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Given a large number of network parameters of the existing security wear detection, it is difficult to run on the embedded
platform. Based on the idea of deep separable convolution, a lightweight security wearable target detection network based on
improved YOLOv5 is proposed. Specifically, the feature extraction network structure of YOLOv5 is lightweight improved to
reduce computation of the proposed model, including the increase of the number of network layers and decrease of the
number of parameters. In addition, an attention mechanism is introduced to weigh different channels of the feature map to
improve detection accuracy. The model has been tested on PASCAL VOC dataset and security wear dataset. The experimental
results show that the size of the proposed model is 8.0MB, the number of parameters is 7:5∗105, and the number of FLOPs is
7:5∗105. Compared with the YOLOv5 model, the required memory is reduced by 44.8%, and the number of parameters
decreased by 45.58%, FLOPs decreased by 54.54%. Accordingly, the results have demonstrated that the proposed method can
significantly improve the detection speed while maintain the accuracy. Especially, we have successfully deployed the proposed
model in the high-speed detection of security wear.

1. Introduction

Target detection is a classical task in the field of computer
vision, such as scene content analysis and understanding
[1]. In recent years, more and more artificial intelligence
research has been applied to various intelligent systems to
obtain greater benefits [2]. For example, radio frequency
identification networks are widely used in the applications
of the Internet of things (IOT) [3], biomedical domains
[4], including retail production monitoring, supply chain
management, localization, and navigation. However, for
engineering industries such as steel mills, the production
site is relatively fixed. Most of the work and business of
construction enterprises take place on the construction site,
but there are always many problems in the management
and supervision of the construction site, such as difficult
safety management, difficult monitoring of accidents that

hide dangers, and difficult monitoring of work progress
on the construction site. Generally, the larger the scale
and the more complex the process of the project, the
greater the requirements for the supervision and manage-
ment of the construction site, and the greater the difficulty
of management. With the development of science and tech-
nology, intelligent factories have become an important part
of intelligent city construction and a typical application of
AI, IOT, and other technologies in traditional engineering
industries [5]. Many companies promote this technology
and products on social networks, which can help users real-
ize more intelligent and standardized management of per-
sonnel, mechanical equipment, materials, and materials on
the construction site [6].

An intelligent factory changes passive monitoring into
active monitoring in the form of visualization and data. As
a result, the multilevel and all-around real-time monitoring
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of project progress and standardized civilized construction
will be carried out. This way can provide prewarning of
the abnormal accidents and quickly analyze the accident,
which will keep the factory safe and improve the efficiency
of the management of the factory. As a part of smart con-
struction sites, security wear detection is becoming the stan-
dard configuration of AI+ smart construction sites. In areas
prone to falling objects, such as steel plants, power plants,
construction sites, coal mines, and smelting, operators must
wear safety helmets and protective clothes. Due to the lack of
standard wearing of protective clothing and safety helmets,
accidents such as falling object impacts, collisions, scalds,
and smashes will cause great harm to the lives and safety
of workers, while safety accidents on the construction site
due to the lack of safety helmets and protective clothing
occur frequently. At the beginning of the 20th century, safety
helmets were gradually used on construction sites, reducing
the annual accident death toll to less than 2.5%, which
proved that wearing safety helmets correctly can effectively
reduce risks [7]. However, for a long time, people in con-
struction areas in China generally have had a weak aware-
ness of self-safety protection [8] and often fail to realize
the importance of wearing safety helmets. According to the
data survey, among the 42 major accidents in the construc-
tion industry in 2016, the casualties caused by collapse
accounted for 84% of the total casualties, a large part of
which was due to the failure to wear protective measures
such as safety helmets and protective clothing. Helmets
and protective clothing are important protective tools for
factory workers at the construction site, but many workers
choose not to wear them because of the lack of comfort in
helmets and cumbersome wearing of protective clothing,
which will endanger the lives and safety of workers [9].
Therefore, it is important to check whether factory workers
are wearing safety protection equipment correctly in real
time. However, the working environment in some factories
is very dangerous, so it is not suitable to use the manual area
for real-time inspection and management. Therefore, con-
sider using machines instead of manpower for security wear
detection. These protective tools can prevent safety accidents
to a certain extent and ensure the physical safety of factory
workers. With the development of powerful computing
power ES (Edge Storage) (ES means the edge storage, which
is a tool to directly store data during the data collection.)
[10] and computer vision, unmanned intelligent security
detection methods have attracted people’s attention because
of their advantages of low detection cost and high efficiency
[11]. Security wear detection has been studied by many
scholars at home and abroad because of its complex working
environment, shooting angle, distance from the target, and
so on. Most researchers use the helmet as the primary
research object. There are many types of research on
helmet-wearing detection at home and abroad, mainly
including the following two ideas.

The first method is through machine learning or deep
learning algorithms. During the traditional helmet-wearing
detection, the position of workers, pedestrians, faces in the
image, or the position of the image foreground information
is firstly extracted. Then, the extracted information is used to

infer whether the target exists in the approximate area of the
image. Finally, the circular Hough transform or SVM is
applied to judge whether there is a helmet in this area. The
traditional helmet-wearing detection algorithm mainly rec-
ognizes color and shape features. As discussed by Li [12], it
was proposed to study how to locate the head area and cal-
culate the color characteristics of the helmet to detect it.
Liu and Ye[13] proposed using skin color to locate the face
and intercept the area above the face, then taking the
extracted Hu moments (Hu moment is a two-dimensional
moment invariant theory [13] with a good invariance and
anti-interference on the rotation and scaling changes of tar-
gets in an image, which is commonly used to effectively
reflect the essential characteristics of the image [14].) [14]
as the feature, and finally using the Hu moment feature
extracted by SVM training to obtain the classifier that can
detect the helmet. As discussed by Park et al. [15], they used
the hog feature in the pedestrian detection stage, the color
histogram in the helmet detection stage, and the spatial
matching relationship between the human body and the hel-
met to judge whether the personnel were wearing the hel-
met. Feng et al. [8] proposed detecting the foreground with
a Gaussian mixture model, then dealing with the connected
domain, detecting the human body with a model-based
method, and detecting the helmet with a SIFT feature and
color statistical feature. Rubaiyat et al. [16] proposed com-
bining the hog feature and the frequency domain informa-
tion of the image to detect the workers, and then using the
circular Hough transform and color information to judge
whether a person is wearing a hat. Hence, the learning
mechanisms of the individuals played a significant role in
the algorithm’s performance [17].

In a second way, the object detection algorithm based on
a deep convolution network is used to train on the dataset to
establish the model and to detect and identify the security
wear of construction personnel. Huang and Pan [18] pro-
posed using a parallel network to detect the human body
on LeNet and then detect helmets through color features.
Fang et al. [19] realized the detection of personnel’s
helmet-wearing in surveillance video by improving Faster
R-CNN. As discussed by Zhang et al. [20], who proposed a
helmet-wearing detection algorithm combining OpenPose
and Faster-RCNN. First, OpenPose is used to detect the
head and neck of people, and then, Faster-RCNN is used
to detect the helmet in the image. Finally, the spatial rela-
tionship between the head, neck, and the helmet is analyzed
to judge whether people wear the helmet. Zhang and Xu[21]
improved SSD, used VGG as the backbone, chose the Adam
optimizer to accelerate convolutional neural network con-
vergence, and improved helmet-wearing detection accuracy
by using characteristic diagrams of different scales. Fang
et al. [22] improved its network structure based on the
YOLO v2 target detection algorithm. By adding dense blocks
to the original YOLO v2, the sensitivity of the network to
small target detection is improved. Then, the deep separable
convolution is used to compress the network, which
increases the availability of the model. As discussed by
Zhang et al. [23], they realized the detection of workers’
helmet-wearing in the monitoring video through Faster-
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RCNN. Wang [24] obtained the construction worker identi-
fication network and helmet identification network by
improving the YOLO network structure, trained the network
to obtain the generalization model, and then conducted
semisupervised online learning on the obtained model, to
obtain the helmet-wearing detection algorithm with high
accuracy.

Compared with traditional algorithms, deep learning
image recognition can extract more accurate image features
and has a stronger recognition ability. However, the image
recognition algorithm of deep learning needs to train on a
large number of training datasets to learn the model weight,
so an important premise of deep learning is to label the data-
set. To solve the problems of large consumption of human
and material resources and easy inspection gaps in manual
supervision in the special working environment of some fac-
tories, after selecting the data collected by a factory for label-
ing and adding some filtered data from the open-source
dataset HWD, the labeling data is added again to form a
new security wear detection dataset. The target detection
algorithm YOLOv5 is used to train and learn on the security
wear detection dataset, and the security wear detection base-
line model is established. In recent years, deep learning has
become one of the most popular research methods for target
detection because of its high accuracy and strong robustness.
As discussed by Li et al. [11], they use the SSD [25] model to
detect whether the helmet is worn. At present, the target
detection algorithm based on deep learning mostly lays
anchor frames of different sizes on the image and realizes
target detection through regression and classification anchor
frames. According to the generation method of the regres-
sion box, it is mainly divided into two stages and a single
stage. The two-stage detector, such as Faster-RCNN [26],
has high accuracy, but the detection speed is slow. Single-
stage detectors, such as the YOLO deep learning algorithm,
are particularly attractive because of their good recognition
performance. Since the YOLO v1 [27] model in the field of
target recognition was proposed by Redmon in 2016, the
YOLO series has been constantly innovating. The YOLO
v2 [28] model, YOLO v3 [29] model, YOLO v4 [30] model,
and YOLO v5 are the new versions of the YOLO series. The
innovative products are continuously integrated based on
the YOLO series. In many current application scenarios, a
problem usually involves multiple conflicting targets and is
usually subject to a given set of constraints [31]. This paper
selects the detection speed as the evaluation. Among them,
the YOLO v5 model has the best performance and is suitable
for practical engineering applications. The official YOLO v5
target detection network has given four network models:
YOLO v5s, YOLO v5m, YOLO v5l, and YOLO v5x. The
YOLO v5s network model is a YOLO network with the
smallest depth and feature map width among the four sizes.
Therefore, this paper uses the YOLO v5s detection network
as the benchmark for security wear detection.

2. Related Work

2.1. The YOLO v5method. In 2017, the YOLO algorithm was
optimized by Redmon and Farhadi [29]. Specifically, the

convolution layer is used to replace the full connection layer
on the basis of the idea of an anchor box in Faster-RCNN
[26]. In addition, a BN (Batch Normalization) [32] layer is
added to the convolution layer to further improve the detec-
tion effect, such as accuracy and speed. The architecture of
YOLO v5 is shown in Figure 1. The YOLO v5 network con-
sists of three parts: the backbone network, the neck, and the
output. The main part focuses on extracting the feature
information image from the input, fusing the extracted fea-
ture information to generate three scale feature maps, and
the output part detects the object from these generated fea-
ture maps.

In the process of target detection and processing, the
YOLO v5 algorithm adds a mosaic data enhancement func-
tion in this part of the data input. The backbone mainly
adopts the Focus structure, SPP structure, and Bottle-
neckCSP structure. Add the FPN+PAN (path aggregation
network) structure to the neck. In the new version of the
YOLOv5 network, the author transforms the bottleneck
CSP (bottleneck layer) module into the C3 module. Its struc-
ture and function are the same as that of CSP, which
includes three standard convolution layers and multiple bot-
tleneck modules.

The difference between the C3 and CSP modules is that
the Conv module after residual output is removed, and the
activation function in the standard convolution module after
the Concat module is also changed from LeakyRelu to SiLU.
This module is the main module for learning the residual
characteristics. Its structure is divided into two branches.
One uses multiple bottleneck stacks and three standard con-
volution layers, while the other passes through only one
basic convolution module, finally concatenating the two
branches. In the YOLOv5s network model, the size of the
image input is 3 × 640 × 640, and the characteristic image
with a size of 12 × 304 × 304 is converted through one focus
slice operation, and then, it is converted into the characteris-
tic image with a size of 32 × 304 × 304 through the ordinary
convolution operation of 32 convolution cores.

2.2. Mosaic Data Enhancement. Mosaic [33] data augmenta-
tion is an advanced data augmentation method. The basic
strategy of Mosaic data augmentation is to stitch together
four security wear images and then perform data augmenta-
tion operations such as random scaling, random cropping,
and random placement.

The advantages of mosaic data enhancement are as fol-
lows: there is no need to increase the size of the minibatch
because Mosaic data augmentation can enrich the back-
ground and target of the security wear inspection object
when calculating batch normalization. The GPU can calcu-
late the data of four security wear images at a time, so that
it can obtain a better detection effect. The security wear data-
set used for detection can be significantly increased, making
the network more robust. The function of the GPU can be
simplified, and the performance can be greatly improved.
An example of a security wear image enhanced by Mosaic
data is shown in Figure 2. The images enhanced by Mosaic
data are beneficial for better fitting the images in the training
set during the training process. Mosaic data enhancement
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strategy is a training strategy that can improve the perfor-
mance of the model, but it only needs to consume a little
cost.

2.3. Loss Function. The calculation of loss in the YOLO series
is based on objective score, class probability score, and
bounding box region score. In this prediction, the loss func-
tion of the boundary anchor box is improved from CIOU
(complete IOU) loss to a generalized IOU loss. The weighted
NMS (Nonmaximum Suppression) operation is used to filter
multiple target anchor frames. YOLO V5 uses GIOU loss as
the loss of bounding box. The code uses nn. BCEWithLogit-
sLoss or FocalLoss evaluates the class loss and confidence
loss of the target frame and prediction frame. The change
of a parameter will have a great impact on the loss function
[34]. The formula for BCELoss is as follows.

BCELoss = −
1
n〠 yn × ln xn + 1 − ynð Þ × ln 1 − xnð Þð Þ: ð1Þ

In Equation (1), y is the target and x is the output value
of the model.

The YOLO v5 code uses the IOU index to evaluate the
position loss of the target frame and prediction frame. The

YOLO v5 code selects the prediction box corresponding to
the real box with the aspect ratio, and each real box corre-
sponds to three prediction boxes. The YOLO v5 code uses
the IOU value to evaluate the position loss between the pre-
diction frame and the real frame. This paper introduces the
CIOU index. Equation (2) is as follows.

GIOULoss = 1 − CIOU = 1 − IOU −
Distance22
Distancec2

−
v2

1 − IOUð Þ + v

� �
:

ð2Þ

In Equation (2), IOU is the call union ratio of the predic-
tion frame and the real frame. v is a parameter to measure
the consistency of the aspect ratio.

3. Lightweight YOLOv5 Model

3.1. Depth-Wise Separable Convolution. Deep separable con-
volution is one of the methods that can miniaturize the net-
work model at present. Depth-wise separable convolution is
to decompose the standard convolution into two steps. In
the first step, a convolution check should be applied to a
channel, and a channel is extracted by only one convolution
kernel. In the next step, n 1 by 1 convolution kernels are
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Figure 1: The architecture of the YOLOv5 method.
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used to connect the feature mapping obtained from the
previous step to maintain the integrity of features [35].
The structure of deep separable convolution can reduce
output channels and realize cross-channel information inte-
gration at the same time, keeping the algorithm performance
unchanged while reducing the number of parameters [36].
Figure 3 shows the standard convolution and depth-wise
separable convolution.

The ratio of parameters of depth-wise separable convo-
lution to traditional standard convolution is shown in
Equation (3).

Dk ×Dk ×M × 1 + 1 × 1 ×M ×N
Dk ×Dk ×M ×N

= 1
N

+ 1
D2
k

: ð3Þ

In the formula, Dk is the size of the convolution ker-
nel. M is the input channel. N is the output channel.
The deep separation convolution layer is used to replace
the standard convolution layer in the convolution network
model, which shows the amount of calculation required to
convolute the same image to obtain the same dimensional
image features is greatly reduced (see Figure 3). The
advantage of deep separable convolution over conventional

convolution is that it can significantly reduce the number
of parameters.

In the new version of the YOLOv5 backbone, the author
uses four-slice operations in the upper structure of feature
extraction to form the Focus layer. The structure diagram
of the Focus Layer is shown in Figure 4. For the Focus layer,
every four adjacent pixels in a square generate a feature map
with four times the number of channels, which is similar to
the downsampling of the upper layer four times and
concatenating the results. The main function is to reduce
the parameters and accelerate the model without reducing
the feature extraction ability of the model. When the param-
eters are reduced, the model is accelerated. However, there is
a prerequisite for this acceleration, which can only be
reflected by the use of the GPU. For this processing method
of cloud deployment, the GPU does not need to consider the
occupation of cache. That is, the method of fetching and
processing makes the Focus layer very friendly on GPU
devices. However, for chips, especially those without GPU
and NPU acceleration, frequent slice operations will only
seriously occupy the cache and increase the burden of com-
puting processing. At the same time, during chip deploy-
ment, the transformation of the Focus layer is extremely
unfriendly to novices. Therefore, the Focus layer is removed
in this algorithm to avoid multiple slice operations.

Figure 2: Mosaic data-enhanced image example.
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C3 Layer is an improved version of CSPBottleneck pro-
posed by YOLOv5 authors, which is simpler, faster, and ligh-
ter and achieves better results with nearly similar losses.
However, the C3 Layer uses multiplexed convolution. Tests
have shown that the frequent use of the C3 Layer and the
C3 layer with a higher number of channels will occupy more
cache space and reduce the running speed. Because of the G1
criterion of shufflenetv2 [37], the same channel size can
minimize the amount of memory access. The higher the
number of channels, the greater the step gap between hidden
channels and c1 and c2. Imagine jumping down one step
and ten steps. Although ten steps can be reached at one time,
you need to run, adjust, and accumulate energy to jump up,
which may take longer.

Therefore, lightweight YOLOv5 replaces the backbone
of YOLOv5s with the DW network, modifies the model
structure, increases the number of network layers, and
improves the detection accuracy. The multiscale prediction
structure of YOLOv5 is used to better detect different types
of objects and improve detection accuracy. The improved
network structure is shown in Figure 5. The reason for fea-
ture stitching is that the network can learn deep and shal-
low features at the same time, and the expression effect is
better. Plots that show “CBR_BLOCK” are used to repre-
sent Conv2d+BN+LeakyRelu6. “DW_BLOCK” indicates
deep separable convolution. The crosslink operation will
be performed in “DW_BLOCK”. If it is not the first layer,
the cross-layer connection will be made. The output port
of the network continues to use the output of YOLOv5s,
and the 20 × 20, 40 × 40, 80 × 80 images of three different
scales are predicted.

Using SPP [38] instead of SPP [39] can reduce flops, run
faster, and realize local features as well as all other features.
The SPPF network structure is shown in Figure 6. The fusion
of local features and full moment features is conducive to the
large difference in target size in the image to be detected in
the security wear recognition image and can enrich the
expression ability of the feature map. Especially for the com-
plex multitarget detection in this paper, the detection accu-
racy can be greatly improved.

3.2. Attention Mechanism Module. The attention mechanism
module [40] (convolution block attention module, CBAM)
is a lightweight general module at present, focusing on chan-
nel dimension and spatial dimension and integrating two
independent dimensions. It can be divided into two parts
according to the spatial dimension and channel dimension.
The first part is the channel attention module (CAM), and
the second part is the spatial attention module (SAM). The
attention mechanism module is a very simple module that
can carry out end-to-end training with potential convolution
at the same time to achieve good results. In two independent
dimensions, the attention mechanism module can infer the
attention map along different dimensions and carry out
adaptive optimization based on the extraction of the feature
map. In the process of attention inference, the lightweight
1 × 1 convolution is used to mark the position information
ignored in the feature extraction process on the convolution
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channel and strengthen the positioning ability of the model
in the spatial dimension through the direction and feature
information.

Firstly, this model uses the improved lightweight back-
bone network to obtain the coarse-grained target feature
map, extracts its fine features in the feature fusion module,
and embeds the attention mechanism CBAM to generate
the attention map. Through the combination of attention
map and coarse-grained features, it can enhance the feature
information of security wear and realize the attention to the
area of interest, that is, safety helmet and protective clothing,
reducing the interference of irrelevant information on fea-
ture extraction [41].

Plots that show using DW-YOLOv5 as the basic net-
work and adding a CBAM attention module in the neck of
the network (between the backbone network and the detec-
tion layer) can better integrate the spatial features and chan-
nel features of small targets in the feature map, so as to
enhance the feature information (see Figure 7). After model
training, the test results are shown (see Table 1). It can be
seen that after adding CBAM, the mAP of the model is
increased from 80.5% to 82.1%.

After adding the attention mechanism module, there
are some small gaps in training time, memory size, and
detection speed of the model, but the mAP of the DW-
YOLOv5-attention model is improved by nearly 1.6%.
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Experiments show that attention is applied to the model
and improves the classification and detection performance
of the model.

The security wear detection steps are shown in Figure 8.
Using YOLO Auto Learning Bounding Box Anchors, the
prior frames of these 9 scales are set in the DW-YOLO-
attention module for training. Input the mosaic-enhanced
image and adjust the image size, then enter the designed
DW-YOLO attention module, and finally output the
detected security wearing an image.

4. The Datasets and Evaluation Index

In the previous research on target detection, most of the
public dataset PASCAL VOC dataset was used for experi-
ments, but the object size in this dataset is mostly 300 to

500, which is quite different from the detection object size
in this paper. If only the PASCAL VOC public dataset is
used for experiments, it may have a certain impact on the
practical application of this algorithm. Therefore, in this
experiment, the PASCAL VOC 2007 public dataset and the
self-made security wear dataset (SWD) are used for training
and testing. The specific dataset is described as follows.

4.1. Pascal VOC. Select the training set of PASCAL VOC
2007 and VOC 2012 datasets as the training set and test
set. This dataset is the benchmark dataset for evaluating
image classification and target detection, including 20 types
of label objects. The Train and Val datasets of VOC 2007
and 2012 are used for the training pictures, including
40025 objects of 16551 pictures, and the test dataset of the
PASCAL VOC 2007 is used for the test pictures, a total of
12032 objects containing 4952 pictures.

4.2. Security Wear Dataset (SWD). Firstly, the monitoring
video data of a factory’s monitoring room for a week is col-
lected. Considering the influence of the environment, the
image information including different conditions, such as
day, night, and inside and outside the factory, was selected
in the construction process of the dataset. The selected
scenes can ensure that the data has rich background infor-
mation and that the model trained on this basis has good
environmental generalization ability. By using openCV2 to
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Table 1: Comparison of results of multiple detection models on
SWD dataset.

Model Precision Recall mAP FPS

Faster-RCNN 0.559 0.700 0.681 18.03

MobileNet-SSD 0.857 0.258 0.464 60.11

YOLO v5 0.877 0.809 0.849 83.33

DW-YOLO 0.869 0.760 0.805 90.90

DW-YOLO-attention 0.892 0.752 0.821 100.00
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convert the video into image frames, the captured video is
divided into several pictures. Considering the target size,
illumination, and other factors, 3600 pictures, including hel-
mets or heads, wearing protective clothing, and ordinary
clothes, are selected. For the identification and detection of
security wear, the main detection is whether the workers
are wearing safety helmets and protective clothing. When
the helmet is not worn, the detection category is the head.
If you do not wear protective clothing, identify the category
in which you are wearing ordinary clothes. According to the
theory of literature [42], the sample data containing small
targets can be added by replication. 110 images containing
smaller targets were cut and copied from the training set.
Select the open-source helmet dataset SHWD [43] (site
scene helmet dataset), comprehensively consider screening
1250 pictures and adding them to the training set. After
retagging with the open-source tagging tool, a dataset of
4950 security wear datasets is formed, which is made into
the required YOLO dataset format. Some sample examples
of security wear datasets are shown in Figure 9.

The SWD datasets for personnel safety protection wear
on special occasions are formed, with a total of 4950
pieces, which are divided into four categories: normal
wearing a safety helmet, wearing protective clothing, wear-
ing ordinary clothes, and head without a safety helmet.
The dataset contains 3907 small targets (area ≤ 32 × 32),

Input
608⁎608 Output

DW-
YOLOV5-
Attention

Figure 8: Security wear detection steps.
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Figure 9: The sample of security wear datasets (SWD).

Table 2: Details of security wear datasets (SWD).

Label Total

Safety_hat 8561

Reflective_cloth 4831

Other_cloth 2869

Head 926

Small area ≤ 32 × 32ð Þ 3970

Medium 32 × 32 < area ≤ 96 × 96ð Þ 7866

Large area > 96 × 96ð Þ 5414
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7866 medium targets (32 × 32 < area < 96 × 96), and 5414
large targets (area > 96 × 96). The training set and verifica-
tion sets are randomly allocated in the proportion of 7: 3.
The number of instances include in each category is
shown in Table 2.

The detailed information of VOC dataset and SWD data
involved in this experiment (see Table 3).

4.3. Evaluation Indexes. In this paper, Precision and Recall
[44] were selected as the evaluation indexes of this experiment.

Precision = TP
TP + FP

, ð4Þ

Recall = TP
TP + FN

, ð5Þ

In Equations (4) and (5), TP is the probability that positive
examples can be divided into pairs. FP is the probability of
misclassifying negative cases into positive cases.

mAP is used to measure the accuracy of the detection
model of personnel safety protection wear on special occa-
sions. The mAP refers to the average value of the accuracy
rate of all categories, the average value of AP of each cate-
gory. For the test results of each specific category, sort
according to the confidence level, and select each recall rate
ri and its corresponding maximum precision Pi in the recall
rate set fr0, r1,⋯, rng. The definition of AP is shown in
Equation (6):

AP = 〠
n

i=1
Pi ri − ri−1ð Þ, ð6Þ

mAP = ∑m
i=1APi

m
: ð7Þ

In Equation (7), the numerator is the average accuracy of
each category, and m is the total number of categories of
image detection.

FPS (frames per second) is used to measure the running
efficiency of the model, that is, the number of pictures proc-
essed per second. Size measures the storage space occupied
by the model, and FLOPs (floating-point operations) mea-
sures the complexity of the model.

5. Experimental Results and Discussion

5.1. Experiment Operating Environment. The experimental
environment of this experiment is mainly carried out under
the computer configuration of the Windows 10 operating

system, Intel Core i7-8700k, 3.70GHz, and 16G RAM. The
GPU adopts NVDIA RTX 2080 and 16G video memory.
The experimental conclusions of this model and its compar-
ative model are drawn in this experimental configuration
environment.

5.2. Hyperparameter Setting. The super parameter setting of
the lightweight YOLO v5model is given. The training alge-
bra of this experiment is 300 generations and the batch size
is 18, the input size is 640. The initial momentum and initial
learning rate (lr) are set to 0.937 and 0.01, respectively.
Before the formal training in this paper, three generations
of preheating learning are carried out, in which the preheat-
ing learning momentum is 0.8 and the Warmup lr is 0.1. The
purpose is to make the model gradually stabilize after pre-
heating learning and then carry out formal training. The
effect of security wear recognition is better. The other super-
parameter settings are shown in Table 4.

5.3. Experimental Results and Analysis. Firstly, it analyzes
the size of the model and compares it with the original
YOLOv5 model. There are three measurement indexes

Table 3: Details of the three datasets.

Dataset
Number of
pictures

Object
type

Function

PASCAL VOC 2007
+12

16551 20
Training/
testing

Security wear dataset
(SWD)

4950 4
Training/
testing

Table 4: Settings of hyperparameters, where Input size means
image input size, Lr initial learning rate, Lr_f cosine annealing
hyperparameter, Weight_decay Weight attenuation coefficient,
Warmup_epochs Warm up learning epoch, Warmup_momentum
Warm up learning rate momentum, and Warmup_bias_lr
preheating learning rate.

Hyperparameters Default

Input size 640

Lr 0.01

Lr_f 0.2

Momentum 0.937

Weight_decay 0.0005

Warmup_epochs 3.0

Warmup_momentum 0.8

Warmup_bias_lr 0.1

Table 5: Object detection model performance comparison.

Model FLOPs Parameters MB

YOLOv5s 16.5 7114785 14.5

DW-YOLO 7.4 3820257 7.9

DW-YOLO-Attention 7.5 3871751 8.0

Table 6: Comparison of different algorithms on PASCAL VOC
dataset.

Algorithms Input size mAP/%

MobileNet-SSD 300 × 300 68.0

faster-RCNN 1000 × 600 70.0

YOLOv5s 640 × 640 81.6

DW-YOLO 640 × 640 77.8

DW-YOLO-attention 640× 640 77.5
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for the improved models (see Table 5). The memory
required for lightweight DW-YOLO-Attention is 8.0MB,
the parameters are 7:5 × 105, and the FLOPs are 7.5. Com-
pared with the YOLOv5 model, the memory required is
reduced by 44.8%, respectively. The parameters were
reduced by 45.58%. FLOPs are reduced by 54.54%, which
reduces the complexity of the model and shows the supe-
rior performance of the lightweight DW-YOLO-Attention
model in the field of security wear.

To fully evaluate the lightweight DW-YOLO-Attention
detection algorithm in this paper, three commonly used
detection algorithms are used for comparative experiments,
and the mAP is selected as the evaluation index of different
detection algorithms. The open datasets for model training
are PASCAL VOC 2007+2012, and the test is PASCAL
VOC 2007. The results are shown in Table 6.

Table 6 shows that compared with the advanced model
algorithm, the mAP of the lightweight DW-YOLO model

algorithm is good. The detection mAP can reach 77.8%,
only 3.8% points lower than the baseline, 7.8% higher than
the Faster-RCNN, and 9.8% points higher than the
MobileNet-SSD. By improving the feature extraction back-
bone of DW-YOLOv5, the number of layers of the
improved lightweight backbone network is deepened, and
the extracted security wear image features become more
detailed. The deep separation convolution ensures that the
detection accuracy of the model is improved, but the num-
ber of model parameters is not increased, so a better detec-
tion effect is achieved.

Then, it compares the AP of DW-YOLOv5s and DW-
YOLO-Attention in each category of the VOC dataset (see
Figure 10). Plots that show DW-YOLO have high detection
accuracy for cat, dog, table, bus, bird, etc., which shows that
this model has a good recognition effect for objects of differ-
ent sizes, especially small and medium-sized objects. It
applies to the security wear detection in this paper.

Aero
0.0

0.2

0.4

A
P

0.6

0.8

YOLOv5s

Bike Bird Boat Bottle Bus Car Cat Chair Cow Table Dog Horse Motor Person Plant Sheep Sofa Train TV

DW-YOLO
DWA-YOLO

Figure 10: Comparison of different types of AP indexes in VOC datasets.
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0.4

A
P

0.6

0.8

1.0

Faster-RCNN MobileNet-SSD YOLOv5 DW-YOLO DW-YOLO-A

Safety_hat
Refletive_cloth

Other_cloth
Head

Figure 11: Comparison of different types of AP indexes in SWD datasets.
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In this paper, the improved lightweight YOLOv5 algo-
rithm is applied to the identification of safety wear protec-
tion. To verify the better effect of the method proposed in
this paper, under the same equipment and network parame-
ter configuration, the same number of test sets is used, and
several popular one-stage and two-stage target detection net-
works are used for the experiments: Faster-RCNN and
MobileNet-SSD. The experimental results were evaluated
by four evaluation indexes: Precision, Recall, mAP, and
FPS. The experiment is shown in Table 1.

The table shows the results of different models in secu-
rity wear recognition. It can be seen that on the SWD data-
set, the mAP of the lightweight DW-YOLO-Attention
proposed can reach 82.1%. Compared with Faster-RCNN
and MobileNet-SSD increases by 20.55% and 76.93%, and
decreases by about 3.52% compared with YOLO v5. The
FPS of the lightweight DW-YOLO-Attention model is 100.
Compared with Faster-RCNN and MobileNet-SSD, the
FPS of DW-YOLO-attention is increased by 81.97 and
39.89. Therefore, the lightweight DW-YOLO improves the
real-time performance of security wear recognition while
maintaining a high mAP of 82.1%, which has a certain prac-
tical application value for security wear recognition. Com-
pared with other algorithms, the lightweight DW-YOLO-
Attention model in this paper has certain generalization
and robustness.

Then, we compared the AP of Faster-RCNN, Mobile-
Net-SSD, YOLOv5, DW-YOLO, and DW-YOLO-Attention
in the security wear dataset (see Figure 11). The recognition
performance of these five target models is not satisfied in the
case of occlusion in the factory scene. It may even be mis-
judged due to factors such as ambient light. The accuracy
of the above methods decreases when they detect small tar-
gets. By contrast, both the lightweight DW-YOLO and
DW-YOLO-Attention are able to detect small objects in
the images on the same test set. Both of them have higher
detection accuracy on objects with larger targets and more
obvious features like the protective clothing (Reflective_
cloth) but have relatively lower accuracy on smaller targets
with complex features like the head. The reason lies in the
fact that DW-YOLO-Attention which updates YOLO with
model lightweight is able to improve running speed and
reduce the model training time. The above experimental
results have demonstrated that the proposed DW-YOLO-
Attention algorithm has competitive performance in reduc-
ing the missed detection rate of small and medium-sized tar-
gets. Notably, the accuracy and detection speed of the
method are not degraded when DW-YOLO-Attention is
used to detect small and medium-sized targets. Conse-
quently, the proposed method can be applied in practical
scenarios, and we have successfully utilized it in the factory
for object detection.

6. Conclusions

In existing security wear detection, the model transplanta-
tion is challenging to perform on the embedded platform
since the number of network parameters is huge, and the
low computation power of the platform also triggers the

degradation of the detection accuracy. Accordingly, we have
modified the YOLOv5 network structure to handle the safety
wear detection with three scales. In other words, a light-
weight target detection network based on deep separable
convolution is proposed. In our model, we replaced ordinary
convolution with depth-separable convolution in order to
reduce the number and scale of parameters. The attention
part is used to weigh the different channels of feature map-
ping to improve the detection accuracy of the model. The
experimental results have shown that the proposed model
has higher accuracy in target detection and lower model cal-
culations than the existing models. Especially, the proposed
model has the fastest reasoning speed among all models.
The line of our future research is to improve the ability of
the proposed model to detect objects under employee occlu-
sion and extreme shooting angles.

Data Availability

The code of the proposed algorithm and corresponding
experimental data are provided. For interested readers,
please visit https://github.com/lssttt/projectnewone.
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