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Introduction

Air Traf c Management (ATM) is a highly dynamic sector relying on the input of numerous stakeholders,
of which airlines, airports, Air Navigation Service Providers (ANSPs), and aviation authorities. In order to
regulate the ow of air traf ¢ accordingly, trajectory predictions are needed. Their computation is based on
several aircraft performance parameters, of which Take-off Weight (TOW) plays a crucial role.

TOW is the starting point for fuel consumption trends and climb performance, and certainly one of the
most-sought parameters by aviation stakeholders. Unfortunately, aircraft operators are generally not coop-
erative in disclosing this data as it is integral to calculating their cost index, potentially revealing sensitive
insights into their operational practices. Such disclosure could leave them susceptible to market competition
and possible penalties.

This MSc thesis was conducted within a traineeship, in collaboration with the Aviation Sustainability Unit
(ASU) at EUROCONTROL Headquarters in Brussels (Belgium). EUROCONTROL being responsible for man-
aging and coordinating the European network, is also interested in improving their ight planning and emis-
sions calculations prior to take-off, but without TOW data, prediction accuracy is diminished. For this reason,
this MSc thesis aims to treat the root of the problem by predicting aircraft TOW in a (pre-)tactical setting, that
is up to seven days prior to the day of operation, including the latter. Based on this prediction horizon, only
Flight PLan (FPL) and Terminal Aerodrome Forecast (TAF) operational parameters are considered.

For innovation purposes, and following the methodology and results of previous studies, Machine Learn-
ing (ML) algorithms are explored in this study, speci cally Gradient Boosting Decision Trees (GBDTs) and
Random Forests. Although these have previously been used for TOW estimations, there has been no attempt
to predict aircraft TOW prior to take-off, solely based on FPL information and trends. Actually, none of the
studies had full access to FPL data, whereas it was provided by EUROCONTROL for this MSc thesis.

This report is divided into two main parts. First, Part | provides the scienti ¢ paper, in which the topic
is detailed from problem formulation, methodology followed, and results obtained. A discussion is also pro-
vided at the end of the paper, along with several recommendations for future work. In Part Il, the Literature
Study is attached. The latter was conducted in the beginning of the project and contains the relevant infor-
mation supporting this MSc thesis research.
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