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Fig.9 Path planning result diagram of multi-UAV using the IDON algorithm
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Fig.10 Path planning result diagram of multi-UAV using the PSO algorithm
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Table 4 Path planning results of multi-UAV using the IDON algorithm
TN A RHF AL/ s B ka5 RS [E] /s 1 [1] i [ /s KATHEE/m
1 0.0 36.0 66.0 101.0 443.07
2 40.0 75.0 105.0 139.0 403. 15
3 80.0 103.5 133.5 156.0 387.75
£S5 PSOHEZESRANBEMKER
Table 5 Path planning results of multi-UAV using the PSO algorithm
TEAHL KT/ s R A R E] /s IRFLAT ]/ s & B[R] /s KATHE R /m
1 0.0 55.3 85.3 139.9 496. 10
2 40.0 86.2 116.2 161.7 466. 31
3 80.0 125.5 155.5 200. 3 448.01
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Fig.11 Radar diagram of multi-UAV performance

comparison
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Cooperative firefighting using multi-UAVs in urban settings based
on an improved DON algorithm

QIN Rui, ZHANG Xiaoling

(College of Transportation Science and Engineering, Civil Aviation University of China, Tianjin 300300, China)

Abstract: To enhance the efficiency of urban fire rescue operations, this paper presents a multi-UAV cooperative firefighting path
planning algorithm based on an Improved Deep Q-Network (IDQN). First, we establish a sequential collaborative decision-making
model with equal time intervals for multi-UAV single-target operations. This model ensures that multiple UAVs arrive at the fire scene in
an orderly and efficient manner to execute fire extinguishing tasks, thereby minimizing task conflicts and resource waste. Second, the
algorithm incorporates a prioritized experience replay mechanism to improve training stability. Additionally, a dynamic state
representation method is developed to navigate dense urban obstacle environments effectively. A 26-direction three-dimensional action
space is implemented to enhance the UAVs’ maneuverability and obstacle avoidance capabilities in three-dimensional environments,
thereby improving their perception of complex spatial features. A multi-objective composite reward function—comprising directional
guidance, step penalties, arrival rewards, and collision penalties—is constructed, allowing the UAVs to autonomously balance path
length and flight safety during operations, significantly boosting mission reliability. Finally, given the priority requirements of urban
firefighting tasks, a hierarchical weighting method is employed to assign differentiated weights to time cost, energy consumption cost,
and flight distance cost, leading to the development of a multi-objective weighted path optimization model. Simulation training conducted
on the MATLAB platform facilitates efficient cooperative path planning for multiple UAVs. The simulation results indicate that when
three UAVs take off at 40-second intervals to perform firefighting tasks, the total mission time is maintained within 156 seconds—a
substantial reduction of 58. 0% compared to the 371. 4 seconds required by a single UAV. Additionally, when compared to the Particle
Swarm Optimization (PSO) algorithm, the proposed IDQN algorithm achieves a further reduction in average task execution time by
27.8% and a decrease in total flight distance by 12. 5% . These findings demonstrate significant improvements in both time efficiency
and path economy, thereby enhancing the overall effectiveness and practicality of the multi-UAV cooperative system. In the evaluation of
multi-UAV performance radar chart, UAV 3 is leading in path length, mission time, obstacle avoidance ability and collaborative
efficiency. Although UAV 1 consumes the most fuel, the three UAVs together constitute a multi-aircraft cooperation pattern with
complete functions and outstanding special advantages.

Key words: safety engineering; deep reinforcement learning algorithm; multi-UAV cooperation; urban fires; collaborative firefighting ;

path planning
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