N

N ok w

10
11
12
13
14

15
16
17

18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40

41
42
43
44
45
46
47
48
49
50
51
52
53
54

https://doi.org/10.1016/j.tre.2019.10.005

A Novel Self-Organizing Constructive Neural Network for Estimating Aircraft
Trip Fuel Consumption

Wagar Ahmed Khan?, Sai-Ho Chung®, Hoi-Lam Ma®, Shi Qiang Liu¢, Ching Yuen Chan?

aDepartment of Industrial and Systems Engineering, The Hong Kong Polytechnic University, Hong Kong
bDepartment of Supply Chain and Information Management, The Hang Seng University of Hong Kong, Hong Kong
¢School of Economics and Management, The Fuzhou University, China

*Corresponding Author: nick.sh.chung@polyu.edu.hk (Sai-Ho Chung)

Abstract- Accurate estimation of aircraft fuel consumption is critical for airlines in terms of safety and profitability. In current practice,
estimation of fuel consumption for a flight trip is usually done by engineering approaches, which mainly consider physical factors, e.g.,
planned weather and planned cruise level. However, the actual performance of a flight usually deviates from such estimation. Therefore,
we propose a novel self-organizing constructive neural network (CNN) that features a cascade architecture and analytically determines
connection weights to estimate the trip fuel of a flight. The proposed method generates non-redundant and linearly independent hidden
units by an orthogonal linear transformation of operational parameters to achieve the best least-squares solution. Our findings provide
insights for the aviation industry in controlling airlines’ excess fuel consumption.

Keywords: aircraft fuel estimation; engineering approach; high dimensional data; machine learning; neural network.

1. Introduction

The calculation of the amount of trip fuel is essential for an aircraft to safely reach the destination. Consequently, it receives much attention
in the aviation sector. Controlling excess fuel consumption has become one of the major concerns for airline operating organizations given
that it contributes to increasing operating expenses (Sheng et al., 2019). Globally, during the last decade, fuel cost accounts for an average
contribution of 28.2% of the total operating cost among various airline operating expenses. Therefore, it is critical to design methodologies
for accurately planning the trip fuel required for each flight (IATA, 2019). The required quantity of trip fuel loaded in an aircraft depends
on many operational parameters and estimation methods. Loading suboptimal trip fuel may result in the utilisation of fuel from the
supplementary reservoir, whereas abundant trip fuel may increase the ramp weight. Both situations are undesirable for smooth operation
of an airline. Utilising supplementary reservoir fuels, which are reserved to meet unexpected flight conditions such as bad weather,
alternative airport divergence, airport congestion, and hold-on, may create uncertainty for the flight crew. Conversely, loading abundant
fuel may ensure a safe journey but with an additional cost in terms of excess fuel consumption and early aircraft maintenance. In both
scenarios, the actual trip fuel consumed during each flight significantly deviates from the estimated trip fuel. Fuel deviation, defined as the
difference between the actual trip fuel consumed during a flight and the trip fuel estimated before that flight, may take either negative or
positive values corresponding to underestimation or overestimation, respectively. A low confidence in estimation methods and the need to
meet unforeseen flight issues require adding an extra amount of fuel in the discrepancy — rather than contingency or final emergency —
reservoir based on experience. This makes the situation worse for airlines. First, it increases the total weight of the aircraft, requiring more
thrust to balance weight and drag in combination with other atmospheric and physical factors (Irrgang et al., 2015). Taking more fuel
onboard not only increases the weight of an aircraft but also affects the performance of its engines in the long run by burning more fuel per
unit distance. This ultimately shortens the lifetime of engines, which need more frequent maintenance than planned (Abdelghany et al.,
2005). Moreover, an aircraft may require more fuel to burn than a brand-new one and the pilots may be unaware of the actual amount of
wear (deterioration) in the aircraft or may not know how the wear is calculated by particular estimation methods. As a result, the pilots will
demand more fuel as a buffer in the discrepancy reservoir of the aircraft (Irrgang et al., 2015). Therefore, the objective of reaching the
destination with the smallest possible amount of fuel left in the trip tank or utilised from the supplementary tank constitutes a challenging
task to accomplish.

Excess fuel consumption is disadvantageous for airlines both economically and environmentally. Economically, because the increasing
trend of fuel prices and a low confidence in estimation methods may lead to more costs for airline operating organizations to ensure smooth
operations while meeting the growing need of passengers and cargo. Fig. 1 shows the trend of increasing jet fuel prices. In 2019, the
forecast has been that fuel prices will increase by 31.18% as compared to those in 2015 (IATA, 2019). This forces airlines to adopt risk
management strategies such as fuel hedging and fuel ferrying, which may not be useful in many cases (Merkert and Swidan, 2019; Sibdari
et al., 2018). Fuel hedging and fuel ferrying are certainly good strategies, but they become expensive when fuel prices fall — fuel hedging
— and because of the high aircraft maintenance cost associated with loading excess fuel from inexpensive stations — fuel ferrying. Figs. 2
and 3 show data on traveling passengers and cargo movement in the airline sector over the past decade. The demand, in terms of revenue
passenger kilometres (RPKSs), has increased 7.4% in 2018 as compared to 2017. The cargo demand, in terms of freight tonne kilometres
(FTKSs), has risen to its highest level in the last ten years with a growth rate of 9.7% in 2017 as compared to the level in 2016, which is
more than double the 3.6% growth rate in 2016. Indeed, the growth rate has further increased 3.4% in 2018 as compared to the level in
2017 (IATA, 2019). Environmentally, higher fuel consumption causes ozone depletion by more emission of carbon dioxide (CO2) and
greenhouse gases (GHG) (Pagoni and Psaraki-Kalouptsidi, 2017; Seufert et al., 2017). Fig. 4 shows the trend of fuel consumption and
carbon dioxide emission. Actually, International Air Transport Association (IATA) stresses to avoid ozone depletion by joint efforts to
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reduce COz emissions by 50% by 2050 with respect to 2005. In the future, international authorities are planning to make it compulsory for
airlines to certify their aircrafts based on size and weight, according to COz certification standards (IATA, 2018). The increasing awareness
for environmental protection by international authorities in conjunction with growing fuel prices and boosting demand from tourism are
encouraging airline operating companies to adopt competitive strategies in fuel management to control excess fuel consumption for long-
term sustainability.

Early efforts to estimate fuel for each flight made use of mathematical formulations derived from energy balance expressions. The most
popular of them were the Simmod simulation program, developed from the so-called advanced fuel burn model (AFBM) (Collins, 1982)
by the Federal Aviation Administration (FAA) (Baklacioglu, 2016), and the base of aircraft data (BADA) developed by the European
Organization for the Safety of Air Navigation (Eurocontrol) (Nuic, 2014). The energy balance of the aircraft is maintained by balancing
the energy loss (drag) and gain (thrust) through control of fuel consumption. Senzig et al. (2009) highlighted that BADA is an effective
method that works better for cruise phase; however, it losses accuracy for terminal areas such as takeoff and descent. Besides, 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 their applicability (Pagoni and Psaraki-Kalouptsidi, 2017; Trani and Wing-Ho, 1997; Yanto
and Liem, 2018). For the sake of simplicity, the methods based on mathematical formulations of energy balance are named as engineering
approaches (EAs) in our study. To provide an alternative and simplify the EA-based fuel estimation methods, the application of a fixed-
typology backpropagation neural network (BPNN) was suggested in the literature. Schilling (1997), Trani et al. (2004), and Baklacioglu
(2016) proposed fuel estimation models based on such BPNN method. The main limitation of previous works on the application of a BPNN
for fuel estimation is that they only covered a small number of aircraft types with limited flight data. The reasons for this may be the weak
generalization performance and slow convergence drawbacks of a BPNN based on trial-and-error approaches to select optimal
hyperparameters (Kapanova et al., 2018). The generalization performance is inadequate because it converges at a local minimum if the
global minimum is far away. Concerning convergence (learning speed), it becomes slow if the learning rate is small and unstable when the
learning rate is large. In addition, the need for iterative tuning of the connection weights gives rise to a time-consuming algorithm (Huang
et al., 2006b). The traditional BPNN is based on a fixed topology. The selection of a suitable combination of hidden units and hidden
layers along with other global and local hyperparameters make this approach more dependent on expert involvement. This fact may make
it intractable to solve.

To overcome the above limitation of BPNNs and its implication on trip fuel estimation, we propose a self-organising constructive neural
network (CNN) featuring a cascade topology and capable of analytically calculating connection weight coefficients to achieve better
generalization performance and faster learning speed. The purpose is to eliminate the need for a trial-and-error approach and reduce the
number of hyperparameter adjustments and expert involvement. We consider that insufficient attempts have been reported in the literature
concerning estimates of trip fuel using CNNs along with high-dimensional data for the entire trip flight phases collectively. Previously, the
entire trip was divided into different flight phases, namely takeoff, climb, cruise, descent, and approach, to propose a fuel estimation model
with limited flight data restricted to a small number of aircrafts or generated by a simulation planner. In our study, we analyse high-
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dimensional data associated with 107 wide-body aircrafts — Airbus A330-300 (31 aircrafts) and Boeing 747-400 (9 aircrafts)/747-800 (14
aircrafts)/777-300 (53 aircrafts) — that operated a total of 19,117 real international passenger and cargo flights in eight sectors over two
years. A comparative study of the proposed CNN was performed with an existing airline engineering approach (AEA) and a BPNN. The
numerical results demonstrate that the trip fuel estimation by the proposed CNN achieves better results while requiring the shortest time
compared to AEA and BPNN. The proposed CNN also exhibits an average improvement of 45.71% and 25.71% for a combined eight-
sector model, and 67.93% and 10.15% for a sector-wise individual model, compared to AEA and BPNN, respectively. The significant
improvement in trip fuel estimation creates greater confidence in the proposed CNN given that it may eliminate the need for adding more
fuel based solely on experience.

The rest of this paper is structured as follows. Section 2 presents a literature review. Section 3 describes the trip fuel estimation model.
Section 4 explains the existing BPNN and shows its limitation in comparison with the proposed CNN. Section 5 discusses experimental
work and Section 6 concludes our study.

2. Literature Review

The trip fuel containing a maximum portion of fuel weight must be considered for improvement. A small improvement in fuel estimation
can bring significant savings in fuel consumption and substantial cost benefit (Jensen et al., 2013). Irrgang et al. (2015) concluded from
their work on aircraft fuel optimisation analytics that the optimal amount of fuel should be accurately determined, resulting in the minimum
amount of fuel remaining at the destination airport. Taking extra fuel increases the weight of the aircraft, what results in more fuel
consumption than required. Turgut et al. (2014) worked on the fuel flow during the cruise phase. They suggested that reducing the aircraft
weight by 1 tonne, increasing the flying altitude by 100 ft and reducing the cruise speed by 1 knot may result in a reduction of per-hour
fuel consumption of 15-21 kg, 26-28 kg, and 7.7-8.7 kg, respectively. Taking more fuel increases the weight of the aircraft, and in
consequence, more fuel is consumed with higher maintenance cost (Abdelghany et al., 2005). Therefore, more efficient and effective
methods are needed to make the estimation models applicable (Choi et al., 2016).

2.1. Engineering approaches (EAs)-based fuel estimation

Early attempts made use of engineering approaches (EAs) to estimate the fuel for aircrafts. EAs are based on extensive mathematical
formulations and are derived from the basic concept of energy balance. They assume static constants of aircraft performance and a dynamic
input of the path profile. The energy balance can be expressed in terms of the energy the aircraft gains and losses as it travels along the
prescribed path profile. During each flight operation, as a result of the change in kinetic and potential energies, the aircraft suffers energy
losses because of drag. These losses are adjusted by a certain amount of thrust to maintain the energy balance. Thus, an aircraft can be
viewed as a system undergoing energy losses and gains that should be continuously balanced by consumption of fuel energy. Collins (1982)
derived an algorithm for fuel estimation based on such energy balance approach by considering the description of aircraft configuration,
weight, and path profile. The path profile depends on a change in true airspeed, altitude, and flight time. Collins (1982) explained that
various aircraft-specific constants need to be determined for each aircraft to define the relationship between drag and lift/weight coefficients
and to define the relationship between fuel consumption and energy gain from the thrust as a function of velocity and altitude. Experimental
work demonstrated that the algorithm could result in saving more than two million US gallons of fuel annually. The accuracy check of the
algorithm with Eastern Airlines demonstrated its effectiveness with a difference of less than 3%. This algorithm, known as AFBM, was
developed by the Mitre corporation under the FAA and was incorporated in their simulation software Simmod to predict the fuel
consumption for each flight (Baklacioglu, 2016; Schilling, 1997). Similarly, BADA, developed by Eurocontrol (Nuic, 2014), is another
engineering-based fuel estimation method that estimates thrust-specific fuel consumption (TSFC) as a function of true airspeed. The fuel
for different phases and engine types (Jet, Turbo, and Piston) can be calculated from coefficients defined for each aircraft type in operational
performance files (OPF) of BADA. The BADA database holds a set of files explaining the performance and operating procedure coefficient
of many different types of aircrafts. The coefficients are used to calculate drag, thrust, and fuel flow. As a result, climb, nominal cruise,
and descent speeds for the targeted aircraft are provided. The mathematical formulations used to calculate fuel flow for EA (Simmod and
BADA) models are presented in Appendix A.

The AFBM Simmod model is based on various parameters to estimate fuel flow. The parameters include engine constants, airspeed, aircraft
mass, atmospheric density, extra thrust needed for ascending, and wing area (Huang et al., 2017). Trani and Wing-Ho (1997) argued that
the information needed to determine fuel flow is not always available in a real scenario and a great deal of flight testing is needed to
generate the parameter data, what may make the Simmod method expensive. The Simmod method has certainly improved the measurement
of airline fuel efficiency (Baklacioglu, 2016; Schilling, 1997; Senzig et al., 2009; Trani et al., 2004). However, Senzig et al. (2009) reported
that BADA is an effective method that has gained much more popularity than Simmod. Indeed, BADA can estimate fuel consumption with
an average deviation of 3% during the cruise phase. For the terminal areas, such as takeoff and descent, BADA losses accuracy. An average
difference of -22.3% was observed between the BADA model and the fuel consumption reported by an airline during the takeoff phase.
Moreover, according to recent studies, aircraft fuel estimation may not be accurate in EA methods (Simmod and BADA) owing to outdated
existing databases and the unavailability of data for all types of aircrafts and engines (Yanto and Liem, 2018). The unavailability of data
may result in the usage of more global parameters with default values rather than local parameters, what in turn may lead to inaccurate
results (Pagoni and Psaraki-Kalouptsidi, 2017). Complex mathematical computation, high testing and consultation cost, expert
involvement, and estimation errors, which may become worse in certain conditions, limit EA applicability.

2.2. BPNN-based fuel estimation
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In the literature, many efforts have been made to simplify EA-based fuel estimation methods with respect to BPNNSs. In this study, although
BPNNSs are certainly one of the EAs, we assume only Collin’s approach and BADA as EAs. Schilling (1997) proposed to estimate aircraft
fuel by a BPNN in conjunction with the AFBM energy balance theory to simplify the computational capability and improve the estimation
accuracy of the AFBM. The engine-specific constant in AFBM was determined by multivariate regression with an average accuracy error
of 4% (Schilling, 1997). Their proposed aircraft fuel consumption model (AFCM) comprises two systems: 1) initial fuel estimation by
AFBM; and 2) information generated by AFBM such as altitude, velocity, and fuel estimated to map into the BPNN. Two inputs with 600
flight instances were trained and a network with 2 layers and 7 hidden units in each layer was selected through a trial-and-error approach
among six candidate BPNNs. The employed various activation function with a backpropagation Levenberg-Marquardt (LM) learning
algorithm. Boeings 747-100 and 767-200, Bombardier Dash-7, DC 10-30, and Jetstar were aircrafts used for performance comparison.
Schilling (1997) demonstrated that AFCM achieved better results compared to AFBM. AFCM was modelled based on low-level input
variables such as altitude and velocity with the future recommendation of incorporating more operational parameters.

Trani and Wing-Ho (1997) pointed out that EAs are challenging to implement because of the information required to define the constants
and to determine the coefficients demands a great effort in addition to testing and expertise. These disadvantages are the main constraints
for their expansion. Trani et al. (2004) proposed a BPNN as an alternative approach for fuel estimation during the climb, cruise, and descent
phases of a flight. Eight different sizes of BPNN candidate networks for fuel estimation were constructed according to four operational
parameters, namely Mach number, weight, temperature, and altitude, covering the cruise phase in a dataset comprising 1,610 flight
instances performed by Fokker F-100 aircrafts. They suggested that a BPNN trained by LM with three layers is the best approach for fuel
estimation with eight hidden units in the first two layers each and one unit in the output layer. The employed various activation function
with maximum stopping training epochs of 10,000. The BPNN was trained for the cruise phase with a target vector of a specific air range
rather than consumed fuel. The trained BPNN model of the cruise phase was also implemented for the climb and descent flight phases.
Actually, the climb and descent phases consisted of a fuel burn output vector. This implies that this research work is more focused on
engine performance over distance travelled during the cruise phase. The work does not clearly distinguish the estimation in different flight
phases because the specific air range is defined as the distance covered per unit of consumed fuel (Nautical Miles/ Kilogram or NM/kg),
whereas fuel burn may be related to fuel consumption (kg) during flight. There exist many similarities between the suggestions of
(Schilling, 1997) and (Trani et al., 2004) concerning BPNNs. These similarities are based on the same assumptions, involving trial-and-
error approaches to find hidden units for two hidden layers along with different activation functions.

Baklacioglu (2016) improved the work reported in (Trani et al., 2004) and proposed a so-called genetic algorithm optimised neural network
(GA-NN) to determine the network hyperparameters and number of hidden layers to achieve the best model with less effort. Such network
considered two input operational parameters, i.e., altitude and airspeed, as a function of fuel flow rate, with a dataset composed of 347,
404, and 483 flight instances for the climb, cruise, and descent phases, respectively. The targeted aircraft was a medium-weight Boeing
737-800. The work indicated that GA-NNs with one hidden layer are better than those with two hidden layers and achieve improved results
for the climb and descent phases compared to a previous suggested model (Trani et al., 2004).

The application of neural networks (NNs) is gaining much popularity in the airline sector to improve its various operations and enhance
services. For instance, Lin and Vlachos (2018) proposed an analytical framework, known as “Importance-Performance-Impact-Analysis”,
to improve customer satisfaction from airlines by incorporating techniques such as BPNNs, decision-making trail, and evaluation
laboratory. Cui and Li (2017) studied airline efficiency measures under “Carbon Neutral Growth from 2020” and used a BPNN to predict
the CO2 emission volume for an individual airline. Khanmohammadi et al. (2016) studied the issue of nominal variables in data and
proposed to use a multilevel input layer BPNN to predict incoming flight delays for the John F. Kennedy (JFK) International Airport in
New York. The list of applications of neural networks in the airline domain is long, thereby motivating to apply NN-based machine learning
methods to study fuel estimation for flight trips.

2.3. Estimation methods other than NN-based machine learning methodologies

Apart from NN machine learning methodologies, researchers have also developed models to achieve a better fuel estimation. Turgut and
Rosen (2012) proposed a genetic algorithm fuel consumption model for commercial flights in a Boeing B737-800 by studying the
relationship between altitude and fuel flow during four different descents within the descent flight phase. This model suggests avoiding
low-level flight and maintaining higher altitude if possible during the descent phase for greater fuel saving. When a delay condition occurs,
aircraft holding at a higher altitude could save substantial fuel rather than holding the flight at a lower altitude. The results demonstrate
that performing low-level flights at an altitude 1000 ft higher could substantially decrease fuel consumption. Chati and Balakrishnan (2017)
studied the impact of takeoff weight (TOW) on aircraft fuel consumption and proposed a Gaussian process regression (GPR) statistical
approach to determine TOW using observed data from takeoff round roll. The estimated TOW model was used as an input to study its
effect on fuel consumption during ascent. In particular, GPR-estimated TOW was averaged over eight different types of aircraft for 874
flight instances. The predicted TOW was used as an input feature to estimate the fuel flow rate during the ascent phase. Ryerson et al.
(2011) studied the impact of three performance metrics, namely schedule padding, airborne delay, and departure delay, on two aircrafts —
Boeing 757-200 and 737-800 —on fuel consumption. They found that airborne delays burn 50-60 Ibs/minute of fuel compared with schedule
padding, which is 4.5-12 lbs/minute, and a departure delay, which is 2.3-4.6 Ibs/minute. Additionally, a congested airport terminal area
increases fuel consumption by 16%. Improvement in performance measurements by eliminating the above three delays by econometric
methods can reduce airborne fuel consumption.

2.4. EA and BPNN limitations



200
201
202
203
204
205
206
207
208
209
210
211
212

213

214
215
216
217
218
219
220
221
222

223
224
225
226
227
228
229
230
231

232
233
234
235
236
237
238
239
240
241
242
243

244

245
246
247
248

249
250
251
252
253
254

We limit the scope of our study to EAs and BPNNs. EAs are disadvantageous in that they require a lot of effort to perform flight testing,
and they involve expertise for complex mathematical formulation as well as cost to determine coefficients. All these aspects make EAs
difficult to implement (Pagoni and Psaraki-Kalouptsidi, 2017; Senzig et al., 2009; Yanto and Liem, 2018). The efforts based on BPNNs to
provide an alternative for EAs can be considered as an improvement; however, existing research works are restricted to trial-and-error
approaches to determine the optimal hyperparameters, the number of hidden units and layers, and the activation functions. The major
drawbacks of the fixed topology of BPNNs are that it involves iterative tuning of connection weights. This tuning may converge at local
minima when global minima are far away. As a result, learning becomes slow when the learning rate is low and unstable when the learning
rate is high (Huang et al., 2006b). Other issues include local and global hyperparameter adjustment and decision, for instance, setting the
learning rate, connection weights, hidden units, hidden layer, and gradient learning algorithm. Too many hyperparameters and their
adjustment with iterative tuning influence between each other make the network complex, which leads to the problem known as weak
generalization performance and slow convergence (Huang et al., 2006a; Kapanova et al., 2018; Krogh and Hertz, 1992; Liew et al., 2016;
Srivastava et al., 2014). The aforementioned drawbacks need to be resolved in a more innovative way to get an accurate trip fuel estimation
for each flight with less expertise requirement and faster learning speed.

2.5. Innovation and contribution

Early attempts to estimate the trip fuel by EAs have gained popularity. However, the successful wide use of machine learning in many
applications has changed the interest of the airlines operating organisation. The unavailability of data related to local parameters, complex
mathematical formulations, and expertise involvement limit the applicability of EAs. The application of BPNNs as an alternative to EAs
constitutes an attempt to overcome the above limitations with improved results. However, the existing BPNN-based fuel estimation models
only cover a small number of aircraft types with limited flight data. The possible reasons are the random generation and iteratively tuning
of the connection weights on both sides of BPNNs by gradient-based learning algorithms. This may create a complex co-adaptation by
generating redundant hidden units, thereby contributing less to error convergence. The adjustment of local and global hyperparameters
with the connection weights may require many experimental trials to obtain an optimal fixed-topology network. These problems increase
the expertise requirement as well as cause weak generalization performance and slow convergence.

The application of traditional machine learning NNs for airline trip fuel estimation is not straightforward. Extensive knowledge is required
to fit the algorithm to the model. The varying nature of airlines input parameters and the high dimensionality of data might be challenging
for traditional BPNNs to accurately estimate the trip fuel with the aforementioned limitations. The same problem has been observed in our
experimental work (discussed in Section 5). Similarly, in the current literature, the application of fixed-topology BPNNs for fuel estimation
is limited in scope by considering a few aircraft types, flight data, and operational parameters. This means that the application of machine
learning NNs on the varying nature of operational parameters and the high dimensionality of data are still an open area. To overcome the
limitations of BPNNS, this study proposes a CNN featuring a self-organising cascading architecture and capable of analytically calculating
connection weights. These characteristics generate linearly independent (non-redundant) hidden units having capability of maximum error
reduction. The proposed CNN thus achieves a better generalization performance and converges significantly faster than traditional BPNNS.

The application of the proposed CNN with varying operational parameters and high-dimensional data for airlines trip fuel estimation can
bring a breakthrough improvement compared to existing fuel estimation methods. Unlike EAs, the advantages of the proposed CNN are
that it requires neither the involvement and consultation of an expert for a complex mathematical formulation nor the cost to determine the
coefficients. In addition, it can work with any type of available data. Compared to BPNNs, the proposed CNN avoids the fixed-topology
trail-and-error experimental works with too much adjustment of hyperparameters and iterative tuning of the connection weights. These
advantages simplify the implementation on high-dimensional data with the objective of achieving better trip fuel estimation with fast
convergence. A comparative study has been performed among the proposed self-organising CNN, AEA, and a BPNN to estimate airline
trip fuel. To make the study more valuable, the comparison is not limited to high-dimensional data and its varying operational parameters
(referred to as combined model in Section 5.3(a)). We also include the portion of data resulting from dividing high-dimensional data into
a small dataset representing the same behaviour within operational parameters (referred to as individual models in Section 5.3(b)). The
significant improvement in trip fuel estimation and the learning speed in both models (combined model and individual models) increase
the confidence in that the proposed CNN may eliminate the need of adding more fuel based solely on experience.

3. Trip Fuel Estimation Model

In this study, we work on a dataset obtained from an international airline operating in Hong Kong. Currently, it experiences the usual
problem of excess fuel consumption that increases its fuel expenses. Before each flight operation, the flight plan is prepared such that it
contains details about the amount of fuel to be loaded in the tank reservoirs. Fig. 5 shows the various amounts of takeoff fuel (tof") needed
for flight trips with fuel deviation, including

tof = f(taxi, trip fuel, contingency, extra, discrepancy, alternate, final reserve) 1)

1) Taxi Fuel: Amount of fuel needed to operate an auxiliary power unit, start the engine, and cover the ground distance before
starting the takeoff.

2)  Trip Fuel: Amount of fuel needed for normal flight operation from the takeoff at the departure airport to landing at the arrival
airport.

3) Contingency Fuel: Additional fuel loaded to meet holding and insufficient block fuel.

4) Extra Fuel: Additional fuel loaded to manage bad weather conditions and/or airport congestion.
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5) Discrepancy Fuel: Additional fuel loaded according to experience to meet unforeseen conditions and/or account for aircraft
deterioration.

6) Alternate Fuel: Additional fuel loaded to fly to an alternate airport if required.

7) Final Reserve Fuel: Last emergency reservoir to handle any uncertain situation.

To achieve the objectives of better fuel estimation with less expertise requirement and faster learning speed, our study focuses on analysing
high-dimensional data (Choi et al., 2018; Chung et al., 2015). These high-dimensional data were provided by the airline and contain details
about historical real flights operated from April 2015 to March 2017. The useful operational parameters are extracted from data that
contributes to fuel consumption. The extracted data are applied to estimate the trip fuel before each flight and compare it with actual
consumed fuel to measure fuel deviation in absolute percentage error. The comparative study is performed among existing AEA, a BPNN,
and the proposed CNN (discussed in Section 4.2). These methods are used to estimate fuel for each flight. The one leading to a lesser fuel
deviation is considered for its effectiveness.

During each flight operation, the aircraft generates a considerable amount of high-dimensional data with many operational parameters.
Selection of relevant operational parameters plays an important role in model performance (Guo et al., 2018). Instead of putting all the
operational parameters from the collected data into algorithms, a correlation analysis was performed among operational parameters and
the consumed fuel to identify and select the most relevant operational parameters that significantly contribute to fuel consumption. Table
1 shows the selected operational parameters in such conditions. The runway direction is only a categorical variable included because it also
influences fuel consumption. Statistical work shows that takeoff from a runway that is opposite in direction to the destination consumes
more fuel because of the loop the aircraft must perform to face towards the destination airport.

From the selected operational parameters, we consider the fuel consumption for each flight in the form
Y = f(X) 2
Y = f(t,m,w, temp®, temp9, K'Y, h'2, h13, k', h!5, d, per f ¢, mac? ™, mact*", mac'®, v, rwy). 3

The objective function is

RMSE = 4
or
AP - 100%5: 7. -V, :
=T . Y, (5)
=1
such that
Y=(@XW+b)B+e (6)
= 7
0@ =1,= 7
where

Y= Output target variable representing actual consumed fuel after flight operation in Kilogram (Kg)
X = Input variables with m-rows representing flight instances and n-columns representing operational parameters
t = Flight time duration from takeoff to landing in minutes (min)

m = Ramp weight including aircraft, passengers, crew, and usable and unusable fuel weight in Kilogram (Kg)

Fuel Estimation Fuel Consumed
before Flight after Flight
Taxi Taxi
Estimated Flight Actual Flight Trip
(ETF) Trip Fuel (ATF) fuel
consumed
Fuel Overestimated (ETF>ATF) L.
- i Fuel Deviation
Contingency Fuel Underestimated (ETF<ATF)
Extra
Discrepancy .
Alternate Fuel remaining
Final Reserve

Fig. 5. Fuel estimation before flight and consumption after the flight
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Table 1
Correlation analysis of selected operational parameters with trip fuel consumption

gsg;té‘t’:ﬂ SRUS! SR? SRH, SRY,, SRY, SRUS? SRUK SR% Al Sectors

¢ 0.364 0.863 0.735 0.940 0.645 0.782 0524 0.046 0.766

m 0.897 0.681 0.536 0.850 0.825 0.713 0.812 0.888 0.783

w -0.379 -0.876 -0.741 -0.922 -0.726 -0.712 -0.616 -0.226 -0.295
temp® -0.585 0.770 0.454 0.548 0.015 -0.416 0.157 0.131 0.021
temp? -0.081 0.802 0.283 0.455 -0.053 -0.293 0173 0.641 -0.059
hl1 -0.833 -0.596 -0.551 -0.222 -0.570 -0.448 -0.111 -0.541 0577
hi2 -0.812 -0.506 -0.604 -0.177 -0.305 -0.451 -0.412 -0.584 -0.687
h13 -0.589 0.056 -0.080 -0.041 -0.331 -0.457 -0.382 -0.506 -0.368
hit -0.141 0.331 0.114 0.112 -0.293 -0.287 -0.171 -0.052 0.151
hiS -0.089 0.261 0.041 -0.152 0.071 -0.012 0.086 0.175 0.178

d 0.046 0.456 0.176 -0.279 0111 0.180 0.098 0.073 0.687
perfe -0.144 -0.014 -0.227 0.138 -0.131 -0.250 -0.047 -0.211 -0.317
mac®™ -0.047 -0.025 0.046 0.043 -0.033 0.067 -0.067 -0.468 -0.047
mactow -0.469 -0.190 -0.436 -0.309 -0.240 -0.375 -0.268 -0.538 -0.344
mac'a¥ -0.029 0.205 0.056 0.042 -0.031 0.065 -0.066 -0.404 -0.118
v 0.155 -0.012 -0.165 -0.220 0.045 0.107 -0.099 0.105 0.422

w= Wind speed (a negative value means headwind whereas a positive value means tailwind) in Knots (kt)
temp®= Temperature deviation at air in degree Celsius (°C)

temp9= Temperature deviation at ground in degree Celsius (°C)

h'*= Cruise altitude level 1 in hectofeet (hft)

h'2= Cruise altitude level 2 in hectofeet (hft)

h'3= Cruise altitude level 3 in hectofeet (hft)

h'= Cruise altitude level 4 in hectofeet (hft)

h'5= Cruise altitude level 5 in hectofeet (hft)

d= Travel distance in nautical miles (NM)

perf %= Performance of aircraft engine (% compared to a new model aircraft)

mac? ™= Mean aerodynamic chord at zero fuel weight (%)

mact®¥= Mean aerodynamic chord at takeoff weight (%)

mac'®”= Mean aerodynamic chord at landing weight (%)

v= Speed of aircraft in cost index (CI)

rwy = Runway direction (a number between 01 and 36, which is generally the magnetic azimuth of the runway's heading in decadegrees)
Y = Fuel estimated for flight in Kilogram (Kg)

W = Input connection weights connecting input units (operational parameters) to hidden units
b = Bias for hidden units (+1 value)

B = Output connection weight connecting hidden units to the output unit (fuel estimation)

@ = Nonlinear sigmoid activation function

e = Predefined target error

RMSE = Root mean square error between estimated fuel and actual consumed fuel (Kg)
MAPE = Mean absolute percent error between estimated fuel and actual consumed fuel (%)

SRYST= Sector route from departure airport-one at the United States of America and arrival airport at Hong Kong
SRP= Sector route from departure airport at Dubai and arrival airport at Hong Kong

SRH,= Sector route from departure airport at Hong Kong and arrival airport-one at the United States of America
SRH,,= Sector route from departure airport at Hong Kong and arrival airport-two at the United States of America

SRH = Sector route from departure airport at Hong Kong and arrival airport at the United Kingdom



310
311
312

313
314
315
316
317
318
319
320
321

322

323
324
325
326
327

328

329
330
331
332
333
334
335
336
337
338

339

340

SRYS2= Sector route from departure airport-two at United States of America and arrival airport at Hong Kong
SRY¥ = Sector route from departure airport at the United Kingdom and arrival airport at Hong Kong
SR{i= Sector route from departure airport at Australia and arrival airport at Hong Kong

The objective functions (4) or (5) correspond to fuel deviation and their purpose is to achieve the smallest deviation by estimating a value
of ¥ that approximately represents Y. The RMSE objective function (4) measures the performance of the estimation method by determining
the difference between the estimated ¥ and the actual consumed Y. The measurement scale is identical to that of ¥. The RMSE tends to
give more importance to a higher deviation by computing its square error. Actually, this is a more useful metric for comparison given that
a higher deviation is undesirable. The MAPE objective function (5) measures the performance in percentage accuracy by determining the
absolute difference between the estimated ¥ and actual consumed Y. The percentage accuracy helps to make a more informed decision by
comparing the deviation of the estimation methods on an absolute scale. In the NN, the value of ¥, as shown in Equation (6), can be
estimated by determining coefficients of connection weights W and . Hidden units can be generated in-between connection weights by
using a nonlinear sigmoid activation function @ , as shown in Equation (7), to truly approximate ¥ from the complex nonlinear X.

4. Solution Approach

Feedforward NNs following the universal approximation theorem may map any complex nonlinear function more accurately compared to
other statistical parametric methods (Ferrari and Stengel, 2005; Hornik et al., 1989; Kumar et al., 1995). The rapidly growing interest in
NNs (Au et al., 2008; Lin and Vlachos, 2018; Ruiz-Aguilar et al., 2014), and particularly in CNNs (Chung et al., 2017), motivates the study
of their application to the airline sector. CNNs are considered to be more powerful compared to standard fixed NNs (Hunter et al., 2012;
Wilamowski et al., 2008). Next, we briefly explain the existing fixed-topology BPNN and its limitations, followed by the proposed CNN.

4.1. BPNN algorithm and its limitations

A BPNN is defined as a network that does not form a cycle. All the connection signals exist from the input unit X to the output unit ¥ only
in forward direction. Note that X and ¥ are connected through a number of hidden units H by a series of connection weights without any
cycle or loop (Hecht-Nielsen, 1989). Fig. 6 illustrates a simple BPNN with three layers. The number of hidden units and layers in the
BPNN determines its topology structure. A BPNN with one hidden layer is known as shallow type, whereas a BPNN featuring more than
one hidden layer is known as deep type (Bianchini and Scarselli, 2014; LeCun et al., 2015). The weights W connecting X to H are known
as input connection weights whereas the weights B connecting H to Y are known as output connection weights. A BPNN is initialised by
randomly defined hyperparameters, for instance, learning rate, connection weights, hidden units, and hidden layers. Training a model
involves two steps, i.e., forward propagation and backward propagation. In the forward propagation step, the output ¥ is estimated by
taking @ from the product of H and B. Suppose X be mxn, ¥ be mxq, H be mxp, W be nxp, and B be pxq matrices. The estimation of
output ¥ can be expressed as

Y = ¢(HB) ®)
where

H = 0(XW +b). 9)

The objective function is the sum-of-squares error (SSE)

O Input connection weights iterative tuning by
backpropagation

A Qutput connection weights iterative tuning by Output
backpropagation Unit

Hidden Layer 1 with
four hidden units

4 A A A
Input
Units
O H—H—h— >
C Mt th m a
- = =] = =] - »
C ol = = B - o B 1 ] »
b o |® = |® = - >
+1 n nl il [

Tl | == N == R = »

Fig. 6. A simple illustration of a BPNN architecture with four hidden units initialized in the hidden layer (shallow-type structure)
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SSE=E=ym,(7,-v,)" (10)

If E < e, where e is the predefined target error, the algorithm stops. Otherwise, a backpropagation (BP) iterative learning algorithm is
applied in the backward propagation step to train the model. The BP learning algorithm works on either first-order or second-order gradient
information. In its simplest form, for a first-order derivative, the gradient error E with respect to the connection weights can be calculated
by the chain rule:

J0E _ OE Odout;dnet;
dB;  0dout; dnet; 9B,

(11)

where :—; is a partial derivative of error with respect to B for iteration i, out; is the activation output, and net; is the weighted sum of the
inputs of H.

Thus, for updating the output connection weight B;,, we have

OF
1= Bi—1 (12)
0B
Similarly, for updating the input connection weight W, 1, we apply
0E
Wi = Wi—nopr (13)
L

A similar procedure is followed for second-order derivative learning algorithms. The updated new connection weights are forward
propagated and E is recalculated. The connection weights are trained after each iteration to obtain a minimum gradient error. When E
converges or starts increasing, the algorithm is stopped.

The major drawbacks of BPNNs limiting their applicability are their weak generalization performance and learning speed. The
generalization performance is weak in the sense that it may stop at local minima of the function if global minima are far away. The learning
speed (also known as convergence rate) is slow and dependent on the learning rate and BP learning algorithms. When the learning rate is
small, it converges slowly, and when the learning rate is large, it becomes unstable. The BP learning can be considered time-consuming
because of the repetitive tuning of the connection weights in forward and backward steps with other hyperparameters (Huang et al., 2006b).
This may create a complex co-adaptation among the parameters and hidden units that demands further attention in regularisation (Srivastava
et al., 2014). Moreover, with respect to the drawbacks mentioned above, the following human expertise significantly affects the
generalization performance and learning speed of BPNNs:

a) What should be the structure of the network? For instance, shallow or deep?

b) How many hidden layers should be defined in a deep learning network?

¢) How many hidden units should exist in each hidden layer?

d) What should be the initial guess of connection weights and learning rates?

e) Which BP learning algorithm will be more suitable? Stochastic gradient descent, Levenberg Marquart, quick prop...

The drawbacks and expertise issues need to be solved in a more innovative way to improve the generalization performance and learning
speed. To overcome the above limitations, we propose a self-organising cascade topology-based CNN capable of analytically calculating
connection weights and requiring less expertise by eliminating the need for complex hyperparameter initialisation and adjustment. The
objective is to improve the performance of the estimation model with less expertise involvement and obtain results with fast learning speed.

4.2. Proposed CNN

To address the learning issues of BPNNSs, the so-called cascade correlation learning algorithm (CasCor) was proposed to add hidden units
sequentially to the network (Fahlman and Lebiere, 1990). CasCor begins with the minimal network by linearly connecting X to ¥ through
randomly generated B. The values of B are iteratively tuned (or trained) by BP quick prop (QP) to minimise E. When training converges
and E is greater than e, itadds H;, (k = 1,2, ...., 1) one at a time to the network, which receives randomly generated W from all X and any
pre-existing H,_;. The H}, is not yet connected to Y. The values of W are iteratively tuned to maximise the covariance objective function
between H, and E. When the covariance objective function converges, H,, is added to Y by freezing W, and B is once again iteratively
tuned by QP. This process continues and finally stops when E converges or starts increasing. The QP quickly reaches the loss function by
taking a much larger step rather than infinitesimal steps (Fahlman, 1988). The advantage of CasCor over fixed-topology BPNNSs is that it
can learn complex tasks more quickly as well as determine its own network topology. In addition, it is economical and has no underfitting
issue.

The growing applications of CNN-based algorithms concluded that CasCor learning speed is better than that of BPNNSs, but its
generalization performance might be not optimal. Hwang et al. (1996) and Lehtokangas (2000) highlighted that CasCor works better with
classification tasks compared to regression tasks and this may make it unsuitable for some applications. Liang and Dai (1998) made an
effort to improve the generalization performance of CasCor on classification problems by using a genetic algorithm, at the additional cost
of requiring more training time. Kovalishyn et al. (1998) studied the application of CasCor on the quantitative structural activity relationship
and did not achieve any dramatical increase in performance compared to BPNNs. The reasons may be (i) the chaotic behaviour and
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numerical instability of the iterative QP learning algorithm and (ii) no guarantee of maximum error reduction by the covariance objective
function when a new hidden unit is added.

Firstly, QP during iterative tuning takes a much larger step to move towards the loss function based on information of past and current
gradient. If the current gradient is in the opposite direction from the past gradient, the QP may cross the minimum of the loss function and
moves towards the opposite direction of the valley, from where it needs to come back (Fahlman, 1988). This may cause the QP to act
chaotically across the minimum valley of the loss function. Banerjee et al. (2011) explained that QP becomes numerically unstable if the
current iteration gradient becomes closer or equal to the previous iteration gradient. In such a case, the weight difference will become zero
and the QP formula will remain zero even if the gradient changes.

Secondly, Huang et al. (2012) argued that the CasCor covariance objective function may not guarantee a maximum error reduction when
a new hidden unit is added. In addition, the repeatedly iterating tuning of B can be more time-consuming. They proposed an orthogonal
least squares based cascade network (OLSCN) by reformulating the objective function based on ordinary least squares for training of W,
which needs to be further optimised by the second-order Newton’s method. Qiao et al. (2016) explained that updating weights by the
Newton’s method may cause OLSCN to converge at a local minimum with an increase in computational burden. They proposed a faster
cascade neural network (FCNN) to add a contribution to the CNN. The FCNN works by selecting linearly independent instances of X by
the Gram-Schmidt orthogonalisation method and a hidden unit from a pool of candidate units by a modified index method.

Motivated by the cascade architecture of CasCor, we propose a new CNN by improving an original CasCor and its variants. The key idea
is to analytically determine connection weights on both sides of the network rather than iterative tuning with modified cascade architecture.
We propose to analytically determine W by the orthogonal linear transformation of X, whereas g by the ordinary least squares method.
The proposed CNN algorithm is named cascade principal component least squares (CPCLS) neural network. The architecture of CPCLS
is illustrated in Fig. 7.

Given X and Y, CPCLS is initialised by defining e and hidden units N of H such that p < n . For input connection weight W
determination, it transforms the set of correlated X n-features orthogonally and linearly into uncorrelated H p-features by eigen-
decomposition of the X covariance square nxn matrix S:

1 _ _

S = m(x - x)T(X - x) (14)
1y
xza;xi (15)

The highest eigenvalue L generated from S corresponds to an eigenvector. These selected N eigenvectors are considered as the input
connection weight, i.e., W:
IS —AM|=0 (16)
(S—ADW =0 a7
We calculate H by taking the nonlinear activation @ from the product of X and W by adding a bias b:

H=@(XW + b) (18)

O Input connection weights frozen after orthogonal
linear trﬂnstormat_mn _ o o Output
A Output connection weights determination by OLS Unit

Hidden Layer 2 with
four hidden units

1Tidden Layer 1 with g? Y X X
. . 4
two hidden units

e o o s B a
H——— >
e) C\ o o n
) -ttt >

Input X i

Unils

C h_rh b b b >
1= 1= ") 1= ) " 8] = 1) 1= =) »
O 1 b rh >
1= = L= =] L= -] 1= "] 1= "] 1= =3 »
C T h Mt »
1= = 1= =3 H g 9 >
+1 (n al [ o < o ] »
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Fig. 7. CPCLS architecture with input units, two hidden layers, and output units.
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The orthogonal linear transformation by eigen-decomposition of S generates H, which explains the maximum variance in the data, what
in turn can help to estimate trip fuel more accurately. The maximum variance in H becomes more linear in a relationship with ¥, and SSE
can be minimised through ordinary least squares (OLS) by calculating for output connection weight, i.e., B:

B = (HTH) HTY (19)
where (HTH)~1HT is the Moore-Penrose pseudo-inverse of H. We estimate the trip fuel ¥ by linearly transferring H (18) through g8 (19):

Y=Hp (20)

We calculate fuel deviation in (4) or (5) by subtracting the actual consumed fuel ¥ from the estimated trip fuel ¥.

If (4) or (5) is less than e, we stop; otherwise, another hidden layer H; with N “hidden units is added with respect to the previously added
hidden layer H,_, having N hidden units until the desired performance is achieved. The newly added hidden layer H, will receive all the
connections from X and from any pre-existing hidden layers, i.e., H,_4. In other words, the previously calculated H,_; becomes a part of
X, such that

X=XH,1) (21)
N=N+N (22)
The steps from Equation (14) to (20) are repeated.

Equation (21) implies that only newly added H, will connect to ¥ and will eliminate previous connections, i.e., Hy_q, Hj_,, etc. This
helps to avoid linear dependencies among hidden units in the multiple hidden layers. For better illustration, consider an example in Fig. 7,
where the hidden layers are initialised with N=2 and N'=2. It implies that the first hidden layer (hidden layer 1) is initialised with N=2
hidden units and the algorithm is then trained. If the error resulting from training is larger than e, then another hidden layer (hidden layer
2) is added with N'=2 hidden units with respect to hidden units of previous layers (N = N + N’ = 2+2= 4 hidden units in the hidden layer
2). Again, the algorithm is trained, and the error is calculated by connecting only a newly added hidden layer (hidden layer 2) to the output
unit and by eliminating a previous hidden layer (hidden layer 1) from the output connections weight. These steps continue until the targeted
value of e is achieved.

The advantages of CPCLS that makes it superior compared to CasCor and its variants is the generation of non-redundant and linearly
independent multiple hidden units in the layers. The linearly independent hidden units generated by an orthogonal linear transformation of
the operational parameters help to achieve the best least squares solution. Similarly, to avoid the linear dependency among hidden layers,
a cascade architecture is improved by connecting only the newly added hidden layer to the output, with all previous connections being
eliminated. These characteristics help CPCLS to converge faster and ensure maximum error reduction when the new hidden layer is added.
The achievement of estimation results in the shortest possible computational time along with minimum hyperparameter initialisation, such
as H and e, makes CPCLS more favourable. Other properties include no iterative tuning, no trial-and-error to find the best hyperparameters,
and less human intervention. The effectiveness of the CPCLS algorithm compared to AEA and BPNN is demonstrated in the following
experimental work section.

5. Experimental Work

To estimate a trip fuel with less deviation, requiring less expertise, and achieving faster learning speed, real high-dimensional data were
provided by an airline that historically performed international flights in various regions over two years. The dataset consists of several
operational parameters that may or may not contribute to fuel consumption. For better estimation, the useful operational parameters were
first extracted, as reported in Table 1. In our study, the extracted operational parameters are represented by X and the objective is to predict
the trip fuel ¥ that truly represents the actual consumed trip fuel Y. Experimental work was performed by considering two cases. In the
first case, all sectors in the dataset were considered as a combined model. In the second case, each sector was considered as an individual
model. A sector is defined as an airway route starting from the departure airport and ending in the arrival airport. Three estimation methods
were used for the comparative study, namely AEA, BPNN, and the proposed CPCLS. For AEA, the estimated and actual consumed fuel
information were retrieved from available data. CPCLS is compared to AEA in terms of fuel deviation, whereas its comparison with BPNN
is in terms of both fuel deviation and learning speed. All the experimental work was carried out in Anaconda Spyder Python v3.2.6
programming language. The dataset was normalised in the range [0,1]. One hot encoding was performed on categorical variables to
represent it in a binary vector. The nonlinear sigmoid activation function was used in the hidden layers to make it compatible with the
dataset. For both cases, the dataset was split into a 50:50 ratio for training and testing. The stopping criteria for the algorithms were defined
as error convergence or start increasing.

5.1. Data description

The set of real data that we obtained from an international airline operating in Hong Kong consists of 19,117 international passenger and
cargo flights operated among eight sectors covering different geographical regions. The flights were performed from April 2015 to March
2017 by 107 wide-body aircrafts distributed as Airbus A330-300 (31 aircrafts) and Boeing 747-400 (9 aircrafts)/747-800 (14 aircrafts)/777-
300 (53 aircrafts). The data consist of detailed information on operational parameters related to 1) carrier with aircraft performance and
operations, 2) date/time of departure and arrival per sector with crew allocation, 3) weather and atmospheric conditions, 4) sector and
aircraft local and global conditions, and 5) fuel requirements at different tanks and consumption levels. Among the collected data, instead
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of putting all operational parameters into algorithms, we work in a more novel way by extracting the relevant operational parameters
contributing to fuel consumption, as summarised in Table 1.

5.2. Theoretical relationship between extracted operational parameters and fuel consumption

The relationship between each extracted operational parameter and fuel consumption is clear: flight time and distance travel are directly
related to fuel consumption because the more the aircraft is airborne, the more the fuel it will consume. Flight duration and covered distance
significantly contribute to aircraft operational expenses. The cost index (CI) is used to adjust the speed of aircraft to a trade-off between
higher operational expenses or more fuel saving (Edwards et al., 2016). The operational expenses can include crew time, leasing rate, plan
maintenance, landing and take-off fees, and ground services. All of them play major roles in deciding whether to keep the aircraft airborne
to make the airline profitable. The Cl ranges from 0 to 999 and is expressed as

_ Flying Cost
" Fuel Cost

When fuel is expensive, the CI will be lower, which means a slower speed of the aircraft. Operating an aircraft at low speed results in a
higher climb rate due to excessive engine thrust and, simultaneously, it is recommended to fly at a higher altitude to lower fuel consumption.
Similarly, when fuel is cheap, the CI will be higher, and a faster aircraft will operate to be less airborne to reduce the amount of operational
cost at the cost of more consumed fuel. Note that the CI shortens or lengthens the airborne phase by changing the aircraft speed depending
on fuel prices and operational expenses to cut overall expenses.

(23)

The ramp weight (m) can be expressed according to the following combination (Pagoni and Psaraki-Kalouptsidi, 2017):

m = zfw + tof (24)

Zero fuel weight (zfw) is the total weight of an aircraft including crew, passengers, and unusable fuel, minus the total weight of the usable
fuel. During flight operation, the zfw remains constant whereas tof weight decreases over time because of its continuous consumption.
This reduces the value of m for an aircraft and ultimately decreases fuel consumption over time.

A suitable choice of wind direction has a significant influence on fuel consumption. Headwind that blows in a direction opposite to the
aircraft is more favourable during takeoff and landing. The aerofoils can generate more lift during takeoff and more induced drag during
landing. Tailwind that blows in the direction of the aircraft flight path is helpful during the cruise phase as the aircraft travels faster and
saves fuel at the same ground speed (Irrgang et al., 2015). The ground speed is determined by the vector sum of aircraft speed, wind speed,
and direction. Headwind subtracts from the ground speed, while tailwind is added to the ground speed.

The altitude can be used to assess the aerodynamic performance of an aircraft at certain atmospheric conditions. Flying at higher altitude
can significantly save fuel consumption because of less drag (Turgut and Rosen, 2012). Simultaneously, it may face a problem of low-
density air for fuel combustion that may result in more fuel flow to the engine. Therefore, the altitude is adjusted for a non-standard
temperature known as density altitude and can be expressed as

DA = PA + (118.8 ft/ °C)(OAT — ISA Temp) (25)
PA = h + (30ft/millibar)(1013millibar — QNH) (26)

where DA is the density altitude in feet, PA is the pressure altitude in feet, QNH is the atmospheric pressure in millibar, OAT is the outside
air temperature in degree Celsius, and ISA Temp is the international standard atmospheric temperature in degree Celsius. Aircrafts are
designed for specific optimal altitude, what minimises fuel consumption. A change in that altitude may cause aircrafts to burn more fuel
(Diao and Chen, 2018).

The weight and balance of aircrafts can be expressed in terms of the percentage of the mean aerodynamic chord (Dancila et al., 2013).

<—(ZI‘V=1 wiai) _ LEMAC>

m (27)
0 =
MAC% TEMAC — LEMAC
N -
where (Z‘jnw is defined as the centre of gravity (CG) with w denoting component weights and a denoting the arm value, defined both

as the moment arm (wa). LEMAC and TEMAC are the leading-edge mean aerodynamic chord and tail-edge mean aerodynamic chord,
respectively. Improper distribution of aircraft weight may shift its CG forward and may need more tail lift force for stable flight. The tail
force ultimately increases the aircraft angle of attack, what may cause aircrafts to face more induced drag. Therefore, the aircraft weight
balance (at the centre of aircraft) should be maintained at zero fuel weight during takeoff and landing phases to avoid generation of excess
induced drag and reduce fuel consumption.

The location and direction of the runway have clear effects on fuel consumption (Singh and Sharma, 2015). Runway directions are
identified by a number within the range 1 to 36, which are magnetic azimuths in decadegrees. A runway number 09 means pointing toward
the east (90°), 18 means pointing toward the south (180°), 27 means pointing toward the west (270°), and 36 means pointing toward the
north (360°). Furthermore, if there is more than one runway in the same direction, then the location is differentiated with a letter as follows:
L for left, C for centre, and R for right. It is more favourable to take off from a runway that faces the headwind direction. However, it can

12



504
505

506

507
508
509

510
511
512
513

514
515
516
517
518
519
520
521
522

523
524
525
526
527
528
529
530
531
532
533
534

3001 6001 9001 12001 15001 18001 T
AEA BPNN 2500 E= ey
16 CPCLS
k12
2000
5 e F
i 4 = 0
g I 1500
8 5
I
& CPCLS 0 ]
2 16 E
2 2 1000 iy
s "
8w 18
7 LN
8 5004 y R
/ 0
4 /
Z,
0 0= .
1 3001 6001 9001 12001 15001 18001 0123456 7 8 91011121314151617
Flights Observation Absolute Percent Error Interval

Fig. 8. Fuel deviation (combined model) Fig. 9. Fuel deviation interval (combined model)

also be a source of excess fuel consumption. If that favourable runway is in the opposite direction to the allocated flight path, the aircraft
must take a loop to head towards the allocated path.

5.3. Results of trip fuel estimation models and discussion

The main objective of our study is to develop a method capable of accurately and efficiently estimating trip fuel; however, a comparison
with existing methods plays an important role in demonstrating effectiveness. To study the effect of operational parameters, the fuel is
estimated for the following two types of models:

a) All sectors combined for fuel estimation (referred to as a combined model)
b)  Sector-wise fuel estimation (referred to as individual models)

a) Combined model:

In this model, the trip fuel is estimated by considering all eight sectors of the 19,117 flights as a combined model. The selection of
operational parameters and their data trend play a major role in examining and analysing the estimation method. The significant difference
in operational parameter ranges and standard deviation may make estimating trip fuel accurately a challenging task. The runway direction
parameter is a categorical variable with 26 different runway directions for eight sectors. One hot encoding pre-processing technique is
applied on each runway direction to represent it in a binary vector. It translates runway direction features into 26 subfeatures as a binary
value with 1 representing existence and 0 representing no existence. All the flight phases such as takeoff, climb, cruise, descent, and
approach are considered as one entire flight trip. The CPCLS is initialised with 5 hidden units in the first layer and 15 added hidden units
in the next hidden layers with respect to previously added hidden units. Among different trial-and-error approaches, BPNN is selected,
with 10 hidden units and 0.5 learning rate as the best hyperparameters for the network.

Table 2 shows the trip fuel deviation resulting from AEA, BPNN, and CPCLS. The values of Mean, StDev, Min, Q1, Med, Q3, Max, Ran,
and IQR under the column absolute percent error (APE) respectively refer to the mean, standard deviation, minimum, first quartile, median,
third quartile, maximum, range, and interquartile range in percentage; RMSE refers to root mean-squares error; time refers to the
computational learning time in seconds needed for estimation. For the sake of readability, the mean of APE is termed as MAPE. Descriptive
statistics are employed to understand and compare the central tendency and the variability/dispersion of the fuel deviation estimated by the
methods. Mean measures the central tendency by computing an average value and StDev measures the dispersion by computing how much
data is far from the mean. Both measurements are important to compare the results generated by the studied methods. The method with
less mean and StDev is favourable because it indicates that the model has estimated fuel with less deviation and dispersion. The
disadvantages of mean and Stdev are that they are only useful to measure the central tendency and dispersion of the whole dataset. It might
occur that some portion of data may exhibit a higher improvement compared to others. Therefore, to make the comparison reliable for a
better conclusion of the findings, improvements in various quartiles (Q1, Med, Q3, IQR) along with the minimum (min) and maximum
(max) fuel deviation for each method are also studied. In Table 2, the first finding is that CPCLS estimates trip fuel with a fuel deviation

Table 2:
Trip fuel deviation by AEA, BPNN, and CPCLS (combined model)
APE
Sector Method Mean StDev Min Q1 Med Q3 Max Ran IQR RMSE TIME (s)
AEA 153 1.28 0.00 0.57 121 2.16 11.66 11.66 159 0.0183 -
All sectors BPNN 1.32 1.44 0.00 0.42 0.92 1.68 16.14 16.14 1.26 0.0135 745.00
CPCLS 1.05 0.95 000 037 081 144 9.31 9.31 1.07 | 0.0115 8.21
Table 3:
Performance improvement comparison (combined model)
Sector AEA/BPNN (%) AEA/CPCLS (%) BPNN/CPCLS (%)
All Sectors 15.91 45.71 25.71
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of 1.05% compared to AEA (1.53%) and BPNN (1.32%). A CPCLS Stdev of 0.95% implies that data are more clustered towards the mean
compared to AEA (1.28%) and BPNN (1.44%). Regarding convergence rates, CPCLS trains a model in 8.21 s whereas BPNN in 745 s.
The computational time for AEA is not mentioned because the information is not available in the historical dataset provided by the airline.
The fuel deviation results are split into Q1 (25th percentile), Q2 or Median (50th percentile), and Q3 (75th percentile) to compare the
improvement of estimation methods in different quartiles. IQR, not affected by outliers and often considered a better measurement of a
spread than range, describes the 50% of values by taking the difference between Q1 and Q3. For each quartile and interquartile, the second
finding is that the improvement of CPCLS is evident compared to AEA and BPNN. For Q1, median, Q3, and IQR, the fuel estimated by
CPCLS features a mean deviation of 0.37%, 0.81%, 1.44%, and 1.07% compared to AEA (0.57%, 1.21%, 2.16%, and 1.59%, respectively)
and BPNN (0.42%, 0.92%, 1.68%, and 1.26%, respectively). The maximum fuel deviation predicted by CPCLS and AEA is 9.31% and
11.66% respectively, whereas for BPNN it is 16.14%, which make it unfavourable for this model. Although the overall BPNN MAPE is
better than that of AEA, what validates the importance and significance of the BPNN, the third finding is that the maximum deviation
approaches 16.14% compared to AEA (11.66%). This may create a problem in a real application by a wrong estimation of fuel for certain
flights. For ease of readability, the lowest and best values for each metric is highlighted in bold with an underline in Table 2.

Table 3 shows the performance improvement comparison in percentage in terms of MAPE. Thus, AEA/BPNN, AEA/CPCLS, and
BPNN/CPCLS refer to a gain in the improvement of BPNN compared to AEA, CPCLS compared to AEA, and CPCLS compared to BPNN,
respectively. The fourth finding is that the CPCLS-based estimation model shows an improvement of 45.71% and 25.71% compared to
both AEA and BPNN, respectively, whereas BPNN shows an improvement of only 15.91% compared to AEA.

Fig. 8 shows the AEA, BPNN, and CPCLS fuel deviation in APE for each flight. The horizontal axis represents a number of operated
flights whereas the vertical axis is APE for each flight. The comparison illustrates that the fuel estimated from CPCLS for each flight
exhibits less fuel deviation compared to AEA and BPNN. Similarly, Fig. 9 shows the histogram and distribution comparison of AEA,
BPNN, and CPCLS. The horizontal axis represents an APE interval (bins) whereas the vertical axis represents a number of flights for each
interval. As shown in Fig. 9, the fifth finding is that CPCLS shifts the flight trend more towards the lower fuel deviation interval. For
instance, the histograms show that CPCLS estimated the fuel deviation of 6,236 flights in the range 0.00-0.50%, what demonstrates an
improvement of 47.77% and 11.35% compared to the 4,220 flights from AEA and 5,600 flights from BPNN, respectively. For other
histogram bins, the improvement shown by CPCLS is more significant. In addition, Fig. 9 indicates the sixth finding, i.e., that CPCLS has
more cluster distribution (lower StDev) compared to disperse distribution of AEA and BPNN. However, Fig. 8 shows that CPCLS and
BPNN estimated a number of 2,000 flights with less improvement in fuel deviation as compared to the remaining flights. An in-depth
analysis shows our seventh finding, i.e., these flights are operated in SRY and SR# sectors, which belong to short-range flights, whereas
the remaining flights are operated in the SRS, SRHs,, SRH,, SRH, SRYS?, and SRY¥ sectors and belong to long-range flights on long-
haul routes. The large portion of data belongs to the long-range route flights. This forces NN-based algorithms to determine network
connection weights by considering long-range route flights rather than short-range route flights. This is the main reason for which it is hard
for BPNNSs to truly approximate the complex operational parameters and their data instances. It can be easily visualised from Fig. 8 that
the BPNN estimation for the mentioned 2000 flights is even worse than both AEA and CPCLS. Therefore, to study the effect of the short-
range and long-range route on estimation models, our work is extended by estimating the trip fuel for each sector individually. The purpose
of sector-wise fuel estimation (individual model) is to study the effect of the extracted operational parameters of fuel consumed within
each sector.

b) Individual models

The types of operational parameters and their data instances have a significant effect on fuel consumption. For example, an aircraft traveling
from airport A to airport B might face headwinds, and during the return, it might face tailwinds. The difference in both conditions may
cause different fuel consumption for the same route. The real data consist of 2658, 1252, 3080, 2493, 3199, 2423, 3116, and 896 flights
operated in sectors SRYS!, SRD, SRHs,, SRH,,, SRH,, SRYS?, SRUK, and SR#, respectively. The aircraft flying in sectors SRYS!, SRH,,
SRY5%, SR faced headwind compared to sectors SRR, SR, SR, which faced tailwind. High-performance aircrafts are operated in
sectors SRH,,, SR, SRYS?, and SRYX. The short-range route flights in sectors SRS and SR are operated at a lower altitude level
compared to long-range route flights. The flight time varies according to an increase in distance for all sectors, whereas the mean
aerodynamic chord and aircraft speed are more dependent on aircraft weights. The runway directions for SRYS! are 07, 15, 25, and 33; for
SRY, are 12 and 30; for SR, are 07 and 25; for SR, are 07 and 25; for SR}, are 07 and 25; for SRYS? are 06, 07, 24 and 25; for SRGK
are 09 and 27; and for SR# are 03, 06, 21 and 24. Location of more than one runway with same directions are differentiated with a letter
as follows: L for left, C for centre, and R for right. A one hot encoding pre-processing technique is applied sector-wise on the runway
direction categorical variable to convert it to a binary vector. This varying behaviour of operational parameters may significantly influence
the accuracy of machine learning algorithms.

Table 4 shows the sector-wise trip fuel deviation results for AEA, BPNN, and CPCLS. The first finding is that the fuel estimation by
CPCLS produces fuel deviation MAPEs of 1.11%, 1.30%, 0.95%, 0.70%, 0.80%, 0.76%, 0.88%, and 1.03% compared to AEA fuel
deviation MAPEs of 2.84%, 2.73%, 1.18%, 0.99%, 1.36%, 1.27%, 1.12%, and 1.52%, and that of BPNN, i.e., 1.21%, 1.38%, 1.13%,
0.85%, 0.90%, 0.78%, 0.93%, and 1.08% for sectors SRYS!, SRY, SRH,,, SR, SRH, ,SRYS?,SRYX and SR{, respectively. StDev
measurements show that CPCLS dispersion from mean is less for all sectors compared to AEA and BPNN. Apart from sector SR#, the
second finding is that the quartile and interquartile measurements for all other sectors indicate that CPCLS achieves better estimation for
all quartiles compared to AEA and BPNN. BPNN achieves a better estimation of 0.39% in Q1 for SR#; however, this estimation is very
close to 0.40% from CPCLS. Moreover, the maximum fuel deviation estimated by CPCLS is lessen than those of AEA and BPNN. For
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SRYS!, BPNN was able to achieve a better maximum fuel deviation value of 9.50% compared to that of CPCLS (9.94%) and AEA (9.77%).
An in-depth study shows that CPCLS was able to estimate SR55! for all flights within an APE of 7%; however, only one flight shows as
APE of 9.94%. The IQR, not effected by the outliers, explain this issue. The IQR measure of the CPCLS (1.17%) is significantly better
compared to the BPNN (1.26%). The average network learning time of the CPCLS is 1.53s, which is hundred times faster than the BPNN
of 104.19s. The total estimation time of CPCLS and BPNN for individual models is 12.22s and 833.52s which is approximately equal to
the combined model of 8.21s and 745s respectively. The third finding is that the slightly increase in the time is because of a discovering
trend in the individual dataset which were previously difficult for NN because the majority of the dataset belongs to the long-range route
flights.

Table 5 shows the performance improvement comparison in percentage in term of MAPE. The AEA/BPNN, AEA/CPCLS, and
BPNN/CPCLS refers to a gain in the improvement of the BPNN compared to the AEA, the CPCLS compared to the AEA, and the CPCLS
compared to the BPNN respectively. The CPCLS shows maximum improvement of 155.86% for SRYS! and minimum improvement of
24.21% for SR, with an average improvement of 67.93% compared to the AEA. The maximum and minimum improvements provide
an important insight, fourth finding, about the influence of the operational parameters. In both improvements, the flight route is the same.
The SREST sector is flight traveling from airport-one located in the United States to Hong Kong and SR, sector is flight travelling from
Hong Kong to the airport-one in the United States. This explains that the existing AEA mathematical calculation cannot differentiate among
the varying behaviour of operational parameters. The use of global parameters for the both sectors of the same route rather than local
parameters with the old database in mathematical equations may give better estimation for SR, compared to SR4S!. The BPNN leads to
an average 53.57% better estimation compared to the AEA but less accurate than the CPCLS. The better performance of the BPNN in
sector-wise individual fuel estimation models 53.57% (Table 5) compared to combined fuel estimation model 15.91% (Table 3) suggests
that it may perform better with a chunk of data comprising the same behaviour of the operational parameters. Comparing to the AEA, the
CPCLS shows an improvement from 45.71% (combined model) to 67.93% by performing sector wise individual fuel estimation. The fifth
finding is that the difference in improvement for the CPCLS is 22.22% as compared to the BPNN of 37.66%. This implies that the CPCLS
estimation capability with high dimensional data is much better than the traditional BPNN.
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Figs. 10-17 shows the fuel deviation in APE for each flight in the sectors by the AEA, BPNN, and CPCLS. A horizontal axis is a number
of flights operated and the vertical axis is APE for each flight. The comparative study in the figures helps to understand the improvement
made by the CPCLS compared to the AEA and BPNN. The sixth finding is that the CPCLS and BPNN were able to achieve better
estimation for short-range route flights of SRZ and SR#. In the combined model, for the first 2000 flights related to short-range route
flights, the performance of the BPNN was much worse compared to the AEA, and for CPCLS the performance was better than AEA but
not compared to others long-range route flights. In the current estimation models, Figs. 11 and 17, the BPNN achieves better estimation
than the AEA, and the CPCLS achieves better estimation compared to both AEA and BPNN. Similarly, for all other sectors, Figs. 10, 12-
16, the APE of each flights shows better results for the CPCLS compared to the AEA and BPNN. As mentioned earlier that sector SRYS’
and SR, follow the same route but travel in the opposite direction. Comparative study of Fig 10 and 12, shows that the AEA estimated

Table 4
Trip fuel deviation by the AEA, BPNN and CPCLS (Individual Models)
APE
Sector Method Mean StDev Min Q1 Med Q3 Max Ran IQR RMSE TIME (s)
AEA 2.84 1.46 0.00 1.83 2.73 3.75 9.77 9.77 1.92 0.0362
SRS BPNN 121 1.03 0.00 0.45 0.95 171 9.50 9.50 1.26 0.0243 105.81
CPCLS 111 0.93 0.00 0.42 0.88 158 9.94 9.93 117 0.0225 187
AEA 2.73 1.69 0.00 1.37 2.57 391 10.40 10.40 2.54 0.0864
SRY BPNN 1.38 1.18 0.00 0.50 1.10 1.93 9.96 9.95 1.43 0.0326 23.83
CPCLS 130 1.09 000 050 104 182 949 9.49 132 0.0303 091
AEA 1.18 0.96 0.00 0.45 0.95 1.64 7.95 7.95 1.19 0.0362
SR{is; BPNN 1.13 1.01 0.00 041 0.90 1.56 9.63 9.63 1.15 0.0314 91.17
CPCLS 0.95 0.82 000 03 075 133 8.88 8.88 0.98 0.0265 3.48
AEA 0.99 0.83 0.00 0.38 0.80 1.38 7.10 7.10 1.00 0.0365
SR{s, BPNN 0.85 0.72 0.00 0.32 0.67 1.18 5.34 5.34 0.86 0.0324 92.32
CPCLS 070 055 000 028 056 098 453 4.52 0.70 0.0261 244
AEA 1.36 0.98 0.00 0.59 1.19 1.96 6.09 6.09 1.37 0.0621
SRH, BPNN 0.90 0.73 0.00 0.33 0.74 1.27 5.28 5.28 0.93 0.0410 176.73
CPCLS 0.80 064 000 031 067 115 5.81 581 084 0.0364 083
AEA 1.27 0.97 0.00 0.53 1.08 1.79 7.63 7.63 1.26 0.0461
SRYS? BPNN 0.78 0.64 0.00 0.30 0.64 1.09 5.83 5.83 0.79 0.0319 124.18
CPCLS 0.76 063 000 029 061 106 5.24 5.24 0.77 0.0313 101
AEA 1.12 0.90 0.00 0.46 0.89 1.56 6.62 6.62 111 0.0458
SRY¥ BPNN 0.93 0.77 0.00 0.35 0.76 1.32 6.60 6.60 0.98 0.0352 147.00
CPCLS 0.88 071 000 032 073 124 433 433 0.92 0.0330 052
AEA 1.52 117 0.00 0.67 131 211 11.66 11.66 1.44 0.0600
SR} BPNN 1.08 0.97 0.00 0.39 0.83 1.46 10.13 10.12 1.07 0.0440 72.48
CPCLS 1.03 0.94 0.00 0.40 0.80 1.40 9.26 9.26 1.00 0.0423 1.16
AEA 1.62 1.12 0.00 0.78 1.44 2.26 8.40 8.40 1.48 0.0512
Average BPNN 1.03 0.88 0.00 0.38 0.82 1.44 7.78 7.78 1.06 0.0341 104.19
CPCLS 0.94 079 000 036 075 132 718 7.18 0.96 0.0311 153
Table 5:
Performance accuracy comparison (Individual Models)
Sector AEA/BPNN (%) AEA/CPCLS (%) BPNN/CPCLS (%)
SRYS! 134.71 155.86 9.01
SRE 97.83 110.00 6.15
SRHg, 4.42 24.21 18.95
SRils, 16.47 41.43 21.43
SRy 51.11 70.00 12.50
SRYS? 62.82 67.11 2.63
SRYK 20.43 27.27 5.68
SRA 40.74 47.57 4.85
Average 53.57 67.93 10.15
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Fig. 16. Fuel deviation (SR5X)

Fig. 17. Fuel deviation (SR#)

APE for flights is much higher for SRJST (MAPE 2.84%) compared to SR, (MAPE 1.18%). The reason is using a same global parameter
for both sectors rather than local parameters. Based on historical data, the seventh finding is that the CPCLS minimized this issue and
shows APE for both sectors (Figs. 10 and 12) almost identical. For other sectors having same route, for instance SRY5?, SR, and SRHy,
SRYX, the figures show the same issue of usage of global hyperparameter and old database by the AEA. The SRY52 shows higher APE
compared to SRH,, and SR, shows higher APE compared to SRYX. This demonstrate the main limitation, as highlighted in literature
review section 2, of the EA based methods.
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Figs. 18- 25 shows the histogram and distribution comparison of the AEA, BPNN, and CPCLS. The histograms indicate that the CPCLS
fuel deviation is spread on less APE hins with a major focus on estimating flights contributing to less deviation bins. For most sectors, the
eighth finding is that the distribution of CPCLS is more clustered as compared to the AEA and BPNN. For instance, in Figs. 18 and 19,
the bell shape of SRYST and SRY sectors show that the AEA method fuel deviation exists mainly in the bins 1.50-3.50%, whereas, the
CPCLS distribution peak shape shows that fuel deviation exists in 0.00-1.00%. In Figs. 20, 23, 25 for SRH,,, SRYS?, SR4, the distribution
of BPNN is almost identical to the AEA or CPCLS. For all sectors, the histogram and distribution trend of the CPCLS illustrates that it
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attempts to estimate trip fuel for flights with less deviation compared to the AEA and BPNN. The histogram and distribution of the AEA
show much dispersed fuel deviation. The possible reason for the AEA high fuel deviation is less confidence in method because of the
availability and applicability of global parameters rather than the local parameters.

The experimental work demonstrates the effectiveness of the CPCLS. The estimation of the CPCLS results in a fuel deviation mean absolute
error percentage (MAPE) of 1.05% and 0.94% with an improvement of 45.71% and 67.93%, and BPNN estimated fuel with deviation of
1.32% and 1.03% with an improvement of 15.91% and 53.57% compared to the AEA fuel deviation of 1.53% and 1.62% for combined
and individual models respectively. In comparison with the BPNN, the CPCLS achieved an improvement of 25.71% and 10.15% for
combined and individual models respectively. Similarly, CPCLS trained the network a hundred times faster compared to the traditional
BPNN. In the CPCLS, the analytical calculation of connection weights by eigendecomposition of the input covariance squares matrix tries
to generate linearly independent hidden units explaining the maximum variance in the operational parameters. The eigendecomposition
eliminates a problem of linear dependence of operational parameters and the hidden units. These characteristics make it more suitable to
accurately estimate trip fuel with less expertise requirement and faster learning speed. Sector-wise (individual) fuel estimation models
validates the earlier work of fuel estimation by the BPNN with a limited amount of data operational parameters and flights, divided among
different flight phases. However, during the study, it is observed that the estimation accuracy of the BPNN starts decreasing with an increase
in the data structure. The varying nature of the operational parameter behavior made it difficult for the BPNN to create hidden units with
the capability of operational parameters linearly separable. The sole purpose of this work is not a comparison of the CPCLS with AEA and
BPNN. The main contribution is to propose and apply the self-organizing CNN algorithm that gives better estimation accuracy with less
expertise requirement and faster learning speed. The significant improvement of 67.93% by the proposed CPCLS method in existing airline
fuel estimation (i.e., AEA) will directly benefit in eliminating excess fuel consumption.

6. Conclusions

This paper addresses airline trip fuel deviation from estimated values, what results in excessive fuel consumption. A low confidence in
existing estimation methods leads to extra fuel loaded in the aircraft. This ultimately increases the weight of the aircraft, which requires
more thrust (fuel) to get balanced. Estimating the trip fuel accurately and faster with less expertise requirement along with high-dimensional
data has become an important research topic. Early attempts made use of EAs to estimate the trip fuel for each flight. Their complex
mathematical computation, high consultation and testing cost, their reliance on global parameters rather than local parameters, and high
estimation errors limit the applicability of EAs. As an alternative, the application of BPNNs was suggested. Traditional BPNNs depend on
trial-and-error approaches to find the best hyperparameters. This may require a lot of effort and user expertise to search for the best
combinations of hyperparameters. Additionally, the iterative tuning of connection weights by backpropagation learning algorithms may
make learning complicated, inefficient, and time-consuming. This may in turn cause BPNNs to converge to a suboptimal solution. The
varying nature of the operational parameters and high dimensionality of data might make it more difficult for BPNNSs to accurately estimate
trip fuel because of the abovementioned problems. Therefore, in this study, a novel CNN named as CPCLS, is proposed with the objective
of achieving better trip fuel estimation with less expertise requirement and faster learning speed. A comparative study with the existing
AEA and atraditional BPNN to estimate trip fuel proves that our work is unique in studying the sectors both in combination and individually
by considering all flight phases as a complete flight trip. Unlike AEA and BPNN, the proposed CPCLS does not require complex
mathematical formulation, a trial-and-error approach, gradient derivative techniques, or too many hyperparameter initialisations. This
makes it superior to estimate trip fuel accurately with less expertise requirements and faster learning speed.

The experimental work on the varying nature of operational parameters and high dimensionality of data demonstrates the effectiveness of
CPCLS, which, with low fuel deviation and more stable results, demonstrates that can be effectively employed for estimating trip fuel for
each flight. The better and faster estimation results of the self-organising CPCLS is because of its analytical calculation of network
connection weights explaining maximum variance in the operational parameters. Thus, CPCLS is a promising machine learning tool for
estimating flight trip fuel. In practical applications, the proposed CPCLS will be beneficial to airlines by accurately planning the amount
of flight trip fuel. This may avoid the need for extra fuel to be loaded in the aircraft and helps in better management control. Flight planners
and pilots will be more confident with trip fuel estimation and will avoid the requirement for extra fuel in the discrepancy tank. The weight
of aircrafts will decrease, what will not only reduce the fuel consumption but also will increase the lifetime of the engines. The flight
planner may suggest and select a suitable airways route by simulating different combinations of operational parameters to reach the
destination with less fuel requirements. Furthermore, controlling excess fuel consumption may benefit in contributing to less environmental
pollution, preventing the scarce jet fuel from natural resources from being wasted, as well as surviving with growing fuel prices, less
unplanned aircraft maintenance, fewer fuel surcharges, and more competitiveness by fulfilling the demand of passengers and cargo.

Appendix A. Simmod and BADA fuel estimation models
The energy balance can be expressed as energy gain and loss by the aircraft as it travels along the path profile

energy gain — energy loss = energy change (A1)
Er —Ep = AKE + APE (A2)

During each flight operation, the change in kinetic A KE and potential A PE energies, the aircraft suffers energy losses because of drag
Ep, is adjusted by the amount of thrust E; to maintain the energy balance. Thus, aircraft can be considered a system with energy losses and
gains that should be continuously balanced by consumption of fuel energy. Collins (1982) derived an algorithm for fuel estimation based
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on the aircraft configuration, weight and path profile. The path profile may be described by considering a change in true airspeed, altitude
and time, with the following expressions for fuel estimation

_ tiFy (A3)
Y= t(LAM1
v P P T )
Such that
_RK; __ —  2R;Kpm* m m (A4)
Fy = 0SwV, 2 —_—t+— - —(hy,—h
N=T5 P 507 9t W2 —ve) + Wt( 2 1)
_ h? + hih, + h? hi+h A5
P = Kyeki + Ky, <%22> . (172) K (A5)
0 if Fy < K, (A.6)

Lam1 = {KBFN + Ky otherwise

where ¥ is fuel estimation, t is time, v is true velocity, ¥ is average velocity, Fy is thrust, P is thrust energy, LAM1 is a relationship
between fuel flow and thrust, p is average atmospheric density, S,, is wing area, m is weight, g is gravitational acceleration and h is
altitude. In the Equations (A.4), (A.5) and (A.6), Collins (1982) explained that Ky, K, Ry, Ry, K7, Kg, Ko, K19, K11, K12, K13, K14 and S,,,
are aircraft specific constant and need to be determined for each aircraft. Constants K;, K, and S,, determine the relationship between drag
and lift/weight coefficient and constants K, K;1, K12, K13 and K, determine the relationship between fuel consumption and energy gain
from the thrust as a function of velocity and altitude. The drag increases with the change in a configuration such as gear up or gear down
and can be expressed as

R, = GU;F3 + GU,F? + GU3F + 1 (gear up) (A7)
Ry = GD{F3 + GD,F? + GD3F + 1 (gear down) (A.8)
Ry = FDM,F3 + FDM,F? + FDMsF + 1 (A.9)

where F is flap angle, D is drag and M is Mach number. Similarly, The Base of Aircraft Data (BADA) developed by Eurocontrol (Nuic,
2014) is another engineering-based fuel estimation method that estimates thrust specific fuel consumption (TSFC) n as a function of true
airspeed vy 4s. The fuel for different phases and engines can be expressed as

( v A.10
! <1 + TAS), Jet Engine ( )
| UTAS VUras .
T E
ka1 < Cr2 ) (1000), urboprop Engine
Yiom = nThr,  Jet and Turbo Engine (A11)
Yuom = Cp1,  Piston Engine (A12)

where ¥, is nominal fuel estimation and Cy,, Cy, are fuel flow coefficients for the specific aircraft type and are derived in operational
performance files (OPF) of BADA. Equations (A.10), (A.11) and (A.12) are used for fuel estimation in all flight phases except during idle
descent and cruise. The following mathematical calculations need to be performed to estimate the fuel consumption for idle descent phase
of flight

7 Hy . (A13)
Yoin = CGrs|1+7-),  Jet and Turbo Engine
T4
Yomin = Crs, Piston Engine (A.14)

where ¥ i, is minimal fuel estimation and Cy3, Cy, are fuel flow coefficient. When an aircraft switches from idle descent and reaches the
approach ap and landing Id phase, the thrust is increased. The calculation for fuel flow at approach and landing phase can be expressed as

Yapjia = MAX(Yyom, Yimin),  Jet and Turbo Engine (A.15)

Cruise phase fuel is estimated by using », cruise thrust Thr and the cruise fuel flow factor Cy.,. for jet and turbo engine, and fuel coefficients
Crq and Cg for piston engine

Yoo =nxThrxCser,  Jet and Turbo Engine (A.16)
Yo = CpxCp3,  Piston Engine (A17)

The BADA manual contains detailed mathematical expressions needed to calculate the thrust Thr for each flight phase of the climb, take-
off, cruise, descent, approach and landing.
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