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Abbreviations

AI Artificial Intelligence

CA Cellular Automata

DQN Deep Q-Network

DRL Deep Reinforcement Learning

ICAO International Civil Aviation Organization

MDP Markov Decision Process

ML Machine Learning

PPO Proximal Policy Optimization

ReLU Rectified Linear Unit

TD Temporal-difference target
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1 Introduction

Navigating around adverse weather conditions is essential for aircraft, as it directly affects safety, operational
efficiency, and passenger comfort. Currently, the industry’s approach to weather avoidance relies on pilots’
interpretation of data presented by the onboard weather radar, as well as information from air traffic control
(ICAO, 2016). However, the human factor introduces variability into the decision-making, potentially leading
to inconsistent weather avoidance practices.

In recent years, Deep Reinforcement Learning (DRL)—first formalized by Mnih et al. (2015)—has emerged as
a promising approach to sequential decision-making problems, such as conflict resolution in air traffic control,
offering distinct advantages over traditional methods. Unlike rule-based systems, DRL-based models learn
optimal actions through repeated interactions with simulated environments, enabling them to independently
adapt to dynamic and unpredictable inputs while accounting for extensive sets of parameters. This aligns
closely with the demands of weather avoidance in aviation, where conditions can change rapidly and are in-
fluenced by a wide range of variables. Moreover, DRL models can be designed to balance specific objectives
based on desired priorities, such as accepting a moderate increase in fuel consumption as a trade-off for safely
avoiding severe weather.

Despite the potential of DRL, research into its application in aviation has so far been limited to conflict
resolution, without exploring its use for weather avoidance (Wang et al., 2022). This project therefore seeks
to make a preliminary investigation into the feasibility of using DRL in this domain. Specifically, the study
initially compares two widely-used DRL algorithms—Deep Q-Network (DQN) (Mnih et al., 2015) and Prox-
imal Policy Optimization (PPO) (Schulman et al., 2017)—to then assess the efficacy of the selected DQN
algorithm in navigating simulated aircraft around adverse weather. Aside from evaluating the feasibility of
DRL for weather avoidance in aviation, the project provides insights into the effectiveness and limitations
of the chosen algorithm, serving as a basis for more in-depth research in the future. The suitability of the
BlueSky air traffic simulator by Hoekstra and Ellerbroek (2016) is also briefly discussed, evaluating its use-
fulness for weather-related studies in aviation.

To allow for comparability with related research, the project adapts the agent architecture designed by
Van Gelder (2023), who used an identical algorithm-simulator combination (DQN and BlueSky) for handling
conflict resolution in air traffic control. While the overall structure remained unchanged, adjustments were
made to relevant parts of the architecture to accommodate the different domain.

After introducing the related research in Section 1.1, the paper explains the methodology in Section 2,
including the aforementioned DRL algorithm comparison. The results are discussed in Section 3, covering
training stability and agent performance. This is followed by Section 4, which provides interpretation of the
results, and explores implications for the industry, as well as areas for future improvement. Finally, the paper
concludes with a summary of key findings and takeaways in Section 5.

1.1 State of the art

Since the introduction of the Traffic Alert and Collision Avoidance System (TCAS) in the early 1990s, the in-
creasing volume of air traffic has pushed the industry to investigate tools aiding human decisions in handling
this traffic, and improving its flow efficiency (Kuchar & Yang, 2000). Research aimed at refining conventional
approaches to air traffic conflict resolution has been ongoing for several decades, with comprehensive reviews
conducted by the aforementioned Kuchar and Yang (2000), and more recently by Ribeiro et al. (2020). Nat-
urally, these approaches only become more complex with time, in order to account for all possible scenarios
that could be encountered. As with any computer system, the growing complexity could result in a more
complicated long-term maintenance, while also increasing the risk of failure when edge cases are encountered.

As stated by Wang et al. (2022), Machine Learning (ML)—specifically Deep Reinforcement Learning—offers
a promising alternative for improving these approaches, being particularly suitable for solving sequential
decision-making problems, such as conflict resolution in air traffic control. The authors further note that,
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unlike traditional methods, DRL can process and learn from extensive sets of parameters through trial and
error, without requiring complete prior knowledge of its environment. This allows it to autonomously deter-
mine appropriate actions within specific contexts, maximizing its performance in executing a certain task.
It should be noted that this learning process carries a conceptual resemblance to the training of air traffic
controllers, where both involve learning from interactions with (simulated) environment, with the overall goal
of achieving optimal performance.

In the last decade, there has been an increasing amount of research focused on DRL application for con-
flict resolution in aviation. Among the various DRL algorithms, Deep Q-Network (Mnih et al., 2015) and
Proximal Policy Optimization (Schulman et al., 2017) appear to be frequently used for these applications,
although other algorithms have also been explored (Wang et al., 2022). The works of Brittain and Wei (2019)
and Van Gelder (2023) provide examples of the use of PPO and DQN, respectively, in the domain of conflict
resolution.

While there has been a substantial amount of research on the possibilities of using DRL in aviation, none of the
proposed systems have yet been put into service. This is explainable by the safety-critical nature of the indus-
try with human lives at stake, historically relying on human-in-the-loop to assure safety (Degas et al., 2022).
The trend is also reflected in the comparative reviews cited previously, where the works of Kuchar and
Yang (2000) and Ribeiro et al. (2020) focus solely on the traditional approaches, while the reviews by
Wang et al. (2022) and Degas et al. (2022) cover the use of DRL and other Artificial Intelligence (AI) meth-
ods, respectively, providing very little direct comparison between the two.

Furthermore, despite the extensive research on the use of DRL for conflict resolution, the possibility of its
application for avoiding weather remains largely unexplored, as pointed out by Wang et al. (2022). The
research covering weather avoidance is limited to non-ML approaches, with the work of Love et al. (2009)
serving as a representative example.

Of these two gaps in the literature, addressing the absence of real-world deployment of the systems is beyond
the scope of a single project, as it requires sustained research efforts, repeatedly validating the suitability and
safety of the proposed approaches. However, the second gap in the literature—concerning the application of
DRL for weather avoidance in aviation—represents a much more reasonable research opportunity, which this
project seeks to address.

2 Methods

This section explains the specifics of the approaches employed to obtain the results. A preliminary survey
of existing literature has been done to determine the most appropriate DRL algorithm to be used, as imple-
mentation and performance comparison of multiple algorithms would not be feasible within the scope of the
project.

With the aforementioned discussed, the explanation moves on to the implementation of the simulation en-
vironment, followed by the implementation of the agent itself. The environment is then formally defined as
a Markov Decision Process (MDP), adapting its components from the original design by Van Gelder (2023)
to the new domain. Finally, the training process is described, concluding the explanation of the methodology
used to produce the project’s results.

2.1 Tool selection

As mentioned in Section 1, to keep the study comparable with related research, the tools and agent architec-
ture will generally be adapted from the work of Van Gelder (2023), who applied them to conflict resolution
in air traffic control. The following subsections briefly investigate any alternatives that might promise signif-
icantly better results, otherwise the original choices will be kept.
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2.1.1 Training algorithm

The selection of appropriate DRL algorithm is important for the study to provide a reasonably representative
evaluation of DRL as a whole. In his paper, Van Gelder (2023) originally chose DQN for this purpose. Based
on the comprehensive review conducted by Wang et al. (2022), DQN and PPO appear to be the most fre-
quently used algorithms for conflict resolution in aviation, and were therefore selected for further comparison.

A study by Rybchak and Kopylets (2024) directly compares the ability of DQN and PPO to avoid obstacles in
simulated 2D drone navigation, concluding that PPO generally outperformed DQN in maximizing the reward
received in the simulations. However, it also found that the agents using DQN were ‘more agile, easily weaving
through tight spaces and obstacles in enclosed areas’ while the agents using PPO ‘prefer safer, open areas,
avoiding the riskier task of navigating through narrow spaces between obstacles’. Given these findings, the
authors recommend a scenario-specific algorithm selection, depending on the task at hand. Figure 1 shows
the difference in navigational strategy of the drone-controlling agents utilizing DQN and PPO, respectively.

(a) Agent using DQN (b) Agent using PPO

Figure 1: Navigational strategies of drone-controlling agents using different DRL algorithms.
Adapted from Rybchak and Kopylets (2024), licensed under CC BY 4.0.

This difference in navigational strategies is a major factor in the choice of the algorithm. While some of the
described behavior could likely be tweaked by adjusting the reward function, the presented evidence generally
points to the agile nature of DQN encouraging navigating through tighter passages, rather than avoiding the
obstacle entirely like PPO. Naturally, this behavior of the DQN is desirable for an agent designed to navigate
around adverse weather—the option of maneuvering between thunderstorms is often preferable to evading the
stormy area completely, as doing so could result in the aircraft being unable to reach its destination altogether.

Further supporting the suitability of DQN, Kalidas et al. (2023) investigated the ability of DQN, PPO, and
a third algorithm, Soft Actor-Critic, to navigate a drone through dynamically changing 3D environments.
In such a scenario, ‘PPO performed poorly among the algorithms, suggesting that on-policy algorithms are
not suitable for effective collision avoidance in large 3D environments with dynamic actors’. The better
sample efficiency enabled by the replay buffer of the DQN is stated as the main reason for its advantage over
PPO. The authors further note that ‘in small paths and turns, DQN might not be as advantageous due to its
restricted discrete action space’. However, this downside could be considered insignificant for our purpose,
as the amount of space to navigate through relative to the size of the aircraft is much greater compared to
drone navigation.

At this stage, it should be mentioned that the implementation covered in this paper focuses solely on simu-
lation in 2D, as will be described in Section 2.2. However, any follow-up research should ultimately aim to
extend this to 3D, to be able to demonstrate the capabilities of the technology on real-world traffic. There-
fore, the ability to perform well in this future three-dimensional extension of the simulator environment is
considered a benefit of the DQN, even though it may only manifest with further research.

6

https://creativecommons.org/licenses/by/4.0/


With the aforementioned justifications, the DQN algorithm will be used for the project. The goal will be
to take the agent architecture used by Van Gelder (2023) and adapt it for use in the domain of weather
avoidance, providing a comparison of two similar agent designs applied to different domains within air traffic
control. All modifications made to the original design—be it different values of parameters, or adjusted
formal definition of the environment—will be pointed out and justified. These adjustments primarily involve
the significant differences in the agent’s environment, which will be defined in Section 2.4.

2.1.2 Simulator

Let us now direct our attention to the choice of the air traffic simulator. A logical candidate would be the
BlueSky: Open Air Traffic Simulator by Hoekstra and Ellerbroek (2016), which was also used by Van Gelder
(2023), while being the single most chosen platform among the papers reviewed by Wang et al. (2022).

For this study, it was important to verify that the simulator provides sufficient weather functionality, given
that previous research on the use of DRL in air traffic control only dealt with conflict resolution among
aircraft, not with aircraft avoiding weather. Having reviewed the documentation and relevant parts of the
source code, it appears that the only supported weather-related functionalities are the wind and a simple
turbulence model. Since these alone would not be sufficient for the needs of the project, other simulator
options were briefly investigated.

Among the potential alternatives encountered, the AirTrafficSim: An Open-Source Air Traffic Simulation
Environment by Hui et al. (2023) offers a more modern user interface, built-in weather data integration, and
straightforward control via an API. However, due to its smaller scale, it seems to be generally less supported
compared to BlueSky, which could complicate its use in this project, potentially limiting long-term utility.

After a further review and initial implementation attempts, it became clear that the better maturity of the
BlueSky simulator is a critical advantage. Given its frequent use in research, there are multiple projects
that can be used as additional resources on top of the documentation. Unlike the AirTrafficSim, BlueSky
also allows the possibility of being used headless as a Python package, making it easy to integrate into the
project—without the need to interact with a separate external program.

To compensate for the lack of support for simulating adverse weather, a custom weather implementation was
developed separately from the simulator, and is discussed in Section 2.2.2 as part of the greater simulation
environment. While this additional work was necessary to make the BlueSky simulator viable for the project,
it was deemed a justified tradeoff to be able to benefit from the aforementioned advantages it provides.

2.2 Environment implementation

Having selected the tools to be used, we will now focus on the implementation of the simulation environment
itself. Given that adverse weather is not supported by the simulator directly, the environment module serves
as an abstraction layer compensating for this, encompassing the interaction with the simulator, as well as
the weather implementation.

With the smaller scope of the project in mind, the following choices have been taken with respect to the
capabilities of the environment. These points shall be referred to as design choices throughout the document.

1. The simulation includes a single aircraft at a time. This keeps the project focused strictly
on weather avoidance. Navigating multiple aircraft simultaneously would require the domain to be
shifted back toward conflict resolution to avoid collisions, which has been covered by previous research
discussed in Section 1.1.

2. The aircraft flies along a single fixed route. This generally simplifies the training process and its
implementation, while being straightforward to expand on in the future. Since this choice might cause
the agent to learn some route-specific behaviors, the state space features will be taken relative to the
attitude of the aircraft, making the learned capabilities of the agent more universal.
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3. The altitude and true airspeed of the aircraft are fixed. With the navigation restricted to
lateral maneuvers, the problem becomes strictly two-dimensional, thus reducing the size of the state
and action spaces of the agent, and simplifying visualization of the simulation runs. Additionally,
avoiding thunderstorms by changing these quantities would require them to be varied significantly,
making such approach rather impractical.

4. The agent is only used to navigate around adverse weather. The flight path of the aircraft is
generally controlled by the autopilot, which follows a predefined sequence of waypoints. When the state
space of the agent indicates the presence of weather that needs to be avoided, the control is handed
over to the agent, and given back to the autopilot when no more adverse weather is detected.

5. The simulation includes wind. Initially, it seemed reasonable to leave the wind out to simplify the
environment and its implementation further. However, with no weather movement due to wind, the
DRL algorithm would be acting as a simple pathfinder, which could be implemented in much more
efficient way without the use of ML. Therefore, the wind is included in the environment, being uniform
across the entire simulation area, and constant in its direction and speed for each simulation run.

Before the simulation starts, the two environment components—the simulator and the weather implementa-
tion—are initialized to their respective initial states, as will be described in Section 2.2.1 and 2.2.2. From
there, the environment is updated in discrete steps, each corresponding to dt = 5 s of simulation time, chosen
as a balance between performance and simulation accuracy. The core of the update process is described in
Algorithm 1 (hereafter also referred to as the core algorithm). The position of the plane is a placeholder for
its longitude and latitude, while the wind variable represents the speed and bearing components of the wind.
The simulator features and weather features together make up all the information needed to describe
the state s of the simulation for the agent, as explained in Section 2.4.

Algorithm 1 Process of incrementing the environment by a single step (also referred to as the core algorithm)

Input: Action a that the aircraft in the simulator should take, environment E itself
Output: Set of features describing the new state of the simulation s
position, heading, wind, simulator features ← simulator update(a)
weather features ← weather update(position, heading, wind, E.step)
E.step← E.step + 1
s ← combine features(simulator features, weather features)

However, this algorithm is only the internal implementation of the update process, which always executes
a single simulation step. When other parts of the program interact with the environment, the simulation can
proceed in two distinct ways (per design choice 4), which are discussed in the following paragraphs. Both of
these options return the features of state st+1 reached after executing the update, and a boolean indication of
whether the current simulation run should terminate with the latest step due to the step limit being reached,
or the plane leaving the map. The step limit was set to 400, corresponding to tmax = 2000 s of simulation
time. This value was found to provide a good balance with respect to the length of the flight path, allowing
the agent enough time to take a reasonable detour to avoid the adverse weather, while ensuring that the
simulation terminates early in case the agent goes completely off course.

The first update option is the simple step. In this case, the action a that the core algorithm receives is
simply an instruction to automatically follow the predefined route on autopilot (so called lateral navigation,
or LNAV). This means either continuing or resuming the autopilot mode, depending on previously taken ac-
tions. Since the action is not produced by the agent, its outcome does not need to be evaluated.

The more complex update option is called steps with action evaluation. Here, the core algorithm is given
an action a chosen by the agent. As such, the action has to be evaluated to be able give feedback back to
the agent. To do this, the core algorithm is executed once with this action, so that it can be registered in
the simulator. Next, several steps of the core algorithm with the NONE action are executed, to wait for the
agent’s instruction to take a full effect (e.g. the plane completing its turn). Section 2.4.2 defines the actions
available to the agent, with some taking up to 18 seconds of simulation time to complete. Since this duration
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falls between multiples of the 5-second simulation step dt, cooldown periods of 3 and 4 steps were tested, with
the 3-step cooldown selected for its better results. After this period, the reward is calculated based on the
outcome of the action according to the reward function discussed in Section 2.4.3, and is returned together
with the aforementioned information provided by both update methods.

On top of this, the environment also has the ability to record the position and heading of the plane at every
step of the simulation, for the purposes of visualizing the run. This is only used for evaluation, as there is
no need to record such information during training. Since the simulator is only used in headless mode and
not as an external program with graphical user interface, the visualization is implemented separately using
the matplotlib Python package, and the recorded simulation data.

Following design choice 2, a single route passing over the Netherlands was selected, and is defined in detail in
Section 2.2.1. While not relevant for the simulation itself, the Dutch border is included in all visualizations
to serve as a reference point. The external border of the country uses the data from GADM (2022), with the
outlines of the most prominent lakes and polders obtained by hand-tracing over map data by OpenStreetMap
contributors (2025). The resulting border shape can be seen in both plots in Figure 2.

2.2.1 Simulator

As mentioned before, using the BlueSky simulator as a headless package allows interacting with it more
programmatically in discrete steps. Since the environment consists of multiple components, updating them
on a per-step basis makes the implementation much more straightforward.

When the environment is created, the simulator is also set to its initial state. After initializing the BlueSky
backend itself, the length of the simulation step dt is set, and remains constant for throughout all uses of
the simulator. As mentioned in Section 2.2, its value was chosen to be 5 seconds.

Next, the commands that restore the state of the simulation before every run are executed. This starts by
adding a single aircraft to the simulation, as specified by design choice 1. The aircraft is set to fly at
an altitude of 35 000 feet, at a true airspeed corresponding to 0.8 Mach at that altitude. These values could
be considered typical for an airliner during cruise, and are kept constant throughout the simulation runs,
following design choice 3. The aircraft type used is the Airbus A320neo.

With the aircraft now existing in the simulation, the next step is to assign route waypoints to it. Per design
choice 2, the aircraft is set to fly along a single pre-set flight path, which was chosen by handpicking navigation
waypoints that could hypothetically be followed on a route from Southwestern Europe to Scandinavia. Based
on the en-route charts by the respective authorities—Belgian skeyes (2025) and Dutch LVNL (2025)—the
following sequence of waypoints was obtained, with the resulting flight path shown in Figure 2a.

DENOX, NIK, WOODY, KUDAD, LARAS, LEKKO, PAM, LILSI, EH528, EEL, LABIL, ENGM

There are two exceptions in this list - the first is the EH528, which is a waypoint that does not appear in
the charts. It was instead handpicked from the map of the simulator due to being located almost exactly
on the desired path, helping to keep the distances between individual waypoints more uniform. The second
one is ENGM, which is the ICAO codei of the Oslo airport. This was added so that the aircraft would have
a waypoint to fly toward virtually indefinitely after leaving the map.

The last step of the initialization before every run is adding wind with randomized characteristics to the
simulation. Unlike the rest of the weather, which is implemented separately, the wind is used by BlueSky
to calculate the ground speed of the simulated aircraft, and must therefore be stored in the simulator. As
stated in design choice 5, the wind is uniform across the entire map, and constant for each simulation run.
It is described by the bearing it is coming from, and its speed. Since the wind parameters are initialized
randomly, the bearing is simply a floating point number drawn from a uniform distribution over the half-
open interval [0, 360). The speed is a floating point number drawn from an exponential distribution with the

iFour-letter code identifying an airport, published by the International Civil Aviation Organization (ICAO).
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(a) Pre-set flight path in the direction from bottom-left
to top-right, with waypoints highlighted in orange

(b) Example of an initialized state of the weather grid

Figure 2: Map plots showing different components of the environment.

scale parameter β = 25. To be able to limit the wind speed to a maximum desired value, samples from the
distribution are drawn repeatedly until a value below the threshold is obtained. The maximum for the speed
of the wind is set to 50 knots. While winds at altitude can reach speeds over 200 knots (McCabe, 2022),
the project aims to focus only on moderate wind conditions, leaving the more extreme scenarios for future
studies.

With the simulator initialized and the simulation underway, all that is left to discuss are the updates of the
simulator at every step. Algorithm 1 shows the simulator update function, which is the centralized inter-
face of the simulator used for this purpose. As shown, it accepts an action to be processed by the simulator
component of the environment module. This action can either come from the agent’s action space, which
will be defined in Section 2.4.2, or be one of the LNAV and NONE actions used by the simple step and steps
with action evaluation methods in Section 2.2, respectively.

Processing the action is as straightforward as interfacing with the BlueSky backend to translate the actions
into appropriate commands. Once the action command is executed, the whole backend simulation is in-
cremented by a single discrete step. Finally, the function retrieves information from the backend, needed
elsewhere in the environment. This includes the plane’s position, its true heading, the wind information, and
the simulator part of the features describing the current state of the simulation for the agent.

2.2.2 Weather abstraction

As a balance between realism and ease of integration, the weather is implemented as a 2D grid of squares,
covering the entire map. The discretized representation was chosen primarily to allow natural-looking updates
to the weather shape using cellular automata (CA). The boolean value of each square of the grid represents
to the following:

True - the square contains adverse weather

False - the square is safe to fly through
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Note that in relation to these weather squares, the terms adverse weather and thunderstorm will be frequently
used interchangeably, generally referring any meteorological event that should be avoided.

This two-dimensional representation of the weather is made possible by design choice 3, which avoids the need
to store the weather information for different altitudes. The length of the side of each square corresponds to
1 kilometer on the map. This was not varied at any point throughout the training and evaluation, though
the implementation supports changing this value through a constant. Given the small size of a single square
compared to the size of the entire map, the grid serves as a good approximation of the continuous nature of
real-world weather.

As said, the choice of representing weather as an array of boolean squares provides a convenient way of
updating the weather as CA. However, the CA rules necessary to make thunderstorms maintain their overall
shape as they move across the map, while also allowing for some organic variation, can be rather complex.
Therefore, the two behaviors were implemented separately, with each executed individually during the update
process.

To keep the overall shape of the weather, the movement is achieved by translating the entire grid in the
four cardinal directions. Since the weather movement is based solely on the wind, the grid has to support the
movement in an arbitrary direction on the continuous interval of [0, 360) degrees. This is done by applying
the following trigonometric functions to separate the bearing the wind is coming from, denoted as α, into its
components corresponding to the cardinal directions. The lower bound of the values is set to zero, with the
assumption that weather never moves against the wind.

{up, down, right, left} =


max(0,− cosα)

max(0, cosα)

max(0,− sinα)

max(0, sinα)

(1)

When moving the grid based on the wind direction α by a distance corresponding to the size of one square,
these values represent the components of the movement in the four cardinal directions. From this, based on
the timestep dt, the grid square size, and the constant wind speed, we can determine the number of squares
by which the grid should shift in each of the four directions at every step.

Given that the grid can only be moved in increments of whole squares, the value for each direction is stored
as an accumulator persistent across simulation steps. If the value of the accumulator becomes greater than
or equal to one for any direction by adding the components from the current step, the grid is moved in that
direction, and the corresponding accumulator is decremented by one. With the lower bound introduced in
Equation 1, this can happen for at most two (adjacent) directions in a single step.

Since it is now assured that weather will maintain its general shape as it moves, light altering of the
shape can be added on top of the movement. When triggered, this functionality utilizes the concept of
CA, with the intention of giving the weather updates a more organic look. The implementation uses the
Moore neighborhood, which is defined as the eight adjacent squares surrounding a central square. Using 2D
convolution, the number of True neighboring cells is obtained for each cell. Based on this, the boolean value
of all cells is updated according to the probabilities given in Table 1. These were obtained through trial and
error, with the goal of keeping the general size of the thunderstorms roughly constant for the duration of the
simulation run.

Neighbors 0 1 2 3 4 5 6 7 8

Probabilities 0 0.1 0.2 0.35 0.55 0.7 0.8 0.9 1

Table 1: Probability of a weather grid cell being True after an update, given the number of its
True neighbors in the previous state.

11



Parameter Description Value interval

e eccentricity [0.6, 0.9)

b length of semi-major axis [5, 20) km

θ counterclockwise axis rotation [−π, π)

Table 2: Intervals from which the parameters of initial weather ellipses are randomly drawn.

Having discussed the ways the weather can be updated, let us now describe how the grid is initialized before
the start of the simulation. The initial state is created by first adding 5 parametrically defined ellipses. The
parameters of these ellipses are all drawn from uniform distributions on the intervals given in Table 2.

The coordinates of the center point of each ellipse are also chosen uniformly, sampled from the middle
60 percent of each map dimension. The only exception to this is the first of the five ellipses, which is
deliberately placed onto the location of a randomly chosen waypoint from the following list, obtained by
trimming the full list of flight path waypoints at both ends. Placing one of the ellipses like this guarantees
that the plane will always have to avoid at least one thunderstorm in every run.

LARAS, LEKKO, PAM, LILSI, EH528

Choosing to limit the area in which the ellipses can initially appear, as well as keeping only the more centrally-
located flight path waypoints to place the first ellipse at, ensures the plane is able to safely enter and leave
the area while flying on autopilot, with no weather nearby. Since the ellipses created by the initialization
process are square-perfect, the CA update process is run 5 times after the ellipses are generated, to bring
them into a more weather-like shape. An example of what this generated weather can look like is shown in
Figure 2b.

From this initialized state, similarly to the simulator updates, the weather update function called in
Algorithm 1 can be used to increment the state of the weather by one step. The overall weather update
mechanism executes the previously described procedure to determine whether the grid needs to be moved in
the current step, and performs the movement when required. If the grid is moved, the CA algorithm is always
executed as well, to make the update look natural. Otherwise, the CA update is executed on a probability
basis, depending on the length of a simulation step dt, and the desired number of random weather shape
updates, which is set to 6 per hour of simulation time.

2.3 Agent architecture

As discussed in Section 2.1.1, the algorithm chosen for use by the agent is the DQN. Since the agent archi-
tecture was adapted from the work of Van Gelder (2023), his paper provides full elaborate description and
explanation. For completeness, a brief summary is provided here. Unless otherwise specified, all parameter
values are also taken directly from this paper.

Like other reinforcement learning algorithms, DQN utilizes the MDP, which defines a generic environmentM
as follows:

M = {S,A,P,R, γ} (2)

This means that an environment is characterized by the state space S and the action space A. Furthermore,
the transition function P : S ×A×S → [0, 1] describes the transition from a state st ∈ S to a state st+1 ∈ S
by taking an action at ∈ A. This action is given a reward rt ∈ R according to the reward function R. Finally,
the discount factor γ ∈ [0, 1] determines the relative importance of future rewards compared to immediate
rewards. The entire environmentM can be defined by describing its elements specific to our implementation,
as will be formalized in Section 2.4.

The term reinforcement learning generally signifies that the agent gains experience through interactions with
the environment (i.e. the specific MDP), without any prior knowledge of it. Its task is therefore to interact
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and experiment with the MDP, in order to optimize its behavior based the rewards received (Van Otterlo &
Wiering, 2012).

Suitable for fully observable, low-dimensional state spaces, the original Q-learning algorithm by Watkins
(1989) is able to achieve consistent convergence toward an optimal solution for discrete and finite action-value
pairs (Watkins & Dayan, 1992). The Q-value (or action-value) Q(s, a) represents the expected cumulative
future reward obtained by taking action a in state s and following an optimal policy thereafter. These prop-
erties make Q-learning a viable option when tabular representation of all possible Q-values is feasible.

For larger-scale, partially observable, and continuous state spaces—such as the air traffic control environment
in our paper—the DQN by Mnih et al. (2015) replaces the tabular representation of Q-values with a deep
neural network, allowing it to handle more complex environments. However, due to the partial observability
of the environment, the stable convergence toward the optimal solution is no longer guaranteed. Instead, the
optimal Q-value Q∗(s, a) has to be approximated using a function approximator θ:

Q(s, a; θ) ≈ Q∗(s, a) (3)

In place of θ, various linear and non-linear approximators can be used. In the case of DQN, the aforemen-
tioned deep neural network takes on this role. However, the use of non-linear approximators, such as neural
networks, introduces instability into the training process, potentially causing them to diverge quickly. To
address this, Mnih et al. (2015) introduce two concepts—experience replay and iterative updates.

For iterative updates during training, two networks are used—the target model θ− and the main pol-
icy model θ—with both sharing the same structure, and being identically initialized. The main model θ
is updated after every training episode utilizing a process described below, while leaving the target model
untouched. The target model θ− is instead updated only every C episodes, by copying over the the weights
of the main model θ, with C being set to 100 episodes.

During the training, the experience replay buffer D stores the encountered transitions (or experiences) of
the format ⟨st, at, st+1, rt⟩, up to its predefined capacity |D| = 10 000, at which point the oldest transitions
start being replaced by the latest ones. Instead of training the main model θ on a sequence of the most
recent transitions, the replay buffer is uniformly sampled for B experiences, where B = 64 is the batch size.
These sampled transitions are then used to update the model parameters through a process described in the
following paragraphs. Sampling from previous experiences stabilizes the learning by allowing the agent to
take older experiences into account as well (hence the name experience replay). This technique also avoids
a problem of correlation between consecutive transitions, which could occur if only the latest transition was
used for learning. Note that Van Gelder (2023) experimented with multiple different values for the buffer
size |D| and the batch size Bii, but the aforementioned values yielded the best results for this project.

From the sampled transitions, the states st and actions at are used to obtain the Q-values Q(st, at; θ) from the
main model θ, while the resulting states st+1 are used to produce ‘target’ Q-values from the target model θ−.
These target Q-values represent the expected maximum Q-values for the next states st+1 over all possible
actions a ∈ A. Combined with the sampled rewards rt, and the discount factor γ = 0.95, these represent the
temporal-difference target (TD) yt:

yt = rt + γmax
a∈A

Q(st+1, a; θ
−) (4)

In combination with the Q-values produced by the main model, the TD is passed onto the loss function
defined in Equation 5. Taken once again from the original architecture by Van Gelder (2023), the Huber
Loss function is commonly used with DQN to reduce sensitivity to outliers (Obando-Ceron & Castro, 2021).
The default value of δ = 1 is used.

L(θ) =

{
1
2 (yt −Q(st, at; θ))

2, if |yt −Q(st, at; θ)| ≤ δ

δ(|yt −Q(st, at; θ)| − 1
2δ), otherwise

(5)

iiThe notation B for the batch size was not used by Van Gelder—it was introduced in this paper to improve clarity.
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The gradient of the loss is then used for updating the weights of the main model θ via backpropagation and
gradient descent.

2.4 Formal environment definition

With the theory of the agent architecture summarized, we will now formally define our specific environ-
ment (MDP) by describing its individual components listed in Equation 2.

The simplest component to define, which does not warrant its own subsection, is the discount factor γ. As
mentioned previously, the value γ = 0.95 was used.

Another component with a straightforward definition is the transition function P. The BlueSky simulator
itself acts as this function, dictating how different actions transition the simulation from one state to another.
While the process with which the simulator updates the state is inherently intuitive, the specifics of the
internal update process are hidden behind several layers of abstraction, and are not within the scope of this
paper to cover. For our purposes, we can simply treat the transition function as a ‘black box’, which updates
the simulation state in a consistent way. As said before, the essence of reinforcement learning is for the agent
to explore an environment without any prior knowledge, which remains applicable in this case.

2.4.1 State space

The state space should include all the necessary features to provide sufficient information about the current
state of the environment to the agent. At the same time, it should not be too extensive, in order to avoid
providing the agent with noise that is not relevant to its task (Van Gelder, 2023).

Based on the subject they describe, the features could be divided into two different categories. These sub-
jects are the attitude of the aircraft, and the weather information. This distinction can already be seen
in Algorithm 1, where the two categories were identified as simulator features and weather features,
respectively.

As explained in design choice 2, the features of the state space are taken relative to the aircraft’s orientation
whenever possible, to try to mitigate route-specific behaviors. In combination with design choice 3, this
means that the agent only needs to be provided with very little information regarding the attitude of the
aircraft, since most of it will be constant throughout all simulation runs. Nevertheless, making the agent
aware of the influence the wind has on its trajectory would be beneficial. A simple way to achieve this is
to provide the agent with the aircraft’s ground speed gs. Given the constant true airspeed, any variation in
the ground speed directly reflects the changes in relative wind speed and direction. This allows the agent
to correlate changes in the gs feature with variations in flight path turn radius and potentially other subtle
factors, which it can learn to identify.

Secondly, while design choice 4 specifies that the agent does not need to navigate the aircraft the whole way,
it should still be aware of its current deviation from an optimal path. To achieve this, the agent is given
a relative heading to the last relevant waypoint on the map, as a general indication of the preferred direction.
From the waypoint list defining the flight path, the LABIL waypoint fits this criterion, being the top-rightmost
point highlighted in Figure 2a. This difference between the heading of the aircraft and the optimal heading
is the feature hdgopt, reported in degrees on the interval [−180, 180). Specifically, hdgopt = 0 represents the
aircraft heading directly for the waypoint, with positive values indicating that the waypoint is on the right,
negative values on the left, and hdgopt = −180 directly behind.

Providing the agent with weather information, the following approach was inspired by the implementa-
tion of obstacle detection by Rybchak and Kopylets (2024) shown in Figure 1. The weather detection area
is limited to a 180-degree circular sector in front of the plane, with a 30 km radius. To provide additional
information about the directional density of the weather, this half-circle is split into three sectors. The middle
sector is 20 degrees wide and centered on the plane’s heading, while the two remaining sectors each cover the
remaining 80 degrees on their respective sides. A representation of this can be seen in Figure 3. The number
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Figure 3: Representation of the aircraft’s weather detection area in blue, with the middle sector
shown darker than the side sectors.

of adverse weather squares in each of the three sectors gives us another 3 features for the state space—the
nL, nC , and nR for the left, center, and right sector, respectively. In the implementation, the 30-kilometer
radius is divided by the size of a grid square, obtaining the distance limit as a number of squares. All cells
that fall within this Euclidean distance and appropriate bearing angles relative to the square the plane is
currently in are then counted for the respective sectors.

While the square counts give the agent a great overview of the weather amounts in the general directions,
further information about the squares within the detection range helps the agent avoid taking unnecessary
actions. This is achieved by providing the direction hdgnear and distance distnear to the nearest weather
square in the aforementioned half-circle where weather can be detected. Similar to the features introduced
in the previous paragraph, both the heading and the distance are calculated relative to the square the plane
is currently in, instead of using its precise position. Since the resolution of the weather grid is quite high,
this does not have significant effect on the training. The hdgnear feature is given to the agent in the same
relative form as hdgopt, following the justification from design choice 2.

By definition, the features hdgnear and distnear are only valid when weather is detected. However, for tran-
sitions that result in the detection area being completely free of weather, specific values had to be defined for
these features to be able to represent the ‘out of range’ state. In such cases, the values hdgnear = 180 and
distnear = 10 000 km are used, indicating that the closest weather square is located directly behind the plane,
at a significant distance. While the range of values for hdgnear calculated by the simulation environment can
only ever fall on the interval [−90, 90], the value of 180 still logically represents a direction behind the plane,
and did not cause any issues during training.

Combining all the aforementioned, the gs and hdgopt make up the features extracted from the simulator
(simulator features in Algorithm 1), while the nL, nC , nR, hdgnear, and distnear are calculated by the
weather abstraction (weather features in Algorithm 1). All together, these 7 features describe a state
st ∈ R7 for arbitrary timestep t, and by extension also formally define the full state space S:

st = {gs, hdgopt, nL, nC , nR, hdgnear, distnear} ∈ S (6)

2.4.2 Action space

Given design choice 3, the actions that the agent can take will be limited to controlling the plane’s heading,
i.e. the horizontal direction, without the possibility to adjust its speed or altitude. Since DQN requires
discrete action space to be able to calculate the Q-values of individual actions, the amount by which the
heading will be varied has to be preassigned to the actions. With this in mind, the action space A is defined
as follows:

A = {TURN LEFT, KEEP HDG, TURN RIGHT} (7)
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There are two differences compared to the original action space design by Van Gelder (2023). Firstly, since
we strive to minimize flight path disruptions caused by excessive turning, the turn actions correspond to
a heading change of 20 degrees, instead of the original 45. Secondly, the option to continue on autopilot from
the original action space has been replaced by the option to keep the current heading, without resuming the
autopilot navigation. Following design choice 4, this action is meant to be taken when weather is in range,
but does not obstruct the aircraft’s current trajectory.

2.4.3 Reward function

To provide the agent with useful feedback, allowing it to learn efficiently, the reward function R defines
the reward corresponding to different outcomes of the action at taken by the agent. Remember that the
environment only calculates the reward for its steps with action evaluation method, since that is when an ac-
tual agent action is used for the update. For the purposes of reward calculation, the environment tracks
the aircraft’s closest approach to a weather square over the course of the action cooldown. Let us denote
this shortest approach distance dmin. Note that this distance is only calculated from the squares within the
180 degree detection sector in front of the plane, by taking the minimum of the distnear values of all states
encountered during the action cooldown. Any squares outside of this sector are not a concern, given that
weather moves much slower than the plane itself.

Being the main focus point of the entire paper, failing to avoid approaching adverse weather will be penalized
with a significant negative reward. Rather than simply punishing coming into contact with a thunderstorm,
a safe distance limit dlim = 5km will be set. Entering this radius, in the sense that 0 < dmin < dlim, will
cause the agent to receive a reward of −20. If the plane enters the thunderstorm itself, i.e. when dmin = 0,
a larger negative reward of −50 is applied instead. Since these are the most important rules for the agent to
learn, no other rewards will be applied in these cases.

If the agent avoids the weather safely, i.e. if dmin ≥ dlim, additional rewards are applied to further improve its
behavior, with two main objectives. Firstly, we generally do not want the agent to turn unless it is necessary.
Since this is of less importance compared to avoiding the weather, we want to encourage the agent positively
when it keeps the same heading, rather than punishing it when it chooses to turn. Therefore, the action
KEEP HDG receives a positive reward of 10. This justification is similar to the one made by Van Gelder (2023)
with regard to his LNAV Incentive Reward Function.

Furthermore, in Section 2.4.1, the hdgopt feature was introduced to give a general indication of the preferred
direction for the plane. Rather than forcing the agent to keep as close as possible to the pre-set flight
path, this feature is used to punish the agent if it turns unreasonably far away from the optimal heading.
Specifically, a negative reward of −10 is applied if the agent’s action results in the plane being deviated
more than 90 degrees from the optimal heading, unless the action improved the deviation. Setting the angle
to 90 degrees ensures that the agent will have sufficient room to maneuver around the weather in the vast
majority of scenarios. To make the definition of the reward function more concise, we introduce the following
term for any transition ⟨st, at, st+1, rt⟩:

deviated := |hdgopt end| > 90 ∧ |hdgopt end| > |hdgopt init| where hdgopt init ∈ st, hdgopt end ∈ st+1 (8)

It should be noted that rewarding the agent based on this condition goes against the general notion that
reward functions should be kept as simple as possible to facilitate stable learning. The condition is also
based on state space features that the agent has direct control over, rather than features that are a result
of its interaction with the environment. However, this has been a conscious compromise with respect to
design choice 4, allowing us to provide the agent with feedback about the direction it should prefer, without
requiring it to navigate the plane along the pre-set route completely on its own.

With all of the individual components discussed, the full reward function definition is given in Equation 9.
Notice that it is possible for the at = KEEP HDG and deviated conditions to be satisfied simultaneously,
resulting in the combined reward of 0.
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rt =



−50 if dmin = 0

−20 if 0 < dmin < dlim

10 if at = KEEP HDG ∧ dmin ≥ dlim

−10 if deviated ∧ dmin ≥ dlim

0 otherwise

(9)

2.5 Network design

While other parts of the architecture required considerable changes to accommodate the weather avoidance
domain, the design of the agent’s neural network remained very similar to the original network used by
Van Gelder (2023). Here, the only concern was to ensure that the dimensions of the input and output layers
were consistent with the size of the newly defined state and action spaces, respectively. The input layer was
therefore shrunk to |S| = 7 neurons instead of the original 11, while |A| = 3 neurons were kept for the output
layer, since the action space size is the same.

The two hidden layers remained unchanged, consisting of 64 and 32 neurons, respectively. The activation
functions were also kept the same, utilizing the Rectified Linear Unit (ReLU) function for the hidden layers,
and a regular linear activation function for the output layer. An overview of the entire network is provided
in Figure 4.

For training the network, the Adam optimizer with a learning rate of λ = 0.0001 was adopted without any
modifications. This architecture is used by both the main model θ and the target model θ−, to allow for the
iterative updates explained in Section 2.3.

Figure 4: Network architecture used for both the main model θ and the target model θ−. Adapted
from Van Gelder (2023).

2.6 Training

Finally, with all the theory and implementation regarding the DQN agent covered, let us now describe the
training process.

Through experimentation, it was found that the agent is asked to take an action approximately 30 times on
average during a single simulation run, with the rest of the navigation being handled by the autopilot. Since
this value is sufficiently large, it is reasonable to make a single training episode correspond to one simulation
run, consisting of traveling the entire pre-set route shown in Figure 2a.

Being a direct implementation of design choice 4, Algorithm 2 shows the iterative process of updating the
simulation throughout a single episode. It uses the two external interfaces of the environment introduced in
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Section 2.2, asking the agent to select an action if needed. When the chosen action is executed and evaluated,
the information making up the transition is pushed into the experience replay buffer of the agent, and the
reward is added to the cumulative sum of rewards for the current episode. Each run is stopped when the
done parameter returned by the environment indicates that the simulation should terminate, which can occur
either when the step limit is reached, or when the plane is about to leave the map.

As the algorithm shows, the transition ⟨se, ae, se+1, re⟩ and reward re are not recorded in the rare case that
the simulation ends with the steps with action evaluation update. In such a scenario, it is possible that the
action cooldown did not fully complete, making the returned reward and resulting state inaccurate.

Algorithm 2 Interaction between the agent and the environment during a single episode

Input: Initialized environment E and agent A, episode number e
Output: Total reward rtotal for all actions taken in the run
done ← False

rtotal ← 0
se ← E.reset()
while ¬ done do

if E.is agent needed() then
ae ← A.select action(se, e)
se+1, re, done ← E.steps with action eval(ae)
if ¬ done then

A.push to buffer(se, ae, se+1, re)
rtotal ← rtotal + re

end if
else

se+1, done ← E.simple step()
end if
se ← se+1

end while

The described process is repeated for 5 000 episodes, providing the agent with sufficient time to optimize its
behavior. After each episode, the main policy network of the agent is updated, while the target network is
overwritten by the main policy network every 100 episodes, as explained in Section 2.3. To ensure sufficiently
diverse exploration of the environment, the agent utilizes the decayed ϵ-greedy approach used by Van Gelder
(2023) for selecting the action at:

at =

argmax
a∈A

Q(st, a) with probability 1− ϵ

at ∼ U(A) with probability ϵ
(10)

With the parameter set to ϵ = 1 at the start of the training, the agent initially selects a random action
sampled from a uniform distribution over the action space A, to allow for maximum exploration. From
there, the parameter is decreased linearly by ∆ϵ = 0.002 per training episode, down to a fixed minimum of
ϵmin = 0.01 reached by episode 495. As ϵ decreases, the agent is more likely to select its preferred action,
which corresponds to the largest learned Q-value for the given state st.

Table 3 summarizes all important parameters used for the training. As stated previously, the values are
directly based on the work of Van Gelder (2023), with the majority of them taken without any modifications.
The only exceptions are the batch and buffer sizes, which Van Gelder (2023) varied across his experiments,
but which were kept constant across all results presented in this paper. Different values of ∆ϵ and |D| were
briefly experimented with before carrying out the aforementioned training process, with their influence on
the training behavior covered in Section 4.2.3.
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Parameter Description Value

γ reward discount factor 0.95

λ learning rate 0.0001

C target model update rate 100

ϵ initial exploration parameter 1

ϵmin minimum exploration parameter 0.01

∆ϵ linear decay factor for ϵ 0.002

B batch size 64

|D| buffer size 10 000

Table 3: Values of training parameters.

Lastly, Table 4 lists other simulation parameters specific to the project, which were mentioned throughout
the Methods section. These range from the characteristics of the weather implementation, to the values for
the distnear and hdgnear features of the state space when no weather is detected. The angle intervals of the
weather detection area are given relative to the plane’s heading.

Parameter description Value

Simulation step dt 5 s

Simulation length limit 400 steps

Weather grid square size 1 km

Weather detection radius 30 km

Weather detection area (full) [−90, 90] deg
Weather detection area (sectors) [−90,−10), [−10, 10], (10, 90] deg
Weather safe distance limit dlim 5 km

Random weather shape updates 6 per hour of simulation time

Maximum wind speed 50 kts

‘Out of range’ value for hdgnear 180

‘Out of range’ value for distnear 10 000 km

Table 4: Values of other simulation parameters.

3 Results

In this section, we will discuss the experimental results obtained using the described methodology. Before
covering the agent’s performance, the training behavior shall also be examined, given that it is an important
part of any reinforcement learning implementation.

3.1 Training stability

As said previously, each agent was trained for 5 000 episodes, using the parameter values given in Table 3. To
be able to observe various trends in training behavior, 50 agents were trained simultaneously. Figure 5 shows
examples of per-episode reward progression for two different training runs.

One can clearly see the initial exploration phase of 495 episodes, where the actions of the agent were progres-
sively less likely to be picked at random, according to the exploration strategy given by Equation 10. This
is followed by a gradual increase in the rewards, as the agent starts selecting majority of the actions based
on its knowledge. The two plots also demonstrate an important trend—not all training runs result in the
episode reward converging on a high value. For successful runs, such as the one in Figure 5a, the average
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(a) Reward progression of a successful training run (b) Reward progression of an unsuccessful training run

Figure 5: Plots showing the progression of episode rewards during different training runs.

value of the reward stabilizes around 250, at which point majority of the variability comes from the random
nature of the weather. In contrast, for unsuccessful runs, the average reward falls well below zero, as shown
in Figure 5b. Of the 50 agents that were trained, 19 failed to converge to the high positive reward.

From Figure 5b, it is apparent that on top of simply not stabilizing on a high value, the episode rewards also
gradually start being limited to a maximum of 0. Since any positive reward can only be obtained by taking
the KEEP HDG action, as specified by the reward function in Equation 9, this means that the output neuron
corresponding to that action stops receiving any meaningful activation signals as the network is trained. This
was thought to be the result of the neurons in the previous layers suffering from the so-called ‘dying ReLU’
problem. The term refers to the scenario described by Maas et al. (2013), where a ReLU neuron remains
in a perpetually inactive state due to all of its inputs being negative, preventing gradient backpropagation.
Addressing the issue of zero output for negative inputs, the Leaky ReLU (Maas et al., 2013) and the Ex-
ponential linear unit (ELU) (Clevert et al., 2016) functions allow a small gradient to pass through, instead
of blocking it entirely. However, changing the activation function of the hidden layers from ReLU to either
of these alternatives did not improve the described training behavior. Since the approximate 60% training
success rate is more than sufficient to be able to evaluate the performance of the agents, the design of the
neural network was kept as defined in Section 2.5.

Once the agent approaches the aforementioned threshold reward of about 250 per episode, it generally exhibits
the same behavior as any well-trained agent, which is described in the next subsection. This is the case even
for agents that later end up ‘collapsing’ below the episode reward of 0. As an example, if an agent reaches
the threshold reward after 2 000 episodes, it can already be used in its current partially trained state, even if
its future version collapses as the training process continues.

3.2 Agent performance

The reward plot in Figure 5a already demonstrates the agent’s ability to obtain high rewards, even with the
1 percent random exploration chance (ϵmin = 0.01) present during training. As discussed previously, the
main takeaway from the reward plot of the unsuccessful training run in Figure 5b is that the agents with
such training pattern learn to never select the KEEP HDG action. However, no other significant conclusions
can be made from these plots alone. Let us therefore discuss the agents’ performance further in a qualitative
way, by exploring the individual simulation runs they produced. For completeness, we will cover the runs by
agents that trained successfully, as well as those that failed to converge to the positive reward threshold.
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(a) Simple avoidance maneuver (reward 180) (b) Complex avoidance maneuver (reward 350)

Figure 6: Map plots showing examples of optimal performances of a well-trained agent.

Since the positions of the weather and the aircraft change throughout the simulation, it is impossible to rep-
resent both in a static plot with full accuracy. As an approximation, the flight path of the aircraft is shown,
and the state of the weather is taken at step 200, which is half of the maximum simulation length. Because
of this, some visualizations had to be discarded, as the weather movement due to wind made it appear as
though the aircraft flew through a thunderstorm, when in reality the flight path crossed the position of the
weather at different point in time. In the plots, the segments flown by the agent are represented by solid
lines, while the segments where the autopilot was in control are shown as dotted lines. This visualization
approach was employed for all plots showing the performance of the agent.

Figure 6 shows some of the best simulation runs of thewell-trained agent. In both situations, it successfully
evades all weather, while keeping the flight path looking realistic, without unnecessary turns. In cases where
the weather does not need to be avoided, the agent maintains the current heading and continues without
any disruption to the flight path. When a turn is necessary, it is executed quite early after the weather is
detected, which could be caused by the relatively short detection range of 30 kilometers, making the reaction
window somehow narrow.

The plots also indicate that the size of positive rewards is proportional to the amount of weather the agent
encounters, i.e. the amount of actions it takes. With less weather along the way, such as in Figure 6a, there
are fewer opportunities to use the positively-rewarded KEEP HDG action, resulting in a lower reward of 180.
When the agent flies parallel to the larger volume of weather in Figure 6b, the greater number of KEEP HDG

actions results in a higher reward of 350.

Naturally, not all simulation runs yield an ideal performance. Section 4.1 relates the project’s design choices
to the possible reasons for less optimal behavior, examples of which can be seen in Figure 8. In these cases,
the agent still often manages to avoid turning where it is not necessary. However, it is evident that the shape
of the flight paths is not very natural, in the sense that an aircraft would be unlikely to ever avoid weather
in this way in real-world traffic. The important conclusion, even from these imperfect runs, is that that the
well-trained agent manages to avoid the weather in vast majority of scenarios, fulfilling the main objective
of the project.
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(a) Undesirable ‘spinning’ behavior (reward −180) (b) Undesirable ‘contour’ behavior (reward −50)

Figure 7: Map plots showing examples of undesirable performances of poorly-trained agents.

Lastly, let us briefly take a look at the performance of the poorly-trained agent, for which the training
did not converge to a high reward. Here, two distinct behaviors can be observed. For agents that did not
reach the episode reward threshold of about 250 before collapsing, as in the case of the reward progression
in Figure 5b, the plane often ends up ‘spinning’ in circles upon encountering weather, which can be seen in
Figure 7a. As previously concluded from the reward progression plot, the poorly-trained agent indeed ignores
the KEEP HDG action, using the turning actions instead to keep itself at roughly constant distance from the
weather. This results in the flight path looking like an offset contour of the weather, clearly visible in both
plots in Figure 7.

In the other training progression scenario, where the agent initially stabilized on the threshold reward for
at least a few hundred episodes, but ended up collapsing later, the ‘spinning’ behavior tends to occur less
often, with the aircraft following the ‘contour’ flight path instead, as shown in Figure 7b. However, both the
‘spinning’ and ‘contour’ behaviors occur in all poorly-trained agents, to varying degrees. Interestingly, even
with the unsuccessful training, the thunderstorms are often completely avoided, though weather encounters
are somehow more frequent compared to well-trained agents.

Notice that the runs in Figure 7a and Figure 8b were both cut short by the step limit introduced in Section 2.2,
showing that it works as expected. In both of these runs, the agent took a much longer path than necessary
to avoid the weather.

4 Discussion

This section further justifies and explains the agent behavior presented in Section 3.2. Alternative versions of
the project architecture are also discussed to clarify how we arrived to the final setup described in Section 2.
Next, the implications of the project’s results for the industry are covered, representing the main outcome of
the project. Finally, proposed directions of further work are presented, be it smaller-scale steps to improve the
project’s architecture, or the larger steps necessary to take the design from its current state into a real-world
deployment.
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4.1 Agent behavior

While the agent showed good performance in most of the simulation runs, there were still some suboptimal
flight paths taken. These need to be linked to the project’s design choices in order to justify them, and to
help improve the resulting behavior in future iterations of the project.

The main source of ‘unnatural-looking’ flight paths, characterized by excessive or unnecessary turns, are the
transitions from agent to autopilot control, implemented based on design choice 4. When the agent completes
the avoidance maneuver, to the point where there are no more weather squares detected in the 180-degree
sector in front of the plane, the autopilot takes over, turning toward the appropriate heading to resume the
planned route. However, in doing so, it occasionally makes the plane face the weather again, resulting in
the agent stepping in, correcting the turn, and continuing on the new heading. This behavior can be seen
in both Figure 6b and Figure 8b, at approximately 51.75◦ N, 5.25◦ E.

Based on the flight paths in these plots, one can notice that when the agent resumes control after the short
autopilot segment, it briefly continues the turn toward the weather, before finally turning away. A closer
examination revealed that the agent’s KEEP HDG action, corresponding to switching off lateral navigation in
the BlueSky simulator, does not stop the turn previously initiated by the autopilot—which is not the behav-
ior expected from the simulator. Consequently, the agent keeps choosing the positively-rewarded KEEP HDG

action until the continued turn causes the plane to face the weather again. At that point, the agent resumes
taking appropriate avoidance maneuvers, as it would otherwise.

When attempting to correct for the simulator behavior manually—by making the KEEP HDG action disable the
lateral navigation and simultaneously set the heading to remain fixed—the training became very unstable,
with barely any agents converging to a positive reward. Given this rather unexpected outcome, a decision
was made to keep the implementation in its current form, tolerating the slight imperfections in the flight path.

In cases where the control is given back to the autopilot when the plane is flying significantly off-course,
the transition often results in a sharp turn, sometimes well over 90 degrees. When multiple back and forth
transitions between the agent and the autopilot control happen in quick succession, the flight path can end
up looking completely unrealistic, as can be seen in Figure 8a. In the ideal runs in Figure 6, the agent leaves
the plane very close to the optimal heading, resulting in little to no course change when the autopilot takes
over. Since the agent is not aware of its position relative to the pre-set flight path—other than the hdgoptim
indicating the general desired direction—it is largely a product of chance whether it ends up being on course
after avoiding the weather. In the most common scenario where the agent avoids a single thunderstorm at
a time, the transitions are often smooth, with the occasional autopilot-initiated turns being stopped under
the agent’s control, as discussed at the beginning of this subsection.

Additionally, the limited ability to navigate the aircraft along its intended route also sometimes results in
the agent flying parallel to the thunderstorms for extensive amount of time. Due to the constant proximity
of weather in such situations, the autopilot is unable to take over, resulting in the agent taking the plane far
off course. An example of this is the long straight segment in eastern direction in the center of Figure 8a,
though more extreme cases were also encountered.

On rare occasions, the control transition problems are made worse by the agent’s general difficulty in han-
dling thunderstorms that form a longer ‘barrier’ across the pre-set flight path. When the aircraft encounters
weather shaped in this way, the limited information that the state space provides to the agent makes it virtu-
ally impossible for the situation to be solved well. In such cases, poorly-trained agents usually immediately
resort to spinning in circles without any any further progress, while the well-trained agents tend to be able
to resolve the situation in an acceptable way, given the limitations. However, when the plane navigates along
the barrier to avoid it, it often ends up significantly off-course, which occasionally produces a full loop in the
flight path, due to the subsequent transition to autopilot control. This scenario can be seen in Figure 8b—it
is virtually the only case where a full loop occurs in a flight path produced by a well-trained agent.

23



(a) Multiple autopilot-agent control transitions result-
ing in an unrealistic flight path (reward 160)

(b) Longer weather ‘barrier’ causing a full loop in the
flight path

Figure 8: Map plots showing examples of mediocre performances of a well-trained agent.

Since the described behavior is a combined result of design choice 4 and the limited state space, the best solu-
tion would be a significant redesign of the project architecture, accounting for these shortcomings. However,
given the limited scope of the project, the deviated term introduced in Equation 8 for the reward function
in Equation 9 is considered an acceptable middle ground. By penalizing the agent when it turns further than
90 degrees away from the optimal heading, the sharp turns and full loops after switching to autopilot control
can be kept to a minimum.

As mentioned, the main constraint when avoiding larger thunderstorms is the limited detection area that the
agent is aware of, since the features of the state space only provide information about weather located within
the 30 km radius. Seeing the entire map in the plots, it is straightforward to find an optimal path the agent
should take. From such perspective, the thunderstorm ‘barrier’ would be easily avoided by taking an action
earlier, making the detour much more gradual. However, with the limited detection range, the agent has to
decide on optimal action in each specific situation, based on the information at hand. Similar justification
also applies to minimizing the overall length of the path taken, since the agent focuses on solving the problem
locally for each step.

With this explanation, it is apparent that, apart from the agent lacking information about more distant
thunderstorms, the actions being handled individually is also a potential downside. Two actions might
appear identical in their respective state spaces and rewards, while being completely different if they were
to be evaluated as part of the full flight path taken. As said before, a fundamentally different architecture
would be needed to eliminate these problems. To avoid going beyond the scope of the project, this overhaul
was left for the Future work section, where the possible solutions are covered in detail.

4.2 Alternative architectures

Having explained the reasons behind specific agent behaviors, we will now explore other architectures which
were tested in an effort to improve the behavior, leading to the final design presented in Section 2. While
these were not tested as extensively as the final version, their influence on the outcomes of the simulations
will still be discussed, in the hope of highlighting or discouraging certain directions of future research.
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Throughout the section, one might notice that the design choices were not yet present during the initial
implementations. Instead, they were formalized later to keep track of the compromises made with respect to
the scope of the project, and their justifications.

4.2.1 State spaces

Unlike most other parts of the project, the state space had to be significantly modified compared to the orig-
inal implementation by Van Gelder (2023). Given that the same agent architecture is applied to a different
domain, a distinct set of features was needed to provide relevant information about the environment.

In the very initial version of the project, the number of adverse weather squares in the detection area in front
of the plane was given as just two 90-degree sectors, i.e. nL and nR. With the addition of nC , taking the
detection sectors to their current form, the agent saw significantly improved performance and faster training
convergence. These improvements could be interpreted as the agent gaining information about the weather
in the exact direction it is going, as well as the directions it could turn toward. In this configuration, each
of the sectors directly corresponds to a specific action from the action space, making agent’s decisions more
straightforward.

The speed and heading of the wind were also part of the initial version of the state space. However, they were
later removed, with the assumption that the speed of the aircraft is always significantly higher than the speed
of the wind (i.e. the speed at which the weather moves), making these features less relevant. As a result,
the agent has to react to the weather movements in real time, rather than learning to predict them from
the wind information. While some level of weather movement prediction will certainly be helpful in future
follow-up projects, this approach to weather avoidance was deemed sufficient for our purposes. Crucially, no
loss in agent performance was observed, despite shrinking the state space by two features. As a result, more
important information could be added to the state space, such as the aforementioned nC .

With the removal of the wind information, a previously included hdgtrue feature, which represented the true
heading of the plane, was also removed. Consequently, the hdgnear was adjusted from its initial absolute form
to the current relative form described in Section 2.4.1. After this change, the agent no longer receives informa-
tion about the direction the plane is flying, and its behavior is therefore completely orientation-independent,
limiting the risk of learning route-specific behavior due to design choice 2. All directional information about
the weather is represented by the predefined relative directions of the borders of the detection sectors, and
by the—now relative—hdgnear. As mentioned, these modifications did not result in any observable loss of
agent performance, while simplifying the state space and making the individual features more useful.

The last significant change made to the state space concerned the hdgopt, which was initially defined as
a heading to the next waypoint in the flight path. As discussed in Section 2.4.1, in the final version, this
feature represents the relative heading to the last waypoint on the map, providing the agent with a general
direction to fly toward. Following this adjustment, it became apparent that the initial version caused the
agent to receive lower rewards overall. Since the aircraft is always closer to the individual waypoints compared
to the last one, the value of hdgopt varied much more rapidly. Sudden changes could also occur when the
target waypoint was updated as the plane progressed through the flight path, potentially contributing to
training instability, since the agent had no way to prevent these rapid shifts in the value of the hdgopt.

4.2.2 Action spaces

While the original state space by Van Gelder (2023) had to be adjusted to account for the new domain, the
action space was initially taken without any modifications, as defined in Equation 11. Although the project
domain is different, the means for the plane to avoid obstacles, be it other planes or weather, remains largely
the same.

A = {TURN LEFT, LNAV, TURN RIGHT} (11)

Here, the LNAV action represents the command to resume (or continue) the autopilot navigation, just like
in the original paper. The same action is also used by the environment when no weather is detected, as
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explained in Section 2.2. Remember that the turning actions correspond to a turn of 20 degrees, as compared
to the 45 degrees used by Van Gelder (2023).

Following initial testing runs, it became clear that the LNAV action was chosen very rarely, resulting in a ‘con-
tour’ flight path shape, similar to what was shown in Figure 7b. The agent likely failed to fully comprehend
the consequence of this action, given that it lead to turns in different directions, depending on the plane’s
location relative to the intended flight path. In the rare cases when the action was used, it often resulted in
what could be called a ‘bouncing’ behavior. The agent would turn away from weather, but subsequently take
the LNAV action again, turning back toward the weather, requiring another turn action to avoid it—sometimes
repeating the cycle several times.

In an attempt to improve the behavior, the KEEP HDG action was added to the action space, allowing the
agent to continue flying in its current direction:

A = {TURN LEFT, LNAV, KEEP HDG, TURN RIGHT} (12)

While this resulted in a slightly smoother flight paths, which were later tweaked further by adjusting the
reward function, the LNAV action was still used rarely, even when given higher positive reward than the
KEEP HDG action. Therefore, a decision was made to remove the LNAV action completely, bringing the action
space to its final form, given in Equation 7.

Removing the LNAV action meant that the agent effectively lost the ability to navigate the pre-set flight path
on its own. However, the state space and reward functions were designed to provide a viable alternative,
as justified in Section 4.1. With fewer actions to choose from, the agent became more likely to take the
well-rewarded KEEP HDG action whenever possible, resulting in the smoother flight paths shown in Figure 6.

4.2.3 Training stability improvements

During development, a considerable amount of time was spent on tweaking and testing various changes to
ensure a satisfactory percentage of agents trained successfully. The two most significant factors that could
be changed to improve the training stability were the reward function given by Equation 9, and the training
parameters listed in Table 3.

Initially, the magnitudes of the rewards in the reward function were heavily inspired by the three different
functions used by Van Gelder (2023), limiting the values to the range between 0 and 10. However, it quickly
became apparent that the magnitude of the values influenced the training stability significantly, with greater
magnitudes resulting in more stable learning, even for the same relative size of individual rewards. There-
fore, the original reward magnitudes of 1, 2 and 5 were multiplied by a factor of 10, yielding the final reward
function in Equation 9.

Another subject of experimentation was the angle used in the deviated term in Equation 8. From seeing
the whole picture in the flight path plots in Figures 6-8, it might appear that a far shallower angle would
be sufficient to avoid the weather in most situations. However, one has to keep in mind that the agent is
only aware of thunderstorms located in the 30-kilometer detection range, requiring somehow sharper turns
to evade the weather within this distance. During testing runs, where the angle was gradually reduced from
90 to 60 degrees, the training stability progressively worsened—an indication that the agent was struggling
to avoid the weather within the limited detection range, without getting penalized for deviating from the
optimal heading too far.

The constraint this angle places onto the agent is even narrower than might be expected. As explained in
Section 2.4.1, the hdgopt feature is only an approximation of the optimal direction, indicating the relative
heading to the final waypoint on the map. However, since the pre-set route is not a straight line, the absolute
value of hdgopt can vary by as much as 30 degrees, even when the plane flies the whole route on autopilot with
no deviations. This fact already limits the maneuvering space for the agent, and is made worse if the angle in
the deviated term is made narrower. The value of 90 degrees was therefore selected as most suitable, since
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it forces the agent to keep moving toward the general direction of the final waypoint, without restricting its
maneuverability too much.

The second set of factors that significantly influenced the training stability were the training parameters.
In his paper, Van Gelder (2023) experimented with three different values for both the buffer size |D| and the
batch size B. For the earliest iteration of this project, the buffer size was set to 106 experiences, which is the
largest of the three values that Van Gelder (2023) tested. Given that each training episode generates roughly
30 transitions, we would expect the buffer to contain approximately 150 000 transitions after the 5 000-episode
training run. Therefore, with |D| = 106, the buffer never filled up and no experiences were ever discarded,
preventing gradual experience updates that stabilize DQN learning. Based on this observation, the smaller
buffer sizes of 105 and 104 were tested. Among these, the smallest value showed a significant improvement
in the training stability, and was therefore used for the final version. The batch size B—which Van Gelder
(2023) varied between 32, 64 and 128—was fixed at 64 in this paper, without any further experimentation.

Although Van Gelder (2023) did not vary the exploration decay factor ∆ϵ during his experiments, our project
briefly explored its influence on the training behavior, hoping to improve the stability further. The value
of the parameter was initially set to 0.001 to ensure thorough exploration over 990 episodes. However, the
prolonged exploration phase made the training very unstable, with almost no runs converging to a positive
reward. Halving the length of the exploration to 495 episodes, corresponding to ∆ϵ = 0.002, resulted in much
greater success rates. Reducing the exploration length further did not bring any additional improvements,
so the value ∆ϵ = 0.002 from Van Gelder (2023) was left unchanged.

4.3 Industry implications

With the possible alternative architectures covered, we will now use the aforementioned results and descrip-
tions of agent’s behavior to draw conclusions about the broader implications of the project for the domain
of air traffic control, and aviation as a whole.

The main objective was to select a representative DRL algorithm, and demonstrate its potential for weather
avoidance in aviation. For comparability with related research, the project adopted the DQN agent architec-
ture from Van Gelder (2023), originally used for conflict resolution in air traffic control. Adapting the agent
for use in weather avoidance involved making a few changes to the original architecture, which have been
covered in Section 2.

The following conclusions will be drawn solely from the behavior of the well-trained trained agents, since
agents that failed to achieve high rewards should never be used outside of testing. As presented in Section 3.2,
the well-trained agents successfully automate the process of avoiding weather, keeping conflicts to a minimum.
In most runs, they follow realistic-looking flight paths without unnecessary turns, within the limitations dis-
cussed in Section 4.1. However, even the well-trained agents occasionally enter the 5-kilometer safe distance
limit dlim, although actual weather encounters are very rare. Due to these conflicts and the aforementioned
limitations, the agents are understandably not ready to handle real-world traffic. That said, a completely
flawless performance was never the goal of the project, given its intended role as a feasibility study.

From an initial evaluation perspective, the conclusions clearly advocate for further research in this domain,
aimed at addressing the drawbacks discussed throughout Section 4. While Van Gelder (2023) originally used
the agent architecture for conflict resolution, our project demonstrated its suitability for weather avoidance
as well. These results highlight the potential for its use in a future air traffic control system, which would
unify both domains. Section 4.4 outlines specific features and changes for future research to focus on, to
ultimately make a system that could be certified by the relevant authorities for use in real-world traffic.

It should be emphasized that the presented conclusions concern only the selected DQN algorithm and might
not apply to the field of DRL as a whole. While the rationale behind the choice of DQN as a representative
example of a DRL algorithm was explained and justified, future projects should aim to verify the suitability
of DQN by performing a comparative analysis between various DRL algorithms.
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4.4 Future work

The limitations presented above provide extensive opportunities for future research. Possibilities range from
improving specific weak points in the current architecture, all the way to making the system suitable for
handling real-world traffic.

The downsides of the current approach are directly liked to the design choices presented in Section 2.2.
Among these, the simplest to eliminate would be design choice 2, which could be done by applying the same
implementation to several different flight paths. This could involve using the same routes both for training
and evaluation, as well as training the agent on one set of routes and evaluating it on another. The latter
could be used to assess the extent to which our agent learned route-specific behaviors, indicating whether
they were successfully kept under control.

A second design choice that could be addressed without adjusting the project’s architecture significantly is
design choice 5. As discussed in Section 4.2.1, the performance did not noticeably worsen when wind infor-
mation was removed from the state space. To confirm this observation, one could vary the wind speed and
direction organically over the course of each run to see whether these changes impact the performance. In
the current version of the agent, other features are more relevant for describing the environment than the
wind information. However, larger-scale future projects will likely benefit from re-introducing these features
to the state space, as it will allow for finer improvements to the agent’s behavior.

Compensating for the remaining three design choices would generally require a more substantial overhaul
of the architecture, and addressing them individually would not be advised, due to significant overlap in
the necessary changes. The first step would be making the agent navigate the entirety of the pre-set flight
path without the help of an autopilot, eliminating design choice 4. Implementing this modification would
necessitate expanding the state and action spaces, giving the agent a more detailed overview of the situation
and finer control through additional actions.

To allow the agent to properly understand the consequences of its behavior, the system of evaluating its
actions individually would have to be adjusted, or removed altogether. Instead, the agent’s performance
would be assessed based on the overall outcome of each run, such as the total number of weather conflicts
or the time taken to reach the final waypoint. For even more precise feedback, the current system could
be combined with the proposed per-run system—rewards could be given for individual actions, and then
retrospectively combined with a reward for the whole run, before adding all transitions from the run to the
agent’s buffer. To make the per-run feedback useful, the aforementioned expansion of the state space would
have to be sufficiently detailed, so that the agent could learn the factors leading to specific rewards.

Eliminating the last two design choices would be an important step for moving the project toward being
ready for industry adaptation. By adding actions allowing the agent to adjust its true airspeed and altitude,
design choice 3 would no longer apply. The environment would become three-dimensional, making the whole
system much more realistic. Naturally, further changes to the state space would be necessary to provide the
agent with information about the quantities it would now be able to control.

With the removal of design choice 1, the project’s scope would expand beyond its current domain. On top
of being responsible for weather avoidance, the agent would also need to prevent collisions between the in-
dividual aircraft. In the area of conflict resolution, significant amount of DRL research is already underway,
as discussed in Section 1.1. By combining the two domains, the agent would be able to solve a variety of
situations that could arise in air traffic control.

From here, the possibilities for further expansion are virtually limitless. One option might be to implement
different types of adverse weather, categorized by how undesirable they are for the agent to fly through, rep-
resenting storms of varying strengths. Alternatively, with more weather information added to the state space
in future iterations, a full predictive weather model could become part of the decision system of the agent.
This would combine the project’s findings with yet another aviation-related application of DRL, helping to
exchange knowledge between different domains.
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Throughout the process of implementing the aforementioned changes, an effort should also be made to further
improve training stability. For a small-scale feasibility study, only a few well-trained agents are needed to
evaluate their behavior, making the lower stability more acceptable. However, for a system used for real-
world traffic, the required training success rate would likely be much higher. Given the scale of the aviation
industry, even a small improvement in the percentage of successfully trained agents would result in significant
global reductions in training time and electricity consumption. The stability could improve naturally with
some of the changes discussed in this subsection, or as a result of utilizing a different DRL algorithm, as
suggested in Section 4.3.

Ultimately, the goal of any future efforts building on this project should be to integrate it with findings
from the aforementioned areas, creating a universal method for automating all aspects of air traffic control.
The resulting system should aim to maximize operational efficiency, while adhering to the rigorous safety
standards that the public has come to expect from the aviation industry.

5 Conclusion

The study aimed to demonstrate the feasibility of using Deep Reinforcement Learning to automate navigat-
ing aircraft around adverse weather. Selecting the Deep Q-Network algorithm as a representative example
of DRL, the project adapted the agent architecture which Van Gelder (2023) originally used for conflict
resolution in air traffic control. In the process, the architecture was modified in order to accommodate the
new domain.

To achieve the goal of the project without making the implementation overly complex, five design choices were
introduced to simplify the agent’s environment. These included simulating only a single aircraft at a time,
flying a pre-set route which remained unchanged across all runs. Additionally, the aircraft maintained a con-
stant altitude and true airspeed, limiting the action space to lateral maneuvers. The agent took control of the
aircraft only when weather was detected in its state space, with the rest of the route flown by the autopilot,
keeping the aircraft on the predefined flight path. Lastly, to make the environment more dynamic through
weather movement, the implementation included wind, which was kept constant throughout the duration of
each simulation run, and across the entire map.

Following these design choices, a custom weather abstraction was created on top of the BlueSky air traffic
simulator to compensate for its limited weather functionality. The environment was discretized into a grid of
boolean squares, each 1 km in size. This allowed for straightforward implementation of the weather movement
through shifting the whole grid, and changing the thunderstorm shape organically using cellular automata.

Throughout the implementation testing, the system displayed considerable sensitivity to changes in the
training parameters, making it challenging to achieve convergence to high positive rewards. With the final
parameter values presented in the paper, 31 out of 50 agents trained successfully, which was more than
sufficient to be able to evaluate their performance.

The successfully trained agents displayed the intended behavior, characterized by evading all weather in
vast majority of evaluation runs, as well as avoiding unnecessary turns throughout, keeping the flight path
looking realistic. For the agents that did not converge to the high rewards during training, the evaluation
runs still demonstrated their ability to avoid the weather in most situations. However, these agents struggled
to produce a realistic flight path though minimizing turns. Instead, they flew in what could be described as
an offset contour of the weather, failing to obtain the positive reward for keeping the heading constant.

While suboptimal flight paths were occasionally produced even by the well-trained agents, the limitations
were justified as direct consequences of the design choices, made with respect to the intended scope of the
project. These also act as a list of topics that future studies could build on—some being addressable in-
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dividually, and others requiring a more substantial overhaul of the architecture. Additionally, future work
should also focus on improving the training stability of the system, with one of the suggested options being
a comparative analysis between DQN and other DRL algorithms.

In conclusion, the study demonstrated that DRL—specifically the DQN algorithm—offers a promising alter-
native to conventional approaches, successfully automating weather avoidance in aviation, within the context
presented by the project. With appropriate modifications, the agent architecture by Van Gelder (2023)
proved suitable for the new domain, providing a basis for developing a system that would unify both weather
avoidance and conflict resolution. While the implementation was not intended to handle real-world traffic
given the design choices, it presents a good foundation for future research, with extensive options for refin-
ing the current approach, or expanding it further. The ultimate goal of these efforts should be to combine
the domains of conflict resolution, weather avoidance and others, in order to create a universal system for
automating air traffic control.
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