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ABSTRACT

Vision-based fire detection is a critical task for ensuring urban safety and protecting buildings against potential hazards.
Although mainstream approaches practice conventional attention modules with deep models that are well-suited for static
fire environments, they have limited outcomes in their diverse nature. These attention modules are mainly composed of
conventional convolutional layers that generate redundant and overlapped spatial patterns in the case of complex fire scenarios,
especially remote sensing views. To overcome these challenges, an intelligent vision model is desirable which has the
capabilities to differentiate complex fire scenes with contextual information, particularly from remote sensing viewpoints. To
address these challenges, an Adaptive Fire Network (AFN) is proposed that efficiently discriminates diverse fire scenes,
geographical location and environmental conditions. To obtain more informative spatial features, a lightweight ConvNeXtBase
is integrated with the Scene-Aware Attention Network (SAAN). Moreover, SAAN is mainly composed of the Adaptive Channel
Module (ACM) and the Adaptive Spatial Module (ASM) to effectively capture global dependencies across channels, followed by
local spatial patterns associated with fire. In the SAAN, depth-wise separable convolution is utilized which allows the model to
gather more enhanced features from the input tensor. Additionally, the channel-wise processing leads to more understanding
of the input features, potentially enhancing the model’s ability to make accurate predictions. Extensive experiments were
conducted on three challenging fire datasets, Foggia, FireNet, and the newly developed Drone Fire Vision (DFV), achieving
accuracies of 99.96%, 98.97%, and 90.78%, respectively. The results demonstrate that AFN significantly enhanced existing
state-of-the-art methods, advancing fire detection and classification capabilities in dynamic and remote sensing environments.

1 Introduction
Disaster management has gained significant attention in numerous fields such as computer vision, soft computing, and
environmental science, as these technologies play a crucial role in enhancing the efficiency and effectiveness of fire detection
systems, especially in Remote Sensing applications. It is broadly categorized into natural and technological disasters that
involve nuclear plant accidents, terrorism, and hazardous materials while others contain floods, earthquakes, and fire1. Fire
disasters are extremely hazardous and occur due to natural causes, environmental effects, or human-made errors. Once exploded,
it spread rapidly on a large scale, thereby causing severe damage to the properties or building structures, hundreds of human
lives, and also largely affecting the environment and atmosphere for plants, forests, and animals2. In recent times, due to
climate changes, several large-scale hazardous fires have exploded across different forests, urban, and industrial areas. As
reported by the International Association of Fire and Rescue Services3 In the year 2020, there are 3.3 million hazardous
wildfire incidents occurred on average across the globe in 48 different countries of the world. As a result of these hazardous
fire incidents, approximately 42,000 people lost their lives in the year 2020. In 2025, a devastating fire in Los Angeles was
reported that caused extensive destruction over 5,316 structures and affecting an area of about 13,750 hectares4. Furthermore,
the number of fire incidents in China has reduced from 60,000 in 1983 to an average of about 2000 forest fires in 20225. Early
fire detection plays a vigorous role in the protection of the general public and in reducing damage to properties. However, the
current fire-related research mainly used fire videos/images captured from static vision sensors while a limited study focuses
on fire detection using drone datasets. However, the main problem is that there is no publicly available data for drones or
with certain data samples. Therefore, this research’s fundamental objective is to develop a drone dataset composed of various
types of visual data and generalized vision models compatible with fire surveillance. We frame our work as a trust-enhancing
approach for remote sensing applications, emphasizing reliability, which includes accurate alerts with a low false positive rate

ACCEPTED MANUSCRIPT

ARTIC
LE

 IN
 PR

ES
S

ARTICLE IN PRESS



(FPR) and false negative rate (FNR), robustness, which involves performance across diverse conditions and viewpoints, and
transparency, which refers to readable attention responses, all aimed at proactive risk reduction.

In the past decades, several sensors-based techniques have been utilized for fire detection and classification to protect human
lives and property early from harmful fire incidents. To this end, numerous studies6–8 have employed various sensors to detect
fire at an early stage. However, it detects smoke7, measures the surrounding temperature or heat6 and use light indicators to
sense fire flames8. Furthermore, it is low-cost and informal to operate, but certain downsides: Firstly, these sensors require
closeness to the fire, thereby having a limited range and can only be used for indoor fire detection. Secondly, with the passage
of time, the sensitivity of these sensors also degrades, because it not only requires a longer time to detect fire and smoke but
also generates false triggering alarms in case of other similar situations9.

To tackle the drawbacks of false triggering and the limitation of a wide coverage area, these days researchers focus on
vision-based sensors because it is more reliable than environmental sensors and respond very quickly10. In addition, with
the advancement in sensor technology, surveillance cameras have been widely installed across various public places such as
parks, airports, subways, office buildings, hospitals, shopping malls, and in many residential areas. For vision-based sensors,
the researchers followed different approaches for fire detection and classification. Initially, Traditional Machine Learning
(TML) was employed mainly concentrating on color features, shape, motion and texture11. Moreover, it relies on handcrafted
features, but identifying the best features is difficult due to various factors such as lighting, fire shape, and airflow. It is
still challenging to find the right balance between accuracy, loss, and False Positive Rate (FPR). To address such difficulties,
researchers diverted to advanced Deep Learning (DL) fire detection and classification techniques12. DL models are famous
for classification and recognition due to their high performance in different domains10. DL-based approaches show high
performance in fire detection within surveillance systems, substantially reducing false alarm rates compared to TML techniques.
Nevertheless, these approaches demonstrate limited abilities in accurate classification and localization of challenging scenes of
fire encompassing things that resemble fire, lighting that simulates fire, and scenes where sunlight imitates flames. Several
fire-related studies and developed various techniques but have certain drawbacks and partially covered the existing challenges.
A brief explanation of these trials is provided in the subsequent paragraph.

1.1 Major Challenges
A review of existing fire detection literature reveals that researchers commonly employ attention modules, such as bottlenecks
combining channel and positional attentions. However, these models primarily focus on high-level pixel features while
neglecting low-level details that are critical for classification. Since fire is highly dynamic and lacks fixed patterns, such
attentions often produce redundant feature maps and overlapped spatial patterns, degrading performance. Furthermore,
bottleneck-based dimensionality reduction discards fine-grained details essential for accurate detection, particularly in drone
surveillance. Simplified representations hinder the capture of diverse fire patterns in complex scenarios, leading to non-negligible
false positives/negatives.

Conventional surveillance cameras offer limited coverage and incur high costs, motivating the use of UAVs for fire
detection13, 14. UAVs provide flexible, wide-area sensing suitable for municipal and remote sensing applications, initially
employed for navigation and video capture in forested and residential areas15. With technological advances, commercial UAVs
have become accessible, enabling efficient fire monitoring with benefits such as large-area coverage, day-and-night operation,
cost-effectiveness, environmental adaptability, and the ability to carry diverse payloads16. These advantages underscore the
demand for reliable, and interpretable vision models aligned with trustworthiness requirements in remote sensing.

This study addresses these challenges by proposing the Adaptive Fire Network (AFN), which integrates a ConvNeXtBase
backbone with a Scene-Aware Attention Network (SAAN). SAAN comprises Adaptive Channel (ACM) and Adaptive Spatial
(ASM) modules that capture both global dependencies and local spatial patterns using depth-wise separable convolutions for
efficient feature extraction. By incorporating both high- and low-level pixel information, AFN produces detailed representations,
enhancing adaptability across diverse fire scenarios and environments. A UAV-based implementation further extends its
applicability to enclosed and open settings. The major contributions of this study are summarized below:

• We propose the Adaptive Fire Network (AFN), a novel framework for reliable fire classification in dynamic environments.
By intelligently analyzing fine-grained patterns and contextual cues, particularly in remote-sensing scenarios, AFN
ensures accurate fire detection, facilitating early detection and supporting timely disaster management to safeguard
infrastructure and human lives.

• The Scene-Aware Attention Network (SAAN) introduces an innovative dual-depth attention mechanism that jointly
captures global and local contextual information. By integrating multi-scale features and adaptively focusing on critical
regions, SAAN enables robust classification of dynamic fire scenes under diverse conditions. Its real-time performance
strengthens decision-making for disaster mitigation and enhances public safety.
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• To address the lack of drone-specific fire datasets, we curated and introduced the Drone Fire Vision (DFV) dataset,
which will be publicly released for the research community. Extensive experiments on Foggia’s, FireNet, and DFV
demonstrate AFN’s robustness across heterogeneous environments and sensor modalities. Detailed analysis against
multiple backbones and attention modules further highlights its effectiveness for real-world deployment.

The remaining paper is structured in the following way: the literature review is discussed in Section 2, while the technical
information about the proposed framework is provided in Section 3. Moreover, the details about dataset, evaluation metrics,
implementation detail and empirical results are given in Section 4. The performance of the proposed model is compared with
existing methods in Section 5. At the end, the research is concluded with future direction in Section 7.

2 Related Work
Fire detection has been extensively studied over the years, with early methods primarily relying on sensor-based technology.
These sensors are mainly employed for smoke7 and gas detection17 evaluate the intensity of the smoke particles in the
atmosphere while others18 have been utilized for heat and smoke detection. Although sensor-based fire systems are effective in
detecting and alarming fires but face several challenges in the long term. These challenges include sensor sensitivity decline,
delayed smoke and heat detection, sensor placement limitations, and high false alarm rates. The collective implications of these
factors significantly reduce their reliability in the long term. In the United Kingdom (UK), about £1 billion is lost every year
due to the false triggering of fire alarms9.

To address the above issues, researchers have recently focused on vision-based systems for fire detection. These fire
detection approaches are typically developed either through the ML approaches that manually engineered features19 or via
end-to-end DL approaches10. To embark, recent research endeavors are deeply reviewed and decided to be categorized into two
sections i.e. ML and DL where the brief descriptions are presented in the following subsections.

2.1 Machine Learning Based Fire Systems
ML-based fire detection methods focused on extracting discriminative handcrafted features to classify images into their
respective categories. These are low-level features that include color, texture, and fire motion features. Fire detection based on
color is one of the preliminary techniques used to detect fires in ongoing scenes. In this technique, an image series is used
to validate channels of color that closely resemble fire. The prior study contains different color-based approaches for this
purpose11. These methods used statistical color models followed by background removal mechanisms developed to identify
fire pixels. Moreover, the proposed technique20 utilizes the HSV color space with enforced constraints for detecting pixels of
fire in the source image. Real-time fire detection over edge devices is more reliable and easier to deploy using color-based
feature extraction models. However, this technique has significant challenges involving a high false alarm rate and fails
in fire-like scenes21. The main factor is the rapid environmental change that affects of the model performance and delays
accurate fire detection. To address these challenges numerous struggles have been undertaken to minimize the false rate and
enhance the performance. Some researchers integrate color characteristics with motion to enable early fire detection. These
methods mitigate false 23 alarms, although their limited accuracy remains a challenge21. Furthermore, handcrafted feature
extraction presents a significant challenge in fire detection due to the variation in fire attributes such as structure, color, and
lighting conditions. Therefore, several researchers shifted their attention toward end-to-end DL models for fire detection and
classification, where a brief explanation is covered in the next subsection.

2.2 Deep Learning-Based Fire Systems
To address the challenges of ML algorithms, researchers’ attention is diverted toward Convolutional Neural Network (CNN)
models for complex fire analyses. The automatic feature learning capabilities of CNN-based models make them more reliable.
Different deep learning-based methods have been used for fire detection and classification, such as22–25, 25–29. Furthermore,
a study presented in30 applied various pre-trained models such as AlexNet, GoogleNet, and VGG, where each has diverse
feature learning capabilities. Their study found that Google Net was the most effective and able to extract more significant
information from the given input image. Similarly, in31, a CNN is trained for binary classification with a massive number of
kernels with variant sizes to analyze fire from diverse filtering techniques. However, due to complex fire scenes in challenging
environments, researchers are then focused on hybrid models by integrating DL and ML for more accurate discrimination of
fire. For instance, a hybrid model32 is proposed by integrating a Support Vector Machine and CNN to improve the precision
score on testing data. The model used a Haar feature and an AdaBoost cascade classifier initially, followed by four CNN
layers for extracting predominant patterns. Later, a two-tier SVM approach was utilized for classifying fire scenes. Similarly,
in33 features are obtained via CNN and later employed PCA to select more robust features and dimensionality reduction to
minimize the time complexity when deployed in real-time. Despite these advancements, existing deep learning methods still
face challenges in handling complex fire scenarios, including variations in scale, illumination, occlusion, and background
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Figure 1. Detailed architecture of the proposed AFN framework. The input image is resized to 224×224×3 and processed
through the ConvNeXtBase backbone. The backbone generates hierarchical feature representations at progressively reduced
spatial resolutions. The final feature tensor is passed to the Scene-Aware Attention Network (SAAN), which consists of the
Adaptive Channel Module (ACM) and Adaptive Spatial Module (ASM). The refined features are then pooled and forwarded to
the classifier for binary fire/non-fire prediction.

similarity. Furthermore, in the literature, fire-related visual intelligence tasks are generally categorized into two main directions:
(i) fire detection, which focuses on localizing fire regions using bounding box-based frameworks such as YOLO variants, and
(ii) fire scene classification, which focuses on assigning global semantic labels (fire or non-fire, or multi-class fire categories) at
the image level. Although YOLO-based detectors are widely adopted in UAV-based fire monitoring systems, they are primarily
designed for spatial localization and are not directly comparable to image-level classification frameworks. In contrast, this study
focuses on fire scene classification, where the objective is to learn discriminative global representations of fire patterns under
diverse environmental conditions rather than performing object localization. The DL models performed well as compared to
the ML approaches, but still, some gaps have not been considered yet as mentioned in Sub-section 1.1. To overcome such
difficulties, numerous attention models are widely used that mainly concentrate on foreground objects and partially element the
background information.

2.3 Attention-Based Fire Systems
Several computer vision based researchers explored attention-based models for fire detection and classification34. Attention
mechanisms have demonstrated remarkable improvements in various computer vision tasks, encompassing recognition and
detection. In the study2, utilized transfer learning to develop a lightweight model for fire detection and an attention-based
model was used to detect fire in adverse weather conditions. Similarly, in35 introduced the Dual Semantic Attention (DSA)
module, which employs attention mechanisms within convolutional kernels to better capture semantic information during
convolutional operations. This module dynamically chooses, and merges feature maps from different kernel scales, enhancing
the model’s ability to discern relevant information. The authors incorporated the DSA module into the ResNet50 architecture,
creating the DSA-Residual module, thus improving its performance. Furthermore,36 refined attention learning for fire models
by incorporating dual attention, where initially, the most pertinent channels are accentuated, followed by the application of
modified spatial attention on the important channels to capture intricate pixel-wise spatial details differentiating fire from
non-fire regions. In summary, there are still various limitations in current attention techniques for complex fire detection as
explained in the subsection 1.1.

3 The Proposed Framework
In this section, the technical information of the modules is applied to the complex fire scene classification. For the training
process, a comprehensive analysis is performed where various pre-trained CNN-based models are utilized. After an extensive
experimental process, a ConvNeXt-B architecture is selected as an optimal backbone model followed by AFN based on their
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Figure 2. Architecture of the proposed Scene-Aware Attention Network (SAAN), consisting of (a) Adaptive Channel
Attention Module (ACM) and (b) Adaptive Spatial Attention Module (ASM). Given an input feature tensor F ∈ RH×W×C, the
ACM first applies global average pooling (GAP) and global max pooling (GMP) to generate channel descriptors, which are
passed through a shared multi-layer perceptron (MLP) with ReLU activation and combined to produce channel attention
weights MC(F) ∈ R1×1×C via a sigmoid function. In parallel, the ASM computes spatial attention by aggregating channel-wise
average pooling and max pooling features, concatenating them, and processing the result through a depth-wise separable
convolution followed by a sigmoid activation to obtain spatial attention weights MS(F) ∈ RH×W×1. The final refined feature
representation is obtained through sequential element-wise re-weighting of the input feature map using both channel and spatial
attention maps, ensuring a complete closed-loop transformation from input features to enhanced output features.

classification performance. The AFN adopts a CNN model that incorporates SAAN, which employs ACM and ASM to get
both global and local contextual information across channels and spatial patterns associated with fire. Leveraging depth-wise
separable convolution with SAAN provides more effective parameterization and enhances discriminative power, making
it effective for detecting fires. Unlike conventional detection-based frameworks that focus on localizing fire regions using
bounding boxes, the proposed model addresses fire scene classification, where the objective is to assign a global semantic label
to the entire image. This formulation aligns with UAV-based monitoring scenarios where rapid scene-level decision-making is
required. Figure 1 represents the entire framework flow of the proposed model.

3.1 Architecture Overview

Early and timely fire detection is important for saving human lives and their property. For this purpose, various ML and
DL-based models were deployed. However, these approaches have some limitations as discussed in the introduction section,
some of the restrictions are high False Positive Rates, low performance, and feature engineering. Therefore, this research
paper introduces an AFN architecture composed of a deep intelligent model followed by SAAN that is further composed of
two sub-modules, ACM and ASM. The ASM focuses on relevant spatial features, such as shape, color, patterns, and other
key indicators of fires. While ACM is used to capture informative features across frames. This means that the system can
detect changes in the fire’s size, shape, and location over time, as well as distinguish between different types of fires (e.g.
wildfires, building fires, etc). All these techniques work together to develop an accurate fire detection and classification system
that can assist in protecting urban property and the environment from the devastating effects of fires. The technical details of
the proposed framework are explored in the coming section. The SAAN architecture is presented in Figure 2 with a diverse
collection of feature fusion that enhances the model discriminative power for fire scenes.
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3.2 Backbone Architecture Model
Deep learning-based visual recognition models, including EfficientNet, ResNet, and Xception, have been widely adopted
across different computer vision tasks. Pre-trained models are particularly useful because they provide transferable visual
representations that can be fine-tuned for domain-specific tasks with limited task-specific data. In fire-scene classification, this
property is important because fire patterns vary substantially with illumination, background, smoke density, camera viewpoint,
flame scale, and environmental conditions. In this study, ConvNeXt-B was selected as the backbone architecture of the proposed
Adaptive Fire Network (AFN). ConvNeXt modernizes conventional convolutional network design by incorporating architectural
principles inspired by recent high-performing vision models while retaining the computational advantages of convolutional
operations37. The ConvNeXt family includes multiple variants, such as ConvNeXt-T, ConvNeXt-S, ConvNeXt-B, ConvNeXt-L,
and ConvNeXt-XL, which differ in depth and computational capacity. Among these variants, ConvNeXt-B provides an effective
balance between feature-learning capability and computational cost. The ConvNeXt-B backbone receives input images resized
to 224×224×3 and extracts hierarchical feature representations through convolutional blocks. Lower-level layers capture
visual cues such as edges, color transitions, and flame-like textures, whereas deeper layers encode higher-level semantic
information related to fire regions, smoke patterns, and contextual background structures. These features are then refined by the
proposed Scene-Aware Attention Network (SAAN), which consists of the Adaptive Channel Module (ACM) and Adaptive
Spatial Module (ASM). Through this integration, AFN emphasizes fire-relevant channel responses and spatial regions while
reducing the influence of visually similar non-fire patterns. The model was trained for binary fire/non-fire classification using
binary cross-entropy as the loss function and the Adam optimizer. Training was conducted for 32 epochs with a batch size of
16 and an initial learning rate of 1×10−4. The network parameters were updated through backpropagation to minimize the
classification loss. Since binary cross-entropy and Adam are standard components in deep learning-based classification models,
their mathematical derivations are omitted to maintain the focus on the proposed AFN architecture.

3.3 Scene-Aware Attention Network
The Scene-Aware Attention Network (SAAN) is a key component of the proposed Adaptive Fire Network (AFN). It is designed
to refine the feature representations extracted by the ConvNeXt-B backbone by emphasizing informative channel responses and
spatially relevant fire regions. This refinement is particularly important for UAV-assisted and drone-relevant fire monitoring
scenarios, where fire regions may appear at different scales, under varying viewpoints, and against complex backgrounds such
as forests, urban areas, roads, buildings, smoke, sunlight, and fire-like objects. SAAN consists of two sequential modules: the
Adaptive Channel Module (ACM) and the Adaptive Spatial Module (ASM). The ACM models inter-channel dependencies
to identify discriminative feature channels, whereas the ASM models spatial saliency to highlight fire-relevant regions in the
feature map.

Let θ ∈ RH×W×C denote the input feature map to the ACM, where H, W , and C represent the height, width, and number of
channels, respectively. To obtain channel descriptors, global average pooling and global max pooling are independently applied
along the spatial dimensions. These operations generate two complementary channel descriptors, as follows:

θ
avg
CA = GAP(θ) (1)

θ
max
CA = GMP(θ) (2)

where GAP(·) and GMP(·) denote global average pooling and global max pooling, respectively. The average-pooled descriptor
captures the overall channel-wise response, whereas the max-pooled descriptor preserves the most activated channel information.
These descriptors are useful in UAV-assisted fire monitoring because fire-related patterns may occupy only a small portion of
the image, particularly when the camera observes the scene from a distant or elevated viewpoint.

The two channel descriptors are then passed through shared fully connected layers to generate channel-attention responses.
Specifically, each descriptor is processed by the first fully connected layer, followed by a rectified linear unit (ReLU) activation
function, and then passed through the second fully connected layer. The max-pooling and average-pooling branches are
formulated as:

Mmax = f c2 (
Θ
(

f c1 (θ max
CA )

))
(3)

Mavg = f c2 (
Θ
(

f c1 (
θ

avg
CA

)))
(4)

where f c1 and f c2 denote the first and second fully connected layers, respectively, and Θ denotes the ReLU activation function.
The two channel-attention responses are then fused and normalized using a sigmoid activation function:

MCA(θ) = σ
(
Mmax ⊕Mavg

)
(5)
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where σ denotes the sigmoid activation function and ⊕ denotes element-wise addition between the two channel-attention
responses. The resulting channel-attention map MCA(θ) is applied to the input feature map through element-wise multiplication
to obtain the channel-refined feature map:

FCA = MCA(θ)⊙θ (6)

where ⊙ denotes element-wise multiplication. The channel-attention map is broadcast along the spatial dimensions so that
informative channels are emphasized while less relevant channel responses are suppressed. This formulation clearly separates
the max-pooling and average-pooling branches and ensures that each branch uses its corresponding descriptor.

The ASM further refines the channel-enhanced feature map FCA by estimating spatial attention. While ACM focuses on
identifying important channels, ASM focuses on locating informative spatial regions associated with fire patterns. This is
important in UAV-assisted fire monitoring because fire regions can be partially occluded by smoke, appear at small spatial
scales, or be surrounded by visually similar background patterns. Given FCA, average pooling and max pooling are applied
along the channel dimension to generate two spatial descriptors:

Favg
S = AvgPoolc(FCA) (7)

Fmax
S = MaxPoolc(FCA) (8)

where AvgPoolc(·) and MaxPoolc(·) denote average pooling and max pooling along the channel dimension, respectively.
These two spatial descriptors are concatenated and processed by convolutional layers to generate the spatial-attention map:

MSA(FCA) = σ
(

f 1×1 (
Θ
(

f 3×3 (
Θ
(

f 7×7 ([Favg
S ;Fmax

S
]))))))

(9)

where [ ; ] denotes concatenation, and f 7×7, f 3×3, and f 1×1 denote convolutional operations with kernel sizes of 7×7, 3×3,
and 1×1, respectively. The sigmoid function normalizes the spatial-attention map to the range [0,1]. The final SAAN-refined
feature map is obtained by applying the spatial-attention map to the channel-refined feature map:

FSAAN = MSA(FCA)⊙FCA (10)

Thus, SAAN sequentially performs channel-wise and spatial-wise feature refinement. The ACM emphasizes discriminative
channels related to fire-specific visual patterns, while the ASM highlights spatial regions that are more relevant for distinguishing
fire from visually similar non-fire scenes. This dual refinement is beneficial for UAV-assisted and drone-relevant fire monitoring
because it helps the model remain attentive to fire regions despite scale variation, viewpoint changes, background clutter, and
fire-like distractors. The final refined representation FSAAN is then forwarded to the subsequent classification stage of AFN.

3.4 Adaptive Fire Network
The Adaptive Fire Network (AFN) integrates the ConvNeXt-B backbone with the proposed Scene-Aware Attention Network
(SAAN) to perform binary fire/non-fire classification. The overall architecture follows a sequential design in which the input
image is first processed by ConvNeXt-B to extract hierarchical visual features. These backbone features are then refined by
SAAN, which applies channel-wise and spatial-wise attention through the Adaptive Channel Module (ACM) and the Adaptive
Spatial Module (ASM), respectively. The refined feature representation is subsequently forwarded to the classification head to
generate the final prediction.

The purpose of AFN is to combine the strong feature extraction capability of ConvNeXt-B with the adaptive refinement
ability of SAAN. ConvNeXt-B captures both low-level and high-level visual patterns, while SAAN emphasizes fire-relevant
channel responses and spatial regions. This design is useful for UAV-assisted and drone-relevant fire monitoring scenarios,
where fire regions may appear at different scales, under varying viewpoints, and against complex backgrounds such as smoke,
sunlight, vegetation, buildings, and fire-like objects.

In the final architecture, the model is initialized with pre-trained ConvNeXt-B weights and fine-tuned using fire-scene
images. Task-specific classification layers are added after the SAAN-refined feature representation to adapt the model to binary
fire classification. This integrated design allows AFN to preserve the general visual representation ability of the backbone while
improving its sensitivity to fire-specific patterns through attention-based feature refinement.

4 Experimental Results
In this section, a comprehensive description of the experimental setup is provided to evaluate the performance of the proposed
model. It includes details regarding the experimental setup, datasets, training procedure, and evaluation metrics. Furthermore,
quantitative and qualitative analyses are also conducted where the outcome of the proposed model is fairly compared with
SOTA methods to demonstrate its effectiveness. Additionally, ablation studies are performed to assess the contribution of
individual components of the proposed model to its overall performance.
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Figure 3. Representative samples from the DFV, Foggia, and FireNet datasets. The DFV dataset consists of UAV-captured
drone-view fire and non-fire images, while the Foggia and FireNet datasets are heterogeneous benchmark datasets containing
fire and non-fire scenes from surveillance, ground-level, and aerial-like perspectives. This figure highlights the diversity in
viewpoint, illumination, background complexity, and fire scale across datasets, supporting robust evaluation of model
generalization in both UAV-specific and cross-domain fire classification scenarios.

4.1 Datasets and Evaluation Metrics
The AFN is evaluated and compared with SOTA methods using standard evolution metrics, including accuracy, recall, F1-score,
precision, False Positive Rate, and false negative rate, which are widely used in the literature to assess the fire detection model
performance. After a comprehensive evaluation, we concluded that AFN could detect fire accurately and precisely. Fire is
variable in nature and can change with environmental conditions, types, and intensity. Therefore, developing a reliable and
adaptable fire detection model requires a dataset with a large collection of fire scenarios that covers heterogeneous environmental
conditions and fire patterns. For this purpose, our research utilizes three datasets for experimental and evaluation purposes,
allowing the model to be trained and validated against an extensive and diverse sample of actual fire situations. This approach
enhances the model’s reliability and generalizability in real-world applications. Figure 3 represents the sample images source
from the Drone Fire Vision , Foggia’s38 and FireNet39 datasets, while the statistical information about data is reported in Table
1.

• Drone Fire Vision: The proposed Drone Fire Vision (DFV) dataset was constructed from a diverse collection of aerial
and drone-related visual data sources, including publicly available videos and images retrieved from platforms such as
YouTube, Facebook, and Google. To enhance data diversity, additional non-fire samples were incorporated from the
VisDrone dataset40. The collected videos were decomposed into frames using a structured preprocessing pipeline, where
redundant and low-quality frames were removed to ensure consistency, visual clarity, and relevance to fire classification
tasks. A representative subset of informative frames was then selected to form the final dataset used in this study. The
DFV dataset consists of 6000 images, including 4200 training and 1800 testing samples, with an equal balance between
fire and non-fire categories. To further characterize dataset diversity, we performed a quantitative statistical analysis
of key scene attributes. The results indicate that the dataset is primarily composed of daytime imagery (4927 images,
82.1%), while 1073 images (17.9%) correspond to nighttime conditions. In terms of background context, 745 fire-related
samples (24.8%) are associated with vegetation or forest environments, whereas 2255 samples (75.2%) represent urban
or mixed scenes. Additionally, fire instances exhibit significant scale variation, with 200 images (3.3%) corresponding to
small-scale fires, 1212 images (20.2%) to medium-scale fires, and 4588 images (76.5%) to large-scale fire events. These
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Table 1. The detailed statistics of training, validation and test images of Foggia’s, DFV, and FireNet datasets

Dataset Dataset Train Valid Test

Foggia’s
Fire 5266 436 1316
Non-Fire 5302 428 1288
Total 10568 864 2604

DFV
Fire 2100 - 900
Non-Fire 2100 - 900
Total 4200 - 1800

FireNet
Fire 1124 - 593
Non-Fire 1301 - 278
Total 2425 - 871

distributions demonstrate that DFV contains substantial variability in illumination, environmental context, and fire scale,
supporting its suitability for robust and diverse fire classification under UAV-based scenarios.

• Foggia’s: It was created by38, known as Foggia’s Dataset, focuses on fire detection using videos. This dataset contains 31
videos, 14 of which consist of fire scenes while the remaining 17 do not. Utilizing the frame extraction method described
by36, a total of 14,036 frames were extracted from these videos. These frames were then categorized into two classes:
fire and non-fire. Each class consists of an equal number of frames, 7,018, ensuring a balanced dataset for training and
evaluating fire detection algorithms. Importantly, the dataset primarily contains surveillance-style and ground-level visual
perspectives rather than UAV-specific aerial imagery. This characteristic makes it particularly useful for evaluating the
robustness of fire detection models under conventional camera-based monitoring conditions and contributes to assessing
cross-domain generalization capability when combined with UAV-oriented datasets.

• FireNet: The FireNet dataset is a challenging benchmark dataset for fire and non-fire classification tasks, introduced by
Jadon et al39. It contains a diverse collection of images gathered from multiple sources, including publicly available
web repositories and surveillance footage. The dataset consists of 1,124 fire images and 1,301 non-fire images, ensuring
moderate class balance. Additionally, a separate test set of 871 images is provided, including 593 fire and 278 non-fire
samples. The dataset includes a wide range of visual scenarios such as indoor fire incidents, outdoor urban environments,
and complex lighting conditions where fire-like visual patterns may appear. Unlike UAV-specific datasets, FireNet
includes heterogeneous and mixed-view imagery, making it a strong benchmark for evaluating model robustness under
diverse real-world conditions and for testing generalization beyond controlled aerial perspectives.

The DFV dataset is specifically designed for UAV-based fire monitoring scenarios and consists of drone-view imagery. In
contrast, the Foggia and FireNet datasets serve as widely used benchmark datasets and include heterogeneous visual perspectives,
ranging from ground-level surveillance to aerial-like views. This multi-dataset setup enables a comprehensive evaluation of
model generalization across different visual domains and ensures robust performance assessment under both UAV-specific and
general fire detection scenarios.

4.2 System Configuration and Implementation Detail
In this research work Python version 3.8, Keras DL framework with TensorFlow backend, Intel® Core™ i9 14900K CPU
clocked at 5.0 GHz paired with an NVIDIA GeForce RTX 3090 GPU were used. The GPU possesses exceptional deep-
learning acceleration abilities and is equipped with a substantial 24GB of onboard memory. Its high floating point arithmetic
performance enables it to achieve 35.58 tera-floating-point operations, ensuring efficient high-performance computing for
demanding Artificial Intelligence tasks. 32 epochs were used for training of proposed and ablation models with inputs size
of 224×224×3, 16 batch size, optimizer Adam and learning rate of 1e-4. These configuration parameters were meticulously
carefully chosen based on extensive experimentation to optimize model performance

4.3 Ablation Study
In this experimental segment, two types of ablation studies are performed to evaluate the most effective configuration of the AFN
network. These investigations involved experimentation with various pre-trained CNN models to select the best architecture for
the backbone model applying the FireNet dataset39. Furthermore, for fair evaluation, we have also conducted experiments
over various integration of attention modules and assessed the effectiveness of the AFN across different compositions of ACM
and ASM modules on the Drone dataset. The findings of the backbone model are reported in Table 2 while the results of the
Adaptive attention module are given in Table 3 and elaborated in the subsequent sections.
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Table 2. An ablation study was conducted over several backbone models on the FireNet dataset in terms of Accuracy (ACC),
F1-score (F1), Recall (R), Precision (P), False Positive Rate (FPR) and False Negative Rate (FNR).

Method ACC F1 R P FPR FNR
EfficientNetV2B3 85.99 89.22 93.69 85.16 26.51 6.31
EfficientNetV2S 86.12 90.64 94.18 87.35 33.94 5.82
ConvNeXtTiny 90.93 92.94 98.86 87.69 21.16 1.14
EfficientNetV2B2 92.42 94.33 96.15 92.58 14.67 3.85
EfficientNetV2B1 92.88 94.56 98.54 90.89 16.67 1.46
ConvNeXtSmall 93.23 94.81 99.08 90.89 16.51 0.92
ConvNeXtBase 94.14 95.51 99.82 91.57 15.29 0.18

Table 3. An ablation study of the proposed model on the DFV dataset in terms of accuracy (ACC), F1-score (F1), recall (R),
and precision (P). The red color indicates the best architecture.

Method ACC F1 R P
BM 82.06 81.80 82.97 80.67
BM + ACM 83.39 85.04 77.34 94.44
BM + ASM 83.78 85.13 78.57 92.89
BM + ACM-I + ASM 84.06 85.44 78.62 93.56
BM + ACM-II + ASM 88.39 89.24 83.13 96.33
AFN 90.78 91.27 86.63 95.99

4.3.1 Investigating the Backbone Architecture

The first ablation study was conducted over various pre-trained CNN models to select the best backbone architecture for
the AFN network. The compared model includes EfficientNetV2B3, EfficientNetV2S, ConvNeXtTiny, EfficientNetV2B2,
EfficientNetV2B1, ConvNeXtSmall and ConvNeXtBase, where every model results are given in Table 2 over the FireNet
dataset39. The EfficientNetV2B3 performed very vaguely and achieved the lowest accuracy 85.99% among the other pre-trained
CNN models. In contrast, the ConvNeXtBase surpasses the existing pre-trained models by accomplishing the highest accuracy
of 94.14%, 95.51% F1-Score, 99.82% Recall, 91.57% precision and lowest FNR while the false positive alarm rate of 15.2%
which is lowest from remaining pre-trained CNN model but slightly high then EfficientNetV2B2 which is 0.62% but the
accuracy and other parameters of EfficientNetV2B2 are not acceptable. The improved performance of the ConvNeXtBase
indicates its effectiveness for the effective configuration of AFN. This ablation study summarized that pre-trained CNN
Networks have restricted and limited performance when utilizing the fire dataset. Nonetheless, the most improved performance
was achieved by implementing the AFN leveraging the DFAN module in terms of accuracy and minimizing the False Positive
Rate and false negative rate. In Table 2, the red color signifies the best performance while the light blue font color shows the
second best and the dark blue text color specifies the lowest performance of the pre-trained model on the FireNet dataset39.

Table 4. Performance comparison of conventional and proposed attention mechanisms incorporated into the ConvNeXtBase
baseline on the FireNet dataset.

Model Accuracy (%) Precision (%) Recall (%) F1-score (%)
BM 94.14 91.57 99.82 95.51
BM + SE 95.52 96.01 97.47 96.74
BM + ECA 96.21 96.51 97.98 97.24
BM + CBAM 96.79 97.01 98.32 97.66
BM + ACM 97.24 97.50 98.49 98.00
BM + ASM 97.70 97.84 98.83 98.33
BM + ACM-I + ASM 98.05 98.17 99.00 98.58
BM + ASM-II + ASM 98.40 98.50 99.16 98.83
AFN (Proposed) 98.97 99.16 99.32 99.24
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Table 5. Performance comparison of the proposed model with SOTA methods over Foggia’s dataset. The best score is
represented in blue with bold.

Methods Foggia’s Dataset 38

FPR FNR ACR
Tr
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el
s FSD(RGB)41 41.18 7.14 74.20

FD-GCM19 29.41 0 83.87
FSD(YUV)41 17.65 7.14 87.10
EFD-IP11 11.76 14.29 87.10
CM-FDM7 5.88 14.29 90.32
FD-CV42 13.33 0 92.86
FD-CSM38 11.67 0 93.55
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ANetFire43 9.07 2.13 94.39
GNetFire44 0.054 1.50 94.43
CNNFire45 8.87 2.12 94.50
EMNFire21 0 0.14 95.86
ICA-K46 4.83 4.53 95.32
LCHP-DLM47 0 0.80 99.19
ViT-B/3248 2.15 1.02 94.03
CNN-A CHOR49 8.65 1.92 94.12
FireNet39 1.23 2.25 96.53
SE-EFFNet50 0.04 0.03 97.2
STN-CNN51 3.68 2.46 96.2
CANet52 0 0.02 98.34
DFAN36 0 0.58 99.60
FasterNetFire53 0.12 0 99.66
CA-Swin54 0.14 0 99.87
AFN 0.008 0 99.96

4.3.2 Impact of Integrated Adaptive Attention Module
The second ablation study was conducted to choose the best Adaptive attention module for the AFN network. This study also
examines the impact of each module, more particularly, each attention module is combined with the ConvNeXtBase, followed
by training and evaluation. The empirical study began with a systematic analysis of a basic backbone model and progressively
incorporated individual ACM with backbone model utilizing Drone Dataset accomplishing the accuracy of 82.06% and 83.39%
respectively, then we expanded our investigation and evaluated the performance of ASM with backbone model and get the
performance of 83.78% that indicates that simple pre-trained model and individual ACM and ASM is not enough for completed
fire detection and classification. Next, we implemented an individual ACM along with an ASM plus backbone model leveraging
depth-wise separable convolution, achieving an accuracy of 84.06% Subsequently, integrating a second ACM with the ASM and
ConvNeXt-B led to an improved performance of 88.39%. By integrating the various Adaptive attention model the performance
of the model is enhanced by an accuracy of 6.33% from the backbone model, 5% from individual ACM integrated with the
backbone model, and 4.61% increase from ASM integrated with the backbone model, but still, it is not acceptable for fire
detection and classification. To get a robust and efficient model, we fused both dual ACM and the ASM with the ConvNeXt-B
architecture using depth-wise separable convolution, resulting in a strong performance of 90.78% for fire classification and
localization using the drone dataset. In summary, AFN achieved an accuracy of 8.72% from the pre-trained Backbone model,
7.39% accuracy higher than BACM, a 7.00% accuracy increase from BASM, BACSMI achieved a low performance of 6.72%
and lastly BACSMI gets 2.39% lower accuracy form AFN network. Our findings, as outlined in Table 3, demonstrate that
backbone models augmented with dual ACM, ASM using depth-wise separable convolutional surpass methodologies relying
solely on deep features. This advancement maintains particular significance, given the inherent challenges of fire classification
compared to standard ImageNet tasks. The integration of dual Adaptive attention modules improves the extraction of distinctive
object features, thereby elevating the accuracy of fire scene classification. Among the baseline models, ConvNeXt-Base features
combined with a SoftMax classifier exhibited improved performance owing to their exceptional feature extraction capabilities.
Moreover, as shown in Table 3, our proposed model consistently outperforms others, while the simple backbone model and
other Adaptive attention module integrations exhibit inferior performance due to their limited adaptability and applicability of
features to fire scene classification.
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Table 6. The proposed modelś performance is compared with existing SOTA approaches using FireNet, where the best and
second best accuracy is denoted by blue and red color.

Method ACC F1 R P FPR FNR
FireNet39 93.91 95 94 97 1.95 4.13
Nguyen55 96.08 - - - - -
UFS-Net56 97.13 - - 98.29 2.56 3.5
DWConv57 97.14 - - - - -
AFN 98.97 99.24 99.32 99.16 1.79 0.68

To further evaluate the effectiveness of the proposed SAAN module, an additional horizontal comparison was conducted on
the FireNet dataset by incorporating representative attention mechanisms into the ConvNeXtBase backbone. Specifically, SE,
ECA, and CBAM were selected as widely used attention baselines and evaluated under the same experimental settings to ensure
a fair comparison. As shown in Table 4, the original ConvNeXtBase backbone achieved an accuracy of 94.14%, precision
of 91.57%, recall of 99.82%, and F1-score of 95.51%. With the addition of SE, the ConvNeXtBase model achieved 95.52%
accuracy and 96.74% F1-score. The ECA-based variant further improved the accuracy and F1-score to 96.21% and 97.24%,
respectively. Among the conventional attention baselines, the CBAM-enhanced ConvNeXtBase model obtained the strongest
performance, reaching 96.79% accuracy, 97.01% precision, 98.32% recall, and 97.66% F1-score. The proposed attention
components yielded further improvements over these mainstream attention mechanisms. The ACM-based ConvNeXtBase
model achieved 97.24% accuracy and 98.00% F1-score, whereas the ASM-based configuration obtained 97.70% accuracy
and 98.33% F1-score. When ACM-I was combined with ASM, the performance increased to 98.05% accuracy and 98.58%
F1-score. The extended configuration using ACM-II and ASM further raised the accuracy and F1-score to 98.40% and 98.83%,
respectively. The complete AFN model achieved the best overall performance, with 98.97% accuracy, 99.16% precision,
99.32% recall, and 99.24% F1-score. Compared with the original ConvNeXtBase backbone, AFN improved accuracy by
4.83 percentage points and F1-score by 3.73 percentage points. Compared with the CBAM-enhanced ConvNeXtBase model,
which was the strongest conventional attention baseline in this comparison, AFN improved accuracy by 2.18 percentage points
and F1-score by 1.58 percentage points. These results demonstrate that the proposed SAAN module provides more effective
feature refinement than directly adopting existing generic attention mechanisms. The progressive improvements achieved by
the ACM-based, ASM-based, combined ACM–ASM, and complete AFN configurations further indicate that channel-wise and
spatial feature refinement provide complementary benefits for fire-scene classification.

5 Performance Comparison with the SOTA Approach
In this section, detailed experiments were performed over the three datasets including Foggia’s, Drone Fire Vision and FireNet
to elucidate the proposed AFN Network performance. These evaluations of the AFN network are categorized into two types,
quantitative and quality analysis with SOTA.

5.1 Quantitative Results Analysis With SOTA
The comparative analysis presented sheds light on the efficacy and significance of various methodologies for fire detection,
encompassing both TML and DL approaches, particularly concerning Foggia’s and FireNet datasets. Through the lens of
critical performance metrics such as FPR, FNR, and ACR, the performance of these methodologies is thoroughly evaluated.
Traditional models, including FSD(RGB)41, FD-GCM19, FSD(YUV)41, EFD-IP11, CM-FDM58, FD-CV42, and FD-CSM38,
demonstrate commendable performance across different metrics using Foggia’s dataset. However, each model exhibits specific
strengths and weaknesses. For instance, while FD-GCM excels in minimizing missed detections with a remarkable FNR of 0%,
it concurrently struggles with a relatively higher false alarm rate, as evidenced by its FPR of 29.41%. Conversely, CM-FDM
showcases promising capabilities in reducing false alarms, boasting a notably low FPR of 5.88%. As a whole the results of FSD
(RGB)41 worst in terms of accuracy which is 74.20%, in contrast, the FD-CSM performed well as compared to other methods
and achieved an accuracy of 93.55% indicating that it enhanced the performance of the model up to 19.35% as compared to the
FSD(RGB)41.

In contrast, DL methodologies herald a new era of precision and robustness in fire detection. Models such as ANetFire43,
GNetFire44, CNNFire45, EMNFire21, ICA-K46, LCHP-DLM45, ViT-B/3248, CNN-A CHOR49, and DFAN36 consistently
outperform traditional models across FPR and FNR metrics utilizing the Foggia dataset. ANetFire43, for instance, stands
out with an exceptional FPR of 9.07%, an equally minimal FNR of 2.13% and achieved higher accuracy as compared to the
TML approaches, highlighting its effectiveness in minimizing false alarms while ensuring accurate fire detection, but still
its results are not acceptable for AUV based fire detection and implementation. Due to the importance of the fire domain,
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Figure 4. Predicted qualitative results of the AFN using DFV, Foggia and FireNet datasets.

other researchers have proposed various models for correct and precise fire detection. EMNFire21 and LCHP-DLM47 develop
a model whose minimized FRP rate is 0 but still the other parameter needs improvement. Finally, DFAN36 get the highest
accuracy of 99.60% as compared to the previous methods which is 5.48% greater than CNN-A CHOR49. More recent methods,
including FasterNetFire53 and CA-Swin54, also report very high accuracy rates of 99.66% and 99.87%, respectively, with a
false negative rate of 0%. Our proposed AFN network presents a strong performance in terms of accuracy which is 99.96%,
with the lowest FNR of 0 among all the SOTA and FPR is 0.008% which is the lowest in all the SOTA techniques but slightly
greater than EMNFire21, LCHP-DLM47 and DFAN36 as shown in Table 5.

In the domain of fire detection, FireNet is considered one of the most prominent and challenging datasets among others. We
considered the same setup for the experiments as mentioned in39 dataset. Table 6 provides a comparative analysis of several
methods based on their performance metrics, including accuracy, F1 score, precision, recall, FPR, and FNR. FireNet39 achieves
an accuracy of 93.91%, with a balanced F1 score of 95%, demonstrating high precision (97%) and recall (94%), albeit with a
higher FNR of 4.13%. Its performance is good, but we need to improve the performance by reducing the FPR and achieving
high accuracy. DWConv56 and Nguyen et al.55 methods reported accuracies of 97.14% and 96.08%, respectively. Nguyen55

increased by 2.17% as compared to FireNet39 while DWConv57 achieved 3.23% higher accuracy as compared to FireNet39

and 1.06% Nguyen55. UFS-Net56 achieves an accuracy of 97.13% with relatively high precision (98.29%) and a moderate
FPR of 2.56%. However, the FNR is still high at 3.5%. its accuracy is good but still, we need to reduce the FPR and FNR. In
contrast, the proposed AFN Network outperforms other methods with an accuracy of 98.97% and a notably high F1 score of
99.24%, indicating excellent precision of 99.16% and recall of 99.32%. Moreover, the AFN Network demonstrates low false
positive 1.79% and false negative 0.68% rates, highlighting its reliability and effectiveness in fire detection and classification
tasks. To summarize, the performance of our proposed model AFN increased the accuracy by 5.06% as compared to FireNet39,
2.89% from Nguyen55, 1.84% from UFS-Net56 and 1.83% from DWConv57. Overall, AFN achieved the highest performance
among the compared methods, offering improved performance across various evaluation metrics. This high precision not only
underscores the improved performance of the proposed model but also underscores its potential to contribute to fire detection
systems, promising enhanced public safety and property preservation.

5.2 Qualitative Results Analysis
The proposed model is also evaluated by quantitative analysis and investigated its performance is investigated by distinguishing
the image labeled as fire or non-fire. The image samples are passed from all three datasets and the proposed model accurately
predicted the image containing fire and labeled it as Fire while the image that does not contain the fire is labeled as non-fire as
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Figure 5. The performance of the AFN over tested data using Foggia, FireNet, and DFV datasets.

demonstrated in Figure 4. The image set of the first two columns is collected from the drone dataset and the proposed model
has accurately identified as fire and non-fire and labeled according to the ground truth label. The third and fourth column
represents the image of Foggia’s dataset which correctly recognized fire images as fire while non-fire images as non-fire. The
fourth and fifth columns are selected from the FireNet dataset, and the AFN network is appropriately detected and given labels
according to its original label. The first and second images of a non-fire column in the drone dataset completely look like fire
but the proposed model has accurately recognized it as non-fire, similarly, the first image of the fire column in Foggia’s dataset
looks like non-fire because there is very little region of fire in the image and It is very difficult for ordinary fire detection model
to detect small fire b/c its shape change continuously but the AFN has detected fire in the image and label as fire which show its
robustness of the AFN. In the FireNet dataset, the first and third images of non-fire look like fire but AFN correctly detects
and categorizes it into non-fire. This functionality is obtained by the operating mechanism of dual ACM and ASM modules
leveraging the dept-wise separable convolution in the feature extraction process. Figure 4 demonstrates that the proposed
model is capable in challenging conditions and it can accurately and precisely predict the fire in the images.

5.2.1 Confusion Matrix

The confusion matrix performs as a core tool in evaluating the performance of detection and classification models, providing
an in-depth breakdown of predicted labels versus actual class labels. Its significance lies in its ability to quantify the model’s
effectiveness in distinguishing between different classes, thereby guiding further analysis and model refinement. Diagonal
elements signify correct predictions, while off-diagonal elements denote incorrect predictions. Higher values along the diagonal
indicate superior model performance with fewer miscategorized. The results of our proposed model showcase impressive
performance metrics, boasting high accuracy along with the lowest false positive and negative rates in all three datasets as
illustrated in Figure 5. Its achievement underscores the efficacy of our approach in accurately distinguishing between fire and
non-fire instances. The incorporation of dual ACM coupled with ASM using depth-wise separable convolution has played a
pivotal role in achieving these outcomes. By leveraging these advanced techniques, our model effectively focuses on relevant
features while mitigating noise and irrelevant information, thereby enhancing its discriminative power. This combination
empowers our model to achieve competitive performance in fire detection tasks, setting a promising precedent for its practical
application in real-world scenarios.

To select the optimal backbone model for the AFN network we have performed a wide range of ablation studies on
pre-trained mode utilizing the FireNet dataset. FireNet is considered the most challenging dataset, and the confusion matrix
plays a important role in the analysis of a model. Among the pre-trained models tested, ConvNextBase demonstrated improved
performance, exhibiting minimized FP and FN results as compared to the other pre-trained CNN networks. Conversely,
EfficientNetV2B3 displayed comparatively poorer performance in terms of accuracy, high False Positive Rate and false negative
rate. The efficacy of ConvNextBase can be attributed to its robust architecture, which effectively discriminates between fire
and non-fire instances, thus reducing false alarms. Conversely, the suboptimal performance of EfficientNetV2B3 may stem
from its architecture’s limitations in capturing intricate fire-related features, leading to increased misclassifications. These
findings underscore the significance of architectural design in enhancing fire detection accuracy. Figure 6 shows the visual
representation of the ablation study conducted on the FireNet dataset using a pre-trained CNN model. Figure 7 illustrates the
visual representation of three datasets using heat map techniques.
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Figure 6. Performance evaluation of various CNN models using FireNet testing data.

Figure 7. Feature activation maps generated through the proposed model using Foggia, FireNet and DFV datasets.

5.2.2 Receiver Operating Characteristic (ROC) Curve, Accuracy and Loss Graphs Analysis
In binary prediction problems with balanced and imbalanced classes, the ROC can be used as a diagnostic tool because it is not
biased against either the minority and the majority. It gives visual results that are convenient for researchers to understand
the performance of the model. It plots the True Positive Rate (TPR) against the False Positive Rate (FPR). In this study, we
produce ROC curves of three datasets of fire and non-fire, including Foggia’s, Drone and FireNet.The ROC curves demonstrate
the effectiveness and robustness of the models in distinguishing between fire and non-fire instances. A greater Area Under the
Curve (AUC) value shows better discrimination ability. In the drone dataset, the fire classification model accomplished an
AUC of 0.97, while the non-fire AUC was 0.96. In both the benchmarks’ datasets, including FireNet and Foggia’s datasets,
the fire AUC increased to 100, with a non-fire AUC of 1.00, indicating excellent performance in classification because the
proposed AFN network encodes both global and dependencies across channels and local spatial patterns associated with fire.
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Figure 8. ROC Curves, Accuracy, and Loss graphs of AFN Network. The first row represents the ROC curve, Accuracy, and
loss of the DFV dataset, while the second and third rows illustrate the ROC Curve, Accuracy, and Loss for FireNet and Foggia
dataset, respectively.
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Furthermore, they capture contextual information to differentiate between fire and non-fire. Figure 8 illustrates that the overall
performance of the proposed AFN network is convenient and demonstrates good performance for UAV-based fire detection and
classification.

6 Computational Efficiency
In real-time fire monitoring systems, inference speed is a crucial factor because early fire recognition requires fast and reliable
decision-making, especially in UAV-assisted and resource-constrained deployment environments. Therefore, the inference
speed of the proposed AFN was compared with several existing fire detection methods in terms of GPU FPS and CPU FPS, as
reported in Table 7. The results demonstrate that the proposed AFN achieves the highest inference speed among all compared
methods, reaching 76.9 FPS on GPU and 23.6 FPS on CPU. Among the existing approaches, ADFireNet obtains the second-best
performance with 72.5 GPU FPS and 22.0 CPU FPS, followed by DFAN with 70.55 GPU FPS and 12.90 CPU FPS. Although
these methods demonstrate strong real-time capability, the proposed AFN further improves the inference speed by 4.4 FPS
on GPU and 1.6 FPS on CPU compared with ADFireNet. Similarly, compared with DFAN, AFN improves GPU speed by
6.35 FPS and CPU speed by 10.7 FPS. This indicates that the proposed architecture not only maintains high classification
performance but also provides efficient inference on both GPU- and CPU-based platforms.

Other methods, such as ResNetFire, GNetFire, EMNFire, SE-EFFNet, and ViT-B-32, show comparatively lower inference
speed, particularly in CPU settings. For instance, ResNetFire achieves 57.3 FPS on GPU but only 2.4 FPS on CPU, while
EMNFire and GNetFire obtain 6.3 FPS and 4.3 FPS on CPU, respectively. In contrast, AFN achieves 23.6 FPS on CPU,
demonstrating its practical suitability for resource-limited environments where GPU acceleration may not always be available.
Moreover, the higher GPU FPS of AFN confirms that the integration of SAAN with ConvNeXtBase does not introduce
excessive computational overhead. Overall, the FPS comparison confirms that AFN is an inference-efficient fire classification
framework. The proposed model achieves the highest throughput among the compared methods while maintaining strong
classification performance, supporting its suitability for deployment-oriented fire monitoring applications.

Table 7. Comparison of inference speed with state-of-the-art fire detection methods.

Reference GPU FPS CPU FPS
ANetFire43 – 17.0
ResNetFire59 57.3 2.4
EMNFire21 34.0 6.3
GNetFire44 48.2 4.3
DFAN36 70.55 12.90
SE-EFFNet50 45.0 8.0
ViT-B-3248 67.0 20.0
ADFireNet2 72.5 22.0
AFN (Proposed) 76.9 23.6

7 Conclusion, Limitations, and Future Research Directions
Vision-based fire detection is increasingly important for surveillance and remote sensing. Despite recent advances in deep
learning, reliable fire recognition remains challenging in complex scenes due to illumination changes, background clutter,
variable fire appearance, and fire-like objects. To address these challenges, this study proposed the Adaptive Fire Network
(AFN) for binary fire-scene classification. The proposed framework integrates a ConvNeXt-B backbone with the Scene-Aware
Attention Network (SAAN), which consists of the Adaptive Channel Module (ACM) and the Adaptive Spatial Module (ASM).
The ACM models dependencies among feature channels to emphasize informative fire-related responses, whereas the ASM
highlights spatial regions that contribute to distinguishing fire from non-fire scenes. Depth-wise separable convolution is
incorporated into the spatial-attention process to refine spatial features while limiting additional computational overhead.
AFN was evaluated on the Foggia, FireNet, and newly introduced Drone Fire Vision (DFV) datasets. Under the reported
experimental settings, the model achieved classification accuracies of 99.96% on Foggia, 98.97% on FireNet, and 90.78% on
DFV. The ablation experiments showed that the complete configuration combining ACM and ASM achieved higher classification
performance than the evaluated ConvNeXt-B baseline and configurations using partial or alternative attention mechanisms.
These findings indicate that sequential channel-wise and spatial feature refinement can improve the representation of fire and
non-fire scenes within the evaluated datasets. The reported inference rates of 76.9 frames per second on the evaluated GPU
and 23.6 frames per second on the evaluated CPU also indicate efficient processing under the hardware and implementation
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conditions used in this study. Nevertheless, several limitations should be considered when interpreting these results. First,
AFN performs image-level binary classification and therefore assigns a fire or non-fire label to the entire input image. It does
not explicitly localize or segment flame and smoke regions, distinguish among multiple fire regions, estimate fire severity,
or determine the burning degree or growth rate of a fire. Estimating such properties generally requires spatial localization,
consecutive observations, and additional environmental or sensor information. In addition, the current framework focuses on
visual classification and does not generate detailed semantic descriptions of the surrounding scene, such as the environmental
context or potential sources of visual ambiguity. Moreover, there are several promising ways for future research. Firstly, we
aim to explore the integration of advanced sensor technologies, such as thermal imaging, to enhance the model’s capabilities in
detecting fires in adverse weather conditions, such as dense fog or smoke. Secondly, we intend to investigate the integration of
vision-language models to improve semantic scene understanding, distinguish fire from visually similar objects, and generate
more informative outputs beyond binary classification. Furthermore, we plan to explore novel deep-learning architectures and
optimization strategies to reduce computational complexity and memory requirements, thereby enhancing the scalability and
effectiveness of the model for deployment on resource-constrained UAV platforms.
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