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Abstract Given the current safety helmet detection
methods, the feature information of the small-scale safety
helmet will be lost after the network model is convolved
many times, resulting in the problem of missing de-
tection of the safety helmet. To this end, an improved
target detection algorithm of YOLOV5 is used to detect
the wearing of safety helmets. Firstly, a new small-scale
detection layer is added to the head of the network for
multi-scale feature fusion, thereby increasing the recep-
tive field area of the feature map to improve the model’s
recognition of small targets. Secondly, a cross-layer con-
nection is designed between the feature extraction net-
work and the feature fusion network to enhance the
fine-grained features of the target in the shallow layer
of the network. Thirdly, a coordinate attention (CA)
module is added to the cross-layer connection to cap-
ture the global information of the image and improve
the localization ability of the target. Finally, The Nor-
malized Wasserstein Distance(NWD) is used to mea-
sure the similarity between bounding boxes, replacing
the Intersection over Union(IoU) method. The experi-
mental results show that the improved model achieves
95.09% of the mAP value for safety helmet-wearing de-
tection, which has a good effect on the recognition of
small-sized safety helmets of different degrees in the
construction work scene.
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1 Introduction

In the early stage, the wearing of safety helmets was
usually detected by manual inspection. Due to each
construction link being scattered in different spaces,
the problem of high mobility of personnel led to low
efficiency of manual supervision. Therefore, the study
of an end-to-end, high-performance, and high-accuracy
safety helmet-wearing detection method plays a key role
in maintaining the safety of the construction process,
thereby reducing the occurrence of potential safety haz-
ards, which is of great significance to the personal safety
of workers.

Safety helmet-wearing detection belongs to the field
of object detection. Before the development of deep
learning, the machine vision-based safety helmet-wearing
detection method needs to obtain the feature informa-
tion of the worker’s head first, mostly using traditional
computational methods, and then judge whether the
worker is wearing a safety helmet through the output
features. For example, Liu et al [1] used a method of
detecting skin color to locate the face, and determined
the specific position of the safety helmet by compar-
ing the color difference, so as to determine the overlap-
ping relationship between the head and the safety hel-
met. Shrestha et al [2] adopted the Haar-like method to
extract the face features, and then found the contour
information of the safety helmet through the edge de-
tection method; Rubaiyat [3] first used the histogram
of gradient orientation (HOG) to detect the human
body area, and obtained the worker’s head after fusing
the image frequency domain information, then used the
method of circular Hough transform and color feature
to discriminate the safety helmet. However, in the prac-
tical detection application, all of the above are used to
identify the wearing condition of the safety helmet by
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the traditional manual feature design method, and it is
very difficult to obtain a high accuracy ratio.

Currently, many scholars have conducted in-depth
research on safety helmet detection through deep learn-
ing methods. Fang Ming et al [4] used the structure of
a densely connected network to add dense blocks to the
network to fuse multi-layer features, and then used a
lightweight network to compress the model. However,
there would be missed detection in the scenario where
the object and complex background feature information
was similar. Chu Yuezhong et al [5] used SSD [6] algo-
rithm to fuse the self-attention layer to calculate the
interaction between pixels in feature maps, but their
ability to capture object location information was poor.
Zhang Bo et al [7] located the position of the human
head and neck first, and then used the Faster R-CNN [8]
to determine the spatial relationship between the head
and the safety helmet. However, this method required
judging the position relationship of two objects, result-
ing in increased errors in calculation. Han Kun et al [9]
made a multi-scale prediction of YOLOv3 [10] model,
and performed the object frame dimension clustering
to improve the detection performance of the safety hel-
met, and finally used GIoU [11] as the loss function to
improve the regression accuracy, but the increase of the
prior frame hindered the screening of the object frame.
Han Guang et al [12] used a cross-layer attention net-
work in SSD to further refine the feature information
of the object area, and introduced a feature pyramid
module to improve the robustness of detecting object
scale change. However, expansion convolution made in-
formation extraction discontinuous, resulting in the loss
of small object information. Although the above meth-
ods have improved the accuracy of the model, they still
have a high missed detection rate and false detection
rate for small objects in complex scenes, and it is es-
pecially difficult to extract the feature information of
extremely small objects.

In order to solve the above problems, the construc-
tion workers wearing safety helmets and those without
safety helmets are divided into two types of objects to
be detected. The YOLOv5s network with the smallest
width and depth is used as the basic model for improve-
ment. Firstly, the detection layer is added to improve
the learning of small object features. Then using the
added splicing layer fuses the shallow information and
deep information of the network to prevent the loss of
feature information of the object, At the same time,
the CA module is introduced into the path of the con-
nection of the shallow and deep network to locate the
position of small objects effectively, which further im-
proves the detection precision of the model and the ac-
curacy of small-sized object detection in long-distance

images. The experimental results show that the im-
proved YOLOv5 method can identify the small safety
helmet object effectively in different states.

2 Improved YOLOvV5 algorithm structure
2.1 Adding micro-scale detection layers

YOLOV5 performs detection at three scales and gener-
ates feature maps with scale sizes of 20x20, 40x40, and
80x80 in the detection layer respectively. These scales
are accurately obtained by 32x, 16x, and 8x down-
sampling of the input size of 640x640 images, respec-
tively. During the experiment, detecting different sizes
of safety helmets in different scale images has a better
detection effect on a dataset with a larger object. How-
ever, the position of construction workers in the images
taken at a distance is unevenly distributed, with differ-
ent levels of distance and height, which are scattered
in every corner of the camera shot, so there are also
extremely small objects on the safety helmets mapped
to the image. Especially in one image, there are mul-
tiple extremely small-scale safety helmet objects. The
small-scale detection layer of YOLOv5 has poor gen-
eralization ability for the detection of these safety hel-
mets. The feature information of small objects will be
lost after multiple convolutions.

Therefore, to solve the above problems, a new small-
scale detection layer is added to the network detection
layer. The detection layer generates the feature map
by integrating the shallow features obtained from the
input image sampled twice under the network and the
160x 160 feature layer sampled from the network neck.
The new micro-scale detection layer enables the object
detection network structure to have a better ability to
learn the extremely small-scale object and makes full
use of the feature information of the shallow network
part. As shown in Fig. 1, which is suitable for detecting
small safety helmet objects with scattered positions in
remote images.

2.2 Design of cross-layer connections

In the process of continuous transmission of feature in-
formation from the line layer to the deeper layers in
the network, the scale of the feature map will gradually
shrink as it is transferred to the deeper layer, and the
feature and gradient information will often become un-
clear, leading to the disappearance of features, resulting
in negative effects such as misjudgment and object loss
in the object prediction in the subsequent stage of the
network.
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Fig. 1: Adding small-scale detection layers
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Fig. 2: DenseBlock module schematic

The DenseNet [16] network is the first to introduce
the densely connected structure. The network structure
is composed of a DenseBlock module and transmits fea-
ture information. In order to reduce the phenomenon of
vanishing gradient, the output of the DenseBlock mod-
ule will be passed to all subsequent modules. Fig. 2
shows the schematic diagram of the DenseBlock mod-
ule.

Influenced by the transmission of feature informa-
tion of the DenseBlock module, a cross-layer connec-
tion structure is introduced in the YOLOv5 algorithm.
The image features of the feature extraction network
are directly sent to the feature fusion network, and the
feature maps are spliced and fused.

For the concatenation layer, the same height and
width of the input must be required, and a consistent
dimensionality is not required. After studying the struc-
ture of the YOLOv5 model, it is found that in the PAN
structure, two feature maps from different layers are
fused at the splicing layer and the fused feature informa-
tion is output to the next layer structure. The two fea-
tures information from different layers are K1 x H; x Wy
and Ky x Hy x W7 respectively. The output feature in-
formation of the splicing layer is as follows:

Zconcat = (Kl + Kz) x Hy x W1 (1)

K, and K5 are the number of channels respectively in-
put in different layers, while H; and Wj are the height
and width of the input feature map required by the
splicing layer.

It can be found from equation (1) that since the
feature information of different layers is received in the
splicing layer for fusion, more comprehensive features
can be obtained in the subsequent network layers. The
cross-layer connection sends the new feature informa-
tion K3 x Hy x W7 to the corresponding splicing layer,
and the feature information received by the splicing
layer becomes:

Zconcat = (Kl + K2 + KS) X Hl X Wl (2)

Experiments show that an 80x80 scale splicing layer
is added to the PAN structure after adding a new detec-
tion layer. The height and width of the output feature
maps of the fifth and seventh layers in the feature ex-
traction network of YOLOvV5 correspond to the input
scales of the two splicing layers in the PAN structure
respectively. Cross-layer connections are introduced in
these two layers, which fuse the feature information ex-
tracted from the shallow layer with the deep feature
information. So as to enrich the feature information of
small-scale and medium-scale objects.

2.3 Introduction of the Coordinate Attention
Mechanism module

Although it is possible to introduce richer shallow fea-
ture information directly into the feature fusion net-
work through cross-layer connections. Not all of this
incoming feature information is important. Especially it
is difficult to obtain the dependency of objects in space.
Therefore, it is necessary to perform a weighting opera-
tion on the transmitted feature information to improve
the accuracy of the YOLOvV5 algorithm in obtaining ob-
ject location information. So, the coordinate attention
mechanism module is introduced into the network.
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Fig. 3: CA module structure

Coordinate Attention (CA) [20] can obtain the ob-
ject location information in channel attention to weight
the object feature. In previous attention mechanisms
such as SENet [21] and CBAM [22] can cause loss of
location information, due to the use of two-dimensional
global averaging pooling mainly. But the Coordinate
Attention mechanism splits the channel attention into
two parallel one-dimensional feature information encod-
ing. Aggregating the feature in both horizontal and ver-
tical directions to obtain the accurate location informa-
tion of the object and establish long-range dependen-
cies. The direction-aware and position-sensitive infor-
mation can be obtained by encoding the feature map.
The author of the CA module has used it in EfficientNet
and MobileNet [23] with good results.

The structure of the CA module is shown in Fig. 3,
which includes coordinate information embedding and
coordinate attention generation respectively. The CA
module, which is used to enhance the ability of feature
representation, outputs a tensor Y = [y1,y2, " ,¥c
with the same dimensional length of the enhanced rep-
resentation by taking an arbitrary intermediate tensor
X = [z1,29, - , 2] € REXHXW a5 input, where C is
the number of channels. The height and width of the
input image are H and W respectively.

The first is the coordinate information embedding
operation, to improve the ability of the attention mod-
ule to capture the spatial long-distance dependency of
the precise position information of the safety helmet.
The network can locate the safety helmet object to be
identified more accurately. The CA module performs a

pair of one-dimensional feature encoding operations in-
stead of global pooling. The feature map with input size
C x H x W is set as X. The coding operation is taken
along different directions of horizontal and vertical co-
ordinates with pooling kernels of size (H, 1) and (1, W)
respectively. The original method uses average pooling
to encode each channel, but the cross-layer connection
sends the feature map from the shallow network. In
order to reduce the influence of the background and
obtain more texture features of the object information,
the coding of both directions is performed with maxi-
mum pooling. The output of the cth channel with height
h and the cth channel with width w is obtained. The
formula is shown in (3)(4).

i) = Y Xelhi) 3)
0<i<W

Zew)= 2 Y XlGw) (1)
0<j<H

The above operation aggregates feature along two dif-
ferent directions and compute a pair of direction-aware
attention features Z" and Z% .

In coordinate attention generation, the module is di-
vided into two feature layers before cascading, and then
a shared 1x1 convolution is used for F1 transformation.
The formula (5) is shown below.

f=08(F((2" 27)) (5)

In the formula, f € RE/"™*(H+W) is the intermediate
feature map in horizontal and vertical directions, and
in such spatial information, r denotes the ratio of com-
pression, which is generally set to 32 to control the num-
ber of channels in order to balance the global computa-
tional effort and performance. In the middle bracket is a
computational operation connecting the spatial dimen-
sions, and ¢ is a nonlinear activation function. Next,
f is split into two independent tensors f* e RC/m><H
and f* € RY/™*W in the spatial dimension, and the
two 1x1 convolutions are used to perform the upscal-
ing operation to control the number of channels con-
sistently, transforming the feature maps f* and f* to
be the same as the input X , while normalizing the ob-
tained parameters, and the results are shown in Equa-
tion (6)(7) below.

g" = 8(Fu(f")) (6)

9" = 6(Fu(f*)) (7)
Finally, with ¢" and ¢" as the attention weight pa-

rameters, the weighted output features are shown in
Equation (8).

Ye(i,4) = (i, §) x gk(i) x g (j) (8)
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The coordinate attention mechanism module is used
to perform the attention reinforcement operation on the
feature maps sent through the cross-layer connection,
which further strengthens the network for meaningful
feature maps in the process of sending the shallow layer
to the deep layer through accurate location informa-
tion encoding channel relations and long-distance de-
pendencies, especially for small object features, which
can make the network better learn the feature informa-
tion of the object in the same test image The recog-
nition features of the object can be captured more ac-
curately and better recognition results can be achieved
without increasing the training cost. The resulting em-
bedding of the coordinate attention model improves the
attention of small-scale objects and medium-scale ob-
jects and improves the feature information representa-
tion of objects under the influence of the background
environment and other factors. The improved algorithm
and its network structure are shown in Fig. 4.

3 Normalized Wasserstein Distance

When the predicted bounding box of large and small
objects have the same pixel displacement on their ground
truth, there is a significant difference in the sensitiv-
ity of the change in their IoU. The sensitivity of IoU
to large objects is relatively small, while a small posi-

tional change in the predicted bounding box generated
by a small object can cause a significant change in IoU,
thereby affecting loss calculation and anchor matching.
Therefore, it is necessary to improve the calculation of
the prediction box loss.

Wang J et al[24] studied a method for calculating
the similarity between the predicted bounding box and
ground truth using Wasserstein distance. First, model
the bounding boxes as 2-D Gaussian distributions, and
then use NWD to measure the similarity of derived
Gaussian distributions. For small targets with a head
wearing a safety helmet, as neither the head nor the
helmet is rectangular, there are often some background
pixels in the predicted bounding box. The pixels in
the predicted bounding box can be divided into two
types: object pixels and background pixels. Object pix-
els are mainly distributed in the central region of the
prediction box, while background pixels are mainly dis-
tributed in the edge region of the prediction box. Each
pixel in the prediction box has different importance.
To express this, a 2-D Gaussian distribution is used to
represent the prediction box, and the weight of each
pixel decreases successively from the center position
to the boundary. To compare the similarity between
two boxes, their shape and position are described us-
ing the calculated 2-D Gaussian distribution, and then
NWD is used to calculate their differences. For the 2-D
Gaussian distribution parameters p; = N (mq, X1) and
pa = N(ma, Xs), the second-order Wasserstein distance
between them is defined as follows:

W3 (1, 1) = [[my — malf3
B 1/2 1/2\1/2
+ TI'(Zl + X9 2(22 2122 ) ) (9)

The Gaussian distributions A, and A used to model
the prediction boxes A = (cxq, CYa, Wa, he) and B =
(cxp, cyp, wp, hp) can be simplified as:

W22 (N, Np) =
wa ha]" w ]
Cxa’ CyCL? 2 3 2 ) be’ cyb7 2 2 ,
(10)

Since the W# (Ng, N}) calculated distance is a length,
it cannot be directly used as a measure of similarity. In-
stead, the exponential form of the distance can be used
for normalization to obtain a new measure of similarity.
This measure of similarity can then be combined with
a constant C' that is closely related to the dataset to
obtain the Normalized Wasserstein Distance shown in
equation (11).

2

(1)

2
NTZD (Ny N3) = exp <_W<éVNb>>
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The Normalized Wasserstein Distance has scale in-
variance and is insensitive to position transformations.
This makes the loss function threshold changes smooth
during the generation of small-scale prediction boxes,
allowing the network to converge better. Therefore, NWD
is used to calculate the prediction box loss in the YOLOv5
network model, and the resulting loss function is shown
in equation (12).

Lywp =1-NWD (prj\[g) (12>

In the equation, N, is the Gaussian distribution
model of the prediction box, and N is the Gaussian
distribution model of the ground-truth box. Even if the
prediction box and the ground-truth box do not overlap
at all, or if they overlap very little, their similarity can
still be measured using NWD. The Normalized Wasser-
stein Distance is insensitive to the scale of the object,
making it more stable for calculating distance thresh-
olds between small-scale prediction boxes and ground-
truth boxes.

4 Analysis of experimental results
4.1 Construction of the dataset

The dataset uses the public safety helmet-wearing de-
tection dataset from the Kaggle machine learning com-
petition platform, which has an image size of 416x416
and a total of 5000 images. The dataset is divided into
two categories: wearing a safety helmet and not wearing
a safety helmet, as shown in Fig. 5, and the images are
resized to a uniform size by mirror stitching, which also
expands the number of positive and negative samples in
the images. The safety helmet dataset can reflect real
construction scenarios, including many different con-
struction scenarios, and there are construction workers
wearing safety helmets in different postures in various
construction environments. At the same time, since the
negative sample data of non-wearing safety helmets are
small, the network learning is improved and the gener-
alization ability of the network model is enhanced by
introducing negative sample data of different resolution
sizes for expansion.

4.2 Experimental setup

The experimental OS is 64-bit Windows 11, CPU is In-
tel(R) Core(TM) i9-10900X 3.70GHz, GPU is GeForce
RTX 3090 24GB, build Pytorch deep learning frame-
work for model building, network training, and result

testing, use Python to write Program code and call
CUDA, Cudnn, OpenCV and other required libraries.

(b) Failure to wear

Fig. 5: Safety helmet wearing category

Table 1: Experimental parameter settings

Parameters Numerical values
Input image size 416x416

Initial learning rate 0.01

Number of images passed in at once 32

Number of training rounds 200

The safety helmet dataset is divided into training, vali-
dation, and test sets and divided according to the ratio
8:1:1.

To optimize the learning rate, stochastic gradient
descent (SGD) is used as the optimization function dur-
ing the network training. To prevent losses during train-
ing from generating oscillations or gradient explosions,
the initial learning rate is reset to 0.01 after inputting
images. The batch size is set to a suitable 32 without
exceeding the GPU video memory size. Combined with
the above parameter settings, the number of training
rounds is set to 200 considering the final convergence
of the model. Finally, the trained network model weight
file is saved and the performance of the network model
is evaluated using a test set. The specific settings of the
hyperparameters for the network training are shown in
Table 1.
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4.3 Network Performance Evaluation

Experiments were conducted to evaluate the network
performance using detection accuracy as an evaluation
metric as a way to verify the feasibility of the improved
network model. The two states of wearing a safety hel-
met and not wearing a safety helmet can generate four
prediction methods: true positive (TP), false positive
(FP), true negative (TN), and false negative (FN). TP
and FP are the numbers of safety helmet wearing de-
tected correctly and incorrectly, respectively, and TN
and FN are the numbers of not wearing safety helmets
detected correctly and incorrectly, respectively. This
prediction is used to determine the evaluation-related
metrics for the performance of the two models, which
are the precision (P) and recall (R), respectively, and
the two metrics are defined specifically in equations (13)
(14).

TP
P=—" 1
FP4+TP (13)
TP
R= FN+TP (14)

Accuracy and recall affect each other, but these two
metrics cannot be used directly to evaluate the detec-
tion accuracy of the network model. For this reason,
average precision (AP) is introduced to represent the
detection accuracy of a single category, and in order to
obtain a higher network model accuracy, a higher aver-
age precision (AP) is needed to verify it, as in equation
(15), and then the mean average precision (mAP) is
obtained by calculating the mean value of the average
precision (AP) for all categories, as in equation (16).

AP = /0 P(r)dr (15)
mAP = % Z AP (16)
j=1

4.4 Experimental comparison analysis
4.4.1 Analysis of experimental results

The specific effect after detection is shown in Fig. 6,
with the detection data set on the left, the original
YOLOvV5s detection graph in the middle, and the im-
proved YOLOvbHs detection effect graph on the right.
Figure 6(a) shows the dense safety helmet small ob-
ject image, Figure 6(b) shows the small object safety
helmet image under a complex pose, Figure 6(c) shows
the small object at a distance, and Figure 6(d) shows
the small object with occlusion. It can be seen that

heimet 0.75

e

(d) Shade down small objects

Fig. 6: Comparison of testing results

the improved model in Fig. 6(a) detects multiple ob-
jects wearing safety helmets at a distance missed by the
original model while improving the category confidence
score for each object; the improved model in Fig. 6(b)
detects the object wearing a safety helmet in a bent pos-
ture on the right side missed by the original model; and
Fig. 6(c) contains the large-scale object and the small
object safety helmet images at a distance. By observa-
tion, it can be seen that the original YOLOv5s model
did not detect the small distant object on the left side;
finally, it can be seen in Figure 6(d) that the improved
model detects the small object wearing a safety helmet
in the occlusion case. For small object recognition in
different states, the original model is even more serious
in missing detection, while the improved model can still
accurately identify the unrecognized small objects and
most of the confidence scores have been improved. It
shows that the improved model is able to detect small
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Table 2: Experimental parameter settings

Models P/% R/% mAP@O0.5

YOLOv5s 90.56 88.85 92.27

Adding detection layer 89.33 89.23 93.78

Adding detection layer + Cross-layer connection 91.02 90.76 94.71

Adding detection layer 4+ Cross-layer connection + CA 91.35 93.02 95.09

Adding detection layer 4+ Cross-layer connection + CA + NWD 92.29 92.24 95.92

Table 3: Comparison with different safety helmet detection algorithms
Algorithms AP/7(10U=0.5) mAP/% FPS/(frame/s) Model size/MB
Wearing safety helmet  Failure to wear safety helmet

Han Kun et al (2021) 94.79 90.91 92.85 52.6 236
Han Guang et al (2021) 91.62 88.60 90.11 41.5 98.4
YOLOv5s 96.22 88.32 92.27 69.3 14.1
Ours 98.20 93.64 95.92 59.2 15.3

objects in many different scenarios and has a strong
generalization ability.

4.4.2 Comparative analysis of ablation experiments

The ablation experiments were conducted to compare
and analyze the improved methods. The details are
shown in Table 2. The YOLOv5s model without any im-
provement was used as the standard, and it was trained
by three different improvement methods in turn, and
the final obtained metrics were evaluated with the aver-
age precision mean as the final evaluation metric. After
comparison, it was found that the accuracy, recall, and
average accuracy of the original YOLOv5s were 90.56%,
88.85%, and 92.27%, respectively. Using this metric as
the standard, the mAP values derived from each im-
proved and adjusted method increased, and the addi-
tion of detection layers slightly reduced the accuracy
rate due to the stitching of the feature map and the deep
network after 4-fold down-sampling of the input image,
which was too small to recognize large objects but kept
the fine-grained features of small objects. By improv-
ing the network architecture, the accuracy, recall, and
mAP metrics have been improved by 0.79, 4.17, and
2.82 respectively compared to the original YOLOv5s.
On this basis, after using NWD instead of IoU, mAP
further increased by 0.83, reaching 95.92%. This abla-
tion experiment further demonstrates the feasibility of
the improved method.

4.4.8 Comparative analysis of object detection
algorithms

Finally, the improved method was validated, and the
comparison experiments were conducted with other cur-

rent algorithms with better performance of safety hel-
met detection algorithms, which are Han Kun et al
[9] and Han Guang et al [12]. The experimental re-
sults of each algorithm are shown in Table 3. As can
be seen from Table 3, the improved algorithm outper-
forms the other comparison algorithms in terms of over-
all mAP value, the accuracy of both object categories
is improved, and the overall mAP value is improved,
and it can be seen that the average accuracy improve-
ment of detecting the object of not wearing a safety
helmet is larger, and it is improved by 5.32 percentage
points on the base network, which is because the fea-
ture information of the head of not wearing a safety
helmet in a complex environment is not obvious. The
improved algorithm can capture more head feature in-
formation, which again verifies the feasibility of the im-
proved model; compared to the improved algorithm in
Han Kun et al [9], the mAP value is improved by 3.07%,
although the method in this literature is faster than
the two-stage network in terms of detection speed, the
complexity of the network structure causes its model
file to be too large, which is time-consuming and labo-
rious in the deployment of the model; Han Guang et al
[12], although the average accuracy of the mean in com-
parison with the basic YOLOv5s network, although the
speed decreases slightly, transmitting about two images
per second less than the original YOLOvb5s, the general
processing speed reaches 30 frames, which is the indus-
trial standard. The more images per second processed
on this benchmark, the more efficient the model is in
detecting the object, which can meet the demand of
real-time engineering.
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5 Conclusion

A YOLOvb5-based safety helmet-wearing detection al-
gorithm is improved to solve the problem of identifying
missed detections on small objects by current safety
helmet-wearing detection methods. By adding a new
detection layer to the prediction head of the network
to improve the feature information of small objects un-
der multiple scales of detection, the problem of small
objects being unpredictable due to too large sensory
fields is solved. By adding two new paths that lead to
new branches after the two C3 layers in the backbone
network and then sending them to the splicing layer of
PAN structure in the neck network for fusion respec-
tively, and adding CA modules to the paths, the prob-
lem of localization loss of small and medium-sized ob-
jects is solved. Finally, using NWD solves the problem
of IoU being sensitive to small objects. The improved
YOLOvV5 network model reduces the missed detection
of small-sized safety helmet objects and improves the
classification confidence score.
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