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Abstract 

3D human pose estimation (3D HPE) is a vital technology with applications spanning motion 

capture, augmented reality, and human-computer interaction. Despite its advancements, domain 

adaptation remains a challenge due to the variability in data sources and environments. This 

article introduces a bimodal augmentation model designed to address these challenges by 

enhancing domain adaptation in 3D HPE. Our model integrates two augmentation strategies—

image-based and feature-based—aiming to bridge the gap between training and testing domains. 

Through a combination of synthetic data generation and feature transformation techniques, the 

proposed approach enhances the generalization capabilities of pose estimation algorithms across 

diverse domains. Experimental evaluations demonstrate that the bimodal augmentation model 

surpasses traditional single-modal methods in accuracy and robustness across various testing 

scenarios. This research offers a novel framework for improving the adaptability of 3D human 

pose estimation systems and provides insights into future directions for advancing domain 

generalization. 
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Introduction 

Background 

3D human pose estimation has seen significant advancements with applications in various fields, 

including motion analysis, virtual reality, and human-computer interaction. Accurate pose 

estimation is essential for understanding human movements and interactions in three-

dimensional space. Despite the progress, one of the significant challenges is domain adaptation, 

where the system's performance varies significantly across different data sources or 

environmental conditions. 



Problem Statement 

Traditional domain adaptation techniques often fall short in addressing the complexities of 3D 

human pose estimation. These methods typically focus on single-modal augmentation strategies, 

which can be insufficient when dealing with the diverse and complex nature of real-world data. 

The challenge lies in effectively bridging the gap between the training domain and testing 

domains, ensuring that pose estimation models generalize well across different conditions. 

Objective 

This article proposes a bimodal augmentation model that integrates both image-based and 

feature-based augmentation strategies to enhance domain adaptation in 3D human pose 

estimation. By leveraging these complementary approaches, the model aims to improve the 

robustness and accuracy of pose estimation algorithms across various domains. 

 

Related Work 

Traditional Domain Adaptation Methods 

Domain adaptation methods have evolved to address the challenges of generalizing models 

across different domains. Techniques such as domain adversarial training and domain-specific 

normalization have been employed to minimize domain shift. However, these methods often 

focus on single modalities, which can limit their effectiveness in complex scenarios like 3D 

human pose estimation. 

Augmentation Strategies 

Augmentation strategies are crucial in enhancing model performance and generalization. Image-

based augmentation involves manipulating the input images through transformations such as 

rotations, translations, and scalings to create diverse training data. Feature-based augmentation, 

on the other hand, involves modifying the feature representations extracted from the images, 

often through techniques like feature space transformation or domain-specific feature learning. 

Limitations and Gaps 

While image-based and feature-based augmentations individually contribute to improving model 

performance, they often fail to address the full spectrum of domain adaptation challenges. The 

limitations of single-modal approaches highlight the need for a more integrated solution that 

combines the strengths of both augmentation strategies to achieve better domain generalization. 

 

Bimodal Augmentation Model 



Overview 

The proposed bimodal augmentation model integrates image-based and feature-based 

augmentations to address the limitations of single-modal approaches. This model aims to 

enhance domain adaptation by generating diverse training samples and transforming feature 

representations, thereby improving the robustness and accuracy of 3D human pose estimation. 

Image-Based Augmentation 

Image-based augmentation involves applying various transformations to the input images to 

increase the diversity of the training data. Techniques used include: 

 Geometric Transformations: Applying rotations, translations, and scalings to simulate 

different viewpoints and poses. 

 Color Space Adjustments: Modifying color properties such as brightness, contrast, and 

saturation to account for variations in lighting conditions. 

 Synthetic Data Generation: Using 3D graphics engines to create synthetic images with 

diverse poses and backgrounds, which helps in training the model on a broader range of 

scenarios. 

Feature-Based Augmentation 

Feature-based augmentation focuses on enhancing the feature representations extracted from the 

images. Techniques employed include: 

 Feature Space Transformation: Applying transformations to the feature space to align 

features from different domains. 

 Domain-Specific Feature Learning: Learning domain-specific features that are 

invariant to domain changes, enabling better generalization. 

 Feature Fusion: Combining features from different sources or domains to create a more 

robust feature representation. 

Integration of Augmentation Modalities 

The bimodal augmentation model integrates image-based and feature-based augmentations 

through a unified framework. This integration involves: 

 Data Pipeline: Designing a data pipeline that incorporates both image-based and feature-

based augmentations during training. This pipeline ensures that the model receives 

diverse and transformed data, improving its ability to generalize across domains. 

 Model Architecture: Incorporating augmentation modules into the model architecture to 

process augmented images and features simultaneously. This approach enables the model 

to leverage both types of augmentations for improved performance. 

 Training Strategy: Implementing a training strategy that balances the contributions of 

image-based and feature-based augmentations, optimizing the model’s ability to adapt to 

various domains. 



 

Experimental Setup 

Datasets 

The experimental evaluation uses multiple datasets to test the performance of the bimodal 

augmentation model. Datasets include: 

 Human3.6M: A large-scale dataset with 3D human poses captured in controlled 

environments, providing a benchmark for pose estimation accuracy. 

 PoseTrack: A dataset with 2D and 3D pose annotations in diverse and natural settings, 

useful for evaluating domain generalization. 

 Synthetic Dataset: Generated using 3D graphics engines to create synthetic images with 

varying poses and backgrounds, enhancing the training process. 

Evaluation Metrics 

Performance is evaluated using standard metrics for 3D human pose estimation: 

 Mean Per Joint Position Error (MPJPE): Measures the average error in joint positions 

between predicted and ground truth poses. 

 Percentage of Correct Keypoints (PCK): Evaluates the proportion of keypoints 

predicted within a certain threshold of the ground truth. 

 Robustness Metrics: Assesses the model’s ability to maintain performance across 

different domains and conditions. 

Experimental Procedure 

Experiments are conducted in two phases: 

 Training Phase: The bimodal augmentation model is trained using the combined image-

based and feature-based augmentations. The training involves optimizing the model on 

augmented data to enhance domain adaptation. 

 Testing Phase: The trained model is evaluated on different testing datasets to assess its 

performance and generalization capabilities. Comparisons are made with baseline 

methods that use single-modal augmentations. 

 

Results and Discussion 

Performance Analysis 

The bimodal augmentation model demonstrates superior performance compared to traditional 

single-modal methods. Key findings include: 



 Accuracy Improvements: The model achieves lower MPJPE scores, indicating better 

accuracy in 3D pose estimation across various domains. 

 Higher PCK Scores: The percentage of correct keypoints is higher, showing improved 

precision in pose predictions. 

Robustness and Accuracy 

The model exhibits enhanced robustness across different domains: 

 Cross-Domain Performance: The bimodal augmentation model performs consistently 

well across datasets with varying environmental conditions, demonstrating its ability to 

generalize effectively. 

 Handling Variability: The integration of image-based and feature-based augmentations 

allows the model to handle variations in lighting, viewpoints, and background effectively. 

Case Studies 

Several case studies illustrate the practical benefits of the bimodal augmentation model: 

 Augmented Reality Application: The model’s improved accuracy and robustness 

enhance the performance of AR systems that rely on precise 3D pose estimation. 

 Motion Capture Systems: The model’s ability to generalize across different domains 

benefits motion capture systems used in film and gaming industries. 

 

Conclusion 

Summary of Findings 

The bimodal augmentation model significantly improves domain adaptation in 3D human pose 

estimation. By integrating image-based and feature-based augmentations, the model addresses 

the limitations of traditional methods and enhances accuracy and robustness across diverse 

domains. 

Contributions 

This research contributes to the field of 3D human pose estimation by providing a novel 

framework for domain adaptation. The bimodal augmentation model offers a more 

comprehensive approach to handling domain shifts and improving generalization. 

Future Work 

Future research directions include: 



 Exploring Advanced Augmentation Techniques: Investigating additional augmentation 

strategies, such as generative adversarial networks (GANs) for data synthesis, to further 

enhance domain adaptation. 

 Real-Time Applications: Developing real-time pose estimation systems that leverage the 

bimodal augmentation model for dynamic and interactive environments. 

 Cross-Domain Transfer Learning: Extending the model’s applicability to other 

domains, such as medical imaging or robotics, where accurate pose estimation is critical. 
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