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Introduction: Accurate recognition of martial arts leg poses is essential for applications in sports analytics, rehabilitation, and human-computer interaction. Traditional pose recognition models, relying on sequential or convolutional approaches, often struggle to capture the complex spatial-temporal dependencies inherent in martial arts movements. These methods lack the ability to effectively model the nuanced dynamics of joint interactions and temporal progression, leading to limited generalization in recognizing complex actions.

Methods: To address these challenges, we propose PoseGCN, a Graph Convolutional Network (GCN)-based model that integrates spatial, temporal, and contextual features through a novel framework. PoseGCN leverages spatial-temporal graph encoding to capture joint motion dynamics, an action-specific attention mechanism to assign importance to relevant joints depending on the action context, and a self-supervised pretext task to enhance temporal robustness and continuity. Experimental results on four benchmark datasets—Kinetics-700, Human3.6M, NTU RGB+D, and UTD-MHAD—demonstrate that PoseGCN outperforms existing models, achieving state-of-the-art accuracy and F1 scores.

Results and discussion: These findings highlight the model's capacity to generalize across diverse datasets and capture fine-grained pose details, showcasing its potential in advancing complex pose recognition tasks. The proposed framework offers a robust solution for precise action recognition and paves the way for future developments in multi-modal pose analysis.
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1 Introduction

Leg pose recognition in martial arts performance has become an essential task for applications in sports analysis, rehabilitation, and interactive training systems, enabling both quantitative assessment and real-time feedback for practitioners (Rodomagoulakis et al., 2016). Recognizing leg movements in martial arts requires not only capturing the fine-grained dynamics of specific actions but also understanding complex sequences where stability, coordination, and speed are crucial. With the growing popularity of AI-driven sports technology, the demand for robust and accurate pose recognition models has increased significantly, as these models not only enhance the understanding of martial arts techniques but also contribute to improving training safety and effectiveness (Mollaret et al., 2016). Furthermore, advanced recognition techniques allow for automatic performance evaluation and help practitioners achieve precision, consistency, and progression in their movements. This task's complexity and relevance make it a critical area for innovation in action recognition and pose estimation (Van Amsterdam et al., 2022).

To address the challenges of leg pose recognition, early approaches relied on symbolic AI and knowledge representation techniques. These methods used expert-crafted rules and domain-specific knowledge to model martial arts poses. By defining key features such as joint angles, positions, and limb alignments, these rule-based systems could classify static poses and limited sequences with acceptable accuracy (El-Ghaish et al., 2017). Symbolic methods often represented poses through knowledge graphs or ontology-based systems that encoded anatomical relationships and biomechanical principles. While effective for static poses or simple actions, these methods were limited in their ability to generalize to diverse or dynamic martial arts movements (El-Ghaish et al., 2017). They struggled with real-time application due to the time-intensive process of rule crafting, and their lack of adaptability meant they could not accommodate the variations inherent in different practitioners' performances. To improve the flexibility and scalability of these models, researchers turned toward data-driven techniques (Romaissa et al., 2021).

To overcome the limitations of rule-based methods, data-driven approaches grounded in machine learning were introduced. These models relied on statistical learning techniques to infer patterns directly from labeled pose data, marking a transition from rigid, rule-based frameworks to adaptable models that could learn from examples. Support Vector Machines (SVM; Verma et al., 2020), k-Nearest Neighbors (k-NN; Duhme et al., 2021), and Hidden Markov Models (HMM; Cruz et al., 2016) became popular for action classification tasks, and Principal Component Analysis (PCA; Gaonkar et al., 2021) was used to reduce the dimensionality of joint data, improving efficiency. These models successfully captured patterns in labeled datasets and offered better generalization than symbolic AI. However, their effectiveness depended heavily on the quantity and quality of labeled data, making it difficult to scale for diverse martial arts actions that exhibit intricate temporal dependencies. While they were more adaptable than symbolic methods, data-driven models often lacked the ability to capture deep contextual relationships, limiting their accuracy for highly dynamic or complex martial arts leg poses. To enhance robustness in handling varied action sequences, research began shifting toward deep learning models capable of more intricate feature extraction.

Addressing the limitations of data-driven methods, the field advanced to deep learning and pretrained models, which offered unprecedented improvements in feature representation and action recognition. Convolutional Neural Networks (CNNs; Zhang et al., 2019) and Long Short-Term Memory (LSTM; Bednarek et al., 2020) networks became the standard for learning spatial and temporal features from video sequences and skeleton data, respectively. Graph Convolutional Networks (GCNs; Naik and Kumar, 2011) further enabled researchers to model joint interactions through graph structures, achieving state-of-the-art accuracy by capturing both the spatial configuration of joints and the temporal progression of actions. Pretrained models, such as transformer-based architectures, offered new possibilities by leveraging large datasets to learn generalized representations that could be fine-tuned for martial arts pose recognition (Naik and Kumar, 2009). Despite their high accuracy, these models were computationally intensive and required substantial labeled data for effective fine-tuning. Additionally, pretrained models lacked explicit mechanisms for integrating domain-specific knowledge, often resulting in reduced interpretability. To address these issues, our method introduces a framework that leverages graph structures while incorporating attention mechanisms and self-supervised tasks to enhance temporal consistency and efficiency.

To overcome the limitations of previous methods, we propose PoseGCN, a specialized framework for martial arts leg pose recognition that integrates spatial, temporal, and contextual features to capture the complexity of martial arts movements. Unlike traditional models, PoseGCN's architecture is designed to handle rapid transitions and detailed joint positioning, key to accurately identifying martial arts actions. Central to PoseGCN is its spatial-temporal graph encoding module, which represents each pose sequence as a graph where nodes denote joints and edges capture spatial and temporal dependencies, allowing the model to recognize subtle, context-dependent leg movements. Additionally, PoseGCN introduces an action-specific attention mechanism that dynamically assigns importance to key joints based on the action context. For instance, in a high kick, the model prioritizes the hip and knee joints, while in balanced stances, it shifts focus to the ankle and foot, enhancing the model's accuracy in differentiating between similar poses. Finally, PoseGCN incorporates a self-supervised pretext task that improves its ability to capture temporal dependencies by learning frame order without extensive labeled data. Together, these components make PoseGCN not only accurate and generalizable but also robust across diverse datasets, setting a new benchmark in leg pose recognition for martial arts applications.

PoseGCN offers several advantages over traditional and modern approaches:

• It introduces an action-specific attention mechanism that dynamically allocates importance to joints based on the action context, enhancing accuracy in recognizing complex leg poses.

• The model's spatial-temporal graph encoding efficiently captures joint dynamics, making it applicable across various martial arts poses and adaptable to real-time scenarios.

• Experimental results demonstrate that PoseGCN achieves superior accuracy and F1 scores on benchmark datasets, establishing it as a robust solution for leg pose recognition tasks.



2 Related work


2.1 Human pose estimation and recognition techniques

Human pose estimation and recognition have been extensively studied in computer vision, with approaches evolving from traditional image processing techniques to advanced deep learning models. Early methods focused on handcrafted features such as Histogram of Oriented Gradients (HOG; Wang et al., 2024) and Scale-Invariant Feature Transform (SIFT), which demonstrated some success in static pose estimation but lacked robustness for complex or dynamic human actions. With the advent of deep learning, Convolutional Neural Networks (CNNs) and Recurrent Neural Networks (RNNs; Zhu et al., 2024) became widely adopted, offering improved performance on human pose estimation tasks. CNN-based models, including Stacked Hourglass Networks and OpenPose, have proven effective in detecting body landmarks in 2D images, laying the groundwork for subsequent action recognition tasks. However, these approaches often fall short when applied to dynamic actions, as they lack temporal modeling capabilities necessary to capture the intricacies of motion over time. To address this, methods such as Long Short-Term Memory (LSTM) networks and Temporal Convolutional Networks (TCNs) have been introduced, allowing for temporal sequence learning. Although these architectures enhance temporal awareness, they still struggle with spatial dependencies between joints, especially in complex multi-joint movements (Dhiman and Vishwakarma, 2020). Recent advancements have focused on Graph Convolutional Networks (GCNs), which use graph structures to model joint dependencies, offering a more robust framework for capturing both spatial and temporal patterns in human actions. Despite their effectiveness, many GCN models are limited in their ability to generalize across varying contexts, as they often lack attention mechanisms or self-supervised learning modules to enhance robustness, highlighting areas for further research in complex pose recognition tasks (Jin et al., 2024).



2.2 Multimodal action recognition

Multimodal action recognition integrates information from multiple data sources, such as RGB video, depth sensors, and inertial measurements, to improve accuracy in complex action classification tasks (Naik and Kumar, 2011). Traditional approaches often rely on early or late fusion strategies, combining features from different modalities either at the input level or decision level. Early methods integrated RGB and depth data to address occlusion and depth ambiguities, enhancing robustness in challenging settings. However, with the increasing availability of wearable devices and multimodal datasets, recent research has incorporated additional data from accelerometers, gyroscopes, and electromyography (EMG) sensors, enriching the action representation (Naik and Kumar, 2009). Deep learning has further enabled end-to-end fusion models, where convolutional and recurrent layers process multimodal data concurrently. Techniques such as Multimodal Transformer Networks and Cross-Modal Attention have emerged, allowing networks to dynamically adjust the importance of each modality based on context. While these methods yield strong performance in controlled environments, they often struggle with noisy or incomplete data, a common challenge in real-world applications. To address this, methods incorporating self-attention mechanisms and graph-based models for multimodal data have been proposed, enabling adaptive feature fusion across modalities (Dhiman et al., 2021). PoseGCN builds on this foundation by integrating spatial-temporal graphs and modality-specific attention layers, designed to dynamically emphasize key joints and adapt to varying modality importance, offering improved performance in complex actions such as martial arts leg pose recognition. Sharma et al. (2022) proposed a convolutional neural network method based on partial spatial-temporal attention, which improved the accuracy of action recognition by paying attention to different parts of the human body. In contrast, PoseGCN adopts a spatial-temporal graph representation structure based on a graph convolutional network (GCN), which can more accurately capture the dynamic relationship between joints. In addition, the attention mechanism of PoseGCN can dynamically adjust the weights of key joints according to different action scenarios, making it more adaptable under complex posture changes.



2.3 Self-supervised learning in pose estimation and action recognition

Self-supervised learning (SSL) has gained traction in action recognition and pose estimation due to its ability to learn robust representations from unlabeled data. In SSL, models are trained on pretext tasks, where labels are generated automatically to capture inherent structures in the data. Popular pretext tasks in action recognition include predicting the order of frames, learning motion dynamics, and reconstructing spatial arrangements (Dhiman and Vishwakarma, 2017), which help models learn temporal and spatial dependencies without relying on labeled data. SSL has been particularly beneficial for pose estimation, as it allows models to capture joint correlations and motion patterns even in the absence of annotated poses (Naik et al., 2015). Techniques like temporal shuffling, frame prediction, and geometric transformation prediction are widely used for SSL in pose-related tasks (Jin et al., 2023). Recent advancements include the use of contrastive learning, where models maximize agreement between augmented versions of the same action sequence while minimizing similarity with other sequences. This approach enables models to learn distinct features for each action type, enhancing generalization across datasets (Huang et al., 2021). However, SSL in pose estimation remains challenging due to the difficulty in defining effective pretext tasks that capture both spatial and temporal dependencies. PoseGCN incorporates a self-supervised pretext task involving frame order prediction, which enhances temporal consistency in its learned representations, making it more robust for downstream tasks like action classification. This use of SSL not only reduces dependency on labeled data but also contributes to improved temporal awareness and generalization in complex action sequences (Dhiman et al., 2019). Sharma et al. (2023) utilizes Shapley values to guide action recognition under long-tail distribution, focusing on improving accuracy in the presence of uneven data distribution. PoseGCN, by incorporating self-supervised learning modules and sparse coding strategies, enhances model performance on long-tail data, reducing dependence on balanced data distribution and demonstrating robustness in recognizing rare actions. These comparisons further underscore PoseGCN's computational efficiency and generalization capabilities in complex action recognition scenarios.



2.4 Multi-view learning and abnormal action recognition

In the field of pose recognition, achieving robust performance in multi-view invariance, sparse coding, self-supervised learning, and abnormal action recognition is essential. To enhance action recognition across different views, a study proposed a skeleton action learning approach based on motion retargeting, which extracts generalized skeleton features from various perspectives to address view changes. This approach inspires our incorporation of multi-view data augmentation and view invariance learning in the PoseGCN model (Yang et al., 2024). Sparse coding also plays a significant role in feature extraction. A study introduced a sparse-coded composite descriptor for recognizing human activity in high-dimensional feature spaces (Singh et al., 2022). By retaining only critical features, this method achieves efficient action recognition, serving as a reference for our use of sparse attention mechanisms in PoseGCN to enhance computational efficiency and model generalization (Dhiman and Vishwakarma, 2024). Recently, self-supervised learning has gained attention for handling incomplete sequences. A study applied self-supervised techniques to learn action representations from incomplete spatio-temporal skeleton sequences, demonstrating the potential to obtain meaningful representations from fragmented spatial-temporal features under data incompleteness or missing labels. This research provides theoretical support for our self-supervised learning module in PoseGCN, reducing dependency on labeled data (Zhang et al., 2024). For abnormal action recognition, one study proposed a robust framework based on R-transform and Zernike moments, effectively addressing abnormal action recognition in depth videos, particularly in terms of stability and accuracy in local feature processing. This work inspired us to introduce a key joint attention mechanism in PoseGCN to better distinguish normal from abnormal actions. Additionally, another study used histogram-oriented gradients and Zernike moments to achieve high-dimensional abnormal action recognition, identifying complex patterns in high-dimensional spaces, which offers technical guidance for efficient feature encoding in PoseGCN.




3 Methodology


3.1 Overview of our network

In this work, we propose an innovative framework for multimodal robotic martial arts leg pose recognition, leveraging Graph Convolutional Networks (GCNs) to enhance the integration of diverse data modalities, including spatial, temporal, and action-specific features. Our proposed model comprises several interconnected modules that process multimodal inputs to capture complex leg pose dynamics with high accuracy, particularly in challenging, fast-paced martial arts scenarios. The primary data flow begins with pose extraction from multi-sensor data inputs, which are then organized into graph structures. These structures feed into a specially designed Part-Level GCN, which emphasizes joint and segment-level relations, enhancing the representation of subtle pose variations. Furthermore, this architecture integrates contextual action information, enabling improved accuracy in distinguishing similar yet distinct leg positions and movements.

First, the computational complexity of PoseGCN mainly comes from graph convolution operations and self-attention mechanisms. The computational complexity of graph convolution is usually proportional to the number of nodes in the graph and the connection density of adjacent nodes. To reduce this complexity, we adopt a hierarchical structure in PoseGCN to divide the joints into local subgraphs, thereby reducing the overhead of full-graph computation. This can effectively capture local motion features and reduce the overall computational burden. Second, the self-attention mechanism is used in PoseGCN to dynamically adjust the weights of key joints, and the computational complexity increases linearly with the number of nodes. To reduce the computational burden, we adopt a sparse attention matrix and parameter sharing strategy in our implementation to reduce unnecessary computations and prune the attention weights, thereby reducing the requirements for memory and computational resources while maintaining model accuracy. Finally, considering the dependence of deep learning models on a large amount of labeled data, PoseGCN introduces a self-supervised learning module to pre-train the model with unlabeled data so that robust feature representation can be obtained even when there is insufficient labeled data. This self-supervised method not only reduces the dependence on labeled data, but also speeds up the convergence of the model to a certain extent, further reducing computational overhead.

Our method is structured as follows: Section 3.2 introduces the foundational preliminaries, where we mathematically formulate the leg pose recognition problem within a multimodal GCN context. In Section 3.3, we describe the proposed dynamic feature extraction and integration module, detailing its role in handling temporal variations and multimodal data alignment. Section 3.4 presents the novel learning strategy we implement, which utilizes prior knowledge specific to martial arts actions. This strategy facilitates efficient feature learning and optimizes the GCN for rapid adaptation to new leg poses and movements. Collectively, these sections illustrate a cohesive framework designed to achieve robust, high-accuracy recognition of martial arts leg poses through multimodal GCN enhancements.



3.2 Preliminaries

To effectively address the problem of leg pose recognition in a multimodal martial arts context, we begin by formulating the recognition task as a multimodal graph learning problem. Let us define a set of skeleton data [image: image] where Xi represents the i-th sequence of joint data from the multimodal sensors, and yi denotes the corresponding class label for the martial arts pose. Each sequence Xi consists of multiple frames, each capturing the 3D coordinates of a set of key joints across time.

Each frame in the sequence is represented as a graph G = (V, E), where V is the set of nodes corresponding to key joints, and E represents edges that encode anatomical connections and/or action-specific dependencies between joints. The pose recognition task aims to classify a given sequence X into one of the predefined martial arts leg pose categories based on the multimodal joint data and learned graph representations.

For each frame t in sequence Xi, we define a graph Gt = (Vt, Et), where each node v ∈ Vt is associated with a feature vector [image: image] capturing joint coordinates and motion characteristics derived from multimodal sensors. Let [image: image] denote the spatial coordinates of joint v at time t. Additionally, velocity and acceleration vectors [image: image] and [image: image] are computed to incorporate temporal dynamics. The edge set Et is constructed by defining connections between anatomically or functionally related joints, forming a graph structure that captures both spatial and dynamic correlations in martial arts poses.

Given a sequence of graphs [image: image], the objective is to learn a function [image: image], where [image: image] is the space of graph-structured input sequences, and [image: image] is the set of pose labels. Each graph Gt is processed using graph convolutional layers, which aggregate information from neighboring nodes to capture spatial dependencies. The convolution operation on node v in frame t can be defined as:

[image: image]

where [image: image] represents the hidden state of node v at layer l, W(l) is a trainable weight matrix, b(l) is a bias term, and σ is a non-linear activation function. This formulation allows the model to capture localized patterns of movement and spatial correlations among joints, which are essential for distinguishing leg poses in martial arts.

To capture temporal dependencies across frames, we incorporate temporal convolution or recurrent mechanisms over the graph-structured data. Let [image: image] denote the output node features at the final layer L for frame t. A temporal model [image: image] is then applied across [image: image] to model frame-to-frame dependencies:

[image: image]

where [image: image] can be implemented as a temporal convolutional network or a recurrent neural network (e.g., LSTM or GRU), depending on the application requirements. The resulting temporal features Htemporal provide a representation that encapsulates both spatial and dynamic information across the entire sequence.

The model is trained using a cross-entropy loss function over the predicted class labels ŷ and the ground truth labels y, formulated as:

[image: image]

where ŷi is the predicted probability distribution over classes for sequence Xi. To further refine the learning of spatial and temporal patterns specific to martial arts leg poses, additional regularization terms may be added to encourage smoothness in temporal transitions and sparsity in graph edges.

This formalization establishes the groundwork for our model, which integrates graph convolutional layers and temporal modeling to effectively capture multimodal leg pose dynamics in martial arts. In the next section, we describe the architectural specifics and feature extraction processes in detail.



3.3 Dynamic feature integration for enhanced pose recognition

Our model is designed to process multimodal data inputs by dynamically integrating features derived from spatial, temporal, and contextual action information, which significantly improves recognition of complex leg poses in martial arts (Ye et al., 2020). This section describes the module responsible for feature extraction and integration, emphasizing how it captures motion subtleties across frames and fuses data from different sensor modalities (as shown in Figure 1).


[image: Figure 1]
FIGURE 1
 The overall framework of the proposed method. The model captures complex leg pose dynamics through interconnected modules, starting with pose extraction from multi-sensor inputs, organized into graph structures. The Part-Level GCN emphasizes joint and segment relations to enhance subtle pose variations. Additionally, contextual action encoding improves the distinction of similar leg positions and movements, achieving high accuracy even in fast-paced martial arts scenarios.



3.3.1 Spatial-temporal graph encoding

To comprehensively capture the spatial and temporal dependencies inherent in martial arts leg poses, we develop a spatial-temporal graph structure that evolves across frames within each input sequence (Cheng et al., 2020). Each individual frame Gt = (Vt, Et) is structured as a graph where nodes Vt represent the anatomical positions of joints, while edges Et connect these nodes based on physical joint connections, forming a skeletal graph that models human body movement. These connections, both spatially and temporally oriented, enable the model to interpret dynamic interactions between joints, essential for accurately recognizing martial arts poses with nuanced movements (as shown in Figure 2).


[image: Figure 2]
FIGURE 2
 A spatial-temporal graph convolution framework for martial arts leg pose recognition. Each frame's skeletal structure is represented as a graph, where nodes denote joint positions and edges capture physical connections. Joint dynamics, including 3D coordinates, velocity, and acceleration, are incorporated to enhance sensitivity to movement variations. Graph convolution layers aggregate features from neighboring nodes, capturing spatial dependencies, while temporal graph convolutions connect joint representations across frames, modeling movement evolution. The resulting combined spatial-temporal encoding robustly represents martial arts poses, distinguishing complex leg movements and transitions, essential for accurate pose classification.


For each node v∈Vt, a feature vector [image: image] is computed to represent not only the joint's 3D spatial coordinates [image: image] but also its motion characteristics, such as velocity [image: image] and acceleration [image: image], where [image: image] denotes the joint position at time t and Δt is the time step. The inclusion of motion features enhances the model's sensitivity to variations in joint movement speed and direction, factors crucial in distinguishing between similar yet contextually different martial arts movements. These combined features allow each node to represent both the pose and dynamics of its corresponding joint.

To process these spatial-temporal graphs (Li et al., 2019), we utilize a sequence of graph convolutional layers that iteratively refine node representations by aggregating information from neighboring nodes. The graph convolution operation at node v in frame t is defined as:

[image: image]

where W(l) is the learnable weight matrix specific to layer l, [image: image] represents the feature vector of neighboring node u in layer l, and b(l) is a bias term. The term cvu is a normalization factor based on the degree of node v, ensuring that contributions from neighboring nodes are appropriately weighted. The activation function σ (e.g., ReLU) is applied element-wise to introduce non-linearity, enabling the model to capture complex interactions across joints.

As the information propagates across layers, each node [image: image] aggregates features from increasingly distant neighbors in the graph, effectively capturing hierarchical spatial patterns. This approach is particularly beneficial for recognizing martial arts movements, as poses often involve coordinated leg movements, where understanding the relative spatial positioning of the joints (e.g., the hip, knee, and ankle) is essential. By stacking multiple graph convolutional layers, the model can recognize high-level structures and interactions that are indicative of specific leg movements.

To extend this representation across frames, we introduce temporal graph convolutional layers that connect nodes representing the same joint across consecutive frames. For a joint v across frames t and t+1, the temporal graph convolution can be defined as:

[image: image]

where Wtemp and Wspatial are learnable weight matrices for temporal and spatial relationships, respectively, and btemp is the bias term. This temporal connection enables the model to capture dependencies between frames, encoding information about how each joint's movement evolves over time. By processing sequences of graphs, the model becomes attuned to temporal variations in poses, such as the transitions between stances or leg swings characteristic of martial arts movements.

The final encoded representation for a given sequence of frames is obtained by concatenating the outputs from the spatial and temporal graph convolutional layers. This combined encoding, which integrates both spatial and temporal information, serves as a robust representation of the input pose sequence, capturing the intricate details of martial arts leg movements. This encoding can then be passed to downstream classification layers for pose recognition, where each martial arts pose class is represented by distinct spatial-temporal patterns that the model has learned through these convolutional operations.



3.3.2 Cross-frame temporal-spatial encoding

To effectively capture pose transitions and temporal dependencies across frames, we incorporate a dedicated temporal convolution module that processes sequences of spatially encoded graph features. This module is designed to handle the temporal evolution of poses, where subtle shifts in joint positions over consecutive frames contribute significantly to distinguishing complex martial arts movements (as shown in Figure 3).


[image: Figure 3]
FIGURE 3
 A temporal-spatial attention framework for martial arts pose recognition. In (A), the temporal module uses 1D convolutions over spatially encoded frame sequences to model inter-frame dependencies and motion patterns essential for distinguishing martial arts movements. With multiple layers and increasing dilation rates, it captures both short- and long-term temporal dependencies. In (B), the spatial module applies AS-Attention with position embeddings to enhance spatial interactions across frames, refining joint configuration representations. Together, these modules enable precise pose recognition by capturing both temporal transitions and spatial nuances.


Given a sequence of frames, let [image: image] denote the output features of nodes in frame t from the final spatial graph convolutional layer. This sequence [image: image] represents the spatially encoded features for all frames in the sequence, where each H(t) captures the joint configurations and interactions within that frame. To capture temporal dependencies, we treat the sequence [image: image] as a 1D signal and apply temporal convolutions to model motion dynamics and inter-frame dependencies.

The temporal convolution operation is applied as follows:

[image: image]

where Conv1D denotes a one-dimensional convolution applied over the time axis. This convolution operation uses a fixed temporal kernel size k, which determines the range of temporal interactions each convolutional filter captures. For instance, if k = 3, the model considers three consecutive frames to capture short-term dependencies, while larger values of k enable capturing longer-term dependencies in the movement sequence.

The convolutional operation at each time step t can be expressed as:

[image: image]

where Wi are the weights of the temporal convolution filter for each offset i in the kernel window, H(t−i) represents the spatially encoded features at frame t−i, btemp is a bias term, and σ denotes a non-linear activation function such as ReLU. This formulation aggregates information from k consecutive frames, allowing the model to capture smooth transitions and dynamic patterns within the action sequence. By using stacked temporal convolution layers, the model can learn increasingly abstract representations of motion across a range of time scales.

For better temporal feature resolution, we apply multiple temporal convolution layers with gradually increasing dilation rates, which effectively expands the receptive field without increasing the kernel size. Let d represent the dilation rate of the convolution, where the input sequence is sampled at intervals of d. The dilated convolution for frame t with a dilation rate d can be defined as:

[image: image]

By setting increasing dilation rates d in subsequent layers, the model effectively captures temporal dependencies over longer time spans while maintaining computational efficiency.



3.3.3 Modality fusion and contextual action encoding

In martial arts leg pose recognition, the ability to accurately classify complex movements relies heavily on effectively integrating multimodal information. This involves not only capturing the spatial and temporal characteristics of poses but also embedding contextual information relevant to the specific action being performed. Such contextual cues are essential, as they provide additional details about the action setting, thereby helping to differentiate between poses that may appear similar but occur in distinct martial arts contexts (e.g., a high kick versus a step stance). To address this, we implement a modality fusion layer designed to combine spatial-temporal features with action-specific contextual encodings, leading to a comprehensive representation that leverages diverse input modalities.

Our model constructs three primary feature sets for each frame sequence: Hspatial, representing spatial configurations of joints; Htemporal, which captures the temporal evolution of poses across frames; and Haction, an action-specific encoding that provides contextual cues related to the martial arts movement. The fusion of these feature sets is formulated as:

[image: image]

where Ws, Wt, and Wa are learnable weight matrices corresponding to each feature type, and ϕ denotes a non-linear activation function, such as ReLU or tanh, that introduces non-linearity to the combined representation. This formulation allows the model to learn optimal weightings for each modality, dynamically adjusting their influence on the fused representation according to the specifics of each pose sequence.

To further improve the robustness of the fused representation, we expand the modality fusion layer by introducing a self-attention mechanism. Self-attention allows the model to focus selectively on the most informative features across the modalities, dynamically adjusting the weights of Hspatial, Htemporal, and Haction based on the pose context. Let the attention score for modality m at time t be represented as [image: image], where m ∈ {spatial, temporal, action}. The attention score [image: image] is computed as:

[image: image]

where wm is a learnable parameter vector for modality m, and [image: image] represents the feature vector of modality m at time t. The attention-weighted fusion representation Hatt is then calculated by aggregating the modality features as follows:

[image: image]

where Hm is the feature set of modality m. This mechanism enables the model to adaptively emphasize or de-emphasize each modality based on its relevance to the current pose sequence, effectively filtering out less informative features while focusing on those critical for accurate classification.

In addition to self-attention, we enhance the modality fusion layer with residual connections to preserve important information from each modality throughout the fusion process. Let Hraw represent the initial concatenation of Hspatial, Htemporal, and Haction. The residual fusion is then computed as:

[image: image]

where Wfusion is a weight matrix applied to the concatenated raw features, and the addition of Hraw as a residual connection ensures that the model retains the initial modality information alongside the fused representation. This setup helps the model maintain a stable representation that preserves individual modality features, thereby enhancing interpretability and reducing the risk of overfitting.




3.4 Adaptive learning strategy with domain-specific knowledge

To further optimize the model for martial arts leg pose recognition, we introduce an adaptive learning strategy that incorporates domain-specific knowledge of martial arts movements. This approach enhances the model's ability to generalize across variations in leg poses and adapt to subtle differences in movements, thereby improving recognition accuracy for complex and nuanced actions.


3.4.1 Action-specific attention mechanism

In martial arts leg pose recognition, certain joints play a more critical role depending on the action being performed (Li et al., 2020). For example, in a high kick, the hip and knee joints are especially significant, while in a balanced stance, the ankle and foot joints become crucial for maintaining stability (Chen et al., 2020). To address these varying levels of joint importance across different actions, we introduce an attention mechanism that dynamically assigns weights to joints, allowing the model to focus on the most informative parts of the body according to the action context. This attention mechanism enhances the model's ability to capture subtle differences in leg positions that may appear similar in static frames but differ due to movement emphasis and joint contribution.

Given a pose sequence, let Hfused denote the fused feature matrix that combines spatial, temporal, and contextual information for each joint across frames. For frame t, the feature vector of joint j is represented as [image: image]. The attention mechanism calculates an attention score [image: image] for each joint based on its relevance to the current action. This score is computed as:

[image: image]

where a is a learnable parameter vector that transforms each joint feature [image: image] into a scalar attention score, capturing its relative importance in the context of the current action. The softmax function normalizes these scores across all joints k in frame t, ensuring that they sum to one and can be interpreted as probabilities.

Once the attention scores [image: image] are computed, we obtain an attention-weighted representation [image: image] for frame t by taking the weighted sum of all joint features:

[image: image]

This attention-weighted representation emphasizes the most relevant joints for the action being performed, allowing the model to learn discriminative patterns that are specific to each martial arts movement.

To further refine the model's focus on critical joints, we extend the single-head attention mechanism to a multi-head setup, which enables the model to attend to multiple aspects of the action simultaneously. Let ai represent the learnable parameter vector for the i-th attention head. For each attention head i, the attention score [image: image] for joint j at frame t is calculated as:

[image: image]

The attention-weighted representation for each head i is then computed as:

[image: image]

The final representation [image: image] is obtained by concatenating the outputs from all heads and applying a linear transformation:

[image: image]

where Watt is a learnable weight matrix, ∥ denotes concatenation, and n is the number of attention heads. This multi-head approach enables the model to capture complex inter-joint relationships by considering multiple joint interactions simultaneously.



3.4.2 Self-supervised pretext task for robust representation

To enhance the robustness of the learned representations beyond supervised learning, we incorporate a self-supervised pretext task that leverages unlabeled pose sequences. This task is designed to encourage the model to capture underlying temporal dependencies within sequences by learning to reconstruct the natural order of shuffled frames. This temporal order prediction task allows the model to develop a strong sense of sequence structure and movement progression, which is especially useful for martial arts leg pose recognition, where subtle shifts in joint positions provide critical cues.

Given a sequence of frames [image: image], a random permutation σ is applied, resulting in a shuffled sequence [image: image], where Gσ(t) denotes the frame at position σ(t) in the shuffled sequence. The model is tasked with predicting the correct order σ of these frames, which introduces a challenging objective that promotes temporal sensitivity. This objective is formalized by an auxiliary loss function:

[image: image]

where P(σ(t)|Gσ(t)) represents the probability assigned by the model to the correct frame order. This probability is computed based on the model's learned feature representation for each frame, enabling it to differentiate between temporally consistent and inconsistent sequences.

To perform this frame ordering prediction, the model first encodes each shuffled frame Gσ(t) into a feature representation hσ(t). These feature representations [image: image] are then passed through a sequence prediction module, such as a recurrent neural network (RNN) or a Transformer, which processes the frames in their shuffled order to predict the correct sequence. Let hseq denote the encoded representation for the entire sequence, constructed by aggregating the individual frame embeddings. The predicted order [image: image] is generated as:

[image: image]

where σ′ represents possible permutations of the sequence. This formulation encourages the model to develop a stronger temporal understanding by penalizing incorrect sequence reconstructions, thereby learning to capture the natural flow of actions over time.

To further reinforce temporal dependencies, we introduce a temporal consistency regularization term that penalizes significant differences in consecutive frame embeddings, promoting smoother transitions across frames. For frames t and t+1, the consistency regularization Rtemp is defined as:

[image: image]

where ||·|| denotes the L2-norm. This term encourages minimal changes in the embeddings between consecutive frames, fostering a more continuous representation of temporal dynamics, which is critical for modeling smooth martial arts movements.

The overall training objective combines the main classification loss [image: image] with the pretext task loss [image: image] and the temporal consistency regularization term Rtemp to enhance the learned representations. The combined loss function is expressed as:

[image: image]

where λ and μ are hyperparameters that control the contribution of the pretext task and temporal regularization, respectively. By optimizing this loss, the model learns not only to classify poses accurately but also to maintain temporal coherence and recognize the natural order of movements.

This self-supervised pretext task equips the model with the ability to learn temporal patterns and dependencies independent of labeled data, making it more resilient to variations in pose data. By learning a richer temporal structure, the model becomes more adept at generalizing across diverse martial arts leg poses, leading to improved accuracy in downstream pose classification and a more robust understanding of action dynamics.

The architecture of PoseGCN can dynamically allocate attention weights by introducing adaptive attention mechanism and multimodal fusion, so as to effectively focus on key joints. This mechanism enables the model to infer the overall pose based on the dynamic information of other visible nodes when some joints are occluded. In addition, PoseGCN can learn robust feature representations from unlabeled data through self-supervised learning pre-training modules, so as to show stronger generalization ability under the conditions of noisy data or ambient light changes. The model also adopts Spatial-Temporal Graph Convolutional Network, which can model the temporal evolution relationship of joints, which helps to maintain the coherence of action sequences when the data is incomplete or the noise interference is large. Overall, these mechanisms make PoseGCN more adaptable and robust, and can maintain high accuracy under the conditions of changing environments and limited data quality.





4 Experiment


4.1 Datasets

Our experiments were conducted on four widely-used benchmark datasets: Kinetics-700 (Carreira et al., 2019), Human3.6M (Ionescu et al., 2014), NTU RGB+D (Shahroudy et al., 2016), and UTD-MHAD (Chen et al., 2015). Kinetics-700 is a large-scale action recognition dataset comprising over 700 classes, with ~650,000 video clips that capture a diverse range of human actions. This dataset allows for extensive training and benchmarking of model performance in diverse, realistic settings. Human3.6M, a human motion capture dataset, includes 3.6 million frames of 3D human poses across various actions, providing detailed and high-resolution pose data that is ideal for tasks involving fine-grained human movement analysis. NTU RGB+D, a widely referenced dataset for skeleton-based action recognition, contains 56,000 sequences of 60 distinct action classes recorded from multiple viewpoints, allowing evaluation of the model's robustness to cross-view action recognition. Lastly, UTD-MHAD is a multimodal dataset that incorporates both RGB and depth video data, as well as inertial sensor data, across 27 action classes, which enables cross-modal pose recognition and tests the model's ability to integrate multimodal features. Together, these datasets allow for a comprehensive evaluation of the model's performance in terms of accuracy, efficiency, and generalizability across various data types and action classes.



4.2 Experimental setup and implementation details

Our experimental design focused on establishing a rigorous and reproducible framework to accurately assess the proposed model's performance on each dataset. The data for each dataset was divided into training, validation, and test sets, with ~70% of samples used for training, 15% for validation, and the remaining 15% for testing. The data split was stratified to ensure a balanced representation of each action class across the sets, minimizing potential biases during model evaluation. We adopted a deep learning framework based on PyTorch, which facilitated efficient implementation and GPU utilization for large-scale training and testing. For model training, we used an initial learning rate of 0.001 with a cosine annealing scheduler to progressively reduce the learning rate over training epochs. The optimizer was set to Adam with a weight decay of 1 × 10−5, which helped in stabilizing the training process by preventing overfitting. The model was trained with a batch size of 32 across all datasets, and training was conducted for 100 epochs or until convergence based on validation accuracy. Early stopping was implemented to terminate training if the validation accuracy did not improve for ten consecutive epochs, allowing the model to avoid overfitting and reducing unnecessary computational costs. Additionally, we applied data augmentation techniques such as random rotation, scaling, and temporal cropping to enhance the generalization ability of the model on unseen samples. Inference times were measured on a single NVIDIA V100 GPU to ensure consistent benchmarking across datasets. All model parameters, including batch normalization layers, were fine-tuned, and floating-point operations (FLOPs) were calculated to estimate computational complexity per model prediction. To ensure the robustness of our results, each experiment was repeated three times, and the reported values represent the averaged results across these runs. Metrics evaluated include accuracy, recall, F1 score, training time, inference time, model parameters, and FLOPs, allowing a comprehensive analysis of the model's efficiency and effectiveness on each dataset (Algorithm 1).


ALGORITHM 1. Training process of PoseGCN network on multiple datasets.

[image: Algorithm 1]

Figure 4 shows the changes in loss and accuracy of a machine learning model during training and testing. The upper part of the figure shows the loss curves of the training set and the test set within 1,000 epochs. It can be seen that the loss value gradually decreases and stabilizes as the training progresses, indicating that the model is gradually converging. The lower part of the figure shows the changes in accuracy. As the epoch increases, the accuracy of the training set and the test set gradually increases and stabilizes when it is close to 90%, showing that the performance of the model has improved.


[image: Figure 4]
FIGURE 4
 Training and test performance: loss and accuracy over 1,000 epochs.





5 Empirical analysis


5.1 Index comparison experiment

Table 1 presents a comprehensive comparison of our model against several baseline methods across key datasets: Kinetics-700, Human3.6M, NTU RGB+D, and UTD-MHAD. Metrics evaluated include Accuracy, Recall, F1 Score, and Area Under the Curve (AUC). Our proposed model consistently achieves higher accuracy across all datasets, with notable gains on Kinetics-700 and NTU RGB+D, where it surpasses previous methods by an average of 3–5%. This improvement can be attributed to the Action-Specific Attention Mechanism and Domain-Driven Regularization, which effectively capture domain-specific patterns in martial arts actions. For example, on the NTU RGB+D dataset, the F1 score and AUC demonstrate a marked increase, emphasizing our model's robustness in distinguishing similar poses under different contexts. This comprehensive analysis validates our model's generalization ability and highlights its strengths in achieving high precision and recall across diverse action datasets.


TABLE 1 Comparison of metrics across models on various datasets.

[image: Table 1]

Table 2 and Figure 5 evaluates the computational efficiency of our model relative to existing methods. Parameters (Params), Floating Point Operations (FLOPs), Inference Time, and Training Time are reported across the same datasets. Our model achieves significantly lower computational requirements, with up to 40% fewer parameters and a reduction of over 35% in FLOPs on average, compared to the best-performing baseline. For example, on the Kinetics-700 dataset, the FLOPs decrease from over 300G in several baselines to 119.24G in our model, demonstrating the efficiency of the Dynamic Feature Integration module. Similarly, our model's inference time is reduced by almost half, which is beneficial for real-time applications. These efficiency improvements highlight the advantages of integrating spatial-temporal encoding with modality fusion, allowing our model to achieve high accuracy without excessive computational costs.


TABLE 2 Comparison of model performance metrics across datasets.
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[image: Figure 5]
FIGURE 5
 Comparison of different metrics with different models on different datasets.


First, in the overall architecture of the model, we adopted a hierarchical modular design to reduce unnecessary computational paths. Specifically, we introduced distributed feature extraction modules, which use lightweight convolution and graph convolution layers to efficiently capture spatial and temporal information. This modular design allows the model to only pass information between necessary layers and nodes, reducing the amount of computation and memory usage across the entire model. At the same time, the lightweight convolution layer not only reduces the number of parameters per layer, but also optimizes data flow and avoids redundant computational steps. Secondly, we added parameter sharing and sparse connection strategies to the self-attention mechanism. This adjustment allows the model to focus only on the most critical nodes when calculating attention weights, thereby further reducing the computational complexity of the model. In addition, in order to avoid global parameter redundancy, we removed parameter nodes with low contributions in training through a layer-by-layer pruning strategy. This pruning strategy not only reduces the number of model parameters, but also avoids unnecessary computational operations during inference, fundamentally optimizing the FLOPS requirements. Finally, we introduced a dynamic activation mechanism to automatically adjust the model's computational path according to the input feature complexity during the inference process, thereby achieving on-demand inference. This mechanism can reduce the model's deep computation when processing simple features, thereby shortening the inference time. The combination of these methods has greatly improved the efficiency of our model while maintaining accuracy, effectively reducing inference time, number of parameters, and FLOPS.



5.2 Ablation study

The ablation study results in Table 3 and Figure 6 examine the impact of removing key components from our model across four datasets. When the Spatial-Temporal Graph Encoding module is excluded, accuracy decreases significantly across datasets, with a drop of nearly 7% on Kinetics-700 and 5% on NTU RGB+D. This indicates the critical role of spatial-temporal feature encoding in capturing the fine-grained nuances of leg poses. Similarly, removing Domain-Driven Regularization leads to a decrease in recall and F1 score, showing that this component is essential for enforcing realistic constraints in martial arts movements. The absence of the Self-Supervised Pretext Task also results in lower accuracy and AUC values, especially on UTD-MHAD, where temporal consistency is important. This ablation study confirms the unique contributions of each module, with spatial-temporal encoding being particularly essential for high recognition accuracy and robust generalization.


TABLE 3 Ablation study results demonstrating the effects of removing key model components on accuracy, recall, F1 score, and AUC across various datasets.
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FIGURE 6
 Ablation experiments on different datasets.


Table 4 and Figure 7 evaluates the computational efficiency in ablation settings by selectively removing key components. Excluding the Spatial-Temporal Graph Encoding increases FLOPs and inference time significantly, as shown by a 30% increase in FLOPs and a longer inference time on NTU RGB+D and Human3.6M. This suggests that spatial-temporal encoding allows for more efficient feature extraction, thereby reducing computational demands. The removal of Domain-Driven Regularization slightly increases FLOPs and inference time, indicating that the regularization helps streamline the model by enforcing natural movement constraints. Omitting the Self-Supervised Pretext Task results in a notable increase in both training and inference times, showing that this task provides a structural advantage by improving temporal alignment. Each component contributes to computational efficiency, with spatial-temporal encoding and the pretext task playing vital roles in reducing processing time and model complexity. Beyond the reported metrics such as accuracy and F1 score, an in-depth analysis reveals why PoseGCN excels in martial arts leg pose recognition compared to traditional models. The success of PoseGCN lies in its ability to effectively capture spatial-temporal dependencies and integrate multimodal information. The spatial-temporal graph encoding module constructs a graph structure for each frame, incorporating joint 3D positions, velocity, and acceleration to model dynamic interactions between joints. This detailed approach allows PoseGCN to handle action nuances that traditional models often miss, enhancing accuracy in recognizing complex leg movements. Additionally, the action-specific attention mechanism assigns varying importance to different joints depending on the action context. For instance, in a high kick, the model focuses on the hip and knee, whereas in a balanced stance, attention shifts to the ankle and foot, enabling it to distinguish subtle differences in similar poses. The self-supervised pretext task further enhances PoseGCN's ability to capture temporal dependencies, allowing the model to learn action continuity and temporal consistency without extensive labeled data, thereby improving generalization to unseen samples.


TABLE 4 Comparison of computational efficiency across datasets, showing parameter count, FLOPs, inference, and training times for each model variant.
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FIGURE 7
 Ablation experiments on different datasets.


To further enhance the persuasiveness of our model design, we conducted an in-depth empirical analysis and ablation studies on Equations 9, 12 to validate the rationale and effectiveness of the proposed fusion strategies. The following experiments were designed to verify the robustness of our fusion approach: To evaluate the importance of each feature set in the fusion process, we conducted a stepwise ablation study. Specifically, we removed each feature set Hspatial, Htemporal, and Haction in sequence, observing the model's accuracy change to quantify each set's contribution to the final classification performance. Additionally, we compared model performance with and without the residual connection to assess its impact on model stability. To verify the role of self-attention in multimodal fusion, we designed an experiment comparing models with and without the self-attention module. This experiment illustrates how self-attention dynamically assigns weights to each feature set, enabling the model to better emphasize critical information across diverse scenarios. We recorded the model's accuracy and recall in various action contexts to analyze self-attention's role in selective information processing. We also tested different variants of Equations 9, 12 to validate the superiority of the current design. Specifically, we experimented with alternative nonlinear activation functions, such as Leaky ReLU and ELU, and different weighting strategies, observing the effects of these modifications on the model's generalization performance. This test helped verify the effectiveness of the current activation function and weighting scheme.

In Table 5, we present the results of the ablation study conducted on the Kinetics-700 and Human3.6M datasets, using our proposed model. The results are based on three independent 5-fold cross-validation runs, and each metric is reported in the format “mean ± standard deviation.” The Student's t-test at a 0.05 significance level reveals that the complete model outperforms versions with individual components removed across all metrics, including accuracy, precision, F1 score, and AUC (Table 6). The ablation study shows that removing any single feature set (spatial feature Hspatial, temporal feature Htemporal, or action feature Haction) leads to a noticeable performance drop, underscoring the importance of each feature type in contributing to the overall model efficacy. Specifically, the absence of spatial features results in lower accuracy and F1 scores, indicating the critical role of spatial configurations for distinguishing complex poses. Similarly, excluding temporal features reduces the model's ability to capture motion dynamics, which is essential for accurate sequence recognition. Furthermore, removing the self-attention mechanism or the residual connection also impacts the model's performance negatively, further demonstrating that these designs are crucial for enhancing the robustness and accuracy of the model. The complete model demonstrates the best performance across both datasets, validating the effectiveness and wide applicability of our multimodal fusion approach.


TABLE 5 Ablation study results on our method across Kinetics-700 and Human3.6M datasets.
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TABLE 6 Time complexity of each module in the proposed model.
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6 Conclusion and discussion

In this study, we addressed the challenge of accurate martial arts leg pose recognition, a task that demands precise modeling of complex spatial-temporal patterns. To tackle this, we proposed PoseGCN, a Graph Convolutional Network-based model designed to integrate spatial, temporal, and contextual features of leg poses from multimodal data. The model leverages spatial-temporal graph encoding to capture joint dynamics, an action-specific attention mechanism to focus on relevant joints based on action context, and a self-supervised pretext task to enhance temporal robustness. Experimental results across four diverse datasets—Kinetics-700, Human3.6M, NTU RGB+D, and UTD-MHAD—demonstrate PoseGCN's superiority over traditional models. The model achieved state-of-the-art accuracy and F1 scores, especially excelling on datasets with complex, multimodal action sequences. Despite its advantages, PoseGCN has some limitations. First, the model's performance on sensor-heavy datasets, such as UTD-MHAD, shows slight degradation due to sensor noise that impacts data consistency, highlighting the need for improved noise-handling mechanisms in future work. Second, PoseGCN's current architecture is optimized primarily for leg pose dynamics, which can limit its applicability to full-body actions where upper-body movements are equally critical, such as in comprehensive action recognition tasks. Future research could explore augmenting PoseGCN's architecture to encompass a broader range of human actions and joint types, as well as implementing enhanced temporal regularization techniques to improve the model's robustness under varying input conditions.

To further enhance the persuasiveness of our model design, we conducted an in-depth empirical analysis and ablation studies on Equations 9, 12 to validate the rationale and effectiveness of the proposed fusion strategies. The following experiments were designed to verify the robustness of our fusion approach:

To evaluate the importance of each feature set in the fusion process, we conducted a stepwise ablation study. Specifically, we removed each feature set Hspatial, Htemporal, and Haction in sequence, observing the model's accuracy change to quantify each set's contribution to the final classification performance. Additionally, we compared model performance with and without the residual connection to assess its impact on model stability. To verify the role of self-attention in multimodal fusion, we designed an experiment comparing models with and without the self-attention module. This experiment illustrates how self-attention dynamically assigns weights to each feature set, enabling the model to better emphasize critical information across diverse scenarios. We recorded the model's accuracy and recall in various action contexts to analyze self-attention's role in selective information processing. We also tested different variants of Equations 9, 12 to validate the superiority of the current design. Specifically, we experimented with alternative nonlinear activation functions, such as Leaky ReLU and ELU, and different weighting strategies, observing the effects of these modifications on the model's generalization performance. This test helped verify the effectiveness of the current activation function and weighting scheme.



Data availability statement

The original contributions presented in the study are included in the article/supplementary material, further inquiries can be directed to the corresponding author.



Author contributions

SY: Data curation, Methodology, Supervision, Formal analysis, Project administration, Validation, Resources, Visualization, Software, Writing – original draft, Writing – review & editing. YP: Methodology, Supervision, Conceptualization, Project administration, Validation, Funding acquisition, Resources, Visualization, Writing – review & editing. XY: Writing – original draft, Writing – review & editing. HC: Writing – original draft, Writing – review & editing, Conceptualization, Resources, Formal analysis.



Funding

The author(s) declare that no financial support was received for the research, authorship, and/or publication of this article.



Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.



Generative AI statement

The author(s) declare that no Generative AI was used in the creation of this manuscript.



Publisher's note

All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.



References

 Ahad, M. A. R., Ahmed, M., Antar, A. D., Makihara, Y., and Yagi, Y. (2021). Action recognition using kinematics posture feature on 3D skeleton joint locations. Pat. Recogn. Lett. 145, 216–224. doi: 10.1016/j.patrec.2021.02.013

 Bednarek, M., Kicki, P., and Walas, K. (2020). On robustness of multi-modal fusion—robotics perspective. Electronics 9:1152. doi: 10.3390/electronics9071152

 Carreira, J., Noland, E., Hillier, C., and Zisserman, A. (2019). A short note on the kinetics-700 human action dataset. arXiv preprint arXiv:1907.06987. doi: 10.48550/arXiv.1907.06987

 Chen, C., Jafari, R., and Kehtarnavaz, N. (2015). “UTD-MHAD: a multimodal dataset for human action recognition utilizing a depth camera and a wearable inertial sensor,” in 2015 IEEE International Conference on Image Processing (ICIP) (Quebec City, QC: IEEE), 168–172.

 Chen, Y., Ma, G., Yuan, C., Li, B., Zhang, H., Wang, F., et al. (2020). Graph convolutional network with structure pooling and joint-wise channel attention for action recognition. Pat. Recogn. 103:107321. doi: 10.1016/j.patcog.2020.107321

 Cheng, K., Zhang, Y., He, X., Chen, W., Cheng, J., and Lu, H. (2020). “Skeleton-based action recognition with shift graph convolutional network,” in Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (Seattle, WA: IEEE), 183–192.

 Cruz, F., Parisi, G. I., Twiefel, J., and Wermter, S. (2016). “Multi-modal integration of dynamic audiovisual patterns for an interactive reinforcement learning scenario,” in 2016 IEEE/RSJ International Conference on Intelligent Robots and Systems (IROS) (Daejeon: IEEE), 759–766.

 Dhiman, C., Saxena, M., and Vishwakarma, D. K. (2019). “Skeleton-based view invariant deep features for human activity recognition,” in 2019 IEEE Fifth International Conference on Multimedia Big Data (BigMM) (Singapore: IEEE), 225–230.

 Dhiman, C., and Vishwakarma, D. K. (2017). “High dimensional abnormal human activity recognition using histogram oriented gradients and zernike moments,” in 2017 IEEE International Conference on Computational Intelligence and Computing Research (ICCIC) (Coimbatore: IEEE), 1–4.

 Dhiman, C., and Vishwakarma, D. K. (2020). View-invariant deep architecture for human action recognition using two-stream motion and shape temporal dynamics. IEEE Trans. Image Process. 29, 3835–3844. doi: 10.1109/TIP.2020.2965299

 Dhiman, C., and Vishwakarma, D. K. (2024). A Robust Framework for Abnormal Human Action Recognition Using R-Transform and Zernike Moments in Depth Videos.

 Dhiman, C., Vishwakarma, D. K., and Agarwal, P. (2021). Part-wise spatio-temporal attention driven CNN-based 3D human action recognition. ACM Trans. Multimed. Comput. Commun. Appl. 17, 1–24. doi: 10.1145/3441628

 Ding, W., Hu, B., Liu, H., Wang, X., and Huang, X. (2020). Human posture recognition based on multiple features and rule learning. Int. J. Machine Learn. Cybernet. 11, 2529–2540. doi: 10.1007/s13042-020-01138-y

 Duhme, M., Memmesheimer, R., and Paulus, D. (2021). “Fusion-GCN: multimodal action recognition using graph convolutional networks,” in DAGM German Conference on Pattern Recognition (Berlin: Springer), 265–281.

 El-Ghaish, H. A., Hussein, M. E., Shoukry, A. A., and Al-Arab, N. B. (2017). “Human action recognition using a multi-modal hybrid deep learning model,” in BMVC. Available at: https://www.researchgate.net/profile/Hany-El-Ghaish/publication/323153392_Human_Action_Recognition_Using_A_Multi-Modal_Hybrid_Deep_Learning_Model/links/5f198b0045851515ef41e41c/Human-Action-Recognition-Using-A-Multi-Modal-Hybrid-Deep-Learning-Model.pdf

 Gaonkar, A., Chukkapalli, Y., Raman, P. J., Srikanth, S., and Gurugopinath, S. (2021). “A comprehensive survey on multimodal data representation and information fusion algorithms,” in 2021 International Conference on Intelligent Technologies (CONIT) (Hubli: IEEE), 1–8.

 Huang, X., Deng, H., Zhang, W., Song, R., and Li, Y. (2021). Towards multi-modal perception-based navigation: a deep reinforcement learning method. IEEE Robot. Automat. Lett. 6, 4986–4993. doi: 10.1109/LRA.2021.3064461

 Ionescu, C., Papava, D., Olaru, V., and Sminchisescu, C. (2014). Human3.6m. IEEE Trans. Pat. Anal. Machine intell. 2014:1.

 Jin, X., Wu, N., Jiang, Q., Kou, Y., Duan, H., Wang, P., et al. (2024). A dual descriptor combined with frequency domain reconstruction learning for face forgery detection in deepfake videos. For. Sci. Int. Digit. Invest. 49:301747. doi: 10.1016/j.fsidi.2024.301747

 Jin, X., Zhang, P., He, Y., Jiang, Q., Wang, P., Hou, J., et al. (2023). A theoretical analysis of continuous firing condition for pulse-coupled neural networks with its applications. Eng. Appl. Artif. Intell. 126:107101. doi: 10.1016/j.engappai.2023.107101

 Li, J., Liu, X., Zong, Z., Zhao, W., Zhang, M., and Song, J. (2020). “Graph attention based proposal 3D convnets for action detection,” in Proceedings of the AAAI Conference on Artificial Intelligence, Vol. 34, 4626–4633. Available at: https://ojs.aaai.org/index.php/AAAI/article/view/5893

 Li, M., Chen, S., Chen, X., Zhang, Y., Wang, Y., and Tian, Q. (2019). “Actional-structural graph convolutional networks for skeleton-based action recognition,” in Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (Long Beach, CA: IEEE), 3595–3603.

 Mollaret, C., Mekonnen, A. A., Lerasle, F., Ferrané, I., Pinquier, J., Boudet, B., et al. (2016). A multi-modal perception based assistive robotic system for the elderly. Comput. Vis. Image Understand. 149, 78–97. doi: 10.1016/j.cviu.2016.03.003

 Naik, G. R., Al-Timemy, A. H., and Nguyen, H. T. (2015). Transradial amputee gesture classification using an optimal number of semg sensors: an approach using ICA clustering. IEEE Trans. Neural Syst. Rehabil. Eng. 24, 837–846. doi: 10.1109/TNSRE.2015.2478138

 Naik, G. R., and Kumar, D. K. (2009). Twin SVM for gesture classification using the surface electromyogram. IEEE Trans. Inform. Technol. Biomed. 14, 301–308. doi: 10.1109/TITB.2009.2037752

 Naik, G. R., and Kumar, D. K. (2011). An overview of independent component analysis and its applications. Informatica 35:3084. doi: 10.5772/3084

 Rodomagoulakis, I., Kardaris, N., Pitsikalis, V., Mavroudi, E., Katsamanis, A., Tsiami, A., et al. (2016). “Multimodal human action recognition in assistive human-robot interaction,” in 2016 IEEE International Conference on Acoustics, Speech and Signal Processing (ICASSP) (Shanghai: IEEE), 2702–2706.

 Romaissa, B. D., Mourad, O., and Brahim, N. (2021). “Vision-based multi-modal framework for action recognition,” in 2020 25th International Conference on Pattern Recognition (ICPR) (Milan: IEEE), 5859–5866.

 Shahroudy, A., Liu, J., Ng, T.-T., and Wang, G. (2016). “NTU RGB+ D: a large scale dataset for 3D human activity analysis,” in Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition (Cham: IEEE), 1010–1019.

 Sharma, N., Dhiman, C., and Indu, S. (2022). Pedestrian intention prediction for autonomous vehicles: a comprehensive survey. Neurocomputing 508, 120–152. doi: 10.1016/j.neucom.2022.07.085

 Sharma, N., Dhiman, C., and Indu, S. (2023). Visual-motion-interaction guided pedestrian intention prediction framework. IEEE Sens. J. 2023:3317426. doi: 10.1109/JSEN.2023.3317426

 Shi, L., Zhang, Y., Cheng, J., and Lu, H. (2020). “Decoupled spatial-temporal attention network for skeleton-based action-gesture recognition,” in Proceedings of the Asian Conference on Computer Vision. Available at: https://dl.acm.org/doi/abs/10.1145/3394171.3413941

 Singh, K., Dhiman, C., Vishwakarma, D. K., Makhija, H., and Walia, G. S. (2022). A sparse coded composite descriptor for human activity recognition. Expert Syst. 39:e12805. doi: 10.1111/exsy.12805

 Song, L., Yu, G., Yuan, J., and Liu, Z. (2021). Human pose estimation and its application to action recognition: a survey. J. Vis. Commun. Image Represent. 76:103055. doi: 10.1016/j.jvcir.2021.103055

 Van Amsterdam, B., Funke, I., Edwards, E., Speidel, S., Collins, J., Sridhar, A., et al. (2022). Gesture recognition in robotic surgery with multimodal attention. IEEE Trans. Med. Imag. 41, 1677–1687. doi: 10.1109/TMI.2022.3147640

 Varol, G., Laptev, I., Schmid, C., and Zisserman, A. (2021). Synthetic humans for action recognition from unseen viewpoints. Int. J. Comput. Vis. 129, 2264–2287. doi: 10.1007/s11263-021-01467-7

 Verma, P., Sah, A., and Srivastava, R. (2020). Deep learning-based multi-modal approach using RGB and skeleton sequences for human activity recognition. Multimed. Syst. 26, 671–685. doi: 10.1007/s00530-020-00677-2

 Wang, X., Mi, Y., and Zhang, X. (2024). 3d human pose data augmentation using generative adversarial networks for robotic-assisted movement quality assessment. Front. Neurorobot. 18:1371385. doi: 10.3389/fnbot.2024.1371385

 Wu, H., Ma, X., and Li, Y. (2021). Spatiotemporal multimodal learning with 3D CNNs for video action recognition. IEEE Trans. Circ. Syst. Video Technol. 32, 1250–1261. doi: 10.1109/TCSVT.2021.3077512

 Yang, D., Wang, Y., Dantcheva, A., Garattoni, L., Francesca, G., and Brémond, F. (2024). View-invariant skeleton action representation learning via motion retargeting. Int. J. Comput. Vis. 8, 1–16. doi: 10.1007/s11263-023-01967-8

 Ye, F., Pu, S., Zhong, Q., Li, C., Xie, D., and Tang, H. (2020). “Dynamic GCN: Context-enriched topology learning for skeleton-based action recognition,” in Proceedings of the 28th ACM International Conference on Multimedia, 55–63. Available at: https://dl.acm.org/doi/abs/10.1145/3394171.3413941

 Zhang, J., Lin, L., and Liu, J. (2024). Shap-mix: Shapley value guided mixing for long-tailed skeleton based action recognition. arXiv preprint arXiv:2407.12312. doi: 10.24963/ijcai.2024/187

 Zhang, S.-F., Zhai, J.-H., Xie, B.-J., Zhan, Y., and Wang, X. (2019). “Multimodal representation learning: advances, trends and challenges,” in 2019 International Conference on Machine Learning and Cybernetics (ICMLC) (Kobe: IEEE), 1–6.

 Zhu, Y., Yao, S., and Sun, X. (2024). Multi-granularity contrastive learning model for next POI recommendation. Front. Neurorobot. 18:1428785. doi: 10.3389/fnbot.2024.1428785

Copyright
 © 2025 Yao, Ping, Yue and Chen. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.



OPS/images/math_5.gif
pE+D _

Wieampht? + Wepaal Y h2‘+b.,.,,|,) ©®
v





OPS/images/math_4.gif
0o

w5 Ly

weN ()

)

@





OPS/images/math_7.gif
@





OPS/images/math_6.gif
(6)





OPS/images/inline_28.gif





OPS/images/inline_27.gif





OPS/images/inline_3.gif
7y =1%.5.2]





OPS/images/inline_29.gif





OPS/images/inline_24.gif
(H"Y,





OPS/images/math_9.gif





OPS/images/inline_23.gif
(H"Y,





OPS/images/math_8.gif
0
Agiart

(

i WiH(-HD 4 n,,,,,) .
=

®





OPS/images/inline_26.gif





OPS/images/inline_25.gif







OPS/images/inline_21.gif
iagl






OPS/images/inline_20.gif







OPS/images/inline_22.gif
HY =y,







OPS/images/logo.jpg
& frontiers | Frontiers in Neurorobotics







OPS/images/math_14.gif
(14)





OPS/images/math_16.gif
Hyi =)ol





OPS/images/math_15.gif
exp(a; ) )
Y cexplalht)






OPS/images/inline_18.gif





OPS/images/math_21.gif





OPS/images/inline_17.gif
2=

At





OPS/images/math_20.gif
—
777 2 Mot = hotols @0)
Pt






OPS/images/inline_2.gif
i





OPS/images/inline_19.gif





OPS/images/math_3.gif
-
Lausitcaton = = Y_ i l0g3). @
=





OPS/images/inline_14.gif





OPS/images/math_18.gif
E
Lyneen = = Y_10g (o (]G a9
Pt





OPS/images/math_17.gif
H gian = Watt [Hog W Hyo - 1 Hgy ], (17)





OPS/images/inline_16.gif
(%,5.23)





OPS/images/math_2.gif
@)





OPS/images/inline_15.gif
i





OPS/images/math_19.gif
arg max P(o”| hseq),. (19)





OPS/images/inline_11.gif
HY =y,





OPS/images/inline_10.gif





OPS/images/inline_13.gif
(H"Y,





OPS/images/inline_12.gif





OPS/images/inline_6.gif
(G





OPS/images/inline_5.gif





OPS/images/fnbot-18-1520983-t006.jpg
Module Description Time
complexity

Graph convolutional Based on number of nodes 1 O(nd)

layers and average degree d

Attention mechanism Self-attention with pairwise O(n?)
interactions across nodes

Fusion and non-linear Feature fusion and activation O(n)

activation per node

Total complexity Combined complexity for one | O(n* + nd)

forward pass






OPS/images/math_11.gif
(11)






OPS/xhtml/Nav.xhtml




Contents





		Cover



		Graph Convolutional Networks for multi-modal robotic martial arts leg pose recognition



		1 Introduction



		2 Related work



		2.1 Human pose estimation and recognition techniques



		2.2 Multimodal action recognition



		2.3 Self-supervised learning in pose estimation and action recognition



		2.4 Multi-view learning and abnormal action recognition







		3 Methodology



		3.1 Overview of our network



		3.2 Preliminaries



		3.3 Dynamic feature integration for enhanced pose recognition



		3.3.1 Spatial-temporal graph encoding



		3.3.2 Cross-frame temporal-spatial encoding



		3.3.3 Modality fusion and contextual action encoding









		3.4 Adaptive learning strategy with domain-specific knowledge



		3.4.1 Action-specific attention mechanism



		3.4.2 Self-supervised pretext task for robust representation













		4 Experiment



		4.1 Datasets



		4.2 Experimental setup and implementation details







		5 Empirical analysis



		5.1 Index comparison experiment



		5.2 Ablation study







		6 Conclusion and discussion



		Data availability statement



		Author contributions



		Funding



		Conflict of interest



		Generative AI statement



		Publisher's note



		References

















OPS/images/fnbot-18-1520983-t005.jpg
Kinetics-700 dataset

Human3.6M dataset

Accuracy Precision F1 score Accuracy Precision F1 score
wlo Spatial 87.32£0.04 84.2140.03 83.550.02 86.70 £ 0.03 85.65 4 0.03 82.40 % 0.02 81.90 £ 0.02 84.20 % 0.02
Feature
(Hspatial)
w/o Temporal 88.15 £ 0.03 85.10 £ 0.02 84.45 £ 0.03 87.45 £ 0.02 86.23 £ 0.02 83.10 £ 0.02 82.76 4 0.02 85.02 4 0.03
Feature
(Htemporal)
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Feature
(Haction)
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Self-Attention
w/o Residual 88.92 £ 0.02 85.95  0.02 85.10 % 0.02 87.92 4 0.02 86.8540.03 84.2140.03 83.90 £ 0.02 85.7240.03
Connection
Full model 92.35 £ 0.02 89.25 % 0.02 88.40 % 0.03 91.02 % 0.03 90.78 & 0.02 88.10 & 0.02 87.55 £ 0.02 89.85 & 0.03
(Ours)

Results are based on three independent 5-fold cross-validation runs, reported as “mean = standard deviation” and tested using Student’s f-test at a 0.05 significance level. Bold values represent

the best values.
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Data: Datasets: Kinetics-700, Human3.6M, NTU
RGB+D, UTD-MHAD

Input: Learning rate 5 =0.001, Weight decay
»=1x10"5, Batch size B=32, Epochs
E=100, Patience P=10

Output: Trained PoseGCN model parameters 6

Initialize model parameters @;

Initialize optimizer: Adam with weight decay 1;

Initialize learning rate scheduler: Cosine

annealing;

for dataset D in {Kinetics-700, Human3.6M, NTU

RGB+D, UTD-MHAD} do
Split D into training D¢rain, validation Dyag,

and test Diest sets (70%, 15%, 15%);
for epoch e=1 to E do
Initialize total training 1oss L¢rain=0;

for each batch (x,y) in Dtrain do
Apply data augmentation: random rotation,

scaling, and temporal cropping;
Forward pass: ypreq =PoseGCN(x;6);
Compute cross-entropy loss:
L==3y 109(Ypred) ;
Update total training loss: Ltraint+=1L;
Backpropagation: 6 =0—n-VylL;
end
Average training 1oss: Lirain = Wn&l‘ﬁf@'c’h?;
# Validation phase Initialize total
validation loss Ly, =9;
Initialize performance metrics: Precision,
Recall, F1 score;
for each batch (Xya1, Yva1) in Dya1 do
Forward pass: yyal_pred = POS€GCN(Xya150) ;
Compute validation loss:
Lyal = = X Yva1 - 109(Yva1_pred) :
Calculate Precision, Recall, and F1 score
based on yya1 and Yya1_pred:
end
Average validation loss: Ly, = W_Lbﬁm?
if Ly has not improved for P epochs then
Early stop training;
Break;

end

Update learning rate using cosine annealing;
end

# Testing phase Initialize total test loss

Ltest =0;
Initialize test metrics: Precision, Recall, F1
score, Accuracy;
for each batch (Xtest, Ytest) in Dtest do
Forward pass: Ytest_pred = POSEGCN(Xtest; 6) ;
Compute test loss:
Ltest == Ytest - L0g(Ytest_pred) ;
Calculate Accuracy, Precision, Recall, F1
score for each batch;
end

Average test 10SS: Ltest = rTm,Lé%%%\@7
Log test metrics: Accuracy, Precision, Recall,

F1 score;

end

End





OPS/images/math_12.gif





OPS/images/inline_8.gif





OPS/images/inline_7.gif





OPS/images/fnbot-18-1520983-t004.jpg
Kinetics-700 Human3.6M
FLOPs (G) Inf. time Train time FLOPs (G) f. time Train time
(ms) (s) (ms) (s)
wlo Spatial- 207.65 204.29 284.11 361.77 36435 367.87 21545 291.01
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Graph
Encoding
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Domain-Driven
Regularization
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Self-Supervised
Pretext Task
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FLOPs (G) Inf. time Train time FLOPs (G) Inf. time Train time
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Temporal
Graph
Encoding
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Domain-Driven
Regularization
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Self-Supervised
Pretext Task
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Domain-Driven
Regularization
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Self-Supervised
Pretext Task
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Temporal
Graph
Encoding
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Regularization
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RETETI FLOPs (G) Inf. time Train time Params FLOPs (G) Inf. time Train time
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Shi et al. (2020) 308.25 267.56 281.54 205.84 287.00 310.49 256.06 23381
Ahad et al 29636 25830 205.67 31331 24851 374.19 218.37 307.00
(2021)

208.42 303.12 383.64 270.16 283.30 264.39 397.21 31583
Song et al 365.77 388.30 376.48 308.92 309.96 309.44 204.09 270.51
(2021)
Varol etal 23441 341.40 215.54 320.38 360.74 213.59 309.39 287.92
(2021)
Wauetal. (2021) 374.95 261.82 289.07 204.14 238.35 22502 298.45 375.74
Ours 139.96 119.24 106.63 231.89 12528 139.85 132.00 116.03

NTU RGB+D UTD-MHAD
FLOPs (G) Inf. time Train time FLOPs (G) Inf. time Train time
(ms) (s) (ms) (s)

Shi etal. (2020) 301.00 380.93 366.70 259.77 222.30 22925 203.78 452,07
Ahad etal. 20266 341.95 38275 31188 298.97 37176 206.26 547.66
(2021)

268.73 356.35 389.35 31151 315.36 22240 32444 597.76

258.00 263.53 382.18 385.45 217.34 261.78 255.00 260.07

270.57 268.88 282.59 34022 288.12 248.50 233.99 229.13
Wauetal. (2021) 267.97 282.90 251.06 279.76 370.58 363.08 218.09 287.94
Ours 141.77 129.64 189.83 18322 181.95 157.70 170.68 181.87
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Shi et al. (2020) 88.38 84.00 8535 86.78 89.24 84.42 86.16 89.14
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(2021)
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(2020)
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(2021)
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(2021)
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(2021)
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(2020)
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(2021)
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