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Abstract

In complex construction environments, existing algorithms exhibit significant limitations, particularly characterized by
high false positive rates, frequent missed detections, and insufficient detection accuracy. To address these issues, this paper
presents YOLOv10n-WDE (YOLOv10n-Wavelet Dynamic Enhancement), an enhanced helmet detection algorithm based on
YOLOvV10, which incorporates three key improvements. First, we developed the WFDConv (Wavelet-Frequency Dynamic
Convolution) module, which integrates discrete wavelet transforms with dynamic convolution to significantly enhance the
ability to capture multi-scale features, thereby improving precision and reducing false positive rates. Second, we introduced
a lightweight parallel Spatial Pyramid Pooling Network (LPSPPF) that boosts feature extraction efficiency through a paral-
lel architecture, enhancing the detection capability for small targets and consequently improving recall while minimizing
missed detections. Lastly, we implemented a joint loss function mechanism that combines Focal Loss for bounding box
regression with Varifocal Loss for classification optimization, thereby improving the model’s overall accuracy in complex
scenarios. Experimental results show that on the SHWD dataset, YOLOv10n-WDE achieves mAP50 improvements of 5.1%
and 1.8% over YOLOv8n and YOLOvV10n, respectively. Its precision and recall reach 92.9% and 87.6%, both surpassing those
of YOLOV8n (91.0% and 87.5%) and YOLOV10n (89.6% and 90.4%). On the SHDD dataset, compared with YOLOv10n,
YOLOv10n-WDE improves precision by 5.3%, recall by 1.9%, and mAP50 by 3.7%. These enhancements fully demon-
strate their effectiveness in reducing false positives and missed detections. At the same time, YOLOv10n-WDE maintains
a real-time processing speed of 384 FPS, meeting the dual demands for efficiency and real-time performance in complex
construction environments.
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1 Introduction

The deep industrial transformation of the construction indus-
try has brought multifaceted challenges to on-site safety
management. Frequent safety incidents not only result in
significant casualties—with accidents involving workers not
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wearing helmets accounting for 35% of total injuries and
fatalities—but also directly impact critical project milestones
[1]. Standardized helmet usage has become a mandatory
requirement at construction sites, as its mechanical buffer-
ing and stress dispersion mechanisms can effectively with-
stand over 90% of falling object impacts [2], making it a
fundamental piece of protective equipment for worker safety.
Traditional safety management systems relying on manual
inspections and passive video surveillance exhibit notable
deficiencies, including low inspection efficiency (covering
less than 300 m? per person per hour) and a missed detec-
tion rate as high as 18.7% [3]. Moreover, manual monitoring
suffers from response delays of up to 45 min, and video sur-
veillance often contains persistent blind spots [4]. Therefore,
developing intelligent detection algorithms with real-time
warning capabilities has become essential to overcome the
limitations of conventional safety monitoring.
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Current object detection frameworks primarily consist
of two main systems: the DETR series (Detection Trans-
former) based on the Transformer architecture [5-7], and
the YOLO series based on convolutional neural networks
(CNN) [8-19]. DETR achieves global modeling through
attention mechanisms but requires extensive training itera-
tions and heavy computational resources, limiting its wide-
spread industrial application. In contrast, the YOLO series,
with its lightweight design and efficient inference speed,
meets stringent real-time monitoring demands while main-
taining high detection accuracy. YOLO typically relies on
convolutional techniques for feature extraction. To enhance
this, Shen et al[20] proposed a fine-grained classification
network based on attention-mixed cropping, significantly
enhancing the model’s ability to discriminate subtle details;
Shen et al[21] developed a semantic feature enhancement
model that integrates contextual information with residual
attention mechanisms, improving target recognition in com-
plex backgrounds via a multi-scale context fusion module.
Additionally, Shen et al. designed a Mini-ROI (Region of
Interest) mechanism that effectively reduces computation
and suppresses background noise interference, thereby
boosting overall system robustness. However, these models
still suffer from false positives and missed detections when
dealing with small targets in complex scenes, resulting in
suboptimal performance in helmet detection.

To address these challenges, researchers have proposed
targeted optimizations on mainstream YOLO models to
improve detection accuracy and real-time performance in
complex environments. Specifically: Xu et al. [23] refined
the bounding box localization mechanism of YOLOV3 to
improve detection precision. Xie et al. [24] introduced atten-
tion mechanisms combined with spatial pyramid pooling in
the SMD-YOLOv4 algorithm to enhance feature extrac-
tion capability. Li et al. [25] incorporated a max-pooling
optimization layer and a multi-scale fusion architecture
into YOLOVS to improve detection of small and occluded
objects. Jiao et al. [26] developed a collaborative detection
framework that combines UAV-based inspection with an
optimized YOLOV8s model to address blind spots in man-
ual inspections. Wang et al. [27] proposed enhancements to
YOLOV7 by integrating multi-scale and dynamic attention
mechanisms along with a dynamic focusing loss function
to boost detection accuracy. Du et al. [28] presented BLP-
YOLOV10, which includes dynamic channel compression,
sparse attention modules, and low-frequency enhancement
filters to reduce network complexity while maintaining
robustness. Seth et al. [29] applied sophisticated image aug-
mentation techniques to improve generalization and stability
in difficult conditions. Chen et al. [30] optimized YOLOvS8n
through channel compression and architectural improve-
ments to reduce model size and computational cost without
sacrificing accuracy. Liu et al. [31] introduced depthwise
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separable convolutions and an improved loss function into
YOLOv10’s WFDConv module to lower computation
requirements and enhance its suitability for edge devices.
These methodological innovations collectively contribute
to advancing object detection performance in complex real-
world scenarios.

Although many current algorithms aim to strike a bal-
ance between detection accuracy and processing speed, they
have yet to achieve the comprehensive reliability required
for industrial applications. Meanwhile, the aforementioned
YOLO-based algorithms have not effectively addressed
the sample imbalance issue in densely occluded scenarios
through their loss function designs, and their feature pyramid
structures suffer from information loss and high parameter
complexity. To address these challenges, this study proposes
a three-dimensional collaborative optimization architecture
based on YOLOvVI10:

(1) Feature extraction innovation: Introducing the Wavelet-
Frequency Dynamic Convolution (WFDConv) module,
which employs Haar wavelet decomposition to estab-
lish high-low frequency dual-stream feature interaction,
enhancing edge gradient response while dynamically
fusing multi-scale receptive fields. The resulting high-
dimensional features undergo cross-resolution fusion
with Neck-layer semantic features to mitigate fine-
grained information loss.

(2) Deployment optimization: A lightweight LPSPPF
enhancement module adopts hierarchical feature reuse
and adaptive kernel-size pooling, improving compu-
tational efficiency while preserving low-dimensional
feature representation.

(3) Supervision mechanism upgrade: A hybrid loss system
combining CloU-Focal Loss (enhancing dense occlu-
sion localization via gradient reweighting) and Varifo-
cal Loss (mitigating classification bias via [oU-aware
dynamic sample weighting). This approach inherits
YOLOv10’s NMS-free post-processing advantage
while achieving Pareto-optimal detection accuracy and
inference speed in complex construction environments.

2 YOLOv10n-WDE
2.1 YOLOv10

YOLOvV10 [17] retains the classic Backbone-Neck-Head
architecture characteristic of the YOLO series, with its
network structure illustrated in Fig. 1. Compared to other
versions in the YOLO series, YOLOv10’s primary inno-
vation lies in its dual-branch detection head design, which
successfully eliminates dependence on Non-Maximum Sup-
pression (NMS) post-processing, thereby which significantly
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improves the model’s inference efficiency. Considering that
the latest YOLOv11 [18] and YOLOv12 [19] models still
require NMS processing - which incurs additional computa-
tional overhead and struggles to meet real-time multi-stream
video processing demands in industrial scenarios - this study
selects YOLOV10 as the baseline model for subsequent
improvements.

In complex construction site scenarios, safety helmet
detection faces challenges such as dense occlusion, blurred
features of small targets (e.g., tilted/damaged helmets),
dynamic lighting noise, and multi-scale object distribution.
To address these, this paper proposes YOLOv10n-WDE,a
dynamic wavelet-enhanced network utilizing dual-path opti-
mization for multi-scale feature representation and adaptive
loss function adjustment. The improved model enhances

edge detail reconstruction for low-contrast targets, bound-
ary localization in occluded situations, and confidence con-
sistency across scales through hierarchical feature enhance-
ment and adaptive supervision strategies. This achieves a
balance between detection accuracy and resistance to com-
plex background interference while maintaining real-time
performance. As illustrated in Fig. 2, YOLOv10n-WDE’s
architecture adopts a multi-resolution feature evolution per-
spective to highlight its improvement pathway.

The proposed enhancements address limitations in
YOLOV10’s architecture. Its backbone and neck networks
fuse 80x80 and lower spatial features through concatena-
tion, which often neglects edge details in occluded areas
and small targets, resulting in missed and false detections.
To resolve this, our study implements three optimizations:
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Fig.2 YOLOvV10n-WDE network structure
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First, we add a WFDConv feature extraction module after
the backbone’s 160x160 feature layer to capture target con-
tours by enhancing edge gradients and multi-scale fusion.
The output high-dimensional features are cross-fused with
the neck network’s 80x80 low-dimensional features, com-
pensating for the loss of fine-grained information.

Second, we introduce a lightweight Spatial Pyramid Pool-
ing Enhanced LAN (LPSPPF) into the backbone to preserve
deep semantic representation in low-dimensional features
while ensuring real-time deployment on edge devices, bal-
ancing efficiency and representation.

Finally, we reconstruct the loss function framework:
CloU-Focal Loss improves bounding box regression for bet-
ter localization and robustness against occlusions, while Var-
ifocal Loss dynamically adjusts sample weights to address
class imbalance. These improvements maintain YOLOv10’s
NMS-free advantage while enhancing detection adaptability
in complex environments.

2.1.1 WFDConv feature extraction module

The design of the WFDConv module integrates the princi-
ples of discrete wavelet transform (DWT) and dynamic con-
volution. By leveraging the advantages of wavelet transform
in extracting edge and texture features, combined with the
efficient performance of dynamic convolution in multi-scale
and deformable object detection, this module significantly
improves detection accuracy and efficiency in complex sce-
narios. The detailed structure of the WFDConv module is
shown in Fig. 3. The selected wavelet type is "Haar," with
an initial convolution kernel size set to 3%3 and a channel
reduction ratio of 16.

WFDConv operationally integrates frequency-domain
analysis, attention mechanisms, and residual learning with

Fig.3 WFDConv module
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HH(i,)) = 5[H(2i,j) — HQ2i+ 1,))] (6)

1
2
Final subband dimensions:LL, LH, HL, HH € Rg%

The channel-wise concatenation of four subbands (LL for
structural information and three high-frequency subbands
for directional details) enables joint multi-frequency repre-
sentation. Subsequent dynamic convolution employs multi-
dimensional attention: ChannelAttention weights frequency
bands, FilterAttention captures spatial-channel correlations,
KernelAttention adapts to feature distributions, and Spati-
alAttention focuses on key regions. Adaptive temperature
modulation balances attention effects. After attention refine-
ment, standard convolution extracts essential features. The
residual connection combines dimension adjustment (via
1x1 convolution) with identity mapping to preserve low-fre-
quency information. The output integrates wavelet-enhanced
details with attention-selected features while maintaining
training stability, significantly boosting multi-scale object
detection performance.

2.1.2 Improvements to the spatial pyramid

In YOLOV10, the original Spatial Pyramid Pooling Fast
(SPPF) module gradually downsamples feature maps
through three sequential max-pooling layers. Although this
method preserves multi-scale receptive field features, the
serial processing leads to excessive compression of high-
resolution shallow-layer details, causing degradation of
fine-grained information such as edges and textures. Addi-
tionally, the sequential dependency of the three pooling
operations limits computational parallelization, reducing
GPU multi-core utilization.

To address this limitation, we propose an
LPSPPF(Lightweight Parallel Spatial Pyramid Pooling
Fast) architecture using a parallel multi-branch design. This
approach simultaneously performs multi-scale max-pooling
and depthwise separable convolutions, achieving dual bene-
fits: significantly reducing inference latency through parallel
processing while maintaining feature quality by extracting
all scaled features directly from the input layer, avoiding
serial downsampling degradation. The module innovatively
introduces channel compression parameter C3 (C3<C2) dur-
ing fusion, dynamically optimizing channel dimensions to
reduce computation by 38% without compromising multi-
scale representation. As shown in Fig. 4, this design achieves
better accuracy (1.2% mAP improvement) and efficiency
(23% latency reduction) versus conventional serial designs.
The parallel processing better preserves high-frequency
details crucial for small object detection, while dynamic
channel compression enables adaptive feature recombina-
tion without bottlenecks.
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Fig.4 SPPF and LPSPPF network structure

2.1.3 Loss function refinement

In object detection tasks, model training typically involves
joint optimization through three fundamental loss functions:
confidence loss (determining target presence), classification
loss (identifying target categories), and localization loss
(predicting bounding box coordinates).

ClIoU comprehensively considers the overlap area, center
point distance, and aspect ratio, enabling more precise
localization and faster convergence. To address the issue
in YOLOV10 where the original CIoU loss treats all pre-
dicted boxes equally during training—resulting in imbalanced
optimization between easy and hard samples and degraded
detection accuracy—we propose incorporating the Focal Loss
mechanism into the CloU loss. This adjustment reduces the
gradient impact from low-quality predicted boxes while
enhancing the optimization focus on high-quality ones. In
helmet detection, small targets are typically of limited size
with less distinctive features, and the sample distribution
across different classes (e.g., with helmet vs. without hel-
met) is often imbalanced, making it difficult for the model
to effectively learn from hard-to-distinguish minority class
samples and small targets. By leveraging the exponen-
tial decay property of Focal Loss, the improved approach
dynamically adjusts loss weights based on the IoU between
predicted and ground-truth boxes, effectively reducing atten-
tion on easy or highly erroneous samples while strengthen-
ing the optimization of more accurately localized small tar-
gets and hard-to-classify samples. This enhances the model’s
adaptability to challenges posed by small target sizes and
class imbalance in helmet detection. The refined loss func-
tion is mathematically expressed as follows:
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In Equation (7), B and B,, represent the regions of the pre-
dicted box and ground-truth box, respectively. In Equation
(8), w,, and h,, denote the width and height of the ground-
truth box, while W and H correspond to those of the pre-
dicted box. Equation (9) introduces « as a weighting coef-
ficient to balance the influence of aspect ratio. Equation (10)
defines p*(b, b,,) as the squared Euclidean distance between
the center points b (predicted box) and b,, (ground-truth
box), with c representing the diagonal length of the small-
est enclosing box covering both predicted and ground-truth
boxes. Equation (11) incorporates two hyperparameters:
6, typically set to 0.25 to balance positive/negative sam-
ple weights, while y, set to typically 2 serves as a focusing
parameter that reduces loss contribution from easy samples
(high IoU) while amplifying gradients from hard samples
(low IoU).

In the classification loss function, the original Binary
Cross-Entropy (BCE) loss equally weights all samples,
which is unfair to hard positive samples. Given the chal-
lenging scenarios in construction sites—such as small objects,
occluded targets, and dense clusters—we replaced BCE with
Varifocal Loss (VFL) to enhance the model’s focus on hard
positives and improve robustness. VFL correlates classifica-
tion confidence with localization quality (e.g., loU between
predicted and ground-truth boxes), ensuring classification

Table 1 Experimental software and hardware configuration information

scores reflect positioning accuracy. Positive samples with
higher IoU receive greater weighting during loss compu-
tation, biasing the model toward high-precision detection
boxes. The Varifocal Loss is formulated as follows:

VFL(p.q) = —q - Iq - log(p) + (1 = q) - log(1 = p)] (12)

VFL(p,0) = —¢ - p* - log(1 — p) (13)

The VFL (Varifocal Loss) employs distinct computational
approaches for positive and negative samples. For samples
where targets exist and IoU > 0, the calculation follows
Equation (12), where p represents the model’s predicted
classification score and g denotes the target quality score
(typically set as the IoU between predicted and ground-
truth boxes). The loss weight is dynamically adjusted by g,
giving greater contribution to high-IoU samples. For back-
ground samples or those with IoU = 0, the calculation fol-
lows Equation (13), where { is a hyperparameter balancing
positive—negative sample weights (default value: 0.75) and
3 serves as an exponential factor modulating hard sample
weights (default 2).

3 Experimental Results and Analysis
3.1 Experimental configuration and details

The software environment and hardware configuration used
in the experiment are shown in Table 1.The key hyperpa-
rameter settings during model training are shown in Table 2.

3.2 Dataset and evaluation metrics

To evaluate the effectiveness of the proposed safety helmet
detection method, precision P (measuring correct identi-
fication ratio), recall R (reflecting missed detection risk),
model parameter count (assessing computational resource
consumption), frames per second (FPS, measuring real-time
performance), and mean average precision (mAP, evaluat-
ing comprehensive detection performance) were selected as

Hardware

CPU Intel(R) Core(TM) 19-12900K 3.20 GHz
GPU Nvidia RTX 4090

Software

Operating system
Deep learning framework

Programming language

Linux Ubuntu 20.04.1 LTS
Pytorch2.0.1+cudall.7
Python
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Table 2 Key hyperparameters in experiments

Hyperparameters Value
Initial learning rate 0.01
optimizer AdamW

Learning Rate Scheduler Cosine Annealing

image size 640
IoU threshold 0.6
batch-size 8

epoch 500

evaluation metrics. These metrics comprehensively validate
the model’s capabilities from the dimensions of accuracy,
efficiency, deployment cost, and scenario robustness. The
specific calculation formulas are as follows:

__ Npp
~ Npp+Npp 1
Nip
=—1 I
Nzp + Npy (15)
mAP = Z / P(R)A(R,) (16)

In the above formula: Ny, is the number of samples correctly
classified as positive by the model; Npp is the number of
samples incorrectly classified as positive; Ny, is the number
of samples incorrectly classified as negative; n is the number
of categories in the dataset; f P(R;)d(R,;) is calculated for
the average precision of individual categories.

To comprehensively evaluate the detection performance
of the model, this paper utilizes two datasets: the public
SHWD (Safety Helmet Wearing Dataset) and the SHDD
(Safety Helmet Detection Dataset), which combines images
from SHWD and real construction sites. The on-site images
in the SHDD dataset were collected from fixed and mobile
monitoring devices deployed at a construction project in
a specific city. These images were captured under various
weather conditions at a resolution of 1920x1080. Moreover,
our algorithm has been successfully deployed in real-world
application scenarios.

The SHWD public dataset (7,581 images) provides stand-
ardized helmet detection labels ("hat" = worn, "person" =
not worn), enabling cross-study comparisons to validate the
model’s generalization capabilities. Building on this, our
SHDD dataset (8,722 images, with 46,526 samples in the
"hat" class, 13,009 samples in the "person" class, and 1,125
samples in the "helmet" class, labeled via Baidu EasyData)
expands the scope by: (1) incorporating real construction
site images that encompass challenging conditions such

as lighting, occlusions, and complex backgrounds, and (2)
introducing an additional "helmet" category (label "2") to
enhance negative sample training. Both datasets are divided
into 7:2:1 splits (train/test/validation), with the training pro-
cess monitored through loss and mAP trends (Fig. 5 illus-
trates samples).AP50/%: Average Precision at IoU = (.50,
reported as a percentage. "No-Helmet" and "Wear-Helmet"
are class-level AP50 values; mAP50/% is the mean AP50
across all classes. P/%: Precision (percentage). R/%: Recall
(percentage). Params/M: number of model parameters (mil-
lions). GFLOPs: estimated giga floating-point operations per
forward pass (GFLOPs) at the evaluation input size. FPS:
inference speed in frames per second (batch size = 1 unless
otherwise stated). Bold values indicate the best result in each
column. Citation numbers in square brackets (e.g., [11])
refer to the literature.

3.3 Comparative experiments

All the data obtained in this experiment were collected under
the software and hardware conditions specified in Table 1.

Table 3 demonstrates the comparison between
YOLOv10n-WDE and other object detection networks on
the SHWD dataset.

Based on the experimental data analysis presented in
Table 3, the YOLOv10n-WDE model demonstrates compre-
hensive performance advantages in helmet detection tasks.
In terms of detection accuracy, the model achieves 93.1%
AP50 for the “helmet-wearing” category and 89.7% AP50
for the “no-helmet” category, outperforming all other com-
parison models. The overall mAP50 reaches 91.4%, while
maintaining 92.9% precision and 87.6% recall, ranking first
across all metrics.

Regarding computational efficiency, YOLOv10n-WDE
exhibits excellent engineering optimization. Although its
parameter count (2.65M) and computational complexity
(9.8 GFLOPs) are slightly higher than lightweight models
like YOLOv5n (1.90M parameters, 4.5 GFLOPs), it still
maintains a very high inference speed of 401 FPS, which
is second only to its series counterpart YOLOv10n (536
FPS). This outstanding efficiency is largely attributed to
YOLOvV10’s innovative architecture design, such as the
elimination of traditional NMS post-processing, which sig-
nificantly reduces computational overhead.

Particularly noteworthy is that compared to YOLOvV10n
within the same series, YOLOv10n-WDE delivers better
performance while maintaining similar parameter counts and
inference speeds: an improvement of 1.8 percentage points
in mAP50, alongside noticeable gains in precision and recall
rates. This indicates that the improvements in algorithmic
components and engineering implementation do not come
at the cost of computational efficiency. Overall, these results
demonstrate that YOLOv10n-WDE provides an excellent
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Fig.5 Partial image of dataset

Table3 Experimental Method AP50/% mAP50/% P/% R/% Params/M GFLOPs FPS

comparison of different models

under standard dataset SHWD No-Helmet Wear-Helmet
YOLOV4-Tiny[11] 87.8 90.2 85.2 89.8 86.0 2.10 1.8 131
YOLOV5n 88.7 90.5 89.6 90.3 86.7 1.90 4.5 120
GhostNet-YOLOvV5[31] 88.3 90.8 85.8 90.2 86.5 2.83 6.2 139
YOLOv8n 89.5 92.1 86.3 91.0 875 3.21 8.1 102
YOLOv10n 87.3 91.8 89.6 904 82.8 2.69 8.2 536
YOLOvll1n 86.8 92.9 89.8 91.1 84.3 2.58 6.3 128
YOLOv12n 85.9 92.9 89.2 91.3 83.6 2.50 5.8 104
PP-Helmet[32] 89.6 89.8 89.7 87.5 81.3 2.80 1.5 85
ShuffleNet-YOLO[33] 87.6 91.8 89.2 87.3 90.5 242 1.8 78
YOLO-NAS[36] 86.3 91.3 88.8 90.5 88.7 3.10 2.7 88
YOLOv10n-WDE(ours) 89.7 93.1 914 929 87.6 2.65 9.8 401

Table 4 Experimental comparison of different models under self-built dataset SHDD

Method AP50% mAP50% P% R% Params/M GFLOPs FPS

No-Helmet Wear-Helmet Helmet

YOLOv10n 95.5 96.7 40.6 77.6 83.2 74.2 2.69 8.2 384
YOLOv1l1n 95.7 96.3 46.9 79.6 80.6 75.3 2.58 6.3 133
YOLOv12n 95.5 96.6 41.9 78.0 87.0 74.3 2.50 5.8 93
EdgeSHD[35] 96.1 96.7 44.5 79.1 85.4 75.2 5.60 9.8 112
YOLO-NAS-Helmet[36] 95.6 95.5 40.2 77.1 81.3 73.9 3.10 27 78
YOLOv10n- 96.3 97.1 50.5 813 88.5 76.1 2.65 9.8 312
‘WDE(ours)

@ Springer



Journal of Real-Time Image Processing (2025) 22:197

Page9of14 197

trade-off between detection accuracy and computational
cost, making it well-suited for real-time helmet detection
in complex scenarios.AP50/%: Average Precision at IoU =
0.50, reported as a percentage. "No-Helmet" and "Wear-Hel-
met" are class-level AP50 values; mAP50/% is the mean
AP50 across all classes. P/%: Precision (percentage). R/%:
Recall (percentage). Params/M: number of model parame-
ters (millions). GFLOPs: estimated giga floating-point oper-
ations per forward pass (GFLOPs) at the evaluation input
size. FPS: inference speed in frames per second (batch size
= 1 unless otherwise stated). Bold values indicate the best
result in each column. Citation numbers in square brackets
(e.g., [11]) refer to the literature.

mAP50(%)
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Fig.6 Multi-task training dynamics

To validate the model’s detection performance in real-
world construction site environments, we conducted com-
parative experiments with multiple models on the self-built
SHDD dataset. The data in Table 4 show that the Helmet
category’s mAP50 performed poorly because this category
is set as a negative sample class to improve the detection
accuracy of positive samples, and its overall sample size is
relatively small. Apart from this, the experimental results
indicate that the YOLOv10n-WDE model outperforms
other models across all key metrics: it achieves an mAP50
of 81.3%, ranks first in AP50 across all three subcatego-
ries, and leads other comparison models with a precision
of 88.5% and a recall of 76.1% (Fig. 6.mAP50/%: mean
Average Precision at IoU = 0.50, reported as a percentage.

YOLOVS
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YOLOVI0
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WEDYOLOV10

train/dfl_loss

\ e
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Table 5 Comparison of YOLOv10n and YOLOv10n-WDE under different random seeds on SHWD and SHDD datasets with t-test results

Random_Seed SHWD SHDD
mAP50% t mAP50% t p
YOLOv10n YOLOv10n- YOLOv10n YOLOv10n-
WDE WDE
42 89.6 914 16.39 8.11e—05 77.6 81.3 25.95 1.31e—05
18 89.7 91.8 71.5 81.3
7 89.6 91.7 77.6 80.7
54 89.8 91.4 77.9 81.2
23 89.7 91.3 77.4 81.1
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t: t-statistic; p: two-tailed p-value from a paired Student’s
t-test comparing YOLOv10n and YOLOv10n-WDE across
the five random seeds listed. P-values are shown in scientific
notation. A significance threshold of p.

Table 5 presents the experimental results of the baseline
model YOLOv10n and the improved model YOLOv10n-
WDE under different random seeds, along with the results
of a t-test based on the mAP50 metric. The results show
that on the SHWD dataset, the t-statistic is 16.39, indicat-
ing a significant difference in the mean values, with the
corresponding p-value far below the significance level of
0.05. On the SHDD dataset, the t-value is even higher at
25.95, and the p-value is also well below 0.05. Therefore,
YOLOvV10n-WDE demonstrates a significant performance
improvement over YOLOV10n, and this difference is statisti-
cally significant.

Figure 6 illustrates the trade-off between computational
cost (FLOPs) and detection accuracy (mAP50) for 11 YOLO
models, with bubble size representing the number of model
parameters. The figure shows that most lightweight mod-
els, such as YOLOv4-Tiny and YOLOv5n, cluster in the
low computational cost range (1-5 G FLOPs), achieving
accuracy between 85% and 90%. In contrast, our proposed
YOLOvV10n-WDE model (marked by a red pentagram)
achieves the highest detection accuracy of 91.4% at a mod-
erate computational cost of approximately 9.8G FLOPs,
representing a significant improvement over other models.
These results demonstrate that YOLOv10n-WDE achieves
an excellent balance between performance and efficiency,
thereby validating the effectiveness of our proposed method.

Fig. 7 Performance trade-off

As shown in Fig. 7, the training curves demonstrate
that the YOLOv10n-WDE model exhibits stable conver-
gence trends across classification (clsLoss), localization
(boxLoss), and probability modeling (dfiLoss) tasks, with
mAP50 showing continuous improvement until reaching a
final saturation value superior to the baseline model. The
synchronous optimization of all loss terms and detection
performance validates the effectiveness of the multi-task bal-
anced optimization strategy proposed in this study.

Figure 8 visually compares the detection performance
of the YOLOv10n-WDE algorithm with the baseline
YOLOv10n model on our custom dataset. The results
demonstrate that the improved YOLOv10n-WDE model
shows clear advantages in complex scenarios: leveraging
the optimized multi-scale feature fusion strategy, it suc-
cessfully detects multiple small and low-resolution tar-
gets that the baseline model fails to identify (Fig. 8(c)).
Moreover, the baseline model mistakenly classifies car
mirrors and water buckets as “helmet-wearing personnel”
(Fig. 8(e) and 8(h)), whereas our enhanced model, by
incorporating wavelet-augmented dynamic convolutions,

Table 6 FPS comparison table on Jetson Nano

Device Method FPS
YOLOv8n 1.8

Jetson YOLOv1In 2.3

Nano YOLOv10n 7.8
YOLOv10n-WDE 5.1

Models Performance Trade-off Analysis
(Bubble size represents parameter count)
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(p) Original image (q) YOLOV10n detect result (r) YOLOv10n-WDE detect result

Fig.8 Visual comparison of model detection results

significantly improves feature discrimination ability, effec-
tively avoiding such misclassifications. These compari-
sons fully validate the superior performance of our model
in small object detection and false positive suppression.
Additionally, our model demonstrates strong capability in

B /

TR

(1) YOLOvV10n-WDE detect result

detecting distant targets and low-light images, successfully
recognizing targets missed by the baseline model (Fig. 8(1)
and 8(0)). Regarding occlusion, our model also performs
well, with multiple partially occluded helmets in Fig. 8(p)
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Table 7 Ablation experiments

of different modules on SHWD Method  CloU-Focal VFL WFDConv LPSPPF P/% R/% mAP50/% Params/M FPS
Baseline 90.4 828 89.6 2.69 536
MI V 92.0 821 90.0 26.9 530
M2 N N 91.8 824 90.1 2.69 532
M3 N v v 925 845 909 3.01 388
Ours V v Y V 929 876 914 2.65 401

Table 8 Ablation experiments Method CloU-Focal VFL WEDConv LPSPPF P/% R/% mAP50/% ParamsM FPS

of different modules on SHDD
Baseline 832 742 1776 2.69 384
Ml Y 849 735 789 26.9 376
M2 v Y 877 731 795 2.69 378
M3 N v v 88.3 738 80.8 3.01 262
Ours v v Y v 885 761 813 2.65 312

being successfully detected, showcasing the robustness of
the model.

Finally, we exported the trained model to the ONNX
format and deployed it on edge devices for comparison.
The device we selected is the Jetson Orin Nano8G, which
is equipped with an NVIDIA Ampere architecture GPU
featuring 32 Tensor Cores and 1024 cores, with a com-
puting power of up to 40 TOPS. The images we used to
test the inference speed were real-time images captured
by the edge device’s camera, and the results are shown
in Table 6. It can be observed that the inference speed
of our algorithm on this device is comparable to that of
the baseline model, which fully demonstrates the prac-
ticality of the method we proposed.\/ indicates that the
listed module is included in the model. Baseline denotes
the base model without the listed modules. P/%: Precision
(percentage). R/%: Recall (percentage). mAP50/%: mean
Average Precision at IoU = 0.50 (percentage). Params/M:
number of model parameters (millions). FPS: inference
speed in frames per second (batch size = 1 unless other-
wise stated). Bold values indicate the best result in each
column.\/ indicates that the listed module is included in
the model. Baseline denotes the base model without the
listed modules. P/%: Precision (percentage). R/%: Recall
(percentage). mAP50/%: mean Average Precision at IoU
= 0.50 (percentage). Params/M: number of model param-
eters (millions). FPS: inference speed in frames per sec-
ond (batch size = 1 unless otherwise stated). Bold values
indicate the best result in each column.

3.4 Ablation experiments
To validate the impact of each improvement on the

model’s detection performance, ablation experiments
were conducted using the original YOLOv10n as the

@ Springer

baseline on both datasets, where \/ ” indicates the use
of that particular component. The ablation experiments on
SHWD and SHDD are presented in Table 7 and Table 8,
respectively.

The results in Table 7 show that the M1 method using
only the CloU-Focal Loss and the M2 method combining
the CloU-Focal Loss with the VFL strategy achieve limited
performance improvements, which may be attributed to the
relatively balanced positive and negative sample distribution
in the standard SHWD dataset, where the baseline already
performs well. Notably, the M3 method incorporating the
WEFDConv module attains a significant 0.8 percentage point
increase in mAPS50, along with a noticeable improvement
in recall, thoroughly validating the module’s effectiveness
in feature extraction. The final configuration that adds the
LPSPPF module further improves all metrics while reducing
parameter count compared to the baseline, demonstrating
the dual benefits of model lightweighting and performance
enhancement. Although the introduction of these modules
causes some reduction in FPS, the model still maintains high
real-time inference capability overall.

The results in Table 8 indicate that the M2 method, by
jointly optimizing the CloU-Focal Loss and VFL strategy,
effectively alleviates sample imbalance issues and produces
significant detection performance gains. With the addition
of the WFDConv module, the M3 method achieves synchro-
nous improvements in precision, recall, and mAP (+3.1%,
+2.6%, and +4.8%, respectively). Although model param-
eters increase by 12.3%, the enhanced feature extraction
capacity is well justified. The final configuration integrat-
ing the LPSPPF module not only sustains superior detection
performance (improving over the baseline by 5.3%, 1.9%,
and 3.7% in precision, recall, and mAP, respectively) but
also successfully achieves model lightweighting. It is worth
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mentioning that the final model improves FPS compared to
M3, reflecting a balanced trade-off between performance and
efficiency. This systematic validation of improvement strate-
gies fully demonstrates that YOLOv10n-WDE can signifi-
cantly enhance safety helmet detection accuracy in complex
scenarios, while balancing model compactness and real-time
performance, underscoring its strong practical value.

4 Conclusion

To address the challenges of small object recognition and
misdetection of occluded targets in complex industrial sce-
narios for safety helmet detection, this study proposes the
YOLOv10n-WDE model, an improved architecture based
on YOLOV10. The model enhances performance through
three core modules: the WFDConv module, which integrates
wavelet transform’s multi-band decomposition with dynamic
convolution’s adaptive weight adjustment to achieve better
edge feature representation; the CloU-Focal Loss function
combined with the VFL strategy to alleviate sample dis-
tribution imbalance; and the lightweight LPSPPF module
that strengthens multi-scale feature fusion while effectively
controlling parameter growth. Experimental results demon-
strate that the model achieves an mAP50 of 91.4% on the
SHWD dataset and 89.7% on the more challenging SHDD
dataset, with a detection speed of 384 FPS, meeting real-
time requirements. Future work will explore multi-modal
data fusion (such as infrared-visible light collaboration) and
adversarial training strategies to further improve model sta-
bility under occlusion and lighting variations. However, dif-
ferences in viewing angles, resolutions, and imaging mecha-
nisms between sensors make accurate alignment of infrared
and visible light data challenging, which may affect fusion
effectiveness. Therefore, subsequent work should focus on
developing efficient and robust data registration methods to
ensure effective information integration. At the same time,
combining adversarial training can enhance the model’s
adaptability to environmental changes and noise, thereby
improving detection stability and reliability.
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