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Abstract: In intelligent surveillance of construction sites, safety helmet detection is of great signif-
icance. However, due to the small size of safety helmets and the presence of high levels of noise
in construction scenarios, existing detection methods often encounter issues related to insufficient
accuracy and robustness. To address this challenge, this paper introduces a new safety helmet
detection algorithm, FEFD-YOLOVS5. The FEFD-YOLOVS5 algorithm enhances detection performance
by adding a shallow detection head specifically for small target detection and incorporating an SENet
channel attention module to compress global spatial information, thus improving the model’s mean
average precision (mAP) in corresponding scenarios. Additionally, a novel denoise module is intro-
duced in this algorithm, ensuring the model maintains high accuracy and robustness under various
noise conditions, thereby enhancing the model’s generalization capability to meet real-world scenario
demands. Experimental results show that the proposed improved algorithm achieves a detection
accuracy of 94.89% in noiseless environments, and still reaches 91.55% in high-noise environments,
demonstrating superior detection efficacy compared to the original algorithm.

Keywords: safety helmet; small target; attention module; YOLOv5s; denoise module

1. Introduction

As urban construction rapidly advances, the safety concerns at construction sites
have gained increasing attention. Safety helmets, as part of the protective gear on con-
struction sites, play a crucial role in ensuring worker safety. However, due to the small
size of safety helmets and the substantial amount of noise present in construction scenes,
traditional helmet detection methods demonstrate inadequacies in terms of accuracy and
robustness. In recent years, significant advancements in deep learning technologies within
the field of object detection have offered new possibilities for improving safety helmet
detection algorithms.

The field of object detection has made significant strides, particularly where meth-
ods based on deep learning have achieved breakthrough improvements in performance
across numerous tasks. Presently, mainstream object detection methods primarily fall
into two categories: region-based methods (such as Faster R-CNN) and single-stage
methods (such as SSD and YOLO series). Faster R-CNN employs a region proposal
network (RPN) to generate candidate regions, utilizes convolutional neural networks
(CNN) for feature extraction, and eventually applies a fully connected layer for feature
classification and bounding box regression. However, Faster R-CNN’s computational
complexity escalates when dealing with a multitude of candidate regions, leading to
slower detection speeds. SSD achieves higher detection speeds by predicting on multi-
scale feature maps, but its performance is somewhat lacking in small target detection.
The YOLO series transforms the object detection problem into a regression problem,
achieving the goal of real-time detection, albeit with slightly reduced detection accuracy
compared to Faster R-CNN.
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Given the specific task of safety helmet detection, the YOLO algorithm has advantages
in terms of faster detection speed and easier model deployment. However, it exhibits certain
deficiencies in terms of accuracy in complex and open scenarios. In real-world scenes,
detection accuracy significantly varies for objects of different sizes. Moreover, construction
site scenarios present noise issues due to factors like fog, wind-blown dust, dynamic
blurring and occlusion from construction activities, and even artifacts from the camera
itself, affecting the model’s recognition rate and detection speed. To address issues related
to small target detection and robustness under noise conditions, this paper introduces
a safety helmet detection algorithm based on feature enhancement and noise reduction
(FEFD-YOLOVS5). Experimental results show that the proposed FEFD-YOLOVS5 algorithm
outperforms YOLOvb5s in terms of mean average precision (mAP) under both noiseless and
noisy conditions, thus validating its effectiveness.

The main contributions of this paper are summarized as follows:

1. A shallow object detection head is added to the prediction part, integrating shallow
features comprehensively. This method effectively leverages the shallow features of
small objects, enhances the semantic representation of small objects, and improves the
detection performance of the safety helmet detection model.

2. By introducing an attention module, the algorithm selectively learns and adjusts
the interdependencies among different channels in the feature map. This approach
highlights the relevant information of small objects and enhances their representation
in the feature space, which in turn, significantly improves the detection accuracy of
small objects in complex scenarios.

3. Anovel noise reduction block is proposed based on the Non-Local Means algorithm,
eliminating noise within features extracted by the convolutional layer, thereby im-
proving detection results.

2. Related Works

The application of deep learning in the field of helmet detection has gradually become
a research focus. Computer vision algorithms can be primarily divided into single-stage
and two-stage detection types. In single-stage detection, the representative ones include
the YOLO series, from YOLOv1 to YOLOVS5 [1-4], the SSD series, including the rainbow
SSD [5] (R-SSD), feature-fusion SSD [6] (FSSD), and deconvolutional SSD [7] (DSSD), as
well as EfficientDet [8] among others. In two-stage detection, region-based convolutional
neural networks (R-CNNs), such as R-CNN [9], Fast R-CNN [10], Faster R-CNN [11], and
Mask r-cnn [12], hold dominant positions.

However, both single-stage and two-stage detection algorithms may suffer from the
loss of shallow features due to the depth of network training, which can gradually weaken
the semantic information of small targets. To address this issue, researchers have attempted
to combine shallow features with deep features. Approaches such as Feature Pyramid
Network [13] (FPN), Path Aggregation Network [14] (PAN), Parallel Residual Bi-directional
Fusion Feature Pyramid Network [15] (PRB-FPN), and Receptive Field Block [16] (RFB)
are representative attempts. These methods ensure the integrity of feature information by
extracting features from shallow layers, which can somewhat alleviate the issue of small
target detection.

In addition, to further enhance model performance, researchers have tried to integrate
denoising modules, such as Non-local Neural Networks [17]. This algorithm effectively
reduces noise interference while processing global contextual information. Some research
has also focused on using attention mechanisms to enhance model performance, like Convo-
lutional Block Attention Module [18] (CBAM), and Squeeze-and-Excitation Networks [19]
(SENet), which help the model focus more on essential information.

For instance, Kun Han et al. [20] currently used multi-scale detection to identify
helmets, effectively improving recognition accuracy by adding a fourth dimension to
predict a large number of small targets. Li N et al. [21] proposed a helmet detection method
based on a modified shallow feature network for Faster RCNN and a multi-part fusion.
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Likewise, Fan Wu et al. [22] effectively handled cases where helmets were stained, partially
obscured, or where there were numerous targets in low-resolution images by switching the
backbone feature extraction network. Moreover, G Han et al. [23] applied channel attention
modules to high-level features to better capture global contextual information, facilitating
the extraction of crucial feature channels. By introducing feature pyramids and multi-scale
perception modules, the robustness of the detection algorithm to target scale changes was
improved. Weipeng Tai et al. [24] enhanced the features of the spatial region corresponding
to the target object by introducing a spatial attention module, thereby improving helmet
recognition rate.

Base on the aforementioned research, we have extensively optimized the architecture
of YOLOVS5. Our aim is to significantly improve detection accuracy and efficiency, partic-
ularly with regard to noise interference and small targets. This section outlines the core
contributions of our work, highlighting our unique innovations and improvements in the
field of helmet detection.

3. FEFD-YOLOvV5
3.1. Network Structure

The network structure of FEFD-YOLOVS5, shown in Figure 1, mainly consists of
the Backbone, Neck, and Head. Compared to YOLOv5s, FEFD-YOLOVS5 has made three
significant improvements to enhance feature extraction capability and mitigate the influence
of noise:

1.  Addition of a small object detection head to the shallow feature section: This is
specifically designed for small objects, with an input size of 160 * 160 * 255. Its
primary function is to capture the information of small objects in the early stages
of feature extraction, ensuring that this information is not lost or blurred in the
subsequent deeper network layers.

2. Incorporation of the SENet attention module, forming an S3 structure: By introducing
an attention mechanism into the network, the importance of feature channels can be
dynamically adjusted. The SENet module can automatically learn and extract features
that are more useful for object recognition, thereby concentrating the model’s focus
and reducing the interference of irrelevant information.

3. Addition of a noise reduction module to the Backbone: The Backbone, being the main
part of the network, is used to obtain the basic features of the original image. Adding
a noise reduction module helps eliminate image noise at an early stage, enhancing the
model’s resistance to noise and ensuring the clarity and accuracy of the features.

The original image, with a size of 640 * 640 * 3, first passes through the noise reduction
module for preprocessing, eliminating the original image’s noise and extracting preliminary
feature information. These features pass to the S3 module, which further extracts and
filters out features that are more useful for object detection using the SENet attention
mechanism. Simultaneously, the small object detection head in the shallow feature section
preserves and extracts fine-grained information that could potentially be lost in subsequent
deeper network layers. Through these three improvements, FEFD-YOLOVS effectively
recognizes small objects and resists noise, significantly enhancing the accuracy of safety
helmet detection.
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Figure 1. FEFD-YOLOV5 Model Structure.

3.2. Small Object Detection Layer

The detection of small objects is a significant challenge in deep learning object detection
algorithms. Because the increase in network depth and the downsampling process of the
feature map often leads to the loss of precise information about the position of small objects,
blurred location information directly affects the recognition accuracy of small objects. In
this context, we have researched and designed a strategy specifically optimized for small
object detection.

Specifically, we have added a new detection head to the existing YOLOv5s model,
which is specifically used for the recognition of small objects. This new small object
detection layer processes images at a higher resolution in the shallow network layers,
effectively capturing detailed information about small objects (such as safety helmets).
We leverage an important phenomenon where small objects in high-resolution images
can produce more feature points, thereby significantly enhancing the model’s recognition
performance. Since this detection head only handles small objects, the original deep
detection head is still used for processing large objects. Therefore, the new network
structure maintains computational efficiency while effectively improving the recognition
ability for small objects.

The network structure presented in Figure 2 incorporates newly added layers specifi-
cally for small object recognition, denoted by red lines and red boxes. We introduced a new
small object recognition layer into the shallow structure of the original YOLOv5 model,
while retaining the mutual fusion structure strategy of the Feature Pyramid Network (FPN)
and the Path Aggregation Network (PAN). In the Backbone part, the feature map first
passes through the feature extraction network module, then enters the Neck part, and fuses
with the upsampled feature map. After another feature extraction network module, the
feature map enters the detection layer. Meanwhile, part of the feature map is downsam-
pled and fused with the feature map from another path, thereby effectively enhancing the
location information of shallow features.
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Figure 2. The shallow object detection architecture. The red lines and boxes denote components that
are added compared to the original version.

By adopting this improved strategy, we can fully utilize the location information in
the shallow feature map, significantly enhancing the model’s performance in detecting
small-sized safety helmets. Through experimental verification, we have found that this
improvement strategy indeed shows significant advantages in handling small-sized safety
helmet detection tasks, contributing to the accuracy and robustness of the model in real-
world application scenarios.

3.3. Channel Attention Module

To further enhance the performance of our model in the safety helmet detection task,
we incorporated a channel attention module into the model’s C3 module. This mod-
ule, based on the concept of SENet, intensifies the focus on crucial features by mining
inter-channel relationships in the feature maps, thereby boosting the model’s recogni-
tion capability.

As a classic channel attention model, SENet has significant application value in the
field of computer vision. SENet mainly includes two parts: Squeeze and Excitation. The
Squeeze part is responsible for compressing global spatial information to facilitate feature
learning at the channel dimension, while the Excitation part employs a method similar
to a multi-layer perceptron [25] (MLP) to model channel importance, achieving channel
weighting and normalization. After multiplying the feature maps by the channel weights,
the importance of each channel in the feature maps can be quantified, further enhancing
model performance.

Figure 3 displays the structure of the SE module. A standard 2D convolution operation
is initially used to transform the input feature map into feature maps of varying sizes.
Global average pooling and global maximum pooling are two common methods of Squeeze
operations. This study utilizes global average pooling as the pooling method. Through
calculation Equation (1), a one-dimensional vector is obtained:

1 Hi X W,' .
Avg;(x) = mzkzl fi(i=1---c) 1)

The Excitation operation is a fully connected layer operation aiming to reduce the
parameter scale of the attention network, thus realizing model lightweightness and effi-
ciency. After processing by a Sigmoid activation function, we obtain weights for C channels,
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distributed between 0 and 1. Then, these weights are combined with the transformed
feature maps, enabling the model to distinguish the importance between channels. The
larger the weight, the more significant the impact of the corresponding feature channel on
the final target recognition.

1x1xC, 1x1%C,y
RS ]
X F;g () \ i
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c, c,
Figure 3. The architecture of SE network.

To enhance the model’s performance in the extraction of small target features, we in-
corporated SENet into the feature extraction stage, enabling the model to better distinguish
between targets and the background, thereby improving small target recognition ability.

Figure 4 demonstrates the network structure with the attention module. The input
feature map is 64 x 160 x 160. After the attention module assigns different channel or
spatial weights to the features, we obtain a feature map of the same size, 64 x 160 x 160.
Then, we downsample the feature map with attention weights, and input the feature map
obtained from the previous layer through convolution into the residual branch, thereby
extracting deeper feature information. The design of the Bottleneck layer structure aims
to reduce the number of parameters, decrease computation, and enhance data training
and feature extraction efficiency after dimension reduction. Finally, we perform a concat
operation on the two feature maps to obtain the final output.

Bottleneck xn

I—cuncat

SE Conv }» TConv=>  ——Conv=—>  —Conv' —Conv—> —>
Ix1 Tx1 3x3

output
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1x1
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Figure 4. Network Structure with the Attention Module.

Upon incorporating the channel attention module, the model’s performance in the
safety helmet detection task was significantly enhanced. The model’s accuracy improved
significantly, and its small target recognition capability was notably enhanced. Based on
this, our work confirmed that introducing the channel attention module into the target
detection model can effectively improve the model’s performance, enabling it to have
higher accuracy and robustness in real-world application scenarios.

3.4. Denoise Module

When constructing a safety helmet detection model, besides improving model recog-
nition accuracy through enhanced channel learning, enhancing the non-local correlation in
images is also an important task. Detection failures sometimes stem from the model’s over-
interpretation of background noise in images. Therefore, we proposed a feature denoising
method that combines the Non-Local Means (NLM) algorithm and convolutional neural
networks. This method takes full advantage of the correlations between image information,
effectively suppresses image noise, and improves model performance.
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Unlike traditional denoising in the image preprocessing stage, our method goes
further by denoising feature maps in the convolutional neural network. The designed
noise reduction module uses a Gaussian filter, fully considering the spatial information at
each location and utilizing the redundant information and structural information in the
image to eliminate noise. This allows the model to retain image details and texture while
reducing noise.

The definition of the denoising block function is shown in Equation (2):

1 . .
Yi= C(J?) vzjw(xi’xf)v(xf)’ 2)

where i represents the output location, such as spatial, temporal, or spacetime indexes,
whose response is obtained by enumerating and calculating j. X is the input feature map,
y is the denoised feature map, and X; is the feature obtained by downsampling. The
normalization operation C(£) performs using Softmax. The function v(%;) calculates the
representation of the feature map at position j, and is defined in Equation (3):

Z)(J?]) = Wf]', (3)
in which, the matrix W is obtained by training and updating the convolution of 1 x 1.
The denoising function realized by the Gaussian filter W(x) is defined as shown in
Equation (4):

W (x;, %) = e, (4)

Here, a dot product xl-Tx]- is used to calculate the similarity, which is simplified from the
cosine similarity. Compared to the commonly used Euclidean distance calculation method,
using the dot product operation has more advantages in a neural network environment.
When dealing with images disturbed by noise, this Gaussian function can effectively reduce
the influence of noise, thereby enhancing image quality.

As shown in Figure 5, the construction of the denoising module, in the case where
the size of the input feature map is H x W x 64, uses a 1 x 1 convolution for channel
transformation and matrix transformation, and carries out the denoising operation through
matrix multiplication. Specifically, at the three positions of a, b, and ¢, a 1 x 1 convolution
is used for channel transformation, reducing the size of the feature map by half, aiming to
reduce the computational load of the module and improve the efficiency of the module.
To achieve the purpose of denoising, we use the Softmax function for normalization, and
perform a weighted average operation on the entire image position. The denoised feature
map is added to the original feature map through residual connection, and thena 1 x 1
convolution is used to obtain a feature map consistent with the initial shape.

The design of this residual structure allows for feature fusion without loss of input
information, enabling the network to learn various complex features and representations
more effectively. This design strategy not only preserves more beneficial information, but
also equips the network with the ability to handle more complex tasks, thereby significantly
enhancing network performance.

In summary, the feature denoising method we proposed, which combines the Non-
Local Means (NLM) algorithm and convolutional neural networks, not only effectively
eliminates image noise and improves image quality, but also significantly reduces the
false alarm rate in complex scenarios, thereby achieving the goal of improving model
performance while maintaining high efficiency. This is achieved by employing a Gaussian
filter in the denoising module and effectively integrating complex features.
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Figure 5. Structure of the Denoising Block.

4. Experimental Results and Analysis
4.1. Experimental Datasets

In this section, we utilized a dataset comprised of 6140 images for evaluating the
proposed algorithm. The images in the dataset include a combination of custom data
captured by cameras at different construction site scenes during various days, under
diverse lighting and weather conditions, and a portion of safety helmet wearing images
obtained from the Internet. This Internet-derived dataset includes images from multiple
sources to ensure the variability and representativeness of the data.

The collected images were manually annotated with bounding boxes for the helmet
objects and tagged with class labels. The annotation process was carried out by three
independent individuals to ensure the accuracy of the labels.

We partitioned the annotated dataset into training, validation, and test sets in a ratio of
8:1:1, ensuring that each set contained varied representative samples from both the custom
and Internet-derived datasets. The training set is used for learning the model parameters,
the validation set for tuning the hyperparameters, and the test set for evaluating the
generalization ability of the proposed FEFD-YOLOVS5 algorithm.

To evaluate the performance of the algorithm under noise in the experiment, we chose
a type of noise that is quite close to the natural environment—Gaussian noise—for noise
addition processing of the test images. This type of noise has been widely used in the field
of image denoising research. Additive White Gaussian Noise (AWGN) follows a Gaussian
distribution. This noise model helps to more accurately evaluate the performance of the
proposed algorithm in actual application scenarios. Its mathematical representation is

shown in Equation (5):
(1) = Aexp( -5 ©)
fla) = 2o P\ 7202

In the equation, ¢ represents the standard deviation. The strength of the noise can be
effectively controlled by adjusting the size of the standard deviation. AWGN is considered
an ideal noise signal because it can uniformly add noise values to each pixel value and
simulate the noise caused by factors such as wireless transmission and signal interference in
the actual environment within specific frequency bands. Due to its controllability and ease
of analysis and comparison, image denoising algorithms usually use AWGN to simulate
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the noise situation in real environments. Figure 6 shows a comparison of the image before
and after adding noise at the o = 15 level.

(a) original image (b) Gaussian white noise

Figure 6. Comparison of the original image and the image after adding Gaussian white noise.

In this experiment, the level of noise added to the training set is o = 15. For the test
set, it is tested in an environment with a noise level of ¢ = 0, 15, 25, 35, 50.

4.2. Experimental Environments

In this study, we set the epoch to 300, batch-size to 16, and the size of the input images
to 640 x 640. The training process spanned the first four epochs, utilizing a stepwise
increasing strategy. The learning rate for weight updates started from 0 and increased
arithmetically to 0.02, while the bias layer was gradually reduced from 0.1 to 0.02. After
completing the training over the initial four epochs, an adaptive learning rate adjustment
strategy was utilized to update the learning rate (Table 1).

Table 1. Experimental Configuration.

Hardware Software
Graphics Card 3090
Graphics Memory 24 GB
RAM 32GB
Hard Drive 20 TB
Operating System Ubuntu 18.04.6
Development Environment CUDA 114
Programming Language Python 3.6
Framework PyTorch

4.3. Experimental and Evaluation Criteria

At the onset of the learning phase, the system utilizes the training set, which is
designed to enable the model to learn the model parameters. The initial four epochs are
subjected to a learning process using a stepwise increasing strategy. The learning rate
for weight updates starts from 0 and increased arithmetically to 0.02, while the bias layer
gradually reduces from 0.1 to 0.02. In essence, this process allows the model to understand
the patterns, trends, and correlations within the training data, thereby establishing the
underlying model for the algorithm.

Subsequent to the learning phase, the algorithm proceeds to the optimization phase.
In this stage, the validation set is leveraged for tuning the hyperparameters. After com-
pleting the initial four epochs training, an adaptive learning rate adjustment strategy is
implemented to optimize the learning rate. The optimization process serves to fine-tune
the learned model parameters so as to enhance the prediction performance of the model
and reduce any potential overfitting or underfitting issues.

The final stage is the verification phase, where the test set is employed to evaluate the
generalization ability of the proposed FEFD-YOLOVS5 algorithm. This involves assessing
the model’s performance when it is exposed to unseen data, thereby testing its robustness
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and generalization capacity. Moreover, to evaluate the performance of the algorithm under
noise in the experiment, we chose a type of noise—Gaussian noise—for noise addition
processing of the test images.

We have made three improvements on the YOLOv5s model, which include the addi-
tion of a Small Object Detection Head (SDH), attention modules selection, and integration
of a denoising module. The effectiveness of these improvements was validated through a
series of independent and integrated experiments.

To verify the effectiveness of attention and feature network fusion, SENet and CBAM,
two different attention mechanisms, were added to the main network, and SDH was
added to the detection layer for feature enhancement. The results of these experiments are
depicted in Table 2.

Table 2. Ablation experiment results comparison.

SENet CBAM SDH mAP@0.5/% t/ms
88.01% 24
v 92.43% 27
v 89.63% 28
v 90.47% 26
v v 92.60% 32
v v 94.78% 30

The results in Table 2 clearly demonstrate that in the network models that incorporate
SENet and CBAM attention modules, the SENet module can significantly improve the
mAP@0.5 index. The performance gain of the CBAM module on this test set is relatively
smaller. By comparing the fusion experiments of SENet with SDH and CBAM with SDH,
we found that SENet takes less time than CBAM, and outperforms CBAM in performance.
Given the improvements in mAP@0.5 index achieved by our model modifications, we
conducted an analysis. Based on the results of independent experiments, we calculated the
average percentage improvement in mAP@0.5 for SDH, SENet, and CBAM. In addition,
we also conducted an inferential statistical analysis by performing a t-test to determine the
significance of the differences in mAP@0.5 improvements among SDH, SENet, and CBAM.
Hence, the fusion of SENet attention mechanism with SDH was chosen as the optimization
strategy for this research.

Although the introduction of SDH and SENet attention mechanism module increases
the model’s complexity, the number of parameters, and the computation load, thus reducing
detection speed, the mAP@0.5 index improves by 6.77% on the original basis, which still
meets the real-time performance requirement. Overall, the proposed model maintains good
real-time performance while ensuring a high degree of accuracy.

Additionally, the experimental results show the advantages of SDH in small object
detection. From Table 2, it can be observed that the mAP@0.5 improves by 2.46% when
SDH is introduced alone. When fused with SENet or CBAM, the addition of SDH improves
mAP@0.5 by 2.35% and 1.97%, respectively. These data suggest that SDH has a significant
effect in enhancing the performance of small object detection. The detection effect is shown
in Figure 7. Moreover, when SDH is fused with SENet and CBAM attention mechanisms in
the experiments, the impact on detection speed is relatively small, with only an additional
processing time of 2—4 ms. This further verifies the effectiveness and practicality of SDH.

In the fusion experiment, the combination of SENet and SDH performed the best,
achieving an mAP@0.5 of 94.78% and a processing time of 30 ms, an improvement of 6.77%
in accuracy compared to the original model, with only a sacrifice of 6 ms in detection speed.
The detection results comparison is shown in Figure 8. This fully illustrates the effectiveness
and synergistic effect of the SENet attention mechanism and SDH in improving model
performance, allowing the model to maintain high accuracy while still having good real-
time performance.
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(a) YOLOvV5s model (b) SDH

Figure 7. Comparison of detection results.

(a) YOLOvV5s model (b) Attention module

Figure 8. Comparison of detection results.

This paper proposes a structure named FEFDNet, which integrates SDH, SENet, and
a denoising module. To verify the effectiveness of the denoising module, we compared
FEFDNet with YOLOv5s and YOLOv5s-N (a variant of YOLOv5s integrated with a denois-
ing module). As can be seen from Table 3, FEFDNet achieves higher detection accuracy
on datasets with no noise and different noise levels. The detection results comparison is
shown in Figure 9.

(a) YOLOvV5s model (b) Denoise module

Figure 9. Comparison of detection results.

Table 3. Comparison of detection results between FEFDNet and other algorithms.

Model No Noise c=15 c=25 =35 =50
YOLOvV5s 90.26% 88.50% 85.65% 80.92% 70.17%
YOLOv5s-N 90.50% 91.02% 91.43% 90.78% 89.40%
FEFDNet 94.89% 94.33% 94.57% 93.82% 91.55%

On datasets with different noise levels, the detection accuracy of FEFDNet and
YOLOvb5s-N is generally higher than YOLOvV5s. Especially on datasets with higher noise
levels, the performance improvements of FEFDNet and YOLOv5s-N compared to YOLOvb5s
are particularly noticeable. For instance, when = 50, the detection accuracy of FEFDNet and
YOLOV5s-N is 91.55% and 89.40%, respectively, while the detection accuracy of YOLOv5s
is 70.17%. Compared to YOLOv5s, FEFDNet improves the detection accuracy on datasets
with higher noise by 21.38 percentage points, and YOLOv5s-N improves by 19.23 per-
centage points. This evidence implies that the denoising module proposed herein can
significantly enhance the model’s robustness against noise data.

To better verify the model, this paper uses the same helmet dataset. Under the same
configuration environment, two-stage detection model Faster R-CNN and single-stage
detection models SSD, YOLOv3, YOLOv4, YOLOv5s, YOLOvV6, and YOLOvV7 were used to
train helmet detection models. The comparison between these models and the FEFDNet
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model was based mainly on AP@0.5 and mAP@0.5 as the key comparison indicators, and
the number of epochs for training was 300. The comparison results of the experiments are
shown in Table 4. The safety helmet detection model based on feature enhancement can
detect targets wearing safety helmets with an AP of 94.89%. At the same time, this model
can detect targets not wearing safety helmets, with an AP of 94.67%. Considering both,
the mAP of this model is 94.78%. Compared with other algorithms, this model’s mAP has
improved significantly: Compared to Faster RCNN, SSD300, YOLOv3, YOLOv4, YOLOVS,
YOLOvV6, and YOLOV7, this model’s mAP increased by 11.17%, 18.55%, 14.05%, 7.88%,
6.77%, 5.8%, and 5.07%, respectively. This indicates that the FEFDNet model has higher
accuracy and performance advantages in construction site safety helmet detection.

Table 4. Comparison of experimental results of multiple models.

Algorithm AP@0.5/% (Hat) AP@0.5/% (Person) mAP@0.5/%
Faster R-CNN 82.67% 84.55% 83.61%
SSD300 77.62% 74.84% 76.23%
YOLOv3 81.78% 79.68% 80.73%
YOLOv4 87.87% 85.93% 86.90%
YOLOv5s 90.26% 85.76% 88.01%
YOLOV6 [26] 90.46% 87.51% 88.98%
YOLOv7 [27] 90.67% 88.76% 89.71%
FEFDNet 94.89% 94.67% 94.78%

In conclusion, the improvement strategy based on the YOLOv5s model in this paper,
which includes adding small target detection heads, selecting the optimal attention module,
and integrating a denoising module, has proven to provide significant advantages. The
experimental results show that FEFDNet has higher accuracy and robustness in the task of
safety helmet detection, providing strong support for practical applications. Furthermore,
in terms of performance, FEFDNet surpasses other mainstream object detection algorithms,
further substantiating the efficacy of the improvements proposed in this study.

5. Conclusions

To meet the demands of helmet detection tasks in practical applications, this paper
proposes an enhanced helmet detection algorithm based on the YOLOv5s model, inte-
grating a small object detection head (SDH), optimally selected attention modules, and a
denoising module. The efficacy and performance advantage of the proposed method are
verified through a series of independent and combined experiments.

To address the small object detection problem, the SDH was introduced to improve
the model’s ability to detect small objects. In terms of attention mechanisms, the Squeeze-
and-Excitation Networks (SENet) was chosen over Convolutional Block Attention Module
(CBAM) as it proved to be more effective. To enhance the robustness of the model under
noisy data, a denoising module was designed and integrated into the FEFDNet network.

To evaluate the performance of the proposed method, FEFDNet was compared with
other mainstream object detection algorithms. The experimental results indicate that
FEFDNet outperforms other algorithms in helmet detection tasks, demonstrating good
robustness under different noise conditions, lighting conditions, and degrees of occlusion.
This fully illustrates the high value of the proposed method in practical applications.

Although the proposed FEFDNet has achieved commendable performance, there is
still room for improvement. For instance, further research into more effective small object
detection and tracking algorithms could improve the recognition accuracy of these objects.
Additionally, exploration of how the proposed method could be applied to other object
detection algorithms to achieve superior performance can be considered.
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