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Abstract

This research focused on enhancing workplace safety by detecting workers’ helmet
usage through the integration of artificial intelligence with closed-circuit television systems (CCTV).
The detection process was based on object detection techniques using the YOLO (You Only Look
Once) model family. This study evaluates the performance of the latest versions—YOLOv10
and YOLOv1l—on both CPU and GPU platforms, considering both detection accuracy and
inference speed. Among the tested model variants, a maximum processing speed of 454.52
frames per second was achieved on GPU and 34.01 frames per second on CPU, demonstrating
their suitability for real-time CCTV-based applications. In terms of accuracy, YOLOv11n achieved
a mean Average Precision (mAP@50) of 98.3% for helmet detection and 96.6% for head
detection. The model also demonstrated strong classification performance, with precision
and recall of 85.76% and 96.98% for the head class, and 93.02% and 96.56% for the helmet
class, respectively. These results confirmed the model’s effectiveness and balanced performance
in distinguishing between helmeted and non-helmeted workers, supporting its potential for

practical and cost-effective deployment in real-time safety monitoring systems.
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[. INTRODUCTION

In modern times, workplace safety in
industrial environments has become increasingly
critical due to the high incidence of accidents
involving workers over the years [1] - [2]. One key
safety measure is requiring workers to wear Personal
Protective Equipment (PPE) to ensure their safety
in any environment where workers are exposed
to hazards that can cause injury or illness such as
construction sites. Recently, advancements in computer
vision technology [3] have been applied to worker
safety in various scenarios [4] - [7], particularly for
detecting whether workers are properly equipped
with the necessary safety gear in designated work
areas. This study specifically explores the use of the
latest YOLO model versions for such safety-related
tasks. YOLO models are well known for their superior
speed and efficiency compared to other object-
detection algorithms [8], making them particularly
suitable for real-time safety monitoring systems.

While previous studies have applied YOLO
to safety-related tasks [5], this study focused on
evaluating the performance of the latest YOLO
models—YOLOv10 and YOLOv11 (in both nano and
extra-large variants)—for potential use in workplace
safety applications.Instead of implementing a
physical system, we conceptually adopted a CCTV-
based configuration as described in [9] - [10] and
assessed the models on both CPU and GPU
platforms to examine whether their accuracy
and frame rate were suitable for practical
deployment. The goal was to determine whether
CPU-based inference, which offered a significantly
lower cost than GPU-based systems, could still
deliver acceptable performance in real-time safety
monitoring. If acceptable speed and accuracy
can be maintained without GPUs [4] - [7], this
could enable more cost-effective system design,
particularly in selecting appropriate servers and
hardware for specific environments.

Il. BACKGROUND
1. YOLO (You Only Look Once)

YOLO, first introduced by J. Redmon et al. [11],
is a family of single-stage deep learning models for
object detection. Unlike two-stage detectors that
first generate region proposals and then classify
them, YOLO performs all tasks in a single forward
pass. It predicts the bounding box coordinates, an
objectness score (indicating the likelihood that
an object is present), and the class probabilities for
each detected object. This approach treats object
detection as a single regression problem. Early
versions of YOLO used a fixed grid structure (7x7 in
YOLOv1), where each grid cell was responsible for
predicting a few boxes. Later versions improved
performance by introducing anchor boxes, multi-
scale features, and anchor-free detection heads. Most
versions used a technique called Non-Maximum
Suppression (NMS) to remove overlapping boxes,
but the newest versions—such as YOLOv10 and
YOLOv11l—replace NMS with end-to-end strategies
that still follow the same "look once" principle.

YOLO is known for three main strengths:
real-time speed, simple and unified architecture, and
strong accuracy. A recent benchmark comparing
YOLOv1 through YOLOvV11 shows steady improvements
in detection accuracy (mAP), processing speed, and
efficiency. These developments are clearly illustrated
in the Figure 1. titled Evolution of YOLO model
versions, adapted from N. Jegham et al. [12].
Because of its speed, open-source availability, and
ease of use, YOLO is widely used in both research
and real-world applications that require fast and
accurate object detection. This work focused on
the most recent versions—YOLOv10 and YOLOv11—
in both nano (-n) and extra-large (-x) variants,
offering a practical comparison between lightweight
and high-performance models. YOLOv10 and YOLOv11
are the latest versions in the YOLO family,
incorporating architectural improvements that further
enhance detection performance, particularly in terms
of speed and efficiency.
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Fig.1 Evolution of YOLO model versions, adapted from N. Jegham et al. [12].

2. Model Evaluation
This study evaluated the model’s performance

using four metrics derived from the confusion matrix
[13] - [14]. Let TP, FP, and FN denote the number of
true positive (correct positive prediction), false positive
(incorrect positive prediction), and false negative
(incorrect negative prediction) samples, respectively.
The definitions of these metrics are as follows:

e Precision measures the accuracy of positive
predictions (ranging from 0 to 1) and is calculated with
Equation (1).

TP
TP+FP ’

Precision = (1)

e Recall measures the accuracy of predicting
actual positive samples (ranging from 0 to 1) and is
calculated with Equation (2).

TP

Recall = ,
TP+FN

2

e Average Precision (AP) measures the area
under the precision-recall (PR) curve (ranging from
0to 1) and is calculated using Equation (3).

AP = [ p(r)dr, (3)

where p and 1 are precision and recall,
respectively.
e Mean Average Precision (mAP) measures the
average of the Average Precision (AP) scores across all
classes. mMAP@50 refers to mAP evaluated at a 50%

overlap threshold between predicted and eround truth
bounding boxes, and it is a commonly used metric for

assessing the accuracy of object detection algorithms.

3. Benchmark Frame Rate in CCTV Systems
This section discusses the relevance of
processing speed in CCTV systems, referencing prior
works that have proposed cost-effective solutions
using Raspberry Pi devices [9] - [10]. In particular, we
focused on the system developed by A. Kurniawan
et al. [10], which employed a Raspberry Pi as
a server and is conceptually illustrated in Figure
2. This Raspberry Pi-based CCTV system achieved
frame rates ranging from 10 to 30 frames per
second (fps), depending on the resolution. We
later referred to this frame rate range as a practical
benchmark for real-time or near-real-time CCTV
applications in constrained environments.

However, when considering Al-powered
applications, the Raspberry Pi may not be suitable due
to its limited computational power, restricted memory,
and lack of dedicated Al accelerators such as GPUs
or TPUs, which are essential for efficiently handling
complex models and high-speed data processing [15].
Therefore, in this study, we explored the feasibility
of using the same CCTV system while replacing the
Raspberry Pi-based server with CPU- and GPU-based
servers for object detection tasks. Our objective was

to evaluate the performance and processing speed (in fps)
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of various YOLO algorithms on these alternative
computing platforms, using the Raspberry Pi’s frame

rate range as a reference constraint.

Gadgets

Wireless router

Server

Fig. 2 Conceptual illustration of a CCTV
camera system, adapted from A.

Kurniawan et al. [10].

4. Model scaling
Model scaling [8] refers to the process of
adjusting the size of a deep learning model by
modifying parameters such as depth and width, in
order to tailor the model to specific resource constraints
and performance requirements. In the case of YOLO,
model scaling primarily involves two parameters.
e Depth Multiple adjusts the number of layers

in the model to increase or decrease its depth.

e Width Multiple adjusts the number of channels
in each layer to increase or decrease its width.

By tuning these parameters, YOLO can be
scaled to create models of different sizes according to
task requirements. For instance, smaller models may
offer faster computational speeds, while larger models
can provide improved accuracy. The YOLO family
includes several model variants, each with different

scaling configurations.

. METHODOLOGY
1. Data Preparation

The dataset used in this study is the publicly
available Hard Hat Workers Dataset [16], which
includes annotated images of people with and
without helmets. The annotations were prepared
using two class labels: class 0 for heads without
helmets, and class 1 for heads with helmets. Example
images from the dataset are shown in Figure 3.

The training and testing processes were
conducted using Google Colab [17], which provides
access to a variety of CPU and GPU configurations
as shown in Figure 4. This study aims to assess the
performance of different hardware types—both in
terms of detection accuracy and inference speed
(frame rate)—to determine whether cost-effective
CPU-based deployment is feasible for real-time safety

monitoring.

Fig. 3 Sample images used for data preparation, including individuals with and without helmets.

To protect personal privacy, certain details in the images have been censored.
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Fig. 4 Hardware accelerators available on
Google Colab, including various CPU and GPU
configurations used in this study.

The tested GPU models included NVIDIA
A100 and NVIDIA T4 [18], while the CPU models
included an Intel Xeon processor (CPU-Xeon) [19]
and an AMD EPYC processor (CPU-AMD) [20]. These
setups were evaluated to simulate their use as potential
server-side processing units for a CCTV-based safety

system running the YOLO model.

2. Model Training

After data preparation, a subset of the
labeled dataset was used to train object detection
models. In total, 4,858 images were used for training
and 1,464 images for validation. The validation set
contained 1,505 labeled instances of people without
helmets and 4,021 labeled instances of people wearing
helmets. This study evaluated four YOLO models to
compare their performance in terms of speed and
accuracy. The selected models included YOLOv10n,
YOLOv10x, YOLOv11n, and YOLOv11x. These variants
differed in model scale, specifically in their depth and
width multipliers, which controlled the architecture's
depth and width, respectively. All images used for
training had a resolution of 640x640 pixels. The Nano
models (YOLOv10n and YOLOv11n) were designed
for low-resource environments, offering faster
inference and smaller model size, but typically
with lower accuracy. In contrast, the Extra-Large
models (YOLOv10x and YOLOv11x) offered higher

detection accuracy but required more computational
resources and run at slower speeds. All training was
performed using the Ultralytics YOLO implementation in
Python [21].

3. Model Testing

After training the four models—YOLOv10n,
YOLOv10x, YOLOv11n, and YOLOv11x—we evaluated
their performance using a separate test dataset to
ensure no overlap with the training or validation
data [12]. This helped to maintain the integrity of
the evaluation and avoids overfitting. The test set
consisted of 1,812 images, containing a total of
6,840 labeled instances, including 1,788 examples
of people not wearing helmets (class 0) and 5,052
examples of people wearing helmets (class 1).

The goal of testing was to assess each model's
accuracy and inference speed (frame rate) in object
detection. All test images had a resolution of 640 x

640 pixels, consistent with the training process.

IV. RESULTS AND DISCUSSION
1. Training Results

All four models—YOLOv10n, YOLOv10x,
YOLOv11n, and YOLOv11x—were trained for 100
epochs. The original training dataset was split
into two mutually exclusive subsets for model
training and validation during the training process.
The results showed that all models achieved
comparable performance, with mAP@50 stabilizing
at approximately 97-98%. Examples of the training
performance of the YOLOv11n model are illustrated
in Figure 5.

During the validation phase, all YOLO models
demonstrated high detection accuracy. In many cases,
the confidence scores of correctly detected objects
ranged from 80% to 90%. Representative validation

results are shown in Figure 6.
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Fig. 5 Example training performance of the YOLOv11n model over 100 epochs, including loss, mAP@50,

and other evaluation metrics.

Fig. 6 Example output from the YOLOv11n model

detecting individuals wearing and not wearing
helmets. To protect personal privacy, certain
details in the image have been censored.

2. Test Results

The testing results for both YOLOv10
and YOLOv11l models are summarized in Tables
I and Il. The mAP@50 values are very similar across
all variants, with approximately 96-97% for head
detection and 98-99% for helmet detection.
This also indicates that model scaling (Nano vs.
Extra-Large) has little impact on detection accuracy.

In contrast, inference speed differs
significantly depending on the model size. As

R35 31sasIvimsnaluladtesiulsyma U9 7 aUui

expected, the Nano variants (YOLOv10n and
YOLOv11n) run substantially faster than their
Extra-Large counterparts across both CPU and GPU
platforms. Notably, when running on CPUs, the
Nano models achieved 21-34 frames per second
(FPS)—a frame rate sufficient for many CCTV camera
applications, such as the example described in
Section II-3. These results suggest that CPU-based
deployment can be a viable and cost-effective
solution for real-time safety monitoring, especially in
environments with limited computational resources.
Using GPUs in such cases may represent an unnecessary
use of resources.

Further insight is provided by the confusion
matrix for the YOLOv11n model, shown in Figure 7.
The model correctly detected 1,734 out of 1,788
head instances and 4,878 out of 5,052 helmet
instances. This corresponds to a precision of 85.76%
(head) and 93.02% (helmet), a recall of 96.98%
(head) and 96.56% (helmet), and Fl-scores of
91.02% (head) and 94.76% (helmet), respectively.
Interestingly, misclassifications between head and
helmet objects were relatively low, while most errors
were due to missed detections or false positives
involving the background.
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V. CONCLUSION

YOLOv11 demonstrated slightly higher
accuracy than YOLOv10 across all test scenarios.
For head detection, YOLOv11 achieved mAP@50

for YOLOV10. For helmet detection, both models

values between 0.966 and 0.968, compared to 0.961

performed similarly well, with mAP@50 values ranging
from 0.981 to 0.986, indicating consistently strong
detection capabilities.

TABLE I. Testing Results for YOLOv10n and YOLOv10x models (Nano and Extra-Large variants) across Various
Hardware Platforms

Model Hardware mAP@50 (Head) mMAP@50 (Helmet) | Speed (FPS)

accelerator

GPU-A100 454.52

GPU-L4 416.71

YOLOv10n GPU-T4 0.961 0.981 169.51

CPU-Xeon 30.96

CPU-AMD 21.55

GPU-A100 185.20

GPU-L4 46.95

YOLOv10x GPU-T4 0.961 0.982 25.58

CPU-Xeon 2.256

CPU-AMD 1.447

TABLE II. Testing Results for YOLOv11N and YOLOv11X Models (Nano and Extra-Large variants)
across Various Hardware Platforms

Model Hardware mAP@50 (Head) mMAP@50 (Helmet) | Speed (FPS)
accelerator

GPU-A100 384.62

GPU-L4 344.83

YOLOv11n GPU-T4 0.966 0.983 158.73
CPU-Xeon 34.01

CPU-AMD 2577

GPU-A100 169.49

GPU-L4 44.84

YOLOv11x GPU-T4 0.968 0.986 21.28
CPU-Xeon 2.39
CPU-AMD 1.31
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Fig. 7 Confusion matrix for the YOLOv11n model
evaluated on the test dataset. Ground-truth classes
include only head and helmet. The “background”
row represents missed detections (i.e., true head or
helmet objects that were not detected), while the
“background” column represents false positives—

predicted objects that do not correspond to any

labeled object. Precision and recall are reported only
for the head and helmet classes, as background is
not an annotated class.

In terms of inference speed, the GPU-A100
delivered the highest performance, with YOLOv10n
reaching 454.52 FPS and YOLOv11n achieving 384.62
FPS. Other GPUs, such as the T4 and L4, provided
lower but still acceptable frame rates for many real-
time applications. In contrast, CPUs—including Intel
Xeon and AMD EPYC—produced significantly slower
speeds, with Xeon achieving 31-34 FPS and AMD 21-26
FPS. Despite the speed advantage of GPUs, CPU-based
deployment remains a cost-effective and practical
alternative—especially for CCTV monitoring systems.
Notably, Nano-scaled YOLO models on CPUs deliver
detection accuracy comparable to their GPU-based
counterparts, making them suitable for resource-
constrained environments where cost-efficiency is

prioritized over maximum processing speed.
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