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Highlights

What are the main findings?

e A novel hybrid neural network architecture named HybriDet is proposed, which
effectively integrates the local feature extraction capability of CNNs and the global
contextual modeling strength of Transformers. The innovative SwinBottle module and
Coordinate-Spatial (CS) dual attention mechanism significantly improve the detection
accuracy for wildfires and smoke in complex remote sensing imagery.

e A superior balance between accuracy and efficiency is achieved. The lightweight model
after structured pruning contains only 6.45 M parameters. It significantly outperforms
state-of-the-art models like YOLOVS by 6.4% in mAP50 on the FASDD-RS dataset
while maintaining real-time inference speed suitable for edge device deployment.

What are the implications of the main findings?

e  Provides an efficient and reliable fire detection solution for resource-constrained edge
computing environments (e.g., satellites, UAVs). Model compression and optimiza-
tion techniques enable the practical deployment of high-performance deep learning
models on low-power devices, directly contributing to early wildfire warning and
emergency response.

e  The proposed method demonstrates strong generalization capabilities and broad ap-
plication prospects. Its superior performance across multiple public datasets (FASDD-
UAV, FASDD-RS, VOC) indicates its effectiveness in handling highly heterogeneous
remote sensing imagery, providing crucial technical support for intelligent remote
sensing monitoring in ecological conservation and socioeconomic security.

Abstract

Early warning systems on edge devices such as satellites and unmanned aerial vehicles
(UAVs) are essential for effective forest fire prevention. Edge Intelligence (EI) enables
deploying deep learning models on edge devices; however, traditional convolutional neu-
ral networks (CNNs)/Transformer-based models struggle to balance local-global context
integration and computational efficiency in such constrained environments. To address
these challenges, this paper proposes HybriDet, a novel hybrid-architecture neural network
for wildfire detection. This architecture integrates the strengths of both CNNs and Trans-
formers to effectively capture both local and global contextual information. Furthermore,
we introduce efficient attention mechanisms—Windowed Attention and Coordinate-Spatial
(CS) Attention—to simultaneously enhance channel-wise and spatial-wise features in high-
resolution imagery, enabling long-range dependency modeling and discriminative feature
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extraction. Additionally, to optimize deployment efficiency, we also apply model prun-
ing techniques to improve generalization performance and inference speed. Extensive
experimental evaluations demonstrate that HybriDet achieves superior feature extraction
capabilities while maintaining high computational efficiency. The optimized lightweight
variant of HybriDet has a compact model size of merely 6.45 M parameters, facilitating
seamless deployment on resource-constrained edge devices. Comparative evaluations
on the FASDD-UAYV, FASDD-RS, and VOC datasets demonstrate that HybriDet achieves
superior performance over state-of-the-art models, particularly in processing highly het-
erogeneous remote sensing (RS) imagery. When benchmarked against YOLOvS, HybriDet
demonstrates a 6.4% enhancement in mAP50 on the FASDD-RS dataset while maintaining
comparable computational complexity. Meanwhile, on the VOC dataset and the FASDD-
UAV dataset, our model improved by 3.6% and 0.2%, respectively, compared to the baseline
model YOLOvVS. These advancements highlight HybriDet’s theoretical significance as a
novel hybrid EI framework for wildfire detection, with practical implications for disaster
emergency response, socioeconomic security, and ecological conservation.

Keywords: hybrid neural network; swin transformer; dual attention; remote sensing;
wildfire detection

1. Introduction

Against the backdrop of global warming, wildfires have become a grave global safety
hazard, posing significant risks to human lives, property, and ecosystems. Traditional wild-
fire detection methods, such as manual observation and smoke-sensor-based technologies,
are often limited by inefficiency, restricted coverage, and high false-alarm rates in complex
environments [1,2]. Driven by advances in remote sensing, deep learning, and the public
availability of large-scale fire datasets, vision-based fire detection has emerged as a solution
capable of non-contact, large-scale, and real-time monitoring [3,4].

In recent years, deep learning-based object detection algorithms have been extensively
applied to wildfire detection. These methods can be categorized into convolutional neural
network (CNN)-based and transformer-based approaches. Owing to the superior capacity
for visual feature extraction, CNN-based models (e.g., Fast-RCNN [5], YOLO [6], and
Faster-RCNN [7]) have been widely adopted in wildfire detection tasks [8,9]. For instance,
Zhu et al. [10] improved YOLOVS by integrating partial convolution and an AgentAtten-
tion module, enhancing multi-angle flame detection in forest environments. Similarly,
a recent YOLOv11_MDS model incorporated Multi-Scale Convolutional Attention and
Distribution-Shifted Convolution to improve small-target wildfire detection in transmission
line corridors, achieving a mAP50 of 88.21% [11]. Benefiting from their localized receptive
fields and parallelizable computation, CNN-based models demonstrate notable real-time
performance in wildfire detection, as evidenced by architectures like FireNet-CNN [12] for
explainable high-speed inference, lightweight CNNs via multi-task distillation for edge
deployment [13], and CNN-BiLSTM [14] for near-real-time spread prediction. However,
their inherent reliance on local features limits global contextual modeling, hindering perfor-
mance in large-area smoke dispersion and distributed fire scenarios, while also increasing
susceptibility to false alarms under complex environmental conditions like variable illumi-
nation and occlusion. In contrast, transformer-based architectures leverage self-attention
mechanisms to capture global dependencies [15]. Representative models such as Vision
Transformer (ViT) [16,17] and Detection Transformer (DETR) [18] have proven particularly
effective for wildfire-related applications, including fire identification in satellite imagery,
monitoring along power transmission corridors, and multi-day fire spread forecasting.
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Nevertheless, the practical deployment of such transformer-based models in real-time wild-
fire detection systems remains constrained by their high computational demands, limited
local feature modeling capability, and slower training and inference speeds compared to
convolutional networks.

To leverage the advantages of both architectures, researchers have developed hy-
brid CNN-transformer models [19]. CoAtNet [20] integrates convolutional inductive bias
with self-attention, while RT-DETR [21] designs an efficient hybrid encoder for real-time
end-to-end detection. In particular, several recent studies have further optimized such
hybrid designs for fire detection: SAPNet [22] introduced a spatial attention pyramid to
improve multi-scale smoke recognition; GPINet [23] integrated Gaussian-process-inspired
modules for better uncertainty modeling in wildfire prediction; FDNet [24] employed
frequency-domain decomposition to enhance detection under low-visibility conditions;
and DDFNet [25] (Information Fusion) proposed a deformable feature fusion mecha-
nism for complex topographic fire monitoring. Despite these advances, deploying deep
learning-based fire detection models on edge devices remains challenging due to limited
computational resources, storage, and power. To address these issues, researchers have
adopted model compression and acceleration techniques such as pruning, quantization,
and knowledge distillation. For instance, Mukherjee et al. [26] deployed a quantized fire
detection model on an embedded system, while Xie et al. [27] and S. Wang et al. [28] devel-
oped novel knowledge distillation methods that significantly improved model accuracy
and reduced inference time.

Nevertheless, several critical challenges in wildfire detection remain unresolved, in-
cluding the absence of an architecture that effectively integrates local feature extraction
with global contextual modeling, limited discriminative capability for irregular flame and
smoke objects under complex conditions, and high computational complexity hindering
edge deployment. To address these issues, we propose HybriDet, a novel lightweight
model that fuses multiple attention mechanisms and structured pruning. This design
enables accurate wildfire identification and real-time performance on resource-constrained
edge devices, achieving an optimal balance of accuracy, generalization, and efficiency. The
main contributions of our study are as follows:

e  We combined CNN and transformer to design a new wildfire detection model, utiliz-
ing the windowed attention of Swin Transformer to facilitate information exchange
between image contexts. Simultaneously, incorporating bottleneck residual convolu-
tion helps address the deficiency in global perception with lower model parameter
costs, effectively enhancing fire detection accuracy.

e  We designed a dual attention called Coordinate-Spatial (CS) attention mechanism,
which integrates Coordinate and Spatial Attention to enhance feature discrimination. It
captures long-range channel dependencies through directional-aware modeling while
emphasizing salient spatial regions, enabling comprehensive feature understanding
for irregular flame and smoke objects.

e  Our comprehensive experiments on the FASDD-UAV, FASDD-RS and Pascal Visual
Object Classes (VOC) datasets demonstrate that the HybriDet achieves superior detec-
tion performance compared to advanced models, while maintaining a similar level
of model complexity. Additionally, ablation studies confirm the effectiveness of each
proposed module, and edge deployment experiments validate the model’s real-time
inference capability on embedded devices.



Remote Sens. 2025, 17, 3497

40f23

2. Related Works
2.1. Fire Detection Methods Based on Deep Learning

CNN and transformer models have found wide applications in wildfire detection
tasks. This section introduces detection algorithms based on CNN and transformer architec-
tures and their applications in wildfire detection. Convolutional Neural Networks (CNN)
are extensively used for feature extraction in computer vision and are widely applied
in object detection. Single-stage object detection models include YOLO series, SSD [29],
RetinaNet [30], which directly predict class probabilities and coordinates, offering fast
speed but sacrificing some accuracy. On the other hand, two-stage object detection mod-
els like RCNN [31], SPPNet [32], Faster RCNN [7] locate targets first, ensuring higher
accuracy and recall before classification, but at a slightly slower speed compared to single-
stage models. Both types of CNN models have been widely applied in wildfire detection.
Researchers like Zhang have proposed RCNN models for small object detection in fire de-
tection scenarios [33], capturing multi-scale image features and extracting deep and shallow
details. Additionally, pyramid attention-based early forest fire detection models [34] and
lightweight forest fire and smoke detection models based on YOLOvV7 for unmanned aerial
vehicle images [35] have been introduced. Jonnalagadda et al. proposed SegNet [36], which
addresses the improvement of UAV image processing speed and detection capability in the
context of limited datasets. While these models have made significant progress in real-time
detection, they have yet to integrate high-precision functionalities into wildfire detection.

Since the application of transformers in computer vision, a large number of object de-
tection networks based on transformers have emerged. Neural networks such as VIT(Vision
Transformer) [16], Swin Transformer [37], and DETR(Detection TRansformer) [18] have
greatly improved the ability of networks to process contextual information. The com-
bination of convolutional neural networks and transformers is gradually becoming the
mainstream model in computer vision. Shahid et al. [38] demonstrated the feasibility of
using VIT for fire detection. Jiang et al. [39] proposed the SAN-SD model, which uses
traditional attention mechanisms combined with K-means clustering algorithms for flame
aberration detection, enabling rapid convergence of the network and improving flame
detection accuracy. Li et al. [40] proposed an algorithm combining Swin transformer with
Bifpn, which can capture fine-grained features at different scales and facilitate recognition
of small smoke particles. Liu et al. [41] proposed TFNet, a Transformer-based multi-scale
fusion fire detection network. These types of networks have high accuracy but their param-
eter size and computational requirements are extremely high for edge devices in terms of
storage space and computing resources, making it difficult to generalize such algorithms
based on existing edge devices. Therefore, based on existing methods, we propose a
wildfire detection model called HybriDet that utilizes a CNN+transformer design for a
multi-attention-based wildfire recognition algorithm.

2.2. Model Pruning

Model compression is a crucial technique for improving model efficiency in resource-
constrained environments, and model pruning is a key technique within this domain.
Pruning can be categorized as structured pruning and unstructured pruning. Structured
pruning involves removing entire structured patterns, such as convolutional kernels, filter
groups, or neuron layers, to reduce redundant structures and, consequently, decrease the
model size. Unstructured pruning directly removes individual parameters from the model,
usually based on threshold selection, simplifying the model structure. While unstructured
pruning is simpler to implement, it may lead to irregular model structures.

Due to limitations in storage and computational resources on edge devices for wildfire
detection, model pruning becomes imperative. Previous works, such as Fourier analysis-
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based pruning of deep convolutional networks [42], have been proposed for fire detection,
saving substantial storage space. Additionally, researchers have introduced flame detection
algorithms based on CNN models [43], comparing the impact of different pruning methods
on the algorithm and effectively reducing the number of parameters. Therefore, to optimize
model performance within the capacity constraints of edge networks and maintain accuracy,
minimizing memory and computational resource usage is crucial. In our approach, we
perform structured pruning on our model to reduce redundant structures, alleviate edge-
side burdens, and achieve efficient deployment.

3. Methodology
3.1. Overall Architecture

We propose a neural network named HybriDet, which adopts a hierarchical design
approach and incorporates various attention mechanisms. The architecture of HybriDet
consists of three main components: the backbone, neck, and detection head (Figure 1).
In the backbone component, we utilize the SliceSamp [44] module for neural network
upsampling and downsampling operations. The SwinBottle module is employed for fea-
ture extraction by combining Swin Transformer with bottleneck residual convolution to
enhance global perception while keeping model parameter cost low. To quantitatively
demonstrate the efficiency of our proposed modules, we compare the parameter counts of
the SliceSamp and SwinBottle modules against their traditional counterparts—the strided
convolution (Conv) and C2f module—across different network layers, as detailed in Table 1.
Our design philosophy follows the principle of “using the right resource for the right task”:
we intentionally reduce the parameter cost in functional modules such as downsampling
(SliceSamp), while allocating more parameters to performance-critical feature extraction
modules (SwinBottle). As shown in Table 1, the SlicesSamp module significantly reduces pa-
rameters compared to the standard convolution in downsampling—by approximately 50%
across multiple layers—with minimal impact on performance. Conversely, the SwinBottle
module, despite its higher parameter count than C2f, substantially enhances global feature
modeling capability, leading to improved detection accuracy. This strategic parameter re-
distribution ensures that the model remains lightweight yet powerful, effectively balancing
efficiency and performance.

Additionally, we incorporate the SPPF module to efficiently process images of dif-
ferent sizes accurately. The neck component utilizes YOLOv8’s C2f module for feature
extraction [45]. We design the CS Attention mechanism to extract both spatial and channel
attention, thereby improving the generalization performance of the network. Moreover, we
employ the ConcatBifpn module that combines Concatenation with Bifpn [46] to effectively
improve mean average precision (mAP) value. Finally, in our detection head component,
we adopt YOLOVS8’s decoupled head structure for Anchor-Free detection. This choice
allows us to achieve accurate object localization without relying on predefined anchor
boxes commonly used in traditional methods. By incorporating these components together
into HybriDet, we aim to create an advanced neural network architecture that can achieve
robust object detection performance across various datasets and scenarios.
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Figure 1. HybriDet Network Structure Model Diagram.
Table 1. Parameter comparison of key modules across different layers in HybriDet.
Conv Module Slicesamp Module C2f Module SwinBottle Module
Layer Number of Params Number of Params Number of Params Number of Params
Module Module Module Module
1 1 464 1 356 1 7360 1 19,426
2 1 4672 1 2816 2 49,664 2 147,208
3 1 18,560 1 9728 2 197,632 2 581,136
4 1 73,984 1 35,840 1 460,288 1 1,187,600
5 1 295,424 1 137,216 - - - -

Specially, in the backbone component, we replace traditional stride convolution with
SliceSamp for downsampling operations, which improves computational efficiency while
maintaining model accuracy and reducing parameter count. The SwinBottle module
is designed to perform feature extraction by integrating the Swin Transformer and C2f
modules. It incorporates a bottleneck funnel structure after convolution to downsize
features and introduces residual connections in the bottleneck section of the module.
Additionally, we integrate SPPF to handle inputs of different sizes and generate fixed-
dimensional outputs [47], enhancing flexibility in processing wildfire images. This part
allows the neural network to process wildfire images of various sizes, enhancing model
flexibility. In the neck component, we employ the C2f module for feature extraction,
taking into account computational considerations. We introduce CS Attention based on
Coordinate Attention [48] and Global Attention Mechanism (GAM) [49] to enhance the
model’s generalization performance. Additionally, in this section, we apply the ConcatBifpn
module, combining Concat and Bifpn, to learn proper weights for feature fusion and capture
essential information during the fusion process. This weight adjustment can adaptively
occur based on the characteristics of the training data, enabling the network to better
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perform feature fusion. In the head part, we adopt YOLOvV8'’s decoupled detection head,
utilizing distribution focal loss to predict targets’ coordinates as distributions.

The proposed HybriDet, similar to YOLOvVS, adopts a collaborative “divide-and-
conquer-aggregate” decision-making mechanism. Its Backbone and Neck components
output three parallel feature maps of different scales into the Detect module, which progres-
sively focus on detecting small, medium, and large wildfire and smoke targets, respectively.
Each scale’s feature map first enters an independent decoupled detection head to gener-
ate its own bounding box predictions, classification outputs, and objectness confidence
scores. Subsequently, all multi-scale predictions are gathered into a unified proposal set
for preliminary screening based on confidence scores. During this process, leveraging its
trained discriminative capability, the model naturally assigns higher confidence to genuine
targets at their respective optimal detection scales. Finally, all these multi-scale predictions
undergo Non-Maximum Suppression (NMS) on a unified competitive platform, effectively
integrating multi-scale perceptual advantages to produce a consolidated set of detection
results capable of accurately identifying targets across varying sizes.

Overall, these design choices aim at improving both efficiency and effectiveness of
wildfire detection by optimizing network architecture components such as downsampling
operations, feature extraction modules, attention mechanisms, fusion processes, and target
coordinate prediction strategies within HybriDet framework.

The loss function of the network consists of two components: classification loss and
object recognition loss. The classification loss is computed using cross-entropy, which
measures the discrepancy between the predicted probability distribution and the actual
labels to evaluate the accuracy of model predictions. The bounding box loss is a combination
of Lprr (Distance-IoU Loss) [50] and L¢j,; (Complete Intersection over Union Loss) [51].
The detailed formulas are presented below.

Lorr = —=((yi+1 — y)log (Si) + (v — yi)log(Si+1)) 1)
p2 (bpre’ bgt)
LCIOU: 1-— IOU—FT + av (2)
prre O pst
4 wgt whre
v = ?[arctan(ﬁ) - arctan(W)]2 (4)

Lpry is based on distance metric and IoU (Intersection over Union), simultaneously
considering the differences in position and shape of bounding boxes. It introduces a
smoothing parameter to mitigate discontinuity issues during IoU calculation. The core
concept of its calculation formula lies in modeling continuous bounding box coordinates
as a discrete probability distribution. Here, y represents the target coordinate value, y;
and y;;1 denote the two adjacent discretized coordinate bins where the value y falls, and
S;and S;;1 are the model’s predicted probabilities corresponding to these two bins. This
loss optimizes coordinate prediction by maximizing the probabilities of the two nearest
neighbor bins associated with the target coordinate value y. Essentially, it minimizes the
discrepancy between the predicted coordinate distribution and the true coordinate. On
the other hand, L¢jo; further improves upon IoU by incorporating factors such as aspect
ratio and area when calculating overlap between two bounding boxes. In this formula,
IoU represents Intersection over Union, b?™ and b8' represent the predicted box and the
real box, respectively, p denotes the Euclidean distance between the two bounding boxes, ¢
represents the diagonal distance of the closed region of the two bounding boxes, v is used
to measure the consistency of relative proportions between the two bounding boxes, and
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« is the weight coefficient. The specific calculation method is shown in the formula below.
This allows for more accurate assessment of overlap between predicted and ground truth
bounding boxes, enhancing the accuracy of object detection tasks. These losses provide
robustness in handling scenarios with small objects or high-density scenes where target
overlap occurs frequently. By combining these losses with weighted averages along with
classification loss, it guides network training to optimize both class prediction accuracy and
precise localization of objects. Through integrating classification loss with object recognition
losses like Lprp and Lcj,y, the overall loss function enhances model performance in
object detection tasks by accurately capturing both class information and fine-grained
localization details.

Wildfires and smoke are typical detection targets characterized by their irregular
shapes, blurry contours, and multi-scale variations. Their edges are often gradual and
indistinct, and their morphology is far from a standard rectangle, with extreme aspect ratio
variations, posing significant challenges for precise localization. In such tasks, the Lpry.
loss, based on a Distribution Focal Loss mechanism, enables the model to learn a discrete
probability distribution over boundary locations instead of forcibly regressing an absolute
coordinate. This approach is particularly effective in handling the ambiguous boundaries
of smoke and enables sub-pixel-level precise localization of early-stage, subtle flames or
thin smoke traces.

Simultaneously, the L¢,ir loss operates from a geometric global perspective. Beyond
considering the overlapping area, it introduces additional penalty terms for central point
distance and aspect ratio differences, effectively guiding the predicted bounding box to con-
form to the irregular shapes of smoke plumes. The two components work synergistically:
Lprr ensures precision in coordinate prediction at a micro level, while Lcj,; optimizes the
overall alignment of the bounding box at a macro level. Together, they significantly enhance
the model’s detection robustness and localization accuracy in complex wildland scenarios.

In summary, this design brings various advantages, including reduced computational
complexity, improved model flexibility, enhanced generalization performance, and effective
feature fusion. The hierarchical design and integration of multiple attention mechanisms in
the entire network structure enable it to better adapt to inputs of different sizes, improving
the model’s performance in wildfire detection tasks.

3.2. SwinBottle Component

Swin Transformer introduces a windowed attention mechanism that confines com-
putation within local windows while incorporating relative positional encoding. This
attention mechanism not only effectively reduces computational complexity but also excels
at capturing positional information. This proves particularly crucial when processing large-
scale image data, as it enables the model to acquire global information while maintaining
precise focus on local details. Through this approach, Swin Transformer achieves a better
balance between global and local information acquisition in visual tasks, thereby enhancing
model performance.

As shown in Figure 2, the SwinBottle module designed in this paper integrates Swin
Transformer with a bottleneck structure, fully leveraging the advantages of both. Specifi-
cally, the bottleneck structure—a classic deep neural network architecture—compresses
feature dimensions to reduce computational load while preserving information representa-
tion capability. The bottleneck structure and Swin Transformer’s multi-head self-attention
are interconnected through split operations, enabling the module to efficiently transmit
and integrate information during feature extraction. This design allows the SwinBottle
module to retain critical information while alleviating computational burden and improv-
ing overall model performance. This integration also endows the SwinBottle module with
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enhanced flexibility, enabling adaptation to features of different scales and receptive fields.
Such adaptability makes it better suited for varying image sizes, providing strong transfer
capability for future wildfire detection on different edge devices. The feature map is pro-
cessed through an initial Transformer and then split into three feature tensors of identical
dimensions via a channel splitting operation, each directed to three paths with special-
ized functions. The first path serves as the main feature extraction stream, feeding into a
Bottleneck module. It utilizes cross-layer connections and nonlinear activation functions
to perform deep feature transformations, forming the core computational graph of the
module. The second path establishes an identity mapping shortcut, directly passing the
originally split features to the final concatenation layer. This approach preserves spatial
structural information while creating a short path for gradient backpropagation, effectively
alleviating the gradient vanishing problem caused by increasing network depth. The third
path acts as a feature enhancement stream, allowing the untransformed initial features to
participate directly in the final fusion. Through concatenation with the output features from
the main path and the shortcut features along the channel dimension, it achieves multi-scale
feature recalibration and enhances gradient flow diversity. This mechanism significantly
improves the model’s feature representation capability while maintaining computational
efficiency, providing an optimal balance between accuracy and speed for real-time object
detection tasks. The bottleneck structure employs multiple convolutional operations to
further compensate for the Transformer’s limitations in local feature extraction, allowing
the model to learn more effective representations during training and enhancing its ability
to learn multi-scale and hierarchical features.

Output | Input Output
t /\
Inl;m Slflu i Avgpool_h Avgpool w :
LayerNorm Batcthorm i Sigmoid
| t
Multi-head Conv . Conv BatchNorm
Self Attention | \ t
l i BatchNorm Conv
LayerNorm Silu ' . i
! 4 H_swish ReLU
: + t .
MLP BatchNorm : Split BatchNorm i
t ' P 4
i —
Cofnv Conv_h Conv_w Conv
plit 4 : Sigmoid Sigmoid i
BatchNorm
Y »  BatchNorm
Conv
4 Coordinate Attention ). Spatial Attention
SwinBottle ; i @ Concatenate @ Matrix Multiplication ,

Figure 2. Structure of SwinBottle and CSAttention.

Overall, compared to traditional Transformers that lack sufficient detail extraction ca-
pability, the SwinBottle attention module simultaneously addresses global and local feature
extraction while improving accuracy through increased attention depth. The design of the
SwinBottle module enables Swin Transformer to demonstrate outstanding performance
in flame recognition tasks, representing a significant technological innovation. The only
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drawback lies in the exponentially increased model complexity due to the Transformer
architecture and deepened network structure. To address this high complexity, we con-
ducted experiments on structural pruning and model quantization deployment, effectively
reducing model complexity and improving inference speed. These improvements will be
detailed in Section 4.5.

3.3. Coordinate-Spatial (CS) Attention Mechanism

CS Attention combines Coordinate Attention and Spatial Attention, significantly im-
proving the performance of networks in flame detection tasks (Figure 2). The input feature
map is fed into the CS Attention module, where it first undergoes Coordinate Attention en-
coding, followed by Spatial Attention weighting. Coordinate Attention captures long-range
dependencies of input feature maps in both horizontal and vertical directions through
direction-aware feature maps, which aids in modeling inter-channel relationships and
incorporates directional and position-sensitive information. On the other hand, Spatial
Attention computes attention in the spatial dimension, emphasizing important spatial re-
gions within the feature map, further enhancing the representation capability of positional
information. By integrating these two attention mechanisms, CS Attention is capable of cap-
turing rich information across different dimensions, taking into account both inter-channel
relationships and the significance of specific spatial regions.

Coordinate Attention enhances the network’s feature representation capability. It can
take any intermediate feature tensor as input and produce an output with the same size
as the tensor. It not only captures inter-channel relationships but also direction-aware
and position-sensitive information, assisting the model in more accurately localizing and
identifying objects. Furthermore, its simple and lightweight design makes it suitable for
real-time detection tasks. Our proposed CS Attention mechanism extends Coordinate
Attention through the integration of a dedicated Spatial Attention submodule, enhancing
positional encoding capabilities. Within this architecture, the Spatial Attention submodule
first processes the fused coordinate embeddings via convolutional feature transformation,
thereby enriching representational capacity. Specifically, it operates directly on the spatial
dimensions of the feature map, leveraging two convolutional layers to compute spatial
attention weights. Unlike other methods, Spatial Attention does not rearrange channels
but directly computes attention in the spatial dimension of the feature map. Additionally,
the Spatial Attention submodule removes pooling layers to retain more feature map infor-
mation. In essence, the Spatial Attention mechanism focuses on attention computation in
the spatial dimension of the feature map, aiming to highlight certain spatial regions while
ignoring less important ones, thereby improving model performance.

Finally, we leverage the advantages of residual networks, using distant residual
connections to prevent overfitting. This not only increases the model’s representation ability
but also enhances its generalization performance. This integrated attention mechanism
allows the network to more accurately localize and identify objects while maintaining
low model complexity, making it suitable for real-time flame detection tasks. The design
of CS Attention not only considers the directional and positional information within
the feature map but also fully utilizes spatial relationships, providing the model with
more comprehensive perceptual abilities, thus performing exceptionally well in complex
scenarios. This combined attention mechanism offers an effective and lightweight solution
for object localization and recognition in computer vision tasks.

4. Experiment

We conducted extensive experiments on various deep learning models using two datasets,
namely FASDD-UAV and FASDD-RS fire detection datasets (Figures 3 and 4) [41]. In this
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section, we compare our network architecture with the YOLOv8 model. Additionally, we
compare the algorithm complexity of these methods, using model size as a measure of

spatial complexity (i.e., memory) and detection speed per image as a measure of time
complexity (i.e., computational latency). We also performed ablation experiments and
comparison experiments before and after pruning to demonstrate the effectiveness of
the model.

Figure 4. Example images of FASDD-UAYV Dataset: (a) Both fire and smoke; (b) Fire; (c) Smoke;
(d) Neither fire nor smoke.
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4.1. Dataset

The FASDD (Flame and Smoke Detection Dataset) is a benchmark dataset designed
for fire detection tasks. It comprises a diverse collection of images that depict intricate fire
and smoke scenarios, filling the gap in the availability of large-scale benchmark datasets
for this specific visual task. With over 120,000 images, the FASDD offers valuable resources
for training and validating wildfire detection models. Among them, the FASDD-UAV
subset encompasses high-resolution images captured from unmanned aerial vehicles,
while the FASDD-RS subset includes imagery with 10 m resolution acquired through
multispectral remote sensing satellites. Both subsets play a crucial role in enabling deep
learning algorithms to be deployed effectively on both airborne and spaceborne sensors for
wildfire detection purposes. Table 2 presents detailed information about this dataset. Since
FASDD-RS is primarily designed to detect smoke, there are no flame pictures.

Table 2. FASDD is used in wildfire detection.

Dataset Images Train Val Test Fire Smoke Both Neither
FASDD-UAV 25,097 12,551 8365 4181 210 5080 7821 11,986
FASDD-RS 2223 1112 741 370 - 1335 - 888

4.2. Experimental Settings

We chose the CentOS operating system as the experimental environment, with an
NVIDIA GeForce RTX 3090 GPU. Model training was performed using dual RTX 3090 GPUs,
while validation and finetuning after pruning were conducted with a single GPU config-
uration. Leveraging high-performance computing devices for training and validation
accelerates the experimental process and improves model effectiveness. The number of
training epochs for all experiments was set to 1000, with an initial training batch size of
64 and a fine-tuning batch size of 32. The AdamW optimizer was used, with the learning
rate set to 0.01, while other configurations were kept consistent with YOLOv8n’s default
settings. None of the experiments utilized any pre-trained models. To evaluate our trained
model’s performance in wildfire detection, we employed Precision, Recall, and mean
average precision (mAP) as evaluation metrics. These metrics provide a reasonable and
scientifically sound assessment of how well our model performs in detecting wildfires.

Regarding the pruning implementation, we adopted a global, filter-level pruning
approach targeting the convolutional layers within the backbone and neck networks. The
pruning criterion was based on the L1-norm of the filters, operating on the principle that
filters with smaller norms contribute less to the final output. A pre-defined, global spar-
sity ratio of 20% was applied, meaning that 20% of the least important filters across the
designated layers were identified and permanently removed. This directly reduced the
number of parameters and the computational complexity (FLOPs) of the model. Following
the pruning operation, the model underwent a fine-tuning phase using the original training
dataset. This critical recovery stage allowed the remaining weights to adapt and compen-
sate for the capacity loss induced by pruning. To further validate the wildfire detection
performance of the proposed models on low-computing-power edge devices, we conducted
a comparative evaluation on a Raspberry Pi 4B, a platform commonly used in satellite or
UAV equipment [52-54]. Specifically, we performed 16-bit quantization and converted
all models—including the baseline, our original model, and the pruned-and-fine-tuned
model—into TensorRT format to enable efficient inference on the Raspberry Pi 4B.
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4.3. Comparative Experiment

As shown in Table 3, we have conducted comparative experiments on the FASDD-RS
dataset using today’s mainstream object detection models, including YOLOv7, YOLOVS,
YOLOV12, Swin Transformer, RT-DETR, and our proposed model, HybriDet. The results
demonstrate that the HybriDet model has achieved exceptional accuracy scores, indicating
its strong recognition ability in detecting true positive wildfire targets. On the FASDD-
RS validation set, our HybriDet improved precision by 5.8 compared to the YOLOv7
model, while recall remained almost the same. In terms of mAP50, our HybriDet out-
performed YOLOV7 by 2.6 points. On the FASDD-RS test set, compared to YOLOv?7, our
model achieved a 12-point higher precision and a 1.4-point higher mAP50, maintaining a
significant lead.

Table 3. Comparison Experiment on FASDD-RS.

Model Dataset Val Test
Precision Recall mAP50 Precision Recall mAP50
YOLOv7 FASDD-RS 66.5 63.8 66.6 60.2 68.7 65.2
YOLOvS8 FASDD-RS 65.7 60.1 65.0 64.4 60.7 61.7
YOLOv12 FASDD-RS 72.6 62.8 68.1 71.2 63.9 65.6
Swin Transformer FASDD-RS 26.3 87.2 68.6 294 87.5 69.9
RT-DETR FASDD-RS 69.4 61.1 60.8 68.3 60.2 60.3
HybriDet FASDD-RS 72.3 63.7 69.2 72.2 62.6 66.6
YOLOv8 vVOC 77.1 68.1 75.5 - - -
HybriDet VOC 79.7 71.6 79.1 - - -

Compared to YOLOVS, on the FASDD-RS validation set, our model achieved 6.6 points
higher precision, 3.6 points higher recall, and 4.2 points higher mAP50. On the test set,
precision was higher by 7.8 points, recall by 1.9 points, and mAP50 by 4.9 points. This
suggests that by introducing a dual attention mechanism, our model achieves multiple
extraction of detailed and global features, effectively improving the mAP50 compared to
the YOLO series. Although Swin Transformer achieved a higher mAP50 on the FASDD-RS
dataset, its precision is relatively low, mainly due to the significant impact of a higher recall
rate on mAP50. This may be due to the model’s difficulty in distinguishing between positive
and negative samples, leading to a higher false positive rate, which is typically caused by
the Transformer architecture’s excessive focus on high-confidence features as well as its
insufficient sensitivity to small or blurry smoke in the dataset. Additionally, the detection
speed of the Swin Transformer architecture is significantly slower than our HybriDet,
making it difficult to achieve real-time detection tasks. On the test set, our model also
demonstrates a notable performance advantage compared to the latest YOLOv12 [55] and
RT-DETR. Specifically, our model achieves 1.0-point and 6.3-point improvements in mAP50
over YOLOvV12 and RT-DETR, respectively. To ensure the reliability of our performance
comparison, we conducted five independent experimental runs. In all five experimental
runs, we observed perfectly consistent results: YOLOv12 consistently achieved an mAP50
of 65.6, while our HybriDet model consistently reached 66.6, yielding a stable performance
improvement of +1.0 mAP50 points across all trials. Given the zero variance observed
across all five trials, conventional parametric tests such as the t-test are not applicable.
Nevertheless, the complete consistency of the results across independent experiments
provides strong empirical evidence for the robustness of the observed improvement. Under
the null hypothesis that no true performance difference exists, the probability of obtaining
five consecutive positive outcomes purely by chance is 0.5° = 0.03125, which is below the
conventional significance threshold of p < 0.05. This consistent pattern across all runs
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substantiates that the performance advantage of the proposed method is genuine and
highly reproducible, rather than a result of random variation, thereby reinforcing the
effectiveness and reliability of our approach.

Overall, our proposed HybriDet performed best on the FASDD-RS dataset, especially
in terms of precision and mAP50. This suggests that HybriDet may be more suitable
for handling object detection tasks in wildfire detection datasets. To further validate the
scalability of our model, we also conducted cross-dataset comparative experiments on the
Pascal VOC dataset, a benchmark dataset for object detection. The results show that our
model achieved 2.6 points higher precision, 3.5 points higher recall, and 3.6 points higher
mAP50, demonstrating its comprehensive advantages over the baseline model, YOLOvS.

4.4. Performance Evaluation

This study compared HybriDet’s parameter count before and after pruning and its
performance on the validation and test sets.

The pruning process begins by loading a pretrained model and collecting weight pa-
rameters from all BatchNorm layers, sorted by magnitude. Channels are then filtered based
on the importance of BatchNorm y parameters using an adaptive threshold that ensures at
least 8 channels are retained per layer, while simultaneously adjusting the channel dimen-
sions of the current convolutional layer and subsequent connected layers. This pruning
operation is then applied hierarchically throughout the network. Finally, parameter gradi-
ents are enabled to prepare for fine-tuning. Throughout this process, the network structure
remains intact while reducing channel counts. After pruning, our model’s parameter count
increased by only 0.47 M. In the validation set, compared to YOLOVS, our model showed a
1.4% increase in mAP50. On the test set, the pruned model demonstrated a 1.5% increase in
mAPS50 compared to before pruning, and a 6.4% increase compared to the original YOLOvS8
model. This indicates that our model maintains a relatively small parameter count while
effectively training feature maps, achieving good generalization performance, making it
suitable for deployment in resource-constrained edge computing environments. As shown
in Figure 5, Figure 5a demonstrates that our model surpasses YOLOVS in confidence,
Figure 5b indicates our model’s more comprehensive performance in smoke detection, and
Figure 5¢,d reveal YOLOVS8's tendency for multiple detections. These results suggest that,
thanks to various attention mechanisms in HybriDet, the model can extract image features
more accurately, making HybriDet an excellent wildfire detection model.

To further validate the generalization effect of our pruned model, we conducted cross-
dataset validation on the FASDD-UAYV dataset, and the results are shown in Table 4. The
results indicate that both YOLOv8 and our model have an mAP50 exceeding 90%, and the
model has reached a performance bottleneck. After pruning, the model size was reduced
by 24.7%, while the mAP50 of our model was improved by 0.2% compared to the baseline
model, still maintaining a slight increase in accuracy. Moreover, our model has a higher
confidence level than YOLOvVS, which means better generalization performance. From the
prediction effect diagram in Figure 6, it can be seen that YOLOvS8 has false detections and
missed detections, while our model does not have such issues, and our model’s confidence
level is higher both before and after pruning. Figure 7 shows the confusion matrix for all
pruning comparison experiments. The vertical axis of the confusion matrix is the real label,
and the horizontal axis is the predicted label. It can be calculated from the confusion matrix
that on the FASDD-RS dataset, the false positive rate of YOLOVS is 48.6%, while the false
positive rate of our model before pruning is 47.9%, and the false positive rate after pruning
is 46.8%. It is 1.8% lower than YOLOvVS. On the FASDD-UAV dataset, the false positive
rate of YOLOVS is 20.8%, while the false positive rate of our model is 19.6% before pruning
and 19.0% after pruning. The false positive rate is 1.8% lower than that of YOLOVS. In
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summary, compared to YOLOVS, our model is better suited for wildfire detection tasks;
compared to the original model, the pruned model reduces its size while maintaining an
improved performance.

smﬁke 0.54
..Jwb'- .

smoke 0.25

Image Label YOLOVS HybriDet HybriDet-pruned

Figure 5. Model Wildfire Prediction Effect Diagram on FASDD-RS: (a) High confidence rate; (b) Com-
prehensive detection; (c,d) Absence of multiple detection tendencies.

Table 4. Pruning Comparison Experiment on FASDD-UAV and FASDD-RS.

FASDD Val FASDD Test
Dataset Model Size
Precision Recall mAP50 Precision Recall mAP50
YOLOv8 5.98 M 65.7 60.1 65.0 64.4 60.7 61.7
HybriDet
FASDD-RS (original) 821 M 72.3 63.7 69.2 (+4.2) 72.2 62.6 66.6 (+4.9)
HybriDet /o0 1 66.1 65.1 66.4 (+1.4) 72.1 59.4 68.1 (+6.4)
(pruned)
YOLOvS8 5.9 M 88.8 87.9 92.2 89.4 87.4 92.3
HybriDet
FASDD-UAV  (original) 831 M 90.3 88.3 92.6 (+0.4) 89.8 879 92.3
HybriDet ¢\ 90.4 88.0 92.4 (+0.2) 90.3 88.0 92.5 (+0.2)

(pruned)
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Figure 6. Cross-dataset Validation Experiment on FASDD-UAV: (a) No missed detections; (b) High
confidence rate; (c,d) No multiple target detection anchor frames.
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Figure 7. Confusion Matrix of Pruning Comparison Experiment: (a) FASDD-RS; (b) FASDD-UAV.

Figure 8 presents a comparative analysis of fire smoke detection results, validating
the superiority of our attention mechanism in multi-scenario detection. (a) demonstrates
robust identification capabilities for both large-scale smoke diffusion and small-target
smoke plumes. It is noteworthy that precise detection is maintained in the third sample
despite partial occlusion in the aerial imagery. (b) highlights the model’s dual advantages
in fire detection: high sensitivity to small-scale flame features coupled with the ability to
identify accompanying smoke. Given the strong link between fire and smoke in actual
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disaster events, this comprehensive detection capability significantly enhances the reliability

of early warning systems in practical monitoring scenarios.

Figure 8. Comparison of Smoke and Fire Results: (a) Smoke; (b) Fire.

4.5. Edge Deployment Optimization

Table 5 systematically compares the deployment performance of the baseline YOLOv8
model, the proposed HybridDet model, and its pruned version on the FASDD-RS dataset
across both RGB and Short-Wave Infrared (SWIR) modalities. All models were optimized
using 16-bit quantization and evaluated in terms of parameter size, detection accuracy
(mAP50), inference latency, and power consumption on two hardware platforms: an
NVIDIA GeForce RTX 3090 and a Raspberry Pi 4B.

Table 5. Deployment Optimization Experiment on FASDD-RS.

Models YOLOvVS HybriDet (Original) HybriDet (Pruned)
Devi datasets FASDD-RS FASDD-RS FASDD-RS FASDD-RS FASDD-RS  FASDD-RS
cvices (RGB) (SWIR)_ (RGB) (SWIR) (RGB) (SWIR)
Patameters (MB) 3.07 3.09 4.14 417 3.23 3.24
mAP50 (%) 61.6 63.8 66.5 68.3 68.0 69.7
ngIDIA Latency (ms) 21 24 3.4 3.6 3.2 3.4
erorce
Power
RTX 3090 consumption (W) 320-350 320-350 320-350 320-350 320-350 320-350
mAP50 (%) 60.3 62.8 65.3 67.4 66.9 68.8
Raspberry PI 4B Latlejncy (ms) 29.8 33.6 38.9 40.7 374 39.2
ower 7-10 7-10 7-10 7-10 7-10 7-10

consumption (W)

In terms of model complexity, the pruned HybridDet achieves a compact size of
3.23 MB—only 0.16 MB larger than YOLOvVS8, while improving mAP50 by 6.4% on the
FASDD-RS RGB dataset. This minimal parameter increase, coupled with a substantial gain
in accuracy, stems from our architecture’s ability to capture both global and local contextual
information, enhanced by a dual-attention mechanism that strengthens feature discrim-
inability. These improvements allow the pruned model to significantly outperform the
baseline in accuracy, underscoring the efficacy of our structural design. In terms of detection
accuracy, the original HybridDet attains mAP50 scores of 66.5% (RGB) and 68.3% (SWIR)
on the RTX 3090, exceeding YOLOVS8 by 4.9 and 4.5 percentage points, respectively. The
pruned version further elevates performance to 68.0% (RGB) and 69.7% (SWIR), indicating
that the pruning process not only reduces model size but also slightly enhances generaliza-
tion, likely due to the elimination of redundant parameters. A similar trend is observed on
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the Raspberry Pi 4B, where both HybridDet variants consistently surpass YOLOVS, albeit
with a slight decrease in absolute mAP50 due to limited computational precision. Inference
latency was evaluated under two hardware settings: a high-performance RTX 3090 GPU
and a resource-constrained Raspberry Pi 4B. On the RTX 3090, the pruned HybridDet
shows a noticeable speed-up over the original model, with latency decreasing from 3.4 ms
to 3.2 ms on RGB and from 3.6 ms to 3.4 ms on SWIR. Although YOLOVS remains the fastest
model, the pruned HybridDet offers a favorable balance between speed and accuracy. On
the Raspberry Pi 4B, the pruned model also achieves lower latency—37.4 ms for RGB and
39.2 ms for SWIR—compared to the original HybridDet, highlighting its suitability for
resource-constrained environments. Power consumption remains consistent across models
under the same hardware configuration, with the RTX 3090 drawing 320-350 W and the
Raspberry Pi 4B operating at 7-10 W. This suggests that the use of our model on edge
computing devices for fire detection holds significant potential for reducing operational
costs and resource consumption. In summary, the pruned HybridDet model achieves an
optimal balance among model size, inference speed, and detection accuracy. It not only sur-
passes the YOLOVS baseline in accuracy—especially in SWIR-based flame detection—but
also maintains competitive speed and reduced size after pruning, demonstrating strong
potential for real-time flame detection in satellite or drone-based applications platforms.

4.6. Ablation Study

In this study, we used YOLOvS8n as the baseline model and compared the effects of
each module on the FASDD-RS dataset, as shown in Table 6. When only the SliceSamp
module was introduced, the mAP50 on the FASDD-RS validation set decreased by 1.6%,
while it increased by 3.6% on the test set. The SliceSamp module significantly improved
the mAP50 on the test set while reducing parameters and computational load, with only a
slight decrease in the validation set. CS Attention achieved channel attention and spatial
attention extraction, providing the model with more comprehensive perception capabilities.
After adding CS Attention, with other modules using only SliceSamp, the mAP50 on the
validation set increased by 0.8%. With other modules using only SliceSamp and SwinBottle,
the mAP50 on the validation set increased by 3.2%. This experiment indicates that, thanks
to CS Attention’s consideration of directional and positional information, HybriDet gains
representation capabilities in complex scenes, improving wildfire recognition.

Table 6. Ablation Experiment Results on FASDD-RS.

Model FASDD-RS Val FASDD-RS Test

SliceSamp Attgnstion SwinBottle ConcatBifpn Precision  Recall mAP50  Precision Recall mAP50

65.7 60.1 65.0 64.4 60.7 61.7
v 63.6 632 63.4 69.4 61.5 65.3
v v 65.6 61.5 64.2 66.3 59.0 64.6
Vi v 67.5 60.4 65.1 67.8 64.5 66.3
v v v 67.9 62.5 68.3 68.1 62.4 65.9
v v v v 72.3 63.7 69.2 72.2 62.6 66.6

The addition of SwinBottle better complements global features. With only SliceSamp,
the addition of SwinBottle increased mAP50 by 1.7% on the validation set; on the test set, it
increased by 1.0%. With SliceSamp and CS Attention, on the validation set, it increased
by 4.1%; on the test set, it increased by 1.3%. Since SwinBottle can efficiently transmit and
integrate information while extracting features, it allows HybriDet to learn more effective
representations during training, enhancing its ability to learn features at different scales and
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levels. Finally, after adding ConcatBifpn, mAP50 on the validation set increased by 0.9%;
on the test set, mAP50 increased by 0.7%. ConcatBifpn allows features to better capture
important information during the fusion process. Overall, our model outperforms the
original YOLOv8n model with 6.6% higher precision, 3.6% higher recall and 4.2% higher
mAP50. On the FASDD-RS test set, it achieves 7.8% higher precision, 1.9% higher recall,
4.9% higher mAP50. In summary, our designed network achieves real-time detection with
lower parameters, enhancing wildfire detection performance.

5. Discussion

The HybriDet framework proposed in this study has achieved significant break-
throughs in edge-device-oriented remote sensing wildfire detection. By integrating the
local feature extraction capability of CNNs with the global context modeling strength of
Transformers, HybriDet effectively overcomes the inherent limitations of existing models
in processing highly heterogeneous remote sensing imagery. The model demonstrates
excellent recognition performance in overhead view smoke scenarios, as shown in Figure 8a.
However, under certain extreme weather conditions, the model may still exhibit rare false
detections. For example, in Figure 9a, extensive dense fog is occasionally misidentified as
large-scale fire smoke with low confidence. Figure 9b presents another challenging scenario:
during nighttime, distant ground-based yellow lights are mistaken for flames due to the
long shooting distance of UAVs. Such images contain targets with subtle features, posing
significant challenges for both manual interpretation and automated recognition.

fire 0.49

smoke 0.49

smoke 0.29

smoke 0.46

(c)

Figure 9. Some Cases of False Detection by HybriDet: (a) Fog; (b) Lighting; (c) Rainbow; (d) Cloud.
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Furthermore, Figure 9¢c,d illustrate two additional types of false detections: rainbows
being misclassified as smoke, and non-smoke small objects being incorrectly identified as
smoke. It is important to emphasize that these false detections occur very infrequently, and
in such cases, the model typically outputs recognition confidence scores below 0.50, indi-
cating high uncertainty in its predictions. This provides a feasible pathway for subsequent
false positive elimination through confidence-based filtering.

Nevertheless, HybriDet still has room for improvement. Its performance is influenced
by the characteristics of annotated datasets such as FASDD, and its generalization capability
under low-resolution or extreme weather conditions (e.g., thick clouds, nighttime) requires
further validation. The current architecture focuses on static image detection and cannot
utilize temporal information for wildfire spread prediction. Although network pruning
enhances inference efficiency, it also leads to a slight accuracy loss.

Looking ahead, this research will expand along three interconnected directions to
enhance HybriDet’s practical deployment capability and system performance. First, we
will develop an integrated compression scheme combining knowledge distillation and
quantization-aware training, aiming to achieve a better balance between computational effi-
ciency and detection accuracy, thereby ensuring seamless operation on resource-constrained
edge devices. Second, to improve the model’s robustness and generalization, we will fo-
cus on its compatibility with multi-source remote sensing data, particularly through the
effective fusion of thermal infrared and RGB data to overcome the current model’s limita-
tions in detecting targets under extreme conditions such as nighttime and heavy smoke
occlusion. Simultaneously, the introduction of domain adaptation techniques will aim to
enhance the model’s generalization across data from different sensors and geographical
regions. Finally, moving beyond static image detection, we will develop a spatiotempo-
ral sequence-based prediction module. By leveraging continuous satellite or UAV image
sequences, combined with geographic information system data such as digital elevation
models and wind speed/direction, we will achieve dynamic fire spread trend predic-
tion and comprehensive risk assessment. This will ultimately advance HybriDet from
an efficient detector to a forward-looking intelligent early warning system for ecological
protection and disaster response.

6. Conclusions

To address the challenge of wildfire detection in edge computing environments, this
study proposes a hybrid neural network architecture named HybriDet for fire object
detection. The model integrates the strengths of both CNNs and Transformers to effectively
capture both global and local contextual information. Furthermore, several attention
mechanisms, including SwinBottle and CS Attention, are introduced to simultaneously
emphasize channel-wise and spatial features in high-resolution images, thereby enhancing
the accuracy and robustness of the network. Additionally, we have compressed HybriDet
using pruning techniques to enhance its generalization performance and speed up its
operation. Extensive experiments on the FASDD show that HybriDet has significant
advantages in accuracy compared to baseline models with similar parameter sizes. On
the FASDD-RS dataset, HybriDet is only 6.45 M in size with a 6.4% higher mAP50 than
YOLOVS, making it easy to deploy at the edge with outstanding performance. This study
is more effective than many existing deep learning methods, improving detection accuracy
and efficiency. Our proposed method enhances the capability for wildfire and smoke
detection in resource-constrained environments, effectively improves detection efficiency,
and provides technical support for wildfire prevention and control. However, our model is
mainly oriented to real-time fire detection tasks, and is currently unable to complete tasks
such as predicting future fire situations. In future work, we will explore various model



Remote Sens. 2025, 17, 3497 21 of 23

compression methods like knowledge distillation, quantization, reparameterization, etc.,
to develop lighter-weight and more efficient wildfire detection algorithms. We will also
utilize time-series models for fire risk prediction in order to provide strong support for
building safer and sustainable urban and social environments.
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