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Abstract: Automatic detection of safety helmet wearing is significant in ensuring safe production.
However, the accuracy of safety helmet detection can be challenged by various factors, such as
complex environments, poor lighting conditions and small-sized targets. This paper presents a novel
and efficient deep learning framework named High-Resolution You Only Look Once (HR-YOLO)
for safety helmet wearing detection. The proposed framework synthesizes safety helmet wearing
information from the features of helmet objects and human pose. HR-YOLO can use features from
two branches to make the bounding box of suppression predictions more accurate for small targets.
Then, to further improve the iterative efficiency and accuracy of the model, we design an optimized
residual network structure by using Optimized Powered Stochastic Gradient Descent (OP-SGD).
Moreover, a Laplace-Aware Attention Model (LAAM) is designed to make the YOLOv5 decoder pay
more attention to the feature information from human pose and suppress interference from irrelevant
features, which enhances network representation. Finally, non-maximum suppression voting (PA-
NMS voting) is proposed to improve detection accuracy for occluded targets, using pose information
to constrain the confidence of bounding boxes and select optimal bounding boxes through a modified
voting process. Experimental results demonstrate that the presented safety helmet detection network
outperforms other approaches and has practical value in application scenarios. Compared with the
other algorithms, the proposed algorithm improves the precision, recall and mAP by 7.27%, 5.46%
and 7.3%, on average, respectively.

Keywords: deep learning; safety helmet; human pose; optimized residual network; attention module;
NMS

1. Introduction

Helmet-wearing detection is an important application in computer vision that has
been widely used in various fields, such as traffic surveillance [1–3], smart cities [4,5],
construction safety [6–8], etc. The detection of safety helmet wearing can be summarized
as identifying multi-scale targets that are easily occluded in complex environments. Al-
though some breakthroughs have been made with respect to this problem [9,10], it is
still challenging.

Traditional methods for helmet detection [11–15] have lower accuracy and poorer ro-
bustness in their results due to the need for manual inspection, which is time-consuming
and prone to human mistakes. With significant advancements in deep learning within the
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field of object detection, this technique has been further used to improve helmet detection
algorithms [16–21]. These methods greatly improve the accuracy and efficiency of detection
and can carry out real-time monitoring. Helmet recognition methods using deep learning
can be divided into the following two categories: two-stage methods [22–25] and one-stage
methods [26–34]. Two-stage methods extract features, generate candidate regions and use
classifiers for classification and regression. Currently, the Region-based Convolitional Neural
Network (R-CNN) series generates candidate regions using a region proposal (RP) algorithm
and eventually uses a classifier for feature classification. However, faced with redundant
parameters, high computational complexity and slow inference speeds, those methods cannot
meet the requirement of real-time detection. The one-stage methods use an end-to-end strat-
egy to detect and classify the target position of the image. The Single Shot MultiBox Detector
(SSD) series incorporates both regression and an anchor mechanism to predict on multi-scale
feature maps, encountering difficulty in small-target detection owing to its strategy of not
merging features. The YOLO series judges the target’s category and position at the same
time by transforming the object detection problem into a regression problem. The advantage
of two-stage methods is that they can effectively improve the detection accuracy, but it is
difficult to achieve real-time detection. Although the one-stage make it difficult to achieve
model convergence during intensive sampling, with poor performance for small targets, they
are more suitable for the real-time detection in industrial production scenarios. For safety
helmet detection, the You Only Look Once (YOLO) series has advantages in terms of a faster
detection speed, better real-time performance and easier model deployment.

Although there has been significant progress in safety helmet detection, the above-
mentioned methods ignore human pose information. In complex industrial scenarios, the
detection of safety helmets requires the fusion of human pose information, which provides
additional clues for safety helmet wearing identification. In response to the aforementioned
issue, we propose a new deep learning method called High-Resolution You Only Look
Once (HR-YOLO) based on a high-resolution network and YOLOv5 to enhance the feature
representation capabilities. To provide efficient feature extraction and description, we
design an optimized network structure called Optimized Powered Stochastic Gradient
Descent (OP-SGD) for the construction of HR-YOLO. A novel self-attention model, namely
the Laplace-aware attention model (LAAM), is then used to extract and fuse the features
from the object detection branch (ODB) and the pose detection branch (PDB). More specif-
ically, to address the issue of the limited reliability of human pose for helmet wearing
detection, we design pose-assisted non-maximum suppression voting (PA-NMS Voting) to
select features with high reliability.

Our main contributions can be summarized as follows:

• We propose a novel HR-YOLO to achieve high-quality feature fusion between helmet
object detection and human pose estimation in which the pose detection branch (PDB)
can effectively exchange the input image with the required human pose information
and the object detection branch (ODB) can extract helmet features from backbone
features. In addition, we design PDB loss and ODB loss to construct the HR-YOLO
loss function.

• An optimized network structure, OP-SGD, is proposed to optimize the structure,
enhance the expressive ability of the network and accelerate the speed of convergence.

• We design a Laplace-aware attention model (LAAM) for feature enhancement. LAAM
can highlight the local neighborhood that contains fine-grained structural information
and make HR-YOLO pay more attention to the pose feature, which improves the
detection accuracy for occluded and small objects. We also propose PA-NMS by using
human pose information constraints to modify the selection method of NMS and
further propose non-maximum suppression voting (PA-NMS voting) to select the
optimal bounding box, which improves the accuracy of localization.

• Our method outperforms the YOLOv5 methods in experiments of safety helmet
wearing detection on the GDUT-HWD and SHWD datasets. The ablation study shows
a significant improvement when integrating OP-SGD and LAAM in HR-YOLO.
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2. Related Works
2.1. Helmet Detection

Helmet detection algorithms are divided into traditional machine learning-based
and deep learning-based methods. Traditional machine learning methods used steps
that include background subtraction, human detection and helmet recognition, utilizing
manually selected features or statistical features [35,36]. However, the traditional methods,
relying on hand-engineered features, cannot achieve good real-time speed and detection
accuracy due to their multi-stage operation. Since its advent, deep learning has been
used with computer vision algorithms, which can be divided into two detection types,
namely two-stage and one-stage algorithms. The former is represented by the region-
based convolutional neural network (R-CNN) series [22–25]. The latter includes the YOLO
series [26,30–34], the SSD series [26–29], RetinaNet [37], etc. These technologies have been
widely used for safety helmet detection and have accomplished many achievements. Wang
et al. [17] proposed the Faster R-CNN algorithm to inspect the wearing of safety helmets.
Long et al. [38] presented a deep learning approach for accurate safety helmet wearing
detection in employing an SSD. To date, several YOLO-based models have achieved an
accuracy level of approximately 90%, which satisfies the demands of real-time detection
in construction site scenarios. Numerous researchers have studied safety helmet wearing
detection algorithms based on the YOLO series. Jamtsho et al. [39] presented the real-time
detection of LP for non-helmeted motorcyclist using a YOLO real-time object detector.
Wu et al. [40] utilized an improved model based on YOLOv3 to detect helmet wearing.
Zhou et al. [41] proposed a safety helmet detection method using the YOLOv5 model.
However, those methods only focus on the target features of safety helmets and ignore
the human pose features, which can provide position information about helmets. Inspired
by [42,43], we designed High-Resolution YOLO (HR-YOLO) combined with HRNet and
YOLOv5 to take multi-branch information from helmet object detection and human pose
estimation, which improves recognition accuracy in the cases of target occlusion, insufficient
light, complex backgrounds and other problems.

2.2. Optimized Network Structure Design

Extensive work has been conducted in the field of neural network structural opti-
mization. In the early stages of neural network development, evolutionary algorithms
were commonly employed to find optimal architectures and weights [44]. Matias et al. [45]
utilized the genetically optimized extreme learning machine (GO-ELM) to optimize the
network architecture. Some researchers [46,47] have employed an adaptive strategy to
progressively expand the network structure layer by layer from a small network guided by
specific principles. However, the achieved results failed to clearly show where the connec-
tions should be established in the network architecture. In Ref. [48], it was demonstrated
that the design of a neural network structure can be motivated by faster optimization
algorithms. Furthermore, Lu et al. [49] bridged deep neural network design with numerical
differential equations and interpreted different CNN models with residual blocks and
special discretization schemes. The gradient descent (GD) algorithm [50] is one of the
most widely employed optimization methods and serves as the foundation for various
other optimization algorithms. To enhance the iteration speed and improve the accuracy
of the model, we designed an OP-SGD method incorporating the pbSGD [51] algorithm,
which can optimize the propagation structure of the residual network to enhance the input
descriptors of features.

2.3. Attention Mechanism

In the field of computer vision, attention mechanisms have gained considerable interest
due to their ability to efficiently focus on the representations of Regions of Interest (ROIs) in
images or videos. Researchers have proposed many attention models for objection detection,
such as class activation mapping (CAM) [52], a stereo attention module (SAM) [53], a
convolutional block attention module (CBAM) [54] and squeeze and excitation (SE) [55].
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Furthermore, Anwar et al. [56] presented the densely residual Laplacian network (DRLN),
which uses Laplacian attention to model the crucial features. Due to the great success of
attention modules, they have been used in helmet detection. Han et al. [57] proposed a
novel SSD algorithm for safety helmet wearing detection that uses a cross-layer attention
mechanism to further refine the feature information of the object region. Chen et al. [58]
used a YOLOv5 image classifier combined with residual transformer spatial attention to
detect riders’ helmet wearing. Tai et al. [7] employed an attention mechanism to improve
the model’s generalization ability, which aligned with practical application requirements.
Inspired by these methods, our paper presents the a Laplace-aware attention module to
improve the accuracy and robustness of helmet detection.

3. Proposed Method
3.1. HR-YOLO Network

In order to accomplish multi-scale hard-hat target detection, a multi-branch parallel
fusion network called HR-YOLO was constructed, as depicted in Figure 1. The original
image, with a size of 640 × 640 × 3, first passes through the backbone part for extraction of
preliminary feature information. These features pass to the ODB, which further extracts
and filters out features for helmet object detection by using the LAAM. Simultaneously,
the PDB extracts the human pose features from preliminary features and determines the
head-area information. Finally, PA-NMS voting uses helmet object features and head-area
information to select bounding boxes with higher confidence and reliability. Through
these four improvements, HR-YOLO effectively recognizes small objects and performs
compliance detection for safety helmet wearing.

Figure 1. HR-YOLO network architecture.

The detection of the head region plays a crucial role in providing the necessary location
information for compliance discrimination and enhancing the target feature expression
capability of the detection branch. The PDB utilizes HRNet as the neural network to identify
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key points of the human body, enabling the determination of the target’s position through
the creation of head-region judgment rules. HRNet effectively captures 18 key points of the
human body, as illustrated in Figure 2a. This accurate identification of key points aids in
locating the head region, which is essential for safety helmet compliance detection.

Definition 1. (Head area of upper body): We assume that there is {xi, yi, ci} ∈ U and U is not
empty in the key point set of the PDB.

DK1,K2 =

√
(x1 − x2)

2 + (y1 − y2)
2 (1)

DK1,K3 =

√
(x1 − x3)

2 + (y1 − y3)
2 (2)

radius = min
{

DK1,K2 , DK1,K3

}
(3)

Harea = Rect(Circle(K1, radius)) (4)

where K1(x1, y1), K2(x2, y2) and K3(x3, y3) are the key points for the nose, left shoulder and
right shoulder, respectively. DK1,K2 is the Euclidean distance between the nose key point and the
left-shoulder key point, and DK1,K3 is the Euclidean distance between the nose key point and the
right-shoulder key point. Circle(K1, radius) is a circle with K1(x1, y1) as the center and radius as
the radius. Rect() is the outer square of Circle. Harea is the head area of the object. Each key point
and positioning area is shown in Figure 2b.

Definition 2. (Head area of face): We assume that there is {xi, yi, ci} ∈ U, i = 1, 2, · · · , 5 and U
is not empty in the key point set of the PDB.

Angles[Pitch, Yaw, Roll] = F({xi, yi, ci}) (5)

where {xi, yi} represents the coordinates of the key points for the left eye, right eye, left ear, right ear
and nose, respectively. {ci} represents the confidence level of each point. Pitch, Yaw and Roll are
the yaw angle, pitch angle and roll angle, respectively. F is a head-pose mapping function defined as
the head-pose estimation network in [59]. The head-pose estimation is shown in Figure 2c.

Figure 2. Head area determination rules. (a) 18 key points of the human body. Points 0 to 17
represent nose, neck, right shoulder, right elbow, right wrist, left shoulder, left elbow, left wrist, right
hip, right knee, right ankle, left hip, left knee, left ankle, right eye, left eye, right ear, and left ear,
respectively. (b) The result of the head area calculated by the upper body points.(c) The result of
head-pose estimation. (d) The result of the head area calculated by the whole body points.

Definition 3. (Head area of whole body): We assume that there is K1(x1, y1) ∈ U and U is not
empty in the key point set of the PDB. K4(x4, y4), K5(x5, y5) and K6(x6, y6) ∈ U, and K0(x0, y0)
is the regional center the following key point:

DK4,K5 =

√
(x4 − x5)

2 + (y4 − y5)
2 (6)
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DK4,K6 =

√
(x4 − x6)

2 + (y4 − y6)
2 (7)

where K4(x4, y4), K5(x5, y5) and K6(x6, y6) are the key point coordinates of the neck, left hip and
right hip, respectively. DK4,K5 and DK4,K6 are the Euclidean distances between the neck key point
and the left-hip key point and the right-hip key point, respectively. The distance between the key
point of the neck (K4(x4, y4)) and the key point of the center of the head object area (K0(x0, y0)) is
defined as follows:

−−−→
K4, K0 =

−−→
K4K5 +

−−→
K4K6∣∣∣−−→K4K5 +
−−→
K4K6

∣∣∣ (8)

radius = DK4,K0 = λ min
{

DK4,K5 , DK4,K6

}
(9)

Harea = Rect(Circle(K0, radius)) (10)

where DK4,K0 is the Euclidean distance between the key point of the neck and K0(x0, y0).
−−−→
K4, K0

is the unit vector. λ is the proportionality factor. Each key point and positioning area is shown in
Figure 2d.

3.2. PA-NMS Voting

We proposed pose-assisted non-maximal suppression (PA-NMS) to replace traditional
NMS in the bounding-box vote process [60], obtaining PA-NMS voting. As shown in
Algorithm 1, a non-maximal suppression PA-NMS vote is proposed to select bounding
boxes with pose information constraints.

Algorithm 1 Algorithm of PA-NMS

Input: initial target detection box B = b1, b2 · · · bN , target confidence S = s1, s2 · · · sN ,
key point detection box P = p1, p2 · · · pM, detection box decision coefficient λ, NMS
threshold Nt, PA-NMS threshold Np

Output: final detection box D = d1, d2 · · · dN , detection scores S, safety helmet wearing
decision coefficient X = x1, x2 · · · xN

1: D ← {}, X ← { f alse}
2: while B ̸= empty do
3: for bi in B do
4: for pj in P do
5: if IoU(bi, pi) ≥ Np then
6: si ← (1− λ) · si + λ
7: xi ← true
8: end if
9: end for

10: if xi = f alse then
11: si ← λ · si
12: end if
13: end for
14: m← arg max S
15: M← bm, xi ← m
16: D ← D ∪M, B← B−M
17: for bi in B do
18: if bi ∈ B and IoU(M, bi) ≥ Nt then
19: si ← si · (1− IoU(M, bi))
20: end if
21: end for
22: end while
23: return D, S, X
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We find the maximum confidence (Smax) in confidence set S and judge by calculating
the intersection over union (IoU) of the border corresponding to Smax and other confidence
values. When IoU(bm, pi) ≥ Np, the head area of the pose key point positioning can be
regarded as a judgment constraint on the wearing state of safety helmets.

The PA-NMS is designed to improve the ability to detect the behavior of incorrect
helmet wearing by performing IoU calculation using pose information and bounding boxes.
After using PA-NMS, we obtained the desired results (Y = {(Sj, Bj)}, j ∈ N+). The voting
Mechanism regards each prediction result as an independent score and votes on all the
prediction results together in a weighted way to find the optimal bounding box. However,
to address the issue of excessively low weights assigned to certain boxes during the voting
process, we make modifications to the traditional voting process. The vote progress is
defined as follows:

ωj = max(0.01, sj) (11)

B′i =
∑j:Bj∈B ωj · Bj

∑j:Bj∈B ωj
(12)

where sj represents the detection scores from PA-NMS, and B corresponds to the initial
target detection boxes.

3.3. OP-SGD

In the context of feed-forward networks, the issues of gradient disappearance and
network degradation can be effectively addressed by optimizing the residual structure,
improving network performance [48]. To enhance the expressive ability of features within
the residual block, we propose a novel optimized variant of the Powered Stochastic Gradient
Descent (pbSGD) algorithm [51] called OP-SGD. OP-SGD is designed to fuse the knowledge
modeling capability of the optimization strategy and the adaptive learning ability of
the deep learning method to enhance the interpretability of optimized residual network
infrastructure, establishing a connection between the pdSGD optimization algorithm and
its corresponding neural architecture. The derivation process for OP-SGD can be expressed
as follows, utilizing the pbSGD formula:

xt+1 = xt − ασ(gt) (13)

xt+1 = (1− β)xt + βxt−1 − αβσ(gt−1)− ασ(gt) (14)

where xi is an arbitrary point, α is the learning rate at step t and gt is stochastic gradient.
σ = sign(z)|z|γ is named the Powerball function. β is a parameter used to control the
influence of xt−1 on xt+1.

We assume that during the propagation of the neural network, the transmission of the
signal from the first layer to the last layer is represented as follows:

θi+1 = Φ(Uiθi) (15)

where θk+1 denotes the characteristics of layer k + 1 in the network. Φ is an activation
function. Assume that U is a symmetric positive definite matrix (V =

√
U) and ξ = Vθ;

then, for a nonlinear activation function (Φ(ξ)), there exists a function (Ψ(ξ)) such that
when Ψ

′
(ξ) = Φ(ξ),

∇∑i Ψ
(

VT
j ξ

)
= UΦ

(
UTθ

)
= UΦ(Uθ) (16)

The object function ( f (ξ)) is defined as follows:

f (ξ) =

∥∥ξ2
∥∥

2
−∑i Ψ

(
VT

j ξ
)

(17)

where Vi is the ith column of V.
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We derive the derivative on both sides of the function ( f (ξ)) to obtain the following:

∇ f (ξi) = ξi − VΦ(Vξi) (18)

Furthermore, Equation (14) can be expressed as follows:

ξi+1 = (1− β)ξi + βξi−1 − µ1σ(∇ f (ξi))− µ2σ(∇( f (ξ2)) (19)

We obtain the following according to θ = V−1ξ:

θi+1 = (1− β)θi + βθi−1 + µ1σ(θi − θi−1) + µ2σ(Φ(Uθi)− θi) (20)

where Φ(Uθi) denotes the ith layer of the feed-forward network.
According to Equation (20), a neural network structure, OP-SGD, is designed as an

optimized residual network structure with two shortcuts. The network structure inspired
by the structure corresponding to this formula is shown in Figure 1.

3.4. Laplace-Aware Attention Module

Pixel-wise matching is susceptible to poor feature quality. However, complex back-
ground and illumination changes reduce feature discrimination. To avoid ambiguities, we
propose a Laplace-aware attention module (LAAM) to obtain the fine-grained structural
information and locally discriminative representations for feature matching, as shown in
Figure 1. Specifically, given base feature x, it is formulated as follows:

x̂ = LAA(LN(x)) + x, (21)

y = FFN(LN(x̂)) + x̂, (22)

where LN(·) is general layer normalization and FFN(·) is the feed-forward network in the
block. LAA(·) is Laplace-aware attention, the core component of our LAAM.

We formulate LAA as a task-specific local operation, which not only avoids a mislead-
ing global context but also reduces the complexity of attention computation. Therefore, it
can be formulated as follows:

Qi = LQ
i (x′), Ki = LK

i (x′), Vi = LV
i (x′), (23)

hi = ζA(Qi, K̄i, V̄i), (24)

H = Concat(h1, h2, ..., hn), (25)

where x′ = LN(x). LQ
i (·) and LV

i (·) denote linear projections for the ith head. ζA(·) is the
Laplace attention function, which takes query feature Qi. The regional features of key K̄i
and value V̄i are defined as follows:

ζA(Q, K̄, V̄) = So f tmax(Lk · (QK̄T)/
√

d).V̄ (26)

where Lk is a learnable Laplace kernel with dimensions ofk× k, which can be updated by
adding a learnable amplitude matrix (A) during model training. In the inference process,
Lk can reorganize the weights of attentive feature aggregation.

Assume the neighborhood of a pixel at point p is N(p); then, the attention on a single
pixel can be defined as follows:

h(p) = So f tmax(Lk · (Q(p)K̄)
T
N(p)/

√
d) · V̄N(p) (27)

Note that the operating range is salable with the varying region of N(p). For instance,
it can be extended to all pixels (i.e., N(p) is equivalent to the image size), leading to global
self-attention in a Laplace-aware manner.
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3.5. Compliance Reasoning Decision Algorithm

The compliance reasoning decision process for helmet wearing is illustrated in Algorithm 2.
First, we generate the coordinates of the key points for the human body by using the human
posture detection branch. Next, we determine the region of interest based on the head-region
determination rule. Finally, we utilize the PA-NMS algorithm to identify the target anchor frame
ratio within the target area of the two branches. This enables us to assess compliance with safety
helmet wearing regulations.

Algorithm 2 Compliance Reasoning Decision Algorithm

Input: oil and gas field image I, threshold value τ
Output: probability of safety helmet test results and wearing P

1: Images I are input into PDB to obtain 18 key point coordinates ki, i = 1, 2 · · · 18
2: Images I are input into ODB, obtain regression box B = {b1, b2 · · · bN}, height of

box H = {h1, h2 · · · hN}, the distance between key point of nose k0 and top of box
D = {d1, d2 · · · dN}, and degree of confidence CLS = {cls1, cls2 · · · clsN}

3: Select ki to determine head area Harea by the rule of head area assessment
4: Obtain head pose Angles[Pitch, Yaw, Roll] by the rule of head pose estimation
5: Use PA-NMS model in Algorithm 1 to generate final detection box D and confidence

score S
6: if τ < si < 1 and clsi = hat then
7: pi ← true
8: end if
9: if 0 < si < τ and clsi = hat and di/ cos(roll) > 2h/3 then

10: pi ← true
11: end if
12: if τ < si < 1 and clsi = person then
13: pi ← f alse
14: end if
15: if 0 < si < τ and clsi = person and k0 ∈ hi then
16: pi ← f alse
17: end if

3.6. Loss Functions

HR-YOLO has a multi-branch structure, and the overall loss function (L) is the
weighted sum of multiple loss functions. As a result, the overall loss function is defined as
the weighted sum of multiple loss functions. L can be expressed as follows:

L = λ1LODB + λ2LPDB (28)

where LODB and LPDB correspond to the loss functions of ODB and PDB, respectively. λ1
and λ2 are the coefficients of each loss function; we set λ1 as 0.5 and λ2 as 0.5.

The LODB loss function in the detection-branch training process is defined as follows:

LODB = Lcls + Lreg + Lcon f (29)

where Lcls, Lreg and Lcon f are the classification loss, positioning loss and confidence loss of
the target regression, respectively.

The LPDB loss function in each stage of the training process of the pose-detection
branch is defined as follows:

LPDB =
T

∑
t=1

(LPCM + LPAF) (30)
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where LPCM is the key point position prediction loss, and Lcon f is the joint vector loss. We
define them as follows:

LPCM =
J

∑
j=1

∑
p

W(p) ·
∥∥∥St

j (p)− S∗j (p)
∥∥∥2

2
(31)

LPAF =
C

∑
c=1

∑
p

W(p) ·
∥∥Lt

c (p)− L∗c (p)
∥∥2

2 (32)

where s∗j is the confidence map, L∗c represents the position vector and W(p) is the width in
p. c and j are the position vector number and the key point number, respectively. When the
image is missing at position p, W(p) = 0.

4. Experiments and Implementation
4.1. Experimental Environment

The experimental platform uses a Nvidia GTX2080TI-11G graphics card, Taiwan, China
(GPU processing unit), and the deep learning framework is Pytorch 1.7.1. The experimental
datasets include the GDUT-HWD, SHWD and self-made datasets. The embedded test
platform carried by the quadruped robot is Nvidia Jetson TX2,256 CUDA cores, Taiwan,
China with 8 GB memory and 32 GB storage space. After the model is trained on the
experimental platform, it is transplanted to the embedded test platform. In the posture-
detection branch, the ratio of the distance from the eye to the shoulder to the distance from
the shoulder to the hip is λ = 0.35.

4.2. Performance Metric

We use precision, recall, mAP and IoU as evaluation metrics in order to evaluate
the model’s accuracy in safety helmet detection. The calculation formula is expressed
as follows:

precision =
TP

TP + FP
(33)

recall =
TP

TP + FN
(34)

mAP =
∑C

i=1 APi

C
(35)

IoU =
DR ∩ GT
DR ∪ GT

(36)

where TP indicated a positive model prediction with positive values, FP is a positive model
prediction with negative values and FN is an incorrect negative prediction by the model.
DR is the safety helmet area framed after detection, while GT is a standard value. AP is
the average accuracy of each class, and C is the class number.

4.3. Results

To conduct a quantitative analysis of the detection performance of the proposed method
compared with other methods, we present the experimental results of metrics on the GDUT-
HWD dataset in Table 1. The comparison includes SSD [26], R-SSD [27], Faster RCNN [24],
YOLOv3 [31], YOLOv3-tiny [31], YOLOv4 [32], YOLOv5s, YOLOv7s [34] and YOLOv8s. Tak-
ing the mean average precision (mAP) evaluation metric as an example, the proposed method
achieves higher detection accuracy in five categories compared with the other methods. Simi-
larly, when evaluating precision and F1 scores, the proposed method demonstrates improved
detection accuracy across different categories compared with the alternative methods.

As shown in Table 2, on the SHWD dataset, when the IoU threshold is set to 0.5,
the detection accuracy of the proposed method reaches 96.1%. The accuracy for the hat
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category is 97.4%, and accuracy for the person category is 94.9%. When the IoU threshold is
between 0.5 and 0.95, the mAP reaches 65.4%, which is 4.3% higher than that of YOLOv5s.

As shown in Figure 3, HR-YOLO can detect targets well in images with dense crowds,
complex backgrounds and occluded targets. Similarly, the proposed algorithm can still
detect targets accurately and robustly in images with insufficient light at night.

Table 1. Experimental results comparing different algorithmic models on the GDUT-HWD dataset.

Method P R F1
AP@0.5

mAP@0.5 mAP@0.5:0.95
White Blue Red Yellow None

SSD 79.3 64.4 71.2 59.6 64.0 71.8 80.6 78.6 70.9 42.9
R-SSD 80.9 78.7 79.8 85.6 79.1 81.3 88.0 83.4 83.5 56.5

Faster RCNN 85.0 82.7 83.8 89.9 83.1 85.5 92.4 87.7 87.8 59.4
YOLOv3 87.6 85.3 86.4 92.7 85.7 88.1 92.3 88.5 89.5 60.2

YOLOv3-tiny 88.1 71.8 79.1 66.2 71.1 79.8 89.5 87.3 78.8 47.7
YOLOv4 91.4 81.1 86.2 86.1 95.7 94.2 92 83.4 90.3 61.3
YOLOv5s 91.1 87.5 89.3 87.9 90.1 93.6 92.6 82.3 89.3 54.3
Yolov7s 91.8 80.1 85.5 84.9 94.4 92.9 90.7 82.3 89.1 62.6
Yolov8s 88.8 80.8 84.3 83.6 85.7 89.1 88.1 78.3 85 53.4

Ours 92.8 86.7 89.6 93.6 91.6 93.3 95.6 84.9 91.8 62.9

Table 2. Experimental results comparing different algorithmic models on the SHWD dataset.

Method P R F1
Class

mAP@0.5 mAP@0.5:0.95
Hat Person

SSD 81.6 75.9 78.6 83.8 73.1 78.5 46.5
R-SSD 84.9 86.9 85.9 86.9 89.1 88.0 58.7

Faster RCNN 91.8 91.3 91.5 91.3 93.6 92.5 61.7
YOLOv3 90.7 91.7 91.2 91.8 93.7 92.8 60.1

YOLOv3-tiny 86.7 75.8 80.9 84.6 74.3 79.4 46.2
YOLOv4 90.4 88.7 89.5 95.3 93.9 94.6 59.3
YOLOv5s 93.5 90.3 91.8 96.1 93.9 94.7 61.1
YOLOv7s 91.8 87.6 89.6 96.1 90.6 93.3 60.6
YOLOv8s 92.3 83.4 87.6 85.5 95.7 90.2 60

Ours 94.7 94.3 94.4 97.4 94.9 96.2 65.4

Figure 3. Some examples of detection results on the SHWD dataset.

It can be seen from Figure 4 that HR-YOLO can still accurately detect wearing compli-
ance for situations such as small targets and complex industrial backgrounds in the safety
helmet dataset from an oil-and-gas station.
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Figure 4. Some examples of detection results on an oil-and-gas station dataset.

To further verify the robustness of HR-YOLO, we compare it with different methods,
namely SSD, Faster RCNN, YOLOv3, YOLOv5s, YOLOv7 and YOLOv8s, on the CUMT-
HelmeT dataset. Table 3 lists the values of precision, recall, F1, mAP, Params and GFLOPs
for different methods. From this table, it can be seen that our method shows the highest
precision, recall, F1, mAP@0.5 and mAP@0.5:0.95 compared to the other six methods. In
addition, the increases in the values of precision, recall, F1, mAP@0.5 and map@0.5:0.95
reach 3.8%, 6.1%, 5.1%, 5.6% and 7.7%, respectively, compared to the results of YOLOv5.
The comparative object detection results are plotted in Figure 5, and the selected original
images have challenges in the detection of small objects and multiple targets, as well as
under poor lighting conditions. As can be seen from the figure, our method achieves better
results than the compared methods in safety helmet detection.

Figure 5. Some examples of detection results on the CUMT-HelmeT dataset.
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Table 3. Experimental results comparing different algorithmic models on the CUMT-HelmeT dataset.

Method P R F1 mAP@0.5 mAP@0.5:0.95 Params GFLOPs

SSD 81.8 72.1 76.6 78.2 43.4 92.12 M 3.3
Faster RCNN 87.9 77.5 82.3 79.1 47.3 35.3 M 3.9

YOLOv3 86.4 83.7 85.0 88.2 60.7 61.5 M 193.8
YOLOv5s 89.6 78.6 83.7 82.3 56.9 7.3 M 15.8
YOLOv7 91.3 80.9 85.7 86.3 58.1 36.5 M 103.5
YOLOv8s 91.5 80.6 85.7 89 61.3 3.2 M 12.1

Ours 93.4 84.7 88.8 91.9 65.8 13.1 M 8.2

4.4. Model Analysis and Ablation Study

In the evaluation of LAAM on the GDUT-HWD dataset, Table 4 provides an exper-
imental comparison between Drakent-53 as the backbone with HRNet-W32, along with
the decoder of YOLOv5s and YOLOv5s + LAAM. The results demonstrate that the HR-
YOLO network, specifically HRNet-W32 + YOLOv5s + LAAM, exhibits superior feature
representation capabilities compared with other configurations.

Table 4. Comparison of LAAM ablation experiment results.

Backbone Decoder P R F1 mAP@0.5 mAP@0.5:0.95

Darknet-53 YOLOv5s 88.3 88.1 88.2 91.5 57.9
HRNet-W32 YOLOv5s 90.7 91.3 91.2 92.8 60.1
HRNet-W32 YOLOv5s + LAAM 92.5 91.7 91.9 93.6 61.5

Furthermore, we separately integrated OP-SGD into HRNet-W32 and the detector of
YOLOv5s for comparative verification. This enables us to assess the feature aggregation
capability of attention at different locations within the network, as presented in Table 5.
The experimental results indicate that OP-SGD is both feasible and universally applicable
in both the backbone and decoder positions.

Table 5. Comparison of OP-SGD ablation experiment results.

Backbone Decoder P R F1 mAP@0.5 mAP@0.5:0.95

HRNet-W32 YOLOv5s 90.7 91.3 91.2 92.8 60.1
HRNet-W32 +OP-SGD YOLOv5s 90.1 93.0 91.5 94.9 61.7

HRNet-W32 YOLOv5s+OP-SGD 91.1 92.3 91.7 94.1 62.3

To verify the effectiveness of PA-NMS voting, we designed an ablation experiment,
with the IOU and category threshold of the detection box and GT set to 0.5. As shown in
Table 6, when PA-NMS voting provides key point information as guidance, the proposed
algorithm improves several detection indicators in complex scenes, which indicates that
the PA-NMS voting algorithm can improve detection accuracy.

Table 6. Comparison of PA-NMS ablation experiment results.

Algorithms P R F1
AP@0.5

mAP@0.5 mAP@0.5:0.95
While Blue Red Yellow None

NMS 87.6 85.3 86.4 92.7 85.7 88.1 95.3 90.4 89.5 60.2
PA-NMS Voting 90.7 86.2 88.4 93.0 88.6 91.2 95.5 85.3 90.4 62.1

In order to obtain further evidence of the effectiveness of PDB, we conducted a com-
parison between HR-YOLO without PDB and HR-YOLO. As shown in Figure 6, HR-YOLO
without PBD incorrectly recognizes an unworn helmet and fails to determine whether a
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worker is wearing a helmet correctly, which indicates that the human posture information
from PDB is important for helmet detection. In contrast, HR-YOLO showcases superior
performance in this particular scenario.

Figure 6. Comparison of detection results between HR-YOLO without PDB and HR-YOLO. (a) The
input from the SHWD; (b) the result of HR-YOLO without PDB; (c) the result of HR-YOLO.

4.5. Application Scenarios

To verify the safety helmet detection method proposed in this study, we apply the
method to a quadrupedal robot for two real-life scenarios, namely an indoor scenario and
an outdoor scenario at an oil-and-gas station. The quadruped robot system consists of a
multi-depth camera, LIDAR, front view camera, router, display, power supply, built-in host
and other components, as shown in Figure 7. HR-YOLO is employed in the TX2 embedded
platform on quadruped robots and accelerated using TensorRt. While the robot collects
environmental data, the inference speed is 32.18 frames per second, which can basically
meet the requirements of on-site real-time detection. A total of 380 oil-and-gas station
production scene images selected from the testing dataset were used in the safety helmet
detection test.

Figure 7. Schematic diagram of quadruped robot.

Table 7 compares the classification results of helmet detection in the quadruped robot
system obtained with different methods. The folder size refers to the total size of all
configuration files, which enables the quadruped robot system to run detection programs
independently. The test accuracy and FPS of the HR-YOLO are the highest, while its folder
size is still acceptable.

Table 7. Comparison of network performance in quadruped robot system.

Method Test Accuracy FPS Folder Size

Yolov3 85.5 16.32 120.5
Yolov5s 86.4 23.88 14.4
Yolov7 89.3 18.65 74.8
Ours 91.5 32.18 26.3

Figure 8 shows the application of HR-YOLO in the indoor scenario. In oil-and-gas
stations, workers often work near dense pipelines, and the shape of some devices is similar
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to that of a safety helmet. The results demonstrate that our proposed method effectively
detects instances of safety helmet wearing in such complex indoor scenes.

Figure 8. Application result of HR-YOLO for indoor scene detection. The colored line segments in
the figure are the human pose estimation lines corresponding to the 18 key points.

Figure 9 shows the application of HR-YOLO in the outdoor scenario. It can be seen
that our method can accurately detect whether workers are wearing safety helmets. The
quadrupedal robot can receive detection information from HR-YOLO and transfer the
information to the workers who are not wearing helmets correctly.

Figure 9. Application result of HR-YOLO for outdoor scene detection. The colored line segments in
the figure are the human pose estimation lines corresponding to the 18 key points.

5. Conclusions

In this paper, we have presented a new network named HR-YOLO with a PA-NMS
voting process to synthesize safety helmet wearing information from the features of helmet
objects and human pose in order to address the demands of helmet detection tasks in
practical applications. To overcome the decrease in detection accuracy caused by the small
size of targets, we designed OP-SGD to improve the expressive ability of the network. We
also propose LAAM,m which can make the YOLOv5 decoder pay more attention to the
feature information from human pose to enhance network representation and suppress
interference from irrelevant features. In addition, we propose a new post-processing
algorithm named PA-NMS voting, which uses a suppression algorithm based on pose
information constraints to determine the confidence of bounding boxes and utilizes the
voting operation to obtain a new optimal bounding box. Finally, HR-YOLO was compared
with other mainstream object detection method, and an ablation study has was designed
to evaluate the performance of the proposed method. The experimental results indicate
that HR-YOLO surpasses other algorithms in safety helmet wearing detection tasks, with
commendable robustness when faced with diverse noise conditions, lighting variations and
degrees of occlusion. The results also show the practical value of the proposed method in
various applications. In the future, we will focus on how to explore further optimization of
the network structure, incorporate multi-task output branches and enhance the network’s
capability to detect diverse multi-modal information. Moreover, we will further reduce
compute/memory cost, improve training instability and support efficient distributed
training to face scalability issues in large-scale applications.
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