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Introduction

Decreasing fuel consumption is an increasingly important goal in the aviation industry. The cost of fuel ac-
counts for roughly 25% of the total costs of an airline, which makes it an important contributor to the prof-
itability of airlines [77]. Besides, growing concerns about greenhouse gas emissions make reducing fuel con-
sumption a high priority within aviation. From an Air Traffic Management (ATM) perspective, controllers try
to minimize delays by maximizing the airspace capacity and opt for more freedom in the trajectory selection
of aircraft in order to reduce fuel burn. Other methods are performed by airlines, which renew their fleet to
more modern and fuel-efficient aircraft, aim for other fuel-saving strategies like trajectory and taxi procedure
optimization and reduce the unnecessary weight of utilities on board.

One way to limit fuel consumption is by reducing the aircraft’s weight. The largest variable weight of the air-
craft is the loaded fuel. Regulations from ATM and procedures of airlines make sure buffers of fuel are loaded
to avoid fuel shortage. Ryerson, [73], found that 2.21% - 4.48% of aircraft fuel is burned due to carrying un-
used fuel and 0.70% - 1.04% comes from loading fuel beyond what is needed to ensure a safe flight. Although
there is potential for fuel savings, parties argue that the fuel loaded on aircraft should actually be increased
in order to meet the safety target of the European Union Aviation Safety Agency (EASA) ([28]). Since safety
concerns arise when one opts to reduce fuel on flights, changing fuel loading procedures is a complex topic,
where trust in the models is of high importance.

Currently, airline flight dispatchers and pilots load extra fuel, to overcome the experienced uncertainties in
trip fuel consumption. Based on traffic, weather forecast and experience, decisions are made on the fuel to
be loaded. Airlines often present mean deviations per flight leg or statistical contingency fuels at multiple
levels, to indicate the expected deviations of the flight. However, data-driven methods have been proven to
predict these deviations well, resulting in more accurate fuel-loading decisions [4, 49, 53, 96]. In research,
general parameters are used to describe the air networks system predictability, based on descriptive metrics
of historical flights as the mean and percentiles of the fuel and flight time deviation. These metrics are usually
defined per flight leg and not updated in the time set. Therefore, the current research will contribute by
introducing an analysis on the relationship between mission parameter deviations and trip fuel deviations.
Thereby, a time series model will be created, which updates the state of the system’s predictability throughout
the year. These results will be evaluated and used for fuel loading advice. The main research objective is as
follows:

To more accurately predict trip fuel burn by creating a data-driven model with detailed
historical flight information such that loading discretionary fuel could beminimizedwhile
maintaining the same standards of reserve fuel usage.

The trade-off of fuel savings on the one side versus the risk of fuel depletion on the other, make the subject a
delicate topic. With data-driven insights, more knowledge is available on both aspects, which may result in
better decisions. With the goal of reducing greenhouse gasses in mind, this research will be one of the many
steps towards greener aviation.

The research is performed in close collaboration with SunExpress Airlines. They ensured data availability of
historical flights, required for the research. Thereby, employees have given valuable insights, important to
the current topic.

This thesis report consists of three components. Part I presents the paper of the research. The paper is a
stand-alone document, containing the important aspects of the research. Part II presents the literature study
performed prior to writing the thesis. This part is written in February 2022, so, as a result, the content is
not fully aligned with the content of the rest of the report. The literature study contains information on
fuel loading practices and prediction models. Finally, Part III presents additional chapters to the research
performed in the paper. First, the preprocessing of the data will be discussed, and thereafter, extra analysis
on the results is presented.
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Prediction of Aircraft Trip Fuel Deviations for Fuel Loading Decisions
with a Deep Time Series Approach

Reinoud Lampe,∗

Delft University of Technology, Delft, The Netherlands

Abstract
Reducing fuel consumption is an increasingly important topic within aviation. One approach to accomplish
this goal is reducing excess fuel weight being loaded on aircraft. Flight dispatchers and pilots load extra
fuel to account for uncertainties present in trip fuel consumption, which is currently computed by the flight
planning system (FPS). In this paper, a time-series-based model is proposed that predicts deviations in trip
fuel consumption of commercial flights. The aim is to assist dispatchers on fuel loading decision, using the
proposed model. A 2-layered time series is proposed, able to capture temporal patterns present in devia-
tions of trip fuel consumption. The first layer is a fixed time interval time series, grouping flights per time
interval, to estimate average trip fuel deviation for the coming time intervals. The output of this layer is
used for the second layer, which is a sequential time series model, modelling each flight individually, able
to capture patterns present in the individual flight information. To estimate the trip fuel deviations for
coming flights, input features from the operational flight flan, weather descriptive features from terminal
area forecasts and historical flight descriptive input features from the flight data recorder are used. The
new prediction model is able to reduce the root mean squared error (RMSE) of trip fuel predictions of the
FPS by 26% and reduces the RMSE compared to the baseline gradient boosting model by 5.4%. Using a
fixed-buffer loading strategy, 0.12 - 0.39% of fuel consumption could be reduced, depending on the desired
safety key performance indicators, which leads to yearly savings of up to $1.5 million and 4,792 tonnes of CO2.

1 Introduction
Decreasing fuel consumption is an increasingly important goal in the aviation industry. The cost of fuel accounts
for roughly 25% of the total costs of an airline, which makes it an important contributor to the profitability of
airlines [Statista, 2021]. Besides this, the increasing concern about the emission greenhouse gasses makes fuel
burn reduction a top priority within the aviation industry. In order to reduce aircraft fuel consumption, Air
Traffic Control (ATC) tries to minimize delays by maximizing the airspace capacity and opt for more freedom in
the trajectory selection of aircraft. Airlines renew their fleet to more modern and fuel-efficient aircraft, aim for
other fuel-saving strategies like trajectory and taxi procedure optimization, and reduce the unnecessary weight
of utilities on board.

One way to limit fuel consumption is by reducing the aircraft’s weight, with the largest source of excess weight
being excess fuel [Irrgang, 2011], since an increased aircraft weight leads to a higher required thrust setting of
the engines for a given speed and altitude. [Ryerson et al., 2015] found that 2.21% - 4.48% of aircraft fuel is
burned due to carrying unused fuel and 0.70% - 1.04% comes from loading more fuel than necessary to ensure
a safe flight. Pilots and flight dispatchers decide on extra fuel to be loaded for each flight, to account for
uncertainties in trip fuel consumption, in order to avoid fuel depletion or flight diversion. The trip fuel con-
sumption is estimated by the Flight Planning System (FPS), and model imperfections, weather uncertainties
and traffic congestion lead to deviations from these estimates. These uncertainties result in more fuel being
loaded by dispatchers [Kang, 2017]. So, more accurate predictions could result in less extra fuel being loaded
on aircraft. On the other side, parties argue that the loaded fuel on aircraft should actually be increased in
order to meet the safety target of the European Union Aviation Safety Agency (EASA) [Drees et al., 2017].
Again, improved trip fuel predictions may lead to less risk on fuel shortage for flights, knowing which flights are
expected to deviate from the FPS estimate. Since safety concerns arise when one opts to reduce fuel weight on
flights, changing fuel loading procedures is a complex topic, where trust in fuel predictions is of high importance.

In the end, the pilot-in-command is responsible to ensure that enough fuel is loaded on each flight, being
assisted by the flight dispatcher. Regulations on fuel loading are provided by the International Civil Aviation

∗Msc Student, Air Transport and Operations, Faculty of Aerospace Engineering, Delft University of Technology
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Organization (ICAO), to make sure there are fuel buffers loaded on each flight. In addition, fuel is categorized,
where each category has its intended purpose. The fuel categories are listed below, retrieved from [ICAO, 2018].
Not present in the list is tankering fuel, which is fuel loaded when it is economically beneficial to bring fuel to
the destination airport. The regulated fuel categories are as follows:

• Taxi fuel The amount of fuel expected to be consumed before take-off, including auxiliary power unit
fuel consumption.

• Trip fuel (TF) The amount of fuel needed to fly from take-off to landing at the intended destination
airport, taking into account operating conditions of the flight.

• Contingency fuel The amount of fuel required to compensate for unforeseen factors such as weather
and traffic. It is required to be 5% of the planned trip fuel, but not lower than the amount required to be
able to fly for 5 minutes at holding speed at 1500ft at the destination airport. Exemptions can be made
for airlines such that the contingency fuel is required to be 3% of the fuel.

• Destination alternate fuel (AF) The amount of fuel required to be able to fly to an alternate airport.
This includes fuel for a missed approach and the flight to the alternate airport including climb and descent
to the alternate airport. An alternate airport is only required when the flight is operating in Instrumental
Flight Rules (IFR). In case there is no alternate airport, an extra fuel buffer should be present, equal to
the amount to be able to fly for 15 minutes at holding speed at 1500 ft altitude.

• Final Reserve Fuel (FRF) The amount of fuel to be used in emergency scenarios. The amount of fuel
shall be enough to be able to fly for 30 minutes at holding speed at 1500 ft above the destination airport,
using the estimated mass on arrival at the (alternate) airport. The amount of FRF required depends
on the geographical location, as the Federal Aviation Administration (FAA) sets the FRF to 45 minutes,
while the EASA sets the FRF to 30 minutes.

• Discretionary fuel The extra amount of fuel that may be loaded by flight dispatchers or the pilot-in-
command. Non-regulated alternate fuel is also considered discretionary fuel.

Since there are different types of fuel on board of an aircraft, the risk of fuel depletion increases when each
buffer is being used. Pilots are required to frequently monitor the remaining fuel and the Estimated Landing
Fuel (ELF). A MAYDAY emergency is present when the ELF is less than the FRF, which is the highest level of
emergency. The second level is a declaration of MINIMUM FUEL, which should be made when a change in the
current clearance would immediately result in a MAYDAY emergency. The third level is that pilots are required
to formally ask for delay information of the destination when the ELF is less than FRF and AF. These lev-
els of emergencies should be used to assess the risk on emergencies on flights caused by the fuel loading procedure.

In order to achieve flights with a higher fuel efficiency and lower risk on fuel shortage, the accuracy of the
predictions of fuel consumption needs to be increased. The goal of this paper is to create a model that assists
dispatchers on fuel loading decisions, using TF deviation predictions. Deviations in TF are estimated, such
that the values can be directly transmitted in expected extra fuel that will be used for a specific flight. The TF
deviations analysed in this paper are defined by Equation 1, where TF dev, TF plan, AFm, and TFused represent
the TF deviation, the planned TF, the mandatory AF and the actual TF. bdiv represents a binary variable
which is equal to 1 for diverted flights and equal to 0 for non-diverted flights. The outcomes of the study may
be compared to other studies predicting total trip fuel directly, by adding the planned fuel to the estimated de-
viations. The new predictions could be used to support on fuel loading decisions, by informing flight dispatchers
and pilots on expected TFdev. Furthermore, pilots may gain more trust in the system using the new predictions
leading to less conservative fuel loading. This way, a more accurate decision on the risk on fuel shortage of each
flight could be made, potentially further reducing conservative fuel loading. Besides assisting on fuel loading de-
cisions, the trip fuel prediction improvements could also help with operational problems such as determining the
weight balance and altitude during the flight, optimization of tankering fuel and the aircraft assignment problem.

TFdev = TFplan + bdiv ∗AFm − TFused (1)

Based on the research gaps found in literature present in section 2, the paper enhances knowledge on TFdev

prediction models for fuel loading advice through the following contributions:

• A 2-layered Time Series (2TS) model is proposed that enhances TFdev consumption predictions by using
available information of preceding flights, to make the most use of temporal and spatial information
available.

• The 2TS model and simpler variations of the model and the gradient boosting model are evaluated in a
fixed buffer loading strategy, such that the benefits of advancements in TFdev prediction model can be
put in perspective.
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• Descriptive mission parameters of flights are computed and tested against TFdev, to investigate the causes
of TFdev.

The paper is structured as follows. First, the literature review and is present in section 2. Thereafter, the
prediction model is proposed in section 3 alongside a fuel loading strategy. The results of the proposed prediction
model are presented in section 5 and compared to the predictions of the FPS and a baseline model. The paper
is concluded in section 6, with recommendations on further research.

2 Literature Review
[Trujillo, 1996] investigated reasons for excess fuel loading and found that pilots load extra fuel mainly based
on past personal experience and traffic and weather forecasts. The problem has not been addressed often until
[Ryerson et al., 2015] performed statistical analysis on fuel data from a single airline, and used these results to
generate potential fuel savings for all the major airlines in the US. They found that 2.21% - 4.48% of aircraft
fuel is burned due to carrying unused fuel and 0.70% - 1.04% comes from loading more fuel than necessary to
ensure a safe flight. Thereby, they introduced a cost-to-carry calculation method, to estimate fuel savings when
carrying less fuel. Fuel burn because of excess discretionary fuel loading is also studied by [Hao et al., 2016],
to measure the unpredictability and costs of an air transportation system where they found that 6-11 minutes
of fuel would be loaded less if there would be no unpredictability in the aviation system. [Gomes et al., 2020]
studied fuel loading regulations in Brazil and they found that 0,21% of fuel consumption could be reduced,
without increased risk on fuel shortage, if the regulations would be changed. [Kang et al., 2018] introduced
machine learning methods for fuel loading decisions to create confidence bounds for fuel usage on individual
flights. The study showed that weak base learners, with Gradient Boosting (GB) being the best performing,
reduced the Root Mean Squared Error (RMSE) by up to 50% and ensembles of base learners improved accuracy
by 2-5%, which leads to fuel savings of up to 2%. Important predictors were proven to be the trip fuel and
flight time distributions of the prior year, based on the same month, Origin-Destination (OD)-pair and hour
block. Additionally, multiple machine learning algorithms were tested by [Achenbach, 2018], to predict flight
time and fuel burn for international flights, where GB was the best-performing model among short-haul flights,
with an RMSE reduction of 28%. The flight time of prior flights was found to be the most important parameter
for flight time predictions. [Kang and Hansen, 2021] used machine learning models, with the random forest
algorithm as the best performing base learner, to estimate the statistical contingency fuel for airlines. Using
scaled predictions, savings of 0.16-0.55% were found. The paper addresses the difference in the distribution
of TFdev for different flight legs and the use of traffic-based input parameters of the prior year. [Zhu and Li,
2021] incorporated delay states at the origin, destination and other airports in the network by using a spatial
weighted long-short-term recurrent neural network model to estimate flight times in order to improve fuel load-
ing decisions. They found that outliers in flight time, which are flights with a high risk of fuel depletion, benefit
the most from the newly proposed methods with an RMSE reduction of 50%, while non-outlier flights benefited
less, with a 22% RMSE reduction. [Khan et al., 2019], created a self-constructing neural network to estimate
TFused for separate flight legs, with an average RMSE reduction from 4% to 58%, heavily dependent on the bias
present in estimations. Other flight parameters including the flight altitude, mach number, and wind direction
were estimated to predict the TFused by [Khan et al., 2021].

To summarize, TF predictions have been studied and improved compared to FPS TF predictions, with vary-
ing results, mostly based on the experimental set-up. Geographical differences and airline practices affect the
results of the model, and the procedure of splitting training and test data chronologically or at random affects
the model performance. Thereby, flights of each OD pair are sometimes modelled separately, because of the
large differences in flight behaviour. Furthermore, TFdev from prior flights helps to improve predictions for
coming flights. One limitation of literature is that diverted flights are omitted in most studies. Diverting flights
could be critical for safety analysis, and is therefore evaluated on extra fuel usage in the current study. Another
limitation is that although TFused predictions can often be improved with more advanced models, the fuel
savings resulting from the models are often compared with the airline practice, and not with simpler versions
of the model. It is, however, important to compare prediction models for their performance on costs and risk
on fuel shortage to assess the importance of improving TFused predictions.

Related research to TFdev predictions are prediction models for specific components of the flight. In the current
research, they are referred to as mission parameters. Fuel flow of flights has been studied for different phases
of the flight [Uzun et al., 2021, Trani et al., 2004, Baklacioglu, 2016, Sen, 2009, Baumann and Klingauf, 2020],
with RMSE reductions of up to 55% compared to models used by airlines, using operational and environmental
settings of a flight. Especially estimations of the fuel flow for the climb and descent are improved in the studies.
Flight track wind uncertainty is studied by [Vazquez et al., 2017] using probabilistic models of wind. They found
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that the standard deviation of the trip consumption scales linearly with wind uncertainty. Moreover, uncertainty
in fuel consumption is larger for headwinds than it is for tailwinds. The prediction of the flight trajectory, being
the lateral and vertical profile of the flight in combination with the velocity, has been studied by for instance
[Khan et al., 2021, Soler et al., 2012, Luke L. Jensen and Reynolds, 2023, Alligier and Gianazza, 2018, Gallego
et al., 2019]. The RMSE of altitude estimations reduced by roughly 48% and for velocity estimations by 25%.
Thereby, when better predictions of the flight trajectory are present, less in-flight re-optimization is required
which makes changes to the intended flight path. Also, flight delays are modelled, which is a major source of
extra flight time and fuel consumption. [Sternberg et al., 2017] analysed more than 200 papers relevant on flight
delays, with a focus on terminal area delays, taxi delays, airline-specific delays and delay propagation. Despite
the wide coverage in literature, [Zhu and Li, 2021] argue that most delay studies are intended for planning
purposes, and not to model deviating flight time and so, TFdev.

The improved prediction for mission parameters may be used to increase the accuracy of flight plan parameters,
optimize operational strategies, communicate more efficiently with ATC, or model emissions more precisely.
Some studies mention that improved mission parameter predictions can help improve TFused predictions. De-
spite this, little is known about the importance of mission parameters on TFdev encountered in practice. There-
fore, they will be computed in this paper, and compared with TFdev, to identify the most important parameters
to improve on TFdev predictions.

In this paper, the problem of predicting TFdev will be modelled as a time series. The first reason that time
series are used is that inputs based on mission parameter deviations of prior flights have shown to be important
predictors, and the second that the distribution of TFdev predictions varies greatly between OD-pairs and other
defined clusters. Time series models can be used to extract critical temporal information on mission parame-
ters to predict TFdev. Thereby, sequences of data may be generated per OD-pair or other cluster, while the
dependencies withing a sequence may be the same across the entire model. The implementation of time series
problems is often done by using statistical models [De Gooijer and Hyndman, 2006]. Recent developments in
time series are based on neural networks, with its time series variant, the recurrent neural network [Zhang et al.,
2020]. Since its introduction, improvements to the model are made, each tackling issues within the model. A
recently developed model is the Temporal Fusion Transformer (TFT) introduced by [Lim et al., 2021], which
beats the prediction performance of other benchmark models. TFT is a novel transformer-based architecture,
showing promising results in terms of prediction performance on various problems including traffic speed pre-
diction ([Zhang et al., 2022]), wind speed prediction [Wu et al., 2022], and power demand prediction ([Li et al.,
2023]). The TFT model will be explained in more detail in section 3.1.2. In order to identify the full potential
of time-series models for TFdev predictions, the state-of-the-art TFT model will be used.

3 Methodology
Improved fuel loading decisions may be enabled by an improved TFdev prediction model. Fuel loading advice
for flight dispatchers will be created using two steps. The first step is the creation of a prediction model for
TFdev. A 2-layered Time Series (2TS) model is proposed to demonstrate the performance of deep time series
for TFdev predictions. More information on the model is presented in section 3.1, and the input features of the
model are described in section 3.2. Using the newly created predictions, a fixed-buffer fuel loading strategy is
used to investigate the benefits in terms of fuel saving and Safety Key Performance Indicators (SPI) associated
with the created prediction model, further explained in section 3.3.

3.1 Prediction Model
The 2TS model is a time series prediction model using deep learning, to demonstrate the performance of deep
time series models for TFdev predictions. The TFT model is used to make predictions within the 2TS model.
Values of TFdev, change over time, as presented in Figure 1, for the average value of TFdev per day of the year
and time of the week. The figures are created using the dataset presented in section 4. In literature, temporal
information is often included using month, day of week and hour block input features. Hour blocks are used
since a discretization of 1 hour would lead to results with a lot of noise. In practice, however, the average
TFdev per day or hour block is not constant throughout the year and between consecutive years. Figure 1 shows
that the average TFdev per hour block is higher towards the end of the week for the year 2019 than for 2018,
showing a difference in the temporal pattern of TFdev in the week. These changes may be caused by changes
in the operations of an airline, changes in traffic congestion in the air network, differences in ATC allowances
and more. Thereby, there are also temporary changes. Visible in the yearly time series in Figure 1, is that a
roughly similar pattern is present for TFdev in two consecutive years. Despite this, there are differences present,
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for example at day index 272. In this period, the average TFdev for 2018 is more than 100 kg lower than it
is for 2019. These temporary changes could be caused by environmetal effects, such as a period of extreme
weather, or changes in the passenger mix, caused by for example school holidays. Time series enhance the
use of available information when planning coming flights using data from prior flights. Furthermore, flights
behave comparably within groups based on OD-pairs while they behave differently between groups, found in
the literature study. For this, time series work well as they can be modelled for each specific group of flights,
such that shared information within this group is used for coming flights. This way, information on deviations
from the flight plan from recent flights for a certain OD-pair could be used to determine expected TFdev for
coming flights. In the current study, spatial levels are defined to represent groups or clusters of flights based
on the OD pair. The spatial levels defined are: the entire network, the planned arrival airport, the planned
departure airport and the planned flight leg. Each flight belongs to a group in each of the spatial levels.

(a) Yearly time series, with average TFdev per day of the year,
grouped per four days

(b) Weekly time series, with average TFdev per hour block of
the week, grouped per four hours

Figure 1: Average values of TFdev throughout the year and week

There is no trivial solution when modelling flights in an airlines network as a time series. Flights originate and
arrive at various airports, have different flight durations and have different instances for the creation of the
Operational Flight Plan (OFP). Introducing time series to the TFdev prediction problem, two separate methods
are created and thereafter combined. Hence, the model is called the 2-layered time series. A Fixed Time Interval
Time Series (FTTS) is proposed to model seasonality effects present in the data, and to consider time series
for different spatial levels, defining them as sequences that contain the groups of datapoints. As flights do not
arrive on fixed time intervals in reality, flight data needs to be grouped and transformed per time intervals,
which is set as target to predict coming time intervals. The predicted targets are then collected for each flight
and serve as inputs for a second model, that is able to predict individual flight target data, instead of grouped
values. A Individual Flight Time Series (IFTS) is proposed to allow individual flight data, including flight plan
and weather information, to be used from preceding flights with the same OD-pair. This way, the relationships
between flights within a OD-pair may be directly used for predictions of coming flights.

3.1.1 Model architecture

The model architecture, with its inputs and and relationships will be described in the current section. Fig-
ure 2 shows a schematic representation of the proposed 2TS model, with its sub-models to estimate TFdev for a
flight. The FTTS model uses time interval features as inputs, to predict features for the following time intervals.
The IFTS model uses features of the to-be-predicted and preceding flights, to predict for multiple coming flights.

Figure 2: Prediction model for trip fuel consumption
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A summary of the used inputs and parameters in the model is present in Table 4. A distinction is made
between flight specific parameters, time interval parameters and model parameters. For the TFdev denoted as
yi, predictions, denoted by ŷi, are created for each flight i ∈ [0, Nf ], where Nf represents the number of flights
used in the dataset. Each flight has stationary parameters from the OFP and Terminal Aerodrome Forecasts
(TAF) used in the model and are defined as vectors oi ∈ RNf∗NO and ti ∈ RNf∗NT respectively, where NO

indicates the number of OFP input features and NT the number of TAF input features. Thereby, for each
flight, the mission parameters mi ∈ RNf∗NM are computed. So, each flight has a combined vector of features
pi ∈ RNf∗(NO+NT+NM ). An instant of time is denoted by t and each flight has an arrival time tarri and a
planning time tplani . Inputs oi and ti are considered to be known for all flights, also for coming flights. This
information is only known during the planning phase in reality. However, as time series predictions would
only be used at the planning time, the assumption can be made that all future inputs are known, without the
model behaving differently in reality. The inputs mi are considered known once an aircraft has landed, so when
tarri < t.

Within the dataset, groups of flights are created, based on the OD-pair of the flight. Thereafter, the flights
are sorted on their respective arrival time. This way, data from preceding and succeeding flights can be selected
easily using indexing. For example, oi−km:i+hm

represents the set of OFP input data from flight i, the km flights
that arrived before flight i with the same OD-pair and the hm flights that arrived after flight i with the same
OD-pair.

Table 1: Summary of model parameters

Parameter, vector or matrix symbol Description
Per flight i

pi ∈ RNf∗(NO+NT+NM ) Combined features of a flight
oi ∈ RNf∗NO OFP input features of a flight
ti ∈ RNf∗NT TAF input features of a flight

mi ∈ RNf∗NM Mission parameter features of a flight
gi ∈ RNf∗Nsg Spatial groups of flight
tarri ∈ RNf Arrival time index of flight
tplani ∈ RNf Planning time of flight

TIarrg,i ∈ RNf∗Nsg Arrival time interval of flight i and spatial group g ∈ gi

TIplang,i ∈ RNf∗Nsg Planning time interval of flight i and spatial group g ∈ gi

hFTTS
g,i ∈ RNf∗Nsg Required forecast horizon for FTTS for flight i and spatial

group g ∈ gi

hIFTS
i ∈ RNf Required forecast horizon for IFTS for flight i

yIFTS
i ∈ RNf∗hm Predictions from the IFTS model for flights within the fore-

cast horizon, starting with flight i

ŷFTS
g,i ∈ RNf∗Nsg Predicted FTTS parameters for a flight and spatial group

g ∈ gi

ŷi ∈ RNf Predictions of TFdev per flight
Per time interval TI

fpg,TI ∈ R(
∑

g∈G NTIg )∗(Nfm+Nft) Combined features per time interval
fmg,TI ∈ R(

∑
g∈G NTIg )∗Nfm Mission parameter features per time interval and group

ftg,TI ∈ R(
∑

g∈G NTIg )∗Nft Temporal features per time interval and group
YFTTS

g,ti ∈ R(
∑

g∈G NTIg )∗Nft∗hm Predictions from the FTTS model, being the predicted pa-
rameters for each time interval within the forecast horizon

Per time series model m
hm Forecast horizon
km Look-back window

Besides parameters for each flight i, there are parameters defined per time interval TI. Time intervals are
created for the FTTS model, which represent periods of time, in which data of flights is grouped. The FTTS
model will be used for different spatial levels, indicated with gi ∈ RNf∗Nsg , where Nsg represents the spatial
levels, being the OD-pair, arrival airport, departure airport of flight i and the entire network. So, time intervals
are created for each group within a spatial level. Each flight arrives at time intervals TIarrg,i ∈ RNf∗Nsg and is
planned at time intervals TIplang,i ∈ RNf∗Nsg . Then, all combined parameters per time interval of a specific group
are defined as fpg,TI ∈ R(

∑
g∈G NTIg )∗(Nft+Nfm), where G represents the set of all groups used in the model,

NTIg the number of time intervals for group g, Nft the number of temporal features, and Nfm the number
of mission parameter features used per time interval. This vector consists of the mission parameter features
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fmg,TI ∈ R(
∑

g∈G NTIg )∗Nfm and temporal parameters, ftg,TI ∈ R(
∑

g∈G NTIg )∗Nft . The temporal parameters are
known for all time intervals, while the mission parameters are only known for arrived flights.

Using the inputs, ŷi is computed using the set of equations shown in Equation 2. First, a matrix of parameters
YFTTS

g,ti ∈ R(
∑

g∈G NTIg )∗Nft∗hm is computed using the FTTS model. f1() represents the function used in the FPS
model. Each model has a forecast horizon hm and look-back window km. Using parameters of all preceding
intervals within the look-back window and all temporal parameters for the to-be-predicted time intervals, YFTTS

g,ti

is generated, which is a matrix consisting of the vectors of predicted parameters of a time interval, for all time
intervals in the forecast horizon. By subtracting TIplani from TIarri , the required forecast horizon hFTTS

g,i for
the FTTS model is computed. Depending on this value, the appropriate forecasted vector is selected from
all prediction matrices YFTTS

g,ti . This way, each flight is assigned predicted FTTS values ŷFTTS
g,i for all spatial

groups the flight belongs to. Once the predicted FTTS values are calculated, prediction vectors are created for
the IFTS model, using the OFP, TAF, mission parameter and FTTS features. Now, the IFTS model function
is referred as f2(). The prediction vector contains a prediction for a succeeding flights within forecast horizon
hm after flight i. Again, the correct prediction should be selected from all the prediction vectors. Now, the
required forecast horizon, hIFTS

i is based on the amount of flights with the same OD-pair, that landed between
tplani and tarri . Using this value, the correct predicted value ŷi may be selected.

YFTTS
g,ti = f1(fpg,ti−km:ti−1, ftg,ti:ti+hm

)

ŷFtTS
g,i = YFTTS

g,TIplang,i

[hFTTS
g,i − 1]

yIFTS
i = f2(oi−km:i+hm

, ti−km:i+hm
,pi−km:i−1, ŷFTTS

g∈gi,i−km:i+hm
)

ŷi = yIFTS
i−(hIFTS

i −1)[h
IFTS
i − 1]

(2)

Fixed Time Interval Time Series Model The FTTS model is created to generate inputs for preceding
models for TFdev estimations. The outputs of the FTTS will be used for the IFTS model. The FTTS is designed
such that it enables the use of multiple spatial levels, that will be treated as sequences, and the use of repeating
patterns apparent in the fixed time blocks.

The two driving parameters for the design of the FTTS are the length of the time intervals, LTI
g ∈ RNG , and

the transformation of the grouped data within each time interval, ϕg(), ∀g ∈ G. The length of the time interval
determines the generalisation performance versus the precision of time-dependent data. A large time interval
results in time blocks with many flights in one block such that each block has a representative data distribution,
while a low time interval allows for detailed allocation of data to specific time intervals. This accurate temporal
information would be lost for large time interval series. The transformation of the data within each time interval
determines what values to predict for each time interval.

Each group, or entity, in a spatial level, has different dataset sizes. LTI
g is chosen such that the time-space is

discretized in as small steps as possible, while there should be a low number of time intervals with zero flights
within a time interval. This means that within each spatial level, TIL changes, depending on the size of the
group. The possible time intervals considered in this research are: 3 hours, 6 hours, 1 day, 1 week and 1 month.
A group is assigned to the LTI

g where the dataset size is more than twice the amount of time intervals ( TS
LTI

g
),

such that a fair balance between discretization and empty data sets are found. TS denotes the total time span
of the dataset. A TFT model is trained on every set of groups within a spatial level with the same LTI

g , as the
model is able to train on multiple sequences at once. Model parameters that change per TIL are the look-back
window km and the forecast-horizon hm. The values per LTI

g are shown in Table 2.

Table 2: Look-back window km and forecast horizon hm for each time interval length LTI
g

LTI
g km hm

1 month 1 2
1 week 4 2
1 day 14 2

6 hours 12 3
1 hour 48 8

In the current research, the mean and standard deviation of a parameter within the vector of parameters in a

7



time interval are used as transformations ϕg(). The mean may be computed with only one data point in a time
interval and the standard deviation using only two data points. Other transformations such as quantiles of the
dataset, require more data for a good representation. If there are not enough data points for a transformation,
the average value of the training set is used. The set of target variables ŷFTTS is not equal to the complete set
of mission parameters m, as only the trip fuel deviation, flight time deviation, fuel flow deviation, descent fuel
burn deviation, and cruise fuel burn deviation are used, with their corresponding mean and standard deviation.
The computation of the input parameters is described in section 3.2.

Individual Flight Time Series Model The IFTS model is used to make predictions of target data for
individual flights, combining inputs oi, ti, mi and ŷFTS

g,i . As flights need to be arrived at the destination in
order to generate mi, not all flights can use the previously planned flight as input upon the planning time.
Therefore, a multi-horizon forecast is created, such that the required horizon may be selected, depending on
the number of preceding flights that are planned, but have not landed yet. For most flight legs, a 1-step ahead
forecast will suffice (in fact, for 90% of the flights in the current dataset). Since the accuracy of the model
may decrease for multi-horizon forecasts, a 1-step ahead IFFT and a τ -step ahead IFFT is created, where τ
represents the maximum time-step ahead required in the dataset. Moreover, the time between the planned
arrival time of a flight and the following flight for a specific leg is used as input parameter, such that the model
uses information on irregular time intervals.

3.1.2 Temporal Fusion Transformer

The TFT is used as the time series model in the 2TS architecture to predict TFdev for coming flights, which
is denoted by f1() and f2() in Equation 2. The TFT has beaten the prediction performance of other advanced
time-series models, because of its ability to distinguish long-term relationships by the attention mechanism as
well as short-term dependencies by the LSTM layers. Besides top-level accuracy, the method has more ad-
vantages. First of all, the model is able to predict values for multiple time series sequences in a single model,
even with unequal time series lengths. This way, similar behaviour between sequences may be used to train
the model, while only preceding inputs of the respective group are used. Second, the TFT has two selection
mechanisms, deciding which data to process in the model and whether to use non-linear or linear processing.
This way, only relevant data is used and the model is not overly complex. Third, the TFT incorporates static
input data in multiple places with embeddings of static categorical features, being able to model differences
between static groups. Fourth, the attention mechanism in the metric allows the user to output the feature
importance of the model variable. Especially for human experience-related predictions, such as the current fuel
loading problem, the interpretability of the model is of utmost importance.

The TFT distinguishes 3 types on input data for each entity i, previously defined as groups within a spatial
level. Each entity, being different separate flight legs, has time steps t ∈ [0, Ti] with static covariates si ∈ Rms .
Thereby it has inputs χi,t = [zT

i,t,xi,t]
T , which is divided in unknown observed inputs, which is only available

for previous time-steps, zi,t ∈ Rmz and known inputs xi,t ∈ Rmx . Each input parameter could be categorical
or numerical, where categorical features are represented as vector embeddings. Equation 3 presents the form of
each forecast, where ŷi(t, τ) is a point prediction of the τ -step-ahead forecast at time t, and f() is a prediction
model. k represents the look-back window for past information.

ŷi(t, τ) = f(τ, yi,t−k:t, zi,t−k:t,xi,t−k:t, si) (3)

The architecture of TFT is presented in Figure 3, which will be expanded upon. The full explanation of
the model is presented by [Lim et al., 2021]. The TFT is designed to combine multi-horizon forecasting with
interpretable insights. Its architecture has elements specially designed to deal with different types of time series.
The key components present in the model’s architecture are:

1. Static covariate encoders. Static input data may have relevant context for the relationship of input
parameters. Therefore, static features are integrated in multiple places in the network, with the encoding
of context vectors to condition temporal dynamics. The static covariates are transformed into four different
context vectors, which are used into separate locations in the temporal fusion decoder, being the variable
selection, the local processing of temporal features and the enriching of temporal features with static
information. The integration of static encoders leads to a distinction between time series of different
entities, while similar patterns are shared. In the current study, OD-pairs are used as static variables.

2. Gating mechanisms and variable selection. The precise relationship between exogenous inputs
and targets is often unknown in advance, and it is unknown if non-linear processing is required, or that
simpler linear models will suffice. Therefore, there are Gated Residual Network (GRN) blocks present
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Figure 3: The TFT architecture, from [Lim et al., 2021]

in multiple places in the model architecture. The primary input a and an optional context vector c,
transformed from the static covariates s, are combined in an architecture with a residual connection and
an activation function. This way, inputs can be not transformed at all, transformed using a simple linear
function, or using a more complex non-linear function. Each input variable is first transformed using an
embedding or linear transformation for a categorical or numerical input variable, respectively. Thereafter,
each input variable has its GRN, which determines how the information should go through. Irrelevant
components of the architecture and irrelevant input variables can be filtered out this way, to achieve a
better representation of the problem.

3. A sequence to sequence layer for local processing. States of past data affects the data of future
data points. Therefore, a LSTM-based sequence-to-sequence layer is created. Using only this layer, the
model would be equal to an LSTM model [Hochreiter and Schmidhuber, 1997].

4. A temporal self-attention decoder The outputs of the sequence-to-sequence layer are, after being
transformed by a GRN, decoded in a temporal self-attention layer. This layer interprets the temporal
relation between the inputs and selects the important information to extract. Long-term dependencies are
especially well extracted in this layer since the output of each time step does not need to be transformed
by a sequence-to-sequence layer.

[Lim et al., 2021] specifies that the model is able to train on multiple loss functions simultaneously. Despite this,
a single loss function is used, in order to compare the results to other models. A point prediction is created, for
which the MSE loss is used, presented in Equation 4.

MSE(y, ŷ) = (ŷi − yi)
2 (4)

3.1.3 Baseline methods

The proposed 2TS model will be compared to other models, to analyse its behaviour and assess its prediction
performance. The other models exist of components of the 2TS model and high-performing models in litera-
ture. Using the available input data, the GB model, introduced by [Friedman, 2001], is found to have a high
prediction performance for trip fuel predictions [Kang, 2017, Achenbach, 2018]. The GB regression algorithm
combines multiple base learners to create a strong, generalized combined model. Often, the base learners are
decision trees. In a decision tree, binary choices are made based on the input data, where the predicted outcome
is based on those decisions. Many of those decision trees can be created, using different parts of the data and
different input features. Combining those decision trees is called bagging [Breiman, 1996]. GB aims to minimize
the residual errors from previous trees, such that it may converge to a better predicting model. When the GB
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model is used, input parameters of prior flights are not used in the model.

Moreover, the performance of the model is assessed by creating simpler variations of the model. An IFTS model
using only individual flight information will be tested, without FTTS inputs. Second, a GB model will be
chosen using known covariates and fixed time interval predictions. A summary of the tested models is presented
in Table 3, with each model name, and the used model for the IFTS and FTTS components of the 2TS model.

Table 3: Prediction models that are evaluated, built out of two sub-models

Model Name Fixed Time Interval model Individual Flight model
2TS FTTS IFTS

FTTS FTTS GB
IFTS - IFTS
GB - GB

3.2 Feature engineering
The creation of the input features is described in the following section. The input features are used for a TFdev

prediction model during the planning phase of a flight. All the available input data used in the prediction should
be available at this point in time. The planning time of each flight and availability of the data is rounded per
hour, for easier processing of the data.

The input data is divided into three types, which are visualized in section 3.1. The first is the flight static data
known during the planning phase of the flight, consisting of the flight plan information and weather information
available from TAF. The second group is data from preceding flights including the same static information as
well as mission profile parameters of the flight. The third group is spatial time block predictions, built out of
time series predicting the mean over/underburn at a given spatial level for a given time duration of the arrival
time of the flight.

3.2.1 OFP features

The OFP has a detailed description of the intended flight path of an aircraft, as well as important parameters
describing the to-be-performed flight. These parameters may influence the average value or chance on large
values of TFdev. Table 4 shows the parameters available in the OFP used for the prediction model. The OD-
pair, Arrival airport, and Departure airport all influence the deviations, because terminal efficiencies deviate
per airport. The parameters are categorical variables in the TFT model, the OD-pair is used as static input.
Temporal parameters are the Year, Month, Day of Week and Hour Block, all used as categorical variables. The
Hour Block is divided into blocks of three hours. The other parameters describe the general characteristics of
the flights. Combined, the inputs created the input vector oi, used in the IFTS model. In the FTTS model,
temporal features are used, which are the month, day of week and hour block, which make the input vector
fmg,TI . Dependent on LTI

g , the Hour Block and Day of Week features are omitted. the TFT model is able to
transform categorical features. For the GB model, one-hot encoding is used for categorical features.

Table 4: Summary of OFP input data used in the model for STS

Flight Identification
OD-pair Arrival airport Departure airport Year
Month Day of week Hour Block

Flight description
Planned trip fuel Planned flight time Planned distance Great circle distance
SID + STAR distance Max Altitude Take-Off Weight Max wind speed
Avg. head wind Aircraft performance factor

3.2.2 TAF features

TAFs are weather forecasts available for most airports. The TAFs contain weather predictions for the area
around the aerodrome indented for aviation. Using these forecasts, weather-related input features are created.
Depending on the weather predictions, terminal efficiencies change, making weather forecasts important pre-
dictors for large arrival delays. Important elements in the forecast are: horizontal visibility, vertical visibility,
precipitation and runway cross-wind. According to regulations, AF is only required when there is IFR expected
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at the arrival time at the arrival airport plus or minus one hour.

A bad weather, Wb and very bad weather, Wvb indicator are used as input features for the model. Wvb is equal
to one when there is either: low IFR, snow or thunderstorm predictions, and zero otherwise. Wb is equal to one
when there is either: any precipitation, IFR or crosswind above 20 knots on the runway. The two features are
combined into the input vecotr ti, used for the IFTS model.

3.2.3 Historical flight mission parameters

Flight data of preceding flights are used in 2TS. There are many possible mission parameters that describe the
flight, besides the TF itself. Some parameters may be estimated more accurately than others compared to the
FPS [Khan et al., 2021]. By splitting a flight in separate elements, some information may be estimated accu-
rately, to use for coming predictions. The computation of descriptive parameters will be described in the current
section. All of the descriptive parameters will serve as input for the 2TS model, while only some parameters
will serve as input for the FTTS model. The flight descriptive parameters of interest are: distance, fuel flow,
velocity, flight time, flight altitude, effective wind, and aircraft weight. Each parameter is defined as deviation
from the flight plan, consistent with TFdev as the target variable. Thereby, special occurrences are computed as
well. The special occurrences serve as input for the IFTS model and may be used for further analysis on causes
of trip fuel consumption. The combination of mission parameters per flight is presented as mi, used for the
IFTS model. In this section, a description of waypoints will be given first, and the computation of the mission
parameters thereafter.

Some of the descriptive parameters require en-route flight information, to compare the OFP data to the Flight
Data Recorder (FDM) data. Therefore, the flight will be segmented, to be able to compute en-route values
of desired parameters. The flight is segmented as follows. The flight plan consists of waypoints along the
route with lateral straight flight legs in between. These waypoints usually correspond to entry/exit points of
countries or airways. For each segment, either a cumulative value or an average value of the desired mission
parameter is extracted. This value may then be compared to the FDM data. An example of a segment of a
flight is shown in Figure 4. The large, blue points indicate waypoints of the OFP, while the small, green points
indicate FDM measurement points. The average or accumulated value of all the FDM points may then be
compared to the description of the waypoint in the OFP. The set of OFP waypoints is defined as OFPi, which
contains mission parameter data per waypoint ofpw,i and the set of FDM points as FDMi with parameters per
point fdmw,i. Each OFP waypoint is linked to a single FDM measurement point, by measuring the smallest
lateral distance. Then, all FDM measurement points in between two waypoints are assigned to the subsequent
waypoint. The first FDM point assigned to an OFP waypoint ofp is presented as fdmo1 and the last point as
fdmo2 . Thereafter, the different mission profile parameters may be computed per segment. FDM time steps
are taken for every 20 seconds, which is deemed a small enough time step to lead to accurate results. A flight
start, tstarti is defined to start at the beginning of the runway. Since, there is no direct measurement when that
instance is, the first moment in the air, tairi is used, subtracting a fixed time to include the take-off time, trun.
The flight ending, tendi , is defined to be a fixed time instance, tlan after the first second on the ground after the
flight, tgroundi . trun is set to three minutes and tlan to two minutes, the reasoning is present at the computation
description of the trip fuel.

Figure 4: Link of FDM data and OFP data

Trip fuel The trip fuel of each flight, TFi ∈ RNf is the target for the prediction models. TF is measured
by comparing the fuel weight at the start of the flight and at the end of the flight, as described in Equation 5,
where W f

t indicates the fuel weight at time t. The weight sensors are not fully accurate, as accelerations cause
the weight in the tank to increase. Therefore, any weight measurement during take-off is unreliable. So, a
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proper length trun of three minutes is used and two minutes for tlan to overcome these issues. The trip fuel is
computed for the entire flight. When the trip fuel is desired between two waypoints, TFway

i , the fuel flow is
integrated over time to get the resulting value.

TFi = W f
t=tend

−W f
t=tstart

(5)

Distance A distance input feature DISi ∈ RNf is computed to compare the actual versus the planned flight
distance, shown in Equation 7. The flight distance of a segment is defined as the distance between two waypoints,
calculated using Equation 6, where RE is the radius of the earth, ϕi, the latitude of point i and λi the longitude
of point i. Actual distances are computed using the FDM datapoints and the planned distance using the OFP
data.

di,jline = RE ∗ 2arcsin
√
sin2(

ϕi − ϕj

2
) + cosϕicosϕjsin2(

λi − λj

2
) (6)

DISi = dplan −
∑

f∈FDM

df,f+1
line (7)

Flight time The difference in flight time, FT i ∈ RNf is defined as the duration spent in a certain segment,
shown in Equation 8. The flight time between two waypoints is described in the OFP. The flight time from
the FDM is defined as the number of FDM data points, multiplied by 20 seconds. Flight time deviates when
another distance is flown than intended, or when the velocity changes during the segment.

FT i = FT i
plan − (tstart − tend) (8)

Fuel Flow The fuel flow of each datapoint, FF i of the FDM is averaged, to compare the deviation in fuel flow
to the flight time and computed in Equation 9. NFDM represents the number of FDM points in a flight. The
fuel flow may change because of aircraft performance or weight differences compared to the OFP, or because of
a different trajectory than planned.

FF i = FF i
plan −

∑
f∈FDM fFF

NFDM
(9)

Velocity The velocity, V i ∈ RNf along a segment is defined as the mach number and computed as shown in
Equation 10. NOFP represents the number of OFP points in a flight. Since the altitude may deviate from the
OFP and the FDM, the mach number resembles a better comparison of velocity then air or ground speed. Flights
change their speed from planned speed either because of a new optimization given the current environmental
settings, or new clearances on speed given by ATC.

V i =

∑
o∈OFP(omach −

∑f=fdmo2
f=fdmo1

fmach

fdmo2
−fdmo1

)

NOFP
(10)

Altitude For the altitude of the mission profile, the maximum altitude is measured. The maximum altitude
correlates less with other mission profile parameters than the average altitude. The maximum altitude of the
OFP is compared to the FDM to get the altitude difference of each flight, ALT i ∈ RNf .Only a single value of
the altitude is present in the OFP, at the location of a waypoint. Therefore, the altitude of the FDM datapoint
closest to the waypoint is used. Aircraft operate more efficiently at higher altitudes, but environmental, ATC
and internal factors including weight changes affect the maximum achievable altitude.

ALT i =

∑
o∈OFP(oalt − fdmo2,alt

NOFP
(11)

Wind component The wind component, or effective wind, is defined as the wind vector along the flight
direction of the aircraft and denoted by Windc ∈ RNf . For each segment between waypoints, the average
effective wind is stated in the OFP. The effective wind is computed by measuring the vector parallel to the
flight direction. A negative sign indicates tailwind. The effective wind may deviate because the wind speed
differs from the prediction, or a different altitude or route is flown, with different wind speeds and flight
directions.
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Windci =

∑
o∈OFP(owindc −

∑f=fdmo2
f=fdmo1

fwindc

fdmo2
−fdmo1

)

NOFP
(12)

Weight The weight used for the current paper is the Zero Fuel Weight (ZFW), to avoid induced effects by
extra fuel loaded on the aircraft. The ZFW is predicted using the aircraft weight, crew and utilities weight and
passenger weight and denoted by ZFW i ∈ RNf . Mainly the passenger weight remains uncertain since no-show
passengers may be there, or the weight of clothing or luggage of passengers varies. Upon departure, a load sheet
indicates the actual number of passengers on board. The resulting change in ZFW is no direct mission profile
parameter but affects other mission parameters.

ZFW = ZFWOFP − ZFWFDM (13)

Rerouting Rerouting is defined as a significant change in lateral position from the intended flight path. The
value for a significant deviation is up for interpretation and is set to 50nm for the current study. The minimum
lateral deviation is computed per OFP waypoint, and from these waypoints, the maximum value is selected.
Then, a flight can have a different route as a shortcut or a longer route. Only negative reroutings are of interest,
which are flights with a lateral deviation of more than 50nm and a negative total distance difference.

latdev = max(min(do,fline)), f ∈ FDM, o ∈ OFP (14)

Holding There is a clear definition for a holding pattern, but it is more complicated to identify holding
patterns automatically. Often, pilots manually control the aircraft, leading to non-perfect circles. Thereby,
holding patterns may be entered and left in multiple locations. Therefore, a holding pattern is identified as an
aircraft being on a the same position as it had done previously, with a one-minute minimum difference between
the two datapoints. For being on the same location, a margin of 0.5nm is used.

Missed approach When a pilot is not confident that is can make a safe landing, or decelerate quick enough
before the aircraft reaches the end of the runway, the pilot may decide to take-off again and redo the landing
procedure. This manoeuvre leads to a large increase of fuel consumption. A missed approach in computed when
the aircraft reaches its final altitude plus 1000ft and is on the same location as the final destination with a 1
mile accuracy.

Diversions Diverted flights are flights landing at another airport than is prescribed in the OFP. Diversions
have been excluded in literature, while they are critical for fuel loading analysis. As was the case for rerouting,
there is a distinction between positive and negative diversions. Early descents have very low fuel burn since the
entire flight time is drastically lowered. Therefore, only diversions with a negative fuel burn are considered in
the current analysis, to avoid fuel loading decisions based on early stopped flights.

Diversions are special cases in fuel deviation analysis. As soon as a diversion takes place, alternate fuel, which
was previously reserved, is now considered normally usable by the pilot. So, when modelling TFdev, the deviation
from the actual fuel consumption compared to the planned trip fuel and alternate fuel is considered if a flight
is diverted. This way, the buffer that should be taken to avoid final reserve fuel is modelled.

Flight phase fuel consumption The flight is divided into flight phases, in order to assess the fuel consump-
tion in the different flight phases. Per flight phase, the fuel used is computed by integrating the fuel flow over the
duration of the flight phase. The actual fuel burn is compared to the planned fuel burn. Three phases are being
defined, which are the climb, cruise and descent phase, visualized in Figure 5. The cruise phase starts when
the first waypoint reaches the initial altitude and ends at the last waypoint above the initial altitude. Since
the phases are calibrated to the flight plan, it may be that the actual flight is not in cruise altitude yet, while
crossing the horizontal location of a waypoint. By separating the flight in different phases, critical elements
may be identified causing fuel consumption differences per flight phase.

Fphase = OFPFphase
−

∑
f∈

FDRphasefFF ∗ ft (15)
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Figure 5: Different flight phases during a typical flight

3.3 Fuel loading strategy
The fuel loading predictions made in section 3.1 are used for a fuel loading strategy which is presented in the
current section. The aim of the new fuel loading strategy is to reduce excess fuel loading weight, without
compromising on flight safety. First, benefits and SPIs are discussed in section 3.3.1. Thereafter, a fuel loading
strategy is explained in section 3.3.2.

3.3.1 Benefit assesment

The benefits in terms of less carried fuel are computed using the new fuel loading strategies. First, the reduced
weight is computed by comparing the airline fuel loading to the new fuel loading strategy. Then, by using a
Cost-to-Carry (CTC) factor, the extra consumed fuel is calculated for a given flight [Ryerson et al., 2015]. For
each individual flight, the CTC factor is computed using Equation 16, where β1 and β2 are used from [Ryerson
et al., 2015], with values of 0.02 and 4.852 ∗ 10−5, respectively. The reduced fuel burn Fred, is computed using
Equation 17.

γi =
β1

disi
+ β2 (16)

Fred = γi ∗ (F 2TS
load − FFPS

load ) ∗ disi (17)

For an airline-wide benefit assessment, the fuel savings per flight are combined. Using reduced fuel usage, the
reduced emissions and reduced monetary savings could be computed, which are both for airlines. The reduction
in CO2 emissions are computed using the value from the U.S. Environmental Protection Agency on jet fuel,
which is 9.75kg per gallon of jet fuel [EPA, 2018]. Then, monetary savings are computed using a price of
3$/gallon for the jet fuel price [IATA, 2022].

Studies on fuel loading often use FRF usage as risk indicator [Zhu and Li, 2021, Achenbach, 2018, Kang, 2017],
since FRF usage indicates emergency scenarios. To gain trust from airline dispatchers and pilots however, more
metrics are required, such that models may be evaluated across different standards. EASA introduced SPI’s for
fuel loading, intended to be used to allow airlines to change their contingency fuel procedure if the standards
on the SPI’s can be adhered [EASA, 2022]. Not all SPI’s are applicable for the current research. Those SPI’s
can either not be measured using the current dataset or would not change based on the changes in fuel loading
in the current research. The list of used SPI’s are:

• SPIcont: Flights using more than 100% of the contingency fuel.

• SPIFRF : Landings with less than the FRF remaining, which is equal to 30 flight minutes.

• SPI45,60: Landings with less than a fuel equivalent of a specific number of minutes remaining, which are
set to 45 min and 60 min for the current study.

These SPIs are based on the fuel remaining in the aircraft. However, pilots and dispatcher currently load
discretionary AF. To allow a fair comparison, SPIs based on AF usage should be definted as well. Thereby,
pilots should monitor the remaining fuel during the flight, and act if the landing is estimated to use alternate
fuel, which is a risk on fuel shortage. Therefore, SPIs regarding alternate fuel usage are created. As there is a
distinction between mandatory AF and discretionary AF, two SPI’s are made:
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• SPIaltm : Flights landing with less than FRF and mandatory AF combined

• SPIaltd : Flights landing with less than FRF and discretionary AF combined

3.3.2 Fuel Loading Strategy

Two types of fuel loading strategies are tested, with multiple variations. To allow for a relatively simple and
comparable model, fixed flight time buffer strategies are created. The fuel buffer is defined in flight time, to
comply with the FRF definition. One minute of flight time is computed as 1

30 of the FRF, which is equal to
a flight time of 30 minutes. The first loading strategy is designed such that no discretionary alternate fuel is
used, while the second uses the same amount of discretionary fuel as is currently used by the case study airline.
This way, the benefits of a new prediction model and benefits of limiting the amount of alternate fuel can be
evaluated separately. A fixed buffer is loaded for each flight, to deal with large trip fuel consumption deviations,
not predicted by the prediction model. The fuel loading strategies are defined in Equation 18 and Equation 19.
TF is based on the newly created trip fuel predictions. FB, which represents the fixed buffer, is set, such that
on the validation set, the value of SPI45 is the same as is the case for the airline fuel loading practice. SPI45
is used instead of SPIFRF , as low number of flights use FRF in the dataset. FBA, which represents the fixed
buffer for flights with discretionary AF, is set such that the same value of SPIalt is found. For interpretable
results, the fixed buffer may only be equal to multiplications of 5 minutes. SPIcont is computed as if the same
contingency fuel as the airline is currently loading would be loaded using the new strategies. A loading strategy
receives a name with the model used, the FB and the FBA. For example, 2TS15 refers to a strategy using 2TS
predictions and a value of 15 minutes for FB and FPS0+alt−10 refers to a strategy using the FPS predictions,
with no FB, all discretionary fuel being loaded and a FBA of -10 minutes.

Fixed buffer strategy: LF = TF +AFm + FRF + FB (18)

Fixed buffer and alternate fuel strategy: LF = TF +AF + FRF + FB + FBA (19)

4 Case study description
Data is collected from a partner airline to test the proposed model. The airline is a medium-sized European
airline, operating domestic and international flights within Europe. Data is collected from the 4th of March 2018
until the 31st of December 2019, such that the Covid pandemic does not affect the results. Flight data prior
to the 4th of March is scarce and therefore excluded. The dataset is described in section 4.1. An exploratory
analysis on the importance of mission parameters is present in section 4.2

4.1 Data description
Data is obtained from both the OFP data per flight and the FDR data per flight. For each flight, the most
recent OFP is used. This leads to varying planning times before departure in reality. For simplicity, a fixed
planning time of two hours is used, needed for the connection of TAFs and required prediction horizons. By
merging the two datasets, a total of 75,315 available flights are found. When the flight leg, arrival airport or
departure airport has less then 50 flights, the respective input parameter is set to ’other’. This way, all groups
of spatial levels are represented in the training, validation and test set. Flights belonging to a group ’other’ are
often irregular flights after for example a diversion to an airport not used in normal operations.

TAFs are typically issued every 6 hours by airports, which occasionally updates in between these time steps.
All forecasts are collected for the used arrival airports from navlost.eu, [s.r.o., 2022]. For smaller airports, there
is missing data in the TAFs. This causes 11,650 flights to not have TAF forecast younger than 18 hours prior
to departure. For these flights, no information on wind or percipitation is present, but information on the
horizontal and vertical visibility is present, as it is present in the OFP.

The data is split chronologically in a training, validation and test set, dividing all months in the dataset into one
of the sets. The division is shown in Figure 6. Months need to be considered complete, as this is the largest time
interval in the FTTS model. As a result, the training, validation and test set sizes are unequal. The dataset
is split chronologically, as look-ahead biases would be present otherwise, with unrealistic model performance
as result. The sizes of the training, validation and test set were aimed to be 60/20/20. The dataset sizes are
shown in Table 5.
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Figure 6: The training, validation, test and casestudy sets

Table 5: Descriptive parameters for the training, validation and test set

Set Size Mean TFdev [kg] Std. TFdev
Major

outliers [%]
Medium

outliers [%]
Minor

outliers [%]
Training 39706 -32 234 0.12 1.14 5.4

Validation 15903 10 222 0.05 0.6 3.2
Test 17846 -68 222 0.13 1.26 6.49

Outlier sets are defined at the 5%, 1% and 0.1% percentile of the dataset, defined as minor, medium and major
outliers. This way, the performance of prediction models for different types of outliers may be evaluated. For
reference, in the current dataset, the boundaries of the outlier sets are approximately -400, -600 and -1200 kgs
of TFdev. A summary of the different datasets is present in Table 5. The percentage of outliers changes per
dataset. A changing average TFdev is the reason for this, as the standard deviation is relatively similar.

Dependent on the required inputs of the proposed model, data from prior sets can be used as input data for
preceding sets. This is the case for the validation and test set. In these sets, past inputs can be treated as
inputs for time series, even though they are not present in the set themselves. This way, data loss is avoided
and consistent input data for each prediction is used. When there is no prior data within the training set, the
datapoint is not considered in the model. Depending on the look-back length, the training dataset size will
change. Otherwise, inconsistent input data is used which may lead to inaccurate training. However, since the
training data set size changes, the results will also change, depending on the look-back length of the model. For
the fixed interval time series, the month of February 2018 is also considered as input, which is filled with the
average values of the respective group.

4.2 Mission parameter analysis
Exploratory results on the historical mission profile parameters are described in the current section. The mean
and standard deviation of each of the mission parameters is presented in Table 6. The mean values and standard
deviations for each parameter are presented in both the applicable unit as percentages. Percentages are based
on the planned values of the respective parameter. The wind difference is compared to the planned airspeed as
a percentage. Thereby, the R-squared (R2) and the is presented, which is the measure of the explained variance
of the dependent variable, the TFdev, by the independent variable. Finally, a linear regression is created for
each special flight indicator as independent variable and TFdev as dependent variable. The regression coefficient
is presented.

First of all, some parameters have a mean other than zero, which is the case for the distance, time, fuel flow and
weight difference for a flight. To have a consistent pairing between the planned and actual values, a mean close
to zero is expected. This could be explained by the fact that usually, a flight route is selected that is allowed
by ATC certainly, while often shortcuts are present in practice. Thereby, the ZFW may change because of
numerous reasons, with an important reason being the number of no-show passengers, inducing large variations
in ZFW. Interestingly, the fuel flow is underestimated, probably caused by the ZFW differences. Although the
current predictions result in an average error of zero for fuel consumption, the flight plan is not correct for
determining other variables, meaning that calculations in the OFP are miss-aligned. So, to get more accurate
calculations of the trip fuel, improving accuracy of other variables will help. Secondly, the standard deviation
of most descriptive parameters is around or below 5% for parameters describing the entire flight, while a larger
spread is observed for specific phases of the flight, with the descent phase with the highest standard deviation.
Even though the cruise phase typically has a higher total fuel burn, the standard deviation of the descent phase
is higher, indicating a higher uncertainty.

To improve prediction of TFdev, it is important to improve the accuracy of mission parameters with a high R2.
The highly explained variance of the fuel by the distance difference and the descent fuel difference shows that
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Table 6: Means and standard deviations of mission parameters, expressed in the relevant unit and in percentage
compared to the flight plan.

Parameter Mean Std Mean [%] Std [%] R2 Reg. coefficient [kg]
Trip fuel difference [kg] -19.7 215 0.108 4.45 - -

Distance difference [nm] 35.8 25.9 4.50 4.51 0.32 -
Time difference [hrs] 0.106 0.089 5.01 5.12 0.24 -

Fuel flow difference [kg/hr] -40.2 91.1 -1.77 3.84 0.12 -
Mach difference [-] 0.059 0.043 7.53 5.47 0.08 -

Altitude difference [100ft] 4.55 11.8 1.23 3.2 0.03 -
Wind difference [kts] 2.73 3.1 0.61 0.70 0.02 -

Weight difference [kg] 320 956 0.54 1.68 0.06 -
Climb fuel difference [kg] -2.5 119.8 0.39 13.6 0.12 -
Cruise fuel difference [kg] 0.6 139.9 0.6 7.3 0.19 -

Descent fuel difference [kg] -20.8 143 0.12 25.8 0.38 -
Holding [-] 0.013 - 1.3 - 0.05 -456

Approach [-] 0.005 - 0.5 - 0.03 -498
Reroute [-] 0.002 - 0.2 - 0.01 -360

Diversion [-] 0.0009 - 0.09 - 0.002 -368

these two parameters have the most effect on TFdev of a flight. Wind and altitude differences in a flight have
a large influence on the trip fuel consumption as was found in literature, but the deviation from the flight plan
does not have a large effect on TFdev. So, more exact planning of those variables may lead in more fuel efficient
flight, but will lead to marginal improvements in predictions of TFdev. Figure 7 shows the relationship of fuel
deviations in flight phases versus the total fuel deviation. Two insights are found in these figures. First, minor
and medium outliers in TFdev are caused by both the cruise+climb phase and the descent phase. So, for an
analysis of fuel loading, all phases need to be considered, each with its own important parameters. Secondly, it
is visible that most major outliers are caused by descent fuel deviations, which implies that arrival delays cause
the most extreme fuel deviations.

(a) Descent fuel (b) Climb + cruise fuel

Figure 7: Scatter plots of the trip fuel deviation versus the deviation in flight phases for non-diverted flights

In Table 6, regression coefficients for special flights are shown. This value represents the average difference in
TFdev if the flight belongs to the special flight scenario group. For the diverted flights, the deviation is on top
of the mandatory AF. The average values in TFdev for a special case results in a minor outlier on TFdev. So,
it is not enough to predict each of the flight scenario’s as a binary value, as the differences within these groups
are large, and the cause of major outliers remains unclear.

Another interesting topic in fuel loading is discretionary AF. Regulations do not force dispatchers or pilots to
load AF, but still, this is done in many cases. Even though chances may be little to divert, because of destination
aerodrome terminal inefficiencies, it may happen. In the used dataset, 19% of the negatively diverted flights
had no IFR and so, did not need AF. Thereby, the percentage of flights using discretionary AF that diverted,
is seven times lower then the flights using mandatory AF. So, the discretionary AF loaded is considerably less
effective than mandatory AF being loaded. It is impossible to predict all diverted flights. But, one can estimate
the diverted flights as overburn cases. If the extra fuel would be enough for such an alternate flight, the diversion
would be possible.
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4.3 Hyperparameters
The hyperparameters for the 2TS model and GB model are presented in the current section. The explanation
of each hyperparameter if explained by [Lim et al., 2021] and [Friedman, 2001], for the 2TS and GB model,
respectively. As there are many hyperparameters, a grid search method is computationally expensive. Therefore,
a baseline hyperparameter combination is set. Then, for each hyperparameter, a list of variations of that
parameter, multiplied and divided by factors of two, is tested. If the accuracy of the validation set improves,
this updated parameter value is selected. This way, all hyperparameters are updated from their baseline value.
The resulting values are presented in Table 7 and Table 8.

Table 7: Hyperparameters for the 2TFT and STFT models

Hyperparameter IFTS value FTTS value
Encoder length 25 model dependent

Max epochs 50 50
Batch size 128 32

Learning rate 0.003 0.03
Hidden size 32 16

Hidden continuous size 16 8
Attention head size 1 1

LSTM layers 1 1
drop out 0.2 0.1

Table 8: Hyperparameters for the GB model

Hyperparameter GB Value
Nr of estimators 500

Sub sample 0.8
Max features 0.8 * nfeatures

max depth 4

5 Computational results
The 2TS model proposed in section 3, is evaluated in the current section. 2TS is compared to the other baseline
models in order to assess their performance. The baseline models are FTTS, IFTS, and GB, which are all
discussed in section 3. Also, the FPS error is presented, to measure the increase in performance compared to
current airline practice. A fuel loading strategy, based on the 2TS predictions is also assessed in section 5.2.

5.1 Prediction model results
To compare the different models, the RMSE, Mean Absolute Error (MAE), Mean Absolute Percentage Error
(MAPE), and the standard deviation of the error (Std) are computed. The results of the test are shown in
Table 9 and the distribution of the prediction error is shown in Figure 8. The 2TS model outperforms all
baseline models, which indicates a better prediction performance. The performance in increase is 1.2%, 1.9%,
5.4% and 26.4% compared to the FTFT, STFT, GB and FPS models, respectively. The improvement to the
FPS model indicates that deviations in trip fuel consumption can be estimated, resulting in a lower error, and
potentially help for fuel loading decisions. Compared to the GB model, which is a strong performing prediction
model in other studies [Kang, 2017, Achenbach, 2018], the prediction performance increased marginally. Still,
small improvements may have a large impact on fuel loading decisions. Although the prediction model using
time series performs better than benchmarks, a significant amount of uncertainty remains present in TFpred.
Sensor errors of the trip fuel consumption and unpredictable events using the current inputs are causes for this.
When aiming to reduce the RMSE of trip fuel, it is questionable how much further the error could potentially
be reduced. Thereby, both the STFT and FTFT model have comparable errors, with a difference in RMSE of
only 1%. So, the architectures of the models are different, while the benefits of creating a time series are almost
the same. When combining the models, the RMSE decreases by 1.2-1.9% and the MAE by 1.8-2.7%. Using the
combined model, the model is able to extract extra information, describing the behaviour of TFdev for planned
flights, to increase the prediction performance.
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Table 9: Test set results for the proposed models and baseline models.

Model RMSE MAE MAPE Std
FPS 228.9 174.4 3.32 222.5
GB 177.5 132.7 2.64 177.0

STFT 170.5 125.8 2.51 170.1
FTFT 172.1 128.2 2.54 172.1
2TFT 168.0 123.5 2.49 167.7

Figure 8: Predictions errors for the 2TS model and FPS

The maximum RMSE decrease in literature found using the GB model is 50% [Kang, 2017]. One reason for this
difference is that the average TFdev is close to zero in the current dataset, which is not the case for the other
study. Comparing the standard deviations, the decrease is comparable, being 24-31% versus 20.4% in the cur-
rent study. There are multiple possible explanations for this difference in prediction performance improvement.
First, there are dataset differences, because of geography and average flight duration. Secondly, diverted flights
and flights with tankering are included in the current dataset which is not the case for other studies. Thrid, a
different division of the training, validation and test set is present, being chronologically ordered in the current
study. The latter is more representative of reality but leads to a lower test set performance. So, by comparing
the outcomes of models to the GB model, similar evaluations may be expected using other different datasets.
Moreover, accuracy improvements of other studies may be deemed too optimistic, compared to current results
because of the possible explanations of the differences.

The best performing model in literature is found to be stacking, with RMSE reductions of 2-5% compared to
GB, [Kang, 2017]. The current improvements beat that range slightly. As deep learning and time series are
introduced to the problem, an increase in performance was expected. Improving other model performances just
slightly, the benefit of the time series introduction is unclear. To demonstrate the effectiveness of a time series
model, a sensitivity analysis on the 2TS model is performed in Figure 9. The encoder length and inclusion of
mission profile parameters in the model are tested. Up to an encoder length of 25, the model decreases the
RMSE of the predictions. This indicates that incorporating past flights into a prediction model helps to predict
the following flights. Thereby, when no mission parameters expect for the trip fuel would be used, the prediction
performance decreases, for nearly all encoder lengths.

The variable importance of the 2TS model is shown in Figure 10, including the 10 most important decoder
variables, the 5 most important encoder variables and the attention of the encoder, for an encoder length of
20. Among the most important variables of the 2TS model are predicted values of the FTTS model, which is
expected as it already has a strong predictive performance of TFdev. Interestingly, the cost index is among the
top 10 important variables. This value is selected by the airline, to match the desired operations or aircraft
performance. Apparently, the values consistently lead to deviations in trip fuel consumption. The exact rela-
tionship is unknown. The most important encoder variable is the fuel difference, which is expected, as it is the
target variable of the model, and should have the highest correlation between consecutive values of the same
parameter for flights with the same OD-pair. Furthermore, there is only a slight decrease in attention visible
over the time indexes of preceding time steps for a prediction. So, there is a slight, but not strong decay in the
correlation between TFdev of preceding flights.
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Figure 9: Sensitivity analysis on the encoder length of 2TS

5.2 Benefit assesment
The newly created predictions are tested using the fuel loading strategy described in section 3.3.2, in order to
determine the benefits of using the 2TS model. Complete adherence to the fuel loading strategy is assumed,
without any extra fuel loaded by pilots or dispatchers, to demonstrate the effectiveness of the model. Table 10
shows the resulting average fuel weight reduction using the new strategies and each of the SPIs, where the SPIs
are measured in the percentage of flights change compared to the airline practice. Using the validation set, a
35-minute buffer is found for the 2TS model that results in the same SPI45 value as the airline has. Thereby,
an economical strategy loading 10 minutes less is also presented. The same strategies are tested using the GB
predictions and using the FPS predictions, in order to assess the benefits of improving prediction models. For
the second strategy type, with the same discretionary AF loading, a 30-minute fixed buffer is found, reducing
the buffer with 15 minutes for the flights with discretionary AF.

Depending on the desired SPIs, a fuel weight reduction of 1.05-5.99% may be achieved. The first result is that
using the 2TS model, less fuel is loaded than using the GB model using the same time buffer, indicating a different
average prediction value for TFdev. The SPIs may be compared between the models. Using a conservative fixed
buffer fuel loading strategy, the same or lower values for SPIFRF , SPI45 and SPI60, SPIaltm is found compared
to the practice of the airline, which indicates less risk of fuel depletion. However the value of SPIaltd is worse
for the fixed buffer strategy. Less flights have the option to divert to another airport this way. So, depending
on the desires of flight dispatchers and pilots, one procedure may be experienced better than the other.

When a more aggressive fuel loading strategy is used, the values of SPI45 and SPI60 deteriorates, while the
value of SPIFRF remains similar. The percentage of less fuel being loaded increases to 6%, which might be
worth the little increased risk on FRF usage.

A similar fuel loading strategy is presented for the GB model predictions and the FPS predictions. A result
is that the combination of SPIs is worse for the other prediction models

Using a fixed buffer and alternate fuel strategy, loading the same amount of discretionary AF, all SPIs are
equal or better than current practice. A downside is that this strategy results in only 1% of fuel being loaded
less. So, if airlines would follow one of the loading strategies, a fixed buffer strategy is considered the best
solution, combining weight saving and remaining fuel. Another result is that for all the new models, SPIcont
is reduced the most. So, using the new predictions, higher trust of pilots and flight dispatchers in models may
result. Furthermore, all strategies reduce the value for SPIaltm , being weather impacted flights that land using
alternate fuel. Apparently, the fixed buffer on top of mandatory AF results in a more conservative fuel loading
strategy. By reducing the fuel buffer for weather impacted flights, less fuel may be loaded potentially, if the
values of the other SPIs would not change too much.

Figure 8 shows the distributions of the remaining fuel for the new two strategies and the airline practice. A wider
spread for the airline practice is found, indicating less accurate fuel loading decisions. For the new strategies,
two peaks are found, one for the regular flights and the other for weather-impacted flights, with mandatory AF
loaded. The distribution of the fixed buffer strategy has a high peak, with remaining fuel for the vast majority
of the flights.

Then, the aggregated savings are presented in Table 11. Depending on the desired SPIs, costs may be reduced by
0.24 - 1.47 million $ and CO2 emissions by 747 - 4,792 tonnes. Using the fixed buffer and alternate strategy, fuel
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(a) Decoder variables

(b) Encoder variables

(c) Encoder Attention

Figure 10: Variable importance of three different components of the 2TS model

Table 10: SPI analysis of different loading strategies. Values are presented in [%] fuel or [%] of flights. For
confidentiality purposes of the case study airline, all values are presented as difference compared to the airline.
A negative value indicates an improvement, whereas a positive value indicates deterioration.

Strategy Fuel Loaded SPIFRF SPI45 SPI60 SPIaltm SPIaltd SPIcont
2TS35 -2.01 0 -0.006 -0.61 -0.151 5.48 -9.90
2TS25 -5.99 0 0.025 0.69 -0.091 25.94 -9.90

2TS30 + alt−15 -1.05 0 0 -0.33 -0.126 -0.523 -9.90
GB35 -1.89 0 0.006 0.11 -0.162 4.30 -9.43
GB25 -5.54 0.006 0.044 0.72 -0.71 24.94 -9.43
FPS35 - 2.25 0 0.025 0.194 -0.124 8.09 0
FPS25 -6.23 0.025 0.065 4.61 -0.016 29.83 0
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Figure 11: Minutes of fuel remaining upon landing for different loading strategies. The exact values are not
presented, for confidentiality purposes

savings are less compared to the fixed buffer strategy. A fixed buffer strategy is recommended, as it works well
for the most critical SPIs. Using a fixed buffer strategy, fuel savings of 0.12-0.39% are found, resulting in 0.48 -
1.47 million $ cost reduction and 747 - 4,792 tonnes CO2 emissions reduction. There is no clear goal for the SPIs
on each flight. Each pilot may decide on the amount to load extra individually, making exact determination
of benefits unclear. Despite this, SPIcont will always be improved using new predictions, potentially resulting
in more trust in TF predictions. The fuel savings of 0.38% is lower than comparable studies found, with fuel
savings up to 2%. The most probable reason is that the fuel loading practice is less conservative for the current
case study airline compared to other studies. Hub and spoke airline are inclined relatively more to take less risk
on diversions of flights, leading to a more conservative fuel loading strategy. So, trip fuel predictions have the
highest potential on fuel consumption reductions for hub and spoke airlines. Thereby, the accuracy of the trip
fuel predictions may be too optimistic in other studies.

Table 11: Airline wide savings

Strategy Fuel Savings [%] Fuel savings [tonne] Cost reduction
[million $]

CO2 reduction
[tonne]

2TS35 0.117 481 0.466 1,515
2TS25 0.385 1,525 1.474 4,792

2TS30 + alt−15 0.058 238 0.230 747

6 Conclusions & Recommendations
In this paper, a model for improved trip fuel deviation predictions is presented, to assist dispatchers on fuel
loading decisions. A 2 layered Time Series (2TS) prediction model is proposed, being able to capture critical
temporal patterns present in trip fuel deviations. Using a fixed time interval layer, the model is able to identify
temporal patterns and changes in them, for different groups to which a flight belongs. The individual flight layer
is able to connect specific flight mission parameter data from prior flights to succeeding flights. Compared to
the FPS trip fuel predictions, the RMSE of 2TS predictions is decreased by 26 %, and compared to the baseline
GB model, the RMSE is decreased by 5.4%. The addition of mission parameters of flights in the model have
shown to reduce the RMSE of predictions by 1.2% compared to a model without the mission parameters.

Using the newly created predictions for fuel loading decisions, fuel savings of 0.12 - 0.39% could be achieved
using a fixed buffer loading strategy. Depending on the SPIs, airlines may decide on the most applicable stra-
tegy. Using the new predictions, a considerable amount of flight use less than 100% of the contingency fuel,
while they do without the new predictions. So, when changing only the predictions and not the fuel loading
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strategy, the predictions could be advantageous for airlines.

The current paper only focused on fuel burn parameters of the case study of a single airline. To advance
fuel loading decisions, a dataset of a larger scale is recommended. As a very low number of flights use Final
Reserve Fuel, an even larger dataset is required to obtain a statistically significant dataset size, to analyse major
deviations. As fuel consumption is sensitive data, flight times could be used for such a study. Descent trip fuel
deviations are found to be the most important for major fuel deviations, so improving predictions on this would
be beneficial for fuel loading decisions.

Thereby, the desired values for SPIs dictate the fuel consumption that can be saved for flights. There are no
targets present for each of the SPIs. So, interviews with pilots and dispatchers, but also with regulators should
be conducted to determine the desired targets for SPIs, along with is lower and upper bound. What is clear,
however, is that using a similar loading strategy, better values for SPIs can be achieved.

Besides predictions for fuel loading decisions, accurate trip fuel predictions have the potential to assist with
more problems in aviation. For example tanker fuel, flight trajectory, or tactical aircraft assignment decisions
may be improved with updated trip fuel estimations. A benefit analysis on each of those problems versus the
accuracy of trip fuel consumption is recommended, to potentially improve solutions to those problems.

One of the advantages of time series models is the ability to update predictions during irregular events, with
the Covid-19 pandemic being a recent example. Robustness to changes in the system network could be studied
to assess the effectiveness of time series model during irregular time periods.
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1
Introduction

Decreasing fuel consumption is an unifying goal in the aviation industry. Over the past decade, the cost of
fuel accounts approximately for 25% of the total costs of an airline, which makes it an important contrib-
utor to the profitability of airlines [77]. This effect has been verified in research, where an 1% increase in
fuel price, lead to 40% increase in operating costs in 2012 in the US [74]. The profit margins in the airline
industry are razor thin due to the strong competitiveness, which makes it that fuel efficient airlines have a
significant advantage over others. Besides, the increase in concern of emitting green house gasses results in
fuel burn reduction being a high priority within aviation. Although fuel burn per passenger has dropped by
24% between 2004 and 2017 in Europe, global aviation still accounts for 3.8% of global CO2 emissions [31].
To achieve the European Union goal of carbon neutrality by 2050, fuel burn reduction by aviation will be a
key component. Currently, aviation fuel is tax free in many countries. If a carbon fee was added to airline
ticket prices in order to compensate the environmental costs, air travel demand would decrease by 2.4% to
21% depending on the carbon fee price [66]. Because of the large impacts of fuel consumption, many old and
current studies are focused on an aspect of reducing fuel consumption. From an Air Traffic Management per-
spective, controllers try to minimize delays by maximizing the airspace capacity and opt for more freedom in
trajectory selection of aircraft in order to reduce fuel burn [18]. Airlines renew their fleet to more modern and
fuel efficient aircraft, investigate the use of biofuels [47], aim for other fuel saving strategies like trajectory and
taxi optimization, [53], [90], and reduce unnecessary weight of utilities on board [11].

Despite the well-known fact that reducing weight reduces fuel consumption, little discussion is present on
reducing the amount of fuel on aircraft. The increase in weight of the aircraft causes an higher thrust required
to fly at the same speed. Thereby, an increased weight also increases the maintenance costs of engines and
landing gear [3]. Recent research found that 2.21% - 4.48% of aircraft fuel is burned due to carrying unused
fuel and 0.70% - 1.04% comes from loading fuel beyond what is needed to ensure a safe flight [73]. Airlines
choose to load extra fuel in order to reduce the risk of diversion to another airport and to avoid fuel depletion.
In terms of direct operating costs, a diversion to another airport costs roughly 22,500 euro, which is exclud-
ing the costs of passenger dissatisfaction and network delay costs [13]. Especially for flag carriers, operating
according to a hub and spoke network, delays may result in significant operating costs [8]. Besides the eco-
nomical effects, diversion to another airport also affects the safety of the passengers. Since the fuel reserves
are low in such a scenario, pilot decisions are key. Wrong or too late decisions may result in fuel depletion
[28]. Before departure, the pilot in command is responsible for the amount of discretionary fuel loaded on
board. So even if the Flight Planning System (FPS) presents an objective discretionary fuel advice, pilots tend
to load extra fuel relatively subjectively. Research has shown that pilots tend to mistrust the fuel predictions
of the FPS and increase the amount of fuel depending on past experience, weather and traffic forecasts [84].

In order to achieve the goal of reducing fuel on board, several approaches are found in literature. First of all,
the airline policy on fuel loading could be analysed ([82], [48], [84]). For this, studies investigate pilot be-
haviour on fuel loading decisions and recommend improvements to limit the loading of excess discretionary
fuel. Changing the regulations of local aviation authorities could also lead to a reduction of contingency fuel
as is investigated for Brazil [36] and for China [80]. From an airline perspective, better fuel burn predictions
over flights could lead to lower discretionary fuel loading, while ensuring the same level of reserve fuel usage,
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32 1. Introduction

which is first investigated by Ryerson (2015) [73]. Robust optimization on fuel loading according to the fuel
burn predictions could also lead to better fuel usage [13]. All approaches are related since the factors com-
bined result in the actual fuel loading. Different policies could only be adapted when better predictions are
present to ensure a safe flight. And better predictions are not useful if regulations require to load more fuel
anyway. Due to the quantitative nature of the fuel burn prediction and fuel loading optimization, only these
approaches are considered applicable for the current research. Furthermore, the current research will focus
on European flights. Differences with other regions will be mentioned in chapter 2.

The report is organized as follows. First, the regulations on fuel loading, the current practice by airlines and
existing research will be discussed in chapter 2. In this chapter, research gaps will be identified. Supervised
learning methods useful for fuel burn prediction will be presented in chapter 3. Statistical models, machine
learning models and neural networks will be described. Feature extraction methods and its application on the
current research will be presented in chapter 4. Thereafter, fuel loading strategies and cost to carry analyses
will be mentioned in chapter 5. The report will be concluded in chapter 6. Here, the research proposal will be
stated.



2
Fuel loading operations

Existing information on fuel loading will be discussed in the current chapter. From this information, research
gaps can be identified. Regulations on fuel loading are described in section 2.1. The operations for airlines
regarding fuel loading are assessed in section 2.2. Thereafter, a literature study on existing research on fuel
consumption modelling is performed in section 2.3. Uncertainties in fuel consumption and possible input
data will be shown in section 2.4 and section 2.5. section 2.6 will conclude the chapter, by identifying research
gaps and further goals for the literature study.

2.1. Regulations
The aviation sector is heavily regulated to ensure a safe and efficient flights. The International Civil Aviation
Organisation (ICAO) defines guidelines for National Aviation Authorities (NAA) for aviation regulations in an-
nexes. NAA’s like the European Union Aviation Safety Agency (EASA) often copy the guidelines with minor
deviations. Fuel regulations are introduced to decrease the chance of fuel depletion. Flight dispatchers and
pilots need to live up to these regulations. The regulations present a minimum required amount of fuel to
bring, which dispatchers and pilots can only enlarge before departure. The guidelines presented by ICAO will
be described first, and the applicable regulations for this research of the EASA will be described afterwards.

2.1.1. ICAO
The ICAO and the International Air Transport Association (IATA) were the first organizations to provide guide-
lines on regulations for fuel loading. As stated by the ICAO, the regulations are traceable to the 1950’s, when
meteorological forecasts, aircraft fuel consumption predictions and Air Traffic Management (ATM) was worse
then today [44]. Thereby, the criteria were outdated which lead to the fact that described provisions were in-
sufficient for the modern flight planning and efficiency maximization. This is why operators often carried
excess fuel compared to the regulations.

Advances in the flight planning and flight management systems (FMS) causes increased accuracy and pre-
dictability in fuel planning. These systems could predict fuel and contingency fuel using statistics on previous
flights. Also alternate airport selection methodologies have improved over time. Moreover, improved ATM
system reduce numerous safety risks, introducing opportunities for operational efficiency [44]. If NAA’s opt
for prescriptive regulations, operational flexibility is limited which doesn’t allow for full advantage of modern
tools. Performance based regulations however, enables operators to optimize their flight planning capabil-
ities. Although efficiency could be increased and environmental effect could be decreased over the years,
safety should be considered to central theme as is described by Figure 2.1.

The current regulations are stated in Annex 6 - Operation of Aircraft, Part 1 - International Commercial Air
Transport Aeroplanes, 11th edition, which, among others, gives guidelines on flight preparation and fuel
loading. Paragraph 4.3.6 describes the fuel loading regulations and starts with the following requirement:

An aeroplane shall carry a sufficient amount of usable fuel to complete the planned flight
safely and to allow for deviations from the planned operation
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34 2. Fuel loading operations

Figure 2.1: The relationship between safety, efficiency and the environment as stated by ICAO, from [44]

This should be determined based on aircraft specific data on fuel consumption, aircraft mass, Notices to Air-
men (NOTAM), current meteorological conditions and forecasts, ATM procedures and restrictions and effects
on deferred maintenance items.

Thereafter, requirements are set on the pre-flight calculation of usable fuel required, which is build from
several types of fuel. These are shown in Figure 2.2 and listed below:

• Taxi fuel The amount of fuel expected to be consumed before take-off, including auxiliary power unit
(APU) fuel consumption.

• Trip fuel The fuel needed to fly from take-off to landing at intended destination airport, taking into
account operating conditions.

• Contingency fuel The amount of fuel required to compensate for unforeseen factors. It is required to
be 5% of the planned trip fuel, but not lower then the amount required to be able to fly for 5 minutes at
holding speed at 1500ft at the destination airport.

• Destination alternate fuel The fuel required to be able to fly to an alternate airport. This includes
fuel for a missed approach and the flight to the alternate airport including climb and descend to the
alternate airport. In case there is no alternate airport, fuel equal to the amount to be able to fly for 15
minutes at holding speed at 1500 ft altitude is required. If two alternate airports are required, the fuel
should be enough to fly to the airport which will cost the most fuel. If the destination airport is isolated,
the fuel should be enough to fly for 2 hours at nominal cruise above the destination airport, including
final reserve fuel.

• Final reserve fuel The amount of fuel to be used in emergency scenario’s. The fuel shall be enough to be
able to fly for 30 minutes at holding speed at 1500 ft above the destination airport, using the estimated
mass on arrival at the (alternate) airport.

• Additional fuel Which is supplementary fuel, if the minimum fuel calculated for the other require-
ments is not enough to fly to an alternate airport at the most critical point along the the route, fly for 15
minutes at holing speed and make an approach and landing.

• Discretionary fuel The extra amount of fuel that may be loaded by the pilot-in-command.

The State of the Operator, or NAA, may allow variations to the pre-flight fuel calculations on fuel by the op-
erator. A specific risk assessment performed by the operator needs to be conducted which demonstrates an
equivalent level of safety.

The ICAO also states requirements on in flight fuel management. The pilot-in-command is responsible for
ensuring that enough fuel is available to land the aircraft, with more than the final reserve fuel remaining.
When less then the final reserve fuel is remaining, a situation of fuel emergency needs to be declared by the
pilot. If the amount of fuel is not enough without using the final reserve fuel and alternate fuel, the pilot
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Figure 2.2: Types of fuel defined by ICAO

needs to request delay information from Air Traffic Control (ATC). If an aircraft is committed to land at a
specific airport, and adjusting this results in landing with using final reserve fuel, a declaration of minimum
fuel is needed. This is not an emergency situation, but an indication that an emergency situation is possible.
So, when all the alternate and final reserve fuel is remaining upon landing, no extra communication to ATC
is required, and the flight can be considered a normal flight. Once alternate fuel is not fully remaining upon
landing, an emergency situation is possible with an increasing chance, the less alternate fuel is available.

2.1.2. EASA
The EASA published the Acceptable Means of Compliance (AMC) and Guidance Material (GM) to Annex IV
Commercial air transport operations [Part-CAT] in which requirements on fuel loading are presented. The
requirements are similar to the requirements set by ICAO with some deviations, mainly on contingency fuel.
These deviations are listed per item below:

• Trip fuel The intended departure routing and expected arrival procedure should be included in the
amount of fuel as well.

• Contingency fuel The amount of fuel should be not less than 3% of the planned trip fuel if an en-route
alternate aerodrome (ERA) is available. This ERA should be within a radius of 20% of the trip distance,
measured at 75% of the total flight plan distance. The amount of fuel could also be based on a statistical
method that ensures an appropriate statistical coverage of the deviation from the planned to the actual
trip fuel. For a flight less then 2 hours, 3% trip fuel is required. For a flight more then 2 hours, with
an weather permissible ERA aerodrome, a 99% coverage is sufficient. If the destination airport has
two separate runways available, a 90% coverage is sufficient. The amount has to be more than the
amount needed to fly for 5 minutes at holding speed at 1500ft above the destination airport on top of
the trip fuel. For the operator, there is also a possibility to opt for a reduced contingency fuel procedure,
allowing the operator to chose a decision point along the route, from which the operator should have
enough trip fuel to fly to destination airport and an other airport, including 5% contingency fuel from
that point onwards.

• Alternate fuel For the alternate fuel, the intended departure routing and arrival procedure should be
included in the fuel determination.

The extra regulations on contingency fuel are more complicated compared to the regulations of the ICAO.
They allow airlines to reduce fuel loading further, in case safe flights can be ensured. Airline policies should
state the percentage of flights that are allowed to land using alternate or final reserve fuel, which indicates the
possibility of an emergency situation.
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2.1.3. Other regions
Other regions have other NAA’s which enforce different regulations on aircraft flying in the airspace. The reg-
ulations per region will not be discussed intensively. Important is that other research has been performed in
other regions, where different regulations apply. Research has been performed in the US, China and Brazil,
where the required contingency fuel is 0%, 10% and 10%, respectively [36]. Without changing the regulations,
the contingency fuel determines the lower bound of the fuel loaded to ensure enough trip fuel. So, the po-
tential of optimizing discretionary fuel loading is the highest in the US, whereas it is the lowest in China and
Brazil.

2.2. Operations
Adhering to the regulation set by NAA’s, airlines are free to their way of operations. Differences between air-
lines exist, but most use a similar structure. The structure of fuel loading and the related flight planning phase
will be described in the current section, identifying critical points for discretionary fuel loading. The exact re-
sponsibilities of a flight dispatcher and pilot-in-command is different per airline. The pilot-in-command,
now called pilot, is end-responsible for the amount of fuel on board. In the current section, the term ’flight
dispatcher’ is used for the entire crew that is responsible for the flight planning phase of aircraft, potentially
including the pilot.

2.2.1. Airline practice
Prior to the departure of each flight, flight dispatchers decide on the operational settings of the aircraft, the
to be flown flight trajectory and the amount of fuel that will be loaded. A flowchart of a typical flight planning
procedure is shown in Figure 2.3. The flight planning phase takes place a couple of hours before departure.
It is required to submit the flight plan to ATC. So postponing the flight planning phase increases the accuracy
of weather and traffic forecasts, but brings more pressure on the flight dispatchers and ATC. The flight plan
shall included a 4D flight plan and specifics on the aircraft, as described by Eurocontrol [1]. In Europe, the
flight plan may be submitted up to 120 hours before departure. If a flight is delayed, the flight plan has to be
altered in communication with ATC.

A Flight Planning System (FPS) is used to assist in the flight planning phase. This system optimizes the flight
trajectory and computes the amount of fuel required for the trip. The system allows flight dispatchers to input
constraints on the flight plan such as closed routes. It is also possible that the FPS presents multiple routes
with its corresponding fuel consumption such that flight dispatchers are able to choose the desired trajectory.
Current practice of airlines usually depends on the Simmod simulation program, based on the Advanced Fuel
Burn Model (AFBM) developed by the FAA and the Base of Aircraft Data (BADA) developed by Eurocontrol.
The simulation optimizes the energy balance of drag and thrust through fuel consumption for the different
flight phases as shown in Figure 2.4. The program will be further discussed in subsection 2.3.1. Using a cost
index, flight time vs fuel costs are weighted to reach the best result. The industry is constantly improving the
flight planning systems in order to maximize the safety standards and operational efficiency. One example is
the LIDO system designed by Lufthansa Systems [79]. Making advantage of the big data available in aviation
[23], the system is able to improve pre-flight flight planning and in-flight trajectory planning. Historical data
is available to test the influence of operational settings on fuel consumption. New improvements include en-
route weather integration and in flight route alteration, based on information available in-flight. Based on
changing weather forecasts, or opening of closing of airspaces, the system presents a new route in real-time.
Advanced flight planning systems also present the Statistical Contingency Fuel (SCF), based on historical data
[50]. This calculated SCF however, is inaccurate in some cases due to the small amount of input data.

The flight dispatcher selects the best route from the presented routes based on flight time, fuel consumption
and personal experience. Then, the flight dispatcher will give an advice on the amount of discretionary fuel.
Policies of airlines may result in a standard amount of discretionary fuel advice on certain flight legs, based
on historical evidence [82]. Thereby, the flight dispatcher uses weather forecasts, traffic information and the
statistical contingency fuel provided by the FPS to form an advice on discretionary fuel loading.

The pilot in command makes the final decision on discretionary fuel loading based on the information of the
FPS, flight dispatcher advice, weather forecasts, traffic conditions and personal experience. It is unethical for
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Figure 2.3: Flowchart of the flight planning phase

Figure 2.4: Flight phases with trajectory parameters and fuel consumption, from [53]
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airlines to punish pilots for loading too much fuel and therefore, they may only advice on the amount to be
loaded. This causes the discretionary fuel loading to be relatively subjective. Pilots may be risk-adverse or
not, which leads to different values of discretionary fuel loading ([84], [48], [82]). The discretionary fuel must
cover both taxi as trip fuel consumption. So, pilots may also load extra fuel for de-icing or long taxiing, since
it is uncertain how much fuel that is going to cost. Pilots are a critical factor in reducing discretionary fuel. A
single bad experience, such as a mayday situation, might affect future decisions made by the pilot. Therefore
it is of upmost importance that the discretionary fuel advice should not lead to extra reserve fuel usage, since
this will directly lead to mistrust of pilots.

Airlines do not only consider the amount of fuel required for the current flight but will also consider follow-
ing flights in fuel loading. When loading fuel is cheaper at the current airport then at the next airport, it can
economically wise to bring the cheaper fuel to the destination for the next flight. This fuel is called tankering
fuel or ferrying fuel in literature. Bringing this fuel, however, causes extra fuel burn in return. Also mainte-
nance costs are increased because of the increase in weight. Models are created to optimize the amount of
tankering fuel on board [3]. If the amount of tankering fuel is larger than the amount that the discretionary
fuel would be, the need for discretionary fuel is taken away. So, in these cases, there is no room for optimizing
the amount of discretionary fuel, since it will be zero in almost all cases.

2.2.2. Safety considerations
Despite the benefits of minimizing discretionary fuel on commercial aircraft, risks are attached as well. Par-
ties argue that the amount of discretionary fuel or contingency fuel should be increased instead of decreased.
For the coming years, airspace congestion is expected to grow every year which increases the chance of delays
[32]. Drees et al. [28] found that the current regulations on fuel loading are not in line with the required safety
standards set by the EASA, which is an accident probability of pt ar g et = 1 · 10−7. Although the fuel reserve
may be sufficient to safely land the aircraft in theory, experiments on flight simulators have shown that pilot
behaviour under stress-full circumstances may result in too little fuel for a safe landing. In the study, flights
were simulated that started using 60 minutes of fuel left, 5 minutes before landing. Because of a landing gear
malfunction, a missed approach had to be performed. The fuel consumption was increased afterwards due
to the increased aerodynamic drag. A realistic environment was created, including miscommunication with
ATC.

Moreover, the focus on fuel savings by mainly low cost carriers (LCCs) caused concern by pilots in the
past [46]. Increasing the amount of fuel on each flight reduces the chance of fuel depletion. However, using
more accurate fuel burn predictions, extra fuel only needs to be loaded on flights with a high uncertainty of
fuel consumption. This way, potentially, both the average fuel consumption as the amount of dangerous fuel
related situations could be decreased.

2.3. Research on fuel consumption
Improvements on fuel consumption modelling may be found in literature. Research can be found on taxi fuel
and trip fuel consumption. Taxi fuel research will be discussed first. Fuel loading strategies will be mentioned
shortly but discussed more extensively in chapter 5.

Nikoleris et al. [63] estimated fuel consumption during taxi operations and Khadilkar et al. [51] estimated
taxi fuel consumption based on flight data recorder archives. Both studies focused on taxi fuel only. The
thrust settings of the aircraft on ground are different then the settings during cruise. A detailed analysis on
the number of times the aircraft stopped, accelerated and turned is performed. Including environmental
conditions and traffic, an improved fuel consumption prediction could be made.

The taxi and flight phase are sequential. The weight left at the end of taxiing influences the trip fuel
consumption slightly. Thereby, there are shared input parameters for fuel consumption predictions such as
the weather conditions at the airport, which makes the fuel consumption of the two phases slightly correlated.
However, since the trip fuel consumption is affected by many other parameters, it is assumed that the taxi fuel
and trip fuel can be estimated separately and combined to a total fuel consumption.

The issue is however, that pilots load discretionary fuel based on taxiing conditions and flight conditions.
So, in order to study discretionary fuel, one can not fully rely on the estimated trip fuel consumption. This
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way, fuel loading reductions can be estimated too positively since discretionary fuel may be loaded because
of taxiing conditions. The current research will focus on trip fuel consumption only, because the largest por-
tion of fuel is consumed in flights and because of the separable nature of taxiing and trip fuel consumption
prediction. For a proper analysis, a state of the art taxi fuel prediction method should be used in combination
with the currently used research. Achenbach (2021) [5], did use taxi fuel in fuel consumption predictions,
which will be described in more detail in subsection 2.3.2

For trip fuel consumption estimation, two streams can be typically found. The first being mathematical,
engineering or iterative approaches like the Simmod program currently used by airlines. Using models of
aircraft on instantaneous fuel consumption, a route is created iteratively, thereby outputting the fuel con-
sumption. The second are data-driven approaches using historical trip fuel consumption data to obtain a
trip fuel estimate. In the current section, those streams will be analysed and compared. From this compar-
ison, the best method for the current research will be chosen and will be divided further. The first methods
excels in predicting the trip fuel consumption under normal conditions, whereas the second approach excels
at incorporating special conditions such as holding before the destination airport. Both approaches will be
investigated since both approaches may lead to improved trip fuel consumption predictions and reduce the
need for discretionary fuel loading. The uncertainties found in both research area’s can be used to create an
improved model. Research from both methods can be concluded to introduce the research question for the
current research. For clarity, when total trip fuel consumption is meant, the term ’trip fuel consumption’ is
used, whereas when in-flight fuel consumption per time instant is used, the term ’instantaneous fuel con-
sumption’ is used.

2.3.1. Iterative fuel consumption methods
New models are created to improve the accuracy of trip fuel consumption estimations. Studies often improve
a single component of existing models. The most used model by airlines is the Simmod model [52]. This
model is based on the Advanced fuel burn model (AFBM) developed by the FAA in 1982 [24] and the Base of
Aircraft Data developed by Eurocontrol [65]. The AFBM provides physical formulas that lead to instantaneous
fuel consumption. BADA contains empirical data on instantaneous fuel consumption of different aircraft un-
der changing operating conditions. The Simmod model relies on an energy balance model throughout the
entire flight. By balancing the thrust and drag of the aircraft under the estimated operational settings, the
instantaneous fuel consumption at a given moment could be calculated. The energy used by the frictional
forces of drag is compensated by the energy generated by the thrust of the engines. Flight altitude, speed
and weather conditions are used as inputs for the model. Using operational flight data, parameters for math-
ematical models are gathered such as engine constants, airspeed, aircraft mass, atmospheric density, extra
thrust needed for ascending, and wing area. The model calculates the trip fuel consumption by integrating
the flight time over the instantaneous fuel consumption.

In order to create the optimal flight trajectory, the model generates a flight backwards, starting at the end
of the flight, at the alternate airport. From this airport, with only the final reserve fuel left in the aircraft, a
flight to the destination airport is constructed. Possible trajectories are discretized and the trajectory with the
least amount of fuel usage is chosen. Then, from the destination airport, a flight is constructed towards the
departure airport ending with the fuel weight that is just computed. The model iterates using the new values
for final reserve fuel.

The speed is computed using the Cost Index (C I ) shown in Equation 2.1. A higher speed of the aircraft
usually results in a higher instantaneous fuel consumption. The time costs is composed out of the crew costs,
leasing costs and maintenance costs per time instant. The ratio compared to the fuel costs determines the
optimal speed in that scenario.

C I = T i meCost

FuelCost
(2.1)

By including wind and weather forecasts, the best trajectory and aircraft speed could be determined. Studies
have shown that the BADA models works well in cruise conditions with deviations of 3% compared to actual
instantaneous fuel consumption [61]. Pagoni et al [67] highlighted, however, that the information needed
to determine coefficients for energy balance methods is not always available in a real scenario and it needs
to be generated from other sources, what may limit the use of these models. Thereby, linear interpolation
is used to determine values for operational setting in between test points, which reduces the accuracy. The
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introduction of big data in aviation offers potential to incorporate fuel consumption data from newer aircraft
types without using the BADA database [22]. Inaccuracies for terminal phases remain an issue because of
data scarcity and larger differences in operating conditions with an resulting accuracy of 22% [2].

Studies in the iterative approach focus on increasing the accuracy of instantaneous fuel consumption at given
operational settings or on better procedures to determine the optimal flight trajectory. For the increase in ac-
curacy of instantaneous fuel consumption estimations, data driven approaches such as neural networks are
used to get better estimates of the parameters used in the mathematical models. Trani et al. [83] trained a
neural network architecture in order to estimate instantaneous fuel consumption during climb, cruise and
descent phases of flights, using experimental flight data of Fokker 100 and SAAB 2000 aircraft. They con-
cluded that neural networks achieve high accuracy and can be used in fast-time simulations. Baklacioglu [14]
designed a genetic algorithm-optimized neural network topology to predict the fuel flow-rate of a transport
aircraft using real flight data focussing purely on the climb phase. Flight data from Boeing 737-800 transport
aircraft was used to train the model. Flight altitude, mach number, engine speeds, flight time and fuel flow
rates were used a raw inputs. Senzig at al [2] modelled fuel consumption of aircraft in the terminal area using
data from the Boeing 777-300ER and Boeing 757-200. The new model has a accuracy of 5% or better up to
10,000 ft which is an impressive improvement compared to a accuracy of 22% by the BADA model. Uzun et
al [85] developed a physics guided deep learning model for fuel consumption modelling. Using neural net-
works, parameters are trained to fit the physical models. The advantage is that physical models can be applied
more easily to untested operational settings. Bauman et al [16] developed a machine learning model to esti-
mate instantaneous fuel consumption in a recent study. New is that data from the flight data recorder could
be directly transmitted to the ground station. This increases the potential of instantaneous fuel consumption
modelling, since in flight data could be directly used in order to estimate instantaneous fuel consumption in
the rest of the flight.

The improved instantaneous fuel consumption estimation could be implemented in the trajectory opti-
mization algorithm to get improved trip fuel consumption predictions. Concluding from the studies, atten-
tion is put on modelling climb and descent phases, using real-time flight data and using physical formula’s
for understanding.

New models are created to generate the trajectory of the aircraft more efficiently. The goal is not only to gen-
erate a more efficient flight, but also a more reliable flight plan and so fuel consumption modelling. Khan [53]
found that aircraft typically do not follow their intended flight plan, since other trajectories result in a lower
fuel consumption. Soler [76] worked on optimal control for trajectory optimization, taking into account non-
linear effects. Alligier [10] worked on mass and speed estimations for aircraft during the climb phase in order
to get a better estimation on the trajectory during the climb phase. The study compared the flown trajectories
with the actual trajectories obtained from ADS-B data. Gallego [35] used traffic data to estimate the reliability
of trajectory predictions. Khan, [53], integrated improved trajectory prediction with trip fuel consumption.
Jensen, [60], optimized speed and trajectories based on improved instantaneous fuel consumption estima-
tions. Vazques, [86] included wind effects in trajectory optimization.

Concluding from the trajectory research, studies improve the complexity of the trajectory optimization
model, focus on a specific phase or introduce new effects as wind and traffic.

Essentially, the iterative approach is split into different problems, of instantaneous fuel consumption mod-
elling, trajectory prediction and trajectory optimization, that result in the actual trip fuel consumption. This
causes that studies are usually not focused on fuel loading advice, but mention it as a side effect. Khan (2021)
[53], introduced one of the few iterative models for trip fuel consumption estimation.

So, instantaneous fuel consumption modelling is useful to integrate with trajectory optimization. The
effects of operational changes or engine age could be tested using flight recorder data. However, total flight
fuel burn is calculated iteratively. An error during the descent phase may have large influence on the total
fuel burn. The uncertainty of wind or results of congestion like holding are difficult to incorporate. Due to
differences in flight phases, new studies focus on only a single flight phase in order to beat the current state
of the art. This limits the practicality by combining different models. Current used models rely on old data
from just a set of aircraft, but the application of the flight data recorder may result in more updated values.
The advantage of new research in instantaneous fuel consumption modelling is the potential of integrating
it in current systems. When airlines already use the Simmod program, improvements could more easily by
introduced.
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2.3.2. Data-driven fuel consumption methods
The second stream, the data-driven approaches, predict the trip fuel as a whole, without defining the flown
trajectory. This method is based purely on historical data of trip fuel consumption. A model is created to esti-
mate the fuel consumption of previous flights using available information. This information should indicate
uncertainties in the fuel consumption such that more accurate predictions could be made. The information
may relate to trip fuel consumption causally, or is merely correlated without a direct causal relationship. More
on input data will be described in section 2.5. An elaborate description of the research is presented, since the
information is necessary for later analysis in the report.

The potential of reducing contingency and discretionary fuel loading has been introduced by Ryerson in 2015
[73], where he found that up to 1.04% of fuel is consumed due to carrying fuel beyond a reasonable buffer.
The reasonable buffer in this research is enough for 99% of the flights, which is on the low side as will be
discussed in chapter 5. He performed statistical analysis on the fuel remaining upon landing from a single
airline and used these results to generate fuel savings for all the major airlines in the US. Thereby, a cost to
carry calculation method for carrying extra fuel is introduced in this study to compute the fuel savings by fuel
weight saving. The goal of the research is to determine the discretionary fuel for flights of six major airlines
and so does not give predictions for individual flight fuel consumption.

In contrary, Ryerson also modelled trip fuel consumption in 2014 [72] in order to identify the extra fuel
burn caused by delays and airport terminal inefficiencies. Here, fuel consumption per individual flight was
calculated. Equation 2.2 was used to estimate the impact of delay and terminal inefficiencies on fuel con-
sumption. c is the baseline fuel consumption value, d a vector of delay information, q a value representing
assumed and actual TO weights, y a vector containing origin and destination information and w a vector of
airport weather variables. The delay information is divided in departure delay, which can only take negative
values and airborne delay, which can take positive and negative delays. Using data of 4000 aircraft in the
US, he found that departure delay, airborne delay, planned flight time, and take off weight difference are all
correlated at the 1% significant level. In this study, the relationship per origin and destination airport on fuel
consumption is also shown. Different origins and destinations show different effects on fuel consumption
because of terminal inefficiencies. Concluding from the delays, delays account for a range of 0.75-1.75% of the
fuel consumption, the 90th percentile is around 3%, whereas the largest values are in the order of 20%. The
resulting fuel consumption is shown in Figure 2.5. Excess flight time is also considered as a delay, which does
not account for more then 1% of the fuel consumed for all flights. Although data is used that is only known
after the flight takes place, causal relationships of delays on fuel consumption are found, which is harder to
incorporate in the iterative approach. There is however, a baseline fuel consumption used, which makes ad-
vantage of improved instantaneous fuel consumption estimations.

f = gn(c,d , g , y, w)+ϵ (2.2)

Statistical analysis and econometric methods are also used by Hao et al. [39] to model discretionary fuel for
individual flights. The predictions are presented as measure for the unpredictability of the ATS. In this study,
only input data available 2 hours before departure is used. historical traffic effects are included in the re-
gression by incorporating averages and standard deviations of the airborne time per OD pair. It was found
that a 1 min increase in the standard deviation of flight time increases contingency fuel loading by 0.88 min.
Moreover, weather indicators at the destination and origin airport such as a low ceiling indicator and a indi-
cator for low visibility are used on top of the average quarter hourly delay at the destination airport. This way,
correlations are present to estimate the effect of unforeseen scenario’s in trip fuel consumption modelling.
An increasing uncertainty leads to an increasing contingency fuel loading, so a reduction in uncertainty may
lead to a reduction in contingency fuel loading.

Gomes et al. [36] uses historical flight data to evaluate contingency fuel loading regulations in Brazil. A
distribution of fuel reserves upon landing is created using almost 300,000 flights. The flights are grouped de-
pending on their range, but other then that, no input data is used for the trip fuel consumption estimation.
Using the determined distribution of fuel consumption, Monte Carlo simulations were ran. The goal was to
compare the fuel left for 10% contingency fuel and 5% fuel loading. Only one flight of the 300,000 flights
landed using reserve fuel, leading to an emergency scenario. This was case for both the loading regulations.
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Figure 2.5: Percentage of fuel consumed in the delay of a flight, from [72]

Flights using alternate fuel are not explicitly mentioned. Undesired situations of using alternate fuel may
increase when reducing the contingency fuel, but are not mentioned. Monte Carlo simulations allow users
to properly investigate extreme scenario’s in fuel consumption, but are costly to make for models containing
many inputs, since distribution for input-output relations need to be generated.

Kang, [49], introduces machine learning methods for fuel loading decisions in 2018 by creating an ensemble
of multiple machine learning algorithms in order to create confidence bounds for fuel usage on an individual
flights. Machine learning methods have the potential to capture non-linear effects and thereby increase ac-
curacy [81]. In this study, more information on the distribution of historical fuel consumption is used, namely
different percentiles of historical airborne time and fuel consumption. Weather forecasts at origin and desti-
nation airport are used as well. Thereby, OD pairs are clustered in three groups based on flight direction and
distance. Lasso, Ridge regression, Random Forests, Gradient boosting machines, k-nearest neighbors (KNN),
multivariate adaptive polynomial spline regression (MARS) and two types of stacking are used as models.
Detailed explanation is presented in chapter 3. Base learners already improved the RMSE of the FPS by 50%.
The ensemble performed 2-5% better then base learners on RMSE. So, relatively simple models as Lasso and
Ridge regression perform considerably better then FPS, but only slightly worse then more complex estima-
tors. From the regression trees, the relative importance of input features can be found. Planned trip fuel and
trip time were amongst the most important features and airborne percentiles thereafter. Using clustering
techniques on the dataset, similar datapoints were grouped and 95% and 99% confidence bounds for those
groups are constructed. The values are linearly extrapolated such that the amount of reserve fuel usage was
similar too airline practice. No minimum was set on the discretionary fuel. The resulting benefits are in the
range of 169-422 lbs of fuel savings per flight. Kang [48] also investigated fuel loading behaviour by pilots. He
concluded that pilots value 1 kg of reserve fuel 1,200 times more than 1kg of extra fuel consumption. Resulting
from the data set used, Figure 2.6 was found, showing the variability in discretionary fuel loading.

Kang also used machine learning methods in 2021, [50], this time predicting the statistical contingency
fuel (SCF). The FPS outputs a SCF prediction, which is often inaccurate. Weather forecasts are not considered,
which has a high correlation to SCF. Using a quantile regression as loss function, the SCF is modelled using
quantile regression, gradient boosting, random forests and stacking. Input data included historical airborne
distributions and weather forecasts at the origin and destination airport. Resulting from the predictions, a
SCF lower then zero was found in some cases. This means that the estimated trip fuel is already high enough
for 95% of the flights. Despite that, the airline had a policy of 10 minutes of minimum contingency fuel, which
is also used in the benefit estimation. In total, 19 million $ could be saved using the new SCF estimations,
whereas 61.5 million $ was found using no minimum for discretionary fuel.

Machine learning methods are also used by Achenbach, [5], where she used different algorithms to pre-
dict flight time and fuel burn for 20,000 international flights. Lasso, random forests and gradient boosting
machines are used to estimate trip fuel consumption. The accuracy increased by 30% for the MAE. In this
model, taxi fuel is included. Mission features, weather forecasts and (the error in) fuel consumption of pre-
vious flights is used. Also gate and runway information is used, which is correlated to taxi fuel. The gradient
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Figure 2.6: Discretionary fuel loading on flight data, from [48]

boosting method allows for presentation of important input parameters, using this the fuel consumption of
previous flights was found to be the most important.

Interestingly, Achenbach also modelled arrival times for different phases in the flight, including block off
time, i.e. departure time. For this model, en-route weather forecast are taking into account. Regression, ran-
dom forests and gradient boosting are used as estimators. The FPS uses weather forecasts for each waypoint
in the flight planning phase. Achenbach compared the accuracy of the forecast with weather data during the
flight, which includes temperature, humidity, wind speed and wind direction. For the in flight weather, the
AMDAR data set is used. She found that the accuracy of temperature and wind direction had a MAE of 4.4%
and 2.8% respectively. Even though the wind direction has a high influence on fuel consumption, the varia-
tions were not considered relevant and therefore, these data points were not considered as input point. Wind
speed variations were higher, namely 17%. This may be explained by the fact that wind speed can be close to
zero, resulting in high percentage differences. The target feature is remaining flight time for critical phases in
the flight, including taxi time. Besides the en-route weather information, similar input features are used as in
the fuel consumption model. Trial and error was used to get the best correlated features. Only weather fore-
casts at cruise level are used since the TAF covers the climb and descent. From the experiments, regression
was found to perform best for the remaining flight time at departure without en-route weather data, while
random forests performed better with weather data. The method improved the accuracy of estimation by
20%, while it improved by 25% when the en-route effects are considered. Again, the most important variable
is flight time prediction error of previous flights.

The promising results of using en-route weather effect on arrival time are not considered in trip fuel con-
sumption estimation. There is potential to improve the fuel consumption estimations this way.

Zhu [96] was the first to incorporate neural networks for trip fuel consumption. She did this by estimating
the flight time of aircraft, and estimating the fuel consumption based on this flight time. The neural network
is based on flight mission data, weather forecasts at the origin and destination airport and traffic delay states
from ADS-B data. For the traffic features, a spatial weighted long-short term recurrent neural network model
is used, such that delay states in the network can be captured as well. The spatial weighted term refers to
training on the delay states of OD pairs. In the complete set the RMSE was reduced by 6% compared to Lasso
stacking, whereas the RMSE reduced by 26% for the outlier set. This introduces the importance of treating the
outlier set differently, since fuel loading decisions are based on misjudged past outliers. This study presented
the effect of incorporating traffic information by using delay states in the network. Flight time increases due
to holding can be predicted. The model predicts flight time in order to convert it to fuel consumption. From
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the previous studies, we found that flight time was one of the correlated parameters, but dot not contain all
information on fuel consumption.

The main advantage of data-driven models is that uncertainties in fuel consumption over the entire trip will
be considered. Even if the direct fuel consumption is accurate, the mathematical approach does not take
into account delays or other events that affect fuel consumption. Using input data per month or OD pair,
systematic effects and correlations can be identified.

There is, however, a pitfall in the approach which may let the resulting accuracy be too high. By introduc-
ing more specific parameters in order to identify correlations, chances on overfitting increases. Temporary
effects such a month with bad weather, or maintenance on a runway of a specific airport, is included in the
train set as well as in the test set. Estimations should only be able to be made using data that is available a few
hours before departure in order to advice on discretionary fuel loading. A test set should be used in a different
time frame then the model is trained in for realistic results. Furthermore, models created is studies use trip
fuel consumption for the FPS as input in the model. So, a more accurate trip fuel consumption in the FPS
automatically leads to a more accurate trip fuel consumption in the new created model. So, the complexity
of the FPS should be described as well, in order to assess the performance of the new model.

2.3.3. Possible outputs
The current research focuses on the uncertainties for fuel loading and the advice on discretionary fuel. Be-
fore possible methods will be investigated, the desired output of the model should be stated. As discussed in
section 2.1, fuel loaded on an aircraft is build for different types of fuel. Although the desired output is dis-
cretionary fuel, actually modelling the discretionary fuel is not useful. In some scenario’s, discretionary fuel
should be zero, since the contingency fuel is already enough to ensure a safe flight [49]. In order to capture
all the effects of uncertainties and model flaws, the trip fuel should be estimated. This is also more useful to
evaluate the accuracy of the FPS to compare vs other models.

Then, focusing on trip fuel, different values may be outputted. An actual fuel consumption estimation is
useful in order to compare the model results with actual data. A confidence bound however, is more useful
for discretionary fuel loading. Kang (2018) [49] trained its model on confidence bounds. In his reasoning,
a 99% confidence bound should be enough to ensure a safe flight. Current practice of airlines is however,
loading fuel beyond what is needed in 99% of the cases. The higher the percentage gets however, the higher
the chance on overfitting of the model will be. For a 99.9% confidence bound, only 1 out of a 1000 flights
is above this bound. In total, a low amount of flights will be left. Kang found that extrapolation on the 95%
was in some cases better than extrapolating the 99% case. So, different levels of confidence bounds will be
modelled. This will be further discussed in chapter 5.

2.3.4. Reflection on trip fuel consumption approaches
The trip fuel consumption approaches both have its advantages and disadvantages. They are summarized
in Table 2.1. An increasing accuracy in iterative approaches leads to an increasing accuracy in data-driven
methods as discussed in subsection 2.3.2. Still, the data-driven methods excel in capturing uncertainties en-
countered in flight. The goal of the current research is to gain trust of flight dispatchers in fuel loading models,
such that discretionary fuel loading can be reduced. Because of the ability to incorporate uncertainties in fuel
consumption well, data-driven methods will be used. It remains important that iterative approaches should
be improved as well, to provide better estimations of the trajectory. This approach can also be used to model
effects on specific parts of the route such as wind effects, which is also useful for identifying uncertainties
using the data-driven method. Moreover, keeping track of operational setting such as the cost-index or air-
craft trim settings affects the accuracy of the data-driven method, since these changes affect the correlations
of other parameters. Using date information, most operational changes should be covered within the date
correlations.

2.4. Uncertainties in trip fuel consumption estimation challenges
The factors that influence trip fuel consumption will be discussed in the following section. Using these fac-
tors, the completeness of existing research can be investigated. If certain factors can be included in an esti-
mation model, the accuracy may be improved. The factors could be grouped in direct uncertainties, which
affect instantaneous fuel consumption and indirect uncertainties, which influence the flight trajectory, speed
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Table 2.1: Summary of fuel consumption methods in literature

Approach Adavantages Disadvantages

Iterative
Trip fuel accuracy
Trajectory inclusion
Makes use of available in-flight data

Complex
Insensitive to unforeseen factors

Data-driven
Discretionary fuel accuracy
Simple
Robust, when including uncertainties

Insensitive to new operational settings
Overfitting on correlations

or flight time and therefore influence the trip fuel consumption.

2.4.1. Direct fuel consumption uncertainties
Direct uncertainties affect the physical state of the aircraft and therefore influence the fuel consumption.
Only factors that are unknown a couple of hours prior to departure will be considered in the current sec-
tion. These factors could be integrated in the mathematical trip fuel consumption estimation approaches. In
fact, the advances in the new developed systems such as the LIDO system are able to incorporate increasing
amounts of data and so also incorporate variations in direct fuel consumption. Still, uncertainties remain,
which explain the deviations in fuel consumption.

New operational settings such as a changed cost index or different airport arrival slots are known before
the flight and don’t influence the uncertainty in fuel consumption estimation. Ofcourse, if a new operational
setting is unknown, it causes an increase in uncertainty of fuel consumption. When assuming no changes are
present in operational settings, this assumption need to be verified in order to obtain realistic results.

Aircraft specific variations Although an aircraft type is designed in a single way, minor differences in the
production always will be present. More importantly, over the life time of an aircraft, the aircraft degrades
and gets different forms of maintenance. Aerodynamic properties changes because of surface issues and
the engine performance changes because of degradation [47]. Studies assuming the same fuel consumption
constant for same aircraft types, resulted in a root mean squared error of less then 1%, which suggests aircraft
specific variations have limited effect on the direct fuel consumption [91].

To incorporate the effect of aircraft specific variations, one should use general input features. Aircraft and
engine age, or the last time since an A-check or C-check might indicate aircraft performance degradation.
Using each individual aircraft as input results in a high risk of overfitting, since correlations may be found
that are caused by coincidence.

Weight variations If aircraft weight increases, thrust of the engines to maintain the same speed has to be
increased which increases fuel consumption directly. The Dry Operating Weight (DOW) of an aircraft typi-
cally increases by 0.1/0.2 % per year due to maintenance additions up to a total of about 1% [47]. If possible,
weighing the aircraft regularly, reduces this factor of uncertainty.

Besides DOW, there is an higher uncertainty in passenger weight. The weight per person and the number
no-show passengers fluctuates. The flight planning and fuel loading phase takes place before boarding of
the aircraft which makes it not possible to estimate the number of passengers exactly. Possible solutions are
estimations on the number of no-show passengers on historical data and pushing the fuel loading phase as
close to the boarding as possible. Weight per passenger differences per passenger and throughout the year.
There are correlations found between months and passenger weight, [39], because of winter clothing. Using
a assumptions of 3% fuel per payload kg per hour [47], a basic calculation results in a 5% passenger difference
leading to approximately 70 kg difference in fuel consumption for a 3 hour flight in a B737-8.

Upon take-off, the fuel left from the taxiing phase also varies. Traffic at the airport may result in waiting on
other aircraft, while the engines are running. The amount of fuel to ensure enough for the taxiing phase is not
considered in the current research, but the weight left over will affect the trip fuel consumption. Moreover,
the weight uncertainty also affects the weight balance of the aircraft. If the weight balance varies, trim settings
of the aircraft result in drag changes.
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Figure 2.7: Probability density functions of wind speed (a) following a symmetric beta-distribution and its resulting probability denstiy
functions of fuel consumption (b), from [86].

Weather uncertainties The conditions of the atmosphere directly influences fuel consumption. Wind speed
affects the relative velocity of the aircraft in the air. For the same ground speed, another amount of thrust has
to be exerted. The temperature and air humidity influences the drag coefficient of the aircraft and so, differ-
ent values of thrust are needed. Weather forecast are uncertain due to the complexity of weather forecasting.
Vazquez et al. [86] investigated the influence of wind uncertainty on fuel consumption. Different distribu-
tions of wind uncertainty are used to identify the relationship to fuel consumption by using mathematical
models. One example is shown in Figure 2.7. In the study, he found that the standard deviation of fuel con-
sumption scales almost linearly with wind uncertainty. A standard deviation of 10 m/s results in a standard
deviation of 110-650 kg for a B767-400, flying for 3000km at cruise, changing per assumed wind distribution
and head or tail wind. The mean of the fuel consumption was not effected however. From this paper, one
can conclude that the probability distribution of predicted wind is important for fuel planning. Thereby, they
concluded that head wind uncertainty has a higher impact on fuel consumption uncertainty then tail wind.

Weather uncertainties are difficult to assess because of inaccuracies in weather forecasts. Including the
variance of the forecast in the predictions would entail information on the variance of the final result. Incor-
porating percentiles or other distribution information is useful to use as well. Indications for bad weather in
weather forecasts or NOTAMs could be used to estimate the probability of severe weather occurring.

2.4.2. Indirect uncertainties
Indirect uncertainties make changes to the intended flight plan. The flight plan is created during the flight
planning phase. Once the flight planning phase has past, the environment may have been changed or new
information is available. Typically, this information is only present in-flight. The changes in flight plan influ-
ences the total trip fuel consumption. Only some of the flights will have changes in the flight plan, so these
uncertainties can best be incorporated using data-driven approaches.

Trajectory alterations Trajectory alterations are intended alterations to adapt the flight plan to a more fuel
efficient approach. In order to change the flight plan, admission by the ATC shall be requested. When no con-
flicts are present, the alterations may be implemented. With trajectory alterations, minor deviations from the
intended flight plan are meant, namely altitude variations, speed variations and minor horizontal deviations
caused by conflict detection. Atmospheric conditions will be different from the forecasts and lead to different
a different optimal flight path. Mainly with different altitudes, wind speed and temperature varies. Without
flying extra horizontal distance, better operating conditions can be found. Pagoni et al. [66] found that flight
altitude of flights vary on the same day. Lovegren et al. [59] found that speed and altitude optimization in
flights may result in 2% fuel consumption reduction.

Other differences in trajectories are changes in speed and minor deviations in the horizontal flight plan.
Flight speed may change to plan the time of arrival at the destination airport. In Europe, Eurocontrol could
suggest to increase or decrease the speed of a certain flight, in order to avoid congestion at the destination
airport. Minor deviations take place due to differences in atmospheric conditions or due to conflict detection.
Also for the conflict detection, ATC will request to alter the intended flight plan of users in the airspace. Within
the trajectory on aircraft, speed alterations are considered as well. If the departure of a flight is delayed,
airline may change their flight plan to a faster, less fuel-efficient, speed to recover time. Ryerson, [72], found
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Figure 2.8: A situation where the flown trajectory (blue) is different from the planned trajectory (yellow), from [33]. In this scenario, a
Belgian military airspace opened for commercial flights which allows the short-cut to be performed.

that 1 minute of departure delay results in approximately 1 kg of extra fuel burned for a B738. Also the excess
planned flight time, the time above what the FMS predicts, is correlated to the fuel consumption due to longer
airborne time, with 3 kg per extra minute.

Rerouting The European airspace is divided into airways, which aircraft are allowed to use. These airways
provide an overview for Air Traffic Flow Management (ATFM) to help with congestion handling and conflict
resolution. Airways could be closed or airspace could be congested. In those cases, ATFM suggest another
route to the aircraft in flight. The maneuvering to the other routes and the difference in distance affects the
fuel consumption of the trip. Still, the closing of airways in flight is very rare, since information on this is
usually available earlier and so the flight plan is already adapted at the flight planning phase [64]. Airspace
congestion will be elaborated upon in the next paragraph. Besides the closing of airways, it is also possible
that airspaces could actually be opened. Military airspaces are considered inadmissible by the flight planning
system, but these airspaces open up when the airspace is not used by the military. An example is shown in
Figure 2.8. Depending on authorization of ATC, flights may enter the airspace. This leads to shortcuts and
fuel savings.

So, routes closing will result in extra fuel burn while airspaces opening results in lower fuel burn. ATC like
Eurocontrol will have the most data accessible on information of these event, which will be unavailable by
airlines. Historical analysis on airspace closing or openings will be the best way to estimate the uncertainties
of ATM induced rerouting.

Severe weather may also cause necessary reroutings to ensure a safe flight. For example thunderstorms are
better to avoid reducing the risk of aircraft damage or losing control of the aircraft. When such a decision is
made in flight, a new route needs to be generated. The increase in distance typically leads to an increase in
fuel consumption. Studies have been performed on optimizing route alternative in flight [62]. Furthermore, a
runway and a corresponding Standard Arrival Route (STAR) is selected in the flight planning phase. Different
operating conditions may result in a change to another runway. Depending on the orientation of the runways,
this results in a positive or negative difference in fuel consumption.

Holding When an airport or an airspace is congested, ATFM requests approaching aircraft to hold before
entering the airport or airspace. This extra flight time causes extra fuel burn without covering distance to-
wards the destination. Ryerson, [72], found that extra airborne time was correlated with fuel consumption
by 25 kg per minute. A holding pattern is defined by ICAO and is shown in Figure 2.9. Aircraft may enter
the holding pattern from four different entry points and fly complete laps thereafter. The time typically takes
four minutes of flying. Airports have a limited number of entry points, defined by the open runways, which
determines the chance of a queue building to land the aircraft. Also in this case, ATFM manages the incoming
traffic, but holding aircraft temporary in the air is sometimes needed to allow for safe operations [7]. En-route
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Figure 2.9: Holding pattern for aircraft, from [43].

holding does not occur regularly. Airspaces have multiple entry points and ATC can anticipate and manage
the incoming flow by speed alterations. Airlines have to submit their flight plans prior to departure to ATC.
Using this information, ATC can estimate the level of congestion for the coming period of time. When the
airspace is congested, aircraft may be asked to extend their departure.
Airlines have historical data on the number of times aircraft are required to hold at the destination airport.
The chance of holding at an airport can be deduced from this historical data. Especially busy airports such
a higher chance for holding. The effect of sever weather on arrival delay appears often in research. Severe
weather limits the airport runway capacity, which increase the chance of queues building. Among others,
Reitmannand [9] investigated the correlation of METAR weather forecasts on arrival delays. When the airport
is operating close to its maximum capacity, weather has a strong influence on the delays at the airport.

2.4.3. Visual presentation of the uncertainties
The uncertainties previously listed are visually presented in Figure 2.10. The factors are divided in severity,
ranging from minor to major and predictability, ranging from high too low. The direct factors are indicated
in red and the indirect factors are indicated in yellow. The indirect factors do not always affect the fuel con-
sumption. However, the severity is taken when such a scenario takes place.

Uncertainties influence discretionary fuel the most when the predictability is low and the severity uncertain.
This way, many flights should bring extra fuel to reduce the risk of reserve fuel usage. Studies have investi-
gated the effect of predictability of holding on trip fuel consumption, discussed in subsection 2.3.2. Weight
variations and trajectory alterations have been included in instantaneous fuel consumption and trip fuel con-
sumption as well. Rerouting of aircraft and direct weather uncertainties influence the trip fuel consumption
severely, but have not been studies regarding fuel planning. Estimating the effects on fuel consumption and
predicting the chance of effect prior to departure may increase trip fuel consumption accuracy. From the
figure, on can conclude that relatively certain factors influence the fuel consumption less then uncertain fac-
tors, in general. Changes in the small factors as weight an aircraft specific variations, won’t cause the aircraft
to use more then the available contingency fuel. However, those factors make the total fuel consumption in
extreme cases as holding more uncertain. Increasing the accuracy of regular flights will also help to increase
the accuracy of extreme flights.

2.5. Input data for fuel consumption
Using the uncertain factors discussed in section 2.4, relevant input data that affect one of the uncertain factors
can be investigated. The input data can be used in predictive models described in chapter 3. Correlations can
be found between the input data and trip fuel consumption and used for estimations in a similar scenario.
Input data can be casually related, or merely correlated. Wind is stronger in the winter months, which may
cause the month January to have a higher variation in fuel consumption, while en-route wind forecasts casu-
ally influences fuel consumption, which coincidentally might be higher in certain months. Input data may be
correlated because of multiple reason. In winter months, passengers are heavier, wind is stronger and other
operational policies of the airline may apply. To obtain an accurate estimation, these correlations should be



2.5. Input data for fuel consumption 49

Figure 2.10: Assumed categorization of uncertainties in fuel consumption. Direct factors are shown in red, indirect factors in yellow.

split up as much as possible, Collectible data is discussed in the current section. Feature creation from the
input data will be discussed in chapter 4.

A summary of possible input data is shown in Table 2.2. Not every possible single input feature is mentioned,
since each paper has its own list of 50+ features ([48],[5], [96]). The input data is grouped such that new in-
put data may be placed in one of the groups. Interesting to note is that increasing the types of inputs often
increases the accuracy of prediction models. Achenbach [5] introduced en-route weather data on flight ar-
rival modelling, which increased the accuracy by 5%. Zhu [96] introduced delay states of aircraft at airports,
resulting in an improved prediction accuracy of 26% for the outlier set. In this study, a new model type is
introduced as well, which is designed for the extra input features.

Interesting is the result that no research has considered en-route effects for fuel consumption yet. It is known
that weather conditions influence the fuel consumption, and that the conditions are uncertain. An argument
posed by Kang (2018) [49] is that trip fuel consumption estimation already takes into account weather fore-
casts, such that trip fuel consumption data may be used as proxy. However, trip fuel consumption is also
correlated to other factors as the cost index and weight of the aircraft. Thereby, one would rely on the esti-
mated trip fuel consumption purely. Factors important for discretionary fuel estimation would not be used
such as the variance in predicted weather conditions.

The total number of flights is roughly similar per day due to the weekly schedules of airlines. Differences how-
ever exist in the actual positions of aircraft. This leads to conflict avoidance enforced by ATFM. The progress
of aircraft in their flights will influence congestion at the destination airport which causes holding patterns.
Thereby, ATFM allows trajectory variations if the airspace is not crowded. If this is the case, flight plan alter-
ation have a higher chance to conflict with other aircraft. So beneficial altitude or trajectory alterations are
not possible in congested airspaces. The time of day indirectly predicts congestion well because of repetitive
patterns in the airspace. This might reduce the benefit of considering en-route traffic information as input.

The route to be flown is not used in input data either. Within an OD-pair, different routes are possible. The
difference in distance is covered when taking the mission data as planned trip fuel consumption into account.
However, the different routes might show different historical fuel consumption data. Thereby, shortcuts or
closings of routes may appear more frequently in certain routes. Taking into account different route segments
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Table 2.2: Summary of possible input data used for trip fuel consumption modelling

Input data Relates to Causal Covered in literature

Flight mission data All uncertainties Partially Multiple

Airport specific information
Rerouting
Holding

Yes Multiple

Date-time data All uncertainties No Multiple

Historical mission data All uncertainties No Multiple

Airport weather data
Weather effects
Rerouting
Holding

Yes Multiple

En-route weather data Weather effects Yes
Achenbach (2021) [5],
on arrival time

Traffic delay states
Holding
Trajectory alteration
Rerouting

Partially Zhu (2021) [96]

En-route traffic
Trajectory alteration
Holding
Rerouting

Partially
Gallego et al. (2019) [35],
on trajectory prediction

Route information Rerouting No
Multiple ([6], [62]),
on in-flight rerouting

results allows information of other flights sharing similar parts of the route to be used for the current fuel
consumption estimation. To determine the number of times a shortcut is used or a route is closed, one can
cluster flown trajectories within an OD pair and compare the trajectories with the intended flight path. By
detecting outliers in the flown route, information on historical rerouting is available.

2.6. Conclusion on fuel loading operations
A literature study on the regulations, operations, research and the uncertainties in fuel consumption has been
performed. From the analysis, it is clear that studies focus on improving instantaneous fuel consumption
predictions, trajectory optimization methods and trip fuel consumption predictions to increase the accuracy
in fuel consumption estimations. In this research, data-driven methods will be used, since uncertainties as
delays can be best incorporated this way. Studies improve state-of-the-art by improving the models [53] or by
including new data inputs ([5], [96]). From the existing research, the following research gaps can be identified:

1. En-route weather forecasts are not included.

2. En-route traffic congestion information is not included.

3. Route information is not included.

4. Taxi fuel estimations are not included in discretionary fuel advice.

5. A fuel loading strategy including a risk analysis in not included.

The research gap of the fuel loading strategy will be further discussed in chapter 5. Not all research gaps can
be filled in a single research. Taxi fuel estimations and a detailed fuel loading strategy is not considered in
this report as is discussed in subsection 2.3.2 and will be discussed in chapter 5. The other research gaps are
related and be combined well in a single research. Therefore, this research will fill the first three research
gaps, using en-route data for trip fuel consumption estimations.
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The two related research area’s of supervised learning and feature engineering will be discussed in chap-
ter 3 and chapter 4, respectively. Since the benefits of the trip fuel consumption is dependent on the used
strategy, fuel loading strategy optimization methods will be discussed in chapter 5:

• Supervised learning Prediction on trip fuel consumption estimated using models trained on histori-
cal data. Using the historical target variable, the estimations fall under supervised learning. Different
methods will be discussed in order to obtain the best method for the current research. Ways to reduce
overfitting will be discussed as well.

• Feature Engineering Features are required to be generated from existing available data prior to depar-
ture. It is unknown what features are desired. Therefore, feature engineering needs to be investigated.
Thereby, the high dimensional input data of air traffic data needs to be organized in order to use it as
input features for the model.

• Fuel Loading Optimization and Cost to Carry analysis Once a trip fuel consumption estimation is
present, a fuel loading strategy needs to be determined. Optimization methods may be used for this.
The cost to carry analysis is used to determine the benefits of the new used approach.





3
Supervised Learning

When a model is desired that predicts a target variable based on input data, supervised learning methods
can be used. Supervised learning is a broad term and research groups the models according to specific char-
acteristics. To start with, supervised learning is used for classification and regression problems. When the
target variable is categorized, classification methods is used while for continuous variables, regression meth-
ods are used. Still, most supervised learning models can be used for either classification or regression, with
slight alterations. Thereby, studies group supervised learning methods in other categories as forecasting, re-
gressions or machine learning methods [23]. In this chapter, the following distinction is made: Statistical (or
econometric) models use regression techniques to identify correlations between input and output variables,
described in section 2.1. Regularized regressions are also considered under statistical methods, even though
that is not always done in studies. Machine learning methods are more advanced parametric or non para-
metric models including RF, SVM and KNN, discussed in ??. Neural networks and deep learning methods
are separated from other machine learning methods and described in section 3.3. All methods are trained
on a loss function, which influences the resulting model. The loss function is in particular interesting for the
current research, since asymmetric loss functions might be well suited for trip fuel consumption predictions
[49], [50]. Furthermore, regularization and hyperparameters of each model is discussed at the description of
the model.

3.1. Statistical models
Statistical methods identify correlations between input features and the target variable. This way, estima-
tions on new data could be made using the trained parameters. Regression models and time series will be
considered in the current section.

3.1.1. Regression models
The most simple and widely studied form of forecasting is a linear regression. A regression describes the re-
lationship between a dependent variable and a set of independent variables. In the most general form, the
regression model can be written as in Equation 3.1 [56]. Where f (xt ;β) is a mathematical function of p inde-
pendent variables xt = (xt1 , ..., xtp ),unknown parameters βt = (βt1 , ...,βtm ) and the noise of the model, ϵt . The
noise of the model can be assumed to follow various distributions. The most used assumption on the noise
is the Gaussian distribution, meaning a normal distribution with a to be determined mean and variance. A
linear regression depends on a set of independent variables that are linearly added, which means that the
derivatives of f (xt ;βt ) with respect to the parameters β do not depend on β. For a non-linear regression,
derivatives of f (xt ;βt ) with respect to the parameters β do depend on β. The values for the parameters of
β are trained by minimizing a loss L(ŷ , y). For a linear regression, the most used loss is the squared error
Eθ(θ− θ̂)2. A linear regression is fast in computing while a non-linear regression is not. Non-linear regres-
sions however, are able to capture more complex structures in the data set.

yt = f (xt ;β)+ϵt (3.1)

53
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Figure 3.1: Visualization of regularization [12]. Contours of the unregularized error are shown in blue along with a constraint region on
the weight, based on L2 (left) and L1 (right) regularization.

Regression types Linear regressions assuming Gaussian distributed errors have been discussed. More types
of regressions exists, all with their (dis)advantages and specific use. Logistic regression is used when the
target variable is binary. Using a sigmoid function, the probability of the value of the target variable can
be computed. Multivariate regression is used when there are multiple inputs and outputs. For example,
flight time can also be estimated alongside fuel consumption. Non-linear regressions are used when an input
variable is non-linearly dependent on the target variable. The non-linear functions have to be stated before
performing the regression. When many non-linear functions are tested, the input feature space becomes
very large, increasing the chance of overfitting [81]. So a few non-linear functions should be tested or an
optimization methods should be used as will be discussed in chapter 4.

[49] used multivariate adaptive polynomial spline regression (MARS) for fuel consumption estimation
which is an algorithm for complex non-linear functions. The MARS is able to implement hinge functions in
the regression, such that non-linear effects can be introduced. Due to the large number of functions possible,
an optimization algorithm is used to determine a solution.

Regularization When using a high dimension of input variables, while only a few input-output data points
exists, a high chance of overfitting is present. In this case, it appears that there are always correlations between
the independent variables and the training data set. To overcome this issue, regularizes are used to reduce
the overall weight size [12]. In the error function, an extra regularizer error is introduced, which penalizes
high values of weights, shown in Equation 3.2. Here, Etot is the total model error, ED the regression error
and Ew the regularizer error. This way, extremely large weights are reduces, which generalizes the resulting
model. The most used regularizers are L1 and L2 regularizer using a extra loss EW (w) = |w | and EW (w) = |w |2,
respectively. They are also called the Lasso regression and the Ridge Regression. Lasso makes it that many
features will have a weight of zero and a few features will have a weight above one, which is demonstrated in
Figure 3.1. The highest correlated features will have a non-zero weight, while others have a weight of zero.
Using a Ridge Regression, all weights are lowered, but the method generally results in all weights being slightly
above 0. High weight are penalized heavier then in the Lasso regression. The Lasso and Ridge regression
technique’s are useful for high dimensional data spaces, since unimportant input features will be discarded.

Etot = ED (w)+λEW (w) (3.2)

Hyperparameters When performing a regression, one has to decide on the input features to use in the
model and the functions to apply on these models. Technically, these are not hyperparameters, but will
change the resulting model for different input combinations. For regularization, there is hyperparameter
introduced, namely the parameter λ. However, the techniques use a hyperparameter, λ, which influences
the result and so the accuracy of the prediction. When using all the available data to train and also test the
model, a λ value of zero will usually results in the optimal value. Therefore, a test set needs to be introduced
in order to test different values of λ.
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3.1.2. Time series
If the dataset is sequential, time series may be used. Here, the target variable is defined at a time instant.
For fuel consumption, one can state the fuel consumed by an aircraft upon landing. This value may be used
as input data to predict the fuel consumption of a following flight. More generic, time series can be written
as (First-Order) Difference Equations [38]. A difference equation is shown in Equation 3.3, where yt is the
target variable at time t , yt−1 the target variable at time t −1 and wt an variable based on another function
at time t . wt may be the result from a linear regression. This way, data of previous time steps can be used in
combination with a linear regression as shown in Equation 3.4. The advantage of using time series is that one
can apply a function ϕ on the previous data points. This way more complex relationships can be trained.

yt =ϕyt−1 +wt (3.3)

yt =ϕyt−1 + f (xt ;β)+ϵt (3.4)

Two well-known time series are the Moving average (MA) model, the AutoRegressive model (AR) and a com-
bination of the two, the AutoRegressive Integrated Moving Average (ARIMA) [27]. When using the MA model,
one uses Equation 3.5 in order to incorporate the errors of previous estimations in the new estimation. Using
an Exponential MA, the weights of the errors degrade exponentially. When using an AR model, Equation 3.6 is
used. This time, the resulting values of previous time steps are used. The AR is similar to the difference equa-
tion shown in Equation 3.3. When only the previous time step is used, the model is described as ARIMA(1).
Seasonal effects may be included using the value a fixed amount of time before the current time step. For fuel
consumption, one can take 12 hours to measure daily effects and 7 days to measure weekly effects.

Yt =µ+ϵt +θϵt−1 +θ2ϵt−2 + ... (3.5)

Yt = c +ϕX t−1 +ϕ2X t−2 + ...+ϵt (3.6)

Hyperparameters and regularization One can regularize time series similar to regularizing regression mod-
els. This way, the temporal dependency between data points is reduced. Choosing the amount of previous
data-points can be seen as choosing a hyperparameter. The choice influences if seasonal effect are taken into
account.

3.1.3. Reflection statistical methods
The first advantage of regressions are its simplicity in use and understanding. The method has been studied
for a long time and widely. This makes it that many programs exist to perform a regression quick. When
performing a regression, one needs to know its desired output, the number of parameters and input data.
Furthermore, one can identify correlations between the input parameters and the output variable. This way,
an analysis may be performed on the the effect of different input variables. Using the significance of input
parameters, one can determine if an input is correlated to the output or not. Hao et al. [39] uses a correlation
analysis to identify the relationship between different parameters and trip fuel consumption. Moreover, re-
gressions can be made using few data points already. Using the statsmodels package in phyton, one is able to
estimate parameters for the regressions and time series [78].

The limitation is that higher polynomial functions of a parameter or combinations of parameters are not used
unless a user explicitly uses this as an input variable. Non-linear functions may be trained, but still one needs
to define to possible functions. This way, possible correlations between (a combination of) input variables
might not be found, which reduces the accuracy of the model. It is impossible to state all possible polynomi-
als or combinations of parameters. Thereby, the computational speed will decrease significantly.

Regressions are used in trip fuel consumption research to indentify relationships, ([72], [73], [39]) or used as
comparison or verification with other models ([48], [5]). Achenbach [5] used fuel consumption and flight time
values of previous flights to estimate new fuel consumption. Both the value of one historical data point as the
accumulative value of three flights is used as input parameter for the model. Using a time series however,
more elegant solutions can be found. For this method one needs to define the time steps of data points.
Precedent flights of a flight in the morning are further away then precedent flight of a flight in the evening.
A proposed solution is to include the time past since the previous flight, either linearly or using another
function, shown in Equation 3.7.

Yt = c +ϕ
1

(t −p)
∗ϕyp + f (xt ;β)+ϵt +θ

1

(t −p)
ϵp (3.7)
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3.2. Machine learning techniques
Core machine learning techniques are discussed in the current section. Many alterations exist for specific
applications. The core method will be described and if applicable, some extensions will be described as well.

3.2.1. Random forests
Classification and Regression Trees (CART) are introduced by Breiman in 1984 [20]. The methods divides the
input space into regions. An example is shown in Figure 3.2. The decision tree splits the feature space in two,
such that data points are separated by the decision boundary. The algorithm iteratively splits the rest of the
input space and thereby creates decisions on the input variables. In the three, each node, or decision, is a
numerical or categorical comparison on the input feature. The creation of nodes stops when no more splits
could be made, or the maximum depth is reached in each branch. So in the end, the input feature space is
split into subspaces. Each subspace may contain multiple datapoints.

Once the decision tree is created, new estimations on datapoints could be made using the decision tree.
The decision rules will be applied on the input features to end up with a final subspace. If there are multiple
other datapoints in this subspace, the average value or any other metric will be taken as final result. There are
many possible ways to create a decision tree for a set of input parameters. So, when an algorithm is applied,
many different decision trees may result.

Figure 3.2: Decision tree visualization, from [17]

One can combine multiple decision trees into one model. This method is called random forests. It is essen-
tially an ensemble learning method further discussed in ??. Many trees are possible, so a large variation in the
outcome of each tree is present. Using many different created trees, one can determine the outcome value
based on a selection of the outputs of the decision trees.
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Figure 3.3: Support Vector Machine method, from [26].

Hyperparameters The hyperparameters determine the complexity of the model and the chance on over-
fitting. The max depth of the three determines the maximum amount of sequential decision to make. By
limiting this value, the model generalizes better but limits the ability to model complex distributions. The
minimum datapoint left in each subspace per split determines that outliers will not be split that easily. For
random forests, the loss function determines the placement of decision boundaries. Gini loss and entropy
loss are a often used for this [81].

Reflection Random forests have the ability to capture non-linear effects very well. Still, the implementation
of the algorithm is relatively simple. Thereby, decision trees have the option the identify feature importance,
which has a practical use in operations, similar to correlation values. The model is easy to interpret and ex-
plain. However, in high dimensional spaces, there is a high chance of overfitting. Thereby, parameter tuning
will be required to get the best result. Using scikit, one is able to create regression trees in phyton.

Random forests have been used in trip fuel consumption estimation ([48], [5]). In both studies, the method
resulted comparable to other machine learning methods.

3.2.2. Support Vector Regression
Boser, Guyon and Vapnik ,[19], [26], introduced support vector machines (SVM’s) in 1992. The algorithm
is designed for classification problems and works well in high dimensional data. The algorithm selects a
hyper plane in the input space that maximizes the separation between two classes. The SVM is visualized
in Figure 3.3. A characteristic of SVM’s is that only a few datapoints are present on the decision boundary.
The advantage of this is that if new datapoints are added, one only needs to check if the new datapoint is in
between the other support vectors, to see if the model needs to be updated. The method works by minimizing
the weights, shown in Equation 3.8, while subjecting to the constraints in shown in Equation 3.9.

Φ= w ·w (3.8)

yi (xi ·w +b) ≥ 1, i = 1, ...., l (3.9)

When the classes are not linearly separable, a kernel function may be used to transform the input feature
space. This is shown in Figure 3.4. Various kernels exists, but the kernel to specify polynomials of the input
features is shown in Equation 3.10. Other often used kernels are the Gaussian Kernel and the Sigmoid Kernel.

K (u, v) =ϕ(u) ·ϕ(v) = (u · v +1)d (3.10)

If the classes are not separable, slack is introduced. Wrong classified data points will have a penalty. The
new objective function is shown in Equation 3.11 and the constraints are shown in Equation 3.12 and Equa-
tion 3.13

Φ= w ·w +C (
l∑

i=1
ξi )k , k > 1 (3.11)

yi (xi ·w +b) ≥ 1−ξi , i = 1, ...., l (3.12)
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Figure 3.4: Kernel trick for support vector machines, from [75].

ξi ≥ 0, i = 1, ...., l (3.13)

Support vectors can also be used for regression. An error allowance, ϵ, on the target variable is introduced.
Then the algorithm selects the hyperplane containing the most data points within the error range. The dat-
apoints at the decision boundaries are still the support vectors. Thereby, the weights are minimized. The
objective function results in Equation 3.14, subject to Equation 3.15.

Φ= w ·w +C (
l∑

i=1
|ξi |)k , k > 1 (3.14)

vi
yi (xi ·w +b) ≥ ϵ+|ξi |, , i = 1, ...., l (3.15)

Hyperparameters For SVR, the hyperparameters to tune are the kernels used, ϵ and C . The kernel deter-
mines the complexity of decision boundaries the SVR method can handle. By increasing ϵ, less data points
around the mean affect the hyperplane orientation. Increasing C increases the effect of outliers. If C ap-
proaches infinity, a normal regression is found, neglecting some datapoints centered around the mean.

Reflection The SVR method is robust to outliers. This is actually undesired, since outliers in fuel consump-
tion actually affect the safety of the flight. However, one is also able to detect outliers in the dataset. This
might be useful to indicate risky scenario’s. SVM’s can be a useful model to detect outliers, but will be less
useful to use as model to predict fuel consumption. An advantage is that confidence bounds can be pro-
duce relatively easily. The SVR method works well in high dimensional input spaces with little training data.
The input dimension will be large in the current research, which shows potential. SVR’s or SVM’s have not
been used in studies on data-driven trip fuel consumption estimations. SVM’s however, they have been used
in instantaneous fuel consumption ([88], [37], and traffic congestion prediction [94]. In the study on traffic
congestion prediction, classes of congestion were first created, in order to separate them using SVM’s.

3.2.3. K-nearest neighbor
The K-nearest neighbor (KNN) is a widely used non-parametric estimation method for classification and
regression [17]. For regression, one determines the closest input vectors to the current input vector. The defi-
nition of close can be changed according to the desire of the user. Common used measures are the Euclidean
distance or the city block/Manhattan distance, shown in Equation 3.16 and Equation 3.17, respectively. By
scaling of input features, the distance between points in that feature direction will be reduced. This way, the
importance of important features can be enlarged. The estimated output of the new datapoint is the average
of the outputs of the closest input data vectors.

dx,y =
√

n∑
i=1

(xi − yi )2) (3.16)

dx,y =
n∑

i=1
(xi − yi ) (3.17)
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Reflection The method is a simple model which is very easy to implement. However, KNN is sensitive to
scaling of input features. In high dimensional input spaces this is undesired. Unimportant features may
influence the outcome significantly. One should first perform solid feature extraction before the method can
be useful. KNN has been used in trip fuel consumption research [48]. In this research, it performed the worst
out of all other models, including the FPS. Probably, unimportant factors affected the model too much.

3.2.4. Model ensembling
The previously described statistical and machine learning methods all have their advantages and disadvan-
tages. One can combine estimators in order to get a better final estimators. When combining estimators, the
estimators are called ’weak learners’. Three often used methods are bagging, stacking and boosting. Intro-
duced by Breiman (1996) [21], bootstrap aggregating (Bagging) was intended to reduce generalization error
by individual algorithms. By averaging the outcomes of different estimators, which usually have different er-
rors on the test set, the beneficial factors of different estimators are used. Besides averaging, the maximum,
the median or any other heuristic for combining the estimators may be applied. Typically, different samples
of the data set are used to train a model, and the models are then combined in an ensemble [17]. An example
is shown in Figure 3.5, where different classifiers for the number eight are trained on different data sets. By
combining the two models, the ensemble recognizes that two circles are needed to identify an eight. Random
forests is an example of bagging. When applying a bagging algorithm, different strategies for selecting new
models can be used, similar to feature selection, described in chapter 4.

When different types of estimators are used, the method is called stacking. For the rest, the method is
similar to the bagging method.

Figure 3.5: Bagging visualized, from [17]

When using bagging or stacking, learners have the same weight when the averaging rule is applied. With
boosting however, multiple weak learners only have the same weight at the start of the algorithm, Freud,
1996, [34]. Thereafter, weights of weak learners are updated based on a heuristic. In AdaBoost, datapoints
that have a large error, gain an increased importance. Weak learners that estimate the datapoints with high
importance relatively well, gain an increased weight. The weight of all other learners is reduced. This way, the
datapoints have a lower error in the next iteration. Gradient boosting uses the gradient on the loss function of
all weak learners to increase the learners with the highest negative gradient. When gradient boosting is used,
often random forests are used as weak learner.
When combining classifiers, the worst outcome is the same error as the best weak learner. Usually however,
combining estimators increases the performance of estimators. That is why combining algorithms usually
outperform other algorithms, and research suggest to not use combining when introducing a new model,
since more computational power often results in a higher performance [17].

Reflection Model ensembles have a great potential to increase the accuracy on trip fuel consumption. How-
ever, one should be careful by increasing the computational cost more and more in order to achieve higher
accuracy. This way, new changes performed in the research can not properly be compared to other mod-
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Figure 3.6: Shallow MLP, from [17]

els. Ensemble methods have been used to model fuel consumption [48] or as verification [96]. Compared to
other machine learning techniques, ensemble methods improve the accuracy. However, ensembling simple
machine learning algorithm have been found to perform worse than an complex neural network. Ensembling
neural networks could increase the accuracy even further, but is computationally very expensive.

3.3. Neural Networks
Feedforward supervised neural networks, or MulitLayer Perceptrons (MLP) were among the first non-linear
machine learning algorithm introduced by Rumelhart (1986) [71]. A schematic representation of a neural
network is shown in Figure 3.6. Input features are connected to nodes by weight and biases. In a hidden
layer node, an activation function is used. This activation function introduces non-linear effects. Usually, a
sigmoid function is used that maps the resulting feature between 0 and 1.

H = XW(1) +b(1) (3.18)

O = HW(2) +b(2) (3.19)

H = (XW(1) +b(1))W(2) +b(2) (3.20)

Key is that the weight and biases of the MLP can be updated efficiently using the Backpropagation algorithm
[40]. Using the derivative of the loss function - usually least squares - with respect to the weights and biases,
the weights are updated. Common practice is that not all available data is used to determine the average
error, but batches. This method is called Stochastic Gradient Descent. One iteration is called an epoch. By
training on batches, each epoch in computable faster. The model is trained until new epochs do not reduce
the error on the validation set anymore or until the maximum number of epochs has been performed.

BP optimizers Since the derivatives of sigmoid functions can be very low for large positive or negative val-
ues, the SGD algorithm converges slow. To overcome this problem, optimizers on SGD are used. Different
optimizers are shown below.

• SGD with momentum, [69], is the first improved optimzer to can be applied to SGD is. Using this
optimizer, the average update of previous time steps is considered to update the weights to the next
step. This way, the SGD gets accelerated towards a local optimum. Variations on the method exists,
including SDG with Nesterov Momentum. Now, for each time step, the weight get updated as if the
averaged momentum of previous time steps is already included

• Adagrad, [29], accelerates update steps for parameters that are updated unfrequent and reduces update
steps for frequent parameters. This is acheieved by diving the update steps by the squared gradients of
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Figure 3.7: Recurrent Neural Network, from [93]

previous update steps. Adadelta, [92] in an extenstion to Adagrad to reduce its decreasing learning rate,
by limiting the value of past squared gradients.

• Root Mean Square prop (RMSprop) is an extension to the Resilient Backpropagation algorthm (Rprop),
[45]. Rprop averages the sign of the gradient of preivous time steps, such that oscillations are re-
duced. RMSprop improves Rporp by dividing the Rprop part in the update by the moving average
of the squared gradients of previous time steps. RMSprop shows similarities to Adadelta, by using the
squared gradients of previous time steps [70].

• Combining the RMSProp and SDG with Momentum uses the best of both and is called Adam, intro-
duced by [54]. Adam is a widely used optimizer [70].

Even though it is explainable what the differences are for the optimizers, the advantages and disadvantages
are hard to mention [70]. Luckily, all optimizers are easily usable by using the keras package in phyton. Usu-
ally, some optimizers take more time then others, but given enough computational power, they will often
converge to the same solution. Therefore, using Adam as optimizer will suffice for the current research.

3.3.1. Recurrent neural networks
For neural networks, it is possible to perform sequential modelling. Similar to time series modelling, the
target variable is dependent on the outcome of the previous datapoints. A schematic representation of a
recurrent neural network (RNN) is shown in Figure 3.7. The value of the hidden layer and the value of the
output layer is calculated using Equation 3.21 and Equation 3.22. Using RNN’s, one is able to capture histor-
ical information while the number of parameters does not increase by increasing the number of sequential
datapoints.

Ht =ϕ(XtWxh)+Ht−1Whh +bh (3.21)

Ot = HtWhq +bq (3.22)

Vanishing gradients is an issue with RNN’s. Due to averaging of previous time steps, important information
of historical data gets lost over time. To overcome this issue, Gated Recurrent Units (GRU) and Long-Short
Term Memory RNNs (LSTM) are created. Both methods show similarities. GRU uses less training parameters
and so is computationally faster, while LSTM has the potential to get better performance [93]. Since high
accuracy is preferred, only the LSTM method will be described. The LSTM is introduced by Hochreiter in
1997 [41]. The LSTM introduces a memory cell as a special hidden state designed to contain information
from previous time steps. Using mathematical gates, decisions are made on which information to store in the
memorycell. A schematic representation of a LSTM is shown in Figure 3.8. Three different gates are used to
decide if the memory cell will be updated, will be used for outputs, or will be cleared. Thereby, a candidate
memory cell C̃t is generated which may be added to the memory cell, depending on the output of the input
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Figure 3.8: Long-Short Term Memory RNN, from [93]

Figure 3.9: Convolutional Neural Network, from [93]

gate. Finally, the result of the output gate gets combined with the result from the memory cell, to get the new
output.

3.3.2. Convolutional neural networks
MLP’s connect all the input data to all hidden states. When there is prior knowledge in the input data, on
can take advantage of that. For example when an image is shown as data sample, one might assume that
neighbouring pixels contain more information then sparse data sets. By introducing Convulutional Neural
Networks (CNN), one can map a range of input features to the next hidden node. By using a kernel of fixed
size, one can determine the amount of input feature that are considered for the next feature. This way, way
less parameters have to be optimized, while the accuracy remains high. An example of a CNN network is
shown in Figure 3.9. Pooling refers to the action of reducing input feature to a single input feature. From typ-
ically four input features, the average or maximum can be taken. This way the input space is reduced, while
useful information is stored.

CNN’s are useful for input spaces with prior information. This is not directly applicable to trip fuel consump-
tion, but will be useful for congestion and weather modelling described in chapter 4. In this case, data is
ordered in a physical space, such that neighbouring elements contain information for features.

3.3.3. Regularization
Neural networks are able to identify complex structures in datasets. The large complexity, or flexibility, makes
the model is sensitive to overfitting. Regularization methods are therefore of upmost importance to make a
general model that performs well in the test set.

Weight decay is the first regularization method, similar to L1 or L2 regularization. In the loss function, the
weight are added, such that when training the model, the size of the weights are reduced. Closely related to
weight decay are Bayesian Neural Networks (BNN). Using BNN’s, one assumes a probability distribution over
all weights. The probability distribution is usually high around 0. By multiplying the a priori distribution with
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the updated weights, a regularized solution is found.
More regularization methods are based on the idea of adding noise to the model, such the model be-

comes robust to perturbations. Dropout is a commonly used method, where certain nodes are removed from
the model. This way, the model does not become reliant on a few nodes, but is trained to capture multiple
structural effects. Besides removing nodes, one can also add noise to the weights and biases in the network.
Applying noise to input data also reduces the effect of overfitting. Once can select input data to add noise to,
for example outliers in the output set.

Using batch normalization, the means and variance of the current batch is used to alter updates of the
weights. This way, large updates of weights are limited.

3.3.4. Architecture optimization
The architecture of a neural network can have many possible forms. The amount of hidden layers, the amount
of nodes per hidden layer, the type of activation function are just a few of the hyperparameters. Too little
networks may not capture al nonlinear effects, while too large networks converge slowly and may overfit to
the data. When building a neural network, it is hard to estimate which architecture will result in the most
accurate model. To overcome this problem, optimization methods for the architecture of the network are
designed. By measuring the importance of certain nodes or connections, the can be removed or new ones
will be added.

The cascade correlation learning algorithm added hidden units sequentially to the network. One can also
create multiple networks and perform an optimization using the results. Optimization is a widely studied
subject [87] and so, many strategies have been implemented. Genetic algorithms are used to create beteer
networks from existing networks. Optimization methods have the advantage that a computer does all the
work, so the workload it little and no expertise is required, but can computationally be very expensive. Khan
[53] used a Constructive neural network for fuel consumption modelling. He highlighted the limitations of the
BPNN. The slow learning speed and expertise requirement were argued to be the largest limitations. Thereby,
the CNN has potential for better generalization performance on high dimensional data.

3.4. Conclusion supervised methods
Different supervised learning methods have been discussed in the current chapter. A summary of the models
is shown in Table 3.1 and a comparison is made in Table 3.2. For the comparison, time series and the RNN
method are similar to the regression and NN method, respectively. Using the sequential data can be seen
as implementing extra input features. As discussed in subsection 3.1.2, creating sequential data in trip fuel
consumption estimations has its challenges, but may increase accuracy substantially. Therefore, the fuel
consumption of the last landed flight upon trip fuel estimations is used as precedent data, including a penalty
for flights further back. The CNN is not included because of its limited use in the model. Ensembling can be
applied to every method to increase the accuracy, so this method is not included, assuming it can be applied
on all methods in order to improve performance.

The criteria are ranked from 1 to , indicating ’good’ or ’bad’ for the application of the model. Per criteria,
high or low may be considered good.

• Model flexibility The model flexibility determines the models ability to capture complex, non-linear
effects. A higher flexibility is advantageous, since there is a lower chance that structures in the data
set will be missed. So, an increased flexibility might result in an increased accuracy of the model. The
increased flexibility brings an increased chance in overfitting. For now, a well regularized model is
assumed.

• Implementation complexity The time span of the current project is limited. So, a complex to imple-
ment model, containing many hyperparameters is undesired. This way, less time on other research
objectives can be spent.

• Outlier prediction This criterion corresponds to the inclusion of outliers. For fuel loading decisions,
outlier predictions are important regarding the safety of the aircraft. Different models have different
potential to estimate the values of outliers .

• High dimensional data handling The amount of input features used determines the dimension of the
input data. For the current research, high dimensional input spaces are expected, which makes high
dimensional data handling of the model important.
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Table 3.1: Summary of the supervised learning methods

Supervised
learning
category

Used in fuel
consumption

modelling
Characteristics

Regression Yes
Simple
Easy to understand

-2*
Statistical
methods

Time series Partially Temporal patterns can be identified

RF Yes
Good at capturing non-linear effects
Uses stacking algorithms

SVM Yes
Performs well in high-dimensionality
Generalizes outliers
Good at iterating using new input data

-3*
Machine
learning
methods

KNN Yes
Simple, non-parametric model
Sensitive to scales

NN Yes
Able to capture non-linear effects well
Difficult to interpret
Many hyperparameters

RNN Yes
Able to capture temporal effects
Long term memory possibility

-3*
Neural

Networks
CNN No Takes advantage of prior knowledge on data

Combinations Ensembling Yes
Uses the best characteristics of other methods
Given enough computational power,
will increase the performance of single models

Table 3.2: Comparison of the supervised learning methods

Regression KNN SVM RF NN
Model flexibility 1 2 2 2 3

Implementation complexity 3 2 2 2 1
Outlier prediction 2 1 2 1 3

Integration with feature extraction 2 1 2 2 3
High dimensional data handling 2 1 3 2 2

Total 10 7 11 9 12
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• Integration with feature engineering Feature engineering, described in chapter 4, will be performed
to obtain useful features for the high dimensional weather and air traffic data features. Some methods
allow for a ranking in input features, which can be used for feature selection. Some methods can be
integrated in feature extraction models, which is desirable for high accuracy.

Resulting from the trade-off, the neural networks scores the best. The difference with SVM’s and regression,
however, is not large. Inspecting the results of the trade-off, it is visible that model flexibility and implementa-
tion complexity are inversely related in the current trade-off. So, combining the two criteria, all models score
the same. For outlier prediction, KNN and RF score bad since future predictions are always based on histor-
ical data points. This way, extreme input feature values will result in a comparable result to histrorical data,
which is not desired. Regression and SVM score better in outlier prediction, since an increasing input value
will result in an increasing final estimation. For neural networks, abnormal combinations of inputs will be
detected the best, as will be described for autoencoders in subsection 4.2.3. Therefore, NN’s score the high-
est. Using regression, SVM and RF, one is able to visualize a ranking in important features. This way, the same
model can be used for feature selection as trip fuel consumption estimations. This is not possible for KNN.
NN based feature extraction methods can be integrated with the trip fuel consumption estimation NN’s. This
way, pretrained feature extraction models can be updated, such that better features for the estimation model
will be present. If the total amount of flight will be divided per OD pair, day ect., the number of datapoints
becomes scarce. SVM’s excell in modelling high dimensional dataspaces. KNN performs the worst, since the
model is sensitive to all input features. Other models perform well, depending on the quality of regularization.

So, neural networks will be used as resulting model. The model flexibility, outlier prediction ability, and po-
tential in integration with feature extraction make it an well suited method for the current research. Because
of the implementation complexity however, intermediate results are harder to obtain. Therefore, the regres-
sion method will be used as well as preliminary analysis model and verification method. The simplicity of
regressions methods combined with the high accuracy, make it a good verification method. Using stacking
on Lasso models result in a high accuracy in literature [49], while the model is regularized well. SVM’s scored
similar to NN’s. Interesting is that SVM’s have not been used for data-driven trip fuel consumption estima-
tion yet. If the time-span allows, a simple version of a SVM can be trained, in order to test the difference in
accuracy.

3.5. Loss function
The goal of this paper is to increase accuracy in trip fuel consumption estimations, to gain trust of flight
dispatchers, such that discretionary fuel loading can be reduced. Keeping this goal in mind, is the standard
squared error as loss function not the most applicable method of training a model. Kang (2021) [50] used
quantile regression methods to estimate statistical fuel consumption. When performing quantile regression,
one is changing to loss function, as described by Koenker et al. (2001) [55]. The loss for underestimating a
target value can be penalized harder then overestimating a target value. The resulting optimization problem
is shown in Equation 3.23. ρτ represents the quantile to estimate and (yi −ξ(xi ,β)) represents the error in the
estimation of the model. The function of ρτ is visualized in Figure 3.10.

Figure 3.10: Function of ρτ, where absolute values are tilted, from [55]

min
β∈R

n∑
i−1

ρτ(yi −ξ(xi ,β)) (3.23)
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Quantile regression can be desireable in trip fuel consumption estimations. Still, there are limitations. The
desired quantile will be around 99.9% for the current model. This way, only 0.1% of the data is above the
quantile line, leading to a major decrease in data availability. This might lead to overfitting of the model. Kang
(2021) [50] found that extrapolating the 95% quantile model performed better then the 99% model, probably
caused by overfitting effects. So, multiple quantile shoudl be used for trained, to identify the differences.
Boosting the different models will probably increase the accuracy compared to every single model. For the
current research, least squared will be used to train the models. This method can be more easily verified. In
the benefit assesment phase, different quantile models can be trained to compare the difference in outcome.



4
Feature engineering

This chapter discusses feature engineering or feature design. Data-driven methods use high dimensional in-
put spaces, which might negatively affect the performance of the model. In general, when using a statistical
or machine learning model, one needs to define the input structure more detailed than for a neural network
model. Still, one needs to define the model architecture for a neural network model. One can decide to
merge features into a smaller feature before passing the information to the rest of the model. In this research,
a statistical model and a neural network will be implemented. So, for both models it is important how to han-
dle the input data. En-route weather and traffic data is highly dimensional, while a general state of weather
and traffic uncertainty and severity is desired. The goal of this chapter is to investigate methods to engineer
features and to apply this methods on the current research. Feature selection and feature extraction meth-
ods will be discussed in section 4.1 and section 4.2, respectively. Then, feature engineering methods will be
applied on weather and traffic data in section 4.4

4.1. Feature selection
When dealing with a high dimensional input feature space, feature selection is a relatively simple method to
reduce the dimensionality [12]. Good features - that contain information on the target variable - will be se-
lected, while bad features will not be selected. Despite the simple idea of feature selection, many approaches
on the selection exists. Feature selection methods used for classification problems will not be discussed.
When performing feature selection, on can determine a fixed maximum of parameters, or define a stopping
criterion for adding new features. Different methods are described below. They are grouped in filter meth-
ods - where selection criteria are used to select the best filters -, wrapper methods - which are used to test
the performance of feature combinations on a test set to select the best combination - and embedded meth-
ods - which select good features and output a result as well -. Testing all possible input combinations for
the best result is a NP-hard problem, which is computationally expensive for high dimensional input spaces.
Therefore, optimization methods are used in the wrapper method.

• Filter methods

– Correlation analysis The pearson’s correlation coefficient gives information on the correlation
between input variables and the target variable. By computing the correlation between all input
features and the target variable. The highest correlated features can be selected. When multiple
features are selected, the correlation within the input feature space should be low. By itereratively
adding the highest correlated features, one can also calculate the correlation to the existing fea-
tures before selecting it.

– Mutual information When information of a random variable or input feature reduces uncertainty
on the target variable, this is called mutual information. Similar to the correlation analysis, on can
select input features with the highest mutual information.

– Fishers Score Using the log-likelihood of input features with respect to the target variable, the
fishers score can be determined. Similar to the correlation analysis, on can select input features
with the highest Fishers score.

67
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• Wrapper methods

– Forward Selection All input features are tested as single input in the model, and the best per-
forming feature is selected. The next iteration, all input feature are combined with the previously
selected feature to select the next best feature.

– Backward Elimination Now, all input feature combinations with one feature missing are tested.
The combination with the best performance is selected, while the feature missing is removed.
This will be iterated. When many selected input features are desired, this algorithm is quicker
then forward selection.

– Algorithmic search Many more optimization methods on selecting features exists. The improve
the accruacy of the selectin, but increase computatinal costs. Forward-backward selectin, com-
bining the previous two methods, genetic algorithms and particle swarm optimization methods
are popular methods.

• Embedded methods

– Lasso The Lasso or L2 regularizer, reduces weights of input features to zero. This way, a set of
remaining input features is present which are the selected features. By changing the regularizer
parameter, λ, the amount of input features can be changed.

– Relative importance Using other machine learning methods like random forests, one can deter-
mine the relative importance of each feature. Similar as using the correlation method, one can
select the features.

4.2. Feature extraction
Using feature extraction, one combines input features into a new created feature. This way, information from
multiple input features can be used in one single input feature. Different methods for feature extraction have
been used.

4.2.1. PCA
The unsupervised method Principal Component Analysis (PCA) or the supervised method Linear Discrim-
inant Analysis are often used linear feature extraction methods [12]. Using this method, the vector along
which the variance of the input space is the largest, is selected. This method is sensitive to scaling. Fisher
extraction is also a often used feature extraction method. Often, a non-linear feature extraction method is
preferred to in order to identify non-linear effects in the feature space. One method for this the kernel PCA,
or KPCA. Using this method, a kernel is used to transform the data set. Similar to using kernels in the SVM,
important features can be extracted.

4.2.2. Neural Networks
As mentioned in the introduction, a neural network already applies feature extraction. The values of the
hidden nodes after activation are representation of the input feature space. By tuning the number of nodes
in the hidden layers, the amount of features can be determined. If multiple layers are used, non-linear effect
can be captured in the features as well. CNNs using pooling combine input features in a single feature based
on the geometrical location of the input feature space.

4.2.3. Autoencoders
A new type of neural networks are autoencoders. These neural networks try to replicate the input features
using a neural network with less hidden nodes then input features. This way, important characteristics of
the dataset are encoded in the code/bottleneck feature layer, and decoded into the replication of the input
feature space. This method is unsupervised since no target variable is needed expect for the input features. A
high dimensional dataset can be reduced in size first, before incorporating it in the neural network or other
classifier. Autoencoders can be combined with RNN’s ans LSTM’s, where a sequential dataset is being repli-
cated.
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Figure 4.1: Schematic representation of an Autoencoder, from [17]

Autoencoders have been used in studies on traffic flow classification [57]. The autoencoder is able to capture
complex effects in the input feature space and compress it to less features. Autoencoders have been used
without [95] and in combination with LSTM’s for congestion prediction [89]. The combination works well
for reducing features and predicting future states. Autoencoders are also used for anomaly detection [68].
Different input vectors can be tested in the autoencoder to compute the resulting error. High errors reflect
abnormal input states. This might be useful to investigate difference in normal and abnormal states for air
traffic congestion.

4.3. Clustering
Clustering is a form of unsupervised learning and a widely used method with many variations [81]. The goal
of clustering is to group similar datapoint together in a group. Input data can be clustered as is done by Kang
(2018) [49], in order to indentify similar OD pairs in the dataset. Input feature can be combined this way,
reducing the chance of overfitting. In order to identify operational air route and congestion points using air
traffic data, the most used regions in the airspace should be grouped. To do this, cluster methods can be used.
For air traffic data, the similarity can be geographical location and heading of the aircraft. Not all methods
will be discussed extensively in the current chapter, but the major types of clustering algorithms will be briefly
discussed. Thereafter, the DBSCAN method will be discussed. This method has been used by Lin (2021) [58]
in order to identify congestion points using air traffic data, which is similar to the current research. DBSCAN,
introduced by Ester (1996) [30] showed promising results in traffic clustering [25].

Using hierarchical clustering methods, all datapoints are put in cluster iteratively [81]. At the beginning of a
hierarchical clustering algorithm, all datapoints are its own cluster. Then, the two most similar objects are
clustered in a cluster. This similarity can be for example distance between the datapoints. Then the following
two datapoints/cluster will be clustered. To cluster an existing cluster, the mean value of the datapoints can
be used, or the lowest/highest value within the cluster. This is repeated until all datapoints are within one
single cluster. When the algorithm is completed, a similarity dendrogram can be created, visualising the sim-
ilarity per created cluster, shown in Figure 4.2. Using such a graph, an appropriate number of clusters can be
used. A large jump means the combining of dissimilar clusters/datapoints.

The hierarchical method can be costly for large data sets, since in each iterations, the similarity between all
datapoints needs to be computed. K-means clustering is an often used partitional clustering algorithm [12].
In this method, a fixed number of clusters is used as input. Then, on initialization, random means are as-
signed to each cluster. Each datapoint is clustered to the closest cluster. Then, the means of the clusters
are updated using all the datapoints in the cluster. This is iterated until the means do not change anymore.
Because of the random initialization, results of the K-means algorithm may vary. Therefore, multiple runs



70 4. Feature engineering

Figure 4.2: A similarity dendrogram, from [81]

should be used in order to select appropriate clusters. The algorithm can be performed for different values
of K, such that resulting dissimilarities can be compared. An increasing number of cluster always reduces
dissimilarity within the cluster. So, one shoud critically reflect on the reduction in dissimilarity per cluster in
order to obtain a good amount of clusters.

DBSCAN is a commonly used clustering method, also in traffic clustering applications. The method clusters
datapoints that are densely packed with a lot of closely neighbouring datapoints. Outliers are labeled as
noise. The range of close neighbours, indicated with ϵ should be identified along with the number of points
to form a dense region. All datapoints are compared with the determined dense packing criterion. These
datapoints become part of a cluster, along with all datapoints within its neighbouring range. Then, combine
(centre) cluster datapoints that are close to each other into the same cluster. When the algorithm is done,
all densely packed regions are identified. For traffic applications, this is useful to identify air route, since air
routes contain densely packed aircraft.

4.4. En-route feature modelling
Using the feature engineering methods described in this chapter, approaches per feature item can be de-
scribed. Flight specific data, airport data and date-time data will also be used, without a personalized feature
engineering method. The feature engineering methods for weather forecasts, en-route traffic and route in-
formation will be described in the current section.

4.4.1. Weather forecasts
Weather forecasts are different for different geometrical locations and contain many features. Wind speed,
wind direction, temperature and humidity are a few examples that very per altitude. But cloud ceiling, chance
on rainfall and chance on thunderstorms, are included in weather forecasts for all altitudes above a geomet-
rical location. So, two problems can be identified when incorporating en-route weather forecasts in trip fuel
consumption estimations. The first is, which features of a forecast should be considered? The second is, how
many weather forecasts along the route should be included and how can all the weather forecasts be com-
bined? For both questions, the previously discussed feature engineering methods are useful. In the current
research, historical data from European Centre for Medium-Range Weather Forecasts (ECMWF) will be used.
The forecasts include wind speed and direction, temperature and humidity. Terminal Area Forecasts (TAF’s)
broadcasted by airports contain information on bad weather. Although the TAF is created for low level alti-
tudes, information on for example thunderstorms is still useful for higher altitudes. So, TAF’s will be included
as well in the weather forecasts. TAF forecast include wind visibility, rain or snow indicators, sky condition,
probability on thunderstorm or other special events and forecast change indicators. TAF’s are only present at
airport locations unlike the better distributed forecasts of ECMWF. The closest TAF should be considered to
get the weather prediction at a certain point. The different input features from the weather forecasts could
be correlated to trip fuel consumption, or contain no information on trip fuel consumption.

Therefore, feature selection will be performed by ranking all the features based on its correlation coefficient.
The correlation ranking works well with statistical methods. By using this, non important features can be re-
moved. Thereafter, manual feature extraction is performed by multiplying forecast change indicators by the
other features, to see a possible increase in prediction accuracy. All significant correlated features will be used
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in the statistical model and the neural network model. The neural network extract useful features itself, while
the statistical method does not. If, in the resulting statistical model, the en-route weather forecasts do not
contribute to the outcome significantly, features need to be combined using LDA. For the ECMWF features,
all features will be used, since all may have an effect on instantaneous fuel consumption.

The second problem is how to use different weather forecasts along the route. A route has many waypoints
and so many weather forecast input. Using them all may result in overfitting. Thereby, one can use weather
forecasts at a waypoint, but maybe rerouting will take place such that neighbouring weather forecasts should
be used as well. Moreover, ECMWF forecasts are used for different heights. For the statistical method, one can
determine averages and standard deviations for all features using measurement points along the route. This
way, the number of input features is limited. Potentially, the route may be divided into a number of segments
- for example 3 - to be able to incorporate varying weather along the route. TAF’s are provided at airports only,
which does not coincide with the route often. So, the closest TAF at a certain point along the route should be
considered, for a fixed number of points. Neural networks have a high potential for this problem. Both CNN’s
as autoencoders can be trained on such a scenario, where high dimensional data should be compressed into
less features. For CNN’s, one can use a fixed number of points along the route as center for a kernel, and use
neighbouring weather forecasts as inputs for the kernel. However, this method has issues with including TAF
forecasts. The fixed sizes of kernels does not work well with the varying locations of TAF’s.

Using autoencoders, one can decide on the number of TAF’s and ECMWF forecasts to include. Then, us-
ing a determined amount of features in the hidden layer, the feature information can be compressed in
less features. One can first apply this method for ECMWF forecasts at different heights and locations near
the planned route, before including these compressed features in another feature compressor for the entire
route. The number of features should be tested for different numbers of weather forecasts to see the changes
in accuracy. The pre-trained autoencoder features are useful to put into the statistical method or the neural
network. Once implemented however, the weights of the first layers in the autoencoder should be trainable
in the entire neural network in order to optimize the final result.

4.4.2. Congestion modelling
Possibly, en-route congestion contains information on trip fuel consumption. The congestion indicates the
possibility of holding, the freedom of trajectory alterations and trajectory and route alterations suggested by
ATFM. On a network level, congestion has been modelled to identify causes of en-route delay [58]. Here, air-
craft data was clustered in order to identify congestion points using a specific congestion metric, such that
the congestion points could be modelled as queuing points. Similar to the approach of this study, congestion
points can be modelled. From these congestion points, input features are created.

Flight traffic data is collectible from ADS-B data from open sources as OpenSky, FlightRadar24 and FlightAware.
For the current research, data from OpenSky will be used. Detailed information on information of flights is
given, such as aircraft specific information, location, speed, direction and altitude. This information can
be used to locate flights. To group the information, a grid representation will be made from the European
airspace, similar to what Lin (2021) [58] did for the Chinese airspace. All flights in the European airspace are
hard to gather. Using the busiest airports in Europe however, one can collect departures and arrivals from
those airports to reach a proper representation of the airspace.

Using the flight tracking information in a grid representation, the congestion per grid can determined. Dif-
ferent measures are presented in studies for identifying congestion. Lin (2021) [58] determined congestion
using Equation 4.1, Equation 4.2 and Equation 4.3, where T is the traffic count, R the number of operational
routes and E the entropy, measuring the intended directions of aircraft. Other studies [93], use different
measures for congestion. Here, the standard deviations in heading and velocity is used, plus the number of
aircraft ascending or descending, used for terminal area’s. Both methods showed promising results. Because
of the ease of measuring standard deviations in speed and heading plus the traffic count, this method for
congestion identification is used.

Another interesting feature extractable from air traffic data, is the comparison of the intended arrival
time with the estimated arrival time. This way, more detailed information on flight delays is accesible. Using
departure delay only, one is not sure if the delay is compensated by speed increase, or will result in an arrival
delay.



72 4. Feature engineering

Scor ei =ω1T̃i +ω2R̃i +ω3Ẽi (4.1)
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Once the congestion is determined per grid point, the features need to be processed to get an useful input
for the remaining model. This approach is similar to the feature preparation of the weather forecasts. For
the statistical method, averages of congestion points and the number of congestion points should be used.
For the neural network model, an autoencoder can be trained. This time however, the grid representation
can be used beneficially. Using a CNN, features of the grid can be compressed to smaller features at critical
points. Using an auto-encoder, useful information on congestion in the entire airspace can be modelled to
just a few features. These features will serve as input for the neural network. An LSTM autoencoder is better
at predicting future states of congestion. Including this increases accuracy, but implementation complexity
as well. For the current research, it is assumed that using no LSTM model in the autoencoder will entail
sufficient information, in combination with the time of the day. Depending on interim results, this decision
may be altered.

4.4.3. Route information
The last data inputs to use is route information. A route composed by the FPS consists of waypoints along
airways. Using aircraft tracking data from OpenSky, the obedience of aircraft to those suggested routes can be
measured. From the route inputs, weather and congestion features along the route can be selected. Informa-
tion from historical flight data can be extracted as well. Using the variation in flight routes, information for
future flight is given. In the investigation phase, an indication of reroutings can be given. So, besides the flown
routes, the variation in trajectories per OD will be used as input which might entail valuable information.



5
Fuel loading strategy

Using the improved trip fuel consumption estimation, a fuel loading strategy must be implemented to ad-
vice on the discretionary fuel to be loaded. This strategy determines the potential in fuel loading. Zhu (2021)
[96] uses a fixed time of discretionary fuel on top of the estimated fuel, which is easy to understand and
implement. Kang (2018) [49] and Kang (2021) [50] use confidence bounds of the fuel burn estimations and
extrapolates them such that the same amount of flights use reserve fuel as in reality, which is the most useful
for comparing the influence of the new model with the current used systems. Ayra et al. (2014) [13] uses an
optimization model considering the effects of fuel depletion to get to the optimal result. The decision tree
used is shown in Figure 5.1. In the study, they estimated the chance of fuel usage in flight and the chance on
holding based on historical data. When only the alternate and reserve fuel is left in the simulation, aircraft
divert to another airport immediately, unconditioned on the chance that ATC mention that the aircraft is able
to land within the near future. This increases the chance of divertion significantly. For the costs, only extra
airport fees and extra fuel costs due to diversion is considered. Passenger dissatisfaction and negative pilot
experience is not included.

Figure 5.1: Decision tree for a fuel loading strategy, from [13]

So, the existing methods on fuel loading strategies are based on assumptions that might not be realistic. An
improved decision tree is shown in Figure 5.2. Chances of going to another state are indicated by P (X ). In
this decision tree, the chance of landing at the destination while using alternate fuel is included. ATC might
decide on this, when the aircraft can land safely using a fraction of the alternate fuel. In case of a missed
approach, which does not occur often, the risk of using all reserve fuel is introduced. Then, using a priority
emergency landing, there is still a high chance the aircraft will land safely.

It is assumed that usage of the improved decision tree would be needed to identify a good strategy for fuel
loading. Probability distributions are needed for several events, without many data points. Also the costs of all
the end stages are hard to estimate since an emergency situation is undesired for the passengers, the pilot, the
airline and the ATM system, which is hard to express in costs. Thereby, the trip fuel consumption estimation
determines the chance of over-burn. Improving the distribution of this probability is key to have an accurate
estimation on the following distribution. Since factors are not included in discretionary fuel estimation still,
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this will be improved in the current research. Moreover, a complex model based on many assumptions might
not gain trust of pilots, airlines and ATC. A complex fuel loading optimization will not performed in the cur-
rent study. First of all since the timespan to perform such an optimization does not fit in the time span of the
MSc. thesis and can not be combined well with the other research objectives. Thereby, data of a single airline
is used, while data of all flights over Europe complexity including emergency scenario’s would be better for
determining the probability distributions in emergency events.

Figure 5.2: New assumed decision tree for a fuel loading strategy

For the current research, a comparison with current practice is made. Based on the literature review, the
number of flight using reserve fuel is in the range of 0%-0.1%. From this observation, one may argue that the
felt costs by pilots is included in this dataset, and so, costs of reserve fuel usage is included.

Two methods will be used to estimate the amount of fuel to be loaded. First, by applying a base value of
discretionary fuel on top of the estimated fuel consumption. The resulting use of discretionary fuel can be
compared to practice of airlines. The second is by scaling the trip fuel consumption estimation, such that the
same amount of flights land using reserve fuel.

Using the reduced (or increased) weight of the aircraft, fuel savings will be determined using a cost to carry
analysis. Ryerson (2015) [73] introduced Equation 5.1, where bi ,a represents the block fuel consumed for
flight i on aircraft a as a function of weight (mi ,a) and distance flown di . The coefficients can be determined
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using statistical analysis on the available airline data.

bi ,a =β1,ami ,a +β2,ami ,adi ,a +β1,adi ,a (5.1)





6
Research Proposal

Using the conclusions of previous chapters, a research proposal will be presented in the current chapter.

6.1. Problem statement & research question
In chapter 2, the operations of the industry regarding fuel loading is discussed. Existing research on fuel
consumption estimation is presented as well. Concluding from the literature review, trip fuel consumption
estimations are increasing in accuracy. Still, factors that influence fuel consumption are not included. There-
fore, the problem statement is as follows:

Due to uncertainties in flight fuel burn, excess fuel is loaded by airline pilots or dispatchers
in order to avoid diversion or fuel depletion, which causes extra fuel burn in return.

Existing research focused on input data in order to identify correlations between the input data and the trip
fuel consumption. Flight specific, time-date and airport traffic and weather data has been included. However,
en-route data - including weather, traffic and route information data - has not been included. From the
identified research gaps, the research question is created:

Can loading discretionary fuel by airlines be reduced by creating a data driven model
using en-route information that predicts trip fuel burn?

6.2. Research Objectives
Using the problem statement and research question, research objective could be stated. The research objec-
tives are found using the conducted literature study on quantitative analysis of fuel burn predictions. The
research objective is as follows:

To more accurately predict trip fuel burn by creating a data driven model using en-route
information such that loading discretionary fuel could be minimized while maintaining
the same level of reserve fuel usage.

The main research objective is divided into sub objectives:

1. Identify the potential in discretionary fuel loading for the case study airline.

(a) Characterize discretionary fuel loading behaviour for flights of the airline.

(b) Describe fuel loading differences using a simple model

(c) Identify extreme trip fuel consumption scenario’s, flight times and route deviations.

2. Measure the effect of en-route weather data on trip fuel consumption estimations.

(a) Collect and pre-process the weather data.

(b) Perform feature extraction on the weather data.
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(c) Identify correlations between weather data and trip fuel consumption.

(d) Include weather data in the trip fuel consumption estimation model.

3. Measure the effect of en-route traffic data on trip fuel consumption estimations.

(a) Collect and pre-process the air-traffic data.

(b) Perform feature extraction and identify congestion points using the air traffic data..

(c) Identify correlations between air traffic data and trip fuel consumption.

(d) Include air traffic data in the trip fuel consumption estimation model.

4. Include route information in the trip fuel consumption estimation model.

(a) Collect and cluster historical route data.

(b) Include route information in the trip fuel consumption model to test changed accuracy in combi-
nation with weather and air traffic data.

5. Compute the estimated fuel savings

(a) Apply a fuel loading strategy using the new trip fuel consumption prediction models.

(b) Perform a cost-to-carry benefit analysis using the new trip fuel consumption predictions.

6.3. Work Breakdown
The objectives presented in section 6.2 be divided in the into work packages in the following section. In total,
six work packages are present. Using the work packages, an estimated planning is provided. Since the project
spans over several moths, it is hard to predict the time span of every work package. The work packages are
planned sequentially, so from the results of one of the work packages, following work packages may deviate.
The work flow is shown in Figure 6.1.

Figure 6.1: Workflow diagram of the research.

6.3.1. WP 1: Preliminary Analysis
Data used to train the model will be gathered from an European airline. The airline fleet consists of roughly
50 aircraft, operating flights within Europe. Previous research has been performed using data from other con-
tinents and different airlines. Therefore, the potential in fuel loading may deviate. The quality of ATFM and
the constricted airspaces deviates per region. The type of airline and its policies also influences discretionary
fuel loading decisions.

So, a preliminary analysis on the fuel consumption data will be performed to identify the potential of
discretionary fuel reduction for this dataset. Thereby, the variation in fuel consumption can be investigated.
Comparing extreme cases in fuel consumption, the flight time or deviations in the flown trajectories gives
a better overview on the trip fuel consumption standards. The higher the flight time is correlated with trip
fuel consumption, the stronger the influence of holding is, while correlations with weather severity on a day
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indicate the impact of weather.

In this work package, a statistical model will be created using flight specific data, date-time data and airport
information. The Lasso model will suffice for this. Lasso based stacking will also be performed to measure
the increase in accuracy. A neural network that will serve as basis for the inclusion of the other models will
be included as well. In this phase, it might be that the accuracy of a neural network is not higher the the
statistical model.

6.3.2. WP 2: Include route information
Once a preliminary model has been created, information on the route should be included. Processing of the
route information is required to determine accurate locations for weather forecast features and congestion
features. For given OD-pairs, historical air traffic data will be used to identify the variation in flown routes. If
a high variation is present, one should take this into account when extracting features for weather and traffic,
such that the feature actually correspond with the possible flown routes. The variation can be measured by
linearly reconstructing the route using the locations per time step. Then, the minimum distance towards a
fixed number of waypoints indicates the relative error in flown route. By gathering this information per OD
pair, a variation per route can be computed.

The routes will be included by the model by discretizing the possible routes for an OD pair, and include
this as input. For this, it is critical that there should be enough flights for all routes, because overfitting or may
results otherwise. A feature for the variation in flown trajectories per route will serve as input feature for the
model as well. This way, its relevance can be tested.

6.3.3. WP 3: En-route weather forecast modelling
Using the route information, the locations of weather forecasts can be determined. If there is a high vari-
ation in flown routes, forecasts in a wider range should be used, to combine the forecasts in one feature.
The method for extracting feature for the statistical model and the neural network are described in subsec-
tion 4.4.1. For the neural network model, weather features are first generated using an autoencoder structure,
such that the feature are pre-trained. Thereafter, the weight can be updated once connected in the entire
model.

6.3.4. WP 4: En-route congestion modelling
Similar to the en-route weather forecast inclusion, en-route congestion points will be used as input features
for the trip fuel consumption prediction model. The method is described more detailed in subsection 4.4.2.
Using congestion identified congestion points, features can be generated for the trip fuel consumption esti-
mation model. Congestion can be computed in various ways. Therefore it is important to test simple feature
extraction methods on different congestion measures. High correlated measures might entail more informa-
tion on trip fuel consumption, useful for the complete model.

6.3.5. WP 5: Model improvement
Using the obtained route information, weather features and congestion features, the complete model can
be ran. By comparing a trained model with and without certain features, the difference in accuracy can be
tested. The model created by Zhu (2021) [96] improved Lasso based stacking models by 6% in total and 26%
for the outlier set for flight time predictions. En-route congestion information and delay states at airports
probably are correlated. So, by measuring the inclusion en-route congestion features, the increase in accu-
racy should be compared to the values obtained by Zhu (2021) [96]. Ideally, RNN layers on traffic delay states
are incorporated to obtain a better performing model. At this stage however, time constrictions on the project
limit the possibility for this. The resulting model is shown in Figure 6.2. From different data sources, features
are generated before combining it in a neural network.

6.3.6. WP 6: Fuel loading strategy and benefit analysis
Finally, a fuel loading strategy must be implemented to advice on the discretionary fuel to be loaded. The
strategy implementation is discussed in chapter 5. The amount of fuel resulting from this strategy may be
compared to the actual discretionary fuel that is loaded. Then, using a cost to carry analysis, the fuel savings
can be computed. Important is to measure the amount of reserve fuel usage using the new strategy. Ideally, a
few strategies are compared to each other to determine good aspects of a strategy.
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Figure 6.2: Schematic representation of the to be created model.
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1
Input data: cleaning, computation and

verification

The description of obtaining data is eloborated upon in the current chapter. Thereby, the creation of input
data and the verification of the input data will be described. First, the data sources used will be described
in section 1.1 and their connections in section 1.2. Thereafter, data processing of trip fuel and extra fuel are
described in more detail in section 1.3.

1.1. Data sources
The data used in the research originates from different sources. The different sources of data and their con-
nections will be described in the following section.

OFP
The first input source is the Operational Flight Plans (OFP), obtained from the case study airline. Before a
flight’s departure, an airline must create an OFP and communicate this to Air Traffic Control (ATC). This flight
plan consists of all the characteristics of the to-be-performed flight. This data is extracted from the OFP, which
may serve as input for a trip fuel prediction model, or may be used for the engineering of other features. The
extracted features from the OFP are presented in the paper.

Per flight, multiple OFPs may be present, since the OFP may be revisited when there are significant changes
in weather, traffic, or passenger forecasts. For the current research, only the last available OFP is used, which
represents the final submitted OFP and the other OFPs from the respective flight are ignored, for simplicity.

FDM
The second input source is the Flight Data Recorder (FDM), measuring important parameters during the ac-
tual flight, obtained from the case study airline. The data is available for every second of the flight, starting
at the departure from the gate, and ending at the arrival at the gate. Again, the used FDM data is described
in the paper. Thereby, in the data source, duplicates of flights are present. Within two duplicates of a flight,
minor differences are present, such as at the starting time of a flight. For consistency, only the last created
FDM data is used for a specific flight, ignoring the others.

TAF
The last data source is Terminal Aerodrome (TAF) data for the period of interest. The data is gathered from
navlost.eu, which is a platform providing public access to TAF and METAR data. TAFs are available every 6
hours, sometime with extra updates within those periods. All this information is pre-processed to extract the
applicable TAF information per flight. There is no definite method to translate the TAFs to input features,
as TAFs are intended for pilots, flight dispatchers and others involved in aviation, and are created to give an
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image of the weather forecast for humans. Still, the features created in the current research are presented in
the paper. A shortened example of a TAF forecast is shown below 1. TAFs are issued every six hours for most
airports. Occasionally, there are updates if the weather forecast is changed which may have an impact on
aviation. Only the last available TAF is used during the planning time of a specific flight.

TAF LEMD 171700Z 1718/1824 21010KT 9999 SCT030 TX27/1815Z TN15/1806Z

PROB30 TEMPO 1718/1722 3000 SHRA FEW030TCU

With the english translation:

TAF [TAF] forMadrid/Barajas Airport [LEMD] disseminated at 1700Z of day 17 [171700Z],
valid between 1800Z of day 17 to 24Z of day 18 [1718/1824]. The initial forecast is: wind
blowing from 210°, with 10 kt; visibility equal or more than 10 km, scattered clouds at 3000
ft AGL [21010KT 9999 SCT030]. The predicted maximum temperature is 27°C, for 1500Z
of day 18 [TX27/1815Z]. The predicted minimum temperature is 15°C, for 0600Z of day 18
[TN15/1806Z].

The weather state will temporarily change, with 30% of probability [PROB30], between
1800Z and 2200Z of day 17 [TEMPO 1718/1722] to: visibility equal to 3000 m, moderate
shower rain, few clouds at 3000 ft AGLwith towering cumulus [3000 SHRAFEW030TCU].
After 2200Z, it’ll revert back to initial state.

1.2. Data connections
Once the data is gathered from the different sources, the data sources may be combined, to created the correct
features for a specific flight. First the OFP data and FDM data will be combined, and thereafter also the TAF
data.

OFP-FDM
It is a seemingly trivial task to connect data from different sources, in order to have data available per flight.
There is, however, no identification number present per flight. So, one should connect the data using shared
information in the OFP and FDM. Using the shared information, one single combination should be present
per flight. Shared information includes the aircraft registration number and route identification. Then, the
departure time may be compared. The departure time of the OFP and FDM is often not similar, because
of delays of a flight. Since a specific flight has to depart at a certain time, the first available time of the FDM
flights can be used to connect the FDM to the OFP a flight. As there could be large departure delays present in
the dataset, the FDM time of a flight might be closer the next OFP a flight, with the same aircraft registration
number and route identification. To overcome this problem, all flights delayed more than two hours, or
depart more than two hours early, are manually checked, if their connection is correct.
The OFP database contains 101,208 flight plans, starting from March 4 2018 until December 31st 2019. In
the FDM database, 78.116 flight are recorded on the same time period. From these flights, 1,391 have an
unknown origin or destination and route identification. The origin and destination are not reconstructed
using the flight longitude and latitude, as it would not be possible to know if the flight is diverted or not. As a
result, total of 76,725 flights are used from the FDM datasource. After merging the datasets, some flights did
not have a matching OFP, resulting in 75,315 flights that are contained in the dataset used in the research.

OFP-TAF
After merging FDM and OFP, the TAFs are connected to the flights. Each TAF is assigned an ID, which may be
connected to a created flight ID. For a TAF, there are periods given for the dissemination and validity of the
forecast. Using this information, the most recent TAF for a certain airport during the planning phase is used,
ignoring any TAF issued before or thereafter. The TAF may not be more than 18 hours old, to be connected
to a flight. Otherwise, a flight has no connected TAF. Then, the connection of TAF information to a flight is as
follows, a TAF forecast has a main line for the entire valid period, and updates of that weather over time. Us-
ing the main line, each of the following inputs is saved: cloud height, cloud type, horizontal visibility, arrival
wind speed, wind direction, wind gust speed, thunder, snow, rain, mist and fog. Thereafter, depending on

1https://mediawiki.ivao.aero/index.php?title=TAF_explanation
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the estimated arrival time of the flight, values of these parameters get updated. Updates with a temporality
(TEMPO) type, are only considered when the arrival time plus or minus one hour is within the time range of
the temporary update. A becoming (BECGM) update is always considered if the flight arrives after the first
indicated time minus one hour. A from update (FM) is considered if the flight arrives after the first indicated
time minus one hour.

Like any method for reading TAFs, there are considerable disadvantages. The severity of weather is not con-
sidered as an input, just like to probability of a weather change, which potentially have a large effect on the
actual weather. Deterioration or improvement of the weather is treated the same, whereas the case study
airline treats it differently. There is also no distinction between a FM update and a BECGM update, where
the first is more abrupt than the latter. Still, using the current method, a reasonable picture of the expected
weather is present, with information on the expected visibility, precipitation and wind. The features used for
the model are described in the paper. In total, 16,533 flights have no TAF forecast. The horizontal and vertical
visibility is also presented on the OFP. Therefore, the visibility input features are updated if there is no TAF
forecast. This way, each flight can be assigned to a VFR or IFR group.

1.3. Data cleaning (Input feature generation)
From the combined data sources, features may be generated, describing the flight of interest. The compu-
tation of most variables are present in the paper, but some critical features are extended upon below. As
data often contains errors and missing data, the input data needs to be cleaned before it can be used in a
prediction model. A different data-cleaning approach is used for the trip fuel and extra fuel than the other
parameters. Since trip fuel is the target variable in the prediction model, it is important that the data that
described the target, is representative.

1.3.1. Trip fuel
The trip fuel of a flight is defined as the fuel required for a flight from the start of the runway until the landing.
To compute this parameter, two techniques are possible. The first, currently used by the case study airline
is based on the weight of the fuel at the two described instances. The second is using the fuel flow of the
aircraft, integrated over time. Both methods have their advantages and disadvantages. In the research, the
weighing method will be used primarily, and the fuel flow method only, when there is missing data, or an
outlier present using the weighing method.

Weighing method
The weighing method is based on measurements of the fuel tank before and after the flight. First, the instance
of measurement of the tank is not deterministic. The location of the start of runway varies, and depending
on the taxi route, there is uncertainty on the exact location and instance of the start of runway. The landing is
more certain since a ground sensor indicates the landing rather accurately. Thereby, the fuel tank sensor does
not output the aircraft’s weight every second. The recurring interval is one minute, with occasional output
data four seconds prior to and after this specific time. A difference of one minute while taxiing may lead lead
to a difference of 8-16 kgs, which is relatively small. However, when a measurement point is taken during ac-
celeration, with a larger fuel flow, the difference increases to 100 - 133 kgs, which is already a large difference.

Second, the output data of the sensor may be inaccurate. The largest source of uncertainty arises during
acceleration. The difference in pressure in the tank causes deviations in the fuel quantity remaining in the
aircraft. The fuel quantity in the tank may rise up to 600 kgs during take-off, which is unrealistic. So, the fuel
weight prior to the flight is uncertain, leading to inaccurate results. Also, the first measurement of the weight
sensor varies, with occasions were the fuel quantity at the start is 2000 kgs lower than a minute later.

So, the tank weight should be measured a certain time before take-off and after landing, to make sure the
amount of sensor errors are little. The fuel used per minute is relatively low for the taxi phase. So, selecting a
time instant while taxiing creates more consistent results than a time instant is chosen on the runway. A three
minute time interval has been set before being airborne.
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Fuel Flow method
In the FDM data, an integrated fuel flow value is present. This fuel is divided in trip fuel and taxi fuel. This
value however, does not update roughly 10 seconds before and after take-off, resulting in a low estimated
value. Actually integrating the fuel flow also has its downsides. For an average value it is fine, but for integrat-
ing it lacks accuracy. The discretization step is 20 seconds, meaning that the fuel flow will be integrated over
this time period. As abrupt changes may happen over seconds, the discretization is too large, to determine
an accurate total integrated fuel flow. So, when referring to the fuel flow method, the FDM is used, resulting
in a trip fuel value that ignores the runway phase of a flight in the computation.

Combination
In conclusion, both methods have their inaccuracies. Ignoring sensor errors, the weighing method approxi-
mates real trip fuel the best, as the fuel flow method either ignores the run up phase, or has poor integrated
values. For the research, the weighing technique will be used, with an analysis on the outliers. The two
methods are compared in Figure 1.2 and Figure 1.1. Visible is that the weighing technique has major outlier,
caused by sensor errors. Also, the weighing method results mostly in a higher total fuel used, as the fuel flow
method does not take into account the runway phase. Interestingly, the fuel flow method has a higher trip
fuel in some cases than the weighing method. This may be caused by a measurement error in either one of
the methods. Flights should be included in the dataset as much as possible, also with weighing sensor er-
ror. Therefore, outliers in the weighing measurement methods are computed using a linear transformation
of the fuel flow method. Univariate outliers may be detected using various metrics [15]. The most common
being outliers based on a normal distribution. Using this assumption, outliers are defined as two standards
deviations from the mean, shown in Equation 1.1, where T Fwei g h represent the trip fuel computed using the
weighing method and T FF F using the fuel flow method. Visual inspection is possible in the current set-up
and will therefore be used as verification. A flight is defined as a regular flight or outlier flight based on Equa-
tion 1.1. Thereafter, a linear tranformation is created such that a value is present for each of those flights,
using Equation 1.2. As a result, 294 flights are considered outliers, and have other trip fuel methods than
the regular flights. 1,091 flights have no tank measurement either before or after take-off. These flights are
also computed using the formula show in Equation 1.2, where a f f and b f f are calculated using by creating a
linear regression between T Fwei g h and T FF F .

i =
{

outl i er set , |T Fwei g h −T FF F | > 2σmet

nor mal set , |T Fwei g h −T FF F | < 2σmet (1.1)

T Fwei g h = a f f +b f f ∗T FF F (1.2)

Figure 1.1: Difference in trip fuel from different sources, defined as T Fwei g h −T FF F

1.3.2. Extra fuel
Critical for the benefit assessment, is the extra fuel actually being loaded on aircraft, to compare the newly
created strategies. As was discussed in subsection 1.3.1, fuel tank measurement can be inaccurate. So, an
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Figure 1.2: Difference in trip fuel from different sources, defined as T Fwei g h −T FF F

analysis on the extra fuel being loaded aircraft is performed as well. The extra fuel is defined as all the extra
fuel loaded on top of the planned fuel in the OFP, shown in Equation 1.3. EF represents the extra fuel loaded
by pilots, FW the fuel weight upon departure, T F the trip fuel, C F the contingency fuel, T AX I F the taxi fuel,
F RF the final reserve fuel, AF the alternate fuel and DDF the discretionary fuel loaded by flight dispatchers.

EF = FW −T F −C F −T AX I F −F RF − AF −DDF (1.3)

The relationship between the block fuel, as indicated on the OFP and the first measurement of the fuel in the
tank, is shown in Figure 1.3. Then, the same relationship is shown in Figure 1.4 for flights without tankering
fuel. The flight with tankering fuel clearly have a larger variance in the measure extra fuel loaded. In fact, in
the used dataset, 0.6% of the flights without tanker fuel have a negative measured extra fuel, while 12.5% of
the flight with tanker fuel have measured extra fuel. So, for many flights, less tanker fuel is loaded than was
planned according to the OFP. This makes extra fuel analysis unclear, since it is untraceable which portion
for the extra fuel is intended as buffer or as tanker fuel. Therefore, flight with tanker fuel are excluded in the
benefit assessment. As fuel usage is still valid for these flights, they are included in trip fuel consumption
predictions.
Then, there are extreme data points, probably because of measurement errors. This time, visual inspection in
combination with knowledge in airline practice will be used to detect unwanted outliers in the dataset. The
distribution does not follow a regular distribution. Still, metrics for skewed datasets exists [42]. The resulting
outliers would need to be verified for every metric. As the most additional fuel loaded because of weather
uncertainties is 2400 kg, approximately 1 hour of flight time, any value of extra fuel loaded above 3000 kgs
is considered to be tanker fuel, and is excluded in the dataset. In total, 131 flights (0.17%) are excluded for
benefit assessment using this procedure. Negative values are caused by sensor error, or by dispatcher fuel
actually not being loaded on the aircraft. The case study airline uses 600kg as steps for extra fuel to be loaded
for discretionary fuel of flight dispatchers. So, extra fuel below 600kg are neglected, because the difference
with the flight plan is considered to be too large, or there are suggestions of sensor errors. In total, 34 flights
(0.05%) are excluded form the benefit assessment, using this procedure. The other flights, with a negative
value for extra fuel are included in the benefit assessment as they are most probably caused by a difference in
discretionary fuel loaded by flight dispatchers.
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Figure 1.3: Difference in trip fuel from different sources, defined as T Fwei g h −T FF F

Figure 1.4: Difference in trip fuel from different sources, defined as T Fwei g h −T FF F
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Results: extra analysis

The current chapter provides extra analysis on the 2TS model proposed in the paper. The advantage of time
series modelling will be assessed, using a case study. An analysis on the prediction of outliers will be per-
formed, the effictiveness of quantile regressions will be tested and finally, an ablation study will be presented.

2.1. Case studies
The way the 2TS model reduces the RMSE of the error compared to the GB model can be best explained using
case studies of flights. These case studies are sets of flights, grouped on their arrival aiport or OD-pair. The
goal is to demonstrate the difference in daily trends in fuel consumption, and the demonstrate the difference
in hourly fuel consumption.

Daily deviations in average fuel consumption may be best demonstrated using a set of flights, grouped per
OD-pair. This way, critical times trends present in the dataset are not averaged out, such that the GB model
performs reasonably good as well. The OD-pair selected for further analysis is an OD-pair, which is one of
the higher frequency flight legs. In Figure 2.1, daily average TF deviations are presented per day in the test
set for the OD-pair. Also, the GB and 2TS predictions are presented. In the figure, the average T Fdev changes
over time. Both the GB predictions as the 2TS predictions are able to predict this difference throughout the
year. Around day 80, there is a sudden change in average T Fdev for a period of a few days. Analyzing the
prediction performance of the GB and 2TS model, it is visible that the 2TS model is able to follow this trend
more accurately, using the flight data of prior days as input.

Figure 2.1: Average trip fuel deviations throughout the year

Hourly deviations in average fuel consumption may be best described using a set of flights with a the same
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arrival airport, such that the resulting number of flights in the analysed dataset is high. Figure 2.2 shows
the hourly average T Fdev for flights arriving at an arrival airport with a high frequency of arriving aircraft.
The values are grouped per blocks of six hours, to enhance interpretability. The figure demonstrates that
the 2TS prediction is on average higher than the GB prediction for every hour block in the week. Thereby, a
stronger repeating pattern is visible for the GB model, where the prediction of T Fdev is low during the night.
Apparently, this pattern was present in the training set period, while it isn’t in the test set period. So, by using
prior days as input data, the 2TS model is able to alter the predictions, based on recent data.

Figure 2.2: Average trip fuel deviations throughout the week

2.2. Outlier analysis
The effectiveness of fuel loading decisions based on the 2TS model depends on its ability to predict outliers.
Outliers in T Fdev dictate the value of the SPIs using a specific fuel loading strategy. The different sets of out-
liers have been defined to be at the 5th percentile, the 1st percentile and 0.1st percentile on T Fdev . Table 2.1
shows the prediction performance on outliers for the airline practice (FPS) and the GB and 2TS models. The
Mean Absolute Error (MAE) is used as the metric, as it may be used to compare errors at different magnitudes.
To allow a fair comparison, the mean estimation of a model is added to the MAE. For instance, if the MAE of
GB is 302 kgs, but the average estimation of the GB model is -62, the resulting error is 364. This way, the error
from the same benchmark between models is compared to each other. In the figure, Model

F PS is also present,
to show which factor is remaining of the FPS error for the respective outlier set. Two insights are found, the
first being that the 2TS model reduces the MAE of all outliers sets by roughly the same amount. As the MAE
of both the FPS and the 2TS increases, the factor of the error remaining increases. For fuel loading decisions,
it is important to reduce the error of the major outlier set as much as possible. Even though the error is in-
creased, for the major outlier set, the model performs relatively better for the minor and medium outlier set.
For certain SPIs, such as contingency fuel usage, this may be beneficial. Still, to continue prediction for fuel
loading decisions, a model excelling in predicting major outliers would be preferred over the current model.
The second insight is that compared to the GB model, both the absolute error difference of the 2TS model
and the Model

F PS reduces for more extreme outliers. So, the largest improvements of the model are present in
the minor outlier set. This shows that the current model suits well for contingency fuel determination or op-
erational optimization, using predicted mission parameters.

Model Mean value minor outlier medium outlier major outlier
Metric MAE Model

F PS MAE Model
F PS MAE Model

F PS
FPS 0 554 - 848 - 1546 -

2TFT -48 344 0.62 618 0.73 1332 0.86
GB -63 381 0.69 661 0.78 1357 0.88

Table 2.1: Model performance in extreme flight sets
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2.3. Spatial levels
The following section contains an ablation study, in which certain aspects of the 2TS model are removed, to
demonstrate the effectiveness of that component. The FTTS and IFTTS models are already reduced versions
of the full 2TS model. The results of these models are present in the paper. The remaining parameters of
interest for the ablation study is the spatial level introduction in the FTTS model.

Table 2.2 shows the prediction errors for the FTTS model, using different sets of spatial levels. The FTTS
model models a time series over each spatial levels, so the effect of these time series are investigated. The
spatial levels OD-pair, dep airport and arrival airport remain as inputs. Only the FTTS-predicted values are
removed. The results show that the combination of all spatial levels results in the best performing model.
This way, patterns of each group of a flight are included in the model to enhance prediction performance.
Thereby, the OD-pair and arrival airport are the best predictors, as a FTTS model using only these spatial
levels as inputs, results in the lowest RMSE. The prediction performance using only network FTTS inputs is
the worst performing of all of the models.

Spatial level inputs RMSE MAE
All 172.1 128.6

OD-pair only 172.9 130.2
Arr airport 172.8 129.3

Dep airport 173.5 130.4
Network 174.5 131.2

Table 2.2: Ablation study for the spatial levels used in the model
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