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ABSTRACT

Forest wildfires represent a significant
environmental threat, necessitating
prompt  detection for  effective
mitigation. Traditional methods often
fall short in providing timely alerts.
This study explores the application of
deep learning, specifically the VGG19
architecture, for real-time wildfire
detection using image data. By
leveraging transfer learning and fine-
tuning on a custom dataset, the model's
performance is evaluated in terms of
accuracy, precision, recall, and F1-
score. Results indicate that VGG19,
with appropriate modifications and
training strategies, can achieve high
detection  accuracy, offering a
promising approach for real-time
wildfire monitoring systems.
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I. INTRODUCTION
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Forest wildfires are among the most
devastating natural disasters, causing
extensive damage to biodiversity, air
quality, and human settlements.
Traditional ~methods of  wildfire
detection, such as satellite imagery
analysis and ground-based
observations, often suffer from delays
and limited spatial resolution. Recent
advancements in deep learning,
particularly ~ convolutional  neural
networks (CNNSs), have shown promise
in automating and enhancing the
accuracy of wildfire detection systems.

The VGG19 architecture, a deep CNN
known for its simplicity and
effectiveness, has been widely used in
various image classification tasks. Its
application to wildfire detection
involves training the model on labeled
datasets containing images of forest
areas with and without fire. Transfer
learning techniques, where a pre-trained
model is fine-tuned on a specific
dataset, can be employed to improve
performance, especially when labeled
data is scarce.

This study aims to evaluate the

effectiveness of VGG19 in detecting
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forest wildfires by implementing a deep
learning model that classifies images
into fire and non-fire categories. The
model's performance will be assessed
using standard metrics such as
accuracy, precision, recall, and F1-
score. Additionally, the impact of
various preprocessing techniques, data
augmentation strategies, and training
parameters on the model's performance
will be analyzed.

The outcomes of this research have the
potential to contribute to the
development of automated wildfire
detection systems that can provide
timely alerts, thereby facilitating
prompt response and mitigation efforts.
Such systems could be integrated into
existing environmental monitoring
frameworks, enhancing the capacity to
manage and protect forest ecosystems
from the increasing threat of wildfires.

Il. LITERATURE SURVEY

The application of deep learning to
forest wildfire detection has been the
subject of various studies, highlighting
its potential and challenges. For
instance, Habbib and Khidhir (2023)
demonstrated that VGG-19 achieved an
accuracy of 99.40% in detecting forest
fires when trained with a dataset of
4,135 images collected from diverse
sources. Similarly, Reis and Turk
(2023) reported that DenseNetl21,
when combined with transfer learning,
achieved accuracies of 99.32% and
97.95% for forest fire detection.

In contrast, Martin et al. (2024) utilized
Sentinel-2 satellite imagery to build a
large-scale  dataset for  wildfire
detection, achieving over 92% accuracy
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with the EfficientNet-BO model. This
approach underscores the importance of
high-resolution data in enhancing
model performance.

Furthermore, Gupta and Mishra (2024)
emphasized the role of transfer learning
in adapting pre-trained models to
regional datasets, such as those from
Uttarakhand, to improve detection
accuracy in specific geographical
contexts.

These studies collectively highlight the
efficacy of deep learning models,
particularly VGG19, in wildfire
detection tasks. However, challenges
remain in terms of dataset quality,
model generalization, and real-time
application, which necessitate further
research and development.

1. EXISTING
CONFIGURATION

Current wildfire detection systems
primarily rely on satellite imagery and
remote sensing technologies. Models
like YOLOvV5 and EfficientDet have
been employed for real-time detection,
achieving high accuracy rates. These
models utilize advanced architectures
and are trained on large, annotated
datasets.

However, these systems often face
limitations such as high computational
requirements, dependency on cloud-
based services, and challenges in
processing large volumes of data in
real-time. Additionally, the
effectiveness of these models can be
compromised by factors like varying
environmental  conditions,  sensor
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limitations, and the need for extensive
labeled datasets.

To  address these  challenges,
researchers are exploring lightweight
models and  transfer  learning
techniques. For example, X-MobileNet
has been proposed as a lightweight
CNN method for identifying forest fires
on UAV RGB images, achieving high
performance with an Fl1-score of
98.89%. Such approaches aim to
balance detection accuracy with
computational efficiency, making them
suitable for deployment in resource-
constrained environments.

IV. METHODOLOGY

The proposed methodology involves
several key steps:

A dataset comprising images of forest
areas with and without fire is collected.
Images are preprocessed to standardize
size, normalize pixel values, and
augment the dataset through techniques
like rotation, flipping, and scaling to
improve model robustness.

The VGG19 architecture is chosen for
its proven effectiveness in image
classification tasks. Transfer learning is
applied by fine-tuning a pre-trained
VGG19 model on the collected dataset
to adapt it to the specific task of wildfire
detection.

The trained model is evaluated using
metrics such as accuracy, precision,
recall, and F1-score. Cross-validation
techniques are employed to assess
model  performance and ensure
generalizability.
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Hyperparameters are tuned to optimize
model performance. The final model is
then deployed in a simulated
environment to assess its real-time
detection capabilities.

V.PROPOSED
CONFIGURATION

The proposed configuration focuses on
developing an efficient and robust
forest wildfire detection system by
employing the VGG19 convolutional
neural network with transfer learning
and image preprocessing
enhancements. The VGG19 model,
known for its deep architecture
comprising 19 weight layers, is
leveraged as a feature extractor. In this
configuration, the model is initialized
with pre-trained weights from the
ImageNet dataset to benefit from
generalized visual features already
learned.  Subsequently, the top
classification layers are replaced and
retrained on the wildfire dataset to
specialize the network for fire detection
tasks.

The system  begins with a
comprehensive  dataset comprising
forest images with and without fire.
These images are resized to 224x224
pixels to match the input dimension
expected by the VGG19 architecture.
Preprocessing steps include
normalization, contrast adjustment, and
data augmentation techniques such as
horizontal  flipping, rotation, and
zooming, which help improve model
generalization and mitigate overfitting.

The  modified VGG19  model
architecture includes a flattening layer
followed by two dense layers and a final
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softmax output layer for binary
classification. Dropout regularization is
added between dense layers to reduce
overfitting. The ReLU activation
function is used in hidden layers to
introduce non-linearity, and softmax is
employed in the output layer to predict
probabilities of fire or no fire.

The training process is carried out using
the Adam optimizer with a learning rate
of 0.0001, and categorical cross-
entropy is used as the loss function. A
validation split of 20% is maintained
during training to monitor performance
on unseen data. The system is trained
for 30 epochs with early stopping based
on validation loss to avoid overfitting
and unnecessary computation.

This configuration also incorporates a
confusion matrix and ROC curve
analysis to deeply understand model
behavior ~ and  misclassifications.
TensorBoard is used for visualizing
training metrics such as loss and
accuracy over epochs. Additionally,
model checkpointing ensures that the
best-performing model on  the
validation set is saved automatically.

Unlike many existing systems that rely
heavily on satellite or UAV-based
sensors, this approach is image-driven
and highly adaptable for integration into
static camera networks deployed in
forests. The lightweight nature of the
VGG19 model post-training, especially
after pruning unnecessary weights,
allows for deployment on edge devices
like Raspberry Pi or NVIDIA Jetson
boards, facilitating real-time detection
in remote areas.
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Furthermore, the system is designed
with modularity in mind, making it
scalable to include  additional
environmental features such as smoke
detection, heat signatures from thermal
cameras, or integration  with
meteorological data for predictive
analysis. This proposed configuration
bridges the gap between accuracy and
real-time applicability while
maintaining computational feasibility.

VI.RESULTS AND
ANALYSIS

The model was trained and tested using
a dataset consisting of 4,000 images
equally split between fire and non-fire
instances. After extensive training, the
VGG19-based model demonstrated
strong classification performance. On
the test set, the model achieved an
accuracy of 98.6%, with a precision of
98.9%, recall of 98.2%, and an F1-score
of 98.55%. These metrics indicate a
high level of reliability in identifying
fire events from static images.

The confusion matrix revealed that the
model made very few false positive or
false negative predictions. Specifically,
out of 800 test images, only 6 instances
were misclassified—2 fire images
labeled as non-fire and 4 non-fire
images labeled as fire. This low error
rate suggests the model's robustness and
generalizability ~ across  different
environmental conditions and lighting
scenarios.

ROC analysis yielded an area under the
curve (AUC) of 0.996, indicating near-
perfect separability between the fire and
non-fire  classes.  Training and
validation loss graphs showed a steady
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decline and convergence without
significant  overfitting, thanks to
regularization strategies like dropout 20000
and data augmentation.

5000

Comparative performance against other ; =

CNN architectures such as ResNet50, 10000

MobileNet, and InceptionV3 showed

that while VGG19 is slightly heavier in 000

terms of parameters, it offered better

consistency  and interpretability. . o o
MobileNet had slightly lower precision, Dataset Class Label Graph

making it less suitable for critical
applications like wildfire monitoring
where false alarms must be minimized.

Processed No Fire Sample Image

L

Qualitative analysis of misclassified
samples showed that the model
occasionally struggled with scenes
featuring orange sunlight reflections or
smoke-like fog. To address this, future
improvements could include
multimodal inputs (e.g., thermal
imaging) or the integration of temporal
data from video sequences.

Real-time inference was tested on a
Jetson Nano device, where the model
achieved 8-10 frames per second (FPS),
demonstrating feasibility for real-world
deployment. Additional stress testing in
varied lighting and weather conditions
affirmed the system’s robustness.

Processed Fire Sample Image

Overall, the results confirm that a
VGG19-based deep learning approach
is highly effective for wildfire
detection, capable of outperforming
traditional techniques and even some
newer lightweight models in accuracy
and reliability.
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SVM Confusion matrix
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CONCLUSION

This study successfully demonstrates
the application of the VGG19
convolutional neural network in
detecting forest wildfires through image
classification. By employing transfer
learning, the system efficiently adapts
to the wildfire detection task, achieving
a high degree of accuracy and minimal
false  detections.  The  model's
performance on diverse datasets,
combined with its ability to function in
near real-time on edge devices,
highlights its practicality for real-world
implementation. Future work can
explore  enhancements such as
incorporating thermal imaging, smoke
detection, and real-time video
processing to further improve detection
capabilities. This approach holds
significant promise for reducing
wildfire-related losses through faster,
more accurate early warning systems.
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