
of the models. These methods are classified based on their deep learning algorithms for
different scenarios, including monocular/multi-view approaches for single/multi-person
3D-HPE, using either image or video inputs. Most methods demonstrate improvements
when using ground truth 2D poses as input. However, results based on 2D poses estimated
by pose detectors are considered for practical purposes.

Table 3 illustrates the performance results of monocular image and video-based single-
person 3D human pose estimation (HPE) methods on the Human3.6M dataset and cross-
validation on the MPI-INF-3DHP dataset. Figure 8 visually compares the performance of
image-based methods for single-person 3D pose estimation using a chart. This comparison
shows that GCN-based methods achieve the best performance on the Human3.6M data-
set, while GAN-based methods perform best during cross-validation on MPI-INF-3DHP.
Similarly, Fig. 9 illustrates the performance of video-based methods, showing that a hybrid
approach combining GCN and Transformer delivers the best results on both datasets.

Table 4 presents a comparison of the performance of Multi-view Single-Person 3D
Human Pose Estimation (HPE) methods across the Human3.6m, Total Capture, and CMU
Panoptic datasets. The CNN-based method, Adafuse Zhang et al. (2021), demonstrates
strong performance with multi-view image inputs, while the transformer-based method Cai
et al. (2024b) excels with multi-view video inputs.

Table 5 outlines the performance of monocular 3D multi-person pose estimation methods
on the MuPoTS-3D and JTA datasets, covering both image-based and video-based inputs.
A graphical chart for the MuPoTS-3D dataset is shown in Fig. 10. The comparative analy-
sis reveals that CNN-based methods continue to perform well for monocular image-based
approaches, while GCN-based methods demonstrate strong performance with video input
techniques.

Similarly, Table 6 highlights the performance of Multi-view Multi-person 3D Human
Pose Estimation (HPE) methods on the CMU Panoptic, Campus, and Shelf datasets, with
a visual representation provided in Fig. 11. The comparison shows that transformer-based
methods using a bottom-up approach perform comparably to GCN-based methods that uti-
lize a top-down approach for multi-view image inputs. For multi-view video-based meth-
ods, the top-down approach in voxel space performs best for multi-person scenarios. The
top results are highlighted in bold for clearer visibility.

8 Challenges and future directions
8.1 Challenges

Researchers have dedicated significant effort to addressing the challenges in 3D-HPE and
have achieved considerable success to some extent. Given the diverse nature of 3D-HPE, it
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Table 3 Performance of monococular single-person 3D-HPE methods on Human3.6M & MPI-INF-3DHP
datasets

Algorithm Method Human3.6M MPI-INF-3DHP Remarks

MIE| P-MPJPE] PCKT AUCT MHE|
CNN Luvizon 555 - 832 443 96.8 End-to-end; supervised
et al.
(2023)

Zhang - - 83.6 482 922  ISO; self-supervised
et al.
(2020)
Wandt 819 53.0 69.0 - 119.2  Self-supervised
etal.
(2021)
Xuetal. 58.1 43.8 - - - Online data aug
(2022)
Kundu 103.2 889 - - 96.2  S->H: trained on SURREAL
et al. S->H S->H (92.9 & tested on H3.6M
(2022) 1SO)
GCN Xuetal. 853 59.8 682 352 - Unsupervised
(2021)
Xuand 519 - 80.1 458 - 2D-to-3D;supervised
Takano
(2021)
Zouand 494 39.1 86.1 537 - 2D-to-3D; supervised
Tang
(2021)
Cietal. 442 373 740 367 - 2D-to-3D; supervised
(2022)
Zhang  49.1 349 86.9 550 - 2D-to-3D; supervised
etal.
(2023b)
Transformer Lietal. 505 - 84.1 537 - Uncertainty learning
(2023a)
Zhou 464 - 882 593 68.9 2D-to-3D; supervised
et al.
(2024a)
GCN+ Zhao 51.8 - 79.0 438 - 2D-to-3D; supervised
Transformer etal.
(2022)
Chen 49.8 389 855 53.6 804 2D-to-3D; supervised
etal.
(2024)
Autoencoder Nie 503 373 83.5 459 83.03 Semi-supervised
et al.
(2023)
GAN Chai 499 342 921 625 61.3 Unsupervised; offline data
et al. aug
(2023)
Liand 473 368 89.9 582 69.7 Supervised; online data aug
Pun
(2023)
Grid Conv Kang 463  37.6 89.2 57.6 72.1 Grid Convolution
etal.
(2023)

Monocular video-based single-person 3D-HPE methods
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Table 3 (continued)

Algorithm Method Human3.6M MPI-INF-3DHP Remarks

MIE| P-MPJPE|  RKT AUCT MIE|
CNN Liu 448 35.6 - - -
et al.
(2021)
Lee 40.5 318 82.6 48.8 81.3  Probabilistic
etal.
(2023)
GCN Zeng 479 - 82.1 462 - 2D-to-3D;supervised
etal.
(2021)
Yuetal. 444 - 98.53 79.12 27.76 2D-to-3D;supervised
(2023)
Transformer Honari  100.3 74.12 - - 93.0  End-to-end; CSS
et al.
(2023)
Tang 40.5 31.8 98.7 839 231 2D-to-3D;supervised
etal.
(2023)
Zhao 452 356 979 788 27.8 Frequency domain
etal.
(2023b)
Kim 69.0 50.3 - - 102.1 Probabilistic;Self-supervised
et al.
(2024)
Cai 39.7 - 98.5 78.1 29.2 Diffusion-based
et al.
(2024a)
Zhou 426 342 98.2 757 36.4 Hierarchical supervision
et al.
(2024b)
GCN+ Lietal. 425 342 948 65.8 54.0 Probabilistic
Transformer (2023b)
Gong 369 - 98.0 759 29.1 Diffusion-based
et al.
(2023)
Chen 40.3 317 98.7 729 372 2D-to-3D;supervised
et al.
(2023)
Zhai 41.1 325 872 570 - 2D-to-3D;supervised
etal.
(2023)
1SO inference stage optimization, CSS contrastive self-supervised learning, MPJPE in mm, PCK/AUC in
%, bold: best result

2D-to-3D;supervised

encounters various challenges across different scenarios. For instance, the challenges asso-
ciated with monocular input techniques differ from those related to multi-view techniques.
Likewise, multi-person methods encounter more challenges than single-person methods.
These challenges can be broadly categorized into common and scenario-specific challenges
as shown in Fig. 12.
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Fig.9 Performance of monocular video-based methods for single-person 3D-HPE

8.1.1 Common challenges

Articulated human body: The human body’s structure and pose are highly variable and
complex, primarily due to the large number of degrees of freedom involved in its mechanics.
Each joint in the body allows movement along multiple axes, leading to a vast range of pos-
sible configurations and poses. This variability poses significant challenges for accurately
estimating 3D-HPE. Moreover, differences in body shape, size, and proportions among dif-
ferent individuals add to the complexity, requiring models to generalize across a wide range
of body types.

Dense ambiguity: Image projections from different 3D poses can appear very similar
because the transition from 3D to 2D inherently loses depth information. As a result, mul-
tiple distinct configurations of 3D keypoints can produce identical 2D keypoints projections
on an image plane. Consequently, simply training a model to convert 2D-pixel positions to
3D world coordinates is likely to be unsuccessful. Monocular pose estimation in outdoor
environments offers flexibility without needing camera calibration, but it encounters the
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Table 4 Performance of multi- Algorithm Method H3.6m Total Panoptic Remarks
view single-person 3D HPE C
methods on Human3.6m, total
capture & CMU panoptic MPHE| ME| MPIPE|
datasets CNN Remelli 30.2 275 - Supervised,;
et al. 2D-to-3D
(2020)
Zhang 19.5 19.2 147 Panoptic(4-
et al. views);
(2021) supervised;
2D-to-3D
Luvi-  39.0 - - Supervised,;
zon 2D-to-3D
et al.
(2022)
‘Wan 21.1 23.0 - Supervised;
et al. 2D-to-3D
(2023)
Jiang 27.8 - 24.2 Panoptic(4-
et al. views);
(2023) probabilistic
Triangulation
For video-based input
Transformer Shuai 26.2 246 - T=27; no cam-
et al. era params;
(2023) CPN (H3.6m)
Res101 (TC)
Cai 254 150 - T=27; no cam-
et al. era params;
(2024b) CPN; ViTPose
(15.1); Res101
(TC)
Hybrid Zhang 27.6 - - T=27; no cam-
T=27 means 27 frames, CPN etal. cra params,
Res101 as 2D backbone, MPJPE (2024) CPN; Graph
Transformer

in mm, bold: best result

severe challenge of an ill-posed problem as it lacks additional data unlike video or multi-
view setups that benefit from temporal or multiple viewpoint information.

Limited 3D annotations: Deep learning techniques require substantial amounts of data
to perform optimally. However, the scarcity of 3D ground-truth data poses a significant
challenge to the success of 3D human pose estimation (HPE). Most widely used datas-
ets, such as Human3.6M and HumanEva, are collected in controlled indoor environments
using motion capture systems. As a result, models trained on these datasets tend to struggle
with generalization, despite achieving high performance within the confines of the datasets
themselves.

Limited diversity datasets: Many paired 3D pose datasets exhibit limited diversity in
terms of pose variety, appearances (including background and lighting conditions), and out-
fits. Consequently, existing methods for 3D human pose estimation frequently struggle with
inferior generalization performance when faced with out-of-distribution (OOD) samples.
This challenge largely stems from the restricted diversity of 2D-3D pose pairs available in
the training data.
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Table 5 Performance of monocular multi-person 3D HPE methods on MuPoTS-3D & JTA datasets

Algorithm Method  \MupoTS-3D t=15cm  JTA (tin m) F1 T Remarks
PCKrelT PCKabsT t=04 =08 t=1.2
CNN Rogez  70.6 - - - - Topdown;Offline
etal. DataAug;Probabilistic
(2020)
Benzine 72.0 - 3DPCK=83.2 (all) Supervised; Topdown; No
etal. F1 for JTA
(2020)
Jinetal. 80.9 39.3 - - - Supervised; Single-stage
(2022)
Wang 82.7 39.2 - - - Supervised; Single-stage
etal.
(2022)
GCN Han 79.7 - - - - Uncertainty; Topdown;Data
et al. Aug(online)
(2022)
Chen 77.8 - - - - Supervised; Top-down
etal.
(2022)
Autoencoder Fabbri - - 50.82 64.76 70.44 Supervised;Bottomup;
et al. voxel
(2020)
Monocular video-based methods for multi-person
GCN Cheng 875 45.7 - - - Supervised; Top-down
et al.
(2021a)
Cheng  89.6 48.0 57.22 68.51 72.86 SemiSupervised;Topdown
et al. +bottomup
(2021b)
Cheng  89.6 48.1 58.15 69.32 74.19 SemiSupervised;ISO;
et al. Hybrid
(2023)
Transformer Park 83.7 50.9 - - - Volumetric DataAug.
et al. (offline)
(2023)

PCK/F1 in %, t denotes threshold for F1 as the point is true-positive when the distance from the target
point is less than t

Objects and self-occlusion: Some parts of the person may be occluded due to opaque
objects so it is difficult to estimate the pose correctly. In some specific poses, the person
might have self-occluded. One part of the body may hide into another part of the body which
makes it difficult to calculate the pose of the person.

Computational complexity: The performance of existing models has improved signifi-
cantly, but this often comes at the expense of increased computational resources. With the
widespread adoption of handheld devices such as mobile phones and tablets, which are
typically resource-constrained, maintaining the performance of 3D-HPE models becomes
highly challenging.

Environmental factors: Variations in lighting, background clutter, clothing, and camera
angles can affect the accuracy of pose estimation models. It is difficult to incorporate out-
door environments where lighting, background conditions, camera viewpoints as well as the
behavior of human subjects are diverse and unconstrained.
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Fig. 10 Performance of monocular methods for 3D multi-person pose estimation

Table 6 Performance of multi-view multi-person 3D-HPE methods on CMU panoptic, Campus & Shelf
datasets

Algorithm Method Panoptic Campus  Shelf Remarks
APST mAPT ?RWE PCKT  RX?

CNN Tu et al. 83.59 95.39 17.68 96.7 97.0  Supervised;Bottomup;Voxel
(2020)
Linand Lee 92.12 97.68 16.75 97.0 97.9  Supervised;Topdown
(2021)

GCN Wu et al. - 98.18 1584 - 97.7  Supervised: Topdown
(2021)

Trasformer Wangetal. 9230 96.02 1580 96.6 97.4  Supervised;Bottomup
(2021b)

Multi-view video-based methods for multi-person

CNN Chen et al. - - - 96.6 96.8  Supervised;Topdown
(2020)
Reddyetal. - - 7.3 97.4 98.2 Supervised;Topdown; voxel
(2021)
Dong et al. Qualitative analysis 96.3 96.9  Supervised; Topdown
(2022)
Zhangetal. - - 16.97  96.7 97.1  Supervised;
(2023¢) Bottomup; Voxel

MPIJPE in mm, PCK/AP in %, mAP: mean value of AP, bold: best result

8.1.2 Challenges in monocular setup

Generalizability: Monocular image methods are constrained by their inability to utilize
additional cues such as multi-view or temporal information. Consequently, they rely heav-
ily on large and diverse datasets for training, which are often limited in availability. This
reliance on restricted diversity within existing 3D pose datasets significantly hampers the
generalizability of supervised 3D pose estimation models.

Motion blur: Fast movements can induce motion blur in images or video, making it
challenging to accurately detect and estimate body parts. Many existing approaches treat the
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Fig. 11 Performance of multi-view methods for 3D multi-person pose estimation
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Fig. 12 Common and specific challenges in 3D-HPE

3D HPE problem simply as a coordinate regression issue, neglecting the inherent kinematic
structure of the human body. This oversight frequently results in inaccurate outcomes.

Integration of spatial and temporal information: Utilizing temporal information from
video sequences is essential for addressing depth ambiguity and occlusion in human pose
estimation. While videos provide sequential variations beneficial for understanding body
structure, integrating spatial and temporal information effectively remains challenging. Cur-
rent methods primarily focus on frame-level feature correlations and often overlook the
relationships between joints across frames. Future research needs to explore these inter-
dependencies to improve the accuracy of pose estimation models.

Robustness: Existing methods often experience decreased performance when the target
person is significantly small or large, or when their motion is too fast or slow compared
to the scale and speed of the training data. Addressing these challenges requires adaptive
extraction of temporal features from videos of varying lengths and ensuring compatibility
with single-image input for versatility in different contexts.
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8.1.3 Challenges in multi-view setup

Camera synchronization and calibration: Multi-view methods for 3D human pose esti-
mation necessitate synchronized and calibrated cameras, which adds complexity to the
process. A fundamental challenge in this approach is depth uncertainty, particularly when
camera parameters are unknown. Many multi-view methods rely on precise camera calibra-
tion to effectively utilize multi-view information. However, accurately calibrating cameras
synchronously in dynamic capture scenarios is unrealistic. While incorporating camera
parameters can provide strong prior knowledge of networks, achieving accurate calibration
in dynamic environments remains difficult.

Limited camera extrinsic datasets: Current datasets used for multi-view human pose
estimation suffer from a lack of diversity in camera external parameters. Consequently,
models trained on these datasets often struggle to generalize effectively to unseen camera
configurations. This limitation necessitates reannotation and retraining of models whenever
there are changes in camera setups. Moreover, existing models are not robust enough to
handle unseen views, such as uncommon camera angles or distances. Due to their training
on limited data, these models typically excel only with test examples that closely resemble
their training views, leading to significant performance degradation when confronted with
unfamiliar perspectives.

Cross-view aggregation: Multi-view methods for 3D human pose estimation require
effective fusion of multi-view and/or multi-frame features to aggregate information effi-
ciently. Methods like Triangulation or pictorial structure models, which reconstruct 3D
poses from 2D views, can be prone to errors in crowded or complex scenes. Volumetric
approaches use discretized 3D representations to gather and process multi-view features
directly in 3D space, but they face challenges due to the cubic increase in computational
complexity with the size of the volumetric space. Real-time estimation of 3D poses for
multiple humans is particularly challenging due to the complexity of associating 2D poses
across different views and the immense state space involved, especially in crowded envi-
ronments where interactions between multiple individuals further complicate cross-view
associations.

Increased computation overhead: Using multiple cameras for data capture introduces
complexity, as it involves synchronizing and calibrating the cameras to obtain accurate cam-
era parameters and integrate information effectively. As the number of people and cameras
increases, the computational complexity escalates significantly.

8.1.4 Challenges in multi-person

Inter-person occlusion: Multi-person human pose estimation models face the challenge of
handling occlusions between individuals due to interactions among people and with physi-
cal objects in the environment. Besides self-occlusions where limbs can obstruct other body
parts, occlusions from other individuals or objects add further difficulty to pose estimation.
The proximity and interactions among multiple people make it unreliable to consistently
group human joints.

Camera-centric requirements: Single-person 3D human pose estimation methods typi-
cally use person-centric coordinates relative to the target person’s center, which cannot be
directly applied to multi-person 3D human pose estimation requiring camera coordinates.
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The main challenge arises because using person-centric coordinates obscures the location of
each individual within the scene, making it unclear where each person should be positioned.
Absolute 3D human pose estimation presents a more complex problem where predictions
are made relative to a fixed reference camera position, ensuring that all estimated skeletons
are correctly placed in a unified 3D space.

Human detection error and linear computation growth: Identifying multiple indi-
viduals in images is difficult due to the variability in human sizes, crowded scenes, and close
interactions between people. Using a top-down approach to estimate the pose of each person
individually results in computational costs that increase proportionally with the number of
people in the image.

Human-scale sensitivity and redundancy: Bottom-up approaches estimate poses for
all individuals in an image simultaneously and subsequently group keypoints belonging to
each person, which introduces redundant computational complexity.

Multi-view fusion with multi-person: Integrating information from multiple-view
images with multiple individuals is particularly challenging because it requires identifying
the identities of each person across all cameras. Additionally, features from different views
that correspond to the same individual need to be recognized and grouped for 3D pose
estimation.

8.2 Future directions

Notable emerging trends and needs, including LLM-based 3D-HPE, real-time processing,
and scene-aware 3D pose estimation in dynamic environments, have been addressed in
section 2.6. Despite progress in recent techniques, there are still numerous areas where
improvements can be made. This section highlights the most promising directions for future
research and development.

8.2.1 Occlusion handling

Occlusion is widely regarded as a significant challenge in 3D-HPE. Estimating 3D human
poses becomes particularly difficult due to various types of occlusion, such as inter-person
and intra-person occlusion, as well as occlusion caused by objects. Combining the following
strategies could provide an effective solution for addressing occlusion challenges.

e Datasets that incorporate occlusion scenarios, such as The Occlusion-Person Dataset
and the data augmentation techniques to train the model with occluded datasets, can be
utilized for making the model robust to the occlusion.

e Additionally, the diffusion-based model can be used to learn the underlying structure of
human poses and generate plausible estimates for occluded body parts.

e NeRF can generate novel views that account for occluded body parts, enabling more ac-
curate pose estimation by utilizing complementary information from novel viewpoints.
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8.2.2 Strategies for addressing data inadequacy

Creating in-the-wild scenario datasets for 3D human pose annotation is highly expensive.
Most datasets are created in lab environments, with only a few available for in-the-wild
scenarios, which are insufficient for deep learning models. This scarcity results in decreased
model performance in uncontrolled environments or complex poses. Consequently, it is
crucial to create innovative strategies to address data limitations, and our recommendations
are as follows:

e By employing techniques such as contrastive learning, pose consistency, or reconstruc-
tion-based objectives, self-supervised learning can improve generalization and perfor-
mance, even in scenarios where annotated data is scarce or incomplete.

e Pose Data Augmentation techniques can be utilized to generate diverse pose pairs which
can be further improved by introducing negative samples, such as backgrounds and
joint-level occlusions.

e Inference Time Optimization techniques can refine estimated 3D poses without perma-
nently updating the network, thereby improving the generalizability of 3D pose models
across different pose distributions in source and target data.

8.2.3 3D multi-person pose estimation

Many real-world applications involve scenes with multiple persons, yet the field of 3D
multi-person pose estimation remains immature. Enhanced methods are needed to address
challenges in 3D-MPPE, including person interactions, variations in human size, and con-
siderations related to camera-centric perspectives.

e Bottom-up approaches can efficiently process crowds when combined with adaptive
scale-variation techniques to tackle the issue of varying human sizes.

8.2.4 3D-HPE from multi-view images

Existing multi-view pose estimation methods are more accurate than monocular methods

but are hindered by the challenge of precise camera calibration and cross-view aggregation

strategy, which is difficult to achieve synchronously in dynamic capture scenarios.

e Current methods for cross-view aggregation primarily rely on reconstruction-based and

volumetric approaches. These methods can be further enhanced by incorporating NeRF-
based technologies to improve the aggregation of information from multiple views.
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9 Conclusion

This survey has provided a comprehensive overview of recent advancements and strate-
gies in 3D human pose estimation. The landscape of 3D-HPE is evolving rapidly, driven
by a diverse array of technologies including Convolutional Neural Networks, Graph Con-
volutional Networks, transformers, and their combinations. These technologies which are
applied across various scenarios such as monocular/multi-view camera setups, single/multi-
person scenarios, and image/video inputs, are reviewed thoroughly. Beyond traditional
supervised learning, the survey explored emerging techniques such as weak, semi, and
self-supervised learning methods, highlighting their contributions to improving accuracy
and robustness in pose estimation. It explored online and offline pose data augmentation
strategies to increase the generalizability of 3D-HPE models. It briefly discussed the impor-
tance of absolute keypoint coordinates, problem-solving spaces, probabilistic/ diffusion-
based approaches, benchmark datasets, evaluation metrics, and the performance of recent
methods. The categorization of challenges into common and scenario-specific issues offers
clarity on current obstacles in the field. Moreover, the identification of future research direc-
tions with actionable recommendations highlights the ongoing opportunities for innovation
and advancement in 3D-HPE.
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