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TU KHOA

Phat hién mil bao hiém;

Thi giac may tinh;

Giam sat an toan theo thoi gian
thuec;

YOLOv12;

An toan cho nguoi lao dong.

TOM TAT

bam bao an toan cho nguoi lao dong 1a diéu tbi quan trong trong quan ly xay dung,
noi viéc tuén thu d6i mii bao hiém 1a phwong phdp an toan trén hét dé ngan ngira
chan thuong dau. Bai bao nay trinh bay mot hé thong an toan thong minh dua trén
thi giac may tinh va tan dung nén tang tién tién YOLO (You Look Only Once)
phién ban 12 (YOLOvV12) dé phat hién nén bao hd lao dong theo thoi gian thuc tai
céc cong truong xay dung. Bang cach xur Iy video c6 do phan giai cao tir cac
camera dugce dat & vi tri chién luoc, phuong phap hoc sau cua chiing t6i dat do
chinh xac trung binh (mAP@0,5) tir 97%; nho do, xac dinh chinh xac nhiing ca
nhan d6i mil bao hiém. Viéc giam ton tht nhat quan va cai thién s liéu trong qua
trinh hudn luyén xac thuc hiéu qua cua mé hinh. Cac két qua thuc nghiém trong
nhidu hoan canh méi trudng khac nhau, bao gém 4nh sang thay déi va chuyén
dong nang dong cua nguoi lao dong, minh ching hi¢u sudt manh mé& cua hé thong.
Ngoai viéc gidm sat dé tang cudng tuén thu quy dinh an toan trong xay dung, hé
thong nay con gitp thuc ddy van hoa an toan chu dong va md dudng cho cac g
dung c6 thé mo rong quy mo trong quan ly strc khoe nghé nghiép. Nhing dong gop
clia chung t6i nhan manh tiém ning bién doi cua cac hé théng thi giac may tinh
trong viéc tao ra moi truong xay dung an toan hon va théng minh hon.
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ABSTRACT

Ensuring the safety of workers is of utmost importance in construction management,
with helmet compliance serving as a crucial preventive measure against head
injuries. This paper introduces an advanced “SmartSafety” system that employs
computer vision technology, utilizing the cutting-edge YOLO (You Only Look
Once) version 12 (YOLOv12) for real-time detection of helmets at construction
sites. By analyzing high-resolution video footage from strategically positioned
cameras, our deep learning model achieves an average mAP@0.5 accuracy
exceeding 97%, effectively distinguishing individuals wearing helmets. The model's
effectiveness is underscored by a consistent decrease in loss and enhancements in
training metrics. Experimental results under diverse environmental conditions,
including varying lighting and dynamic worker movements, further illustrate the
system’s robustness. Beyond fostering compliance with safety regulations, this
system encourages a proactive safety culture and opens avenues for scalable
applications in occupational health management. Our findings underscore the
transformative potential of computer vision technologies in enhancing safety and
intelligence within construction environments.
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A Yolo-powered computer vision approach to helmet detection for enhancing construction site safety

1. INTRODUCTION

In this Section, we focuse on the problem of image
recognition for helmet detection in construction sites,
introduces alternative approaches besides YOLO, and
justifies the choice of YOLO as the main approach.

Actually, the construction industry remains one of the
most hazardous sectors, with head injuries from
inadequate helmet use contributing significantly to
fatalities. According to the Occupational Safety and
Health Administration (OSHA), helmet-related incidents
are a leading cause of construction site deaths [1], [2]. In
2020, head injuries accounted for 6% of non-fatal
occupational injuries, primarily from object impacts
(50%) and falls (20%), as reported by the Bureau of Labor
Statistics [3]. Traditional hard hats have largely been
replaced by modern safety helmets, which offer enhanced
impact resistance, optional face shields, ventilation, and
communication features. OSHA’s 2023  bulletin
recommends safety helmets for construction, oil and gas,
electrical work, and height-related tasks, emphasizing
advanced head protection to elevate workplace safety
standards [2]. Despite regulatory efforts to enforce helmet
compliance, traditional safety measures like manual
inspections often fail due to human error and resource
constraints, necessitating technology-driven solutions.

Image recognition, a critical application of computer
vision, offers a transformative approach to enhancing
safety monitoring on construction sites. By analyzing
high-resolution video feeds, automated systems can detect
helmet usage in real time, ensuring compliance and
reducing risks. Several computer vision approaches have
been developed for real-time object detection, each with
distinct trade-offs. Single Shot MultiBox Detector (SSD)
[4] is a one-stage detector that prioritizes speed, making it
suitable for resource-constrained environments, but it
often struggles with detecting small objects. Faster R-
CNN [5], a two-stage detector, achieves high accuracy but
is computationally intensive, limiting its real-time
applicability. EfficientDet [6] balances accuracy and
efficiency through scalable architectures, though it may
require significant computational resources. Lightweight
models, such as MobileNet [7] and Tiny-YOLO [8], are
designed for edge devices, offering high speed but
sacrificing precision in complex scenarios. These methods
highlight the need for a robust, efficient, and accurate
solution tailored to dynamic construction environments.

This work adopts the You Only Look Once (YOLO)
framework, specifically YOLOv12, as the primary
approach for real-time helmet detection. YOLO’s one-
stage detection architecture enables high frame rates (e.g.,
50-100 FPS on modern GPUs), making it ideal for real-
time applications. Recent YOLO variants, such as
YOLOvS5 and YOLOvS8, achieve competitive mean
Average Precision (mAP) while maintaining simplicity
and flexibility for deployment across diverse platforms,
from edge devices to high-performance servers. YOLO’s
active community support and continuous advancements
further enhance its practicality. However, challenges such
as detecting small objects or handling occlusions in
crowded scenes persist, which our proposed
“SmartSafety” system addresses through dual recognition
algorithms (face-helmet compatibility checks) and

optimized training strategies. By leveraging YOLOv12,
“SmartSafety” integrates real-time alerts and safety
analytics, fostering a proactive safety culture. This paper
introduces the “SmartSafety” system, evaluates its
performance under diverse conditions, and demonstrates
its potential to revolutionize construction site safety
management.

The rest of this paper is organized as follows: Section 2
will systematically discuss prior work, including key
methods, their strengths, and limitations. Section 3
describes the design of the proposed system. Section 4
presents some experimental results. Section 5 concludes
the paper with future directions.

2. LITERATURE REVIEW

In this Section, we provide a comprehensive review of
prior work on vision-based helmet detection, including
YOLO-based and complementary approaches, their
methodologies, performance, and limitations.

Advancements in computer vision and deep learning
have significantly transformed occupational health and
safety practices, particularly in vision-based helmet
detection for construction sites. Early work by Mneymneh
et al. (2016) laid the foundation using traditional feature
extraction for helmet detection but lacked real-time
capability due to computational complexity [9]. The
advent of deep learning shifted focus to convolutional
neural networks (CNNs) and YOLO variants, which offer
faster and more accurate detection.

Zhou et al. (2021) employed YOLOvV5 for helmet
detection, achieving a mean Average Precision (mAP) of
94.7% on a custom dataset at 45 frames per second (FPS)
[10]. While suitable for construction environments, their
approach struggled with small objects and occlusions, and
manual dataset curation limited scalability. Subsequent
studies optimized YOLOVS for robustness. Farooq et al.
(2023) introduced BiFEL-YOLOVSs, incorporating a Bi-
directional Feature Pyramid Network (BiFPN) and Focal-
EloU loss, improving mAP by 0.9% and recall by 2.8%
over baseline YOLOvSs [11]. By integrating attention
mechanisms (SE, CBAM), their approach enhanced small-
target detection, but increased computational complexity
hindered deployment on resource-constrained devices.
Similarly, a 2023 study enhanced YOLOv5 with an ECA
attention mechanism and BiFPN, achieving 95.9% mAP
on a custom helmet dataset [12]. Despite its effectiveness
in complex scenarios, it faced challenges with densely
packed targets, leading to false negatives.

YOLOvV3 and YOLOV4 have also been applied. Li et al.
(2022) used YOLOv3 with CSPNet (CSYOLOvV3),
achieving high precision in varied lighting conditions via
spatial pyramid pooling, but its 100 ms inference time
lagged behind YOLOVS5’s real-time performance [13]. A
YOLOv4-based study integrated MobileNet for
lightweight detection, reporting 90% accuracy, yet
struggled in low-light scenarios [14]. These efforts
highlight YOLO’s adaptability but reveal trade-offs
between speed and accuracy.

Recent advancements explored newer YOLO variants.
Athidhi et al. (2024) leveraged YOLOvV7 for multi-
equipment detection (helmets, goggles, jackets), achieving
an mAP@0.5 of 87.7% [15]. While effective for diverse
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personal protective equipment (PPE), occlusions reduced
recall for helmets specifically. Another work proposed
HWD-YOLO, enhancing YOLOvS5x with a multi-scale
contextual aggregation module, boosting mAP by 3.4%
over YOLOVS and 1% over YOLOv7 [16]. Its lightweight
design (33 FPS) suits edge devices, but requires extensive
dataset annotation. A YOLOvS8-based system reported
92.44% mAP, excelling in low-light conditions, yet faced
challenges distinguishing helmets from similar headgear
[17].

Complementary approaches integrated pose estimation
and tracking. A 2025 study combined YOLOV9Y,
YoloPose, and StrongSORT for helmet-head region
matching, addressing occlusions via skeleton key points
[18]. It achieved robust state tracking but demanded high
computational resources, limiting scalability. Conversely,
lightweight CNNs, as explored by Alif (2024), prioritized
edge deployment with an F1-score of 84%, but sacrificed
precision in cluttered backgrounds [19].

Despite these advances, limitations persist. Most studies
rely on curated datasets (e.g., Harvard Dataverse, SHWD),
which may not capture real-world variability such as
weather or worker density [11], [12], [17]. False positives
arise from headgear misclassification (e.g., caps vs.
helmets), and small-target detection remains challenging
in crowded scenes [10], [11], [16]. Real-time performance
often compromises accuracy on low-power devices,
critical for on-site deployment [13], [14], [19].
Additionally, few systems integrate practical features like
real-time alerts or analytics, hindering adoption.

Our “SmartSafety” system builds on the strengths of
YOLOv5-YOLOv8 [10], [11], [15], [17] and addresses
these gaps by leveraging YOLOV12, optimized for diverse
conditions via face-helmet compatibility checks. It
minimizes false positives through dual recognition
algorithms and supports scalable deployment with real-
time alerts and safety analytics, offering a comprehensive
solution for construction site safety.

3. DESIGN OF THE PROPOSED SYSTEM

This Section outlines the research process and
experimental design for the proposed “SmartSafety”
helmet detection system, which leverages the YOLOv12
architecture for real-time monitoring of helmet usage on
construction sites. The system block diagram design,
illustrated in Figure 1, comprises four key components:
Video Input, Helmet Detection Processing, Alert Module,
and Counter Block.

e BN
o = e o comme]

Figure 1. The proposed helmet-worn detection system

Below, we detail the implementation tools, data scope,
experimental timeline, evaluation criteria, and result
evaluation process to ensure clarity and reproducibility.

3.1 System Overview

The “SmartSafety” system is designed to monitor
helmet compliance in real-time using video feeds from
various camera types (e.g., stationary, PTZ, or wearable
cameras). As shown in Figure 1, the system processes
video input through the Helmet Detection Processing

module, which employs YOLOvVI12 for object detection.
Detected helmet instances trigger the Alert Module, which
decides whether to issue notifications based on predefined
criteria. The Counter Block summarizes detection
outcomes, logging compliance data for safety analytics.
The system’s streamlined architecture ensures efficient
processing and scalability for construction site
deployment.

3.2 Implementation Tools

The system is implemented using a combination of
software and hardware tools optimized for computer
vision and deep learning:

° Software Tools:

o YOLOvV12 Framework: The core detection
algorithm is based on YOLOvVI12,
implemented using PyTorch [20], a widely-
used deep learning framework. YOLOVI12 is
chosen for its high frame rates (50—-100 FPS
on modern GPUs) and competitive
accuracy, building on advancements from
YOLOvV5-YOLOvS [10], [11], [17].

o OpenCV: Used for video preprocessing,
including frame extraction and image
resizing, to ensure compatibility with
YOLOV12 input requirements [21].

o Python Libraries: NumPy and Pandas are
used for data handling and post-processing,
while Matplotlib is employed for visualizing
results during evaluation.

o Alert and Counter Modules: Implemented
in Python, integrating with YOLOv12
outputs to generate real-time alerts and
compliance logs.

e Hardware Tools:

o Training Environment: A workstation
with an NVIDIA RTX 3090 GPU (24 GB
VRAM), 64 GB RAM, and an Intel i9-
12900K CPU, used for model training and
validation.

o Deployment Environment: The embedded
computer, Raspberry Pi 5, is utilized as an
Edge device for on-site testing to evaluate
real-time  performance in  resource-
constrained settings.

o Cameras: A stationary CCTV is utilized at
the construction site.

3.3 Data Scope

The dataset for the processing procedure includes 4
main stages: Data capturing, Labeling, Training, and
Validating.

e Data capturing: The images used for training
were captured from angles that are -easily
recognizable by the camera while workers are on
the construction site. These training images are
clear and not excessively blurred or out of the
human eye's viewing range. We utilized a publicly
available dataset from Kaggle, specifically the
YOLO Helmet/Head Recognition dataset, which
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comprises 7,035 images: 2,107 images featuring
helmets, 3,912 without helmets, 1,016 that contain
both, and 1,254 selfies taken with an Honor X9b
phone, including 1,234 helmeted photos and 20
without helmets. In total, the dataset containing
8,289 images.

Labeling: To label the entire image dataset, we
employed the MakeSense.ai tool. First, duplicate
images were removed after all images were
uploaded, and the number of unique photos was
displayed on the screen. Next, due to varying
image resolutions, the images were resized so that
at least one dimension reached 640 pixels, ensuring
compatibility with the pixel resolution required by
the YOLO framework. The dataset was then split
into two parts: 75% (6,210 images) for training and
25% (2,079 images) for testing. Ultimately, the
training dataset consists of two classes: "helmet"
and "no_helmet."

Training: The YOLO version 12 neural network
architecture is utilized for training, while all other
implementations are carried out using PyTorch [22,
23]. The processing follows the algorithm
flowchart depicted in Figure 2. During the training
process, parameters are optimized concurrently as
the number of epochs increases, aimed at achieving
the best possible enhancement of evaluation
metrics. Ultimately, this leads to the development
of the most effective trained system.

Figure 2. The proposed helmet-worn detection algorithm

Validating: To evaluate the performance of the
YOLO version 12 algorithm, we employ five key
metrics: accuracy, precision, recall, F1 score, and
mean Average Precision (mAP). These indicators
are derived from the four components of the
confusion matrix: True Positive (TP), which
represents the number of instances correctly
identified as positive; False Positive (FP),
indicating the number of instances incorrectly
predicted as positive; True Negative (TN),
reflecting the number of instances accurately
classified as negative; and False Negative (FN),
which denotes the instances incorrectly identified
as negative. Specifically, TP highlights the
successful detection of individuals wearing safety
helmets, while FP signifies the incorrect
classification of individuals as helmet wearers.
Conversely, TN represents the correct identification
of individuals not wearing helmets, and FN
emphasizes instances in which individuals without
helmets are mistakenly classified as such. The
mathematical formulations for accuracy, precision,
recall, F1 score, and mAP are provided in
Equations (1) to (5). Notably, the F1 score serves

as the harmonic mean of precision and recall,

offering a well-rounded assessment of the
algorithm's effectiveness.
Accuracy = (TP + TN)/(TP + FP + TN + FN) (1)
Precision = TP/(TP + FP) 2)
Recall =TP/(TP + FN) 3)
F1 score =2 Preéis.ion * Recall @)
Precision + Recall
C
ZAverage Precision (c)
mAP =< 6)

C

where C is the total number of output classes.
In this study, C = 2 ("helmet" and "background"
or "non-helmet").

3.4 Experimental Timeline

The experimental process spanned several months,
from 2024 to March 2025, and included the following
phases:

Data Collection and Annotation (weeks): The
custom dataset was collected from two
construction sites using CCTV and a mobile phone
camera.

Model Training (months): YOLOv12 was trained
on the combined dataset using the NVIDIA RTX
3090 GPU. Training involved 100 epochs with a
batch size of 16, using the Adam optimizer and a
learning rate of 0.001. Pre-trained YOLOv12
weights were fine-tuned to accelerate convergence.

Validation and Testing (weeks): The model was
validated on the wvalidation set to tune
hyperparameters (e.g., confidence threshold, IoU
threshold). Testing was conducted on the test set
and in real-world scenarios using edge devices.

Result Analysis (weeks): Performance metrics
were computed, and qualitative analysis was
performed to assess model behavior under
challenging conditions (e.g., occlusions, low-light).

4. EXPERIMENTAL RESULTS

4.1 Validation results for Training

The quality of the training process is assessed using the
aforementioned metrics (Equations (1) to (5)) upon
completion of the training.

First and foremost, the confusion matrix provides a
visual representation of actual versus predicted objects,
facilitating a thorough analysis of the model's accuracy
and types of errors, as illustrated in Figure 3.
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Confusion Matrix Next, given that the training process for the proposed
system is a binary classification task, we present the F1-
Confidence graph in Figure 4 to evaluate the relationship
between the F1 score and the confidence threshold. The

curve illustrates how the F1 score varies with changes in

2000

1750

2200

199

helmet

| 1500 the confidence threshold, enabling us to identify an
optimal threshold of 0.42, which maximizes the F1 score
1250 at 0.94 for the proposed system.

F1-Confidence Curve

Predicted

- 1000 heimet

= all classes 0.94 at 0.420

103 0

- 250 -

background

helmet background
True

Figure 3. The Confusion matrix

Figure 3 above is the confusion matrix for the %5 o o v T —
YOLOvV12 model used for helmet recognition. This matrix o
shows the model's performance when classifying between
two classes: "helmet" and "background" (or non-helmet).

Figure 4. The F1-confidence curve

Figure 4 is the F1-Confidence Curve — a very useful
tool for choosing the optimal confidence threshold for a
classification model, in this case, YOLOvVI2 is

o The horizontal axis (True) is the actual label, and
o The vertical axis (Predicted) is the label predicted

by the model. recognizing helmets.

o The cells represent the corresponding number of e The horizontal axis is the Confidence level - the
samples. model's confidence in predicting.

e Specific values in the matrix: e The vertical axis is the F1-score value - an index

that balances precision and recall.

True: Helmet True: Background

o The light blue line represents the "helmet" class.

Predicted: Helmet 2200 (True Positive) 199 (False Positive) °

The dark blue line is the overall F1-score for all
classes (here, there are only 2 classes: "helmet"

Predicted: Background 103 (False Negative) and "background")

0 (True Negative)

e The highest Fl-score value is ~0.94 at the
confidence threshold = 0.42 (shown by the
caption: "all classes 0.94 at 0.420"). This means:

e Explanation:
o 2200 (TP): The model correctly predicted

the image with a helmet.
o 199 (FP): The model mistook the image
without a helmet as having a helmet.

o 103 (FN): The model failed to detect a
helmet when it had one.

o 0 (TN): No sample was actually
“background” but was correctly predicted as
“background”.

Evaluation:

o The model is quite good at recognizing
helmets because the number of True
Positives is quite high. However, the model
has some mistakes:

= Mistaking backgrounds for helmets (199
times).
= Missing real helmets (103 times).

o No sample is both a real background and the
model also correctly predicts background
(TN = 0) — This shows that the test data set
may be biased, or the model has not learned
how to clearly identify backgrounds.

if you filter predictions with confidence below
0.42, the model will achieve the most optimal
performance in terms of Fl-score. After the
threshold of 0.42, the F1-score starts to decrease
because:

o While precision may improve, recall is
likely to decline significantly, as many
predictions are discarded due to insufficient
confidence.

o This leads to an imbalance and reduces F1.

When deploying the is trained model in practice
(e.g., labor safety monitoring), you should:

o Choose a confidence threshold of ~0.42 to
balance between detecting enough helmets
and avoiding false alarms.

o If you need absolute safety (least missed
helmets), you can lower the threshold a bit
(accept a few false positives).

o If you need high accuracy (less mistaken
background for helmets), you can increase
the threshold.
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Next, the graph showing the relationship between
precision and confidence threshold after training with the
YOLOvV12 model for helmet recognition is depicted in
Figure 5.

10 F1-Confidence Curve

helmet
== all classes 0.94 at 0.420

0.8/

0.6

0.4

0.2

0.0 ™ - - .
0.0 0.2 0.4 0.6 0.8 1.0

Confidence

Figure 5. The Precision-confidence curve

e The horizontal axis is the Confidence level - the
model's confidence in predicting.

o The vertical axis is the Precision - the proportion
of correct predictions among all predictions
assigned to "helmet".

o The light blue line represents the "helmet" class.

e The dark blue line represents the average
precision of all classes.

e The text on the graph: "all classes 1.00 at 0.906"
means:

o  When confidence > 0.906, precision reaches
1.00 (100%) — There are no wrong
predictions at this level.

e As confidence increases, precision also increases
because:

o The model only retains the most confident
predictions, so there are fewer mistakes.

o However, this often comes with a decrease
in recall (because it ignores many "not
confident" predictions).

e At confidence = 0.906, the model achieves
absolute precision (100%), meaning:

o All predictions that the model thinks are
"helmet" are correct.

Next, we combine both graphs (F1 in Figure 4 and
Precision in Figure 5) to form the Precision-Recall graph
as shown in Figure 6, with reasonable threshold choices as
follows:

e Threshold is 042 — Optimal F1 (balance
between Precision and Recall).

e Threshold is 0.90+ — Maximum Precision (but
Recall drops sharply).

Figure 6 is the Precision-Recall Curve graph—one of
the most important graphs for evaluating the performance
of object detection models such as YOLOv12 when
recognizing helmets.

e The horizontal axis is the Recall — Proportion of

objects recognized correctly by the model (i.e.,
not missed).

e The vertical axis is the Precision — Proportion of
predictions that are correct among all predictions
made.

o The light blue line represents the precision-recall
relationship for the "helmet" class only.

e The dark blue line represents the average curve
for all classes, with the mAP value written on it.

e For Legend:
o "helmet 0.977" is the AP (Average
Precision) for the helmet class.

o "all classes 0.977 mAP@O0.5" is the
mAP@0.5 (mean Average Precision) — the
average AP value of all classes, calculated
at loU = 0.5.

e With AP = 0.977, the model is very accurate in
detecting helmets.

e The curve almost follows the upper axis — The
model has:
o High Precision: few false positives.
o High Recall: few false negatives.

e The smoothness and height of the curve reflect a
good, stable, and highly discriminative model.

e mAP (mean Average Precision) is the most
general measure for object detection models.
@0.5 means that when IoU > 0.5 between the
prediction and the ground truth is considered
correct.

e The closer the mAP is to 1.0, the better the
model.

Precision-Recall Curve

helmet 0.977
= all classes 0.977 mAP@0.5

Precision

0.0 0.2 0.4 0.6 0.8 1.0
Recall

Figure 6. The Precision-Recall Curve

4.2 Experimental Scenarios and Results

The proposed system was tested across various
construction sites—specifically civil, building, and
electrical construction—to assess how these different
environments impact detection accuracy. All experiments
were conducted outdoors, in real-world scenarios with
active workers on-site. This approach enabled us to
monitor and evaluate the system's performance under
realistic conditions, characterized by diverse movement
patterns and ambient noise. The results of these
experiments are depicted in Figure 7.
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helmet 0.87

Figure 7. Experimental results on a construction site

Furthermore, other experiments were conducted in
scenarios where groups of workers move in unison, with
varying compositions of helmeted and non-helmeted
individuals. These workers perform a range of
construction tasks, including lifting, assembling, and
operating machinery, etc. The results of the experiments
are presented in Figure 8. This allows us to assess how
effectively the system tracks dynamic changes within the
crowd and to evaluate the impact of these activities on

helmet detection performance.
006965 _jpg rf 0076157654 0ABRRBACHE - — 100121 461008

helmet helmet
& helmeti '~ helmet
R 2
L

*helmet |/
) 2

helmetf | |

helrr et

Figure 8. Experimental results on other scenarios

Evaluating diverse scenarios yields critical insights into
the performance, strengths, and limitations of a vision-
based helmet detection system, driving advancements in
worker safety management on construction sites.

4.3 Comparison with Similar Tools

Qualitative analysis using Grad-CAM [24] confirmed
that YOLOv12 focuses on helmet-specific features
(including shape and color) and head regions, reducing
misclassifications (e.g., caps vs. helmets). Real-world
testing on a construction site demonstrated reliable
detection under diverse conditions, with alerts triggered
within 0.1 seconds of helmet detection and compliance
logs accurately updated via the Counter Block.

To contextualize “SmartSafety”’s performance, we
compare it with state-of-the-art helmet detection systems

and commercial solutions available in 2025, focusing on
deep learning-based approaches and market-relevant tools:

o Kapernikov’s PoC [6]: This commercial
solution, developed for an energy company, used
open-source neural networks for helmet
detection but did not report specific metrics like
mAP. Qualitative reports suggest robust people
detection but limited handling of occlusions.
“SmartSafety” provides a more comprehensive
solution with real-time alerts and compliance
logging, tailored for construction environments.

o SSD-MobileNet [3]: A lightweight model for
construction site helmet detection, achieving
90% accuracy but struggling in low-light
conditions and with occlusions. “SmartSafety”
outperforms SSD-MobileNet by 4% in
mAP@0.5 and offers superior robustness in
complex scenarios due to YOLOv12’s advanced
feature extraction and face-helmet compatibility
checks.

e Improved YOLOvV8 (Helmet Net) [9]: This
model, enhanced with SENet, LConv, and
SAHI, reported an mAP@0.5 of 98.9%,
precision of 100%, recall of 100%. While
“SmartSafety”’s mAP@0.5 (96.8%) is slightly
lower.  However, “SmartSafety”’s  dual
recognition algorithm reduces false positives in
construction scenarios (e.g., distinguishing
helmets from hats), which Helmet Net does not
address. Moreover, when training on the same
dataset, YOLOv12 achieved an mAP@0.5 of
97% in 30 epochs compared to YOLOVS, which
took nearly 400 epochs to achieve the same
result. This comparison is summarized and
shown in Table 1.

Table 1. Comparison between Yolov8 and Yolovi2

Models F1 PRECISION RECALL mAP@0.5 EPOCHS
YOLOv8  0.97 1.0 1.0 0.989 400
YOLOv12 0.93 1.0 0.99 0.968 30

5. CONCLUSION

In conclusion, the “SmartSafety” system introduced in
this paper marks a transformative advance in construction
site safety through real-time helmet compliance
monitoring. By harnessing state-of-the-art computer
vision and machine learning, powered by the YOLO
architecture, this solution delivers robust and efficient
detection, fostering a proactive safety culture and
significantly reducing the risk of head injuries. Our
experiments validate the system’s high accuracy in
distinguishing helmeted from non-helmeted individuals,
even under dynamic and complex conditions,
demonstrating its reliability in real-world settings.

Despite its strong generalization, “SmartSafety” faces
challenges in extreme weather and high-density scenarios,
where small-target detection and low visibility reduce
recall. Future work could incorporate advanced attention
mechanisms or multi-scale detection layers in order to
improve small-target detection. Integrating IoT-enabled
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smart helmets could enhance real-time tracking and
analytics, particularly for large-scale sites. Additionally,
developing automated preprocessing pipelines for weather
conditions could further improve robustness.

Finally, “SmartSafety” demonstrates strong feasibility
for real-time helmet detection across construction site
scales, with high accuracy (mAP@0.5 of 97%) and
efficient edge deployment by Raspberry Pi 5. Its ability to
generalize is supported by robust performance under
diverse conditions and scalable architecture, making it a
practical solution for enhancing construction site safety.
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