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Abstract

Efficient airport operations depend on appropriate actions and reactions to current constraints.
Local weather events and their impact on airport performance may have network-wide effects. The
classification of expected weather impacts enables efficient consideration in airport operations on
a tactical level. We classify airport performance with recurrent and convolutional neural networks
considering weather data. We are using London—Gatwick Airport to apply our developed approach.
The weather data is derived from local meteorological reports and airport performance is derived
from both flight plan data and reported delays. We show that the application of machine learning
approaches is an appropriate method to quantify the correlation between decreased airport perfor-
mance and the severity of local weather events. The developed models could achieve prediction
accuracy higher than 90% for departure movements. We see our approach as one key element
for a deeper understanding of interdependencies between local and network operations in the air
transportation system.

Keywords: machine learning, airport performance, weather impact, feature importance,
performance prediction

1. Introduction

The performance of the airport system depends on internal and external constraints. In this
context, weather conditions have a significant impact on aircraft and airport operations, which can
also affect the entire aviation network. In 2019, reactionary delays from previous flights continued to
be the main delay cause with 44.4% and are followed by delays originated by aircraft turnaround at
airports with 32.6% (Eurocontrol, 2020). To mitigate the effect of delayed operations, the prediction
of aircraft processes along the whole trajectory in the air and at the ground is required. As depicted
in Fig. 1, the average time variability during the flight phase is at least three times smaller than the
variability of arrival and departure times. Flight delays are important for Air Traffic Management
(ATM) and could be induced by weather and traffic situations as well as controller actions (e.g.,
allowing direct routes (Bongiorno et al., 2017)). Typical standard deviations for airborne flights
are 30 s at 20 min before arrival (Bronsvoort et al., 2009), but could increase to 15 min when the
aircraft is still on the ground (Mueller and Chatterji, 2002). Fig. 1 exhibits that the average time
variability (measured as standard deviation) during the flight phase (5.3 min) is higher than in the
taxi-out (3.8 min) and in the taxi-in (2.2 min) phases. However, it is still significantly lower than
the variability of both the departure (16.1 min) and arrival (18.1 min) phases (Eurocontrol, 2017).

Since the variability at the gate-to-gate (flight) phase is small, the departure variability at
the upstream airport has a high impact on the actual arrival time (Tielrooij et al., 2015). In this
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Figure 1: Analysis of European flights from 2008-2015 regarding time variability of flight phases, not considering
flights departing to or arrival from outside Europe. The data are provided by Eurocontrol until 2015 but are no longer
part of the latest performance review reports (Eurocontrol, 2017, 2016).

context, the air transport network could be seen as a network of interconnected airports rather than
a network of airlines. Mutual interdependencies between airports result in system-wide, far-reaching
effects, as departing delays propagate through the network. Thus, today’s ground operations gain
more relevance in providing reliable timestamps for aircraft departure. All local airport stakeholders
(airlines, airport, ground handling agencies, network manager, air navigation service provider) play
a significant role to improve the network punctuality (Helm et al., 2015; Rosenow and Schultz,
2018; Ali et al., 2019). Providing reliable and predictable departure times is one of the main tasks
of these ground activities. For example, airlines strategically implement buffers to absorb a part
of the delay generated by tactically reducing its propagation and achieving the desired target of
punctuality (Cook et al., 2010; Sohoni and Erat, 2015).

The flow management positions report weather-related delays as the second most common cause
of en-route Air Traffic Flow Management (ATFM) delays (21.2%) according to the Performance
Review Report 2019 (Eurocontrol, 2020). Suppose the traffic demand exceeds the available airport
capacity. In that case, the traffic flow will be regulated, and the corresponding delays will be
assigned to the airport ATFM delay (6.5 Mio. delay minutes in the Eurocontrol area in 2019).
Besides these delay measurements, additional flight times in the Arrival Sequencing and Metering
Area (ASMA) around airports (40 NM radius) are used as an indicator for efficient operations
(Cappelleras, 2015). The top 30 airports cause three-quarters of the airport ATFM delay. These
major airports are already operating at their maximum capacity (see Fig. 2), which results in severe
operational inefficiencies in the case of operational deviations and disturbances. In this context,
nearly half of the delay is caused by adverse weather conditions (47.6%) (Eurocontrol, 2020). In our
analysis, we consider London—-Gatwick Airport (LGW) as an exemplary use case, since this airports
operates at its declared capacity since years.

This airport was already used for data-based analysis in the context of airport performance
(Schultz et al., 2019). LGW has a dependent parallel runway system with a distance of 200 m
between and operates one of the busiest single runway globally. Since only 08R/26L possesses
an instrument landing system, 08L/26R is mainly used as a taxiway or a backup runway during
maintenance. Furthermore, LGW shows the second-highest additional ASMA time with 4.6 minutes
per arrival (average of 2.17 minutes at the top 30 airports) and a share of 6.4% of the airport ATFM
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Figure 2: Aircraft movements (arrival and departures) at 30 major airports in Europe in comparison to their declared
capacities in 2019 (Eurocontrol, 2020). We will focus on LGW in our current research.

delay. This means that the local airport’s performance will significantly impact aircraft movements
that are already regulated by the network manager (e.g., shifting departure times). The additional
amplifying effect can lead to further delay cascades in the network. Given the high traffic volume,
the single runway layout, and the highly utilized runway system at LGW, deviations from optimal
conditions (e.g. weather events) immediately impact the airport’s performance and make it difficult
to recover from these situations. At this point, forecasting the expected performance of the airport
based on local boundary conditions can contribute significantly to improving flow and capacity
management at the airport.

During periods of operation near the maximum capacity, the anticipation of predicted operat-
ing conditions could mitigate cascading effects and delay propagation in the network. Nearly all
of the 30 major airports are equipped with modern data processing systems, such as an Airport-
Collaborative Decision Making (A-CDM) implementation (Eurocontrol Airport CDM Team, 2017)
or advanced towers (Eurocontrol Network Manager, 2020). The available data will allow identi-
fying precursors for future operational system states (e.g. delays) and indications of correlations
between the severity of weather events and the corresponding impact to the airport performance.
In (Schultz et al., 2018) the expert-based Air Traffic Management Airport Performance (ATMAP)
algorithm (Performance Review Commission, 2009) was applied for statistical analysis (ex-post) to
provide arrival and departure delay distributions in correlation to prior classified weather condi-
tions. However, correlation analysis does not necessarily have to be based on given inputs from
domain experts, so machine learning approaches can also be used to compile these correlations
(supervised or unsupervised). The domain knowledge is still needed to enrich the input data and
check the plausibility of the obtained results. Data-driven methods enable new approaches to pro-
vide improved situational awareness for aviation stakeholders (airline, airport, air navigation service
providers). Thus, efficient tactical and operational measurements can be derived to mitigate the
negative impact of operational deviations and disturbances.



1.1. Status quo

Current research in the field of aviation and airport operations addresses a broad range of
contributions to improve the economic, operational and ecological efficiency of the air transportation
system (Gerdes et al., 2018; Standfuss et al., 2018; Rosenow et al., 2017; NiklaB et al., 2017; Santos
et al., 2017; Ingrid Gerdes et al., 2016; Kaiser et al., 2012; Carlier et al., 2007; Gerdes et al., 2020;
Rosenow et al., 2019). In particular, challenges arise from the climate change and the expected
increase of severe weather events are analysed with a focus on resilience and vulnerability of the
transportation system conditions (Zhou and Chen, 2020; Markolf et al., 2019; Taszarek et al., 2020;
Burbidge, 2016; Stamos et al., 2015).

Dynamic traffic situations emerge from traffic flow patterns across Europe and to/from inter-
continental flows, military operations (Islami et al., 2017), volcanic ash eruptions (Luchkova et al.,
2015), zones of convective weather (Kreuz et al., 2016), prevention of contrails (Rosenow et al., 2017,
2018), consideration of commercial space operations (Kaltenhaeuser et al., 2017) and integration
of new entrants (Sunil et al., 2015; Schultz et al., 2019). Current research also address passengers
metrics to evaluate flight performance (Montlaur and Delgado, 2017), which can be particularly rel-
evant when optimizing arrival flows at airports under uncertainty (Delgado and Prats, 2014; Buxi
and Hansen, 2013). Thus, delay generation due to weather impacts including location and time of
the primary delay generation and its evolution are relevant to capture the complexity of the system
dynamics.

The propagation of delay in the network is paramount when assessing the impact of (local)
congestion (Campanelli et al., 2016; Ivanov et al., 2017; Baspinar et al., 2016). Particularly, research
is conducted to evaluate the impact of disruptions on airport turnaround operations (Postorino
et al., 2020), the impact of sudden and slow onset weather events on departure delays (Borsky and
Unterberger, 2019), the handling of uncertainties in the arrival management (Schultz et al., 2012;
Forster et al., 2021), and the management of airports in extreme winter conditions (Merkert and
Mangia, 2012). The delay propagation is particularly critical when estimating the resilience of the air
traffic management system and the impact of different mechanisms on the expected performances’
variations (Cook et al., 2016; Proag and Proag, 2014; Cook et al., 2009).

The analysis of local airport situations allows anticipating congested times and mitigating the
negative impact of delays to operations to airline and airport operations (Arnaldo Scarpel and
Pelicioni, 2018; Henriques and Feiteira, 2018). Here, historical data provide a profound basis to
improve weather forecast using data analytics and machine learning approaches (Rozas Larraondo
et al., 2018; Schultz et al., 2019; Reitmann and Schultz, 2018; Herrema et al., 2019) for fog forecast
(Ming et al., 2019), forecast of poor-visibility episodes near complex terrain (Fernandez-Gonzalez
et al., 2019) or develop a robust model for learning and recognizing weather pattern (Salman et al.,
2018). Besides analysis and forecast, the optimization of specific operational environments consider-
ing volatile constraints will also affect the performance of the entire airport system, such as efficient
stand/gate allocation at the airport (Bagamanova and Mota, 2020) or dynamic reconfiguration of
the capacity-limited terminal airspace system during convective weather (Serhan et al., 2019).

1.2. Objective and scope of the research and structure of the document

The research objective presented in this paper is to quantify the impact of local (severe) weather
conditions on airport performance using a machine learning approach. We consider local weather
data and airport performance data (scheduled and actual flight times) to correlate the complex
dependencies in the airport systems. Herein, we are not focusing on the causes (input) but the
consequences (output) to the airport performance. For this purpose, we categorize the airport
performance and backtrack/ evaluate possible causes from the observed weather phenomenon. Fi-
nally, we will provide a methodology to map specific weather conditions to airport performance



impacts. Our new approach will overcome the limitations of current expert-based decisions and
enable predicting future system states at the airport, considering permanent data updates. We
use London—Gatwick Airport as a reference case to demonstrate how our data-driven approach
performs.

The document is structured as follows. Sec. 1 provides an introduction of the topic and a
status quo of related research activities. In Sec. 2, we introduce the datasets for weather and
airport performance. Here we set a particular focus on the local weather data, which are taken
from the local Aviation Routine Weather Reports (METARs). The METAR messages are parsed
and translated into aviation relevant severity scores for weather events by using the expert-based
ATMAP algorithm (Eurocontrol, 2011). We briefly describe the algorithm using METAR messages
from London—Gatwick Airport and show a correlation between the algorithm-derived weather score
and the delay situation at the airport. This approach provides an initial indication of how weather
conditions will affect airport performance. In the following section, we provide the fundamental
background for our machine learning approach, information about the process of classification, and
the model setup (Sec. 3). In Sec. 4, several neural networks are implemented accordingly and applied
to the prior processed datasets (weather conditions, airport performance). Furthermore, features
are extracted to provide information about the importance of particular input values to the current
airport and weather conditions. From this point on, the expert-based assessment of weather events
by the ATMAP algorithm is no longer required. Finally, the document closes with a conclusion and
outlook (Sec. 5).

2. Weather and airport performance

The dataset we used for the analysis consists of flight plans and weather data from major
European airports for the years 2013-2015. The flight plans include scheduled and actual times of
aircraft movements. Weather events, which are relevant for air traffic operations at airports, are
derived from the local METAR data. From this dataset, we used a subset with a focus on LGW.

2.1. Airport performance

The performance of an airport is mainly related to the number of aircraft movements handled in
comparison to the maximum of (observed) movements in a comparable situation (airport capacity).
In this case, the term capacity generally refers to a given transportation facility’s ability to accom-
modate a traffic volume (e.g., movements) in a given period (e.g., on an hourly, daily, or yearly
basis). When the air traffic demand approaches or exceeds airport capacity, the congested infras-
tructure leads to delays and cancellations of air traffic movements. This imbalance between demand
and capacity is one of the main causes of unpunctual operations and affects several components of
the whole airport system on the airside (e.g., runways, taxiways, aprons) and landside (e.g., passen-
ger handling (O’Flynn, 2016; Schultz and Fricke, 2011)). Flight delays are defined as the difference
between the scheduled and actual times of arrivals and departures, where the reference measure
points are usually on-/off-block times at the gate/apron position. Punctuality is determined as
the proportion of flight delays with less than 15 min, widely accepted as a performance indicator
in aviation. To avoid delays during periods of high traffic demand (peak times), airlines apply
buffering strategies, which improve punctuality and minimizes tactical delay costs (Eurocontrol,
2020; Cook et al., 2016; Evler et al., 2020). The definition of delay varies between stakeholders and
several terms have been established, such as acceptable delay, network delay, on-time performance,
reactionary delays, delays per flight (gate-to-gate view), arrival delays, additional time in the arrival
sequencing and metering area, departure delays, surface taxiing delays, and passenger delay minutes
(cf. O’Flynn (2016)).



2.2. Weather data

Weather conditions are usually recorded at each airport using the Meteorological Aviation Rou-
tine Weather Report (METAR) (Administration, 2016). METARs are reported in combination with
Terminal Aerodrome Forecasts (TAFs). While TAF provides forecast values for the next 6 hours,
METAR data are usually measured every 30 min. The update interval of a METAR weather report is
not harmonized and implemented differently worldwide. For example, a METAR message is released
every half an hour at larger German airports (20 min past and 10 min to the full hour). The
Unscheduled Special Weather Report (SPECI) is another format representing significant changes in
airport weather conditions. Current and historical weather data are accessible at different publicly
available websites. In addition to information about the location, the day of the month, and the
UTC-time, METAR contains relevant information for airport operations, such as wind speed and
direction, visibility, precipitation, clouding, air temperature, and pressure.

An exemplary METAR message is provided in Tab. 1 and contains the following information: (a)
LGW, 215 day of the month, time 08:20 UTC, (b) wind direction 310 degrees, wind speed of 13
knots, (c) a visibility of 3000 m, broken sky, (d) light snow, (e) temperature -1°C, dew point 0°C,
and (f) sea-level pressure of 1003 hPa.

Table 1: Main components of Meteorological Aviation Routine Weather Report (METAR) message.

Example: EGKK 2108207 31013KT 3000 -SN BKN006 M01/00 Q1003
Parameter Measurement METAR Code (Example)
wind direction azimuth in degrees/speed [kn] 31013KT

visibility horizontal visibility [m] 3000

precipitation significant weather phenomenon —SN

cloud cover/height*100 [ft] above aerodrome level BKN006

temperature  air temperature/ dew point [°C] MO01/MO00

pressure sea-level pressure (QNH) [hPa] Q1003

Fig. 3 depicts general weather information derived from METAR massages of LGW for the first
60 days of operations in 2014.

Besides this general weather information, additional measurements were available related to
adverse weather situations, such as information about wind gusts, runway conditions (e.g., ice
layer), thunderstorm-related cloud formations, or measurements of runway visual range. The use of
METAR weather records for data analysis demands a comprehensive analysis since the data provider
does not assure the data integrity. Typically, the data (partially) lacks significant information, such
as wind data, dew-point data, runway condition information (e.g., depth of deposit), or incomplete
information about airport runway conditions.

For the following analysis of the weather-performance correlation, the METAR messages are
parsed and filtered to enable a quantification of the weather measurements regarding their im-
pacts on the aviation domain. Eurocontrol provides a framework for measuring airport airside and
nearby airspace performance for this quantification (Performance Review Commission, 2009). Here,
weather conditions are generally separated into nominal, degraded, and disruptive conditions with
an increasing impact on airport performance. Furthermore, the ATMAP algorithm was developed to
describe weather conditions at European airports, considering expert judgments and allowing quan-
tification of current weather conditions (Eurocontrol, 2011). We implemented the ATMAP approach
to show how weather conditions can affect airport operations.
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Figure 3: Weather data from the first 60 days of 2014 at LGW.

2.8. Concept of the ATMAP algorithm

The following definitions are used in applied the ATMAP algorithm (Eurocontrol, 2011): weather
phenomenon is a single meteorological element that impacts the safety of aircraft during air and
ground operations; weather class is a group of one or more weather phenomena affecting the airport
performance; severity code is a ranking number of the weather class status (from best to worst);
coefficient represents the assignment of a score to a given severity code to describe the nonlin-
ear behavior of various weather phenomena (zero is the default value for nominal conditions). A
multi-step procedure is proposed to determine the ATMAP weather score: in the first step, a given
METAR observation at the airport will be assessed by specifying the severity code and its associated
coefficient for each weather class. This METAR message is parsed, filtered, and transformed to the
quantified measures (coefficients). In a second step, these weather class coefficients are summed up
to the corresponding ATMAP score (per METAR message). Finally, for a given time interval (hours of
operations), the sum of all ATMAP scores are divided by the number of METAR reports to calculate
an average ATMAP score per time interval (e.g., per hour, per day).

The ATMAP algorithm quantifies and aggregates major weather conditions at airports, signif-
icantly impact airport operations. Five different weather classes with a significant influence on
aircraft and airport operations include: (1) visibility and cloud ceiling; (2) wind; (3) precipita-
tion; (4) freezing conditions; and (5) dangerous phenomena. In Tab. 2, these five different weather
classes are shown, described with meteorological conditions, and linked to the associated maximum
coefficient defined by the ATMAP algorithm. Compared to the other weather classes, dangerous
phenomena have a particularly high impact on airport operations, resulting in the highest coeffi-
cients. For both towering cumulus clouds (TCU) and cumulonimbus (CB), the ATMAP coefficients
are depending on the cloud coverage (FEW, SCT, BKN, OVC) and range from 3 to 10 (TCU) or 4
to 12 points (CB). Showery precipitation and intensive precipitation can lead to a further increase



in coefficient values up to 18 (TCU) or 24 points (CB). Other dangerous phenomena with an impact
on safe aircraft operations can be divided into three groups with 30 points (heavy thunderstorm),
24 points (e.g., sandstorm, volcanic ash), and 18 points (small hail and/or snow pellets).

Table 2: Weather classes defined in the ATM Airport Performance (ATMAP) algorithm.

Weather Class Description Meteorological Conditions Coefficient

(1) ceiling and visibility deterioration precision approach max. b
of visibility runways (CAT I-III)

(2) wind strong head- Wind speed max. 4
/cross-wind > 16 knots (+gusts) (+1)

(3) precipitations runway friction e.g., rain, max. 3
influencing runway (4/—) snow,
occupancy time frozen rain

(4) freezing conditions reduced runway T < 3°C, max. 4
friction, visible moisture,
de-icing any precipitation

(5) dangerous phenomena unsafe ops, TCU/CB, max. 30
unpredictable cloud cover,
impact (+/—) shower, storm

In Tab. 3, an example METAR report from London—Gatwick Airport is given to show the trans-
formation from the raw METAR message to a quantified ATMAP score (cf. Tab. 1). The given
METAR report is evaluated by specifying the severity of the specific meteorological condition and
the associated coefficient for each of the five weather classes. These particular weather coeflicients
are summed up to the corresponding ATMAP score.

Table 3: ATMAP weather score is based on local airport METAR messages (London—-Gatwick Airport).

Example message: EGKK 2108207 31013KT 3000 -SN BKNO006 M01/00 Q1003

Weather Classes ATMAP
Visibility Wind Precipitations Freezing Dangerous  Score
METAR 3000 31013KT —SN MO01/00, —SN -
ATMAP 0 0 2 3 0 5 (sum)

2.4. Flight plan and weather data

The introduction of the ATMAP algorithm (Eurocontrol, 2011), and a first application of the
algorithm to evaluate the effect of weather events on airport performance on a European scale
(Schultz et al., 2018) emphasize a correlation of the on-time performance of flights with the present
weather at airports by using 20.5 million flights and local weather data. In this contribution, we
set a focus on the LGW because two major benefits could be observed: (1) the absence of parallel or
cross runways allows an isolated impact analysis, and (2) the high utilization of the single runway
close to its maximum capacity leads to an intermediate system response when weather conditions
change. When the ATMAP algorithm is applied to the first 60 days of operation in 2014 at LGW,
wind and dangerous phenomena will be identified as the most severe weather classes (Fig. 4).

A more comprehensive picture of airport performance dependencies and weather conditions
arises if scheduled/actual flight plan data and weather data are combined. Fig. 5 (left) provides
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Figure 4: Corresponding ATMAP weather score for the first 60 days in 2014 at LGW.

an example of how the delay at the airport increases rapidly to 795 minutes (accumulated delay
minutes from all flights in 1 hour) at the beginning of the day of operations due to a 2 hour upstream
period of fog (hourly ATMAP weather score of 5). The observed delay is different from a situation
with nominal weather conditions, where the delay generally does not exceed 400 min. The data
from LGW also confirm that the impact of weather events on airport performance is even higher
with an increasing severity level. Fig. 5 (right) exhibits the operational consequences of 4 hours of
thunderstorms and rain (06:50 - 10:20 hours) in the vicinity of the airport. Since the traffic demand
is increasing due to this time, the accumulated delay could only be reduced slowly over the whole
day and affects almost all aircraft operations.
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Figure 5: Airport performance data (delay minutes) and ATMAP weather score at LGW airport for 3"¢ September
2014 (left) and 28" July 2014 (right). The graphs show a disruptive weather event (peak of black line) followed by a
severe delay.

3. Modular Machine Learning Approach

Our approach differs significantly from the basic considerations made by the prior introduced
ATMAP algorithm, where expected impacts on airport operations are associated with five weather
classes. These classes are assumed to be independent and universal for European airports, but are
not related to specific airports or regions. We have a critical view of this, as an airport’s location



and meteorological conditions have a significant impact on its performance. Therefore, we aim to
address these issues with our machine learning approach and focus on two core features during
the model development: the model must be impact-based by linking effects to their causes. The
model must be adaptive by enabling an airport-specific assessment. Accordingly, in our approach,
we transform the weather categorization into an inverse problem and derive the triggering causes
(weather) from the observed airport performance (output) by applying the following steps.

(1) data preprocessing of flight schedules/ weather data (Sec. 3.2)
e feature selection, choice of Performance Indicator (PI), Key Performance Indicator (KPI)
e clustering, class creation of impact data
(2) machine learning model as mapping function (Sec. 3.3)
e model creation, parameterization and setup
e model training, application of models to data
(3) evaluation of the machine learning model (Sec. 3.4)
e validation, cross-validation using prediction results
e cxtraction, knowledge about input importance
Due to a large amount of data, non-linear time series, and interdependencies, self-learning
algorithms are used. We assume that these algorithms offer opportunities for independent, complex
solutions to similar problems. In this case, an Artificial Neural Network (ANN) serves as an adaptive
intermediate model to process weather and airport performance data (see Fig. 6 - the numbers
correspond to the three model steps explained above). The selection of features in this dataset
can be done algorithmically or by using expert knowledge (Sec. 3.2.1). The same applies to the

classification of impacts on airport performance (Sec. 3.2.2). The neural network itself is determined
by its parameters, its structure, and the range of data available (Sec. 3.3).

hyperparameter

Artificial Neural Network I 3

splitted datasets
A A

Figure 6: Outline of the process of data classification. The ANN is algorithmically optimized as the central model for
determining the prediction and importance of the features. The data are selected and prepared by expert knowledge
or algorithms.

10



3.1. Classification with Neural Networks

Classification is about predicting a label and regression is about predicting a quantity. Clas-
sification predictive modeling provides an estimate for a mapping function f from an input X to
an output Y. The output variables are termed labels or categories. The mapping function predicts
the class or category for a given observation. Classification problems can be solved by a variety of
methods within and outside machine learning. They all have advantages and disadvantages, and
their applicability depends on the particular application. An example is the paradigm of Support
Vector Machines (Cortes and Vapnik, 1995). Neural networks also offer the opportunity to classify
non-linear, multivariate data. Thus, it is possible to build adaptive decision support that delivers
complex but fast outputs to specific input sets. This is why we focus on neural networks in our
application.

There are two main neural network approaches that are suitable for time series classification
and have been proven in various applications. These are Convolutional Neural Network (CNN)
(Goodfellow et al., 2016) and Recurrent Neural Network (RNN) (Hagen et al., 2014), especially
their sub-type Long Short-Term Memory (LSTM) (Hochreiter and Schmidhuber, 1997). CNN are
recommended to detect short-term correlations that have a natural order, while RNN and LSTM
perform better in deriving long-term repeated interdependencies. The reason for this is that RNN
could take advantage of the time correlation between measurements, and CNN is better at learning
deep traits contained in recursive patterns (Wang et al., 2018). The benefit of using LSTM for
sequence classification is that they can learn from the raw time series data directly. In turn, they do
not require domain expertise to manually engineer input features. The model can learn an internal
representation of the time series data and achieve comparable performance to models that are fitted
on a version of the dataset with engineered features.

We consider the following definitions for the machine learning application in our approach.

e The (actual) air traffic system is to be understood as dynamic system! (Reitmann, 2013). It
is defined by a state space M, which is initially the R™ or an open subset thereof, and a one-
parameter family of figures o' : M — M, where the parameter ¢ comes from R (continuous
time). The total time set corresponds to I' and includes all time points ¢ which were used to
measure the ATM (sub)system. ¢ are those figures which cause a time-dependent change of
the system (and thus of the characteristics) and which are to be examined with the help of
the ANN.

e An ANN is a directed graph G = (U, ('), whose nodes v € U are neurons and whose edges
¢ € C are connections (Kruse et al., 2015).

e The set U of nodes is partitioned into the amount U, of input neurons, the amount Uy, of
the output neurons, and the amount Up;ggen of hidden neurons.

e The base set A denotes a set of examples which are used for the learning and assessment
process of an ANN.

e The indicators or characteristics over which the data were aggregated are called features in
the following. Let = be the set of features available in the data. The PI/KPI used as features
in the simulation form the set =, where = C =. The total amount of existing features PI/KPI
form A.

taccording to which a dynamic system is a mathematical object for the description of the time evolution of physical,
biological or other real existing systems.
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e As training data Ayrein € A refers to the data used to adjust the network. Validation data
Avatia € A, on the other hand, are excluded from training and are used for the unbiased
evaluation of the network capability, while hyperparameters of the network can still be varied.
The test data set Aiest € A is used to evaluate the model after final training, based on the
Airain used.

o A (fixed) learning task Ljzeq for an ANN with n input neurons, i.e. Uy, = {u1,...,u,}, and
m output neurons, i.e. Uy = {v1,....,Um}, is & set Lyigeq = {l1,....,0:} | = (z® o), each
) 0 0 O]

consisting of an input vector ) = (exty], ....exty,)) and an output vector o) = (0y/, ..., 0,
(Kruse et al., 2015).

3.2. Data Preparation and Clustering

To enable the process of classification, the target data streams must be labeled. The label cre-
ation can be done algorithmically or added with expert knowledge. The labels of the target variables
should represent impact categories of the severity of the respective effect on airport performance.
Using the general example of flight delays, it is expected that a deviation from the flight plan by
—5 min to 15 min (on-time) will not have a significant impact on the airport performance (Euro-
control, 2007). Further categories can be found that capture the severity of increasing deviations
(delays). This, in turn, is an individual value that refers to the specific airport and demand/capacity
conditions there. This form of label creation requires local expertise. It should also be noted that
the exclusive consideration of delay is a one-dimensional target label. In this case, the creation of
intervals is recommended?.

A predicted delay is continuously carried along in the input vectors for the ANN. The other
characteristics used for the forecast (traffic demand, weather) can be used since their future is given
by flight plans and weather forecasts. This form of data reconstruction transfers the multilevel
prediction into formal modeling. If the time series of the attributes are scaled differently due
to their diversity, many machine learning algorithms can benefit from rescaling to a uniform scale
(normalization). Attributes are scaled in the range between 0 and 1, which is useful for optimization
procedures in the core of machine learning algorithms (e.g., gradient descent). At the same time
standardization is applied, a technique for converting attributes with a Gaussian distribution and
different p and o to a standard Gaussian distribution with values of ¢ = 0 and ¢ = 1. This
is suitable for techniques that assume a Gaussian distribution in the input variables (e.g., linear
regression).

3.2.1. Feature Selection

The selection of the features is an essential part of the modeling and mapping process of an
ANN. Only information stored in the data that is reflected by the selected features can be learned.
This can lead to the fact that the ANN calculates very good results, which, however are based on
correlations, which are not present in the real system®. Feature selection is a process that selects the
features in the data that contribute most to the predictive variable or output. Irrelevant features in
the data can affect the accuracy of many models. Feature selection offers three advantages: reduced
overfitting (less redundant data means and fewer decision-making options), improved accuracy (less
misleading data), and reduced training time (less data means algorithms train faster).

2In the course of an extended experiment, a two-dimensional classification was applied using a further variable
(Reitmann et al., 2019). Here, the classification procedure was turned into a clustering based on k-means and fuzzy
c-means algorithms.

3For example, an ANN can correlate aircraft color and taxiing speed as long as they are the two selected charac-
teristics, but this correlation can be rejected by a causality check.
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There are two basic ways to approach the problem of feature selection (see Tab. 4). First,
expert knowledge from the real system is transferred, and a selection of specific features can be
made based on previous knowledge of the system and its data representation. Thus, a reduction
of the weather features from METAR and TAF messages can be made from empirical values about
meteorological conditions. Second, analytical methods are used to examine the data basis and test
possible correlations. For multivariate approaches, exploratory analysis offers a wide range of options
to investigate correlations, causalities, and visual representations. Properties of the individual
time series, which are important for modeling steps, are also mapped. In addition, methods are
known which either independently select features (Recursive Feature Elimination (RFE) (Kuhn and
Johnson, 2013)) or reduce the data basis (Principle Component Analysis (PCA) (Bishop, 2007)).
The latter is not recommended for the prediction of certain values, since here a reduction to linear
combinations of the original data set is performed.

Table 4: Problem specific and analytical methods for feature selection. Problem specific selection is suitable if sufficient
knowledge of local conditions at an airport is available.

Application form Method Comments

problem-specific  expert knowledge prior knowledge of relevance of the PI/KPI
problem-specific ~ explorative analysis statistically provable/detectable influences
analytical variance threshold selection according to the limit for o2

analytical k-best selection according to univariate statistical tests
analytical RFE recursive observation of decreasing =

3.2.2. Data Splitting and Data Choice

After determining which attributes of the dataset will be used as features to work on the problem,
it is necessary to define which data will be used for training (Ayqin ), validation (Ayqiq), and testing
(Atest) of the ANN model. In the training, the actual adjustment of the parameterization of the
network takes place; the validation can be used to compare different network configurations with
each other; the test evaluates the mapping capability from the input to the output. The learning
tasks L presented in Sec. 3.1 can be derived from different perspectives. For example, it is possible
to form a generally valid ANN, which takes the learning tasks L without any restriction from all
procedures. However, it is also possible to use a L from a base set of a specific procedure and to
apply it only to that procedure. Tab. 5 exhibits the assumptions we made in our approach.

Table 5: Data choice criteria depends on the area of application.

Scope Division criterion Example or note
LGW all data without restrictions

limit separation split by METAR indicator or KPI
specific use cases airport specific according to exploratory analysis

. . 2 kd 2 k d
time-specific Aweerday - Nweeken

Considering that one day is the smallest indivisible unit (and thus represents one L each), 365
days a year can be categorized according to different criteria. For example, a simple limit separation
is possible, which refers to a specific weather factor or an operative KPI. It is also possible to bundle
data that does not refer to the weather but to the dynamics of the ATFM at the respective airport
(e.g., consideration of special traffic peaks, exceptional situations, differentiation between weekdays
and weekends). In return, prior knowledge about the airport can be applied, which is incorporated
into airport-specific data filtering.

13



Identification of similar days is complex, especially for the application in ATFM. In this paper,
similarity is understood as a similar temporal course of a KPI or weather value. Methods for the
type and form of data set separation are as diverse as they are problem-specific. Similar days
of operations can be defined by capacity and demand data and are subject to different clustering
approaches. Using a PCA as authoritative clustering method (Gorripaty, 2017), a comparison of days
by traffic demand seems to be useful but inappropriate concerning the possibilities of the dataset.
In time series analysis, Dynamic Time Warping (DTW) (Miiller, 2007) is an important algorithm
for measuring the similarity between two temporal sequences. Fig. 7 depicts the comparison of
Arrival (ARR) and Departure (DEP) movements at LGW.
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Figure 7: Comparison of movements (ARR + DEP) at the airport LGW by DTW in April 2015 for ten similar days
(applying a maximum Euclidean distance of 130 as difference of the demand sequences over 24 hours ).

Similarities in traffic demand could be found with the DTW, even if there were variations within
the individual demand sequences. Sequences of similar delay courses can be identified. In the DTW,
the Euclidean distance is used as a cost function. The comparative analysis is limited to the traffic
demand (Gorripaty, 2017), which can be derived from the flight plan data. The concentration
on traffic demand refers to the idea that the system excitation is compared, not the respective
system behavior indicated by the flight delay. An ANN training based on similar data can lead to a
generalization in which the network increasingly concludes that the output is uniform regardless of
the type of input.

3.3. Machine Learning Model

The topology of the ANN consists of layers. Creating the ANN model structure means finding
values for the number of layers of each type and the number of neurons in each of these layers. To
ensure the generalization capability of the network, the number of neurons should be kept as low as
possible. If there is a large surplus of neurons (and nodes within the network), the ANN becomes a
memory that can retrieve the training set well but does not work well with data outside the training
set (Lawrence et al., 2001).

Each of the ANN used has exactly one input layer consisting of a set of neurons Uy, determined
by the shape of the training data. In particular, the number of neurons that comprise this layer is
equal to the number of features of the data. Some ANN configurations add a node for a bias term.
Parallel to the input layer, each ANN also has exactly one output layer. The number of neurons
Uoutput is determined entirely by the chosen model configuration. Suppose the ANN is a regressor
or classifier. In that case, the output layer has one node (univariate prediction) or several nodes
(multivariate prediction), which depends on the dimension of the output vector. Besides the input
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and output layer, the number of hidden layers can be defined by the following basic rules (Heaton,
2008).

e 0 - ANN is capable of representing linearly separable functions or decisions.

e 1 - ANN can approximate any function that contains a continuous mapping from one finite
space to another.

e 2 - ANN can represent any decision limit for any precision with rational activation functions
and approximate any smooth mapping to any precision.

A hidden level is sufficient for the vast majority of problems. The situations where performance
improves with a second (or more) hidden layer are rare. Looking back at the finite state space M
and the characteristics of the figure ¢ allow the specification of a hidden layer. Finally, the question
about the appropriate number of hidden neurons Up;qgen forming the hidden layers arises. There
are some empirically derived rules of thumb (especially Heaton (2008) should be mentioned here),
of which - based on their positive results in experiments - are frequently used:

Uoutput S Uhidden S Uinput- (1)

From empirical values from (Hagen et al., 2014) the following quantification rule for the number
of hidden neurons Up;qgen, can be derived, which specifically refers to the amount of data:

#A
, : (2)
Qv ox (Umput + Uoutput)
The power of the training data #/ refers to the learning patterns [ and not to the number of
learning tasks L, and « is a scaling factor between 2 and 10. This sensitizes the ANN to generalization
and prevents overfitting.

Uhidden =

3.3.1. Hyperparameter

In addition to the creation of the model structure, the initialization includes the initial param-
eterization of the ANN (Sutskever et al., 2013). To control the efficiency of the learning process,
hyperparameters have to be set, such as a learning rate n and the batch size. The time needed
to train and test a model may depend on the choice of the respective hyperparameter. For ANN,
hyperparameter optimization describes the problem of selecting a set of optimal hyperparameters
for a learning algorithm to form a model. The same type of ANN paradigm may require different
constraints, weights, or learning rates to generalize different data patterns (e.g., the same RNN
paradigm may require different parameters for various airports). To help the model solve the prob-
lem best, hyperparameter optimization finds a tuple of hyperparameters that defines an optimal
model for minimizing a predefined loss function for given independent data. The objective function
takes a tuple of hyperparameters and returns the corresponding loss. The cross-validation is used
to estimate the generalization power (Kuhn and Johnson, 2013; James et al., 2013). The grid search
is a technique for optimizing hyperparameters in the model (Claesen and Moor, 2015; Bergstra and
Bengio, 2012). In our approach, we focus on the following set of hyperparameters:

e batch value and nepochs (adjustment of the [ sequence length and the number of epochs),
e selection of the optimizer,

e 7 (adjustment of the learning rate),
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e Upidden (adaptation of the network structure, especially the number of hidden neurons), and

e dropout rate (reduces overfitting).

The training of the used ANN is based on the gradient descent method (see Ruder (2016)). There
are three variants of this approach, which differ in how much data is used to calculate the gradient of
the objective function (Batch Gradient Descent (BGD), Stochastic Gradient Descent (SGD), Mini-
batch Gradient Descent). While with BGD an update is performed after the complete data set,
with SGD this is done for each training pattern [. The mini-batch gradient descent combines both
methods. Consequently, the SGD optimizer is used with variable batch size and can thus be variably
adapted to the conditions of the data set via further optimizers. We focus on optimizer Adam
(Kingma and Ba, 2014), an extension of SGD.

3.4. Extraction of Input Influences

The extraction of feature importance provides a highly compressed, global insight into the be-
havior of the ANN. The importance measurement automatically considers all interactions with other
features so that by changing the features, the interdependencies also have an influence. This means
that the importance measurement must include both the main feature effect and interaction effects
on the model performance. To determine the relevance of individual features in an ANN-based sys-
tem, various methods are described in the literature (Garson, 1991; Olden et al., 2004; Gevrey et al.,
2003). Omne hurdle is that the structure of more complex ANN; i.e., mainly of RNN structures, can no
longer be described by methods that use the parameters of the network. Therefore the model must
be stimulated with test signals and the output must be examined (this corresponds to the basic
procedure of sensitivity analysis). Thus, the method described here thus represents an extension of
robustness testing and leads to an evaluation of the variable influence in an ANN.

A distinction can be made between methods that are dedicated to the direct parameterization
of the ANN and those that record the ANN as unknown in itself (black box) (Olden et al., 2004).
Parameter-bound methods are limited to simple Multi Layer Perceptron (MLP) and are initially
not considered because of the primary use of RNN. Therefore, algorithms based on the idea of
sensitivity analyses are used, which act superordinate and observe and analyze the reaction of the
system’s outputs through various stimuli. Methods that refer to the weightings within the network
and are therefore applicable to MLP are Garson’s algorithm and the connection weights method.
Garson derives hidden-output connection weights in components associated with each input neuron
using the absolute values of the connection weights (see Garson (1991); Gevrey et al. (2003)). The
connection weights method calculates the product of the raw, input-hidden, and hidden-output
connection weights between each input neuron and output neuron, and sums the products over all
hidden neurons (Olden and Jackson, 2002). Using partial derivatives of the ANN output in relation
to the input neurons, a solution for determining the importance of inputs can also be derived for
feed-forward paradigms (Dimopoulos et al., 1999).

For our research presented, we apply the Permutation Importance method (Breiman, 2001;
Altmann et al., 2010) because this is an appropriate heuristic for recurrent structures with low
computational effort and avoids the hurdles mentioned before. Permutation importance is one form
of extracting knowledge of different kinds of neural networks, also of complex recurrent structures.
As we not only use feed-forward networks, which could be explained by using parameter-based
methods, we need a heuristic approach, which is computationally cheap and applicable to all kinds
of neural networks. As a method to extract feature importance, permutation importance is one
approach, which matches our requirements. We measure the importance of a feature by calculating
the increase in the model’s prediction error after permuting the feature (implemented with MLxtend
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python library (Raschka, 2018)). Since this is calculated after an ANN has been adjusted, neither
the ANN nor the predictions obtained for a given A input quantity are changed. Instead, individual
columns of validation data are randomly shuffled, with the remaining data remaining constant. In-
fluencing the accuracy of the prediction determines the relevance of the feature. Random reordering
of a single column should result in less accurate predictions since the resulting data will no longer
match the sequences observed in M. Model accuracy suffers particularly when a column of a feature
is shuffled, which has a high relevance to the ANN in predictions. For example, this is likely the
case for traffic demand, where mixing will lead to inaccurate predictions. The process of feature
extraction works as follows:

1. Preservation of the trained ANN.

2. Merging the values in a single column of a feature, making predictions with the resulting data
set. Compare these predictions and the former predictions to calculate how much the loss
function has suffered from the mixing. This performance degradation measures the importance
of the feature.

3. Restoring the data to the original order (undoing the randomization of step 2.) Repeat step
2 with the next column in A until the meaning of each column has been calculated.

4. Model Application

We have implemented the neural networks described above in Python 3.8.3 using the open-source
deep learning library Keras 2.4.0 (Chollet et al., 2015) (frontend) with open-source framework Ten-
sorFlow 2.2.0 (Abadi et al., 2016) (backend), Scikit-learn 0.23.1 (Pedregosa et al., 2011) (additional
machine learning modules) and Scipy 1.4.1 (Jones et al., 01 ) (routines for numerical integration
and optimization). Training and testing were performed on GPU (NVIDIA Geforce 980 TI) using
CUDA as a parallel computing platform and application programming interface. Similar experi-
ments have also been carried out for regression applications, in which RNN models were used to
predict delays (cf. Reitmann and Schultz (2018)).

Our investigations focus on the correlation between traffic demand, flight delays, and the impact
of weather conditions at LGW. Four scenarios were defined to cover different aspects (see Tab. 6).
The scenarios differ mainly in the choice of different weather conditions for filtering the data for
training and testing (A¢rain, Atest). Thus, scenario B is additionally divided into two sub-scenarios
to train and test good and bad weather days separately (using a decision value of 1.5 ATMAP weather
score (Eurocontrol, 2011)), and scenario C consider days of similar traffic demand.

Table 6: Basic definitions of the scenarios within the applications.

Scenario Description Trained days Atrqin and predicted days Asest
A no restrictions A

B1 weather split A\ bad weather

B2 weather split Agood weather

C similar demand similar traffic demand (DTW)

4.1. Data preparation

The first step in the application is to prepare the raw data for use in machine learning approaches.
This includes the selection of features for input and output and the classification of output. As with
clustering, there is also the option of solving the selection of features algorithmically or relying on
expert knowledge. Feature selection for the following applications is made with expert knowledge.
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All weather input features are numerically accessible factors of the METAR dataset (see Tab. 7).
Airport performance is decisively determined by the relationship between demand and capacity,
with weather events having a significant impact on airport capacity. An imbalance between the
traffic demand (scheduled movements) and actual movements results in delays, which are added as
an airport performance indicator. To provide an overview of the data, figure 8 comprises the mean
values for arrival and departure delays of the observation period at LGW.

80 35 ]
10 ' $h00ete ot 148 otgeeld
o 3, ¢ 0.3 3¢ RS 30 3!‘ .‘"000 ! o‘ ! 11
L LR o detglettt ] e RN
. ‘0 =) e
= 60 . £ ‘”‘oh I L
B il £ i, o A
E_ e e >, 8, +0%38 t
> 50 44 4 N { RS § sefty e '
g N i 320 ¢ °33 4l
L0 1] ° 499
g, ¢! 515 ‘;:“,0 '
230 8 444 = e8I I3 | g
= 1 =] 3. 030 ¢ 1l 1 H
= 0" HH 210 !‘ H
€20 I o 444 i
3 '0‘0 ‘ 1 < g3 ‘ |
' < “‘ t 1
10 ¢ 5 “” .! '—I
0
0 ' ‘ 0 —————L
00:20 04:20 08:20 12:20 16:20 20:20 00:20 04:20 08:20 12:20 16:20 20:20
time of the day time of the day

Figure 8: Boxplots of the average mean values (u) for ARR (left) and DEP delays (right) for LGW in the 2014/2015
observation period.

Particularly noticeable are the large number of delay outliers in the early morning hours until
about 04:20. In the same period, however, the demand is at a low level, so that mainly external
backgrounds for the delay have to be assumed here, which could further complicate an appropriate
modeling.

4.1.1. Feature selection

Qualitative descriptions of weather conditions have been removed from the recorded weather
features at LGW and only raw data from the METAR messages were considered. In this way, a link
to the output value is present, ensuring that only weather factors with appropriate relevance within
I' are considered. Variance threshold (see Sec. 3.2.1) is used for the algorithmic feature selection.
Finally, the input features used in Z are shown in Tab. 7. The main goal of this parameter reduction
is to avoid overfitting and improve the accuracy of the ANN. The operational conditions at the
airport are described by the air traffic demand (narrivals_scheduled, Ndepartures_scheduled)- Overall delay
is used as output in multi-class classification and ARR/DEP delay is used for binary classification.

Table 7: Selection of feature sets = to specify METAR and ATFM input data.
Set Input features

METAR = wind direction [°], wind speed, visibility, tem-
perature, rain
ATFM £ traffic demand, mix of ARR-/DEP movements

Although the expert-based ATMAP approach also incorporates weather features, such as gusts or
cloud cover, these features were not found to be significant for the LGW use case. Statistical analysis
shows that only in 0.2% of the observations cloud ceiling information is not covered by information
conducted from the indication of rain and the visibility (> 1.5km). Furthermore, 93% of gusts occur

18



always in combination with rain, which means that an essential correlation is already ensured with
the use of the rain indicator. At this point, our feature selection exhibits its potential to provide a
focused solution for specific airports. However, it must also be said that the ATMAP algorithm was
an attempt at a general, quantified assessment of weather phenomena concerning average operations
at European airports. An appropriate comparison of these two different approaches is not really
useful due to the different levels of detail and scope of application.

Both delay and the deviation of nfiignts actuar from nfiights schedulea can be used as output. It
should be noted that the METAR data is provided at 30 min time intervals and the output values
need to be mapped to these slots since a uniform database is indispensable for the learning process.
Either the METAR data is mapped to a single flight event, or the events are aggregated to the 30
min slots of the weather data. Since we consider the constant 30 min time slots as an advantage in
the learning process, we have decided on the second variant. As an aggregated value, the average
absolute delay as the deviation from the scheduled time to the actual time is used. The deviation
Aflights = n flights_scheduled — T flights_actual 1S calculated absolutely per 30 min time slot.

For improved prediction and general estimation of effects within the ATFM, the prediction of
delay values is transferred to a predictive classification, which is why the target values must be
classified. The basic class reaches from —5 to 15 minutes, which is defined as punctual or on-time
(Eurocontrol, 2007). This case is a binary classification®. The classifications over more than two
classes are derived based on the distribution functions of the delay values. For the I' period under
consideration this is exhibited in Fig. 9 (left). It can be seen that for DEPT the basic class [-5, 15]
covers a large part of the data. Thus 22,422 usable data tuples are available, of which 18,365 can
be assigned to the basic class, which corresponds to 81.9% of the values.
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Figure 9: Distributions of average delay at LGW 2014/2015 (left) and exemplary delay categorization (blue - raw
data, grey - categorized) (right).

It is desirable in the course of classification that the thickness of the categories does not differ
significantly. For this reason, the thickness specified in Tab. 8 is used, which makes the experiment
more granular, but takes into account the characteristics of the data set for ARR and DEP movements.
For DEP this division corresponds to a 5 minute division within the basic class, as well as two
boundary classes (< —5 and > 15), for ARR the interval steps vary. A granular classification is
expected to be successful for DEP delay, while the binary classification supports the already difficult
ARR classification. Both granular interval approaches still allow for the consideration of the basic

4The basic class is defined as punctual, all delay values outside as unpunctual. It is not considered whether the
delay value is below the lower limit or above the upper limit of the interval, which results in two classes.
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class (for ARR this corresponds to the labels 1 and 2, for DEP 1 to 4). The smallest interval in each
case id (—5,0] and contains only delay values of 0 since negative delays are defined as zero delays
in the LGW dataset. Fig. 9 (right) exhibits an exemplary section of classified data from 18.02.2014
to visualize the approximation of the original data by the applied classification. It can be seen that
if the base class (—5, 15) was used exclusively - with three exceptions - a uniform class value would
be assigned. This corresponds to the overall picture of the data set and underlines the necessity of
a differentiated division of class boundaries.

Table 8: Categorization intervals and thicknesses of the data sets for the airport LGW in the limited observation
period I' = [04/2014, 08/2015] for multi-class (left) and binary classification (right). It should be mentioned that
there is an imbalance between ARR and DEP. During the study period, 1056 more ARR than DEP movements were
recorded.

[min] |[DEPT| Label |ARR!| [min]
(=50 5,663 1 3,916 (=5, 0] [min] |[DEP'| [ARR'| Label

(0,5 2,067 2 5,380 (0, 15]
(5,10] 5,866 3 4,600 (15,25] ((155;5)] 1ig§? ggzg [1)
(10,15 4,769 4 4,560  (25,40] Z R
(15,00) 4,057 5 2,850 (40, 00) ’ )
22422 5. 23478

4.2. Neural network setup

The structure of ANN for classification differs essentially from models of regression (Reitmann
and Schultz, 2018). This is also because other paradigms (CNN) and hybrid structures are used
in our experiments. Thus, CNN-based networks have proven to be advantageous for classification.
However, concerning the data basis and the results achieved in previous experiments, the use of
recurrent structures is advantageous for the interdependencies of the characteristics. For this reason,
besides the pure CNN and LSTM, the hybrid structures of a CNN-LSTM and a Convolutional LSTM
(ConvLSTM) are used in the following. Tab. 9 comprises the structure of the ANN for the classification
(left), as well as the set sets of hyperparameters (right), from which optimal combinations for the
networks are derived using grid search.

Table 9: Structure of the ANN (left) and hyperparameter for the grid search (right) of the classification.

A é = go P Hyperparameter Range of values
27 E g5 2 ¢ batch value [20,40,60,80,100]
8 Og 'ﬁ 2 Q? E é) Nepochs [10’100]
g B ox optimizer [Adam,Adamax]
O = learning rate 7 (0.001, 0.01, 0.1]
LSTM - x X X momentum o 0.0, 0.2, 0.4, 0.6, 0.8, 0.9]
CNN X X x x X Uhidden [10, 100, 500, 1,000]
CNN - LSTM - x x X x ox X dropout rate 0.0, 0.2, 0.4, 0.6, 0.8, 0.9]
ConvLSTM X X X X

The CNN-based folded networks consist of ConvlD and MaxPooling1D layers arranged in a stack
with the required depth. ConvlD layers interpret snapshots of the data basis, and the pooling layers
condense/abstract this interpretation. This is how the ANNs from Tab. 9 (left) transform the input
data into its own vector or matrix interpretations. MaxPooling bundles these interpretations and
reduces the output. The flattening layer takes the reduced output and transforms it into a vector
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that leads to the output via via a dense layer. While the CNN-LSTM is a combination of two separate
layers, the ConvL.STM consists of a special ConvLSTM2D layer. This is a recurrent layer, just like
the LSTM, but internal matrix multiplications are exchanged with convolution operations.

4.8. Model fitting and evaluation

The ANN for the classification consists of a complex structure with several layers and a high
number of hidden neurons (Up;dden). Adam and its variant Adamax are the best performing opti-
mizers in the current context. The results of the grid search for the hyperparameter optimization
are shown in Tab. 10.

Table 10: Hyperparameter for the ANN application in the classification.

ANN Hyperparameter
config I LSTM Batch = 40, nepocns = 50, optimizer = Adamax,
fact = softmax, dropout = 0.4, Up;gden, = 200
config I CNN Filters= 64, Kernel= 3, MaxPool= 2, Ufense = 10

config IIT CNN-LSTM U,lfi%en = 100, Filters= 64, Kernel= 3, MaxPool= 2,
Ufre = 100

config IV ConvLSTM  Filters= 64, Kernel= 3, Batch = 40, ncpocns = 50, foer = ReLU,
optimizer = Adamax, dropout = 0.4, Up;dden, = 500

The sparse categorical cross-entropy (multi-class) and the binary cross-entropy (binary classes)
are used as cost functions for the classification. Tab. 11 contains the accuracy values for training and
validation data for the classified output data. The classification is applied specifically to scenario
B (weather dependency) and refers to the delay of ARR and DEP movements. The best results
from Tab. 11 are achieved by using the CNN, thus confirming the assumption that this paradigm is
appropriate for classification. Nevertheless, the hybrid structures that also contain CNN components
are subject to the pure LSTM (with the exception of DEP in B2), which overall performs only slightly
worse than the CNN on departure delays.

Table 11: Accuracy of the classification of LSTM, CNN, CNN-LSTM, and ConvLSTM for scenarios B1 (bad weather)
and B2 (good weather), differentiated by ARR and DEP on the basis of Ayaiid.

Scenario B1 | Scenario B2 | B1 (binary) | B2 (binary)

ARR | DEP | ARR | DEP ARR ARR
LSTM 48.9% 89.6% 39.1% 82.1% 88.3% 96.1%
CNN 55.0% 96.9% 43.3% 90.1% 90.0% 96.8%
CONN-LSTM  30.9% 74.3% 28.2% 72.6% 83.2% 83.4%
ConvLSTM  45.8% 88.2% 41.3% 87.4% 87.2% 91.5%

It should be noted that the validation accuracies from Tab. 11 include the percentage of the
correctly determined classes (label) for a subsequent time step. This is used to estimate the ANN
about the assignment of delay classes in general but is not an estimate of the predictive classification
up to this point. A specific investigation of a prediction of the classes over several time steps is part
of the following section.

4.4. Model summary

Tab. 12 comprises the forecast quality of the predictive classification for scenario B2 (good
weather). The percentage values refer to the proportion of correctly determined delay classes in the
respective time slots. Again, the figures refer to the u of repeated forecasts, with ¢ not specified.
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Table 12: Accuracy of the classification of the LSTM for scenario B2 (good weather) on the basis of Atest.

Delay Error Accuracyy1p ... Accuracyyign
ARR same class 37.4% 25.8%

A £ 1 class 69.6% 58.8%
ARRpinary same class 95.3% 72.1%
DEP same class 63.2% 50.7%

A £ 1 class 93.0% 89.9%

It can be seen that the forecast confirms the positive validation results of Tab. 11. Especially
for ARR, the reduction of the output information can improve the overall results. Thus, the binary
classification can be used to determine with 95.3% accuracy within a forecast period of one hour
whether arrivals are on time or not according to weather and demand. For a forecast period of 6
hours, this accuracy is still 72.1%. For the multi-class forecast, the accuracy decreases so that at
the maximum forecast time of 6 hours with 58.8% accuracy, the ARR delay can be predicted with
a deviation of up to one class. In the case of DEP, the delay prediction after 6 hours is accurate to
89.9% - also with a maximum deviation of one class, but smaller class widths (5 minutes, cf. Tab. 8).
Nevertheless, it was possible to qualitatively predict ARR delays even based on a less suitable data
set.

The results from Tab. 11 show that there are several appropriate model solutions for differ-
ent prerequisites, data, and configurations. The decision to use a particular depends largely on the
available data and the level of detail of the investigation. Our results show that a transfer of weather
events and performance indicators to a classified delay is useful. It should be mentioned here that
extracting knowledge from the neural network can provide added value. Suitable approaches exist
for RNNs and CNNs. Even though delays measured at airports are a product of multiple dependent
inputs, our results highlight that mapping delays and weather conditions through machine learn-
ing approaches can lead to appropriate prediction. However, it remains a challenge to determine
the contribution of each meteorological component, as is the case with the expert-based ATMAP
approach.

The trained network can be used as an adaptive decision support tool for operators, considering
local airport environment conditions such as weather data and traffic demand. While the traffic
demand is anchored in the flight plan by scheduled/estimated times for arrivals and departures and
offers a wide forecast horizon, the weather forecast is currently limited by the time horizon of the
TAF reports. This amounts to a period of 6 hrs and means a forecast horizon of 12 time slots with a
width of 30 min. This is a multi-step rather than a single-step prediction, which means that the real
value does not update the value predicted by the model over the entire forecast horizon. Incorrectly
predicted labels are carried along accordingly. Thus, the input values used to determine the delay
label are related to the window size.

A brief, representative example (Tab. 13 and Fig. 10) refers to flight plan data at LGW on 3%
September 2014. A 6-step prediction (3 hours) is performed after a start pulse of 50 slots. The
values of Tab. 13 represent the labels of the applied intervals.

The ground truth comprises the real data of LGW (labeled). The numbers in the lines of the
applied ANN types represent the predicted label by each network. Falsely predicted labels are
underlined. The advantage of neural networks, especially recurrent paradigms, is the integration of
parallel or past knowledge. Thus, errors can occur in a prediction step, but they do not lead to a
continuation of these erroneous predictions. Tab. 13 shows that LSTM, CNN-LSTM, and ConvLSTM
each have one or two prediction errors.

Fig. 10 depicts the underlying labeled dataset and a comparison to the actual labels observed
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Table 13: Label prediction for 3"¢ September 2014.

Time slot
t+1 t+2 t+3 t+4 t+5 t+6
ground truth 4 4 1 2 2 2
LSTM 4 4 1 1 2 2
CNN 4 4 1 2 2 2
CNN-LSTM 4 2 2 2 2 2
ConvLSTM 4 4 1 2 2 1
Label

at LGW. The data describe the day already presented in Fig. 5 (left), having 2 hours of fog in the
early morning, with the data already labeled and assigned to the slots of the weather data.
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Figure 10: 3"¢ September 2014, labelled and slotted (left), 6 slot prediction of Tab. 13 (right).

4.5. Operational application - evaluation of input importance

For operational implementation of our approach, appropriate weather forecasts must be avail-
able. Depending on the geographical location, different forecast periods must also be taken into
account here. In some circumstances, responding to weather events 24 hours in advance may not
appear to be an appropriate strategy to efficiently manage the capacity of an airport. The pre-
tactical phase (24 - 3 h before operations) seems to be more suitable to react to forecasted local
weather conditions especially when a weather phenomenon has already been active for several days.

Operators can benefit from our modeling approach in the tactical phase of the operation (from
3 h before the operation). In an airport with an implemented A-CDM environment, all stakeholders
could consider the predictions to derive appropriate adjustments. Specific control measures could
then be jointly determined on the basis of the actual data in order to adjust air traffic demand
to the given airport capacity. This includes the allocation of operational slots (time windows)
for upcoming flights. Flights can be re-routed to counteract congestion and use alternative flight
profiles.

Extracting knowledge about dependencies is quite a challenging task. That’s why we developed
an adaptive model, which learns relationships, and we apply permutation importance to bring
them out. There are two possibilities for the extended knowledge extraction from the trained ANN.
Starting with the determination of the feature influences, an image can be obtained, which provides
the operators with the relevance for considering certain weather features. This is done exemplary
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for the scenarios Bl and B2 at LGW (Fig. 11). Depending on the weather conditions (e.g., good
weather (ATMAP score < 1.5) and bad weather (ATMAP score > 1.5), cf. Schultz et al. (2018)),
different features are important to improve the situational awareness of the operators. Scheduled
Number of Departures (SND) and Scheduled Number of Arrivals (SNA) are used to reflect the traffic
conditions at the airport.

demand demand
0.39 0.5
wind dir SND wind dir SND

—— good weather
bad weather

wind speed SNA wind speed SNA

temperature rain temperature rain
visibility visibility
Figure 11: Relative importance of the features used for ARR (left) and DEP delays (right) at LGW.

The picture for LGW shows that the integration of weather data is possible to a great extent.
On the one hand, this is due to a granular observation by METAR, on the other hand to the high
sensitivity of the airport to meteorological events. For DEP delays a focus on wind and temperature
can be identified, while rain has no significant influence.

5. Conclusion

We investigated a quantification of the influence of meteorological conditions on the individual
airport performance at London—Gatwick Airport (LGW) using machine learning approaches. Dif-
ferent neural networks were used and combined to process the corresponding data foundation in a
target-oriented way. The accuracy of the trained networks was compared and the networks were
exemplarily applied.

Our contribution differs from the mechanism introduced by the expert-based ATMAP algorithm
(Eurocontrol, 2011) because we follow an effect-to-cause relation. Based on higher-level, aggregate
performance measures at the airport (e.g., delayed operations), machine learning methods were used
to infer the underlying weather data. The aggregation was done by unsupervised learning and classi-
fication by supervised learning. In particular, the pure paradigms of LSTM and CNN show reasonable
results and could provide weather-related decision support for future airport operations. Both the
data and the ANN were processed and adjusted accordingly to provide optimal results for the model
application. The structure of the networks was implemented logically, the parameterization was
determined algorithmically, and the learning process was validated.

We have succeeded in creating models that can make valid predictions of the delay in a time
horizon of 6 hours by classifying the quality of the predictions. The models actively consider local
weather conditions at the airport and form forecasts that consider both operational and meteoro-
logical factors. We have also succeeded in extracting the importance of each input factor in the
forecast model by applying appropriate algorithms, thus making a significant contribution to the
application of complex ANN in time series forecasting. Our model is limited to the assumption we
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make, such as neglecting unexpected network delays that are not covered by regular patterns over
the day of operations. Therefor, we assume that a more comprehensive, network-based approach
could identify additional correlations.

The application presented in Sec. 4.5 provides a first example of a potential use case of the
developed model. In further investigations we want to find out how the trained knowledge can be
used to derive decision support for local operators (e.g., airline, airport, ground handling agencies,
air navigation service providers) can be derived from the trained knowledge. In the context of
a collaborative decision-making at the airport, an optimal adaptation of the actual traffic to the
expected meteorological conditions would help minimize the overall delay. The effects of individual
METAR components should also be quantified, but this should be considered a separate research
task due to the complex interactions between weather components.

We want to continue our research towards networks of connected airports, as arrival delays
trigger reaction delays and propagate through the network. That is why we will study airports and
airport clusters in more detail with respect to their specific weather dependencies.
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