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Abstract 

Human pose estimation is a challenging task in computer vision, with applications ranging from 

augmented reality to human-computer interaction. Traditional methods often rely on access to 

source domain data to achieve accurate pose estimation. However, in cross-domain settings, 

source data may not be available due to privacy concerns, security regulations, or logistical 

limitations. This article explores advanced methodologies to enhance human pose estimation 

across different domains without relying on source data. We delve into various techniques, 

including domain adaptation, transfer learning, and synthetic data generation, to mitigate the 

absence of source data. The findings presented in this supplementary information section are 

aimed at providing a deeper understanding of how these techniques can be effectively employed 

to overcome challenges posed by cross-domain scenarios. By offering a comprehensive 

evaluation and analysis, we demonstrate that these methods significantly improve the 

performance of pose estimation models, even when source data is inaccessible. 
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Introduction 

Human pose estimation has become a pivotal area of research in the field of computer vision due 

to its broad range of applications. From motion capture systems used in film production to 

interactive systems in gaming and healthcare, accurate human pose estimation is critical for 

various technologies that interact with human movements. Traditionally, pose estimation models 

have been developed and trained using large datasets sourced from the same domain in which the 

models are intended to be applied. This approach, while effective, presents significant limitations 

when applied to cross-domain scenarios, where the source data is either unavailable or 

inaccessible. 

The cross-domain scenario introduces a layer of complexity that challenges the generalizability 



and robustness of pose estimation models. These challenges arise primarily due to differences in 

environmental conditions, camera perspectives, and subject appearances between the source and 

target domains. The absence of source data exacerbates these challenges, as traditional transfer 

learning methods rely heavily on the availability of such data to fine-tune models for new 

domains. 

In recent years, researchers have turned their attention to developing innovative techniques that 

allow for effective cross-domain human pose estimation without direct access to source data. 

These techniques aim to bridge the gap between different domains, enabling pose estimation 

models to perform reliably even when trained on data from a domain that differs significantly 

from the target environment. The motivation behind this shift is rooted in the growing demand 

for privacy-preserving machine learning methods, as well as the need to deploy pose estimation 

systems in environments where data collection may be impractical or restricted. 

One of the key challenges in cross-domain human pose estimation is the issue of domain shift, 

where the statistical properties of the data differ between the source and target domains. This 

shift can lead to a significant drop in the performance of pose estimation models when applied to 

unseen domains. To address this, researchers have explored various approaches, including 

domain adaptation techniques that attempt to align the distributions of the source and target 

domains, and synthetic data generation methods that create artificial training data that mimics the 

target domain. 

Another approach that has gained traction is the use of self-supervised learning, where models 

are trained to learn representations of human poses without the need for labeled data. This 

method leverages the structure of human motion and the temporal coherence of video data to 

infer poses, reducing the dependency on labeled source data. Additionally, adversarial training 

methods, where models are trained to distinguish between source and target domain data, have 

shown promise in enhancing the generalization capabilities of pose estimation models across 

domains. 

Despite these advancements, there remains a significant gap in the literature regarding the 

practical implementation of these techniques in real-world scenarios. This article aims to fill this 

gap by providing supplementary information on the latest developments in cross-domain human 

pose estimation without source data access. We will explore the various methodologies that have 

been proposed, analyze their strengths and weaknesses, and discuss their potential applications in 

different domains. By offering a comprehensive overview of the current state of the art, this 

article seeks to inform researchers and practitioners about the best practices for improving pose 

estimation performance in challenging cross-domain environments. 

Background Information 

Human pose estimation is the process of detecting and determining the spatial arrangement of 

body joints in images or video sequences. This task is integral to various applications such as 



surveillance, sports analytics, and human-computer interaction. Historically, human pose 

estimation relied heavily on manually annotated datasets from the same domain as the 

application, a practice that limited the scalability and adaptability of these systems. In traditional 

settings, the assumption was that training and testing data would share similar characteristics, 

ensuring that models trained on one dataset would perform well in similar conditions. 

However, this assumption breaks down in cross-domain scenarios, where models are required to 

perform in environments vastly different from the one they were trained in. Differences in 

camera angles, lighting conditions, and even the appearance of subjects can lead to a 

phenomenon known as domain shift, which significantly degrades the performance of pose 

estimation models. Moreover, the increasing focus on privacy and data security has made it more 

difficult to access large, annotated datasets, further complicating the task of cross-domain pose 

estimation. 

To address these challenges, recent research has focused on developing methods that allow for 

effective pose estimation without relying on access to source domain data. These methods 

include domain adaptation, transfer learning, and synthetic data generation, each offering unique 

advantages in overcoming the limitations posed by cross-domain scenarios. Domain adaptation 

techniques, for instance, aim to minimize the discrepancy between the source and target 

domains, allowing models to generalize better to unseen environments. Transfer learning 

leverages knowledge from related tasks or domains to improve performance in the target domain, 

while synthetic data generation creates artificial training examples that mimic the target domain, 

enabling robust model training without the need for real source data. 

Aim of the Article 

The primary aim of this article is to explore and evaluate advanced methodologies for improving 

human pose estimation in cross-domain settings without the need for source data access. By 

examining a variety of techniques, including domain adaptation, transfer learning, and synthetic 

data generation, this article seeks to provide a comprehensive understanding of how these 

approaches can be applied to enhance the robustness and accuracy of pose estimation models 

across different domains. Additionally, the article aims to identify the strengths and weaknesses 

of each method, offering insights into their practical implementation in real-world scenarios. 

Another key objective of this article is to bridge the gap between theoretical research and 

practical application in the field of cross-domain human pose estimation. While significant 

progress has been made in developing new techniques, there remains a lack of comprehensive 

resources that detail how these methods can be effectively utilized in practice. By providing 

supplementary information and detailed analysis, this article aims to equip researchers and 

practitioners with the knowledge needed to implement these techniques in diverse environments, 

ultimately improving the performance of pose estimation systems in challenging cross-domain 

settings. 



 

Related Work 

The challenge of cross-domain human pose estimation has garnered significant attention in the 

field of computer vision, leading to the development of various approaches aimed at addressing 

the limitations posed by domain shift and the lack of source data. A key area of research has 

focused on domain adaptation techniques, which seek to align the feature distributions of the 

source and target domains. One popular method is adversarial domain adaptation, where a 

discriminator is trained to distinguish between source and target domain features, while the pose 

estimation model is trained to fool the discriminator. This approach has been shown to improve 

the generalization of pose estimation models across different domains by reducing the domain 

discrepancy. 

Another related area of research is transfer learning, where models pre-trained on large, 

annotated datasets are fine-tuned on smaller, target domain-specific datasets. In the context of 

human pose estimation, transfer learning has proven effective in leveraging knowledge from 

related tasks, such as object detection or action recognition, to enhance the performance of pose 

estimation models in new domains. However, the success of transfer learning often depends on 

the availability of labeled data in the target domain, which may not always be feasible in cross-

domain scenarios. 

Self-supervised learning has also emerged as a promising approach for cross-domain pose 

estimation. In this method, models are trained to predict future frames or reconstruct input data, 

learning useful representations of human poses without relying on labeled data. Self-supervised 

methods have shown considerable potential in scenarios where labeled data is scarce or 

unavailable, as they can leverage large amounts of unlabeled video data to learn meaningful pose 

representations. 

Synthetic data generation has been another area of active research, particularly in cases where 

access to real-world data is limited or non-existent. By creating artificial datasets that resemble 

the target domain, researchers can train pose estimation models without the need for source 

domain data. Techniques such as generative adversarial networks (GANs) and computer graphics 

simulations have been employed to generate realistic human poses and backgrounds, enabling 

robust training of pose estimation models. Despite the success of synthetic data generation, 

challenges remain in ensuring that the synthetic data accurately reflects the complexities of the 

target domain, including variations in lighting, occlusion, and subject appearance. 

In addition to these techniques, there has been growing interest in exploring hybrid approaches 

that combine multiple methods to address the limitations of each. For instance, combining 

domain adaptation with synthetic data generation has been shown to enhance the robustness of 

pose estimation models by providing a diverse set of training examples that cover a wide range 

of scenarios. Similarly, integrating self-supervised learning with transfer learning can improve 



the generalization capabilities of models by leveraging both labeled and unlabeled data. 

While significant progress has been made in the field of cross-domain human pose estimation, 

there remains a need for more comprehensive evaluations of these methods in real-world 

settings. Many studies have demonstrated the effectiveness of these techniques in controlled 

environments, but their performance in diverse and dynamic environments is still an area of 

active research. This article aims to contribute to this ongoing effort by providing supplementary 

information on the latest developments in cross-domain pose estimation, offering insights into 

how these techniques can be effectively applied in practice. 

 

Methodology 

The methodology section of this article outlines the approaches and techniques employed to 

enhance human pose estimation across domains without access to source data. The primary focus 

is on evaluating the effectiveness of domain adaptation, transfer learning, and synthetic data 

generation methods in addressing the challenges posed by cross-domain scenarios. 

• Domain Adaptation: The first approach involves the use of adversarial domain 

adaptation, where a discriminator network is trained to differentiate between source and 

target domain features, while the pose estimation model is simultaneously trained to 

deceive the discriminator. This adversarial training process encourages the model to learn 

domain-invariant features, thereby improving its ability to generalize across different 

domains. In addition to adversarial training, other domain adaptation techniques such as 

feature alignment and normalization methods are explored to reduce the domain 

discrepancy further. 

• Transfer Learning: The second approach leverages transfer learning techniques to 

improve pose estimation performance in the target domain. By fine-tuning models pre-

trained on large, annotated datasets, the transfer learning approach aims to adapt the 

model's knowledge to the specific characteristics of the target domain. This section also 

explores the use of domain-specific data augmentation techniques to enhance the 

diversity of the training data, thereby improving the model's robustness to variations in 

the target domain. 

• Synthetic Data Generation: The third approach focuses on the use of synthetic data to 

train pose estimation models without access to source data. Synthetic data generation 

involves creating artificial datasets that mimic the appearance and characteristics of the 

target domain. Techniques such as generative adversarial networks (GANs) and computer 

graphics simulations are employed to generate realistic human poses and backgrounds. 

This section provides a detailed analysis of the strengths and weaknesses of synthetic 

data generation, including the challenges associated with ensuring that the synthetic data 



accurately reflects the complexities of the target domain. 

• Hybrid Approaches: In addition to the individual techniques, this section also explores 

hybrid approaches that combine multiple methods to address the limitations of each. For 

example, integrating domain adaptation with synthetic data generation can provide a 

more diverse set of training examples that cover a wide range of scenarios, thereby 

enhancing the robustness of pose estimation models. Similarly, combining self-

supervised learning with transfer learning can improve the generalization capabilities of 

models by leveraging both labeled and unlabeled data. 

• Evaluation Metrics: The methodology section concludes with a discussion of the 

evaluation metrics used to assess the performance of the pose estimation models across 

different domains. Metrics such as mean per-joint position error (MPJPE), percentage of 

correct keypoints (PCK), and area under the curve (AUC) are employed to provide a 

comprehensive evaluation of the models' accuracy and robustness in cross-domain 

scenarios. 

Evaluation and Analysis 

The evaluation and analysis section provides a comprehensive assessment of the effectiveness of 

the proposed methodologies in improving human pose estimation across domains without access 

to source data. The evaluation is conducted on multiple benchmark datasets, including datasets 

with varying environmental conditions, camera perspectives, and subject appearances, to 

simulate real-world cross-domain scenarios. 

• Performance Metrics: The performance of the pose estimation models is evaluated 

using a range of metrics, including mean per-joint position error (MPJPE), percentage of 

correct keypoints (PCK), and area under the curve (AUC). These metrics provide a 

quantitative measure of the models' accuracy and robustness in cross-domain settings, 

allowing for a detailed comparison of the different approaches. 

• Domain Adaptation Results: The results of the domain adaptation experiments 

demonstrate the effectiveness of adversarial training in reducing domain discrepancy and 

improving model generalization across different domains. The models trained with 

domain adaptation techniques show significant improvements in performance compared 

to baseline models trained without adaptation, particularly in challenging scenarios with 

large domain shifts. 

• Transfer Learning Results: The transfer learning experiments highlight the potential of 

leveraging pre-trained models to improve pose estimation performance in the target 

domain. Fine-tuning the models on domain-specific data leads to notable gains in 

accuracy, particularly when combined with data augmentation techniques that increase 

the diversity of the training data. 



• Synthetic Data Generation Results: The synthetic data generation experiments reveal 

the benefits and limitations of using artificial datasets to train pose estimation models. 

While synthetic data provides a valuable source of training examples in the absence of 

real-world data, the results indicate that the quality and realism of the synthetic data play 

a crucial role in determining the models' performance. Models trained on high-quality 

synthetic data achieve comparable performance to those trained on real-world data, while 

models trained on less realistic synthetic data exhibit reduced accuracy. 

• Hybrid Approaches Results: The hybrid approaches show promising results, with 

models trained using a combination of domain adaptation, transfer learning, and synthetic 

data generation achieving the highest performance across all evaluation metrics. The 

results suggest that combining multiple techniques can help mitigate the limitations of 

each method, leading to more robust and accurate pose estimation models in cross-

domain scenarios. 

 

Results 

The results section presents the findings from the evaluation and analysis, highlighting the 

effectiveness of the proposed methodologies in improving human pose estimation across 

domains without access to source data. The results are organized by the different approaches 

evaluated, providing a detailed comparison of their performance across various metrics and 

datasets. 

• Domain Adaptation: The domain adaptation experiments demonstrate that adversarial 

training significantly improves the generalization capabilities of pose estimation models 

across different domains. The models trained with domain adaptation techniques achieve 

higher accuracy and lower error rates compared to baseline models, particularly in 

scenarios with large domain shifts. The results also show that incorporating feature 

alignment and normalization methods further enhances the models' performance, 

reducing domain discrepancy and improving robustness. 

• Transfer Learning: The transfer learning experiments indicate that fine-tuning pre-

trained models on domain-specific data leads to substantial improvements in pose 

estimation performance in the target domain. The results highlight the importance of 

selecting appropriate pre-trained models and using domain-specific data augmentation 

techniques to enhance the diversity of the training data. The models trained with transfer 

learning achieve higher accuracy and lower error rates compared to models trained from 

scratch, particularly in scenarios with limited labeled data. 

• Synthetic Data Generation: The synthetic data generation experiments reveal that 

models trained on high-quality synthetic data achieve comparable performance to those 



trained on real-world data. The results emphasize the importance of generating realistic 

synthetic data that accurately reflects the complexities of the target domain, including 

variations in lighting, occlusion, and subject appearance. Models trained on less realistic 

synthetic data exhibit reduced accuracy, highlighting the need for careful design and 

validation of synthetic datasets. 

• Hybrid Approaches: The hybrid approaches combining domain adaptation, transfer 

learning, and synthetic data generation achieve the highest performance across all 

evaluation metrics. The results demonstrate that integrating multiple techniques can help 

mitigate the limitations of each method, leading to more robust and accurate pose 

estimation models in cross-domain scenarios. The hybrid models outperform models 

trained using individual techniques, achieving higher accuracy and lower error rates 

across all datasets and evaluation metrics. 

 

Discussion 

The discussion section provides a detailed analysis of the results, exploring the implications of 

the findings for the field of cross-domain human pose estimation. The results highlight the 

effectiveness of the proposed methodologies in improving pose estimation performance across 

domains without access to source data, offering valuable insights into the practical 

implementation of these techniques in real-world scenarios. 

• Domain Adaptation: The discussion of domain adaptation results emphasizes the 

importance of reducing domain discrepancy to improve model generalization across 

different domains. The findings suggest that adversarial training is a powerful tool for 

achieving this goal, particularly when combined with feature alignment and 

normalization methods. The results also highlight the potential of domain adaptation 

techniques to improve pose estimation performance in challenging cross-domain 

scenarios, where traditional methods struggle to generalize. 

• Transfer Learning: The transfer learning discussion focuses on the benefits and 

limitations of leveraging pre-trained models to improve pose estimation performance in 

the target domain. The results indicate that transfer learning can be highly effective in 

scenarios with limited labeled data, particularly when combined with domain-specific 

data augmentation techniques. However, the success of transfer learning depends on the 

availability of appropriate pre-trained models and the careful selection of domain-specific 

data augmentation strategies to enhance the diversity of the training data. 

• Synthetic Data Generation: The discussion of synthetic data generation results 

highlights the potential of using artificial datasets to train pose estimation models in the 

absence of real-world data. The results suggest that high-quality synthetic data can 



provide a valuable source of training examples, enabling robust model training without 

access to source domain data. However, the findings also emphasize the importance of 

generating realistic synthetic data that accurately reflects the complexities of the target 

domain, including variations in lighting, occlusion, and subject appearance. The 

discussion explores the challenges associated with ensuring the realism of synthetic data 

and the need for careful design and validation of synthetic datasets. 

• Hybrid Approaches: The discussion of hybrid approaches focuses on the benefits of 

combining multiple techniques to address the limitations of each method. The results 

indicate that integrating domain adaptation, transfer learning, and synthetic data 

generation can lead to more robust and accurate pose estimation models in cross-domain 

scenarios. The discussion explores the potential of hybrid approaches to improve pose 

estimation performance across a wide range of environments, offering valuable insights 

into the practical implementation of these techniques in real-world applications. 

• Practical Implications: The discussion concludes with an exploration of the practical 

implications of the findings for the field of cross-domain human pose estimation. The 

results suggest that the proposed methodologies offer a promising solution for improving 

pose estimation performance in challenging cross-domain environments, where access to 

source data is limited or unavailable. The discussion highlights the importance of 

continued research and development in this area, particularly in the context of developing 

more effective and efficient techniques for cross-domain pose estimation. 

 

Conclusion 

The conclusion section summarizes the key findings of the article, highlighting the effectiveness 

of the proposed methodologies in improving human pose estimation across domains without 

access to source data. The results demonstrate that domain adaptation, transfer learning, and 

synthetic data generation techniques offer valuable solutions for addressing the challenges posed 

by cross-domain scenarios, enabling robust and accurate pose estimation in a wide range of 

environments. 

The article also underscores the importance of combining multiple techniques to enhance the 

performance of pose estimation models, particularly in scenarios with large domain shifts or 

limited access to labeled data. The hybrid approaches evaluated in this article achieve the highest 

performance across all evaluation metrics, suggesting that integrating domain adaptation, transfer 

learning, and synthetic data generation can provide a more comprehensive solution for cross-

domain human pose estimation. 
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