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Abstract: In the realm of construction site monitoring, ensuring the proper use of safety helmets
is crucial. Addressing the issues of high parameter values and sluggish detection speed in current
safety helmet detection algorithms, a feature-enhanced lightweight algorithm, LG-YOLOVS, was
introduced. Firstly, we introduce C2f-GhostDynamicConv as a powerful tool. This module enhances
feature extraction to represent safety helmet wearing features, aiming to improve the efficiency of
computing resource utilization. Secondly, the Bi-directional Feature Pyramid (BiFPN) was employed
to further enrich the feature information, integrating feature maps from various levels to achieve
more comprehensive semantic information. Finally, to enhance the training speed of the model
and achieve a more lightweight outcome, we introduce a novel lightweight asymmetric detection
head (LADH-Head) to optimize the original YOLOv8-n’s detection head. Evaluations on the SWHD
dataset confirm the effectiveness of the LG-YOLOVS algorithm. Compared to the original YOLOvV8-n
algorithm, our approach achieves a mean Average Precision (mAP) of 94.1%, a 59.8% reduction in
parameters, a 54.3% decrease in FLOPs, a 44.2% increase in FPS, and a 2.7 MB compression of the
model size. Therefore, LG-YOLOVS has high accuracy and fast detection speed for safety helmet
detection, which realizes real-time accurate detection of safety helmets and an ideal lightweight effect.

Keywords: safety helmet testing; lightweight network; C2f-GhostDynamicConv; BiFPN; LADH-Head

1. Introduction

As industrialization advances, the emphasis on safety management in the construction
industry has grown. Safety helmets, which are essential personal protective equipment,
play a vital role on construction sites, substantially reducing the potential for head in-
juries. However, the consistent and conscientious use of these helmets by workers is not
always guaranteed, highlighting the need for real-time monitoring to ensure their uti-
lization and, by extension, secure work environments. Unfortunately, such monitoring is
typically resource-intensive and laborious, and it also poses challenges in terms of cost and
practicality when it comes to deploying on edge devices for an efficient outcome.

Currently, certain accomplishments have been attained in the domain of object de-
tection. Particularly, the approaches based on deep learning have made breakthrough
advancements in the performance detection of numerous tasks. Presently, the mainstream
methods are mainly categorized into two types: two-stage algorithms and single-stage algo-
rithms. The former mainly relies on the two-stage object detection algorithm of candidate
regions to achieve high-precision object detection. Representative algorithms in this cate-
gory include R-CNN [1], Faster R-CNN [2], etc. The second category uses a single network
to predict the location and category of the object directly from the input image, avoiding
the complex process of generating candidate regions and achieving faster detection speed,
and the main representative networks in this category include SSD [3] and YOLO [4-9].
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These two types of methods have certain advantages for target detection tasks, but
considering the specific task of safety helmet detection and in the real scene of a construction
site for objects of different sizes and the influence of other uncontrollable factors, especially
for some places with limited resources, it is a general trend to design high precision
lightweight models. YOLOv8-n [10] demonstrates enhanced accuracy and speed over its
predecessors, yet the detection accuracy for small objects like helmets remains suboptimal,
and the substantial model size complicates deployment on edge devices. Based on this,
on the basis of the YOLOv8-n algorithm, this paper optimizes the model to a certain
extent and introduces the novel LG-YOLOVS safety helmet detection algorithm, which is a
high-precision lightweight model with fast detection speed and strong detection effect.

The main contributions of this paper are as follows:

(1) In the backbone of the YOLOvV8-n model, a novel structure named C2{-Ghost-
DynamicConv is introduced. This structure amalgamates the strengths of the Ghost mod-
ule and dynamic convolution, substantially decreasing computational load and parameter
count through a distinctive feature generation process. Concurrently, it employs dynamic
convolution to adaptively modify the convolution kernel, thereby enhancing the model’s
feature representation capabilities. This innovation notably improves the detection per-
formance in complex construction settings, such as those involving distant or partially
obscured helmets, leading to heightened accuracy and efficiency.

(2) Optimize the traditional unidirectional feature fusion method into a bidirectional
feature pyramid structure, enhancing feature fusion and multi-scale feature extraction
capabilities through the bidirectional feature pyramid network. By leveraging contextual
information and combining top-down and bottom-up feature transfer, it effectively extracts
multi-scale features, addressing the issues of background interference and leakage in
complex scenes and different sizes of helmets. This improves the model’s recognition
accuracy for helmets.

(3) In the construction of the detection head, the LADH-Head has been implemented
as an upgrade. It utilizes local dense connections and an adaptive module to significantly
improve the detailed features of small targets such as safety helmets, thus minimizing
information loss and substantially reducing the occurrence of missed and false detec-
tions of safety helmets. Furthermore, the application of the asymmetric convolution
operation serves to diminish the parameter count and computational demand. This not
only lightens the hardware resource demands of the model but also ensures exceptional
detection performance.

(4) The proposed lightweight detection algorithm network was evaluated on the
SHWD dataset, and the mAP and FPS reached 94.1% and 153.3, respectively, and the
GFLOPs also reached 3.7. Compared with other methods, the accuracy of the model is
improved, the execution speed is also significantly improved, and the computational cost
is significantly reduced.

2. Related Work

The application of deep learning in the field of helmet detection has gradually be-
come a research hotspot, and some remarkable research results have been obtained. Lian
et al. [11] introduced a novel network, HR-YOLO, featuring a residual network architec-
ture and a PANMS method to enhance safety helmet detection precision. Han et al. [12]
designed a lightweight end-to-end convolutional neural network, GhostNet, as the back-
bone, incorporating multi-scale segmentation and feature fusion during feature processing.
Using this design, the accuracy reached 93.5%, and the FPS also achieved good results.
Chen et al. [13] utilized the K-means++ algorithm to categorize helmet sizes in images and
subsequently applied an enhanced Faster-RCNN algorithm for helmet usage detection.
These studies predominantly concentrate on elevating detection accuracy and efficiency,
yet this often escalates model complexity, computation demands, and parameter counts,
overlooking the constrained computational capabilities of embedded systems at construc-
tion sites. The advent of edge computing has seen an increasing number of surveillance
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systems implementing recognition algorithms on edge-embedded devices, catalyzing the
emergence of lightweight target detection algorithms as a burgeoning research focus. Chen
et al. [14] employed PP-LCNet as the backbone of YOLOv4 and incorporated depthwise
separable convolution to decrease model parameters, thereby enhancing both accuracy and
detection speed.

Based on the above research, we conclude that the current focus is on improving the
accuracy and efficiency of object detection, but this leads to increasing model complexity,
increasing the amount of calculation and parameters, so lightweight object detection
algorithms have gradually become a new research hotspot, and many lightweight networks
have emerged. Examples are ShuffleNetV2 [15], MobileNetV2 [16], GhostNet [17], etc. As
a result, we extensively optimize the architecture of YOLOv8-n. Our goal is not only to
improve the detection accuracy but also to reduce the computational overhead and improve
the operating efficiency.

3. Materials and Methods
3.1. The Original YOLOvS Algorithm

This paper builds upon YOLOv8-n version 8.1, introduced by the Ultralytics team in
2023. YOLOv8-n ensures smooth interoperability with prior YOLO iterations, enabling
direct performance evaluations. The YOLOv8-n algorithm, incorporating fresh enhance-
ments over YOLOVS5, exhibits remarkable performance in object detection, achieving a
previously unmatched equilibrium between speed and accuracy [18,19]. The algorithm’s
architecture is primarily segmented into input, backbone network, neck network, and
output, as depicted in Figure 1.
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Figure 1. Network structure of YOLOVS.

The backbone network is primarily tasked with feature extraction. The YOLOv8-n
algorithm replaces the earlier C3 structure [20] with the C2f structure, which enriches gradi-
ent flow and tailors the channel count to suit different algorithm scales. The neck network
is comprised of two components: the Feature Pyramid Network (FPN) [21] and the Path
Aggregation Network (PAN) [22], which together construct the feature pyramid. PANet
merges bottom-up and top-down strategies to effectively capture multi-scale information,
aiding in the fusion of information across various feature layers. This enhancement allows
the detector to more adeptly accommodate objects of diverse sizes and shapes, thereby
boosting detection accuracy. Furthermore, YOLOv8-n omits the 1 x 1 convolution prior to
upsampling within the neck component, thereby diminishing computational load. In the
head component, the conventional decoupled-head structure [23] is employed to segregate
the classification and detection functionalities, aiming to mitigate the inherent tension
between classification and localization objectives. YOLOv8-n applies the BCE loss for



Appl. Sci. 2024, 14, 10141

4of 16

classification tasks, while the regression loss integrates the focus loss, specifically the DFL
loss, along with the CIOU loss.

3.2. LG-YOLOu8 Algorithm

Enhancing the efficiency of the YOLOv8-n algorithm for detecting safety helmets
by optimizing its lightweight capabilities, this study introduces the LG-YOLOvS. The
algorithm is characterized by optimizing the original C2f module by introducing the C2f-
GhostDynamicConv module, an advanced dynamic convolution method. This module
enhances feature representation by dynamically adjusting the convolution kernel, allow-
ing the model to more accurately capture details and adapt to diverse detection contexts.
Simultaneously, this innovation significantly reduces the model’s parameter count and
computational load, providing a robust foundation for the deployment of lightweight
object detection. Subsequently, the unidirectional pyramid network in the neck section is
upgraded to a bidirectional pyramid network (BiFPN), a configuration that enriches the
representation of feature maps across different scales via a bidirectional fusion approach,
thereby further elevating detection precision. Lastly, the detection head is innovatively
replaced with LADH-Head, a lightweight asymmetric detection head, which ensures accu-
rate detection of targets of varying sizes while preserving the model’s operational efficiency
through the asymmetric multi-stage compression technique and dual-head architecture.
By integrating these modules, the YOLOv8-n model not only retains its computational
efficiency advantage but also achieves a significant leap in target detection accuracy and
adaptability, particularly in handling complex visual environments, rendering it more
suitable for deployment on devices with constrained computational resources.

3.2.1. GhostDynamicConv

To facilitate the model’s operation on edge devices for accurate helmet detection
within smart construction site settings that have constrained computational resources, we
have integrated the C2f-GhostDynamicconv module to refine the detection model. This
architecture is designed to augment the C2f component of the backbone network by har-
nessing the combined advantages of the Ghost module and dynamic convolution, utilizing
a novel feature extraction method. It selectively merges various convolution kernels in
response to the incoming data and adapts the weights, thus promoting the identification
and portrayal of features pertinent to helmets. This strategy adeptly tackles the difficul-
ties associated with identifying small objects, dense crowds, and intricate backgrounds
within helmet detection contexts. Moreover, this module optimizes the usage of computa-
tional resources and enhances the efficacy of operations performed with reduced precision
floating-point arithmetic.

e  GhostModule

The traditional convolution method has a large amount of calculation, which cannot
eliminate redundant features well for safety helmet detection, and the smaller convolution
kernel cannot reduce memory and FLOP to a certain extent. Han et al. [17] introduced the
Ghost module, with the core idea of GhostNet being to produce additional feature maps
through inexpensive operations and fewer parameters. The output of regular convolution
may have redundancy, and this kind of redundant feature map can be obtained by simple
linear operation based on a certain base feature. The Ghost module, as the base module
of GhostNet, extracts rich feature information by regular convolution and generates the
redundant feature information by adopting inexpensive linear transformation, which can
significantly reduce the computational resources needed by the model. Figure 2 shows the
schematic diagram of conventional convolution and Ghost convolution, both of which can
be specifically expressed by the formula, where x denotes the cheap linear operation, and
both of them will output the same number of feature maps.
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Figure 2. Conventional convolution and Ghost module. (a) The convolutional layer; (b) The
Ghost module.

Standard convolution:
Y = Conv(X,W) where Y € RH>*WxC 1)
Cheap transformations:

YEhost — £, (Y), by (Y), -+, di(Y)} where k = SXCF/ =s 2)

In this scenario, if the input feature map is of size H x W x C, the standard convolution
produces a basic feature map of size H x W' x C’, where C’ is typically less than C.
Subsequently, the “artifacts” are generated through cost-effective transformation s times.
This results in s-fold “artifacts” produced by the inexpensive transformation, leading to a
total of s x C’ feature maps. In the design principle of GhostModule, depthwise separable
convolutions are employed to carry out efficient linear transformations, thereby generating
the so-called “Ghost feature maps”. These feature maps are produced by depthwise
separable convolution, where s represents the standard convolution operation and ¢
indicates the linear transformation implemented through depthwise separable convolution.
With this design, GhostModule can considerably reduce the number of parameters and
computational cost while preserving the accuracy of the network.

Assuming that there are s redundant features for each base feature, then only n/s base
features need to be output, followed by an inexpensive linear transformation of each base
feature to generate the corresponding redundant features. This reduces the computation
of the model, and the GFLOPS is 1/s of the standard convolution. Let the average size of
the convolution kernel used in the linear operation part be d x d, the theoretical speedup
ratio 1, as shown in Equation (3). In the context of the output feature layer, h denotes the
length and w represents the width. The variable k signifies the dimension of the standard
convolution kernel, while n indicates the total number of convolutions performed. The
parameter c corresponds to the channel count of the input. If d squared is equivalent to k
squared and s is no greater than c, the theoretical increase in speed is s times that of the
initial configuration:

n-h-w-c-k-k ck-k ~ _ SC

= Thwekkt(s-1)Thwdd ~ Tekkpsldd - ste—1 75 3)

o  C2{-GhostDynamicConv

Large-scale visual training tasks such as helmet detection often require a low FLOP
model that can still provide good detection advantages; therefore, DynamicConv was
merged with GhostBottleneck and incorporated into the initial C2f module, yielding the C2f-
GhostDynaimicConv module. Dynamic convolution, as discussed in the literature [24,25],
improves feature representation over traditional static convolution. The main core idea
is to dynamically generate convolution kernels based on input features or to fine-tune
the convolution kernels. Dynamic convolution can adaptively adjust the weights of the
convolution kernel according to the characteristics of the input image, which can better
capture the detailed features of the helmet, in addition to dealing with environmental
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changes, angular changes, and occlusion problems, and improve the robustness of the
detection rate in a variety of site environments. DynamicConv is based on a dynamic
perception whose basic principle is illustrated in the following equations:

~T ~

y=5(W (x+500) @

~ k ~ o~ K ~
W(x) = ¥ mWy, b(x) = ¥ m(x)by (5)

k=1 k=1
k
st0<m(x) <1, ) m(x)=1 (6)
k=1

Within the given formula, x signifies the input data, while y represents the resulting
output. It is evident that x is subjected to a pair of separate processes: initially, it serves
as a parameter for the attention mechanism that formulates the convolution kernel, and
subsequently, it is applied in the convolution process itself. The variables W, b, and g
correspond to the weight matrix, bias vector, and activation function, respectively. The term
m(x) indicates the attention coefficient for the k-th linear transformation, highlighting that
this coefficient is contingent upon the input x. The kernel is composed of a convolutional
filter intertwined with the k-th linear transformation. The dynamic convolution is funda-
mentally made up of k convolutional kernels and adheres to the conventional architecture
of convolutional neural networks (CNNSs). It incorporates batch normalization (BatchNorm)
and the Rectified Linear Unit (ReLU) as its activation function. Figure 3 provides a detailed
depiction of the architecture of DynamicConv.

Attention

X b cow > BN [hctiaton) > Y

— Data flow

rrrrrrrr » Model parameter flow

Figure 3. The structure of DynamicConv.

In contrast to DynamicConv, which is predominantly concerned with channel-wise
attention, SENet, or Squeeze-and-Excitation Networks [26], treats the entire convolutional
kernel as a focus of attention. By extending the concepts of DynamicConv and adopting
the architectural innovations of the GhostBottleneck module, the initial C2f module was
upgraded to form the C2f-GhostDynamicConv module. This innovative design markedly
enhances precision with a minimal increase in the computational complexity, measured
in FLOPs. Figure 4 contrasts this innovative design with the C2f module in the baseline
model YOLOv8-n.
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Figure 4. Comparison of C2f and C2f-GhostDynamicConv modules: (a) C2f module; (b) C2f-
GhostDynamicConv module.

3.2.2. BiFPN

The neck design of YOLOvS8 draws inspiration from PANet [27], enhancing feature
fusion by combining the Path Aggregation Network (PAN) and Feature Pyramid Net-
work (FPN) architectures, as illustrated in Figure 5a,b. Unlike YOLOV5 [28] and YOLOv7,
YOLOVS8'’s FPN architecture employs top-down fusion, where high-level features are up-
sampled and integrated into low-level features, enriching them with semantic details.
Conversely, PAN adopts a bottom-up strategy, downsampling low-level features and
incorporating them into high-level features, thereby augmenting spatial precision. The
integration of these techniques forms the PANet structure, facilitating adaptive fusion of
shallow and deep features, which substantially enhances the model’s capability to discern
fine details. Nonetheless, when merging features of disparate resolutions, the features
are typically aggregated through straightforward summation, resulting in unequal contri-
butions from various layers. As the network progresses deeper, the impact of high-level
features intensifies, while low-level features diminish. To address this, TAN et al. [29]
proposed BiFPN to produce feature maps with more enriched semantic content.

P7 —> —> P7 —> —p> —> P7 R —>
P6 —> —> P6 —> —> —>  Pg —_— — —
P5 —> —> P5 —> —> —» D5 —> —> —>
P4 —> —> P4 —> —> —> P4 —> —>
h 4 v 4 4
P3 —> —> P3 —> —> —>» P3 e s —
(a)FPN (b)PANet (c)BiFPN

Figure 5. (a) FPN introduces a top-down path to fuse multiscale features from the third to the seventh
level (P3-P7); (b) PANet enhances the FPN (Feature Pyramid Network) by incorporating an additional
bottom-up pathway; and (c) BiFPN offers a superior balance between accuracy and efficiency.

BiFPN introduces bi-directional connectivity between neighboring levels of the feature
pyramid, which means that information can flow from higher level features to lower level
features (top-down path) or from lower level features to higher level features (bottom-up
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path), which greatly enhances semantic representation and differentiation. BiFPN adopts
separated convolution and lightweight design, which can improve efficiency and also
reduce the number of parameters and computation. For the helmet detection task, the
bidirectional feature pyramid can better solve the situation that small targets are not well
recognized, which in turn leads to omission and misdetection [30].

As illustrated in Figure 5¢, BiFPN is constructed upon bidirectional cross-scale connec-
tions and weighted multi-scale feature fusion. Distinct from PANet, BiFPN incorporates
learnable weights to assess the significance of various input features during both top-down
and bottom-up processes. The BiFPN network excludes nodes with a single input edge;
such nodes are deemed insufficient for effective feature fusion due to their limited infor-
mation content and reduced contribution to the feature network. Incorporating additional
edges between input and output nodes within the same layer and obtaining higher-level
fused features through iterative stacking enhances the feature fusion efficiency and ac-
curacy of the BiFPN network, thereby boosting the model’s capability to extract features
pertinent to a specific scene. By configuring the learning parameters to ensure that the
input layers are of uniform size and augmenting each feature layer with additional weights,
the BiFPN network is capable of effectively merging input features of varying resolutions
and evaluating their contribution to the output. The fast normalized fusion method is
employed to weight the feature layer, specifically through the BiFPN weighted feature
fusion technique:

Wi'Ii
© ; Yijwjt+e @

O represents the output from the BiFPN network; I; denotes the feature from the ith
layer; w; signifies the weight associated with the ith layer feature; and wj refers to the jth
weight within the ith layer; e = 0.001 is used to avoid numerical instabilities, as indicated
by the notation.

d wiq-PI" 4w, -Resize (P
P _Conv( ! (’Eﬂiﬁm(”) 8)
. q )
POt _ Cony wi-Pgt + V\/I’2-Pt6 /—i— wg;Resme (Pgut) o)
W+ w, +ws+e¢

P denotes the feature transmitted to the sixth layer in a top-down manner; P
represents the resultant feature of the sixth layer; Conv refers to the convolution process.
N indicates the initial feature of the sixth layer; P signifies the entry feature for the
seventh layer; P2"! is the feature escalated within the fifth layer; Resize encompasses both
upsampling and downsampling operations. The symbol ¢ denotes an infinitesimally small
positive value; wy is the weighting factor for the transition from P to Pi; w; is the
weighting applied to P! following the downsampling of PIF; w is the weighting for the
progression from P! to PUt; w), is the weighting assigned to PS"; and w} is the weighting
for P2"* subsequent to the upsampling of P2™.

3.2.3. LAHD-Head

In YOLOVS8-n, a symmetric multistage compression framework is implemented, with
uniform compression ratios across all detection heads. The detection head of YOLOvS8
features a decoupled architecture, consisting of dual parallel streams tasked with extracting
features for object classification and localization independently. Each stream is refined
by a 3 x 3 convolutional module, adeptly capturing spatial characteristics within the
image and supplying comprehensive data for subsequent categorization and positioning
tasks. Following this, the output from each convolutional module is subjected to further
refinement by a Conv2d module, which sharpens the feature representation and bolsters
the model’s object identification prowess. Ultimately, the results from these parallel tracks
are utilized to calculate the classification loss (Cls loss) and the bounding box regression
loss (Box loss), respectively. This decoupled approach not only optimizes the model’s
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detection accuracy in intricate environments but also streamlines the training process by
enabling targeted optimization for distinct objectives. However, despite the decoupled
design’s substantial improvement in detection capabilities, it does not optimally harness the
sophisticated features derived from the backbone network. The schematic of the YOLOv8-n
detection head is depicted in the accompanying Figure 6.

Conv Conv Conv2d

—> —
K=3,5=1,p=1 K=3,5=1,p=1 K=1,5=1,p=0 _/ CIoU+DFL

Conv Conv Conv2d

K=3,5=1,p=1 K=3,s=1,p=1 K=1,s=1,p=0 _/

BDE

Figure 6. YOLOv8-n Detection Head.

To address the issue that conventional detection heads do not efficiently leverage the so-
phisticated features derived from the backbone network, this study presents an innovative,
lightweight, asymmetric decoupled detection head (LADH-Head) [31]. Figure 7 illustrates
the architecture of the detection head introduced in this study. A notable benefit of the
LADH-Head is its implementation of 3 x 3 depthwise separable convolution (DWConv) in
place of the standard 3 x 3 convolution, which significantly cuts down the parameter count
and also manages to broaden the receptive field, enhance the task-specific parameters of the
IOU branch, and mitigate both misdetections and false positives. The DWConv achieves
a reduction in computational complexity by breaking down the standard convolution
operation into depthwise convolution and pointwise convolution. The adoption of this
asymmetric, lightweight detection head can substantially decrease the parameter count and
enhance computational efficiency, making it ideal for environments with limited resources.
Furthermore, the pointwise convolution integrates data across different channels, maintain-
ing an adequate level of capability for feature extraction. By upgrading the detection head
component, the model is now capable of higher detection accuracy while also reducing the
number of model parameters and the computational resources required. This reduction in
complexity and resource demands enhances computational efficiency.

_— Cls. HxWxC
1024
HXWXC:{SU}

256

P3
FPN Feature 1P4}
PS5

|i — _>|i Reg.HxW x 4

Feature 1x1Conv 3x3DWConv

> > > 10U.HxW x1

Figure 7. Network structure of the lightweight asymmetric detection head (LADH-Head).

4. Results
4.1. Experimental Environment and Dataset

The environment configuration for this experiment is shown in Table 1 below.
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Table 1. Experimental environment configuration.
Name Environmental Parameters
Operating system Windows 11 Chinese version 64 bit

Graphics processing unit NVIDIA GeForce RTX4050
Video memory 16
Python 3.8

Framework PyTorch1.11

The key parameters for this network training are shown in Table 2.

Table 2. Configuration of training parameters.

Parameter Value
Mosaic 1.0
Weight deacy 0.0005
Batch size 8
Epochs 100
Momentum 0.937
Learning rate 0.01

The publicly available dataset SHWD (Safety-Helmet-Wearing Dataset) [32-34] is
used for this experiment. The SHWD dataset is a high-quality dataset focusing on helmet-
wearing detection, which consists of a series of well-labeled images and is designed to train
and evaluate a computer vision model on the task of helmet-detecting performance. The
SHWD dataset contains 7581 images, including head objects wearing helmets (positive
sample) and head objects not wearing helmets (negative sample). In this paper, the SHWD
dataset is divided into a training set, a test set, and a validation set according to the ratio of
7:1:2 by random partition. After partitioning, the training set contains 5457 images, the test
set contains 607 images, and the validation set contains 1517 images. The SHWD dataset
contains two categories, “hat” and “person”, respectively. Below is a selection of images
from the SHWD dataset, as depicted in Figure 8.

Large scale Medium scale Negatives samples

Figure 8. Example of experimental dataset (Reprinted from [35]).

4.2. Evaluation of Indicators

To verify the model’s performance, the main evaluation metrics include precision,
mean average precision, number of parameters, FLOPs, model size, and frames per
second (FPS).

P = 1pyp (10)

mAP = &Y N, AP; (11)

FPS = iy (12)

Parameters = (I+1) xO=1x0O0+0 (13)

where TP (true positive) denotes a positive sample correctly categorized as positive, FP
(false positive) denotes a negative sample incorrectly categorized as positive, and FN
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(false negative) denotes a positive sample incorrectly categorized as negative. N denotes
the sample category, P (precision) denotes the precision rate, and AP (average precision)
denotes the average precision of a given analogy. I denotes the number of channels in the
input feature map, O denotes the number of channels in the output feature map, and the
+1 in the formula comes from the bias term, which has one for each output channel. The
number of parameters and the amount of computation FLOPs measure the complexity of
the model, while FPS measures the model’s speed.

4.3. Ablation Experiments

To determine the impact of the suggested enhancements, a series of six experiments
were crafted with the YOLOv8-n model serving as the foundational point for ablation
analysis. The objective of these experiments was to measure the practicality and efficacy of
each augmentation component, with the outcomes detailed in Table 3.

Table 3. Results of ablation experiments.

Model  G-DConv  BiFPN LADH  Para/10° gfz"e‘};}[ FLOPS/G P/% mAP5/% FPS
Model-1 x x x 3.0 6.0 8.1 92.41 922 106.3
Model-2 v X X 2.2 46 5.7 93.4 93.7 158.6
Model-3 x v X 2.0 42 7.1 93,5 945 204.4
Model-4 x x v 24 48 5.7 91.9 94 247.1
Model-5 v v X 17 34 5.7 93,5 94 1338
Model-6 v v v 12 27 37 92.2 94.1 1533

Model-1 refers to the original YOLOvV8-n, while Model-2 is the version where the C2f
module is replaced with C2f-GhostDynamicConv in the YOLOv8n backbone. Compared to
the baseline, Model-2 improves accuracy by 1.5%, with a 26.7% reduction in parameters and
a29.2% drop in computation. This shows that the replacement model has a more significant
impact on parameter reduction. Model-3 introduces a bidirectional feature pyramid in the
feature fusion network, slightly increasing computation but boosting accuracy by 2.3%,
reducing parameters by 33.3%, and decreasing model size by 30% compared to Model-2.
This demonstrates that the bidirectional feature pyramid excels at feature extraction and
model optimization through separable convolution and a lightweight design. Model-4
replaces the baseline detection head with the lighter LADH-Head, which does not improve
accuracy or model size over Model-3 but enhances frames per second by 20.9%. Model-5
adds a bidirectional feature pyramid to Model-2, resulting in a slight accuracy increase,
a 22.7% reduction in parameters, and a 26% decrease in model size. Model-6 builds on
Model-5 by adding LADH-Head, showing a 1.9% accuracy improvement compared to
Model-1, with the model size reduced to 55% of the original and computation cut by 54.3%.
These experiments show that the optimized YOLOv8n algorithm not only maintains high
accuracy in helmet detection but also significantly reduces parameters, computation, and
model size.

4.4. Model Training Analysis Before and After Improvement

Figure 9 shows the changes in key metrics of the YOLOv8-n and LG-YOLOvS8 mod-
els throughout the training process, further demonstrating the superiority of the im-
proved models. Figure 9a—d depicts the fluctuations of precision, recall, mAP_0.5, and
mAP_0.5:0.95, respectively, for the training cycle (epoch = 100). The comparison of the
accuracies clearly shows that the accuracy of LG-YOLOVS is always higher than that of
YOLOvV8-n throughout the training process, which indicates that the model has been im-
proved. By observing the recall rate, the recall rate increases rapidly in the first 40 epochs.
And in the whole training process, the recall rate of LG-YOLOVS is always higher than
that of YOLOv8-n, which indicates that the improved model has a lower miss rate and
can better detect all positive samples. The mAP_0.5 curve shows that LG-YOLOVS is
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higher than YOLOvS8-n in the whole training process, which indicates that the improved
model has stronger robustness for safety helmet detection and can detect and identify
targets more effectively. It can be observed from mAP_0.5:0.95 that the enhanced model
demonstrates more superior overall detection performance under diverse matching circum-
stances throughout the entire 100 rounds of training. Figure 10 presents the variations of
different types of losses of the YOLOv8-n and LG-YOLOvV8 models during training and
validation. The loss functions in Figure 10a,b indicate that the enhanced model converges
more rapidly and has better performance in inference. In summary, the superiority of
LG-YOLOVS in all indicators indicates that optimized modules can effectively improve the
overall performance of the model, further highlighting the higher accuracy and reliability

of LG-YOLOVS in safety helmet detection.

Precision Comparison: YOLOv8-n vs LG-YOLOv8
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Figure 9. Changes in key metrics during YOLOv 8-n and LG-YOLOVS trainings
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Figure 10. Changes in loss during YOLOv8-n and LG-YOLOVS training.
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4.5. Comparative Experiments

To underscore the effectiveness and practicality of the LG-YOLOVS algorithm for
compact studies, we compared its performance to leading algorithms in helmet detection.
The comparative analysis and respective data are elaborated in Table 4.

Table 4. Comparison results of different models.

Model Parameters/10° FLOPS/G P/% mAP5/%
SSD [3] 12.3 28.7 - 90.2
YOLOv3-Tiny 8.7 129 - 61.2
YOLOv3 61.5 154.9 - 89.1
YOLOv5s 7.1 15.8 93.6 90.9
YOLOv7 37.2 105.1 93.3 93.4
ML-YOLOV3 [36] 18.1 46.0 - 86.5
MG-YOLOVv5s [37] 4.06 67 - 95.4
YOLOvVS8-SLIM-CA [38] 2.74 11.3 93.8 94
YOLOvV8n-ASF-DH [39] 5.01 11.8 94 95.6
LG-YOLOvVS 1.2 3.7 92.2 93.4

Table 4 reveals that LG-YOLOVS8 outperforms SSD in average accuracy by a margin
of 3% while substantially reducing parameter count and computational load. When juxta-
posed with YOLOv5 and YOLOvV7, our model demonstrates a commendable lightweight
effect. In comparison to enhanced variations of YOLOv3 and YOLOv3-Tiny, the refined al-
gorithm of this study shows marked enhancements in average accuracy, with a pronounced
decrease in computational demand and parameter requirements. Further, against YOLOv5-
MN, LG-YOLOVS exhibits a marginal uptick in average accuracy with a notable 59.3%
reduction in computation. Against three advanced YOLOVS iterations—YOLOVS-Slim-CA,
FEV-YOLOvVS8n, and YOLOv8-S-LE—the algorithm developed herein stands out, especially
in parameter number and computation efficiency. The current model’s strength is not just in
maintaining high precision but also in optimizing resource usage, making it highly suitable
for edge device deployment. The effectiveness of LG-YOLOVS is visually corroborated by
Figure 11, highlighting the algorithm’s advantage with greater clarity.

Histogram comparison of the results of different algorithms
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Figure 11. Histogram comparison of results of different algorithms.

4.6. Visualization of the Results

To offer a clearer evaluation of the enhanced YOLOv8-n model’s detection capabilities,
we chose safety helmet detection in diverse challenging environments from the SWHD
dataset. The selected original images pose challenges in identifying small objects, handling



Appl. Sci. 2024, 14, 10141

14 of 16

crowded scenes, and managing complex scenarios. As shown in Figure 12, our proposed
method not only enhances the feature extraction ability but also effectively addresses
missing cases in some complex scenes and small target cases.

(a) original image (b) YOLOvV8-n . (c)Ghost-LADH YOLOv8

Figure 12. Visualization results for different scenarios (adapted from ref. [35]). (a) The pictures in the
original dataset and the helmet detection pictures in different scenarios; (b) Base model YOLOv8-n;
(c) Improved model LG-YOLOVS.

5. Conclusions

To counteract the deficiencies of the standard YOLOv8-n algorithm and address ex-
ternal factors that can affect helmet detection performance, this manuscript presents an
advanced model known as LG-YOLOVS. Constructed upon the YOLOv8-n foundation,
this model integrates a triad of architectural enhancements. These improvements notably
decrease the computational load without sacrificing accuracy, aligning the model more
closely with real-world usage scenarios. The introduction of the C2{-GhostDynamicConv
module serves to refine the original C2f module, leading to more efficient use of com-
putational resources and better performance in low-precision floating-point operations.
Moreover, the paper presents a revamped feature extraction segment and detection head,
complete with a bidirectional feature pyramid that amplifies the semantic data extracted
from helmet images, consequently bolstering detection capabilities. The novel lightweight
asymmetric detection head, termed LADH-Head, minimizes model parameters and accel-
erates detection without compromising the integrity of the classification and regression
processes initially challenged by the traditional coupled head design. Empirical evidence
supports that LG-YOLOVS is adept at fulfilling helmet detection requirements with robust
practicality, achieving a commendable equilibrium between detection proficiency and
computational expenditure. It outperforms its contemporaries in specific performance
metrics and is better suited for deployment on resource-constrained edge devices. While
the algorithm has demonstrated impressive outcomes, there remains ample opportunity
for refinement. In subsequent research, we aim to further unearth the untapped potential
of the YOLO model for helmet detection. Additionally, we plan to delve into more potent
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algorithms for the detection and tracking of smaller targets to augment their recognition
precision. We intend to investigate the adaptability of our method to other object detection
algorithms to harvest superior performance. Moreover, we will seek to amass a more
extensive and diverse dataset to fortify the models’ generalization capabilities, rendering
them more potent and adaptable in intricate industrial settings.
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