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Toward Intelligent Earth Observation: Hierarchical Feature Fusion
and a Drone Dataset for UAV-Based Fire Detection

Sufyan Danish, Samee Ullah Khan, L. Minh Dang, Hyoung-Kyu Song, and Hyeonjoon Moon

Abstract—In UAV-based monitoring and remote sensing, early
fire detection remains challenging due to the complex appearance,
scale variation, and spatial ambiguity of fire scenes. Existing
deep networks often rely heavily on feature maps from preceding
layers, which can weaken fine-grained spatial representation and
reduce detection accuracy, particularly for small, distant, or
irregular fire regions. To address these limitations, we propose
a Hierarchical Feature Fusion (HFF) framework that captures
fire patterns across multiple scales. The proposed framework in-
tegrates Discriminative Fire Features (DFF) with a Fire Guided-
Attention (FGA) module to refine hierarchical representations
and improve sensitivity to varying fire intensities, distances, and
scene conditions. In addition, to address the limited diversity
of existing datasets, we introduce a new Drone Fire (DF)
dataset containing a broad range of fire scenarios, geographic
settings, and environmental conditions, while reducing class
imbalance. Extensive experiments on four datasets, namely DF,
FD, FLAME, and DSFD, show that HFF achieves accuracies of
89.16%, 97.52%, 97.50%, and 96.00%, respectively. The results
demonstrate that the proposed framework provides reliable and
robust performance across diverse UAV-based fire monitoring
scenarios, making it well suited for remote sensing applications
in fire surveillance and disaster management.

Index Terms—Fire detection, UAV remote sensing, disaster
monitoring, deep learning, hierarchical feature fusion, UAV
dataset.

I. INTRODUCTION

Fire is one of the most destructive environmental hazards,
demanding rapid and reliable detection to reduce losses to
ecosystems, infrastructure, and human life. Among natural and
human-induced hazards, fire is particularly difficult to manage
due to its rapid spread, evolving visual characteristics, and
the limited time available for intervention. The destructive
nature of wildfires and bushfires is particularly harmful as
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geographic spreads are usually big and the loss is devastating
in terms of ecological and economic damage. The recent
massive events are another indication that there is a necessity
of having effective early warning systems. For example, a
major fire in Los Angeles in 2025, where over 5,316 buildings
were destroyed and the area of about 13,750 hectares was
burned, and in California, in 2024, there was a greater number
of 2,429 fire incidents, and over 95,562 acres were burned
and more than 50 buildings were destroyed. In the European
Union, about every 87 seconds in 2024 a home fire incident
was reported [1]. These incidents highlight the real-world
significance of accurate and timely fire detection.

The methods of the traditional fire monitoring system are
primarily based on the principle of scalar sensors, including
temperature, flame, smoke, and particle sensors [2]. Even
though these systems are inexpensive and simple to implement,
they are usually restricted to closed systems, offer localized
measurements, and in practice, may need further validation.
Conversely, vision-based systems can cover a broader range,
respond faster, and provide more detailed scene information,
making them better suited for disaster monitoring and en-
vironmental analysis. As UAVs and other imaging systems
gain more and more popularity, vision-based fire detection
has become a scalable system that can be employed to survey
large-scale areas [3]. The current vision-based methods can
be broadly divided into traditional machine learning (TML),
hybrid methods that combine TML and deep learning (DL),
and end-to-end DL-based approaches.

Initial TML-based fire detection algorithms used hand-
crafted features, including color, texture, motion, and shape,
to differentiate between fire and background areas [4]. Color-
based methods usually used RGB or YCbCr coding to deter-
mine fire-like pixels, whereas other schemes used color and
texture features, fuzzy logic, covariance features, or support
vector machines to enhance the performance of the classifica-
tion process [5]-[9] These techniques are usually sensitive to
variations in illumination, smoke, shadow, messy backgrounds
and objects that resemble fire, producing high false-positive
rates and erratic operation. More significantly, handcrafted
elements are limited in their ability to capture the broad
diversity of fire in terms of scale, perspective, and contextual
circumstances [10].

To overcome these restrictions, recent research has been
progressively using DL-based solutions. CNNs learn to rep-
resent discriminative information directly with image data
and have demonstrated explicit benefits over handcrafted fire
detection techniques [11], [12]. Existing work has explored
lightweight architectures, model compression, transfer learn-
ing, transformer-enhanced designs, and hybrid CNN-based
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frameworks combined with conventional classifiers such as
support vector machines [13]-[20]. Beyond direct fire recog-
nition, DL methods have also been applied to related wildfire
tasks, including air-quality impact analysis, thermal hotspot
monitoring, fire severity assessment, burned-area analysis, and
drone-assisted fire management [3], [21]-[28]. Fig. 1 given
Supplementary file present the a graphical representation of
fire-related work categorized into hybrid, machine learning and
deep learning methods.

Despite this progress, important limitations remain. Many
DL models are trained and evaluated on datasets collected
from fixed surveillance cameras, which provide limited view-
point diversity and restricted spatial coverage, thereby weaken-
ing generalization to open and dynamic outdoor environments.
Moreover, the area of fire can be highly diverse in size, shape,
texture, and intensity, and small or remote fires are especially
hard to notice. Fixed feature extraction pipelines might also be
fail in extracting fine detail of local features as well as more
general contextual information of complex fire scenes. Despite
the advancement on the matter of feature selectivity, attention-
based approaches have significant shortcomings. Bottleneck
attention can over-compress information, self-attention can be
costly and inefficient to maintain local structure, and channel-
spatial attention like CBAM can fail to represent hierarchi-
cal dependencies across scale ranges in a sufficient manner,
among others [11], [29]-[31]. Attention-guided P-DenseNet-
A-TL and channel- or semantic-attention-based frameworks
have demonstrated positive improvements in attention-guided
fire detection, although they are so far entirely reliant on
sequence backbone feature maps, which may compromise
local spatial information especially with early-stage or low-
sized fires and in scenes containing fire-like distractions or
high-contrast illumination variations.

Another practical challenge is a shortage of sufficiently
diverse datasets to monitor fire aerospace. The available bench-
marks usually lack sufficient drone-based images to capture the
variability of scale, perspective shifts, and complexity of the
environment typical of outdoor real-world monitoring. Aerial
imagery has the potential to offer wider spatial coverage and
more versatile observation geometry compared to fixed CCTV
systems, and is specifically useful in fire surveillance of large,
heterogeneous areas. However, the limited availability of such
data continues to constrain the development and fair evaluation
of robust fire detection models.

Motivated by these observations, this work proposes a Hier-
archical Feature Fusion (HFF) framework for fire scene clas-
sification in diverse visual sensing conditions. The proposed
framework is designed to improve robustness to scale varia-
tion, background complexity, and ambiguous visual patterns
by integrating hierarchical representations across multiple res-
olutions. In contrast to approaches that rely on a single fea-
ture level, HFF aggregates complementary information from
different stages of the network, enabling more reliable mod-
eling of both small-scale and large-scale fire characteristics.
To further enhance discriminative capability, a Fire Guided-
Attention (FGA) module is introduced to emphasize spatially
informative regions and to refine hierarchical features using
both local and global contextual dependencies. This design

improves resilience to fire-like distractors and to illumination
variability, as illustrated in Fig. 2 of the Supplementary.

To support this study, we also construct a new drone-based
fire dataset, denoted as the DF dataset, consisting of 1,130 fire
images and 1,130 non-fire images captured under challenging
conditions. The dataset is intended to address the shortage of
aerial fire samples and to provide improved geographic and
visual diversity for model evaluation. Extensive experiments
are conducted on the DF, FLAME, DSFD, and FD datasets
using multiple backbone architectures and several variants of
the proposed FGA design. Among the examined backbones,
EfficientNetB2 provides the most favorable performance for
the proposed framework. In the final architecture, Efficient-
NetB2 is used as the feature extractor, while the proposed
FGA module refines hierarchical features prior to fusion and
classification.

Although UAV-based imagery is the primary focus of this
work, the FD dataset was additionally included to evaluate
the generalization capability of the proposed framework under
mixed visual sensing conditions. Specifically, DF, FLAME,
and DSFD mainly consist of drone/aerial imagery, whereas
FD contains both drone-based and CCTV/ground-based fire
images. Therefore, FD is used as a cross-perspective bench-
mark rather than the primary target domain.

We also re-implemented recent state-of-the-art fire detection
models and evaluated them on the DF dataset, as illustrated in
Fig. 2 of the Supplementary. The comparative results show that
several existing methods remain susceptible to misclassifica-
tion in challenging outdoor scenes, particularly when fire-like
objects or difficult visual conditions are present. By contrast,
the proposed HFF model provides more reliable classification
on these challenging samples, demonstrating the importance
of hierarchical feature integration and fire-aware attention for
robust fire scene analysis.

The main contributions of this work are summarized as
follows:

e We propose a hierarchical feature fusion framework,
termed HFF, primarily designed for UAV-based fire scene
classification while also demonstrating robust generaliza-
tion across heterogeneous visual sensing conditions. By
combining multi-level contextual and spatial representa-
tions, the framework improves discrimination of complex
fire patterns under diverse scene conditions.

o We introduce a hierarchical Fire Guided-Attention mod-
ule that enhances feature refinement across multiple
scales. The proposed module preserves local spatial in-
formation while incorporating broader contextual depen-
dencies, thereby improving robustness to scale variation,
background clutter, and visually similar non-fire regions.

e We develop a new drone-based fire dataset, referred to
as DF, to address the limited availability of challenging
aerial fire imagery. Extensive experiments on DF and FD
demonstrate that the proposed HFF framework outper-
forms traditional handcrafted-feature methods, conven-
tional CNN-based baselines, and existing attention-based
approaches.

The remainder of this paper is organized as follows. Section

IT describes the proposed HFF architecture in detail. Section
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IIT presents the datasets, evaluation metrics, and experimental
settings. Section IV reports comparative results against state-
of-the-art methods, followed by further analysis in Section
V. VI discuss computational complexity. Finally, Section VII
concludes the paper and outlines future research directions.

II. PROPOSED FRAMEWORK

This section describes a comprehensive overview of the
proposed HFF framework, which comprises three major com-
ponents: DFF, FGA and HFF. The overall workflow comprises
three sequential phases: data preprocessing, training and test-
ing. In the data preprocessing phase, video data are collected
from various sources and converted into frames. In both the
training and testing stages, a number of CNN-based models
were implemented to perform a thorough analysis. Among
them, EfficientNetB2 proved to be the most effective and was
chosen as the DFF, which should capture detailed, fire-specific
features that are important in the fine-grained fire detection.
To overcome the scale variation and contextual sensitivity,
Hierarchical fire-guided-attention mechanism was integrated,
with multi-kernel convolutions to add sensitivity to a range of
fire sizes. The output feature map of each of the two modules
was then incorporated through a hierarchical strategy of feature
fusion, with this design enabling the model to pay attention to
both localized and large-scale fires, as well as to a greater
number of possible fire scenarios, and enables the model
to have a better classification and localization accuracy. The
comprehensive framework of the proposed model is presented
in Fig. 1. The details of each phase, including the additional
technical details, are also provided in the sub-sub sections
below.

A. Overview

Fire poses a serious threat to ecological and environmen-
tal systems, which is increased by the growing impacts of
climate change. Fire disasters can cause severe environmental
pollution, destruction of natural resources, loss of human lives
in large numbers and major economic damage. Therefore,
early and accurate fire detection is essential, and several ML
and DL-based models have been developed for this purpose.
However, many existing methods remain sensitive to scale
variation and depend heavily on preceding feature layers,
which may limit their ability to capture discriminative spatial
details. To address these limitations, this work proposes a
novel Hierarchical Feature Fusion (HFF) framework for fire
detection and classification from drone images. The proposed
framework consists of three main phases, including data pre-
processing, training, and testing. In the preprocessing phase,
frames are extracted from multimedia data collected from
different sources. During training, the fire dataset is first passed
through the Discriminative Fire Feature (DFF) model to
extract representative fire-specific features. These features are
then processed by the Fire Guided-Attention (FGA) module
through the functions F,, G, and H,, enabling the model to
capture both fine-grained and broad fire patterns. In parallel,
the extracted features are also processed through .7, and
JC... The hierarchical features obtained from the FGA module

are then fused with the backbone features to generate a
more informative final descriptor. The final classification is
performed using batch normalization, average pooling, fully
connected layers with two neurons, and a SoftMax function
to distinguish between fire and non-fire classes. After training,
the model is saved and later loaded during the testing phase
to evaluate its performance using accuracy, precision, and F1-
score. The overall workflow of the proposed framework is
summarized in Algorithm 1 in the Supplementary Material,
and further details are provided in the following sections.

B. Pre-Processing

To overcome the issues of classification and detection in the
fire detection domain, it is essential to have a systematically
collected and organized diverse dataset of fire and non-fire
cases. The dataset has been collected based on 66 multimedia
data sources across various online sources, such as Facebook,
YouTube, and Instagram and specific keywords, such as ’fire’,
’building fire’, ’forest fire’, ’vehicle fire’ and ’mountains
fire’. We have also used the words, including ’drone’, "UAV’
and ’Aerial’ in our search. This multimedia data was then
converted into frames and a total of 6000 drone fire frames
were obtained in all the multimedia data.

Ensuring the quality of our dataset is critical for effective
model training and optimal results. To achieve this, several key
preprocessing actions were carried out in which each image
was visually examined to retain only unique and relevant data
and discard duplicated, blur, non-informative, low-quality and
redundant data to narrow the range of drone fire images to
1130 but discard unnecessary and redundant frames to avoid
model overfitting. This data set is consists of diverse types
of data such as geographic and environmental diversity. Each
image was carefully examined, and only the relevant region of
interest was retained, deliberately excluding irrelevant objects.
Following this, all images were passed through image pro-
cessing and resized to a standardized resolution of 224x224,
facilitating the algorithm in efficiently learning features for the
classification problem.

C. Fire Specific Feature Extraction

In fire detection tasks, specifically drone-based imagery
with complex environmental contexts, it is critical to select
a robust feature extraction backbone. To identify an optimal
backbone for robust feature selection and pattern recogni-
tion in fire detection and classification tasks, especially in
complicated scenarios, nine feature extractors, including In-
ceptionV3, DenseNet121, MobileNet, MobileNetV2, NASNet-
Mobile, EfficientNetBO, EfficientNetB1, EfficientNetB2 and
EfficientNetB3 were comparatively evaluated based on their
ability to extract semantically rich and spatially discriminative
fire features. As shown in the ablation study (Table I),
EfficientNetB2 consistently achieved the highest performance
across classification accuracy and F1-Score metrics. Based on
empirical validation, the EfficientNetB2 network was selected
as a DFF for Fire-Specific Feature Extraction within the
proposed HFF framework.
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Fig. 1. Overall architecture of the proposed HFF framework. UAV fire images are first preprocessed and passed to the DFF module for discriminative feature
extraction. The extracted feature maps are then refined using the proposed Fire Guided-Attention (FGA) module, which employs hierarchical multiscale
attention to emphasize fire-relevant spatial regions. Subsequently, the refined features are integrated through the Hierarchical Feature Fusion (HFF) module to

combine local and global contextual information to obtain the best output.

Beyond empirical superiority, EfficientNetB2 presents sev-
eral architectural advantages that make it uniquely suitable for
UAV-based fire detection tasks. In contrast to traditional CNNs
where model parameters are scaled arbitrarily, EfficientNetB2
employs a compound scaling policy that scales depth, width,
and resolution with constant coefficients, and thus reaches
an optimal trade-off between accuracy and computational
efficiency. This is especially beneficial to UAV platforms that
lack processing power. Besides, EfficientNetB2 uses depthwise
separable convolutions of depths 3 x 3 and 5 x 5, as well as
squeeze-and-excitation (SE) blocks, which dynamically recal-
ibrate channel-wise feature responses, improving the model
to focus on spatially relevant patterns of fire on complex
backgrounds. Gradient flow and model convergence is further
enhanced by the swish activation function which allows more
accurate representation learning of complex fire contours than
traditional ReLLU-based networks. Moreover, higher input res-
olutions support (224 x 224) in EfficientNetB2, which allows
fine-grained spatial features to be preserved in the initial
convolutional layers, which is essential to support fine-grained
fire patterns in small scales and partially occluded fire patterns
in the initial convolutional layers as well as scale variation in
complex fire detection tasks. EfficientNetB2 is more advan-
tageous in terms of performance to complexity compared to
more advanced models like EfficientNetB3 and DenseNet121,
which risk overfitting and high memory utilization. Although
MobileNet and NASNetMobile are computationally efficient
and lightweight, they tend to have a small ability to capture
global context, which is necessary in the modeling of dispersed

or ambiguous fire signals in aerial images. InceptionV3’s use
of asymmetric convolutions improves computational speed but
compromises sensitivity to spatial structure, and DenseNet121,
though effective in gradient propagation, tends to introduce
redundant features and higher memory overhead. Furthermore,
EfficientNetB2 offers a balanced architecture based on the
compound scaling principle, where depth 0 , width W ,
and resolution R of the networks are scaled uniformly using
a set of fixed coefficients ¢. This relationship is defined
mathematically as
E= wxa®, WxpB? Rour? (1)
where a- 32 -2 = 2 refer to the distribution of memory and
computational resources towards the network width, depth and
resolution respectively. This design enables EfficientNetB2
to maintain high accuracy while preserving computational
efficiency a requirement for UAV-based fire detection appli-
cations.

The fire-specific feature extraction begins by processing the
input image 7€ R *Wx3_which is resized to match the input
dimensions required by the network (i.e., 224 x 224 x 3). The
image is subsequently passed through a sequence of convolu-
tional and activation layers within EfficientNetB2, where low-
level features such as edges and textures are extracted in the
early stages. As the network depth increases, progressively
more complex and abstract representations such as shapes,
structural patterns, and semantic information are learned. The
fire-specific feature extraction process can be expressed math-
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ematically as follow:
FM=&() 2)

where & represents the EfficientNetB2 model, and FM
represents the extracted fire-relevant feature maps from the
input fire image I. These extracted features serve as the
foundational input for subsequent modules in our framework.
The strength of EfficientNetB2 in accurately capturing both
high-level semantic context and low-level visual patterns is a
crucial enabler of the strong fire detection performance of the
system, as validated in the ablation study section III-A1 Table
I, EfficientNetB2 consistently outperforms other evaluated
backbones in terms of classification accuracy, F1-Score and
other validation matrices, supporting its selection as the most
suitable architecture for fire-specific feature extraction in UAV-
based monitoring systems. However, the model does not rely
exclusively on this feature map. Instead, the FGA and HFF
modules are specifically designed to optimize, reweight, and
add to these original properties through spatial hierarchies to
reduce reliance on a single layer and make fire detection more
generalizable in a variety of environmental conditions.

D. Hierarchical Fire Guided-Attention Mechanism

Conventional CNNs extract features within fixed receptive
fields, which can restrict their ability to preserve fine spatial
details, especially in shallow layers. In UAV-based fire detec-
tion, this limitation is critical because true fire regions often
appear at different scales and may be confused with fire-like
objects such as sunlight, reflections, smoke, or red-colored
backgrounds. Although hierarchical structures improve multi-
scale feature extraction, they may still lack explicit global
contextual guidance. Likewise, channel-wise attention alone
is insufficient because it does not fully preserve pixel-level
spatial information. To address these challenges, we introduce
an FGA module that improves the Discriminative Fire Fea-
ture by incorporating spatial hierarchies, multiscale contextual
details, and attention-guided refinement, directly addressing
the challenges of scale variation and overreliance on deep
semantic maps highlighted in existing fire detection studies.
The FGA module receives as input the fire-specific feature map
extracted from DFF as denoted by F'M € RH>*WxC Tnitially,
these features are normalized using batch normalization B and
passed through a dropout ® layer to improve generalization:

Fy = D(B(FM)) 3)

To capture fire patterns at multiple spatial resolutions, three
convolutional layers with kernel §izes of 7x 7,5 x5, and
3 x 3 are sequentially applied to Fy:

Peo (e (Voo (1 0R)))

where o denotes the ReLU activation function, W; repre-
sents learnable convolutional kernels, and * denotes convolu-
tion. The 7 x 7 and 5 x 5 kernels capture broad contextual
fire structures, while the 3 x 3 kernel preserves local and
fine-grained flame details. Since these operations are applied
to high-level feature maps with reduced spatial dimensions,

the use of larger kernels introduces only limited computa-
tional overhead. To enhance feature diversity, parallel attention
branches are introduced at each hierarchical stage. For each
intermediate feature map F;, an additional convolution with
the corresponding kernel size is followed by global average
pooling G,,, and batch normalization:

Gi =B (Gup (Convy, xx, (Fy)))

where k; € {7,5,3}. The resulting descriptors G1, Gz, and
G3 are concatenated to form a unified multi-scale attention
representation:

i€{1,2,3} (5

Frs =G1 ® G2 G3 6)

where @ denotes channel-wise concatenation. In addition,
two 1 x 1 convolutional projections, Fglx)l and ng)l, are
extracted from the fire-specific feature map to retain compact
channel-level information. A global average pooling descriptor
x is also included to incorporate global contextual information.
These branches ensure that global context is captured and
added to the localized features, and further enhances the
performance of the proposed FGA module. The final fire-
refined feature representation is defined as:

Frga = Concat (FmS,Fglx)l, ngx)hx) (7

The FGA mechanism can also be interpreted as a weighted
aggregation of multi-scale feature maps:

n
Fraa =) aiFM,, ®)
i=1

where FM;, denotes the feature map from scale s; € .S,
and S = {s1, $2,. .., S, } represents the set of extracted scales.
The attention coefficients «; are normalized using a softmax
function so that the contribution of each scale is adaptively
weighted. This allows the module to emphasize the most
informative fire-related regions while suppressing irrelevant
background responses.

The other operations within the FGA module can be rep-
resented formally as follows: Equations 9, 10, 11, 12, 13
and 14 represent the convolutional layer operation, global
average pooling, batch normalization, fully connected layer,
loss function, activation function and loss function.
Convolutional Layer: The fully connected layers take the
flattened feature representations as input and perform nonlin-
ear transformations to discover intricate patterns within data.
Convolutional layer with input tensor X, filter weights W, bias
8, and activation function o, the convolution operation can be
written as:

Conv 2D(X,W,B) =0 | Y X, ;sW,;; + B 9)
.3
Here, * denotes the convolution operation.

Global Average Pooling: GAP2D(X)xy represent the global
average pooling value for the B, channel, is applied to
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aggregate spatial information by taking all values in the input
tensor X is represented as;

GAP2D(X)s =1/n> X, (10)

i,J

In The above equation, n is the total number of elements in
X.
Batch Normalization: 1t is subsequently applied to normalize
activations, aiming to reduce internal covariates shifts and
stabilize training. The BN with input tensorX, v and § are
learnable scale and shift parameters, 4 and o2 are the mean

and variance, and ¢ is a small constant for numerical stability.
The fully connected layer is expressed as:

X—up
Vo2 +¢
Fully connected layer: The standardized features are sub-

sequently fed into fully connected layers to learn complex
patterns of fire and non-fire with data, characterized by:

BN(X) =7 - + 8, (11)

FC(X,W,B) = o (Wx + B) (12)

where WV represents the weight matrix, B is the bias vector,
and o refer the to activation function.
Sigmoid Activation Function: It is commonly applied as the
activation function in the output layer of a binary classification
model. The features obtained from the fully connected layers
are further processed using a sigmoid activation function,
converting them into probabilities. The following is the math-
ematical representation of the sigmoid activation function:

e*
Z]Kﬂ e
Here, Z; is the i — th element of the input vector. K is the
number of classes such as fire and non-fire. The output of the
sigmoid function o(Z); demonstrates the probability of the
presence of fire or non-fire in the input image.
Binary Cross entropy (Log Loss): This loss function is
frequently employed for binary classification problems. It
calculates the discrepancy between the actual labels and the
predicted probabilities for each instance. The binary cross-
entropy loss can be as:

L(y,9) = — (y - log(9) + (1 —y) - log(1 — 7))

Here, y is the true label (O for non-fire, 1 for fire), and § is
the predicted probability that the instance belongs to class 1.

Overall, the FGA module improves the localization and
classification capability of the network by combining local
spatial sensitivity with global semantic context. This design
is particularly useful for drone-based fire imagery, where fire
regions may be small, partially occluded, irregularly shaped,
or embedded in cluttered backgrounds. By using multi-scale
convolutions and attention-based weighting, FGA reduces
over-reliance on isolated deep feature maps and improves
robustness to scale variation, background complexity, and fire-
like distractors. The resulting descriptor Fpga € R is
passed to the Hierarchical Feature Fusion module for final
integration and classification. The qualitative heatmaps and

o(Z); = (13)

(14)

quantitative ablation results further confirm that FGA improves
attention to fire-affected regions and reduces false responses
from non-fire areas. The complete structure of the module is
shown in Fig. 3 of the Supplementary Material.

E. Hierarchical Feature Fusion Mechanism

The Fire-Guided Attention (FGA) module enhances the
network’s spatial focus on fire regions at multiple resolutions.
However, to ensure accurate fire detection, it is crucial to
integrate both coarse and fine-scale features into a unified rep-
resentation. To achieve this, we introduce the Hierarchical Fea-
ture Fusion (HFF) mechanism, which consolidates multiscale
information from both the FGA and DFF modules. This fusion
strengthens the model’s discriminative ability by aggregating
features from different receptive fields and depths, thereby re-
ducing over-reliance on a single feature map. As illustrated in
Fig. 3 of the Supplementary Material, features extracted from
EfficientNetB2 are first passed through a 7 x 7 convolutional
layer, denoted as f(,), to capture broad spatial fire patterns.
Two additional 1 x 1 convolutional layers, denoted as k(gg)
and [ (z)» Ar€ then used to refine channel-wise information. The
features from f, are further processed through 5x5 and 3 x 3
convolutional layers, denoted as g(;) and h(,), respectively.
These layers help in capturing mid- and fine-grained spatial
patterns associated with flickering flame tips or small ignition
sources. These layers are critical in distinguishing visually
ambiguous fire signals from distractors such as sunlight glare
or industrial smoke. The output features are then processed
through convolution, down-sampling, and batch normalization
to obtain X;, Xo, and X3. The features X; and Xo are
concatenated to form F}, while X3 is concatenated with F} to
obtain Fy. Subsequently, F» is combined with X4, obtained
from k(w), to form Fj. Finally, F3 is concatenated with X5,
obtained from [ (z)> and further enriched with features from the
original EfficientNetB2 through a 1 x 1 convolutional layer
and global average pooling. This hierarchical fusion process
preserves both local pixel-level details and global contextual
information, producing a multiscale task-specific descriptor
that is robust to variations in altitude, viewpoint, scale, and
background clutter in drone-captured imagery.

The feature fusion mechanism is represented as:

HFFGB = (Fl 2] F2 DD Fnum_scales) (15)

where & denotes the concatenation of attention-weighted
feature maps from different scales. By integrating features
from multiple receptive fields, depths, and attention branches,
the HFF module reduces dependence on any single represen-
tation and improves adaptability to fire scenes with varying
intensity, occlusion, and structural complexity. This is particu-
larly important for UAV-based fire monitoring, where the scale
and orientation of fire may vary significantly. Fig. 4 in the Sup-
plementary Material shows that HFF achieves stronger spatial
focus than individual DFF and partial FGA configurations.
Quantitative results in Section III further confirm that HFF
improves performance across the main evaluation metrics, as
shown in Tables II, III, IV, and V.
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TABLE I
COMPARISON AND ABLATION STUDY OF BASELINE MODELS ON THE DF
DATASET. THE BEST NETWORK IS HIGHLIGHTED IN BOLD.

Network Pre: F1-Score Acc. Sens. Spec.
EffNetB3 9425 81.61 7876 71.96 91.76
DenseNet121 100.0 84.96 82.30 73.86 100.0
InceptionV3 99.12 85.01 82.52 74.42 98.68
EffNetBO 96.02 8543 83.63 76.95 94.91
MobileNet 77.88 82.82 83.85 88.44 80.24
NASNetMob. 78.76  82.98 83.85 87.68 80.72
MobileNetV2 77.88 82.82 83.85 88.44 80.24
EftNetB1 9248 8531 84.07 79.17 90.96
EffNetB2 88.05 87.09 86.95 86.15 87.78

III. EXPERIMENTAL RESULTS

The following sections describe the dataset, system con-
figuration, implementation details, model evaluation metrics,
ablation study, and, finally, the comparison of HFF with SOTA
methods. The details of each dataset and a corresponding
discussion, System Configuration, and Implementation details
are given in the Supplementary Material files.

A. Ablation Study

Ablation studies are employed as a powerful analytical tool
to systematically evaluate and dissect the effects of varying
components within the chosen models. In the domain of
fire classification and pattern recognition, analyzing backbone
models and FGA components plays an essential role in the
development of fire detection systems. Backbone models,
which represent the backbone of the deep neural network
architecture, are trained to learn the discriminative features
of the input images. The integration of FGA components into
the backbone model allows the network to adopt a hierarchical
feature selection approach, which enables it to selectively
attend to salient regions in the input data, improving fire
pattern identification. Our aim is to gain a more comprehensive
understanding of these elements and ultimately create more
comprehensive models, facilitate better model generalization,
and improve overall model performance in real-life appli-
cations when it comes to fire classification. Moreover, the
analysis may help to highlight the factors that affect the
accuracy in fire classification, which will contribute to the
development of more effective and reliable fire detection and
suppression systems.

1) Backbone Models Analysis: This study covers the full
scope of ablation studies, and in particular on backbone
model selection. For these analyses, nine different base-
line CNN models, including InceptionV3, DenseNet121, Mo-
bileNet, MobileNetV2, NASNetMobile, EfficientNetBO, Effi-
cientNetB1, EfficientNetB2, and EfficientNetB3) were used
by the DF data for extracting the features and for fire and
non-fire classification. It is worth noting that EfficientNetB2
has shown outstanding performance with a commendable
accuracy of 86.95% due to its powerful feature extraction
capabilities. EfficientNetB3 on the other hand, recorded the
least performance with 78.76% on the DF dataset as presented
in Table L

TABLE II
COMPARISON AND ABLATION STUDY OF THE FGA COMPONENT ON THE
DF DATASET. THE BEST RESULTS ARE HIGHLIGHTED IN BOLD.

FGA Comp. Pre: FI-Score Acc. Sens. Spec.
F-X1 X5 84.07 87.16 87.61 90.48 85.12
F-X1X3 8540 8853 88.94 91.90 86.36
F-X>X3 8496 87.67 88.05 90.57 85.83
HFF 83.19 88.47 89.16 94.47 84.98

2) Fire Guided-Attention Component Analysis: The subse-
quent phase of our investigation involved the utilization of di-
verse optimizing the Fire Guided-Attention configuration. Our
experimental endeavors involved the exploration of diverse
combinations of Fire Guided-Attention module to gauge the
effectiveness of the HFF attention method across varied com-
positions. The integration of meticulously optimized attention
modules was found to significantly enhance feature extraction,
thereby contributing to superior performance in fire classifica-
tion. Evaluation of different HFF configurations: I) Integration
of Fire Guided-Attention with convolutional kernels (7x7) and
(5%5) denoted as (F-X;X5), II) Integration of Fire Guided-
Attention with convolutional kernels (7x7) and (3x3) repre-
sented as (F-X; X3), III) Integration of Fire Guided-Attention
with convolutional kernels (5x5) and (3x3) represented as (F-
X5 X3) and collectively termed as the HFF attention method,
these configurations were rigorously examined. Notably, re-
sults in Table II underscore that the integration of Fire Guided-
Attention through the convolutional operation with a kernel
size of (7x7) and (5x5) when compared to the other integrated
Fire Guided-Attention module, demonstrates comparatively
diminished performance. Conversely, the incorporation of Fire
Guided-Attention with convolutional kernels (7x7) and (3x3)
yields superior results, with accuracy increasing from 87.61%
to 88.94%. Particularly noteworthy is the combination of
convolutional kernels (5x5) and (3x3) attention modules with
the baseline method, showcasing the highest performance
at 88.05% accuracy. HFF consistently outperforms regarding
accuracy, as detailed in Table II. These results underscore the
significant role of FGA in maximizing feature representations,
minimizing FPR and enhancing classification performance
via hierarchical attention weighting. In short, HFF model is
the most efficient and effective of all possible mixes, which
highlights the effectiveness and efficiency of our suggested
model.

IV. PERFORMANCE COMPARISON WITH SOTA

In this subsection, the performance proposed model has
been thoroughly investigated in detail and compared its per-
formance with SOTA models using two benchmark datasets
as described in the dataset section in detail and our proposed
DF dataset. The comparison results presented in Tables III and
IV are based on previously reported SOTA methods available
for each corresponding dataset. Since some prior studies did
not report all evaluation metrics uniformly, only the available
performance measures from the respective publications are
included to ensure a fair and accurate comparison. Quantitative
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TABLE III

COMPARISON OF HFF WITH SOTA MODELS USING FD AND FLAME DATA

SETS. THE SUPERIOR PERFORMANCE OF HFF IS REFLECTED IN THE RESULTS,

WITH THE HIGHEST VALUES HIGHLIGHTED IN BOLD.

Methods FD Data [32] FLAME Dataset [33]
Acc: F1-Score  Recall Pre: Acc: F1-Score  Recall Pre:
1 FPC [34] 0.53 0.68 0.99 0.52 - - - -
= FD-GCM [35] 0.69 0.74 0.90 0.63 - - - -
= FFD-ANN [36] 0.71 0.72 0.73 0.71 - - - -
ANetFire [8] 87.20 87.90 93.20 83.30 - - - -
GNetFire [37] 92.30 92.80 98.00  88.00 - - - -
EMNFire [38] 92.80 93.20 98.70  88.30 - - - -
EFDNet [30] 95.30 95.40 97.40  93.50 - - - -
& DFAN [14] 96.17 96.00 97.00  96.00 - - - -
g OFAN [39] 96.54 97.00 96.00  97.00 - - - -
s Xception [33] - - - - 76.23 - - -
. Ensemble model [40] - - - - 85.12 - - 84.77
8 RCFCL [41] - - - - 88.00 - - -
A RDSA [31] - - - - 93.65 - - -
ACNet [42] - - - - 97.45 97.12 97.10  98.20
HFF 97.52 97.47 99.56  95.46 97.50 97.95 9791 9798
TABLE 1V In particular, HFF achieves an accuracy of 97.52% on the

COMPARISON OF HFF WITH SOTA MODELS ON THE DSFD DATASET. THE
BEST ACCURACY IS HIGHLIGHTED IN BOLD.

Model Acc. F-Score Recall Pre:
EFDNet [30] 88.00 87.50 88.00 87.50
DFAN [14] 89.36 89.84 94.00 86.01

ADFireNet [43] 90.86 89.84 90.86 90.90
M-SoftFireNet [44] 93.50 93.51 93.51 93.57
HFF 96.00 96.03 95.25 96.83

TABLE V
COMPARISON OF HFF WITH VISION TRANSFORMER-BASED SOTA
MODELS ON THE DSFD DATASET. THE HIGHEST SOTA ACCURACY IS IN
ITALICS, WHILE HFF IS IN BOLD.

Model KD Method MVIiT-S MViIT-XS Swin
ViT/32 Soft Target KD 91.33 94.83 -
DIST 94.17 93.00 -
OFA-KD 95.33 95.00 -
ConvNeXt Soft Target KD 92.00 92.33 -
DIST 95.00 95.00 -
OFA-KD 95.17 95.50 -
Swim-Transformer — - - 93.67
HFF - - - 96.00

and qualitative analysis of the HFF and the SOTA are outlined
in detail in the subsequent section.

A. Quantitative Results

To evaluate the effectiveness of the proposed HFF frame-
work, we compared its performance with traditional machine
learning (TML), deep learning (DL), and vision transformer-
based methods on the proposed DF dataset and three bench-
mark datasets: FD, FLAME, and DSFD. The results demon-
strate the suitability of HFF for robust fire scene classification
across diverse fire, non-fire, and fire-like visual conditions.

1) HFF Comparison with TML Approaches: The proposed
HFF framework was first compared with TML-based fire
detection methods on the FD dataset using the evaluation
protocol reported in [39]. As shown in Table III, HFF
outperforms existing TML methods across the main evaluation
metrics, including accuracy, recall, Fl-score, and precision.

FD dataset, indicating a clear improvement over handcrafted
feature-based methods. This performance gain shows that the
proposed framework can learn complex fire-related represen-
tations directly from visual data, reducing the dependence on
manually designed features.

2) HFF Comparison with DL Approaches: The HFF frame-
work was further evaluated against recent DL-based fire de-
tection methods on FD, FLAME, DSFD, and the proposed
DF dataset. The results confirm that combining fire-specific
feature extraction with hierarchical feature fusion improves
classification performance across different datasets and sens-
ing conditions. As reported in Table III, HFF achieves the
best overall performance on the FD dataset, with 97.52%
accuracy, 97.47% F1-score, 99.56% recall, and 95.46% pre-
cision. Among the compared methods, ANetFire [8] records
the lowest performance, while OFAN [39] and DFAN [14]
are the closest competitors in terms of accuracy. Although
OFAN and DFAN report higher precision values of 97%
and 96%, respectively, HFF achieves better overall balance
across recall, F1-score, and accuracy. The strong performance
achieved by HFF on the FD dataset demonstrates that the
proposed hierarchical feature fusion and fire-guided attention
mechanisms generalize effectively across heterogeneous visual
perspectives. On the FLAME dataset, Xception [33] obtains
the lowest accuracy of 76.23%, while ACNet [42] achieves
97.45%. The proposed HFF framework further improves the
result, reaching 97.50% accuracy, with 97.95% Fl-score,
97.91% recall, and 97.98% precision. On the proposed DF
dataset, HFF also demonstrates strong classification ability,
achieving 97.50% accuracy, 97.95% F1-score, 97.91% recall,
and 97.98% precision. The comparison on the DSFD dataset
is presented in Table IV. Among the evaluated methods,
EFDNet [30] reports the lowest accuracy of 88.00%, whereas
the proposed HFF model achieves the highest accuracy of
96.00%, representing an 8.00% improvement. DFAN [14] and
ADFireNet [43] achieve accuracies of 89.36% and 90.86%,
respectively, while M-SoftFireNet [44] reaches 93.50%. How-
ever, HFF remains superior by a margin of 2.50% over M-
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DF FLAME

DSFD

Fig. 2. Visual results obtained by the proposed model across three distinct
datasets (DF, FLAME, and DSFD) using the HFF model. The first, third, and
fifth columns show input images from the DF, FLAME, and DSFD datasets,
respectively, while the second, fourth, and sixth columns display the visual
localization results achieved by the HFF model on the same datasets.

SoftFireNet. A similar trend is observed for the F1-score,
where HFF obtains the highest value of 96.03%, compared
with 87.50% for EFDNet, 89.84% for DFAN and ADFireNet
[43], and 93.51% for M-SoftFireNet [44]. HFF also achieves
the highest recall and precision values of 95.25% and 96.83%,
respectively. Overall, these results show that the proposed HFF
framework consistently outperforms existing TML and DL-
based methods. The improvement can be attributed to the joint
contribution of DFF, FGA, and hierarchical feature fusion,
which enables the model to capture fire patterns at multiple
scales while reducing confusion with fire-like background
regions.

3) HFF Comparison with Vision Transformer Approaches:
To further assess the generalization capability of HFF, we
compared it with recent vision transformer-based models on
the DSFD dataset. Specifically, we considered MobileViT-S
and MobileViT-XS models trained with different knowledge
distillation (KD) strategies, including soft target KD, stronger
teacher distillation (DIST), and one-for-all KD (OFA-KD), as
reported in [20]. We also implemented the Swin Transformer
for additional comparison. As summarized in Table V, the
best MobileViT-XS result is 95.50%, obtained using OFA-
KD with ConvNeXt as the teacher model. Under the same
setting, MobileViT-S achieves 95.33%. In our experiments, the
Swin Transformer obtains an accuracy of 93.67% on the DSFD
dataset. In comparison, the proposed HFF framework achieves
the highest accuracy of 96.00%. These findings indicate that
HFF can outperform transformer-based alternatives on the
DSFD dataset while avoiding the heavy pretraining commonly
required by transformer architectures. Therefore, the proposed
framework provides a favorable balance between accuracy
and practical efficiency, making it suitable for UAV-based fire
detection and disaster monitoring applications.

B. Qualitative Results

The qualitative performance of the proposed HFF frame-
work was examined on four datasets, namely FD, FLAME,
DF, and DSFD, using Grad-CAM visualizations, confusion
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Fig. 3. Comparison of confusion matrices: ablation study vs. proposed
method. The first row displays the confusion matrix for three ablation
study variants, which include F' X1 X2, FX1X3, and F X2X3, alongside
the Swim Transformer (ST) which is evaluated on the DSFD dataset. The
second row shows the confusion matrix of the HFF framework across four
distinct datasets: Flame, FD, DF and ASDF. The results illustrate the HFF
model’s superior accuracy and generalization in distinguishing fire and non-
fire instances under diverse environmental conditions.

matrices, and ROC and Precision—Recall (PR) curves. These
analyses complement the quantitative results by showing not
only how accurately the model classifies fire and non-fire
scenes, but also how it reaches those decisions under different
sensing and environmental conditions.

Grad-CAM was applied to visualize the regions of the
image that had the most significant contribution to the model
predictions. As illustrated in Fig. 2. The proposed HFF
framework is always focused on useful fire features and
inhibits the irrelevant background reactions. This fact can be
attributed to the advantage of integrating both hierarchical
feature fusion and the proposed Fire Guided-Attention (FGA)
module, which assists the network to retain not only the local
fire properties but also the greater contextual information. The
visual performance shows that the model has the ability to
detect fire-related areas in images with varying drone-view
characteristics and reduce responses to non-fire scenarios.
Further examples in Fig. 6 in the supplementary file further
highlight that the model can still be used in difficult situations
such as heavy smoke, fog, night scenes and daytime variations.
In the cases where the visibility is poor, the activation maps
are still localized around the true fire areas, implying that the
model is acquiring pertinent fire structure, and not making use
of incidental cues in the dataset. When comparing with DFAN
[14] in Fig. 7 of the supplementary file, it is clear that the
suggested HFF model generates smaller and spatially accurate
activations, and the DFAN [14] tends to focus on extraneous
or overly general areas.

The confusion matrices depicted in Fig. 8 in the supple-
mentary file and Fig. 3 gives further insight into class-wise
prediction patterns over various settings of backbone and
various datasets. These findings demonstrate that the proposed
framework provides a balanced classification of fire and non-
fire samples and is stable in various feature extraction setups.
The ablation study also confirms that the enhancement of the
model of distinguishing between similar fire scenes and non-
fire scenes is enhanced by the integration of the FGA module.
The consistency of the learned representation is also supported
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by representative predictions in Fig. 9 in the supplementary
file, which show that the diverse test samples are correctly
labeled by the proposed model.

To evaluate the discriminative power of the suggested
framework further, ROC and PR curves were created using
each of the DF, FLAME, FD and DSFD datasets, which can
be seen in Fig. 10 of the supporting file. As every dataset
represents a different sensing situation, independent testing
gives a better understanding of how the model generalizes.
The HFF framework offers the highest scores to the AUC
and AP of 0.99 on the DF dataset, which points to excellent
performance on images captured by drones with a high level
of geographic and environmental diversity. The model gave
an AUC of 1.00 and an AP of 1.00 on the FLAME and FD
datasets, indicating that it can discriminate very effectively
with both UAV-based and ground-based fire scenes. The model
achieved an AUC of 0.99 and an AP of 0.98 on the DSFD
dataset, which comprises drone and satellite imagery in differ-
ent atmospheric conditions. Overall, these results confirm the
idea that the specified HFF framework can be used to provide
the appropriate localization, uniform classification, and high
generalization in diverse fire monitoring scenarios.

V. DISCUSSION

The proposed HFF model also performs better in UAV-
based fire detection, which is an empirically tested model with
various datasets including DF, FD, FLAME and DSFD. The
HFF model as shown in Tables III to V, is always superior
to the conventional CNN-based and attention-based models
in accuracy of detection and other performance indicators.
Furthermore, Figure 2 to 3 and also the visual results are
provided in the supplementary files, displaying the Qualitative
results with Grad-CAM visualization and heat maps, which
additionally reveal the capability of the model to efficiently
localize the fire locations even under unfavorable conditions,
such as fog, occlusion and low visibility. All these results
validate the strength and versatility of HFF in various fire
detection conditions. The architecture of HFF is its strength
as it is theoretically motivated and technically based and was
created to solve the current challenges of the current fire
detection systems. In contrast to earlier techniques, which are
based heavily on sequential layer feature maps, which have
problems with scale variation, HFF presents a more modular
structure, with each element architecture designed to overcome
a particular difficulty of fire detection.

The Discriminative Fire Feature (DFF) extractor is built
on EfficientNetB2 which was selected as the foundation of
the HFF framework.This selection was made by performing
extensive empirical comparisons of the nine CNN backbones
models, as demonstrated in Table 1. EfficientNetB2 proved
better performance its compound scaling algorithm that also
enables depth, width and resolution optimization, which is
essential in capturing fire features with high fidelity in UAV
imagery. In theory, its design provides both accuracy and
computational efficiency, which is particularly applicable to
UAV-based applications. In theory, its design provides both
accuracy and computational efficiency, which is particularly

10

applicable in mobile aerial applications. In technical terms,
its use of squeeze-and-excitation blocks and swish activation
also improves its capacity to extract semantically rich and
contextually relevant features of visually complex scenes.

To overcome the drawback of dealing with the scale vari-
ation which is one of the main problems of fire detection
models, the FGA module has been proposed. This module
uses multi-kernel convolutions (3x3, 5x5, 7x7) to replicate the
receptive field size. FGA is theoretically based on multiscale
representation learning and enhances the model sensitivity to
both fine-grained and broad contextual features. It is par-
ticularly effective in scenarios when dealing with small or
partially blocked fires, as demonstrated in Fig.6 and 7 in the
supplementary file, which show the model is localized and
focused on the important fire areas.

The hierarchical feature fusion mechanism combines the
feature maps of the DFF and FGA modules with a multi-
level and systematic concatenation method. Instead of using a
single feature map, the design will pool spatially localized
information with high-level semantic context, enabling the
model to better make sense of complex visual scenes. The
fusion strategy boosts contextual knowledge and increases
detection accuracy by aligning features across scales. As a
result, it minimizes false positives and enhances robustness
especially in environments where false positives could have
been caused by fire-like patterns or occlusions.

The HFF framework, including DFF extractor, which per-
forms robust base feature extraction, FGA module, which
refines the features in multi-scale, and the hierarchical feature
fusion mechanism, which integrates the features in context,
is specifically created to address the fundamental issues in
fire detection. These may be classified as loss of spatial
resolution, sensitivity to scale changes, and dependence upon
feature representation with few features. The modules are
specifically designed to address these issues associated with
fires and theory and empirical evidence are used to support
their effectiveness. The HFF model provides a generalised,
interpretable and powerful solution by matching innovations
with domain needs for detection. It is a significant step in the
development of UAV-based fire detection, and the potential
of consequences on disaster management or environmental
surveillance is considerable.

VI. COMPUTATIONAL COMPLEXITY ANALYSIS

Real-time processing is essential for UAV-based fire detec-
tion, where timely response is crucial. The performance of
the proposed Hierarchical Feature Fusion (HFF) model was
quantitatively evaluated in terms of the model size, number of
parameters, and inference speed for both the GPU and CPU
platforms. These metrics are summarized and compared with
the existing state-of-the-art fire detection models in Table VI.

The HFF model was compared against state-of-the-art fire
detection approaches including ANetFire [8], ResNetFire [45],
EMNFire [38], GNetFire [37], DFAN [14], SE-EFFNet [46],
ViT-B-32 [47], FlareNet [48], ADFireNet [43], and MAFire-
Net [49], as summarized in Table VI. ANetFire [8], with the
largest model size of 233 MB and 60 million parameters,
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achieved only 17 FPS on CPU, highlighting the trade-off be-
tween size and efficiency. ResNetFire [45] and EMNFire [38],
while smaller, suffered from limited FPS on CPU (2.4 and 6.3,
respectively) despite competitive accuracy. SE-EFFNet [46]
and DFAN [14] demonstrated promising GPU performance
but had larger model sizes or slower CPU inference. The HFF
framework has a model size of 54.42 MB and 14.27 million
parameters, achieving 80.93 FPS on GPU and 25.51 FPS on
CPU. Compared to ANetFire [8], this corresponds to a reduc-
tion of approximately 76.6% in size and 76.2% in parameters,
while substantially increasing inference speed. Compared to
MAFire-Net [49], a recent method with 74.43 MB and 22.6
million parameters, HFF attains higher FPS on both GPU
(80.93 vs 78.31) and CPU (25.51 vs 14.32), indicating more
efficient utilization of computational resources.

The improved efficiency of HFF is largely due to the hi-
erarchical feature fusion mechanism and multi-scale attention
operations in the FGA module, which selectively emphasize
fire-relevant features without introducing excessive computa-
tional overhead. These design choices ensure that HFF can
operate effectively on UAV platforms with limited processing
power, providing a practical balance between model com-
plexity, inference speed, and detection accuracy.Overall, the
analysis demonstrates that HFF outperforms prior models in
terms of computational efficiency and real-time applicability,
making it a suitable candidate for deployment in real-world
UAV-based fire monitoring systems.

TABLE VI
COMPARISON OF MODEL SIZE, PARAMETERS, AND INFERENCE SPEED
WITH EXISTING FIRE DETECTION MODELS.

Reference Size Parameters Inference Time
(MB) (Millions) GPU FPS CPU FPS
ANetFire [8] 233.0 60.0 - 17
ResNetFire [45] 98.0 25.6 57.3 24
EMNFire [38] 13.2 3.5 34.0 6.3
GNetFire [37] 43.30 - 48.2 4.3
DFAN [14] 83.63 23.9 70.55 12.90
SE-EFFNet [46] 47.75 12.4 45.0 8.0
ViT-B-32 [47] 89.82 88.22 67.0 20.0
FlareNet [48] 49.1 - 75.0 14.0
ADFireNet [43] 38.0 7.2 72.5 22.0
MAFire-Net [49] 74.43 22.6 78.31 14.32
HFF model 54.42 14.27 80.93 25.51

VII. CONCLUSION

This paper presents a deep learning model that uses a
hierarchical approach to learning features and a Fire Guided-
Attention system to enhance discriminative features repre-
sentation in fire detection. Ablation experiment of the chal-
lenging DF dataset validates the efficiency and ability of the
proposed design to perform in complex aerial imaging. We
also compared HFF with current state-of-the-art approaches
on the FLAME, FD and DSFD data, where HFF has demon-
strated highly effective performance on a variety of evaluation
measures, demonstrating its usefulness in a wide variety of
UAV-based fire monitoring tasks, such as building fire, forest
fire and complex outdoor environment. The model also re-
mains effective in both clear and challenging environments.
Its performance proves to be reliable on small, distant, and

partially obscured fire areas with varying viewpoints. These
features render it suitable in real time detection of fires in
time sensitive scenarios. Limitations: The present research
can only be applied to fire detection and classification in
complicated surveillance and in air monitoring systems. The
proposed framework is not aimed at fire mapping, estimation
of fire intensity, and small-scale classification of various types
of fire. Future Direction; The future will be done to multi-
modal fire analysis by using thermal infrared, multispectral
and visual images. We will also consider vision language
models to enhance adaptability of the model and increase
the applicability of the model in real world fire monitoring
activities.
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