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several pretrained models to predict proper or improper helmet use,
achieving high accuracy on the Helmet Wearing Image Dataset (2024), a

Keywords newly introduced dataset designed to enhance classification capabilities.

This study aims to improve prediction performance on helmet datasets by
Deep learning, ensemble leveraging state-of-the-art deep learning models and ensemble techniques.
learning, helmet usage Using ResNet-50, MobileNetV2, and EfficientNet-B0 models, the proposed
classification, image EnsemHelmet Framework uses a soft voting ensemble to optimise the
classification classification results, achieving an outstanding accuracy of 99.24% on the

experimental dataset. The results demonstrate the potential of ensemble
learning to achieve high performance. This study not only improves the
accuracy of the helmet-wearing recognition system but also highlights the
effectiveness of ensemble techniques in optimizing performance on real-
world datasets.

1. INTRODUCTION CCTV (Closed-circuit television), and intelligent

traffic management.
Deep learning, a subset of machine learning, has
attracted considerable attention in recent years due
to its high predictive performance across many
domains, especially computer vision and natural
language processing (NLP). This approach relies on
multi-layer artificial neural networks to model
complex data representations, allowing automatic
feature extraction and prediction. Advances in
hardware, such as Graphics Processing Units
(GPUs), and the availability of large datasets have
dramatically improved the scalability and
performance of deep learning models. Notable
recent developments include the rise of transformer
models such as BERT and GPT, which have
revolutionised natural language understanding, and
the widespread use of convolutional neural
networks (CNNs) in image-related tasks, such as in

Deep Learning has made significant advances in
practical applications in a wide range of fields. In
healthcare, it enhances disease diagnosis by
detecting abnormalities in medical images such as
X-rays (Vo et al., 2022; Truong et al., 2024). In
agriculture, it supports crop health monitoring
(Nguyen et al., 2024; Zhang et al., 2024), disease
detection, and resource utilization optimization
through satellite and drone imagery analysis. In
waste management, deep learning-powered vision
systems automate smart waste sorting (Vo et al.,
2019; Masand et al., 2021), improving recycling
efficiency. Additionally, in CCTV surveillance,
deep learning enables real-time anomaly detection
(Tran et al., 2024), facial recognition (Irfan et al.,
2024), and threat assessment, strengthening security
and public safety. These advances, combined with
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hybrid architectures that integrate reinforcement
learning and transfer learning, will be the foundation
for the development of cutting-edge applications.

Deep learning is transforming smart transportation,
enabling more advanced traffic management,
enhanced safety measures, and greater overall
efficiency. Pretrained models such as ResNet-50
(He et al. 2016), MobileNetV2 (Sandler et al.,
2018), and EfficientNet-BO (Tan & Le, 2019) play
an important role in vehicle detection, traffic
monitoring, and accident analysis. ResNet-50 excels
in vehicle classification (Singh et al., 2024) and
pedestrian detection, MobileNetV2 and
EfficientNet-B0O optimize accuracy and efficiency
for high-precision image analysis (Shourie, 2024;
Ren & Cong, 2022). Additionally, CNNs and their
enhanced models enhance object detection and
anomaly recognition (Adewopo et al., 2023).
Together, these deep learning models are driving
advances in autonomous driving and smart city
infrastructure, making transportation safer and more
efficient. As deep learning continues to evolve,
integrating these models with IoT and 5G networks
will further enhance system responsiveness. This
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progress paves the way for fully automated traffic
management and smart urban mobility solutions.

The Helmet Wearing Image Dataset (Patil et al.,
2024) comprises 28,736 images featuring various
helmet types (Full-Face, Half-Face, Modular, and
Off-Road) in both correct and incorrect wearing
configurations. Images were captured under various
lighting conditions using iPhone 13 and Mi 10 T
mobile phones, and pre-processed to a standard
resolution of 768 x 576. This well-balanced dataset
is specifically designed for machine learning tasks
such as image classification and object detection,
with a focus on improving motorcycle helmet
safety. Notably, Patil et al. (2024) utilised a
pretrained deep learning model that achieved an
impressive accuracy of 98.61% for helmet usage
classification on this dataset. Specifically,
MobileNetV2 attained 97.02% accuracy, ResNet-50
reached 98.61%, and VGGI19 achieved 91.03%.
However, there is still potential to further improve
accuracy by using more advanced deep learning
models. Additionally, using ensemble methods can
further improve prediction capabilities, enhance
performance, and enable the development of more
robust helmet recognition technologies.
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Figure 1. Overview of the EnsemHelmet Framework Architecture

This study presents the EnsemHelmet framework,
an advanced approach to helmet usage classification
that leverages deep learning models and ensemble
techniques. Unlike previous research (Patil et al.,

2024), which relied solely on ResNet-50,
MobileNetV2, and VGGI19, our framework
integrates ResNet-50, MobileNetV2, and

EfficientNet-B0, employing soft voting ensembles
to enhance classification accuracy and robustness.
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The proposed framework achieves 99.24% accuracy
on the experimental dataset, surpassing previous
benchmarks. These findings reinforce the
effectiveness of ensemble learning in improving
classification accuracy and optimizing deep
learning models for real-world applications.
Furthermore, this study highlights the potential of
combining multiple models to enhance prediction
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performance in traffic safety and other traffic image
recognition tasks.

2. MATERIALS AND METHOD

The EnsemHelmet framework leverages advanced
deep learning models, including ResNet-50,
MobileNetV2, and EfficientNet-BO, through an
ensemble mechanism to improve performance of
helmet usage classification. Figure 1 provides an
overview of the EnsemHelmet framework
architecture.

2.1. Helmet-wearing image dataset

The dataset (Patil et al., 2024) is a comprehensive
collection of 28,736 high-resolution images

Vol. 18, No. 1 (2026): 89-96

designed to support the development of advanced
image recognition techniques to improve
motorcycle helmet safety. The dataset includes
diverse images of various helmet types including
full-face, half-face, modular, and off-road, worn
both correctly and incorrectly. These images were
taken under a range of lighting conditions, including
day and night, and feature diverse environmental
contexts and helmet orientations. With its pre-
processed structure, the dataset is ideal for machine
learning tasks such as image classification, object
detection, and helmet pose estimation. By focusing
on promoting proper helmet use, the dataset is a
valuable resource for safety research and
technological advancements in motorcycle helmet
recognition.

Table 1. Sample images from the helmet-wearing image dataset

Type of Helmet

Full-Face Helmet

Half-Face Helmet

Correctly way

Incorrectly wa

Modular Helmet

Off-Road Helmet

This study focuses on detecting proper helmet use to
enhance safety standards through automated
recognition. Therefore, the dataset is divided into
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two classes: correct and incorrect helmet usage. In
addition, the dataset was initially partitioned into a
training set (70%) and a testing set (30%). However,
to facilitate model tuning, 20% of the data was
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allocated for validation. As a result, the final dataset
split consists of 50% for training, 20% for
validation, and 30% for testing. The distribution of
correctly and incorrectly labelled images across the
subsets of the Helmet Wearing Image Dataset is
shown in Table 2.

Table 2. Distribution of correctly and incorrectly
labelled images across subsets of the
helmet-wearing image dataset

Subset Correctly Incorrectly

way way
Training set 6776 7025
Validation set 2904 3011
Test set 4500 4500

2.2. ResNet-50

ResNet-50. This model, introduced by He et al.
(2015) at Microsoft Research, is a 50-layer deep
convolutional neural network designed to mitigate
the vanishing gradient problem through residual
connections, enabling more efficient training of
very deep networks. This allows for efficient
training of very deep networks, making it extremely
effective for tasks such as image classification and
object detection. The key features of the ResNet-50
architecture are as follows:

* Residual blocks: Each residual block allows the
network to learn identity mappings, facilitating the
flow of gradients, as shown in Equation (1):
y=F(,{W})+x (1
where x is the input to the block; F(x, {Wi}) is the

residual function applied to the input x; and {W;}
represents the learnable weights of the block.

* Bottleneck design: The bottleneck structure
involves a sequence of 1x1, 3x3, and 1x1
convolutions to optimise the computational
efficiency in Equation (2) as follows:

y =Conv(1x1,3x3,1x1)(x) 2)

2.3. MobileNetV2

This model, introduced by Sandler et al. (2018), is a
lightweight convolutional neural network designed
for efficient performance on mobile and embedded
devices. It builds wupon MobileNetVl by
incorporating Inverted Residual Blocks and Linear
Bottleneck layers, which enhance computational
efficiency while preserving representational power.
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The key features of the MobileNetV2 architecture
are as follows.

* Depthwise Separable Convolution: This model
employs depthwise separable convolutions to
reduce computational complexity. The number of
floating-point operations (FLOPs) is significantly
reduced compared to standard convolutions:

3)

1
FLOPs = oz X FLOPs of standard convolution
i

In Equation (3), D, denotes the kernel size.

* Linear Bottleneck Transformation. To mitigate
information loss caused by ReLU activation in low-
dimensional spaces, MobileNetV2 utilises a linear
bottleneck, transforming feature representations
(Equation 4) as follows:

Xout =W .ReLU6(Xyp) 4
where W represents the transformation matrix, and
Xexp 1s the expanded feature space.

* Inverted Residual Block. The inverted residual
structure facilitates efficient gradient flow by
leveraging shortcut connections when input and
output dimensions are identical by Equation (5):

Xout = Xinput + f(Xinput) (5)
where f(.) represents the transformation function
applied within the residual block.

2.4. EfficientNet-B0

This model, introduced by Tan and Le (2019), is a
convolutional neural network designed for optimal
accuracy and efficiency by leveraging compound
scaling. Unlike traditional models that scale depth,
width, and resolution independently, EfficientNet-
B0 employs a principled approach that scales all
three dimensions simultaneously, leading to
superior performance with fewer parameters. The
key features of this model architecture are as
follows.

* Compound Scaling. This model uses a compound
coefficient ¢ to scale depth (d), width (w), and
resolution () in a balanced manner:

d= a®dy,w = BPwyr = y®r, (6)
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In Equation 6, a,f,y are constants determined
through grid search, and ¢ controls the overall
scaling factor.

¢ Mobile Inverted Bottleneck Convolutions
(MBConv). EfficientNet-B0O integrates MBConv
blocks, inspired by MobileNetV2, to enhance
efficiency. The transformation function (Equation
7) is given by:

Xour = Xinput + f(Xinput) @)
where f(.) includes depthwise separable
convolutions and squeeze-and-excitation (SE)
modules.

¢ Squeeze-and-Excitation (SE) Modules. SE
modules  improve  channel-wise feature
recalibration by adaptively weighting channels
by Equation (8) as follows:

s = o(W,8(W;2)) ®)

Vol. 18, No. 1 (2026): 89-96

where z is the global average pooled feature, W;, W,
are fully connected layers, § is a ReLU activation,
and o is a sigmoid function.

2.5. Ensemble Learning

To improve classification performance, an ensemble
learning strategy was implemented that combined
predictions from the ResNet-50, MobileNetV2, and
EfficientNet-B0O models. This approach exploits the
complementary strengths of three models to
enhance overall accuracy, as shown in Equation (9).

N
1
&=NZ&M% ©)
i=

where P. is the final ensemble prediction
probability, Pmodel; 1s the prediction probability
from each model (e.g., ResNet-50, MobileNetV2,
and EfficientNet-B0) and N is the number of models
in the ensemble (in this case, N = 3). This approach
reduces the impact of individual model biases and
errors, strengthening the system’s overall reliability.
Additionally, by averaging predictions across cross-

Table 3. Training configuration for ResNet-50, MobileNetV2 and EfficientNet_B0 models.

No  Hyper-parameter Value Description
1 Batch size 32 Number of samples per training batch, balancing
performance and memory.
The number of iterations of the entire training data
2 Epoch 20 helps the model learning better.
3 Leaming rate 0.0001 The rate at which weights are updated during training
affects convergence.
4 Weight decay 0.0001 Adjustment coefficient to reduce overfitting
s Learning Rate Exponential LR Gradually decreases the learning rate over epochs to
Scheduler (gamma=0.9) improve model convergence.

3. RESULTS AND DISCUSSION
3.1. Experimental Setup

In this study, we conduct experiments on the Helmet
Wearing Image Dataset to evaluate and compare the
effectiveness of the proposed framework
(EnsemHelmet) against three individual state-of-
the-art pretrained CNNs models including ResNet-
50, EfficientNet B0, and MobileNetV2, as well as a
VGG19 model implemented in Patil et al. (2024).
The hyper-parameters of the ResNet-50,
MobileNetV2, and EfficientNet BO models in
EnsemHelmet are presented in Table 3.
Additionally, the EnsemHelmet model is also
experimented with default hyper-parameters,
referred to as EnsemHelmet (Default). The training

process in PyTorch includes batch size, learning
rate, weight decay, Cross-Entropy loss, Adam
optimizer, and Exponential LR scheduler for gradual
learning rate reduction per epoch as shown in Table
3. The performance of the experimental models is
evaluated on the test set using accuracy and
confusion matrix, which provides a detailed analysis
of the classification ability between two classes.

Before being fed into the model for training and
prediction, all images were preprocessed by resizing
them to 224 x 224 pixels and normalizing them
using the ImageNet mean and standard deviation
(mean = [0.485, 0.456, 0.406] and std = [0.229,
0.224, 0.225]). To enhance generalization, we apply
data augmentation techniques such as horizontal
flipping, random image rotation (up to 15°),
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brightness and contrast adjustment, and random
cropping to the training set. Meanwhile, the images
in the validation and test sets only undergo resizing
and normalization to maintain consistency during
evaluation.

3.2. Results

Fig. 2 shows that the loss decreases over epochs,
with the training (blue) and validation (orange)
losses following a similar downward trend,
indicating  effective learning and minimal
overfitting. Minor fluctuations in validation loss are
expected due to dataset variations. Fig. 3 depicts the
accuracy improving steadily, with training and
validation curves converging near 100%, suggesting
strong  generalization. Occasional validation
accuracy surpassing training accuracy may result
from regularization techniques, reinforcing the
model’s robustness. Based on the stable
convergence of loss and accuracy, we selected 20
epochs for training the EnsemHelmet framework.

06
os
04
o3 \
02

2.5 5.0 75

—e— Average Training Loss
Average Validation Loss

Loss.

10.0
Epoch

125 15.0 17.5

Figure 2. The training and validation loss of the
EnsemHelmet framework
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Figure 3. The training and validation accuracy
of the EnsemHelmet framework

The confusion matrix results (Figure 4) demonstrate
the effectiveness of various deep learning models in
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helmet usage classification. Among the individual
models,  EfficientNet-BO  shows  superior
performance compared to ResNet-50 and
MobileNetV2, achieving fewer misclassifications
(False Positive Rate: 40 (0.44%), False Negative
Rate: 66 (0.73%)). However, the highest
classification accuracy was achieved by the
EnsemHelmet framework, which integrates
multiple models, reducing both false positives (31 —
0.34%) and false negatives (37 — 0.41%). This
combined  strategy  effectively = minimises
misclassification errors by leveraging the
complementary strengths of each architecture.

A notable observation is that MobileNetV2 recorded
the highest number of false negatives (86 — 0.96%),
indicating a greater tendency to misclassify helmet-
wearing individuals as non-helmeted. This can
cause significant problems in practical safety
applications, such as automatic traffic monitoring.
In contrast, the EnsemHelmet framework
significantly reduced both false positives and false
negatives, resulting in a more reliable and robust
classifier. These findings highlight the advantages
of ensemble learning for improving helmet use
detection, making it a promising approach for real-
world applications, including law enforcement and
road safety monitoring.

Table 4 summarizes the experimental results,
comparing the individual models, VGG model, and
the EnsemHelmet framework. Among the
individual models, ResNet-50 achieved the highest
accuracy at 98.91%, followed closely by
EfficientNet-BO  (98.82%) and MobileNetV2
(98.46%). While VGGI19 performed well, it
achieved lower accuracy of 91.03%, suggesting
limitations in feature extraction for this task. The
EnsemHelmet (Default) framework also
demonstrated strong performance, achieving
97.80% accuracy, highlighting the benefits of
ensemble learning. Notably, the proposed
EnsemHelmet framework outperformed all
individual models, achieving 99.24% accuracy,
demonstrating the effectiveness of ensemble
learning in combining multiple architectures to
enhance classification performance significantly.
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Figure 4. Confusion Matrices for ResNet-50, MobileNetV2, EfficientNet-B0, and the EnsemHelmet
Framework

Table 4. Experimental results of individual
models and the ensemhelmet framework

No Model Ac:},}:)acy
1 VGG19 (Patil et al., 2024) 91.03
2 MobileNetV2 98.46
3 Resnet 50 98.91
4 EfficientNet-BO 98.82
5 EnsemHelmet (Default) 97.80
6 EnsemHelmet (Proposed) 99.24

4. CONCLUSIONS

This study introduces the EnsemHelmet framework,
an ensemble-based approach for helmet usage
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classification, integrating ResNet-50,
MobileNetV2, and EfficientNet-BO to enhance
predictive accuracy. Experimental results indicate
that ensemble learning significantly improves
classification performance, achieving 99.24%
accuracy, surpassing individual deep learning
models. The confusion matrix analysis highlights its
effectiveness in minimizing false positives and false
negatives, ensuring a robust detection system.
Notably, while MobileNetV2 exhibited a higher
false-negative rate, the EnsemHelmet framework
effectively mitigated this issue, reinforcing its
practical reliability. These findings highlight the
potential of fusion techniques in safety surveillance
systems, contributing to enhanced road safety and
citizen law enforcement.
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Future research could explore incorporating
additional deep learning architectures and real-time
implementations to further optimise detection
performance. Additionally, applying ensemble
learning techniques to broader safety compliance
tasks, such as detecting protective gear in industrial
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