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Abstract—In the field of industrial safety, the standardised 

wearing of safety helmets by workers constitutes a core 

protective measure against head injuries. However, in industrial 

settings, multi-scale background interference arising from 

variations in monitoring distance renders traditional detection 

models ineffective at capturing the contour features of small-

sized helmets. This study, therefore, proposes the ASG-YOLOv8s 

safety helmet detection network, based on YOLOv8s, to address 

the challenge of complex scene background interference. First, 

the AKC-SCAM unit is introduced within the YOLOv8 

backbone network to replace certain standard convolutions. This 

module dynamically adjusts the sampling shape of convolutional 

kernels, enhancing the extraction of multi-scale defect features. 

Secondly, a cross-scale interaction architecture (Slim-neck) is 

constructed in the Neck section, employing GSConv instead of 

conventional convolutions. This combines with a cross-level 

feature pyramid to achieve cross-scale interaction between deep 

semantic features and shallow details. Finally, GAM attention is 

embedded before the multi-scale output for head detection, 

establishing a dual-stream attention mechanism that 

synergistically optimises feature response intensity for low-

quality candidate boxes, while suppressing background noise 

interference. Experimental results demonstrate that the 

enhanced ASG-YOLOv8s achieves improvements of 2.54%, 

2.94%, and 3.16% over the original model in Precision (P), 

Recall (R), and mean average precision (mAP), respectively, on 

the SHWD dataset. 
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I. INTRODUCTION 

In industrial production environments, complex and 
hazardous work types such as elevated operations and 
concurrent tasks frequently occur. Among these, incidents 
involving falling objects, impact collisions, and collapses often 
result in severe property damage and casualties. Statistics 
indicate that within the construction industry, accidents caused 
by falls, collisions, and collapses account for over 50% of all 
annual incidents [1]. The correct wearing of approved 
protective equipment represents the most direct and effective 
method to prevent such losses. However, in practical working 
environments, personnel frequently neglect wearing protective 
gear for various reasons. Consequently, monitoring the use of 
protective equipment by on-site workers is an effective means 
of ensuring construction safety. Currently, methods for 
monitoring the wearing of safety helmets within industrial sites 
primarily include the following: manual inspections, sensor-
based detection, traditional image processing recognition, and 
deep learning-based target recognition methods. Early 
approaches primarily relied on sensors to detect helmet wear. 

For instance, Kelm et al. [2] developed an RFID-based system 
to monitor personal protective equipment compliance as 
personnel passed through security gates at construction site 
entrances. Dong et al. [3] employed pressure sensors embedded 
within protective gear to determine whether workers were 
wearing it. Traditional detection methods have gradually been 
phased out due to their complexity in both wearability and 
detection. 

With the advancement of image processing technology, 
traditional image processing algorithms have gradually been 
applied to the detection of workers' safety equipment usage. 
Zhu et al. [4] proposed a rapid and stable algorithm for 
identifying safety helmets within substations. This approach 
first detects pedestrians within the substation; then, based on 
human body geometric features, locates the head position 
among pedestrians; finally, utilising the characteristic of 
minimal deformation in safety helmets, employs template 
matching to identify helmets, thereby determining whether the 
worker is wearing one. Jia et al. [5] proposed an algorithm for 
safety helmet detection. This approach utilises a deformable 
part model to generate block-based local binary pattern 
histograms, thereby recovering information lost when solely 
employing gradient direction histograms as features. However, 
these methods demand high image clarity and involve complex 
computations, resulting in low efficiency and recognition 
accuracy. Consequently, they prove unsuitable for complex and 
diverse industrial environments. 

In recent years, deep learning technology has advanced 
rapidly. Object recognition networks based on deep learning 
are increasingly applied in practical scenarios due to their 
excellent real-time performance. Deep learning-based object 
detection primarily falls into two categories: two-stage 
networks and one-stage networks. The former primarily 
consists of two layers: the first layer extracts candidate regions, 
while the second layer classifies and precisely localises these 
regions. Representative models include Faster R-CNN [6]. The 
latter comprises a single layer, integrating classification and 
localisation into a unified implementation. Representative 
models include the SSD [7] and YOLO [8] series. Due to their 
superior detection efficiency and real-time performance, 
single-stage networks are extensively employed in practical 
research. Zhang et al. [9] proposed a novel helmet detection 
algorithm based on an enhanced YOLOv5 framework. This 
approach redesigns bounding box sizes using the K-Means++ 
algorithm, matching them to corresponding feature layers, and 
incorporates a multispectral channel attention module. This 
enhances the network's ability to distinguish foreground from 
background and improves overall detection performance. Su et 
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al. [10] proposed a helmet detection algorithm based on an 
enhanced YOLOX-s framework. This approach strengthened 
the model's feature representation capabilities by incorporating 
a small object detection head and integrating methods such as 
the SIoU loss function and CA attention mechanism. Han et al. 
[11] introduced an attention-based helmet-wearing status 
detection model, optimising it through a bidirectional multi-
layer connection fusion feature pyramid network to enhance 
accuracy. Most recently, Yang et al. [12] designed an epistemic 
feature enhancement module to construct the backbone feature 
extraction network. They proposed a dual-scale feature fusion 
module to acquire and amplify local epistemic feature 
information of occluded targets, thereby improving detection 
accuracy for partially obscured objects. In the same year, Ding 
et al. [13] employed deeper convolutions to replace the small 
residual network in DeepSORT, enhancing appearance 
information extraction capabilities. Simultaneously, they added 
a query head to the decoupled head section to bolster detection 
performance. Although these approaches optimised algorithms 
to achieve certain improvements in model accuracy, they still 
suffer from issues such as high parameter counts and slow 
detection speeds, failing to meet edge computing requirements. 
Therefore, further refinements are necessary to enable models 
to deliver superior detection performance in complex small-
object scenarios. 

To address the aforementioned issues, this study proposes 
an enhanced safety helmet detection network, ASG-YOLOv8s, 
based on YOLOv8s to achieve efficient and precise safety 
management at the edge. The primary research contributions 
include: 

• Introducing the AKC-SCAM module into the YOLOv8 
backbone network. By dynamically adjusting the 
sampling shape of convolutional kernels, this enhances 
the extraction capability of multi-scale helmet features. 

• Constructing the cross-scale interaction architecture 
Slim-neck within the feature fusion module. This 
replaces standard convolutions with GSConv and 
combines cross-level feature pyramids to facilitate 
effective interaction between deep semantic information 
and shallow detail features. 

• Embedding the GAM attention mechanism before the 
multi-scale prediction layer for head detection. This 
establishes a dual-stream attention structure 
coordinating both channel and spatial attention to 
enhance effective feature responses while suppressing 
background noise. 

II. MODEL INTRODUCTION 

A. ASG-YOLOv8s Model 

In the task of safety helmet detection, the YOLOv8s [14] 
model emerges as an ideal choice due to its lightweight design 
and high-efficiency performance. Compared to smaller-scale 
models such as YOLOv8n, YOLOv8s enhances feature reuse 
capabilities through its C2f [15] module. Combined with a 

decoupled head architecture that separates classification and 
regression tasks, it significantly improves detection accuracy 
for small-scale safety helmets. Compared to larger models like 
YOLOv8 l/x, it achieves a compact model size of 22-25MB by 
streamlining parameters and computational complexity. This 
strikes an efficient balance between accuracy and efficiency in 
industrial settings, making it well-suited for resource-
constrained real-time detection requirements. 

To enhance the detection performance of the YOLOv8 
model in complex industrial settings, we first propose the 
AKC-SCAM module within the YOLOv8 backbone network 
to replace certain standard convolutional layers. This module 
integrates Adaptive Kernel Convolution (AKConv) with a 
Spatial Context-Aware Module (SCAM), dynamically 
adjusting the sampling shape of convolutional kernels to 
strengthen multi-scale defect feature extraction. This enhances 
the ability to capture edge textures of small-sized safety 
helmets worn by workers during bending operations. Secondly, 
a Slim-neck module is constructed within the Neck section, 
employing GSConv to replace conventional convolutions. This 
combines with a cross-hierarchical feature pyramid to achieve 
cross-scale interaction between deep semantic features and 
shallow-level details. Finally, a GAM module is embedded 
prior to the multi-scale outputs of the detection head, 
establishing a dual-stream attention mechanism for channels 
and spatial domains. This dynamically optimises the feature 
response intensity of low-quality candidate boxes, effectively 
mitigating missed detections in scenarios with dense 
occlusions. The overall architecture of the enhanced YOLOv8 
network model is illustrated in Fig. 1. 

B. AKC-SCAM Module 

Whilst YOLOv8's backbone architecture enhances 
detection efficiency through multi-scale feature fusion and 
lightweight design, its core components still exhibit two 
pressing limitations requiring resolution: Firstly, the fixed 
kernel size of traditional 3×3 convolutions results in a static 
receptive field, rendering it ill-suited to dynamically adapt to 
the geometric deformation characteristics of irregular objects 
encountered in industrial inspection scenarios. Secondly, the 
consecutive stacking of Bottleneck structures within the C2f 
module induces parameter redundancy and a surge in 
computational complexity. To mitigate this phenomenon, this 
study proposes embedding the AKC-SCAM module—
comprising AKConv (Adaptive Kernel Convolution) and 
SCAM (Spatial Context-Aware Module)—into the Bottleneck 
residual path of the C2f module, replacing the original 3×3 
convolutional layer. This approach reduces model parameters 
while adaptively adjusting kernel sizes to extract features at 
different scales, thereby enhancing multi-scale feature 
extraction capabilities. 

The core concept of the AKConv [16] module lies in 
efficiently extracting features through a convolutional kernel 
that dynamically adjusts both the number of parameters and the 
sampling shape, thereby enhancing network performance. The 
structural diagram of the AKConv module is shown in Fig. 2. 
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Fig. 1. The architecture of the ASG-YOLOv8s. 

 
Fig. 2. Structure of the AKConv module. 

In the diagram, the input to the AKConv module is a 
feature map with dimensions (C, H, W), where C denotes the 
number of channels, and H and W represent the height and 
width, respectively. The module first generates an initial 
sampling structure for the convolutional kernel using an initial 
sampling shape. It then performs a standard convolution 
operation on the feature map via Conv2d (two-dimensional 
convolution). Learned offsets dynamically adjust the initial 
sampling shape; this adaptive property enables the 
convolutional kernel to flexibly accommodate the spatial 
distribution of the feature map. The adjusted sampling shape 
further drives a resampling operation on the feature map to 
obtain a more optimal local feature representation. 

SCAM [17] comprises a channel attention mechanism and 
spatial-channel reconstruction units. It first decomposes global 
pooling into horizontal pooling (X Avg Pool) and vertical 
pooling (Y Avg Pool), thereby effectively capturing long-range 
spatial interactions with precise positional information. The 
pooled feature maps undergo concatenation (Concat), 
convolution (Conv), and splitting (Split) operations to enhance 
the accuracy of feature representation. Furthermore, the Spatial 
Reconstruction Unit (SRU) and Channel Reconstruction Unit 
(CRU) introduced in SCConv perform sequential spatial and 

channel-wise restructuring on input feature maps. The SRU 
converts spatial features into spatial weight information, 
applying thresholds to differentiate weight values. 
Subsequently, two sets of weighted information are applied to 
the original feature map to obtain non-redundant and redundant 
feature maps. These are split and interleaved, producing a 
spatially reorganised feature map of identical scale to the 
original. This process refines the spatial information. 

Following spatial reorganisation, the feature map employs 
CRU to restructure channel information, partitioning the input 
feature map channels into two segments. One portion of the 
channel features serves as a carrier for rich information, while 
the other functions as a carrier for secondary information. 
Distinct convolutional operations are applied to each segment, 
yielding a feature map refined from the channel information. 
At this stage, the original feature map undergoes spatial and 
channel information reorganisation through the SRU and CRU, 
reducing redundancy within the features. Subsequently, the 
feature maps restructured by the SRU and CRU are 
concatenated with the reweighted feature map. This approach 
enhances the accuracy of feature representation while 
maintaining lightweight processing, minimises redundant 
information within the features, and effectively improves 
model performance. The SCAM architecture is illustrated in 
Fig. 3. 

 
Fig. 3. Structure of the SCAM module. 
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C. Slim-neck Module 

The neck network of YOLOv8 relies on dense 
convolutional operations during feature fusion, resulting in 
high parameter counts and computational complexity. To 
address this issue, this study proposes introducing the Slim-
neck [18] module into the neck section. The Slim-neck module 
incorporates lightweight structures derived from GS bottleneck 
and VOV-GSCSP upon the foundation of GSConv [19] 
(Global Sparse Convolution), reducing model complexity 
while maintaining detection accuracy. GSConv represents a 
novel, lightweight convolution technique that enhances 
detection accuracy while reducing computational burden, 
differing from traditional approaches that increase accuracy by 
deepening network architecture and amplifying computational 
load. The GSConv architecture, illustrated in Fig. 4, processes 
input features through standard convolutional layers followed 
by depth-wise separable convolutions applied independently to 
each channel. Output features are then concatenated and 
rearranged via a shuffle operation to enhance inter-feature 
information flow. The GS bottleneck architecture further 
optimises GSConv, enhancing the network's feature processing 
capabilities. VOV-GSCSP [20] employs a one-time 
aggregation strategy, optimising certain module designs to 
improve feature utilisation efficiency and overall coherence. 

 
Fig. 4. Structure of the GSConv module. 

D. GAM Attention Mechanism 

To enable the model to adaptively focus on key regions 
within the input data while enhancing robustness and reducing 
computational complexity, this study incorporates a Global 
Attention Mechanism (GAM) module [21] before each 
detection head in YOLOv8. By integrating dual mechanisms of 
channel attention and spatial attention, GAM collaboratively 
captures key features across channel, spatial, and feature 
dimensions, achieving global context modelling of input data. 
Its primary structure is illustrated in Fig. 5. Specifically, the 
channel attention module extracts channel importance weights 
through Global Average Pooling (GAP) and Global Max 
Pooling (GMP), then employs a shared Multi-Layer Perceptron 
(MLP) to generate channel weight vectors, thereby reinforcing 
key semantic features, as depicted in Fig. 5(a). The spatial 
attention module generates spatial saliency maps through 
parallel global pooling and 7×7 convolutions, focusing on the 
spatial distribution information of target regions, as depicted in 
Fig. 5(b). Subsequently, the two weight types interact through 
element-wise multiplication to achieve multidimensional 
feature interaction, ultimately outputting an optimised feature 
representation. Compared to the conventional Convolutional 
Attention Module (CBAM) [22], GAM further incorporates a 

dynamic weight allocation strategy. This enhances the 
perception of fine-grained features in complex scenes while 
reducing redundant computational overhead through 
lightweight design, thereby improving model performance. 

 
Fig. 5. Structure of the GAM module. 

III. EXPERIMENTAL DATA AND ANALYSIS 

A. Datasets and Evaluation Metrics 

The dataset employed herein should encompass 
construction sites across different seasons and complex 
weather conditions to fulfil the experimental requirements of 
this study. The dataset utilised in this experiment was created 
by refining the publicly available Safety-Helmet-Wearing-
Dataset (SHWD). This involved removing unsuitable images 
and substantially augmenting the dataset with additional 
construction site scenarios, resulting in the SHWD-T 
construction site helmet dataset comprising 21,480 images. The 
dataset was randomly partitioned into training, validation, and 
test sets in an 8:1:1 ratio to facilitate subsequent data 
processing and analysis. All experiments were conducted 
without loading pre-trained weights. 

To evaluate the model's performance and the accuracy of 
helmet detection, this study employs three metrics: Precision 
(P), Recall (R), and Mean Average Precision (mAP). The 
corresponding equations are presented in Eq. (1) to Eq. (3): 
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In the equation: TP (True Positive) denotes the number of 
predicted boxes matching actual boxes; FP (False Positive) 
denotes the number of predicted boxes differing from actual 
boxes; FN (False Negative) denotes the number of objects 
contained within images that were not correctly detected 
during prediction; N represents the number of categories 
delineated in this study. 
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B. Ablation Experiment 

To validate the effectiveness of the algorithmic 
improvement strategy proposed herein, eight sets of ablation 
experiments were conducted on the SHWD-T dataset based on 
the YOLOv8 baseline. The experimental results obtained from 
various experimental models are presented in Table I. 

TABLE I.  ABLATION EXPERIMENT RESULTS 

AKC-SCAM Slim-neck GAM P/% R/% mAP/% 

- - - 87.26 80.52 83.62 

√ - - 88.07 81.22 84.30 

- √ - 88.92 81.88 85.16 

- - √ 88.44 82.73 84.41 

√ √ - 89.07 81.65 84.83 

√ - √ 88.49 82.07 85.29 

- √ √ 89.09 82.50 85.63 

√ √ √ 89.80 83.46 86.78 

Experiments reveal that incorporating the AKC-SCAM 
backbone network yields an 0.86% improvement in mAP 
compared to YOLOv8, demonstrating that the AKC-SCAM 
module effectively enhances the model's object recognition 
accuracy and strengthens its feature representation capabilities. 
Following the integration of the Slim-neck module, the model's 
mAP value increased by 1.84%, demonstrating that this 
lightweight neck design optimises feature propagation and 
enhances detection performance without significantly 
increasing computational overhead. The combined approach of 
YOLOv8 + AKC-SCAM + Slim-neck + GAM elevated the P 
value to 89.80%, the R value to 83.46%, and the mAP to 
86.78%. This demonstrates that the synergistic interaction 
among these three components can substantially enhance the 
model's comprehensive detection capabilities. 

Overall, the refined algorithm demonstrably enhances the 
model's comprehensive detection capabilities compared to 
YOLOv8, particularly by achieving a comprehensive 
improvement in detection accuracy while maintaining model 
lightness. This validates the effectiveness and superiority of the 
proposed methodology. 

C. Contrast Experiment 

To comprehensively evaluate the performance of the 
improved YOLOv8 network in helmet detection tasks, 

comparative experiments were conducted on the SHWD-T 
dataset against several classical object detection networks and 
state-of-the-art algorithms. As shown in Table II, the proposed 
ASG-YOLOv8s model demonstrates significantly superior 
detection accuracy compared to other methods. 

TABLE II.  CONTRAST EXPERIMENT RESULTS 

Model 
Experimental parameters 

P/% R/% mAP/% 

ASG-YOLOv8s 89.80 83.46 86.78 

RFBNet 82.6 73.4 75.60 

YOLOv5 86.40 78.60 82.70 

YOLOv8 87.26 80.52 83.62 

SSD 86.30 76.70 82.20 

DAAM-YOLOv5 86.70 78.60 83.30 

YOLOv7 87.98 84.21 85.76 

YOLOv3-tiny 79.87 75.89 78.65 

SSD 79.91 70.34 77.65 

Faster RCNN 80.35 71.26 78.14 

MEM-YOLOv8 87.50 76.60 83.20 

D. Experimental Results Analysis 

To validate the performance of the ASG-YOLOv8s model 
in practical detection scenarios, this study tests images 
captured across various complex construction site 
environments. Fig. 6 presents detection results from both the 
ASG-YOLOv8s and YOLOv8s models across distinct 
scenarios: Fig. 6(a) depicts a scene with background 
interference, Fig. 6(b) shows a densely populated target 
scenario, and Fig. 6(c) illustrates an occlusion scenario. The 
left column presents detection results from the YOLOv8s 
model, while the right column shows results from the ASG-
YOLOv8s model. Comparing these outcomes enables an 
assessment of performance differences between the two models 
in diverse environments. It is evident that the YOLOv8s model 
is prone to both missed detections and false positives in 
complex environments, exhibiting lower detection accuracy. 
Conversely, the ASG-YOLOv8s model demonstrates superior 
performance, accurately detecting small objects within intricate 
settings. 

              
(a) Scenes with background interference. 
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(b) Dense Target Scenario. 

     
(c) Occlusion of Target Scenes. 

Fig. 6. Comparison of model detection results in different job scenarios. 

IV. CONCLUSION 

To address the issues of delayed response times in manual 
industrial safety monitoring and high false detection rates for 
small targets such as safety helmets due to dynamic changes in 
monitoring distance, this study proposes the ASG-YOLOv8s 
enhanced algorithm. Firstly, the AKC-SCAM module is 
introduced into the backbone network to replace some standard 
convolutional layers in the conventional backbone. Secondly, a 
Slim-neck module is constructed in the Neck section, 
employing GSConv to substitute traditional convolutional 
kernels. Finally, a GAM module is embedded prior to the 
multi-scale outputs of the detection head. Experimental results 
demonstrate that the proposed ASG-YOLOv8s model achieves 
improvements of 2.54%, 2.94%, and 3.16% in Precision, 
Recall, and mAP, respectively, over the original model on the 
SHWD-T dataset. This indicates that the ASG-YOLOv8s 
algorithm exhibits superior detection accuracy, with significant 
enhancements in detecting occluded and small targets, 
rendering it well-suited for safety helmet detection 
applications. 
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