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Abstract: This study aims to improve the accuracy of fire source detection, the efficiency
of path planning, and the precision of firefighting operations in drone swarms during fire
emergencies. It proposes an intelligent firefighting technology for drone swarms based on
multi-sensor integrated path planning. The technology integrates the You Only Look Once
version 8 (YOLOvVS) algorithm and its optimization strategies to enhance real-time fire
source detection capabilities. Additionally, this study employs multi-sensor data fusion and
swarm cooperative path-planning techniques to optimize the deployment of firefighting
materials and flight paths, thereby improving firefighting efficiency and precision. First,
a deformable convolution module is introduced into the backbone network of YOLOvVS8
to enable the detection network to flexibly adjust its receptive field when processing tar-
gets, thereby enhancing fire source detection accuracy. Second, an attention mechanism
is incorporated into the neck portion of YOLOvS8, which focuses on fire source feature
regions, significantly reducing interference from background noise and further improving
recognition accuracy in complex environments. Finally, a new High Intersection over
Union (HIoU) loss function is proposed to address the challenge of computing localization
and classification loss for targets. This function dynamically adjusts the weight of vari-
ous loss components during training, achieving more precise fire source localization and
classification. In terms of path planning, this study integrates data from visual sensors,
infrared sensors, and LiDAR sensors and adopts the Information Acquisition Optimizer
(IAO) and the Catch Fish Optimization Algorithm (CFOA) to plan paths and optimize
coordinated flight for drone swarms. By dynamically adjusting path planning and de-
ployment locations, the drone swarm can reach fire sources in the shortest possible time
and carry out precise firefighting operations. Experimental results demonstrate that this
study significantly improves fire source detection accuracy and firefighting efficiency by
optimizing the YOLOVS algorithm, path-planning algorithms, and cooperative flight strate-
gies. The optimized YOLOVS achieved a fire source detection accuracy of 94.6% for small
fires, with a false detection rate reduced to 5.4%. The wind speed compensation strategy
effectively mitigated the impact of wind on the accuracy of material deployment. This
study not only enhances the firefighting efficiency of drone swarms but also enables rapid
response in complex fire scenarios, offering broad application prospects, particularly for
urban firefighting and forest fire disaster rescue.
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1. Introduction

With the accelerated urbanization of modern society, the frequency of fire incidents
has been increasing year by year, particularly in large-scale building complexes, forests,
and hard-to-reach disaster areas. The limitations of traditional firefighting methods have
become increasingly evident [1,2]. In responding to sudden fires, quickly and accurately
locating fire sources and taking effective firefighting measures are crucial for reducing
casualties, property losses, and environmental damage [3]. However, traditional manual
firefighting and fixed equipment-based methods often fail to meet the demands for effi-
ciency, precision, and real-time response in complex and dynamic fire scenarios. Identifying
and locating fire sources become particularly difficult, especially in environments charac-
terized by high temperatures, dense smoke, obstacles, and challenging terrain, negatively
impacting firefighting efficiency and precision [4-6]. Consequently, there is an urgent need
for a more flexible, efficient, and adaptable emergency fire response solution.

In recent years, drone swarm technology has achieved significant progress across vari-
ous fields, particularly in disaster relief and environmental monitoring. Drone swarms offer
advantages such as high flexibility, rapid response, and extensive coverage. Through collab-
orative operations, they can quickly form a synergistic force to complete tasks [7]. Applying
drone swarms to fire emergency responses not only overcomes the limitations of tradi-
tional firefighting methods but also leverages drones” aerial advantages to rapidly acquire
real-time fire scene data and perform efficient firefighting operations [8,9]. The potential of
drone swarms in firefighting, particularly in fire source identification, path planning, and
precision deployment of firefighting materials, has become a research hotspot [10]. How-
ever, existing drone swarm firefighting systems still face numerous technical challenges,
particularly in fire source identification accuracy, path planning efficiency, and material
deployment precision [11]. Addressing these challenges through innovative technologies to
improve the performance of drone swarms in fire emergency response is a critical problem
that needs to be solved.

This study aims to enhance fire source detection accuracy, path planning efficiency, and
firefighting precision in drone swarms by proposing an intelligent firefighting technology
based on multi-sensor integrated path planning. To meet this challenge, the You Only
Look Once version 8 (YOLOVS) algorithm is improved to optimize fire source detection
capabilities, enabling drones to quickly and accurately identify fire sources in complex en-
vironments. These improvements focus on three key aspects: 1. A deformable convolution
module is introduced into YOLOV8’s backbone network, allowing the model to flexibly
adjust its receptive field based on the morphology of different targets, thereby effectively
enhancing fire source detection accuracy. 2. An attention mechanism is added to YOLOvVS8's
neck section. This mechanism allows the model to focus on the feature regions of fire
sources while processing complex environments, significantly reducing interference from
background noise and improving fire source recognition rates. 3. A new High Intersection
over Union (HIoU) loss function is proposed. This loss function dynamically adjusts the
weights of various loss components during training, resulting in more accurate fire source
localization and classification. These improvements significantly enhance the YOLOvS8
algorithm’s fire source detection accuracy in complex fire scenarios, laying a solid founda-
tion for subsequent firefighting operations. In terms of path planning, this study integrates
data from multiple sensors (visual, infrared, and LiDAR) and combines the Information



Drones 2025, 9, 348

30f20

Acquisition Optimizer (IAO) and Catch Fish Optimization Algorithm (CFOA) to optimize
the cooperative path planning and flight of drone swarms. By fusing multi-sensor data, the
system can obtain more comprehensive and accurate information in complex and dynamic
fire environments in real-time, optimizing drone flight paths and improving path planning
efficiency. This multi-sensor fusion path planning technology not only effectively avoids
obstacles and reduces collision risks but also enables cooperative flight of drone swarms in
challenging terrains, enhancing firefighting efficiency and precision. With the application of
optimization algorithms, real-time dynamic optimization is achieved, ensuring that drones
can reach fire source areas via the shortest and most efficient flight paths, thereby enabling
precise deployment of firefighting materials.

2. Literature Review

In recent years, the application of drone swarms in fire emergency response has gradu-
ally become a research hotspot, particularly in areas such as fire source identification, path
planning, and firefighting precision. Numerous scholars have proposed various solutions
using different technological approaches. In the field of fire source identification, the You
Only Look Once (YOLO) series of algorithms has been widely applied in drone image
processing systems due to the algorithms’ efficient object detection capabilities. In recent
years, with the optimization of versions such as You Only Look Once version 4 (YOLOv4)
and You Only Look Once version 5 (YOLOV5), many researchers have implemented tar-
geted improvements to enhance fire source identification accuracy in fire scenarios [12,13].
Zheng et al. utilized the YOLOv4 algorithm to analyze fire images and proposed an opti-
mization strategy combining Convolutional Neural Network (CNN) and residual modules,
significantly improving the accuracy of fire source detection [14]. However, this method still
has room for improvement in detection accuracy under complex backgrounds, particularly
in effectively identifying fire sources in high-temperature smoke and challenging scenes.

To address the interference of background noise, Lv et al. introduced an attention
mechanism into YOLOV5, leveraging self-attention modules to enhance the extraction
of fire source features [15]. This method improves detection robustness by strengthen-
ing feature responses in fire source regions and reducing the influence of background
information on model predictions. Although this approach performs well in simple fire
scenarios, it still faces risks of missed and incorrect detections in complex and variable fire
environments. To tackle these challenges, Narkhede et al. proposed a multimodal sensor
fusion method for fire source identification, combining visual sensors with infrared sensors
to effectively address the challenges of identifying fire sources under varying lighting
and weather conditions [16]. Experimental results showed significant improvement in
identification performance during nighttime and in low-visibility environments. However,
the complexity of sensor hardware and the real-time processing of data remain challenges
for future research.

In the field of path planning, scholars have proposed various optimization algorithms
to enhance the efficiency and stability of drone swarm path planning. Saeed et al. em-
ployed the Genetic Algorithm (GA) to optimize the paths of drone swarms, significantly
improving the efficiency of multi-drone task execution [17]. Their experiment achieved
promising results in certain static scenarios by conducting global searches for drone swarm
paths. However, due to the highly dynamic nature of fire scenes, such as wind speed
changes and uncertain obstacles, traditional GA face limitations in handling these dy-
namic factors. To address this, Zhu et al. proposed a deep reinforcement learning-based
path-planning method for drone swarms [18]. By introducing an agent-environment in-
teraction mechanism, this method can optimize flight paths in real-time within fire scene
environments, enhancing the adaptability and flexibility of drone swarms. However, the
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computational time required for training reinforcement learning models remains lengthy,
and for more complex environments, real-time performance and computational efficiency
still fall short of practical requirements. Additionally, Lin et al. studied the application of
multi-sensor data fusion technology in drone swarms and proposed a particle filter-based
path-planning method [19]. By integrating data from visual, infrared, and LiDAR sensors,
this method accurately acquires drone positions and fire source information in dynamic
environments and adjusts flight paths in real-time. While this study successfully validated
the importance of multi-sensor fusion in fire scenarios, challenges related to computa-
tional complexity and coordination among large-scale drone swarms remain significant in
collaborative operations.

Regarding firefighting strategies, researchers have explored the precision of material
delivery by drone swarms during fire suppression operations. Wang et al. discussed the
use of blockchain technology for risk prediction and credibility assessment in online public
opinion networks. The core concept involved risk evaluation and decision-making under
conditions of incomplete or unreliable information [20]. Mugnai et al. proposed a fire
suppression material delivery strategy based on drone path planning. By combining fire
source location and wind speed data, they determined the optimal timing and location
for material delivery using optimization algorithms [21]. However, this method still faces
challenges such as delivery inaccuracies and resource waste when confronted with complex
wind variations and terrain factors. To address these issues, Li et al. investigated a multi-
objective optimization-based strategy for the precise delivery of firefighting materials. By
integrating this strategy with drone flight path planning, they achieved improvements
in firefighting efficiency [22]. While this approach demonstrated preliminary success, it
remains dependent on the accuracy of sensor data and real-time processing capabilities,
presenting challenges in data fusion and computational resource demands.

Despite offering technological support for drone swarm applications in fire emergency
responses, challenges remain in terms of fire source identification accuracy, path planning
efficiency, and firefighting precision. The precision material delivery strategy proposed
in this study, combined with dynamic path planning and flight optimization, effectively
reduces resource wastage and improves firefighting accuracy. These innovations address
the limitations of existing technologies in complex fire scenarios, providing a more efficient
and precise intelligent firefighting solution using drone swarms. For example, Shahid et al.
proposed a fire dynamics recognition model based on the Transformer architecture, opti-
mizing feature extraction efficiency in smoke-obstructed scenarios through a cross-scale
attention mechanism [23]. Their performance enhancement strategy for small object detec-
tion provided theoretical guidance for incorporating deformable convolutions in this study.
Venturini et al. developed a reinforcement learning-based path-planning framework that
employed a distributed Q-learning algorithm to enable cooperative obstacle avoidance for
drone swarms in dynamic environments [24]. Its environment-adaptive mechanism offers
a methodological contrast to the group collaboration optimization in the CFOA algorithm
proposed in this study, highlighting the complementarity of different technical approaches.
Soderlund et al. designed a multimodal sensor fusion system for forest fire scenarios,
integrating Kalman filtering and Bayesian networks to achieve real-time alignment and
reliability assessment of infrared and LiDAR data [25]. Their heterogeneous data fusion
paradigm provides practical engineering support for designing the multi-sensor IAO in
this study. Collectively, these research efforts indicate a global trend toward algorithmic
diversification and scenario-specific refinement in unmanned aerial vehicle (UAV)-based
fire emergency technologies. This study proposes a YOLOv8-based improvement and
a path-planning strategy that incorporates common insights from international research.
These include dynamic feature extraction and swarm intelligence optimization. Addi-
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tionally, this study introduces localized innovations to address the unique challenges of
high-density urban fires and complex mountainous forest fires in Asia. This results in a
technical framework that balances universality with regional adaptability.

3. Research Methodology
3.1. Fire Source Identification Method

YOLOVS8 is a CNN-based object detection model that employs a single-stage detection
approach, enabling simultaneous object detection and localization on input images [26-28].
Unlike traditional detection methods, YOLOv8 models the task as a regression problem.
It divides the image into multiple grids and performs object classification and position
regression within each grid, achieving efficient and accurate detection [29,30]. The network
structure of YOLOVS is illustrated in Figure 1.

Concat

Cl2f — s

Concat

Cl2f — D

Figure 1. YOLOvVS network structure.

The YOLOVS network structure consists of three main components: the Backbone,
the Neck, and the Head. The Backbone is responsible for extracting features from the
input image, the Neck integrates multi-scale information, and the Head performs final
target classification and position regression. The Spatial Pyramid Pooling Feature (SPPF)
module is designed for object detection, enabling the extraction of information at various
resolutions from the feature map [31,32]. The classification loss calculation for YOLOVS is
shown in Equation (1):

| —a(qlog(p) + (1 — q)log(1 — p),q >0
VELp) = { —ap'log(1—p),q =0 .

In Equation (1), p represents the predicted class score, g € [0, 1]. g denotes the predicted
object score. For negative samples (i.e., no target present), the loss contribution is reduced
through weight adjustments. Parameters r and a control the impact of negative samples on
the loss, minimizing interference from these samples.

To enhance YOLOV8’s performance in fire source identification, three critical improve-
ments were introduced in this study: incorporation of the deformable convolution module,
integration of the attention mechanism in the Neck, and development of an efficient IoU
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loss function. Traditional convolution operations use a fixed receptive field, which may
lead to performance degradation in scenes with complex backgrounds or objects of varying
scales. To address this issue, this study incorporates deformable convolutions into the
backbone network of YOLOVS, enabling the detection network to dynamically adjust its
receptive field when processing objects. Specifically, deformable convolutions introduce
spatial offsets in convolution operations, allowing the network to adaptively focus on
target regions. This improves fire source detection accuracy, particularly when dealing
with targets of inconsistent scales or significant occlusion, thereby enhancing overall de-
tection performance. Additionally, the Neck section of YOLOVS is enhanced with the
Convolutional Block Attention Module (CBAM), which integrates channel attention and
spatial attention submodules. The channel attention mechanism automatically adjusts the
importance of different channels, ensuring that the feature extraction process prioritizes the
most relevant feature regions. Meanwhile, the spatial attention mechanism strengthens the
network’s focus on fire source features while suppressing background noise interference.
In fire detection scenarios, factors such as smoke and cluttered backgrounds often reduce
detection accuracy. The introduction of attention mechanisms effectively mitigates back-
ground noise interference, further improving fire source recognition precision, especially
in complex environments. In the original YOLOvVS implementation, the Intersection over
Union (IoU) loss function is used to compute localization and classification errors. However,
standard IoU loss may result in inaccurate object localization when handling bounding
boxes with minimal overlap or targets of varying shapes. To address this limitation, this
study proposes a high-IoU loss function, which dynamically adjusts the weight of different
loss components and incorporates target center-point error calculations. This enhances
fire source localization accuracy. By considering differences in target center points and
regressing aspect ratios, the high-IoU loss function improves object localization precision,
particularly for small or irregularly shaped fire sources, yielding more accurate regression
results. These three enhancements—deformable convolutions, attention mechanisms, and
the high-IoU loss function—work synergistically to improve YOLOv8'’s performance in
fire source detection. Specifically, deformable convolutions enhance model flexibility and
adaptability, attention mechanisms help the model focus more effectively on fire source
regions, and the high-IoU loss function optimizes localization accuracy. The calculation for
the deformable convolution is presented in Equation (2):

y(po) = )Y w(pu)-x(po+ pn+ Apn) )
pn€ER

Here, {Apuy|n =1,2,--- ,N}. y(po) represents the value of the output feature map at
position pg, and x(pg + pn + Apy) represents the feature value of the input image at the
adjusted position pg + pn + Apy. Apy is the displacement introduced by the deformable
convolution, which is used to adjust the receptive field. w(p,) corresponds to the weight
of the convolution kernel. R is the receptive field range, which defines the region of the
convolution operation on the input image.

The attention mechanism employs a mixed-domain approach. The CBAM consists of
channel attention and spatial attention submodules.

Mc(F) = ¢(MLP(AvgPool(F)) + MLP(MaxPool(F))) = 0<W1 (wo (P;vg)) + Wi (Wo(ESy)) (3)

In Equation (3), F is the input feature map, F7,, and Fy,,, are the average and maximum
pooling feature maps across the c-dimension, M, is the channel attention map, Wy and W,
are linear transformation matrices, and o represents the activation function [33].
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The calculation of the spatial attention module is shown in Equation (4):

M, (F) = o—(f7><7([AngOOI(F);MaXPOOI(F)D) = (7<f7><7 ( [Fsvg; Fiimx} )) @)

In Equation (4), Fg,¢

maps, f7*7 represents a 7 x 7 convolution layer, and M; is the spatial attention map [34].

and Fy,,, are the spatial average and maximum pooling feature
IoU measures the ratio of the intersection area to the union area between the predicted

and ground truth bounding boxes [35]. The IoU calculation is shown in Equation (5):

Wi H;
Su

Llouzl—IOUzl— (5)

W; and H; are the width and height of the overlapping region, and S, is the area of the
union between the predicted and ground truth boxes. When W; = 0 or H; = 0, W; cannot
be updated. To address this limitation, this study introduced the HloU loss function, as
shown in Equation (6):

2 2
1 (¥ = %) + (v — ygt)
Lurou = Rwiou X Liou + 5 ( >
2 Wg + Hg

+ av) (6)

In Equation (6), Ly, represents the IoU loss. Ry, is a dynamic adjustment coefficient
controlling the penalty for ToU loss. (x — xgt)* + (¥ — yt)” measures the center point
difference between the predicted and ground truth boxes. Wg2 + H§ standardizes the center
point error. « is a hyperparameter balancing center point and aspect ratio regression
weights. v is the aspect ratio regression loss term [36,37]. These improvements optimize
YOLOVS's fire source identification capability. The updated YOLOv8 network structure is
shown in Figure 2.

H*W*C
|
CBS,S=2K=3
|
CBS,SIZ,K=3 o ?
|
Cff e CBS,$=2K=3
CBS,S8=2,K=3 T Concat . Detect

Cff & C%f —> Detect
1

CBS,S=2 K=3 C2f
| ?
L Concat

CBS,S=2,K=3
CBS,$=2K=3 Upsample
Concat
c2f l
' C2f ——| Detect
SPPF
\

Figure 2. Optimized YOLOVS8 network structure.
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In Figure 2, the Convolutional Blocks with Strides (CBS) module in YOLOVS represents
an efficient convolutional structure designed to balance computational cost and information
utilization in the self-attention mechanism.

3.2. Multi-Sensor Data Fusion

The application of UAV swarms in fire emergency responses—particularly in fire
source identification, path planning, and firefighting strategy execution—is heavily influ-
enced by various environmental factors such as lighting, smoke, wind speed, and terrain. In
such dynamic and complex environments, data from a single sensor (e.g., visual or infrared
sensors) may struggle to provide comprehensive and accurate environmental information.
Therefore, multi-sensor data fusion techniques, which integrate data from multiple sensors,
can overcome the limitations of individual sensors and deliver more thorough and accurate
environmental perception capabilities. This study proposes a multi-sensor data fusion
method that combines data from visual sensors, infrared sensors, and Light Detection and
Ranging (LiDAR) to enhance the navigation and task execution capabilities of UAV swarms
in fire scenarios [38,39].

The objective of multi-sensor data fusion is to merge heterogeneous information from
different sensors to improve data accuracy and reliability. The framework for multi-sensor
data fusion is shown in Figure 3.

Data fusion Data preprocessing and Feature extraction and
— —

module optimization | fusion
Path planning
and task
/4 allocation \
Target fire source Collaborative flight _, Accurate firefighting
identification of drone clusters and deployment

Figure 3. Multi-sensor data fusion framework.

To achieve efficient fire source detection and path planning, this study employed
multiple sensors for data acquisition. Specifically, the experimental setup included visual
sensors, infrared sensors, and LiDAR sensors, each serving distinct purposes in different
environmental conditions. Visual sensors primarily capture image data of fire sources,
while infrared sensors detect heat sources, providing clearer fire location information,
especially in heavy smoke or nighttime conditions. LiDAR sensors are used for precise
terrain and obstacle mapping, supplying essential three-dimensional spatial data to support
UAV path planning. These sensors were tightly integrated with the UAV control system,
enabling real-time data transmission and processing. The acquired data were transmitted
via a wireless communication system to a ground control center or flight control computer
for further processing.

The data processing workflow incorporated multi-sensor data fusion techniques to
integrate information from visual, infrared, and LiDAR sensors. Specifically, fire source
detection and localization were performed using image processing techniques, such as the
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YOLOVS algorithm, applied to visual and infrared sensor data. Meanwhile, LIDAR data
were processed using specialized algorithms for spatial modeling and path planning. To
enhance the effectiveness of data fusion, this study introduced an IAO and the Chaotic
Fish Optimization Algorithm (CFOA). These algorithms dynamically adjust fusion strate-
gies based on sensor data characteristics. By doing so, they help optimize UAV swarm
flight paths.

For fire source detection, the processed data were fed into the YOLOvVS8 network for fire
identification. The optimized YOLOv8 model efficiently detects fire sources from real-time
image data and calculates precise fire locations based on target position and size. In terms
of path planning, the fused environmental data were input into the IAO and CFOA algo-
rithms. These algorithms worked together to generate the optimal flight path. This ensures
that UAVs can quickly reach the fire source and carry out firefighting operations. Although
the sensor configuration and data processing methods in this study significantly improve
fire source detection and path planning accuracy, each sensor has inherent limitations. For
instance, visual sensors are susceptible to performance degradation in heavy smoke or poor
lighting conditions, leading to reduced detection accuracy. To mitigate this issue, infrared
sensor data were incorporated, ensuring reliable fire detection even when visual sensors
underperform. However, infrared sensors have limited capabilities in detecting small or
distant fire sources, necessitating the combined use of multiple sensors to compensate for
individual shortcomings. LiDAR sensors in this study were primarily used for environ-
mental modeling and obstacle detection. Their high-precision three-dimensional spatial
data provide a fundamental basis for path planning. However, a key limitation of LIDAR
is its reduced effectiveness in detecting transparent objects (e.g., glass) and low-reflectivity
surfaces, which can introduce errors in complex environments. Additionally, LIDAR sen-
sors are costly and relatively heavy, requiring careful evaluation of UAV payload capacity
during deployment to ensure system stability and flight endurance.

Information acquisition is a critical step in gathering useful data. To ensure the
collection of comprehensive initial information, individuals used various methods to
gather data from different sources, forming an initial information system. This process is
represented in Equation (7):

iter+1 __ it 1 2
X —xﬁ-er—b—vx(xf —xf) )

In Equation (7), x*" denotes the current position of the i-th individual at the iter-th
iteration, v is the step size control parameter. x/! and x!? represent reference information
gathered from other individuals or sensors. The filtering and evaluation of information in
the IAO algorithm are described by Equation (8):

xiter+1 — x;ﬁfer — A X rand x (x{””d — xft”), if rand < 0.5

1
x;f”“ = X" + A x rand x (xf””d — x?”), otherwise

(®)

In Equation (8), A is the step adjustment factor, rand is a random number controlling
rand
i

selected individuals. The analysis and organization of information in the IAO algorithm

the magnitude of adjustments, and x/*"* represents information obtained from randomly

are shown in Equation (9):

xlter 1 — ybest s cos(Z x \fA3) — @ x & x (HX, xbest — xbest) if ¢ > 0.5
xlfertl — ybest 5 cos(F x \AF) — 0.8 x (1— @) x [gx Kx 5XL, xbest — (2 x w—1) x xbe5t), otherwise

1

©)
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best
i
the information. ¢ is adjustment factor. D is data dimension. ¢ and K are constants influenc-

In Equation (9), x/*** is optimal solution in the current iteration. A is metric related to

ing the degree of adjustment. The pseudo-code for the IAO algorithm is summarized in
Algorithm 1.

Algorithm 1: IAO Algorithm Pseudo-Code

1. Initialize the flight tasks and the positions of individuals (x;). Set the maximum
number of iterations (Tyu.y) and the learning rate (v).
2. For each individual, gather information and update the position:
iter+1 _ it 1 2
X! = X o x (21— x12)
3. Evaluate and filter the collected information. Adjust the position based on a random

condition:

if rand < 0.5, then x;t”H = xit" — A x rand x (x;’"’d — x?e’)
4. Perform information analysis and organization, adjusting positions using x?¢*!

. 1
if ¢ > 0.5, then xi ™ = x0est x cos(Z x \/A\3) — ¢ x & x (HL0_; xbest — xbest)
5. Once the iteration is complete, output the optimal path and terminate the process.

The CFOA draws inspiration from the predatory behavior of fish in nature, simulating
their foresight and strategic methods of finding opportunities in complex environments.
In the context of UAV swarm path planning, CFOA models the cooperative behavior of
UAVs and dynamically adjusts interactions among individuals to optimize flight paths.
The initialization phase of CFOA is defined by Equation (10):

Fisher;; = (ubj — Ib;) * r + Ib; (10)

In Equation (10), Fisher;; represents the position of the i-th individual in the j-th
dimension, ub; and Ib; are the upper and lower bounds of the j-th dimension, and r is a
randomly generated value ensuring diversity in the initial positions. The exploration phase
was modeled using the capture rate parameter «, as defined in Equation (11):

3xEFs
3 X EFS ZxMax}:EFs

o= (1- 2 x MaxEFs

(11)

In Equation (11), EFs is the fitness of the current individual and MaxEFs is the fitness
of the best individual within the group. The independent search phase of CFOA is described
by Equations (12)-(14):

it; — fit
Exp = ,f d f,p (12)
fltmax - fltmin
) / EFs
R - Dls X |Exp| X (1 - m) (13)
Fisherg;’l = Fisherg]- + (Fisher{,os,j - Fisher%) x Exp+1sxs xR (14)

fit; and fit,, represent the fitness values of the current individual and its parent

max and fitmin
in the population. Dis is the distance parameter, which represents the distance between

individual, respectively. fit are the maximum and minimum fitness values

the current position and the target position. 7, is a random factor, and s is an adjustable
parameter that controls the search speed. During the group cooperation phase of CFOA, the
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group center was calculated, and individual positions were adjusted to promote cooperation
among the group members. The expressions are given in Equations (15) and (16).

Centre. = mean (Pisher?) (15)

_ 2xEFs )2
MaxEFs

In the development phase, individuals further refined their positions to achieve global

Fisher ! = FisherTi,j + 1y X (Centrec — Fisher! ) +r3 x (1

c,ij c cij

(16)

optimization, as represented in Equations (17) and (18):

(2~ wiirs)

(wiiers) +1)

(17)

74 X 0 X |mean(Fisher) — Gbest|
3

Gbest represents the global best solution, and GD is a Gaussian distribution func-

Fisher! *! = Gbest + GD(0, ) (18)

tion guiding convergence toward the optimal solution. The pseudo-code for the CFOA
algorithm is provided in Algorithm 2.

Algorithm 2: CFOA Algorithm Pseudo-Code

1. Initialize the fish swarm position: Randomly distribute Fisher; ; in the search space.
Set the maximum number of iterations Tj;;x and the capture rate «.
2. Exploration phase: Update the capture rate o« using the formula:
= (1= piElay P
3. Fitness calculation: Compute the fitness of each individual and update the fish swarm
position using Equation (12).
4. Independent search phase: Perform the independent search phase using the formula
in Equation (13).
5. Group fishing phase: Calculate the centroid of the fish swarm
Centre. = mean(Fisher!), and update the positions.
6. Development phase: Update the position of each individual:
FisheriTH — Gbest + GD(O, 74 X1f><|mean(§isher)—Gbest\)
7. Termination: If the maximum number of iterations is reached, output the optimal

path and terminate.

This study enhanced the implementation details of intelligent UAV-based firefighting
technology in system architecture design. The system consisted of three core modules. The
Fire Detection Module: Based on an improved YOLOv8 model, this module integrated
deformable convolution and a hybrid-domain attention mechanism. Deformable convo-
lution was embedded in the 3rd, 6th, and 9th layers of the backbone network to enable
dynamic receptive field adjustment. Additionally, the CBAM was integrated at the top of
the feature pyramid network (FPN). The cascaded channel-spatial attention submodules
enabled feature recalibration, enhancing fire detection accuracy. Multi-Sensor Data Fusion
Module: This module established a three-dimensional data synchronization mechanism for
RGB cameras, infrared thermal imaging sensors, and LiDAR. A timestamp alignment strat-
egy ensured millisecond-level data synchronization. Furthermore, the IAO dynamically
filtered sensor data and assigned sensor weight matrices to optimize information fusion.
Path Planning Module: The CFOA implemented a three-stage optimization mechanism:
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exploration, independent search, and group collaboration. A fire scene energy field model
was constructed on a three-dimensional point cloud map. By dynamically adjusting the «
parameter, this module compensated for trajectory deviations caused by wind disturbances.
These three modules interacted through the Robot Operating System (ROS) middleware,
forming a closed-loop control process of “perception—decision—execution.” The specific
data flow followed this sequence: Raw sensor data — Feature fusion layer — Fire source
localization — Swarm path planner — UAV motion controller.

3.3. Experimental Data

Ahybrid dataset comprising two main components was used to validate algorithm per-
formance. 1. The Public Dataset: Fire images from the FireNet dataset, covering day/night
and indoor/outdoor scenes. To enhance robustness, 15% of the samples were augmented
by synthetically adding smoke. 2. The Self-Built UAV Thermal Imaging Dataset: Collected
using a DJI Matrice 300 RTK equipped with a Zenmuse H20T sensor. This dataset included
120 video sequences (1920 x 1080 resolution at 30 fps) across six types of environments:
urban buildings, forests, chemical plants, and more. Frame-level annotations were per-
formed following the ISO 7240-8 standard [40]. Multi-scale random cropping (ranging from
256 x 256 to 1280 x 1280) and adaptive histogram equalization were applied. For smoke
occlusion scenarios, Beta distribution-based random erasing was used with a probability of
0.3 and an erasure ratio of 20-50%. The dataset was split into training (70%), validation
(20%), and testing (10%) sets. Cross-validation by three firefighting experts confirmed an
annotation accuracy of 98.2%. All dataset resources have been open-sourced.

4. Results Analysis
4.1. Fire Source Detection Accuracy Evaluation

To assess the performance of the optimized YOLOvS algorithm in fire source detection,
multiple simulated fire scenarios were used for accuracy testing. Figure 4 presents a
comparison of the algorithm’s accuracy before and after optimization under different fire
source types. It is evident that the optimized YOLOVS algorithm achieved a significant
improvement in fire source detection accuracy, particularly in recognizing small fire sources
and multiple fire points, with a noticeable decrease in false detection rates. This indicates
that the optimized algorithm is better able to adapt to complex fire environments.

[/ ] Precision before optimization (%)
Dm Optimized precision (%)
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Figure 4. Fire source detection accuracy comparison.
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Wind speed is one of the key factors influencing the accuracy of fire suppression
material deployment. To assess the impact of wind speed on deployment effectiveness,
Figure 5 shows the changes in material deployment accuracy under different wind speed
conditions. The results in Figure 5 indicated that wind speed had a significant impact on
deployment accuracy. As wind speed increased, the deployment error gradually increased.
To address this, this study introduced a wind speed compensation strategy that effectively
reduced the impact of wind speed on deployment accuracy.

—&— Delivery error (m)
-- ® - Placement error in windless conditions (m)
—»— Precision loss (%)
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Wind speed (m/s)
Figure 5. Impact of wind speed on fire suppression material deployment accuracy.

4.2. Path Planning Efficiency Evaluation

This study compared the optimized path-planning algorithm with the traditional
A* algorithm to evaluate its flight path efficiency in multi-drone collaboration scenarios.
Figure 6 presents a comparison of the flight time and path length between the two path-
planning methods in different fire environments.

77| A * algorithm flight time (min)

—— Optimization algerithm flight time (min)
e

E

[/ Optimize algorithm path length (m)
A * algorithm path length (m)

Flight time (min)
Path length (m)

T T T
Urban fires Forest fitre  Industrial area Highway fire
- fire
Fire scene

Figure 6. Path planning efficiency comparison.

Figure 6 shows that the optimized algorithm outperformed the traditional A* algo-
rithm in both flight time and path length. This was particularly evident in complex forest
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fires and industrial area fire environments, where the optimized path planning significantly
improved both the efficiency of the path and the responsiveness of the drone swarm.

To assess the impact of path planning and collaborative flight strategies on fire sup-
pression efficiency, this experiment compared multiple strategies. The fire suppression
efficiency under different path planning and collaborative flight strategies is shown in
Figure 7. The results demonstrated that the optimization strategy combining IAO and
CFOA significantly improved fire suppression accuracy and task completion, reducing
suppression time and flight path length.
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Figure 7. Fire support efficiency under different path planning and collaborative flight strategies.

4.3. Fire Suppression Material Deployment Accuracy

To verify the effectiveness of the precise fire suppression material deployment strategy,
experiments tested the deployment accuracy under different strategies. Figure 8 shows
the deployment errors for traditional deployment methods and the method proposed in
this study under different fire sources. Figure 8 illustrates that the material deployment
strategy proposed in this study achieved significantly lower deployment errors for all fire
source types compared to traditional methods. The deployment accuracy was improved by
approximately 10% to 15%, verifying the effectiveness of the proposed strategy.
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Figure 8. Comparison of fire suppression material deployment accuracy.

To comprehensively assess the system’s performance in complex fire environments,
this experiment simulated multiple fire scenarios for testing. Figure 9 presents the overall
evaluation results for different solutions in complex fire environments. The results indicated
that in complex fire scenarios, the optimized path planning combined with the IAO and
CFOA algorithms for drone swarms significantly improved fire suppression efficiency and
task completion speed. Additionally, it demonstrated excellent performance in response
time and flight stability.
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cluster algorithm
Programme

Figure 9. The comprehensive evaluation of different schemes in complex fire environments.

The comparison of detection accuracy and false detection rates for different fire source
types is presented in Table 1. The results indicated that the optimized model significantly
improved detection accuracy and effectively reduced false detection rates across small,
medium, and large fire sources, as well as multi-fire scenarios. For small fire sources, accu-
racy increased from 82.3% to 94.6%, while the false detection rate decreased by 12.7%. For
medium fire sources, accuracy improved from 88.1% to 96.2%, with a 9.5% reduction in the
false detection rate. For large fire sources, accuracy rose from 91.4% to 97.8%, accompanied
by a 5.2% drop in the false detection rate. In multi-fire detection, accuracy increased from
76.5% to 92.1%, with a substantial 15.6% reduction in the false detection rate. These results
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demonstrated that the proposed optimization approach offers significant advantages in
enhancing fire detection accuracy and robustness. Notably, the improved strategy exhibits
superior adaptability and precision in handling complex multi-fire scenarios. This ensures
rapid response and precise operation for UAV swarms in wildfire emergency missions.

Table 1. Comparison of detection accuracy and false detection rates for different fire source types.

Fire Source Type

o YOLOv8 Optimized  False Detection
Criteria

Accuracy Accuracy Rate Decrease
. Flame area < 1 m?, o o o
Small Fire Source Heat radiation < 50 kW /m? 82.3% 82.3% 94.6% 12.7%
Medium Fire Source 1 m?2 < area < 5 m?, 50-200 kW /m? 88.1% 96.2% 9.5%
Large Fire Source area > 5 m?, Heat radiation > 200 kW /m?2 91.4% 97.8% 5.2%
Multi-fire Source 3 independent fire points 76.5% 92.1% 15.6%

present simultaneously

5. Conclusions

The proposed improvements to YOLOVS, particularly the introduction of the de-
formable convolution module, attention mechanism, and HIoU loss function, have the-
oretically optimized the accuracy of object detection. However, their core advantage is
demonstrated in the practical application of fire source recognition. In complex fire environ-
ments, especially when smoke is dense, or fire sources are small, the optimized YOLOvVS8
model performed better. It can dynamically adjust the receptive field and focus more on
the fire source area. This reduces interference from background noise and improves fire
source detection accuracy. In practice, this enables UAV swarms to identify fire sources
more quickly and accurately, minimizing false alarms and missed detections, thus ensuring
precise execution of firefighting tasks. Experimental results showed that in real fire scenar-
ios, the optimized YOLOvS8 model significantly improved detection accuracy. It performed
especially well with small fires and multiple fire points compared to the unoptimized
version. This enhancement helps UAV swarms respond quickly. Next, optimization of
path planning and collaborative flight: The path planning section introduced the IAO
and CFOA algorithms to optimize flight trajectories. This process, based on optimization
algorithms and swarm intelligence models, enables optimal path planning in dynamic
fire environments. In practical applications, the IAO algorithm continuously adjusted
data collection and information-sharing strategies, helping UAV swarms find the shortest
and safest flight path in complex fire environments. Meanwhile, the CFOA algorithm, by
simulating the behavior of fish swarms, optimized cooperation among UAVs and reduced
redundant paths during the flight. When theoretical optimization algorithms were applied
in practice, they effectively reduced flight time and path length for UAV swarms during
firefighting operations, enhancing system efficiency. In real-world scenarios of multi-UAV
collaboration, this path-planning method quickly guided the UAV swarm to the fire source
and deployed firefighting materials precisely, avoiding resource waste and excessive flight.
Further, the practical application of multi-sensor data fusion: Multi-sensor data fusion tech-
nology was used in fire source detection and path planning, integrating data from visual,
infrared, and LiDAR sensors to improve the UAV swarm’s perception in fire environments.
Theoretical data fusion algorithms, such as IAO and CFOA, processed the differences in
sensor data to provide more accurate and comprehensive environmental perception in
complex conditions. In practice, the combination of visual and infrared sensors allowed
UAVs to maintain high fire detection accuracy even in cases of smoke obstruction or in-
sufficient lighting. LiDAR’s three-dimensional spatial data helped UAV swarms avoid
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obstacles accurately, ensuring flight safety. Through data fusion, the entire system sensed
environmental changes in real-time and responded accordingly, enabling more precise
firefighting actions. Experiments tested the system’s performance in various fire scenarios,
including different wind speeds, fire source types, and complex environmental factors. The
results showed that the optimized YOLOvS, IAO, and CFOA algorithms significantly im-
proved fire source detection accuracy and path planning efficiency. Especially in large-scale
fires or complex forest fire environments, UAV swarms quickly responded and accurately
reached fire locations to complete firefighting tasks. However, some limitations exist in
practical applications, such as sensor performance fluctuations under extreme weather
conditions and computational delays in the data fusion process. These issues need further
optimization and resolution in future research. The mathematical methods proposed in this
study have achieved significant performance improvements in practical applications. From
fire source detection to path planning and multi-sensor data fusion, the introduction of
each technology directly enhances the execution efficiency and precision of the UAV swarm
firefighting system. This study combines theoretical methods with practical applications.
It provides a feasible technical solution for UAV swarm deployment in fire emergency
responses. The effectiveness of the solution has been proven through experiments in
real-world fire scenarios.

In practical applications, sensors are a key factor influencing the performance of UAV
swarm firefighting systems. Specifically, visual sensors may experience a significant de-
crease in detection performance in environments with heavy smoke or insufficient lighting,
leading to inaccurate fire source localization. Although this limitation was mitigated by
the introduction of infrared sensors, infrared sensors have limited capability in detecting
distant fire sources and may be affected by variations in fire source heat radiation and
environmental temperature. Additionally, LIDAR also has limitations when detecting trans-
parent objects (such as glass) and certain low-reflectivity objects. To address these issues,
future work could explore the use of multimodal sensors, such as millimeter-wave radar, to
further enhance the system’s robustness. Millimeter-wave radar is unaffected by lighting
and smoke and can operate stably in various complex environments, thereby improving
overall perception capability. Second, although this study employed multi-sensor data
fusion technology, combining data from visual, infrared, and LiDAR sensors to effectively
enhance environmental perception, the data fusion process still faced challenges related
to computational overhead and latency. This is especially problematic when dealing with
large-scale UAV swarm operations, where real-time, efficient processing and fusion of large
amounts of data from different sensors are a significant challenge. To address this, further
optimization of the data fusion algorithms could be considered, such as adopting hierarchi-
cal fusion or cloud-based distributed processing solutions. Hierarchical fusion can process
sensor data at different levels, reducing the computational burden, while cloud computing
can leverage high-performance servers for large-scale data processing, enhancing real-time
performance. Third, in terms of path planning, although this study optimized the UAV
swarm flight trajectories using IAO and CFOA algorithms with good results, path planning
still presents difficulties in complex fire environments. For example, during multi-UAV
collaborative flights, avoiding collisions between UAVs while ensuring the optimality of the
paths is a complex optimization problem. To address this challenge, reinforcement learning
methods could be introduced to achieve autonomous decision-making and collaborative
flight for the UAV swarm. By training UAVs to continuously learn how to avoid obstacles
and collisions in a simulated environment, the safety and efficiency of swarm flight could
be further improved. Fourth, wind speed is an important factor affecting the accuracy of
material deployment by UAV swarms during firefighting operations. Although this study
proposed a wind speed compensation strategy, the strategy still has limitations, especially
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under extreme wind conditions, where material deployment errors may be significant. To
further improve this issue, dynamic adjustment strategies for material deployment could
be considered, incorporating real-time feedback on wind speed and flight trajectories. By
introducing wind speed sensors and real-time monitoring technology, the UAVs’ flight
altitude and deployment angles could be dynamically adjusted during material delivery,
thereby increasing the accuracy of material deployment. Finally, with the continuous
development of UAV technology, the scale of UAV swarms may increase significantly in
the future. In such cases, effectively managing and coordinating the collaborative flight of a
large number of UAVs to ensure the optimization of task allocation and resource utilization
for each UAV becomes an important issue. To address this, a distributed control architecture
could be employed to support the collaborative operation of large-scale UAV swarms. By
introducing distributed computing and collaborative decision-making mechanisms, the
system’s scalability and robustness could be enhanced while reducing the risks associated
with single points of failure.

Despite the breakthroughs achieved in fire source detection and path planning, prac-
tical applications still face challenges in multiple areas, including sensor performance,
data fusion efficiency, path planning complexity, and environmental impacts. To address
these issues, future research could focus on optimizing sensor configurations, improving
data fusion algorithms, introducing novel path-planning methods, refining wind speed
compensation strategies, and enhancing the system’s scalability. These measures will
further improve the efficiency and accuracy of UAV swarms in fire emergency responses,
providing more reliable technical support for the application of UAV swarms in complex
fire scenarios.
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