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Abstract: This study introduces a novel hierarchical domain-adaptive learning framework designed
to enhance wildfire detection capabilities, addressing the limitations inherent in traditional convolu-
tional neural networks across varied forest environments. The framework innovatively employs a
dual-dataset approach, integrating both non-forest and forest-specific datasets to train a model adept
at handling diverse wildfire scenarios. The methodology leverages a novel framework that combines
shared layers for broad feature extraction with specialized layers for forest-specific details, demon-
strating versatility across base models. Initially demonstrated with EfficientNetB0, this adaptable
approach could be applicable with various advanced architectures, enhancing wildfire detection. The
research’s comparative analysis, benchmarking against conventional methodologies, showcases the
proposed approach’s enhanced performance. It particularly excels in accuracy, precision, F1-score,
specificity, MCC, and AUC-ROC. This research significantly reduces false positives in wildfire de-
tection through a novel blend of multi-task learning, dual-dataset training, and hierarchical domain
adaptation. Our approach advances deep learning in data-limited, complex environments, offering a
critical tool for ecological conservation and community protection against wildfires.

Keywords: forest fire detection; remote-sensing forest monitoring; deep learning; domain adapta-
tion; hierarchical learning; convolutional neural networks; transfer learning; dual-dataset training;
multi-task learning; false positives

MSC: 68T05; 68T07; 68T45

1. Introduction

Forests cover nearly one-third of Earth’s land, playing a critical role in maintaining
ecological balance as significant carbon sinks and biodiversity repositories [1]. They are
crucial in climate regulation and supporting community livelihoods [2]. Nevertheless,
these ecosystems are increasingly threatened by more frequent and severe forest fires,
undermining their ecological services [3]. Addressing this issue is pivotal to achieving
the United Nations” Sustainable Development Goals, specifically SDG 13, which targets
climate change action [4], and SDG 15, focusing on sustainable terrestrial ecosystems
management [5]. Prompt and effective fire detection is essential for protecting these vital
natural resources, aligning with these global objectives [6].

The importance of rapid-fire detection in forest management is paramount. Timely
identification enables a quick response, minimizing fire damage and resource loss. Con-
versely, delays or inaccuracies in detection can result in extensive habitat destruction,
ecosystem disruption, land destruction, and loss of unique species [7], adversely affecting
human communities, their livelihoods, and long-term health due to smoke and pollutants.

In response to these challenges, there has been a notable transition from traditional
methods to more advanced technologies in forest fire detection [6,8]. While historical
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reliance was on lookout towers and aerial surveillance, the integration of deep learning
(DL) [9], a complex subset of machine learning (ML), is now prevalent. DL excels in
analyzing large datasets and detecting subtle patterns, capabilities often beyond the reach
of traditional methods, especially in computer vision applications. This advancement is
significantly enhancing wildfire detection capabilities [10].

Sensor-based systems and advanced computer vision techniques, supplementing tradi-
tional methods, show promise but face issues like false positives and limited coverage [11].
Convolutional neural networks (CNNs), fundamental in deep learning (DL), significantly
enhance fire detection accuracy using imagery data, as evidenced by studies such as [12,13].
The use of multi-modal data, combining thermal and RGB imagery, further improves
detection capabilities [14]. Additionally, recurrent neural networks (RNNs), which excel in
processing sequential data, enable more nuanced analyses of fire progression over time.
The synergy of CNNs and RNNs with multi-modal data marks a significant leap in fire
detection technology [15].

However, deploying DL models in forests faces unique challenges from weather,
lighting, and seasonal variability, affecting fire and smoke visibility and, thus, model
performance [15]. These models’ adaptability to the dynamic and unpredictable forest
environment—and the risk of overfitting to controlled datasets—underscores a crucial
area for research [16,17]. Challenges such as false positives from confounding natural
elements like fog and sunlight, and the sporadic nature of forest fires causing data scarcity
and imbalance, significantly impact CNN training [15,16]. This necessitates models that
can swiftly and accurately process complex visual data in real time, adapting to new
fire scenarios.

The unpredictable behavior of forest fires, including intensity shifts and variability
in fire sizes and occlusions by terrain, demands training on diverse fire behaviors to
ensure models recognize fires from various perspectives, overcoming uniform training’s
limitations [6,15,18,19].

To address these challenges, novel advancements and the integration of innovative
approaches such as multi-task learning (MTL) models [20], multi-dataset training, and
domain adaptation techniques have been proposed [21].

MTL models trained to concurrently execute multiple tasks offer a nuanced under-
standing of fire dynamics. This approach has the potential to mitigate the tendency of
models to become overly specialized, a notable challenge when training is confined to
controlled datasets [22]. Recent developments in this field are exemplified in the study
detailed in Reference [15]. The authors, working on the wildfire dataset, have proposed
an MTL framework that incorporates sub-classes of naturally occurring elements, such as
fog, clouds, and sunlight. The empirical evaluation of this model demonstrated superior
performance over traditional classification methods in key metrics, most notably in signif-
icantly reducing false alarm rates. This reduction is crucial, as false alarms in forest fire
detection can lead to not just resource misallocation, but also critical delays in emergency
response. Table 1 gives an overview of the model approach, performance results, and the
study’s limitation of the study.
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Table 1. Overview of El-Madafri et al. (2023)’s model approach, performance results, and limitations [15].

Approach

Results Limitations Limitations

Employs a multi-task
learning approach based
on MobileNetV3
and integrating multi-class
confounding elements [15].

1.  Time and Computational
Resources Consideration:
The study does not
explicitly account for the
time and computational
resources required for
training, and the inference
of the different used models,
which are crucial for
assessing the model’s
practical applicability and
efficiency in real-world
scenarios.

Model Performance

Enhancement: The

performance metrics on the

test dataset of the wildfire
dataset indicate a need for
further improvement in
model effectiveness.

3.  Regularization and
Overfitting: There is a lack
of consideration for
regularization strategies and
the potential issue of
overfitting, which are
critical for the model’s
reliability and
generalizability.

Accuracy: Mean = 0.8766, Std = 0.0147
Precision: Mean = 0.7974, Std = 0.0206 2.
Recall: Mean = 0.9171, Std = 0.0273
Fl-score: Mean = 0.8526, Std = 0.0146
ROC-AUC: Mean = 0.8842, Std = 0.0127

4,052,133

The results are based on five independents runs.

Domain adaptation techniques [21] are central to our approach, focusing on mini-
mizing feature distribution differences across domains. This process, involving feature
alignment, enables the model to concentrate on fundamental fire and smoke character-
istics consistent across environments, rather than overfitting to dataset-specific features.
Techniques include shared layers within neural networks, encouraging the extraction of
relevant features across both source and target domains. This approach, serving as a form
of regularization, helps reduce overfitting and ensures robustness in diverse real-world sce-
narios [23]. Specifically, in wildfire detection, domain adaptation becomes relevant due to
significant environmental variability. For instance, Reference [23] demonstrates an effective
approach in video smoke detection by aligning features of synthetic and real-world smoke
images, thereby improving model accuracy in varied conditions. This study exemplifies
the practical benefits of domain adaptation in enhancing DL models” applicability.

Another significant contribution is from Reference [24], which explores maintaining
CNN performance on original tasks while applying transfer learning to new, smaller datasets.
Implementing transfer learning on models like VGG16, InceptionV3, and Xception, with
Xception showing notable improvements, the study demonstrates the adaptability of these
models to new tasks without losing original capabilities. This approach is particularly relevant
for region-specific forest contexts, addressing the risk of overfitting to homogeneous data.

Despite these advancements, the unpredictable nature of forest environments con-
tinues to pose significant challenges, prompting ongoing research and development. The
present study introduces a groundbreaking hierarchical domain-adaptive learning ap-
proach, leveraging the synergies of multi-task learning, transfer learning [25], and domain
adaptation principles.
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Our novel contribution lies in the development of a dual-task deep-learning model
that utilizes dual datasets: one auxiliary set featuring fire versus no-fire images from non-
forest contexts, and a primary set within forest contexts. This approach is designed to
overcome the limitations of traditional single-dataset training methods, particularly under
varied and challenging forest fire scenarios. By incorporating the EfficientNetB0 [26] archi-
tecture, our model benefits from shared layers for general feature extraction across datasets,
alongside dedicated layers for capturing forest-specific nuances, thereby preventing early
overspecialization and fostering a balanced learning environment.

The significance of our work extends beyond the technical innovation of the model’s
architecture. It addresses critical questions in wildfire detection: the efficacy of hierarchical
domain-adaptive learning compared to traditional training methods, the role of shared
layers in leveraging dual-dataset strengths, and the model’s potential in significantly
reducing false positives and negatives. We anticipate that our findings will not only enhance
wildfire detection within forest contexts but also offer insights into model generalization
that could be applied to other complex detection scenarios.

Moreover, this research’s implications are broad, touching on various aspects of
computer vision and DL in data-scarce and complex environments. It also contributes to
wildfire management and conservation strategies by supporting more accurate and timely
detection, enabling efficient firefighting resource deployment, and reducing the overall
impact of wildfires.

In summarizing, our study’s main contribution is the innovative use of hierarchical domain-
adaptive learning to significantly improve wildfire detection, marking a pivotal step forward in
the application of DL techniques to environmental conservation and disaster management.

The subsequent section details the methodology, encompassing the dual-dataset ap-
proach, model architecture, and evaluation strategies, to validate the effectiveness of the
hierarchical domain-adaptive learning framework in enhancing wildfire detection.

2. Materials and Methods
2.1. Datasets Description and Preparation

This study employs a dual-dataset strategy, integrating an auxiliary dataset for non-
forest scenarios alongside a primary dataset focused on forest environments. This approach
is designed to reduce overfitting to the primary dataset and improve the accuracy of image
classification within forest contexts.

Both datasets were meticulously balanced in terms of class representation, with the
auxiliary and primary training and validation sets containing 2312 and 402 images, re-
spectively. This balance is critical for effective training, allowing for the simultaneous
processing of image batches from both datasets without cross-mixing. The performance of
various model configurations is assessed using a test dataset comprising 410 images from
the primary dataset, serving as a benchmark for comparative analysis.

2.1.1. Auxiliary Dataset

The auxiliary dataset, integral to the study’s methodology, is composed of images
from two public repositories, chosen for their relevance to non-forest fire and smoke
scenarios. The first, ‘Dataset for Fire and Smoke Detection” by FireGasSmoke from Robo-
flow Universe [27], offers a diverse range of urban fire and smoke images, including burning
buildings and vehicles (see Figure 1). The second, the FiSmo collection from mtcazzolato’s
GitHub [28], provides additional variety with fire and smoke images in varied non-forest
settings. Despite not being forest-fire-specific, the dataset, recommended by the review
article ‘Deep Learning Approaches for Wildland Fires Remote Sensing: Classification,
Detection, and Segmentation’ [11], is commonly used in the field.

The selection of these sources was driven by the difficulty in sourcing publicly available,
comprehensive datasets of non-forest fire and smoke images, crucial for our model’s training.
They provide a wide spectrum of fire and smoke scenarios, including large-scale urban fires
and burning structures, as well as no-fire images in similar settings. This combination of
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sources enriches the training data, making the auxiliary dataset a crucial component in the
context of the study’s approach (see Section 2.3).

Figure 1. It displays images from the auxiliary dataset, featuring two scenarios: one with fire and one
without, both set in a non-forest context.

2.1.2. Primary Dataset

The study leverages the comprehensive wildfire dataset [15] as its primary dataset, con-
sisting of 2700 RGB images from aerial and ground-based perspectives, gathered from diverse
online platforms including government agencies, Flickr, and Unsplash. This dataset encom-
passes a wide array of forest fire images, capturing diverse environmental conditions, forest
types, and geographical regions, and includes a range of environmental and situational variabil-
ity like different topographies, weather conditions, fire characteristics, and camera perspectives
(see Figure 2). The images in this dataset vary significantly in resolution, with an average of
4057 x 3155 pixels, a range spanning from 153 x 206 to 19,699 x 8974 pixels, offering detailed
visuals essential for effective deep-learning analysis in forest fire detection. To counteract
the initial class imbalance (1047 fire instances vs. 1653 no-fire instances) [29], augmentation
techniques [30] were employed. Employing augmentation techniques to balance the training
set is pivotal in enabling more generalizable conclusions from the experiments, as it ensures a
fair representation of both fire and no-fire instances, mitigating any skew in the learning pro-
cess [31]. Additionally, the dataset integrates key confounding elements such as atmospheric
conditions, vegetation changes, and lighting variations, enhancing its realism and challenge for
more accurate forest fire detection.

Figure 2. It displays images from the primary dataset, featuring two scenarios: one with fire and one
without, both set in a forest context.
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2.1.3. Consistent Data Preparation

All images across both datasets were uniformly preprocessed, including normalization
and resizing to 224 x 224 pixels. This standardization is crucial for ensuring consistent
input data quality, which significantly improves the efficiency of the DL models.

2.2. Base Model Selection: EfficientNetB0

In addressing the complex challenges of forest fire detection, this study employs a
customized version of the EfficientNetB0O model. The choice of EfficientNetB0 over other
pre-trained networks is motivated by several key factors that align closely with the specific
requirements of our application.

EfficientNetBO0 is renowned for its balance of computational efficiency and accu-
racy [32], a crucial trait for real-world deployment in forest fire scenarios. Furthermore,
unlike many state-of-the-art architectures that feature complex interconnections between
different blocks, EfficientNetB0’s architecture is uniquely streamlined. This simplicity is
vital for the study, where the model is divided into shared layers and task-specific layers.
The absence of intricate block interconnections in EfficientNetB0 reduces the complexity of
managing these layers, thereby enhancing the practicality and scalability of the system [26].

Another standout feature of EfficientNetB0 is its scalable architecture, which uniformly
scales network depth, width, and resolution [26]. This scaling approach is particularly
advantageous as it optimizes performance without significantly increasing the computa-
tional load. The model’s depthwise separable convolutions and squeeze-and-excitation
blocks further enhance its capability to efficiently capture relevant image patterns, crucial
for varied forest fire detection scenarios.

Furthermore, the design of EfficientNetBO0 facilitates effective feature extraction, align-
ing with our study’s objective of developing a practical and scalable forest fire detection
system based on computer vision. Its lightweight design is of paramount importance for
real-world deployment, where computational resources and response times are critical
factors [26].

In comparison to other pre-trained models, EfficientNetB0 offers a unique combination
of lightweight architecture and effective feature extraction capabilities. This makes it
particularly suited for the novel training approach proposed in the study, which emphasizes
efficiency and practicality in a real-world setting.

2.3. Architecture Customization of EfficientNetBO0 for Dual-Task Learning

This section details the adaptation of the EfficientNetBO framework into a dual-branch
architecture, designed to support a dual-task learning strategy. The primary branch, central
to the study, is trained on the wildfire dataset comprising both fire and no-fire forest
images. In parallel, an auxiliary branch processes a dataset encompassing non-forest
fire and no-fire scenarios. A key innovation in this design is the incorporation of shared
layers, utilized by both models. These shared layers are engineered to extract general
features applicable to both datasets, enhancing this part of the model’s versatility and
efficacy in varied fire detection scenarios. Each branch independently computes its loss
function, allowing for specialized learning while maintaining a cohesive overall structure.
The shared layers, adept at extracting general features beneficial for both datasets, are
updated simultaneously using the combined losses from each model. This strategy of loss
integration for the shared layers is devised to mitigate the risk of overfitting the primary
model to its specific dataset. By integrating diverse learning inputs from the auxiliary
dataset, the model is better equipped to generalize, enhancing its performance in a variety
of forest fire detection scenarios. This architectural customization underpins our approach
to tackling the complexities of forest fire detection, blending domain-specific learning with
general feature extraction. Figure 3 illustrates the training steps of the main dual-task
learning process and the information flow through both shared and task-specific layers.
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Initialize Dual-
Branch Architecture

Establishment of two
parallel branches
within EfficientNetBO
base-model.

l

Shared Layers up to
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Utilized by both branches for generalized
feature extraction.

Combine losses for Shared Layers
L_prim + L_aux = L_shared

Auxiliary Branch

Primary Branch
Training
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Processing primary Processing auxiliary
batches (Forest). batches (No-forest).

Auxiliary branch

Primary branch Loss
(L_prim). Loss (L_aux).
Overall Training
Process
Hyperparameters

and Regularization
Fine-Tuning optimization on the
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Freeze top first
80 layers;
further training
on primary
dataset.

l

Overall Training
Process

Hyperparameters
and Regularization
optimization on the
held-out the primary
validation dataset.

l

End of Customization

and Training Process

Figure 3. It displays an overview of the main dual-task learning steps’ training and the flow of

information through shared and task-specific layers.
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The simultaneous processing of two
batches from the primary and auxiliary
datasets without mixing thier images.

Input Images
(224x224x3)

2.3.1. Shared Layers

In the customized architecture of the EfficientNetBO model, the shared layers up to
‘block7a_expand_conv’ play a pivotal role. These layers were selected for their capacity to
learn generalized features, effectively processing inputs from both the primary (forest) and
auxiliary (non-forest) datasets. The depth of these layers is strategically chosen to enable
comprehensive feature extraction across diverse environmental scenarios. This design deci-
sion, to utilize layers up to this specific last layer’s block, was guided by the interconnected
nature of the EfficientNetBO0 architecture. By aligning the shared layers with one of the final
layers of a block constituting the base model, an optimized balance was achieved. This
allows for effective integration of dual learning paths without the complexities of splitting
or modifying the fundamental structure of the EfficientNetB0. Through this approach, the
model is expected to exhibit enhanced adaptability and performance in detecting forest
fires, leveraging the strengths of both datasets while maintaining architectural integrity.

In the customized architecture, the shared layers process data from both the primary
and auxiliary models during training. In this methodology, the central focus is on the
strategic optimization of weight adjustments in the shared layers, guided by the sum of
losses from both the primary and auxiliary datasets (see Equation (1)). By exposing these
layers to a diverse array of inputs, the primary model is less prone to becoming overly
specialized to its training data’s characteristics.

This foundational approach is anticipated to enhance the model’s effectiveness in accu-
rately detecting and classifying forest fires, including those in scenarios not directly covered
by the training data. Figure 4 presents a schematic representation of how EfficientNetB0’s
architecture has been tailored for dual-task learning.

Lprim + Laux = Lshared (1)

Up to
'block7a-
expand-conv'

|
|
1 T
1 1
1 i
i
! !
| optimized i
1 using 1
] Lshared=Lprim+Laux 1 !
! i
i ! i
i | |
|
: 1 ! ‘
1 +
: i
]
1 |
H I

Fire

EfficientNetB0

' Global average pool

Dense layers with Dropout rate 0.2

Figure 4. It displays an overview of the architecture customization of EfficientNetBO for dual-task learning.

2.3.2. Fine-Tuning

Both branches use a sequential stack of GlobalAveragePooling2D and dense layers.
Post initial training, fine-tuning is performed by unfreezing the top first 80 layers of the
primary model and training it further on the primary dataset. This fine-tuning process aims
to enhance the model’s specialization in forest fire detection while maintaining the learned
generalized features from the top first 80 layers of the shared layers. Figure 5 showcases
the refined architecture of the primary model post fine-tuning.
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The first 80 layers The rest of the

are frozen, layers are fine- |
retaining weights tuned on the
from the previous primary dataset

shared layers

i
No fire

Input image from
the primary
dataset

EfficientNetBO

- Global average pool

Dense layers with Dropout rate 0.2

Figure 5. It displays an overview of the final primary model following its fine-tuning.

2.3.3. Non-Mixing of Datasets

In the custom training loop, both the auxiliary and primary batches are processed simul-
taneously, ensuring that the shared layers learn from both datasets without mixing images.
This separation is crucial for maintaining the distinct characteristics of each dataset, enabling
the model to learn specific features relevant to both non-forest and forest fire scenarios.

The outputs from the auxiliary and primary branches are computed separately for
auxiliary and primary inputs, respectively.

2.4. Training Process

The training of the models was conducted using the Keras framework with TensorFlow
and GPU support. Each training regimen was carefully tailored to maximize learning from
both the auxiliary and primary datasets while preserving their distinct characteristics. After
the convolutional layers of the pre-trained EfficientNetB0 base model, a global average
pooling layer reduced the dimensionality of the outputs, setting the stage for the fully
connected prediction layer. To enhance generalization, a dropout regularization rate of 0.2
was implemented following systematic testing of various regularization strategies on the
held-out validation dataset. Indeed, once the learning rate and number of epochs were
optimized for the model trained from scratch (see Section Hyperparameters Optimization),
an assessment was undertaken by evaluating the impact of incremental additions of tradi-
tional regularization methods. Dropout was meticulously explored within these custom
layers, testing rates from 0.1 to 0.5 in increments of 0.1, with the aim of discerning the rate
that fostered the best balance between learning capacity and generalization on the held-out
validation dataset. Concurrently, batch normalization was exclusively examined for these
newly added layers, considering that the base model already included batch normalization
in its architecture. The dropout rate of 0.2 was found to strike the optimal balance between
complexity and performance, leading to its adoption across all subsequent experiments.

Model performance was evaluated using accuracy, precision, recall, F1-score, specificity,
false negative rate (FNR), Matthews correlation coefficient (MCC), and ROC-AUC score. These
metrics provided a comprehensive assessment of the models’ effectiveness in fire detection,
encompassing aspects of precision, recall balance, and class differentiation abilities.
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Hyperparameters Optimization

A validation strategy using a held-out dataset assessed performance on unseen data.
Various learning rates (1072, 1073, 1074, and 107°) were tested to identify the most
effective one, which was then applied to the test dataset.

In fine-tuning all the EfficientNetB0-based models, three configurations were explored
for the number of frozen layers: 80, 160, and 238. This division into three parts was de-
signed to systematically evaluate the impact of fine-tuning different proportions of the
model’s layers, based on the architecture of EfficientNetB0 and transfer learning princi-
ples [33-35]. Furthermore, this approach considered balancing computational efficiency
with performance enhancements [36]. Freezing 80 layers, approximately one-third of the
total layers, aimed to balance leveraging pre-trained features with adaptability for forest
fire detection. Extending the fine-tuning to 160 layers, roughly two-thirds of the model,
tested the model’s reliance on more extensive pre-trained features for effectiveness. Finally,
freezing all 238 layers, while keeping the dense layers trainable, served as a baseline to
assess the pre-trained model’s capabilities without further convolutional layer adaptation,
focusing on learning higher-level abstractions relevant to the task. This structured approach
allowed us to evaluate the incremental benefits of fine-tuning additional layers and identify
the optimal balance for our specific application.

In this study, all experiments employed the adaptive moment estimation (ADAM)
optimizer as the default choice. Due to limitations in resources, we did not explore alterna-
tive optimizers, focusing instead on maximizing the efficiency and effectiveness within the
constraints of our available resources.

The batch size was set to 32, optimizing computational efficiency and gradient stability.
Training epochs were varied in 5-epoch increments to identify the optimal number for
each configuration, adhering to the principle that fine-tuning requires fewer epochs than
full training. This careful variation in epochs was crucial to achieve each model’s peak
performance without overfitting, ensuring robustness and generalizability. All the chosen
hyperparameters for each approach, including learning rates, number of epochs, batch
sizes, and the number of frozen layers, will be summarized in corresponding tables in the
results section (see Section 3).

2.5. Comparative Analysis of Training Approaches

In this study, we conducted a detailed comparison between the novel hierarchical
domain-adaptive learning approach and several baseline training approaches. This compar-
ison aimed to explore their relative effectiveness in forest fire detection using deep-learning
methodologies. Such comparative analyses are crucial in understanding the potential
advantages and limitations of our proposed method within the broader spectrum of con-
ventional training paradigms.

2.5.1. Baseline Approaches
Training from Scratch on the Target Dataset

In the first baseline approach, the EfficientNetB0 model, initially initialized with pre-
trained weights from the ImageNet database, was retrained from scratch exclusively on the
wildfire dataset. This methodology allowed for a foundational benchmark against which
the incremental benefits of further domain-specific fine-tuning and advanced training
techniques could be evaluated. By retraining the model with the pre-existing ImageNet-
based knowledge and, then, focusing solely on the target dataset, the study provided
insights into how effectively the EfficientNetB0 architecture could adapt to the task of RGB
forest fire detection represented by the wildfire dataset, starting with a broad knowledge
base and then specializing solely on the specific dataset.

Choosing this approach as a baseline is crucial to the study’s methodology. It offers a
clear perspective on the model’s adaptability and learning efficiency when transitioning
from a generalist initialization base to a highly specialized context. This baseline is key
in understanding the relative enhancements brought about by further fine-tuning and
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advanced training strategies in subsequent approaches. It establishes a comparative frame-
work to measure the improvements or changes that result from additional domain-specific
training, essential for a comprehensive evaluation of different training strategies in the
specialized field of forest fire detection.

Transfer Learning with Optimized Frozen Layers

This baseline approach employed transfer learning, initializing the model with pre-
trained EfficientNetB0 weights from the ImageNet database [37]. A critical element of this
method was the optimization of frozen layers [38], with 80 layers frozen and training con-
ducted over 15 epochs. This optimization aimed to balance the retention of learned features
from the ImageNet dataset with the necessity of adapting to the specific characteristics of
forest fire images.

The choice of this baseline is justified by its relevance to the common practice in deep
learning, where models are often adapted from general tasks to more specialized domains.
By utilizing a well-established model pre-trained on a diverse dataset like ImageNet, the
study investigates the effectiveness of transfer learning in adapting to a niche domain.
This approach serves as a crucial comparison point, assessing how effectively a model,
pre-tuned on a broad dataset, can be adapted through layer optimization to the specialized
task of forest fire detection. Furthermore, this method allows for an exploration of the
trade-off between feature retention and domain-specific adaptation, a key consideration in
the application of transfer learning to specialized areas [21,33].

Sequential Transfer Learning

In the third approach, the model was initially trained for 15 epochs on the auxiliary
dataset comprising non-forest fire and no-fire scenarios. This phase was followed by a fine-
tuning process on the primary wildfire dataset, during which 80 layers of the model were
frozen. The fine-tuning was conducted over 10 epochs, allowing the model to integrate
specific characteristics of forest fire scenarios while retaining general fire and no-fire features
learned from the auxiliary dataset. This method aims to facilitate a nuanced adaptation to
the domain of forest fire detection and provided a basis for a detailed comparison.

By initiating the training on the auxiliary dataset and subsequently transitioning to the
primary one, the study enables the comparison of this approach with the second baseline
(see the second subsection of Section 2.5.1), where fine-tuning was conducted using weights
pre-trained on the ImageNet database. This comparison was critical in evaluating the
impact of source dataset proximity on the effectiveness of the transfer learning process,
particularly in the context of forest fire detection.

The choice of this baseline was strategic, ensuring that the improvements identified in
the study were not merely a result of the diversity introduced by the auxiliary dataset, but
also a consequence of the specific training methodology employed. This approach enabled
a thorough assessment of the hierarchical domain-adaptive learning approach, isolating
the influence of the training method from the dataset characteristics, thereby strengthening
the validity of the study’s findings.

Mixed Dataset Training

In this last baseline approach, distinct from the other methodologies, the model was
trained on a dataset that was a direct combination of images from both the auxiliary and
primary datasets. Over a course of 25 epochs, the model was exposed uniformly to this
integrated dataset, providing a comprehensive view of both forest and non-forest fire
scenarios in a single training phase. This method stands apart from the second and third
baselines and the hierarchical domain-adaptive learning approach, where the datasets are
used in a sequential or hierarchical manner.

The rationale behind selecting this baseline is twofold. First, it provides a unique
perspective on the model’s ability to learn from a homogeneously mixed dataset, as opposed
to the layered or sequential learning used in other approaches. This allows for an evaluation
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of how the simultaneous exposure to both datasets affects the model’s learning dynamics
and its subsequent performance in forest fire detection. Second, it serves as a crucial point
of comparison to discern the effectiveness of a straightforward dataset combination versus
more complex training methodologies employed in the study. By training the model on
this unified dataset, the study aims to isolate the impact of a diverse yet non-hierarchical
dataset structure on model performance.

This mixed dataset training approach thus offers a distinct benchmark within the
study. It aids in understanding whether a simple combination of datasets could be as
effective as or more effective than sequential or hierarchical training methods in enhancing
the model’s accuracy and robustness in forest fire detection scenarios.

2.6. Statistical Analysis of Results

To ensure the reliability and generalizability of our findings, outcomes were derived
from five independent runs for each model across a range of training scenarios. For each
method, the reported results include the average values and standard deviation after these
runs, offering a balanced view of models’ performance. In emphasizing statistical robust-
ness, bootstrapping methods were specifically applied in the critical comparison between
the study’s proposed approach and the most performant baseline method. This choice
was guided by the need for a robust statistical framework to handle potential variances
and ensure the precision of our findings. Bootstrapping allowed for the calculation of
95% confidence intervals for key performance metrics, such as accuracy, precision, recall,
F1-score, and AUC-ROC. This targeted application of bootstrapping aims to enhance the
thoroughness of the comparative analysis, ensuring that the conclusions drawn are not
only statistically sound but also relevant and reliable.

This statistical approach enabled a detailed and balanced comparison across the
various models. By doing so, it shed light on the relative strengths and weaknesses of each
training methodology in the context of forest fire detection. While this analysis provided
valuable insights into the effectiveness of different approaches, it primarily served as a
foundation for further exploration in this critical domain. The findings contribute to the
ongoing discourse in the field, offering a basis for future research and practical applications
in forest fire detection and other areas where precise and reliable detection is crucial.

3. Results

Upon applying the different discussed approaches to the wildfire dataset, we observed
significant potential for enhancements in the model’s capacity to detect forest fires and
handle false alarms. Central to these improvements is the implementation of a novel
hierarchical domain-adaptive learning strategy. This approach significantly bolstered the
model’s robustness, markedly reduced the incidence of false alarms, and enhanced its
adaptability to diverse and challenging conditions inherent in RGB forest fire detection.

This study methodically examines four foundational approaches within the Efficient-
NetB0 framework: training from scratch, transfer learning with pre-trained weights, se-
quential transfer learning, and the mixed dataset approach. Each approach has been
evaluated for both its theoretical foundations and practical applicability in the realm of
forest fire detection.

To facilitate a balanced and thorough comparison, the performance of these models
was carefully analyzed across several metrics, notably precision and recall, averaged over
five independent runs. The following subsections will delve into these metrics, offering a
detailed exploration of the comparative strengths and weaknesses of each method. The aim
is to shed light on their potential contributions to advancing the field of wildfire detection,
as indicated by our analysis of the wildfire dataset.

3.1. Performance of Baseline Training Approaches

In this section, the findings from the metrics results are crucial in informing the selection
of an effective baseline model. This approach will subsequently act as a benchmark for com-
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paring the performance of the proposed hierarchical domain-adaptive learning strategy. The
goal is to assess the performances of traditional approaches while simultaneously establishing
a framework to understand the potential enhancements offered by the novel method.

3.1.1. Training from Scratch

Initially, we explore the training-from-scratch approach, where the EfficientNetB0
model is trained exclusively on the wildfire dataset. This method serves as a foundational
benchmark, allowing us to assess the benefits and limitations of leveraging pre-trained
models and domain-specific fine-tuning in subsequent approaches. The performance
metrics for this approach are shown in Table 2, offering a baseline against which we can
compare more advanced methodologies.

Table 2. Performance metrics means using the training-from-scratch approach.

Metrics Training from Scratch
Accuracy Mean = 0.9033, Std = 0.0111
Precision Mean = 0.8372, Std = 0.0103

Recall Mean = 0.9509, Std = 0.0200

Fl-score Mean = 0.8904, Std = 0.01312

Specificity Mean = 0.8828, Std = 0.0078
FNR Mean = 0.0490, Std = 0.0200
MCC Mean = 0.8184, Std = 0.0224

ROC-AUC Mean = 0.9168, Std = 0.01020

These results present the average values and standard deviation after five runs of performance metrics for the
training-from-scratch approach.

The following Table 3 outlines the optimized hyperparameters for the approach, with
configurations derived from the held-out validation dataset of the wildfire dataset.

Table 3. Hyperparameter configuration for the training-from-scratch approach.

Hyperparameter Value
Learning rate 1x1073
Optimizer Adam
Batch size 32
Epochs 15
Fine-tune at the layer number 1

3.1.2. Transfer Learning with Pre-Trained Weights

The second approach in the comparative analysis employed transfer learning, wherein
the model was initialized with pre-trained EfficientNetBO weights derived from the Im-
ageNet dataset. A critical component of this method was the strategic optimization of
the number of layers to be frozen. This delicate balance aimed at retaining the beneficial
learned features from the ImageNet dataset while effectively adapting the model to the
specific challenges posed by forest fire imagery.

The performance metrics of this approach, as illustrated in Table 4, offer insights into
the efficacy of transfer learning in the context of the study.
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Table 4. Performance metrics means using the transfer learning with pretrained weights approach.

Metrics Transfer Learning with Pre-Trained Weights
Accuracy Mean = 0.8565, Std = 0.0140
Precision Mean = 0.7647, Std = 0.025

Recall Mean = 0.9132, Std = 0.0262

Fl-score Mean = 0.8318, Std = 0.0123

Specificity Mean = 0.8206, Std = 0.0290
FNR Mean = 0.0868, Std = 0.0262
MCC Mean = 0.7180, Std = 0.0210

ROC-AUC Mean = 0.8669, Std = 0.0106

These results present the average values and standard deviation after five runs of performance metrics for the
transfer learning with pretrained weights approach.

Table 5 outlines the optimized hyperparameters for the approach, with configurations
derived from the held-out validation set of the wildfire dataset.

Table 5. Hyperparameter configuration for the transfer learning with pretrained weights approach.

Hyperparameter Value
Learning rate 1x1073
Optimizer Adam
Batch size 32
Epochs 15
Fine-tune at the layer number 80

3.1.3. Sequential Transfer Learning

The Sequential Transfer Learning approach represents another key facet of the com-
parative study. This method involves a step-wise process where the model, initially trained
on a related domain, the auxiliary dataset, is further refined on the primary dataset. This
approach is designed to leverage the cumulative learning from both domains, potentially
enhancing the model’s adaptability and accuracy in detecting forest fires.

Table 6 details the performance metrics for this approach. By examining these metrics,
we gain valuable insights into the effectiveness of sequential transfer learning in the context
of forest fire detection, particularly in terms of its ability to harness previously learned
features for improved detection accuracy.

Table 6. Performance metrics means using the sequential transfer learning approach.

Metrics Sequential Transfer Learning
Accuracy Mean = 0.8939, Std = 0.0076
Precision Mean = 0.8383, Std = 0.0107

Recall Mean = 0.9195, Std = 0.0188

Fl-score Mean = 0.8769, Std = 0.0128

Specificity Mean = 0.8876, Std = 0.0077
FNR Mean = 0.0804, Std = 0.0188
MCC Mean = 0.7955, Std = 0.0216

ROC-AUC Mean = 0.9035, Std = 0.0114

These results present the average values and standard deviation after five runs of performance metrics for the
sequential transfer learning approach.



Mathematics 2024, 12, 534

15 of 28

Table 7 outlines the optimized hyperparameters for the approach, with configurations
derived from the validation set of the wildfire dataset.

Table 7. Hyperparameter configuration for the sequential transfer learning approach.

Hyperparameter Value
Learning rate (auxiliary dataset) 1 x 1072
Learning rate (primary dataset) 1x 1074
Optimizer (both) Adam
Batch size 32
Epochs (auxiliary dataset) 10
Fine-tune at the layer number (auxiliary dataset) 1
Epochs (primary dataset) 10
Fine-tune at the layer number (primary dataset) 80

3.1.4. Mixed Dataset Training

The study involves training the model on the mixed dataset, comprising images from
both the specific wildfire dataset and the source dataset.
Table 8 presented below showcases the results yielded by this approach.

Table 8. Performance metrics means using the mixed dataset training approach.

Metrics Mixed Dataset Training
Accuracy Mean = 0.7380, Std = 0.018
Precision Mean = 0.5060, Std = 0.027

Recall Mean = 0.5060, Std = 0.021

F1-score Mean = 0.4900, Std = 0.024

ROC-AUC Mean = 0.5080, Std = 0.029

These results present the average values and standard deviation after five runs of performance metrics for the
mixed dataset training approach.

Table 9 outlines the optimized hyperparameters for the approach, with configurations
derived from the validation dataset of the wildfire dataset.

Table 9. Hyperparameter configuration for the mixed dataset training approach.

Hyperparameter Value
Learning rate 1x1073
Optimizer Adam
Batch size 32
Epochs 25
Fine-tune at the layer number 1

3.2. Performance of the Hierarchical Domain-Adaptive Learning Approach: An In-Depth Analysis

In the preceding evaluations, a range of baseline training approaches for forest fire de-
tection using deep learning was methodically assessed. Each method, distinct in its design
and objectives, has established a foundation upon which the hierarchical domain-adaptive
learning strategy is built. This strategy, conceived to augment the model’s robustness and
precision, employs hierarchical learning concepts that are finely attuned to the domain-
specific nuances of forest fires. The subsequent analysis delves into the performance of
this advanced approach, contrasting it with conventional methodologies. The metrics
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presented herein (see Table 10), the culmination of comprehensive testing and statistical
analysis, highlight the strategy’s superior capability in the accurate detection of forest fires,
suggesting its promising applicability in real-world settings.

Table 10. Performance metrics means using the hierarchical domain-adaptive learning approach.

Metrics Hierarchical Domain-Adaptive Learning
Accuracy Mean = 0.9536, Std = 0.0048
Precision Mean = 0.96112, Std = 0.00771

Recall Mean = 0.9633, Std = 0.029

Fl-score Mean = 0.9621, Std = 0.0031

Specificity Mean = 0.9383, Std = 0.0129
FNR Mean = 0.0366, Std = 0.0029
MCC Mean = 0.9024, Std = 0.0087

ROC-AUC Mean = 0.9917, Std = 0.00080

These results present the average values and standard deviation after five runs of performance metrics for the
hierarchical domain-adaptive learning approach.

Table 11 outlines the optimized hyperparameters for the approach, with configurations
derived from the validation set of the wildfire dataset.

Table 11. Hyperparameter configuration for the hierarchical domain-adaptive learning approach.

Hyperparameter Value
Learning rate (initial training) 1 x 1072
Learning rate (fine-tuning) 1x1073
Optimizer (both) Adam
Batch size 32
Epochs (initial training) 10
Fine-tune at the layer number (initial training) 1
Epochs (fine-tuning) 15
Fine-tune at the layer number (fine-tuning) 80

3.3. Comparative Analysis of Baseline Methodologies: A Critical Evaluation of
Performance Metrics

This section provides an analysis of baseline methodologies used in this study, focusing
on a critical evaluation of their performance metrics. The goal is to explore the relative
merits and challenges of each approach, shedding light on their effectiveness in forest fire
detection. This comparative assessment is crucial for understanding how different training
strategies perform in a specialized context.

In the comparative analysis between the training-from-scratch approach and the se-
quential transfer learning methodology, statistical examination reveals a landscape where
differences across most metrics do not reach statistical significance (see Table 11). This ob-
servation extends to accuracy, precision, F1-score, specificity, MCC, and ROC-AUC metrics,
where the confidence intervals suggest that the disparities between the two approaches fall
within the bounds of chance variation.

Notably, however, recall and the false negative rate (FNR) emerge as outliers in this
pattern. While recall exhibits a statistically significant advantage for the training-from-
scratch method, indicating it correctly identifies more true positives, the FNR—which
measures the proportion of positives the model fails to identify—also shows a statistically
significant difference. The confidence interval for FNR also does not overlap the zero
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difference mark, inversely reflecting the findings for recall and further corroborating
the comparative advantage of the training-from-scratch method. This result indicates a
lower rate of missed positive cases (false negatives) for the training-from-scratch approach
compared to sequential transfer learning. This finding is particularly salient given the
critical role of recall in forest fire detection systems, where the cost of a false negative—
failing to identify an actual fire—can be disproportionately high. The observed decrease in
recall when comparing the transfer learning approach with 80 frozen layers to training from
scratch points to an increased incidence of false negatives in detecting forest fires. These
layers, originally trained on varied non-forest fire scenarios, retain a broad but non-specific
set of features. While this generalist knowledge may be effective in broad applications, the
freezing of these layers limits their adaptability to the unique characteristics of forest fires
during subsequent training. This lack of specificity, combined with a potential negative
bias towards ‘no fire” scenarios, impairs the model’s sensitivity to forest-fire-specific cues.
Consequently, the model becomes less adept at correctly identifying forest fires, leading to a
higher rate of missed detections. Thus, while the intention is to preserve general knowledge,
the frozen layers inadvertently diminish the model’s capacity to detect the nuanced and
distinct patterns inherent in forest fires, resulting in an elevated risk of false negatives.

Further reinforcing the case for the training-from-scratch approach, mean values
calculated over five experimental runs consistently show a higher performance relative
to sequential transfer learning. This pattern of superiority is not only limited to recall but
extends across all evaluated metrics, further emphasizing the robustness of the training-
from-scratch strategy.

Lastly, the mixed dataset outcomes clearly imply that the mixed approach was unable
to sufficiently adapt to the specific characteristics required for the intended task, probably
due to conflicting features or patterns within the combined datasets.

The analytical results suggest that the training-from-scratch approach generally aligns
with the other baselines in terms of key metrics, with the exception of recall where it
demonstrates a notable advantage. Given this context, the training-from-scratch method
has been adopted as the reference standard for further comparative analysis (see Table 12).

Table 12. Confidence intervals for the difference in performance between the training-from-scratch
approach and the sequential transfer learning approach.

Metrics Confidence Intervals
Accuracy (—0.0052, 0.0173)
Precision (—0.0132, 0.01088)

Recall (0.0062, 0.05402)

Fl-score (—0.0022, 0.0297)

Specificity (—0.0143, 0.0047)
FNR (—0.0540, —0.0087)
MCC (—0.0060, 0.0493)

ROC-AUC (—0.001, 0.0278)

The comparative analysis between the ‘“Transfer Learning with Optimized Frozen
Layers’ and the ‘Sequential Transfer Learning’ approaches reveals significant insights. The
notable performance enhancement of the sequential transfer learning approach across most
metrics, except for recall and FNR, underscores the efficacy of fine-tuning from a more
closely related dataset—the auxiliary one—compared to a more generalized dataset like
ImageNet (refer to Table 13). This distinction in source datasets appears to be a pivotal
factor in the model’s overall performance.

The auxiliary dataset’s closer alignment with the context of forest fires provides a more
relevant feature set for the model to learn from, facilitating a more precise adaptation to the
specific task of forest fire detection. Unlike the broader spectrum of images in ImageNet,
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the auxiliary dataset’s focus on non-forest fire and no-fire scenarios offers a more direct
relevance to the target domain, enabling the model to fine-tune its detection capabilities in
a way that is more attuned to the nuances of forest fire imagery.

The lack of improvement in recall for the sequential transfer learning approach, despite
its fine-tuning on a more domain-specific auxiliary dataset, suggests that the method’s
injtial broad training may still impose limitations on its ability to fully adapt to the unique
aspects of forest fire detection. This could be due to the retained generalist knowledge from
the initial training phase, which, despite subsequent domain-specific fine-tuning, might
not provide the level of specificity required to optimize recall or equivalently to decrease
the FNR.

Table 13. Confidence intervals for the difference in performance between the transfer learning
approach and the sequential transfer learning approach.

Metrics Confidence Intervals
Accuracy (0.0237, 0.0514)
Precision (0.0515, 0.0992)

Recall (—0.0238, 0.0339)
Fl1-score (0.0305, 0.0603)
Specificity (—0.0956, —0.0438)

FNR (—0.0201, 0.0377)
MCC (—0.1039, —0.0528)
ROC-AUC (0.0215, 0.0491)

3.4. Comparative Analysis of the Baseline with the Study’s Proposed Approach

In assessing the efficacy of the present work’s proposed approach, the training-from-
scratch approach was employed as a baseline due to its superior performance among the
four initial methodologies considered. This foundational method served as a comparative
standard against which the proposed hierarchical domain-adaptive learning approach was
rigorously evaluated. The analysis indicates that the proposed approach demonstrates a
clear tendency toward enhanced performance metrics, although the interpretation of these
results is approached with careful consideration of statistical confidence and the inherent
complexity of model evaluation (see Tables 14 and 15).

Table 14. Performance metrics comparison of the baseline and the study’s proposed approach.

Hierarchical Domain-Adaptive
Learning

Mean = 0.9536, Std = 0.0048

Metric Baseline

Primary accuracy Mean = 0.9033, Std = 0.0111

Precision Mean = 0.8372, Std = 0.0103 Mean = 0.96112, Std = 0.00771
Recall Mean = 0.9509, Std = 0.0200 Mean = 0.9633, Std = 0.029
Fl-score Mean = 0.8904, Std = 0.01312 Mean = 0.9621, Std = 0.0031
Specificity Mean = 0.8828, Std = 0.0078 Mean = 0.9383, Std = 0.0129
FNR Mean = 0.0490, Std = 0.0200 Mean = 0.0366, Std = 0.0029
MCC Mean = 0.8184, Std = 0.0224 Mean = 0.9024, Std = 0.0087

ROC-AUC Mean = 0.9168, Std = 0.01020 Mean = 0.9917, Std = 0.00080

These results are based on five runs for each model, with bootstrapping used to calculate 95% confidence intervals

for the differences in performance metrics between the two methods.
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Table 15. Confidence intervals for the difference in performance between the baseline and the study’s
proposed approach.

Metrics Confidence Intervals
Accuracy (—0.062, —0.043)
Precision (—0.136, —0.112)

Recall (—0.0295, 0.0514)

Fl-score (—0.083, —0.059)

Specificity (—0.0679, —0.04302)
FNR (—0.0055, 0.0306)
MCC (—0.1048, —0.0621)

ROC-AUC (—0.085, —0.068)

For accuracy, the hierarchical domain-adaptive learning approach exhibited a higher
mean accuracy (0.9536) relative to the baseline (0.9033). The bootstrapped 95% confidence
interval for the difference in accuracy (—0.062 to —0.043) does not encompass the null,
suggesting a statistically meaningful elevation in performance.

Similarly, precision, which quantifies the correctness of positive predictions, was
notably superior in the hierarchical domain-adaptive learning approach, with a mean
precision of 0.96112 over the baseline’s 0.8372. The associated confidence interval for this
metric, extending from —0.136 to —0.112, further attests to the statistical significance of
this enhancement. Such an increase in precision is crucial, as it reduces the rate of false
alarms—a common challenge in wildfire detection systems.

Regarding recall, the confidence interval (—0.0295 to 0.0514) straddles zero, indicating
that the evidence for improvement in sensitivity is suggestive rather than conclusive. While
the mean recall of the proposed method (0.9633) is higher than that of the baseline (0.9509),
the overlapping confidence interval warrants a cautious interpretation, emphasizing the nu-
anced nature of model comparison. The FNR metric, inversely related to recall, equivalently
indicated a trend towards improvement, yet with inconclusive statistical significance.

The Fl-score and ROC-AUC metrics corroborate these findings. The hierarchical
approach’s Fl-score mean of 0.9621 vastly exceeds the baseline’s 0.8904, with the confidence
interval ranging from —0.083 to —0.059, reinforcing the method’s statistical robustness in
terms of precision and recall’s harmonic mean. The hierarchical domain-adaptive learning
approach improved not only the model’s ability to correctly identify wildfires but also its
accuracy in confirming non-fire events, as evidenced by its higher mean specificity (0.9383)
compared to the baseline (0.8828). The bootstrapped 95% confidence interval for specificity
(—0.0679 to —0.04302) lies entirely below zero, indicating that the improvement in correctly
identifying true negatives is statistically significant. This enhancement in specificity is
particularly beneficial in the context of wildfire detection, where the accurate rejection of
non-fire events is just as crucial as the correct identification of actual fires to minimize
unnecessary deployments of emergency services.

Furthermore, the MCC for the hierarchical domain-adaptive learning approach demon-
strates a substantial leap in performance, with a mean of 0.9024 surpassing the baseline’s
0.8184. The confidence interval (—0.1048, —0.0621) confirms that the increase in MCC is sta-
tistically significant, supporting the model’s enhanced predictive quality. MCC, a balanced
measure even with unbalanced data, reflects a comprehensive performance improvement
across both classes. Its significant increase underscores the hierarchical approach’s ad-
vanced ability to balance true positives and negatives, crucial for the reliability of wildfire
detection systems in varied operational environments.

The ROC-AUC, a probabilistic measure of the model’s discriminatory capacity, demon-
strates a remarkable confidence interval from —0.085 to —0.068, indicating a near-certain
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statistical significance in the advanced method’s ability to distinguish between the presence
and absence of wildfires.

Overall, the advanced hierarchical domain-adaptive learning approach appears to
offer improvements in several key performance metrics when contrasted with the baseline
training-from-scratch approach. The approach’s ability to discern subtle indicators of
wildfires from varied datasets suggests a model that is not only more accurate but also
more versatile and reliable in different environmental conditions. This reliability is vital for
early detection systems where the cost of false negatives can be devastating. The statistical
significance of these findings, particularly in accuracy, precision, MCC, and ROC-AUC,
underscores the potential for the hierarchical domain-adaptive learning approach to set
new benchmarks for performance in this critical domain.

On the other hand, and acknowledging the importance of detecting fires at night, we
have analyzed the performance of the proposed model on the 17 night images contained
within the wildfire test dataset. The error analysis on the misclassified ones reveals that the
proposed approach outperforms the training-from-scratch model, reducing false predic-
tions from three to just one on these night images. This underscores the potential of the
hierarchical domain-adaptive learning model under nocturnal conditions.

Finally, we have conducted an error analysis based on feature visualization using
gradient-weighted class activation mapping (Grad-CAM) [39], following methodologies
outlined in References [15,40]. This qualitative analysis highlights the improved ability of
the proposed approach in accurately identifying distinguishing image features. Notably, the
model’s enhanced precision is in part attributed to its capability to detect subtle yet critical
fire characteristics, such as the distinct glow of flames amidst smoke or unique patterns
of spreading fires, even against complex backgrounds. However, to further enhance the
interpretability of the novel hierarchical domain-adaptive learning approach, additional
feature analysis is needed. Such future analysis will unravel the decision-making layers of
the model, thereby ensuring transparency and trustworthiness in its application for forest
fire detection. This future endeavor is crucial not only for validating the model’s precision
but also for deepening our understanding of its operational mechanics.

Time Complexity and Parameter Efficiency Insights

In this subsection, we delve into a parameter and time complexity analysis of the
proposed hierarchical domain-adaptive learning approach as compared to the traditional
training-from-scratch method. Recognizing the critical importance of both model per-
formance and computational efficiency for practical deployment, we present a focused
evaluation on the number of parameters and inference time—key indicators of a model’s
operational viability. This brief yet substantive examination aims to provide a clear per-
spective on how our approach aligns with the demands of real-time application scenarios,
particularly in the context of forest fire detection where timely processing is paramount.
Table 16 displays a comparative analysis of time complexity and parameter efficiency
between the baseline model and the approach proposed in this study.

Table 16. Time complexity and parameters efficiency comparison between the baseline and the
study’s proposed approach.

Efficiency Aspect Baseline Domainl:lzi?ir:;(t:?\:aﬁeaming
Number of parameters 4,052,133 4,052,133
Avg. inference time/image (ms) Mean = 5.58 Mean = 5.46
Total training time Mean =19 min 36 s Mean =57 min 45 s

These results are based on five independents runs for each model.

In embarking on the analysis, it is noteworthy to first acknowledge that, despite
the innovative aspects of the hierarchical domain-adaptive learning approach, the final
architecture of the model aligns precisely with the EfficientNetB0 framework used in the
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training-from-scratch method. This architectural consistency, encompassing both the base-
model structure and the regularization techniques, ensures that any observed variances
in performance can be attributed to the training methodology rather than differences in
model complexity. Such an insight is crucial for a fair and accurate comparison of the
two approaches, especially in understanding their operational implications in high-stakes
applications like forest fire detection. In this sense, we found that the hierarchical domain-
adaptive learning approach yields a model with a total of 4,052,133 parameters, of which
4,011,010 are trainable. This parameter count is identical to that of the model developed us-
ing the training-from-scratch approach, underscoring the architectural alignment between
the two methodologies despite the advanced training strategy employed.

For our time complexity analysis, we utilized Google Colab with an NVIDIA A100
GPU and a high-RAM configuration providing 53 GB, alongside 8 CPU cores for efficient
processing as documented by Colab Pro+ features. Our consistent software stack included
Python 3.10.12 and TensorFlow 2.15.0. Non-existing interference from background pro-
cesses was insured. The models were preloaded, and the GPU was warmed up before
measuring inference times using Python’s time module. Across five runs, the hierarchical
domain-adaptive learning approach achieved a mean inference time per image of 0.00546 s,
and the training-from-scratch approach had a mean of 0.00558 s. The calculated confi-
dence interval for the difference in inference times between approaches including image
preprocessing was (—0.00036, 0.00059) seconds, indicating no significant difference and
underscoring the efficiency of the novel approach.

In addition to the parameter count and inference time analysis, we evaluated the
training time and computational resource utilization of both models. The hierarchical
domain-adaptive learning approach required a significantly longer training time, averaging
57 min, and 45 s over five runs. This extended duration can be attributed to the intricate
fine-tuning process inherent in the approach. In contrast, the training-from-scratch model
took an average of 19 min and 36 s. While the training time for the hierarchical domain-
adaptive learning approach is notably longer than the traditional method, it is crucial to
emphasize that, in scenarios like forest fire detection, the emphasis is more on the efficiency
of the model during deployment and real-time inference, rather than on the initial time
investment for training.

The computational resource utilization analysis during inference revealed comparable
GPU load changes and stable memory consumption for both the hierarchical domain-
adaptive learning approach and the training-from-scratch method. Notably, the GPU load
variations were minimal and the free memory remained consistent across both models.
The observed parity in resource utilization highlights the practicality of our hierarchical
approach, suggesting its suitability for time-sensitive applications without imposing undue
computational demands. It is important to note, however, that consistent inference times
may be influenced by the GPU capabilities and the scope of our test dataset of 410 images.
Future research will extend this analysis to larger datasets, providing deeper insights into
the training approach’s impact on inference time and learned features.

3.5. Performance Benchmarking: Hierarchical Domain-Adaptive Learning on EfficientNetB0 vs.
EfficientNetB7

As we advance our understanding of deep-learning applications in critical scenarios
like forest fire detection, the exploration of model architectures of varying complexities
becomes essential. This subsection aims to juxtapose the performance of the hierarchical
domain-adaptive learning approach when applied to two distinct models within the Ef-
ficientNet family. The comparison sheds light on the balance between model complexity,
reflected in the number of parameters, and operational efficiency, particularly inference
time. Such an analysis is vital for discerning whether the increased accuracy potential of
EfficientNetB7 translates into tangible benefits in a real-time detection context or if the
lightweight BO variant offers a more practical solution. By systematically evaluating perfor-
mance metrics, inference speed, and parameter counts over multiple runs, we provide a
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data-driven argument to guide the selection of an optimal model architecture for forest fire
detection applications.

Table 17 outlines the optimized hyperparameters for the approach, with configurations
derived from the validation set of the wildfire dataset.

Table 17. Hyperparameter configuration for the hierarchical domain-adaptive learning approach
using the EfficientNetB7 as a base model.

Hyperparameter Value
Learning rate (initial training) 1 x 1072
Learning rate (fine-tuning) 1x1073
Optimizer (both) Adam
Batch size 32
Epochs (initial training) 15
Fine-tune at the layer number (initial training) 1
Epochs (fine-tuning) 20
Fine-tune at the layer number (fine-tuning) 80

Tables 18-20 encapsulate the empirical findings from the comparative analysis, pre-
senting an array of performance metrics alongside inference times and parameter counts
for the hierarchical domain-adaptive learning approach using both EfficientNetBO and B7.
These results provide a quantitative foundation for assessing the efficacy and efficiency
trade-offs between the two models in the context of forest fire detection.

Table 18. Performance metrics comparison of the study’s proposed approach using the EfficientNetB0
and EfficientNetB7.

Hierarchical Hierarchical
Metric Domain-Adaptive Learning Domain-Adaptive
(EfficientNetB?) Learning (EfficientNetB0)

Primary accuracy

Mean = 0.9604, Std = 0.0024

Mean = 0.9536, Std = 0.0048

Precision Mean = 0.9659, Std = 0.0045 Mean = 0.96112, Std = 0.00771
Recall Mean = 0.9697, Std = 0.0047 Mean = 0.9633, Std = 0.029
F1-score Mean = 0.9677, Std = 0.0019 Mean = 0.9621, Std = 0.0031
Specificity Mean = 0.9458, Std = 0.0075 Mean = 0.9383, Std = 0.0129
FNR Mean = 0.0303, Std = 0.0047 Mean = 0.0366, Std = 0.0029
MCC Mean = 0.9166, Std = 0.0050 Mean = 0.9024, Std = 0.0087
ROC-AUC Mean = 0.9912, Std = 0.0026 Mean = 0.9917, Std = 0.0008

These results are based on five runs for each model, with bootstrapping used to calculate 95%.

The analysis of the comparison between the hierarchical domain-adaptive learning
approach using EfficientNetB0 and EfficientNetB7 as base models indicates that both
approaches have a consistent number of parameters, which aligns with the expectation that
the core architecture remains the same despite the training methodology.

However, there are noteworthy differences in the average inference time per image,
with the B7-based model showing a higher average inference time. This could be due to
the inherent complexity of the B7 model, which, while potentially offering higher accuracy,
also requires more computational resources for inference.
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Table 19. Confidence intervals for the difference in performance between the study’s proposed
approach using the EfficientNetB0 and EfficientNetB7.

Metrics Confidence Intervals
Accuracy (—0.0112, —0.0029)
Precision (—0.0124, 0.0027)

Recall (—0.0103, —0.0008)

F1-score (—0.0090, —0.0024)

Specificity (—0.0201, 0.0050)
FNR (0.0015, 0.0103)
MCC (—0.0236, —0.0058)

ROC-AUC (—0.0018, 0.0029)

Table 20. Time complexity and parameters efficiency comparison between the study’s proposed
approach using the EfficientNetB0 and EfficientNetB7.

Hierarchical Hierarchical
Efficiency Aspects Domain-Adaptive Learning  Domain-Adaptive Learning
(EfficientNetB7) (EfficientNetB0)
Number of parameters 64,102,809 4,052,133
Avg. inference time/image (ms) Mean = 8.79 Mean = 5.46
Total training time Mean =111 min 23 s Mean = 57 min 45 s

These results are based on five independents runs for each model.

The training time presents a significant difference, with the B7-based approach taking
substantially longer. This is expected since B7 models are larger and more complex, and
therefore require more time to train, even if the eventual deployment for inference does not
reflect this complexity due to optimized weights.

The results shown in the table suggest that, while the B7-based approach may offer
slight improvements in certain performance metrics, these come at the cost of increased
computational resources during training. This trade-off is crucial in scenarios where
resources and time are limited, such as in rapid response situations for forest fire detection.

The decision to use a more or less complex architecture as the base model in hierar-
chical domain-adaptive learning, and, indeed, in forest fire detection generally, should be
guided by the specific demands of the deployment scenario, considering both performance
metrics and computational efficiency.

4. Discussion

The hierarchical domain-adaptive learning approach introduced in this study repre-
sents a significant enhancement in forest fire detection using deep learning. This approach
significantly improves key performance metrics, such as accuracy and precision, verified
through bootstrapped 95% confidence intervals. These results are not merely incremental
but substantial, highlighting the model’s improved capability in distinguishing between
fire and non-fire scenarios.

Our comparative analysis underscores the importance of domain-specific adaptations
in training, demonstrating how hierarchical learning tailored to forest fire characteristics
yields a performance edge. This underscores the vital role of domain-adaptive methodolo-
gies in advancing this field.

Practically, the improved accuracy and precision from this approach are critical for
early forest fire detection, reducing the impact of such events. The adaptability of the
proposed model to diverse environmental conditions is essential for creating dependable
systems, especially in scenarios where false negatives have serious consequences.
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The model’s distinct performance advantage arises from its novel training ap-
proach, particularly the hierarchical learning strategy and the domain-adaptive element
fine-tuned for forest fire detection. Freezing specific layers during fine-tuning helps pre-
serve general features while adapting others to forest fire specifics, balancing overfitting
prevention and generalization.

This study also compares the hierarchical domain-adaptive learning framework to the
sequential transfer learning approach, focusing on precision and recall in forest fire detec-
tion. The hierarchical framework’s dual-branch architecture and shared layers for general
feature extraction result in a more holistic learning process, potentially improving precision
while maintaining recall. This contrasts with the sequential transfer learning approach,
which may exhibit limitations in specificity and adjustment to forest fire characteristics due
to its sequential learning process.

The hierarchical domain-adaptive learning framework’s success likely stems from
its balance between generalization and domain-specific adaptation—a balance not fully
achieved by sequential transfer learning. This highlights the importance of the architectural
design of dataset integration in developing specialized models, like those needed for forest
fire detection.

However, the framework also highlights challenges in optimizing recall. The auxiliary
dataset, despite aiding in generalization and precision, may not effectively enhance recall
due to its lack of specificity to forest environments. This suggests a need for datasets more
aligned with the primary task and training strategies that capture a broader range of forest
fire scenarios.

Additionally, the analysis reveals that methods employing pre-trained, frozen layers,
especially those trained on general datasets, often struggle to adapt to the unique demands
of forest fire detection. Conversely, domain-specific training, as exemplified by our frame-
work, shows marked improvements across multiple metrics. This underscores the need
for carefully selected training strategies and datasets tailored to the task of optimizing the
model performance effectively.

On the other hand, in our dual-task learning strategy for forest fire detection, we
recognize the risk of negative transfer, especially with shared layers processing both forest
and non-forest fire scenarios. While these layers aim to extract general features useful for
forest fire detection, they might inadvertently learn features more specific to non-forest
scenarios, potentially impacting the model’s performance on its primary task.

To counter this, we limited the depth of the shared layers to the top 80, balancing the
use of pre-trained features with minimizing the risk of irrelevant feature incorporation.
Additionally, fine-tuning focused on the forest-specific dataset helps align the model with
the primary task, reducing the chance of negative transfer. However, we acknowledge that
the risk of negative transfer cannot be completely eliminated.

Future work will concentrate on further refining our model’s architecture to enhance
its forest fire detection capabilities while minimizing negative transfer. We plan to ex-
plore advanced techniques like the multisource maximum predictor discrepancy (MMPD)
model [41], incorporating domain-adaptive methods and continual learning strategies to
better tailor the model to forest fire scenarios.

Continuing the discussion, it is noteworthy to acknowledge the pioneering role of
Study [15] in employing the wildfire test dataset, which establishes a benchmark for our
investigation. This study employed MobileNetV3 as a base model, whereas the current
work is based on EfficientNetB0. Despite the architectural differences, such a comparison
remains insightful. Table 21 encapsulates a direct comparison, shedding light on the
advancements achieved in detection accuracy, precision, recall, and other key metrics. This
juxtaposition is critical, as it not only benchmarks our model against existing literature but
also demonstrates the improvements and benefits brought forth by the approach.
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Table 21. Performance metrics comparison between the model proposed by [15] and the study’s
proposed approach.

Metric The Model Proposed by [15] Domainl:lziedr:;;:/i:alfearning
Primary accuracy Mean = 0.8766, Std = 0.0147 Mean = 0.9536, Std = 0.0048

Precision Mean = 0.7974, Std = 0.0206 Mean = 0.96112, Std = 0.00771
Recall Mean = 0.9171, Std = 0.0273 Mean = 0.9633, Std = 0.029
F1-score Mean = 0.8526, Std = 0.0146 Mean = 0.9621, Std = 0.0031

ROC-AUC Mean = 0.8842, Std = 0.0127 Mean = 0.9917, Std = 0.00080

These results are based on five independents runs for each model.

Study’s Limitations and Future Work

Despite these promising results, the study acknowledges the inherent limitations of
any single methodology in the complex and variable context of forest fires. The performance
of the model must be continually assessed against emerging datasets and evolving fire
scenarios to ensure ongoing relevance and effectiveness. Additionally, while the model
excels in the conditions tested, further research is needed to evaluate its performance across
more region-specific geographies.

Another crucial avenue that remains unexplored is the temporal aspect inherent in the
progression of wildfire events. The sequential nature of image data, portraying the evolving
dynamics of fire and smoke, holds a treasure trove of information that can significantly
enhance early detection and monitoring. While the current training approach has laid
a solid foundation in handling spatial features effectively, it does not explicitly account
for temporal dependencies. This limitation opens up a thrilling realm of possibilities
for future work. In the forthcoming studies, we plan to evolve the approach to not only
evaluate but also train the model on sequential data. This adaptation will entail augmenting
the proposed approach to encapsulate the sequential (temporal) information inherent in
wildfires, thus moving beyond the solely spatial analysis conducted in the present study.
By weaving in the temporal dimension, we aim to advance towards a more robust and
insightful wildfire detection model that can operate efficiently in real time, providing timely
alerts that are crucial for mitigating the adverse impacts of wildfires.

This temporal adaptation and evaluation will not only address the current study’s
limitations but also propel the wildfire detection domain a step closer to more realistic and
effective solutions. In this research, the methodology primarily focuses on the primary
task of wildfire detection, emphasizing its critical importance in the model’s application.
While this approach aligns with our immediate objectives, it presents a limitation in fully
exploring the potential synergies in dual-task learning.

On the other hand, while our study marks progress in forest fire detection, we acknowl-
edge that night-time fire detection remains a crucial aspect requiring further investigation.
Given its importance for practical implementation, more extensive research in this area
is essential for enhancing the model’s reliability and effectiveness under varied lighting
conditions, especially during night-time scenarios.

Another limitation of the current study that could be explored in a future work is
the non-benefit from experimenting with various loss-weighting strategies to balance
the learning between the primary and secondary tasks on the shared layers, potentially
enhancing the model’s overall performance and robustness. Particularly intriguing is the
prospect of adaptive loss-weighting mechanisms, where weights are dynamically adjusted
during training based on specific criteria such as task performance or model confidence.
Theoretical development in this area, coupled with practical, quantitative evaluations,
including the development of new metrics and in-depth statistical analyses, could yield
insights into the efficacy of these strategies.

Additionally, understanding the broader implications of such approaches, not only
for wildfire detection but for other dual-task learning scenarios across different domains,
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could substantially advance the field. This direction promises to uncover new avenues
in model optimization and application, paving the way for more accurate, reliable, and
versatile machine-learning systems.

Conversely, although cross-validation is a recognized method for evaluating model
generalizability, given the computational intensity of training high-resolution image data
and the substantial size of the datasets, we opted for a robust single hold-out validation set.

Furthermore, the parameter selection process, while based on empirical evidence
and preliminary experimentation, acknowledges the potential for further optimization.
Advanced hyperparameter optimization methods, such as grid search or intelligent opti-
mization algorithms, offer a more systematic and exhaustive exploration of the parameter
space. Exploring these methods in future studies, given sufficient computational resources,
could potentially refine the model’s performance further, enhancing accuracy and general-
izability. This exploration would also provide deeper insights into the model’s parameter
sensitivity and stability.

5. Conclusions

In summary, the hierarchical domain-adaptive learning approach introduced in this
study marks a significant step forward in the field of forest fire detection. This approach
has proven its effectiveness not only through rigorous statistical validation but also in its
potential for real-world applications. It exemplifies the efficacy of domain-adaptive deep-
learning strategies in environmental monitoring, setting a new benchmark for innovation
in this vital area.

Crucially, the approach’s adeptness at processing varied datasets and adapting to
specific forest fire scenarios, underscored by its enhanced performance metrics, positions
it as a pivotal development for ongoing research and practical implementation. This
study’s findings open avenues for more precise, adaptable forest fire detection technologies,
addressing a pressing need in environmental conservation and management.
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