
Mathematical Modelling of Aircraft High-Speed Performance Characteristics
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Abstract

The Performance Engineers’ Programs (PEP) for Windows is an aircraft’s performance calculation
software, developed and commercialized by Airbus. This software is currently used by Lufthansa
Systems in its flight planning system Lido/Flight in order to upload the aircraft’s performance
information needed for the flight plan definition. Moreover, each flight plan is calculated few hours
before take-off.

Aiming at the recalculation of such performance variables during the course of the flight (which
will allow for timely adaptation to the actually experienced flight conditions), TAP suggested this
study, which intends to evaluate the possibility of inclusion of models for PEP’s variables in its
Electronic Flight Bag application. Its main goal is the optimization of performance variables in the
cruise phase of flight and the reduction of operational costs.

We cover the whole process of building these models for the aircraft type A330-202. Firstly,
we present a data collection method based on regular expressions. Secondly, we discuss the data
characteristics and propose a suitable data processing for the application of natural cubic splines.
Finally, we discuss the inclusion of those models in the Electronic Flight Bag, comparing them to
other interpolation methods, in order to solve some problems identified throughout the process.

Keywords:: Performance Software, In-Flight Performance, Regular Expressions, Splines, Interpolation Methods.

I. INTRODUCTION

This paper is expected to put forward a methodology
through which models for different performance variables
are included in the EFB without directly resorting to the
source software of the aircraft performance data.

The EFB is a portable electronic device used by the pi-
lots, which contains not only technical information that
used to be printed in the cockpit, such as flight manu-
als or navigation charts, but also performance calculation
tools that prove useful in maximizing the operational ef-
ficiency of the flight [1].

Currently, performance computations needed for the
flight plan definition are done a few hours before the
flight. However, the inclusion of PEP’s IFP models in
the Electronic Flight Bag will enable the pilots to per-
form such computations not once but several times with
the most up-to-date information during the course of the
flight. This is expected to introduce considerable im-
provements in the global optimization of the flight either
by minimizing fuel consumption or by reducing travel
time, both leading to cost savings.

A. PEP for Windows

PEP for Windows is an essential tool used by the flight
planning system to compute several mandatory perfor-
mance calculations in a flight planning. This software
cross-references several calculation formulas with infor-
mation from databases. The programs and databases
included in PEP are divided into two main categories of
performance programs, namely high speed and low speed.
This paper focuses in the high speed performance pro-

grams (for the A330-202), specifically for the In-Flight
Performance (IFP).

1. In-Flight Performance

The IFP is a PEP’s program which provides in-flight
performance data for several aircraft types. Although
the program includes data concerning the climb, cruise,
descent and holding phases, this paper only addresses the
cruise phase of flight.

Moreover, according to the user’s interest, the program
enables two different types of computation: point and
integrated. To each computation type, a set of possible
flight scenarios is made available. This paper explores
the differences between each option as well as the data
extraction and data modelling associated.

The point calculation is preferred when the purpose
is the computation of performance parameters at some
specific time instant. Possible output results include
the calculation of several flight parameters such as op-
timum cruise altitude in a specific instant: ”Point com-
putations are snapshots of the aircraft performance dur-
ing the flight” [2]. The point scenarios considered in
this work are: optimum cruise altitude at optimum speed
(OCAOS) and maximum cruise altitude at optimum
speed (MCAOS).

Additionally, the integrated computation considers a
time interval that spans between a given point and the
fulfillment of an end restriction. For example, if the end
restriction is a given time length then the integrated com-
putation result will be the evolution of the performance
characteristics since the initial instant until such restric-
tion is achieved. The three possible end conditions are
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flying time, the aircraft weight and the distance covered
by the aircraft. This study only considers the optimum
cruise altitude at optimum speed integrated scenario.

Depending on the computation type, the program may
require several performance parameters as input. Some
of them have pre-defined standard values, however, only
the parameters which have different values from the stan-
dard proposed by the program definitions will be known
as inputs of our models. The chosen input values are
included in defined ranges according to the industry in-
terest in order to obtain a good representation of the
particulars of each output. Input parameters may change
depending on the type of calculation or scenario.

II. DATA EXTRACTION FROM PEP

In PEP for Windows data can be provided through
different types of files according to the users preferences,
although throughout this work the chosen format is the
prn. These files are prepared to give instructions for
printers, however, they can also be opened by the Win-
dows’s Notepad application, which means that data can
be arranged as a text file. Therefore, we can use Regu-
lar Expressions (RE) to identify in the output files the
relevant information to be included in our database (au-
tomata theory and regular languages can be found in [3]).
Basically, this process was designed to scroll through the
files words and identify which ones are in the language
denoted by an RE so that we can collect it to their right
field in a database table.

Nevertheless, the usage of regular expressions for these
purposes requires an early analysis of patterns in the file’s
structure in order to define an RE able to identify the
string which contains the relevant information for our
further analysis. The REs were generally defined so that
we can guarantee that for the same file structure the
same RE can be used.

However, the prn files have not always the same struc-
ture: outputs from the same computation type preserve
a similar structure and consequently can be treated by a
common extraction program. Since this work approaches
2 distinct computation types (point and integrated) it
was mandatory to build extraction programs adjusted to
their particularities.

A. Regex Syntax

This subsection introduces some specific syntax used
in RegularExpression, a .NET Framework for pattern-
matching [4]. The Regex class enables the performance
of operations such as determining whether a pattern oc-
curs (find matches), replacing text that matches some
pattern or extracting words in the language denoted by
some regular expression. Nevertheless the following bul-
let points summarize the most useful instructions:

1. The symbol \d expresses a digit between 0 and 9;

2. \d{n} defines the language whose words are com-
posed by exactly n digits;

3. \d{n,m} defines a language composed by words
with a number of digits between n and m digits;

4. \s represents a single blank space. Similarly to
points 2 and 3, \s{n} and \s{n,m} can be also
written;

5. [ ] is the set syntax. For example, [A−Z] defines
the language whose words are composed by a single
character from A to Z (this range can be changed);

6. The symbol ∗ can be included in the RE to refer
to 0 or more elements of a language. For example,
[A − Z]∗ represents the language whose words are
composed by 0 or more characters between A and
Z;

7. To refer to 1 or more elements of a language + is
the symbol to be used;

8. | is the disjunction symbol.

9. A group is an instrument that can be incorporated
in the RE when we need to collect a substring of
a matching string. For example, we can build an
RE for finding the string ”AIRBUS” and simul-
taneously include a group instructing that for each
match the last two characters ”US” must be ex-
tracted. A group is represented by parenthesis and
so the modification of the initial regular expression
to AIRB(US) will perform as expected.

B. Extraction from Point Scenarios

Given a fixed value for fuel factor, ∆ISA, and Max
S.R, the output data is presented in a single table (with
a header) where the first column contains the input val-
ues defined by the user for the variable weight, while
the remaining columns contain the values of the output
variables.

Each table is composed by at most 50 rows, how-
ever, we are not dealing with fixed values of fuel factor,
∆ISA, and Max S.R but with several combinations of
values. Therefore, we are collecting data from a wide
sequence of tables.

An effective way to solve the problem of collecting the
output files data to a database table is the definition of a
.NET program which identifies words that are included
in the language denoted by some RE.

Each table’s header contains information about the in-
put conditions considered in the IFP simulation. Al-
though most of them do not introduce relevant informa-
tion for this work since they were assigned PEP’s stan-
dard values (for example, Without anti − icing or 100
% air conditioning), for input variables such as fuel
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factor, ∆ISA and Max S.R the definition of a RE able
to correctly include in its denoted language the values of
these variables its something crucial at this stage.

FIG. 1. Excerpt from the original prn files with the informa-
tion about fuel factor, ∆ISA and Max S.R.

FIG. 2. Three regular expressions included in the .NET ex-
traction program to identify the values of fuel factor (above),
∆ISA (in the middle) and Max S.R (below).

After the REs definition, the data extraction process is
quite straightforward since it consists of building a pro-
gram which will open each prn file and scroll through
all the characters in order to the relevant information be
identified by the REs. Simultaneously the relevant data
is automatically stored in the correct field of a database
table.

Finally, for each simulation was defined a weight input
range such that the output files contained tables with 47
rows. The data extraction program was built assuming a
constant table’s structure, therefore it was incorporated
a cycle for passing through each table row. It could be
done in a broader way, and that is one of the improve-
ments included in the extraction program for integrated
scenarios.

C. Extraction from Integrated Scenarios

Similarly to the previous point scenarios, in the inte-
grated scenarios each prn file corresponds to a single fuel
factor value and each file contains information related to
variations of ∆ISA, Max S.R and weight. However, we
are now looking for a sequence of values that explain the
output variables over a period of time.

Tables no longer concern distinct and fixed ∆ISA and
Max S.R values, but there’s an unpredictable number of
tables (with no fixed number of rows) for the same values
of these input variables.

So that we can adapt to this new structure, a new RE
formulation is needed, in order to adjust to the following
changes:

1. Presence of new variables;

2. Changes in the input and output variables;

3. The number of table’s rows presented in the output
files is not fixed and depends on the input param-
eters given to PEP.

Points 1 and 2 are closely related to the formulation
of new RE expressions while point 3 affects the previous
program structure. Focusing on point 1, the new vari-
ables optimum weight for flight level (OWFL), thrust
limited weight (TLW ) and buffet limited weight
(BLW ) were observed in the heading of each table. Since
these variables were accompanied by the words ”IS” or
”EXCEEDS”, in each RE it was included a disjuction to
capt both statements. Moreover, output variables such
as time, fuel and distance appeared in tables columns
assigning a new configuration to the outputs tables.

Regarding point 3, the strategy for solving the problem
introduced by the variation of the tables dimensions was
to find a character or word common to all the files able
to indicate the end of each table. The chosen word was
’AIRBUS IFP-V18.1.0’ which is presented at the end of
all tables regardless of the input parameters chosen. This
decision allowed replacing the for cycle of the extraction
program proposed in the previous section for a while cycle
that runs until this stopping word is achieved. This word
possibly changes according to the IFP version considered,
therefore it must be included in the extraction programs
as a variable parameter.

D. Data Organisation

The information extracted from the output files is
stored and organized in a database according to sev-
eral characteristics such as computation type, scenario
or other input parameters. The database develop-
ment and management can be done through dbForge for
SQL Server which allows to design a database and im-
port/export data through a user-friendly interface. The
link between the database and Visual Studio was estab-
lished through Entity Framework, an object-relational
mapping tool that enables the user to manipulate and
query a database using an object-oriented paradigm such
as .NET Framework - this tool allows saving a lot of code
usually written by developers to access data from their
applications.

For both point and integrated scenarios several
database tables were created in order to store the val-
ues of all the relevant variables to this work. A summary
of the collected data dimensions is presented in the fol-
lowing tables.

Point scenario No tables No variables No records
OCAOS 1 26 312 785
MCAOS 1 26 64 108

TABLE I. Summary of the dimensions of stored data for point
scenarios.
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Integrated scenario No tables No variables Total No records
OCAOS 8 35 211 442

TABLE II. Summary of the dimensions of stored data for
integrated scenarios.

III. PROPOSED SOLUTION

Providing an answer to the main problem of this work
involves processing massive amounts of data, moreover,
this processing in the EFB context is much more demand-
ing due to computational limitations in a flight. There-
fore, our data analysis pretends to find an efficient way
of managing data, reducing it whenever possible.

The IFP progam can be seen as a ’black box’ which
recieves some inputs and after performing some unknown
calculations assigns values to the output variables.

One of the facts identified during the analysis of the
scenarios was that the input and output variables are dif-
ferent according to the type of computation under con-
sideration. However, not all of IFP’s variables were con-
sidered in our models - only the variables with different
values from the standard ones proposed by PEP will be
known as inputs to our models. On the other hand, all
output variables will be considered, unless the variable
wind. Actually, to accommodate a robust data collec-
tion process we assigned values to the IFP inputs. After-
wards, we looked for a balanced number of combinations
of such values in order to obtain a representative sample
of the output’s characteristics.

In order to decrease the total number of combinations
of the input values to be considered in the software we
instantiated the problem into two domains: firstly, the
definition of a subset of IFP’s input variables to be con-
sidered as inputs in our models; Secondly the definition
of ranges of values to be assigned to those model’s in-
puts. The input and output variables to each compu-
tation type were previously selected by TAP’s engineers
in accordance with EFB’s most relevant development is-
sues. Their ranges, however, may differ depending on the
scenario.

For point scenarios we have 4 input variables: fuel
factor, ∆ISA, Max S.R and weight; in order to model
13 variables: ALT , MACH, CAS, TAS, SR, WFE,
N1, EGT , CL, CD, ALPH, DRAG and FN .

Whereas, in the integrated scenarios we consider 5 in-
put variables: fuel factor, ∆ISA, Max S.R, stopping
condition and type; and 18 output variables: WGHT ,
MACH, CAS, TAS, time, fuel, DIST , SR, WFE,
N1, EGT , CL, CD, ALPH, FN , OWFL, TLW and
BLW .

A. Data Characteristics

Trying to accurately predict the results of the IFP pro-
gram for all possible input cruise flight conditions will not

be realistic without widely collecting the output values
for those conditions. As we may expect, for some input
conditions, the more data we have stored in our database,
the more accurate our models will be.

Within the context of cruise flight, we assumed PEP as
a baseline reference and consequently no fails in the IFP
program were considered. In addition, we are assuming
that there are no outliers in the output records. Based
upon these assumptions we formalize the data collection
process which preceded our analysis.

Definition 1. Let ct be a computation type. Sct is the
set of all possible IFP scenarios for ct.

Definition 2. Let ct be a computation type. Ict is the
set of all input variables considered in our models for ct.
Oct is the set of all output variables considered for ct.

Definition 3. Let k ∈ Ipoint be an input variable and
s ∈ Spoint some point scenario. Range(k, s) is the set
of values taken by v in the data collection process for the
scenario s.

Note that, if S is a set than S[m] is the m-th element in
S. In addition, if S is a set, then #S is the total number
of elements in S.

Definition 4. Let ct be a computation type and s ∈ Sct

some scenario. Assume that #Ict = m and #Oct = n.
Then by a data set Ts, for the scenario s, we mean a
collection of sets r(i) which we will call records:

r(1)
...

r(Totalrec)

r(i) =

{v(Ict[1], i), ..., v(Ict[m], i)︸ ︷︷ ︸
input values

, v(Oct[1], i), ..., v(Oct[n], i)︸ ︷︷ ︸
output values

}.

(1)

where v(x, i) is the value of the i-th record extracted
from PEP’s output files for some variable x ∈ Ict ∪Oct.

Only for point scenarios, we verified that the total
number of records (Totalrec) in the output files corre-
sponded to a multiplication of the range’s cardinality of
the four input variables. Again, this evidence is sup-
ported by our data collection’s dynamic where for each
fuel factor there is a range of possible values for ∆ISA.
But also, for each ∆ISA there is a range of Max S.R val-
ues which is also associated to a range of possible values
for weight. This means that the data storage capacity
can be predicted and is closely related to the product of
the input ranges.

Definition 5. Let s ∈ Spoint be a point scenario. The
total number of IFP’s output records for the scenario s
included in our data set is given by the expression:

Totalrec =

#Ipoint∏
i=1

#Range(Ipoint[i], s). (2)
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The data collection scheme for integrated scenarios is
very similar, however, due to the existence of a stopping
condition (time, distance or final weight) to determine
the end of computation, the calculation of the number of
records in our data set cannot be previously done.

Considering both computation types, we verify that
only the variables SR and WFE are dependent on fuel
factor. Therefore, in the data collection phase, when
considering the variables which are not SR and WFE
we can avoid providing fuel factor values to PEP and
consequently the number of output records decreases.

B. Models for Point Scenarios

In this subsection we present an effective and general
method for modelling PEP’s output variables throughout
several cruise flight conditions.

After completing the data collection process we ex-
pect to have a sequence of data sets containing infor-
mation about the scenarios being considered (definition
4). Moreover, our approach considers each variable sep-
arately which means that we are going to interpolate a
variable independently of the other outputs. Therefore,
we can formalize a 5-dimensional modelling problem tak-
ing into account the several input conditions.

Definition 6. By input conditions for point scenar-
ios we mean a 5-tuple whose first four components are
the values of each input variable and the 5th compo-
nent is the name of the output variable to be calculated.
The tuple can be represented by the following structure:
(Fuel factor,∆ISA,Max S.R,weight, output).

For certain input conditions we establish two possibil-
ities: the less likely is that we already have the output
solution stored in our database. In this case, this will
be the response given by our model. However, we may
not have it (a more common situation) and so we have
to search our database records for values of fuel factor,
∆ISA and Max S.R equal to the input conditions tuple
(weight is the one left free). Those records are now the
candidates to be interpolated.

In fact, for both cases we aim to define clear instruc-
tions so that we can create a computable procedure as
simple as possible. Thus we decided to threat both pos-
sibilities in a similar way.

Definition 7. Let c be an input condition, s ∈ Spoint a
scenario and Ts a data set. An extraction index for point
scenarios is a set of natural numbers defined as follows:

index(c, Ts) = {i ∈ N :c1 = v(FF, i),

c2 = v(∆ISA, i),

c3 = v(Max S.R, i)}.
(3)

The index definition (7) formalizes the process of find-
ing the records of a data set with relevant information

to be interpolated. This set contains each record number
whose values match the input conditions.

Definition 8. Let c be some input conditions, s ∈ Spoint

some point scenario and Ts a data set. An extraction for
point scenarios is a 5-tuple set defined by:

extraction(c, Ts) =

{(c1, c2, c3, v(weight, i), v(output, i)) : i ∈ index(c, Ts)}.
(4)

An extraction is a set of tuples in R5 (with the same
structure as the input conditions) whose first three com-
ponents (fuel factor,∆ISA and Max S.R) have con-
stant values. Therefore, for this set of points the fixed
components in all tuples do not give any information
about the tendency of the output variable and so can
be removed in order to transform our modelling problem
into an interpolation in R2.

Definition 9. Let c be an input condition, s ∈ Spoint a
point scenario, Ts a data set and extraction(c, Ts) an ex-
traction. By a section of an extraction for point scenarios
we mean the 2-dimensional set

section = {(x4, x5) : x ∈ extraction(c, Ts)}. (5)

The R solution consists of interpolating those points
(X,Y ) for a given section using the R function
interpSpline (package Splines), which receives a set
of two dimensional points and creates a natural cubic
splines interpolation. The spline’s evaluation for a cer-
tain weight value is performed through the use of the
predict function, which receives as input the natural
cubic spline (created in the previous instruction) and the
weight value, returning the evaluation of the spline in
that weight value. This evaluation corresponds to ob-
taining an approximation of the output value for those
input conditions.

For example, when predicting the input conditions
(1.00,−20, 0.90, 182533, ALT ) the result is:

predict(interpSpline(data),182533 )=38136.55.

1. Optimum Cruise Altitude at Optimum Speed

To obtain a representative dataset for this scenario,
in the IFP’s data collection, the values assigned to our
model’s input variables are the ones stated in the follow-
ing table (III B 1).

Let s = OCAOS, the conditions presented in table
III B 1 lead to the following ranges:

#Range(Max S.R, s) = 11
#Range(FF, s) = 11

#Range(∆ISA, s) = 55
#Range(Weight, s) = 47
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Input Start End Step
Fuel factor 1 1.1 0.01

∆ISA −25 30 1
Max S.R 0.9 1 0.1
Weight 120000 233000 11300

TABLE III. Values assigned to the input variables in the data
collection process for the OCAOS scenario.

By the expression 2 we expect to have a total of 312785
records stored in our database table.

Considering the input values: fuel factor = 1,
∆ISA = +5 and Max S.R = 100%, a graphical rep-
resentation of our solution is shown in figure 3.

FIG. 3. EGT data and natural cubic splines interpolation.

Figure 3 shows EGT (Exhaust Gas Temperature) data
interpolated by natural cubic splines. This method is au-
tomatically adjustable to all output variables. Moreover,
considering the same output variable and changing the
input conditions considered the data behaviour can be
significantly different as figure 4 shows.

FIG. 4. EGT data and natural cubic splines interpolation for
the input conditions: fuel factor = 1, ∆ISA = +7 and Max
S.R = 92%.

Therefore, this method is able to provide interpolation

models for such a high number of input conditions.

C. Models for Integrated Scenarios

Create models of performance variables in the inte-
grated scenarios follows a process similar to the point sce-
narios. However, some changes were introduced in order
to include the specific characteristics of this computation
type. Firstly, the input conditions are redefined so that
the changes in the input variables can be incorporated -
the removal of the weight variable and the introduction
of type and stopping condition as new inputs.

Definition 10. By input conditions for integrated sce-
narios we mean a 6-tuple whose first five components are
the values of each input variable and the 6th corresponds
to the output variable name. The tuple can be represented
by the structure:

(Fuel factor,∆ISA,Max S.R, type, sc, output).

While in point scenarios weight (considered as an in-
put) is our supporting variable for the interpolation, in
the integrated scenarios we are evaluating the evolution
of the performance variables between two different points
in time which makes variable time the most likely to be
the new supporting variable.

Definition 11. Let c be an input conditions for inte-
grated scenarios, s ∈ Sintegrated a scenario and Ts a data
set. An extraction index set for integrated scenarios is a
set of natural numbers defined as follows:

index(c, Ts) = {i ∈ N :c1 = v(Fuel factor, i),

c2 = v(∆ISA, i),

c3 = v(Max S.R, i),

c4 = v(type, i),

c5 = v(sc, i)}.

(6)

Definition 12. Let c be an input conditions for inte-
grated scenarios, s ∈ Sintegrated and Ts a data set. An
extraction for integrated scenarios is a 7-tuple set defined
by:

extraction(c, Ts) =

{(c1, ..., c5, v(time, i), v(output, i)) : i ∈ index(c, Ts)}.
(7)

Again, the extraction for integrated scenarios sets the
values for the input variables involved, that is, it estab-
lishes the first 5 components of an input condition. More-
over, both time and output are left free to vary.

Definition 13. Let c be an input conditions for inte-
grated scenarios, s ∈ Sintegrated an integrated scenario,
Ts a data set and an extraction(c, Ts). By a section for
an integrated scenario we mean a 2−dimensional set de-
fined as:

section = {(x6, x7) : x ∈ extraction(c, Ts)}. (8)
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As before, a section allows to reduce the problem’s di-
mension in order to be possible to apply a natural cubic
spline interpolation in R2. The new points to be interpo-
lated are of the form (X,Y ) where X corresponds to the
values of the variable time and Y to values of the chosen
output variable, respectively.

1. Optimum Cruise Altitude at Optimum Speed

Table III C 1 presents the ranges which were considered
in the data collection process for this IFP integrated
scenario.

Input Start End Step Categorical domain
Fuel factor 1 1 − −

∆ISA −30 20 1 −
Max S.R 0.9 1 0.01 −
Type − − − {odd; even}

stopping condition − − − {weight; dist; time}

TABLE IV. Range of values assigned to each input variable
in the data collection process for the OCAOS integrated sce-
nario.

FIG. 5. TAS data (above) and its natural cu-
bic splines interpolation (below) for the input condi-
tions (1,+7, 0.95, odd, 170000, TAS), considering weight as a
stopping condition.

In this section we considered 3 stopping conditions:
weight, distance and time. In the IFP, when consider-

ing weight as a stopping condition, we defined a constant
initial weight’s value of 233 000 kg in order to exclu-
sively have this variable in the outputs group. On the
other hand, we considered 2 distinct stopping weights:
150 000 kg and 170 000 kg.

For the simulations at which we considered distance
as a stopping condition, the bound of computations was
5000 nautical miles. Finally, considering the variable
time as the limit to our simulations, we experienced a
bound of 480 minutes.

In the example of figure 5, the original data seems to
consist of 4 different segments. However, our interpola-
tion does not isolate each segment identifying the exact
time value for the discontinuity. Nevertheless, in a naive
way it simply links the points as if they were part of the
same segment.

This is one of the points of improvements identified
during the tests phase. Thus, a following section is ded-
icated to this topic.

D. Challenges

When presenting a solution which can automatically
provide accurate models for PEP’s output variables in
different scenarios of cruise flight, some challenges may
be introduced by the data characteristics which we are
dealing with.

1. Discontinuities

In point scenarios we verified that for some input con-
ditions out of the ranges defined in table III B 1, the data
behaviour seem to be well modelled by a discontinuous
function. For example, although the recommended range
for Max S.R in the OCAOS point scenario is presented
in table III B 1, we collected PEP data from simulations
where this variable took values under 0.9 - which is very
unusual in the daily operations of an airline company.

FIG. 6. Altitude with respect to weight in the OCAOS point
scenario for the conditions: fuelfactor = 1, ∆ISA = +0.0,
Max S.R = 0.8.
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Similar examples as that in figure 6 show that due to
reasons such as legal impositions or unknown limitations
in the experiments carried out by Airbus, the output vari-
ables can assume an unexpected behaviour throughout
the weight evolution.

In point scenarios, such behavior is commonly found
in data whose input conditions consider an extremely
low Max S.R (but not only). Later, in the OCAOS
integrated scenarios these discontinuities became more
frequent, but in this case were repeatedly found within
EFB’s acceptable ranges (for example, figure 5).

In those cases, so that we can maintain a general and
automatic procedure, the high accuracy of the method
may be undermined.

2. Variables Dependent on Fuel Factor: SR and WFE

As mention before, in order to have SR and WFE data
represented in our database we had to introduced fuel
factor (FF ) in our input conditions, which otherwise
would not be necessary. Consequently we analyzed SR
and WFE tendencies throughout the variation of the
fuel factor input values, always considering the OCAOS
point scenario.

FIG. 7. SR models for the OCAOS point scenario and input
conditions: FF between 1 and 1.1 with step of 0.01, ∆ISA =
+0.0 and Max S.R = 100%. The first line from the top is the
graphical representation of the model for FF = 1, the second
line from the top is for FF = 1.01 and so on and so forth
until the last line which corresponds to FF = 1.1.

Figure 7 shows the results of the various interpolations
(using natural cubic splines) for SR data only considering
a FF variation. This input parameter assumed values
between 1 and 1.1 with a step of 0.01 (table III B 1).
This example is representative of what we found when
considering other input conditions: the SR interpolation
decreases in a quasi parallel line with the increase of FF .

We can take advantage of such relationship to save
data in our database or to determine unknown output
values for high levels of precision. If we want to define
a SR or WFE model for some input conditions σ which
have not been collected, we are able to provide an ap-
proximation of the real values by having a reference point
P1 (collected from PEP considering σ) and a model for
a certain input condition m which only differs from σ
in the FF value. Then restricting P1 to have the same
weight parameter as a given point P2 used to build m we
can easily create a model based on a translation by the

vertical vector
−−−→
P2P1.

IV. DISCUSSION

In this chapter we discuss the proposed solution by
briefly presenting some well known interpolation meth-
ods. Moreover, we intend to highlight the main differ-
ences between those methods and the adopted solution
and also to show their strengths and weaknesses when
applied to IFP’s data.

Nevertheless, it is of the utmost importance to focus
on the inclusion of the models in the EFB. Therefore, a
wide range of aspects should be taken into account, such
as accuracy, computational demand, data dependency or
adaptability to each output variable.

1. Linear Interpolation

Linear interpolation is the simplest method for inter-
polating two dimensional data. It consists of connecting
points using a straight line i.e a polynomial of degree 1
or 0 such that P (xi) = yi. Let S be the set of points to
be interpolated

S = {(x0, y0), ..., (xn, yn) : x0 < x2 < ... < xn}.

The linear interpolation Pi is a continuous piecewise func-
tion defined in the interval i through the expression:

Pi(x) = yi−1 +
yi − yi−1
xi − xi−1

(x− xi−1) i = 1, ..., n. (9)

This method was also applied to some of our output
variables in order to observe its adjustment to their char-
acteristics. The linear interpolation method was per-
formed in R through the use of the aproxfun function
which receives 2 numeric vectors of the same length with
the coordinates of the points to be interpolated. When
its method option is set to linear, it returns the func-
tion which performs the linear interpolation in the given
points.

However, this is a näıve approach which is unable to
precisely capture a curved behaviour given for example
by a non linear tendency of the points to be interpolated.
In addition, a large part of our variables follows non linear
behaviours and so this interpolation type would not be
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the most suitable. In figure 8, the linear interpolation is
compared with splines for the output variable CL.

FIG. 8. Comparison between linear interpolation and splines
for the OCAOS point scenario. The input conditions con-
sidered were: FF = 1, ∆ISA = −25, Max S.R = 99%,
output = CL and weight values between 120000 and 145000.

Therefore, the major strength of this method is its sim-
ple implementation even though it could be somehow in-
accurate for most of our output variables.

2. Polynomial Interpolation

Regarding polynomial interpolation we applied La-
grange interpolation to IFP data. Again we consider
the set of n+ 1 points to be interpolated

S = {(x0, y0), ..., (xn, yn) : x0 < x2 < ... < xn}

in order to find a polynomial function P of degree at most
n such that P (xi) = yi.

The Lagrange interpolating polynomial is defined by:

Pn(x) =

n∑
i=0

Li(x)P (xi). (10)

The Lagrange formula, Li, works as a weight in yi and
so it has to be computed at each point in S. Moreover, it
is at most a polynomial of degree n since it is the product
of n monomials defined by:

Li(x) =

n∏
j=0,j 6=i

(x− xj)
(xi − xj)

. (11)

Nevertheless, Lagrange polynomial can be very ex-
pensive to evaluate, particularly in the OCAOS point
scenario in which we are considering 47 nodes equally
spaced. Actually, so that we could be able to include in
this work an example of Lagrange interpolation applied
to PEP’s data, we had to extremely reduce the number
of nodes and present a simpler example.

We performed in R the Lagrange interpolation, us-
ing the function poly.calc (from the package polynom)
which receives 2 numerical vectors of the same length
with the coordinates of points to be interpolating and
returns the expression of the interpolant polynomial [5].

Figure 9 shows an example of Lagrange in-
terpolation applied to altitude data, using a
quadratic function although considering 3 not equally
spaced nodes: x<-c(120000,127500,145000) and
y<-c(47181,45923,43225).

FIG. 9. Interpolation of altitude data using Lagrange
method. The input conditions considered were: FF = 1,
∆ISA = −25, Max S.R = 99% and weight values between
120000 and 145000. The red points were used to define the
interpolating polynomial, whereas the points with no fill rep-
resent data available in our database but not used in this
occasion.

Therefore, the interpolating polynomial is given by the
expression:

P2 = 5.424762× 10−7x2 − 0.3019962x+ 75608.89. (12)

V. CONCLUSIONS

A. EFB Suitability - Recommendations

Considering the splines solution and its inclusion in
the EFB there are few comments which should be made.
Firstly, implementing this solution would require either
including PEP’s data or the models themselves in the
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EFB. However, it could be computationally expensive
considering the available EFB resources and its architec-
ture.

During the course of the flight and assuming that there
is no communication between the aircraft and the flight
planning system, whenever the pilots pretend to optimize
the variables which have impact in the aircraft perfor-
mance they will have to rely on PEP’s information in
the EFB. Models have to be automatically created and
instantiated in order to produce a single output (point
scenarios) or a sequence of functions which describe the
behaviour of a performance variable during a period of
time (integrated scenarios).

Secondly, it would be more advantageous from the op-
erational point of view to reduce the number of polyno-
mials needed to have these performance variables repre-
sented. This can be done in different ways: concerning
the interpolation methods addressed in this work, poly-
nomial interpolation is the most adequate to do so. How-
ever, defining the interpolating polynomial through an
automatic procedure to all the input conditions needed
for a flight may be computationally demanding as well
as probably inaccurate.

Splines interpolation is an accurate method when deal-
ing with all of those different variables (unless there are
discontinuities) and that is a strong positive point. How-
ever, it would be demanding to store in a database all
interpolations needed for such large number of input con-
ditions. Therefore our recommendation is to reduce the
number of input conditions whenever possible to the bare
necessary on a given flight.

In conclusion, taking into account that a final solution
would probably combine several interpolation methods,
if TAP’s option is to include the various interpolation
methods into the EFB they would have to find a com-
patible library for .NET or create an efficient implemen-
tation of those methods compatible with the EFB’s pro-
gramming paradigm.

VI. FINAL CONCLUSIONS

The major achievement of this thesis was to provide a
complete guide for the process of modelling data retrieved
from the Performance Engineers’ Programs software, in
order to include those models in an Electronic Flight Bag
system.

Firstly, we presented 2 distinct algorithms based on
Regular Expressions to effectively extract data from
PEP’s output files. Secondly, we propose a method to
organize our database reducing whenever possible the
stored data - at this stage the identification of data char-
acteristics was crucial and showed that for the variables
which are not SR and WFE the consideration of fuel
factor as an input is completely irrelevant.

The core of this thesis was the interpolation of each
IFP output variable using natural cubic splines. This
technique allowed us to provide a general solution, adapt-
able to each output with a high level of accuracy. More-
over, we verified that this method is also adjustable to
the scenarios of both point and integrated computation
types.

We concluded that our output variables exhibited dif-
ferent trends and some of them suggested to be well mod-
elled by discontinuous functions. In these situations, the
discontinuity zones seem to be unpredictable.

Finally, we discussed our proposed solution comparing
it with other interpolation methods and presenting a final
recommendation for including this methodology in TAP’s
EFB system.
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