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Abstract

Aiming at the establishment of a new generation of substation auxiliary equipment
detection platform intelligence, this study proposes a power production industry
personnel safety wear detection technology based on improved Yolov5-C3CA to meet the
demand. First, the network performance is improved by adding the CA attention
mechanism module to Yolov5s network; moreover, the CA module is modified to C3CA
module and added to the model for more effective addition of the attention mechanism;
finally, the AFPN network structure is used to replace the original feature pyramid
network structure, which further effectively improves the utilization efficiency of
shallow and deep features. The experimental results show that the mean average
accuracy of the designed network is improved by 3.9% to 93.1% compared with the
original network, and other evaluation indexes are also improved. It can be seen that the
model modification in this paper has improved the performance of the detection
network, and the improved network meets the requirements of the new generation of
substation auxiliary equipment detection platform, which has a positive effect on the
safety and reliability of the power production industry.
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1. Introduction

With the continuous development of the power system, the construction of the new generation
of substations needs to integrate more artificial intelligence technology. And the safety of power
production scene has always been a hot issue of concern in the power industry, and the
detection of safety wear has an important research significance for guaranteeing the safety of
the personnel in the power industry and the safe operation of the power production scene.
Therefore, this paper designs a target detection technology based on YOLOv5-C3CA for safety
wear in power production scene.

The current rapid development of deep learning in natural language processing[1] image
recognition[2] image segmentation[3] and image segmentation, etc. It has shown its excellent
performance in many fields. It also improves a new path for safety wear detection based on
deep learning. This study is oriented to the problem of safe wear in power production scenarios,
and proposes the research of safe wear based on YOLOvV5 improved network target detection
technology, aiming at solving the problem of safety hazards in the power production industry,
and improving the safety of the power production industry . Image-based target detection
technology has been widely researched in the power industry, and the main methods are
traditional image processing and machine learning[4] . Wang [5] inspection of high voltage
transmission towers by yolov3 in a home-made high voltage transmission tower dataset,
Kang[6] detects the wearing of helmets of personnel in the electric power industry through
yolov4 in the homemade dataset. In order to enhance the detection model capability, many
scholars have also proposed various improvements to the detection framework, Souza[7]
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detects transmission lines through YOLOv5 and then classifies the detected objects through
ResNet-18 classifier, which gives better F1 scores than the results of the original model, and
deploys the designed model to UAVs. Qi[8] For the problem of dense and small targets of safety
helmets, the SSP (Spatial pyramid pooling) module is optimized based on YOLOvV5, a shallow
fusion channel is added to the fusion layer, and finally the CA attention mechanism is added to
the image input module so that the detection network focuses on the positional information of
the target object earlier. Although the above improved algorithm involves many directions for
safety detection in the power industry, the current research content for personnel safety wear
is mainly focused on the detection of safety helmets, and the research on the detection of other
safety wear is relatively small.

Therefore, this paper proposes a more complete detection method for the safety wear of the
personnel in the power industry. This study realizes the safety and security of the personnel in
the power industry through safety wear detection. The main work and contribution of the study
includes:

1. A new secure wearable dataset is collected and organized for training the network. The dataset
consists of a total of 6,641 sheets with the labels "helmet", "boot", and "reflective vest", of which
the number of helmet labels is 12,226; the number of boot labels is 2,081; and the number of
reflective vest labels is 4,171.

2. In order to enhance the network detection capability, this design adds CA attention module
to the backbone network and allocates attention resources to critical areas, thus reducing the
background interference in complex environments.

3. In order to better combine the CA attention mechanism, this design combines the CA
attention mechanism to design the C3CA module to replace the C3 module in the YOLOv5
network, which improves the detection capability of the network.

4. In order to enhance the network ability to detect small targets, this design replaces the
feature fusion layer with AFPN fusion network to realize the enhancement of small target
detection ability.

2. Yolov5 Target Detection Algorithm
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Figure 1. YOLOVS5 network architecture diagram
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Yolov5 is a deep learning based target detection algorithm based on the YOLO (You Only Look
Once) family.[12,11,10,9] (You Only Look Once) family of target detection algorithms, which is
a deep learning based detection algorithm.Yolov5 adopts a lightweight architecture with higher
speed and accuracy. It mainly consists of Input, Backbone and Head. The Input segment
employs Mosaic operation, Adaptive Anchor Frame, and Adaptive Picture Size in three ways to
enhance the data. Backbone network is simplified to be spliced by three modules including
Conv, C3, SPPF (Spatial Pyramid Pooling).

The SPPF module is a modification of the SPP[13] (Spatial Pyramid Pooling) improvement. The
detection head part includes a neck feature fusion part and a detection part. The feature fusion
layer adopts the PANet[14] (Path Aggregation Network) network structure, which is based on
the FPN[15] (Feature Pyramid Network) network, which is based on FPN and adds a bottom-
up path. The structure of Yolov5 network is shown in Figure 1.

3. Module Improvements

3.1. Introduction of Attention Mechanisms

Due to the complexity of the power production environment and the background interference,
this paper chooses to opt for the inclusion of the attention mechanism to improve the target
detection effect. Attention modules commonly used in the feature backbone network layer and
feature fusion network layer are: SE[16] (Squeeze and excitation), CBAM[17] (Convolutional
block attention module), BAM[18] GAM (Global Attention Mechanism).[19] (Global Attention
Mechanism), CA[20] (Coordinate attention), ECA-Net[21] (CA).

Where CA positional attention decomposes channel attention into two 1-dimensional features
by aggregating features along 2 spatial directions respectively. It captures remote
dependencies along one spatial direction, while it can retain precise location information along
the other spatial direction. The generated feature maps are then encoded as a pair of direction-
aware and location-sensitive ATTENTION MAPS, respectively, which can be applied
complementarily to the input feature maps to enhance the representation of the object of
attention. In this paper, we choose to use the CA attention module, as Figure 2 shown.

The X-scale of the input feature map is C(the number of channels of the input feature
map)*H(the height of the input feature map)*W/(the width of the input feature map), firstly, the
global average pooling from the direction of the height and width of the two dimensions to get
the z" e R“"" and z" e R“"" feature maps; and then, the z" feature map is permuted, and the z”

spliced together, and then the 1*1 convolution kernel is used for the downscaling to get the
feRITUIHDT feature map, which also includes the nonlinear operation to improve the

nonlinear expression capability. Enhance the nonlinear expression ability; finally, along the
spatial dimension, the /' feature map is split into /" e R“""" and " e R“""" , and then the 1*1

convolutional transform F, and F, are used to carry out the dimensionality upgrading
operation, and the final attention vectors g" e R““" and g” e R“"" are obtained through the

activation function sigmoid, as(1) The final attention vectors and are obtained through the
activation function sigmoid, as shown.

g'=a(F,(f")

, . (1)
g" =o(F,(f")
where o is the sigmoid function. The final CA output equation is
Y6, ) =536, N* g () * g () (2)
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Figure 2. Flowchart of the CA network

3.2. Modification of the C3CA Backbone Network Module

In order to better incorporate the attention mechanism, this paper replaces the C3 module in
the backbone network with the C3CA module with attention mechanism, and the improvement
effect diagram of this module is as follows Figure 3 shown. Replacing the Bottleneck module in
C3 with CA Bottleneck module, the idea of CA Bottleneck module comes from CA attention
module. The most advanced part of its module idea is to convert the traditional global pooling
operation into two one-dimensional feature tensors by dividing it more carefully into
horizontal pooling and vertical pooling.
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Figure 3. C3CA module

3.3. Asymptotic Characteristic Pyramid Network

In YOLOvV5 algorithm, the feature pyramid structure is located in the Neck fusion layer
part.YOLOVS5 previously used FPN feature pyramid as in Figure 4 (1) shows, its a technique used
to deal with multi-scale target detection because the size and position of the object in the image
is uncertain so a mechanism is needed to deal with targets of different scales and sizes.

Although this fusion mechanism improves the use and fusion of features, it does not learn the
features with larger contributions for fusion. In order to better fuse the feature information at
each scale Liu[22] proposed the PANet structure, whose main idea is to add a bottom-up fusion
path on the basis of the FPN network, and its structure is as follows Figure 4 (2) shows

Although PANet obtained better accuracy than FPN fusion network, but at the cost of more
parameters and computation, in order to improve the model , Tan[23] proposed the design of

13



Scientific Journal of Technology Volume 6 Issue 3, 2024
ISSN: 2688-8645

a weighted bidirectional feature pyramid network (Bi FPN), which allows for simple and fast
multiscale feature fusion with a unified composite scaling method for scaling the resolution,
depth, and width of all the backbone, feature networks, and box and class prediction networks.
For multiscale fusion, the authors of propose a simple and efficient weighted (similarly to
ATTENTION) bi-directional feature pyramid network (BiFPN), which introduces learnable
weights to learn the importance of different input features, while iteratively applying top-down
and bottom-up multiscale feature fusion. Its network structure is shown in Figure 4 (3) shows.

In the process of feature fusion, the semantic information between non-adjacent scale features
is not effectively fused, so Yang[24] proposed AFPN (Asymptotic Feature Pyramid Network)
fusion network, which improves the semantic fusion ability of the network by iteratively fusing
low-level and high-level features to generate richer feature maps. The network structure is
shown in Figure 4 (4) shows . The comparative experiments show that Table 6, in this paper,
we choose to use AFPN fusion network for model modification.

Figure 4. Schematic diagram of the structure of the feature fusion network

4. Experimentation and Analysis

4.1. Data Set

Due to the limited number of open source datasets for this type of scenario and the limited
number of labeling categories, this paper uses both web-collected and autonomously-collected
datasets to build the Safety wear Dataset. It contains 5427 web-collected images and 1214 self-
collected images, totaling 6641 images. And Labellmg is used to label the self-made dataset in
YOLO format, in which there are three labels, namely: "helmet", "boot", "reflective vest", in
which the number of helmet labels is 12,226; the number of boot labels is 2,081; the number of
reflective vest labels is 4171.

4.2. Evaluation Criteria for Experimental Equipment and Network Model
Parameters

4.2.1. Experimental Equipment

The hardware and frame parameters of this experimental server are as follows Table 1 shows.

Table 1. Server parameters

sul .
manipulate frame CPU random access GPUs display
systems memory (RAM) memory
Ubuntu Pytorch Intel(R) Xeon(R) RTX 3080
42G . 12GB
18.04.5 1.13.0 Platinum 8350C Ti

14



Scientific Journal of Technology Volume 6 Issue 3, 2024
ISSN: 2688-8645

Table 2. Network training parameters

imgsz epochs Ir0 Irf batch-size

640x640 100 0.01 0.01 16

4.2.2. Network Parameter Setting

The YOLOv5-based network training hyperparameters are set as in Table 2 is shown. where
imgsz denotes the size of the training images; epochs denotes the number of network training
rounds; Ir0 denotes the initial learning rate of network training; Irf denotes the periodical
learning rate of network training; and batch-size denotes the number of images that are passed
into the network training each time.

4.2.3. Evaluation Criteria

In order to evaluate the performance of the model and the accuracy of image detection for
safety wearable devices, this paper adopts mean average precision (mAP), precision (P), and
recall (R) as the evaluation metrics. The formulas are shown below.

TP
TP+ FP

AP = j; P(R)dR

Precision(P) =

Recall(R) = —11— (3)
TP+ FN
2 AP
mAP ==L
m

where TP (true positives) denotes the amount of positive categories judged as positive, i.e.,
correctly predicted in the model; FP (false positives) denotes the amount of negative categories
judged as positive, i.e., incorrectly predicted in the model; FN (false negative) denotes the
amount of positive categories judged as negative, i.e., the amount of otherwise positive samples
that were incorrectly detected in the model; AP is the area enclosed by the P-R curve (P is the
vertical coordinate and R is the horizontal coordinate), and mAP is the mean value of the
average precision AP across all categories, where m is the number of detected categories.

4.2.4. Model Selection

There are four choices of YOLOv5 algorithmic models: the YOLOv5s, YOLOv5n, YOLOv5m, and
YOLOVS5], of which all four are based on the extension of the YOLOv5s model. According to the
experiments obtained Table 3, this design chooses to use YOLOv5s model as the base network
for network improvement, and all the following use YOLOv5s model as the base model.

4.3. Experiments to Introduce Attention Mechanisms

4.3.1. Backbone Network

By adding different attention mechanisms into the YOLOv5s backbone network, we get Table 4
Experimental results, through the experimental results, it can be seen that the introduction of
the attention mechanism has a great improvement on the performance of the detection
network, and there is a significant improvement in the results of the correct rate, the recall rate
and the mean evaluation precision. And it is found that the referencing effect of CA positional
attention mechanism is better than the referencing effect of attention such as SE, CBAM, GAM,
etc. Therefore, in this paper, the CA attention mechanism is referenced to effectively improve
the network's anti-jamming ability as well as to improve the network's feature extraction
ability.
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Table 3. Results of yolov5 model comparison experiments

Model PR . P R
mAP@0.5/% Precision/% Recall/%

yolov5l 84.4 91.9 90

yolovSm 86.7 97.1 88

yolov5n 87.3 96.1 91

yolov5s 88.8 97.6 90

Table 4. Comparative experimental results of different attention mechanisms added to the
backbone network

Model PR P R
mAP@0.5/% Precision/% Recall/%
YOL
OLOVvSs 90.2 94.3 86.7
+CBAM
YOLOv5s
. 2. 7
+GAM 89.5 92.3 8
YOLOv5s
89.6 95.3 88.4
+SE
YOLOvSs 89.7 92.1 89.4
+CA

(a) (b) ()

Figure 5. Comparison of the effect of introducing CA mechanism network detection

Figure 5 (a) shows the original image. Figure 5 (b) shows the network detection effect of the
original YOLOv5s, which shows a leakage in the recognition of secure wearable devices with
fuzzy problems. Figure 5 (c) shows the introduction of CA attention mechanism network, which
can also achieve effective detection for the security wearable device target with fuzzy problem,
so the reference of CA attention mechanism effectively improves the model's utilization of
location information, greatly enhances the model's anti-interference ability, reduces the
leakage rate, and improves the detection effect.

4.3.2. Modify the Backbone Network Module

From the above experiments, it can be seen that the introduction of CA attention mechanism
has significantly improved the detection effect of the network, in order to better introduce the
CA attention mechanism, this experiment modifies the C3 module of the YOLOv5s detection
network into the C3CA module which adds the CA attention mechanism. Through the
experiment, the results are obtained as Table 5.

As a result, it can be seen that the network after adding the C3CA module improves the mean
average precision by 1.1% over the original network, improves the correct rate by 2.6% over
the original network, and improves the recall rate by 3.2%. It can be seen that by modifying the
C3 module in the backbone network and adding in the CA attention idea has a significant effect
on the improvement of the network.
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Table 5. Experimental results of adding C3CA module

Model PR P R
mAP@0.5/% Precision/% Recall/%
YOLOv5s 89.2 89.7 86.2
YOLOv5s
+C3CA 90.9 92.3 89.4

Table 6. Experimental comparison of improved fusion feature layers

Model PR P R
mAP@0.5/% Precision/% Recall/%

YOLOVS

+ASl:FS 89.5 90.1 87
YOLOVS

+BiF;’NS 92.2 90.2 86.7
YOLOVS

+AF];’NS 92.7 90.4 86.9

(a) (b) (e)
Figure 6. Experiments with contrasting feature fusion layers

4.4. Experiments with Asymptotic Characteristic Pyramid Networks

As Table 5 As shown in Table 35, the fusion networks in the Neck layer are replaced by ASSP,
Bi FPN and ASPN in the original network, which are adaptive spatial feature fusion network,
weighted bidirectional feature fusion network, respectively.[25] AFPN, weighted bidirectional
feature fusion network Bi FPN and asymptotic feature fusion network ASPN. It is found that the
model using AFPN has the most obvious improvement in all indexes, and is better than the
model adding ASSP and BiFPN, Therefore, AFPN is chosen as the feature fusion network in this
paper. The asymptotic fusion of deep and shallow features by this fusion network makes the
features fully utilized and provides effective support for the model to improve the detection of
secure wearable devices.

Figure 6 (a) shows the original YOLOv5s detection effect. Figure 6 (b) shows the effect of
introducing AFPN detection. The model replacing the AFPN fusion network recognizes the
target more accurately and with higher confidence, which also indicates that the asymptotic
fusion of high-level features in the AFPN feature fusion layer has improved the performance of
the detection model .
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4.5. Ablation Experiment

As shown inTable 7, through the introduction of C3CA coordinate attention mechanism module
and AFPN feature fusion network module, the YOLOv5s algorithm model is improved in all the
indexes, and it can be seen from the experimental data that the introduction of the C3CA
coordinate attention module has improved the accuracy of the detection network; and secondly,
through the change to the AFPN feature fusion neck to effectively improve the utilization rate
of the network feature fusion, and effectively improve the utilization efficiency of the whole
network on features to achieve better detection effect.

Table 7. Results of ablation experiments

AP
Model | CA | C3CA | AFPN | GFLOPs | Parameters/10° helmet | boot reil/eecsttive mAPéL))F({).S/% PrecisFi)on/% Rec;l/%
Origin 16.0 7.0 914 | 886 87.6 89.2 89.7 86.2
1 v 16.0 7.1 91.6 | 89.1 88.4 89.7 92.1 89.4
2 v 15.5 6.7 91.7 | 90.1 90.9 90.9 923 89.4
3 v 16.6 7.2 929 | 904 94.7 92.7 90.4 86.9
4 v v 155 6.8 91.6 90 92 912 93.9 88.4
5 v v 16.6 7.2 93.3 91.1 94.6 92.5 94.5 86.9
6 v v 16.1 6.9 937 | 90.9 95 93.2 92.5 87.2
7 v v v 16.1 6.9 94.6 | 91.2 95 93.6 91.3 89.2

Table 8. Mainstream algorithm comparison experiments

Model PR . P R
mAP@0.5/% Precision/% Recall/%

SSD 78.2 67.3 67.5
Efficient Det 84.3 86.2 76.3
YOLOv3 83.5 82.3 79.7
YOLOv4 82.3 74.4 77.3
YOLOv5 89.2 89.7 86.2
Ours 93.6 91.3 89.2

4.6. Comparison Experiment

In order to evaluate the network model performance more objectively, the SSD[26] ,
EfficientDet [23], YOLOv3[11] YOLOv4[12] YOLOv5, YOLOvV5 and the improved model of this
paper are compared, and the results are shown in Table 8, which shows that the model of this
paper is better than other mainstream detection network models in all the indexes, which also
indicates that the modification of the attention mechanism and the asymptotic feature fusion
mechanism has a great effect on the performance enhancement of the YOLOv5s network model.

5. Summarize

In this paper, we propose a YOLOv5-C3CA network for detecting safe wear of personnel in
power production industry. The network detection accuracy is effectively improved by creating
a homemade safety wear dataset, adding the CA attention mechanism to YOLOv5s network and
replacing the backbone network C3 module with the C3CA module; and replacing the feature
fusion network structure with an AFPN. It is concluded through experiments that the addition
of C3CA attention module and the replacement of AFPN fusion network have a great effect on
the optimization of the original network, and significantly improve the recognition rate of
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security wearable target detection. The method of this paper can quickly and accurately detect
the personnel safety wearing situation, thus reducing the power production industry personnel
due to unsafe wearing and causing accidents.
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