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Abstract: Governments worldwide are increasingly prioritizing early wildfire detection to safeguard lives, property, and
the environment. Although CNN-based models have demonstrated exceptional performance in various computer vision
applications, the evolving nature of wildfire images poses significant challenges for a single CNN-based model in
wildfire detection. In this study, we addressed this issue by integrating and weighting the differential learning capabilities
of three individual transfer learning models: InceptionVV3, ResNet50, and VGG16. Experimental results show that the
ensemble deep learning models significantly outperformed all single classifiers across all performance metrics. Both the
ensemble and weighted ensemble deep learning models achieved 99.7% accuracy, 99.5% precision, 100% recall, 99.8%
F1-score, 0.5%false positive rate, 0.0% false negative rate and 0.3% error rate. Additionally, these models reduced the
error rate by 98%, 91%, and 40% compared to the error rates of ResNet50, InceptionV3, and VGG16 respectively. A
false negative rate of 0% indicates that our proposed ensemble deep learning models identified and predicted all the
wildfire instances present in the test set correctly without a single misclassification. This positions our proposed ensemble
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deep learning models as superior choices for reducing misclassifications in wildfire detection.

Index Terms: Ensemble Learning, Wildfire, Deep Learning, Forest Fire, Confusion Matrix, Classification.

1. Introduction

Wildfires are becoming more frequent and intense due to climate change, with rising temperatures, extreme weather
events, and vegetation desiccation. These fires can spread rapidly, causing severe damage to human lives, infrastructure,
and ecosystems, and in 2018 alone, wildfires resulted in an estimated $1.6 billion in economic losses in the United States
and Australia. Wildfires disrupt the ecological balance, alter local weather patterns, and threaten the extinction of
vulnerable species. To mitigate these impacts, governments are actively seeking advanced methods for early detection of
wildfires [1-3].

Traditionally, wildfires are detected using networks of cameras, fire watchtowers, or satellite images of areas of
interest. However, the detection of wildfire with these systems is problematic, challenging, and error-prone because of
the involvement of human beings in the monitoring of the data streams emitted from these wildfire detection systems [4,
5]. For these reasons, researchers have leveraged the advancement in computer vision technology to vigorously research
efficient and effective techniques of automated fire detection systems [4-7].

Although deep learning models have achieved state-of-the-art results in a variety of computer vision use cases, the
major and common drawback is that the Convolutional Neural Network (CNN) requires large data samples and
computational resources to train. The reality is that the common wildfire datasets are small, repetitive, and collected as
images or video samples from the Internet and experiments, and there is no standard dataset to adopt in the training mode
and performance evaluation task [8].

Transfer learning technique fine-tunes a pre-trained neural network architecture on a smaller, wildfire-specific
dataset. This allows for smaller datasets and less computational complexity without compromising model detective
performance accuracy. Transfer learning is crucial in wildfire detection due to its ability to overcome data limitations,
improve feature extraction, generalize findings, accelerate model convergence, and adapt to diverse environmental
conditions [9]. Transfer learning is a machine learning technique that leverages the knowledge gained from the first task
to improve learning efficiency and performance on the second task, especially where labeled data are scarce [10].

Despite advancements in the algorithms, individual models struggle with the complex and changing nature of
wildfires as each algorithm has its own set of strengths and weaknesses. Additionally, the evolving nature of wildfires
makes wildfire detection more complex and challenging, rendering it impractical for individual models to identify
wildfires across diverse conditions. Furthermore, weather conditions like fog and sunset, which mimic or have similarities
in pixel values with actual forest fires and smoke, further complicate their detection [11].

With ensemble deep learning, different individual learners work synergistically by integrating the strengths of
multiple algorithms to detect diverse forms of forest fires under various scenarios [12]. This study proposes a weighted
ensemble deep learning approach that integrates and assigns differential weights based on the learning capabilities of
three pre-trained models: InceptionV3, VGG16, and ResNet50. By assigning weights proportionally based on their
predictive and learning capabilities, this approach will enhance the overall accuracy of wildfire detection under diverse
environmental conditions.

The Flow of the Study

The introduction section sets the context for the study, while the methodology section describes the dataset and
outlines the approaches for developing the ensemble deep learning models. The subsequent section presents discusses
and compares the performance of the proposed ensemble deep learning models against individual models and other
models trained on the same benchmark DeepFire dataset. Finally, the conclusion section provides a summary of the key
findings along with recommendations for future studies.

2. Related Works

Due to the parallel computation power offered by graphical processing units (GPUs), deep learning architectures
like convolutional neural networks (CNNs) have become increasingly popular for detecting forest fires [8]. Since
Krizhevsky and his team published their pioneering work, training a deep CNN on 1.2 million high-resolution images for
the ImageNet LSVRC-2010 contest, the field of computer vision has been harnessed to develop models capable of
automatically detecting forest fires [13]. These models excel in extracting and learning complex feature representations
and deeper semantic meanings [14].

Muhammad et al. created a CNN model inspired by the GoogleNet architecture to detect fires in surveillance videos
[15]. Kim et al proposed a method that uses video sequences as input, employing a region-based CNN (R-CNN) to learn
spatial features and classify areas as either potential fire or non-fire. They further used Long Short Term Memory (LSTM)
networks to verify the reliability of fire alarms [16].
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Although transfer learning has achieved state-of-the-art results with a limited dataset, using a single pre-trained
model for wildfire detection is often unreliable due to the complexity and evolving nature of wildfire under different
environmental conditions. As a result, many researchers have turned to ensemble learning for more reliable forest fire
detection [11].

For instance, Renjie and his colleagues combined two object detectors, Yolov5 and EfficientDet, with a transfer
learning model, EfficientNet, to enhance wildfire detection accuracy. Yolov5 and EfficientDet were used in parallel to
detect forest fires, but they primarily focused on fire-like objects rather than the entire image. To address this, the
EfficientNet image classifier was incorporated, enabling the model to utilize global information and ensuring that fire-
like objects did not disproportionately affect detection results. Tests showed that this ensemble learning method
(combining Yolov5, EfficientDet, and EfficientNet) increased detection accuracy by 2.5% to 10.9% and reduced false
positives by 51.3% without adding extra latency [12].

Similarly, Bahhar et al [17] proposed and evaluated a system for detecting wildfires and smoke by integrating a
CNN-based model with YOLO as the object detection algorithm. The proposed method operated through a two-stage
process. Initially, the CNN-based model detected anomalies in the frame, indicating the presence of fire or smoke. Upon
detection, the YOLO model localized these anomalies, providing precise locations. During evaluations, the CNN-based
classification model achieved impressive results, with an accuracy of 0.99 and an F1-score of 0.95. The smoke detection
model attained a mean average precision of 0.85 despite challenges such as the limited availability of high-quality real-
world UAV-captured fire and smoke images. This ensemble deep learning approach effectively addressed both
classification and detection tasks [17].

In response to the rising incidence of forest fires driven by global warming and human activities, Abdusalomov et
al. leveraged deep learning techniques to develop an improved method for detecting forest fires using the Detectron2
model. Initially, they trained their proposed model on a custom dataset comprising 5,200 images of fire and non-fire,
taken both day and night under various scenarios. To enhance the model's representativeness, the dataset was augmented
to 348,600 images. Testing their model in real-time on a Raspberry Pi 3B+ system, they found that their Detectron2-based
model demonstrated superior performance, reaching an accuracy of 99.3% [18].

Furthermore, Almasoud leveraged an Integrated Sensor System (ISS) and deep learning techniques to develop a
reliable method for detecting and alerting wildfires. The proposed system, an intelligent system for detecting and alarming
wild forest fires using advanced deep learning techniques (IWFFDA-DL), aimed to identify forest fires at their early
stages using an 1SS that combined multiple sensors to gather input data for wildfire forecasting. Central to the system
were the Attention-based Convolutional Neural Network with Bidirectional Long Short-Term Memory (ACNN-BLSTM)
model for data processing and fire detection and the Bacterial Foraging Optimization (BFO) algorithm for performance
optimization. After extensive simulations to evaluate its effectiveness, the proposed IWFFDA-DL system demonstrated
its capability to classify different fire statuses accurately and showed significant improvements in various performance
metrics [19].

To enhance the detection capabilities of deep learning-based wildfire detection systems under varying environmental
conditions, Seydi and his team developed a deep learning framework called Fire-Net. This model was trained on Landsat-
8 imagery, utilizing visible and thermal data to improve detection accuracy. Fire-Net employed a two-stream feature
extraction method that leveraged residual convolution and separable convolution blocks, allowing for the extraction of
relevant features from coarse datasets. To demonstrate the model's robustness and transferability across different
environmental conditions and forest densities, Fire-Net was tested in various geographical areas, including Australia,
Central Africa, the Amazon Rainforest, Chernobyl, and North America. The study revealed that Fire-Net was highly
accurate, achieving an overall accuracy rate of 97.35%. It was particularly effective at detecting small active fires, which
is crucial for early intervention. This marked a significant advancement in remote sensing for forest fire detection, offering
a reliable and efficient tool for monitoring fires in diverse regions [20].

To highlight the potential of integrating UAVs with Al techniques for enhancing real-time forest fire detection and
response, Khan et al [21] proposed an innovative approach combining a UAV-based system with a VGG19-based transfer
learning model. After training and evaluation, they compared the performance of their model against several traditional
machine learning algorithms, including logistic regression, random forest, nawe Bayes, support vector machine, and k-
nearest neighbors. The experimental results demonstrated that their approach outperformed all traditional machine
learning models across all performance metrics, achieving a 95% prediction accuracy, 95.7 precision, and 94.2% recall
[21].

The paper by Jonnalagadda and Hashim addressed the pressing challenge of enhancing processing times and
detection capabilities in Unmanned Aerial Vehicle (UAV)/drone imagery. This method, called SegNet, uses a segmented
deep learning-based Convolutional Neural Network (CNN) to enhance the detection and monitoring of wildfires using
UAV/drone imagery. By focusing on reducing irrelevant features, SegNet was able to reduce the number of feature maps
in images, thereby increasing both processing speed and detection accuracy. Extensive evaluations of the SegNet model
using drone flight datasets showed that the SegNet model performed better in terms of accuracy and processing speed,
achieving an accuracy of 98.2% compared to other state-of-the-art algorithms like AlexNet and GoogleNet [22].

Somaiya et al introduced the FFireNet framework, an innovative deep-learning model. They built a binary classifier
on the pre-trained convolutional base of the MobileNetV2 model to detect wildfires using the benchmark DeepFire dataset.
The FFireNet model performed exceptionally well across all metrics, achieving an accuracy of 98.42%, an error rate of
1.58%, a recall of 99.47%, and a precision of 97.42% [23].
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Over the years, researchers have made significant progress in wildfire detection by leveraging deep learning
techniques to improve accuracy and reliability. Despite these advancements, a comprehensive literature review revealed
a gap: none of the existing studies has considered assigning weight to individual models' learning and predictive
capabilities when developing an ensemble deep learning model. This study addresses the limitations with two main
contributions.

Key Contributions of the Study

«  First, we propose an ensemble deep learning approach that combines the learning and predictive capabilities of
InceptionV3, ResNet50, and VGG16 to reduce misclassification.

. Second, we will assign differential weights proportional to the predictive contributions of InceptionV3,
ResNet50, and VGG16 to build a weighted ensemble deep learning model to further reduce misclassification.

3. Methodology

3.1. Description of the DeepFire Dataset

In this study, we used the DeepFire dataset, taken from Kaggle. The DeepFire dataset was curated meticulously by
Khan and colleagues to serve as a benchmark to aid researchers in developing binary classification models for wildfire
detection. Images were gathered from various online resources using keywords such as forest fire, mountain fire, forest,
and mountains. The dataset is divided into two fire and no-fire classes. The fire class includes images of forests and
mountains with visible fire flames or smoke clouds, while the no-fire class comprises images of forests and green
mountains without any signs of fire. The images in the DeepFire dataset have multiple angles of view and a diversified
range of scenery to better train the model for robustness and transferability. To enhance model training, the dataset was
preprocessed by cropping irrelevant objects, such as extinguishing machinery and people, and resizing them to a uniform
resolution of 250 x 250 pixels. This ensured the model could efficiently learn relevant features for classification. The
DeepFire dataset consists of 1900 images, with 950 images in the no-fire class and 950 in the fire class [21].

(a) Forest with fire (b) Forest Without Fire

Fig.1. Different Classes in the DeepFire Dataset with Forest Fire (a) and without Fire (b).

Table 1. Class distribution of the dataset and the number of instances in the train, validation and test sets

Class Train Set Validation Set Test Set
Forest Fire 642 107 190
No Forest Fire 658 113 190
Total 1300 220 380

3.2. Data Preprocessing and Flow Diagram of the Study

We conducted data preprocessing to prepare the dataset into the required format by the deep learning algorithms to
identify and extract features effectively [24]. The images were resized to 224 by 224 pixels with 3 color channels (RGB)
and normalized. Normalizing the data facilitated the backpropagation process, speeding up convergence and improving
performance [25, 26].

3.3. Pre-trained Models

Transfer learning is a machine learning technique that leverages knowledge from a source domain, like ImageNet,
for a new task with significantly fewer training examples. Given our limited wildfire dataset, three pre-trained CNN
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models: VGGNet, InceptionV3, and ResNet50 were selected to construct the robust ensemble and weighted ensemble
models for wildfire detection [9].

Dataset (Kaggle)

Fire No Fire

rd Pre-trained

Models

)

P — N\
Ilncepllon\‘s [\-‘cclsl ResNet50

|

Preprocessing

Image Training
b .

F

Extraction

eature Hyperparameter
Optimization

Fig.2. Flow diagram for the study

3.4. Residual Network
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Microsoft researchers introduced ResNet50 in 2015 to address the vanishing or exploding gradient problem in deep
neural networks. It uses residual block and skip connections to minimize training and test error, preserve knowledge gain,
and boost model performance. The residual blocks are stacked to form the residual Network. The underlying principle
behind the Residual Network is that the stacked layers were made to fit the residual mapping instead of these layers
learning the underlying mapping. It has a max-pooling layer that comes after a convolutional layer that is 7x7 and has 64
filters that reduce the spatial dimensions. ResNet50 has residual blocks organized into four stages with 16 blocks each,
each with a bottleneck structure consisting of three convolutional layers and two 1x1 and 3x3 convolution operations. It
incorporates skip connections to enhance gradient flow throughout the training process and uses global average pooling
(GAP) as its final layer to reduce spatial dimensions and the output layer is composed of a fully connected layer with
SoftMax activation function [27, 28].

Fig.3. Architecture of ResNet50 [27]

3.5. InceptionV3
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InceptionV3 is a CNN-based architecture from the Inception family, designed to enhance training speed and
convergence. It leverages techniques such as factorized convolutions, regularization, spatial factorization into
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asynchronous convolutions, dimension reduction, auxiliary classifiers, and parallel computations to create a
computationally efficient network with fewer parameters. The architecture comprises three key components: a
convolutional block for feature extraction, an improved inception module for parallel multi-scale convolutions to capture
diverse and complex patterns in data, and an auxiliary classifier for better convergence [29, 30].

W

X x4

] Convolution [] MaxPooling [J AveragePooling [ Concat [JSoftmax [ Fully Connected [ Dropout

Fig.4. Architecture of InceptionV3 [31]

3.6. VGG16

VGG16 is a CNN-based architecture proposed by K. Simonyan and A. Zisserman in their paper "Very Deep
Convolutional Networks for Large-Scale Image Recognition™. It made tremendous improvements over the AlexNet
architecture by replacing the large kernel-sized filters with multiple 3x3 kernel filters. Architecturally, the VGG16 model
consists of 13 convolutional layers, 2 fully connected layers, and 1 SoftMax classifier. The first and second convolutional
layers comprise 64 feature kernel filters, each of size 3x3, and the resulting feature map is passed to a max pooling layer
with a stride of 2. The third and fourth convolutional layers consist of 124 feature kernel filters, each of size 3x3, and
these two layers are followed by a max pooling layer with a stride of 2. The fifth, sixth, and seventh layers are
convolutional layers with kernel filters of size 3x3, and these layers are followed by max pooling with a stride of 2. From
the eighth to the thirteenth are two sets of convolutional layers with 512 filters, each of kernel size 3x3, and the resulting
feature map is passed to a max pooling layer with a stride of 1 [30, 32].

Pooling

Pooling

Pooling

Dense

Dense

Dense

Output

Fig.5. Architecture of VG [30]

3.7. Model Training and Evaluation

The ResNet50 architecture was chosen for its small parameter size, high performance, and control of vanishing and
explosion gradient problems [33]. The InceptionV3 architecture was chosen for its computational efficiency, faster speed,
and better optimization techniques [34]. The VGG16 was chosen for its ability to learn and extract complex features from
input images [30]. We preserved the convolutional base of the pre-trained models and customized them to extract useful
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features from the DeepFire dataset. A new classifier was constructed on top of the pre-trained models to leverage feature
mapping from the previous ImageNet dataset for wildfire detection. The models were trained over 50 epochs using the
Adam optimizer, binary cross-entropy loss function, and the Rectified Linear Unit (ReLU) activation function to introduce
non-linearity into the network and facilitate learning complex functions [24]. We used a batch size of 32 and a learning
rate of 0.001. For the output layer, we used the sigmoid activation function. The sigmoid function is a differentiable
squashing function that outputs the probability of prediction between 0 to 1, where x represents the input value to a neuron.
The binary cross-entropy loss function is applied in binary classification tasks, where the objective is to assign instances
to one of two classes. It is specifically used with the sigmoid activation function. The y in eq (1) represents the class and
p(y) is the predicted probability of the input belonging to class 1 or 0 [24, 35].

1

Softmax (x) = T @
Relu (x) = max(0,x) (2)
1 N
Loss = = Zyilog(p(y)) + (1 —ylog(1 - p(1)) ©)
@ " Sigmoid activation function
.\;.O W "
: T, 5= Z XWi+b Ve - \:
. w3 N J.-' \ i=0 '-.I N _
\O \2// \0/ y=a(S)
W
~®

Fig.6. A Sigmoid activation function of a neural network

4. Results and Discussion

4.1. Experimental Environment

The models were trained in Google Colab, which provides a powerful and convenient cloud-based environment.
Specifically, we used the NVIDIA-SMI 535.104.05 TP4 GPU for substantial computational power [36]. The Google
Colab environment featured a virtual machine with 7 processors, each with 4 cores (Intel(R) Xeon(R) CPU @ 2.00GHz),
and up to 53.4707GB of memory, ensuring robust computational resources without memory bottlenecks. For the software
components, we used Python 3.10.12 as the runtime. We used TensorFlow 2.15.0 as the backend and Keras as the high-
level API for training the neural network models. Additionally, we used NumPy 1.25.2 and Pandas 2.0.3 for numerical
computations and data manipulation respectively, and Seaborn 0.13.1 and Matplotlib 3.7.1 were used for visualization
tasks. We also leveraged OpenCV 4.8.0 to preprocess the images into the required shape before passing them to the neural
network for training.

4.2. Establishment of Baseline Models and Performance Analysis

We first trained ResNet50, InceptionV3, and VGG16 on the DeepFire Dataset to establish baseline performance.
These models served as benchmarks for assessing the effectiveness of our proposed ensemble and weighted ensemble
deep learning methods. We tracked the training and validation accuracies of the three individual classifiers; ResNet50,
InceptionV3, and VGG16) over 50 epochs, using a model checkpointing system to save the network weights only when
there was an improvement in validation accuracy and the results presented in Fig. 8.

We evaluated the predictive performance of the classifiers on the test set across various metrics, including accuracy,
precision, recall, F1-score, ROC-AUC score, false positive rate, false negative rate, and error rate. The confusion matrices
for our proposed ensemble deep learning models and the three other individual models are presented in Fig. 7. A confusion
matrix is a table that visualizes the performance of a supervised machine learning algorithm when the true labels of the
test set are known. Each row of the matrix represents the actual class instances, while each column represents the predicted
ones. Diagonal elements indicate correct classifications, while off-diagonal elements indicate misclassifications [24, 35].
From the confusion matrices in Fig. 7, the Y-axis represents the actual classes, while the X-axis represents the predicted
classes. From these confusion matrices, we obtained the true positives (instances where the model correctly predicted
wildfire), true negatives (situations where there is no wildfire and the model accurately predicts no wildfire), false
positives (the model predicts a wildfire, but there is no wildfire), and false negatives (instances where the model predicted
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no wildfire, but there is an actual wildfire). These values were used to compute the accuracy, precision, recall, F1-score,
false positive rate, false negative rate and error rate for each model.
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Fig.7. Confusion matrices of the models; resnet50 (a), inceptionVV3 (b), VGG16 (c), ensemble deep learning model and weighted ensemble deep learning
model
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Fig.8. Training and validation accuracy and loss of resnet50 (a and b), inceptionV3 (c and d) and VGGL16 (e and f) models

The performance of the trained models, both the three single models and the ensemble and weighted deep learning
models are presented in Table 2. The experimental results demonstrate that our proposed ensemble deep learning
approaches outperformed the individual baseline models across all the relevant performance metrics, achieving the lowest
error rate of 0.3%.

A critical metric in wildfire detection is the false negative rate. A false negative occurs when the model fails to detect
an actual wildfire, incorrectly predicting no fire, which can lead to severe consequences. Early detection enables prompt
firefighting efforts to contain and mitigate fires before they escalate.

Our analysis revealed that the ResNet50, InceptionV3, and VGG16 models misclassified some wildfire instances as
no-wildfire, with false negative rates of 12.6%, 1.1%, and 1.1%, respectively as shown in Fig.9. This indicates that the
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separate models have limited learning ability and were not able to relevant features from input images to identify and
classify wildfire instances in the testing set accurately.

Table 2. Predictive performance of the models on the test set

Metric ResNet50 InceptionV3 VGG16 Ensemb'ew?cfgg Learning ng{_‘;‘:ﬂ'iz:gse,\rﬂ"géeelt)eep
Accuracy 0.863 0.966 0.995 0.997 0.997
Precision 0.856 0.945 1.000 0.995 0.995
Recall 0.874 0.989 0.989 1.000 1.000
F1-Score 0.865 0.967 0.995 0.998 0.998
ROC-AUC Score 0.863 0.966 0.995 0.997 0.997
Error Rate 0.137 0.034 0.005 0.003 0.003
False Positive Rate 0.147 0.058 0.000 0.005 0.005
False Negative Rate 0.126 0.011 0.011 0.000 0.000

Conversely, our proposed ensemble and weighted ensemble deep learning models outperformed all the single models
with a false negative rate of 0.00%. This means both models correctly identified and predicted all the wildfire instances
in the test set without a single misclassification. This suggests that integrating the three different individual models
allowed them to work synergistically by pooling and combining their differential learning capabilities for better feature
representation and perfect detection of all the wildfire instances in the test set.

Furthermore, we leveraged the area under the receiver operating characteristic curve (ROC-AUC) score to evaluate
how well the models performed on the testing set. AUC denotes the degree of separability, while ROC is a probability
curve. It indicates how well the model can distinguish between classes. The ROC curve plots recall on the y-axis and false
positive rate on the x-axis using different probability thresholds, with the ROC-AUC ranging from 0 to 1. The closer the
curve hugs the top left corner of the plot, the better the classifier's performance. By analogy, a model with a high AUC
score is more efficient at distinguishing images with fire from those without fire [37, 38]. Our experimental results show
that our proposed ensemble deep learning models outperformed the single models, achieving a near-perfect ROC-AUC
score of 0.997.

Error Rate (%)

2
0 I [ ] — —

ResNet50 InceptionV3 VGGle EDL WEDL

Model

Fig.9. Performance comparison of resnet50, inceptionVV3, VGG16, ensemble deep learning (EDL) and weighted ensemble deep learning (WEDL)
models using error rates
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Fig.10. Performance comparison of resnet50, inceptionVV3, VGG16, ensemble deep learning (EDL) and weighted ensemble deep learning (WEDL)
models using false negative rates
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Fig.11. ROC-AUC curves of resnet50 (a), inceptionV3 (b), VGG16 (c), ensemble deep learning model (d), weighted ensemble deep learning model (e)
and all models (f)

4.3. Weighted Ensemble Deep Learning Approach

To develop an optimized weighted ensemble deep learning model, we systematically assigned weights by
experimenting with values ranging from 1 to 20, increasing by 1 each time. This process involved iteratively combining
different weight values for each model and evaluating the performance of the weighted ensemble model on the testing
dataset. By recording the performance for each weight combination, we identified the optimal combination that

maximized the chosen performance metrics.
4.4. Effect of Integrating and Weighting the Predictive Capabilities of the Individual Models

The study aimed to compare the performance of ResNet50, InceptionV3, and VGG16 models with our proposed
ensemble and weighted ensemble deep learning models in detecting and predicting wildfire instances using the DeepFire
dataset, a benchmark for binary wildfire classification. Our comprehensive analysis of the experimental results revealed
that the ensemble models, which combine the predictive strengths of ResNet50, InceptionV3, and VGG186, significantly
outperformed each separate model, achieving an impressively low error rate of 0.3% as presented in Table 2. This is a
significant improvement over the performance of the best individual model, VGG16, which had an error rate of 0.5%.
Although the separate individual models produced some misclassifications, they demonstrated differential learning
strengths and weaknesses. While some models produced lower false positives and higher false negatives, others produced
higher false positives and lower false negatives.

Among the three single models, VGG16 and InceptionV3 consistently demonstrated superior performance over
ResNet50 across all the metrics while ResNet50 achieved the lowest performance across all the metrics. Despite
ResNet50's ability to address the vanishing or exploding gradient problem, its performance was hampered by the intricate
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nature of wildfire images. As a result, it could not learn and extract the relevant features from the images, resulting in
poor performance across all metrics [27]. Central to the architectural components of InceptionV3 is an improved inception
module. This module enables parallel multi-scale convolutions, allowing the model to correctly capture diverse and
complex patterns in wildfire images. This architectural advancement might be a key factor in InceptionVV3's superior
performance across all evaluated metrics, as it effectively handles the complexity and diversity of wildfire imagery [9,
39].

Finally, we compared the performance of our proposed ensemble deep learning models with recently reported deep
learning-based wildfire detection systems in the literature. Additionally, we evaluated our models against state-of-the-art
algorithms trained on the same benchmark dataset (DeepFire dataset) and reported in the literature. In every case, our
proposed models outperformed the other models across all the performance metrics used.

Table 3. Performance comparison of our proposed approaches with other reported models

Model Accuracy Precision Recall Error Rate

Weighted Ensemble Deep Learning Model 0.997 0.995 1.000 0.003

Ensemble Deep Learning Model 0.997 0.995 1.000 0.003
VGG16 [40] 0.950 0.960 0.940
ResNet50 [41] 0.880 ---
YOLO [42] 0.74

FFireNet [23] 0.980 0.974 0.995 0.016

VGG19 [21] 0.950 0.957 0.942 0.005

By leveraging the complementary strengths of ResNet50, InceptionV3 and VGG16 models, our ensemble deep
learning approach not only achieved higher accuracy but also exhibited greater robustness and reliability, making it one
of the most effective solutions for wildfire detection reported in the literature using the DeepFire dataset as the benchmark.

5. Conclusions

In this study, we reviewed recent literature to understand the progress researchers have made in enhancing the
performance and reliability of automated wildfire detection systems. Despite these advancements, our thorough literature
review revealed that none of the existing studies considered assigning weight to the learning capabilities of individual
models when developing an ensemble deep learning model. To address this gap, we trained and tested two ensemble deep
learning models using the DeepFire dataset. The experimental results demonstrated that our proposed ensemble models
outperformed the separate ResNet50, InceptionV3, and VGG16 models across all performance metrics used in the study.
However, there is still room for improvement in future work to enhance the robustness of computer vision-based wildfire
detection systems. Future research should consider implementing our proposed models on larger datasets, including the
DeepFire, satellite imagery, and other benchmark datasets captured under diverse environmental scenarios. Additionally,
future research should focus on reducing the size of our proposed models to improve their efficiency further.
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