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Abstract: This paper proposes an improved model based on YOLOv5s, specifically designed to
overcome the challenges faced by current target detection algorithms in the field of electric bike helmet
detection. In order to enhance the model’s ability to detect small targets and densely populated scenes,
a specialized layer dedicated to small target detection and a novel loss function called Normalized
Wasserstein Distance (NWD) are introduced. In order to solve the problem of increasing model
parameters and complexity due to the inclusion of a small target detection layer, a Cross-Stage Partial
Channel Mixing (CSPCM) on top of Convmix is designed. The collaborative fusion of CSPCM and
the Deep Feature Consistency (DFC) attention mechanism makes it more suitable for hardware
devices. In addition, the conventional Nearest Upsample technology is replaced with the advanced
CARAFE Upsample module, further improving the accuracy of the model. Through rigorous
experiments on carefully constructed datasets, the results show significant improvements in various
evaluation indicators such as precision, recall, mAP.5, and mAP.95. Compared with the unmodified
YOLOv5s algorithm, the proposed enhanced model achieves significant improvements of 1.1%, 8.4%,
5.2%, and 8.6% on these indicators, respectively, and these enhancements are accompanied by a
reduction of 778,924 parameters. The experimental results on our constructed dataset demonstrate the
superiority of the improved model and elucidate its potential applications. Furthermore, promising
improvements for future research are suggested. This study introduces an efficient approach for
improving the detection of electric bike helmets and verifies the effectiveness and practicality of the
model through experiments. Importantly, the proposed scheme has implications for other target
detection algorithms, especially in the field of small target detection.

Keywords: intelligent transportation; electric bike helmet detection; YOLOv5s; CSPCM; NWD;
CARAFE; DFC; small target detection

1. Introduction

The issue of electric bike helmet usage has emerged as a crucial concern for road traffic
safety, along with the rapid growth of electric bikes in China. However, the detection of
helmet wearing encounters numerous challenges and complexities in practical applica-
tions. Firstly, the detection algorithm must possess high precision to reduce the risks of
misjudgment and missed detections owing to variations in helmet color, style, material,
and other factors. Secondly, helmet wearing detection necessitates the consideration of
intricate background interferences and demands swift detection capabilities to ensure both
accuracy and practicality in helmet detection. Furthermore, helmet targets often constitute
small components within the overall scene, presenting as diminutive objects [1,2], which
pose an additional challenge to the accuracy of the detection algorithm.
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The helmet target detection algorithms can be classified as conventional detection
methods or deep learning-based detection approaches [3,4]. The former relies on visual
detection techniques that utilize manually engineered features such as Histogram of Ori-
ented Gradient (HOG) and adaptive Gaussian mixture models [5,6]. These methods involve
separating targets, including helmets, electric bikes, and people, from the background
before performing classification. This method not only affects detection accuracy, but also
reduces computational speed, making it often unable to meet the real-time detection needs
of traffic scenes. On the other hand, neural networks have made a big splash in deep learn-
ing and are widely used in areas such as image recognition, natural language processing,
and reinforcement learning [7–9]. In terms of image recognition, these algorithms analyze
and learn data features by simulating the operations of actual neural networks, offering
improved detection performance compared to conventional methods.

Deep learning-based target detection networks can be broadly classified into two-stage
networks and one-stage networks. Two-stage networks, such as Fast R-CNN [10] and Faster
R-CNN [11], follow a two-step process. They generate a set of candidate regions within an
image and subsequently perform feature extraction and classification on these candidate
regions. While these networks achieve high accuracy, they suffer from limited real-time
performance, large model sizes, and are not well-suited for traffic scenes.

In contrast, one-stage networks, including the YOLO series [12–15], SSD [16], and
RetinaNet [17], take a different approach. These networks eliminate the step of generating
candidate regions on the image and treat target region localization as a regression problem.
They directly divide the image into a grid of candidate regions and predict the target’s
location and category in a single step, enabling end-to-end detection. Although the accuracy
of these networks is slightly lower than that of two-stage networks, they have some
advantages, such as reduced model size, improved detection speed, and better suitability
for real-world scenarios.

2. Related Work

In recent years, a variety of researchers have proposed different algorithms for the
detection of safety helmets. Lin et al. [18] proposed a CNN-based MTL method to identify
and track individual motorcycles and detect helmet usage. They introduced the HELMET
dataset, which consists of 91,000 annotated frames from 10,006 motorcycles in Myanmar.
Hayat et al. [19] developed a real-time computer vision-based system for helmet detection
utilizing the YOLOv5x architecture. Their objective was to achieve high accuracy in detect-
ing helmets at construction sites, even under low-light conditions. Li et al. [20] proposed a
safety helmet detection method based on a deep convolutional network. Their approach
involved decoding video monitoring data, extracting YUV images, and applying a carefully
designed convolutional neural network model for detection purposes. Wang et al. [21], on
the other hand, utilized TensorFlow’s image recognition framework to train a deep learning
Single Shot MultiBox Detector (SSD) model and identified the helmet usage accurately.
To solve the problems of safety helmet detection within complex factory environments,
Sun et al. [22] developed a method that combined multi-feature fusion and Support Vector
Machine (SVM) classification techniques. Yan et al. [23] designed a double-channel convolu-
tional neural network (DCNN) model to enhance conventional image processing methods
for detecting workers’ helmets. Their focus was specifically on extracting image features
using convolutional neural networks (CNN). Jia et al. [24] proposed an automatic helmet
detection method for motorcyclists based on deep learning. They utilized an improved
YOLOv5 detector to detect motorcycles from video surveillance and further determine if
the motorcyclists were wearing helmets. They introduced a new motorcycle helmet dataset
(HFUT-MH) that surpasses existing datasets in terms of size and comprehensiveness. In a
study conducted by Li et al. [25], the problems of resource wastage and low monitoring
efficiency in Container Freight Stations (CFS) caused by manual safety helmet detection
were solved. They proposed a novel approach using the Broad Learning System (BLS)
optimized by a Genetic Algorithm (GA) as an image recognition classifier. The GA-BLS
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accurately identified CFS workers without safety helmets in video footage, thus achieving
early warnings. Compared to the initial BLS and other methods such as Support Vec-
tor Machine (SVM), the GA-BLS achieves lower error rates and reduces operation time.
This study provides an effective solution for enhancing safety helmet detection in CFS,
optimizing resource utilization, and monitoring efficiency. Cheng et al. [26] introduced
SAS-YOLOv3-Tiny, an innovative multi-scale safety helmet detection algorithm. This algo-
rithm achieved an improved accuracy and model complexity trade-off while surpassing
the original algorithm in terms of various metrics and computational efficiency. Lastly,
Shine et al. [27] presented an automated system for real-time identification of motorcyclists
without helmets from traffic surveillance videos. The authors compiled a custom dataset
and proposed a two-stage classifier. The first stage extracts motorcycles, followed by a
helmet identification stage. Two algorithms, one based on hand-crafted features and the
other using a deep CNN, were presented for rider classification. The CNN-based model
achieved higher accuracy, while the feature-based model enabled faster detection.

These studies have introduced a series of methods and concepts for detecting mo-
torcycle riders without helmets. However, certain challenges still exist. Table 1 lists the
limitations of these approaches.

Table 1. Related work and its limitations.

Related Work Limitations

Lin et al. [18]

The initial stage of the method focuses on motorcycle detection. Once the motorcycle is detected, the
algorithm continues to determine whether the motorcycle is in motion. Finally, in the last step, the
algorithm performs helmet detection, which is a complex process that may result in a relatively slow
execution speed.

Hayat et al. [19]
The main purpose of this method is to detect worker helmets in construction site scenes. It uses the
YOLOv5x algorithm as the benchmark and adopts a large model size. Real-time requirements are not
considered in this approach, and it is not designed for recognizing helmets in traffic e-bike scenarios.

Li et al. [20] This method consists of multiple stages and has high algorithmic complexity. It does not prioritize
real-time requirements in its design.

Wang et al. [21] A design method for helmet system detection based on TensorFlow is proposed to address the issue
of frequent accidents at construction sites. However, this method is not suitable for traffic scenarios.

Sun et al. [22]
A helmet detection method is proposed for factory scenes that combines multi-feature fusion and
Support Vector Machines (SVM). However, this method has limited generalization ability due to the
manual design of features and is not suitable for detecting helmets in traffic scenes.

Yan et al. [23]
Combining traditional machine learning methods with random forest (RF), an intelligent recognition
algorithm based on DCNN and RF is proposed for worker helmet detection. It is not suitable for
traffic scenarios.

Jia et al. [24]

The method consists of two steps: the first step uses the modified YOLOv5 detector to detect
motorcycles from video surveillance; the second step takes the motorcycles detected in the previous
step as input and continues to use the modified YOLOv5 detector to detect whether the motorcyclist
is wearing a helmet or not. It is essentially a two-stage approach with high complexity and does not
consider real-time requirements.

Li et al. [25]

The method utilizes a generalized learning system (BLS) optimized by a genetic algorithm as an
image recognition classifier for helmet detection. However, the effectiveness of this method in
recognizing helmets in traffic scenes is unknown. The system focuses on labeling and reminding
construction site workers without helmets in videos rather than specifically targeting traffic scenarios.

Cheng et al. [26]

YOLOv3-tiny is used as the baseline algorithm to enhance the performance of the model. However,
the resulting model size is still slightly larger than that of YOLOv5s, even with the improvements.
Therefore, when deploying an application, a slightly larger storage space is required to accommodate
the model.
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Table 1. Cont.

Related Work Limitations

Shine et al. [27]

The system uses a two-stage classifier to identify motorcycles in surveillance videos. The motorcycles
detected in the first stage are then processed in the helmet identification stage. Two classification
algorithms based on whether the rider wears helmets have been proposed. One algorithm relies on
hand-crafted features, while the other uses deep convolutional neural networks (CNN). However,
these models are more complex due to the inclusion of handcrafted features and may exhibit limited
generalization ability.

Hence, the purpose of this study is to propose a deep learning-based algorithm for
electric bike helmet detection, and the aim is to achieve efficient and accurate detection of
electric bike helmets, thereby providing support for improving traffic safety.

3. YOLOv5s Algorithm

YOLOv5 is one of the more classic versions of the YOLO series, with significant
improvements in speed and accuracy compared to earlier versions such as YOLOv3 and
YOLOv4. The proposed model is based on YOLOv5 and aims to simplify deployment and
production using the PyTorch framework. Although its accuracy may be slightly lower
compared to the newer YOLOv7 [28], it provides faster detection capabilities and is very
suitable for traffic scenarios.

The YOLOv5s model is the most lightweight variant among all versions of YOLOv5.
Compared to other versions, it has the fastest model size and execution speed. Its architec-
ture consists of four primary components: the image input module (Input), the backbone
network module (Backbone), the feature fusion module (Neck), and the prediction module
(Head). The architecture of the model is illustrated in Figure 1.
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The Backbone Network module of the YOLOv5s model includes the darknet coding
module from Darknet. Its main function is to extract relevant features from the input
images. In addition, the feature fusion module consists of two sub-modules: Feature
Pyramid Networks (FPN) [29] and Path Aggregation Networks (PAN) [30]. These sub-
modules combine feature maps of different scales to create a comprehensive feature map
rich in semantic information. Then, the fused feature map is transmitted to the prediction
module, where object detection and classification tasks are performed.

The image input module of YOLOv5s includes several data augmentation techniques,
including Mosaic data enhancement [31], automatic image cropping and stitching, and
scaling, to preprocess the images. In addition, this module automatically calculates the
most appropriate anchor frame for the model based on the size and aspect ratio of objects
present in the training dataset.

When an image enters the backbone network module through the input module, the
feature encoding module conducts three downsampling operations on the input image.
For example, for an initial image size of 640 × 640, three consecutive downsampling
operations of 8×, 16×, and 32× will generate three feature maps with different resolutions.
These feature maps are subsequently fed into the feature fusion module.

The feature fusion module combines abstract semantic information and shallow feature
details to merge and reconstruct three feature maps of different resolutions. It integrates
the feature maps generated by the backbone network with the corresponding dimension
upsampled feature map and then forwards them to the prediction module for regression
and classification tasks.

The image prediction module consists of three prediction layers, each of which gen-
erates prediction frames for three different scale feature maps obtained from the feature
fusion module. These prediction frames are subjected to non-maximal suppression to
obtain the final localization results for the target object.

4. Materials and Methods
4.1. Image Acquisition

Due to the lack of a comprehensive open-source dataset specifically designed for
electric bike helmet recognition, the dataset used in this study was independently created,
consisting of 3035 images. Among them, 1909 images were extracted from road surveillance
videos (as shown at the top of Figure 2). For this subset, one frame was extracted every
5 frames from the video to obtain the original samples. To ensure diversity, similarity
comparison methods are used to filter out images with high similarity. The remaining
1126 images were sourced from internet images (as shown at the bottom of Figure 2).
These images were labeled using the labeling tool, and the labels were divided into three
categories: E-bike, with-helmet, and without-helmet.
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For the experiments conducted in this paper, 2428 images were selected as the training
and validation sets, while 607 images were selected as the test set. The visualization results
of the dataset are shown in Figure 3. The upper left image shows the distribution of category
classification, the upper right image shows the distribution of label boxes, the lower left
image shows the distribution of label box centroid positions, and the lower right image
shows the distribution of dataset sizes.
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4.2. Improved YOLOv5s Helmet Detection Algorithm

In this section, the feature extraction module and feature fusion module of the
YOLOv5s object detection framework were optimized and improved to achieve the best
balance between detection performance and lightweight design. The overall network
structure is shown in Figure 4.
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In order to enhance the feature expression ability of the model and improve its de-
tection ability for targets of different sizes and locations, the Cross-Stage Partial Channel
Mixing (CSPCM) module was introduced in layer 8 and layer 30. This module combines
the Deep Feature Consistency (DFC) attention mechanism to facilitate the fusion of feature
channels. The addition of CSPCM helps improve feature representation in the model.

Furthermore, the original upsampling operation in the YOLOv5s model was replaced
with the Content-Aware ReAssembly of Features (CARAFE) module [32]. CARAFE can
adaptively learn the relationships between individual pixels, thereby reducing information
loss during feature recombination. This enhancement significantly improves the model’s
detection ability for small targets while also reducing false positives and missed detections.

In addition, considering the size and location of the target, the Normalized Wasser-
stein Distance (NWD) loss function [33] was introduced. This loss function improves the
detection accuracy of small targets. Moreover, a dedicated small target detection layer was
added to optimize feature extraction and detection of small targets. This improvement
further improves the model’s detection accuracy for small targets.

In summary, these optimization improvements ensure that the model in this paper
achieves the optimal balance between detection performance and lightweight design. It
has excellent practicality and significant application value.

4.2.1. Multi-Scale Small Target Prediction Layers

The initial YOLOv5 architecture only includes three prediction layers for processing
the detection of three different object categories, namely large, medium, and small targets.
However, when faced with real-life scenarios involving helmets, the pixel ratio is often very
small. Therefore, the small target prediction layer present in YOLOv5 often finds it difficult
to effectively handle this situation. In order to address the challenge of detecting small
electric bike helmets, this paper introduces a new small target detection layer to improve
recognition accuracy. This layer is merged into three different scale detection layers to
achieve multi-scale detection.

As shown in Figure 4, after the 18th layer, the feature map undergoes a series of
upsampling operations and additional processing to enable continuous expansion, resulting
in a 160 × 160 feature map. Then, the extended feature map is combined with the second
layer of the backbone network to perform feature fusion so as to generate a larger feature
map specifically designed for detecting small targets. Subsequently, the feature map is
downsampled to generate four different scale detection layers. The sizes of these detection
layers are 160 × 160, 80 × 80, 40 × 40, and 20 × 20, arranged from small to large according
to the size of the detected targets.

This approach not only deepens the network structure and captures deeper feature
information but also enables more accurate detection of small targets, thereby improving
the overall performance of the detection algorithm.

4.2.2. Modify The CRARFE Upsampling Method

Traditional upsampling methods such as Nearest Upsample [34] and Linear Upsam-
ple [34] mainly focus on spatial pixel positions when determining the upsampling kernel.
These methods have limitations in fully utilizing semantic information from the feature
maps, resulting in limited perception domains. Deconvolution is another upsampling
technique that has two key drawbacks: it applies a unified kernel throughout the entire
image, ignores local changes, and involves a large number of parameters.

To address the issue of insufficient semantic correlation in upsampling, this paper
introduces CARAFE as an alternative to Nearest Upsample. CARAFE is a pixel-level
semantic segmentation network upsampling method that reconstructs feature maps by
learning pixel correlations, resulting in higher resolution feature maps. CARAFE consists
of two essential modules: the Kernel Prediction Module (KPM) and the Content-Aware
Reassembly Module (CARM). The information flow of CARAFE is shown in Figure 5.
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The KPM utilizes separable convolution to generate convolutional kernels for down-
sampling input feature maps and convolving them with the downsampled feature maps.
Initially, the input feature map of size H ×W × C is decomposed using a 1× 1 convolu-
tional layer for channel compression. This compression reduces the number of channels
to Cm, thereby reducing the number of parameters used for subsequent operations. The
compressed feature map is then convolved using a convolutional layer with dimensions
Kencoder × Kencoder. This convolutional layer is responsible for line content encoding. Fur-
thermore, the feature map is extended in the spatial dimension to obtain an upsampling
kernel of size kup

2 × σH × σW. The upsampling kernel is normalized using the Softmax
function to ensure that the sum of the convolutional kernel weights is equal to 1. This
process helps to learn and reconstruct pixel correlations within the convolutional kernel.
The generation of convolution kernels depends on two key hyperparameters: kup, which
determines the size of the reconstructed convolution kernel, and σ, which represents the
reconstruction factor.

The CARM is responsible for reconstructing the feature maps from the previous
layer to achieve upsampling. It begins by applying a pixel shuffle operation [35] to the
downsampled feature map, followed by converting it to a higher-resolution feature map
using separable convolution. The resulting feature map is then normalized using the
Softmax function and divided into smaller blocks. A dot-product of each pixel in the upper
feature map and its corresponding smaller blocks is performed, resulting in an output
feature map of size C× σH × σW.

By integrating KPM and CARM modules, CARAFE achieves pixel-level feature re-
combination to generate higher resolution feature maps. In practical segmentation tasks,
CARAFE has demonstrated excellent segmentation accuracy and computational efficiency
in various scenarios.

4.2.3. Loss Function Improvement

(1) NWD loss

In this paper, a new loss function, called Normalized Gaussian Wasserstein Dis-
tance (NWD), is introduced into the target detection model based on YOLOv5 to measure
the distance between the predicted frame and the ground live frame. The NWD loss
uses a Gaussian distribution to calculate the distance between two probability distribu-
tions and normalizes them to ensure comparability. For two 2D Gaussian distributions
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µ1 = N(m1, ∑ 1) and µ2 = N(m2, ∑ 2), the second-order Wasserstein distance between µ1
and µ2 is calculated as shown in Equation (1):

W2
2(µ1, µ2) = ‖m1 −m2‖2

2 + ‖Σ
1/2
1 − Σ1/2

2 ‖
2
F (1)

In the given equation,‖·‖F is the Frobenius norm, and mn and ∑ n represent the mean
and covariance matrices of the nth 2D Gaussian distribution, respectively. Furthermore,
when considering Gaussian distributions Na and Nb modeled by the bounding boxes
A = (cxa, cya, wa, ha) and B = (cxb, cyb, wb, hb), the equation can be simplified, as shown
in Equation (2).

W2
2(Na, Nb) =

∥∥∥∥
([

cxa, cya,
wa

2
,

ha

2

]T
,
[

cxb, cyb,
wb
2

,
hb
2

]T
)∥∥∥∥2

2

(2)

In the equation, (cxa, cya), (cxb, cyb), (wa, ha) and (wb, hb) represent the center point
coordinates, width, and height of bounding boxes A and B, respectively. W2

2(Na, Nb) is a
distance measure and cannot be used as a similarity measure. To solve this problem, the
exponential form of the Wasserstein distance is normalized to derive a new metric called
the Normalized Wasserstein Distance (NWD), as shown in Equation (3).

NWD(Na, Nb) = exp

(
−
√

W22(Na, Nb)

C

)
(3)

In Equation (3), C represents a constant closely related to the dataset, and is used to
control the penalty when there is a poor overlap between the predicted and the actual
bounding boxes. A higher value of C corresponds to a smaller penalty, while a lower value
of C corresponds to a larger penalty. In this paper, the value of C is set to 3. Figures 6 and 7
show the comparison of IoU deviation curves [11] and NWD deviation curves in two dif-
ferent scenarios. The boxSize parameter represents the scale configuration of the bounding
box. The horizontal axis represents the pixel deviation between the center points of the
predicted box B and the actual box A. The vertical axis represents the corresponding IoU
and NWD values for a given deviation. The curves of different colors represent the IoU
Deviation or NWD Deviation curves for the respective scale settings. Since the position
of the bounding box can only be changed discretely, the numerical deviation curves are
presented as scatter plots. By examining the deviation curves, it is evident that NWD is
more sensitive to changes in pixel deviation and better reflects the accuracy and stability of
the target detection algorithm.
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Compared to the Intersection over Union (IoU), the Normalized Wasserstein Distance
(NWD) has several obvious advantages:

1. IoU only quantifies the overlap and union of two bounding boxes and does not
provide additional detailed information. On the contrary, NWD converts bounding
boxes into probability distributions using the Gaussian distribution, enabling the
measurement of the distance between these distributions. Due to the continuity of the
Gaussian distribution, NWD provides enhanced granularity in identifying similarity
between bounding boxes. Therefore, NWD provides richer information and a more
accurate assessment of similarity.

2. IoU requires the bounding boxes to have the same scale and orientation, and its
accuracy has decreased. On the contrary, NWD can evaluate the similarity between
bounding boxes with differing scales and orientations as it adopts a Gaussian distri-
bution that exhibits scale and direction invariance. Therefore, NWD excels in session
scenarios involving mismatched directions and proportions in bounding boxes, which
IoU cannot accomplish.

3. IoU tends to underestimate similarity when facing irregularly shaped objects. On the
contrary, NWD evaluates similarity by converting bounding boxes into probability
distributions, thus proficiently handling irregular shapes.

NWD emerges as a more accurate, continuous, and robust metric for measuring
similarity between bounding boxes. It performs well in scenes with irregular object shapes
and different scales, thus outperforming IoU.

(2) Convergence

Convergence refers to the behavior of a deep learning model during the training
process, especially how the performance of the model improves or stabilizes during iter-
ations or epochs. It is an important characteristic for assessing the learning ability and
effectiveness of the model.

In deep learning, convergence is usually measured by monitoring the loss function
or objective function. The loss function quantifies the difference between the model’s
predictions and the truth labels in the training data. The goal of training is to minimize this
loss function and improve performance.

In the training process, gradient descent and other optimization algorithms are used
to iteratively adjust the parameters of the model to minimize the loss function. As the
training progresses, the performance of the model improves and the losses are reduced.
Convergence occurs when the loss function reaches a sufficiently low or stable value,
indicating that the model has learned to generalize well and make accurate predictions.

The convergence of a deep learning model can be evaluated by monitoring changes
in training and validation loss. Different scenarios indicate different convergence states.
If both training and validation losses are decreasing, it indicates that the network is still
learning and improving its performance. On the contrary, if the training loss continues
to decrease and the validation loss remains stable, the model may overfit the training
data. When the training loss stabilizes and the validation loss decreases, it may indicate
a potential problem with the dataset. If the training loss and validation loss are stable, it
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indicates that the model has converged or encountered a learning bottleneck, and adjusting
the learning rate could be attempted. On the other hand, an increase in training and
validation loss indicates a problem with the network architecture or improper setting of
training parameters, in which case the training should be immediately stopped for code
adjustment. In Figure 8, the change curves of the loss for the model before and after
adding the NWD loss function are shown. The blue curve represents the loss change before
improvement, while the red curve represents the loss change after modifying the NWD
loss function. These curves provide insights into the impact of the modification on the
convergence behavior of the model.
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The cls_loss (Classification Loss) measures the accuracy of the model in classifying
object categories, while the box_loss (Bounding Box Loss) measures the accuracy of the
model in locating object bounding boxes. The obj_loss (Objectness Loss) measures the
accuracy of the model in detecting the presence of objects.

According to Figure 8, it can be observed that train_loss and val_loss converge to
stability, indicating that the model has converged. However, for cls_loss and box_loss, the
NWD modification leads to faster convergence. In contrast, train_obj_loss shows similar
behavior before and after the improvement, with overlapping curves. The val_obj_loss
for YOLOv5s converges slightly faster. These observations suggest that the model, after
improvement, learns the class information and precise bounding box locations of the target
faster and achieves more accurate detection and localization. However, compared to before
the improvement, the model has slightly lower prediction accuracy for the presence or
absence of targets.

4.2.4. Introduction of the CSPCM model

(1) DFC attention

The Decoupled Fully Connected (DFC) [36] attention mechanism is a hardware-
friendly technology specifically designed to capture the wide relationship between pixels
while ensuring the computational efficiency of lightweight convolutional neural networks.
Its design involves the utilization of fully connected layers that can be efficiently executed
on standard hardware.

The DFC attention mechanism decomposes a fully connected layer into two different
components: a horizontal fully connected layer and a vertical fully connected layer. These
two layers are responsible for gathering the information about pixels in the 2D feature
map from the convolutional neural network. By combining these separate, fully connected
layers, the DFC attention mechanism effectively captures long-range dependencies along
the horizontal and vertical directions, resulting in a comprehensive perception field.
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A significant advantage of the DFC attention mechanism is its compatibility with
hardware implementations, as it can efficiently execute on a common hardware platform.
By using the computationally efficient full connection layer, the DFC attention mechanism
achieves a balance between capturing long-range dependencies and maintaining the overall
execution efficiency of lightweight convolutional neural networks.

For a given feature map Z ∈ RH×W×C, it can be considered a set of HW tokens,
denoted as Z = z11, z12, · · · , zHW . The direct approach to constructing the attention graph
through a fully connected layer can be formulated by the following equation:

ahw = ∑
h′ ,w′

Fhw,h′w′ � zh′w′ (4)

In Equation (4), the symbol � denotes element-wise multiplication, F represents the
learnable weights within the fully connected layer, H and W denote the height and width
of the feature map, and C represents the number of channels in the feature map. The
resulting attention map is represented by A = a11, a12, · · · , aHW . Equation (4) effectively
captures global information by aggregating all the patches together using the learnable
weights, which is simpler than traditional self-attention methods [37]. To further simplify
Equation (4), it can be decomposed into two fully connected (FC) layers, where features are
aggregated separately along the horizontal and vertical directions. This decomposition can
be expressed by Formula as follows:

a′hw =
H

∑
h′=1

FH
h,h′w � zh′w; h = 1, 2, · · · , H; w = 1, 2, · · · , W (5)

ahw =
W

∑
w′=1

FW
w,h′w � a′h′w; h = 1, 2, · · · , H; w = 1, 2, · · · , W (6)

In Equation (5), FH represents the transformation weight used to capture remote
dependencies along the horizontal direction, while in Equation (6), FW represents the
transformation weight used to capture remote dependencies along the vertical direction.
These transformation weights are applied to the original feature Z to capture long-range
dependencies in each direction. By continuously applying Equations (5) and (6) to features,
decoupled fully connected (DFC) attention operations are performed. The information flow
of the DFC attention is illustrated in Figure 9. The DFC’s attention module reduces the
computational complexity to O

(
H2W + HW2) by decoupling the horizontal and vertical

transformations. In Equation (4), all patches within the square region directly participate
in the calculation of the focus patch. However, in the DFC, a patch is directly aggregated
by the patches on its vertical/horizontal line, while other patches are indirectly related
to the focus patch through the generation of the patches on the vertical/horizontal line.
Therefore, the calculation of patches also involves all patches in the square region.
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Equations (5) and (6) represent the general form of DFC attention for aggregating pixels
along the horizontal and vertical directions, respectively. By sharing some transformation
weights, the DFC attention can be easily implemented using convolution operations, which
eliminates the need for time-consuming tensor shaping and transposition operations that
may affect the actual inference speed. To process input images of different resolutions,
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the filter size can be decoupled from the size of the feature map. This means that deep
convolutions with two kernel sizes, 1× KH and KW × 1, are sequentially applied to the
input features.

When using convolutional implementation, the theoretical complexity of DFC atten-
tion is expressed as O(KH HW + KW HW). This strategy is well supported by tools such as
TFLite and ONNX, enabling fast inference on mobile devices.

(2) ConvMix Module

In the previous presentation, the model’s ability to detect small targets and computa-
tional efficiency were improved by introducing a small target detection layer and modifying
the CARAFE upsampling method. Although both modifications have been proven effective,
they also increase the model’s complexity, resulting in higher computational requirements
and lower inference speeds. Therefore, an improved Cross-Stage Partial Connection Mod-
ule (CSPCM) based on ConvMix [38] is proposed to reduce computational complexity
while maintaining module performance.

The ConvMix module, as part of the CSPCM module, plays a crucial role in feature
extraction and input convolution operations. The module structure, shown in Figure 10,
combines Resnet and Conv_1 × 1 for hybrid convolution operations, aiming to enhance
the expressiveness and performance of the input features.
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The Resnet module consists of a 2D convolution layer, a GELU activation function,
and a batch normalization layer. It helps capture and extract meaningful features from
the input.

The Conv_1 × 1 module includes a 1 × 1 2D convolution layer, a GELU activation
function, and a batch normalization layer. It is designed for dimensionality reduction and
further enhances the feature representation capabilities embedded in each patch.

By incorporating the ConvMix module after embedding each patch, the model can
effectively improve the feature extraction process and enhance the representation ability of
input features.

(3) CSPCM Module

The CSPCM module, short for Cross-Stage Partial Channel Mixing, is a commonly
used module for enhancing feature representation in deep neural networks. Its main
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purpose is to improve the performance of the network while reducing the number of
parameters and computational requirements. The structure of the CSPCM module is
illustrated in Figure 11a.
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Figure 11. CSPCM module.

The CSPCM module operates by dividing the input feature map into two parts. Part of
it undergoes convolution operations and is enhanced through multiple ConvMix modules.
The enhanced features are then merged with the other parts, and then a 1 × 1 convolution
is applied to perform feature fusion. The ConvMix module consists of two convolutional
layers and includes a residual connection, which helps improve the network’s ability to
represent nonlinear features. In addition, the CSPCM module introduces a dilation factor (e)
to control the module’s width, which refers to the number of channels in the intermediate
hidden layer. By adjusting this parameter, a balance can be achieved between module
performance and computational complexity.

(4) CSPCM-DFC

In a previous discussion, DFC was introduced, highlighting its ability to effectively
capture a broader range of pixel relationships while maintaining computational efficiency.
In addition, DFC is designed to run efficiently on standard hardware without requiring
more complex operations. These characteristics make DFC attention very suitable for
resource-constrained environments, such as lightweight convolutional neural networks
and mobile devices.

In this section, the DFC and CSPCM modules are combined to enhance the expressive-
ness of the lightweight model and capture long-range dependencies between spatial pixels.
The structure diagram of the combined module, referred to as CSPCM-DFC, is shown in
Figure 11b.

The CSPCM module in CSPCM-DFC includes the DFC attention mechanism, similar
to its combination with GhostNetV2 [36]. The input features are first divided into two
branches, each of which undergoes different convolution operations to obtain different fea-
ture representations. The ConvMix module is similar to the Ghost module in GhostNetV2,
used for feature fusion. It extracts different perspectives of the features to further enhance
the feature representations stored in variable ×1. The output of the other branch is then
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merged with ×1 to generate a feature map with double the channel count (2 * c_), where
c_ represents the number of channels in the middle hidden layer of the CSPCM module.

The generated feature map with enhanced representations is then passed through the
DFCAttention module. This module utilizes the DFC attention mechanism to capture long-
range dependencies between spatial pixels by assigning weights to the features. Finally,
the DFCAttention module processes the features through another convolution operation to
obtain the final feature representation.

To validate the practical effects of Convmix, CSPCM, and DFCAttention, a series of
experiments were conducted, and the corresponding experimental results are presented in
Table 2.

Table 2. Convmix, CSPCM, and DFC experimental results.

Algorithm P R mAP.5 mAP.95 Parameters

YOLOv5s 95 87.2 91.9 68.9 7,018,216

Convmix 93.9 86.5 91.7 67.9 5,334,760

CSPCM 94.9 86.8 91.7 68.3 5,949,672

CSPCM-DFC 93.8 88.4 92.1 69.1 5,927,114

From the experimental results, it can be observed that combining Convmix signifi-
cantly reduces the number of model parameters. However, the reduction of this parameter
is accompanied by a decrease in accuracy. On the other hand, when using CSPCM, the
number of parameters increases, but there is a notable improvement in P as well as other
performance indices. Furthermore, when DFC is added to CSPCM, there is a slight decrease
in the number of parameters while the accuracy is improved.

The ConvMix module’s feature fusion and the DFCAttention module’s attention mech-
anism contribute to enhancing the model’s representation. The ConvMix module provides
feature representations from multiple perspectives, enriching the model’s understanding
of images. The DFCAttention module, with its DFC attention mechanism, limits the long-
range dependence between spatial pixels, enabling the model to better comprehend global
information within an image. By combining DFC, the performance of the CSPCM module
is improved, resulting in better performance and feature capture for lightweight models.

5. Experiment
5.1. Experimental Setup

The experiment was conducted using the deep learning environment and framework
mentioned in Table 3. The environment and framework were applied to the Faster RCNN,
unimproved YOLOv5, YOLOx [39], and YOLOv3 networks with the same configurations.

Table 3. Experimental environment configuration table.

Configuration Name Configuration Parameters

Operating System Ubuntu 18.04.6 LTS
CPU Intel Xeon(R) Silver 4210 CPU @ 2.20 GHz × 40
GPU NVIDIA GeForce RTX 2080 Ti/PCIe/SSE2

Memory 125.6 GiB
Software Anaconda3-5.3., Pycharm2021

Deep Learning Framework Pytorch 1.13.1
GPU Acceleration Library CUDA 11.6

5.2. Evaluation Index and Ablation Experiment

In this paper, the performance of the improved YOLOv5 target detection model
is evaluated using several indicators, including precision, recall, mAP.5, mAP.95, and
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parameters. These indicators provide insights into the model’s effectiveness in detecting
targets accurately.

Precision measures the ratio of correctly identified positive samples to all identified
positive samples. Recall represents the ratio of correctly identified positive samples to all
actual positive samples.

The formulas for these indicators are as follows:

Precision =
TP

TP + FP
(7)

Recall =
TP

TP + FN
(8)

AP =
∫ 1

0
p(r)dr (9)

map.5 =
1
N ∑N

i=1 APi
IoU=0.5 (10)

map.95 =
1
N ∑N

i=1 APi
IoU=0.95 (11)

In the equations, TP denotes the number of correctly classified positive samples, FP
denotes the number of incorrectly classified positive samples, FN denotes the number of
incorrectly classified negative samples, and N denotes the total number of categories. The
AP (Average Precision) is calculated separately for each category and then averaged over
all categories. p(r) denotes the AP under a given recall rate r and the AP of the ith category
under IoU thresholds of 0.5 and 0.95.

A series of ablation experiments were conducted on the validation and test sets to
investigate the effects of different conditions on the model’s performance. The results of
these experiments are presented in Table 4, where H represents the small target detection
layer, CD represents the CSPCM-DFC, CA represents the CARAFE upsampling module,
and NWD represents the NWD loss function.

Table 4. Ablation experiments.

Algorithm H CD CA NWD
Val Test

Parameters
P R mAP.5 mAP.95 P R mAP.5 mAP.95

YOLOv5s 95 87.2 91.9 68.9 94.2 86.3 91 68.7 7,018,216
A

√
96.8 93.3 96.4 75.4 96 93.2 96.2 75.7 7,185,888

B
√

93.8 88.4 92.1 69.1 93.2 87.6 91.7 68.9 5,927,114
C

√
92.2 89 92.5 69.3 91.7 88.3 91.8 69 7,152,272

D
√

94.7 89.4 93.2 70.7 93.5 89.4 92.6 70.7 7,018,216
E

√ √
96.1 93.3 96.1 75.6 95.4 93.3 96.1 75.5 6,094,816

F
√ √ √

94.9 93.8 96.6 76.3 94 93.4 95.4 76.3 6,239,292
Last

√ √ √ √
96 95 96.3 77.5 95.3 94.7 96.2 77.3 6,239,292

Experiment A involved adding a small target detection layer to YOLOv5s. The exper-
imental results showed significant improvements in indicators such as P, R, mAP.5, and
mAP.95, but this occurred as the number of parameters increased.

Experiment B replaced layers 8 and 23 of the original model with the CSPCM-DFC
module. The results showed that although mAP.5 and mAP.95 did not improve significantly,
the number of parameters decreased by 1,091,102, reducing the complexity of the model
without affecting performance.

Experiment C utilized the CARAFE module as a replacement for the original Nearest
Upsample module. The results indicated an increase of 0.8 in mAP.5, 0.3 in mAP.95, and a
slight increase in the number of parameters, indicating an improvement in the performance
of the model.
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Experiment D introduced the NWD loss function to replace the original CIOU loss
function. After improvement, P slightly decreased, R increased by 2, mAP.5 increased by
1.6, and mAP.95 increased by 2, indicating that the improved model captures targets more
comprehensively, although the possibility of misclassification slightly increased.

Experiments E, F, and Last involved sequentially adding the CSPCM-DFC, CARAFE,
and NWD components to Experiment A, respectively. The results showed a significant
decrease in the number of model parameters after adding the CSPCM-DFC module, while
the model’s performance remained basically unchanged. The addition of CARAFE resulted
in a decrease in mAP.5 and an increase in mAP.95, indicating improvements in target
localization and high-confidence prediction. Finally, the addition of NWD resulted in an
increase in mAP.5 and mAP.95, indicating an improvement in the detection performance of
the model.

In summary, the ablation experiments demonstrated that the performance of EV helmet
recognition methods can be significantly improved by combining different components.
The final experiments achieved significant improvements in precision, recall, mAP.5, and
mAP.95 indicators. These findings provide strong support for our study and offer valuable
insights for further development and applications of the EV helmet recognition method.

5.3. Comparative Experiments

To further validate the effectiveness of the algorithm, experiments were conducted
using the same dataset, equipment, and training strategies under the same conditions.
Mean Average Precision at IoU 0.5 (mAP.5), model size, and Frames Per Second (FPS) were
used as evaluation indicators. These indicators were compared with the Faster-RCNN,
YOLOv3, and YOLOx algorithms, and the results are presented in Table 5.

Table 5. Comparison experiments.

Algorithm
Val_mAP.5/% Test_mAP.5/%

FPS Volume/mb
E-Bike With Without All E-Bike With Without All

Faster-RCNN 94.731 12.82 14.37 40.62 94.49 12.92 13.48 40.29 15.257 113.5
YOLOv3 85.7 81 73.9 80.2 85.4 80.7 73.7 79.9 29.4 123.5
YOLOx 90.85 90.58 89.12 90.18 90.91 90.86 90.16 90.64 32.072 71.8

Last 99.1 97.5 92.2 96.3 99 97.6 92.1 96.2 35.707 13.8

Based on the comparative experimental results in the table, the performance of the
improved electric bicycle helmet recognition method based on the YOLOv5s algorithm
compared to other algorithms was analyzed and discussed. The following is an analysis
and discussion of the results:

Firstly, the proposed method was compared with Faster-RCNN, YOLOv3, and YOLOx
algorithms in terms of target categories (electric bicycle, helmeted, and non-helmeted) and
overall mAP.5.

From Table 5, it can be observed that Faster-RCNN obtained mAP.5 values of 94.49,
12.92, and 13.29 in the categories E-bike, helmeted, and non-helmeted, respectively, with
a total mAP.5 of 40.29. YOLOv3 obtained mAP.5 values of 85.4, 80.7, and 73.7, with a
total mAP.5 of 79.9. YOLOx obtained mAP.5 values of 90.91, 90.86, and 90.16, with a total
mAP.5 of 90.64. In comparison, the method proposed in this paper performed very well in
these categories, generating values of 99, 97.6, and 92.1, with a total mAP.5 of 96.2. These
results highlight the significant advantages of the proposed algorithm for electric bicycle
helmet recognition.

Furthermore, each algorithm was evaluated in terms of Frames Per Second (FPS)
and model size (storage space). The proposed method achieved an FPS of 35.707, signifi-
cantly surpassing Faster-RCNN, YOLOv3, and YOLOx. Therefore, the proposed method
demonstrates significant advantages in processing speed.
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In terms of model size, the proposed method only occupies 13.8 MB, while Faster-
RCNN, YOLOv3, and YOLOx occupy 113.5 MB, 123.5 MB, and 71.8 MB of capacity, respec-
tively. This result indicates that the proposed method has lower storage space requirements.

In conclusion, the YOLOv5s-based electric bicycle helmet recognition method out-
performs Faster-RCNN, YOLOv3, and YOLOx algorithms in terms of target categories
and overall mAP.5. In addition, the proposed algorithm also demonstrates advantages in
processing speed and storage space. These results highlight the enormous potential of our
method in the field of electric bicycle helmet recognition, providing convincing evidence
for its practical application.

5.4. Comparison of the Detection Effect

To evaluate the model’s performance, three types of images are used as test images.
This includes video clip frames captured from the simulated surveillance viewpoint of the
UAV (Figure 12a,b), video clip frames of road surveillance video in the test set (Figure 12c),
and network images (Figure 12d). These images are utilized to compare the actual results
of the original YOLOv5s algorithm with the method proposed in this paper.
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According to the detection results shown in Figures 12–14, it can be seen that the
YOLOv5s algorithm and the improved algorithm in this paper exhibit different performance
in detecting hats, helmets, and long distance ultra-small targets. In the detection of the b-
map, the YOLOv5s algorithm detects helmets with difficult, while the improved algorithm
in this paper has achieved greater success in detecting this target. In almost all cases,
compared with the YOLOv5s algorithm, the improved algorithm shows a higher confidence
level in identifying the helmet frame of an e-bike. This observation indicates that the
improved algorithm has significant advantages in identifying small targets such as e-bike
helmets. However, both the improved algorithm and the original YOLOv5s algorithm
have instances of misidentifying traffic lights as electric bikes. These findings can provide
valuable insights for future algorithm improvements.



Appl. Sci. 2023, 13, 8759 19 of 21
Appl. Sci. 2023, 13, 8759  20  of  22 
 

 

 

Figure  13.  YOLOv5s  detection  results.  (a,b)  Video  intercepts  taken  by  a  drone  simulating  a 

surveillance viewpoint (c) Road surveillance video intercepts from the test set (d) Network images. 

 

Figure 14. Improved YOLOv5s detection results. (a,b) Video intercepts taken by a drone simulating a 

surveillance viewpoint (c) Road surveillance video intercepts from the test set (d) Network images. 

6. Conclusions 

In order  to address  the challenges faced by existing  target detection algorithms  in 

electric bike helmet detection, an  improved YOLOv5s model  is proposed in this paper. 

Compared to the original YOLOv5s, the improved algorithm includes several enhanced 

features. These include the addition of an extra-small target layer, the introduction of the 

NWD loss function, the design of the CSPCM module based on Convmix, the replacement 

of Nearest Upsample with CARAFE, and the integration of the DFC attention mechanism. 

These  modifications  collectively  aim  to  reduce  model  size  while  simultaneously 

improving model accuracy. Experimental results demonstrate that the proposed model 

achieves significant improvements in accuracy, recall, mAP.5, and mAP.95 on customized 

datasets. Furthermore, compared to the original YOLOv5s, the number of parameters and 

model size have been reduced. 

Figure 13. YOLOv5s detection results. (a,b) Video intercepts taken by a drone simulating a surveil-
lance viewpoint (c) Road surveillance video intercepts from the test set (d) Network images.

Appl. Sci. 2023, 13, 8759  20  of  22 
 

 

 

Figure  13.  YOLOv5s  detection  results.  (a,b)  Video  intercepts  taken  by  a  drone  simulating  a 

surveillance viewpoint (c) Road surveillance video intercepts from the test set (d) Network images. 

 

Figure 14. Improved YOLOv5s detection results. (a,b) Video intercepts taken by a drone simulating a 

surveillance viewpoint (c) Road surveillance video intercepts from the test set (d) Network images. 

6. Conclusions 

In order  to address  the challenges faced by existing  target detection algorithms  in 

electric bike helmet detection, an  improved YOLOv5s model  is proposed in this paper. 

Compared to the original YOLOv5s, the improved algorithm includes several enhanced 

features. These include the addition of an extra-small target layer, the introduction of the 

NWD loss function, the design of the CSPCM module based on Convmix, the replacement 

of Nearest Upsample with CARAFE, and the integration of the DFC attention mechanism. 

These  modifications  collectively  aim  to  reduce  model  size  while  simultaneously 

improving model accuracy. Experimental results demonstrate that the proposed model 

achieves significant improvements in accuracy, recall, mAP.5, and mAP.95 on customized 

datasets. Furthermore, compared to the original YOLOv5s, the number of parameters and 

model size have been reduced. 

Figure 14. Improved YOLOv5s detection results. (a,b) Video intercepts taken by a drone simulating a
surveillance viewpoint (c) Road surveillance video intercepts from the test set (d) Network images.

6. Conclusions

In order to address the challenges faced by existing target detection algorithms in
electric bike helmet detection, an improved YOLOv5s model is proposed in this paper.
Compared to the original YOLOv5s, the improved algorithm includes several enhanced
features. These include the addition of an extra-small target layer, the introduction of the
NWD loss function, the design of the CSPCM module based on Convmix, the replacement
of Nearest Upsample with CARAFE, and the integration of the DFC attention mechanism.
These modifications collectively aim to reduce model size while simultaneously improving
model accuracy. Experimental results demonstrate that the proposed model achieves
significant improvements in accuracy, recall, mAP.5, and mAP.95 on customized datasets.
Furthermore, compared to the original YOLOv5s, the number of parameters and model
size have been reduced.
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This paper presents the architecture and key technologies of the improved model and
provides a comparative analysis of experimental results with the original YOLOv5s. The
experimental results validate the effectiveness of the proposed algorithm. The significance
of this paper is to provide an effective improvement scheme that can have an impact on
other target detection algorithms, especially in small target detection scenarios.

Future research can focus on exploring the application of our models in different
datasets and scenarios, optimizing algorithm performance and efficiency, and concurrently
delving deeper into the realm of reinforcement learning. By combining image recognition
with reinforcement learning, we hope to develop more intelligent and adaptive systems.
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