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Many problems in aviation can be characterized as sequential decision-making problems
under uncertainty, such as air traffic management and flight delay prediction. One approach
to solving such problems is to learn from expert demonstrations. Inverse reinforcement
learning (IRL) is one such class of methods, where a reward function is learned given expert
demonstrations. However, while IRL has shown promising results in recent years, for example
in autonomous vehicle path planning, we identify a significant, quantifiable gap in applications
of IRL in aviation relative to other domains. In this paper, we formally introduce IRL, provide
a comprehensive summary of foundational methods, review how IRL has been applied in the
field thus far, discuss challenges that may explain the IRL gap, and explore potential future
applications of IRL for aviation.

I. Introduction
The aviation field is characterized by many problems that require decision-making in complex environments.

Combined with increasingly available data in aviation, this has led to significant research into machine learning and
other data-driven techniques capable of helping solve such problems, including efforts from academia, industry (e.g.,
[1, 2]), and government stakeholders (e.g., [3–5]). More specifically, reinforcement learning (RL) is emerging as a
promising approach to address, for example, air traffic control [6–9], autonomous conflict resolution [10] and separation
assurance [11, 12], autonomous taxiing [13], landing [14], and emergency response maneuvers [15]. RL is a subset
of machine learning where agents can interact with and learn from a simulated or real-world environment through a
trial-and-error process, to maximize the accumulated reward they earn by taking different actions [16]. A comprehensive
survey of how RL has been leveraged to solve various aviation problems has been conducted in [17].

Within RL, defining an appropriate reward function is a crucial yet challenging task [18]. This problem is particularly
difficult in aviation-specific applications, due to the complex nature of aviation tasks. For example, accurately capturing
and representing operator intent (such as pilots and air traffic controllers) is difficult, yet crucial for safe and efficient
operations. While explicit rules and operational norms are readily available, their application in dynamic and unforeseen
situations remains challenging. Human decision-making often involves nuanced judgments, risk tolerance, and adaptive
strategies that are difficult to fully codify. This lack of a clear objective function hinders the development of effective
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Fig. 1 IRL is a promising approach for various aviation problems, such as (a) UAV control and path planning,
(b) complex maneuvers, and (c) air traffic management.

autonomous systems and predictive models. Inverse reinforcement learning (IRL) offers a promising approach to
address these challenges. Instead of explicitly defining rewards, IRL algorithms aim to infer an underlying reward
function from expert demonstrations or collected trajectory data [19]. By learning the implicit goals and preferences
of operators, IRL can enhance situational awareness, improve human-machine collaboration, and contribute to more
robust and adaptable autonomous aviation systems. Furthermore, learning a reward function through IRL can improve
transfer capabilities between different tasks relative to RL, as reward functions are inherently more transferable than
decision-making policies [20]. Figure 1 depicts example IRL applications in aviation. However, despite the widespread
use and success of IRL methods in numerous fields, the aviation field has seen much fewer applications of IRL.

This work explores the potential of IRL for understanding and enhancing autonomous decision-making in aviation
systems. We delve into the theoretical foundations of these techniques (Section II), survey foundational IRL methods
that have been successfully applied in related domains (Section III), and discuss their application to specific aviation
tasks thus far (Section IV). Additionally, we put forth and discuss relevant datasets, simulations, and potential future
applications of IRL in aviation (Section V). Our contributions are thus:

1) formally introducing IRL, its benefits, and its challenges,
2) providing a summary, categorization, and comparison of various foundational IRL methods,
3) reviewing some significant milestones achieved by IRL methods in aviation, and
4) identifying relevant datasets, simulations, and potential aviation problems unexplored by IRL to encourage its

use in aviation.

II. Background

A. Reinforcement Learning
RL models an agent and its interactions with an environment as a Markov decision process (MDP), defined as

𝑀 B ⟨S,A, 𝑝, 𝑟, 𝛾⟩, where S is the state space, A is the action space, 𝑝 : S × A × S → [0, 1] is the state transition
function, 𝑟 : S × A × S → R is a reward function, and 𝛾 ∈ [0, 1) is the discount factor which assigns smaller weights
to future rewards. Let 𝜋 : S × A → [0, 1] be a policy for the agent. At time step 𝑡, the agent is in state 𝑠𝑡 ∈ S and
executes an action 𝑎𝑡 ∼ 𝜋(·|𝑠𝑡 ), after which the system transitions to state 𝑠𝑡+1 ∼ 𝑝(·|𝑠𝑡 , 𝑎𝑡 ) and the agent receives
reward 𝑟 (𝑠𝑡 , 𝑎𝑡 , 𝑠𝑡+1). The performance of 𝜋 can be described by its value function. The value function of policy 𝜋,
𝑉 𝜋 : S → R, denotes the expected discounted cumulative reward obtained when starting from state 𝑠 and following
policy 𝜋,

𝑉 𝜋 (𝑠) B E𝑝,𝜋

[ ∞∑︁
𝑡=0

𝛾𝑡𝑟 (𝑠𝑡 , 𝑎𝑡 , 𝑠𝑡+1) | 𝑠0 = 𝑠

]
. (1)

Similarly, the action-value function of policy 𝜋, 𝑄 𝜋 : S × A → R, denotes the expected discounted cumulative reward
obtained when starting from state 𝑠, taking action 𝑎, and then following policy 𝜋 to choose subsequent actions,

𝑄 𝜋 (𝑠, 𝑎) B E𝑝,𝜋

[ ∞∑︁
𝑡=0

𝛾𝑡𝑟 (𝑠𝑡 , 𝑎𝑡 , 𝑠𝑡+1) | 𝑠0 = 𝑠, 𝑎0 = 𝑎

]
. (2)

The typical goal in RL is to find an optimal policy, 𝜋∗, which maximizes the value function 𝑉 𝜋 (𝑠) at every state 𝑠 ∈ S.
The agent learns the optimal policy through repeated interactions with the environment, as visualized in Figure 2. The
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Fig. 2 (a) RL learns an optimal policy by choosing actions and receiving rewards. (b) IRL learns a reward
function by observing the expert’s states and actions.

MDP framework can be extended to model multi-agent decision-making problems through a multi-agent MDP (MMDP),
defined as M B ⟨S,N , {A𝑖}𝑖∈N , 𝑝, 𝑟, 𝛾⟩, where N = {1, . . . , 𝑁} is the set of agents and A𝑖 is the action space of
agent 𝑖. Then 𝑝 : S ×A1 × · · · ×A𝑁 ×S → [0, 1] is the state transition function and 𝑟 : S ×A1 × · · · ×A𝑁 ×S → R
is the team reward function. Similar to the single-agent case, the typical goal for an MMDP is to find the joint policy,
𝝅 : S × A1 × · · · × A𝑁 → [0, 1], which maximizes the value function 𝑉𝝅 (𝑠) at every state 𝑠 ∈ S.

B. Inverse Reinforcement Learning
In IRL, an agent observes an expert’s behavior (or is given a dataset of collected expert trajectories) and uses

that to infer the expert’s reward function [19]. This problem is modeled as an MDP without the reward function,
𝑀\𝑟 B ⟨S,A, 𝑝, 𝛾⟩, with a dataset of expert trajectories, D = {𝜏𝑖}𝑁𝑒

𝑖=1, where 𝜏𝑖 = {(𝑠0, 𝑎0), . . . , (𝑠𝑡 , 𝑎𝑡 ), . . . } denotes
the 𝑖th trajectory and 𝑁𝑒 is the number of available expert trajectories. Expert trajectories are assumed to be finite with
potentially varying lengths unless specified otherwise.

Whereas in RL the agent aims to learn the optimal policy 𝜋∗ given 𝑟 (and sometimes 𝑝), in IRL the agent seeks to
learn 𝑟 given the dataset of trajectories D (and sometimes 𝑝). This framework thus enables agents to learn a reward
function from human behavior and expert demonstrations for complex tasks where an appropriate reward function may
be difficult to define. For example, defining a reward function to train a robot arm to manipulate various objects is
complicated as each actuation must be encoded for each type of object and desired location. Instead, providing relevant
expert demonstrations can enable the robot to learn an appropriately parameterized reward function through IRL. As
with RL, the IRL problem formulation can also be extended to multi-agent systems [21]. Figure 2 visualizes the RL and
IRL problem setups.

C. Imitation Learning
Imitation learning (IL), also known as learning from demonstration, apprenticeship learning, or behavior cloning, is

a related learning paradigm in which an agent aims to mimic the behavior of an expert by observing its actions and
their corresponding outcomes. While this method addresses problems similar to IRL, for example, scenarios where
designing a reward function is challenging, a key difference is that IL aims to recover a policy 𝜋 from demonstrations
instead of a reward function. We include this subsection because many aviation works surveyed in this paper include IL
methods, and thus it is important to clarify the similarities and differences between the two learning paradigms.

IL can be more efficient than IRL, as it does not include the computationally expensive step of forward RL to
evaluate the current reward function. Additionally, IL does not assume any structure over the reward function, and thus
can be easier to implement. However, IL also has some limitations. The quality of the learned policy is highly dependent
on the quality of the expert demonstrations, since poor or suboptimal demonstrations can lead to suboptimal policies.
While this is also a challenge for IRL methods, it is exacerbated in IL methods. IRL can include methods to handle
suboptimal demonstrations during optimization steps, whereas IL primarily aims to mimic the demonstrated behaviour.
IL also struggles more when generalizing to new situations not represented in the expert demonstrations, since a policy
is less transferrable than a reward function when the environment’s underlying dynamics change [16, 22]. Finally, it has
been empirically found that when the reward function is sparse, IRL methods perform better than IL methods [22].
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Algorithm 1 Inverse Reinforcement Learning Algorithm Template
Require:
D: A set of expert demonstrations
𝑀: ⟨S,A, 𝑝, 𝛾⟩

Ensure:
𝑟: The estimated expert reward function

1: Initialize 𝑟
2: while not done do
3: Compute the optimal policy 𝜋∗ for 𝑟 using an RL algorithm
4: Update 𝑟 to maximize the desired objective, such as the likelihood of D under 𝜋∗
5: done← whether 𝜋∗ generated by 𝑟 matches the expert demonstrations D within the desired margin of error, or a maximum

number of iterations is reached

D. Challenges in IRL
While IRL is an effective learning paradigm for addressing problems with unknown reward functions, there are

many open challenges, which we summarize here. When considering multiple agents in IRL problems, additional
challenges are induced (challenges 5-7). Addressing these challenges is crucial for applying IRL to real-world problems,
such as those related to aviation systems, many of which require multi-agent considerations. While some, such as
access to expert demonstrations, are challenges inherent to the application, others can be addressed through the reward
optimization process.

1) Underspecification of Rewards: A fundamental challenge in IRL is the inherent ambiguity in inferring reward
functions from observed expert behavior [23]. Multiple reward functions may explain the behavior for a given
set of expert trajectories.

2) Computationally Expensive: To evaluate the current estimate of the learned reward function, we must perform
forward RL many times. This process can be computationally intensive, especially for complex environments.
As the state and action space of the MDP grows, the computational complexity for each algorithm iteration also
increases.

3) Generalization: Although reward functions are more transferable than policies [19], they still have limitations in
terms of generalization. The performance of the reward function may be limited to settings identical or similar to
the expert demonstrations.

4) Quality of Experts: The quality of the expert demonstrations significantly impacts the accuracy and effectiveness
of IRL. In many real-world scenarios, access to high-quality expert demonstrations may be limited or expensive
to attain. Furthermore, expert demonstrations are not necessarily optimal, which can impact the learning process.

5) Scalability: As the number of agents present in the environment increases, the complexity of the problem grows
exponentially. This is due to the increased dimensionality of the state and joint action spaces.

6) Additional Ambiguity: In multi-agent settings, there may be multiple Nash equilibria or global reward functions
that could explain the observed behavior of the agents. The assumptions and conditions for team optimality may
be unknown, making it difficult to narrow down and identify unique reward functions that accurately capture the
underlying incentives of the agents.

7) Expert Interactions: A unique aspect of multi-agent scenarios is that the expert policies may be interdependent.
Thus, the optimal behavior of one agent may depend on the actions of other agents.

III. Foundational Methods for IRL
The majority of IRL methods follow a general algorithm template [24], shown in Algorithm 1. As described in

Section II and visualized in Figure 2, the agent is given access to either a dataset of state-action pairs or an expert
policy (from which a dataset is generated). The agent’s objective then is to optimize a reward function that best
describes the input. The reward function is parameterized by weights which are updated during each iteration in the
algorithm. During each iteration, the current estimate of the reward function is evaluated using forward RL to generate
a corresponding policy (line 3). We then compute how closely this policy matches the expert policy. Based on the
resulting similarity, the parameters of the reward function are updated (line 4) until a desired minimum difference is
achieved. The subsequent sections describe common classes of IRL methods; more detailed expositions are given in
[24, 25]. We include multi-agent extensions where applicable.
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A. Feature Matching
Feature expectation matching is a widely used approach to formulate IRL problems. First, it is assumed that the reward

function can be expressed as a sum of weighted features, 𝜙 : S × A × S → R𝑛, such that 𝑟𝜙 (𝑠, 𝑎, 𝑠′) = 𝑤⊺𝜙(𝑠, 𝑎, 𝑠′),
where 𝑤 ∈ R𝑛 is a vector of weights. Given a feature function 𝜙, the idea is to choose weights such that the
optimal policy for a chosen linear reward, 𝜋𝑟𝜙 , achieves the same feature expectation as the expert policy, 𝜋𝐸 ,
E𝜋𝑟𝜙 [𝜙(𝜏)] = E𝜋𝐸 [𝜙(𝜏)], where 𝜙(𝜏) = ∑

(𝑠𝑖 ,𝑎𝑖 ,𝑠𝑖+1 ) ∈𝜏 𝜙(𝑠𝑖 , 𝑎𝑖 , 𝑠𝑖+1), E𝜋 [𝜙(𝜏)] = Pr(𝜏 |𝜋)𝜙(𝜏), and Pr(𝜏 |𝜋) is the
probability of sampling trajectory 𝜏 from the distribution over trajectories induced by 𝜋. In practice, it can be difficult to
compute this expectation. Another challenge, as discussed in Section II.D, is that this optimization problem can have
many possible solutions. Maximum margin methods propose different margins to choose one among the many solutions.

B. Maximum Margin Optimization Methods
The objective of maximum margin optimization methods is to find a reward function that is better at explaining the

given expert demonstrations than alternative reward functions by a set margin. The definition of this margin varies by
method. The margin maximized in [19] is∑︁

𝑠∈S

(
𝑄 𝜋 (𝑠, 𝑎∗) − max

𝑎∈A\𝑎∗
𝑄 𝜋 (𝑠, 𝑎)

)
. (3)

Here, the goal is to maximize the sum of differences between the value of the optimal action 𝑎∗ and the value of the
second-best action. This ensures that single-step deviations from the optimal policy are as costly as possible.

An alternative formulation of the maximum margin optimization problem involves feature expectation matching.
This formulation is sometimes referred to as apprenticeship learning in the literature [18]. First, we assume the reward
function can be expressed as a linear sum of weighted features. Next, we define the expected state visitation frequency
of a policy as

𝜓 𝜋 (𝑠, 𝑎) = E𝑝,𝜋

[ ∞∑︁
𝑡=0

𝛾𝑡𝜙(𝑠𝑡 , 𝑎𝑡 , 𝑠𝑡+1) | 𝑠0 = 𝑠, 𝑎0 = 𝑎

]
. (4)

𝜓 is sometimes known as the successor feature function [26]. Now, we can re-define the action-value function as
𝑄 𝜋 (𝑠, 𝑎) = 𝜓 𝜋 (𝑠, 𝑎)⊺𝑤. Substituting this into the margin from Equation (3) yields∑︁

𝑠∈𝑆

(
𝜓 𝜋 (𝑠, 𝑎∗)⊺ 𝑤 − max

𝑎∈𝐴\𝑎∗
𝜓 𝜋 (𝑠, 𝑎)⊺𝑤

)
. (5)

Early works solved the optimization problem in Equation (5) by formulating it as a linear or quadratic program [27].
Subsequent works, such as [28], optimize the reward function using gradient descent. A benefit of this class of IRL
methods is that the optimization problems are relatively straightforward to formulate. However, observe that the learned
reward’s performance in these formulations depends on the quality of the expert data. To help alleviate this, [29]
proposes an extension, MWAL, to handle the case where the expert data might be sub-optimal, while [30] handles
the case where there may be limited expert data. Additionally, [31] incorporate safety constraints in their extension,
CEGAL, and [32] extends this to the multi-agent setting.

C. Maximum Entropy Methods
Maximum entropy methods aim to find the behavior strategy that is constrained to match feature expectations and

maximize entropy, thereby addressesing the challenge of ambiguity described in Section II.D. The first paper to propose
a technique in this class of IRL methods is [33]. The work finds the distribution over all possible trajectories in an
MDP that maximizes entropy while matching feature expectations of the given expert behavior. The motivation behind
using entropy to choose among degenerate solutions comes from the principle of maximum entropy [34], which implies
that the solution with maximum entropy minimizes bias. In practice, this translates to making minimum commitments
beyond the necessary feature expectation matching constraint.

Mathematically, this maximization can be formalized as

max
Δ
−

∑︁
𝜏∈ (S×A)𝑙

Pr(𝜏) log Pr(𝜏), (6)
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where Δ is the space of all distributions [24] and 𝜏 is a trajectory of length 𝑙. That is, the agent’s goal is to find the
reward function that maximizes the likelihood that the given expert trajectories will occur. Specifically, the probability
of the expert policy generating a trajectory for given reward function parameters is exponentially greater as the reward
increases. This was first formalized as a convex, non-linear optimization problem in [33].

Later work solves this problem using neural networks, enabling maximum entropy methods to be used in a wider class
of problems [35]. For example, entropy-based IRL methods have been extended to continuous and high-dimensional
domains [36] and causal entropy [37]. A potential drawback of maximum entropy methods is the assumption that a
transition model of the underlying MDP is available. RE-IRL introduces the concept of relative entropy to extend
maximum entropy learning to a model-free setting [38]. The relative and maximum entropy concepts are later unified in
[39]. Furthermore, recent works are looking into extending maximum entropy methods for multi-agent IRL [40, 41].

D. Adversarial-based Methods
In [42], an analogy between model-free maximum entropy and general adversarial networks (GANs) is drawn, which

jump-started a new line of research into adversarial-based IRL methods. While not strictly an IRL method, GAIL [43]
has been widely adopted in the field of IL and has been used solely or in conjunction with IRL techniques in aviation
applications. GAIL employs a generative adversarial framework, where a generator network produces agent policies
and a discriminator network distinguishes between the generator’s policies and expert demonstrations. While GAIL
is effective in learning complex policies, it is sensitive to the quality of expert demonstrations and lacks convergence
guarantees. MA-GAIL [44] extends GAIL to the multi-agent setting, where it can imitate the policy of each agent
present in cooperative, competitive, and mixed-motive scenarios. OptionGAN [45] extends GAIL by considering
multiple reward functions using the options framework in RL. At a high level, the options framework decomposes
a policy into multi-step actions or options. OptionGAN excels in one-shot transfer settings, addressing a primary
challenge mentioned in Section II.D.

AIRL [46] is an adversarial IRL method that can learn robust reward functions, even in the presence of changes to
environment dynamics. This method is similar to GAIL, but also recovers the reward function instead of just the expert
policy. However, AIRL can be challenging to train due to the complex interplay between the generator and discriminator
networks. H-AIRL [47] extends AIRL to a hierarchical framework, enabling the learning of hierarchical policies and
reward functions. MA-AIRL [48] extends AIRL to multi-agent settings by assuming a correlated equilibrium among
agents, which is a more general assumption than that of Nash equilibrium.

Overall, adversarial-based IRL methods help address the challenges of noisy expert demonstrations, scalability to
complex environments, and generalization to similar settings not covered by the given demonstrations. While GANs can
be difficult to train and computationally expensive, the increased availability of computing resources in recent years has
led to many IRL methods in this category having great success in applications such as robotics [47, 49], autonomous
driving [50], and mobility [51].

E. Bayesian Methods
In Bayesian IRL methods, the state-action pairs in a trajectory are modeled as observations that are used to perform

Bayesian updates of prior distributions to update the distribution over possible reward functions, as follows,

Pr(𝜏 | 𝑟) = Pr ((𝑠0, 𝑎0) | 𝑟) Pr ((𝑠1, 𝑎1) | 𝑟) . . . Pr ((𝑠𝑇 , 𝑎𝑇 ) | 𝑟) . (7)

Typically, the likelihood of each state-action pair is modeled as an exponential distribution in terms of the action-value
function. Then, using Bayes’ theorem and given an expert trajectory, one can compute the likelihood of a reward
function.

BIRL models the likelihood function as a Boltzmann distribution [52] and considers various candidate functions
to represent the priors over possible reward functions. Some examples include Beta density, Laplacian, and uniform
density. GPIRL [53] extends this method and models the reward function as a Gaussian process, enabling it to be a
nonlinear function of weighted features. MLIRL [54] directly maximizes the likelihood estimation in Equation (7) by
modifying the representation of the policy so that it is differentiable. Thus, standard gradient ascent methods can be
used to maximize the likelihood and converge to an optimum. These probabilistic methods help mitigate the challenge
of noisy expert demonstrations mentioned in Section II.D.
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F. Classification and Regression Methods
Classification and regression methods are typically more straightforward to formulate and implement but may result

in less accurate performance because IRL is not a simple supervised learning problem. We can translate IRL to a
classification problem by treating state-action pairs inD as the data and labels, respectively. Since the size ofA is often
greater than two, we typically have a multi-class classification problem. The goal in such problems is to minimize the
data-label classification error. A natural way to provide this quantification in the IRL setting is using the action-value
function. Recall that this function can also be expressed using a linear parameterization as in Equation (4). Thus, our
goal now is to find the linear weights, 𝑤, that minimize the classification error between the pairs given in D and pairs
generated through our current estimate of the reward.

SCIRL implements the multi-class classification formulation of IRL [55]. This method requires knowledge of the
transition dynamics, which may be a limitation in some applications. CSI is an extension of SCIRL and uses regression
techniques while also estimating a transition dynamics model [56]. For problems with simpler reward functions,
transition dynamics, and sufficient expert demonstrations, methods in this category can be more straightforward to use
than other categories without greatly sacrificing performance.

G. Miscellaneous
This section presents IRL methods that do not fall into the above categories. Many of these methods are also more

recent and therefore have not been included in prior IRL surveys [24, 25].
1) IQ-Learn [57]: This method learns a single function capable of representing both the policy and reward function

by introducing a new update rule. This is in contrast to the dual adversarial network optimization necessary for
methods in Section III.D. This method can be implemented on top of an existing RL algorithm with less than 15
additional lines of code.

2) BASIS[58]: This method leverages RL pre-training to quickly recover a reward function. During pre-training,
the RL agent builds a ‘basis’ that spans the space of all possible goals for the given MDP. When given expert
demonstrations for a new unseen goal, the agent can accurately recover the expert’s reward function in less than
100 trajectories.

3) XIRL [59]: Cross-Embodiment IRL addresses the challenge of learning from demonstrations performed by
agents with different embodiments, such as end-effector dynamics. By leveraging self-supervised learning and
temporal cycle-consistency constraints, XIRL can learn robust visual reward functions from videos of diverse
expert demonstrations.

4) GraphIRL [60]: This method leverages graph-based representations to learn reward functions from diverse videos.
By abstracting videos into graphs, GraphIRL can focus on the underlying structure of the task, reducing the
impact of irrelevant visual information. Tasks are described by entity interactions that form a graph abstraction
free of irrelevant information.

5) IRL without RL [61]: As mentioned in Section II.D, the forward RL optimization step often required in IRL is
computationally expensive. To address this, this approach uses the state distribution of the expert to accelerate
learning, where the learner agent only considers state distributions relevant to that of the expert’s, which
drastically reduces the amount of environment interactions necessary for algorithm convergence.

H. Example IRL Problem Formulation: Autonomous Driving
As we discuss in Section IV.B, the current work on IRL for aviation applications is limited. However, IRL has been

applied in many other fields, such as robotics, controls, autonomous driving, video games, and healthcare. Autonomous
driving has many similarities to aviation problems, such as advanced air mobility. Some analogous tasks include
trajectory prediction, traffic control, and learning from human operators. Thus, we summarize the typical problem setup
for applying IRL to autonomous driving to help the reader understand how the same might be done for an aviation
problem.

Prior to applying an IRL algorithm, it is crucial to understand the dataset of trajectories given as well as the context
and problem to be solved. Analyzing and pre-processing the data can provide insights such as what information is
available, the timescale to consider, and the length of trajectories. These design decisions inform the following steps of
defining an MDP and selecting an appropriate IRL method.

The state space of an autonomous vehicle typically includes information about the vehicle’s position, heading,
velocity, and the positions and velocities of other vehicles and obstacles in the environment. The action space can
include continuous actions, such as steering angle and throttle, as well as discrete actions, such as gear shifts and brake
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Fig. 3 Number of IRL papers published across engineering and in aerospace engineering.

application [62]. If a transition dynamics model is available, model-based IRL methods can be used. Otherwise, the
dynamics must be learned or model-free IRL methods must be used.

Reward functions in autonomous driving often aim to incentivize safe, efficient, and comfortable driving behavior.
Common features defined for estimating the reward function therefore include distance traveled, speed, collision
avoidance, traffic rule adherence, and passenger comfort [62]. The definition of reward features to consider can be
informed by the problem’s context, defined by a subject-matter expert, or learned from the data itself using machine
learning methods. Once the structure of the reward function has been determined, the appropriate IRL method can be
used to optimize and uncover the underlying reward function associated with the dataset.

IV. Applications of IRL in Aviation
IRL has been widely applied to various systems, such as robotics and autonomous driving, demonstrating its

significant potential. However, research on IRL in aviation remains relatively limited. Figure 3 illustrates the number
of IRL papers published across various domains and within the aerospace engineering sector. The data was retrieved
from Dimensions, a database of research articles indexed by Crossref, PubMed, PubMed Central, arXiv.org, and more
than 160 other publishers directly. Papers counted here include those containing the key phrase “inverse reinforcement
learning.” Engineering papers were filtered using Dimension’s research area category “Engineering”, with aerospace
engineering papers further filtered by the “Aerospace Engineering” subcategory. Therefore, some discrepancy may exist
in the number of papers presented, as this figure encompasses both air and space applications. Additionally, this search
does not include IL papers, although aerospace IL papers are included in the subsequent review. A linear increase
in published IRL papers is observed in all engineering domains since 2015, indicating growing research interest and
application in these fields. Notably, the Engineering category does not include Computer and Information Sciences,
which are the dominant fields for fundamental IRL research. In contrast, within aerospace, a notable rise in the number
of IRL papers emerged only after 2020, although a few papers were sporadically published earlier. As of the preparation
of this survey manuscript, the total number of IRL papers in all engineering disciplines is over 3000, whereas those
specific to aerospace number just over 100. Despite its promising potential, this contrast highlights the relatively
premature use of IRL in aviation compared to other engineering industries.

We now discuss several aviation-specific challenges that may explain this gap and review previous studies using IRL
for aviation.

8



A. Aviation-specific Challenges for IRL
Applying IRL to aviation problems faces unique challenges that may contribute to the significant gap in aviation

applications compared to other domains. We discuss several of these challenges below.

1. Ensuring Safety and Reliability
Since many aspects of aviation are safety-critical, algorithms used in this domain require validation and verification,

ideally supported by theoretical guarantees. For example, aviation systems are highly sensitive to errors or failures,
which can lead to serious loss of life or significant economic losses. Therefore, rigorous validation procedures that
assess whether an algorithm meets the intended operational requirements are essential when using IRL algorithms to
minimize these risks and comply with aviation safety standards. These procedures include simulation testing, real-world
flight testing, and stress testing for multiple scenarios. At each stage of validation, the limit of the algorithm needs to be
thoroughly examined, and only those that pass can be used in production. Verifying that inferred reward structures
behave safely and reliably in real-world situations is also crucial. Verification, in this context, ensures that these inferred
structures operate as intended under real-world conditions. For example, in the case of a drone flight controller, the
algorithm needs testing to ensure it can manage different environmental factors and unexpected situations. This involves
evaluating its performance in decision-making with different variables, such as changes in wind, obstacles, or signal
disruptions. Such evaluations are costly and difficult to implement. Furthermore, theoretical guarantees regarding the
safety and reliability of policies optimized for inferred rewards are currently limited.

2. Lack of Expert Data Accessibility
Obtaining high-quality aviation data for IRL can be particularly challenging. One reason is that aviation data,

particularly as it relates to aircraft control data and flight logs, can be relatively access-restricted due to safety and
security concerns. For example, some real-time operational data provided by the US Federal Aviation Administration
(FAA) Air Traffic Control System Command Center (ATCSCC) is only available to users with restricted access. IRL
datasets should also include examples of contingency situations to understand behaviors in these rare, but important,
real-world situations—unfortunately, such data is rarely shared in detail. For example, engine or control system failures
in flight are rare, and when they do occur, detailed data from Flight Data Recorders (e.g., black boxes) can be sometimes
difficult to obtain [63].

Moreover, aviation data is often incomplete or noisy due to a variety of factors. Inferring an accurate reward
structure from such incomplete and/or noisy data is challenging, despite the increasing availability of data in recent
years. The extent of this availability greatly depends on the specific application and geographical location [64]. Several
simulators exist to address these limitations; however, using simulation data also has drawbacks because a simulated
environment cannot be expected to faithfully reproduce all real-world complexities.

3. Lack of Standard Testbeds and Benchmarks
The aviation domain suffers from a lack of open source, standardized test environments and benchmarks for

evaluating IRL algorithms. While this is a broader issue in IRL, it is particularly problematic in aviation due to the
complex and highly regulated nature of the field. Diverse operational conditions, stringent safety requirements, and the
need to integrate with existing systems make it difficult to create uniform testbeds. Without standardized benchmarks,
assessing and comparing the efficiency, reliability, and safety of these algorithms is challenging. Reliable benchmarks
are crucial not only to verify algorithm accuracy but also to ensure consistent performance across different, often
unpredictable environments.

For example, evaluating an algorithm that optimizes aircraft takeoff and landing routes requires a testbed that
provides a variety of scenarios and environments. These testbeds are required to reflect different weather conditions,
terrain, airport infrastructure, and traffic density. Although there is a significant need, testbeds that effectively address
complex scenarios are still limited. Furthermore, the absence of internationally recognized benchmarks makes it difficult
to compare algorithms across various studies consistently.

4. Scalability
Applying IRL algorithms to large-scale aviation problems faces significant scalability challenges, particularly in

multi-agent contexts. Aviation often involves numerous agents, including aircraft, air traffic controllers, ground support
teams, and weather monitoring systems. Multi-agent IRL methods, still relatively new, are crucial but complex as each
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agent must consider the behaviors of others. For example, air traffic controllers must monitor and manage multiple
aircraft in real time to ensure safety and efficiency, requiring an IRL algorithm capable of modeling and learning these
intricate interactions.

The expansion of the state space, often called the curse of dimensionality, presents another scalability issue. In
aviation, position, speed, altitude, and weather conditions contribute to an exponentially growing state space, making
data management complex and demanding high-performance computing resources. For instance, optimizing routes for
hundreds of aircraft in a busy airspace generates a vast state space, challenging algorithms to process this efficiently.
Multi-agent missions also require contextual decision-making, such as coordinating takeoffs, landings, and collision
avoidance. Algorithms must learn and reason about optimal decisions by adapting to different behavioral situations.

5. Legal and Regulatory Requirements
The aviation sector has very strict regulations and legal requirements, which can slow the introduction of new

technologies. Introducing new algorithms into aviation requires approval from multiple regulatory bodies, which
can be a lengthy process. Organizations such as the FAA and the European Aviation Safety Agency (EASA) review
new technologies and systems to ensure they comply with current stringent safety standards. This approval process
necessitates experimental results to prove the reliability and safety of the technology. For example, introducing an
automated flight control system requires multiple test flights to demonstrate the system’s performance and safety, along
with a range of reports on the results. It also requires assessing how the new technology is compatible with existing
laws and regulations. These challenges are further compounded when implementing IRL in the highly regulated
airline industry, as the stochastic and complex nature of IRL algorithms must align with stringent safety and regulatory
standards.

6. Multidisciplinary Systems Engineering Aspects
Aircraft are a prime example of a highly complex systems engineering domain, where factors such as aeronautics,

propulsion, control, and structures must be closely linked for safe and efficient operation. These variables are
interdependent, meaning a change in one can significantly impact the others. Additionally, aircraft operation relies
on real-time data exchange with systems like air traffic control, weather observation, and ground support, requiring
accurate data integration to ensure safety. For instance, systems providing real-time location information and optimal
flight paths must prioritize data accuracy and processing speed to avoid safety concerns. These complexities make it
challenging for IRL algorithms to analyze behaviors and account for the many interactions between systems.

B. Existing Work on IRL in Aviation
Despite these challenges, there is a growing body of work applying IRL to aviation. We categorize these existing

applications under two primary objectives: mimicking expert policies and predicting aviation systems. Table 1 lists
existing work focused on learning from and mimicking decision-making strategies experienced pilots employ in diverse
scenarios. Table 2 lists existing work focused on predicting system behaviors, such as air traffic flow management,
aircraft trajectory optimization, and fault diagnosis in aviation systems. Studies utilizing IL approaches, such as GAIL
[43] and Dagger [65], are also included in these tables. We include papers with these approaches because IL achieves
similar objectives to IRL from an application perspective (e.g., replicating pilot decision-making or optimizing air traffic
control strategies).

We see that Table 1 contains more papers than Table 2 (17 versus seven), likely due to mimicking expert data
representing a more typical IRL problem than predicting system behavior. We also see that Table 1 encompasses a more
diverse array of problem types, reflecting a comparatively mature research domain, while Table 2 focuses on trajectory
prediction, illustrating the growing potential for IRL in understanding system behavior. A common trend in Table 1
(mimicking expert policies) is using both simulated and real-world data to enhance model robustness. For example, [66]
leverages real pilot data and simulated aircraft models to enhance the demonstration dataset. Some works also integrate
IRL with other techniques, such as planning [9] and particle swarm optimization [67], to improve the effectiveness of the
implemented IRL method. In contrast, Table 2 (predicting system behaviors), shows a stronger emphasis on real-world
data. Both tables reveal a reliance on advanced IRL techniques. These distinctions highlight the broad applicability of
IRL in aviation, driving innovations in decision-making and predictive analytics. Figure 4 visualizes the percentage of
these papers that fall into the categories we identified within the problem type addressed, the IRL algorithm leveraged,
and the source of expert data used. The majority of papers fall under the pilot control imitation category and aim to learn
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aircraft maneuvers. This reflects the difficulty of designing objective reward functions for such complex maneuvers. We
also see that most papers leverage either IL algorithms or adversarial IRL algorithms, the latter of which have gained
popularity in recent years due to their performance in complex problem domains. Real world data is a popular expert
data source, likely because high-fidelity and accurate simulations are difficult to make and expensive to run.

Fig. 4 Distribution of existing IRL works in aviation across categories identified in (a) problem type, (b) IRL
method class, and (c) expert data source.

The following sections discuss the studies in Tables 1 and 2 in more detail, categorized by problem type to better
highlight the common methodologies and advancements within each category. The “Others” category encompasses
studies that do not neatly fit into the other specified categories, or contain a sparse number of studies.

1. UAV Operations
This subsection includes several studies that apply IRL methods to enhance autonomous behavior, coordination,

and control of UAVs. A study investigates autonomous learning for multiple drones with limited vision and no central
control, developing a distributed motion model that uses onboard cameras for navigation and obstacle avoidance [68],
demonstrating robustness and scalability in decentralized control. Another study introduces a Federated Imitation
Learning Control (FILC) algorithm for UAV swarm coordination in urban traffic monitoring [69]. By combining
inter-agent GAIL and intra-agent self-IL (SIL) models, the algorithm adapts to dynamic traffic conditions.

In trajectory tracking, an IRL algorithm has been proposed to learn control skills for a multirotor UAV by extracting
representative trajectories from demonstrations and learning a reward function [67]. This method has been validated
through simulations and experiments, successfully imitating expert behavior. Joint path planning and power allocation
for cellular-connected UAVs are addressed in another study, which uses apprenticeship learning via IRL with Q-learning
and deep Q-networks (DQN) to minimize interference and maximize throughput [70]. It highlights IRL’s effectiveness
over behavioral cloning in scenarios with system errors or incomplete expert data. Finally, an algorithm for autonomously
generating UAV combat maneuver strategies is presented, utilizing SA-DDPG and IRL to account for sensor measurement
errors [71]. The research improves the learning speed and robustness of combat strategies, with future work to include
control strategies for weapons and sensors.

2. Aircraft Trajectory Prediction
This subsection encompasses studies using IRL and IL methods to enhance the accuracy and robustness of predicting

flight paths. One study treats the trajectory prediction problem as an IL task by employing GAIL along with trajectory
clustering and classification, effectively predicting whole flight trajectories from origin to destination [72]. Similarly,
there is another paper introducing an apprenticeship learning approach, which uses expert trajectories to develop a
reward function through IRL [73]. It employs a DQN-based neural structure for Q-value function approximation,
demonstrating promising initial results.

A recent study further contributes to this field by modeling flight trajectories as a multi-modal IL problem using
Triple-GAIL and Info-GAIL, with different expert modalities to generate accurate trajectories [74]. Meanwhile, another
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study applies GAIL with a critic model for state advantage estimation, which reduces variance in policy gradients
by evaluating the benefit of an action relative to the state value, enabling accurate trajectory prediction [75]. Finally,
further research addresses the transferability of trajectory prediction models using GAIL [76]. This study highlights the
model’s effectiveness in handling different trajectory patterns and proposes a pipeline for model transfer across OD
pairs, incorporating zero-shot generalization techniques to improve accuracy with minimal training time.

3. Pilot Control Imitation
This subsection covers studies that utilize IRL and IL methods to replicate expert pilot behaviors and enhance

autonomous aircraft control systems. The research investigates the application of GAIL and AIRL for learning flight
control skills by imitating expert demonstrations, focusing on essential elements such as pitch angle and pitch rate,
achieving performance comparable to human experts [77]. Another study proposes combining behavior cloning, transfer
learning, and reinforcement learning to develop robust, agile maneuver models capable of performing complex aerobatic
maneuvers with limited pilot demonstration data [66].

One study presents a method for pilot performance modeling using observer-based IRL, demonstrating the ability to
replicate a surrogate LQR pilot’s cost functional and feedback matrix [78]. Another work explores IL for aerobatic
maneuvering in fixed-wing aircraft [79]. Research involving a feed-forward neural network trained via behavior cloning
for simple flight tasks highlights the need for diverse training data to develop robust policies [80]. Furthermore, there
is research that applies AIRL with multimodal information, including instrument data (e.g., pitch, true airspeed) and
visual data (e.g., runway angles and distances) to acquire expert piloting skills for landing [81]. Furthermore, a neural
network autopilot has been investigated to mimic guidance, navigation, and control algorithms. By employing Dagger
to mitigate data distribution mismatches, the autopilot achieves stable flight conditions effectively [82].

4. Others
This section highlights studies addressing various challenges in aviation, including control system design, air

traffic management, and event prediction. One research addresses traditional brake control limitations by designing
a model-free RL brake control algorithm, which decomposes the braking task and uses IRL to normalize the reward
function, ensuring control safety and efficiency [83]. In adverse event prediction, the ADOPT algorithm is introduced to
discover precursors in multivariate time series data, demonstrating promising results with real aviation data [84].

There also exist learning algorithms that leverage expert demonstrations to fly autonomous helicopters at an
expert human pilot level [85, 86]. The system infers desired trajectories and builds control systems, outperforming
state-of-the-art methods and even expert human pilots on various difficult maneuvers. Differential dynamic programming
is employed for the control design of new aerobatic maneuvers, utilizing apprenticeship learning to determine the reward
function and model [86].

Several papers contribute to managing aircraft traffic in the airspace and on the airport surface. One study develops
a method for search-based planning using cost functions learned through inverse optimal control, encoding the implicit
safety criteria of human ATC trajectories [9]. In another study, IRL and behavioral cloning (BC) models are compared
for Ground Delay Program (GDP) implementation, revealing that BC models outperform IRL models [87]. Important
insights are gained through feature importance scores, providing a deeper understanding of the decision-making process
behind GDP implementations. Finally, GAIL models aircraft taxi speeds while considering operational factors like
traffic and take-off time [13]. The resulting policy outperforms baseline models in spatial and temporal performance
metrics.

Table 1 IRL works in aviation that primarily aim to mimic the decision-making strategies of observed expert
behavior or collected data.

Problem Type IRL Method Expert Data Reference
UAV Operations

Control of drone swarms with lim-
ited vision and communication

Imitation Learning: Dagger
[65]

Simulated data from NMPC con-
troller with privileged information
that would otherwise need commu-
nication or vision

Wan et al. [68]

Consistent UAV swarm control Adversarial and IL: GAIL
[43]

Real taxi data from Rome and a
simulated platform Yang et al. [69]
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Problem Type IRL Method Expert Data Reference

Controller for multirotor UAV IRL using particle swarm op-
timization

Simulation dataset using LQR con-
trol Choi et al. [67]

Joint path planning and power allo-
cation of a cellular-connected UAV

Max Margin: Apprentice-
ship learning via IRL [18]

Expert in an open-source simulator
environment

Shamsoshoara et al.
[70]

Aerial combat maneuver strategy
generation MaxEnt IRL [33] Generated aerial combat counter

trajectories using simulations Kong et al. [71]

Pilot Control Imitation
Autonomous aerobatic helicopter
flight and inference of trajectory
preferences

Max Margin: Apprentice-
ship learning via IRL [18]

Human pilot flying desired maneu-
vers in a real helicopter

Abbeel and Coates
[85, 86]

Mimic air traffic controllers
Max Entropy: Planning, in-
verse optimal control, and
MaxEnt IRL [33]

Real airplane landings at Seattle-
Tacoma airport from FlightAware Tolstaya et al. [9]

Flight control of pitch angle in the
presence of turbulence

Adversarial and IL: GAIL
[43] and AIRL [46]

Expert data obtained from human-
in-the-loop simulations Takase et al. [77]

A pilot-assist system that recom-
mends paths personalized to suit
the pilots’ preferences and skill lev-
els

Regression: Regularized
History Stack Observer
(RHSO)

Simulated data from a surrogate
LQR controller that mimics veloc-
ity commands sent by a remote
controller to a quadcopter

Town et al. [78]

Autopilot for fixed-wing unmanned
aerial systems

Imitation Learning: Dagger
[65]

Simulated data from an intelligent
path planning algorithm deciding
waypoints

Shukla et al. [82]

Aircraft control and maneuver gen-
eration

Imitation Learning:
Confidence-Dagger

Real pilot data from Turkish
aerospace industry and open-
source aircraft model

Sever et al. [66]

Fighter maneuvers for fixed-wing
aircraft

Imitation Learning: Behav-
ioral cloning using transfer
learning

Human pilot data from a flight sim-
ulator Sandstorm et al. [80]

Landing control of fixed-wing air-
craft Adversarial IRL Human dataset using a flight simu-

lator Suzuki et al. [81]

Aerobatic maneuver of fixed-wing
aircraft

Imitation Learning: Behav-
ioral Cloning using LSTM

Human pilots provided sample ma-
neuvers in simulation Freitas et al. [79]

Others
Aircraft anti-skid braking control
to achieve both safety and effi-
ciency under varying operational
conditions

Max Margin: Apprentice-
ship learning via IRL [18]

Simulated data for braking perfor-
mance under various working con-
ditions

Jiao et al. [83]

Aircraft taxi speed modeling be-
tween two pre-defined locations

Adversarial and IL: GAIL
[43]

Real-world aircraft ground move-
ment taxiing data from the Singa-
pore Changi Airport

Pham et al. [13]

Table 2 IRL works in aviation that primarily aim to predict a system’s behavior by learning about the underlying
objectives of observed expert behavior.

Problem Type IRL method Expert Data Reference
Aircraft Trajectory Prediction

Prediction of trajectories from ori-
gin to destination

Adversarial and IL: GAIL
[43] along with clustering
and classifying trajectories

Real flight trajectories from
Barcelona to Madrid and corre-
sponding weather data from NOAA

Bastas et al. [72]

Disentangle and identify different
experts

Adversarial and IL: Multi-
modal GAIL

Real flight trajectories from Paris
to Istanbul Spatharis et al. [74]
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Problem Type IRL method Expert Data Reference
Considers positional and meteoro-
logical features to predict entire
trajectories

Max Margin: Quadratic pro-
gramming

Real flight trajectories from
Barcelona to Madrid and corre-
sponding weather data from NOAA

Spatharis et al. [73]

Imitate and predict expert trajecto-
ries with different objectives

Adversarial and IL: GAIL
[43]

Real flight trajectories (BCN-
MAD, LHR-FCO, HEL-LIS / LIS-
FRA)∗

Kravaris et al. [75,
76]

Others

Predict hourly ground delay pro-
gram actions

Classification: Cascaded Su-
pervised Inverse reinforce-
ment learning (CSI) [56]

Real ground delay program data
from EWR and SFO airports Bloem et al. [87]

Precursor analysis in aviation for
go-around

Max Margin: IRL solved as
a linear programming prob-
lem

Real go-around and nominal flights
landed at Dallas Ft. Worth Interna-
tional Airport

Janakiramen et al.
[84]

V. Discussion
While Section IV shows there is a growing body of work applying IRL to aviation, as highlighted by Figure 3, there

is still a notable gap in applications of IRL to aviation relative to other domains. We now present relevant datasets,
simulations, and potential new applications to encourage the use of IRL in aviation.

A. Relevant Datasets
One reason IRL is difficult to apply in aviation is the limited number of datasets [88]. Here, we summarize key

aviation datasets and how they can be utilized for IRL research. We focus on publicly available data applicable to learning
models and data analysis, including the datasets used in the studies discussed in Section IV.B. Table 3 summarizes these
datasets and the following sections discuss them in more detail.

1. Flight Operations
Flight operation data provide insights into aircraft movements, performance metrics, and air traffic flow management

[89–94]. This data category is vital for understanding and modeling the dynamic behavior of flights using IRL.
Flight operation data, such as aircraft trajectories, speed, and altitude, can be used to train IRL models to understand
optimal flight patterns and air traffic control strategies. By analyzing the behavior of efficient flights, IRL can infer the
reward functions that govern ideal flight paths, efficient fuel usage, and minimal delays. These models can support
the development of advanced air traffic flow management systems that optimize flight routes, reduce congestion, and
enhance overall flight performance.

2. Weather
Weather conditions heavily influence flight operations, making weather data essential for trajectory prediction and

operational planning. Accurate weather data help IRL models predict and adapt under varying atmospheric conditions
[95–99]. Weather data can be integrated into IRL models to understand how pilots and automated systems optimally
respond to weather conditions. By observing actions taken during various weather scenarios, IRL can learn the implicit
reward structures that guide decisions such as route changes, altitude adjustments, and speed variations. For example,
an IRL model could combine historical flight data and weather conditions to mimic flight paths, minimizing fuel
consumption and avoiding turbulence.

3. Airport
Data on airport capacity and usage are essential for improving airport efficiency. These data can, for example, help

optimize the scheduling and sequencing of aircraft takeoffs and landings, which can be modeled using IRL techniques
[100–102]. By understanding the reward structures associated with minimizing delays and optimizing resource use,

∗Barcelona-El Prat Airport (BCN), Adolfo Suárez Madrid-Barajas Airport (MAD), London Heathrow International Airport (LHR), Rome
Fiumicino Airport (FCO), Helsinki-Vantaa Airport (HEL), Lisbon-Humberto Delgado Airport (LIS), Frankfurt Airport (FRA)
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IRL models can inform the development of algorithms that enhance air traffic flow management and overall airport
efficiency. For example, An IRL model could be used to simulate different airport utilization scenarios to optimize
aircraft spacing and sequencing, thereby reducing delays and increasing the overall efficiency of airport operations.
Additionally, IRL can help design dynamic scheduling systems that adapt in real-time to varying airport conditions,
such as sudden changes in weather or unexpected aircraft arrivals, further improving operational resilience.

4. Aviation Accidents
Accident datasets play a crucial role in safety analysis and learning from past incidents to enhance future operations.

By examining the sequences of actions and events leading to accidents, these models can identify patterns and underlying
cost functions that may have led to unsafe behaviors [103–108]. Understanding these cost functions can lead to
developing new safety protocols to mitigate similar risks. Additionally, these models can simulate "what-if" scenarios,
providing insights into how different actions might have prevented an incident, thus contributing to the design of more
robust safety measures.

5. Audio Recordings for Air Traffic Management (ATM)
Audio data from air traffic control (ATC) communications help to shed light on pilot-controller interactions and

improve speech recognition systems. These interactions can be transcribed and analyzed to understand communication
patterns, which can then be modeled to improve decision-making systems in aviation [109–112]. Using IRL to study
these interactions, researchers can infer the implicit rewards and decision-making criteria controllers use to manage air
traffic safely and efficiently. IRL can be applied to learn optimal communication strategies for managing high-traffic
situations, helping to develop systems that assist controllers in making quick and effective decisions.

6. Passenger
These datasets analyze passenger satisfaction, focusing on aspects such as in-flight services. Overall flight

performance is also examined, including punctuality and baggage handling efficiency. Furthermore, the economic
impact of operational strategies, such as dynamic pricing models or changes to flight frequency and routes, is assessed.
Together, these insights contribute to a better understanding of the human factors and economic considerations essential
for developing more robust aviation operation models [113, 114]. Through IRL, it is possible to model how airline
decisions impact passenger satisfaction, schedule adherence, and economic outcomes. For instance, an IRL model
could be utilized to analyze passenger feedback and ticket sales data to identify optimal pricing strategies that balance
passenger satisfaction and airline revenue. By discerning the reward structures that prioritize these factors, IRL models
can assist in optimizing schedules, enhancing in-flight services, improving operational efficiency, and maximizing
economic benefits.

7. Aircraft and Drone Surveillance Data
These datasets support the surveillance and tracking of air vehicles through various imaging and detection

technologies and are used for developing models that enhance detection and identification capabilities [115–119]. By
learning from human experts and previous detections, IRL models can improve the accuracy and reliability of detection
systems. For example, IRL can optimize aircraft detection under various lighting and weather conditions, enhance
automatic surveillance systems, and improve air traffic control by providing real-time updates on aircraft movements.
Additional applications include developing drone navigation systems for obstacle avoidance, detecting landing platforms,
and optimizing search and rescue missions.

Table 3 Summary of various aviation datasets and their key features.

Dataset Description Size Last Updated Availability
Flight Operations

OpenSky Network [89]
ADS-B data, state vector
data, climbing segments,
and more

23+ trillion mes-
sages (since 2013)

Continuously up-
dated

Open (registra-
tion required)
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Dataset Description Size Last Updated Availability

FlightAware [90] Real-time aircraft tracking
data and airport status

Over 30,000 ter-
restrial ADS-B re-
ceivers worldwide

Continuously up-
dated

Open (live), paid
API for historical

FAA Operations and Perfor-
mance Data [91]

Traffic flow management
and operational perfor-
mance

Monthly IFR traf-
fic data (∼2,000
airports, city-pair
level)

Continuously up-
dated

Open
(save/download
with login)

Eurocontrol Demand Data
Repository [92]

European air traffic demand
and flow data

Monthly European
traffic data

Continuously up-
dated

Restricted (insti-
tutional access)

Plane Finder ADS-B Data
[93]

Real-time flight tracking us-
ing ADS-B signals

86M+ positions per
day

Continuously up-
dated

Open (live), paid
API for historical

FlightRadar24 [94] Real-time flight tracking and
runway usage data

Over 50,000 ADS-B
ground receivers
globally

Continuously up-
dated

Open (live), paid
API for historical

Weather

Aviation Weather Center
[95]

Real-time and forecasted
weather conditions

Decades of global
meteorological data

Continuously up-
dated

Free API/web;
account for
advanced features

Meteoblue [96] Aviation weather observa-
tions API

Decades of global
meteorological data

Continuously up-
dated Commercial API

National Oceanic and At-
mospheric Administration
(NOAA) Metar [97]

Comprehensive weather
data

Decades of global
meteorological data

Continuously up-
dated

Open (manual
download)

AVWX Engine [98] Aviation Weather parsing en-
gine - Mar 2025

Open (basic API),
paid plans avail-
able

Open-Meteo [99]
Open source weather API,
providing accurate weather
forecasts around the world

80 years historical
archive ( 50 TB)

Continuously up-
dated

Open (non-
commercial)

Airports

OpenAIP Airports [100] Global airport data with
airspace classification

∼46,400 airports
worldwide

Continuously up-
dated

Open
(API/download
via account)

OurAirports [101] Worldwide airport data ∼29,500 airports
worldwide

Continuously up-
dated Open

FAA Aviation Data [102] Detailed U.S. airport and op-
eration data - Continuously up-

dated

Open (web down-
loads), API key
required for some
datasets

Aviation Accidents

Aviation Safety Network
[103]

Comprehensive coverage of
aviation accidents since
1919

Over 23,000 acci-
dents

Continuously up-
dated Open

FAA Accident and Incident
Data [104]

Data on preliminary acci-
dents, incidents, and runway
incursions

Recent 10 business
days

Continuously up-
dated Open

GitHub Aviation Accidents
Data Repository [105]

Scripts for data extraction
from sources like Aviation
Safety Network and Plane
Crash Info databases

Over 100k accident
records Feb 2019 Open

Plane Crash Map [106] Visualizes aviation acci-
dents in the USA - Oct 2018 Open
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Dataset Description Size Last Updated Availability

Aviation Herald [107]
Daily reports on global avia-
tion accidents and incidents
with analysis and media

∼31,700 articles Continuously up-
dated Open

Bureau of Aircraft Acci-
dents Archives [108]

Global accident database
with summaries and causes
of accidents

Over 37,000 acci-
dent records

Continuously up-
dated Open

Audio Recordings

TartanAviation [109]
Multimodal dataset includ-
ing ATC speech, images,
and ADS-B trajectory data

3.1M images; 3,374
hr ATC speech; 661
days ADS-B trajec-
tory

Feb 2023 Open

ATCOSIM Corpus [110]
Contains of ATC speech
data from real-time simula-
tions

10 hr ATC speech May 2007 Open

ATCO2 Corpus [111]

Large-scale dataset for Au-
tomatic Speech Recognition
and Natural Language Un-
derstanding research in ATC
communications

5,281 hr ATC
speech Oct 2022 Full dataset via

ELRA

LiveATC Recordings [112] Archived recordings of ac-
tual ATC communications - Continuously up-

dated
Open (archives
kept 7 days)

Passengers
UK Civil Aviation Author-
ity Passenger Survey Report
[113]

Data on UK air passengers
including satisfaction scores

∼3,500 repondents
per wave Feb 2025 Open, paid for

full history

GitHub Airline Passen-
ger Satisfaction Repository
[114]

Data analysis project focus-
ing on passenger satisfaction
metrics

Over 120k passen-
ger records May 2023 Open

Surveillance Data

AVOIDDS [115] Labeled images of aircraft
under various conditions

72,000 labeled im-
ages Jun 2023 Open

FGVC-Aircraft [116] Images of different aircraft
model variants 10,200 images Jun 2013 Open (non-

commercial)

VisDrone [117]
Large-scale benchmark
dataset covering frames and
static images

Over 2.6M bound-
ing boxes Sep 2023 Open

Semantic Drone [118]
Semantic segmentation
dataset for drone landing
zone detection

40,169 labeled ob-
jects Jan 2019 Open

University-1652 [119] Dataset for geolocation esti-
mation using drone images

50,218 images for
1,652 buildings May 2025 Open (request re-

quired)

B. Relevant Simulations
Flight simulators provide controlled environments where various flight scenarios can be simulated, data can be

collected, and models validated. They are crucial for developing and testing real-life IRL models in a safe and controlled
setting. Flight simulators allow researchers to create custom scenarios that mimic real-world conditions in a cost-efficient
manner [120–122]. By observing the actions taken by expert pilots within these scenarios, IRL can be employed to
derive reward functions that explain expert behavior. These reward functions can then be used to develop automated
flight control systems or improve pilot training programs. For instance, simulators can help model how pilots handle
emergencies or adverse weather conditions, which are critical for enhancing safety and efficiency in aviation. Relevant
simulators and their short descriptions are provided in Table 4.

Additionally, simulators enable the exploration of rare or dangerous flight conditions that are impossible to study
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through live flight tests [123–126]. They can be integrated with IRL algorithms to refine pilot assistance systems and
automate routine tasks. Recent advancements in simulator fidelity, such as high-resolution terrain data and advanced
weather simulation, have further enhanced their utility in research. These high-fidelity environments help bridge the
gap between simulated and real-world conditions, making simulator-derived insights increasingly relevant. Moreover,
simulators can include many variables such as aircraft type, flight path, and environmental conditions, offering a
comprehensive toolkit for in-depth aviation studies [127–129].

Table 4 Summary of various flight simulator datasets and their primary applications.

Dataset Description

HARFANG 3D Framework [120] Versatile 3D engine for real-time visualization and simulation in aircraft
modeling and air combat scenarios

X-Plane 11 Desktop [121] Realistic flight simulator featuring detailed aircraft and global scenery

Microsoft AirSim [122] High-fidelity simulator designed for training and testing autonomous
systems built on Unreal Engine

Virtual BattleSpace [123] Military-focused simulator, including a flight module

Prepar3D [124] For military and commercial flight training with detailed aircraft and
environments

DCS World [125] Realistic combat scenarios and equipment
Aerofly FS [126] Realistic simulator with good graphics
FlightGear [127] Open-source flight simulator with high customization options
BlueSky Simulator [128] Open-source simulation tool designed for air traffic management research
DYNAMO3 [129] Aircraft 4D trajectory generation and optimization tool for ATM research

C. Potential Applications for IRL in Aviation
Expanding on the research areas discussed in Section IV.B, this section examines potential advancements using

IRL in aviation. Additionally, it includes potential research applications using the datasets and simulators discussed in
Sections V.A and V.B.

1. Advanced Air Traffic Management and Communication
Utilizing flight operation data and ATC communication data, the extraction and analysis of air traffic flow patterns

can be accomplished through IRL models. This involves identifying patterns in data related to flight trajectories, speeds,
altitudes, and communication exchanges between pilots and air traffic controllers. By imitating these patterns, IRL-based
models can identify optimal air traffic management strategies. These models can enhance overall air traffic efficiency by
dynamically adjusting flight paths and altitudes to avoid congested airspaces and minimize delays.

Combining flight operation data with weather data, IRL models can be developed to predict optimal flight trajectories
under various meteorological conditions [72, 73, 87]. These models analyze historical flight data to understand how
weather conditions, such as wind speed, turbulence, and visibility, affect flight paths and performance. By leveraging
this analysis, IRL-based trajectory prediction models can minimize fuel consumption and delays.

IRL can also be employed to derive reward functions from efficient conflict resolution strategies within air traffic
control. By systematically analyzing instances of past conflicts and their resolutions, IRL models can learn the implicit
reward structures that guide optimal decision-making in conflict scenarios [9]. These reward functions can then be used
to develop automated systems that are capable of resolving air traffic conflicts with minimal human intervention.

2. Pilot Training and Simulation
Expanding beyond merely mimicking pilot behavior [66, 78, 79], we suggest using high-quality flight simulators and

expert pilot behavior data to enhance pilot training programs. By integrating detailed flight simulation tools with data
on pilot actions and decisions, IRL models can recreate real-world flight conditions and challenges. These models can
include various scenarios, such as emergencies, adverse weather conditions, and critical system failures. This approach
allows trainee pilots to practice handling real-world situations in a controlled setting, building the skills and confidence
to manage unexpected challenges.
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Additionally, by continuously analyzing the specific strengths and areas for improvement of each pilot, IRL models
can tailor training scenarios to address specific skills that require upkeep. For instance, if a pilot consistently struggles
with handling turbulence, an IRL model could generate scenarios focusing on these skills. Furthermore, the adaptive
nature of these programs means that as pilots improve, the difficulty and complexity of the scenarios can be adjusted
accordingly, providing a continuously challenging and developmental training environment.

3. UAV Operations
Implementing IRL models to optimize UAV missions using visual data is a promising approach to enhance the

coordination and efficiency of drone swarms [68]. Swarm intelligence involves the collective behavior of decentralized,
self-organized UAVs working together to achieve complex tasks. By leveraging IRL, models can be trained to understand
and replicate the strategies employed by highly efficient drone swarms in various scenarios [69, 70]. This includes
optimizing search patterns, maximizing coverage, and ensuring effective communication among the UAVs. In complex
operational environments, such as disaster zones or rugged terrains, IRL-based strategies can significantly improve a
UAV swarm’s ability to locate and assist in rescue missions.

Using flight simulation data, IRL can also be employed to develop and enhance autonomous UAV flight control
systems [67, 71]. These systems ensure UAVs can navigate effectively without human intervention, particularly in
challenging environments. IRL models can learn from simulated flight data to optimize algorithms for obstacle avoidance
and route planning. By analyzing previous flight scenarios and learning from the actions that led to successful control,
IRL models can improve decision-making, resulting in a more reliable and efficient flight control system that can adapt
to various obstacles.

Finally, IRL-based drone navigation systems can be implemented to optimize obstacle avoidance and landing
zone detection. Utilizing visual data analysis, these systems can learn to navigate complex environments precisely.
Trained to identify and respond to potential obstacles, these models would ensure safe and efficient flight operations.
By continuously learning from many flight scenarios, IRL-based navigation systems can enhance the autonomy and
reliability of drones, allowing them to perform complex tasks, such as delivery, surveillance, and search and rescue
operations, with minimal human input.

4. Aircraft Maintenance and Monitoring
Predictive maintenance involves analyzing real-time and historical data from various aircraft systems to identify

patterns and predict potential failures before they occur. By incorporating IRL, these models can learn from the
operational behavior of aircraft and the maintenance actions taken to prevent breakdowns. For example, IRL models
could identify the optimal times for maintenance activities, balancing the need to perform maintenance. The use of IRL
in predictive maintenance would enable airlines to develop schedules that maximize aircraft availability and reliability,
ultimately reducing costs associated with unexpected failures and extensive repairs.

Similarly, IRL could be an effective tool for developing health monitoring systems for aircraft components, which are
essential for maintaining aircraft safety. These systems assess the condition of key components by analyzing sensor data.
IRL models could therefore be used to predict failures and identify issues before malfunctions occur. This proactive
approach allows maintenance teams to perform necessary interventions during scheduled maintenance rather than
reacting to unexpected failures. Consequently, it enhances safety and ensures the optimal functioning of aircraft parts,
leading to more efficient and cost-effective operations.

5. Enhancing Airline Operations
Accurately predicting delays and taxi times is critical for efficient airport and airline operations [13], and this can be

effectively achieved by combining airport operational data through IRL models. These models would analyze historical
data to learn patterns and factors contributing to delays and extended taxi times, such as adverse weather conditions, air
traffic congestion, and airport logistics. IRL can thus support airport management in making informed decisions to
mitigate delays, improve gate assignments, predict hold times, and streamline taxiing procedures.

For airlines, these predictive capabilities can enhance turnaround efficiency, ensuring aircraft readiness for subsequent
departures. Beyond operational improvements, IRL can also be applied to passenger data to optimize pricing strategies
and schedule management. By learning from patterns in passenger booking behavior, demand fluctuations, and pricing
sensitivity, IRL-based approaches can dynamically adjust ticket prices and manage seat inventory, maximizing revenue
while meeting passenger demand.
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6. Improving Flight Safety
Utilizing IRL models to analyze historical accident data could offer valuable insights into aviation safety by helping

to identify risk patterns and contributing factors [84]. These models could process extensive datasets, including weather
conditions, mechanical failures, pilot errors, and air traffic control communications, to learn from the sequences of
events preceding accidents. By understanding these patterns, airlines and regulatory bodies could develop new safety
protocols and preventive measures that address the root causes of accidents.

Recreating accident scenarios using flight simulators and analyzing potential alternative actions through IRL is
another possible step towards preventing similar incidents in the future. Using IRL, these simulations could test various
alternative scenarios and responses, and be used to identify which actions could have prevented past accidents. Such
insights are especially useful in autonomous flight systems that make real-time decisions in case of emergencies. By
integrating IRL, autonomous systems can learn to make informed, rapid decisions, improving their ability to handle
real-world emergencies effectively.

VI. Conclusion
In conclusion, the aviation industry holds significant potential for the application of IRL methods. IRL offers a

promising approach to learning from expert demonstrations and inferring underlying reward functions. These methods
have already achieved impressive successes in related fields, such as robotics and autonomous driving. By leveraging
IRL methods, the community can develop more robust, adaptable, and human-like autonomous systems for aviation
while also understanding existing systems.

However, significant challenges remain, including handling complex and dynamic environments while assuring
safety and reliability. These challenges are particularly relevant to aviation problems. While some work has introduced
methods to mitigate these challenges, further research, as well as careful consideration of ethical and regulatory
implications, is necessary for IRL methods to be deployed in aviation systems. To help encourage IRL research in
aviation, we summarize relevant open-source datasets and simulations and put forth potential novel research applications.
By continuing to overcome these hurdles and exploring new problems with IRL, we can contribute to the advancement
of safe, efficient, and sustainable aviation systems.
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