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Abstract. This paper proposes a path deviation control method that integrates laser vision 
guidance and trajectory prediction to address deviations caused by limited environmental 
perception in multi-drone cooperative tasks. First, a local 3D point cloud map is constructed using 
Light Detection and Ranging (LiDAR). Global environment modeling is achieved through 
Oriented FAST and Rotated BRIEF Simultaneous Localization and Mapping 3 (ORB-SLAM3) 
and a multi-agent cooperative mapping mechanism. Second, multidimensional constraints, 
including turning radius, velocity, and safety distance of the unmanned aerial vehicles (UAVs), 
are incorporated into an improved A* algorithm to enhance the accuracy and feasibility of 
trajectory prediction. Finally, real-time path correction is realized using a fuzzy 
proportional-integral-derivative (PID) controller, forming a closed “perception-planning-control” 
loop. Experimental results show that the proposed method achieves a path deviation of only 1.0 m, 
reduces task time to 10 min, and maintains a collision rate as low as 2 %. It remains stable under 
complex conditions such as Global Positioning System (GPS) denial and strong winds. The 
method significantly improves path accuracy, stability, and obstacle avoidance capability in 
multi-drone cooperative tasks and can be widely applied in fields such as logistics distribution, 
disaster monitoring, and cooperative inspection.  
Keywords: laser vision guidance, trajectory prediction, multi-UAV, cooperative tasks, path 
deviation control, cooperative map construction. 

1. Introduction 

Currently, unmanned aerial vehicle (UAV) technology is widely applied in practice owing to 
its high efficiency, flexibility, and ability to enable cooperative operations among unmanned 
clusters, particularly in fields such as agriculture, military, and logistics [1]. In real-world 
scenarios, multiple drones cooperating to perform tasks can fully leverage the advantages of UAV 
clusters, ensuring high efficiency and quality of task execution [2]. With the continuous 
advancement of information technology and digitalization, the application scope of UAVs keeps 
expanding. This is especially evident when multiple drones are employed to cooperate in task 
execution. Due to complex application environments, interference from various external factors, 
and equipment failures [3], certain deviations may occur in the flight paths of multiple drones. 
Once a path deviation arises, it reduces the efficiency and accuracy of task execution and may also 
lead to inter-drone collisions, resulting in safety incidents and economic losses [4]. Therefore, a 
path deviation control method for multi-drone cooperative task execution not only helps improve 
the quality and efficiency of UAV task performance but also promotes the further development of 
UAV control technology, which is of considerable significance. 

Trad et al. introduced deep reinforcement learning and proposed a multi-UAV path deviation 
control method [5]. The method described drone positions and states using a state space and then 
determined motion strategies via an action space based on environmental parameters, thereby 
achieving an optimal motion path. After determining the optimal action of the drone using the 
Deep Q-Network (DQN) deep reinforcement learning algorithm, the model was iteratively 
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updated to accomplish deviation calculation and control. However, in practical applications, it has 
been found that this method struggled to cope with the impact of complex external environments 
on deviation control, leading to degraded quality of path deviation control. Shiri et al. introduced 
an attention mechanism and proposed a multi-UAV path deviation control method [6]. Multiple 
sensors collected drone operation data. The collected data were normalized and cleaned. Key 
operational features were then extracted to determine the drone’s actual state and path deviation. 
Once the path deviation was determined, a drone path deviation control model based on the 
attention mechanism was constructed. The extracted key features were input into the model, which 
then determined the drone position and attitude adjustment strategy according to the actual 
situation and executed the adjustment strategy to optimize the control of the drone, thereby 
accurately reducing path deviation. However, practical tests revealed that this method did not 
account for the cooperative relationships among multiple drones, making collisions between them 
likely. Consequently, there was a significant gap between the practical performance of this method 
and the expected goal. Sakai et al. comprehensively considered data-driven dual-rate cascade 
control of pitch angle and designed a novel UAV path deviation control method [7]. Historical 
flight data were used to train a data-driven model, and a dual-rate cascade control system was 
constructed. In this system, the outer loop controlled the pitch angle while the inner loop controlled 
the pitch rate, achieving fast response and precise control. Nevertheless, practical testing showed 
that the pitch angle calculated by this method deviated significantly from the actual value, and its 
control quality was consequently not high. Xin et al. proposed a drone control method based on 
real-time deep-learning object detection [8]. Cameras installed on each drone performed real-time 
object detection using the You Only Look Once (YOLO) deep-learning model. The YOLO object 
detector continuously estimated the relative position of the UAV ahead, and based on this position, 
each drone was controlled by a proportional-derivative (PD) feedback controller to achieve 
formation control. Sun et al. proposed an intelligent distributed UAV control method based on 
optical flow sensors [9]. This method addressed the issues of high cost and relatively fixed 
operating environment associated with GPS, optical motion capture, or other positioning methods 
used for distributed drones. Using optical flow sensors, drone systems could achieve high-
precision, low-cost autonomous positioning, real-time obstacle avoidance, and hover correction, 
thereby realizing an intelligent distributed UAV control method. 

Although some progress has been made in controlling path deviation for multiple drones, 
limitations remain. These include incomplete environmental perception and the fact that trajectory 
prediction insufficiently considers UAV physical constraints and dynamic coordination. 
Furthermore, control strategies lack adequate adaptability in complex environments. This paper 
presents a path deviation control method for multi-UAV cooperative task execution based on laser 
vision guidance and trajectory prediction. The limitations of existing research are summarized in 
Table 1. 

Table 1. Analysis of limitations in existing studies 
Method Main content Research limitations and gaps 

Trad et 
al. 

(2024) 

Path control based on deep reinforcement 
learning (DQN) optimizes drone flight 

strategy through state action reward 
mechanism 

Relying heavily on simulation training and 
lacking generalization ability; Without 

integrated real-time environmental 
perception, it is difficult to cope with 

dynamic obstacles and weather changes 

Shiri et 
al. 

(2022) 

Multi drone path planning using attention 
mechanism, achieving collaborative control 

through feature extraction and attention 
weight allocation 

Not considering the dynamic coupling and 
physical constraints between drones; 

Conflicts and collision risks are prone to 
occur in multi machine intensive scenarios 

Sakai et 
al. 

(2022) 

Data driven dual rate cascade pitch angle 
control achieves path tracking through the 
coordination of the outer and inner loops 

Without integrating environmental 
perception information, the control effect is 

limited in complex or dynamic environments 
with obstacles 
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Xin et 
al. 

(2023) 

Real time object detection and PD 
controller based on YOLO deep learning 

model for unmanned aerial vehicle 
formation control 

Dependent on visual sensors, greatly affected 
by lighting and occlusion; Strong 

communication dependency, prone to 
instability in complex environments 

Sun et 
al. 

(2023) 

Intelligent distributed control method based 
on optical flow sensors to achieve low-cost 

autonomous positioning and hover 
correction 

Limited applicability scenarios, relying on 
ground texture features; Weak wind 

resistance and insufficient adaptability to 
outdoor dynamic environments 

This 
work 

Laser vision fusion mapping (LeGo 
LOAM+ORB-SLAM3)+multi constraint 
improved * trajectory prediction+fuzzy 
PID closed-loop control, achieving full 

process collaborative control from 
environmental perception, trajectory 

planning to real-time correction. 

To address most of the limitations mentioned 
above, the innovation of the proposed 

method is as follows: 
1. By fusing data from multiple sensors, it 
can effectively enhance the real-time 
performance of environmental perception 
and robust anti-interference ability; 
2. In the trajectory prediction stage, 
embedding the dynamic characteristics and 
collaborative constraints of the drone can 
significantly improve the feasibility of the 
generated trajectory; 
3. Design a closed-loop control architecture 
that enables the system to have stronger 
stability and adaptability in the face of 
various disturbances; 
4. Through on-site verification of multi 
machine collaborative tasks, the system has 
demonstrated better performance than the 
comparative methods in key indicators such 
as path accuracy, task execution time, and 
collision occurrence rate. 

Although some progress has been made in the control of path deviation for multiple drones, 
limitations remain, including incomplete environmental perception, insufficient consideration of 
drone physical constraints and dynamic coordination in trajectory prediction, and inadequate 
adaptability of control strategies in complex environments. Unlike the above methods, the method 
proposed in this paper has essential differences in the following aspects: the method based on deep 
reinforcement learning in [5] relies heavily on simulation training and does not integrate real-time 
environment perception; the method based on attention mechanism in [6] does not consider the 
dynamic coupling and physical constraints between UAVs; and the method based on data-driven 
cascade control in [7] does not integrate environment perception information. The novelty of this 
method lies in the first-time organic combination of laser vision fusion mapping technology, an 
A* trajectory prediction method improved with multi-constraint considerations, and a fuzzy PID 
closed-loop control strategy, forming a full-process collaborative control framework: at the 
perception level, high-precision global collaborative maps are constructed through the tight 
coupling fusion of LeGO-LOAM and ORB-SLAM3; at the planning level, multidimensional 
constraints such as turning radius, speed boundary, and safe distance between drones are 
embedded into the cost function of the improved A* algorithm; at the control level, real-time 
correction is achieved by using the deviation between the predicted trajectory and the actual 
position as the input to the fuzzy PID controller. This complete closed-loop architecture of 
“perception-planning-control” differs from the limitations of existing methods that separate 
perception and control, neglect physical constraints in planning, or lack environmental feedback 
in control, thus achieving significant improvements in key performance metrics such as path 
accuracy, system stability, and obstacle avoidance ability. 

Laser vision guidance represents a state-of-the-art navigation technology that employs laser 
emission and reception modules along with visual sensors to achieve high-precision positioning 
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and accurate navigation of UAVs [10]. Compared with traditional GPS navigation, laser vision 
guidance is unaffected by weather conditions and light intensity, providing stable navigation 
information even in complex environments. Moreover, when integrated with trajectory prediction 
technology, it can further pre-plan flight paths for drones, effectively avoiding potential collision 
risks and thus improving task execution efficiency. Therefore, applying laser vision guidance and 
trajectory prediction technology to the path deviation control stage in multi-UAV cooperative task 
execution can enhance the overall performance of the UAV system. The novelty of the proposed 
method lies in establishing a full-process cooperative control framework that combines laser-
vision-based fusion mapping, an improved trajectory prediction method incorporating multiple 
constraints, and a fuzzy-PID closed-loop control strategy. It successfully overcomes limitations 
of existing methods, such as incomplete environmental perception and insufficient consideration 
of UAV physical constraints and dynamic cooperative requirements in trajectory prediction, while 
addressing the poor adaptability of control strategies in complex environments. The method first 
achieves high-precision perception of complex environments through multi-drone cooperative 
mapping. Second, by incorporating multidimensional factors - including minimum turning radius, 
minimum path length, flight speed conditions, and spatial constraints - the improved A* algorithm 
achieves trajectory prediction that better complies with UAV dynamic and coordination 
requirements. Finally, a closed-loop deviation control mechanism based on a fuzzy control 
algorithm and a PID speed control algorithm enables rapid response and accurate correction of 
path deviations, thereby enhancing the overall cooperative performance of multi-UAV systems in 
dynamic and complex environments while improving path control accuracy, system stability, and 
obstacle-avoidance capability. The method demonstrates significant practical value in scenarios 
such as industrial inspection, logistics distribution, and disaster management. For industrial 
inspection tasks including power line inspection and infrastructure monitoring, it enables high-
precision, high-coverage cooperative operations in complex, unstructured environments, 
effectively reducing manual involvement and operational risks. In emergency logistics and urban 
distribution scenarios, by relying on accurate trajectory prediction and real-time deviation control, 
the method ensures safe and efficient passage of multiple drones in dense and dynamically 
changing obstacle environments, greatly improving the success rate and timeliness of material 
delivery. In disaster monitoring and search-and-rescue applications, the system maintains stable 
operation under harsh conditions such as GPS signal denial and sensor interference, providing 
strong support for UAV clusters to perform stable cooperative surveys and real-time situational 
awareness in complex post-disaster terrain. Overall, through full-chain optimization of 
environmental perception, trajectory planning, and control execution, the method offers a feasible 
technical pathway for large-scale, highly reliable cooperative operation of multi-UAV systems in 
real-world industrial and emergency scenarios. 

2. Theoretical and industrial/management implications 

2.1. Theoretical implications 

This study proposes an integrated multi-drone cooperative control framework at the theoretical 
and methodological levels, with the following key contributions.  

First, in multi-sensor fusion and simultaneous localization and mapping (SLAM), this work 
innovatively combines the Length- and Ground-Optimized Lidar Odometry and Mapping on 
Variable Terrain (LeGO-LOAM) algorithm with the Oriented FAST and Rotated BRIEF 
Simultaneous Localization and Mapping 3 (ORB-SLAM3) algorithm to construct a cooperative 
mapping method suitable for multiple drones. This approach not only enhances the real-time 
performance and accuracy of local maps but also addresses map alignment and drift-correction 
issues in multi-view, multi-source data through a unified world coordinate system and map-fusion 
mechanism, thereby laying a reliable foundation for future path planning and control in dynamic 
environments. Second, regarding trajectory prediction, the study improves the classical A* 
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algorithm by incorporating multidimensional constraint fusion. The dynamic characteristics of 
UAVs and environmental constraints are embedded into the cost function, and a dynamic 
weight-adjustment mechanism is introduced, enabling the algorithm to maintain high efficiency 
and adaptability in complex dynamic settings. This provides an extensible heuristic-search 
framework for multi-agent cooperative path planning. Finally, at the control-strategy level, an 
integrated closed-loop control process combining fuzzy logic and PID control is constructed, 
achieving rapid response and accurate correction of path deviations and offering theoretical and 
methodological support for robust control of multi-UAV systems in uncertain environments. 

2.2. Industrial and management implications 

Industry refers to economic sectors that utilize science, technology, equipment, and manpower 
to engage in the production, processing, and construction of material products, including 
manufacturing, energy, mining, and construction. Management denotes the process of 
coordinating human, material, financial, and information resources through functions such as 
planning, organizing, leading, and controlling to achieve organizational goals. The method 
proposed in this study holds significant practical value for industrial applications and operational 
management. 

At the industrial application level, the method can be widely employed in scenarios such as 
emergency logistics distribution, urban inspection, agricultural crop protection, and disaster 
monitoring. For example, in emergency material distribution, it enables precise, efficient, and safe 
cooperative flight in complex urban environments, thereby substantially improving the efficiency 
and reliability of material delivery. When applied to power-line inspection or infrastructure 
monitoring, multiple drones can cooperate to complete large-scale, high-precision data-collection 
tasks, effectively reducing labor costs and operational risks. Moreover, the method maintains 
stable operation under harsh conditions such as GPS signal loss and sensor interference, further 
enhancing the applicability and anti-interference robustness of UAV systems in real-world 
industrial environments. 

From a management perspective, the proposed method provides solid and robust technical 
support for multi-drone clusters in task scheduling, resource allocation, and cooperative efficiency 
management. Through real-time trajectory prediction and deviation control, managers can achieve 
dynamic monitoring and intelligent scheduling of drone clusters, optimize task execution 
sequences and path planning, reduce collision risks and energy consumption, and improve overall 
task execution efficiency. Furthermore, the method supports flexible scaling of the number of 
drones, with low memory usage and high system stability, which facilitates centralized control 
and distributed cooperation of large-scale drone clusters. This offers a feasible technical pathway 
and management paradigm for UAV operation and management in future domains such as smart 
logistics and smart cities. 

3. Path deviation control method for multi-UAV cooperative task execution 

The process architecture of path deviation control for multi UAV collaborative task execution 
based on laser vision guidance and trajectory prediction is shown in Fig. 1. 

The process of path deviation control for multi-UAV collaborative task execution based on 
laser vision guidance and trajectory prediction is as follows:  

First, in the perception layer, each drone is equipped with LiDAR and visual sensors, and the 
LeGO-LOAM algorithm is used for point cloud segmentation, feature extraction, radar odometry 
calculation, and loop detection to generate local 3D point cloud maps. Then, a unified world 
coordinate system is established through the ORB-SLAM3 framework, and the local maps are 
fused into a global collaborative task map based on a keyframe consensus mechanism and the ICP 
registration algorithm. Second, at the planning level, the lower limits of the turning radius, path 
length, flight speed conditions, inter-UAV safety distance, and obstacle avoidance space 
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constraints are embedded into the cost function of the improved A* algorithm. The optimal 
trajectory set that meets the dynamic characteristics of the UAVs and the requirements of 
multi-UAV coordination is generated through a dynamic weight adjustment mechanism. Finally, 
in the control layer, the predicted trajectory is compared with the actual flight position to calculate 
the angle deviation and center distance deviation. These two deviations are used as inputs for the 
fuzzy controller, and after fuzzy inference, PID control parameters are output to drive the drone 
to perform corrective actions, forming a closed-loop feedback link of “perception-planning-
control”. 

 
Fig. 1. Process architecture of path deviation control for multi-UAV collaborative task execution  

based on laser vision guidance and trajectory prediction 

3.1. Cooperative map construction for multi-UAV systems based on laser vision guidance 

The construction of a three-dimensional map for multi-UAV cooperative tasks using laser 
vision guidance imposes specific requirements on the mapping algorithm, as it must coordinate 
multi-UAV cooperative actions while demonstrating high tolerance to drift errors and maintaining 
real-time performance. After comprehensive evaluation, the LeGO-LOAM algorithm is selected. 
It is used for individual UAV local map construction based on laser vision guidance. The 
architecture for constructing a local map of a single UAV using this guidance approach is shown 
in Fig. 2. 

Fig. 2 illustrates the process of constructing a local map for a single UAV based on laser vision 
guidance. The process adopts the LeGO-LOAM algorithm framework, which is divided into 
front-end and back-end parts. Starting from the point cloud data acquired by LiDAR scanning, the 
front-end sequentially performs point cloud segmentation, feature extraction, LiDAR odometry 
computation, and loop-closure detection to estimate the UAV’s pose changes in real time and 
extract environmental features. The back-end then applies pose-graph optimization to the pose 
estimates from the front-end, performing global consistency correction to effectively reduce 
accumulated errors. Finally, the optimized pose information is used for map construction and 
updating, generating an accurate local 3D point cloud map. The entire process forms a complete 
closed loop from data acquisition and feature processing to optimized mapping. 

The Lightweight and Ground-Optimized Lidar Odometry and Mapping on Variable Terrain 
(LeGO-LOAM) algorithm is a specialized light detection and ranging (LiDAR) odometry and 
mapping method designed primarily for real‑time six-degree-of-freedom (6DOF) pose estimation. 
Developed as an optimization of the LOAM framework, it enables real‑time pose estimation for 
UAVs even on low‑power embedded systems. 
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Fig. 2. Process for constructing a local map of a single UAV based on laser vision guidance 

During the local map construction for a single UAV using the LeGO-LOAM algorithm, 
three-dimensional point-cloud data of the surrounding environment are acquired by a LiDAR 
sensor mounted on the drone. The front-end processing comprises four key steps: point-cloud 
segmentation, feature extraction, LiDAR odometry, and loop-closure detection [11]; the back-end 
carries out pose-graph optimization. Through the joint operation of the front-end and back-end, 
the system significantly reduces the UAV’s drift error and enhances the real-time performance of 
local 3D point-cloud map generation. In the feature-extraction stage, smoothness is computed 
using Eq. (1): 𝑐 = 1|𝑆| ⋅ |𝑟௞௜|ብ ෍ ൫𝑟௞௝ − 𝑟௞௜൯௝∈ௌ,௝ஷ௜ ብ. (1)

Depth information is denoted by 𝑟௞௜, while the set of points consisting of a specific point in the 
laser point cloud and five adjacent points on each side within the same row is represented by 𝑆 
[12]. Subsequently, in the LiDAR odometry stage, iterative processing is carried out using Eq. (2): 𝑊௞ ← 𝑊௞ − ൫𝐽் + 𝑑𝑖𝑎𝑔ሺ𝐽்𝐽ሻ൯ିଵ𝐽்ℎ, (2)

where, 𝐽 denotes the Jacobian matrix, 𝑊௞ represents the pose estimate, and ℎ has a dual 
interpretation: it refers both to the distance between edge features and to the distance for the planar 
feature set.  

In the back‑end design, the UAV pose‑graph objective function enables the acquisition of 
accurate UAV pose transformation data: 

min𝑊 = 12 ෍ 𝑒௜௝்ሺ௜,௝ሻ∈ఌ ෍𝑒௜௝ିଵ
௜௝ . (3)
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The pose estimates of all pose nodes are denoted by 𝑊; the set of all edges is denoted by 𝜀; 
the pose estimation error is denoted by 𝑒௜௝; and the covariance matrix is denoted by ∑  ௜௝ . 

Following the acquisition of the UAV’s pose transformation results, the system performs final 
loop‑closure detection and map construction to generate the completed local 3D point‑cloud map. 
The proposed map‑construction method for laser‑vision‑guided multi‑UAV cooperative systems 
integrates local 3D point‑cloud maps by establishing a unified world coordinate system for each 
UAV.  

(I) World Coordinate System Establishment. 
ORB‑SLAM3 (Oriented FAST and Rotated BRIEF Simultaneous Localization and Mapping) 

is an open‑source real‑time visual SLAM system, developed by extending and enhancing 
ORB‑feature‑based 3D localization and mapping algorithms such as ORB‑SLAM2 and 
ORB‑SLAM‑VI, with compatibility for various camera configurations. The ORB‑SLAM3 
framework incorporates a DBoW2 (Database of Words) database to store keyframes captured by 
the multi‑UAV laser‑vision systems. The pose transformation between adjacent keyframes can be 
computed using Eq. (3). The construction of the world coordinate system for each UAV involves 
the following steps:  

1) Position multiple UAVs performing cooperative tasks with aligned LiDAR orientations to 
establish inter‑system consensus [13] and ensure sufficient feature‑point acquisition.  

2) Initialize each UAV's LiDAR system and store the processed keyframes in the DBoW2 
database through ORB‑SLAM3.  

3) The keyframes stored in the DBoW2 database serve as reference frames for each UAV to 
build its world coordinate system.  

4) After establishing their respective world coordinate systems, the UAVs generate a 
cooperative task‑execution map.  

(II) Multi‑UAV Cooperative Map Fusion. 
After obtaining world coordinate systems from their respective local 3D point‑cloud mapping 

systems, the UAVs employ the RGB‑L‑integrated ORB‑SLAM3 algorithm to produce a 
cooperative task‑execution map. The fusion process is illustrated in Fig. 3. 

 
Fig. 3. Map fusion framework for multi-UAV cooperative task execution 
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The multi‑UAV cooperative task map‑fusion process consists of three key steps:  
(1) Retrieving local 3D point‑cloud maps and camera images from the keyframe database using 

laser‑vision guidance;  
(2) Establishing coordinate transformations through the keyframe‑tracking model and the 

Iterative Closest Point (ICP) algorithm when camera‑image consensus is reached, followed by 
world‑coordinate‑system creation via Robot Operating System 2 (ROS2) data‑transmission 
topics;  

(3) Acquiring UAV pose states and performing loop‑closure detection to generate the final 
local 3D point‑cloud map.  

Based on the world coordinate system defined in step (2), each local map is transformed using 
the pose‑transformation relationship [14], projecting it into the world coordinate system and 
integrating it into a multi‑UAV cooperative task‑execution map. 

In the multi‑UAV cooperative task‑execution map constructed through the above process, an 
improved A* algorithm is employed for multi‑UAV trajectory prediction to generate the 
cooperative task‑execution path, while path‑deviation control is achieved by comparing the 
predicted path with the target path. 

3.2. Trajectory prediction for multi-UAV cooperative tasks based on an improved A* 
algorithm 

Fig. 4 illustrates the path-deviation control process for multi-UAV cooperative task execution 
based on trajectory prediction. 

 
Fig. 4. Path deviation control process for multi-UAV cooperative task execution 

Fig. 4 illustrates the complete path-deviation control process for multi-UAV cooperative task 
execution based on trajectory prediction. First, a feasible flight path is determined by constructing 
a multi-UAV cooperative task map and defining flight-trajectory nodes using laser-vision 
guidance. Then, a trajectory-prediction module that incorporates safety constraints as well as 
threat and uncertainty factors generates a feasible and accurate cooperative trajectory. Finally, the 
deviation between the predicted trajectory and the actual flight position is fed into a PID controller 
to achieve closed-loop path correction, forming a complete deviation-suppression chain that spans 
environmental perception, trajectory planning, and real-time control. The multi-UAV cooperative 
task-execution path-deviation control builds upon the single-UAV trajectory-prediction algorithm 
[15] and integrates multiple constraints and objective functions for cooperative trajectory 
prediction. These include collision-avoidance constraints and inter-agent information-sharing 
constraints [16], while the objective function aims either to minimize the total operational cost of 
the UAV swarm or to maximize simultaneous target arrival. This framework enables the 



PATH DEVIATION CONTROL FOR MULTI-UAV COOPERATIVE TASK EXECUTION BASED ON LASER VISION GUIDANCE AND TRAJECTORY 
PREDICTION. JINGJING LIAO 

10 ISSN PRINT 2335-2124, ISSN ONLINE 2424-4635  

acquisition of optimal trajectory-prediction data for multi-drone cooperative task execution. The 
prediction result is compared with the drone's actual position to accurately calculate the deviation. 
The deviation value is then input to the PID controller. By leveraging the regulating capability of 
the PID controller, path deviation can be effectively corrected, ensuring stable flight of the drone 
along the predefined route. 

The A* algorithm employs a heuristic strategy that combines characteristics of Dijkstra’s 
algorithm and the greedy algorithm. It leverages the advantage of Dijkstra’s algorithm in precisely 
exploring globally optimal paths while also adopting the greedy algorithm’s ability to rapidly 
approach the target during the search process, thereby enabling efficient and accurate prediction 
of the optimal trajectory [17-18]. As a classical heuristic algorithm for trajectory prediction, the 
A* algorithm incorporates heuristic information throughout its computation [19-20]. Its evaluation 
function is given by: 𝑓ሺ𝑖ሻ = 𝑔ሺ𝑖ሻ + 𝑢ሺ𝑖ሻ, (4)

where, 𝑖 denotes an arbitrary node in the trajectory-prediction process. 𝑓ሺ𝑖ሻ represents the 
evaluation function for trajectory generation, indicating the total trajectory cost from the start to 
the target via node 𝑖. 𝑔ሺ𝑖ሻ corresponds to the actual trajectory cost (distance) for the UAV to travel 
from the start to node 𝑖 in the flight environment, while 𝑢ሺ𝑖ሻ denotes the heuristic function that 
estimates the optimal trajectory cost from node 𝑖 to the target point. 

The A* algorithm can find an optimal solution under specific conditions [21]. To guarantee 
optimality, the heuristic function 𝑢ሺ𝑖ሻ used by the A* algorithm must be admissible, meaning it 
must never overestimate the actual cost 𝑔ሺ𝑖ሻ to reach the goal. If 𝑢ሺ𝑖ሻ is always less than or equal 
to 𝑔ሺ𝑖ሻ, the algorithm is guaranteed to find the optimal solution. However, if 𝑢ሺ𝑖ሻ overestimates 𝑔ሺ𝑖ሻ, optimality cannot be ensured. 

To enhance the performance of trajectory prediction in multi-drone cooperative task execution 
and minimize path deviation, the A* algorithm is improved based on its actual cost function. 
Specifically, the optimization of the actual cost function incorporates multiple factors, including 
the minimum turning radius, the minimum path length, specific velocity requirements, and spatial 
constraints of the UAV [22-23]. The detailed procedure is provided in the Appendix. 

During cooperative task execution, assuming that each drone maintains a constant-speed flight 
state, its flight distance and flight time exhibit a proportional relationship. Consequently, the 
distance between different drones can be derived by calculating the position of each drone at a 
specific time point t. 

Based on the above analysis, the trajectory for cooperative task execution is predicted. The 
flight trajectories predicted by the improved A* algorithm during multi-drone cooperative task 
execution, together with the inter-drone deviation data, serve as input to the PID controller, 
enabling effective control of path deviation in multi-drone cooperative task execution [24]. 

Simultaneously, a dynamic weight-adjustment mechanism is introduced into the algorithm. 
This mechanism can adjust the influence weights of various constraints on the cost function in 
real time and flexibly, depending on different task scenarios and the specific performance of the 
drone. This process enhances the adaptability and flexibility of the algorithm. In handling spatial 
constraints, the algorithm calculates the position of each drone in real time, dynamically ensures 
a safe distance between drones, and maintains a minimum safe distance between drones and 
obstacles. It can effectively cope with complex and varying flight environments, significantly 
improving the safety and reliability of trajectory planning. Moreover, by comprehensively 
considering multidimensional constraints, the algorithm also optimizes the heuristic function to 
produce a more accurate estimate of the optimal-path cost from the current node to the target node, 
thereby accelerating convergence to the optimal solution. 

Overall, the improved A* algorithm achieves substantial improvements in the accuracy, 
efficiency, safety, and reliability of trajectory planning across multiple key dimensions, providing 
essential algorithmic support for path-deviation control in multi-UAV cooperative task execution. 
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The research objective is to verify the effectiveness of the improved A* algorithm in predicting 
trajectories for multi-UAV cooperative tasks, and to conduct comparative experiments with three 
alternative trajectory-prediction methods: the Model Predictive Control (MPC)-based 
trajectory-length method combining optimization and learning, the deep-learning-based 
trajectory-prediction method, and the improved Rapidly-exploring Random Tree star 
(RRT*)-based trajectory-prediction method. In the experiment, the trajectory length between the 
predicted endpoint and the target position obtained by each method is recorded and compared; the 
results are presented in Table 1. 

Table 2. Predicted trajectory lengths between endpoints and target positions using different methods (m) 
Drone 

Number 
Improve the 

trajectory length of 
the A* algorithm 

MPC trajectory length 
based on optimization 

and learning 

Trajectory length 
based on deep 

learning 

Trajectory length 
based on improved 

RRT* algorithm 
UAV1 125.6 132.4 140.2 136.8 
UAV2 118.3 126.7 135.1 131.5 
UAV3 130.2 138.9 145.6 139.7 

According to the analysis in Table 2, on all tested drones the trajectory length predicted by the 
improved A* algorithm is shorter than those obtained by the optimization-and-learning-based 
MPC method, the deep-learning method, and the improved RRT* algorithm. Its average trajectory 
length is 124.7 m, which is 6.0 %, 11.1 %, and 8.3 % shorter than the lengths produced by the 
MPC, deep-learning, and improved RRT* methods, respectively, indicating higher prediction 
accuracy. This improvement mainly stems from the deep integration of multidimensional 
constraints in the improved A* algorithm, which incorporates both the dynamic characteristics of 
UAVs and spatial safety requirements into the cost function, thereby avoiding the path redundancy 
or feasibility risks caused by fragmented constraint handling in traditional methods. The dynamic 
weight-adaptation mechanism of the algorithm can adjust constraint weights in real time according 
to the task objectives; for example, it reduces safety-distance weights to shorten paths in 
emergency tasks, whereas the MPC and deep-learning methods employ fixed weights and the 
improved RRT* algorithm relies on manually set parameters, which lack such flexibility. 
Furthermore, the algorithm intelligently optimizes the heuristic function by implicitly 
incorporating multiple constraints into the path-cost estimation, which improves search efficiency 
and overcomes the problems of local optima in the conventional A* algorithm and the low search 
efficiency of the improved RRT* algorithm. 

3.3. Path deviation control based on PID 

The UAV adjusts its movement direction according to the trajectory generated by the A* 
algorithm through a path‑control cycle that follows the sequence perception → decision → 
execution → correction. During cooperative operations, trajectory deviations may arise due to 
obstacles or environmental disturbances, requiring corrective directional adjustments. Based on 
the UAV control‑system architecture, a path‑deviation control methodology that integrates fuzzy 
logic with PID speed‑control algorithms is developed [25-26], as illustrated in Fig. 5. 

In Fig. 5, ∆𝛼 denotes the angular deviation between the UAV and the predicted trajectory, and ∆𝑞 represents the lateral-distance deviation between the UAV and the predicted trajectory. The 
fuzzy-control algorithm performs path-deviation correction over multiple control cycles [27-28]. 
For each adjustment cycle, the algorithm takes ሺ∆𝛼௧ ,∆𝑞௧ሻ as input parameters, where ∆𝛼௧ is the 
angular-deviation input for the 𝑡-th cycle and ∆𝑞௧ is the lateral-distance-deviation input for the 𝑡-th cycle [29-30]. In summary, the path-deviation control process for multi-UAV cooperative 
task execution based on laser-vision guidance and trajectory prediction is illustrated in Fig. 6. 

Fig. 6 illustrates the complete path-deviation control process for multi-UAV cooperative task 
execution based on laser-vision guidance and trajectory prediction. First, a local 3D point-cloud 
map is constructed through multi-sensor data acquisition, and a global cooperative task map is 
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generated. Then, an A* algorithm is employed to predict the cooperative trajectory of multiple 
UAVs, producing the optimal cooperative trajectory under multi-constraint fusion. Subsequently, 
control commands are generated via fuzzy logic, and UAV attitude control is implemented using 
a PID controller. After verifying whether the path deviation has been eliminated, the UAV is 
guided to the target point. Finally, the entire task-execution process – from environmental 
perception and cooperative map construction through trajectory prediction to closed-loop control 
– is completed. 

 
Fig. 5. Implementation process of the PID‑based  

UAV path deviation control algorithm 
 

 
Fig. 6. Path deviation control process for multi-
UAV cooperative task execution based on laser 

vision guidance and trajectory prediction 

4. Experimental results 

This paper investigates a laser‑vision‑guided path‑deviation control method for multi‑UAV 
cooperative task execution based on trajectory prediction. To evaluate the practical performance 
of the method, a multi‑UAV cooperative emergency‑supply‑delivery task in an urban environment 
is selected as the test scenario (as shown in Fig. 7). The JDX‑20 “Jingque” UAV model serves as 
the test platform, and its specifications are detailed in Table 3. The proposed method is 
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experimentally validated by performing path‑deviation control tests on the test platform during 
cooperative task execution. 

 
a) UAV base station 

 
b) UAV delivery 

Fig. 7. Experimental environment for multi-UAV collaborative delivery tasks 

Table 3. Parameters related to the research object 
Parameter Data 

Drone model JDX20 “Jingque” 
Equipped with laser radar model Riegl-240 

Weight (kg) 10.9 (empty machine) 
Viewing angle (°) 75 (bandwidth 1.53, maximum distance 1.25) 
Accuracy (m/°) Heading 0.035; Pitch and roll real-time 0.015 

Ranging (m) 2150 (80 % measurement range) 
Maximum flight speed (km/h) 98 
Maximum flight mileage (km) 24 

Maximum payload (kg) 10 
Container capacity (L) > 20 

Endurance (min) Not provided 
Wind loading Level 6 strong wind 

Positioning accuracy (m) Not provided 

Weather adaptability Complex weather conditions such as moderate rain,  
moderate snow, and nighttime 

In the experimental phase, to comprehensively verify the scalability and cooperative control 
performance of the proposed method, a total of 15 JDX-20 “Jingque” UAVs are employed as the 
test platform. All drones are uniformly equipped with Riegl-240 LiDAR, visual sensors, 
Micro-Electro-Mechanical Systems (MEMS) inertial measurement units, and Real-Time 
Kinematic Global Positioning System (RTK-GPS) modules, and achieve state synchronization 
and command distribution through a ROS2-based communication network. The core architecture 
and control logic of the proposed method follow a unified design and parameter configuration for 
all drones. During the cooperative map-construction phase, each drone independently runs the 
same LeGO-LOAM algorithm to build a local point-cloud map; these local maps are then 
seamlessly integrated into a single global cooperative task map via the unified ORB-SLAM3 
framework and a world-coordinate-system fusion mechanism based on keyframe consensus, 
ensuring consistency and sharing of environmental-perception data within the cluster. In the 
trajectory-prediction stage, the improved A* algorithm operates as a unified planner at the central 
decision node. A cost function incorporating turning-radius constraints, speed constraints, 
inter-vehicle safety-distance constraints, and obstacle-avoidance constraints is applied to all 
drones, and a coordinated, consistent set of predicted trajectories is generated through uniform 
cost-function weight coefficients and a common objective function. During the path-deviation 
control phase, all drones utilize the same dual-layer control algorithm based on fuzzy logic and 
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PID speed control. The input to this controller is obtained through a uniform communication 
interface, and the control parameters are identical across all drones, ensuring that each UAV can 
produce coordinated corrective actions based on the same control strategy when facing path 
deviations while maintaining the overall formation of the cluster synchronized with the task 
progress. 

In the process of collecting and processing experimental data, multiple data types are 
systematically integrated to comprehensively evaluate the performance of the method. The 
experimental data mainly include 3D point-cloud data, UAV state data, trajectory and position 
data, environmental obstacle data, and system-performance metric data. 

To comprehensively evaluate the performance of the method proposed in this study, five core 
performance indicators are selected for quantitative evaluation: path control accuracy is measured 
by root mean square (RMS) path error, which reflects the degree of deviation between the actual 
flight trajectory and the planned trajectory of the drone; system real-time performance is measured 
by the average system delay, covering the entire process from sensor data acquisition to control 
instruction generation; energy efficiency is measured by the energy consumption per unit flight 
distance (energy cost), which calculates the amount of electricity consumed by UAVs to complete 
a unit distance flight; computing resource utilization is measured by the runtime CPU usage rate, 
reflecting the pressure of the algorithm on the onboard computing platform; system reliability is 
measured by the probability of task failure, defined as the proportion of tasks that cannot be 
completed due to collisions, disconnections, or timeouts. All data are obtained by running the 
same experimental scenario 10 times and taking the average. 

4.1. Map construction 

4.1.1. Local map construction 

To validate the actual performance of 3D map construction using LiDAR mounted on drones, 
experiments are conducted to generate 3D point-cloud maps. All experiments are carried out in an 
outdoor environment; corresponding images are presented in Fig. 8. 

 
a) City-scene map 

 
b) Local 3D point-cloud map 

Fig. 8. Construction results of a local 3D point cloud map 

Fig. 8 shows the construction results of a local 3D point cloud map in urban scenes. From the 
original urban scene in Fig. 8(a), it can be seen that the experimental environment includes various 
complex land structures such as buildings, roads, and trees, which are highly representative. The 
local 3D point cloud map in Fig. 8(b) clearly reproduces the three-dimensional geometric shape 
of the main objects in the scene, with distinct building contours, distinguishable ground 
undulations, and densely distributed point clouds of trees. This result indicates that the 
LeGO-LOAM algorithm used in this paper can effectively extract environmental features in 
outdoor urban scenes, and the generated point cloud maps have high geometric fidelity, providing 
a reliable local data foundation for subsequent multi-drone collaborative map fusion. 
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4.1.2. Global map construction 

The map-fusion results for multi-UAV cooperative task execution are presented in Fig. 9. 

 
a) Local 3D point‑cloud map 1 

 
b) Local 3D point‑cloud map 2 

 
c) Fusion result 

Fig. 9. Map fusion results of multi-UAV collaborative task execution 

Fig. 9 shows the map fusion results during the collaborative task execution process of multiple 
drones. Among them, Fig. 9(a) and Fig. 9(b) are the local 3D point cloud maps independently 
constructed by two drones, and Fig. 9(c) is the global collaborative task map fused from the two. 
From the fusion results, it can be seen that the common features such as buildings and roads in the 
two local maps have been accurately aligned, and the fused map does not show obvious ghosting 
or misalignment in the overlapping areas, with smooth edge transitions. This indicates that the 
world coordinate system method based on the ORB-SLAM3 framework and keyframe consensus 
mechanism in this paper can effectively achieve accurate registration and fusion of multi-source 
point cloud data, providing a spatially consistent global map for collaborative trajectory planning 
of multiple drones in a common environment. 

4.1.3. Analysis of map information accuracy 

The proposed method enables the system to record obstacle information during the 
construction of the cooperative task‑execution map and to utilize the acquired map data for 
navigation‑trajectory prediction. To validate the accuracy of the obtained map information, 
obstacle‑coordinate comparisons are performed, and the results are summarized in Table 4. 

Analysis of Table 4 reveals that the obstacle coordinates in the map information acquired by 
the laser-vision guidance technology employed in this paper show high consistency with the actual 
obstacle coordinates. This result demonstrates that the map information obtained by the proposed 
method possesses high accuracy and can provide strong support for improving path-deviation 
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control in subsequent work. 

Table 4. Comparison of obstacle coordinates 

Obstacle number Average error (ME)  
in coordinates (m) 

Root mean square error (RMSE)  
in coordinates (m) 

10 0.012 0.015 
20 0.021 0.024 
30 0.009 0.011 
40 0.018 0.020 
50 0.014 0.016 
60 0.023 0.026 

Average 0.016 0.019 

4.2. Obstacle-avoidance navigation planning results 

The obstacle-avoidance navigation-planning results under different test environments are 
presented in Fig. 10. 

 
a) Fixed obstacles 

 
b) Moving obstacles 

Fig. 10. Obstacle‑avoidance trajectory planning results 

As shown in Fig. 10(a), when obstacles are stationary, the method proposed in this paper can 
accurately capture their position information and, based on this information together with factors 
such as obstacle density, autonomously plan a trajectory to avoid the obstacles. Simultaneously, 
with the support of the path-deviation control algorithm presented in this work, the actual flight 
path of the drone closely follows the pre-predicted trajectory, flying along the predicted path, 
successfully avoiding all static obstacles, and smoothly reaching the target point from the starting 
point. As shown in Fig. 10(b), when obstacles are moving, the method can analyze the motion 
trajectory of the moving obstacles in real time and perform obstacle-avoidance maneuvers on this 
basis. It predicts its own flight trajectory according to the motion trajectory of the moving 
obstacles and then uses path-deviation control to bring the actual flight path close to the predicted 
trajectory, ultimately enabling the UAV to reach the endpoint smoothly from the starting point. 
Based on the above observations, it is clearly demonstrated that the proposed method can 
effectively ensure the safety of UAVs during flight. 

These metrics are compared and analyzed with baseline planning methods based on DQN, 
Particle Swarm Optimization (PSO), and Genetic Algorithm (GA). All data are averaged over 10 
repeated runs under the same experimental conditions. The results are presented in Table 5. 

Analysis of Table 5 shows that the method proposed in this paper significantly outperforms 
the three mainstream planning baseline methods across all key performance metrics. In terms of 
path-control accuracy, the RMS path error of the proposed method is only 0.92 m, representing 
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reductions of 67.7 %, 65.9 %, and 66.5 % compared with the DQN, PSO, and GA methods, 
respectively. This improvement stems from precise environmental perception enabled by laser-
vision fusion mapping and from the deeply integrated multidimensional constraints and dynamic 
weight-adjustment mechanism of the improved A* algorithm. These features make trajectory 
prediction more consistent with UAV dynamics and the actual environment, significantly 
suppressing cumulative error. Regarding real-time performance, the proposed method 
demonstrates a notable advantage, with an average system delay of only 85 ms. Compared with 
the DQN, PSO, and GA methods, latency is reduced by 73.4 %, 58.5 %, and 64.6 %, respectively. 
This achievement is attributed to the lightweight and efficient processing pipeline jointly 
constructed by LeGO-LOAM and the improved A* algorithm, as well as the optimized 
sensor-data fusion and trajectory-search mechanisms, which allow control commands to be 
generated and responded to quickly in dynamic and complex environments. In terms of energy 
efficiency, the proposed method also performs well, exhibiting an energy consumption per unit 
flight distance of 112 J/m. Compared with the baseline methods, energy consumption is reduced 
by 18.6 % to 39.5 %. This reflects that, by planning smooth and feasible trajectories and 
implementing precise closed-loop deviation control, the method reduces unnecessary maneuvers 
and speed adjustments, thereby lowering overall kinetic-energy consumption. With respect to 
computational-resource utilization, the proposed method maintains a stable CPU utilization of 
58 %, which is 17.9 % to 25.6 % lower than that of the baseline methods. This indicates that the 
proposed algorithm achieves a good balance between computational complexity and 
task-scheduling efficiency; its modular design and efficient data-processing flow reduce the 
dependence on hardware resources. In terms of system reliability, the proposed method performs 
exceptionally well, with a task-failure probability controlled at 1.2 %, far below the 5.5 % to 8.5 % 
range of the baseline methods. This outcome fully validates the effectiveness of the full-chain 
design - from robust multi-sensor fusion mapping, through trajectory prediction that considers 
physical and cooperative constraints, to fast-response fuzzy-PID closed-loop control. This design 
effectively addresses environmental uncertainty, sensor interference, and multi-agent cooperative 
conflicts, greatly enhancing the stability and task-completion rate of the system in real-world 
complex scenarios. In summary, the cooperative control framework integrating laser-vision 
guidance and trajectory prediction proposed in this paper exhibits comprehensive and significant 
technical advancement and practical advantages for multi-UAV cooperative task execution 
compared with mainstream planning baseline methods. 

Table 5. Quantitative performance comparison of multiple UAV path control methods 
Performance metrics DQN method PSO method GA method Proposed method 
RMS path error / m 2.85±0.31 2.70±0.28 2.75±0.30 0.92±0.09 

Average system delay / ms 320±45 205±30 240±35 85±12 
Energy cost / (J/m) 185±15 170±13 180±14 112±8 

Runtime CPU usage rate / % 78±5 72±5 75±6 58±3 
Task failure probability / % 8.5 5.5 6.8 1.2 

To further validate the effectiveness of the laser‑vision‑guided path‑deviation control method 
for multi‑UAV cooperative tasks incorporating trajectory prediction, the previously described 
multi‑UAV cooperative emergency material‑distribution task is selected as the benchmark 
scenario. The methods from references [5]-[8] are employed as comparative approaches, with 
performance metrics including the magnitude of path deviation during navigation, task completion 
time, computational time per image frame, and UAV collision rate. The comparison results of 
these metrics are presented in Table 6. 

According to Table 4, in terms of path-deviation distance, the methods in references [5]-[8] 
yield 3.2 m, 2.8 m, 2.5 m, and 2.0 m, respectively, while the proposed method achieves only 1.0 m. 
Regarding task execution time, the methods in references [5]-[8] require 18 min, 16 min, 15 min, 
and 13 min, respectively, whereas the proposed method requires only 10 min. In terms of 
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image-processing time per frame, the methods in references [5]-[8] take 0.35 s, 0.30 s, 0.28 s, and 
0.25 s, respectively, while the proposed method takes 0.20 s. For the UAV flight collision-rate 
metric, the methods in references [5]-[8] result in 12 %, 10 %, 8 %, and 6 %, respectively, whereas 
the proposed method yields only 2 %. Overall, the method proposed in this paper outperforms the 
comparative methods across all evaluated metrics and better satisfies the stringent requirements 
for precision, timeliness, and safety in emergency material-distribution scenarios. 

Table 6. Comparison of key evaluation metrics across different methods 

Test method 
Evaluating indicator 

Path deviation 
distance/m 

Task execution 
time/min 

Image processing time 
per frame/s 

UAV flight collision 
rate/% 

Reference [5] 
method 3.2 18 0.35 12 

Reference [6] 
method 2.8 16 0.30 10 

Reference [7] 
method 2.5 15 0.28 8 

Reference [8] 
method 2.0 13 0.25 6 

Proposed method 1.0 10 0.20 2 

To evaluate the adaptability of the proposed method under different scenarios, adverse 
conditions such as GPS signal loss, LiDAR interference, and extreme weather are simulated, and 
the five methods mentioned earlier are tested. During this process, the path-deviation distance is 
selected as the key metric to assess the actual effectiveness of each method in path control. The 
test results of path deviation under different conditions are presented in Table 7. 

Table 7. Path deviation under different conditions 

Method 
GPS loss situation, 

path deviation 
distance/m 

LiDAR interference 
situation, path deviation 

distance/m 

Extreme weather conditions 
(strong winds) path deviation 

distance/m 
Reference [5] 

method 4.5 4.2 5.0 

Reference [6] 
method 4.0 3.8 4.3 

Reference [7] 
method 3.7 3.5 3.9 

Reference [8] 
method 3.2 3.0 3.4 

proposed 
method 1.8 1.6 2.0 

The data in Table 7 demonstrate that the proposed method exhibits outstanding advantages in 
controlling UAV path deviation under adverse conditions such as GPS loss, LiDAR interference, 
and extreme weather. When GPS is unavailable, the path-deviation distances of the methods in 
references [5]-[8] are 4.5 m, 4.0 m, 3.7 m, and 3.2 m, respectively, whereas the proposed method 
achieves only 1.8 m. Under LiDAR interference, the deviation distances of the methods in 
references [5]-[8] are 4.2 m, 3.8 m, 3.5 m, and 3.0 m, while the proposed method yields 1.6 m. In 
extreme weather, the deviation distances of the methods in references [5]-[8] reach 5.0 m, 4.3 m, 
3.9 m, and 3.4 m, compared with 2.0 m for the proposed method. These results indicate that the 
method proposed in this paper can control deviations more effectively and ensure flight stability, 
because it employs laser-vision guidance and multi-sensor fusion to assist UAV positioning and 
tracking when GPS is unavailable; it improves the classical A* algorithm to plan feasible 
trajectories under interference or extreme-weather conditions; and it designs a path-deviation 
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control strategy that forms a complete correction loop, enabling rapid and accurate deviation 
correction. In contrast, the methods in the literature rely excessively on GPS, their trajectory 
prediction does not fully account for complex situations, and their control strategies lack sufficient 
response speed and accuracy, leading to larger deviations under adverse conditions. Therefore, the 
method proposed in this paper possesses stronger adaptability and stability in complex 
environments.  

The memory-usage results of the different methods are presented in Table 8. 

Table 8. Memory usage of different methods (GB) 
Number of 

drones 
Reference [5] 

method 
Reference [6] 

method 
Reference [7] 

method 
Reference [8] 

method 
proposed 
method 

3 1.2 1.5 1.3 1.4 1.0 
6 2.5 2.8 2.6 2.7 2.1 
9 3.8 4.2 4.0 4.1 3.3 
12 5.2 5.7 5.5 5.6 4.6 
15 6.7 7.3 7.0 7.1 5.9 

Analysis of the data in Table 8 shows that as the number of drones increases, the memory 
usage of all methods exhibits an upward trend. However, the proposed method consistently 
maintains a low level of memory consumption, demonstrating that the path-deviation control 
method for multi-UAV cooperative task execution based on laser-vision guidance and trajectory 
prediction possesses significant advantages in resource utilization. It ensures smooth task 
execution and achieves the intended outcomes while effectively reducing system memory usage, 
thereby enhancing system efficiency and stability. 

Regarding path-control accuracy, the RMS error of the proposed method is only 0.92 m, which 
is 67.7 % lower than that of the deep-reinforcement-learning-based method, 58.2 % lower than 
that of the attention-mechanism-based method, 63.2 % lower than that of the NFMGOA-based 
method, and 48.9 % lower than that of the data-driven cascade-control method. In terms of 
real-time performance, the average system delay is 85 ms, representing an improvement of 43.3 % 
to 73.4 % over the comparative methods. With respect to energy efficiency, the energy 
consumption per unit flight distance is 112 J/m, which is 18.6 % to 39.5 % better than that of the 
comparative methods. Concerning system reliability, the task-failure probability is controlled at 
1.2 %, corresponding to a reduction of 65.7 % to 85.9 % compared with the comparative methods. 
Under complex conditions such as GPS signal denial, LiDAR interference, and extreme weather, 
the proposed method can consistently maintain path deviation within 2 m, whereas other 
comparative methods typically exhibit deviations exceeding 3 m. This demonstrates that the 
proposed method possesses significant advantages in coping with environmental uncertainty and 
enhancing multi-agent cooperative stability, offering a superior-performance solution for the 
practical application of UAVs in dynamic and complex scenarios. 

In practical applications, the method significantly improves the flight safety, energy-utilization 
efficiency, and cluster-cooperation capability of UAV systems. It integrates high-precision 
environmental perception with multi-safety-constrained trajectory planning, reliably avoiding 
collisions and ensuring the safety of dense multi-UAV flight. By optimizing control strategies, it 
reduces unnecessary maneuvering adjustments, lowers energy consumption, and extends mission 
endurance. Its scalable design supports stable cooperative operations of large-scale drone swarms 
under harsh conditions, delivering a highly robust and deployable cooperative-control solution for 
logistics distribution, disaster response, and wide-area inspection. 

However, although the method exhibits excellent cooperative control and path accuracy, its 
practical deployment also faces limitations. When extended to large-scale drone swarms, the 
complexity of system communication and cooperative decision-making increases considerably, 
potentially leading to real-time scheduling delays and decision conflicts. The high-frequency data 
processing required by modules such as mapping demands substantial on-board computational 
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resources, which can affect real-time responsiveness under hardware constraints. Furthermore, 
sensor noise and dynamic environmental disturbances may degrade perception and positioning 
stability in extreme scenarios, necessitating further optimization of algorithmic robustness and 
adaptability. 

Future research could validate the method’s performance in more complex, long-term outdoor 
real-world scenarios, evaluating its behavior under strong winds, rain, fog, and dynamic-obstacle 
interference. It may also explore intelligent decision-making mechanisms that incorporate 
reinforcement learning to enable UAVs to autonomously adapt to unknown environments and 
optimize cooperative strategies. Designing an adaptive PID parameter-tuning algorithm that 
dynamically adjusts the control response based on real-time state and environmental feedback 
could improve stability and accuracy under nonlinear disturbances. Additionally, investigating 
lightweight models and edge-computing deployment schemes would help reduce the 
computational load and enhance the feasibility of real-time cooperation for large-scale swarms. 

In summary, the collaborative control method based on laser vision guidance and trajectory 
prediction proposed in this paper is significantly superior to existing representative methods in 
terms of path accuracy, real-time performance, energy efficiency, and system robustness. In terms 
of path control accuracy, the RMS error of our method is only 0.92 m, which is 67.7 % lower than 
the method based on deep reinforcement learning, 58.2 % lower than the method based on 
attention mechanism, 63.2 % lower than the method based on NFMGOA, and 48.9 % lower than 
the method based on data-driven cascade control. In terms of real-time performance, the average 
system delay is 85 ms, which is 43.3 % to 73.4 % lower than the comparative methods. In terms 
of energy efficiency, the unit flight energy consumption is 112 J/m, which is 18.6 % to 39.5 % 
better than the comparative methods. In terms of system reliability, the probability of task failure 
is controlled at 1.2 %, which is 65.7 % to 85.9 % lower than the comparative methods. In complex 
situations such as GPS signal rejection, LiDAR interference, and extreme weather conditions, this 
method can stably control the path deviation within 2.0 m, while other comparative methods 
generally have deviations exceeding 3.0 m. This proves that the proposed method has significant 
advantages in dealing with environmental uncertainty and improving multi-machine collaborative 
stability, providing a better-performance solution for the practical application of UAVs in dynamic 
and complex scenarios. In practical applications, this method significantly enhances the flight 
safety, energy utilization efficiency, and cluster collaboration capability of UAV systems. It 
integrates high-precision environmental perception with multi-safety-constrained trajectory 
planning, reliably avoiding collisions to ensure the safety of multi-aircraft dense flight. It 
optimizes control strategies to reduce unnecessary maneuvering adjustments, lower energy 
consumption, and extend mission endurance. Its scalable design supports stable collaborative 
operations of large-scale drone swarms under harsh conditions, providing highly robust and 
deployable collaborative control solutions for logistics distribution, disaster response, and wide-
area inspections. However, although this method has excellent collaborative control and path 
accuracy, its practical application also faces limitations. When extended to large-scale drone 
clusters, the complexity of system communication and collaborative decision-making increases 
significantly, leading to real-time scheduling delays and decision conflicts. The high-frequency 
data processing required by mapping and other modules demands substantial on-board computing 
resources, which affects real-time responsiveness under hardware constraints. Sensor noise and 
environmental dynamic interference may also degrade perception and positioning stability in 
extreme scenarios, requiring further optimization of algorithm robustness and adaptability. Future 
research can verify its performance in more complex outdoor real-world scenarios over long 
durations, evaluating its behavior under strong winds, rain and fog, and dynamic obstacle 
interference. It may explore intelligent decision-making mechanisms that integrate reinforcement 
learning to enable drones to autonomously adapt to unknown environments and optimize 
collaborative strategies. An adaptive PID parameter adjustment algorithm can be designed to 
dynamically adjust control response based on real-time status and environmental feedback, 
improving stability and accuracy under nonlinear disturbances. Lightweight models and 
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edge-computing deployment schemes should be investigated to reduce the computational load and 
enhance the real-time collaboration feasibility of large-scale clusters. 

5. Discussion 

A method combining laser vision guidance and trajectory prediction is proposed to address the 
issue of path deviation control in multi-drone collaborative task execution. The experimental 
results show that this method achieves significant improvements in four indicators: path deviation 
distance, task execution time, image processing time per frame, and collision rate, reaching 1.0 m, 
10 min, 0.20 s, and 2 %, respectively, compared to the methods in references [5] to [8]. Under 
adverse conditions such as GPS loss, LiDAR interference, and extreme weather, the path deviation 
is stably controlled between 1.6 m and 2.0 m. Under the scale of 15 drones, the memory usage is 
5.9 GB and the CPU usage is 58 %, demonstrating good resource efficiency.  

(1) Analysis of the inherent mechanism of method superiority. 
The proposed method significantly outperforms the comparative methods in key indicators 

such as path deviation control, task timeliness, and collision rate. The fundamental reason lies in 
the construction of a collaborative framework where “perception-planning-control” are deeply 
coupled rather than simply concatenated. First, at the perception level, existing methods such as 
the DQN method in reference [5] rely heavily on single sensors or policy networks trained in 
simulated environments, making them difficult to generalize in real complex environments. In this 
paper, through the tight coupling fusion of LeGO-LOAM and ORB-SLAM3, not only is the 
vulnerability of vision under varying illumination conditions overcome by utilizing the depth 
information from LiDAR, but also the positioning accuracy in texture-rich environments is 
ensured through ORB features, achieving a robust and high-fidelity representation of the 
environment. Second, at the planning level, unlike the traditional A* algorithm, which only 
optimizes for the shortest path, the improved A* algorithm in this paper directly embeds physical 
limits of the drone, such as the minimum turning radius and speed boundary, as well as multi-
drone collaboration constraints such as safe distances, into the cost function. This ensures that the 
planned trajectory is physically feasible at the generation stage, avoiding the “semantic gap” 
between planning and control. Finally, at the control level, compared to the fixed-parameter 
cascade control in reference [8], the fuzzy PID controller can dynamically adjust the control law 
according to the magnitude and rate of change of the deviation. This enables the system to 
maintain its damping characteristics and response speed even in the face of nonlinear disturbances 
such as strong winds and GPS denial. The synergistic effect of these three layers of mechanisms 
reduces deviation generation at the source, avoids infeasible maneuvers on the path, achieves rapid 
convergence in execution, and thus produces a significant emergent effect on overall performance.  

(2) Systematic comparison with cutting-edge and classic methods. 
This paper’s results in the broader context of drone path planning and control research reveal 

that its advantages exhibit cross-paradigm consistency. The RMS path error of the method 
proposed in this paper is only 0.92 m, which is not only superior to the classic optimization- and 
learning-based MPC methods, whose average errors in similar scenarios generally exceed 2.5 m, 
but also significantly better than recent Transformer-based trajectory prediction models. Taking 
the Transformer-based MPC method as an example, it reports trajectory lengths generally 
exceeding 130 m in similar dynamic environments, and the average inference delay is higher than 
150 ms, making it difficult to meet the real-time requirements of tightly coupled multi-drone 
formations. In contrast, the method proposed in this paper maintains trajectory optimality with a 
planning time of only 85 ms, achieving a better balance between real-time performance and path 
quality. Furthermore, compared to methods based on improved RRT*, which tend to cause path 
oscillations due to their random sampling characteristics in narrow passages or dense obstacle 
scenarios, this paper directly embeds spatial constraints into the heuristic function, effectively 
addressing this issue. It is worth noting that the task failure probability controlled by the method 
in this paper is 1.2 %, which is close to the ideal results in some simulation environments. This 
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level represents a high technical threshold in real outdoor multi-drone flight tests, fully 
demonstrating its engineering robustness that surpasses most academic solutions relying on ideal 
positioning assumptions.  

(3) Practical application significance of the results. 
The engineering value of this study's findings is primarily manifested in three dimensions: 

flight safety, system robustness, and energy efficiency. In terms of safety, a collision rate of 2 % 
implies that a collision may occur only once every fifty missions. This is of decisive significance 
for high-risk scenarios such as urban logistics distribution or high-voltage power line inspection, 
as even a single collision can lead to equipment damage or ground safety accidents. By 
dynamically embedding safety distance constraints into the planning cost function, the method 
proposed in this paper achieves a fundamental shift from traditional reactive collision avoidance 
to predictive prevention. In terms of robustness, even under conditions where GPS signals are 
completely lost or LiDAR is interfered with by rain and fog, the method still maintains path 
deviation within 2.0 m. This result verifies that the laser-vision fusion SLAM system can still 
provide continuous relative positioning capability even when some sensors fail, providing key 
technical support for the normalized operation of drones in GPS-challenging environments such 
as bridge tunnels, canyons, and urban canyons. In terms of energy efficiency, the method achieves 
a unit energy consumption of 112 J/m, which is approximately 18 % to 40 % lower than the 
comparative methods. This economic benefit is particularly significant in large-scale, long-
endurance tasks such as border patrol and forest fire monitoring. On the one hand, smooth and 
dynamically constrained trajectories reduce unnecessary acceleration, deceleration, and sharp 
turns, directly reducing thermal losses in motors and batteries; on the other hand, shorter task 
execution time (10 min compared to 13 to 18 min for the comparative methods) means that more 
sorties can be executed per unit time, thereby enhancing the turnover efficiency and task 
throughput of drone fleets.  

(4) Methodological limitations and future research directions. 
Although the method proposed in this paper performs excellently with a fleet of fifteen drones, 

it faces three challenges when scaled to larger clusters of fifty or more drones. First, in terms of 
scalability and computational complexity, the computational complexity of the current improved 
A* algorithm increases exponentially with the number of drones, primarily due to the pairwise 
collision avoidance constraints that require inspection. With fifteen drones, the CPU utilization 
rate of the central decision-making node is already close to 58 %. When the number of drones 
increases to fifty, the planning cycle may exceed 100 ms, resulting in control command lag. In the 
future, a distributed hierarchical planning architecture can be explored to decouple global path 
planning from local reactive obstacle avoidance, or graph neural networks can be introduced to 
learn inter-drone interaction patterns to reduce computational overhead. Second, in terms of 
hardware deployment and applicable scenario limitations, the method proposed in this paper relies 
on a combination of LiDAR and visual sensors. In purely indoor environments without texture, 
such as white-walled corridors, visual features may completely fail, and in outdoor environments 
with strong light, rain, or fog, the point cloud quality of LiDAR also significantly decreases. 
Currently, the reliability of this method in extreme weather conditions such as rainstorms, 
sandstorms, or complete lack of illumination (e.g., underground mines) has not been verified. 
Third, in terms of dynamic collaboration and adaptability, the method proposed in this paper 
assumes that all drone targets in the task are known and the environment is statically map-
buildable. For sudden task changes, such as temporarily adding new delivery points in emergency 
response, or scenarios with unknown moving obstacles such as vehicles and pedestrians, the 
current method requires re-global planning, and its real-time performance is still insufficient. 
Future work will focus on three directions: first, developing an adaptive PID parameter tuning 
module based on deep reinforcement learning to enable the controller to optimize response 
characteristics online based on real-time environmental feedback; second, researching 
heterogeneous computing offloading strategies based on edge computing to transfer map building 
and global planning tasks to ground stations or 5G edge nodes, thereby reducing on-board 
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computational load; third, conducting long-term deployment tests in more extreme real-world 
environments such as coastal strong wind areas and forest canopies to verify and enhance the 
method's domain adaptability. 

6. Conclusions 

This paper focuses on path-deviation control in multi-UAV cooperative task execution and 
innovatively proposes a methodology based on laser-vision guidance and trajectory prediction. 
This framework integrates laser-vision SLAM technology with a multi-constraint 
trajectory-prediction algorithm, overcoming key bottlenecks of existing methods such as 
incomplete environmental perception and insufficient consideration of dynamic constraints in 
trajectory planning. Meanwhile, a fuzzy-PID closed-loop control architecture is designed, which 
significantly improves the path-tracking accuracy and system stability under dynamic 
disturbances, successfully addressing the poor adaptability of traditional control strategies in 
complex environments. Systematic experimental validation demonstrates that the proposed 
method achieves notable improvements in key performance metrics, including path accuracy, 
real-time response, energy consumption, and robustness. Specifically, the method reduces the 
RMS path error to 0.92 m, maintains an average system delay of only 85 ms, achieves an energy 
consumption per unit flight distance of 112 J/m, keeps the task-failure probability stable at 1.2 %, 
and confines path deviation within 2.0 m under various interference conditions, indicating 
favorable practical performance. Although the method exhibits outstanding performance in 
path-control accuracy and system stability, it still faces challenges in cooperative adaptation when 
extended to heterogeneous UAV swarms, and its real-time computational efficiency requires 
further enhancement in highly dynamic dense-obstacle scenarios. Future work will focus on 
developing an elastic control architecture capable of adapting to heterogeneous UAV platforms 
and promoting long-term field-deployment validation of the system in complex outdoor 
environments, thereby increasing its universality and reliability in practical application scenarios. 

This paper focuses on the research of path deviation control in the collaborative execution of 
tasks by multiple drones, and innovatively proposes a method system based on laser vision 
guidance and trajectory prediction. After systematic experimental verification, the proposed 
method has achieved significant improvements in key performance indicators such as path 
accuracy, real-time response capability, energy consumption, and robustness. The main 
contributions of this paper are summarized in Table 9. 

Table 9. Summary of the main contributions of this paper 
Serial 

number 
Contribution 

category Specific content 

1 Laser vision 
fusion mapping 

Through the tight coupling fusion of LeGo LOAM and ORB-SLAM3, 
high-precision global collaborative map construction of multiple drones 

in complex environments is achieved 

2 
Improve A* 

trajectory 
prediction 

Embedding the lower limits of turning radius, path length, flight speed 
conditions, safe distance between aircraft, and obstacle avoidance 
space constraints into the cost function, and introducing a dynamic 

weight adjustment mechanism to enhance the feasibility and 
adaptability of trajectory prediction 

3 
Fuzzy PID 
closed-loop 

control 

Using the deviation between the predicted trajectory and the actual 
position as the input of the fuzzy PID controller, fast response and 

accurate correction of path deviation are achieved 

4 
Full process 
collaborative 
framework 

Constructing a “perception planning control” full process collaborative 
control framework, which outperforms the comparison method in key 

indicators such as path accuracy, task execution time, and collision 
occurrence rate 
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Appendix 

A1. Minimum turning radius of UAVs 

The minimum turning radius 𝐵௠௜௡ in the UAV’s horizontal plane represents the 
performance‑limited boundary‑motion radius and is typically described by Eq. (5): 𝐵௠௜௡ = 𝑣𝑢 × 𝑣tan𝜙௠௔௫ , (5)

where, 𝑣, 𝑢, and 𝜙௠௔௫ denote the UAV’s flight velocity, gravitational acceleration, and maximum 
bank angle, respectively.  

During UAV trajectory prediction, the turning‑radius cost function 𝑠ோ is formulated as Eq. (6): 

𝑠ோ = ൞෍ 1𝑏௞௡
௞ୀଵ , 𝑏௞ ≥ 𝐵௠௜௡,∞, 𝑏௞ < 𝐵௠௜௡, (6)

where, 𝑏௞ denotes the UAV’s position or turning radius corresponding to the 𝑘‑th bank angle 
during a turning maneuver. 

A2. Lower bound of path length 

During UAV flight from point 𝑋଴ሺ𝑥଴,𝑦଴, 𝑧଴ሻ to point 𝑋ேሺ𝑥௡,𝑦௡, 𝑧௡ሻ, the straight‑line distance 𝐿௠௜௡ between these waypoints represents the minimum travel distance. This lower bound 𝐿௠௜௡ of 
the UAV’s path length is expressed mathematically by Eq. (7): 𝐿ඥሺsum𝑋଴ሻଶ − ሺsum𝑋ଵሻଶ௠௜௡. (7)

Based on Eq. (7), the trajectory length cost function 𝑠௅ can be obtained as: 𝑠௅ = 𝐿௡𝐿௠௜௡, (8)

where, 𝐿௡ and 𝜉 represent the UAV's flight trajectory length and path length correction factor, 
respectively. 

A3. Flight-speed constraint 

Eq. (9) specifies the velocity constraint 𝑣 for UAV navigation: 0 ≤ 𝑣 ≤ 𝑣௠௔௫. (9)

The UAV must satisfy operational velocity requirements by reaching destination 𝑋ேሺ𝑥௡,𝑦௡, 𝑧௡ሻ within specified time T. Consequently, the theoretical velocity 𝑣௟ and associated 
motion cost are formulated in Eq. (10): 

൝𝑣௟ = 𝐿𝑇 ,𝑠௩ = |𝑣௟ − 𝑣|. (10)

Let 𝑠ሺ𝑥ሻ denote the composite cost function that incorporates the UAV’s 
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minimum‑turning‑radius constraint, path‑length lower bound, and velocity constraints, expressed 
as: 𝑠ሺ𝑥,𝑦ሻ = ሺ𝑘ଵ × 𝑠ோ + 𝑘ଶ × 𝑠௅ + 𝑘ଷ × 𝑠௩ሻ × 𝜎, (11)

where, 𝑘ଵ, 𝑘ଶ and 𝑘ଷ represent the weighting coefficients for the minimum-turning-radius cost 
function, the path length lower bound cost function, and the velocity cost function, respectively, 
and 𝜎 denotes the cost-function correction term. 

A4. Spatial constraints 

During multi-UAV collaborative path planning, the inter-agent separation must continuously 
exceed safety threshold 𝑑௦௔௙௘, while simultaneously avoiding collisions with urban structures or 
natural obstacles: ฮ𝑇௘ሺ𝑡ሻ − 𝑇௣ሺ𝑡ሻ ≥ 𝑑௦௔௙௘ฮ,     𝑒 ≠ 𝑝, (12)‖𝑇௘ − 𝑇௢௕ ≥ 𝑑௠௜௡‖, (13)

where, 𝑇௘ሺ𝑡ሻ and 𝑇௣ሺ𝑡ሻ represent the positions of the first 𝑒 and second 𝑝 UAV at time point 𝑡; ‖⋅‖ denotes the Euclidean distance of the vector; 𝑇௢௕ indicates the nearest obstacle position relative 
to the UAV; 𝑑௠௜௡ specifies the minimum safety clearance between the UAV and obstacles. 
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