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ABSTRACT

Despite the widespread use of machine learning methods in a variety of studies in the aviation
industry in recent years, there has been limited progress in achieving explainability for the results
generated by these models. Given the importance of explainable predictive models for trustworthy
decision support in the context of Air Traffic Management (ATM), this study explores the use of
Multilayer Perceptron and Random Forests, along with a Local Interpretable Model-agnostic Expla-
nations (LIME) approach, to develop predictive models capable of generating interpretable forecasts
of airport runway configuration and dynamic capacity. The machine learning process is based on
historical weather, flight demand and actual air traffic movement data for Sao Paulo/Guarulhos In-
ternational Airport. The predictive models are able to deliver runway configuration forecasts with
an accuracy higher than 87.73% and arrival/departure capacity forecasts with errors as low as 1.309.
With LIME, consistent explanations are obtained through the models on each prediction. An interac-
tive predictive tool is created to output the runway configuration and capacity forecasts as well as the
main contributing factors for each forecast within a 24-hour forecasting horizon. This research aims to
improve decision-making by integrating predictive models and explanatory models into applications
that provide useful information for ATM.

Keywords: Airport Capacity, Runway Configuration, Machine Learning, Explainable Artificial
Intelligence, LIME.
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1. INTRODUCTION

Airport capacity can be defined as the max-
imum number of takeoffs and landings that an
airport can handle within a period of time while
meeting all air traffic rules and service level crite-
ria. For long-term planning and strategic demand
management, a theoretical capacity is calculated
based on specific runway configuration and oper-
ational conditions using analytical and simulation
models. Some of the key factors considered for
this estimation are the average runway occupancy
time and the required wake turbulence separations
between aircraft (DECEA, 2015).

However, airport capacity can vary signif-
icantly during the course of a day due to the
dynamics of relevant operational factors such as
weather. Imbalances between the planned de-
mand and the dynamic capacity can result in sig-
nificant flight delays because flights that could not
be conducted at the scheduled time due to the ca-
pacity constraint will be pushed into a waiting
queue, along with subsequent flights. Air Traf-
fic Flow Management (ATFM) is a fundamental
service provided by the Air Traffic Management
(ATM) system to mitigate the impacts of such im-
balances. It is accomplished through strategies to
adjust the traffic flows in order to match demand
with the available capacity at any given moment.
Therefore, for the purposes of Air Traffic Flow
Management (ATFM), it is necessary to forecast
the dynamic airport capacity in real time based
on evolving operational conditions. This dynamic
capacity estimation is of particular interest in this
study.

One of the main factors that affect the dy-
namic capacity of an airport is the active runway
configuration. The runway configuration is the set
of runways and their active thresholds that are be-
ing used for arrivals and departures at a given mo-
ment, as determined by air traffic controllers (AT-
COs). It depends on several factors such as wind
direction and speed, ceiling/visibility conditions,
flight demand, environmental constraints (e.g.,
noise abatement) and coordination with other air-
ports located nearby (Avery and Balakrishnan,
2015). Accurately predicting the runway configu-
ration is key to accurately predicting dynamic air-
port capacity.

Several studies have worked towards the
development of Machine Learning (ML) mod-
els to predict runway configurations and capacity
towards supporting ATFM decisions. However,
providing only predictions without explanations
is insufficient in the context of ATM decision sup-
port, as safety is a priority. ATCOs are responsi-
ble for the decisions made and, therefore, need
to understand the reasons behind the results gen-
erated by machine learning models. This allows
them to assess the conditions that led to certain
model predictions and possibly validate those pre-
dictions.

In this context, Explainable Artificial In-
telligence (XAI) arises as a suitable approach to
make the results of black-box ML models under-
standable and explainable to humans. XAI mod-
els are capable of generating explanations for ML
models, maintaining their predictive performance
while providing an understanding of the results
obtained. This approach increases confidence in
the predictions provided by the models, contribut-
ing to building trust in automated decision sup-
port systems and enhancing their usability.

This work presents a XAI framework to de-
velop explainable machine learning-based predic-
tive models that can generate interpretable fore-
casts of airport runway configuration and capac-
ity. We use supervised learning algorithms - Mul-
tilayer Perceptron (MLP) and Random Forests
(RF) - for learning the predictive models from
historical demand, weather and traffic data, along
with a Local Interpretable Model-agnostic Expla-
nations (LIME) approach for generating forecast
explanations. The models are developed for Sao
Paulo/Guarulhos International Airport (GRU). As
the largest airport in South America, it often
needs ATFM measures to balance demand with
capacity. The application of the models is demon-
strated with a prototype interactive tool that out-
puts the runway configuration and capacity fore-
casts as well as the main contributing factors for
the forecasts for a 24-hour planning horizon.

The proposed methodology paves the way
for integrating these models into applications that
offer a wide range of useful information for ATM,
leading to improved decision-making and pro-
moting more effective management of airport ca-
pacity and air traffic flows.
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2. LITERATURE REVIEW

In the aviation industry, ML methods have
been employed in a wide range of studies in
recent years. However, there has been limited
progress in the explainability of the results gen-
erated by these models. Explainability is a field
that needs to be further explored for these meth-
ods to be accepted by users and authorities (Degas
et al., 2022).

For runway configuration prediction, dis-
crete choice models were developed to pre-
dict runway configuration at LaGuardia Airport
(LGA) and San Francisco International Airport
(SFO) over 15-minute, 3-hour, and 6-hour plan-
ning horizons, using a recursive approach (Avery
and Balakrishnan, 2015). In another study, XG-
Boost and Random Forests models were created
to predict runway configuration at the six largest
airports in the United States, also using a recur-
sive approach with prediction horizons of up to 6
hours (Rebollo et al., 2021).

In the field of capacity prediction, various
studies have employed deep learning approaches
to achieve more accurate results. Models such as
Multilayer Perceptron (MLP), Recurrent Neural
Networks (RNN), and Long-Short Term Mem-
ory (LSTM) have been developed to predict air-
port capacity at Hartsfield-Jackson Atlanta Inter-
national Airport (ATL), which were then used
for capacity prediction at Boston Logan Inter-
national Airport (BOS) through transfer learning
(Choi and Kim, 2021). More complex models
have also been developed in other studies, such
as attention-based deep learning models that com-
bine MLP and LSTM to predict Airport Arrival
Rates (AAR) at Hong Kong International Airport
(HKG) (Jiao et al., 2023), and convolutional neu-
ral network models to predict both runway config-
uration and AAR in multi-airport systems using
gridded weather forecast data (Wang and Zhang,
2021).

In the context of Explainable AI (XAI) ap-
plied to ATM, Woo et al. (2022) developed an in-
teractive interface that presents results and expla-
nations of XGBoost predictions for runway exit
using trajectory data and meteorological condi-
tions. LIME explanations were generated based
on the predictions of the trained models.

The fields of runway configuration predic-
tion, dynamic capacity prediction, and XAI ap-
plied to ATM still have significant potential for
further exploration. The application of existing
XAI techniques and the development of new ones
could lead to the creation of various useful appli-
cations for ATM. The contribution of this research
lies in the integration of ML and XAI methods for
the development of interpretable runway configu-
ration and capacity prediction models.

3. METHODOLOGY

Figure 1 provides a schematic overview of
the methodological approach, which is detailed in
the next subsections.

3.1. Data Collection and Pre-processing

The airport runway configuration and ca-
pacity prediction models were created based
on historical meteorological, demand and air
traffic data for GRU. Weather data was gath-
ered from Meteorological Aerodrome Reports
(METAR) and Terminal Aerodrome Forecasts
(TAF). Planned flight demand data was collected
from the Flight Operations Registration System
(SIROS) of the Brazilian Civil Aviation Agency
(ANAC). Finally, actual air traffic movement data
was gathered from the Air Traffic Control Tower
Management System and FlightRadar24.

The data covers six months of operations
from July 1, 2022 to December 31, 2022. Data
pre-processing was performed to structure the
dataset with observations for every 15-minute pe-
riod. For each 15-minute period, the scheduled
and actual arrival and departure rates were calcu-
lated. The active runway configuration was deter-
mined based on the most frequently used arrival
and departure runways in each interval. Missing
meteorological data was filled with previous data,
since METAR is issued hourly and TAF every
6 hours. Headwind and crosswind components
were calculated based on the wind speed, wind
direction and runway threshold orientation. The
variables are synthesized in Table 1.

The development of the airport capacity
prediction model with supervised learning re-
quires knowledge about the actual airport ar-
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Figure 1 Methodology flowchart.

Table 1 Variables created for modeling

Group Name Type

Temporal
local time categorical
day of the week categorical

Actual operations
runway˙configuration categorical
actual arrivals numerical
actual departures numerical

Planned operations
scheduled arrivals numerical
scheduled departures numerical

Weather

headwind numerical
crosswind numerical
visibility numerical
ceiling numerical

rival/departure rate (output ”truth”). For this,
we used air traffic movement data and developed
an empirical method for estimating the capacity
from observed airport throughput performance.
The purpose of using this method was to iden-
tify the periods for which the demand was high
enough and the airport was operating under pres-
sure so that arrival/departure rates observed re-
flected the airport capacity. Otherwise, capacity
could be underestimated due to unloaded flight
periods. First, the number of aircraft simultane-
ously in transit from the gate to the runway at
the beginning of each interval and the runway
throughput for this interval were used to estimate
a departure saturation curve for the airport. This
curve allows for the estimation of the number of
departing aircraft on the ground that leads to run-
way throughput saturation. After determining this
quantity, the data was filtered for periods when
saturation occurs, as the number of departures oc-
curring in those periods becomes a good represen-
tation of the airport’s departure capacity at that
moment. Similarly, the number of arriving air-
craft within a 40 NM radius from the airport cen-
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ter was determined for each time interval, and a
saturation curve for landings was estimated. A
new database was subsequently generated, con-
taining the time intervals for which arrival satura-
tion occurs.

As additional data preprocessing for mod-
eling and forecasting, one-hot encoding was used
for categorical variables, and min-max normaliza-
tion in the range [0,1] was applied to numerical
variables.

3.2. Predictive Modeling

For learning the predictive models, 75%
of the dates were used for training, with a
portion of this data later separated for vali-
dation, and 25% for testing. A classifica-
tion model was developed for runway config-
uration prediction and two regression models
were developed for arrival and departure capac-
ity prediction, respectively, based on a super-
vised learning approach. The output variables
were runway con f iguration, actual arrivals and
actual departures, while the features were the
remaining variables in Table 1. For the super-
vised learning process, the Multilayer Perceptron
(MLP) and the Random Forests (RF) algorithms
were used. As non-parametric methods, they al-
low for non-linear mapping between input and
output.

For training the runway configuration pre-
diction model, binary cross-entropy was chosen
as the loss function, and accuracy was employed
as the primary performance metric. For the ca-
pacity prediction model training, the loss func-
tion used was the Mean Squared Error (MSE),
while the Root Mean Squared Error (RMSE) was
the main performance metric chosen. The hyper-
parameter tuning was performed through manual
search for MLP and grid search for RF based on
cross-validation.

Recursive runway configuration models
were also developed to achieve improved perfor-
mance for shorter forecasting horizons. These
models use the runway configuration predicted
for the previous time period as a feature to pre-
dict the current one.

With the trained models, weather forecast
data from TAF was used for forecasting over a

24-hour prediction horizon, and the performance
metric was recalculated for predictions on the test
data using TAF.

3.3. Predictive Model Explanation

To obtain interpretable airport runway con-
figuration and capacity forecasts, a Local In-
terpretable Model-agnostic Explanations (LIME)
approach was used to generate explanations for
the predictions delivered by the machine learning
models. LIME is a group of model-agnostic in-
terpretable models for local explanations. It relies
on training simpler surrogate models, such as lin-
ear models, to generate explanations for a single
prediction.

Explaining a model means providing tex-
tual or graphical representations that enable the
qualitative interpretation of the relationship be-
tween the model’s prediction and the variables
used to generate that prediction (Ribeiro et al.,
2016). Specifically for LIME, explanations in-
volve quantifying the contribution of the most rel-
evant variables in a given prediction, which is de-
termined by the weights obtained for each vari-
able in the surrogate model.

Let f be the trained model to be explained,
and g be the surrogate model used to generate ex-
planations, belonging to a model family G. Also,
let x be a data instance, and πx be the neighbor-
hood of x. LIME algorithm optimizes the param-
eters of g to determine the explanation as follows:

ξ (x) = argmingεG(L( f ,g,πx)+Ω(g)) , (1)
where L is a loss function that measures how un-
faithful g is in approximating f in the neighbor-
hood defined by πx, and Ω is a measure of the
complexity of the explanation g (Ribeiro et al.,
2016).

In this study, Ridge Regression was used for
explanations, based on a weighted Mean Squared
Error loss function with an L2 regularization term
to penalize complexity. The neighborhood data
was obtained through Gaussian sampling.
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4. RESULTS AND DISCUSSION

4.1. Exploratory Data Analysis

GRU has two closely spaced parallel run-
ways that are typically operated in two main con-
figurations: 10R|10L (i.e., landings on runway
threshold 10R and takeoffs on runway thresh-
old 10L) and 28L|28R (i.e., landings on runway
threshold 28L and takeoffs on runway threshold
28R). Figure 2 displays the frequency of use of
these runway configurations based on the pro-
cessed data.

Figure 2 Frequency of use of main runway
configurations at GRU.

Figure 3 shows the extremely high correla-
tion between GRU’s active runway configuration
and headwind component. As expected, runway
configurations are typically chosen to avoid tail-
wind components. Therefore, headwind is ex-
pected to be a relevant feature for runway con-
figuration prediction.

Figure 3 Runway configuration occurrences and
observed wind components at GRU.

After the initial data preprocessing de-
scribed in Section 3., we obtained the arrival

and departure throughput performance curves for
GRU, as shown in Figures 4 and 5. The airport is
found to be saturated for arrivals when the num-
ber of aircraft in the terminal area exceeds 9. Sim-
ilarly, the airport is found to be saturated for de-
partures when the number of aircraft in transit
from the gate to the runway exceeds 8.

Figure 4 Arrival throughput performance curve.

Figure 5 Departure throughput performance curve.

Considering the demand levels described
above, the data was then filtered to keep only the
observations associated with the periods when the
airport was operating at capacity. Figures 6 and 7
show that the filtering process achieved the de-
sired effect, as the distribution of arrival and de-
parture throughput rates became less impacted by
the hourly demand patterns. Therefore, it is rea-
sonable to assume that the arrival and departure
rates reflect the airport capacity for the filtered in-
stances.
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Figure 6 Distribution of arrival rates by hour of the day
before and after the filtering process.

Figure 7 Distribution of departure rates by hour of the
day before and after the filtering process.

4.2. Predictive Model Performance

For MLP, through manual hyperparame-
ter tuning with 100 epochs, the architectures
shown in Table 2 achieved the best performance.
Dropout regularizers were applied to the hidden
layers with a probability of 10%. Training was
performed using the Adam algorithm with a batch
size of 128 and a learning rate of 0.01, with 10%
of the training data used for validation.

Table 2 MLP models’ architecture

Prediction model Neurons Activation function
Runway configuration [60, 35, 1] [tanh, tanh, sigmoid]

Arrival capacity [60, 35, 1] [tanh, tanh, linear]
Departure capacity [60, 35, 1] [tanh, tanh, linear]

For the RF models, 500 trees were used to
train with 4-fold cross-validation and 2 repetitions
to optimize the number of features used to gener-
ate decisions at each tree node. Figures 8, 9 and
10 display the importance obtained for each fea-
ture in the trained RF models. We observed that
the most relevant feature for the runway config-
uration prediction model was headwind, consis-
tent with the results shown by the exploratory data
analysis. For the capacity prediction models, the
most relevant feature was local time.

Figure 8 Feature importance for the RF runway
configuration prediction model.

Figure 9 Feature importance for the RF arrival
capacity prediction model.

The predictive performance of the models
on the test data is summarized in Table 3. Over-
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Figure 10 Feature importance for the RF departure
capacity prediction model.

all, the MLP models showed a slightly better per-
formance than the RF models, with an accuracy
of 87.73% for runway configuration predictions
and a RMSE of 1.113 and 1.309 for arrival and
departure capacity predictions, respectively.

Table 3 Predictive model performance

Performance MLP RF
Runway configuration prediction accuracy 87.73% 87.05%

Arrival capacity prediction RMSE 1.113 1.156
Departure capacity prediction RMSE 1.309 1.389

Table 4 shows the accuracy obtained for the
recursive MLP and RF runway configuration pre-
diction models at different forecasting horizons.
The performance of these models is also com-
pared to that of a baseline model, which pre-
dicts the runway configuration as the current one
(constant prediction) throughout the entire fore-
casting horizon. It is observed that for short-
term forecasting horizons, the previous config-
uration serves as a good estimate for the next
configuration, yielding even better performance
than the learned models for a 15-minute horizon.
However, for longer forecast horizons, a signif-
icant improvement in predictive performance is
obtained with the machine learning models.

Table 4 Runway configuration prediction model
performance as a function of the forecast horizon

Forecasting horizon MLP RF Baseline
15 minutes 98.52% 98.68% 98.73%

1 hour 98.02% 98.29% 95.13%
2 hours 96.92% 97.49% 91.13%
3 hours 95.73% 96.51% 88.09%
6 hour 92.10% 92.42% 80.65%

12 hours 88.09% 85.12% 76.94%
24 hours 85.63% 80.63% 75.65%

The machine learning models were also
compared with an alternative baseline model that
predicts the runway configuration based on the
headwind signal (if greater than 0, 10R|10L, and

28L|28R, otherwise). Figure 11 summarizes the
predictive performance of all models as a func-
tion of the forecast horizon. It is clearly notice-
able that the learned models provided an improve-
ment in prediction accuracy when compared to
the baseline models, with the exception of very
short-term predictions (15-minute forecast hori-
zon). The longer the forecast horizon, the larger
the performance improvement.

Figure 11 Accuracy as a function of the forecast
horizon for the runway configuration prediction models

4.3. Explained Predictions

The trained models were used to generate
explainable predictions using LIME with TAF
meteorological data for a 24-hour prediction hori-
zon. An interactive tool was created to display
runway configuration and arrival/departure ca-
pacity predictions and explanations hourly based
on TAF forecasts, as shown in Figure 12.

For a specific instance (2023-06-27
06:00:00) characterized by Low Instrument
Flight Rules (LIFR) weather condition (Figure
14), models’ explanations were obtained and are
shown in Figure 13. We observed consistency in
the models’ explanations for the analyzed pre-
diction instance, as they captured the influence
of low visibility and low ceiling on the reduced
departure capacity forecast.

5. CONCLUSIONS

This work combined Explainable Artificial
Intelligence (XAI) and machine learning tech-
niques to develop explainable predictive mod-
els capable of generating interpretable forecasts
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Figure 12 Interactive tool with explained runway configuration and capacity predictions for a 24-hour forecasting
horizon.

Figure 13 LIME explanations for MLP and RF
departure capacity models for a specific prediction

instance.

of airport runway configuration and capacity to-
wards trustworthy automated decision support in
air traffic flow management. Based on histor-
ical demand, weather and traffic data for Sao
Paulo/Guarulhos International Airport, the pre-
dictive models were learned using the Multilayer
Perceptron (MLP) and Random Forests (RF) al-
gorithms. A Local Interpretable Model-agnostic
Explanations (LIME) approach was then used to
generate forecast explanations.

Figure 14 TAF visibility and ceiling forecast for a
specific prediction instance.
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The learned models showed good predictive
performance, with the MLP models delivering
runway configuration predictions with an accu-
racy of 87.73% and arrival and departure capacity
predictions with a RMSE of 1.113 and 1.309, re-
spectively. Moreover, a significant improvement
in predictive performance was observed when
the learned models were compared with base-
line models, especially for longer forecast hori-
zons. The LIME framework proved to be useful
in quickly determining the variables that most in-
fluenced the model predictions, and the main ex-
planations were found to be consistent across the
different models learned.

For future work, potential predictive perfor-
mance improvements might be explored with the
use of other machine learning algorithms suitable
for sequence data, such as Recurrent Neural Net-
works (RNN). Different surrogate models might
be considered to generate local explanations with
LIME in order to identify the one that best fits
locally the predictions. Finally, the methodol-
ogy presented in this research can be extended to
other applications to develop interpretable predic-
tive models that can be integrated into novel trust-
worthy decision support tools in aviation.
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