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Abstract: Timely and accurately detecting personal protective equipment (PPE) usage among workers
is essential for substation safety management. However, traditional algorithms encounter difficulties
in substations due to issues such as varying target scales, intricate backgrounds, and many model
parameters. Therefore, this paper proposes MEAG-YOLO, an enhanced PPE detection model for
substations built upon YOLOv8n. First, the model incorporates the Multi-Scale Channel Attention
(MSCA) module to improve feature extraction. Second, it newly designs the EC2f structure with
one-dimensional convolution to enhance feature fusion efficiency. Additionally, the study optimizes
the Path Aggregation Network (PANet) structure to improve feature learning and the fusion of multi-
scale targets. Finally, the GhostConv module is integrated to optimize convolution operations and
reduce computational complexity. The experimental results show that MEAG-YOLO achieves a 2.4%
increase in precision compared to YOLOv8n, with a 7.3% reduction in FLOPs. These findings suggest
that MEAG-YOLO is effective in identifying PPE in complex substation scenarios, contributing to the
development of smart grid systems.

Keywords: PPE detection; substation safety management; feature fusion efficiency; YOLOv8n; EC2f

1. Introduction

The power energy sector is growing fast, with more large substations than ever. Keep-
ing these substations running smoothly and safely is crucial for the power grid’s stability [1].
Staff violations in operations significantly increase the likelihood of accidents [2]. Statistics
show that from 2011 to 2021, 967 electrical workers in the United States died in accidents [3].
From 2020 to 2021, there were 70 power-related personal injury accidents in China, resulting
in 82 deaths and over 1 million yuan in direct economic losses [4–6]. Substation work-
ers’ limited safety awareness jeopardizes both their safety and the reliability of business
operations and urban energy provision. Therefore, timely detection of PPE is of utmost
importance.

As the electric power industry develops, the importance of safety management in
substations is increasingly emphasized. The correct use of PPE is fundamental to ensuring
the safety of workers in the substation environment. However, despite the significant risk
reduction provided by wearing PPE, challenges persist in PPE recognition and detection
within substations. First, the complex and variable working conditions in substations can
impair the effectiveness of PPE detection. Additionally, in emergencies, workers might
overlook essential gear like insulated gloves or helmets, raising the risk of violations.
Furthermore, current PPE detection technologies lack precision and speed, particularly in
complex situations. Therefore, it is vital to develop effective PPE detection models that
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quickly and accurately evaluate PPE use in diverse conditions, improving substation safety
management.

Although PPE detection technology has significantly improved, detecting various
scale targets in complex and dynamic substation environments remains challenging due to
numerous model parameters. Therefore, this study proposes the lightweight MEAG-YOLO
model for detecting PPE. The model incorporates several key innovations:

• This study integrated MSCA into the backbone network. This integration enhances
the efficiency of target feature extraction. As a result, it improves the overall detection
performance.

• The EC2f structure was developed to streamline the model. It reduces the number
of parameters. This structure also enhances feature fusion efficiency. Furthermore,
it simplifies calculations by using one-dimensional convolution. This is used for
cross-channel interactions.

• The PAN was optimized. This bolstered the model’s feature fusion capabilities. It
ensures a more effective integration of multi-scale features.

• YOLOv8n was incorporated with GhostConv. This merger significantly reduces the
amount of calculations. It has a slight impact on precision.

These innovations collectively make the MEAG-YOLO model effective for detecting
various scales of PPE in substation environments.

2. Related Work

PPE significantly mitigates safety hazards for substation workers [7]. This protective
equipment typically includes safety helmets, insulated gloves, and operating rods [8]. The
algorithm for early detection of PPE mainly relied on sensor networks. Sensor technology
detects PPE by installing sensors and analyzing signals. For instance, Barro-Torres et al. [9]
employed RFID sensors to monitor how workers wear protective gear. However, this
system is limited by its numerous hardware components and restricted coverage area. Kelm
et al. [10] used scanners to identify RFID tags on PPE components, verifying the correct
usage by workers. Dong et al. [11] used pressure sensors and Real-Time Location Systems
(RTLS) to check if workers were following safety rules, like wearing helmets. Kang et al. [12]
developed a drone-based system equipped with RFID detectors to identify tags on ground
materials. Yet, this system’s effectiveness is significantly hindered by the environment. It
often results in delayed and imprecise feedback, and its deployment is complex. Zhang
et al. [13] created an IoT-based helmet detection system incorporating infrared and thermal
sensors. However, its utility is limited by incomplete internet coverage across construction
sites. Moreover, Hayward et al. [14] developed an RFID-based system for PPE monitoring
at workplace entrances, which notably lacks the capability for continuous surveillance.
While sensor-based methods can identify PPE usage, their deployment and maintenance are
expensive and complex. Furthermore, environmental factors and specific target categories
restrict the accuracy of such detection methods. Consequently, real-time and efficient
computer vision approaches have gained widespread adoption.

Early computer vision relies on machine learning technology. Machine learning
enables computers to learn from data and make decisions and predictions. For example,
Support Vector Machines (SVMs) effectively handle nonlinear features by finding the
optimal hyperplane in high-dimensional space. Wu et al. [15] proposed a safety helmet
recognition method combining color space and multilayer SVM. Similarly, Cai et al. [16]
developed a multi-feature visual anti-occlusion framework. However, SVM is sensitive to
lighting and background, limiting its detection capability in complex scenes. The K-Nearest
Neighbors (KNNs) algorithm classifies based on the nearest neighbor labels. Wu et al. [17]
used the KNN to identify moving objects in videos, then classified pedestrians and safety
helmets with Convolutional Neural Network (CNN). However, KNN is easily affected by
data noise. Bayesian algorithms use conditional probabilities for classification purposes.
Chan et al. [18] developed a Bayesian Network (BN) model to identify and mitigate factors
contributing to accident risks. Nonetheless, Bayesian methods struggle with complex or
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nonlinear data relationships. K-means clustering is another approach, categorizing data
into K-distinct clusters to minimize background noise and interference. Al-Bayati et al. [19]
used fuzzy sets and K-means to evaluate factors of PPE non-compliance. However, K-
means is limited in processing features like color and texture, which are unsuitable for
complex scenes. Despite its widespread use, the combination of image processing and
machine learning often requires manually extracting complex features. This can limit the
analysis of large datasets and burden computational resources. Due to these limitations,
especially in detecting PPE, deep learning methods in computer vision for object detection
have become more popular recently.

Deep learning techniques are categorized into single-stage and two-stage methods.
Two-stage methods incorporate RPN and merge candidate region generation with object
detection. This blending improves both the speed and precision of detection. For example,
Ahmed et al. [20] used a two-stage method with R-CNN for detecting PPE, achieving a
mean average precision (mAP) of 96%. Bouhayane et al. [21] created a helmet detection
system using Cascade R-CNN. Lee et al. [22] designed a safety helmet detection technique
with Faster R-CNN that may overlook small targets. Though two-stage methods are more
accurate, identifying and then classifying regions, they also demand more computational
power, making them less efficient. In contrast, single-stage methods like SSD [23] and
YOLO [24] have made significant progress in the field of object detection. They use CNN to
create many bounding boxes and predict classes’ probabilities at once. Meanwhile, this pro-
cess makes detection and classification faster and more efficient. Zhao et al. [25] improved
YOLOv3 for better performance in complex environments. However, this improvement
made the network structure more complex and increased the number of parameters. Fang
et al. [26] proposed an improved YOLOv4 model by integrating attention mechanisms with
multi-scale features. However, it struggles to detect small objects. Ji et al. [27] improved
the YOLOv4 model by integrating a residual feature enhancement network. This network
preserves critical information in high-level feature maps, enhancing object detection accu-
racy. However, the model is limited in the range of categories it can detect. Lo et al. [28]
trained and tested their custom PPE dataset using YOLOv3, YOLOv4, and YOLOv7 with-
out any modifications to these networks. Qiao et al. [29] enhanced the YOLOv4 network
by adding a global context module, which improved scene understanding and increased
detection accuracy by 3.1%. Nevertheless, this model’s effectiveness in complex scenarios
remains untested. Gallo et al. [30] developed a real-time PPE detection system utilizing
YOLOv4-tiny, designed to process video streams on embedded devices. However, its
recognition performance was 10.4% less effective compared to the standard YOLOv4. Wu
et al. [31] implemented an upsampling enhancement module (USEM) and a feature fu-
sion module to optimize efficiency and accuracy. However, the model’s large parameter
count makes it impractical for deployment in operational environments. Zeng et al. [32]
enhanced small object detection in YOLOv4 by replacing standard convolutional ones
with cross-level hierarchy modules. However, this algorithm requires more computational
resources and a longer inference time. Zhao et al. [33] integrated a bidirectional feature
pyramid network (BiFPN) in the YOLOv5 framework, with additional detection heads for
various scales, improving detection in complex situations. Li et al. [34] enhanced the fitting
ability of YOLOv5 using hierarchical positive sample selection (HPSS) and box-density
post-processing techniques, reducing the probability of false detection. However, their
research was limited to helmet detection and did not cover other PPE like insulated gloves
and rods. Hayat et al. [35] optimized YOLOv5x, enhancing the detection of small targets
under low-light conditions, although its accuracy in complex backgrounds remains limited.
Han et al. [36] enhanced YOLOv5 with super-resolution and CSP modules, minimizing
information loss and gradient confusion. However, this may lower small object detection
efficiency and require more computational resources. Chen et al. [37] developed a lighter
YOLOv5s safety helmet detection model with a Bi-FPN. In comparison with YOLOv5s, this
model cut down parameters by 35.7% but had slightly reduced accuracy. Wang et al. [38]
applied YOLOv5s and YOLOv5x networks to their custom CHV dataset, observing that
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YOLOv5s was 7% less accurate in detecting safety helmets compared to YOLOv5x. Du
et al. [39] enhanced the YOLOv5 model by incorporating the GhostConv lightweight net-
work and bidirectional feature pyramid modules. This integration significantly improved
real-time detection performance, achieving a mAP of 91.8%. Nguyen et al. [40] integrated
the seahorse optimization (SHO) algorithm with the YOLOv5 model for automated PPE
detection at construction sites. However, the model experienced prolonged inference times
and showed limited effectiveness in complex environments. Liu et al. [41] enhanced the
YOLOv5 network by incorporating a coordination attention mechanism. This addition
significantly boosted the detection accuracy of reflective clothing while also minimizing
false positives. Despite these enhancements, the model’s real-time processing efficiency
remains constrained. Samma et al. [42] incorporated a contrastive loss branch into the
YOLOv7 network, which increased the model’s mAP by 2% compared to the YOLOv7.
Wang et al. [43] enhanced the YOLOX backbone by integrating the ConvNeXt module to
extract deeper features. They also added a new detection head to improve multi-scale
predictions, resulting in a 4.23% increase in detection accuracy. However, the dataset used
was limited to small targets in low-light conditions. Chen et al. [44] added new feature
extraction and content-aware recombination modules to YOLOv7, increasing detail feature
capture but at the expense of detection accuracy and higher computational and training
demands. Lee et al. [45] used MobileNetV3 as the backbone to lighten YOLOACT, effec-
tively improving PPE detection accuracy, though its performance in complex backgrounds
is limited. Shi et al. [46] proposed an improved PPE detection model based on YOLOv8n,
enhancing accuracy and reducing complexity. However, the generalization ability of this
model in complex scenarios has not been verified. Di et al. [47] replaced the backbone
network of YOLOv8s with MobileOne-S0, aiming to enhance PPE detection accuracy. They
integrated R-C2F and ASFF modules to fuse features of different sizes, improving the
model’s overall performance. However, the model sometimes inaccurately detects or
misses targets in complex environments, and recognition accuracy for specific targets still
requires further enhancement.

3. Method
3.1. YOLOv8n Model Structure

YOLOv8 marks a significant advancement in the YOLO model series, offering im-
proved accuracy and computational speed over its predecessor. The model introduces four
architectural variants: YOLOv8n, YOLOv8s, YOLOv8m, and YOLOv8x. These network
architectures vary in terms of model size, computational complexity, and detection accuracy.
YOLOv8n is the lightest model in the series, designed for rapid processing and suited
for resource-constrained devices. It achieves faster processing by reducing the number
of network layers and parameters, but at the cost of some accuracy. YOLOv8s strikes a
balance between speed and accuracy, making it suitable for standard hardware. It has more
layers and parameters than YOLOv8n, which enhances its accuracy and processing speed.
YOLOv8m, a medium-complexity model, is positioned between YOLOv8s and YOLOv8x.
It aims to balance accuracy and speed, improving detection precision by increasing network
depth and width. This model is appropriate for applications that demand accuracy but do
not face severe computational limits. YOLOv8x, the most complex and accurate model, is
tailored for high-end applications. It features the deepest network structure and the most
parameters, which slow its processing speed but ensure optimal performance in complex
tasks. The YOLOv8 series caters to a wide spectrum of application requirements, from edge
devices to high-performance servers. The primary differences among the models lie in the
trade-offs between processing speed and accuracy.

In response to the complex conditions of electrical substations, this research selects
YOLOv8n, noted for its streamlined parameterization, as the initial model for enhancement.
The architecture of YOLOv8n is systematically divided into four main components, as
depicted in Figure 1.
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In the YOLOv8n model, the input phase employs Mosaic data augmentation and an
anchor-free mechanism. This approach focuses on direct target center localization, effec-
tively reducing the reliance on anchor boxes and subsequently accelerating the NMS [48]
process. The backbone structure, essential for feature extraction, encompasses Conv, C2f,
and SPPF modules. Specifically, the Conv module handles image convolution, batch nor-
malization, and SiLU activation. YOLOv8 substitutes the C3 module with C2f. The C2f
module employs bottleneck structures for multi-layer feature fusion. The SPPF module
optimizes the network structure and computation, enhancing feature fusion speed. The
neck consists of a feature pyramid network (FPN) [49] and PAN [50]. The FPN extracts
advanced features in a bottom-to-top manner, transmitting them to lower layers through
top-down lateral connections. Conversely, PAN focuses on acquiring multi-scale feature
maps. It merges features through both up and down sampling paths and directs them
into the detection head for precise localization and classification. The synergy of PAN
and FPN is instrumental in integrating multi-scale features, thereby capturing a variety
of targets and increasing the model’s accuracy. The head uses an anchor-free mechanism
and a decoupled head, processing different scale features separately for accurate target
information prediction.

3.2. Improved MEAG-YOLO Model Structure

MEAG-YOLO has been enhanced in both its backbone and neck networks. The
MSCA mechanism [51] was introduced in the backbone. In the neck, the concept of the
Efficient Channel Attention (ECA) [52] mechanism was adopted, and a newly designed
EC2f structure was proposed to optimize the PAN structure. In the head, it integrates the
Adaptive Spatial Feature Fusion (ASFF) [53] module and restructures the detection layers.
Moreover, this model replaces traditional convolutions with GhostConv [54] modules.
Figure 2 illustrates the architectural design of the MEAG-YOLO model. It better retains
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surface features and minimizes information redundancy, leading to increased accuracy and
fewer parameters, thus requiring less computational power.
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Compared to YOLOv8n, MEAG-YOLO has enhanced feature perception capabilities. It
retains more surface features and reduces cross-channel information redundancy, increasing
accuracy. Additionally, it has fewer parameters, which lowers the computational resource
requirements.

3.2.1. Multi-Scale Convolutional Attention

Considering the requirements for precise and efficient information extraction from
complex backgrounds and multi-object detection, this study integrates MSCA into the
backbone network. MSCA efficiently aggregates features from various convolutional layers.
It captures extensive contextual information and incorporates feature maps of various
scales. Additionally, this method improves object detection’s accuracy and reliability
by utilizing data from various feature layers. The core theory of MSCA is to integrate
features across various model layers effectively. This mechanism excels in scenarios with
significant variations in target sizes by aggregating feature maps from different scales
to boost the model’s expressive capacity. The MSCA module allows the model to learn
features independently at each scale and improve scene understanding through cross-scale
fusion. This fusion strategy greatly enhances detection accuracy, particularly for targets
that vary in size, are occluded, or are in complex environments. Additionally, the spatial
attention mechanism introduced by MSCA dynamically focuses on different image regions,
optimizing feature representation and processing workflows. The inclusion of spatial
attention helps the model concentrate on crucial areas that significantly influence the task.
Overall, the MSCA module improves the model’s ability to detect multi-scale targets in
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complex settings and enhances its applicability in resource-limited environments. The
structure of the MSCA is shown in Figure 3.
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The MSCA module is a novel approach that combines multi-scale features and spatial
attention information through a convolutional attention network. It efficiently encodes
contextual information using lightweight convolution and activates spatial attention by
performing element-wise multiplication on the multi-scale features. During the decoding
phase, MSCA aggregates multi-level features from different stages, allowing for the acqui-
sition of multi-scale contextual information and adaptation across both spatial and channel
dimensions. The mathematical framework of the MSCA module is described in detail in
Equations (1) and (2):

Att = Conv1×1(
3

∑
i=0

Scalei(DW − Conv(F))) (1)

Out = Att ⊗ F (2)

F signifies input features, Att represents the attention map, Out refers to the out-
put, ⊗ denotes matrix multiplication, DW − Conv indicates depthwise convolution, and
Scalei identifies concatenation. The module comprises three branches, each substituting
traditional depth convolutions with two depthwise strip convolutions. This modification
efficiently extracts the target features.

3.2.2. EC2f Structure Design

Inspired by the ELAN structure, the C2f module first extracts input image features
through the CBS module. Then, the split operation differentiates various feature levels,
enabling the independent extraction of multi-scale features. Next, the bottleneck module
combines coarse and fine processing stages, ensuring efficient information transmission
and a lower computational burden. Finally, the CBS module is used for feature fusion. The
structure of the C2f module is shown in Figure 4.
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The detection of PPE encounters numerous challenges, including variable target scales,
complex scenes, and vulnerability to environmental interference. While the C2f module
can integrate features across different levels, it underutilizes the output features. First, the
C2f module may not adequately distinguish between the quality and information content
of features at coarse and fine granularities, which can impact the model’s performance.
Second, it struggles to completely capture the original data’s features during the weighting
and merging of multi-scale features. Furthermore, the C2f module demands increased
computational resources for processing high-resolution feature maps, contributing to
greater model complexity. To solve these problems, this study proposes a novel EC2f
structure. The EC2f structure combines C2f’s layer-by-layer processing with ECA’s channel
weight adjustment, aiming to enhance key features. This design controls model complexity
and enhances feature fusion capabilities. This mechanism optimizes feature expression and
fusion by dynamically adjusting channel weights. Initially, the ECA module is tailored to
identify and enhance crucial feature channels, thus enhancing the model’s adaptability and
accuracy with complex data. Secondly, the ECA module adaptively adjusts weights based
on detailed channel information. This reduces parameters and computational demand,
thereby enhancing efficiency. Additionally, the integration of the ECA module boosts the
capability of the EC2f structure to overcome the feature fusion limitations observed in
the C2f structure. This enhancement improves key feature detection, greatly increases
accuracy and robustness, and maintains a relatively balanced computational load. The
EC2f structure’s design significantly enhances the model’s performance, particularly in
complex PPE detection tasks. The EC2f structure is illustrated in Figure 5.
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However, the C2f module is insufficient for the information fusion of input features.
To enhance this structure, the ECA module has been incorporated into this study. The ECA
module replaces SENet’s fully connected layers with 1 × 1 convolution layers, preventing
the reduction of feature dimensions.

The ECA module begins by performing global average pooling. This step involves
extracting feature maps from the backbone network and calculating the average value of
each channel, thereby capturing global spatial information. The structure of Global Average
Pooling (GAP) is shown in Figure 6.
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The GAP structure, depicted in Figure 6, aggregates the averages of pixel points to
create a compressed feature map of dimensions 1 × 1 × C. This map is then processed with
a one-dimensional convolution kernel of size 5, as detailed in Equation (3):

k = ψ(C) =
∣∣∣ log2(C)

γ + b
γ

∣∣∣
odd

(3)

The kernel size in Equation (3) is adaptively determined based on the channel dimen-
sion by selecting the closest odd number to C. γ and b are set to two and one, respectively.
This approach allows the model to directly learn inter-channel local relationships without
requiring additional parameters. The output from the one-dimensional convolution is then
transformed into channel weights through an activation function. These weights are used
to recalibrate the original feature map, effectively highlighting important channels and
reducing the impact of less relevant ones. The final result is a feature map refined with
channel attention.

3.2.3. Adaptive Spatial Feature Fusion Module

The size of the PPE in the substation scenario can vary greatly. The original YOLOv8n
network utilizes the FPN + PAN structure to merge information, effectively integrating
high-level and low-level features. However, the network’s weight allocation may lead to
the loss of critical features, thereby affecting detection performance. To address this issue,
this study incorporates the ASFF module to enhance the effectiveness of merging features
from different scales. The ASFF module is a sophisticated mechanism that dynamically
adjusts the weights of feature maps across different scales to achieve fusion. The structure
of the ASFF module is illustrated in Figure 7.
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The ASFF module uses an adaptive learning system to change the weights of feature
maps on various scales, depending on the task and data traits. Before combining them,
it assigns these adjusted weights to the feature maps. This adaptive weight distribution
allows the network to automatically adapt fusion strategies based on the importance
of features across different spatial positions and scales. The ASFF module dynamically
adjusts the fusion weights of feature maps across different scales, enhancing the efficiency
of feature utilization. It fine-tunes the enhancement or suppression of features, thereby
improving the model’s capacity to recognize multi-scale targets in complex scenes. This
mechanism enables the model to tailor its fusion strategy based on the spatial location and
scale significance of features, leading to more precise target detection. With the integration
of the ASFF module, the YOLOv8n model’s ability to effectively process multi-scale targets
is enhanced, particularly in intricate substation environments.

The fusion process of ASFF-1 is demonstrated using X1, X2, and X3 as examples. This
method uses three feature maps from the YOLOv8n backbone. They are then handled by
combining FPN and PAN at three levels: Level 1, Level 2, and Level 3. ASFF-1 is formed
by combining these three levels. The process of feature fusion at Level l is described by
Equation (4):

yl
ij = αl

ij · x1→l
ij + βl

ij · x2→l
ij + γl

ij · x3→l
ij (4)

The vector at the (i, j) position in the inter-channel output feature mapping is yl
ij. αl

ij,

βl
ij, and γl

ij are the spatial importance weights of features from different levels during the

forward propagation of the first layer. xn→l
ij represents the feature vector at position (i, j)

from level n to l. After processing with the softmax function, αl
ij+βl

ij+γl
ij = 1, (αl

ij, βl
ij, γl

ij ∈
[0, 1]). This module adaptively aggregates features from three distinct levels. They operate
on their respective scales. After this aggregation, the fused features are passed to the head
structure. The head structure is instrumental in classifying and detecting PPE.

3.2.4. GhostConv Module

The precise and prompt detection of PPE in substations is crucial. While existing
deep learning models have improved detection accuracy, they often lack lightweight and
real-time capabilities. The YOLOv8n model consists of numerous convolutions and has
a high parameter count and complex computations. To streamline the model, this study
incorporates the GhostConv module into the YOLOv8n framework. This integration aims to
simplify computations and enhance model efficiency. By adopting the GhostConv module,
this research focuses on reducing complexity while maintaining performance. This can
meet the requirements of high-detecting efficiency substation scenarios. The GhostConv
module uses grouped convolution technology instead of traditional convolution. This
significantly reduces the model’s parameter count and computational complexity. The
method maintains performance while reducing computational resource consumption.
This reduction is crucial for real-time processing environments with limited resources.
The module breaks down standard convolutions into lighter operations, which reduces
redundant computations in convolutional layers. This reduction eases the computational
load. The design simplifies the network structure and reduces energy consumption. It also
enhances computational efficiency, making the model more suitable for edge devices. There
may be a slight performance drop, but this is acceptable in substation environments where
real-time responsiveness is crucial. Overall, the introduction of the GhostConv module
increases processing speed and decreases resource use. This enables the YOLOv8n model
to meet the needs of modern monitoring systems that require fast and efficient computation
while maintaining detection accuracy. The structure of GhostConv is shown in Figure 8.
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The GhostConv convolution process occurs in three steps. Firstly, the input image
generates an original feature map through standard convolution.

Y′ = X ∗ f ′ (5)

In Equation (5), the input data are XϵRc×h×w, where c represents the number of input
channels, and h and w are the height and width, respectively. Y′ represents the Ghost output
feature map, ∗ denotes the convolution operation, and f ′ is the size of the convolution
kernel. Next, the original feature map is transformed into multiple Ghost feature maps
through a linear transformation.

yij = Φi,j(y′i) (6)

Next, the original and Ghost feature maps merge to create the final output feature map,
with Φi,j indicating the feature mapping and yij being the output, as shown in Equation (6).

This study utilized the GhostConv module to optimize the convolution layers in
both the backbone and neck networks of the YOLOv8n model. The implementation of
lightweight linear operations significantly decreases the parameter count and enhances
the speed of inference. While this optimization slightly reduces detection accuracy, the
resulting lightweight model is better suited for real-time detection in resource-constrained
environments.

4. Experimental and Results
4.1. Experimental Datasets

Detecting PPE in substations quickly and accurately is vital. However, there is a
shortage of open-source datasets, including a range of this equipment. Therefore, this
study created a dataset featuring six categories: individuals, insulating gloves, safety
helmets, armbands, insulating rods, and regular gloves. This dataset combines online
resources and on-site photography to ensure it represents the diversity of real application
scenarios. The photography captures various times and backgrounds, simulating different
working environments at substations. This study prepared for training by using LabelImg
software (v.1.8.1) to create text files with image paths, annotations, and labels. Moreover, to
enhance the model’s generalization capabilities, this study employed techniques such as
shifting, modifying brightness and saturation, and introducing noise. These steps increased
the dataset to 2800 images. These techniques increase the dataset’s coverage of different
scenes and realistically mimic changes in lighting and background, enhancing the model’s
robustness. Each category of samples is extensively represented, both in quantity and scene
complexity. The dataset promotes diversity by including various types of PPE and different
wearers, capturing the range of conditions in substation work environments. Furthermore,
it is noted that many workers use insulated tools but do not wear insulated gloves. This
diversity is secured through a meticulously planned collection strategy, designed to capture
a wide range of anomalies to train a more resilient model. Examples of the enhanced data
are shown in Figure 9.
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Figure 9. Data-enhancement diagram. (a) Adjusting brightness; (b) adjusting saturation; (c) adding
noise; and (d) random panning.

The dataset is split into training and testing sets using an 8:2 ratio to ensure that the
model performs well on new data. Figure 10a displays a heat map depicting the density
distribution of data points across a two-dimensional plane. Darker colors indicate a higher
probability of the target’s presence. The graph’s x and y axes extend from 0 to 1, indicating
the normalized coordinates of object centers within bounding boxes. A notable clustering
of data points towards the center implies a frequent central placement of target objects in
images. In contrast, Figure 10b shows a bar chart detailing the occurrence rates of various
categories in the dataset.
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4.2. Experimental Environments and Evaluation Metrics

All experiments were conducted in a Linux environment using an NVIDIA GeForce
RTX 4090 Ti graphics card (32 GB of video memory) (NVIDIA, Santa Clara, CA, USA),
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the deep learning framework PyTorch version 1.7.0, and the Python 3.8 environment. To
ensure the accuracy and reproducibility of the findings, a thorough analysis was conducted
during the selection and optimization of hyperparameters. The initial learning rate was
set at 0.01 to balance model convergence speed and stability. A lower learning rate helps
prevent premature convergence to local optima, thus enhancing efficiency and maintaining
accuracy. The training duration was established at 300 epochs, allowing ample time for
the model to learn complex data features. This duration is chosen based on the behavior
of the loss function and validation set performance, ensuring training continues until the
model stabilizes. The momentum parameter was set at 0.937 to increase the optimizer’s
inertia, accelerating convergence and reducing training oscillations. To prevent overfitting,
a weight decay of 0.0005 was applied, helping the model learn generalizable features
by minimizing the weights. This setting balances the model’s complexity with the data
volume, effectively managing overfitting with a smaller weight decay. Considering the
limits of graphics card memory and parallel processing capabilities, the batch size was
determined to be 16. Experiments showed that this batch size optimally balances efficiency
and performance.

To objectively evaluate the improved MEAG-YOLO algorithm, this study uses mAP,
Precision, Recall, and F1 scores as evaluation metrics.

mAP =
1
6

6

∑
i=1

APi (7)

Precision =
TP

TP + FP
(8)

F1 =
2 · Precision · Recall
Precision + Recall

(9)

Recall =
TP

TP + FN
(10)

Six is the total number of categories in the test dataset. For each category i, the
average accuracy is calculated and recorded as APi. The mean average precision (mAP)
is obtained from the APi of each category. Key indicators for the performance evaluation
include True Positives (TP), False Positives (FP), False Negatives (FN), and True Negatives
(TN). These indicators demonstrate the model’s performance in classification tasks. For
example, FP refers to the model misclassifying a negative sample as positive. Precision
assesses the proportion of correctly labeled positive samples. FN is when a positive
sample is misjudged as negative. Recall measures the proportion of correctly identified
real positive samples. To comprehensively evaluate efficiency and performance, this study
also considers the model’s total number of parameters and FLOPs. The total number of
parameters indicates the complexity of a model, with more parameters usually requiring
higher computing resources. FLOPs reflect the computational load of the model during
inference by measuring the number of floating-point operations performed.

5. Experimental Results and Analysis
5.1. Analysis of Results before and after Improvement

The article contrasts the MEAG-YOLO model before and after improvements to
ascertain its efficacy, as presented in Table 1.

Table 1. Comparison of PPE detection results.

Model Precision (%) Recall (%) F1 (%) mAP (%) Parameters (M)

YOLOv8n 96.1 93.3 94.7 96.1 3.0
MEAG-YOLO 98.4 94.2 96.3 96.5 2.8

∆ +2.4% +0.9% +1.7% +0.4% −6.7%
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In comparison to YOLOv8n, the MEAG-YOLO model achieves a precision increase of
2.4% and a 6.7% reduction in the parameter count. These advancements are primarily at-
tributed to the MSCA module, which enhances feature extraction in complex backgrounds.
Moreover, the model’s parameter count has been effectively controlled by integrating the
lightweight design of GhostConv and the innovative EC2f module. The EC2f module fo-
cuses on extracting key features while simplifying background complexities. The inclusion
of the ASFF module further improves the model’s performance by amalgamating multi-
scale features, thereby enhancing the overall effectiveness of the model. Consequently, the
MEAG-YOLO model has achieved significant improvements in detection accuracy and has
efficiently reduced the number of parameters.

To more clearly demonstrate the detection capabilities, precision–recall curves for
the YOLOv8n and MEAG-YOLO models are displayed in Figure 11. The graphs reveal
the MEAG-YOLO model’s superior performance over the conventional YOLOv8n model.
Furthermore, MEAG-YOLO exhibits greater precision as recall rises.
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5.2. Ablation Experiment and Analysis of Results

To assess the impact of each enhancement, this paper performed ablation experiments.
The outcomes are presented in Table 2.

Table 2. Ablation experiment results.

Model Precision (%) ∆1 Recall (%) mAP (%) FLOPs (G) ∆2

YOLOv8n 96.1 93.3 96.1 8.1
YOLOv8n + MSCA 96.4 +0.3% 93.5 96.4 8.2

YOLOv8n + MSCA + EC2f 97.9 +1.9% 93.8 97.3 8.2
YOLOv8n + MSCA + EC2f + ASFF 98.7 +2.7% 95.1 98.1 8.2

MEAG-YOLO 98.4 +2.4% 94.2 96.5 7.6 −7.3%

Table 2 and Figure 12 show that incorporating the MSCA module into the YOLOv8n
backbone network improved precision by 0.3%. This improvement is attributed to the
mechanism’s optimization of feature extraction. The MSCA module boosts detection per-
formance by dynamically concentrating on multi-scale features and refining feature maps.
This process minimizes background noise and irrelevant details, allowing for the effective
identification and processing of information-rich visual features. The newly designed EC2f
structure significantly improves the extraction of essential information, leading to a preci-
sion increase of 1.9%. Meanwhile, the ECA module efficiently captures channel features’
global information, adaptively tuning the feature response. This enhancement bolsters the
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network’s representational capacity without extensive dimensionality reduction. Further-
more, the ASFF module in the Head network greatly strengthens multi-scale information
fusion. As a result, the precision rose by 2.7% compared to the original YOLOv8n. This
module dynamically manages feature fusion, optimizing the use of spatial information
across various resolutions. By integrating features from distinct spatial dimensions, this
fusion technique improves scene comprehension and the accuracy of target localization
and identification. It is particularly effective in scenarios with considerable target size
variations and where precise spatial details are paramount.
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Figure 13 clearly shows the ablation experimental results. Replacing standard con-
volution with GhostConv led to a 0.9% decrease in precision. The minor precision loss is
compensated by a substantial reduction in computational demand, creating a reasonable
trade-off. This is particularly valuable in substation monitoring scenarios where high
real-time responsiveness is essential. However, MEAG-YOLO achieved a 7.3% reduction
in FLOPs across all test datasets, signaling a marked increase in computational efficiency.
This improvement stems from the GhostConv module, which produces feature maps using
fewer convolutions and creates additional “ghost” feature maps via linear transformations.
Specifically, GhostConv uses grouped convolutions to replace some standard convolu-
tions, significantly reducing unnecessary computations. It substitutes some operations in
standard convolutional layers with lightweight linear operations, cutting computational
requirements by about 50%. This reduction decreases hardware performance demands and
improves the model’s suitability and inference speed in resource-limited environments.
This module reduces the number of direct convolutions, cutting computational complexity
and resource usage. It efficiently captures the vital features needed for detection tasks,
illustrating the module’s capability to balance efficiency and performance. The outcomes
confirm that the model is both lighter and more computationally efficient. Despite a slight
sacrifice in accuracy, the introduction of GhostConv crucially enhances computational
efficiency, which is vital for practical deployment.
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5.3. Comparative Experiment and Analysis of Results

In this study, the MEAG-YOLO model was evaluated alongside similar models. The
results are shown in Table 3.

Table 3. Performance comparison of object detection models.

Model Precision (%) Recall (%) F1 (%) mAP (%)

Faster R-CNN 89.7 87.8 88.7 88.6
SSD 90.6 89.4 89.9 90.1

YOLOv3 92.3 90.2 91.2 91.8
YOLOv5 94.2 91.5 92.8 93.5

YOLOv7-tiny 94.9 92.3 93.6 94.3
MEAG-YOLO 98.4 94.2 96.3 96.5

Table 3 and Figure 14 highlight significant improvements in crucial performance
indicators, including mAP, accuracy, recall rate, and F1 score, for the enhanced model. SSD
surpasses faster R-CNN in detection accuracy by directly detecting objects on multi-scale
feature maps, adeptly managing targets of various sizes. SSD concurrently processes multi-
scale feature maps, streamlining the detection workflow. It increases detection efficiency
by directly predicting categories and bounding box offsets with anchor boxes of different
sizes on each feature map layer. The YOLO series outstrips both faster R-CNN and SSD in
performance metrics. YOLOv3 employs a multi-scale prediction mechanism to maintain
high accuracy across targets of various scales, enhancing the overall mAP. It incorporates
Darknet-53, a complex feature extractor with residual connections. These connections
prevent gradient vanishing and enhance feature representation. YOLOv5’s improved
architecture allows adaptive and automatic adjustments. It employs an effective feature
extraction network and advanced multi-scale prediction, enhancing adaptation to various
target shapes and sizes. YOLOv7-tiny boasts the innovative E-ELAN network structure,
refining feature extraction and utilization to boost detection accuracy. It employs cross-scale
feature fusion to enhance feature capture and integration. Additionally, it utilizes efficient
data augmentation and optimization algorithms during training, improving generalization
and robustness. Last but not least, MEAG-YOLO integrates MSCA and optimizes the
detection head. Through the innovative design of the EC2f structure and GhostConv
module integration, feature extraction and fusion efficiency. It maintains a high mAP value,
achieving a balance between detection accuracy and lightweight design.
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Finally, Figures 15 and 16 provide a comparative analysis of the detection results
between the YOLOV8n and MEAG-YOLO models.
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Figure 15a shows YOLOv8n correctly identifying persons, safety helmets, ordinary
gloves, and armbands, with confidence levels of 0.77 for helmets and 0.56 for gloves.
Figure 15b highlights MEAG-YOLO’s improvements in detecting small items in complex
settings, increasing confidence to 0.83 and 0.68 for helmets and gloves, respectively. In
Figure 15c, YOLOv8n accurately detects people, helmets, and gloves. But this model
incorrectly identifies a background object as a “person”. The yellow dashed box highlights
this situation. Figure 15d shows MEAG-YOLO accurately identifying targets and avoiding
false alarms.

Figure 16a,c compare YOLOv8n’s and MEAG-YOLO’s detection abilities. Figure 16b,d
zoom in on YOLOv8n’s results and MEAG-YOLO’s results, respectively. It shows that
MEAG-YOLO correctly identified the missed armband, thereby addressing issues in the
original model.

6. Discussion

This paper proposes the MEAG-YOLO model for accurately and rapidly identifying
the PPE of workers in substations. The model employs specific feature extraction and
optimization strategies. This enhances detection accuracy and makes the model lightweight.
Consequently, it signifies substantial progress in the development of lightweight deep
learning models tailored for particular application scenarios.

This study delves deeply into the problem of detecting the PPE of substation workers
and proposes an improved version of the YOLOv8n model. Initially, the MSCA module
is integrated into the model’s backbone network. This approach significantly improves
the model’s ability to recognize PPE in substations. Next, to meet the requirements for
lightweight design, the EC2f structure was innovatively designed. This architecture stream-
lines feature processing while minimizing parameter count and complexity. Furthermore,
the ASFF module was introduced to enhance detection performance. This module strength-
ens feature fusion, improving accuracy and efficiency. Considering the need for efficient
computation, GhostConv was combined with YOLOv8n. This method enhances com-
putational efficiency and reduces the number of parameters by minimizing convolution
operations. The GhostConv module fundamentally reduces the computational complexity
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of convolutional neural networks by modifying standard convolutional layer operations.
Specifically, it splits traditional convolutions into pointwise convolutions for linear transfor-
mations and cost-effective depthwise separable convolutions for nonlinear transformations.
This approach decreases the model’s parameters and computational load, boosting effi-
ciency on edge devices. However, the simplified computation may compromise feature
extraction, particularly with datasets in complex weather conditions. Although standard
convolutions gather extensive feature information, the simplified approach of the Ghost-
Conv module may struggle to interact fully with all input features, potentially missing
critical details. This shortfall could marginally lower the model’s performance under severe
conditions. To address this issue, future research could consider two improvement strate-
gies. One strategy involves using both the GhostConv module and traditional convolutions
in critical parts of the model to maintain sensitivity to complex features. Additionally, intro-
ducing attention mechanisms and dynamically adjusting weight distributions can optimize
feature extraction, enhancing the capture of important information. Overall, the GhostConv
module significantly lowers computational demands, making it ideal for resource-limited,
real-time processing environments. As shown in Table 3, MEAG-YOLO excels in detecting
PPE in substation scenarios. Compared to previous studies, two-stage target detection
algorithms, such as Faster R-CNN, have shown improved performance. However, they
suffer from low computational efficiency, limited detection capability for small targets, a
large number of parameters, and slow inference. On the other hand, single-stage algorithms
like SSD can directly predict and are simpler to train, but they have lower accuracy and
limited feature extraction capability in complex scenarios. Therefore, MEAG-YOLO aims to
enhance detection accuracy in complex scenarios while reducing the number of parameters
and complexity.

However, the model proposed in this paper still has some limitations. Firstly, the
model needs large quantities of accurately annotated training data. Acquiring these data is
both time-consuming and costly, especially in substations with variable weather conditions.
Although the MSCA and ASFF modules enhance feature extraction and fusion, their
robustness under extreme weather, variable lighting, and diverse backgrounds still needs
further validation.

Future research plans to broaden the dataset to encompass scenarios such as person-
nel wearing work attire and safety belts, and to gather data under challenging weather
conditions like rain, fog, or snow. These enhancements aim to boost the model’s overall
performance. Additionally, future research aims to include more samples from edge posi-
tions to even out data distribution. Since each image can contain multiple targets from the
same category, the number of instances per category can surpass 2800. This could result in
the model performing better in these categories but worse in others. To address this issue,
strategies such as oversampling, undersampling, or adjusting category weights are planned.
These methods aim to balance the sample distribution and enhance the model’s ability
to recognize minority categories. In terms of network architecture, the MSCA module
currently shows limited robustness in handling drastic target scale variations. The ASFF
module may increase the computational load when processing high-dimensional features,
limiting the model’s deployment and application. The GhostConv module aims to reduce
computational resource consumption but may be insufficient in feature extraction when
dealing with complex features. Furthermore, the model design prioritizes lightweight and
efficiency, yet computational resource limitations are a major consideration in practical
deployments. In edge computing environments, the limited processing power and storage
of processors can further affect model performance. While the GhostConv module reduces
computational resource use, its ability to extract features from large, complex images may
be insufficient, potentially impacting application outcomes. Despite the MEAG-YOLO
model’s strong test performance, future work will explore additional optimization strate-
gies, such as enhancements to algorithms and network structures, to boost the model’s
generalization capabilities and practical utility.
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In the future, the research will incorporate imagery captured in diverse weather
conditions. This will be performed by generating images with GAN networks. The
study also intends to develop layered or recursive attention structures to increase the
efficiency of feature extraction. A key focus will be on devising effective multi-scale feature
fusion strategies, aiming to more adeptly amalgamate information across various scales.
Meanwhile, the research plans to optimize grouped convolution strategies and introduce
efficient activation functions to enhance feature extraction efficiency. Furthermore, this
study will consider knowledge distillation strategies to reduce parameter counts and
computational requirements. This approach will enhance the model’s applicability with
limited hardware resources.

The model proposed in this study demonstrated outstanding performance in testing
datasets. However, its practical value hinges not just on performance but also on scalabil-
ity across different environments, ease of deployment, and integration capabilities with
existing systems. Future studies will assess the model’s scalability on large datasets and
multiple computing platforms. This evaluation will illuminate how the model performs
under increasing data loads and computing demands, providing insights for further re-
finements. Deployment challenges include ensuring hardware compatibility, managing
software dependencies, and simplifying maintenance. It is also essential to safeguard user
data privacy and security during operation. Moreover, effective integration of the model
is critical. It enhances practical deployment and fosters collaboration with other systems,
boosting security measures.

The MEAG-YOLO model proposed in this study performed excellently on a custom
dataset. It also reduced complexity. Future studies will comprehensively evaluate the
model’s practicality and applicability. They will test its scalability and efficiency on different
dataset sizes and hardware configurations. Larger datasets require longer training times,
but parameter adjustments help maintain the model’s consistent performance. This shows
strong adaptability. Optimizing algorithms and refining the model’s structure can greatly
enhance computational efficiency and reduce resource demands. The model’s adaptability
allows it to operate efficiently across various hardware settings, even with limited resources.
These efforts will provide vital insights for further development and optimization of the
model. They will also lay a solid foundation for future research into the diversity and
challenges of real deployment scenarios.

7. Conclusions

This study proposes a lightweight and efficient MEAG-YOLO model to enhance the
accuracy of detecting the PPE of substation workers. Initially, the model integrates the
MSCA module, optimizing feature extraction for targets of various scales in complex
backgrounds. This approach improves detection performance. Secondly, inspired by
the ECA mechanism, this study innovatively designed the EC2f structure, effectively
enhancing the efficiency of key information extraction and detection accuracy. Furthermore,
improvements were made to the model’s PAN structure to further boost performance. This
effectively integrates information from targets of different scales, enhancing feature fusion
capabilities. Finally, the combination of GhostConv with YOLOv8n reduces the model’s
complexity and makes it lightweight. Experimental results demonstrate that MEAG-YOLO
improves mAP by 2.4% and reduces model parameters by 6.7%. Compared to other
mainstream target detection algorithms, this model demonstrates superior efficiency and
accuracy. These qualities are essential for improving safety monitoring in substations and
reducing accident risks among power grid workers. However, it is important to note that
the dataset used in this study did not cover complex weather conditions. Future research
will concentrate on enhancing both accuracy and speed of detection, as well as applying
the model to devices such as inspection robots. Future efforts will aim to improve the
MEAG-YOLO model’s detection abilities in different weather conditions. They will also
work on integrating the model more effectively into automation robots used in the power
industry. Additionally, research will address the balance between model complexity and
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detection efficiency in environments with limited resources to ensure the model performs
reliably and can be practically deployed.
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