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Abstract

The purpose of the present master thesis is to optimize the current fuel tank simu-
lations procedure for the next generation of JAS 39 Gripen fighters developed by SAAB
AB. The current simulation process involves three different steps performed in three
different computer environments. While the procedure works reasonably well on the fuel
tank models of the previous version of the aircraft, it is too slow for the new Gripen
tank models and their high level of detail. An optimized version of the procedure is put
forward, which allows for tank analysis and fuel system simulation within reasonable
time frames. Suggestions are made for future improvements.
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Chapter 1

Introduction

It is a lot cheaper to correct an error in the design phase than in the production phase of
any engineering project. Recent years have seen the development of techniques aiming
at exactly this purpose. They can all be gathered under the umbrella of Model Based
System Engineering (MBSE). The advantages of MBSE extend beyond the pragmatical
one stated above, and an extensive, but not exhaustive list can be found in [1].

The Vehicle Systems Simulation and Thermal Analysis department at SAAB Aerosys-
tems in Linköping focuses on the modeling and simulation of all aircraft systems, among
which the fuel system of the JAS 39 Gripen New Generation (NG). As a rule of thumb,
the fuel system is the most important and complex fluid system of any aircraft [2]. While
for commercial aircraft the layout of the fuel system is fairly simple (two wing tanks and
sometimes a fuselage tank), the reduced dimensions of military aircraft deprive these
of such lavishness and force the engineers to store fuel wherever there is some space to
spare. This leads to several separated fuel tanks, each with their own complex geometry,
intertwined with other aircraft components. For instance, the tank positioning inside the
JAS 39 NG is presented in Fig. 1.1, and the geometries of two fuel tanks are presented
in Fig. 1.2 and Fig. 1.3

This complex geometry needs to be accounted for when one is executing fuel system
simulations. Previously, SAAB reduced the fuel tank models to simple squares when
performing system simulations, and this had a considerable effect on the accuracy of the
resulting data. Therefore, not only the accuracy of the geometrical characteristics of the
fuel tanks needs to be improved, but also that of the information about the fuel’s center
of gravity in the tanks, about the distances between the fuel surface and different ports
existent in the tank, as well as of other details.

This thesis aims at presenting an improved methodology of upgrading the existing
2D tank models of the JAS 39 Gripen NG, based on the methodology presented in [3].
The outline of the procedure remains the same; however, the author tried to address
some of the issues raised by Wikström in terms of analysis optimization, with more or
less satisfactory results.

The outline of the paper is as follows: Chapter 2 specifies the problem to be solved
and its background. In Chapter 3, the best method for approaching the problem is
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Figure 1.1: The outline of the Gripen NG fuel system components

Figure 1.2: A type of geometry for a fuel
tank

Figure 1.3: A second type of geometry for a
fuel tank

described. Details are provided about why other tested paths have been abandoned.
Chapter 4 presents the most important results, which represent the basis for the discus-
sion in Chapter 5. Chapter 6 rounds up the critical points of the method and sums up
the conclusions that can be drawn. Graphs and other information which the author con-
siders to be relevant, but which would have disrupted the flow of the paper are included
in the Appendix.
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Chapter 2

Background

2.1 Problem definition

2.1.1 Fuel tank models

Behind most regulations lies an accident where people got injured or killed. Some events
were completely unforeseeable, but others could have easily been avoided with better
safety procedures, better maintenance, and, more often than desirable, better engineer-
ing. Testing and verification of each system and of the complete aircraft should not come
as a last phase in the design project; on the contrary, they should accompany every stage
in the aircraft design process.

The relevancy of the situation to the fuel system of the Gripen can be described by
a simplified example of engine flameout. The high maneuverability of combat aircraft
unavoidably leads to fuel moving around in fuel tanks. We assume the aircraft does not
have much fuel left, and performs a sharp nose-down manoeuver. This leads to negative
Gs acting on the aircraft, and the fuel moving in the tanks accordingly, away from the
pipe port corresponding to engine fuel feed. The aircraft then experiences a flame-out,
i.e. the extinction of the flame in the combustion chamber of the engine, a potentially
deadly occurance.

Anticipating and preventing this situation from happening from the early design
phases of the aircraft is done by developing a complete model of the fuel system and
testing it for all the manoeuvers the aircraft is allowed to perform. A few decades ago, the
engineers would have built an exact model of the fuel tank, filled it up with fuel, moved
it around to fit the acceleration vector orientations and written down the measurements.
Considering that the normal operational range of JAS 39 Gripen is ±20◦ around the
yaw and roll axis and 360◦ around the pitch axis, there was a total of 900 acceleration
vectors to be tested, if the step between them was of 10◦. Naturally, the process would
have taken a very long time.

Nowadays there is the advantage of computing power, and no solid physical model
needs to be developed anymore. Technology today allows for virtual representation of
any system, at any desired accuracy level. The ideal is to have results as close to reality
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as possible, but there is a trade-off between accuracy and the time a simulation takes
in order to reach the set error threshold. One could opt for the simplest, 2-dimensional
model. On the one hand, it requires the least computing power, and it generates the
fastest results. On the other hand, it does not quite fit the accuracy requirements
imposed by the example above. A 3-dimensional model, on the other hand, would
furnish the information about the fuel’s whereabouts and would facilitate establishing
which would be the best pump inlet position to avoid the engine burnout. The downside
is, of course, the simulation time.

There are other pieces of information which the fuel system model needs to provide.
There are fuel level sensors placed inside the tank which indicate when the aircraft is
running out of fuel, as well as when there is a risk of overfilling during refueling. These,
too, need to have optimal positions so as not to give incorrect readings, and this position
can be indicated by an accurate enough system simulation.

Moreover, the aircraft maneuverability is controlled by the position of its center of
gravity (CG). This is affected, in turn, by the CG position of each fuel tank. As the fuel
level drops, the CG inside each fuel tank moves around, affecting the overall CG of the
aircraft. These positions need to be calculated and simulated as accurately as possible
in order to have a useful, working model of the fuel system.

Therefore, an optimal 3-dimensional model of the fuel tank shall:

• provide accurate information about the fuel surface position in the entire operating
range of aircraft orientations and at all fuel quantities available

• provide accurate information about the center of gravity of the fuel tanks in the
entire operating range of aircraft orientations and at all fuel quantities available.

• provide accurate information about the fuel flow between tanks, based on the
correct tank geometry

• take into account both the acceleration acting on the entire aircraft’s CG and the
moment around it.

The optimal model of the fuel tank should:

• require the least amount of user input

• require the least amount of time to execute.

2.2 Current situation

The current tank models used for simulation purposes at SAAB are mostly in the 2-
dimensional version. However, 3-dimensional CAD models of the tanks (made in CATIA
V5) are available, but they cannot be linked as they are right now to the simulation
program Dymola. The right information (namely the center of gravity and the position
of the fuel surface for every acceleration vector orientation) needs to be extracted and
fed into the simulation program. Moreover, the model needs to be valid not only for the
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acceleration vectors used during tank analysis, but also for other input data. Therefore,
some sort of generalization formula needs to be implemented.

As mentioned before, a method was devised by Wikström in [3]. There are, however,
some indicators that the method is not the optimal one. During tank analysis for the
extraction of the CG and fuel surface data, CATIA runs into memory leakage problems,
which slows down an already quite lengthy process. Moreover, the analysis generates a
lot of data. This is treated in MATLAB, where a number of representative data inputs
are chosen, so that with an appropriate function defined in these points, an accurate
approximation of the entire data range can be given. The parameters defining these
functions could also be fine-tuned so that the simulation in Dymola takes a shorter time.

Moreover, the existing fuel system model takes into account only the acceleration
acting on the CG of the entire aircraft. The effects of the moment around this point on
the fuel tanks are not accounted for.

2.3 Restrictions, limitations and assumptions

There are a few limitations which apply to the problem at hand. The computing power
is restricted to a quad-core processor computer with 12 GB of RAM for the CATIA-
related processes and CATIA V5R19 is run on a server installation. For MATLAB and
Dymola, a computer with an Intel Core2 Duo processor working at 2.53 GHz and 3.45
GB of RAM available memory is used, and both programmes are locally installed on the
machine.

Several assumptions are made in order to create the fuel tank model:

• the fuel surface is always perpendicular to the acceleration vector

• the fuel surface is a planar surface (no sloshing)

• the fuel is evenly distributed within the different compartments of a tank, due to
sloshing (or fuel pumps, depending on the tank geometry).

Although the last two points might seem contradictory, the last but one point elim-
inates the sloshing effects on the fuel surface, while the last one deals with the sloshing
effects in terms of fuel volume and distribution; therefore, one can be safely ignored
while the other one is still accounted for.
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Chapter 3

Method

3.1 Overview of the current method

Getting from the existing 3D CATIA tank models to performing a dynamic fuel tank
simulation involves three major steps:

1. CATIA: analysis of the CATIA models ⇒ CG and fuel surface data (1)

2. MATLAB: treatment of (1) ⇒ approximating function parameters and represen-
tative data points (2)

3. Dymola: import of (2) ⇒ dynamic fuel tank simulation.

3.1.1 CATIA - Analysis of the fuel tank CAD models

Each fuel tank in the JAS 39 Gripen has its own CAD model, and the analysis extracting
the CG and fuel surface data needs to be performed on each of them. The analysis itself
consists of a series of macros, written in VBScript, and a couple of steps executed by
hand. The original version of the macros, the basis for this thesis work, can be found in
[3]. In a nutshell, the steps of the analysis are as follows:

Macro 1 - Makes a new model The first macro takes the original fuel tank and copies
it into a new .CATPart file, removing all information regarding how the tank was built.
All we are left with is a “dumb” solid (meaning that it does not contain any identifiable
features anymore, such as Hole or Pad, and the Specifications tree of the part contains
only one item - a solid, i.e. the fuel tank.). The file size is considerably reduced; for
Tank 2 aft, it drops down from 200 MB to 90 MB.

Macro 2 - Prepares the model This macro creates the elements needed during the anal-
ysis: two identical bodies, “reference” and “fuel”. “reference” is the body needed for
comparison reasons, while“fuel” is the body on which the analysis will be performed.
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“reference” inertia measurements The third steps involves the user, who needs to insert
inertia measurements on the “reference” body. They include the center of gravity and
the volume of the tank and the dimensions of the bounding box (a virtual box in which
the fuel tank would perfectly fit).

Macro 3 - Prepares the analysis This macro creates all the points, lines and planes which
will be used during the analysis.

“fuel” inertia measurements The user is prompted to insert inertia measurements on the
“fuel” body and a measure on the point on the fuel surface.

Macro 4 - Performs the analysis This is the macro which actually does the required
operations. It reads the acceleration vector orientations from a .csv file and changes the
orientation of the “acceleration line” created earlier according to the input. The points
defining the “acceleration line” are the coordinates read from the .csv file and the CG
of the “reference” body. The script then moves the cutting plane along this line, splits
the body at each cutting plane’s position and writes to a file the resulting volume, CG
and fuel surface data.

3.1.2 MATLAB - Data treatment

Up to now, information about the CG and the fuel surface is known only at the points
given by the x, y and z components of the acceleration vector and the fuel volume.
During the upcoming Dymola simulation, however, the algorithm needs to be able to
approximate at points different from the ones extracted from CATIA. In order to accom-
plish this, an approximating function needs to be found. The methodology proposed in
[3] uses the Gaussian function as an approximating function, which is one of the repre-
sentatives of the Radial Basis Functions family described later in the text. The result
of the MATLAB step is a file containing all parameters and definition points for the
approximating function.

3.1.3 Dymola - 3D model of the fuel tank and dynamic simulation

The data generated from the previous 2 steps is inserted into the tank model in Dymola.
This model, in turn, is included in a simplified fuel system model consisting of pipes, a
source and a sink, as well as of environment settings saved in the “system” component,
as shown in Fig. 3.1.

The Dymola simulation helps to better understand the dynamic movement of fuel
within the tanks during aircraft maneuvering. Among other data, it provides accurate
information on the hydrostatic pressures at the pipe inlets within the system.

7



Figure 3.1: A one-tank simulation model

3.2 Current method optimization possibilities

The major downside of the analysis method presented above is that it takes a long time to
be completed (several days, or even more than a week for one tank only). Therefore, each
of the 3 different steps of the analysis has to be optimized with respect to computational
time. Moreover, CATIA runs into memory problems when the CAD tank files are above
20-30 MB (the available RAM drops too fast towards 0 MB) and is sometimes unable
to complete the analysis. This is another issue to be addressed. The sections below
describe the different approaches for each step involved:

3.2.1 CATIA

In order to ensure a high level of accuracy, the original Gripen tank models are very
detailed. As mentioned in Section 2.1, this leads to long analysis times, which is im-
practical for the purpose of any simulation. Therefore, one of the goals of the thesis was
to find a way to simplify either the CAD models themselves, or the analysis algorithms.
Both paths would, theoretically, lead to reduced analysis times. Several methods have
been tested:
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• Algorithm optimization

• Tank model simplification

Algorithm optimization

Memory leaks One of the first issues to address in the original analysis algorithm are
the memory leaks. Memory leaking is a well-known CATIA problem [12]. The common
way to solve it is by closing and reopening the CATIA session when the system is visibly
slowed down. However, the CAD environment used at SAAB makes the automation of
this process impossible, so an easier approach consisting of closing and reopening only
the part file undergoing analysis was chosen. Closing and reopening the file can be done
whenever the user thinks fit. Given that the procedure involves reassigning the initial
variables, a compromise between the slowdown caused by memory usage and the one
caused by closing and opening the fuel tank file needs to be found.

Another method to avoid the problem is to write a “clean” script, where every
variable and object is discarded from memory when it is not needed anymore, and
where there are no redundant commands.

Batch analysis Batch mode decreases the execution time of any macro. Running in
“batch” means that the system does not load any interactive user interface, and there is
no need to allocate resources to constantly update the screen [4]. The downside is that
the macro needs to be completely flawless, since any warning pop-up window cannot be
seen and clicked by the user. In other words, CATIA might display messages or prompt
for user input, but since the interactive mode is not loaded, the user is not aware of
it. Hence, he or she cannot execute the required commands which the analysis needs
in order to progress. The analysis will be stuck at that step indefinitely. A thorough
testing prevents this from happening, but there might be other error messages CATIA
could display, regarding errors unrelated to the macro itself, which cannot be anticipated
and accounted for. If these appear, there is no way for the user to know something has
gone wrong until the expected analysis time will have passed. Since the computing time
frame in question is of days or weeks, this solution is not feasible.

Multi-core processing CATIA V5, the version available at SAAB, does not have the
multi-core processing functionality. A possibility to use the 4 processors is by splitting
the acceleration vector into 4 smaller vectors, and run 4 separate analysis in 4 distinct
CATIA sessions at the same time. Each session would treat a different acceleration
range. At the end of the 4 analysis, the user would just have to copy and paste the
results into a single file.

Unified macro An issue which does not relate to analysis time but leaves room for
improvement is the fragmentation of the proposed analysis process in [3] into 4 separate
steps and a series of user input actions. The separate macros could be condensed into
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a single one. The resulting macro will be completely automatized, and the user would
simply need to click on the Run button.

Tank model simplification

The method which would accelerate the analysis the most is the simplification of the
fuel tank models themselves. This means removing all the holes and other features
having the volume below a certain threshold. Unfortunately, due to the construction
method of the fuel tanks, the lack of descriptive academic publications on the topic, the
early development stage of the CATIA Feature Recognition (FR1) tool and due to the
author’s limited experience in CATIA scripting, there could not be found an automated
way of tank simplification. Manual removal was disregarded, since the tank models are
so different in construction and since the outcome of the process is highly dependent on
the user. Moreover, this method involves the same general steps as the current analysis,
performed in a more thorough manner: scanning the tank model file from feature to
feature, identification of features with a volume less than a certain threshold, removal of
features and recreation of surfaces. Even if the automation of the steps went smoothly,
performing them would most likely take a time comparable to the analysis itself.

Digital Mock-Up (DMU) Optimizer functions According to CATIA V5R19 user manual
[11], DMU Optimizer computes an optimized geometrical representation of CAD data.
Two of its functions are of particular interest for the purpose of the thesis: Wrapping
and Simplification. Both of them generate a simplified version of a CATIA part. There
are two concerns regarding the method:

• The model resulting after wrapping does not contain any details of the interior of
the tank

• The model resulting after wrapping/simplification is merely a graphical represen-
tation of the real fuel tank; it does not contain any details regarding mass, inertia
etc [11].

A possible way to overcome the second concern is to compute the wrapping or sim-
plification, import it into the Quick Surface Reconstruction (QSR) workbench where a
surface could be extracted from the generated grid. The resulting surface could then
be translated into a body in the Part Design workbench. Since SAAB did not hold a
licence for the QSR Workbench at the time of the method development, a workaround
was developed:

• Generate the wrapping/simplification of the part in DMU Optimizer. This results
in a simplified version of the tank, consisting of surfaces only (all other solid-specific
data is lost).

• Save the resulting file as a .model file (obsolete CATIA V4 file type)
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• Open the .model file and use the CATIA V4 to V5 migration utility. The utility
was intended for ease of data migration between the two CATIA versions. In this
situation, since the .model file contains only surfaces, the resulting .CATPart file
contains only surfaces as well.

• In the Generative Shape Design Workbench (GSD), use the Join tool with a merg-
ing distance of 0.001mm.

• Switch to the Part Design Workbench (PD1) where the surface can be closed using
the Close tool. This creates a Body which the scripts can work on.

There are several downsides to this methodology. It works smoothly for some tanks,
while for others it creates countless error messages. The problems causing them are
usually tedious to be identified. They usually refer either to some surfaces overlapping
each other, or, not being in contact when they should be. The user can identify the
surfaces causing the problem and fix them, but this requires CATIA knowledge, and the
analysis was intended at people without previous knowledge of the programme. The
other option is to choose to ignore the message, or remove the faulty surfaces from the
Join definition, but this means removing important parts of the tank and could result
in a very inaccurate representation of it.

Another critical issue which led to the abandonment of the method is the fact that
after performing the V4 to V5 migration the tank file contains 4 times more surfaces
than in the original tank, and consequently was up to 4 times bigger in size. The number
of surfaces can be somewhat reduced by decreasing the accuracy, but the gain in time is
too small compared to the sharp loss in accuracy. The problem is illustrated by Figures
3.2 - 3.5.

The difference in the level of detail is shown by Figures 3.6 and 3.7. Moreover, as
shown by Fig. 3.5, the wrapping does not contain any interior elements of the fuel tank.

It should be mentioned that a Quick Surface Reconstruction licence was offered by
Dassault Systèmes by the end of the master thesis, and the DMU Optimizer functions
were tested again. While the Workbench made it easier to transform wrapped and
simplified tank models into solid bodies, the problems regarding the deletion of the
interior elements were still applying.

CATDUA - CATIA Data Upward Assistant Another method to decrease the file size
of the fuel tank parts is using the CATDUA utility. This tool deletes ghost links,
redundancies and other code errors accumulated while creating the CATIA part. As a
rule of thumb, the bigger the part file is, the bigger the size difference after file cleanup.
The CATDUA utility can be used several times: on the original tank model, on the
“dumb” solid resulting after the first script was run, and so on. Due to simplicity’s sake,
and considering the fact that after the first CATDUA run on the original tank model
the size reductions are insignificant (a few hundreds of kB compared to an initial cut of
around 10 MB), the utility is only used once for each tank.

CATDUA is accessed from the File - Desk... menu while a .CATPart file is open, as
shown in Fig. 3.8. The interface should look as in Fig. 3.9.
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Figure 3.2: The difference between the initial and the resulting number of triangles after
wrapping

Figure 3.3: Section through the original CAD model for Tank 4

Surface extraction The surface extraction method involves using the Extract Surface
with Point Extraction command in the Generative Shape Design Workbench. The user
chooses a surface on the fuel tank body, and the command automatically selects all
the surfaces which are linked to the initial surface directly or through neighbors. The
method is not flawless: as in the case of the Wrapper function of DMU Optimizer, only
the exterior surfaces are selected; if the pipes and other interior components of the tank
are completely isolated from the user-selected surface, they will not be included in the
resulting model.

3.2.2 MATLAB approach

In order to optimize the fuel system simulation with respect to time, a function needs
to be found which would approximate the data generated from the CATIA analysis in
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Figure 3.4: Section through the simplified
CAD model for Tank 4

Figure 3.5: Section through the wrapped
CAD model for Tank 4

Figure 3.6: Detail of the original CAD
model for Tank 4

Figure 3.7: Detail of the wrapped CAD
model for Tank 4

Figure 3.8: Accessing the CATDUA utility from the Desk... window
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Figure 3.9: The main window of the CATDUA utility

the best way and which requires the shortest computation time when implemented in
Dymola. The most commonly used data approximation methods are based on Gaussian
kernels. However, any function with local (or compact) support (i.e. functions defined
on a set of points S and which depend on a compact subset of S and are 0 outside of it,
as defined in [13]) can be the kernel of a Radial Basis Function approximation, and the
following have been tried:

• the Gaussian function

• the inverse quadratic function

• the inverse multiquadric function

• the rational quadratic function

• The ψ functions of Wendland.

There are many other data approximation methods which are not part of the Radial
Basis Functions family. Out of these, two are tested:

• B-splines

• Lipschitz interpolation.

Radial Basis Function Networks

Radial Basis Functions (RBF) Networks are one of the best ways of approximation of
multi-variate scattered data, due to their excellent approximation properties [7]. In
short, they can be visualized as an “input - process - output” system. The input is
the data generated from CATIA - the x, y, z components of the acceleration vector,
the fuel volume, the x, y, z coordinates of the fuel surface and the corresponding ones
of the center of gravity of the fuel in the tank. The output is a function, s, which
can give a good approximation of the data for inputs different than the ones where the
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value of the exact function is known. The approximating function is defined using fewer
points than the ones available in the input data (points which will be called centers). A
representation of the network is shown in Fig. 3.10.

Figure 3.10: An RBF network schematic

The middle layer, the so-called “process”, is defined using the RBF functions them-
selves. The approximating function s is given by Eq. (3.1),

s(x) =
∑
xi∈Ξ

Wxiφ(‖x− xi‖), (3.1)

where x are the points where the approximation function is calculated, xi are the centers
with respect to which the function is defined and ‖·‖ is the Euclidean distance between
the points, given in Eq. (3.2). The factor Wxi is a weighing factor associated to each
center. It is determined such that the error between the approximation function and the
real function is minimized.

‖q − p‖ =
√

(q − p) · (q − p). (3.2)

The centres are selected using the orthogonal forward regression algorithm, presented
in [8]. They could be selected at random, but the algorithm uses the modified Gram-
Schmidt orthogonalization procedure to select the centers which minimize the error in
the least-squares sense. It starts from a large set of potential centres - basically, all
the data resulting from the CATIA analysis, filtering them until the error sinks below
a specified threshold. When this happens, the algorithm returns the selected centres
and their corresponding weights and writes them to a file to be used in the dynamic
simulation in Dymola.
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All the RBF networks work according to the same principles. The differing factor
is the function φ, which makes up the linear combination defining the approximating
function s. It is ideal for this analysis to have functions with local support, so that
new input data would not influence points situated far from it. As stated above, several
possible functions have been tested.

The Gaussian function

The Gaussian function is one of the most used kernel functions for a RBF network. It
takes the form given in Eq. (3.3):

φ(‖x− xi‖) = e−k‖x−xi‖2 , (3.3)

where xi are the center points, k are the scaling factors and ‖x− xi‖ is the Euclidian dis-
tance between the points and the centers. A simple example which shows the behaviour
of an approximating function with Gaussian kernels is shown in Fig. 3.11.

Figure 3.11: The shape of the Gaussian kernels around the selected centers (dash-dot
lines) and the resulting approximation function (continuous line). The data to approxi-
mate is marked with black dots.

The parameter k and the maximum error can take different values, and this influences
the result of the approximation. The influence of the scaling factor k is shown in Figures
3.12 - 3.14. The smaller the scaling factor, the wider the bell around the selected centers.
This means that as the bell gets wider, points situated further and further away influence
the approximation value at the calculation point x. As for the accepted error, there is
an optimal value, which is described in more detail in Section 4.2.1. For the sake of
observing the error influence on the simulation time, combinations between two error
values and the k parameter are tested: k = 0.05, 0.4, 0.8, 1.0 and error = 1 (sometimes
other values, due to MATLAB memory problems) and the optimal value. A comparison
between the resulting approximations using the 4 different scaling factors is given in Fig.
3.15.
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Figure 3.12: Comparison between the Gaussian function with k = 1.0 (blue, continuous
line) and k = 0.8 (pink, dotted line); the corresponding approximations are in the
respective thicker lines; the data points are marked with black dots.

Figure 3.13: Comparison between the Gaussian functions with k = 0.8 (as before) and
k = 0.4 (green, dash-dot line); the corresponding approximations are in the respective
thicker lines; the data points are marked with black dots.
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Figure 3.14: Comparison between the Gaussian functions with k = 0.4 (as before) and
k = 0.05 (red, continuous line); the corresponding approximations are in the respective
thicker lines; the data points are marked with black dots.

Figure 3.15: Comparison between all the four Gaussian functions resulting approxima-
tions, marked as before.
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The inverse quadratic

The inverse quadratic function is given by the formula in Eq. (3.4):

φ(‖x− xi‖) =
1

1 + (k ‖x− xi‖)2
. (3.4)

As before, Fig. 3.16 presents the shapes of the inverse quadratic kernel functions
in a two-dimensional space and the resulting approximation and Fig. 3.17 presents a
comparison between the approximation function based on inverse quadratic kernels and
the corresponding one built with Gaussian kernels.

Figure 3.16: The shape of the inverse quadratic kernels around the selected centers and
the resulting approximation function; the data points are marked with black dots.

The scaling factor k appears as a parameter for the inverse quadratic function, too.
Fig. 3.17 shows that for the same scaling factor, the inverse quadratic function is of a
more global nature than the Gaussian, with wider bells and lower peaks. The approxi-
mation function closely follows the data, with small over and undershoots. The Gaussian
offers a slightly better fit, but the difference is not big enough to decisively rule out the
inverse quadratic as a possible kernel function.
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Figure 3.17: Comparison between the approximating functions based on the inverse
quadratic (pink, thick, continuous line) and Gaussian (blue, thick, dashed line) kernels;
k = 1.0 for both functions. The kernel functions are plotted in corresponding thinner
lines.

The inverse multiquadric

The inverse multiquadric has the form presented in Eq. (3.5):

φ(‖x− xi‖) =
1√

1 + (k ‖x− xi‖)2
. (3.5)

The parameters appearing in the equation have the same definition as in the case of the
Gaussian and the inverse quadratic functions. The shapes of the kernel functions in a
2D space are presented in Fig. 3.18. Fig. 3.19 presents a comparison between three
approximation functions of the same data - one based on inverse multiquadric kernels,
one on inverse quadratic, and the other one on Gaussian kernels.

Fig. 3.19 shows that the inverse multiquadric offers the least oscillating approxima-
tion function, which satisfactorily fits almost all the data points, with the exception of
the points in the right-hand side of the graph. The Gaussian and the inverse quadratic
follow more closely the data, but undershooting and overshooting around it. This is due
to the shape of the kernels: for the inverse multiquadric, the bells are wide and most of
the peaks seem to be outside of the data range, while for the Gaussian and the inverse
quadratic there are numerous peaks, and the approximation functions, being a weighted
summation of those, ascend and descend accordingly.
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Figure 3.18: The shape of the inverse multiquadric kernels around the selected centers
and the resulting approximation function; k = 0.8.

Figure 3.19: Comparison between the approximating functions based on the inverse
multiquadric (green, dash-dot line), the inverse quadratic (pink, dotted line), and the
Gaussian (blue, continuous line) kernels; the thin lines correspond to the kernel functions
around the center points, while the thicker lines are the approximation function. The
data points are marked with black dots. All the scaling factors k have a value of 0.8.
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The rational quadratic

The expression for the rational quadratic kernel is given by Eq. (3.6):

φ(‖x− xi‖) = 1− ‖x− xi‖2

‖x− xi‖2 + 1
. (3.6)

There are no scaling parameters in the definition of the rational quadratic; the value
for the added constant in the denominator can, however, be changed.

Fig. 3.20 shows the shape of the kernel functions and the resulting approximations.
There are no significant differences between this function and the rest of the tested
RBF functions. Here, as well, there are significant over- and undershoots, especially
at the end of the approximation interval. Fig. 3.21 illustrates the behaviour of the
rational quadratic in comparison with the Gaussian, the inverse quadratic and the inverse
multiquadric functions.

Figure 3.20: The shape of the rational quadratic kernels around the selected centers
(light blue, dotted line) and the resulting approximation function (light blue, thick,
continuous line).
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Figure 3.21: Comparison between the approximating functions based on the rational
quadratic (light blue, dotted line), the inverse multiquadric (green, dash-dot line), the
inverse quadratic (pink, dotted line) and the Gaussian (blue, continuous line) kernels;
the thin lines correspond to the kernel functions around the center points, while the
thicker lines are the approximation function. The data points are marked with black
dots. All the scaling factors k have a value of 0.8.

The ψ functions of Wendland

According to [16] the ψ functions of Wendland are piecewise polynomials with compact
support. Their general form is given by Eq. (3.7):

ψ(r) =

{
p(r) 0 ≤ r ≤ 1

0 r > 1
(3.7)

where r = ‖x− xi‖.
Here, p(r) is a univariate polynomial. For the requirements of the treated problem,

p(r) is given by Eq. (3.8). The complete mathematical reasoning behind this form is
found in [16]:

p(r) = (1− r)5(5r + 1) (3.8)

The ψ functions of Wendland offer a similar behaviour to the previously tested func-
tions, but with significant worse results, as shown in Figures 3.22 - 3.23. The algorithm
selects more center points than in any of the previous functions, and the resulting approx-
imation function varies along with the peaks and minimums of its constituting kernels.
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Figure 3.22: The shape of the ψ functions of Wendland around the selected centers (red,
thin continuous line) and the resulting approximation function (red, thick continuous
line)

Figure 3.23: Comparison between the approximating functions based on Wendland’s
functions (red, continuous line), the rational quadratic (light blue, dotted line), the in-
verse multiquadric (green, dash-dot line), the inverse quadratic (pink, dotted line) and
the Gaussian (blue, continuous line) kernels; the thin lines correspond to the kernel func-
tions around the center points, while the thicker lines are the approximation function.
The data points are marked with black dots.
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B-splines

A B-spline is a curve which has limited support with respect to a given degree, smooth-
ness and domain partition [14]. It is a curve generated by a collection of spline curves,
i.e. “a sequence of curve segments that are connected together to form a single, contin-
uous curve” [15]. B-spline based approximation techniques are used in medical imaging
and in face recognition tools, as well as in mapping software. They generate fast and
reliable results in 3 dimensions [17], but are problematic and require extensive memory
for higher order spaces. Because they fit the requirements for the present problem (they
are smooth functions with compact support), the B-spline techniques were among the
investigated data treatment procedures.

The fundamental mathematics behind the basic algorithm used for the data treat-
ment was put forward by Lee, Wolberg and Shin in [5], and is reproduced here for the
2 dimensional case.

Given a set of scattered points P = {(xc, yc, zc)}, let Ω = {(x, y) |0 ≤ x < m, 0 ≤ y < n}
be a rectangular domain in the xy-plane, with (xc, yc) ∈ Ω. The approximating function
f for the data set P is a uniform bicubic B-spline function, defined by an (m+3)×(n+3)
lattice Φ laid over the Ω domain (notice the lattice Φ has nothing to do with the previous
kernel functions φ presented in the RBF approximations). The approximating function
f is:

f(x, y) =
3∑

k=0

3∑
l=0

Bk(s)Bl(t)Φ(i+k)(j+l), (3.9)

with:

i = bxc − 1

j = byc − 1

s = x− bxc
t = y − byc .

Bk and Bl are the uniform cubic B-spline functions:

B0(t) =
(1− t)3

6
(3.10)

B1(t) =
(3t3 − 6t2 + 4)

6
(3.11)

B2(t) =
(−3t3 + 3t2 + 3t+ 1)

6
(3.12)

B3(t) =
t3

6
(3.13)

with 0 ≤ t < 1. These are the functions establishing the contribution of each point to
f(x, y) depending on the distance to the point (x, y). The function f is now given by the
control points in Φ which best approximate the scattered data in P . The assumption
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given by Eq. (3.9) is that each point (xc, yc) is related to the 16 lattice points surrounding
it, shown in Fig. 3.24. Assuming that p ≤ xc, yc < p + 1, it results that the control
points Φk,l, with k,l=p-1,p,p+1,p+2 will determine the value for f(xc, yc). To have
f(xc, yc) = zc, the following needs to be fulfilled:

zc =

p+2∑
k=p−1

p+2∑
l=p−1

wklΦkl, (3.14)

with wkl = Bk(s)Bl(t) and s = xc − 1, t = yc − 1. Since there are many values for Φkl

satisfying Eq. (3.14), the algorithm chooses the one which minimizes the least squares
problem

p+2∑
k=p−1

p+2∑
l=p−1

Φ2
kl.

Then, the values for Φkl are given by

Φkl =
wklzc∑p+2

a=p−1

∑p+2
b=p−1w

2
ab

. (3.15)

Figure 3.24: The 16 neighbouring lattice control points (in red) to a random point
(xc, yc) (in blue).

In a similar way to the RBFs described before, the Φ values for the control points
close to (xc, yc) have higher contributions to the approximation function value and the
resulting function will decrease smoothly away from (xc, yc). The difference between the
RBF method and the B-splines one resides in the data which needs to be saved and fed
to Dymola. As previously described, in the RBF case Dymola needs the center points
for the x, y and z coordinates for both the surface points on the liquid fuel surface and
for the center of gravity of the fuel left in the tank, as well as the prescaling, output
scaling and weight factors. In the B-spline situation, the only parameters to be used
as inputs are the lattice coordinates and the Φ values at the lattice control points. In
theory, the computation time for the B-spline method should be considerably less than
for the RBF method.

Relevancy to the 5D case As the algorithm works very well with scattered 3D data,
modifications can be done in order to fit the memory constraints for the 5D situation
dealt with in the current problem. However, these modifications require extensive efforts,
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and the overall result will probably not justify the workload put into it for this particular
problem.

As stated earlier, the advantage of B-spline methods over the RBF ones is the amount
of data Dymola needs to perform the simulations: here, it is the position of the lattice
control points (i, j) and their respective values Φ(i, j). Although mathematically simple,
this problem translates to a serious memory-issue. The lattice needs to be spread over the
entire domain covered by the CATIA data. Preferably, for accurate results, there should
be only one CATIA point between two lattice cells. This means that, if CATIA generates
m points, the size of the lattice will be (m+ 3)× (m+ 3)× (m+ 3)× (m+ 3)× (m+ 3).
Computing performance today does not allow for storage of such high-order matrices,
and thus the data needs to be processed in subdivisions. This, in turn, leads to a
data-saving problem, since even if the data can be treated and the value saved within
one subdivision, when moving to the next subdivision all the indexes and values of the
previously calculated Φ’s will be lost. The process is illustrated by the graph in Fig.
3.25.

Figure 3.25: Data division in the B-spline algorithm

The algorithm begins with considering the entire data matrix, and then decides
whether it needs to split it up in smaller divisions. If yes, it divides it into 4 smaller
matrices, which are then treated independently. If needed, each submatrix is again split
into 4 smaller ones, and the process goes on until the memory constraints are met.
Assuming the data only needs to be split once, the process goes as follows: the first data
to be treated is the one in the first quadrant, marked with I in Fig. 3.25. The function
Φ will be calculated for all the is and js going from 1 to the value corresponding to the
middle of the data set length. After all the calculations are done, the Φ values along
with their corresponding indices are saved to an output file, and the algorithm moves
forward to the second quadrant. This is the step where problems appear, since when
moving from one quadrant to the other, the values for is and js will be rewritten, and
when the data saving step comes, they will replace the initially calculated values. As
for this moment, there is no feasible solution to overcome this problem: keeping track of
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the global indices for Φ results in the (m+ 3)× (m+ 3)× (m+ 3)× (m+ 3)× (m+ 3)
sized matrix which initiated the division process in the first place.

Lipschitz approximation

The Lipschitz approximation method is fully presented in [10] and it is used, in general,
for approximating a function for which not only the data is known but also information
regarding monotonicity, convexity, positivity etc. In short, the method finds piecewise
upper and lower bounds of a function, resulting in a (piecewise) linear interpolant as the
half-sum of the two limits. In theory, the method is useful for modeling functions of any
shape and of many variables, while preserving their characteristics.

If there is an m-dimensional space, with K data points given as D =
{(
xk, yk

)}K
k=1

,

with xk ∈ Rm, yk ∈ R, and considering the unknown function f such that f
(
xk
)

= yk,
there is a function g, g : Rm → R such that g ≈ f , i.e. g

(
xk
)

= yk, k = 1, ...,K. It is
assumed that f is bounded and Lipschitz continuous:

∃M > 0 : ∀x, z ∈ X ⊂ Rm, |f (x)− f (z)| ≤M ‖x− z‖ . (3.16)

The smallest M number is called the Lipschitz constant of f in the norm ‖·‖ and it will
be denoted Lip(f). The class of functions whose Lipschitz constant is smaller or equal
to M is denoted Lip(M).

The main purpose is to find an interpolant g which approximates f well at points
distinct from the data, if f ∈ Lip(M). This interpolating function will be constructed
from Lip(M), by taking the half-sum of the upper and lower bounds on the values of f .
Then, the Lipschitz continuity defined in Eq. (3.16) becomes:

∀x, xk ∈ X :
∣∣∣f(x)− yk

∣∣∣ 6MdP

(
x, xk

)
, (3.17)

max
k

(
yk −MdP (x, xk)

)
≤ f(x) ≤ min

k

(
yk +MdP (x, xk)

)
, (3.18)

where dP (x, xk) can be any distance between two points.
If the upper and lower bounds are denoted by

Hupper(x)) = min
k

(
yk +MdP (x, xk)

)
(3.19)

H lower(x)) = max
k

(
yk −MdP (x, xk)

)
, (3.20)

then the optimal central interpolant is:

g(x) =
1

2

(
H lower(x) +Hupper(x)

)
, ∀x ∈ X. (3.21)

Fig. 3.26 shows one such approximation of a 2D Lipschitz function.
The method is comparable to the RBF method [10], in the sense that instead of

taking weighted linear combinations of multiple functions Φ, it takes a combination of
minimum and maximum:

g(x) = 0.5 max
k

Φ1(
∥∥∥x− xk∥∥∥), yk) + 0.5Φ2(

∥∥∥x− xk∥∥∥), yk), (3.22)
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Figure 3.26: Upper and lower approximation and the interpolant g

where Φ1(
∥∥x− xk∥∥ , yk) = yk −M

∥∥x− xk∥∥ and Φ2(
∥∥x− xk∥∥ , yk) = yk + M

∥∥x− xk∥∥.
The benefit is that the method does not require solving a large linear system (size K ×
K) to determine the coefficients Wk.

Nevertheless, implementing this method proved to be troublesome and it required
more time than necessary, so the track was abandoned.

3.3 Local acceleration calculation

In order to compute the local acceleration acting on each fuel tank during flight, a
simplification needs to be done: the aircraft is considered as a rigid body. This means
that the positions of the centers of gravity of each fuel tank do not change with respect
to the center of gravity of the entire aircraft. In reality, however, this is not the case: as
fuel is consumed by the engine, the tanks are depleted and the positions of the fuel tanks’
centers of gravity (and hence, of the entire aircraft) change. There also are changes in
the acceleration vector as the fuel moves between the tanks. These are also disregarded.

The acceleration problem can be modeled by considering two rotating frames: the
inertial frame of the Earth (denoted by the superscript i), and the rotating frame fixed
to the body of the aircraft (denoted by the superscript r). The two frames are illustrated
in Fig. 3.27.

The vectors in Fig. 3.27 are defined as follows:

• ~Ri
C - the position vector of the aircraft’s CG in the inertial frame,

• ~Rr
T - the position of the fuel tank’s CG in the body fixed frame,
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Figure 3.27: The inertial frame (left) and the body-fixed frame (aircraft-fixed)

• ~Ri
T - the position of the fuel tank’s CG in the inertial frame.

The acceleration vector in the inertial frame, ~ai, will then be:

~ai =
d2 ~Ri

T

dt2
. (3.23)

~Ri
T can be written as

~Ri
T = ~Ri

C + ~Rr
T . (3.24)

Since ~Rr
T is constant with time it can be rewritten as

~Rr
T = R~Ri

T0, (3.25)

where ~Ri
T0 is the position of the fuel tank’s CG in the inertial frame at a time t=0 and

R is the rotation matrix describing the motion of the rotating frame with respect to the
inertial frame. It then follows

~Ri
T = ~Ri

C +R~Ri
T0. (3.26)

Differentiating once with respect to time

~viT = ~viC +
dR
dt

~Ri
T0, (3.27)

where ~viT is the velocity of the fuel tank’s center of gravity in the inertial frame and ~viC
is the velocity of the aircraft’s center of gravity in the inertial frame.

Since R is a rotational matrix, we have

RT = R−1 (3.28)

and so:
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~viT = ~viC +
dR
dt
I ~Ri

T0 (3.29)

~viT = ~viC +
dR
dt
RT R~Ri

T0︸ ︷︷ ︸ (3.30)

~viT = ~viC +
dR
dt
RT︸ ︷︷ ︸ ~Rr

T (3.31)

(3.32)

Remarking that W = dR
dt R

T is the angular velocity tensor, we have:

W ~Rr
T = ω × ~Rr

T , (3.33)

and we get:
~viT = ~viC + ω × ~Rr

T . (3.34)

This gives the well-known acceleration formula for two rotating frames:

~aiT = ~aiC +
d

dt

[
ω × ~Rr

T

]
. (3.35)

Performing the calculations leads to Eq. (3.36) - the final formula for the local
acceleration, which can be directly implemented in the Dymola tank model:

~aiT = ~aiC + 2ω × ~Rr
T + ω ×

(
ω × ~Rr

T

)
. (3.36)
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Chapter 4

Results

4.1 CATIA

4.1.1 Algorithm optimization

Memory leaks Choosing to close and open the tank file every 3 acceleration vectors
leads to noticeable improvements in terms of memory usage. At the end of the analysis
the available memory was at the same level as at the beginning.

Batch analysis Unfortunately, a batch analysis could not be performed due to the CAD
working environment chosen by SAAB. A workaround exists, though, with strange re-
sults. The user can use the command CATIA.RefreshDisplay = False and CATIA will
not update the display anymore, therefore not allocating any resources into doing it.
The method is tricky, and many users have encountered problems with it. Under cer-
tain circumstances, which were not clearly identified by the author, this method does
the opposite of its purpose, and there is a severe system slowdown. Therefore, if the
user, after starting the macro, notices a drastic decrease in available memory right after
the beginning of the analysis, or even during CATIA initialization, the system and the
analysis should be restarted.

Multi-core processing When the acceleration vector was split in 4 vectors of equal length
and 4 separate analysis were run simultaneously on the same tank, the analysis time
reduced to a quarter of the previous time. Therefore, for Tank 3, measuring 193 MB in
size, the regular analysis of approx. 136 h was reduced to 35 h.

4.1.2 Tank model simplification

When the tanks undergo the wrapping and resurfacing procedure their volume increases
up to 10%, depending on the quality of the wrapping and of the resurfacing. For instance,
the original Tank 1 aft has a volume of 383 l, while its wrapped counterpart has a volume
of 411 l. This generates, in this case, a consistent difference of 40 l between the CAD
readings and the function approximation results, as well as position errors as high as
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some tens of centimeters for the center of gravity of the fuel in the tank. These errors
are even higher for the tanks with a higher volume.

The tank can be shrunk after it has undergone wrapping using the Offset function
with a negative offsetting distance, in order to be brought to the same initial volume
as the original tank. However, the results are still far from the original CAD readings.
When sectioning the wrapped and shrunk tank with a plane passing through its center
of gravity and perpendicular to the current acceleration vector, the volume can be even
100 l bigger than the one obtained when sectioning the original tank with the same plane.
Moreover, the surface point and center of gravity readings are also unreliable, since the
internal geometry of the fuel tank is changed (almost all the interior components are
gone) and this has a strong influence on the result.

4.2 MATLAB and Dymola

As mentioned in Section 3.1 all the results are generated based on Tank 1 aft of the
Gripen NG, with a CATIA volume analysis in steps of 10 l, unless specified otherwise.

4.2.1 The Gaussian function

The settings of each approximation function computation for the Gaussian kernels are
listed in Table 4.1. According to Wikström [3], each tank has an optimal error threshold
when performing the MATLAB data training, given by Eq. (4.1), where the step length
and the average volume difference between two successive cuts are read from the tank’s
CATIA analysis results file. The “optimal error threshold” is based on the idea that
it is not necessary to make the RBF approximation a perfect fit to the data read from
the CATIA result files, since during the CATIA analysis big volume differences might
appear between two successive cuts (an example is when at a step i there is an error and
the data is not saved. The algorithm goes to step i+ 1, which, in the result file, will be
saved right after step i− 1.). Therefore, an error of about 1 l is acceptable between the
CATIA data and the approximated data, and Eq. (4.1) translates how much 1 l means
in terms of milimetres for each fuel tank.

error =
step length in mm

average volume difference in m3
(4.1)

The number of resulting center points after the MATLAB training and the Dymola
simulation times are summarized in Table 4.2. Columns 2, 3 and 4 of Table 4.2 present
the number of center points for the x -, y- and, z -, coordinates of the point on the
fuel surface, while the next three columns show the training time in MATLAB and the
simulation times in MATLAB and Dymola.

A more thorough interpretation of the results will be presented in Section 5.1, but
there are a few observations to be made here:

• Firstly, there is a dependency between the results presented in Column 6 of Table
4.2 and the number of center points in Columns 2, 3 and 4 of the same table.
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The higher the number of center points, the higher the simulation time. The same
applies for the training time in Column 5, but, since training is only done once in
the entire analysis-simulation process, this is of secondary importance.

• Secondly, the times presented in Column 7 of Table 4.2, representing the complete
simulation times in Dymola, are also dependent of the numbers in Columns 2, 3
and 4, and grow with the growing number of center points.

• Lastly, referring to the same table, the difference in magnitude between the simu-
lation time in Dymola and the simulation time in MATLAB is due to the fact that
the MATLAB simulation only deals with the position of the point on the fuel sur-
face, whereas the Dymola model involves a more complex system, with thousands
of variables and equations (i.e. temperatures, pressures, densities at different pipe
ports, etc.).

The accuracy of each approximation is presented in Table 4.3, which gives information
about:

• The difference between the approximated fuel surface and the real fuel surface
measured in CAD, in millimetres and litres. The approximation is calculated for
all the points generated during the CATIA analysis. The presented difference value
is the average (arithmetical mean) of the differences between the CAD reading and
the approximation function value for each point - columns 2 and 3;

• The same difference, but averaged (arithmetical mean) for 20 points, different than
the ones generated during the CATIA analysis. All the new acceleration vectors
are within the area of validity and are presented in Table 4.4. The input volume
value is taken from the CATIA model, sectioned by the fuel level plane at the
middle point of the acceleration vector line - columns 4 and 5;

• The arithmetic mean between the two types of volumetric errors - column 6.

To transform the difference in millimetres yielded by the MATLAB approximation to
its equivalent in litres, the following steps are performed:

• read the step length from the header of the results file from CATIA

• for each acceleration vector, calculate the volume difference between any two suc-
cessive steps

• divide each volume difference by the step length and save it for each acceleration
vector.

The 2D plots in Figures 7.1 - 7.96, found in Appendix 1, give a graphical representa-
tion of the accuracy of the approximation function. The circles are the values read from
CATIA, while the crosses are the approximated values from MATLAB with the aid of
the Gaussian function.
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The influence of the approximating function level of accuracy (represented by the
accepted error in MATLAB) is given by Table 4.5, where the distances between 3 points
in the fuel tank and the fuel surface at 20 acceleration vectors, different than the ones
used in the tank analysis, are compared with the corresponding distance measured on
the CAD model in CATIA.

Simulation k constant term error, mm

1 0.8 k(1) = 0 optimal (5.73)
2 0.8 k(1000) = 0 optimal (5.73)
3 0.4 k(1) = 0 optimal (5.73)
4 0.4 k(1000) = 0 optimal (5.73)
5 0.05 k(1) = 0 optimal (5.73)
6 0.05 k(1000) = 0 optimal (5.73)
7 1.0 k(1) = 0 optimal (5.73)
8 1.0 k(1000) = 0 optimal (5.73)

9 0.8 k(1) = 0 1
10 0.8 k(1000) = 0 1
11 0.4 k(1) = 0 1
12 0.4 k(1000) = 0 1
13 0.05 k(1) = 0 1
14 0.05 k(1000) = 0 1
15 1.0 k(1) = 0 1
16 1.0 k(1000) = 0 1

Table 4.1: Approximation function settings for the Gaussian kernels, Tank 1 aft. In order
to include a constant term in the approximation function definition, the scaling factor
of one of the centres ( the k value for x1 or x1000) is set to zero, thus removing its con-
tribution to the approximation calculation. The comparison is aimed to see if removing
the contribution of a specific point has a considerable influence over the approximation
result. In later tests, the problem was avoided by duplicating the centerpoint whose
contribution was set to zero, thus ensuring that all center points are taken into account
while there still is a constant term in the approximation.
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Sim. Number of
centers for
x coord.

Number of
centers for
y coord.

Number of
centers for
z coord.

MATLAB
tr. , s

MATLAB
sim., s

Dymola sim.,
s, ±10%

1 258 130 196 83.9 1.7 127
2 394 118 367 258.6 2.7 130
3 158 89 146 62.2 1.2 125
4 261 87 243 167.8 1.7 140
5 25 59 81 31.0 0.5 125
6 84 17 86 51.6 0.5 124
7 240 138 198 105.9 1.7 129
8 457 124 406 279.5 3.0 172

9 487 444 487 1043.2 5.0 247
10 497 474 510 1322.5 4.4 182
11 310 277 295 515.7 2.6 129
12 305 289 296 635.3 2.6 153
13 123 110 123 149.4 1.0 134
14 96 107 106 143.9 0.8 123
15 582 494 564 1356.1 5.0 153
16 556 517 566 1325.1 4.6 139

Table 4.2: The number of the chosen center points for each Simulation setting and their
corresponding training and simulation times in MATLAB and Dymola; the values belong
to approximations done with a Gaussian function; Tank 1 aft.
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Known in-data Unknown in-data

Sim. Diff., mm Diff., l Diff., mm Diff, l Avrg, l

1 18.2 5.0 9.3 3.8 4.40
2 15.6 4.3 11.1 5.6 4.95
3 19.4 5.3 9.6 5.0 5.15
4 17.8 4.9 6.9 3.5 4.20
5 35.2 9.7 15.0 8.0 8.85
6 22.8 6.2 14.5 8.0 7.10
7 18.1 5.0 8.3 4.3 4.65
8 13.9 3.8 11.1 5.5 4.65

9 11.8 3.2 9.4 4.9 4.05
10 12.0 3.3 9.5 4.5 3.90
11 17.7 4.9 8.2 4.1 4.50
12 17.7 4.9 8.4 4.4 4.65
13 22.5 6.2 12.1 6.5 6.35
14 22.1 6.1 11.2 6.1 6.10
15 11.4 3.1 8.4 4.4 3.75
16 11.4 3.1 8.2 4.3 3.70

Table 4.3: Approximation accuracies for the Gaussian function with different settings;
Tank 1 aft. The values for the known input data in Columns 2 and 3 are calculated
as the arithmetic mean of the differences between the CAD readings and the approxi-
mation function values for each data point generated during the CATIA analysis. The
values in the unknown input data columns (4 and 5) are calculated using 20 accelera-
tion vectors, different than the ones used for the CATIA analysis, with an input volume
corresponding to a tank sectioned at mid-point of the acceleration vector line. The dif-
ference in millimetres is calculated as the perpendicular between the approximated and
the “real”(CAD) fuel surface planes and it is converted into litres using the algorithm
presented earlier in the current section. The last column presents the mean between the
values in column 3 and column 5.
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Acc. aixT aiyT aizT Vol. Tank 1 aft, m3 Vol. Tank 3, m3

1 -0.36989 -0.25392 -0.8937 0.20905 0.32101
2 -0.90832 0.03337 -0.42661 0.19498 0.32258
3 -0.85755 0.42460 0.29038 0.18716 0.34221
4 -0.60566 0.23502 0.76023 0.18455 0.33000
5 0.58175 0.46910 0.66446 0.16603 0.28782
6 0.83925 0.33713 0.42661 0.18953 0.30432
7 0.78417 0.45065 0.42661 0.18314 0.30716
8 0.64697 -0.05898 -0.76023 0.18949 0.30424
9 0.32238 -0.44164 -0.83727 0.22731 0.34073
10 0.22325 -0.29790 -0.92812 0.21417 0.32735
11 0.26254 -0.26393 -0.92812 0.20809 0.32121
12 -0.95322 0.00225 -0.30226 0.19597 0.33335
13 -0.94426 -0.13043 -0.30226 0.19562 0.33565
14 0.80991 -0.01553 -0.58635 0.18872 0.30511
15 -0.07677 0.24647 -0.9661 0.20646 0.34034
16 -0.76593 0.28774 -0.57494 0.19497 0.30046
17 -0.97287 -0.17354 -0.15302 0.19543 0.33108
18 -0.91567 0.26491 0.30226 0.19335 0.34475
19 -0.71843 -0.39154 0.57494 0.17590 0.29527
20 0.02386 0.34119 -0.93969 0.22447 0.35189

Table 4.4: The acceleration vector (normalized with the gravitational acceleration) and
the input volumes for the verification of the port distance to the fuel surface; Tank 1
aft and Tank 3. In CATIA, the acceleration vector is defined by a given orientation and
passing through the center of gravity of the tank undergoing analysis.
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Port 1 Port 2 Port 3
[9540, 520, 4150] mm [10199, -800, 4000] mm [9783, -198, 3540] mm

Sim. Error, mm Error, l Error, mm Error, l Error, mm Error, l

1 9.3 4.8 9.0 4.7 9.3 4.8
2 11.1 5.6 11.1 5.6 11.1 5.6
3 9.6 5.0 9.4 5.0 9.6 5.0
4 6.9 3.5 6.7 3.5 6.9 3.5
5 15.0 8.0 14.2 7.7 15.0 8.0
6 14.5 8.0 13.7 7.7 14.5 7.8
7 8.3 4.3 7.9 4.1 8.3 4.3
8 11.1 5.5 11.1 5.5 11.1 5.5

9 9.4 4.9 9.4 4.9 9.4 4.9
10 9.5 5.0 9.5 5.0 9.5 5.0
11 8.2 4.1 8.1 4.1 8.2 4.1
12 8.4 4.4 8.3 4.3 8.4 4.4
13 12.1 6.5 11.7 6.3 12.1 6.5
14 11.2 6.1 11.0 6.0 11.2 6.1
15 8.4 4.4 8.4 4.4 8.4 4.4
16 8.2 4.3 8.2 4.3 8.2 4.3

Table 4.5: The difference in millimetres and in litres between simulations and CAD
readings for 3 different ports in the tank for the approximations with Gaussian kernels;
Tank 1 aft
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In order to check whether the results are tank-dependent or not, the same simulations
as above have been performed on Tank 3. The settings of the simulations are given in
Table 4.6. As in the case of Tank 1 aft, the tests were performed with different values
for the scaling factor k, for the position of the constant term and for the accepted error.
Due to MATLAB memory problems, the trainings for the last two simulations (15 bis
and 16 bis) were performed with a higher error value (3 mm).

Table 4.7 presents the the number of centerpoints for each of the x, y and z coordinate
of the point on the fuel surface, as well as the training times in MATLAB and the
simulation times in MATLAB and Dymola. The same observations apply as in the case
of Tank 1 aft, namely:

• the higher the number of centerpoints, the higher the training time and the simu-
lation time;

• simulating in Dymola takes more time than simulating in MATLAB since in Dy-
mola there is a tank model with pipes, source and sink, while in MATLAB the
simulation refers strictly to the point on the fuel surface itself.

Table 4.9, similarly to Table 4.5, presents the influence of the accepted approximation
error on the calculated distances between 3 points in the fuel tank and the fuel surface
at 20 acceleration vectors, compared with the corresponding distance measured on the
CAD model in CATIA.

It is important to note here that the goal is to minimize the simulation times given in
columns 7 of Tables 4.2 and 4.7, while keeping the approximation error smaller than 10 l.
The second criteria is met by almost all simulations, as shown in column 6 of Tables 4.3
and 4.8; therefore, the decision on the best approximation function will be taken based
mostly on the simulation time.
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Sim. k constant term Error, mm

1 bis 0.8 k(1) = 0 optimal (4.56)
2 bis 0.8 k(1000) = 0 optimal (4.56)
3 bis 0.4 k(1) = 0 optimal (4.56)
4 bis 0.4 k(1000) = 0 optimal (4.56)
5 bis 0.05 k(1) = 0 optimal (4.56)
6 bis 0.05 k(1000) = 0 optimal (4.56)
7 bis 1.0 k(1) = 0 optimal (4.56)
8 bis 1.0 k(1000) = 0 optimal (4.56)

9 bis 0.8 k(1) = 0 1
10 bis 0.8 k(1000) = 0 1
11 bis 0.4 k(1) = 0 1
12 bis 0.4 k(1000) = 0 1
13 bis 0.05 k(1) = 0 1
14 bis 0.05 k(1000) = 0 1
15 bis 1.0 k(1) = 0 3
16 bis 1.0 k(1000) = 0 3

Table 4.6: Approximation function settings for the Gaussian kernels; Tank 3

Sim. Number of
centers for
x coord.

Number of
centers for
y coord.

Number of
centers for
z coord.

MATLAB
tr. , s

MATLAB
sim., s

Dymola sim.,
s, ±10%

1 bis 272 186 284 332.9 0.05 134
2 bis 411 204 404 773.3 0.06 133
3 bis 238 159 243 298.9 0.04 130
4 bis 266 157 262 286.7 0.04 136
5 bis 86 87 90 78.0 0.02 124
6 bis 86 83 88 103.2 0.5 122
7 bis 333 206 308 368.6 0.05 131
8 bis 435 191 445 762.9 0.07 140

9 bis 479 444 465 2446.7 0.09 144
10 bis 466 451 466 2595.4 0.09 142
11 bis 294 289 304 1200.4 0.06 146
12 bis 293 288 290 1233.8 0.05 136
13 bis 112 92 122 229.5 0.02 139
14 bis 108 98 110 224.1 0.02 125
15 bis 450 321 430 943.6 0.08 134
16 bis 517 321 503 1469.4 0.08 136

Table 4.7: The number of the chosen center points for each setting and their corre-
sponding training and simulation times in MATLAB and Dymola; the values belong to
approximations done with a Gaussian function; Tank 3.
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Known indata Unknown indata

Sim. Diff., mm Diff., l Diff., mm Diff, l Avrg, l

1 bis 13.8 5.1 12.3 0.8 2.95
2 bis 12.4 4.6 5.2 3.2 3.90
3 bis 13.4 4.9 10.7 6.8 5.85
4 bis 13.5 5.0 11.0 7.0 6.00
5 bis 27.0 9.9 10.3 6.5 8.20
6 bis 26.6 9.7 10.1 6.4 8.05
7 bis 12.4 4.6 5.5 3.4 4.00
8 bis 10.1 4.4 5.0 3.0 4.00

9 bis 12.5 4.6 6.5 4.1 4.35
10 bis 14.3 5.2 11.3 7.4 6.30
11 bis 14.3 5.2 11.3 7.4 6.30
12 bis 14.3 5.2 11.3 7.4 6.30
13 bis 26.9 9.8 11.3 7.1 8.45
14 bis 13.4 4.9 10.6 6.9 5.90
15 bis 12.3 4.5 6.1 3.9 4.20
16 bis 12.3 4.5 5.6 3.4 3.85

Table 4.8: Approximation accuracies for the Gaussian function with different settings;
Tank 3. For the explanations of the columns, see the caption for Table 4.3
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Port 1 Port 2 Port 3
[11400, 430 , 3775] mm [10300, -870, 4500] mm [10800, -208, 3600] mm

Sim. Error, mm Error, l Error, mm Error, l Error, mm Error, l

1 bis 12.4 7.9 12.3 7.8 12.4 7.9
2 bis 5.3 3.2 5.1 3.1 5.3 3.2
3 bis 10.7 6.8 10.6 6.8 10.7 6.8
4 bis 11.1 7.1 11.0 7.0 11.1 7.1
5 bis 10.3 6.5 10.4 6.6 10.3 6.5
6 bis 10.1 6.5 10.0 6.4 6.4 10.1
7 bis 5.6 3.5 5.5 3.4 5.6 3.4
8 bis 5.0 3.0 5.1 3.1 5.0 3.0

9 bis 6.6 4.1 6.4 4.1 6.5 4.1
10 bis 11.3 7.4 11.3 7.4 11.3 7.4
11 bis 11.3 7.4 11.3 7.4 11.3 7.4
12 bis 11.3 7.4 11.3 7.4 11.3 7.4
13 bis 11.3 7.1 11.2 7.0 11.3 7.1
14 bis 10.7 6.9 10.6 6.9 10.7 6.9
15 bis 6.2 3.9 6.0 3.8 6.1 4.0
16 bis 5.6 3.4 5.5 3.3 5.6 3.4

Table 4.9: The difference in millimetres and in litres between simulations and CAD
readings for 3 different ports in Tank 3 for the approximations with Gaussian kernels
kernels.
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4.2.2 The inverse quadratic function

The settings of each analysis with the inverse quadratic function are listed in Table 4.10.
The reason for choosing 2 or 3 mm instead of 1 mm for the more accurate trainings is
the fact that for 1 mm the algorithm chooses so many center points that MATLAB runs
into memory problems.

Sim. k constant term error, mm

17 0.8 k(1) = 0 optimal (5.73)
18 0.8 k(1000) = 0 optimal (5.73)
19 0.4 k(1) = 0 optimal (5.73)
20 0.4 k(1000) = 0 optimal (5.73)
21 0.05 k(1) = 0 optimal (5.73)
22 0.05 k(1000) = 0 optimal (5.73)
23 1.0 k(1) = 0 optimal (5.73)
24 1.0 k(1000) = 0 optimal (5.73)

25 0.8 k(1) = 0 2
26 0.8 k(1000) = 0 2
27 0.4 k(1) = 0 2
28 0.4 k(1000) = 0 2
29 0.05 k(1) = 0 2
30 0.05 k(1000) = 0 2
31 1.0 k(1) = 0 3
32 1.0 k(1000) = 0 3

Table 4.10: Approximation function settings for the inverse quadratic kernels; Tank 1
aft

The number of resulting center points after the MATLAB training and the Dymola
simulation times are summarized in Table 4.11: The 2D plots in Figures 7.97 - 7.142,
found in Appendix 2, present the accuracy of the approximation function, by comparing
the known values taken from the CATIA analysis with the approximated ones, calculated
using only the center points and the scaling factors k as inputs. The circles are the real
CATIA values, while the crosses are the approximated ones.

The accuracy of each simulation is presented in Table 4.12, which gives the same
information as Tables 4.3 and 4.8 do in the Gaussian case. The acceleration vector is
the same as in Table 4.4, and the input volume can be found in column 5 of the same
table.

The transformation of the difference in millimetres to an equivalent difference in
volume is done following the same steps as in the Gaussian case, explained in subsection
4.2.1.

Table 4.13, presents the distance between the same 3 points in fuel tank 1 aft as in
the case of the Gaussian kernels and the fuel surface at the same 20 acceleration vectors.
Again, this result is compared to the distance between the points and the fuel surface
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Sim. Number of
centers for
x coord.

Number of
centers for
y coord.

Number of
centers for
z coord.

MATLAB
tr. , s

MATLAB
sim., s

Dymola sim.,
s, ±10%

17 267 152 223 100.2 1.8 134
18 444 168 246 244.8 2.6 140
19 221 110 205 105.1 1.7 140
20 242 121 207 111.3 1.7 132
21 19 30 22 26.1 0.2 141
22 16 3 21 23.8 0.1 167
23 266 147 235 127.9 1.9 165
24 466 147 288 277.7 2.7 155

25 934 433 963 2367.1 6.7 174
26 978 433 1011 3241.4 8.2 178
27 355 305 354 614.6 3.2 149
28 372 315 338 665.7 3.1 142
29 15 14 42 39.7 0.2 130
30 51 37 46 42.5 0.4 141
31 622 270 613 704.5 4.9 149
32 892 266 713 1094.6 6.9 151

Table 4.11: The number of chosen center points for each simulation setting and the
corresponding training and simulation times in MATLAB and Dymola; the values belong
to approximations done with the inverse quadratic function as a kernel; Tank 1 aft.

measured in the CAD file.
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Known indata Unknown indata

Sim. Diff., mm Diff., l Diff., mm Diff, l Average,
l

17 15.3 4.2 9.5 5.0 4.60
18 15.8 4.4 8.6 4.5 4.45
19 18.0 4.9 9.6 5.0 4.95
20 18.3 5.0 7.9 4.1 4.55
21 49.8 13.7 28.4 15.3 14.50
22 57.2 15.6 23.6 12.7 14.15
23 16.8 4.6 11.0 5.5 5.05
24 15.4 4.3 11.0 5.7 5.00

25 10.7 2.9 4.6 2.4 2.65
26 10.6 2.9 5.0 2.6 2.75
27 17.3 4.8 9.9 5.0 4.90
28 16.7 4.6 9.5 4.8 4.70
29 49.1 13.5 28.0 15.1 14.30
30 49.1 13.5 30.8 16.4 14.95
31 11.1 3.0 6.2 3.1 3.05
32 10.8 3.0 5.0 2.6 2.80

Table 4.12: Approximation accuracies for the inverse quadratic function with different
settings; Tank 1 aft. For the explanation of the columns, see the caption of Table 4.3.
To check how milimeters are converted into litres, see Subsection 4.2.1.
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Port 1 Port 2 Port 3
[9540, 520, 4150] mm [10199, -800, 4000] mm [9783, -198, 3540] mm

Sim. Error, mm Error, l Error, mm Error, l Error, mm Error, l

17 9.5 5.0 9.1 4.8 9.5 5.0
18 8.6 4.5 8.6 4.5 8.6 4.5
19 9.6 5.0 9.1 4.8 9.6 5.0
20 7.9 4.1 7.9 4.1 7.9 4.1
21 27.2 14.3 27.5 15.0 28.3 15.3
22 23.6 12.7 22.8 12.4 23.6 12.8
23 11.0 5.5 10.7 5.4 11.0 5.5
24 11.0 5.7 11.0 5.7 11.0 5.7

25 4.6 2.4 4.6 2.4 4.6 2.4
26 5.0 2.6 5.0 2.6 5.0 2.6
27 9.9 5.0 9.9 5.0 9.9 5.0
28 9.5 4.8 9.5 4.8 9.5 4.8
29 27.1 14.3 27.2 14.8 28.0 15.1
30 29.1 15.4 29.9 16.0 30.8 16.4
31 6.2 3.1 6.2 3.1 6.2 3.1
32 5.0 2.6 5.0 2.6 5.0 2.6

Table 4.13: The difference between simulations and CAD readings for 3 different ports
in the tank for the 16 different approximation functions based on inverse quadratic
kernels. The settings of the functions are presented in 4.10. For each port the difference
is expressed in millimetres and in the equivalent quantity of fuel. The transformation
process from millimetres to litres is explained in Subsection 4.2.1.
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4.2.3 The inverse multiquadric function

The settings of each analysis are listed in Table 4.14; the reason for choosing 2 mm instead
of 1 mm for the more accurate trainings is MATLAB’s memory problems. Table 4.15
gives the resulting number of center points after training for each simulation setting, as
well as the training and computation time for the point on the fuel surface in MATLAB
and the simulation of the complete mini-fuel system (tank, two pipes, source and sink)
in Dymola.

A few observations are to be made:

• Firstly, the times in column 6 and 7 of Table 4.15 are dependent of the number of
centres in columns 2, 3 and 4 of the same table. More centre points means more
computations to be done by both MATLAB and Dymola and this gives increased
total simulation times. As before column 7 is the one to be minimized by the
optimal approximation function.

• higher values for the scaling factor results in a higher number of selected center
points. This will be further analysed in the Discussion section.

The 2D plots in Figures 7.143 - 7.190, found in Appendix 3, present the accuracy
of the approximation function, by comparing the known values taken from the CATIA
analysis with the approximated ones, calculated using only the center points and the k
scaling factors as inputs. The circles are the real CATIA values, while the crosses are
the approximated ones.

As in the previous cases, the accuracy of each simulation is presented in Table 4.16,
with the same acceleration vector and the volume input for Tank 1 aft as in the case
of the inverse quadratic and the Gaussian. A notable result is the fact that almost all
simulations, with the exception of 37-38 and 45-46 offer accuracies within the 10 l range.

Table 4.17 is equivalent to Tables 4.12, 4.3 and 4.8 and presents the distance between
the same 3 check points in Tank 1 aft and the fuel surface at the same 20 acceleration
vectors. Again, this result is compared to the real distance measured in the CAD file
and transformed into a volumetric difference.

The number of resulting center points after the MATLAB training and the Dymola
simulation times are summarized in Table 4.15.
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Sim. k constant term error, mm

33 0.8 k(1) = 0 optimal (5.73)
34 0.8 k(1000) = 0 optimal (5.73)
35 0.4 k(1) = 0 optimal (5.73)
36 0.4 k(1000) = 0 optimal (5.73)
37 0.05 k(1) = 0 optimal (5.73)
38 0.05 k(1000) = 0 optimal (5.73)
39 1.0 k(1) = 0 optimal (5.73)
40 1.0 k(1000) = 0 optimal (5.73)

41 0.8 k(1) = 0 2
42 0.8 k(1000) = 0 2
43 0.4 k(1) = 0 2
44 0.4 k(1000) = 0 2
45 0.05 k(1) = 0 2
46 0.05 k(1000) = 0 2
47 1.0 k(1) = 0 2
48 1.0 k(1000) = 0 2

Table 4.14: Approximation function settings for the inverse multiquadric kernels

Sim. Number of
centers for
x coord.

Number of
centers for
y coord.

Number of
centers for
z coord.

MATLAB
tr. , s

MATLAB
sim., s

Dymola sim.,
s, ±10%

33 289 139 231 128.7 3.1 161
34 347 137 254 195.3 3.5 165
35 234 115 218 143.9 3.0 159
36 255 117 221 151.1 2.8 140
37 18 3 19 30.0 0.3 152
38 17 17 32 31.9 0.3 164
39 268 159 224 107.1 3.0 134
40 390 162 246 196.9 3.9 149

41 1010 924 1004 3953.6 15.3 200
42 1003 901 1020 3689.8 15.4 187
43 328 294 309 696.3 4.4 156
44 318 295 309 673.9 4.5 155
45 34 39 45 51.0 0.5 151
46 38 33 50 54.5 1.2 185
47 1003 463 1030 1818.9 12.4 195
48 1064 440 1019 2809.7 17.5 195

Table 4.15: The number of chosen center points for each setting and the corresponding
training and simulation time for the inverse multiquadric function
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Known indata Unknown indata

Sim. Diff., mm Diff., l Diff., mm Diff, l Average,l

33 15.5 4.3 9.6 5.0 4.65
34 16.0 4.4 18.2 5.0 4.70
35 18.2 5.0 9.7 5.0 5.00
36 18.2 5.0 8.6 4.4 4.70
37 57.2 15.6 23.6 12.8 14.20
38 49.6 13.7 27.0 14.5 14.10
39 15.9 4.4 10.9 5.7 5.05
40 15.2 4.2 11.7 6.1 5.15

41 10.8 3.0 5.7 3.0 3.00
42 10.8 3.0 5.3 2.7 2.85
43 17.6 4.8 9.6 4.8 4.80
44 17.6 4.8 8.6 4.4 4.60
45 49.7 13.7 27.8 14.9 14.30
46 49.6 13.7 29.2 15.6 14.65
47 10.6 2.9 4.7 2.5 2.70
48 10.6 2.9 5.8 3.0 2.95

Table 4.16: Approximation accuracies for the inverse multiquadric function with different
settings; Tank 1 aft. For the explanation of the columns, see the caption of Table 4.3.
To check how the millimetres are converted to litres, see Subsection 4.2.1.
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Port 1 Port 2 Port 3
[9540, 520, 4150] mm [10199, -800, 4000] mm [9783, -198, 3540] mm

Sim. Error, mm Error, l Error, mm Error, l Error, mm Error, l

33 9.6 5.0 9.6 5.0 9.6 5.0
34 13.0 6.7 13.0 6.7 13.0 6.7
35 9.7 5.0 9.6 5.0 9.7 5.0
36 8.6 4.4 8.3 4.3 8.6 4.4
37 23.6 12.8 22.8 12.4 23.6 12.8
38 26.5 14.1 26.1 14.2 27.0 14.5
39 10.9 5.7 10.9 5.7 10.9 5.7

40 11.7 6.1 11.7 6.1 11.7 6.1
41 5.7 3.0 5.7 3.0 5.7 3.0
42 5.3 2.7 5.3 2.7 5.3 2.7
43 9.6 4.8 9.6 4.8 9.6 4.8
44 8.6 4.4 8.6 4.4 8.6 4.4
45 26.8 14.2 26.9 14.6 27.8 14.9
46 28.3 14.8 28.3 15.3 29.2 15.6
47 4.7 2.5 4.7 2.5 4.7 2.5
48 5.8 3.0 5.8 3.0 5.8 3.0

Table 4.17: The difference between simulations and CAD readings for 3 different ports
in the tank for the 16 different approximation functions based on inverse multiquadric
kernels. The settings of the functions are presented in 4.14. For each port the difference
is expressed in millimetres and in the equivalent quantity of fuel. The transformation
process from millimetres to litres is explained in Subsection 4.2.1.
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4.2.4 The rational quadratic function

Since the shape of the rational quadratic function does not contain any scaling factors,
only one simulation was executed, with the following settings, given by Table 4.18.

In this situation, the position of the constant term in the data set does not have any
influence at all, since the point was duplicated, in order to ensure that it is taken into
account as a centerpoint when computing the approximation.

The number of chosen centerpoints and the training and simulation time in MATLAB
and Dymola are given by Table 4.19, the approximation accuracy is given by Table 4.20
and the influence of the accuracy upon the distance calculation between the 3 ports and
the fuel surface is given by Table 4.21. As before, 2D plots presenting the accuracy of
the approximating function are presented in Figures 7.191 - 7.193, found in Appendix 4.

Simulation k constant term error, mm

49 - k(1) = 0 optimal (5.73)

Table 4.18: Approximation function settings for the rational quadratic kernel, Tank 1
aft

Sim. Number of
centers for
x coord.

Number of
centers for
y coord.

Number of
centers for
z coord.

MATLAB
tr. , s

MATLAB
sim., s

Dymola sim.,
s, ±10%

49 266 150 224 164.1 0.06 155

Table 4.19: The number of the chosen center points for the rational quadratic approxi-
mation and its corresponding training and simulation times in MATLAB and Dymola;
Tank 1 aft.

Known in-data Unknown in-data

Sim. Diff., mm Diff., l Diff., mm Diff, l Avrg, l

49 10.6 4.5 19.0 5.6 5.05

Table 4.20: Approximation accuracy for the rational quadratic function; Tank 1 aft. The
values for the known input data in Columns 2 and 3 are calculated as the arithmetic
mean of the differences between the CAD readings and the approximation function values
for each data point generated during the CATIA analysis. The values in the unknown
input data columns (4 and 5) are calculated using 20 acceleration vectors, different than
the ones used for the CATIA analysis, with an input volume corresponding to a tank
sectioned at mid-point of the acceleration vector line. The difference in millimetres is
calculated as the perpendicular between the approximated and the “real” (CAD) fuel
surface planes and it is converted into litres using the algorithm presented earlier in the
current section. The last column presents the mean between the values in column 3 and
column 5.
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Port 1 Port 2 Port 3
[9540, 520, 4150] mm [10199, -800, 4000] mm [9783, -198, 3540] mm

Sim. Error, mm Error, l Error, mm Error, l Error, mm Error, l

49 10.6 4.5 10.6 4.5 10.6 4.5

Table 4.21: The difference in millimetres and in litres between the simulation and CAD
readings for 3 different ports in the tank for the approximation with rational quadratic
kernels; Tank 1 aft

4.2.5 The ψ functions of Wendland

The shape of the ψ functions of Wendland do not contain any scaling factors either, so
only one simulation was executed in this case, as well, with the following settings, given
by Table 4.22. As before, the position of the constant term in the data set does not have
any influence at all, since the point was duplicated.

The number of chosen centerpoints and the training and simulation time in MATLAB
and Dymola are given by Table 4.23, the approximation accuracy is given by Table 4.24
and the influence of the accuracy upon the distance calculation between the 3 ports and
the fuel surface is given by Table 4.25.

An important thing to be noted is the very big approximation error for this type of
function, shown in Table 4.24. This is due to the severe over and undershoots, depicted
in Fig. 3.22.

Simulation k constant term error, mm

50 - k(1) = 0 6.0

Table 4.22: Approximation function settings for the ψ functions of Wendland, Tank 1
aft

Sim. Number of
centers for
x coord.

Number of
centers for
y coord.

Number of
centers for
z coord.

MATLAB
tr. , s

MATLAB
sim., s

Dymola sim.,
s, ±10%

50 411 154 393 427.0 0.11 158

Table 4.23: The number of the chosen center points for the Wendland approximation
and its corresponding training and simulation times in MATLAB and Dymola; Tank 1
aft.
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Known in-data Unknown in-data

Sim. Diff., mm Diff., l Diff., mm Diff, l Avrg, l

50 6 2.6 247 113 57.8

Table 4.24: Approximation accuracy for the ψ functions of Wendland; Tank 1 aft. The
values for the known input data in Columns 2 and 3 are calculated as the arithmetic
mean of the differences between the CAD readings and the approximation function values
for each data point generated during the CATIA analysis. The values in the unknown
input data columns (4 and 5) are calculated using 20 acceleration vectors, different than
the ones used for the CATIA analysis, with an input volume corresponding to a tank
sectioned at mid-point of the acceleration vector line. The difference in millimetres is
calculated as the perpendicular between the approximated and the “real” (CAD) fuel
surface planes and it is converted into litres using the algorithm presented earlier in the
current section. The last column presents the mean between the values in column 3 and
column 5.

Port 1 Port 2 Port 3
[9540, 520, 4150] mm [10199, -800, 4000] mm [9783, -198, 3540] mm

Sim. Error, mm Error, l Error, mm Error, l Error, mm Error, l

50 6.0 2.6 6.0 2.6 6.0 2.6

Table 4.25: The difference in millimetres and in litres between the simulation and CAD
readings for 3 different ports in the tank for the approximation with rational quadratic
kernels; Tank 1 aft

4.3 Local Acceleration

In order to allow for the calculation of the local acceleration acting on each fuel tank’s
center of gravity, a small extension was done to the existing fuel system model, shown
in Fig. 4.1. The Acceleration component feeds the values for the linear and angular
accelerations acting on the aircraft to the System component, which sends them further
on to the Tank and Pipe component where the actual acceleration value is calculated.
The only pre-required information apart from the accelerations is the position of the
tank’s center of gravity with respect to the aircraft’s center of gravity.
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Figure 4.1: A simplified fuel system model with one tank, two pipes, a source and a
sink; the system component is modified in order to allow for the calculation of the local
acceleration acting on the tank’s center of gravity. The acceleration component feeds
the values for the linear and angular acceleration of the aircraft, and the tank model
performs the calculation.
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Chapter 5

Discussion

5.1 CATIA

The two main possibilities for improvement suggested by [3] were investigated from
different perspectives. Firstly, the ideal simplification process of the fuel tanks needs to
be an automated one, in which CATIA recognizes by itself which features are not useful
and can be eliminated. However, the existing CATIA feature recognition tool can only
deal with simple volumes at the moment. This means that a script accomplishing this
task needs to be created, which would have to go through each individual element used
for the fuel tank construction and examine the protuberances, holes and so on. Assuming
a flawless behaviour, after the removal of the unwanted items, the script would need to
join the remaining surfaces together. This, as well, is an error-prone process, and when
it is required, it is done manually. Even if we assume that it can be done automatically,
given the size and complexity of the fuel tanks, its execution time would most likely be
comparable to the execution time of the original analysis ran on an unaltered fuel tank.

The second option of creating a batch analysis which would restart CATIA when
the available memory is running low can be implemented, and has been proven to work
on computers with local installations of CATIA. However, due to the access restrictions
imposed by the SAAB CAD user system, there were numerous difficulties encountered
during its implementation. It should be noted, though, that the idea of a batch analysis
was supposed to solve the CATIA memory problems and prevent the computer from
crashing, by releasing the used memory whenever CATIA was closed. However, a “fresh”
memory start is only ensured when restarting the entire system. This complicates the
problem even further by the need to write a script which would run CATIA at every
system restart and which would keep track of what has already been done during the
analysis and what is still left to do.

There were, however, 2 solutions to the time and memory problems raised in [3].
Memorywise, a not very elegant, but efficient solution of closing and reopening the tank
file after every 3 acceleration vectors was implemented. Timewise, the splitting of the
acceleration vector in 4 parts and running 4 different analysis in parallel reduces the
time to a quarter of the original one, without giving rise to any memory problems, and,
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most importantly, without reducing the accuracy of the simulations. Moreover, using the
CATIA Data Upwards Assistant (CATDUA) also reduces the size of the fuel tank file by
approx. 10%,. Although this may not seem a lot, given that there are 900 acceleration
vectors in the test case and that the script opens the file every 3 vectors, so 300 times,
this also saves a couple of hours in the execution.

Unfortunately, the method based on wrapping the fuel tanks and resurfacing the
resulting mesh does not generate good enough results to be used even as a “rough”
estimate while the thorough analysis is running. Even when the model is shrunk, to
make up for the gain in volume due to the removal of internal components, the values
are still off by tens of litres; sometimes by even more than a hundred litres. Moreover,
the positions of the center of gravity and of the point on the fuel surface are changed
compared to the original tank, since the weight distribution is different inside the fuel
tank, and this cannot be accounted for in any way.

5.2 MATLAB and Dymola

5.2.1 The Gaussian function

For the Gaussian function, there are three variables which can influence the approxima-
tion results and the simulation time: the accepted error value when training the data,
the scaling factor k and the choice of the constant term k(i) = 0 (explained in the caption
of Table 4.1 and further in this section).

By looking at the accepted error value, Table 4.2 shows that, overall, simulations 9-
16, which have a lower error threshold (1 mm), yield higher simulation times in Dymola.
However, from Table 4.3 it results that they also have better accuracies in terms of
volume difference between the real fuel surface in CATIA and the approximated one
from MATLAB and Dymola.

The scaling factor k influences the approximation through the number of selected
center points during the MATLAB training. A higher value for the scaling factor trans-
lates to ”thin” Gaussian bells, so, in order to approximate correctly, the algorithm needs
to choose more center points than in the counter situation when the scaling factor has a
low value. This means that Dymola needs to evaluate more equations than in the case
of low-valued scaling factors, leading to higher simulation times. However, in terms of
precision, lower ks perform considerably worse than higher ks, as shown in Tables 4.3
and 4.8. Moreover, it seems that the biggest influence on the simulation time is not
given by the number of center points, since, for instance, Simulation 9, which has 7.5
times as many center points as Simulation 6, does not take 7.5 times longer to execute.

The influence of the constant term is equivalent to dropping that particular point
from the analysis, and this has a consequence on the algorithm’s choice of centres. This
influence is shown best by columns 2-4 in Tables 4.2 and 4.7, where there are differences
between the number of centres selected in each pair of analysis (1 with 2, 3 with 4,
etc.; similarly for 1 bis and 2 bis, etc.). If there was no influence at all, the algorithm
should have chosen the same number of center points for the two analyses, given that
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they have the same settings. This translates into big time differences in the case of
Simulation 7 and 8, 9 and 10 and 15 and 16 for Tank 1 aft. For Tank 3, there are no
considerable differences in terms of simulation time, even if the number of centers varies
by the hundreds in some cases (1 bis and 2 bis).

Given the inconsistency of the above results, the best method, which has been
adopted in subsequent simulations, is to duplicate the point chosen to have a constant
value.

Table 4.2 shows that the shortest execution time occurs for Simulations 3, 5, 6 and
14. This result is somewhat predictable, given that their approximation settings yield
the smallest number of center points, meaning the smallest number of executions in
Dymola. From an accuracy point of view, however, the best simulations are 15, 16 and
10 and 9, as reflected in Table 4.3. But these simulations are the most disadvantageous
in terms of time. Therefore, looking at the “fast” simulations (less than 130 s) and
ranking them in terms of accuracy shows that Simulation 1 gives the best accuracy/time
ratio, closely followed by 11 and 7.

Performing the same evaluation of the results relevant to Tank 3, Simulation 1 bis
has the best accuracy with respect to volumetric error, while Simulation 6 bis has the
shortest execution time. As before, the shortest simulation has the worst volumetric
accuracy, so by looking only at simulations computing under 135 s, the best simulation
is again Simulation 1 bis. The threshold time value is set higher due to the fact that
the simulations for Tank 3 tend to take longer than for Tank 1 aft, since there are more
data points, and, consequently, more center points.

The results for Tank 3 point towards the same direction: Simulation 1, with the best
accuracy, also gives a “good enough” execution time. The difference, though, as men-
tioned before, is not that big between the simulations, and the approximation functions
are decidedly not the ones which account for the most part of the execution time. This
comparison should only be taken as an indicator as how the different settings for the
Gaussian influence the approximation. Even if Simulation 1 is not the best for Tank 4,
for instance, this does not mean that it cannot be used. Any of these settings will give
good results for all tanks.

5.2.2 The inverse quadratic function

As in the case of the Gaussian function, there are three variables which can influence
the approximations based on the inverse quadratic kernels: the accepted error value for
data training, the scaling factor k and the index of the constant term k(i) = 0.

Starting with the last parameter, the index of the constant term, the same conclusion
applies as in the case of the Gaussian kernels: setting the influence of one term to zero
is equivalent to dropping that point, which proves to have an influence on the results.
Table 4.11 shows that for the pair simulations (Simulations 17 and 18, 19 and 20 etc.),
the training algorithm selects a different number of center points. Since this parameter is
the only one which varies between the simulations, it is the only one which can influence
this result. Therefore, the best method to avoid this variation is to duplicate the point
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to be set to zero, in order to ensure that all the center points will be included in the
computation of the final approximation function.

As for the other two parameters, the same general conclusions from the Gaussian
function stand: the smaller the error and the higher the value for the scaling factor k,
the higher the number of center points, and, generally, the longer the Dymola simulation
time. The accuracy of the approximations does not seem to be greatly affected by the
chosen error during data training, since Simulations 17-24 have similar results with their
counterparts in Simulations 25-32. Judging by the average volumetric error, the best
results are given by Simulations 25 and 26, which, according to Table 4.10, correspond to
k = 0.8 and an error of 2 mm. Timewise, though, these are the most costly simulations.
The best compromise is offered by Simulation 18, which has a good enough accuracy of
4.45 l and computes in 140 s.

As a note, the same observation applies to the difference in computation time between
the MATLAB and Dymola simulations: Dymola simulates a mini-fuel system with a
tank, two pipes, a source and a sink, while MATLAB computes only the approximation
for the point on the fuel surface.

5.2.3 The inverse multiquadric function

The same general results apply for the inverse multiquadric function as in the case of
the Gaussian and of the inverse quadratic. A lower tolerance and a higher value for the
scaling factor k results in more numerous center points and in longer simulation times
in both MATLAB and Dymola, whereas the position of the constant term among the
training data points does not influence the result in a consistent way.

Looking at the results presented in Table 4.15, the most advantageous combination
of k and accuracy in terms of time is given by Simulation 39 (which, from Table 4.14,
are k = 1, k(1) = 0 and error = 5.73 mm). Table 4.16 lists an error of 5.05 l for the
same simulation, which is almost double the minimum attainable error of 2.70 l with the
settings in Simulation 47. However, all the simulations resulting in a 2.5 l-3.0 l error (41,
42, 47 and 48) yield too long computations times in Dymola. Therefore, the best time
vs. accuracy ratio is given by Simulation 39.

5.2.4 The rational quadratic function

As shown in Fig. 3.21, the rational quadratic function does not offer a better alternative
to the other tested RBFs. There are significant approximation errors at the ends of the
calculation interval and between the data points, even if the average error value of 5 l is
quite satisfactory. It does not offer benefits from a time point of view, either, having a
simulation time comparable to the rest of the functions. All things considered, it does
not seem to be the solution to the approximation problem at hand.
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5.2.5 Wendland’s function

As mentioned in Section 4.2.5, the first thing to notice about the ψ functions of Wendland
is the extremely high value for the average error. This is due to the fact that the function
offers a good approximation at the data points, but oscillates between them considerably.
Therefore, the function does not meet the requirements of the problem at hand.

However, the ψ-functions of Wendland played a very important role in the develop-
ment of the thesis. They sparked interest in this oscillation between the data points. At
a closer examination, this behaviour was encountered for all RBF functions tested, with
a high influence on the Dymola simulation time. The explanation for this phenomenon
comes in Section 5.2.6.

5.2.6 The Runge phenomenon

The Runge phenomenon is described completely in [18]. In short, each RBF has an
optimal parameter k, for which the function approximates well. For values above the
optimal one, the function gives correct approximations at the known data points, but
has extremely high peaks between them. This is best depicted by Wendland’s function
behaviour, but, unfortunately, appears for all of the tested functions. The phenomenon
was identified late in the evaluation process, so it has not undergone a thorough inves-
tigation. However, it offers a plausible explanation as to why the simulation times are
comparable (most of them are in the area of 120 s- 160 s) even when there is an order of
magnitude difference between the numbers of center points transmitted to Dymola.

The oscillations are difficult to spot with the naked eye; they appear in the 3rd

or 4th decimal, and can only be seen after several zoom-ins. Fig. 5.1 shows how the
approximation of the x -coordinate of a point on the fuel surface looks like (as a function
of volume), and Fig. 5.2-5.3 show how they look like at a zoom-in. The high oscillations
result in the long Dymola computations time.

As mentioned before, the Runge phenomenon appears for all RBF functions, and
increases in influence with the degree of the polynomial (thus making Wendland’s func-
tions not suitable) and with the degree of accuracy of the approximation. This is due
to the fact that the peaks appear for the kernel functions around each center point; the
higher the accuracy, the more center points there are for an approximation, and therefore
the more oscillations are included in the final approximation.

60



Figure 5.1: The surface point x coordinate vs. the fuel volume; no zoom-in.

Figure 5.2: A first type of oscillation seen at a zoom-in.

Figure 5.3: A second type of oscillation seen at a zoom-in.
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5.3 Local acceleration

The implementation of the local acceleration calculation extension was easy and did not
pose any problems to the well-functioning of the system.
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Chapter 6

Conclusions

The goal of the thesis was to improve the existing tank analysis procedures in order to be
applicable for the Gripen NG new fuel tanks. This has been accomplished, by reducing
the analysis time to around 35 h from hundreds of hours, and by removing the memory
problems encountered in CATIA. The fuel system model was extended to include the
calculation of the local acceleration acting on each fuel tank, rather than the global
acceleration acting on the aircraft’s center of gravity.

As for the function giving the approximation to be used in Dymola, the inverse
multiquadric seems to offer the best approximation with the settings of Simulation 39.
However, since the Runge phenomenon influences all the simulations executed for this
thesis, a second comparison needs to be performed when the oscillation source is identi-
fied and removed.
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Chapter 7

Appendices

Appendix 1 - the Gaussian function

Figure 7.1: Approximation accuracy for the
x coordinate of a point on the fuel surface,
Sim. 1

Figure 7.2: Approximation accuracy for the
y coordinate of a point on the fuel surface,
Sim. 1
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Figure 7.3: Approximation accuracy for the
z coordinate of a point on the fuel surface,
Sim. 1

Figure 7.4: Approximation accuracy for the
x coordinate of a point on the fuel surface,
Sim. 2

Figure 7.5: Approximation accuracy for the
y coordinate of a point on the fuel surface,
Sim. 2

Figure 7.6: Approximation accuracy for the
z coordinate of a point on the fuel surface,
Sim. 2
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Figure 7.7: Approximation accuracy for the
x coordinate of a point on the fuel surface,
Sim. 3

Figure 7.8: Approximation accuracy for the
y coordinate of a point on the fuel surface,
Sim. 3

Figure 7.9: Approximation accuracy for the
z coordinate of a point on the fuel surface,
Sim. 3

Figure 7.10: Approximation accuracy for
the x coordinate of a point on the fuel sur-
face, Sim. 4
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Figure 7.11: Approximation accuracy for
the y coordinate of a point on the fuel sur-
face, Sim. 4

Figure 7.12: Approximation accuracy for
the z coordinate of a point on the fuel sur-
face, Sim. 4

Figure 7.13: Approximation accuracy for
the x coordinate of a point on the fuel sur-
face, Sim. 5

Figure 7.14: Approximation accuracy for
the y coordinate of a point on the fuel sur-
face, Sim. 5
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Figure 7.15: Approximation accuracy for
the z coordinate of a point on the fuel sur-
face, Sim. 5

Figure 7.16: Approximation accuracy for
the x coordinate of a point on the fuel sur-
face, Sim. 6

Figure 7.17: Approximation accuracy for
the y coordinate of a point on the fuel sur-
face, Sim. 6

Figure 7.18: Approximation accuracy for
the z coordinate of a point on the fuel sur-
face, Sim. 6
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Figure 7.19: Approximation accuracy for
the x coordinate of a point on the fuel sur-
face, Sim. 7

Figure 7.20: Approximation accuracy for
the y coordinate of a point on the fuel sur-
face, Sim. 7

Figure 7.21: Approximation accuracy for
the z coordinate of a point on the fuel sur-
face, Sim. 7

Figure 7.22: Approximation accuracy for
the x coordinate of a point on the fuel sur-
face, Sim. 8
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Figure 7.23: Approximation accuracy for
the y coordinate of a point on the fuel sur-
face, Sim. 8

Figure 7.24: Approximation accuracy for
the z coordinate of a point on the fuel sur-
face, Sim. 8

Figure 7.25: Approximation accuracy for
the x coordinate of a point on the fuel sur-
face, Sim. 9

Figure 7.26: Approximation accuracy for
the y coordinate of a point on the fuel sur-
face, Sim. 9
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Figure 7.27: Approximation accuracy for
the z coordinate of a point on the fuel sur-
face, Sim. 9

Figure 7.28: Approximation accuracy for
the x coordinate of a point on the fuel sur-
face, Sim. 10

Figure 7.29: Approximation accuracy for
the y coordinate of a point on the fuel sur-
face, Sim. 10

Figure 7.30: Approximation accuracy for
the z coordinate of a point on the fuel sur-
face, Sim. 10
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Figure 7.31: Approximation accuracy for
the x coordinate of a point on the fuel sur-
face, Sim. 11

Figure 7.32: Approximation accuracy for
the y coordinate of a point on the fuel sur-
face, Sim. 11

Figure 7.33: Approximation accuracy for
the z coordinate of a point on the fuel sur-
face, Sim. 11

Figure 7.34: Approximation accuracy for
the x coordinate of a point on the fuel sur-
face, Sim. 12
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Figure 7.35: Approximation accuracy for
the y coordinate of a point on the fuel sur-
face, Sim. 12

Figure 7.36: Approximation accuracy for
the z coordinate of a point on the fuel sur-
face, Sim. 12

Figure 7.37: Approximation accuracy for
the x coordinate of a point on the fuel sur-
face, Sim. 13

Figure 7.38: Approximation accuracy for
the y coordinate of a point on the fuel sur-
face, Sim. 13
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Figure 7.39: Approximation accuracy for
the z coordinate of a point on the fuel sur-
face, Sim. 13

Figure 7.40: Approximation accuracy for
the x coordinate of a point on the fuel sur-
face, Sim. 14

Figure 7.41: Approximation accuracy for
the y coordinate of a point on the fuel sur-
face, Sim. 14

Figure 7.42: Approximation accuracy for
the z coordinate of a point on the fuel sur-
face, Sim. 14
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Figure 7.43: Approximation accuracy for
the x coordinate of a point on the fuel sur-
face, Sim. 15

Figure 7.44: Approximation accuracy for
the y coordinate of a point on the fuel sur-
face, Sim. 15

Figure 7.45: Approximation accuracy for
the z coordinate of a point on the fuel sur-
face, Sim. 15

Figure 7.46: Approximation accuracy for
the x coordinate of a point on the fuel sur-
face, Sim. 16

75



Figure 7.47: Approximation accuracy for
the y coordinate of a point on the fuel sur-
face, Sim. 16

Figure 7.48: Approximation accuracy for
the z coordinate of a point on the fuel sur-
face, Sim. 16

Figure 7.49: Approximation accuracy for
the x coordinate of a point on the fuel sur-
face, Sim. 1 bis

Figure 7.50: Approximation accuracy for
the y coordinate of a point on the fuel sur-
face, Sim. 1 bis
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Figure 7.51: Approximation accuracy for
the z coordinate of a point on the fuel sur-
face, Sim. 1 bis

Figure 7.52: Approximation accuracy for
the x coordinate of a point on the fuel sur-
face, Sim. 2 bis

Figure 7.53: Approximation accuracy for
the y coordinate of a point on the fuel sur-
face, Sim. 2 bis

Figure 7.54: Approximation accuracy for
the z coordinate of a point on the fuel sur-
face, Sim. 2 bis
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Figure 7.55: Approximation accuracy for
the x coordinate of a point on the fuel sur-
face, Sim. 3 bis

Figure 7.56: Approximation accuracy for
the y coordinate of a point on the fuel sur-
face, Sim. 3 bis

Figure 7.57: Approximation accuracy for
the z coordinate of a point on the fuel sur-
face, Sim. 3 bis

Figure 7.58: Approximation accuracy for
the x coordinate of a point on the fuel sur-
face, Sim. 4 bis
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Figure 7.59: Approximation accuracy for
the y coordinate of a point on the fuel sur-
face, Sim. 4 bis

Figure 7.60: Approximation accuracy for
the z coordinate of a point on the fuel sur-
face, Sim. 4 bis

Figure 7.61: Approximation accuracy for
the x coordinate of a point on the fuel sur-
face, Sim. 5 bis

Figure 7.62: Approximation accuracy for
the y coordinate of a point on the fuel sur-
face, Sim. 5 bis
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Figure 7.63: Approximation accuracy for
the z coordinate of a point on the fuel sur-
face, Sim. 5 bis

Figure 7.64: Approximation accuracy for
the x coordinate of a point on the fuel sur-
face, Sim. 6 bis

Figure 7.65: Approximation accuracy for
the y coordinate of a point on the fuel sur-
face, Sim. 6 bis

Figure 7.66: Approximation accuracy for
the z coordinate of a point on the fuel sur-
face, Sim. 6 bis
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Figure 7.67: Approximation accuracy for
the x coordinate of a point on the fuel sur-
face, Sim. 7 bis

Figure 7.68: Approximation accuracy for
the y coordinate of a point on the fuel sur-
face, Sim. 7 bis

Figure 7.69: Approximation accuracy for
the z coordinate of a point on the fuel sur-
face, Sim. 7 bis

Figure 7.70: Approximation accuracy for
the x coordinate of a point on the fuel sur-
face, Sim. 8 bis
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Figure 7.71: Approximation accuracy for
the y coordinate of a point on the fuel sur-
face, Sim. 8 bis

Figure 7.72: Approximation accuracy for
the z coordinate of a point on the fuel sur-
face, Sim. 8 bis

Figure 7.73: Approximation accuracy for
the x coordinate of a point on the fuel sur-
face, Sim. 9 bis

Figure 7.74: Approximation accuracy for
the y coordinate of a point on the fuel sur-
face, Sim. 9 bis
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Figure 7.75: Approximation accuracy for
the z coordinate of a point on the fuel sur-
face, Sim. 9 bis

Figure 7.76: Approximation accuracy for
the x coordinate of a point on the fuel sur-
face, Sim. 10 bis

Figure 7.77: Approximation accuracy for
the y coordinate of a point on the fuel sur-
face, Sim. 10 bis

Figure 7.78: Approximation accuracy for
the z coordinate of a point on the fuel sur-
face, Sim. 10 bis
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Figure 7.79: Approximation accuracy for
the x coordinate of a point on the fuel sur-
face, Sim. 11 bis

Figure 7.80: Approximation accuracy for
the y coordinate of a point on the fuel sur-
face, Sim. 11 bis

Figure 7.81: Approximation accuracy for
the z coordinate of a point on the fuel sur-
face, Sim. 11 bis

Figure 7.82: Approximation accuracy for
the x coordinate of a point on the fuel sur-
face, Sim. 12 bis
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Figure 7.83: Approximation accuracy for
the y coordinate of a point on the fuel sur-
face, Sim. 12 bis

Figure 7.84: Approximation accuracy for
the z coordinate of a point on the fuel sur-
face, Sim. 12 bis

Figure 7.85: Approximation accuracy for
the x coordinate of a point on the fuel sur-
face, Sim. 13 bis

Figure 7.86: Approximation accuracy for
the y coordinate of a point on the fuel sur-
face, Sim. 13 bis
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Figure 7.87: Approximation accuracy for
the z coordinate of a point on the fuel sur-
face, Sim. 13 bis

Figure 7.88: Approximation accuracy for
the x coordinate of a point on the fuel sur-
face, Sim. 14 bis

Figure 7.89: Approximation accuracy for
the y coordinate of a point on the fuel sur-
face, Sim. 14 bis

Figure 7.90: Approximation accuracy for
the z coordinate of a point on the fuel sur-
face, Sim. 14 bis
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Figure 7.91: Approximation accuracy for
the x coordinate of a point on the fuel sur-
face, Sim. 15 bis

Figure 7.92: Approximation accuracy for
the y coordinate of a point on the fuel sur-
face, Sim. 15 bis

Figure 7.93: Approximation accuracy for
the z coordinate of a point on the fuel sur-
face, Sim. 15 bis

Figure 7.94: Approximation accuracy for
the x coordinate of a point on the fuel sur-
face, Sim. 16 bis
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Figure 7.95: Approximation accuracy for
the y coordinate of a point on the fuel sur-
face, Sim. 16 bis

Figure 7.96: Approximation accuracy for
the z coordinate of a point on the fuel sur-
face, Sim. 16 bis
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Appendix 2 - the inverse quadratic function

Figure 7.97: Approximation accuracy for
the x coordinate of a point on the fuel sur-
face of a point on the fuel surface, Sim. 17

Figure 7.98: Approximation accuracy for
the y coordinate of a point on the fuel sur-
face, Sim. 17

Figure 7.99: Approximation accuracy for
the z coordinate of a point on the fuel sur-
face, Sim. 17

Figure 7.100: Approximation accuracy for
the x coordinate of a point on the fuel sur-
face, Sim. 18
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Figure 7.101: Approximation accuracy for
the y coordinate of a point on the fuel sur-
face, Sim. 18

Figure 7.102: Approximation accu-
racy for the z coordinate of a point
on the fuel surface, Sim. 18

Figure 7.103: Approximation accuracy for
the x coordinate of a point on the fuel sur-
face, Sim. 19

Figure 7.104: Approximation accuracy for
the y coordinate of a point on the fuel sur-
face, Sim. 19
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Figure 7.105: Approximation accuracy for
the z coordinate of a point on the fuel sur-
face, Sim. 19

Figure 7.106: Approximation accu-
racy for the x coordinate of a point
on the fuel surface, Sim. 20

Figure 7.107: Approximation accuracy for
the y coordinate of a point on the fuel sur-
face, Sim. 20

Figure 7.108: Approximation accuracy for
the z coordinate of a point on the fuel sur-
face, Sim. 20
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Figure 7.109: Approximation accuracy for
the x coordinate of a point on the fuel sur-
face, Sim. 21

Figure 7.110: Approximation accuracy for
the y coordinate of a point on the fuel sur-
face, Sim. 21

Figure 7.111: Approximation accuracy for
the z coordinate of a point on the fuel sur-
face, Sim. 21

Figure 7.112: Approximation accuracy for
the x coordinate of a point on the fuel sur-
face, Sim. 22
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Figure 7.113: Approximation accuracy for
the y coordinate of a point on the fuel sur-
face, Sim. 22

Figure 7.114: Approximation accuracy for
the z coordinate of a point on the fuel sur-
face, Sim. 22

Figure 7.115: Approximation accuracy for
the x coordinate of a point on the fuel sur-
face, Sim. 23

Figure 7.116: Approximation accuracy for
the y coordinate of a point on the fuel sur-
face, Sim. 23
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Figure 7.117: Approximation accuracy for
the y coordinate of a point on the fuel sur-
face, Sim. 24

Figure 7.118: Approximation accuracy for
the z coordinate of a point on the fuel sur-
face, Sim. 24

Figure 7.119: Approximation accuracy for
the x coordinate of a point on the fuel sur-
face, Sim. 25

Figure 7.120: Approximation accuracy for
the y coordinate of a point on the fuel sur-
face, Sim. 25
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Figure 7.121: Approximation accuracy for
the z coordinate of a point on the fuel sur-
face, Sim. 25

Figure 7.122: Approximation accuracy for
the x coordinate of a point on the fuel sur-
face, Sim. 26

Figure 7.123: Approximation accuracy for
the y coordinate of a point on the fuel sur-
face, Sim. 26

Figure 7.124: Approximation accuracy for
the z coordinate of a point on the fuel sur-
face, Sim. 26
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Figure 7.125: Approximation accuracy for
the x coordinate of a point on the fuel sur-
face, Sim. 27

Figure 7.126: Approximation accuracy for
the y coordinate of a point on the fuel sur-
face, Sim. 27

Figure 7.127: Approximation accuracy for
the z coordinate of a point on the fuel sur-
face, Sim. 27

Figure 7.128: Approximation accuracy for
the x coordinate of a point on the fuel sur-
face, Sim. 28
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Figure 7.129: Approximation accuracy for
the y coordinate of a point on the fuel sur-
face, Sim. 28

Figure 7.130: Approximation accu-
racy for the z coordinate of a point
on the fuel surface, Sim. 28

Figure 7.131: Approximation accuracy for
the x coordinate of a point on the fuel sur-
face, Sim. 29

Figure 7.132: Approximation accuracy for
the y coordinate of a point on the fuel sur-
face, Sim. 29
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Figure 7.133: Approximation accuracy for
the z coordinate of a point on the fuel sur-
face, Sim. 29

Figure 7.134: Approximation accu-
racy for the x coordinate of a point
on the fuel surface, Sim. 30

Figure 7.135: Approximation accuracy for
the y coordinate of a point on the fuel sur-
face, Sim. 30

Figure 7.136: Approximation accuracy for
the z coordinate of a point on the fuel sur-
face, Sim. 30
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Figure 7.137: Approximation accuracy for
the x coordinate of a point on the fuel sur-
face, Sim. 31

Figure 7.138: Approximation accuracy for
the y coordinate of a point on the fuel sur-
face, Sim. 31

Figure 7.139: Approximation accuracy for
the z coordinate of a point on the fuel sur-
face, Sim. 31

Figure 7.140: Approximation accuracy for
the x coordinate of a point on the fuel sur-
face, Sim. 32
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Figure 7.141: Approximation accuracy for
the y coordinate of a point on the fuel sur-
face, Sim. 32

Figure 7.142: Approximation accuracy for
the z coordinate of a point on the fuel sur-
face, Sim. 32
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Appendix 3 - the inverse multiquadric function

Figure 7.143: Approximation accuracy for
the x coordinate of a point on the fuel sur-
face, Sim. 33

Figure 7.144: Approximation accuracy for
the y coordinate of a point on the fuel sur-
face, Sim. 33

Figure 7.145: Approximation accuracy for
the z coordinate of a point on the fuel sur-
face, Sim. 33

Figure 7.146: Approximation accuracy for
the x coordinate of a point on the fuel sur-
face, Sim. 34
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Figure 7.147: Approximation accuracy for
the y coordinate of a point on the fuel sur-
face, Sim. 34

Figure 7.148: Approximation accu-
racy for the z coordinate of a point
on the fuel surface, Sim. 34

Figure 7.149: Approximation accuracy for
the x coordinate of a point on the fuel sur-
face, Sim. 35

Figure 7.150: Approximation accuracy for
the y coordinate of a point on the fuel sur-
face, Sim. 35
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Figure 7.151: Approximation accuracy for
the z coordinate of a point on the fuel sur-
face, Sim. 35

Figure 7.152: Approximation accu-
racy for the x coordinate of a point
on the fuel surface, Sim. 36

Figure 7.153: Approximation accuracy for
the y coordinate of a point on the fuel sur-
face, Sim. 36

Figure 7.154: Approximation accuracy for
the z coordinate of a point on the fuel sur-
face, Sim. 36
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Figure 7.155: Approximation accuracy for
the x coordinate of a point on the fuel sur-
face, Sim. 37

Figure 7.156: Approximation accuracy for
the y coordinate of a point on the fuel sur-
face, Sim. 37

Figure 7.157: Approximation accuracy for
the z coordinate of a point on the fuel sur-
face, Sim. 37

Figure 7.158: Approximation accuracy for
the x coordinate of a point on the fuel sur-
face, Sim. 38
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Figure 7.159: Approximation accuracy for
the y coordinate of a point on the fuel sur-
face, Sim. 38

Figure 7.160: Approximation accuracy for
the z coordinate of a point on the fuel sur-
face, Sim. 38

Figure 7.161: Approximation accuracy for
the x coordinate of a point on the fuel sur-
face, Sim. 39

Figure 7.162: Approximation accuracy for
the y coordinate of a point on the fuel sur-
face, Sim. 39

105



Figure 7.163: Approximation accuracy for
the y coordinate of a point on the fuel sur-
face, Sim. 39

Figure 7.164: Approximation accuracy for
the x coordinate of a point on the fuel sur-
face, Sim. 40

Figure 7.165: Approximation accuracy for
the y coordinate of a point on the fuel sur-
face, Sim. 40

Figure 7.166: Approximation accuracy for
the z coordinate of a point on the fuel sur-
face, Sim. 40
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Figure 7.167: Approximation accuracy for
the x coordinate of a point on the fuel sur-
face, Sim. 41

Figure 7.168: Approximation accuracy for
the y coordinate of a point on the fuel sur-
face, Sim. 41

Figure 7.169: Approximation accuracy for
the z coordinate of a point on the fuel sur-
face, Sim. 41

Figure 7.170: Approximation accuracy for
the x coordinate of a point on the fuel sur-
face, Sim. 42
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Figure 7.171: Approximation accuracy for
the y coordinate of a point on the fuel sur-
face, Sim. 42

Figure 7.172: Approximation accuracy for
the z coordinate of a point on the fuel sur-
face, Sim. 42

Figure 7.173: Approximation accuracy for
the x coordinate of a point on the fuel sur-
face, Sim. 43

Figure 7.174: Approximation accuracy for
the y coordinate of a point on the fuel sur-
face, Sim. 43
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Figure 7.175: Approximation accuracy for
the z coordinate of a point on the fuel sur-
face, Sim. 43

Figure 7.176: Approximation accuracy for
the x coordinate of a point on the fuel sur-
face, Sim. 44

Figure 7.177: Approximation accuracy for
the y coordinate of a point on the fuel sur-
face, Sim. 44

Figure 7.178: Approximation accuracy for
the z coordinate of a point on the fuel sur-
face, Sim. 44
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Figure 7.179: Approximation accuracy for
the x coordinate of a point on the fuel sur-
face, Sim. 45

Figure 7.180: Approximation accuracy for
the y coordinate of a point on the fuel sur-
face, Sim. 45

Figure 7.181: Approximation accuracy for
the z coordinate of a point on the fuel sur-
face, Sim. 45

Figure 7.182: Approximation accuracy for
the x coordinate of a point on the fuel sur-
face, Sim. 46

110



Figure 7.183: Approximation accuracy for
the y coordinate of a point on the fuel sur-
face, Sim. 46

Figure 7.184: Approximation accuracy for
the z coordinate of a point on the fuel sur-
face, Sim. 46

Figure 7.185: Approximation accuracy for
the x coordinate of a point on the fuel sur-
face, Sim. 47

Figure 7.186: Approximation accuracy for
the y coordinate of a point on the fuel sur-
face, Sim. 47
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Figure 7.187: Approximation accuracy for
the z coordinate of a point on the fuel sur-
face, Sim. 47

Figure 7.188: Approximation accuracy for
the x coordinate of a point on the fuel sur-
face, Sim. 48

Figure 7.189: Approximation accuracy for
the y coordinate of a point on the fuel sur-
face, Sim. 48

Figure 7.190: Approximation accuracy for
the z coordinate of a point on the fuel sur-
face, Sim. 48
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Appendix 4 - the rational quadratic function

Figure 7.191: Approximation accuracy for
the x coordinate of a point on the fuel sur-
face, Sim. 49

Figure 7.192: Approximation accuracy for
the y coordinate of a point on the fuel sur-
face, Sim. 49

Figure 7.193: Approximation accuracy for the z coordinate of a point on the fuel surface,
Sim. 49
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Appendix 5 - Wendland’s function

Figure 7.194: Approximation accuracy for
the x coordinate of a point on the fuel sur-
face, Sim. 50

Figure 7.195: Approximation accuracy for
the y coordinate of a point on the fuel sur-
face, Sim. 50

Figure 7.196: Approximation accuracy for the z coordinate of a point on the fuel surface,
Sim. 50

114



Bibliography

[1] I. Lind, H. Andersson:, “Model Based Systems Engineering for Aircraft Systems -
How does Modelica Based Tools Fit?”, Proceedings of the 8th International Modelica
Conference, p. 856 - 864, Dresden, Germany, 2011.

[2] H. Gavel, “On Aircraft Fuel Systems - Conceptual Design and Modeling”, Doctoral
thesis, Department of Machine Design, Linköping University, Linköping, Sweden,
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