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Development and Evaluation of an AR-Based Interactive 
System for Occupational Safety Education

ABSTRACT
In the field of labor-intensive production, occupational safety represents a fundamental pre-
requisite for safeguarding workers’ health and ensuring the stable development of enterprises. 
With increasing industrial complexity and the proliferation of safety hazards, traditional 
approaches to occupational safety education—predominantly reliant on passive knowledge 
transmission—have proven insufficient in facilitating mastery of safety protocols, frequently 
resulting in non-compliant behavior during practical operations. Augmented reality (AR) tech-
nology has emerged as a promising solution, offering immersive learning environments for 
safety training. However, limitations persist in existing AR-based safety education systems. 
Specifically, the use of complex backbone networks in recognition models has resulted in slow 
running speed and difficulty in meeting real-time interaction requirements. The accuracy of 
compliance assessment remains suboptimal due to inadequate consideration of scene-specific 
variations. Furthermore, limited feature extraction capabilities and insufficient attention 
mechanisms have hindered the system’s ability to distinguish between similar operations, 
thereby compromising recognition precision. Therefore, this study focuses on the develop-
ment of a compliance assessment method for user-interactive operations based on AR gesture 
recognition. A lightweight network architecture, ShuffleNetv2, was introduced to replace the 
original backbone network, thereby reducing computational complexity and enhancing opera-
tional efficiency. Additionally, a dynamic selective attention mechanism, SKNet, was integrated 
into the model to enhance the extraction of critical operational features, thereby improving 
the accuracy of compliance determination to address limitations identified in prior research.

KEYWORDS
augmented reality (AR) technology, occupational safety education, gesture recognition, 
compliance assessment, ShuffleNetv2, SKNet

1	 INTRODUCTION

Occupational safety has been recognized as a fundamental element in ensuring 
the health and well-being of workers and in maintaining the stable development of 
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enterprises in modern labor-intensive industries [1–4]. As industrial production has 
become increasingly complex and diversified [5, 6], potential hazards in the work-
place have proliferated [7, 8]. The occurrence of various safety incidents [9–11] has 
not only resulted in casualties and property damage but has also exerted adverse 
effects on socio-economic development. Traditional methods of occupational safety 
education—typically comprising theoretical instruction, video demonstrations, and 
on-site observations [12, 13]—are largely dependent on passive learning modes. As a 
result, learners often fail to thoroughly understand or internalize safety protocols 
embedded in complex operational procedures. Consequently, non-compliant behav-
iors remain prevalent in practical scenarios. The rapid advancement of augmented 
reality (AR) technology [14] has opened new avenues for occupational safety edu-
cation. By integrating virtual safety information with real-world industrial settings, 
AR has enabled the construction of immersive learning environments that enhance 
learner engagement and comprehension.

Nonetheless, existing AR-based systems for occupational safety education exhibit 
several limitations. In particular, the deployment of overly complex backbone 
networks in recognition models has impaired system responsiveness, rendering 
them unsuitable for real-time interactive applications. For example, recognition mod-
els based on deep learning, as discussed in prior studies [15, 16], have demonstrated 
high computational overhead and latency when processing complex gesture inputs. 
Furthermore, the accuracy of compliance assessment in these systems remains inad-
equate. Some studies [17, 18] have failed to sufficiently account for the variability 
of features across different operational contexts, thereby introducing bias into 
judgment outcomes. Specifically, the lack of robust feature extraction mechanisms 
and attention-based differentiation has hindered the system’s ability to distinguish 
between visually similar operations, resulting in suboptimal recognition precision.

This study focuses on the development of an interactive compliance assessment 
method for user operations based on gesture recognition within AR environments. 
In the model architecture, the original backbone network was replaced with 
the lightweight ShuffleNetv2 framework to reduce computational complexity 
and enhance system efficiency. Simultaneously, a dynamic selective attention 
mechanism, SKNet, was integrated to enhance the extraction of salient operational 
features, thereby improving the accuracy of compliance assessment. This approach 
is intended to provide an efficient and precise solution for compliance assessment 
within AR-based interactive occupational safety education systems. The proposed 
method holds substantial theoretical and practical significance for advancing occu-
pational safety education toward greater intelligence and operational efficiency.

2	 METHODOLOGY FOR INTERACTIVE COMPLIANCE ASSESSMENT 
BASED ON AR GESTURE RECOGNITION

The development process of the interactive occupational safety education system 
based on AR was structured around system architecture design. The full develop-
ment flow is illustrated in Figure 1. Initially, system performance was optimized 
by balancing computational capacity and power consumption, ensuring hardware 
adaptability. During the real-time performance phase, a system architecture was 
established with a focus on achieving high accuracy and generalizability. At the core 
of this architecture lies the interactive compliance assessment method based on AR 
gesture recognition, which serves as the foundational technology for evaluating 
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operational correctness in real time by enabling accurate identification of gesture 
features. Challenges such as gesture scale variability and background interference in 
complex labor environments were addressed, ensuring immediate and accurate 
feedback on user operations. This capability is pivotal in realizing the closed-loop 
objective of real-time performance–accuracy. During the fusion phase, the proposed 
method enabled seamless adaptation to the AR interface design through efficient 
feature extraction and data interaction mechanisms, enhancing the immersive inte-
gration of user operations with virtual environments and improving the system’s 
interaction friendliness. Each development stage was refined through iterative opti-
mization based on design feedback, and the overall system performance was subse-
quently validated through comprehensive effect evaluations. As the core technology 
of the system, the gesture recognition method addresses critical challenges related 
to efficiency and accuracy in gesture detection under AR conditions. Furthermore, 
it directly supports the real-time guidance of standardized labor operations.

Fig. 1. Development process of the AR-based interactive occupational safety education system

The proposed method for interactive compliance assessment based on AR gesture 
recognition was designed primarily to meet the real-time performance requirements 
of interactive occupational safety education systems. To address the inefficiency 
of conventional gesture recognition models under AR conditions, the lightweight 
network ShuffleNetv2 was introduced to replace the original backbone in the 
gesture recognition module. By streamlining the network structure and signifi-
cantly reducing both the number of parameters and computational complexity, the 
model size was effectively minimized. This optimization enables rapid acquisition 
and processing of user gesture data within simulated labor scenarios, even under 
the constrained hardware resources typical of AR devices. As a result, a responsive 
and efficient technical foundation is provided for real-time compliance assessment, 
enhancing both the immediacy and interactivity of the safety education process. 
To mitigate the potential degradation in feature extraction capability resulting from 
model lightweighting—which may otherwise compromise the accuracy of compli-
ance assessment—a dynamic selective attention mechanism, SKNet, was further 
integrated into the ShuffleNetv2 architecture. This mechanism adaptively refines 
attention to salient features based on the contextual variability of operational stages 
within labor scenarios. It is particularly effective in environments with background 
interference or where gestures for compliant and non-compliant actions are visu-
ally similar. Key gesture features, such as changes in motion angle or force-related 
posture patterns, are accurately captured to support reliable differentiation between 
compliant and non-compliant operations. This capability serves as a key technical 
safeguard for the implementation of core system functions. The architecture of the 
AR gesture recognition model is illustrated in Figure 2.
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Fig. 2. Architecture of the AR gesture recognition model

2.1	 Lightweight network: ShuffleNetv2

In the proposed method for interactive compliance assessment based on AR 
gesture recognition, the lightweight network ShuffleNetv2 was introduced to replace 
the original backbone architecture. This modification was primarily motivated by 
the hardware limitations of AR devices and the real-time performance requirements 
of compliance assessment. The interactive occupational safety education system 
relies on AR platforms—such as head-mounted displays and mobile terminals—to 
integrate virtual scenarios with physical operations. These devices are inherently 
constrained by their form factor and power consumption, resulting in limited com-
putational and memory resources. Traditional backbone networks typically involve 
a large number of parameters and high computational complexity, which often lead 
to inference delays under AR conditions. However, compliance assessment in this 
context demands millisecond-level responsiveness to user gestures. For instance, 
during simulated equipment operations, the system must immediately determine 
whether a gesture conforms to safety protocols and provide feedback. Failure to do so 
compromises immersion and diminishes the training’s instructional effectiveness. 
ShuffleNetv2, designed specifically for mobile and embedded applications, enables 
significant reduction in model size while improving inference speed, thereby offer-
ing an optimal match for the hardware constraints of AR devices and forming the 
technical foundation for real-time compliance assessment.

Another key rationale for employing ShuffleNetv2 lies in its advantageous 
balance between accuracy and speed, which aligns precisely with the system’s 
demands for reliable gesture-based compliance evaluation. Accurate extraction of 
gesture features is critical for determining operational compliance—for example, 
distinguishing between correct and unsafe tool handling requires fine-grained rec-
ognition capability. ShuffleNetV2 addresses the performance bottleneck observed 
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in conventional lightweight models, where similar floating-point operation counts 
(FLOPs) can lead to markedly different inference speeds due to inefficient memory 
access patterns. By enhancing memory access efficiency, ShuffleNetv2 minimizes 
data read/write latency without sacrificing recognition accuracy. This combination 
of efficient computation and high-precision recognition ensures that critical gesture 
features required for compliance assessment are effectively captured, even within a 
lightweight framework, meeting the system’s accuracy requirements.

The integration of ShuffleNetv2 in place of the original backbone network was 
guided by the application of its four lightweight design principles, each of which 
is particularly well-suited to the requirements of gesture-based compliance assess-
ment in AR environments. First, the number of input and output channels is kept 
equal to minimize memory access overhead. In gesture recognition tasks, input fea-
tures consist of real-time gesture images captured by AR devices, while the output 
corresponds to compliance-related feature vectors to be judged. By aligning channel 
dimensions, the time of data transmission is reduced, thereby accelerating feature 
propagation and enabling faster processing of continuous gesture frames. Second, 
the number of groups in grouped convolutions is constrained to prevent excessive 
memory access that would result from over-partitioning. Since gesture features span 
multiple dimensions—including texture and contour—moderate grouping reduces 
computational complexity while preserving cross-group interactions. This allows the 
model to retain an integrated understanding of the overall gesture structure, which 
is critical for distinguishing compliant operations. Third, the network structure is 
simplified to reduce fragmented operations. The ShuffleUnit in ShuffleNetv2 consists 
solely of a shortcut branch and a main branch, eliminating the inefficiencies asso-
ciated with parallel multi-branch designs that typically reduce Graphics Processing 
Unit (GPU) execution efficiency. This enables computational resources on AR devices 
to be concentrated on core feature extraction, thereby improving the efficiency of 
continuous gesture processing. Fourth, channel concatenation is employed in place 
of element-wise addition to reduce memory access consumption. This design choice 
proves especially advantageous when handling dynamic gestures across sequential 
operations by accelerating the fusion of features between adjacent frames, thereby 
ensuring the temporal coherence of gesture recognition.

The network restructuring mechanism of ShuffleNetv2 further enhances its suit-
ability for gesture feature extraction. Within the ShuffleUnit, input features are first 
divided into two parts using the ChannelSplit operation. After undergoing processing 
through pointwise convolution (PWConv) and depthwise convolution (DWConv), the 
main branch is fused with the shortcut branch via channel concatenation (Concat) 
and then passes through ChannelShuffle, which enables cross-group feature 
interaction. This architecture supports two operational modes. When the stride is set 
to 1, the spatial dimensions of the feature maps are preserved, making the structure 
well-suited for capturing fine-grained gesture details, such as variations in finger 
joint angles. When the stride is set to 2, downsampling is performed, allowing for 
the extraction of global gesture contours. The integration of depthwise separable 
convolution and ChannelShuffle enables parameter reduction without creating iso-
lated feature subspaces. For instance, in the recognition of gestures associated with 
working at heights, it is necessary to retain both localized finger details and global 
posture features. The ability to fuse information across channels is thus essential for 
distinguishing compliant from non-compliant operations. Through this mechanism, 
ShuffleNetv2 is capable of operating efficiently in AR environments while delivering 
high-quality gesture features required for real-time compliance assessment. As such, 
it constitutes a key enabling technology for the core functionality of the interactive 
occupational safety education system.
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2.2	 Lightweight feature extraction network

To address the issue of critical information loss during gesture feature extraction in 
ShuffleNetv2, the dynamic selective attention mechanism, SKNet, was integrated into 
the network, thereby satisfying the stringent accuracy requirements of compliance 
assessment. In interactive occupational safety education, gesture inputs are frequently 
subjected to complex interference. For instance, when simulating machinery operation, 
gestures may appear smaller due to occlusion by tools or may be confused with the 
background due to similar coloration between uniforms and the user’s skin. These chal-
lenges intensify the risk of feature degradation during the channel shuffling process in 
ShuffleNetv2, which in turn impairs the model’s ability to differentiate between subtle 
actions such as compliant gripping and non-compliant contact. The dynamic selec-
tion mechanism of SKNet was introduced to mitigate these limitations. By adaptively 
adjusting convolutional kernel sizes to accommodate gesture features at varying spatial 
scales, this mechanism enhances the model’s sensitivity to critical motion patterns—
such as changes in gesture posture related to angle or applied force—while concur-
rently suppressing irrelevant background noise. In this way, essential features required 
for compliance assessment are preserved within the lightweight model framework.

More specifically, SK convolutional units were embedded within the ShuffleUnit 
of ShuffleNetv2 to enrich feature representation through a decomposition–fusion 
process. In the decomposition phase, parallel convolutions using multiple kernel 
sizes were applied to the feature maps in the main branch of the ShuffleUnit. 
For example, in the recognition of a valve-twisting gesture, small kernels capture 
fine-grained rotations at the finger joints, while large kernels extract the broader 
swing of the arm. This multiscale convolutional structure retains the efficiency 
benefits of ShuffleNetv2 while covering hierarchical features essential to compliance 
assessment. In the fusion phase, output feature maps from the parallel branches 
were aggregated. Global average pooling was used to compress spatial information, 
followed by fully connected layers that generate feature weights, providing a 
preliminary selection of relevant outputs from the multiscale convolutional kernels, 
thereby establishing the basis for subsequent dynamic selection.

The key to the proposed method lies in the dynamic adaptability conferred upon 
the network through a selection mechanism, ultimately enabling the construction of 
a high-precision, lightweight feature extraction network. During the selection phase, 
the fused feature weights generated in the fusion phase were applied to the multiple 
convolutional outputs obtained during the decomposition stage. This weighted fusion 
allows the network to dynamically assign importance based on real-time gesture 
characteristics. For instance, when recognizing gestures such as donning protective 
equipment, if the hand is partially occluded, the network automatically increases 
the weights corresponding to small convolutional kernels to focus on the exposed fin-
gertip features. Conversely, when gestures are presented against an open background, 
greater emphasis is placed on the global postural features extracted by larger kernels. 
This adaptive adjustment addresses the feature loss problem caused by channel shuf-
fling in ShuffleNetv2 and overcomes the rigidity of traditional multi-branch structures 
such as those used in Inception networks, where convolutional parameters are fixed. 
By integrating SK units with the depthwise convolutions and channel shuffle oper-
ations of ShuffleNetv2, a feature extraction network was constructed that not only 
satisfies the lightweight constraints of AR devices but also retains the capacity to accu-
rately capture critical gesture features for compliance assessment. This architecture 
provides a foundational technical guarantee for achieving real-time responsiveness 
and precise judgment within the interactive occupational safety education system.
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Fig. 3. SK convolutional operation procedure

The SK convolutional operation consists of three primary steps: splitting, fusion, 
and selection. A schematic representation is provided in Figure 3. In the splitting 
phase, dual-channel convolution was applied to the input feature maps from the 
main branch of the ShuffleUnit in ShuffleNetv2. These feature maps were derived 
from real-time gesture data captured by AR devices and contain critical informa-
tion such as gesture contours and joint angles, which are essential for compliance 
assessment. First, a standard 3×3 convolution was employed to extract local detail 
features—for example, in the simulation of wiring operations, fine-grained features 
such as the contact angle between fingers and wires are emphasized. Second, a dilated 
convolution with a dilation rate of 2 was used in place of a 5×5 kernel to expand the 
receptive field, thereby capturing global gesture patterns such as the swing ampli-
tude of the arms and the spatial relationship between limbs in tasks such as heavy 
object lifting. This design ensures that both local fine-grained actions and global pos-
tural features required for compliance assessment are extracted, all while preserving 
the lightweight nature of the network. As a result, multi-scale feature representations 
are provided to distinguish between compliant and non-compliant operations.

The fusion step is intended to integrate dual-channel features and extract global 
information, thereby laying the foundation for adaptive receptive field adjustment. 
Initially, the outputs of the 3×3 convolution (I1) and the dilated convolution (I2) were 
element-wise summed to perform a preliminary fusion of local and global gesture 
features. For instance, in recognizing the gesture of donning a safety helmet, both 
the detailed finger motion involved in fastening the chin strap and the overall spatial 
relationship between the head and hand are simultaneously retained.

	 I = I1 + I2	 (1)

Next, global average pooling was applied to compress the spatial dimen-
sions, extracting statistical representations of gesture features while suppressing 
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redundancy caused by complex AR scene backgrounds such as equipment or tools. 
Let the global average pooling operation function be denoted by Dho, where the out-
put of the z-th channel is represented by tz, and the coordinates of the z-th channel 
are given by Iz(u,k). Let G and Q denote the height and width of the feature map, 
respectively, and let u and k denote their corresponding coordinates. The expression 
is as follows:

	 t D I
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I u k
z ho z z
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Finally, a fully connected layer was applied to reduce the dimensionality of the 
channel-wise features, resulting in a vector z. This process simultaneously reduces 
computational complexity and emphasizes core features closely associated with 
operational compliance—such as gesture cues linked to tool gripping force—
ensuring that the subsequent selection mechanism can operate in a timely manner, 
fully compatible with the real-time processing constraints of AR devices. Let the fully 
connected operation function be denoted as Ddz, the nonlinear activation function 
as σ, and the batch normalization layer as α. A reduction ratio e was used to control 
the fully connected layer, expressed as f, where the minimum value is M. Let Q∈Rf×z, 
and c∈Rf×m. The corresponding mathematical formulation is:

	 c = Ddz(t) = s (a (Qt))	 (3)
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In the selection step, a dynamic attention mechanism was utilized to perform precise 
selection and fusion of features, directly serving the objective of accurate compliance 
assessment. Channel-level attention weights were generated based on the vector c, 
allowing for dynamic adjustment depending on real-time gesture features. For instance, 
during the simulation of rotary machine operation, if the user’s hand is partially 
occluded by equipment and only a few fingertips are visible, the attention mechanism 
assigns greater weight to the local detail features extracted by the 3×3 convolution, thus 
focusing on compliant contact points. Conversely, in scenarios with an unobstructed 
background, attention is shifted toward the global operational trajectory captured by 
the dilated convolution. Let X, Y∈Rz×f, and let the attention vectors corresponding to I1 
and I2 be denoted by xz and yz, respectively. The z-th row is denoted as Xz, and the z-th 
element of x is represented as xz. The process is then defined as:
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The weights were subsequently applied to perform weighted fusion of the 
dual-channel features, resulting in the final feature vector Nz. This dynamic selection 
mechanism not only compensates for feature loss caused by the channel shuffling 
process in ShuffleNetv2 but also selectively enhances gesture features critical to 
compliance assessment. For instance, spatial features used to distinguish between 
compliant inbound operations and non-compliant boundary-crossing gestures 
are effectively emphasized. As a result, the fused lightweight network maintains 
high computational efficiency under AR constraints while delivering precise 
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compliance judgments for the interactive occupational safety education system. Let 
N = [N1, N2 … Nz], where Nz∈RG×Q. The computation is expressed as:

	 Nz = xzIz + yzIz; xz + yz = 1	 (6)

The proposed method for interactive compliance assessment based on AR gesture 
recognition adopts a modular network architecture in which the core building block 
is a newly designed unit that integrates SK convolution modules with the ShuffleUnit 
structure. A multi-stage stacking strategy was employed to construct a lightweight and 
high-performance feature extraction network. This new module adopts a residual 
structure embedded with lightweight attention mechanisms, overcoming the limita-
tions of ShuffleNetv2 that relies solely on 3×3 depthwise convolution. For the case of 
stride = 1 (New Module-1), the input features were first split using ChannelSplit into a 
shortcut branch and a main branch. The shortcut branch preserves the original fea-
tures to minimize information loss, while the main branch is dimensionally reduced 
via 1×1 convolution and subsequently passed through a residual block containing 
the SK module. This pathway is designed to enhance fine-grained gesture features 
relevant to compliance, such as tool manipulation angles. Afterward, their original 
dimensions were restored via another 1×1 convolution. Finally, both branches were 
concatenated to maintain consistent feature map dimensions and channel count. 
ChannelShuffle was then applied to achieve cross-group information fusion, ensur-
ing effective interaction of local fine-grained actions and global operational postures.

To accommodate dynamic gesture variations, the stride = 2 version of the 
newly constructed module—New Module-2—was structurally optimized. In this 
configuration, the shortcut branch incorporates a 3×3 depthwise convolution with 
stride = 2 followed by a 1×1 convolution. This design enables feature map downs-
ampling, thereby capturing global gesture patterns over a wider spatial range. 
Meanwhile, the main branch preserves the processing flow of New Module-1, con-
sisting of dimensionality reduction, residual block, and dimensionality restoration. 
This ensures that critical fine-grained features are retained during downsampling. 
The differential design allows the network to respond to both close-range, detailed 
gestures and large-scale limb movements across diverse operational contexts.

The overall architecture of the network—based on the newly designed modules—
was constructed through multi-stage stacking to enable progressive feature 
extraction. Each stage selectively stacks either New Module-1 or New Module-2 
according to the stride parameter. When S = 1, New Module-1 is stacked to preserve 
feature map dimensions and to focus on in-depth learning of gesture detail features. 
When S = 2, New Module-2 is stacked to perform downsampling, thereby progres-
sively expanding the receptive field to capture more global features associated with 
broader operational contexts. A channel scaling factor g = 1 was adopted to control 
the number of output channels, ensuring sufficient feature richness while avoiding 
unnecessary increases in model complexity, thus maintaining compatibility with the 
limited computational resources of AR devices.

The core advantages of this architecture are reflected in three key aspects: a) By 
integrating residual structures with attention mechanisms within the newly designed 
modules, the lightweight network significantly enhances feature extraction capabilities, 
effectively addressing the issue of critical feature loss caused by channel shuffling in 
ShuffleNetv2. As a result, fine-grained distinctions between compliant operations and 
visually similar non-compliant actions can be accurately achieved. b) The differentiated 
design of the two module variants allows for simultaneous focus on fine gesture details 
and global limb movements, thereby adapting to diverse training scenarios in inter-
active occupational safety education—from precision tool manipulation to large-scale 
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body motions. c) By limiting the number of channels and simplifying the network 
branching structure, the architecture preserves its lightweight characteristics. This 
ensures high-speed inference in AR devices while satisfying the real-time compliance 
assessment requirements. Together, these attributes provide core “high-precision + high- 
efficiency” technical support for the interactive occupational safety education system.

3	 EXPERIMENTAL RESULTS AND ANALYSIS

As shown in Table 1, the performance of ShuffleNetv2 demonstrates a clear 
advantage in terms of lightweight characteristics, with a parameter count of 3.1 million, 
a model size of 8.3 MB, and an inference time of 7.12 ms. The mean Average Precision 
(mAP) reached 96.2%, which is substantially higher than that of GhostNet (94.6%) and 
only marginally lower than that of EfficientNet (97.5%). In terms of computational cost, 
ShuffleNetv2 reported 4.8 billion FLOPs, comparable to GhostNet’s 4.2 billion, while 
maintaining a relatively efficient inference speed. Given the computational constraints 
of AR devices, ShuffleNetv2 was adopted as the backbone network due to its effective 
balance between accuracy and model efficiency. When integrated with the dynamic 
selective attention mechanism, SKNet, the ability to extract critical features related to 
operational compliance was further enhanced, enabling improvements in mAP without 
incurring significant additional computational cost or latency. Experimental data con-
firm that ShuffleNetv2 outperforms EfficientNet in lightweight metrics and exceeds 
GhostNet in recognition accuracy, making it an ideal structural foundation for embed-
ding the SKNet attention mechanism. The final proposed architecture—combining 
ShuffleNetv2-based lightweight modeling with SKNet-based feature enhancement—
satisfies the real-time performance requirements of AR systems while improving ges-
ture recognition accuracy, thereby substantially increasing the precision of interactive 
gesture-based compliance assessment without compromising system efficiency.

Table 1. Performance comparison of different feature extraction networks

Feature 
Extraction Network

mAP 
(%)

Parameters  
(M) FLOPs (×109) Model Size  

(MB)
Inference Time  

(ms)

EfficientNet 97.5 12.5 16.8 25.6 11.23

GhostNet 94.6 3.4 4.2 8.8 6.54

ShuffleNetv2 96.2 3.1 4.8 8.3 7.12

Table 2. Comparative performance of different algorithms and the proposed method

Model mAP (%) Parameters (M) Model Size (MB) Inference Time (ms)

Faster-RCNN 946 61.2 148 43.21

SSD 92.3 24.5 91.2 21.56

YOLOv5s 93.7 61.2 223 15.89

OpenPose 95.6 7.12 14.6 9.12

MediaPipe 97.4 12.6 25.8 11.23

Proposed method 97.2 3.2 11.2 7.46

As shown in Table 2, the proposed method demonstrates outstanding perfor-
mance across multiple critical metrics. The mAP reached 97.2%, slightly below 
MediaPipe (97.4%) but with significantly superior model compactness and inference 
speed, achieving a balanced trade-off between high accuracy, lightweight design, 
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and fast inference. When compared to classical object detection algorithms, the pro-
posed method exhibited an mAP improvement of 2.6%, 4.9%, and 3.5%, respectively. 
Furthermore, the model size was reduced to just 7.57%, 12.28%, and 5.04% of those 
same models, while inference time was shortened to 17.26%, 34.6%, and 47.0%, 
respectively. These results reflect consistent superiority in terms of accuracy, effi-
ciency, and speed. By integrating ShuffleNetv2, model complexity was substantially 
reduced, enabling deployment under the resource constraints of AR devices. The incor-
poration of the dynamic selective attention mechanism (SKNet) further enhanced 
the model’s ability to extract critical gesture features in complex labor scenarios. As 
a result, mAP performance approached the high accuracy level of MediaPipe while 
maintaining an inference time of only 7.46 ms—suitable for real-time interaction. 
The experimental findings indicate that the proposed method effectively overcomes 
the limitations of traditional algorithms in AR-based gesture recognition scenarios, 
which are often burdened by model size and slow inference. At the same time,  
it addresses the lightweight inadequacies of algorithms such as MediaPipe. The 
resulting combination of high accuracy, lightweight design, and rapid inference pro-
vides core technical support for the interactive occupational safety education system.

Table 3. Performance comparison of each improved model

Model ShuffleNetv2 SKNet mAP 
(%) FLOPs (×109) Model Size  

(MB)
Inference Time  

(ms)

YOLOv5s 97.5 16.8 25.6 11.23

Improved model 1 √ 96.2 4.8 8.3 7.14

Proposed method √ √ 97.5 5.2 11.5 7.45

As shown in Table 3, the proposed method achieved an mAP of 97.5%, equiva-
lent to that of You Only Look Once version 5—small variant (YOLOv5s), while offer-
ing significant improvements in model compactness, FLOPs, and inference time. This 
demonstrates the attainment of both lightweight deployment and acceleration without 
sacrificing recognition accuracy. In comparison with Improved Model 1, which inte-
grates only ShuffleNetv2, the proposed method achieved a 1.3% improvement in mAP. 
This enhancement is attributed to the incorporation of SKNet, which effectively strength-
ens the extraction of key operational features—particularly in capturing multi-scale 
gesture details and distinguishing compliant gestures from background interference 
in complex labor scenarios, thereby compensating for the accuracy trade-off typically 
associated with lightweight architectures such as ShuffleNetv2. Specifically, the light-
weight design of ShuffleNetv2 ensures compatibility with the limited computational 
resources of AR devices, while SKNet’s dynamic attention mechanism enables precise 
capturing of differences between compliant and non-compliant gestures. As a result, 
the proposed method retains the advantages of a compact architecture while restor-
ing the level of precision. The experimental results confirm that the proposed method 
successfully resolves the bulky structure and slower inference speed of YOLOv5s while 
overcoming the accuracy limitations commonly associated with lightweight networks.

The training results illustrated in Figure 4 indicate that the loss values of both train-
ing and validation sets exhibit a rapid decline followed by gradual convergence. The 
final training set loss dropped below 0.5, while the validation set loss remained only 
marginally higher, indicating that the model converged well during the training pro-
cess and effectively avoided overfitting problems, possessing stable learning ability. 
Moreover, the accuracy curves demonstrate a clear upward trend. The training set accu-
racy approached near-perfect performance, while the validation set accuracy stabilized 
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above 80%, indicating that the model not only achieved high fitting capability on the 
training data but also maintained robust generalization on previously unseen data.

Fig. 4. Training curves of the proposed model

As illustrated in Figure 5, the classification accuracy across all gesture categories 
remained consistently high. For instance, Gestures 4 and 5 achieved prediction accura-
cies of 0.96 and 0.98, respectively, indicating that the proposed model exhibited strong 
recognition capability for standard-compliant gestures by accurately capturing their 
defining features. Off-diagonal elements of the confusion matrix were generally low, 
with mutual misclassification rates between Gestures 1 and limited to 0.04 and 0.08, 
respectively. These results demonstrate the model’s high discriminative capacity, even 
for visually similar gestures, thereby reducing the likelihood of compliance misjudg-
ments due to gesture resemblance. This performance can be attributed to the integrated 
design strategy, in which the lightweight ShuffleNetv2 backbone was employed to 
reduce computational complexity, while the SKNet dynamic attention mechanism was 
incorporated to enhance the extraction of salient operational features in labor-intensive 
scenarios. As a result, superior classification accuracy was attained on the validation set. 
In summary, the experimental findings confirm that the synergistic use of a lightweight 
network and dynamic attention mechanism led to outstanding gesture recognition accu-
racy. The proposed method was shown to accurately identify user operation gestures 
in complex labor settings, thereby verifying its practical applicability and effectiveness 
within AR-based interactive occupational safety education systems. This performance 
foundation strongly supports further deployment and development of such systems.

Fig. 5. Confusion matrix of the algorithm on the validation set
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4	 CONCLUSION

A methodology for assessing user interactive operational compliance in AR envi-
ronments based on gesture recognition was developed. A lightweight backbone 
network, ShuffleNetv2, was employed to replace the original feature extractor, and 
innovative modules were constructed by integrating the SKNet dynamic selective 
attention mechanism. This design enabled the construction of a feature extraction 
network that balances computational efficiency and recognition accuracy. The 
experimental results demonstrated that the architecture, through the differentiated 
design of innovative modules with strides of 1 and 2, successfully captured both 
fine-grained gesture features—such as tool handling angles—and global opera-
tional features—such as body safety distances. The proposed approach significantly 
enhanced the accuracy of operational compliance assessment while maintaining a 
lightweight model structure. Precise differentiation was achieved between visually 
similar operations such as “standard tool gripping” and “finger overreach.” As a 
result, the proposed method provided core technical support for interactive occupa-
tional safety education systems and addressed the challenge of balancing efficiency 
and accuracy in AR environments, enabling real-time guidance on safety compli-
ance, thereby contributing to enhanced immersion and practical effectiveness in 
occupational safety education.
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