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 This work considers the issue of multi-agent coordination path planning for multiple UAVs with 

different properties working in a dynamic and uncertain environment. In order to resolve the 

stated problem, an algorithm based on multi-agent deep reinforcement learning called Multi-

Agent Soft Actor-Critic (MASAC) is suggested. An original simulation environment is 

developed to simulate a scenario of UAVs navigation towards certain goals, taking into account 

their kinematics constraints, obstacle avoidance and UAVs heterogeneity. As a consequence, the 

task is modeled as partially observable Markov decision process (POMDP). Performance 

assessment includes such metrics as task completion ratio, formation, flight efficiency and 

energy costs. The suggested framework for MASAC involves centralized training but 

decentralized execution which allows agents to coordinate actions and solve POMDP by means 

of local perception during testing time. As a result of experimental evaluation, an efficient way 

to resolve the curse of dimensionality, improve obstacle avoidance and cooperative formation 

control of UAVs was found. Such an approach shows great prospects of practical application in 

such domains as military operations, search and rescue missions, transport automation and 

disaster management. 

1. Introduction 

Against the backdrop of the rapid development 

of intelligent decision-making systems and the 

technical capabilities of aerial platforms, 

unmanned aerial vehicles (UAVs) have evolved 

into a dynamic air force component of significant 

importance in modern military operations. Their 

ability to conduct operations without incurring 

losses, combined with high maneuverability, 

significantly increases their effectiveness in 

contemporary combat environments (Shen et al., 

2018). For this reason, research on UAV 

technologies is of particular relevance for achieving 

operational initiative and enhancing mission 

efficiency (Qiao et al.,2022). Within this context, 

path planning emerges as one of the fundamental 

problems in the application of UAV systems, and 

reaching the target point in a fast, safe, and optimal 

manner constitutes the primary objective of this 

process. Classical path planning algorithms, while 

based on relatively simple theoretical foundations, 

are in most cases capable of meeting practical 

requirements. However, since path planning is 

considered a challenging optimization problem 

(Dewangan et al., 2019), the computational 

complexity of classical algorithms increases sharply 

as the environment becomes more complex, and in 

some cases, obtaining a solution becomes entirely 

infeasible. This phenomenon is known as the “curse 

of dimensionality.” In the international literature, 

this problem—referred to as the “curse of 

dimensionality”—implies that as the number of 

dimensions increases, computational and memory 

requirements grow rapidly, rendering the problem 

practically unsolvable. For example, in UAV path 

planning, a single UAV involves three variables 

such as position (x, y) and velocity. For two UAVs, 
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this increases to 6 variables, for three UAVs to 9 

variables, and so on. Each additional UAV 

increases the computational complexity 

exponentially. Thus, when the number of 

dimensions becomes large, solving the problem 

using traditional algorithms becomes nearly 

impossible. Since heuristic algorithms can mitigate 

the impact of this problem to a certain extent, their 

application in path planning is becoming 

increasingly widespread (Han et al., 2023). These 

algorithms aim to find a “good enough” solution 

rather than an optimal one. They are particularly 

useful in UAV path planning, as classical optimal 

algorithms often become computationally 

infeasible for such problems. These algorithms 

solve complex optimization problems efficiently 

and make decisions based on additional 

knowledge and experience about the problem. For 

instance, in (Li et al., 2023), a greedy strategy is 

used to assign target points for each UAV. In this 

approach, the nearest and most “promising” target 

is selected for each UAV. For path planning, an 

improved Ant Colony Optimization (ACO) 

algorithm based on a variable pheromone 

mechanism is applied. This algorithm is inspired 

by the collective intelligence behavior of ants in 

determining the shortest path between their nest 

and a food source. In this methodology, each 

possible solution is quantitatively evaluated 

through “pheromone trails,” and more efficient 

paths are increasingly likely to be selected over 

time. The improved version optimizes the 

pheromone update mechanism of classical ACO, 

thereby minimizing the risk of the algorithm 

getting trapped in local extrema (minima). This 

modification increases the speed of the path 

planning process and ensures more stable and 

efficient results. Both classical and heuristic 

algorithms generally perform better in static 

environments. However, in dynamic 

environments, complete information about the 

global environment is not known in advance, and 

therefore path planning must be performed in real 

time. The emergence of deep reinforcement 

learning (DRL) has created new opportunities for 

solving dynamic path planning problems (Mnih et 

al., 2015). DRL systems integrate the decision-

making functionality of reinforcement learning 

techniques with the feature extraction capabilities 

of deep learning, thus providing a framework 

capable of solving planning problems in a dynamic 

environment (Sutton et.al.,2018). For instance, the 

TD3 technique was applied in (Hadi et al.,2022) for 

planning the movements of an underwater robot 

and avoiding obstacles. Nevertheless, such 

methods rely on a single-agent DRL framework and 

cannot be applied efficiently in multi-UAV 

coordination and cooperation problems. However, 

these approaches are mostly based on single-agent 

DRL models, which limits their ability to effectively 

handle coordination and cooperation among 

multiple UAVs. Therefore, in this work, a multi-

agent DRL approach is employed to solve the 

coordinated path planning problem of multiple 

UAVs, and a multi-agent Soft Actor-Critic 

(MASAC) algorithm is proposed. The proposed 

method eliminates dependence on an accurate 

mathematical model through data-driven learning. 

The algorithm is based on the MADDPG approach 

introduced by Ryan Lowe and co-authors (Lowe et 

al., 2017), but replaces the DDPG component with 

the Soft Actor-Critic (SAC) algorithm, which has 

stronger exploration capabilities (Haarnoja et al., 

2018).  

2. Research goal and problem statement  

The main objective of this study is to develop an 

effective method for coordinated path planning of 

multiple heterogeneous UAVs in dynamic 

environments. The problem considers a group of N 

UAVs consisting of one leader and several 

followers. The leader UAV is responsible for 

reaching the target while avoiding obstacles, 

whereas the follower UAVs must maintain a 

predefined formation relative to the leader. The 

main contributions of the study are as follows: 

1. Considering that classical algorithms cannot 

avoid the dimensionality problem, heuristic 

methods are not well-suited for dynamic 

environments, and single-agent DRL approaches 

have weak coordination capabilities, the 

coordinated path planning problem of multiple 

UAVs is addressed using a multi-agent DRL 

method. 

2. Due to the limitations of existing open-source 

multi-UAV environments, a visualized 

reinforcement learning environment designed for 

airspace is developed in this work. In this 

environment, UAV motion is constrained by 

dynamic equations, while factors such as 

heterogeneity and safe obstacle avoidance are taken 

into account. 

3. The problem is modeled as a partially 

observable Markov decision process (POMDP), and 

the MASAC algorithm is proposed to solve this 

model. 



Q. Talıbov           Problems of Information Technology (2026), vol. 17, no. 2, 28-38 
 

30 

3. Problem description 

3.1 Description of the coordinated path 

planning task for multiple UAVs 

Fig. 1 illustrates the scheme of coordinated path 

planning for multiple unmanned aerial vehicles 

(UAVs) operating in a constrained environment. In 

this scenario, a group composed of N heterogeneous 

UAVs (differing in technical characteristics, flight 

parameters, or onboard functional equipment) forms 

an attack formation consisting of a single leader and 

multiple followers. The group must avoid 

environmental obstacles (e.g., hills, interference 

zones), establish the required formation at a specific 

point along the flight trajectory, and ultimately reach 

the target. A formation can be defined as the 

coordinated flight of multiple UAVs or aerial vehicles 

in a prescribed arrangement. From a multi-agent 

learning perspective, the leader UAV determines the 

flight path orientation, while follower UAVs 

maintain predefined positions relative to the leader. 

Therefore, the main task is to coordinate UAV 

movements to ensure successful target acquisition 

while avoiding obstacles.  

In this scenario, two types of UAVs are 

considered: a leader UAV (represented in blue) and 

multiple follower UAVs (shown in green). These 

UAVs perform different roles. The leader UAV is 

responsible for obstacle avoidance and navigation 

toward the target, whereas the follower UAVs are 

required to continuously follow the leader. 

Accordingly, the primary objectives of coordinated 

path planning for multiple UAVs can be 

formulated as follows: 

1. Avoid obstacles and prevent collisions to 

ensure flight safety. 

2. Reach the target location. 

3. Maintain the formation by ensuring that 

follower UAVs track the leader while preserving a 

specified distance. 

 

Fig 1. Schematic representation of the multi-UAV 

path planning task 

In the algorithm, “makes a jump” means that the 

UAV does not travel on a continuous path but 

moves through discrete time steps from one 

location to another. During movement, the UAV 

“moves” from its current status to the next safe and 

feasible location that has been determined, and this 

continues recursively to generate the entire path. 

The algorithm becomes very useful for avoiding 

collisions and obstacles within the environment 

since the decisions are made at each discrete step. 

3.2 Definition of task success and failure 

The task is considered unsuccessful in the 

following two cases: 

1. Collision with any obstacle leading to the 

damaging of the UAV: In the event where the 

leading unmanned aerial vehicle collides with any 

obstacles such as terrain elevation and gets 

damaged, it will be said that the mission failed. 

2. Failure of the leader UAV to get to the 

destination in the allocated time although 

undamaged: If the leader UAV cannot find a 

rational and efficient route and fails to get to its 

destination in the required time, it will be said that 

the mission was a failure. 

However, if the leader UAV manages to reach 

the destination point on time without any collision 

with any obstacle, then the mission will be termed 

as a success. In this case, there is no need for the 

follower UAVs to get to the destination. 

3.3 Dynamic model of UAVs 

The model involves multiple unmanned aerial 

vehicles, where the number of aircraft is denoted as 

N and N > 1. Denote t as the current time point and 

t + 1 as the next time point. During the change from 

time t to t + 1, the state of each UAV, including its 

position, speed, and heading, updated based on its 

previous state and the applied control inputs. The 

discrete-time dynamic equations for the system of 

UAVs from time t to t + 1 can be written as follows: 
 

{
 

 
𝑥𝑖(𝑡 + 1) = 𝑥𝑖(𝑡) + 𝑣𝑖(𝑡) ∆𝑡 𝑐𝑜𝑠𝜑𝑖(𝑡),

𝑦𝑖(𝑡 + 1) = 𝑦𝑖(𝑡) + 𝑣𝑖(𝑡) ∆𝑡 𝑠𝑖𝑛𝜑𝑖(𝑡),

𝑣𝑖(𝑡 + 1) = 𝑣𝑖(𝑡) + [𝑢𝑖(𝑡) − 𝑘𝑐𝑣𝑖(𝑡)]∆𝑡,

𝜑𝑖(𝑡 + 1) = 𝜑𝑖(𝑡) + 𝜔𝑖(𝑡)∆𝑡.

 (1) 

{
 
 
 
 

 
 
 
 

𝑥𝑖,𝑚𝑖𝑛 ≤ 𝑥𝑖(𝑡) ≤  𝑥𝑖,𝑚𝑎𝑥 ,

𝑦𝑖,𝑚𝑖𝑛 ≤ 𝑦𝑖(𝑡) ≤  𝑦𝑖,𝑚𝑎𝑥 ,

𝑣𝑖,𝑚𝑖𝑛 ≤ 𝑣𝑖(𝑡) ≤  𝑣𝑖,𝑚𝑎𝑥 ,

𝜑𝑖,𝑚𝑖𝑛 ≤ 𝜑𝑖(𝑡) ≤  𝜑𝑖,𝑚𝑎𝑥 ,

𝑢𝑖,𝑚𝑖𝑛 ≤ 𝑢𝑖(𝑡) ≤  𝑢𝑖,𝑚𝑎𝑥 ,

𝜔𝑖,𝑚𝑖𝑛 ≤ 𝜔𝑖(𝑡) ≤  𝜔𝑖,𝑚𝑎𝑥 ,

√[𝑥𝑖(𝑡) − 𝑥0]
2 + [𝑦𝑖(𝑡) − 𝑦0]

2 ≥ 𝑅0

  (2) 
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Each UAV is distinguished by an index i. 

Coordinates (x, y) determine UAV position in the 

plane; its velocity is denoted by v, while φ stands 

for UAV direction. Control of the system is 

determined by two inputs: linear acceleration u, 

controlling the speed; and angular velocity ω, 

controlling the direction change. In addition, an 

aerodynamic damping term 𝑘𝑐, which is 

proportional to the current velocity, is included in 

the velocity dynamics. This term accounts for the 

effect of air resistance during flight and leads to a 

more physically realistic representation of the UAV 

motion model. By Δt is the discrete time step, 

namely the time interval used to move from 

moment t to moment t + 1. 

Constraints on UAV state during flying: The 

values (𝑥𝑖,𝑚𝑖𝑛, 𝑥𝑖,𝑚𝑎𝑥 , 𝑦𝑖,𝑚𝑖𝑛, 𝑦𝑖,𝑚𝑎𝑥) define the 

minimum and maximum coordinates within which 

the i-th UAV can maneuver on the map. Therefore, 

it is necessary that UAV coordinates stay within 

these limits.  

Constraints on UAV velocities: The values 

(𝑣𝑖,𝑚𝑖𝑛, 𝑣𝑖,𝑚𝑎𝑥) are the lower and upper bounds for 

UAV speed. 

Constraints on UAV angles of flight: (𝜑𝑖,𝑚𝑖𝑛, 

𝜑𝑖,𝑚𝑎𝑥) define the allowed limits for the i-th UAV 

flying direction. 

Constraints on control inputs: The parameters 

(𝑢𝑖,𝑚𝑖𝑛 , 𝑢𝑖,𝑚𝑎𝑥) denote the lower and upper limits 

for UAV linear acceleration. The same refers to the 

allowed UAV angular velocity limits (𝜔𝑖,𝑚𝑖𝑛, 

𝜔𝑖,𝑚𝑎𝑥). 

Path constraints: For practical reasons, 

obstacles such as hills are considered to be circles. 

An obstacle is represented by a circle having the 

center at point (𝑥0, 𝑦0) and radius 𝑅0. Therefore, the 

UAV must not enter these circular regions.  

The UAV model employed in this study is 

formulated using a simplified discrete-time 

dynamic representation that includes an 

aerodynamic damping term. This approach helps 

reduce computational burden while preserving the 

key motion properties needed for multi-agent 

reinforcement learning. Although more detailed 

nonlinear aerodynamic effects and actuator-level 

dynamics are not explicitly incorporated, the 

chosen formulation achieves a practical trade-off 

between physical fidelity and training stability, 

which is essential for scalable multi-UAV 

coordination problems. More advanced flight 

dynamic models may be investigated in future 

work to improve the realism of the system. 

 

3.4. Design of performance metrics 

To evaluate the effectiveness of the proposed 

solution, the problem of path planning for a group 

of UAVs was considered within the framework of 

Monte Carlo simulation. The Monte Carlo method 

is characterized by randomness of the simulation. 

Unlike the deterministic approach when only one 

case is modeled, the Monte Carlo method involves 

thousands or even millions of runs where different 

combinations of input parameters are considered 

randomly. In our example, we have different 

combinations of such input parameters as the 

UAVs’ speed, battery life, and wind directions. For 

each case, the system is used to calculate the 

trajectory of movement of the aircraft. Thus, we 

have an average output as a measure of robustness 

because we take into account uncertainty. 

When evaluating the performance of the 

proposed model, the following primary 

performance metrics were used: 

● Task completion rate: the probability of 

success completion of the specified mission by 

UAVs. This metric is related to reliability of the 

whole system and its ability to perform tasks. 

● Maintaining formation rate: the measure of 

how well the UAVs adhere to the specified 

formation during the mission. This metric 

demonstrates the effectiveness of cooperation 

between agents. 

● Flight time: the period of time taken by 

UAVs to finish the mission. This parameter shows 

how fast the task was accomplished. 

● Flight path: the quality of trajectories 

chosen by UAVs in order to avoid obstacles and 

effectively reach destinations. 

● Energy consumption: the amount of energy 

consumed during the mission. 

The performance metrics used for evaluation in 

the Monte Carlo simulation are mathematically 

expressed as follows: 

Task Completion Rate: 

𝐽𝑀𝐶𝑅 =
𝑁С

𝑁𝑇
      (3) 

Here, 𝑁С (completed) stands for the number of 

completed trials, whereas 𝑁𝑇 (total) means the 

number of completed trials in the course of the 

Monte Carlo simulation. An almost unitary Monte 

Carlo Rate 𝐽𝑀𝐶𝑅 implies a high level of robustness 

and stability in operation of the method under 

development. The parameter in question allows us 

to quantify the system reliability and the probability 

of performing the assigned tasks. 
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To evaluate the quality of formation control, the 

concept of the formation maintenance rate is used: 

𝐽𝐹𝑄𝐷 =
𝑇С

𝑇𝑡
 ,     (4) 

where 𝑇С refers to the number of time steps when 

the UAVs maintain the formation pattern in one 

particular trial, and 𝑇𝑡 is the total number of time 

steps in the particular trial. In other words, this 

parameter shows the stability of cooperation 

between multiple agents. To analyze the time 

efficiency of the system, the flight time 𝐽𝑇 is 

considered: 

𝐽𝑇 = 𝑡𝐹,      (5) 

where 𝑡𝐹 corresponds to the end moment at which 

the task is completed. A smaller flight time 

indicates that the path planning algorithm operates 

more efficiently and is more effective in terms of 

time. 

Flight Trajectory: 

𝐽𝑡𝑟𝑜𝑦𝑒𝑘𝑡. = ∫ 𝑣(𝑡) 𝑑𝑡
𝑡𝑓
0

.    (6) 

This parameter shows the distance covered by 

the UAV in the process of flight. It is rather 

important both in avoiding obstacles along the way 

and in finding the shortest route towards the 

target; here, 𝒗(𝒕) refers to the velocity of the UAV. 

Moreover, in order to assess the efficiency of the 

control procedure in relation to its energy costs, we 

estimate the following parameter 𝐽𝐶  

𝐽𝐶 = ∫ (|𝑢(𝑡)| + |𝜔(𝑡)|) 𝑑𝑡.
𝑡𝑓
0

  (7) 

In this formula, u(t) stands for linear acceleration, 

and ω(t) means the angular velocity. The latter can 

be seen as the overall expenditure of energy in 

control operations. Together, these metrics enable 

a multi-dimensional evaluation of the proposed 

method and can be used for comparative analysis 

of different control strategies. 

4.Multi-UAV route planning based on 

multi-agent deep reinforcement learning. 

4.1. Construction of a dynamic and uncertain 

multi-UAV environment 

When simulations are carried out in dynamic 

environments, the parameters of the system change 

over time, which has an impact on UAV 

maneuvers. When moving through the 

environment, UAVs face a non-stationary 

situation: they can come across any kind of 

movement including movement of UAVs, birds, 

and various flying apparatuses. At the same time, 

target point locations might be modified or some 

new targets appear adding extra complexity to the 

decision making process. In addition, fuel or 

batteries of UAVs get depleted and there is always 

a need to calculate a new trajectory. A dynamic 

environment is one which is characterized by 

uncertainty, i.e., UAVs have to operate with 

insufficient and inaccurate information about their 

surroundings. Uncertainty is increased due to 

sensor failures (imperfect radar or GPS 

measurement results), unpredictable 

environmental influence (for instance, quick 

changes in wind speed or temperature affecting 

battery operation), and random events like 

communication disruptions or a UAV crashing 

because of technical failures. Thus, we see that the 

term "dynamic and uncertain environment" means 

that the environment gets renewed at the end of 

each simulation cycle, since all UAVs' initial 

positions (coordinates x, y, velocity v and heading 

φ) and target/obstacle positions are generated 

randomly. UAVs are considered as objects flying at 

a certain altitude and their movements are 

described with the help of two-dimensional 

kinematic equations. In this approach, the following 

main assumptions are accepted: 

● The movement of a UAV occurs in the plane 

(three-dimensional problem is simplified to two-

dimensional case) 

● Information about target points is obtained 

by UAVs beforehand from ground radars 

Simulation Environment: 

● Dimensions: 700 × 600 pixels 

(corresponding to 7000 m × 6000 m)  

● Update Rate: 60 FPS (Frames Per Second, 

indicating how many times per second the UAVs’ 

positions are recalculated and displayed).  

UAV Types: 

Leader UAV: speed: 100–200 m/s, acceleration: −3 

to 3 m/s², angular velocity: −0.6 to 0.6 rad/s.  

Follower UAV: higher maneuverability, speed: 

100–300 m/s, acceleration: −6 to 6 m/s², angular 

velocity: −1.2 to 1.2 rad/s  

A mission is considered successfully completed, 

and the current episode ends if the leader UAV 

enters the target area.  

4.2 Multi-UAV route planning modeled as a 

POMDP 

Partially Observable Markov Decision Processes 

(POMDP) are used for modeling sequential 

decision-making problems in conditions when 

information about the environment is incomplete. 

This approach is an extended version of the classical 

Markov Decision Process approach. The route 
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planning of multiple UAVs is formulated by means 

of POMDP as follows: 

⟨S,A,R,P,Z,O,γ⟩     (8) 

Components of the model: 

● S (a set of all possible states of the UAV and 

the environment): 𝑆 = {𝑠1, 𝑠1, … , 𝑠𝑁}— where N is 

the number of agents. Every agent can observe only 

a part of the environment. 

● A (a set of actions available for UAV):  

𝐴 = {𝑎1, 𝑎2, … , 𝑎𝑁} - a set of possible actions for each 

UAV. 

● R(s, a) (reward function): indicates a reward 

obtained by an agent as a result of choosing action 

at state s. 

● P(s′|s, a) (transition probability): indicates 

the probability of transition from state s to state s′ 

as a result of action performed by an agent. 

● Z (set of observations): 𝑍 = {𝑧1, 𝑧2, … , 𝑧𝑛} — 

where zᵢ is an observation observed by the i-th 

UAV and reflects the amount of information an 

agent obtains.  

● O(z|s, a) (observation function): reflects the 

type of observation z that occurs after an agent 

makes state s with action a ∈ A. In fact, the 

observation function is not known for an agent. 

Hence, the agent has no knowledge of this function 

in advance. 

● γ (discount factor): a parameter in the range 

0 to 1 reflecting a decrease in the future rewards' 

value in time. It describes the relationship between 

present and future rewards. For example, when γ 

approaches one, an agent acts in a long-term 

manner (concerned about future gains). On the 

other hand, when γ approaches zero, an agent acts 

in a short-term manner (cares only about present 

gain). 

Set Z Design. Every UAV obtains information 

about the environment in the vector form. The 

observation vector of the i-th UAV has the 

following representation: 

𝑧𝑖 = (𝑥𝑖 , 𝑦𝑖 , 𝑣𝑖 ,  𝜑𝑖 , 𝑚𝑖),    (9) 

where: 

● (𝑥𝑖 , 𝑦𝑖 , 𝑣𝑖 ,  𝜑𝑖) are the state parameters of the 

i-th UAV: (x, y) are the coordinates of the UAV, v 

is its speed, and φ is a direction. 

● 𝑚𝑖represents additional observations 

related to the type of the UAV.  

The additional observations vector for leader 

UAV is described as follows: 

𝑚𝑖 = (𝑥𝐺 , 𝑦𝐺 , 𝑂𝑓𝑙𝑎𝑔)    (10) 

● (𝑥𝐺 , 𝑦𝐺) are the coordinates of the goal-point. 

● 𝑂𝑓𝑙𝑎𝑔 is a flag indicating the presence/absence of 

an obstacle. 

Function 𝑂𝑓𝑙𝑎𝑔 gives some simple but very useful 

information for avoiding obstacles. 

𝑂𝑓𝑙𝑎𝑔 = {
1, if the UAV approaches or enters the obstacle zone

0, if the UAV is far from the obstacle zone
 (11) 

Here d₀ is a distance between the UAV and the 

obstacle, R₀ is a radius of influence of the obstacle. 

𝑂𝑓𝑙𝑎𝑔 = {
1, 𝑑0 < 2𝑅0
0, 𝑑0 ≥ 2𝑅0

 .   (12) 

In this way, UAVs are given enough information 

for moving towards the goal point without being 

aware of all environmental features. Therefore, an 

agent is placed in the situation where it must 

operate with limited information about the 

environment. Consequently, the POMDP model 

can be applied in this situation. Here 𝑑0 =

√(𝑥 − 𝑥0)
2 + (𝑦 − 𝑦0)

2 denotes a distance between 

UAV and the obstacle. If a distance between UAV 

and the obstacle is less than two times the radius of 

the obstacle, then it is supposed that the obstacle is 

in the vicinity of UAV and is reflected in the flag 

value of 𝑂𝑓𝑎𝑙𝑔 equal to 1, otherwise 𝑂𝑓𝑎𝑙𝑔 = 0. 

For follower UAVs, the observation vector has 

the following form: 

𝑚𝑖 = (𝑥𝐿 , 𝑦𝐿 , 𝑣𝐿),    (13) 

where (𝑥𝐿 , 𝑦𝐿) are coordinates of the leader UAV, 𝑣𝐿 

is the speed of the leader UAV. As noted above, in 

fast formations there is only one leader UAV, hence, 

all remaining UAVs are followers. Therefore, their 

observation vectors have the form of 𝑚𝑖 =

(𝑥𝐿 , 𝑦𝐿 , 𝑣𝐿).  

2. Design of the state space (S). States si of UAVs 

in the considered problem are not reduced only to 

the UAV-specific information; additionally, the 

states include information about other UAVs 

participating in the formation. This step is necessary 

to implement joint coordinated motion in the 

system. Full description of the state vector for the 

(i)-th UAV is formulated as follows: 

𝑠𝑖 = {𝑧𝑖 , 𝑧1, 𝑧2, … , 𝑧𝑁}, where 𝑧𝑖 is the individual 

observation vector of the (i)-th UAV (position, 

velocity, target position, etc.), ( 𝑧1, 𝑧2, … , 𝑧𝑁 ) are 

observation vectors provided by all other UAVs in 

the formation, and N is the number of total UAVs. 

3. Action space (A) design. Actions of UAVs 

involve choosing appropriate acceleration (ui) and 

angular velocity (ωi), which define the velocity 

change rate and turning angles. In general, the 

action vector for the (i)-th UAV can be described 

using the following equation: 

𝑎𝑖 = {𝑢𝑖 , 𝜔𝑖}
𝑇 ,    (14) 

where 𝑢𝑖 is the acceleration of the UAV and ωi is the 

angular velocity of the UAV. The chosen actions 
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must satisfy the established constraints. 

Acceleration is used to describe the dynamic 

properties of UAV within the simulation 

environment. Alterations in acceleration within the 

simulation are used as a control signal responsible 

for obstacle avoidance and prompt UAV-target 

interaction. For instance, if the UAV approaches 

the target, the vehicle reduces its speed through 

negative acceleration to prevent collision with 

other objects in the environment. Angular velocity 

is the value responsible for defining how fast the 

agent turns around; in other words, it describes the 

turning angle. The maneuverability of the UAV 

directly depends on it. Although the distance 

traveled correlates with the linear velocity, 

maneuvers through complex paths are controlled 

by angular velocity. 

4. Reward function design (R). To improve the 

efficiency of coordinated multi-UAV path 

planning, different reward and penalty 

mechanisms are assigned to different types of 

UAVs. This approach is intended to ensure both 

the safety and optimality of the system. The main 

components of the reward function are as follows: 

1. Boundary reward (rboundary). If the leader UAV 

approaches the boundary, the penalty (-1) is used. 

In another case, there are no penalties and rewards: 

𝑟𝑏𝑜𝑢𝑛𝑑𝑎𝑟𝑦 = {
−1, near the border,

0, otherwise.
    (15) 

2. Obstacle avoidance reward (robstacle). If the 

distance between the leader UAV and the obstacle 

is less than 2 times its radius (collisions are 

possible), the penalty (-2) is used. If the distance is 

less than the radius of the obstacle (there is a 

collision), the large penalty (-500) is used. In 

another case, there are no penalties and rewards: 

𝑟𝑜𝑏𝑠𝑡𝑎𝑐𝑙𝑒 = {

0, 𝑑0 > 2𝑅0
−2, 𝑅0 ≤ 𝑑0 ≤
−500, 𝑑0 < 𝑅0

2𝑅0   (16) 

3. Goal-reaching reward (rgoal). The further the 

distance to the target from the leader UAV, the 

higher the penalty. When the UAV reaches the 

target region (with the distance equal to D₁), there 

is a large reward (1000). Other case, there is the 

penalty which depends on the current distance to 

the target: 

𝑟𝑔𝑜𝑎𝑙 = {
1000, 𝑑𝐺 ≤ 𝐷1 

−0,001 × 𝑑𝐺  , 𝑑𝐺 > 𝐷1
   (17)   

where 𝑑𝐺 describes current distance to the target. 

D₁ defines the threshold distance for successful 

target acquisition (the “success zone”). In 

simulation, it is technically difficult for the UAV to 

reach the exact center of the target. If the UAV 

approaches this circle, it is considered as reaching 

the goal. 

4.Tracking (formation) distance reward function 

(rtracking). The following reward function evaluates if 

the distance between the leader UAV and its 

followers satisfies the requirements of formation 

conditions. If all follower UAVs move in the 

required limits, then the reward is zero. In another 

case, the penalty depending on the violation value 

is used: 

𝑟tracking = {
0, 𝑑𝑗𝐿,𝑚𝑖𝑛 ≤ 𝑑𝑗𝐿 ≤ 𝑑𝑗𝐿,𝑚𝑎𝑥  

−0,001 × 𝑑𝑗𝐿 , otherwise
          (18) 

Then, the tracking reward for all follower UAVs is 

calculated as follows: 

𝑟tracking = ∑ 𝑟𝐭racking,𝑗
𝑁−1
𝑗=0  ,  (19) 

where j corresponds to a number of the follower 

UAV, 𝑑𝑗𝐿 stands for current distance between 

follower j and the leader UAV. 𝑑𝑗𝐿,𝑚𝑖𝑛, 𝑑𝑗𝐿,𝑚𝑎𝑥 

correspond to the safe distance limits of formation. 

5.Speed coordination reward (rspeed). When the 

difference of speeds is less than 1 (both follower and 

leader UAVs have almost equal speeds), then the 

reward equals 1. In another case, there is no reward 

or penalty:  

𝑟speed,𝑗 = {
1, |𝑣𝐿 − 𝑣𝑗| < 1

0,   otherwise
                   (20) 

𝑟𝑠𝑝𝑒𝑒𝑑 =  ∑ 𝑟𝑠𝑝𝑒𝑒𝑑,𝑗

𝑁−1

𝑗=0

                    (21) 

As a result, we can formulate the leader reward as 

follows: 
𝑅𝐿 = 𝜔𝐿,1𝑟𝑔𝑜𝑎𝑙 + 𝜔𝐿,2𝑟𝑜𝑏𝑠𝑡𝑎𝑐𝑙𝑒 +𝜔𝐿,3𝑟𝑏𝑜𝑟𝑑𝑒𝑟 +

+𝜔𝐿,4𝑟tracking + 𝜔𝐿,5𝑟speed ,  (22) 

where 𝜔𝐿,1, 𝜔𝐿,2, 𝜔𝐿,3, 𝜔𝐿,4, 𝜔𝐿,5 correspond to 

weighting factors. As for followers' reward 

functions, they consist of two items only: 

𝑅𝑖𝑗 = 𝜔𝑖,1𝑟tracking,𝑗 + 𝜔𝑖,2𝑟speed,𝑗 ,  (23) 

where ωi,1 and ωi,2 are the corresponding weighting 

coefficients. As a result, the whole set of reward 

functions is defined as: 

𝑅 = {𝑅𝐿 , 𝑅𝑖,1, 𝑅𝑖,2, … , 𝑅𝑖,𝑁−1 }, 𝑅 ∈ 𝑅
𝑁 . (24) 

4.3 Coordinated trajectory planning of 

multiple UAVs based on MASAC  

MASAC is built on the CTDE paradigm in multi-

agent systems. In this method, each agent has its 

own SAC architecture. Different from other 

methods in the literature (Enders et al., 2023), in the 

presented framework, global state information is 

not passed to the policy network; on the contrary, 

attention is paid to local observations, making the 



Q. Talıbov           Problems of Information Technology (2026), vol. 17, no. 2, 28-38 
 

35 

agents capable of making autonomous decisions. 

The training procedure is conducted according to 

the following steps: 

● The local observation vector 𝑧𝑖  of the i-th 

agent is input to the actor network, generating the 

corresponding action vector 𝑎𝑖. 

● All action vectors are aggregated together 

to form the joint action vector (A) and sent to the 

environment. 

● The environment performs these actions 

and returns the state vector for the next time step S′ 

and the reward vector for the current step R . 

Finally, the generated transitions (S,A,R,S′) are 

stored in the experience replay buffer. During the 

training process, randomly selected samples from 

the buffer are utilized. For every i-th agent, the 

state-action pair (𝑠𝑖 ;  𝑎𝑖) is sent to the critic network. 

Based on that, the value function is estimated and 

updated. Therefore, the MASAC algorithm 

facilitates the exploitation of centralized 

information in the training stage and allows for 

autonomous behavior of agents based on local 

observations during the execution. 

As illustrated in Fig.2, in the MASAC algorithm, 

the updating process of the critic, actor, and entropy 

networks for every i-th agent is based on the 

principles of the conventional SAC algorithm and is 

similar in its structure to the latter one. Within this 

scheme, the policy (actor) network is represented by 

parameters θ, while the value (critic) network is 

defined by parameters ω. The actor network is 

responsible for finding the optimal action 

distribution for a certain state, forming the policy, 

while the critic network assesses the value of the 

state-action pairs and helps with the adjustment of 

the actor network. The entropy component is 

modeled using a separate network (or parameter) 

and ensures the stochastic nature of the policy. In 

such a way, the mechanism provides adequate 

exploration by the agent and helps achieve stability in 

the learning process. Adding the entropy term to the 

policy makes it take into account not only the 

maximum reward but also a wide variety of possible 

actions. Thus, in the MASAC framework, the 

updating process guarantees the accurate 

approximation of the value function and optimal 

balance between the optimization of the policy. 

The role of the critic (evaluation) network in the 

MASAC algorithm: “How good will the result be if 

I take this action in this state?” Expression 

𝑄𝑖(𝑠𝑡;  𝑎𝑡) in the network corresponds to the current 

Q-value for the i-th agent in case it takes action 𝑎𝑡 

from the current state 𝑠𝑡. 

 

Fig. 2. Overall architecture of the MASAC 

algorithm in a multi-agent system 

Here, 𝑠𝑡 is the current state, 𝑎𝑡 is the current 

action, and 𝑄𝑖  is the “goodness” value of this action 

for the i-th agent. As we know, the action space can 

be continuous (for instance, speed, angle, etc.). In 

this case, computing the Q-value is a very complex 

problem because the actions are also 

multidimensional. Thus, in the context of 

continuous action space and multidimensionality of 

actions, the 𝑄𝑖(𝑠𝑡;  𝑎𝑡) will be estimated using a 

neural network whose parameters are denoted by 

ω. Here, the neural network is a function with 

parameters ω, which takes as inputs state-action 

pair and produces an output value 𝑄𝑖(𝑠𝑡;  𝑎𝑡). 

𝑄𝑖(𝑠𝑡;  𝑎𝑡) = 𝑄̂𝑖(𝑠𝑡;  𝑎𝑡)    (25) 

To have a better insight into the overall design of 

the MASAC algorithm in a multi-agent 

environment, Fig. 3 shows the architecture of the 

actor, critic, and entropy neural networks of the i-th 

agent individually. 

 

Fig. 3. Internal update mechanism of the actor–

critic–entropy networks for the i-th agent 

As can be seen from the figure below, the 

process of updating the neural networks of the i-th 

agent involves the following components: 

● SAC Agent i — inputs of the i-th agent (state 

zi, action ai); 

● Entropy network — for optimizing the 

parameter α, using the loss function J(α);  
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● Actor network—network determining the 

behavior of the agent (loss function J(θ));  

● Critic network—for evaluating the current 

and target Q-values (loss function J(w)); 

● The input, hidden, and output layers in the 

neural networks are denoted by different colors; 

The mean squared error (MSE) is used as the 

loss function; this is a function for calculating the 

deviation of the model based on averaging the 

squared differences between the expected and 

predicted values. To optimize the parameters of the 

MASAC network, the adaptive moment estimation 

(Adam) approach is applied, providing stable 

updates of the parameters (Kingma et al., 2015). 

Hence, the loss function of the critic network for the 

i-th agent is as follows: 

𝐽𝑄,𝑖(𝜔) = 𝐸(𝑠𝑡,𝑎𝑡,𝑠𝑡+1)~𝐷 [
1

2
(𝑄𝑖(𝑠𝑡; 𝑎𝑡) − 𝑄̂𝑖(𝑠𝑡;  𝑎𝑡)

2]   (26) 

In this case, D is the replay buffer that stores 

training data for sampling purposes. Within D , the 

state s, action a , and next state 𝑠𝑡+1 are kept. As D 

is available, the MASAC framework can learn from 

experience, which leads to improved sample 

efficiency and reduced correlation among samples. 

In this context, the network that is trained is highly 

volatile. Hence, an independent target network is 

used in order to keep the algorithm stable. In this 

scenario, new values are added continuously, 

while old values are not discarded completely. 

Parameters of the target Q-network are 

represented by 𝜔̅ which are updated using the soft 

update method as per the formula shown below: 

  𝜔̅ = 𝜏𝜔 + (1 − 𝜏)𝜔̅,    (27) 

where τ is the coefficient of soft update. The actor 

network is a mapping function from state to action. 

In this context, the purpose of the network is, 

“Which action should be taken in this state?” In 

MASAC, an attempt is made to derive a better 

policy 𝜏𝑛𝑒𝑤 by reducing the KL (Kullback–Leibler) 

divergence. In this context, KL divergence 

computes the distance between the previous and 

current policies. This measure evaluates the 

distance between old and new decisions: when the 

distance is larger, learning might become unstable; 

conversely, if the distance is smaller, the learning 

process will be inefficient. 

Algorithm 1. Training algorithm for MASAC-

based multi-agent cooperative trajectory 

planning 

1. Initialization of N actor networks, N critic 

networks, and N entropy networks; 

2. Initialization of replay buffer D (storage of 

agent’s experiences for use in learning 

processes) and OU noise (Ornstein-

Uhlenbeck noise - stochastic process 

providing better random exploration in 

continuous action space); 

3. for each episode = 1 to 𝑀𝑎𝑥𝑒𝑝𝑖𝑠𝑜𝑑𝑒  do 

4. Initialization of the environment and 

acquisition of the current state s; 

5. for each step = 1 to 𝑀𝑎𝑥𝑠𝑡𝑒𝑝 do 

6. Selection of action 𝑎𝑖 = [𝑢𝑖;  𝜔𝑖] using actor 

network from observation zᵢ under state s 

based on OU noise for each UAV i; 

7. Clipping of selected action in the range [-1, 1];  

8. Performing the step in the environment 

based on action 𝑎 = [𝑎1, 𝑎2, … , ]; receiving the 

reward r, next state s', and done flag;  

9. Storing tuple (s, a, r, s') in replay buffer D; 

10. If replay buffer D is filled then  

11. Selection of the random batch from D; for 

each UAV i, performing the gradient descent 

of the critic network by equation (26); 

12. Performing the gradient descent of the actor 

network by equation (28); 

13. Performing the gradient descent of the 

entropy network by equation (29); 

14. Updating the parameters of the critic 

network according to “soft update” formula 

(8), as well as “hard update” method with 

fixed steps for actor and entropy networks; 

15. End-if 

16. Updating current state: s ←  s'; 

17. If done (the end of the episode) then 

18. Termination of the current episode; 

19. End-if 

20. End-for (steps) 

21. End-for (episodes) 

The calculated Q-value using the new policy is 

greater or equal to the same value using the old 

policy. Therefore, the loss function of the policy 

network of agent i can be stated by the following 

equation: 

𝐽𝜋,𝑖(𝜃) = 𝐷𝐾𝐿 [𝜋𝑖 ∙ |𝑠𝑡)|| (exp
1

𝛼
𝑄𝑖(𝑠𝑡; ∙) − log 𝑍𝑖(𝑠𝑡))] , (28) 

where, α is the temperature coefficient, 𝑍𝑖(𝑠𝑡) is a 

normalization function to ensure the correct 

normalization of the distribution, dependent on the 

state of the agent i, does not affect the gradient 

descent and is responsible solely for correct 

normalization of the policy distribution. Because of 

the ability of the entropy network to automatically 

adapt the temperature coefficient α, the balance 

between exploration and exploitation is always 

optimized dynamically (Haarnoja et al., 2017). 
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Namely, higher α promotes more exploration, 

while the lower coefficient promotes exploitation 

of the existing knowledge. 

The loss function of the entropy network for 

agent i at step t can be expressed by the following 

equation: 

          𝐽𝑖(𝛼) = 𝐸𝑎𝑡~𝜋[−𝛼 𝑙𝑜𝑔𝜋(𝑠𝑡) − 𝛼𝐻0]   (29) 

where, H₀ stands for predefined minimal policy 

entropy level. Training procedures of the proposed 

MASAC-based cooperative trajectory planning 

algorithm are briefly described in Algorithm 1 

below. In order to increase exploration of the policy 

network, temporally correlated Ornstein-

Uhlenbeck (OU) noise is applied (Lillicrap et al., 

2015). 

5. Experimental Results and Discussion 

To assess the effectiveness of the proposed 

Multi-Agent Soft Actor-Critic (MASAC) 

framework, a series of Monte Carlo simulations 

were carried out in a dynamic and uncertain 

environment, where both obstacle layouts and 

target locations were randomly generated. In total, 

50 independent episodes were executed to obtain 

statistically reliable results. For a more meaningful 

evaluation, the proposed approach was 

benchmarked against two well-established multi-

agent reinforcement learning methods: Deep 

Deterministic Policy Gradient (DDPG) and Multi-

Agent DDPG (MADDPG). Table 1 presents the 

quantitative comparison of the evaluated methods. 

Table 1. Performance comparison of different 

methods. 
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DDPG 78% 145 s 0.71 14% 

MADDPG 86% 132 s 0.82 8% 

MASAC 93% 118 s 0.91 4% 

For comparative evaluation, the proposed 

framework was benchmarked against 

conventional DDPG and MADDPG-based 

approaches frequently used in UAV trajectory 

planning problems. As can be seen from the 

obtained results, the proposed MASAC framework 

consistently performs better than the baseline 

methods across all evaluation metrics. In 

particular, the improvement in success rate can be 

attributed to more effective exploration enabled by 

entropy regularization. At the same time, a 

noticeable reduction in collision occurrences is 

observed, which is mainly due to the more stable 

policy updates and improved coordination between 

agents.  

The training behavior of the MASAC model also 

indicates stable convergence. The reward curve 

increases gradually during training and eventually 

stabilizes after a sufficient number of episodes, 

which suggests that the agents are able to learn 

coordinated and reliable policies. 

 

 

 

Fig.4. Variation curves of heading angle, velocity, 

and distance between the leader and the i-th 

follower UAV 

Fig. 4 supports the convergence analysis by 

illustrating the temporal changes in heading angle, 

velocity, and the distance between the leader and 

follower UAV. The results show that the proposed 

MASAC framework achieves smooth coordination 

between agents and maintains a stable formation 

during the mission. 

Overall, the experimental results confirm that 

the proposed MASAC-based framework is capable 

of handling complex multi-UAV coordination 

problems in dynamic environments. The method 

ensures effective path planning, reliable obstacle 

avoidance, and consistent formation maintenance. 

Application of the results 

It is possible to consider the application of the 

proposed MASAC-based UAV coordinated control 

system in some areas of practice:  

● Military activities: coordinated missions of 

UAV swarms, surveillance, and targeting. 

● Search and rescue operations: effective 

scanning of the area in uncertain conditions. 

● Autonomous aviation transportations: 
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coordination of UAV deliveries (cargo transport). 

● Disaster management: UAV navigation in 

uncertain and dangerous conditions. 

6. Conclusion 

In this paper, the problem of autonomous 

control and cooperative trajectory planning for 

multiple heterogeneous unmanned aerial vehicles 

in complex and dynamic airspaces was 

investigated in depth. The described problem was 

formulated in terms of the partially observable 

Markov decision process, and the proposed 

MASAC algorithm with a centralized training and 

decentralized execution architecture was 

developed for solving it. The results of 

experimental simulations carried out in the 

developed custom-made simulation environment 

show that the proposed algorithm successfully 

eliminates the problems associated with "curse of 

dimensionality" and increases the UAVs' abilities 

to avoid obstacles and reach targets in an 

individual case and to maintain the overall 

formation. 

The developed simulation environment allows 

simulating the dynamics of motion of 

heterogeneous UAVs under dynamically changing 

and uncertain conditions. The use of POMDP-

based modeling and MASAC algorithm allowed 

showing that the model has high performance not 

only in individual actions but also in the collective 

one. The conducted research demonstrated the 

effectiveness of multiagent deep reinforcement 

learning algorithms when working with the 

problem of coordinated control of UAVs in 

dynamic airspaces. 

Further research may focus on extending the 

proposed model to 3D environments, improving 

energy efficiency, and considering more complex 

obstacle configurations. Another important 

direction is testing the framework under more 

realistic and highly dynamic conditions with a 

larger number of UAVs. In this study, the 

coordinated trajectory planning problem was 

formulated as a Partially Observable Markov 

Decision Process (POMDP) and addressed through 

a centralized training and decentralized execution 

architecture based on the MASAC algorithm. 
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