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Abstract

Till this day, star dynamics simulations are sampled using the snapshot sampling
scheme, which works perfectly fine, but requires a lot of diskspace since for each
snapshot the entire simulated system is being stored. In combination with
current integration schemes, which are usually based on the individual time-
step integration scheme, it also produces a computational overhead, because to
be able to produce a snapshot the integrated system needs to be synchronized,
i.e. all particles need to be interpolated to the same time instance. I propose
an alternative sampling scheme called the individual time-step scheme. In this
scheme particles are individually sampled, based on their individual integration
steps. Using some basic, well known astrophysical models, I will compare these
two sampling schemes, showing that the quality /size ratio of data resulting from
the individual sampling scheme is better than that of data resulting from the
snapshot sampling scheme.

Starshow is an application, built as a reference implementation for the vi-
sualization of the results of star dynamics simulations, capable of visualizing
snapshot sampled data as well as individually sampled data. It was build
specifically for the Personal Space Station, a semi-immersive, near-field, vir-
tual environment, which allows for alternative methods of interaction with the
visualized simulation.
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Chapter 1

Introduction

1.1 Star Dynamics Simulations and sampling

The branch of astrophysics describing the collective motions of stars subject to
their mutual gravity is called star dynamics. Simulations in star dynamics are
performed with the use of integrators. Over the course of time these integrators
have gradually evolved and quite a number of techniques have been developed
to optimize the integration methods [5]. Since storing the complete integration
usually requires too much space the results need to be sampled. However, these
sampling methods have hardly evolved and the most commonly used method
has always been and still is the snapshot sampling scheme. Although this sam-
pling scheme is not erroneous in any way, the size of the results obtained using
this method tend to be very large. In this thesis I will propose the individual
sampling method; a method that is, in combination with current integration
schemes, more efficient than the snapshot scheme in terms of the size of its
output and the amount of processing required to produce that output.

1.2 Visualization

Visualization helps scientists to gain a better understanding of the subject they
are examining. Although there are for astrophysicists already several visualizers
for star dynamics simulations available I developed a new application named
Starshow. This visualizer distinguishes itself from the other applications by
being designed specifically for the Personal Space Station [10], an experimental
virtual reality system, instead for the standard desktop computer. The Personal
Space Station is different than most virtually reality system because it is small
enough to fit on a desktop. Since a virtual reality system that can fit on a
desktop might become more common than large virtual reality systems such as
the CAVE [7], which requires an enormous amount of space, researchers might
be more inclined to use it. The controllers used for interaction with the PSS
are also quite novel, which allows for new ideas with regard to interaction with
the visualized simulations.
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1.3 This thesis

This thesis consists of two parts: in the first part, chapter 2 till chapter 4, I
will examine the advantages of an individual sampling scheme over a snapshot
sampling scheme. In the second part, chapter 5, T will discuss the tool called
Starshow I've created for the PSS for the visualization of n-body simulations;
in particular those sampled with the individual sampling scheme with Starlab.
Finally, in chapter 6 I will discuss the findings I made during the course of this
thesis.
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Chapter 2

N-body Integration

The n-body problem is the problem of determining the motions of n bodies,
given their initial positions, masses and velocities. Numerical integration in
time is used in physical simulation to integrate position, velocity, acceleration
and other state derivatives during body movement. N-body integration is the
numerical integration in time of a stellar system containing n number of particles

(bodies).

Figure 2.1: A star cluster.

One of the most important aspects of the n-body integrations is the integra-
tion time-step, the period of time in between two moments where the properties
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of a star are redetermined. Since a larger time-step means less calculations, the
time-steps should be made as big as possible. However, the fact that a larger
time-step usually means a larger error makes finding an optimal integration
scheme a challenging task.

Over the years various methods have been developed to deal with the way
how the time-steps of the particles are determined. In this chapter I will discuss
two very well known integration schemes that use very distinct methods to
determine the time-step: the shared time-step integration and the individual
time-step integration.

2.1 Shared Time-step Integration

The shared time-step integration [3] [4] uses a very simple time-step scheme as
is shown in Illustration A in figure 2.2. In this scheme all particles have the
same constant time-step during the entire integration. The simplicity of this
scheme is its greatest advantage. However, it does not provide much flexibility
for the integrator and a high precision has a very high computation cost.

Shown in illustration B in figure 2.2 is a variation on the shared time-step
integration, called the variable time-step integration; all particles still have an
equal time-step. However, this time-step is now variable over time and rede-
termined at each integration step. This provides an increased flexibility while
maintaining most of the simplicity of the shared time-step integration.

2.2 Individual Time-step Integration

The individual time-step scheme is shown in illustration C in figure 2.2; for each
particle being integrated there is an individual time-step that is variable over
time. For each particle the size of this time-step will be redetermined at each of
the particle’s integration steps. This scheme has the effect that the individual
time-step will be larger when a particle trajectory is stable and shorter when it
is less stable, which has the result that the overall precision of the integration
will be increased while the number of calculations is more or less maintained.

In illustration D in figure 2.2 a variation on the individual time-step scheme
called the block-timestep scheme [12] is shown; instead of allowing the individual
time-step to have any possible size, the time-step’s size is restricted to be a
multiple of a certain minimum size. This way, the probability of having multiple
particles needing to be integrated simultaneously increases, resulting in a lower
computational cost.
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Figure 2.2: Tllustration of the various integration methods: A)Shared time-step,
B) Variable time-step, C) Individual time-step and D) blocked individual time-

step
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Chapter 3

Sampling Schemes

The user performing a simulation usually wants to store not only the end-state of
the simulation, but preferably the whole simulation from beginning to end. But
since storing the entire simulation would produce too much data, the simulation
needs to be sampled.

In this chapter I'll discuss the two main sampling schemes: the snapshot
sampling scheme and the individual sampling scheme. Both schemes will be
discussed using the shared and individual time-step integration schemes.

3.1 Snapshot Sampling Scheme

A snapshot is an instantiation of the entire system that is being modelled at
a certain time instance. When using the snapshot sampling scheme snapshots
are created at set time-intervals, which are independent from the integration
time-steps.

The snapshot sampling scheme is used to store the results of simulations since
the very beginning of star dynamics simulations. When using a shared time-
step integration scheme for the simulation, the use of snapshots makes perfects
sense, since at every integration time-step the data of the entire system being
modeled is already known; therefore at those time instances no additional action
to obtain a snapshot is needed. However, as graph A in figure 3.1 shows, often
the integration is sampled at time-intervals different from the time-steps of the
integrator. As a result the integrator still has to synchronize to the sampling
time-instances in order to generate a snapshot.

When sampling an individual time-step integration using a snapshot sampling
scheme, the integrator will always need to synchronize to the sampling time-
instances which can be seen in graph B in figure 3.1.

The snapshot sampling scheme has the advantage that it is very simple to
perform and when snapshot data is available, it can be re-used without much
effort. However, there are more disadvantages than advantages. The first disad-
vantage is that the resulting size is quite large, since it outputs the entire system
being modelled every time-interval. The second disadvantage is that it is very
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difficult to determine beforehand the optimal time-interval; with the exception
of the basic shared time-step integration scheme, it is unknown at which sample
interval the precision of the integrator can be achieved. The third disadvantage
is that it almost always requires an extra synchronization step to generate a
snapshot.

3.2 Individual Sampling Scheme

Instead of taking whole snapshots at certain time intervals, one can sample each
particle that is being at integrated at each of its n" integration steps. We refer
to this sampling scheme as the individual sampling scheme.

When applying this sampling scheme while using a shared or variable time-
step integration scheme the resulting data are snapshots, making the result look
somewhat similar to the snapshot sampling scheme as is shown in graph C in
figure 3.1.

Unlike with the snapshot sampling scheme the samples generated by this
scheme give a very good representation of the detail present in the integrator
as is shown in graph D in figure 3.1. Tt is possible to store the exact internal
representation of the integrator using this scheme.

The greatest disadvantage of the individual sampling scheme is that, when
used in combination with the individual integration scheme, the snapshot of a
system can not be read immediately from the output; some processing would
be required first.

The advantages however mostly outweigh this disadvantage: first, since the
individual sampling scheme does not need to synchronize all particles to a certain
time instance it requires no extra processing cost to generate the sampling data.
The second advantage is that this sampling scheme can always obtain a precision
equal to that of the integrator being used by sampling with a sample interval of
1. This also means that the sampling interval is an indication of the sampling
precision in relation to the integrator. The user can thus make an educated
guess of the precision of the results beforehand. The third advantage is that the
amount of sampled data is directly related to the number of integration steps
made by the integrator, which means that stable models require less diskspace
than more instable models. TLast, but not least, is the fact that in contrast
with the snapshot sampling scheme, it is not possible to sample more than the
precision the used integrator provides, thereby preventing overhead in diskspace
and calculations.

3.3 Measurement

Due to the different methodologies of the two sampling schemes, the precision
with which they sample are measured differently. The sample interval of the
snapshot sampling scheme is measured in time-units; in this thesis these are n-
body time-units, since output generated by the Starlab package is used, which
uses this as their time-unit. The sample interval of the individual sampling
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Figure 3.1: Tllustration of the sampling methods: Snapshot sampling: A) Vari-
able time-step integration, B) Individual time-step integration; Individual sam-
pling : C) Variable time-step integration and D) individual time-step integration

scheme however is measured in number of integration steps; this means that a
sample interval of n means that a sample is taken at every n integration steps.
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Chapter 4

Comparison between
Snapshot and Individual
Sampling

In this chapter I will compare the snapshot and individual sampling schemes
when using an individual time-step integration scheme; this comparison will be
done based on their positional error, energy, size and overall quality.

The stellar dynamics data used in this thesis are all generated using the kira
integrator from the Starlab software package [14], which uses a block-timestep
integration scheme and supports output generated by snapshot sampling as well
as individual sampling. The stellar model being integrated is a King [11] model,
which is a distribution function often used by astrophysicists to model globular
clusters'. King distributions are defined by 2 parameters: the number of stars
n and the non-dimensional central potential W,. The value of Wy, ranging from
1 to 12, gives an indication on how uniform the stellar distribution is, where a
low Wy leads to a more uniformly distributed system than a high Wy. For the
following tests we will generally use King models with n = 1000 and Wy = 3,
Wy = 6 and Wy = 9 integrated using kira over the period of 1 n-body time
unit? [9].

To indicate the precision of the data, we will refer to snapshot sampled data
with $2™, where 2" indicates the sample interval (in n-body time units) with
which the data was sampled. Individually sampled data will be referred to with
xn, where n indicates the sample interval.

The reason that the snapshot sample interval is indicated with a power of 2,
is because the kira integrator performs block-time individual integration with
timesteps that are a power of 2 and? therefore requires the snapshot to be taken
at intervals with the power of 2 also.

The individual sampling scheme has the highest possible precision when
sampling at sample interval x1; at this interval the precision of the samples

A globular cluster is a type of star cluster that has a spherical shape and contains between
10* to 10 stars and has an age of 10 to 16 billion years

21 n-body time unit ~ 0.03110° years

3This is to ensure a more efficient use of the GRAPE [12]



is equal to the precision at which the integrator is integrating. Therefore, in
the coming comparisons, data obtained using individual sampling with sample-
interval z1, will be used as a base reference to compare the results of the other
sampled trajectories with; this data will be referred to as z1 data.

Figure 4.1 shows the trajectory of a particle with id 1 that is interacting with
2 other particles. These trajectories were created using a Wy = 12 King model
consisting of 12 particles integrated over 10 n-body time units, with the shown
trajectories being a subset of these 12 particles for the time range t =~ 2 to ¢t ~ 3
n-body time units. In figure 4.2 the same trajectories are shown, with their
x-position plotted against time. In the following sections the trajectory of the
particle with id 1 will be used for demonstration purposes.

Figures 4.3 and 4.4 show the effect the two sampling methods have on the
reconstruction of the trajectory of the particle with id 1. The trajectory is
reconstructed based on the samples using a 2" order hermite interpolation
(described in chapter 5.5.1). Figure s 4.3 shows the effect of snapshot sampling
at 272, 527! and s2°. Figure 4.4 shows the effect of individual sampling with
intervals of 160, 320 and 2640 respectively.

There is a specific reason these sample intervals were chosen. Given the
example trajectory, the sample interval of x160 results in a trajectory that is
visibly distinct from the x1 trajectory while having about the same number
of samples as a snapshot sampled trajectory with sample interval s22. The
other sample intervals for snapshot sampling are s2' and s2° with corresponding
individual sampling intervals of 320 and x640 respectively.

The purpose of the figures 4.3 and 4.4 is to show that, even if both sam-
pling schemes use about the same amount of samples, the resulting interpolated
trajectories can be significantly different.

10
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Figure 4.1: The trajectory of particle 1 together with the trajectories of two
interacting particles. The trajectory of particle 1, indicated by the solid line,
is used for demonstration purposes throughout this chapter. The data for the
trajectories was generated by individual sampling with an interval of x1 of a
Wy = 12 King model consisting of 12 particles, integrated over 10 n-body time
units. The trajectories are shown for time interval ¢ ~ 2 till ¢ & 3. Their lines
were drawn by linear interpolation of the data points.
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Figure 4.2: The x-axis positions of the trajectories shown in figure 4.1 plotted
against time. The lines were drawn using linear interpolation.
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Figure 4.3: The effect of snapshot sampling the trajectory of particle
1, shown in figure 4.1. The thick solid line shows the interpolated tra-
jectory based on data sampled with individual sampling interval x1 as
was shown in figure 4.2. The dotted line shows the interpolated tra-
jectory based on data sampled with snapshot sample interval s27°, the
thin solid line for s27' and the dashed line for s272. The markers for
5272 show the sample points that are obtained when sampling at that
interval. The lines were drawn using a 2"% order Hermite interpolation.
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Figure 4.4: The effect of individually sampling the trajectory of particle
1, shown in figure 4.1. The thick solid line shows the interpolated tra-
jectory based on data sampled with individual sampling interval x1 as
was shown in figure 4.2. The dotted line shows the interpolated trajec-
tory based on data sampled with individual sample interval x640, the
thin solid line for 320 and the dashed line for x160. The markers for
2160 show the sample points that are obtained when sampling at that
interval. The lines were drawn using a 2" order Hermite interpolation.

14
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4.1 Positional Error

With the term positional error |Ad| we refer to the absolute difference in position
between the original trajectory and a reconstructed trajectory. This positional
error is determined as follows: for a given simulation, we obtain the z1 data
and data sampled using either of the two sampling schemes. Then by using a
274 order Hermite interpolation we interpolate the sampled data to the time
instances for which z1 data exists. The positional error is then the absolute
difference between the interpolated postion and the corresponding x1 position.

Figures 4.5 and 4.6 show the positional error |Ad,| over the x-axis of the
example trajectory for both sampling schemes for the same sample intervals as
were used in figures 4.3 and 4.4 respectively.

Figures 4.5 and 4.6 show various dips in their graphs; these dips occur when
the interpolated trajectory is equal to or intersects the x1 trajectory, thus when
the positional error is minimal. It is noticeable however, that for individual
sampling almost all dips in the positional error have a minimum that is equal to
or lower than 1076, while for snapshot sampling this number is far less. This can
be explained by the fact that the sampling points generated for the individual
sampling are a subset of the z1 samples, thus resulting at those points in a
positional error of 0. Samples generated using snapshot sampling on the other
hand hardly ever coincide with the x1 samples.

Figure 4.6 clearly shows that in general, when the individual sampling inter-
val is divided by 2, the positional error decreases and the period between two
dips is divided in two new periods separated by a dip, i.e. the extra sample.
However, this does ignore the ‘extra’ dips caused by the interpolated trajectory
intersecting the x1 trajectory.

Figure 4.5 shows, just as figure 4.6 for individual sampling, that when the
sample interval is divided by 2, the period between two dips is divided in two
new periods divided by a dip. Again, this is when the ‘extra’ dips caused by
the interpolated trajectory intersecting the x1 trajectory are ignored.

The difference between figure 4.5 and 4.6 however is that the dips in the
graph of the snapshot sampled data occur at regular time intervals (for data
with sample interval s272 every 0.25 n-body time units for example), while the
time interval between dips for individual sampled data is completely irregular.

Both figures show a maximum positional error of roughly |Ad,| ~ 0.2, how-
ever, this is a mere happenstance. The positional error can easily exceed 1.
The quality of the positional error depends on the velocity of a particle; a
particle that has a high velocity with a certain positional error can be considered
‘better’ than a particle that has the same positional error, but a lower velocity.
Therefore, even though the graphs of the positional error can give a person a
good insight in the effects of the various sampling intervals on the deviation
of the position, it is not a good indication of the quality of the interpolated
trajectories. The positional error of a trajectory alone is simply not enough as
a quality measurement since the quality of the positional error depends on the
velocity of the particle.

15
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Figure 4.5: Positional error |Ad,| over the x-axis for the snapshot sam-
pled trajectories shown in figure 4.3 with respect to the x1 trajectory.
The lines are linearly interpolated.
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Figure 4.6: Positional error |Ad,| over the x-axis for the individually sampled
trajectories shown in figure 4.4 with respect to the x1 trajectory. The lines are
linearly interpolated.
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4.2 Quality

As it was said before: the positional error is insufficient for the comparison
between trajectories. Therefore a better measurement to determine the quality
of a trajectory is needed. To make comparison of results easier, this quality value
(Q) should be in the range [0, 1] with 1 being a perfect trajectory. The method
decided upon was to use the positional error (|Ad||) scaled by the velocity of
the x1 trajectory (||vs1]]):

1
= —-———— 4-1
Equation 4.1 however has a few drawbacks. The first issue is that the value
of @ can become negative when 0 < ||ug1|| < 1 or 0 < ||Ad|| < 1. Therefore,

we increase both ||v,1]| and ||Ad| with 1, resulting in:

1
= 4.2
Q llve1+1l og (|Ad|| + 1) (4.2)
however, this does not solve the second issue:
1 1
lim @ =1 =- =0 (4.3)

AT Ad10 Toza 1] log (JAd]|+1) 0

To solve this problem, we increase =11l 1og (||Ad|| + 1) with 1 resulting in:

1
lee1+1log ([ Ad] + 1) + 1
log (|[ve1 ]| + 1)

— 4.4
log (1A + 1) + log (Ton [+ 1) (4.4

Q =

This value of @ ranges between [0, 1] for all ||Ad|| and ||v,1]]; however, when
[lug1]] = 0, then @ will always be 0, even when [|Ad|| = 0. Therefore, when
determining ) the folowing rule needs to be followed:

when [[Ad]| =0 then Q=1 (4.5)

Figures 4.7 and 4.8 illustrate the effect of this quality quantifier  over the x-
axis on the trajectories from figures 4.3 and 4.4 respectively, showing a noticeable
difference in the distributions of the ) value between the two sampling schemes.
This is very different from what we saw for the positional error in figures 4.5
and 4.6 where the graphs were far less distinct.

The quality graphs are 1 at those time-instances where either the sampled
data set has a sample or where the interpolated trajectory intersects the x1
trajectory; very much like the ‘dips’ in the graphs of the positional error.

Figure 4.9 illustrates the log plot of 1 — @ versus the sampling interval of the
interpolated snapshot sampled data, while table 4.1 shows the actual data. The
models used were Wy = 3, Wy = 6 and Wy = 9 King models containing 1000
particles integrated over 1 n-body time unit; the quality was averaged over 300
tests per model. The bars indicate the standard deviation of Q.

The figure clearly shows that the log plots of all 3 models are linear in log
space with more or less the same slopes. A least-squares fit in log space for

18
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Figure 4.7: Quality @, over the x-axis for the snapshot sampled trajectories
shown in figure 4.3. The lines are linearly interpolated.

each model results in the equations 4.6, 4.7 and 4.8, where the variable n is
the snapshot sampling interval. From these fits in log space we can derive the

equations 4.9, 4.10 and 4.11 respectively.

This means that, for example, when the snapshot sample interval of a Wy = 9
King model decreases 2 times, the value of 1 — @ decreases 217!, This can be
easily verified with table 4.1 when you consider that 2177 ~ 10953, 2175 ~ 100-53

and 2171 ~ 10051,

520 s271 5272 5273 5274
Wo =3 | 107207 1025 10-309 10360 19414
Wo=6 || 107192 107249 10-299 19349 10-4.01
We=09 | 107148 10-201 10-262 10=316 (=365
5270 5276 5277 5278
Wo=3 | 10747 10524 10578 10630
Wo=6 | 10-455 10-510 10-563 10-6.15
Wo=09 | 107413 10-462 10-512 10562

Table 4.1: Values of 1 — @) for snapshot sampling corresponding to figure 4.9

19
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Figure 4.8: Quality @, over the x-axis for the individually sampled trajectories
shown in figure 4.4. The lines are linearly interpolated.

In(1— Q") ~ 1.77Inn — 4.70 (4.6)
In(1 - Q¥¥™) ~ 1.75Inn — 4.44 (4.7)
In(1-Qye?) ~1.71Inn — 3.55 (4.8)

Figure 4.10 illustrates the log plot of 1 — @ versus the sampling interval of the
interpolated individually sampled data, while table 4.2 shows the actual data.
The models used were the same as for figure 4.9. Since the graphs in figure 4.10
are not as linear in log space as the graphs in figure 4.9, we fit them to second
order polynomials instead of linear functions.

The least-squares fit in log space for each model results in the equations 4.12,
4.13 and 4.14, where the variable n is the individual sampling interval. From
these fits in log space we can derive the equations 4.15, 4.16 and 4.17 respectively.

1 Q::Bap ~ nl 776—4.70 (49)
|- QUer 1 TSt (4.10)
1_ ergzp ~ 1.71673.55 (411)
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Figure 4.9: The 1 — @ value of interpolated trajectories based on snapshot
sampled data, for various sample intervals ranging from s2° till s278. The value
of @ is the mean over 300 tests. The data sampled are King models consisting
of 1000 particles with Wy = 3, Wy = 6 and Wy = 9, integrated over 1 n-
body time unit. The solid line indicates that the data sampled is a King model
with Wy = 9, the dashed line a King model with W, = 6 and the dash-dotted
line a King model with Wy = 3. Bullets indicate the actual measured values.
The large dotted line is a least-square fitted function to Wy = 9. The lines of
the graphs are linearly interpolated. The vertical lines indicates the standard
deviation of 1 — Q.

x2 x4 8 x16 x32

WO =3 10—7.08 10—6.20 10—5.43 10—4.56 10—3.78
WO =6 1077.04 1076.33 1075.50 1074.61 1073.81
WO =9 1077.10 1076.38 1075.55 1074.67 1073.87
264 128 2160 2320 2640

WO =3 1073.16 1072.68 1072.55 1072.23 1072.08
WO =6 10—3.20 10—2.71 10—2.58 10—2.21 10—1.96
WO =9 10—3.26 10—2.75 10—2.61 10—2.18 10—1.79

Table 4.2: Values of 1 — @ for individual sampling corresponding to figure 4.10
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Figure 4.10: The 1 — @ value of interpolated trajectories based on individually
sampled data, for various sample intervals ranging from 2 till £640. The value
of @ is the mean over 300 tests. The data sampled are King models consisting
of 1000 particles with Wy = 3, Wy = 6 and Wy = 9, integrated over 1 n-body
time unit. The solid line indicates that the data sampled is a King model with
Wy =9, the dashed line a King model with W, = 6 and the dash-dotted line a
King model with W, = 3. The large dotted line is a least-square fitted function
to Wy = 9. Bullets indicate the actual measured values. The lines of the graphs
are linearly interpolated. The vertical lines indicates the standard deviation of

1-Q.

In(1- Q" ~ —0.24Inn? +3.81Inn — 19.04 (4.12)
In(1- Q") ~ —0.22Inn? + 3.63Inn — 18.96 (4.13)
In(1-Q")~ —0.18Inn? + 3.46Inn — 18.92 (4.14)
1— Z)l?:i ~ n70.48+3.816719.04 — n3.32€719.04 (4'15)
1— ngéi ~ n_0'44+3'638_18'96 — n3.21€—18.96 (4.16)
1— nggd ~ n_0'36+3'466_18'92 _ n3'106_18'92 (4-17)
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4.3 Energy Error

Astrophysicists often want to know the energy of a system at a given time
instance, which needs to be constant throughout the simulation. Therefore it is
useful to determine how well the energy conservation of an interpolation based
on individual sampling actually is.

To be able to determine the energy at a given time for the entire system
that is being simulated, data is needed on all particles for that given time.
The energy error for individually sampled data is determined as follows: we
use snapshot sampled data with a very short sample interval as reference; for
each snapshot in the reference data, the individually sampled data needs to be
interpolated to the corresponding time instance. The energy error is the absolute
difference between the energy of the interpolated data and the corresponding
snapshot. To generate snapshots from an individually sampled data set, we use
the ‘worldline’ tool from the Starlab software package, while determining the
energy of a snapshot is done using the ‘energy’ tool from the Starlab package.

The models used were again 1000 particle King models with Wy, =9, Wy = 6,
and Wy = 3. The energy and energy error are averaged over 100 runs for
various sample rates. The reference snapshot sample data was generated with
an interval of s278.

Figure 4.11 shows the energy of the example trajectories that were shown
in figure 4.4 and the energy of the reference snapshots indicated as ‘base’. Tt is
interesting to note that the energy of the base snapshots also seems to deviate
at two occurrences. Figure 4.11 shows the absolute energy error of the same
example trajectories. Interesting to see is the fact that in this figure the energy
of the z1 data seems to deviate from that of the base, which is odd?, since the
x1 data should be equal to the data the integrator had when it generated the
reference snapshots.

Figure 4.13 shows for various sample intervals the mean energy of individually
sampled data for sample intervals ranging from x1 till z640. The data sampled
were King models containing 1000 particles with Wy = 3, Wy = 6 and Wy = 9,
integrated over 1 n-body time units. The mean was taken over 100 runs. It
shows that for all models the energy remains around the —0.25 for the sample
intervals < x64. When the sample interval becomes larger than 264 the energy
starts to deviate noticeably.

Figure 4.14 shows the mean absolute error of the energy values shown in
figure 4.13. We fit the graphs of each model in figure 4.14 to a least-squares
linear function in log space resulting in the equations 4.18, 4.19 and 4.20, where
the variable n is the snapshots sampling interval. These fits in log space can be
deduced to equations 4.21, 4.22 and 4.23 respectively.

4perhaps this is caused by the the ‘worldline’ or ‘energy’ tool
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Figure 4.11: Energy of snapshots interpolated from the same individually sam-
pled trajectories shown in figure 4.4. The trajectories were interpolated to
snapshots at the same time instances as the ‘base’. The ‘base’ is shown as the
gray line, indicating the energy of the snapshots generated when sampling the
original trajectory at snapshot sampling interval 278. The lines are linearly
interpolated.
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Figure 4.12: Absolute error of the trajectory energies shown in figure 4.11 with
the respect to the ‘base’.The lines are linearly interpolated.

In |AE|y3 ~2.291nn — 19.80 (4.18)
In|AE|u6 ~ 2.02lnn — 18.32 (4.19)
In |AE| 9 ~ 2.211Inn — 18.97 (4.20)
|AE| w6 ~ n229e~19-80 (4.21)
|AE |y &~ n*0%e 1832 (4.22)
|AE| w6 ~ n*2te 1897 (4.23)
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Figure 4.13: Mean energy of individually sampled data for sample intervals
ranging from z1 till 640. The data sampled were King models containing 1000
particles with Wy = 3, Wy = 6 and Wy = 9, integrated over 1 n-body time
units. The mean was taken over 100 runs. The solid line indicates the Wy = 9,
the dashed line Wy = 6 and the dash-dotted line Wy = 3. The dotted lines
above and below Wy = 9 are indications of the standard deviation in the energy
of Wo =9.
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Figure 4.14: The mean absolute error of the energy values shown in figure 4.13.
The dotted lines above and below Wy = 9 are indications of the standard devi-
ation in the energy error of data sampled from Wy = 9. The large dotted line
is a least-square fitted function to Wy = 9.
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4.4 Required Disk Space

When performing n-body simulations, the size of the resulting data can become
incredibly large; therefore it is worth examining whether changing from using
snapshot sampling to individual sampling results in a smaller size of the resulting
data set.

We will determine the size of the sampled data set for the integration of
King models with Wy = 3, Wy = 6 and Wy = 9 consisting of 1000 particles,
integrated over 1 n-body time unit. This is done with both sampling schemes
for a range of sample intervals; for each sample interval the resulting size is the
mean taken over 300 tests.

When performing snapshot sampling with kira, given a sample interval 2™,
with m being an integer, the number of snapshots the integrator generates, when
integrating over t n-body time-units, is

ne =12""+1 (4.24)

however, when the sample interval 2™ > 1, the integrator generates instead of
t27™+1 snapshots just 2™ snapshots®, because kira then doesn’t generate any
snapshot at ¢ = 0. In the following graphs I compensated for this inconsistency
by multiplying the resulting size of the data generated by interval s2° times 2
6

The expected size of a data set resulting from the snapshot sampling scheme
would be
Ssnap(mat) = SsNg = Ss(t2_m + 1) (425)

with s, being the size of a single snapshot. For the integrated models discussed
in this chapter this would result in sgyqp(m) = s,(27™ + 1).

Figure 4.15 and table 4.3 show that the average sizes of the snapshot sam-
pling scheme for all 3 King models result in function 4.25. The size of a single
snapshot for a system consisting of 1000 particles is ss =~ 0.5M B.

520 s271 5272 5273 5274

Wo=3 ] 1.1328 1.7000 2.8500 5.1492  9.7461
Wo=6 | 1.1328 1.7000 2.8484 5.1461 9.7414
Wo =9 1.1328 1.6992 2.8438 5.1398  9.7266
5270 5276 5277 5278

Wo =3 | 18.9398 37.3258 74.0977 147.6469

Wo =06 | 18.9289 37.3055 74.0609 147.5687

Wo =9 | 18.9008 37.2539 73.9516 147.3500

Table 4.3: Sizes(MB) of the data sets resulting from snapshot sampling corre-
sponding to figure 4.15

Showever, when ¢t mod 2™ # 0 the number of snapshots is $2* + 1
6this is possible because the model is only integrating over 1 n-body time-unit for these
tests
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Figure 4.15: Average size of snapshot sampled trajectories for various sample
intervals ranging from 529 till 278 over 300 tests. The models sampled were
King models containing 1000 particles, with Wy = 3, Wy = 6 and Wy = 9,
integrated over 1 n-body time unit. Bullets indicate the average sizes. The lines
are linearly interpolated.

Since the required disk space depends on the number of samples, we expect
the function of the average required disk space of individual sampled data sets
to behave as:

Sal (4.26)

Sind(n) =
where s;1 is the disk space required for the data set generated at sampling
interval 1 and n the individual sample interval.

Figure 4.16 and table 4.4 show the average required disk space of the indi-
vidual sampling scheme. The graph and table show that the function 4.26 is
correct until n ~ 64.

By default, kira produces a snapshot each n-body time unit when performing
individual sampling. Thus when performing individual sampling, when a model
is integrated over 1 n-body time unit, kira will produce 2 snapshots at least.

Kira produces less data per particle when performing individual sampling
than when performing individual sampling, therefore the size of a snapshot made
by kira when performing individual sampling differs from the size of a snapshots
when performing snapshot sampling. A simple test with kira shows us that the
size of two snapshots of 1000 particles when performing individual sampling is
2ss =~ 0.5M B.

When performing individual sampling with n > 64 the sampling interval
starts to exceed the number of integration steps in the period of 1 body time-
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unit of more and more stars, thus leaving those stars with only the samples at
the snapshots. Therefore, the required disk space will approach the size of two
snapshots.

In contrast with the snapshot sampling scheme, the difference between sizes
of the different models is quite significant. For sample interval 1 the size of the
Wo = 9 model is about 1.5 times as big as the other two models. This is mostly
caused by the fact that the stars in this model have far more interactions than
the other two models, causing the integrator to take more integration steps for
the calculation of this model and therefore results in a bigger sampled data set.

The figures also show that all scales between the sizes of the different models
decrease as the size of the sample interval increases, which makes sense, since
all sizes eventually converge towards the same 2sg, at which moment the scales
between the sizes of the different models is thus 1.

10

10

Size (MB)

10

10’1 L L | | | | | L
x1 x2 x4 x8 x16 x32 x64 x128 x320 X640

Sample Interval

Figure 4.16: Average size of individually sampled trajectories for various sample
intervals ranging from z1 till 640 over 300 tests. The models sampled were
King models containing 1000 particles, with Wy = 3, Wy = 6 and Wy = 9,
integrated over 1 n-body time unit. The lines are linearly interpolated. The
sizes resulting from the Wy = 9 King model are indicated by the solid line, the
Wy = 6 model by the dashed line and the W = 3 model by the dash-dotted
line. Bullets indicate the average sizes.
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zl 2 x4 8 16

Wo =3 || 53.5976 27.0891 13.9343 7.2394 3.8935

Wo =6 || 57.8242 29.1702 14.9755 7.7581 4.1506

Wo =9 || 89.0738 44.3732 22.5845 11.5414 6.0679

32 x64 128 160 320 2640
Wo=31 22193 1.3845 0.9716  0.8437 0.6884 0.6239
Wo=6 | 23494 1.4526 1.0105 0.8783 0.7112 0.6354
Wo=9 1 3.3099 1.9566  1.2828  1.1187 0.8565 0.7326

Table 4.4: Size(MB) of the data sets resulting from individual sampling corre-
sponding to figure 4.16
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4.5 Required Disk Space vs Quality

In this section we will illustrate how the snapshot sampling compares to indi-
vidual sampling based on the size/quality ratio of their resulting data sets. In
figure 4.17, for both sampling schemes, the size of the resulting data sets as
determined in section 4.4 is plotted against their quality as was determined in
section 4.2. The figure shows a good comparison between the two sampling
schemes.

A least-squares fit to a linear function in log space for each snapshot sampled
model results in the equations 4.27, 4.28 and 4.29. From these fits in log space
we can derive the equations 4.30, 4.31 and 4.32 respectively.

Tt is clear that the slopes of all 3 graphs in log space are more or less equal,;
the slope of all 3 graphs are around —0,51, which means that, when the value
of 1 — @ becomes 10 times larger (thus worse), the size of the resulting data set
is scaled by 107951 =~ 0.31.

A least-squares fit to a linear function in log space for each individually sam-
pled model results in the equations 4.33, 4.34 and 4.35. From these fits in log
space we can derive the equations 4.36, 4.37 and 4.38 respectively.

The slopes of all 3 graphs in log space are more or less equal to —0, 33. This
means that, when the value of 1 — @ becomes 10 times larger, the size of the
resulting data set is scaled by 107933 ~ 0.47.

Both individual sampling and snapshot sampling have a relatively constant
slope, regardless of the type of model being sampled; thus the relation between
quality and size is hardly affected by the model.

The fitted functions indicate that if the quality is taken low enough, the
required disk space for snapshot sampled data will become lower than that of
the individually sampled data. However, these fitted functions do not take into
account the properties that were described in section 4.4, which is that, for
a large enough sample interval the required diskspace for sampling using kira
will approach the size of two snapshots. However, when using kira, the size of a
snapshot consisting of a 1000 particles created using snapshot sampling is about
0.5M B, while a snapshot in a individually sampled data set is about 0.25M B.
Looking at figure 4.17 you can see that the graphs for the disk space required
for individual sampling get below the 1M B (the size of two snapshots generated
using snapshot sampling) without crossing the graphs for snapshot sampling;
thus, at a given quality, the required disk space for individual sampling will
always be less than that required for snapshot sampling.
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Figure 4.17: The size plotted against quality. The sizes are as were given in
figures 4.15 and 4.16. The qualities are as were given in figures 4.9 and 4.10.
The bullets indicate the sampling intervals, for individual sampling as well as
snapshot sampling. Each line is linearly interpolated and represents a different
sampling scheme/King model combination. Dashed lines represent snapshot
sampled data and solid lines represent individually sampled data. Each sampling
scheme has a separate line for each different King model: Wy =9, Wy = 6 and
Wy = 3.

In (s7%) ~ —0,51In (1 — Qu3) — 2.48 (4.27)
In (s74) ~ —0.511n (1 — Que) — 2.37 (4.28)

In (57 ~ —0.521n (1 — Quo) — 1.94 (4.29)

s~ (1= Quag) 0Ple 4 (4.30)

sindl & (1 — Quig)te 27 (4.31)

st & (1 — Qo) 0%2e™ 19 (4.32)

In (s55") ~ —0,331In (1 — Qus) — 2.06 (4.33)
In (s276) ~ —0.331In (1 — Q) — 2.01 (4.34)
In(s)g") ~ —0.341In (1 — Quo) — 1.86 (4.35)
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Chapter 5

Starshow

This chapter will discuss the Starshow application. Starshow is a visualizer for
star dynamics simulations. It enables users to navigate through the simulated
particles, visualize their trajectories and read out their data.

There already exist various applications for the visualization of star dynam-
ics simulations. These applications however, allow for only a limited amount
of interaction since they are restricted to the input and output offered by a
standard desktop pc. Figure 5.1 shows a picture of the platform starhow was
build for, the Personal Space Station [10] (PSS) used at the UvA SCS group.
With the creation of Starshow for the Personal Space Station we intended to
create a visualizer for star dynamics simulations that allowed for new sorts of
interactions and more meaningful feedback for the astrophysicist.

Besides being innovative, we wanted Starshow to be an application that as-
trophysicists would actually be able to use for research. The Personal Space
Station has three properties making it very accessible for normal researchers.
The Personal Space Station is very affordable, thus there is a reasonable pos-
sibility that a researcher can persuade his institute to purchase such a device.
The size of the Personal Space Station is such that it can fit on a desk, thus a
separate desk is all that is needed to be able to place it somewhere. It is made
from of the shelf components, thus if something breaks, the institute can replace
it by itself.

5.1 The Personal Space Station

Virtual reality (VR), although there is no official definition for it, usually refers
to immersive virtual reality. With immersive virtual reality the user is immersed
in a computer generated 3-dimensional environment. Well known examples of
fully immersive virtual reality environments are head-mounted displays (HMD)
and the CAVE (CAVE Automatic Virtual Environment) [7]. The PSS however
does not provide fully immersive virtual reality; instead, it provides a semi-
immersive virtual reality, a virtual reality where the user only immerses his
hands. The PSS is described by its designers as a near-field virtual environment
since it provides a virtual reality that is focused on users interacting with objects
within arm’s reach.
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Figure 5.1: Personal Space Station

5.1.1 History

The PSS T worked on during this project was build at the UvA SCS group by
R. Shulakov [17] who based his design on the work of J.D.Mulder and R. van
Liere [10].

The first mirror-based, near-field, virtual environment was proposed by C.
Schmandt [15] in 1993. His design used a half-silvered mirror for output, al-
lowing the user to see their real hands and the computer display as shown in
figure 5.2. For positional input he used a 6 degree-of-freedom magnetic tracking
device. He did consider tracking by using optical tracking with infrared light,
but since obscuration by the body is a significant issue when using infrared
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light, he decided to use magnetic tracking instead. The problem with magnetic
tracking however is that the CRT monitor used for display caused magnetic
interference with the tracker.

Figure 5.2: The half-way mirror used by Schmandst.

When the PSS was being created there were already several designs based
on Schmandt’s work. In 1994 Poston et al. [18] created the Virtual Workbench,
which used mechanical (the Immersive Probe”?) as well as electromagnetic
sensors (the Pholhemus FasTrak?™) for user input.

In 1999 Wiegand et al. [19] created their version of the Virtual Workbench
which made use of a haptic interface, a mechanical manipulator called PHAN-
ToM with a 3 DOF force-feedback and a trackball. There is also a Swedish com-
pany called Reachin [6] that sells virtual workbenches that utilizes the PHAN-
ToM manipulator for input.

The PSS differs in two ways from these systems: first of all, the PSS utilizes
head-tracking to be able to display the image correctly and second, the PSS
uses optical tracking with infrared lighting for the interactive tasks. None of
the previous systems applied these methods.

5.1.2 Workings

Three spaces

Figure 5.3 illustrates the layout of the PSS. The PSS distinguishes 3 spaces: the
visual space, the tracking space and the interaction space. The visual space is
the virtual space the user can perceive, while the tracking space is the space
covered by the cameras. The interaction space is the space where the user can
actually interact.

The visual focus plane (VFP) is the reflected image of the monitor in the
mirror. According to Mulder and van Liere, due to accommodation and conver-
gence conflicts, the useful depth range of the visual space is limited to +/ — 10
centimeters around the focus plane.

Since the interaction space is restricted to where the user can reach it is
important to configure the VFP and tracking space in such a way that their
intersection will completely overlap the user’s interaction space.
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Figure 5.3: Layout of the PSS.

Interaction

The PSS utilizes optical tracking with infrared lighting to track objects in the
tracking space. This method is described in [13]; I will give a short summary
here.

Each object used for interaction with the PSS contains a number of retro-
reflective markers. These markers are ordered in several patterns enabling the
PSS to determine the location and orientation of the object. For the PSS to
be able to do this it needs to do 3 things: train, recognize the patterns and
determine the location and orientation of these patterns.

The PSS needs to be only trained once for each interaction object. During
this training session the PSS stores several properties of the patterns he detects
in a database. The properties being stored are invariant under perspective
projections and are therefore well suited for this problem.

During normal operation the PSS uses the stored projective invariant prop-
erties to match the detected markers to the patterns in his database. Once he
has found the matching pattern he can determine its orientation and thus the
orientation of the interaction object.

Specifications

The PSS installation T worked on makes use of dual 2.4 GHz Xeon processors
and 2 Gb of memory. The graphics card is of the NVIDIA Quadro4 900 XGL!™
brand, providing quadro buffered stereo rendering. The shutter glasses are
of the Crystal Eyes' brand and work in combination with the Crystal Eyes
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ESGI Emitter to synchronize with the monitor. Headtracking is done using the
DynaSight®™ optical radar by Origin instruments. There are 4 B/W, 25 fps,
PAL resolution, interlaced cameras used for the hand-tracking in combination
with a Leutron PicPort Stereo H4 framegrabber. The total costs of the PSS are
estimated to be around €15.000,-.

5.2 The Idea behind Starshow

The reason that Starshow is developed with the PSS in mind was that a regular
desktop visualization provides too little freedom for comfortable interaction with
starclusters consisting of a large number of stars. By using the PSS the user
gets extra feedback in the sense of the position/angle of his arms and hands to
help him navigate through and interact with the star clusters.

Starshow has been implemented entirely in OpenGL and uses the VRCO
CaveLib, therefor ensuring that it will not only run on the PSS, but in a regular
CAVE environment as well. Currently it supports only the starlab format;
however, its internal data structure and I/O system is independent of that of
Starlab so that it is capable to support multiple file-formats in the future.

Besides being able to run on the PSS, we also wanted the application to be
able to run on the CAVE. This is far more useful if someone wants to give a
presentation of some sort to a number of spectators. The reason that it has
been designed primarily for the PSS is that although the CAVE environment is
very nice, it is hardly used for everyday research. The reason for that is that
it is actually too big to really work with; there is no possibility to put a CAVE
in your office. On top of that it is also very expensive, resulting in a lot of
research institutes having only one or even none at their facility; thus even if a
researcher’s institute has a CAVE, that researcher would need to reserve it if he
wanted to use it.

5.3 Interaction

Starshow supports 4 types of PSS controls: the wand, the cube, the palette and
the joystick. The wand and joystick are also available in the CAVE environment;
the cube and palette however are only available for the PSS environment.

Although the wand is available for the PSS as well as the CAVE environment,
it differs quite significantly for both systems. The wand for the PSS has the
shape of a pen and it’s only capability for interaction is being able to point and
3 buttons. The wand in the CAVE environment has the shape of a StarTrek
phaser and has just as the PSS version 3 buttons. However, next to those
buttons it has a joystick integrated into it.

Each PSS control has its own functionality:

Wand The wand, shown in figure 5.4, has 3 buttons and usually acts as a sort
of mouse in the PSS environment. In Starshow its function is threefold: it is
used to give direction when navigating, to select stars and to navigate through
menus.
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Figure 5.4: The wand. The left image shows the physical device and the right
image how it is represented in Starshow.

tm

Joystick The Joystick is just a regular joystick from Logitech®™ (Logitech
Extreme Digital 3D). It is used to control the navigation speed and to be able to
navigate sideways. Because the Sidewinder has a numerous amounts of buttons
it is also used to activate several modes in the application.

Cube The cube, depicted in figure 5.5, is used for rotating the navigation
space in the application. However due to the fact that there is no real ‘center’
to rotate around, especially when visualizing multiple globular clusters, this is
not a really useful feature, since it is more likely to confuse the user than to
assist him.

Figure 5.5: The cube. The left image shows the physical device and the right
image how it is represented in Starshow.

Palette The palette can be considered an extended version of the cube. It is a
board with a cube attached to it at the top left for tracking purposes as can be
seen in figure 5.6. The palette is used for the display of menu and miscellaneous
data.
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Figure 5.6: The pallet. The left image shows the physical device and the right
image how it is represented in Starshow.

5.4 Selecting Stars

The most important element for any interactive environment that uses a point-
ing device is the ability to select. This means that a user can point the pointing
device at the item he wishes to select and use it. When selecting items in menus,
this is not a very big issue; however when you have a large amount of particles
each depicted as a point located somewhere in a large space, this becomes a bit
trickier.

5.4.1 Selection mechanism

Since the stars are visualized using perspective projection, I decided to use
a cone shaped selection volume method for the selection of the stars. When
perspective projection is used and a point at the screen is chosen to represent
the projection of a line orthogonal to the screen, several stars may appear as if
they are located at the same distance from that line while in reality they aren’t;
Since the user in fact actually wants to select those stars that appear to be at a
certain distance from that imagenary line which is smaller than a given value,
the cone shaped selection volume is ideal for selection.

To be able to explain better how T determine whether a star falls within
the selection cone I will explain some basic linear algebra first; all these prin-
ciples can be found in basic linear algebra literature. I will assume some basic
principles concerning linear algebra are known by the reader however.

Inproduct

The inproduct (or dot product) of two vectors ¥ and @ in R? is noted as (v, w)
and is defined as:

(v, w) = viwy + vows + V3ws (5.1)
The inproduct (v, w) in R? has the following properties:

e (v,w) = (w,v) (commutative)
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o (u+v,w) = (u,w) + (v,w) (distributive)

e (Av,w) = (v, \w) = \(v,w) (linearity property)

The inproduct between two vectors gives an indication of the type of angle

between the two vectors:
e (v,w) > 0 if the angle is acute (i.e. [0,%))
e (v,w) < 0 if the angle is obtuse (i.e. [T, 7))

e (v,w) = 0 if they are perpendicular (i.e. an angle of 7 )

Since the length of a vector v is defined as:

ol = \/v} + v3 + 03

the inproduct of (v,v) yields ||v||%.

Projection

(5.2)

The projection of a vector ¥ onto vector @ is noted as 7, (v) and is defined as:

(w, v) (w,v)

™) = ) T TP

The selection method

(5.3)

Figure 5.7 shows the representation of a wand pointing in the direction of a star
including the selection cone. Vector  is the normalized direction vector of the
wand, vector ]3w the positional vector of the wand and ]33 the positional vector
of the star. The goal of selection is to determine if a star is inside that cone;

thus to determine if ||d] is smaller than ||7]| times ||I]].

Figure 5.7: The selection cone. On the left the general idea. On the right the

values that are used to determine if a star falls into the cone.

First we determine the vector d-

a = P;— Py,
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The vector [ is the projection of @ onto w:

l = w =
Tw(a) (w,w}w
{a, w)
d=a- w (5.5)
(w, w)
609
Because (w,w) = ||w||? and vector @ has length 1 because it is normalized,

it means 5.5 can be simplified to

I = {a,w)w
d=a—(a,ww (5.6)

All stars that are within the selection cone should meet the following re-
quirement:

llell < liZiH i (5.7)

But this can be reduced in the following way:

llell < il

]l < l[{a, w)wl[[|7]|

]l < [{a; w)[lwl]I~]

ldll < Ka, wll] (5-8)

611

This then eventually results in:

][> < (a,w)?||w|?|r|?
(d,d) < {a,w)*(r,r) (5.9)
(d,d) < (Ps — Py, w)?*(r,r) (5.10)

ez 5.4.2 Preliminary test

e13  Because you don’t want to run the complete test for every star, even those
e1a that are behind the user, a preliminary test is desired. A very simple test to
e1s eliminate these stars is by testing the value of their inproduct (a,w); if this
s16  value is negative, then that means the angle between vectors @ and  is obtuse,
e17  which means the star is behind the wand.

e1s  The algorithm

s10  When clicking the select button while pointing your wand in an environment
s20 with a cluster of several thousand stars the following algorithm is executed:

e21 constant : pos_wand, w, selection_range, pos_star(n)

23 for star i= 1:n

62 {
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a = vec_pos_star(i) - vec_pos_wand;
aw = dot ( a, w);

if (aw > 0 )

{
d = vec_a - aw * vecC_w;
if ( dot( d,d ) < aw * aw * selection_range )
{
toggle star(i) as selected;
}
}

The complexity of the algorithm in big O notation is O(n), meaning that
the complexity is linear, i.e. if you increase the number of stars in the system a
times, it means that the number of computations will increase no more than a
times accordingly.

The processing required by this algorithm is easily determined. Assuming
there are a total of n stars and m of these are in the users view during selection
the number of processing p;(m, n) required is:

Dt (Tn7 n) = n(5pu, + 3p7n, + pc) + m(5pa + 8pm + 1pc) (511)

where p, stands for the processing required for additions and subtractions,
pc for conditional checks and p,, for multiplications. It is well known that the
addition, substraction and conditional operations require far less processing than
multiplications. This means that when the number of particles is large enough,
it will be the multiplications that will require practically all the processing time
for the selection; and when selection is performed with all the particles in front
of the wand, the required processing can be simplified to:

pt(”) =nllpy, (5.12)

Figure 5.8: Wand in selection Figure 5.9: Selecting several
mode. stars.
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s 9.5 Visualizing Stars

esa Star simulations representing clusters of a huge number of stars are not un-
ess common, thus it is important to minimize the processing required per star,
es6 especially considering it is an interactive application. Each star is therefore vi-
es7 sualized as a single point, even though this does make depth perception for the
ess user somewhat difficult.

e 5.5.1 Visualizing stars over time

sso 10 be able to display a frame containing stars, the stars’ positions will first need
ss1 to be interpolated to a given time instance.

662 The way starshow does this is as follows: first the time instance ¢ is deter-
63 mined; this is the time instance for which the stars need to be displayed. Then,
esa for every star, the star instance is searched with the largest time instance ¢t
ees that is still smaller than ¢. This search is started from the star instance used
ess for the previous interpolation. The selected star instance and the star instance
es7 that follows directly in time are then used for interpolation.

668 In pseudo code:

670 t = get_current_time()

672 for ( i=0; i < N; i++ )

673 {

674 curStarInstance = lastSelectedInstance[ i ];

675

676 if ( t < curStarInstance->time )

677 {

678 curStarInstance = Stars[ i ]->timelLine->first
679 }

680

681 while ( curStarInstance->next->time < t )

682 {

683 curStarInstance = curStarInstance->next

684 }

685

686 selectedInstance = curStarInstance;

687

688 interpolatedStars[ i ] = interpolate( selectedInstance, selectedInstance->next, t )
689

690 lastSelectedInstance[ i ] = selectedInstance;

691 }

692

693 where N is the number of stars in the model being displayed.

e0a Trajectory

eos The time instance from the simulation that is currently being visualized will
ess be referred to as the current simulation time. When a user selects a star, its
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trajectory from the time instance at which the simulation started till the current
simulation time will be shown.

This trajectory is constructed by connecting all the star’s instances from
the beginning of the simulation up to the latest instance with a time instance
smaller than the current simulation time; this latest instance is connected to the
current interpolated position of the star. Each pair of instances is connected by
a set of n 4 1 straight lines through n points; the positions of these points are
determined by Hermite interpolation as described in section 5.5.1. The position
for the i*" point is determined by interpolating the position of the two instances
for the time instance At nil, where At is the difference in time between the two
instances.

A larger n requires more processing power, while providing a better trajec-
tory. Therefore Starshow allows the size of n to be specified by the user, thus
allowing the user to scale the required processing data for the trajectories when
needed. The default size of n is 0.

Binaries

A very interesting class of stars are the binary stars. A binary star is a pair
of stars bound together by gravity, orbiting around their ‘center of mass’. The
velocity of a star that is part of a binary, can be divided into two components:
the velocity of the center of mass and the relative velocity of a member of the
binary star with respect to the center of mass. The velocity of the center of
mass can be regarded as the velocity of the entire binary star, while the relative
velocity indicates the velocity at which the members of the binary rotate around
the center of mass.

Although the rotational velocity of a member of a binary star might be
very high, while rotating around the center of mass, the distance of a member
of a binary star from the center of mass doesn’t change noticeably. Since the
rotational velocity is usually several factors larger than the velocity of the center
of mass, the absolute velocity of a member of a binary star is mainly determined
by this relative velocity.

Figure 5.10 shows an illustration of the effects of using either velocity. In
image A, the absolute velocity is used for interpolation and the image clearly
shows that the interpolated trajectory deviates extremely from what its actual
trajectory might be. ITmage B shows the effect of using the velocity from the
center of mass; this interpolation also clearly deviates from its actual trajectory,
however it stays within the bounds formed by the position of the center of mass
and the member’s distance to the center of mass.

Therefore, when interpolating the position of a member of a binary we use
the velocity of the center of mass instead of its own absolute velocity. Figure 5.11
shows the trajectories of the members of a binary star as they are interpolated
by Starshow.

Hermite Interpolation

Starshow uses a very basic interpolation scheme to interpolate the position of
particles called Hermite interpolation [8]'. This interpolation is specifically

Tcubic hermite interpolation to be more precise
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Figure 5.10: Image (A) shows the effect when interpolating the position
of a member of a binary using its own absolute velocity; Image(B) shows
the effect when interpolating the position of a member of a binary using
the velocity of the ‘center of mass’ of that binary.

designed for the interpolation of a curve defined by two end-points with each a
certain tangent.
Given two end-points P, and P, with tangents Ry and R4 respectively, the
cubic Hermite interpolation is defined as equation 5.13.

Qt) = (2% = 3t2+ 1) Py + (=263 + 3t Py + (t> — 202 + )Ry + (£* — t*) Ry (5.13)

The resulting Q(t) is the interpolated position at the given time ¢. However,
there is one constraint, the given time ¢ has to be in the interval 0 < ¢t < 1,
with G(0) = P, and Q(1) = P,. Since the time intervals between star instances
are not so neatly constrained, the simulation time needs to be scaled to fit the
constraints.

The scaling is done as follows:

tcurr - 7fl

A —— (5.14)

ta — 11
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Figure 5.11: Several particles forming binaries.

Time t.y,. stands for the current simulation time and times ¢; and ¢4 for the
times at the begin and end points respectively.

But now that the time has been scaled, the tangents of the end-points need
to be adjusted accordingly. Therefore a small adjustment has to be made in the
Hermite interpolation resulting in:

Qt) = (26> =32 4+1) P+ (=263 4 3t*) Py + (ta — 1) (> =22 + 1) R + (£* — 1*) R
1

5.5.2 Multi-threading

When the system being used for visualization contains a great deal of particles,
interpolating the positions of these particles can require quite some time. When
this happens and the program is single threaded, the user will have to wait till
all interpolation is done for each cycle until he can interact with the program
(for a very short time). This, of course, does not improve the user experience.
To prevent this from happening we use ‘multi-threading’ and ‘buffering’.
Threading is a technique that allows a program to split itself into two or more
simultaneously running tasks. Thus allowing to interpolate the positions of a
collection of particles, while simultaneously still being able to receive user input.
Figure 5.12 is an UML activity diagram of Starshow, illustrating how the pro-
gram is split up in (at least) two threads after CAVEInit () is called. The main
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process regularly updates the model by calling the function displayUpdate()
. The display thread however continuously reads user input and displays the
model last interpolated model.

5.5.3 Buffering

The display thread displays the model while simultaneously the model is being
interpolated; to prevent these two threads from interfering with each other’s
data, buffers are needed.

Starshow uses two buffers and two pointers to these buffers which I will refer
to as pointer A and B. The buffer from pointer A contains already interpolated
data. This data is used to display and this is what the user is navigating through.
The buffer from pointer B is being written to by the function performing the
interpolation of the positions of the particles.

When the interpolation of the model is completed, the pointers will be
switched; pointer A will point to the buffer of pointer B and vice versa.

This way, the user will always be able to navigate smoothly, even if the
interpolation requires a lot of processing; when the interpolation of the model
requires a lot of processing, the user will only notice stars standing still or
moving sluggish, but will not be hampered in hist navigation.

5.6 Menus

There are two types of menus available in Starshow; both present the same op-
tions and data, however the ways they are presented to the user are significantly
different.

5.6.1 Floating Menu

The first and more classic menu type is the floating menu, shown in figure 5.13.
This menu floats in space at a fixed coordinated relative from the users point of
view. The user chooses an item from the menu by pointing at the desired item
using the Wand and selecting it by clicking a button on the Wand. Because it
is very hard to navigate through a floating menu in a PSS environment, it is
hardly utilized in Starshow.

5.6.2 Palette Menu

The second and relatively uncommon type of menu is the palette-menu 5.14.
This menu is displayed in the virtual space, superimposed over the Palette as
shown in figure 5.14.

The user is capable of selecting an item by tapping on the palette using the
Wand. Since the PSS is not always correctly configured, causing the user to be
actually unable to tap the palette in virtual space; therefore the user is given
an alternative method of selecting options by clicking the first button on the
Wand.

Since the user is actually holding the menu, he has full control over the
position of the menu. This adds another level of interactivity and lends itself
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Figure 5.12: UML activity diagram illustrating Starshow’s multi-
threading.

soz for the display of specific data about the object displayed and selected in the
sos virtual space.

809 By making the user tap the palette to choose and select a menu item, the
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Figure 5.13: The floating menu.

application provides the user with extra feedback, creating an effect of really
‘touching’ objects in VR. Since it is impossible for the palette-menu to be
realized in the CAVE-environment, the palette menu will only be available when
using Starshow in the PSS environment.

5.6.3 Data window

The data window in the palette menu shows the statistics for the currently
focused star instance, e.g. id, time, position, velocity etc.

By selecting the up and down arrows, the user can make the focus traverse
the currently selected star’s trajectory through time, as illustrated in figure 5.14;
the data window will show the data for the currently focused star instance on
that specific trajectory.

Using the left and right arrows, the user can make the focus traverse through
a bundle of selected stars. This is demonstrated in figure 5.15; in the top image,
the focus is on star #1021 from the bundle of selected stars and by using the
palette menu this focus is changed to star #1156 in the bottom image.

5.7 Starshow’s Internal Data Structure

One of the requirements was that Starshow should not only be able work with
the starlab data format, but also with other data formats. At this moment
however it only supports the Starlab data format and uses the libraries provided
by Starlab to be able to read and parse output generated by Starlab. Besides the
parsing functionality the Starlab libraries also offer classes for storing the stellar
information. Using these classes would make Starshow completely dependent
on Starlab, therefore they are not utilized by Starshow. Though Starshow has
some dependencies on Starlab, we tried to keep it at a minimum.

The basic structure of the classes used to store the particle data is shown in
the UML class diagram in figure 5.16. It illustrates the relations between the 5
main classes: StarInstance, StarContainer, TimeLineNode, TimeLine and Star.
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StarInstance The StarInstance class contains all the properties for a star for
a given time instance of that star such as its position, velocity, acceleration,
time instance, mass etc.

StarContainer The StarContainer class contains one StarInstance. It also
contains a list of daughters and a link to a parent StarContainer. The StarCon-
tainer class represents a node in the tree of the input data.

TimeLine and TimeLineNode The TimeLine of a Star is a linked list rep-
resenting the timeline of that star. The nodes in the TimeLine list are TimeLi-
neNode classes, each containing one StarContainer instance.

Star The Star class contains one TimeLine object and the global data of the
star it represents, such as its identifier, selection flag etc.

All Star objects for actual stars (no Center of Mass particles or other abstract
objects) are put in one large global array called the StarArray. The reason for
choosing an array instead of a linked list is that it is much faster to select a
certain particle from an array than from a linked list. Since the set of Stars
is created only once and is not restructured, there is no need to worry about
rebuilding or adding particles to the list. An array is therefore quite practical.

All Star objects that are selected by the user will be added to the Selected-
StarList linked list. This is a linked list since the list containing the ‘currently
selected stars’ is very dynamic.

5.8 Used Libraries

5.8.1 CAVElib

The PSS on which Starshow was developed, made use of the CAVEIib library.
This library provides an APT designed by VRCO [2] for developing software
for immersive displays. The same API is being used for visualization in the
CAVE. This has the advantage that when an application is being designed for
the PSS, it should work in the CAVE as well. However, the PSS only uses a
single screen, while the CAVE uses multiple, therefore applications designed for
the PSS usually require some modifications before they are capable of running
on the CAVE.

Another difference between the CAVE and the PSS is, since the PSS’ in-
teraction principle is so significantly different from that of the CAVE, certain
types of applications made for the PSS have no use in the CAVE environment
alltogether.

5.8.2 OpenGL

For the actual visualization OpenGL [1] was used. OpenGL stands for Open
Graphics Library and was originally designed by SGI. Tt is a standard specifi-
cation defining a cross-platform API for 2D and 3D computer graphics. The
choice for using OpenGL was simple, since there is no real alternative for it on
non-Windows platforms.
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5.8.3 Starlab

The Starlab libraries are used by the Starshow application for parsing Starlab
data files and nothing more, because we needed to be able to parse Starlab
data. Using the Starlab libraries would require a user to have Starlab compiled
on his system before he can compile Starshow, therefore I preferred parsing the
Starlab data files without the use of the Starlab libraries. However, due to a
lack of documentation and knowledge available concerning the data format I
was unable to parse it myself correctly, leaving no other choice than using the
Starlab libraries.

5.8.4 STL

The Standard Template Library [16] (STL) is a C++ library for container
classes, algorithms, and iterators. The reason for using this library is that
it has highly optimized sorting and searching functions, which are necessary for
the large amounts of particle data that need to parsed and loaded into mem-
ory. That is also the only time that this library is used; during the parsing and
loading of the particle data. Because the memory management in CAVELib
causes difficulties with the STL containers, these containers are only used when
the CAVELib memory management is not active, which is at the beginning of
the application during the loading and parsing of input files. After the data
has been parsed, loaded and sorted into the STL containers it is moved into
Starshow’s own classes.
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Figure 5.14: The user is capable of backtracking a star over its trajectory. The
top image shows that the star #1156 is selected, and the bottom image how the
particle is backtracked for 2 steps.



Figure 5.15: The user can navigate through the set of selected stars using the
menu. The top image shows star #1021 selected, and by using the menu, the
star #£1156 is selected in the bottom image.
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Figure 5.16: Starshow UML class diagram, illustrating those classes that are
relevant for the storage of particle data.
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Chapter 6

Discussion and Conclusion

6.1 Discussion

6.1.1 Sampling Schemes

Snapshot sampling and individual sampling use different units for their sam-
pling intervals; therefore comparing the two sampling schemes directly was not
possible.

Energy

In chapter 4 it was shown that the error in the energy of the individually sampled
data can be fitted to a power law function with a power of about 2. However, the
energy error quickly approaches the actual energy of the interpolated system,
which is —0.25, and therefore already becomes unreasonably large when the
sample interval becomes > x128. Data using such a sample interval is therefore
unsuited to use as input for a star dynamics integrator.

Size & Quality

In chapter 4 I showed that the size of the resulting data set created by snapshot
sampling can always be determined in advance. The size of a data set created
by individual sampling however, cannot be determined in advance because it de-
pends on the total number of integration steps of all particles over the complete
integration, which is unknown by the user in advance.

It was shown that the individual sampling scheme has a far better size/quality
ratio than the snapshot sampling scheme. Thus when two data sets, one created
with individual sampling and the other with snapshot sampling, have the same
size, the quality of the former data set will always be higher than the latter.

It showed that an increase of the quality of sampled data, by decreasing 1—@Q
with a factor of 10 would result in an increase of the size of snapshot sampled
data with a factor of approximately 3.2, while the same increase in quality would
result in an increase in size with a factor of about 2.1 for individually sampled
data.

Even though the tests in chapter 4 were performed using only King models
there is no reason to assume the results should be any different if other star
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cluster models had been used. Even for a system that contains a great amount
of chaotic particles, forcing the integrator to use a very small timestep for most
of the particles throughout the integration, this would still hold; the resulting
dataset produced by individual sampling might be very large, but its quality
will still be higher than a dataset of the same size that is generated by snapshot
sampling.

6.1.2 Starshow

Starshow is currently only capable of loading data sets that are formatted us-
ing the Starlab format. It is possible to load data generated using individual
sampling as well as data sets that are generated using snapshot sampling.

When using individually sampled data, trajectories have a higher concentra-
tion of data points at places where the trajectory fluctuates than at the places
where the trajectory is quite stable; this results in smooth curves when the tra-
jectories of stars are shown, even when the number of interpolated points used
to draw the lines with, is quite low. The data points of trajectories based on
snapshot sampled data on the other hand, are equally distributed over time,
resulting in trajectories that deviate much more from the original.

Kira’s individual timestep integration is what causes the data to be more
concentrated when the trajectory fluctuates; however, the fact that Starshow
is capable of reproducing this distribution is due to the individual sampling
scheme.

The advantage of an application such as Starshow over a ‘regular’ desktop
visualization application is that it allows the user to interact more direct with
the visualized data. Currently its main use is the user’s ability to focus on
certain stars and track their data; hereby enabling the user to better investigate
the behavior of these stars.

Starshow is a nice application, however it probably won’t become common
use anytime soon. This has mostly to do with the current availability of the PSS;
the people that should benefit from Starshow, the astrophysicists, most likely
have little desire to go to a specific laboratory where they might find a device
such as the PSS (if there is one in the first place) to perform their research.
However, due to the relatively low costs involved with building a PSS it is not
unreasonable to assume that quite a number of universities can have several of
these systems to their disposal in the near future.

6.2 Conclusion

The individual sampling scheme has the advantage of always resulting in a
data set that has a higher quality than a data set of the same size resulting
from snapshot sampling; however, it has the disadvantage that its resulting size
is unknown in advance. For the snapshot sampling scheme it is the other way
around; its advantage is that the resulting size of a data set is known in advance,
but its disadvantage is that this data set has a lower quality than a data set of
the same size generated by the individual sampling scheme.

The individual sampling scheme is a very good sampling scheme, however
it is not always the most desired sampling mechanism. It is entirely dependent
on the application if this sampling scheme is useful or not. Therefore the user
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will always need to consider beforehand what type of output he desires. If
completely discrete data is what the user actually needs, he should use the
snapshot sampling scheme, for it will provide the user with complete static
instances of the system at desired intervals; otherwise he should really consider
using individual sampled data since it will provide the user with more precise
samples requiring far less disk space; when trajectories need to be reconstructed
from sampled data the output produced by the individual sampling scheme is
far more precise than the output of the same size produced by the snapshot
sampling scheme.

Another benefit of individual sampling is that in combination with individual
block-timestep integration it produces data in relatively small chunks, which
could make it very useful for streaming purposes.

6.3 Future Work

6.3.1 Individual Sampling Scheme

e Determining the size resulting from the individual sampling scheme for
various standard stellar distribution models beside the King model. Once
this is known people will be able to make an educated guess about the
size of the resulting dataset beforehand for these models as well.

e Test the individual sampling scheme with other implementations of the
individual time-step scheme, e.g. with Aarseth’s NBODY code. This
could give some insight in how dependent the individual sampling scheme
is on the method with which the individual time-steps are determined.

e Currently, the only way for an application to be able to parse Starlab
formatted data files correctly is to use the Starlab libraries; this is due to
various odd constructions in the format. Therefore, anyone who wishes
to compile an application that is capable of parsing files in the Starlab
format, will need to have the Starlab libraries installed on his system.
However, installing the Starlab libraries on a system requires the user to
have Starlab compiled, which takes a long time and a requires quite a bit
of diskspace.

Starlab should either revision its output format or create better docu-
mentation regarding the current format; this way they might increase the
number of applications that support their format and thus increase the
number of contributors for their software package.

6.3.2 Starshow

There is still a lot that can be done for Starshow. Following is a list of possible
improvements:

e Implement a slider that enables the user to control the time of the visual-
ization.

e Finish the menus. The current implementation of the menus is only a
reference implementation. The only options currently available are the
options regarding star selection.
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Support other formats besides that of Starlab, e.g. the NBODY format.

Streaming data input of individually sampled data. This way Starshow
can act as a ‘player’ for a data file that is located on a remote server in
the same way as for example QuickPlayer acts for a movie-file online. The
data file could even still be in the process of being integrated.

An interpolation method for binary stars that does take into account the
relative velocity of their members.

Indication of size, mass and velocity of the particles by means of the colors
and/or size of their visualization.
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