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Abstract

Fuel tankering is a method that is used in the aviation industry to reduce fuel
expenses inflicted by fuel price differences between departure and arrival
airport. It provides profitable transport of required fuel for the scheduled
upcoming flight. Today, there are a number of basic customizable
formulas/models used in the fuel tankering calculation referred in the
literature; however, the customizability of the formulas/models reveals
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different parameter preferences (such as weather, route, etc.) for the
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researchers making calculations, and consequently, the results to be obtained
Online:
January 25, 2021
for fuel tankering may vary. Besides, an artificial intelligence study, which
may be used in fuel tankering estimation/prediction, could not be found in the
Keywords: Fuel Tankering,
literature. In this study, it is aimed to predict fuel tankering in the airline
Aviation, Cost Reduction, Machine
industry with machine learning algorithms that learn from raw data which is
Learning
independent from these formulas/models. According to the results of the
study, the best performance is obtained with Artificial Neural Networks by
using the Backpropagation algorithm (accuracy = 0.838). Furthermore, an
online application for predicting fuel tankering is developed with the ANN
model. This study will provide a different and rather an alternative insight to
the fuel tankering calculations that are used by aviation companies.
To Cite This Article: İ. G. Yılmaz, E. Kartal, Z. Özen, S. Gulseçen, “Prediction of Fuel Tankering in Airline Industry
with Machine Learning Algorithms”, Journal of Aeronautics and Space Technologies, Vol. 14, No. 1, pp. 19-34, Jan.
2021.
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Yakıt taşımacılığı, kalkış ve varış meydanı arasındaki yakıt fiyatı
farklılıklarından kaynaklanan yakıt giderlerini azaltmak için kullanılan bir
yöntemdir. Gelecek uçuş için gerekli olan yakıtın kârlı taşınmasını
sağlamaktadır. Literatürde yakıt taşımacılığı hesaplamasında kullanılan bazı
temel
özelleştirilebilir
formüller/modeller
mevcuttur;
ancak
formüllerin/modellerin özelleştirilebilir olması, hesaplama yapan
araştırmacılar için farklı parametre tercihlerini (hava durumu, rota gibi) ortaya
koymakta ve buna bağlı olarak da yakıt taşımacılığı için elde edilecek
sonuçların değişkenlik gösterebileceğine işaret etmektedir. Ayrıca,
günümüzde yapay zekânın yakıt taşımacılığı öngörüsünde kullanıldığı bir
çalışma literatürde bulunamamıştır. Bu çalışmada bahsi geçen bu
formüllerden/modellerden bağımsız olarak ham veriden öğrenen makine
öğrenmesi algoritmaları ile havacılık endüstrisinde yakıt taşımacılığı
öngörüsünde bulunmak hedeflenmiştir. Çalışmanın sonuçlarına göre, en iyi
performans geri besleme algoritmasının kullanıldığı Yapay Sinir Ağları
modeli ile elde edilmiştir (doğruluk=0.838). Ayrıca, bu YSA modeliyle yakıt
taşımacılığı öngörüsünde bulunulan çevrimiçi bir uygulama geliştirilmiştir.
Bu çalışma, havacılık şirketlerinin kullandığı yakıt taşımacılığı
hesaplamalarına alternatif olarak farklı bir bakış açısı sağlayacaktır.
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1.

INTRODUCTION

From the day Orville and Wilbur Wright carried out the
first flight; the air transport industry has become a
significant sector of the global economy [1]. According
to Boeing [2], the industry will require more than 42000
new airplanes by 2037. As a part of the global
economy, the airline industry comprises various
operating expenses such as labor, insurance, food,
airport landing fees, etc. However, fuel is ranked at the

top of the list. Incidental to the growth of the airline
industry, fuel consumption is becoming more
significant day by day and directly affects the firms
actively operating in the air transport industry [3].
Naumann and Suhl [4] declared that jet fuel cost is an
essential component of the airline’s expenses that is
increasing day by day. As seen in Figure 1 the values
corresponding to US’ jet fuel spot prices between the
years 1990 and 2017 supports this reality [5].

Figure 1. History of US Gulf Coast kerosene-type jet fuel spot price [5]
Today the number of scheduled passenger flights based
on yearly basis in the US is over 10 million according
to The Federal Aviation Administration (FAA) [6].
Republic of Turkey Ministry of Transport and
Infrastructure General Directorate of State Airports
Authority, which is responsible for the management of
Turkish airports and mission of regulation and control
of Turkish airspace, reported that nearly 1.5 million
flights occurred in 2019 [7]. Furthermore, it is expected
that 773300 flights will occur in Turkey during 2020.
This forecasted number is less than the number of
flights which had been realized back in 2019 because
of the COVID-19 pandemic, which became a global
outbreak all around the world. In addition to that,
according to the European Organization for the Safety

of Air Navigation (EUROCONTROL) which is an
international organization controlling the European Air
Traffic, the number of flights in Europe was recorded
as approximately 11 million in 2018 and it is forecasted
that this number will increase up to 16.2 million
flights/year in 2040 [8]. Moreover, jet fuel costs
demonstrate significant variance. Rao [9] claimed that
2.5 billion gallons of fuel is run out by significant
airline companies per year. Modern aircraft consume
3.5 liters per 100 passenger-km or a gallon per 67
passenger-miles [10]. According to the US Energy
Information Administration, 6420 thousand gallons of
jet fuel had been consumed in 2016 throughout the
world. Figure 2 shows the consumption of jet fuel in
terms of world regions [11].

Figure 2. Jet fuel consumption between 2000 and 2016 [11]
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The International Air Transport Association [12] has
forecasted that the airlines’ fuel bill would increase up
to $200 billion (24.2% of average operating costs) in
2019. Ryerson et al. [13] emphasized that besides
environmental concerns and changes and fluctuations
in fuel prices, from the perception of the aviation
community, it is an important target to decrease fuel
consumption. There are different solutions to retrench
fuel consumption such as abiding by aircraft fuel
efficiency, reducing payload, optimizing flight routes,
providing regular aircraft maintenance, and applying
fuel tankering [14]. Singh et al. [15] emphasize that
good planning, convenient aircraft loading, proper
maintenance, appropriate flight procedures, and fuel
tankering, etc. affect aircraft fuel consumption during
its operations.

best model for future predictions in fuel tankering by
using machine learning techniques. Furthermore, an
online application for predicting fuel tankering is
developed by the help of the ANN model. The
recommended machine learning model, and the online
application developed in this study are one of the most
important examples for the integration of artificial
intelligence with the airline industry in terms of
resource allocation and profitable transport. Moreover,
this study will provide a different and rather an
alternative insight to the fuel tankering calculations that
are used by aviation companies. The companies can
create similar models and applications using their data;
thus, they can explore valuable information among
their raw data for the purpose of profiting from the
added value on behalf of the company benefit.

Fuel tankering is a practice that minimizes and
retrenches operating expenses caused by fuel and
returns profit by transporting extra fuel for the
subsequent flight sector. Fuel tankering is “a term that
defines the loading of fuel at quantities more than
required to perform a mission, e.g. a required range
with a specified payload over a specified route” [16].
The main idea underlying this cost-saving technique is
the specified differences in fuel prices between
departure and arrival airports. According to Guerreiro
Fregnani et al. [17] carrying extra fuel makes the
aircraft heavier and therefore fuel consumption
increases on part of the fueling sector. Furthermore,
they indicated that calculating the cost of fuel caused
by extra fuel is important and airlines usually analyze
the economic suitability of transporting fuel sector-bysector, for each aircraft.

2.

As we stated in the following section, at the present
time there are some basic customizable formulas used
in the fuel tankering calculation commonly referred in
the literature; however, the customizability of the
formulas reveals different parameter preferences (such
as weather, route, etc.) for the researchers making
calculations, and consequently, the results to be
obtained for fuel tankering may vary. Besides, an
explanatory study in which artificial intelligence,
which is referred and consulted regarding various fields
such as flight planning, diagnose aviation turbulence, is
used in fuel tankering estimation/prediction, could not
be found in the literature. However, as of today, it is
indeed a daily requirement for businesses to decide how
to allocate valuable resources based on predictions
[18].
This paper offers a machine learning approach to
predict fuel tankering by applying several algorithms to
the model of Boeing B737-800 and Airbus A320
aircraft’s data which belongs to a commercial airline in
Turkey. The company uses a commercial flight
planning software in fuel tankering calculations.
Therefore, it is not known for certain how they
performed it. It is aimed to find the best algorithm
which achieves the highest performance and to find the

LITERATURE REVIEW

Filippone [19] said that some commercial operators use
the practice of “tankering”, which is, loading fuel at
quantities more than required by a mission profile to
offset the costs of purchasing fuel at a higher price
designated at the place of destination. According to
Boeing [20], although shorter turnaround time, the
limited amount of available fuel, unreliable airport
services, fuel quality at the destination airport and fuel
prices differential are the reasons to tanker fuel, in other
words, reduction and retrenchment in total fuel costs
for multiple leg flights is generally the main reason for
tankering.
Hubert et al. [21] describe the available capacity for
carrying excess fuel, the fuel burn penalty, the amount
of fuel required for the next mission leg and the fuel
price difference between the departure and arrival
locations as the four main factors that determine
whether a given mission should tanker fuel for cost
avoidance. Moreover, an algorithm is introduced by
Hubert et al. [21] that indicates the decision-making
process to decide whether and how much to tanker.
Nash [22] is one of the earliest recognized researchers
who worked with fuel tankering models in 1981. A
linear programming model was produced by Nash as a
simplified and cheaper alternative to complicated
programs. Several models are being used in the airline
industry for determining fuel tankering. Lesinski [23]
used the tankering model of Air Mobility Command
(AMC), the US Air Force, and the Department of
Defense. This model takes departure fuel price
($/gallon), tankered fuel load (lbs), planned flight time
hours, aircraft cost to carry, destination fuel price
($/gallon), and some other parameters as fundamental
cornerstones which are fixed prior to calculations. Then
it formulates and demonstrates cost avoidance/savings.
Negative and positive results indicate loss and earning
of money respectively.
Lindgren and Brynhagen [14] used the inequality
below to investigate whether or not any profit can be
gained by fuel tankering. Considering the inequality, if
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the right-hand side is greater than left, money can be
earned. Let 𝑃𝑑𝑒𝑝 and 𝑃𝑑𝑒𝑠 be fuel prices at departure
and destination airport, respectively. 𝐹 shows the extra
fuel tankered. 𝐹𝐵 is the function that calculates extra
fuel burned and this number is calculated using many
variables, such as the weight of the airplane calculated
with 𝐹 loaded on board, the route, weather conditions,
etc. It can be said that the formula (1) is the basic
formula for tankering and other expressions of this
formula are available in the literature.
𝑃𝑑𝑒𝑝 × (𝐹 + 𝐹𝐵 (𝐹 )) < 𝑃𝑑𝑒𝑠 × 𝐹

(1)

According to Airbus [24], the breakeven point must be
meticulously determined. The underlying logic and
reasoning are that it is asserted once extra fuel is loaded
on board, the fuel consumption will increase.
Let 𝐾 denotethe transport coefficient and
•
•
•
•
•
•

∆𝑇𝑂𝑊 represents variation at take-off weight,
∆𝐿𝑊 represents variation at landing weight,
∆𝑇 represents variation at flight time,
𝑃𝑑 represents departure fuel price,
𝑃𝑎 represents arrival fuel price,
𝐶ℎ represents cost per hour.

𝐾 is calculated as shown in equality (2):
𝐾=

∆𝑇𝑂𝑊
∆𝐿𝑊

(2)

Assume that 𝐾 = 1.3 and 1300 kg fuel is added at the
departure, 1000 kg of this fuel amount will remain at
the arrival. It shows that carrying one tonne of fuel costs
300 kg fuel more.
The extra-cost of the loaded fuel at departure, the cost
saving of the transported fuel, and the cost due to a
possible increase in flight time are given in formulas
shown in (3), (4), and (5) respectively.
(∆𝑇𝑂𝑊 × 𝑃𝑑 = ∆𝐿𝑊 × 𝐾 × 𝑃𝑑 )

(3)

(∆𝐿𝑊 × 𝑃𝑎 )

(4)

(∆𝑇 × 𝐶ℎ )

(5)

Airbus stated that it is profitable to carry extra fuel if
the cost saving exceeds the extra fuel loaded cost plus
the extra time cost (6).
(∆𝐿𝑊 × 𝑃𝑎 ) > (∆𝐿𝑊 × 𝐾 × 𝑃𝑑 ) + (∆𝑇 × 𝐶ℎ )

(6)

Also, it can be shown in below (7).
∆𝐿𝑊(𝑃𝑎 − 𝐾 × 𝑃𝑑 ) − (∆𝑇 × 𝐶ℎ ) > 0

(7)

Therefore, if ∆T = 0, it is profitable to carry extra fuel
if the arrival fuel price to departure fuel price ratio is
higher than the transport coefficient K (8).
𝑃𝑎
>𝐾
𝑃𝑑

(8)

optimum fuel quantity to be carried as a function of
initial take-off weight (without additional fuel), stage
length, cruise flight level and fuel price ratio.
Apart from these formulas developed, there are also
applications available on the internet for the calculation
of the gain to be obtained from the fuel. Aircraft Ferry
Fuel Calculator [25] is a tool that specifies the amount
of the saved money by flying to a different airport to
get fuel at a cheaper rate. This tool can be used for both
airplanes and ferry fuel savings for turboprops and even
for jet aircraft. FuelerLinx provides flight planning and
multi-leg tankering [26]. It helps to determine whether
tankering will be efficient or not by considering the
estimated expenditure and saving between tankering
and no tankering cases. iFuel – Fuel Tankering App
[27] takes fuel prices in consideration of up to 3
airports, taxi fuel, reserve fuel, amount of fuel to tanker
(tanker option), burn rate, ramp fees (optional),
minimum fuel purchase to waive ramp fee (optional)
and outputs trip fuel costs, landing fuel (tankering
option), the cost to tanker, or tanker savings, net tanker
savings (after ramp fee).
Lesinski [23] gives real-life examples including
company name and software, which are used by the
company for flight planning, and tankering, owner and
author of the software in accordance with number of
flights, number of fuel tankering, and percentage of
flights. One of his examples is FedEx, which has used
Jeppesen Flight Planning software, which has saved
approximately $7.5 million by fuel tankering. Another
example United Parcel Service (UPS) also has used
Lido/Flight software developed by Lufthansa Systems
and their savings are about $7.8 million. Continental
Airlines is another flight company that uses flight
planning and fuel tankering software. This company
has saved $5.5 million from 334 thousand flights.
Artificial Intelligence (AI) is already used in each and
every aspect of life. AI and sub-working divisions of
AI are used in many sectors ranging from banking,
health, sports sectors to customer relationship
management. Emre et al. [28] analyzed the effects of
Acute Rheumatic Fever (ARF) undergone during
childhood based on cardiac diseases by using data
mining methods such as Naive Bayes Classifier,
CART, C4.5, C5.0, and C5.0 Boosted Decision Tree
algorithms and Random Forest algorithm. Kartal and
Balaban [29] predicted the mortality risk of patients
during or shortly after cardiac surgery by using
machine learning techniques (k-Nearest Neighbor
Algorithm, Naive Bayes Classifier, ID3, and C4.5
Decision Tree Algorithms, and Logistic Regression).
Smeureanu, Ruxanda, and Badea [30] used Neural
Networks and Support Vector Machines for customer
segmentation in the private banking sector. It is
expected that similar practices will become more
widespread in the coming years.

Airbus stated that graphs in the Flight Crew
Operational Manuel (FCOM) assist in determining the
YILMAZ et al.
22

Prediction of Fuel Tankering Status in Airline Industry with Machine Learning Techniques

Machine learning is one of the sub-fields of AI.
Machine learning is the systematic study of algorithms
and systems that improve their knowledge or
performance with experience [31]. In accordance with
this definition, the experience can be thought of as the
data and the performance is the indicator of the learning
process of machines (or computers). Systems that use
machine learning can automatically learn given tasks
from data [32].

Business understanding, data understanding, data
preparation, modeling, evaluation, and deployment.
The methodology section of the study includes data
understanding, data preparation, and modeling steps of
CRISP-DM. Due to the fact that the main problem, the
aim and objective of the study and further details
related to fuel tankering are explained in the
introduction and literature review sections, the first step
of CRISP-DM is skipped.

As in other sectors, machine learning has also been
used in the aviation industry such as flight planning
[33], diagnose aviation turbulence [34], etc. Collins and
Thomas [35] explored the use of reinforcement
learning, a standard artificial intelligence technique, as
a means to solve a simple dynamic airline pricing game.
Ali [36] suggested an approach which optimizes the
profit by exploiting tankering as much as possible and
avoiding exposure to high de-icing risk for KLM
Cityhoppers (KLC) Fokker 70/100 fleet. Furthermore,
exploratory data analysis was used to identify the
important factors that help to predict de-icing. Finally,
an Excel Sheet was created to calculate the estimated
best tankering amount. Korvesis [31] revealed a study
about using machine learning for predictive
maintenance in aviation. Rahim Taleqani [38] put
forward a machine learning approach for cybersecurity
in aviation.

3.1. Data Understanding

Besides, certain software had been developed for the
aviation industry, including big data and machine
learning. SkyBreathe, which is developed by
OpenAirlines, offers solutions to airlines to reduce fuel
consumption by using the state of the art digital
technologies such as big data algorithms, artificial
intelligence, and machine learning [35]. Moreover, a
mobile software is developed by this company which is
called MyFuelCoach. This software provides
opportunities to pilots such as preparation for their
upcoming flight, identification of potential fuel
savings, tracking and monitoring their own progress,
comparison with the operational flight plan, replaying
their flight with 4D, etc. [39, 40]. Honeywell developed
the Honeywell Forge software platform for airlines,
which uses big data and machine learning to increase
airline profitability [41]. The flight efficiency module
of this platform which is called Honeywell Forge Flight
Efficiency, offers solutions to airlines and pilots to
increase flight efficiency [42]. In fact, in order to
increase efficiency and reduce costs, it provides its
customers with a comprehensive overview of all fleet
data by bringing together all flight variables including
flight plans, weather conditions, navigation maps,
aircraft performance, and more focusing at one point.
3.

METHODOLOGY

Considering the close relation between machine
learning and data mining, the frame of the study is built
on CRoss Industry Standard Process for Data Mining
(CRISP-DM) model [43] which consists of six steps:

In this study, the dataset which is named “fuel
tankering” includes 550 flights, which is gathered
randomly from the flight planning system at Operations
Control Center (OCC) in a commercial airline company
based in Turkey. It consists of seven predictive
attributes and a target attribute that are shown in Table
1.
Table 1. Predictive attributes and target attribute of
“fuel tankering” dataset
Predictive Attributes
Attribute

Remark

Metric

Type

Temperature

The
temperature at
the arrival
airport

Celsius
(°C)

Numeric

Pax

Passenger(s)
number

-

Numeric

Nautical
Mile
(Nm)

Numeric

Minute
(min)

Numeric

Kilogram
(kg)

Numeric

Dollar

Numeric

Dollar

Numeric

AirDist

FlightTime

TripFuel

DepFuelPric
e
DestFuelPric
e

Air distance
(Distance in
consideration
of air
conditions)
The time
between takeoff and landing
Trip fuel (The
fuel which is
spent between
take-off and
landing)
The fuel price
at the departure
airport
The fuel price
at the
destination
airport

Target Attribute
Attribute

Remark

Metric

Type

Tankering

Tankering
status (1=Yes
0=No)

-

Binary
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The attribute selection was determined based on both
the attributes used in other studies in literature [14, 23]
and opinions of the flight planning experts (flight
dispatchers) in Operations Control Center. The time
period of selected flights covers the time course
between March 2016 and March 2017. The average air
distance is 594.5 nautical mile. 349 flights are domestic
flights which actualized inside Turkey’s air space
including 31 cities and 32 destinations. 201 flights are
international flights performed from Turkey to 37
countries and 55 destinations. All of the
abovementioned flights departed from Turkey. The
summary of the dataset is given in Figure 3.

Manufacturer
Boeing

Airbus

Type

B737-800

A320

Seat Configuration (Pax)

177 or 189

180 or 186

Maximum Take-off
Weight (kg)

79000

77000

Maximum Landing
Weight (kg)

66360

66000

Maximum Zero Fuel
Weight (kg)

62731

62500

Fuel Tank Capacity (kg)

20780

19184

To begin with, Shapiro-Wilk Normality Test is
performed. The results of the test in Table 3 show that
all p-values are less than 0.05. These results indicate
that predictive attributes of the “fuel tankering” dataset
are not normally distributed [44]. Thus, the Spearman
correlation coefficient is calculated to examine the
relations between these attributes [45].
Figure 3. Summary of “fuel tankering” dataset

Table 3. Shapiro-Wilk normality test results

In Figure 4, the dataset contains 251 flights that apply
fuel tankering and the rest of 299 flights do not apply
fuel tankering.

Figure 4. Class label frequencies of the target attribute
(Tankering)
In the dataset, each example belongs solely to one
flight. Tankering is the target attribute that is coded in
binary format (if there is fuel tankering=1,
otherwise=0). The flights that have tankering are oneleg tankered flights. The flights were performed by two
leading manufacturers’ aircraft that belong to Boeing
and Airbus. The general characteristics of these aircraft
are given in Table 2 and it shows the maximum limit of
certain attributes in the dataset such as seat
configuration determines the maximum limit of Pax.
Table 2 is created by face-to-face interviews with flight
dispatchers of the airline company who made the flight
plans of the flights in the dataset “fuel tankering”.

Data

W

p-value

Temperature

0.98187

2.406e-06

Pax

0.89864

<2.2e-16

AirDist

0.8216

< 2.2e-16

FlightTime

0.81918

< 2.2e-16

TripFuel

0.8415

< 2.2e-16

DepFuelPrice

0.84359

< 2.2e-16

DestFuelPrice

0.88418

< 2.2e-16

A correlogram is used to visualize the correlations
between predictive attributes [46]. In Figure 5, blue
represents positive correlation and red represents a
negative correlation. Also, the size of circles indicates
the gravity of the relationship. Bigger circles mean the
relationship between two variables is stronger and
smaller circles mean the relationship between two
variables is weaker. In practice, flight time
extends/shortens
when
the
air
distance
increases/decreases. This conception is supported by
Figure 5. According to the correlogram, there is a
strong positive relationship between FlightTime and
AirDist variables. However, the authors did not use the
correlation analyses as a feature selection technique.
All attributes are included in the modeling stage.

Table 2. General characteristics of aircraft that
performed the flights in the dataset

YILMAZ et al.
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at the same time, handling missing values on the
training dataset, pruning (the tree), etc. [53]. A simple
form of the C4.5 Decision Tree Algorithm is given
below [54]:
Step 1: The algorithm aims to find an attribute that
differentiates observations in the training set optimized
in the bestmanner. At this point, it generates rules that
help to make decisions about the problem by
considering split information and gain ratio [47].
Furthermore, it is seen as a kind of normalized version
of Gain [55]. Gain Ratio is based on Shannon’s entropy,
which is the measure of uncertainty [55, 56]. The
attribute that has the highest gain ratio is selected [47].
Step 2: The tree node is created by using values of the
selected attribute
•
Figure 5. Correlogram for dataset
•

3.2. Data Preparation
Prior to data analysis, data normalization is performed
by using min-max normalization technique [47]. If
tankering exists, the target attribute Tankering is coded
as “1” and in the contrary case, Tankering is coded as
“0”. The dataset has no missing value and duplicate
sample.
3.3. Modeling

The child links are created from the chosen
attribute.
Instances are subdivided into subclasses by
using the child link values.

3.3.3. Naive Bayes Classifier
Naive Bayes Classifier classifies samples depending on
Bayes Theorem. The most likely class for an instance
is determined by considering the class, which has the
highest probability, in other words, Maximum A
Posteriori (MAP) (9).
𝑐 ∗ = arg max 𝑃(𝑐𝑗 ) ∗ 𝑃(𝑥|𝑐𝑗 )

In machine learning, there are two main modalities of
learning, supervised (for classification and regression
tasks) and unsupervised (for clustering tasks) learning
which are used for classification and clustering
problems, respectively. As the main aim of this study is
to predict the fuel tankering status of a flight, the
following supervised learning techniques are used in
this study [48], [49]:

𝑗=1,…,𝑚

It is based on making calculation of 𝑃(𝑥|𝑐𝑗 )
probabilities easier by considering that the attribute
values are conditionally independent given the target
value (Mitchell, 1997). So the equation (9) can be
expressed as below (10) (Castillo, 2011):
𝑛

𝑐 ∗ = arg max 𝑃(𝑐𝑗 ) ∗ ∏ 𝑃(𝑋 = 𝑥𝑖 |𝑐𝑗 )
𝑗=1,…,𝑚

3.3.1. k-Nearest Neighbors Algorithm
This algorithm does not offer a static model and
depends on distance calculation in every trial during the
analysis. Easy implementation of the algorithm, ability
to work fast when the data set is small, and lack of
requirement and prerequisite for prior knowledge about
training dataset structure are major advantages of this
algorithm [50]. After the distances between training
samples and a given new sample without a label (or has
the unknown class label of the target attribute) are
calculated, according to class label with the highest
frequency (majority class) of k’s close neighbors of the
sample, class label of the new sample is determined
[51].
3.3.2. C4.5 Decision Tree Algorithm
This algorithm was developed by Ross Quinlan in the
late 70s [52]. C4.5 provides tree-shaped results for
classification. The algorithm has the advantage of
working with both numerical and categorical variables

(9)

(10)

𝑖=1

This algorithm allows us to study with both numeric
and categorical attributes. The classifier uses
frequencies with categorical attributes to find
probabilities. Also, a common assumption is that within
each class, the values of numeric attributes follow
normal distribution [57].
3.3.4. Artificial Neural Networks (ANNs)
The underlying main idea supporting ANNs depends
on the structure and working principle of the human
nervous system. An artificial neuron (or a processing
element) is the smallest part of the network (Figure 6).
A neuron receives input(s) from a given dataset or
another neuron. The neuron multiplies each input by its
weight to calculate the net input [58]. Then it is
transferred to another neuron or external world by using
various activation functions [59]. Training for or the
learning process of ANNs can be seen as adjusting
weights. In this manner, the desired output can be
obtained for the given inputs.
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each time the rest of the four parts are used as a training
dataset.

Figure 6. Structure of a neuron and multi-layer feedforward neural network respectively [60]
Numerous different network types and learning
algorithms have been developed for ANNs. In this
study multi-layer feed-forward neural networks (Figure
6) trained with the Backpropagation algorithm, which
are seen as the most popular neural networks [61], [62],
are used for predicting fuel tankering status of a flight.
Multi-layer feed-forward neural networks consist of an
input, an output, and one or more hidden layers. The
feedforward mechanism allows signals to be forwarded
from the input layer to the output layer. The
backpropagation algorithm is developed by Rumelhart,
Hinton, and Williams [63]. It is based on the Least
Means Squares algorithm and the Mean Square Error is
calculated to find the network error in (11) [64]:
𝑓(𝑥) = 𝐸[𝑒 2 ] = 𝐸[(𝑡 − 𝑎)2 ]

A confusion matrix is used to evaluate model
performance. Sun et al. [78] expressed that the
confusion matrix, the 𝑁 × 𝑁 matrix, shows a complete
view of the performance of a model and four items are
contained in the confusion matrix: true positives (TP –
positives that are correctly predicted as positives), true
negatives (TN – negatives that are correctly predicted
as negatives), false positives (FP – negatives that are
wrongly predicted as positives) and false negatives (FN
– positives that are wrongly predicted as negatives). In
this study, (Tankering=1) is chosen as the positive
class.
According to the confusion matrix; accuracy, error,
sensitivity, specificity, positive predictive value, and Fmeasure are calculated as model performance
evaluation metrics. The metrics are calculated as
mentioned in (12) – (17) [49]:
𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =

𝑇𝑃 + 𝑇𝑁
𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁 + 𝐹𝑃

𝐸𝑟𝑟𝑜𝑟 = 1 − 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦

(13)

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =

𝑇𝑃
𝑇𝑃 + 𝐹𝑁

(14)

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =

𝑇𝑁
𝑇𝑁 + 𝐹𝑃

(11)

Where 𝑓(𝑥) is the performance of the network, 𝑒 is the
error between desired output (𝑡) and actual output (𝑎)
of the network. At this point, this error is propagated
backward from the output layer to the input layer
through the weights. In other words, each weight is
updated to minimize the error. This adjustment process
continues until the error is less than or equal to a
predetermined threshold value. Analyses are performed
with the R programming language [65]. R has become
very popular in machine learning and data mining
studies in recent years. R is a free and open-source
programming language. Furthermore, the developer
community offers many packages and functions.
Analysis are performed with RStudio [66] which is the
integrated development environment of R. The
following R packages are used for the analysis: caret
[67], class [68], clusterSim [69], e1071 [70], neuralnet
[71], partykit [72], plyr [73], RWeka [74, 75], shiny
[76], shinythemes [76], TunePareto [77].
4. EVALUATION
In this phase, the performance of the models is
evaluated. A stratified 5-fold cross-validation
technique is used as the model performance evaluation
technique. “fuel tankering” dataset is split into five
parts. Each part is used once as a testing dataset, and

(12)

𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑣𝑒 𝑉𝑎𝑙𝑢𝑒 (𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛) =
𝐹 𝑚𝑒𝑎𝑠𝑢𝑟𝑒 =

(15)
𝑇𝑃
𝑇𝑃 + 𝐹𝑃

2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦

(16)
(17)

It is aimed to obtain the highest performance metric
values except for the error rate. The analysis results are
given below.
4.1. Results of k-Nearest Neighbors Algorithm
k parameter of the algorithm is chosen between 1 and
20 to find the highest performance (Figure 7). The best
accuracy (0.815) is obtained with k=4. Other accuracy
values close to the best one are 0.793 (k=5), 0.791
(k=3), 0.789 (k=1) respectively. Although the best
accuracy is obtained with k=4, it is preferred to use an
odd number for the k parameter. Therefore, k=5 is
chosen as the best k parameter for the problem solution.
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Figure 7. k-Nearest Neighbors algorithm: accuracy results
Moreover, the other performance evaluation metrics
are given in Table 4 for k=5.
Table 4. Performance Evaluation Metrics for kNearest Neighbors Algorithm (k=5)
Metric

Fold1

Fold2

Fold3

Fold4

Fold5

Mean

0.745 0.764 0.818 0.827 0.809 0.793
0.255 0.236 0.182 0.173 0.191 0.207
Sensitivity 0.860 0.620 0.820 0.740 0.824 0.773
Accuracy

Rule 1: If DestFuelPrice is greater than 403.867 and
less than or equal to 541.447 and FlightTime is less than
or equal to 118 and DepFuelPrice is less than or equal
to 423.363, then Tankering is “Yes”.
Rule 2: If DestFuelPrice is less than or equal to
515.475 and DepFuelPrice is greater than 423.363 and
Temperature is greater than 7, then Tankering is “No”.

Error

Positive
predictive
value

0.672 0.816 0.788 0.860 0.778 0.783

Specificity
F-measure

0.650 0.883 0.817 0.900 0.797 0.809
0.754 0.705 0.804 0.796 0.800 0.772

Rule 3: If DestFuelPrice is greater than 541.447 and
FlightTime is less than or equal to 167 and Temperature
is greater than 4, then Tankering is “Yes”.

4.2. Results of C4.5 Decision Tree Algorithm
In this case, unlike other algorithms, dataset is used
without normalization, in order to make the
interpretation of results easier. The highest accuracy
value, which is obtained from C4.5 Decision Tree
algorithm, is 0.882 among 5-folds and the other
performance evaluation metrics are given in Table 5.
Table 5. Performance Evaluation Metrics for C4.5
Decision Tree Algorithm
Metric

Fold1

Fold2

Fold3

Fold4

Fold5

Mean

Accuracy

0.736 0.809 0.818 0.882 0.791 0.807

Error

0.264 0.191 0.182 0.118 0.209 0.193

Sensitivity

0.860 0.840 0.940 0.820 0.882 0.868

Positive
predictive
value

0.662 0.764 0.734 0.911 0.726 0.759

Specificity

0.633 0.783 0.717 0.933 0.712 0.756

F-measure

0.748 0.800 0.825 0.863 0.796 0.806

Figure 8 shows the tree shape, in other words, the
decisions that belong to cross-validation fold, which
has the best performance. The following three rules are
extracted by using the code seen in Figure 8.

Figure 8. J48 pruned tree that gives the highest
accuracy (Fold=4)
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4.3. Results of Naive Bayes Classifier
Accuracy is obtained to be 0.656 with Naive Bayes
Classifier. In this case, the other performance
evaluation metrics are given in Table 6.
Table 6. Performance Evaluation Metrics for Naive
Bayes Classifier
Metric

Fold1

Fold2

Fold3

Fold4

Fold5

Mean

Accuracy

0.573

0.627

0.700

0.727

0.655

0.656

Error

0.427

0.373

0.300

0.273

0.345

0.344

Sensitivity

0.880

0.800

0.900

0.900

0.863

0.869

Positive
predictive
value

0.518

0.563

0.616

0.643

0.587

0.585

Specificity

0.317

0.483

0.533

0.583

0.475

0.478

F-measure

0.652

0.661

0.732

0.750

0.698

0.699

4.4. Results of ANNs
In this study, multi-layer feed-forward neural networks
with the Backpropagation algorithm are used to classify
fuel tankering. In the input layer, 7 neurons are used,
and in the output layer, 1 neuron is used. Networks are
constructed with one hidden layer. In the hidden layer,
10, 20, 30, 40, and 50 neurons are tested to obtain the
best performance. Sum of Squares Error is used as an
error function and logistic activation function is used as
an activation function in all ANNs analyses. The
highest accuracy value, which is obtained from ANNs
with 7-30-1 ANN architecture, is 0.909 among 5-folds
(Figure 9). The other performance evaluation metrics
are given in Table 7 for the best ANN model.
Table 7. Performance Evaluation Metrics for ANNs
Metric

Fold1

Fold2

Fold3

Fold4

Fold5

Mean

Accuracy

0.782

0.773

0.873

0.909

0.855

0.838

Error

0.218

0.227

0.127

0.091

0.145

0.162

Sensitivity

0.880

0.780

0.920

0.860

0.902

0.868

Positive
predictive
value

0.710

0.736

0.821

0.935

0.807

0.802

Specificity

0.700

0.767

0.833

0.950

0.814

0.813

F-measure

0.786

0.757

0.868

0.896

0.852

0.832

Figure 9. 7-30-1 ANN architecture
In this study, the best performance is obtained with
ANN using the Backpropagation algorithm (highest
accuracy=0.838, lowest error=0.162). C4.5 Decision
Tree algorithm (accuracy=0.807), k-Nearest Neighbors
algorithm (accuracy=0.793) and Naive Bayes
Classifier
(accuracy=0.656)
followed
ANNs,
respectively (Table 8). The mean of the performance
evaluation metrics is considered for the performance
comparison.
The highest sensitivity (0.869), which refers to the
algorithm’s ability to detect tankered flights correctly
that do have actually fuel tankering, is obtained by
using the Naive Bayes Classifier.
The highest positive predictive value (0.802), which
refers to the ratio of predicted flights as tankering
correctly to all predicted tankered flights, is obtained by
using ANNs.
The highest specificity value (0.813) which refers to the
algorithm’s ability to detect not tankered flights
correctly that do not actually apply fuel tankering, is
obtained by using ANNs.
The highest F-measure value (0.832) which is the
harmonic mean of sensitivity and positive predictive
value which may present a more comprehensive
perspective, is obtained by using ANNs.
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Table 8. Overall Performance Evaluation

Metric

C4.5
k-Nearest
Naive
Decision
Neighbors
Bayes
Tree
Algorithm
Classifier
Algorithm

5. DEPLOYMENT

ANNs

Accuracy

0.793

0.807

0.656

0.838

Error

0.207

0.193

0.344

0.162

Sensitivity

0.773

0.868

0.869

0.868

Positive
predictive
value

0.783

0.759

0.585

0.802

Specificity

0.809

0.756

0.487

0.813

F-measure

0.772

0.806

0.699

0.832

An online Shiny application for predicting fuel
tankering is developed with the ANN model that gives
the
best
performance:
https://elifkartal.shinyapps.io/fuelTankering/
Shiny [79], which is defined as a web application
framework for R, is used to create a frame of the
application. Also, shinyapps.io [80] is used to share the
application online. On the left part of Figure 10, the
application is involved with all the predictive attributes
for predicting fuel tankering from the user. Maximum
and minimum numbers are adjusted based on the “fuel
tankering” dataset and are given along with
descriptions of the attributes. After the user clicks the
“Predict !” button, a trained ANN model is triggered
behind the application, and the prediction of the model
is returned.

Figure 10. A screenshot from fuel tankering prediction application – main user interface
6. CONCLUSION
To decide upon fuel tankering in airline industry, linear
programming [22], some mathematical formulas and
inequalities [14, 23, 24] are used so far. However, these
customizable formulas/models reveal different
parameter preferences (such as weather, route, etc.) for
the researchers making calculations, and consequently,
the results to be obtained for fuel tankering may vary.
Also researchers develop certain software [25–27]
which are not open source and decision system behind
the software is not explictly shared. Today, taking the
advantages of artificial intelligence and machine
learning techniques into consideration are very
important in airline industry as well as other sectors
[28–30]. Some researches have already indicated that

these techniques can be applied to different areas in
airline industry [31], [33–36], [38–42]. However, it is
hard to find studies which predict fuel tankering by
using machine learning techniques. For these reasons,
in this study, it is aimed to predict fuel tankering in the
airline industry with machine learning algorithms that
learn from raw data.
According to results of this study, the ANN model with
the Backpropagation algorithm performs better than the
k-Nearest Neighbors algorithm, C4.5 Decision Tree
algorithm, and Naive Bayes Classifier in predicting fuel
tankering status in terms of accuracy, positive
predictive value, specificity, and F-measure.
Several multi-layer feed-forward neural network
models are created with different layer numbers and
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neuron numbers of layers. The best performance is
gathered with the 7-30-1 ANN model. C4.5 Decision
Tree algorithm, k-Nearest Neighbors algorithm, and
Naive Bayes Classifier are following ANN,
respectively. The minimum error that is obtained from
ANN is 0.162. In other words, in case a company uses
the ANN model, only 162 of 1000 flights will be
predicted incorrectly in terms of fuel tankering status.
However, when it comes to sensitivity values, there is
no big gap between Naive Bayes Classifier (0.869),
ANN (0.868) and C4.5 Decision Tree algorithm
(0.868). Besides, although sensitivity values of ANN
and Naive Bayes Classifier are very close, accuracy
decreases from 84% to 66% dramatically.
Accuracy results also indicate that the parameters used
to predict fuel tankering in this study are adequate. For
future studies, the number of parameters can be
increased or decreased to compare the results. A
discussion may be held on which parameter is more
effective for the final decision. Moreover, other
machine learning algorithms such as support vector
machines, logistic regression, etc. can be performed on
the same or different datasets for prediction.
This study approaches the fuel tankering problem from
the classification/prediction aspect. In future studies,
flights can be clustered by using unsupervised learning
algorithms such as the k-means algorithm, fuzzy cmeans algorithm, etc. Besides, future studies can
investigate the regression/estimation aspect of the fuel
tankering problem based on the amount of fuel to be
tankered in flights by using machine learning
algorithms such as the Random Forest Algorithm,
ANNs, etc.
Dataset size is also important in machine learning
studies. The determination of the best performing
model will depend on the dataset used. In this study, the
dataset includes 550 flights. This number can be
increased to generalize the study results and to improve
model performances. On the other hand, this study
includes only two types of aircraft. Therefore, the best
performing model would change when the aircraft
types or other parameters in the dataset changed.
On one hand, destination fuel price (DestFuelPrice)
and departure fuel price (DepFuelPrice) are two nodes
of the C4.5 Decision Tree algorithm. This finding is not
surprising because according to the literature behind
the main idea of fuel tankering, it is explained as the
price differences between departure and arrival
airports. On the other hand, jet fuel prices are constantly
changing. Therefore, it is recommended to update the
dataset while performing analysis for fuel tankering
predictions.
One of the difficulties encountered in this study is the
absence of an open-source code application/software in
which fuel tankering is predicted using machine
learning. Also, it is hard to find a public dataset that can
be used to predict fuel tankering, because it is believed

that the data is related to the financial issues of the
companies. Therefore, it is hard to find similar studies
to compare the results of this study. Multi-disciplinary
collaborations to be implemented between aviation
companies and universities should be encouraged and
promoted.
It is believed that the recommended machine learning
model and the developed online application in this
study are one of the most important examples of the
integration of artificial intelligence with the airline
industry in terms of resource allocation and profitable
transport. Our proposed model is limited with the data
used which is identified as experience, and it is difficult
to make a generalization. However, it can be the source
of inspiration and a good starting point for other
aviation companies to realize the power of the data they
already acquire. Aviation companies may develop their
machine learning model similar to this study by using
their raw data and can integrate them to their existing
flight planning system to predict fuel tankering.
Additional predictive attributes can be used to improve
their machine learning models. Also, this study will
provide a different and rather an alternative insight to
the fuel tankering calculations that are used by aviation
companies. They can explore valuable information
among their raw data to for the purpose of profiting
from the added value for on behalf of the company
benefit.
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