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Abstract: Safety signs serve as an important information carrier for safety standards and rule
constraints. Detecting safety signs in mines is essential for automatically early warning of unsafe
behaviors and the wearing of protective equipment while using computer vision techniques to realize
advanced safety in the AI and IoT era. This work aims to propose an improved YOLOV4-tiny safety
signs detection model applying deep learning to detect safety signs in mines. The dataset employed
in this study was derived from coal mines and analogous environments, comprising a total of ten
types of safety signs. It was partitioned into training, validation, and test sets following a distribution
ratio of (training set + validation set) to test set = 9:1, with the training set to validation set ratio also
set at 9:1. Then the attention mechanism ECANet was introduced into the model, which strengthened
the network’s learning of places that need attention. Moreover, the Soft-NMS algorithm was used
to retain more correct prediction frames and optimize the detection model to further improve the
detection accuracy. The Focal Loss function was introduced to alleviate the problem of category
imbalance in one-stage safety signs detection. Experimental results indicate that the proposed model
achieved a detection precision of 97.76%, which is 7.55% and 9.23% higher than the YOLOV4-tiny
and Faster RCNN algorithms, respectively. Besides, the model performed better in the generalization
because it avoided the over-fitting phenomenon that occurred in the YOLOV4-tiny and the Faster
RCNN. Moreover, the advantages of the improved model were more prominent when detecting
small target areas and targets under dim conditions in coal mines. This work is beneficial for the
intelligent early warning system with surveillance cameras in coal mines.

Keywords: safety signs detection; computer vision; YOLOV4-tiny; attention mechanism; Focal Loss
function; Soft-NMS algorithm

1. Introduction

With the progress of artificial intelligence (AI) technology, computer vision (CV)
has made great achievements and tends to be widely used in the coal mine safety field.
Recent advances in CV could help effectively solve coal mine safety problems, such as fire
detection [1], safety protection equipment detection [2], and early warning systems [3].
However, research on the development of CV technologies for coal mine safety issues is
still very rare [4–9]. Object detection is an important topic in the CV field, which can serve
as an effective tool for, e.g., AI-based safety supervision and early warning systems; for
example, the detection of safety signs and hazardous materials could help to automatically
supervise unsafe behaviors and hazardous materials in coal mines.

A variety of image detection approaches have been proposed based on image color,
shape, and machine learning. Machine learning algorithms aim to mine hidden rules from
large amounts of data and use them for prediction or classification [10]. Deep learning is an
important branch of machine learning. It is a new intelligent algorithm of supervised learn-
ing that has been proposed in recent years [11–13]. Its deep network has strong learning
ability and can learn deeper features. Among many deep neural networks, convolutional
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neural network (CNN) is the first deep learning technology applied in the field of image
recognition, which replaces the traditional artificial feature extraction and greatly improves
the accuracy of recognition. Therefore, CNN facilitates deep learning for the recognition
and detection of images.

Most of the current research in object detection focuses on traffic sign recognition [14,15],
medical image detection [16], and intelligent agriculture [17]. Zuo et al. [18] used the Faster-
RCNN method to detect traffic signs. The experimental results show that Faster-RCNN can
indeed be applied to this field. Gaur et al. [19] used CNN to distinguish normal people from
people affected by viral pneumonia, which showed CV can achieve effective detection in
medicine. Li et al. [20] proposed an algorithm based on Faster-RCNN to detect small pests on
images with different pest densities and light reflections, providing technical references for pest
monitoring and population estimation. The literature review reveals that while target detection
can identify and locate objects, its application within computer vision remains constrained.
A significant shortfall exists in the domain of safety sign detection, with a notable absence
of algorithmic models tailored to this specific need in current research. The development of
models capable of classifying and accurately locating various types of safety signs would
establish a critical foundation. Such advancements could facilitate future endeavors to detect
the use of helmets, protective masks, and gloves among workers, prompting adherence to
relevant rules and regulations. Implementing these measures would enhance safety protocols
and more effectively mitigate the incidence of workplace accidents. This paper aims to
demonstrate the applicability and improve the performance (detection speed and accuracy) of
object detection in the coal mines’ safety science field, focusing on the detection of safety signs
due to carrying out safety restraints, regulations, and rules. The main contributions of this
paper are summarized as follows:

(I). The safety sign image dataset contained 2000 images with 10 categories: wearing
protective gloves, wearing a safety helmet, wearing electric shock, warning electric
shock, waring poisoning, emergency exit, emergency shelter, no climbing, no smoking,
and no fireworks.

(II). Attention mechanisms were introduced to make the network focus on important
information and reduce the influence of useless information.

(III). The Soft-Non Maximum Suppression (Soft-NMS) algorithm was used to replace the
traditional NMS algorithm so that more correct prediction boxes can be retained and
thus further optimize the detection model.

(IV). Since YOLOV4-tiny is a one-stage detection model, it lacks the first-step selection of
prediction box samples in multi-stage detection. Focal Loss was proposed to suppress
the loss function value of the well-classified sample box. At the same time, the sample
box with poor classification was not suppressed, thereby alleviating the problem of
category imbalance in one-stage object detection.

2. Related Works
2.1. Related Research of Computer Vision

Nowadays, the supervision of mines and some coal mines still relies on manual
inspection and assessment, although electronic technology such as camera monitoring
equipment has been added to the traditional model to achieve the goal of replacing manual
safety inspections. In general, the safety control at coal mines is not automated and
visualized enough, so some scholars have turned their attention to information, digital, and
intelligent safety management. The progress in the field of machine learning and computer
vision-based technology means that there is a new research interest in automatic detection
methods and early warning systems in the safety field [21]. Computer vision is the science
of how to use machines to “see” by processing captured images or videos to obtain three-
dimensional information of the corresponding scene. With the development of sensor
technology and the introduction of intelligent coal mines, the application areas of computer
vision are gradually becoming more widespread. In recent years, many researchers and
scholars have introduced computer vision technology in the field of safety to achieve
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intelligent management of personnel, machinery, and materials in the workplace in order
to reduce the occurrence of safety accidents and maximize safety intelligence. For the
detection of workers in coal mines, a method is proposed to detect and track the position
of modeled, moving objects in real time based on data obtained from video cameras [22].
Cheng et al. [23] collected and processed the location data of workers and mine equipment
in real-time through visual detection technology and displayed the relevant safety and
activity performance information to decision-makers in real-time and visually so as to
realize the safety management of workers. Barro-Torres et al. [24] developed a new model
of cyber-physical. The model enables real-time monitoring of the wearing of personal
protective equipment by installing sensors on workers’ clothing, using RFID to detect the
use of protective equipment by workers, and using Zigbee for network communication.
However, these methods require specific and expensive hardware to obtain the original
image. At the same time, it also requires a high level of cooperation among workers and
takes into account factors such as physical health, personal privacy, and mine convenience.
Therefore, with the development of computer hardware and the increase in computer
processing speed, deep learning models have been developed, with CNN being the most
widely used of the deep learning methods, which has been widely applied in a series of
tasks such as image classification and object detection.

Image classification is a very important task in computer vision, which can recognize
the objects in the image. AlexNet [25] is the first image classification model to be achieved
commercially. It is designed with a dual-GPU design model in order to improve the running
speed. It also adopts techniques such as local response normalization, dropout, and pooling
with overlap to prevent network overfitting. The VGG network [26] was proposed in 2014
by the Department of Science Engineering of Oxford University and uses small-sized
convolutions to reduce the number of parameters. Based on the AlexNet framework, the
depth of the network layers has been broken. GoogLeNet [27] is a breakthrough deep
network model proposed by Google, which uses convolution windows of different sizes to
form the Inception module. In order to prevent the excessive training gradient loss after the
deep network deepening and situations such as difficult network optimization and slower
training, ResNet [28] allows the network to be made very deep by connecting a high-speed
channel between the output and input so that shallow features can be passed on.

Object detection is fundamental to computer vision because it aims to recognize the
semantic features of objects and the positions contained in images. The object detection
algorithms based on deep convolutional neural networks can be divided into two cate-
gories according to detection steps: one is the two-stage object detection algorithm based
on candidate regions, and the other is the one-stage object detection algorithm based on
regression. The two-stage object detection algorithm first selects the candidate regions
of the image, then regression localization and classification of the possible targets in the
candidate area, so that the overall detection process is divided into two stages, repre-
sentative algorithms such as the RCNN series. One-stage object detection algorithms do
not select candidate regions separately, omit the candidate region generation step, and
integrate feature extraction, object classification, and position regression into one stage,
representing algorithms such as YOLO series, SSD series, etc. In 2014, Girshick et al. [29]
proposed the RCNN model, which firstly extracts approximately 2000 candidate regions
using the selective search method [30], secondly obtains the feature map corresponding to
each candidate region by convolutional neural networks, and finally classifies the features
using support vector machine to distinguish the targets. In 2014, He et al. [31] proposed
the Spatial Pyramid Pooling Network (SPPNet), which performs feature extraction only
once for object detection and uses the SPP layer to adjust the size of the feature map for
subsequent detection, avoiding multiple calculations of convolutional features. In 2015,
Girshick [32] proposed the Fast RCNN model, which improved accuracy by about 12% over
the RCNN model on the dataset PASCAL VOC2007 while improving detection speed by
about 200 times. Soon after the Fast RCNN model was proposed, Ren et al. [33] proposed
the first end-to-end object detection model, Faster RCNN. Faster RCNN uses the regional



Appl. Sci. 2024, 14, 2556 4 of 21

candidate network to greatly reduce the calculation of extracting candidate regions. In
2016, Joseph et al. [34] proposed the first one-stage object detection algorithm, YOLO (You
Only Look Once). The YOLO algorithm only needs to extract the feature of the input
image once, so the calculation speed of this algorithm is very fast and achieves an average
accuracy of over 60% on the dataset PASCAL VOC2007. Later, Joseph improved YOLO
and proposed the YOLOV2 [35] algorithm, which improved detection speed and accuracy.
In order to improve the detection accuracy of small targets, Liu et al. [36] proposed SSD
(single-shot multi-box Detector) in 2016. Although the SSD is simple and fast, it still does
not achieve the accuracy of the two-stage detection algorithm. To solve this problem, Lin
et al. [37] proposed RetinaNet in 2017, improved the cross-entropy loss, and proposed
the loss function, Focal Loss, to ensure a balanced distribution of positive and negative
samples during the training process, making the algorithm reach the accuracy of two-stage
detectors while maintaining a very fast detection speed.

With the development of computer vision technology, more and more fields are turning
their attention to intelligence and information technology. Although some studies have
attempted to use computer vision technology in the field of monitoring, very little studies
have focused on public safety. In terms of safety, recent studies have used vision-based
image classification and object detection to achieve various safety signs.

2.2. Computer Vision in Safety Applications

In recent years, many models for testing the wearing of safety helmets and other
protective equipment have been proposed. However, very little research on safety signs
detection. This section briefly introduces the application of two kinds of target detection
algorithms in the safety field.

Yang et al. [38] proposed a CNN coal and rock identification method based on hyper-
spectral data. Because of the dangerous behavior of many workers without safety helmets,
Chen et al. [39] proposed an improved Faster RCNN algorithm to detect the wearing of
safety helmets, Retinex image enhancement technology was used to improve image quality,
and the K-means++ algorithm was used to better adapt to small safety helmets, the average
accuracy of the improved algorithm was increased by 8.1%, effectively overcoming the
interference of light, distance, and other factors. Wang et al. [40] proposed a method for
automatic helmet detection based on the YOLOV3 deep neural network, CSPNet was used
to replace the Darknet53 backbone network, SPP structure was added, and a top-down
feature fusion strategy was implemented to improve the multi-scale prediction network to
achieve feature enhancement. The detection speed was improved by 28% over the original
YOLOV3, and the speed was increased by 6 fps. In 2020, Bochkovskiy et al. [41] proposed a
YOLOV4 object detection network. Liu et al. [42] effectively distinguished between helmet
wearers and non-wearers and achieved real-time detection of helmet-wearing. Although
the application of the unimproved YOLOV4 model has a good detection effect, it is not
improved for specific cases. One of the critical issues was poor performance and weak
robustness for object detection tasks. Deng et al. [43] proposed a helmet detection method
based on the improved YOLOV4; the K-means algorithm was used to cluster the dataset
to obtain more targeted edge information, and the multi-scale training strategy was also
used to improve the adaptability of the model to different scale detection. After the model
was improved, the detection accuracy and detection speed were improved compared with
YOLOV4. Yan et al. [44] proposed a fusion attention network based on the YOLOV4-tiny
detection algorithm, and an atrous spatial pyramid pooling network (ASPPNet) was in-
troduced after the feature extraction was completed by the lightweight backbone network
CSPDarkNet-tiny of YOLOv4-tiny, the problem of detection speed and high-altitude seat
belt feature extraction was solved. Since the SSD model is also a one-stage object detection
model with the advantages of easy deployment and fast detection results, some researchers
have applied it to fire detection tasks; Wu et al. [45] focused on real-time detection, early
fire detection, and false detection in fire detection and compared and analyzed the classic
monitoring methods to detect forest fires: Faster R-CNN, YOLO, and SSD, among them
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SSD have better real-time performance, higher detection accuracy, and early fire detection
capability. Lin et al. [37] proposed RetinaNet in 2017, improved cross-entropy Loss, and
proposed a Focal Loss function to ensure a balanced distribution of positive and negative
samples in the training process. The detection accuracy of the algorithm can reach the
accuracy of the two-stage detector while maintaining a fast detection speed. Although
object detection algorithms have been rapidly developed, well-researched, and applied
in many fields [14–16], they have only just started in the field of safety. Therefore, this
paper proposes a model based on YOLOV4-tiny to detect safety signs in various places,
laying a solid foundation for AI-based predictions and warnings to reduce the loss and
prevent accidents.

3. Deep Neural Network
3.1. YOLOV4-Tiny Network

The deep neural network in this work was based on the YOLOV4-tiny model [46],
designed based on the YOLOV4 network [41]. The overall structure of the network is shown
in Figure 1. It employs the CSPDarknet53-tiny network as the backbone feature extraction
network with fewer network parameters and faster detection speed than the CSPDarknet53
network in the YOLOV4 model. To make the calculation process faster, YOLOV4-tiny uses
the Leaky ReLU function as the activation function instead of the Mish activation function
in YOLOV4. The purpose of the Leaky ReLU activation function is to calculate the gradient
and thus avoid neural deactivation. As can be seen in Figure 1, YOLOV4-tiny also extracts
multi-scale features for detection, with two effective feature layers of different sizes. For
the input of 416 × 416 pixels, the scales of these two feature layers are 26 × 26 and 13 × 13.
Subsequently, the shallow effective feature layer is stacked with the deep effective feature
layer after convolution and upsampling operations (see Figure 1). Finally, the fused features
are sent to the YOLO Head for classification and position regression, and then the final
prediction result of the model is obtained by non-maximum suppression. Its accuracy on
the COCO dataset is also higher (mAP = 40.2%) than other versions (Light-Head R-CNN’s
mAP is 37.7%, YOLOV3-tiny’s mAP is 16.6%.) of the lightweight model. In terms of speed
and accuracy, YOLOV4-tiny is more appropriate for safety signs detection.
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Figure 1. The structure of YOLOV4-tiny deep neural network. Figure 1. The structure of YOLOV4-tiny deep neural network.

3.2. Attention Mechanisms

The one-stage detection algorithm has been widely used in various fields because of
its fast detection speed. Ullah [47] ran a variety of real-time object detection models on
non-GPU computers, such as YOLO, Faster RCNN, R-FCN, RetinaNet, etc., and found
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that YOLO was faster and more accurate than most other algorithms. Wang et al. [48]
proposed a new detection algorithm, AP-SSD, based on the one-stage algorithm SSD, which
reduced the computing cost. Nevertheless, it has a poor ability to extract target features
containing small-scale pixel information, so it is expected that the one-stage detection
algorithm could not perform well in detecting safety signs since safety signs are small-scale
targets in coal mines. Adding attention mechanisms can greatly improve performance
because the attention mechanism can highlight the characteristic information of the target
and weaken the interference of background information. The central focus of the attention
mechanism is to let the network focus on what needs more attention to reduce the arithmetic
demand for network training. This paper adds the attention mechanism module after
two feature outputs and upsampling, as shown in Figure 2. The implementation of the
attention mechanism enhances the network’s capability for information extraction, enabling
the filtration and amplification of critical information within features while suppressing
irrelevant data. Consequently, this allows the model to distinguish the target from the
background more effectively with only minimal computational effort.
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Most attention mechanisms introduce extra variables and computations to improve
the performance of the module. ECANet [49] is a new super strong channel attention
mechanism based on SENet [50], which greatly reduces computation and optimizes speed
and performance. ECANet’s module structure is shown in Figure 3. After inputting the
feature map χ for the global averaging pooling across all channels without dimensionality
reduction, ECANet achieves local interactions across channels using a one-dimensional
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convolution of size (K). The size of the convolution kernel (K) represents the range of
interactions across channels, which can be calculated by the adaptive function based on the
size of the input channel (C), as shown in Equation (1).

K =
log2 C + 1

2
(1)
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3.3. Loss Function

The loss function of YOLOV4-tiny is composed of the regression loss (Lloc) of the
anchor frame, the loss of the prediction category (Lcls), and the confidence loss (Lconf). The
overall loss function expression is shown in Equation (2)

L = Lloc + Lcls + Lcon f (2)

The loss function is used to calculate the gap between the model’s prediction and the
actual data. Classic one-stage detection methods, such as YOLO and SSD, have serious
category imbalance problems during training. A large number of simple samples and
backgrounds generated by the one-stage detection algorithm during training affect the
classification accuracy of the model. To enhance the prediction ability of the model for
complex samples, a Focal Loss [37] function is used in this paper to regress the confidence
of the target. The Focal Loss function can solve the problem of uneven positive and negative
samples in the classification process. By reducing the weight of background samples, the
model focuses on foreground objects.

L f l =

{
−α(1 − y)γ log y′,
−(1 − α)y log(1 − y′),

y = 1
y = 0

(3)

where α is the balance factor, γ is the attenuation parameter, and y is the predicted la-
bel probability.

The Focal Loss function adds a balance factor α to balance the imbalance between the
positive and negative samples themselves and uses an attenuation parameter γ to control
the imbalance between the simple and complex samples.

When y is very small (samples are difficult to divide, regardless of whether the division
is correct), α approaches 1, and the weight of the sample in the loss function is not affected.
When y is large (samples are easy to classify, no matter whether the grading is correct),
α approaches 0, and the weight of samples in the Loss function drops a lot. γ can adjust
the reduction degree of the weight of samples that are easy to classify. By appropriately
selecting the values of α and γ, Focal Loss effectively enhances the model’s predictive
accuracy for minority classes. Particularly in object detection tasks, it aids the model in
better recognizing small or difficult-to-distinguish targets against complex backgrounds,
significantly improving the model’s performance when dealing with class-imbalanced data.
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3.4. Improved NMS Algorithm

In the object detection task, the original output results have a large number of duplicate
detection prediction boxes. As a method of model post-processing, a Non-Maximum
Suppression (NMS) algorithm can effectively suppress the duplicate prediction boxes. The
traditional NMS first retains one prediction box with the highest confidence score, moves
it into the result set in each loop, and then iterates through the other prediction boxes. If
the overlap degree between prediction boxes with the highest confidence score exceeds
a threshold, the prediction box is considered to be detected repeatedly. In this case, the
candidate box should be deleted to retain the prediction box with an overlap degree less
than the threshold and the prediction box without overlap.

The NMS algorithm has obvious disadvantages. Firstly, a threshold, which is deter-
mined by subjective experience, needs to be set manually. Secondly, when similar targets
are dense, and the detected objects are highly overlapped, the NMS algorithm is easy to
delete the prediction box belonging to another target, resulting in missed detection.

By using a smoother suppression method, the Soft-NMS algorithm solves the problem
of traditional NMS. When the overlap between the current prediction box and the predic-
tion box with the highest confidence level exceeds a threshold, the prediction box is not
immediately removed from the result set, but the confidence score of the current prediction
box is reduced using a Gaussian weighted function (see Equation (4)).

si = sie
iou(M,bi)2

σ , ∀bi /∈ D (4)

where, si is the classification confidence, M is the current highest scoring detection box, bi is
the box to be processed, iou represents the ratio of the intersection area of the two candidate
boxes to the union area, its fomula is shown in Equation (5).

IOU =
area(Bgt ∩ BP)

area(Bgt ∪ Bp)
(5)

The Gaussian weighting method avoids the issue that when there is no overlap, the
penalty function has no penalty for prediction boxes, while when the prediction boxes are
highly overlapped, a higher penalty function will be generated. Subsequently, bounding
boxes with scores below a certain threshold are removed, and the process is repeated by
selecting the bounding box with the highest score and adding it to the final list of detection
results. The scores of the remaining bounding boxes are updated based on the IOU with the
highest-scoring bounding box. Repeat these steps until all bounding boxes are processed,
then return the final detection results list.

Through this method, Soft NMS can more delicately handle situations with over-
lapping bounding boxes, reducing the incorrect elimination of correct detection results,
especially in scenes with dense targets, effectively improving the accuracy and recall rate
of detection.

4. Experiments
4.1. Dataset Collection and Pre-Processing

In this paper, based on the Chinese standard GB2894-2008 [51], “Safety signs and
guideline for the use”, 10 types of safety signs (see Figure 4 and Table 1) were collected
from the complex environment under the mine and close to the mine environment. The
reasons for considering these 10 types of signs were attributed to their wide usage in
coal mines. Data augmentation was performed, including cropping, random rotation,
and changing brightness and contrast (see Figure 5 and Table 1), which aims to improve
the generalization ability of the model. The whole dataset was divided into training set,
validation set, and test set according to the ratio of (training set + validation set):test
set = 9:1 and training set: validation set = 9:1. The selected images were labeled with safety
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signs targets using LabelImg software 1.8.6 (cmd>conda activate pytorch>LabelImg) and
annotated with XML files in PASCAL VOC [52] format.
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Table 1. Dataset for object detection of safety signs.

Safety Signs Original Number Augmented Number

Wearing protective gloves 48 239
Wearing safety helmet 47 187

Wearing dustproof mask 49 195
Warning electric shock 57 227

Warning poisoning 44 176
Emergency exit 54 215

No climbing 52 207
No smoking 47 188
No fireworks 53 213

Emergency shelter 38 153
Total 489 2000
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4.2. Experimental Environment and Evaluation Index

We implemented this experiment using a PC-equipped Intel UHD Graphics 620 CPU
with 32 G memory, the used software is Python 3.7, the deep learning framework we used
is Pytorch. The system runs under Windows 10 64-bit. The Adam optimizer was used
to optimize the weight parameters of the model during the training process. The initial
learning rate of the training model was 0.0001, and the momentum was 0.937.
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The accuracy evaluation indicators mainly included Precision, Recall, AP, and mAP
(see Equations (5)–(8)). In addition, the speed evaluation indicator was FPS, representing
how many images are recognized per second.

Precision =
TP

TP + FP
(6)

Recall =
TP

TP + FN
(7)

AP =
∫ 1

0
P(R)dR (8)

mAP =

C
∑

i=1
APi

C
(9)

where TP is the number of samples where positive samples are correctly identified as
positive samples; FP is the number of samples where negative samples are incorrectly
identified as positive samples; FN is the number of samples where positive samples are
incorrectly identified as negative samples; Precision is used to measure the accuracy of
the positive samples found by the algorithm; Recall is used to measure the ability of the
algorithm to find samples in the data set; P(R) is the variation curve of precision with recall.
C represents the total number of categories, and APi represents the AP value of class i.

In this paper, the following experiments were considered (see Table 2) based on the
YOLOV4-tiny model:

(i) Three attention mechanisms, SENet, CBAM, and ECANet, were compared to investi-
gate the influence of different attention mechanisms on detection accuracy and speed.

(ii) The Soft-NMS algorithm was introduced to replace the previous traditional NMS
algorithm;

(iii) The Focal Loss algorithm was introduced.
(iv) The traditional YOLOV4-tiny model and the Faster-RCNN algorithm were compared

to validate the improved models.

Table 2. The different algorithm models and the test results.

Algorithm mAP/% FPS/s

YOLOV4-tiny 90.21 2.34

YOLOV4-tiny +
Attention mechanism

ECANet 96.03 1.63
SENet 90.32 1.46
CBAM 94.13 1.62

YOLOV4-tiny + ECANet + Soft-NMS 97.10 1.59

YOLOV4-tiny + ECANet + Soft-NMS + Lfl 97.76 1.62

Faster RCNN 88.53 1.21

5. Results and Discussion
5.1. Influence of Different Attention Mechanisms

Three attention mechanisms, SENet, CBAM, and ECANet, were separately added to
the YOLOv4-tiny model. Table 2 shows that the mAP value of the YOLOV4-tiny network
model with the ECA attention mechanism is higher than the other two attention mecha-
nisms. Meanwhile, the model with the ECANet attention mechanism obtains the highest
detection speed among the three models, reaching 1.63 FPS. Figure 6 shows the detection
results of safety signs in three situations (a lot of targets and small targets, normal size and
environment, and dim environment) by introducing three attention mechanisms. As can
be seen from Figure 6, when there are a lot of targets and small targets in the image, the
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detection effect of the YOLOV4-tiny algorithm with ECANet is the best, especially when
detecting small targets, the precision of the YOLOV4-tiny algorithm with SENet and CBAM
is only 67% and 69%. When ECANet is introduced, the precision reaches 97%; when de-
tecting normal-sized safety signs, the YOLOV4-tiny algorithm with the ECANet performs
better than the SENet and CBAM; when detecting blurred safety signs in dim light, the
YOLOV4-tiny algorithm based on ECANet has the best detection effect. Figure 7 shows the
comparisons of heat maps for adding different attention mechanisms. It can be clearly seen
from Figure 7 that the ECANet activates more object areas and focuses more on the safety
signs areas, especially small object areas. This indicates that the model with the ECANet
attention mechanism has stronger robustness and faster convergence for safety signs de-
tection. The better performance of the ECANet is associated with the non-dimensional
local cross-channel interaction strategy proposed by ECANet. Appropriate cross-channel
interaction can significantly reduce the complexity of the model while maintaining per-
formance. Simultaneously, it also indicates that compared to the introduction of SENet
and CBAM, the incorporation of ECANet can place greater emphasis on analyzing the
color and shape information of safety signs. It suppresses unimportant features, highlights
useful characteristics, and effectively captures cross-channel interactions, thereby achieving
performance improvement.
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Figure 7. Comparison of heat map results with the introduction of SENet, CBAM, and ECANet.

Figure 8 shows the P-R curve of the YOLOV4-tiny safety signs detection model after
the introduction of the ECANet attention mechanism. The mAP value for the model to
identify each type of safety sign is 96.03%, and the AP value of six types of safety signs
reaches 100%. It can be seen from the detection results of the other four safety signs
(Wearing protective gloves, wearing a safety helmet, emergency shelter, and no smoking)
that there are also some false detections in the model using the ECANet network. The
reason for the false detection is that when deep learning extracts features, some categories
of safety signs are incorrectly identified because of their similar colors, shapes, and patterns.
In this experiment, the AP value of No smoking is relatively low because the color and
shape of such signs are similar to that of No fireworks, and the two types of signs also
contain similar cigarette butts, so there will be false detection. If the image is taken over a
long distance or there are many kinds of signs in the same image, the detection window
may not be all identified correctly.
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5.2. Influence of Soft-NMS

As shown in Table 2, due to the existence of multiple targets in the image and the small
size of some targets, the combination of the ECANet attention mechanism and Soft-NMS
algorithm has achieved good detection results. The mAP value reaches 97.1%, which is
1.07% higher than the YOLOV4-tiny + ECANet. The FPS after the introduction of the
Soft-NMS algorithm is 1.59, which is lower than that of the YOLOV4-tiny + ECANet model.
The decrease in FPS is due to the addition of an attention mechanism, but the decrease is not
significant. This shows that after the introduction of this optimization strategy, the learning
and training of small targets are more in-depth. The Soft-NMS is used to correct candidate
boxes that are retained by using the non-zero feature of lower confidence candidate boxes,
thus improving the detection effect of the model. As shown in Figure 9, the log-average
miss rate of the traditional NMS algorithm is higher than that of the Soft-NMS algorithm,
and there are more categories with false detection than that of the Soft-NMS algorithm,
which proves the effectiveness of the improved model.
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5.3. Influence of Focal Loss

The Focal Loss function is used to replace the original confidence loss function, and
its mAP value reaches 97.76%, which is 0.66% higher than the YOLOV4-tiny + ECANet +
Soft-NMS and 7.55% higher than the traditional YOLOV4-tiny. It can be seen from Figure 10
that the categories with false detection after the introduction of Focal Loss are reduced. The
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principle of Focal Loss to improve the precision of the model is to add α to the positive and
negative samples to reduce the proportion of negative samples. The setting of α depends
on the characteristics of the data set and the detection task. The actual situation of the data
set and feedback are needed for experiment and verification. The effect of the model is
evaluated by the performance index on the validation set, and then the most suitable α is
determined. Lin et al. [53] proved through experiments that on the COCO data set, α is
set to 0.25, and the model accuracy is the highest. The literature also explained that when
the target has more annotations and more classification categories, a larger α can be set.
Therefore, this paper examines the suitable α within the range between 0.25–0.75.
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As shown in Figure 11, it is more appropriate in this work to set α to 0.5. It can be
seen from Figure 12 that when α is 0.5, the positioning of the target detection task is more
accurate, and the classification accuracy is higher. Figure 12 is the location map of object
detection when α is 0.25, 0.5, and 0.75. It can be seen that when α is 0.5, the precision
is higher than that when α is 0.25, which can reach 100%. When α is 0.75, there will be
repeated positioning, and the precision is also lower than that when α is 0.5. Therefore,
when the Focal Loss function is introduced, and the α is set to 0.5, the influence of the
category imbalance problem on the model training can be reduced so that the overall
performance of the model is better.
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5.4. Validation of the Proposed Model

It can be seen from Figure 13 that the changing trend of Loss of YOLOV4-tiny and
Faster RCNN algorithm first declines rapidly, then rises, and finally tends to be gentle. This
indicates that both YOLOV4 and Faster RCNN are over-fitting after epoch > 20. The loss of
the proposed model decreases rapidly and then levels off. The train loss and validation loss
almost coincide. It indicates that the curve is very smooth without over-fitting at the end of
the iteration. Comparing the three algorithms, the loss value of the improved YOLOV4-tiny
algorithm in this paper is almost completely lower than that of the Faster RCNN and the
YOLOV4 algorithm. Table 2 shows that the mAP value of the improved algorithm is 7.55%
higher than that of the YOLOV4-tiny model and 9.23% higher than that of the Faster RCNN
model. This demonstrates that the improved YOLOV4-tiny algorithm in this paper can
achieve better detection of safety signs than the Faster RCNN and the YOLOV4 algorithm.
However, the improved YOLOV4-tiny algorithm in this paper is higher than the Faster
RCNN model due to the addition of the attention mechanism.
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6. Conclusions and Future Work

Three feasible improvement strategies, including the attention mechanism, the soft-
NMS, and the Focal Loss, were proposed for the YOLOV4-tiny algorithm to address the
issues of long training time and inaccurate localization of small targets.

This paper proposed a method applied in the field of safety signs target detection
based on the YOLOV4-tiny algorithm and improved it. First, the attention mechanism is
introduced, and then the Soft-NMS algorithm and Focal Loss function are introduced. The
experimental results indicate that various attention mechanism modules exhibit distinct
precision and speed in safety sign detection, with the ECANet module demonstrating the
most favorable performance. Furthermore, substituting the traditional NMS algorithm
with the Soft NMS algorithm and incorporating the Focal LOSS function contribute to
enhanced detection performance. This leads to a reduction in the model’s false detection
rate, accompanied by a decrease in the variety of false detections. On this basis, the
improved model in this paper is compared with the traditional YOLOV4-tiny model before
the improvement and the two-stage representative algorithm Faster RCNN. It is concluded
that the model detection performance in this paper is the best, with mAP reaching 97.76%,
which was 7.55% and 9.23% higher compared to the YOLOV4-tiny and the Faster RCNN
algorithms, respectively. At the same time, the detection speed FPS was 1.59, which was
significantly improved by 0.38 compared with the two-stage detection algorithm Faster
RCNN. At the same time, the over-fitting phenomenon in YOLOV4-tiny and Faster RCNN
does not exist in the improved model training process. The improved model has good
capability to detect both normal-sized and smaller-sized targets, as well as blurred safety
signs in dim light. Overall, the proposed model significantly improved the performance of
safety signs detection.

The algorithm in this paper has limitations for detecting safety sign images with
overlapping occlusion objects and datasets. Further work will expand more datasets,
collecting other categories of safety signs and covering more detection tasks in the safety
field, such as unsafe behavior and dangerous goods, in order to improve the applicability
and generalization of the model. Object detection is extensively employed in various
fields, such as safety production and surveillance. Therefore, the next step is to consider
improving the speed of the model further.
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