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Abstract. Due to the deteriorated weather and the activities of other airspace users, the control job at
terminal airspace become complex and changeable. This situation brings more work burden for the air traffic
controllers to conduct aircraft path planning. The conventional aircraft path planning methods are not
consistent with the actual operation situation of air traffic control facility. In this paper, a terminal airspace
flight path planning algorithm based on improved Deep Q-Network (DQN) is proposed. It use the results
generated by classical path planning algorithms as priority experience to feedback the DQN model. The
experimental results show the proposed algorithm is able to reduced the distance of the path planning and
training time compared with the traditional path planning algorithm. It greatly improves the model training
efficiency.
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1. Introduction

Balancing the safety and efficiency of air traffic control has always been a challenge. The terminal
control area is the busiest and most complex area in air transportation. During diverse air traffic activities or
complex weather conditions, the airspace becomes complex and unstable, affecting the operational efficiency
of civil aviation flights. Therefore, it is necessary to study methods of aircraft path planning in the context of
the complex and ever-changing airspace of the terminal control area.

Initially, it was mainly used geometric algorithms to plan the detour routes of aircraft. Simple network
graphs[1], grid-based Dijkstra's algorithm[2], segmenting the planning of aircraft paths[3] are several
methods used earlier for flight path planning. In solving the single aircraft path planning problem based on
grid maps, the A* algorithm[4-6] has shown high efficiency and accuracy. Other algorithms, such as greedy
algorithms[7], Markov processes and dynamic programming algorithms[8], nonlinear predictive model[9],
genetic algorithms[10], simulated annealing algorithm[11], aim to consider other constraints in path planning
problems simultaneously.Deep reinforcement learning methods have also used to solve path planning
problems. Deep Q-network reinforcement learning[12], dueling Q-networks algorithm[13], improved the
experience replay mechanism DQN[14] and Independent Deep Q-Network algorithm[15] commonly used to
solve path planning problems.

This paper proposes an improved deep reinforcement learning algorithm aimed at solving the problem of
aircraft path planning in terminal control areas. The article first describes the actual operational conditions of
the terminal control area and uses a grid map to represent the operational environment of the terminal area
and restricted airspace. Then, this paper introduces an improved prioritized experience replay mechanism for
the DQN algorithm, which takes the results of traditional path planning as prioritized experiences for
learning. Finally, the article compares and analyzes the results of the proposed improved DQN algorithm
with those of the A* algorithm and the traditional DQN algorithm.
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The rest of this paper is organized as follows: Section 2 introduces actual operational conditions of the
terminal control area and grid map of operational environment. Section 3 introduces an improved prioritized
experience replay mechanism for the DQN algorithm. Section 4 compares and analyzes the results of the
proposed improved DQN algorithm with the traditional path planning algorithm. Finally,the conclusion was
given in Section 5.

2. The Operation of Terminal Control Airspace

2.1. Problem Description

In Terminal control airspace, air traffic is relatively complex. Factors that significantly affect the
available airspace operations in terminal control areas mainly include: hazardous convective weather
affecting aircraft operations, activities of other airspace users, general aviation flight activities, and the
activities of unmanned aerial vehicles and other unknown airborne objects. These factors may pose a threat
to flight safety, and even lead to danger.

If aircraft encountering dangerous weather such as thunderstorms, turbulence and wind shear, it will
typically take measures to re-plan their routes to avoid. When other airspace users are active, civil aviation
flights are prohibited from entering a specific airspace, civil aircraft must re-plan their routes. Within the
terminal control area, when general aviation flights and UAV flight activities are conducted simultaneously,
a dedicated segregated airspace must be established to ensure that civil aviation activities maintain an
appropriate distance from them, thereby ensuring the safety of all types of flights.

2.2. Environmental Modeling

Converting terminal control area airspace into a grid map is a common method for aircraft path planning.
Since the main object of study in this article is the arriving aircraft in the terminal control area, only the
horizontal path planning is considered during path planning. Using a grid map, the complex terminal control
area airspace environment can be simplified into a two-dimensional space.

Acquiring hazardous weather information mainly relies on weather radar. Under normal circumstances,
when the intensity of weather radar echoes exceeds 30 dBz, it is considered that this may pose a significant
threat to the flight safety of aircraft.First, we process the weather radar images by removing areas with an
intensity below 30dBz. Then, we divide the images into grids of a predetermined size and treat those areas
that are not completely covered by a grid as full covered.
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Fig. 1: Weather radar echo image. Fig. 2: Processed weather radar echo image.

Restricted airspace caused by other airspace user activities, general aviation and UAV activities is
transformed into a grid according to the scope of restricted airspace, and the area that is not completely
covered by one space is marked as occupying one space.

3. Flight Path Planning Algorithm Based on Improved DQN
3.1. DQN Algorithm Principle

In reinforcement learning, the Q-learning method is a tabular approach. The Q-table is a table of state-
action pairs, where the data represents the expected total reward for taking a certain action in a particular
state, which is the state-action value table.Q-learning is a model-free value-based reinforcement learning

251



algorithm that uses Q-values to determine the actions of an agent. The core of the algorithm is to store all the
corresponding Q-values for states and actions in a Q-value table during the learning process, which are
continuously updated as the agent explores and learns.

Deep Q-Network (DQN) refers to a Q-learning algorithm based on deep learning, which mainly
combines value function approximation with neural network technology. It uses a representation method of
value function approximation and employs a deep neural network to fit the Q function. Additionally, it
adopts techniques such as target networks and experience replay for network training, effectively enhancing
the efficiency and effectiveness of reinforcement learning.

Ofs,a;0)= O (s,a) (1)

Use a neural network with parameters to approximate the Q-values. Deep Q-Network (DQN) algorithm

includes two neural networks, one for representing the target Q-network, and the other for generating the
evaluation Q-network. Use the target network to compute the target Q-values:

Y =1, +ymax Q'(S_/Jrl’aj) 2

In a Deep Q - network or DQN,by calculating the difference between the predicted value and the target
value and defining it as the loss function.

£(0)= E|(», - (s, a:6)F | 3)

We use gradient descent to update weights and minimize the loss. After a certain number of updates to
the network, it is then used to update the target network. The parameters of the target network are not
directly updated during the training process, but are periodically copied from the Q-network to maintain
stability and consistency in the target network.

3.2. Improve the Experience Feedback Mechanism

In Deep Q-Network (DQN) reinforcement learning, the agent interacts with the environment and stores
the obtained data in a replay buffer. During the training phase, the agent randomly samples a batch of data
from the replay buffer to update the Q-network. During the data extraction process, random sampling is
typically used to select samples.

Random sampling mechanisms may lead to less common data not being effectively utilized, thus
hindering the acceleration of the agent's learning process.In the early stages of training, the agent must
perform a large number of random actions to explore viable strategies, which often leads to a significant
decrease in training efficiency, as many actions do not yield effective rewards.

Path planning problems can now be solved with feasible solutions using traditional algorithms, although
these solutions may not be optimal. If the results obtained from traditional algorithms are used as the initial
training experience for agents, it will significantly enhance the efficiency of the initial training.

For the path planning problem presented in this article, we first use the A* algorithm to find a path for
the agent to reach the destination, and then convert these paths into data for the agent's interaction with the
environment, storing them in the replay buffer. And prioritize these data as priority experience.

The prior knowledge is set as follows:

(1) Assuming the path obtained through the A* algorithm is s = [Sl,sz,s3~~-,sn],Each of s, represents
the position of an agent on the grid map.

(2) The actions of an agent can be calculated using the relationship between the current position and the
next position. s, (xl., yl.) is a point in the path queue, and s, (xl. Vi +]) is the next point in the path queue, we
calculate the difference between two coordinate points, and then convert the positional relationship of the
two points into corresponding actions of the agent.
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(3) Interact with the environment using the agent's position and action information as states and actions,
calculate the obtained rewards and the agent's next state and expressed as [s,a,r,snm], and store the data
into the replay buffer.

4. Experiment and Analysis

4.1. Experiment Setting

We converted the terminal control area airspace map within a 100-kilometer range into a grid map and
marked the hazardous weather areas and restricted airspace on the grid map. The airspace grid map is shown

in Figure 3.
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Fig. 3: The initial airspace environment.

The maximum turning angle of the agent is assumed to equal 7 /4 .The state of the agent is represented

by (x, y). The agent has five actions, each represented by a = [0,1,2,3,4,5].

The reward obtained by the agent interacting with the environment is defined as follows:

(1) The agent reaches the end point and receives a reward of 100.

(2) The agent enters a restricted airspace, or goes out of the map, and receives a penalty of -100.

(3) The agent receives a penalty of -1 for each step taken.

The hyperparameters of the DQN algorithm are set as in table 1.

Table 1: Network hyperparameters

Hyperparameter Value
Learning rate 0.0025
Experience pool size 1000
Batch size 64
Number of Episodes 2000
Discount Rate 0.99
Epsilon 1
Epsilon - Decay 0.995
Epsilon - Min 0.1

The Q-network updates the parameters at every time step; the update frequency of the Q-target network
is 50 time steps.
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4.2. Results and Analysis
To verify the effectiveness and practicality of the algorithm in this paper, we use the A* algorithm, the
classic DQN algorithm, and the improved DQN algorithm in this paper to solve the path planning problem.
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Fig. 4: A* algorithm path planning result. ~ Fig. 5: Improved DQN algorithm path planning result.

Table 2: Path Planning Results Comparison

Algorithm Turning point Path length
A* algorithm 15 66.452
Improved DQN algorithm 5 59.866

Figure 4 and Figure 5 shows the paths obtained using the A* algorithm and the improved DQN
algorithm, Table 2 compares the results of the two algorithms. The comparison of results obtained from two
algorithms indicates that the path generated by the method proposed in this paper has fewer turning points
and a shorter path length compared to the A* algorithm.
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Fig. 6: Total reward of classic DQN algorithm.  Fig. 7: Total reward of improved DQN algorithm.

To evaluate the convergence speed of the algorithm, Figure 6 and Figure 7 shows the number of training
steps taken for the total reward value to converge during training for the improved DQN algorithm compared
to the classic DQN algorithm. By comparing the total rewards obtained by the two algorithms, we can
conclude that the improved DQN algorithm is able to learn successful strategies more quickly and also
achieves a higher success rate in reaching the goal during subsequent training.

5. Conclusion

This article mainly analyzes and discusses the issue of aircraft path planning in complex terminal control
areas. We describe the operational conditions of aircraft in terminal control areas. Analyzes several factors
that limit the airspace in terminal control areas. The complex airspace environment of terminal control areas
is represented using grid maps. The path planning results of the A* algorithm are used as priority experience
replay to improve the Deep Q-Network (DQN) algorithm. Comparative experiments between the improved
DQN algorithm and the traditional DQN algorithm show that the improved algorithm significantly enhances
the training efficiency of the model.
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