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ABSTRAC 

The recent attention garnered by the EGO-Swarm system is due to its successful generation of 

smooth drone flight paths in complex real-world environments. Among the various parameter 

values utilized by EGO-Swarm for path generation, the maximum speed and maximum acceleration 

of the drone play a critical role in enhancing flight performance. However, in the current EGO-

Swarm setup, these parameter values remain fixed during path creation, despite the potential need 

for real-time adjustments in dynamic environments. Therefore, there is a need to dynamically adapt 

these values to the evolving real-time environment. This paper proposes a novel algorithm that 

dynamically adjusts the maximum speed and maximum acceleration using hierarchical deep 

reinforcement learning in response to real-time environmental changes. To assess the effectiveness 

of the proposed method, a comparative experiment is conducted between the existing EGO-Swarm 

algorithm and the proposed algorithm in a ROS simulation. The experimental results reveal that the 

proposed algorithm surpasses the existing EGO-Swarm algorithm in terms of average speed 

improvement and path length.(Zhou et al., 2021)  
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INTRODUCTION 

In light of the rising drone usage across diverse domains, there's been a surge in research on 

autonomous drone navigation. In such research, it's imperative to concurrently address dynamics, 

path smoothness, and safety to generate real-time paths that evade obstacles and mitigate drone 

mechanical issues. These requirements for autonomous drone navigation become even more critical 

in complex environments but pose significant challenges to resolve. (Yang et al., 2023) 

EGO-Swarm, an algorithm for drone autonomous driving, is a system equipped with 

algorithms that generate real-time paths for multiple drones. Notably, its ability to create real-time 

paths for drones in complex real-world environments has garnered considerable interest from 

researchers in related fields. EGO-Swarm encompasses numerous parameters for the creation of 

smooth paths, including the maximum speed and maximum acceleration of the drone. However, 

while the optimal values for maximum speed and maximum acceleration vary with changes in the 

real-time environment where the current path is generated, EGO-Swarm maintains the initially set 

values. (Park et al., 2022) 

Hence, this paper employs hierarchical deep reinforcement learning to determine the maximum 

speed and maximum acceleration based on real-time environmental changes. The upper-layer agent 

utilizes the Soft-Actor-Critic (SAC) algorithm to dynamically set the maximum speed and 

maximum acceleration while considering the evolving environment. Meanwhile, the lower-layer 

agent utilizes the set maximum speed and maximum acceleration to generate a real-time route using 

the EGO-Swarm algorithm. Through a comparative analysis conducted in a ROS simulation 

representing a complex environment, we demonstrate the superiority of the proposed algorithm 

over the existing EGO-Swarm algorithm in terms of speed, path length, and path smoothness.   
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LITERATURE REVIEW 

EGO-Swarm functions as a path creation algorithm for enabling the autonomous navigation 

of multiple drones, known as swarm drones, in complex environments like forests, devoid of prior 

information. This algorithm constructs a route solely based on onboard drone data, without relying 

on external location information or pre-existing knowledge of the driving environment. (Nguyen et 

al., 2021) 

EGO-Swarm devises a route by concurrently optimizing time and space while adjusting the 

temporal aspect of each drone. This capability enables EGO-Swarm to generate paths within 

milliseconds, even in intricate environments devoid of prior information. Moreover, EGO-Swarm 

can incorporate specific missions, such as object tracking and formation maintenance, through a 

multi-objective optimization function. It facilitates swarm drones to share trajectories, thereby 

minimizing data transmission, even in unreliable communication networks. (Alyassi et al., 2022)  

 

RESEARCH METHODS 

Reinforcement learning, a subset of machine learning, involves an agent learning to make 

optimal decisions through interaction with its environment. The agent learns by maximizing the 

rewards obtained from the actions it takes. Soft-Actor-Critic (SAC), a reinforcement learning 

algorithm, builds upon the Actor-Critic algorithm framework, comprising Actor and Critic 

components. (Haarnoja, Zhou, Hartikainen, et al., 2018)  The SAC algorithm introduces an entropy 

term to the objective, which guides actor learning, promoting exploration. Maximizing entropy 

enables consideration of not only the optimal policy defined by the current actor but also alternative 

approximate optimal policies. This enhances the effectiveness of exploration and facilitates the 

discovery of diverse approximate optimal policies, ensuring robust learning. (Haarnoja, Zhou, 

Abbeel, et al., 2018)  

As an off-policy algorithm, the SAC algorithm offers the advantage of efficient learning data 

sampling, as it allows for the reuse of utilized learning data. In the SAC algorithm, the objective of 

the Critic is defined as follows. (de Jesus et al., 2021)  

 

In this context, Q represents the state-action value, while r denotes the reward function of the 

reinforcement learning environment. Additionally, a and s refer to action and state, respectively. 

Lastly, π defines the Actor, and when a specific s is provided as input, learning is conducted with 

the aim of extracting the optimal a. 

Hierarchical deep reinforcement learning  

Hierarchical deep reinforcement learning entails a framework within deep reinforcement learning 

that addresses multiple levels of sub-problems to solve the overarching problem. Typically, the 

upper-layer agent in hierarchical deep reinforcement learning categorizes problems broadly and 

selects fundamental actions, while the lower-layer agent learns to tackle sub-problems arising from 

the actions chosen by the upper-layer agent. Within hierarchical deep reinforcement learning, two 

agents in distinct layers operate at varying levels of time-step horizons, with the upper agent 

functioning at a higher time scale and the lower agent at a lower time scale. Hierarchical deep 

reinforcement learning offers the advantage of decomposing complex tasks into a hierarchical 

structure of sub-problems, facilitating relatively straightforward generalization and high learning 

efficiency. (Duan et al., 2021) 

EGO-Swarm encompasses various parameters for generating a smooth path, including the 

maximum speed and maximum acceleration of the drone. The optimal values for these parameters 

fluctuate based on the drone's immediate surroundings where the current path is being generated. 

However, the current EGO-Swarm implementation maintains the initial settings for maximum 

speed and maximum acceleration without adapting to changes in the real-time environment.  

To address this limitation, this paper introduces an algorithm that dynamically adjusts the maximum 

speed and maximum acceleration to optimal values considering the evolving environment during 
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path creation. The proposed algorithm leverages a hierarchical deep reinforcement learning 

framework and demonstrates enhancements in drone speed, path smoothness, and path length 

compared to the existing EGO-Swarm approach. (Wayahdi et al., 2021) 

Proposed hierarchical deep reinforcement learning framework 

In this study, we employ hierarchical deep reinforcement learning, as introduced, to adjust the real-

time parameters of EGO-Swarm. The proposed algorithm, which utilizes hierarchical deep 

reinforcement learning, involves the upper-layer agent employing the deep reinforcement learning 

SAC algorithm to compute the drone's maximum speed and maximum acceleration, taking into 

account the dynamically changing current environment. Subsequently, utilizing these parameters, 

the EGO-Swarm algorithm in the lower layer generates a path for autonomous drone flight. In 

essence, our approach entails leveraging deep reinforcement learning in the upper layer and 

employing the traditional control algorithm presented by EGO-Swarm in the lower layer. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1 Proposed algorithm pseudocode 

 

The state, a component of the upper layer Markov Decision Process (MDP) utilizing the deep 

reinforcement learning SAC algorithm, comprises surrounding obstacles detected by the drone's 

sensor and directional information to the destination. Meanwhile, the action, situated in the lower 

layer, pertains to determining the maximum speed and maximum acceleration of the drone utilized 

in the EGO-Swarm algorithm. Rewards are assigned as follows: +1.0 upon reaching the destination, 

-1.0 upon colliding with an obstacle, and -0.01 in other states. The designated MDP is not impulsive 

but rather fosters learning aimed at achieving the destination at an accelerated pace. 

In the interim, following the creation of the drone path in the lower layer, the drone traverses the 

path for several seconds, while one SAC agent time step is executed in the upper layer. The episode 

of the SAC algorithm in the upper layer concludes when the drone encounters an obstacle or reaches 

its destination in the lower layer. (Hafiz et al., n.d.) 

The pseudocode outlining the proposed algorithm is depicted in [Figure 1]. Initially, the drone's 

ultimate destination is set, and the environmental data detected by the drone's sensor at its current 

location is provided as input to the upper layer agent. Subsequently, the upper layer agent processes 

the surrounding environmental information. Once the maximum speed and maximum acceleration 

of the drone are factored in, the lower layer agent is initiated. This lower-layer agent then generates 

a route within EGO-Swarm, considering the drone's maximum speed and maximum acceleration, 
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final destination, and real-time environmental data obtained from the upper layer. The drone 

subsequently traverses along the designated path for a specified duration. At the conclusion of each 

episode, the SAC algorithm, operating as the higher layer agent, undergoes training. These series 

of procedures are iterated until the drone successfully reaches its destination. 

 

RESULTS AND DISCUSSION 

In this study, we perform a comparative experiment utilizing the ROS-based simulation offered by 

EGO-Swarm. EGO-Swarm facilitates ROS simulation of intricate environments. The comparative 

experiments were carried out across a total of three environments. In each environment, drones 

navigate from the starting point to the destination following the path generated by both EGO-

Swarm and the proposed algorithm.  

In the experiment results depicted in [Figure 2], the red path represents the path generated using 

the proposed algorithm, while the orange path corresponds to the path generated using EGO-

Swarm. It is evident that the proposed algorithm exhibits a higher average speed than EGO-Swarm 

in each environment. Consequently, owing to the higher average speed, the time taken to reach the 

destination is reduced. Furthermore, as illustrated in the figure, the overall smoothness of the path 

is notably enhanced in the proposed algorithm. Consequently, there is a decrease in the path length 

required to reach the destination. 

 

 

 

 

 

 

 

 

 

 

 

 

Performance comparison experiment results between the proposed algorithm and the EGO-Swarm 

algorithm in the ROS simulation environment are depicted in Figure 2. 

 

The experimental results indicate that the proposed algorithm produces routes with higher average 

speeds and smoother paths compared to EGO-Swarm across various ROS simulation environments. 

Additionally, the paths generated by the proposed algorithm also exhibit shorter path lengths 

compared to EGO-Swarm. 

 

CONCLUSION 

In this study, we introduce a novel hierarchical deep reinforcement learning algorithm aimed at 

dynamically adjusting the maximum speed and maximum acceleration of EGO-Swarm, an 

autonomous drone flight algorithm that has gained significant attention recently. The effectiveness 

of our proposed algorithm is evaluated through comparative experiments conducted in ROS 

simulation. Future research endeavors will focus on enhancing the real-time autonomous flight 

performance, particularly in scenarios involving swarm drones. Utilizing deep reinforcement 

learning enables adaptive optimization of parameter control in navigation algorithms like EGO-

Swarm. Experimental findings demonstrate notable enhancements in drone navigation 

performance, resulting in faster, smoother, and more efficient routes with reduced path length. 

Consequently, this approach holds promising potential for enhancing drone applications across 

diverse fields. 
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