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Abstract—The goal of the paper is to address the need
for methods to handle time-sensitive, human-centered, multi-
criteria decision-making problems. In the current literature,
prevalent methods rely on expressing decision-maker/stakeholder
preferences through weights, ideal points, and trade-off matri-
ces. However, these conventional approaches prove unsuitable
for time-constrained, atypical, and stressful situations, such as
emergencies. In such scenarios, where both time and additional
factors significantly affect decision-making abilities, the effective
utilization of advanced decision-making techniques becomes chal-
lenging. Therefore, this paper explores the possibility of how an
intelligent agent might be used to provide possible courses of
action to human decision-makers/stakeholders. The agent will be
put to the test to tackle the dynamic alternate airport selection
problem. In emergency and time-critical situations, like an engine
fire or a medical emergency, there is often a need to select an
alternate airport destination dynamically midflight. During such
emergencies, a lot of information must be collected and evaluated
by the pilots as a basis for the decision-making process. The
pilots need to compare multiple characteristics of the available
airports and weigh the pros and cons of each. Given the need for
clear and interpretable retroactive analysis in decision-making
in general and in the aviation field in particular, the focus was
placed on more interpretable and explainable models from the
field of AL Due to this, the Learning Classifier System (LCS)
is to be the primary model explored. The LCS is trained on a
custom dataset composed of various decision-making scenarios.
The approach shows promising results and appears to merit
further investigation.

Index Terms—multi-criteria decision-making, multi-attribute
decision-making, learning classifier system

I. INTRODUCTION

Making decisions involving multiple criteria is a challeng-
ing task even under normal circumstances. The addition of
dynamic and time pressure elements can further complicate an
already challenging endeavor. One such endeavour is alternate
airport selection during a flight. Given the dynamic nature
of flying it may occur that pilots change their initial plans
in regards to their landing destination. This would often
entail comparing different airports in terms of multiple char-
acteristics such as: available landing distance, weather condi-
tions, runway condition and other factors. Although structured
schemes such as FORDEC (Facts, Options, Risks, Decision,
Execution, Control) or TDODAR (Time, Diagnosis, Options,

Decide, Assign Task, Review) are used by pilots [2] [3], a
desire for additional decision-support has been expressed by
pilots. Hence, a decision support system capable of analysing
all the relevant information and suggesting a course of action
seems like a prudent addition in the cockpit [1].

At the DLR (Deutsches Zentrum fiir Luft- und Raumfahrt
e.V., engl. German Aerospace Center), the Intelligent Pilot
Advisory System (IPAS) [4] is under development to explore
and gain insights into how an Al system might be integrated
into the cockpit to assist with pilot decision-making. The
IPAS is designed to process all relevant data and provide
suggested courses of action to pilots. This paper focuses on
envisioning the Al model for such a system. Currently, the goal
for the Al model is to offer pilots a valid suggestion regarding
which airport to select in the context of the alternate selection
problem. The paper’s emphasis is not on the system as a
whole but rather on the development of an Al model capable
of addressing the underlying problem, which is essentially a
multi-criteria decision-making challenge. Due to the nature
of the problem and the conservative “safety first” approach
inherent in the aviation field, emphasis was placed on a more
interpretable model. Hence, the Learning Classifier System
(LCS) was selected. This choice also aligns with the European
Union Aviation Safety Agency (EASA) published roadmap for
Al development and its concept of “Trustworthy AL” [5].

The structure of this paper is as follows: The next section
provides a brief overview of the theoretical background rel-
evant to the literature discussed in this paper. The following
section covers the creation of the dataset. This is followed
by a showcase of the employed Learning Classifier System
(LCS). The paper concludes with the analysis of experimental
results and the drawn conclusions, along with suggestions for
possible future research avenues.

II. THEORETICAL BACKGROUND

The formulation of the Decision Advisory for Airport
Selection (DAAS) problem as a multi-criteria decision-making
problem was initially proposed in [1]. Multi-criteria decision-
making (MCDM) is a systematic process utilized to evaluate
and select among competing alternatives based on multiple,



often conflicting, criteria or factors [15]. MCDM is broadly
divided further into multi-objective decision-making (MODM)
and multi-attribute decision-making (MADM). In MADM, the
number of alternatives is constrained, while in MODM, the
number of alternatives is not predetermined, and alternatives
are restricted by a set of optimal objective constraints [7].

The DAAS problem in [1] and here is construed as a
MADM problem, as the number of alternatives (i.e., airports
to choose from) is predetermined. Typically, a solution for a
MADM problem involves the following steps:

1) Identify Decision Criteria: Determine the relevant cri-
teria or attributes that will be used to evaluate the
alternatives. These criteria should be essential in making
the decision and reflect the objectives or goals of the
problem.

2) Evaluate Alternatives: Assess each alternative against the
identified decision criteria. Assign appropriate scores or
weights to each alternative for every criterion based on
its performance or suitability.

3) Weighting and Aggregation: Assign relative weights to
the criteria to represent their importance in the decision-
making process. Then, aggregate the scores of each
alternative across all criteria, considering their assigned
weights, to obtain an overall score or ranking for each
alternative.

4) Select the Best Alternative: Analyze the results of the
evaluation and ranking to identify the most favorable
alternative based on the overall scores. The alternative
with the highest overall score is usually chosen as the
best solution [14].

Based on [15] some of the most common and noteworthy
methods to tackle MADM problems are:

« Analytical Hierarchy Process (AHP), which decomposes
a decision making problem into a system of hierarchies
of objectives, attributes (or criteria), and alternatives [16],
[17].

e Technique of Order Preference by Similarity of Ideal
Solution (TOPSIS), which selects an alternative based on
minimizing the Euclidean distance from most ideal and
worst point [18].

o Visekriterijumsko KOmpromisno Rangiranje [Multi-
criteria compromise ranking] (VIKOR), which introduces
the multi-criteria ranking index based on the particular
measure of “closeness” to the “ideal” solution [19], [20]

o Preference Ranking Organization METHods for Enrich-
ment Evaluation (PROMETHEE), a method which is
based on mutual comparison of each alternative pair with
respect to each of the selected criteria [21].

o Elimination Et Choice Translating REality (ELECTRE),
a method consisting of multiple variations for a variety
of MADM problems [22].

The aforementioned methods rely on several fairly com-
plicated mechanisms to either gather the decision-makers’
preferences or systematize and rank the alternatives. These
mechanisms, although useful, cannot be reliably employed
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Fig. 1. Visual representation of a LCS, taken from [26]

in time-critical emergency situations. Therefore in order to
overcome this problem the idea to employ an intelligent agent
that would suggest a option was proposed. As proposed in [1]
the intelligent agent would learn from a multitude of possible
scenarios so that it may be equipped to deal with the dynamic
nature of flying and DAAS problem.

The model/intelligent agent that was selected was the LCS.
An LCS consists of a set of rules known as the popula-
tion of classifiers. The primary goal is for these classifiers
to collectively emulate an intelligent decision maker. This
emulation is achieved through two key biological metaphors:
evolution and learning. The genetic algorithm and a problem-
specific learning mechanism embody these concepts, guiding
the system toward better rules. Both mechanisms rely on
the system’s “environment,” which, in the context of LCS
literature, refers to the source of input data for the algorithm.
The information received from the environment depends on
the problem being addressed. For instance, in a maze naviga-
tion scenario for a robot, sensory information describing the
physical environment serves as input. In a medical diagnosis
context, the environment is a training set with preclassified
subjects characterized by multiple attributes like genetic poly-
morphisms. Interacting with the environment, LCSs receive
feedback in the form of numerical rewards, driving the learning
process. While various LCS algorithm implementations exist,
a basic framework includes a finite population of classifiers
representing system knowledge, a performance component
regulating interaction with the environment, a reinforcement
component distributing rewards to classifiers, and a discovery
component improving rules through different operators. These
components serve as the foundation for numerous variations in
LCS algorithms. Figure 1 illustrates how specific mechanisms
of LCS interact within the context of these major components
[25] [26].

Aside from the interpretability and explainability of the
model, LCS has also been extensively used for problems



characterized by both epistasis and heterogeneity, such as the
multiplexer problem [23] [25]. Given that these characteristics
are also present in the DAAS problem and that the DAAS
problem was used as inspiration for the construction of a multi-
objective multiplexer benchmark problem [24], using an LCS
seems like a suitable approach.

III. DATASET CREATION

The dataset utilized to train the model will be a refined
version of the one used in [1]. It encompasses various specific
scenarios, each serving as a depiction of instances where pilots
encounter specific predicaments requiring immediate decision-
making. Each unique scenario is denoted by an n X m matrix
S;, where n corresponds to a list of the largest commercial
airports currently operating within Germany. Twelve airports,
strategically dispersed across the country, were selected for
inclusion in the dataset. One of these airports is designated as
the planned airport and is consequently inaccessible [28]. The
parameter m signifies the characteristics of the airports at the
precise moment when a decision must be made. Each airport
is characterised by the following attributes:

o Longest runway length available [m]

 Crosswind speed at the location of the airport [kn] 2

« Tailwind speed at the location of the airport [kn] 2

o Fuel needed to reach the airport [kg]

o Status of the runway, expressed as a value from 0 to 6 II

o Distance from current aircraft position to planned desti-

nation [nm)|

o Distance from current aircraft position to appropriate

alternate airport [nm]

The longest runway length for each airport was obtained
from the global navigation database within the BlueSky, ATC
Simulator Project [29]. The wind speed, direction and runway
status for each of the twelve airports within the scenario were
generated using Latin-hypercube sampling [30], where the
ranges for all of the variables were:

o Wind speed, 5 to 45 [kn)]

o Wind direction 0 to 359 [°]

« Runway status from O to 6, see Table II
Opting for higher wind speeds was preferred to introduce com-
plexity into the decision-making process. The wind direction
departs from conventional aviation guidelines and is structured
on a relative system, as illustrated in Figure 2. Furthermore, the
wind direction and speed that were sampled were transformed
into crosswind and tailwind components. This was done in
order to both simplify the learning process but is also one
of the primary pieces of information relevant to pilots that
concerns the wind at an airport. The breakdown of a wind
vector into crosswind and tailwind components is also depicted
in Figure 2. Additionally, the runway condition was chosen
uniformly amongst the possible runway conditions depicted
in table II. The proclivity for wet conditions significantly
complicate aircraft landings, as runway condition heavily
influences the braking performance of an aircraft.

To determine the distance from the planned airport and
identify all potential alternate airports, the aircraft’s position

TABLE I
AIRPORT ESTIMATED RUNWAY CONDITION ASSESSMENT

Code Runway Condition Description Reported Breaking Action
6 Dry Dry
Wet
* Water up to 1/8” (3mm)
* Damp
5 1/8” (3mm) or less of
 Slush
* Dry Snow
* Wet Snow
Frost .
4 Compacted Snow (OAT at or below -15°C) Good to Medium
Slippery when wet
More than 1/8”(3mm)
3 ¢ Dry Snow — max 5” (130mm)
e Wet Snow — max 1 1/8“ (30mm)
Compacted Snow (OAT above -15°C)
More than 1/8” (3mm)

Good

Medium

2 * Water — max 1/2” (12.7mm) Medium To Poor
¢ Slush — max 1/2” (12.7mm)
1 Ice (cold & dry) Poor
o Wet Ice
0 * Water on top of Compacted Snow Nil

* Dry Snow or Wet Snow over Ice

had to be established for each scenario. To closely emulate
realistic situations encountered by pilots, flight plans were
created. These flight plans outline how the aircraft should
approach its destination, detailing altitudes and the sequence
of waypoints to follow. In aviation, a waypoint refers to a
specific geographical location used to define a route for area
navigation or an aircraft’s flight path. A visual representation
of a flight plan illustrating the route from Berlin to Frankfurt
airport is provided in Figure 3.

The flight plans were sourced from an online flight planner
primarily designed to assist amateur pilots in crafting flight
plans for simulation software [31]. A total of 22 flight plans
were utilized in constructing the dataset, representing flights
between the previously identified twelve airports. To identify
the most common destinations within Germany for each air-
port, FlightRadar24 [32] was employed. Subsequently, flight
plans were generated based on the most likely routes between
these airports. For each flight plan, a waypoint was chosen in a
pseudo-randomized manner to represent the aircraft’s position
at decision points. Only waypoints aligning with the cruise
phase of a flight, as illustrated in Figure 4, were taken into
account.

The fuel needed was calculated by simulating the flights,
starting from take-off all the way to landing at each of the
possible available options. The custom-made simulation only
encompasses the Airbus A320 aircraft and makes use of infor-
mation from the Airbus A318/A319/A320/A321 Flight Crew
Operating Manual [27], the Eurocontrol A320 performance
database [35], and consultation with a pilot employed at the
DLR.

It is important to highlight that the dataset was crafted to
encompass a broad spectrum of scenario difficulties, with a
bias toward the higher end of the difficulty scale. Difficulty,
in this context, encompasses both the severity of the situation
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Fig. 3. Example flight plan Berlin airport to Frankfurt airport, taken from
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in terms of physical danger (e.g., high winds and wet runways)
and the prevalence of airports characterized by these extreme
weather phenomena. This intentional skew towards higher
difficulty levels creates challenging scenarios where most, if
not all, options are unfavorable. This design ensures that the
system can also tackle seldom encountered edge cases when
the pilots would need the most support.

In essence, the scenarios capture crucial decision-making
moments. Each scenario corresponds to one of twelve air-
ports, with the originally planned destination being unavail-
able. These airports are characterized by specific attributes
such as runway length, wind direction, wind speed, runway
condition, and distance from the aircraft. By sampling 100
combinations of wind speed, wind direction, and runway
condition, and considering 22 flight plans, a dataset of 2200
scenarios is created. The normalized dataset can be found here:
https://github.com/borisdjartov/Dataset.

IV. LCS STRUCTURE

The DAAS problem can be redefined as a single step
multi-class classification problem, similar to that of the real-
multiplexer problem. The employed LCS uses hyperrectangle
conditions, linear approximation, and integer actions. The
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Fig. 4. Phases of a flight, adpted from [33]

majority of the structure is based on [36] and makes use of
the enhanced Michigan-style learning classifier - often termed
XCSF [37] [38]. The LCS is comprised of:

1) The condition C' which is a hyperellipsoidal condition
and is formally represented as:

C= (T?l,Z) = ((ml,mg,... ,O'n)),

1
where 1 specifies the center of the ellipsoid, the notation
T denotes the transpose of a (column) vector or matrix,
and X defines the fully weighted Euclidean distance
metric of the ellipsoid, also termed Mahalanobis distance
[39]. This transformation matrix determines the stretch
of the ellipsoid and the rotation in the n-dimensional
problem space.

2) The possible action set A, that is, A € A where A =
{al,...,a,} represents the set of all possible actions.

3) The linear function prediction R which is specified by
the weight vector

7mn)T7 (O-la g2, ...

R=14= (w()vwla"'awn)Ta (2

where w, is the offset weight

4) The prediction error € which estimates the mean absolute
deviation of the reward predictions.

5) F which is the fitness of the classifier.

The values are iteratively modified and evolved by the means
of reinforcement learning (RL) techniques and a GA. The
LCS is initialized with an empty population. Each learning
iteration t, the LCS receives a problem instance x; with the
corresponding actual function value y,. The LCS forms a
match set [M] of all classifiers whose conditions are active.
Classifier activity is determined by

(x — m)Ti_l(X - m)) )

which essentially determines the distance from the current
input and then applies the Gaussian kernel on the distance.
A classifier is active (that is, it matches) if its current activity
is bellow some threshold 6,,. Initial classifiers are generated
by a covering mechanism that creates intervals controlled by

cl.ac = exp (—



parameter 70. The covering mechanism is triggered until there
are classifiers in [M] such that all of the possible actions
are represented in [M]. The covering mechanism generates
matching condition given a problem instance Z and adds them
to the population [P]. The center of the hyperellipsoid (m) is
set to the current input (x). Only the diagonal entries in the
transformation matrix (X) are initialized to the squared inverse
of the uniformly randomly chosen number between zero and
the parameter ry. All other matrix entries are set to zero. In this
way, covering creates axis-parallel hyperellipsoidal condition
parts. Afterwards [M] can be used to form a prediction about
the class. The LCS forms a prediction array P(.A) of expected
payoff values for all possible actions. The prediction is then
determined by the inner product (& —m)7 %, where vectors
Z and m are enhanced by a trailing one and zero, respectively.
Afterwards, the environment provides rewards in the form of a
scalar value of the actual value of the expected function. The
learning happens iterative from the problem instances. Given
that the problem set consists of single step instances after every
instance, using the feedback from the environment it updates
the reward prediction, prediction error,fitness estimate and set
size estimate of all classifiers in [M]. The weight vector is
updates using the delta update rule:

w; <~ w; + 1 (yt — (" - m*)Tw) (@

i —

my),

where 1 denotes the learning rate. Afterwards the prediction
error is updated according to:

ecetn(r—PA)|-e)

where r is the scalar reward and P(A) is the prediction for
the specific action constant. Fitness is updated by:

. e
o 1 ifeg <« = V‘
0 otherwise
K- num
K = 3)

2 aep cl-k - cl.num
F« F+4n' -F) 4)
Finally the set size estimate is updated:
aj < a; +1(|[M]| — a;) (5)

The LCS employs a steady-state, niche genetic algorithm
(GA) for the evolution of rules. The GA employs set-size
relative tournament selection [40] based on the fitness esti-
mates of classifiers to choose two parental classifiers from
the current match set [M]. Subsequently, two offspring are
produced through crossover and mutation operations. Uniform
crossover is implemented, wherein corresponding values in the
two classifier conditions are exchanged with a probability of
0.5. Mutation, with a probability of p, modifies each entry
in the condition part, randomly shifting the center of the
hyperellipsoid within its current interval. During mutation, a
matrix entry undergoes a maximal decrease (increase) of the
value by 50%. If the value is initially set to zero, it is initialized
to a randomly selected value, akin to the covering process for

diagonal matrix entries, while considering the parameter f.
The implemented LCS also incorporates a deletion operator in
order to maintain the population size as specified and provide
additional pressure to better the classifiers. The process begins
by calculating the average fitness of the classifiers in the
population. Next, for each classifier in the population, a
deletion vote is calculated. The deletion vote is initially set
to the classifier’s set size estimate. If the classifier’s number
of matches exceeds a certain threshold 6,4.; and its fitness is
less (for maximization problems) or greater (for minimization
problems) than a fraction ¢ of the average fitness, the deletion
vote is increased. This is done by multiplying the deletion
vote by the classifier’s number of matches and the ratio of
the fraction of the average fitness to the classifier’s fitness.
This means that classifiers with a high number of matches
and low fitness (for maximization problems) or high fitness
(for minimization problems) are more likely to be selected for
deletion. The the deletion votes are normalized by dividing
each vote by the sum of all votes. This creates a probability
distribution over the classifiers, where classifiers with higher
deletion votes have a higher probability of being selected for
deletion. A classifier is then randomly selected for deletion
according to this probability distribution, and removed from
the population. This process is repeated until the population
size is reduced to the maximum allowed size.

V. EXPERIMENTAL DESIGN AND RESULTS ANALYSIS
A. Reward Function

In order to train the LCS described previously a reward
function is needed that would provide the scalar reward r.
In this case the DAAS problem has been transformed into a
multi-class reinforcement learning classification problem. The
reward for which is defined as:

1

Y bixct Z;n=1 u;

where ¥ is the input vector, while b; and w; represent the
ith and jth elements of the respective vectors. The vector
b represents all the bounded attributes, that is it represents
the constraints. Should certain constraints be broken, the
difference between the allowed value and the current value
are noted in b, the cardinality of b is thus dependent on
the number of constraint violations. Additionally, the factor
¢ = 1+ |b| is equal to the number of constraint violations
or cardinality of b + 1. The vector @ represents attributes
with out constraints and that should be optimized as much
as possible. The reward function was generated to overcome
some of the limitations proposed in the initial paper [1]. The
revised reward function continues to prioritize the incorpo-
ration of considerations for both physical risk and economic
implications. The risk aspect is effectively represented using
the bound attributes, while the unbound attributes aim to
minimize financial losses. This updated method for calculating
the reward provides greater flexibility for different airlines or
groups to choose the factors they wish to consider. Moreover,
the reward function is designed to cover a wide range of

R(7) = ©)



possible scenarios. For instance, in a situation where most
or all airports are deemed unsuitable for the aircraft from a
safety perspective, the bound term will dominate the equation
for most options. This compels the Learning Classifier System
(LCS) to minimize the impact of physical risk as much as
possible. The inclusion of the factor ¢ serves two purposes.
Firstly, it enhances the importance of constraint violations,
particularly in terms of safety considerations. Secondly, it
aligns with the ”Swiss Cheese” model of accidents [41], which
states that while a large deviation in one factor can be a cause
of an accident, smaller deviations in multiple factors can also
lead to unwanted consequences . Therefore, with the factor
¢, the system penalizes choices with many smaller deviations,
aiming to address the potential issues outlined by the ”Swiss
Cheese” model . The objective then is to mitigate the impact of
a failed mission by upholding safety measures and considering
the financial implications of decisions. In essence, the problem
demands the minimization of potential causes of trouble for
pilots. However, it was converted into a maximization problem
by taking the inverse of the original minimization problem.
This adjustment was made to tailor the reward function more
closely to the LCS and its description in the literature. In the
current implementation there were four constraints:

e Required landing distance <= Available landing dis-
tance.

o Fuel needed to reach airport <= Fuel available.

« Tailwind at selected airport did not exceed 15 [kn].

« Crosswind at selected airport did not exceed 30 [kn]

The distance from the final airport to the chosen airport as
well as the fuel usage to reach it should both be minimized.
Additionally, the wind components as well as the runway
status were needed to calculate the required landing distance.

B. Hyperparameter Tuning

The experiments involved hyperparameter tuning using
Bayesian optimization and leveraged [42]. This method con-
structs a posterior distribution of functions (Gaussian process)
that best describes the function you aim to optimize. As
the number of observations grows, the posterior distribution
improves, and the algorithm becomes more certain about
which regions in the parameter space are worth exploring
and which are not [43]. For each combination of parameters,
the model was run 31 times due to its stochastic nature. The
average reward across the entire DAAS problem dataset was
used as the output from one of these runs and subsequently
as the estimate of the performance for the combination of
parameters. The best-found hyperparameters are illustrated in
Table II.

C. Model Training Results

Figures 5 and 6 illustrate the results from the LCS model
trained using the best-found hyperparameters. These figures
depict the average cumulative reward across 31 runs of the
LCS model. This means that for each trial, representing a

Hyperparameter Lower bound | Upper Bound | Optimal Value
Population size 100 220 196
r 0.01 0.1 0.097
Om, 0.1 1 0.382
e 0.01 0.1 0.028
v 1 10 7.23
min error 0.01 0.1 0.022
n 0.01 0.1 0.06
init. pred. error 0.01 0.1 0.047
mutation probaility 0.1 1 0.278
crossover probability 0.1 1 0.89
0 not tuned not tuned 0.1
Oael not tuned not tuned 20
TABLE IT

HYPERPARAMETER VALUES
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Fig. 5. Average cumulative reward

single instance of the dataset (i.e., a scenario), the average
reward for each of the 31 runs was calculated and then plotted.

Upon observing Figure 5, we notice a consistent increase
in the LCS’s performance with only slight peaks, reaching a
plateau near the end of the trials, i.e., near the end of the
dataset. Interestingly, when examining the constraint viola-
tions, we observe an initial spike in the number of violations
before a decline. It’s noteworthy that the average number of
constraint violations at the end stabilizes around 1.2. Given
the dataset’s nature, this suggests that the algorithm prioritized
safety, as expected.

D. Comparison with a Neural Network

To gain a better understanding of the model’s performance,
it was compared to a Deep Q Network (DQN) implemented in
Stable-Baselines3 [44]. Given the emphasis on interpretability,
the neural network’s structure was kept smaller and simpler.
To determine an appropriate structure, the Optuna framework
was utilized [45]. The search was limited to two to six layers
with 64, 128, 256, 512, or 1024 nodes per layer. The optimal
configuration identified was a four-layer network with 1024
nodes per layer. Both the LCS and DQN were trained and then
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applied to predict on the training dataset. This process was
repeated 31 times due to the LCS’s more stochastic nature.
The comparison is visually depicted in Figure 7. From the
figure, it’s evident that the neural network outperformed the
LCS. However, the focus shouldn’t solely be on performance;
rather, attention should also be on the complexity required to
surpass the LCS. Despite being outperformed by the neural
network, the LCS remains the more interpretable and explain-
able option, even though a neural network of this size is still
more challenging to understand. Therefore, despite its inferior
performance, the LCS’s high interpretability and explainability
warrant further research.

VI. CONCLUSION AND FUTURE WORK

This paper presents an approach to tackle a time-constrained
multi-criteria decision-making problem by transforming it into
a reinforcement learning problem, using a learning classi-
fier system (LCS) tailored for real-valued problems. The

paper demonstrates this approach by solving the dynamic
alternate airport selection problem (DAAS), which involves
pilots selecting a suitable airport mid-flight based on multiple
characteristics. Although not as effective as a Deep Q Net-
work, the LCS proved capable of handling the task and is
a promising candidate for future research, particularly due to
its higher interpretability and explainability compared to neu-
ral networks. Further investigation should explore acceptable
trade-offs between interpretability and model performance.
Additionally, efforts are underway to explore additional LCS
configurations and conduct more hyperparameter tuning, along
with expanding the dataset to include technical failures and
enhancing the simulation. It’s important to note that while
the dataset includes many technical details and weather data,
it’s not sourced from real-world data. However, despite the
challenge of gathering a sufficient number of edge cases, it
still provides significant value and aids in creating intelligent
decision support systems in aviation. A finalized model is
intended for use in a prototype decision support system with
real pilots, aiming ultimately to enhance aviation safety.
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