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Abstract

Recent studies have showcased significant accomplishments in leveraging computer vision and deep
learning techniques, significantly contributing to the realm of fire detection. Among these techniques,
computer vision and Al-driven approaches, including static and dynamic texture analysis. A major
safety problem for both buildings and public areas is fire detection. The reliability and coverage of
traditional approaches depending on sensor networks are constrained. Convolutional Neural Networks,
also known as CNNs, are a subset of artificial neural networks used in deep learning and are frequently
employed for object and picture recognition and categorization. Thus, Deep Learning uses a CNN to
identify items in a picture. There is a significant scarcity of publicly available datasets for fire detection
in images, the factors that influenced our choices to use the Flame Vision dataset from Kaggle for this
research work development are sizes, annotations, and balanced classes. The Flame Vision dataset
consists of 8600 complete high resolution photographs. A purposeful and intentional divide has been
made within this collection: 5000 photographs are devoted to exhibiting diverse fire scenarios, and the
remaining 3600 images show scenes without any fires. This paper suggests that CNN and transfer
learning models using VGG-16 offer the most promising results for the task of wildfire image
classification. These models not only yield higher accuracy but also demonstrate a more balanced trade-
off between precision and recall compared to traditional ANN.

Introduction

Statistics released by the Korean National Fire Agency revealed that 40,030 fires occurred across South
Korea in 2019, resulting in 284 deaths and 2219 injuries (Cheong-mo, Y. 2020). Furthermore, an average
of 110 fires and 0.8 fire-related fatalities occurred daily, leading to KRW 2.2 billion in fire property
damages (Cheong- mo, Y. 2020). In 2020, more than 50 people were killed in a fire after a 33-story tower
block building completely burned down in Ulsan, and a warehouse blaze occurred in Incheon, both
incidents in major Korean cities (Seok-min, 2020).

Accidental fires can ignite with frightening unpredictability and spread uncontrollably in seconds. Early
identification and prevention of the circumstances of these risks help to avoid unexpected fires and keep
people safe. Recentstudieshaveshowcased significant accomplishments in leveraging computer vis
i o n and deep learning techniques, significantly contributing to the realm of fire detection. A m o n g these
techniques, computer visionand Al-driven approaches, including static and dynamic texture analysis as
discussed by Opoulos, et al in 2015, convolutional neural networks (CNNs) as demonstrated by
Alikhujaev, etalin2 02 0, and the utilization of 360 - degree sensors as e x p1 o r e d by Barmpoutis, et al
in2020, have f o un d widespread application in fire detection scenarios.
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Aims, Objective and Scope
The research methodology employed in this paper can be summarized as follows:
1. Wildfire images acquisition using image dataset from (Flame Vision — Kaggle.com)

2. Wildfire images augmentation such as shearing, zooming and horizontal flipping to artificially
grow the dataset. Also, image resizing from 512x512 to 64x64 pixels for computational efficiency
and image normalization by rescaling the pixels form a scale of 0255 to a scale of 0-1 in order to
speed-up the convergence while training.

3. Wildfire images training and validation using ANN, CNN and VGG-16, after which test images
are either classified as fire or no-fire.

4. Performance analysis using the following statistical criteria namely accuracy, precision, recall
and f1-score.

The scope of this research work is limited to simulation and modeling of deep learning algorithms for
the detection and classification of wildfire images as fire and no-fire. The dataset used is the wildfire
images are the Flame Vision dataset form Kaggle.com. The deep learning algorithms are ANN, CNN
and VGG-16. This research work didn’t cover the hardware that has to do with the design, construction
and implementation of this research work into CCTV-based fire detection and alarm system.

Theoretical Background

According to numerous studies (Bixby et al. 2015; Ryu et al. 2018; McWethy et al. 2019; Tymstra et al.
2020), fire is a crucial ecological phenomenon that has complicatedly shaped landscapes, biodiversity,
terrestrial ecosystems, and the atmosphere environment. A major safety problem for both buildings and
public areas is fire detection. The reliability and coverage of traditional approaches depending on sensor
networks are constrained (Rahardjo, et al. 2020).

Fire Detection and Classification

Fire detection systems are designed to discover fires early in their development when time will still be
available for the safe evacuation of occupants. Early detection also plays a significant role in protecting
the safety of emergency response personnel. Property loss can be reduced and downtime for the
operation minimized through early detection because control efforts are started while the fire is still
small.

The Need for Advanced Fire Detection

The limitations of traditional fire detection systems are evident in their coverage and reliability. An early
fire detection system can save lives by alerting building occupants to the presence of a fire and allowing
them to evacuate safely. Early warning alerts can notify a select group of people of a potential issue in
the making. This buys valuable time to act on safety protocols and extinguish the hot spot before turning
into a threatening hazard (MoviTHERM, 2018).

Computer Vision and Deep Learning

Computer vision (CV) is the scientific field which defines how machines interpret the meaning of
images and videos. Computer vision algorithms analyze certain criteria in images and videos and then
apply interpretations to predictive or decision-making tasks. Deep learning has been a game changer in
the field of computer vision. It’s widely used to teach computers to “see” and analyze the environment
similarly to the way humans do.

Convolutional Neural Networks, also known as CNNs, are a subset of artificial neural networks used in
deep learning and are frequently employed for object and picture recognition and categorization. Thus,
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Deep Learning uses a CNN to identify items in a picture. CNNs are being used extensively in a variety
of tasks and activities, including speech recognition in natural language processing, video analysis, and
difficulties with image processing, computer vision, and self-driving car obstacle detection. Due to their
major contribution to these rapidly developing and expanding fields, CNNs are widely used in deep
learning.

Artificial Neural Network (ANN)

An input layer, hidden layers, and an output layer are common components of an artificial neural
network. ANNs draw inspiration from the structure of the human brain. Artificial neurons, or nodes in
ANN:Ss, collect inputs, process them, and deliver the result as output, much like a neuron in the brain does
when it distributes information throughout the body. The input is the image. The input layer accepts
arrays of the picture pixels as input.

There may be several hidden layers in ANNs that use mathematics to extract features from the image.
Their construction is driven by the brain's visual cortex, which is made up of alternating layers of basic
and sophisticated cells. Although there are many different types of ANN designs, they all generally
comprise convolutional and pooling (or subsampling) layers that are organized into modules.

Fig 2.4 shows an active Artificial Neural Network which is the basic building block of every deep
learning network or algorithm.

ARTIFICIAL NEURAL NETWORK

Fig.2.4: The architecture of basic Artificial Neural Network (ANN)
Convolutional Neural Network (CNN)
A CNN typically has three layers: a convolutional layer, a pooling layer, and a fully connected layer.

Convolution Layer: The majority of CNN's computations are handled by the convolution layer, which is
its core. Between a kernel (a collection of teachable parameters) and a particular region of the receptive
field, it conducts a dot product. The kernel matches the image's depth, covering all of its channels,
including RGB, despite being shorter and wider than the image in height and width.

Pooling Layer: The pooling layer reduces the representations spatial size and processing requirements
by condensing the network's output in particular locations by averaging neighbouring outputs. There are
other pooling functions, but the most popular one is max pooling, which identifies the neighborhood
with the highest output.
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Fully-connected layer: The Fully Connected (FC) layer consists of the weights and biases along with
the neurons and is used to connect the neurons between two different layers. These layers are usually
placed before the output layer and form the last few layers of a CNN Architecture (Dharmaraj, 2022).

Transferred Learning with VGG16

VGG16, short for "Visual Geometry Group 16," is a specific type of Convolutional Neural Network
(CNN) . VGG16 is composed of several layers, and while it follows the general structure of a CNN,
which includes Convolutional layers, pooling layers, and fully connected layers, it is particularly known
for its deep architecture featuring 16 weight layers.

Convolutional Layer:

Unlike CNN architectures that use a variety of kernel sizes, VGG16 exclusively uses 3x3 convolutional
kernels, which are small but effective at creation of features from images. Each kernel operates over all
the channels of its receptive field, capturing intricate patterns and details.

Pooling Layer:

Similar to other CNNs, VGG16 incorporates pooling layers specifically designed for down sampling the
spatial dimensions of the input volume. These layers are usually of the max-pooling type. By picking the
maximum value from a neighborhood of values, max-pooling ensures that the most prominent features
are retained while reducing the computational complexity for the upcoming layers.

Fully-connected Layer:

VGG16 ends with three fully-connected (FC) layers. The first two have 4096 nodes each, and the last one
corresponds to the number of classes for classification and usually contains 1000 nodes for a 1000-way
classification problem like ImageNet. These layers play the role of integrating the features learned by the
previous layers to make the final prediction.

Research Methodology
Fire Dataset Acquisition

There is a significant scarcity of publicly available datasets for fire detection in images, the factors that
influenced our choices to use the Flame Vision dataset from Kaggle for this research work development
are sizes, annotations, and balanced classes. The Flame Vision dataset consists of 8600 complete high-
resolution photographs. A purposeful and intentional divide has been made within this collection: 5000
photographs are devoted to exhibiting diverse fire scenarios, and the remaining 3600 images show
scenes without any fires. This particular distribution highlights the significance of distinguishing
between fire and non-fire events in addition to ensuring that the models have a wide and varied set of
data points to learn from. The dataset is neatly segregated into training, validation, and test sets as 80%,
10% and 10% respectively.

Table 3.1: Dataset Distribution

Training Data:

Total: 6,800 images
Fire: 3,600

No fire: 3,200

Validation Data:

Total: 900 images
Fire: 700

No fire; 200

Test Data:

Total: 900 images
Fire: 700

No fire; 200

From (Sharma et al., 2017), there are images that are difficult for models to classify, and they are: Red
coloured houses, sunsets, and vehicles with bright lights with different shades of yellow and red etc.
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The Flame Vision dataset, although primarily designed for aerial fire detection, was adapted for our
fire detection research.

Fire Image Augmentation

The raw dataset could not include all conceivable cases or variations. Then, controlled distortions to
the images using augmentation methods including shearing, zooming, and horizontal flipping, were
carried out in other to artificially grow the dataset or to increase the number of fire-scene in the images
in the dataset.

Image Data Generators

Image Data Generators are indispensable tools when managing large volumes of image data. They not
only streamline numerous preprocessing tasks, transforming potential challenges into smooth
operations but also handle crucial tasks. These include scaling pixel values for normalization,
implementing augmentation techniques, and batching images cohesively. As a result, during training
sessions, data is consistently fed into the model in optimized batches, ensuring more streamlined and
effective training cycles.

Artificial Neural Network (ANN) Model Architecture
The neural network designed for fire classification from the images consists of:

. Input Layer: Consists of 64x64 pixels with three channels (RGB), making up a
total of 12,288 input neurons.

. Hidden Layers: Two dense hidden layers. The first one contains 128 neurons and
the second one 64 neurons. Both utilize the Rel.U activation function.

. Output Layer: A single neuron employing the sigmoid activation function,
yielding a probability score.

Activation Function

ReLU (Rectified Linear Unit) was chosen as the activation function for the hidden layers due to its
efficiency and capability to deal with the vanishing gradient problem. For the output layer, the
sigmoid activation function was employed, providing a probability score between 0 and 1, indicative
of the two classes (fire and no fire).

Training and Compilation:
Optimizer: Adam
Loss Function: Binary Cross entropy
Metrics: Accuracy
Epochs: 10
Convolutional Neural Network (CNN) Model Architecture
The CNN model developed for fire classification from the images has the following structure:

+ Input Layer: Accepts images of dimension 64x64x3, representing the width, height, and
RGB channels of the images.

+ Convolutional Layer 1: This layer contains 32 filters (or kernels), each of size 3x3,
coupled with the ReLU activation function. Given the input image size of 64x64x3, the
resulting feature maps have dimensions of 62x62x32.
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« Pooling Layer 1: Following the first convolutional layer, a max-pooling operation is
applied with a 2x2 filter, reducing the spatial dimensions of the feature maps by half (i.e.,
31x31x32).

« Convolutional Layer 2: Another set of 32 filters of size 3x3 is applied, again with the
ReLU activation function, resulting in feature maps of 29x29x32.

« Pooling Layer 2: A subsequent max-pooling operation is applied with a 2x2 filter, further
reducing the spatial dimensions of the feature maps (i.e., 14x14x32).

« Flattening: The 2D feature maps are transformed into a 1D vector.

« Fully Connected Layer: This dense layer contains 128 neurons, each activated by the
ReLU function.

+ Output Layer: A single neuron with the sigmoid activation function, yielding a
probability score.

Activation Function

ReLU (Rectified Linear Unit) is used as the activation function for both the convolutional and fully
connected layers because of its efficiency and ability to mitigate the vanishing gradient problem. The
output layer, on the other hand, employs the sigmoid activation function to provide a probability score
between 0 and 1, representing the two classes (fire and no fire).

Training and Compilation:
 Optimizer: Adam
« Loss Function: Binary Cross entropy
» Metrics: Accuracy
« Epochs: 10
Transfer Learning with VGG-16 Model Architecture

The VGG-16 architecture was utilized as a foundational model to classify fire from images. This
architecture consists of:

* VGG-16 Base Model: The model employs a pre-trained VGG-16 network that has been
trained on the ImageNet dataset. Given the provided input shape, the model accepts images
of dimension 64x64x3. The top layers of the VGG-16 model are excluded (i.e., the fully
connected layers that perform the classification in the original VGG16 model).

« Frozen Layers: All the layers in the VGG16 base model have been frozen, meaning they
will not be updated during training. This is to preserve the features learned from the
ImageNet dataset.

+ Flatten Layer: To transform the 2D feature maps into a 1D vector for the dense layers.

+ Fully Connected Layer: Comprises 256 neurons and utilizes the ReLU activation
function.

« Output Layer: A single neuron that employs the sigmoid activation function, which
provides a probability score indicating the presence or absence of fire.

Feature Extraction Method:

+ The VGG-16 model, pre-trained on the ImageNet dataset, is employed for feature
extraction. This model is designed with several convolutional and pooling layers which
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capture hierarchical patterns in images. By using this pre-trained model and excluding its top
fully connected layers, we extract features from our images that are then fed into the custom
dense layers for classification. The inclusion of the Flatten layer transforms these 2D spatial
features into a 1D vector which can be input into the dense layers.

Activation Functions:

+ ReLU (Rectified Linear Unit): Used in the fully connected layer of 256 neurons. Chosen
due to its efficiency in handling non-linearity and mitigating the vanishing gradient problem.

« Sigmoid: Utilized in the output layer to yield a probability score between 0 and 1,
indicative of the two classes (fire and no fire).

Training and Compilation:
0 Optimizer: Adam
+ Loss Function: Binary Cross Entropy
« Maetrics: Accuracy
0 Epoch: 10
Performance Evaluation Metrics

The performance evaluation metrics for this research work is based on the following statistical analysis
namely Accuracy, Precision, Recall and F1-Score.

Accuracy TP IUTN
I 3.1

TP [OFP [0OTN

I0FN
Pr ecision TP
I TP S (3.2)
I0FP
Re call P 3.3)
I TP
IOFN

Precision * Re
F1 [0Score 02 * (3.4) call

Pr ecision UIRe

call
Specification of System

The computational experiments were executed on Google Colab's GPU T4, specifically the NVIDIA
Tesla T4. This GPU, with its Turing architecture and 16 GB GDDR6 memory, offers up to 8.1 TFLOPS
of single-precision performance. Such specifications ensure efficient training and validation processes,
especially for deep learning models.
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Results and Discussion

Fire Dataset

Figure 4.1 shows the different classes (Fire and No-Fire) of images in the Flame Vision dataset used for
this research work.

(b) No-Fire Image (a)

Fire Image

Figure 4.1: Sample of different classes (Fire and No-Fire) of images in the Flame Vision dataset

The original images in the Flame Vision dataset were resized from 512x512 pixels to 64x64 pixels. The
image normalization helped in rescaling the pixels from a scale of 0-255 to a scale of 0-1, this helps to
speed up the convergence while training. Setting a shear range of 0.2 slants the images along their axis by
a maximum number of 20%. Setting a zoom range of 0.2 magnifies or reduces the size of the content of
the images by up to 20% i.e the images are zoomed in or zoomed out up to a level of 20%, Horizontal flip
mirrors the images along the vertical axis, it flips the images horizontally like a mirror.

Image Augmentation

Figure 4.2 show the original and augmented images. The augmented images show the manipulated
original images.
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Original Original Original Original
Augmented Augmented

Figure 4.2: Original vs Augmented Images
Convolutional Neural Network

The training log for CNN is shown in Table 4.2, which shows the loss, accuracy, validation loss and
validation accuracy and the visualization plot are shown in Figure 4.6 and 4.7. Figure 4.6 shows the CNN
model accuracy for the training and validation while Figure 4.7 shows the CNN model loss for the
training and validation. Figure 4.8 shows the confusion matrix of the CNN model.

Table 4.1.3: Training log for CNN

Epoch 1/10

213/213 [===========] - 81s 349ms/step - loss: 0.3530 - accuracy: 0.8487 - val_loss: 0.3884
val_accuracy: 0.9056 Epoch 2/10

213/213 [===========] - 64s 300ms/step - loss: 0.1813 - accuracy: 0.9307 - val_loss: 0.1942
val_accuracy: 0.9333 Epoch 3/10

213/213 [===========] - 62s 292ms/step - loss: 0.1376 - accuracy: 0.9481 - val_loss: 0.1668
val_accuracy: 0.9422 Epoch 4/10

213/213 [===========] - 62s 293ms/step - loss: 0.0871 - accuracy: 0.9706 - val_loss: 0.4263
val_accuracy: 0.7589 Epoch 5/10

213/213 [===========] - 62s 292ms/step - loss: 0.0667 - accuracy: 0.9753 - val_loss: 0.4882
val_accuracy: 0.8933 Epoch 6/10

213/213 [===========] - 62s 292ms/step - loss: 0.0432 - accuracy: 0.9853 - val_loss: 0.0610
val_accuracy: 0.9911 Epoch 7/10

213/213 [===========] - 62s 293ms/step - loss: 0.0399 - accuracy: 0.9869 - val_loss: 0.5712
val_accuracy: 0.7300 Epoch 8/10

213/213 [===========] - 63s 294ms/step - loss: 0.0326 - accuracy: 0.9906 - val_loss: 0.2901
val_accuracy: 0.9456 Epoch 9/10

213/213 [===========] - 63s 298ms/step - loss: 0.0273 - accuracy: 0.9906 - val_loss: 0.4483
val_accuracy: 0.8622 Epoch 10/10

213/213 [===========] - 63s 294ms/step - loss: 0.0264 - accuracy: 0.9921 - val_loss: 0.2960

val_accuracy:
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Figure 4.1.3 : CNN model accuracy for training and validation
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Figure 4.1.4: CNN model loss for training and validation
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It is observed from Table 4.1.3 and Figures 4.1.3 to 4.1.4 that the accuracy increased from 0.0.8487
to 0.9921 with a decreased in the loss from 0.3530 to 0.2640 with increased in the number of
epochs. This shows the effectiveness of the CNN model. This shows the effectiveness of the CNN
model.

i
T - 189
3 - 500
400
-1}
=
=
- 300
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- 100
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Figure 4.1.5: Confusion Matrix for CNN Model

The confusion matrix for the CNN model in Figure 4.8 shows that 189 images are true negatives
(detected as true images of no-fire), 11 images as false negatives (detected as images of no-fire
when they are images of fire), 16 images as false positives (detected as images with fire when the
images of no-fire) and 684 as true positives (detected as true images of fire).

Transfer Learning with VGG-16

The training log for VGG-16 is shown in Table 4.3, which shows the loss, accuracy, validation loss
and validation accuracy and the visualization plot are shown in Figure 4.9 and 4.10. Figure

4.9 shows the VGG-16 model accuracy for the training and validation while Figure 4.10 showsthe
VGG-19 model loss for the training and validation. Figure 4.11 shows the confusion matrix of the
VGG-16 model.

Table 4.1.6: Training log for VGG-16

Epoch

1/10

213/213 [===========] - 87s 358ms/step - loss: 0.1876 - accuracy: 0.9297 - val_loss: 0.1748
val_accuracy: 0.9389 Epoch 2/10

213/213 [===========] - 69s 326ms/step - loss: 0.0730 - accuracy: 0.9766 - val_loss: 0.0930
val_accuracy: 0.9544 Epoch 3/10

213/213 [===========] - 62s 293ms/step - loss: 0.0514 - accuracy: 0.9824 - val_loss: 0.1301
val_accuracy: 0.9656 Epoch 4/10

213/213 [===========] - 62s 291ms/step - loss: 0.0344 - accuracy: 0.9884 - val_loss: 0.1218

val_accuracy: 0.9511 Epoch 5/10

Meju, M., Ekoko, U. & Chiadika, D. M. (2026). Convolutional Neural Networks: Comparative Fire Detection Using Deep Learning Algorithm. Academy Journal of Information and
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213/213 [===========] - 625 292ms/step - loss: 0.0343 - accuracy: 0.9878 - val_loss: 0.1542

213/213 [===========] - 62s 291ms/step - loss: 0.0246 - accuracy: 0.9921 - val_loss: 0.1825

213/213 [===========] - 63s 296ms/step - loss: 0.0215 - accuracy: 0.9926 - val_loss: 0.0868

213/213 [===========] - 63s 298ms/step - loss: 0.0127 - accuracy: 0.9963 - val_loss: 0.0534

213/213 [===========] - 63s 295ms/step - loss: 0.0142 - accuracy: 0.9954 - val_loss: 0.0666

val_accuracy: 0.9722

Model accuracy
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Figure 4.9: VGG-16 model accuracy for training and validation
Conclusion and Recommendation

In conclusion, This paper suggests that CNN and transfer learning models using VGG-16 offer the
most promising results for the task of wildfire image classification. These models not only yield
higher accuracy but also demonstrate a more balanced trade-off between precision and recall
compared to traditional ANN.

Recommendations

The following recommendations are suggested for the improvements on the research work in the
future.

1. It is recommended that we create custom Coupled-Circuit Television (CCTV) dataset for this kind
of study in order to have better features extracted that will be more representative of reallife
scenarios for CCTV system integrations.

2. Future research could focus on the real-world implementation of these models, considering
computational constraints and evolving fire patterns.
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