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Abstract 

In industrial environments, robust Temporal Action Localization (TAL) is essential; however, 

frequent occlusions often compromise the reliability of skeletal data, leading to negative transfer in 

multimodal fusion. To address this challenge, we propose a Gated Skeleton Refinement Module 

(Gated SRM) that explicitly incorporates OpenPose confidence scores into the network architecture. 

By applying these scores as a logarithmic bias within a self-attention mechanism, our method 

achieves soft suppression—dynamically attenuating the attention weights assigned to unreliable 

joints—before adaptively fusing the refined skeletal features with RGB representations through a 

learnable gating network. Extensive experiments on the heavily occluded IKEA ASM dataset 

demonstrate that our approach effectively prevents the catastrophic accuracy degradation typical of 

naive fusion strategies, improving the mean Average Precision (mAP) to 21.77% and outperforming 

the RGB-only baseline. Furthermore, the system maintains practical real-time inference speeds of 

approximately 16 frames per second (FPS). By prioritizing confidence-based data selection over data 

restoration, this sensor-metadata-driven architecture offers a highly robust and principled solution 

for real-world action recognition under occlusion. 

Keywords: temporal action localization; multimodal learning; pose estimation; robustness; occlusion 

handling 

 

1. Introduction 

In recent years, driven by the advancements in smart cities and Industry 5.0, the significance of 

video-based Human Action Recognition (HAR) technology has increased rapidly [1]. Within 

construction and manufacturing sites, there is a surging demand for systems that automatically 

analyze work activities from surveillance footage to ensure worker safety and optimize operational 

efficiency [2]. As noted by Luo et al. [3], such industrial environments necessitate wide-area 

monitoring, which in turn requires robust recognition capabilities from a distance. Furthermore, 

beyond the mere detection of whether an activity is occurring, Temporal Action Localization (TAL)—

which precisely identifies the “when” (start and end times) and “what” (action class) of specific 

tasks—is indispensable for comprehensive and detailed workflow analysis.  

The rapid advancement of deep learning techniques has led to a significant leap in the accuracy 

of HAR [4,5]. Since the introduction of Transformer architecture by Vaswani et al. [6], models based 

on Attention mechanisms have become predominant in the field of video recognition. For instance, 

ActionFormer, developed by Zhang et al. [5], successfully achieves high-precision localization of 

action segments from untrimmed videos by leveraging local self-attention. Moreover, to further 

improve the robustness of these systems, there is a growing interest in multimodal approaches that 

combine RGB video data with skeletal features, which represent the geometric structure of the human 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 25 February 2026 doi:10.20944/preprints202602.1564.v1

Disclaimer/Publisher’s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and
contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting
from any ideas, methods, instructions, or products referred to in the content.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202602.1564.v1
http://creativecommons.org/licenses/by/4.0/


 2 of 24 

 

body [7]. Rehman et al. [1] demonstrated that the integration of RGB and skeletal information allows 

for recognition accuracy exceeding 98% under clean environmental conditions.  

However, applying existing multimodal methods to real-world unconstrained environments, 

such as construction sites, still poses significant challenges. The core issue lies in the “reliability of 

sensor data.” As exemplified by the IKEA ASM dataset [8], industrial work sites are characterized by 

frequent occlusions that compromise skeletal data quality. While skeleton estimation techniques, 

such as OpenPose [9], offer effective motion descriptions with advantages like privacy protection and 

viewpoint invariance [10], they are liable to produce low-confidence or erroneous coordinate values 

for missing joints under occlusive conditions [10,11]. Conventional fusion strategies [12], including 

the work by Rehman et al. [1], typically perform feature integration under the assumption that all 

input streams are consistently valid, rendering them vulnerable to such noise contamination. 

Consequently, there is a substantial risk of “negative transfer,” where degraded skeletal features 

negate the advantages of the RGB modality, thereby diminishing overall recognition accuracy [13,14].  

The objective of this study is to develop a confidence-aware temporal action localization (TAL) 

system that functions robustly even in real-world environments where occlusions frequently occur. 

Specifically, we propose a mechanism that directly integrates the confidence scores generated by 

OpenPose into the attention mechanism of the skeleton feature extraction network. This method 

functions by adding the logarithm of the confidence score as a bias term to the self-attention layer 

during the input stage of ActionFormer [5]. This enables the model to adaptively decay the weights 

of joint information whose reliability is compromised by occlusion. This mechanism effectively 

prevents negative transfer (adverse effects on RGB features) during multimodal fusion. The result is 

flexible and seamless integration based on data quality. Specifically, it maximizes the usefulness of 

geometric features when they are accurate and minimizes their impact when they are inaccurate. We 

evaluated the effectiveness of this method using the IKEA ASM dataset [8], characterized by severe 

occlusions, and demonstrated its superiority over conventional methods. 

The primary contributions of this work are summarized as follows: 

• We propose a confidence-biased self-attention mechanism that incorporates log-

transformed pose estimation confidence scores as bias terms in the attention weight computation, 

achieving continuous soft suppression of unreliable skeletal features. 

• We develop a Gated Skeleton Refinement Module (Gated SRM) that purifies skeletal 

information prior to feature fusion via a learnable gating network, designed to prevent the fused 

representation from degrading below the RGB-only baseline even under heavy occlusion. 

• We validate the proposed method on both the standard THUMOS14 benchmark and the 

heavily occluded IKEA ASM dataset, demonstrating consistent improvements over RGB-only 

baselines and conventional fusion approaches. 

The remainder of this paper is organized as follows. Section 2 provides an overview of related 

research on temporal action localization (TAL) and sensor fusion. Section 3 details the architecture of 

the proposed system. Section 4 describes the verification process using a prototype system, and 

Section 5 presents the verification test. Finally, Section 6 offers insights derived from the findings, 

and Section 7 concludes the paper. 

2. Related Work 

2.1. Video-Based Temporal Action Localization 

2.1.1. Evolution from Video Classification to Temporal Action Localization 

Research in HAR within the field of computer vision has undergone significant advancements 

over the past several decades. In early studies, the predominant task was Video Classification, which 

involves assigning a single action label—such as “walking,” “running,” or “waving”—to short, 

trimmed video clips [15,16]. While these methods achieved certain successes under constrained 

computational resources, they often lacked robustness against complex backgrounds and 
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illumination variations. Furthermore, they faced inherent limitations in capturing high-level 

semantic features [4,15]. 

The emergence of deep learning fundamentally transformed this landscape. The Two-Stream 

Convolutional Network, proposed by Simonyan et al. [17], introduced a seminal architecture that 

processes spatial appearance information (RGB images) and temporal motion information (optical 

flow) through separate convolutional neural networks (CNNs) before eventually fusing them. This 

approach mimics the human cognitive process of integrating visual and motion information in the 

brain, leading to a dramatic improvement in the accuracy of Action Recognition. Furthermore, I3D, 

developed by Carreira et al. [18], enabled the transfer of knowledge from large-scale image datasets 

to the video domain by “inflating” 2D kernels pre-trained on ImageNet along the temporal dimension. 

Consequently, this model has become the de facto standard for large-scale video datasets, such as 

Kinetics-400 [18,19].  

However, in real-world deployment scenarios, videos are typically not pre-trimmed; instead, 

they are provided as long, untrimmed streams. Given this context, the primary research focus has 

shifted from simple classification to TAL [20]. This task involves identifying both the start and end 

timestamps of action instances within untrimmed videos while simultaneously identifying their 

respective action classes.  

2.1.2. Introduction of the Transformer Architecture and the Development of ActionFormer 

The most significant breakthrough in recent research on TAL is the introduction of Transformer 

architecture, which has achieved overwhelming success in the field of Natural Language Processing 

(NLP) [6]. The self-attention mechanism, which serves as the core of the Transformer, allows for the 

direct modeling of relationships between elements at arbitrary positions within a sequence. 

Consequently, this mechanism enables the effective utilization of contextual information 

surrounding action segments [4,5]. 

ActionFormer, presented by Zhang et al. [5], is a prominent model that optimizes the 

Transformer architecture specifically for TAL tasks. It has achieved state-of-the-art (SOTA) 

performance on major benchmarks, such as THUMOS14 and ActivityNet-1.3, significantly 

outperforming conventional methods [21,22].  

Following the success of ActionFormer, several variants offering higher accuracy and efficiency 

have been proposed in succession. TriDet [23] introduced the concept of “trigger detection” to 

address the ambiguity of action boundaries, leading to a significant improvement in boundary 

estimation accuracy. In addition, LGAFormer [24] attains more robust feature representations by 

integrating local and global attention mechanisms. 

However, these SOTA methods primarily focus on structural improvements to the detection 

head, the refinement of boundary regression, and the optimization of computational efficiency. These 

approaches inherently assume that the RGB and skeletal features are “reliable” (i.e., clean and noise-

free). Consequently, there remains a significant research gap regarding effective countermeasures for 

scenarios where the reliability of the input data itself is compromised by occlusion or fluctuations in 

lighting—conditions that directly challenge the robustness of the localization process. 

2.1.3. Next-Generation Foundational Technology: State Space Models (SSM) and Mamba 

To address the computational cost issues of Transformer—specifically the quadratic increase in 

computational complexity relative to sequence length—State Space Models (SSM), particularly the 

Mamba architecture, have recently garnered significant attention [25]. In the field of video 

recognition, pioneering efforts such as ActionMamba [26] have begun to emerge. ActionMamba 

leverages the “Selective Scan” capability of Mamba blocks to incorporate a mechanism that retains 

essential action information within video sequences while discarding irrelevant background noise 

[26]. This approach suggests the potential to resolve both the limitations of GCN-based methods in 

global context understanding and the computational overhead inherent in Transformer [19,26]. 

However, SSM-based TAL methods are still in their infancy; their integration with established 
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detection heads and post-processing pipelines, such as those employed by ActionFormer, has not yet 

been sufficiently validated. Furthermore, since SSMs are specialized for one-dimensional sequence 

modeling, the efficient embedding of spatial structural information, such as image or skeleton data, 

remains an ongoing challenge [10].  

2.2. Action Recognition Using Skeleton Data 

2.2.1. Characteristics and Advantages of Skeleton Data 

The utilization of skeleton information (Skeleton Data) has established an indispensable status 

in the field of HAR as a modality that complements the inherent limitations of RGB video [1,10,27]. 

Skeleton data is represented as a temporal sequence of 2D or 3D coordinates of primary human joint 

points (keypoints). This representation is of paramount importance from the perspectives of privacy 

preservation, data efficiency, and background invariance [10,27,28].  

2.2.2. Evolution of Graph Convolutional Networks (GCN) and the “Reliability Gap” in Pose 

Estimation 

In skeleton-based action recognition, modeling the human body structure as a graph has become 

a standard approach [29]. Spatial-Temporal Graph Convolutional Networks (ST-GCN), introduced 

by Yan et al. [29] in 2018, represents a seminal work in this field. ST-GCN constructs a spatial-

temporal graph by integrating a spatial graph structure—where joints are defined as nodes (vertices) 

and bones as edges—with temporal edges that connect identical joints across successive frames. By 

applying graph convolution operations to this structure, the model effectively extracts discriminative 

features of human actions. 

Since the inception of ST-GCN, numerous refined methods have been proposed to enhance the 

representational capacity of graph structures [10,26,30,31]. While skeleton-based approaches are 

theoretically powerful, their performance is heavily reliant on the quality of the input skeleton data. 

In real-world scenarios, skeleton features are typically extracted using image-based pose estimation 

algorithms such as OpenPose [9]; however, these estimators are not infallible. Specifically, the 

accuracy of pose estimation degrades significantly in the presence of occlusion (where objects hide 

body parts) or self-occlusion (where body parts overlap), leading to unreliable joint coordinates 

[10,13]. 

State-of-the-art pose estimators, such as OpenPose [9], output a confidence score representing 

the certainty of the estimation alongside the spatial coordinates (𝑥, 𝑦) for each joint. These confidence 

scores can serve as a critical indicator for determining whether a joint is visible or occluded [9,10,14]. 

However, many existing skeleton-based action recognition methods [29] typically discard these 

confidence scores at the input stage, relying solely on coordinate information (𝑥, 𝑦)  as geometric 

features [32]. This convention treats unreliable, noisy data as equivalent to reliable, accurate data. 

Consequently, this causes the model to learn erroneous motion patterns when occlusion occurs, 

resulting in a degradation of recognition accuracy. 

2.2.3. Existing Approaches and Their Limitations 

To address the noise inherent in skeleton data, several prior studies have focused on “data 

restoration.” Song et al. [13] proposed the “Richly Activated GCN,” designed to extract robust 

features even from incomplete skeleton data, attempting to compensate for missing joint information 

through multi-stream fusion. Similarly, Yoon et al. [11] developed a method to predict and impute 

currently missing joints based on information from preceding frames. 

These approaches are fundamentally aimed at approximating the Ground Truth (GT) of skeleton 

data. However, in scenarios characterized by severe occlusion, such as construction sites or complex 

working environments, the loss of information is often too extensive to allow for accurate restoration 

or repair [3,10]. Feeding inaccurately restored skeleton data—essentially hallucinations—into the 

model poses a significant risk of inducing overconfidence in the predictions [33]. We define the term 
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“Reliability Gap” as the discrepancy between the apparent format of the data output by sensors (or 

estimators) and the actual reliability of its content. Existing restoration-based methods do not 

effectively bridge this gap; instead, they risk introducing additional noise in their attempt to fill it. 

Consequently, they remain problematic for real-world applications where safety and reliability are 

paramount [3,33].  

2.3. Multimodal Sensor Fusion and Reliability 

2.3.1. Fusion Strategies and the Manifestation of the Reliability Gap 

To overcome the inherent limitations of single modalities (such as RGB-only or skeleton-only 

approaches), multimodal sensor fusion—which integrates information from multiple sensors—is 

viewed as a promising solution. Rehman et al. [1] reported that integrating RGB video with skeleton 

tracking data can significantly improve the accuracy of HAR. 

While multimodal integration generally improves average performance [1,7], simple feature 

concatenation relies on the implicit assumption that all modalities maintain constant reliability 

[33,34]. In real-world environments where sensor quality fluctuates dynamically, this assumption 

leads to the negative transfer problem defined in Section 1— a direct manifestation of the Reliability 

Gap (defined in Section 2.2.3) at the system level. This poses an unacceptable risk in safety-critical 

applications [3,12,31]. 

2.3.2. Reliability-Aware Learning 

To address this challenge, some studies have employed approaches that utilize attention 

mechanisms for feature weighting [7,35,36]. Mechanisms such as the cross-attention found in 

Transformers are capable of learning cross-modal correlations and prioritizing salient information. 

However, since attention mechanisms are fundamentally trained to identify “discriminative 

features” relevant to the task [6], they run the risk of assigning high attention weights even to noise 

if it appears distinctive. In other words, relying solely on internal attention mechanisms within neural 

networks may be insufficient to accurately assess the physical signal integrity of the sensors. 

In contrast, the confidence scores inherently output by the pose estimator serves as objective 

metadata representing the intrinsic quality of the sensor data itself. However, to the best of our 

knowledge, research that utilizes this confidence score as an explicit gating signal to dynamically 

modulate feature fusion when integrating skeleton recognition with state-of-the-art TAL models, 

such as ActionFormer [5], remains extremely limited [10,19]. Most existing studies relegate 

confidence scores to simple thresholding operations (e.g., discarding low-confidence joints) and fail 

to incorporate them directly into the neural network’s training process as a fully differentiable gating 

mechanism [10,37].  

2.4. Research Positioning and Contributions 

Based on the survey of related work presented above, three critical unresolved issues (Research 

Gaps) have emerged within the current landscape of TAL and multimodal recognition: 

• Limitations of RGB Dependence: While SOTA models such as ActionFormer [5] differ in 

their powerful feature extraction capabilities, they remain susceptible to visual noise and occlusion, 

often incurring high computational costs.  

• Vulnerability of Skeleton Features: Skeleton-based models like ST-GCN [29] offer a 

lightweight alternative; however, they are extremely fragile against data missingness, and noise 

caused by occlusion, lacking reliability when used in isolation. 

• Neglect of Dynamic Reliability: Existing multimodal fusion approaches do not explicitly 

account for dynamic quality fluctuations (i.e., confidence gaps) across sensors, failing to fully 

eliminate the adverse effects of low-quality data. 
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To address these challenges, we present a novel sensor fusion framework leveraging 

Confidence-Weighted Skeleton Features. The uniqueness and contributions of this research are 

clearly defined in the following aspects: 

• Confidence-Driven Data Selection vs. Data Restoration: Restoration approaches [11,13] 

attempt to reconstruct missing joint coordinates, risking hallucinated predictions under severe 

occlusion. In contrast, our method bypasses reconstruction entirely by utilizing confidence scores as 

continuous gating signals, representing a fundamental paradigm shift from “data repair” to “data 

selection.” 

• Explicit Confidence Integration: While conventional attention-based fusion learns “what 

to look at,” our approach explicitly guides the model on “what to trust” based on sensor metadata. 

This prevents the neural network from erroneously learning from noise.  

• Validation under Realistic Occlusion Conditions: Unlike prior TAL studies that primarily 

evaluate on cleanly captured benchmarks [5,23,24], we validate on the IKEA ASM dataset [8] whose 

heavy occlusion characteristics (detailed in Section 4.2) closely approximate industrial deployment 

conditions. 

3. Proposed Methods 

3.1. System Overview 

In this study, we present the Gated Skeleton Refinement Module (Gated SRM), designed to 

effectively integrate skeletal features with RGB features for TAL. The overall architecture of the 

system is illustrated in Figure 1. 

 

Figure 1. Overall overview of the temporal action localization system incorporating the proposed Gated 

Skeleton Refinement Module (Gated SRM). The system adaptively fuses RGB features extracted from the input 

video with skeletal features (Reliability-Embedded features), which are refined through a self-attention 

mechanism using confidence scores. This fusion is performed via a learnable gating mechanism (Gating 

Network). The resulting fused features are dimensionally compatible with the base TAL model, requiring no 

architectural modifications downstream. 

The proposed method is a front-end module integrated into an existing Transformer-based TAL 

model. It takes pre-extracted RGB features and skeletal coordinates as input and generates fused 

features by adaptively controlling the contribution of skeletal information through a learnable gating 

mechanism. Because the generated fused features maintain the same dimensionality as the original 

RGB features, the design allows the system to leverage the benefits of skeletal information without 

requiring any structural modifications to the subsequent TAL model architecture. 

The overall architecture of the proposed method consists of three stages: (1) the Skeleton 

Refinement Module (SRM), which refines skeletal features using a confidence-biased self-attention 
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mechanism; (2) dimensional transformation via a projection layer; and (3) adaptive fusion with RGB 

features through a gating mechanism. 

3.2. Skeleton Refinement Module (SRM) 

The SRM is a module designed to refine raw skeletal coordinate sequences along with the 

temporal dimension and extract high-level skeletal features. Since coordinate values obtained from 

existing pose estimation methods contain variances in reliability caused by occlusion and motion 

blur, this module introduces Confidence-Biased Self-Attention, which incorporates a confidence bias 

into the attention scores. 

3.2.1. Temporal CNN Projection 

First, we apply a projection layer—consisting of a 1D convolution with a kernel size of 3, batch 

normalization, and ReLU activation—to the input skeletal coordinates 𝑺 ∈ ℝ𝐵×50×𝑇  to obtain the 

embedded features 𝑿 ∈ ℝ𝐵×𝑑𝑠×𝑇 (𝑑𝑠 = 512). This preprocessing step captures local temporal context 

while simultaneously unifying the feature dimensionality with the RGB embedding layer of the base 

model. 

3.2.2. Confidence-Biased Multi-Head Self-Attention 

We apply Multi-Head Self-Attention to the obtained embedded features 𝑿 . Following the 

standard Transformer formulation, the attention score (logit) 𝑒𝑖𝑗 between a query 𝑞𝑖 and a key 𝑘𝑗 

is typically computed as scaled dot-product attention (Equation (1)): 

𝑒𝑖𝑗 =
𝑞𝑖𝑘𝑗

𝑇

√𝑑𝑘

 (1) 

where 𝑑𝑘 is the dimension of the key heads. To explicitly integrate the reliability of skeletal estimates 

into this mechanism, we inject structural information by adding a learnable bias term to the attention 

logits. In our framework, we incorporate a bias term derived from the skeletal confidence scores 𝑐 ∈

ℝ𝐵×1×𝑇 into the standard attention score on the Key side. 

Here, the per-frame confidence score 𝑐 is obtained by computing the arithmetic mean of the 

confidence scores across all 25 joints at each time step. The modified attention score 𝑒′𝑖𝑗 is defined 

as Equation (2): 

𝑒′𝑖𝑗 = 𝑒𝑖𝑗 +  𝑙𝑜𝑔(𝑐𝑗 + 𝜀) (2) 

where 𝜀 = 10−6  is a small constant introduced for numerical stability, and 𝑐𝑗  represents the 

confidence score of the key frame at time step 𝑗. 

Notably, the logarithmic transformation enables the bias to function as multiplicative weight 

control within the Softmax function. By substituting 𝑒𝑖𝑗 into the Softmax operation, the attention 

weight 𝛼𝑖𝑗 is derived as Equation (3): 

𝛼𝑖𝑗 =
𝑒𝑥𝑝(𝑒′𝑖𝑗)

∑ 𝑒𝑥𝑝(𝑒′𝑖𝑛)𝑛
=

𝑒𝑥𝑝(𝑒𝑖𝑗 +  𝑙𝑜𝑔(𝑐𝑗))

∑ 𝑒𝑥𝑝(𝑒𝑖𝑛 +  𝑙𝑜𝑔(𝑐𝑛))𝑛
=

𝑒𝑥𝑝(𝑒𝑖𝑗) ∙ 𝑐𝑗

∑ 𝑒𝑥𝑝(𝑒𝑖𝑛) ∙ 𝑐𝑛𝑛
 (3) 

As shown in this derivation, the confidence scores 𝑐𝑗 directly scale the exponential of the raw 

attention score. This mechanism ensures that features with high confidence (𝑐𝑗 ≈ 1)  retain their 

original affinity, while those with low confidence (𝑐𝑗 → 0) are exponentially suppressed toward zero, 

effectively filtering out unreliable skeletal information before feature aggregation. 

Finally, the output of the attention head is computed as Equation (4): 

𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄, 𝐾, 𝑉) = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥(
𝑄𝐾𝑇

√𝑑𝑘

+ 𝑙𝑜𝑔(𝐶 + 𝜀))V (4) 

where 𝐶 is the matrix of confidence scores broadcast across the query dimension. 
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Following the attention output, we apply residual connections and Layer Normalization, 

followed by a Feed-Forward Network (FFN) with an expansion ratio of 4. After a subsequent round 

of residual connections and Layer Normalization, we obtain the refined skeletal features 𝑿𝒓𝒆𝒇𝒊𝒏𝒆𝒅 ∈

ℝ𝐵×𝑑𝑠×𝑇. 

3.3. Gated Fusion Mechanism 

Rather than employing simple concatenation or addition, we introduce a learnable gating 

mechanism to fuse the refined skeletal features 𝑿𝒓𝒆𝒇𝒊𝒏𝒆𝒅 ∈ ℝ𝐵×512×𝑇 with the RGB features 𝑭𝑹𝑮𝑩 ∈

ℝ𝐵×1024×𝑇 . This mechanism enables the model to adaptively adjust the contribution of skeletal 

information at each time step and channel, depending on the specific video content and action types. 

First, we project the skeletal features into the same dimensionality as the RGB features (Equation 

(5)). 

𝑭𝒔𝒌𝒆𝒍 = 𝑅𝑒𝐿𝑈(𝐵𝑁(𝑾𝒑 ∗ 𝑿𝒓𝒆𝒇𝒊𝒏𝒆𝒅)) ∈ ℝ𝐵×1024×𝑇 (5) 

where 𝑾𝒑 denotes the weights of a 1D convolution with a kernel size of 1. 

Next, we concatenate the RGB features and the projected skeletal features to compute per-

channel gate values (Equation (6)). 

𝒈 = 𝜎(𝑾𝒈 ∗ [𝑭𝑅𝐺𝐵; 𝑭𝑠𝑘𝑒𝑙]) ∈ ℝ𝐵×1024×𝑇 (6) 

In this equation, [∙;∙] represents channel-wise concatenation (yielding 2048 dimensions), 𝑾𝒈 is a 1D 

convolution layer that maps the 2048-dimensional vector to 1024 dimensions, and 𝜎  denotes the 

Sigmoid activation function. 

The final fused features are calculated as a weighted addition of the skeletal features, modulated 

by the gate values (Equation (7)). 

𝑭𝑓𝑢𝑠𝑒𝑑 = 𝑭𝑅𝐺𝐵 + 𝒈 ⊙ 𝑭𝑠𝑘𝑒𝑙 (7) 

where ⊙ denotes the element-wise product. 

To ensure stability during the initial stages of gate network training, we initialize the weights of 

the gating layer to zero and the bias to −2.0. Consequently, the initial gate output is 𝜎(−2.0) ≈ 0.12, 

which ensures that the fused features are approximately equal to the RGB feature (𝑭𝑓𝑢𝑠𝑒𝑑 ≈ 𝑭𝑅𝐺𝐵) at 

the onset of training. This initialization strategy offers the following advantages. 

• Preservation of Pre-trained Representations: It prevents the destruction of the pre-trained 

RGB backbone’s representations during the early phases of training. 

• Progressive Learning: It enables a progressive learning process where the contribution of 

skeletal information increases gradually over time. 

• Robustness as a Safety Valve: It serves as a safety valve that automatically “closes” the 

gate when the quality of skeletal features is compromised, such as in environments with heavy 

occlusion. 

3.4. Integration with Base Model 

The proposed Gated SRM functions as a front-end preprocessing module integrated into the 

base TAL model. Specifically, for each video, the module receives RGB features 𝑭𝑹𝑮𝑩 ∈ ℝ1024×𝑇 , 

skeletal coordinates 𝑺 ∈ ℝ50×𝑇, and confidence scores 𝒄 ∈ ℝ1×𝑇 as inputs. After generating the fused 

features 𝑭𝒇𝒖𝒔𝒆𝒅 ∈ ℝ1024×𝑇 through the Gated SRM, these features are fed into the base model in place 

of the original RGB features. 

Because the dimensionality of the fused features remains identical to that of the RGB features 

(1024 dimensions), no structural or parametric modifications are required for the base model 

components, such as the backbone network, Feature Pyramid Network (FPN), or the classification 

and regression heads. This architectural design ensures that the pre-trained weights of the base model 

can be utilized directly, facilitating either the isolated fine-tuning of the proposed module or 

comprehensive end-to-end training of the entire system. 
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4. Implementation of Prototype System 

4.1. Development Environment 

The development and evaluation of the prototype system were conducted on a workstation 

running Ubuntu 24.04 LTS. The hardware configuration utilized an Intel Core i7-8700 CPU and an 

NVIDIA GeForce GTX 1080 GPU. Regarding the software environment, we employed Python 3.9 and 

the PyTorch 2.5.1 framework, using OpenCV for video input/output and preprocessing. 

In this implementation, we prioritized a lightweight design that avoids excessive computational 

resource demands, anticipating future deployment on edge devices. Specifically, the skeletal 

processing stream is engineered to maintain a low computational load, ensuring high adaptability 

for real-time processing applications.  

4.2. Datasets 

For the evaluation, we utilize the THUMOS14 dataset [38], a standard benchmark in the field of 

action recognition, and the IKEA ASM dataset [8], which simulates real-world environments 

characterized by frequent occlusions. 

• THUMOS14 dataset [38]: This is a large-scale dataset comprising untrimmed videos of 

sports activities collected from YouTube. It contains 20 action classes, including “Long Jump” and 

“Cricket Bowling.” While the dataset exhibits significant camera motion and diverse backgrounds, 

the subjects are typically large and clearly visible within the frames, with a relatively low frequency 

of occlusions. To ensure a fair comparison with existing studies [5,38–42], we utilize the standard 

subset consisting of the validation set (200 videos) and the test set (213 videos). 

Although THUMOS14 exhibits relatively low occlusion frequency, we include it as an evaluation 

benchmark for two reasons: (1) to verify that the proposed method does not degrade performance on 

well-established benchmarks, and (2) to demonstrate that the gating mechanism appropriately 

increases skeletal contribution when skeleton quality is high, thereby improving upon the RGB-only 

baseline. 

• IKEA ASM dataset [8]: This dataset consists of 371 video recordings capturing the assembly 

of various furniture items, such as tables and shelves. It contains a total of approximately 35 hours of 

footage. The average duration per video is about six minutes. The dataset is densely annotated, 

yielding approximately 31,000 action instances (clips) across the entire dataset.  

It comprises 33 officially defined atomic action classes (typically utilized as 32 foreground action 

classes plus one background class in Temporal Action Localization tasks). These classes are 

structured as verb-object pairs (e.g., “attaching legs” and “spinning in”). Sample frames from the 

IKEA ASM dataset are illustrated in Figure 2. The defining characteristic of this dataset is the frequent 

occurrence of severe self-occlusion and occlusion by objects, resulting from workers bending forward 

deeply or being obscured by furniture components. These attributes closely mirror the conditions of 

real-world environments, such as construction sites and factories, making it an ideal testbed for 

evaluating the robustness of our proposed method. 
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Figure 2. Sample frames from the IKEA ASM dataset. This dataset captures furniture assembly tasks where 

self-occlusion and occlusion by objects occur frequently. It comprises 32 categories of atomic actions, such as 

“attaching legs” and “flipping the tabletop,” exhibiting characteristics highly representative of real-world 

environments. 

For the validation of our research, we have adopted the “Environment-based Train/Test Split” 

protocol established in the official dataset publication. This strategy is designed to prevent overfitting 

that could occur if identical subjects or rooms (environments) appear in both the training and testing 

data. Specifically, among the five assembly environments, we strictly isolate Environments 1 and 2 

(the family room and the office) to serve as the test set (117 videos). Consequently, we utilize the 

remaining environments as the training set (254 videos). 

4.3. Base Model: ActionFormer 

We adopt ActionFormer [5] as the base model for TAL. ActionFormer is a single-stage detection 

model that applies a Transformer-based backbone equipped with a Feature Pyramid Network (FPN) 

to pre-extracted video features, simultaneously performing action classification and temporal 

boundary regression at each time step. 

Table 1 presents the key hyperparameters of the base model. The backbone architecture consists 

of a convolutional Transformer (convTransformer) with a layer configuration of (2, 2, 5) and a scale 

factor of 2. Both the embedding dimension and the FPN dimension are set to 512, with the number 

of attention heads set to 4 and the local attention window size to 19. The detection head comprises 

three layers with a hidden dimension of 512, and the regression ranges are defined as [0, 4], [4, 8], [8, 

16], [16, 32], [32, 64], and [64, 10000]. During inference, we apply Soft-NMS with an IoU threshold of 

0.4 and retain the top 200 predictions per video, following the standard ActionFormer configuration 

[5]. 

Table 1. Configurations of the ActionFormer Base Model. 

Parameter Value 

Backbone Type convTransformer 

Backbone Architecture (2, 2, 5) 

Scale Factor 2 

Input Dimension 1024 (IKEA ASM) / 2048 (THUMOS14) 

Embedding Dimension 512 

FPN Dimension 512 

FPN Type identity 

Number of Attention Heads 4 

Attention Window Size 19 

Detection Head Dimension 512 
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Number of Detection Head Layers 3 

Regression Ranges [0, 4], [4, 8], [8, 16], [16, 32], [32, 64], [64, 10000] 

Maximum Sequence Length 2304 

4.4. Implementation of the SRM 

To improve recognition accuracy in scenarios with frequent occlusion, we design a SRM that 

leverages human skeletal features alongside RGB features. The SRM comprises the following three 

components: 

 Temporal CNN Projection Layer: We map the 50-dimensional input skeleton coordinates 

(25 joints × 2 coordinates) into a 512-dimensional feature space using a 1D Convolutional Neural 

Network (1D-CNN) with a kernel size of 3 and a padding of 1, followed by Batch Normalization and 

a ReLU activation function. 

 Confidence-Biased Multi-Head Self-Attention: We utilize 8 heads (with a dimension of 64 

each). A confidence bias term 𝑙𝑜𝑔(𝒄 + 𝜀)(𝜀 = 10−6) is applied to the Key side during the attention 

score calculation. 

 Feed-Forward Network (FFN): This component consists of two 1D convolutional layers (512

→2048→512) accompanied by ReLU and dropout (with a rate of 0.1). 

For both datasets, skeletal coordinates and confidence scores were extracted using OpenPose [9] 

with the BODY_25 model (25 joints). For THUMOS14, OpenPose was applied to the same frames 

used for I3D feature extraction, and in scenes with multiple people, the person with the highest 

average confidence score was selected, and frames with no detected persons were assigned zero-

filled coordinates with confidence scores of zero. For the publicly available I3D features, the 

published 2048-dimensional features were used, which were pre-trained on Kinetics-400, following 

the standard protocol [5]. For IKEA ASM, the I3D model (RGB stream only, without optical flow) was 

fine-tuned on the training split for 20 epochs with a learning rate of 0.01, and features with 1024 

dimensions were extracted by setting a temporal interval of 4 frames. 

4.5. Fusion Strategies 

To integrate RGB features and skeletal features, we implement two strategies: a baseline “Naive 

Concatenation” and our developed “Gated Fusion”. 

 Naive Concatenation: We simply concatenate the 512-dimensional output of the SRM and 

the RGB features (1024 or 2048 dimensions) along the channel dimension, feeding the result directly 

into the backbone. Consequently, this approach requires modifying the input dimension of the 

backbone (e.g., from 1024 to 1536 for the IKEA ASM dataset). 

 Gated Fusion (Proposed Method): This approach maintains the original input dimension 

of the backbone, enabling the direct utilization of pre-training weights. It operates in the following 

three steps: 

1. We mapped the SRM output to the same dimension as the RGB features via a projection 

layer (e.g., a 1x1 convolution). 

2. We concatenate the RGB features with the projected skeletal features to generate gate values 

in the range of [0, 1] using a 1x1 convolution and a sigmoid function. 

3. We compute the element-wise sum of the RGB features and the gate-modulated skeletal 

features as the final fused representation. 

The gate initialization follows the strategy described in Section 3.3 (weights = 0, bias = −2.0). 

Table 2. Configurations of the SRM and Gated Fusion Module. 

Parameter Value 

Skeleton Input Dimension 50 (25 joints x 2 coordinates) 

SRM Embedding Dimension 512 

Number of Self-Attention Heads  8 
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Dimension per Head 64 

FFN Expansion Ratio 4 

Dropout Rate 0.1 

Projection Output Dimension 1024 (IKEA ASM) / 2048 (THUMOS14) 

Gate Bias Initialization -2.0 

4.6. Training Protocol 

All models are trained using the AdamW optimizer with a learning rate of 1 × 10−4  and a 

weight decay of 0.05. The batch size is set to 2, and the training is conducted for a total of 55 epochs, 

including 5 warmup epochs. For data augmentation, we employ random cropping with a truncation 

threshold of 0.5 and a crop ratio of [0.9, 1.0], while applying gradient clipping with an L2 norm of 1.0. 

We utilize an Exponential Moving Average (EMA) for evaluation, and the model achieving the 

highest mean Average Precision (mAP) during validation, which is performed every 5 epochs, is 

selected as the final model. 

5. Verification Test 

In this section, we evaluate the effectiveness of the proposed Confidence Gating Mechanism 

through both quantitative and qualitative analyses. For the evaluation, we evaluate the two datasets 

described in Section 4.2: THUMOS14 and IKEA ASM.  

5.1. Experimental Setup 

5.1.1. Baselines 

In this study, we compare the following configurations: (1) RGB-only baseline (#1): 

ActionFormer using only RGB features; (2) Naive skeleton (#2): skeleton features projected by CNN 

and combined with RGB features (without refinement); (3) SRM + fusion (#3): skeleton features 

refined by SRM and combined with RGB features; (4) Gate fusion without SRM (#4): skeleton features 

projected by CNN and fused through a gating mechanism without attention or confidence bias; and 

(5) Proposed method (SRM + gate fusion): the full pipeline proposed in this work. 

5.1.2. Evaluation Metrics 

This section outlines the evaluation metrics utilized to verify the proposed method. To conduct 

a multifaceted evaluation of performance in the TAL task, we employ two distinct metrics: mean 

Average Precision (mAP) and the Boundary-F1 score. 

• mean Average Precision (mAP) 

mAP is a standard evaluation metric widely adopted in TAL [38,43,44,46]. Specifically, we 

calculated mAP values at various temporal Intersection over Union (t-IoU) thresholds and utilized 

their average as the final evaluation metric. The t-IoU was computed according to Equation (8).  

𝑡𝐼𝑜𝑈=
𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛 ∩ 𝐺𝑇

𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛 ∪ 𝐺𝑇
 (8) 

where prediction indicates the proposed model’s detected actions, and GT refers to the pre-annotated 

ground-truth activity segments. 

In this study, the mAP is calculated according to the following procedure: 

1. Set t-IoU Thresholds: We establish five levels of temporal Intersection over Union (t-IoU) 

thresholds: 0.3, 0.4, 0.5, 0.6, and 0.7. 

2. Determine True Positives (TP): For each detected action instance, the prediction is 

classified as a True Positive (TP) if its t-IoU with the ground truth segment is equal to or greater than 

the specified threshold and the action class match correctly.  

3. Rank Predictions: For each action class, all predictions are ranked in descending order of 

their confidence scores to compute Precision and Recall.  
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4. Calculate Average Precision (AP): The Average Precision (AP) is determined by calculating 

the area under the Precision-Recall curve for each class.  

5. Compute mAP: Finally, the mAP is obtained by averaging the AP values across all action 

classes.  

The mAP value was calculated by Equation (9). 

𝑚𝐴𝑃=
∑ 𝐴𝑃(𝑗)

𝐶
𝑗=1

𝐶
 (9) 

where C is the number of action categories. 

In this study, we conduct a multifaceted performance evaluation by employing five distinct IoU 

thresholds. As a final comprehensive assessment, we calculate the average of the mAP values across 

these five thresholds to serve as the overall performance metric for the system. Furthermore, the 

Average Precision (AP) for each individual action class obtained during the mAP calculation process 

is utilized for an in-depth performance.  

• Boundary-F1 score 

The Boundary-F1 score is an evaluation metric specifically designed to assess the precision of 

identifying action boundaries, namely, the start and end points of an action. While mAP evaluates 

the overall overlap of action segments, the Boundary-F1 score directly measures the temporal 

accuracy of the boundary points themselves [21,47]. In the calculation of the Boundary-F1 score, the 

success of a prediction is determined by whether a predicted boundary point falls within a specific 

time window (tolerance τ) of the ground truth boundary. In this study, we established three levels of 

tolerance: τ = ±0.5 seconds, τ = ±1.0 seconds, and τ = ±2.0 seconds. We computed the Boundary-F1 

score in this research according to the following procedure.  

1. A predicted boundary point is classified as a True Positive (TP) if it falls within ± τ seconds 

of a ground truth (GT) boundary point and the action class matches.  

2. A prediction is classified as a False Positive (FP) if no ground truth exists within the 

tolerance window or if the prediction is redundant.  

3. A ground truth boundary is classified as a False Negative (FN) if no predicted boundary 

point exists within the specified tolerance.  

4. Precision and Recall are calculated using Equation (10) and Equation (11), respectively.  

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

(𝑇𝑃 + 𝐹𝑃)
 (10) 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

(𝑇𝑃 + 𝐹𝑁)
 (11) 

5. The F1 score is then calculated using Equation (12). 

𝐹1 = 2 ×
(𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙)

(𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙)
 (12) 

5.2. Quantitative Results 

5.2.1. Comparison of THUMOS14 

Table 3 presents the mAP comparison results on the THUMOS14 dataset. ActionFormer, serving 

as the baseline with only RGB input, achieved a mAP of 65.87%. In contrast, a degradation in 

performance was observed when skeletal data were naively integrated. Specifically, simple 

concatenation following CNN projection resulted in a mAP of 63.22%, and even with the addition of 

a SRM, the performance remained at 63.44%; both configurations underperformed relative to the 

RGB-only baseline. This phenomenon represents a typical case of “negative transfer,” where noisy 

skeletal information is integrated without selective processing, thereby hindering the representation 

of effective RGB features. Conversely, fusion methods incorporating a gating mechanism 

demonstrate performance improvements. The combination of CNN projection and gated fusion 
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recovered the mAP to 64.89%. Furthermore, our proposed approach, “SRM + gated fusion,” achieved 

a mAP of 66.31%, effectively outperforming the baseline.  

Table 3. mAP (%) at various t-IoU thresholds on the THUMOS14 dataset. 

ID Skeleton SRM 
Gated 

Fusion 

mAP @ tIoU(%)↑ Best 

Epoch 0.3 0.4 0.5 0.6 0.7 Avg. 

#1    81.17 77.36 70.16 57.62 43.04 65.87 35 

#2 ✓   79.09 74.96 66.91 54.87 40.24 63.22 35 

#3 ✓ ✓  78.81 74.99 67.47 54.82 41.12 63.44 40 

#4 ✓  ✓ 80.92 76.47 68.46 56.28 42.32 64.89 35 

Ours ✓ ✓ ✓ 81.52 77.74 70.32 58.82 43.16 66.31 35 

Furthermore, regarding the Boundary F1 score—an indicator of action boundary detection 

performance—the proposed method-maintained accuracy levels comparable to the RGB-only 

baseline. Under the condition of a tolerance threshold τ= ±0.5s, the proposed method recorded a 

score of 0.5665 compared to 0.5659 for the RGB-only configuration. These results confirm that our 

approach effectively leverages useful skeletal features while simultaneously suppressing the 

influence of noise (Table 4). 

Table 4. Boundary-F1 score on the THUMOS14 dataset. 

ID Skeleton SRM 
Gated 

Fusion 

Toleranceτ(s) 

±0.5 ±1.0 ±2.0 

#1    0.5659 0.7282 0.8158 

#2 ✓   0.5256 0.6891 0.7906 

#3 ✓ ✓  0.5607 0.7147 0.8001 

#4 ✓  ✓ 0.5664 0.7220 0.8105 

Ours ✓ ✓ ✓ 0.5665 0.7281 0.8153 

5.2.2. Comparison of IKEA ASM 

In contrast to THUMOS14, for the IKEA ASM dataset evaluation (Table 5), we used the fine-

tuned I3D model (RGB-only, without optical flow) optimized for furniture assembly tasks.  

ActionFormer, serving as the baseline using only RGB features, recorded a mAP of 21.49%. In 

contrast, the “SRM + simple concatenation” model, which naively integrates skeletal information, 

suffered a significant performance drop to 19.29%. This 2.20-point degradation exemplifies the 

negative transfer effect (Section 1), confirming that indiscriminate fusion of occlusion-corrupted 

skeletal data severely compromises RGB representations. 

Conversely, our proposed “SRM + gated fusion” method achieved a mAP of 21.77%, 

outperforming the baseline (21.49%). These results demonstrate that even in highly noisy 

environments, the confidence gating mechanism adaptively regulates the contribution of skeletal 

information. By suppressing negative transfer, the proposed method effectively leverages these 

features only when they provide beneficial cues.  

Notably, while 3DInAction [47] achieves approximately 28.75% mAP on IKEA ASM, it requires 

3D point cloud data from depth sensors. Our method achieves 21.77% using only standard 2D RGB 

video, offering a more cost-effective solution for industrial deployment where depth sensors may be 

impractical or expensive. 
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Table 5. mAP (%) at various t-IoU thresholds on the IKEA ASM dataset. 

ID Skeleton SRM 
Gated 

Fusion 

mAP @ tIoU(%)↑ Best 

Epoch 0.3 0.4 0.5 0.6 0.7 Avg. 

#1    30.61 27.23 21.77 17.06 10.79 21.49 25 

#2 ✓   28.16 24.58 19.74 14.59 9.37 19.29 30 

#3 ✓ ✓  22.32 19.27 16.02 11.65 6.89 15.23 35 

#4 ✓  ✓ 31.21 27.94 22.11 16.27 10.30 21.57 25 

Ours ✓ ✓ ✓ 31.01 27.85 22.24 17.08 10.49 21.77 25 

Table 6 presents the comparison of action boundary detection accuracy using the Boundary-F1 

score on IKEA ASM. While the simple concatenation method fell below the baseline across all 

tolerance thresholdsτ, the proposed method consistently outperformed the baseline. Specifically, 

our approach recorded 0.3624 (baseline: 0.3593) at τ= ±0.5s confirming consistent performance 

improvements ranging from strict boundary evaluation to relaxed conditions. 

Table 6. Boundary-F1 score on the IKEA ASM dataset. 

ID Skeleton SRM 
Gated 

Fusion 

Toleranceτ(s) 

±0.5 ±1.0 ±2.0 

#1    0.3593 0.5354 0.6596 

#2 ✓   0.3193 0.4842 0.6324 

#3 ✓ ✓  0.2907 0.4399 0.5735 

#4 ✓  ✓ 0.3643 0.5430 0.6754 

Ours ✓ ✓ ✓ 0.3624 0.5464 0.6851 

5.2.3. Statistical Significance Analysis 

To rigorously assess the significance of the observed performance differences, we conducted the 

Wilcoxon signed-rank test—a non-parametric paired test appropriate for per-class AP values that do 

not necessarily follow a normal distribution—at a significance level of α = 0.05. Table 7 summarizes 

the p-values comparing the proposed method (SRM + gated fusion) against each baseline 

configuration. 

Table 7. Statistical significance analysis (Wilcoxon signed-rank test, α = 0.05, Significance levels: * p < 0.05, ** p 

< 0.01, *** p < 0.001, n.s. = not significant.). 

Comparison (Ours 

vs.) 
IKEA ASM p-value Sig. THUMOS14 p-value Sig. 

#1 0.325 n.s. 0.231 n.s. 

#2 0.003 ** 0.001 *** 

#3 < 0.001 *** 0.005 ** 

#4 0.665 n.s. 0.019 * 

On both datasets, the proposed method achieves statistically significant improvements over all 

concatenation-based fusion approaches (IDs #2 and #3), confirming that the gating mechanism 

effectively prevents the negative transfer observed in naive fusion. On THUMOS14, the proposed 

method also significantly outperforms CNN projection with gated fusion (ID #4, p = 0.019), 

demonstrating the added value of confidence-biased attention refinement when skeleton quality is 

relatively high. 

Compared to the RGB-only baseline (ID #1), the proposed method did not achieve statistically 

significant differences on either dataset (p = 0.325 and p = 0.231). This result aligns with the primary 
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design goal of Gated SRM: the system is designed to safely integrate skeletal information without 

risking performance degradation, rather than guaranteeing substantial absolute improvement over 

RGB-only processing. The fact that the proposed method maintains statistical equivalence with the 

RGB-only baseline, while simple fusion methods suffer significant degradation (6.51 points on IKEA 

ASM), demonstrates the robustness of the reliability gating mechanism as a safeguard against 

negative transfer. 

5.3. Qualitative Analysis 

5.3.1. Attention Map Visualization of IKEA ASM 

To provide a detailed analysis of the attention mechanism’s behavior within the proposed 

method, we conducted a visualization study using the IKEA ASM dataset. Figure 3 illustrates the 

input of RGB images and skeletal features, their corresponding confidence scores, and the attention 

maps generated by the SRM. As observed in the attention maps, the model assigns higher weights to 

temporal regions that are crucial for action identification. Specifically, when occlusions occur—such 

as around timesteps 75–95 where skeletal confidence scores drop below the threshold (0.256)—the 

attention weights are immediately suppressed (indicated in black). This qualitatively confirms that 

the proposed method dynamically regulates attention levels in response to the quality of the input 

data. 

 

Figure 3. Visualization of the attention mechanism in the IKEA ASM dataset. The top rows show the RGB 

frames and corresponding skeletal poses. The line plot indicates the skeleton confidence score with the occlusion 

threshold (0.256). The bottom heatmap displays the SRM attention map, where dark regions represent 

suppressed attention during low-confidence intervals (occlusions). 

Note that this occlusion threshold (e.g., 0.256) is not a hardcoded hyperparameter but is 

dynamically computed for each video as half of its mean confidence score 𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 = 𝜇𝑐𝑜𝑛𝑓 × 0.5. 

For example, with an average score of 0.512, the threshold becomes 0.256. This is an empirical 

approach based on the assumption that values significantly below the average indicate severe 

occlusion. However, this dynamic approach allows the model to robustly adapt to baseline 

confidence distributions that vary across different videos. 

5.3.2. Qualitative Evaluation of Robustness to Occlusions 

Furthermore, we statistically evaluated the robustness of the proposed method against occlusion. 

Figure 4 illustrates the cumulative attention weights assigned to each frame as a time series, where 

“occlusion frames”—defined as frames where the confidence score falls below the threshold—are 
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highlighted in red. Statistical comparison revealed that while the average attention weight for normal 

frames (without occlusion) was 0.3536, it decreased to 0.0687 for occlusion frames. This indicates that 

attention is reduced by an average of 80.6% during the occurrence of occlusions, effectively 

suppressing unreliable features. 

 

Figure 4. Statistical analysis of attention received by frames during occlusions. The top plot shows the 

confidence score, and the middle bar chart highlights the attention received by each frame (red bars indicate 

occluded frames). The bottom box plot compares the attention distribution between non-occluded and occluded 

frames, demonstrating an 80.6% reduction in attention for unreliable skeletal data. 

5.4. Computational Efficiency 

To assess the practical deployability of the proposed method, we measured the inference latency 

and computational resource consumption of each model configuration on an NVIDIA GeForce GTX 

1080 GPU. Table 8 presents a comparison of parameter counts, GFLOPs, and inference latency. Note 

that the reported latency excludes post-processing time for Non-Maximum Suppression (NMS) and 

refers exclusively to the neural network forward pass. 

Table 8. Computational Complexity and Inference Latency on NVIDIA GTX 1080. 

Method Params (M) GFLOPs 
Params 

Increase 

GFLOPs 

Increase 

IKEA ASM 

Latency 

(ms) 

THUMOS14  

Latency 

(ms) 

Inference 

Speed 

 (FPS) 

ActionFormer  

(RGB-only Baseline) 
27.70 83.28 - - 47.6 46.5 ~21 

Concat 

 (No SRM Naive Fusion) 
28.56 87.25 +3.1% +4.8% 

47.8 

(+0.3%) 

46.9 

(+1.0%) 
~21 

Gated SRM  

(Proposed Method) 
33.55 121.09 +21.1% +45.4% 

63.6 

(+33.6%) 

63.5 

(+36.5%) 
~16 

The simple concatenation approach introduces minimal overhead (+3.1% parameters, +4.8% 

GFLOPs), maintaining approximately 21 FPS. The proposed Gated SRM increases parameters to 

33.55M (+21.1%) and GFLOPs to 121.09 (+45.4%), resulting in an inference latency of 63.6 ms on IKEA 

ASM (approximately 16 FPS). The primary source of this overhead is the 𝒪(𝑇2)  self-attention 
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computation within the SRM over the maximum sequence length of 𝑇= 2304. The marginal latency 

difference between IKEA ASM and THUMOS14 arises from the classification head size (32 vs. 20 

classes) and does not significantly affect overall trends. 

6. Discussion 

This section analyzes the experimental results presented in Section 5 from three perspectives: (1) 

the mechanism by which the proposed method resolves the reliability gap in multimodal learning 

(Sections 6.1 and 6.2), (2) the trade-off between computational overhead and inference latency 

(Section 6.3), and (3) the limitations and prospects for deployment in practical industrial 

environments (Section 6.4). 

6.1. Quantitative Avoidance of Negative Transfer 

The IKEA ASM results quantitatively confirm the severity of the reliability gap. Naive fusion 

degraded mAP by 2.20 points (from 21.49% to 19.29%), demonstrating that increasing input 

dimensionality without accounting for data quality amplifies negative transfer. Under identical 

conditions, the proposed Gated SRM fusion achieved a mAP of 21.77%, not only overcoming the 

limitations of naive fusion (statistically significant; p < 0.001 on IKEA ASM) but also marginally 

surpassing the RGB-only baseline. Although this improvement does not reach statistical significance 

(p = 0.325), the result is consistent with the design philosophy of Gated SRM: the module primarily 

functions as a safety mechanism that prevents degradation of the RGB due to skeletal noise, rather 

than as one guaranteeing substantial absolute improvement. The critical distinction lies in the 

asymmetry of failure modes—whereas naive fusion risks catastrophic degradation, gated fusion 

ensures a robust performance floor. Additionally, the boundary F1 score improved from 0.3593 to 

0.3624 at a tolerance of τ = ±0.5 s, indicating the potential for more temporally precise localization. 

These results collectively demonstrate that the reliability gating mechanism selectively integrates 

geometric features only from frames with accurately estimated skeletal data, while effectively 

filtering noisy inputs. 

A further notable observation concerns the interaction between the two proposed components. 

On IKEA ASM, applying the SRM without gated fusion (ID #3: 15.23%) yielded lower performance 

than naive concatenation without SRM (ID #2: 19.29%). This counterintuitive result suggests that, 

while the SRM’s confidence-biased attention effectively modulates skeletal features, the resulting 

refined representation exhibits distributional characteristics incompatible with simple concatenation. 

Without the gating mechanism to regulate the contribution magnitude, the refined features introduce 

a domain mismatch that exacerbates negative transfer. This finding underscores that the SRM and 

the gating mechanism are complementary components that must operate jointly to achieve robust 

fusion. 

The evaluations on THUMOS14 further corroborate the generalizability of the proposed method 

in environments where occlusion is less frequent and skeleton quality is relatively high. While naive 

integration of skeletal data degraded mAP to 63.22% (ID #2), the proposed SRM with gated fusion 

achieved 66.31%, outperforming both the RGB-only baseline (65.87%) and CNN projection with gated 

fusion (ID #4) with statistical significance (p = 0.019). These findings reveal an important 

complementary property of the Gated SRM: when skeletal features are sufficiently reliable, the 

module appropriately amplifies their contribution, yielding improvements beyond the RGB-only 

baseline. Taken together, the results on both datasets confirm that the proposed method operates as 

an adaptive reliability regulator, suppressing noisy skeletal inputs under heavy occlusion (IKEA 

ASM) while leveraging high-quality skeletal information to enhance recognition accuracy in cleaner 

conditions (THUMOS14). 
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6.2. Confidence Bias in Logarithmic Space and Soft Suppression Behavior 

The effectiveness of the proposed method is attributable to the confidence-biased attention 

mechanism, where log-transformed confidence scores function as multiplicative gates within the 

Softmax function. Unlike hard thresholding approaches that discard low-confidence joints entirely, 

this continuous formulation preserves differentiability and enables end-to-end learning of reliability-

aware representations. The qualitative evaluations empirically validate this mechanism: during 

occlusion events on the IKEA ASM dataset, attention weights decreased from 0.3536 to 0.0687, a 

reduction of 80.6%. This confirms that the soft suppression operates autonomously as a safeguard, 

preventing unreliable skeletal inputs from adversely affecting the RGB stream. 

6.3. Practical Implications of the Computational Overhead 

The Gated SRM introduces a moderate increase in latency relative to the RGB-only baseline. We 

contend that this trade-off is justified from a practical deployment perspective for two reasons. 

First, the achieved throughput of approximately 16 FPS on a consumer-grade GTX 1080 GPU 

(without Tensor Cores) already satisfies the typical requirements for real-time monitoring, where 10–

15 FPS provides sufficient temporal resolution [48]. Deployment of newer hardware architectures is 

expected to reduce this overhead further. 

Second, and more critically, this modest computational cost yields a substantial qualitative 

advantage: complete avoidance of the accuracy degradation observed under heavy occlusion. The 

naive concatenation approach suffers a 6.51-point mAP drop on IKEA ASM despite incurring only a 

marginal latency increase (+0.3%), representing an unacceptable failure mode for safety-critical 

industrial surveillance. In contrast, the proposed method’s additional 16 ms overhead ensures a net 

accuracy gain over the RGB-only baseline, achieving a favorable accuracy–efficiency trade-off for 

real-world deployment. 

6.4. Limitations: Confidence Overreliance Risk and Industrial Deployment Challenges 

While the proposed method demonstrates practical inference speed and robustness to occlusion, 

it possesses a fundamental limitation: its reliance on the confidence scores produced by the upstream 

pose estimation model. These scores do not always reflect physical reality accurately, owing to three 

distinct sources of error. 

The first source is false detection due to overconfidence; wherein excessively high scores are 

assigned to incorrect joint locations. This is commonly triggered by adverse lighting, visual variations 

caused by protective equipment, or misidentification among multiple individuals. The second source 

is scoring miscalibration: predicted confidence levels may fail to align with empirical correctness 

probabilities, leading to systematic underestimation of uncertainty. The third source is temporal 

instability, whereby occlusions and self-occlusions cause confidence scores to fluctuate sharply 

between consecutive frames, injecting noise into the skeletal feature sequence. 

To mitigate these risks, we identify several promising directions for future research. At the 

algorithmic level, two approaches merit particular attention: post-hoc calibration via temperature 

scaling to align predicted scores with empirical accuracy, and cross-modal verification to detect 

inconsistencies between the RGB and skeleton modalities. Additionally, ensemble strategies that 

aggregate predictions from multiple pose estimation models to quantify reliability through inter-

model consistency, combined with temporal smoothing to attenuate sudden score fluctuations, are 

expected to improve localization robustness. 

Beyond algorithmic refinements, practical deployment in industrial settings presents physical 

and computational challenges. The current framework relies exclusively on visual information and 

is therefore ineffective in low-visibility conditions such as darkness or heavy dust. Extending the 

architecture to incorporate non-visual sensing modalities—such as LiDAR or thermal imaging—

constitutes a crucial next step toward domain-general applicability. Finally, the quadratic 

computational complexity of the self-attention mechanism (𝒪 (𝑇2)) limits scalability to long-duration 
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untrimmed videos. Integrating linear-complexity architectures, such as Mamba, which operates at 𝒪 

(T ), represents a critical direction for enabling large-scale, real-time temporal action localization. 

7. Conclusion 

This study addresses the critical challenge of “negative transfer” in HAR systems deployed in 

complex, heavily occluded industrial environments (Industry 5.0). To overcome the limitations of 

conventional multimodal sensor fusion, we propose a Confidence-Aware TAL system driven by a 

novel Gated SRM. 

The main findings are summarized as follows: 

• By integrating the confidence scores from the log-transformed pose estimator as a bias term 

into the multi-head self-attention layer, this system effectively mitigates the impact of highly 

uncertain skeleton features through a probabilistic and continuous approach. Despite employing this 

sophisticated attention mechanism, the computational overhead sufficiently meets real-time 

processing requirements, achieving approximately 16 FPS—a critical temporal resolution 

requirement for industrial surveillance applications. 

• In evaluations using the heavily occluded IKEA ASM dataset, the proposed framework 

completely avoided the severe performance drop caused by naive fusion methods (where mAP 

decreased from 21.49% to 19.29%) and instead improved the overall mAP to 21.77%. A Wilcoxon 

signed-rank test confirmed this improvement is highly significant (p < 0.001) and maintains statistical 

equivalence with the RGB-only baseline, proving its effectiveness as a robust safeguard against 

negative transfer. 

• Furthermore, on the THUMOS14 dataset, the method demonstrated its capability to 

effectively leverage high-quality skeletal data in environments with less occlusion, improving the 

mAP to 66.31% and significantly outperforming both the RGB-only baseline and naive fusion 

approaches. 

Ultimately, these findings demonstrate that in sensing environments with inevitable data loss, 

dynamically weighting information based on its measured reliability is a fundamentally more robust 

approach than attempting to reconstruct irreversibly lost data. 
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Abbreviations 

The following abbreviations are used in this manuscript: 

TAL Temporal Action Localization 

HAR Human Action Recognition 

RGB Red, Green Blue 

mAP mean Average Precision 

IoU Intersection over Union 

CNN Convolutional Neural Network 

GCN Graph Convolutional Network 

ST-GCN Spatial-Temporal Graph Convolutional Network 

MLP Multilayer Perceptron 

FPS Frames Per Second 

GT Ground Truth 

SOTA State-of-the-Art 

ASM Assembly (in IKEA ASM dataset) 
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