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Abstract — This article presents a systematic review of modern
2D and 3D deep learning approaches used in the fields of Human
Pose Estimation (HPE) and Skeleton-Based Action Recognition
(SBAR). The research was conducted based on the SALSA
methodology and the published works in leading scientific
databases were analyzed. Within the framework of the review,
approaches based on the detection of human joint points from
image and video sequences, reconstruction of the skeletal
structure, and modeling of actions in the spatial and spatio-
temporal (ST) domains were compared. The article reviews the
architectures of 2D and 3D HPE models, joint hiding in multi-
person scenes, real-time requirements, and the possibilities of
application in embedded devices. The spatial, spatiotemporal, and
graphical features used in SBAR systems and their impact on
computational complexity and energy efficiency are also analyzed.
The performance of the models was compared based on evaluation
criteria such as MPJPE (Mean Per Joint Position Error), AP
(Average Precision)) RMSE (Root Mean Square Error), and
Pearson correlation. The results show that skeleton-based
approaches are effective solutions for real-time and resource-
constrained systems. However, choosing the optimal model and
features requires a trade-off between accuracy, computational
complexity, and energy efficiency. This paper identifies promising
architectures, features, and hardware adaptation strategies for
practical applications of HPE and SBAR systems in real-world
environments.
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I. INTRODUCTION

Human motion analysis is a research area of great scientific
and practical importance in many fields, such as biomechanics,
sports medicine, clinical rehabilitation, robotics, and human-
machine interfaces [1]. Human motion is a complex ST
biomechanical process resulting from the coordinated activity of
muscles, joints, and the skeletal system, and its accurate
numerical modeling is one of the important tasks of modern
research [2]. Therefore, the need for systems for analyzing
human posture and movements in real-world conditions such as
daily activities, sports training, rehabilitation, and safety
monitoring is increasing. In recent years, the development of
computer vision and deep learning technologies has brought the
field of human motion analysis to a new level. High-resolution
imaging devices and deep neural networks have led to the
development of HPE and SBAR [3]. These approaches allow for
the identification of human joint points from image or video
sequences, reconstruction of the skeletal structure, and analysis
of movement dynamics.

HPE is a key component of human motion analysis systems,
and is aimed at determining the location of joint points from
image or video sequences. In practice, HPE approaches are
divided into 2D and 3D types: 2D HPE is characterized by its
real-time performance by determining the pose in the image
plane via (x, y) coordinates; 3D HPE is characterized by its high
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accuracy for biomechanical analysis by reconstructing the
spatial structure of the skeleton via (%, y, z) coordinates [4].

SBAR approaches analyze human motion based on the
temporal changes of joint points and are one of the important
directions in the field of Human Activity Recognition (HAR).
These approaches are robust to background noise and
appearance changes, and allow modeling motion in a ST
graphical form [5].

Therefore, this paper systematically analyzes modern 2D
and 3D deep learning approaches for HPE and SBAR. The
research examines the architectures, skeletal topologies,
extractable features of pose recognition models, and their
potential for real-time and embedded applications.

II. METHODOLOGY

This section describes the methodology for selecting and
analyzing scientific literature related to HPE and SBAR
approaches. The research was conducted based on the SALSA
(Search, Appraisal, Synthesis and Analysis) methodology [7].
To identify scientific sources, a systematic search was
conducted for articles indexed in leading scientific databases
such as Scopus, IEEE Xplore, MDPI, PubMed, and ProQuest.

The literature selection process mainly considered studies
published between 2010 and 2026. At the same time, exceptions
were made for some fundamental works that are important in the
development of HPE and deep learning models, based on the
year of publication. The search process used keywords such as
“human pose estimation”, “2D pose estimation”, “3D pose
estimation”, “skeleton-based methods”, “deep learning”, “graph
neural networks”, “transformer”, “computer vision”, and
“human motion analysis” and their combinations. Initially,
articles were reviewed based on title and annotation, and
duplicate publications were excluded.

In the next step, the full texts of the selected papers were
analyzed and their relevance to HPE and SBAR issues was
assessed. The final selection was made based on the following
criteria:

e studies aimed at identifying joint points from static
images or video sequences;

e HPE approaches based on 2D and 3D deep learning
models;

e skeleton-based ST modeling methods.

The following papers were excluded from the analysis:

e studies that did not adequately describe the architecture
or evaluation methods;

e  papers that focused only on data collection but did not
propose a model or analysis.

The main characteristics of the selected studies, including
the type of HPE, architecture used, number of nodes, datasets,
and evaluation criteria, were summarized. A total of 44 scientific
articles were analyzed within the framework of this review. The
general scheme of the literature selection process is shown in
Figure 1. The selected works were evaluated based on the
criteria of methodological rigor, the presence of experimental
evaluation, and the reproducibility of the results.

Number of articles included in
the search database: 567
(MDPI- 15, Proquest — 184,
Scopus — 176, PubMed — 34,
IEEE — 158)

Articles were excluded based on one or more of|

the following criteria:

e Works in which the data collection phase was
1 performed on the embedded device, and the

Number of articles remaining pose detection, feature extraction, or analysis

after removing duplicates: n = processes were performed on external

124 computing platforms;
e Studies in which the hardware platform or
1 architecture type used was not clearly stated;
Number of articles remaining e Works in which the necessary indicators for
after applying exclusion criteria: evaluating the system performance were not
n=44 provided;
1 e Works in which the methodological

description or experimental results were

Number of articles included in insufficiently complete.

the final analysis: n = 44

Fig. 1. Overall methodology for article selection.

III. DATA PREPARATION AND COLLECTION.

The data acquisition stage is one of the most important stages
of HPE systems based on computer vision and machine learning
approaches [3]. The decisions made and the technical solutions
chosen in this process directly affect the accuracy, reliability,
and practical effectiveness of the research. In particular, the
camera settings, the quality and diversity of the datasets, as well
as the normalization, noise reduction, and preprocessing
processes are important for the effective extraction of human
pose features and the training of models based on deep learning.

In addition, the wvariability of lighting conditions, the
occlusion of body parts, the complexity of the background, and
the morphological differences between subjects that occur in
real environments significantly affect the generalization ability
of HPE models. Figure 2 shows the main stages of the data
acquisition process in HPE systems.

RGB cameras: HD/4K CCTV, DSLR, webcams

Depth cameras: Intel RealSense, Microsoft Azure Kinect
Infrared cameras: FLIR thermal cameras, Leap Motion
Motion capture (MoCap) systems with and without markers:
OptiTrack, Vicon

Wearable IMU sensors: Camera fusion, IoT and ML
Mobile-based pose recognition systems: OpenPose, DL and AL

Cameras for data collection

Open data sets

* UW-IOM - includes object handling actions in an indoor environment.
— - + Human3.6M - a standard set of millions of 3D human poses and images.
« COCO — widely used for 2D pose detection and object recognition.
¢ \ o CP3D - 3D pose data for the construction industry.
* MPII - used to evaluate articulated HPE.
* CMU MoCap — 3D motion data widely used in biomechanics, robotics,
and motion analysis.

Configure data collection

Controlled il A well-defined work with minimal
noise and distractions, resulting in high-quality, consistent data.
Uncontrolled environment: An environment that involves real-life
conditions and dynamic worker movement; a data set that is sensitive to
changes in lighting, obstructions, and background clutter.

Fig. 2. Data collection stages for HPE.

The accuracy and efficiency of HPE systems directly depend
on the technologies used in the data collection process. One of
the most widely used methods in practice is RGB cameras,
which provide high-resolution color images, are relatively
inexpensive, and are easy to integrate into various systems.

Depth cameras, on the other hand, provide additional spatial
information, allowing for more accurate analysis of the human
body. However, their high cost and sensitivity to lighting
conditions may limit their use in some real-world environments

[8].
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TABLE 1. DATA ACQUISITION METHODS USED FOR HPE.

Data acquisition

Data acquisition source and description Ref.

RGB cameras

Depth cameras
estimation

Infrared cameras

Marker-based and markerless

motion capture systems capture

Motion capture (MoCap) OpenPose, MediaPipe, and Detectron-Al-based, markerless pose estimation systems
IMU sensors Camera fusion, multi-IMU, IoT, and ML technologies

Mobile  device-based pose

estimation systems pose estimation models

IP cameras used for acquiring 2D images for CV — based pose estimation
Microsoft Kinect and Intel RealSense depth cameras for collecting 3D depth maps and performing pose

FLIR infrared cameras for motion detection and tracking
Vicon, OptiTrack, and Qualisys systems, which use infrared cameras and reflective markers for precise motion  [18]

Smartphone cameras integrated with OpenPose, edge computing, DL, artificial intelligence (Al), and 2D/3D

[9-13]
[14-15]

[16-17]
[9], [19-22]

[12], [23-24]
[18], [25]

Table I lists the main data collection technologies used in HPE research
and the corresponding data sources.

A. Fundamentals of HPE and Joint Keypoint-Based Motion
Analysis.

Human movement is a complex biomechanical process that
occurs as a result of the coordinated activity of muscles, joints,
and the skeletal system. This process is closely related to human
daily activities, sports training, rehabilitation, and other
physiological functions [26]. Digital analysis of human
movements is one of the important research areas in the fields of
computer vision and biomechanics.

Human movement analysis based on computer vision
usually includes three main steps: feature extraction from
images, matching these features in successive frames, and
performing high-level analysis. This process is aimed at
determining the posture of the human body, the kinematic
relationships between joints, and the dynamics of movement [2].

The main element of the HPE process is the joint points.
Joint points are coordinates representing important anatomical
points in the human body, which serve as the basis for building
a skeletal model and representing movements digitally [29].
These points typically represent joint centers such as the head,
neck, shoulder, elbow, wrist, hip, knee, and ankle. In 2D HPE
systems, joint points are defined by (x, y) coordinates in the
image plane, while in 3D HPE approaches, these points are
evaluated in spatial (X, y, z) coordinates. As a result, the motion
state of the human body is reconstructed in the form of a
skeleton. The accuracy of joint points is one of the main factors
determining the overall performance of HPE systems.
Especially in scenes with many people, the mutual occlusion of
joints, low spatial resolution, changing lighting conditions, and
the presence of complex backgrounds complicate the pose
detection process [30].

Modern deep learning-based HPE models mainly use
heatmap or regression approaches to detect joint points. In
heatmap-based methods, a probability map is generated for each
joint, while regression models directly predict the joint
coordinates. The choice depends on computational resources,
accuracy requirements, and real-time needs.

Skeletal data formed on the basis of joint points creates a
convenient structure for ST analysis. In this case, joints are
represented as graph nodes, and anatomical connections are
represented as edges. In recent years, 2D HPE approaches have
been widely used in real-time systems. These models are
computationally lightweight, and algorithms such as OpenPose,

MediaPipe Pose, MoveNet, and HRNet allow for fast pose
detection using simple RGB cameras [3]. Therefore, they are
effectively used in mobile devices and embedded systems.

3D HPE approaches, on the other hand, allow for the
reconstruction of the full spatial structure of the human skeleton
and provide high accuracy for biomechanical analysis [5].
However, these models require high computational complexity
and hardware resources. Therefore, while 2D HPE is more
commonly used in real-time and resource-constrained systems,
3D HPE is preferred in applications requiring high accuracy.
The number of joints and tasks in the main skeletal models used
in the reviewed studies are listed in Table II.

TABLE II. NUMBER OF JOINT KEYPOINTS USED IN HUMAN POSE AND MOTION

ANALYSIS.
Number

Model of joints Task type
OpenPose (COCO-18) 18 2D Pose Estimation
OpenPose (BODY-25) 25 Pose Estimation + HAR
BlazePose (MediaPipe) 33 Pose Estimation + HAR
MediaPipe Pose 33 2D/3D-lite Pose Estimation
VideoPose3D 17 3D Pose Estimation
GAST-Net 17 3D Pose Estimation
Root-GAST-Net 17 3D Pose Estimation
ST-GCN 25 SBAR
TSHDC 17 3D Pose Estimation
SimpleNet 17 2D — 3D Pose Estimation
SMPL 24 Parametric Body Model
SMPL-X 55 Full-body Pose Modeling
Azure Kinect Body Tracking 32 RGB-D Motion Capture

Multi-Sensor Fusion 17-25 Multi-sensor 3D Pose Estimation

B. Feature Extraction on Embedded Devices

In the HPE process, skeletal data extracted from image or
video sequences provide important information about the human
body posture, spatial location of joints, and movement
dynamics. These data are the main input data for automatic
human movement analysis systems. The pose detection process
usually includes the initial image processing stage and
subsequent motion analysis or classification stages.

An important step in this process is the detection of joint
points and the calculation of their spatial coordinates. Key points
representing the human skeleton are extracted from each frame,
and various geometric and kinematic indicators describing the
movement are formed based on them. In practical research, these
features are mainly determined based on spatial coordinates and
their changes over time, and in some approaches, ST features are
used together.
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The choice of skeletal features directly affects the overall
accuracy of the system. There are many studies in the scientific
literature that have achieved high accuracy rates in skeletal-
based motion recognition systems, confirming the practical
effectiveness of this approach [31]. However, the system
efficiency varies depending on the HPE model used, the number
of selected joints, and the complexity of the motion. Another
important factor for systems running on embedded devices is

computational efficiency. The feature extraction process must
meet real-time requirements, not cause excessive computational
burden, and provide the ability to work on different hardware
platforms.

Table III categorizes the main features used in skeleton-
based HPE and SBAR systems into spatial, temporal, and
graphical domains.

TABLE III. FEATURES EMPLOYED IN THE REVIEWED STUDIES.

Feature Abb. Domain Use in models
Joint coordinates JC Spatial OpenPose, HRNet, AlphaPose
2D pose coordinates (x,y) Spatial COCO, MPII
3D pose coordinates (X,y,2) Spatial Human3.6M, VideoPose3D
Joint distance JD Spatial Pose analysis
Bone vector BV Spatial Kinematic modeling
Joint angle JAB Spatial Biomechanics, HAR
Joint velocity A% ST Motion analysis
Joint acceleration JA ST HAR
Temporal difference Al Temporal Frame motion
Trajectory displacement D Temporal Motion trajectory
Skeleton embedding SE Graph PoseFormer
Attention weights AW Graph Transformer
Skeleton graph node feature GN Graph ST-GCN
Graph adjacency matrix AM Graph GCN

According to the analysis results, the most commonly used
features belong to the spatial and ST domains, which allow for
effective representation of human pose and movement

dynamics. While features based on graphical structures have
high expressiveness in modeling complex movements, their
computational complexity is high.

TABLE IV. FEATURE EXTRACTION ON EMBEDDED DEVICES.

Ref Main features

Device / Platform

[19], [23]

(9], [10], [13], [15]
[32], [11], [20], [21]
[331, [36], [37]
[14], [35]

(17]

[24], [12]

[25], [18]

[34]

JC,JV, AJ, TCF, PSE, (x,y), (X,Y,2)
JC, HR, KCS, ID, JA®, (x,y)
JC, HR, KCS, PN, JN, BV, BO, BL
JC, HR, AW, (x,y)

JC, 1D, (x,y), (X,¥,2)

JC, HR, AW, PSE
JC,JA8,JV,JO, LD, (x,y,z)
JC,KCS, JAO, BAC
JAO, JID, AW, PSE

Embedded platform (Jetson TX2, IMU sensors)
RGB / depth camera systems
GPU platforms (V100, RTX series)
High-performance GPU (RTX 3090-4090, A100)
RGB-D / LiDAR sensors
Event camera systems

Multi-sensor systems (IMU + camera)
Smartphone-based systems

Hybrid sensing (GPU + EMG sensors)

Table IV presents a comparative analysis of the features and
hardware platforms used in the HPE and SBAR studies
conducted on embedded and limited computing devices.
According to the results of the analysis, the most commonly
used features were JC, (X, y), (X, y, z), HR, KCS, JA®, JD, and
AW and PSE. Figure 3 shows the most commonly used features
in the reviewed studies.

AT
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Fig. 3. The ten most frequently used features in the reviewed studies.

The analysis results show that computational complexity and
real-time requirements are the decisive factors in the selection
of features for HPE and SBAR systems running on embedded
devices. Although features in the graphics domain provide high
accuracy, their computational complexity is high and requires
powerful GPUs or specialized hardware platforms to run
effectively. Therefore, the selection of features in embedded
systems is based on a balance between accuracy and
computational efficiency.

IV. HPE ON EMBEDDED SYSTEMS.

HPE is one of the important tasks in computer vision and
biomedical engineering. Artificial intelligence-based algorithms
are widely used to perform this task, as they allow detecting
complex spatial and ST motion patterns in image and video data
[44].

However, the implementation of such algorithms often
requires high computing power. Therefore, many studies have
used resource-intensive computing platforms such as servers or
high-performance workstations. However, this situation limits
the possibility of using HPE solutions in everyday life.
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This problem is especially relevant for real-time
applications, including intelligent rehabilitation systems, motion
analysis, human-computer interaction, and surveillance systems.
Therefore, in recent years, research has been focused on energy-
efficient and compact hardware platforms, especially embedded
devices.

One of the effective approaches widely used in embedded
systems is to perform model inference on the device itself. This
method allows for real-time operation, and the model training
process is typically performed on high-performance computing
systems.

TABLE V. ARCHITECTURES EMPLOYED FOR HPE.

Model Complete Model Description
OpenPose Multi-person 2D human pose estimation framework
BlazePose Lightweight real-time pose estimation model
MediaPipe Pose Real-time pose tracking framework by Google
HRNet High-Resolution Network for accurate pose estimation
AlphaPose Top-down multi-person pose estimation framework
MoveNet Fast and efficient PE model for edge devices
VideoPose3D Temporal convolutional network for 3D pose estimation
GAST-Net Graph Attention ST Network for pose estimation
ST-GCN ST Graph Convolutional Network for action recognition
SMPL Parametric human body modeling framework

Table V lists the main model architectures used in HPE
systems. The table shows that in recent years, along with
convolutional neural networks, temporal and graph-based
models have also been actively developed. Although these
models provide high accuracy, their computational complexity
requires additional optimization for use in embedded systems.

TABLE VI. PERFORMANCE METRICS OF EMBEDDED AND SENSOR-BASED

HPE SYSTEMS.
Ref. Device Jom‘t Performance Model
Keypoints (mm)

[26] RGB camera 17 MPJPE = 44.9 GAST-Net
[27] - 17 MPJPE = 34.5 VideoPose3D

RMSE =46.8+  BlazePose,
[27] Smartphone 17 532 OpenPose
[38] RGB camera 17 MPJPE =97 MediaPipe Pose
[39] RGB camera 17 MPJPE =44.9 Root-GAST-Net
[40] RGB camera 18 MPJPE = 100 OpenPose
[24] TOtalllf/‘l‘Bt“re’ 17 MPIPE=20.7  SimpleNet
[35]  Lidar sensor 17 MPJPE = 82 OpenPose

B TSHDC (MSA +
[16] Jetson TX2 17 MPIJPE = 48.4 THDC)
[9] RGB camera 17 MPJPE = 52.6 ST-GCN
[41] RGB camera 18 MPJPE = 100 OpenPose
Heterogeneous
[42] LiDAR, IMU 16 RMSE = 107.5 Multi-Sensor
Fusion
Azure Kinect _ .

[43] RGB-D 32 RMSE =28.4 Azure Kinect

Table VI presents the performance indicators of embedded
and sensor-based HPE systems. The results show that the system
accuracy depends significantly on the type of device and sensor
configuration used. While RGB camera-based approaches are
widely used in practice, multimodal systems combining IMU,
LiDAR, and RGB-D sensors have achieved higher accuracy
through lower MPJPE or RMSE values. In general, effective
implementation of HPE algorithms in embedded systems

requires a balance between accuracy, computational complexity,
and energy efficiency. Despite the high accuracy of modern
deep learning models, their application in real-time and on
devices with limited resources requires model simplification and
hardware-adapted optimization methods..

V. CONCLUSION

This systematic review analyzes state-of-the-art 2D and 3D
deep learning approaches used in the fields of HPE and SBAR.
The results show that the performance of HPE and SBAR
systems directly depends on the choice of data acquisition
methods, skeletal topology, and spatial and ST features. The
computational simplicity of 2D HPE models makes them a
convenient solution for real-time operation and application in
resource-constrained embedded devices, while 3D HPE, while
providing high accuracy in biomechanical and clinical analysis,
requires large computational resources. Graph-based
approaches effectively model complex motion patterns, but their
computational complexity limits their application in embedded
systems, while multimodal approaches increase system
complexity while increasing accuracy. In general, it is important
to balance accuracy, computational complexity, and energy
efficiency when implementing HPE and SBAR solutions in
embedded systems, and future research should focus on
simplifying model architectures, reducing redundant
parameters, quantization, and exploring hardware-level
optimization techniques. This review identifies promising
scientific and  engineering  directions for effective
implementation of HPE and SBAR systems in real-time and
practical environments.
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