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A B S T R A C T

Real-time human pose estimation and tracking on monocular videos is a fundamental task in computer vision 
with a wide range of applications. Recently, benefiting from deep learning-based methods, it has received 
impressive progress in performance. Although some works have reviewed and summarised the advancements in 
this field, few have specifically focused on real-time performance and monocular video-based solutions. The goal 
of this review is to bridge this gap by providing a comprehensive understanding of real-time monocular video- 
based human pose estimation and tracking, encompassing both 2D and 3D domains, as well as single-person and 
multi-person scenarios. To achieve this objective, this paper systematically reviews 68 papers published between 
2014 and 2024 to answer six research questions. This review brings new insights into computational efficiency 
measures and hardware configurations of existing methods. Additionally, this review provides a deep discussion 
on trade-off strategies for accuracy and efficiency in real-time systems. Finally, this review highlights promising 
directions for future research and provides practical solutions for real-world applications.

1. Introduction

Human pose estimation and tracking are emerging fields in computer 
vision. Human pose estimation (HPE) involves determining the positions 
of different body joints from images or videos and outputting them into 
2D or 3D coordinates. Human pose tracking (HPT) builds on the outputs 
of HPE by assigning a unique identification number to each person in the 
videos (refer to Section 2 for a comprehensive explanation). The two 
major approaches for HPE are traditional computer vision methods and 
deep learning methods. The traditional methods employ various hand
crafted feature extraction techniques, such as pictorial structure [3] and 
shape contexts [58] for body joint detections. However, they fail to 
address occlusion and noise issues as well as are time-consuming and 
challenging when handling more than one pose [69]. Since 2014, in
terest in HPE has increased due to the introduction of deep learning 
methods [78]. The impressive performance made the field shift their 
work from traditional models to deep learning models, ranging from 
simple neural networks to complex convolutional neural networks and, 
more recently, transformers-based architectures [43,57,90].

In human pose estimation and tracking, particularly in 3D HPE and 

HPT, diverse types of input data have been explored. Multi-view camera 
systems provide spatially diverse viewpoints, enabling precise 3D pose 
reconstruction through triangulation [8] or direct regression [82], but 
they require careful calibration and expensive setups. Depth sensors (e. 
g., Kinect) offer explicit distance information, alleviating depth ambi
guity in 3D pose estimation [64]. However, they suffer from short-range 
constraints and reduced accuracy in bright or outdoor scenes. Wearable 
inertial measurement units (IMUs) can track body movement robustly 
without visual occlusion constraints [26]. Still, they are intrusive, 
require attachment to the body, and are not scalable for large pop
ulations or unstructured environments. In contrast, monocular video 
input, such as RGB footage from a single optical camera, offers a 
cost-effective, easily deployable, and non-intrusive solution. However, it 
introduces significant challenges associated with depth ambiguity 
[100], dynamic backgrounds, truncation or occlusion caused by dy
namic interaction among people, motion blur from the fast motion of 
people or camera, changing lighting conditions, and pose variation [88]. 
Moreover, compared to image-based pose estimation, video-based pose 
estimation must consider temporal relationships of body poses across 
frames to alleviate pose inconsistency and motion jitter [51], which 
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significantly introduces additional computational cost due to temporal 
redundancy and increases the complexity of spatio-temporal modelling. 
HPT faces additional challenges in maintaining consistent identities 
across frames, particularly under occlusion and fast movement [102]. 
These limitations make monocular video-based HPE and HPT a techni
cally challenging yet practically important subfield.

These challenges are further amplified in real-time monocular HPE 
and HPT, where low-latency requirements and computational con
straints further complicate the tasks [89]. Therefore, achieving a bal
ance between accuracy and efficiency is essential for real-time 
video-based pose estimation and tracking [31]. Despite these diffi
culties, the demand for real-time and robust solutions has been growing. 
Real-time monocular HPE and HPT have been increasingly adapted in a 
wide range of practical applications, such as surveillance [14], anima
tion [38], action recognition [34], immersive environments [52], and 
human-computer interaction research [68]. Recently, it has been 
applied in identifying violence and supporting healthcare [73] and it 
could be a key technology to reduce crowd accidents [28].

Several surveys and reviews have been conducted on HPE and HPT 
with various scopes and application focuses [5,15,51,80,100,102]. For 
instance, [80] exclusively took into account 2D HPE in their review, 
while [51,100] provided comprehensive reviews on HPE but did not 
involve HPT. The work by [15] focused on the contribution of HPE for 
training assistance. The aim of [5] was to explore the applications of 
HPE in sports and physical exercise. Although [102] attempted to cover 
both 2D and 3D HPE and HPT, it did not focus on the challenges of 
real-time inference from monocular video input, nor did it analyse the 
efficiency measures (e.g., inference speed) or hardware constraints, 
which are critical for deployment on mid-range devices. While existing 
review studies cover various aspects of 2D and 3D HPE, HPT, or specific 
application domains, few systematically focus on real-time human pose 
estimation and tracking using monocular video input, particularly from 
the perspective of computational efficiency and hardware deployment. 
This gap has also led to a limited understanding of how to balance ac
curacy and efficiency to achieve real-time performance on mid-range 
devices. To address these gaps, a tailored and thorough review of 
recent advancements in real-time human pose estimation and tracking 
from monocular videos is urgently needed.

This research aims to analyse various aspects that influence the 
performance of real-time human pose estimation and tracking on 
monocular videos, with a particular focus on efficiency metrics and 
inference hardware configurations. It further explores the underlying 
reasons for variation in computational efficiency, and highlights stra
tegies introduced by recent works to balance accuracy and efficiency for 
real-time performance. To achieve this aim, we conducted a systematic 
literature review with 68 papers published between 2014 and 2024. 
These works were identified and analysed following the PRISMA 
guidelines [57] by answering six fundamental questions to evaluate the 
existing capabilities and limitations of real-time HPE and HPT for 
monocular videos. This research provides a comprehensive overview of 
recent advancements by evaluating the performance and complexity of 
different algorithms in relation to outputs and workflows, highlighting 
effective accuracy-efficiency trade-off strategies tailored to specific ar
chitectures and tasks. Findings could facilitate future development and 
deployment of robust real-time human pose estimators on 
resource-constrained hardware such as mid-range GPUs, CPUs, and even 
mobile devices.

The rest of this paper is organized as follows. Section 2 introduces 
background information on human pose estimation and tracking from 
monocular videos. Section 3 describes the methodology of our system
atic review and introduces six research questions. Section 4 presents the 
results in response to these research questions, covering outputs, 
workflows, algorithms, and evaluation metrics for accuracy and effi
ciency, as well as the datasets and hardware configurations employed. 
This section also highlights common trade-off strategies between accu
racy and efficiency adopted in the reviewed studies. Section 5 provides 

an insightful analysis of the strengths and limitations of different algo
rithms, and recommends practical strategies for achieving a balance 
between accuracy and efficiency. Furthermore, Section 5.2 discusses the 
limitations of this review and future research directions. Finally, Section 
6 concludes the paper.

2. Background

Human pose estimation (HPE) and human pose tracking (HPT) are 
both fundamental computer vision tasks and have been intensively 
studied in recent years. HPE involves the detection of body joint posi
tions while HPT aims to generate consistent human pose trajectories 
over time. The two tasks are intricately interconnected as pose tracking 
benefits from reliable body poses. Fig. 1 shows the difference and rela
tionship between HPE and HPT using a multi-person example. This 
study emphasises the literature that tackles both tasks in a joint way 
within monocular video sequences. In this section, we provide the def
initions and categories of these two tasks as well as the related chal
lenges and applications.

2.1. Monocular video-based human pose estimation

Monocular video-based HPE is a complex computer vision task. It 
detects body joints, such as the head, knees, wrists and elbows, from 
monocular videos, and correctly connects them to form a skeleton 
structure or a body mesh. According to the spatial dimension of output, 
it can be categorized into two types: 2D HPE and 3D HPE. 2D HPE [25]
estimates the x and y coordinates of body joints. Depending on the 
number of people in the videos, it can be further classified into 
single-person and multi-person HPE [7,10]. Similarly, 3D HPE [54]
expands spatial dimensions to the x, y, and z coordinates for a more 
accurate representation of keypoints, where z represents depth infor
mation. Unlike 2D HPE, 3D HPE can output either relative coordinates 
(relative to the body root) [65] or absolute coordinates (relative to the 
camera) [56]. 3D HPE can be integrated with parametric body models 
such as the Skinned Multi-Person Linear Model (SMPL) to generate 
detailed 3D body meshes that include human body shapes and pose 
parameters [36].

Despite recent advancements, inferring human poses from monoc
ular videos is still challenging, especially in multi-person scenarios [11]. 
First, the number of people is unknown in videos and people may be 
present at different positions and scales within a video. Second, in
teractions between people may cause occlusions, increasing the diffi
culty of pose detection. Third, runtime increases with an increased 
number of people, leading to the slowdown of algorithms dramatically. 
Beyond these challenges, video-based HPE needs to address motion jitter 
and temporal incoherence across adjacent frames [89]. Furthermore, 3D 
HPE on monocular videos introduces an additional challenge known as 
depth ambiguity due to the inherent difficulty of accurately estimating 
depth information (z-coordinates) from a single camera viewpoint 
[101].

2.2. Monocular video-based human pose tracking

Monocular video-based HPT is an extension of pose estimation in 
monocular videos, which first estimates human poses and then assigns a 
unique identification number (ID) to each pose across frames [87]. The 
main task of HPT is linking poses inter-frame poses. In other words, HPT 
compares pose similarity in adjacent frames by utilizing 
spatial-temporal relationships between a pair of poses. Depending on the 
number of people involved, HPT can be classified into single-person and 
multi-person tracking. However, little research is related to 
single-person HPT as it only involves tracking one person without the 
need to handle ID changes and merging. The main challenge of HPT is 
assigning correct IDs to different people and keeping consistency across 
frames. Therefore, HPT primarily focuses on the scene of multi-person 
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tracking [102]. The objective of multi-person HPT is to keep IDs 
consistent for same person across frames in the following possible sce
narios: (1) some people disappear from the camera view or get occluded; 
(2) new people come in or previous people re-appear; (3) people walk 
across each other (i.e., two IDs may merge into one if not treated care
fully); and (4) tracking fails due to fast camera shifting or zooming.

Multi-person HPT from monocular videos can be approached using 
two workflows: top-down and bottom-up. The top-down workflow [88]
first detects human bounding boxes and locates body joints within these 
boxes, then tracks human poses over the entire video based on pose 
similarity. In contrast, the bottom-up workflow [67] begins with 
generating all body keypoints in each frame and constructing a spatio
temporal graph to represent their connections over time. Subsequently, 
the graph is partitioned into sub-graphs by resolving an integer linear 
problem, with each sub-graph corresponding to the pose trajectory of 
each person.

With the increasing availability of low-cost video acquisition 
equipment (e.g. smartphones) and powerful graphic processing devices, 
human pose estimation and tracking have attracted growing interest 
over the past decade. Despite the high performance achieved by recent 
neural networks-based approaches, challenges such as occlusion, depth 
ambiguity, missing tracking, and high latency still remain. Especially, in 
real-world applications, boosting efficiency without sacrificing accuracy 
is a critical problem. Given that, there is a need to understand how to 
effectively balance the accuracy and efficiency for designing and 
deploying robust and efficient models on mid-range devices.

3. Methodology

This study follows four of the five steps for conducting a systematic 
literature review outlined by [35]. These steps include the definition of 
research questions, the identification of relevant studies, the summary of 
the evidence, and the interpretation of the findings. It is worth noting 
that this review aims to identify and synthesise relevant and represen
tative studies on real-time human pose estimation and tracking. Rather 
than assessing the quality of each study in depth, we focused on 
including works that meet predefined criteria and align with our 
research aim. Therefore, the quality assessment step outlined in [35]
was omitted. This methodology section outlines the specific systematic 
steps followed in this review.

3.1. Research questions

This review aims to explore the factors influencing the real-time 
performance of monocular HPE and HPT models, with particular 
attention to computational efficiency and trade-offs between accuracy 
and efficiency. It further provides practical solutions for real-world ap
plications on power-constrained devices, and highlights recent ad
vancements and theoretical contributions that could guide future 
development and deployment. To achieve this aim, six research ques
tions (RQ) were formulated as follows: 

RQ 1. : What are the outputs of existing HPE algorithms?

RQ 2. : What workflows are used to estimate human poses?

RQ 3. : What algorithms are used for estimating and tracking human 
poses, and how do they operate?

RQ 4. : What are the measures to evaluate the accuracy of these 
algorithms?

RQ 5. : What hardware is used to implement these algorithms, and 
what are the measures to evaluate output efficiency?

RQ 6. : What strategies have been used to balance accuracy and effi
ciency for real-time applications?

3.2. Search strategy

We followed the Preferred Reporting Items for Systematic Reviews 
and Meta-Analyses (PRISMA) workflow to identify eligible studies [63]. 
The studies included in this systematic literature review were sourced 
from Scopus, one of the largest scientific databases. To ensure 
completeness, a second searching approach, snowballing (both forward 
and backward) as described by [85], was employed to identify any 
potentially missing studies. We used the following keywords to collect 
relevant studies: (human OR pedestrian OR body OR person OR people) 
AND pose AND (detection OR estimation OR tracking) AND (real-time 
OR realtime OR online OR on-line) AND (video OR footage). Here, on
line indicates continuous processing of incoming data without batch 
delays, while real-time emphasizes producing results within strict time 
constraints. Their combination can ensure that robust and low-latency 
solutions for real-time pose estimation and tracking are searched 
comprehensively.

The first study employing a deep learning-based model for human 
pose estimation dates back to 2014 [78]. Therefore, the search spanned 

Fig. 1. The overview of multi-person video-based 2D and 3D pose estimation and tracking. The 3D HPE includes both skeleton pose estimation and body 
mesh recovery.
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the last ten years, from 2014 to 2024. Only English-language studies 
were considered. The following exclusion criteria (EC) were used to 
identify the relevant studies:

EC1: The study is a survey, literature review or conference 
introduction.

EC2: The study focuses solely on estimating specific body parts, such 
as the hand, foot or head.

EC3: The input videos for pose estimation are not optical and 
monocular.

EC4: The study targets specific human groups (e.g. patients, elderly 
or athletes) by training and testing their models on specialized datasets.

EC5: The study provides no evidence of the efficiency of the proposed 
method.

EC6: The study does not propose a new algorithm or model for pose 
estimation.

The titles and abstracts of each searched study were initially 
screened based on EC1, EC2, EC3 and EC4 to exclude clearly irrelevant 
papers. In the subsequent eligibility stage, the remaining studies were 
excluded by skimming the full text using EC5 and EC6. Additionally, we 
adopted the snowballing method to examine studies cited in the result 
evaluation sections. If a study was cited for performance comparison, it 
was deemed relevant and included for further evaluation. The studies 
searched by snowballing were evaluated and excluded based on EC5 and 

EC6 through a full-text review.

3.3. Search results

The initial search yielded 858 papers. Forty-three duplicate records 
were removed, leaving 815 papers for further filtering. The titles and 
abstracts of each paper were screened based on EC1, EC2, EC3 and EC4, 
resulting in the removal of 620 papers. In the subsequent eligibility 
stage, the other 151 papers were excluded by skimming the full text 
using EC5 and EC6. The remaining 43 papers were eligible for this re
view. Additionally, we adopted the snowballing method to select addi
tional studies cited in the 43 initially included papers. These papers were 
evaluated based on EC5 and EC6 through a full-text review. As a result, 
25 additional papers were added, expanding the total number of eligible 
papers to 68. Fig. 2 illustrates the complete selection process.

The eligible papers were then analysed to address the research 
questions framed in Section 3.1. Each paper was reviewed in detail to 
extract relevant data, such as outputs, workflows, algorithms, evalua
tion metrics, hardware configurations and datasets. The extracted data 
were subsequently analysed and organized to generate visualization 
results in the form of figures and tables, which support more effective 
comparisons between the reviewed studies.

Fig. 2. Systematic literature selection process resulting in 68 papers for final in-depth review.
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4. Critical analysis of selected studies

This section presents the findings extracted from the eligible papers 
in response to the six research questions outlined in Section 3.1. The 
results for RQ1 are detailed in Section 4.1, while the findings of RQ2 are 
presented in Section 4.2. Section 4.3 introduces the representative al
gorithms according to the above categories and workflows. Section 4.4
highlights the commonly used datasets and the measures for accuracy 
(RQ4). Section 4.5 provides efficiency measures and hardware config
urations for testing these algorithms (RQ5). Lastly, we discuss the RQ6 
in Section 4.6.

4.1. Outputs

This section provides the outputs of the solutions proposed in the 68 
selected works answering RQ1. The reviewed studies covered a range of 
outputs, which can be identified into five types: 2D-single pose, 2D- 
multi pose, 3D-single pose, 3D-multi pose and 2D and 3D-single pose. 
Given a monocular video, the outputs of HPE can be represented in 
either 2D or 3D forms in terms of space dimension. According to the 
number of people in the video, the outputs can be further divided into 
single-pose and multi-pose. Fig. 3 illustrates the distribution of different 
output types, including three studies that simultaneously generate both 
2D and 3D poses, but only for single-person scenes.

In the field of 2D HPE, research on multi-person pose estimation (30 
papers) significantly exceeds that on single-person pose estimation (5 
papers). In contrast, 3D HPE shows an opposite trend, with single-person 
pose estimation (24 papers) being more prevalent than multi-person 
pose estimation (6 papers), highlighting a distinct shift in research be
tween 2D and 3D HPE. Additionally, the growing interest in 3D HPE 
overtime may be attributed to the advancements in 2D HPE, which have 
encouraged researchers to explore the more complex and challenging 3D 
domain. As shown in Fig. 3, the x-axis starts in 2017, despite the 

reviewed literature spanning back to 2014, which indicates that before 
2017, most works primarily focused on improving accuracy rather than 
real-time efficiency. Notably, seven papers [25,60,67,74,87,88,94] on 
pose tracking are contained in the 2D-multi pose category, as they build 
upon pose estimation as a foundational task. Moreover, the reviewed 
studies only involve 2D multi-pose tracking, with no inclusion of 3D 
pose tracking. Details of the algorithms are provided in Section 4.3.4.

4.2. Workflows

In this section, we discuss the different workflows for 2D and 3D 
HPE, as well as their associated advantages, limitations and challenges, 
thus answering RQ2. 2D HPE can generally be enforced in two work
flows: top-down (20 papers) and bottom-up (15 papers). Fig. 4 provides 
an overview of these two workflows. The top-down workflow employs a 
detector to obtain the bounding box of each person and then adopts a 
single-person pose estimator on each bounding box for pose detection. It 
is more accurate and suffers less from scale variance, as each bounding 
box is rescaled to a fixed size, resulting in less degradation at smaller 
scales [94]. However, it also has several limitations. If the detector 
misses the person, pose estimation will fail. Furthermore, a separate 
pose estimator is required for each detected person, which leads to the 
runtime cost scales with the number of detected individuals [25]. The 
top-down workflow can be further divided into the two-stage approach 
(17 papers), where person detection and pose estimation are performed 
sequentially, and the unified approach (3 papers), which crops human 
bounding box and predicts keypoints from the corresponding feature 
maps simultaneously.

The bottom-up workflow detects all keypoints at first and then as
signs them to individuals. It is more computationally efficient as it 
avoids repeatedly adopting a pose estimator for each detected person, 
thereby decoupling runtime cost from the number of people [61]. 
However, it may perform vulnerably in crowded scenes due to 

Fig. 3. The outputs of human pose estimation, categorized by spatial dimension and the number of people in the scene. The x-axis starts from 2017 to reflect the 
emerging focus on real-time efficiency, while the y-axis indicates the number of studies.
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ambiguity in keypoint assignment, as it lacks instance-level global 
context and structural information from other body parts and people 
[88]. Additionally, it requires high-resolution inputs to accurately detect 
keypoints across different person sizes, making them sensitive to input 
resolution and scale variance [83]. Finally, The keypoint assignment 
process is an NP-hard integer linear problem, which can remarkably 
increase processing time [10]. According to Fig. 6, the top-down 
workflow is more commonly used for 2D HPE. This trend can be 
attributed to advancements in person detectors, which allow for 
decomposing the complex HPE task into two simpler and 
well-established subtasks: person detection and pose estimation.

3D HPE is inherently more challenging due to the high-dimensional 
variability and nonlinearity of human dynamics. Common challenges to 
face are depth ambiguities, occlusions, and the large variety of ap
pearances and scenes [56]. 3D HPE can be executed by two workflows: 
end-to-end (12 papers) and 2D-to-3D (18 papers). As shown in Fig. 5, the 
end-to-end workflow directly infers 3D poses from RGB images or videos 

without the help of 2D pose representation. It requires large amounts of 
3D pose-labelled datasets for supervision, which are difficult to obtain in 
the real world. In addition, extracting context information from images 
or videos results in substantial time and computation consumption. 
Recent research has integrated 3D body models (e.g. SMPL) to predict 
3D body meshes [77]. Notably, three 2D and 3D HPE papers all apply 
end-to-end workflow to produce human poses [93].

2D-to-3D workflow reasons 3D human poses from estimated 2D 
poses. It divides a difficult problem into two decoupled subtasks: 2D 
pose detection and 3D pose estimation from 2D keypoints. Compared 
with raw monocular videos, 2D skeleton poses of each frame are much 
more memory-friendly, making it consume less computation and 
memory to model long-term frames [99]. Moreover, it also benefits from 
intermediate 2D pose supervision and advanced 2D pose estimators 
[65], which can interpret the different output trends between 2D and 3D 
domains. When 2D single-pose estimation achieved high-performance, 
researchers have shifted their attention to more complex tasks like 2D 

Fig. 4. Workflows of 2D multi-person HPE [100]. (a) Top-down workflow has two sub-tasks: human detection and pose estimation on each bounding box; (b) 
Bottom-up workflow also has two sub-tasks: detect all keypoints and assign them to individuals to form complete pose representations.

Fig. 5. Workflows of 3D single-person HPE [100]. (a) End-to-end workflow directly estimates 3D human pose from images; (b) 2D-to-3D workflow estimates 3D pose 
from intermediate 2D pose.
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multi-person scenarios and 3D single-pose estimation. Despite their 
impressive performance, this workflow remains some limitation. First, if 
the 2D poses are not accurate will cause accumulation error in 3D pose 
estimating. Second, because of depth ambiguity and occlusion, a single 
2D keypoint coordinate cannot uniquely determine its 3D position, 
leading to multiple potential 3D positions along the camera’s line of 
sight. It can be seen from Fig. 6 that the 2D-to-3D workflow is more 
common than the end-to-end workflow, which is reasonable due to the 
advancements in 2D HPE, the wide availability of 2D pose datasets, and 
the inherent advantages of decoupling a complex task into multiple 
simple and accessible subtasks.

4.3. Algorithms

In this section, we organize the algorithms into four main categories 
to answer RQ3: 2D HPE, 3D HPE, 2D and 3D HPE, and HPT. Fig. 7
provides a summary of the algorithms used in HPE, linking them with 
the outputs they generate. In 2D HPE, Convolutional Neural Networks 
(CNNs) are the most commonly used method because the input data of 
2D HPE are always images or videos, and CNNs are very effective for 
extracting features from such data [87]. In 3D HPE, the inputs can either 
be 2D keypoints or images. When using 2D keypoints as input, Trans
formers and Temporal Convolutional Networks (TCNs) are effective at 
modelling spatio-temporal relationships across frames to eliminate 
depth ambiguity and occlusion. Besides this, in order to improve effi
ciency without sacrificing accuracy, a combination of different types of 
networks is frequently employed in 3D HPE to utilize their respective 
advantages. In terms of HPT, an overview of the algorithms is presented 
in Table 1, which can be found in Section 4.3.4.

The following sections provide a detailed description of these algo
rithms. The 2D HPE algorithms are further discussed in Section 4.3.1 by 
top-down and bottom-up workflow. Similarly, the 3D HPE algorithms 
are presented in Section 4.3.2 through two subsections: end-to-end and 
2D-to-3D workflow. Finally, Section 4.3.3 and Section 4.3.4 present the 
algorithms for 2D and 3D HPE, and HPT respectively.

4.3.1. 2D Human pose estimation
For 2D HPE, 35 papers employ either the top-down (20 papers) or 

bottom-up workflow (15 papers) to detect single or multiple poses. The 
specific algorithms are detailed below.

Fig. 6. The workflows used in 2D and 3D human pose estimation. Top-down and bottom-up workflows are typically used in 2D HPE, while end-to-end and 2D-to-3D 
workflows are commonly used in 3D HPE.

Fig. 7. The algorithms used in 2D and 3D human pose estimation. Algorithm 
categories are listed on the left, with corresponding usage frequencies for 
different output types indicated on the right. The width of each flow is pro
portional to the number of studies using that algorithm.
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4.3.1.1. Top-down. CNNs have been the most significant and widely 
used networks in 2D HPE. [87] introduced Simple Baseline for pose 
estimation and tracking, which adopted three deconvolutional layers as 
a head to generate high-resolution feature maps and heatmaps, instead 
of using computationally expensive up-sampling to increase the feature 
map resolution. [94] proposed FastPose, a unified framework with three 
output heads for human detection, pose estimation, and person 
re-identification (Re-ID). This work addresses the common scale varia
tion problem in unified workflow by exploiting Scale-Normalized Image 
and Feature Pyramids (SIFP). [7] introduced a lightweight CNN archi
tecture, BlazePose, designed for real-time single-pose estimation on 
mobile devices. [74] used an off-the-shelf model as the pose estimation 
module and enhanced its performance through post-processing. They 
introduced box propagation to resolve the missing boxes problem and 
then calculated Temporal Object Keypoint Similarity (TOKS) among 
adjacent frames to preserve more accurate poses. This method out
performs approaches that only rely on bounding box confidence scores. 
[25] proposed AlphaPose, a unified system for whole-body pose esti
mation and tracking that localizes 136 points per person, including the 
face, body, hands and feet. AlphaPose employs a Dense Upsampling 
Convolution (DUC) module to generate keypoint heatmaps.

[59] avoided applying large networks to every frame by designing a 
lightweight CNN-based dynamic pose kernel distillatory, which trans
fers pose knowledge from previous frames to guide body joint locali
zation in the current frame. [98] designed a lightweight, unsupervised 
network to select a small number of keyframes from a video sequence to 
be fed into a pose estimator. A pose interpolation module was then 
introduced to recover the poses of remaining non-keyframes based on 
keyframe poses. [55,98] got away from heatmap-based methods and 
regarded pose estimation as two object detection tasks. They utilized a 
dense detection network to simultaneously predict a set of keypoint 
objects, which supply precise joint positions, and pose objects, which 
capture the global relationships between joints. Finally, a matching al
gorithm fuses these two objects to yield human poses. [45] took 
advantage of motion vectors available in compressed videos to estimate 
human poses. They designed a fast pose warping module to propagate 
pose across consecutive frames using these motion vectors. In the 
RTMPose study [31], the authors reformulated 2D pose estimation as 
two classification tasks, predicting the x-axis and y-axis coordinates of 
keypoints, respectively. This approach removes the costly up-sampling 
layers, replacing them with two fully-connected layers for more effi
cient prediction.

In order to reduce computation costs without accuracy degradation, 
several papers have leveraged Neural Architecture Search (NAS) net
works to find the most optimal network for HPE. For instance, [97]
employed NAS to customize an efficient backbone and head for pose 
estimation, making the first attempt to search for an optimal backbone 
in this field. [89] also used NAS to explore optimal networks at both 
spatial and temporal levels, it was the first method to search for tem
poral connections cross frames and finally achieved CPU real-time 

performance. Additionally, Transformers ported from Natural Language 
Processing (NLP) have gained success in various computer vision tasks, 
including HPE. It consists of a self-attention module and a feed-forward 
network (FFN) and performs well in long-range dependency modelling. 
[90] introduced transformer-based networks as a backbone for 2D HPE.

4.3.1.2. Bottom-up. CNNs are the dominant networks in bottom-up 
workflow. [12] introduced Part Affinity Fields (PAFs), which represent 
keypoints as normalized 2D vector fields that encode both positions and 
orientations. The method employs a shared convolutional backbone, 
followed by two parallel branches to separately generate keypoint 
heatmaps and PAFs. Finally, a greedy bipartite graph matching algo
rithm is applied to associate the keypoints into human poses. [61]
optimized the model proposed by [12] for deployment on edge devices. 
In the backbone, the authors replaced strided convolutions with dilated 
convolutions to preserve spatial resolution while enlarging the receptive 
field. In the refinement stage, only using a single branch, composed of 
depthwise separable convolution blocks, to efficiently produce keypoint 
heatmaps and PAFs. [67] proposed Spatial-Temporal Affinity Fields 
(STAF), which combine PAFs and Temporal Affinity Fields (TAFs). 
While PAFs encode connections across keypoints within a single frame, 
TAFs capture associations of corresponding keypoints across consecu
tive frames. STAF integrates these two components using a unique 
cross-linked limb topology to improve robustness against motion blur 
and occlusion, enabling simultaneous pose detection and tracking in 
video sequences.

[10] released OpenPose, the first open-source real-time system 
including body, foot, hand, and facial pose detection (in total 135 key
points). [83] improved HRNet-based model proposed by [76], they 
designed a single-branch architecture for real-time HPE on edge devices 
by removing redundant high-resolution refinement branches. Addi
tionally, a fusion deconvolution head and large-kernel convolutions 
were used to handle scale variation problem and enhance model 
capacity.

4.3.2. 3D human pose estimation
There are 30 papers related to 3D HPE. Among these, 18 papers 

adopt the 2D-to-3D workflow, while the remaining 12 papers follow the 
end-to-end workflow, some representative algorithms are presented 
below.

4.3.2.1. 2D-to-3D. 2D-to-3D workflow-based methods typically take 2D 
poses as both input and intermediate representations. To alleviate depth 
ambiguity and enhance motion coherence, Temporal Convolution Net
works (TCNs), Transformers and Graph Convolution Networks (GCNs) 
are frequently employed and integrated into this workflow due to their 
strong capability to capture spatio-temporal dependencies within input 
sequences.

TCNs with dilated convolutions (1D convolutions over the time 
dimension), have been widely adopted to capture long-range temporal 

Table 1 
Human pose estimation and tracking methods. “Off-the-shelf” indicates the method directly utilizes an existing pose estimator to detect human poses, only focuses on 
improving the tracking component.

Workflows References Pose estimation methods Pose tracking methods

Top-down Pose Flow [88] CNN 
(off-the-shelf)

Pose-flow similarity

Simple Baseline [87] CNN Flow-based pose similarity
LightTrack [60] CNN 

(off-the-shelf)
IoU of boxes & GCN

FastPose [94] CNN Occlusion-aware re-ID features
AlphaPose [25] CNN IoU of boxes, OKS of poses 

& pose-guide re-ID features
KeyTrack [74] CNN 

(off-the-shelf)
Transformer

Bottom-up STAF [67] CNN TAF (CNN)
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dependencies and enlarge the receptive field. [65] used a fully con
volutional network based on dilated temporal convolutions to model 2D 
pose sequences of arbitrary length for 3D pose estimation. Considering 
3D pose labelled datasets are scarce, the authors re-projected the pre
dicted 3D keypoints back into 2D space, enabling semi-supervised 
training on unlabelled videos. Similarly, [49,50] employed multi-scale 
dilated TCNs to model long-range dependencies among frames and 
proposed an attention-based TCN framework to adaptively identify 
significant frames and tensor through-puts across neural layers for 
optimal inference.

Transformers also exhibit excellent ability in modelling long-range 
temporal and spatial dependencies, particularly for discrete 2D pose 
joints. [41] replaced fully-connected layers in the FFN of Transformers 
with strided convolutions, effectively shrinking sequence length without 
accuracy loss. [95] observed different joints have distinct motions, a 
factor often ignored in previous studies. Therefore, the authors 
employed a temporal Transformer to independently learn the motion 
trajectories of each joint. [42] applied Transformers to learn 
spatio-temporal representations of multiple 3D pose hypotheses; based 
on the fact that estimating 3D pose from monocular videos is an ill-posed 
inverse problem with multiple feasible solutions. [99] exploited the 
frequency representation of 2D skeleton sequences to efficiently process 
long sequences for 3D pose estimation, fusing features in both time and 
frequency domains to improve robustness against noisy 2D keypoint 
detections. [20] adopted a masked token model in Transformers to 
generate upsampling tokens as placeholders for non-keyframes, 
enabling operations on temporally sparse 2D pose sequences while 
producing temporally dense 3D poses. [72] introduced a self-supervised 
spatio-temporal pre-training task that randomly masks some frames as 
well as some 2D joints in the remaining frames. The pre-trained encoder 

can effectively capture spatial and temporal dependencies from input 
sequences.

Recent studies have increasingly explored hybrid architectures that 
integrate TCNs, Transformers, and GCNs to efficiently capture both 
spatial and temporal dependencies in 2D-to-3D workflow. [47] syner
gistically interleaved attention-based GCNs and dilated TCNs to extract 
and fuse spatio-temporal information from 2D keypoint sequences to 
reconstruct 3D poses. Different from previous works focused on tem
poral contexts, this approach takes advantage of GCNs to explore local 
and global spatial constraints of body joints via attention mechanisms. 
[81] integrated Fully-Connected Networks (FCNs) and TCNs to predict 
bone length and direction respectively. Finally, the refined 3D positions 
of joints are derived using an additional FCN based on the estimated 
bone length and direction. [33] combined the strengths of GCNs and 
Transformers to explore local and global joint constraints respectively. 
Moreover, they provided an efficient module for embedding video se
quences into single-frame models. Fig. 8 illustrates a qualitative com
parison of 3D skeleton-based HPE results generated by three different 
methods that follow the 2D-to-3D workflow.

4.3.2.2. End-to-end. End-to-end workflow directly processes input 
video frames; therefore, CNNs remain the most preferable networks in 
this workflow, due to their strong balance between efficiency and ac
curacy in extracting features from images. [57] was the first method to 
generate a full global 3D skeletal pose of a human, including joint an
gles. It combines a shallow Fully-Convolutional Network (FCN) with a 
kinematic skeleton fitting method to yield a temporally stable 3D global 
pose. Building on this, [56] addressed the estimation of multi-person 3D 
absolute skeletal pose relative to the camera. The authors first utilized a 
CNN to detect visible body joints and subsequently used a lightweight 

Fig. 8. Qualitative comparisons on Human3.6M dataset [20].
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Fully-Connected Neural Network to infer the full 3D pose, including 
occluded joints, by leveraging full-body context.

In addition to skeletal pose estimation, mesh recovery with 3D pose 
within end-to-end workflow has emerged as an important research di
rection in recent years. [36] proposed VIBE, which employs a Generative 
Adversarial Network (GAN) to train a motion discriminator based on the 
large-scale motion capture dataset (AMASS). The generator consists of a 
CNN, a Gated Recurrent Unit (GRU) and a body parameter regressor to 
predict parameters of Skinned Multi-Person Linear (SMPL) model. The 
motion discriminator attempts to distinguish the difference between 
predicted poses and those sampled from the AMASS dataset by output
ting a real or fake label on each frame. Finally, producing kinematically 
plausible 3D pose and shape sequences without requiring in-the-wild 
ground-truth 3D pose annotations. [77] adopted a one-stage multi-
head architecture comprising a shared backbone and three heads for 
predicting the body centre heatmap, camera heatmap, and SMPL map 
simultaneously. The body centre heatmap provides the 2D positions of 
the body centre, which are then used to sample the corresponding 3D 
body mesh parameters. These sampled mesh parameter vectors are fed 
into the SMPL body model to derive the final 3D poses and shapes. Fig. 9
shows a qualitative comparison of 3D mesh-based HPE outputs pro
duced by two different methods using the end-to-end workflow.

4.3.3. 2D and 3D human pose estimation
Among the reviewed studies, only 3 papers can simultaneously 

obtain 2D and 3D poses from monocular videos by employing either 
Transformer-based (2 papers) or CNN-based (1 paper) architectures. 
Specifically, [53] proposed a multi-task framework for jointly esti
mating 2D and 3D poses, as well as recognizing actions. For 3D pose 
estimation, they decoupled the task into 2D pose estimation and depth 
estimation. The final 3D pose is the concatenation of the 2D coordinates 
and the corresponding depth values. [93] only conducted costly pose 
estimator on sparsely sampled video frames (less than 10 % of the total 
frames). Instead of directly recovering the poses of remaining frames 
from sampled poses, the authors first denoised the detected poses with 
an efficient Transformer architecture before the recovering process.

As mentioned before, exploring spatio-temporal relationships of 
poses in adjacent frames is a promising and significant direction in 

video-based HPE, particularly for 3D HPE. According to the analysis of 
algorithms, the most striking observation is that Recurrent Neural 
Network (RNN)-based methods, including GRU, are rarely used in real- 
time systems due to expensive computation and unable to parallel pro
cessing. Additionally, RNNs suffer from vanishing or exploding gradient 
problems when handling long-range sequences. In contrast, TCNs and 
temporal Transformers can model long-range temporal dependencies 
with parallel computation. GCNs [47] and spatial Transformers [99] are 
commonly employed to capture spatial relationships of body joints in 
each frame. Consequently, many researchers have integrated different 
architectures into a unified framework to improve inference efficiency. 
In addition, bone length, direction and rotation information as priori 
knowledge usually have been introduced to ensure spatial and temporal 
consistency of poses [23,56,57,65,66,81], as relative bone lengths be
tween body parts are scale-invariant and remain consistent during mo
tion. A detailed comparison of different architectures is thoroughly 
discussed in Section 5.1.

4.3.4. Human pose tracking
HPT is another fundamental computer vision task, aiming to assign 

consistent identification numbers (IDs) to the same person in different 
video frames (See Section 2.2). In this work, we identify only 7 papers 
proposing a real-time solution, and they focus exclusively on 2D outputs.

Table 1 provides different methods used for pose estimation and pose 
tracking; several studies focus on improving tracking methods by 
employing existing state-of-the-art (off-the-shelf) pose estimators. 
Additionally, most tracking algorithms (6 papers) follow the top-down 
workflow, which involves first detecting bounding boxes and locating 
body joints and then tracking poses over the entire video based on pose 
similarity. As shown in Table 1, five primary methods are commonly 
employed to calculate pose similarity: (i) Intersection-over-Union (IoU) 
of bounding boxes, which becomes less accurate when people move fast 
leading to no overlap and confusion in crowd scenes. (ii) Object Key
point Similarity (OKS) of poses, which is invalid when pose changes for 
the same person in different frames. (iii) GCN-based methods, which 
rely on keypoints spatial locations. (iv) CNN-based methods, which can 
feed bounding boxes or pure keypoints to match a pair of poses. (v) 
Transformer-based methods, which receive spatial information via the 

Fig. 9. Qualitative comparisons on MPI-INF-3DHP dataset [24], video frame (first row), the qualitative results of [24] (second row in pink), and the qualitative 
results of [37] (third row in grey).
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position embeddings by projecting 2D keypoint coordinates into 1D 
linear embeddings.

For higher-resolution inputs, Transformers often need more param
eters to achieve comparable performance to CNNs, and CNNs typically 
converge faster than Transformers [74]. Therefore, Transformers tend to 
outperform CNNs in low-resolution inputs, while GCNs can effectively 
model spatial relationships between keypoints but rely on high resolu
tion and computation cost. For example, [87] proposed a flow-based 
pose similarity metric by comparing propagated joints with predicted 
joints in the current frame. [88] introduced the PoseFlow method, which 
first constructs pose flows for the same person across multiple frames, 
then adopts pose-flow Non-Maximum Suppression (NMS) to eliminate 
redundant pose flows and re-link temporally discontinuous poses.

Recent pose tracking methods increasingly utilize re-identification 
(re-ID) features to enhance tracking robustness. For example, [94]
proposed FastPose, which integrates re-ID features to track people while 
improving the usage by inferring occlusion states from pose information. 
[25] proposed AlphaPose, a multi-person pose tracking model that 
employs pose-guided re-ID features to reduce background noise and 
computation load. It combines IoU of bounding boxes, OKS of poses, and 
re-ID features to assign final tracking IDs. [60] designed a Siamese 
Graph Convolution Network (SGCN) that associates pose IDs between 
adjacent frames by integrating GCN with bounding box IoU to ensure 
both temporal and spatial consistency. [74] presented a 
Transformer-based tracking method that relies solely on keypoints, 
without using any RGB or optical flow information. It classifies pairs of 
poses from different frames to determine whether one pose temporally 
follows another. Notably, [67] is the only study adopting a bottom-up 
workflow. It predicts Temporal Affinity Fields (TAFs), a set of 2D vec
tor fields that encode associations between corresponding body joints 
across frames, thereby enabling the assignment of unique pose IDs to 
each person in a video.

4.4. Accuracy measures and datasets

Different datasets may employ distinct evaluation metrics. There
fore, we present a combination of datasets and accuracy metrics in this 
section to answer RQ4.

Existing 3D datasets are primarily captured in controlled studio 
settings with limited pose and appearance diversity, or created by 
combining real and synthetic images. Collecting high-quality 3D pose 
annotations in outdoor environments is usually accompanied by high 
complexity and cost, resulting in a significant imbalance between indoor 
and outdoor datasets for 3D HPE. Therefore, one of the main challenges 

in 3D HPE is the lack of in-the-wild ground-truth 3D datasets. As shown 
in Figs. 10, 2D HPE datasets are relatively balanced in terms of indoor 
and outdoor scenarios. Additionally, single-person datasets are more 
available than multi-person datasets in 3D domain, which explains why 
most state-of-the-art methods focus on 3D single-pose estimation. The 
scarcity of multi-person 3D datasets limits the development of multi- 
person 3D pose estimations.

Another important finding is the video-based datasets in 2D HPE are 
scarce compared to image-based datasets. Indeed, 2D domain does not 
necessarily require exploiting temporal information based on video 
data, as employing a model on per-frame can obtain 2D poses, temporal 
context only improves the performance. Moreover, video-based HPE 
brings additional challenges such as motion blur and low-latency re
quirements. In contrast, 3D HPE has more video-based datasets, as it 
introduces a new challenge, depth uncertainty, which is difficult to 
predict from a single image. Therefore, leveraging the temporal co- 
dependency of poses among consecutive frames can solve depth ambi
guity and reduce unnecessary calculations. Furthermore, temporal in
formation can further handle occlusion and enhance robustness.

Table 2 provides the key characteristics of commonly used datasets 
and their corresponding accuracy evaluation metrics, including whether 
they support single-person or multi-person pose evaluation, image- 
based or video-based evaluation, and indoor or outdoor scenarios. In 
our view, these properties are essential for understanding each dataset’s 
evaluation capability and limitations. Additional properties such as the 
year of release, number of annotated joints, dataset size, associated 
publications, and GitHub links can be found in [21,51,100]. Except for 
the datasets Halpe-FullBody [25], COCO-WholeBody [32] and RWS-CPE 
[14], the detailed descriptions and comparisons of the remaining data
sets have already been thoroughly reviewed in previous literature [21, 
51,100], and thus, they are not covered in this review.

Halpe-FullBody consists of a total of 136 keypoints for each person, 
including 20 for body, 6 for feet, 42 for hands and 68 for face (see 
Fig. 11). It contains 50 K instances for training and 5 K images for 
testing. Similarly, COCO-WholeBody defines 133 whole body keypoints 
based on the COCO dataset with 68 on the face, 42 on hands and 23 on 
the body and feet. The total training set contains 118 K images with 
250 K instances, and the test set contains 5 K images. Compared to 
Halpe-FullBody, it does not contain annotations for the head, neck and 
hip points; the remaining keypoint definitions are consistent. Therefore, 
these two datasets are suitable for the whole-body pose estimation. 
RWS-CPE is a private dataset for real-world surveillance crowd pose 
estimation. It includes 100 frames selected from 11 different cameras 
with 4785 bounding boxes and 1894 poses manually annotated. Each 

Fig. 10. The dataset distribution of 2D and 3D pose estimation. The y-axis presents the number of datasets. (a) categorized by the number of people in the scene; (b) 
categorized by data type; (c) categorized by scene type.
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frame contains at least a dozen and up to more than one hundred people, 
making it particularly suitable for crowd pose estimation in the wild.

As shown in Table 2, COCO is the most widely used dataset for both 
single-person and multi-person 2D pose estimation tasks. It offers 
comprehensive and fine-grained annotations of body joints across 
diverse environments, along with well-established evaluation metrics. 
In particular, for multi-person, COCO not only provides joint visibility 
flags but also defines a set of per-keypoint tolerance constants used in 
the OKS evaluation metric. These constants reflect the localization 

uncertainty of different keypoints and determine the degree of error 
acceptable for each joint during evaluation. Another popular 2D dataset 
is PoseTrack (2017, 2018), which provides both pose annotations and 
identification number labels, supporting the tasks of pose estimation and 
pose tracking. Table S1 of the Supplementary Materials presents the 
performance of 2D multi-person HPE models evaluated on these two 
popular datasets. For 2D single-person HPE, the Penn Action dataset was 
chosen to show the performance of different single-pose models (see 
Table S2 in Supplementary Materials).

For 3D HPE, Human3.6M is the most commonly used dataset in 
single-person scenarios. It provides detailed 3D positions and rotation 
angles of body joints, as well as SMPL parameters. Additionally, camera 
extrinsic parameters (rotation and translation relative to world co
ordinates) and intrinsic parameters (focal length and principal point) are 
also available, making it possible to evaluate 3D absolute pose. How
ever, it was captured entirely in indoor setups, and it may not generalize 
well to outdoor scenarios. To address this limitation, MPI-INF-3DHP is 
often used for evaluating models in outdoor single-person contexts. For 
multi-person 3D pose estimation, 3DPW is one of the most widely used 
in-the-wild datasets and also provides SMPL parameters. Its challenging 
real-world scenarios and high-quality annotations make it suitable for 
evaluating the generalization performance of 3D HPE models in un
constrained conditions. Table S3 of Supplementary Materials gives the 
performance of 3D single-person HPE models on the Human3.6M 
dataset and 3D multi-person HPE models on the 3DPW dataset, 
following different workflows to provide a clear quantitative compari
son. Nevertheless, 3D pose tracking remains underexplored, largely due 
to the scarcity of available datasets for training and evaluation.

Table 3 presents the accuracy evaluation metrics and their variations 
under different thresholds, highlighting their distinct evaluation capa
bility and characteristics. In 2D HPE, Average Precision (AP), Average 
Recall (AR), and Percentage of Correct Keypoints (PCK) are the three 
primary metrics for assessing accuracy. Notably, AP and AR, along with 
their threshold-based variants, were first introduced in the COCO 
dataset and have become standard evaluation metrics in 2D HPE. These 
metrics are now widely used by various datasets beyond COCO. The 
corresponding evaluation metrics for each dataset are summarized in 

Table 2 
Summary of human pose datasets used in the reviewed studies and the corre
sponding accuracy evaluation metrics. “S/M” denotes datasets containing 
single-person or multi-person, “I/V” indicates datasets are image data or video 
data, “I/O” means datasets including indoor scenes or outdoor scenes. * means 
PoseTrack dataset provides both pose and identification annotations.

Types Datasets S/M V/I I/O Metrics # of Papers and 
References

2D COCO S&M I I&O AP & AR 20 Papers: 
[10,13,16− 18,25, 
31,39,48,55,61,70, 
71,76,83,87,89,90, 
94,97]

*PoseTrack 
2017 & 2018

M V I&O AP, 
AR, 
MOT, 
IDS, 
Prec & 
Rec

13 Papers: 
[14,25,45,60,67, 
74,76,87–89,94]

Halpe- 
FullBody

S&M I I&O AP & AR 1 Papers: 
[25]

COCO- 
WholeBody

S&M I I&O AP & AR 3 Papers: 
[19,25,31]

CrowdPose M I I&O AP & AR 7 Papers: 
[16− 18,31,39,55, 
83]

Penn Action S V I&O PCK 4 Papers: 
[53,59,98,104]

Sub-JHMDB S V I&O PCK 4 Papers: 
[59,93,98,104]

RWS-CPE M I O AP & AR 1 Papers: 
[14]

MPII S&M I I&O AP & 
PCK

6 Papers: 
[10,13,31,53,76, 
97]

3D Human3.6M S I&V I MPJPE, 
MPJVE, 
MRPE & 
VAR

25 Papers: 
[1,9,20,22− 24,30, 
33,36,41,42,47,49, 
50,54,56,57,65,72, 
75,81,86,95,99, 
103]

HumanEva 
I & II

S V I MPJPE 7 Papers: 
[41,47,49,50,54, 
65,95]

MPI- 
INF− 3DHP

S I&V I&O MPJPE, 
3D PCK, 
AUC & 
Accel

12 Papers: 
[6,20,24,33,36,42, 
56,57,72,86,95, 
99]

AIST S V I MPJPE 1 Papers: 
[6]

TotalCapture S V I MPJPE 1 Papers: 
[66]

3DPW M V O MPJPE, 
PVE, 
MPJAE, 
3D PCK, 
AUC & 
Accel

5 Papers: 
[1,6,36,56,77]

CMU 
Panoptic

M V I MPJPE 2 Papers: 
[56,77]

MuPoTS− 3D M V I&O MPJPE, 
3D PCK, 
AUC, 
Accel & 
AProot

25

4 Papers: 

[1,6,22,56]

Fig. 11. Annotated keypoint format in Halpe-FullBody dataset for (a) body and 
foot, (b) face, (c) hand respectively [25].

Y. Chen et al.                                                                                                                                                                                                                                    Neurocomputing 655 (2025) 131309 

12 



Table 2. For 2D single-person pose estimation, PCK is one of the most 
widely used metrics to measure the precision of keypoint detection. The 
formulation of PCK is as follows: 

PCK =

∑N

i=1
I(di ≤ α⋅L)

N
(1) 

where N is the number of total keypoints. I(⋅) is the indicator function 
that equals 1 if the condition is satisfied and 0 otherwise. di represents 
the Euclidean distance between ground-truth and the ith detected 
keypoint. L is a normalizing factor that can be set based on the person 
size, torso size or head size (PCKh). α is a hyperparameter, typically set 
to 0.2. This metric is considered relatively loose for evaluating model 
performance, particularly when the person size is relatively large. 
Moreover, PCK does not consider the visibility and tolerance of different 
body joints. As a result, it is mostly suitable for single-person pose 
estimation.

In contrast, AP and AR are more comprehensive metrics and widely 
adopted in multi-person pose estimation. To account for performance 
across different thresholds, the mean Average Precision (mAP) is 
calculated as: 

mAP =
1
N
∑N

i=1
AP
(
OKSαi

)
(2) 

where N is the number of thresholds, usually be set 10, αi represents 
different OKS thresholds (e.g., α = 0.50, 0.55, ..., 0.95). The Object 
Keypoint Similarity (OKS) metric is defined as follows: 

OKS =

∑
iexp

(

−
d2

i
2s2k2

i

)

δ(vi > 0)
∑

iδ(vi > 0)
(3) 

where di is the Euclidean distance between ground-truth and the 
ith detected keypoint. s is the scale of person. ki is a keypoint-specific 
constant that controls the falloff. vi is the visibility flag (1 if visible, 
0 if not). δ (vi > 0) ensures that only visible keypoints contribute to the 
final score. OKS provides a more fine-grained and robust evaluation by 

Table 3 
Accuracy evaluation metrics for 2D and 3D human pose estimation and tracking. 
* indicates metrics used to evaluate the accuracy of pose tracking; ^ means 
metrics used to evaluate the accuracy of body models (e.g., SMPL); a means 
metrics used to evaluate the absolute camera-centre pose estimation; † means 
metrics used to evaluate the speed consistency of motion.

Types Metrics Variations Capability

2D AR 
(average 
recall)

AR50 AR at OKS= 0.5
AR75 AR at OKS= 0.75
ARM AR for medium objects: 

322 < area < 962
ARL AR for large objects: area 

> 962
mAR AR at OKS = .50:.05:.95

AP 
(average 
precision)

AP50 loose metric: AP at 
OKS= 0.5

AP75 strict metric: AP at 
OKS= 0.75

APM AP for medium objects: 
322 < area < 962

APL AP for large objects: area 
> 962

mAP mean AP based on different 
OKS or PCK

APE with easy crowd index (less 
occlusion)

APH with hard crowd index 
(more occlusion)

APT the AP score after tracking 
post-processing

PCK 
(percentage of 
correct 
keypoints)

PCKh@0.5&0.1 assume the point to be 
detected correctly if the 2D 
Euclidean error is smaller 
than 50 % of the 
corresponding person’s head 
size

PCK@0.2&0.1&0.05 assume the point to be 
detected correctly if the 2D 
Euclidean error is smaller 
than 20 %/10 %/5 % of the 
corresponding person’s 
torso size or person size

*MOT MOTA Multiple-Object Tracking 
Accuracy

MOTP Multiple-Object Tracking 
Precision

*IDS ID Switches 
% IDS

the number of human ID 
switches 
%IDSWi =
∑

t
IDSWi

t/
∑

t
GTi

t

*Prec Precision TP
TP + FP

*Rec Recall TP
TP + FN

3D MPJPE (mm) 
(mean per- 
joint position 
error)

PA-MPJPE Procrustes-aligned MPJPE: 
the error after alignment 
with the ground truth in 
translation, rotation, and 
scale

N-MPJPE normalized MPJPE: aligns 
predicted poses with the 
ground-truth only in scale

†MPJVE mean per-joint velocity 
error (mm/s)

corresponding to the MPJPE 
of the first derivative of the 
3D pose sequences, measure 
the smoothness of the 
prediction sequence

ªMRPE mean root position 
error

the average error of the 
absolute root joint (the hip) 
localization

ªAProot
25 average precision measure the 3D human root 

location prediction error 
which considers the 
prediction as correct when 
the Euclidean distance 
between the estimated and  

Table 3 (continued )

Types Metrics Variations Capability

the ground truth coordinates 
is smaller than 25 cm

VAR Variance the variance of MPJPE 
between action categories to 
evaluate the stability

3D PCK 
(%)

3D PCK@150mm Percentage of Correct 
Keypoint within 150 mm 
range

PA− 3DPCK@150mm Procrustes-aligned variant 
of 3D PCK

ª 3DPCKabs@150mm PCK without the root 
alignment used to evaluate 
the absolute poses

AUC Area Under Curve area under curve for a range 
of 5–150 mm PCK 
thresholds

†Accel Acceleration error 
(mm/s2)

the average difference in 
acceleration between the 
ground-truth and predicted 
3D joints.

^PVE Per Vertex Error the mean Euclidean distance 
between predicted vertex 
positions and ground-truth 
vertex positions

^MPJAE 
(mean per- 
joint angle 
error)

PA-MPJAE 
(rad)

Procrustes-aligned MPJAE: 
the error after alignment 
with the ground truth in 
translation, rotation, and 
scale
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taking into account the scale of person, the visibility and tolerance of 
different body joints. It is therefore widely used in multi-person pose 
estimation.

Different from 2D HPE, the positions of 3D body joints can be cate
gorized as either relative positions (with respect to the centre of person) 
or absolute positions (with respect to the camera). Therefore, the eval
uation metrics for 3D HPE can be broadly divided into person-centric 
metrics and camera-centric metrics. Metrics such as Mean Root Posi
tion Error (MRPE), 3DPCKabs@150mm and AProot

25 are specifically 
employed to evaluate the accuracy of absolute 3D body joint positions 
[21]. The formulation of MRPE is given by: 

MRPE =
1
T
∑T

t=1
‖
(
R(t) − R∗(t) )‖2 (4) 

where R and R∗ denote the predicted and ground-truth root joint (the 
hip) respectively, T is the number of frames.

Except for the three metrics mentioned above, the remaining ones 
are person-centric and are used to evaluate relative 3D poses. As sum
marized in Table 2, the most widely used metric for evaluating relative 
3D joint positions is the Mean Per Joint Position Error (MPJPE), which 
measures the mean Euclidean distance between ground-truth and the 
predicted 3D joint positions: 

MPJPE =
1
N
∑N

i=1
‖Ĵi − Jgt

i ‖2 (5) 

where N is the number of body joints, Ĵ i =
(
x̂i, ŷi, ẑi

)
is the predicted 

3D coordinate of the ith joint, Jgt
i =

(
xgt

i , y
gt
i , z

gt
i
)

is the ground-truth 3D 
coordinate of the ith joint, the ‖ Ĵ i − Jgt

i ‖2 is the Euclidean distance be
tween ground-truth and the ith detected keypoint. Depend on the 
alignment method applied during post-processing between the esti
mated pose and ground-truth poses, MPJPE has two common variants: 
PA-MPJPE and N-MPJPE (see Table 3 for detailed descriptions). How
ever, evaluating the smoothness and temporal coherence of motion is 
also important for 3D video-based HPE. Metrics such as Acceleration 
Error (Accel) and Mean Per Joint Velocity Error (MPJVE) are exclusively 
introduced to evaluate the consistency of joint motion speeds over time.

Additionally, datasets like 3DPW and Human3.6M provide SMPL 
parameters, which allow the use of Per Vertex Error (PVE) and Mean Per 
Joint Angle Error (MPJAE) metrics to evaluate the accuracy of body 
shape. The formulation of PVE is as follows: 

PVE =
1
M
∑M

i=1
‖v̂ i − vgt

i ‖2 (6) 

where M is the total number of mesh vertices, v̂i is the predicted vertex 
position, and vgt

i is the ground-truth vertex position. Similarly, MPJAE 
measures the mean per-joint rotation angle error between the predicted 
and ground-truth joint: 

MPJAE =
1
N
∑N

i=1
Angle

(
Θ̂i,Θgt

i
)

(7) 

where Θ̂i is the predicted joint rotation angle, Θgt
i is ground-truth joint 

rotation angle, N is the number of all body joints.

4.5. Hardware configurations and efficiency measures

Most reviewed studies emphasize computation efficiency rather than 
power efficiency or memory efficiency [2]. Commonly used metrics to 
evaluate the computation complexity of models include Floating-Point 
Operations (FLOPs) [97] and Multiply-Add Operations (MACs) [83]. 
Both metrics only reflect theoretical computation complexity. In addi
tion, the number of model parameters is introduced to assess 

computation efficiency [33]. However, reducing parameters does not 
always result in computational speedups [56]. Because computation 
efficiency is not only related to the number of parameters, but also in
volves whether the model structure can utilize hardware resources. For 
instance, reducing model parameters leads to less requirement for 
memory of CPUs, while computationally intensive operations such as 
convolution or matrix multiplication still require a lot of computing 
resources of GPUs. Moreover, GPUs are generally not well-suited for 
sparse operations, especially unstructured sparsity, as modern GPUs are 
optimized for dense matrix and massive parallel computations effi
ciently. Therefore, GPUs benefit from less operations, whereas CPUs 
seem to be faster due to lower memory requirements [10].

To measure real-world performance, researchers implement their 
models on specific hardware and report inference speed using metrics 
such as FPS (frames per second) [70,89], Hz (Hertz) [44], and runtime 
(inference time of each frame) [23]. It is worth noting that evaluating 
computation efficiency based on hardware can reflect model deploy
ment performance more accurately than theoretical complexity. How
ever, power and memory efficiency have not received sufficient 
attention in many studies, which may become a critical direction for 
future research targeting mobile and edge devices. Table 4 provides a 
comprehensive overview of the practical implications, strengths, limi
tations, and relationships among different metrics for measuring 
computational efficiency. As a result, in 2D/3D HPE and HPT tasks, we 
recommend using FLOPs to reflect the theoretical computational 
complexity of models. While employing FPS to evaluate practical 
inference speed, the corresponding inference hardware configuration 
must be clearly specified. Tables S1, S2 and S3 in the Supplementary 
Materials provide the efficiency performance of different models, 
including the computational complexity (FLOPs) and inference speed 
(FPS) on different hardware.

Table 5 lists all the hardware types chosen by the reviewed papers to 
run their proposed models. We divide GPUs into three types: consumer 
GPUs, data centre GPUs and professional GPUs, based on their theo
retical TFLOPs value and intended usage. The consumer GPUs category 
also contains high-end series, such as the Nvidia Titan series, which are 
designed for consumer-grade usage with TFLOPs exceeding 10, the 
Nvidia GeForce RTX 30 series including RTX 3060 (12.7 TFLOPs) and 
RTX 3090 (35.6 TFLOPs) are widely used in computer vison tasks due to 
its high performance. As shown in Fig. 12, deploying HPE models on 
mobile devices (e.g., smartphone or edge devices) and CPU-only devices 
is becoming increasingly popular, as these platforms are more closed to 
real-world applications. However, deploying HPE models on consumer 
GPUs is still prevalent (77 % percentage) because of their availability 
and excellent parallel computation capability compared to mobile and 
CPU-only devices.

However, some models are tested on different devices with the same 
settings but obtain different inference times and speeds [10,31,39,70, 
83]. This variation is mainly attributed to the difference in hardware 
computation and memory capacity, as well as the extent to which the 
model can effectively utilize the strengths of hardware. For instance, 
[83] proposed LitePose and tested its LitePose-S model (5.0 GMACs) on 
three platforms: Raspberry Pi 4B+ , Qualcomm Snapdragon 855 and 
NVIDIA Jetson Nano. The corresponding per-frame inference times are 
420 ms, 76 ms, and 97 ms. The Raspberry Pi exhibits significantly 
longer inference time compared to the other two platforms, as Pi has no 
GPU and only relies on CPU for inference, resulting in limited paral
lelism for matrix operations, especially for CNNs. Another interesting 
finding is that when the model is further compressed into a more 
lightweight version (LitePose-XS with 1.2 GMACs), the per-frame 
inference time on Nano and Snapdragon drops to 22 ms and 27 ms, 
respectively. Although the Snapdragon 855 is theoretically more 
powerful than the Nano, the latter achieves faster inference speed for 
this smaller model. This is largely due to its efficient and low-overhead 
GPU execution via TensorRT. In contrast, Snapdragon relies on 
higher-overhead delegates, which involve runtime scheduling, memory 
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transfer and operator dispatching between CPU and GPU. These over
heads become more pronounced in lightweight models like LitePose-XS, 
where the computation cost is already low and delegation setup time 
dominates the total inference time.

Similarly, [31] deployed their model RTMPose-m (1.93 GFLOPs) on 
three different platforms: NVIDIA GeForce GTX 1660 Ti GPU, Intel 
i7-11700 CPU, and Snapdragon 865 mobile device, achieving a 
per-frame inference time of 4.3 ms, 26.6 ms and 32.1 ms, respectively. 
While both the GTX 1660 Ti and Snapdragon 865 support GPU-based 

computation, they differ significantly in computation capacity. The 
GTX 1660 Ti can reach 5.4 TFLOPs in FP 32 computation, far surpassing 
the 0.5 TFLOPs of Snapdragon 865, which explains the huge gap in 
inference speed. Additionally, high-end desktop CPUs, such as Intel i7 
generally provide higher performance due to faster processing speed, 
larger memory cache, and better support for parallel computing. This 
allows them to run small or medium-sized models efficiently, without 
the delays that often occur on mobile devices when switching between 
CPU and GPU during inference. When the model size increases to 4.16 

Table 4 
The comparative analysis and relations among efficiency evaluation metrics used in HPE models.

Metrics Definitions Advantages Limitations Relations

MACs 
(Multiply-Add 
Operations)

One MAC consists of one 
multiplication followed by one 
addition

1. Reflects theoretical computation 
complexity and efficiency of models. 
2. Only depends on the model and is 
independent of hardware platforms; thus, it is 
comparable cross different models. 
3. Aligns well with convolutional layer design.

1. Ignores non-MAC operations (e.g., 
activation, normalization). 
2. Cannot directly reflect practical 
runtime or inference speed of 
models. 
3. Does not account for 
preprocessing, postprocessing, as 
well as data I/O.

1 MACs= 2 FLOPs

FLOPs 
(Floating-Point 
Operations)

One FLOP is defined as either a 
single floating-point 
multiplication or addition

1. Reflects theoretical computation 
complexity and efficiency of models. 
2. Can be easily compared to the computation 
capability of hardware. 
3. Only depends on the model and is 
independent of hardware; make it suitable for 
cross-model comparisons.

1. Ignores memory access and 
scheduling overhead. 
2. Cannot directly reflect practical 
runtime and throughout of models. 
3. Does not include the process of 
preprocessing, postprocessing, as 
well as data I/O.

1 FLOPs= 1/2 MACs

Params 
(Model Parameters)

Measures the model size and 
storage requirements

1. Indicates overfitting risk and the potential 
for compression or quantization. 
2. Reflects memory and storage requirements.

1. A high Params does not indicate 
high computation cost. 
2. Cannot directly reflect practical 
runtime or inference speed of 
models.

—

Inference Time 
(Per-frame Latency)

Measures the practical inference 
time or runtime to process a single 
frame.

1. Directly reflects real-time performance. 1. Varies across different hardware 
and optimization levels. 
2. Only comparable under consistent 
measurement setup.

Inference Time(ms) =

1000
FPS

FPS 
(Frames Per Second)

Measures the number of frames 
processed by the model per second

1. Directly reflects practical inference speed, 
especially in video-based tasks.

1. Strongly influenced by hardware 
and batch size. 
2. Not comparable across different 
testing hardware.

1FPS =

1000
Inference Time(ms)

Hz 
(Hertz, Processing 
Frequency)

Measures the number of times the 
model updates its outputs per 
second

1. Reflects real-time update frequency of 
models, especially in tracking tasks.

1. Strongly influenced by hardware 
and input frequency. 
2. Not comparable across different 
hardware settings.

1 Hz ≈ 1 FPS

Table 5 
The hardware used for running HPE models. The listed hardware is categorized into three types: GPU, CPU, and mobile devices. GPUs are further grouped based on 
their computation capacity. * means the same HPE model was implemented on multiple platforms.

Hardware Types # of Papers and References

GPU 
(77 %)

Consumer GPUs (< 10TFLOPs) Nvidia GeForce GTX 10 series 14 Papers: 
[10,22,23,27,47,53,56,59,67,74,77,79,81, 
87]

Nvidia GeForce RTX 20 series 7 Papers: 
[25,33,36] [97]* [14] [9]* [70]

Nvidia GeForce RTX 30 series 3 Papers: 
[16− 18]

Nvidia Titan series 9 Papers: 
[57] [71]* [44] [55]* [48− 50,54,92]

Nvidia GeForce GTX 900 seriesNvidia GeForce MX 200 seriesNvidia GTX 16 
series

4 Papers: 
[19]*[31]* [40,75]

Data Centre GPUs (10–20 
TFLOPs)

Nvidia Tesla series(V100, P100, A100, P40, T4) 8 Papers: 
[60] [71]* [1,20,45,86,90,104]

Professional GPUs (>20 TFLOPs) Nvidia Quadro series 3 Papers: 
[6,24,65]

Nvidia RTX A series 1 Papers: 
[13]

CPU 
(8 %)

i7-6850K, i7− 8700, i7–8700K, i7–11700 Intel@ NUC 6i7KYB mini-PC 5 Papers: 
[89] [31]* [61]* [55]* [97]*

Mobile 
(15 %)

Mobile Devices Mobile phone (Qualcomm Snapdragon 835/855/865GPU, etc.) 7 Papers: 
[7,30] [83]* [4] [31]* [96] [39]

Edge Devices Nvidia Jetson Nano; Coral USB Accelerator; Raspberry Pi 4B+ 4 Papers: 
[19]* [83]* [103] [9]*
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GFLOPs (RTMPose-l), the inference time rises to 4.6 ms, 36.3 ms and 
47.6 ms on the GPU, CPU, and mobile device, respectively. Notably, the 
inference time on GPU increases slightly compared to the CPU and 
mobile platform. This is because GPUs are highly parallel and optimized 
for large-scale tensor operations, allowing them to handle increased 
FLOPs more efficiently. In contrast, CPUs rely on limited thread-level 
parallelism, and mobile devices often suffer from delegate overheads 
and constrained memory bandwidth, both of which contribute to longer 
inference times as model size grows.

Figs. 13 and 14 show the dynamic changes over years in the 
computation complexity of HPE models and the computation capacity of 
implemented hardware. It is apparent that the computation complexity 
of models has been significantly reduced over time, as reflected by the 
decreasing GFLOPs (Giga FLOPs=109FLOPs). Conversely, hardware 
computation capacity has steadily improved, as shown by increasing 
TFLOPs (Tera FLOPs = 1012 FLOPs) for GPUs and GFLOPs for CPUs. 
Fig. 15 only presents the tendency in computation complexity of HPE 
models targeting mobile devices, as many studies only provide the 
GFLOPs of models without specifying the mobile device configurations. 
In order to deploy models on mobile devices, researchers commonly 
employ lightweight networks to improve efficiency, which may inevi
tably sacrifice accuracy. However, as the computing power of mobile 
devices continues to improve over time, researchers have gradually 

eased the strict GFLOPs constraints and shifted their focus toward model 
accuracy, rather than pursuing extremely low computation cost. 
Therefore, the increase in GFLOPs of mobile models reflects efforts to 
enhance accuracy. In addition, the GFLOPs are also influenced by factors 
such as the number of people in the scene, input resolution, the use of 
scale search, and the number of keypoints to be predicted. For instance, 
[39] reported that increasing the input resolution from 
256 × 256–512 × 512 caused GFLOPs to rise from 2.81 to 11.23, 
highlighting the marked computational impact of input size. Moreover, 
the use of ground-truth bounding boxes in the top-down workflow and 
the application of multi-scale testing during inference can also signifi
cantly affect computation cost.

4.6. Trade-offs between accuracy and efficiency

This section discusses how the reviewed solutions balance accuracy 
and efficiency by answering RQ6. This balance demands reducing model 
latency while guaranteeing high accuracy. Real-time outputs can offer a 
better interaction experience, which is important for modern multi
media applications. Table 6 presents various strategies explored by 
reviewed studies to achieve trade-offs between accuracy and efficiency. 

Fig. 13. The trends in the computation complexity of HPE models and the 
computation capacity of GPUs used to implement them over years.

Fig. 14. The trends in the computation complexity of HPE models and the 
computation capacity of CPUs used to implement them over years.

Fig. 15. The trends in the computation complexity of HPE models on mobile 
devices over years.

Fig. 12. The distribution of hardware used for implementing HPE models over 
the years. The high-performance GPUs include both data centre GPUs and 
professional GPUs.
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The table illustrates three primary strategies along with their corre
sponding methods, which are discussed in the following subsections.

4.6.1. Lightweight and compact models
To enhance HPE real-time performance, researchers have adopted 

different strategies to reduce inference time, for instance, designing a 
lightweight network architecture [7,30,31,36,39,57,59,61,83,90,103]. 
Additionally, multi-tasks share the same backbone is also effective [53, 
94]. However, lightweight networks can result in accuracy degradation. 
To mitigate this drawback, some researchers adopt knowledge distilla
tion (KD)-based training methods to transfer pose structure knowledge 
from a large teacher network to a small student network [30,90,104]. 
Another approach is employing GANs to train their proposed models, 
consisting of a generator and a discriminator. The generator generates 
temporally or spatially coherent poses, while the discriminator aims to 
distinguish between ground truth and predicted poses. Moreover, the 
discriminator can be removed during inference stage, resulting in no 
additional computation overhead [36,59]. Furthermore, [31] intro
duced a self-attention mechanism, the Gated Attention Unit (GAU), to 
more efficiently capture keypoint dependencies when combined with 
compact CNN-based representations. NAS has also been employed to 
find optimal network architectures [83,89,97].

Cropping input images to a fixed size is computationally expensive, 
[57] employed a fully-convolutional network that allows pose estima
tion directly on non-cropped images. Additionally, searching the scale 
space in each frame is another time-consuming process, the same au
thors used 2D keypoints from previous frame to track the bounding box 
of the current frame, avoiding searching process. Furthermore, [94]
employed the scale-normalized image and feature pyramid on the 
feature extraction stage to avoid the multi-scale testing during inference. 
[56] introduced selective cross-module long-range and intra-module 

short-range concatenation-skip connections, which more efficiently 
enhance information flow through the network without compromising 
accuracy.

Enlarging the receptive fields can remarkably improve the accuracy 
of pose estimation and reduce motion jitter, as the large receptive fields 
can capture more contextual information and long-range spatial-tem
poral dependencies. Larger convolution kernels [31,83] are an effective 
way but with increasing computation cost and parameter complexity. To 
avoid extra computation and memory cost, dilated convolutions (e.g. 1D 
dilated convolutions for temporal modelling or 2D dilated convolutions 
for spatial feature extraction) are often employed to enlarge receptive 
fields without extra computation load [61,65]. Additionally, [48,61]
replaced large convolution kernels with depthwise separable convolu
tion blocks, which consist of depthwise convolution and pointwise 
convolution. [10,67] used consecutive small convolution kernels to 
replace each large kernel and concatenated the output of each small 
kernel to preserve both lower-level and higher-level features. Compared 
with large convolution kernels, these optimizations significantly reduce 
matrix operations.

Limited resolution is a key factor contributing to impact accuracy in 
the bottom-up workflow, as this workflow processes the entire image at 
once, leading to smaller resolution per person in crowded scenes. This 
limitation increases the difficulty of estimating body keypoints. Main
taining a high-resolution representation can alleviate this problem but 
consuming high computational resources. Therefore, [83] designed a 
single-branch architecture that integrates fusion deconvolution layers as 
the final prediction head. Additionally, the bottom-up workflow suffers 
from an NP-hard problem, especially the final keypoints grouping stage. 
[11] introduced a separate branch to generate PAFs, a set of 2D vectors 
encoding the position and orientation of each limb, and further 
decomposed a K-dimensional matching problem into bipartite matching 
subproblems. [67] extended PAFs to TAFs which present the connec
tions between body joints across frames. These methods drastically 
reduce the computation complexity of the bottom-up workflow without 
sacrificing accuracy.

High-resolution heatmaps of keypoints can improve accuracy but 
typically demand high computation cost for extra refinement such as up- 
sampling. To address this, regression-based methods have been intro
duced, which straightly regress the keypoints coordinates without 
generating heatmaps. These methods are more efficient but less accurate 
compared with heatmap-based methods. Therefore, [7] used heatmaps 
and offsets to supervise the coordinates regression outputs in training 
stage, but in inference phrase they removed the corresponding output 
layers to reduce computation. [31] treated body joint localization as a 
coordinate classification task without extra refinement. [55] regarded 
pose estimation as two types of object detection: keypoint objects and 
pose objects, avoiding heatmap refinement and keypoint grouping. [97]
employed slim transposed convolution for up-sampling and followed by 
a spatial information correction (SIC) module to achieve a trade-off 
between accuracy and efficiency.

4.6.2. Temporal redundancy and pose relationships
For monocular videos, there are three factors that influence HPE 

efficiency. First, adjacent frames share similar global context informa
tion, resulting in temporal redundancy. Second, poses in adjacent frames 
have strong spatial and temporal relationships. Third, frames are not 
equally informative and only a small number of frames are critical for 
capturing the global context. Therefore, applying the same model to 
each frame is a waste of computation. If only selecting the most infor
mative frames, known as keyframes, from a video to apply pose esti
mator [98], and then utilizing the temporal correlation of poses to infer 
the poses of remaining frames can significantly reduce computation cost. 
Notably, recurrently leveraging information from previous frames is an 
effective strategy to reduce overall computation [36,57,59,67,89]. For 
instance, [89] adaptively selected the optimal level of features from 
previous frames and performed temporal features fusion to reduce 

Table 6 
The trade-off strategies used for balancing accuracy and efficiency in real-time 
video-based 2D/3D HPE.

Strategies Detailed methods

1. Design lightweight networks or 
reduce redundant branch and steps

1.1 multi-task shares the same backbone
1.2 Knowledge Distillation
1.3 Generative Adversarial Networks 
(GANs)
1.4 Neural Architecture Search (NAS)
1.5 Gated Attention Unit (GAU)
1.6 selective concatenation-skip 
connections
1.7 depthwise separable convolution 
blocks
1.8 dilated convolutions
1.9 consecutive small convolution 
kernels
1.10 slim transposed convolution for up- 
sampling
1.11 avoid cropping the input images, 
searching the scale space and heatmaps 
refinement
1.12 convert to object detection or 
classification tasks

2. Utilize temporal redundancy and 
spatio-temporal relationships of poses 
across adjacent frames

2.1 select keyframes from a video and 
only apply HPE model on keyframes
2.2 temporal downsampling strategy to 
downsample the input 2D pose sequences
2.3 adaptively assign computer resources 
(i.e. Flops) for different frames
2.4 Temporal Convolutions Networks 
(TCNs) with dilated convolutions
2.5 Transformer-based architectures
2.6 leverage feature information from 
previous frames
2.7 propagate body joint locations or 
bounding boxes from previous frames to 
the current frame

3. Design multi-stage concurrent pipeline with FIFO queue
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redundancy and enhance consistency. Similarly, [59] designed a Dy
namic Kernel Distillation model to transfer pose knowledge from pre
vious frames to current frame. Additionally, propagating body joint 
locations or bounding boxes from previous frames to the current frame 
not only alleviate missing or imperfect person detection problems but 
also reduce latency [7,10,31,45,60,74,87,96]. However, this method is 
based on individuals do not move fast when the frame rate is relatively 
high. Therefore, [45] used off-the-shelf motion vectors from compressed 
videos for fast pose propagation across adjacent frames.

The 2D-to-3D workflow can result in depth ambiguity, modelling 
temporal information can tackle this issue while improving robustness 
and motion coherence. However, efficiently exploiting temporal infor
mation from input sequences is still challenging in 3D domain. TCNs 
with dilated convolutions allow to capture long-term temporal de
pendencies without significantly increasing computation complexity 
[47,49,50,65,81]. This approach avoids storing numerous parameters 
and supports parallel processing input frames. In addition, temporal 
Transformers with self-attention mechanism are also commonly used to 
explore temporal relationships [20,33,41,42,72,93,95,99,101]. How
ever, this approach limits the length of input sequences, as densely 
applying self-attention mechanism to long sequences brings a great 
computational overhead. Therefore, [99] exploited the frequency rep
resentation of 2D skeleton poses, they use low-frequency coefficients to 
represent the entire input sequences, which avoids applying 
self-attention to all frames as well as filters out high-frequency noise (e. 
g. jitters and outliers) brought by 2D pose detectors. [72] replaced 
self-attention operation with a simple MLP block to capture spatial re
lationships between joints within each frame. [41,72] replaced the 
parameter-heavy fully-connected layers with strided 1D temporal con
volutions to eliminate temporal redundancy of 2D pose sequences. [20, 
72,93] employed a temporal downsampling strategy to downsample the 
input pose sequences while preserving the receptive fields. Especially, 
[20] downsampled input frames with a fixed interval and used the 
learnable upsampling token as the feature representations for other 
non-keyframes. [93] adopted a uniform sampling strategy to select 
5~10 % frames (under a certain ratio) of input videos to perform pose 
estimator. Notably, this method does not rely on frame’s features to 
identify keyframes.

Based on the analysis above, there are three main directions to bal
ance accuracy and efficiency (Table 6). The first strategy is designing 
lightweight and compact models. However, such models ineluctably 
suffer from accuracy reduction, especially in complex environments (e. 
g. occlusion). To avoid this, researchers have introduced some 
compensatory measurements, such as GAN-based training strategies, 
teacher-student knowledge distillation or post-processing optimization. 
The second direction is leveraging temporal redundancy across frames 
and pose consistency of motion. These methods adaptively operate 
different models on different frames for obtaining efficiency improve
ment. The third strategy focuses on designing parallel pipelines in en
gineering, enabling simultaneous processing of multiple tasks to 
improve overall efficiency [25]. Finally, different strategies are typically 
effective for specific network architectures and HPE tasks, a detailed 
discussion and quantitative comparisons of trade-offs are presented in 
Section 5.1.

5. Discussion

This paper presents some stable and robust solutions for real-time 
human pose estimation and tracking on monocular videos, it was done 
by analysing 68 related papers published between 2014 and 2024, the 
selection process and exclusion criteria are described in Section 3.2. The 
analysis of these selected papers was guided by six research questions 
outlined in Section 3.1. This review highlights recent advancements in 
monocular video-based HPE, covering both 2D and 3D domains as well 
as pose tracking. It also provides new insights into hardware configu
rations and efficiency measures for real-time models, and summarises 

key factors affecting real-time performance and computational 
complexity. It is important to note that this review includes literature up 
to 2024. As expected in a rapidly evolving field, some recent 2025 
studies, such as those related to 2D HPE [29,62] and 3D HPE [46,84,91], 
were excluded to maintain methodological rigour and ensure consis
tency with the review protocol. This section further compares the per
formance and complexity of different methods for real-time video-based 
HPE/HPT and suggests potential directions for future improvement.

5.1. Performance and complexity analysis of different methods

As shown in Section 4.3.1, as well as Tables S1 and S2 of the Sup
plementary Material, CNNs are the most widely used architecture in 
real-time 2D video-based HPE and HPT. In contrast, GCNs and Trans
formers are less frequently adopted. Although their accuracy is com
parable to that of CNNs, their high computational complexity makes 
practical deployment challenging, particularly on edge and mobile de
vices. In terms of pose estimation workflows, top-down methods 
generally outperform bottom-up methods in accuracy (see Table S1 of 
the Supplementary Material). Since top-down workflow first detects 
person bounding boxes and then estimates body joints within each box, 
thereby narrowing the search space for keypoint detection. However, on 
resource-constrained platforms, such as edge and mobile devices, 
bottom-up workflow has often been adopted due to their higher 
computational efficiency. Unlike top-down, bottom-up workflow does 
not require running a person detector for each person in every frame. As 
a result, they reduce considerable inference time, and their inference 
speed is irrelevant to the number of people in the scene.

Table S3 in the Supplementary Material shows that 2D-to-3D work
flow consistently outperforms the end-to-end workflow in 3D HPE. The 
main reason is 2D-to-3D workflow relies on accurate 2D joint positions 
as intermediate representations, which provide strong spatial priors for 
subsequent 3D pose inference. In contrast, end-to-end workflow directly 
regresses 3D coordinates or generates heatmaps from videos without the 
supervision of intermediate 2D poses. Within the 2D-to-3D workflow, 
TCNs and Transformers are frequently used due to their strong capa
bilities in modelling spatio-temporal dependencies across consecutive 
frames. TCNs, particularly dilated TCNs, can model long-range temporal 
dependencies with parallel processing both over the number of se
quences as well as the temporal dimension. However, their sparse 
sampling strategy limits temporal connectivity, as the dilation factor 
skips intermediate frames which may cause the loss of critical temporal 
information. Moreover, dilation increases the receptive field but re
quires many more layers to model long-time dependencies, making it 
inefficient and limited for processing long-range sequences. Similarly, 
temporal Transformers are excellent in exploring the relationships of 
pose sequences due to self-attention and parallel processing mechanism. 
Nevertheless, the time and memory complexity of the attention module 
grows quadratically with the sequence length. Furthermore, information 
redundancy in long-range 2D pose sequences leads to computation 
waste, particularly through the fully-connected layers of the FFN of 
Transformers. As a result, it is not feasible to infinitely enlarge the input 
sequence to expand the receptive field.

Apart from temporal relationships between body joints across 
frames, body joints within a single frame also exhibit strong spatial 
correlations and kinematic constraints, such as local connections, sym
metries and global postural constraints. GCNs and spatial Transformers 
are commonly employed to capture spatial relationships of body joints 
in each frame. Therefore, they are often integrated with other archi
tectures to explore the spatio-temporal dependencies to infer 3D poses 
from 2D keypoints. Compared to 2D HPE, such hybrid architecture de
signs have become increasingly common in 3D HPE. The advantages and 
limitations of these architectures, along with their effective accuracy- 
efficiency trade-off strategies, are comprehensively summarised in 
Table 7. In end-to-end workflow, CNNs remain the most prevalent 
backbone due to their balance between accuracy and computational 
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efficiency. Although Transformers have also been applied to end-to-end 
3D HPE, they typically introduce higher computational cost, as indi
cated by their FLOPs values in Table S3 of the Supplementary Materials.

Consequently, it is essential to reduce model complexity without 
compromising accuracy to achieve trade-offs between accuracy and ef
ficiency. CNN-based models benefit from strategies such as replacing 
heavy backbones with lightweight ones and leveraging temporal de
pendencies to maintain performance. For example, temporal propaga
tion techniques transfer body joint locations or bounding boxes from 
previous frames to the current frame to avoid redundant computation 
[7,10,31,45,59,60,74,87,96]. Alternatively, compared to pixel-level or 
pose-level fusion strategies, feature-level temporal fusion methods reuse 
features extracted from previous frames to guide current predictions, 
enabling more efficient temporal modelling [36,57,59,67,89]. In [45], 
bounding boxes and keypoint positions are propagated from previous 
frames, eliminating the need for repeated person detection and 
multi-scale search in each frame. This strategy significantly increases 
inference speed from 6.7 to 20.8 FPS, while slightly reducing accuracy 
from 77.9 to 75.8 mAP. Similarly, [59] replaced the backbone of 
ResNet-50 with ResNet-18, combined with a lightweight network to 
transfer pose knowledge across frames, which halves the inference time 
from 11 ms to 6.5 ms per image with less than a 1 % drop in accuracy.

Another major computational bottleneck in CNN-based models is the 
generation and post-processing of heatmaps. Thus, directly regressing 
keypoint coordinates without generating heatmaps has become an 
effective alternative [7,31,55,97]. For example, [31] removed the 
upsampling layer typically used for heatmap generation, reducing 
computation cost from 5.5 to 4.03 GFLOPs. Further replacing the 
ResNet-50 backbone with a more compact CSPNeXt architecture reduces 
the GFLOPs to 1.93, without any loss in accuracy. Similarly, [7] adopted 
a heatmap-to-coordinate regression strategy that improves inference 
speed from 0.4 to 10 FPS, while maintaining acceptable accuracy 
(PCK@0.2 drops only from 87.8 to 84.1). These strategies provide 
substantial gains in computational efficiency while only slightly 
compromising accuracy, making them highly suitable for real-time 
applications.

A widely adopted strategy in TCN-based methods is the use of multi- 

scale dilated convolutions, which allow the model to capture long-term 
temporal dependencies without significantly increasing computational 
cost [47,49,50,65,81]. For instance, as reported in [65], a TCN model 
without dilation and a receptive field of 27 frames achieves an accuracy 
of 41.1 mm MPJPE at a computation complexity of 59.03 MFLOPs. 
When applying dilated convolutions with the same receptive field not 
only reduces the MFLOPs to 17.09, but also improves the accuracy to 
40.6 mm MPJPE. Furthermore, even in the largest model with a recep
tive field of 243 frames using dilated convolutions, the MFLOPs increase 
modestly to 33.87, while the error is further reduced to 37.8 mm. This 
highlights that dilated convolutions can efficiently expand the receptive 
field, with computational complexity growing logarithmically rather 
than linearly. However, a larger receptive field does not always lead to 
better performance. Once the receptive field exceeds a certain threshold, 
the accuracy tends to saturate while the computation cost continues to 
increase, which suggests that 3D HPE does not require extremely 
long-term temporal modelling [65].

Transformers have been widely adopted in 3D HPE [20,33,41,42,72, 
93,95,99,101] due to their strong capability in modelling both spatial 
and temporal relationships among joints. However, these models bring a 
great computational overhead (as shown in Table S3), particularly when 
processing long pose sequences. Therefore, simplifying the attention and 
feed-forward network (FFN) modules has become an effective strategy 
to reduce computation load [33,41,72]. For example, [72] replaced the 
self-attention mechanism with a simple MLP block to capture spatial 
dependencies between joints, which reduces the computational cost 
from 1218 to 1094 MFLOPs and improves accuracy by lowering the 
MPJPE from 48.8 mm to 46.0 mm. In addition, combining temporal 
downsampling strategies has become a primary strategy to make a 
trade-off between accuracy and efficiency [20,72,93]. For instance, [72]
showed that when the receptive field is fixed at 81 frames, increasing the 
downsampling rate from 1 to 3 significantly reduces MFLOPs from 493 
to 163, with only a minor accuracy degradation (MPJPE increased from 
45.6 mm to 46.8 mm). Similarly, [93] sampled only a subset (e.g., 5 %– 
10 %) of input frames to apply a heavy Transformer, followed by a 
lightweight interpolation module to recover the extra sequences. This 
approach adds merely 0.5 MFLOPs of overhead while decreasing MPJPE 

Table 7 
Comparative analysis of architectures for real-time video-based HPE.

Architectures Computation 
Complexity

Advantages Limitations Accuracy-efficiency Trade-off Strategies

CNN Low O(N) 1. Excellent in modelling spatial 
relations. 
2. Highly parallelizable and hardware- 
friendly on different devices.

1. Limited ability to model temporal 
dependencies across frames without 
additional modules.

1. Employ lightweight backbones (e.g., MobileNet, 
CSPNet). 
2. Apply temporal propagation (e.g., keypoints or 
bounding boxes transfer) or reuse features from 
previous frames. 
3. Regress keypoint coordinates without 
generating heatmaps

TCN Low O(N) 1. Effective in modelling temporal 
relationships. 
2. Supports parallel computation over 
time sequences.

1. Cannot directly model spatial relations; 
relies on input features extracted by CNN 
or GCN.

1. Use multi-scale dilated convolutions. 
2. Combine with CNN for spatio-temporal 
modelling.

Transformer High O(N2) 1. Jointly models spatio-temporal 
dependencies. 
2. Captures long-range dependencies 
effectively. 
3. Typically achieves higher accuracy 
in video-based HPE.

1. High computation cost and memory 
usage. 
2. Not hardware-friendly and challenging 
to deploy on edge/mobile devices.

1. Simplify attention and FFN modules. 
2. Apply temporal downsampling strategies. 
3. Leverage pre-training on large-scale motion 
capture datasets.

GCN High O(N2) 1. Captures complex spatial 
dependencies between joints. 
2. Well-suited for structured data like 
human skeletons.

1. High computation cost; involves 
irregular computation limiting 
parallelism. 
2. Low GPU utilization; challenging for 
deployment.

1. Integrate with TCN or Transformer for temporal 
modelling between joints.

Unified 
Framework

High (varies by 
design)

1. Combines strengths of different 
architectures (e.g., CNN, TCN, GCN, 
Transformer). 
2. Offers flexibility in task-specific 
design.

1. Requires careful system design and 
optimization. 
2. Potentially high overhead if not well- 
pruned.

1. Apply NAS, pruning, or distillation for 
optimization. 
2. Employ keyframe selection or frame skipping 
strategies.
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from 54.7 mm to 52.8 mm.
Furthermore, [20] employed a fixed-interval downsampling strategy 

and only fed keyframe features into the Transformer. Non-keyframes 
were represented using learnable upsampling tokens. This strategy re
duces the computation cost from 1358 to 543 MFLOPs, while only 
slightly increasing MPJPE from 44.3 mm to 45.5 mm. In addition, 
pre-training on large-scale motion capture datasets (e.g., AMASS) also 
improves accuracy without introducing additional computation over
head. For example, [20] showed that pre-training on AMASS reduced 
the MPJPE from 47.5 mm to 45.7 mm. In practice, many real-time 
models are not deployed or evaluated on high-performance GPUs. 
Instead, they are often tested on consumer GPUs, CPUs, or mobile de
vices (refers to Section 4.5). Therefore, single-scale inference without 
scale search is commonly adopted to ensure real-time performance in 
realistic deployment scenarios.

As a result, different HPE tasks adopt different strategies to balance 
accuracy and efficiency. For 2D HPE, employing lightweight networks 
and propagating body joint locations or bounding boxes from previous 
frames to the current frame have proven more effective. However, in 3D 
HPE, downsampling input 2D pose sequences and integrating different 
network architectures are commonly used to achieve trade-offs between 
accuracy and efficiency. Overall, leveraging temporal redundancy and 
pose relationships among frames is a promising direction for further 
exploration.

5.2. Limitations and future directions

The limitations of this systematic literature review are: (1) This re
view does not empirically test and evaluate the reviewed methods under 
standard hardware and input conditions to show their practical 
deployment limitations. Future work could build on this review by 
conducting unified experiments to assess the deployment feasibility and 
robustness of different methods. (2) This review excluded studies 
focusing on specific populations (e.g., patients, the elderly, or athletes) 
that train their models on specialized datasets. These studies often 
involve domain-specific datasets and constrained movement patterns, 
which limit the generalizability and comparability of their methods. 
However, such studies hold important application value and represent a 
meaningful direction for future exploration.

The findings of this review point out a few potential trends and di
rections for future studies. One of the main challenges in 3D HPE is the 
lack of in-the-wild ground-truth 3D datasets (see Fig. 10). To address 
this, some studies adopted semi-supervised approaches [65]. Several 
research leveraged the large-scale AMASS motion dataset to pre-train 
their models utilizing GAN-based learning approaches [6,20,36]. How
ever, reducing reliance on ground-truth pose datasets or designing un
supervised models remain unaddressed. Additionally, how to quickly 
generate in-the-wild ground-truth 3D pose datasets using cost-friendly 
technologies requires further exploration.

3D HPE can output either absolute coordinates (camera-centre) or 
relative coordinates (person-centre). Among the 30 reviewed papers in 
the 3D domain, only a few works output 3D absolute coordinates [22, 
56], and a few metrics are introduced for evaluating the accuracy of 
absolute coordinates (as shown in Table 3). This is primarily because 
translating 2D poses from pixel coordinates to absolute 3D coordinates 
(in cm/m) requires camera intrinsic and extrinsic parameter matrices, 
which are unavailable in most datasets (see Section 4.4). Moreover, 
translating relative 3D coordinates to absolute ones also requires a 
reference object with known position and scale, which is inherently 
difficult to estimate from monocular video. Nevertheless, generating 
absolute 3D poses has promising potential for real-world applications 
[5]. Future research should focus on addressing these challenges from 
multiple perspectives, such as dataset development, evaluation metric 
design or prospective model optimization, to improve the robustness 

and accuracy of absolute 3D pose estimation.
The reviewed papers indicate that real-time 3D HPT on monocular 

videos remains underexplored, primarily due to limitations in the mo
tion coherence and smoothness of current 3D HPE methods, the scarcity 
of 3D pose tracking datasets, and the inherent complexity of 3D multi- 
person HPE. Also, accuracy metrics for evaluating motion coherence 
are still scarce (see Table 3), inspiring the need to develop frame-level 
accuracy evaluation metrics for quantifying motion smoothness. More
over, designing HPE and HPT models targeting mobile and edge devices 
is a promising future direction, but one must consider factors like power 
and memory efficiency.

6. Conclusion

In this study, we provide a systematic literature review of real-time 
human pose estimation and tracking on monocular videos, analysing 
data from 68 papers published from 2014 to 2024. This review identified 
different factors influencing the evolution of real-time solutions, 
encompassing outputs, workflows, algorithms, performance evaluation, 
as well as trade-off strategies between accuracy and efficiency. It pro
vides an in-depth discussion of different algorithms by analysing their 
performance and complexity across various outputs and workflows. For 
performance evaluation, this study thoroughly compares different effi
ciency evaluation metrics, further revealing the reasons behind sub
stantial gaps in inference speed across different hardware. Furthermore, 
three primary strategies employed by the reviewed studies to improve 
efficiency without compromising accuracy are identified. Based on the 
architecture types and target tasks, we provide tailored strategy rec
ommendations and quantitative comparisons.

Finally, findings indicate that 2D multi-person and 3D single-person 
HPE are dominant in real-time fields based on monocular videos. While 
3D multi-person real-time tracking is rarely explored due to its 
complexity, limited availability of 3D tracking datasets and the de
velopments of 3D multi-person HPE.

Beyond summarising existing methods, this review aims to facilitate 
the practical deployment of human pose estimation and tracking sys
tems by highlighting strategies that balance accuracy and efficiency, as 
well as hardware constraints. Its findings may serve as valuable guid
ance for developing real-time solutions adaptable to real-world appli
cations, especially in safety-critical or resource-limited scenarios.
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Lovreglio has teaching and research experience on digital 
technologies for built environment, such as virtual reality, 
augmented reality, serious games, building information 
modelling, and digital construction

Y. Chen et al.                                                                                                                                                                                                                                    Neurocomputing 655 (2025) 131309 

23 

https://doi.org/10.48550/arXiv.2504.01764
https://doi.org/10.48550/arXiv.2504.01764
https://doi.org/10.1002/cav.1887
https://doi.org/10.1002/cav.1887
https://doi.org/10.48550/arXiv.2203.08713
https://doi.org/10.48550/arXiv.1908.05593
https://doi.org/10.1109/CVPR52688.2022.01288
https://doi.org/10.1109/CVPR52688.2022.01288
https://doi.org/10.1109/TMC.2021.3139940
http://arxiv.org/abs/2012.07086
https://doi.org/10.48550/arXiv.2007.15217
https://doi.org/10.48550/arXiv.2007.15217
http://arxiv.org/abs/2303.17472
http://arxiv.org/abs/2303.17472
https://doi.org/10.1145/3603618
https://doi.org/10.1145/3603618
https://doi.org/10.48550/arXiv.2103.10455
https://doi.org/10.48550/arXiv.2310.13039
https://doi.org/10.1109/TPAMI.2024.3350380
https://doi.org/10.1109/IJCNN55064.2022.9892706

	Real-time human pose estimation and tracking on monocular videos: A systematic literature review
	1 Introduction
	2 Background
	2.1 Monocular video-based human pose estimation
	2.2 Monocular video-based human pose tracking

	3 Methodology
	3.1 Research questions
	3.2 Search strategy
	3.3 Search results

	4 Critical analysis of selected studies
	4.1 Outputs
	4.2 Workflows
	4.3 Algorithms
	4.3.1 2D Human pose estimation
	4.3.1.1 Top-down
	4.3.1.2 Bottom-up

	4.3.2 3D human pose estimation
	4.3.2.1 2D-to-3D
	4.3.2.2 End-to-end

	4.3.3 2D and 3D human pose estimation
	4.3.4 Human pose tracking

	4.4 Accuracy measures and datasets
	4.5 Hardware configurations and efficiency measures
	4.6 Trade-offs between accuracy and efficiency
	4.6.1 Lightweight and compact models
	4.6.2 Temporal redundancy and pose relationships


	5 Discussion
	5.1 Performance and complexity analysis of different methods
	5.2 Limitations and future directions

	6 Conclusion
	Declaration of Competing Interest
	Acknowledgments
	Appendix A Supporting information
	Data availability
	References


