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1. Introduction

Hidden variables: even if they could, in
principle, be measured, certain aspects of the
ATM system may not be observable for
practical reasons. This is the case, for example

One of the cornerstones of the ongoing ATM
modernisation programmes, including SESAR, is
performance orientation. A performance-driven
approach entails the need for: (i) performance
measurement, including the definition of
appropriate indicators able to translate
performance objectives into measurable
quantities, as well as data and methodologies
allowing the calculation of such indicators; (ii)
performance evaluation, which requires the
expertise to assess the impact of management
actions (new operational concepts, new
technologies, etc.) on performance indicators;
and (iii) decision support, which involves the use
of methods and tools for trade-off analysis and
decision-making. Among these three elements,
performance evaluation is arguably the most
challenging: ATM performance results from the
complex interaction of interdependent policies
and regulations, stakeholders, technologies and
market conditions, leading to the emergence of
trade-offs not only between KPAs, but also
between stakeholders, as well as between short-
term and long-term objectives.

The development of performance modelling
methodologies able to grasp the
interdependencies between different Key
Performance Areas (KPAs) and translate new
ATM concepts and technologies into their impact
on high-level, system-wide Key Performance
Indicators (KPIs) has been a long-time objective
of the ATM research community. However, the
practical application of complex simulation
models to strategic ATM performance
assessment and decision-making is hindered by
several factors: 

Computational complexity: the process to
obtain each input-output pair (i.e., the set of
KPI values that correspond to a particular
scenario) is extremely costly, due to the need
to run complex simulations that can take
minutes or even hours, which limits the
number of scenarios that can be explored.
Interpretability issues: the high number of
variables involved hampers the analysis,
interpretation and communication of the
modelling results, which in turn constitutes a
barrier for their use in evidence-based
decision-making.
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of business sensitive data related to the
behaviour of airspace users (AUs) that are of
paramount importance for the construction of
microsimulation models, such as aircraft take-
off weight (TOW), selected cost index, etc.



Introduction

The SIMBAD project has explored how recent
advances in machine learning can help overcome
these problems, by developing data-driven
simulation techniques that facilitate hidden
variable estimation and increase the tractability
and interpretability of large-scale, complex, fast-
time ATM simulation models.

In the following pages, the reader will get an
overview of the performance modelling
framework proposed by SIMBAD and the
methods and tools developed by the project. The
document concludes with a set of key takeaways
summarising the project’s recommendations and
a look to the future.

The developments carried out in this project have
a high technical complexity. In this document an
effort has been made to present the results in the
clearest and most concise way to facilitate their
understanding. In this way, the focus is placed on
the applications and benefits, leaving aside the
more technical details of the development, which
the reader can find in the project deliverables.

For more detailed information on the project
outcomes, we invite the reader to download the
technical deliverables available at the project
website: www.simbad-h2020.eu 
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2. SIMBAD vision: Enhancing 
existing performance 

evaluation tools

A methodology to identify representative
traffic patterns at different scales: at the
level of the European Civil Aviation
Conference (ECAC) area, at Air Navigation
Service Provider (ANSP) and Area Control
Centre (ACC) level, and at airport level.
A model for the estimation of hidden
variables related to AU behaviour that are
necessary inputs for ATM microsimulation
models (e.g., cost index, payload mass).
A metamodelling framework that enables
the approximation of the results of a
microsimulation model to facilitate a more
efficient exploration of its input-output
space.

SIMBAD has developed an ATM Performance
Modelling Framework aimed at enhancing the
capabilities of large-scale ATM microsimulation
models to effectively support performance
evaluation at network level. The framework
enables the comprehensive exploration and
understanding of the performance impact of
ATM concepts and solutions under different
traffic conditions.

The SIMBAD framework comprises:
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3. Identification of traffic
patterns

What is the added value for the
ATM performance assessment?
The European air transport network is an
extremely complex environment, with more than
30,000 flights every day that depend on the
decisions and interactions of multiple
stakeholders, as well as on external variables
such as seasonality, weather, etc. This leads to
significantly different traffic flows on different
days of the year, with no two days matching
exactly in terms of demand, delays, etc.
Different days may display very similar patterns
for certain flows, certain parts of the network or
certain times of the day, while being very
different for others.

In order to conduct a fully comprehensive and
realistic assessment of a new ATM solution,
simulations should be run for every single day of
the year and for different geographical regions.
However, this approach is in most cases
unfeasible due to the effort and the
computational cost required to run the
simulation models. As a consequence, only a
reduced number of traffic scenarios can be
explored, usually selected based on expert
judgement or rule-of-thumb criteria, which may
not be representative of the variety of existing
traffic patterns.

A systematic methodology to identify
representative traffic patterns based on
unsupervised machine learning algorithms
(clustering) can help render the simulation-
based evaluation of ATM solutions more
comprehensive and computationally efficient.
The idea is to take into account the different
traffic patterns observed along the year without
having to simulate every single day.
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Relevant scenarios and
traffic features

Technical evaluation Interpretation of results

Data analysis Clustering algorithms

Selection of traffic
samples

Figure 1. Methodology for the identification of traffic patterns and selection of traffic samples.

8 Lessons Learnt from the SIMBAD Project and Way Forward

Traffic patterns identification

In this context, traffic patterns correspond to sets
of days that, for a particular geographical scale,
share similar characteristics in terms of certain
traffic conditions related to or impacted by the
ATM concept under analysis (e.g., delays, fuel
consumption, on-time performance).

How have we identified
representative traffic patterns?

SIMBAD has developed a methodology for the
identification of traffic patterns and the selection
of representative traffic samples at different
geographical and temporal scales. The
methodology consists in the 6-step process
depicted in Figure 1. Traffic patterns are first
identified through a clustering process. Then,
samples are selected for each pattern by taking
the most representative day and the day with the
biggest deviation.



Efficiency: average flown distance per flight,
gate-to-gate time, actual average fuel burnt
per flight, and route charges.
Predictability: average difference between
flown trajectories and flight plans.
Regulations: average number of minutes of
en-route ATFM delay per flight attributable to
ANS, MET and non-ANS  causes.

Suppose that we want to find similar days of 2019
at ECAC level in terms of the following variables:

Traffic patterns identification

Example application The application of the methodology yields seven
different typical traffic patterns. Figure 2 shows
such patterns in a calendar plot where each
colour represents a pattern.

Table 1 shows the interpretation of each pattern in
terms of the three categories of variables used.
The patterns found reflect the fact that air traffic
services and airline schedules are strongly
influenced by calendar events. Finally, the selected
representative days for each pattern are shown in
Table 2. 

Cluster Most representative day Day with the highest deviation

Dark blue 2019-11-24 2019-11-01

Orange 2019-09-21 2019-05-26

Red 2019-01-19 2019-04-06

Brown 2019-03-13 2019-02-28

Pink 2019-05-13 2019-04-18

Yellow-olive 2019-03-05 2019-04-05

Light blue 2019-08-30 2019-04-12

Dark blue Orange Red Brown Pink Yellow-olive Light blue

Temporal
period

Winter
Sundays,
Christmas

Summer
weekends

Winter
Saturdays,

Christmas day

Working
days March

First
summer
weeks

Winter
working
weeks

Summer
working
weeks

 Efficiency Medium  High Low Low Low Very low

Predictability Low Very low  Very high Medium Medium High

Regulations  High ANS &
MET delay  

Small MET
delay, high
non-ANS

delay

Smallest ANS
& MET delay

Very small
non-ANS

delay

Table 2. Selection of representative days.

Figure 2. Temporal representation of 2019 traffic patterns.

Table 1. Interpretation of the traffic patterns.
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In order to evaluate the benefits of a better
grounded selection of traffic samples, the traffic
patterns and traffic samples identified with the
methodology developed by SIMBAD were
compared to a 30-day sample selection based
on ATM experts’ judgement. Two comparisons
were performed: first, it was assessed whether all
the patterns identified are represented in the
experts’ selection; second, we assessed which set
of days lead to more accurate estimation of the
annual fuel consumption.

The ATM expert selection and its correspondence
with the identified traffic patterns is shown in
Table 3. As it can be seen in the table, the pink
cluster was not included in the experts’ selection.
This pattern contains the first working weeks of  
 illustrated

How have we evaluated the
benefit of identifying
representative days of traffic?

the IATA summer season, which display a
different traffic behaviour than the rest of the
working days of the summer season. This
illustrates how the proposed methodology is able
to find traffic patterns that are overlooked by ATM
experts. Additionally, the orange pattern is clearly
underrepresented in the experts’ selection, while
the brown cluster is overrepresented. 

Table 4 shows the comparison between the total
annual fuel consumption estimated based on the
set of representative days selected by the ATM
experts and the estimation based on the
representative days selected using the proposed
methodology. It can be observed that the SIMBAD
approach leads to a much more accurate
estimation of the annual fuel consumed in the
ECAC area. Moreover, the proposed
methodology required the computation of the
selected KPIs only for 14 representative days,
instead of the 30 days selected by experts.
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Traffic patterns identification

Fuel consumption (kg) Error (%)

Actual value 113,294,844,037.00 -

Representative days
estimation 112,775,106,797.50 0.5%

Expert’s selection estimation 118,595,704,917.50 4.7%

Table 4. Comparison of the estimation of annual fuel consumption.

Dark blue Orange Red Brown Pink Yellow-olive Light blue

No days per
cluster

107 
(29.39%) 

25 
(6.87%) 

87 
(23.90%)

29 
(7.97%) 

33 
(9.06%)

31
(8.52%) 

52 
(14.28%)

Experts'
selection

6 
(20.00%)

1 
(3.33%) 

9 
(30.00%) 

4 
(13.33%) 

0 
(0.00%) 

4 
(13.33%) 

6
(20%)

Table 3. Comparison of the traffic patterns with the experts' selection.



4. Estimation of hidden variables:
enhancing trajectory simulation

The simulation models used for assessing the
performance of new ATM solutions rely on
variables related to the behaviour of AUs, such
as aircraft TOW, cost index, etc. The value of
these variables is often unknown, since they
provide sensitive information on airline business
models. A common approach in many
simulation exercises is to set the value of these
hidden variables based on some typical values
recommended in the literature. However, these
parameters can differ significantly across AUs.

The accurate estimation of these hidden
variables improves trajectory simulation by
providing a better representation of AUs’
behaviour and preferences. In turn, this
improvement allows a better assessment of new
ATM solutions, by enabling a more precise
computation of KPIs.

How have we estimated the
hidden variables?

What is the added value for
ATM performance assessment?

11Combining Simulation Models and Big Data Analytics for ATM Performance Analysis

SIMBAD has applied machine learning techniques
to estimate the value of two of the most relevant
hidden variables: cost index and payload mass.
The proposed approach is based on the
exploration of the parameter space of the flights
of each AU in order to find the combination of
parameter values that better matches the
observed behaviour for such AU. To achieve this
goal, SIMBAD has developed a methodology that
combines machine learning techniques with
DYNAMO, an aircraft trajectory prediction and
optimisation tool developed by the Technical
University of Catalonia.1

For more details on DYNAMO, see Dalmau, R., Farrés, M. M.,
García-Cascón, S. V., & Menéndez, X. P. (2018). A Fast and
Flexible Aircraft Trajectory Predictor and Optimiser for ATM
Research Applications. Proceedings of the 8th International
Conference on Research in Air Transportation (ICRAT).

1



To illustrate the application of this methodology,
the cost index (CI) and the payload mass (PL) of
the flights connecting Paris Charles de Gaulle with
Istanbul Ataturk airport were estimated.
DYNAMO was used to identify the combination of
CI and PL that minimise the difference between
simulated and observed trajectories. These data
were used to train a machine learning model that
estimates the CI and PL of a flight taking as inputs
the flight plan and the weather forecast. The
model provided an accuracy of more than 96%
for the CI and more than 99% for the PL.

Estimation of hidden variables: enhancing trajectory simulation

In order to evaluate the benefits of the estimation
of hidden variables for performance assessment,
we 

Example application
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How have we evaluated the
benefit of hidden parameter
estimation?

DYNAMO_FP (51)

Hidden Variables
Estimation

DYNAMO
(pred) KPI's

True Hidden Variables

Estimated Hidden
Variables

DYNAMO
(pred) KPI's

Compare

Figure 3. Process to analyse the effect of the estimation of hidden variables on the computation of KPIs.

we compared the KPIs computed using
trajectories simulated with DYNAMO for which the
true value of the hidden variables is known with
the same trajectories simulated using the
estimated hidden variables (see Figure 3). The
KPIs computed and compared were the fuel
consumption, the flight time, and the distance
flown. 

Figure 4 shows the comparison between the KPIs
computed for actual flight plans (referred to as
ALLFT Fuel, ALLFT Distance, and ALLFT Time, and
represented by bullets) and for predicted flight
plans (referred to as PREDICTED Fuel, PREDICTED
Distance, and PREDICTED Time, and represented
by crosses). 

The figure depicts the values of both sets of
variables. The predicted values (crosses) are very
close to the actual ones (bullets), especially for the
distance flown KPI, achieving an average
predictive error of less than 4%.

Figure 4. Comparison of actual and estimated KPIs.



5. Active learning metamodelling

An integrated approach combining active
learning and simulation metamodelling can be
used to translate a complex simulation model
into a metamodel, which is a simplified version
of the original model that emulates its
behaviour, reducing the expensive simulation
runs. Training a metamodel usually requires
running the simulation model many times, and
this task is often inefficient. To address this
problem, we use active learning, which makes it
possible to reduce the number of required runs
by selecting the most informative input points.

Active learning metamodelling complements
simulation models by identifying the most
informative or relevant regions of the input
space, reducing the number of simulations
needed for the assessment of ATM concepts
and solutions. This enables a more efficient
exploration of the simulator input-output space,
improving computational tractability and
interpretability of results.

13Combining Simulation Models and Big Data Analytics for ATM Performance Analysis

What is the added value for the
ATM performance assessment?
Due to its multidimensional nature, the ex-ante
assessment of the performance impact of new
ATM concepts and solutions at network-wide
level is not often approachable through
analytical methods. In these cases,
microsimulation models are usually the only
feasible and reliable alternative. However,
when embedded with enough detail, ATM
microsimulation models can be computationally
expensive, especially when applied at the scale
of the full European network, which in practice
limits the number of input-output points that
can be explored. Hence, a goal when exploring
the simulation space should be picking only the
most informative instances. The questions are: if
we have a limited number of data points that
we can obtain, where in the input space shall
we place them? How can we approximate the
rest of the points? 
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Active learning metamodelling

How have we implemented the
active learning metamodelling?
To define a metamodel that supports the
performance assessment of a certain ATM
solution, the first step is to identify the main KPIs
impacted by that solution. Then, the simulator’s
input variables that are more related to such
KPIs are selected as input variables of the
metamodel (e.g., if the goal is to estimate the
fuel consumption, the fuel cost should probably
be an input variable of the metamodel). Next,
the ranges of values of the input variables
should be specified and all the possible
combinations of the input variables should be
generated.

The next step involves the use of the active
learning approach. This technique is in charge
of selecting the combinations of input variables
for which the simulator should be run, providing
the input-output pairs to train the metamodel.
This is an iterative process that ends when a
stopping criterion related to the metamodel
predictive performance is satisfied.

In order to show the potential of the active
learning metamodelling approach, the SIMBAD
project has developed metamodels for two
state-of-the-art ATM microsimulation models,
DYNAMO and R-NEST. DYNAMO is an aircraft
trajectory prediction and optimisation tool
developed by the Technical University of
Catalonia, which has already been presented in
section 3. R-NEST is a EUROCONTROL model-
based simulation tool dedicated to research
activities for evaluating advanced ATM
concepts. Sharing the same base as the NM
operational tool for capacity planning, NEST, R-
NEST combines dynamic Air Traffic Flow and
Capacity Management (ATFCM) simulation
capabilities with airspace design and capacity
planning analysis functionalities.

To illustrate the application of SIMBAD’s
metamodelling methodology, we define a
metamodel for the DYNAMO tool. This
metamodel estimates the fuel efficiency (FEFF1) of
the network, measured as the actual average fuel
burnt per flight, taking as input variables the fuel
cost and the activation of the Free-Routing (FR)
SESAR solution. 

The FR concept allows airspace users to plan their
flight trajectories without reference to fixed routes
or published directs, so they can optimise flights
according to their individual business needs or
military requirements. In particular, we focus on
the Free Route Airspace Italy (FRAIT) and consider
two different days: a day when the FRAIT was not
implemented and a day when the FRAIT was
already implemented.

The concept of this metamodel is depicted in
Figure 5. For this experiment, some of the
DYNAMO inputs remain constant (payload mass,
cost index, weather, route charges) and therefore
are not considered as metamodel inputs.
Additionally, the analysis is restricted to a fixed
number of flights: those that crossed the FRAIT
region when it was implemented.

Example application



Active learning metamodelling

In this experiment, the fuel efficiency values
estimated by the defined metamodel achieved an
accuracy of more than 98% compared to the fuel
efficiency calculated with DYNAMO.

In addition to the estimation of a given variable,
the metamodel can be used to quickly analyse the
input-output space of the simulator, as shown in
Figure 6. This makes it possible to identify the most
relevant regions for which to perform a more
exhaustive

exhaustive and accurate analysis with the
simulator. In this case, the areas in which further
simulation analysis should be performed are
those with smaller values of the fuel cost.

The metamodels show that, for almost all fuel
cost values, fuel efficiency is better when FR is
implemented, which implies that this SESAR
solution allows more efficient flights, especially
when the cost of fuel is high.

Figure 6. DYNAMO metamodel complete input-output space. In red for FR=0 and in blue for FR=1.
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Figure 5. DYNAMO metamodel's concept.

DYNAMO inputs
Fuel cost
Airspace structure
(e.g., FRAIT activation)
OD pair
Payload mass

Cost index
Weather
Route charges
Aircraft type

DYNAMO simulation

Trajectory
Fuel comsumption

Metamodel

Fuel efficiency (FEFF1 KPI)

Fuel cost
FRAIT activation (0 or 1)

Metamodel inputs
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Active learning metamodelling

Table 5 shows the performance comparison of
DYNAMO and the metamodel. The accuracy of
the metamodel stands out, with a mean
predictive error of only 2.2%. It is important to
highlight that the metamodel achieves this
accuracy with only one second per execution on
a standard computer, while the computational
time required to calculate the same metric with
DYNAMO is around 25 minutes using a cluster
of 6 computers (when using a single computer,
each simulation run takes about 3 hours).
Additionally, while the knowledge required to
execute the simulations with DYNAMO is
considered as “intermediate”, since it requires
some understanding of the data used and the
ATM problem to be solved, the metamodel can
be used as a black box, as it is only mandatory
to enter the specific values of the input
variables.

In summary, the metamodel is capable of
outperforming the simulation tool in terms of
time, computational resources and usability,
while maintaining a high degree of accuracy in
the results.

How have we evaluated the
benefit of using active learning
metamodelling?

Accuracy: comparison between the
metamodel results with the simulation
results and computation of the error as the
difference between them. 
Execution time: computational time required
to obtain one output value.
Computational resources: hardware to be
used, memory, processor speed and other
relevant parameters.
Required knowledge: level of expertise and
skills necessary to run the simulations and
the metamodels. Three levels are defined: 
 “basic” level means no specific knowledge is
required; “intermediate” means some
knowledge about ATM and trajectory
modelling is required; “advanced” means
that an in-depth understanding of the
simulator is required.

In order to evaluate the benefits that the use of
metamodels can provide, a comparison
between the performance of the metamodel
and the simulation tool was carried out based
on four different metrics:

KPIs DYNAMO Metamodel

Accuracy (% error) N/A 2.20%

Execution time 25 minutes 0.002 seconds

Resources
Cluster of 6 computers,
total of 30 CPUs, 8Gb

RAM

1 computer, 4 CPU, 16Gb
RAM

Knowledge Intermediate knowledge Basic knowledge

Table 5. Performance comparison of DYNAMO and the metamodel.



6. How can these methodologies
be combined?

Network punctuality (PUN1 KPI), measured as
the average departure delay per flight.
Cost-efficiency (CEF2 KPI), measured as the
flights per ATCo-Hour on duty.

In this case study, we built a metamodel based on
EUROCONTROL’s R-NEST simulation model. The
metamodel was designed for a case study
involving SESAR’s Demand and Capacity
Balancing (DCB) Solution. DCB considers the joint
deployment of Dynamic Airspace Configuration
(DAC) and the application of Short Term ATFCM
Measures (STAM). DAC seeks to improve the use
of airspace capacity for both civil and military
users by increasing the granularity and flexibility
of the airspace configurations that can be used
by the ANSPs, while STAM measures are used to
smooth sector workloads by reducing the sector
complexity and traffic peaks through the
application of measures such as minor ground
delays or flight level capping to a limited number
of flights.

The outputs of this metamodel are the main KPIs
directly impacted by that solution:

The analysis is restricted to the flights crossing the
lower and east cluster of the Bordeaux ACC, and
the temporal scope in which the metamodel is
going to make predictions is the 7th AIRAC cycle
of 2019 (from 20th June to 17th July).

Example of a combined
approach

To illustrate the potential for combined
approaches, we present a case study where the
metamodelling methodology is combined with
the methodology for the selection of
representative traffic days. The resulting
metamodel is only trained with a set of
representative days of an AIRAC cycle, but is able
to estimate the output variables for the rest of the
days of such AIRAC cycle.

17Combining Simulation Models and Big Data Analytics for ATM Performance Analysis

Define a metamodel that makes predictions
for a long time period (e.g., the previous
DYNAMO metamodel defined for a
complete year).
Identify the representative days of that time
period.
Use these days to train the metamodel.
Use the active learning process to select the
input points for which simulations should be
run.
Estimate the corresponding AUs hidden
variables for the ATM simulator.
Run the simulations for those points using
the values of the estimated hidden
variables.

The three methodologies proposed by SIMBAD
were developed and validated independently,
but they can also be used jointly. An example of
how to combine the three methodologies is the
following:

This process would enable the generation of a
simulation metamodel able to imitate the
behaviour of the simulation tool for the whole
year, while training the metamodel with only a
subset of representative days.

1. 

2. 

5. 

3. 
4. 

6. 
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How can these methodologies be combined?

this case, the variables used to identify different
clusters and representative days are the hourly
traffic counts in the ACC along the day. This
process yielded the following six representative
days: 10/07/2019, 30/06/2019, 29/06/2019,
15/07/2019, 20/06/2019, and 02/07/2019. 

The concept of the metamodel is depicted in
Figure 7. The differences between the inputs for
R-NEST and for the metamodel come from the
fact that there are certain variables that must
be specified to start the simulator but that are
kept fixed for the experiment and, therefore, it is
not necessary to provide them to the
metamodel (e.g., the simulation configuration).

The input variables of this metamodel are the
two numerical variables defining the minimum
opening duration of the opening scheme in the
algorithm applied by R-NEST to implement the
DAC solution: minimum opening duration of the
configuration (referred to as configurations
variable) and minimum opening duration of the
sectors (referred to as sectors variable). 

Given the large input space of the metamodel,
it would be very inefficient to consider all the
points during the training process, even using
an active learning strategy. In order to minimise
the number of simulations to run, a selection of
days was made to train the metamodel by
applying the methodology for the selection of
representative samples to the Bordeaux ACC. In 

Figure 7. R-NEST metamodel's concept.

R-NEST inputs
Initial and actual
trajectories
Simulation
configuration

Airspace structure
Day of the year
Opening scheme

R-NEST simulation

Trajectories
DAC analysis

Metamodel

Punctuality (PUN1 KPI)
Cost-efficiency (CEF2 KPI)

Min. opening duration of sectors
Min. opening duration of configurations
Hourly traffic counts of the day in the ACC 

Metamodel inputs



How can these methodologies be combined?

cost-efficiency variable and of almost 70% for
the punctuality variable. Figure 8 shows the
actual values and the predictions for this
dataset, together with the standard deviation of
the predictions (vertical error bar in grey); the
actual values are coloured by day and the
points in black are the predictions. Each output
variable is plotted with respect to each input
variable. As can be seen, the results for the
cost-efficiency variable are good and most of
the actual values lie within the standard
deviation interval of its prediction. The
predictions for the punctuality variable are in
general worse, although in many cases the
actual value also lies inside the standard
deviation interval of the prediction.

A first dataset containing only the
representative days used for metamodel
training, with the purpose of assessing the
predictive performance of the model.
A second dataset containing other days
different from those used to train the
metamodel, with the purpose of assessing
the ability of the model to generalise to new
days and thus assess the benefits of the
combined methodology.

The metamodel was validated using two
different datasets:

For the first validation dataset, the metamodel
achieves an accuracy of more than 98% for the 
 the

Figure 8. Predictive performance of the R-NEST metamodel for the six representative days.
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How can these methodologies be combined?

where each day is coloured by the traffic
pattern to which it belongs and each output
variable is plotted against each input variable. It
is important to highlight that this metamodel
was trained using less than the 3% of the points
of the input-output space. This implies that the
sample may not contain enough information for
the metamodel to extract the structure of the
complete input-output space. Nevertheless, it
can be observed that, even with less than 3% of
the points, the metamodel is able to capture the
behaviour of both variables.

When analysing the ability of the metamodel to
generalise from the subset of training days to
the rest of the days of the AIRAC cycle (second
validation dataset), the predictive accuracy for
the CEF2 variable (96.5%) slightly worsens while
the predictive accuracy for the PUN1 variable
(75%) is improved. This may be due to the fact
that, during the training process, a higher
variability in this variable is introduced, which
helped the metamodel to generalise.

Figure 9 shows the comparison between the
metamodel prediction and the actual value,
where

Figure 9. Predictive performance of the R-NEST metamodel for the rest of the days.



How can these methodologies be combined?

Table 6. Performance comparison of R-NEST and the metamodel.

time, each R-NEST simulation takes more than
1.5 hours, while the metamodel can be run in
less than one second. Finally, the knowledge
required to run the R-NEST simulation tool is
intermediate to advanced — the members of
the SIMBAD project attended a two-days’
workshop organised by the EUROCONTROL
team to learn how to use the tool — while the
metamodel can be used as a black box.

As can be seen, the metamodel outperforms the
simulation tool in terms of computational time
and expert knowledge, while its accuracy is very
high for one variable and worse for the other
one. Nevertheless, it gets to identify the more
relevant areas for the simulations.

How have we evaluated the
benefit of this combined
approach?
As in the case of the metamodel developed for
DYNAMO, the benefits of this metamodel are
assessed by comparing its performance with
that of R-NEST in terms of four KPIs: accuracy,
execution time, computational resources, and
required knowledge.

Table 6 shows the performance comparison of
R-NEST and the metamodel. The accuracy of
the metamodel is very good regarding the cost-
efficiency variable, while it is worse in the case
of the punctuality variable. In terms of execution

KPIs RNEST Metamodel

Accuracy (% error) N/A 33.00% (PUN1) 
1.00% (CEF2)

Execution time 99.71 minutes 0.004 seconds

Resources 1 computer, 16Gb RAM 1 computer, 16Gb RAM

Knowledge Intermediate to advance
knowledge Basic knowledge
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7. Key takeaways

The proper selection of traffic features and
the specification of the right temporal and
spatial scales are essential for the correct
identification of traffic patterns. This requires
a good understanding of the operational
concept to be assessed.

The SIMBAD methodology for the
identification of traffic patterns and the
selection of traffic samples at different
geographical and temporal scales allows
the identification of representative traffic
patterns and samples. This methodology
can be applied as a prior step to the
performance analysis of any new SESAR
solution.

The traffic patterns can be used for the
performance assessment of already
deployed SESAR solutions, by comparing the
temporal distribution and the interpretation
of the traffic patterns before and after the
deployment of such solutions.

Hidden variables related to AUs can be
estimated using a combination of
mechanistic trajectory models and       
 data-driven techniques. The SIMBAD
methodology enables a more accurate
estimation of trajectory-related KPIs.

The SIMBAD metamodelling methodology
enables a more efficient exploration of the
input-output space of ATM simulation
models. The results of the case studies show
that the metamodels are able to capture the
behaviour of the simulation tools, providing
very similar results with a significant
reduction of computational time and
resources.

The combination of the metamodelling
methodology and the methodology for the
selection of representative traffic samples
can be used to generate metamodels for
long temporal periods. A metamodel can be
trained using the set of representative days
and then extend the predictions for the rest
of the temporal window under study.

SIMBAD provides a new modelling
framework for the assessment of ATM
concepts and solutions, helping overcome
some of the main drawbacks of traditional
microsimulation models.
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8. A look to the future

Application of the machine learning models
developed for the estimation of hidden
variables to the improvement of the work
carried out by PJ18-W1 project in this field.

Improvement of the combined
metamodelling and traffic pattern selection
approach inside the Transversal Activities
(IR1-WA1) area of the new SESAR 3 call. 

Refinement of the set of traffic features used
for the clustering analysis (e.g., by including
the hourly entry counts into the
geographical area under study instead of
the number of flights per day). 

Expansion of the set of hidden variables to
explore and investigation of new machine
learning techniques to improve predictive
accuracy.

Improvement of the active learning scheme
used for metamodel training through the
investigation of faster and more efficient
algorithms.

The SIMBAD Performance Modelling
Framework will contribute to bringing state-of-
the-art ATM microscopic modelling approaches
to the point where they can be effectively used
for performance evaluation at ECAC level.
However, to fully realise this vision there is still
work ahead.

Evolution of SIMBAD results to higher TRLs
through collaboration with SESAR Industrial
Research projects:

Extension of the scope of SIMBAD research:
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