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Abstract—This letter presents a lightweight method for detect-
ing forest fires using dual-modal remote sensing images captured
by an uncrewed aerial vehicle (UAV). The aim is to achieve effi-
cient fire monitoring on a computationally resource-constrained
UAV platform. The proposed detection network is based on the
improved YOLOVS, which uses RGB image and thermal image
as network input at the same time. A lightweight dual-modal
feature fusion module named dual-modal fusion module (DFM)
is designed to effectively combine RGB and thermal features. The
existing C2f module in YOLOVS was replaced by the lightweight
module C2f-F, along with the addition of the parameter-free
attention module SimAM. This improvement improves the detec-
tion performance of the model while minimizing the model
parameters. The evaluation experimental results on the FLAME
2 dataset show that the accuracy of the proposed dual-modal
forest fire detection method reaches 98.4%, and the model size
is only 2.9 MB, which achieves a good balance between accuracy
and number of parameters compared with other mainstream
methods. In addition, on the iCrest 2-s edge computing device, the
detection speed reaches 20.67 frames per second (FPS), further
confirming that this lightweight approach satisfies the real-time
detection requirements for forest fires.

Index Terms—Edge computing device, forest fire detection,
improved YOLOVS, lightweight network, remote sensing, RGB
and thermal image, uncrewed aerial vehicles (UAVs).

I. INTRODUCTION

ORESTS are a fundamental component of terrestrial

ecosystems, effectively storing carbon while support-
ing rich biodiversity. Moreover, they provide society with
ecosystem products and services worth hundreds of billions
of dollars each year [1]. Therefore, the protection of for-
est resources can not only provide renewable resources for
human activities but also plays an important role in ecolog-
ical protection and global energy cycle [2]. Unfortunately,
vast areas of forest are damaged by fires every year. These
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incidents pose a significant natural threat, threatening ecosys-
tems, economic attributes, infrastructure, and human life [3].
Given the quick spread and prolonged burning associated
with forest fires, early detection is recognized as one of the
most effective strategies for mitigating losses caused by these
disasters [4].

Forest fire monitoring technology can usually be divided
into ground monitoring, satellite remote sensing monitoring,
and airborne remote sensing monitoring. Ground monitoring
usually has a fixed monitoring area and can be affected by the
forest topography. With the development of satellite remote
sensing technology, it is possible to use remote sensing images
to monitor ground targets. In [5], a precise real-time detection
algorithm was designed to detect coconut trees using satellite
images. However, while satellite remote sensing monitoring
can quickly collect data over large areas, there may be delays
in capturing early fire information. With the rapid development
of uncrewed aerial vehicle (UAV) technology, airborne remote
sensing monitoring has attracted extensive attention [6]. UAVs
enable more effective fire monitoring due to their flexibility
and wide detection range [7].

With advancements in sensor technology, UAV equipped
with optics and other sensors are able to provide high-quality
fire images or videos. Traditional image-based detection meth-
ods usually include three steps: image preprocessing, feature
extraction, and classification [8]. These methods depend on
manually designed features, which limits their adaptability
to various environments and hinders real-time performance,
making it challenging to effectively respond to evolving fire
situations. In contrast, forest fire detection methods based
on deep learning can identify fire characteristics in complex
images more accurately through automatic feature extraction
and network training, which provides a more effective solution
for forest fire monitoring [9].

Deep-learning-based detection methods typically use infor-
mation provided by RGB images or thermal images for fire
detection. In [10], a network model based on YOLOvVS was
designed for the UAV platform for fire detection. In [11], a
YOLO-based lightweight fire detection network is designed
for use on embedded devices. Considering that temperature
is another key feature of fire, [12] designed a semantic
segmentation network based on mask R-CNN and YOLO to
detect forest fires through thermal images. In [13], a CNN-
based forest fire detection method is proposed, which uses
images captured by near-infrared cameras for fire detection.

To take advantage of both RGB image and thermal image,
a dual-modal image fire detection network based on ResNet50

1558-0571 © 2025 IEEE. All rights reserved, including rights for text and data mining, and training of artificial intelligence and
similar technologies. Personal use is permitted, but republication/redistribution requires IEEE permission.
See https://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: NORTHWESTERN POLYTECHNICAL UNIVERSITY. Downloaded on July 18,2025 at 14:44:34 UTC from IEEE Xplore. Restrictions apply.


https://orcid.org/0000-0002-6466-5277
https://orcid.org/0009-0009-3241-0745
https://orcid.org/0000-0002-9731-5943
https://orcid.org/0000-0002-8708-9890
https://orcid.org/0009-0001-5615-0505

7001805

(a) UAV platform equipped with edge computing device

UAV: DJI M300

Edge computing device:

iCrest2-s

Dual-modal camera:
Zenmuse H20T

/

Vi
- e
The 1

Transmitted to the
ground for subsequent
decision-making

B
5 Detection
. results

Y

UAV continues
inspection and new
images are captured

Fire detection model deployment

Lightweight dual-modal forest
fire detection network

- ——

RGB  Trerma Fire detected?

sfefefsf il
HEEHE -

i
e

N

(b) Dual-modal images (¢) Forest fire detection

Fig. 1. Structure of the UAV-based dual-modal image forest fire detection.

was proposed in [14]. By designing a dual-modal feature
fusion module, RGB and thermal features are fully integrated
to achieve accurate fire detection. However, the previously
mentioned dual-modal fire detection methods often overlook
the importance of network lightweighting, which poses chal-
lenges for real-time deployment of UAV platforms. Therefore,
a lightweight dual-modal fire detection method is designed,
which achieves high detection accuracy and uses fewer net-
work parameters. The main contributions of this letter are as
follows.

1) Aiming at real-time forest fire detection tasks, a novel
real-time forest fire detection method based on UAV
dual-modal remote sensing images was proposed. The
response efficiency to forest fires monitoring can be
achieved.

2) To enhance detection accuracy in complex environments,
a fire detection algorithm that integrates RGB and
thermal images has been developed. A lightweight dual-
modal feature fusion module was proposed for edge
devices with limited computing resources to achieve
efficient dual-modal image fusion, thereby improving
fire detection accuracy.

3) To better deploy the detection model on the edge
computing device mounted on the UAV platform,
a lightweight convolution module and a parameter-
free attention module are integrated into the proposed
dual-modal fire detection framework. This combination
minimizes the number of model parameters while ensur-
ing high detection accuracy.

The proposed UAV-based fire detection method is described
in Section II. Section III describes the results of experiments
performed on publicly available datasets and their analysis.
Finally, the main contributions of this article are summarized
in Section IV.

II. UAV-BASED FOREST FIRE DETECTION METHOD

Fig. 1 shows the scheme of the UAV-based forest fire
detection method. Among them, the solid arrows represent the
flow of data between hardware components such as drones,
dual-modal cameras, and edge devices. The dashed arrows
indicate conditional actions, and if a fire is detected, the results
are sent to the ground control center, otherwise monitoring
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Fig. 2. Structure of the lightweight dual-modal forest fire detection network.

continues. The blue part represents the drone platform and
sensor, the orange part represents the dual-modal image, and
the green part represents the algorithm deployment on the
edge computing device. The method uses the UAV platform to
carry edge computing equipment and combines the proposed
lightweight dual-modal forest fire detection network to achieve
efficient and real-time forest fire monitoring and early warn-
ing. As shown in Fig. 1(a), the DJI M300 drone equipped
with a Zenmuse H20T dual-modal image sensor and an
iCrest2-s edge computing device is selected as the flight
platform to quickly collect dual-modal remote sensing images
under various environmental conditions and perform real-time
graphics processing tasks. As shown in Fig. 1(c), the forest fire
detection algorithm is deployed on edge computing devices
for real-time fire detection, with the dual-modal image shown
in Fig. 1(b) as input. If the system detects a fire signal, the
results are sent to the ground control equipment for subsequent
decision-making and processing. If no fire is detected, the
drone will continue to monitor the fire.

A. Lightweight Dual-Modal Fire Detection Method
Architecture

The proposed detection network is based on YOLOvVS
[15]. Compared with other algorithms, YOLOv8 has pow-
erful multiscale object detection capabilities and adaptability
to complex environments. In addition, its superior inference
speed provides better support for real-time applications in
computing-resource-constrained environments, which is crit-
ical for rapid response to forest fires. Fig. 2 shows the overall
architecture of the proposed model, which is mainly composed
of the backbone layer, the head layer, and the detection layer.

In the backbone layer, the single-modal input of the original
YOLOVS was changed to a dual-modal image input, and the
accuracy and robustness of forest fire detection were improved
by combining dual-modal remote sensing images at the same
time. For dual-modal features at different scales, the DFM is
designed for feature fusion, and the fusion features are fed to
the head layer for further aggregation of features. Finally, the
detection result is generated through the detection layer.

To better apply the proposed lightweight dual-modal forest
fire detection network to UAV platforms or other edge comput-
ing devices with limited computing resources, it is necessary to
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Fig. 3. Structure of the lightweight dual-modal feature fusion module.
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Fig. 4. Structure of (a) C2f-F and (b) SimAM.

lightweight the detection network. Therefore, the lightweight
convolutional structure named C2f-F based on FasterNet [16]
is introduced to replace the C2f structure in the backbone and
head layer to meet the lightweight requirement. In addition,
a parameter-free simple attention module (SimAM) [17] is
introduced to improve model detection performance and meet
lightweight designs.

B. Dual-Modal Feature Fusion

To effectively fuse dual-modal features and ensure the
lightweight of the network model, this letter proposes a
lightweight feature fusion module based on feature-level
fusion strategy, as shown in Fig. 3.

Initially, the input features are processed using the con-
volution module, reducing the number of feature channels
to one-sixteenth of their original size, thereby reducing the
computational load of subsequent processes. Then, an SimAM
is used to generate feature weights, weighting the input RGB
and thermal features. The attention module consists of two
parts: a convolutional layer and a sigmoid function. The
weighted dual-modal features are stitched together to achieve
feature fusion. Finally, another convolutional module is used
to process the output fusion features to recover the number of
feature channels.

C. Model Lightweighting and Attention Mechanism

Considering the limitation of hardware computing resources
when using UAVs perform fire monitoring tasks, the
lightweight of the detection network has become a key mea-
sure to improve its real-time performance and efficiency. To
this end, the lightweight convolutional structure C2f-F is
introduced to replace the original C2f, and the structures of
C2f-F are shown in Fig. 4(a). C2f-F substitutes the bottleneck
architecture of the original C2f with the FasterBlock structure.
The FasterBlock structure is based on the FasterNet design,
which aims to reduce the computational load in the feature
extraction process, which comprises one partial convolution
(PConv) and two Conv(1 x 1). PConv is based on the depthwise
convolution (DWConv) design, which only applies conven-
tional Conv on some input channels to achieve simpler and
more efficient spatial feature extraction. Conv(1 x 1) is used to
consolidate the features of individual channels while keeping
the computational cost low.

7001805
TABLE I
EXPERIMENTAL CONFIGURATION
Parameters Description
GPU NVIDIA RTX2080-8G
CPU Intel Core 17-9700k
RAM 16GB
Operating System Linux Ubuntu 18.04
Development Language Python 3.8
Deep Learning Libraries Torch 1.9
CUDA 11.0
TABLE II
EXPERIMENTAL HYPERPARAMETER SETTINGS
Hyperparameters Numerical value
Batch size 8
eight decay 0.0005
Epochs 100
Momentum parameter 0.937
Initial learning rate 0.01
To enhance detection accuracy while maintaining

lightweight, the parameter-free attention mechanism SimAM
is integrated into the backbone layer. Unlike conventional
attention mechanisms, SimAM computes 3-D attention
weights without introducing additional parameters, aligning
with the stringent computational constraints of UAV
edge devices. In addition, SimAM is grounded in spatial
inhibition theory from visual neuroscience, which is able to
enhance significant fire features while suppressing irrelevant
background features. The structure of SimAM is shown in
Fig. 4(b). The attention weights are obtained by the energy
function E and the sigmoid function, the input features are
weighted, and finally, the features are further processed by
a Conv(l x 1) to obtain the output features. Specifically, the
energy function E quantifies the uniqueness of each feature
by measuring its deviation from the spatial mean. Features
with lower energy values are considered unique, amplified by
sigmoid-based weighting, allowing the network to focus more
on fire features in RGB and thermal images. The function E
is expressed as follows:

)2
E- (x; —X) 0

4 (B8 4 2) 405

n

where X denotes the mean value of x in the spatial dimension,
x is the input feature, n = W x H — 1 represents the effective
space size of the feature, and A represents the small constant,
which is set to 107.

III. EXPERIMENTAL RESULTS AND ANALYSIS

To evaluate the performance of the proposed method, a
series of experiments are performed on the public dataset
FLAME2 [18] and the fire dataset presented in [7]. Table I
lists the detailed information of the experimental equipment.
The experimental hyperparameters in three experiments are set
as shown in Table II.
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TABLE III
RESULTS OF ABLATION EXPERIMENT

Method Datasets | AP/% | Params/MB
YOLOVS8-n R 90.6 3.0
YOLOVS8-n T 92.5 3.0

Ours(no SimAM and C2f-F) R+T 95.3 4.3
Ours(no C2f-F) R+T 97.8 4.3
Ours(no SimAM) R+T 95.7 2.9
Ours R+T 98.4 2.9

YOLOv8 (Thermal

YOLOV8 (RGB)

Fig. 5. Detection results on the FLAME?2 dataset. (a) Using RGB image as
input. (b) Using thermal image as input.

A. Dataset and Evaluation Indicators

The FLAME?2 dataset comprises aerial footage recorded by
a drone over a canopy pine forest in northern Arizona during a
controlled burn in 2021. This dataset consists of corresponding
pairs of RGB and thermal remote sensing images, with the
RGB images having a resolution of 1920 x 1080 pixels and
the thermal images measuring 640 x 512 pixels. A total of
5531 pairs of dual-modal frame images are extracted from
the FLAME?2 dataset and registered to 320 x 320 size. Use a
tagging tool called Labelimg to mark the fire in the image.

The fire dataset proposed in [7] was acquired by a DJI
M300RTK UAV with a dual-modal camera and simulated
forest fires by artificially lit small fires, including RGB images
and thermal images.

The average precision (AP) metric is used to assess the
detection performance of the network, while the number of
parameters (Params) is used to gauge the model’s lightweight.

B. Ablation Experiment

To verify the effectiveness of the proposed lightweight dual-
modal forest fire detection network, an ablation comparison
experiment was designed. In the ablation experiment, the tradi-
tional YOLOVS is used as the baseline model. The comparison
method includes YOLOvS8 with only RGB images, YOLOvS8
with only thermal images, and the proposed method without
the C2f-F module and the proposed method without SimAM.

The experimental results are shown in Table III, where R
denotes the RGB image and T denotes the thermal image. It
can be seen that the AP value of the input of the dual-modal
image is better than that of the single-modality, which verifies
the effectiveness of the dual-modal remote sensing image in
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Fig. 7. Edge computing device iCrest2-s.

improving the accuracy of fire identification. After adding the
C2F-F module, the number of network parameters is reduced
by 1.4 MB, which is 0.1 MB less than that of the single-
modal YOLOV8-n. Combined with the parameter-free SimAM
attention module, the AP value can be increased by 2.7%,
which significantly enhances the network performance. The
results show that the proposed method can achieve lightweight
while ensuring the detection performance and is suitable for
UAV platforms with limited computing resources.

Fig. 5 shows some of the results of the comparison experi-
ment. When using only a thermal image as input, ash with the
same temperature characteristics as fire is incorrectly identified
as fire, as shown by the yellow dotted box. There are missed
detections when using only RGB images, as shown in the blue
box. The above results further verify the effectiveness of the
proposed dual-modal forest fire detection method.

C. Generalization Experiments

To further evaluate the generalization ability of the proposed
model, experiments are carried out on the fire dataset proposed
in [7]. Fig. 6 shows the fire detection results of the generaliza-
tion experiment, and it can be seen that the proposed model
still has high detection accuracy on this dataset. The exper-
imental results further prove that the proposed fire detection
model has good generalization ability.

D. Comparative Experiment

To further validate the proposed detection method, com-
parative experiments were carried out with several advanced
detection methods on the FLAME?2 dataset. These include
YOLOVS [19], YOLOv7 [20], YOLOX-Tiny [21], YOLOVS
[15], YOLOv10-1 [22], YOLOv11-1 [23], YOLOvI12-1 [24],
FTA-DETR [25], Faster R-CNN [26], CTCY [7], and Fire-
DETRS50 [14]. Among these methods, FTA-DETR, CTCY,
and Fire-DETRS50 are networks specifically designed for fire
detection. In addition, the Fire-DETR50 and CTCY also use
dual-modal images as inputs.

The experimental results shown in Table IV show that the
lightweight dual-modal network in this letter is superior to the
mainstream methods in terms of model parameters, and the AP
value is second only to FTA-DETR and significantly better
than the dual-modal methods Fire-DETR50 and CTCY. These
results validate that our method achieves superior detection
performance while maintaining light weighting.
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TABLE IV
RESULTS OF COMPARATIVE EXPERIMENT

Method Datasets | AP/% | Params/MB
YOLOV5-s R 93.47 7.0
YOLOvV7 R 93.80 36.5
YOLOX-Tiny R 91.90 5.0
YOLOV8-n R 90.60 3.0
YOLOVI0-1 R 95.46 24.4
YOLOvVI1-1 R 94.33 25.3
YOLOVI12-1 R 97.79 26.4
FTA-DETR R 98.56 83.0
Faster R-CNN R 73.29 41.3
Fire-DETR50 R+T 96.00 24.6
CTCY R+T 97.53 17.1
Ours R+T 98.40 2.9

TABLE V

ICREST2-S CONFIGURATION

Parameters Description
GPU NVIDIA Jeston Xavier NX
Al supports mainstream machine learning frameworks
Memory 8GB 128-bit LPDDR4x

TABLE VI
COMPARATIVE EXPERIMENTAL RESULTS ON ICREST2-S

Method Params/MB | AP/% FPS
YOLOV5-s 7.0 93.47 7.0
YOLOvV7 36.5 93.80 1.7
YOLOX-Tiny 5.0 91.90 4.5

YOLOvV8-n 3.0 90.60 | 14.43
Faster R-CNN 41.3 73.29 0.7

Ours 2.9 98.40 | 20.67

E. Edge Computing Device Experiments

The proposed detection network is deployed on the edge
computing device iCrest2-s for additional comparative exper-
iments. Fig. 7 shows the iCrest2-s edge computing device
used in this letter, and its hardware parameters are shown in
Table V. Use AP, frames per second (FPS), and Params as
performance evaluation metrics. The results shown in Table VI
further demonstrate that the proposed method can accurately
and real-time detect forest fires on UAV platforms.

IV. CONCLUSION

In this letter, a lightweight forest fire detection method based
on dual-modal images is proposed for the UAV platform with
limited computing resources. By designing a lightweight fea-
ture fusion module, the advantages of RGB image and thermal
image are effectively combined to improve the accuracy of fire
detection while further reducing model parameters through
the introduction of a lightweight module. The experimental
results indicate that the proposed method attains high detection
accuracy while maintaining small model parameters in forest
fire detection tasks. Moreover, on edge computing devices,
the method ensures real-time and precise forest fire detection.
Future research will focus on fire extinguishing strategies to
improve forest fire management and control.
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