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Abstract: The rapid detection and accurate localization of wildfires are critical for effective disaster
management and response. This study proposes an innovative Unmanned aerial vehicles (UAVs)-
based fire detection system leveraging a modified Miti-DETR model tailored to meet the computa-
tional constraints of drones. The enhanced architecture incorporates a redesigned AlexNet backbone
with residual depthwise separable convolution blocks, significantly reducing computational load
while improving feature extraction and accuracy. Furthermore, a novel residual self-attention mecha-
nism addresses convergence issues in transformer networks, ensuring robust feature representation
for complex aerial imagery. The model, which was trained on the FLAME dataset encompassing
diverse fire scenarios, demonstrates superior performance in terms of Mean Average Precision (mAP)
and Intersection over Union (IoU) metrics compared to existing systems. Its capability to detect and
localize fires across varied backgrounds highlights its practical application in real-world scenarios.
This advancement represents a pivotal step forward in applying deep learning for real-time wildfire
detection, with implications for broader emergency management applications.

Keywords: wildfire detection; object detection; drone; deep learning; transformers in image processing;
wildfire management; real-time imaging; environmental monitoring

1. Introduction

Wildfires have emerged as one of the most devastating natural disasters, causing
extensive damage to ecosystems, property, and human life. Their increasing frequency and
intensity, exacerbated by climate change, demand innovative approaches to detection and
management [1]. According to the Korea Forest Service, 596 wildfire incidents occurred in
South Korea in 2023 alone, affecting over 5000 hectares [2]. This underscores the urgent
need for advanced, real-time monitoring systems to mitigate such disasters effectively.
Traditional methods of wildfire detection, including ground-based surveillance and satellite
imaging, often fall short of providing the rapid and accurate detection required for timely
interventions, as shown in Figure 1.

Drones, equipped with advanced sensors and imaging technologies, have emerged as
a transformative solution, offering a unique aerial perspective that significantly enhances
fire detection capabilities [3]. Domestically, research in South Korea has focused on integrat-
ing UAVs with traditional monitoring systems to improve fire detection in forested regions.
For instance, studies have explored combining drones with IoT networks to enhance data
collection and transmission [4]. While these approaches have demonstrated potential, their
reliance on conventional imaging and algorithmic frameworks limits their scalability and
precision in real-time scenarios. Ref. [5] introduces a novel fire and smoke detection method
utilizing capsule networks with attention feature maps, designed to improve the accuracy
of incident classification in outdoor video recordings. This approach demonstrates high
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performance in real-time applications and robustness under diverse conditions. Recent
advancements in UAVs technology have demonstrated their potential to surpass traditional
methods of wildfire detection, such as ground-based surveillance and satellite imaging.
This paper [6] introduces a deep encoder-decoder network for real-time wildfire segmenta-
tion using drone imagery. This network employs attention mechanisms and residual blocks
to enhance both accuracy and efficiency, thereby outperforming existing models in the
detection and segmentation of wildfires and smoke. UAVs can navigate challenging terrain,
providing dynamic, high-frequency data that significantly enhances situational awareness
during wildfire events. Studies have shown that drones equipped with RGB cameras,
thermal imaging systems, and LiDAR sensors can detect fires at various stages, from smol-
dering embers to active flames. Ref. [7] conducted a study on thermal imaging, highlighting
its proven effectiveness in detecting heat signatures under low-visibility conditions, such
as those encountered in dense smoke or nighttime operations. LiDAR technology com-
plements this by generating precise 3D spatial data, which is crucial for mapping terrain
and predicting fire spread dynamics. In addition to sensor advancements, integrating Al
algorithms into UAVs-based systems has revolutionized wildfire detection and prediction
capabilities. Machine learning models, including convolutional neural networks (CNNs)
and transformer-based architectures, enable UAVs to process vast amounts of data in real
time, improving detection accuracy and operational efficiency. Recent studies, such as
those leveraging YOLOvV5 and Detectron2, have demonstrated a strong performance in
object detection tasks, though they often face challenges in handling complex backgrounds
or resource constraints when deployed on UAVs [8,9]. Incorporating Al algorithms capable
of analyzing multi-modal data, such as RGB, thermal, and LiDAR inputs, has the potential
to further refine fire identification systems.

2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 2023

Figure 1. Forest fire incidents in South Korea from 2011 to 2023 [2].

Despite these advancements, significant challenges remain, particularly in balanc-
ing computational efficiency with detection accuracy. UAVs are inherently resource-
constrained, requiring lightweight, energy-efficient models to operate effectively. This
study addresses these challenges by introducing a novel fire detection framework based on
the modified Miti-DETR model. By incorporating a redesigned AlexNet backbone with
residual depthwise separable convolution blocks, the proposed model significantly reduces
computational load while enhancing feature extraction. A novel residual self-attention
mechanism is also integrated to address convergence issues commonly associated with
deep transformer networks, ensuring robust feature representation.

This capability is crucial, particularly in remote or inaccessible regions where tradi-
tional monitoring methods are either impractical or inefficient. However, drone potential
extends beyond mere observation; they can be pivotal in implementing sophisticated fire
detection models that leverage artificial intelligence (Al) to predict and prevent fire out-
breaks [10]. Given the constraints of drone hardware capabilities and the urgency of fire
detection tasks, the core challenge in deploying such models lies in their need to be both
highly accurate and extremely efficient [11].

This study addresses these challenges by introducing a novel fire detection model
tailored for UAVs deployment. The proposed model, a modified Miti-DETR, combines
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the strengths of CNNs and transformer-based architectures to achieve high precision and
efficiency [12]. The innovation lies in the redesigned AlexNet backbone, which incorporates
residual depthwise separable convolution blocks to reduce computational load while
enhancing feature extraction. Additionally, a novel residual self-attention mechanism
ensures robust feature representation, mitigating convergence issues commonly associated
with deep transformer networks. By integrating these modifications, the model achieves
superior performance in detecting and localizing fire elements across varied and complex
aerial imagery.

The contributions of this study are threefold. First, it introduces a lightweight, high-
performance fire detection model specifically designed to address the hardware constraints
of UAVs. Second, it demonstrates the model’s capability to outperform existing systems in
terms of accuracy and convergence speed, validated through a comprehensive evaluation
of the FLAME dataset. Third, it establishes the broader applicability of the model in real-
world wildfire management scenarios, highlighting its potential for improving disaster
response strategies.

2. Literature Review
2.1. Methods of Visual Detection

The value of vision-based techniques, recognized for their capabilities in real-time
data capture, broad detection scope, and straightforward verification and recording, has
established them as central in the field of wildfire monitoring and detection [13]. Recently,
several researchers have explored the properties of remote-sensing images, introducing
methods for high-resolution analysis [14,15]. A detailed review in [16] examined object
detection methodologies, particularly the advancements and applications of the YOLO
algorithm along with relevant datasets. Ref. [17] presents an advanced fire and smoke
detection model that integrates the Vision Transformer (ViT) with YOLOV5s, enhancing
detection in environments with obscured or widespread fires by effectively processing
both local and global image features. In [18], an innovative approach tailored for smart
city environments utilized YOLOvVS to improve fire detection accuracy. The research
in [19] leveraged the Detectron2 model alongside deep learning techniques to increase
the reliability of wildfire detection. In [20], efforts focused on enhancing the detection of
wildfires and smoke, emphasizing their importance in wildfire management. Additionally,
ref. [21] discussed the use of UAVs to enhance wildfire surveillance, focusing on precise
fire identification and localization.

Given the intricate and unpredictable nature of wildfires, integrating multiple data
sources from various locations is crucial. When managing extensive or multiple wildfires,
the update rate from a single drone may prove inadequate. Common attributes analyzed in
existing studies include the geometry, color, and motion of fires. Specifically, color features,
often extracted through trained networks, are used to delineate fire zones. The work in [22]
presented a multi-UAV system that effectively detects wildfires, detailing the components
of helicopter UAVs and employing motion and color analysis to obtain clear images. Fire
characteristics, extending beyond color to irregular shapes and consistent motion at specific
spots, were considered. This study also introduced algorithms tailored for ultraviolet and
visual spectrum cameras. In [23], a novel methodology combining color-motion-shape
features with machine learning was introduced to detect fires. A robust wildfire detection
system was proposed in [24], necessitating the precise classification of fire imagery against
non-fire images. This involved curating a diverse dataset (Deep-Fire) and employing VGG-
19 transfer learning to enhance prediction accuracy, while comparing various machine
learning techniques. Additionally, ref. [25] introduced a deep learning-based model for
wildfire detection from satellite imagery, using RCNNSs to decrease prediction times and
achieve a 97.29% accuracy rate in identifying fires in remote areas.
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2.2. UAVs for Monitoring and Detecting

Aerial surveillance of fires, while effective, is costly and involves considerable risks,
particularly with uncontrolled wildfires. As noted in [26], the advancement of drone
technology in firefighting primarily focuses on remote sensing capabilities for forest fires.
The study by [27] introduced an autonomous system for forest fire monitoring designed
to swiftly locate and track critical hot spots. This system incorporates an algorithm that
directs drones to these hot spots, demonstrated through a mixed reality experiment that
simulated forest fire progression and compared the algorithm'’s effectiveness against basic
fire tracking strategies. The development of a real-time wildfire monitoring system is
further exemplified in [28], where UAVs, equipped with various sensors, mini processors,
and cameras, process data from onboard sensors and imagery to provide timely information
on fire dynamics.

Beyond mere remote sensing, drones have potential applications in direct firefighting
tasks, such as igniting controlled burns from the air, although the practical deployment of
such technologies is still emerging due to logistical challenges related to the transport of
significant volumes of water and fire retardants [29]. In [30], a novel framework combining
the YOLOv4 deep network with LiDAR technology was outlined, presenting a cost-effective
method for managing UAV-based fire detection systems.

2.3. Post-Fire Recovery and Long-Term Ecological Monitoring

Beyond immediate detection, UAVs have shown great promise in post-fire recovery
and ecological monitoring. The severity and frequency of wildfires have long-lasting im-
pacts on ecosystems, affecting vegetation regrowth, soil health, and biodiversity. Studies
by [31] revealed that fire severity directly influences the rate of ecosystem recovery, with
low-severity fires often resulting in quicker regrowth compared to high-severity fires that
cause extensive soil degradation. UAVs equipped with multi-spectral and thermal sensors
play a pivotal role in monitoring these recovery processes. They enable researchers to
map burned areas, assess soil erosion, and track vegetation regrowth over time. Research
by [32] has demonstrated the utility of UAVs in post-fire recovery, particularly in analyzing
changes in vegetation health and soil composition. These tools provide valuable insights
into the long-term ecological effects of wildfires, helping inform restoration and conser-
vation strategies. Wildfires not only pose ecological challenges but also have significant
societal implications. The economic costs of wildfires, including damage to property and
infrastructure, highlight the need for advanced monitoring systems that can mitigate these
impacts. Ref. [33] argues that integrating UAVs with Al-driven models and advanced sen-
sors is essential for improving both the efficiency and accessibility of wildfire management
practices. Additionally, the societal benefits of early detection systems, such as reducing
evacuation times and protecting vulnerable communities, underscore the importance of
continued innovation in this field.

This paper details the development and implementation of the Miti-DETR model
for wildfire detection using drones. We explore the model architecture, modifications,
and the rationale behind these changes, emphasizing the balance between computational
efficiency and detection performance. By deploying this model in drones equipped with
advanced imaging technologies, we aim to significantly reduce the response time in wildfire
management and enhance the accuracy of fire detection, ultimately contributing to better
resource allocation and more effective mitigation strategies.

3. Methodology

We have modified the widely recognized detection model, Miti-DETR, which has
demonstrated remarkable performance as shown in Figure 2. To enhance its efficiency, we
replaced the backbone of the model with AlexNet and incorporated the residual depthwise
separable convolution block in the modified AlexNet architecture, as illustrated in Figure 3.
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Figure 2. Modified Miti-DERT framework.
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Figure 3. Modified AlexNet.

3.1. Miti-DETR

Miti-DETR [34] represents an innovative approach to object detection, building upon
the fundamental architecture of the original DETR model. The architecture integrates the
CNNs as a feature extractor and utilizes transformer-based encoder-decoder networks
for object detection. However, Miti-DETR distinguishes itself by introducing a residual
self-attention mechanism that addresses limitations observed in standard transformers,
particularly the tendency of pure attention networks to degenerate and lose expressive
power as they deepen, as shown in Figure 2. This residual self-attention network allows
for direct connections between the inputs and outputs of each transformer layer, ensuring
that non-attention-based information participates in the attention propagation process.
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This structural innovation mitigates the convergence issues common in attention networks,
slowing down their rate of convergence and thereby preventing the feature collapse seen in
deeper networks. By diversifying the path distribution of parameter updates, Miti-DETR
not only stabilizes attention mechanisms but also enhances the learning process. Moreover,
the residual connections of the model maximize the diversity of attention features, helping
counteract the natural inductive bias toward token uniformity in self-attention networks.
This leads to better feature representation and stronger performance in object detection
tasks. Miti-DETR has demonstrated significant improvements in both detection accuracy
and convergence speed when evaluated on the challenging FLAME dataset. Additionally,
its design allows for easy generalization to other models without requiring extensive
modifications, making it a versatile tool in transformer-based object detection.

3.2. AlexNet

AlexNet, a pioneering deep learning architecture, was introduced by Alex Krizhevsky [35]
in 2012 and played a crucial role in establishing the dominance of CNNs in the field of com-
puter vision. The architecture stood out due to its ability to achieve state-of-the-art perfor-
mance on the ImageNet dataset, an extensive image classification challenge, by reducing the
top-5 error rate from 26% to 15.3%. The design of the model, though simple by standards,
is revolutionary in both scale and depth, marking a significant departure from traditional
machine learning techniques. The network consists of eight layers, five of which are convolu-
tional layers and three are fully connected layers. The convolutional layers are responsible
for detecting patterns and features in images, such as edges, textures, and object parts. These
layers are followed by max-pooling layers, which help reduce the spatial dimensions of the
feature maps while preserving the most essential information. This approach allows the
network to capture hierarchical representations of objects, progressively learning from simple
features to complex ones. One of the key innovations of AlexNet was its use of ReLU [36] as
the activation function, which sped up training significantly compared to traditional sigmoid
or tanh activations. ReLU helped address the vanishing gradient problem and allowed deeper
networks to train more efficiently by preventing gradients from becoming too small. Moreover,
AlexNet has made effective use of GPU acceleration, which was a relatively novel idea at the
time. Training such a large network on CPUs would have been prohibitively slow, but by
leveraging the parallel processing capabilities of GPUs, the training time is drastically reduced,
enabling the network to be scaled up without sacrificing practicality.

3.3. The Proposed Model

In our work, we modified the backbone of the Miti-DETR by replacing the CNN5s
with a modified AlexNet. To make AlexNet a more powerful feature extractor, we made it
deeper by adding five residual depthwise-separable convolution blocks, which consist of
batch normalizations and ReLU activation functions, as shown in Figure 3. In the initial
baseline model, there were seven convolutional layers and two flattened layers. However,
since our task was object detection, we removed the flattened layers and replaced them
with a single final convolutional layer. The input image X; g € RW>H*C g first processed
to extract low-level features using two convolutional layers.

Fconv?layerl = F3><3(F3><3(Xi_img)) 1)

where, Feonp_layer1 T€presents the first two convolution layers for extracting the low-level
features, with kernel size 3 x 3.

Fresfblockl = F4<F3 (FZ (Fl (Fconvflayerl ) ) ) )r
h = max(O, BatChNorm(FDW1 (Fconvflayerl ) ) )/
F, = max(0, BatchNorm(Fpw2(F1))), ()
F3 = max(0, (Fpws(F2))),
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Fy = Fpwa(F3)

Fres block1 represents the full structure of the residual depthwise-separable convolution
block, comprising four internal depthwise and pointwise convolution layers, F;, F,, F3, and
F4. Moreover, batch normalization and ReLU activation functions are incorporated. Batch
normalization is used to normalize the input to each layer, improving training stability
and accelerating convergence by mitigating internal covariate shifts. ReLU is employed as
an activation function to introduce non-linearity, prevent vanishing gradients, and ensure
efficient learning in deep networks.

Feoncat = Concat(Fresfblockl + Fconv?layerl) (3)

Fconv?layeﬂ = F3><3(F3><3(Fconcat)) (4)

Following the first residual block, the input and output of the block are concatenated to
prevent information loss and preserve important features. After this, a second set of two con-
volutional layers is applied to further extract features while increasing the number of channels,
enhancing the capacity of the model to capture more complex patterns and representations.

Fres_blockZ = COI’ZC(Zt(F4 (F3 (F2 (Fl (Fconv_layerZ) ) ) )r Fconv_layerZ) (5)

Fconv?layerS = F3x3 (F3><3 (Fresfblockz)) (6)

The same process is repeated for the subsequent 1 to N residual blocks, where N = 5.
Each residual block is followed by double convolution layers, maintaining the pattern of
feature extraction and channel expansion as the model deepens. This consistent structure
allows for more complex hierarchical representations to be captured throughout the network.

Fres_block3 = Concat(Rl (FS (FZ(Fl (Fconv_layerS) )))r Fcom/_luyer3)

Feono _layerd — F3><3(F3><3( res hlockS))

Fres_block4 = Concat(P4(F3(F2(Pl(Fconv layer4))))/ Fconv_luyer4) (7)
Feono _layer5 — F3><3(F3><3( res_ block4))
)

Fres _block5 — Concat(F4 (P3 (FZ (Fl (Fconvlaj% ) )) ’ Fconvluy%)

Fconv_lﬂyer6 = max(O, Fixa (Fres_blockS))

All the captured coarse features, resulting from the application of the ReLU activation
function, are then passed to the MITI-DETR model. ReLU ensures that non-linearities
are introduced while preserving critical features, allowing the MITI-DETR to effectively
process these features for further detection and recognition tasks.

3.4. The Metrics and Losses

mAP is a prevalent metric utilized in object detection for evaluating model precision.
It calculates the average precision across all object categories and various intersection-
over-union (IoU) thresholds, yielding a thorough assessment of model accuracy. For each
category, precision and recall are determined at different confidence levels, with Average
Precision (AP) defined as the area under the precision-recall curve. Subsequently, mAP is
derived as the average of the AP values for all classes, offering a consolidated overview
of model performance. In this context, N denotes the total number of object classes, while
AP(i) indicates the Average Precision computed for the specific class i.

1k:n
mAP = - AP 8
”k; k (8)
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|ANB|
|AUB|

IoU measures the extent of overlap between the predicted bounding box and the
ground truth bounding box. The values of IoU range from 0 to 1, with higher values
indicating a closer alignment between the predicted and actual object. A commonly used
threshold for IoU is 0.5, representing 50% overlap, to classify a prediction as correct. In
this context, | AN B| denotes the area of overlap between the predicted and ground truth
bounding boxes, while |A U B| signifies the area of the union of these two boxes.

IoU =

©)

.. TP
precision = 7,1,13 T EP (10)
TP
recall = m (11)

Precision is the proportion of true positive detections relative to the total number of
positive predictions, which includes both true positives and false positives. Recall is the
proportion of true positive detections relative to the total number of actual ground truth
objects, encompassing both true positives and false negatives.

C
Lee = =) yilog(yr;) (12)
i=1

Lateh = KetassLek + Rppor L1 + AgiouLG1ou (13)

Classification Loss (Cross-Entropy Loss) is a loss function which is employed to ensure
accurate object classification. It imposes penalties on incorrect predictions, driving the
model to reliably determine the correct class for detected objects. C is the total number of
classes, y; is the ground truth probability, and v, is the predicted probability for the i-th class.
Hungarian Matching Loss is a crucial component of DETR-based models, including MITI-
DETR. The loss function utilizes the Hungarian algorithm to perform bipartite matching
between predicted and ground truth boxes, ensuring an optimal one-to-one correspondence
between predictions and actual objects. Lc is the cross-entropy classification loss, Ly is the
L1 loss for bounding box regression, L,y is the GloU loss for bounding boxes, and 2 s,
Rgiou, and Appo, are hyperparameters that balance the contribution of each component.

4. Experimental Setup and Results
4.1. The Dataset

The FLAME dataset [37] is a comprehensive and specialized resource designed specifi-
cally for fire detection tasks, supporting the development of accurate and reliable models.
It includes a wide variety of images and videos that capture fire occurrences across both
natural and urban environments, such as forest fires, industrial fires, and urban incidents.
The dataset is diverse in terms of conditions, including different times of day, weather types,
and varying fire intensities, which makes it suitable for training models that can handle
real-world fire detection challenges. The FLAME dataset is meticulously annotated with
detailed labels for fire, smoke, and non-fire regions, enabling fine-grained object detection.
This precision allows models to effectively distinguish between fire-related phenomena
and the background. The high resolution and quality of the images and videos in the
dataset ensure that even subtle or small-scale fires can be detected. The data is captured
from a variety of perspectives, including aerial views from drones and ground-level shots,
enhancing its applicability to diverse fire monitoring systems, as shown in Figure 4.
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(@) (b)

Figure 4. Description of FLAME dataset examples: (a) non-fire and (b) fire.

The inclusion of both fire and non-fire images ensures that models can be trained
without bias, improving their ability to differentiate between fire events and other visually
similar situations. Moreover, the dataset is highly suitable for real-time fire detection model
development, as it includes video sequences that allow for temporal analysis. This makes
it ideal for applications that require rapid detection and response. With its rich variety and
detailed annotations, the dataset offers an excellent benchmark for evaluating fire detection
systems and helps ensure that models trained on it are robust and effective in a wide range
of real-world scenarios.

4.2. Training Detail

The model is trained on a Tesla V100 GPU with a batch size of 16 for optimal computa-
tional efficiency, completing 50 epochs with an initial learning rate of 1 x 10~*. This rate is
periodically reduced by a factor of 0.1 every 15 epochs through a step decay schedule to
enhance training effectiveness.

The Adam optimizer [38], with a weight decay of 1 x 10>, is used to minimize
overfitting. The model employs a combination of cross-entropy for classification, L1 loss
for bounding box regression, and GloU loss to improve precision in object detection, which
is crucial for the demanding accuracy needed in fire detection.

4.3. Data Pre-Processing

The preprocessing of the dataset begins with resizing the aerial images to ensure
consistent input dimensions across all samples. Since the images are captured from varying
perspectives and angles, standardizing their size is essential to ensure compatibility with
deep learning models. Each image undergoes normalization, with pixel values scaled to
a standardized range between zero and one. This step is crucial to stabilize the training
process of the model by eliminating biases introduced by the varying intensity of grayscale
values. With the dynamic nature of the scenes, particularly involving potential fire or smoke
in forested regions, contrast adjustments are applied to enhance the visibility of critical
features. Histogram equalization is employed to bring out the details in regions that may
have low contrast, such as smoke against a cloudy sky or subtle variations in fire intensity.
This ensures that even the faintest signals in the image are highlighted for the model to
learn effectively. To address the potential variability in the angles from which the images
are captured, data augmentation is incorporated as an integral step. Techniques such as
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rotations, flips, and slight translations are applied to the dataset to increase its diversity,
ensuring that the model can generalize to various orientations and perspectives. This
augmentation allows the model to handle real-world scenarios where fire or smoke might
be captured from unpredictable angles, as shown in Figure 5. Noise reduction is another
important step, particularly because shadows from trees or variations in lighting conditions
can introduce artifacts into the images. A series of filters are applied to reduce this noise
without losing important details, ensuring that the model focuses on the most relevant
features for fire detection. Finally, each image is carefully annotated, either with bounding
boxes or segmentation masks, to mark regions of interest, such as fire or smoke areas.

Figure 5. Examples of data augmentation.

These labels are crucial for guiding the learning process of the proposed model, enabling
accurate detection and localization of fire-related elements in complex aerial environments.

4.4. Experiment and Results

Figure 6 shows the effectiveness of the modified MITI-DETR model for fire detection,
particularly in aerial imagery captured by drones. The red bounding boxes clearly highlight
regions where the model has detected smoke within the dense forest environment. These
detections are precise and well-aligned with the ground truth annotations, showcasing
the capability of the model to accurately identify areas of interest, despite the complex
background of trees, snow, and varying lighting conditions. Moreover, the presence of
multiple blue annotations within the images suggests that the model is also performing
localization and classification tasks, possibly distinguishing between fire and smoke. The
distribution of the bounding boxes across various regions demonstrates the robustness of
the model in detecting fire across different perspectives and scales, which is crucial in aerial
fire detection where the distance between the camera and the target may vary significantly.
Figure 5 also illustrates the ability to handle occlusions and subtle visual cues, such as
smoke partially obscured by tree canopies. The detected fire regions are not limited to
easily visible flames, but also include subtle smoke plumes, which indicates the fine-tuned
sensitivity of the proposed model to early fire indicators, an essential trait for real-time fire
detection in drone surveillance applications. In the rest of the paper, these results reflect
the strong performance of the proposed model in accurately detecting and localizing fire
in challenging, real-world environments, effectively addressing the complexities involved
in aerial fire detection tasks. This demonstrates the successful application of the modified
MITI-DETR model in capturing critical fire-related information from drone-captured data,
providing reliable outputs that can support rapid intervention and response efforts in
wildfire management.
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Figure 6. Examples of proposed model results: (a) Detection of smoke in snowy forest environments.
(b) Identification of fire regions partially obscured by tree canopies.

4.5. Comparative Performance Analysis of Object Detection Models

Table 1 and Figure 7 presents a comparative evaluation of four models, such as
the baseline, YOLOv5s, YOLOv5m, and the proposed model; all have been trained for
300 epochs. The performance metrics, including AP at different thresholds and object scales,
are used to assess the efficacy of these models in object detection tasks. The overall AP of
the baseline model stands at 36.3, while YOLOV5s scores slightly lower at 35.8. YOLOv5m
performs similarly to the baseline with an AP of 36.2, but the proposed model surpasses all
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others, achieving an AP of 37.7. This indicates the proposed model demonstrated enhanced
performance in detecting objects across different categories. At the IoU threshold of 50%
APs, the baseline model achieves a score of 53.89, while YOLOvV5s slightly underperforms
with 53.12, as shown in Figure 6. YOLOv5m improves upon this with 54.47, but the
proposed model outshines all others with an APsy of 54.78, demonstrating its superior
accuracy in detecting objects with more overlap between predicted and ground truth boxes.
For the stricter 75% IoU threshold APys, the baseline model records 34.67, YOLOv5s drops
to 32.01, and YOLOv5m scores 33.89. The proposed model, once again, leads with 34.78,
reflecting its better precision when bounding box predictions need to closely match ground
truth. For the detection of small objects APg, the baseline model achieves an AP of 15.5,
while YOLOv5s underperforms slightly at 13.6. YOLOv5m improves marginally with 14.43,
but the proposed model excels with an AP of 15.87, showing its superior capability in
identifying small-scale objects in the dataset.

Table 1. Comparative Performance of Object Detection Models.

Inference
Model Epochs AP APs AP APg APm AP Precision Recall Time FLOPs
(ms)

Baseline 300 36.3 53.89 34.67 155 33.11 53.7 84.5 82.1 10.2 32.8
YOLOvV5s 300 35.8 53.12 32.01 13.6 31.35 52.0 83.7 80.9 12.3 28.5
YOLOv5m 300 36.2 54.47 33.89 14.43 31.78 53.98 85.2 83.0 135 35.2
Proposed 5, 377 5478 3478 15.87 34.0 55.14 86.4 84.6 9.8 27.3
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Figure 7. Evaluating YOLO Models and a Proposed Enhancement: Precision Metrics Across Object Scales.

For medium-sized objects AP, the baseline scores 33.11, YOLOvVb5s records a lower
score of 31.35, while YOLOv5m performs slightly better at 31.78. The proposed model
surpasses all others with a score of 34.0, highlighting its enhanced precision for medium-
sized object detection. When it comes to large objects AP;, the baseline model achieves a
score of 53.7, YOLOvbs falls short at 52.0, while YOLOv5m improves slightly to 53.98. The
proposed model outperforms the rest with an AP;, of 55.14, demonstrating its robustness
in detecting larger objects. Moreover, the proposed model consistently demonstrates
superior performance across most metrics, excelling in both overall precision and at various
IoU thresholds, as well as across different object scales. These results underscore the
effectiveness of the proposed modifications, particularly in tasks like fire detection using
drone-captured imagery.

5. Discussion

This study introduces a significant advancement in UAV-based wildfire detection
through the modified Miti-DETR model, which emphasizes computational efficiency and
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detection accuracy. By integrating a redesigned AlexNet backbone with residual depthwise
separable convolution blocks, the model effectively addresses the hardware constraints
of UAVs while enhancing precision in detecting and localizing fire elements. The results
demonstrate that the proposed model outperforms traditional detection systems, such as
YOLOv5s and YOLOv5m, across multiple metrics, including mAP and IoU. Specifically,
the model excels in small object detection, which is critical in complex wildfire scenarios,
and maintains higher accuracy at stringent IoU thresholds, reflecting its robustness in
challenging environments. The practical implications of this work are noteworthy. The
lightweight architecture of the proposed model ensures efficient resource utilization, allow-
ing UAVs to operate for extended durations without compromising on real-time detection
capabilities. Its ability to identify fires and smoke even under adverse conditions, such
as occlusions and variable lighting, highlights its utility in real-world firefighting appli-
cations. Integrating drones equipped with this model into disaster management systems
can significantly enhance response times, reduce damage, and improve resource allocation.
Moreover, this model’s capability to adapt to various scenarios makes it an indispensable
tool for both wildfire prevention and emergency response. While the model showcases
substantial strengths, it faces challenges when deployed under suboptimal conditions,
such as low visibility caused by dense smoke or extreme lighting variations. Incorporating
additional data, particularly from multi-spectral imaging technologies like thermal cameras,
could mitigate these challenges by enabling the detection of heat signatures and subtle fire
indicators. Such enhancements would allow the model to perform effectively even in the
early stages of fire development or in obscured environments. The broader implications
of this research extend beyond wildfire detection. The methodology demonstrates scala-
bility to other critical areas, including urban fire monitoring, industrial hazard detection,
and environmental pollution assessment. By adapting the model to these contexts, it can
contribute significantly to various domains of disaster management and environmental
monitoring. Future work should focus on addressing the current limitations to enhance
the model’s robustness and efficiency further. Expanding the training datasets to include
diverse environmental conditions and fire scenarios will improve generalization. More-
over, optimizing computational efficiency through advanced neural network compression
techniques can enhance the UAVs operational range and energy efficiency. Integrating
edge computing for onboard data processing would reduce reliance on external systems,
enabling faster decision-making and greater UAVs autonomy. The findings presented in
this study contribute significantly to the field of UAV-assisted remote sensing, advancing
the frontier of real-time disaster management technologies. By improving both detection
accuracy and computational efficiency, this work lays the foundation for responsive and
reliable UAVs systems capable of mitigating the devastating effects of wildfires and other
natural disasters. These advancements have the potential to revolutionize emergency
response strategies, ensuring better preparedness and reduced impact from environmental
and disaster-related challenges.

6. Limitations and Future Directions

This study advances UAVs wildfire detection but acknowledges limitations in real-
world applicability. The modified Miti-DETR model, while effective under controlled
conditions, may face challenges such as variable lighting and smoke density, which can
compromise detection reliability. Additionally, the model’s dependence on high-quality,
labeled datasets restricts its generalization across varied fire scenarios. Computational
optimizations also limit UAVs operational duration and range due to significant energy
demands necessary for data processing and transmission, impacting prolonged monitoring
capabilities in extensive wildfire scenarios.

Future research should prioritize enhancing the model’s robustness against diverse
environmental conditions by incorporating a broader spectrum of training datasets, in-
cluding those with varying fire behaviors. Developing unsupervised or semi-supervised
learning algorithms could lessen the reliance on heavily labeled datasets. Optimizing
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computational efficiency through advanced compression techniques and more efficient
neural architectures will extend UAVs operational capabilities. Integrating edge computing
would allow more processing onboard the drones, conserving energy by reducing data
transmission needs. Furthermore, including multi-spectral imaging technologies could
detect heat signatures and gaseous emissions early, even before they become visible. Ex-
panding the model to monitor other environmental and disaster scenarios, such as flooding
or pollution, could also increase its utility.

By addressing these limitations and expanding research directions, we can significantly
enhance the scalability and effectiveness of UAV-based systems, pushing the boundaries of
what UAVs can accomplish in environmental and disaster management. This could lead to
substantial societal benefits, not only in wildfire detection but across a range of applications.

7. Conclusions

In this study, we have demonstrated the effectiveness of a modified Miti-DETR model
for UAV-based wildfire detection, significantly enhancing computational efficiency and
detection accuracy through a redesigned AlexNet backbone and novel residual depthwise
separable convolution blocks. Our introduction of a residual self-attention mechanism
has successfully addressed convergence challenges in deep transformer networks, ensur-
ing robust feature representation across complex aerial images. This design significantly
reduces computational load, making it suitable for the hardware constraints of UAVs
while maintaining high-quality feature extraction capabilities. Our findings show that
the adapted model surpasses traditional fire detection systems in accuracy and process-
ing speed, effectively handling the variability of real-world wildfire scenarios. The use
of the FLAME dataset for validation underscores our model’s versatility across diverse
environmental conditions. The practical implications of our research are significant, en-
abling UAVs equipped with our modified Miti-DETR model to perform early fire detection
and monitoring more effectively, potentially mitigating the impact of wildfires through
faster response times. The proposed model demonstrated superior performance over
traditional detection and SOTA models. The integration of a novel residual self-attention
mechanism effectively addressed convergence issues in transformer networks, resulting in
faster training and improved detection accuracy, particularly for small objects in complex
aerial imagery. Additionally, the advancements we have made contribute broadly to the
fields of machine learning and remote sensing, with potential applications extending to
environmental monitoring, disaster management, and security surveillance. The model
demonstrates superior performance compared to existing systems, particularly in small
object detection and complex scenarios, as validated by higher mAP and IoU metrics.

By overcoming hardware limitations and ensuring robust detection under variable
environmental conditions, the model is highly applicable to real-world disaster management
scenarios. Its scalability extends beyond wildfire detection to other environmental monitoring
tasks, such as flood and pollution detection, highlighting its potential for broader impact.
Future research will focus on enhancing the model’s robustness by integrating multi-spectral
imaging, optimizing energy efficiency, and exploring semi-supervised learning methods.
These advancements will ensure the model’s adaptability to diverse conditions, making it an
invaluable tool for disaster management and environmental monitoring.
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